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Abstract

Clustering is one of the most common data mining tasks, used frequently for data
organization and analysis in various application domains. Traditional machine
learning approaches to clustering are fully automated and unsupervised where
class labels are unknown a priori. In real application domains, however, some
“weak” form of side information about the domain or data sets can be often avail-
able or derivable. In particular, information in the form of instance-level pairwise
constraints is general and is relatively easy to derive. The problem with tradi-
tional clustering techniques is that they cannot benefit from side information even
when available. I study the problem of semi-supervised clustering, which aims to
partition a set of unlabeled data items into coherent groups given a collection of
constraints. Because semi-supervised clustering promises higher quality with little
extra human effort, it is of great interest both in theory and in practice.
Semi-supervised clustering shares a difficulty with a large number of other
learning methods in data mining literature. That is, they lose their algorithmic ef-
fectiveness for high dimensional data. I focus on data with high-dimensional sparse

features and present a series of novel semi-supervised clustering approaches that are
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both effective and efficient in learning from high-dimensional data. The proposed
approaches are based on the dimensionality reduction idea. High-dimensional in-
put data are embedded into an optimal low-dimensional subspace determined with
the help of side information. The clustering structure of data is more evident in
the subspace than in the original input space, and thus enable higher quality clus-
tering solutions. The proposed clustering approaches explore both a small set of
constraints and the large amount of unlabeled data, thus perform robustly even
with limited side information. Besides, I also study how to automatically generate
constraints based on domain knowledge. Since automatically generated constraints
are inevitably noisy, I propose a semi-supervised approach that is able to use noisy
side information to improve clustering accuracy. Moreover, the non-linear sepa-
rability problem is studied in the semi-supervised clustering setting. I propose a
solution that is computationally as easy as a linear-transformation based method,

but is still able to separate non-linear data effectively.
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Chapter

Introduction

Clustering, as a fundamental machine learning technique, is essential for explora-
tory data analysis in statistics, pattern recognition, information retrieval, data
mining, and other fields. The study of clustering has a long history and a large
number of approaches have been developed. However, significant challenges still
remain. For example, like other learning techniques, a clustering approach often
loses algorithmic effectiveness when handling high-dimensional data with sparse
features. Moreover, given a data set to analyze, how to pick a proper clustering
criteria is a difficult decision. In this thesis, I propose novel semi-supervised clus-
tering approaches that are able to analyze high-dimensional data efficiently and

effectively.



1.1 What is Clustering?

Clustering is a typical unsupervised machine learning task. The field of machine

learning has traditionally been divided into three subfields

e Supervised Learning: The learning system is presented with data items
x; and explicit feedback of output values y; in the form of input pairs
{(xi,¥:)}=;. If X denotes the space of input values, and ) denotes the
space of output values, the goal of supervised learning is to to learn a pre-
diction function h : X +— )Y so that the system makes good predictions
{h(x)}[7L, to new observed items {x}}|7.,. If output values y; take discrete

values, it is a classification problem, otherwise, a regression problem.

e Unsupervised Learning: The learning system is presented with data items
{x;}|™; only without feedback. Identifying the intrinsic structure and orga-
nization of a data set is the main goal of learning. For this reason, clustering
is the supporting technique for data visualization, outlier detection, image
segmentation, topic extraction from text corpus, and many more applica-

tions.

e Reinforcement Learning: The learning system has a set of environment states
S and can take a set of actions A. The learner receives a late feedback in the
form of scalar reward for taking an action in state s, € S at time step ¢. The

goal of learning is for the system to develop a scheme h : S — A that takes



actions to yield the most reward.

1.2 What is Semi-Supervised Learning?

Semi-supervised learning is a new machine learning technique that has been at-
tracting more and more research interest in recent years [Vap98|, [NG00], [ZGL03],
[ZG09]. In general, semi-supervised learning is the learning task where the learner
observes data items {x;}|I", and partial feedback. Semi-supervised learning prob-

lems fall into two major categories

e Semi-supervised classification/regression: As in supervised learning, the
learning system observes a set of pairs {(x;,y;)}7.; of data items with feed-
back in the form of predefined output values. However, the number of such
item-and-feedback pairs is small. Besides, the system also observes a large
number of data items without feedback {x;}[7L;, m > n. Usually, a su-
pervised learning system is unable to learn an accurate relationship between
the space of input values X and the space of output values ) with a small
amount of training data. Semi-supervised classification /regression, however,
is able to learn from only a small amount of training data by also exploring

the structure of unlabeled data {x;}7,.

e Semi-supervised clustering: Besides a set of unlabeled data items {x;}|!",

the learning system also observes side information S taking various forms.



For example, the side information can say that items x; and x; are similar,
items x, and x, are different, or a cluster can contain no more than m data
items, etc. The side information serves as “weak supervision” to the learning
system. So the learning task is different from unsupervised clustering, where

the learning system cannot benefit from side information even available.

In this thesis, I focus on semi-supervised clustering problems. The side information
I study takes the form of pairwise constraints. In particular, there are two types

of pairwise constraints

e Must-links: two data items x; and x; are similar and thus should be clus-

tered together.

e Cannot-links: two data items x; and x; are different and thus should be

placed into different clusters.

Side information in the form of pairwise constraints is general. For example, la-
beled training data can be expressed by pairwise constraints but not for inverse.
Moreover, pairwise constraints naturally originate from many real application do-

mains.

1.3 Why is Semi-Supervised Clustering Useful?

The side information that can be explored by semi-supervised clustering techniques

originates naturally in many real application domains. Traditional unsupervised



clustering techniques are unable to benefit from the side information even available.
For example, consider the problem of clustering human faces that appear in a video.
A person’s position does not change drastically during a video shot. For special
videos, such as news or interviews, a person’s position does not change much even
during several video shots [CMMO03] . It is reasonable to consider two faces that
appear in adjacent frames in roughly the same position being the same person. For
another example, clustering techniques have been used to solve name disambigua-
tion problems [ETY*07] [HZG05]. Two name entities with similar spelling can be
candidates for pairwise constraints. If two name entities share a large number of
similar topics, or two author name entities share most of their coauthors, the two
entities can be considered as referring to one person, even the spellings of the two
entities have tiny difference which may due to spelling mistakes and other reasons.
On the other hand, if they share no common topics, two entities with the same
spelling can be considered as referring to two different people. Moreover, in the
task of Web document clustering, documents which share a large number of simi-
lar hyperlinks, or a group of documents with strong co-citation (i.e., co-reference)
patterns can be viewed as similar. Such domain-originated side information can
provide supervision to the clustering process.

Even when domain knowledge is not available to generate side information,
constraints can be derived manually with the help of human users. For example,

consider the problem of clustering images of objects or human faces. It may be
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(a) data items (b) clustering by shape 1 (c) clustering by color

Figure 1.1: One set of items has multiple reasonable clustering solutions.
difficult or costly for users to hand-label a large amount of images into pre-set
class labels. However, when users are presented with a simple binary question
of “are objects/faces in image x; and image x5 the same object/person or not?”,
answering Yes/No to the question is a lot easier.

Moreover, the clustering solutions to a given set of items are often not unique.
Consider the example shown in Figure 1.1. The data items can be reasonably
clustered into two groups by color or by shape. The side information provided by
a user reflects his/her expectation of the clustering results. Thus, semi-supervised
clustering can explore the clustering criteria implicitly suggested by the side infor-

mation, and can cluster items in a way that better satisfies a user’s need.

1.4 Difficulties in Handling High-Dimensional

Data

High-dimensional data are prevalent in applications such as database, text min-

ing, image processing, sensor data analysis, and bioinformatics. For example, for



database with high-dimensional data, many indexing techniques construct a sum-
mary of the data set using a linear transformation scheme to reduce dimensions,
and use the low dimensional synopsis for fast, approximate search.

Learning from high-dimensional data involves high computation cost. Besides,
a learning system has the curse of dimensionality problem [Bel61] [Don00]. In
particular, as the number of features keeps increasing, the learning performance can
decrease after a certain point. This high-dimensionality difficulty has frequently
been observed in practice [Ver03]. In supervised learning of high-dimensional data,
the number of training data items is much less than the number of parameters to
be learned. The learned model has high variance and does not generalize well.
For unsupervised learning, as the feature dimensionality increases, data points
become increasingly “sparse” [SEKO03]. Thus, data items in the high dimensional
space are equally far apart from each other no matter whether they are from the
same cluster or not. Since all the clustering approaches critically rely on pairwise
distances between data items, many clustering techniques lose their algorithmic
effectiveness when dealing with high-dimensional data.

It is often necessary to reduce the dimensionality when dealing with high-
dimensional data. Feature selection and feature reduction are two ways to reduce

dimensionality.

e Feature selection reduces dimensionality by selecting a subset of existing

features. Thus, the physical interpretation of each feature is preserved in the



reduced space. One may apply judicious feature selection to greatly reduce
the number of features prior to learning from the data. The effects of front-
end selection in supervised text classification were considered in [MN98]. The
results demonstrated that in removing many features, information about the
underlying data groups may be lost. Besides, a criterion function for feature
selection is typically defined as a function of the classification error. Thus,
feature selection is mainly used in supervised learning. For clustering tasks,

since labels are not available, selecting an appropriate subset of features is

difficult.

e Feature reduction reduces dimensionality by combining features with lin-
ear or non-linear transformations. Feature reduction is applicable to both
supervised learning and unsupervised learning, depending on the availabil-
ity of training data. A feature reduction approach can greatly reduce the
feature space dimensionality while still preserve discriminative information.
However, unlike in feature selection where the selected features retain their
original physical interpretation, the new features generated by a feature re-

duction approach usually do not have a clear physical meaning.

In general, the choice between feature reduction and feature selection depends
on the application domain. Since this thesis is about clustering, I focus on feature
reduction algorithms because they are also applicable to unsupervised learning.

The feature reduction techniques can be linear or non-linear. Linear approaches



are fast and suitable for practical application. However, when data lie in a compli-
cated manifold, non-linear feature reduction algorithms are able to represent data
better in the reduced space. In this thesis, I focus on linear approaches due to their
practicability. I will also show a new feature reduction approach that is linear but
still has the advantages of non-linear methods.

At last, it is also important to note that high-dimensional spaces also have their

advantages. Interesting readers refer to [Don00] for details.

1.5 Problem Definition

Let X be the input space containing n data points in f dimensions, {x;}}, €
X. We are given two types of pairwise constraints organized in two sets. Let
Qun = {(x:,%x;)}™, be the set of m pairs of must-link constraints, and Q¢ =
{(xi,x';)}¢_; be the set of ¢ pairs of cannot-link constraints. Let r be a desired
subspace dimensionality. The goal is to embed the f-dimensional data in an 7-
dimensional subspace, s.t. r < f, by learning a linear data transformation Z &
R/*" such that y = ZTx where y is the low-dimensional embedding of x. The main
research tasks focus on learning the data transformation Z by exploring pairwise
constraints ), and ¢, as well as exploring the structure of input data {x;}" ;.
After the transformation Z is learned, the Euclidean distance between two points

y1 and ys in the reduced space can be expressed as

d(y1,y2) = \/(x1 — x2) T 22T (x1 — x2) (1.1)
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which only depends on the original data points and the learned transformation

matrix.

1.6 Structure of the Thesis

The thesis is organized as follows. In Chapter 2, I briefly provide the background
of clustering and feature reduction techniques, and summarize representative clus-
tering and feature reduction approaches that are closely related to my thesis work.
In Chapter 3, I review existing work on semi-supervised learning in general, semi-
supervised clustering in particular, and put a focus on feature-reduction-based
approaches. In Chapter 4, I focus on clustering efficiency, and introduce a simple
semi-supervised dimension reduction approach that significantly improves cluster-
ing efficiencies and accuracies. In Chapter 5, I focus on automatically identifying
side information from domain knowledge, and introduce a semi-supervised cluster-
ing approach that is able to explore noisy side information. In Chapter 6, I explore
the problem of separating non-linear-separable data with linear transformations.
At last, in Chapter 7, I conclude my thesis work and discuss interesting future

work directions.

1.7 Notations

Through out the thesis, I use the following notation conventions.
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An important concept is emphasized with Italic font in the first mention.

A matrix Y is denoted by a boldfaced capital letter.

A vector y is denoted by a boldfaced lowercase letter.

A scalar y is denoted by an ordinary lowercase letter.

A set Y is denoted by this special font.

A function or operation is denoted by an ordinary capital or lowercase letter

followed by parentheses, e.g., Y (-) or y(+).

I tried to use consistent mathematical expressions throughout the thesis. For
example, I use R for the set of real numbers, X for a data matrix, and x for the
vector expression of a data item. However, because many mathematical expressions
are used in the thesis, one character, e.g., P may refer to different matrices in

different chapters (same for vectors, sets, etc.).



Chapter

Background

This chapter first gives a brief introduction to clustering algorithms upon which the
proposed semi-supervised clustering technique will be applied. It then introduces
the dimension reduction technique which is often closely related to clustering. At
last, it introduces clustering evaluation metrics that will be used throughout the

thesis.

2.1 Overview of Clustering
Clustering techniques can be roughly categorized into two groups:
e Hierarchical methods
— Agglomerative
— Divisive

e Partitional methods
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— Density-based
— Spectral

— Mixture-model-based

2.1.1 Hierarchical Clustering

Hierarchical clustering outputs a hierarchical structure of data items through a
series of data fusions or partitions. These algorithms can be either agglomerative
(“bottom-up”) or divisive (“top-down”) [JMF99]. Agglomerative algorithms treat
each data item as a singleton cluster and merge them successively into larger
clusters. Divisive algorithms treat the whole set of data items as a single cluster
and continue to split it into successively smaller clusters until individual items are
reached.

The hierarchical structure generated, which is also known as the cluster den-
drogram, is informative for users to understand the data collection. Hierarchical
clustering does not require the pre-knowledge of the number of clusters, which is
often required by other types of clustering algorithms. Despite these advantages,
hierarchical clustering is known for low efficiency. The most common hierarchical
clustering algorithms have a complexity that is at least quadratic in the number
of items to be clustered.

The crux of hierarchical clustering is measuring the distance between clusters.

Depending on the choice of distance metrics, major agglomerative algorithms in-
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clude single linkage, complete linkage, average linkage and average group linkage
algorithms [MS99]. For recent work on divisive methods, Zhao et al. [ZHTO05]
use entropy as a measure of cluster inhomogeneity and greedily increase the size of
partition by one in each iteration. Dubnov et al. [DEYG™'02] recursively split clus-
ters using a statistical transformation, and Boley [Bol98| proposes the principal

direction divisive partitioning method.

2.1.2 Partitional Clustering

Unlike hierarchical clustering, the number of clusters is usually required in par-
titional clustering. Given the number of clusters k£ known, partitional clustering
methods divide data items into k clusters in one step. Since no hierarchical struc-
ture is generated, partitional clustering algorithms are also known as flat clustering.
Compared to hierarchical clustering, partitional clustering algorithms are compu-
tationally more efficient and can be used as the intermediate partition method
in divisive hierarchical clustering. For example, the k-means and EM clustering
method are partitional and both have linear complexity. Based on the clustering
criterion adopted, partitional algorithms can be further categorized.

In density-based methods, clusters are viewed as regions in the data space
in which the items are dense, and the decision boundary always lies in the low
density region. Density-based algorithms can identify clusters of arbitrary shapes.

However, because density-based algorithms apply a local clustering criterion, the
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clustering solution is not globally optimal. DBSCAN [EKSX96] is a representative
density-based clustering algorithm. Mean shift [CMO02] is another representative
density-based approach that detects the modes of density and assigns every data
item to its corresponding density mode. Mean shift is widely used in computer
vision applications, such as visual tracking and image segmentation.

Spectral clustering methods have emerged as one of the most effective clustering
algorithms and have shown great success in many applications including computer
vision, bioinformatics, speech recognition, VLSI design, and document clustering.
By representing the proximities between data items into a graph format, spec-
tral clustering involves finding the best cuts of the graph that optimizes certain
predefined objective functions. Various objective functions have been proposed
(e.g., average cut [CSZ93|, average association [SM97al, normalized cut [SM97al,
and min-max cut [DHZ"01]). Directly optimizing graph cut objective functions is
NP-hard. To find an approximate solution instead, a graph cut problem is trans-
formed into an eigenvalue problem. Spectral clustering methods differ from other
clustering methods in that they guarantee to find the global optima in terms of the
predefined objective functions. Due to this reason, although an approximate solu-
tion, spectral clustering can often produce better result than direct optimization
techniques such as k-means.

In mixture-model-based methods, each cluster is mathematically represented

as a parametric distribution, for examples, Gaussian distribution for continuous
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input values or Poisson distribution for discrete input values. Hence the entire
data set is modeled by a mixture of these distributions. Well-studied statistical
inference techniques are available to find parameters of the model. The EM algo-
rithm [DLR77] [CS96] is a well-known technique for estimating the parameters in
the general case. Besides, mixture-model-based methods enable “soft clustering”,
which means a data item is assigned to a cluster with a probability, as contrast
to “hard clustering” where every item is assigned exclusively to one and only one

cluster.

2.2 Representative Clustering Algorithms

2.2.1 k-means

k-means [Mac67a] [L1o82] is probably the most widely used clustering algorithm.
k-means aims to partition n observed data items into k clusters where each item
is assigned to the cluster with the nearest center. The objective of k-means is
to minimize the sum of distance from every data point to its closest center. Let
{c;}E_, be the centroids of k clusters. Let n(-) be the assignment function. Then
n(i) = j means the ith item is assigned to the jth cluster. k-means minimizes the

following objective

i — Coi |2 2.1
argmin } _ |x; = ¢y (2.1)

i=1
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Lowering the objective function leads to more compact clusters, where each item
gets closer to its cluster centroid.

Finding the global optima for the k-means objective function is an NP-complete
problem [GJWS82]. Heuristic approximations have been proposed. Lloyd’s algo-
rithm is the most popular heuristics for solving k-means. It is based on a simple
iterative scheme for finding a locally minimal solution [For65] [Mac67b]. The
heuristic solution indicates that k-means can be viewed as a special case of EM

that assumes

1. Each cluster is modeled by a spherical Gaussian distribution;

2. Each data item is assigned to one and only one cluster;

3. The mixture weights are equal.

The pseudocode for k-means is given in Algorithm 1.

Algorithm 1: k-means

Input : A set of data items {x;} ;;
the number of clusters k.
Output: A disjoint set of clusters.
1. Initialize clusters: cluster centroids {cgo)}le are chosen at random;
2. Repeat until converge:
2a. Assign data items following the nearest neighbor rule, that is
N : ()12
() = arg_min [ — <)

=1,...

2b. Update centroids

o) _ Diom(i)=; X
J n;

2c. t+—t+1
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2.2.2 Spherical k-means (SPKM)

The spherical k-means algorithm (SPKM)[DHZ"01] is a k-means method that uses
cosine similarity to measure the distance from every data point to its closest center.
SPKM is a popular method for clustering high-dimensional text data. It is shown
that the spherical k-means algorithm is one of the fastest document clustering
algorithms [Zho05].

Before text data can be analyzed, the popular vector space model (”bag-of-
words”) [SWY97] is usually used to represent raw text data as high-dimensional
vectors, where each dimension of the vector is a unique term [SM86]. The adoption
of cosine similarity in SPKM is based on the observation that text vectors have
only non-negative entries, and the high-dimensional text vectors have directional
properties, i.e., the length of the vectors is much less discriminative than their
direction. In SPKM, each data item as well as cluster centroids are normalized
and are represented as unit-length vectors. The effect of this normalization is to
only account for the direction of each vector but not the length, since the Euclidean
distance between normalized vectors is equivalent to one minus the cosine similarity

between the vectors.

2.2.3 Normalized Cut (NC)

Normalized Cut has been shown to be the one of the best spectral clustering

approaches [SM97b]. In this thesis, I use Normalized Cut as a representative of
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spectral clustering approaches to demonstrate idea and concept.

Spectral clustering approaches model a data set as an undirected graph, where
each data item is a vertex in the graph, and the edge between two vertices 7, j is
assigned a weight w;; to reflect the similarity between items ¢ and j. Let matrix
W be the affinity matriz associated with the graph, such that W (i, j) = w;;. Let
C;, C; denote two clusters of the given data set S, and W(C}, C;) denote the sum

of similarities between the two clusters C; and C}

uECi,UECj

The objective of Normalized Cut is to minimize

W(C;, C;
; —W(( . S)) (2.3)

where k is the number of clusters. The numerator W (C;, Ui) measures how tightly
the cluster C; is connected to the rest of the data set, while the denominator
measures how compact the entire data set is. To find the approximate solution, let
x; = (T14, - - - ,;zjm-)T be the indicator vector of the cluster C; in which each element
xy; takes a binary value {0, 1} to indicate if the k’th item in data set belongs to

C; or not. After introducing indicator vectors, the objective function of NC is

k
k=) y/D'/PWD 'y, (2.4)
=1
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where D is the diagonal row sum matrix, i.e., D;; = >, Wy, y; = ”gij—ziz”, and
YTY =1, where I is the identity matrix having the same order than Y7Y. As in-
troduced in Section 2.1.2, directly optimizing equation 2.4 is NP-hard. If we relax
the problem by letting the indicator vectors x; take real values, the optimization
problem can be easily solved under the constraint Y?'Y = I. As shown by Golub et
al. [GL89], when yq, ...,y are k eigenvectors associated with the k largest eigen-
values of matrix D™/2?WD~!/2_ the Normalized Cut objective function reaches the
minimum, and yy, ...,y encode the cluster membership information of the given
data set. However, since these eigenvectors take real values for their elements, they
do not directly indicate the cluster membership for each data item. A common
approach for deriving the final cluster set is to project each data point into the

eigenspace spanned by the above k eigenvectors, and apply the k-mean algorithm

within this eigen-space.

2.3 Overview of Feature Reduction with Trans-

formations

Feature reduction is closely related to clustering. Both techniques focus on the
intrinsic structure of a data set. Feature reduction aims to preserve the structure
with fewer features, while clustering aims to identify the structure for the purpose

of data analysis. Because many clustering approaches lose algorithmic effectiveness
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when handling high-dimensional data, a feature reduction step is usually adopted
to enhance clustering performance.

Feature reduction can be achieved by linear or non-linear transformations. Two
classical approaches of finding optimal linear transformations are Principal Compo-
nent Analysis (PCA) [Hot33] for the unsupervised setting, and Linear Discriminant
Analysis (LDA) for the supervised setting. The linear transformation methods can
be less efficient when sever non-linearity is involved in the data. To this end, Ker-
nel PCA [SSM97] and Kernel LDA [MRW99] are developed using the popular
kernel technique [STCO04]. Besides, multidimensional scaling (MDS) is another
widely used linear feature reduction method. PCA, LDA, and MDS are all global
methods in that they preserve only the global structure of a data set. To overcome
the drawbacks of global methods and their variants, a number of local dimension
reduction methods have been proposed, such as Laplacian Eigenmaps [BN02], Lo-
cally Linear Embedding (LLE) [RS00] and Locality Preserving Projections (LPP)
[HNO03]. Local methods embed data in the low-dimensional space such that nearby
data points in the original space are still near to each other in the embedded
space. Local methods are particularly useful for data whose local geometry is close
to Euclidean, but whose global geometry may not be.

Compared to nonlinear methods, linear transformations of features are particu-
larly attractive because they are simple to compute and are analytically tractable.

For the above reasons, in this thesis, I focused on linear transformations.
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2.3.1 Principal Component Analysis (PCA)

PCA is an unsupervised dimension reduction technique. PCA seeks a projection
that best represents the data in the reduced space. The optimal projection is
defined in the least squares sense. Assume that we have n f-dimensional data
vectors Xi,...,X,, which form the f x n data matrix X = [x; x5 ... x,]. The
matrix X is decomposed into X &~ SA, where S is a f X r matrix, A isar xn

matrix and r < f. The reconstruction error is defined as

f n r
E=|X—-SAl[F =) (v — Y siwar;)’ (2.5)
k=1

i=1 j=1
and the PCA projection minimizes £. It can be showed that £ is minimized when
the column vectors of S, which are {s;}|I_,, are the r eigenvectors of the scatter
matrix H= 3" (x; — u)(x; — u)* corresponding to the largest eigenvalues. Then
A is the optimal rank r approximation of X. Before applying PCA reduction, the
data should be mean-removed. This preprocessing ensures that the matrix S will
not be affected by the location of the center of the data. With mean removed,
the scatter matrix H is in fact a covariance matrix. Therefore, PCA preserves the
variance of data. Oftentimes the covariance matrix only has a few large eigenvalues.
This implies that the r-dimensional subspace contains the signal and the remaining

f — r dimensions generally contain noise.
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2.3.2 Linear Discriminant Analysis (LDA)

Contrary to PCA, LDA is a supervised dimension reduction technique. Besides a
set of data vectors xy, . ..,Xx,, LDA also requires the class assignment of each vector
as prior knowledge. Whereas PCA seeks directions that are efficient for represen-
tation, i.e. maximally preserves variances, discriminant analysis seeks directions
that are efficient for discrimination.

To that purpose LDA maximizes the following objective

a’Sgza

J(a) =

2.
a’'Sya (2:6)

where a is a projection vector, Sp is the “between classes scatter matrix” and Sy,

is the pooled “within classes scatter matrix” defined as

Sp = > (ne—%)(ue—x)" (2.7)
C
Sw = Z Z(Xi — pe)(xi — pe)’ (2.8)

C e’

where X is the overall mean of the data set, and pc is the mean of class C.

The objective says that the optimal LDA solution is the one where classes
are well separated, measured in terms of class-means, and each class is compact,
measured in terms of pooled variances of the data items assigned to a particular

class.
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2.3.3 Locality Preserving Projections (LPP)

LPP is a linear dimension reduction technique that is applicable to both unsuper-
vised and supervised settings. Unlike PCA and LDA, LPP is a local method that
optimally preserves local neighborhood information of a data set.

LPP first constructs the adjacency graph of data, where each data item is a
vertex in the graph. Let W be the adjacency matrix associated with the graph.
Then a non-zero w;; stands for the existence of an edge between items ¢ and j if
item ¢ is near to item 7, i.e., j is in the k£ nearest neighbors of ¢ for some k. Let y;
and y; be the projections of x; and x; in the r-dimensional space. LPP minimizes

the following objective function

J@) = Y (vi—y;) Wi, (2.9)

i3

= Z(aTXZ‘ — aij)QWZ-,j (210)
1,J
under the constraints
a’XDX"a=1 (2.11)
where X = [x1,...,X,], and D is the row (or column) sum matrix where D;; =

>~ Wy, Minimizing Equation 2.10 is an attempt to ensure and if x; and x; are

close then their projections in the r-dimensional space are close as well.
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2.4 Evaluation of Clustering

The quality of clustering can be evaluated by either an internal criterion or an
external criterion. An internal criterion is usually adopted in constructing the
objective function of a clustering algorithm, formalizing the goal of achieving high
intra-cluster similarity (i.e., items within a cluster are similar) and low inter-cluster
similarity (i.e., items from different clusters are dissimilar). For example, in k-
means clustering, the value of the objective function when the algorithm converge
indicates the quality of the data partition. But good score on an internal crite-
rion does not necessarily leads to good effectiveness in an application. Moreover,
different clustering approaches adopt different objective functions. The objective
function scores by different approaches are not comparable to indicate which clus-
tering approach generates better quality clusters. Alternatively, we can apply
clustering approaches to an evaluation benchmark or gold standard. For example,
labeled data can be used in evaluation. We remove the class labels and apply a
clustering algorithm to the data set, then evaluate how well the clustering solution
matches the class labels by using an external criterion.

There are four widely adopted external criteria of clustering quality
1. Purity
2. Normalized Mutual Information (NMI)

3. Rand Indez (RI)
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4. F-measure (F)

To calculate Purity, each cluster is assigned to the class which is most frequent
in the cluster, and Purity is the accuracy of this assignment which is evaluated by
counting the number of correctly assigned items divided by the total number of
items. However, Purity is biased towards large number of clusters. In particular,
Purity is 1 if each data item forms its own cluster. The three other metrics are
not influenced by the number of clusters and are adopted in this thesis.

Given the true class labeling of a data set, Normalized Mutual Information
(NMI) measures how closely a clustering algorithm can reconstruct the true label
distribution of the data [SSGMO00]. Let C' and C be the random variables de-
noting the data partitions based on the ground truth and a clustering algorithm,

respectively. Then NMI is defined as

2I(C; C)

NMIC,.C)= H(C) + H(C)

(2.12)

where I(C;C) = H(C) — H(C|C) is the mutual information between the random
variables C' and C. H(C') is the Shannon entropy of C, and H(C|C) is the condi-
tional entropy. NMI is a preferred and widely used metric because it does not suffer
from biases like purity, entropy, and the F-measure. Singletons are not evaluated
as perfect.

The Rand Index (RI) measures the degree of similarity in terms of pairwise
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co-assignments between the cluster membership C' from the ground truth and the

solution C' generated by a clustering algorithm. It is defined as

R[(C C'): |Cl:Cj/\éz:é]|+|cz§écj/\éz7éé]|
7 n(n —1)/2

(2.13)

where ¢; and ¢; are the cluster membership of item ¢ according to C' and C , and
n is the number of data items being clustered. Obviously, RI penalizes both the
false positive and false negative decisions during clustering.

It is possible to penalize each type of error with different weight and this is
achieved by the F-measure [vR79]. Let T denote the set of pairs of data items
that belong to a same cluster according to ground truth and R denote the set of
pairs of data items that have been assigned to a same cluster by the clustering

algorithm. Then, precision and recall are defined as

. IRNT|
precision =
IR|
IRNT]
recall =
|T|

And the general form of F-measure is defined as

(1+ B%)(precision x recall)
Fg =

2.14
(B2 x precision + recall ( )

When § = 1, precision and recall are evenly weighted, and it is the commonly used



F-score, which is also known as the I} measure, defined as

2 2 X precision X recall
1 pum—

precision + recall

The Fj score is used in the thesis for clustering evaluation.
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(2.15)



Chapter

Related Work

This chapter briefly reviews existing work on semi-supervised learning (SSL), with

focus on semi-supervised clustering approaches.

3.1 Semi-Supervised Classification and

Semi-Supervised Regression

Semi-supervised classification and regression try to explore the wealth of unlabeled
data to improve the accuracy of a learner. Thus, the training data for semi-
supervised classification and regression tasks include labeled data plus unlabeled
data. Usually, the amount of labeled data is small, but unlabeled data are available
in large amount.

Semi-supervised classification and regression approaches are based on three

major assumptions
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e Cluster assumption says that if items are in the same cluster, they are likely

to belong to the same class.

e Low density assumption says that the decision boundary always lie in a low

density region.

e Manifold assumption says that if two items x;, x5 are linked by a path of

high density then their outputs y,, y, are likely to be close.

To incorporate the semi-supervised assumptions in the classification and regression
objectives, usually an additional regularization term on the distribution or geom-
etry of both labeled and unlabeled samples is introduced. Transductive Support
Vector Machines (TSVM)[Vap98|, Laplacian SVM (LapSVM)[BNS06], Laplacian
Regularized Least Squares (LapRLS)[BNS06], semi-supervised mixture models,
and semi-supervised entropy minimization [GB04] are some representative works.
Besides, Zhu et al. [ZGLO03] exploits the manifold structure of labeled and unla-
beled samples by Gaussian fields and harmonic functions. Moreover, self-training
[Yar95] and co-training [NG00] represent another major branch of semi-supervised

classification and regression approaches.

3.2 Semi-Supervised Clustering

Semi-supervised clustering tries to cluster data items with the help of side informa-

tion. Side information can take various forms, such as restrictions on the number
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of data items in a cluster and the variance of a cluster [GEJDO07], a few labeled
data items [BBMO02], or pairwise constraints. Side information in the form of pair-
wise constraints is most general. I study pairwise constraints in this thesis and
briefly review semi-supervised clustering approaches using pairwise constraints in
this section.

According to how constraints are explored, semi-supervised clustering tech-
niques fall into three major categories, which are constraint enforcement, distance

metric learning, and dimension reduction.

3.2.1 Constraint Enforcement

One can enforce constraints during the clustering process. For example, Wagstaft
et al. [WCO00] [WCRSO01] propose to adjust the data item assignment step in k-
means, such that none of the constraint is violated in the final k-means solution.
This clustering approach is known as constrained k-means. Because every pair of
constraint should be strictly conformed, this kind of methods may encounter the
over-constrained problem where no solution can be found. For example, Davidson
et al. [DRO5] study the feasibility issue of k-means clustering for each type of
pairwise constraints. Another way to enforce side information in k-means is to
initialize k-means with labeled data items [BBMO02]. Instead of heuristically mod-
ifying the cluster assignment step in k-means, Basu et al. [BBMO04a] propose to

model the constrained k-means problem based on Hidden Markov Random Fields.
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Moreover, Blum et al [BLRRO04] and Ji et al. [JX06] propose frameworks to explore

pairwise constraints for spectral clustering methods.

3.2.2 Distance Metric Learning

One can also learn a distance metric based on constraints, and use the learned
metric to measure pairwise distance between items in clustering. Learning distance
metric is equivalent to learning an adaptive feature weighting scheme. Note that
all the clustering techniques rely on some notion of pairwise distance between
data items. Instead of assigning the same weight to every feature, the relative
importance of features can be learned from constraints. Thus, the learned distance
metric evaluates pairwise distances between items better. Xing et al. [XNJRO03]
consider a distance metric in the form of general Mahalanobis distance and use
convex optimization and iterative projections to learn it. Cohn et al. [CHOO]
learns the distance metric in a probabilistic setting for EM clustering, which is
equivalent to learning the Kullback-Leibler divergence. Klein et al. [KKMO02] use
all pairs shortest path algorithm to adjust the squared Euclidean distance. The
effectiveness of metric learning can be improved through boosting. Hertz et al.
[HBhWO04] learns the distance by boosting weak learners based on partitioning the
original feature space. [LJJO7] do metric learning iteratively to take full advantage
of the sparse constraints.

One problem with distance metric learning is that the learning is not efficient
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nor effective for high-dimensional data. Distance learning is usually reduced to
solving a convex optimization problem with gradient descent and iterative projec-
tion, and often suffers from large computation cost. The number of parameters to
be learned equals to or is quadratic to the feature space dimensions. Besides, it
has been shown that some metric learning methods may even degrade the cluster-
ing performance if applied to the high dimensional sparse feature spaces, although

they work pretty well with low dimensional data [TXZWO07].

3.2.3 Dimension Reduction

One can use constraints to define an optimal subspace, such that data represented
in the subspace show a more evident clustering structure or data are distributed
in a way that conforms to pairwise constraints.

Bar-Hillel et al. [BHHSWO03] propose Relevant Component Analysis (RCA)
that changes the feature space via a global linear transformation where relevant
features are assigned with larger weights. RCA can only handle pairwise must-link
constraints. Hoi et al. [HLLMO06] extends RCA and propose Discriminative Com-
ponent Analysis (DCA) that can use both must-link and cannot-link constraints.
An et al. [ALVO0S8| propose to incorporate constraints using a modified Locality
Preserving Projections (LPP) cost function. All the above dimension-reduction-
based approaches explore constraints only and do not consider the usefulness of

abundant unconstrained data. With sparse constraints, the methods face the over-
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fitting problem. That is, the subspace that best satisfies a few pairs of constraints
does not necessarily reveal the true structure of the entire data set. To this end,
Zhang et al. [ZZCO07] and Cevikalp et al. [CVJKO08] propose semi-supervised di-
mension reduction methods that explore both constraints and unconstrained data.
However, both methods require users to intuitively set parameters to balance the
constrained and the unconstrained data. The Dual Subspace Projections (DSP)
approach introduced in Chapter 6 does not overfit and is able to explore constraints
and unconstrained data in a principled way.

Moreover, Tang et al. [TXZWO07] propose to place data items into groups
based on constraints and then maximally separate the data groups. The clustering
method proposed in Chapter 4 based on Approximate Structure Preserving (ASP)
dimension reduction shares similar idea, but is computationally more efficient and
has more robust performance. Yan et al. [YD06] propose to project data and con-
straints in multiple subspaces, where metric learning and clustering are performed.
Then the ensemble clustering result is the final clustering solution. This method
divides the metric learning problem for high-dimensional data into many metric
learning problems for low-dimensional data and aggregates the results. However,
the computation cost is still high, and the clustering performance is highly de-
pendent on the ensemble approach adopted. Yan et al. [YWLGO09] propose to
first perform semi-supervised dimension reduction, then do distance learning in

the reduced space. Oncel et al. [TPMO09] propose a semi-supervised kernel mean



35

shift method that explore must-link constraints in the kernel space. The method

is effective, but is unable to use cannot-link information.



Chapter I

Semi-Supervised Clustering by

Approximate-Structure-

Preserving Dimension Reduction

4.1 Motivation

Pairwise constraints define an “approximate-clustering structure on a data set”.
For example, suppose data items x; and x; are “must-linked” while x, and x,
are “cannot-linked” according to pairwise constraints. Even though the cluster
membership of each data item is unknown, in order to satisfy constraints, data
items x; and x; should be close to each other, while x,, and x, should be far apart
from each other. The pairwise cluster-membership relations among x;,x;,x,, and

x, “approximately” outline the desired clustering structure of the entire data set.
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To explore the approximate-clustering structure defined by constraints, a clus-
tering problem can be formulated as a semi-supervised clustering task by approxi-
mate-structure-preserving (ASP) dimension reduction. That is, we seek a projec-
tion U € R/*" to project input data X € R/*" onto a much reduced-dimension
subspace by

X =U"X (4.1)

where X € R™" is data represented in the r-dimensional reduced space, r < f.
The approximate-clustering structure defined by pairwise constraints is more clear
in the reduced space X than in the full space X. This purpose is achieved by
splitting the f-dimensional input space into an r-dimensional space which contains
all the structure-relevant dimensions (i.e., attributes), and an s-dimensional space
(r +s = f) which contains all the structure-irrelevant dimensions (i.e., noise).
Suppose x is a data vector in the full space and P is some projection matrix, then,

we can split the space into PTx = [U, V,]Tx, or more explicitly

~

X UTx

X+ vTX

where X is in r-dimensional relevant space, and X is in s-dimensional subspace of
noise orthogonal to the relevant space. A desired projection matrix P = [U, V]
should satisfy

Xt =vIiX =0 (4.3)
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which means that the structure-irrelevant noise that exists in the full space is re-
moved, and only relevant dimensions are kept in the reduced space. Thus, the
subspace representation of data is X = UZX. To achieve this subspace represen-
tation, all we need is to find the projection U (i.e., no need to find V).

The ASP method is based on this motivation and can effectively preserve the
approximate-clustering structure in the reduced space. The projection U can be
generated by well-studied matrix factorization techniques. Thus, ASP is efficient

for dealing with large data sets that are usually encountered in real applications.

4.2 QOutline

This section presents a step-by-step description to the ASP dimension reduction
method as well as the corresponding semi-supervised clustering method. Theoret-
ical justification is given in the next section.

Given a collection of pairwise constraints, the first step is to do transitive closure
to all the data items involved in must-link constraints since a must-link constraint
is a binary equivalence relation. For example, if items a and b are must-linked, b
and c are must-linked, then items a and ¢ are must-linked too. Note that, perform-
ing transitive closure is a common preprocessing step in semi-supervised learning.
The assumption is that constraints are error free. The assumption holds well if
constraints are generated by human efforts but does not hold well if constraints

are derived from domain knowledge by some automatic schemes. Chapter 5 will
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discuss this problem more and introduces a method that performs robustly even
with noisy constraints.

After performing transitive closure, a set of data items are partitioned into
several data groups. Given n f-dimensional data vectors xi,...,X,, which form
the data matrix X € Rf*" f > n, suppose b data groups are generated. For any
given data group B;, ¢ = 1,--- b, suppose the group contains m data items (i.e.,
|B;| = m), and let matrix X; = [X;1 -+ Xin] € R™ represent the collection of
the m data items. The next step is to calculate the centroid c; of group B; as
c; = % >, Xim. The centroid ¢; € RY is simply a rank-1 approximation to the
data group B;.

The relations between data groups are either cannot-linked or do-not-know,
while the relations between the data items within a group are must-linked. Thus,
data groups reflect the approximate-clustering structure defined by constraints.
Such approximate-clustering structure can be encoded into a representative matriz

as follows

Definition 1. Representative Matrixz Let matric C = {01 Cy - Cb:| €
R/*? be a representative matrix, where the it column, c;, is the centroid vector of

data group B;.

Given a representative matrix C € R/*?_ the orthonormal basis U for range(C)
(from Definition 2) is the desired projection. Suppose rank(C) = r, where rank(-)

denotes matrix rank, then U € R/*". Note that, for data whose feature space
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dimension is much bigger than the number of data items, i.e., r < n < f, data
can be directly projected to the r-dimensional space. In this case, the dimension
of the reduced space is automatically determined by the rank of matrix C. Given
the projection U, input high-dimensional data are projected onto a reduced space
using Equation 4.1. After the projection, data are in the r-dimensional space
(r < f). The ordinary k-means clustering method is applied to the reduced space
to generate data partitions.

For easier reference, the definition of range is given as follows

Definition 2. The range of matrix A € R™*" is the set of all vectorsy € R™ that

can be expressed as Ax for some x € R": range(A) = {yly = Ax, x € R"}.

The main steps of semi-supervised clustering by approximate-structure-

preserving dimension reduction are summarized in Algorithm 2.

Algorithm 2: ASP
Input : A set of data items X = {x;}",, X € R™" (f > n);
A set of must-link and cannot-link constraints Q; = {(x;,x’;)}
and Q¢ = {(x;,x'1) };
The number of desired clusters k.
Output: A disjoint set of clusters
1 Do transitive closure to generate b data groups;
2 Compute centroids ¢; € R/ for each data group B;, i =1,--- ,b;

3 Compose the representative matrix C = [cl cy - cb} € R/*? where
each column c; is a centroid vector;

4 Find the orthonormal basis U € R/*" for range(C), where rank(C) = r;

5 Project data using U. That is X = UTX, and X € R™™ is the reduced
r-dimensional representation of data;

6 Apply k-means clustering method to X to generate data partition that
better meets the clustering requirements defined by pairwise constraints.
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4.3 Analysis and Validation

In this section, the correctness of the ASP method is validated. To measure the
clustering structure of a data set, two concepts, overall volume and group volume
are defined. Overall volume Vol measures the spread of the entire collection of
data items, and group volume Vol; measures the spread of data items that belong

to the ith data group.

Definition 3 (Overall Volume). Given a collection of data items distributed into
b groups B;,i = 1,...,b, and ¢; be the centroid of group B;, let ¢ be the overall
centroid of the entire data collection. Then the overall volume Vol is defined as

b
Vol = 3 32 llei — clf3.

Definition 4 (Group Volume). Given a data group B; that contains n; data items
X5, j = 1,-++ ,n;, the volume Vol; of group B; is defined as Vol; = - >y i —

2 LN : ‘
c;ll3 where ¢; = - > 0%, xi; is the centroid of group B;.

The ASP method has the properties that, after dimension reduction, the overall
volume is strictly preserved, while the volume of a data group is decreased, as stated

below.

Property 1 (Constant Overall Volume). The overall volume Vol is strictly pre-
served in the subspace: Vol = Vol, where Vol denotes the overall volume after

ASP dimension reduction.
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Property 2 (Group Volume Shrinkage). The volume of any given data group B;
shrinks in the subspace: ‘70\11- < Vol; , where ‘70\% denotes the volume of the ith

group after ASP dimension reduction.

The following metric is defined to measure the clustering structure of a data

set

b
> iy Vol (4.4)

Volass = Vol

Given a fixed overall volume Vol, smaller Vol ¢; means that data items from the
same group are more packed together, and thus the clustering structure of the
data collection is more evident. According to Properties 1 and 2, the following

inequation holds.

b 7 7 b
2 Voli 2.y Vol (4.5)
Vol Vol

Inequation 4.5 shows that the data group structure, which represents the approxi-
mate-clustering structured defined by constraints, is preserved and is more evident
in the reduced space. Note that, both “must-link” and “cannot-link” constraints
are satisfied in the ASP method. Property 2 guarantees that if two data items
are must-linked, they will get closer to each other in the subspace, while Property
1 keeps two cannot-linked data items apart by preserving the constant center-to-
center distance for the two data groups where the two cannot-linked data items
belong to.

To prove the properties, I first restate the definition of left null space here for
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easier reference, and then show Lemma 1 that will be used in the proofs.

Definition 5 (Left Null Space). The left null space of matriz A € R™*" is the set

of all vectors y € R™ such that ATy = 0: Inull(A) = {y|ATy = 0}.

Lemma 1 (Orthogonal Matrix Composition). Let U = [u;---u,] € R/™*" be an
orthonormal basis of range(C), and V = [vi---v,] € R/** be an orthonormal
basis of Inull(C). Then P = [U V} = [uy---u, vy---vy is an orthogonal

matriz, and its columns form an orthonormal basis of R/ .

Lemma 1 can be easily proved based on the fact that (null(C) is the orthogonal

complement of range(C), that is
RI=U@V,andr+s=f (4.6)

Now, let us prove Properties 1 and 2.

Proof 1 (Property 1). Let 'V be an orthonormal basis of Inull(C). According
Definition 5, VIC = 0 . Let U be an orthonormal basis of the of range(C).
According to Lemma 1, P = [U V} is an orthogonal matriz. Moreover, for data
group B;, we have ¢; = n% Z]‘ Xij = n% Z]‘ UTx;; = Ulc;. According to the norm

preserving property of an orthogonal transformation, we have

les —<ll3 (4.7)

= [P (ci— o)l (4.8)
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= U (ci = o)l + V' (i = 0)I3 (4.9)
= & —elz + 1V (c; —o)l3 (4.10)
= [l& —<l3 (4.11)

where ||[VT(c; — ¢)||3 = 0 follows the fact that VIC = 0, and centroid c is a

) . ) ) b
linear combination of group centroids ¢;: ¢ = 3" x; = 5 nc;. Thus,

T n

Vol =3 30, I[e; —¢€|)> = Vol = 3 320, lles — ¢

Proof 2 (Property 2). We know VI'C =0

Ixi — cill3 (4.12)
= [[P"(x; — ¢l (4.13)
= U G —c)ll3 + [V (xi — ) I3 (4.14)
=[x —alz + Vx5 (4.15)
> % —cill3 (4.16)

Therefore Vol; = % Z;n:l |%; — Ci||3 < Vol; = % Z;n:l |xi; — cil|3-

4.4 Structure-Irrelevant Noise Deduction

This section introduces how the ASP method can split a feature space and remove
the structure-irrelevant portion in the reduced space. Since R = U@ V (Lemma

1), every data item x € R/ in the full-dimension space can be equally expressed in
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the form

X=u+v (4.17)

withuin U € R"and vin V € R*, where r+s = f. u is the portion of x that is in
the range of the representative matrix C. That is, this portion of data item x can
be linearly represented by the centroids of data groups. Since the representative
matrix encodes the approximate-clustering structure, the portion u is structure-
relevant. On the other hand, v is orthogonal to range(C), which means that the
v portion is structure-irrelevant. By ASP, the reduced-dimension representation

of a data item is

Xx=Ux=U"(u+v)=0U"u (4.18)

This implies that a feature space is split and only the structure-relevant portion is
preserved by the ASP method.

The space-splitting view is useful to quantitatively measure how effective the
ASP method preserves and strengthens the approximate-clustering structure in
the reduced space. We have proved that the volume of a data group shrinks in the
reduced space through ASP reduction (Property 2). The amount of shrinkage can
be explicitly measured. For example, for a data group B; with n; data items, the

volume of B; in the full space is

1
il
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ng

1 ~ ~
= ;Z(Hxij—cil\%HVTXiHé) (4.20)
Zj:l
_ 1 &
= Vol + — VIx, |3 4.21
oot 2 IVl (1.21)

Therefore, the term - ™ |[V'x;[|3 measures the amount of volume shrinkage
- 2 i—

of a data group after the ASP reduction. The larger value this term has, the
smaller volume a data group has in the reduced space, and the ASP reduction is
more effective in the sense that data in the reduced space show a more compact

clustering structure. We know that

t=Vix=Vi(u+v)=V'y (4.22)
Then,
1 - T 2 1 - T 2
- > Vi3 = -~ > IVTvill3 (4.23)
bi=1 ti=1

This means that for a fixed matrix V, if data items x; contain larger portion of
structure-irrelevant information v;, the ASP method is more effective. The result
is reasonable, since in such a case, more noise is removed in the reduced space.
On the other hand, when data x; are fixed, matrix V will impact the perfor-
mance of the ASP method. Since V is constructed from the representative matrix
C, where each column is a rank-1 approximation to a data group, the way we
approximate a data group influences the performance. Given a data group B;

with n; data items in f-dimensional space, our choice of using centroid to approx-
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imate B, is based on the following fact the centroid c; € R/ is the optimal rank-1

approximation to B; [JPRO1] in the sense

Ci = Z x5 — cillz = min Z Ixi; — vl (4.24)
j=1 yerM o

4.5 Finding Orthonormal Basis for

Range

To find the orthonormal basis U of range(C), where rank(C) =r < b < f, two

well-studied rank-revealing matrix factorization techniques can be adopted.

1. Singular Value Decomposition (SVD): We compute the reduced SVD decom-
position of C € R/*? as: C = U,XV7, where U, € R/*" is an orthonormal
set of basis vectors that span range(C). Thus U, is our projection. The
SVD basis has a useful property that it automatically orders the dimensions
according to their importance. If we desire to project data to a lower than r-
dimensional subspace, i.e., a t-dimensional subspace, ¢ < r, we can construct

the transformation matrix by using the first ¢ eigenvectors of U,..

2. QR factorization: The reduced QR decomposition of C € R/*? is computed
R,

as: C = QR = |:Q7’Qf—r:| = Q,R,. Then U = Q, € R/*" is the
0

desired orthonormal basis used for the ASP method. Compared to SVD, QR



48

decomposition has the advantages of being computationally more efficient
and requiring less storage. The properties make QR decomposition more

suitable for handling large data sets.

Note that the representative matrix C € R/*? is sparse and is a “tall and thin”
matrix, since r < d < f. Therefore, both the reduced SVD and reduced QR are
significantly faster than the the corresponding full decompositions. Besides, the
representative matrix C is easy to construct. Suppose that the average number of
data items within each data group is m and there are b data groups, constructing
C takes m x b = n flops (flops is Floating item Operations Per Second). These
features of the representative matrix C make the ASP method computationally
very efficient. At last, note that ASP automatically determines the dimensionality

of the reduced space as the rank of C.

4.6 Relation to Other Methods

ASP shares similarities with another dimension-reduction-based semi-

supervised clustering method, SCREEN [TXZWO07|. Moreover, ASP has close
relation with the classical unsupervised dimension reduction technique Principal
Component Analysis (PCA), the classical supervised dimension reduction tech-
nique Linear Discriminant Component Analysis (LDA), and the supervised di-
mension reduction method centroid@QR [JPRO1][HJP03].

Let X = [x1 - - X,]rxn be the matrix representation of data to be clustered, b
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be the number of data groups according to constraints, c; be the centroid of the ith
group, and c be the global centroid. We can define three kinds of scatter matrices,
which are the “within group/class scatter matrix” S,,, “between group/class scatter

matrix” S, and the “overall scatter matrix” S;

S, = Z Z(xi —c;)(xi —¢;)T (4.25)

S, = Z Z(cj —c)(c; — )7 (4.26)

S, = Z(Xz —c)(x; — )’ (4.27)
S, +S, = S,

Note that, the compactness of a data group/class is determined by the trace of S,,,
trace(Sy), i.e., the summation of diagonal elements of S,,. The separation between
groups/classes is determined by trace(S,). High quality clusters should have small
trace(S,,) and large trace(Sy). The goal of a dimension reduction method is thus to
find a projection P that minimizes trace(P’S,P) and maximizes trace(PTS,P).
The objective of ASP and other dimension reduction methods can be expressed in

terms of the scatter matrices as

PTS,P

LDA : max trace(m)

CentroidQR : maxtrace(PTS,P), s.t. PTP =1



50

PCA : maxtrace(P*(S, + S,)P), st. PTP =1
SCREEN : maxtrace(PTS,P), sit. PTP =1
where gb is a weighted version of S,
ASP : maxtrace(PT(S, +S,)P), sit. PTP =1

where S,, is the optimal approximation of S,,

Compare the two semi-supervised methods SCREEN and ASP, ASP is better at
preserving the overall data structure because of the §w term in the objective func-

tion. This advantage is also shown by the empirical evaluation.

4.7 Performance Evaluation

4.7.1 Data Description

The semi-supervised clustering based on ASP projection method is evaluated using
two public available data sets: the Reuters-21578 document corpus', and the 20-
Newsgroups 18828 version? document corpus. Both document corpora are among
the most widely used data sets for document clustering/classification purposes.
The Reuters corpus contains 21,578 documents which are manually grouped into
135 clusters. In evaluations, only documents with a single label are included to

ensure unambiguous results. The Newsgroups corpus contains 18,828 documents.

'http://www.daviddlewis.com/resources/testcollections/reuters21578/
’http://www.ai.mit.edu/people/jrennie/20Newsgroups/, 18828 version
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Each document has no header except ‘From’” and ‘Subject’ lines. The Newsgroups
data set is more challenging for clustering purpose because some of the newsgroups
are very closely related to each other. Each document is preprocessed by tokeniza-
tion, stop-words removal, and stemming. Each document is then converted into a
feature vector based on the processed words, without frequency cutoff.

9 data sets, as summarized in Table 4.1, are generated from the two corpora as

follows

1. To evaluate the clustering performance on data sets with various number of
clusters, without the lose of generality, Reu-k data sets are generated from
the Reuters corpus, with the number of topics k£ ranging from 2 to 7. For
data set Reu-k with k topics, first k£ topics are randomly selected, then 100
documents from each topic are randomly sampled and mixed (for topics with

less than 100 documents, all the documents are selected).

2. To evaluate the performance on data sets that show various levels of clus-
tering difficulties, 3 data sets are generated from the 20-Newsgroups corpus.
Each data set contains 300 documents randomly sampled from 3 newsgroups.
In the 20-Newsgroups corpus, some of the newsgroups are very closely related
to each other (thus are more difficult to be clustered), while others are highly
unrelated. News-difficult consists of 3 newsgroups on very similar topics,
News-mediocre consists of 3 newsgroups on related topics, and News-easy

consists of 3 newsgroups on totally unrelated topics (thus are easy to cluster).
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4.7.2 Competing Methods

To test whether the ASP method can effectively employ constraints to improve
clustering accuracy, ASP is compared against a total of five competing methods.
All the five methods have been successfully applied to clustering high-dimensional
data, including text data. First, ASP is compared to two of the most widely-used

unsupervised clustering methods for high-dimensional data

e Spherical k-means (SPKM) [DMO01] adopts the standard k-means algorithm
to cluster the normalized unit-length items by using the cosine similarity as

the proximity function. SPKM is particularly suitable for handling text data.

e Normalized Cut (NC) [SM97a] has been recognized as one of the best spectral

clustering method.

Moreover, ASP is compared to three semi-supervised clustering methods that well

represent the three major branches of semi-supervised clustering techniques.

e MPCK [BBM04b, BBM04a| integrates metric learning, constraint-enforce-
ment, and constraint-guided initialization into a probabilistic framework of
Hidden Markov Random field. MPCK has been shown to outperform other

metric learning methods, such as the one by Xing et al. [XNJRO03].

e Constrained Normalized Cut (CNC) [JX06, YS04] represents the graph-based
semi-supervised techniques and has shown success in handling high dimen-

sional data, such as clustering text data and segmenting images.
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e SCREEN [TXZWO07], recently proposed, exploits pairwise constraints
through semi-supervised feature projection and is designed particularly for

handling high dimensional data.

4.7.3 Effectiveness in Handling Constraints

This experiment demonstrates the effectiveness of the ASP method in adopting
constraints to improve clustering accuracy. The ASP method is compared against
SPKM and NC using different amount of constraints, which ranges from 100 pairs
to 800 pairs. Constraints are generated by randomly sampling data pairs according
to ground truth. For a fixed amount of constraints, the final performance score is
obtained by averaging the scores from 20 independent test runs.

Table 4.2 shows the normalized mutual information (NMI) values on Reuters
and Newsgroups data sets. In the table, the first row (with the label “SPKM”) and
the second row (with the label “NC”) show the results generated by the traditional
SPKM and NC methods, respectively. The remaining rows show the results gen-
erated by the ASP method under different amount of constraints. It is clear from
the table that SPKM generates better data partitions on the Reuters data sets,
while NC is more suitable for clustering the Newsgroups data sets. For all data
sets, ASP always outperforms SPKM and NC with large margins. Furthermore,
when more number of pairwise constraints are available to ASP, better clustering

accuracy is achieved.
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4.7.4 Noise Reduction and Visualization

Given pairwise constraints, this experiment demonstrates that the ASP method
can preserve the approximate-clustering-structure defined by constraints and re-
move structure-irrelevant noises in feature space. Thus ASP is useful for visualizing
high dimensional data. Figure 4.1 shows the scatter plots of the News-dif data set
before and after the ASP dimension reduction. The first 2 principal components
are used to visualize the data clustering structure on a 2-d plan. Marker colors and
shapes differentiate data items that belong to different clusters according to the
ground truth. Figure 4.1(a) is the scatter plot before the ASP reduction. It is clear
that data items from different clusters largely overlap. Besides, the within-cluster
variance is larger. In other words, data items in the full-dimensional feature space
do not show evident clustering structure. On the other hand, Figure 4.1(b) shows
the scatter plot after ASP reduction with 800 pairs of constraints. Clusters in the
reduced space are well separated, meanwhile, data items that belong to the same
cluster get closer to each other as indicated by the smaller within-cluster variance.
It is clear from Figure 4.1(b) that data clustering structure in the reduced space

is more evident.

4.7.5 Clustering Accuracy

To reveal the effectiveness of ASP method as a semi-supervised clustering tech-

nique, this experiment conducts clustering accuracy comparisons with (1) MPCK,
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Figure 4.1: Scatter plot of News-dif data set before and after the ASP method is
applied (# constraints = 800).

(2) CNC, and (3) SCREEN semi-supervised clustering methods. The three meth-
ods explore pairwise constraints through three different perspectives, and each
represents the state of the art of the corresponding branch of semi-supervised clus-
tering techniques. I used SPKM as the baseline. The results on the Newsgroups

data sets are shown in Figure 4.2 and the results on the Reuters data sets are
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shown in Figure 4.3 and Figure 4.4

As Figures 4.2, 4.3 and 4.4 indicate, for all data sets with varying amount
of constraints, overall, the ASP method yields better clustering accuracy than
other semi-supervised methods. To further examine if this out-performance is
statistically significant or not, the one-sided Wilcoxon signed rank test is conducted
and the p-values between ASP and CNC, ASP and SCREEN, and ASP and MPCK
pairs are calculated. The one-sided Wilcoxon signed rank test is a nonparametric
paired test without assuming the underly distribution of the tested values. A
sample pair is one pair of clustering accuracy values by two algorithms. Since
the amount of constraint ranges from 100 to 800, there are 8 sampled pairs for
each signed rank test. The results with p-value smaller than 0.05 are considered
statistically significant. The test results are listed in Table 4.3. Except for the
Reu-2 data set, the ASP method significantly outperforms other semi-supervised
clustering methods. The relatively larger p-value on the Reu-2 data set is due
to the fact that all the methods achieved accuracy equals 1 after the available
constraints reached 400 pairs. Thus the difference between any two methods is not

as significant as shown by other data sets.
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Figure 4.2: Accuracy comparison between ASP and other semi-supervised cluster-
ing methods on 20-Newsgroup corpus.
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Figure 4.3: Accuracy comparison between ASP and other semi-supervised cluster-

ing methods on Reuters corpus.
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ing methods on Reuters corpus (continue).



62

6€£00°0 8.00°0 ¢610°0 6€00°0 | 6€00°0 | 6£00°0 | S6TO°0 | €L¢0°0 | SCT'0 | MOIN sA SV

6€£00°0 8.00°0 8.00°0 6€00°0 | 6€00°0 | 6£00°0 | 6€00°0 | 6€00°0 | SC°0 | NHHHDS SA SV

6€00°0 6€00°0 6€00°0 6€00°0 | 6€00°0 | 6£00°0 | 6€00°0 | 6€00°0 | G20 OND SA SV
Jip-smoN | pow-moy | seo-smoy || L-moy | 9-noy | gmoy | gy | gmoy | g-noy | $10Q ©1R(]

1$07 YURI POSUIS UOXOI[IA\ POPIS-OUO 9} JO anfea-d :¢'§ 9[qe],



63

Besides the higher clustering accuracy, the ASP method is also more robust
than other methods. Notice when the available amount of constraints is small (e.g.,
less than 400 pairs), the performance of CNC, MPCK and SCREEN can be inferior
to that of the unsupervised method SPKM, while the ASP method still outperforms
SPKM. The performance of ASP steadily increases when the amount of constraints

increases, and always outperforms the unsupervised clustering method SPKM.

4.7.6 Computational Efficiency

This experiment evaluates the computational performance of ASP, and compares
it against the CNC and SCREEN methods. Again, SPKM is the baseline. The
comparisons to the MPCK method are left out because MPCK is based on met-
ric learning and its execution time is significantly longer than all other methods.
Moreover, the computational performance is compared using different matrix fac-
torization techniques in the ASP method. The ASP methods based on the SVD
and QR decompositions are denoted as ASP-SVD and ASP-QR, respectively.
The computational performance is evaluated by measuring the running time
(RT) of 1 run for each algorithm on both the 20-Newsgroups data sets and the
Reuters data sets. Experimental results on the 20-Newsgroups data sets are sum-
marized in Figure 4.5 and results on the Reuters data sets are summarized in
Figure 4.6 and Figure 4.7. Because the running time of different methods covers

a large range of values, the logarithm scale for running time (log(RT")) is used for
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the y-axis to reduce the range and to get a better visualization.

As Figures 4.5, 4.6, and 4.7 indicate, for all the data sets, when the number
of constraints increases, the running time of ASP decreases. This shows the nice
scalability of ASP in exploiting constraints to aid the clustering process. Therefore,
ASP can handle a large amount of constraints efficiently. Obviously, the largest
running time of ASP is achieved when no constraint is available. After that, the
more constraints are available, the shorter running time will be achieved, as well
as the better clustering accuracy. Compared to the unsupervised SPKM method
which clusters data in the full-dimensional space, when the amount of available
constraints is small, due to the matrix factorization step of ASP, the running time
of ASP is larger than SPKM. However, when more constraints are available, the
representative matrix C becomes “thinner”. So factorizing C is faster, and the
running time of ASP becomes shorter than the running time of SPKM. Notice
that, for all the data sets and various number of constraints, ASP-QR is always
faster than ASP-SVD. This observation matches the fact that the QR orthogonal
decomposition is more computationally efficient than the SVD decomposition.

In contrast with ASP, the other dimension-reduction-based method SCREEN
is computationally more expensive. Although SCREEN can also projects high-
dimensional data onto a much-reduced space, where more efficient unsupervised
data partitions can be performed, the scheme it employs to seek the desired data

projection is computationally expensive (refer to [TXZWO07] for details). The
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Figure 4.5: Running time comparison & subspace dimensionality on 20- Newsgroup
corpus
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graph-based method CNC is a relatively efficient method. When the amount of
constraints is small, CNC can be faster than ASP. However, when the amount of

constraints increases, the running time of CNC increases too, and CNC becomes

slower than ASP.

4.7.7 Dimensionality of the Reduced Space

Given a data set and pairwise constraints, the ASP method can automatically
determine the dimensionality of the reduced space through rank-revealing ma-
trix factorization techniques. And the dimensionality of the reduced space equals
to the rank of the representative matrix. This feature of ASP sets a nice con-
trast to other dimension reduction techniques which often require large amount
of repeated experiments to empirically determine the best dimensionality of the
reduced space. Usually, the best dimensionality varies for different data set and
in the semi-supervised clustering case, also varies for different amount of con-
straints. Therefore, potentially large amount of extra computations are required
to determine the subspace dimensionality. ASP can save these computations. The
dimensionality of the subspace found by ASP are shown in the z-axis of Figure

4.5, Figure 4.6 and Figure4.7.
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4.7.8 Summary of Experiments

The finding can be summarized as follows: (1) As long as the constraints are pro-
vided, ASP always outperform the traditional SPKM and NC methods. (2) ASP
can remove noise in the feature space to reveal evident clustering structure of the
data set. (3) ASP significantly outperforms other semi-supervised clustering meth-
ods in clustering accuracy (p-value < 0.05). (4) ASP is computationally efficient.
As the number of constraints increases, the running time of ASP decreases. Table
4.4 summarizes the comparison results between ASP and other semi-supervised
methods. (5) ASP automatically determines the desired dimensionality of the

reduced space.

Table 4.4: Summarization of experiments (Improvement by ASP in percentage)

metric | Accuracy H Running time
data set \ 20-Newsgroups \ Reuters H 20-Newsgroups \ Reuters
ASP vs. CNC 32.90% 9.43% 15.16% 51.86%
ASP vs. SCREEN 53.36% 19.29% 97.84% 94.08%

ASP vs. MPCK 128.67% 26.51% faster faster




Chapter

Semi-Supervised Clustering with

Domain-Driven Noisy Constraints

In semi-supervised clustering, side information in the form of pairwise constraints
can come from two sources. Constraints can be provided by human users and
experts, or automatically identified based on domain knowledge. In most exist-
ing semi-supervised clustering approaches, the existence of well-defined noise-free
constraints is often assumed, and semi-supervised approaches that use such con-
straints do not perform robustly when constraints contain noise. Noisy constraints,
however, arise unavoidably in many real world applications. The noisy-constraints
problem is particularly serious when constraints are automatically identified based
on domain knowledge. This chapter studies the noisy-constraints problem in the
domain of document clustering, although the technique is equally applicable to

semi-supervised clustering in other domains.
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5.1 Motivation

“Networked” documents proliferate with the development of the World Wide Web
and Digital Libraries. In addition to text content attributes, networked documents
are correlated by links (e.g., hyperlinks between Web pages, citations between sci-
entific publications, and co-acted-by or co-directed-by relationships between movies
etc.). These links are useful information for text analysis because they convey rich
semantics that are usually independent of word statistics of documents [Hen05].
Among many successful techniques, PageRank [BP98| and HITS [Kle99] are two
representative models which use the link information for document importance
ranking.

Exploiting link information of networked documents to enhance text classi-
fication has been studied extensively in the research community [CDI98, CHOO,
GFKTO03, OML00, TAK02]. Tt is found that, although both content attributes
and links can independently form reasonable text classifiers, an algorithm that
exploits both information sources has the potential to improve the classification
[BEGO06, Men04]. Similar conclusion has been drawn for text clustering by a grow-
ing number of works [AS06, BEG06, HZHDDS02, MS00, NAJ03, WKO02, YLO07].
However, the fundamental question still remains

How to effectively couple the content and link information to get the most of
both sources?

Most of the previous studies couple content and link information for clustering
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in one of the four following ways. Given documents represented by the bag-of-words
model, the first way extends the term-based feature space with in-link and out-link
features [MS00]. The second way linearly combines text similarity with link sim-
ilarity [HZHDDS02, NAJ03]. The third way locally adjusts a document’s cluster
assignment based on its neighbors’ cluster assignment in the link graph [AS06].
The fourth way weights terms according to link structure [BEG06]. Whereas these
approaches provide valuable insights on employing link information, they either
rely on heuristic combination of content and links, or assume the link graph to be
dense or noise-free.

This chapter studies this problem for document clustering in a semi-
supervised setting, and introduces a novel semi-supervised clustering approach
for networked documents based on COntent and STructure COnstrained (Costco)
feature projection. In particular, pairwise constraints are extracted from link struc-
tures and are further used to supervise the document clustering process. The link
graphs of real-world data are usually sparse and noisy. Two link analysis methods
are proposed to extract a small portion of links that are less noisy and are of higher

probability to indicate topic correlations between documents.

5.2 Problem Statement

There are two major issues with clustering networked documents. First, text data,

usually represented by the bag-of-words model, have extremely high-dimensional
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feature space (1000+). Thus, most document vetors tend to be equally far apart
from each other, no matter they belong to the same topic or not. The effect is
evident as shown in Figure 5.1. The distributions of pairwise distances are roughly
the same for documents with the same topic and documents with different topics.
An explanation of this phenomenon is that, the contribution of really discriminative
words is marginal with respect to all the other words in the high-dimensional space.
As introduced in Section 1.4, feature reduction is a better choice than feature
selection in significantly reduce the dimensionality for text data.

Second, in the networked environment, semantically related documents tend
to cite each other. If the link structure is noise-free and dense enough, then link-
based clustering augmented by textual content [AS06, BEGO06], will generally yield
well separated clusters. However, the link structure is often noisy and sparse. For
instance, many links in Web pages are for navigational purpose and therefore are
not indicators of semantic relations [PT03]. Thus, it is crucial to find a text-based
clustering solution that incorporates information from the available link structure
as well.

The approach introduced in this chapter addresses the above two issues and
bridges the disconnect between text and link structure from a feature projection
perspective. An optimal projection direction is defined by satisfying constraints
on both content and link structures. The low-dimensional data show more evident

clustering structures and can be clustered with better quality.
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Figure 5.1: Histograms of pairwise distances from two clusters (using 80 documents
about topics sci.med and comp.sys.ibm.pc.hardware from 20-Newsgroups corpus).

5.3 Outline

The overall clustering framework is outlined in Figure 5.2. Given networked doc-
uments, two preprocessing steps are performed. On the one hand, link analysis is
performed to extract core pairs, which are pairs of documents strongly correlated
with each other according to the link structure. On the other hand, the tradi-

tional Vector Space Model (VSM) [BDJ99] is employed to convert documents into
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high-dimensional vectors. Each dimension of a vector is a unique word after pre-
processing (stopping, stemming, etc.). Core pairs and document vectors are then
input into the feature projection module Costco. The generated low-dimensional
data are partitioned by the traditional k-means clustering method into k& clusters,
where k is the desired number of clusters provided by users.

In the following sections, two link analysis methods that extract robust in-
formation from sparse and noisy link graphs are first introduced. Then, a novel
feature projection method is introduced. The method takes use of the extracted

link structure in searching for the optimal feature projection direction.

5.4 Link Analysis

The link graphs of real-world networked documents are usually sparse and noisy.
This fact is illustrated with five real networked document data sets. Data sets
Cornell, Texas, Wisconsin, and Washington are web pages collected from the
four universities, while the data set Cora contains scientific articles that cite each
other (refer to Section 5.7 for details). The small average outdegrees indicate
the sparseness of the graphs. The statistic informative links% is defined as the
percentage of links that the two connected documents by a link are about the
same topic. Small percentages indicate that the link graphs are noisy. Therefore,
instead of naively assuming a pair of connected documents being similar in topic,

we need schemes to extract more robust link information from a link graph.
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Table 5.1: Link structure is sparse and noisy

Cornell | Texas | Wisconsin | Washington | Cora
avg. outdegree 1.56 1.75 2.00 1.94 2.01

informative links% | 13.16% | 11.58% | 20.38% 24.89% 81.38%

5.4.1 Local Link Analysis

A link graph is modeled as directed and unweighted, denoted by G(V,E), where
V is the set of the vertices/documents, and E is the set of edges/links between
vertices. If document d; links to/cites document d;, then there is an edge of unit
weight starting from d; and pointing to d;. Let matrix L € R™™", where n is the
number of documents, be the corresponding link matriz defined as

1 d; cites d;

0  otherwise.

where [;; is the element on the ith row and jth column of L. L embodies two
types of document concurrences: cociting and cocited, as illustrated in Figure 5.3.
A cociting relationship among a set of documents means that they all cite a same
document. For example, both documents A and C cite document D, so A and C
have a cociting relation. A cocited relation refers to that several documents are
cited together by another document. For example, document B and D are being
cocited by documents A. Both concurrences indicate the semantic correlations
between documents.

In order to capture the concurrences, two adjacency matrices X € R™"*" and
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Figure 5.3: Cociting vs. Cocited

Y € R™ " are calculated

=t )< g <1 5.2
[Li N1y

= 0=y <1 5.3

Yij ]l*iUl*j] Yij (5.3)

where 1;, and 1,; represent the i-th row vector and column vector of L respectively.
x;; measures the Jaccard similarity of two documents d; and d; in terms of the
cociting pattern, and y;; measures the similarity of the cocited pattern. Combin-
ing the two concurrences patterns, we have the overall structure-based similarity
matrix

Z=oX+(1-a)Y (5.4)

where a € [0, 1] is the parameter that controls the contribution of each individual
link pattern to the overall structure-based similarity. Note that, some previous
work only consider the cocited pattern by heuristic, but ignore the cociting pattern
[HZHDDS02]. It can be found that by exploiting both patterns, more robust

information can be extracted from the noisy link graph. Given Z, the set C of core
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pairs is then defined as

C ={(di,d;)|Z;; > 0} (5.5)

where 6 is a threshold that controls the reliability of link-based similarities.

5.4.2 Global Link Analysis

The link analysis scheme introduced in the previous section is a “local” method in
the sense that for any query vertex/document in the graph, only the links between
the query vertex and its direct neighbors are considered. Local analysis can miss
some informative document pairs. Figure 5.4 shows such an example. According to
the local method, documents A and B can be considered to be strongly connected
since they both cite document C. Similarly, we can find the document pair C and
D since they both cite £. However, the relations among documents A, B, D and £
are ignored. Naively applying the transitive closer rule to link the four documents
together may have the side effect of error diffusion if one of the judgement made
by the local method is incorrect.

To this end, a global scheme is proposed that robustly finds all the strongly
related document pairs in the link graph. In particular, a Markov random walk
is defined on the link graph. Different from the local method, the link graph
is modeled as undirected and weighted, denoted as G = (@', IE) That means, if
there is a link between two documents d; and d;, a relation is considered to exits

between them, no matter who starts the link. The edge is further weighted by the
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Figure 5.4: Local method misses informative pairs

pairwise similarity ©(d;, d;) of the two documents. Let matrix W € R™*", where
w;; = D(d;, d;), be the weight matrix. We then calculate the one-step transition
probabilities p;;, which are the probabilities of jumping from any state (vertex) i

to one of its adjacent state k, from these weights as

Wi
Pik =
> wij

(5.6)

The one step transition probabilities can be organized as a matrix P whose ¢k-th
entry is pj.

Due to the sparseness of a link graph, two documents that are strongly corre-
lated in topics may not be linked together. For example, a scientific article can not
cite all the related work, and several Web pages with similar topics may scatter in
the Web without any link among them. See Figure 5.5 for an example. Suppose
document B and document D are similar in topics (e.g., suppose D is in B’s first

s nearest neighbors according to content similarity), but are not explicitly linked
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together through any path in the graph. Similarly, suppose document C, which
is a singleton vertex, shares similar topics with document A, but is completely
unconnected. It is impossible, therefore, to identify all the core pairs from the
link graph. To remedy this problem, for each vertex/document whose degree is
below the average, artificial links are added between the vertex and its s nearest
neighbors where s is a small number. For example, the dotted lines in Figure 5.5
denote the artificial links which establish correlations not originally conveyed by

the sparse link graph.

Figure 5.5: Sparse link graph misses informative pairs (real line: real links; doted
line: artificial links)

For the augmented link graph, the transition matrix P has the property that
Pe = e, i.e., P is stochastic, where e is the vector with all 1 elements. We can now
naturally define the Markov random walk on the undirected graph G associated
with P. The relation between two documents is evaluated by an important quantity
in Markov chain theory, the ezpected hitting time h(j|i), which is the expected

number of steps for a random walk started at state ¢ to enter state j for the first
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time. Formally, h(j|i) is defined as

h(ili) = 0

h(jli) =1+ > 25_, ph(jlk) i # j.

The hitting time can be solved iteratively using the above recurrence relations or
in closed form [AF95]. The choice of using expected hitting time to evaluate the
correlation between two documents is justified by the desired property that the
hitting time from state i to state j decreases when the number of paths from i to
7 increases and the lengths of the paths decrease. The core pairs can be naturally

defined as

C = {(ds, d;)|(n(j]d) + h(il7))/2 < 7} (5-8)

for a certain threshold ~.

5.5 Content & Structure Constrained Feature

Projection (Costco)

This section introduces how to integrate content and link structure into a unified
framework to find the optimal subspace embedding of high-dimensional data.

Let matrix D € R/*" be the document-term matrix where each column d;
is a document vector in the f-dimensional space. Let {(d;1,d;2)}[jL; be the set

of m document pairs that have been identified as core pairs at the link analysis
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step. Since these pairs of documents are strongly connected according to the
link structure, there is a high probability that documents in a core pair are also
semantically similar. We then prefer a projection direction, such that any two
documents in a core pair will be more similar to each other after being projected
along the direction, where the similarity between two documents is measured as

djrldjg

D(dj,dp) =1 — 217
T [djalllldje|

(5.9)

To achieve this goal, we can minimize the variance between documents in a core
pair. Let us define the scatter matrix V to encode the pooled variances for all the

core pairs

1
V= > (dj—djp)(dj —djp)" (5.10)
{(dj1,d;2)}€C

Then the desired projection is
S* = arg msin trace(STVS) (5.11)

where S € R/*" denotes the optimal transformation matrix, r is the desired sub-
space dimensionality provided by users, and trace(-) is the trace of a square matrix,
defined as the summation of the diagonal elements.

Directly minimizing Equation 5.11 leads to trivial solutions. For example, if
the entire data set is projected to one point, then the covariance between core pair

documents is minimized. To avoid trivial solution, we can put constrains on the



84

variance of the entire data set to prevent all the data points huddle together. The

scatter matrix of the entire data set is defined as

U= 3 (= di— )" (5.12)

where p = %Z?:l d; is the global mean. Accordingly, the following objective is

defined

STUS

S* = arg max trace(m) (5.13)
= argmsaxtmce((STVS)_l(STUS))
which can be interpreted as
arg max trace(STUS) and arg msin trace(STVS) (5.14)

The objective function in Equation 5.13 defines a linear feature projection di-
rection that both maximally preserves the variations of the entire data set and
minimizes the pooled variances of core pairs. Simply put, after being projected
along the optimal projection direction, the documents that are strongly connected
(according to link structure) will be more similar to each other, while the rest
documents are still well separated.

After the transformation matrix S is solved, the high-dimensional (f-
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Algorithm 3: Costco (solving Equation 5.13). D= Costco(U,V,D, k,r)
Input : Scatter matrix U,
Scatter matrix V;
document-term matrix D;
Desired # clusters k;
Desired # subspace dimension r.
Output: Low-dimensional data D.
Do eigen analysis of V = ®ADT;
Discard zero eigenvalues of V with their eigenvectors;

Form whitening transform H = ®A~1/2;

Obtain new U = H"UH,;

Do eigen analysis of U= NONVEE

Pick the r biggest eigenvalues A1 - - \,;

7 Pack their associated eigenvectors into the transformation matrix

S=Hx[¢r---];
8 Project data via D = S”D;

o return Low dimensional data D.

=~ w N =

[<2 I

dimensional) data can be optimally represented in the r-dimensional subspace as
D= STD, where D € R/*" is the original document-term matrix, D € R is
the subspace representation, r < f. The optimization problem 5.13 is a general
eigenvalue problem. Detailed algorithm that solves Equation 5.13 and finds the

transformation matrix S is shown in Algorithm 3.

5.6 Regularization

There are two factors that may prevent Costco from behaving robustly over a
variety of data sets. First, if the covariance matrix V is singular and hence not
invertible, the optimization problem in Equation 5.13 is ill-posed. Second, if a small

number of core pairs are identified, the estimate of matrix V is highly variable due
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to the randomness related to small sample size, which may lead to over-fitting.
Regularization is the technique to solve the ill-posed problem and to prevent
overfitting. The regularized objective function of Costco is

STUS

SIENAIL (5.15)

S* = arg max trace(

where J is the regularizer, and the coefficient 8 balances the model complexity and
the empirical loss. A regularizer is what deemed to be more “physically plausible”
to bias the sample-based estimate [Fri88]. The Tikhonov regularizer [Tik63],
which is an identity matrix J = I, is usually adopted. For the document clustering

problem, the following regularization term is proposed

J = diag(cov(D)) (5.16)

The hypothesis family of the diagonal regularizer preserves the differences in fea-
ture variances, thus is more realistic. Note that, if the data have been statistically
normalized to unit variance, the diagonal regularizer is reduced to the Tikhonov
regularizer since in such case diag(cov(D)) = I. However, statistical normalization
has the effect of making a data distribution “more Gaussian”. When the true
data distribution is quite different from Gaussian, normalization will impair data
clustering accuracy.

In unsupervised learning, the regularization parameter /3 is usually set to a fixed
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Algorithm 4: Networked Document Clustering Based on Costco.
Input : A set of n networked documents;
Desired # clusters k;
Desired # subspace dimensionality r.
Output: a set of clusters
1 begin link analysis
Extract core pairs C by local link analysis (Eq. 5.5)
or global link analysis (Eq. 5.8)

4 begin content analysis
Represent n documents using vector space model to get
the document-term matrix D € Rf*™;

7 Construct covariance matrix U (Eq. 5.12);
8 Construct covariance matrix V (Eq. 5.10);
9 Construct the regularizer J (Eq. 5.16)

10 and pick g (Eq. 5.17);

1 D= Costco(U,V,D, k, )

12 k-means(f), k);

13 return a set of clusters.

value by the algorithm designer without pellucid intuition [WZLO07]. Instead, we
can define the parameter as
max(diag(V))

0= ax(diag(d)) (5.17)

where max(diag(A)) is the maximum value of the diagonal elements of matrix A.
The intuition is to scale the regularizer such that the sample-based estimate V
and the regularizer SJ are “comparable”. That is, no one component will over-
whelm the other. Empirical evaluation validates the effectiveness of this adaptive
parameter setting scheme.

The overall clustering scheme is outlined in Algorithm 4.
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5.7 Performance Evaluations

5.7.1 Data Description

The proposed networked document clustering framework has been evaluated on 6
UCT benchmark data sets', 3 data sets generated from the 20-Newsgroups docu-
ment corpus, 3 data sets generated from the Reuters document corpus, the WebKB
data sets? of hypertext, and the Cora data set* of scientific publications. All these
data sets have been widely used for machine learning and text analysis tasks.
Statistics of these data sets are listed in Table 5.2 to Table 5.5.

In particular, the 20-Newsgroups data sets are generated following the same
steps as described in Section 4.7.1. To generate the Reuters data sets, the process
is a little different from the process described in Section 4.7.1. For a given number
of topics b, firstly, b topics are randomly sampled, and then about 100 documents
of each topic are randomly sampled and mixed together. Instead of fixing the b
topics, I randomly select b topics for 5 times and generate 5 different data sets.
In total, 15 Reu-k data sets have been generated. Table 5.4 shows the average

statistics of 5 sets of independently generated data sets.

'http://archive.ics.uci.edu/ml/
’http://www.cs.umd.edu/~sen/lbc-proj/LBC.html



Table 5.2: UCI data sets

89

data sets \ # classes \ # instances \ # features
balance 3 625 4
vehicle 4 846 18
breast-cancer 2 569 30
sonar 2 208 60
ionoshpere 2 351 34
soybean 4 47 35

Table 5.3: 20-Newsgroups data sets
data sets \ topics \ # features
difficult | comp.windows.x, comp.os.ms- 3,570
windows.mis, comp.graphics
mediocre | talk-politicis.misc, talk.politics. 4,457
guns, talk.politics.mideast
easy alt.atheism, sci.space, 4,038
rec.sprot.baseball

5.7.2 Baseline and Competing Methods

The spherical k-means (SPKM) [DMO01] and the Normalized Cut (NC) [SM97a]

3

are chosen as baseline clustering methods. For competing dimension reduction

techniques, the proposal is compared to two well-known unsupervised dimension

reduction methods, the principal component analysis (PCA) [Pea01] which is a lin-

ear method and the locally linear embedding (LLE) [RS00]* which is a non-linear

3original authors’ implementation is used. http://www.cis.upenn.edu/~jshi/software/
Yoriginal authors’ implementation is used http://www.cs.toronto.edu/~roweis/1le/

Table 5.4: Reuters data sets

data sets \ # classes \ # instances \ # features

reud 4 400 2,537
reud 5 500 2,257
reu6 6 600 2,626
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Table 5.5: WebKB and Cora Data sets
data sets \ # classes \ # instances \ # features \ # links

WebKB ) 877 1,703 1,608
Cora 7 2,708 1,433 5,429

method. For competing techniques that couple content and link information, Aug-
mented [MS00] and L-Comb [HZHDDS02, NAJ03] are implemented. Augmented
augments the content-based vector space model with link features and applies k-
means to the augmented document vectors. L-Comb linearly combines content
similarity with link similarities and uses NC as the underlying clustering scheme.
Other schemes of combining content and link information in clustering are avail-
able, such as local cluster membership adjustment [AS06] and link-based feature
weighting [BEG06]. However, these techniques apply to dense or error-free link
graphs so I do not compare to them. Besides, the method Links is a k-means
clustering based on link similarity only. Table 5.6 summarizes all the algorithms

that have been evaluated. The two proposals are bold faced.

5.7.3 Controlled Experiments

In this section, controlled experiments are performed to evaluate the effectiveness of
various techniques in coupling content and links to improve clustering performance.
In particular, given a data set, artificial links are generated and inserted between
data points. In this way, the density of a like graph as the error rate of links are

under control, and the me a method can be evaluated with various settings. Every
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Table 5.6: Methods Summary
method ‘ description

FF(k-means) | spherical k-means (SPKM), baseline, content only,
full feature space (FF) [DMO1]
FF(NC) Normalized Cut (NC), baseline, content only,
full feature space (FF) [SM97a]

PCA content only, reduced dimensionality [Pea01]

LLE content only, reduced dimensionality [RS00]
Augmented | content & links, full feature space
uses k-means for clustering [MS00]

L-Comb content & links, full feature space
uses Normalized Cut (NC) for clustering [HZHDDS02, NAJ03]
Links links only
Costco my proposal

nr-Costco | Costco without diagonal regularization

method that uses link information will take use of all the available links instead
of pruning out some links with preprocessing steps. With controlled experiments,
clustering schemes can be evaluated in a fair setting without being influenced by
preprocessing.

To generate artificial links, the cluster membership relation of pairs of docu-
ments are randomly sampled from ground truth and x pairs are chosen to add links
in. Given an error rate e of links, we can control the samples such that [z * €]

pairs of documents belong to different topics, which means these links are noise.

Coupling Content and Links In this experiment, the error rate of links is fixed
to be zero, i.e., e = 0, and the graph density is varied by introducing x =100
to 800 links between documents. This experiment measures the performance

of a method in the noise-free setting with various levels of graph density.
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Figures 5.6 5.7, 5.8 and 5.9 show the clustering performance measured by
NMI for the UCI, 20-Newsgroups, and Reuters data sets respectively. Tables
5.7, 5.8 and 5.9 show the same result measured by RI and F score, with fixed
400 links. For all the data sets and different graph density levels, Costco
consistently and significantly outperforms other competing methods. Notice
that, L-Comb and Augmented improve clustering accuracy for some data
sets e.g., vehicle, balance, easy, but do not consistently perform well for all

the data sets.

It is easy to observe that although the three evaluation metrics have different
absolute values, they show very similar patterns for all the data sets and

experiments.



05

I ——— ¥
e 7)ij777 7
0.4t
035
_ Br<e<7ﬂ4<~u———t}——u
= == -z o R | —
S 03 = + * - + FF(kmeans)|” "
o025l o PCA
25 — — Augmented
—+= FF(NCut)
0.2t T
o 5 ° o - L-Comb o
—v— Costco
0151 —#— nr-Costco
T — =% LLE -
UK SISt SR T s M S
100 200 300 400 500 600 700 800
# of links
(a) balance
0.4r
e eV
v
035+
3 77,,,,7*;7‘*777777***””*77‘*777*‘ o
0.3F
g +-- FF(kmeans)
o-- PCA
025¢ - — Augmented
| T FRNCu) | o
- BT ET ~0- L-Comb
02— — -+ - —+ — — + — — + —| —v— Costco -+
s @@= @ —— &~ —%— nr-Costco [ ®
* * * * * - LLE *
100 200 300 400 500 600 700 800
# of links
(b) vehicle
0.65-
0.6
v
7
% + - FF(kmeans) @
o PCA
— — Augmented
04l ~+= FF(NCut)
—B- L-Comb
—v— Costco
035¢ —*— nr-Costco
* * * * * LLE %
100 200 300 400 500 600 700 800

# of links

(c) breastcancer

Figure 5.6: Clustering results on UCI data sets
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Figure 5.7: Clustering results on UCI data sets (continue)
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Robustness to link errors Follow a similar setting of the previous experiment,
now the density of link graphs is fixed to have x = 400 links, and the error
rate e of links is varied from 0 to 1, with e = 0 means that there is no noise
in links and e = 1 means that all the links are noise. Figure 5.10 shows
the behavior of Costco for 3 representative data sets (results on other data
sets show similar patterns and thus omitted). As long as most of the links
are informative (i.e., the percentage of noisy links is below 50%), without
any link-pruning preprocessing steps, regularized Costco always improves
clustering accuracy. These results indicate the robustness of Costco to noisy

link graphs.

Regularization The effectiveness of the proposed diagonal regularizer can be eas-
ily observed from the reported experimental results. When no regularization
is applied, doing dimension reduction based on noisy and sparse link struc-
tures may even degrade a clustering solution. For example, the mediocre
data set (Figure5.8(b)) and the reu6 data set (Figure 5.9 (c)) show exam-
ples where the non-regularized Costco degrades clustering performance given
small number of links. Figure 5.10 shows that without regularization, the
use of noisy link structure in dimension reduction deteriorate clustering per-
formance very fast. However, when the diagonal regularizer is adopted, the
performance of clustering in the reduced space is much more robust. Note

that, for all the data sets and experiments, the regularization parameter
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[ is set automatically and adaptively. The robust performance of Costco

indicates the effectiveness of this parameter setting scheme.

Dimension Reduction In this experiment, for UCI data sets which have rela-
tively low-dimensional features, the reduced dimensionality r is fixed to be
the half of the original dimensionality. For text data sets, the reduced dimen-
sionality is set to 40 (this number does not change the relative performance
comparison among competing methods). As reported results show, Costco
always outperforms the other two unsupervised dimension reduction method,
PCA and LLE. The performance gain is due to the use of link information.
PCA and LLE, however, can not explore link information even when avail-
able. This experiment has shown that LLE does not perform well for text
data sets, thus its results on text data is not reported here. This observation
is due to the fact that LLE fails to handle sparse and weakly connected data
such as text [SRS03]. Figure 5.11 shows the difference in data distributions

after dimension reduction by PCA and Costco.

Local vs. Global Link Analysis In this experiment, instead of using all the
available links, Costco adopts the local and global link analyses to extract
robust core pairs of documents and does dimension reduction accordingly.
With fixed 400 links and an error rate of 0.5, Figure 5.12 shows the clustering
results. In most cases, both link analysis methods can prune noise in links and

improve clustering performance. Global link analysis usually outperforms
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-5

(b) Costco

Figure 5.11: Dimension reduction by PCA and Costco on the Cora data set (Cam-
era Position: [-49, -119, 241)).

local analysis as can be expected.



104

NMI

m global

Olocal
all links

breast-cancer mediocre reus

Figure 5.12: Link analysis: global vs. local methods

5.7.4 Unrestrained Experiments

Instead of artificially control the graph density and error rate, now all the methods
are tested with real-world networked documents. Experimental results are shown in
Table 5.10. Basically, similar patterns to the controlled experiments are observed.
For example, in most cases, Costco outperforms competing clustering methods
and dimension reduction methods. The regularization improves the robustness in
clustering performance, and dimension reduction in general alleviates the curse-
of-dimensionality problem related to text data and generates more accurate data
partitions. Note that, because all the data sets have very sparse and noisy link
structures (refer to Table 5.1), the clustering method Links, which entirely relies
on link structures, has the worst performance. But when combining link struc-
ture with content information, all the three content and link coupling techniques
improves clustering performance. This observation confirms the usability of link

structure (can be sparse and noisy) in text analysis.
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Chapter

Semi-Supervised Clustering of

Non-linearly Separable Data

6.1 Motivation

This thesis has been focusing on semi-supervised clustering by linear transforma-
tions so far. Linear transformations perform well in general. However, when sever
non-linearity is involved in data, linear transformations can be less effective.

One common and effective solution to the non-linearity problem is to use the
popular kernel technique [STCO04]. Kernel technique is based on the idea that non-
linearly separable data can be separated linearly in some high-dimensional space.
Data are first mapped to a high-dimensional feature space by non-linear transfor-
mations, then can be separated in the kernel-space with simple linear methods.

Kernel technique has been applied to many machine learning and pattern recogni-
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tion problems to improve performance. In terms of dimension reduction methods
by linear transformations, most methods have their kernel space equivalents to
deal with non-linearities in data. For example, kernel principal component analy-
sis (PCA) [SSMOI7], kernel discriminant analysis(KDA) [MRW™99] , kernel metric
multidimensional scaling (KMDS) [Web02], kernel locality preserving projections
(KLPP) [HNO03] and kernel relevant component analysis (KRCA) [TmCKO05] are
the kernel extensions to some representative dimension reduction approaches that
are introduced in Chapter 2.

However, kernel methods also have some drawbacks compared to linear meth-
ods, which will be discussed in detail in Section 6.2. This chapter presents a semi-
supervised clustering approach based on linear transformations, but the method
is still able to cluster non-linearly separable data effectively. The method takes
advantage of kernel technique but also preserves the simplicity of linear transfor-

mations.

6.2 Kernel Technique

A kernel method maps input data into a high-dimensional feature space using a
nonlinear function, and if the mapping is chosen properly, complicate structures
in the input space can be easily captured in the high-dimensional space [STCO04].

Formally, let K : X x X — R be a positive definite kernel function satisfying for
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all x,x" € X:

K(x,x') = ¢(x)" ¢(x) (6.1)

where ¢ is a nonlinear mapping function
o X—H (6.2)

that maps input space X into the f,-dimensional feature space H.

Kernel k-means [SSM98] is a representative kernel-based clustering technique.
The traditional k-means has one major drawback that it cannot separate clusters
that not non-linearly separable in the input space. Kernel k-means partitions the
data points by linear separators in the new high-dimensional feature space.

Let m; denote the ith cluster of the total k clusters, and a partitioning of data
points be {m;}¥_|. Kernel k-means generates a data partition by minimizing the

following objective function

D({m}i) = D llo(x) — myl? (6.3)

=1 x€em;

where

m; = ﬁ 3 o) (6.4)

XET;
represents the centroid of cluster 7; in the kernel space, and |m;| is the size of

cluster m;. As in traditional k-means, the kernel k-means assigns a data point to
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the nearest cluster, where the point-to-cluster distance is measured as the point to
cluster centroid distance in the kernel space.
To assign a data point to a cluster at each iteration, the Euclidean distance

from the point ¢(x) to centroid m; needs to be calculated and is given by

1
+W > K(y.y)

y.y'€m;

The evaluation of the right-hand side of the above equation only involves the kernel
function K (-,-) and the input data points, thus can be solved in the kernel space.

It has been shown that kernel k-means is closely related to spectral cluster-
ing, which is a type of clustering technique that can handel non-linearities in data
[DGKO04]. Moreover, the objective function of normalized cut is identical to the
objective function of weighted kernel k-means with the weights being selected in
a particular way. Yet, kernel k-means is computationally more efficient than nor-

malized cut for large data set [DGKO04].

6.3 Motivation

The goal of this chapter is to cluster data items that are not linearly separable in

the input space. For such data, the two types of constraints often lead to conflicting
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data partitions, even if constraints by themselves are consistent. For example, this
can lead to the over-constrained problem in semi-supervised k-means [WCRS01].

Kernel technique offers solutions to the non-linearity problem. However, despite
the advantages as introduced in the previous section, kernel methods have some

drawbacks

e How to properly choose the non-linear mapping is a big issue for kernel-based
techniques. If the mapping is not chosen well, data in the kernel-space are
not guaranteed to be linearly separable. For example, the clusters generated
by kernel k-means can be of less quality than those generated by traditional

k-means if the non-linear mapping is not chosen well.

e Kernel machines easily overfit. Any data that are not linearly separable in the
input space is guaranteed to be separated linearly in some high-dimensional
space. Thus, given pairwise constraints, it is always possible to find a data
partition that satisfies all the constraints in certain high-dimensional space.
However, kernel machine will overfit with limited constraints, since the non-
linear mapping that satisfies a few pairs of constrains does not necessarily

best reveal the structure in data.

e A kernel-based dimension reduction method is not easily generalized to han-
del new data. Because the mapping from the input space to the kernel space
is non-linear, in order to map testing points, all the training points besides

the transformation matrix need to be stored, and the inner product between
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the testing points to all the training points need to be calculated and stored.
The extra storage and computation cost limit the application of kernel-based

dimension reduction methods to large data sets.

With the issues of kernel-based methods in mind, this chapter presents a semi-
supervised dimension reduction technique based on Dual Subspace Projections
(DSP). The approach can simultaneously preserve the structure of original high-
dimensional data and the pairwise constraints specified by users. Thus, the method
does not overfit. Furthermore, the method has a closed-form solution of an gen-
eralized eigenvalue problem, and therefore can be solved efficiently in the training
phase. Moreover, the method uses kernel trick to handle nonlinearly separable
data, but the learned projection is still linear. So handling testing data is very
efficient. With the help of constraints, the method can also automatically identify

the best hyperparameter in the kernel function.

6.4 Method Overview

Semi-supervised clustering by Dual Subspace Projections (DSP) is a two-step op-
timization solution. In particular, the must-link constraints are exploited in the
first step by using a kernel subspace projection. At this step, a pair of must-link
data points are mapped to one point in the kernel space, and are guaranteed to be
assigned to a same cluster. In addition, the original distances are best preserved

while satisfying constraints. Therefore, the structure of data after the first step
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subspace projection is more informative for clustering analysis than the structure
of the input space.

Since the structure of data after enforcing must-link constraints is fully encoded
in the pairwise distances between data points in the kernel space, the method
preserves only the pairwise distance information and moves on to the next step.
In the second step, cannot-link constraints are further exploited to pull cannot-
linked data points apart. This step also makes sure that the original distances are
best preserved while satisfying constraints. An traditional k-means is then used to
cluster data items after the two step subspace projections.

The two-step scheme solves the conflicting constraints problem. The method
benefits from kernel technique in the first step and returns back to the original
input space in the second step. The learned transformation is linear and can be

easily generalized to handle new data.

6.5 Integrating Must-link Constraints and

Data Structure

Given a pair of must-link constraint (x,x’), following the idea presented in
[TPMO09], the input space can be projected into the null space of the difference
vector (x —x/)T, which is the direction orthogonal to the difference vector. Hence,

x and x” will be mapped to a same single point, and the must-link constraint is
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strictly satisfied. This method does not scale well with the increasing number
of must-links. For data with f-dimensional features, if the number of must-link
constraints exceeds f —1 all the data points will collapse to a single point. For this
reason, I first map data to an enlarged feature space, i.e., the kernel space and then
apply the same null space projection technique to explore must-link constraints. I
call this method kernel null space projection. Figure 6.1 illustrates this idea using
a one-dimensional data set.

Formally, define the m x f; must-link constraint matriz M as follows

Then, the desired projection matrix is

P=1; -U (6.6)

where

U =M (MM")#*M

and # stands for the pseudo-inverse. P projects data in the feature space H to the
null space of M, and is the desired projection. One can prove that in the null space

of M, every pair of must-linked data points collapse to a single point, and thus the
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Figure 6.1: Illustration of must-link constraints enforcement. (a) Input space. 36
one-dimensional data points originated from two clusters (18 points each, differenti-
ated by markers) that are not linearly separable. Black crosses mark the must-link
constraint pair (mj, my). (b) The input space is mapped to the 2-dimensional fea-
ture space via quadratic mapping ¢(x) = [x x?]7. The blue arrow is the difference
vector (¢(my) — ¢(my))T. The dotted line is the null space. (c) The feature space
is projected to the null space of the difference vector. Constrained points collapsed
to a single point and a clustering algorithm trivially groups them together.
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must-link constraints are maximally satisfied (refer to Appendix for proof).

By simple algebra formulation, the projected kernel function is given by

R(x,x) = K(x,x) = K(6(x), M)TW#K (6(x(), M) (6.7)

where K (¢(x), M) denotes the m-dimensional vector

K(x,x1) — K(x,%1)

K(x,x,,) — K(x,X'1)

and

W, = K(x;,x;) — K(x;,x}) — K(x},x;) + K(x},x)

J 17

Since all the computations of K (x,x’) can be expressed in terms of K (x,x’), the
subspace projection is performed implicitly in the kernel space.

Note that, the kernel null space projection P is the optimal projection in the
sense that it preserves the variance along the orthogonal directions to the projection
direction. Therefore, the original distances of data are best preserved while must-

link constraints are satisfied.
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6.6 Integrating Cannot-link Constraints and

Data Structure

There are two kinds of data structures influence clustering accuracies. If data
points from the same cluster are close to each other, the data set has better intra-
cluster structure, which means a cluster is more compact. If data points from
different cluster are far apart from each other, the data set has better inter-cluster
structure, which means clusters are well separated.

The kernel null space projection introduced in the last section guarantees the
enforcement of must-link constraints. Thus, the pairwise distances of the embedded
data d(d(x), d(x')) reveals the intra-cluster data structure better than the pairwise
distances in the original space d(x,x’). However, the kernel null space projection
can also mistakenly pull data points from different clusters close to each other, thus
leading to clustering mistakes. Figure 6.2 illustrates this issue using the same data
as in Figure 6.1 but with a different pair of must-link constraint. As a result, the
pairwise distances of embedded data d(¢(x), d(x')) do not capture the inter-class
structure well.

This problem can be solved by further exploiting cannot-link constraints based
on the kernel null space projection result. The goal of adopting cannot-link con-
straints is to embed data in a subspace where data points from different classes

are further pushed away from each other while the intra-class distance measure is
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Figure 6.2: Ilustration of a must-link enforcement error on unconstrained data
points. Same set-up as Figure 6.1 with a different pair of must-link constraint.
The null space projection result in (c¢) clearly demonstrates that although the
constrained points are mapped to a single point, points from different clusters are
mixed together too and leads to clustering mistakes.
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still best preserved. Before presenting how to find such a subspace, I first make
the following declaration and define a few concepts.

Without loss of generality, let us assume all the distances have been normalized
to [0, 1] in our discussion. Then the similarity between any two points x; and x;
is evaluated as 1 — d(x;,x;). Let N(x;) denotes the set of k-nearest neighbors of
point x; for a given k. Let S be the adjacency matriz, such that

1—dy(x;,%;) x; € N(x;) Vx; € N(x;)
S, = (6.8)

0 otherwise

where dy(x;,X;) is the kernel distance defined as

A

dg(Xi,%x;5) = d(gg(xi): QZA)(Xy»

~

- \/[?(Xi’xi) + I/(\—(XJ"X]) - 2K(Xiaxj) (69)

and satisfies dy(x;,x;) = 0, if (x;,%;) € Qu. T adopt the kernel distances in the
adjacency matrix because they fit the intra-class structure better.

Let N(x;)* be the set of k points that are farthest from x; for a given k. Let
R be a matrix which is called the disjoint matriz, such that

1— d(Xi,Xj) X; € N(Xj)l V X € I\I(Xi)L

0 otherwise

Because the disjoint matrix mostly encodes the inter-class structure, the distance
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measure of the original input space preserves the structure better.

Let Z = |:Z1 e Zrl be the matrix containing r transformation vectors z;|7_,
that embeds data points in the f-dimensional input space in the r-dimensional
subspace by y; = Z7x;, x; € R/, y; € R". In order to preserve both the intra and

inter-class structures, I minimize the following objective function

(6.11)

min Zij (yi — Yj)zsi,j
Zz‘j(yi —v;)’Ri;
The numerator incurs heavy penalties if nearby data points (i.e. S;; is big) are
mapped far apart. Therefore, minimizing it is an attempt to ensure that if x; and
x; are close then y; and y; are close as well. The denominator assigns big rewards
if nearby data points from different classes (i.e. R;; is big) are mapped far away.
Therefore, maximizing the denominator has the effect of pushing different classes
farther away. Overall, minimizing Eq. (6.11) both preserves the structure of data
and makes the structure more evident.
Similarly, the goal of pushing apart cannot-linked data points is achieved by

maximizing the following objective function

max Y (yi—y;) (1 - d(xi,x;)) (6.12)

(xi,x]‘)eﬂc

If modify the disjoint matrix R to incorporate cannot-link constraints as
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§
1— d(Xi,Xj) X; € N(Xj)l V X € I\I(Xi)L
Rij = V (xi,%;) € Qe (6.13)

0 otherwise

\

then the two objectives in Equation (6.11) and Equation (6.12) can be integrated

into a single optimization problem as

Zij(ZTXi —z7x;)%S;

z" = argmin —
? Zij(ZTXz’_ZTXj)2Rij

o 2" XLgXTz
= argmin

_— .14
z ZTXLﬁXTz (6.14)

where Lg = D% — S and Lz = DR — R are the graph Laplacians [Chu97] related
to the adjacency matrix S and the disjoint matrix R respectively, and DS and
DR are diagonal matrices with D$ = >-;Si; and Difi{ = ﬁm The r opti-
mal transformation vectors z;|/_, can be found by solving the general eigenvalue

problem

XLsX"z = AXXL X"z (6.15)

The r eigenvectors related to the r smallest eigenvalues are the solution.
Obviously, the performance of the above optimization problem strongly de-

pends on the pairwise distances of data points, which are encoded in matrices Lg
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and Lg. By adopting the kernel distance cf¢(xi, x;), and distances d(x,x’) of the
original input space, the modification to the feature space in the kernel null space
projection step is incorporated. Therefore, the final optimal projection direction is

determined by both types of constraints as well as the intrinsic structure of data.

6.7 Performance Evaluation

6.7.1 Data Sets

Multiple real data sets from different domains are used to evaluate the performance
of double subspace projections. Data sets are summarized in Table 6.1. The data
sets used are very diverse in terms of size of data, size of feature spaces and number
of clusters. In particular, 10 data sets are gathered from the UCI machine learning
database ! because of their popularity in the field of machine learning. Besides,
the COIL-20 database 2 is used, which is widely used in 3D object recognition
research. This database contains gray-scale images of 20 objects. Each object has
72 images taken at different orientations. Thus, the entire database contains 1,440
images. Each image is of size 128 x 128 = 16, 384 pixels. I further perform bicubic
interpolation to downsize every image to 16 x 16 pixels. This is a commonly used
technique to achieve tradeoff between complexity and accuracy. Thus, each image

is represented as a vector of dimension 256. Samples of the COIL-20 database are

'http://archive.ics.uci.edu/ml/
2http://www.cs.columbia.edu/CAVE/software/soft1ib/coil-20.php
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Table 6.1: Data sets summary (n: # samples; f: # features; k: # clusters; ¢:
kernel parameter )

data set \ n \ f \ k \ 0
wine 178 13 3 10.6
vehicle 846 18 4 10.9
iris 150 4 3103
balance 625 4 3 10.7
ionosphere 351 34 2 1
glass 214 9 6 |03
breast 682 10 2 1
Multiple Features
isolet
Pendigit
COIL-20

Figure 6.3: COIL-20 database. Left: 6 random samples, right: 6 orientations of
one object

listed in Figure 6.3.

6.7.2 Competitive Techniques and Evaluation

The semi-supervised clustering method by dual subspace projections has been
compared to four state-of-the-art and representative semi-supervised and unsuper-
vised dimension reduction techniques. LPPSI [ALV0§] is a recent semi-supervised

dimension reduction method that has been successfully applied to solve face recog-
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nition problem. The proposal is compared to the kernel version of LPPSI since it
is reported to have better performance than the non-kernel version. LPP [HNO03]
is a dimension reduction technique that preserves the local structures of data, and
has been widely adopted in visualization and text indexing. The proposal is also
compared to SLPP, which is the supervised version of LPP that is able to explore
constraints. PCA is the classical unsupervised dimension reduction technique that
optimally preserves data variance. The dimension reduction performance achieved
by each method is measured in a clustering setting and k-means is adopted as the
underlying clustering model in all experiments. A better semi-supervised dimen-
sion reduction method should be able to take full advantage of side information and
better reveal the intrinsic structure of the data, and thus leads to higher clustering
accuracy. F'-score is adopted to evaluate clustering accuracy. The clustering error
rate is defined as 1 — F-score. All the reported results are based on the average of

20 independent runs of experiments.

6.7.3 Parameter Setting

For all the kernel methods, I use the RBF kernel, which is defined as

I — x'|?

) (6.16)

K(x,x") = exp(—

The hyperparameter 0 often significantly influences the performance of kernel

methods. With the help of constraints, the J value is determined by a simple
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grid search. For a given 9, only the kernel null space projection is performed,
then the projected data are clustered. Since the kernel null space projection guar-
antees that all must-linked data points will be trivially clustered together, the ¢
value that achieves the maximal clustering accuracy on cannot-link constraints is
picked. Empirical results show that this method works very well even with a few
pairs of constraints. The ¢ values chosen for each data set are listed in Table 6.1.
The number of nearest neighbors used in constructing the adjacency and disjoint

matrices is set to 5 and is kept the same for all the methods and all the data sets.

6.7.4 Fixed Subspace Dimensions

This experiment tests the dimension reduction performance on data sets with
moderate sizes. The purpose is to learn the best projection direction by using
all the available data and evaluate the performance. For each data set and each
cluster, I run the experiments by alternatively generating 5 and 20 random pairs of
must-link and cannot-link constraints each based on class labels. This end up with
2 X k x 5(20) pairs of constraints in total for each data set, where k is the number
of clusters. For easy reference, I refer to them as “5(20) pairs” of constraints
hereafter. The subspace dimension is fixed to be half of the original dimension.
Table 6.2 shows the evaluation results. On 5 out of 7 data sets, DSP achieves
the best F-scores. For the remaining 2 data sets, DSP still shows satisfactory F-

scores. Most importantly, when the number of constraints is small (i.e. the 5 pairs
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Table 6.2: F-score on half-size feature spaces
unsupervised 20 pairs 5 pairs
PCA [ LPP || SLPP | LPPSI | DSP | SLPP [ LPPSI | DSP
wine 0.9415 | 0.9541 || 0.9563 | 0.8198 | 0.9588 || 0.5962 | 0.7381 | 0.9322
vehicle 0.3070 | 0.3383 || 0.6024 | 0.4092 | 0.6042 || 0.3417 | 0.3306 | 0.3604
iris 0.8112 | 0.7716 || 0.8920 | 0.6982 | 0.9498 || 0.8471 | 0.6244 | 0.9405
balance 0.5075 | 0.4754 || 0.5789 | 0.5800 | 0.6068 || 0.5749 | 0.5845 | 0.5693
ionoshpere | 0.6050 | 0.6050 || 0.7061 | 0.6205 | 0.7211 || 0.6108 | 0.5992 | 0.7145
glass 0.3950 | 0.3903 || 0.4032 | 0.4023 | 0.3833 || 0.3849 | 0.3058 | 0.4131
breast 0.9307 | 0.9307 || 0.9027 | 0.9352 | 0.9202 || 0.7478 | 0.9292 | 0.9288

case), the performance of DSP is still robust and is better than or similar to the
performances of the two unsupervised method PCA and LPP. This means that

DSP does not suffer from overfitting, unlike competing methods.

6.7.5 Various Subspace Dimensions

This experiment evaluates the dimension reduction techniques for various subspace
dimensions on the 3D object recognition task and the handwritten digit recognition
task. Results on the COIL-20 database for 3D object recognition and the Multiple
Features data set for handwritten digit recognition are shown in Figures 6.4 and
6.5 respectively. For each data set 5/10/20/30 pairs of constraints per cluster are
generated following the procedure introduced in last experiment. The reduced
dimensions range from 2 to 200. DSP significantly outperforms other dimension
reduction techniques for both data sets under all experiment settings. The stable
performance of DSP given a few constraints and very low subspace dimensionality
is particularly impressive. It is interesting to notice that although LPPSI and

SLPP perform well for the COIL-20 data set, their performances on the digit data
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set are worse than the unsupervised LPP for low dimensions and small number of

constraint pairs. This effect could be the result of overfitting due to few training

data.
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Figure 6.4: Error Rate vs. Reduced Dimensions for 3D object recognition
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Figure 6.5: Error Rate vs. Reduced Dimensions for handwritten digit recognition

6.7.6 Generalization

This experiment evaluates how well DSP handles new data points on four large

scale data sets. For each data set, I do 5-fold cross validation. Four folds of data

are used for training. The training part includes generating 20 pairs of constraints

and learning the best subspace embedding. Then the one fold testing data points

are projected to the learned subspace for further clustering evaluation.

Table

6.3 shows the generalization performance, compared to the result of clustering
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Table 6.3: F-score for Generalization (r: subspace dimensionality)
| full feature | DSP-generalize(r)

Multiple Features 0.7101 0.9459(20)
isolet 0.5311 0.4740(20)
Pendigit 0.5502 0.5873(5)
COIL-20 0.5732 0.7872(20)

testing data without dimension reduction. Because the subspace dimensions are
significantly smaller than the dimensions of the original full input space, clustering
in the subspace will most of the time sacrifice accuracy for efficiency. With the help
of constraints, for three data sets, the clustering accuracy after DSP reduction is in
fact being improved. This indicates that DSP is effective in exploiting constraints

and generalizing to new data points.

6.8 Appendix

Let us prove that in the null space of M, every pair of must-linked data points col-

lapse to a single point, and thus the must-link constraints are maximally satisfied.

Proof 3. Let (¢(x;), p(x';)) be the i-th pair of must-link data points in the kernel
space H. For any data point ¢(x) € H, its embedding in the null space of M is
given by

d(x) = Po(x) (6.17)

we then have
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= (I-U)(s(x;) — o(xs))
= (o(xi) — ¢(X/i)) —U(p(xi) — Cb(xli))
= (p(xi) — o(x)) — (P(xi) — B(xs))

= 0 (6.18)

The identity U(o(x;) — ¢(X'5)) = (o(x:) — ¢(x';)) follows from the fact that

(p(x;) — p(x;)) is in the row space of M. Since P is not null, we get

o(x:) = H(x') (6.19)

Thus the two points are mapped to the same point.
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Future Work and Conclusion

7.1 Future Work Directions

High-dimensional data are prevalent in real-world applications in various domains.
Learning from high-dimensional data efficiently and effectively is a constant need
both in research and in practice. Side information other than labeled data can im-
prove learning with much less human effort. The study of semi-supervised learning
on exploring side information to improve the analysis of high-dimensional data is
a research topic that deserves more efforts. Besides the issues that are covered in
the thesis, this section describes several directions for future work that are of key

interest.

Fuzzy Side Information As introduced in Section 1.2, side information can take
various forms. No matter which form of side information is under consider-

ation, existing work on semi-supervised clustering assumes the information
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is clear and straightforward. For example, either the two data items a and
b belong to a same cluster or not. However, fuzzy side information is pos-
sible and is more realistic in several scenarios. For example, suppose users
provide side information to direct a clustering process. It may be difficult
for a user to tell for sure whether two data items belong to a same cluster
or not. On the contrary, it is a lot easier for a user to describe that item
a is more similar to item b than to item c. Mathematically, this leads to
the side information expressed as dist(a,b) < dist(a,c). Or the user can
state that items a and b are more similar to each other than items ¢ and d
are to each other. This information is expressed as dist(a,b) < dist(c,d).
Moreover, given two clustering solutions X and Y, a user may point out that
solution X is better than solution Y, although neither is a perfect solution.
The user’s judgement provides information that can be explored to improve
a clustering scheme. Because such side information is not straightforward, I
call them fuzzy side information. To exploit fuzzy side information will be a

challenging yet worthy direction to go.

Active Learning Active learning is a closely related field to semi-supervised
learning. Given a data set to be clustered, the number of possible pair-
wise constraints is huge. Presenting a large amount of pairwise queries to
users is not realistic. In active learning, the learner picks the constraint query

that will improve learning most, and asks an oracle or user for side informa-
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tion. Among all the pairwise queries, which subset of queries can improve
the learning accuracy most? The answer to this question varies according
to clustering approaches. In general, the goal of introducing active learning
in semi-supervised clustering is to let the learning system adaptively and
optimally select the best queries about constraints. Existing work has stud-
ied the active learning problem for distance-metric-learning-based methods.
For dimensionality-reduction-based semi-supervised clustering methods, the

problem of actively selecting the most informative queries is not well studied.

Automatic Side Information Generation Deriving side information auto-
matically from domain knowledge is a key factor that can influence the ap-
plicability of semi-supervised learning techniques to real-world applications.
In this thesis, I have studied this problem for the application of networked
document clustering. The proposed method can be easily adjusted to fit
other application domains. For example, in the task of segmenting a video
according to human faces or objects appeared in the video, faces/objects that
appear in roughly the same position in consecutive fames can be considered
as “strongly connected” and constraints can be generated accordingly. How-
ever, for many other domains, automatically deriving constraints requires
in-depth understanding of domain knowledge, as well as designing schemes
that are adaptive to the domain under consideration. For example, for the

record linkage problem arising in many database applications, “blocking” can
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be performed to generate side information [YLKGO7]. Blocking is a cheap
and fast preprocessing step that partitions a large list of records into disjoint
blocks, so that the more expensive detailed comparisons of records are per-
formed only within each block. Thus, record from different blocks can be

considered as candidates for cannot-link constraints.

7.2 Conclusion

Research presented in this thesis has focused on semi-supervised clustering of high-
dimensional data with sparse features based on dimension reduction given pair-
wise supervision. I have shown that by exploiting pairwise must-link and cannot-
link constraints, high-dimensional data can be embedded into a much reduced-
dimension subspace where the clustering structure of data is more evident. The
low-dimensional embedding thus leads to more efficient and more effective cluster-
ing solutions. The better quality clusters are essential for exploratory data analysis
or for the subsequent supervised classification tasks.

Novel semi-supervised clustering approaches introduced in this thesis are based
on dimension reduction techniques. Compared to traditional semi-supervised clus-
tering techniques based on distance metric learning, dimension-reduction-based
methods have the advantage of being efficient and effective in handling high-
dimensional data. The number of parameters needs to be learned in distance

learning is quadratic to the number of features. Thus, when dealing with high-
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dimensional data, a metric learning based technique cannot learn a robust and in-
formative distance given limited constraints. Besides, distance learning is usually
reduced to solving a convex optimization problem with gradient descent and iter-
ative projection, and often suffers from large computation cost. On the contrary,
dimension-reduction-based techniques use limited constraints to find a better data
representation, and the optimal low-dimensional embedding is found by exploiting
both a small set of constraints and the structure of a large amount of unlabeled
data. Thus, dimension-reduction-based techniques proposed in the thesis yield ro-
bust clustering solutions even with very limited side information. Moreover, most
dimension-reduction-based techniques boil down to a general eigenvalue problem
to which well-studied solutions exist and can be solved efficiently.

First, I study how to explore both constraints and unlabeled data in semi-
supervised dimension reduction efficiently. Although constraints encode the de-
sired clustering criteria provided by user or derived from domain knowledge, a
clustering scheme that is entirely based on constraints may lose the important
structure information of the data set. Instead, I find that constraints define an
approximate-clustering structure on data, and the goal of semi-supervised dimen-
sion reduction is to embed high-dimensional data in a low-dimensional subspace
such that the approximate-clustering structure is not only preserved but also en-
hanced. When applying a clustering scheme to the embedded data, better quality

clusters can be expected since the clustering structure is more evident after di-
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mension reduction. This idea leads to the scheme of semi-supervised clustering
by approximate-structure-preserving dimension reduction (ASP). ASP performs
robustly given limited constraints, and significantly improves clustering accuracy
as the number of constraints increases. For high-dimensional data whose feature
space dimension is larger than the number of items, i.e., most text data sets, the
reduced QR factorization technique can be adopted for fast ASP reduction. Oth-
erwise, the reduced SVD factorization technique can be adopted to project data
to a desired dimension.

I then study the noisy constraints issue involved in real applications of semi-
supervised clustering. In many real-world applications, pairwise constraints can
be automatically derived from domain knowledge. However, such constraints are
inevitably noisy. Most existing semi-supervised clustering techniques are designed
for well-defined noise-free constraints, and do not perform well given noisy con-
straints. I focus my work on the networked document clustering domain, although
the proposed technique is equally applicable to other domains.

In the first part of the work, I study how to automatically derive high-quality
pairwise constraints from domain knowledge. In particular, constraints are ex-
tracted from the link structure of networked documents as complement to text-
based content information. A local and a global link analysis methods are proposed
to extract robust link information from noisy and sparse link graphs. These meth-

ods analyze link graphs from a local and a global view respectively. Then I bridge
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the disconnection between content and links by searching for an optimal subspace
data representation, where the search space is constrained by both content simi-
larity and link structure similarity. The propose content & structure constrained
(Costco) feature projection method couples content and link structure in a unified
objective function, and hence avoids heuristic combination of the two information
sources. Besides, the method does not rely on the availability of dense link struc-
ture and is robust to noisy links, which suits it well for real-world networked data.
Moreover, the method is very simple to implement, so can be used for exploratory
data analysis before any complicated in-depth analysis.

I further study the non-linear separability problem in dimensionality-reduction-
based semi-supervised clustering. Dimension reduction can be achieved by either
linear or non-linear transformations. Linear transformations are simple to com-
pute and are analytically tractable. In general, linear transformations perform
well. However, when sever non-linearity is involved in data, and clusters are not
linearly separable, non-linear transformations, such as kernel-based techniques are
usually adopted. However, non-linear methods have many drawbacks as have been
introduced in Section 6.3. To this end, I propose semi-supervised dimension reduc-
tion approach that benefits from both linear and non-linear transformations. In
particular, I propose a novel semi-supervised dimension reduction technique based
on dual subspace projections (DSP) in both the kernel space and the input space.

Projections in the two spaces interact and data are embedded in an optimal low-
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dimensional subspace where the intrinsic structure of data is more evident, and
thus eases the subsequent data analysis. Significant improvement in clustering
quality is achieved after the DSP dimension reduction with only a few constraints.

Overall, the work presented in this thesis contributes methods leading to state-
of-the-art performance on semi-supervised clustering tasks. This research demon-
strates the power of using dimension reduction techniques and side information
in the form of pairwise constraints in learning from high-dimensional data with
sparse features. 1 hope that the thesis work will motivate further research in
dimensionality reductions, semi-supervised clustering, and high-dimensional data
analysis, and encourage such techniques in various applications where analyzing

high-dimensional data is essential.
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