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ABSTRACT

HIERARCHICAL LEARNING FOR LARGE MULTI-CLASS CLASSIFICATION IN
NETWORK DATA

By

Lei Liu
Multi-class learning from network data is an important but challenging problem with many
applications, including malware detection in computer networks, user modeling in social net-
works, and protein function prediction in biological networks. Despite the extensive research
on large multi-class learning, there are still numerous issues that have not been sufficient-
ly addressed, such as efficiency of model testing, interpretability of the induced models, as
well as the ability to handle imbalanced classes. To overcome these challenges, there has
been increasing interest in recent years to develop hierarchical learning methods for large
multi-class problems. Unfortunately, none of them were designed for classification of net-
work data. In addition, there are very few studies devoted to classification of heterogeneous
networks, where the nodes may have different feature sets. This thesis aims to overcome
these limitations with the following contributions.

First, as the number of classes in big data applications can be very large, ranging from
thousands to possibly millions, two hierarchical learning schemes are proposed to deal with
the so-called extreme multi-class learning problems [1]. The first approach, known as recur-
sive non-negative matrix factorization (RNMF), is designed to achieve sublinear runtime in
classifying test data. Although RNMF reduces the test time significantly, it may also assign
the same class to multiple leaf nodes, which hampers the interpretability of the model as a
concept hierarchy for the classes. Furthermore, since RNMF employs a greedy strategy to

partition the classes, there is no theoretical guarantee that the partitions generated by the



tree would lead to a globally optimal solution.

To address the limitations of RNMF, an alternative hierarchical learning method known
as matrix factorization tree (MF-Tree) is proposed. Unlike RNMF, MF-tree is designed to
optimize a global objective function while learning its taxonomy structure. A formal proof is
provided to show the equivalence between the objective function of MF-tree and the Hilbert-
Schmidt Independence Criterion (HSIC). Furthermore, to improve its training efficiency, a
fast algorithm for inducing approximate MF-Tree is also developed.

Next, an extension of MF-Tree to network data is proposed. This approach can seamless-
ly integrate both the link structure and node attribute information into a unified learning
framework. To the best of our knowledge, this is the first study that automatically constructs
a taxonomy structure to predict large multi-class problems for network classification. Empiri-
cal results suggest that the approach can effectively capture the relationship between classes
and generate class taxonomy structures that resemble those produced by human experts.
The approach can also be easily parallelizable and has been implemented in a MapReduce
framework.

Finally, we introduce a network learning task known as co-classification to classify het-
erogeneous nodes in multiple networks. Unlike existing node classification problems, the goal
of co-classification is to learn the classifiers in multiple networks jointly, instead of learning
to classify each network independently. The framework proposed in this thesis can utilize
prior information about the relationship between classes in different networks to improve its

prediction accuracy.
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Chapter 1

Introduction

The rapid proliferation of network data in various domains such as computer science [2],
computational biology [3] and social science [4], has attracted considerable interest in apply-
ing data mining techniques to study complex networks. Examples of network mining tasks
include link prediction [5], community detection [6], and influence propagation [7]. The focus
of this thesis is on predicting the class of each node in a network, a problem that is known
as node classification [5], link-based classification [8], or collective classification [9] in the
literature.

Node classification in a network is different than traditional classification, which assumes
that the objects to be classified are independent and identically distributed (i.i.d). The
i.i.d. assumption is inappropriate for network data as the class of a node depends not only
on its attributes, but also on its relationship to other nodes in the network. Furthermore,
the number of classes in a network can be extremely large, ranging from thousands to
millions; a problem that is known as extreme multi-class learning [1]. Although there has
been considerable research on extreme multi-class learning for i.i.d. data, none of them were
specifically designed for network data. We termed the latter as multi-class network learning

in this thesis.



1.1 Applications of Multi-class Network Learning

Below are four potential applications of multi-class learning in network data.

1.1.1 Prediction of User Interest in Social Networks

The growth of online social media has brought together billions of users who are actively
engaged in daily conversations and information sharing. The widespread use of such websites
is a marketing dream for advertisers who seek to predict the interest of users based on their
demographic profile and friendship relations. Given the wide variety of user interests, this

is a clear example of an extreme multi-class network learning problem.

1.1.2 Classification in Bibliographic Networks

With the massive number of scientific papers written in different research disciplines, finding
relevant publications from the literature has become an increasingly challenging problem.
An information system that can effectively organize the research papers is needed. Such a
system must be capable of automatically classifying the millions of papers published annually

into their respective categories based on the keywords used and citations among the papers.

1.1.3 Detecting Malware in Computer Network

Malicious software (or malware) automatically spreads from one device to another by covertly
executing a software program without authorization from users. The infected devices can
be used to steal sensitive information, send spam messages, launch denial-of-service attacks,
and other malicious activities. Although many intrusion detection and prevention systems

have been developed to monitor such activities, various techniques can be employed by



hackers to evade detection. Despite such evasion techniques, one unavoidable aspect that is
difficult to camouflage is that the infected devices must communicate back to their command
and control servers. This has led to considerable interest in applying node classification
techniques to detect infected devices in a networked en vironment. As there are many
variants of computer viruses available, malware detection is another example of extreme
multi-class network learning problem. In a previous study, I have developed a two-phase score
propagation algorithm to predict the class label of each client IP in an HTTP communication
network [2]. By jointly utilizing the IP-address connectivity graph (“who talks to whom”)
and flow level information, the proposed technique achieves a precision rate of about 90%

when applied to a subnet of a large internet service provider.

1.1.4 Function Prediction in Protein Interaction Network

Proteins are the most essential macromolecule of life. Knowing the functionality of proteins
is critical for developing new drugs, better crops, and the development of biofuels [10]. Since
a protein usually interacts with other proteins in the biological system, one can model the
relationship between proteins as an interaction network, where the nodes represent proteins
and the links represent evidence of a shared function. Protein function prediction can thus

be cast into a multi-class network learning problem.

1.2 Challenges of Multi-class Network Learning

This section presents some of the challenges in multi-class network learning that motivate

the research directions of this thesis.
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Figure 1.1 Fraction of neighboring nodes that belong to the same class as the the number of
classes is varied.

1.2.1 Extreme Multi-Class Network Learning

Networks with large number of classes have become increasingly prevalent in recent years.
For example, Wikipedia contains roughly 2.4 million articles from more than 600,000 classes.
Building a classifier that can handle such a massive number of classes is challenging for the

following reasons.

1.2.1.1 Training Accuracy

Learning a global classifier that accurately predicts all the classes is a challenging problem.
Such a classifier must be extremely flexible and capable of fitting complex nonlinear decision
surfaces, which in turn, makes it susceptible to the model overfitting problem. Furthermore,
as the number of classes increases, the standard assumption that “nearby nodes in a network
have similar classes” no longer holds, as illustrated in Figure 1.1. The figure was generated
from the US Patent network data, where each node corresponds to a patent and each link
corresponds to a citation between patents. The patents are assigned to classes, whose rela-

tionships are represented in a hierarchical structure. The number of classes can be varied by



assigning the patents to classes at a particular depth in the hierarchy. The results suggest
that the percentage of neighboring nodes that belong to the same class decreases from 56%

to 4.6% as the number of classes increases from 22 to 140,116.

1.2.1.2 Testing Efficiency

Many traditional classifiers such as logistic regression, support vector machine, and boost-
ing are primarily designed for binary class problems. A popular strategy to extend these
methods to multi-class classification is to transform the data into multiple binary classifi-
cation problems, using techniques such as one-versus-one and one-versus-all. In practice,
these techniques are not scalable for handing extreme multi-class learning problems. For
example, with the one-versus-one strategy, one has to apply O(kQ) classifiers to predict the
label of each test example, where k is the number of classes. The one-versus-one approach
requires only O(k) classifiers for testing, which is still expensive when the number of classes
is extremely large. How to reduce the testing cost to sublinear time while maintaining good

classification accuracy is one of the major challenges that must be addressed.

1.2.1.3 Imbalanced Class Distributions

Most classification methods work well when there are representative examples from each
class in the training data. For imbalanced class problems, standard classifiers tend to be
more biased toward accurate prediction of the larger classes instead of the rare classes, which
are more interesting. Unfortunately, network data with imbalanced classes is very common
in the real world. For example, the largest category in the U.S Patent citation network data
contains 25,727 patents, while the smallest category has only 8 patents. How to deal with

the highly imbalanced classes in network classification is another challenge that must be



addressed.

1.2.1.4 Evolving Classes

Extreme multi-class learning problems typically arise in application domains where new
classes are continuously generated as more data is collected (e.g., in malware detection or
image classification). Unfortunately, most of the existing multi-class learning methods would
assign their test examples to one of the existing classes in the training set. Developing multi-

class learning methods capable of detecting new classes remains an open research problem.

1.2.1.5 Model Interpretability

Classification methods are often evaluated in terms of their model accuracies. For some
applications, model interpretability is another important criteria, where it is insufficient
to generate accurate models without providing an explanation of how the inference was
derived. This is typically achieved by using sparse learning methods [11, 12] to identify the
most relevant features characterizing the different classes. For extreme multi-class problems,
many of the classes may not be independent of each other. In this case, another useful model
interpretability criteria would be its ability to convey information about the relationships
among the large number of classes. How to design an accurate classifier that produces such

information is another key challenge that must be addressed.

1.2.2 Classification on Heterogeneous Networks

Most existing network classification tasks have focused on developing algorithms for a single
network. The drawback of this approach is that information from a single network may not

be sufficient to build an accurate classifier especially when the network has noisy attributes



and incomplete link structure. This has led to the following question: Can we improve the
performance of a classifier by integrating data from other related networks?

A previous study on spam detection in social media by Chen et al. [13] has shown that,
instead of categorizing the social media postings alone (as spam or non-spam), the detection
rate can be improved using information about the users who generated the posts. Another
example is in collective classification for Wikipedia editor network [14], where the classifica-
tion accuracy was found to improve when augmented with Wikipedia article network. Both
of these applications are examples of heterogeneous network classification, where the nodes
in the network have different types (e.g., humans and Web pages), each with their own set
of attributes. The links of the networks also have different types, which makes the problem
more challenging since each link type carries varying degree of information about the class
similarity. Designing a technique that can handle different types of attributes and links is a

challenge that must be addressed in heterogeneous network classification.

1.3 Thesis Contributions

This section summarizes the thesis contributions in terms of addressing the challenges due
to the extreme multi-class and heterogeneous network learning problems described in the
previous section.

First, two novel hierarchical learning methods were developed for extreme multi-class
classification. Hierarchical learning [15, 16, 17, 18, 19] is an effective strategy to deal with
large multi-class problems for several reasons. Not only does it yield a hierarchical structure
that captures the relationships among the classes, it also helps to reduce testing time and

alleviates the class imbalanced problem by allowing the rare classes to be combined with ex-



amples from other classes when building the classification model. Although there are some
domains where the subclass-superclass relationships are known a priori, e.g., Wikipedia cat-
egorization, the class hierarchy is typically unavailable or incomplete. As a result, there have
been growing interests in recent years to develop classification methods that automatically
induce a hierarchy from data. For example, Platt et al. [15] employs a directed acyclic graph
(dag) to combine multiple binary class classifiers into a multi-class classifier. Some methods
such as filter tree [17] imposes an arbitrary tree structure on the classes and then learns
a classifier to partition the training examples to follow their appropriate paths until they
reach their assigned leaf nodes. Since the tree is arbitrarily constructed, they do not convey
meaningful information about the relationship among the classes. Other methods such as
top-down decision trees employ a greedy strategy to split the data into smaller subsets [20].
The models produced by such methods are also difficult to interpret because a class may be
assigned to multiple leaf nodes in the hierarchy.

This thesis presents two novel hierarchical learning methods to address the challenges
of extreme multi-class learning problems. The first method, called recursive non-negative
matrix factorization (RNMF, in short) was designed to speed up the computation time
for model testing. RNMEF builds a structure known as a label tree by performing a soft
partitioning of the classes in a way that minimizes an information theoretic loss function.
A unique aspect of the proposed approach is that RNMF employs multiple one-class SVM
models at its leaf nodes. This allows the classifier to detect new classes that are not present
in its training data, a unique option that is not available in any existing hierarchical learning
methods. By allowing the leaf node to contain more than one SVM models, this also helps
to shorten the depth of the tree without significantly degrading its accuracy. The tree also

allows the model to be applied in sublinear time.



One major limitation of RNMF is that there is no global objective function optimized by
its tree-growing procedure. Instead, RNMF employs a greedy, divide-and-conquer approach
to partition the classes based on a local objective function when constructing its tree. In
addition, it allows a class to be split and assigned to multiple leaf nodes, which limits its in-
terpretability as a class hierarchy. To address this issue, this thesis develops a novel method
known as matrix factorization tree (MF-Tree, in short), which organizes the classes into a bi-
nary tree by solving a global objective function. A theoretical proof is given to demonstrate
the equivalence between the objective function and a recently proposed criterion for tax-
onomy learning called Hilbert-Schmidt Independence Criterion (HSIC)[21]][22][23][24]. This
thesis demonstrates how HSIC can be modified to a supervised multi-class learning setting
and shows the additive property of the function, which allows us to recursively decompose
the optimization problem into multiple subproblems that can be organized into a binary tree
structure. Despite these advantages, solving the subproblems at the top levels of the tree can
be computationally prohibitive especially when the number of training examples and classes
are extremely large. To address the scalability issue, an approximate MF-Tree induction
algorithm is proposed, where the determination of class partitions at the higher levels of the
tree is determined using a simpler approach instead of solving the more expensive matrix
factorization problem. Experimental results suggested that the accuracy of the approximate
MF-Tree approach is slightly lower than the original MF-Tree but it is between 20% - 40%
faster (depending on how far down the tree the approximation scheme is adopted).

Building a hierarchical learning method for network data is challenging because the tree
may partition the network into a large number of disjointed components. As the network
becomes more disconnected, the link information is no longer useful for node classification.

Another contribution of this thesis is to extend the MF-tree approach to handle network



data. The proposed framework incorporates both the node attribute similarity and link
connectivity into the matrix factorization framework. Although alternative network clas-
sification methods such as label propagation is available, these methods are ill-suited for
extreme multi-class learning problems since the neighborhood assumption no longer holds
for many of the nodes, as shown in Figure 1.1. The proposed MF-tree framework for net-
work data is also trivially parallelizable. A MapReduce implementation of the framework
was developed and tested on a large-scale Wikipedia network data that contains more than
600K classes. To the best of my knowledge, this is a data set with the largest number of
classes that have ever been reported in the literature.

The final contribution of this thesis is in the development of a novel multi-class learning
algorithm for heterogeneous networks. The approach jointly classifies a pair of networks with
different types of attributes and links but share similar characteristics in terms of their class
information. The effectiveness of the proposed co-classification method was demonstrated
using Wikipedia article and editor network data. Empirical results showed that the proposed
multi-class co-classification method is more effective than learning to classify the multiple

classes in each network independently.

1.4 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 presents the background
and related work of this thesis. Chapter 3 introduces the recursive non-negative matrix
factorization (RNMF') approach for building a label tree in extreme multi-class learning
problems [20]. Chapter 4 presents the matrix factorization tree (MF-Tree) approach and

provides a theoretical proof to demonstrate the equivalence between the proposed objective
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function and the Hilbert-Schmidt Independence Criterion [21][22][23][24]. The MF-Tree
approach is extended to network data in Chapter 5. Chapter 6 presents a novel multi-class co-
classification framework for heterogeneous network data [14]. Finally, Chapter 7 summarizes

the contributions of the thesis and presents the future directions of this research.
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Chapter 2

Background & Related Work

This chapter introduces the research problem to be addressed in this thesis and presents the

literature review on node classification, multi-class learning, and taxonomy learning.

2.1 Problem Definition

Consider a network, A/, which is a graph of interconnected nodes. Each node represents an
entity that is characterized by a set of attributes (or features). Each node is also assumed
to have a class label. Assuming the labels are known for a subset of nodes in the network,
the node classification task is to assign a label to each of the remaining unlabeled nodes in

the network. More formally, the problem can be defined as follows:

Definition 1 (Node Classification) Let X € R? be the set of attribute values and Y =
{1,2,--- ,c} be the set of discrete-valued class labels. Consider a network data N' = (V, E, D),
where V' = {v1,v9,...up} is the set of nodes, E CV x V is set of links, and D = {(x1,y1),
(x2,y2), -+, (Xn,yn)} C (X x Y)*. Let V; C V be the set of nodes whose labels are known
and Vy, =V — V) be the set of unlabeled nodes. The goal of node classification is to infer a

function f : X — Y that accurately assigns each node to its corresponding class label.

When the number of classes, ¢ > 2, this is also known as a multi-class network learn-
ing problem. We will use the terms multi-class node classification and multi-class network

learning interchangeably throughout this thesis.
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As the number of classes considered in this thesis can be very large, it would be useful

to derive a hierarchical structure that captures the relationships among the classes.

Definition 2 (Hierarchical Multi-class Network Learning) Let Z = {1,2,--- ,p} be
the set of possible partitions of a class. Given a network data G = (V, E, D), where D C
(X xY)", the goal of hierarchical multi-class network learning is to infer a set of classification
functions ® = {f|f : X — Z}, which are organized in a hierarchical structure induced from

the given data set D.

The hierarchical structure is often represented in the form of a directed acylic graph or a
rooted tree. This thesis focuses on a special type of hierarchical structure known as a label

tree [18] in the literature.

Definition 3 (Label Tree) A label tree [18] is a hierarchical structure T =< V,E, &, A >,
where V s the set of nodes, £ C V x V is the set of directed links connecting each node to

its children, ® is the set of classification functions, and A is the set of class labels.

Let vg € V denote the root node, which has no incoming links, and Vjga¢ C V' denote
the leaf nodes, which have no outgoing links. Furthermore, Vi =V — V]ear are the internal
nodes of the tree. Each internal node is associated with a classification function f € ® while
each leaf node is associated with a class label y € A. If (v;,v;) € £, then v; is a superclass

of v (or equivalently, v; is a subclass of v;).

2.2 Node Classification

Node classification in network data [25, 26, 27, 8] is an active research problem that has

received considerable attention from both industry and academia. The problem is also known
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collective classification in the network mining literature [28]. Previous methods developed for
node classification can be divided into 3 categories—attribute-based, link-based, and hybrid
methods.

Attribute-based methods employ a set of attributes that characterize each node to learn
their classification functions. The attributes are either explicit properties of the node them-
selves or derived from their neighborhood information. One of the earliest examples of using
attribute-based methods is in Web page categorization, where the goal was to automati-
cally classify Web pages based on the document content, including their HTML tags [29].
Furnkranz [30] also investigated the use of anchor text along with the words near the anchor
text to predict the class label of web pages. Attribute-based methods are also popular for
node classification in security related applications. For example, Ma et al. [31] combined lex-
ical and host-level features to build statistical models for classifying malicious URLs whereas
Le et al. [32] relied on the lexical features to detect phishing Web sites. One practical advan-
tage of using attribute-based methods is that we can apply existing classification techniques,
such as support vector machine (SVM), decision tree classifier and logistic regression, to the
node attributes to determine their classes. The drawback of these methods is that the link
structure is not explicitly included in the learning scheme.

Link-based methods, on the other hand, incorporates the link structure directly into the
modeling approach. For example, the HITS algorithm [33] performs web page classification
by exploiting the hyperlink topology. PageRank [34] based link analysis methods have also
been widely used in web page classification and for malicious node detection [35]. Graph-
based semi-supervised methods [36][37][38][35] is another popular link-based method for node
classification using partially labeled data to label the remaining nodes. These methods are

designed to optimize the following two criteria:
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e The predicted class of labeled nodes in the network should agree with their true classes.

e Two nodes that are connected should share similar labels.

Zhu and Ghahramani [37] introduced the label propagation approach to transmit the labels
from an initial set of seed nodes to other nodes in the graph. A link-based method has also
been proposed for spam detection in [38], where an initial set of seed nodes were labeled as
benign (non-malicious) and their labels are propagated to the rest of the graph until they
converged. Nodes with low (benign) scores are then predicted as spam. A similar approach
was developed in [38] to propagate the “malicious” scores from known malicious nodes to
other nodes in the entire graph.

Finally, there have been extensive studies using a hybrid method of both attribute- and
link-based information to improve node classification. For example, Yang et al. [39] showed
that extracting meta data from related web sites is useful for improving the accuracy of
hypertext classification. Zhu et al. [40] developed a matrix factorization algorithm that
exploits both the content and linkage information to address the Web page classification
problem. There have also been quite extensive works on using graph regularization methods
to combine link structure with content information. For example, Zhang et al. [25] developed
a risk minimization formulation for learning from both text and graph structures. In [41], Lu
and Getoor designed a structured logistic regression model to capture both content and link
information. [27] introduce a matrix alignment based approach to integrate the network node
attributes and links information, which weights the attributes and links according to their
influence on the classification decision. Gan and Suel [42] proposed a two-stage approach to

improve a Web spam classifier’s performance using the link structure.
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2.3 Classification on Heterogeneous Networks

Although node classification is a well-studied problem, there has been very few research
focusing on the classification of nodes in heterogeneous networks. The key assumption in
heterogeneous network classification is that there are useful information in other related
networks that may aid in the classification of nodes in a given network. For example,
consider the problem of classifying Wikipedia articles. Although it is possible to develop
attribute-based, link-based, and hybrid methods for classifying the articles based on the the
Wikipedia article network alone, there are other related networks, e.g., Wikipedia editor
network, that could be augmented to enhance the classification accuracy.

Current research on node classification in heterogeneous networks can be classified into
two categories. The first category learns a unified classification function for the combined
networks. For example, Ji et al. [43] employed a link-based approach to classify nodes in
heterogeneous networks using a graph-based algorithm similar to [36]. Using network data
from a bibliography network (DBLP), the authors showed that classification accuracy can
be significantly if we incorporate data from the entire heterogeneous information network.

The second category learns a separate classification function for each underlying network
but trains the multiple functions simultaneously. This strategy is equivalent to a multi-task
learning approach for solving multiple related prediction problems [44]. For example, Chen
et al. [13] presented a co-classification approach to simultaneously classify spammers in a
user network and spam in a Web page graph. Their approach was inspired by the fact
that both Web spam and spammer detection tasks are intuitively related, as spam content
are more likely contributed by spammers than by non-spammers. Nevertheless, the method

proposed in [13] is for binary class problems only. One of the contributions of this thesis

16



is to extend the co-classification framework to multi-class network learning problems. The
framework proposed in this thesis also allows the incorporation of side information (in the

form of a class prior matrix) to bias the learning algorithm.

2.4 Multi-class Learning

(Classification with large number of classes is an important but challenging problem, and
has received increasing attention in recent years [45][46][47][19][48][49]. Existing methods
typically employ a collection of binary classifiers, organized either in a flat (non-hierarchical)

or a hierarchical (tree) structure.

2.4.1 Non-Hierarchical Methods

Traditional non-hierarchical learning methods, including one-versus-all [50], one-versus-one
[51], and error-correcting output coding (ECOC) [52], require invocation of all the binary
classifiers during test time in order to make their final prediction. Both one-versus-one and
one-versus-all methods are inefficient when the number of classes is large due to the linear
and quadratic number of binary classifiers that must be invoked during testing. The ECOC
method assigns a unique m bit codeword to each class label (where m > logs ¢) and trains a
binary classifier to predict each bit of the codeword. Given a test instance, we must generate
an m-bit vector by applying the m binary classifiers and then compute its distance to the
codewords of all ¢ classes, which is an expensive operation, to determine its predicted class.
Compressed sensing based ECOC methods [53][54] have been proposed as an alternative.
Such methods consider the sparsity of the output label space to ease the burden of large-

scale multi-label learning. The authors concluded that, by incorporating compressed sensing
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into ECOC, the number of subproblems to be solved is logarithmic in the number of classes,
thereby reducing the number of binary classifiers to be invoked during testing. Nonetheless,
these methods are non-hierarchical as they do not generate a concept hierarchy to relate the
classes. They also do not consider issues such as new class detection and the class imbalance

problem, which are typically encountered in extreme multi-class learning problems.

2.4.2 Hierarchical Methods

Hierarchical methods [15, 16, 17, 18, 19] help to reduce the number of classifiers that need
to be invoked during testing by organizing the classifiers in a rooted, hierarchical struc-
ture. Their runtime complexity for testing depends on the maximum depth of the hierarchy.
Existing hierarchical methods can be divided into two categories, depending on how the
hierarchical structure is created.

In the first category, a hierarchical structure is arbitrarily imposed on the classes. Each
intermediate node in the hierarchy contains a binary classifier, which is trained to partition
the classes in a way that is consistent with the imposed structure. One example is the
filter tree method developed by Beygelzimer et al. [17], which learns the tree structure in
a bottom-up fashion. This method was adapted in [55] to build a conditional probability
tree for the labels. Another example is the Decision Directed Acyclic Graph (DDAG) [15]
approach, which arranges a set of one-versus-one classifiers into a rooted binary DAG in
order to reduce the test complexity from O(c(c —1)/2) to O(c). In all three cases, there is
no hierarchical learning involved when the models are trained.

In the second category, the hierarchical structure is automatically inferred when building
the multi-class models. For example, Bengio et al. [18] proposed a label embedding tree

approach that learns ¢ one-vs-all classifiers to obtain an initial confusion matrix, which was
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subsequently used as the affinity matrix for applying spectral clustering to partition the
classes into smaller subgroups. Deng et al. [19] presented an approach that simultaneously
learns the class partitioning and the weights of the linear classifiers by optimizing a joint
objective function. However, the approach requires solving an integer programming problem,
which is NP-hard. Instead, they relaxed the optimization problem into a linear program in
order to find a polynomial time solution. Shi et al. [56] also introduced a relaxed hierarchical
learning approach for large-scale visual recognition. At each node, the classes are colored as
positive or negative by a binary classifier while a subset of the confusing classes are ignored.
The coloring of classes and training of binary classifiers were performed simultaneously using

a principled max-margin optimization method.

2.5 Taxonomy Learning

Taxonomy learning, which aims to encode the conceptual relationship among the classes
using an unsupervised learning approach, is another related area of this thesis. A classical
method for taxonomy learning is by using agglomerative hierarchical clustering methods such
as single-link and complete-link to derive the hierarchical relationships. Another approach
is to construct the taxonomy with a divisive (top-down) partitioning approach. For exam-
ple, Kuang et al. [57] developed a hierarchical clustering method that recursively partitions
the data into two subsets using a rank-2 nonnegative matrix factorization approach. Their
proposed method also performs outlier detection to avoid generating too many small leaf
nodes. Although the method resembles the matrix factorization based methods developed
in this thesis, it was unsupervised and there is no global objective function solved by their

algorithm. Hilbert-Schmidt Independence Criterion (HSIC) metric is another recently pro-
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posed criterion for unsupervised taxonomy learning [21]][22][23][24]. Inspired by this metric,
in this thesis, we demonstrate how HSIC can be applied to a supervised multi-class network

learning problem.

2.6 Summary

This section presents a formal definition of the multi-class network learning problem and
reviews some of the previous works related to this research. Although there has been quite
an extensive study on node classification in networks, they were mostly focused on binary
classification problems and were applied to a single network. The primary goal of this thesis
is to address the existing limitations and expands the use of hierarchical multi-class learning

methods to network data.
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Chapter 3

Recursive NMF for Extreme

Multi-Class Learning

As noted in Chapter 1, extreme multi-class learning is a challenging problem due to issues
such as testing complexity, imbalanced class distributions, presence of new classes in the test
set, and interpretability of the models. To overcome these challenges, this chapter describes
a novel label tree learning algorithm called recursive non-negative matrix factorization (RN-

MF) for extreme multi-class learning problems. Key advantages of RNMF include:
1. Its testing complexity is sublinear in the number of classes.
2. Tt can detect the presence of new classes in the test data.

RNMEF is a label tree construction algorithm that recursively partitions the training data
into smaller subsets based on their classes and attribute values until a stopping criterion is
satisfied. At each recursive step, it learns a classifier to predict which partition to assign
a given test example. RNMF allows for soft partitioning of the classes by minimizing an
information-theoretic loss function, which can be cast into a regularized non-negative matrix
factorization problem. The regularization term introduced by our framework is unique in
that it minimizes the entropy of the partitions. Unlike other label tree learning methods, each
leaf node at the bottom of the tree contains multiple one-class SVM models to distinguish

instances from different classes. Experimental results suggest that the induced tree achieves
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accuracy comparable to more complex tree learning methods but is considerably shorter,

thus reducing its overall testing time.

3.1 Label Tree Structure for RNMF

Let D = {(z1,91), (2,%2), ..., (zn,yn)} denote a set of training examples sampled from a
distribution P over X x ), where X = R® is the d-dimensional feature space and ) =
{1,2,...c} is the set of classes. The goal of multi-class classification is to learn a function f
that minimizes the classification error of any instance drawn from P, i.e., Pr(, ). plf(z) #
y|. A typical approach for multi-class learning is to reduce the problem into multiple binary
classification tasks. However, when the number of classes is large, applying all the binary
classifiers to determine the predicted class becomes computationally infeasible.

RNMF provides a systematic approach to construct the binary classifiers and arrange
them in a label tree structure (see Definition 3). An illustration of the label tree structure is
shown in Figure 3.1. The label tree obtained from RNMF differs from conventional decision
trees in the following ways. First, conventional decision tree classifiers employ a decision
stump (i.e., a classifier consists of only one splitting attribute) at each internal node of the tree
whereas RNMF' considers linear combination of the attributes to partition the input space.
The weights of the attribute combination are obtained by solving a regularized non-negative
matrix factorization problem. A regularization term is introduced to prevent the tree from
distributing examples from one class to more than one children during the tree construction
process. Second, each leaf node of conventional decision tree classifiers contains a class label
whereas each leaf node of RNMF contains one or more 1-class SVM classifiers [58]. By

allowing the leaf nodes to contain multiple classifiers, this helps to reduce the depth of the
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Figure 3.1 Proposed label tree structure using the RNMF algorithm.

tree without significantly degrading its accuracy. In 1-class SVM, the training examples from
each class are encapsulated in a hypersphere constructed in an appropriate feature space.
Once the enclosing hyperspheres for all the classes at a leaf node have been constructed,
the test examples are classified based on their distance to the center of each hypersphere.
Furthermore, the 1-class SVM models can be used to detect the presence of new classes.
The label tree structure generated by RNMF is parameterized by its branching factor
(p) and maximum depth (d). As will be described in the next section, the two parameters
can be varied by the user to alter the size of the label tree. For example, by choosing a
branching factor larger than 2, this may result in purer splits among the children, thus
reducing the maximum depth needed to achieve high accuracy. Decreasing the maximum
depth parameter, on the other hand, may result in leaf nodes that contain examples that
belong to a larger number of classes. This, in turn, may increase the number of one-class

SVM models needed to achieve high accuracy.
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3.2 RNMF Algorithm for Label Tree Construction

Let X be an n x d data matrix containing the feature vector of the training examples and
Y be an n x ¢ matrix that represents their corresponding class labels, i.e., Y;; = 1 if the gt
training example belongs to the jth class, and zero otherwise. Similar to existing decision
tree classifiers, RNMF seeks to recursively partition the training examples into purer subsets
such that examples that belong to the same class should be assigned to the same partition.
Specifically, at the each node v, our goal is to learn a partition matrix L of size n x p,
where n is the number of training examples assigned to the node and p is the branching
factor, as well as the associated feature weight matrix W, which is a d x p matrix that
indicates the importance of each feature in partitioning the training examples. Each element
L, represents the probability that the jth training example should be assigned to the gth
partition at the given node v. To ensure L can be interpreted as probabilities, each column
in L must sum up to 1. This can be achieved by adding the constraint L’1, = 1p into the
objective function, where 1, denote a p-dimensional column vector of all 1s. Furthermore,
a regularization term is introduced to prevent training examples from the same class being
assigned to different partitions. The partitions created at each node v are obtained by
minimizing the following objective function:

min DX || IWD) + AH(@LLY)
L>0,W>0

s.t. L1, =1, (3.1)

where D(X||LWT) refers to the Kullback-Leilber divergence between the input data matrix

X and the product of its latent factors LWL . The regularizer term H (LTY) corresponds
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to the entropy of the class distribution of each partition and is needed to avoid splitting the

data from the same class to different partitions, i.e.,

H LTY _ LTY Z+ .7 1
( )_ Z LTY Z og

where (LTY);, = Zj(LTY)ij and (LTY), | = > i (LTY)U. Note that entropy increases
when the class distribution within each partition becomes more uniform and decreases when
the distribution skews towards a small subset of the classes. Furthermore, since Y1; = 1,,
therefore, LTY1 L= L', = 1, (for a feasible solution that satisfies the constraint given in
(3.1)). As a result, Vi : (LTY);; =1 and (LTY)y4 = p. The entropy calculation can be
simplified as follows:

1
HLTY) = == > (L1Y)510g(LTY);;
P
Note that A is a user-specified parameter that controls the trade off between optimal

1

partition of X and class purity of each partition'. The Lagrange formulation of (3.1) is

given by:
r 2 : X Xij X LT

ij Ll

)\ZL Y);;log(LTY); ZMSZL

ij

The objective function is minimized by taking its partial derivative with respect to the

L\ is set to 1 in our experiments, but it can also be determined via cross-validation.
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parameters W and L and setting them to zero:

oc Li,
Wy = Z LWT - Z Lig=0 (3.2)
oL meyq
OLpq o ; LWT . Z Z log L Y — A Z

- (3.3)

By summing up over the variable p in Equation (3.3), we have

1 Wiq Ypj T
py= — _Z LWT .+Z —/\ZTlog(L Y — A (3.4)
Jp Jp

Replacing (3.4) back into (3.3), the partial derivative can be rewritten as follow:

1 XpiWiq T
= — — - ol L Y
aqu Z LVVT . ; (LVVT . Z og(
)\E :ﬂl I'yy, .
+ . . og( )qi (3.5)

The objective function can be solved using a gradient descent approach. Following the
approach used in [59], the gradient descent formula can be transformed into a multiplicative

update formula as follows:
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Algorithm 1 Recursive NMF at a node v
Input: Matrices Xy, Yy, and Maxlter
Output: Matrices W, and L,
Initialize: W9 and LY to random matrices
for j=1 to Maxlter do

update WI°" using (3.6)

update LI*" using (3.7)

set WOl « wnew, pold _ new,
end for

where

X Ve
_ J4d T
a = ZJ:(LWT +)\Z jlog(L"Y),
1 XpiWiq Ypj T
g = EZ(LWT) .+/\Z n log(L Y)QJ
Jip pJ Jip

By initializing W and L to be non-negative matrices, the update formula ensures that the
solution will also be non-negative.

Algorithm 1 summarizes the key steps of the proposed recursive non-negative matrix
factorization (RNMF) algorithm for finding the partitions for any given node in the tree.
The recursive partitioning step continues until one of the following stopping criteria is met:
(1) stop if all the training examples in a partition belong to the same class, or (2) stop if
the node contains less than minleaf training examples, or (3) stop if there is only one class
containing more than minclass examples?.

Once a leaf node is encountered, the algorithm will construct a one-class SVM model
for each class ¢ by learning a hypersphere to encapsulate all class ¢ training examples that

reach the particular leaf node. The hypersphere for class i is constructed by first labeling the

2We set minleaf = 15 and minclass = 5 for our experiments.
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instances belonging to class ¢ as +1 and those that belong to other classes as —1. We then
construct two concentric hyperspheres such that the inner sphere encloses as many instances
from class ¢ as possible. The outer sphere is constructed in such a way that instances that
do not belong to class ¢ lie outside of it. The radial distance between the two hyperspheres
is called the classifier’'s margin, which defines the objective function to be optimized by
the 1-class SVM learning algorithm. For example, the hypersphere for predicting class k& is

obtained by solving the following [60]:

R2 k+_Z§z+_Z§l

z y;=k k Ly #k
subject to || z; — ay, ||2§ Rk: +&, Viiy=k

min
Ry.ap,dp.&;.8;

| 2; —ap |*> R2 +ds — &, VI y#k
& =0, Vi:y =k

>0, Yl y#k (3.8)

k" class and its complement,

where IV}, and Ny, are the number of instances that belong to the
respectively. Here, the positive examples are enumerated by indices ¢ and the negative
examples by indices [. & and & are the slack variables while C' > 0 controls the penalty
for misclassification errors. The variables aj and R} represent the center and radius of
the hypersphere constructed for the k™ class while (RI% + d%) defines the radius of the
outer hypersphere. It can shown that the margin width is given by (R% + d%) — R . To

maximize the margin, we need to maximize d% and minimize R]% simultaneously, and the

parameter M > 0 controls the trade-off between those two terms. The Wolfe dual form of
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the preceding optimization problem is given below:

maxXeq

subject to

> K (v ) — Y oK (zy, 1)

iy, =k Ly #k
- Z aiOth(l’Z',J]j)
L.J35Y5=k

lam:ylvym#k

+2 )

i,l:yi:k,yﬁék

C
Z Oéi:1+M, OSQZSE

ajam K (xp, xm)

ooy K (4, 27)

iy, =k

C
> oy =M, 0< oy <+~ (3.9)

Ly #k k

where K (x,2') is a kernel function that measures the similarity between the pair of instances,

x and 2’. Among the widely used kernel functions include

RBF Kernel: K (z,2") = exp [— H

Polynomial Kernel:

x—a H2
202

K(z,2') = (14 212"

The optimization problem given in (3.9) can be solved using quadratic programming.

After the label tree is constructed, we can apply the tree to classify unlabeled examples in

the following way. Starting from the root node of the tree, we apply the feature weight matrix

W to determine which partition the unlabeled example xtest should be sent. Specifically,

we compute a partition membership vector 7t and assign the test example to the partition j
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that has the largest magnitude, i.e.,
- — T -1
j = arg mgxn’k, where 7 = Xt Wo (W, Wy)

The procedure is repeated until the test example reaches one of the leaf nodes, where we can
apply the 1-class SVM models associated with the leaf node to predict its label. Specifically,
if the test example is encapsulated in the hypersphere for class i, then the test example
is assigned to the class. However, if the test example is located within more than one
hypersphere, we compute the distance between the test example to the hypersphere centers
and assign it to the hypersphere with the smallest distance. Finally, if the test example is

not encapsulated by any hypersphere, we declare it as belonging to a new class.

3.3 Experimental Evaluation

We conducted our experiments on the Wikipedia data dump generated on October 9, 2009.
After preprocessing, there were about 3.6 million Wikipedia articles in the data, which were
classified into 336K categories. We created two subsets of the data for our experiment,
which are denoted as Wiki; and Wikis, respectively. Wikij is a data set that contains 24,379
articles from the largest 214 categories whereas Wikis contains 65,156 articles chosen from
the largest 1,618 categories of the Wikipedia dump.

We compared the performance of RNMF against two baseline hierarchical learning algo-
rithms proposed in the literature, namely, DAGSVM [15] and the confusion matrix approach
(CM) described in [18]. For fair comparison, we set the branching factor (p) for our algo-

rithm to be 2. The performance of the classifiers were evaluated according to their average
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F1 scores for all classes. All the results reported in this study were based on 5-fold cross

validation. The results for the two data sets are summarized in Tables 3.1 and 3.2.

Table 3.1 Comparison between RNMF and baseline algorithms on Wiki; data set.

F1 Test time (s) | depth
CM [18] 0.4826 4+ 0.0017 | 195.54+ 9.2 10

DAGSVM [15] | 0.5309 £ 0.002 | 942.9 £ 17.6 | 214

RNMF(p=2) | 0.5116 + 0.0012 | 132.2 £+ 3.2 8

Table 3.2 Comparison between RNMF and baseline algorithms on Wikis data set.

F1 Test time (s) | depth
CM [18] 0.2518 £ 0.0025 | 336.2+ 13.2 12

DAGSVM [15] | 0.3012 £+ 0.0019 | 1524.6 + 16.5 | 1618

RNMF(p=2) | 0.2892 + 0.0036 | 289.3 £ 6.1 10

The results suggest that RNMF outperforms the CM approach both in terms of its F1
score and test efficiency. When compared against DAGSVM, which requires building a
quadratic number of 1-vs-1 classifiers, the Fl-score for RNMF is slightly lower but its test
time is at least 7 times faster since the depth of RNMF’s label tree is considerably shorter.

Note that the performance of RNMF depends on the branching factor (p) and the maxi-
mum depth (d) of the tree. We evaluated how the branching factor p and maximum depth of
the tree affect the testing time and classification accuracy on the Wiki; data set. If the tree
has only a single node, which is equivalent to a flat (non-hierarchical) model of & one-class
SVM models, the average F1 score and test times of RNMF are comparable to DAGSVM
(see Figures 3.2 and 3.3). As the depth of the tree increases, both the testing time and
F1 score of RNMF would decrease. The decrease in testing time is because the number
of 1-class SVM models that need to be invoked to predict the label of a test example at a
given leaf node is smaller as the tree grows deeper. On the other hand, its Fl-score is also

lower for two reasons. First, as the tree is extended, the additional partitioning may divide
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Figure 3.2 Average F1 score for RNMF as the branching factor (p) and maximum depth (d)
are varied on Wiki; data set.

the training examples from the same class into multiple partitions. Second, there are less
training examples available to build the 1-class SVM models at the leaf nodes as the tree
grows longer, which makes it more susceptible to model overfitting.

Furthermore, if we compare their average F'1 scores at the same maximum depth d, the
tree with a branching factor equals to 2 is better than the tree with a branching factor
equals to 5 (when d > 1). This is because the tree with smaller branching factor contains
less number of nodes (since their maximum depths are the same), which means, its training
examples will be split into less number of branches. This will result in a better classifier as

more training examples become available at each leaf node to train the 1-class SVM models.

3.4 New Class Detection

As previously noted, one of the key advantages of RNMF is that it can detect new classes

that are not present in the training set. To evaluate the performance of RNMF in terms of

32



1200

—_— p:2
—— p:5

1000 ,

8001 1

600 1

400+ 1

Testing time in seconds

2001 1

o L L L L L L
0 2 4 6 8 10 12 14

d(depth of tree)

Figure 3.3 Test time for RNMF as the branching factor (p) and maximum depth (d) are
varied on Wiki; data set.

its ability for new class detection, we performed the following leave-one-class-out experiment
on Wikiq. Specifically, we eliminate one of the 214 classes from the training set and use the
data instances belonging to the remaining 213 classes for training purposes. During testing,
we apply the induced label tree on a test set that contains all 214 classes and assume the
eliminated class to be the new class. We repeat the experiment 214 times, each time leaving
out of the classes from the training set. The average F1 score of the new class is given in
Table 3.3 (these results were reported after repeating the experiment 3 times). We compared
the performance of the algorithm against DAGSVM.

DAGSVM [15] constructs a series of binary SVM classifiers and organizes them in a
directed acyclic graph. An example of the DAGSVM structure for 5 classes is shown in
Figure 3.4. Starting from the root node, DAGSVM eliminates one class at a time until it
reaches a leaf node, which contains only a single class.

To extend DAGSVM to detect new class, we terminate the dag one level earlier, so that

the leaf nodes contain training examples from two classes. A binary SVM classifier is then
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Figure 3.4 Example of DAGSVM Structure for 5 classes

trained to discriminate the classes. When a test example reaches the leaf node, we apply
the binary classifier to predict its class. If the confidence of the SVM prediction is high,
we assign the test example to its predicted class. However, if the confidence of the SVM
prediction is low (i.e., when the test example is located within the geometric margin of the
classifier), we predict it to be a new class.

Table 3.3 Average F1-score of the new class when applied to the Wiki; data set.

# classes (Training) | # classes (Testing) F1
RNMF 213 214 0.3192+ 0.016
DAGSVM 213 214 0.2833 £ 0.012

Based on the results in Table 3.3, RNMF clearly outperforms DAGSVM in terms of its
ability to detect new classes. We have also compared the F1l-score of each class that was
omitted from the training set in our new class detection experiment. The results are shown in
Figure 3.5, where the horizontal axis corresponds to the F1 score of the DAGSVM algorithm
whereas the vertical axis corresponds to the F1 score of RNMF. There are 214 data points

in the plot, one for each class. If the point is located above the diagonal, this means the
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Fl-score for RNMF is better than DAGSVM for the particular omitted class. Since 82% of
the points lie above the diagonal, this suggests that RNMF outperforms DAGSVM in terms

of detecting the new class for the majority of the classes present in the Wiki; data.
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Figure 3.5 New Class Detection Performance for individual Class on Wikiq

3.5 Conclusion

This chapter presents a novel label tree learning algorithm for extreme multi-class problem
called recursive non-negative matrix factorization or RNMF. The algorithm creates soft
partitions of the classes by solving a regularized non-negative matrix factorization problem
and uses a set of 1-class SVM models to predict the classes at the leaf nodes of the tree.
Experimental results on the Wikipedia data suggest that RNMF can achieve comparable
accuracy as some of the state-of-the-art label tree algorithms but is considerably faster
(since it produces shorter trees). In addition, it can detect new classes that are not present
in the training data. However, RNMF has two major limitations. First, there is no global

objective function optimized by the algorithm. Instead, it greedily partitions the training
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data to minimize a local objective function. Second, the classes can be fragmented to multiple
leaf nodes in the tree. The next section presents an alternative method known as MF-tree

that overcomes these limitations.
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Chapter 4

Matrix Factorization Tree for

Extreme Multi-Class Learning

Hierarchical learning methods [15, 16, 17, 18, 19] are designed to overcome the challenges
of extreme multi-class classification by employing a set of binary classifiers and arranging
them into a directed acyclic graph or rooted tree structure. These methods have several
advantages. First, they can lead to sublinear test complexity since only the binary classifiers
located along the path from the root node to leaf nodes are invoked when classifying a
test example. Second, one could alleviate the class imbalanced problem particularly at the
top levels of the hierarchy by grouping together the related classes!. Finally, the resulting
concept hierarchy may offer interesting insights into the conceptual relationships among the
large number of categories.

Over the years, there have been numerous hierarchical classification methods developed,
from greedy top-down decision tree classifiers, which use simple attribute tests as internal
nodes of the tree, to more advanced methods using binary classifiers as their internal nodes to
distinguish the different classes. These methods have different pros and cons. While decision
tree classifiers are easy to construct, they are susceptible to the class imbalanced and data

fragmentation problems. In addition, each class can be distributed to multiple branches of

Instead of learning to discriminate one class from another, some hierarchical methods
are designed to distinguish one group of classes from another group at the top levels of the
tree.

37



the tree, resulting in an unnecessarily large tree. This affects both the test efficiency and the
ability of the classifier to generate a meaningful taxonomy about the conceptual relationships
among the classes. Alternative methods, such as filter trees [17] and its variants, impose
a random tree structure and learn an appropriate binary classifier at each internal node
of the tree. Because of the arbitrariness in which the classes are assigned to the nodes,
the resulting tree might be suboptimal and loses descriptive information about the class
relationships. More importantly, both classes of methods were not designed to optimize a
global objective function. To address these problems, we propose a novel method known as
matrix factorization tree (MF-Tree, in short), which organizes the classes into a binary tree
by solving a global objective function based on a squared loss error function.

We first provide a theoretical proof to demonstrate the equivalence between the pro-
posed squared error loss function and the Hilbert-Schmidt Independence Criterion (HSIC)
[21][22][23][24]. HSIC is a recently proposed criterion for taxonomy learning in an unsu-
pervised learning setting. In this chapter, we demonstrate how HSIC can be applied to
a supervised multi-class learning problem. We also showed the additive property of the
objective function, thus allowing us to decompose the problem into a hierarchical binary
classification task that can be organized in a binary tree structure. Nevertheless, for massive
classification problems involving hundreds of thousands of classes or more, factorizing the
matrices is computationally expensive especially at the top levels of the tree. To address this
problem, we present an approximate algorithm for inducing MF-Tree, where the initial as-
signment of classes to the child nodes at the top level of the hierarchy is determined from the
class sizes and distances between centroids of classes instead of solving the more expensive
matrix factorization problem. The factorization can then be applied at lower levels of the

tree when there are fewer number of classes and training examples to deal with. We showed
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that the performance of the approximate MF-Tree is comparable to that of MF-Tree, with
a significant improvement in its training time.

In short, the main contributions of this chapter are as follows:

1. We introduce a novel hierarchical classification method for large multi-class learning

problems known as MF-Tree. The tree is designed to optimize a global loss function.

2. We provide a theoretical proof showing the equivalence between optimizing the squared
error loss function of a matrix factorization problem and the Hilbert-Schmidt Indepen-
dence Criterion (HSIC) by setting appropriate constraints on the latent factors of the

factorization.

3. We demonstrate the additive property of HSIC that enables the design of a hierarchical

tree learning framework.

4. We present an approximate algorithm for learning MF-Tree, to speed up the tree

induction process.

5. We provide extensive experiments to evaluate and compare the performance of the

proposed method against several state-of-the-art baselines.

4.1 Preliminaries

This section presents a formal definition of the multi-class learning problem. We also intro-
duce the concepts of Hilbert-Schmidt Independence Criterion and tree-structured covariance
matrix. The connections between these concepts and the proposed MF-tree method will be

shown in Section 4.2.
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4.1.1 Problem Definition

Let D = {(x1,91), (x2,¥2),- -, (Xn,yn)} denote a set of training instances sampled from
an unknown distribution P over X x ), where X C R? is the d-dimensional feature space
and Y = {1,2,---,c} is the set of permissible categories. For large multi-class learning
problems, we assume ¢ >> 2. The goal of multi-class learning is to infer a target func-
tion f that minimizes the expected risk of misclassifying any instance drawn from P, i.e.,
ming By e plL(f(x),y)], where L is known as the loss function.

A standard approach for multi-class learning is to reduce the problem into multiple bina-
ry classification tasks. However, when the number of classes c is too large, applying all the
binary classifiers to predict the class of a test instance is computationally infeasible. Towards
this end, there are various hierarchical labeled tree algorithms have been developed for large
multi-class learning problems. A hierarchical labeled tree is a 4-tuple T' =< V, E, &, A >,
where V' is the set of nodes, F is the set of edges connecting parent nodes to their corre-
sponding child nodes, ® = {f,(x)|v € V'} is the set of classifiers associated with the internal
nodes of 7', and A = {y;|y; € Y, 0 € V'} is the set of labels associated with the leaf nodes. In
this chapter, we restrict our framework to binary rooted trees only, even though, in principle,
it is applicable to rooted trees with a branching factor greater than 2. Our objective in this

work is to learn an optimal tree T" for large, multi-class learning problems.

4.1.2 Hilbert-Schmidt Independence Criterion (HSIC)

This section introduces the Hilbert-Schmidt Independence Criterion. Our presentation fol-
lows closely the definitions given in [21][23][22][24]. Let (X,Y) be a pair of random vari-

ables drawn from a joint distribution Pry y. The Hilbert-Schmidt Independence Criterion
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(HSIC)[21] measures the dependence between X and Y by calculating the norm of its cross-
covariance operator Cyy in Hilbert space. It has been shown that this norm vanishes if and
only if X and Y are independent variables. A larger value of HSIC also indicates a stronger
dependence between the two variables, with respect to the choice of kernels [23].

Let F be a Reproducing Kernel Hilbert Space (RKHS) of functions from X to R with
a feature map ¢, such that (¢(z), gb(m/))]: = k:X(x,x/), where kxy : X x X - R is a
positive definite kernel. Likewise, let G be the RKHS on ) with a feature map ¢, such that

/

W), v ))g = ky(y, y/), where ky : ) x Y — R is the corresponding kernel for the metric

space ). The covariance operator Cyy is defined as

Cry = Euyl(d(x) — pz) @ (0(y) — )]s

where p; = E[¢(z)], ¥y = E[¢(y)] and ® denote a tensor product. The Hilbert-Schmidt In-
dependence Criterion is defined as the squared Hilbert-Schmidt norm of the cross-covariance

operator Cyy, which can be written as follows:

HSICxy = |Cuyllfrs
/ /
= 5, il ey (0
/ /
B il (e, 2Bl ()
/ /

2By Bl (B s hy (3.0 (@)

Let {(x1,y1), (x2,%2), -, (Xn,yn)} be the set of training instances drawn from Prxy . HSIC
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can be empirically estimated from the training data as follows [21, 22]:
1
HSIC = ﬁtr H,KH,L (4.2)

where tr[-] denote the trace of a matrix, H, = I — %lnl,{ is a centering matrix, I is the
identity matrix, 1, is a column vector of all ones, K is an n x n kernel matrix for x, and L
is a ¢ x ¢ kernel matrix for the class labels y. The matrix product H, KH,, corresponds to
a centered kernel matrix. If K denote the centered kernel matrix, then the computation of
HSIC simplifies to (n — 1)~ 2tr[KL]. Note that the time complexity for learning HSIC from

the data is O(c® 4+ nc? 4+ n’c), which is expensive when number of classes ¢ is large.

4.1.3 Tree-Structured Covariance Matrix

Given a rooted binary tree T on the labeled set ), we can represent it as a tree-structured

covariance matrix [22] as follows. Definition

Definition 4 (Tree-Structured Covariance Matriz)

A matriz C € R*¢ is a covariance matrixz associated with the label tree structure T, where
Ci; 1s a measure of similarity between the i-th and j-th classes computed based on the path
length from the root node to the closest common ancestor between the leaf nodes for i and j

in T. The larger the value of C;;, the closer is the relationship between the two classes.

Figure 4.1 shows an example of a labeled tree structure for 4 classes, c1,c2, c3, and c4.
Let a,b,c,d, e, f denote the edge weights between the nodes. Based on the structure, the
tree-structured covariance matrix is a 4 x 4 matrix shown on the right hand side of the
diagram. For example, C'1 9 = a since the closest common ancestor between the classes has

a path length equals to a from the root node. Similarly, C3 3 = b+e, which is the path length
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C: [ atc a 0 0
c:| a a+d 0 0
|0 0 b+e b
c:| 0 0 b b+f

Figure 4.1 Example Tree Structure with 8 classes

from the root to the leaf node for c3. Note that the edge weight a,b, ¢, d, e, f determines the
similarity between the different categories. For brevity, we consider the edge weights to be

1 in the remainder of this chapter.

4.2 MF-Tree: Proposed Method

This section presents an overview of the proposed method. We first introduce the global
objective function to be optimized by MF-Tree. We then show its connection to the HSIC
measure described in the previous section. We also illustrate the additive property of HSIC,

which allows us to develop a hierarchical tree-based induction algorithm.

4.2.1 Global Objective Function of MF-Tree

Let X denote an n x d centered design matrix, whose rows correspond to the data instances
and columns correspond to the features. An uncentered design matrix X can always be
centered by applying the following operation, H,, X, where H,, is the centering matrix defined

in Section 4.1.2.
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MF-Tree is designed to minimize the following regularized squared error loss function.

J = ||X—sz||%+Atr[WAWT

= tr|XXT - xwzT —zwTxT L zwTwzT

A tr {WAWT} : (4.3)

where Z is an n X ¢ matrix, which represents the class membership of each data instance, W
is a d x ¢ matrix, which represents the feature vector of each class, A is a symmetric, positive-
definite, ¢ X ¢ class covariance matrix, and A is the regularization parameter. || - || denote
the Frobenius norm of a matrix and the superscript T denote the transpose operator. The
intuition behind the objective function given in Equation (4.3) is to factorize the centered

design matrix X into a product of latent factors Z and W.

4.2.2 Relationship between Global Objective Function and HSIC

To demonstrate the relationship between the objective function and HSIC, let us take the

partial derivative of J given in Equation (4.3) with respect to W and set it to zero:

N4 T T

22— _oxTz 4+ owzT7Z + 20WA =

5 + + 0
—1

W = XT7|zT7 + \A
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Replacing this back into Equation (4.3) yields the following:

-1

TJ = tr{XXT —oxxTz\zTz + 2A| zZT

—1 -1
AVAY A /\A} 72TxxTz|7z17 + AA] zT}

—1 —1
+ A tr{XTZ ZTZ+)\A} A ZTZ+)\A} ZTX}

—1
— tr{XXT _oxxTz|zTL + AA} 7T

—1 —1
+xTzlzT7 + )\A] 7277 + AA || 277 + )\A] ZTX}

-1
— tr{XXT —xx7Tg {ZTZ + AA} ZT}

Thus, finding a solution for Z that minimizes J is equivalent to finding one that maximizes

the following objective function:

—1
mzaxtr{XXTZ 717 1 AA] ZT}

Let K = XX be the centered kernel matrix associated with the training instances X.

During training, we enforce the following constraint:

train train

-1
Zirain | ZL Ztrain+AA] Zl . =YCY!, (4.4)

where Y is an n X ¢ matrix of class labels and C is the tree-structured covariance matrix.
-1
This can be achieved by setting Zi ai, = Y and C = {ZT Zirain + A\A

train

Theorem 1 If A be a symmetric, positive-definite matriz, and X > 0, then ZL . Zy i +AA

train

1s also positive-definite.
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T|7T
Z train

Zoirain + AA|v = vIZT

T _
tmz‘nztminv + AWVt Av =

Proof 1 Given any real vector v, v

1ZtrainV]]? + AT AV > 0 since A is a positive definite matriz.

Since zgainzmm + AA is positive-definite, it is invertible. The equality constraint in
Equation (4.4) ensures that an appropriate A and A can be chosen to generate a viable
tree, in which the entries of the matrix C must have a specific structure. Furthermore,

let L = YCYZ denote the kernel matrix associated with the class labels. The objective

function can now be simplified to:
max tr {KL} st. L=YCYT, (4.5)
which is equivalent to the optimization of HSIC.

4.2.3 Additive Property of HSIC

In the previous subsection, we have shown that the global objective function for MF-Tree is
equivalent to HSIC by setting appropriate constraints on A and A. This enables us to define
a kernel matrix for the class labels as L = YCYT, where C is the tree-structured covariance
matrix. In this section, we demonstrate the additive property of HSIC, which enables us to
decompose the optimization problem into a hierarchical binary classification task.

First, we show that the tree-structured covariance matrix can be written as a sum of
block diagonal matrices. We illustrate this with a simple example. Consider the following

covariance matrix for a labeled tree that contains 8 leaf nodes (assuming the edge weights
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are equal to 1):

We can rewrite the matrix as follows:

Cy = holyll+Le11d +Lo1

where ® denote a Kronecker product and

I, ® 1417 =

47
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(4.7)



I, 1511 =
00001100
00001100
00000011
000000 1 1]
(10000000
01000000
00100000
00010000

gl =

The first term on the right hand side of Equation (4.7) simply partitions the first 4 rows
and columns of the matrix into 1 cluster and the last 4 rows and columns into a second
cluster. The second term on the right hand side partitions the first cluster into 2 smaller

subclusters, while the third term puts each subcluster as a cluster itself (this is at the leaf
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node of the tree). So, we can simply write
C2m:B2+B4—I—---—I—B2m, (4.8)

- . 1T
where B, =1,;®L,;, ;1

T 1,0 =1, and m is the depth of the binary tree. We can

further simplify the decomposition to the following:

Cs = Bs+ By +Bg

Bg1 02x2 02x2 0O2x2

+

:|+ B4 0O4x4 02x2 Bg2 0242 02x2
O4x4 Bapo 02x2 O2x2 Bg3 02x2

= {32,1

02x2 O2x2 O2x2 Bsgy

where each diagonal block has the following form

B, = (4.9)

and the dimension for each of the submatrices of 0s and 11%s in Bgij i 2m—i y gm—i,

?,

Furthermore, given a block matrix B, we have
YB, Y =Y By Y] +YyBjoY] -+ Yk/QBk,k/zYkT/z
where

Y = Y1 Y Y (4.10)
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By, O 0 0
0 Bk’2
B, - : . . . . : 1)
: . . Bk,j . .
_() Bk;,k/z_
T
Y
vT — vT
T
Yk/2

(4.12)

As each B; ; corresponds to a block-diagonal matrix given by Equation (4.9), we can write

logo k logg k 2i—1

T _ T _ T

HSIC = YCY > YB,Y =) ZYJB22 Y
i=1 i=1 j=1

This decomposition enables us to solve the optimization problem with a hierarchical tree-like
decomposition. The outer sum corresponds to decomposition at each depth of the tree, while
the inner sum corresponds to expanding the internal nodes associated with the particular

depth. Instead of learning C directly by maximizing the trace of HSIC (see Equation (4.5)),
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we can learn the set of B, i iteratively, each of which is associated with an internal node in

the tree structure.

4.2.4 MF-Tree construction

To construct the tree, we need to solve the objective function given in (4.5). Based on the

discussion in the previous subsection, the objective function can be simplified as follows:

T
I{n}gi( tr [Kj,ijBz,]Y]

(4.13)

(]

This allows us to solve the optimization problem one node at a time. Let D; = Y;‘-FKL Y,

which is simply a ¢ x ¢ similarity matrix of the classes, computed based on their attributes
X and the known ground truth labels associated with the block B; ;. At each node of the
tree construction process, we need to find a matrix B; ; that maximizes its alignment with
Dj, ie.:

max tr {D ‘B, }
Va2V
Bi,j

For notational convenience, we drop the subscripts ¢ and j in the remainder of the discussion.

Note that B is simply a co-association matrix, whose element

B 1, if classes i and j are in the same partition;
BJ;

J
0, otherwise.
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To create binary partitions, let G be a ¢ x 2 matrix?, where

1, if class i belongs to partition j;
(Glij =

0, otherwise.

It is easy to show that B = GGT. Thus,

—tr|GTDG]|.

tr [DB] — tr [DGGT

This objective function is equivalent to finding a clustering of the classes in a way that

maximizes the within-cluster similarity:.

4.2.5 Optimization

Note that the following optimization problem at each node

max tr {GTDG] s.t. GT12 =1,
G

is not feasible unless we enforce a non-negative constraint G > 0 [61]. Furthermore, if we
relax the condition that elements of G must be either 0 or 1 and replace it with a constraint

that G must be an orthogonal matrix

max tr [GTDG} st. GTG =1,

2Here, we assume the number of classes associated with the given node is ¢. As the tree
grows deeper, the number of classes also decreases, which in turn, reduces the number of
rows in G.
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we can solve the problem easily by finding the first two eigenvectors corresponding to the
largest eigenvalues of D [62, 63, 64]. Let GAGT be the eigendecomposition of matrix D.

By definition, D = YZKY. Following the eigendecomposition of D, we have

YIKY = GAGT

Since GT'G =1I:

GIYTKYG = A

Let P = YG, which is an n x 2 matrix that determines the assignment of each data instance

to the corresponding child nodes. Thus,

PTKP = A

During the testing phase, let k be an n-dimensional column vector that contains similarity
between the test instance to all the training instances. We may compute the 2-dimensional

2x1

partition vector p € R as follows:

p=GTYTk = PTk

After computing p, we assign the test instance to the partition with the larger value, i.e.,

arg max; (PTk);.
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Algorithm 2 MF-Tree Construction

Input: X4, € RHXda Yirain € R
Output: Tree Structure, T’

1.
2.
3.

root = TreeGrowth(Xyyqin, Yirain)
Insert root into T'
return T

function TreeGrowth(X,Y)

1
2
3
4
d.
6
7
8
9
1

. v = createNode()
. vindex = getIndex(X)
. if number of classes in Y < 2 then

v.class = unique(Y')
else
(x® vy x) y() 4.G) = Partition(X,Y)
v.left = TreeGrowth(X ) y (1)
v.right = TreeGrowth(X(T), Y(T))

. end if
0. return v

function Partition(X,Y)

N O

Compute the centered kernel K from X.
Compute D = YTKY

Compute the ﬁrst two eigenvectors g(1>, 9(2) of D
Let G = (2))

g1
(X (> l)> = (Xl7yl |yz =k, arginax; Gk] =1}
(X( T>) {(x4, vi ‘yz k7argrnaxj Gk] = 2}
return (X, v, x() y() G)

4.2.6 MF-Tree Induction Algorithm

The pseudocode for constructing MF-Tree is summarized in Algorithm 2. Our algorithm
recursively partitions each node by calling the TreeGrowth function. Each invocation of the
function returns a root node for a subtree that partitions the classes and their associated
training instances into 2 groups. Each node is assumed to have a complex structure, where
v.andex contains the indices of the training instances assigned to the node, v.class represents

the class label if v is a leaf node, v.G is the discriminant function if v is an internal node,

whereas v.left and v.right are its left and right child.
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The Partition function decides how to partition each class and their training examples
into different branches of the tree. The partitioning is done based on the magnitude of
matrix G as described in the previous section. If a class k is assigned to the left child of
a node, all the training instances that belong to class k will also be propagated to the left
child. The algorithm continues to expand a node until all the training instances associated
with the node belong to the same class.

To determine its time complexity, note that at each node v, we need to compute the kernel
matrix K, an operation that requires O(nZd) time. Computing D from the kernel matrix K
and class label Y takes O(n?c+ ¢?n) time while finding its first two eigenvectors requires, in
the worst-case, O(CS) time. Thus, the computational cost at each node is O(nc+ ?n + ¢3).
The cost reduces significantly as the tree grows deeper since the size of matrices K and D
decreases substantially. Once the tree structure is induced from the training set, we can

predict the label for any test instance using the method presented in Algorithm 3.

Algorithm 3 Testing with MF-Tree
Input: Xiest, Xerain: Yerain, T
Output:Yiest

1. for each x € Xt do

2 v = T.root

3. while v.class = () do

4. k = Similarity(x, Xyqin, v-index)
5. Y = Subset (Y qin, v-index)
6

7

8

9

A

G=vG
p=GIyTE
v = getChild(p,v)

end while
9. Insert y = v.class into Yiegt
10. end for

11. return Yieq
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4.3 Approximate MF-Tree

As shown in the previous section, the time complexity for constructing MF-Tree can be
quite expensive especially at the top levels of the hierarchy. This is due to the large size of
matrices that must be constructed and factorized according to their largest two eigenvalues.
However, as we traverse down the tree, the number of classes and training instances to be
dealt with decreases considerably, which in turn, helps to speed up the computations. Thus,
the bottleneck of our computation lies in the first few iterations of the MF-Tree algorithm. In
this section, we present an approach to speed up the tree construction process by learning an
approximation for the G matrix during the first few iterations. Once the matrices become
small enough, we can proceed with applying the original TreeGrowth function shown in
Algorithm 2.

Our proposed method attempts to balance the tradeoff between accuracy and efficiency
of the labeled tree construction process. While efficiency is a concern at the top levels of
the tree, accuracy is an issue at lower levels of the tree. Even if the class partitioning at
the top levels is suboptimal, one might still be able to recover good partitions at subsequent
iterations when refining the tree. Based on this rationale, we develop the following two-step
approach to improve training efficiency. First, we apply a simple method to calculate G
at the top levels of the tree. When the depth of the tree exceeds some threshold 7, we
revert back to the original TreeGrowth function. We termed this approach as Approzimate
MF-Tree.

Consider the root node of the labeled tree. Let n be the number of training instances and
¢ be the number of classes. We first sort the classes in decreasing order of their class size.

We then assign the largest class (¢1) to the left node of the root and the second largest class
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Algorithm 4 Approximate MF-Tree

Input: Xypqin € Rnxd7 Yirain € Rnxk7 T
Output: Tree structure T’

1. Set depth, d =0

2. root = TreeGrowthApprox(Xyyrein, Yerain, d, T)
3. Insert root into T’

4. return T'

function TreeGrowthApprox(X,Y ,d,7)

1. v = createNode()

2. v.andex = getIndex(X)

3. if d < 7 and number of classes in ¥ < 2

4 (xW y®W x) y())= partition2(X,Y)

d. v.left = TreeGrowthApprox(X xW y® g+ 1)
6 v.right = TreeGrowthApprox(X x(r ), ( ),d +1)
7. else

8. v = TreeGrowth(X,Y)

9. end if
1

0. return v

function Partition2(X,Y)
classes = Sort(Y')
(X(l), Ya)) = {(xj, yz)‘yZ = 1 (largest class) }
(X, y )y = {(xi,yi)|yi = c2 (second largest class) }
meanvectors = Mean(X, Y)
for each remaining class ¢ € classes do

mq = distance(meanvectors, ¢, c1)

mo = distance(meanvectors, ¢, ¢2)

if m; < mg then

(XW, vy = (xO vy Oy u{(x, 1) i = ¢ }

10.  else
i (X0 Y0y = (X0 YOy U {(xi, )]y = ¢ }
12.  end if
13. end for
14. return (X(l),Y(l),X(r),Y(r))

Sl IS I i e

©
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(c9) to the right child. The sorting operations requires only O(clogc) computations. For the
remaining classes, we compute their corresponding mean vectors, an operation that requires
O(nd) time. We then assign each class to the left or right child based on their distance to the
mean vectors of the first two largest classes. For example, if the mean vector for c3 is closer
to the mean vector for ¢1 than co, we assign c3 to the left child of the root node. Otherwise,
we assign it to the right child. This process is repeated until depth 7. This reduces the time
complexity of each node from O(c?) to O(clog ¢+ nd). As will be shown in our experimental
results section, substantial improvement in training time can be achieved by setting 7 to be

3 or 4 without losing significant accuracy.

4.4 Experimental Evaluation

In this section, we compared the performance of our proposed MF-Tree algorithm against
several state-of-the-art baseline algorithms, including DAGSVM [15], Discriminative Relaxed
Hierarchy Learning (DRHL) [56], Confusion matrix based label embedding tree learning ap-
proach (CMTL) [18] and Recursive Non-negative Matrix Factorization (RNMF) [20]. In
addition to these methods, we have also implemented a recursive version of the HSIC clus-
tering by dependence maximization (RDM) algorithm [23]. The latter would partition the
data instances into p groups at each depth of the tree until a stopping criterion is met (i.e.,
when there are no other classes that have more than 5 instances at the leaf node). We con-
struct a binary classifier at each internal node of the tree as well as 1-class SVM classifiers

at the leaf nodes to assign the class labels.

58



4.4.1 Experimental Setup

To illustrate the effectiveness of the proposed method, our experiments were performed on
two real-world data sets: (1) Caltech-256, 3, which is a standard multi-class classification
data set with 256 categories containing 30,607 images and at least 80 images for each class,
and (2) Wiki, a collection of Wikipedia article dump from October 9, 2009. We generated
four subsets with varying number of classes for our experiments. The data sets are denoted
as Wikiqy, Wikig, Caltechy and Caltechs.

Caltech and Caltecho are subsets of image data from the Caltech-256 collection. Caltechq
is generated using the same approach as described in [56], in which we randomly sample 80
images from each class to create the data set. We use a repeated holdout method to create
our training and test sets. Specifically, half of the sampled data were reserved for training
while the remaining half for testing. We repeat the sampling process five times to create
five different versions of the Caltech; data set. We then applied all the algorithms on the
five data sets and compute their average F1-score. The F1-score is computed based on the
harmonic mean of the precision (positive predictive value) and recall (sensitivity) for each
class. Results are reported based on the average F1-score for all the classes over five versions
of the data sets. In addition, we have generated a larger subset called C'altechs by randomly
choosing 40 images from each class for training and all the remaining images in each class
for testing. This process is again repeated five times to generate five versions of Caltechs.
For both Caltechy and Caltechg, we have extracted SIFT (scale-invariant feature transform)
features to represent each image.

Wikiy is a data set generated with the same setting as that described in [20]. Here, we

choose the largest 214 categories of the Wikipedia articles. The resulting data set contains

Shttp://authors.library.caltech.edu/7694/
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Table 4.1 Summary of data used for our experiments

Data set | # Classes | # data instances
Caltechq 256 20480
Caltechs 256 30607
Wikiq 214 24378
Wikig 1618 65156

24,378 articles. In addition, we also created a larger sample data set from the Wikipedia
dump, which covers the largest 1618 categories with 65,156 articles. Similar to Caltechq,
half of the sampled data were used for training and the remaining half for testing. The
sampling process is also repeated five times to generate different versions of the data sets.
A summary of the data sets used for our experiments is given in table 4.1. Note that all
the experiments were conducted on a single PC with Intel Core i7 CPU 2.6GHz and 8 GB

memory, running Windows 7 operating system.

4.4.2 Experimental Results

This section presents summary results of our experiments. As previously noted, we use F1-
score to measure the accuracy of the different approaches. In addition, we have compared

the testing time for each method along with the size of the induced tree.

4.4.2.1 Overall Results Comparison

We first compare the performance of our MF-Tree algorithm against all the baseline methods.
The results for data sets Caltechy, Caltecho, Wikiy, and Wikio are summarized in Table 4.2.
The experimental results suggest the proposed MF-Tree algorithm consistently outperforms
other state-of-the-art baselines in terms of their F1-score and testing efficiency on all 4 data

sets evaluated in this study.
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The size of the hierarchy generated by MF-Tree is comparable to some of the best algo-
rithms. Even though RNMF generates a shorter than than MF-Tree, its test time is higher
because the leaf nodes of RNMF may contain multiple classifiers that must be invoked in
order to predict the final class. In contrast, the leaf nodes of MF-Tree has a single class
label, which allows us to predict the class efficiently. Among all the competing methods,
DAGSVM creates the largest tree. This is because it eliminates one class at a time at each
level of the hierarchy. So the depth of the tree is equal to the number of classes. In the
meantime, DRHL and RDM also create larger trees because they both allow a single class

to reside in more than one leaf nodes. This affects the test time of the algorithms.

4.4.2.2 Effect of Parameter Tuning

Unlike MF-Tree, which is parameter-free, the performance of several baseline algorithms
depends on the values of their parameters. For example, the branching factor p in RNMF
method determines the structure and depth of the tree. If p = 1, this produces a decision
stump consisting of ¢ 1-class SVM models. This is equivalent to the one-versus-all approach.
If p = 2, then it will produce a binary tree. The choice of p also affects the depth of the tree.
As the depth increases, the test efficiency reduces significantly at the expense of decreasing F'1
values. Similarly, tree construction parameters are also needed in other baseline methods. To
provide a fair comparison, we vary the parameters for each method based on the suggestion
of their original papers. Specifically, for RNMF [20], we set p € {2,3,4,5}), for RDM, we
set p = 2,3,4,5 and for DRH L[56], we set p € {0.5,0.6,0.7,0.8}).

We plotted the results in Figures 4.4, 4.5, 4.2 and 4.3. In each plot, the x-axis corresponds
to the test time while the y-axis corresponds to the Fl-score. Ideally, we seek for a classifier

with lowest test time and highest Fl-score. As can be seen from these plots, MF-Tree is
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Table 4.2 Experimental Results

Caltechy F1 Test Time (s) | Depth of Tree
DAGSV M 0.369 £ 0.0019 436.8 £+ 10.2 256
RNMF 0.360 = 0.0022 91.2 £ 6.4 9
DRHL 0.375 £ 0.003 312.76 £ 9.6 196
CMTL 0.348 + 0.006 122.18 £ 104 10
RDM 0.331 £ 0.0103 198.2 £ 11.2 18
MF —Tree | 0.3816 + 0.03 77.5 £ 4.5 10
Caltechs F1 Test Time (s) | Depth of Tree
DAGSVM 0.356 + 0.0017 | 751.68 + 11.8 256
RNMF 0.353 £ 0.0017 157.66 £+ 7.9 9
DRHL 0.365 £ 0.0021 523.7 £ 12.2 196
CMTL 0.343 = 0.005 192.8 £ 11.2 10
RDM 0.323 £ 0.0098 367.4 £ 10.5 18
MF —Tree | 0.376 £ 0.029 135.6 £ 5.6 10
Wikiy F1 Test Time (s) | Depth of Tree
DAGSVM 0.53094+ 0.002 9429+ 17.6 214
RNMF 0.5227 £ 0.0017 188.3+ 9.3 8
DRHL 0.5217 £ 0.0019 | 457.5 £ 16.9 64
CMTL 0.4826 £ 0.0017 195.5 £ 9.2 10
RDM 0.4229 £ 0.0135 256.6 £ 14.7 33
MF —Tree | 0.5406 £+ 0.0216 | 152.7 + 4.2 9
Wikig F1 Test Time (s) | Depth of Tree
DAGSV M 0.3106£ 0.0021 1618.6+ 17.6 1618
RNMF 0.2998 £ 0.0017 351.8+ 13.6 10
DRHL 0.3089 4+ 0.0016 | 772.5 &= 16.9 116
CMTL 0.2459 £ 0.0029 312.2 £ 11.3 12
RDM 0.2296 + 0.022 456.6 £ 12.5 52
MF —Tree | 0.3318 + 0.016 | 267.7 =+ 6.9 11

consistently better than the baseline methods on all four data sets.

4.4.3 Comparison of Taxonomy Structure

In addition to their Fl-scores, it is useful to compare the tree generated by the different
methods against their ground truth structure. To do this, we need an evaluation measure
for comparing the similarity between two trees. In this chapter, we apply the edit distance

measure, which was originally used for string comparison, to compare the ordered labeled
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trees (see [65] for a review). Ordered labeled trees are trees in which the left-to-right order
among siblings is significant. The distance between two trees is computed by considering the
optimal mapping between the two trees. Specifically, the distance is given by the minimum
cost of elementary operations to convert one tree into the other. An alternative way to map
and edit the trees is by using tree alignment [66].

To quantify the difference between two trees based on their pairwise class ordering, we

first construct an adjacency matrix A for a tree structure using the following formula:

e 1
v UM peps(c; — ¢;)

where A;; is the proximity between classes ¢; and ¢; and nump,,s(c; — ¢;) is the number of
hops to traverse from class ¢; to ¢;. To measure the difference between two tree structures
represented by the matrices 4 and A, we compute the mean squared error (MSE), which is

defined as follows:
. 1 < .
MSE(A,A) = (= Y (Ajj — Aij)?)

1,7=1

S

Figure 4.7 shows an example of using MSFE to compare the tree structures. Let A be
the adjacency matrix induced from the ground truth structure while Aresultl and Amsum
are the corresponding adjacency matrices for two competing tree structures, resultl and
result2. Since MSE(A, A,ogur1) = 0.03125 > MSE(A, A,oguipa) = 0.013825, this suggests
that the tree structure result2 is closer to the ground truth structure than resultl. This
result makes sense because the structure of result2 is more similar to the ground truth
as only class cg9 is misplaced, whereas the classes co and cg are misplaced in resultl. For
example, A(c3,cq4) = 0.5 in the ground truth structure as the number of hops from category

A

c3 to ¢4 is equal to two. However, A,..q.it1(c3,c4) = 0.25 for resultl since class cg is 4 hops
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away from c4. In contrast, Aresult2(63= c¢4) = 0.5, which is the same as the distance according
to the ground truth, which means, the tree structure of result2 was able to maintain the
proximity between c3 and c4.

We compared the MSE score of MF-Tree against the confusion matrix based label embed-
ding tree learning (CMTL) method. We choose this baseline method for two reasons. First,
the size of the tree is comparable to MF-Tree. Second, similar to MF-Tree, this approach
produces a tree in which each class can only reside in a single leaf node of the tree (whereas
other methods allow a class to be assigned to multiple leaf nodes). Trees that restrict each
class to a single leaf node are more interpretable as they may be used to define a concept
hierarchy for the application domain. Our experimental results shown in Figure 4.6 sug-
gest that MF-Tree produces a tree structure that is closer to the ground truth compared to
CMTL. Note that Caltech; and Caltechs use the classes for their training data to construct

the taxonomy, so we report them together as Caltech1&2 in Figure 4.6.
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Figure 4.8 Illustration of tree structure generated

Figure 4.8 shows a subset of the tree structure generated by MF-Tree on the Caltechy
data set. Observe that the tree was able to capture the relationships among many of the
classes quite well. For example, some of the classes of animals (dog, horse, chimp, bear) was
assigned to the same branch. Though there were exceptions and misclassifications (e.g., bats
and crabs) but the related classes are often quite close together at the lower levels of the

tree.

4.4.4 Results for Approximate MF-Tree

Despite its lower test time compared to other approaches, MF-Tree can still be expensive if
the number of classes is too large. To overcome this problem, we propose an approximate MF-
Tree learning algorithm. To justify the effectiveness of the approximate MF-Tree approach,
we perform an experiment on the Wikio data set. We choose this data set because it has the

largest number of classes. As previously mentioned in Section 4.3, the approximate MF-Tree
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method uses an inexpensive partitioning method to assign classes to their child nodes at the
top levels of the hierarchy. The algorithm requires a single parameter, 7, which determines
the maximum depth at which to apply the inexpensive partitioning method.

The results comparing Approximate MF-Tree against MF-Tree for different thresholds
of 7 are summarized in Table 4.3. For this experiment, we vary 7 from 3 to 6. We compare
the average F'l-score as well as the training time of the algorithms. Recall that the average
Fl-score for MF-Tree on the Wikio data set is 0.3318. When 7 = 3, the Fl-score reduces
slightly to 0.3289. However, there was a 22.6% improvement in the training time of the
algorithm. As 7 increases, the Fl-score gradually decreases while its training time continues
to improve. Note that the size of the tree generated by the original MF-Tree algorithm has
a depth equals to 11. When 7 = 6, the improvement in training time appears to taper off
while its F'l-score has decreased to 0.2868. This clearly shows a trade-off between accuracy
and training time efficiency. In practice, we could set the 7 threshold based on the specific
needs of the problem. If our priority is lower training cost, we could set a higher 7 value. 7
can also be set based on the computational resources available. If there is limited memory;,
7 can be set to a threshold in such a way that the resulting data matrices can fit into the

memory available.

Table 4.3 Approximate MF-Tree on Wikio

Threshold F1 % improvement in training time
T=3 0.3289 22.6%
T=4 0.3169 32.3%
T=25 0.3034 37.8%
T=6 0.2868 39.5%
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4.5 Conclusion

In this chapter, we proposed a novel hierarchical method for large-scale multi-class learn-
ing called MF-Tree. Our proposed algorithm is driven by a global objective function. We
demonstrate the equivalence between the global objective function and the HSIC metric and
show it has an additive property that can be exploited to design a hierarchical tree learn-
ing algorithm. Experimental results comparing the method against five baseline methods

demonstrated the effectiveness of our method, in terms of its accuracy and test efficiency.
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Chapter 5

Hierarchical Tree Learning for Large

Multi-class Network

As noted in Chapter 1, classification of network data is an important problem across many
disciplines, including computer science, biology, chemistry and social science. Previous work
on network classification can be broadly categorized into three approaches: Classification
with node attributes only [30][31]. The methods that belong to this category simply
apply existing classifiers, such as support vector machine, rule-based classifiers, and logistic
regression, to the attributes of each node in the network (e.g., the HTML tags in Web pages).
Many efforts have been made to enhance the classification accuracy by constructing a better
feature matrix for the nodes [30][31][67]. A major drawback of these methods is that they
do not consider the link information when constructing the classifier. Classification based
on link analysis. This includes PageRank based methods [34][35], HITS [33], local and
global consistency[36], score propagation[37], hard label propagation [68], trust rank[3§],
anti-trust rank[35], minimum cut[69][70], spectral clustering[71],etc. This approach is based
on the fundamental assumption that nodes that are connected should share similar labels.
As a result, network classification task could be formulated as a regularized optimization
problem. The drawback of link analysis based approaches is that the classification relies

only on link structure is susceptible to missing link information. Classification based on
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the use of both content and link information. This includes hybrid methods developed
in [39][72][40][41][27][42][25]. Most of these research have shown that hybrid methods are
generally better than using node attributes or link information alone.

Despite the extensive research on node classification for network data, most of the ap-
proaches were not designed for large multi-class learning problems. These approaches will
encounter challenges such as class imbalance, high testing cost, and model interpretability
problems when applied to networks with large number of classes. Furthermore, as noted
in Chapter 1, the assumption that nearby nodes have similar classes is less likely to hold
when the number of classes is large. The size of the network also increases considerably
as the number of classes increases, all of which makes large multi-class network learning an
extremely challenging problem.

As discussed in the previous two chapters, hierarchical learning methods have been de-
veloped [15, 16, 17, 18, 19] to overcome the challenges of extreme multi-class classification
problems. However, as all of these methods were designed for non-network data, extending
them to a hybrid network classification approach (using both node attributes and link struc-
ture information) is not an easy task. Furthermore, although open source tools are available
for large scale network analysis, they are not designed for node classification tasks. Pega-
sus 1 [73], for example, was designed to analyze networks with billions of nodes and edges
by providing functionalities to compute the diameter of the graph, the Pagerank scores of
nodes, as well as to find connected components using techniques such as spectral clustering.
The techniques developed in Pegasus rely on the link topology only, which overlooks the
importance of node attributes in the analysis. As a result, there is an urgent need for new

techniques to address the challenges in large multi-class network learning.

1h‘ctp://WWW.CS.cmu.edu/ pegasus/index.htm
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In the previous chapter, we have presented a framework for multi-class learning known as
MF-Tree. This chapter presents an extension of the framework for large multi-class learning
in network data. The modified framework systematically combines node attribute with link
information to learn the hierarchical structure of the classes from network data. Specifically,
we recursively optimize a global objective function to learn a binary discriminant function
to partition the classes based on the node attributes and link structure until the partition
contains only a single class. During testing, a test example is routed from the root to one
of the leaf nodes in the tree structure, from which the label associated with the leaf node is
assigned as the predicted class label.

To address the efficiency issue of large-scale network learning, our framework also has an
approximate version, which allows the partitions at the top levels of the tree to be determine
without requiring the expensive computation of matrix factorization. Similar to the approach
described in the previous chapter, the framework allows us to choose the proper parameter
setting (7) based on the specific needs of the problem. If our priority is to achieve a high
training efficiency, we could apply the approximate MF-Tree with larger 7. Otherwise, we
could use regular MF-Tree to obtain the best classification accuracy. Second, the proposed
approach is trivially parallelizable. A MapReduce implementation of the framework for
network data has been developed to improve its scalability to larger networks. As proof of
concept, the MapReduce framework was applied to the Wikipedia network data that contains
more than 600K classes. To the best of our knowledge, this is the largest multi-class network

learning problem that has ever been reported in the literature.
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5.1 Methodology

Let N = (V, E, D) be a network of order n, where V = {v1,v9,- -+ ,v,} is the set of nodes,
E CV xV is the set of edges, and D is the set of data instances associated with V. Each
instance in D is characterized by the tuple (x,y), where x € R4 is a d-dimensional feature
vector (known as the node attribute) and y € {1,2,--- , c} isits class label. The goal of multi-
class network learning is to induce a labeling function f(V, E, D) that minimizes the expected
misclassification rate for any instance drawn from network NV, i.e., min ¢ E)~pll(f(x),9)];
where /¢ is the loss function. The objective function used as an estimate of the regularized

empirical loss function is described in the next subsection.

5.1.1 Global Objective Function

Let X be an n x d centered design matrix, whose rows correspond to the data instances and
columns correspond to the node attributes. An uncentered design matrix X can be easily
centered by applying the matrix operation H,X, where H,, is the centering matrix defined
as H, =1— %1n1£. Let A denote the n x n adjacency matrix for the link structure of the
network.

Our MF-Tree for network is then designed to optimize the following regularized loss

function for an undirected graph:

T = X = LWHE+ M[A = LPLY |3 4+ X |WF + A PLY (1 (5.1)

— tr {XXT —xwrl —wTxT y twTwirt

+A1tr

AAT — AarpPTIT — LprTAT & LPLTLPTLTl

+Agtr {WWT + Astr|UUT
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where L is an n x ¢ matrix, which indicates the class membership of each data instance,
W is a d x ¢ matrix, which represents the feature vector of each class, and P is a ¢ X ¢ is
class covariance matrix, which represents the correlation between classes. A1, A9 and A3 are
the regularization parameters. Intuitively, the objective function seeks to approximate the
matrices X and A by their low rank approximation matrices given by the matrix products
LWT and LPLT, respectively. The first two terms in the objective function aim to measure
the error in the approximation while the last two terms are regularizers for the matrices W
and PLT.

The purpose of optimizing this objective function is to jointly factorize the centered data
matrix X and adjacency matrix A to learn L and W. For directed graph, we can write

PLT = UT and reduce the objective function as follows:

I = | X = LWT% + M)A = LUT % + M| W% + 3] U 1% (5.2)

— tr|XXT —xwiT —wTxT L twlTwir?

+atr | AAT — AauLT — Lot AT + LoTuL”

+Agtr [WWT] + Astr

UUT}

5.1.2 Relationship between Proposed Method and HSIC

As we have discussed in the previous chapter, the Hilbert-Schmidt Independence Criterion
(HSIC) [21][22][23][24] is a recently proposed unsupervised learning measure for taxonomy
learning. We have provided a theoretical proof to demonstrate the equivalence between the
objective function of MF-Tree and HSIC. Similarly, in this section, we first show that the

network extension of MF-Tree is also equivalent to HSIC. Given the additive property of
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HSIC, the task of large multi-class network learning can be decomposed into a set of binary
classification tasks, which can be organized in a hierarchical tree structure.

To demonstrate the relationship between our global objective function and Hilbert-
Schmidt Independence Criterion (HSIC), we first take the partial derivative of J with respect

to W and U and set them to zero:

(JT) T T

= = oXTL oW L L 4+ 20,W =

507 + + 20 =0
W = XTLILTL 4+ A1)t

oJ) _ T T _

) = M(—2ATL +2ULTL) 4 203U = 0

= UNMLTL+ X0 =MATL

A
U=ATLILTL + )\—31]’1
1

Replacing these back into Equation (5.3), we have:
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Assuming Ay =1 and Ao = A3 = A, J can be further simplified as

—1
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The term | X XT 4+ AAT| can be regarded as the joint kernel matrix of both content and
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link structure, which already known given the design matrix and adjacency matrix. Thus,

finding a solution that minimizes J is equivalent to solving the following trace form:

XXT 4 AAT | L[l + A1)~ LT (5.3)

max tr
L
Let K = XXT 4+ AAT 2, we could enforce the following constraint during training:

Ltmz’n[Lg;amLtmin + )\I]_ILT —vey?T

train

where Y € R™*¢ is the class label matrix, C' € R¢*¢ is the tree structure covariance matrix.

We could simplify the Equation (5.3) as follow:
max tr [KYCYT} (5.4)

where the covariance matrix C' associated with the label tree structure is jointly estimated
from the link structure and node attribute information of the network. Cj; is a measure
of similarity between the i-th and j-th classes. The larger the value of Cj;, the closer is
the relationship between two classes. Thus, we have shown that optimizing our regularized

objective function for network learning is equivalent to the optimization of HSIC.

2To save the space and running time, we keep K as a sparse matrix. In our implementa-
tion, we only maintain the elements in X X T with value larger than 0.3, this threshold value
could be adjusted based on the specific needs of the problem
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5.1.3 Additive Property of HSIC

As shown in previous chapter for MF-Tree, the tree-structure covariance matrix has an

additive property, which can be formally written as follows:

Com =Bos+By+---+Bom, (5.5)
where sz = I2j ® 12m—j 12Tm—j7 1,0 =1, and m is the depth of the binary tree. Thus, we
can write: _

logy k logy k 9i—1

T _ ~T _ B . YT
YCY" = Z YB,,Y" = Z Z YJB%,ij
i=1 i=1 j=1

This additive property enables us to solve the optimization problem with a hierarchical
tree-like decomposition. Instead of learning C directly by maximizing the objective function
in (5.4), we can learn a set of block matrices Bzij iteratively, each of which is associated

with an internal node of the tree structure.

5.1.4 Hierarchical Tree Construction from Network Data

To construct the tree, we need to solve the objective function given in (5.4). Using the tree

decomposition approach given in Equation (5.5), we simplify this to

max »  tr {KjijjBi,ijT (5.6)

{B}

0,J
where the optimization problem can be solved iteratively, one block matrix B at a time.

Similar to MF-Tree, by setting C; = Y;"FKM'Y]', our tree construction step is equivalent to
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finding a matrix B; ; that maximizes its alignment to C);.

ma.

XZtI‘ |:C]BZJ} (57)
B}

For brevity, we omit the subscript (i,j) in the rest of the sections. Since B is a symmetric
matrix, let B = GGT, where G € R*2. Tt is easy to show that:
cTca

tr [CB] = tr [CGGTl = tr

Following the same approach as MF-Tree, we can relax the condition that elements of G

must be either 0 or 1 and add a condition that G is an orthogonal matrix:

GTca| st. GTa =1,

max tr
G

The optimization problem can be easily solved by finding the first two eigenvectors of C.

After performing eigenvalue decomposition on C, we can write:

C = GAGT (5.8)

Once the matrix G is known, we can apply the following equation to determine the

partition each test example show follow:

p=GlYTk,

where k is the kernel similarity between the test example and the training examples. This is
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equivalent to the formula used for predicting the branch to follow in the MF-Tree framework
described in the previous section. After computing p, we assign the test node to the partition
with largest value. We summarized the hierarchical tree construction procedure in Algorithm

5 and the node testing procedure in Algorithm 6.

Algorithm 5 Hierarchical Tree Construction from Network Data

Input: G = (Va L, D)a (XtrainaYtrain) C D, Xtrain € RnXd7 Yirain € Rk
Output: Tree Structure, T’

1. construct A from G

2. root = TreeGrowth(X¢yqin, Yerain, A)

3. Insert root into T’

4. return T

function TreeGrowth(X,Y A)

1. v = createNode()

2. v.index = getIndex(X)

3. if number of classes in ¥ < 2 then

4 v.class = unique(Y')

5. else

6. (X(l),Y(l),X(T),Y( ") v, g) = Partition(X,Y A)
7 vleft = TreeGrowth( xW y® 40

8 v.right = TreeGrowth(X ("), ) Y( ), A)
9. end if

10. return v

function Partition(X,Y ,A)

Compute the centered kernel K from X and A.
Compute C = YTKY

Compute the first two eigenvectors g(l),g@) of C
Let 8- [9(1)79(2)]

(X ) = {(x, y; {yz =k, arg maxq gr; = 1}
(X ( ) T)) {(xi, i ‘yz =k , aArg Maxy; grj = 2}
return (X, y() x(1) y(r) )

No W

5.1.5 Parallelization of Hierarchical Tree Learning

Our framework can be easily parallelizable. As shown in Algorithm 5 and 6, the key step in

the optimization of our objective function is to solve a matrix multiplication problem and to
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Algorithm 6 Testing with Hierarchical Tree
Input: Xiest, Xirain, Yerain, A T
Output:Yiest

1. for each x € Xt do

2. wv="T.root

3.  while v.class = () do

4. k = Similarity(x, Xipqin, A, v.index)
5. Y = Subset (Y qin, v-index)

6. Jg=1.g

7. p=gtvTk

8. v = getChild(p,v)

9. end while

9. Insert y = v.class into Yiegt

10. end for

11. return Yieq

find the eigenvectors corresponding to the two largest eigenvalues of the tree structure covari-
ance matrix C. To perform the matrix multiplication and extract the eigenvectors, we apply
the HEIGEN algorithm [74], which provides an efficient matrix-matrix multiplication under
the Hadoop/MapReduce distributed programming framework. HEIGEN has an eigensolver
for billion-scale matrices to compute the top k eigenvectors using the Hadoop/MapReduce
framework. We evaluated our parallelization approach for MF-Tree on a cluster of machines
running MapReduce with 128 worker nodes have 8 cores and 32 GB RAM each. The results

are reported in the next section.

5.2 Experimental Evaluation

This section presents the results of our experiments to evaluate the performance of the

enhanced MF-Tree framework for network data.
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5.2.1 Network Data

We evaluated the performance of the proposed framework on two real-world network data—

U.S Patent and Wikipedia data sets. Details of the data sets are given below.

5.2.1.1 U.S. Patent Data

We have extracted the U.S. patents granted between January 1963 and December 1999 from
a website called PatentGenius 3 along with the citations made to these patents between 1975
and 1999 (over 16 million). For each patent, we extracted the title, abstract, category, and
citation information from each patent Web page. We ended up with 3,774,768 patents with
16,518,948 citation links. There are 22 general categories in the US Patent Data as shown in
Table 5.1. Each general category has its own subcategories, which produces 426 classes under
which a patent can be categorized. These classes are further divided into more subclasses,
which in turn, produces a hierarchical structure between classes. For this experiment, we
tested our algorithm using 3139 patent U.S. sub-categories. The class distribution of U.S.
Patent Data is highly skewed, as shown in Figure 5.1, with the largest class containing 25,727
patents, and the smallest class has only 8 patents. A patent citation network is constructed
from the data, where each patent is a node while its title and abstract represent the node

attributes. The edge set contains citations between pairs of patents.

5.2.1.2 Wikipedia Data

We created network data from Wikipedia dump dated October 9, 2009, where each Wikipedia
article is a node and its title and content form the node attributes. The link set contains cita-

tions between pair of articles. We generated two versions of the network data for evaluation

Shttp://www.patentgenius.com/
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Table 5.1 22 General Categories of U.S. Patent Data

Class No. of Patents
Business 26790
Chemistry 441687
Clothing, Fashion & Accessories 52895
Communications 281045
Construction 112621
Electrical & Energy 383168
Engineering 84506
Entertainment & Recreation 36342
Firearms & Weapons 5968
Food 20896
Health & Medicine 227264
Household 96166
Industrial 393949
Information Technology 479869
Material Science 418611
Optical & Optics 147182
Packaging & Containers 93128
Papers, Printing & Office Supplies 52285
Physics 159269
Plants, Animals & Agriculture 25913
Tools & Hardware 82137
Transportation & Automotive 153077

purposes.

1. Wikipedia Data 1, which contains articles from all the subclasses of the biology
category. There are altogether 98,068 articles belonging to 2,924 classes with 331,916

hyperlinks between articles.

2. Wikipedia Data 2, which contains the entire 2,365,436 articles belonging to 614,428

classes.

Similar to the U.S. Patent data, the class distribution for Wikipedia data 1 is also skewed, as
shown in Figure 5.1. Due to the imbalanced class distribution, accuracy is not a good metric

for evaluating the performance of the framework. We will discuss the evaluation metric used
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Figure 5.1 Class Distribution of U.S. Patent and Wikipedia Data 1

in the next section.

5.2.2 Evaluation Metric

Accuracy is a widely used evaluation metric for classification tasks. The metric can be com-
puted from a confusion matrix that summarizes the total number of examples correctly and
incorrectly predicted by a classification method. Figure 5.2 shows an example of a confusion
matrix for a binary classification problem, where the columns are the predicted classes and
the rows are the actual classes. The two classes are denoted as positive and negative class,
respectively. In the confusion matrix, true positive (T'P) is the number of positive exam-
ples correctly predicted, true negative (T'N) is the number of negative examples correctly
predicted, false positive (F'P) is the number of negative examples incorrectly classified as

positive, while false negative (F'N) is the number of positive examples incorrectly classified
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Predicted Predicted
Negative Positive
Actual TN FP
Negative
Actual FN TP
Positive

Figure 5.2 Confusion Matrix

as negative. Then accuracy is formally defined as

Accuracy =

Unfortunately, accuracy is not an appropriate metric for data sets with imbalanced class-
es. For example, if we have 99 instances belonging to the negative class and 1 instance from
the positive class, then a classifier that predicts all 100 instances as negative class will have
an accuracy of 99% even though it fails to detect any instance from the positive class. In-

stead of accuracy, we report the experimental results using both micro and macro-averaged

TP+ TN

TP+ FP+TN+ FN

F1 scores [75]. The metrics are formally defined as follows:

85




5.2.2.1 Micro-average F1

Let TPy, F'P;., and F'N}, be the true positive, false positive, and false negative of class k € C.

The micro-average F'1 score is defined as:

.. ZkeC Ny
Precision =
> kec(TP, + FP)
TP,
Recall = ZkeC k

> kec(T Py + FNg)
2 x Precision x Recall

Micro- F1 =
1Cro-average Precision+Recall

Note that micro-average F1 is computed based on the average precision and recall values of

all the test instances.

5.2.2.2 Macro-average F1

The macro-average F1 score is defined as:

Preci TP,
recision = =
& TP, + FP,

TP,
Recall, = —— %
Tk T TP T FN,

Macro-average F1 =

1 Z 2 x Precisiony, x Recall},
|C| = Precisiony, + Recally,

The metric is computed by averaging the F1 scores for all the classes.
When the class distribution is skewed, the macro-average F1 score will be highly influ-
enced by the Fl-score of the rare classes. In contrast, the micro-average F1 score will be

dominated by the performance of the classifier on instances from the larger categories.
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5.2.3 Experimental Results

This section describes the results of our experiments on both U.S. Patent and Wikipedia
network data sets. We compared the hierarchical tree learning framework (denoted as HTL)
against a well-known label propagation algorithm [36] and the decision tree classifier (applied
to node attributes only). For this experiment, we apply the holdout method, where half of
the network data was used for training and the remaining half was reserved for testing

purposes.

5.2.3.1 Results on U.S. Patent Data

Tables 5.2 and 5.3 showed the micro- and macro-average F1 scores for the various algorithms
on the U.S. Patent Data. For this experiment, we vary the number of classes by mapping
the patents to their corresponding classes at different levels of the class hierarchy. Recall
that the top level of the class hierarchy contains 22 classes, while the second level contains

426 classes, and the subsequent level contains 3,139 classes.

Table 5.2 Micro-average F1 Comparison on U.S. Patent Data

No. Classes | Label Propagation | Label Propagation | Decision Tree | HTL
(Link only) (Link + Content)

k=22 0.582 0.592 0.569 0.622

k = 426 0.500 0.511 0.490 0.512

k=3139 | 0.312 0.330 0.302 0.328

Table 5.3 Macro-average F1 Comparison on U.S. Patent Data

No. Classes | Label Propagation | Label Propagation | Decision Tree | HTL
(Link only) (Link + Content)

k=22 0.426 0.457 0.408 0.466

k =426 0.338 0.3760 0.316 0.396

k=3139 | 0.257 0.261 0.238 0.276

The following observations can be made based on the results shown in the tables:
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1. Hybrid approaches are more effective than attribute-only and link-only node classifica-
tion methods. For example, the performance of the proposed hierarchical tree learning
(HTL) method is superior than simple decision tree classifier constructed on the n-
ode attributes only, both in terms of their micro- and macro-averaged F1 scores. In
addition, a hybrid labeled propagation approach using both the link structure and
Web content of the patents consistently outperforms label propagation with link-only

information.

2. In terms of macro-average F1 scores, the proposed HTL method is better than the
hybrid label propagation method for 3 all cases (k = 22,426, and 3139). As noted ear-
lier, macro-average F1 is mainly influenced by the performance of the rare classes, this
result demonstrates the effectiveness of the proposed method for handling imbalanced

class problems compared to the other baseline methods.

3. In terms of micro-average F1 scores, the proposed HTL method is better than the
hybrid label propagation method on 2 out of 3 cases (k = 22 and 426). For k = 3139,
our results are slightly worse. This suggests that the hybrid label propagation method

is slightly better in terms of classifying instances from the larger categories.

To support our previous assertion that HTL is more effective at classifying the rare
classes, consider the plot shown in Figure 5.3. The horizontal axis of the plot corresponds to
the ID of individual classes in the U.S. Patent data, sorted by their increasing class size. The
vertical axis, on the other hand, corresponds to the F1 score of the class. The results clearly
showed that the F1 score of HTL for rare classes is higher than those obtained using link
propagation and decision tree methods. HTL also outperforms decision tree classifier on all

the classes as its curve lies above the curve for decision tree classifier. The figure also shows
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Figure 5.3 F1 Score for each individual class in the U.S. Patent Data (where the classes are
sorted in increasing class size).

that the label propagation methods generally work better than HTL on the larger classes.
This result is consistent with the micro- and macro-average F'1 scores shown in Tables 5.2,
5.3, and 5.5.

Although the hybrid label propagation method is also quite effective, it does not produce
a hierarchical tree structure that represents the conceptual relationship between classes.
Decision tree classifiers, on the other hand, produces trees that (1) may not include all
the classes in their leaf nodes, and (2) may contain classes that are split into multiple leaf
nodes in the tree. In contrast, the binary tree generated by the proposed HTL method can be
interpreted as a class hierarchy as it includes all the classes in the data and assigns each class
to exactly one leaf node in its induced tree. Figure 5.4 provides a snippet of the tree structure
obtained after applying HTL to the U.S. patent data, which contains 22 classes. The tree

structure (up to depth 4) shows that we can capture the relationships among the classes very
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Figure 5.4 A snippet of the class hierarchy structure (up to depth 4) generated by the
proposed method for the 22 classes of the U.S. Patent Data

well. For example, chemistry related classes (chemistry, firearms, health& medicine, papers,
printing & office supplies) were assigned to the same branch. Although there were some
uncertainty in the assignment (e.g., food with material science and clothing), in general, the
classes located near the bottom levels of the tree are quite related to each other.

Testing Efficiency Comparison. To compare the test efficiency, we compared our
method against decision tree classifier on the U.S. patent data and plotted their results in
Figure 5.5. The horizontal axis in the figure corresponds the test time while the vertical axis
corresponds to the macro-average or micro-average F'1 score. We applied each method to the
different variants of the U.S. Patent data (with & = 22,426, and 3139). As we can seen from
the figure, our method consistently achieves higher average F1 scores but is slower in terms
of test efficiency even though the size of the tree produced by the HTL method is shorter
than the size of a decision tree (see Table 5.4 for a comparison of the maximum depth of
the trees). We believe this is because our method needs to perform more complex matrix
computations at the internal nodes of the tree compared to a decision tree classifier, which

uses simple attribute test conditions to determine which branch to follow.
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Table 5.4 Tree Depth Comparison on U.S. Patent Data
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Figure 5.5 Testing Efficiency Comparison on U.S. Patent Data
5.2.3.2 Results on Wikipedia Data 1

In this section, we tested our algorithm on Wikipedia data 1, which contains 98,068 articles
belonging to 2,924 subclasses of biology. Results in terms of both micro-average F1 and
macro-average F'1 are shown in Table 5.5.

Table 5.5 Performance Comparison on Wikipedia Data 1

Label Propagation | Label Propagation | Decision HTL
(Link only) (Link + Content) | Tree
Micro-average F1 | 0.413 0.425 0.416 0.427
Macro-average F1 | 0.351 0.365 0.349 0.371

The results suggest that the proposed method is slightly better than all 3 baselines in
terms of both evaluation criteria. Since its macro-scale F1 score is slightly higher than that
for hybrid label propagation, this agrees with our previous observation on the U.S. Patent
data that the proposed method is better in terms of dealing with rare classes. This conclusion

is supported when analyzing the F1 score of the individual classes. As shown in Figure 5.6,
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Figure 5.6 F1 Score for each individual class in Wikipedia Data 1 (where the classes are
sorted in increasing class size).

the propose HTL method has highest F1 score when the class size is small. However, it is
slightly worse than the label propagation methods for some of the larger classes.

Testing Efficiency Comparison. The test time for decision tree classifier on Wikipedia
Data 1 is 427.9 seconds while the proposed HTL method takes 516.8 seconds. Although
our method is slightly slower, it consistently outperforms the decision tree classifier in terms
of both its micro-average and macro-average F1 scores. In addition, unlike decision trees,
our method has the ability to generate meaningful taxonomy structure to reveal the class
relationships. With the given 2,924 classes in Wikipedia data 1, the decision tree classifier
generates a tree with maximum depth of 516, while the proposed HTL method generates a

tree with maximum depth of 13.
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5.2.3.3 Parallel Results on Wikipedia Data 2

To evaluate the performance of our parallel HTL method, we use the Wikipedia Data 2,
which contains more than 600K classes and 2 million articles. The results are shown in
Table 5.6. Since none of the competing methods are applicable to such a large size data set,
we reported only the performance of our method in this section. Unlike Wikipedia data 1,
the number of classes in this data set is 200 times larger, which explains its lower F1 scores.

It is also computationally more expensive, requiring 27,153 seconds for testing.

Table 5.6 Results on Wikipedia Data 2 using the parallel HTL method.

Micro-average F'1 | 0.3436
Macro-average F'1 | 0.1738

5.3 Conclusion

In this chapter, we proposed an extension framework of our MF-Tree for large multi-class
network classification. We demonstrate that our proposed method can systematically com-
bine both the node attributes and link structure to effectively learn a hierarchical structure
from large multi-class network learning problems. Experimental results confirmed the effec-

tiveness of our method.
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Chapter 6

Co-classification of Heterogeneous

Networks

Most existing network learning techniques have focused on the analysis of a single network.
One drawback of this type of methods is that information from a single network may not be
sufficient to effectively learn an accurate classification model, especially when the network
has noisy attributes or incomplete link structure. In this chapter, we introduce a framework
that can jointly classify heterogeneous networks with different types of attributes and links
but share similar characteristics in terms of their class information. The proposed framework
is known as co-classification.

As an example of a co-classification task, consider the network of editors and articles
in Wikipedia. Wikipedia has become the largest online knowledge repository with approx-
imately 15 million articles written in more than 270 languages, among which more than 3
million of them are in English. These articles are written collaboratively by voluntary users
around the world. Given its massive amount of information and the fact that most of its
content can be edited freely by any users who have access to the Internet, it is not surprising
Wikipedia has become a rich domain for a variety of interesting classification problems such
as topic detection of Wikipedia articles, categorization of Wikipedia editors as humans or

bots, and classification of Wikipedia content as featured articles, controversial /inflammatory,
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spam, or vandalism. These tasks can be cast into a network classification problem, in which
the goal is to assign a class label to each node in the network (e.g., an article or a user)
based on the node features and link information [76][77][78][40].

Most of the previous works have focused on classifying nodes in a single network. Since
the Wikipedia articles and users are inextricably related, knowing the class label of an article
often aids in the classification of users, and vice-versa. For example, in topic detection of
Wikipedia articles, the category of an article provides evidence for the interest area of a user
who edited the article’s content. Similarly, in spam detection, we expect spam content to
be more likely contributed by spammers than non-spammers. Assigning class labels to both
articles and users in Wikipedia not only increases the amount of labeled data available, it is
often a natural process during the creation of the training data itself (e.g., to label a user as
a spammer or a vandal, one has to know whether the edited content should be considered a
form of spam or vandalism). Despite the obvious relationship between their classes, none of
the previous works on Wikipedia classification [79][80][81] were designed to co-classify the
article and user networks.

A co-classification method was previously developed in [13] to detect spam and spam-
mers in social bookmarking Web sites. The method is based on extending the least-square
support vector machine (LS-SVM) formulation to network data, taking into account the cor-
respondences between the classes in different networks. Nevertheless, the method assumes a
binary class problem, where the nodes in each network are assigned to one of two possible
classes (spam/non-spam or spammer/non-spammer). However, there are many Wikipedia
classification problems in which the nodes in the user and article networks may have more
than two classes. Though it may be possible to transform the multi-class problem into mul-

tiple binary classification problems (using the 1-vs-1 or 1-vs-rest strategies), this approach
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may not be effective because each binary classifier is trained independently, disregarding the
effectiveness of other classifiers. It is also inapplicable when the number of classes in article
and user networks are different.

In this chapter, we present an extension of the LS-SVM formulation for network data to a
multi-class problem. Specifically, we formalize the joint classification tasks as a constrained
optimization problem, in which the relationships between the classes of nodes in two different
networks are modeled as graph regularization constraints. Unlike the previous binary class
formulation in [13], the formulation proposed here allows us to incorporate prior knowledge

about the potential relationships between classes in different networks to avoid overfitting.

6.1 Preliminaries

We begin with a brief discussion of the terminology and notations used. The terminology is
given in the context of user and article networks in Wikipedia. User: A registered user is
identified by a username and has an associated user page on Wikipedia. Unregistered users
are also allowed to edit the Wikipedia pages. These users are identified by their corresponding
IP address. In this study, we consider only registered Wikipedia users. Let U be the set
of such users. Article: Articles in Wikipedia have a title and are organized by categories.
Some articles are considered Wikipedia stubs, which has been created as a placeholder for a
particular topic but does not contain any useful text information. In this study, we consider
only non-stub Wikipedia articles. Let A be the set of such articles. User-Article matrix:
The edits made by users on Wikipedia articles are represented in a user-article matrix M,
where M (i, 7) is the total number of edits made by user i on article j. Category relation

matrix: Let F; be a category relation matrix estimated from the training data. The matrix
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represents the number of links between each user category and article category. For instance,
Et(y(“), y(a)) is the total number of edits made by users from category y(“) on articles from
category y(@) | where y(¥) € {1,2,...ky} and yl@) ¢ {1,2,....kq}. ky and kg are the number
of user and article categories, respectively.

Our proposed framework assumes that there is a correspondence between user and article
categories (classes). For example, suppose we are interested in classifying the topic areas
of Wikipedia users and articles. We expect users who are classified as “computer science”
editors to edit more articles classified as “computer science” than other areas such as “bi-
ology”. As will be shown in Section 6.2, this assumption can be enforced using a graph
regularization constraint in our proposed co-classification framework.

Before describing our methodology, we first formalize the co-classification problem. Sup-

pose we are given:
1. A set of I, labeled users, £ = {(asgu), y%u)), (xgu), yéu)), e (a:l(u), Yy, )} where x( )is
a dy-dimensional feature vector for the i-th user and yZ E {1,2...ky, } is its class label.

2. A set of ny, — [, unlabeled users, U = {xl(erl, xl(ZLQ’ e ,w%)}

3. A set of Iy labeled articles, £() = {(x(la), y§a>), (:E;CL), yéa)), ...(xl(s), yl(s))} where :ztg-a)is

a dg-dimensional feature vector for the j-th article and y E {1,2,--- ,kq} is its class
label.
4. A set of ng — lg unlabeled articles, Y(®) = {x(a) 2 x(a)}
. a a 9 - la+17 la+27 »““Naq,

5. A set of user-article pairs, M, where (:vgu) ) xé-a)) € M if user xz(-u) edits article as§-a).

Definition 5 (Co-Classification). Given £ 2@ and M, the goal of co-classification is
to learn a pair of classifiers: (1) fy : Ru {1,2, -+, ky} that accurately maps the feature
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vector of a user (") to its class label y™) and (2) fo : Rba — {1,2,---  kq} that accurately

maps the feature vector of an article 2(9) to its class label y(a).

6.2 Methodology

This section presents the detailed of our proposed co-classification framework. We first
present a maximum margin classification approach to classify the Wikipedia users and articles

independently. We then describe the proposed co-classification approach.

6.2.1 Independent Classification of Wikipedia Users and Articles

The framework developed in this study is an extension of the LS-SVM formulation for
network data developed in [13]. Before describing the framework, we first consider the
task of classifying Wikipedia users and articles independently. Given a set of labeled users
E(“>, we may construct a LS-SVM classifier for users by minimizing the following objective

function:

1 u u 1 u
Ly(w,b,e,a) = 5 Z (wy(n)Twr(n)) +71§Z Z €§n32
m=1 =1 m#yl
N Z Z Wi (W ) + b( u mSUZ(U) - bgg) -2+ 62('er)> (6.1)

i=1 m#y;

where {a;,,} is the set of Lagrange multipliers. Similarly, the corresponding Lagrangian

formulation for classifying articles can be expressed as follow:
ka

Lo(w,b,e, ) = Z wn )+ Y9= sz

n=1 Jj=1 n#y‘y
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la
=30 Bl 4 b — il — bl — 24+ ) (6.2)

- J mn
Jj=1ln#y;

where {wT(La)} is the set of parameters for the article classifier, 79 is a parameter that controls

the penalty of misclassifying articles, and 5%) is the error of classifying the j-th article.

6.2.2 Co-Classification of Users and Articles

Instead of solving the optimization problems for classifying users and articles independently;,
we propose a co-classification algorithm that utilizes the link structure between users and
articles from the two relation matrices F; and M described in Section 6.1. The category

relation matrix Fy is computed as follow:

where xz(.u) e LW ylu) ¢ {1,2,...ky}, :cs.a) € £ and y(@ ¢ {1,2,...kq}.
Users

Aurticles

Figure 6.1 A Sample of User-Article network

Figure 6.1 shows an example of the links between Wikipedia users and articles. Sup-

pose both the users and articles are divided into four categories, represented by nodes with
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the following colors: white, blue, gray, and cyan. The edge between the user and article
corresponds to the number of edits, which is captured by the user-article matrix M. For
example, M (ug,as) = 4 means user ug have edited the article ag four times. Each entry in
the category relation matrix E’t(y(”),y(a)) corresponds to the sum of the weights of edges
between users from category y(“) and articles from category y(a). For example, Fy(white,
gray) = M (ug, ag) + M (uy,a3) = 10.

One limitation of using FE} is that if the number of labeled users connected to the labeled
articles is small, then the relationship between the user and article classes may not be
accurately represented by F;. Furthermore, the presence of noisy links in Wikipedia data
also have an adverse affect that may degrade classification performance. In many cases, we
may have some prior knowledge about the probability of a link between nodes in two classes
in the user and article networks. This information can be encoded using a prior matrix Ey
to avoid overfitting the model to the observed relationships between classes in the different
networks. Based on these two considerations, we construct an adjusted category relation

matrix as follows:

By, y W) = aBy(y™,y @) + (1 - a) By (y™, y(@), (6-3)

where 0 < a < 1 is a tuning parameter that controls the tradeoff between E; and Ej,. Its
value can be determined via cross-validation or set to a constant, say 0.5, for equal weighting.
We use the following prior matrix in our experiments: where the rows and columns are the
user and article categories, respectively.

The values in E; should be normalized for two reasons. First, the values in E¢ and £ do

not have the same scale. The larger values in Ey tend to dominate the overall value of E, thus
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Table 6.1 Prior category relation Matrix Ej(ky, ka)

Ca1 | Ca2 | Cu3 | Cuq
Cul 1 -1 -1 -1
Cu | -1 1 -1 -1
Cus | -1 -1 1 -1
Cua | -1 -1 -1 1

losing information about our prior knowledge. Second, it is useful to normalize the values in
E; so that it ranges between [-1,1]. As will be seen shortly, this helps to enforce a penalty
or reward scheme for our regularization constraint. Based on these two considerations, we

normalize F as follows:
/!
L (y§“)7y§“)> = ZEt ,yj

ke B (5" 4\)
ka

(u)

After normalization, if y,

and yj(.a)

(u) (@)

valued; otherwise, E; (y; >y j ) is negative-valued. The normalized value for E; will be used

(u)  (a)

/
are related categories, then E(y; Yj ) is positive-
to estimate F in (6.3).

The category relation matrix will be used to enforce a constraint between the user and
article classifiers. Specifically, the assumption described in Section 6.1 states that Wikipedia
users will not likely edit articles in their non-related categories. The following graph regu-

larization constraint is therefore introduced to penalize models in which users edit articles

that belong to non-related categories:

lu
13y Z Z E <y§“), y](a))(w (u) x§“> +b () —w (_a>:v§“) —b (0)
J J

i=17=1
M(mz’j
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The overall objective function for our co-classification framework of users and articles can

be written as follows:

ku l’LL
1 U u 1 w
L= 2 Z( 7(71)Tw7(n))+’7 52 egmﬂ
m=1 =1 m#yz
ka la
1 a a 1 a
P RRETPIP I
n=1 len#yj
lu
_ Z Z azm(wz(/ )xz(u) +b3(/U) _ 7(#)3:(10 b%) 2+e§2)
i=1 m#y;
la
= Y Bpnlwy el + o) — i — o) — 24+ &)
J=ln#y;
N
2,] (U) (a)
- wz(/?)ﬂ?;a) —bé‘;.)) (6.4)

where (w(“),w(a), e, &, a, ) are the model parameters to be estimated from training data
and (71,72,73) are user-specified parameters. For our experiments, we set 71 = 79 = 1
whereas 73 is estimated from the data via cross validation.

The objective function is solved by taking the derivative of L with respect to each of the
model parameters and setting them to zero.

This leads to the following set of linear equations, and could be expressed in matrix

notation as follows:



where C(") is a matrix that contains xgu) and E (m, y](-a)), the vector X(“) = (w(u) (Z)

o

i b(u)

b, €5 )T the vector b = (py, q1, 01, x ey » 2lu><ku)T> 07, x ey, 18 @ by X ky-dimensional
vector of 0s, 2;,xk, 15 a ly X ky-dimensional vector of 2s.  Analogously, C’(a>, X(“), and

pla) = (pQ,(]Q,Olana,2laxka)T are the corresponding matrix and vectors for solving the

parameters of the article classifier, where:

= 73 Z Z El (m, y§a))xgu)

ol
M ,xga))?eo

=32 Z E (m,y")
" y
Ml ),x(a))sﬁo

=3 Z Z E ", )

The block structure of the matrix equation in Equation (6.5) suggests that the system of
linear equations can be decoupled into two subproblems, one for learning the parameters of

the user classifier and the other for article classifier.

Cw (W) _ ) (6.6)
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Algorithm 7 Co-Classification Algorithm

Input: Z/{(a), Z/{(“), /J(a),ﬁ(“), M, E and ¥

Output: (y\")}i =1, + 1, ...nu), 1) = la + 1, .n0)

Initialize: 1. (a, f, b(“ (a ) — linearsolver(ﬁ(“), L(“), M, El, v)
2. yl@) Classify (U (a),a, (a ))

3. y(“) <+ Classify (U “),5, u )

c@), (@) — @) (6.7)

It is worth noting that the solutions for both equations are not entirely independent because
the terms p1, p2,q1 and go depend on the link structure of M and E. It is sufficient to solve
Equations (6.6) and (6.7) for (c, bT(;”LL) : ﬁ,b%a)) in order to classify the unlabeled users and
articles.

Algorithm 7 summarizes the high-level overview of our co-classification algorithm. The
linearsolver function solves the set of linear equations to obtain the model parameters.
The classify function takes the models parameters and unlabeled data as input to generate

their predicted class labels as output.

6.3 Experimental Evaluation

This section presents the experiments performed to evaluate the performance of the proposed

co-classification algorithm.

6.3.1 Data Set

To evaluate the performance of our algorithm, we downloaded the Wikipedia dump dated

Oct-09-2009. After preprocessing, we chose the following four topics from each network as
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our ground truth classes (ky, = k, = 4): biology, natural science, computer science and
political science. The label for each user is assigned based on label for the majority class of
articles written by the user. We created a sample that contains 5361 users and 6403 articles
for our experiments.

The experimental results reported in this section is obtained using 5-fold cross validation.
For each run, we use 4 of the folds for training and the remaining fold as test data. We
repeated the experiment ten times, each time using a random division of the data into five

folds. Table 6.2 shows the category relation matrix E; obtained from the training data.

/
Table 6.2 Category relation Matrix from training data E;

Cal Ca2 Ca3 Caq

Co1 | 0.6658 | -0.2225 | -0.2274 | -0.2159
Cy2 | -0.2186 | 0.6983 | -0.2385 | -0.2412
Cus | -0.2342 | -0.2271 | 0.5430 | -0.0816
Cua | -0.2423 | -0.2462 | -0.2398 | 0.7283

Our experimental results is summarized in Table 6.3. The table shows a comparison
between the performance of our proposed multi-class LS-SVM framework against applying
the LS-SVM algorithm independently on the user and article networks. For the latter case,
we employ the 1-vs-rest strategy to train the independent LS-SVM models. Note that Pre
means the average precision for all four categories, Rec means the average recall for all four
categories, and F7j is the harmonic mean of precision and recall. Clearly, the F| measure for
our proposed framework is higher than that for LS-SVM.

A more detailed analysis can be seen in Figures 6.2 and Figure 6.3, where we have shown
the F7 values for each class in the article and user networks. Notice that the improvement
in F7 is observed across all the classes. These results suggest that our multi-class graph

regularization framework along with the addition of prior matrix enables our algorithm to
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Table 6.3 Four categories average results

Article User
5-fold cross validation Pre Rec ] Pre Rec 3]
LS-SVM 48.8169 | 49.6420 | 49.2260 | 41.5724 | 40.6410 | 41.1014
Co-LS-SVM 50.1656 | 53.5612 | 51.8078 | 42.8800 | 46.2185 | 44.4867
.
—*— p=2
—%— p=5
0.98} +E’;\f°
—— J48
. % —¥— DAGSVM
0.941
0.92F
0.881
0.86 .
0 1 2 3 4 6 7 8 9 10

5
d(depth of tree)

Figure 6.2 Comparison of F] measure for each Article category between LS-SVM and Co-
LS-SVM algorithms

outperform LS-SVM models that are trained independently.

Despite the observed improvement, our overall F| measure is around 50%, which is
not very high. This probably is because the presence of noisy links in Wikipedia that
adversely affects our classification results. Furthermore, we use the content of the user page
in Wikipedia to represent the feature vector of each user. Since some of the user pages
contain only a few uninformative words or even empty, their feature vector may not be

effectively used for classification. As a next step in our work, we may consider removing the

noisy links and exploring additional features to represent the users.
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Figure 6.3 Comparison of F7 measure for each User category between LS-SVM and Co-LS-
SVM algorithms

6.4 Conclusion

In this chapter, we proposed a co-classification framework for Wikipedia user and article
networks, which utilizes relational information between these two networks and learn the
classifier models simultaneously. Experiment results have justified the effectiveness of our

method.
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Chapter 7

Future Work

In this thesis, I have presented my research to address some of the key challenges of large
multi-class network learning. First, a hierarchical learning technique known as recursive
non-negative matrix factorization was developed to deal with the test efficiency of large
multi-class problems. Another unique advantage of the approach is that it can accommo-
date the detection of new classes in the test data. Second, I present another approach known
as matrix factorization tree (MF-Tree), which was designed to optimize a global objective
function. A proof is also given to demonstrate the equivalence between the proposed reg-
ularized loss function and the Hilbert Schmidt Information Criterion. We also show the
additive property of the objective function, which allows us to decompose the large multi-
class learning problem into a series of binary classification tasks that can be organized in
a binary tree structure. Third, we extended the MF-Tree approach to deal with network
data. The enhanced MF-Tree approach systematically combines both the node attributes
and link structure information to perform large multi-class node classification and class hier-
archy generation from the network data. Finally, we introduce an approach to jointly classify
heterogeneous nodes in multiple networks in order to improve classification accuracy.

For future work, we plan to investigate the following two problems as extensions of this

thesis:
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7.1 Joint Label Tree Construction and Link Prediction

for Network with Large Number of Classes

Since the nodes and link structure are interleaved with each other in a network, node classifi-
cation and link prediction are two related learning tasks. This is because, in most networks,
more links are exist between nodes of the same class than between nodes of different classes.
Thus, we conjecture that the learning of one task could aid the learning of the other. The
hierarchical network learning method proposed in Chapter 5 builds a hierarchical structure
by optimizing an objective function to partition the data into subgroups at each internal
node. The partitioning may break links between pair of nodes that should linked together,
which may degrade classification performance. Designing an effective hierarchical learning
method that can jointly perform node classification and link prediction would be an inter-

esting subject for future research.

7.2 Classification of Documents into Reading Positions

From an application perspective, hierarchical learning methods can potentially be used to
provide navigational interface of content, i.e., a way to access content of a document collec-
tion. Currently, a popular way to access a large collection of documents is by using a search
interface that allows users to submit a query and view a dynamically generated ranked list
of relevant documents. Such an approach may work fine when a user is trying to locate a
specific document in the collection but is insufficient when users need to access the pertinent
documents in some logical order, e.g., for learning, research or editorial purposes.

Search engines hide document relationships while navigational interfaces tend to capture
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only fixed (static) relationships that do not adapt to a user’s specific need. In both cases,
to determine which resources to read and in what order, users must manually sift through
the documents returned by the system, which is a tedious process. Worse still, an individual
may read a significant number of documents in the wrong order, until he/she understood
how they relate to each other. Consequently, the user may have to re-read the documents
again in the right order to fully grasp their contents.

I have previously developed a novel algorithm to generate reading orders over set of
documents (from general to more specific) in [82]. Such type of reading order is extremely
useful in several contexts and applications. For instance, it can benefit researchers looking for
papers on a particular topic, editors selecting articles to publish on a web site, or I'T personnel
trying to figure out which documentation they should read first. My previous solution is
based on an unsupervised learning method to generate reading orders by analyzing the
conceptual relations among the documents. However it does not consider the document link
relations such as citations between documents, their common authors, etc. An interesting
research question would be to map the reading order generation as a hierarchical network
learning task, where each document is a node and the links represent the document link
relations. The goal here is to learn a classification or ranking model that accurately assigns
a given document to its proper reading position. Note that a ranking problem can be
converted into a series of classification problems. For example, to determine the rank among
documents dy, do, and d3, we can transform it into classifying whether d; should precede

ds, dy should precede d3 and dy should precede ds.
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