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ABSTRACT

tions of the intricate characteristics of that data. Existing methods for categori-

cal data representation usually assume data is independent and identically dis-
tributed (IID). However, real-world data is often hierarchically associated with diverse
couplings and heterogeneities (i.e., non-IIDness, e.g., various couplings such as value co-
occurrences and attribute correlation and dependency, as well as heterogeneities such
as heterogeneous distributions or complementary and inconsistent relations). Existing
methods either capture only some of these couplings and heterogeneities or simply as-
sume IID data in building their representations.

This thesis aims to deeply understand and effectively represent non-IIDness in cat-
egorical data. Specifically, it focuses on (1) modeling heterogeneous couplings within
and between attributes in categorical data; (2) disentangling attribute couplings with a
mixture of heterogeneous distributions; (3) hierarchically learning heterogeneous cou-
plings; (4) integrating complementary and inconsistent heterogeneous couplings; and
(5) adaptively identifying and learning dynamic couplings and heterogeneities.

Accordingly, this thesis proposes (1) a non-IID similarity metrics learning frame-
work to model complex interactions within and between attributes in non-IID categor-
ical data; (2) a decoupled non-IID learning framework to capture and embed hetero-
geneous distributions in non-IID categorical data with bounded information loss; (3)
a heterogeneous metric learning method with hierarchical couplings to learn and in-
tegrate the heterogeneous dependencies and distributions in non-IID categorical data
into a representation of a similarity metric; (4) an unsupervised heterogeneous coupling
learning approach to integrate the complementary and inconsistent heterogeneous cou-
plings in non-IID categorical data; and (5) an unsupervised hierarchical and heteroge-
neous coupling learning method to learn hierarchical and heterogeneous couplings on
dynamic non-IID categorical data.

Theoretical analyses support the effectiveness of the proposed methods and bound
the information loss in their generated high-quality representations. Extensive experi-
ments demonstrate that the proposed non-IID representation methods for complex cat-
egorical data perform significantly better than state-of-the-art methods in terms of mul-
tiple downstream learning tasks and representation-quality evaluation metrics.

Learning complex categorical data requires proper vector or metric representa-
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CHAPTER

INTRODUCTION

1.1 Background

ategorical data is pervasive in our daily lives, study, work, entertainment, and

social activities. Compared to numerical data analysis, modeling categorical da-

ta has been much less intensively explored. The reasons for this lack of study
include a lack of effective representation methods to appropriately understand and rep-
resent the data complexities intrinsic to categorical data.

In real-life applications, categorical data is not independent; that is, categorical
data is associated with diverse couplings, for example explicit and implicit value co-
occurrences, attribute dependencies, and other interactions between objects, between
attributes, and between values (Wu et al. 2004, Cao 2015, Battaglia et al. 2016, Wang,
Dong, Zhou, Cao & Chi 2015). Furthermore, categorical data is not identically distribut-
ed. It has heterogeneities (Zhu et al. 2018); for instance, values in an attribute may be
associated with different distributions. The couplings and heterogeneities constitute the
non-independent and identically distributed (non-IID) characteristics (Ralaivola et al.
2010, Cao 2014) of categorical data. Complex categorical data with the non-IID charac-
teristics, namely non-IID categorical data, are widely seen in various data applications
and learning tasks, such as classification (Zhu et al. 2018), clustering (Jian et al. 2017),
and outlier detection (Pang et al. 2016); and representing such data are attracting in-
creasing research interest. Non-IID categorical data is much harder to represent in a

numerical space than simple categorical data because of its complicated couplings and
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CHAPTER 1. INTRODUCTION

heterogeneities between values, attributes, and objects (i.e., non-IIDness) (Cao 2014).

1.2 Current Work and Gap Analysis

Data representation embeds original data into a vector or similarity/distance space,
which significantly affects the performance of downstream learning tasks. Represen-
tation is more likely to enable better learning performance if it can comprehensively
capture intrinsic data characteristics.

Existing categorical data representation methods usually assume that data is IID.
As a result, they may ignore the various couplings and heterogeneities in categorical
data. For example, one-hot and dummy encoding use 1 and 0 to indicate the presence or
absence of a categorical value, respectively (Powers & Xie 2008). This 1-0 representation
treats all categorical values as if they have the same relationship with each other, and
thus, it overlooks the complex non-IIDness hidden in categorical data.

Limited efforts have been made to learn the couplings and heterogeneities for cat-
egorical data representation (Blei et al. 2003, Ng et al. 2007, Boriah et al. 2008, Cao,
Liang, Li, Bai & Dang 2012, Le & Ho 2005, Ahmad & Dey 2007, Ienco et al. 2012,
Mikolov et al. 2013, Levy & Goldberg 2014, Jia et al. 2016, Zhang et al. 2015, Peng
et al. 2015). For example, Boriah et al. (2008) have introduced a method based on oc-
currence frequency (OF) to evaluate the similarity between different attribute values,
and Blei et al. (2003) have introduced several multinomial distributions with a Dirich-
let prior to model heterogeneous value distributions. However, these methods cannot
comprehensively represent non-IIDness because they embed either couplings or hetero-
geneities.

More recently, pioneering work of non-IID learning has been proposed to address
the non-ITDness in categorical data, which often exhibits strong couplings and hetero-
geneities between values, attributes, and objects (Cao et al. 2011, Cao 2014, 2015). The
pioneering work has built an initial understanding of the intrinsic nature of the non-IID
data and identified how to capture data characteristics. Guided by the non-IID learn-
ing framework, hierarchical coupling relationships (Cao, Ou & Yu 2012, Cao 2015) have
been considered low-level factors driving attribute and object representation. For ex-
ample, Wang et al. (2013) and Wang, Dong, Zhou, Cao & Chi (2015) have proposed
a similarity representation for categorical data that considers both intra- and inter-
attribute couplings and combines them to form coupled object similarity (COS). Subse-

quently, Jian et al. (2017) have proposed an embedding-based representation method by
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hierarchical value coupling learning (CDE). Both COS and CDE perform well captur-
ing complex hierarchical relationships in categorical data. However, they do not jointly
consider the heterogeneities in data distributions and dependencies; thus, they fail to
distinguish and leverage the redundancy, inconsistency, and complementarity in their
captured heterogeneous couplings.

Current research shows that capturing and embedding non-IIDness is critical for
categorical data representation. However, current research has not offered an in-depth
understanding of non-IIDness. For example, none of the existing methods studies the
interaction between heterogeneous distributions and heterogeneous dependencies, and
none of them studies hierarchical dynamic couplings and heterogeneities.

Moreover, current research has not built sufficient theoretical foundations for cate-
gorical data representation. None of existing methods can theoretically quantify (1) the
effectiveness of embedding multiple data characteristics; (2) the information loss in the
representation process; and (3) the quality of the representation. Without these theo-
retical foundations, it is difficult to learn an appropriate categorical representation of

satisfying quality.

1.3 Research Problems and Objectives

This research focuses on non-IID representation learning on complex categorical data.
It deeply understands and appropriately captures the non-IIDness that is hierarchically
embedded in categorical values, attributes, and objects.

This research summarizes the complicated non-IIDness in Figure 1.1. Basically, non-
IIDness consists of couplings, a term which refers to any interaction between arbitrary
entities including values, attributes, objects, and so forth, and heterogeneities, including
any difference between arbitrary properties such as distributions, relations, formation-
s, and structures. The intersection of couplings and heterogeneities constitutes hetero-
geneous couplings. Heterogeneous couplings, including heterogeneous dependencies and
heterogeneous distributions, are much harder to model than a single coupling or a single
heterogeneity. If data contains both heterogeneous dependencies and heterogeneous dis-
tributions, the complexity of the data is defined as non-IID-completeness.Furthermore,
if data has dynamic non-IID-completeness that changes over time, the complexity of the
data is defined as non-IID-hardness, which indicates the most complex situation in non-
IIDness. Obviously, modeling and learning non-IID-completeness and non-IID-hardness

on categorical data pose great challenges.
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Figure 1.1: Non-IIDness in complex categorical data.

This research investigates how to effectively capture and appropriately represent
the non-ITDness in a vector or similarity space on categorical data with different com-
plexities, from simple coupling to non-IID-hardness. Accordingly, this study has the

following research objectives:

coupling learning;

heterogeneity learning;

non-IID-completeness learning; and

non-IID-hardness learning.

The research problems and their relations to achieving the research objectives have

been summarized in Figure 1.2. They include
¢ couplings learning:
- modeling couplings within attributes in categorical data;
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- modeling couplings between attributes in categorical data;

- integrating and embedding heterogeneous couplings into a valid metric s-

pace;

* heterogeneity learning:

learning heterogeneous distributions within an attribute;

learning heterogeneous distributions between attributes;

disentangling attribute couplings with mixture distributions;

bounding the information loss in categorical data representation;

¢ non-IID-completeness learning:

learning heterogeneous and hierarchical couplings in categorical data;

learning heterogeneous dependencies in categorical data;

analyzing the effectiveness of embedding heterogeneous and hierarchical cou-

plings in categorical data representation;

learning coupling heterogeneity;

¢ non-IID-hardness learning:

integrating complementary and inconsistent heterogeneous couplings;

identifying the dynamics in non-IID categorical data;

adaptively updating the learned hierarchical and heterogeneous couplings;

and

unsupervised dynamic non-IID categorical data representation.

1.4 Thesis Contributions

This thesis makes the following contributions:

* Coupling learning: This thesis studies and models complex interactions within
and between attributes in non-IID categorical data to form a similarity metric

representation.

® Heterogeneity learning: This thesis captures and embeds heterogeneous distribu-

tions in non-IID categorical data with bounded information loss.
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* Non-IID-Completeness learning: This thesis investigates and integrates the het-
erogeneous dependencies and distributions in non-IID categorical data into a sim-
ilarity metric representation, and it studies and integrates complementary and

inconsistent heterogeneous couplings in non-IID categorical data.

* Non-IID-Hardness Learning: This thesis shed light on hierarchical and heteroge-

neous couplings on dynamic non-IID categorical data.

The above contributions achieve the research objectives and establish a series of

non-IID representation learning methods on complex categorical data.

1.5 Thesis Organization

To build a theory and learning system for non-IID representation learning on complex
categorical data, this thesis explores four major challenges: coupling learning, hetero-
geneity learning, non-IID-completeness learning, and non-IID-hardness learning. Ac-
cordingly, the thesis consists of substantial work to address each of them: (1) Part 1
presents coupling learning, as in Chapter 4; (2) Part II presents heterogeneity learning,
as in Chapter 5; (3) Part III presents non-IID-completeness learning, including Chap-
ters 6 and 7; and (4) Part IV presents non-IID-hardness learning, as in Chapter 8. The

summary of each chapter is as follows:

* Chapter 2: This chapter presents a survey of categorical data representation and
non-IID learning. Specifically, the categorical data representation paradigms, the
coupling learning, heterogeneity learning, non-IID-completeness learning, and non-

ITD-hardness learning are reviewed and discussed.

* Chapter 3: This chapter provides the preliminaries of this research. Specifically,
it first presents the symbol styles and key notations used in this thesis. It then
defines the basic information functions used for categorical data representation.
Finally, it discusses the data sets and primary metrics for representation perfor-

mance evaluation.

* Chapter 4: This chapter studies the research problems of modeling and integrat-
ing heterogeneous couplings in complex categorical data to achieve the objective
of coupling learning corresponding. Specifically, it proposes a non-IID similari-
ty metrics learning (nSML) framework for categorical data. This nSML frame-

work consists of and integrates multiple similarity metrics to model respective
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couplings within and between attributes in non-IID categorical data. The nSML
framework is further instantiated by a coupled kernel metric learning (cKML).
The metric properties and effectiveness of nSML and cKML will be proved. Ex-
tensive experiments on 27 diversified data sets with various data characteristics
show that cKML outperforms various existing similarity and distance measures
in (1) learning intrinsic similarities and (2) cKML-enabled clustering and classifi-

cation.

* Chapter 5: To achieve heterogeneity learning, this chapter proposes a decoupled
non-IID learning (DNL) framework for non-IID categorical data representation.
To address the corresponding research problem of disentangling attribute cou-
plings and learning mixture value distributions, the DNL framework first cap-
tures attribute couplings and heterogeneity by decomposing non-IID categorical
data into IID subspaces, in which attributes are independent of each other and
values within an attribute are identically distributed. Then, DNL learns the da-
ta characteristics in each IID subspace and the interactions between IID sub-
spaces to represent non-IID categorical data in a Euclidean space. Decoupled non-
IID learning is instantiated in a nonparametric Bayesian embedding (non-BEND)
model for categorical data representation, built on a Dirichlet multivariate multi-
nomial mixture model. To address the information lost bounding problem, this
chapter theoretically analyzes the information loss of the non-IID representation.
Theoretical analysis shows that non-BEND approaches zero representation in-
formation loss as the amount of data increases. Extensive experiments demon-
strate that non-BEND can effectively and efficiently represent large amounts of
high-dimensional complex non-IID categorical data, which further significantly
improves the clustering, classification, and recommendation performance, as com-
pared with five state-of-the-art categorical representations and one-hot embed-

ding and auto-encoder (AE)-based representations.

* Chapter 6: This chapter focuses on the research problem of hierarchical and het-
erogeneous coupling learning, that of heterogeneous dependencies learning, and
that of analyzing couplings-embedding effectiveness to achieve non-IID-completeness
learning. It proposes a heterogeneous metric learning with hierarchical couplings
(HELIC) for categorical data with hierarchical couplings and heterogeneous dis-
tributions. This method captures both low-level value-to-attribute and high-level

attribute-to-class hierarchical couplings, and it reveals the intrinsic heterogeneities
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embedded in each level of couplings. Theoretical analyses of the effectiveness and
generalization error bound will be given to verify that HELIC effectively repre-
sents the above complexities. Extensive experiments on 30 data sets with diverse
characteristics demonstrate that HELIC significantly enhances the classification

accuracy (up to 40.93%), compared with five state-of-the-art baselines.

Chapter 7: This chapter further studies other research problems in non-IID-completeness
learning. These research problems include learning coupling heterogeneity, inte-
grating complementary and inconsistent couplings, and the theoretical quality
guarantee of unsupervised non-IID categorical data representation. This chap-
ter proposes an unsupervised heterogeneous coupling learning (UNTIE) approach
to represent categorical data by both untying the interactions between couplings
and revealing the heterogeneous data distributions embedded in each type of cou-
plings. Catering for unsupervised representation, UNTIE is efficiently optimized
by seamlessly integrating with a kernel k-means objective function on learning
heterogeneous and hierarchical couplings. Theoretical analyses will be given to
verify that UNTIE can represent categorical data with maximal separability while
effectively representing heterogeneous couplings and their roles in categorical da-
ta. Grounded on theoretical analysis, UNTIE can represent categorical data with
maximal separability, while effectively represents heterogeneous couplings and
their roles in categorical data, enabling significant performance improvement (up
to 51.72% F-score improvement) against the state-of-the-art methods on 25 cate-

gorical data sets with diversified characteristics.

Chapter 8: To achieve the objective of non-IID-hardness learning, this chapter
studies how to identify and learn the coupling dynamics on non-IID categori-
cal data and addresses the research problem of adaptively updating hierarchical
and heterogeneous couplings in an unsupervised fashion. Specifically, it proposes
an unsupervised hierarchical and heterogeneous coupling learning (UNICORN)
method to address the non-IID-hard challenges on dynamic categorical data. This
method effectively learns the hierarchical and heterogeneous couplings in categor-
ical data by maximizing the informativeness of UNICORN-generated representa-
tions for general learning tasks. To handle dynamic data, UNICORN incremental-
ly enhances the representations of heterogeneous couplings by learning from new
observations with the learned heterogeneous couplings as a prior. Comprehensive

experiments demonstrate that UNICORN can effectively capture dynamic hetero-
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geneous couplings, and its enabled representation quality is significantly better
than three state-of-the-art categorical data representation methods in terms of

their enabled clustering and object retrieval.

* Chapter 9: This chapter summarizes the thesis’s content and contributions. It fur-
ther discusses possible future avenues of research that can build to the work done

in this study.
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CHAPTER

LITERATURE REVIEW

2.1 Introduction

ategorical data representation has a long history with different representa-

tion paradigms (e.g., kernel-based representation, distance-based representa-

tion, and vector-based representation). Typical categorical data representation
methods (e.g., one-hot embedding and Hamming distance) assume categorical data is
IID, and thus, they ignore complicated yet essential non-IID characteristics (e.g., cou-
plings and heterogeneities, as discussed in Chapter 1) in categorical data. Advanced
categorical data representation methods introduce non-IID learning to capture the com-
plex couplings and heterogeneities. The introduction of non-IID learning significantly
enhances categorical data representation performance. However, the existing methods
face certain limitations (e.g., overlooking hierarchical couplings; see details in Section-
s 2.3.4 and 2.4.3) in learning couplings and heterogeneities, and most of them cannot
capture non-IID-completeness and non-IID-hardness in complex categorical data.

This chapter presents a survey of categorical data representation and the non-IID
learning corresponding. Specifically, it first discusses current categorical data represen-
tation paradigms. It then reviews the existing non-IID learning for categorical data
representation from four parts corresponding to the thesis’ research objectives: (1) cou-
pling learning; (2) heterogeneity learning; (3) non-IID-completeness learning; and (4)

non-IID-hardness learning. This survey provides in-depth motivations of the research
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problems to achieve the research objectives and points out possible research avenues of

non-IID representation learning on complex categorical data.

2.2 Categorical Data Representation Paradigms

2.2.1 Similarity-Based Representation Versus Vector-Based

Representation

The work related to categorical data representation can be classed into two paradigms
according to whether their embeddings are similarity relevant. The first paradigm is
similarity-based representation, which represents a categorical data set into a similarity
(or dissimilarity) space (Le & Ho 2005, Ng et al. 2007, Ahmad & Dey 2007, Cao, Liang,
Li, Bai & Dang 2012, Ienco et al. 2012, Jia et al. 2016, Wang, Dong, Zhou, Cao & Chi
2015, Zhu et al. 2018), and the second paradigm is vector-based representation, which
represents categorical data in a Euclidean space (Blei et al. 2003, Mikolov et al. 2013,
Peng et al. 2015, Zhang et al. 2015, Jian et al. 2017).

In comparison with the similarity-based representation, only limited research has
been conducted on the vector-based representation of categorical data. It is much more
difficult to represent categorical data into vector space than that into similarity (or
dissimilarity) space. This difficulty lies in that similarity (or dissimilarity) space can di-
rectly represent the interactions within and between categorical data, but vector space
requires many additional operations (e.g., transformation, embedding, and measure-
ment) to persevere these interactions. However, a vector representation of categorical
data enjoys the significant benefit of representing a large amount of data with low s-
pace complexity. Specifically, for n, objects, the space complexity of a similarity repre-
sentation is O(n2) while that of a vector representation is only O(n,). This thesis first
studies similarity-based representation (in Chapter 4) to represent complex couplings
in categorical data; then, it studies how to effectively transform a similarity-based rep-
resentation into a vector-based representation that embeds all these coupling relations
to leverage the efficiency of vector-based representation (in Chapters 6, 7 and 8). This
thesis also provides a method to generate vector-based representation directly based on

non-IID distribution estimation (in Chapter 5).
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2.2.2 1IID Representation Versus Non-IID Representation

Existing categorical data representation methods can be divided into IID representa-
tion and non-IID representation according to their assumptions about categorical data
distribution. Most existing methods for categorical data representation belong to IID
representation, which assumes categorical data is IID. Under the IID assumption, one
easy and efficient way to represent categorical data is to use matching-based methods;
for example, the Hamming distance measures the distance between the same values as
0 and between different values as 1. Formally, Hamming distance calculates the dis-

tance between two categorical values as follows,

0 if v;=v;
(2.1) damvi,v;) = ,
1 otherwise

where v; and v; are values in the same attribute from two objects. Hamming distance
can effectively measure the difference between objects by capturing the above attribute
value distance. A more powerful alternative to Hamming is one-hot embedding, which
encodes each categorical value to a numerical vector to represent categorical data by
a vector space instead of a dissimilarity space. Denoting the number of unique values
in the j-th attribute as ng,j ), the numerical vector of the j-th attribute will have nf,j )
dimensions, each of which corresponds to a categorical value, and for the i-th categor-
ical value, the i-th dimension will be 1 and others be 0. Different from the Hamming
distance, which simply matches attribute values to form a binary similarity, Akusok
et al. (2014) have proposed a method that adopts an extended Jaccard distance to mea-
sure the similarity between attribute values. Specifically, the method divides attributes
into different groups according to their different contributions. It then calculates the

similarity between two objects, o; and o, as follows:

where Agk) and A;k) are the k-th attribute sets for object 0; and o, respectively, and K =
K;nK; and K; (respectively K ) is the set of attribute indexes for object o;. According-
ly, this method embeds attribute value distributions into a categorical data similarity-
based representation, assuming that different values in an attribute are independent.
Another advanced IID representation method is the heterogeneous support vector ma-
chine (SVM) proposed by Peng et al. (2015). Instead of simply matching, this method

13
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learns a categorical data representation that can maximize the SVM’s theoretical mar-
gin.

However, the IID representation methods treat each categorical value equally; thus,
they cannot appropriately understand and capture the rich characteristics (e.g., cou-
plings and heterogeneities) in categorical data. Let us illustrate the issues relevant to
the above considerations through a toy example in Table 2.1. Categorical data in this ex-
ample cannot be simply described by matching-based methods, although these methods
are the most straightforward and common ways to measure categorical data similarity.
When a matching-based measure (e.g., Hamming distance or matching kernel; Girtner
et al., 2004) is used, the similarities between color yellow and green and between yellow
and black are both 0; however, yellow is closer to green than yellow is to black from the

semantic perspective.

Table 2.1: Toy Example: The Watermelon Information Table. Each Watermelon with a
Different Sweetness is Described with respect to Three Attributes: Texture, Color, and
Root Shape.

ID | Texture Color Root Shape | Sweetness

Al clear white straight low
A2 | blurry yellow straight low
A3 | Dblurry yellow curled low
A4 clear green slightly curled low
A5 | Dblurry green curled high
A6 clear black slightly curled high

The challenges in complex categorical data representation arise from intrinsic non-
IID data complexities, including the diverse couplings and heterogeneities. On the one
hand, attribute couplings contain much richer information than the usually concerned
relations, such as value co-occurrences and marginal attribute distributions, going be-
yond the IID assumption of attributes and objects. The rich relations between attributes
indicate that non-IID data distributions cannot be modeled by the product of distribu-
tions of individual attributes. On the other hand, heterogeneities involve the difference
of mixed distributions in each attribute and between attributes, which makes the join-
t distribution in an attribute much harder to estimate, compared with homogeneous
attributes which share the same distributions. With the above characteristics, direct-
ly modeling non-IID categorical data with n, objects and n, attributes would require
ng,l) X n?) X +ee X nﬁ,”a’ parameters, where ns,j) is the number of unique values of the j-

th attribute. In contrast, the number of parameters required in the IID case is only
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(ng)

D | @ 4y

n, +ny . As a result, effectively representing complex categorical data re-
quires non-IID representation, which has bigger challenges compared with IID repre-
sentation.

Although the existing non-IID representation methods introduce non-IID learning
methods to enhance categorical data representation (see details in Sections 2.3-2.5),
they lack solid theoretical support for (1) the effectiveness of embedding multiple da-
ta characteristics; (2) the information lost in the representation process; and (3) the
quality of the representation. Without these theoretical foundations, it is hard to guide
appropriate learning with a satisfying representation quality. To build these theoretical
foundations, this thesis introduces a serial of theoretical tools to prove the effectiveness
of embedding multiple data characteristics (in Chapter 6), to bound the information lost
in the representation process (in Chapter 5), and to quantify representation quality (in
Chapters 6 and 7).

2.3 Coupling Learning

The quality of categorical data representations are affected by how well a represen-
tation captures the various value-to-object coupling relationships (Cao 2015, Ng et al.
2007, Boriah et al. 2008). Furthermore, categorical data representations can be further
enhanced by learning more types of couplings (Cao 2015), as evidenced by (1) intra-
attribute coupling-based representations (Ng et al. 2007, Cao, Liang, Li, Bai & Dang
2012) and (2) inter-attribute coupling-based representations (Le & Ho 2005, Ahmad
& Dey 2007, Boriah et al. 2008, Jia et al. 2016). On the one hand, the intra-attribute
coupling-based representations reveal the way and degree that values are coupled with-
in an attribute. For example, the method proposed by Ng et al. (2007) adopts the con-
ditional probability of the attribute values of an object with respect to the attribute
cluster centers to represent categorical data, and the method proposed by Cao, Liang,
Li, Bai & Dang (2012) introduces set theory to measure intra-attribute value similari-
ty to represent categorical data. On the other hand, the inter-attribute coupling-based
representations aim to capture the way and extent that attributes are coupled. They
typically measure the inter-attribute couplings with respect to the conditional probabil-
ities (Le & Ho 2005, Ahmad & Dey 2007) or co-occurrence frequencies (Jia et al. 2016)
between values of different attributes. These two groups of representations outperform
other classical methods, such as matching-based, as they capture richer interactions in

categorical data. In addition, leveraging attribute-label couplings also shows promising
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for categorical data representation (Cheng et al. 2004, Xie et al. 2012, Cheung & Jia
2013, Shi et al. n.d., Zhu et al. 2018), especially for a certain downstream learning task.

Theoretical progress made in coupling learning has then been integrated into cat-
egorical data clustering (Wang, Dong, Zhou, Cao & Chi 2015, Ienco et al. 2012, Qian
et al. 2016), classification (Zhu et al. 2018), regression (Tutz & Gertheiss 2016), ensem-
ble learning (Krawczyk et al. 2017, Wang et al. 2018), and applications including outlier
detection (Pang et al. 2016) and recommendation (Zhang et al. 2018). These avenues of
research represent new opportunities and significant performance improvements over

existing learning designs and representation methods.

2.3.1 Learning Intra-Attribute Couplings

In this subsection, intra-attribute coupling learning methods for categorical data rep-
resentation are discussed. These methods represent categorical values by the couplings
within an attribute.

To leverage the impacts of all values in an attribute, Ng et al. (2007) proposed a
method that represents categorical data dissimilarity by considering the conditional
probability of each categorical value given different object clusters, which reflects rela-
tions between all values. Denoting an object cluster as C, the mode of the j-th attribute
in this cluster as mY, the value in the j-th attribute of the i-th object as o(ij ), this
method calculates the attribute-level dissimilarity between the cluster C and the object

0; as follows:

1 if o(ij) #m\

(2.3) dng(C,0) = ,
toul09=0% 0,€0,) .
1- loklog Iglcl 04€0} otherwise

where O, refers to the set of objects in the cluster C and where |- | represents the num-
ber of objects in a set. The method further calculates the object-level dissimilarity by
a weighted summation of the attribute-level dissimilarity per each attribute. However,
Ng et al. (2007) did not discuss how to determine appropriate summation weights. To
adaptively assign the weights, Cheung & Jia (2013) proposed a method to calculate the
weight of each attribute according to the attribute entropy. Compared with the previ-
ous methods, the above two methods capture contextual information in each attribute;
thus, they achieve better representation performance. However, these methods have t-

wo essential drawbacks because they have to iteratively update object similarity and
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clusters. The first drawback is that the errors in the clustering process may be propa-
gated and magnified to the representation process. As a result, these methods are very
sensitive to the adopted clustering method. The second disadvantage is the large cost
of time caused by the similarity updating in each iteration. Consequently, these meth-
ods are computationally expensive for complex data sets that require several clustering

iterations to capture the data complexities.

A variety of efficient methods to capture the relations of all values in an attribute
is proposed by Boriah et al. (2008). A representative method among these is occurrence
frequency (OF), which gives higher similarity for mismatches on more frequent values
and lower similarity for that on less frequent values. Given a set of objects, it calculates

the similarity between two values, v; and v}, as follows:

1 if v;=v;

(2.4) sor(i,vj) = ,

1
1+log IOnﬁ ‘log

—— otherwise
0]

where n, is the number of objects, |- | refers to the size of a set, and O,, and O,,J. refer to
the set of objects with value v; and v, respectively. Compared with the method proposed
by Ng et al. (2007), which uses clusters to reflect relations between all values, OF uses
the attribute value distribution to describe the value relations. However, this method
implicitly assumes the occurrence of categorical values in each attribute has a concave
probability density function, an assumption which does not hold in most real cases, since
the occurrence of most categorical values follows normal distribution that has a convex
probability density function. Furthermore, OF ignores the couplings between attributes.
As a result, OF is suited only to measuring the data with independent attributes where

the occurrence of values appears as a concave distribution.

In addition to probability theory, set theory is also introduced to capture intra-
attribute couplings. For example, Cao, Liang, Li, Bai & Dang (2012) proposed a set
theory-based method that measures the similarity between attribute values by a rough
membership function. Given two attribute values, v; and v;, this method calculates

their similarity as follows,

Vi =Vj
(2.5) Srough(vi:vj) = W,
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where O, refers to the set of objects with value v; and

1 if v;=v;
(2.6) Vi=v; =

0 otherwise

As can be seen from the formula, this method captures the universal distribution of
values in each attribute as the intra-attribute couplings. However, the captured cou-
plings provide detailed information only of each categorical value, ignoring differences
between different categorical value pairs.

On the contrary, Wang et al. (2011) introduced an intra-attribute coupling learning
method from the frequency perspective. For attribute values v; and v;, this method
learns their intra-coupling by
3 |0y, 1-10y;1
1041 +10y;1+10y,1 10,1’

(2.7) SIa

where |0,,| and IOva are the number of objects with values v; and v;, respectively.
Compared to the work of Cao, Liang, Li, Bai & Dang (2012), Wang et al.’s (2011) work
not only considers the distribution of one value but also captures the joint distribu-
tion of value pairs. Therefore, it can discover more useful information, especially for
pair-wise similarity calculation. However, the drawbacks of this method include that
(1) the frequency-based method cannot distinguish values with different meanings but
with same frequency; (2) this method requires a strong assumption that the occurrence
of values in an attribute has a convex probability dense function, whereas most real
occurrences of attribute values obey a concave probability function; and (3) this rep-
resentation does not validate metric properties, which are required for many learning

algorithms.

2.3.2 Learning Inter-Attribute Couplings

Inter-attribute coupling learning methods represent categorical data by embedding the
attribute dependencies. Specifically, they represent the similarity between categorical
values by considering their couplings with values in other attributes. In this section,
recent work focusing on the inter-attribute coupling learning will be analyzed.

To capture the inter-attribute relations, Le & Ho (2005) first proposed a method to
measure the similarity of categorical attribute values depending on their relationships

with other attributes. Specifically, it calculates the dissimilarity between two values in
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an attribute by two steps. In the first step, it estimates the probabilities of a value in
another attribute conditioned on these two values, respectively. In a second step, it mea-
sures the Kullack—Leibler divergence (Kullback & Leibler 1951) between the estimated
conditional probabilities to form the dissimilarity between the two values. Formally, giv-
en two values, v; and v}, in the m-th attribute, this method calculates their dissimilarity

as follows:

plvj)

p(vplv;)
(2.8) drewi,v)= Y  (pwglv)log == pWRlv;)

),
vpeVD 1£m p(Uk|Uj)

+p(Uk|Uj)10g

where V; refers to the set of values of j-th attribute, and

|ka|

2.9) purlvi) = 00| .

Instead of estimating conditional probabilities of all values in other attributes, the
method proposed by Ahmad & Dey (2007) calculates the conditional probability of a set
of values in each attribute. Specifically, for two values in an attribute, it firstly searches
a set of values in another attribute that can maximize the probability of the set condi-
tioned on the first value and the probability of the complement set conditioned on the
second value. It then adopts a procedure similar to that of Le & Ho (2005) to calculate

the dissimilarity between the two values, v; and v;, in the m-th attribute as follows:

(Y max(pli(W)+p%(~ W) - 1),

(2.10) SAhmad(Vi, V) =
na=11-i7m Wi

where W is a subset of values in the /-th attribute, ~ W; is the complement value set of
W; in the [-th attribute, and p,:(W;) is the probability of W; conditioned on value v; in
the m-th attribute.

Further, Wang et al. (2011) have proposed a novel measure to capture inter-attribute
couplings. This measure has been implemented by universal set, joint set, and intersection-
set-based methods. Since these three implementations have been proved with the same
effect, the intersection set-based method, which has the least computational cost, is se-
lected to illustrate the intuition of the measure proposed by Wang et al. (2011). Formally,

the intersection set-based inter-attribute similarity is defined as follows:

Ng
(2.11) sre(vi,v))= Y. a; Y. min{p(vglv;), p(vrlv;)},
I=1l#m  y,ev®

where the probability function p(:|-) is the same as defined in Equation (2.9).
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Although the above methods introduce inter-attribute couplings in categorical data
representation, they assume all attributes have the same affection for an object. Obvi-
ously, this strong assumption may not hold in most real cases, which further induces an
inaccurate representation.

Recently, a new distance metric for unsupervised categorical data representation has
been proposed by Jia et al. (2016). This method uses the inter-attribute values’ probabil-
ity of occurring to measure two values’ distance, offering a more solid theoretical expla-
nation. Moreover, this method not only selects suitable attributes for object-similarity
calculation but also considers how to combine each value similarity to form the object
similarity. Specifically, it emphasizes the value similarity in the attribute with low vari-
ance and vice versa. Therefore, it fills the gap that remains in previous work (Le & Ho
2005, Ahmad & Dey 2007, Ienco et al. 2012). For two values, vgm) and vE.'n), in the m-th

attribute, this method calculates its similarity by:

(2.12)
T rm,Dp({™, v = @I, v')) if o™ # v
leSim)
dJm(U(m) (m))_
y r(m l)5(v(l) (.l))p((vgm),vgl)):(v(.m),v(.l))) if U(.m):l)(.m)
1eSt™ s ' J
where
I V(m).v(l)
(2.13) r(m,l) = ( Vo)

Hwym vy’

IV, v D)y and HWV™ V®) are the mutual information and joint entropy of value

sets VU™ and v, respectively. Forthermore,

2.14) s(i) ={a;lr(m,l) > B,1 <l <ng,},

. (m) (m)
1 if v ;évjm
(2.15) ™, vy = :
0 if vgm):v(m)
and

(2.16) p((vgm),vgl)) = (vg.m),vgl))) = p(v(m) = vgm) Av® = v(.l)) -p_(v(m) = v(.m) A = U(.l))

(2.17) +p(™ = U;m> oD = v(l)) @™ = U( ) A p® = U(l))
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where v™ e V™ and v® e VO,
In Equation (2.16), p(-) calculates the proportion of a subset in the whole set, and
p~ () has a definition similar to that of p{-), yet removes an object with a given attribute

value in the population.

2.3.3 Learning Attribute-Label Couplings

Many methods embed attribute-label couplings for data representation. Typically, they
learn a transformation vector or matrix to map data from the original space to a specific
space where the data distribution is more suitable for a certain learning task. Most of
these methods focus on numerical data (Weinberger & Saul 2009, Ying & Li 2012, Lim
et al. 2013, Lim & Lanckriet 2014, Cuturi & Avis 2014, Liu et al. 2015, Ye et al. n.d.),
and few of them study categorical input (Cheng et al. 2004, Xie et al. 2013, Cheung &
Jia 2013, Shi et al. n.d., Zhu et al. 2018).

The method proposed by Stanfill & Waltz (1986) first considers attribute-label cou-
plings for categorical data representation. It uses the label to divide data into subsets
and considers the attribute value distribution within these subsets. The difference of
appearance frequencies of attribute values is used as a distance measure, called value
difference metric (VDM). For attribute values v; and v;, the VDM is defined as

(2.18) dvpmi,v) =Y (p(clvy) - plelv))?,

ceC
where C is the set of all class labels and where function p(-|-) is defined as in Equa-
tion (2.9). A significant merit of this method is the calculated similarity’s suitability
for classification. However, considering only the distribution in label-induced subsets
may cause an overfitting problem. More information, such as intra- and inter-attribute
couplings, should be added to modify this metric.

Cheng et al. (2004) have revised the method proposed by Stanfill & Waltz (1986) by
considering inter-attribute couplings and wrapping the similarity measure in a learn-
ing process. The similarity learned by this method has a higher performance for clas-
sification, as compared to previous work. However, this method is time-consuming. A
trade-off is needed between accuracy and consumed time.

Instead of calculating the metric directly, Jain et al. (2012) study the connection
between metric learning and kernel learning, and they transform a metric learning
problem into a kernel learning task. Through kernel learning, the similarity of different

types of data, including categorical data, can be measured. Although this method can
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be used for various types of data, it ignores the data characteristics of these data and
has high space complexity.

Another work that adopts the kernel method to measure distance is proposed by
He et al. (2013). This work proposes a so-called kernel density metric learning (KDML)
method, which provides a non-linear and probability-based similarity measure. This
method first maps data into a feature space, based on a kernel density estimation. Then,
existing metric learning methods are used in the newly constructed feature space to
determine the Mahalanobis distance. This idea has a remarkable advantage in that
it can handle heterogeneous data, such as data that mixes numerical and categorical
values. However, KDML suffers the weakness that it uses only a matching method to
capture the relationship in original data. This method will lead to information loss in
the new feature space. Thus, more low-level information should be captured to build a
fundamental similarity. Another shortage of KDML is that it considers only a certain
kernel to map original data. However, different kernels are suited for different data
distributions. A uniform kernel cannot be used to handle all cases appropriately. How
to select a suitable kernel to fit data characteristic must be considered in further details.

In place of simply embedding attribute-label couplings, Peng et al. (2015) propose a
method that represents categorical data by jointly considering attribute-label couplings
and a downstream learning model. Specifically, this method searches for data represen-
tation that can maximize the generalization error bound of the downstream learning
model, using the attribute-label-coupling embedded vector as the initial search point.
However, this method only maps a categorical value to a numerical value. As a result, it
could not well represent a categorical value if the value contained rich information that

should be embedded in a high-dimensional space.

2.3.4 Discussion

The aforementioned coupling learning methods show superior performance over differ-
ent data characteristics. However, they also have some clear weakness in categorical
data representation.

Intra-attribute coupling learning methods discover low-level characteristics of at-
tribute values (e.g. their individual and joint distribution). However, they ignore the
interactions between attributes (i.e. the contextual information). Although the inter-
attribute coupling learning methods reveal this contextual information, most of them
ignore low-level relationships between attribute values and simply treat these values

as same or not the same. The more recent work on coupled object similarity (COS) cap-
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tures both value and attribute interactions, but the proposed similarity measures are
not metric-based and do not provide a solid theoretical foundation for metric operations
and wide applicability. To tackle these problems, this thesis proposes a novel non-IID
similarity metrics learning framework to capture and embed comprehensive and hier-
archical couplings into a valid metric space (see details in Chapter 4).

The attribute-label coupling learning can generate a representation that is more
suited to a specific downstream learning task compared with intra- and inter-attribute
coupling learning. However, attribute-label coupling learning methods should further
consider how to integrate with intra- and inter-attribute couplings and how to avoid
overfitting problems. This thesis studies these problems in Chapter 6 and proposes a
novel heterogeneous metric learning method, which hierarchically captures intra- and
inter-attribute and attribute-label couplings, with bounded generalization errors.

Furthermore, most of these coupling learning methods ignore heterogeneities in
complex categorical data. Consequently, they treat the distributions for value, attribute,
and object in categorical data as homogeneous, and they usually adopt one measure for
all data but ignore the differences between values (and attributes and objects) and their
relations. However, effectively capturing heterogeneities is required by complex categor-
ical data representation (see details in Sections 2.4 and 2.5). This thesis thus studies
heterogeneity learning in Chapter 5 and studies how to effectively integrate couplings

and heterogeneities in Chapters 6 and 7.

2.4 Heterogeneity Learning

Heterogeneity is an important non-IIDness characteristic of complex categorical da-
ta. Generally, it includes heterogeneous distributions and heterogeneous dependencies
at the value-to-attribute-to-object level. Capturing and embedding the heterogeneity
is critical for categorical data representation, which may significantly improve down-

stream learning performance (Zhang et al. 2015).

2.4.1 Learning Heterogeneous Distributions

Heterogeneous distribution learning methods target discovering and representing dif-
ferent distributions in categorical data. For example, Blei et al. (2003) have proposed a
latent Dirichlet analysis (LDA) method to estimate multiple distributions in categorical

data. Specifically, the LDA method introduces several multinomial distributions with
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a Dirichlet prior to model heterogeneous categorical value distributions, and it repre-
sents a categorical value by its estimated occurrence probabilities in these multinomial
distributions. For natural language processing (NLP) tasks, LDA-generated represen-
tation achieves remarkable learning performance. However, LDA requires a prior about
the number of distributions, which means it cannot fully recognize the heterogeneity
in categorical data. Furthermore, LDA is designed for a single variable, so it cannot
conduct on categorical data with multiple attributes. These problems also appear in
other categorical data representation methods in NLP area, such as that proposed by
Mikolov et al. (2013) and Levy & Goldberg (2014). On the contrary, a series of methods
(Lazarsfeld et al. 1968, Kolda 2001, Dunson & Xing 2009) aims to decompose mixture
distributions in categorical data into multiple independent multinational distribution-
s. However, these methods do not embed heterogeneous distributions into categorical
data representation. Recently, Zhang et al. (2015) proposed a multiple-distance-based
representation method to handle various distributions in multivariate categorical data,
but it assumes attributes are independent and ignores the hierarchical interactions in
categorical data.

Although heterogeneous distribution learning is researched only by limited cate-
gorical data representation methods, it has been widely studied by many related ar-
eas in machine learning, such as in multiple kernel learning (Gonen & Alpaydin 2011,
Wang et al. 2017, Liu et al. 2019), multiple view learning (Kan et al. 2015, Xu et al.
2015, Wang, Arora, Livescu & Bilmes 2015), and mixture distribution modeling (Blei
et al. 2006, Xue et al. 2007, Rodriguez et al. 2008). In these areas, many heterogeneous
distribution learning methods have been proposed and have demonstrated advances.
However, most of these methods are designed for numerical data, so they cannot handle
categorical data directly or be simply converted to learn heterogeneous distributions in
categorical data because (1) they usually estimate distribution with respect to numeri-
cal vectors with certain intervals, which violates the nature of categorical data, and (2)
transforming categorical data to an appropriate numerical representation is nontrivial

and may change the original distributions.

2.4.2 Learning Heterogeneous Dependencies

Heterogeneous dependency learning methods focus on capturing and integrating mul-
tiple types of couplings at the same or different levels.
To capture the heterogeneity in inter-attribute couplings, Ienco et al. (2012) intro-

duced symmetric uncertainty (SU) as a criteria to measure the correlation of attributes.
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Formally, SU between attributes a; and a, is defined as follows:

H(a;)-H(ajlaz)
H(a,)+H(ap)

(2.19) SUg;(ar) =2 x

where H(a;) and H(a,lay) are the entropy and condition entropy of variables a; and
ar, respectively. Based on SU, Ienco et al. (2012) designed a rule to determine the set
of attributes (namely context) that have strong couplings but are slightly redundant
with an attribute under SU measure. For an attribute a;, the rule first puts all other
attributes in its context. It then iteratively removes an attribute a; from the context if

the following conditions are satisfied per another attribute a,, in that context:

(2.20) (1):SUaj(ak)sSUaj(am)
and
(2.21) (2):SUam(ak)zSUaj(ak).

After determining the context of an attribute, this method calculates the co-occurrence
probability of two values in the attribute in terms of all values in its contextual at-
tributes to form the representation of these two values. Specifically, this method repre-

sents the dissimilarity of two categorical values, v; and v}, as follows:

) P )—P )2
(2.22) dzenco(vi,vj):\/Zkeco"text(‘)z”v(k)( (wlvi) = Plulv,))

b
Zk(—:context(i) |V(k)|

where context(i) refers to the context of the i-th attribute under SU measure. Compared
with the categorical data representation method proposed by Ahmad & Dey (2007), the
method proposed by Ienco et al. (2012) selectively captures heterogeneous dependencies
that enhance the representation’s performance. Ienco & Pensa (2016) further combine
these heterogeneous inter-attribute couplings into a one-class learning method for cat-
egorical data representation, achieving significant performance improvement.
Following the introduction of SU, Khorshidpour et al. (2011) introduced two more
context selection methods in their work, including a method based on mutual prediction
and a method based on the Chi-square test, to learn the heterogeneity in the couplings
captured by Le & Ho (2005). For an attribute, these context selection methods can ap-
propriately find contextual attributes that have a strong correlation with the attribute.
As demonstrated by the experimental results, leveraging this heterogeneity dramati-

cally improves the performance of categorical data representation.
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All of the aforementioned methods consider the heterogeneity in heterogeneous inter-
attribute couplings, but they ignore the heterogeneity between inter-attribute couplings
and intra-attribute couplings. Wang et al. (2011) have proposed a method that inte-
grates heterogeneous intra- and inter-attribute couplings to construct categorical data
representation. Wang, Dong, Zhou, Cao & Chi (2015) further adopt SU to select contex-
tual attributes for each attribute when integrating inter-attribute couplings. However,
these methods use multiplication to integrate intra- and inter-couplings, which leaves
only consensus information and ignores complementary information in these couplings.

Although the above methods recognize that inter-attribute couplings do not exist
between all attributes, they fail to appropriately integrate the learned heterogeneous
inter-attribute couplings. Specifically, they represent object-level couplings by equally
summing all inter-attribute couplings. However, different inter-attribute couplings may
make different contributions to the object-level coupling because they may not be inde-
pendent and may have different relations to downstream learning tasks.

Recently, Jian et al. (2017) proposed an embedding-based representation for cate-
gorical data by hierarchical value coupling learning (CDE), which successfully models
various coupling relationships between categorical values and embeds them as cate-
gorical data representations. To integrate the multiple couplings, CDE reduces their
redundancy and retains their important information by principal component analysis
(PCA) method. However, it treats attributes as independent, which may not hold for
non-IID categorical data. In addition, it ignores the inconsistency, which reflects diverse
interactions and distributions, between different couplings. In addition, this method
has quadratic time complexity in terms of the number of attributes and the number of
categorical values. As a result, it may not be able to represent very high-dimensional

complex categorical data.

2.4.3 Discussion

In summary, the existing heterogeneous distribution learning methods either cannot
conduct on general categorical data (e.g., the representation methods in NLP area work
only for individual categorical variables) or overlook the couplings between attributes
(e.g., the multiple-distance-based representation assumes attributes are independent).
Consequently, these methods may fail to model the heterogeneous distributions in com-
plex categorical data. This thesis studies heterogeneous distribution learning for cate-
gorical data in Chapter 5, where a decoupled non-IID learning framework is proposed

to disentangle attribute couplings and learn mixture value distributions.
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The current heterogeneous dependency learning methods achieve significant perfor-
mance especially in reducing redundancy of multiple couplings. However, while they
reveal the diverse interactions and relations in different types of couplings, they ignore
that couplings may be both complementary and inconsistent with each other, namely
coupling heterogeneity, as illustrated by the example in Table 2.1. If an intra-attribute
coupling (i.e., value couplings) is measured in terms of value frequency, the difference
between slightly curled and curled watermelons of the attribute root shape is 0, due
to their same frequency. However, the difference between slightly curled and curled
watermelons is not 0 because the curled root is more related to the yellow and green
watermelons while the slightly curled root is more associated with the green and black
ones, considering the inter-attribute couplings between color and root shape. The in-
consistency between couplings is one kind of heterogeneities (Ralaivola et al. 2010, Cao
2014). This inconsistency may be essentially caused by (1) different types of couplings
corresponding to different interactions in data that may follow different data distribu-
tions and (2) different data distributions possibly existing in a data set. To mitigate the
effect of inconsistency, this thesis systematically studies how to effectively capture such

coupling heterogeneity (see details in Chapter 7).

2.5 Non-IID-Completeness and Non-IID-Hardness

Learning

2.5.1 Learning Non-IID-Completeness

Most of the current categorical data representation methods only capture and embed
either couplings or heterogeneity (Stanfill & Waltz 1986, Blei et al. 2003, Le & Ho 2005,
Ahmad & Dey 2007, Boriah et al. 2008, Cao, Liang, Li, Bai & Dang 2012, Jia et al. 2016).
Although limited efforts have been made concerning learning heterogeneous couplings
for categorical data representation (Ienco et al. 2012, Khorshidpour et al. 2011, Wang,
Dong, Zhou, Cao & Chi 2015, Zhang et al. 2015, Jian et al. 2017), theses studies do
not jointly capture the heterogeneous dependencies and heterogeneous distributions in
non-ITD-complete categorical data. As a result, they may introduce biases in the repre-
sentation because they embed complicated data complexities from only incomplete as-
pects. To comprehensively represent categorical data, non-IID-completeness learning is
required to leverage both heterogeneous dependencies and heterogeneous distribution-

s and appropriately integrate them by considering their interactions. To achieve this
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Figure 2.1: Hierarchical and heterogeneous couplings in dynamic categorical data.

goal, this thesis studies supervised and unsupervised non-IID-completeness learning

for categorical data representation in Chapters 6 and 7, respectively.

2.5.2 Learning Non-IID-Hardness

Non-IID-hard categorical data consists of non-IID-completeness that changes over time.
In addition to static heterogeneous dependencies and distributions in values, attributes,
and objects, non-IID-hard categorical data contain hierarchical dynamic couplings and
distributions. Consequently, non-IID-hardness learning is required to model the non-
IID-completeness at each time point and to capture the coupling relations between non-
IID-completeness over time.

Figure 2.1 illustrates the non-IID-hardness in dynamic categorical data. First, as
shown in the left part of the diagram, there may exist different grouping effects (which
can be captured by similarity) in objects (e.g., ¢1, ¢9 and c3) with respect to different
categorical attributes; such groupings may change from one categorical attribute to an-
other. For example, student researchers working in a research lab may consist of under-
graduate students (e.g., c¢1), master’s students (c2), and doctoral students (c3), who may
share certain similarities (e.g., with respect to the attributes research area and cultural
background) while also keep their heterogeneous characteristics (e.g., with respect to
research method). These different couplings between various attributes are associated
with the couplings between students with respect to their qualifications. Further, when

discussing the student similarities with respect to another categorical attribute (e.g.,
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religious background), these students can be grouped in other ways (e.g., as Christian
students, Muslim students, Buddhist students, and nonbelievers etc.). Moreover, the
couplings within and between these groups differ from those in the above qualification-
based groups. This simple example illustrates that heterogeneous couplings may exist
between objects of the same or different groups, as reflected and coupled in terms of dif-
ferent categorical attributes. Second, non-IID-hardness learning particularly concerns
the dynamic categorical data widely seen in real-life applications (i.e., as shown in the
right part of Figure 2.1, new objects may appear at time ¢ in each coupled group of ob-
jects at time ¢ —1). Accordingly, the couplings within and between categorical attributes
also change from time ¢ —1 to ¢, and the same is true of the couplings between object-
s. The above hierarchical, heterogeneous, and dynamic couplings between objects and
between attributes are widely seen in the real world (e.g., between different types of
investors trading in a capital market or in an online shopping marketplace).

Handling the above challenges forms the main motivation and objective of non-IID-
hardness learning. This objective requires identifying and representing multiple types
of couplings and heterogeneities (i.e., non-IID-completeness), which reflect diverse in-
teractions and distributions of objects, at each time point (e.g., t — 1 in Figure 2.1) and
to capture the connections between objects and the variation of non-IID-completeness
between objects at different time points (e.g., £ — 1 and ¢ in Figure 2.1).

Although various methods have been proposed to analyze dynamic categorical data
for different applications, such as stream learning (Cao et al. 2010), clustering change
detection (Chen et al. 2009), and concept drift detection (Bai et al. 2016), none of these
methods captures non-IID-hardness. For example, methods for clustering change detec-
tion in categorical data—including information entropy-based clustering (Barbara et al.
2002, Li et al. 2014), importance-based clustering (Chen et al. 2009, Bai et al. 2016), and
fuzzy theory-based clustering (Cao et al. 2010, Saha & Maulik 2014)—ignore the hier-
archical and heterogeneous couplings, object changes, and their coupling changes at dif-
ferent time points. In addition, deep recurrent models (Bengio et al. 2013) can abstract
latent relations and sequential relations, but these models ignore observable relations
and their incremental changes over time. To learn the non-IID-hardness on complex cat-
egorical data, this thesis further studies how to adaptively update heterogeneous and
hierarchical couplings to form dynamic non-IID categorical data representation based

on non-IID-completeness learning (see details in Chapter 8).
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CHAPTER

PRELIMINARIES

3.1 Introduction

his chapter first presents the symbol styles and key notations used in this thesis.
It then defines basic information functions for categorical data representation.
After that, it discusses the categorical data sets used in this thesis. It finally
introduces the primary performance-evaluation metrics for categorical data represen-

tation.

3.2 Symbol Styles and Key Notations

This thesis uses the symbol styles listed in Table 3.1. Specifically, it uses lowercase with
sans serif font to represent element, uses lowercase to represent value, uses lower case
with bold font to represent vector, uses uppercase with bold font to represent matrix,
uses uppercase to represent set, uses lowercase with parentheses to represent function,
uses uppercase with Calligraphic font to represent space, uses subscript for value index,
and use superscript with parenthesis for attribute index.

Following the symbol styles, this thesis presents a static categorical data set as a
three-element tuple £ =< 0,A,V >, where O = {o;|i € N,} is an object set with n, objects;
A ={a;]i € Ny} is an attribute set with n, attributes; and V = U;.lilV(j ) is the collection
of attribute values with n, values, in which V) = {vﬁj )Ii € Nl(,j )} is the set of attribute

values vgj ) with nf,j ) values of attribute a i, and N,, N, and N,(,j ) are the sets of indices
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Table 3.1: List of Symbol Styles

Symbol Symbol Style

Element Lowercase with sans serif font
Value Lowercase

Vector Lowercase with bold font

Matrix Uppercase with bold font

Set Uppercase

Function Lowercase with parentheses
Space Uppercase with calligraphic font
Value index Subscript

Attribute index | Superscript with parenthesis

for objects, attributes, and values of the j-th attribute, respectively. For the i-th object
0;, the categorical value in the j-th attribute a; can be represented as vEJ )
in Table 2.1, O = {A1, A2, A3, A4, A5, A6}, A = {Texture, Color, Root Shape}, V = {clear,

blurry, white, yellow, green, black, straight, curled, slightly curled}, V¥ = {clear, blurry},

. For example,

and 0(23) = straight.

Furthermore, this thesis presents a dynamic categorical data set with n; time points
as a sequential matrix of three-element tuples E = {E1,--- ,Ey,--- ,E,,}, where E; =<
0;,A,V; > refers to a three-element tuple of categorical data observed at time ¢, where
O ={o4;li =1,---,n,,} is an object set with n,, objects, where A ={a;|j =1,---,n4} is
an attribute set with n, attributes, and where V; = U;.Lil Vt(j ) is a collection of attribute
values with n,, values, in which Vt(j) = {vi{i)li =1,-- ,ns,{)} is a set with ns,{) values of
attribute a;. In the case of dynamic data notation, a subscript denotes a time point.
For example, O; refers to the observed object set at time ¢. The index of an element
is also denoted by a subscript followed by the time point notation with a comma to
split them. For example, o;; refers to the i-th object in O; at time ¢. The index of an
attribute is denoted as a superscript with a parentheses. For example, Vt(j ) refers to
the set of values of j-th attribute at time ¢. When there is no ambiguity, this chapter
omits the time point and index for a more concise representation. For example, at time
t, vV is used to represent a categorical value in the j-th attribute. To represent the
output of a model for dynamic categorical data, this thesis uses a subscript to denote
the time point of the input data and a superscript to denote the time point at which
the model is learned or needs to be learned. For example, xi_l refers to the numerical
representation of an object observed at time ¢ generated by the model learned at time

t—1, and ./ refers to the coupling spaces of observations at time ¢ learned by coupling
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learning functions at time ¢.
Other notations used in this thesis are listed in Section A.1 and Section A.2 for static

and dynamic data, respectively.

3.3 Basic Information Functions

Let the relationships between objects, attributes, and attribute values be represented by
a set of functions {vY(:)|j € N}, in which v(-): O — V) maps an object to a particular
value with respect to attribute a;. Let the relationships between objects and classes
be represented by the function c(:) : O — C, which maps an object to its corresponding
class or classes. For example, in Table 2.1, a relationship between object, attribute, and
value for A2 is v®(A2) = yellow, and a relationship between object and class for A2
is ¢(A2) = low. With the above functions, the following basic information functions are

defined to learn the hierarchical couplings in the proposed methods.

Definition 3.1 (Attribute-to-object mapping function [AOF]). AOF, denoted as g(-),
is a mapping function that maps the values in a value set of the j-th attribute to their

corresponding objects in the data set:
(3.1) g2V = {00 e VI,

where V,,Ej )2V is a subset of the attribute a¥”’s value set. Accordingly, gV )(Vij )) re-

turns those objects having the given values in V,,Ej ),

For example, in Table 2.1, g®({slightly curled}) = {A4, A6} and gP({white,black})
= {A1, A6)}.

Definition 3.2 (Class-to-object mapping function [COF]). Denoted as A(-), COF is a
mapping function that finds those objects whose class labels are contained in a given

class set:
(3.2) h(C,) = {Oilc(oi) € C*}a
where C, < C is a subset of all classes.

For example, h({{ow}) = {Al, A2, A3, A4} and h({high}) = {A5, A6}, as shown in Table
2.1.
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Definition 3.3 (Value-frequency-percentage function [VFF]). The VFF, denoted as f j(vﬁj )),
0))

is a function that calculates the percentage of a specific value v;

in the attribute a; cor-
responding to the object o; in terms of the value frequency. The VFF is formalized as
()
() |g J (U~ )|
fiw/)=—"="—.

No

For example, fg(U(lj)) = fo(white) = % and f3(curled) = % in Table 2.1.

Definition 3.4 (Information conditional probability functions [ICPFs]). Information
conditional probability functions are to calculate the information conditional probability
of the value set of a categorical attribute with respect to the set of another attribute, fol-
lowing Bayes’ theorem. Here, ICPF is denoted as p . (-|-) to calculate two sets of values
from different attributes, and as pj.(:|-) to calculate a set of values and a set of classes.

Given value subset ij ) of attribute a ; and value subset V,,Ek) of attribute a;, ICPF
p j|k(V>§j )IV,,Ek )) is calculated as follows:

18V V) ng® v
gDV
Given value subset V,,Ej ) of attribute a ; and class subset C., the ICPF p j|c(Vij )IC «) 18

calculated as

3.3) pj|k(V,,Ej)|V>,(<k)) =

g2V A Rr(C,)
1h(C] '

In Equations (3.3) and (3.4), n calculates the intersection of two sets, and || returns the

(3.4) pj|c(V>,Ej)|C*) =

number of elements in a given set.

For example, in Table 2.1, the ICPF of the value curled of attribute root shape with
respect to the value yellow of attribute color is
{A3,A5}n{A2,A3}] 1
(A2,A3)] 2’

paiel{curled}l{yellow}) =

and with respect to the class low is

psic{curled}|{low})

_ 1{A3,AB} N {A1,A2,A3,A4}|
- {A1,A2,A3,A4}]
a1

T {A1,A2,A3,A4}| 4

For simplicity, the following parts of this thesis use p(:|-) to represent the ICPF for both

cases (i.e., between two sets of values and between a set of values and a set of classes)

when doing so causes no confusion.
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3.4 Data Sets for Representation Performance

Evaluation

To evaluate the categorical data representation performance, this thesis uses 32 cate-
gorical data sets! from different areas in its experiments. These comprise medical data:
Lymphography (Lym), Hepatitis (Hep), Audiology (Aud), Primarytumor (Prim), Spec-
t (Spc), Wisconsin(Wes), BreastCancer (Br), Dermatology (Dmg), and Mammographic
(Ma); gene data: DNAPromoter (DNAP), DNANominal (DNAN) and Splice (Spc); social
and census data: HouseVotes (Hsv), Adult (Adt), Census (Cens) and Hayesroth (Hay);
hierarchical decision-making data: Monks3 (Monk), Krvskp (Krv), Tictactoe (Tic), Krkop-
t (Krk) and Connect4 (Cnt); nature data: SoybeanSmall (SoyS), SoybeanLarge (SoyL),
Zoo, Flare (Flr) and Mushroom (Ms); Business data: Crx; psychological experimental da-
ta: Balance (Ba); disaster prediction data: Titanic (Titn); and synthetic data: Mofn3710
(Mof), ThreeOf9 (Tr) and Led24 (Ld).

These 32 data sets have strong diversity in terms of data factors: the number of ob-
jects (n,), the number of attributes (n,), the number of classes (n.), the average number
of attribute values (n4,), the maximal number of attribute values (n,,,), and the class
imbalance (CI) rate (r¢7). The rer (see Definition 3.5 below) is measured by the ratio
between the largest number of objects in a class and the smallest number of objects in
another class.

Table 3.2 summarizes the data characteristics. It shows that the number of objects
ranges from 101 to 299,285, and the number of attributes ranges from 3 to 69. The
data sets contain both binary and multiple classes with the maximum number of 24
classes. The average and maximal numbers of attribute values range from 2 to 16.09
and from 2 to 53, respectively. The imbalance rate ranges from 1 to 168.63. These diverse
characteristics are used to test the sensitivity of each representation method on diverse

data characteristics.

Definition 3.5. The CI rate:

rcr =maxb(c;,c;),
L?J

where b(c;,c;) is defined as follows, and i and j refer to different class labels ¢; and c;.

|gc(Ci)| .
= if [ ge(e)l > 1gele))l
b(Ci,Cj)—{gC(cJ) e o

1 otherwise

IThey are downloaded from the following websites: http:/archive.ics.uci.edu/ml; http-
s://www.sgi.com/tech/mlc/db; and https:/www.kaggle.com.

35



CHAPTER 3. PRELIMINARIES

Table 3.2: Characteristics of Benchmark Data Sets

Data set ‘ Abbr. ‘ No Ng Ne  Nagv  Nmp rer
SoybeanSmall SoyS 47 35 4 2.06 7 1.7
Z00 Zoo 101 16 7 225 6 10.25
DNAPromoter | DNAP 106 57 2 4.0 4 1.0
Hayesroth Hay 132 4 3 3.75 4 1.7
Lymphography | Lym 148 18 4 3.28 8 40.5
Hepatitis Hep 155 13 2 277 3 3.84
Audiology Aud 200 69 24 2.23 7 48.0
HouseVotes Hsv 232 16 2 2.0 2 1.15
Spect Spc 267 22 2 2.0 2 3.85
Mofn3710 Mof 300 10 2 2.0 2 4.0
SoybeanLarge SoyL 307 35 19 3.77 8 40.0
Primarytumor | Prim 339 17 21 247 4 84.0
Dermatology Dmg 366 33 6 391 4 5.6
Monks3 Monk 432 6 2 283 4 1.12
ThreeOf9 Tr 512 9 2 2.0 2 1.15
Balance Ba 625 4 3 5.0 5 5.88
Wisconsin Wes 683 9 2 9.89 10 1.86
Crx Crx 690 9 2 5.0 15 1.25
BreastCancer Br 699 9 2 10.0 11 1.9
Mammographic | Ma 830 4 2 5.0 7 1.06
Tictactoe Tic 958 9 2 3.0 3 1.89
Flare Flr 1,066 11 6 3.73 8 7.7
Titanic Titn 2,201 3 4 2.0 2 3.11
DNANominal DNAN | 3,186 60 3 4.0 4 2.16
Splice Spl 3,190 60 3 4.78 6 2.16
Krvskp Krv 3,196 36 2 2.03 3 1.09
Led24 Ld 3,200 24 10 20 2 1.14
Mushroom Ms 5,644 22 2 4.45 9 1.62
Krkopt Krk 28,056 6 18 6.67 8 168.63
Adult Adt 30,162 8 2 1225 41 3.02
Connect4 Cnt 67,557 42 3 3.0 3 6.9
Census Cens 299,285 35 2 16.09 53 15.12

For the experiments of supervised representation learning (e.g., in Section 6.4) and
downstream supervised learning tasks (e.g., in Sections 4.4.1.2, 4.4.2.1, and 5.6.2 etc.),
Monte Carlo cross-validation is taken to partition a data set to training and test sets.
Compared with other validation methods, Monte Carlo cross-validation can largely re-

tain the heterogeneous distributions in the training set. Hence, it is more suitable for
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evaluating the representation of complex categorical data, which may have strong het-
erogeneous distributions. Specifically, the experiments randomly select 90% of objects
in each data set for training and use the remainder for testing, and 20 random sampling

iterations generate 20 sets of training and test data for the experiments.

3.5 Metrics for Representation Performance

Evaluation

To empirically evaluate categorical data representation performance, this thesis intro-
duces two kinds of evaluation methods: representation-quality-based evaluation and
down-stream-task-based evaluation. While the former evaluates representation perfor-
mance from the representation itself, the latter tests representation performance by the

performance of downstream learning tasks (e.g., classification and clustering).

3.5.1 Representation-Quality-Based Evaluation Metrics

A typical representation-quality-based evaluation method is visualization. Specifically,
the representation vectors or representation similarity (or dissimilarity) matrix gener-
ated by a method is visualized in a two-dimensional space; some visible properties (e.g.,
separability and structurality) are used to quantitatively evaluate the representation
performance. In order to visualize representation into a two-dimensional space, this the-
sis introduces t-distributed stochastic neighbor embedding (.-SNE) (Maaten & Hinton
2008) and multidimensional scaling (MDS) (Borg & Groenen 2005) to transform high-
dimensional vectors and similarity matrix into two-dimensional space, respectively. The
basic idea of ¢-SNE is to minimize the Kullback-Leibler divergence between the data
distribution in the original high-dimensional space and that in the transformed low-
dimensional space. Accordingly, the low-dimensional visualization can reflect the main
distribution characteristics of the high-dimensional representation. The MDS method
transforms objects from similarity space to a low-dimensional Cartesian space where

the between-object similarities are preserved as well as possible.

Another representation-quality-based evaluation metric used in this thesis is the
(e,7)-good criterion proposed by Balcan et al. (2008). Following Definition 4 in Balcan
et al. (2008), a similarity function s(-,-) is strongly (e,y)-good for a learning problem &
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if at least a 1 —e€ probability mass of objects o satisfies

E, o~ols(0,0")]c(0) = c(0)]
> Eq o ~0ls(0,0)]c(0) # c(0)] +7,

where E refers to the expected value on distribution ® in the learning problem &2 and
where c(o) refers to the class of o. In this criterion, ¢ indicates the proportion of ob-
jects whose averaged intra-class similarity is not y degrees larger than their averaged
inter-class similarity value. With the same vy, the smaller ¢ reflects the better similarity
function for the learning problem £2. Here, y indicates the extent to which the intra-
class similarity is larger than the inter-class similarity on the 1 —e€ proportion of data
that is best separated. When ¢ is fixed, the larger y reflects the better similarity func-
tion. The intuition of this criterion is that a good similarity measure should effectively
differentiate data in the same class from those in other classes. More importantly, a
(e,7)-good similarity can induce a classifier with a bounded error (see more details in
Theorem 1 from Balcan et al., 2008). Since different ¢ values may correspond to differ-
ent y values, in experiment, the (¢,y)-curves are drawn to demonstrate the quality of
the representation learned by each method. With the same ¢, the better representation
would have a greater y. In other words, the better representation would yield a higher

curve in the (e,y)-curve figure.

3.5.2 Down-Stream-Task-Based Evaluation Metrics

This thesis feeds categorical representation to several downstream tasks, including clas-
sification, clustering, object retrieval, and recommender system, to form down-stream-
task-based evaluation methods.

For classification and clustering tasks, to avoid subjective judgment and CI, two met-
rics, F-score and normalized mutual information (NMI), may be introduced to evaluate
the learning performance in the experiment. A higher F-score or a higher NMI indicates
better learning accuracy. This thesis adopts macro-averaged F-score, which is popular
in class imbalanced settings (Narasimhan et al. 2016), to measure the gap between the
classification (or clustering) results and ground truth. Formally, the macro-averaged

F-score can be calculated as follows,

1 Z< 2 x Precision; x Recall;
(3.5) F-score = — —
n.i=y Precision; +Recall;

where Precision; refers to the precision with respect to the i-th class (or cluster) c; (i.e.,

the fraction of objects classified or clustered as belonging to c; that in fact do belong to
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¢;) and where Recall; refers to the recall with respect to c; (i.e., the fraction of objects of
c; that are correctly classified or clustered). Denoting the ground-truth class (or cluster)

set as C and the estimated set C , the NMI metric is calculates as follows,

2xI(C;C)

(3.6) NMI(C,C)= ——2
H(C)+H(C)

where I(C;C) refers to the mutual information between C and C and where H(C) and
H(C) refer to the entropy of C and C, respectively. To fairly compare different represen-
tation methods on multiple data sets, this thesis evaluates the averaged rank (AR) of
each method over all data sets.

For object retrieval task, this thesis uses every object as a query and retrieves its
k-closest objects per their representation. The precision@k (i.e., the fraction of the re-
trieved k objects are the same-class neighbors) and recall@k (i.e., the fraction of the
same-class neighbors retrieved in the k& objects) are reported as the evaluation metrics,
which demonstrate the quality of learned representation from local (when % is small) to

global (when £ is large).
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CHAPTER

NON-IID SIMILARITY METRICS LEARNING ON
CATEGORICAL DATA

4.1 Introduction

enuinely quantifying the similarities in categorical data is a fundamental task
for categorical data analysis. As discussed in Section 2.2.1, similarity-based
representation can directly reflect the couplings within and between categorical
data, and much attention has been paid to similarity-based coupling learning.
However, most existing coupling learning methods captures only specific character-
istics of categorical data (see details in Section 2.3): (1) the matching-based measures
do not distinguish value ranges and frequencies; (2) many methods measure object sim-
ilarity without involving within- and between-attribute relationships; (3) the existing
value-based measures capture only specific data characteristics (e.g., either the rela-
tionships within one dimension or between two attributes without involving value in-
teractions); and (4) the more recent work (e.g., COS; Wang, Dong, Zhou, Cao & Chi,
2015) captures both value and attribute interactions, but the proposed similarity mea-
sures are not metric-based and do not provide a solid theoretical foundation for metric
operations and wide applicability.
To address the above issues in coupling learning, this chapter proposes a non-I1ID

similarity metrics learning (nSML) framework for modeling and integrating hetero-
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geneous couplings in complex categorical data. This framework transfers the original
non-IID feature space to a multi-metric space that captures comprehensive and hier-
archical non-IID categorical data relations. In particular, nNSML captures the following

data characteristics and complexities in categorical data:

¢ The rich coupling relationships (couplings, for short) between the values of an
attribute, called intra-attribute couplings, measure the within-attribute similari-
ties; the intra-attribute similarities reflect the value distribution and interactions

within an attribute.

¢ The rich couplings between attributes, called inter-attribute couplings or attribute
interactions, measure the between-attribute similarities; the inter-attribute simi-

larities indicate value interactions in an attribute, conditional on other attributes.

* The rich couplings between objects combine both intra- and inter-attribute simi-

larities. This combination aggregates the value-to-attribute-to-object similarities.

A further goal of the present work is to instantiate the nSML framework in terms of
a coupled kernel metric learning (cKML) approach, which learns the hierarchical het-
erogeneous couplings and their aggregation in non-IID categorical data in terms of dif-
ferent kernels. This method (1) learns the above value-to-attribute-to-object similarities
by taking a data-driven approach to capture the underlying intrinsic data characteris-
tics in the low-level non-IID attribute space; (2) represents the above heterogeneous
aspects of similarities in terms of diversified kernels; (3) integrates the respective sim-
ilarities in a high-level kernel space; and (4) induces a dissimilarity metric for non-IID
objects in a transformed space.

The key contributions of this chapter include the following:

* A general framework: It captures comprehensive non-IID characteristics and as-

pects in non-IID categorical data for in-depth similarity learning.

* Hierarchical similarity metrics: Several kernel-based similarity metrics are pro-
posed to measure hierarchical and heterogeneous non-IID aspects in categori-
cal data. Specifically, the hierarchical coupling relationships in data are learned
by modeling the value-to-object couplings in terms of value frequency and co-
occurrences within and between categorical attributes and between the object in-
teractions. These low-level hierarchical value-to-object couplings are incorporated
into different kernel functions to measure object couplings and to complement and

enhance the high-level kernel model performance.
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* A valid object-distance metric: This study further proves that the proposed mea-
sures are positive semi-definite kernels and the induced distance measures hold
metric properties. Hence, they can be used to integrate different similarity infor-

mation and are sufficiently flexible to handle various kernel-based tasks.

e A comprehensive metric-effectiveness evaluation: The proposed cKML instantiates
the nSML framework and is fed in several methods for learning categorical da-
ta. This learning method is compared with different mechanism-based similarity
measures for the clustering and classification of 27 data sets with different data
characteristics. The results show that cKML significantly improves the learning

performance in data sets with sophisticated relations.

The rest of this chapter is organized as follows: Section 4.2 gives the details of the
proposed nSML and its instantiation model cKML. Section 4.3 presents the theoretical
analysis of the cKML properties. Section 4.4 demonstrates the performance of cKML
by comparing it with existing categorical similarity measures in a variety of learning

tasks. Section 4.5 concludes this chapter and discusses prospects for future research.

4.2 The Non-IID Similarity Metrics Learning

Framework

This section proposes a non-IID similarity metrics learning framework for categorical
data. As shown in Figure 4.1, the nSML framework presents as a bottom-up hierarchi-
cal structure that introduces several measures to capture intra-attribute coupling (kz,)
and inter-attribute coupling (k7.) from heterogeneous categorical data. This framework
further integrates k7, and kj, into object coupling (k). Finally, a non-IID distance met-
ric (d(-,-)) is obtained by applying a transformation function to the object coupling.

The attribute coupling measures capture the coupling relationships within and be-
tween attributes. The intra-attribute coupling measure (k(IJ;(-, -)) captures the attribute
value interactions according to the value distribution of the attribute a;. The inter-
attribute coupling measure (k(ljé’k)(', -)), on the other hand, captures the attribute value
relations in terms of the value interactions between the values of a; and of a;. Lastly, a
non-IID object coupling measure (ko(:,-)) measures the similarity between two objects.
It integrates the coupling relationships between two objects by accumulating attribute
couplings. Based on the non-IID object-coupling measure, a non-IID distance metric

(d(-,-)) can be induced through a transformation function.
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Figure 4.1: The non-1ID similarity metrics learning framework

4.2.1 Coupled Kernel Metric for Categorical Data

This section instantiates the nSML framework in terms of a cKML system. It is worth
noting that the proposed nSML framework can be implemented by creating different
types of measures. The present work specifies the coupling kernel to implement the

nSML framework due to the following four considerations:

Kernels are one of the most popular functions to measure the similarity of two

objects.
* A kernel can induce a dissimilarity metric straightforwardly.

¢ Different kernels have the same semantic meaning in the reduced kernel Hilbert
space (RKHS), and the combination of them under certain constraints maintains
the characteristics of a kernel. This property can be used to leverage different

aspects of information by various kernels for heterogeneous data.

¢ A kernel can be easily adopted into a variety of kernel-based methods for diverse
learning tasks: kernel principal component analysis (Mika et al. 1999), kernel

clustering (Zhao et al. 2009), relational learning (Frasconi et al. 2014), a Gaussian
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process (Rasmussen & Williams 2006), support vector machine (Vapnik 1998), and

extreme learning machine (Huang et al. 2012).

In this chapter, a popular type of kernel, namely the squared exponential kernel, has
been adopted to observe whether a very common way of instantiating nSML, specifically
cKML, can offer significantly improved performance. In the following, cKML is detailed
in terms of building an intra-attribute coupling metric, an inter-attribute similarity
metric, an object-coupling metric, and a non-IID distance metric. The metric properties

are discussed in Section 4.3.

4.2.2 Intra-Attribute Coupling Metric

Intra-attribute couplings represent the interactions among the different values of an
attribute. One basic way to observe the intra-attribute couplings of an attribute is to
analyze its value distribution. As stated by Boriah et al. (2008) and by Wang, Chi, Zhou
& Wong (2015), the value frequency is suitable for describing value distributions. There-
fore, a reasonable way to calculate intra-attribute couplings is to measure the similarity
between attribute values in terms of value frequency. For example, for a watermelon col-
or shown in Table 2.1, if the number of watermelon with color yellow is more similar to
the number of watermelon with color green rather than that of watermelon with color
white, then it is argued that yellow is closer to green rather than to white. The results
are also consistent with the real watermelon property that the watermelon with color
yellow is generally close to watermelon with color green but differs from that with color

white.

Hence, a kernelized intra-attribute coupling measure (kj,) is proposed to capture
the intra-attribute couplings in terms of value occurrence frequencies. Measure kj, in-
volves the attribute value frequency and assumes that two values are more similar
if their frequencies are closer. Basically, 27, can be instantiated according to differen-
t frequency distributions. For example, a squared exponential kernel can be used to
capture local variation distributions, and a periodic kernel may be adopted to reveal a
repeating distribution (Duvenaud et al. 2013). This method uses a squared exponen-
tial (Gaussian)-like kernel since it has many good properties and appears as a default

kernel in most kernel-based learning methods.

Subsequently, for a categorical data set, given two objects o; and o; with attribute

D and v in the attribute aj, the intra-attribute coupling measure k(Il;(oi,o 7) in

values v:
i J
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terms of a squared exponential kernel can be formalized as follows:

(£ IN_ £ (D)2
(4.1) k(ll)(oi,oj):e (f(v; ") f](vj ) ,

a

where f;(-) is the VFF function that represents the frequency of a specific value of the
attribute a;, as defined in Definition 3.3, and j refers to the j-th attribute.

Taking the watermelon information in Table 2.1 as an example, the similarity be-
tween Al and A2 with respect to attribute color is k(ﬁl) (A1,A2)= e~ (678" = ¢ 3 , and the
one between A2 and A4 is
E2(A2,A4) =G0 = 1.

a

Since the intra-attribute coupling measure k(IJZ(oi,o 7) is a positive semi-definite sta-
tionary kernel, as will be proved in Section 4.3, ranging from e~! to 1, the intra-attribute
coupling kernel can be easily combined with other coupling kernels. Meanwhile, it can
effectively induce the corresponding distance metric through a transformation function
that will be introduced in Section 4.2.5.

Equation (4.1) assumes that the similarity of attribute values exhibits an exponen-
tial decrease when their occurrence frequencies increase. Only if the occurrence fre-
quencies of two attribute values are very similar does their similarity result in a large
value; otherwise, their similarity is small and tends to be e~ 1.

Compared with simple matching-based methods, k7, not only distinguishes different
values but also reserves their local geometric structures. Moreover, differing from ex-
isting intra-attribute information-based methods (Boriah et al. 2008, Wang, Chi, Zhou
& Wong 2015), kj, enforces the similarity of values to a quite small and similar value
when their frequency difference is larger than a certain threshold. It embeds the value
frequency similarity into a value similarity space and eliminates the disturbance from
noisy data. For this reason, the proposed intra-attribute coupling measure can achieve

reasonable performance.

4.2.3 Inter-Attribute Coupling Metric

The intra-attribute coupling metric represents only the relationships among the dif-
ferent values of an attribute. It does not capture the interactions between attributes.
Accordingly, a further metric is proposed, the inter-attribute coupling metric, to capture
such interactions. Taking the watermelon information in Table 2.1 as an example, the
number of watermelon with color white may be similar to that of watermelon with color
black. If the intra-attribute coupling metric is used alone to reveal the relationship be-

tween color white and black, the similarity between white and black may result in a high
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value. However, this conclusion contradicts the fact that watermelon with color white
and black have very different properties. To address the above problem, inter-attribute
couplings are introduced to combine the couplings within an attribute with respect to
the semantic information (or knowledge) from and interactions with other attributes.

The inter-attribute coupling metric (k;.) captures the couplings between values in
an attribute with respect to other attributes. Intuitively, the attribute values of an at-
tribute may be seen as similar if they are associated with values in other attributes
with similar frequencies. Hence, k. takes the difference between the conditional prob-
abilities of two values in an attribute with respect to the values of other attributes to
represent the inter-coupling relationship. If two values of an attribute have similar con-
ditional probabilities with respect to the values of other attributes, they are treated as
similar.

Let us revisit the case of the watermelon information previously mentioned. If the
number of watermenlons with white color and watermelons with black color are similar,
but the values of the other attributes (e.g., the root shape) differ significantly, white
watermenlons and black watermelons are still made distinguishable by involving the
additional attribute rootshape when considering conditional probability.

The cKML method implements the inter-attribute coupling metric ;. by using a
squared exponential kernel. It first captures the couplings between each attribute pair,
and it then extends the pairwise attribute couplings to all attributes. Given a categorical
data set, the coupling kernel k(lle’m)(oi,o ;) for the /-th attribute with respect to the m-th

attribute is defined as follows:
EL™(0,.0) =%
Ie 12 Ko ’

and
2= ) pv('""|p”m(”£1m)|”§l))—Pum(vf;m)lv;l))l,
0g€Um a
where pj,(:|-) is the ICPF function as defined in Definition 3.4, o, € U, collects the

D

objects whose value in m-th attribute has co-occurrence with either vg or vg.l) in the

(qm) in set U,,.

Taking the watermelon information in Table 2.1 as an example, the similarity be-

attribute a;, and P, (m is the occurrence probability of value v
q

tween the attribute color of AI and A6 with respect to the attribute root shape is
k(12e’3)(A1,A6) = e GIT-1I+311-1D? = el and the similarity between the attribute root

shape of A2 and A5 with respect to the attribute color is
1

k(13’2)(A2,A5) = e‘&'%‘%”%%_%th_%nz —e 16,
e
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The accumulative inter-attribute coupling kernel k(Ile)(oi,o ;) for the /-th attribute is
defined as in Equation (4.2). It aggregates the pairwise attribute interactions between
the j-th attribute and all others.

Ng
(4.2) Eoi00= Y amk™(0;,0)),

e ol Ie
where n, is the number of attributes. Equation (4.2) uses the summation of the cou-
plings between each attribute pair to construct the inter-attribute couplings. This is
because the target of k. is to reveal the possible connections between two attribute
values in terms of different dimensions. If an attribute pair has strong couplings in any
dimension, it can be regarded as having strong inter-attribute coupling. In practice, it
is worth noting that not all attribute pairs have a strong relationship, and the degree
of attribute-pair couplings may also be different. Therefore, a summation coefficient a,,
is added to fit such situations. The summation coefficient «,, is determined in a similar
way as in Wang, Chi, Zhou & Wong (2015) and Ienco et al. (2012).
For the attribute pair (a;,a,,), the symmetric uncertainty (SU) is used to measure

their relevance, which is defined as:
H(a;) - H(aglam)

H(a))+H(@p) ’

where H(a;) and H(a;|a,,) are the entropy and condition entropy of variables a; and a,,

SUal(am) = 2 X

respectively. a,, is set as SU,,(a,,) because SU,,(ap,) reveals the degree of inter-attribute
couplings. To avoid those cases where an attribute pair does not hold couplings, here
added one more constraint that a,, is set to 0 if the following two conditions are both
satisfied: (1) SU,,(ay) = SUy,(ag); and (2) SU, (apm) = SU,, (an).

ng
Let Sum(a)= Y a.IfSum(a)#0,then a,, is normalized by a,,/Sum(a). Other-

m,m#l

wise, k(Ile)(oi,o 7) is set to be e~ ! since there is no significant coupling between attributes.

The inter-attribute metric k1. is also a positive semi-definite stationary kernel, rang-
ing from e~ ! to 1, which will be proved in Section 4.3. According to the transformation
function proposed in Section 4.2.5, an inter-coupling distance metric can be induced
from kj,.

The inter-attribute coupling metric implemented in this chapter has three notable
advantages, which make the proposed inter-attribute coupling metric significantly bet-
ter than existing inter-attribute-based similarity measures as discussed in the follow-
ing.

The first merit is that it can reveal more comprehensive contextual information com-

pared to the previous work. k7, adopts a union value set instead of an intersection value
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set as the context, but the existing work uses either an intersection value set (Ienco et al.
2012, Wang, Chi, Zhou & Wong 2015) or all the values in the other attributes (Jia et al.
2016) as the context. Given two values from an attribute, the union value set refers to
the values in the other attributes that co-occur with any of the given values. Meanwhile,
the intersection value set refers to the values in other attributes that co-occur with both
of the given values. If the context is set as the intersection value set, the contribution
from values in another attribute, which only co-occur with one compared value, will be
ignored. For instance, in the previous scenario, the similarity between Mary and Al-
ice in terms of Commitment conditional on Performance will be 1 because high and
intermediate have the same occurrence frequency with the intersection value rank B.
However, high also co-occurs with rank A while intermediate co-occurs with rank C,
which indicates their difference. If all values in another attribute are used as the con-
text, the similarity will be affected by unrelated values. Particularly, a large number of
unrelated values may even cause wrong results. Fortunately, using the union value set
as the context can overcome such drawbacks and comprehensively reflect inter-attribute
couplings.

The second benefit is that k7, can eliminate both the low-level noise in attribute
pairs and the high-level noise caused by combining uncoupled attributes. Although
some of the existing work (Ienco et al. 2012, Wang, Chi, Zhou & Wong 2015) can re-
duce high-level noise by introducing the SU, they cannot filter low-level noise within at-
tribute pairs which is commonly caused by sampling and randomness. kj., on the other
hand, can remove this noise through projecting the similarity with small co-occurrence
frequency into a quite similar and small value.

The third advantage is that &7, embeds the co-occurrence similarity into the object
similarity using the nearest neighbor assumption which has a solid foundation accord-
ing to manifold learning (Belkin et al. 2006). Even though the previous work introduced
co-occurrence similarity to represent object similarity, they did not provide a sound ex-
planation regarding why co-occurrence similarity can be transformed to object similar-

ity.

4.2.4 Object Coupling Metric

So far, it is shown that the proposed attribute couplings can capture two types of attribute-
oriented interactions, i.e., intra-attribute couplings and inter-attribute couplings. This
section proposes the concept of object coupling to facilitate an understanding of object

interactions based on the above comprehensive low-level attribute couplings.
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The object coupling determines whether some objects are more similar than oth-
ers. It aggregates low-level couplings from different attributes. Here measures it by
proposing the object coupling kernel 2p. The object coupling kernel integrates both the
different low-level couplings of an attribute and the attribute couplings from different
attributes.

With the integration of different low-level couplings, 2o adopts the multiplication for
the former to combine two aspects of attribute couplings, i.e., intra-attribute couplings
and inter-attribute couplings. It reflects the following observations: (1) the couplings
between two objects are contributed by different factors (e.g., value and attribute) and
from different interaction aspects (e.g., value-value interactions and attribute-attribute
interactions), and (2) the level of overall object couplings is determined by the most
distinguishable aspect. Regarding the second observation, the object couplings will be
smaller than the weakest low-level coupling. Since the smaller coupling reflects the
stronger distinguishable information, the object couplings will reserve the most useful
information for learning.

For the integration of attribute couplings from different attributes, couplings from
different attributes are added together to obtain object couplings. This follows the as-
sumption that the couplings between two objects are contributed by all attributes. The
aggregated object coupling kernel £¢(0;,0;) between two objects o; and o; is calculated

on all n, attributes in a data set as follows,

a e

Ng
(4.3) ko(0i,09) =Y Bk (0;,07) k1 (0;,0)),
=1

where f; is the combination coefficient that reflects the contribution from [-th attribute.
This thesis makes the following three assumptions regarding f;: (1) each attribute
makes a different contribution to the final object similarity; (2) each coupling aspect
makes a different contribution; and (3) the more distinguishable information an at-
tribute contains, the larger the contribution it makes. Under these assumptions, we
give a weighting criterion: the attribute weight is assigned according to the probability
that two compared objects own different information. The intuition of this criterion is
that more attention should be paid to the differential information which is the founda-
tion of discrimination capability. With this criterion, a data-driven method for dynamic
weighting is proposed to jointly consider intra- and inter-attribute couplings.
Regarding the intra-attribute couplings, the differential information is considered as
the probability of two objects owning different attribute values. This probability reflects

to what extent an attribute can distinguish two objects. A small probability illustrates
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poor differentiation capability, and vice versa. Inspired by Jia et al. (2016), for the /-th

attribute, this probability p(Il; can be calculated as follows:

nd
1 —
Pra=1= X A vg),
q=1

where f;(-) is the VFF defined in Definition 3.3, and f; () has a similar definition as f;(-)

yet it removes an object with value vfll) in the population as in Equation (4.4).
g1V - 1
4.4 Wy ==L
(4.4) 1 (vg") —

where n, is the number of all objects in the data set. Subsequently, the normalized

contribution from intra-attribute couplings for each attribute can be assigned as:

)
pIa

Y1 Ply
Regarding the inter-attribute couplings, the differential information can be revealed
by co-occurring value pairs. For two attributes, the distinguishing capability is large
when the probability of any co-occurrence value pair is small. To this end, here calcu-
lates the probability of the co-occurring value pair to capture this differential informa-

tion. By labelling the co-occurring value pair set as

COlm = {jOintlm,LjOintlm,2,' e ,jOintlm,nlm}a

the probability p(Il;m) is formulated as:

Nim
I, .. .
p([em) =1- Z flm(.]OLntlm,q)flm(JOLntlm,q)-

q=1

Due to the fact that an attribute can associate with any other attributes, the prob-
ability of these associations should be aggregated to construct the weight for inter-
attribute couplings. Here uses summation with the coefficient a in Equation (4.2) to

aggregate these probabilities as follows,

Ng
&) _ (I,m)
Pr.= Z AmPre -
m=1m#l

After this, the normalized contribution from inter-attribute couplings for each attribute

can be calculated as,
()
po = Pre
Ie ™ Ng (m)’
Y-1Pre
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The contribution of each attribute is defined by jointly considering the contribution

of intra- and inter-attribute couplings,
Bl = max{py), B7)).
Then, the normalized combination coefficient B can be calculated as follows,

pV = — pi —.
Y1 Bu
Here uses the maximum value of ﬂ(ll; and ,B(Ile) as the attribute contribution due to the
fact that the overall object couplings are determined by the weakest low-level couplings
which have the largest distinguishable contribution.

Note that k£p(0;,0;) is also positive semi-definite, since it is composed of the mul-
tiplication of three positive definite kernels (as shown in Lemma 4.3). Since k¢(0;,0;)
captures hierarchical couplings between objects, it has much richer and more compre-
hensive interactions between objects than the existing similarity representations. In
fact, the object coupling metric transfers the original data represented by its original
feature space to a hierarchical coupling-based kernel space. The transformed kernel-
based spaces (1) are embedded with multi-level and multi-aspect couplings that reflect
the substantial low-level interactions in data, (2) enable the integration of these cou-
plings that contribute to the representation of data characteristics and complexities,
and (3) combine low-level data characteristics with high-level model-based power (in
this chapter, squared exponential kernel as the model) to describe data characteristic-
s. In the transformed kernel-based high-dimensional spaces, objects are relocated and
represented in terms of hierarchical coupling relationships. As a given data set is often
embedded with different forms and characteristics of coupling relationships (Cao 2015),
the similarity learning objective is to capture them as much and as deeply as possible.
For this, the corresponding kernel functions can be identified to catch and integrate
the sophisticated couplings to model object coupling-based similarity. In Section 4.4.4,
the further research is to discuss the challenges and prospects of selecting appropriate
kernels and models to represent such couplings in complex data.

With the kernel properties analyzed in Section 4.3, the proposed coupled kernel met-
ric can be applied to diverse kernel-based learning machines (e.g., support vector ma-
chine, a Gaussian process, kernel k-means, and extreme learning machine) for a variety
of learning tasks. In doing this, it is important to select the most appropriate kernel-
s such that the intrinsic data complexities can be well captured for specific learning

objectives, as discussed in Section 4.4.4.
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4.2.5 Non-IID Distance Metric

This section induces a distance metric from the proposed non-IID similarity metrics.
Given two objects o; and o; and a proposed non-IID similarity metric &(-,-), such as the
intra-attribute coupling metric (Equation (4.1)), inter-attribute coupling metric (Equa-
tion (4.2)), or the object coupling metric (Equation (4.3)), a non-IID distance metric d(-,)
can be constructed by Equation (4.5).

(4.5) d(0:,07) = |/ k(03,05 — 2k(01,0,) + k(0;,0;).

As seen in Section 4.3, this distance metric maintains all metric properties, and its
value ranges from [0,V2—2e~1].

4.3 Theoretical Analysis of Non-IID Similarity

Metrics Learning Properties

This section first proves the positive semi-definite properties of the proposed coupled
kernel and the metric properties of the induced non-IID distance. It then analyzes the

time complexity of the proposed coupled kernel.

4.3.1 The Positive Semi-Definite Property of Coupled Kernels

It is claimed that the proposed coupling metrics in the previous sections satisfy the
positive semi-definite properties. Retaining the positive semi-definite property is critical
for the soundness and other merits of the proposed coupling measures. If and only if
this property is satisfied, the coupling metrics can be used in kernel-based analysis,
such as support vector machine and kernel 2-means. In addition, this property ensures
that different kinds of similarities can be integrated through the closure operations in
RKHS, which forms the foundation of the proposed nSML framework in Figure 4.1.
Before proven that the object coupling metric is positive semi-definite, three foun-
dational lemmas are introduced and prove the positive semi-definite property of the

intra-attribute coupling metric and the inter-attribute coupling metric.

Lemma 4.1. If f(-) is a real value function defined on & <R, then k(x,y) = f(x)f(y) is

a positive semi-definite kernel.

Lemma 4.2. If k1(x,y) is a positive semi-definite kernel in & x &, then k(x,y) = k15

is a positive semi-definite kernel.
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Lemma 4.3. If k1(x,y) and ko(x,y) are positive semi-definite kernels in & x %, and a

constant a = 0, then the following functions are positive semi-definite kernels:
1. k(x,y)=k1(x,y) +kolx,y);
2. k(x,y)=aki(x,y);
3. k(x,y)=ki(x,y)ka(x,y).

The proofs of these three lemmas can be found in Section 4.1 in Steinwart & Christ-
mann (2008). Based on the above three lemmas, an additional lemma is proposed as

follows.

—fl(vgl))e—fl(v;l))

Lemma 4.4. k£1(0;,0/)=e and k2(0;,0;) = 2fz(v§l))fl(v§.l)) are positive semi-

definite kernels.

N0
Proof. Let f (v;.l)) = 1) op f (vs.l)) =2 fl(vi.l)), Lemma 4.4 can be straightforwardly

induced from Lemma 4.1. [ |

2,00

Lemma 4.5. Given a kernel k3(0;,0;)=e , the kernel is positive semi-definite.

Proof. Since k5(0;,0;) = 2fz(v§l))fl(v§.l)) is a positive semi-definite kernel, according to

k2(0;,0;

Lemma 4.2, k3(0;,0,)=e ) is positive semi-definite. [

)

Theorem 4.1. The intra-attribute coupling kernel k(la(oi,o i) proposed in Equation (4.1)

is a positive semi-definite kernel.

Proof. Since

_ @y_ 2)yy2 @y — @) ) @)
k(Il;(Oi,Oj)Ie (fl(Ui ) fl(Uj ) :e—fz(vi )e fl(Uj )erl(vi )fl(Uj ):k]_(oi,oj)k3(oi,oj),

and kernels £1(0;,0;) and k3(0;,0;) are positive semi-definite, according to Lemma 4.3,

k(Il;(oi,o i) is a positive semi-definite kernel. |

Theorem 4.2. The inter-attribute coupling kernel k(Ile)(oi,o i) proposed in Equation (4.2)

is a positive semi-definite kernel.

Proof. Since k(Ile’m) takes the same form as the intra-attribute coupling kernel, which
is positive semi-definite, k(llejm) is positive semi-definite. According to Lemma 4.3, the
weighted summation of valid kernels is still a valid kernel. Hence, k(lle)(oi, 0;)is a positive

semi-definite kernel. [ |
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Lastly, Theorem 4.3 is proposed and proved.

Theorem 4.3. The object coupling kernel kp(0;,0;) = k1,(0;,0;) - k1e(0;,0;) is a positive

semi-definite kernel.

Proof. Since k;, and %, are both positive semi-definite, the object coupling kernel k¢

is consequently positive semi-definite, according to Lemma 4.3. [ |

4.3.2 Stationary and Metric Properties of Coupled Kernels

In this section, this thesis further discuss the stationary property and the metric prop-

erties held by the object coupling kernel.

Proposition 4.1. Stationary Property. The proposed object coupling kernel is a sta-
tionary kernel; that is, ko(x,y) = E(lx— yD.

Proof. The thesis first proves that the compositions of the object coupling kernels hold
the stationary property. With respect to the intra- and inter-attribute coupling kernel-
s, their stationary property is guaranteed by the square operation. Subsequently, the
coupled kernel is stationary because it is composed of stationary kernels through mul-

tiplication. [ |

With the stationary property, a kernel assigns the same similarity to value pairs,
which have the same value difference. In other words, it is invariant of the translation
of input values when their value gap is kept the same. This property guarantees that
the non-IID similarity metric captures the low-level coupling relationships without bias.
Without this property, a similarity may implicitly involve an assumption of specific data
distribution. For example, the linear kernel, which does not obey this property, gives a
larger value to the pair (5, 7) than to (2, 4), which implies a denser data distribution for

a larger value.

Proposition 4.2. Metric Properties. The proposed non-IID similarity metrics can in-

duce a non-I1ID distance measure d(0;,0;) which satisfies three conditions of a metric:
1. triangle inequality: d(0;,0) +d(og,0;) = d(0;,0;);
2. commutativity: d(0;,0;) = d(0},0;); and
3. reflexivity: if o; = 0}, then d(o;,0;) =0.
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Proof. The distance d(0;,0;) can be constructed as in Equation (4.5). Since the objec-
t coupling measure k(0;,0;) is a positive semi-definite kernel, its corresponding dis-
tance satisfies the above metric properties according to Proposition 5.2 in Géartner et al.
(2004). |

The above metric properties are important features of non-IID similarity metrics.
With these properties, the proposed kernel-based coupling measures can be transferred
to a distance metric, reflecting the sample distance in RKHS. Furthermore, these prop-
erties guarantee the nSML framework can induce a valid distance, which can be applied

to distance-based methods such as k-nearest neighbors (KINN) and .2-modes.

4.3.3 Time Complexity of Coupled Kernel Metrics Learning

Two data factors affect the time complexity of coupling measures. They are the number
of attributes (n,) and the maximum number of values for each attribute (n,,;).

For the intra-attribute coupling kernel, the value pair similarity should be calculat-
ed for all attributes. Therefore, the time complexity of calculating kj,(-,-) is O(nan?,w).
For the inter-attribute coupling kernel, the largest time cost is calculating the value
pair similarity in terms of their union values in another attribute for all attribute pairs.
Thus, the time complexity of calculating k7.(:,-) is O(ngnf’nv). Because the object cou-
pling kernel combines these two low-level coupling measures, the time complexity of 2
is determined by the largest time cost O(n2n3 ).

As shown above, the maximum number of values for each attribute has a greater
impact on time complexity than does the number of attributes. Moreover, the intra-
attribute coupling kernel has smaller time complexity compared to the inter-attribute
coupling kernel and the object coupling kernel. If n, or n,,, is large, calculating &, will
be significantly faster than calculating k7, and kp. Hence, when a trade-off between

accuracy and time cost is needed, k7, can substitute k¢ for large data sets.

4.4 Experiments and Evaluation of Non-IID

Similarity Metrics Learning Performance

This section evaluates the learning performance, learning quality and the computation-
al performance of cKML by empirical analysis. Regarding the learning performance,

cKML is feed into two popular learners to illustrate its effect: k-modes for clustering
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and KNN for classification. For learning quality, the cKML-represented categorical data
is quantitatively evaluated by information retrieval and qualitatively visualized by the
data distribution in the cKML-learned metric space. For computational performance,
the synthetic data sets with different data factors are adopted to test the scalability of
cKML.

4.4.1 Testing Non-IID Similarity Metrics-Enabled Learning

Performance

In order to analyze a large data set, two typical learning methods with good scalability
are chosen. For clustering, k-modes is chosen, while KNN is selected for supervised
classification. It is worth noting that cKML can also be used in other scenarios, such as
for recommender systems, outlier detection, and regression.

The evaluation of cKML performance is undertaken over the following steps: (1) The
proposed coupled metric is compared with two baseline categorical distance measures,
Hamming Distance (“Hamming", for short) and OF (Boriah et al. 2008); (2) it is also
compared with four state-of-the-art similarity and dissimilarity measures for categori-
cal data clustering: Ahmad (Ahmad & Dey 2007), Rough (Cao, Liang, Li, Bai & Dang
2012), DILCA (Ienco et al. 2012), and COS (Wang, Dong, Zhou, Cao & Chi 2015), to
determine whether cKML is superior in representing similarity; (3) the low-level cou-
plings (i.e., the intra- and inter-attribute couplings) are compared with each other and
compared with high-level couplings to determine whether hierarchical coupled similar-

ity can improve learning accuracy.

4.4.1.1 Coupled Kernel Metric Learning-Enabled K-Modes Clustering

The method £-modes is an extended version of k-means for categorical data clustering.
It uses the mode instead of the mean value of attribute values to calculate the clustering
center. It originally utilizes Hamming distance to measure the distance between objects
and clustering centers. In this experiment, Hamming distance is replaced with other
categorical distance measures to test their performance.

Since the k-modes algorithm is sensitive to the initial center selection, it is run 100
times with the randomly selected initial centers. The clusters with the minimum objec-
tive function value obtained over 100 runs are selected to demonstrate the performance.

The clustering performance is shown in Table 4.1 with respect to F-score and in Ta-
ble 4.2 with respect to NMI. In these tables, the best result for each data set is shown in
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bold face, and the overall performance with respect to all data sets is given in the bottom
row using the mean value and AR. The results show that the proposed cKML-enabled
k-modes has the best overall F-score performance (0.6126), which is an improvement
of 0.0161 over the best state-of-the-art method, DILCA, and an improvement of 0.0510
over the best baseline method, Hamming, in terms of F-score (see Table 4.1). The cKML
method also obtains the best overall NMI performance (0.3586), i.e., improving 0.0186
over the best state-of-the-art method, DILCA, and 0.0845 over the best baseline method,
Hamming, in terms of NMI. Meanwhile, the cKML method achieves the best clustering
performance in 11 and 13 data sets in terms of F-score and NMI, respectively. On the
contrary, the other methods mostly achieve the best performance in 5 and 7 data sets
under these two criteria. As a result, cKML achieves an AR of 2.6250 in terms of F-score
and 2.2222 in terms of NMI, which are significantly better than the competitors. Fur-
thermore, it is worth noting that the largest performance improvement of cKML from
the other methods is 0.2521 with respect to F-score and is 0.3191 with respect to NMI
in the Spl data set.

In order to examine the contribution and learning effect made by measuring low-
level couplings, the clustering performance is compared when involving each low-level
coupling metric learning (i.e., intra-attribute coupling kernel learning [intra-cKML] and
inter-attribute coupling kernel learning [inter-cKML]) and the object coupling metric
learning (i.e., cKML). Furthermore, these measures are compared with their counter-
parts (i.e., intra-COS, inter-COS, and COS) in the COS similarity system (Wang, Dong,
Zhou, Cao & Chi 2015), since COS is a similar state-of-the-art hierarchical similarity

measure, to demonstrate the superiority of cKML.

The results are shown in Tables 4.3 and 4.4 in terms of F-score and NMI, respec-
tively. In these tables, different measures are compared separately in terms of the cou-
plings captured by each of them (i.e., the intra-attribute coupling, the inter-attribute
coupling, and the object coupling). The bold typeface indicates the best result in a given
measure, and the overall performance is also given as a mean value and an AR. As the
overall performance illustrates, the intra-cKML significantly improves the performance
from 0.2822 to 0.6019 (an improvement of 0.3197) compared with intra-COS in terms
of F-score; similarly, the NMI performance is improved from 0.0238 to 0.3359 (gaining
0.3121). However, inter-cKML only slightly improves the performance from 0.5674 to
0.5717 (improving 0.0043 only) in terms of F-score and from 0.3071 to 0.3168 (gaining
0.0097) in terms of NMI. Regarding the object coupling measure, cKML achieves 0.6126
and 0.3586 with respect to F-score and NMI, respectively. However, the COS measure
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Table 4.1: K-modes Clustering F-score with Different Similarity Measures

Data Set | cKMLL COS Ahmad DILCA Rough Hamming OF

SoyS 1.0000 1.0000 1.0000 1.0000 0.9805 0.9805 0.9250
Zoo 0.7410 0.7210 0.7134 0.7134 0.6279 0.7327 0.7805
DNAP 0.8962 0.4924 0.4992 0.8585 0.6320 0.5268 0.5178
Hay 0.4060 0.3898 0.3376  0.3287 0.3892 0.3306 0.3911
Lym 0.3868 0.5581 0.4036 0.3634 0.3231 0.3265 0.2444
Hep 0.6448 0.4629 0.6672 0.6513 0.5921 0.5921 0.6769
Aud 0.3381 0.2771 0.3538 0.3177 0.2236 0.2905 0.3207
Hsv 0.8836 0.8836 0.8836 0.8879 0.8704 0.8664 0.8664
Spc 0.3510 0.3626 0.3493 0.3476 0.5763 0.3594 0.3594
Mof 0.4843 0.5018 0.5022 0.4868 0.5062 0.5098 0.5098
SoyL 0.5846 0.6010 0.5684 0.5942 0.4641 0.5531 0.5032
Prim 0.2495 0.1981 0.2365 0.2176  0.2238 0.2619 0.1944
Dmg 0.7448 0.7458 0.7287 0.7261 0.5799 0.6660 0.3321
Wes 0.9666 0.9428 0.9512 0.9549 0.9444 0.8998 0.4876
Crx 0.5265 0.3699 0.5265 0.7929 0.6347 0.7929 0.7365
Br 0.9641 0.9356 0.9489 0.9525 0.9437 0.9327 0.4860
Ma 0.8204 0.8006 0.8166 0.8265 0.8067 0.8150 0.8067
Tic 0.5903 0.5188 0.5087 0.5297 0.5019 0.5359 0.4883
Flr 0.3476 0.3579 0.3420 0.3559 0.3885 0.3922 0.5376
Titn 0.3372 0.2977 0.3372 0.3372 0.3627 0.3372 0.3372
DNAN 0.7097 0.4191 0.4668 0.5918 0.4328 0.4144 0.3996
Spl 0.7108 0.3131 0.4734  0.4587 0.4279 0.4248 0.4054
Krv 0.5520 0.4672 0.5517 0.5517 0.5373 0.5386 0.5682
Ld 0.6494 0.5391 0.5183 0.6108 0.3265 0.2882 0.1970
Ms 0.8281 0.8291 0.8286  0.8239 0.7818 0.8229 0.8133
Adt 0.6830 0.6007 0.6776 0.6109 0.6016 0.6112 0.5957
Cnt 0.3370 0.2723 0.3288 0.3314 0.3034 0.3143 0.2988
Mean 0.6102 0.5433 0.5669 0.5920 0.5584 0.5592 0.5100
AR 2.6250 4.6071 3.6607 3.4821 4.5893 4.2143 4.8214
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Table 4.2: K-modes Clustering NMI with Different Similarity Measures

Data Set | cKMLL COS Ahmad DILCA Rough Hamming OF

SoyS 1.0000 1.0000 1.0000 1.0000 0.9407 0.9407 0.8565
Zoo 0.8403 0.8708 0.8043 0.8043 0.7423 0.7538 0.7870
DNAP 0.5196 0.0000 0.0012 0.4121 0.0510 0.0023 0.0010
Hay 0.0284 0.0209 0.0005 0.0000 0.0105 0.0021 0.0107
Lym 0.1844 0.1536 0.1695 0.1337 0.1246 0.1231 0.0702
Hep 0.1457 0.0000 0.1633 0.1158 0.1271 0.1271 0.1219
Aud 0.5283 0.4601 0.5068 0.5423 0.4337 0.4769 0.4232
Hsv 0.5111 0.5111 0.5111 0.5217 0.4462 0.4462 0.4462
Spc 0.1021 0.0927 0.1035 0.1049 0.0811 0.0848 0.0848
Mof 0.0055 0.0099 0.0088 0.0059 0.0037 0.0104 0.0104
SoyL 0.6924 0.6764 0.6749 0.7460 0.6608 0.6600 0.6069
Prim 0.3690 0.3344 0.3481 0.3633  0.3238 0.3670 0.3170
Dmg 0.8510 0.8470 0.8585 0.8440 0.6187 0.7085 0.2748
Wes 0.7944 0.6881 0.7216 0.7376 0.6951 0.5625 0.0004
Crx 0.0215 0.0013 0.0215 0.2659 0.0724 0.2659 0.1696
Br 0.7835 0.6597 0.7117 0.7286 0.6918 0.6475 0.0006
Ma 0.3286 0.2958 0.3250 0.3386 0.3068 0.3291 0.3068
Tic 0.0265 0.0029 0.0015 0.0044 0.0005 0.0083 0.0000
Flr 0.3171 0.3575 0.3077 0.4004 0.2646 0.3218 0.5299
Titn 0.1038 0.1039 0.1038 0.1038 0.1249 0.1038 0.1038
DNAN 0.3921 0.0580 0.0745 0.2940 0.0546 0.0542 0.0464
Spl 0.3926 0.0133 0.0735 0.0491 0.0535 0.0499 0.0416
Krv 0.0233 0.0034 0.0157 0.0157 0.0052 0.0101 0.0223
Ld 0.5094 0.4303 0.4344 0.5055 0.1963 0.1346 0.1001
Ms 0.4209 0.4396 0.4288 0.3980 0.2593 0.3928 0.3725
Adt 0.1441 0.0778 0.1457 0.0822 0.0686 0.0799 0.0944
Cnt 0.0026 0.0001 0.0015 0.0013 0.0004 0.0010 0.0016
Mean 0.3718 0.3003 0.3155 0.3526  0.2725 0.2839 0.2148
AR 2.2222 43519 3.3333  3.0370 5.2407 4.5370 5.2778
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only achieves 0.5440 for F-score and 0.2897 for NMI. The performance gaps between
these measures in terms of F-score and NMI are 0.0686 and 0.0689. The results also
demonstrate that, for cKML, the learning performance of the object coupling metric is
better than the low-level coupling metrics. However, the COS object similarity measure
leads to lower performance. Actually, the overall performance of inter-COS is better
than that of COS, as discussed in Section 4.4.4.

Table 4.3: F-score for K-modes Clustering with Low-level cKML and COS Measures

Data Set | Intra-cKML Intra-COS | Inter-cKML Inter-COS | ¢cKML COS

SoyS 0.9797 0.1848 1.0000 1.0000 1.0000 1.0000
Zoo 0.7265 0.1439 0.7491 0.7491 0.7410  0.7210
DNAP 0.8575 0.3540 0.5071 0.5090 0.8962 0.4924
Hay 0.4051 0.2094 0.3628 0.3661 0.4060 0.3898
Lym 0.3601 0.4459 0.3750 0.3929 0.3868 0.5581
Hep 0.7031 0.4404 0.6273 0.6672 0.6448 0.4629
Aud 0.3070 0.2429 0.2622 0.2145 0.3381 0.2771
Hsv 0.8358 0.3465 0.8836 0.8836 0.8836 0.8836
Spc 0.3817 0.4414 0.3526 0.3493 0.3510  0.3626
Mof 0.5206 0.4434 0.5014 0.5095 0.4843 0.5018
SoyL 0.5872 0.1261 0.5625 0.5861 0.5846  0.6010
Prim 0.2318 0.0447 0.2375 0.2720 0.2495 0.1981
Dmg 0.6909 0.0987 0.7288 0.7343 0.7448  0.7458
Wes 0.9374 0.3985 0.9679 0.9512 0.9666  0.9428
Crx 0.5265 0.3605 0.5265 0.5265 0.5265 0.3699
Br 0.9325 0.4003 0.9572 0.9489 0.9641 0.9356
Ma 0.7952 0.3424 0.8153 0.8166 0.8204 0.8006
Tic 0.5703 0.3948 0.4910 0.4897 0.5903 0.5188
Flr 0.3565 0.0841 0.4699 0.3420 0.3476  0.3579
Titn 0.2865 0.1468 0.3372 0.3372 0.3372  0.2977
DNAN 0.7760 0.2276 0.4508 0.4582 0.7097 0.4191
Spl 0.8362 0.2286 0.4870 0.4654 0.7108 0.3131
Krv 0.5908 0.3438 0.5563 0.5517 0.5520 0.4672
Ld 0.6240 0.0216 0.6144 0.5759 0.6494 0.5391
Ms 0.7936 0.3825 0.8291 0.8286 0.8281  0.8291
Adt 0.5685 0.4289 0.6851 0.6776 0.6830 0.6007
Cnt 0.3203 0.2648 0.3166 0.3305 0.3370 0.2723
Mean 0.6108 0.2796 0.5795 0.5750 0.6195  0.5501
AR 1.0714 1.9286 1.4821 1.5179 1.2857 1.7143
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Table 4.4: NMI for K-modes Clustering with Low-level cKML and COS Measures

Data Set | Intra-cKML Intra-COS | Inter-cKML Inter-COS | cKML COS

SoyS 0.9394 0.0792 1.0000 1.0000 1.0000 1.0000
Zoo 0.7899 0.0917 0.8748 0.8748 0.8403 0.8708
DNAP 0.4363 0.0095 0.0028 0.0011 0.5196 0.0000
Hay 0.1160 0.0213 0.0066 0.0136 0.0284 0.0209
Lym 0.1580 0.1137 0.1527 0.1714 0.1844 0.1536
Hep 0.1386 0.0029 0.1082 0.1633 0.1457 0.0000
Aud 0.5107 0.1475 0.4710 0.4765 0.5283 0.4601
Hsv 0.4072 0.0039 0.5111 0.5111 0.5111 0.5111
Spe 0.0773 0.0017 0.1008 0.1035 0.1021 0.0927
Mof 0.0213 0.0015 0.0111 0.0117 0.0055 0.0099
SoyL 0.7469 0.1070 0.6854 0.6649 0.6924 0.6764
Prim 0.3568 0.0465 0.3716 0.3706 0.3690 0.3344
Dmg 0.7596 0.0168 0.8358 0.8510 0.8510 0.8470
Wes 0.6833 0.0024 0.7973 0.7216 0.7944 0.6881
Crx 0.0215 0.0017 0.0215 0.0215 0.0215 0.0013
Br 0.6675 0.0024 0.7486 0.7117 0.7835 0.6597
Ma 0.2810 0.0013 0.3227 0.3250 0.3286 0.2958
Tic 0.0216 0.0007 0.0000 0.0000 0.0265 0.0029
Flr 0.2574 0.0059 0.5164 0.3077 0.3171  0.3575
Titn 0.1023 0.0021 0.1038 0.1038 0.1038 0.1039
DNAN 0.4648 0.0004 0.0326 0.0735 0.3921 0.0580
Spl 0.5402 0.0006 0.0708 0.0737 0.3926 0.0133
Krv 0.0509 0.0003 0.0214 0.0157 0.0233 0.0034
Ld 0.4951 0.0029 0.5072 0.4533 0.5094 0.4303
Ms 0.2905 0.0003 0.4396 0.4288 0.4209 0.4396
Adt 0.0688 0.0000 0.1545 0.1457 0.1441 0.0778
Cnt 0.0010 0.0001 0.0004 0.0009 0.0026 0.0001
Mean 0.3483 0.0246 0.3285 0.3184 0.3718 0.3003
AR 1.0000 2.0000 1.5185 1.4815 1.2222 1.7778
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4.4.1.2 Coupled Kernel Metric Learning-Enabled K-Nearest Neighbors

Classification

Incorporating cKML into KNN can demonstrate the flexibility of cKML and its classifi-
cation performance. The KNN method is chosen because it is among the most popular
classification methods. Since KNN is sensitive to the distance or similarity measure, it
is a good choice for metric performance comparison. The aforementioned distance and
similarity measures are adopted to find the k-nearest neighbor of objects. Subsequently,
the classification is done according to these neighbors via KNN.

As discussed in Section 3.4, the data sets are randomly allocate 90% of objects as
training data and use the remainder for testing. To reduce noise and randomness, this
thesis conducts 20 sampling iterations to partition 20 subsets for each iteration. All
experiments are conducted on these 20 partitions. The averaged classification perfor-
mance is reported in terms of F-score.

Firstly, Hamming and OF metrics are compared with cKML as two baseline mea-
sures. The results are shown in Table 4.5, in which the best result is shown in bold
face. The proposed cKML achieves an overall performance of 0.7675, which improving
by 0.0533 over the best baseline performance of 0.7142 (OF). In most of the data sets,
cKML has better performance compared with the baseline methods. In some complex
data sets, it has a significant advantage. For example, the F-score improves by 0.1957 in
the Spl data set and by 0.1429 in the Ld data set. In the other data sets, cKML does not
achieve the best results; however, it obtains a performance comparable with baseline
methods.

The comparisons between cKML and state-of-the-art categorical similarity mea-
sures are shown in Table 4.5. The overall performance of cKML is slightly better than
the state-of-the-art measures, improving 0.0024 over DILCA. In most cases, the per-
formance of cKML is at the same level as the state-of-the-art measures. However, it
is worth noting that cKML dramatically improves KNN classification performance in
some complex data sets. For instance, cKML achieves 0.9150, while the best state-of-
the-art result from DILCA is only 0.8496, an improvement of 7.7%.

The performance of the low-level coupling measures is shown in Table 4.6. The over-
all performance of intra-cKML achieves 0.7545, and that of inter-cKML achieves 0.7649.
Meanwhile, intra-COS and inter-COS gain 0.2347 and 0.7649, r