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To my wife, Jeannette



There are many branches of learning theory that have not yet been analyzed and that are important
both for understanding the phenomenon of learning and for practical applications. They are waiting
for their researchers.

—Vladimir Vapnik

Geometry is illuminating; probability theory is powerful.
—Pal Rujan
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Series Foreword

One of the most exciting recent developments in machine learning is the discovery
and elaboration of kernel methods for classification and regression. These algo-
rithms combine three important ideas into a very successful whole. From mathe-
matical programming, they exploit quadratic programming algorithms for convex
optimization; from mathematical analysis, they borrow the idea of kernel repre-
sentations; and from machine learning theory, they adopt the objective of finding
the maximum-margin classifier. After the initial development of support vector
machines, there has been an explosion of kernel-based methods. Ralf Herbrich’s
Learning Kernel Classifiers is an authoritative treatment of support vector ma-
chines and related kernel classification and regression methods. The book examines
these methods both from an algorithmic perspective and from the point of view of
learning theory. The book’s extensive appendices provide pseudo-code for all of the
algorithms and proofs for all of the theoretical results. The outcome is a volume
that will be a valuable classroom textbook as well as a reference for researchers in
this exciting area.

The goal of building systems that can adapt to their environment and learn from
their experience has attracted researchers from many fields, including computer
science, engineering, mathematics, physics, neuroscience, and cognitive science.
Out of this research has come a wide variety of learning techniques that have the
potential to transform many scientific and industrial fields. Recently, several re-
search communities have begun to converge on a common set of issues surround-
ing supervised, unsupervised, and reinforcement learning problems. The MIT Press
series on Adaptive Computation and Machine Learning seeks to unify the many di-
verse strands of machine learning research and to foster high quality research and
innovative applications.

Thomas Dietterich



Preface

Machine learning has witnessed a resurgence of interest over the last few years,
which is a consequence of the rapid development of the information industry.
Data is no longer a scarce resource—it is abundant. Methods for “intelligent”
data analysis to extract relevant information are needed. The goal of this book
is to give a self-contained overview of machine learning, particularly of kernel
classifiers—both from an algorithmic and a theoretical perspective. Although there
exist many excellent textbooks on learning algorithms (see Duda and Hart (1973),
Bishop (1995), Vapnik (1995), Mitchell (1997) and Cristianini and Shawe-Taylor
(2000)) and on learning theory (see Vapnik (1982), Kearns and Vazirani (1994),
Wolpert (1995), Vidyasagar (1997) and Anthony and Bartlett (1999)), there is no
single book which presents both aspects together in reasonable depth. Instead,
these monographs often cover much larger areas of function classes, e.g., neural
networks, decision trees or rule sets, or learning tasks (for example regression
estimation or unsupervised learning). My motivation in writing this book is to
summarize the enormous amount of work that has been done in the specific field
of kernel classification over the last years. It is my aim to show how all the work
is related to each other. To some extent, I also try to demystify some of the recent
developments, particularly in learning theory, and to make them accessible to a
larger audience. In the course of reading it will become apparent that many already
known results are proven again, and in detail, instead of simply referring to them.
The motivation for doing this is to have all these different results together in one
place—in particular to see their similarities and (conceptual) differences.

The book is structured into a general introduction (Chapter 1) and two parts,
which can be read independently. The material is emphasized through many ex-
amples and remarks. The book finishes with a comprehensive appendix containing
mathematical background and proofs of the main theorems. It is my hope that the
level of detail chosen makes this book a useful reference for many researchers
working in this field. Since the book uses a very rigorous notation systems, it is
perhaps advisable to have a quick look at the background material and list of sym-
bols on page 331.
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Preface

The first part of the book is devoted to the study of algorithms for learning
kernel classifiers. This part starts with a chapter introducing the basic concepts of
learning from a machine learning point of view. The chapter will elucidate the ba-
sic concepts involved in learning kernel classifiers—in particular the kernel tech-
nique. It introduces the support vector machine learning algorithm as one of the
most prominent examples of a learning algorithm for kernel classifiers. The second
chapter presents the Bayesian view of learning. In particular, it covers Gaussian
processes, the relevance vector machine algorithm and the classical Fisher discrim-
inant. The first part is complemented by Appendix D, which gives all the pseudo
code for the presented algorithms. In order to enhance the understandability of the
algorithms presented, all algorithms are implemented in R—a statistical language
similar to S-PLUS. The source code is publicly available at ht t p: / / www. ker nel -
machi nes. or g/ . At this web site the interested reader will also find additional
software packages and many related publications.

The second part of the book is devoted to the theoretical study of learning algo-
rithms, with a focus on kernel classifiers. This part can be read rather independently
of the first part, although I refer back to specific algorithms at some stages. The first
chapter of this part introduces many seemingly different models of learning. It was
my objective to give easy-to-follow “proving arguments” for their main results,
sometimes presented in a “vanilla” version. In order to unburden the main body,
all technical details are relegated to Appendix B and C. The classical PAC and
VC frameworks are introduced as the most prominent examples of mathematical
models for the learning task. It turns out that, despite their unquestionable gener-
ality, they only justify training error minimization and thus do not fully use the
training sample to get better estimates for the generalization error. The following
section introduces a very general framework for learning—the luckiness frame-
work. This chapter concludes with a PAC-style analysis for the particular class of
real-valued (linear) functions, which qualitatively justifies the support vector ma-
chine learning algorithm. Whereas the first chapter was concerned with bounds
which hold uniformly for all classifiers, the methods presented in the second chap-
ter provide bounds for specific learning algorithms. I start with the PAC-Bayesian
framework for learning, which studies the generalization error of Bayesian learn-
ing algorithms. Subsequently, I demonstrate that for all learning algorithms that
can be expressed as compression schemes, we can upper bound the generalization
error by the fraction of training examples used—a quantity which can be viewed
as a compression coefficient. The last section of this chapter contains a very re-
cent development known as algorithmic stability bounds. These results apply to all
algorithms for which an additional training example has only limited influence.
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Preface

As with every book, this monograph has (almost surely) typing errors as well
as other mistakes. Therefore, whenever you find a mistake in this book, I would be
very grateful to receive an email at her bri ch@er nel - machi nes. or g. The list of
errata will be publicly available at ht t p: / / www. ker nel - machi nes. or g.

This book is the result of two years’ work of a computer scientist with a
strong interest in mathematics who stumbled onto the secrets of statistics rather
innocently. Being originally fascinated by the the field of artificial intelligence, 1
started programming different learning algorithms, finally ending up with a giant
learning system that was completely unable to generalize. At this stage my interest
in learning theory was born—highly motivated by the seminal book by Vapnik
(1995). In recent times, my focus has shifted toward theoretical aspects. Taking
that into account, this book might at some stages look mathematically overloaded
(from a practitioner’s point of view) or too focused on algorithmical aspects (from
a theoretician’s point of view). As it presents a snapshot of the state-of-the-art, the
book may be difficult to access for people from a completely different field. As
complementary texts, I highly recommend the books by Cristianini and Shawe-
Taylor (2000) and Vapnik (1995).

This book is partly based on my doctoral thesis (Herbrich 2000), which I wrote
at the Technical University of Berlin. I would like to thank the whole statistics
group at the Technical University of Berlin with whom I had the pleasure of
carrying out research in an excellent environment. In particular, the discussions
with Peter Bollmann-Sdorra, Matthias Burger, Jorg Betzin and Jiirgen Schweiger
were very inspiring. I am particularly grateful to my supervisor, Professor Ulrich
Kockelkorn, whose help was invaluable. Discussions with him were always very
delightful, and I would like to thank him particularly for the inspiring environment
he provided. I am also indebted to my second supervisor, Professor John Shawe-
Taylor, who made my short visit at the Royal Holloway College a total success.
His support went far beyond the short period at the college, and during the many
discussions we had, I easily understood most of the recent developments in learning
theory. His “anytime availability” was of uncountable value while writing this
book. Thank you very much! Furthermore, I had the opportunity to visit the
Department of Engineering at the Australian National University in Canberra. |
would like to thank Bob Williamson for this opportunity, for his great hospitality
and for the many fruitful discussions. This book would not be as it is without the
many suggestions he had. Finally, I would like to thank Chris Bishop for giving all
the support I needed to complete the book during my first few months at Microsoft
Research Cambridge.
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Preface

During the last three years I have had the good fortune to receive help from
many people all over the world. Their views and comments on my work were
very influential in leading to the current publication. Some of the many people I
am particularly indebted to are David McAllester, Peter Bartlett, Jonathan Bax-
ter, Shai Ben-David, Colin Campbell, Nello Cristianini, Denver Dash, Thomas
Hofmann, Neil Lawrence, Jens Matthias, Manfred Opper, Patrick Pérez, Gunnar
Ritsch, Craig Saunders, Bernhard Scholkopf, Matthias Seeger, Alex Smola, Pe-
ter Sollich, Mike Tipping, Jaco Vermaak, Jason Weston and Hugo Zaragoza. In
the course of writing the book I highly appreciated the help of many people who
proofread previous manuscripts. David McAllester, Jorg Betzin, Peter Bollmann-
Sdorra, Matthias Burger, Thore Graepel, Ulrich Kockelkorn, John Krumm, Gary
Lee, Craig Saunders, Bernhard Scholkopf, Jiirgen Schweiger, John Shawe-Taylor,
Jason Weston, Bob Williamson and Hugo Zaragoza gave helpful comments on the
book and found many errors. I am greatly indebted to Simon Hill, whose help in
proofreading the final manuscript was invaluable. Thanks to all of you for your
enormous help!

Special thanks goes to one person—Thore Graepel. We became very good
friends far beyond the level of scientific cooperation. I will never forget the many
enlightening discussions we had in several pubs in Berlin and the few excellent
conference and research trips we made together, in particular our trip to Australia.
Our collaboration and friendship was—and still is—of uncountable value for me.
Finally, I would like to thank my wife, Jeannette, and my parents for their patience
and moral support during the whole time. I could not have done this work without
my wife’s enduring love and support. I am very grateful for her patience and
reassurance at all times.

Finally, I would like to thank Mel Goldsipe, Bob Prior, Katherine Innis and
Sharon Deacon Warne at The MIT Press for their continuing support and help
during the completion of the book.



1 Introduction

This chapter introduces the general problem of machine learning and how it re-
lates to statistical inference. It gives a short, example-based overview about super-
vised, unsupervised and reinforcement learning. The discussion of how to design a
learning system for the problem of handwritten digit recognition shows that kernel
classifiers offer some great advantages for practical machine learning. Not only are
they fast and simple to implement, but they are also closely related to one of the
most simple but effective classification algorithms—the nearest neighbor classi-
fier. Finally, the chapter discusses which theoretical questions are of particular, and
practical, importance.

1.1 The Learning Problem and (Statistical) Inference

It was only a few years after the introduction of the first computer that one
of man’s greatest dreams seemed to be realizable—artificial intelligence. It was
envisaged that machines would perform intelligent tasks such as vision, recognition
and automatic data analysis. One of the first steps toward intelligent machines is
machine learning.

The learning problem can be described as finding a general rule that explains
data given only a sample of limited size. The difficulty of this task is best compared
to the problem of children learning to speak and see from the continuous flow of
sounds and pictures emerging in everyday life. Bearing in mind that in the early
days the most powerful computers had much less computational power than a cell
phone today, it comes as no surprise that much theoretical research on the potential
of machines’ capabilities to learn took place at this time. One of the most influential
works was the textbook by Minsky and Papert (1969) in which they investigate
whether or not it is realistic to expect machines to learn complex tasks. They
found that simple, biologically motivated learning systems called perceptrons were
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incapable of learning an arbitrarily complex problem. This negative result virtually
stopped active research in the field for the next ten years. Almost twenty years later,
the work by Rumelhart et al. (1986) reignited interest in the problem of machine
learning. The paper presented an efficient, locally optimal learning algorithm for
the class of neural networks, a direct generalization of perceptrons. Since then,
an enormous number of papers and books have been published about extensions
and empirically successful applications of neural networks. Among them, the most
notable modification is the so-called support vector machine—a learning algorithm
for perceptrons that is motivated by theoretical results from statistical learning
theory. The introduction of this algorithm by Vapnik and coworkers (see Vapnik
(1995) and Cortes (1995)) led many researchers to focus on learning theory and its
potential for the design of new learning algorithms.

The learning problem can be stated as follows: Given a sample of limited
size, find a concise description of the data. If the data is a sample of input-
output patterns, a concise description of the data is a function that can produce
the output, given the input. This problem is also known as the supervised learning
problem because the objects under considerations are already associated with target
values (classes, real-values). Examples of this learning task include classification of
handwritten letters and digits, prediction of the stock market share values, weather
forecasting, and the classification of news in a news agency.

If the data is only a sample of objects without associated target values, the
problem is known as unsupervised learning. A concise description of the data
could be a set of clusters or a probability density stating how likely it is to
observe a certain object in the future. Typical examples of unsupervised learning
tasks include the problem of image and text segmentation and the task of novelty
detection in process control.

Finally, one branch of learning does not fully fit into the above definitions:
reinforcement learning. This problem, having its roots in control theory, considers
the scenario of a dynamic environment that results in state-action-reward triples
as the data. The difference between reinforcement and supervised learning is that
in reinforcement learning no optimal action exists in a given state, but the learning
algorithm must identify an action so as to maximize the expected reward over time.
The concise description of the data is in the form of a strategy that maximizes the
reward. Subsequent subsections discuss these three different learning problems.

Viewed from a statistical perspective, the problem of machine learning is far
from new. In fact, it can be related to the general problem of inference, i.e., go-
ing from particular observations to general descriptions. The only difference be-
tween the machine learning and the statistical approach is that the latter considers
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description of the data in terms of a probability measure rather than a determin-
istic function (e.g., prediction functions, cluster assignments). Thus, the tasks to
be solved are virtually equivalent. In this field, learning methods are known as es-
timation methods. Researchers long have recognized that the general philosophy
of machine learning is closely related to nonparametric estimation. The statistical
approach to estimation differs from the learning framework insofar as the latter
does not require a probabilistic model of the data. Instead, it assumes that the only
interest is in further prediction on new instances—a less ambitious task, which
hopefully requires many fewer examples to achieve a certain performance.

The past few years have shown that these two conceptually different approaches
converge. Expressing machine learning methods in a probabilistic framework is
often possible (and vice versa), and the theoretical study of the performances of
the methods is based on similar assumptions and is studied in terms of probability
theory. One of the aims of this book is to elucidate the similarities (and differences)
between algorithms resulting from these seemingly different approaches.

1.1.1 Supervised Learning

In the problem of supervised learning we are given a sample of input-output pairs
(also called the training sample), and the task is to find a deterministic function
that maps any input to an output such that disagreement with future input-output
observations is minimized. Clearly, whenever asked for the target value of an object
present in the training sample, it is possible to return the value that appeared
the highest number of times together with this object in the training sample.
However, generalizing to new objects not present in the training sample is difficult.
Depending on the type of the outputs, classification learning, preference learning
and function learning are distinguished.

Classification Learning

If the output space has no structure except whether two elements of the output
space are equal or not, this is called the problem of classification learning. Each
element of the output space is called a class. This problem emerges in virtually
any pattern recognition task. For example, the classification of images to the
classes “image depicts the digit x”” where x ranges from “zero” to “nine” or the
classification of image elements (pixels) into the classes “pixel is a part of a cancer
tissue” are standard benchmark problems for classification learning algorithms (see
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Figure 1.1 Classification learning of handwritten digits. Given a sample of images from
the four different classes “zero”, “two”, “seven” and “nine” the task is to find a function
which maps images to their corresponding class (indicated by different colors of the

border). Note that there is no ordering between the four different classes.

also Figure 1.1). Of particular importance is the problem of binary classification,
i.e., the output space contains only two elements, one of which is understood
as the positive class and the other as the negative class. Although conceptually
very simple, the binary setting can be extended to multiclass classification by
considering a series of binary classifications.

Preference Learning

If the output space is an order space—that is, we can compare whether two
elements are equal or, if not, which one is to be preferred—then the problem of
supervised learning is also called the problem of preference learning. The elements
of the output space are called ranks. As an example, consider the problem of
learning to arrange Web pages such that the most relevant pages (according to a
query) are ranked highest (see also Figure 1.2). Although it is impossible to observe
the relevance of Web pages directly, the user would always be able to rank any pair
of documents. The mappings to be learned can either be functions from the objects
(Web pages) to the ranks, or functions that classify two documents into one of three
classes: “first object is more relevant than second object”, “objects are equivalent”
and “second object is more relevant than first object”. One is tempted to think that
we could use any classification of pairs, but the nature of ranks shows that the
represented relation on objects has to be asymmetric and transitive. That means, if
“object b is more relevant than object a”” and “object ¢ is more relevant than object
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Figure 1.2 Preference learning of Web pages. Given a sample of pages with different
relevances (indicated by different background colors), the task is to find an ordering of the
pages such that the most relevant pages are mapped to the highest rank.

b, then it must follow that “object ¢ is more relevant than object «”. Bearing this
requirement in mind, relating classification and preference learning is possible.

Function Learning

If the output space is a metric space such as the real numbers then the learning
task is known as the problem of function learning (see Figure 1.3). One of the
greatest advantages of function learning is that by the metric on the output space
it is possible to use gradient descent techniques whenever the functions value
f (x) is a differentiable function of the object x itself. This idea underlies the
back-propagation algorithm (Rumelhart et al. 1986), which guarantees the finding
of a local optimum. An interesting relationship exists between function learning
and classification learning when a probabilistic perspective is taken. Considering
a binary classification problem, it suffices to consider only the probability that a
given object belongs to the positive class. Thus, whenever we are able to learn
the function from objects to [0, 1] (representing the probability that the object is
from the positive class), we have learned implicitly a classification function by
thresholding the real-valued output at % Such an approach is known as logistic
regression in the field of statistics, and it underlies the support vector machine
classification learning algorithm. In fact, it is common practice to use the real-
valued output before thresholding as a measure of confidence even when there is
no probabilistic model used in the learning process.
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Figure 1.3 Function learning in action. Given is a sample of points together with asso-
ciated real-valued target values (crosses). Shown are the best fits to the set of points using
a linear function (left), a cubic function (middle) and a 10th degree polynomial (right).
Intuitively, the cubic function class seems to be most appropriate; using linear functions
the points are under-fitted whereas the 10th degree polynomial over-fits the given sample.

1.1.2 Unsupervised Learning

In addition to supervised learning there exists the task of unsupervised learning. In
unsupervised learning we are given a training sample of objects, for example im-
ages or pixels, with the aim of extracting some “structure” from them—e.g., iden-
tifying indoor or outdoor images, or differentiating between face and background
pixels. This is a very vague statement of the problem that should be rephrased bet-
ter as learning a concise representation of the data. This is justified by the following
reasoning: If some structure exists in the training objects, it is possible to take ad-
vantage of this redundancy and find a short description of the data. One of the most
general ways to represent data is to specify a similarity between any pairs of ob-
jects. If two objects share much structure, it should be possible to reproduce the
data from the same “prototype”. This idea underlies clustering algorithms: Given a
fixed number of clusters, we aim to find a grouping of the objects such that similar
objects belong to the same cluster. We view all objects within one cluster as being
similar to each other. If it is possible to find a clustering such that the similarities of
the objects in one cluster are much greater than the similarities among objects from
different clusters, we have extracted structure from the training sample insofar as
that the whole cluster can be represented by one representative. From a statistical
point of view, the idea of finding a concise representation of the data is closely re-
lated to the idea of mixture models, where the overlap of high-density regions of the
individual mixture components is as small as possible (see Figure 1.4). Since we
do not observe the mixture component that generated a particular training object,
we have to treat the assignment of training examples to the mixture components as
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Figure 1.4 (Left) Clustering of 150 training points (black dots) into three clusters (white
crosses). Each color depicts a region of points belonging to one cluster. (Right) Probability
density of the estimated mixture model.

hidden variables—a fact that makes estimation of the unknown probability mea-
sure quite intricate. Most of the estimation procedures used in practice fall into the
realm of expectation-maximization (EM) algorithms (Dempster et al. 1977).

1.1.3 Reinforcement Learning

The problem of reinforcement learning is to learn what to do—how to map situa-
tions to actions—so as to maximize a given reward. In contrast to the supervised
learning task, the learning algorithm is not told which actions to take in a given sit-
uation. Instead, the learner is assumed to gain information about the actions taken
by some reward not necessarily arriving immediately after the action is taken. One
example of such a problem is learning to play chess. Each board configuration, i.e.,
the position of all figures on the 8 x 8 board, is a given state; the actions are the
possible moves in a given position. The reward for a given action (chess move) is
winning the game, losing it or achieving a draw. Note that this reward is delayed
which is very typical for reinforcement learning. Since a given state has no “op-
timal” action, one of the biggest challenges of a reinforcement learning algorithm
is to find a trade-off between exploration and exploitation. In order to maximize
reward a learning algorithm must choose actions which have been tried out in the
past and found to be effective in producing reward—it must exploit its current
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Figure 1.5 (Left) The first 49 digits (28 x 28 pixels) of the MNIST dataset. (Right)
The 49 images in a data matrix obtained by concatenation of the 28 rows thus resulting in
28 - 28 = 784—dimensional data vectors. Note that we sorted the images such that the four
images of “zero” are the first, then the 7 images of “one” and so on.

knowledge. On the other hand, to discover those actions the learning algorithm has
to choose actions not tried in the past and thus explore the state space. There is no
general solution to this dilemma, but that neither of the two options can lead ex-
clusively to an optimal strategy is clear. As this learning problem is only of partial
relevance to this book, the interested reader should refer Sutton and Barto (1998)
for an excellent introduction to this problem.

1.2 Learning Kernel Classifiers

Here is a typical classification learning problem. Suppose we want to design a
system that is able to recognize handwritten zip codes on mail envelopes. Initially,
we use a scanning device to obtain images of the single digits in digital form.
In the design of the underlying software system we have to decide whether we
“hardwire” the recognition function into our program or allow the program to
learn its recognition function. Besides being the more flexible approach, the idea of
learning the recognition function offers the additional advantage that any change
involving the scanning can be incorporated automatically; in the “hardwired”
approach we would have to reprogram the recognition function whenever we
change the scanning device. This flexibility requires that we provide the learning
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Figure 1.6 Classification of three new images (leftmost column) by finding the five
images from Figure 1.5 which are closest to it using the Euclidean distance.

algorithm with some example classifications of typical digits. In this particular case
it is relatively easy to acquire at least 100—-1000 images and label them manually
(see Figure 1.5 (left)).

Our next decision involves the representation of the images in the computer.
Since the scanning device supplies us with an image matrix of intensity values at
fixed positions, it seems natural to use this representation directly, i.e., concatenate
the rows of the image matrix to obtain a long data vector for each image. As a
consequence, the data can be represented by a matrix X with as many rows as
number of training samples and as many columns are there are pixels per image
(see Figure 1.5 (right)). Each row x; of the data matrix X represents one image of
a digit by the intensity values at the fixed pixel positions.

Now consider a very simple learning algorithm where we just store the training
examples. In order to classify a new test image, we assign it to the class of the
training image closest to it. This surprisingly easy learning algorithm is also known
as the nearest-neighbor classifier and has almost optimal performance in the limit
of a large number of training images. In our example we see that nearest neighbor
classification seems to perform very well (see Figure 1.6). However, this simple
and intuitive algorithm suffers two major problems:

1. It requires a distance measure which must be small between images depicting
the same digit and large between images showing different digits. In the example
shown in Figure 1.6 we use the Euclidean distance

~ || def
[x—x| =
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where N = 784 is the number of different pixels. From Figure 1.6 we already
see that not all of the closest images seem to be related to the correct class, which
indicates that we should look for a better representation.

2. It requires storage of the whole training sample and the computation of the
distance to all the training samples for each classification of a new image. This be-
comes a computational problem as soon as the dataset gets larger than a few hun-
dred examples. Although the method of nearest neighbor classification performs
better for training samples of increasing size, it becomes less realizable in practice.

In order to address the second problem, we introduce ten parameterized functions
fo, ..., fo that map image vectors to real numbers. A positive number f; (x) indi-
cates belief that the image vector is showing the digit i; its magnitude should be
related to the degree with which the image is believed to depict the digit ;. The
interesting question is: Which functions should we consider? Clearly, as compu-
tational time is the only reason to deviate from nearest-neighbor classification, we
should only consider functions whose value can quickly be evaluated. On the other
hand, the functions should be powerful enough to approximate the classification as
carried out by the nearest neighbor classifier. Consider a linear function, i.e.,

N
i) = w;x;, (1.1)
Jj=1

which is simple and quickly computable. We summarize all the images showing
the same digit in the training sample into one parameter vector w for the function
fi. Further, by the Cauchy-Schwarz inequality, we know that the difference of
this function evaluated at two image vectors x and X is bounded from above by
[lw]|- ” X — X H . Hence, if we only consider parameter vectors w with a constant norm
lw]|, it follows that whenever two points are close to each other, any linear function
would assign similar real-values to them as well. These two properties make linear
functions perfect candidates for designing the handwritten digit recognizer.

In order to address the first problem, we consider a generalized notion of a
distance measure as given by

n

[x—%] = |3 (60— ()" (12)
j=1
Here, ¢ = (¢1,...,¢,) is known as the feature mapping and allows us to

change the representation of the digitized images. For example, we could con-
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sider all products of intensity values at two different positions, i.e. ¢ (X) =
(X1X1, ..., X1XN, X2X1, ..., XyXy), Which allows us to exploit correlations in
the image. The advantage of choosing a distance measure as given in equation
(1.2) becomes apparent when considering that for all parameter vectors w that
can be represented as a linear combination of the mapped training examples

¢(Xl) 3oty ¢ (Xm),
w = Zai(b (xi)
i=1

the resulting linear function in equation (1.1) can be written purely in terms of a
linear combination of inner product functions in feature space, i.e.,

m

FOO=) ") ¢ () (0 =) ik (x,%) .
j=1 i=1

i=1

k(xi,x)

In contrast to standard linear models, we need never explicitly construct the param-
eter vector w. Specifying the inner product function &, which is called the kernel, is
sufficient. The linear function involving a kernel is known as kernel classifier and
is parameterized by the vector & € R” of expansion coefficients. What has not yet
been addressed is the question of which parameter vector w or & to choose when
given a training sample. This is the topic of the first part of this book.

1.3 The Purposes of Learning Theory

The first part of this book may lead the reader to wonder—after learning so many
different learning algorithms—which one to use for a particular problem. This
legitimate question is one that the results from learning theory try to answer.
Learning theory is concerned with the study of learning algorithms’ performance.
By casting the learning problem into the powerful framework of probability theory,
we aim to answer the following questions:

1. How many training examples do we need to ensure a certain performance?

2. Given a fixed training sample, e.g., the forty-nine images in Figure 1.5, what
performance of the function learned can be guaranteed?
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3. Given two different learning algorithms, which one should we choose for a
given training sample so as to maximize the performance of the resulting learning
algorithm?

I should point out that all these questions must be followed by the additional phrase
“with high probability over the random draw of the training sample”. This require-
ment is unavoidable and reflects the fact that we model the training sample as a
random sample. Thus, in any of the statements about the performance of learning
algorithms we have the inherent duality between precision and confidence: The
more precise the statement on the algorithm’s performance is, e.g., the prediction
error is not larger than 5%, the less confident it is. In the extreme case, we can say
that the prediction error is exactly 5%, but we have absolutely no (mathematical)
confidence in this statement. The performance measure is most easily defined when
considering supervised learning tasks. Since we are given a target value for each
object, we need only to measure by how much the learned function deviates from
the target value at all objects—in particular for the unseen objects. This quantity is
modeled by the expected loss of a function over the random draw of object-target
pairs. As a consequence our ultimate interest is in (probabilistic) upper bounds on
the expected loss of the function learned from the random training sample, i.e.,

P (training samples s.t. the expected loss of the function learned < e (§)) > 1—35.

The function ¢ is called a bound on the generalization error because it quantifies
how much we are mislead in choosing the optimal function when using a learning
algorithm, i.e., when generalizing from a given training sample to a general pre-
diction function. Having such a bound at our disposal allows us to answer the three
questions directly:

1. Since the function ¢ is dependent on the size of the training sample!, we fix ¢
and solve for the training sample size.

2. This is exactly the question answered by the generalization error bound. Note
that the ultimate interest is in bounds that depend on the particular training sample
observed; a bound independent of the training sample would give a guarantee ex-
ante which therefore cannot take advantage of some “simplicity” in the training
sample.

3. If we evaluate the two generalization errors for the two different learning
algorithms, we should choose the algorithm with the smaller generalization error

1 In fact, it will be inversely related because with increasing size of the training sample the expected loss will be
non-increasing due to results from large deviation theory (see Appendix A.5.2).
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bound. Note that the resulting bound would no longer hold for the selection
algorithm. Nonetheless, Part II of this book shows that this can be achieved with a
slight modification.

It comes as no surprise that learning theory needs assumptions to hold. In contrast
to parametric statistics, which assumes that the training data is generated from a
distribution out of a given set, the main interest in learning theory is in bounds
that hold for all possible data distributions. The only way this can be achieved is to
constrain the class of functions used. In this book, this is done by considering linear
functions only. A practical advantage of having results that are valid for all possible
probability measures is that we are able to check whether the assumptions imposed
by the theory are valid in practice. The price we have to pay for this generality is
that most results of learning theory are more an indication than a good estimate
of the real generalization error. Although recent efforts in this field aim to tighten
generalization error bound as much as possible, it will always be the case that any
distribution-dependent generalization error bound is superior in terms of precision.

Apart from enhancing our understanding of the learning phenomenon, learn-
ing theory is supposed to serve another purpose as well—to suggest new algo-
rithms. Depending on the assumption we make about the learning algorithms, we
will arrive at generalization error bounds involving different measures of (data-
dependent) complexity terms. Although these complexity terms give only upper
bounds on the generalization error, they provide us with ideas as to which quanti-
ties should be optimized. This is the topic of the second part of the book.
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2 Kernel Classifiers from a Machine Learning
Perspective

This chapter presents the machine learning approach to learning kernel classifiers.
After a short introduction to the problem of learning a linear classifier, it shows
how learning can be viewed as an optimization task. As an example, the classical
perceptron algorithm is presented. This algorithm is an implementation of a more
general principle known as empirical risk minimization. The chapter also presents
a descendant of this principle, known as regularized (structural) risk minimization.
Both these principles can be applied in the primal or dual space of variables. It is
shown that the latter is computationally less demanding if the method is extended
to nonlinear classifiers in input space. Here, the kernel technique is the essential
method used to invoke the nonlinearity in input space. The chapter presents several
families of kernels that allow linear classification methods to be applicable even
if no vectorial representation is given, e.g., strings. Following this, the support
vector method for classification learning is introduced. This method elegantly
combines the kernel technique and the principle of structural risk minimization.
The chapter finishes with a presentation of a more recent kernel algorithm called
adaptive margin machines. In contrast to the support vector method, the latter aims
at minimizing a leave-one-out error bound rather than a structural risk.

2.1 The Basic Setting

The task of classification learning is the problem of finding a good strategy to
assign classes to objects based on past observations of object-class pairs. We shall
only assume that all objects x are contained in the set X', often referred to as the
input space. Let ) be a finite set of classes called the output space. If not otherwise
stated, we will only consider the two-element output space {—1, +1}, in which case
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the learning problem is called a binary classification learning task. Suppose we are
given a sample of m training objects,

x=(x1,...,x,) € X",
together with a sample of corresponding classes,

y:()’h-..,)’m)eym.

We will often consider the labeled training sample,’

Z=(x,.)’)=((x1’)’1)’---’(xm’Ym))E(Xxy)m=Zm,

and assume that z is a sample drawn identically and independently distributed (iid)
according to some unknown probability measure Pz.

Definition 2.1 (Learning problem) T/e learning problem is to find the unknown
(functional) relationship h € Y~ between objects x € X and targets y € Y
based solely on a sample z = (x,y) = (X1, Y1) 5.+ X, Ym)) € (X x )"
of size m € N drawn iid from an unknown distribution Pxy. If the output space
Y contains a finite number || of elements then the task is called a classification
learning problem.

Of course, having knowledge of Pxy = Pz is sufficient for identifying this
relationship as for all objects x,

Pz((,y) __ Pz((x.y)
Px(t) D5 Pz((.3)

Pyix—x (v) = 2.1

Thus, for a given object x € X we could evaluate the distribution Pyx_, over
classes and decide on the class y € ) with the largest probability Pyx_, (ﬁ)
Estimating Pz based on the given sample z, however, poses a nontrivial problem.
In the (unconstrained) class of all probability measures, the empirical measure

Ve gy = W E Moo 15 = ) 02

1 Though mathematically the training sample is a sequence of iid drawn object-class pairs (x, y) we sometimes
take the liberty of calling the training sample a training set. The notation z € z then refers to the fact that there
exists an element z; in the sequence z such that z; = z.
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is among the “most plausible” ones, because
m

Vo({zn oz =) V@) =1
i=1

However, the corresponding “identified” relationship Ay, € V¥ is unsatisfactory
because

hy, (¥) = Y yi -l

X;€X

assigns zero probability to all unseen objects-class pairs and thus cannot be used
for predicting further classes given a new object x € X. In order to resolve this
difficulty, we need to constrain the set ¥ of possible mappings from objects
x € X toclasses y € ). Often, such a restriction is imposed by assuming a given
hypothesis space H C Y of functions® & : X — Y. Intuitively, similar objects x;
should be mapped to the same class y;. This is a very reasonable assumption if we
wish to infer classes on unseen objects x based on a given training sample z only.

A convenient way to model similarity between objects is through an inner
product function (-, -) which has the appealing property that its value is maximal
whenever its arguments are equal. In order to employ inner products to measure
similarity between objects we need to represent them in an inner product space
which we assume to be £} (see Definition A.39).

Definition 2.2 (Features and feature space) A function ¢; : X — R that maps
each object x € X to a real value ¢; (x) is called a feature. Combining n features
@1, ..., ¢, results in a feature mapping ¢ : X — K C €] and the space K is called
a feature space.

In order to avoid an unnecessarily complicated notation we will abbreviate ¢ (x)
by x for the rest of the book. The vector x € K is also called the representation of
x € X. This should not be confused with the training sequence x which results in
an m X n matrix X = (x’l; ...3X),) when applying ¢ to it.

Example 2.3 (Handwritten digit recognition) The important task of classifying
handwritten digits is one of the most prominent examples of the application of
learning algorithms. Suppose we want to automatically construct a procedure

2 Since each £ is a hypothetical mapping to classes, we synonymously use classifier, hypothesis and function to
refer to /.
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which can assign digital images to the classes “image is a picture of 1” and “image
is not a picture of 17. Typically, each feature ¢; : X — R is the intensity of
ink at a fixed picture element, or pixel, of the image. Hence, after digitalization
at N x N pixel positions, we can represent each image as a high dimensional
vector X (to be precise, N*~dimensional). Obviously, only a small subset of the
N2—dimensional space is occupied by handwritten digits®, and, due to noise in the
digitization, we might have the same picture x mapped to different vectors X;, X;.
This is assumed encapsulated in the probability measure Py. Moreover, for small
N, similar pictures x; ~ x; are mapped to the same data vector X because the
single pixel positions are too coarse a representation of a single image. Thus, it
seems reasonable to assume that one could hardly find a deterministic mapping
from N?—dimensional vectors to the class “picture of 1”. This gives rise to a
probability measure Pyx—. Both these uncertainties—which in fact constitute the
basis of the learning problem—are expressed via the unknown probability measure
Pz (see equation (2.1)).

In this book, we will be concerned with linear functions or classifiers only. Let us
formally define what we mean when speaking about linear classifiers.

Definition 2.4 (Linear function and linear classifier) Given a feature mapping
¢ : X — K C 2, the function f : X — R of the form*

Jw () = (¢ (x), W) = (x,w)

is called a linear function and the n—dimensional vector w € K is called a weight
vector. A linear classifier is obtained by thresholding a linear function,

hy (x) = sign ((x, w)) . (2.3)

Clearly, the intuition that similar objects are mapped to similar classes is satisfied
by such a model because, by the Cauchy-Schwarz inequality (see Theorem A.106),
we know that

[ i) = (o )| = [fwoxe = )] < Iwll- i = x|

El

3 To see this, imagine that we generate an image by tossing a coin N 2 times and mark a black dot ina N x N
array, if the coin shows head. Then, it is very unlikely that we will obtain an image of a digit. This outcome is
expected as digits presumably have a pictorial structure in common.

4 In order to highlight the dependence of f on w, we use fw when necessary.
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that is, whenever two data points are close in feature space (small ||X,- —X;||), their
difference in the real-valued output of a hypothesis with weight vector w € I is
also small. It is important to note that the classification /., (x) remains unaffected
if we rescale the weight w by some positive constant,

VA>0:VxeX: sign((x, Aw)) = sign (A (X, W)) = sign ({(x, W)) . 2.4
Thus, if not stated otherwise, we assume the weight vector w to be of unit length,
F = x> (x,w) |we W} CRY, (2.5)
W = {wek| |wl=1}CK, (2.6)
Ho= | Esign(f) | fue F]cyr. @.7)

Ergo, the set F, also referred to as the hypothesis space, is isomorphic to the unit
hypersphere WV in R" (see Figure 2.1).

The task of learning reduces to finding the “best” classifier /™ in the hypothesis
space F. The most difficult question at this point is: “How can we measure the
goodness of a classifier f? We would like the goodness of a classifier to be

= strongly dependent on the unknown measure Pz; otherwise, we would not have
a learning problem because f* could be determined without knowledge of the
underlying relationship between objects and classes expressed via Pz.

= pointwise w.r.t. the object-class pairs (x, y) due to the independence assumption
made for z.

® a positive, real-valued function, making the maximization task computationally
easier.

All these requirements can be encapsulated in a fixed loss functionl : Rx Y — R.
Here [ (f (x), y) measures how costly it is when the prediction at the data point
x is f (x) but the true class is y. It is natural to assume that / (400, +1) =
[ (—oo0, —1) = 0, that is, the greater y - f (x) the better the prediction of f (x)
was. Based on the loss [ it is assumed that the goodness of f is the expected loss
Exy [l (f X, Y)] , sometimes referred to as the expected risk. In summary, the
ultimate goal of learning can be described as:

Based on the training sample z € Z”, a hypothesis space F € R* and a
loss function / : R x ) — R find the function

f*=argmin Exy [l (f (X),Y)].
feF
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Assuming an unknown, but fixed, measure Pz over the object-class space Z we
can view the expectation value Exy [l (f X, Y)] of the loss as an expected risk
functional over F.

Definition 2.5 (Expected risk) Givenalossl : R x Y — R and a measure Pyy,
the functional

def
RIf1= Exy[1(f X). Y], 2.8)
is called expected risk or expected loss of a function f € F € RY, respectively.
If the loss function | : Y x Y — R maps from the predicted and true classes to the
reals, the expected risk is also defined by (2.8) but this time w.r.t. h € H € Y*.

Example 2.6 (Classification loss) In the case of classification learning, a natural
measure of goodness of a classifier h € H is the probability of assigning a new
object to the wrong class, i.e., Pxy (h (X) # Y). In order to cast this into a loss-
based framework we exploit the basic fact that P (A) = E [I A] for some A. As a
consequence, using the zero-one loss lp_1 : R x YV — R for real-valued functions

lo—1 (f (x),y) o L=<, (2.9

renders the task of finding the classifier with minimal misclassification probability
as a risk minimization task. Note that, due to the fact that y € {—1, +1}, the
zero-one loss in equation (2.9) is a special case of the more general loss function
l-1: Y xY—->R

lo—y (W (x),y) o bicoyy - (2.10)

Example 2.7 (Cost matrices) Returning to Example 2.3 we see that the loss given
by equation (2.9) is inappropriate for the task at hand. This is due to the fact that
there are approximately ten times more “no pictures of 1” than “pictures of 1”.
Therefore, a classifier assigning each image to the class “no picture of 17 (this
classifier is also known as the default classifierf) would have an expected risk of
about 10%. In contrast, a classifier assigning each image to the class “picture of
1”7 would have an expected risk of about 90%. To correct this imbalance of prior
probabilities Py (41) and Py (—1) one could define a 2 x 2 cost matrix

_ 0 C12
C_<021 0 )
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Hypothesis space Feature space

Figure 2.1 (Left) The hypothesis space WV for linear classifiers in R*. Each single point
x defines a plane in R and thus incurs a grand circle {w € W | (x, w) = 0} in hypothesis
space (black lines). The three data points in the right picture induce the three planes in the
left picture. (Right) Considering a fixed classifier w (single dot on the left) the decision
plane {x eR | (x,w) = 0} is shown.

Let 1, and 1ggn1(xy) denote the 2 x 1 indicator vectors of the true class and the
classification made by f € F at x € X. Then we have a cost matrix classification
loss I¢c by

ot c12 y=+4land f (x) <0

C!

le (f (x),y) = U)Clggu(ry =1 Cu y=—land f (x) >0
0 otherwise .

Obviously, setting c1, = Py (—1) and c21 = Py (+1) leads to equal risks for both
default classifiers and thus allows the incorporation of prior knowledge on the
probabilities Py (+1) and Py (—1).

Remark 2.8 (Geometrical picture) Linear classifiers, parameterized by a weight
vector w, are hyperplanes passing through the origin in feature space K. Each clas-
sifier divides the feature space into two open half spaces, X 11 (W) C K, X_1 (w) C
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K by the hyperplane® X, (w) C K using the following rule,
Xy (w) ={x € K [sign((x,w)) =y} .

Considering the images of X (W) in object space X
Xow)={x e X | {x.w) =0},

this set is sometimes called the decision surface. Our hypothesis space W for
weight vectors w is the unit hypersphere in R" (see equation (2.6)). Hence, having
fixed X, the unit hypersphere W is subdivided into three disjoint sets W (x) C
W, W_i (x) C W and Wy (x) C W by exactly the same rule, i.e.,

W, (x) ={weW [sign((x,w)) =y}.

As can be seen in Figure 2.1 (left), for a finite sample x = (x1, ..., x;,) of training
objects and any vector y = (y1, ..., ym) € {—1, +1}" of labelings the resulting
equivalence classes

We= (W, (x)
i=1

are (open) convex polyhedra. Clearly, the labeling of the x; determines the training
error of each equivalence class

W,={weW |Viell,...,m}: sign((X;, W)) = y;} .

2.2 Learning by Risk Minimization

Apart from algorithmical problems, as soon as we have a fixed object space X, a
fixed set (or space) F of hypotheses and a fixed loss function /, learning reduces to
a pure optimization task on the functional R [ f].

Definition 2.9 (Learning algorithm) Given an object space X, an output space
Y and a fixed set F € RY of functions mapping X to R, a learning algorithm A

5 With a slight abuse of notation, we use sign (0) = 0.
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for the hypothesis space F is a mapping®

A:G(Xxy)’"%}".

m=1

The biggest difficulty so far is that we have no knowledge of the function to be
optimized, i.e., we are only given an iid sample z instead of the full measure
Pz. Thus, it is impossible to solve the learning problem exactly. Nevertheless, for
any learning method we shall require its performance to improve with increasing
training sample size, i.e., the probability of drawing a training sample z such
that the generalization error is large will decrease with increasing m. Here, the
generalization error is defined as follows.

Definition 2.10 (Generalization error) Given a learning algorithm A and a loss
[ : R x Y — R the generalization error of A is defined as

def .
R[A, z] = R[A (2)] _J}Q]f:R[f] .

In other words, the generalization error measures the deviation of the expected risk
of the function learned from the minimum expected risk.

The most well known learning principle is the empirical risk minimization (ERM)
principle. Here, we replace Pz by V., which contains all knowledge that can be
drawn from the training sample z. As a consequence the expected risk becomes an
empirically computable quantity known as the empirical risk.

Definition 2.11 (Empirical risk) Given a training sample z € (X x )" the
functional

def

1 m
Remp L, 21 = — 3 1 (F (63) 31 2.11)
i=1

is called the empirical risk functional over f € F C RY or training error of f,
respectively.

6 The definition for the case of hypotheses h € H C VX s equivalent.
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By construction, R.nmp can be minimized solely on the basis of the training sample
z. We can write any ERM algorithm in the form,

Agry (z) £ argmin Remp L. 2] - 2.12)
feF

In order to be a consistent learning principle, the expected risk R [Agrym (z)] must
converge to the minimum expected risk R [ f*], i.e.,

Ve >0: lim Pzn (R [Agrm @)] — R[f*] > ¢) =0, (2.13)

where the randomness is due to the random choice of the training sample z.

It is known that the empirical risk Remp [ f, 2] of a fixed function f converges
toward R [ f] at an exponential rate w.r.t. m for any probability measure Pz (see
Subsection A.5.2). Nonetheless, it is not clear whether this holds when we con-
sider the empirical risk minimizer Aggry (2) given by equation (2.12) because this
function changes over the random choice of training samples z. We shall see in
Chapter 4 that the finiteness of the number n of feature space dimensions com-
pletely determines the consistency of the ERM principle.

2.2.1 The (Primal) Perceptron Algorithm

The first iterative procedure for learning linear classifiers presented is the percep-
tron learning algorithm proposed by F. Rosenblatt. The learning algorithm is given
on page 321 and operates as follows:

1. At the start the weight vector w is set to 0.

2. For each training example (x;, y;) it is checked whether the current hypothesis
correctly classifies or not. This can be achieved by evaluating the sign of y; (x;, w).
If the ith training sample is not correctly classified then the misclassified pattern x;
is added to or subtracted from the current weight vector depending on the correct
class y;. In summary, the weight vector w is updated to w + y;X;.

3. If no mistakes occur during an iteration through the training sample z the
algorithm stops and outputs w.

The optimization algorithm is a mistake-driven procedure, and it assumes the
existence of a version space V (z) € W, i.e., it assumes that there exists at least
one classifier f such that Remp [ f, 2] = 0.
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Definition 2.12 (Version space) Given the training sample z = (x, y) € (X x Y)"
and a hypothesis space H C Y, we call

Vi @) EtheH |Viell,...,m}: h(x) =y} CH

the version space, i.e., the set of all classifiers consistent with the training sample.
In particular, for linear classifiers given by (2.5)—(2.7) we synonymously call the
set of consistent weight vectors

V) EiweW Vie{l.....m}: y(x;\,w) >0} CW
the version space.

Since our classifiers are linear in feature space, such training samples are called
linearly separable. In order that the perceptron learning algorithm works for any
training sample it must be ensured that the unknown probability measure Pz satis-
fies R [ f*] = 0. Viewed differently, this means that Py;x—, (y) = ly=p+(r), h* € H,
where 7* is sometimes known as the teacher perceptron. It should be noticed that
the number of parameters learned by the perceptron algorithm is 7, i.e., the dimen-
sionality of the feature space KC. We shall call this space of parameters the primal
space, and the corresponding algorithm the primal perceptron learning algorithm.
As depicted in Figure 2.2, perceptron learning is best viewed as starting from an
arbitrary’ point wy on the hypersphere W, and each time we observe a misclas-
sification with a training example (x;, y;), we update w, toward the misclassified
training object y;X; (see also Figure 2.1 (left)). Thus, geometrically, the perceptron
learning algorithm performs a walk through the primal parameter space with each
step made in the direction of decreasing training error. Note, however, that in the
formulation of the algorithm given on page 321 we do not normalize the weight
vector w after each update.

2.2.2 Regularized Risk Functionals

One possible method of overcoming the lack of knowledge about Pz is to replace
it by its empirical estimate V,. This principle, discussed in the previous section,
justifies the perceptron learning algorithm. However, minimizing the empirical
risk, as done by the perceptron learning algorithm, has several drawbacks:

7 Although in algorithm 1 on page 321 we start at wy = 0 it is not necessary to do so.
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b2

X; /

Wil f

x| xwi) =0}
Figure 2.2 A geometrical picture of the update step in the perceptron learning algorithm
in R%. Evidently, x; € R? is misclassified by the linear classifier (dashed line) having
normal w; (solid line with arrow). Then, the update step amounts to changing w; into
W;+1 = W; + y;X; and thus y;x; “attracts” the hyperplane. After this step, the misclassified
point x; is correctly classified.

1. Many examples are required to ensure a small generalization error R [Agrwm, 2]
with high probability taken over the random choice of z.

2. There is no unique minimum, i.e., each weight vector w € V (z) in version
space parameterizes a classifier fy that has Repyp [ fw, 2] = 0.

3. Without any further assumptions on Pz the number of steps until convergence
of the perceptron learning algorithm is not bounded.

= A training sample z € Z™ that is linearly separable in feature space is required.

The second point in particular shows that ERM learning makes the learning task
an ill-posed one (see Appendix A.4): A slight variation Z in the training sample z
might lead to a large deviation between the expected risks of the classifiers learned
using the ERM principle, \R [Agrm (2)] — R [AERM (Z)] | As will be seen in Part
II of this book, a very influential factor in this deviation is the possibility of the
hypothesis space F adopting different labelings y for randomly drawn objects x.
The more diverse the set of functions a hypothesis space contains, the more easily
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it can produce a given labeling y regardless of how bad the subsequent prediction
might be on new, as yet unseen, data points z = (x, y). This effect is also known
as overfitting, i.e., the empirical risk as given by equation (2.11) is much smaller
than the expected risk (2.8) we originally aimed at minimizing.

One way to overcome this problem is the method of regularization. In our
example this amounts to introducing a regularizer a-priori, that is, a functional
Q : F — R", and defining the solution to the learning problem to be

Ag () & argmin Rewp [ £, 2] + AQ[f] . (2.14)
feF
c Rreg[fvz]

The idea of regularization is to restrict the space of solutions to compact subsets
of the (originally overly large) space F. This can be achieved by requiring the set
F.={f 1Q[f] <¢e} C F to be compact for each positive number ¢ > 0. This,
in fact, is the essential requirement for any regularizer 2. Then, if we decrease
A for increasing training sample sizes in the right way, it can be shown that the
regularization method leads to f* as m — oo (see equation (2.13)). Clearly,
0 < X < oo controls the amount of regularization. Setting . = 0 is equivalent
to minimizing only the empirical risk. In the other extreme, considering A — oo
amounts to discounting the sample and returning the classifier which minimizes
Q2 alone. The regularizer €2 can be thought of as a penalization term for the
“complexity” of particular classifiers.

Another view of the regularization method can be obtained from the statistical
study of learning algorithms. This will be discussed in greater detail in Part II of
this book but we shall put forward the main idea here. We shall see that there
exist several measures of “complexity” of hypothesis spaces, the VC dimension
being the most prominent thereof. V. Vapnik suggested a learning principle which
he called structural risk minimization (SRM). The idea behind SRM is to, a-priori,
define a structuring of the hypothesis space F into nested subsets Fo C F; C --- C
F of increasing complexity. Then, in each of the hypothesis spaces F; empirical
risk minimization is performed. Based on results from statistical learning theory,
an SRM algorithm returns the classifier with the smallest guaranteed risk®. This
can be related to the algorithm (2.14), if Q[ f] is the complexity value of f given
by the used bound for the guaranteed risk.

From a Bayesian perspective, however, the method of regularization is closely
related to maximum-a-posteriori (MAP) estimation. To see this, it suffices to

8 This is a misnomer as it refers to the value of an upper bound at a fixed confidence level and can in no way be
guaranteed.
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express the empirical risk as the negative log-probability of the training sample
z, given a classifier f. In general, this can be achieved by

Pzufr—y(z) = 1_[ Pyix=x. .F= (i) Pxjr=r (xi) ,
i=1

exp (= (f (%), y)
Zyey exp (=1 (f (x),)))

1
= o (=1(f (). y) -

Assuming a prior density fg (f) = exp (—AmQ [f]), by Bayes’ theorem we have
the posterior density

Pyx—xr=f (y) =

ez () o oxp (—Zl(f (x»,yi)) exp (—mS2 (1)
i=1

o exp (—Remp [/, 21 — AQ2[f])

The MAP estimate is that classifier fyap Which maximizes the last expression, i.e.,
the mode of the posterior density. Taking the logarithm we see that the choice of
a regularizer is comparable to the choice of the prior probability in the Bayesian
framework and therefore reflects prior knowledge.

2.3 Kernels and Linear Classifiers

In practice we are often given a vectorial representation x = X of the objects. Using
the identity feature mapping, i.e., X = ¢ (x) = X, results in classifiers linear in
input space. Theoretically, however, any mapping into a high-dimensional feature
space is conceivable. Hence, we call a classifier nonlinear in input space whenever
a feature mapping different from the identity map is used.

Example 2.13 (Nonlinear classifiers) Let X = R? and let the mapping ¢ : X —
K be given by

$ () = (G, D3, @), () - @.15)

In Figure 2.3 (left) the mapping is applied to the unit square [0, 11> and the
resulting manifold in R® is shown. Note that in this case the decision surface X (W)
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o

¢ et

{0 -05 0.0 0’5 10
X4

Figure 2.3  (Left) Mapping of the unit square [0, 1]> C R? to the feature space K C K%
by equation (2.15). The mapped unit square forms a two-dimensional sub-manifold in R3
though dim (K) = 3. (Right) Nine different decision surfaces obtained by varying w; and
w3 in equation (2.16). The solid, dashed and dot-dashed lines result from varying w3 for
different values of w; = —1, 0 and +1, respectively.

in input space is given by

Ko (W) = {z cR? ‘ wy @)y + ws ()2 + w3 @), @), = o} , (2.16)

whose solution is given by

@) (w? (¥); — 4w w
(2)2:_211}_3'(55)1i\/ 1(3 1 : 2)-
w»y 2w2

In Figure 2.3 (right) we have depicted the resulting decision surfaces for various
choices of wy and wj. Clearly, the decision surfaces are nonlinear functions
although in feature space we are still dealing with linear functions.
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As we assume ¢ to be given we will call this the explicit way to non-linearize a
linear classification model. We already mentioned in Section 2.2 that the number of
dimensions, 1, of the feature space has a great impact on the generalization ability
of empirical risk minimization algorithms. Thus, one conceivable criterion for
defining features ¢; is to seek a small set of basis functions ¢; which allow perfect
discrimination between the classes in X. This task is called feature selection.

Let us return to the primal perceptron learning algorithm mentioned in the last
subsection. As we start at wy = 0 and add training examples only when a mistake is
committed by the current hypothesis, it follows that the each solution has to admit
a representation of the form,

W=D aid () =) ;. (2.17)
i=1 i=1

Hence, instead of formulating the perceptron algorithm in terms of the n variables

(wy,...,w,) = w we could learn the m variables («q, ..., q,) = a which

we call the dual space of variables. In the case of perceptron learning we start
with ¢y = 0 and then employ the representation of equation (2.17) to update o,
whenever a mistake occurs. To this end, we need to evaluate

m m
yj<xj9wt)=yj Xj,ZOliXi :yjzai<xj,xi)
i=1 i=1

which requires only knowledge of the inner product function (-, -) between the
mapped training objects x. Further, for the classification of a novel test object x
it suffices to know the solution vector «, as well as the inner product function,
because

m m
xow) = (XY axi )= o (xx).
i=1 i=1

Definition 2.14 (Kernel) Suppose we are given a feature mapping ¢ : X — K C
£5. The kernel is the inner product function k : X x X — Rin K, i.e., for all
Xi, )Cj S X,

def

k(xiox;) S (@ (). o (x))) = (xix;) -

Using the notion of a kernel k we can therefore formulate the kernel perceptron
or dual perceptron algorithm as presented on page 322. Note that we can benefit
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from the fact that, in each update step, we only increase the jth component of
the expansion vector o (assuming that the mistake occurred at the jth training
point). This can change the real-valued output (x;, w;) at each mapped training
object x; by only one summand y; (x i X,-) which requires just one evaluation of the
kernel function with all training objects. Hence, by caching the real-valued outputs
o € R™ at all training objects we see that the kernel perceptron algorithm requires
exactly 2m memory units (for the storage of the vectors & and o) and is thus suited
for large scale problems, i.e., m >> 1000.

Definition 2.15 (Gram matrix) Given a kernel k : X x X — R and a set
x = (x1,...,Xp) € X™ of m objects in X we call the m x m matrix G with

G,‘j défk (X,', XJ') = (X,‘, Xj> (218)

the Gram matrix of k at x.

By the above reasoning we see that the Gram matrix (2.18) and the m—dimensional
vector of kernel evaluations between the training objects x; and a new test object
x € K suffice for learning and classification, respectively. It is worth also mention-
ing that the Gram matrix and feature space are called the kernel matrix and kernel
space, respectively, as well.

2.3.1 The Kernel Technique

The key idea of the kernel technique is to invert the chain of arguments, i.e., choose
a kernel k rather than a mapping before applying a learning algorithm. Of course,
not any symmetric function k can serve as a kernel. The necessary and sufficient
conditions of £k : X x X — IR to be a kernel are given by Mercer’s theorem.
Before we rephrase the original theorem we give a more intuitive characterization
of Mercer kernels.

Example 2.16 (Mercer’s theorem) Suppose our input space X has a finite num-
ber of elements, i.e., X = {xi,...,x.}. Then, the r x r kernel matrix K with
K =k (xi, x_,-) is by definition a symmetric matrix. Consider the eigenvalue de-
composition of K = UAU’, where U = (u’l; el u,’) is anr X n matrix such that
UU =1, A =diag(Aq,..., ), Ay = Ay > ---> X, > 0andn < r being
known as the rank of the matrix K (see also Theorem A.83 and Definition A.62).
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Now the mapping ¢ : X — I C ¢},
¢ (x;) = A%Ui )
leads to a Gram matrix G given by
Ly 1 ,
Gij = (¢(Xi),¢(Xj)>’C= (Azlli> (Azllj> =lll»Allj=Kij.

We have constructed a feature space K and a mapping A into it purely from the
kernel k. Note that )\, > 0 is equivalent to assuming that K is positive semidefinite
denoted by K > 0 (see Definition A.40). In order to show that K > 0 is also
necessary for k to be a kernel, we assume that ), < 0. Then, the squared length of
the nth mapped object x,, is

“¢ (xn)||2 = u;,Aun =i, <0,

which contradicts the geometry in an inner product space.

Mercer’s theorem is an extension of this property, mainly achieved by studying the
eigenvalue problem for integral equations of the form

f k(. 5) f (B) di = Af (x) .
X

where £ is a bounded, symmetric and positive semidefinite function.

Theorem 2.17 (Mercer’s theorem) Suppose k € Lo, (X x X) is a symmetric
function, i.e., k (x,X) = k (X, x), such that the integral operator Ty : L, (X) —
L, (X) given by

(T f) () = /Xk(-,X)f(X) dx

is positive semidefinite, that is,

/ / k(x,x) f(x)f(X)dxdx =0, (2.19)
xJx

forall f € Ly (X).Let r; € Ly (X) be the eigenfunction of Ty associated with the
eigenvalue ); > 0 and normalized such that |||, = fX 1//1.2 (x)dx =1,i.e.,

Vxe X: / k(x,X)y; (X) dx = M, (x) .
X
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Then

L. (A)ien € 41,
2. Y € Lo (X),

3. k can be expanded in a uniformly convergent series, i.e.,
[e¢)

k(e ®) =" ai () ¥ () (2.20)
i=1

holds for all x, x € X.

The positivity condition (2.19) is equivalent to the positive semidefiniteness of K
in Example 2.16. This has been made more precise in the following proposition.

Proposition 2.18 (Mercer Kernels) The function k : X x X — R is a Mercer
kernel if, and only if, for eachr € Nand x = (xy,...,x,) € X", the r x r matrix
K= (k (x, , xj)) ._, Is positive semidefinite.

Remarkably, Mercer’s theorem not only gives necessary and sufficient conditions
for k to be a kernel, but also suggests a constructive way of obtaining features ¢;
from a given kernel k. To see this, consider the mapping ¢ from A into £,

$ @ = (Vi 0 Vi 0, ) @21)

By equation (2.20) we have for each x, X € X
o o
kO, ®) =) i )9 () =) ¢i (1) ¢ (B) = (¢ (), ¢ (D)
i=1 i=1
The features v; are called Mercer features, the mapping
¥ ) =@ (), ¥ ),...)
is known as the Mercer map; the image M of ¥ is termed Mercer space.
Remark 2.19 (Mahalanobis metric) Consider kernels k such that dim () =

dim (M) < oo. In order to have equal inner products in feature space K and
Mercer space M, we need to redefine the inner product in M, i.e.,

(a,b) \y = a'Ab,
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where A = diag (Ay, ..., A,). This metric appears in the study of covariances
of multidimensional Gaussians and is also known as the Mahalanobis metric. In
fact, there is a very close connection between covariance functions for Gaussian
processes and kernels which we will discuss in more depth in Chapter 3.

2.3.2 Kernel Families

So far we have seen that there are two ways of making linear classifiers nonlinear
in input space:

1. Choose a mapping ¢ which explicitly gives us a (Mercer) kernel &, or

2. Choose a Mercer kernel k which implicitly corresponds to a fixed mapping ¢.
Though mathematically equivalent, kernels are often much easier to define and
have the intuitive meaning of serving as a similarity measure between objects

x,X € X. Moreover, there exist simple rules for designing kernels on the basis
of given kernel functions.

Theorem 2.20 (Functions of kernels) Letk; : X x X — Randk, : X x X — R
be any two Mercer kernels. Then, the functions k : X x X — R given by

k(x,%) =ky (x,X)+ ky (x, X),

k(x,%X)=c-k (x,X), forall c € RT,

k(x,%) =k (x,X)+c,forall c € R,

k(x,x) = ki (x,X) - ka (x, X),

k(x,x)=f (x)- f(X),forany function f : X — R

M .

are also Mercer kernels.

The proofs can be found in Appendix B.1. The real impact of these design rules
becomes apparent when we consider the following corollary (for a proof see
Appendix B.1).

Corollary 2.21 (Functions of kernels) Let k; : X x X — R be any Mercer
kernel. Then, the functions k : X x X — R given by

1. k(x,%) = (ky (x, %) +60)%, forall 6, € R* and 6, € N,
2. k(x,X) =exp (M),for all o € RT,

g
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3. k(x,X) =exp <— ! (x’x)_ZklziffHkl (E”E)),for allo € RT

4. k(x,§) = ——10D
' ’ S o)k o)

are also Mercer kernels.

It is worth mentioning that, by virtue of the fourth proposition of this corollary,
it is possible to normalize data in feature space without performing the explicit
mapping because, for the inner product after normalization, it holds that

def k (x, X) 1 . X X

knorm (x, X) = = X, X) =\ 10
Vk (e, x) -k (%, %) \/||x||2. ||,~(||2< > [Ix]|

. (2.22)

Kernels on Inner Product Spaces—Polynomial and RBF Kernels

If the input space X is already an N—dimensional inner product space £ we can
use Corollary 2.21 to construct new kernels because, according to Example A.41
at page 219, the inner product function (-, -) » in X is already a Mercer kernel. In
Table 2.1 some commonly used families of kernels on ¢2' are presented. The last
column gives the number of linearly independent features ¢; in the induced feature

space KC.

The radial basis function (RBF) kernel has the appeahng property that each
linear combination of kernel functions of the training objects’ x = (X, ..., X,)
F@®=Yak@ i =) IF =l 2.23)

X) = oK (X, X;) = o; €X —_ | .

i=1 i=1 ’ 202

can also be viewed as a density estimator in input space X because it effectively
puts a Gaussian on each X; and weights its contribution to the final density by «;.
Interestingly, by the third proposition of Corollary 2.21, the weighting coefficients
a; correspond directly to the expansion coefficients for a weight vector w in a
classical linear model f (X) = (¢ (X), w). The parameter o controls the amount
of smoothing, i.e., big values of o lead to very flat and smooth functions f—
hence it defines the unit on which distances ||X — X;|| are measured (see Figure
2.4). The Mahalanobis kernel differs from the standard RBF kernel insofar as

9 In this subsection we use X to denote the N—dimensional vectors in input space. Note that x := ¢ (X) denotes
a mapped input object (vector) X in feature space K.
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Name Kernel function dim ()
pth degree polynomial k@i, v) = ((it, V) x)P (an*l)
p € NT
complete polynomial k@i, v) = (i1, V) y + )P (N;p)
ceR", peN*t
PN li—51%
RBF kernel k(u,v)y=exp|— 757 (%)
o e R
Mahalanobis kernel | k (i, V) = exp (— (4 — V)’ T (i — v)) 00
) =diag(ol_2,...,01;2> ,
Ol,...,0N €R+

Table 2.1 List of kernel functions over Elzv . The dimensionality of the input space is N.

each axis of the input space X C €Y has a separate smoothing parameter, i.e., a
separate scale onto which differences on this axis are viewed. By setting o; — 00
we are able to eliminate the influence of the ith feature in input space. We shall
see in Section 3.2 that inference over these parameters is made in the context
of automatic relevance determination (ARD) of the features in input space (see
also Example 3.12). It is worth mentioning that RBF kernels map the input space
onto the surface of an infinite dimensional hypersphere because by construction
¢ O = Vk(X,X) = 1forall X € X. Finally, by using RBF kernels we have
automatically chosen a classification model which is shift invariant, i.e., translating
the whole input space X’ by some fixed vector a does not change anything because

- > - - -2 > - o -2 > -2
VaeX: |(x+a)—-E+a| =lx+a—-xi—al”=x—xl".

The most remarkable advantage in using these kernels is the saving in compu-
tational effort, e.g., to calculate the inner product for pth degree complete polyno-
mial kernels we need O (N + p) operations whereas an explicit mapping would
require calculations of order O(exp(p In(N/p))). Further, for radial basis function
kernels, it is very difficult to perform the explicit mapping.
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Figure 2.4 The real-valued function f (¥) for m = 20 training points ¥ € R? witha = 1
(see equation (2.23)) for varying values of o (from upper left to lower right o = 0.5,
o0 =0.7,0 = 1.0 and o = 2.0). From the contour plot it can be seen that by increasing o
the contribution of single points to the final density vanishes. Further, for bigger values of
o the resulting surface is smoother. For visualization purposes the surface {X | f (X) =0}
is made transparent.

Example 2.22 (Polynomial kernel) Consider the pth degree polynomial kernel as
given in Table 2.1. In order to obtain explicit features ¢ : X — R let us expand
the kernel function as follows'

N P N N
(u,v)x)" = Z”ivi = Z”ilvil Zuipvip

i=1 =1 ip=1

10 For notational brevity, in this example we denote the i—th component of the vector 4 € X and v € X by u;
and v;, respectively.
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N N
= Z“‘Z(”il“‘Mi[,)'(vil“‘vi,,):<¢(ﬁ)s¢(6)>-

=1 ,=1 N ~
" " (@) ()

Although it seems that there are N7 different features we see that two index vectors
iy and iy lead to the same feature ¢;, = ¢, if they contain the same distinct
indices the same number of times but at different positions, e.g., iy = (1,1,3)
and iy = (1,3, 1) both lead to ¢ (i) = uuuz = u%u3. One method of computing
the number of different features ¢ is to index them by an N—dimensional exponent
vectorr = (ry,...,ry) €{0,..., p}" ie, ¢p () = ul} -+ uy . Since there are
exactly p summands we know that each admissible exponent vector r must obey
r1+---+ry = p. The number of different exponent vectors r is thus exactly given
byll

(N—i—p—l)
p 9

and for each admissible exponent vector r there are exactly'?

_r
Fileeee oy

different index vectors i € {1, ..., N}’ leading to r. Hence the rth feature is given
by

'N
'MN .

Finally note that the complete polynomial kernel in Table 2.1 is a pth degree
polynomial kernel in an N + 1-dimensional input space by the following identity

(i, ) + 0" = (@ V<), (3. V)" .

11 This problem is known as the occupancy problem: Given p balls and N cells, how many different configura-
tions of occupancy numbers 7, ..., ry whose sum is exactly p exist? (see Feller (1950) for results).

12 To see this note that we have first to select rq indices ji, ..., j, and setij = --- =1i; = 1. From the

remaining p — rq indices select 1) indices and set them all to 2, etc. Thus, the total number of different index
vectors i leading to the same exponent vector r equals

pP\(P—r1\ p—ri—cTIN-2) L P
&l " N—1 ICIRRREE: ry!’

which is valid because | + - - - +ry = p (taken from (Feller 1950)).
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where we use the fact that ¢ > 0. This justifies the number of dimensions of feature
space given in the third column of Table 2.1.

Kernels on Strings

One of the greatest advantages of kernels is that they are not limited to vectorial
objects X € X but that they are applicable to virtually any kind of object repre-
sentation. In this subsection we will demonstrate that it is possible to efficiently
formulate computable kernels on strings. An application of string kernels is in the
analysis of DNA sequences which are given as strings composed of the symbols'?
A, T, G, C. Another interesting use of kernels on strings is in the field of text cate-
gorization and classification. Here we treat each document as a sequence or string
of letters. Let us start by formalizing the notion of a string.

Definition 2.23 (Strings and alphabets) An alphabet X is a finite collection of

symbols called characters. A string is a finite sequence u = (uy,...,u;) of
characters from an alphabet .. The symbol ¥* denotes the set of all strings of
def

any length, i.e., * = UX X', The number |u| of symbols in a string u € T* is
called the length of the string. Given two strings u € ¥* and v € ¥*, the symbol

def . .
uv = (ul, ce s U, VL v|,,|) denotes the concatenation of the two strings.

Definition 2.24 (Subsequences and substrings) Given a string u € ¥* and an

index vector i = (iy,...,i,) such that 1 < iy < --- < i, < |u|, we denote by
u [i] the subsequence (u,-l, R u,-,_). The index vector (1, ...,r) is abbreviated by
1 : r. Given two strings v € X" and u € X* where |u| > |v| we define the
index set I, , o i@+ =Die{l,...,|ul—|v|+1}}, ie., the set of all

consecutive sequences of length |v| in |u|. Then the string v is said to be a substring
of u if there exists an index vector i € I, , such that v = u[i]. The length [ (i) of
an index vector is defined by i, — iy + 1, i.e., the total extent of the subsequence
(substring) v in the string u.

In order to derive kernels on strings, it is advantageous to start with the explicit
mapping ¢ : X* — K and then make sure that the resulting inner product function
(¢ (-), ¢ (-)) is easy to compute. By the finiteness of the alphabet X, the set X* is
countable and we can therefore use it to index the features ¢.

13 These letters correspond to the four bases Adenine, Thymine, Guanine and Cytosine.
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The most trivial feature set and corresponding kernel are obtained if we con-
sider binary features ¢, that indicate whether the given string matches u or not,

1 ifu=v
du) =y & k(u,v)= { 0 otherwise

El

Though easy to compute, this kernel is unable to measure the similarity to any
object (string) not in the training sample and hence would not be useful for

learning.
A more commonly used feature set is obtained if we assume that we are given
a lexicon B = {by, ..., b,} C X" of possible substrings which we will call words.

We compute the number of times the ith substring b; appears within a given string
(document). Hence, the so-called bag-of-words kernel is given by

G =By > ooy & ks@v)=) B Y Y lpmupimopy. (224)

ielp, beB iely, jelpy

which can be efficiently computed if we assume that the data is preprocessed
such that only the indices of the words occurring in a given string are stored.
The coefficients g, allow the weighting of the importance of words b € B to
differ. A commonly used heuristic for the determination of the g, is the use
of the inverse-document-frequency (IDF) which is given by the logarithm of the
inverse probability that the substring (word) b appears in a randomly chosen string
(document).

The kernel given in equation (2.24) has the disadvantage of requiring a fixed
lexicon B C X* which is often difficult to define a-priori. This is particularly
true when dealing with strings not originating from natural languages. If we fix
the maximum length, 7, of substrings considered and weight the feature ¢; by A%,
i.e., for L € (0, 1) we emphasize short substrings whereas for A > 1 the weight of
longer substrings increases, we obtain

¢y (0) =AY " oy & ke (w,0) = ZA“Z D b=, (225)

i€lpy beXsicly y jelpy
which can be computed using the following recursion (see Appendix B.2)

0 if lujul =0

kr (yw, v) = { ke (u,v) + Zl;ll A2kl (uyu, v) otherwise , (226)
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ifr =0

if luju| =0or |viv|=0
ifl/tl 75 U1

(1 + A%k (u, v)) otherwise

S O O

k. (uyu, viv) = . (2.27)

Since the recursion over &, invokes at most |v| times the recursion over &, (which
terminates after at most r steps) and is invoked itself exactly |u| times, the compu-
tational complexity of this string kernel is O (r - |u] - |v]).

One of the disadvantages of the kernels given in equations (2.24) and (2.25)
is that each feature requires a perfect match of the substring b in the given string
v € X*. In general, strings can suffer from deletion and insertion of symbols, e.g.,
for DNA sequences it can happen that a few bases are inserted somewhere in a
given substring b. Hence, rather than requiring b to be a substring we assume that
¢p (v) only measures how often b is a subsequence of v and penalizes the non-
contiguity of b in v by using the length / (i) of the corresponding index vector i,
ie.,

@)= Y N e k@w=) Y Y A0HO @2

{ilb=vlil} bexr {ilb=uli]} {jlb=v[j]}

This kernel can efficiently be computed by applying the the following recursion
formula (see Appendix B.2)

_ 0 if min (Juuy|, |v]) <r
I B TR Y I e S
0 if min (Juu,|, |v])) <r
k. (uug, v) = 1 ifr=0 (2.30)

Akl () + APy MR (v [T (0= D))

Clearly, the recursion for k, is invoked exactly |u| times by itself and each time
invokes at most |v| times the recursive evaluation of k.. The recursion over k..
is invoked at most r times itself and invokes at most |v| times the recursion
over k._,. As a consequence the computational complexity of this algorithm is
@) (r - lul - |v|2). It can be shown, however, that with simple caching it is possible
to reduce the complexity further to O (r - |u| - |v]).

Remark 2.25 (Ridge Problem) The kernels (2.25) and (2.28) lead to the so-called
ridge problem when applied to natural language documents, i.e., different docu-
ments u € X" and v € X* map to almost orthogonal features ¢ (u) and ¢ (v).
Thus, the Gram matrix has a dominant diagonal (see Figure 2.5) which is prob-
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Figure 2.5 Intensity plots of the normalized Gram matrices when applying the string
kernels (2.24), (2.25) and (2.28) (from left to right) to 32 sentences taken from this chapter
withn = 5and A = 0.5. 11, 8, 4 and 9 sentences were taken from Section 2.2, Subsection
2.2.2, Section 2.3 and Subsection 2.3.1, respectively. For the sake of clarity, white lines are
inserted to indicate the change from one section to another section.

lematic because each new test document x is likely to have a kernel value k (x, x;)
close to zero. In order to explain this we notice that a document u € X* has at
least \u| — r + 1 matches of contiguous substrings with itself, i.e., all substrings
uli : (i +r—Dlforalli € {1,...,|u|l —r + 1}. However, even if two documents
uc X" andv € X* share all words b € X" of length r (on average) but in differ-
ent orders, we have approximately - " matches (assuming |u| ~ |v|). Therefore the
difference ((|u| r) — I"I) A between diagonal and off-diagonal elements of the
Gram matrix becomes systematically larger with increasing subsequence length r.

Kernels from Probabilistic Models of the Data

A major disadvantage of the two kernel families presented so far is that they are
limited to a fixed representation of objects, x, i.e., vectorial data or strings. In order
to overcome this limitation, Jaakkola and Haussler introduced the so-called Fisher
kernel. The idea of the Fisher kernel is to use a probabilistic model of the input
data, x, to derive a similarity measure between two data items. In order to achieve
this, let us assume that the object generating probability measure Py can be written
as a mixture, i.e., there exists a vector @ = (0,; ...: @,; ) such that'*

Px (x) = P} (x) = ZPX\M ;) - Pu (1) = Zm Py () (2.31)

i=1
771

14 With a slight abuse of notation, we always use Py even if X is a continuous random variable possessing a
density fx. In this case we have to replace Py by fx and Py y—; by fxm=; but the argument would not change.
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where the measure P%M:i is parameterized by 6; only. In the search for the most
plausible mixture components @y (given a set x € X" of m training objects) the
Fisher score and the Fisher information matrix play a major role.

Definition 2.26 (Fisher score and Fisher information matrix) Given a parame-
terized family Po of probability measures Pf( over the space X and a parameter

vector 0 € Q the function

aln( Q(x))

f 0= 90

0=0

is called the Fisher score of x at 0. Further, the matrix
def ’
15 = Ex [ ;%) (£ 09) | (2.32)

is called Fisher information matrix ar 8. Note that the expectation in equation
(2.32) is w.rt. Pg(.

Now, given an estimate € Q of the parameter vector §—probably obtained by

using unlabeled data {xi, ..., xy}, where M > m—Iet us consider the Fisher
score mapping in the |@|—-dimensional feature space K, i.e.,
d; (x) =15 (x) . (2.33)

Interestingly, we see that the features ¢ associated with 7r; measure the amount
by which the ith mixture component Pxv—; contributes to the generation of the
pattern x, i.e.,

r 0,
dIn <P§‘ m) o (El 7P (X)> X\M j @) XIM =

871_, BJTJ' Z 771 X‘M_ (x) B PX (X)

As a consequence, these features allow a good separation of all regions of the input
space X' in which the mixture measure (2.31) is high for exactly one component
only. Hence, using the Fisher score fy (x) as a vectorial representation of x provides
a principled way of obtaining kernels from a generative probabilistic model of the
data.
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Definition 2.27 (Fisher kernel ) Given a parameterized family ‘P of probability
measures Pg( over the input space X and a parameter vector 0 € Q the function

k (e, %) = (fp (1) Ty 'y (¥)

is called the Fisher kernel. The naive Fisher kernel is the simplified function
k(x, %) = (fp (x)) fp (X) .

This assumes that the Fisher information matrix 1g is the identity matrix 1.

The naive Fisher kernel is practically more relevant because the computation of
the Fisher information matrix is very time consuming and sometimes not even

analytically possible. Note, however, that not only do we need a probability model
P% of the data but also the model P > P of probability measures.

Example 2.28 (Fisher kernel) Let us assume that the measures Pxu=; belong to
the exponential family, i.e., their density can be written as

e (0 = @ (0)) - ¢; (x) - exp (87, (1)) .

where ¢; : X — R is a fixed function, t; : X — R" is known as a sufficient
statistic of x and a; : R" — R is a normalization constant. Then the value of the
features ¢0,- associated with the jth parameter vector 0 ; are given by

d1n (fi (x)) 1 9 (Z;Zl Pum (i) - ai (8;) - ¢; (x) - exp (0;T; (x)))
20, G 20,
B @PuG) [ 5 .
fi () aj(0;) 7
——

independentof x
Let us consider the contribution of the features ¢0,- at objects x, X € X for which"
0, 0, -
fX|M:j (x) N fX|M:j (X)
0 T -
fx () fx (¥)

15 If this relation does not hold then the features associated with 7 ; already allow good discrimination.
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and, additionally, assume that Py is the uniform measure. We see that

(06, @) 95, () o (7, ) 7, (),

that is, we effectively consider the sufficient statistic T ;(x) of the jth mixture
component measure as a vectorial representation of our data.

2.3.3 The Representer Theorem

We have seen that kernels are a powerful tool that enrich the applicability of linear
classifiers by a large extent. Nonetheless, apart from the solution of the perceptron
learning algorithm it is not yet clear when this method can successfully be applied,
i.e., for which learning algorithms A : U>°_ | Z" — F the solution A (z) admits a
representation of the form

A@) ) =) aik(x,) . (2.34)
i=1

Before identifying this class of learning algorithms we introduce a purely func-
tional analytic point of view on kernels. We will show that each Mercer kernel
automatically defines a reproducing kernel Hilbert space (RKHS) of functions as
given by equation (2.34). Finally, we identify the class of cost functions whose
solution has the form (2.34).

Reproducing Kernel Hilbert Spaces

Suppose we are given a Mercer kernel £ : X x X — R. Then let F; be the linear
space of real-valued functions on X" generated by the functions {k (x, ) |x € X'}.
Consider any two functions f (-) = > i, &k (x;,+) and g (-) = Z‘;:l Bik (%;.°)
in 7o) where « € R, B € R and x;, X; € X. Define the inner product (f, g)
between f and g in Fj as

dof r N R N . r
(f.8) =D ik (xi. %)) =D Bif (%) =Y eig(x) (2.35)
i=1 j=1 =1 i=1
where the last equality follows from the symmetry of the kernel k. Note that this
inner product (-, -) is independent of the representation of the function f and g
because changing the representation of f, i.e., changing r, & and {xy,..., X},
would not change ijl Bif ()Z ]-) (similarly for g). Moreover, we see that
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1. (f,g) = (g, f) for all functions f, g € Fy,

2. {¢f +dg,h) = c(f,h) + d(g,h) for all functions f, g,h € Fy and all
c,d e R,

3. ) = 2 Yo ik (xi.x;) = 0 for all functions f € Fy because & is
a Mercer kernel.

It still remains to established that ( f, f) = 0 implies that f = 0. To show this we
need first the following important reproducing property: For all functions f € F
andallx e X

<f9k(-x9 )) — f (X) ) (236)

which follows directly from choosing s = 1, f; = 1 and X; = x in (2.35)—hence
g () = k(x,-). Now using the Cauchy-Schwarz inequality (see Theorem A.106
and preceding comments) we know that

0 = (f (X))Z = ((fsk(x’ )))2 = (f’ f) <k (X, ) ’k(x’ )) ’ (237)

k(x,x)

which shows that (f, f) = Oonlyif f (x) =0forallx € X, ie., f =0.

Finally, let us consider any Cauchy sequence (f;),y of functions in Fy. Then,
by virtue of equation (2.37), we know that, for all 7, s € N, (f, (x) — f; (x))? <
N fr — fs I? k (x, x) and hence ( f+)en converges toward some real-valued function
f on X.Itis possible to complete F\ by adding the limits of all Cauchy sequences
to it, extending it and its inner product to a slightly larger class 7 € R*. Thus,
we have shown that each kernel £k : X x X — R defines a Hilbert space F of
real-valued functions over X which has the reproducing property (2.36), i.e., the
value of the function f at x is “reproduced” by the inner product of f with & (x, -).
The full power of this consideration is expressed in the following theorem.

Theorem 2.29 (Representer theorem) Let k be a Mercer kernel on X, z €
(X x V)" be a training sample and gemp : (X x Y x R)" — R U {oo} be any
arbitrary but fixed function. Let g, : R — [0, 00) be any strictly monotoni-
cally increasing function. Define F as the RKHS induced by k. Then any f € F
minimizing the regularized risk

Rece [ . 2] = Gemp ((Cxiy Yis £ D ieqtm) + &ree LS (2.38)

.....
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admits a representation of the form
fO=>akx.) aeR". (2.39)
i=1

The proof is given in Appendix B.3. It elucidates once more the advantage of
kernels: Apart from limiting the computational effort in application, they allow
for a quite general class of learning algorithms (characterized by the minimization
of a functional of the form (2.38)) to be applied in dual variables « € R".

2.4 Support Vector Classification Learning

The methods presented in the last two sections, namely the idea of regularization,
and the kernel technique, are elegantly combined in a learning algorithm known as
support vector learning (SV learning).'® In the study of SV learning the notion of
margins is of particular importance. We shall see that the support vector machine
(SVM) is an implementation of a more general regularization principle known
as the large margin principle. The greatest drawback of SVMs, that is, the need
for zero training error, is resolved by the introduction of soft margins. We will
demonstrate how both large margin and soft margin algorithms can be viewed in
the geometrical picture given in Figure 2.1 on page 23. Finally, we discuss several
extensions of the classical SVM algorithm achieved by reparameterization.

2.4.1 Maximizing the Margin

Let us begin by defining what we mean by the margin of a classifier. In Figure
2.6 a training sample z in R? together with a classifier (illustrated by the incurred
decision surface) is shown. The classifier fy, in Figure 2.6 (a) has a “dead zone”
(gray area) separating the two sets of points which is larger than the classifier fy
chosen in Figure 2.6 (b). In both pictures the “dead zone” is the tube around the
(linear) decision surface which does not contains any training example (x;, y;) € z.
To measure the extent of such a tube we can use the norm of the weight vector w
parameterizing the classifier fy,. In fact, the size of this tube must be inversely
proportional to the minimum real-valued output y; (x;, w) of a classifier w on a

16 Vapnik also introduced the term support vector machines (SVMs) for learning algorithms of the “support
vector” type.
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Figure 2.6 Geometrical margins of a plane (thick solid line) in R?. The crosses (y; =
+1) and dots (y; = —1) represent labeled examples x;. (Left) The classifier fy with the
largest geometrical margin y; (w). Note that this quantity is invariant under rescaling of
the weight vector. (Right) A classifier f with a smaller geometrical margin y, (W) Since
ming; yyez Vi <x,-, v~v) =1, v~vH can be used to measure the extent of the gray zone tube by

v2 (W) = 1/[[w].

given training sample z. This quantity is also known as the functional margin on
the training sample z and needs to be normalized to be useful for comparison
across different weight vectors w not necessarily of unit length. More precisely,
when normalizing the real-valued outputs by the norm of the weight vector w
(which is equivalent to considering the real-valued outputs of normalized weight
vectors w/ ||w|| only) we obtain a confidence measure comparable across different
hyperplanes. The following definition introduces the different notions of margins
more formally.

Definition 2.30 (Margins) Suppose we are given a training sample z = (x, y) €
2", amapping ¢ : X — K C £ and a vector w € K. For the hyperplane having
normal w we define the

= functional margin y; (W) on an example (x;, y;) € z to be y; (W) o vi (X;, W),
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= functional margin y, (W) on a training sample z to be y, (W) & mingy, yyez i (W),
= geometrical margin y; (W) on an example (x;, y;) € z to be y; (W) o v (w) / lwl]l,
= geometrical margin y, (W) on a training sample z to be y, (W) oo V. (W) / |w]|.

Note that y; (w) > 0 implies correct classification of (x;, y;) € z. Furthermore, for
w € W the functional and geometrical margin coincide.

In 1962 Novikoff proved a theorem for perceptrons which was, in 1964, extended to
linear classifiers in kernel space. The theorem shows that the number of corrections
in the perceptron learning algorithm is provably decreasing for training samples
which admit a large margin.

Theorem 2.31 (Perceptron convergence theorem) Let z = (x,y) € Z" be a
training sample, let ¢ : X — K C {5 be a fixed feature map, and let ¢ =
maxyex ||@ (x;)| be the smallest radius of a sphere enclosing all the mapped
training objects x. Suppose that there exists a vector w* € W such that y, (W*) =
v, (W*) > 0. Then the number of mistakes made by the perceptron learning
algorithm on z is at most

(i)
v (w9 )

The proof is given in Appendix B.4. This theorem answers one of the questions
associated with perceptron learning, that is, the number of steps until convergence.
The theorem was one of the first theoretical justifications of the idea that large
margins yield better classifiers; here in terms of mistakes during learning. We shall
see in Part II that large margins indeed yield better classifiers in terms of expected
risk.

Let F and K be the RKHS and feature space connected with the Mercer kernel
k, respectively. The classifier w with the largest margin y, (W) on a given training
sample can be written as

1
WsvM o argmax y, (w) = argmax —y, (W) . (2.40)
weWw welC [lwl
Two methods of casting the problem of finding this classifier into a regularization
framework are conceivable. One method is to refine the (coarse) /y_; loss function
given in equation (2.9) by exploiting the minimum real-valued output y, (w) of
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each classifier w € WW. A second option is to fix the minimum real-valued output
7. (W) of the classifier w € /C and to use the norm ||w/|| of each classifier to measure
its complexity. Though the latter is better known in the SV community we shall
present both formulations.

1. Fix the norm of the classifiers to unity (as done in Novikoff’s theorem), then we
must maximize the geometrical margin. More formally, in terms of equation (2.38)
we have

WsvyMm = argmin lmargin (Vz (W)) s (241)
weWW

where
def

lmargin (t) é —r. (242)

A more convenient notation of this minimization problem is

maximize min (fw (x1), ..., fw () = ¥z (W)
subject to I fwll® = llwl*> = 1.

This optimization problem has several difficulties associated with it. First, the ob-
jective function is neither linear nor quadratic. Further, the constraints are nonlin-
ear. Hence, from an algorithmic viewpoint this optimization problem is difficult
to solve. Nonetheless, due to the independence of the hypothesis space from the
training sample it is very useful in the study of the generalization error.

2. Fix the functional margin to unity and minimize the norm ||w| of the weight
vector. More formally, the set of all classifiers considered for learning is

WY wek|j,(w) =1}, (2.43)

which are known as canonical hyperplanes. Clearly, this definition of the hypothe-
sis space is data dependent which makes a theoretical analysis quite intricate!”. The
advantage of this formulation becomes apparent if we consider the corresponding
risk functional:

. 2 . 2
WsyMm X argmin || fw||© = argmin ||w||~ . (2.44)
weW(z) weW(z)

17 In general, the hypothesis space must be independent of the training sample. The training sample dependence
on the hypothesis space for Mercer kernels is resolved in Theorem 2.29. Note, however, that this theorem does
not apply to canonical hyperplanes.
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The risk functional seems to imply that we minimize a complexity or structural
risk, but this is wrong. In fact, the lack of any empirical term in the risk functional
is merely due to the formulation which uses a data dependent hypothesis space
(2.43). If we cast the minimization of this risk functional in a convex programming
framework we obtain

. 2 2
minimize IWil® = [l fwll

subjectto y; {x;, W) = 1 i=1,...,m. (245)

This optimization problem is much more computationally amenable. Here, the
objective function is quadratic and the constraints are linear. As a consequence, the
solution must be expressible in its dual form. Introducing m Lagrangian multipliers
«; for the linear constraints (which turn out to be the expansion coefficients of the
weight vector w in terms of the mapped training objects), taking the derivative
w.r.t. w and back-inserting into the Lagrangian, we obtain the following Wolfe dual
(for details see Section B.5)

1
W) =a'l — Eoc/YGYoc , (2.46)

which needs to be maximized in the positive quadrant 0 < ¢,

a = argmax W () .
0<a

Here, G is the m x m Gram matrix defined by equation (2.18) and Y o

diag (y1, ..., ym). Note, however, that the solution

Wsvm = Z&iyixi

i=1
is equivalent to the solution of optimization problem (2.41) up to a scaling factor.
Using decomposition techniques to solve the problem, the computational effort is
roughly of order O (mz)

2.4.2 Soft Margins—Learning with Training Error

The algorithm presented in the last subsection is clearly restricted to training
samples which are linearly separable. One way to deal with this insufficiency is
to use “powerful” kernels (like an RBF kernel with very small o) which makes
each training sample separable in feature space. Although this would not cause
any computational difficulties, the “large expressive” power of the classifiers in
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feature space may lead to overfitting, that is, a large discrepancy between empirical
risk (which was previously zero) and true risk of a classifier. Moreover, the above
algorithm is “nonrobust” in the sense that one outlier (a training point (x;, y;) € z
whose removal would lead to a large increase in margin) can cause the learning
algorithm to converge very slowly or, even worse, make it impossible to apply at
all (if y; (w) < O for all w € W).

In order to overcome this insufficiency we introduce a heuristic which has
become known as the soft margin SVM. The idea exploited is to upper bound the
zero-one loss /p_; as given in equation (2.9) by a linear or quadratic function (see
Figure 2.7),

lo1 (f (X)), ) =lyros0 < max{l—yf x),0} =hin(f(x),y), (247
lot (f ), ) =l yr0=0 < max{l —yf x),08 = lgua (f (X), ) .

It is worth mentioning that, due to the cut off at a real-valued output of one (on the
correct side of the decision surface), the norm || /|| can still serve as a regularizer.
Viewed this way, the idea is in the spirit of the second parameterization of the
optimization problem of large margins (see equation (2.40)).

Linear Approximation

Let us consider the case of a linear approximation. Given a tradeoff parameter
A > 0, the regularization functional becomes

1 m
Reeg [fin 21 = — D lin (f (i) 30) + A Ll
i=1

or equivalently

m

minimize ZS,» + am |w|)?
i=1

subject to yi(x;, w)y>1-=4§ i=1,...,m, (2.48)
£>0.

Transforming this into an optimization problem involving the corresponding Wolfe
dual we must maximize an equation of the form (2.46), but this time in the “box”
0 < a < ﬁl (see Section B.5). In the limit A — O we obtain the “hard
margin” SVM because there is no upper bound on «. Another explanation of
this equivalence is given by the fact that the objective function is proportional to
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Figure 2.7 Approximation to the Heaviside step function l,7x)<o (solid line) by the
so-called “hinge loss” (dashed line) and a quadratic margin loss (dotted line). The x—
axis contains the negative real-valued output —yf (x) which is positive in the case of
misclassification of x by f.

ﬁ Z;"zl & + lw||>. Thus, in the limit of A — 0, any w for which & # 0 incurs
an infinitely large value of the objective function and therefore in the optimum
Y & = 0. Note that by virtue of this formulation the “box™ is decreased with

increasing training sample size.

Quadratic Approximation

Though not as popular in the SV community, the quadratic approximation has
proven to be successful in real world applications. Formally, the regularization
functional becomes

1 m
Rucg Lfwr 2 = — 3 _lquaa (fw (i) 30) + 2 I fll
i=1

which in its equivalent form is

m
minimize Z £+ am | w|?

i=1
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subject to yi(x;,w)y >1-4§ i=1,...,m, (2.49)

£>0.

The corresponding Wolfe dual (derived in Section B.5) is given by
1 A
W) =a'l — Eoc’YGYoc - TMa’oz,

and must be maximized in the positive quadrant 0 < «. This can equivalently be
expressed by a change of the Gram matrix, i.e.,

1~ ~
W () =o'l — Ea’YGYa , G =G+ iml. (2.50)

Remark 2.32 (Data independent hypothesis spaces) The two algorithms pre-
sented in this subsection use the idea of fixing the functional margin to unity.
This allows the geometrical margin to be controlled by the norm ||w|| of the weight
vector W. As we have seen in the previous subsection there also exists a “data inde-
pendent” formulation. In the case of a quadratic soft margin loss the formulation
is apparent from the change of the Gram matrix: The quadratic soft margin SVM
is equivalent to a hard margin SVM if we change the Gram matrix G to G 4+ Aml.
Furthermore, in the hard margin case, we could alternatively have the hypothesis
space being the unit hypersphere in feature space. As a consequence thereof, all
we need to consider is the change in the feature space, if we penalize the diagonal
of the Gram matrix by Am.

Remark 2.33 (Cost matrices) In Example 2.7 we showed how different a-priori
class probabilities Py (—1) and Py (+1) can be incorporated through the use of a
cost matrix loss function. In the case of soft margin loss this can be approximately
achieved by using different values ), € R" and »_ € RT at the constraints for
the training points of class +1 and —1, respectively. As the (general) regularizer
is inversely related to the allowed violation of constraints it follows that the
underrepresented class having smaller prior probability should have the larger
A value.

2.4.3 Geometrical Viewpoints on Margin Maximization
In the previous two subsections the SV learning algorithms were introduced purely

from a margin maximization perspective. In order to associate these algorithms
with the geometrical picture given in Figure 2.1 on page 23 we note that, for a
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Figure 2.8 Finding the center of the largest inscribable ball in version space. (Left) In
this example four training points were given which incur the depicted four planes. Let us
assume that the labeling of the training sample was such that the polyhedra on top of the
sphere is the version space. Then, the SV learning algorithm finds the (weight) vector w on
top of the sphere as the center of the largest inscribable ball B, (w) (transparent cap). Here,
we assumed || y;X;|| = ||x;|| to be constant. The distance of the w from the hyperplanes
(dark line) is proportional to the margin y,; (w) (see text). (Right) Viewed from top we see
that the version space V (z) is a bended convex body into which we can fully inscribe a
circle of radius proportional to y, (w).

fixed point (x;, y;) € z, the geometrical margin y; (W) can be read as the distance
of the linear classifier having normal W to the hyperplane {w € K |y; (x;, w) = 0}.
In fact, the Euclidean distance of the point w from the hyperplane having normal
yix; is i (X, W) / |l yix; || = ; (W) / x; || For the moment let us assume that [|x; | is
constant for all x; in the training objects x € X". Then, if a classifier fg achieves
a margin of y; (W) on the training sample z we know that the ball,

3,(w)={wew

s <58 eve
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of radius t = y, (v~v) / |Ix;]| is totally inscribable in version space V (z). Hence-
forth, maximizing y, (v~v) is equivalent to finding the center of the largest inscrib-
able ball in version space (see Figure 2.8).

The situation changes if we drop the assumption that ||x;|| is constant. In this
case, training objects for which ||x;|| is very large effectively minimize the radius
7 of the largest inscribable ball. If we consider the center of the largest inscribable
ball as an approximation to the center of mass of version space V (z) (see also
Section 3.4) we see that normalizing the x;’s to unit length is crucial to finding a
good approximation for this point.

The geometrical intuition still holds if we consider the quadratic approximation
presented in Subsection 2.4.2. The effect of the diagonal penalization is to add a
new basis axis for each training point (x;, y;) € z. Hence, in this new space the
quadratic SVM tries to find the center of the largest inscribable ball. Needless to
say that we again assume the x;’s to be of constant length ||x;||. We shall see in
Section 5.1 that the margin y, (W) is too coarse a measure to be used for bounds on
the expected risk if ||x;|| # const.—especially if we apply the kernel technique.

2.4.4 The v-Trick and Other Variants

The SV algorithms presented so far constitute the basis of the standard SV tool
box. There exist, however, several (heuristic) extensions for the case of multiple
classes (2 < || < 00), regression estimation ()} = R) and reparameterizations in
terms of the assumed noise level Ex [1 — max,cy (PY|X=X (y))] which we present
here.

Multiclass Support Vector Machines

In order to extend the SV learning algorithm to K = |)| > 2 classes two different
strategies have been suggested.

1. The first method is to learn K SV classifiers f; by labeling all training points
having y; = j with 41 and y; # j with —1 during the training of the jth classifier.
In the test stage, the final decision is obtained by

fmultiple (x) = argmax fy (x) .
yey

Clearly, this method learns one classifier for each of the K classes against all the
other classes and is hence known as the one-versus-rest (o-v-r) method. It can be
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shown that it is possible to solve the K optimization problems at once. Note that
the computational effort is of order O (K mz).

2. The second method is to learn K (K — 1) /2 SV classifiers. If 1| <i < j < K
the classifiers f; ; is learned using only the training samples from the class i and
J, labeling them +1 and —1, respectively. This method has become known as the
one-versus-one (0-v-o) method. Given a new test object x € X, the frequency n;
of “wins” for class i is computed by applying f; ; for all j. This results in a vector
n = (ny;...;ng) of frequencies of “wins” of each class. The final decision is
made for the most frequent class, i.e.,

f multiple (x) = argmax 1, .
yey

Using a probabilistic model for the frequencies n, different prior probabilities of the
classes y € Y can be incorporated, resulting in better generalization ability. Instead
of solving K (K — 1) /2 separate optimization problems, it is again possible to
combine them in a single optimization problem. If the prior probabilities Py ()
for the K classes are roughly %, the method scales as O (mz) and is independent
of the number of classes.

Recently, a different method for combining the single pairwise decisions has been
suggested. By specifying a directed acyclic graph (DAG) of consecutive pairwise
classifications, it is possible to introduce a class hierarchy. The leaves of such a
DAG contain the final decisions which are obtained by exclusion rather than by
voting. This method compares favorably with the o-v-o and o-v-r methods.

Support Vector Regression Estimation

In the regression estimation problem we are given a sample of m real target values
t=(t,...,t,) € R", rather than m classes y = (y1,..., y) € V". In order to
extend the SV learning algorithm to this task, we note that an “inversion” of the
linear loss /};, suffices in order to use the SV machinery for real-valued outputs ¢;.
In classification the linear loss /j;, (f (x), -) adds to the total cost, if the real-valued
output of | f (x)| is smaller than 1. For regression estimation it is desirable to have
the opposite true, i.e., incurred costs result if [t — f (x)| is very large instead of
small. This requirement is formally captured by the e—insensitive loss

0 if [t—f@)=<e

lt—f @)l —e if |t — f ()] > ¢ (2.51)

la(f(x)at):{
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Then, one obtains a quadratic programming problem similar to (2.46), this time in
2m dual variables «; and &;—two corresponding to each training point constraint.
This is simply due to the fact that f can fail to attain a deviation less than & on both
sides of the given real-valued output ¢;, i.e., #; — ¢ and #; + . An appealing feature
of this loss is that it leads to sparse solutions, i.e., only a few of the «; (or ¢;) are
non-zero. For further references that cover the regression estimation problem the
interested reader is referred to Section 2.6.

v=Support Vector Machines for Classification

A major drawback of the soft margin SV learning algorithm given in the form
(2.48) is the lack of control over how many training points will be considered
as margin errors or “outliers”, that is, how many have y; (wsym) < 1. This is
essentially due to the fact that we fixed the functional margin to one. By a simple
reparameterization it is possible to make the functional margin itself a variable
of the optimization problem. One can show that the solution of the following
optimization problem has the property that the new parameter v bounds the fraction
of margin errors % {(x;:, vi) € z |y (Wsym) < p}| from above:

L 1 & 1 2
minimize - ;é vo + > [lwl
subject to Vi (X;, W) > p—§& i=1,...,m, (2.52)
£§>0,p>0.

It can be shown that, for each value of v € [0, 1], there exists a value of A € R
such that the solution w, and w; found by solving (2.52) and (2.48) have the same
geometrical margins y, (w,) = ¥, (w;). Thus we could try different values of A
in the standard linear soft margin SVM to obtain a required fraction of margin
errors. The appealing property of the problem (2.52) is that this adjustment is done
within the one optimization problem (see Section B.5). Another property which
can be proved is that, for all probability models where neither Py ({X, 1}) nor
Py ({X, —1}) contains any discrete component, v asymptotically equals the fraction
of margin errors. Hence, we can incorporate prior knowledge of the noise level
Ex [1 — MaXycy (PY|X=x (y))] via v. Excluding all training points for which the
real-valued output is less than p in absolute value, the geometrical margin of the
solution on the remaining training points is p/ ||w||.
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2.5 Adaptive Margin Machines

In this last section we will introduce an algorithm which is based on a conceptually
different principle. Our new approach is motivated by a recently derived leave-
one-out bound on the generalization error of kernel classifiers. Let us start by
introducing the concept of the leave-one-out error.

2.5.1 Assessment of Learning Algorithms

Whilst the mathematical model of learning to be introduced in Part II of this book
gives some motivation for the algorithms introduced so far, the derived bounds
are often too loose to be useful in practical applications. A completely different
approach can be taken if we study the expected risk of a learning algorithm A
rather than any hypothesis.

Definition 2.34 (Expected risk of a learning algorithm) Given an algorithm A :
U>_ 2™ — F,aloss function | : R x Y — R and a training sample size m € N,
the expected risk R [A, m] of the learning algorithm A is defined by

def

R[A,ml=Ez[R[A®@)]] .

Note that this quantity does not bound the expected risk of the one classifier
learned from a training sample z but the average expected risk performance of
the algorithm A. For any training sample z, an almost unbiased estimator of this
quantity is given by the leave-one-out error Ry, [A, z] of A.

Definition 2.35 (Leave-one-out error) Given an algorithm A : U>"_ Z™ — F, a
loss function | : R x )Y — R and a training sample z € Z™, the leave-one-out
error is defined by

def

1 m
Rioo [A, 2] = P Zl Az Zicts Zigts o5 Zm)) (X)) 5 i)
i=1

This measure counts the fraction of examples that are misclassified if we leave them
out for learning when using the algorithm A. The unbiasedness of the estimator is
made more precise in the following proposition.
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Theorem 2.36 (Unbiasedness of the leave-one-out error) Given a fixed measure
Pz, a fixed hypothesis space F, a fixed loss | and a fixed learning algorithm
A:Up_ 2" — F, the leave-one-out error is almost unbiased, that is,

Ezi [Rioo [A. Z]] = RIA, m —1] .

Proof In order to prove the result we note that

Ez [Rio [A. Z]] = |: ZI(A((ZI’--- z1,Zi+1,---,zm))(xi),Yz’):|
= —ZEzm [[A(Z1, .. Zis Zigr o Za) (X)L YD)

= Z Ezn-1 [Exyzn-1—; [ (A (2) X), ]]
i=1

= Ez [R[A@]]=R[A, m—1].
The theorem is proved. m

Despite the fact that this result allows us to obtain a precise estimate of the expected
risk of the learning algorithm, its computation is very time consuming as the
learning algorithm must be invoked m times. Therefore, it is desirable to have a
bound on this quantity which can be computed solely on the basis of the training
sample z and the learned hypothesis A (z). As demonstrated in Section 2.4, a rather
powerful class of learning algorithms is given by

A

o = argmax W (x)
0<a<u
w = ! 'YGY +i] 2.53)
(@) = ki o (a;) , 2.

i=1
where J : R — R s a fixed function, u is an m x 1 vector of positive real numbers,

y ¥ diag (yi, ..., ym) and G is the m x m Gram matrix given by equation (2.18).
Based on the vector & € R”™, the linear classifier f is then given by

f) = Z yik (%) & W= ayix; (2.54)
i=1 i=1

We can give the following bound on the leave-one-out error Rj,, [Aw, z].
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Theorem 2.37 (Leave-One-Out Bound) Suppose we are given a training sample
z € Z™ and a Mercer kernel k. Let & be the maximizing coefficients of (2.53). Then
an upper bound on the leave-one-out error of Ay is given by

l m m .

RioolAw, 2] < — 3 0 | =yi )ik (xi,x)) | (2.55)

— -
' fi

where © (t) = ;> is the Heaviside step function.

The proof is given in Appendix B.6. For support vector machines V. Vapnik has
shown that the leave-one-out error is bounded by the ratio of the number of non-
zero coefficients ¢; to the number m of training examples. The bound given in
Theorem 2.37 is slightly tighter than Vapnik’s leave-one-out bound. This is easy to
see because all training points that have @; = 0 cannot be leave-one-out errors in
either bound. Vapnik’s bound assumes all support vectors (all training points with
@; > 0) are leave-one-out errors, whereas they only contribute as errors in equation
(2.55) if y; D", &;y;k (x;,x;) < 0. In practice this means that the bound (2.55)
=

JFEi
is tighter for less sparse solutions.

2.5.2 Leave-One-Out Machines

Theorem 2.37 suggests an algorithm which directly minimizes the expression in
the bound. The difficulty is that the resulting objective function will contain the
step function l,~¢. The idea we exploit is similar to the idea of soft margins in
SVMs, where the step function is upper bounded by a piecewise linear function,
also known as the hinge loss (see Figure 2.7). Hence, introducing slack variables,
gives the following optimization problem:

m
minimize E &
i=1

1,....m, (2.56)

m
subject to Vi Zajyjk (xi,xj) >1-4§ i
7
a>0,>0.
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For further classification of new test objects we use the decision rule given in
equation (2.54). Let us study the resulting method which we call a leave-one-out
machine (LOOM).

First, the technique appears to have no free regularization parameter. This
should be compared with support vector machines, which control the amount of
regularization through the free parameter A. For SVMs, in the case of A — 0
one obtains a hard margin classifier with no training errors. In the case of linearly
inseparable datasets in feature space (through noise, outliers or class overlap) one
must admit some training errors (by constructing soft margins). To find the best
choice of training error/margin tradeoff one must choose the appropriate value
of A. In leave-one-out machines a soft margin is automatically constructed. This
happens because the algorithm does not attempt to minimize the number of training
errors—it minimizes the number of training points that are classified incorrectly
even when they are removed from the linear combination which forms the decision
rule. However, if one can classify a training point correctly when it is removed
from the linear combination, then it will always be classified correctly when it is
placed back into the rule. This can be seen as «;y;k (x;, x;) always has the same
sign as y;; any training point is pushed further from the decision boundary by its
own component of the linear combination. Note also that summing for all j # i
in the constraint (2.56) is equivalent to setting the diagonal of the Gram matrix
G to zero and instead summing for all j. Thus, the regularization employed by
leave-one-out machines disregards the values & (x;, x;) for all 7.

Second, as for support vector machines, the solutions @ € R” can be sparse
in terms of the expansion vector; that is, only some of the coefficients &; are non-
zero. As the coefficient of a training point does not contribute to its leave-one-out
error in constraint (2.56), the algorithm does not assign a non-zero value to the
coefficient of a training point in order to correctly classify it. A training point has
to be classified correctly by the training points of the same label that are close to it,
but the point itself makes no contribution to its own classification in training.

2.5.3 Pitfalls of Minimizing a Leave-One-Out Bound
The core idea of the presented algorithm is to directly minimize the leave-one-out

bound. Thus, it seems that we are able to control the generalization ability of an
algorithm disregarding quantities like the margin. This is not true in general'® and

18 Part II, Section 4.3, shows that there are models of learning which allow an algorithm to directly minimize a
bound on its generalization error. This should not be confused with the possibility of controlling the generalization
error of the algorithm itself.
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in particular the presented algorithm is not able to achieve this goal. There are some
pitfalls associated with minimizing a leave-one-out bound:

1. In order to get a bound on the leave-one-out error we must specify the algorithm
A beforehand. This is often done by specifying the form of the objective function
which is to be maximized (or minimized) during learning. In our particular case
we see that Theorem 2.37 only considers algorithms defined by the maximization
of W («) with the “box” constraint 0 < o < u. By changing the learning algorithm
to minimize the bound itself we may well develop an optimization algorithm
which is no longer compatible with the assumptions of the theorem. This is true in
particular for leave-one-out machines which are no longer in the class of algorithms
considered by Theorem 2.37—whose bound they are aimed at minimizing. Further,
instead of minimizing the bound directly we are using the hinge loss as an upper
bound on the Heaviside step function.

2. The leave-one-out bound does not provide any guarantee about the generaliza-
tion error R [A, z] (see Definition 2.10). Nonetheless, if the leave-one-out error is
small then we know that, for most training samples z € Z™, the resulting classi-
fier has to have an expected risk close to that given by the bound. This is due to
Hoeffding’s bound which says that for bounded loss (the expected risk of a hypoth-
esis f is bounded to the interval [0, 1]) the expected risk R [A (z)] of the learned
classifier A (z) is close to the expectation of the expected risk (bounded by the
leave-one-out bound) with high probability over the random choice of the training
sample.'” Note, however, that the leave-one-out estimate does not provide any in-
formation about the variance of the expected risk. Such information would allow
the application of tighter bounds, for example, Chebyshev’s bound.

3. The original motivation behind the use of the leave-one-out error was to measure
the goodness of the hypothesis space F and of the learning algorithm A for the
learning problem given by the unknown probability measure Pz. Commonly, the
leave-one-out error is used to select among different models F;, 7>, . .. for a given
learning algorithm A. In this sense, minimizing the leave-one-out error is more a
model selection strategy than a learning paradigm within a fixed model.

Definition 2.38 (Model selection) Suppose we are given r € N fixed learning
algorithms A; : Uy [ Z" — Y which map training samples z to classifiers
h € Y¥. Then, given a training sample z € Z", the problem of model selection
is to identify the learning algorithm A; which would lead to a classifier A; (z)

19 We shall exploit this idea further in Part II, Section 5.3.
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possessing the smallest expected risk, i.e., find the algorithm A, such that

A, = argmin R [A; (z)] .

1

If we have a fixed learning procedure A, : U}’ | Z" — Y which is param-
eterized by x then the model selection problem reduces to finding the the best
parameter X (z) for a given training sample z € Z™.

A typical model selection task which arises in the case of kernel classifiers is the
selection of parameters of the kernel function used, for example, choosing the
optimal value of o for RBF kernels (see Table 2.1).

2.5.4 Adaptive Margin Machines

In order to generalize leave-one-out machines we see that the m constraints in
equation (2.56) can be rewritten as

m
yizajyjk (xi,x)) + ik (xi,x) = 1 —& + ok (x;, x;) i=1,....,m,

=
vif (xi) = 1—=§& +a;k(x;,x;) i=1,...,m.

Now, it is easy to see that a training point (x;, y;) € z is linearly penalized for
failing to obtain a functional margin of y; (W) > 1 + «;k(x;, x;). In other words,
the larger the contribution the training point makes to the decision rule (the larger
the value of «;), the larger its functional margin must be. Thus, the algorithm
controls the margin for each training point adaptively. From this formulation one
can generalize the algorithm to control regularization through the margin loss.
To make the margin at each training point a controlling variable we propose the
following learning algorithm:

minimize ) & (2.57)
i=1

m
subject to y,»Zozjyjk (x,»,xj) >1—=& 4+ Aajk (xj,x;), i=1,...,m.
j=1
a>0,§>0. (2.58)
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This algorithm—which we call adaptive margin machines—can also be viewed in
the following way: If an object x,, € x is an outlier (the kernel values w.r.t. points in
its class are small and w.r.t. points in the other class are large), «, in equation (2.58)
must be large in order to classify x, correctly. Whilst support vector machines use
the same functional margin of one for such an outlier, they attempt to classify
X, correctly. In adaptive margin machines the functional margin is automatically
increased to 1 4+ Aa,k (x,, x,) for x, and thus less effort is made to change the
decision function because each increase in «, would lead to an even larger increase
in &, and can therefore not be optimal.

Remark 2.39 (Clustering in feature space) In adaptive margin machines the ob-
jects x, € x, which are representatives of clusters (centers) in feature space K, i.e.,
those which have large kernel values w.r.t. objects from its class and small kernel
values w.r.t. objects from the other class, will have non-zero «,. In order to see this
we consider two objects, x, € x and xy € x, of the same class. Let us assume that
x, with &, > O is the center of a cluster (w.r.t. the metric in feature space K induced
by the kernel k) and s with & > 0 lies at the boundary of the cluster. Hence we
subdivide the set of all objects into

x;eCt E=0,yi=y,i #r,i #s,
xyeC &=0,y#y,
xielt E >0,y =y,0i #r,i #5,
xpiel™ & >0,y #yr.

We consider the change in & if we increase a, by A > 0 (giving §') and simul-
taneously decrease a; by A (giving §"). From equations (2.57)—(2.58) we know
that

xyeCh: & = &, &' < Ak(xi,x),
x;eC™: & < Ak(xi,x), &' = &,
xpelt: & > & —Ak(x,x), g = &+ Ak(xi,x,),
xiel™: & = &+ Ak(x,x), g = & — Ak (xi,xy) ,
Xt ér/ > "i:r - A (1 - )\) k (Xr, xr) ) "i:,{/ = Sr + Ak (Xr, xs) s
Xs - EY/ > & — Ak (xg, %), EYN > E+A—A)k(xg,x5) .

Now we choose the biggest A such that all inequalities for x; € { It 1,r, r’}
become equalities and for x; € {C*, C~} the r.h.s. equals zero. Then, the relative
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change in the objective function is given by

Z EAE —&) = (k(xx) =k x))— Y (ki x,) =k (x5, %),

i=1 ielt el

change of intra—class distance change of inter—class distance

where we assume that k (x,, x,) = k (x,, Xy). Since the cluster centers in feature
space KC minimize the intra-class distance whilst maximizing the inter-class dis-
tances it becomes apparent that their o, will be higher. Taking into account that
the maximum A considerable for this analysis is decreasing as ) increases we see
that, for suitable small A, adaptive margin machines tend to only associate cluster
centers in feature space K with non-zero o’s.

2.6 Bibliographical Remarks

Linear functions have been investigated for several hundred years and it is virtually
impossible to identity their first appearance in scientific literature. In the field
of artificial intelligence, however, the first studies of linear classifiers go back to
the early works of Rosenblatt (1958), Rosenblatt (1962) and Minsky and Papert
(1969). These works also contains the first account of the perceptron learning
algorithm which was originally developed without any notion of kernels. The more
general ERM principle underpinning perceptron learning was first formulated in
Vapnik and Chervonenkis (1974). In this book we introduce perceptron learning
using the notion of version space. This somewhat misleading name comes from
Mitchell (1977), Mitchell (1982), Mitchell (1997) and refers to the fact that all
classifiers 1 € V (z) are different “versions” of consistent classifiers. Originally,
T. Mitchell considered the hypothesis space of logic formulas only.

The method of regularization introduced in Section 2.2 was originally devel-
oped in Tikhonov and Arsenin (1977) and introduced into the machine learning
framework in Vapnik (1982). The adaptation of ill-posed problems to machine
learning can be found in Vapnik (1982) where they are termed stochastic ill-posed
problems. In a nutshell, the difference to classical ill-posed problems is that the
solution y is a random variable of which we can only observe one specific sam-
ple. As a means to solving these stochastic ill-posed problems, Vapnik suggested
structural risk minimization.

The original paper which proved Mercer’s theorem is by Mercer (1909); the
version presented in this book can be found in Konig (1986). Regarding Remark
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2.19, the work by Wahba (1990) gives an excellent overview of covariance func-
tions of Gaussian processes and kernel functions (see also Wahba (1999)). The
detailed derivation of the feature space for polynomial kernels was first published
in Poggio (1975). In the subsection on string kernels we mentioned the possibility
of using kernels in the field of Bioinformatics; first approaches can be found in
Jaakkola and Haussler (1999b) and Karchin (2000). For a more detailed treatment
of machine learning approaches in the field of Bioinformatics see Baldi and Brunak
(1998). The notion of string kernels was independently introduced and developed
by T. Jaakkola, C. Watkins and D. Haussler in Watkins (1998), Watkins (2000)
and Haussler (1999). A detailed study of support vector machines using these ker-
nels can be found in Joachims (1998) and Lodhi et al. (2001). For more traditional
methods in information retrieval see Salton (1968). The Fisher kernel was origi-
nally introduced in Jaakkola and Haussler (1999a) and later applied to the problem
of detecting remote protein homologizes (Jaakkola et al. 1999). The motivation of
Fisher kernels in these works is much different to the one given in this book and
relies on the notion of Riemannian manifolds of probability measures.

The consideration of RKHS introduced in Subsection 2.3.3 presents another
interesting aspect of kernels, that is, that they can be viewed as regularization
operators in function approximation. By noticing that kernels are the Green’s
functions of the corresponding regularization operator we can directly go from
kernels to regularization operators and vice versa (see Smola and Schélkopf (1998),
Smola et al. (1998), Smola (1998) and Girosi (1998) for details). The original proof
of the representer theorem can be found in Scholkopf et al. (2001). A simpler
version of this theorem was already proven in Kimeldorf and Wahba (1970) and
Kivinen et al. (1997).

In Section 2.4 we introduced the support vector algorithm as a combination of
structural risk minimization techniques with the kernel trick. The first appearance
of this algorithm—which has its roots in the early 1960s (Vapnik and Lerner
1963)—is in Boser et al. (1992). The notion of functional and geometrical margins
is due to Cristianini and Shawe-Taylor (1999). For recent developments in kernel
methods and large margin classifiers the interested reader is referred to Scholkopf
et al. (1998) and Smola et al. (2000). The original perceptron convergence theorem
(without using kernels) is due to Novikoff (1962) and was independently proved
by Block (1962). The extension to general kernels was presented in Aizerman et al.
(1964).

In the derivation of the support vector algorithm we used the notion of canon-
ical hyperplanes which is due to Vapnik (1995); for more detailed derivations of
the algorithm see also Vapnik (1998), Burges (1998) and Osuna et al. (1997). An
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extensive study of the computational complexity of the support vector algorithm
can be found in Joachims (1999). In the five years an array of different implemen-
tations have been presented, e.g., SVM'ight (Joachims 1998; Osuna et al. 1997),
SMO (Platt 1999; Keerthi et al. 1999a; Shevade et al. 1999) and NPA (Keerthi
et al. 1999b).

It was noted that without the introduction of soft margins, classifiers found
by the support vector algorithm tend to overfit. This was already observed in
practice (Cortes 1995; Scholkopf et al. 1995; Osuna et al. 1997; Joachims 1999;
Bennett 1998). This tendency is called the nonrobustness of the hard margin SVM
algorithm—a term which is due to Shawe-Taylor and Cristianini (2000). In order
to introduce soft margins we used the hinge loss (due to Gentile and Warmuth
(1999)) whose relation to support vector machines was shown in Sollich (2000).
The seminal paper, which introduced the linear soft margin algorithm is Cortes
and Vapnik (1995); it also mentions the possibility of quadratically penalizing the
slacks. The empirical success of quadratic soft margin support vector machines
has been demonstrated in Veropoulos et al. (1999) and Brown et al. (2000). The
former paper also noted that different values of A for training points from different
classes can be used to compensate for unequal class probabilities (see also Osuna
et al. (1997) for details). Experimental evidence of the advantage of normalizing
training data in feature space before applying the support vector algorithm can be
found in Scholkopf et al. (1995), Joachims (1998) and Joachims (1999); theoretical
evidence is given in Herbrich and Graepel (2001b).

It is interesting to remark that the research on linear classifiers has run rather
parallel in the computer science and the statistical physics community (see Guyon
and Storck (2000) for a recent overview). One of the earliest works about support
vector machines (which are called maximal stability perceptrons) is by Lambert
(1969). After this work, many statistical physicists got involved in neural networks
(Gardner 1988; Gardner and Derrida 1988). As a consequence, several large mar-
gin alternative of the perceptron learning algorithm were devised, for example, the
minimal overlap (MinOver) algorithm (Krauth and Mézard 1987) or the adatron
(Anlauf and Biehl 1989). Finally, a fast primal-dual method for solving the maxi-
mum margin problem has been published in Rujan (1993).

In Subsection 2.4.4 several extensions of the original support vector algorithm
are presented. For more details on the extension to multiple classes see Weston
and Watkins (1998), Platt et al. (2000), Hastie and Tibshirani (1998), Guermeur
et al. (2000) and Allwein et al. (2000). There exits a vast literature on support
vector regression estimation; for an excellent overview see Smola and Scholkopf
(2001), Smola (1996), Smola (1998) and Smola and Scholkopf (1998). It has
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also been shown that support vector machines can be applied to the problem
of density estimation (Weston et al. 1999; Vapnik and Mukherjee 2000). The
reparameterization of the support vector algorithm in terms of v, the fraction of
margin errors, was first published in Scholkopf et al. (2000) where it was also
applied to the support vector algorithm for regression estimation.

Finally, in Section 2.5, we introduce the leave-one-out error of algorithms
which motivate an algorithm called adaptive margin machines (Weston and Her-
brich 2000). The proof of the unbiasedness of the leave-one-out error can be found
in Lunts and Brailovsky (1969) and also in Vapnik (1998, p. 417). The bound on
the leave-one-out error for kernel classifiers presented in Theorem 2.37 was proven
in Jaakkola and Haussler (1999b).



Kernel Classifiers from a Bayesian Perspective

This chapter presents the probabilistic, or Bayesian approach to learning kernel
classifiers. It starts by introducing the main principles underlying Bayesian infer-
ence both for the problem of learning within a fixed model and across models.
The first two sections present two learning algorithms, Gaussian processes and
relevance vector machines, which were originally developed for the problem of re-
gression estimation. In regression estimation, one is given a sample of real-valued
outputs rather than classes. In order to adapt these methods to the problem of classi-
fication we introduce the concept of latent variables which, in the current context,
are used to model the probability of the classes. The chapter shows that the prin-
ciple underlying relevance vector machines is an application of Bayesian model
selection to classical Bayesian linear regression. In the third section we present a
method which directly models the observed classes by imposing prior knowledge
only on weight vectors of unit length. In general, it is impossible to analytically
compute the solution to this algorithm. The section presents a Markov chain Monte
Carlo algorithm to approximately solve this problem, which is also known as Bayes
point learning. Finally, we discuss one of the earliest approaches to the problem
of classification learning—the Fisher linear discriminant. There are ways to apply
the kernel trick to all these algorithms thus rendering them powerful tools in the
application of kernel methods to the problem of classification learning.

3.1 The

Bayesian Framework

In the last chapter we saw that a learning problem is given by the identification
of an unknown relationship 7 € J* between objects x € X and classes y €
solely on the basis of a given iid sample z = (x, y) = ((x1, Y1), .-+ (Xps Ym)) €
(X x W)™ = Z™ (see Definition 2.1). Any approach that deals with this problem
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starts by choosing a hypothesis space! # € Y and a loss function/ : ) x Y — R
appropriate for the task at hand. Then a learning algorithm A : U?>_| Z" — H aims
to find the one particular hypothesis #* € H which minimizes a pre-defined risk
determined on the basis of the loss function only, e.g., the expected risk R [/] of
the hypothesis /4 or the empirical risk Remp [7, 2] of & € H on the given training
sample z € Z™ (see Definition 2.5 and 2.11). Once we have learned a classifier
A (z) € H it is used for further classification on new test objects. Thus, all the
information contained in the given training sample is summarized in the single
hypothesis learned.

The Bayesian approach is conceptually different insofar as it starts with a mea-
sure Py over the hypotheses—also known as the prior measure—which expresses
the belief that h € H is the relationship that underlies the data. The notion of belief
is central to Bayesian analysis and should not be confused with more frequentistic
interpretations of the probability Py (). In a frequentistic interpretation, Py (%) is
the relative frequency with which /& underlies the data, i.e., Pyjx=. (y) = ly(=y,
over an infinite number of different (randomly drawn) learning problems. As an
example consider the problem of learning to classify images of Kanji symbols al-
ways using the same set H of classifiers on the images. Then Py () is the relative
frequency of Kanji symbols (and therefore learning tasks) for which 4 is the best
classifier in . Clearly, this number is difficult to determine and meaningless when
given exactly one learning problem. In contrast, a Bayesian interpretation sees the
number Py (1) as expressing the subjective belief that h € H models the unknown
relationship between objects and classes. As such the term “belief” is dependent on
the observer and unquestionably the “truth”—or at least the best knowledge about
the truth—for that particular observer. The link between frequentistic probabilities
and subjective beliefs is that, under quite general assumptions of rational behavior
on the basis of beliefs, both measures have to satisfy the Kolmogorov axioms, i.e.,
the same mathematical operations apply to them.

Learning in the Bayesian framework is the incorporation of the observed train-
ing sample z € Z™ in the belief expression Py. This results in a so-called posterior
measure Pyjzn_.. Compared to the single summary #* € H obtained through the
machine learning approach, the Bayesian posterior Py z»_, is a much richer repre-
sentation of the information contained in the training sample z about the unknown
object-class relationship. As mentioned earlier, the Bayesian posterior Pyzn_; is

1 In order to unburden the main text we again take the liberty of synonymously referring to #, F and WV as the
hypothesis space and to h € H, f € F and w € W as hypothesis, classifier or just function (see also Section 2.1
and footnotes therein).
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obtained by applying the rules of probability theory (see Theorem A.22), i.e.,

likelihood of & prior of

——

Pzon—y (2) Py (h)  Pymxn—x n=n (y) Pu (h)
Eri [Pz (2)] Eni [Py ixn—x.hizi ()]

evidence of H

VheH: PH\Z”‘:Z (l’l) =

CRY;

where we have used the fact that Pzny— (z) = Pymxn=x H=s (¥) Px» (x) because
hypotheses 4 € J* only influence the generation of classes y € ) but not objects
x € &A™ Due to the central importance of this formula—which constitutes the main
inference principle in the Bayesian framework—the three terms in equation (3.1)
deserve some discussion.

The Likelihood Let us start with the training data dependent term. Interpreted
as a function of 47 € H this term expresses how “likely” it is to observe the class
sequence y if we are given m objects x and the true relationship is 7 € H. Without
any further prior knowledge, the likelihood contains all information that can be
obtained from the training sample z about the unknown relationship?. In the case
of learning, the notion of likelihood is defined as follows.

Definition 3.1 (Likelihood) Given a family P of models Pyx—y n=; over the space
Y together with an observation z = (x, y) € Z the function L : H x Z — Rt is
called the likelihood of h and is defined by

def
L (h,z) = Pyxechzn (9)
that is, the probability of observing y under the probability measure Pyx—y H=p.

In order to relate this definition to the likelihood expression given in equation (3.1)
we note that, due to the independence assumption made, it holds that

L (h, z) = Pynxo—eizn (9) = [ [ Pyixer.pen (3) -

i=1

Given an appropriately chosen loss function / : Y x Y — R it is reasonable
to assume that the smaller the loss incurred by the hypothesis &7 € 7 on a given

2 In fact, among statisticians there is a school of thought which adheres to the so-called likelihood principle: Any
inference about hypothesis 7 € H for a given training sample z € Z” should only be done on the basis of the
likelihood function £ : H — RT.
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training sample z € Z, the more likely it is that the function / underlies the data.
This has been made more precise in the following likelihood model.

Definition 3.2 (Inverse loss likelihood) Given a fixed loss functionl : Y xY — R
the inverse loss likelihood for a fixed z = (x, y) € Z is defined by

et exp (=B 1(h(x),y)

Lih,2) S S e (51w )
ye

(3.2)

where B € [0, 00) is known as the noise level.

In the limiting case 8 — oo the inverse loss likelihood is a constant function, i.e.,
L (h,z)= ﬁ regardless of the hypothesis / considered. In this case no additional
information is conveyed by the training sample. The likelihood obtained in the no-
noise case, i.e., 5 = 0, is of particular importance to us and we shall call it the

PAC-likelihood.

Definition 3.3 (PAC-likelihood) Assume Y to be a finite set of classes. Then the
PAC likelihood is defined by

Lpac (h, (x,y)) £ bhcy=y -

The Prior  The prior measure (or belief) Py is the crucial quantity in a Bayesian
analysis—it is all the knowledge about the relationship between objects and classes
before training data has arrived, encapsulated in a probability measure. Of course,
there is no general rule for determining particular priors. At the time when compu-
tational power was a scarce resource, practitioners suggested conjugate priors.

Definition 3.4 (Conjugate prior) Given a set Py = {PyxeyH=n |h € H} of
measures over the sample space ), a set Py = {PGH |0 € Q} of probability mea-
sures over the hypothesis space H is called a conjugate prior family to Py if, for
any prior Py € Py, the corresponding posterior Puz—. is still in the set Py for
all values of z, i.e.,

VPy e Py :V(x,y) € Z: PHiz=x.y) & (Pyix=v.h=iPH) € Py,

where the measure Py z_. is defined in (3.1).

3 The abbreviation PAC is introduced in Part II, Section 4.2.
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The advantage of conjugate priors becomes apparent if we additionally assume that
the conjugate family Py is parameterized by a small number of parameters. Then,
inference on the basis of the data, z € Z™, simplifies to the computation of a few
new parameter values.

Example 3.5 (Conjugate prior) A popular example of a conjugate prior family is
the family of Beta distributions over the success probability p for the binomially
distributed random variables (see also Table A.1), i.e., for Pp = Beta («, 8) and
Px = Binomial (n, p) we know that Ppix_; = Beta (« + i, 8 + n — i) because
Pxip=, () fr (p)
1 . ~N A
Jo Pxip=p () fp (p) dp
ny i —i T@+B) o 1
(,)p (1 - p)n ' F(a)r(lg)p ! (1 - P)ﬁ
1\ »~; A=l T(@+p) Aq_ ~N\B=1 A
Jo (i)pl (1 - p) Tr@) P ! (1 - p) dp
pa+i71 (1 _ p)n-l-ﬂ—i—l
1 Ay An+p—i—1 AT
fo poti 1 (1 _ p) dp
Another example of a conjugate prior family is the family of Gaussian measures

over the mean p of another Gaussian measure, which will be discussed at more
length in Section 3.2.

fP\X:i (p) =

It is worth mentioning that, apart from computational reasons, there is no moti-
vation for favoring conjugate priors over other prior measures Py. As a general
guideline, one should try to model the prior knowledge with a family of probabil-
ity measures that is quite flexible but which leaves inference still computationally
feasible. Examples of such prior families are given in the subsequent sections.

Evidence of 7/ The denominator of equation (3.1) is called the evidence of the
model (or hypothesis space) . It expresses how likely the observation of the class
sequence y € )" is, in conjunction with the m training objects x € A" under
all different hypotheses 7 € Y% contained in #, weighted by their prior belief
Py (k). Hence, this quantity is a function of the class sequence y € ) for a fixed
hypothesis space H and for the object sample x € AX™. In fact, when viewed
as a function of the classes the evidence is merely a probability measure over
the space of all classifications at the m training objects x. As every probability
measure has the property that it must sum to one, we see that high values of the
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Figure 3.1 Effect of evidence maximization. For a training set size of m = 5 we have
arranged all possible classifications y € {—1, +1}° on the interval [0, 1] by g(y) =
S 2 *1y,—41 and depicted two different distributions Ep, [Pysxs_y p.—; ()] over
the space of all classifications on the 5 training objects x € X (gray and white bars).
Since both probability mass functions sum up to one there must exist classifications y,
e.g., ¥1, for which the more simple model H; (because it explains only a small number
of classifications) has a higher evidence than the more complex model ;. Nonetheless, if
we really observe a complex classification, e.g., y,, then the maximization of the evidence
leads to the “correct” model H,.

evidence for some classifications y must imply that other classifications, y, lead
to a small evidence of the fixed model /. Hence every hypothesis space has some
“preferred” classifications for which its evidence is high but, necessarily, also other
“non-preferred” classifications of the observed object sequence x € X"

This reasoning motivates the usage of the evidence for the purpose of model
selection. We can view the choice of the hypothesis space H out of a given
set {H;,...,H,} a as model selection problem because it directly influences the
Bayesian inference given in equation (3.1). Using the evidence would lead to the
following model selection algorithm:

Given a training sample z = (x, y) and r hypothesis spaces Hi, ..., H,
choose the hypothesis space # such that E, [PYm|xrn:x’Hl.:h ( y)] 1s maxi-
mized.
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By the above reasoning we see that overly complex models H , which fit almost
any possible classification y € ) of a given sequence x € X™ of training objects,
are automatically penalized. This is because the more classifications a hypothesis
space is capable of describing®, the smaller the probability of a single classification
under the fixed model. If, however, we really observe a classification y that cannot
be accommodated by any of the simple models, the evidence of the complex model
‘H is largest. This is also illustrated in Figure 3.1.

The evidence as a measure of the quality of a hypothesis space can also be
derived if we additionally consider the space D = {H;, ..., H,} of all possible
hypothesis spaces considered. First, equation (3.1) can be rewritten as

Py xn—x H=n.D=2; (¥) Prip=t, (h)
Erip=2, [Py»x»—x.Hen.0=#; ()]
Py xn—x ti=n.0=21; (¥) Prjp=n, (h)
Py xm—x.p=#; (¥)

PHizn—z,p=n, (h)

’

where we have included the conditioning on the fixed hypothesis space #;. Now,
using Theorem A.22 to compute the posterior belief in the hypothesis space #;
after having seen the training sample z we see that

Pz p=w, (z) Po (H:)
Ep [Pz p—», (2)]

because the denominator of equation (3.3) does not depend on H,. Without any
prior knowledge, i.e., with a uniform measure Pp, we see that the posterior belief
is directly proportional to the evidence Pymx»_x p—7;, () of the model H,;. As a
consequence, maximizing the evidence in the course of model selection is equiva-
lent to choosing the model with the highest posterior belief.

Ppjzn—; (H)

o Pymixm—x p=#, () Po (H;) . (3.3)

3.1.1 The Power of Conditioning on Data

From a purely Bayesian point of view, for the task of learning we are finished as
soon as we have updated our prior belief Py into the posterior belief Pz»_, using
equation (3.1). Nonetheless, our ultimate goal is to find one (deterministic) function
h € Y that best describes the relationship objects and classes, which is implicitly

4 We say that the hypothesis space # describes the classification y at some given training points x if there exists
at least one hypothesis 7 € H which leads to a high likelihood L (%, (x, y)). Using the notion of an inverse
loss likelihood this means that there exists a hypothesis # € 7 that has a small empirical risk or training error
Remp [7, (x, y)] (see also Definition 2.11).
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expressed by the unknown measure Pz = PyxPx. In order to achieve this goal,
Bayesian analysis suggests strategies based on the posterior belief Pyyzn_,:

= If we are restricted to returning a function 2 € ‘H from a pre-specified hypothesis
space H € Y and assume that PHz»—. is highly peaked around one particular
function then we determine the classifier with the maximum posterior belief.

Definition 3.6 (Maximum-a-posteriori estimator) For a given posterior belief
Pujzn—, over a hypothesis space H V¥, the maximum-a-posteriori estimator
is defined by’

Amar (2) def argmax Pujzn—; (h) . (3.4)
heH

If we use the inverse loss likelihood and note that the posterior Pyz»—, is given
by the product of the likelihood and the prior we see that this scheme returns the
minimizer of the training error and our prior belief, which can be thought of as a
regularizer (see also Subsection 2.2.2). The drawback of the MAP estimator is that
it is very sensitive to the training sample if the posterior measure is multi modal.
Even worse, the classifier Ayap (z) € H is, in general, not unique, for example if
the posterior measure is uniform.

= |If we are not confined to returning a function from the original hypothesis space
‘H then we can use the posterior measure Ppz»_, to induce a measure Pyx_, zn_,
over classes y € ) at a novel object x € X by

Pyix=x,zn=z () = Prizn; (h e H |h (x) = y}) .

This measure can then be used to determine the class y which incurs the smallest
loss at a given object x.

Definition 3.7 (Bayes classification strategy) Given a posterior belief Pyzn—,
over a hypothesis space H and a loss function | : Y x Y — R the Bayes clas-
sification strategy Bayes, implements the following classification

Bayes, (x) £ argmin Epzn_. [I (y, H (1))] . 3.5)
yey

5 If we have an infinite number of hypotheses the quantity Py zn— (%) is replaced by the corresponding value
of the density, i.e., fyzm_; (1).
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Assuming the zero-one loss ly_; given in equation (2.10) we see that the Bayes
optimal decision at x is given by

Bayes; (x) & argmax Pyzn_,((h e H |h(x) =y}) . (3.6)
yey

It is interesting to note that, in the special case of the two-classes JV = {—1, +1},
we can write Bayes; as a thresholded real-valued function, i.e.,

Bayes, (x) = sign (EH|Zm=z [H (x)]) . (3.7

= If we are not restricted to returning a deterministic function 1 € Y% we can
consider the so-called Gibbs classification strategy.

Definition 3.8 (Gibbs classification strategy) Given a posterior belief Pyjzn_,
over a hypothesis space H C Y, the Gibbs classification strategy Gibbs, is given
by

Gibbs, (x) © x), h ~ Pyzn—,

that is, for a novel test object x € X we randomly draw a function h according to
Puzn— and use this function to label x.

Although this classifier is used less often in practice we will explore the full power
of this classification scheme later in Section 5.1.

In the following three sections we consider specific instances of the Bayesian prin-
ciple which result in new learning algorithms for linear classifiers. It is worth men-
tioning that the Bayesian method is not limited to the task of binary classification
learning, but can also be applied if the output space is the set of real numbers.
In this case, the learning problem is called the problem of regression estimation.
We shall see that in many cases, the regression estimation algorithm is the starting
point to obtain a classification algorithm.

3.2 Gaussian Processes

In this section we are going to consider Gaussian processes both for the purpose
of regression and for classification. Gaussian processes, which were initially de-
veloped for the regression estimation case, are extended to classification by using
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the concept of latent variables and marginalization. In this sense, the regression
estimation case is much more fundamental.

3.2.1 Bayesian Linear Regression

In the regression estimation problem we are given a sequence x = (Xy, ..., X;) €
X' of m objects together with a sequence ¢ = (¢, ..., t,) € R" of m real-valued
outcomes forming the training sample z = (x, £). Our aim is to find a functional
relationship f € R between objects x and target values 7. In accordance with
Chapter 2 we will again consider a linear model F

F={xr—xXw|wek},

where we assume that x & ¢ (x)and ¢ : X — K C £] is a given feature mapping
(see also Definition 2.2). Note that x € /C should not be confused with the training
sequence x € X" which results in an m x n matrix X = (x’l; S x;n) when ¢ is
applied to it.

First, we need to specify a prior over the function space F. Since each function
fw is uniquely parameterized by its weight vector w € K it suffices to consider
a prior distribution on weight vectors. For algorithmic convenience let the prior
distribution over weights be a Gaussian measure with mean 0 and covariance I,,,
ie.,

Pw = Normal (0, 1)) . (3.8)

Apart from algorithmical reasons such a prior favors weight vectors w € K
with small coefficients w; because the log-density is proportional to — ||w||> =
—>"  w? (see Definition A.26). In fact, the weight vector with the highest a-
priori density is w = 0.

Second, we must specify the likelihood model Py x»—, w=yw. Let us assume
that, for a given function f,, and a given training object x € X, the real-valued
output T is normally distributed with mean f, (x) and variance o2. Using the
notion of an inverse loss likelihood such an assumption corresponds to using the
squared loss, i.e., I, (f (x),t) = (f (x) — 1)? when considering the prediction
task under a machine learning perspective. Further, it shall be assumed that the
real-valued outputs T; and T, at x; and x, # x| are independent. Combining these
two requirements results in the following likelihood model:

PT'”lX’”:x,W:W (t) = Normal (XW, Utzlm) . (39)
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A straightforward application of Bayes’ theorem then reveals that the posterior
measure Pyx»_, Tm—; 18 also a Gaussian measure (see Theorem A.28), i.e.,

Pwpxree e = Normal (0,2 (o, 2X'X +1,) ' X't, (0, XX +1,) ')
= Normal ((X’X + at21n)71 X't, (GI_ZX/X + I,,)il) )

In order to predict at a new test object x € X using the Bayes prediction strategy
we take into account that, by the choice of our likelihood model, we look for the
minimizer of squared loss, i.e.,

Bayes; (x) = argmin Ewyn_y n—s [[2 (fw (), )]
reR

= argmin Ewxn_y tm_; [((X, W) — l)z]
teR

= Ewxrex e [(x, W)] = (x, Ewpxr e 7o [W]) (3.10)
(x, (XX +021,)" Xt} |

where the third line follows from the fact that ((x, w) — 7)* is minimized at r =
(x, w). In the current form the prediction at x involves the inversion of the n x n
matrix X'X + 021, which is the empirical covariance matrix of the training objects
in feature space /C. This is an unfavorable property as it requires explicit evaluation
of the feature mapping ¢ : X — K. In order to simplify this expression we apply
the Woodbury formula (see Theorem A.79) to the inverse of this matrix, i.e.,

(XX +021,)" = 071, —o0,*X (I, +0,°XX) "' X
= o2 (L - X (XX'+071,) "' X) .
Thus, the Bayesian prediction strategy at a given object x € &’ can be written as,
X (XX +07L) " Xt = 02 (XX = XX (XX +071,) " XX) ¢
= o XX (XX +071,) " (XX +071,) — XX) ¢
= XX (XX +021,) " ¢. (3.11)

Note that this modification only requires us to invert a m X m matrix rather than the
n x n matrix X'X + oI,. As a consequence, all that is needed for the prediction at
individual objects is the inner product function k (x, X) = (X, i) = (p (), ¢ (X))
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also known as the kernel for the mapping ¢ : X — K C ¢/ (see also Definition
2.14). Exploiting the notions of kernels the prediction at any x € X’ can be written
as

f@=>ak@x), &=(G+ol,) 1. (3.12)
i=1

where the m x m matrix G = XX is defined by G;; = =k (x,, ) and is called the
Gram matrix. From this expression we see that the computatlonal effort involved in
finding the linear function from a given training sample is O ( ) since it involves
the inversion of the m x m matrix G+o*1,,. However, by exploiting the fact that, for
many kernels, the matrix G has eigenvalues A = (Aq, ..., A,,)’ that decay quickly
toward zero, it is possible to approximate the inversion of the matrix G +o0,’1,, with
@) (m2) computations.

In order to understand why this method is also called Gaussian process re-
gression we note that, under the assumptions made, the probability model of
the data Ptmx»n_, (f) is a Gaussian measure with mean vector 0 and covariance
XX+ 0,21 =G+ 0,21 (see Theorem A.28 and equations (3.8) and (3.9)). This is
the defining property of a Gaussian process.

Definition 3.9 (Stochastic and Gaussian processes) A stochastic process T

X — (R, By,Pr) is a collection of random variables indexed by x € X
and is fully defined by the probability distribution of any finite sequence T =
(T (x1), ..., T(xn)). Gaussian processes are a subset of stochastic processes that
can be specified by giving only the mean vector Et [T] and the covariance matrix
Cov (T) for any finite sample x € X"

As can be seen, Bayesian regression involving linear functions and the prior and
likelihood given in equations (3.8) and (3.9), respectively, is equivalent to mod-
eling the outputs as a Gaussian process having mean 0 and covariance function
C(x,x) = (X, f() + 0lyzzi = k (x,X) + 0l 4;. The advantage of the Gaussian
process viewpoint is that weight vectors are avoided—we simply model the data
z = (x, t) directly. In order to derive the prediction fgp (x) of a Gaussian process
at anew object x € X we exploit the fact that every conditional measure of a Gaus-
sian measure is again Gaussian (see Theorem A.29). According to equation (A.12)
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this yields P1m_s xn—x x=x = Normal (u,, vtz) with

m

wo= XX G+ t=) (G +o) ) k(v (3.13)
i=1 !
v = Xx+02—xXX (G +0) " Xx (3.14)

_ k(x,X)+0,2—sz(xi’x)'k(xj’x) . <(G+at21)*1)-‘ )

i=1 j=1 &

by considering the joint probability of the real-valued outputs (¢; ¢) at the training
points x € X and the new test object x € X with covariance matrix

G+ol Xx

< XX xXx+o? ) '

Note that the expression given in equation (3.13) equals the Bayesian prediction
strategy given in equation (3.11) or (3.12) when using a kernel. Additionally, the
Gaussian process viewpoint offers an analytical expression for the variance of the
prediction at the new test point, as given in equation (3.14). Hence, under the
assumption made, we cannot only predict the new target value at a test object but,
also judge the reliability of that prediction. It is though important to recognize that
such error bars on the prediction are meaningless if we cannot guarantee that our
Gaussian process model is appropriate for the learning problem at hand.

Remark 3.10 (Covariance functions and kernels) I/t is interesting to compare
equation (3.12) with the expression for the change of the Gram matrix G when
considering quadratic soft margin support vector machines (see equation (2.50)
and Remark 2.32). We can either treat the feature space mapping ¢ : X — K and
the variance on the outputs t € R separately or incorporate the laiter directly into
the kernel k : X x X — R by changing the Gram matrix G into G

G=G+0ol & kp@ 5=k D+0l_;. (3.15)

This equivalence allows us to view the parameter A in the support vector classi-
fication case as an assumed noise level on the real-valued output y; (W, X;) at all
the training points z; = (x;, y;). Note that the difference in the classification case
is the thresholding of the target t € R to obtain a binary decision y € {—1, 4+1}.

Under the Gaussian process consideration we see that all prior knowledge has been
incorporated in the choice of a particular kernel £k : X x X — R and variance
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o2 € RT . In order to choose between different kernels and variances we employ the
evidence maximization principle. For a given training sample z = (x, ) of object-
target pairs we maximize the expression Prnx»_, () w.r.t. the kernel parameters
and variance o;”. The appealing feature of the Gaussian process model is that this
expression is given in an analytical form. It is the value of the m—dimensional
Gaussian density with mean 0 and covariance matrix G + oL at t € R™. If we
consider the log-evidence given by

In (Ppoxn—y () = —% (m In27) 4 In (|G + o21|) + £ (G + o21) t) ,

we see that, in the case of a differentiable kernel function &, the gradient of the log-
evidence can be computed analytically and thus standard optimization methods can
be used to find the most probable kernel parameters.

Example 3.11 (Evidence maximization with Gaussian processes) /n Figure 3.2
we have shown an application of the maximization of the evidence for a simple
regression problem on the real line X = R. As can be seen from this example, the
evidence is often multi-modal which can make its maximization very difficult—a
few observations xi, ..., x, as well as initial parameters 0, and oy in the search
for the most probable parameter can have a large influence on the found local
maximum. One way to overcome this problem is to integrate over all possible
parameters 0 and variances o and weight each prediction by its evidence.

Another interesting observation to be drawn from Figure 3.2 is of the ability of
the method to provide error bars on the prediction t € R (dotted lines in the middle
and left plot). If we have chosen a model which assumes almost no variance on the
outputs then we have a small variance for test points which are near the training
sample x (in the metric induced by the kernel). This is in accordance with the
intuitive notion of the variability of the target values for all test points having high
correlation with the training sample.

Example 3.12 (Automatic relevance determination) An interesting application
of the analytical maximization of the evidence in Gaussian processes is for the
determination of relevant dimensions in the case of an N—dimensional input space
X C RN . If we use the Mahalanobis kernel (see also Table 2.1) given by

N o0
k (i, V) = exp —Z(ula—zvl)
i=1 ]

1
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Figure 3.2 (Left) The log-evidence for a simple regression problem on the real line
X = R. The x—axis varies over different values of the assumed variance o> whereas the
y—axis ranges over different values for the bandwidth ¢ in an RBF kernel (see Table 2.1).
The training sample consists of the 6 observations shown in the middle plot (dots). The
dot (e) and cross (x) depict two values at which the gradient vanishes, i.e., local maxima
of the evidence. (Middle) The estimated function corresponding to the kernel bandwidth
o = 1.1 and variance atz = 0 (e in the left picture). The dotted line shows the error bars
of one standard deviation computed according to equation (3.14). Note that the variance
increases in regions where no training data is available. (Right) The estimated function
corresponding to the kernel bandwidth o = 3 and variance 6,2 = 0.5 (x in the left picture).
This local maxima is attained because all observations are assumed to be generated by the
variance component o> only.

we see that, for the case of o; — 00, the ith input dimension is neglected in the
computation of the kernel and can therefore be removed from the dataset (see also
Figure 3.3). The appealing feature of using such a kernel is that the log-evidence
In (PTm|)(m=x (t)) can be written as a differentiable function in the parameters
o € RY and thus standard maximization methods such as gradient ascent, Newton-
Raphson and conjugate gradients can be applied. Moreover, in a Bayesian spirit it
is also possible to additionally favor large values of the parameters o; by placing
an exponential prior on 0172.

3.2.2 From Regression to Classification

We shall now return to our primary problem, which is classification. We are given
m classes y = (y1, ..., yu) € Y™ = {—1, +1}" rather than m real-valued outputs
t =(t,...,t,) € R". In order to use Gaussian processes for this purpose we are
faced with the following problem: Given a model for m real-valued outputs ¢ € R”
how can we model 2™ different binary vectors y € )"'?

In order to solve this problem we note that, for the purpose of classification,
we need to know the predictive distribution Pyx_, zn_, (y) where z = (x, y) is
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Figure 3.3 (Left) A function fy sampled from the ARD prior with o1 = 07 = /5 where
X = R?. Considering the 1-D functions over the second input dimension for fixed values
of the first input dimension, we see that the functions change slowly only for nearby values
of the first input dimension. The size of the neighborhood is determined by the choice of
o1 and o7. (Right) A function fy sampled from the ARD prior with o1 = 200,. As can
be seen the function is only changing very slowly over the first input dimension. In the
limiting case o1 — o0 any sample fy is a function of the second input dimension only.

the full training sample of object-class pairs. Given the predictive distribution at
a new test object x € X we decide on the class y with maximum probability
Py x—r.zn—; (). The trick which enable the use of a regression estimation method
such as Gaussian processes is the introduction of a latent random variable T
which has influence on the conditional class probability Pyx_,. As we saw in
the last subsection, each prediction fgp (x) of a Gaussian process at some test
object x € X can be viewed as the real-valued output of a mean weight vector
Wem = Ewjxm—y 1m—s [W] in some fixed feature space K (see equation (3.10)), i.e.,
the distance to the hyperplane with the normal vector w¢,. Intuitively, the further
away a test object x € X is from the hyperplane (the larger the value of ¢), the
more likely it is that the object is from the class y = sign (¢). One way to model
this intuitive notion is by

exp (,3*1 -yt) . exp (2,3*1 -yt)
exp (,3—1 . yt) + exp (—,8—1 -yt) 1+ exp (2,8—1 -yt) '

Pyir= () = (3.16)
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Figure 3.4 Latent variable model for classification with Gaussian processes. Each real-
valued function (left) is “transfered” through a sigmoid given by equation (3.16) (middle
plot). As a result we obtain the predictive distribution Py x—, 7= (+1) for the class 41
as a function of the inputs (right). By increasing the noise parameter § we get smoother
functions g (x) = Pyx=y,T= (+1). In the limit of 8 — 0 the predictive distribution
becomes a zero-one valued function.

where S can be viewed as a noise level, i.e., for limg_.o Py;7= (y) = l,/>0 (see also
Definition 3.2 and Figure 3.4). In order to exploit the latent random variables we
marginalize over all their possible values (¢,7) € R™*! at the m training objects
x € X and the test object x € X, i.e.,

PYIX:x,Z’”=z ()’) = ET’”“|X:x,Z’”:z [PY|X:x,Z’”:z,T’”“:(t,t)]
= /R\/R PY‘T:[ y) fT’”“\X:x,Z”’:z ((t, 1)) dtdte . (3.17)

A problem arises with this integral due to the non-Gaussianity of the term
Pyt (y) meaning that the integrand frm+1x_, zn_, is no longer a Gaussian den-
sity and, thus, it becomes analytically intractable. There are several routes we can
take:

1. By assuming that frms1x_, zn_, is a uni-modal function in (¢,¢) € R+ we
can consider its Laplace approximation. In place of the correct density we use
an (m + 1)-dimensional Gaussian measure with mode u € R"*! and covariance
¥ e RUm+Dxm+D) gjven by

w = argmax fruox_ o, (2, 1)) (3.18)

(t,t)ERm+1
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5 m+1,m+1
8 11’1 f m —x.ZM—= t,t
s - _ (Frosijxmr 2=y (2, 1)) . (3.19)
8t,-8tj

=i, tj=L; ij=1

2. We can use a Markov chain to sample from Pym+1x_, zn_, and use a Monte
Carlo approximation to the integral. So, given K samples (¢1, ), ..., (fgx, tx) we
approximate the predictive distribution by averaging over the samples

1
Pyix=x,zn=z (y) &~ X Z Py1=, () .

K
=1

1

Note that in order to generate samples #; € R we also have to sample ¢; € R”
although these are not used in the final approximation.

Let us pursue the first idea and determine the maximizer p = (f , f) of fpmitjx_y zm_-
In Appendix B.7 we show that the maximization can be decomposed into a maxi-
mization over the real-valued outputs ¢ € R” of the latent variables corresponding
to the m training objects and a maximization of the real-valued output € R at the
new test object. We prove that the value £ € R” is formally given by

m
{ = argmax Zln (Pyr=, (y,»)) -G 't. (3.20)
teRm i=1
Having found this vector using an iterative Newton-Raphson update we can then
compute 7 directly using = fG™'Xx. As a consequence, by Theorem A.29, and
the results from Appendix B.7, it follows that

Pt/x=x.zn—, = Normal (7G’1Xx, xXx —xXX (I+PG)™! PXX) = Normal (7, v?) ,

where P is a m x m diagonal matrix with entries 8~! - Pyir=i (1 (1 — Py, (1)).
The benefit of this consideration is that the problem of determining the predictive
distribution (3.17) reduces to computing

Pyix=x,zn=z (y) = fR Pyr= (y) frix=v,zn=; (t) dt , (3.21)

which is now computationally feasible because frx_. z»—, is a normal density only
depending on the two parameters ¢ and v>. In practice, we would approximate
the function Py7_, by Gaussian densities to be able to evaluate this expression
numerically. However, if all we need is the classification, we exploit the fact
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that sign (f) always equals the class y € {—1,+1} with the larger probability
Pyx—..zn—; (¥) (see Appendix B.7). In this case it suffices to compute the vector
{ € R™ using equation (3.20) and to classify a new point according to

hope (x) = sign [ Y &k (xi,x) | a=Gt. (3.22)

i=1

In Appendix B.7 we derive a stable algorithm to compute the vector & € R” of
expansion coefficients®. The pseudocode of the algorithm can be found on page
326.

Remark 3.13 (Support vector classification learning) A closer look at equation
(3.16) reveals that this likelihood is equivalent to the inverse loss likelihood for the
margin loss given in equation (2.42). This equivalence allows us to directly relate
linear soft margin support vector machines and Gaussian process classification
when using a Laplace approximation:

1. Since we only require the maximizing vector { € R" of latent real-valued
outputs at the training objects x € X™ to be found, we know that we effectively
search for one weight vector w =Y | &;x; = X'&. In particular, using the linear
expansion of the weight vector in the mapped training objects, we see that

f=Xw=XXa=Ga, & a=G't.
2. By the same argument we know that the term ' G™'t equals o' Gow = [w||?
(assuming that w = X'a exists in the linear span of the mapped training inputs).

Now, if we consider an inverse loss likelihood Pyt—, for the loss | : R x Y — R
the maximizer t € R, of equation (3.20) must equal the minimizer w € K of

=Y I (Pyjr—, (5) + IWI2 =D Ligmoia (X1, W), yi) + Wl , (3.23)
i=1 i=1

where lgomoia (f, y) = In (1 + exp (2,8*1 ~yt)) — 2,8*1yt. Note that lggmeia : R x
Y — R is another approximation of the zero-one loss ly_, (see Figure 3.5 (left)
and equation (2.9)). In this sense, Gaussian processes for classification are another

6 Basically, a closer look at equation (3.22) and (3.20) shows that, in order to obtain 7, we need to invert the
Gram matrix G € R”>" which is then used again to compute &. If the Gram matrix is badly conditioned, i.e.,
the ratio between the largest and smallest eigenvector of G is significantly large, then the error in computing & by
(3.22) can be very large although we may have found a good estimate £ € R”. Therefore, the algorithm presented
avoids the “detour” via £ but directly optimizes w.r.t. e. The more general difficulty is that inverting a matrix is
an ill-posed problem (see also Appendix A.4).
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Figure 3.5 (Left) Approximation of the zero-one loss function l,; <o (solid line) by the
sigmoidal loss given by Isigmoid (7, ¥) = In (1 +exp (287" - yt)) — 287yt (dashed and
dotted lines). Note that these loss functions are no longer upper bounds except when
B — 0. In this case, however, the loss becomes infinitely large whenever yf (x) < 0.
(Right) Likelihood model induced by the hinge loss /i (¢, y) = max {l — yt¢, 0}. Note
that in contrast to the model given in equation (3.16), this liklihood is not normalizable.

implementation of soft margin support vector machines .

3. Using the identity (3.23) we could also try to find an interpretation of support
vector machines as Gaussian process classification with a different likelihood
model Pyjt—;. In fact, the likelihood model can easily be derived from (3.23) and
(2.47) and is given by

Pyr= () = exp (=liin (7, y)) = exp (—max {1 — yz,0}) .

In Figure 3.5 (right) we have plotted this likelihood model for varying values
of t € R As can be seen from the plots the problem with this loss-function
induced likelihood model is that it cannot be normalized independently of the value
t = (x, w). Hence, it is not directly possible to cast support vector machines into a
probabilistic framework by relating them to a particular likelihood model.

3.3 The

Relevance Vector Machine

In the last section we saw that a direct application of Bayesian ideas to the problem
of regression estimation yields efficient algorithms known as Gaussian processes.
In this section we will carry out the same analysis with a slightly refined prior Py
on linear functions f,, in terms of their weight vectors w € K C £5. As we will
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see in Section 5.2 an important quantity in the study of the generalization error
is the sparsity ||[w], = Z:’Zl L, 20 or |lee]ly of the weight vector or the vector of
expansion coefficients, respectively. In particular, it is shown that the expected risk
of the classifier fy learned from a training sample z € Z™ is, with high probability
over the random draw of z, as small as ~ Wl o %, where 7 is the dimensionality
of the feature space L and w = > I, a;x; = X'a. These results suggest favoring
weight vectors with a small number of non-zero coefficients. One way to achieve

this is to modify the prior in equation (3.8), giving
Pw = Normal (0, ®) ,

where ® = diag (#) and @ = (0y,...,6,) € (R*)n is assumed known. The idea
behind this prior is similar to the idea of automatic relevance determination given
in Example 3.12. By considering 6; — 0 we see that the only possible value for the
ith component of the weight vector w is 0 and, therefore, even when considering
the Bayesian prediction Bayes, the ith component is set to zero. In order to make
inference we consider the likelihood model given in equation (3.9), that is, we
assume that the target values ¢ = (¢, ..., ,) € R" are normally distributed with
mean (x;, w) and variance o2. Using Theorem A.28 it follows that the posterior
measure over weight vectors w is again Gaussian, i.e.,

Pwx»—x,Tn—s = Normal (u, X) ,
where the posterior covariance X € R and mean u € R" are given by
2= (0,XX+07) .  p=02EXr=(XX+050"") Xt. (324

As described in the last section, the Bayesian prediction at a new test object x € X
is given by Bayes; (x) = (x, u). Since we assumed that many of the 6; are
zero, i.e., the effective number n.gs = ||0|, of features ¢; : X — R is small, it
follows that ¥ and p are easy to calculate’. The interesting question is: Given a
training sample z = (x,f) € (X x R)”, how can we “learn” the sparse vector
0=(6,...,0)"

In the current formulation, the vector € is a model parameter and thus we shall
employ evidence maximization to find the value 0 that is best supported by the
given training data z = (x, #). One of the greatest advantages is that we know the

7 In practice, we delete all features ¢; : X — IR corresponding to small §—values and fix the associated p—values
to zero.
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evidence frnxn_y (¢) explicitly (see Theorem A.28),

fropn—x (1) = Ew [froxn—x.wew ()]

., 1 t (cX1+XOX) ¢
= (27)7 2 |01+ XOX/| 5exp (- (0 +2 ) ) (3.25)

In Appendix B.8 we derive explicit update rules for 6 and o which, in case of
convergence, are guaranteed to find a local maximum of the evidence (3.25). The
update rules are given by

e(new) _ /'L_,z 2\ (new) ||t - X[L||2
i - > (Gt) - n )
Gi m—y"_ &

Interestingly, during application of these update rules, it turns out that many of the
6; decrease quickly toward zero which leads to a high sparsity in the mean weight
vector p. Note that, whenever 6; falls below a pre-specified threshold, we delete the
ith column from X as well as 6; itself which reduces the number of features used
by one. This leads to a faster convergence of the algorithm as it progresses because
the necessary inversion of the matrix o, 2X'X + ©~' in (3.24) is computationally
less demanding. After termination, all components w; of the learned weight vector
w € R", for which 6; is below the threshold, are set to exactly 0; the remaining
coefficients w; are set equal to corresponding values in u = o, 2EX't.

In order to apply this algorithm (which has so far been developed for the case of
regression estimation only) to our initial problem of classification learning (recall,
are given a sample z = (x, y) € (X x {—1, +1})™ of object-class pairs), we use
the idea outlined in the previous subsection. In particular, when computing the
predictive distribution Pyx—, zn—, of the class y € {—1, +1} at a new test object
x € X, we consider m + 1 latent variables Ty, ..., T,, T,,. at all the m training
objects x € X" and at the test object x € X, computed by applying a latent weight
vector W to all the m + 1 mapped objects (x, x) € X™*!. By marginalizing over
all the possible values w € R” of W we obtain

G=1-07"%;.

Pyixerzr=z () = Ewxer.zn—; [Pyixer.zn—zwew (V)]

- Pyix=x,w=w () - fwjzn= (W) dw.
Rn
Note that Pyx—, w=w (y) = PyT=xw () where Py1_, is given by equation
(3.16). Similarly to the Gaussian process case, the problem with this integral is that
it cannot be performed analytically because the integrand fy,z»_, (W) is no longer
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Gaussian. We shall therefore exploit the idea of using a Laplace approximation to
it, i.e., approximating this density by a Gaussian density with the mean 4 € R”
and the covariance ¥ € R"*" given by

p = argmax fwjzn—, (W), (3.26)
weR”
5 n,n —1
3 ln f m—, (W
Y = _ OIn (fwzr—: (W) : (3.27)
awiawj

Wi =WUi, Wj=U; i,j=1

As we essentially aim to finding 9 (RJF)H it turns out that the Laplacian

approximation is a perfect choice because it allows us to estimate 6 by iterating
the following scheme:

1. For a fixed valued § € (R+)n we compute the Laplacian approximation to
fw|zn—. yielding u and a covariance matrix X.

2. Using the current values of p and ¥ we make one update step on 6. Note that
in the classification case we omit a variance o> € R on the latent variables T;.

It is worth mentioning that we formulate the Laplacian approximation in terms of
the weight vectors w rather than the real-valued outputs ¢ € R”. This is because,
for classification, whenever |0, < m (we identify fewer features than training
examples), the covariance matrix of ¢ cannot have full rank, which would cause
numerical instabilities in the resulting algorithm. The two algorithms for regression
estimation and classification are given on pages 327 and 328, respectively.

In order to understand why this algorithm is called a relevance vector machine
we note that it is also possible to use a kernel function £ : X x X — R evaluated
at the training objects x € X as m features ¢; = k (x;, -). In this case the weight
vector w becomes the vector & € R” of expansion coefficients and the data matrix
X e R™" is given by the Gram matrix G € R”*”. The algorithm aims to find the
smallest subset of training objects such that the target values ¢ € R” (regression
estimation) or the classes y € {—1, +1}" (classification) can be well explained by

FO=) k), h()=sign|Y ek, ). (3.28)
i=1 i=1

All the training objects x; € x which have a non-zero coefficient «; are termed
relevance vectors because they appear the most relevant for the correct prediction



96

Chapter 3

Figure 3.6  (Left) Marginalized log-prior densities fyy, over single weight vector compo-
nents w; implicitly considered in relevance vector machines. Relevance vector machines
are recovered for the case of @ — 0 and b — oo in which the prior is indefinitely peaked
at w = 0. (Right) Surface plot for the special case of n = 2 and b = a~! = 1000. Note
that this prior favors one zero weight vector component w; = 0 much more that two very
small values |w1| and |w>| and is sometimes called a sparsity prior.

of the whole training sample.® The appealing feature when using models of the
form (3.28) is that we still learn a linear classifier (function) in some feature space
KC. Not only does it allow us to apply all the theoretical results we shall obtain in
Part II of this book but the geometrical picture given in Section 2.1 is also still valid
for this algorithm.

Remark 3.14 (Sparsity in relevance vector machines) /n a fully Bayesian treat-
ment, rather than using just one value 0 of the parameters 0 we should define a
prior Pq over all possible values of 0 € R" and then marginalize, i.e.,

Ea [Ewia=o [fro jxer xmme wew (2, ) ]]
Ea [Ewia=o [frmxm—x.w=w ()]]

Eaq [frm+ijx—r xn—x.a-0 (£, 1))]
Eq [frmxn—x.a=0 ()]

Frix=x xr=x,Tn=¢ (t)

8 Another reason for terming them relevance vectors is that the idea underlying the algorithm is motivated by
automatic relevance determination, introduced in Example 3.12 (personal communication with M. Tipping).
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The problem with the latter expression is that we cannot analytically compute the
final integral. Although we get a closed form expression for the density ftm xn_. q—s
(a Gaussian measure derived in equation (3.25)) we cannot perform the expecta-
tion analytically regardless of the prior distribution chosen. When using a product
of Gamma distributions for Pq, i.e., fq (0) = []'_, Gamma (a, b) (Gi_l), it can
be shown, however, that, in the limit of a — 0 and b — 00, the mode of the
Jjoint distribution fqrmxn_y (0, t) equals the vector 6 and = XU (see equation
(3.24)) as computed by the relevance vector machine algorithm. Hence, the rel-
evance vector machine—which performs evidence maximization over the hyper-
parameters 0 € R'—can also be viewed as a maximum-a-posteriori estimator
of Pwaxn—xTn=t because t = Xw. As such it is interesting to investigate the
marginalized prior Pw = Eq [PW|Q=0]. In Figure 3.6 we have depicted the form of
this marginalized prior for a single component (left) and for the special case of a
two-dimensional feature space (right). It can be seen from these plots that, by the
implicit choice of this prior, the relevance vector machine looks for a mode 0 in
a posterior density which has almost all a-priori probability mass on sparse solu-
tions. This somewhat explains why the relevance vector machine algorithm tends
to find very sparse solutions.

3.4 Bayes Point Machines

The algorithms introduced in the last two sections solve the classification learning
problem by taking a “detour” via the regression estimation problem. For each
training object it is assumed that we have prior knowledge Py about the latent
variables T; corresponding to the logit transformation of the probability of x;
being from the observed class y;. This is a quite cumbersome assumption as we
are unable to directly express prior knowledge on observed quantities such as the
classes y € Y = {—1, +1}". In this section we are going to consider an algorithm
which results from a direct modeling of the classes.

Let us start by defining the prior Py. In the classification case we note that, for
any A > 0, the weight vectors w and Aw perform the same classification because
sign ((x, w)) = sign ({x, AW)). As a consequence we consider only weight vectors
of unit length, i.e., w € W, W = {we K | |w] =1} (see also Section 2.1).
In the absence of any prior knowledge we assume a uniform prior measure Py
over the unit hypersphere WW. An argument in favor of the uniform prior is that the
belief in the weight vector w should be equal to the belief in the weight vector —w
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under the assumption of equal class probabilities Py (—1) and Py (+1). Since the

classification y_y, = (sign ({x;, —=W)), ..., sign ({(x,,, —w))) of the weight vector
—w at the training sample z € Z™ equals the negated classification —yy, =
— (sign ({(x1, W), ..., sign ({x,;,, w))) of w it follows that the assumption of equal

belief in w and —w corresponds to assuming that Py (—1) = Py (+1) = %

In order to derive an appropriate likelihood model, let us assume that there is no
noise on the classifications, that is, we shall use the PAC-likelihood /pac as given
in Definition 3.3. Note that such a likelihood model corresponds to using the zero-
one loss /y_; in the machine learning scenario (see equations (2.10) and (3.2)).
According to Bayes’ theorem it follows that the posterior belief in weight vectors
(and therefore in classifiers) is given by

Py xn—x w=w () fw (W)

f m—, (W =
wizn=z (W) Pynxn—yx (y)
S ifweV(z)
_ Pw(V (@) ! 2
{ 0 otherwise (3:29)

The set V (z) € W is called version space and is the set of all weight vectors that
parameterize classifiers which classify all the training objects correctly (see also
Definition 2.12). Due to the PAC-likelihood, any weight vector w which does not
have this property is “cut-off” resulting in a uniform posterior measure Py z»_,
over version space. Given a new test object x € X we can compute the predictive
distribution Py|x—, z»—, of the class y at x € X’ by

Pyix=x,z7=z (¥) = Pwjzn= (sign ((x, W)) = y) .

The Bayes classification strategy based on Pyx—, zn—, decides on the class with
the larger probability. An appealing feature of the two class case ) = {—1, +1} is
that this decision can also be written as

Bayes, (x) = sign (Ew|zm=z [sign ((x, W))]) , (3.30)

that is, the Bayes classification strategy effectively performs majority voting in-
volving all version space classifiers. The difficulty with the latter expression is that
we cannot analytically compute the expectation as this requires efficient integra-
tion of a convex body on a hypersphere (see also Figure 2.1 and 2.8). Hence, we
approximate the Bayes classification strategy by a single classifier.
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Definition 3.15 (Bayes point) Given a training sample z and a posterior measure
Pwiz»— over the unit hypersphere W, the Bayes point wy, € W is defined

wip = argmin Ex o (Bayes: (X). sign (6 0, w)]

that is, the Bayes point is the optimal projection of the Bayes classification strategy
to a single classifier Wy, w.r.t. generalization error.

Although the Bayes point is easily defined its computation is much more difficult
because it requires complete knowledge of the input distribution Py. Moreover,
it requires a minimisation process w.r.t. the Bayes classification strategy which
involves the posterior measure Py,z»_,—a computationally difficult task. A closer
look at equation (3.30), however, shows that a another reasonable approximation
to the Bayes classification strategy is given by exchanging sign () and expectation,
ie.,

Nem (X) = sign (sign (Ew‘zm=z [(X, W)])) = sign | ( X, Ew;zn—; [W]
—_——

Wem

The idea behind this “trick™ is that, if the version space V (z) is almost point-
symmetric w.r.t. W, then, for each weight vector w € V (z) in version space,
there exists another weight vector w = 2w, — w € V (z) also in version space
and, thus,

s s (s ) = | 395 e < 6w

that is, the Bayes classification of a new test object equals the classification carried
out be the single weight vector w¢,,. The advantage of the classifier w.,—which
is also the center of mass of version space V (z)—is that it can be computed or es-
timated without any extra knowledge about the data distribution. Since the center
of mass is another approximation to the Bayes classification we call every algo-
rithm that computes w.,, a Bayes point algorithm, although the formal definition
of the Bayes point approximation is slightly different. In the following subsection
we present one possible algorithm for estimating the center of mass.
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3.4.1 Estimating the Bayes Point

The main idea in computing the center of mass of version space is to replace the
analytical integral by a sum over randomly drawn classifiers, i.e.,

1 K
Wenm = EW|Zm:Z [W] ~ E ZW,‘ Ww; ~ PW|Zm:Z .
i=1

Such methods are known as Monte-Carlo methods and have proven to be suc-
cessful in practice. A difficulty we encounter with this approach is in obtaining
samples w; drawn according to the distribution Pwjz»_.. Recalling that Py,z»_, is
uniform in a convex polyhedra on the surface of hypersphere in feature space we
see that it is quite difficult to directly sample from it. A commonly used approach
to this problem is to approximate the sampling distribution Pyz»_, by a Markov
chain. A Markov chain is fully specified by a probability distribution Pw,w, where
fw,w, ((W;, w)) is the “transition” probability for progressing from a randomly
drawn weight vector w; to another weight vector w,. Sampling from the Markov
chain involves iteratively drawing a new weight vector w;; by sampling from
Pw,w,=w,. The Markov chain is called ergodic w.r.t. Pwzn—; if the limiting distri-
bution of this sampling process is Pw,z»—, regardless of our choice of wy. Then, it
suffices to start with a random weight vector wy, € WV and at each step, to obtain
anew sample w; € W drawn according to Pw,w,=w, ,. The combination of these
two techniques has become known as the Markov-Chain-Monte-Carlo (MCMC)
method for estimating the expectation Ewzn—, [W]

We now outline an MCMC algorithm for approximating the Bayes point by the
center of mass of version space V (z) (the whole pseudo code is given on page
330). Since it is difficult to generate weight vectors that parameterize classifiers
consistent with the whole training sample z € Z™ we average over the trajectory
of a ball which is placed inside version space and bounced like a billiard ball. As
a consequence we call this MCMC method the kernel billiard. We express each
position b € W of the ball and each estimate w; € W of the center of mass of
V (z2) as a linear combination of the mapped training objects, i.e.,

m m
W=Zaixi, b=Z)/l'Xi, (ZGRm, }’GRm.
i=1 i=1
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W) =0y, /.

Figure 3.7 (Left) 5 samples by, ..., bs (white dots) obtained by playing billiards on
the sphere in the special case of W C R3. In the update step, only the chord length (gray
lines) are taken into consideration. (Right) Schematic view of the kernel billiard algorithm.
Starting at wo € V (z) a trajectory of billiard bounces by, ..., bs, ... is computed and then
averaged over so as to obtain an estimate W, of the center of mass of version space.

Without loss of generality we can make the following assumption about the needed
direction vector v

m
VZZ,BI‘XI‘, ﬁERm.
i=1

To begin we assume that wy = 0 < « = 0. Before generating a billiard trajectory
in version space V (z) we first run learning algorithm to find an initial starting
point by inside version space (e.g., kernel perceptron or support vector learning
(see Algorithm 2 and Section D.2)). The kernel billiard algorithm then consists of
three steps (see also Figure 3.7):

1. Determine the closest boundary starting from the position b; in direction v;.
Since it is computationally very demanding to calculate the flight time of the
billiard ball on geodesics of the hypersphere V' we make use of the fact that the
shortest distance in Euclidean space (if it exists) is also the shortest distance on the
hypersphere V. Thus, for the flight time 7; of the billiard ball from position b; in
direction v; to the hyperplane with normal vector y;x; we have

(3.31)
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After computing all m flight times, we look for the smallest positive one,

¢ = argmin T, .
Jiti>0

Computing the closest bounding hyperplane in Euclidean space rather than on
geodesics causes problems if the direction vector v; is almost orthogonal to the
curvature of the hypersphere VV, in which case 7, — oo. If this happens we
randomly generate a direction vector v; pointing foward version space V (z).
Assuming that the last bounce took place at the hyperplane having normal y. X,
this condition can easily be checked by y. (v;, X»/) > 0.

2. Update the billiard ball’s position to b;; and the new direction vector to v; .

The new point b, ; and the new direction v, are calculated from

bit1 = b +1v;, (3.32)

(Vi 5 X(T)
Ixc 1%

Afterwards, the position b;; must be normalized.

Vigr = Vi — X, . (3.33)

3. Update the center of mass w; of the whole trajectory by the new line segment
from b; to b, calculated on the hypersphere V.

Since the solution w,, lies on the hypersphere YW we cannot simply update the
center of mass using weighted vector addition. Instead we use the operation ®,, :
W x W — W acting on vectors of unit length and having the property that

[m— (w; @, m)| =4 lm—wll,

that is, w is the fraction between the resulting chord length ||m — (W,- Dy m) || and
the total chord length |[m — w;||. It can be shown that

Wi @}L m = o ((Wi’ m) ) M)Wl +102 (<Wism> ) M)m

where the explicit formulas for p; and p, can be found in Appendix B.9. Since the
posterior density is uniform in version space, the whole line between b; and b;
can be represented by the midpoint m € V (z), given by

b; +bjy
m=————.
b; + b1l
Thus, we can update the center of mass of the trajectory by

= =
i i

' w; + Wi, m), — ' m,
Ei+$i> p2<( ) Di+$i)

Wil = 01 ((Wi, m),
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where & = ||b; —b;;|| is the length of the trajectory in the ith step and &; =
Z'j:l &; is the accumulated length up to the ith step. Note that the operation &,
is only an approximation to the addition operation we sought because an exact
weighting would require arc lengths rather than chord lengths.

As a stopping criterion we compute an upper bound on p,, the weighting factor of
the new part of the trajectory. If this value falls below a prespecified threshold we
stop the algorithm. Note that an increase in E; will always lead to termination.

3.5 Fisher Discriminants

In this last section we are going to consider one of the earliest approaches to the
problem of classification learning. The idea underlying this approach is slightly
different from the ideas outlined so far. Rather than using the decomposition
Pxy = PyxPx we now decompose the unknown probability measure Pxy = Pz
constituting the learning problem as Pxy = Pyx;yPy. The essential difference
between these two formal expressions becomes apparent when considering the
model choices:

1. In the case of Pxy = PyxPx we use hypotheses 7 € H C Y% to model the
conditional measure Pyjx of classes y € ) given objects x € X and marginal-
ize over Px. In the noise-free case, each hypothesis defines such a model by
Py x=+.H=h (¥) = lp)=y. Since our model for learning contains only predictors
h : X — Y that discriminate between objects, this approach is sometimes called
the predictive or discriminative approach.

2. In the case of Pxy = PxjyPy we model the generation of objects x € X given
the class y € ) = {—1, +1} by some assumed probability model Pxy—, q-¢
where 0 = (0,1,0_1, p) € Q parameterizes this generation process. We have
the additional parameter p € [0, 1] to describe the probability Pyiq_g (y) by
p -1+ (1 —=p)-l,—_;. As the model Q contains probability measures from
which the generated training sample x € X' is sampled, this approach is sometimes
called the generative or sampling approach.

In order to classify a new test object x € X with a model § € Q in the generative
approach we make use of Bayes’ theorem, i.e.,

Pxiv—y.a=0 (x) Pyja—s ()
sey Pxiv=s5.0=6 () Pyja=o ()

Pyix=x.a=0 (y) = >
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In the case of two classes ) = {—1, 41} and the zero-one loss, as given in equation
(2.10), we obtain for the Bayes optimal classification at a novel test object x € X,

he (x) = argmax Pyjx= (y)
ye{—1,+1}

— sien (ln( Pxiy—11.0=6 (x) - p )) ’ (3.34)
Pxiv=—1.0=0 (x) - (1 — p)
as the fraction in this expression is greater than one if, and only, if Pxyjq—¢ ((x, +1))
is greater than Pxy,q—¢ ((x, —1)). In the generative approach the task of learning
amounts to finding the parameters 8* € Q or measures Pxv=y.qa=¢* and Pyjq—¢*
which incur the smallest expected risk R [/h¢+] by virtue of equation (3.34). Again,
we are faced with the problem that, without restrictions on the measure Pyy—,,
the best model is the empirical measure V, (x), where x, C x is the sample of
all training objects of class y. Obviously, this is a bad model because Vy, () as-
signs zero probability to all test objects not present in the training sample and thus
hg (x) = 0, i.e., we are unable to make predictions on unseen objects. Similarly to
the choice of the hypothesis space in the discriminative model we must constrain
the possible generative models Pxy—,.
Let us consider the class of probability measures from the exponential family

fxiv=y.a=0 (X) = aq (8,) 70 (x) exp (9, ( (x))) ,

for some fixed functionqp : @, - R, 7p : X — Rand 7 : X — K. Using this
functional form of the density we see that each decision function /4y must be of the
following form

he (x) = sign(In ao (6+1) 7o () exp/(0+1 (T (x)-p
ap (0_1) 7 (x) exp (0", (T (x))) (1 — p)

= sign| @ —0_1)(t(x)+1In (M) (3.35)
_‘;—“ aop (0-1) (1 —p)
b

= sign((w, T (x))+b) .

This result is very interesting as it shows that, for a rather large class of generative
models, the final classification function is a linear function in the model parameters
0 = (6_,,0.,, p). Now, consider the special case that the distribution Pxy—, q-¢
of objects x € X given classes y € {—1, 41} is a multidimensional Gaussian in
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{x R | (w,x) =0}

{X ER | fX\Y:Jrl,Q:(ﬂ“,i) (x) = fx\v;l,qz(g,“i)(x)}
generative approach projective approach

Figure 3.8 (Left) The Fisher discriminant estimated from 80 data points in R?. The black
line represents the decision boundary. This must always be a linear function because both
models use the same (estimated) covariance matrix ) (ellipses). (Right) A geometrical
interpretation of the Fisher discriminant objective function (3.38). Given a weight vector
w € K, each mapped training object x is projected onto w by virtue of t = (x, w). The
objective function measures the ratio of the inter-class distance (u4+1 (W) — ;t—1 (w))? and
the intra-class distance Gerl (w) + azl (w).

some feature space K C ¢ mapped into by some given feature map ¢ : X — IC,

_n _1 1 ! ——
fXiv=y,a=0 (x) = 27)"2 |Z| 2 exp (—5 (x—m,) =" (x - My)) : (3.36)
where the parameters 6 are the mean vector p, € R" and the covariance matrix
X, € R"™", respectively. Making the additional assumptions that the covariance
matrix X is the same for both models 6., and #_; and p = Pyq_p (+1) =
Pya=s (—1) = % we see that, according to equations (A.16)—(A.17) and (3.35),

_ 1 _ _
T(X) =X, w=2X 1(M+1—IL1) , b:E(ullE llLl—IL/HE 1[.L+1).(3.37)

This results also follows from substituting (3.36) directly into equation (3.34) (see
Figure 3.8 (left)).
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An appealing feature of this classifier is that it has a clear geometrical interpre-
tation which was proposed for the first time by R. A. Fisher. Instead of working
with n—dimensional vectors x we consider only their projection onto a hyperplane
with normal w € K. Let u, (W) = Exy=, [W’¢ (X)] be the expectation of the
projections of mapped objects x from class y onto the linear discriminant having

normal w and ay2 (w) = Exjv=, [(W’(b X) — ey (W))2] the variance of these pro-
jections. Then choose as the direction w € /C of the linear discriminant a direction

along which the maximum of the relative distance between the ., (w) is obtained,
that is, the direction wgp along which the maximum of

_ i ) — pg (W)
o2, (W) + 02, (W)

J (w)

(3.38)

is attained. Intuitively, the numerator measures the inter-class distance of points
from the two classes {—1, +1} whereas the denominator measures the intra-class
distance of points in each of the two classes (see also Figure 3.8 (right)). Thus,
the function J is maximized if the inter-class distance is large and the intra-class
distance is small. In general, the Fisher linear discriminant wgp suffers from the
problem that its determination is a very difficult mathematical and algorithmical
problem. However, in the particular case of’ Pxiv=y.a=¢ = Normal ([Ly, )3), a
closed form solution to this problem is obtained by noticing that T = w'¢ (X)
is also normally distributed with Ptjy—, q-¢ = Normal (W/ Ry, W ZW). Thus, the
objective function given in equation (3.38) can be written as

T (w) = (W (ri1 — l‘ul))2 _ b W (g — ) (1 — ﬂfl)/w
WIEIW+WIW 2 wWIw ’

which is known as the generalized Rayleigh quotient having the maximizer wgp

wip =27 (b —B_y)

This expression equals the weight vector w found by considering the optimal
classification under the assumption of a multidimensional Gaussian measure for
the class conditional distributions Pxjy—,.

Unfortunately, as with the discriminative approach, we do not know the param-
eters 6 = ([L T My, Z) € Q but have to “learn” them from the given training
sample z = (x, y) € Z". We shall employ the Bayesian idea of expressing our
prior belief in certain parameters via some prior measure Pq. After having seen the

9 Note that i1y (W) € R is a real number whereas Ry € K is an n—dimensional vector in feature space.
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training sample z we update our prior belief Pq, giving a posterior belief Pqizn_;.
Since we need one particular parameter value we compute the MAP estimate ] ,
that is, we choose the value of @ which attains the maximum a-posteriori belief
Pqz»— (see also Definition 3.6). If we choose a (improper) uniform prior Pq then

the parameter ) equals the parameter vector which maximizes the likelihood and
is therefore also known as the maximum likelihood estimator. In Appendix B.10 it
is shown that these estimates are given by

o 1 A 1 ,\ ,\
f=— Y x, T = — Y > (x-i)(x—4@) 339
My (xiyez M (=141} (ryez

1 A A
= = X'X — Z myfi, i |
ye{—1,+1}

where X € R™*" is the data matrix obtained by applying ¢ : X — K to each
training object x € x and m, equals the number of training examples of class y.
Substituting the estimates into the equations (3.37) results in the so-called Fisher
linear discriminant wgp. The pseudocode of this algorithm is given at page 329.

In an attempt to “kernelize” this algorithm we note that a crucial requirement
is that & € R"™*" has full rank which is impossible if dim (') = n > m. Since the
idea of using kernels only reduces computational complexity in these cases we see
that it is impossible to apply the kernel trick directly to this algorithm. Therefore,
let us proceed along the following route: Given the data matrix X € R™" we
project the m data vectors x; € R” into the m—dimensional space spanned by the
mapped training objects using X — Xx and then estimate the mean vector and the
covariance matrix in R” using equation (3.39). The problem with this approach is
that X is at most of rank m — 2 because it is an outer product matrix of two centered
vectors. In order to remedy this situation we apply the technique of regularization to
the resulting m x m covariance matrix, i.e., we penalize the diagonal of this matrix
by adding Al to it where large values of A correspond to increased penalization. As
a consequence, the projected m—dimensional mean vector k,, € R” and covariance
matrix S € R™*™ are given by

1 1 4
ky, = — Z Xx; = —G (|y1=y’ T IM:y) ’
my (x,-,y)ez my
1 o ,

ye{—=1,+1}
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1
= —|GG- KK | + AL,
m( )GZ o y)+

e(—1+1)

where the m x m matrix G with G;; = <x,-, xj) =k (x,», xj) is the Gram matrix.
Using ky and S in place of p, and X in the equations (3.37) results in the so-
called kernel Fisher discriminant. Note that the m—dimensional vector computed
corresponds to the linear expansion coefficients & € R” of a weight vector wpp in
feature space because the classification of a novel test object x € X by the kernel
Fisher discriminant is carried out on the projected data point Xx, i.e

h(x) = sign ((&, XX) + l;) = sign (Z aik (x;, x) + l;) ,
i=1

A _ ~ 1, Vel
@ = S'ky—-k.)), b= E(k_ls ko1 — K, S7'ky) - (3.40)

It is worth mentioning that we would have obtained the same solution by exploiting
the fact that the objective function (3.38) depends only on inner products between
mapped training objects x; and the unknown weight vector w. By virtue of Theorem
2.29 the solution Wgp can be written as Wgp = Z;":l a;X; which, inserted into
(3.38), yields a function in & whose maximizer is given by equation (3.40). The
pseudocode of this algorithm is given on page 329.

Remark 3.16 (Least squares regression and Fisher discriminant) An additional
insight into the Fisher discriminant can be obtained by exploiting its relationship
with standard least squares regression. In least squares regression we aim to find
the weight vector w € K which minimizes | Xw — t>’ = Xw—1t) Xw—t),
where t € R" is a given vector of m real values. Maximizing this expression
w.r.t. w gives

3 IXw — >

= 2X'XW - 2X't =0, & W= (X'X)"' X*.
ow

W=wW
In order to reveal the relation between this algorithm and the Fisher linear
discriminant we assume that X € R’"X(”t{) is a new data matrix constructed
from X by adding a column of ones, i.e., X = (X, 1). Our new weight vector
W = (w; b) € R'! already contains the offset b. By choosing

t=m-(yi/my, ..., ym/my,),
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where m| and m_ are the number of positively and negatively labeled examples
in the training sample, we see that the maximum condition X' Xw = X't can also
be written

X’ W X’ XX X1)\[(W X't
(V)een(3)=(3 )ee Ok 3 (5)=(3)
m41 m—y

By construction 1't = m <m—+l — m_4) = 0 and, thus, the last equation gives

A A 1
'Xw+b-1'1=0, & b=——1Xw. (3.41)
m

Inserting this expression into the first equation and noticing that by virtue of
equation (3.39)

Xt=m- (ll+1 - lz+1) )

we see that

X'Xw+X'1-b = (X/X — %X’ll’X) w=m- (ﬁ,H — ﬁ,+1) . (3.42)
A straightforward calculation shows that

XX = il m i~ T G ) (e — )

Combining this expression with equation (3.42) results in

(8 + 5 (s — ) (R — ) ) W = (i — )

where we used the definition of ) given in equation (3.39). Finally, noticing that
myim—y , A ~ A A 1 A A
o (I‘v+1 - ”’—1) (I‘~+1 - I‘v—1) w= (-0 (M+1 - I‘~—1)

for some ¢ € R the latter expression implies that

~ L N ~

w=m-c-X (IL+1 _I‘v—1) )

that is, up to a scaling factor (which is immaterial in classification) the weight
vector w € K obtained by least square regression on t « y equals the Fisher
discriminant. The value of the threshold b is given by equation (3.41).
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3.6 Bibliographical Remarks

In the first section of this chapter we introduced the Bayesian inference principle
whose basis is given by Bayes’ theorem (see equation (3.1)). Excellent monographs
introducing this principle in more detail are by Bernardo and Smith (1994) and by
Robert (1994); for a more applied treatment of ideas to the problem of learning
see MacKay (1991) and MacKay (1999). It was mentioned that the philosophy
underlying Bayesian inference is based on the notion of belief. The link between
belief and probability is established in the seminal paper Cox (1946) where a min-
imal number of axioms regarding belief are given. Broadly speaking, these axioms
formalize rational behavior on the basis of belief. A major concept in Bayesian
analysis is the concept of prior belief. In the book we have only introduced the idea
of conjugate priors. As the prior is the crux of Bayesian inference there exist, of
course, many different approaches to defining a prior, for example on the basis of
invariances w.r.t. parameterization of the likelihood (Jeffreys 1946; Jaynes 1968).
In the context of learning, the model selection principle of evidence maximization
was formulated for the first time in MacKay (1992). In Subsection 3.1.1 we intro-
duced several prediction strategies on the basis of posterior belief in hypotheses.
Note that the term Bayes classification strategy (see Definition 3.7) should not be
confused with the term Bayes (optimal) classifier which is used to denote the strat-
egy which decides on the class y that incurs minimal loss on the prediction of x
(see Devroye et al. (1996)). The latter strategy is based on complete knowledge
of the data distribution Pz and therefore achieves minimal error (sometimes also
called Bayes error) for a particular learning problem.

Section 3.2 introduced Bayesian linear regression (see Box and Tiao (1973))
and revealed its relation to certain stochastic processes known as Gaussian pro-
cesses (Feller 1966); the presentation closely follows MacKay (1998, Williams
(1998). In order to relate this algorithm to neural networks (see Bishop (1995))
it was shown in Neal (1996) that a Gaussian process on the targets emerges in
the limiting case of an infinite number of hidden neurons and Gaussian priors on
the individual weights. The extension to classification using the Laplace approx-
imation was done for the first time in Barber and Williams (1997, Williams and
Barber (1998). It was noted that there also exists a Markov chain approximation
(see Neal (1997b)) and an approximation known as the mean field approximation
(see Opper and Winther (2000)). It should be noted that Gaussian processes for
regression estimation are far from new; historical details dating back to 1880 can
be found in Lauritzen (1981). Within the geostatistics field, Matheron proposed a
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framework of regression identical to Gaussian processes which he called "kriging"
after D. G. Krige, a South African mining engineer (Matheron 1963). However,
the geostatistics approach has concentrated mainly on low-dimensional problems.
The algorithmical problem of inverting the Gram matrix has been investigated by
Gibbs and Mackay (1997) who also proposes a variational approximation to Gaus-
sian processes; for other approaches to speeding Gaussian process regression and
classification see Trecate et al. (1999), Williams and Seeger (2001) and Smola and
Bartlett (2001). Finally, the reasoning in Remark 3.13 is mainly taken from Sollich
(2000).

The relevance vector machine algorithm presented in Section 3.3 can be found
in Tipping (2000) and Tipping (2001). This algorithm is motivated by automatic
relevance determination (ARD) priors which have been suggested in MacKay
(1994) and Neal (1996) and empirically investigated in Neal (1998). There exists a
variational approximation to this method found in Bishop and Tipping (2000).

In Section 3.4 we presented the Bayes point machine which is also known as the
optimal perceptron (Watkin 1993). This algorithm has received a lot of attention
in the statistical mechanics community (Opper et al. 1990; Opper and Haussler
1991; Biehl and Opper 1995; Opper and Kinzel 1995; Dietrich et al. 2000). There
it has been shown that the optimal perceptron is the classifier which achieves best
generalization error on average and in the so-called thermodynamical limit, i.e.,
the number of features n and the number samples m tend to infinity although
their ratio m/n = f stays constant. The idea of using a billiard on the unit
hypersphere is due to Rujan (1997); its “kernelization” was done independently by
Rujan and Marchand (2000) and Herbrich et al. (2001). For an extensive overview
of other applications of Markov Chain Monte Carlo methods the interested reader
is referred to Neal (1997a). There exist several extension to this algorithm which
aim to reduce the computational complexity (see Herbrich and Graepel (2001a)
and Rychetsky et al. (2000)). A promising approach has been presented in Minka
(2001) where the uniform posterior measure over version space is approximated by
a multidimensional Gaussian measure. This work also presents a modification of
the billiard algorithm which is guaranteed to converge (Minka 2001, Section 5.8).

The algorithm presented in the last section, that is, Fisher linear discriminants,
has its roots in the first half of the last century (Fisher 1936). It became part of
the standard toolbox for classification learning (also called discriminant analysis
when considered from a purely statistical perspective). The most appealing fea-
ture of Fisher discriminants is that the direction vector found is the maximizer of a
function which approximately measures the inter-class distance vs. the inner-class
distance after projection. The difficulty in determining this maximizer in general
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has been noticed in several places, e.g., Vapnik (1982, p. 48). The idea of ker-
nelizing this algorithm has been considered by several researchers independently
yet at the same time (see Baudat and Anouar (2000), Mika et al. (1999) and Roth
and Steinhage (2000)). Finally, the equivalence of Fisher discriminants and least
squares regression, demonstrated in Remark 3.16, can also be found in Duda et al.
(2001).

It is worth mentioning that, beside the four algorithms presented, an interesting
and conceptually different learning approach has been put forward in Jaakkola et al.
(2000) and Jebara and Jaakkola (2000). The algorithm presented there employs
the principle of maximum entropy (see Levin and Tribus (1978)). Rather than
specifying a prior distribution over hypotheses together with a likelihood model
P21 for the objects and classes, given a hypothesis /, which, by Bayes’ theorem,
result in the Bayesian posterior, we consider any measure Py which satisfies certain
constraints on the given training sample z as a potential candidate for the posterior
belief. The principle then chooses the measure PI‘H/IE which maximizes the entropy
En [ln (Py (H))]. The idea behind this principle is to use as little prior knowledge

or information as possible in the construction of PI\H/IE. Implementing this formal
principle for the special case of linear classifiers results in an algorithm very
similar to the support vector algorithm (see Section 2.4). The essential difference
is given by the choice of the cost function on the margin slack variables. A similar
observation has already been made in Remark 3.13.
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Mathematical Models of Learning

This chapter introduces different mathematical models of learning. A mathematical
model of learning has the advantage that it provides bounds on the generalization
ability of a learning algorithm. It also indicates which quantities are responsible
for generalization. As such, the theory motivates new learning algorithms. After
a short introduction into the classical parametric statistics approach to learning,
the chapter introduces the PAC and VC models. These models directly study the
convergence of expected risks rather than taking a detour over the convergence of
the underlying probability measure. The fundamental quantity in this framework
is the growth function which can be upper bounded by a one integer summary
called the VC dimension. With classical structural risk minimization, where the
VC dimension must be known before the training data arrives, we obtain a-priori
bounds, that is, bounds whose values are the same for a fixed training error.

In order to explain the generalization behavior of algorithms minimizing a
regularized risk we will introduce the luckiness framework. This framework is
based on the assumption that the growth function will be estimated on the basis
of a sample. Thus, it provides a-posteriori bounds; bounds which can only be
evaluated after the training data has been seen. Finally, the chapter presents a PAC
analysis for real-valued functions. Here, we take advantage of the fact that, in the
case of linear classifiers, the classification is carried out by thresholding a real-
valued function. The real-valued output, also referred to as the margin, allows us to
define a scale sensitive version of the VC dimension which leads to tighter bounds
on the expected risk. An appealing feature of the margin bound is that we can
obtain nontrivial bounds even if the number of training samples is significantly
less than the number of dimensions of feature space. Using a technique, which is
known as the robustness trick, it will be demonstrated that the margin bound is
also applicable if one allows for training error via a quadratic penalization of the
diagonal of the Gram matrix.
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4.1 Generative vs. Discriminative Models

In Chapter 2 it was shown that a learning problem is given by a training sample
z2=(x,y) = ((x1, 1), ..., (s ym)) € (X x YY" = Z™, drawn iid according to
some (unknown) probability measure Pz = Pxy, and aloss/ : Y x ) — R, which
defines how costly the prediction / (x) is if the true output is y. Then, the goal is to
find a deterministic function 2 € ) which expresses the dependency implicitly
expressed by Pz with minimal expected loss (risk) R[] = Exy [l (h (X), Y)]
while only using the given training sample z. We have already seen in the first part
of this book that there exist two different algorithmical approaches to tackling this
problem. We shall now try to study the two approaches more generally to see in
what respect they are similar and in which aspects they differ.

1. In the generative (or parametric) statistics approach we restrict ourselves to
a parameterized space P of measures for the space Z, i.e., we model the data
generation process. Hence, our model is given by! P = {PZ|Q:9 |60 € Q }, where
6 should be understood as the parametric description of the measure Pz q—y. With
a fixed loss / each measure Pzq—¢ implicitly defines a decision function /g,

hg (x) = argmin Evyx_..a= [/ (. V)] . 4.1)
yey
In order to see that this function has minimal expected risk we note that

Ro [h1 < Exviazs [[ (0 (X), )] = Exjazs [Evixerame [ (h (), V]] . 4.2)

where /1y minimizes the expression in the innermost brackets. For the case of zero-
one loss lp_1 (h (x),y) = by, also defined in equation (2.10), the function /g
reduces to

he (x) = argmin (1 — Pyjx_.a=¢ (y)) = argmax Pyx_c.a-¢ () ,
yey yey

which is known as the Bayes optimal decision based on Pz q_.

2. In the discriminative, or machine learning, approach we restrict ourselves to a
parameterized space H C Y% of deterministic mappings & from X to ). As a
consequence, the model is given by H = {hy : X — YV | w € W}, where w is the
parameterization of single hypotheses /. Note that this can also be interpreted as

1 We use the notation Pz/q_g to index different measures over Z by some parameters 6. Note that it is neither
assumed nor true that the unknown data distribution Pz fulfills Pz = Eq[Pzq=g] because this requires a
measure Pq. Further, this would not take into account that we conditioned on the parameter space Q.
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a model of the conditional distribution of classes y € ) given objects x € X by
assuming that Py;x— H= = ly=(). Viewed this way, the model # is a subset of
the more general model P used in classical statistics.

The term generative refers to the fact that the model P contains different descrip-
tions of the generation of the training sample z (in terms of a probability measure).
Similarly, the term discriminative refers to the fact that the model H consists of dif-
ferent descriptions of the discrimination of the sample z. We already know that a
machine learning method selects one hypothesis A (z) € H given a training sample
z € Z2™. The corresponding selection mechanism of a probability measure Pzq_g
given the training sample z is called an estimator.

Definition 4.1 (Estimator) Given a set P of probability measures Pz over Z, a
mapping € : \Jpo_; 2™ — P is called an estimator. If the set P is parameterized

by 0 € Q then 0, € Q is defined by

A~

0,=0 < £(z) =Pzqa,

A~

that is, 0 ; returns the parameters of the measure estimated using £.

If we view a given hypothesis space # as the set of parameters / for the conditional
distribution Pyjx—, H= then we see that each learning algorithm A : U 2" —
H is a special estimator £ for only the class-conditional distribution Py x—,.
However, the conceptual difference becomes apparent when we consider the type
of convergence results that have been studied for the two different models:

1. In the parametric statistics framework we are concerned with the convergence
of the estimated measure £ (z) € P to the unknown measure Pz where it is
often assumed that the model is correct, that is, there exists a 8 such that Pz =
Pzq-¢+ € P. Hence, a theoretical result in the statistics framework often has the
form

PZ'" (p (8 (Z) s PZ\Q:G*) > 8) <46 (87 m) P (43)

0, — 0*

where p is a metric in the space P of measures, for example the £, norm ‘
2

of the difference vector of the parameters 6.

2. In the machine learning framework we are concerned with the convergence of
the expected risk R [A (z)] of the learned function A (z) to the minimum expected
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risk inf,c3y R [h] = R [h*]. A theoretical result in this framework has the form
Pz (R[A@)]—R[h*] >¢) <8(e,m), (4.4)

where the expression in the parenthesis is also known as the generalization error
(see also Definition 2.10). In case R [A*] = O the generalization error equals the
expected risk. Note that each hypothesis & € H is reduced to a scalar R [/] so that
the question of an appropriate metric p is meaningless®. Since Py is assumed to be
unknown, the above inequality has to hold for all probability measures Pz. This
is often referred to as the worst case property of the machine learning framework.
The price we have to pay for this generality is that our choice of the predictive
model H might be totally wrong (e.g., R [#*] = 0.5 in the case of zero-one loss
lo_1) so that learning A (z) € H is useless.

For the task of learning—where finding the best discriminative description of the
data is assumed to be the ultimate goal—the convergence (4.4) of risks appears the
most appropriate. We note, however, that this convergence is a special case of the
convergence (4.3) of probability measures when identifying # and Q and using
0 (PZ|H=h, PZ|H=h*) = R [h] — R [h*]. The interesting question is:

Does the convergence of probability measures always imply a convergence
of risks when using equation (4.1) regardless of p?

If this were the case than there would be no need to study the convergence of
risk but we could use the plethora of results known from statistics about the
convergence of probability measures. If, on the other hand, this is not the case then
it also follows that (in general) the common practice of interpreting the parameters
w (or 0) of the hypothesis learned is theoretically not justified on the basis of
convergence results of the form (4.4). Let us consider the following example.

Example 4.2 (Convergence of probability measures®) Let us consider the zero-
one loss ly_y. Suppose Y = {1,2}, X = R, Q = R?, Px\v=y.Q=(,,0,) uniform in
[—6y,0] if 6y # 1 and uniform in [0, 6,] if 6, = 1, and Py (1) = Py (2) = 3. Let
us assume that the underlying probability measure is given by 0* = (1, 2). Given
a training sample z € (X x V)", a reasonable estimate ) . of 61 and 6, would be

2 All norms on the real line R! are equivalent (see Barner and Flohr (1989, p. 15)).
3 This example is taken from Devroye et al. (1996, p. 267).
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fX\Y:N(z)

) T T T T
-2 -1 0 1 2 3 4

Figure 4.1 True densities fxjy—, underlying the data in Example 4.2. The uniform
densities (solid lines) on [0, 1] and [—2,0] apply for Y = 1 and Y = 2, respectively.
Although with probability one the parameter 67 = 1 will be estimated to arbitrary
precision, the probability that a sample point falls at exactly x = 1 is zero, whence
(0Az)1 # 1. Since the model P is noncontinuous in its parameters @, for almost all training
samples the estimated densities are uniform on [— (éz)z, O] and [— (éz)l, 0] (dashed lines).
Thus, for all x > 0 the prediction based on éz is wrong.

T

<éz) = MaX(y ez |X| for i € {1, 2} because

m—00

Ve > 0: lim Pz <”éz -0

2>8):0,

A

or 6, converges to 0™ in probability. However, as the class conditional measures
Px\v=, are densities, we know that for both classes y € {1, 2},

Py ((éz)y £ 1) —1.

As a consequence, with probability one over the random choice of a training
sample z, the expected risk R [héz] equals % (see also Figure 4.1).

This simple example shows that the convergence of probability measures is not
necessarily a guarantee of convergence of associated risks. It should be noted, how-
ever, that this example used the noncontinuity of the parameterization € of the prob-
ability measure Pzq—¢ as well as one specific metric p on probability measures.

The following example shows that along with the difference R [h 52] — R [h¢+] in

expected risks there exists another “natural” metric on probability measures which
leads to a convergence of risks.
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Example 4.3 (L ;—Convergence of probability measures) /n case of zero-one
loss ly_ each function h € Y* subdivides the space Z into two classes: A set
Z, ={(x,y) € Z | lo—1 (h (x),y) = 0} of correctly classified points and its com-
plement Z, = {(x,y) € Z |lo_ (h (x),y) = 1} of incorrectly classified points.
Clearly, the expected risk R [h] of a function h € H has the property

R[N =Exy[I(h(X), )] =0-Pz(Z;)+1-Pz(Z}) =Pz(Z}) . (4.5)

Let us assume that our generative model P only consists of measures Pzq—g that
possess a density fz1q-¢ over the o—algebra B, of Borel sets in R". The theorem
of Scheffé states that

| =2 sup ‘PZ|Q=0 (A) — Pziq-¢~ (A)’ .

€5,

P (PZ|Q=0, PZ|Q=0*) = ”fZ|Q=0 — fz10=*

Utilizing equation (4.5) and the fact that each measure Pzq—¢ defines a Bayes
optimal classifier hg by equation (4.1) we conclude

. = 2sup |P2|Q=o (A) — Pziqo~ (A)|
AeB,
> 2sup Ry [hg] — Re- [hg]|
0cQ

|Rg [ho] — Ro+ [holl + |Rg [hg*] — R [he+]|
|Rg* [ho] — Rg [holl + |Rg [hg*] — Re= [he+]|
> |Rg*[ho]l — Rg [hg] + Rg [ho*] — Rg+ [he~]|

Ifz10=0 — fzj0=6"

= |Rg* [ho] — Ro+ [ho*] + Rg [hg+] — Ry [he]
>0 >0

> Rg [he]l — Ry [g+]

= R[hg] — R [he],

\Y

where we use the triangle inequality in the fifth line and assume Pz = Pzq_¢+
in the last line. Thus we see that the convergence of the densities in Ly implies
the convergence (4.4) of the expected risks for the associated decision functions

because each upper bound on ||fZ|Q:0 —fzi0=0+||, is also an upper bound on
R [he]l — R [he~].

As a consequence, bounding the L;—distance of densities underlying the training
sample implies that we are able to bound the difference in expected risks, too.
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Note, however, that the convergence in expected risks could be much faster and
thus we lose some tightness of the potential results when studying the convergence
of probability measures.

The main problem in the last two examples is summarized in the following
statement made in Vapnik (1995): When solving a given problem one should avoid
solving a more general problem as an intermediate step. In our particular case this
means that if we are interested in the convergence of the expected risks we should
not resort to the convergence of probability measures because the latter might not
imply the former or might be a weaker convergence than required. Those who first
estimate Pz by £ (z) € P and then construct rules based on the loss / do themselves
a disservice.

4.2 PAC and VC Frameworks

As a starting point let us consider the huge class of empirical risk minimization
algorithms Aggy formally defined in equation (2.12). To obtain upper bounds on
the deviation between the expected risk of the function Aggry (z) (Which minimizes
the training error Reyp [£, z]) and the best function h* = arginf,_,, R [h], the
general idea is to make use of the following relation

Remp [h*v Z] = Remp [-AERM (Z)  z2] & Remp [h*v Z] - Remp [-AERM (Z) ,z] = 0,

which clearly holds by definition of %, & Agrm (z). Then it follows that

R[Agm D] — R[1*] < Rk — R[F*]+ (Remp [, 2] — Remp B2, 21)

>0
|(R [hz] - Remp [hza Z]) + (Remp [h*, Z] —R [h*])|
= |R [hz] - Remp [hz’ Z]| + |R [h*] - Remp [h*, Z]|

< 2sup |R[h] = Remp [h, 2]| (4.6)
heH

where we have made use of the triangle inequality in the third line and bounded
the uncertainty about Agrm (z) € H and h* € H by the worst case assump-
tion of sup; 4 |R [] — Remp [, z]| from above. We see that, rather than study-
ing the generalization error of an empirical risk minimization algorithm directly,
it suffices to consider the uniform convergence of training errors to expected er-
rors over all hypotheses &7 € H contained in the hypothesis space H because
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any upper bound on the deviation sup .4, |R (7] — Remp [1, z]| is also an upper
bound on the generalization error R [Agrm (2)] — R [h*] by virtue of equation
(4.6). The framework which studies this convergence is called the VC (Vapnik-
Chervonenkis) or PAC (Probably Approximately Correct) framework due to their
different origins (see Section 4.5 for a detailed discussion about their origins
and connections). Broadly speaking, the difference between the PAC framework
and the VC framework is that the former considers only data distributions Pz
where Pyjx—, (y) = lp()=y, for some 2* € H, which immediately implies that
R [h*] = 0 and Remp [Agrm (2) , 2] = 0. Thus, it follows that

R [Agrm (2)] — R [1*] = R [Agrm (2)] < sup R[h], (4.7)
{heH | Remplh]=0}

because Agrm (2) € {h eH | Remp [, 2] = 0} C H.

Definition 4.4 (VC and PAC generalization error bounds) Suppose we are given
a hypothesis space H C V¥ and a loss functionl : Y x Y — R. Then the function
eve : N x (0,1] — Ris called a VC generalization error bound if, and only if, for
all training sample sizes m € N, all § € (0, 1] and all Pz

Pzn (Yh € H: |R[h] — Remp [, Z]| < v (m,8)) = 1—3.

Similarly, a function epac : N x (0, 1] — R is called a PAC generalization error
bound if, and only if,

Pzn (Vh € V31 (Z) : R[h] < eépac (m,8)) =146,

for all samples sizesm € N, all § € (0, 1] and all Pyz.

Example 4.5 (Uniform convergence of frequencies to probabilities) There ex-
ists an interesting relationship between VC generalization error bounds and the
more classical problem of uniform convergence of frequencies to probabilities in
the special case of the zero-one loss ly_; given in equation (2.10). As shown in
Example 4.3, in this case the expected risk R [h] of a single hypothesis h € H is
the probability of the set Z;; ={(x,y) e Z|ly_1(h(x),y) =1} C Z whereas
the training error Remp [h, z] equals the empirical measure V., (Z ;1) Hence we see
that

R [Aprm ()] — R [1*] <2 sup [Pz (Z}) — v, (Z})

Zie3

’
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which inevitably shows that all we are concerned with is the uniform conver-
gence of frequencies V, (Z}l) to probabilities Pz (Z;l) over the fixed set 3 =
{ZZ CZlhe H} of events. Note, however, that up to this point we have only
shown that the uniform convergence of frequencies to probabilities provides a suf-
ficient condition for the convergence of the generalization error of an empirical
risk minimization algorithm. If we restrict ourselves to “non trivial” hypothesis
spaces and the one-sided uniform convergence, it can be shown that this is also a
necessary condition.

4.2.1 Classical PAC and VC Analysis

In the following three subsections we will only be concerned with the zero-one
loss /yp—; given by equation (2.10). It should be noted that the results we will obtain
can readily be generalized to loss function taking only a finite number values; the
generalization to the case of real-valued loss functions conceptually similar but will
not be discussed in this book (see Section 4.5 for further references).

The general idea is to bound the probability of “bad training samples”, i.e.,
training samples z € Z™ for which there exists a hypothesis # € H where the
deviation between the empirical risk Renp [£, z] and the expected risk R[] is
larger than some prespecified ¢ € [0, 1]. Setting the probability of this to § and
solving for ¢ gives the required generalization error bound. If we are only given a
finite number |H| of hypotheses / then such a bound is very easily obtained by a
combination of Hoeffding’s inequality and the union bound.

Theorem 4.6 (VC bound for finite hypothesis spaces) Suppose we are given a
hypothesis space H having a finite number of hypotheses, i.e., |H| < oo. Then,
for any measure Pz, for all § € (0, 1] and all training sample sizes m € N, with
probability at least 1 — § over the random draw of the training sample z € Z™ we
have

Pzi (3h € H: |R[h] — Remp [, Z]| > &) <2 [H]| - exp (—2me?) . (4.8)
Proof LetH = {hl, oy } By an application of the union bound given in

Theorem A.107 we know that Pzn (Elh eH: |R [7] — Remp [h, Z]| > 8) is given
by

[H] ||
sz (\/ (|R [l’l,] — Remp [hi, Z]| > 8)) < Z sz (|R [l’l,] — Remp [hi, Z]| > 8) .
i=1 i=1
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Since, for any fixed &, R [h] and Reyp [h, z] are the expectation and mean of a
random variable between 0 and 1, the result follows by Hoeffding’s inequality. =

In order to generalize this proof to an infinite number |#| of hypotheses we
use a very similar technique which, however, requires some preparatory work to
reduce the analysis to a finite number of hypotheses. Basically, the approach can
be decomposed into three steps:

1. First, consider a double sample zZ € Z>" drawn iid where Z is sometimes re-
ferred to as a ghost sample. We upper bound the probability that there exists a
hypothesis & € ‘H such that Renp [/, z] is more than & apart from R [h] (see equa-
tion (4.7)) by twice the probability that there exists 2" € H such that Rep, [h’, z] is
more than ¢ /2 apart from Repp [h/ , Z]. This lemma has become known as the basic
lemma and the technique is often referred to as symmetrization by a ghost sample.
The idea is intuitive—it takes into account that it is very likely that the mean of a
random variable is close to its expectation (see Subsection A.5.2). If it is likely that
two means estimated on iid samples z € Z” and z € Z” are very close then it ap-
pears very probable that a single random mean is close to its expectation otherwise
we would likely have observed a large deviation between the two means.

2. Since we assume the sample (and ghost sample) to be an iid sample it holds
that, for any permutation 7 : {1, ...,2m} — {1, ..., 2m},

P22 (Y (Zy, ... Zow) = Pz (Y (Zntys - - - Znomy))

whatever the logical formula Y : 22" — ({true, false} stands for. As a conse-
quence, for any set I1,,, of permutations it follows that

1
Pz (Y (Z1, ... Zow) T > Pru (Y (Zeh. - Zrew))  (49)
2m JTGHzm
= f — Y dF i (2)
- Je \ Il 52 Y (zr (1), Zram) 7 (2
1
= ' : 4.10
= ez <|H2m|n621.[2m R CEIT me))) (4.10)

The appealing feature of this step is that we have reduced the problem of bounding
the probability over Z2” to a counting of permutations 7w € I, for a fixed z €
Z2m_This step is also known as symmetrization by permutation or conditioning.
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3. It remains to bound the number of permutations 7 € I1,,, such that there exists
a hypothesis &’ € ‘H on which the deviation of two empirical risks (on the training
sample z and the ghost sample z) exceeds &/2. Since we considered the zero-
one loss /p_; we know that there are at most 22" different hypotheses w.r.t. the
empirical risks Remp [h’, z] and Remp [h’, Z]. It we denote the maximum number
of such equivalence classes by Ny, (2m) then we can again use a combination of
the union bound and Hoeffding’s inequality to bound the generalization error. Note
that the cardinality || of the hypothesis space in the finite case has been replaced
by the number Ny (2m).

Following these three steps we obtain the main VC and PAC bounds.

Theorem 4.7 (VC and PAC generalization error bound) For all probability mea-
sures Pz, any hypothesis space H, the zero-one loss ly_ given by equation (2.10)
and all ¢ > 0

2
Py (3h € H: |R[W) = Remp [1.Z]| > &) < 4Ny (2m)exp (—%) L (@.11)

Pou@heV (Z): RIh>e) < 2Nz (2m)exp (—ng), 4.12)
2
P2 (R [Amm @] — R[h*] > ) < 4Ny (2m)exp (—";—;) L (4.13)

Proof The first two results are proven in Appendix C.1. The final result follows
from equation (4.6) using the fact that

(2 sup R[] = Remp [, 21| <& = R [Aprm (2)] — R[] < s) &
heH

<R [Agrm ()] — R [h*] > = sug |R [A] — Remp (A, z]| > %) ,
he

which proves the assertion. =

Confidence Intervals

Disregarding the fact that N, is unknown up to this point we see that, from these
assertions, we can construct confidence intervals for the expected risk R [/] of the
function / by setting the r.h.s. of equations (4.11) and (4.12) to §. Assuming that the
event (violation of the bound) has taken place (which will happen with probability
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not more than § over the random draw of training sample z) then with probability
at least 1 — & over the random draw of the training sample z for all probability
measures Pz, and simultaneously for all functions 7 € H

R[h] < Rewp [h, 2] + \/% <ln (%) +1In Ny (2m))> . (4.14)

eyc(m,8)

Also, for all functions having zero training error Remp [1, 2] =0

RI[h] < % <1n (%) +1In Ny (2m))) . (4.15)

epac(m,é)

These two bounds constitute the basis results obtained in the VC and PAC frame-
work. There are some interesting conclusions we can draw:

1. If the function Ny fulfills Ny, (m) = 2" then both bounds are trivial because
In (22’”) = mlIn(4) > m whence the r.h.s. of both inequalities is always greater
than one. Note this is a meaningless bound as 0 < R [Ah] < 1. In this case we
say that the hypothesis space H is too rich and thus we are unable to give any
guarantees about the learned function. As an example, if for all m and all training
samples z € Z™ there exists one hypothesis 4 € H which achieves zero training
error Remp [£, z], then the hypothesis space was much to rich.

2. In the general VC case the upper bound is of order (’)(\/ln Ny 2m)) /m)
whereas in the zero training error case it grows as O(In(Ny(2m))/m) due to the
exponent of ¢ of one in equation (4.12). Thus, it seems that we can tighten bounds
by magnitudes if we can achieve zero training error. In fact, one can show that the
exponent of ¢ in equation (4.11) smoothly decreases from the 2 to 1 as a function of
the minimum expected risk R [~*]. For specific conditions on the hypothesis space
‘H one can show that, even in the general case, the exponent of ¢ is 1.

3. If the cardinality of H is finite we always know that Ny (m) < |H] for all
m. As a consequence, in the case of finite cardinality of the hypothesis space we
obtain our result (4.8) as a special case (with less favorable constants). A potential
application of this result is to obtain upper bounds on the generalization error for
decision tree learning. As the size of decision trees often grows exponentially in
m, techniques like pruning effectively limit the number |,,| and thus guarantee a
small generalization error.
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Remark 4.8 (Race for constants) The proof of Theorem 4.7 does not provide the
best constants possible. The best constants that can be achieved are 2 as a coef-
ficient of and 1 in the exponent of the exponential term, respectively. We shall see
in Subsection 4.3 that an improvement of these results by orders of magnitude can
only be achieved if we give up the a-priori character of the bounds. Presently, the
bounds are of the same value for all decision functions that achieve the same train-
ing error Remp [h, z]. On the one hand, this characteristic is advantageous as it
gives us a general warranty however malicious the distribution Pz is. On the other
hand, it only justifies the empirical risk minimization method as this is the only data
dependent term entering the bound.

4.2.2 Growth Function and VC Dimension

In the previous subsection we used the function N3y which characterizes the worst
case diversity of the hypothesis space # as a function of the training sample size.
Moreover, due to the exponential term for the deviation of two means, all that
matters for bounds on the generalization error is the logarithm of this function.
More formally, this function is defined as follows.

Definition 4.9 (Covering number and growth function) Let H € Y% be a hy-
pothesis space. Then the function Ny; : N — N is defined as

N3 (m) (g?;% Ho—1 (h (x1), y1) -+ lo—1 (B (X)), ym)) |heHY,  (4.16)

that is, the maximum number of different equivalence classes of functions w.r.t. the
zero-one loss ly—y on a sample of size m. This is called the covering number of H
w.r.t. zero-one loss ly_1. The logarithm of this function is called the growth function
and is denoted by Gy, i.e.,

G (m) = In (N (m)) .

Clearly, the growth function depends neither on the sample nor on the unknown
distribution Pz but only on the sample size m and the hypothesis space . Ideally,
this function would be calculated before learning and, as a consequence, we would
be able to calculate the second term of the confidence intervals (4.14) and (4.15).
Unfortunately, it is generally not possible to determine the exact value of the
function Gy for an arbitrary hypothesis space H and any m. Therefore one major
interest in the VC and PAC community is to obtain tight upper bounds on the
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growth function. One of the first such bounds is given by the following results
whose proof can be found in Appendix C.2.

Theorem 4.10 (Growth function bound and VC dimension) For any hypothesis
space H, the growth function Gy either

1. satisfies the equality
Vm e N : Gy (m)=In(2) -m,
2. or, there exists a natural number ¥4 € N such that

=In®2) -m ifm <oy A

The number* ¥4, € N is called the VC dimension of the hypothesis space H and is
defined by

O = max [m e N | Ny (m) =2} . (4.18)

This result is fundamental as it shows that we can upper bound the richness
Nz of the hypothesis space by an integer summary—the VC dimension. A lot
of research has been done to obtain tight upper bounds on the VC dimension
which has, by definition, the following combinatorial interpretation: If 2y, =
{x,y) e Z |lp_1(h(x),y) =1} | h € H} is the induced set of events that a
hypothesis 7 € H labels (x,y) € Z incorrectly, then the VC dimension ¢ of
Az is the largest natural number ¥ such that there exists a sample z € ZV of
size ¥ which can be subdivided in all 27 different ways by (set) intersection with
23,. Then we say that 20, shatters z. If no such number exists we say that the VC
dimension of %3, or H is infinite. Sometimes the VC dimension is also called the
shatter coefficient.

In order to relate the above bound on the growth function in terms of the
VC dimension to the confidence intervals (4.14) and (4.15) we make use of the
inequality given in Theorem A.105 which states that for all m >

i (’7) < (%)ﬂ . 4.19)

i=0

4 We shall omit the subscript of ©¥#3; whenever the hypothesis space # is clear from context.



129

Mathematical Models of Learning

w0 | 2|
- S
E - %In(z—mﬂ)) E
[0 mi v [0
- =g
> | - > |
= v - o
> -——— = - x
9 m et 9
o -7 [9N
ES €2
o - o°
o B o
ol -7 8]
° 0.0 0.2 04 v 06 08 1.0 ©0.000 0.010 "v 0.020 ' 0.030
m m

(a) (b
Figure 4.2 Growth of the complexity term % (ln (%’") + l) in the VC confidence

~

interval (4.14) as a function of %. (a) On the whole interval [0, 1] the increase is clearly
sub-linear. (b) For very small values of % < % the growth is almost linear.

Therefore for all training sample sizes m > ¢, the growth function Gy (m) <
V) (ln (%) + 1) is sub-linear in ¥ due to the In (%) term.

Remark 4.11 (Sufficient training sample size) Using the upper bound (4.19) of
the upper bound (4.17) for the growth function Gy we obtain for the confidence
interval (4.14) the following expression

(m(;-‘) 19( (2m) ))
V2m > ¥ : R[h] < Remplh, 2]+ |8 —22+—(In|=—)+1])],
m m 9

Neglecting the term In (4/8) /m (which decreases very quickly to zero for increas-
ing m) we plot the value of % (ln (27'”) + l) as a function of % in Figure 4.2.
Clearly, for %y > 30 the contribution of the VC term is less than 0.15 and thus,
by the constant factor of 8, we will have nontrivial results in these regimes. Vapnik
suggested this as a rule of thumb for the practicability of his bound. By the plots
in Figure 4.2 it is justifiable to say that, for 5 > 30, the training sample size is
sufficiently large to guarantee a small generalization error of the empirical risk
minimization algorithm.

Remark 4.12 (Data dependent hypothesis spaces) Another consequence of the
reasoning given above is that the hypothesis space H must be independent of the
training sample z. As we have seen in Chapter 2 there are two different viewpoints
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Figure 4.3 Curse of dimensionality. In order to reliably estimate a density in R" we sub-
divide the n—dimensional space into cells and estimate their probability by the frequency
that an example x € x falls into it. Increasing the number of cells would increase the
precision of this estimate. For a fixed precision, however, the number of cells depends
exponentially on the number n of dimensions.

of margin maximization. First, having the norm of each normal vector w fixed,
margin maximization aims to minimize the margin loss Imarein given by equation
(2.42). Second, defining the hypothesis space H to achieve a minimum real-valued
output of one at each training point, this makes H data dependent and, thus,
inappropriate for theoretical studies. Nevertheless this formulation of the problem
is algorithmically advantageous.

An important property of the VC dimension is that it does not necessarily
coincide with the number of parameters used. This feature is the key to seeing that,
by studying the convergence of expected risks, we are able to overcome a problem
which is known as curse of dimensionality: The number of examples needed to
reliably estimate the density in an n—dimensional space X grows exponentially
with n (see also Figure 4.3). In the following we will give three examples showing
that the VC dimension can be less than, equal to or greater than the number of
parameters. Note that these three examples are intended to illustrate the difference
between number of parameters and the VC dimension rather than being practically
useful.

Example 4.13 (VC dimension and parameters) Let us use the following three
examples to illustrate the difference between the dimensionality of parameter space
and the VC dimension (see Section 4.5 for references containing rigorous proofs).
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1. Consider X = R and

n
H = [x > sign (Z |wixi| sign (x) + w0> | (wo, Wi, ..., w,) € RH

i=1

Clearly, all functions in h are monotonically increasing and have exactly one zero.
Thus the maximum size d of a training sample z that can be labeled in all 2%
different ways is one. This implies that the VC dimension of H is one. As this
holds regardless of n the VC dimension can be much smaller than the number of
parameters. It is worth mentioning that for all n € N there exists a one-dimensional
parameterization of H—each w € R"*! is represented by its zero—which, however,
the difficulty is to find a-priori.

2. Consider X = R" and

H= {x > sign ((w, X)) | weR' } ,

where x & ¢ (x) for some fixed feature mapping ¢ : X — K C £} (see Definition
2.2). Given a sample x = (x1, ..., X;;) of m objects we thus obtain the m x n data
matrix X = (X’l; e X;n) e R™ . If the training sample size m is bigger than
the number n of dimensions the matrix X has at most rank n, i.e., Xw = t has, in
general, no solution. It follows that the VC dimension can be at most n. In the case
of m = n, by choosing the training sample (xy, ..., x,) such that xX; = e;, we see
that Xw = Iw = w, that is, for any labeling y € {—1, +1}", we will find a vector
w € R" that realizes the labeling. Therefore the VC dimension of linear classifiers
equals the number n of parameters.

3. Consider X = R and
H = {x > sign (sin (wx)) | w € R} .

Through w we can parameterize the frequency of the sine and thus, for uniformly
spaced training samples x € X" of any size m, we will find 2™ (extremely high)
values of w that label the m points in all 2™ different ways. As a consequence the
VC dimension is infinite though we have only one parameter.

4.2.3 Structural Risk Minimization
The analysis presented in the previous subsection revealed that the VC dimension

of H is the fundamental quantity that controls the uniform convergence of empiri-
cal risks to expected risks and, as such, the generalization error of an empirical risk
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minimization algorithm Aggy. Ideally, we would like to make the VC dimension
itself a quantity that can be minimized by a learning algorithm; in particular, if we
have too small a training sample z € Z™ of size m for too rich a hypothesis space
Hcyr having VC dimension ¢ >> m. A minimization of the VC dimension in
parallel to the training error is, however, theoretically not justified as the VC di-
mension is only characterizing the complexity of H of empirical risk minimization
algorithms.

One possible method of overcoming this problem is to use the principle
of structural risk minimization (SRM). By a structure we mean a set & =
{H1, ..., Hs} of s hypothesis spaces. It is often assumed that H; C --- C H, and
thus the relation H;_; C H; implies ¥y, , < ¥, for the VC dimensions of H,_;
and H;. Then the idea of SRM is to compute a set {-AERM,H,- (z) € ’H,-}‘;:l of hy-
potheses which minimize the training error Remp [, z] in the hypothesis space H;.
This set is later used to tradeoff the resulting training error Remp [-AERM,H,- (2), z]
versus the complexity (measured in terms of VC dimension t}3;,) using the con-
fidence interval (4.14) or (4.15). Clearly we cannot directly apply Theorems 4.7
because they assume a fixed hypothesis space. Further, we might have some prior
hope that the minimizer of the expected risk is within equivalence class #; which
we express by a probability distribution Ps. In order to get a theoretically justified
result we make use of the following lemma which is the basis of multiple testing’.

Lemma 4.14 (Multiple testing) Suppose we are given a set { Yy, ... Y} of s mea-
surable logic formulas Y : o, 2™ x N x (0, 1] — {true, false} and a discrete
probability measure Ps over the sample space {1, ..., s}. Let us assume that

Viel{l,...,s}:VmeN:V§ € (0,1]: Pz» (Y, (Z,m,8))>1-6.
Then, for allm € N and § € (0, 1],
Pz (Y1 (Z,m,$Ps (1)) A--- AY(Z,m,8Ps (s))) > 1 —36.

Proof The proof is a simple union bound argument. By definition

Pz» (Y1 (Z, m,8Ps (1)) A--- A Y5 (Z, m, $Ps (5)))
=1—Pz (=Y (Z,m,6Ps (1)) v---Vv =T, (Z m,5Ps(s)))

N

v

1— Pz (=7; (Z, m, §Ps (i))) (by the union bound)

i=1

5 In the theory of multiple statistical tests, the resulting statistical procedure is often called a Bonferroni test.
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N
>1— Z SPs(i)=1-56. (by assumption)
i=1

The lemma is proved. m

This simple lemma is directly applicable to Theorem 4.7 by noticing that for each
training sample size m and for all hypothesis space #; in the structure S the
corresponding logic formulas are given by

Y (z,m, 8) Vh € H; : |R 7] = Remp [h, 21| < \/% (m (%) + Gy, (2m)>,

4 2
Yi(z,m,8) = VYheH;:Remplh,z] #0V R[h] < — <ln (5) + Gy, (2m)) ,
m
where the first formula is for the VC bound and the second for the PAC bound.
Thus, we know that, with probability at least 1—§, simultaneously for all hypothesis
spaces H; € S and all hypotheses i € H;

8 4 1
RUA] = Roy [ 2] + \/ 2 (m (5> +in (PS <’H,-)> + G <2m)) L @420

and simultaneously for all hypothesis spaces H; € S and all hypotheses 7 € H,;
achieving zero training error Repp [/, 2] = 0

4 2 1
R[h] < - (ln <§> +In (Ps (Hi)> + Gy, (2m)) . 4.21)

Apparently, we are able to trade the complexity expressed by Gy, (2m) against the
training error Ry [4, z] (see also Figure 4.4) or we can simply stop increasing
complexity as soon as we have found a hypothesis space H,; containing a hypothe-
sis having zero training error at a price of — In (Pg (#;)). Thanks to the exponential
decrease, this price is very small if the number s of hypothesis spaces in S is small.
Note that the SRM principle is a curious one: In order to have an algorithm it is
necessary to have a good theoretical bound on the generalization error of the em-
pirical risk minimization method. Another view of the structural risk minimization
principle is that it is an attempt to solve the model selection problem. In place of
the ultimate quantity to be minimized—the expected risk of the learned function
Agrwm, 7, (z)—a (probabilistic) bound on the latter is used, automatically giving a
performance guarantee of the model selection principle itself.
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Figure 4.4 Structural risk minimization in action. Here we used hypothesis spaces H,;
such that ¢y, = i and H; € H;41. This implies that the training errors of the empirical

risk minimizers can only be decreasing which leads to the typical situation depicted. Note
that lines are used for visualization purposes because we consider only a finite set S of
hypothesis spaces.

Remark 4.15 (The role of Ps) The role of the numbers Ps (H;) seems somewhat
counterintuitive as we appear to be able to bias our estimate by adjusting these
parameters. The belief Ps must, however, be specified in advance and represents
some apportionment of our confidence to the different points where failure might
occur. We recover the standard PAC and VC bound if Pg is peaked at exactly one
hypothesis space In the first work on SRM it was implicitly assumed that these
numbers are +. Another interesting aspect of Ps is that, thanks to the exponential
term in Theo;em 4.7 using a uniform measure Pg we can consider up to O (e™)
different hypothesis spaces before deteriorating to trivial bounds.

4.3 The Luckiness Framework

Using structural risk minimization we are able to make the complexity, as measured
by the VC dimension of the hypothesis space, a variable of a model selection
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algorithm while still having guarantees for the expected risks. Nonetheless, we
recall that the decomposition of the hypothesis space must be done independently
of the observed training sample z. This rule certainly limits the applicability of
structural risk minimization to an a-priori complexity penalization strategy. The
resulting bounds effectively ignore the sample z € Z™ except with regard to the
training error Remp [A (z), z]. A prominent example of the misuse of structural
risk minimization was the first generalization error bounds for the support vector
machine algorithm. It has become commonly accepted that the success of support
vector machines can be explained through the structuring of the hypothesis space
‘H of linear classifiers in terms of the geometrical margin y, (w) of a linear classifier
having normal vector w (see Definition 2.30). Obviously, however, the margin itself
is a quantity that strongly depends on the sample z and thus a rigorous application
of structural risk minimization is impossible! Nevertheless, we shall see in the
following section that the margin is, in fact, a quantity which allows an algorithm
to control its generalization error.

In order to overcome this limitation we will introduce the /uckiness framework.
The goals in the luckiness framework are to

1. Formalize under which conditions we can use the training sample z € Z™ to
decompose a given hypothesis space H and

2. Provide PAC or VC like results, namely, uniform bounds on the expected risks
that szill do not depend on the unknown probability measure Pz.

In contrast to the VC and PAC framework the new uniform bound on the expected
risk R [A] of all hypotheses i € H is allowed to depend on the training sample z
and the single hypothesis 4 considered®.

Definition 4.16 (Luckiness generalization error bound) Suppose we are given a
hypothesis space H € Y% and a loss function | : Y x Y — R. Then the function
e N x (0,1l x U>_ | Z" x H — R* is called a luckiness generalization error
bound if, and only if, for all training sample sizesm € N, all § € (0, 1] and all Pz

Pzn (VheH: R[h|<e (m,8,Z,h)>1-6.

6 Note that a VC and PAC generalization error bound is implicitly dependent on the training error Remp [/, z].



136

Chapter 4

Given such a result we have automatically obtained a bound for the algorithm
which directly minimizes the ¢; (|z], §, z, h), i.e.,

A, (2) Z argmin & (2], 8,2, h) (4.22)
heH

Note that at present only PAC results for the zero-one loss /y_ are available. Hence

we must assume that, for the training sample z, there exists at least one hypothesis

h € H such that Reyp [, z] = 0.

The additional information we exploit in the case of sample based decomposi-
tions of the hypothesis space H is encapsulated in a luckiness function. The main
idea is to fix in advance some assumption about the measure Pz, and encode this
assumption in a real-valued function L defined on the space of training samples
z € 2™ and hypotheses i € H. The value of the function L indicates the extent
to which the assumption is satisfied for the particular sample and hypothesis. More
formally, this reads as follows.

Definition 4.17 (Luckiness function and level) Let H € YY and Z2 = X x Y
be a given hypothesis and sample space, respectively. A luckiness function L is a
permutation invariant function that maps each training sample z and hypothesis h
to a real value, i.e.,

o0
L:UZ’”X’H—>R.
m=1

Given a training sample z = (x, y), the level £, of a function h € H relative to L
and z is defined by

O @) E oo (8 (1) 1) - looi (8 (o) - ¥w)) 18 € H ()}

where the set H (h, z) is the subset of all hypotheses which are luckier on z, i.e.,
Hh,2) S {geM |L(z,8) =Lz} SH.

The quantity ¢; plays the central role in what follows. Intuitively speaking, for
a given training sample z and hypothesis % the level ¢ (z, #) counts the number
of equivalence classes w.r.t. the zero-one loss /y_; in H which contain functions
g € H that are luckier or at least as lucky as 4. The main idea of the luckiness
framework is to replace the coarse worst case argument—taking the covering num-
ber N as the maximum number of equivalence classes with different losses for
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an application of the union bound—by an actual sample argument (see Subsection
4.2.1).

Thanks to the symmetrization by a ghost sample we only needed to show
that for zero training error Remp [4, 2] = 0 on a sample of size m, the training
error on the ghost sample Z cannot exceed £ with high probability and then use
a union bound over all the equivalence classes. As we now want to make use of
the luckiness L (z, h) for the estimation of the number of equivalence classes,
we have to assume that also the luckiness (and thus the number of equivalence
classes measured by £;) cannot increase too much. This is formally expressed in
the following definition.

Definition 4.18 (Probable smoothness of luckiness functions) A luckiness func-
tion L is probably smooth with respect to the function w : R x [0, 1] — N, if for
allm € N, all distributions Pz and all § € [0, 1]

Pow@GheH : 0 (Z h)>w(L(Z,....2Z») . h),8) <8.

The intuition behind this definition is that it captures when the luckiness can be
estimated from the training sample (zy,...,z,) € 2™ with high probability.
We have to make sure that with small probability (at most §) over the random
draw of a training and ghost sample there are more than w (L ((z1, ..., Zy), h), )
equivalence classes that contain functions that are luckier than 4 on the training
and ghost sample (zy, ..., Zy, Zmils - - - » Zom)- Now we are ready to give the main
result in the luckiness framework.

Theorem 4.19 (Luckiness bound) Suppose L is a luckiness function that is prob-
ably smooth w.r.t. the function w. For any probability measure Pz, any d € N and
any § € (0, 1], with probability at least 1 — § over the random draw of the training
sample z € Z™ of size m, if Remp [h, 2] = 0 and @ (L (z, h), %) < 29 then’

2 4
R[h] < — (d +1d (—)) . (4.23)
m )

The lengthy proof is relegated to Appendix C.3. By the probable smoothness of
L, the value of the function w (L (z, h), §/4) can never exceed 2°”" because, for
the zero-one loss /y_1, the maximum number ¢, (z, 1) of equivalence classes on a
sample z of size maximally 2m is, for any & € H, at most this number. Hence we

7 Note that the symbol 1d denotes the logarithm to base 2 (see also page 331).
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can safely apply Lemma 4.14 using the following proposition

J ; 2 4
Vh € H : Remp [, 2] 750\/a)<L(z,h),Z) >2'VRI[h] < — (i—i—ld(g)),
m
which holds with probability at least 1 — § over the random draw of the training
sample z. This means, simultaneously for all functions 4 which achieve zero
training error Remp [4,2] = 0 and @ (m, L (z, h),dpq/4) < 29, we know with
probability at least 1 — § over the random draw of the training sample z € Z", that

2 4
R[h] < — (d-l—ld(—)) )
m pa

where the 2m numbers p,; must be positive and sum to one. This result is very
impressive as it allows us to use the training sample z € Z” to decompose
the hypothesis space 7. Such a decomposition is given by the data-dependent
structure S = {H1(z), ..., Hon (z)} where H; (z) is the set of all hypotheses
which lead to a complexity value  less than or equal to 2/, i.e.,

’H,-(z)z{he’H }w(m,L(z,h),%)fT}g’H.

We refer to [ld (w (m, L (z,h),-))] as an effective complexity—a complexity
which depends on the data z and is not a-priori fixed. The price we pay for this
generality is the anytime applicability of the bound: There is no guarantee before
we have seen the training sample z that 1d (w (m, L (2, h), -)) will be small for
any hypothesis /4 with zero training error Remp [/, z]. As soon as we make use of
z € 2" in the luckiness function L there will be a distribution Pz which yields
w(m,L (z,h),-) > 2™ for any consistent hypothesis # € V3 (z) and thus we
are unable to give any guarantee on the expected loss of these hypotheses. Such
a distribution corresponds to the maximum violation of our belief in Pz encoded
a-priori by the choice of the luckiness function L.

Remark 4.20 (Conditional confidence intervals) It is worth mentioning that the
approach taken in the luckiness framework is far from new in classical statistics.
The problem of conditional confidence intervals as a branch of classical test theory
is very closely connected to the idea underlying luckiness. The main idea behind
conditional confidence intervals is that although a confidence interval procedure
®: 2™ x [0, 1] — R has the property that, for all measures Pz,

Vé e[0,1]: Pz» (Vhe H:R[h] e ®(Z,8)>1-6,
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there might exist a collection 3 of training samples z € Z™ such that, for all
measures Pz,

V6 €[0,1]1:3k €[0,1]1: Pzmznezs (Vh e H:R[h] € ®(Z,8)) > 1 -8 —«.

Such collections 3 are called positively biased relevant collections and can effec-
tively be used to tighten the confidence interval @ if the training sample z is wit-
nessing the prior belief expressed via positively biased relevant collections. Hence
it is necessary to detect if a given training sample z falls into one of the prese-
lected positively biased relevant collections. The function w in Definition 4.18 can
be considered to serve exactly this purpose.

Before finishing this section we will give two examples of luckiness functions.
For further examples the interested reader is referred to the literature mentioned in
Section 4.5.

Example 4.21 (PAC luckiness) In order to show that the luckiness framework is,
in fact, a generalization of the PAC framework we consider the following luckiness
function L (z, h) = —v where ¥y is the VC dimension of H. Then, by the upper
bound given in Theorem A.105, we know that L is probably smooth w.r.t.

2em\ L

because the number of equivalence classes on a sample of size 2m can never exceed
that number. If we set p; = 1 if, and only if, i = vy we see that, by the luckiness
bound (4.23), simultaneously for all functions h that achieve zero training error
Remp [h,z] =0

2 2em 4
=2 (o0 (22) 41 (2)).
m Dy 8

which is, up to some constants, the same result as given by (4.15). Note that this
luckiness function totally ignores the sample z as mentioned in the context of the
classical PAC framework.

Example 4.22 (Empirical VC dimension luckiness) Suppose we are given a
training sample z. We define the empirical VC dimension as the largest natural
number d = ¥y (z) such that there exists a subset {z,-l, R z,-d} C{z1,..yzZm}
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on which the hypotheses h € H incur all the 2% loss patterns;

O () L max{je(l,.... |z} | Ny(z j) =27},
Nu(z j) = o (oot (G 5D - dor (R(F)) . 5))) TheHY.
2Cz|z|=]

Note that the classical VC dimension is obtained if z contains all points of the
space Z. Then we show in Appendix C4 that L (z,h) = —0eg (z) is probably
smooth w.r.t. the function

—4L—41n(s)
em )
9

w(L,8) = (—ZL —2In ()

for all § € [O, %] This shows that we can replace the VC dimension ¥y known
before the training sample arrives with the empirical VC dimension vy (z) after

having seen the data.

Remark 4.23 (Vanilla luckiness) The main luckiness result as presented in Theo-
rem 4.19 is a simplified version of the original result. In the full version the notion
of probable smoothness is complicated by allowing the possibility of exclusion of a
data-dependent fraction of the double sample before bounding the number of equiv-
alence classes of luckier functions H (h, z). As a consequence the data-dependent
fraction is added to the r.h.s. of equation (4.23). Using the more complicated luck-
iness result it can be shown that the margin y, (W) of a linear classifier parame-
terized by w is a probably smooth luckiness function. However, in the next section
we shall present an analysis for linear classifiers in terms of margins which yields
better results than the results in the luckiness framework. It is worth mentioning
that for some distributions the margin y, (W) of any classifier hy, can be arbitrarily
small and thus the bound can be worse than the a-priori bounds obtained in the
classical PAC and VC frameworks.

4.4 PAC and VC Frameworks for Real-Valued Classifiers

In Section 4.2 we introduced the growth function as a description of the complexity
of a hypothesis space H{ when using the zero-one loss /y_; and the empirical risk
minimization principle. This bound is tight as, for each training sample size m € N,
there exists a data distribution Pz for which the number of equivalence classes
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equals the number given by the covering number Ny (the exponentiated growth
function). In fact, assuming that this number of equivalence classes is attained by
the sample Zyorst, this happens to be the case if Pzn (Zyorst) = 1.8

On the other hand, in the case of linear classifiers, i.e., x — (X, W) where

x & ¢(x)and ¢ : X — K C £] (see also Definition 2.2), it seems plausible that
the margin, that is, the minimal real-valued output before thresholding, provides
confidence about the expected risk. Taking the geometrical picture given in Figure
2.1 on page 23 into account we see that, for a given training sample z € Z", the
covering number N7, on that particular sample is the number of different polyhedra
on the surface of the unit hypersphere. Having attained a functional margin of
¥, (W) (which equals y, (w) if ||[w|| = 1) when using A, (x) = sign ({(x, w)) for
classification, we know that we can inscribe a ball of radius at least 3, (w) in one of
the equivalence classes—the version space (see also Subsection 2.4.3). Intuitively
we are led to ask “how many equivalence classes can maximally be achieved if we
require the margin to be y, (W) beforehand?”. 1deally, we would like to use this
number in place of the number Ny, . The margin y, (W) is best viewed as the scale
at which we look on the hypothesis space F of real-valued functions. If the margin
is at least y then two functions are considered to be equivalent if their real-valued
outputs differ by not more than y on the given training sample z because they must
correspond to the same classification which is carried out by thresholding the real-
valued outputs. The scale sensitive version of the covering number N, when using
real-valued functions f € F for classification learning is defined as follows.

Definition 4.24 (Covering number of real-valued functions) Let F C RY be a
set of real-valued functions mapping from X to R. For a given sample x =
(X1,....,xn) € X" and y > 0 we define NZ (y, x) to be the smallest size of a
cover F,, (x) C F such that, for every f € F, there exists a function f in the
cover F,, (x) with

[(rao=Fe o rom=Ffow)| = max |[fon- 7ol <y

i=1,....m

8 Since we already assumed that the training sample zworst is iid w.r.t. a fixed distribution P, tightness of the
growth function based bounds is only achieved if

|:’Z’” (Zworst) = 1.

But, if there is only one training sample zworst this is impossible due to the well known “concentration of measure
phenomenon in product spaces” (see Talagrand (1996)).
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Figure 4.5 (Left) 20 real-valued function (solid lines) together with two training points
X1, x2 € R (crosses). The functions are given by f (x) = a1k (x1, x)+ a2k (x2, x) where o
is constrained to fulfill ||oc’ Ga || : < 1 (see Definition 2.15) and k is given by the RBF kernel
(see Table 2.1). (Right) A cover F,, ((x1, x2)) for the function class F (not the smallest). In
the simple case of m = 2 each function f € F is reduced to two scalars f (x1) and f (x2)
and can therefore be represented as a point in the plane. Each big black dot corresponds
to a function f' in the cover F), ((x, x2)); all the gray dots in the box of side length 2y
correspond to the function covered.

The quantity N°F (v, x) is called the empirical covering number at scale y. We
define the covering number N% (y, m) at scale y by

NF (y, m) < sup NF (v, x) .

xeXnmn

Intuitively, the value N°F (y, x) measures how many “bricks” of side length 2y we
need to cover the cloud of points in R” generated by (f (x1),..., f (x,)) over
the choice of f € F (see Figure 4.5). By definition, for each m € N, the covering
number is a function decreasing in y. By increasing y we allow the functions
f € Fand f € F, (x) to deviate by larger amounts and, thus, a smaller number
of functions may well suffice to cover the set F. Further, the covering number
NZ (y,m) at scale y does not depend on the sample but only on the sample size
m. This allows us to proceed similarly to a classical PAC analysis. In order to use
this refined covering number N we now consider the following event:
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There exists a function f that achieves zero training error Remp [Aw, 2] on
the sample z € Z™ and the covering number N (y; (W) /2, 2m) at the
measured scale 7, (W) /2 is less than 27 but the expected risk R [/1y] of fi
exceeds some pre-specified value e.

At first glance, it may seem odd that we consider only the scale of half the
observed margin y, (w) and a covering number for a double sample of size 2m.
These are technical requirements which might be resolved using a different proving
technique. Note that the covering number N7% (y, m) is independent of the sample
z € Z™ which allows us to define a function’ ¢ : N — R such that

e Emin{y eRY [ NF(y,2m) <2/} = NE(ed),2m) <2?, 4.24)

that is, e (d) is the smallest margin which ensures that the covering number
NZ (e (d),2m) is less than or equal to 29, Note that we must assume that the
minimum y € R" will be attained. Hence, the condition N (y, (W) /2, 2m) < 24
is equivalent to y, (w) > 2 - e (d). Now, in order to bound the probability of the
above mentioned event we proceed in a similar manner to the PAC analysis.

1. By the basic lemma C.2 we know that, for all me > 2,

Pz (3fw € F 1 (Remp [w: Z] = 0) A (R [hy] > &) A (J2 (W) = 2 - e (d)))
<2-Pan (J (2)),

where the proposition J (ZZ) with z, Z € Z™ is given by

dfweF: (Remp [hw, z] = 0) A (Remp [hw’ 2] > g) ANz (W) =2 e(d)) .

2. Now we apply a technique known as symmetrization by permutation (see page
291 for more details). The core idea is to make use of the fact that the double
sample z € Z™ is assumed to be an iid sample. Thus, deterministically swapping
the ith pair (x;, y;) € (21, ..., 2zn) With (X1, Yiem) € (Zmats - -, Z2m) Will not
affect the probability of J (Z). As a consequence we can consider the expected
probability of J (z) under the uniform distribution over all 2" different swappings
(represented as binary strings of length 7) and then exchange the expectation over
P, and the permutations. This allows us to fix the double sample z € Z" and
simply count the number of swappings that satisfy the condition stated by J (Z).

9 This function is also known as the dyadic entropy number (see also Appendix A.3.1).



144

Chapter 4

ferF

fe Fooy((w1,22)) C F

Figure 4.6 Relation between the real-valued output of a cover element f' S
Fea) ((x1,x2)) € F and the real-valued output of the covered function f e F. For il-
lustrative purposes we have simplified to the case of m = 1 and z = {(x1, +1), (x2, +1)}.
Note that the distance of the functions is the maximum deviation on the real-valued output
at the two points x1 and x, only and thus at most e (d). By assumption, f correctly clas-
sifies (x1, +1) with a margin greater than 2 - e (d) and thus f' (x1) = e(d). Similarly, f
incorrectly classifies (x2, +1) and thus f' (x2) must be strictly less than e (d).

3. For a fixed double sample z = (x, y) € (X x Y)*" let us consider a cover
Fow) (x) C F atscale e (d). So, for all functions f € F there exists a real-valued
function f € F,) (x) whose real-valued output deviates by at most e (d) from the
real-valued output of f at the double sample x € X*". By the margin condition
Vizysnzm) (W) > 2 - e (d) we know that for all fy, € F which achieve zero training

error, Remp [Aw, (21, ...,2,)] = 0, the corresponding elements fw of the cover
F,(q) (x) have a real-valued output y; fw (x;) on all objects (xq, ..., x,,) of at least
e (d). Similarly, for all fy € F that misclassify points in (Zy+1, . .., Z2,;) We know

that their corresponding elements fy of the cover F,y) (x) achieve real-valued

outputs y; fw (x;) strictly less than e (d) on these points since a misclassification
corresponds to a negative output at these points (see Figure 4.6). As a consequence,
the probability of J (z) is upper bounded by the fraction of swapping permutations
w:{l,...,2m} — {1, ..., 2m} such that

3f € Foay (%) : (,:IPmm Ve f (Xzi)) = e (d)) A (4.25)

1 . . .
EH)’:‘f(Xi)<e(d) | i e{n(m+1),...,n(2m)}}‘>§.

4. Suppose there exists a swapping permutation satisfying the logical formula
(4.25). Then the maximum number of points that can be swapped is m — %" because
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swappmg any of the 8—’” or more examples (x;, y;) € (Zust,--., 2Z2m) for which

Vi f (x;) < e(d)into the first m examples would violate min;—; _», Y= f (xn(,))

e (d). Under the umform distribution over all swappings this probability is less than
27m . 2m=% = 2=% Further, the number of functions f € Fe@) (x) considered
is less than or equal to NZ (e (d) , 2m) which by definition (4. 24) 1s less than or
equal to 2. Thus for a fixed sample this probability is less than 29~ % . It is worth
noticing that this last step is the point where we use the observed margin y, (w)
to boil down the worst case number N, (when only considering the binary valued
functions) to the number 2¢ that needs to be witnessed by the observed margin

Yz (W).

Using the fact that for all d € N, 24=% > | whenever me < 2, we have shown
the following theorem.

Theorem 4.25 (Covering number bound) Let F C RY be a set of real-valued
functions parameterized by w € W whose associated classifications are H =
{x — sign(f (x)) | f € F}. For the zero-one loss ly_1, for alld € N* and ¢ > 0

Pz (Elhw €Vu @) : (R[hw]l > &) A <N°f° (@ 2m) < 2d>> < pdH1I=%

where the version space Vy; (z) is defined in Definition 2.12.

An immediate consequence is, that with probability at least 1 — § over the random
draw of the training sample z € Z™, the following statement Y; (z, m, §) is true

Vhy € Vi (2) : (R [hy] < % (i +1d (%))) v (NO; (V"';W),zm) > 2") .

Noticing that the bound becomes trivial for i > [m /2] (because the expected risk is
at most one) we can safely apply the multiple testing lemma 4.14 with uniform Pg
over the natural numbers i € {1, ..., [m/2]}. Thus we have shown the following
powerful corollary of Theorem 4.25.

Corollary 4.26 (Covering number bound) Let F € RY be a set of real-valued
functions parameterized by w € W whose associated classifications are H =
{x > sign(f (x)) | f € F}. For the zero-one loss ly_y, for any § € (0, 1], with
probability at least 1 — § over the random draw of the training sample z € Z",
for all hypotheses hy that achieve zero training error Reyp [hw, 2] = 0 and whose
margin satisfies NF (y, (W) /2,2m) < 27 the expected risk R [hy] is bounded
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from above by

2 7, 1
Rlhy] < = ([m (N;S (” éw), 2m)ﬂ +1d (m) + 1d (5)) . (4.26)

Although this result cannot immediately be used to uniformly bound the expected
risk of /1y, we see that maximizing the margin y, (w) will minimize the upper bound
on the expected error R [Ay]. Thus it justifies the class of large margin algorithms
introduced in Chapter 2.

Remark 4.27 (Bounds using the empirical covering number) By a more care-
ful analysis it is possible to show that we can use the empirical covering number
NZ (v (W) /2, x) in place of the worst case covering number N (y; (W) /2, 2m)
where x € X" is the observed sample of m inputs. This, however, can only be
achieved at the price of less favorable constants in the bound because we do not
observe a ghost sample and therefore must use the training sample z € Z" to es-
timate NF (y; (W) /2, 2m). Further, for practical application of the result, it still
remains to characterize the empirical covering number N (v, (W) /2, x) by an
easy-to-compute quantity of the sample z € Z™.

4.4.1 VC Dimensions for Real-Valued Function Classes

It would be desirable to make practical use of equation (4.26) for bounds similar to
those given by Theorem 4.7. This is not immediately possible, the problem being
determining N% for the observed margin. This problem is addressed using a one
integer summary which, of course, is now allowed to vary for the different scales
y. Therefore, this summary is known as generalization of the VC dimension for
real-valued functions.

Definition 4.28 (VC Dimension of real-valued function classes) Let F < RY
be a set of real-valued functions from the space X to R. We say that a sample of
m points x = (X1, ..., Xy) € X" is y—shattered by F if there are m real numbers
Fly ...,y such that for all 2™ different binary vectors y € {—1, +1}" there is a
function f, € F satisfying

>rity ifyi=+1

fy(xi){ <ri—y if yi = —1
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Figure 4.7 (Left) Two points x; and x7 on the real line. The set F is depicted by the
functions F = {fi,..., fa}. (Right) The maximum y ~ 0.37 (vertical bar) we can
consider for y-shattering is quite large as we can shift the functions F by different values
r1 and ro for x; and x», respectively. The shifted set F — r; for x; is shown by dashed
lines. Note that f1 —r;, fo —ri, f3 —ri and fq —r; realize y = (—1, —1), y = (-1, +1),
y=(+1,—1)and y = (+1, +1), respectively.

The fat shattering dimension fatr : R" — N maps a value y € R to the size of
the largest y—shattered set, if this is finite, or infinity otherwise.

In order to see that the fat shattering dimension is clearly a generalization of the VC
dimension we note that, for y — 0, the fat shattering dimension lim,,_, fatz (y)
equals the VC dimension vy of the thresholded set H = {sign(f) | f € F} of
binary classifiers. By using the scale parameter y € Rt we are able to study the
complexity of a set of real-valued functions proposed for binary classification at
a much finer scale (see also Figure 4.7). Another advantage of this dimension is
that, similarly to the VC and PAC theory presented in Section 4.2, we can use it
to bound the only quantity entering the bound (4.26)—the log-covering number
Id (N‘}? (y, (W) /2, 2m)). In 1997, Alon et al. proved the following lemma as a
byproduct of a more general result regarding the characterization of Glivenko-
Cantelli classes.

Lemma 4.29 (Bound on the covering number) Let F € RY be a set of functions
from X to the closed interval |a, b). For all m € N and any y € (a, b) such that
d = fatr (%) <m,

o 2em (b — a) 4m (b—a)2
1d(Nf<y,m))§1+d-1d( 4 >ld< vz )
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This bound is very similar to the bound presented in Theorem 4.10. The VC dimen-
sion ¥y, has been replaced by the corresponding value fatx () of the fat shattering
dimension. The most important difference is the additional 1d (4m (b —a)?*/ )/2)
term the necessity of which is still an open question in learning theory. The lemma
is not directly applicable to the general case of real-valued functions f € F be-
cause these may be unbounded. Thus the idea is to truncate the functions into a
range [—t, 7] by the application of a truncation operator T, i.e.,

ot ot T if f(x)>rt
T.(AET(HIfeF), T.(H®O=] f) if—-t<f@)=<7
-7 if f(x)<-—t

Obviously, for all possible scales y € R™ we know that the fat shattering dimen-
sion fatr (r) (y) of the truncated set of functions is less than or equal to the fat
shattering dimension fatz (y) of the non-truncated set F since every sample that
is y—shattered by 7T, (F) can be y—shattered by F, trivially, using the same but
nontruncated functions. As a consequence we know that, for any value T € R" we
might use for truncation, it holds that the log-covering number of the truncated set
T, (F) of functions can be bounded in terms of the fat shattering dimension of F
and the value of T

4 16mt2
Id (N ) (v.m)) < 1+ fatye (%) 1d (%) 1d (%) ‘
4

In addition we know that, regardless of the value of T € R", the function T (f)
performs the same classification as f, i.e., for any training sample z € Z” and all
functions [ € F

R [Sigl’l (f)] =R [Sigl’l (T: (f))] ’ Remp [Sigl’l ), Z] = Remp [Sigl’l (T: (f)» Z] .

Using these two facts we aim to replace the log-covering number of the function
class F by the log-covering number ld(N;f( f_)()?z (w)/2,2m)) of the set T, (F) of
truncated real-valued functions. Note that t € R must be chosen independently
of the training sample z € Z™. In order to achieve this we consider the following
well defined function ¢ : N — R

é (d) défmin {y € R+ } N%?(}-) (% 2m) = 2d } = NT;(({)(}-) (é (d) ) 2]’]’1) = 2d )

in place of the dyadic entropy number considered given in equation (4.24). By
definition, whenever N;’f’(d) (f_)()?z(w) /2,2m) < 27 it must follow that 7, (w) >

e

2 - e (d) which, together with Lemma 4.29, implies that the log-covering number
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ld(N%f(d) F) (7.(W)/2,2m)) cannot exceed

% 8em - & (d 32m - (€ (d))?
1+fatf(yz<w)>1d ef?@ e( )~ d m (6(2))
fate (0 ) - ()

V. (W) 8em

b(yz(w))

In other words, by Lemma 4.29 we know that whenever the training sample z € Z™
and the weight vector w € K under consideration satisfy b (y, (w)) < d then
the log-covering number ld(N%f_f(d) 7 (V2(W)/2,2m)) is upper bounded by d. By
Theorem 4.25 it follows that, with probability at least 1 — § over the random draw
of the training sample z € Z", the statement

2 2
Yi(z,m,8) =Vhy € Vi (2) 2 (b(yz (W) > 1)V (R [hw] < . (i +1d (5>>>
is true. As a consequence, stratifying over the |_%-| different natural numbers i
using the multiple testing lemma 4.14 and a uniform Pg gives Theorem 4.30.
Notice that by the assumptions of Lemma 4.29 the margin y, (W) must be such
that fat~ (y, (w) /8) is less than or equal to 2m.

Theorem 4.30 (Fat shattering bound) Let 7 € RY be a set of real-valued
functions parameterized by w € W whose associated classifications are H =
{x > sign(f (x)) | f € F}. For the zero-one loss ly_y, for any § € (0, 1], with
probability at least 1 — § over the random draw of the training sample z € Z",
for all hypotheses hy that achieve zero training error Remp [hw, 2] = 0 and whose
margin v, (W) satisfies Oe¢¢ = fatr (y, (W) /8) < 2m the expected risk R [hy] is
bounded from above by

2 8em 2
R[hy] < — Gﬁeffld( ) 1d szﬂ +1d (m) + 1d (—)) ) 4.27)
m ﬂeff )

Ignoring constants, it is worth noticing that compared to the original PAC bound
given by equation (4.15) we have an additional 1d (32m) factor in the complexity
term of equation (4.27) which is due to the extra term in Lemma 4.29. Note that in
contrast to the classical PAC result, we do not know beforehand that the margin—
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whose fat shattering dimension replaces the VC dimension—will be large. As such,
we call this bound an a-posteriori bound.

4.4.2 The PAC Margin Bound

Using Lemma 4.29 we reduced the problem of bounding the covering number N
to the problem of bounding the fat shattering dimension. If we restrict ourselves
to linear classifiers in a feature space K we have the following result on the fat
shattering dimension.

Lemma 4.31 (Fat shattering bound for linear classifiers) Suppose that X =
{x e K |Ix|| < ¢} is a ball of radius ¢ in an inner product space K and con-
sider the linear classifiers

F={xr(w,x) ||wl=B, xeX}

with norm bounded by B. Then

2
fatr (y) < (%) . (4.28)

The proof can be found in Appendix C.5. In terms of Figure 2.6 we see that (4.28)
has an intuitive interpretation: The complexity measured by fatr at scale y must
be viewed with respect to the total extent of the data. If the margin has a small
absolute value, its effective incurred complexity is large only if the extent of the
data is large. Thus, for linear classifiers, the geometrical margin'® y, (w) itself does
not provide any measure of the complexity without considering the total extent of
the data. Combining Lemma 4.31 with the bound given in Theorem 4.30 we obtain
a practically useful result for the expected risk of linear classifiers in terms of the
observed margin. Note that we must ensure that fat (y, (w) /8) is at most 2m.

Theorem 4.32 (PAC Margin bound) Suppose I is a given feature space. For all
probability measures Pz such that Px ({x | |¢ ()| < ¢}) = 1,forany § € (0, 1],
with probability at least 1 —§ over the random draw of the training sample z € Z",
if we succeed in correctly classifying m samples z with a linear classifier fy having
a geometrical margin y, (W) of at least /32/mg, then the expected risk R [hy] of

10 Note that for ||w| = 1 functional margin y; (w) and geometrical margin y; (W) coincide.
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hy w.r.t. the zero-one loss ly_; is bounded from above by

2 64° (vz (W) em (2_m )
" <|7(J/z (W))2 1d < 82 ) Id (32’71)—‘ +1d 5 . 4.29)

This result is the theoretical basis of the class of large margin algorithms as it
directly allows us to make use of the attained geometrical margin y, (w) for giving
bounds on the expected risk R [Ay] of a linear classifiers. An appealing feature
of the result is the subsequent capability of obtaining nontrivial bounds on the
expected risk even when the number n of dimensions of feature space is much
larger than the number m of training examples. Whilst this is impossible to achieve
in the parametric statistics approach we see that by directly studying the expected
risk we are able to defy the curse of dimensionality.

Remark 4.33 (Sufficient training sample size) Az first glance the bound (4.29)
might represent progress. We must recall, however, that the theorem requires
that the attained margin y, (W) satisfies m (v, (W))* /> > 32. Noticing that
(¢c/y: (W))? can be viewed as an effective VC dimension Ue we see that this is
equivalent to assuming that ﬁ > 32—the rule of thumb already given by Vapnik!
However, calculating the minimum training sample size m for a given margin com-
plexity e = (¢ /]y, (W))?, we see that equation (4.29) becomes nontrivial, i.e., less
than one, only for astronomically large values of m, e.g., m > 34816 for ¥ = 1
(see Figure 4.8). Thus it can be argued that Theorem 4.32 is more a qualitative
Justification of large margin algorithms than a practically useful result. We shall
see in Section 5.1 that a conceptually different analysis leads to a similar bound
for linear classifiers which is much more practically useful.

4.4.3 Robust Margin Bounds

A major drawback of the margin bound given by Theorem 4.32 is its sensitivity
to a few training examples (x;, y;) € z € 2™ for which the margin y; (w) of a
linear classifier 4y, may be small. In the extreme case we can imagine a situation
in which the first m — 1 training examples from z are correctly classified with a
maximum margin of y; (W) = ¢ but the last observation has y,, (w) = 0. It does
not seem plausible that this single point has such a large impact on the expected
risk of &y, that we are unable to give any guarantee on the expected risk R [/y].
Algorithmically we have already seen that this difficulty can easily be overcome by
the introduction of soft margins (see Subsection 2.4.2). As a consequence, Shawe-
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Figure 4.8 Minimal training sample size as a function of the margin complexity ¢*/y 2
such that equation (4.29) becomes less than the one (ignoring the 1d (2/8) term due to the
astronomically large values of m).

Taylor and Cristianini called the existing margin bound ‘“nonrobust”. The core
idea involved in making the margin bound (4.29) “robust” is to construct an inner
product space K from a given feature space K C £ such that, for a linear classifier
hy that fails to achieve only positive margins y; (W) on the training sample z, we
can find a corresponding linear classifier 4 in the inner product space K achieving
a positive margin y, (W) on the mapped training sample whilst yielding the same
classification as &y, for all unseen test objects. One way to achieve this is as follows:

1. Based on the given input space X and the feature space K with the associated
mapping ¢ : X — K for each training sample size m we set up a new inner product
space

REK I N [jellm), (x,0x)) € &
i=1

endowed with the following inner product'!

def

(W, ). ) & tw.x)e + / () g (o) dx, (4.30)

where the second term on the r.h.s. of (4.30) is well defined because we only
consider functions that are non-zero on finitely many (at most m) points. The
inner product space K can be set up independently of a training sample z. Given a

positive value A > 0, each point x; € x is mapped to K by T (x;) & (X,», Alxl.).

11 For the sake of clarity, we use a subscript on inner products (-, -) i in this subsection.
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2. For a given linear classifier parameterized via its normal vector w € K we
define a mapping w, , : K — K such that the minimum real-valued output (the
functional margin) is at least y € R", i.e.,

min_y;(@a, (W), Ta (5))g =y > 0.

i=1,....m

This can be achieved by the following mapping

e l
wA .y (W) o (W,Z Z )’i'd((xi,yz'),W,J/)'lx,-),

(xi,yi)ez
def
d((X,y),W, J/) :e max{O,y—y(W,X)K} P

where d ((x, y),w, y) measures how much w fails at (x, y) € Z to achieve a
functional margin of y. Using equation (4.30) for each point (x iy j) € z in the
training sample it follows that the real-valued output in the new inner product space
K is at least y

yilway W . 1a(x))g = yi(W. X))+, Z yi-d ((xi, yi) W, y) - Il

(xi.yi)€z
= yj(w.x))e +d((x;,5,), W)
> yj(w, Xj)zc +y —yiw, Xj)zc =V

Further, for each example (x, y) ¢ z not contained in the training sample we see
that the real-valued output of the classifier @, , (W) equals the real-valued output
of the unmodified weight vector w, i.e.,

Y@ay W . TAaWg = YWty Y yi-d (@ y) . woy) bl

(xi,yi)ez

=Yy <W7 X)IC .

Hence we can use w, , (W) to characterize the expected risk of w but at the same
time exploit the fact that w, ,, (W) achieves margin of at least y in the inner product
space.

3. Let us assume that Pz is such that Px ({x € X | |x|lx < ¢}) = 1. In order to
apply Theorem 4.32 for w, , (W) and the set {5 (x) | x € X'} we notice that, for
a given value of y and A,
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(a) the geometrical margin of @, ,, (W) is at least

oy 7o (9)le y
~ = 2’
||wA,)/ (W) ||]C \/”W”]ZC _|_ (D(ZXVJ/))
where

D (z,w,y) < \/ S @Gy W) (431)

(xi,yi)ez

Note that (D (z, w, 1))2 exactly captures the squared sum of the slack variables
in the soft margin support vector machine algorithm given by (2.49).

(b) all mapped points are contained in a ball of radius v/ ¢? + A? because
VieX:  lra@IE=Ixli+A% <+ A%

Thus by an application of Lemma 4.31 to a classifier @, ,, (W) we have shown the

following lemma'?.

Lemma 4.34 (Margin distribution) Suppose K is a given feature space. For all
A > 0, for all probability measures Pz such that Px ({x € X | |xX|lx <¢}) =1,
for any § € (0, 1], with probability at least 1 — § over the random draw of the
training sample z € Z™, for all y € (0, ¢] the expected risk R [hyw] of a linear
classifier hy w.r.t. the zero-one loss ly_, is bounded from above by

R [hy] < 2 ([dﬁ(A) ld< Sem )1d(32m)—‘ +1d (2_’”))
YT m ¢ defr (A) b ’

where

2
64(||W||,2C—|- (D(zzv,y)> )(g2+A2)

defr (A) = )2

(4.32)
must obey degr (A) < 2m.

Note that the term D (z, w, ) given in equation (4.31) is not invariant under
rescaling of w. For a fixed value of y increasing the norm ||w|x of w can only
lead to a decrease in the term D (z, w, ). Thus, without loss of generality, we will
fix [[w],c = 1 in the following exposition.

12 With a slight lack of rigor we omitted the condition that there is no discrete probability Pz on misclassified
training examples because w ,, (W) characterizes w only at non-training examples.
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Unfortunately, Lemma 4.34 is not directly applicable to obtaining a useful
bound on the expected risk in terms of the margin distribution (measured by
D (z,w, y)) as we are required to fix A in advance. The way to overcome this
problem is to apply Lemma 4.14 for different values of A. By Lemma 4.34 we
know that, with probability at least 1 — § over the random draw of the training
sample z € Z™, the following statement is true

Y (z,m,8) =Vw € K : (degr (A;) > 2m) Vv

<R [hy] < EGd (A.)ld( Bem )ld(32m)—‘+1d (2_’”))>
wl = m eff i deff(Ai) 3 X

In Appendix C.6 we give an explicit sequence of A; values which proves the final
margin distribution bound.

Theorem 4.35 (Robust margin bound) Suppose K& C £} is a given feature space.
For all probability measures Pz such that Px ({x € X | ||X|lx < ¢}) = 1, for any
8 € (0, 1], with probability at least 1 — & over the random draw of the training
sample z € Z™, for all y € (0, ¢] the expected risk R [hyw] w.r.t. the zero-one loss
lo—1 of a linear classifier hy, with ||W||, = 1 is bounded from above by

Rlhyl < % ([deffld (Zem) 1d (32m)—‘ +1d (w» L @33

eff

where
65 (¢ +3D (z, W, y))*
)/2

must obey degr < 2m.

degt =

Note that, by application of Lemma 4.14, we only gain an additional summand of
34+ 1d (ld (\/ﬁ)) in the numerator of equation (4.33). Coming back to our initial
example we see that, in the case of m — 1 examples correctly classified with a
(maximum) geometrical margin of y; (W) = ¢ and the mth example misclassified
by a geometrical margin of 0, Theorem 4.35 gives us an effective dimensionality
dege of 65 - 16 = 1040 and thus, for sufficiently large training sample size m,
we will get a nontrivial bound on the expected risk R [Ay] of hy although 7y,
admits training errors. Note, however, that the result is again more a qualitative
justification of soft margins as introduced in Subsection 2.4.2 rather than being
practically useful (see also Remark 4.33). This, however, is merely due to the fact
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that we set up the “robustness” trick on top of the fat shattering bound given in
Theorem 4.30.

Remark 4.36 (Justification of soft margin support vector machines) One of the
motivations for studying robust margin bounds is to show that the soft margin
heuristic introduced for support vector machines has a firm theoretical basis. In
order to see this we note that in the soft margin case the norm ||W| i of the re-
sulting classifier is not of unit length as we fixed the functional margin to be one.

Therefore, we consider the case of y = and Wyorm = which gives

Iwllxc HWH)C

1 2 m 1 W 2
o)) = B o))
( ( o lwllx 21 1wl Iwlle™ ™ [

— i ”2 Z(max{o (1 —yi (w,x;)0)H?

= > ”2 Zlquad(w X )i, Vi) = 2 Zé:,,

according to the slack variables &; introduced in equation (2.48) and (2.49). For
the effective dimensionality d.g it follows

desr = 65wl | s+ =65 (s Wik +311£1,)° (4.34)

I 3|I 28
i=1

< 65(clwlc+31ElL)° . (4.35)

where we use the fact that |||, < ||&|l,. Since by the assumption that & > 0 we

know &, = 21:1 & and, thus, equation (4.35) and (4.34) are somewhat similar
to the objective function minimized by the optimization problems (2.48) and (2.49).

Application to Adaptive Margin Machines

In Section 2.5 we have introduced adaptive margin machines as a fairly robust
learning algorithm. In this subsection we show that a straightforward application
of the margin distribution bound (4.33) reveals that the algorithm aims to mini-
mize effective complexity although no direct margin maximization appears to be
included in the objective function (2.57). The key fact we exploit is that, due to the
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constraints (2.58), we know, for each feasible solution « and &,

m
Vi € {1, ,WI} . inOljyj(Xj,X,') >1 —Si +)baik (X,',X,')
j=1

(w.x;)
which readily implies
Viefl,....m}: 1—(w,x;) =< & — ik (xi, %),
Vie{l,...,m}: max{0,1—(w,x;)} < max{0,§& — ho;k (x;, x;)} . (4.36)

Now for any linear classifier parameterized by w let us apply Theorem 4.35 with

Whorm = ﬁ and y = m The resulting effective complexity measured by d.g is

then given by

2

m

1 w 2
dgg = 65|wl*> | c+3 (max{O,—— <—x>}>
f 2 w2 \iwl

i=1

2

65| s lwll+3 | > (max {0, 1 — y; (w,x)H* | . (4.37)

i=1

Combining equation (4.36) and (4.37) we have shown the following theorem for
adaptive margin machines.

Theorem 4.37 (Adaptive margin machines bound) Suppose K C €} is a given
feature space. For all probability measures Pz such that Py (|l¢ (X)|| < ¢) = 1, for
any § € (0, 1], with probability at least 1 — § over the random draw of the training
sample z, for all feasible solutions oo > 0 and & > 0 of the linear program (2.57)—
(2.58) the expected risk R [hw] w.r.t. the zero-one loss ly_y of the corresponding
linear classifier w =Y ', a;y;X; is bounded from above by

Rihyl <= ([deffld (86’") Id (32m)—‘ +ud (W)) ,
m defr P)

where dogs < 2m with

2
defr = 65 (5 wll +3 Zmax {0, & — daik (x;, xi)}> : (4.38)

i=1
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Proof The proof is an immediate consequence of Theorem 4.35, equation (4.36)
and equation (4.37) using the fact that the max function in the inner sum always
returns positive numbers ¢; and hence

The theorem is proved. =

From this theorem we can get the following insight: As both the vector « of the
expansion coefficients and the vector & of the slack variables must be positive,
the effective dimensionality d.¢ is minimized whenever &§; < Aok (x;, x;). Let us
consider a fixed value of A and a fixed linear classifier parameterized by . Then
the algorithm given by equations (2.57)—(2.58) aims to minimize the sum of the
&;’s which, by equation (4.38), will minimize the resulting effective complexity of
a. The amount by which this will influence d.¢ is controlled via A, i.e., for small
values of A (no regularization) the impact is very large whereas for A — o0 (total
regularization) the minimization of Y, & has no further impact on the effective
complexity.

4.5 Bibliographical Remarks

This chapter reviewed different mathematical models for learning. We demon-
strated that classical statistical analysis is not suited for the purpose of learning
because it studies the convergence of probability measures (see Billingsley (1968),
Pollard (1984) and Amari (1985)) and thus leads to observations such as the “curse
of dimensionality” (Bellman 1961). Further, classical statistical results often have
to assume the “correctness” of the probabilistic model which is essential for the
maximum likelihood method to provide good convergence results (see Devroye
et al. (1996, Chapters 15, 16) for a discussion with some pessimistic results). In
contrast, it has been suggested that studying convergence of risks directly is prefer-
able (see Vapnik and Chervonenkis (1971), Vapnik (1982), Kearns and Vazirani
(1994), Devroye et al. (1996), Vidyasagar (1997), Anthony (1997), Vapnik (1998)
and Anthony and Bartlett (1999)). In the case of empirical risk minimization algo-
rithms this has resulted in the so-called VC and PAC framework. The PAC frame-
work was introduced 1984 in the seminal paper of Valiant (1984) in which he
specializes the general question of convergence of expected risks to the problem
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of learning logic formulas assuming that the hypothesis space # contains the tar-
get formula. Hence all uncertainty is due to the unknown input distribution'® Py.
The restriction to logic formulas also simplified the matter because the number of
hypotheses then becomes finite even though it grows exponentially in the number
of binary features. Since then a number of generalizations have been proposed by
dropping the assumption of finite hypothesis spaces and realizability, i.e., the “or-
acle” draws its target hypothesis 4#* from the hypothesis space H which we use
for learning (see Blumer et al. (1989) and Anthony (1997) for a comprehensive
overview). The latter generalization became known as the agnostic PAC frame-
work (Kearns et al. 1992). Though we have ignored computational complexity and
computability aspects, the PAC model in its pure form is also concerned with these
questions.

Apart from these developments, V. Vapnik and A. Chervonenkis already studied
the general convergence question in the late 1960s. In honor of them, their frame-
work is now known as the VC (Vapnik-Chervonenkis) framework. They showed
that the convergence of expected risks is equivalent to the uniform convergence
of frequencies to probabilities over a fixed set of events (Vapnik and Chervo-
nenkis 1991) (see Vapnik (1998, Chapter 16) for a definition of “nontrivial” hy-
pothesis spaces and Bartlett et al. (1996) for a constructive example). This equiv-
alence is known as the key theorem in learning theory. The answer to a particular
case of this problem was already available through the Glivenko-Cantelli lemma
(Glivenko 1933; Cantelli 1933) which says that the empirical distribution function
of a one dimensional random variable converges uniformly to the true distribution
function in probability. The rate of convergence was proven for the first time in
Kolmogorov (1933). Vapnik and Chervonenkis generalized the problem and asked
themselves which property a set of events must share such that this convergence
still takes place. As a consequence, these sets of events are known as Glivenko-
Cantelli classes. In 1987, M. Talagrand obtained the general answer to the problem
of identifying Glivenko-Cantelli classes (Talagrand 1987). Ten years later this re-
sult was independently rediscovered by Alon et al. (1997). It is worth mentioning
that most of the results in the PAC framework are particular cases of more general
results already obtained by Vapnik and coworkers two decades before.

The main VC and PAC bounds given in equations (4.11) and (4.12) were first
proven in Vapnik and Chervonenkis (1974) and effectively differ by the exponent
at the deviation of ¢. In Vapnik (1982, Theorem 6.8) it is shown that this expo-
nent continously varies from 2 to 1 w.r.t. the smallest achievable expected risk

13 In the original work of Valiant he used the term oracle to refer to the Py.
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inf,c R [h] (see also Lee et al. (1998) for tighter results in the special case of
convex hypothesis spaces). The VC and PAC analysis revealed that, for the case
of learning, the growth function of a hypothesis space is an appropriate a-priori
measure of its complexity. As the growth function is very difficult to compute,
it is often characterized by a one-integer summary known as VC dimension (see
Theorem 4.10 and Sontag (1998) for an excellent survey of the VC dimension).
The first proof of this theorem is due to Vapnik and Chervonenkis (1971) and was
discovered independently in Sauer (1972) and Shelah (1972); the former credits
Erdos with posing it as a conjecture. In order to make the VC dimension a vari-
able of the learning algorithm itself two conceptually different approaches were
presented: By defining an a-priori structuring of the hypothesis space—sometimes
also referred to as a decomposition of the hypothesis space H (Shawe-Taylor et al.
1998)—it is possible to provide guarantees for the generalization error with high
confidence by sharing the confidence among the different hypothesis spaces. This
principle, known as structural risk minimization, is due to Vapnik and Chervo-
nenkis (1974). A more promising approach is to define an effective complexity via
a luckiness function which encodes some prior hope about the learning problem
given by the unknown P7z. This framework, also termed the luckiness framework is
due to Shawe-Taylor et al. (1998). For more details on the related problem of con-
ditional confidence intervals the interested reader is referred to Brownie and Kiefer
(1977), Casella (1988), Berger (1985) and Kiefer (1977). All examples given in
Section 4.3 are taken from Shawe-Taylor et al. (1998). The luckiness framework is
most advantageous if we refine what is required from a learning algorithm: A learn-
ing algorithm A is given a training sample z € Z™ and a confidence § € (0, 1],
and is then required to return a hypothesis A (z) € H together with an accuracy
¢ such that in at least 1 — & of the learning trials the expected risk of A (z) is
less than or equal to the given &. Y. Freund called such learning algorithms self
bounding learning algorithms (Freund 1998). Although, without making explicit
assumptions on Pz, all learning algorithms might be equally good, a self bounding
learning algorithm is able to tell the practitioner when its implicit assumptions are
met. Obviously, a self bounding learning algorithm can only be constructed having
a theoretically justified generalization error bound available.

In the last section of this chapter we presented a PAC analysis for the particular
hypothesis space of linear classifiers making extensive use of the margin as a
data dependent complexity measure. In Theorem 4.25 we showed that the margin,
that is, the minimum real-valued output of a linear classifier before thresholding,
allows us to replace the coarse application of the union bound over the worst case
diversity of the binary-valued function class by a union bound over the number of
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equivalence classes witnessed by the observed margin. The proof of this result can
also be found in Shawe-Taylor and Cristianini (1998, Theorem 6.8) and Bartlett
(1998, Lemma 4). Using a scale sensitive version of the VC dimension known as
the fat shattering dimension (Kearns and Schapire 1994) we obtained bounds on the
expected risk of a linear classifier which can be directly evaluated after learning.
An important tool was Lemma 4.29 which can be found in Alon et al. (1997).
The final step was an application of Lemma 4.31 which was proven in Gurvits
(1997) and later simplified in Bartlett and Shawe-Taylor (1999). It should be noted,
however, that the application of Alon’s result yields bounds which are practically
irrelevant as they require the training sample size to be of order 10° in order to
be nontrivial. Reinterpreting the margin we demonstrated that this margin bound
directly gives a bound on the expected risk involving a function of the margin
distribution. This study closely followed the original papers Shawe-Taylor and
Cristianini (1998) and Shawe-Taylor and Cristianini (2000). A further application
of this idea showed that although not containing any margin complexity, adaptive
margin machines effectively minimize the complexity of the resulting classification
functions. Recently it has been demonstrated that a functional analytic viewpoint
offers ways to get much tighter bounds on the covering number at the scale of
the observed margin (see Williamson et al. (2000), Shawe-Taylor and Williamson
(1999), Scholkopf et al. (1999) and Smola et al. (2000)).
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Bounds for Specific Algorithms

This chapter presents a theoretical study of the generalization error of specific algo-
rithms as opposed to uniform guarantees about the expected risks over the whole
hypothesis space. It starts with a PAC type or frequentist analysis for Bayesian
learning algorithms. The main PAC-Bayesian generalization error bound measures
the complexity of a posterior belief by its evidence. Using a summarization prop-
erty of hypothesis spaces known as Bayes admissibility, it is possible to apply the
main results to single hypotheses. For the particular case of linear classifiers we
obtain a bound on the expected risk in terms of a normalized margin on the train-
ing sample. In contrast to the classical PAC margin bound, the new bound is an
exponential improvement in terms of the achieved margin. A drawback of the new
bound is its dependence on the number of dimensions of feature space.

In order to study more conventional machine learning algorithms the chapter
introduces the compression framework. The main idea here is to take advantage
of the fact that, for certain learning algorithms, we can remove training examples
without changing its behavior. It will be shown that the intuitive notion of compres-
sion coefficients, that is, the fraction of necessary training examples in the whole
training sample, can be justified by rigorous generalization error bounds. As an ap-
plication of this framework we derive a generalization error bound for the percep-
tron learning algorithm which is controlled by the margin a support vector machine
would have achieved on the same training sample. Finally, the chapter presents a
generalization error bound for learning algorithms that exploits the robustness of a
given learning algorithm. In the current context, robustness is defined as the prop-
erty that a single extra training example has a limited influence on the hypothesis
learned, measured in terms of its expected risk. This analysis allows us to show that
the leave-one-out error is a good estimator of the generalization error, putting the
common practice of performing model selection on the basis of the leave-one-out
error on a sound theoretical basis.
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5.1 The PAC-Bayesian Framework

Up to this point we have investigated the question of bounds on the expected risk
that hold uniformly over a hypothesis space. This was done due to the assumption
that the selection of a single hypothesis on the basis of the training sample z €
Z™ is the ultimate goal of learning. In contrast, a Bayesian algorithm results in
(posterior) beliefs Pyz»_, over all hypotheses. Based on the posterior measure
PHz»—. different classification strategies are conceivable (see Subsection 3.1.1
for details). The power of a Bayesian learning algorithm is in the possibility
of incorporating prior knowledge about the learning task at hand via the prior
measure Py. Recently D. McAllester presented some so-called PAC-Bayesian
theorems which bound the expected risk of Bayesian classifiers while avoiding
the use of the growth function and related quantities altogether. Unlike classical
Bayesian analysis—where we make the implicit assumption that the unknown
measure Pz of the data can be computed from the prior Py and the likelihood
Pzh=x by EH [PZ|H:h]—these results hold for any distribution Pz of the training
data and thus fulfill the basic desiderata of PAC learning theory. The key idea
to obtain such results is to take the concept of structural risk minimization to its
extreme—where each hypothesis space contains exactly one hypothesis. A direct
application of the multiple testing lemma 4.14 yields bounds on the expected
risk for single hypotheses, which justify the use of the MAP strategy as one
possible learning method in a Bayesian framework. Applying a similar idea to
subsets of the hypothesis space H then results in uniform bounds for average
classifications as carried out by the Gibbs classification strategy. Finally, the use of
a simple inequality between the expected risk of the Gibbs and Bayes classification
strategies completes the list of generalization error bounds for Bayesian algorithms.
It is worth mentioning that we have already used prior beliefs in the application of
structural risk minimization (see Subsection 4.2.3).

5.1.1 PAC-Bayesian Bounds for Bayesian Algorithms

In this section we present generalization error bounds for the three Bayesian
classification strategies presented in Subsection 3.1.1. We shall confine ourselves to
the PAC likelihood defined in Definition 3.3 which, in a strict Bayesian treatment,
corresponds to the assumption that the loss is given by the zero-one loss /;_. Note,
however, that the main ideas of the PAC-Bayesian framework carry over far beyond
this simple model (see Section 5.4 for further references).
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A Bound for the MAP Estimator

Let us consider any prior measure Py on a hypothesis space % = {/;};,. Then,
by the binomial tail bound given in Theorem A.116, we know that, for all ¢ > 0,

Vh, € H : Pz ((Remp [h,-, Z] = O) A (R[h] > 8)) < exp (—me) ,

that is, the probability that a fixed hypothesis commits no errors on a sample
of size m, although its expected risk is greater than some prespecified ¢, decays
exponentially in €. This is clearly equivalent to the the following statement

In (5)
Yi (z,m,8) = (Remp Lhi, 2] #0) Vv Rihil = — 25, (5.1

which holds with probability at least 1 — § over the random draw of the training
sample z € Z”. Hence, applying Lemma 4.14 with Ps = Py we have proven our
first PAC-Bayesian result.

Theorem 5.1 (Bound for single hypotheses) For any measure Py and any mea-
sure Pz, for any § € (0, 1], with probability at least 1 — § over the random draw of
the training sample z € Z™ for all hypotheses h € Vy (2) that achieve zero train-
ing error Remp [h, 2] = 0 and have Py (h) > 0, the expected risk R [h] is bounded
from above by

1 1 1
R[h] < - (ln <PH (h)) +In <§>) . (5.2)

This bound justifies the MAP estimation procedure because, by assumption of the
PAC likelihood for each hypothesis 4 not in version space Vy (z), the posterior
measure Py zn_, (1) vanishes due to the likelihood term. Thus, the posterior mea-
sure Pyzn_, is merely a rescaled version of the prior measure Py, only positive
inside version space Vy (z). Hence, the maximizer Apyap (z) of the posterior mea-
sure Pyjzn_, must be the hypothesis with maximal prior measure Py which is, at
the same time, the minimizer of equation (5.2).

A Bound for the Gibbs Classification Strategy

Considering the Gibbs classification strategy given in Definition 3.8 we see that,
due to the non-deterministic classification function, the expected risk of Gibbs,
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based on Py zn_, can be written as
R[Gibbs;] = Exy [Enzr—: [lo-1 (H(X), Y)]] = Enzn; [Exy [lo—1 (H(X), )]].

In case of the PAC likelihood we know that, for a given training sample z € Z”,
the posterior probability can only be positive for hypotheses 4 within version
space V7 (z). Let us study the more general case of a Gibbs classification strategy
Gibbsy ;) over a subset H (z) < V3 (z) of version space (the original Gibbs
classification strategy Gibbs, is retained by setting H (z) = Vy (2)), i.e.,

Gibbsp(z) (x) = h (x) , h ~ PHHen ) - (5.3)
The expected risk of this generalized classification strategy can then be written as

R [Gibbsy z)| = Enpen o [Exy [lo-t (HX), Y)]] = Eupenn [R[H]] - (5.4)

The main idea involved in obtaining a bound for this classification strategy is to
split up the expectation value in equation (5.4) at some point € € (0, 1] and to use
the fact that by the zero-one loss /y_, for all hypotheses R [A] < 1,

R[Gibbsy ()] < € - Pupen [R[H] < €]+ 1 Phpenc [R[H] > €] .

Thus, it is necessary to obtain an upper bound on PyjHep (o) [R [H] > 8] over the
random draw of the training sample z € Z™. Fully exploiting our knowledge
about the probability of drawing a training sample z such that a hypothesis / in
version space Vy (z) has an expected risk R [/] larger than ¢, we use equation
(5.1) together with the quantifier reversal lemma (see Lemma C.10 in Appendix
C.7). This yields that, for all 8 € (0, 1), with probability at least 1 — § over the
random draw of the training sample z,
1 In (ﬁ)

Va € (0,1]: Pi| (He Vy () A R[H]>(1_ﬂ) — <a,

&

where we replace Repp [H, z] = 0 by H € V4 (z) which is true by definition. Note
that we exploit the fact that Pzy—, = Pz which should not be confused with the
purely Bayesian approach to modeling the data distribution Pz (see Chapter 3). In
the current context, however, we consider the unknown true distribution Pz which
is not influenced by the (algorithmical) model 2 € H chosen. As by assumption
H (z2) € V4 (2) it easily follows that
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Py ((He H (z) A (R[H] > ¢)) _ o
Pu (H (2)) Ph (H (2))

Finally, choosing « = Py (H (z)) /m and B = 1/m, as well as exploiting the
fact that the function PyjHep (o) [R [H] > 8] is monotonically increasing in ¢, it is
readily verified that, with probability at least 1 — § over the random draw of the
training sample z € 2™,

Prien (R[H] > ¢) =

1

R[Gibbsy]| < (1——)+l
LDDSH (z) = ¢ " "

1 1 1
= - (ln (—PH 7 (z))) + 2In (m) + In (§> + 1) .

Thus we have shown our second PAC-Bayesian result.

Theorem 5.2 (Bound for subsets of hypotheses) For any measure Py and any
measure Pz, for any § € (0, 1], with probability at least 1 — § over the random
draw of the training sample z € Z™ for all subsets H (z) < Vi (2) such that
Py (H (z)) > 0, the expected risk of the associated Gibbs classification strategy
Gibbsy ;) is bounded from above by

. 1 1 1
R[Gibbsyy]| < -~ (m (m) +2In(m) +1n (5) + 1) ) (5.5)

As expected, the Gibbs classification strategy Gibbs, given in Definition 3.8
minimizes the r.h.s. of equation (5.5). Remarkably, however, the bound on the
expected risk for the Gibbs classification strategy is always smaller than or equal
to the bound value for any single hypothesis. This is seemingly in contrast to
a classical PAC analysis which views the learning process as a selection among
hypotheses based on the training sample z € Z™.

The Gibbs-Bayes Lemma

Finally, in order to obtain a PAC-Bayesian bound on the expected risk of the Bayes
classification strategy given in Definition 3.7 we make use of the following simple
lemma.
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Lemma 5.3 (Gibbs-Bayes lemma) For any measure Pwzn_, over hypothesis
space H < Y% and any measure Pxy over data space X x'Y = Z, for all
training samples z € Z™ and the zero-one loss ly_,

R [Bayes;] < |Y|- R [Gibbs;] . (5.6)

Proof For any training sample z € Z™ and associated measure Py z»_, consider
the set

Z;={(x,y) € Z | lo-1 (Bayes; (x),y) =1} .

For all points (x,y) ¢ Z, in the complement, the r.h.s. of equation (5.6) is
zero and thus the bound holds. For all points (x, y) € Z, the expectation value
Enjzn—; [10—1 H), y)] (as considered for the Gibbs classification strategy) will
be at least ﬁ because Bayes, (x) makes, by definition, the same classification
as the majority of the /4’s weighted by Pyjzn_,. As there are |)| different classes
the majority has to have a measure of at least ﬁ Thus, multiplying this value by
|Y| upper bounds the loss of one incurred on the L.h.s. by Bayes,. The lemma is

proved. m

A direct application of this lemma to Theorem 5.2 finally yields our third PAC-
Bayesian result.

Theorem 5.4 (Bound for the Bayes classification strategy) For any measure Py
and any measure Pz, for any § € (0, 1], with probability at least 1 — § over the
random draw of the training sample z € Z™, for all subsets H (z) € Vy (2)
such that Py (H (z)) > 0 the expected risk of the generalized Bayes classification
strategy Bayesy ) given by

Bayesp ) (x) £ argmax PuHen (th e H [h(x) =y))
yey

is bounded from above by

|V 1 1
R [BayesH(z)] < P (ln (m) +2In(m) +In (5) + 1) . 5.7

Again, H (z) = Vy (z) minimizes the bound (5.7) and, as such, theoretically
justifies the Bayes optimal decision using the whole of version space without
assuming the “correctness” of the prior. Note, however, that the bound becomes
trivial as soon as Py (V (z)) < exp(—m/|Y|). An appealing feature of these
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bounds is given by the fact that their complexity Py (V4 (z)) vanishes in the
most “lucky” case of observing a training sample z such that all hypotheses are
consistent with it.

If we have chosen too “small” a hypothesis space beforehand there might
not even exist a single hypothesis consistent with the training sample; if, on the
other hand, the hypothesis space H contains many different hypothesis the prior
probability of single hypotheses is exponentially small. We have already seen this
dilemma in the study of the structural risk minimization framework (see Subsection
4.2.3).

Remark 5.5 (Evidence and PAC-Bayesian complexity) If we consider the PAC-
likelihood Pyx=x H=h (y) = )=y we see that the posterior belief Pyjzn—; is
a rescaled version of the prior belief Pyjzn—,. More interestingly, the evidence
Ex [PZ"‘\H:h] equals the prior probability of version space Py (Vy (z)). Thus, in
the final bound (5.7) the effective complexity is the negated log-evidence, i.e., max-
imizing the log-evidence over a small number of different models is theoretically
Jjustified by a PAC-Bayesian bound (together with Lemma 4.14) for any data dis-
tribution Pz. This result puts the heuristic model selection procedure of evidence
maximization on a sound basis and furthermore removes the necessity of “correct
priors”.

Bounds with Training Errors

It is worth mentioning that the three results presented above are based on the
assertion given in equation (5.1). This (probabilistic) bound on the expected risk of
hypotheses consistent with the training sample z € Z" is based on the binomial tail
bound. If we replace this starting point with the corresponding assertion obtained
from Hoeffding’s inequality, i.e.,

In (5)
Yi(z,m,8) =R [h;] — Remp [hi, z] <
2m
and perform the same steps as before then we obtain bounds that hold uniformly

over the hypothesis space (Theorem 5.1) or for all measurable subsets H € H of
hypothesis space (Theorems 5.2 and 5.4). More formally, we obtain the following.

Theorem 5.6 (PAC-Bayesian bounds with training errors) For any measure Py
and any measure Pz, for any § € (0, 1], with probability at least 1 — § over the
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random draw of the training sample z € Z™, for all hypotheses h € H such that
Py (h) > 0,

R [h] = Remp [h, z] + \/ﬁ <1H (PHl(h)) +1n (%)) .

Moreover, for all subsets H (z) € H such that Py (H (z)) > 0 the expected
risk R [Gi bbsH(z)] of the Gibbs classification strategy Gibbsy ) is bounded from
above by

1 1 1 1
Remp [H (Z) y Z] + \/% (ln <m) + 21In (I’}’l) + In (g)) + Z s (58)

where Remp [H (2) , Z] & EnHen o) [Remp [H, z]] is the average training error
over all hypotheses in H (z).

Clearly, even in the case of considering hypotheses which incur training errors,
it holds that the bound is smaller for the Gibbs classification strategy than for
any single hypothesis found by the MAP procedure. Moreover, the result on
the expected risk of the Gibbs classification strategy (or the Bayes classification
strategy when using Lemma 5.3) given in equation (5.8) defines an algorithm
which selects a subset H (z) € H of hypothesis space H so as to minimize the
bound. Note that by the selection of a subset this procedure automatically defines
a principle for inferring a distribution PyjHe () over the hypothesis space which is
therefore called the PAC-Bayesian posterior.

Remark 5.7 (PAC-Bayesian posterior) The ideas outlined can be taken one step
further when considering not only subsets H (z) < H of a hypothesis space but
whole measures' Quzn—,. In this case, for each test object x € X we must consider
a (Gibbs) classification strategy Gibbsqy,n_, that draws a hypothesis h € H
according to the measure Qu z»—, and uses it for classification. Then, it is possible
to prove a result which bounds the expected risk of this Gibbs classification strategy
Gibbsay,._, uniformly over all possible Quzn—; by

D (Quizn—; [IPH) +1In(m) +1n (+) +2
EQHZmz[Remp[H,z]]Jr\/ (Quiz Hz)m_1m G)+2 (5.9)

1 With a slight abuse of notation, in this remark we use Qzn—, and qyzn—, to denote any measure and
density over the hypothesis space based on the training sample z € Z™.
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where?

_ Apjzr—; (H)
D (Qujzn—; IPH) = Eqyzn_, [ln( fr (H)

is known as the Kullback-Leibler divergence between Quzn—, and Py. Disregard-
ing the square root and setting 2m — 1 to m (both are due to the application of
Hoeffding’s inequality) we therefore have that the PAC-Bayesian posterior is ap-
proximately given by the measure Qu z»—, which minimizes

D (QH\Z”‘=z ”PH) + In(m) + In (é) +2

m

Eqzn_, [Remp [H. 2]] + (5.10)

Whenever we consider the negative log-likelihood as a loss function,

1 & 1
Remp [h, 2] = - Zln (Pzj=n ((xi, y1))) = - In (Pznh=s (2)) .
i=1

this minimizer equals the Bayesian posterior due to the following argument:

» For all training sample sizes m € N we have that

1
EQH‘zm=z [Remp [H7 z]] = _;EQle’":z [ln (PZ”’|H:h (Z))] .

= Dropping all terms which do not depend on Quzn—,, equation (5.10) can be
written as

1 R M)D
o o o 85
1 i Qnjzn— (H) >D
= — | Equm_. |1
m ( Quizn— i n (sz|H=h (z) fu (H)
— l (E _ln ( Apjzr—: (H) >])
=\ FQuzn— | \fhzne; (H) P20 (2)

1 [ (Quize= (DY
= m (EQHZ’HZ -111 ( leZ’”:z (H) > In (PZ’” (Z))i|> .

This term is minimized if and only if Quzn_, (h) = fuzn—; (h) for all hypotheses
h € H. Thus, the PAC-Bayesian framework provides a theoretical justification
for the use of Bayes’ rule in the Bayesian approach to learning as well as a

2 Note that ¢ and f denote the densities of the measures Q and P, respectively (see also page 331).



172

Chapter 5

quantification of the “correctness” of the prior choice, i.e., evaluating equation
(5.9) for the Bayesian posterior Pyjzn_, provides us with a theoretical guarantee
about the expected risk of the resulting Bayes classification strategy.

5.1.2 A PAC-Bayesian Margin Bound

Apart from building a theoretical basis for the Bayesian approach to learning,
the PAC-Bayesian results presented can also be used to obtain (training) data-
dependent bounds on the expected risk of single hypotheses 7 € H. One moti-
vation for doing so is their tightness, i.e., the complexity term — In (Py (H (z)))
is vanishing in maximally “lucky” situations. We shall use the Bayes classification
strategy as yet another expression of the classification carried out by a single hy-
pothesis 4 € H. Clearly, this can be done as soon as we are sure that, for a given
subset H (h) € H, Bayesy, behaves exactly the same as a single hypothesis
h € H on the whole space Z w.r.t. the loss function considered. More formally,
this is captured by the following definition.

Definition 5.8 (Bayes admissibility) Given a hypothesis space H < Y% and a
prior measure Py over H we call a subset H (h) € H Bayes admissible w.r.t. &
and Py if, and only if,

Vix,y)e Z: lo—1 (h (x),y) = lo—1 (Bayesyn (x),y) .

For general hypothesis spaces H and prior measures Py it is difficult to verify the
Bayes admissibility of a hypothesis. Nevertheless, for linear classifiers in some

feature space K, i.e., x — sign ({(x, w)) where x &f ¢(x)and¢p : X — K C £}
(see also Definition 2.2), we have the following geometrically plausible lemma.

Lemma 5.9 (Bayes admissibility for linear classifiers in feature space) For the
uniform measure Pw over the unit hypersphere VW C IC C €5 each ball B, (w) =
{(veW | |lw—v| <t} C W isBayes admissible w.r.t. to its center

Ewwes, w [W]
C = .
| Ewiwes, ) [W]|

Proof The proof follows from the simple observation that the center of a ball is
always in the bigger half when bisected by a hyperplane. m
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Remarkably, in using a ball B, (w) rather than w to get a bound on the expected
risk R [hy] of hy we make use of the fact that iy, summarizes all its neighboring
classifiers iy € Vg (z), v € B, (w). This is somewhat related to the idea of a
covering already exploited in the course of the proof of Theorem 4.25: The cover
element f € F, (x) carries all information about the training error of all the
covered functions via its real-valued output referred to as the margin (see page
144 for more details).

In this section we apply the idea of Bayes admissibility w.r.t. the uniform
measure Py to linear classifiers, that is, we express a linear classifier x >
sign ((x, w)) as a Bayes classification strategy Bayess, ) over a subset B, (w) of
version space V (z) such that Py (B, (W)) can be lower bounded solely in terms
of the margin. As already seen in the geometrical picture on page 57 we need to
normalize the geometrical margin y; (w) of a linear classifier 4, by the length ||x;||
of the ith training point in order to ensure that a ball of the resulting margin is
fully within version space V' (z). Such a refined margin quantity I'; (w) offers the
advantage that no assumption about finite support of the input distribution Py needs
to be made.

Theorem 5.10 (PAC-Bayesian margin bound) Suppose K C ¢} is a given fea-
ture space of dimensionality n. For all probability measures Pz, for any § € (0, 1],
with probability at least 1 —§ over the random draw of the training sample z € Z",
if we succeed in correctly classifying m samples z with a linear classifier fy achiev-
ing a positive normalized margin ', (w),

P (X, W
r;w) def min 7})( )

N 5.11)
i=l.m W] - Il

then the generalization error of hy, is bounded from above by

2 1 1
R[hw]fZ(dln(l_m)+21n(m)+ln<g)+2> : (5.12)

where d = min (m, n).

The proof is given in Appendix C.8. The most appealing feature of this new margin
bound is, of course, that in the case of maximally large margins, i.e., I'; (w) = 1,
the first term vanishes and the bound reduces to

s (omoen(5)+2)
—|2In(m)+In{=)+2]) .
m )
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Here, the numerator grows logarithmically whilst the denominator grows linearly
hence giving a rapid decay to zero. Moreover, in the case of

r,w) > \/2exp (—%) —exp(—1) = 0.91

we enter a regime where —In(1 — /1 — F%(W)) < % and thus the troublesome
situation of d = m is compensated for by a large observed margin. The situation
d = m occurs if we use kernels which map the data into a high dimensional space
as with the RBF kernel (see Table (2.1)).

Example 5.11 (Normalizing data in feature space) Theorem 5.10 suggests the
following learning algorithm: Given a version space V (z) find the classifier w
that maximizes ', (w). This algorithm, however, is given by the support vector
machine only if the training data in feature space K are normalized. In Figure 5.1
we plotted the expected risks of support vector machine solutions (estimated over
100 different splits of the datasets® t hyroid (m = 140, my = 75) and sonar
(m = 124, mys = 60) ) with (dashed line) and without normalization (solid line)
as a function of the polynomial degree p of a complete polynomial kernel (see
Table 2.1). As suggested by Theorem 5.10 in almost all cases the normalization
improved the performance of the support vector machine solution at a statistically
significant level.

Remark 5.12 (Sufficient training sample size) It may seem that this bound on
the expected risk of linear hypotheses in terms of the margin is much tighter than
the PAC margin bound presented in Theorem 4.32 because its scaling behavior
as a function of the margin is exponentially better. Nevertheless, the current result
depends heavily on the dimensionality n € N of the feature space K& C £, whereas
the result in Theorem 4.32 is independent of this number. This makes the current
result a practically relevant bound if the number n of dimensions of feature space
K is much smaller than the training sample size. A challenging problem is to use
the idea of structural risk minimization. If we can map the training sample z € Z™
in a low dimensional space and quantify the change in the margin solely in terms
of the number n of dimensions used and a training sample independent quantity,
then we can use the margin plus an effective small dimensionality of feature space
to tighten the bound on the expected risk of a single classifier.

3 These datasets are taken from the UCI Benchmark Repository found at htt p: // ww. i ¢s. uci . edu/ ~n ear n.
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Figure 5.1 Expected risks of classifiers learned by a support vector machine with (solid
line) and without (dashed line) normalization of the feature vectors x;. The error bars
indicate one standard deviation over 100 random splits of the datasets. The plots are
obtained on the t hyr oi d dataset (left) and the sonar dataset (right).

Remark 5.13 (“Risky” bounds) The way we incorporated prior knowledge into
this bound was minimal. In fact, by making the assumption of a uniform measure
Pw on the surface of a sphere we have chosen the most uninformative prior pos-
sible. Therefore our result is solution independent, it is meaningless where (on the
unit sphere) the margin I"; (W) is observed. Remarkably, the PAC-Bayesian view
offers ways to construct “risky” bounds by putting much more prior probability on
a certain region of the hypotheses space H. Moreover, we can incorporate unla-
beled data much more easily by carefully adjusting our prior Pyy.

5.2 Compression Bounds

So far we have have studied uniform bounds only; in the classical PAC and VC
framework we bounded the uniform convergence of training errors to expected
risks (see Section 4.2.1). In the luckiness framework we bounded the expected
risk uniformly over the (random) version space (see Theorem 4.19). In the PAC
Bayesian framework we studied bounds on the expected risk of the Gibbs classifi-
cation strategy uniformly over all subsets of hypothesis (version) space (Theorem
5.2 and 5.6), or possible posterior measures (equation (5.9)). We must recall, how-
ever, that these results are more than is needed. Ultimately we would like to bound
the generalization error of a given algorithm rather than proving uniform bounds
on the expected risk. In this section we will present such an analysis for algorithms
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that can be expressed as so-called compression schemes. The idea behind compres-
sion schemes stems from the information theoretical analysis of learning where the
action of a learning algorithm is viewed as summarization or compression of the
training sample z € Z™ into a single function. Since the uncertainty is only within
the m classes y € Y™ (given the m objects x € X™) the protocol is as follows: The
learning algorithm gets to know the whole training sample z = (x, y) € (X x ))"
and must transfer d bits to a classification algorithm that already knows the m train-
ing objects x € X™. The requirement on the choice of d € N is that the classifi-
cation algorithm must be able to correctly classify the whole training sample by
just knowing the d bits and the objects x. If this is possible than the sequence y of
classes must contain some redundancies w.r.t. the classification algorithm’s ability
to reproduce classes, i.e., the hypothesis space # € V¥ chosen. Intuitively, a small
compression coefficient d/m should imply a small expected risk of the classifica-
tion strategy parameterized by the d bits. This will be shown in the next subsec-
tion. In the subsequent subsection we apply the resulting compression bound to the
perceptron learning algorithm to prove the seemingly paradoxical result that there
exists an upper bound on its generalization error driven by the margin a support
vector machine would have achieved on the same training sample. This example
should be understood as an example of the practical power of the compression
framework rather than a negative result on the margin as a measure of the effective
complexity of single (real-valued) hypotheses.

5.2.1 Compression Schemes and Generalization Error

In order to use the notion of compression schemes for bounds on the generaliza-
tion error R [A, z] of a fixed learning algorithm A : U>° | Z" — H C VY we
are required to formally cast the latter into a compression framework. The learning
algorithm A must be expressed as the composition of a compression and recon-
struction function. More formally this reads as follows:

Definition 5.14 (Compression scheme) Let the set 1, C {1,..., m}? comprise
of all index vectors of size exactly d € N,

Lo ={G1,....ip)e{l,...om} |iy £ #ia} .

Given a training sample z € Z" and an index vector i € 1, let z; be the
subsequence indexed by i,

Zi déf (Zil""’zid) .
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The algorithm A : Uy | Z™ — H is said to be a compression scheme of size
d if, and only if, there exists a compression function €, : UX,Z" — I, and
a reconstruction function Ry : 29 — Y whose composition yields the same
hypothesis as A (z), i.e.,

Vze 2" A(z) = Ra (ze,0) - (5.13)

The compression scheme is said to be permutation invariant if, and only if, the
reconstruction function Ry is permutation invariant.

Before we proceed to present a generalization error bound for compression
schemes we will try to enhance the understanding of this formal definition by
casting a few of the algorithms presented in this book into this definition.

Example 5.15 (Perceptron learning algorithm) /n the case of the perceptron
learning algorithm given in Algorithm I we see that the removal of all training
examples (x;, y;) € z that were never used to update the weight vector would not
change the algorithm’s solution because the algorithm decides on an update using
only the current weight vector w, and the current example (x;,y;) € z. Hence
we could run the perceptron learning algorithm to track only the indices i of all
training examples used in an update step (compression function Cy). Afterwards
we run the perceptron learning algorithm again on the subsample z; (reconstruc-
tion function Rj;) which would give the same solution as running the algorithm on
the full training sample z € Z™. Thus, by virtue of equation (5.13) the perceptron
learning algorithm is a compression scheme.

Example 5.16 (Support vector learning) /n order to see that support vector
learning fits into the compression framework we notice that, due to the station-
ary conditions, at the solutions & € R™, é € R” to the mathematical programs
presented in Section B.5

Vie(l.omb: G (vilx W) - 14+&) =0. (5.14)

Now imagine we run the support vector algorithm and find all training samples
indices i such that y; (X,-, W) = l—él- where (x;, y;) € z (compression function Cy;),
that is, all patterns that lie directly on the hyperplanes {X e | (x, W) ==1 } (if
& = 0) and within the margin or even on the wrong side of the hyperplane (if
& >0). If we now rerun the support vector learning algorithm on z; we know that
we obtain the same weight vector W =y | &;y;X; because, by virtue of equation
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(5.14), the left-out training examples must have had expansion coefficients of zero.
Further, the ordering of z;j is irrelevant. As a consequence, the support vector
learning algorithm is a permutation invariant compression scheme.

It is interesting to note that the relevance vector machine algorithm (see Section
3.3) is not expressible as a compression scheme. Consider that we conduct a first
run to select the training examples which have non-zero expansion coefficients in
the final expansion. A rerun on this smaller subset of the training sample would not
obtain the same classifier because the computation of the few nonzero expansion
coefficients «; uses all the m classes y € )" and examples x € X" given (see
Algorithm 7).

In the following we confine ourselves to the zero-one loss /y_; ( ¥y, y) = ljzy.
As mentioned earlier this is not a severe restriction and can be overcome by using
different large deviation bounds (see Subsection A.5.2). Let us start with the simple
PAC case, that is, we assume that there exists a hypothesis h* € V¥ such that
Pyix=x (¥) = ly*(x)=y. Then, for a given compression scheme of size d < m we
will bound the probability of having training samples z € Z™ such that the training
error RemplRa(ze,(z), 21 = 0 but the expected risk R[Ry(ze, ()] of the function
learned is greater than ¢. This probability can be upper bounded by the sum of the
probabilities that the reconstruction function R (z;) returns a hypothesis with this
property over the choice of i € 1, ,,, i.e.,

Pz ((Remp [‘{Rd (Z@d(z)) ) Z] = 0) ( [Rd (Z@d(z))] ))
<Pz (Ji € Lo * (Remp [Ra (Z0) . Z] = 0) A (R [Ra (ZD)] > ¢))
> Pon (Remp [Ra Z) . Z] = 0) A (R[Ra ZD)] > &) . (5.19)

i€l ,m

I/\

Clearly, for any i € I;,, a correct classification of the whole training sample
z € Z" implies a correct classification of the subset (z \ (z,-l, AU z,-d)) e Zn=d of
training samples not used. Moreover, using the fact that Pz» is a product measure,
the single summands in (5.15) are upper bounded by

Ezi [Pzn-azi—; ((Remp [Ra (2), Z] = 0) A (R[Ry ()] > ©))] .

Note that in this expression the symbol Z denotes the m — d random training ex-
amples whereas the symbol z € Z? denotes the d training examples used to re-
construct the hypothesis. Since all the m — d training examples Z are assumed
to be drawn iid from Pz we know that the innermost probability cannot exceed
(1 — &)™ % due to the binomial tail bound. Further, we know that the number of
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different index vectors i € I, equals* (Z’)d ! which finally gives that the proba-
bility in (5.15) is strictly less than ('Z)d (1 — &)™ “. This statement is equivalent
to the following assertion Y; (z, m, 8) that holds with probability at least 1 — &
over the random draw of the training sample z € Z™ for all compression schemes
(C;, R;) of size i

In ((7)i!) + In (3
(Remp [R; (2. C; (2)), 2] #0) Vv (R [Ri (z, C; (2))] < ((l)m)_ ; (8)> .
Using Lemma 4.14 with uniform Pg over the numbers i € {1,...,m} we have
proven the following theorem.

Theorem 5.17 (PAC compression bound) Suppose we are given a fixed learning
algorithm A : U>_ [ Z" — H C Y which is a compression scheme. For any
probability measure Pz and any § € (0, 1], with probability at least 1 — § over
the random draw of the training sample z € Z", if Remp [A (2) , 2] = 0 and A (z)
corresponds to a compression scheme of size d, the expected risk R [A (z)] of the
function A (z) € H is bounded from above by

(0 mm en(2)

Furthermore, if A is a permutation invariant compression scheme, then

(@) () o

In order to understand the full power of this theorem we note that according to

Theorem A.105 for all d € {1, ..., m}, (’;’) < Z?:o (’l") < (%)d which shows
that for permutation invariant compression schemes the generalization error bound

(5.16) can be written as’

RIA@)] < = (dln (%) +1In(m) +1In (1>) .

m 1)

RI[A(2)] =
m

RIA(2)] =

Disregarding the improved constants, this is the same bound as obtained in the
PAC framework (see equation (4.21) and (4.19)) with the important difference
that the number d of examples used is not known a-priori but depends on the

4 Note that in the case of permutation invariant compression schemes the factor of d! vanishes.
5 Note that this result is trivially true for d > m/2; in the other case we used 1/ (m —d) < 2/m.
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training sample z € Z™ and learning algorithm A. Since we no longer consider
the empirical risk minimization algorithm we see that it is possible to obtain
guarantees on the generalization error R [A] even if the hypothesis space H has
infinite VC dimension 9. It is worth mentioning that the result as it stands has
an intuitive interpretation: If we view d/m as a (data dependent) compression
coefficient then Theorem 5.17 justifies the statement that a small compression
coefficient guarantees a small expected risk of the function learned.

From this derivation we see that the procedure can readily be generalized to the
case of a lossy compression scheme of size d, that is, the hypothesis reconstructed
by Ri(ze, ) € H still commits some training errors on the given training sample
z. If we fix the maximum number of training errors committed to ¢ € {1, ..., m}
we are interested in bounding the probability of having training samples z € Z™
such that the training error Remp[Ra(ze,(z), 2] < % but with the expected risk
R[R4(ze,(z))] of the function learned greater than €. Using the same technique as
in the PAC case we obtain

Pae (R [R (Z6,@) 2] = ) A (R [Ra (Zeu)] > ¢))
= Y Po ((Remp [Ra @), 2] = %) A (R[Re @] > ¢)) -

il m

Again, for any i € 1, we know that if R, (z;j) commits no more than ¢ errors
on z, then the number of errors committed on the subset (z \ z;) € Z”~¢ cannot
exceed ¢. Hence, any summand in the last expression is upper bounded by

Zd) AR [Rq (2)] > e))] .

Using Hoeffding’s inequality for any fixed sample z € Z? we know that the
innermost probability cannot exceed exp (—2 m—d)(e—q/(m— d))z). By an
application of the union bound over all the (';)d! different index vectors i € I,
we conclude that the following statement Y; , (z, m, §) holds, with probability at
least 1 — § over the random draw of the training sample z € Z”, for all lossy
compression schemes of size i and maximal number of training errors ¢

. \/ln((’;’)d!) +1n(5)

m—d 2(m—d) ’

Ez. |:PZmd|Zd:z <(Remp [Ri (2).2Z] <

(Remp thee21 > L) v [ R1h =<
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where we used the shorthand notation /., o Ri(ze,(z)- Combining the m? different
statements for all the possible values of i € {1,...,m}and ¢ € {1,...,m} and
using Lemma 4.14 with uniform Pg we have proven the following theorem.

Theorem 5.18 (Lossy compression bound) Suppose we are given a fixed learn-
ing algorithm A : U>° | Z" — H C Y which is a compression scheme. For any
probability measure Pz and any § € (0, 1], with probability at least 1 — § over the
random draw of the training sample z € Z™, if A (z) corresponds to a compression
scheme of size d, the expected risk R [A (z)] of the function A (z) € H is bounded
from above by

In (()d!) +21In (m) +1n(3)

RIA(2)] < o)

md&mM&%d+/

Furthermore, if A is a permutation invariant compression scheme, then

In((%})) 4+ 21In (m) +1n(3) ‘

RIA(2)] < o

fd&mmuyd+/
This result and Theorem 5.17 constitute the basic results of the compression frame-
work. One of the most intriguing features of these inequalities is that, regardless
of any a-priori complexity measure (e.g., VC dimension ¢4 or the size |H| of the
hypothesis space ), they will always attain nontrivial values, provided that the
number d of training examples used is at least as small as half the training sample
size. To some extent, this is similar reasoning to that used in the luckiness frame-
work. The difference, however, is that in the current framework we have considered
what we are actually interested in—the expected risk R [A (z)] of the hypothe-
sis A (z) € H learned—rather than providing uniform bounds over version space
V4 (z) which introduce additional technical difficulties such as probable smooth-
ness (see Definition 4.18).

Remark 5.19 (Ghost sample) There exists an interesting relationship between the
technique of symmetrization by a ghost sample (see page 124) used in the PAC/VC
[framework and the compression framework. Since we consider only the expected
risk of the hypothesis learned by a fixed learning algorithm and assume that this
hypothesis can be reconstructed from d << m training examples, the remaining m —
d training examples constitute a ghost sample on which the hypothesis succeeds
(lossless compression) or commits a small number q of errors (lossy compression).
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Hence, by exploiting the high compressibility of the training sample, there is
no need for an extra ghost sample. In contrast, in the PAC/VC framework we
cannot exploit the high compression coefficient of the hypothesis learned since we
consider all consistent hypotheses uniformly. Furthermore, in this case the analysis
is irrespective of the learning algorithm used.

5.2.2 On-line Learning and Compression Schemes

One of the most interesting applications of the compression framework is in the
area of on-line learning algorithms. Broadly speaking, an on-line algorithm is a
learning algorithm that proceeds in trials. In each trial the algorithm is presented
with an unlabeled example x; € x and produces a prediction £ (x j) using the
current hypothesis /; € H. It then receives a class y; € y for the example
x;j € x and incurs a mistake if the label differs from the current hypothesis’
prediction. After each revealed class y; the algorithm is allowed to change the
current hypothesis /4 ;. More formally this reads as follows.

Definition 5.20 (On-line learning algorithm) Given an input space X, a finite
output space Y and a hypothesis space H < Y, an on-line algorithm Ay for
H can be written as

Ay () EU (> % W (- W70 X W (210 Xy ho (50)) (01))) ()

where U : Y x X x Y — H is an update function which maps the current
class y; € ), the current object x; € X and the prediction of the current
hypothesis h; € H to a (potentially) new hypothesis h;jy. The index vector
b= Ui jo,..) € UZ {1, ...,m} determines the deterministic order of the
training examples. Note that it is possible to present the same training example

(x;, ¥;) € z several times.

An example of an on-line learning algorithm is the perceptron learning algorithm;
it starts at the hypothesis /¢ : x + sign ((x, 0)) and, in each step of the algorithm,
it checks whether the current weight vector correctly classifies the new training
object. The current hypothesis is only changed if a mistake occurs. Such class of
algorithms deserves special attention for our current analysis.

Definition 5.21 (Mistake-driven algorithm) An on-line learning algorithm Ay
is mistake-driven if the update function only changes the hypothesis following
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mistakes, i.e.,

VxeX:Vye)Y:YheH: y=hx) = U, x,h(x)=h.

In the study of on-line learning algorithms it is particularly important to know its
performance, measured by the number of steps until convergence.

Definition 5.22 (Mistake bound) Given a hypothesis space H € Y% and an input
sequence x € X" let us assume that the sequence y € Y™ of classes is obtained
by y; = h (x;) for some hypothesis h € H (also called the target concept). The
function My : Z" — N is called a mistake bound for the on-line learning
algorithm A if it bounds the number of mistakes A incurs on z = (x,y) € Z"
for any ordering j € U2 {1, ..., m}'.

Since a mistake-driven on-line learning algorithm A effectively disregards the
training examples on which it never makes a mistake we are able to cast it into
a compression framework. In fact, if we imagine we run the mistake-driven algo-
rithm A on the training sample z € Z”, only tracking the indices i on which it
makes a mistake (compression function C;) and re-run the on-line learning algo-
rithm on the reduced training sample® z; (reconstruction function Rj;) we obtain
by definition the same final hypothesis. Thus we have the following theorem.

Theorem 5.23 (Mistake bounds into generalization error bounds) Suppose we
are given a mistake-driven on-line learning algorithm A for H < Y% together
with a mistake bound My : Z" — N. For any probability measure Pz and any
8 € (0, 1], with probability at least 1 — & over the random draw of the training
sample z = (x,y) € Z™, if there exists a hypothesis h € H such that y; = h (x;)
then the expected risk R [A (z)] of the function A (z) is bounded from above by

R[A(2)] < % (MA (z) - In (em) + In (m) + In (é)) . (5.17)

We present two applications of Theorem 5.23 which demonstrate the power of
this simple consideration by reproducing results already obtained (with much more
effort) in the VC framework.

6 Here we assume that, in a given ordering, all indices to removed examples have been dropped.
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Example 5.24 (Perceptron learning algorithm) Let us consider again the per-
ceptron learning algorithm given at page 321. This algorithm is by definition a
mistake-driven algorithm having a mistake bound

Max,, ex ||¢<x,->||) _ (maxx,.ex ||</5<x,»>||)2

Yz (W) Yz (Wsvm)

M =
A (2) max (

as given in Theorem 2.31. Here, X o ¢ (x)and¢ : X — K C €] is some mapping
of the objects x € X into a feature space K (see also Definition 2.2). Remarkably,
this mistake bound is dominated by the margin a support vector machine would
have achieved on the same training sample z. Substituting this result directly into
equation (5.17) shows that we can give a tighter generalization error bound for
the perceptron learning algorithm by studying its properties than for the support
vector machine algorithm when using the uniform bounds presented in the last
chapter (see Section 4.4 and Theorem 4.32).

Example 5.25 (Halving algorithm) For finite hypothesis spaces H, there exists a
mistake-driven learning algorithm which achieves a minimal mistake bound. This
on-line learning algorithm is called the halving algorithm and proceeds as follows:

1. Initially, all hypotheses h € H are stored in the set C = H of consistent
classifiers.

2. Given a new training object x; € x the class y € Y which receives the majority
of votes from all consistent classifiers h € C is predicted, that is,

y=argmax |[{heC |h(x)=y}|. (5.18)
yey

3. In the case of a mistake, i.e., y; # ¥ all hypotheses in C which are inconsistent
are removed, so, C < C \{h e C |h(x;) # y; }.

4. If all training examples are correctly classified, it outputs any hypothesis h € C
from the final set of consistent classifiers.

Clearly, this is a mistake-driven procedure. Further, if Y has only two classes the
maximum number of mistakes this algorithm incurs is 1d (|H|) because, at each
mistake, the set C is at least halved (if not, then (5.18) would not have incurred a
mistake). Plugging 1d (|H|) for M 4 (z) into equation (5.17) we see that we have
recovered the basic VC bound for finite hypothesis spaces (see Theorem 4.6). Since
the halving algorithm outputs any consistent function, the resulting bound would
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hold uniformly over version space C = V3, (z). Interestingly, by construction this
is also true for the VC bound.

5.3 Algorithmic Stability Bounds

In this last section we present a very recently developed method for studying
the generalization error of learning algorithms. In contrast to the compression
framework we now do not need to enforce the existence of compression and
reconstruction functions. Instead, we take advantage of the robustness of a learning
algorithm. The robustness of a learning algorithm A is a measure of the influence
of an additional training example (X, y) € Z on the learned hypothesis A (z) € H.
Here, the influence is quantified in terms of the loss achieved at any (potential) test
object x € X. We observe that a robust learning algorithm guarantees that both the
difference in expected risks and empirical risks of the function learned is bounded
even if we replace one training example by its worst counterpart. This observation
is of great help when using McDiarmid’s inequality given in Theorem A.119—
a large deviation result perfectly suited for the current purpose. This inequality
bounds the probability that a function of the training sample z € Z” (the difference
R[A (2)] — Remp [A (2), z] of the expected and empirical risk of the function
learned from the training sample z) deviates from its expected value in terms of
the maximum deviation between the function’s value before and after one example
is changed. In fact, the definition of robustness of a learning algorithm is mainly
chosen so as to be able to apply this powerful inequality to our current problem.

5.3.1 Algorithmic Stability for Regression

Because of its simplicity we shall start with the regression estimation case, that is,
we consider a training sample z = (x, t) € (X x R)” drawn iid from an unknown
distribution Pz = PtxPx. In this case the hypotheses are given by real-valued
functions f € F where F C RY. Further, the loss function / : R x R - R
becomes a function of predicted real values 7 and observed real values ¢ (see, for
example the squared loss defined on page 82). Before proceeding we introduce
some abbreviations for the sake of notational simplicity. Given a sample z € Z",
a natural number i € {1, ..., m} and an example z € Z let

def m—1
z\i = (Zl,...,Zi71,2i+1,-..,2m)EZ ’
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def m
zi(—)z = (Zl,...,Zifl,Z,Ziﬁ»],...,Zm)GZ ’

be the sample with the ith element deleted or the ith element replaced by z,

. . . . def
respectively. Whenever the learning algorithm is clear from context, we use f, =

A (z). Then the notion of robustness of a learning algorithm is formally defined as
follows.

Definition 5.26 (Uniform stability) A learning algorithm A : US2_ Z" — F is

m=1

said to be B,—stable w.r.t. the loss function / : R x R — R if the following holds
foralli € {1,...,m}

Vze Z" :V(x,t) € Z: (o) 0) = 1(fz, ) 1) < B

It is worth pointing out that f,,—stability of a learning algorithm A implies ro-
bustness in the more usual sense of measuring the influence of an extra training
example ()E, f) € Z. This is formally expressed in the following theorem.

Theorem 5.27 (Robustness of ,,—stable algorithms) Suppose we are given a
Bm—stable learning algorithm A : Uy | Z" — F wrt. the loss function
[ : R x R — R Then, for any training sample z € Z",any z € Z, any (x,t) € Z
andalli € {1,...,m}

(e ) t) =1 (forn: (0, 1)| < 2B
Proof First, we notice that that [ (f; (x),?) — ( S (X), t) equals

(l (fz ()C) ’ t) —1 (fZ\,' ()C) ’ t))+ (l (fZ\,' (X) ’ t) —1 (fz,-e_; (X) ’ t)) .

a b

From this, the result follows by the triangle inequality applied to a and b and the
fact that the absolute value of @ and b is by definition upper bounded by 8,,. =

Note that the value of 8, depends on the training sample size m, so, for larger
training samples the influence of a single example (x, t) € Z should be decreasing
toward zero. We will call an algorithm “stable” if the decrease in 8, is of order
one, lim,, .o By - m~' = 0. In order to compute values of f,, for a rather large
class of learning algorithms it is useful to introduce the following concept.
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Definition 5.28 (Lipschitz continuous loss function) A loss function [ : RxR —
R is said to be Lipschitz continuous (in its first argument) if’

VieR:VieR:VieR: |I({,t)—=1(ft)|<C-|i—1|.

The value C; € R* is called the Lipschitz constant of the loss function 1.

Thus, whenever we are given a Lipschitz continuous loss function we are able to
use the difference | Jf2 () — [z, (x)| to bound the difference of the losses incurred
by two functions f, € F and f;, € F at any test object x € X. Let us give a few
examples of Lipschitz continuous loss functions which we have already used in the
consideration of learning algorithms for the regression estimation problem in Part
I of this book.

Example 5.29 (Soft margin loss) If we consider the linear soft margin loss func-
tion given in equation (2.47), namely |y, (f, y) = max{l — yf,O} where y €
{—1, +1}, we see that

lin (. ) ~lin G )| = |57 = 57| = |y = 7)| = [ 7]

This shows that lyy, is Lipschitz continuous with the Lipschitz constant Cy,, = 1.

Example 5.30 (¢—insensitive loss) A closer inspection of the e—insensitive loss
function (2.51), i.e., I, (f, t) = max (|t — f| — &, O), which is used for regression
estimation with support vector machines, shows that this loss function is Lipschitz
continuous with the Lipschitz constant C;, = 1 because

oot~ 1o o) < [Je =~ [ 7)) < |7~ 7

Using the concept of Lipschitz continuous loss functions we can upper bound the
value of B, for a rather large class of learning algorithms using the following
theorem (see also Subsection 2.2.2).

Theorem 5.31 (Stability of regularized risk minimization algorithms) Lezr [

R x R — R be a convex Lipschitz continuous function in its first argument with
Lipschitz constant C;. Given a reproducing kernel Hilbert space F < RY with
kernel k : X x X — R, any algorithm A : U."_| Z™" — F which can be written as

A =argmin ~ 3 1(f Gt + AP (5.19)

feF m (xi.ti)€z
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where ) > 0 is B,,—stable with respect to | with

C,2K2
<
Pn = 2am

’

where kK = sup,.y k (x,x). Note that, in this formulation, the value m is fixed for
any training sample z.

The proof of this result is given in Appendix C.9. By the generality of expression
(5.19) it is possible to cast most of the learning algorithms presented in Part I of
this book into this framework. Now, in order to obtain generalization error bounds
for B,,—stable learning algorithms A we proceed as follows.

1. Since we aim to use McDiarmid’s inequality we define a random variable g (Z)
which measures the difference of the expected risk R [ f,] of the function f, and
some observable empirical quantity such as the training error Remp [ /7, z] or the
leave-one-out error Ry, [A, z] (see Definition 2.35). An example of g (Z) might be
8 (Z) =R [fZ] - Remp [fZ’ Z]

2. We then need to upper bound the expectation of g over the random draw of
training samples z € Z™. This is because we are only interested in the probability
that g (Z) will be larger than some prespecified ¢.

3. Another consequence of the usage of McDiarmid’s inequality is that we need
an upper bound on

sup g (2) — g (zio3)l s

zeZM zeZ
which should preferably not depend oni € {1, ..., m}.

In Appendix C.9 we have carried out these steps to obtain generalization error
bounds both in terms of the training error as well as of the leave-one-out error.
This is summarized in the following theorem.

Theorem 5.32 (Algorithmic stability bound for regression estimation) Suppose
we are given a B,,—stable learning algorithm A w.r.t. a loss function | : RxR — R.
For all probability measures Pz = Pxt such that

Pzt (1 (fzy..zy Kins1) s Twg1) € [0,6]) =1,
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for any ¢ > 0 we have

2
Pz (R1f2] > Remp [ f2. Z] + & + 2Bn) < exp (‘zmn;:;—gmf) |

msz
Pzn (R[fz] > Rioo [A, Z] + &+ Bu) < exp (_2 Q@m (B + Bu—1) + b)2> '

At first we note that these two bounds are essentially the same, i.e., the additive
correction is &~ f,, and the decay of the probability is O(exp(—¢&?/mf2)). This
comes as a slight surprise as VC theory appears to indicate that the training er-
ror Repp 1s only a good indicator of the generalization error of an algorithm when
the hypothesis space is of small VC dimension (see Theorem 4.7). In contrast the
leave-one-out error disregards VC dimension and is an almost unbiased estima-
tor of the expected generalization error of an algorithm (see Theorem 2.36). We
must recall, however, that VC theory is used in the study of empirical risk mini-
mization algorithms which only consider the training error as the cost function to
be minimized. In contrast, in the current formulation we have to guarantee a cer-
tain stability of the learning algorithm. In particular, when considering the result
of Theorem 5.31 we see that, in the case of A — 0, that is, the learning algorithm
minimizes the empirical risk only, we can no longer guarantee a finite stability. In
light of this fact, let us consider B,,—stable algorithms A such that 8, < npm~!,
i.e., the influence of a single new training example is inversely proportional to the
training sample size m with a decay of n € RT. With this the first inequality in
Theorem 5.32 states that, with probability at least 1 — § over the random draw of
the training sample z € Z”,

2(4n+b)*In (1)

m

R[A(Z)]fRemp[A(Z),z]Jri—nJr\/

This is an amazingly tight generalization error bound whenever < /m because
the expression is dominated by the second term. Moreover, this result provides
us with practical guidelines on the possible values of the trade-off parameter A.
Since for regularized risk minimization algorithms of the form (5.19) we know that

n < CIT, it follows that A > ’ because otherwise the bound would be trivial (as
large as b) regardless of the empirical term Remp [A (z) , z]. Before we proceed to
the classification learning case we show an application of this new generalization

error bound for a stable regression estimation algorithm presented in Part 1.
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Example 5.33 (Support vector regression) In the case of linear functions fy €

RY of the form fy = (W,X), where X & ¢(x)and ¢ : X — K C € is some

mapping of the objects x € X into a feature space K (see also Definition 2.2),
we define || fwll2 as |w||%. Then, if we consider the e—insensitive loss as given by
equation (2.51) we retain the support vector regression algorithm

N 1 &
Asvr (2) = fw € RY  such that W= argmin — Zle ((w,x;),t;)+ X wl]? .
i=1

welC

Introducing 2m positive slack variables & € RY that capture the deviation of
(W, X;) from the observed value t; this learning algorithm can also be expressed in
terms of the following mathematical program

1

minimize —E1+ A |w?
m

subject to i —(w,x;) <e+§, iefl,...,m},
<W7Xi>_ti§8+éi+M9 16{177m}7
£>0.

If we combine the Lipschitz continuity of the e—insensitive loss given in Example
5.30 with Theorems 5.31 and 5.32 we see that the support vector regression algo-
rithm has a generalization error bound of

1
R[Asyr (2)] < —

m

’

ey 2022 4) )
(§1+ )+

o m

where f;‘ € R* is the value of the slack variables at the minimum, Kk =
sup,cy k (x,x) and b € R" is a known upper bound on the values of the t; € R.
Note that R [Asvr (2)] is the expected e—insensitive loss of the learned function
fw- Besides providing a practically relevant generalization error bound the result
also has the intuitive interpretation that, for smaller values of A, the term é 1 is

K-

non-increasing and competes with the increasing term <

5.3.2 Algorithmic Stability for Classification
In classification learning we are given a training sample z = (x,y) € (X x )"

together with a hypothesis space £ € Y of classifiers 7 mapping objects x € X
to classes y € ). We confine ourselves to the zero-one loss /y_; (ﬁ, y) = k4
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1.0

0.8

0.6
Il

clipped loss

0.0
N

-2.0 -15 -1.0 -05 0.0 0.5 1.0
-yf(x)
Figure 5.2 The clipped linear soft margin loss I, for various values of t > 0. Note that
for r — O the loss function approaches the zero-one loss |y ¢ ()>0.

although the following reasoning also applies to any loss that takes only a finite
set of values. Similarly to the results presented in the last subsection we would
like to determine the B,—stability of a given classification learning algorithm
A UP 2™ — H. It turns out, however, that the only two possible values of
B are 0 and 1. The former case occurs if, for all training samples z € Z” and all
test examples (x, y) € Z,

Layomzy — 'A(z\l-)u-)#y =0,

which is only possible if H only contains one hypothesis. If we exclude this trivial
case from our considerations then we see that Theorem 5.32 only gives trivial
results for classification learning algorithms. This is mainly due to the coarseness
of the loss function /y_;.

In order to circumvent this problem we shall exploit the real-valued out-
put f (x) when considering classifiers of the form /4 (-) = sign (f (-)). Since
our ultimate interest is in the generalization error R [h] = Exy [Ih(X)#Y] =
Exy [Iy.f(x)fo] we will consider a loss function /; : R x ) — [0, 1] which is
an upper bound of the function |,z )<o. To see the advantage of such a loss func-
tion note that /y_; ()7, y) < I, (¢, y) implies that Exy [10,1 (sign (f (X)), Y)] <
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Exy [1, (f X, Y)]. Another useful requirement on the refined loss function /, is
Lipschitz continuity with a small Lipschitz constant. This can be achieved by a
slight refinement of the linear soft margin loss /j;, considered in Example 5.29. The
generalization is obtained by requiring a real-valued output of at least T on the cor-
rect side. Since the loss function has to pass through 1 for f (x) = 0 it follows that
the steepness of the function is 1/7, giving the Lipschitz constant as 1/7. Finally
we note that /; should always be in the interval [0, 1] because the zero-one loss
lo—1 will never exceed 1. Hence, we obtain the following version of the linear soft
margin loss which will serve our needs (see also Figure 5.2)

0 if yt > 1
Lt,y)y=4 1-% if yt €0, 7] . (5.20)
1 if yt <0

A direct application of Theorem 5.32 to the expected and empirical risks using
the loss function /, yields an algorithmic stability result for classification learning
algorithms which use a thresholded real-valued function for classification.

Theorem 5.34 (Algorithmic stability for classification) Let F € RY be a set of
real-valued functions and A : Uy | Z™ — F be a given learning algorithm such
that the associated classifications are H = {x — sign (f (x)) | f € F}. For the
zero-one loss ly_, for all probability measures Pz such that Px (k (X, X) < k) =
1, for any T € R" and any § € (0, 1], with probability at least 1 — § over the
random draw of the training sample z € Z", the expected risk R [sign (A (z))] of
the classifier A (z) € F is bounded from above by

2
> 2(245 +1) In(3)
R [sign (A (2))] < REp, [A (2), 2] + - 2t ( ) =
rmt m

Note that the quantity RZ [ f, z] is given by Re,, [ f, z] = ,}—1 Yol (f (), o).

Again we have the intuitive interpretation that, for larger values of t, the term
emp [f,z] = Z, Iz (f (xi), yi) is provably non-increasing whereas the term
2

M’; — is always increasing. It is worth considering this theorem for the special

case of linear soft margin support vector machines for classification learning (see
Subsection 2.4.2). Without loss of generality let us assume that k> = 1 as for
RBF kernels and normalized kernels (see Table 2.1). Noticing that the sum Z:": 16

[A(z), z] we see

of the slacks 1;' e R™ at the solution upper bounds m - R!

emp
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that the linear soft margin algorithm Agyc presented in Subsection 2.4.2 has a
generalization error bound w.r.t. the zero-one loss /y_; of

(1+2)*In(3$)

1 [ 1
R [sign (Asve (2))] < ” <E 1+ > +2 Am

A
This bound provides an interesting model selection criterion for linear soft margin
support vector machines. The model selection problem we considered here is the
selection of the appropriate value of A—the assumed noise level. In contrast to the
results of Subsection 4.4.3 this bound only holds for the linear soft margin support
vector machine and can thus be considered practically useful. This, however,
remains to be shown empirically. The results in this section are so recent that no
empirical studies have yet been carried out.

Remark 5.35 (Leave-one-out bounds) /n the current derivation we have only
presented the application of the training error variant of Theorem 5.32. We omitted
to show the application of the leave-one-out variant because the resulting bound
would involve the leave-one-out error w.r.t. the clipped loss I, rather than the
zero-one loss ly_y. Although there exist a plethora of bounds on the leave-one-
out error of most of the algorithms presented (e.g. Theorem 2.37) a computation of
the leave-one-out error w.r.t. I requires the invocation of the learning algorithm m
times which is computationally infeasible. An interesting area for further research
regards obtaining bounds on this quantity rather than on the usual leave-one-out
error w.r.t. the zero-one loss ly_;.

5.4 Bibliographical Remarks

In this chapter we presented several frameworks for studying the generalization
error of specific learning algorithms. We started with a framework seemingly com-
bining the best of two worlds: By studying Bayesian algorithms we have the power
of incorporating prior knowledge into the learning task via an explicit prior Py
while we can still give PAC guarantees for the generalization error of Bayesian
classification strategies. This framework, also known as the PAC-Bayesian frame-
work, was introduced for the first time in Shawe-Taylor and Williamson (1997,
p. 4) where the authors cast a Bayesian algorithm in the luckiness framework. Re-
markably, they concede that “... a Bayesian might say that luckiness is just a com-
plicated way of encoding a prior. The sole justification for our particular way of
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encoding is that it allows us to get the PAC like results we sought...”. In contrast to
their results—which hold for single classifiers drawn according to the posterior
measure—McAllester (1998) considered classification strategies which allowed
him to tighten the results and ease their proofs. Theorems 5.1, 5.2 and 5.6 can
be found in this paper; the more general result given in equation (5.9) together
with some remarks on how to generalize the framework to arbitrary loss functions
can be found in McAllester (1999). The simple relationship between the expected
risk of the Gibbs and the Bayes classification strategies (Theorem 5.7) is taken
from Herbrich and Graepel (2001b). The full power of the bound for the Bayesian
classifier can be exploited by making use of the fact that for “benign” hypothesis
spaces the expected risk of one classifier can be expressed as the generalization
error of a subset of classifiers. This analysis, together with the final PAC-Bayesian
margin bound (Theorem 5.10) can be found in Herbrich and Graepel (2001b). Re-
cently, it has been shown that not only the evidence can be justified in a distribution
free framework, but also the estimated posterior probability Pyz»—, (H (x) = y)
leads to a decrease in expected risk when used as a rejection criterion (see Freund
et al. (2000)). In contrast to the bounds in the PAC-Bayesian framework, this paper
studies only the generalization error of their (pseudo)-Bayesian prediction method
which results in remarkably tight bounds. A work preceeding Shawe-Taylor and
Williamson (1997, p. 4) is by Haussler et al. (1994) where it was assumed that
Py is known to the learning algorithm and corresponds to the probability of target
concepts. Rather than studying the performance of Bayesian classification strate-
gies for a fixed, but unknown, data distribution Pz it was assumed that the prior
belief Py is used to govern Pyx_,. It was shown that the average generalization
error of classification strategies over Py can be arbitrarily bad without assuming
that the learning algorithm uses the same Py. It should be noted, however, that this
quantity does not satisfy the PAC desiderata of not knowing the data distribution.
In the following section we introduced the notion of compression schemes.
One of the earliest works in that area is by Littlestone and Warmuth (1986) which
was summarized and extended to on-line learning algorithms in Floyd and War-
muth (1995). Theorem 5.17 is taken from this paper; the lossy compression scheme
bound (Theorem 5.18) was proven in Graepel et al. (2000); see also Marchand and
Shawe-Taylor (2001) for a result that avoids the exponent two at the deviation &.
Interestingly, all these results can be extended further by allowing the learning algo-
rithm to save an additional b bits which would only incur an additional summand
of % in the resulting generalization error bound. An interesting combination of
large margins of the linear classifier learned by an algorithm and sparsity w.r.t. the
expansion coefficients is presented in Herbrich et al. (2000). The subsection on the
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combination of compression schemes and mistake bounds for mistake-driven on-
line learning algorithms is taken from Floyd and Warmuth (1995). Example 5.24 is
discussed in greater length in Graepel et al. (2001). The notion of on-line learning
algorithms is due to Littlestone (1988). This paper also introduced the halving algo-
rithm together with its mistake bound (see Example 5.25). An interesting question
emerging from the analysis in the compression framework is the following: Given
a learning algorithm which maps into a hypothesis space of VC dimension ¥, is
it always possible to find a compression scheme of size not more than 4 that will
be consistent, provided some target concept from 7 is used to label the data? This
is still an open problem; for first attempts to solve it the interested reader is referred
to Floyd and Warmuth (1995).

Finally, we demonstrated that we can study the generalization error of learning
algorithms by considering their robustness. The notion of robustness of a learning
algorithm is far from new but was mainly considered in the analysis of the leave-
one-out model selection procedure (see Devroye and Wagner (1979) and Kearns
and Ron (1999)). The results presented in Section 5.3 are mainly taken from
Bousquet and Elisseeff (2000) and Bousquet and Elisseeff (2001). The interested
reader is referred to their work for further details.
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A Theoretical Background and Basic Inequalities

The purpose of this appendix is twofold: On the one hand, it should serve as
a reference for the case that we need more exactness in the reasoning. On the
other hand, it gives brief introductions to probability theory, functional analysis
and ill-posed problems. The section on probability theory is based on Feller (1966,
Chapter 4) and Kockelkorn (2000). The following section about functional analysis
is compiled from Barner and Flohr (1989), Cristianini and Shawe-Taylor (2000)
and Debnath and Mikusinski (1998). The section about ill-posed problems is taken
from Tikhonov and Arsenin (1977). Finally, we present a set of inequalities needed
for the derivation of some of the results in the book.

A.1 Notation

In addition to the special notation introduced in the following sections, it was my
objective to make things clearer by consistency. Thus, the general ideas underlying
the notation are: Parentheses are used for the evaluation of a function, e.g., f (x),
whereas brackets should indicate the application of a functional, e.g., R [f]; the
concept of bold face is to denote composed objects like tuples, vectors, matrices or
vector valued functions', e.g., x, x, X or ¢; calligraphic letters specify spaces or
specific sets, e.g., KC; fraktur letters should stand for collection of sets and algebras,
e.g., U; sans-serif letters indicate that the specific value of the object is subject to
chance, e.g., X. Deviations from these broad guidelines are indicated to avoid too
complicated a notation?.

1 Sometimes, the symbol X is also used for vectors. This will always be indicated in order to avoid confusion.

2 Due to the lack of available symbols we will use O to denote the order of a term and ‘B to denote Borel
sets. Furthermore, we use the special symbols E, P, v, f, F and | to denote the expectation value, the probability
measure, the empirical probability measure, the density, the distribution function and the indicator function.
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A.2 Probability Theory

In general, sets are denoted by roman upper capital letters, e.g., X, whilst elements
are denoted by roman lower capital letters, e.g., x. For sets the indicator function
Iy is defined by

def | O ifx ¢ X
'X(")—{l ifx € X

If Y : X — {true, false} is a logical formula then |y, is shorthand notation for
I{zeXl’Y‘(z):true} (x).

Definition A.1 (c—-algebra) Given a set X, a collection X of sets X C X is called
a o—algebra over X if and only if
1. Ifaset X € X so is its complement X = X \ X.

2. IfX; e X,i=1,...,00is any countable collection of sets in X, then also their
union U2 X; € X and intersection N2, X; € X belong to X.

In short, any o—algebra X is closed under complementation and the formation of
countable unions and intersections.

Definition A.2 (Borel sets) Given X = R", the Borel sets B, are the smallest
o—algebra that contains all open intervals

[, ox) R Vie{l,....n}: x; € (a, by) }

for all a;, b; € R. Note that B, contains an uncountable number of sets.
Definition A.3 (Measurable and probability space) A measurable space is de-
fined by the tuple (X, X). Here X is called the sample space and X is a c—algebra
over X . A probability space is defined by the triple (X, X, P) where P is a proba-

bility measure on X, i.e., P : X — [0, 1] such that P (X) = 1 and for all countable
collections of non-overlapping sets X; € X, i =1,...,00

P(L:JIX,») =;P(X,-).
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In most circumstances, the measurable space is clear from context. In order to
avoid ambiguities about the used probability measure P we shall use a sans serif
letter as a subscript. Thus, if Y is a measurable logical formula over x € X, i.e.,
T : X — {true, false} and {x € X | Y (x) =true} € X,

Py (Y X)) EP({xeX |T () =true))

denotes the probability of Y (x) when x is selected according to P.

Definition A.4 (Measurability) Given a measurable space (X,X), the real-
valued function g : X — R is called X—measurable (or simply measurable) if
and only if

VzeR: fxeXlgx)y<z}eX.

Definition A.5 (Random variable) Given a measurable space (X, X), a random
variable is a X—measurable real-valued function f : X — R

In order to distinguish random variables from ordinary functions we also use sans
serif letters to denote them, e.g., Y = f (X). Thus a random variable Y = f (X)
induces a measure Py which acts on the real line, i.e., )V = R and for which the
o—algebra 9) contains at least the intervals {(—o0, z] | z € R}. The measure Py is
induced by the measure Py and f, i.e.,

VY € 9B, Ph)EPy(xeX [ fx)eY)) .

Definition A.6 (Distribution function and density) For a random variable X the
function Fy : R — [0, 1] defined by

Fx (x) £ Px (X = )

is called the distribution function of X. The function fx : R — R is called the
density if

VzeR: Fx(z)=/ fx (x) dx.

In the study of learning as well as statistics the expectation of a random variable is
of particular importance.
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Definition A.7 (Expectation) Let f : X — R be a measurable function. The
expectation Ex [ f (X)] of [ over the random draw of x is defined by

def

Y [f 0] & / £ () dFx (¥) .

The expectation value is only defined iffR | f (x)| dFyx (x) < oo.

Definition A.8 (Variance) The variance Var (X) of a random variable X is defined
by

Var (04 = Ex [ (X = | = Ex[X?] - 2%,
where © = Ex [X] is the expectation of the random variable X.

Definition A.9 (Product space) Given two measurable spaces (X, X) and (), )
we define the product space by (X x Y, X x Q). Here X x Q) denotes the smallest
o—algebra which contains the sets {X xY | X € X,Y € D }.

Definition A.10 (Marginal and conditional measure) Given the joint probability
space (X x Y, X x 2), Pxy), the marginal probability measure Py is defined by

VX € X: Py (X) &

Pxy (X x ) .
GivenY €9), Py (Y) > 0, the conditional probability measure Pxyey is given by

def Pxy (X x Y)
Py (Y)

(Py and Pyxex are given in the same way).

VX e X: Px|yey (X) =

Definition A.11 (Independence) We call the random variables X and Y indepen-
dent (w.r.t. the measure Pxy), if and only if

VX eX:VYe: Pxy (X xY)=Px(X)Py () .

In this case, the marginal distributions suffice to define the whole product measure.
If (X, X) equals (Y, ) we shall write Px2 as an abbreviation for Pxx.

Whenever we deal with a sequence of n random variables Xi, ..., X, we denote
the whole sequence by X. Such a sequence can either be a column or row vector,
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which should be clear from the context. A particular element of the sample space
X" is then denoted by the n—tuple x. Given an n—tuple x = (xy,...,x,), the
abbreviation x € x should be understood as 3i € {1, ...,n}: x; = x.

Definition A.12 (Expectation of a n—dimensional random variable) Given n ran-
dom variables X = (X1, ..., X,) with a joint measure Py, the expectation Ex [X]
is defined by the n—tuple

def

Ex [X] & (Ex, [X.].....Ex, [X.]) -

Definition A.13 (Covariance and covariance matrix) Given two random vari-
ables X and Y with a joint measure Pyy, the covariance Cov (X, Y) is defined
by

Cov (X, ¥) = Exy [(X— 1) (Y = )] ,

where u = Ex [X] and v = Ey [Y] Note that Cov (X, X) = Var (X). Given n
random variables X = (X4, ..., X,,) and m random variables Y = (Y1, ..., Y,)
having a joint measure Pxy, the n x m covariance matrix Cov (X, Y) is defined by

Cov(X,Yy) -+ Cov(Xy,Yy)
def . .

Cov(X,Y) = : .. :
Cov (X,,, Yl) -+« Cov (Xn, Ym)

If X = Y we abbreviate Cov (X, X) & Cov X).

Definition A.14 (Empirical measure) Given a measurable space (X, X) and a
sequence x € X" we call V, the empirical measure defined by

cliell. . nllxeA
VAcx: v, (4 liet n | € Al

n

A.2.1 Some Results for Random Variables

In this subsection we will present some results for the expectation and variance of
sums and products of random variables. These will prove to be useful for most of
Chapter 3.
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Theorem A.15 (Expectation of sum and products) Given two independent ran-
dom variables X and Y

Exvy [X-Y] = Ex[X]-Ev[Y]. (A.D)
Exy [X+Y] = Ex[X]+Ev[Y]. (A2)

whenever the two terms on the r.h.s. exist. Note that statement (A.2) is also true if
Xand Y are not independent.

Corollary A.16 (Linearity of the expectation) For any n—dimensional random

variable X, any matrix A € R™" and any fixed vector b € R" we have
Ex [AX+b] = AEx [X] +b.

Theorem A.17 (Variance decomposition) Given two independent random vari-
ables X and Y we have

Var (X +Y) = Var (X) + Var (Y) .

Proof Putu = E [X] and v = Ey [Y] Exploiting Definition A.8 we know that
the variance Var (X 4+ Y) is given by

Exy [(X+ Y — Bxy [X+ Y])7] = Exv [((X = ) + (Y = 0)7]
= Exy [(X =102 +2X = 1) (Y =) + (Y = )?) ]
= Ex [ (X = 0] + 2Bxy [(X = 1) (Y = )] + By [ (Y = )’
= Ex [(X— )" + 2Ex [X = ] Ey [Y — ] +Ey [ (Y = )?]

=0 =0

= Var (X) + Var (Y) ,

where the second line follows from Theorem A.15 and the fifth line from the
assumed independence and Theorem A.15. m

Theorem A.18 (Covariance decomposition) For any pair of random variables X
and Y with a joint measure Pxy and any numbers a, b, c,d € R,

Cov (X, Y) = EXY [XY] — EX [X] EY [Y] ,
Cov(a+bX,c+dY) = bd-Cov(XY).



205

Theoretical Background and Basic Inequalities

Proof The first assertion follows directly from Definition A.13 and Theorem
A.15. For the second assertion let ;1 = Ex [X] and v = Ey [Y] Then we have

Cov(a+bX,c+dY) = Exy [(a +bX — (a+bw)) (c+dY — (c+ dv))]
= Exy[bd- X—pn) (Y =v)] =bd-Cov(X,Y),
where we the second line uses Theorem A.15 and Definition A.13. =

Corollary A.19 (Variance scaling) For any random variable X and any ¢ € R we
have Var (cX) = ¢* - Var (X).

Corollary A.20 (Variance of sums of independent variables) Given n indepen-
dent identically distributed random variables Xy, ..., X, we have

IR 1
Var (; ;Xl> = ;Var (X,) .

Corollary A.21 (Covariances of linear transformations) For any n—dimensional
random variable X, any m—dimensional random variable Y, any r X n matrix A,
s X m matrix B, r x 1 vector a and s x 1 vector b,

Cov(AX+a,BY+b)=A -Cov(X,Y)-B'.

From the definition of conditional and marginal measures, we have the following
important theorem.

Theorem A.22 (Bayes’ theorem (Bayes 1763)) Given the joint probability space
(X x YV, X x9),Pxy) then, forall X € X, Px(X) >0andY €2), Py (Y) >0

Pyixex (V) Px (X)

Pxyver (X) = Py ()

If both X and Y posses densities fx and Ty the theorem reads as follows

fyix=x () fx (%)

VyeR:VxeR: fxy-, (x) = fr )

Another important theorem we need is the following as found in Scheffé (1947).
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Theorem A.23 (Scheffé’s theorem) For all densities fx and fy on the measurable
space (R",B,)

fR |fx (x) —fy (x)| dx =2 sup |Px(A) — Py (A)| . (A3)

AesB,

Proof Choose C = {x e R" |fx(x) > fy(x)} € B, and C = R" \ C € B,.
Then, for the ¢, distance between fx and fy,

f ’fx (x) —fy (x)‘ dx
R/l
:f yfx(x)—fy(x)\dx+/ |fx (x) — fy (x)| dx
c ce

= /C (fx (x) — fy (x)) dx + /C (fy (x) — fx (x)) dx

¢

=Px (C) =Py (C)+ (1 =Py (C)) — (1 =Px (C))
=2(Px(C) =Py (0)) . (A4)

For a geometrical argument see Figure A.1. Now, for all A € B,

IPx (A) — Py (A)] / (fx (x) —fy (x)) dx +/ (fx (x) —fy (x)) dx
ANC ANC¢

/ fx (x) —fy (x) dx —f fy (x) — fx (x) dx

ANCe

>0 >0
< max ([ fx (x) — fy (x) dx, / fy (x) — fx (%) dx)
ANC ANCe
< max ([ fx (x) —fy (x) dx, fy (x) — fx (%) dx)
c

ce

= Px(©)-Py (),

where the second line follows by definition of C and the third line is always true
because Va > 0,b > 0 : |a — b| < max (a, b). We have shown that the supremum
in (A.3) is attained at C € B, and thus equation (A.4) proves the theorem. m
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Figure A.l1 Geometrical proof of Scheffé’s theorem for R!. The quantity
fR“ ‘fx (x) —fy (x)‘ dx is given by the sum of the two shaded areas excluding the striped
area A. Given the set C = {x eR | fx (x) > fy (x) } the quantity Px (C) — Py (C) is
given by the light shaded area only. Since the area under both curves fx and fy is exactly
one it must hold that Px (C) — Py (C) = Py (C) — Px (C) because we subtract A from
both curves. This proves Scheffé’s theorem.

A.2.2 Families of Probability Measures

In this subsection we present commonly used probability measures together with
their expectation value and variance. We show that most of the distributions belong
to the rather large class of measures in the exponential family which has many
useful properties, e.g., canonical parameters and natural statistics (see Lindsey
(1996) and Amari (1985)).

Probability Measures over the Natural Numbers N

For the following measures we assume that the sample space X is the set of all
natural numbers (including 0) and the o—algebra is the collection of all subsets
of N. In Table A.1 we have summarized the most commonly used probability
measures on natural numbers. Note that, for the binomial distribution, we assumed
that () = 0 whenever i > n.

The Bernoulli distribution is used to model the outcome of a coin toss with a
chance of p for “heads”; 1 is used to indicate “head”. The binomial distribution
models the outcome of i “heads” in n independent tosses of a coin with a chance
of p for “heads”. The Poisson distribution is the limiting case of the Binomial
distribution if the number of tosses tend to infinity but the expectation value np = A
remains constant.



208

Appendix A

Name Probability measure / density Ex [X] Var (X)
Bernoulli(p) | Px()=1-Px(©0)=p P p(—p)
Binomial (n, p) | Px (1) = (})p' (1 — p)"”" np np (1 - p)
Poisson (1) Px (i) = % exp (—1) A A
Uniform (A) Px (i) = ﬁheA A A2 — (Z)z
— 7
Normal (i, 0%) | fx (x) = 21710 exp (—%) n o?
Exp (1) f (x) = Aexp (—Ax) =0 : &
a—1

Gamma (@, 8) | fx (1) = gty o (<§)boo | o op

_ Ta+B)x* T1—x)P 1 L of
Beta (@, f) fx ) = T @ el : (@B (1)
Uniform ([a, b)) | fx (1) = gz lielan) atbh o

Table A.1 Summary of measures over the natural numbers N (first four rows) and the
real line R! (last five rows). Note that T’ (@) = fooo re=! exp (—t) dt denotes the Gamma
function. For plots of these distributions see page 209 and 210. Furthermore, the symbols

A A2 1 . 1 2 ;
Aand A denote 37 > a; and 3 > a;, respectively.
a;eA a;eA

Probability Measures on the Real Line R'

For the following measures we assume that the sample space X is the real line
R and the o-—algebra is the Borel sets 8; (see Definition A.2). In Table A.1
we summarized commonly used probability measures on R! by specifying their
density function. For a comprehensive overview of measures on R! see (Johnson
et al. 1994).

Note that the exponential distribution Exp (A) is a special case of the Gamma
distribution because Gamma (1, 8) = Exp (,8*1). The Beta distribution is the
conjugate prior distribution of the success probability in a Binomial measure (see
also Section 3.1). Finally, the normal or Gaussian distribution owes its importance
to the well known central limit theorem.

Theorem A.24 (Central limit theorem) Let X, X5, ... be mutually independent
random variables with a common distribution Fy that satisfies

Vi eN: (Ex[Xi] =0) A (Var(X;) = 1) . (A.5)
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Figure A.2 The probability mass function Py for the measures in Table A.1. (Left)
Bernoulli and Poisson measure. (Right) Binomial and uniform measure. In the uniform
measure plot, we consider the sets A, = {0, ..., b}.

Then, for all such probability measures Py,

Vx eR: lim Py | &==—— < x| = exp|——) dt,
n—00 X ( ﬁ - oo N 2T P 2

that is, the distribution function of the normalized sum of identically and inde-
pendently distributed random variables that fulfill (A.5) approaches pointwise the
normal distribution function with increasing sample size n.

Probability Measure on R"

The only multidimensional probability measure we consider is the n—dimensional
normal distribution defined over the sample space X = R" and the o—algebra *5,,
(see Figure A.4).
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Figure A.3 The densities fy for the measures in Table A.1. (Left) Densities of the
Gaussian/normal and the Gamma measure. (Right) Densities of the exponential and Beta
measure.

Definition A.25 (Multidimensional Gaussian measure) Suppose we are given a
vector @ € R" and a deterministic matrix A € R . Let Y = (Y1,...,Y,)
be a sequence of m independent normally random variables Y; with mean zero
and unit variance, i.e., Y; ~ Normal (0, 1). Then X = AY + u is said to be
normally or Gaussian distributed with mean Ex [X] = [ and covariance matrix
Cov (X) = X = AA'. Since the measure Py is uniquely determined by these two
quantities we also write Y ~ Normal (i, X).

Theorem A.26 (Density of a Gaussian measure) If X ~ Normal (u, X), then X
possess a density fx if and only if X is positive definite (see Definition A.57). The
density fx is given by

1 1
fx (x) = ———exp (—— (x—w'Z7" (x - u)) : (A.6)
@m)? |Z|2 2
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Figure A.4 Density of the multidimensional normal distribution. (Left) Here, we used
¥ =Tand p = 0. (Right) Density obtained from a transformation of the left density such
that Cov (X, Y) = 0.5and u = 0.

Theorem A.27 (Linear transformation of multidimensional Gaussian measures)

Let X ~ Normal (i, X) be an n—dimensional normally distributed random vari-
able, let A € R™" be a fixed matrix and let b € R" be a fixed vector. Then, the
random variable Y = AX + b is Y ~ Normal (Au + b, A):A/).

Proof The theorem follows directly from Corollary A.16 and A.21. m

Theorem A.28 (Convolutions of Gaussian measures) Let us assume that Pxyy—, =
Normal (Xy, E) is a Gaussian measures, where X € R™" and E € R™"™ are
fixed matrices for all values of y € R". If Py = Normal (u, X) is a Gaussian
measure then

Pyx—x = Normal (¥ (X'Z'x+X 'n), ¥). (A7)
Px = Normal (X[L, E+ XEX’) , (A.8)

where W = (X'E"'X +£71) 7,

Proof By Theorem A.22 we know that

fxvoy O () fxy=y ) v () ‘

= A9
fxv=3 () fy (3) d5 fx (x) (4.9)

fyx=x () = T
R/I
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First note that the denominator is independent of y. Thus let us start with the
numerator of (A.9). Using Definition A.26 we have that the latter is given by

1
c-exp (—5 (=X E'x—Xn+y-—wZ"(y- u))) :

m+n 1 1. .
where c = (2)” 2 |E| 2 |X| 2 is independent of x and y. From Theorem A.86
we know that this expression can be written as

¢ exp (—% (y—o'Cy—0 +d (x))> :
where
C = XE X432,
Cec = XE x4+ 'u,
dx) = (x—Xp)' (E+XEZX) " (x—Xp) .
Since d (x) is not a function of y the term exp (— %d (x)) can be incorporated in the

. . . def
normalization constant ¢ and, thus, equation (A.7) follows by equating ¥ =CL
In order to show the second assertion we use the definition of fy (x), i.e.,

fx(x) = / ¢ exp (—%((&—c)/C(&—c)w(x))) dy
= coexp (—%d(x)) f exp (—%((y—c)/c(y—c))) dy

= c-exp (—%d (x)) -(271)% ICI% =C-exp (——d (x))

= C-exp (—% (x—Xp) (2 + X):X/)71 (x — X[L)) ,

where the third line follows from Definition A.26 and the fact that probability
densities always integrate to one. This proves equation (A.8). m

Theorem A.29 (Marginal and conditional measures) Let X ~ Normal (g, X)
be an n—dimensional normally distributed random variable with ¥ > 0. Let
X = (U, V) be partitioned into an r—dimensional random variable U and an s—
dimensional random variable V where n = r + s. Then for all v € R® and u € R

Py = Normal (py, Zyy) . (A.10)
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Pv = Normal (py, Zyy) , (A.11)
Puv—y = Normal (ry + ZyvEyy (v — my). Zyv — ZovELy Zvy) . (A12)
Pvu—w = Normal (ny +Zvy 5y (u—npy), Zvy — Zvu Ty, Zov) . (A13)

where

Ry Xyv Xuy
— , T = .
" < Ry ) ( vy Zyy )
Proof The assertions (A.10) and (A.11) follow directly from Theorem A.27 con-
sidering that

I 0 (0 0
o= (5 9% v (8 0 )x

We shall prove equation (A.12) for the special case of 4 = 0 only—the full result
follows from Theorem A.27. First we exploit the fact that

fx ((u; v))
fv(v)

Since we know the density fy already let us consider the joint density fx as a
function of u and v. To this end we use equation (A.27) of Theorem A.80 to obtain
a partitioned expression for the inverse X' of the covariance matrix X, i.e.,

A B
-1 _
>=(np)

where the matrices A, B and D are given by

fuv=y (0) = (A.14)

_ —1
A = Cow-ZuwEZyEw)
B = —AZyv Xy,
D = X, +X,, Sy AT Ey

Now we can write the joint density fx ((u; v)) as a function of u and v
1 1
c-exp (—5 (', v) 27" (u; v)) =c-exp (—5 (w'Au+2u'Bv + v/Dv))

—c-exp (—% ((w+A"'Bv) A (u+A'Bv) + v/ (D~ B'A™'B) v)) ,
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using the constant ¢ = Q)72 % I_%. The last line can be proven by expanding it
and making a term-wise comparison with the second line. Note that D —B’'A~'B =
Z‘_,%,, which follows from applying equation (A.27) to £ ~'. Finally, using (A.14)
shows that the conditional density of U given v € R® is again normal with mean
—A"'Bv = ZUVZ‘_,%,v and covariance matrix A~! = X, — ZUVZ‘_,%,EVU. The
proof of equation (A.13) is analogous. m

Exponential Family

All of the above measures belong to the class of measures in the exponential family.
Let us start by defining formally the exponential family.

Definition A.30 (Exponential family) A probability measure Py is said to have
an exponential representation if its density fx (x) (continuous measures) or proba-
bility mass Px (x) (discrete measures) at x € X can be written

p(x) = ao (8) 7 (x) exp (0" (z (x))) ,

forsome@ € Q CR", 19: X — R, 7 : X — R". The normalizing constant a (0)
is given by

-1
ap (0) £ ( /X 7 (x) exp (8 (z (x))) dx> (A.15)

and is assumed to be finite. The set of all probability measures Py that have an
exponential representation are defined as the exponential family.

In Table A.2 we have given the functions 7y and T together with the normalization
constant ag (@) for all the one-dimensional measures introduced. In the case of X ~
Normal (g, ¥) where p € R", a straightforward manipulation of the definition
given in equation (A.6) shows that

2—1 2—1 Z_l
0 = (z1M;_L;_21—21;.”;_&;_22—31;”_;_&)’ (A.16)

2. . . 2. L2
T(x) = (x,xl,xlxg,...,xlx,,,xz,x2X3,...,x),

() = 1,
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Name 70 (x) 0 T (%) ao (0)
Bernoulli (p) 1 In (%) x (1 +exp @)
Binomial (1, p) @] In (%) X (14exp (@)™
Poisson (1) % In (1) X exp (—exp (9))
Uniform (A) 1 — — (AD~!
Normal (¢, %) 1 (%, —2(17—2> (x; x2) \/T%exp (_971>
Exp (A) 1 —A X —0
Gamma (, f) Xl (a; —%) (In (x) : x) 08 s
Beta(e, ) [+ '(1-0)""| (@pf) |n@);lnd-x) RGN
Uniform ([a, b]) 1 — — b—a)™!

Table A.2 Canonical parameterization of the measures given in Table A.1. Note that
T (a) = [y° 1% 'exp (—1) dt denotes the Gamma function.

is the parameterization of the multidimensional Gaussian in the exponential family.
The value of ay (@) is calculated according to equation (A.15) and given by

n 1
a0 (0) = 27) "2 |Z| 2 exp (—Eu’21u> ) (A.17)

A.3 Functional Analysis and Linear Algebra

In this section we introduce the basic terms of functional analysis together with
some examples. This section is followed by a more detailed subsection about
matrix algebra together with some useful matrix identities. For a more detailed
treatment of matrices the interested reader is referred to (Harville 1997; Liitkepohl
1996).

Definition A.31 (Vector space) A ser® X is a vector space if addition and multi-
plication by scalar are defined such that, for x,y € X, and c € R,

x+yed, xek, Ix=x, 0x=0.

3 The notational similarity of X" as a vector space as well as the sample space (in probability theory) is intended
to indicate their similar roles in the two fields.
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Here the addition operation X + 'y has to satisfy that, for all X,y,z € X,

X+y = y+Xx,
x+y)+z = x+(y+2),
10 e X : x+0=0,
1—xeX: X+ (—x) =0,

as well as the distributive laws for scalar multiplication,

c(xX+y) =cx+cy, (c+d)x=cx+dx.

Definition A.32 (Metric space) Suppose X is a vector space. A metric space X is
defined by the tuple (X, p) where p : X x X — RY is called a metric, i.e., for all
X,y,ze X,

p(X,y) = Oandp(x,y) =06 x=y,
pxy = p¥,x),
pXy = pXz)+p(zYy).

Definition A.33 (Normed space) Suppose X is a vector space. A normed space X
is defined by the tuple (X, ||-||) where ||-|| : X — R is called a norm, i.e., for all
X,ye Xandc eR,

Ix > Oand x| =0&x=0,
lex|l = el - x|,
Ix+yll =< lxl[+1yl . (A.18)

This clearly induces a metric p on X by p (X,y) = ||x — y||. Note that equation
(A.18) is known as the triangle inequality.

Definition A.34 (K; and L) Givenasubset X C X, the space L , (X) is the space
of all functions f : X — R such that

flf(X)l”dX<oo if p<oo,
X
splf (] <00 if p=oo.

xeX
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Endowing this space with the norm

1 .
11, & U lf I dx)7 if p < o0
SuPxey |/ (X)] ifp=o0
makes L, (X) a normed space (by Minkowski's inequality). The space EZ of se-
quences of length n is defined by

Zfl|x,|p<oo if0<p<oo}

def
8 =1(x1,...,x,) €R" X
P (1 n) max;=1,...n |X,| lfp:OO

Definition A.35 (¢ ,—norms) Given x € E’I’, we define the £ ,—norm |[|x||,, by

» > it bz ifp=0

e 1 .

I, &4 (2, ) i< p < oo
max;—i, . | X ifp=o00

Definition A.36 (Balls in normed spaces) Given a normed space X, the open ball
B, (xX) C X of radius t around x € X is defined by

B.x)E{yeX |Ix—yl<t}.
Equivalently, the closed ball B, (x) C X is defined by

B, EyeX ||x—yl<t}.

Definition A.37 (Inner product space) Suppose we are given a vector space X.
An inner product space X (or pre-Hilbert space) is defined by the tuple (X, (-, -)),
where (-,-) : X x X — R is called an inner product and satisfies the following
properties: For all x,y,z € X and c,d € R,

x,x) = 0 (A.19)
x,x) = 0 & x=0, (A.20)
(x+dy,z) = c(x,z)+d(y,z), (A.21)
xy) = (y,x). (A.22)

Clearly, each inner product space is a normed space when defining ||x|| &« (X, X).
The function (-,-) : X x X — R is called generalized inner product if it only
satisfies equation (A.20)—(A.22).
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Definition A.38 (Euclidean inner product) If X = {} we define the Euclidean
inner product between X,y € X by

o n
xy) ExXy=Y xiy. (A23)

Example A.39 (¢5 and L,) Defining an inner product (-,-) in 3 and L, (X) by
(A.23) and

(frg) = fx £ (g dx (A24)

makes these two spaces inner product spaces because
Lo(x,x) =31 x?>0and (f, f) = [, (f x)* dx > 0.

2. (x,x) = Y1, x? = 0ifand only if x = 0. Similarly, (f, f) = [, (f X))* dx =
0 if and only if f (x) = 0 almost everywhere.

3. For the U} case we have

(cx+dy,z) = Z(cx,—l—dy,)z,_LZXZ,-i-dZy,Z,
i=1

= c(x,z)+d(y,z) .
Similarly,

(af +bg, h)

fx (af (%) + bg (0 h () dx

= af f(x)h(x) dx—i—b/ g (x)h (x) dx
X X
= a(f,h)y+b(g h).
4. The symmetry follows trivially from definition (A.23) and (A.24).

Definition A.40 (Positive (semi)definiteness) Given a vector space X, a function
f X x X — Ris said to be positive definite (positive semidefinite) if, and only
if, foralln € N, all X, ...,x, € X and all a € R", a # 0, it satisfies

Xn:iaiajf(x,-,xj)>0. (Zza,aj Xi. X; >0>

i=1 j=I1 i=1 j=1
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Example A.41 (Positive semidefiniteness) Consider any inner product (-,-) =
f (-,-) on a vector space X. Then, for alln € N, all a € R", a # 0 and any
sequence Xy, ...,X, € X,

n n n n n n
E E a,-aj(xi,xj) = E Clig Clj(X,',Xj): E a; X,‘,E CleJ'

i=1 j=1 i=1 j=1 i=1

where the second step follows from equation (A.21) and the last step is a direct
consequence of equation (A.19). Thus, the inner product is a positive semidefinite
function by definition.

Definition A.42 (Cauchy sequence) A sequence (X;);cn in a normed space is said
to be a Cauchy sequence if lim,_, o SUp,,~, [X, — X, || = 0. Note that all conver-
gent sequences are Cauchy sequences but the converse is not true in general.

Definition A.43 (Hilbert space) A Hilbert space X is a complete inner product
space. A space is called complete if every Cauchy sequence converges.

Definition A.44 (Linear operator) Given two Hilbert spaces H and F, a map-
ping T : H — F is called linear operator if and only if

1. Forallx e Handy e H,T (x+y) =Tx+Ty.
2. Forallx e Handallc e R, T (¢x) =c - Tx.

Definition A.45 (Eigenvalue and eigenvector) Let T : H — H be a linear
operator on a Hilbert space H. If there is a vector x € H, x # 0, such that
Tx = AX for some scalar A, then A is an eigenvalue of T with the corresponding
eigenvector X.

Definition A.46 (Self-adjoint operators) A linear operator T : H — H on a
Hilbert space H is self-adjoint, if, for all X,y € H,

(TX7 Y> = <X7 TY) .
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A.3.1 Covering, Packing and Entropy Numbers

In this section we recall the notion of covering and packing numbers as well as
entropy numbers. We present an elementary relation for covering and packing
numbers; for further information the interested reader is referred to Kolmogorov
and Fomin (1957), Carl and Stephani (1990) and Vidyasagar (1997).

Definition A.47 (¢—cover and s—packing) Let (X, p) be a metric space, let A C
X and e > 0. A set B C X is an e—cover for A if for every a € A there exists
b € B such that p (a,b) < ¢, i.e.,

Acl)B.ow.

beB

The cover B is said to be proper if, and only if, B C A. The set B C A is an
e—packing of A if, for all distinct b, c € B,d (b, c) > «¢.

Definition A.48 (Covering and packing number) Let (X, p) be a metric space,
let A C X and ¢ > 0. The covering number Nﬁ (&) is the minimal cardinality of
an e—cover for A; if there is no such finite cover then it is defined to be co. The
packing number M, (¢) is the maximal cardinality of an e-packing of A; if there
is no such finite packing then it is defined to be 0.

In order to enhance understanding we have shown an e—cover as well as an e—
packing in Figure A.5. There exists an elementary relationship between packing
and covering numbers first proven in Kolmogorov and Tihomirov (1961); the
current proof is taken from Anthony and Bartlett (1999).

Theorem A.49 (Packing and covering numbers) Let (X, p) be a metric space.
Then, for all ¢ > 0 and for every subset A C X, the packing and covering numbers
satisfy the following relation:

M 2e) < N () < M5 (o) -

Proof Let us begin with the leftmost inequality. Suppose that C € X is an e—
cover of A and that P C A is a 2e—packing of A of maximum cardinality M/, (2¢).
We need to show that | P| < |C| which will be done by contradiction. Let us assume
that |P| > |C|. Since C is an e—cover of A we know that, for every p € P, there
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Figure A.5 (Left) s—covering of the set A C R? using the Euclidean metric. The black
dots represent the e—cover. (Right) s—packing of the same set A C R”. Note that by
definition we can place balls of radius 5 around the e—packing and obtain a set of balls
which have an empty intersection with each other.

exists a ¢ € C such that p (p, ¢) < &. By the “pigeonhole* principle” there must be
some ¢ € C such that for two points p; # p,in P, p (p1,¢) < eand p (p2,¢) < &.
Since p is a metric (see Definition A.32) we know that

p(p1,p2) < p(pi,c)+p(p2,c) <2e,

which contradicts the assumption that P is a 2e—packing of A. Hence, |P| < |C|
as desired.

To prove the rightmost inequality, suppose that P is an e—packing of maximum
cardinality M, (¢). Then, for any a € A, there must exista p € P with p (p, a) <
& because otherwise we could form the packing P U {a} which contradicts the

4 The pigeonhole principle states that if n pigeons are distributed over fewer than n pigeonholes, some pigeon-
holes must contain more than one pigeon (for Trybulec (1990) for a rigorous proof).
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assumption that P is a maximal e—packing. It follows that any maximum e—packing
is an e—cover. ®

Sometimes it is more useful to work with the functional inverse of the covering and
packing number, defined as follows.

Definition A.50 (Entropy numbers) Let (X, p) be a metric space and let A C X.
Then the nth entropy number €4 (n) is the smallest number ¢ > 0 such that
NY (&) <n,

€s(n) définf{s >0 |Ni(e) <n}.

The nth inner entropy number ¢4 (1) is defined as the largest ¢ > 0 such that
M4 (¢) > n,

<pA(n)d§fsup{s >0 | My(e)=n}.

Corollary A.51 (Entropy and inner entropy numbers) Let (X, p) be a metric
space. Then, for all n € N* and for every subset A C X, the entropy and inner
entropy numbers satisfy

Pa(n) <€x(n) <2-9an) .

Proof The result follows directly from Theorem A.49 noticing that N (¢) and
MY, (¢) are non-increasing functions for increasing ¢, that is, we know that there
exists a smallest A > 0 such that

M (2€4 (n) + A) =N (€4 (n)) =n.
oa(n)

This shows the rightmost inequality. The leftmost inequality can be shown in an
analogous way. m

A.3.2 Matrix Algebra

Vectors, which are column vectors by definition, and matrices are denoted in bold
face’, e.g., x or X. Vector components are denoted by subscripts omitting bold

5 This should not be confused with the special symbols E, P, v, f, F and | which denote the expectation value,
the probability measure, the empirical probability measure, the density, the distribution function and the indicator
function, respectively. Whenever the symbol x is already in use, we use X to denote a vector to avoid confusion.
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face, i.e., x;. Note that for matrices we do not omit the bold face, i.e., X;; is the
element of X in the ith row and jth column. We have for the n x 1 vector x
that x = (xy,...,x,) = (x1;...;x,), i.e., a comma-separated list creates a row
vector whereas a semicolon-separated list denotes a column vector. The n X n
identity matrix is denoted by I,. We omit the index n whenever the size of the
matrix is clear from the context. The vector e; denotes the ith unit vector, i.e.,
all components are zero except the ith component which is one. The vector 1 is
defined by ) . e; = (1;...; 1). The main importance of matrix algebra stems from
the following theorem which builds the link between linear operators and matrices.

Theorem A.52 (Linear operators in finite dimensional spaces) All linear oper-
ators ¢ : R" — R™ for finite n, m € N admit a representation of the form

¢ (x) = Ax,

where A € R"*" js called the parameter matrix.

Proof Putx =) " | x;e;. By the two properties of linear operators

6% = ¢ (Zx,-e,-) =Y xde) = @)..... ¢ @)X,
i=1 i=1 A

that is, the columns of the matrix A are the images of the n unit vectorse; € R". m

Types of Matrices

Definition A.53 (Square matrix) A matrix A € R™" is called a square matrix if,
and only if, m = n.

Definition A.54 (Symmetric matrix) A square matrix A is called a symmetric
matrix if, and only if, A’ = A.

Definition A.55 (Lower and upper triangular matrix) A square matrix A is a
called lower (upper) triangular matrix if, and only if, A;; =0 < i < j (i > j).

Definition A.56 (Diagonal matrix) A square matrix A is called a diagonal matrix
if, and only if, A;; = 0 for all i # j.They are denoted by diag (ai, ..., a,).
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Definition A.57 (Positive (semi)definite matrix) A symmetric n x n matrix A is
called positive definite, i.e., A > 0, if, and only if,

VeeR', ¢c#0: cAc> 0.
If the inequality only holds with > then A is called positive semidefinite. This is

denoted by A > 0.

Definition A.58 (Orthogonal matrix) A square matrix A is called an orthogonal
matrix if, and only if, AA = L.

Definition A.59 (Singular matrix) A square matrix A is singular if, and only if,
|A| = 0; otherwise the matrix is called a non-singular matrix.
Transpose

Definition A.60 (Transpose of a matrix) For any n x m matrix A the transpose
p def

A’ is anm x n matrix defined by Al; = Aj;.

Theorem A.61 (Transpose of matrix product) For any n xm matrix A and m xr
matrix B,

(AB) =B'A’.

Proof Follows trivially by comparing individual elements of both matrix prod-
ucts. m

Rank

Definition A.62 (Rank of a matrix) Given an m x n matrix A the rank rk (A) is
the maximum number of columns which are linearly independent.

Theorem A.63 (Rank of the transpose) For any m x n matrix A we know that
rk (A) =1k (A’) < min {m, n}.
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Determinant

Definition A.64 (Determinant of a matrix) The determinant |A| of an n X n ma-

trix A is defined by

Al = A, ifn=1,

|A| def { Z?:l A,‘j . |A[,‘j]| . (—I)H—J fOl" anyj S {1, - ,n}
Z}}:l A,‘j . |A[ij]| '(—1)1+] foranyi € {1,...,]1} ’

The (n — 1) x (n — 1) matrix Ayj) is obtained by deleting the ith row and jth
column from A.

ifn>1.

Theorem A.65 (Determinants of the transpose) For any n x n matrix A we have
Al = |A.

Proof The result is trivially true for n = 1. Let us assume the assertion is true of
n € N. Then, for any (n 4+ 1) x (n 4+ 1) matrix A, by definition

n+1 ' el |
AL = D Ay [Aun] - D =D Au - [Agn] - (=D

=1 r=

n+1

’

= D AL [Aul- D = A
=1
where the second line follows by assumption and the definition of the transpose. m

Theorem A.66 (Determinants of triangular matrices) The determinant |A| of a
lower (upper) triangular n x n matrix A is given by the product of the diagonal of
A le.,

Al=]T]Au.
i=1

Proof Let us assume that A is lower triangular. The result follows by induction.
The case n = 1 is covered by the Definition A.64. Let us assume the assertion is
true for n € N. Then, for any (n + 1) x (n 4 1) matrix A, by definition

n+1 n
A=) Ay -Aup] - D™ = Ay [Apg| = A [T A
j=1

i=1
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because, according to Definition A.55, all A;; for j > 1 are zero. The last step
follows from the fact that \Alllli is the determinant of the n x n lower triangular
sub-matrix of A obtained by deletion of the first row and column. The case of A
being upper triangular follows by an application of Theorem A.65. =

Due to their lengths, the following three theorems are given without proof. The
interested reader is referred to Mardia et al. (1979) and Harville (1997).

Theorem A.67 (Products of determinant) For any two n x n matrices A and B,
|AB| = |A] - [B] .

Theorem A.68 (Determinant of triangular partitioned matrix) Let M be a par-
titioned n x n matrix

A B
w (1),
where A e R, Be R, Ce R*,De R* andn =r +s. If either B=0or
C = 0 we have

IM| = |A] - D] .

Theorem A.69 (Determinant of linear combinations) For any n x n matrix A =
(aj,...,a,),anyi, je{l,...,n}and any » € R
’(al, ceesa5,4a; + Aa;, Ajyy, ..., a,,)‘ = |A| .

Theorem A.70 (Determinant and rank) For any n x n matrix A withtk (A) < n
we have that |A| = 0.

Proof Since tk (A) < n we know that there exists a column a; of A which can be
linearly combined from the remaining n — 1 columns. Without loss of generality
suppose that this is the first column a;, i.e., a; = Z'j;} Ajaji. According to
Theorem A.69 we know that

n—1
(al - Z)»ja,/+1,az,---,3n>| =1(0,a,...,a,)| =0.
j=1

where we used Definition A.64 with the first column of zeros. m

Al =
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Theorem A.71 (Scaling of determinant) For any n x n matrix A = (ay, ..., a,)
and any vector L € R"

n
|(Mar, ..., Aga,)| = |A] - HM-
i=1

Proof Noticing that
()\,131, ey )»,,a,,) =A- dlag ()\,1, ey )"n) ,

the result follows from Theorems A.66 and A.67. =

Theorem A.72 (Determinant of a partitioned matrix) Let M be a partitioned
n X n matrix

A B
v=(en).

where A e R Be R CeR>* DeR* andn =r +s. IfA_1 and D!
exist then

A B

Mi=| - p

’ =|A|-|D—CA™'B|=D|- [A—-BD'C| .

Proof In order to prove the assertion we use the fact that M can be written as the
product of two partitioned block-triangular matrices, i.e.,

I, 0 A B\ (A-BD'C BD' L 0
CA™' D-CA'B 0 I ) 0 I, C D /-

Applying Theorems A.67 and A.68 proves the result. m

Trace

Definition A.73 (Trace of a matrix) The trace tr (A) of a square n X n matrix A
is defined by

tr (A) déf Z A,‘,‘ .
i=1
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Theorem A.74 (Trace of matrix products) For any n x m matrix A and m X n
matrix B,

tr (AB) = tr (BA) .

Proof By definition we know that

(ZBjiAij) = tI'(BA) .
1

i=1

n

tr (AB) = Z (i Aiiji) =
j=1

m
i=1 j=

J

The theorem is proved. m

Inverse

Definition A.75 (Inverse of a matrix) The square matrix A~ is called the inverse
of A € R™" if, and only if,

ATTA=AA'=1,.

The inverse exists if, and only if, A is non-singular, i.e., |A| # 0.

Theorem A.76 (Inverse of square matrix) /f A and B are any two n x n matrices
and AB =1, then B = A~

Proof From Theorem A.67 we know that [A| - |B| = |I,| = 1. Hence both A~!
and B! exists because |A| # 0 and |B| # 0. As a consequence A~ - (AB) =
A~'.1, & B = A~! which proves the theorem. m

Theorem A.77 (Product and transpose of inverses) Ifthe two square matrices A
and B are invertible then

(AB)'=B'A7!,  (A) =AY

Proof To prove the first assertion we have to show that (B_lA_l) (AB) = I which
follows from Definition A.75. The second assertion follows from (A’)_1 A =
(A"")'A’ = (AA™")" = I' = I by virtue of Theorem A.61. m
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Theorem A.78 (Inverse and determinant) Let A be an invertible symmetric n xn
matrix. Then the inverse A~' can be computed as

| (_1)1+1 . |A[11]| e (_1)l+n . |A[1n]| !
-1 _ . ) )

Al : ) ‘
D" A o D™ A

Proof In order to proof the theorem we need to show that A~'A = I,,. For the
i, j—th element of A~'A we have

1 L . 1 ! .
A7), = 3 gl = 3
I=1 I=1

qij
By Definition A.64 for i = j we see that ¢;; = |A|. In the case of i # j, g;; can

be viewed as the determinant of the matrix A obtained from A by replacing the jth
column with the i/th column. Hence tk(A) < n and therefore, by Theorem A.70,
we know that g;; = 0 which proves the theorem. m

Theorem A.79 (Woodbury formula) Let C be an invertible n x n matrix. Then,
for any matrix A € R"™" and B € R"*",

(C+AB)'=C"'—C'A(I+ Bc—lA)’1 BC'. (A.25)

The r.h.s. exists if and only if the l.h.s. exists.

Proof PutD =1+ BC'A. First we show that the r.h.s. of equation (A.25) has
the property that its product with (C + AB) equals I, i.e.,

<C*1 —C'A(I+BC'A)” Bc—l) (C + AB)
= (C"'—=C'AD'BC™") (C + AB)
=1+ C'AB—-C'AD"'B—- C'AD'BC'AB
=1+C'A(I-D'-D'BC'A)B

=I+C'A|I-D'(I+BC'A) |B=1.
N e’

D
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Since both the L.h.s. and r.h.s. of equation (A.25) are square matrices the result
follows from Theorem A.76. =

Theorem A.80 (Partitioned inverse of a matrix) Let M be a partitioned invert-
ible n x n matrix

A B
M=(¢ )
where A e R BeR>* CeR>* DeR* andn=r+s. IfA_1 exists then
E = (D — CA_IB)ilalso exists and

(A.26)

M- — A"'+A7'BECA™' —A"'BE
B —ECA™! E '

Further, if D! exists then F = (A — BD_IC)71 also exists and

F ~FBD™!
-1 _
M= ( ~D~'CF D'+ D !CFBD! ) ' (A.27)

Proof In order to prove equation (A.26) put

A0
N= ( —CA7! 1, ) '

According to Theorem A.76

I, A~'B
NM = ( 0 D-CA'B )
is invertible because N and M are square matrices and, by assumption, invertible.

Hence the rows of D — CA™'B are linearly independent and therefore E exists. It
remains to show that MM ™! = I,, which follows from

A(A""+A7'BECA™') —BECA™' = I, +BECA™'—BECA™' =1,,
C(A'+A'BECA™') —DECA™' = (C+CA’1BEC—DEC) A
= (E'+CA'B-D)ECA ' =0,
—AA'BE+BE = 0,
—CA"'BE+DE = (D-CA'B)E=]1,.
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The proof of equation (A.27) follows by applying equation (A.26) to M’ and
noticing that M~! = ((M’)~")’ due to Theorem A.77. m

Spectral Decomposition

Definition A.81 (Eigenvector and eigenvalue) Let A be an n x n matrix. Then the
vector u € R", u # 0 is called an eigenvector of A with the eigenvalue A if

Au = \u. (A.28)

Since each eigenvector u # (0 must obey Au = Au we know that each eigenvalue A
is a non-trivial solution of (A — AI) u = 0. This, however, requires that |A — AI| =
0.

Definition A.82 (Characteristic polynomial) Given an n x n matrix A, the char-
acteristic polynomial ®, : R — R of A is defined by

Dy ) A AL

Note that the characteristic polynomial is a nth degree polynomial.

If A is not only square but also symmetric, it can be shown that all roots of ®, are
real. Using this result we can prove the following powerful theorem.

Theorem A.83 (Spectral decomposition theorem) Any symmetric n x n matrix
A can be written as

A =UAU', (A.29)
where UU =T and A = diag (A, ..., Ay).

Proof 1f we consider any two eigenvectors u; and u; then we know that
0= (Au)) — (Au)) w; = w/Au; — v Au; = Auju; — Ll = (0 — X)) wu,
where we exploit the symmetry of A and equation (A.28). Thus any two eigen-

vectors u;, u; with different eigenvalues A;, A; are orthogonal. If w;, ..., u; are

[ eigenvectors with the same eigenvalue A then le=1 a/u;; is also an eigenvector
with the eigenvalue A for any «, . . ., ;. This allows us to apply the Gram-Schmidt
orthogonalization to all eigenvectors u; with equal eigenvalues. Hence we can as-
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sume that all eigenvectors are orthogonal. Moreover, if u; is an eigenvector then
Bu; is also an eigenvector with the same eigenvalue. Thus, without loss of gen-
erality, we assume that ||u;|| = 1 for all /. Let us arrange all n eigenvectors of
unit length columnwise in an n x n matrix U = (uy, ..., u,) in order of increas-
ing eigenvalues ;. By construction this matrix has the property that U'U = 1. By
virtue of equation (A.28) we have

AU =UA, (A.30)

where A = diag (A, ..., A,). Since U is a square matrix Theorem A.76 shows that
UU’ = 1. Multiplying equation (A.30) by U’ from the right results in A = UAU’
which proves the theorem. m

Theorem A.84 (Trace and Determinant) For any symmetric n X n matrix A with
eigenvalues Ay, ..., Ay,

|A|=11[)\.l, tr(A)=Xn:)\,’.
i=1 i=1

Proof Consider the spectral decomposition of A, i.e., A = UAU’. Using Theorem
A.67 and U'U = I gives

Al = [UAU'| = [U| - |A| - [U| = [U|- U] - |A| = |[U'U| - |A] = |A] .

The first results follows by |A| = |diag (A1, ..., A,)| = ]_L'.':l A;. The second result
follows from the following argument

tr(A) = tr (UAU') = tr (AU'U) = tr (A) = Zx, ,

where we use Theorem A.74 in the second step. m

Theorem A.85 (Eigenvalues and positive semidefiniteness) A symmetric n x n
matrix A is positive definite (positive semidefinite) if and only if all n eigenvalues
Ai of A are strictly positive (non-negative).

Proof Let us assume the matrix A is positive definite, that is, for all ¢ € R”,
¢ # 0 we know that ¢Ac > 0. By Theorem A.83 we have A = UAU’ for
U= (u,...,u,), UU =UU =Tand A = diag(A{,...,A,). Using ¢ = u;
we obtain u;UAU'y; = A, lu;|>=2; > Oforalli € {1,...,n).
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Now let us assume that all n eigenvalues A; are strictly positive. Then, for all
vectors ¢ € R", ¢ # 0,

n
cAc=cUAUc=a'Aa =) 1o} >0.
i=1
Note that Uc =0 < ¢ = 0 because ||U’c||2 = ¢'UU’c = ||c||%. The proof for the

case of positive semidefiniteness follows from the same argument. =

Quadratic forms

Theorem A.86 (Sum of quadratic forms) Let A € R"™ and B € R"™™ be
two symmetric, positive semidefinite matrices. Then, for any matrix X € R"™",
Y e R"™ acR andb € R", we have that

D(pu)=@—-Xpw)'A@—-Xp)+b-Yu)Bb-Yun), (A3D)
can be written as

D(wy=m—-0'Cr—0)+d (A.32)
where

C =X'AX+YBY, d =a'Aa+Db'Bb — ¢'Cc,

and ¢ € R satisfies

Cc=X'Aa+ Y'Bb.

In the special case of C > 0 and Y = 1 we can write d € R as

d=(a—Xb) (A" +XB'X)"' (a—Xb) . (A33)

Proof The lengthy proof of the existence of ¢ € R" has been omitted and can be
found in Kockelkorn (2000). Let us start by proving equation (A.32). Expanding
(A.31) we obtain

D(uw) = a'Aa—2a'AXpu + WX AXu + w'YBYn —2b'BYn + b'Yb
= a'Aa—2p/ (X’Aa+Y'Bb) + ' (X'AX + Y'BY)  + b'Bb
= a'Aa—2u'Cc+ p'Cn +b'Bb

(m—¢)C(p—c)—cCc+aAa+b'Bb,
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where we used the symmetry of A and B several times. This shows equation (A.32).
In the special case of Y = I we obtain

C=XAX+B. (A.34)

Let us introduce the following abbreviation u “a—Xb < a=u-+Xb. Then
we know

Cc=X'Aa+Bb =X'A(u+Xb) +Bb=XAu+Cb,
where we have used equation (A.34). Since C > 0 it follows that
¢dCe = ¢CC'Ce=(X'Au+ Cb)' C' (X'Au+ Cb)
= uAXC 'X'Au+ 2u'AXb + b'Ch. (A.35)
Further, we have
a’Aa = (u+ Xb)' A (u + Xb) = u’Au + 2u’'AXb + b’X'AXb. (A.36)
Combining equations (A.36), (A.35) and (A.34) thus yields
a’Aa+bBb—cCec = uAu—uwAXC 'X'Au+ b'’X’AXb + b'Bb — b'Cb
= uAu— uwAXC'X'Au+ b’ (X’AX +B)b — b'Ch
= u(A—AXC'XA)u.
Finally, using the Woodbury formula given in Theorem A.79 we can write A —
AXC'X'A = ((A - AXC*IX’A)_1>71 as

(A—(AX) (C'X'A))" = A"+ X(I-C'XAX) ' C'X
= AT+ X(C—XAX)'X' = A+ XBIX.
Putting all these results together proves equation (A.33). m

Theorem A.87 (Rayleigh coefficient) Ler A € R"™" be a symmetric, positive
semidefinite matrix with eigenvalues ., > --- > A, > 0. Then, for all x € R",

x' Ax

X'X

Ap <

<A,

where the A; are the eigenvalues of A sorted in decreasing order. Further, the right
hand side becomes an equality if X is the eigenvector uy of A corresponding to the
largest eigenvalue X..
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Proof According to Theorem A.83 we know that each symmetric A can be written
as A = UAU where UU = UU = I and A = diag (A, ..., A,). For a given
x € R” let us consider y = U’x. Then we know that

XAx  xXUAUx  yAy Y[ ay

= = = . A.37
X'x x'UU'x y'y > y? (A.37)

Since A, < A; and A; < Ay foralli € {1,..., n} we know that

fxny? < fxiy? < im?. (A.38)
i=1 i=1 i=1

The results follows directly from equation (A.37). Moreover, if yy = 1 and y; =0
foralli € {2, ..., n} then we attain an equality in (A.38). This is the case only for
x being the first column of U, i.e., the eigenvector u; corresponding to the largest
eigenvalue 1. =

Theorem A.88 (Generalized Rayleigh coefficient) Let A € R"™" be a symmet-
ric, positive semidefinite matrix and B = C'C be a positive definite n x n matrix.
Then, for all x € R",

x' Ax
)"n = YBx = )\-l P (A39)

where the \; are the eigenvalues of (C™') AC™! sorted in decreasing order. Fur-
ther, the right hand side becomes an equality if x = C~'u; where u, is the eigen-
vector of (C~"YAC™! corresponding to the largest eigenvalue . In the special
case of A = aa’ we know that A, = a’'B~'a and that the maximizer of (A.39) is
given by x = B 'a.

Proof Putz = Cx. Then for all x € R"

X' Ax X' Ax 7 (C*I)/AC_lz
xBx xCCx 7z

and therefore the first part follows from Theorem A.87. In the special case of
A = aa’ we obtain (C"'YAC™! = (C'Yaa’'C~!' = vv where v = (C !Ya.
The matrix vv’ has exactly one eigenvector v to the eigenvalue [v]|?> because
(W)V = v(V'v) = |[v|* - v. Since ||v]* = a'C"'(C"'Ya=a'(C'C)'a=aB 'a
andx = C~'v = C7!(C7'Ya = (C'C)"'a = B~ !a the special case is proved. m

’
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Kronecker Product

Definition A.89 (Kronecker product) Given ann x m and g x r matrix A and B,
respectively, the Kronecker product A ® B is the nqg x mr matrix

ayuB --- a;,B
AQBE : :

auB - a,,B

Theorem A.90 (Matrix product of Kronecker products) Forallm,n,q,r,s,t €
N and any n x m matrix A, r x g matrix B, m x s matrix C and g x t matrix D,

(A®B) (C®D) = (AC) ® (BD) .

Proof Let us represent the matrices A and B in terms of their rows and C and D
in terms of their columns,

A = (a;...;a)), aeR", B = (bj;...;b)), b, eR’,
C = (¢,....¢), €R", D = (dy,....d), d,eR.

and i € {1,...,n}, j € {l,...,r},u € {1,...,s} and v € {l,...,t}. Let

i>x<jdéf(i—l)'r—l-jandu*vdéf(u—l)-t—i—v.Considertheelementin

the i * j—th row and u * v—th column of (A ® B) (C ® D)

(A®B)(COD) iy = (anb....amh)) (crud,.....cnd,)

= Zailclub/jdv
=1

= ac,- bf,-dv

= (AC), - (BD),,
((AC) ® (BD))i*j,u*v ’

where the last step follows from Definition A.89. m
Theorem A.91 (Eigenvalues of Kronecker products) Let A and B be symmetric

n x n and m x m matrices, respectively. Then the eigenvalues of the matrix A ® B
are all products of pairs of eigenvalues of A and B.
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Proof Let{(ui,11),...,u,, A,)}and {(vi,w1), ..., (V,, ®,)} be the eigensys-
tems of A and B where we take the liberty of having a few X; and w; zero (see
Theorem A.83). Then, foralli € {1,...,n}and j € {1,...,m}

A®B)(0;®v;) = (Au)® (Bv;) = (L) ® (w;v))
= (ho;) (wev;) .

where we used Theorem A.90. Further,

Jui@v;|* = ev) (wev)=luwl*|v;|* =

which shows that A ® B has at least mn eigenvectors with eigenvalues given by the
product of all pairs of eigenvalues of A and B. Since all eigenvectors are orthogonal
to each other A ® B € R"™"*™" has at most mn eigenvectors. m

Corollary A.92 (Positive definiteness of Kronecker products) Let A and B be
two positive definite (positive semidefinite) matrices. Then AQB is positive definite
(positive semidefinite).

Proof 1f A and B are positive definite then all eigenvalues of A and B are strictly
positive (see Theorem A.85). Hence, by Theorem A.91 all eigenvalues of A @ B

are strictly positive and thus A ® B is positive definite by Theorem A.85. The case
of positive semidefinite matrices proceeds similarly. m

Derivatives of Matrices

Definition A.93 (Derivative of a vector-valued function) Let ¢ : R” — R" be a

fixed function. Then the m x n matrix ¢( ) of derivatives is defined by
991x) 3 (x)
awm@(mu»”__ e
ox i =\ saw L e
9 9m

Theorem A.94 (Derivative of a linear function) Let ¢ : R" — R" be a linear
function, i.e., ¢ (X) = AX + b for a fixed matrix A € R"™™ and vector b € R".
Then

¢ (x)
0x

=A.
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Proof Foranyi € {1,...,m}and j € {1,...,n} let us consider the 7, j—th

- a . m A ) .
element of % We have %{Y(_X) = Zl:i)lx- I — A; which proves the theorem. m

Theorem A.95 (Derivative of a quadratic form) Let ¢ : R" — R be a quadratic
form, i.e., ¢ (x) = X' AX for a fixed symmetric matrix A € R"™" . Then

0
¢ ) = 2Ax.
ox
Proof Foranyi € {l1,...,n} letus consider the ith element of % We have

9000 _ X0 S A

n n
8)(,’ axi = Z Aisxs + Z Arixr + 2xiAii = Ax 5

r=1

s=1
SFEL r#l

where the last equality follows from the symmetry of A. =

Theorem A.96 (Derivative of the inverse) Ler A : R — R"*" be a matrix-valued
function. Then

0 (A -
dAT _ a(x)) NS ( )<A( )~
X

Proof First note that, for all x € R, by definition A (x) (A (x)~! = L Since I
does not depend on x we have

0252 o A) ™ +AW

o _9A) A 9A (x) 3 (A ()™
ox ’

where the second part follows by component-wise application of the product rule
of differentiation. The result follows by rearranging the terms. m

Theorem A.97 (Derivative of the log-determinant) For any symmetric n x n ma-
trix A,

aln (JA])
0A

=A"".
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Proof Let us consider the 7, j—th element of the n x n matrix of derivatives, i.e.,
d1n (JA]) /0A;;. By the chain rule of differentiation and Definition A.64 we know

dIn(AD _ dIin(AD Al _ 1 9(XL Ay |Au|- (=D™)
A dIAl  0A;  |A A

1 o
~ Al |Apn| - (=D

because all the |AU j]| involve determinants of matrices which do not contain A;;.
Exploiting the symmetry of A and Theorem A.78 proves the theorem. m

The following theorem is given without proof; the interested reader is referred to
Magnus and Neudecker (1999).

Theorem A.98 (Derivative of a quadratic form) For any non-singular n x n ma-
trix Aand a,b € R",
da’A"'b

o — (A ab' (A7)

A.4 1ll-Posed Problems

The concept of well and ill-posed problems was introduced in Hadamard (1902)
in an attempt to clarify what types of boundary conditions are most natural for
various types of differential equations. The solution to any quantitative problem
usually ends in finding the “solution” y from given “initial data” x,

y=S(x) . (A.40)

We shall consider x and y as elements of metric spaces X and ) with the metrics
px and py. The metric is usually determined by the formulation of the problem.
Suppose that the concept of solution is defined by equation (A.40).

Definition A.99 (Stable solution) The problem of determining the solution y =
S (x) in the space of Y from the initial data x € X is said to be stable on the spaces
Y, X) if, for every & > 0, there exists a positive number § (¢) > 0 such that

VX, X, € X px (X1,X2) =8(8) = py (S(x1),S(x)) <e.



240

Appendix A

Definition A.100 (Well-posed and ill-posed problems) The problem of deter-
mining the solution y = S (X) in the space of Y from the initial data x € X is
said to be well-posed on the spaces (), X) if

1. for every element x € X there exists a solution y in the space ).
2. the solution'y = § (X) is unique.

3. the problem is stable on the spaces (), X).

Problems that do not satisfy these conditions are said to be ill-posed.

A.5 Basic Inequalities

A.5.1 General (In)equalities

This section collects some general results which are frequently used in the main
body. Each theorem is followed by its proof.

Theorem A.101 (Lower bound for the exponential) For all x € R we have
I+x <exp(x),

with equality if and only if x = 0.

Proof Consider the function f (x) = 1 4+ x — exp (x). The first and second
derivatives of this function are % =1 —exp (x) and % = —exp (x). Hence
this function has a maximum at x* = 0 which implies that f (x) < f(0) =0 &

I4+x <exp(x). =m
Theorem A.102 (Euler’s inequality) For all x > Oand alla € R, a # 0
a X
(1 + —) < exp(a) .
X
Proof From Theorem A.101 we know that 1 + a/x < exp (a/x), because, by

assumption, a # 0. Since x > 0 this implies (1 + a/x)* < (exp (a/x))* = exp (a)
which proves the theorem. m
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Theorem A.103 (Binomial theorem) For all x € R and all d € N we have
4. rd
1+x)! = .
(1+x) Za‘ (i )x

Proof We proof the theorem by induction over d. The theorem is trivially true for
all d = 0 and all x € R. Suppose the theorem is true for some d € N. Then

1+ = Q4 Xd: (d>xi = Xd: (d>xi + dii ( d >xi
i=0 i i i=1 i—1

i=0

(£~ 0
)

Al a0 i
B Z( i )x’

i=0

ngs

where we have used

RESNEY

in the third line. =

Corollary A.104 (Binomial coefficients) For all a, b € R and all d € N we have
4. 7d
b d — E i . bd—i .
(a + ) i=0 <l >a

Proof Using Theorem A.103 with the factorization (a + b)¢ = (b (a/b + 1))¢
proves the corollary. =

Theorem A.105 (Upper bound for the sum of binomials) For any m € N and
def{l,...,m}we have

(7)< (4)"

i=0
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d—i

Proof The result follows from Theorems A.103 and A.102. Noticing (%) > 1

foralli € {0, ..., d} we see that
NG GICRC IO
L)) = (5)

< (2 ep@ = (L)

The theorem is proven. =

IA

Theorem A.106 (Cauchy-Schwarz inequality (Cauchy 1821)) For any two ele-
ments X and 'y of an inner product space X we have

[ 1= Il llyll

Proof If y = 0 then the inequality is true because both sides are zero. Assume
then y # 0. For any ¢ € R we have

0 < (x+cy, x+cy) = IIxI* +2¢ (x,y) + S lyll* .

x.y)

Now put ¢ = — T to obtain
(x,y)
0 < IIx|* — ”y”yQ x,y) < [yl =IxI-lyl,

as ||y||2 > (0 by assumption. m

Note that the Cauchy-Schwarz inequality remains valid even if equation (A.20) is
replacedbyy =0 = |ly|| = 0.

Theorem A.107 (Union bound) Let X1, ..., X, € X be a finite number of sets
from the o—algebra X. Then, for any measure Py,

Px(X;U--UX,) <Y Px(X)) .
i=1
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Proof Consider two arbitrary sets A € X and B € X. By definition
Px (AU B) = Px (A) + Px(B) — Px (AN B) < Px(A) +Px(B) .

Hence

Px (X U---UX,) <Px(X) +Px(XaU---UX,) < < > Px(X)),
i=1

which proves the theorem. m

A.5.2 Large Deviation Bounds

In this subsection we present a series of theorems which aim to bound the proba-
bility that a random variable X is far from its expected value Ex [X] We will only
scratch the surface of the theory of large deviation bounds; the interested reader
is referred to Devroye et al. (1996), Feller (1950), Feller (1966) and Devroye and
Lugosi (2001) for further details.

The following important theorem shows that, in the limit of an infinitely large
sample, there is no variation in the mean of the sample. The mean value of a
sequence of random variable is no longer random but is precisely given by the
expectation value of each single random variable.

Theorem A.108 (Law of large numbers) For any random variable X with finite
expectation u = Ex [X] and variance Var (X) we have

1 n
;;Xi—ﬂ

We shall prove this theorem shortly. Now, the problem of large deviations is to
determine how fast the convergence (A.42) happens to be. We would like to know
how likely it is that a mean of n independently identically distributed (iid) numbers
deviates from their common expectation by more than ¢ > 0. Let us start with a
simple theorem bounding the tail of any positive random variable.

n—00

Ve >0: lim Py (

> s) =0 (A.42)

Theorem A.109 (Markov’s inequality (Markov 1912)) If the random variable X
fulfills Fx (0) = O then, for all .. > 0,

Px (X > )\Ex [X]) < %
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Proof By Definition A.7 we know that

Ex [X] = f xdFy (x) > / xdFy (x)
0 A.EX[X]
> 2Ex[X] f dFy (v) = 2Ex [X]Px (X > 2Ex[X]) .
)»Ex[x]
Dividing both sides by AEx [X] (which is always positive by Fyx (0) = 0 and the
choice of A) gives the desired result. m

A direct consequence of this theorem is Chebyshev’s inequality.

Theorem A.110 (Chebyshev’s inequality (Tschebyscheff 1936)) If Ex [X*] ex-
ists, then for all ¢ > 0

Ex [X?
Px (IX] > ¢) < Xg[z ] . (A.43)

In particular, we have for all ¢ > 0

Var (X)
g2

Py (’X— Ex [X]’ > 8) <

Proof Define a new random variable Y = X?. Then Fy (0) = 0, ¢ > 0 and

2
PX(|X|>8):PY(Y>82)< EY[Y] :EX[X]’

g2 g2

where the inequality follows from Theorem A.109.

Proof of Theorem A.108.  Let us denote = Ex [X]. Then, by Chebyshev’s in-
P ! iX P ! iX E ! iX
n — i — > & = n — i — n | — i
) n i=1 : § n i=1 § n i=1
Var (n=' Y7 X))
By Corollary A.20 we know that, for n iid variables X;, Var (n_1 Yo X,») =
%Var (X) and thus, for all ¢ > 0, lim,_,o, Var (n_1 I X,-) . €72 = 0 whenever

equality , for all ¢ > O,
. )
2
Var (X) is finite. The law of large numbers is proved. =
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Although the general applicability of Chebyshev’s inequality is an appealing fea-
ture the bound is, in general, very loose (see also Devroye and Lugosi (2001)).
A key to obtaining tighter bounds comes through a more clever use of Markov’s
inequality—a technique known as Chernoff’s bounding method. The idea is very
simple: By Markov’s inequality and the monotonicity of f (z) = exp (sz), for all
s > 0, we know that, for all ¢ > 0,

Py: (% Z;:x,- CEx[X] > g>
Py <exp (% 3 (X, — Ex [x])) - exp (se))

B [ow (Y (X~ Ex(X))]
exp (se)
T e (X~ Ex X))

exp (s€)

, (A.44)

where the third line follows from Theorem A.109 and the last line follows from
the independence of the X; and Theorem A.15. Now the problem of finding tight
bounds for large deviations reduces to the problem of bounding the function
exp (s;f1 (X — Ex [X])) which is also called the moment generating function (see
Feller (1966)).For random variables with finite support the most elegant bound is
due to Hoeffding (1963)°.

Lemma A.111 Let X be a random variable with Ex [X] = 0, Px (X € [a, b]) = 1.
Then, for all s > 0,

2 (b _ 12
Ex [exp (sX)] < exp (s(b%) .

Proof By the convexity of the exponential function

b—x

a
exp (sb) +

Vx € [a, b] : exp(sx)flji_a P—

exp (sa) .

6 The proof presented can be found in Devroye et al. (1996).
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Exploiting Ex [X] = 0, and introducing the notation p & __a we have that

b—a
exp (ps (b —a)) = exp (—sa). Thus, we get

Ex [exp (sX)] < pexp (sb) + (1 — p)exp (sa)
_ pexp(shyexp(ps (b—a)) | (1 — p)exp(sa)exp(ps (b —a))
B exp (ps (b — a)) exp (ps (b — a))
_1—p+pexp(s(b—a))
~ exp(ps(b—a)
=exp (g (1)) ,

where
def def
u=sb—-a)y>0, gu)=—-pu+In(l—p+pexp)) .

By a straightforward calculation we see that the derivative of g is

du P l—p+pexpu)’

dg@) _ . pep

therefore g (0) = % = 0. Moreover,
u=0

d’g ()  pexpu) (1 —p+ pexp(u)) — pexp (u) pexp (u)
du? (1 —p+ pexp )’
(1 —p) pexp (u)
(1= p+ pexp)*’

. 2 . . 2
and the maximum of % is attained for u = 0. Hence % <(I-ppc=

Thus, by Taylor series expansion with remainder, for some ¢ € [0, u],

dg (u) N u?  d*g (u)

du |,_, 2 du?

u

1
4

2_S2(b_a)2

u
8 8

g) =g () +u-

=

U=ugpn

The lemma is proved. m

Using this lemma we can now prove Chernoff’s inequality (Chernoff 1952;
Okamoto 1958) which was later generalized by Hoeffding (1963).

Theorem A.112 (Hoeffding’s inequality) Let X, ..., X, be independent bounded
random variables such that, for all i € {1,...,n}, Px, (X; € [a,b]) = 1 and
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Ex, [X,-] = 1. Then, for all ¢ > 0,

1 < 2ne?
Py (; ;X,- - > 8) < exp (— 7= a)2> (A.45)
and

PXn (

Proof Noting that Ex [X - u] = 0 we can apply Lemma A.111 together with
equation (A.44) to obtain

n s2(b—a)?
1< [Tiexp <—n2 ) 2
PX”<—ZX,-—/L>8 < i =exp(s—(b—a)2—ss).
g

1 n
;;Xi—li

>¢e) <2ex (— 2ne” ) (A.46)
p (b—a)2 . .

exp (s¢€) 8n

Minimization of this expression w.r.t. s gives s = 4ne/ (b — a)*. Hence we have

1 n 2 2 2
Py (; ;Xi - > 8) < exp (;—n (b —a)* — ss) = exp <— ® iga)2) .

This proves equation (A.45). By using Y; = —X; we see
PYn li:Yl—EY[Y:|>8 = Pxn /L—lixl>8
s )

2ne?
- (_<b —a)2) '

Thus, using Theorem A.107 we obtain equation (A.46). m

This inequality is appropriate if we have only knowledge of the support of Px.
However, this bound does not take into account the variance of the random variable
X. We shall provide a bound on the moment generating function taking into account
both support and variance.
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Lemma A.113 Let X be a random variable with Ex [X] =0, Px(IX|<c) =1
and o = Var (X) = Ex [Xz]. Then, for all s > 0,

2
Ex [exp (sX)] < exp ((Z_z (exp (s¢) — 1 — sc)) .

Proof First we note that, for all j € {2, ..., oo},
Ex [X/] = Ex [X~"2X2] < Ex [Cj—2X2] = /7252 ,

because, by assumption, the random variable is bounded by c¢. Exploiting the fact
that exp (x) = Y% X we therefore obtain

J=0 j!
< (iXi o i ,
_ _ > J
Ex [exp (sX)] = Ex |:1+SX+Z 7 }—I—FZJ,!Ex[X]
j=2 j=2
S 1+ f6.1*20,2
=
_ 02 & s/l
= It
j=2

o2
= 1+—2(exp(sc)—1—sc) .
c

Finally, using Theorem A.101 proves the lemma. m

Theorem A.114 (Bennett (1962)) Let Xy, ..., X, be independent random vari-
ables such that, for all i € {1,...,n}, Px. (|X;| <¢) = 1 and Ey;, [Xi] = 0.
Then, for any ¢ > 0,

& € no? ec
PX” (;X, >8> < exp <—; ((1-’-;)11‘1(1-’-@)—1)) s
where 0> = Ex [Xz] = Var (X).

Proof Using equation (A.44) and the Lemma A.113 yields

! no?
Py» ( X > 6‘) < exp (—2 (exp (s¢) — 1 —s¢) — ss) , (A.47)
c
i=1
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which needs to be minimized w.r.t. s. Setting the first derivative of the logarithm of
equation (A.47) to zero gives

no?
—z(cexp(sc) —c)—e=0,
c

which implies that the minimum is at s = Ll In (1 + %) Resubstituting this value
in equation (A.47) results in the following bound

no? ec ec e ec
oxp (T (1 52) —1-m (14 5)) - om(1+55)
e no? ec e ec
=exp|—-— —ln(l+—> ——ln<l+—>
c c? no? c no?

— exp (_g ((1 ¥ %) In (1 ¥ %) _ 1))

The theorem is proved. m

The full power of this theorem becomes apparent if we bound (1 + %) In(1+ x)
even further.

Theorem A.115 (Bernstein (1946)) Suppose we are given n independent random
variables Xy, ..., X, such that for all i € {1,...,n}, Px, (IX;| <¢) = 1 and
Ex, [X,-] = 0. Then, for any ¢ > 0,

P ! iX g <e e’

a | — ;> xp | ——— ] ,
*\ — P 202 + ce
where 0> = Ex [Xz] = Var (X).

Proof First we show that In(1 4+x) > 2x/ (2 + x) which follows from con-
sidering the function f (x) = In(1 4+ x) — 2x/ (2 + x). The function f has the
derivative 1/ (1 +x) — 4/ ((2 + x)z) whose only positive zero is at x = 0. Since
f(1) =In®2)—2/3 > 0and f(0) = 0 it follows that, for all positive x € R,
f(x)>0 < In(1+x)>2x/(2+x).Using x = 1’57_(2 in Theorem A.114 shows
that, for all A > 0,

! A no?\ 225
Py [ 37X > 2 O ) S
e(Bxs) <o (F((050)
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2\
A= +2
= exp|—— no’ —— 1
c\2+ 25

22%¢ + 2ano? n A
= exp| ———F——7++—
P 2cno? 4 Ac? c

)\‘2
- P <_ 2no? + )w) ’

Substituting A = ne proves the theorem. m

If all we need is a bound on the probability that X; +- - - +X,, = 0 we can eliminate
the exponent 2 on ¢ as opposed to Hoeffding’s and Bernstein’s inequality.

Theorem A.116 (Binomial tail bound) Ler X, ..., X, be independent random

variables such that, for alli € {1,...,n},Px, (Xi=1) =1 —-Px, (X, =0) =
Ex, [X,-] = . Then, for all € € (0, ),

1 n
Py (; ;Xi = O) < exp(—ne) .

Proof By the independence of the X; we have

1 n

Px: (— > Xi= 0) = (1 =" < exp(—np) < exp(-ne),
-

where the second step follows from Theorem A.102. m

Large Deviations of Functions of Random Variables

Finally, there exists a further generalization of large deviation bounds when consid-
ering any function f : X" — R of n random variables Xy, ..., X,. Again, we aim
to bound the probability that f (X, ..., X,) deviates from Exx [ Xy, ..., X,,)].
Before we start we need some additional quantities.

Definition A.117 (Martingale and martingale difference) A sequence of ran-
domvariables Y1, ..., Y, is called a martingale w.r.t. another sequence Xy, ..., X,
ifforeveryi € {1,...,n},Y; = g (Xy, ..., X}) is a function of Xy, ..., X; and

Pyi (Ex..,xi—x [ ((x, Xis1))] # £ (X)) = 0.
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A sequence of random variables V1, ...,V, is called a martingale difference
sequence w.r.t. another sequence Xi, ..., X, if, for everyi € {1,...,n}, V; =
g Xy, ..., X)) is a function of Xy, ..., X; and

Py (Ex.. jxi—x [& ((x, Xi41))] #0) =0.

In order to tackle this problem we use a slight modification of equation (A.44)
already noticed in Hoeffding (1963): Whenever Vi, ..., V, forms a martingale

difference sequence w.r.t. Xy, ..., X, then, for all s > 0,
n EXn |:CXp (S Z V,):|
Py V; =l
x (; ~ 8) = exp {se}

[T Ex;jxi-1—x [exp (sV))]

- exp {se} ' (A.45)

==

However, the significance of this simple extension was not recognized until 1989
when it triggered a revolution in certain applications (McDiarmid 1989). In the

current case of interest we note that
def

Vi = Exo-ipxizen [ f (2, 1, X)) ] = Exoivt ot [ f ((x, X))] (A.49)

forms a martingale difference sequence w.r.t. Xi, ..., X, which implies that all
we need is an upper bound on Ex, xi-1_, [exp (sV,-)]. We shall use the following
lemma.

Lemma A.118 For any function [ : X" — R such that for all i € {1, ...n}

Sup |f('x1""7-xn)_f(xlv"'7xi717x~7x1'+17"'xn)|Sci (ASO)
xeX" xeX
we know that, for all measures Px, all x € X'=' allx € X andi € {1, ...,n},

|EX/1—[|Xi:(x,x) [f (x, X, X)] - Exn—i+1 Xi—l=x [f (x, X)]| < |C,'| .
Proof By definition we know that

|EX”7'.|X'.=(X,X) [f (x, X, X)] - E)(n—i+1|)(i71:x [f (x, X)]|
= |EX”’i|Xi=(x,.¥) [EXHl [f (x’ X, X) - f (x’ Xi’ X)]]|
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|f(x,X,X)—f(x,X,‘,X)| = |Ci| s

<lcil

E EX”*’.|X’.=(x,X) EXI.+1

where the third line follows by the triangle inequality and from equation (A.50). m

Theorem A.119 (McDiarmid’s inequality (McDiarmid 1989)) For any function
[+ X" — R such that (A.50) holds we know that for all measures Px

2
Py~ (f (X) — Ex» [f (X)] > 6‘) < exp (——2 Zgn c2)
i=1Ci

Proof First we combine Lemma A.118 with Lemma A.111 to obtain

s2¢?
Ex. xi-1—x [exp (sV))] < exp <— 21 )

Using equation (A.48) this implies that

2y 2
Pxx (f (X) — Ex» [f (X)] > s) < exp (SZ%C’ — ss) .

" cz). Resubstituted into the latter

Minimizing w.r.t. s results in s = ¢/ (Zi:l :

expression proves the theorem. =

Note that the original result in McDiarmid (1989) contains a slightly better con-
stant of 2 rather than % in the exponential term which is proven using the same

technique. As an example of the power of this theorem consider the simple func-
tion f (x,...,x,) = %Z?:l x; where x; € [a, b]. Noticing that ¢; = “n;” we see

that Hoeffding’s inequality can easily be proven using McDiarmid’s inequality.



B Proofs and Derivations—Part I

This appendix gives all proofs and derivations of Part I in detail. If necessary the
theorems are restated before proving them. This appendix is not as self-contained
as the chapters in the main body of this book; it is probably best to read it in
conjunction with the corresponding chapter.

B.1 Functions of Kernels

In this section we present the proofs of Theorem 2.20 and Corollary 2.21.

Proof of Theorem 2.20. For all r € N and all sequences (xy,...,x,) € X" let
K, Ky, K, K., K., K, and K be the » x r matrices whose i, j—th element is
given by ky (xi, xj), ko (x,-, xj), ki (xi, xj)+k2 (x,-, xj), c-ky (x,-, xj), ki (xi, xj)+c,
ki (x,-, xj)-kz (xi, xj) and f (x;)-f (xj), respectively. We need to show that K, , K,
K., K, and K are positive semidefinite using only that K; and K, are positive
semidefinite, i.e., forall« € R, o’K ¢ > 0 and o’ Ky > O.

. Kl =o' (K| +Ky))a = 'Ky + 'Ky > 0.

2. /Koo =c-a'Kja > 0.

3. oK oo = o (K1 + Cll/) a=adKa-+c H la “2 > 0.

4. According to Corollary A.92 the r? x r? matrix H = K; ® K, is positive

definite, that is, for all a € R"z, a’'Ha > 0. Given any & € R, let us consider
a=(xe€);...;0€) € R, Then,

]'2 ]'2 r r
aHa = Z ZaiajHij = Z ZaiajHiJr(ifl)r,jJr(jfl)r

i=1 j=I i=1 j=I
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r r

Z Z(X,‘O[jkl (X,‘, Xj) k2 (Xl',Xj) = OC/K*O( > 0.

i=1 j=1

5. For any function f : X — R we know that

oz/Kfa—ZZaozj x) f xj (Za, (x,) >0.

i=1 j=

Proof of Corollary 2.21. The first assertion follows directly from propositions 3
and 4 of Theorem 2.20. For the proof of the second assertion note that

xp(kl(;zx)) Z 2lll'k’ (x, x)—l—l—z k’ (x, %) .

=0

Hence, by propositions 1, 2 and 3 of Theorem 2.20 the second assertion is proved.
In order to prove the third assertion note that

kl (X,X) _2k1 (X,f) +kl (f’f)
exXp | — 252

kl(x,x) kl(f,f) kl(x,i)
=CXp\|\ — 20_2 eXp\ — 20_2 - EXp 0’2 .

) F&®)

Now using propositions 4 and 5 of Theorem 2.20 and the second assertion of
this corollary proves the third assertion. The last assertion follows directly from
proposition 4 and 5 of Theorem 2.20 as

k(x, %) = JECIEY - L CRR S
T e k@ Vhkey VeEn T

fx) F&®

The corollary is proved. =

B.2 Efficient Computation of String Kernels

In this section we prove that the recursions given in equations (2.26)—(2.27) and
(2.29)—(2.30) compute the kernel functions (2.25) and (2.28), respectively.
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B.2.1 Efficient Computation of the Substring Kernel

In order to compute the kernel (2.25) efficiently we note that, in the outer sum over
b € ¥*, it suffices to consider all possible substrings of length s that are contained
in u. Hence we can rewrite the kernel &, by

r|ul—=s+1 |v|—s+1

2
ky (u,v) = Z Z A L (s — D)1=l s —1)]
=1 =1 =1

[u] v [u|]—1|v|—1

= 22 M=y + 0 D W sty +
i=1 j=1

i=1 j=1

lu] v

= Y D 2 (himoy + 22 (Wi oty oon + 22 ¢49))

i=1 j=I

The innermost nested sum can be evaluated recursively when we take advantage
of the fact that w [i : (i +s)] # v[j: (j+s)] implies that u [i : (i +s + )] #
v[j:(j+s-+1t)]forall + € N. This proves equations (2.26)—(2.27).

B.2.2 Efficient Computation of the Subsequence Kernel

The proof that the recursions given in equation (2.29)—(2.30) compute the kernel
given in equation (2.28) proceeds in two stages:

1. First, we establish that (2.30) computes
1 ifr =0
k/ u,v) = R . . (B.1
(6 0) : Yobesr Lfitp=utit) 2(iip—oiny M T2 otherwise D
2. Second, we directly show that (2.29) holds.

In order to prove equation (B.1) we analyze three cases:

1. If either |u| < r or |v|] < r we know that one of the sums in equation
(B.1) is zero because u or v cannot contain a subsequence longer than the strings
themselves. This justifies the first part of (2.30).

2. If r = 0 then the second part of (2.30) is equivalent to the first part of equation
(B.1).

3. For a given character u € ¥ and a given string v € X* consider M, =
{be X |b,=u}and J, = {j e{l,..., v|} |vj,_ = u}, i.e., all subsequences
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of length r such that the last character in b equals u and all index vectors over v
such that the last indexed character equals u. Then we know that

)\‘qu,v|+|v|*i1*j1+2

beX {ilb=(uuy)[i] } {j|b=0[jl}

— E : E : § :)Lluuxl+|v|fi17j1+2+ 2 : o |wusl vl =it —j1+2

beMyg {ilb=C(uus)[i]} \J€/us {1b=v[j1 )\ Jug

+ Z Z Z o sl +ol—ii =i +2

beX\Myg {ilb=(uus)[i]} {jlb=v[j]}

Now the first term can be rewritten as

Z Z Z Juss| =i =i +2

beM, {ilb=(uu)[il} jeJu,

-y ¥ ¥ 3 o g +ol =iy — j1+2

bexr=1 {ilb=ulil} {r|vi=us } {jlb=[1:¢=DDLjl}

— Z )\‘lvl—t+2 Z Z Z )\‘Iu|+(t—l)—i1—j1+2 )

{tlvi=us } bexr 1 {ilb=ulil} {jlb=([1:¢—DDIl}

K (o[ 1:(t=D)])

Since for all remaining subsequences b € X’ the last character does not match
with u; we can summarize the remaining terms by

2. Z Z Z plulHvl=ii—ji+2

beX {ilb=uli]} {jlb=v[j]}

kI (u,v)
Thus, we have shown the third part of (2.30).
It remains to prove that (2.29) is true. Again, we analyze the two different cases:

1. If either |u| < r or |[v|] < r we know that one of the sums in equation
(2.28) is zero because u or v cannot contain a subsequence longer than the strings
themselves. This justifies the first part of (2.29).

2. Let M, and J, be defined as in the previous analysis. Then we know

ky (uug,v) = Z Z Z PUORU)

beM, {ilb=(uu)[il} j€Juy
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+ Z Z Z 2O D

beMyg {ilb=(uus)[il} {jlb=v[j] }\ Ju,

+ ¥ 3 3 o,

be X \Myg {ilb=(uuy)[il} {jlb=v[jl}

Using Definition 2.24 the first term can be written

Z Z Z )Ll(i)+l(j) — Z Z Z )\i,-+j,-7i17j1+2

beMux {i|b=(uuy)[i] }je‘lu_y beMux {ilb=(uuy)[i] }je‘lu_y

— Z Z Z Z A =D+ =i — /142
bexr—! {ilb=uli]} {rlvi=us} {jIb=([1:¢—=DDIjI}

SSUI YD VD DI SRNFUEC S
{tlvi=us } bexr—1 {ilb=ulil} {jlb=([1:¢—-DDIjl }

K ol 1:=1)D)

Since the remaining sums run over all b € X" where b, is not equal to u (or to
any symbol in v if it matches with u;) they can be computed by &, (u, v). This
completes the proof that the recursion given in equations (2.29)—(2.30) computes
(2.28).

B.3 Representer Theorem

In this section we present the proof of Theorem 2.29 also found in Scholkopf et al.
(2001).

Proof Let us introduce the mapping ® : X — F defined by

D x)=k(x,-).

Since £ is a reproducing kernel, by equation (2.36) we know that

Vx,x € X : (Px) X)) =kx,x)=(P(x), D)) . (B.2)

Now, given x = (xy, ..., x,,), any f € F can be decomposed into a part that exists
in the span of the @ (x;) and a part which is orthogonal to it,

f= ia,Q(x,-) +v

i=1
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for some ¢ € R” and v € F satisfying that Vx; € x : (v, ® (x;)) = 0. Using
equation (B.2), the application of f to any arbitrary training point x; € x yields

m m
fx) = <Z i@ () +v, B ( x,> Z (@ (xi), @ (x)))
i=1 i=1
m
= ok (xi,xj) )
i=1
independent of v. Hence, the first term in equation (2.38) is independent of v.

As for the second term, since v is orthogonal to ) /L, ;P (x;) and gre is strictly
monotonic we get

g (
+ [vl?
g (
i=1

iaﬁb (xi)+v

i=1

2
D ® (x)
i=1

).

with equality occurring if, and only if, v = 0. Hence, setting v = 0 does not affect
the first term in equation (2.38) while strictly reducing the second term—hence
any minimizer must have v = 0. As a consequence, any minimizer takes the form
f=>1", a®(x;), so, using equation (B.2)

&reg (I F1D)

A%

Y ai® (x)

FO =" aik(x,)
i=1

The theorem is proved. m

B.4 Convergence of the Perceptron

In this section we present the proof of Novikoftf’s perceptron convergence theorem
(see Theorem 2.31) which makes extensive use of the geometry in a feature space
K. This elegant proof is the heart of many mistake bounds for linear classifiers.
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Proof Suppose w, is the final solution vector after ¢ mistakes. Then, by the
algorithm in Section D.1 on page 321 the last update step reads

W, = Wi + yiX; .
Hence the inner product with the vector w* satisfies

(whw) = (w5 wei)+ y (W, x;)

> (Wweg) vz (W) = =ty (W)

where the last step follows from repeated applications up to step t = 0 where by
assumption wy = 0. Similarly, by definition of the algorithm,
I?

Iwll> = Iwe_il* + 2y (W1, x;) + [Ix
—_——

<0
2 2 2
w1l +¢"<---<tg".

IA

Using the Cauchy-Schwarz inequality (see Theorem A.106) we thus have
ty: (W) < (wowi) < [w*] - liwell < Vs

This is clearly equivalent to

2
t<< 3 )
T\ Y (W)

The theorem is proved. m

B.5 Convex Optimization Problems of Support Vector Machines

Here, we give a derivation of the dual optimization problems of SVMs. For the

sake of understandability we denote by Y & diag (y1, ..., yn) the m x m diagonal

matrix of classes (—1 and +1) and by G oo ((x,-, X ])) /: | the m x m Gram matrix.
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B.5.1 Hard Margin SVM

Consider the optimization problem given by equation (2.45). Written in terms of
the primal Lagrangian, the solution W can be expressed by!

(VAV, &) = argmin argmax L (W,a) ,
welkC 0<a
1 m
L(wa = §||W||2—Za,-y,- (x;, w) +a'l.
i=1

Taking the derivative w.r.t. the primal variable w we obtain

oL (W, a)
ow

m m
=w— E o yiX; = 0 < W= E o yiX; .
i=1 i=1

Substitution into the primal Lagrangian yields the Wolfe dual, that is,

W=wW

A

o = argmax W (a)
<«
1 I I I ’ 1 I
W(x) = EaYGYa—aYGYa—i-al:ocl— EaYGYa.

B.5.2 Linear Soft Margin Loss SVM

Now consider the case involving the linear soft margin loss (see equation (2.48)).
First, let us multiply the objective function by the constant C = ﬁ which would
not change the solution but render the derivation much easier. Expressed in terms

of the primal Lagrangian the solution W can be written as

(W.8.6.8) = argmin argmax L (w, ., B) .
wek,0<é 0<a,0<p

1 m
LwgapB) = SIWP+CET=) oy (xow) + o'l — 'k — B§

i=1

1 m
= 3 lwi* — ;%’)’i (x;, W) + a1+ & (Cl—a—p) .

1 Note that the constant positive factor of % does not change the minimum.
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The corresponding dual is found by differentiation w.r.t. the primal variables w and
&, that is,

8L(w7§7avﬂ) -~ - o Y

IL (W, €, a,

L w.gap) Cl—a—B=0 & a=Cl-8. (B.3)
9§ §=F

Substituting these stationarity conditions into the primal Lagrangian we obtain the
following dual objective function

(&, ﬁ) = argmax W («, B) ,

0<a,0<B
1 1
W(a,B) = Eoc/YGYoc — ' YGYa +a'l =o'l — Eoc/YGYoc .

Since § > 0, the second stationarity condition (B.3) restricts each «; to be less than
or equal to C. As a consequence the final Wolfe dual is given by

a = argmax W (@),
0<a<C1

1
Wi = aol-— Eoc’YGYoc.

B.5.3 Quadratic Soft Margin Loss SVM

Consider the quadratic soft margin loss given by equation (2.49). Again, let us
multiply the objective function by the constant 5—. Expressed in terms of the
primal Lagrangian the solution W can be written as

(v}\vagv&vﬁ) = argmin argmax L(W,E, a’ﬂ) )
well,0<& 0<w,0<p

1
Lw.§ap) = SIwl*+3 ss Zay, X, W) +a'l—a'k — &

= %IIWII2 Zazy, Xi, W) + o'l + ¢ (—6— —ﬂ)-
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The corresponding dual is found by differentiation w.r.t. the primal variables w and

&, that is,

aL » 6, &y s - W Y

L w.éap) = W-) ayxi=0 & W=) ayx,
ow W= i=1 =1

L (. &, a, i :

wEe Pl iy g0 o E—im@ip).
0k §=t A

Substituting the stationarity conditions into the primal we obtain

(&, ﬁ) = argmax W («, B) ,

0<a,0<pB

W(x,B) = %oc/YGYoc —o'YGYa + o'l + Am (. + B) (% (@+pB) —a— '3)

1 1
= 5oc’YGYac —o'YGYa + o'l + Am (. + B) <—§ (or + ﬂ))

1 A
= «1-a'YGYa - 7’” loe + BI2 .

Noticing that decreasing B will always lead to an increase in W (o, ), we simply
set B = 0. Hence, the final Wolfe dual is given by

a = argmax W (a),
<«

1 A
W = al—-a'YGYa — 27 e
2 2
B.5.4 v-Linear Margin Loss SVM

Now consider the case involving the linear soft margin loss and the reparame-
terization by v € [0, 1] (see equation (2.52)). Expressed in terms of the primal
Lagrangian the solution w* can be written as

(\?V,é,,é,&,ﬁ,(§> = argmin argmax L (w,&,p,a,8,98),

=&, U=p,V=

1 1
L(W’S’p7‘x7ﬂ78) = 5||W||2+/O(Ol/1—v—5)+§/(El—a—ﬂ>

- Z%’)’i (x;, w) .
i=1
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The corresponding dual is found by differentiation w.r.t. the primal variables w, &
and p, that is,

8L (W»&P,“aﬂa(s)
ow

m m
= W—E Oli)’iXi=0<:>W=E o yiXi ,
i=1 i=1

AL (W, &, p,a, B, 8 1 !
(w. &, p,a,B,95) —1-a—-f=0 & a=—1-8, B
& §=k " "
aL k) ’ k) k) 78 / !
w. & p,a, B,9) = d1-v-8=0 & al=v+5. (B.S)
ap p=p

Resubstituting these stationarity conditions into the primal Lagrangian we obtain
the following dual objective function

(&, ﬁ, 3) = argmax W (a,B,d),
0<0,0<B.0<6
1 ~r (1
W(a, B,8) = Ea’YGYa —o'YGYo + p (@1 —v—68)+ & <—1 - — ﬂ)
m
1
= ——a'YGYa.
2

Since B > 0, the second stationarity condition (B.4) restricts each «; to be less than
or equal to % Since § > 0 the third stationarity condition (B.5) is equivalent to o¢'1
to be greater or equal to v. Hence, the final Wolfe dual is given by

a = argmax W (a) ,

O<a<lla'l>v

1
W = ——ad'YGYa.
2

B.6 Leave-One-Out Bound for Kernel Classifiers

Here we give the proof of Theorem 2.37. The proof is adapted from the original
proof given in Jaakkola and Haussler (1999b); we do not have to enforce convexity
of the potential function J and have dropped the assumption that ¢; € [0, 1].

Proof of Theorem 2.37. 'The basic idea of this proof is to find an expression of
the leave-one-out error of an algorithm using only the coefficients & obtained by
learning on the whole training sample. Thus we try to relate a leave-one-our error at



264

Appendix B

the tth example with the coefficients obtained by joint maximization of the function
W given by

W (a) = %ZZ a;yiyk (%, %)) ZJ(a)

Some notational comments are in order: Subscripts on W refer to the left out
example, the subscript on « to the value of the particular component, and the
superscripts on « to the maximizer for the corresponding functions W'.

Leaving out the fth example we know that the remaining «’s are obtained by
the maximization of

W (o) = ——ZZaajy,yj Xi, X —i—ZJ(oz)

i=1 j=1

iEt jA#t l#t
Let the learning algorithm Ay result in ¢’ € R”, i.e.,

o = argmax W, (o) .

0<a<u
Naturally, o is different from & because the latter is jointly optimized with ¢, in
the objective function. In order to relate the decision function (2.54) based on o'

with the decision function (2.54) based on & obtained by joint optimization we aim
to find a function W : R" — R

= whose maximum is attained at & and

= which involves W,.

In order to achieve this we construct W from W, by adding the missed summands
and fixing «; to its optimal value &,. This gives

W (@) = W, () — = Za & yiyik (xi, x;) — = Za,ajy,y,k (xf’ XJ) +J (ot,)
i=1

i#t

. L. .
= W (@) — @y Zaiy,-k (xi, %) = SGidk (o, x0) +J (@) . (B6)
i1
where we used the symmetry of the Mercer kernel k. Note that the last two terms
in (B.6) do not change the maximum because they only depend on the fixed value
@;. As a consequence we shall omit them in the following argument. Since &
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maximizes W we know that
W@ = W),

W, (&) — &y Z&i)’ik (xi,x) = W, (“t) — Zaink (xi, xp)
i=1 i=1

it it

—Q,y, iafy,-k (Xi, X)) < =y, i&iyik (xi,x) — (W, (') = W, (&) .

i=1 i=1
i#t i#t
As by definition &’ maximizes W, we have
W (a')=W (&) & W (a)-W (a)=0,
which shows that

—Q; Y Xm:af)’ik (i, x) = =y Xm:&i)’ik (xi, x;)
i=1 i=1

i#t i#t

—y Y alyk (xS =y > @yik ()
it i1

Aw ((Z10eeZi= 1211 0eenZm ) ) (1)

because, by assumption, @& is positive. A leave-one-out error at the rth example
occurs if, and only if, the Lh.s. of the inequality is positive. This is as the braced
term is exactly the real-valued output at x, when the 7th example is left out during
learning. Thus the sum of step functions of the r.h.s. bounds the leave-one-out error
from above. The theorem is proved. =

B.7 Laplace Approximation for Gaussian Processes

In this section we derive a method to compute the vector p = (f, f) e R+l
which maximizes the expression (3.18). As a byproduct we will also give the
explicit form of the covariance matrix X of the Laplace approximation defined in
equation (3.19). Finally, we derive a stable algorithm for computing the expansion
coefficients € R” for classification using Gaussian processes.
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B.7.1 Maximization of fru i x_, zn_,

In order to find the maximum of the density frm+1x_, zn_, we use Bayes’ theorem

frnsixeczn—z (6, 1) = Fporixe xn—x yn—y ((£, 1))
Py ms1 — .0y, xm=x. x=x (¥) Frmstjon—y x=x ((£, 1))
Py xm —x x=x (¥)
Pymirm—g xm=x (¥) Fpme1xm—x x=r ((£, 1))
Py xm—x (¥)

il

where we use the fact that the test object x € X and its associated latent variable T
have no influence on the generation of the classes y at the training objects x. Now,
taking the logarithm will not change the maximum but will render optimization
much easier. Hence, we look for the vector (f , f) which maximizes

J (1) =In (Pymo_gxn—x (1)) +1n (Frnsijon—e x=r (£, 1)) = In (Pymxn—y () .
01() Oa(t,1)

Note that the last term is a normalization constant which does not depend on
(¢, t) and can thus be omitted from the optimization. Let us start by considering
the second term Q, (¢,t) which effectively builds the link between Gaussian
processes for regression and for classification. By assumption? Prmstjxm—y x=r =
Normal (0, G,,.1) and thus, according to Definition A.26, this term is given by

1
0 (t, 1) = ) ((m + 1) In27) +In(|Guil) + (¢, 1) G, ( ; )) (B.7)

where

_(XX' Xx\ (G, Xx 4 (M m
Gm—H — ( X/X/ X/X ) — ( X/X/ X/X ) and Gn1+1 - < m/ K ) (BS)
are the (m + 1) x (m + 1) Gram matrix and its inverse of the training and test

object(s). Using Theorem A.80 for the inverse of a partitioned matrix G,,; we
know that G,;i | can be written as in equation (B.8) where

1 B
M=G'+ —mm', m= —«G;'Xx, K« =(Xx—xXG;'Xx)" . (BY)

2 For the sake of understandability we consider a regression model without any variance at2. Note, however,
that we can always incorporate the variance afterwards by changing the kernel according to equation (3.15) (see
Remark 3.10). This is particularly important if G, is not of full rank.
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Hence it follows that (B.7) can be written as
1
02 (t,1) =~ (Mt +2tf'm + 1%¢) + ¢, (B.10)

where we summarize all terms independent of £ and 7 in ¢ € R. We note that Q1 ()
does not depend on ¢ and thus, for any value of # € R”, we can analytically derive
the optimal value 7 of t by maximizing Q> (¢, -). Taking the derivative of (B.10)
w.r.t. t and setting this function to zero gives

90, (2, 1)
ot

A t'm

=2{m+2ik & f{=-—

t=t

=1G,'Xx. (B.11)

K

Substituting this expression into (B.10) shows that this term equals
1 / 2 / / 1 / / 1 ry—1
0, () = -3 ‘Mt — Z¢mm't + —fmm't | + ¢ = _EtG’" t+c. (B.12)
K K

Let us turn our attention to the first term Q; (¢) of J (¢, t). If we define 7 (1) =
exp(B7"-1) /(1 +exp(B~" 1)) then the likelihood model (3.16) can be written
as

Pyr= (y) =7 OF (1—nm@)=,

where we use that y € {—1, +1}. By exploiting the independence of the Y; given
the value of T; = t; we can rewrite Q| (¢) in the following form

Q1 () = Z In (Py, 1= (1))

I
N =
1

(i +DIn(x @) + A = y) In (1 =7 (#:)))
1

(i + 1 B~'t; —2In (1 +exp (,8*1 1))

1

i

3

N~

i

= ﬁ(ynLl) t — Zln(l +exp (87 1)) . (B.13)

Combining equations (B.12) and (B.13) we obtain the following revised objective
function J (¢) to be maximized over ¢t € R”

J () = % Y+ =Y In(l+exp (8™ 1)) - %t’G,;lt +c. (B.14)
i=1
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A straightforward calculation reveals that the gradient vector is given by

aJ (1) 1 1 . _1a

— = — )——-n(t)—G, ¢, B.15
i 2Ot 5”() ” (B.15)

where Jr(f) = (n(f)), ..., m(fy,))". As can be seen from this expression, due to the

term 7 (£), it is not possible to compute the roots £ of this equation in a closed form.
We use the Newton-Raphson method,

aJ ()

ti+1=ti—77'Ht_,-1' ot

El

t=t;

where the m x m Hessian matrix H; is given by

0J (1) 0.J (1)
dt1 0ty (=t At 0ty tlzflatn1:;m
_ . . . _  p_ ]
H; = : .. : =-P-G, .
aJ (1) 0J (1)
tm 3t fm:fm»tlzfl At dtm tm:;m

The diagonal matrix P in the definition of H; is given by

P o= dig(afi).ali). (8.16)

o def dr (1) 1 exp(B7'-1) 1. .

) = —— = — =—n(t) (1l —m(t)) . B.17
a (i) dt |y B(14exp(B'-7)) ,371( J (1= (@) - B17

Thus the update step of the Newton-Raphson method is given by

/1 1
t; = A(G'+P B 1) — —=m () — G_lt,' X
+1 +n-(G,,' +P) <2ﬁ(y+ ) 5”( )—G,, >

where n € R has to be chosen such that J (¢;,1) > J (¢;). Once this procedure has
converged to £ € R” (which must provably happen because the negative Hessian
is always positive-definite) we can compute 7 € R by equation (B.11).

B.7.2 Computation of X

In order to find the covariance matrix X of the Laplace approximation we exploit
equations (B.10) and (B.9). A direct calculation reveals that inverse covariance
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matrix X! is given by

_ M+P m
== (M)
K

where M € R"*” 'm € R” and ¥ € R are defined in equation (B.8) and P € R"*"
is given in equation (B.16). Applying the second statement of Theorem A.80 we
can directly compute the covariance matrix X for the Laplace approximation, i.e.,

5 _ (G, +P)”" (G +P) ' m
—c7'm' (G +P)7 k7 xm (G +P) m )

This expression can be further simplified by noticing that (G;,' + P)f1 =

a—+ GmP)f1 G,,. Hence, using the definitions in equation (B.8) we obtain that

—(G;'+P)'m = (I+G,P)"' Xx,
k'+«7m' (G,' +P) m = xXx—xXG,'Xx+xXG,' 1+G,P)"' Xx
= xXx—xXG,'(I-d+G,P)")Xx
= xx—xXG,'(I-1+G, d+PG,) ' P)Xx
= xx—-xX I+ PG,) ! PXx,

where the fourth line follows from the Woodbury formula (see Theorem A.79). In
summary,

_( @+G,P)7'G, I+ G,P)"' Xx
T\ xXXJA+G,P)! xXx—xX I+PG,)'PXx |

B.7.3 Stabilized Gaussian Process Classification

If we are only concerned with the classification of a new test object x € X we
exploit the fact that sign (f) always equals the class y € {—1, 41} with the larger
probability Pyx_, zn_ () (see equation (3.21) for a definition of this term). Let us
show that f = 0 implies Pyjx—.zn—; (+1) = Pyjx=y.zn— (—1) = %; the result fol-
lows by the monotonicity of Py, as a function of 7. At first we note that 7 () =
1 —m (—t) where 7 (t) = Py;1=, (1) = exp (/3_1 . Z) / (l + exp (/3_1 . Z)) Using
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this relation we have

1 t?
P —x.7M= 1 — P — 1 . s dt
Y X=x,zn=z (+1) /R YT= (+1) N exp( 202)

(1)

1 t?
= /R (1 —m (=1)) - N exp (—m) dt
/ P 1y .— Yy
R Y|T=S (_ ) \/Eo’ eXp <_ 20-2) §

1—m(s)

= Py zn—: (1),

where the third line follows by s = —¢ and the assumption that f = 0. Since
P=1 G,,'Xx we know that the Gaussian process classification function is given by

hgpe (x) = sign (Z o; (X, x)) , o= G;lf.
i=1

In order to avoid unnecessary inversions of the Gram matrix G,—which is an

ill-posed problem if G, is almost singular—we shall reformulate the Newton-

Raphson method in terms of « € R” using ¢ = G,«. Let the Gram matrix

G, = (g’l; e g;n) be given by its m rows g1, ..., g, € R". Then equation (B.14)

can be rewritten as

1 z 1
J (@) = o] (y+1)'Gua — Zln(l +exp(B7 - ga)) — Eoc’Gmoc.
i=1

As a consequence the gradient and Hessian are given by

aJ (o) 1 1,
= _Gm 1 — —G Gm - Gm ’
et 28 (y+1D B T (Gpo) o

o=0o

H, = -G,PG, —G, =-G, (PG, +1),

where 7 (G,,a) = (7 (g’la) yeees T (g;n“))/ and

1
P:E-diag(a(g’la),...,a(g;na)).
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The Newton-Raphson algorithm computes «; ; from ¢; by

iy = o +n- Gy;l (PGm + I)il Gm <$ (y + 1) - %]I (Gm“i) - Ot,')
= o +n- (PG, +D! (% (yTH - (Gmoc,-)> — oc,-) .

The adaptation of the parameter n is done by incrementally choosing n from the
sequence (2_’)i€N. As soon as J (a;11) > J (a;) we update «; and re-compute P
and 7 (G,,«;) making sure that i never exceeds a certain value?.

B.8 Relevance Vector Machines

In this section we derive an explicit update rule for computing the parameter vector

6 and 6,2 which locally maximizes the evidence fr»x»—, (£). In order to ease the
optimization we consider the log-evidence given by

E(8,02) = _% min (27) +In (|01, + XOX'|) + ¢ (671, + XOX') ' ¢

01(6.07%) 02(0.07)

Due to its length we have divided the derivation into several parts. Afterwards,
we derive the relevance vector machine algorithm for classification using ideas
already outlined in Section B.7. We shall compute the weight vector p € R”
which maximizes fyz»_, together with the covariance matrix X € R"*" defined
in equation (3.27).

B.8.1 Derivative of the Evidence w.r.t. 6

As our goal is to maximize E over the choice of § € R” we aim to compute the
derivative w.r.t. §. At first we have that

OE (0,08 1 (aQ1 (6,57 L 20 (0,03))

90 2 00 90

3 We use imax = 8 in our implementation.
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Let us start with Q; (0 lop ) According to Theorem A.72 we know

@7 |01, + XOX'| = [0/L,| - |©7" +0,

which implies

0:(0.0}) = In(|o/L,])+In(j©"" +a—2x’x\) —In(|@7"))
= min(o}) +In(|Z7"] —|—Zln(9) (B.18)
Here we use equation (3.24) for the definition of X = (@71 + at_QX’X)_l. For the

sake of understandability we compute the derivative of QO component-wise, that
is, we compute 00 (0 o; ) /060;. By Theorem A.97 we know

901(0,07)  dln(|Z7] oln(|z7') (=7, 1
36, B 30, X;Z ) 36, +9,-
n n @ +O’72X/X) 1
- >3 5
r=1 s=1 89/ Qj
11

J

Now, let us consider the second term Q, (0 lop ) First, we use the Woodbury
formula (see Theorem A.79) to obtain

(021, +XOX)™ = 07, — 0, X (I, + 0, ?OX'X) " OX’

= 0L, —0,'X(0 (0 +05,2XX))” OX'
= 07, — 0, *X (0 +0,2XX) "' X'
= o0, (I, — 0, °X2X) , (B.19)

by exploiting the definition of X, as given in equation (3.24). Using the fact that
p =0, 22Xt = Xt and the abbreviation T = o,72X't we can rewrite 0, by

0,(0.02) = ¢ (071, +XOX)  t=0,2(t —Xp) =0, 24t —Tp.
Then the derivative of O, w.r.t. to 6; is given by
90:(0.02) 0 (o201 —7n) o

= =-1

30, 30, 80,
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because g is the only term that depends on 6;. Using Theorem A.96 we know

—1
9 E) E) a(x! oy ! 1
—u:—r:—r:ur:—): Tr=-%(-=1; |27,
891 891 80] 80] 891 0/ ’

where 1;; € R"™" is used to denote a matrix of zeros except for the j, j—th element
which is one. As a consequence,

30> (0,07) Lo , 1 1 w3
0, T, T 02" ek 62" ="

where we use the symmetry of X € R"*". Combining these results,

0E (0’ Gt2) . l l _ 2;11 +/’L% l 2:nn + :Uvg /
6, 07 '

— B.2
00 2 ®B-20)

R -
6, 02

B.8.2 Derivative of the Evidence w.r.t. o2

In order to compute the derivative w.r.t. o> we again consider Q| and Q, separately.
Using Theorem A.97 we obtain

301 (0,07) d1n (|c7t21m + X@X/|)
do? do?
m ln (|o21, + XOX'|) 3 (021, + XOX') _

— . t
=2 Z oL, +XOX) do?

r=1 s=

- Z (021, + X@x’)rj1 = (071, +X0OX) ") .

r=1
This expression can further be simplified exploiting equation (B.19), i.e.,

an (0, Gt2)

2
a0;

=tr(o, > (I, — 0, °XEX')) =m-0,> — 0, - tr (EX'X) ,

where we used Theorem A.74 and X = (@‘1 + 072X X)71 as given in equation
(3.24). Finally, we see that

EXX =022 (0,2XX' + 07 —©07 ) =02 (I, - Z07)
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from which it follows that
m — ) 11— &>
90, (0,0%) ;( 4

2 2
do; o;

In order to compute Q, we apply Theorem A.96 and obtain
/ / —1
90, (8. 02) 3 (t (o1, + XOX') t)
do? do?

= ¢ (= (071, +XOX) ' (o71, + XOX) ') 1.

Using equation (B.19) together with u = at_QZX’t (see equation (3.24)) the
innermost term in the latter expression can be rewritten as

(071, +XOX) ' t = 0,2 (I, — 0, °XEX) t = 0,2 (t — Xp) ,

which then leads to

8Q2 (0,0’12) ) Al 5 Nl ||t—X[L||2
T:—((U,Im+x®x) t) (071, +XOX) t):_T,
Putting both results finally gives the derivative of £ w.r.t. 0,2
IE (0.07) | [of (m — i (1 - %o_jl)) — It — Xp?

) . (B.21)

do? 2 ol

B.8.3 Update Algorithms for Maximizing the Evidence

Although we are able to compute the derivative of the evidence E w.r.t. its param-
eters @ and 0,2 (see equations (B.20) and (B.21)) we see that we cannot explicitly
compute their roots because the terms X;; and w; involve the current solution 6
and 0,2. However, in order to maximize the evidence (or log-evidence) w.r.t. the
parameters 6 € (R*)m and 0> € R™ we exploit the fact that any rearrangement of
the gradient equation

IE (6,02)
a6
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allows us to use the update rule 6., = g (f,4) to compute a (local) maximum of
E,i.e., the fixpoint of g : R” — R". A closer look at equation (B.20) shows that

0" = 3 + u?, (B.22)
is a valid update rule. Introducing ¢§; = 1 — 9;12,-,- we see that another possible

update rule is given by

2
fe = ’;— , (B.23)

which follows from (B.22) as
b =%i+u. & 6—%i=pu., & 6iL=pu.

In practice it has been observed that the update rule given in equation (B.23)
leads to faster convergence although it does not benefit from the guarantee of
convergence. According to equation (B.21) we see that

(G )(IleW) _ ”t - X”«”z
! m — Z?:l é‘i ’

is an update rule which has shown excellent convergence properties in our experi-
ments.

B.8.4 Computing the Log-Evidence

In the relevance vector machine algorithm it is necessary to compute the log-
evidence £ (0 o; ) to monitor convergence. The crucial quantity for the compu-

tation of this quantity is the covariance matrix £ € R"*" and its inverse £~'. In
order to save computational time we use equation (B.18) to efficiently compute

Q1(0,Gt2),
Q1(0,at2)=mln( )—Hn |E +Zln(0)

Since we already need to compute || — X[LH and p in each update step it is
advantageous to rewrite the expression 0O, (0 o; ) by

0:(0,07) = o7%f (t—Xp)
= o 2|t = Xul* +o7tXp — 0,2 X' Xp
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= o 2t = Xpl?+w'E'n— o, 20X Xn
o it —Xpul* + '@ 'p,

where we usep = o 2XX't and T = ((’971—i-c7,_2X’X)71 s 07! =
>l o, 2X'X as given by equation (3.24).

B.8.5 Maximization of fy,z»_,

In order to find the maximum p € R” of the density fw,z»_, we use Bayes’ theorem

Py w=w,xn=x (¥) fw (W)
Pyrxn—x ()

fwizn=z (W) = fwxn—x yn=y (W) = )
where we exploit the fact that fyx»_, = fw as objects have no influence on weight
vectors. Taking logarithms and dropping all terms which do not depend on w we
end up looking for the maximizer p € R" of

J (W) = In (Pynjwey xo=x (3)) + In (fw (W) .

According to Section B.7 we know that the first term is given by ﬁ (y+1D't—

Y In (1 + exp (,8_1 -t,»)) where ¢ € R” is the vector of latent activations at
the m training objects x. By definition, however, f = Xw which completes the
definition of the first term. For the second term we know that Pyy = Normal (0, ©).

Hence, representing X = (X’l; el X;n) e R™*" by its m rows X; yields

J(w) = % Y+’ Xw—> "In(1+exp (8™ - xjw)) — %w’@’lw +c,
i=1

where ¢ = —% (m -In (2m) + |®]) does not depend on w. Taking the derivative
w.r.t. W we obtain

W _ Ly - I xw) — @'w, (B.24)
0w |o_w 2B B
where (1) = (w (t;), ..., 7 (t,,))" € R™ and the function 7 : R — [0, 1] defined
by 7 (t) = exp (,8_1 -t) / (1 + exp (,3_1 . t)) is known as the sigmoid resulting
from the likelihood model (3.16). Clearly, we cannot compute the root(s) of this
gradient equation due to the non-linear term & (Xw). Let us use the Newton-
Raphson method to find a local maximum g iteratively. To this end we have to
compute the Hessian Hy, that is, the n x n matrix of second derivatives of J
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evaluated at w. Using equation (B.24), the Hessian Hy, is given by
H, = -XPX-07"',

where P € R"*" is a diagonal matrix

P= ,82 ~diag (7 (x{w) (1 — 7 (x;w)), ..., 7 (x,,w) (1 — 7 (x,W))) .

As a consequence, the Newton-Raphson algorithm performs the following update

1 9J (w)
Wit1 = H Iw
1
= w,+n(XPX+07')" (ﬁx’ (y;r n(xw)> - elw) ,

The parameter n € RT is chosen from the sequence (2 ’) -y In such a way that
J (Wir1) > J (w;). After convergence of this update rule (which must converge
because the negative Hessian is positive definite) the solution w; is provably the
maximizer p € R" of fyz»—,. Note that that the inverse of the negated Hessian H,,
evaluated at the final solution g is the covariance matrix X defined in (3.27). We
shall need this matrix to perform one update step on the (so far fixed) parameter 6.

B.9 A Derivation of the Operation @,

Let us derive the operation &, : W x W — W acting on vectors of unit length.
This function has to have the following properties (see Section 3.4.1)

ls@.t]” = 1, (B.25)
It—s@ut] = wlt—sl, (B.26)
SOt = pis+ pot, (B.27)
pr=0 , p2>0. (B.28)

Here we assume that ||s||> = ||t]|> = 1. Inserting equation (B.27) into (B.25) gives
lo1s + patl> = pi + p3 + 20102 (5, t) = 1. (B.29)
In a similar fashion combining equations (B.27) and (B.26) gives

[t—s@.t]* = w?it—s|?
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I —p)t—pisl> = w’lit—s|?
(L—p)(L—pr—2p1(s.t) +p; = 2u°(1—(s.t)) . (B.30)

Note that equation (B.29) is quadratic in p, and has the following solution

pr = —pi (s, )02 (s, ) — PP+ 1, (B.31)

A

Let us substitute equation (B.31) into the Lh.s. of equation (B.30). This gives the
following quadratic equation in p;

(I—A+pi (s, t)(1—A—p(s,t)+pf = 2u>(1—(s,t)
(1—A)?—pi (s, ) +p7 = 2u* (1 — (s, t)
1—A = p*>(—(st)

P )= 1) +1 = (21 —(s,t)—1)°, (B.32)

whose solution is given by

_ wr—pu? (s, t) =2
pr=n sH+1

Inserting this formula back into equation (B.31), and making use of the identity
(B.32), we obtain for p,

— —py i\/pl )2 — 1) +1=—p (5,t) = (1> (1 = (s,0)) — 1) .

B.10 Fisher Linear Discriminant

Given a training sample z = (x, y) € Z™, let us compute the maximum likelihood
estimates ﬁy and ¥ of the mean vector p, € R and the covariance X € R"*" of
an n-dimensional Gaussian measure, respectively. Let us assume that Py (+1) =
Py (—1) = % Then the logarithm of the likelihood can be written as

n n | 1 ,
L3 = n([Tan s mton (3 - m) T ()]

i=1
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m 1 /
— —ZE <”1n(277) +In (12 + (xi = ny,) 7 (x; —M,-)) '
i=1

Let us start with the maximizer w.r.t. the mean vectors p,. Setting the derivative to
zero we obtain, for both classes y € {—1, 41},

aL , X
e o e )
Ky ry=ily (xi,y)ez
A 1
By = — > x, (B.33)
) (xi, ))ez

where m, equals the number of samples of class y in z € Z". Further, according
to Theorems A.97 and A.98 we know

L (py, = IS~ (3 g e
oL(w.2))  _ _5;( T ) (- m,) B =0,

ox
miﬂ (Z ”’), - ”’y,')/) iil

(Xi - ’Ly) (Xi - l‘“y)/ :
ye{ L+1} (v, y)ez

EIH

If we substitute it , as given in equation (B.33) for u, we obtain

5 - %(ye{z > <xi—,zy><xf—ﬁy>’)

—1,4+1} (xi,y)ez
1 m ) N N Ay
— % ZX,‘Xi — Z 2 Z Xil"y - my”’y”’y
i=1 ye{=1,+1} (xi,y)ez

3|~

(X’X— > my,zyﬁ’y>.

ye{—1,+1}
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This appendix gives all proofs and derivations of Part II in detail. If necessary the
theorems are restated before proving them. This appendix is not as self-contained
as the chapters in the main body of this book; it is probably best to read it in
conjunction with the corresponding chapter.

C.1 VC and PAC Generalization Error Bounds

In this section we present the proof of Theorem 4.7. It involves several lemmas
which will also be of importance in other sections of this book. We shall therefore
start by proving these lemmas before proceeding to the final proof. The version of
the proof presented closely follows the original paper Vapnik and Chervonenkis
(1971) and its polished version, found in Anthony and Bartlett (1999).

C.1.1 Basic Lemmas

In this section we prove three basic lemmas—the key ingredients required to obtain
bounds on the generalization error in the VC, PAC and luckiness frameworks. The
original proof of Lemma C.1 is due to Vapnik and Chervonenkis (1971). We shall
present a simplified version of the proof, as found in Devroye et al. (1996, p. 193).
The proof of Lemma C.3 is the solution to Problem 12.7 in Devroye et al. (1996,
p. 209) and is only a special case of Lemma C.2 which uses essentially the same
technique as the proof of Lemma C.1. In order to enhance readability we shall use

. def
the shorthand notation zj;. j; = (z,-, R z]-).
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)

e — > e >
v.(A(2)) vi(A(z))  Pz(A(2))

Figure C.1 Graphical illustration of the main step in the basic lemma. If V; (A (z))
deviates from Pz (A (z)) by at least & but V3 (A (2)) is —-close to Pz (A (z)) thenVv; (A (2))
and V3 (A (z)) deviate by at least £ 5

Lemma C.1 (VC basic lemma) For all probability measures Pz and all subsets 24
of the o—algebra 3 over the sample space Z, if me* > 2 we have

&
Pp(wMPM)—W@Mh>0<2%m(wpwhm0® memmmﬂ>§)-

Ae
Proof Given a sample z € Z™, let A (z) € 2 be given by
A (z) = argsup |Pz (A) — v, (A)] .
Ae

Clearly, whenever for z,z € Z™

(V= (4(2) ~Pz(A@)I > &) A (V: (A (2) =Pz (A (@) < 5)
01(2)

0> (ZZ)
it follows that the proposition

05 (23) = IV, (A (2)) — Vz (A ()] > %

is true as well (see also Figure C.1). Henceforth, we know that

P20 (03 (2) = Pz (Q1 (Zjim) A Q2 (2))

= Ez [lo,@)Pzyizp=: (02 (21Z2))] .
Now, Pzyzn—z, (Q2(z1£2)) is the probability that the mean of m random vari-
ables, taking values in {0, 1}, does not exceed a distance of % from their com-
mon expectation Pz (A (zl)) The variance of such a random variable is given

by PZ(A(“))(I PzA@)) < - and thus, by Chebyshev’s inequality (see Theorem
A.110) and the assumed independence of Z, from Z, it follows that

Pz(A(z) (1 =Pz (A(z1)) _ !

1
m(s)’ Tome

Pzyizr—z (02 (21Z2)) = 1 —
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where the last inequality follows from ms? > 2 by assumption. Furthermore, we
know that whenever Q3 (z) holds sup g [V, (A) — Vz (A)| > % because A (z)) €
2. In summary

) 1
PZ2'" (Sup ‘Vz[l:m] (A) - vz[(m+l):2m] (A)| > 5) > EPZm (Ql (Z))
Ae

1
= EPZm <sup Pz (A) —vz (A)| > 8) .
A

The lemma is proved. m

Lemma C.2 (Luckiness basic lemma) For all probability measures Pz, all mea-
surable logical formulas Y : | oo, Z™ — {true, false} and all subsets 2 of the

m=1
o—algebra 3 over the sample space Z, if me > 2 we have

Pz QA €A (Y (2Z) A(Vz(A) =0) APz (A) > ¢9)) <
&
2P, <EIA €A : (Y (Ziom)) A (Vz,,, (A) = 0) A (vz[(mﬂ)m (4) > 5)) .
Proof Given a sample z € Z", let A(z) € 2 be such that Pz (A (z)) >

e(z) AV;(A(z)) = 0 if such a set exists or any set A € 2 otherwise. For any
z,z € Z™ let us define

01(22) = v:(A®2) > % 0:2) =0 @)A(NV(A(2)=0),
0;(z) = Pz(A(®)>e¢.

First, it holds that

Pzzm (Ql (Z) A Q2 (Z[lfm]))

IV

Pz (01 (@) A 02 (Zp1zm) A O3 (Z11:m))
= Ez [lo,z)n0:@)Pzrizr=2, (Q1(21Z2))] -

By the indicator event we know that Pz (A (z1)) > & whenever we need to evaluate
Pz zr—;, (Q1 (z1£2)) which is the probability that a binomially distributed vari-
able with expectation greater than ¢ exceeds a value of %5* > 1 as by assumption
of the theorem me > 2 and the sample Z, is assumed to be independent of Z;. By

the binomial tail bound (see Theorem A.116) this probability is lower bounded by

1
Pzyizn—z (Q1(z1Z2)) = 1 —exp (—me) > 1 —exp (=2) > R
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where we have used the assumption me > 2 of the theorem again. In summary

Pz (34 € 2: (7 (Zitm)) A (2 (A) = 0) A (V0100 () > 5) )

2
1
> Pzyzy (Ql (D) A Qs (Z[l:m])) > Epzm (02(D) A 03 (2))
1
= EPZm FAeA: (YD) ANz(A) =0) A Pz(A) >¢9).

The lemma is proved. =

Lemma C.3 (PAC basic lemma) For all probability measures Pz and all subsets
A of the o—algebra 3 over the sample space Z, if me > 2 we have
Pzn (3A € A : (vz(A) =0) A (Pz(A) > ¢))

< 2P (EIA €A : (vz,,, (A) =0) A (VZ[<m+1)r2mJ (4) > %)) '

Proof Using Y (z) = true in Lemma C.2 proves the assertion. =

C.1.2 Proof of Theorem 4.7

Proof Let us start by proving equation (4.11). First, we note that, due to Lemma
C.1, it suffices to bound the probability'

Pz (3h € H: [Remp [, @10 Z0)] = Remp [ @it 2] > 5) -

J(2)

Since all 2m samples Z; are drawn iid from Pz we know that, for any permutation
w:{l,...,2m} — {1, ..., 2m},

Pz (J (2)) = Pz (J (I1(2))) ,

where we use the shorthand notation IT(Z) to denote the action of 7 on the

indices of Z = (Z], ey sz), i.e., IT ((Z], ey sz)) déf (Zn(l)a ey Zﬂ(gm)). Now
consider all 2 different swapping permutations I1g indexed by s € {0, 1}, i.e.,

I (z) swaps z; and z;,,, if, and only if, s, = 1. Using the uniform measure Pgn

1 Note that in due course of the proof we use the symbol z (and Z) to refer to a (random) training sample (drawn
iid from Pz) of size 2m.
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where Pg (0) = Ps (1) = % we get

P22 (J (2)) = Egn [Pz2ngn_s (J (Il5 (2)))] = Ezzn [Pgnz2n—, (J (Ts (2)))]

Note that Pzngn = PzxPgn, hence the two measures are independent so that
Pgwzan_, = Pgn. The advantage of this formulation is that we only need to find
the probability of J (ITg (z)) over the random choice of permutations S for a fixed
double sample z € Z*". Since the double sample z is fixed, it follows that the
number of hypotheses / considered in J (Il (z)) must effectively be finite because,
regardless of the permutation I, any two hypotheses 4 € # and & € H with the

property
Vie{l,....2m}: h(x)=h(x)

lead to the same difference in training errors on (zy, ..., Zy) and (Zy+1, - - -5 Z2m)-
Thus, let N7 (z) € N be the number of equivalence classes w.r.t. the zero-one loss

Nag (2) Z [{(lo-1 (h G y0) oo (R (i) 2 31a)) [h e HY| <2,

and let ﬁl, e, /;NH ) € H be the corresponding hypotheses realizing the Ny, (z)
different loss patterns. By the union bound it follows that PSm‘ZZrn:z (J (T1s (2)))
is less than or equal to
m 8 )
- =
2

Ny (2) 1
P m|72m_— - ZI - Z
; Smizin=z m = hi (‘ﬂs(j) 7&)’713(1) ‘ﬂs(ﬂrM) #Yns(ﬁm)
- m | 72m — > — )
— Sm|Zin=z — 1 )&nsm #)ns(n hf(XnS(Hm))#ynS(Hm) 2

where we used the definition of Remp £, (21, ..., z,,)] given in equation (22) and
zZ=((x1,51) ..., (Xom, Y2m)). Since we consider the uniform measure over swap-
pings we know that each summand over j € {l,...,m} is a uniformly dis-

tributed random variable with outcomes = [l / -, i
hi («‘nsm) #yg()  hi («*ns<j+m>) # Vg (j+m)

As a consequence these random variables are always in the interval [—1, +1] with
expectation zero. Thus, a direct application of Hoeffding’s inequality (see Theorem
A.112) yields

N# (2 me2
P22 (J (2)) < Ezn ( Z 2exp (——)) = Ezon [N (2)] - 2exp (_T> .
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Z1 22 23 2] 25 21 2542 z3 24 z5
Z5+1 2542 2543 Z5+4 2545 2541 22 2543 2544 2545
Figure C.2 Counting swappings that ensure Remplhi, (z1,...,z,)] = 0 while
Remplhi, (Zm+1s ..., 22m)] > € where h; € H.Eachexamplez; € (zj+1, ..., 22,m) Where

lo_l(ﬁ,’(xj), yj) = 1 is shown as a gray cell. We used m = 5 and ¢ = 3—1 (Left) Clearly,
whenever zg, zg or z1¢ is swapped the training error in the first half remains zero. (Right)
If we swap z7 or zg into the first half we will violate the zero training error condition and
therefore must not swap them.

Using the worst case quantity Ny, (2m) f max_ . z2n Ny (z) completes the proof
of assertion (4.11).

The second equation (4.12) is proven in a similar way. First, according to
Lemma C.3 all we need to bound is the probability

Pzon (3h € H: Ramp [, 21 Z0)] = O A Ry [ @i+ Zan)] > 5) -

J(Z)

If we again consider all 2" swapping permutations g we see that this probability
equals

Ny ()
EZZm [ Z PSm|ZZm:z (QZ (};l>)} )
i=1

where the event Q, (ﬁ ,») C {0, 1}™ is the set of all swappings such that h ; incurs

no training errors on the first m samples (z1, ..., z,,) but at least “* training errors
on the second m samples (z,;4+1, - - -, Zom), 1.€.,

R m m mg
Q: (hi> - [S (Z I’?i(v’fns<j))=yns<j) = O) A (Z Iﬁi(xns<j+m>)#yns<j+m> - 7) } :

Jj=1
Here, the set ﬁl, . ﬁNu(z) € H are again Ny (z) different hypotheses w.r.t. the
training errors on Z = (zy, ..., Za,). In contrast to the previous case, the cardinality

of O, (ﬁ ,-) is easily upper bounded by 2”~% because, whenever we swap any of
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the at least “5* patterns (x jms Y j+m) that incur a loss on the second m samples, we
violate the assumption of zero training error on the first m samples (see also Figure
C.2). Since we use the uniform measure Pg» it follows that

NH(Z) me me
Pz (J (Z) <Ezu | Y 27"-2""% | =Bz [Ny (@)] 277 .
i=1
Bounding the expectation Ezn [NrH (Z)] by its maximum Ny (2m) from above
and using 27 = exp(—x -In(2)) < exp (—%) for all x > 0 proves equation
4.12). =

C.2 Bound on the Growth Function

In this section we prove Theorem 4.10 using proof by contradiction. This elegant
proof is due to E. Sontag and is taken from Sontag (1998). At first let us introduce
the function @ : N x N — N defined by

i}
def m
D (m, V) = .
(m, ) ; ( l. )
Defining ('l”) = 0 whenever i > m we see that ® (m, ) = 2™ if ¥ > m because
by Theorem A.103,

m

@(m,m):Z(T) =Z<'?>-1"=(1+1)m=2m. (C.1)

i=0 =0

Let us start with a central lemma which essentially forms the heart of the proof.

LemmaC.4 Letm € N, v € {0,...,m}andr > ® (m, ¥), and suppose that the
matrix A € {0, 1Y is such that all its r columns are distinct. Then, there is some
(0 + 1) x 2°*! sub-matrix of A whose 2°*' columns are distinct.

Proof We proceed by induction over m € N. Note that the lemma is trivially true
for ¥ = m because, according to equation (C.1), ® (m, m) = 2". But, each binary
matrix with m rows has at most 2” distinct columns; hence there exists no value
of r. Let us start by proving the assertion for m = 1: We have just shown that
we only need to consider ¢+ = 0. Then, the only possible value of r is 2 because
® (1, 0) = 1. For this value, however, the only (¢ + 1) x 2?*! = 1 x 2 sub-matrix
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of the m x r = 1 x 2 matrix A is A itself which by assumption has 2 distinct
columns.

We next assume the result is true for m — 1 and prove it for m. Let us consider
any matrix A € {0, 1}""" with r > ® (m, ©¥) distinct columns. By interchanging
columns, this matrix can always be transfered into the form

B B C ’

where B and C are (m — 1) x ry and (m — 1) x (r — 2ry) matrices, respectively,
and “x” is a placeholder for either O or 1. Let us consider two matrices B and C for
the largest value of 71 (number of columns of B). Then, by assumption, all » — r;
columns of ( B C ) must be distinct because

= If B were to have two equal columns or B and C were to have a column
in common then A would contain two equals columns which contradicts the
assumption.

= If C were to have two equal columns then the corresponding first entries in A
must be different and this contradicts the maximal choice of ry.

Bearing in mind that we only need to show the lemma for ¢ € {0, ..., m — 1} we
now distinguish two cases:

l.r —ry > ®(m—1,9): In this case the inductive assumption applies to
( B C ), i.e., this (m — 1) x (r — r;) matrix already contains a (% + 1) x 27+!
sub-matrix as desired to hold for A.

2.r —r; < ®(m —1,9): In this case the inductive assumption applies to B
becausery =r— @ —r;)) > d(m, ) —d(m—-1,0) =D (m — 1,9 — 1) where
the last step follows from equation (A.41). Since we know that B contains a ¢ x 27
sub-matrix with 27 distinct columns it follows that

0---0 1---1

B B

contains a (¢ + 1) x 2! sub-matrix with 2°*! distinct columns.

The lemma is proved. =
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We can now proceed to the main proof.

Proof of Theorem 4.10.  Suppose that the VC dimension of # is . For all m > ¢
consider a training sample z = (zy,...,z,) € 2™ for which the maximum of
equation (4.16) is attained. Let ﬁl, ey ﬁNH(m) € ‘H be the hypotheses realizing
the N (m) different zero-one loss patterns and arrange all these m—dimensional
binary vectors in an m X Ny (m) matrix A, i.e.,

lo—1 </21 (x1), )’1) SRR (W (ﬁNH(m) (x1), )’1)
A= : , :

10—1 <}All (xm) s ym) T 10—1 <l:\leH_(m) (xm) s ,Ym>

If it were the case that Ny (m) > ® (m, ) then Lemma C.4 states that there is
a sub-matrix with ¥ + 1 rows and all possible distinct 2”*! columns, i.e., there
exists a subsequence of z of length ¢ 4+ 1 which is shattered by H. This is a
contradiction to the maximal choice of the VC dimension ¢ (see equation (4.18))
Hence, Ny (m) < ® (m, ©) which proves Theorem 4.10. m

C.3 Luckiness Bound

In this section we prove Theorem 4.19 which is the main result in the luckiness
framework. Note that this proof works “inversely”, i.e., instead of upper bounding
the probability that the expected risk is larger than & by some term 6 (¢) and later
solving for e, we show that our choice of ¢ guarantees that the above mentioned
probability is less than §. Let us restate the theorem.

Theorem C.5 Suppose L is a luckiness function that is probably smooth w.r.t. the
function w. For any § € [0, 1], any probability measure Pz and any d € N,

sz(EIh67-[:Ql(Z,h)/\Qg(Z,h)/\Q3(h)) <8,

where the propositions Q1, Q, and Q3 are given by

05 (h)

Q1(z,h) = Remplh,z]=0, Qz(z,h)Ew(L(z,h),%>§2d,
R[h] > e(m,d,?d) , ana’s(m,a’,(ﬁ):z
m
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The result (4.23) follows from the fact that the negation of the conjunction says
that, for all hypotheses i € H, either Reyp [h, 2] #O or w (L (z, h), 8/4) > 24 or
R[h] <e(m,d,?).

Proof Due to the length of the proof we have structured it into three steps.

We will abbreviate ¢ (m, d, §) by ¢ and will use the shorthand notation zj;. j; o

(z,-, Zitlsnns zj). If Q; and Q; are propositions, Q;; & OinNQj.
Symmetrization by a Ghost Sample

By Lemma C.2 we know that, for all m € N,

Pz: 3h e H: Q1 (Z,h) A Q3 (h)) <
2. Pzzm (E”’l eH: Q12 (Z[]:m], h) VAN Q4 (Z[(m+1):2m], h)) s
J@2)

where the proposition Q4 is given by
e
04(z,h) = Remp [h, z] > 5 .

In order to see that we consider the following logical formula Y and o—algebra 2y
induced by H:

T(Z, h) = Q2 (Z,h),
W = {4 E( ) EZ (), ) =1} [heH}].

Hence, R [h] = Pz (A}), Remp [1, 2] = V. (A}) and, by the choice of & we ensured
5

that me > 2. Thus, it now suffices to show that Pz (J (2)) < 5.
Upper bounding the probability of samples where the growth function increases
too much

In order to make use of the probable smoothness of L we distinguish the event
that the number of equivalence classes w.r.t. the zero-one loss /y_; that contain
functions luckier than 4 is larger than w (m, L (z[lzm], h) ,d /4) and its negation. In
order to accomplish this we define the proposition S by

S@=3heH: b (z,h)>oL (z1,....zm), h),5/4) .
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We see that, by the probable smoothness of the luckiness L given in Definition
4.18,

Pz (7 (2)) Pzn (J (2) A S (2)) + Pz (J (2) A (=S (2)))
P22 (§(2)) + Pz2n (J (Z) A (=S (Z)))

8
1P U@ AES@)

IA

IA

Now we upper bound P22 (J (Z) A (=S (Z))) by %.

Symmetrization by Permutation

By defining Q5 (z, h) = Q> (z“;m], h) A (=S (2)), that is,
Qs (z,h) =y (z,h) <27,
we see that the proposition J (z) A (=S (2)) is given by

0 (2) =3h € H: O (2my k) A Q4 (Zimanyamy, ) A Qs (2, h)

Now we shall use a technique which is known as symmetrization by permutation
and which is due to Kahane (1968) according to van der Vaart and Wellner (1996).
Since all 2m samples Z; are drawn iid from Pz we know that, for any permutation
o {l,....,2m} — {1,...,2m},

P22 (Q (2)) = P2 (Q (I1(2))) ,

where we use the shorthand notation IT(Z) to denote the action of 7 on the
indices of Z = (Z1, ..., 2Zyy),1.e, 1 ((Z, ..., 2Z>,)) oo (Zn(1), e Zn(2m))- Now
consider all 2 different swapping permutations I1g indexed by s € {0, 1}, i.e.,

[T (z) swaps z; and z;,,, if, and only if, s; = 1. It follows that

P22 (Q (2)) = Es [Pzns—s (0 (Ils (2))) ] = Ezzn [Psjz2n—, (Q (s (2))) ]

for any discrete measure Pg. Clearly, P2ng = Pz.Ps which implies that
Pgizzn_, = Ps. Hence, if we show that Ps (Q (Ils (z))) is at most % for each
double sample z € Z*", we have proven the theorem. The appealing feature of
the technique is that we can fix z in the further analysis. In our particular case we
obtain that Ps (Q (Ils (z))) is given by

Ps (3h € H : Q1 (s (D131 - h) A Q4 (TTs (Dygmr1y2m - 1) A Qs (z,h)) . (C.2)
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where we used the fact that the luckiness function is permutation invariant. Since
the double sample z € Z?" is fixed, we can arrange the hypotheses 7 € H in
decreasing order of their luckiness on the fixed double sample, i.e.,i > | =
L (z,h;) < L (z,h;). Now let

., def . .
¢ @)= (lo—r (hj )y v1) s eeesdom (B (am) s yam)) 1€ {1, ... i} }|
be the number of equivalence classes w.r.t. the zero-one loss incurred by the first
i hypotheses. Finally, let i* be such that ¢ (i*) < 29 but ¢ i* +1) > 2¢. Then
equation (C.2) can be rewritten as

PS (EI.] € {1? SR l*} : Ql (HS (Z)[lzm] ’ hj) A Q4 (HS (Z)[(n1+1):2m] ’ h])) ’

because by construction we know that 4y, ..., h;+y; are the only hypotheses that
are at least as lucky as h;+1; on z but £y (z, hiy) > 24 Since ¢ (i*) < 29 there
are not more than ¢ < 2¢ hypotheses hy, ..., hy € {hy, ..., hy} which realize

the ¢ (i*) different zero-one loss function patterns. Thus, by an application of the
union bound we have that the probability in equation (C.2) is bounded from above
by

Xq: Ps (Ql (HS @itam » ﬁ”) A Q4 (HS (D om+1):2m1 - ﬁi)) .
i=1

However, if we assume a uniform measure Pg over the 2" different swapping
em

permutations each summand cannot be bigger than 2”7 .2~ = 27 because,
whenever we swap one of the at least ' examples that incur a mistake on the
second m examples (according to Q4) into the first m examples, we violate O

(see also Figure C.2). Thus we see that

Pz (J (2) A (=S (2))) Pz (0 (2))
)

S q . 27%5 S 2d . 27d71d(%) = Z s

A

which completes the proof. =

C.4 Empirical VC Dimension Luckiness

In this section we proof the probable smoothness of the empirical VC dimension
(see Section 4.3). This proof is mainly taken from Shawe-Taylor et al. (1998).
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Theorem C.6 (Probable smoothness of the empirical VC dimension luckiness)
Given a hypothesis space H, for any & € [0, %] the unluckiness function
U (z, h) = 99 (z) is probably smooth w.r.t. the function

U.8) = _ 2em \"OUT Usy—=a(1+Lm(L
v )_(r<U,8>-U> - TUo= ( +U“(§>>'

Proof Given a double sample z,z, € 2", |z;| = m we note that, according
to Theorem 4.10 and A.105, o (U,§) = (%)IU is an upper bound on the

number of equivalence classes w.r.t. the zero-one loss /y_; on that double sample if
VU (z122) < tU. Thus it suffices to show that, for any § € [0, 1],

Pz (t Oy (L, ... Z1)) . 8) - O (L, ..., Lp)) <Dy (L) 6.
0@

Since all 2m samples Z; are drawn iid from Pz we know that, for any permutation
m:{l,...,2m} = {1,...,2m},

P22 (Q (2)) = P2 (Q (I1(2))) ,

where we use the shorthand notation IT(Z) to denote the action of 7 on the
indices of Z = (Zl, ey sz), i.e., IT ((Zl, ey sz)) dét (Zﬂ(l), ey Zn(2m))~ Now
consider all 2 different swapping permutations I1g indexed by s € {0, 1}, i.e.,

[ (z) swaps z; and z;4,, if, and only if, s; = 1. It follows that

P2 (Q 2)) = Es [Pzns— (Q (T5 (2)))] = Ezon [Pgjz2n—; (Q (Ts (2)))]

for any discrete measure Pg. Clearly, P2ng = PzxPg which implies that
Pgjz2n_, = Ps. Hence, if we show that Ps (Q (Ils (z))) is at most § for each dou-
ble sample z € Z?" and the uniform measure Pg on {0, 1}”, we have proven the
theorem. Let d = ¥ (z) be the empirical VC dimension on the fixed double sam-

ple. By definition, there must exists at least one subsequence Z = (z,-l ey Zi d) Ccz
of length d that is shattered by 7. The important observation is that any sub-
sequence of length j € {1,...,d} of Z must also be shattered by H because,
otherwise, Z is not shattered by H. Let j* € [0, m] be such that T (j*,9) - j* = d;
w_ d

]=Z+m@. (C.3)

Whenever any swapping permutation g is such that more than | j*| examples
of the subsequence z are swapped into the first half, Q (Ils(z)) cannot be true
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because the empirical VC dimension on the first half was at least | j*] + 1 and 7 is
monotonically increasing in its first argument. Thus, Pg (Q (I1s (z))) is bounded
from above by

LJ*J L/*J d 1 ed J* (€T (]* 5))]*
—m —d ’
sz 2 () <x (5) < S
where S, ; is the number of swappings that swap exactly j of the d examples into
the first half. The second step follows directly from Lemma C.7 and the observation
that 4j* < d for all 6 € [O, %] The last step is a consequence of Theorem
A.105 and equation (C.3). In order to complete the proof it suffices to show that
j*In(et (j*,8)) — j* -7 (j* 8) - In(2) < In(5). Using the definition of t and
Theorem A.101 we see that the latter term is given by

J* (1 +In (4 (1 — %ln (8))) —41n(2) (1 — j—l*ln (8)))

. 1 41n (2)
< <1+ln(4)—Fln(5)—4ln(2)+ 1n(5))

;%

<@mn2)—1HIn) <2In(6) <In(¥) ,

because 1 +In(4) —4In(2) < Oand In () < Oforall § € [0, %] The theorem is
proved. m

Lemma C.7 For any double sample z € Z*", for any d < m, for any subsample
zZ= (z,»l, cees zid) C z and for any j < d/3, the number S, ; of swappings such
that exactly j examples of z are within the first m examples is bounded by

d
Sd,j < <)2md
J

Proof First, let us assume that the subsample z is such that no two indices i, and
i4 have the property that ’i p— iq’ = m (Figure C.3 (left)). Then we observe that

the number Sy ; is exactly (?)2’”_’1 due to the following argument: Since d < m
and no two indices are the swapping counterpart of each other, there must exists
a swapping g, such that all examples in Z C z are in the second half. In order to
ensure that exactly j of the d examples are in the first half we have to swap them
back into the first half (starting from Il (z)). Now there are (‘j) many choices of

distinct examples to swap. Further, swapping any of the m — d examples not in Z
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zZ1 22 | 23 | %4 | 2”5 26 | <7 21 Z2 | 23 | %4 | 2”5 26 | <7

Z8 29 [ 210 | ”11 |?12 | %13 | R14 28 29 [ 210 | ”11 |?12 | %13 | R14
JJ I, (2) J7 I, (2)

Z8 Z2 | Z3 | 24 |212 | %6 | 27 21 Z2 | Z3 | 24 |212 | %6 | 27

21 29 | 210 [211 |25 | 213 | 214 z8 29 | 210 [ 211 |25 | 213 | 214

Figure C.3 Counting swappings such that exactly j of the d = 6 examples (gray
background) are within the first m = 7 examples. (Left) Since no two of the d indices
are the swapping counterpart to each other we can swap all gray examples into the second
half and start counting. (Right) Since z; and zg are within the d examples there will always
be r = 1 gray example in the first half.

that are in the second half of I, (z) into the first half would not alter the event;
hence the 2"~¢ term.

Now let us assume that there are r € {1,..., j} pairs of indices i, and i,
such that |i »— iq| = m and let Sj ; be the number of swappings that satisfy
the condition stated (Figure C.3 (right)). In this case, whatever the swapping, r
examples of Z are in the first half, and to make up the number to j a further j — r
indices have to be chosen out of the d — 2r. Hence

SZ{] — (d_ 21‘) . 2m—d+2r
y j—r

because the remaining m — d — 2r can be swapped without affecting the condition
stated. Note that

. d—2r -2 i ) )
Sd:i'_il:(j—i‘—l>‘2m d+2’+2=g(],")'521,j,

where

(J—r)d—j—r)
(d—=2r)d—=2r—1)"

g(j,r)=4
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It is easily verified that, for any r € {1, ..., j}, the function g attains its maximum
for j = d/2. However, as by assumption j < d/3 we know that

4 (d—3r)Qd =3
9d—2r)d—2r — 1)

in the possible range of j. Hence, the function g (j, r) is strictly less than 1 if d > 9
because this implies that

d>—9d+ 18>0 = 4(d—3r)(2d —3r) <9(d —2r)(d—2r — 1) .

g(j,r) <

As a consequence, for d > 9 the result is true because
d
- 0 —d
S]d,/ < Sd,j = Sd,j = (]) . 2m

for all € {1,...,j}. Ford < 9 the only possible cases are j = 0 (trivial),
j=1,r =1land j = 2, r € {1,2} which can easily verified to be true. The
theorem is proved. =

C.5 Bound on the Fat Shattering Dimension

This elegant proof of Lemma 4.31 can be found in Bartlett and Shawe-Taylor
(1998) and dates back to Gurvits (1997). We will restate the original proof using

: def
the shorthand notation 3~ A = > oaen Gi-
Proof The proof involves two lemmas that make extensive use of the geometry in

an inner product space /. We show that if § C X is y—shattered by F, then every
subset Sy C S satisfies ||Z So—>_(S\ So) || > %. At the same time, for all

S C X, some Sy C § satisfies ||Z So—>_(S\ So) || < J/IS|¢. Combining these
two assertions yields

1> —7 |S|y \/7 Y = |IS| < (E)z

for every y—shattered set S. This proves the lemma.

Lemma C.8 IfS C X is y—shattered by F, then every subset Sy C S satisfies
|S |
DIREDCATHIEE
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Proof Suppose S = {xi,...,X;,} is y—shattered by F witnessed by the m real
numbers 7y, ..., 7,. Then, for all y = (yi,..., yu) € {—1,+1}" there is a w,
with ||Wy|| < B such that, foralli € {1,...,m}, y; ((Wy,x,-) —r,-) > y. Fix a
subset Sy C S. We consider two cases: If

dotrilxieSol =) (i Ix € (S\ S0},

then we consider y; = +1 if, and only if, x; € . In this case we have (Wy, X,-) >
ri+yifx; € Soand — (W, X;) > —r; + 7 if x; € (S\ So). If follows that

(2 35
—(wy. Yo (s\S0)

which, combined together, gives

A%

D dri Ixi € S} + IS0l
=Y Ui Ixi € S\ S} +1S\ Sol v,

v

(Wes Do S0 =D (S\S0) = Yl Ixi € Sob = Db 1% € (S\ S} +ISIy
> ISly.

Using the Cauchy-Schwarz inequality (see Theorem A.106) and the assumption
”Wy H < B, we know

B[Ys0-3 5\ 80|

A%

[l - |2 50— 25\ 80
(wy. 3 S0= DS\ S0) 2 1817

In the other case, we consider y; = +1 if, and only if, x; € (S \ Sp), and use an
identical argument. m

v

Lemma C.9 Forall S C X, some Sy C S satisfy

1> 50> s\ 80| = VISle.

Proof The proof uses the probabilistic method (Alon et al. 1991). Suppose S =
{X1,...,X,}. We choose Sy randomly by defining x; € Sg < B; = +1, where
Bi, ..., B, are independent random variables with Pg, (+1) = Pg, (—1) = %
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Then,

Eg [HZ So— 3 (S\ S0 Hz} — Eg»

i=1

Il
3
m
@
1
—_—
Loy
>
o
>
_|_
Loy
>
~——
| IS

i=1 i#]

=2 (Z Eg. [B; - B,] (xi. ;) + Ear [||B,-x,-||2])
i=1 \i#j

=) Eor [IBxI?] < 18167

where the last line follows from the fact that the B; have zero mean and are
independent, i.e., Egn [B,- -B j] = 0 fori # j. Since the expectation is no more

than |S| ¢?, there must be a set Sy for which ||Z So— > (S\ So) ||2 is no more
than |S|c?. m

C.6 Margin Distribution Bound

In course of the derivation of the sequence A; we shall sometimes abbreviate
D (z,w, y) by D. Let us consider the value of des (A) given by equation (4.32)
for a fixed value of y and ||w| = 1, i.e.,

64 (14 (2)") (> + 27)

dgr (D) = v

64 2p?
— ﬁ<g2+A2+§T+D2). (C.4)

J()

Given an observed margin distribution D we would like to replace A in equation
(C.4) with the minimizing value A* (D) of the term d.g (A) which is equivalent to
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the minimizer of f (A). A straightforward calculation shows that this value has to
be A* (D) = /¢ D because

d 2¢2D? d? 6

dA |z (A* (D)) dA*|\_ /o J¢D

In this case the value of f (A* (D)) equals ¢> + 2¢D + D? = (¢ + D). First,
note that the largest value of D is 2¢+/m because, in the worst case, w fails for all
m points to achieve a functional margin of y by at most 2¢ (all points are assumed
to be in a ball of radius less than or equal to ¢) and, thus, D> < 4¢c’m < D <
2¢4/m. Hence we set up an arithmetic series (A;),_, _ of values before having
observed the data such that A = 2¢/m and A; | = % which ensures that, for
all values of D, there will be a A; such that

A*(D) /¢D
2 2

<A <=VsD=A"(D).

Using the lower bound @ for A; in equation (C.4) we see that, for all D,

fa*D) = f@an=sf (@) =g+ igD +4¢D +D* < (s +3D)’
65 )
< a1 (¢+3D)".
Finally note that it suffices to consider the series until é < Ay < 3—§2 because, for
all D such that A* (D) = /¢D < 5 & \/é < 31—2, it is readily verified that

f(A*(D)) = (s+ D)

D2 642D2 5.2
< f(AS)=(1+F>(g2+A§)§(1+ o ><§2+ﬁ>
5 642 1
= o5 ) U 1o
65 , 65 )
— — 3D)% .
< @S et

The number s is easily determined by making use of the definition Ay = 2¢+/m -
275t and & < A, which yields s < 8 + %ld (m).
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C.7 The Quantifier Reversal Lemma

This section presents the quantifier reversal lemma due to David McAllester (see
McAllester (1998)). This lemma is of particular importance in the derivation of
generalization error bounds in the PAC-Bayesian framework (see Section 5.1).
Broadly speaking, if a logical formula acts on two random variables and we have
the formula true for all values of one of the random variables, then the quantifier
reversal lemma allows us to move the all-quantifier over that random variable into
a “all-but-a-fraction-of-6” statement for a fixed value of the other random variable.
Thus, it provides an upper bound on the conditional distribution of the random
variable.

Lemma C.10 (Quantifier reversal lemma) Let X and Y be random variables and
let 5 range over (0,1]. Let T : X x Y x R — {true, false} be any measurable
logical formula on the product space such that for any x € X and y € Y we have

{6 €0, 1] | Y (x,y,8)} = (0, dmax]
for some Sax. If
Vxe X:Vée(0,1]: Pyx—x (Y (x,Y,8)) > 1-34,

then, for any g € (0, 1), we have
V8 € (0,1]: Py (Va € (0,17 : Pxyy_, (T (x, v, (aﬁa)ﬁ)) > 11— a) >1-5.

Let us start with a simple lemma we need for of the proof.

Lemma C.11 Let X be a random variable such that Py ([0, 1]) = 1 and let g be
any measurable, monotonically decreasing function from the interval [0, 1] to the
reals, i.e., g : [0, 1] = R is such that x > y implies g (x) < g (y). If

V§ e [0,1]: Fx (6) <6,

then

1
Ex [ 0] < fo ¢ () dx. (C5)
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Proof By the definition of the expectation (Definition A.7) we know that

1

1 1
Ex[s (0] = /0 ¢ (0) dFx (x) = — /0 Fx (1) d (g (1) + [¢ () - Fx ()]}

1
_ /0 Fx (1) d (—g (1)) + g (1) .

where the first line follows from partial integration and the second line uses the fact
that Fx (0) = 0 and Fx (1) = 1. Since —g (x) is, by assumption, a monotonically
increasing function we know that any positive difference g (x) — g (¥) > 0 implies
that x — X > 0. Hence for the first integral we can use the upper bound on Fyx to
obtain

IA

1
Ex[gX)] fo xd(—g )+ g (1)

1

1
= fog(x)dx+[x-(—g(X))]é+g(l)=/0 g (x) dx.

The lemma is proved. m
Using this lemma we can now proceed to prove the quantifier reversal lemma.
Proof of Theorem C.10. Define f : X x J — R in the following way

o it {50,117 (x,y,8)]) =0,
f(x’”_{ Smax it {8e(0,1]]Y(x,y,8)) =,

By definition, forany x € X,and y € YV and § € (0, 1] we know that Y (x, y, ) =
true is equivalent to the fact that f (x, y) > §. For a given x € X we define the

new random variable T & f (x,Y). Then the assumption of the theorem implies
that

Ve X:V8e (0,11 Pyxex (Y (x,Y,8)>1-58<Fr(5) <s.

Now, note that for 8 € (0, 1), g (z) = zf~! is an monotonically decreasing function
since the exponent is strictly negative. From Lemma C.11 we conclude

1
1
VxeX:V8e (0,11 Eyxe [/, V)]=Ef[TF] < / 7 ldz = 5
0



302

Appendix C

Taking the expectation over x € X’ gives

V8 e (0,1]: Ex [Evix=: [/ (x.V)]] < % .

We can exchange the expectation values by the theorem of repeated integrals (see
Feller (1966)). Thus, using Markov’s inequality given in Theorem A.109 we obtain

V6 e (0,1]1: Py (EXW:y [P (X ] < %) >1-38.

Applying Markov’s inequality once again to the conditional expectation value

Exiv—y [/#7" (X, y)] gives

Vs e (0,1]: Py(‘v’ae (0, 17 : Pxjv=, (fﬂl X, y) < %) > l—a) >1—3.
(07

Finally, rearranging terms and using the fact that Y (x, y, §) = true is equivalent
to f (x,y) > & we obtain

V8 e (0,1]: Py (Va € (0,17 : Pxy_, (T (x, y, (a/ﬁ)ﬁ)) >1— a) >1-38.

The theorem is proved. m

C.8 A PAC-Bayesian Marin Bound

This section contains the proof of Theorem 5.10. In course of this proof we need
several theorems and lemmas which have been delegated to separate subsections
due to their length.

Proof of Theorem 5.10. Geometrically, the hypothesis space H is isomorphic the
unit sphere W in R” (see Figure 2.8). Let us assume that Pyy is uniform on the unit
sphere. Given the training sample z € Z™ and a classifier having normal w € W
we show in Theorem C.13 that the open ball

B(W):{VEW’(W,V)>,/1—F§(W)}§W (C.6)

is fully within the version space V (z). Such a set B (w) is, by definition, point
symmetric w.r.t. w and hence we can use — In (Pw (B (w))) to bound the expected
risk of /. Since Py is uniform on the unit sphere, the value — In (Py (B (w))) is
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simply the logarithm of the volume ratio of the surface of the unit sphere to the
surface of all v € W satisfying equation (C.6). A combination of Theorem C.14
and C.15 shows that this ratio is given by

| < 1 ) | [T sin""2 0) do
n\ ———— = n
P B (w arccos — (7 (w))?
w (B (W) I (V=2 ) o2 ©) db

0

1
-1 In(2) .
n n(l_ 1—F§(W)>+ n(2)

Using Theorem 5.4 and Lemma 5.9 and bounding In (2) by one from above we
obtain the desired result. Note that m points {xi, ..., X,} maximally span an
m—dimensional space and, thus, we can marginalize over the remaining n — m
dimensions of feature space /C. This gives d = min (m, n). =

C.8.1 Balls in Version Space

In this section we prove that the open ball

3(w)={veW ‘ (W,V)>,/1—F§(w)}

around a linear classifier having normal w of unit length contains classifiers within
version space V (z) only. Here, I'; (w) is the margin of the hyperplane w on a set
of points normalized by the length ||X;|| of the X; (see equation (5.11) for a formal
definition). In order to prove this result we need the following lemma.

Lemma C.12 Suppose K C {} is a fixed feature space. Assume we are given two
points w € W and x € K such that{w,X) =y > 0. Then, for all v € W with

2
(w,v) > 12— (7
x|

it follows that (v,x) > 0.

Proof Since we only evaluate the inner product of any admissible v € W with
w € W and x € K, we can make the following approach
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W=A{w| |IWwll=1}

D] feow) =0}
Figure C.4 Suppose the point x; (or x») is given. We must show that all classifiers

having normal w of unit length and <W, \TV) > /1= yl? / Ixi ||2 are on the same side of

the hyperplane {v € I | (x;,v) =0}, i.e., (\7, xi) > 0, where y; = (x;, w). From the
picture it is clear that, regardless of ||x; ||, sin (&) = (y;/ |IX;||) or equivalently cos (o) =
V1 —sin® () =,/1— yiz / Ixi ||2. Obviously, all vectors w of unit length which enclose an
angle less than « with w are on the same side (the dark cone). As cos («) is monotonically
decreasing for o € (0, %), these classifiers must satisfy <W, \TV) = cos (<{ (W, W)) >

V1= v Ixill2
X X
V=\A—+T1 (W — —2) .
(Il Il

Note that the vectors ﬁ and w — VW are orthogonal by construction. Further-

more, the squared length of w —y W is given by 1 — 2/ ||x||>. Therefore, the unit
norm constraint on v implies that
2
) 11—

T =
]/2

N

Furthermore, assumption (C.7) becomes

P+ (i) ) =
—+T|\W=y—= |, W) > - —
x| [1x]|? IIx||*
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JACY.

In order to solve for A we consider the 1.h.s. as a function of A and determine the
range of values in which f (A) is positive. A straightforward calculation reveals
that [0, Apax ] with

_ 2y y?

max
Ty xR

is the only range in which f (}) is positive. As a consequence, the assumption

(W, v) > /1 —y2/|x|? is equivalent to

yz
0<Alx]] <2y,/1— Il

Finally, the inner product of any v with X is given by

(V,X>=<—+ ( —yﬂ> >=)»||X||+T(V—V)>0,

x|

where the last inequality follows from the previous consideration. The lemma is
proved. For a geometrical reasoning see Figure C.4. m

Theorem C.13 Suppose K C €’ is a fixed feature space. Given a training sample
z=(x,y) € (X x{—1,+1})" and w € W such that T, (w) > 0, for all v e W

such that (w,v) > /1 —T'2(w) we have

Viell,...,m}: yi (v, x;) > 0.

Proof According to Lemma C.12 we know that all v € B; with

2
i

Bi=3veW (W,V)>\/l—
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parameterize classifiers consistent with the ith point x;. Clearly, the intersection of
all B; gives the classifiers w which jointly satisfy the constraints y; (w, x;) > O.
Noticing that the size of B; depends inversely on y; (x;, w) we see that all v
such that (w,v) > I'; (w) jointly classify all points x; correctly. The theorem is
proved. m

C.8.2 Volume Ratio Theorem

In this subsection we explicitly derive the volume ratio between the largest inscrib-
able ball in version space and the whole parameter space for the special case of
linear classifiers in R". Given a point w € /) and a positive number y > 0 we can
characterize the ball of radius y in the parameter space by

B,w={veW |[Iw=vI><y*}={veW [(w,v)>1-y?/2}.

vol(V)

In the following we will calculate the exact value of the volume ratio —7=—=
vol(‘By (w))

where w can be chosen arbitrarily (due to the symmetry of the sphere).

Theorem C.14 Suppose we are given a fixed feature space K C £3. Then the
fraction of the whole surface vol (W) of the unit sphere to the surface vol (By (W))
with Euclidean distance less than y from any point w € W is given by

volOW) g sin" " (8) db
1 B - arccos 7ﬁ ’
vol (By (w) I (1 2)smH ©) do

Proof As the derivation requires the calculation of surface integrals on the hyper-
sphere in £ we define each admissible w € W by its polar coordinates and carry
out the integration over the angles. Thus we specify the coordinate transformation
7 : R" — R” from polar coordinates into Cartesian coordinates, i.e., every w € W
is expressed via n — 2 angles § = (0, ..., 0,_,) ranging from O to 7, one angle
0 < ¢ < 27, and the radius function r (6, ¢) which is in the case of a sphere of
constant value r. This transformation reads

71 (r,9,0) = r-sin(p)sin(®,) - --sin(6,_,) (C.8)
o, 9,0) = r-cos(p)sin(b)---sin(@,_»)

Tt (1,9, 0) = r-cos(0,-3) sin(0,-2)



307

Proofs and Derivations—Part 11

T, (r,9,0) = r-cos(0,-7). (C.9)

Without loss of generality we choose w to be # = 0, ¢ = 0. Hence the ball B,, (W)
of radius y is the following set of angles

<T(l,90,0),1'<1,¢,0~)>>1—y72}

2
cos(0,_0) > 1— r }

iw €[0,27],0 € [0, 7]"2

2

2
6,_» < arccos (1 — %) } .

As can be seen from this expression the margin y characterizing the ball simply
possesses a restriction on the angle 6,_, in the integration. Thus, the quantity of
interest is given by

2 Jo o S | (@, 01, 6,20)| Oy - dB d
IOZJT foﬂ . fO\P |Jn (r, @, 91’ ey 9,,,2)| d9n72 e d91 ng

where W = arccos (1 —y? /2) and J, is the functional determinant of T given by
equation (C.8)—(C.9),

Jn(ra(p791a---a9n—2):|1]n| s (C.ll)

where the Jacobian matrix J, is formally defined as

= iw €[0,2x],0 € [0, 7]"2

= {(p €[0,27],0 €0, 7]" 2

(C.10)

a7 (r,9,0)
ar

971 (r.9.0)
, de

a7 (r,9,0)
30n—2 On—2

’ 4
def

Jn—

8'[,,(1 ¢ 0) ’ 37, (1,9,0)

3T (r,90.0) 0)
¢

‘(ﬂ 00,2

IfFJ—1 = Gis-.oyjno1) € R=Dx=D g the Jacobian matrix for the mapping 7
when applied for points in R"~! then we see that

_ sin (0,—2) - Ju—1 r-cos (B,—2) - Ji
In = ( ( cos(@,-,) 0 --- 0 ) —r - 8in (6,-2) ) . (C.12)

Hence the nth row of this matrix contains only two non-zero elements

aTn (ra(p70) aTﬂ (r’(p’o)

=cos (6,-2) ,
ar n-2) 36,2

= —r -sin(0,_,) .
9/772

r
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Now, using the Laplace expansion of (C.11) in the nth row (see Definition A.64)
we obtain

Tl = (=1 cos (64—2) [Jpn.y| = (=" - 7 sin (6,-2) [Jpumy

where Jj; jjis the (n — 1) x (n — 1) sub-matrix obtained by deletion of the ith row
and the jth column of J,. From equation (C.12) and Theorem A.71 it follows that
’J[,,,n]‘ = sin" "' (6,_2) - |J,_1]. Further we know that

’

Tl = 1in (02 “jos - sin (Gp2) a1, 7 - €08 (B4—2) - 1)
= (=" (- cos (By-2) - j1, $in (6y—2) - Jo, - - 0 (By—2) - Ju-1)]
(=D)"2 1 - cos (By—2) - sin" 7 (Bp—2) - Ju-1l -
Hence, |J,| is given by
|Jn| = - Cosz (en—Z) T Sinn_2 (911—2) . |Jn—l| —r - sin” (en—Z) . |Jn—1| P
— il -7 - 5in" 72 (0,-2) (cos? (Bu—2) + sin® (6,-2))
= - |Jn—l| T Sinniz (6n-2) ,
which, substituted into equation (C.10) gives
volOW) Jo sin" "2 (0,-2) db,_»
vol (B, W) [V sin""2 (0,.2) df,_»

(C.13)

where W = arccos (1 —y?/ 2). The theorem is proved. =

C.8.3 A Volume Ratio Bound

In this section we present a practically useful upper bound for the expression given
in equation (C.13). In order to check the usefulness of this expression we have
compared the exact value of (C.13) with the upper bound and found that in the
interesting regime of large margins the bound seems to be within a factor of 2 from
the exact value (see Figure C.5).

Theorem C.15 Forall j e Nand all0 < x <1

[T sin 1 (9) do 1!
In =20 <ln(=) +mh@, (C.14)
[ sin2i 1 (0) do x

where W (x) = arccos (1 — x).
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oS - - - exactvalue Oéi - - - exactvalue
=1 — bound = — bound
S, I3
(o= o~
1S Eo
32 22
> >
(@) (@)
Oy O8]
o Eh

(b)

Figure C.5 Comparison of the bound (C.14) (solid line) with the exact value (C.13)
(dashed line) over the whole range of possible values of x for (a) n = 10 and (b) n = 100.
Interestingly, in the relevant regime of large values of x the bound seems to be very tight
regardless of the number of dimensions.

Proof Without loss of generality, we consider a transformation of the variable
X > 2x which implies that the valid range of x equals (0, %] From Bois (1961)
we know that, for all j € N,

J
.24l cos (0) . 2j
sin 0)do = — sin” (0) B ;, C.15
/ ) T ;:0 ) Bj, (C.15)

where

g — _20+D-2(+2- 2
P Qi+ QRi+3) 2= 1)

2:4...2j 1-3..-2i=1)

1:3--Q2j—1) 2-4---(2D)

dgrent 4 () (C.16)
@Hran 4 4G '

Let us introduce the abbreviation

arccos(1—2x) )
S(j,x) = / sin?/ 1 (0) a6 .
0
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Then the numerator of (C.14) (after the transformation x — 2x)is givenby S (j, 1)
whereas the denominator of (C.14) is simply S (/, x). From equation (C.15) we see

(9) i arccos(1—2x)
X CcOoS - . 2
S(,x) = —2J.+12sm2 ©) Bj.i

0

4
= 1 2x — 1 1—
(2J+1)(2,)(+(x )Z( >x( )),

where we have used (C.16) and
sin (0) = (sin® (0)) = (1 — cos® (0))" = (1 — (1 — 2x)%) = (4x —4x?)" .

Expanding the first term of the sum we obtain for the logarithm of the fraction of
integrals

(S(J, 1)) 2
In In . — - .
S(j,x) 20+ 2x = DY ()xi (1 —x)

1

In Lemma C.20 we show that for any j € N* and 0 < x < 3

2 _
Z(z:)x (—x) < 2x ((2x) 1).
i 2x — 1

i=1

Inserting this into the last expression and taking into account that (2x — 1) < 0 in
the relevant regime of x we obtain

In (M) < In 2 =In (L)
SGN/ T w4+ @r - 1 2@ (2x)2/H

2x—1)
= —Q2j+DInx)+1In?),

which proves the theorem. Note that in the case of x = % the problem reduces to

S (J:3)

which finalizes the proof. m

ln<S(j’ 1)) =—@2j+DIn2x)+In(2),

0
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C.8.4 Bollmann’s Lemma
In the course of the proof of Theorem C.15 we needed a tight upper bound on the
growth of Y7 (zi')xi (1 —x)" as a function of x. In the following we present a

series of lemmas resulting in a reasonably accurate upper bound called Bollmann’s
lemma (Lemma C.20).

Lemma C.16 For all i € N*
20+ DY (2 4 2
i+1 ) \i i+1)°
Proof A straightforward calculation shows that
20+1D\ 20+ D)@i+ 1) 20\ (2i\4i+2
i+1 o G+DG+D i) \i)i+1
2
- ()l)
i i+1

The lemma is proved. m

Lemma C.17 For alli € N* and j € N*
(2(/ + 1))(2}) - 2(2(.1 —f-.j)) ‘
J+1 i I+
Proof We prove the lemma by induction over i. For i = 1 it follows that
(Z(j + l))(Z) B 2(2(j + 1))
j+1 1) ji+1 )
Assume the assertion is true for i € N*. Then
2G+D\2G+DY (20U + D\ /(2 4_ 2
j+1 i+1 B j+1 i i+1
- 2(2(‘14—.])) (4_ | 2 )
I+ i+1
< 2<2(.’ +.”) (4— #)
I+ i+j+1
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B 2(2(1’ +j+ 1))
i+j+1 ’
where we used Lemma C.16 in the first and last lines. m

Lemma C.18 Forall 0 < x < 3

i 2i ¥l — 2y = 2x
i 1 —2x

i=1

Proof This can be seen by considering

) 00 2i 1 u2i+1
arcsin (1) = u—i—Z(i)Izi_i_l,
d arcsin (u)

1+i 20\ 1 ,, 1
= —u =
du g i )4 /1T — 2

Using u = 2/x (1 — x) we obtain the result, i.e.,

/20N 1 2i 1
;(i>I<2V“1"‘)) = s a—o

i(Zi) (1—xy = 1 -1 —=4x(1—x)
SR ey voy s g
1 -1 =2x)?

(1—20%

i=1

The lemma is proved. =

Lemma C.19 Forall 0 < x < % and j € Nt

L2 i <2 (i + j))xi-&-j (1 - x)t < i <2 (i+Jj+ 1)>xi+j+1 (1 — x)ititt
i=1

L\ i+ i+j+1
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Proof Put A(i, j,x) o >, (z(l.i/:/))xiJr-/ (1 — x)'*™/. Then the result to be

proven simply reads 4x2 - A (i, j,x) < A(i, j + 1, x). By Lemma C.17 we have

i (21)(2 (j + 1)>xi+j (1—x)* <2 A@, j,x).
i J+1

i=1

Since 0 < 1 —x <14 2x, by Lemma C.18 it follows that

1-x)>" (2;) (Z(j * l)>xi+j (1—x0)™ < 2(1+2x) - AG, j.x),
i=1

J+1
2+ DY » .
1— 7 (1 —x)? < 2(1+4+2x)-AQ, j,x).
( x)(j+1)x( 0 s < 201420 AGL )
Multiplying both sides by 1_22" (which is, by assumption, positive) yields

<2(j+1)

i1 )xf“ (1= < (1-4x%) - AG, jx) -
J

Rearranging terms gives

2+ 1D

4x2-A(i,j,x>sA(i,j,x>—( o )x-f“(l—x)-"“=A<z‘,j+1,x>.
J

The lemma is proved. m

Lemma C.20 For any j € Nt and 0 < x < 1

2
J : 2j
Z <2il)xi (1-x) < —2x ((2x) 1) .

= 2x — 1

Proof The assertion can be transformed into

J ; 2j _
(Zil>xi (1—x) < 2x ((2x) l)
=1

£ - 2x — 1
(- (2x)%)
- 1 —2x

2x (2x)¥ !
1—2x 1—2x

A
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00 2i ) ) 2 2j+1
N

i=1

which is equivalent to

0¥+ < (1 — 2x )Z (2 (l—:‘ J)) i) (] — x)
J

We prove this by induction over j. For j = 1 we have

83 —2x  2x(Q0)*—1)

2 2 2
) x(1—x)=2x —2x°" <2x +4x“ =

2x—1  2x—1
Assume the assertion is true for j. Then
(2X)2(j+1)+1 — 4x2 (2x)2j+1
= 2a+p)»- "
2 i+ i+
< 4x 1 —2x X = x)™
< (( )Z ( iy (1—x)
2+ )+ 1)) L L
< 1 —2x i+j+1 1—x i+j+1 ,
< >; ( A (1=

where the second line is assumed to be true and the third line follows from Lemma
C.19. The lemma is proved. m

C.9 Algorithmic Stability Bounds

In this section we present the proofs of the main theorems from Section 5.3.
In order to enhance the readability of the proofs we use the same notation as
introduced on page 186, that is, given a sample z € Z", a natural number

i €{l,...,m}and an example z € Z let
def -1
z\i = (Zl"-'szi—lszi+ls---9Zm) ezm B
def
zi(—)z — (217"'921'7172721'4’17"'7Zm) ezm7

be the sample with the ith element deleted or the ith element replaced by z,

respectively. Whenever the learning algorithm is clear from the context, we use

= i) (z) to denote the hypothesis learned by A given z € Z™.
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C.9.1 Uniform Stability of Functions Minimizing a Regularized Risk

This subsection proves Theorem 5.31. The proof is mainly taken from Bousquet
and Elisseeff (2000).

Proof of Theorem 5.31. In course of the proof we shall often consider the differ-

ence between the functions f,; and f; obtained by learning on the reduced training

sample z\; and the full training sample z. Let us denote this difference by Af e

(fz\,- — fz). Then we must bound the difference |l (fz\,- ), t) —1(f; (x), t)| for
any (x, tr) € Z. Using the Lipschitz continuity of / we know that

[ (foy ), 1) =1(fe @), 0| <Ci-|foy, 0) = f20)| =Cr- |Af ()]

Since we consider a reproducing kernel Hilbert space F of real-valued functions
f € RY we know that (see also equations (2.36) and (2.37))

Af ()] = KAf kG, NI < IAfIF- & (x, x) (C.17)

Thus, it suffices to have an upper bound on ||Af]|l. We shall show shortly that

lAf 1% < % |Af (x;)| which, together with the last inequality implies that

C[ C[ Cl
AfIIP < = |Af ()] < = Af]l -k (xi, xi) < [AF] < —— -k (x;, %) .
IAFIT = = IAS (i) = 5= A - K (i, xi) IASI = 7 k(X xi)
Resubstituting this expression into equation (C.17) gives

2,2

[ (fay @) 1) =1 (fe (). )] < Cr - IIAFI -k (x,x) < glxl; ,

where « is defined by k = sup, .y k (x, x). It remains to prove the upper bound
on the ||Af . At first we exploit the fact that Jz, and f; are the minimizers of
equation (5.19) for the two different training samples z\; € 2" ! and z € 27,
respectively. Formally this reads

Rreg [fZaz] - Rreg [fz+ n- Af] = 0, Rreg [fZ\[v z\i] - Rreg [fZ\,- - n: Af] = 07

where we assume 1 € (0, 1) and R, is defined by

1
Reglfozl=— 3 1(f @), ) +AIfIP

(xi,ti)€z

Rl f.z]
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Adding the above two inequalities and exploiting Rieg [ f, 2] = Ryeg [ 1, z\i] +
%l (f (x;),t;) we obtain

%(1 (fe i) t) =1 ((fe+n-Af)(x), ) +Ar-A<B, (C.18)
where A and B are given by
A=+ | fo P = Wt AFIP = | oy — - AF]
B =Ry [fo+nAf 2] + Ru [ foy +1Afr 2] — R [fzo 2] = R [ o 23] -
Using the definition of Af allows us to determine A directly
A = 29(={fo A) +{far» AF) =0 IAFIP)

= 20 ((fa, = fo Af) = nlIASIP) =20 (L = ) IAfI?

Since the loss function / is assumed to be convex in its first argument we know that
for all (x,7) € Zand all n € (0, 1)

l((fz +n- Af) (X) ’ t) —1 ((fz) (.X) 9t) =7 (l ((fZ\i) (X) ’ t) —1 ((fz) (X) ’ t)) .
This implies that the following two inequalities hold true

Rm [fz + 77Af» z\i] - Rm [fz’ z\i] n (Rm [fZ\,-s z\i] - Rm [fzs z\i]) 5
Rm [fZ\i - ﬁAf, z\i] - Rm [fZ\i’ z\i] =< n (Rm [fz’ z\i] - Rm [fz\,-s z\i]) .

Adding these two inequalities shows that B < 0. Using the Lipschitz continuity of
the loss we see that equation (C.18) can be written as

L((fz+m-AfF) (), ) —1L(fz (i), 6)

IA

laf1? >
n—mnim
C . z - A i) — Jz i C
. Gl J;n o) = fo Gl _ ! INEEDIE
n (1 —n)rm 2(L=mn)Am

Taking the limit of the latter expression for n — 0 shows that ||A f||2 <

25—;1 |Af (x;)| which completes the proof. =

C.9.2 Algorithmic Stability Bounds

In this subsection we prove Theorem 5.32. We start with some simple lemmas
which help us to structure the main proof.
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Lemma C.21 Let A : U | Z" — F be a B,—stable learning algorithm w.r.t. a
loss function | : R x R — R. Then we have

Ez» [R [fz] — Remp [fZa Z]] <2Bn, Ez» [R [/z] — Rioo [‘Av Z]] < Bum -

Proof By the independence of the training sample z € Z™ from the test example
z = (x,t) € Z we note that the expectation Ezn [R [fz] — Remp [fz, Z]] can be
rewritten as

1 m
00 =1 (Faeiy @.1) dF2 (601 dFen @)
mi=JznJz

q(z.(x.1)

By virtue of Theorem 5.27, for any i € {1, ..., m} the integrand ¢ (z, (x, t)) is
upper bounded by 2, thanks to the §,,—stability of the learning algorithm A.
This proves the first assertion. Similarly, for the second assertion we know that
Ez» [R [fz] — Rioo [A, Z]] can be written as

1 m
S @0 -1 @) 6) dF2 (0 0) dFen @)
misiJzmJz

Since, for any i € {1, ..., m}, the example z; = (x;, #;) is not used in finding [z,
but has the same distribution as z = (x, t) the latter expression equals

1 m
-3 / / L(f: () 1) =1 (fz, @), 1) dFz ((x, 1) dFzn (2) .
I’l’li=1 Zm Z

q(z,(x,1))

By assumption A is a §,,—stable algorithm w.r.t. / which implies that the integrand
is bounded from above by f,,. The lemma is proved. m

Lemma C.22 Let A : U, | Z" — F be a f,—stable learning algorithm w.r.t. a

given loss function ]l : R x R — [0, b]. Then, for anyi € {1, ..., m}, we have
sup [R[f]=R[feo:]] = 2Ba,
zeZM e
b
sup |Remp [ /2> 2] — Remp [le'ef’ zi<—>2]| < 2Bn+—,
zeEZM ZeZ m
b

sup [Rioo [A, 2] = Rioo [A, Ziosz]l
zeZMzieZ

A

2lgm—l +—.
m
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Proof The first assertion follows directly from Theorem 5.27 noticing that, by the
Bn—stability of A, forall z € Z™,allz € Zand alli € {1, ..., m}

IRIfd = R[foo. ]| <Ext[Jl (£e X0, T) =1 (fore X, T)|] < 28,

In order to prove the second assertion we note that, for alli € {1, ..., m},
m—1 1
Remp [fz. 2] = —Remp [fz’ z\i] +—=1(f;(x).4) .
m m
m—1 1 .
Remp [fzief’ ZIQE] = TRemP [fzief’ z\l] + El (fzief (x) ’ t) :

As, by assumption, A is a ,—stable algorithm, using Theorem 5.27 shows that
|Remp [fz, z\,»] — Remp [fziei’ z\,-]| cannot exceed 28,,. Further, by the finiteness
of the loss function / it follows that

b b
<28, +—.
m

m

—1
Bm +

|Remp [fz’ z] — Remp [fz,-e_m zi<—>§]| <2 m E

The proof of the final assertion is analogous and exploiting that, for all i €
{1,...,m}

1 & 1
Rio[A, 2] = - Zl (fz, (xj). 1)) + El (foy (), 10)
pt
1 & 1 o~
Rioo [A, ziz] = " Zl (fz(i<—>5>\j (xj) ’ tj) + El (fZ\i (), t) :
et

Taking into account that f7 ; is obtained by learning using a training sample of size
m — 1 the third statement of the lemma follows immediately. m

Using these two lemmas allows us to present the proof of Theorem 5.32.

Proof of Theorem 5.32. Let us start with the first equation involving the training
error Remp [ 7, z]. To this end we define the function g (Z) = R [ fz] — Remp [ fz, Z]
of the m random variables Z,, ..., Z,. By Lemma C.22 we know that for all
ie{l,...,m}

b
sup |g (Z) — & (Zi<—>f)| = 413m + E )

zeZM zeZ
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because the difference

g (2) — g (ziew:)| = |R [fz] — Remp [fz: 2] — (R [ley_)g] — Remp [fz,-m:a zief])'

is bounded from above by the sum of the two terms |R [fz]—R [ fz,.e:.,]| and
|Remp [fz: 2] — Remp [ fz[ef,z,-eg” due to the triangle inequality. Further, by
Lemma C.21 we know

§@>e+28, = g >e+Ex[g@)].
Thus, using McDiarmid’s inequality given in Theorem A.119 shows that

Pz: (¢ (@) >¢+2Bn) < Pz:(¢@) —Ezn[¢(D]>¢)

(s )

exp| ——— ) .

P\ 2@mp, + b

The proof for the case of the leave-one-out error Ry, [A, z] is analogous: If we

define the function ¢ (Z) = R[fz] — Riwo [A, Z] of the m random variables
Zy,...,Z, then, by Lemma C.22, foralli € {1, ..., m},

b
sup  |g(2) — & Zie) =2(Bu + Bu-1) + —.
VANV A m

In addition, by Lemma C.21 we have that
g >e+pBy = gk >e+Ezm[g@)].

The result follows again by an application of McDiarmid’s inequality to ¢ (Z). m



D Pseudocodes

This section contains all the pseudocodes of the algorithms introduced in the book.
A set of implementations in R (a publicly available version of S-PLUS) can be
found at ht t p: / / www. ker nel - machi nes. org/.

D.1 Perceptron Algorithm

Algorithm 1 Perceptron learning algorithm (in primal variables).

Require: A feature mapping ¢ : X' — K C £)

Ensure: A linearly separable training sample z = ((x1, y1), ..., (Xm, Ym))
wo=0,r=0
repeat

for j=1,...,mdo
if yj (¢ (xj).w) < 0then
Wi =W + Yo (x;
t<—t+1
end if
end for
until no mistakes have been made within the for loop
return the final weight vector w;

This section contains three different implementations of the classical percep-
tron algorithm (see Rosenblatt (1958)) which differ by the representation used for
the weight vector (Algorithms 1 and 2). The dual algorithm 2 can be sped up by
caching the real-valued outputs of the temporary solutions (Algorithm 3).
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Algorithm 2 Perceptron learning algorithm (in dual variables).

Require: A feature mapping ¢ : X — K C £5
Ensure: A linearly separable training sample z = ((x1, y1), ..., (Xm, Ym))
a=0
repeat
for j=1,...,mdo
ify; Z;n:l o (d) xi), ¢ (xj')) < 0 then
oj <—aj+y;
end if
end for
until no mistakes have been made within the for loop
return the vector « of expansion coefficients

Algorithm 3 Kernel perceptron learning algorithm (optimized).

Require: A kernel functionk : X x X - R

Ensure: A linearly separable training sample z = ((x1, y1), ..., (Xm, Ym))
o=a=0
repeat

for j=1,...,mdo
if yjo; <0 then
oj <oj+y)

fori=1,...,m do
0; < 0; + }’jk (Xj, x,-)
end for
end if
end for

until no mistakes have been made within the for loop
return the vector a of expansion coefficients
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D.2 Support Vector and Adaptive Margin Machines

In the following subsections we give the pseudocode for support vector machines
and adaptive margin machines. We assume access to a solver for the quadratic
programming problem which computes the solution vector x* to the following

problem
. L, ,
minimize EX Hx + ¢'x
subject to Ax=Db,.
Aox <b,,
I<x<u. (D.1)

Packages that aim to solving these type of problem are, for example MINOS
(Murtagh and Saunders 1993), LOQO (Vanderbei 1994) or CPLEX (CPLEX Op-
timization Inc. 1994). An excellent introduction to the problem of mathematical
programming is given in Hadley (1962), Hadley (1964) and Vanderbei (1997). We
used the PR LOQO package! of A. Smola together with R, which is a publicly
available version of S-PLUS, for all experiments.

D.2.1 Standard Support Vector Machines

For the standard SVM with box constraints 0 < o < %1 we set

X = o,
H = YGY <& H; =yyjk (xi’xj) )
c = _lm s
l 0”17
1
u = —1,.
2am

We obtain hard margin SVMs for A — 0 (in practice we used Am = 1072°). In the
case of quadratic margin loss we apply a hard margin SVM with the diagonal of H
additively correct by Am - 1 (see Subsection 2.4.2).

1 Publicly available at ht t p: // www. ker nel - machi nes. org/ .
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D.2.2 v-Support Vector Machines

For the v-SVMs we set

X = o,

H = YGY < Hiijink(xi’xj)’
c = 0,,
A = -1,

b, = —v,

1 = 0,,

w = L1,

m

D.2.3 Adaptive Margin Machines

Finally, in the case of Adaptive Margin Machines we set the variables as follows:

[« o 0y,
*= e ) Tl )

H = 02m,2ma
A, = (-YGY,-L,),
b2 = _]-WI7

v (o).

where the m x m matrix G is given by

G| Klxix; if i # j
v k(x,-,xj — A lfl=]
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D.3 Gaussian Processes

In this section we give the pseudocode for both Bayesian linear regression (Al-
gorithm 4) and Bayesian linear classification (Algorithm 5). These algorithms are
also an implementation of Gaussian processes for regression and classification.
Note that the classification algorithm is obtained by using a Laplace approxima-
tion to the true posterior density frm+1x_, zn_,. For a Markov-Chain Monte-Carlo
implementation see Neal (1997b).

Algorithm 4 Gaussian processes regression estimation.

Require: A variance on the outputs o> € R*
Require: A feature mapping ¢ : X' — K C £}

Require: A training sample z = ((x1, 1), ..., (Xm, tn)) € (X x R)"
G = (19 ) ¢ (x))))}',o) + 020 ) € BV
=Gt

return the vector « of expansion coefficients

With respect to Algorithm 35, it is advantageous to solve the equation HA = g
for A rather than explicitly computing the inverse H~! and carrying out the matrix-
vector product as shown in the inner loop in the pseudocode. Many software
packages would provide numerically stable algorithms such as Gauss-Jordan de-
composition for solving systems of linear equations. Further note that we use
7 (t) = 1/ (1 4+ exp (—t)) which equals (see Section B.7)

exp (1) o exp (t) -exp (—1) 1

T T ep®  Urexp@) - oxp(-n 1+ exp(—n)

but whose computation is much more stable as exp (—¢) & 0 for moderately large
values of ¢.

D.4 Relevance Vector Machines

In this section we give the pseudocode for relevance vector machines—both in the
regression estimation (Algorithm 6) and classification scenario (Algorithm 7). In
order to unburden the algorithms we use the notation wiy,; to refer to the vector
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Algorithm 5 Gaussian processes classification using the Laplace approximation.

Require: A variance on the latent variables o> € R and a noise level 8 € RT
Require: A feature mapping ¢ : X — K C £}

Require: A training sample z = ((x1, y1) ..., (Xm, Ym)) € (X x {—1, +1H"
Require: A tolerance criterion TOL € (0, 1)

G =5 ([ ). ()7 + 070 ) € B77

=07t =Ga
J=3(+D =Y In( +exp (1) — 30'Ga
repeat

7= (1+exp(—)7 ... (1 +exp(—tu) ")
g=%(y+1)—7r—a
H=—-(iag(mi (1 —m),....7tn (1 —7,)) G+ 1)
A=H'g n=1
repeat

a=a—nA;f=Ga
T=+Di-Y" n(1+exp (7)) - L&'Ga
n

return the vector « of expansion coefficients

(wnl, ceey wn‘n‘) obtained from w by arranging those components indexed by n =
(nl, el n|n|). As an example consider w = (wy, ..., wig) and n = (1, 3, 6, 10)
which gives wp,; = (w;, w3, we, wip). We have given the two algorithms in a

form where we delete feature ¢; if the associated hyper-parameter 6; falls below
a prespecified tolerance, which should be close to the maximal precision of the
computer used. This is necessary because, otherwise, the inversion of ¥ would be
an ill-posed problem and would lead to numerical instabilities. We can monitor
convergence of the algorithm for classification learning by inspecting the value
J which should only be increasing. In contrast, when considering the regression
estimation case we should use the Cholesky decomposition of the matrix X! to
efficiently compute the evidence. The Cholesky decomposition of the matrix X~ is
given by X! = R'R where R is an upper triangular matrix (see Definition A.55).
The advantage of this decomposition is that ¥ = R~! (R‘l)/ by virtue of Theorem
A.77. Further, having such a decomposition simplifies the task of computing the
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determinant as (see Theorems A.15 and A.66)
n
In(]=7')) = ([RR|) =In(|R) +In (R =2 In(R;;) .
i=1

For a more detailed treatment of numerical issues in matrix algebra the interested
reader is referred to Golub and van Loan (1989) and Press et al. (1992). These
algorithms can also be applied to the expansion coefficients « € R” in a kernel
classifier model /, (or kernel regression model f,)

Ja (X) = Zdik (x;, x) he (x) = sign (Z ak (x;, X)) .
i=1

i=1
The only difference between the algorithms is that w must be replaced by « and X
needs to be replaced by G = (k (xi, x,))lmjr:l e R™ It is worth mentioning that,
in principle, any function k : X x X' — R could be used, that is, not only symmetric
positive semidefinite functions corresponding to Mercer kernels are allowed.

Algorithm 6 Regression estimation with relevance vector machines.

Require: A data matrix X € R”™*" and m real-valued outputs ¢ € R”
Require: A vector 6 € (R* )n and a variance o € R*
Require: The maximum number of iterations, imax; a tolerance for pruning TOL € R™
fori =1,...,imax do

n= (j efl,...,n} ‘ 0; > TOL) (all non-pruned indices)

)j( € R0l contains the [n| columns from X indexed by n

0 = O

2%/ . 5—1 s1\\ !
% = (o XX+ diag (67", ... 55 ))
Win] = 0‘;225(‘%
~ ~ /
c=1- (9;1 Xl ng‘l . Z\n|,\n|)

w?
On; = > forall j € {1,....[nl}
2 [r=Xwp H2
U[ = m—{’l
end for

return the weight vector w
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Algorithm 7 Classification learning with relevance vector machines.

Require: A data matrix X € R”*" and m classes y € {—1, +1}"
Require: A vector § € (R")"
Require: The maximum number of iterations, imax; a tolerance for pruning TOL € Rt
w=20
fori =1,...,imax do
n=(jef{l,....n} |6, > TOL) (all non-pruned indices)
X e R™*Inl contains the In| columns from X indexed by n
6 =0 @' =diag (F7",.... 05 ): 1 = Xwin
J = % (y+1D't =", In(1+exp(t)) — %W’[H]G)*lw[n]

repeat
/
m=((1+exp(—t1)". ..., (1+exp(—twm) ")
g=X(Jo+D-7)-0 Wy
H=—(X-diag(mri (1 =71), ..., 7%n (1 — 7)) - X + @)

A=Hg n=1
repeat
W = W; W[n] = W[n] —r;A;f:iW[n]
T=3(+1 - In(1+exp(fi)) — 3w
n< 3
until J > J
W:W;J:f;t:f
until {8 < TOL

-1~
]@ W[n]

n

Y =-H"! )
t=1- (él_l : 211,---,9~|;|1 : Z|n|,|n|>
w2.
Op;, = ;’ foralli e {1,...,|n|}
end for

return the weight vector w
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D.5 Fisher Discriminants

In this section we present the Fisher discriminant algorithm both in primal and

dual variables (Algorithms 8 and 9). As mentioned earlier, when computing w =
o= 4 ~ ., - S A ~ .
) ([L+1 — ;L,l) it is advantageous to solve Xw = ([L+1 — ;L,l) for w instead.

Many software packages would provide numerically stable algorithms such as
Gauss-Jordan decomposition for solving systems of linear equations. Note that we
have included the estimated class probabilities Py (y) in the construction of the
offset b.

Algorithm 8 Fisher discriminant algorithm (in primal variables).

Require: A feature mapping ¢ : X' — K C £)
Require: A training sample z = ((x1, ¥1), ..., (Xm, Ym))
Determine the numbers m 1 and m_; of samples of class +1 and —1

Bot == X S0l = 5= Y e ()

m
. ez

A m . . A A
== <Z¢(xi) (@ (i) —mifi ity _mlﬂ—lﬂ/1>
i=1

&1 /A A

w=2Xx (IL+1 - ﬂfl)

N oala N oala
b=1% (u’_lz iy — Q2 u+1) +1In (Z—fi)
return the weight vector w € R” and the offset b € R

Algorithm 9 Fisher discriminant algorithm (in dual variables).

Require: A training sample z = ((x1, ¥1), ..., (Xm, Ym))

Require: A kernel function k : X x X — R and a regularization parameter A € R™
Determine the numbers m 1 and m_; of samples of class +1 and —1
G = (k (vi,x))", € BV

k‘H = #HG (|y1=+1’ teto Ian:‘H)/; k_l = tG (IYI:—l’ ceto Ian:_l)/
S=1(GG —my1kp ik | —m_1k_ k") + AL,

o =8"(ki1 —k-1)
b=14 (K S kot — K, S 7Tky) + In (22
return the vector a of expansion coefficients and the offset b € R
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D.6 Bayes Point Machines

This section contains the pseudocode of the kernel billiard for computing the
Bayes point (Algorithm 10). In the course of the algorithm’s implementation we
sometimes need normalized vectors 8, of the vector 8 of expansion coefficients
found by,

1
oL X BiBik (xi, Xj)ﬂ

Algorithm 10 Kernel billiard algorithm (in dual variables).

ﬂ norm —

(D.2)

Require: A tolerance criterion TOL € [0, 1] and Ty € RT
Require: A training sample z = ((x1, y1), -+, (Xm, Ym)) € (X x {—=1,+1}H™
Require: A kernel functionk : X x X - R
Ensure: foralli € {1,...,m},y; 3.1 vk (xi,xj) >0
o = 0; B = random; normalize B using (D.2)
E =&nax = 0; pmin =1

while 0> (pmin, E/ (E + &max)) > TOL do

repeat
fori =1,...,mdo
di = y; 271:1 vik (x.,-, xi); Vi =i 271:1 Bk (Xj, x,-); T = —di /v
end for

¢ =argmin,., o T
if 7 > Thax then
B = random, but y, 27:1 Bk (xq,-, xc) > 0; normalize B using (D.2)
else
c=c
end if
until 7/ < Tyax
Yy = y + t.8; normalize y using (D.2); Bc = Be — 2veye/k (xe, X¢)
¢ =y + y; normalize ¢ using (D.2)
§= \/Z:n:l Y i =) (vi = 7i) k(i xg)
P =20 T Gk (xi, x;)
a=p] (P, Ei%)ot+p2(p, %);
Pmin = Min (P, Pmin); max = Max (§,&max); E=E+ &y =
end while
return the vector « of expansion coefficients




List of Symbols

Whenever possible, the third column gives a pointer to the page of first occurrence

or definition.

Symbol meaning page
(-, *) inner product 217
-1l £ ,—norm 216
|A| determinant of the matrix A 225
Ajij matrix obtained from A by deletion of the ith 225

row and jth column
® Kronecker product 236
& the Lh.s. is defined by the r.h.s
0 vector of zeros 215
1 vector of ones 215
A logical “and”
\Y logical “or”
- logical “not”

A
A learning algorithm 24
AErM empirical risk minimization algorithm 26
Aq structural risk minimization algorithm 29
A, bound minimization learning algorithm 136
A on-line learning algorithm 182
acR" linear expansion coefficients of the weight 32

vector w
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B
B, Borel sets over R” 200
B, (x) open ball of radius t around x 217
B, (x) closed ball of radius t around x 217
Bayes, Bayes classification strategy 80
Bayesp generalized Bayes classification 168
strategy
C
C e R2*2 cost matrix 22
Cov (X,Y) covariance between X and Y 203
Cov(X,Y) covariance matrix for X and Y 203
C(2) compression function 176
X model parameter(s) 65
D
5 € (0,1] confidence level
D model space 79
E
Ex [X] expectation of X 201
ceR deviation or generalization error bound 122
e; ith unit vector 223
£ () estimator for a probability measure Pz given 117
the sample z € Z"
e(d) dyadic entropy number 143
€4 (d) entropy number of A 222
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List of Symbols

F
¢; - X - R feature on X 19
¢: X — K  feature mapping 19
FCRY real-valued function space 21
fw: X — R real-valued function 20
f;: X = R real-valued function learned from z € Z" 186
f*: X - R optimal real-valued function 21
f : X - R real-valued function in a cover F, (x) 141
F,(x) CF  coverof F given the sample x 141
Fx distribution function 201
fy Fisher score at 6 45
fx density of the random variable X 201
fatr (y) fat shattering dimension at scale y 147
©a(d) inner entropy number 222

G
G e R™™ Gram matrix 33
Vi (W) geometrical margin of w at z; 50
Ve (W) geometrical margin of w on the training set z 50
Vi (W) functional margin of w at z; 50
V. (W) functional margin of w on the training set z 50
Gibbs, Gibbs classification strategy 81
Gibbsy generalized Gibbs classification strategy 166

H
HCYPY hypothesis space 19, 21
h:X — Y  hypothesis 19
hy : X— Y  binary hypothesis 20
hg : X - )Y induced classifier for a given probability 116

model Pzq-¢

h*: X — Y optimal hypothesis 118
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I
| indicator function 200
1 Fisher information matrix 45
i index vector 38, 41
Iy set of index vectors for v in u 41
Lym set of index vectors 176
K
Kce feature (kernel) space 19
k (x, X) kernel value between x, X € X 32
K e R"™™ kernel matrix 33
L
¢ C R space of square summable sequences of 218
length n
Lr (z, h) level of & given z 136
L, space of square integrable functions 218
(Xi)jen sequence of eigenvalues 35
1(3.y) loss between y and y 21
lo_1 (ﬁ, y) zero-one loss between y and y 22
I (}7, y) cost matrix loss between y and y 23
Imargin (1) margin loss of ¢ 52
Lin (f , y) linear soft margin loss between 7 and y 54
lquad (f , y) quadratic soft margin loss between 54
. fand y .
le (2, e—insensitive loss between ¢ and ¢ 59
Iy Ef , t; squared loss 82
L(6) likelihood of the parameter @ 75
L (z,h) luckiness of & given z 136
In(+) natural logarithm
Id (-) logarithm to base 2
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M
m training sample size 18
MC Mercer space 35
M () packing number at scale ¢ 220
My (z) mistake bound for A 183
N
N natural numbers
n dimension of feature space 19
N dimension of input space 38
Nf‘ (&) covering number at scale & 220
Ny (2) empirical covering number at z for binary- 285
valued functions
Ny (m) worst case covering number for binary-valued 286
functions
NZ (v, x) empirical covering number of F at scale y 141
NZ (v, m) (worst case) covering number of F at scale y 141
v fraction of margin errors 60
(0)
O order of a term
P
Py probability measure on X’ 200
P family of probability measures 214
s swapping permutation 284
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Q
Q rational numbers
6cO parameter vector 214
Q parameter space 214
Q the random variable of #; in Remark 5.7 a 116, 170
measure such as P
] 2 estimator for the parameter of the probability 117
measure Pz estimated using &
R
R real numbers
RI[f] expected risk of f € F 22
R [h] expected risk of h € H 22
Rg [1] expected risk of ' €  under Pzq¢ 116
R[A, z] generalization error of A given z € Z" 25
R [A, m] generalization error of A for training sample 61
size m
Remp [/, 2] empirical risk of f € F given z € Z" 25
R [ f, 7] regularized risk of f € F given z € Z™ 29
R (z,1) reconstruction function 176
P metric 216
S
sign sign function, i.e., sign (x) =2l — 1
)y alphabet 41
X covariance matrix 38
S radius of sphere enclosing training data 51
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List of Symbols

T
tr (A) trace of the matrix A 227
teR" sample of real-valued outputs 82

U
uex string 41
ety vector in input space 38
U (y, x, h) update algorithm 182

\%
V, empirical probability measure 18, 203
V(z) W  version space 26
Vi (z) CH  version space in H 26
Var (X) variance of X 202
ve X string 41
v et vector in input space 38
Dy VC dimension of H 128
Y9y (2) empirical VC dimension of H 140

W
WckKk unit hyper-sphere in R” 21
W (z) canonical hyperplanes 52
wek weight vector 20
Wi (X) hemispheres in VV induced by x 24
Wi () decision boundary induced by x 24
W, equivalence classes of weight vectors 24
W (o) Wolfe dual 53
Qf] regularization functional of f € F 29



List of Symbols

X
X input space 17
xe k" sample of training objects 18
xedk input point
Xi €Xx ith training point 18
XxelX input vector if X' € £5 30
(X); ith component of X 30
X =¢ (x) mapped input point x 19
X e R data matrix of mapped input points 19
X1 (W) decision regions induced by w 24
Xo(w) € £  decision boundary in feature space 24
X 0o(wW) e X decision boundary in input space 24
X o—algebra over X 200
& vector of margin slack variables 54
Y
y output space (often {—1, +1}) 17
yey” sample of training outputs 18
ye)y output class
yi €Yy class of ith training point 18
Y X - R Mercer feature on X 34
¥ : X — K  Mercer feature mapping 35
Z
Z =X x)Y (labeled) data space 18
zezZ" (labeled) training sample 18
zy € Zm! training sample with the ith element deleted 186
Zies, € Z™ training sample with the ith element replaced 186
byzeZ
Zlij] subsequence (z,», el zq,-) of z 281
y4 random training sample
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reinforcement learning, 2, 7
supervised learning, 2, 3, 12
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learning algorithm, 9, 24, 176
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learning theory, 11, 13
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logistic regression, 5
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loss
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clipped linear soft margin loss, 191
cost matrix loss, 23
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loss function, 21
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luckiness framework, 135, 160, 175, 181, 193, 281,
289
luckiness generalization error bound, 135

machine learning, 1, 2
Mabhalanobis kernel, 37, 86
MAP, 80, 107, 164, 165
margin, 49, 54, 64, 140, 141, 160, 173, 176, 303
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measurable space, 200
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Minkowski’s inequality, 217
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natural statistics, 207
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non-singular matrix, 224
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normal distribution, 208
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posterior measure, 74, 110, 112, 164, 165
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predictive model, 103
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probabilistic method, 297
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probability measure, 200

probability space, 200

probability theory, 11
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quadratic programming problem, 323
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RBF kernel, 37, 53, 66, 174, 192
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reproducing property, 48
ridge problem, 43
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guaranteed risk, 29

regularized risk, 29, 48

structural risk, 53
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shatter coefficient, 128
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string kernel, 41, 69, 254
structural risk, 53
structural risk minimization, 29, 68, 132, 133, 160,
164, 169, 174
structure, 132
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support vector regression, 59, 190
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symmetrization by a ghost sample, 124, 181
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thermodynamic limit, 111

trace of a matrix, 227
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truncation operator, 148
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uniform distribution, 207
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