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Preface

Many objects in our world can be electronically represented with high-
dimensional data— speech signals, images, videos, electrical text documents.
We often need to analyze a large amount of data and process them. However,
due to the high dimension of these data, directly processing them using reg-
ular systems may be too complicated and unstable to be feasible. In order to
process high-dimensional data, dimensionality reduction technique becomes
crucial. Dimensionality reduction is a method to represent high-dimensional
data by their low-dimensional embeddings so that the low-dimensional data
can be effectively used either in processing systemns, or for better understand-
ing. This technique has proved an important tool and has been widely used
in many fields of data analysis, data mining, data visualization, and machine
learning.

Principal component analysis (PCA) and classical multidimensional scal-
ing (CMDS) are two traditional methods based on linear data models. How-
ever, they are not effective if data do not well reside on superplanes. Recently,
many methods of nonlinear dimensionality reduction, also called manifold
learning, have been developed based on nonlinear data models, which assume
each observed high-dimensional data resides on a low-dimensional manifold.
A nonlinear method learns the underlying manifold from the data and then
represents the data by its low-dimensional manifold coordinates.

This monograph is au introductory treatise on dimensionality deduction
with an emphasis on nonlinear methods. It includes a comprehensive intro-
duction to linear methods, and then focuses on the geometric approach to
nonlinear dimensionality reduction. The approach adopts manifold embed-
ding technique that embeds a high-dimensional dataset into a low-dimensional
manifold. The main idea of this approach can be outlined as follows. The
geometry of the underlying manifold is learned from the neighborhood struc-
ture of the data, which defines the data similarity. Then a kernel is created to
represent the learned manifold geometry and the spectral decomposition of
the kernel leads to the manifold embedding. The different nonlinear methods
adopt different manifold learning models. I hope that this book will illustrate
this idea effectively.

Giving consideration to various readers, I try to keep a balance between
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intuitive description and strictly mathematical deduction in this book. Each
method is first described with the intuitive idea. Then the formulation is
derived with necessary details. Finally, the algorithm is presented and inter-
preted. Graphs are used to illustrate the capability and validity, as well as
the advantages and shortcomings, of each method. Several applications, such
as face recognition, document ordering and classification, objective visualiza-
tion, are introduced or outlined. I have no ambition to completely cover these
applications. I hope the introduction to them will help readers understand
the concepts and contents of dimensionality reduction. The technical math-
ematical justification is put in the last section of each chapter. The readers
who are only interested in the applications of dimensionality reduction can
skip, for example, Chapter 2, Section 3.3, and all justification sections.

This monograph first presents a general introduction. It then presents
the material in three parts. In Part I, the geometry of data is discussed. In
this part, there is a brief review of manifold calculus, followed by a prelimi-
nary presentation of spectral graph theory. These are the main tools in the
study of the geometry of data. The last chapter of Part I discusses the data
models and strategies of dimensionality reduction. In Part II, linear methods
are discussed. Besides PCA and CMDS, the random projection methods are
also introduced. The main part of this monograph is Part I, in which sev-
eral popular nonlinear methods are introduced, such as Isomaps, maximum
variance unfolding (MVU), locally linear embedding (LLE), local tangent
space alignment (LTSA), Laplacian eigenmaps (Leigs), Hessian locally lin-
ear embedding (HLLE), and diffusion maps (Dmaps). This part ends with
a chapter on fast dimensionality reduction algorithms, which have attracted
more interest recently, with the increasing availability of very large data sets.

The book is primarily intended for computer scientists, applied mathe-
matician, statisticians, and data analysts. It is also accessible to other audi-
ences who want to apply dimensionality reduction technique to understanding
and treating the complex data in their own fields, such as economists and
geophysics.

I am very grateful to my colleague and friend Dr. Barry Friedman who
has read the manuscript. To the editorial office, particularly to Dr. Ying Liu,
I wish to express my appreciation of their efficient assistance and friendly
cooperation.

Jianzhong Wang
Huntsville, Texas
February, 2011
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