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“There are worlds out there where the sky is burning, and the sea’s asleep, and the rivers dream;
people made of smoke and cities made of song. Somewhere there’s danger, somewhere there’s

injustice, and somewhere else the tea’s getting cold. Come on, Ace. We’ve got work to do.”

The Seventh Doctor, Doctor Who
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The search to find answers to the deepest questions we have about the Universe has fueled the
collection of data for ever larger volumes of our cosmos. The field of supernova cosmology, for
example, is seeing continuous development with upcoming surveys set to produce a vast amount of
data that will require new statistical inference and machine learning techniques for processing and
analysis. Distinguishing between real objects and artefacts is one of the first steps in any transient
science pipeline and, currently, is still carried out by humans - often leading to hand scanners
having to sort hundreds or thousands of images per night. This is a time-consuming activity
introducing human biases that are extremely hard to characterise. To succeed in the objectives
of future transient surveys, the successful substitution of human hand scanners with machine
learning techniques for the purpose of this artefact-transient classification therefore represents a
vital frontier. In this thesis we test various machine learning algorithms and show that many of
them can match the human hand scanner performance in classifying transient difference g, r and
i-band imaging data from the SDSS-II SN Survey into real objects and artefacts. Using principal
component analysis and linear discriminant analysis, we construct a grand total of 56 feature sets
with which to train, optimise and test a Minimum Error Classifier (MEC), a naive Bayes classifier, a
k-Nearest Neighbours (kNN) algorithm, a Support Vector Machine (SVM) and the SkyNet artificial
neural network. We find that kNN is the best-performing classifier with an accuracy of 89%
and a recall of 90%. Three of our classifiers (kNN, SkyNet and MEC) match the human recall
performance of ~ 96% on the fake SNe injected into the SDSS pipeline, accomplishing our goal. We
also show that none of our best-performing classifiers are highly correlated in their classifications,
an indication that an ensemble classifier might yield improved results. Extending this research by
further making use of multiple epoch data, object histories and host galaxy information can lead

to further improvements.
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Chapter 1

The History of Machine Learning

For seeing life is but a motion of limbs, the beginning whereof is in some principle part
within, why may we not say that all automata (engines that move themselves by springs
and wheels as doth a watch) have an artifical life? For what is the heart, but a spring; and
the nerves, but so many strings; and the joints, but so many wheels, giving motion to the

whole body...
— Thomas Hobbes, The Leviathan

1.1 Introduction

The field of machine learning concerns itself with the construction of computer programs that au-
tomatically improve their performance with experience. It draws on many ideas and concepts from
many fields, including philosophy, biology, mathematics, statistics, control theory, computational
complexity and logic, among others. It plays an increasingly important role in our modern soci-
ety and finds applications in diverse areas such as computer vision, natural language processing,
search engines, medical diagnosis, stock market analysis, pattern and speech recognition, robot

locomotion and information retrieval.

It is impossible to have a clear idea of what machine learning is and where it comes from without
looking at its slightly older and wiser uncle, Artificial Intelligence (AI), from which it grew. Al-
though Al lacks a clear-cut and agreed-upon definition, it can broadly be seen as the field devoted
to the study and design of intelligent agents, where intelligence can be taken as that attribute an
entity requires in order for it to function properly and with foresight in its environment. According
to this definition, intelligence lends itself to many things: human beings, animals, and certain
machines. They all have varying degrees of intelligence, and cover different ranges of whom many

are overlapping and have unclear boundaries. Because of a lack of sharp discontinuities between
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these ranges, it is better to have a broad view of what intelligence is and what AI, therefore,

constitutes. [2]

This chapter will present a short history of Al and machine learning in order to orientate the
reader, and to give some insight as to the origins and importance of these two intertwined, and
often indistinguishable, fields. It will outline humanity’s Al dreams and achievements, look at the
ideas and factors that influenced the field’s evolution over the years, and discuss machine learning
and its place in the broader Al spectrum from which it branches. It should be noted that the
primary source of information for this section was the book by Russell and Norvig [3], and that
where not indicated otherwise, it should be assumed that information given was obtained from this

source.

1.2 Al and Machine Learning: A Modern History

As mentioned above, Al and machine learning can in many cases be seen as two quite indistin-
guishable fields, sharing many methods and ideas - especially during their early years. We therefore
detail the development of both these fields, as it is impossible to cover one field without involving
the other. We will often use the terms “AI” and “machine learning” interchangeably, and will
cover the period of development from 1943 up to the present. It should be noted, of course, that
this history is by no means exhaustive, and that some facts, ideas and people of importance had

to be omitted for the sake of brevity.

1.2.1 The Gestation Period (1943-1955)

The first work now generally recognised as modern Al and machine learning was done by Warren
McCulloch and Walter Pitts in 1943 [4]. They put forth a network of artificial neurons, where
each neuron is either “on” or “off”, a switch to “on” taking place when a neuron is stimulated by
sufficiently many neighbouring neurons. They showed that any given function could be calculated
by some neuron network and that all logical operators could be expressed with simple networks.
More than that, they suggested that networks can be made to learn - and indeed, in 1949 Donald
Hebb developed Hebbian Learning [5], showing that by using an updating rule to modify the
strengths of the connections between neurons, learning was indeed possible. These discoveries put
a start to the field of Artificial Neural Networks (ANNs), a family of statistical machine learning
algorithms widely used today (ANNs are discussed in section 2.2.4). Soon after, in 1951, Marvin
Minsky and Dean Edmonds developed the first ever neural network computer, called the SNARC
(Stochastic Neural Analogue Reinforcement Computer). It consisted of 40 neurons, employed

Hebbian Learning, and was able to learn some simple concepts [6, 7].
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Amongst other early work considered to be Al, Alan Turing’s vision was of particular importance.
In a paper he wrote in 1950 [8], he introduced the famous Turing Test! and the concept of machine

learning.

1.2.2 The Dawn of Artificial Intelligence (1956)

In 1956, John McCarthy, Marvin Minsky, Nathaniel Rochester and Claude Shannon organised a
workshop at Dartmouth College for researchers interested in neural nets, automata theory? and the
study of intelligence - the workshop’s proposal [9] includes the first official use of the term artificial
intelligence. The 10 attendees included Arthur Samuel (IBM?), Trenchard More (Princeton) and
Oliver Selfridge and Ray Solomonoff (MIT*). Herbert Simon and Allen Newell, two attendees from
Carnegie Tech®, already had a reasoning program named the Logic Theorist (LT) [10] which, soon
after the workshop, was able to prove most theorems in Chapter 2 of Principia Mathematica [11]

- LT even found a shorter proof for one of the theorems.

The Dartmouth workshop itself did not lead to any breakthroughs, but it introduced all the major
figures in the field to one another. The attendees, their colleagues and their students at MIT, IBM,
CMU and Stanford University would dominate the field for the coming 20 years. The workshop
also established Al as a separate field, with goals distinct from fields like control theory, operations
research, decision theory and mathematics in that it strives to address issues like the duplication of
human faculties (e.g. self-improvement, creativity, and language use) and in the process attempts

to create machines that function autonomously.

1.2.3 Early Days and Expectations (1952-1969)

Simon and Newell followed up their earlier successes by developing the General Problem Solver
(GPS) [12] which, unlike LT, was programmed from the start to emulate protocols of human
problem-solving. GPS and the cognition model programs that followed led to their formulation
of the physical symbol system hypothesis [13, 14], stating that a system, whether it be human
or machine, displaying intelligence must function through the manipulation of data structures

consisting of symbols.

'Highly influential and widely criticised, the Turing test examines a machine’s ability to display intelligent be-
haviour indistinguishable from a human’s. In the original setting, a human judge has conversations with a machine
and a human, with all participants separated from each other. If the judge can’t distinguish between the human
and the machine, the machine has passed the Turing test. The Russian chatter bot Eugene Goostman, developed
by Vladimir Veselov et al., came closest yet to passing the Turing test in 2014 by fooling 33 % of the judges at the
“Turing2014: Can Machines Think?” event (visit http://www.robolaw.eu/news.htm#turing2014).

2The study of self-operating machines and the computational problems they can solve.

3International Business Machines Corporation.

4Massachusetts Institute of Technology.

®Now Carnegie Mellon University (CMU).
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At IBM development also went forwards, with some of the earliest Al programs having been created
by Nathaniel Rochester and his colleagues. Herbert Gelernter developed the Geometry Theorem
Solver in 1959 [15], a program that was capable of proving theorems that many students of math-
ematics would find challenging, and in 1952 Arthur Samuel (using decision-theoretic techniques)
wrote checkers programs [16, 17] that quickly learned how to play a better game than he could
himself, disproving the idea that computers could only do what they were told to. Samuel’s efforts
were among the first in what would later become the field of machine learning. In 1958 John
McCarthy, now at MIT, developed the Lisp programming language and invented, together with
others at MIT, time sharing®. In the same year he also described a hypothetical program called
the Advice Taker [18], seen by some as the first complete AI system. It used knowledge to find
solutions to problems, but unlike LT and the Geometry Theorem Solver it made use of general
world knowledge - it was designed to accept new axioms during the course of its operations, allow-
ing it to become competent in new areas. The program therefore made use of the key principles
of reasoning and knowledge representation: a formal representation of the world together with the

ability to manipulate it.

In the 1960’s Minsky, now also at MIT, supervised students who studied problems that seemed
to require intelligence in order to be solved. These problems were called microworlds, the most
famous one having been the “blocks world”, comprising of a set of blocks on a table-top operated
by a robot hand. It was home to David Huffman’s vision project [19] and Terry Winograd’s
natural-language-understanding program, SHRDLU [20], among others.

Meanwhile, work that built on McCulloch and Pitts’s neural networks also flourished - Winograd
and Cowan [21] showed that an individual concept could be represented by a large number of
collective elements and Hebb’s learning methods were improved by Bernie Widrow [22, 23] and
by Frank Rosenblatt [24], who introduced perceptrons’. The perceptron convergence theorem
[25], published by Block et al. in 1962, states that a learning method can modify a perceptron’s

connection strengths to match any input data, if such a match exists.

1.2.4 Reality Strikes (1966-1973)

The promising performance of early Al solutions to elementary problems led to a general overcon-
fidence in the community of what was achievable at the time. In most cases these early Al systems

failed when applied to more diverse or more complex problems. This was due to a few difficulties.

STime sharing is the process by which multiple users having different programs can interact with the central
processing unit (CPU) of a computer nearly simultaneously. It represents a very important technological shift in
computing history.

7 An algorithm for transforming an input into one of several possible non-binary outputs. Perceptrons are discussed
in section 2.2.4.1.
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The first was that, because most early language-processing Al programs didn’t know anything
about their subject matter, they worked by using simple syntactic manipulations. An example
is early machine translation efforts, where it was initially thought that word replacements and
basic syntactical transformations based on the different languages’ grammar would be sufficient to
preserve exact sentence meanings. The truth is that background knowledge is required for accurate
translation, so that language phenomena like ambiguity doesn’t stand in the way of determining a
sentence’s content. Although it has found widespread use, machine translation remains imperfect

until this day.

The second difficulty arose from the intractable nature of most problems Al was trying to solve.
Many early Al algorithms solved problems by attempting steps in different combinations until they
arrived at the solution - this worked due to the fact that many problems was of a simple nature
requiring short solution sequences. Before the advent of the field of computational complexity, it
was assumed that larger problems would simply require larger memories and faster hardware. It
was soon realised to be a misconception, an example being the dampened optimism accompanying
the development of resolution theorem proving when programs couldn’t prove theorems containing
more than a dozen or so facts. This assumption was not limited to problem-solving programs
- early development in genetic algorithms [26, 27] were grounded on the correct idea that by
making a series of mutations to a program, one could evolve it to have a good performance on
any specific task. This was carried out by trying random mutations and keeping the useful ones.
During early development almost no progress was made, despite thousands of CPU hours - modern
genetic algorithms, however, have shown more success by using better representations and plays

an important role in modern approaches to machine learning.

Lastly, problems arose because of the fact that basic Al structures that was being used for the
generation of intelligence had some fundamental limitations. An example of this is the book “Per-
ceptrons” by Minsky and Papert in 1969 [28], in which they proved that although perceptrons have
the ability to learn anything they could represent, they could represent very little, causing research
funding for neural networks to become almost non-existent. The backpropagation algorithms® for
multilayer networks that resulted in a resurgence of neural network research in the 1980s was,

ironically, discovered in 1969 by Bryson and Ho [29].

1.2.5 Knowledge-Based Systems (1969-1979) and the AI Industry (1980-present)

The first decade of Al research was dominated by approaches using general-purpose search methods
stringing together simple reasoning steps in order to arrive at complete solutions. These algorithms
have been called weak methods due to their inability to scale up to larger or more complicated

problems. Alternatively, methods using powerful, domain-specific knowledge can be used - this

8 An abbreviation of “backward propagation of errors”, this is a common method used for the training of ANNs.
See section B.2 for more details.
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allows larger reasoning steps to be taken and results in better performance on typically occurring

problems in narrower areas of expertise.

The DENDRAL program, developed by Buchanan et al. in 1969 [30], is an example of such an
expert system. DENDRAL was used to help tackle the problem of inferring molecular structure
using spectrometer information. Its significance lies in the fact that it was the first successful
knowledge-intensive program - it made use of many special-purpose rules to perform well on the

problem.

Shortly after, Feigenbaum and his colleagues at Stanford started the Heuristic Programming
Project (HPP) in order to determine to what extent expert systems could be used for other domains
of human expertise. In the area of medical diagnosis, Feigenbaum, Shortliffe and Buchanan created
the MYCIN [31, 32|, a program running on 450 rules that could diagnose blood infections with
a performance equivalent to that of some human experts in the field. Expert systems also made
an appearance in the field of natural language processing. Terry Winograd’s program SHRDLU
(mentioned earlier as part of the blocks microworld) overcame ambiguity and understood pronoun
preferences, although this was mainly the result of it being developed for one very specific area
- the blocks world. Its dependence on syntactical analysis caused some of the same problems as
mentioned before. Others suggested that a robust understanding of language would require gen-
eral world knowledge, and corresponding methods for the usage of such knowledge. One of these
researchers was Robert Schank who, with his students, built programs [33-36] all with the task of
understanding natural language - with the emphasis more on representing and reasoning with the

knowledge necessary for comprehending natural language than on language itself.

Due to the commercialisation of expert systems, the Al industry grew from a worth of millions of
dollars in 1980 to a worth of billions in 1988. Soon after, though, companies became unprofitable
as they couldn’t deliver on their extravagant promises. People lost faith in Al and the following
years saw a corresponding drop in funding for Al research and projects - a time now referred to as
the “Al winter”. This draught was, in part, also due to the nature of Al - being founded, in part,
as a field in rebellion against the limitations of existing fields like statistics and control theory, it

has not yet reached a point of integration with these helpful approaches.

1.2.6 The Rise of Machine Learning (1980-present)

Up to this point I have (mostly) used the term “AI” as an overarching name for Al and all of its
constituents - seeing as Al was still a forming field and boundaries between it and other fields not
clear at all times, this was acceptable. We have now, however, reached a point in history where

the distinguishing line between machine learning and its parent field AI becomes more apparent.
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In 1980, the first machine learning workshop held at CMU identified a group of researchers with
a shared interest in computational approaches to learning - at the time, the parent field of Al
was showing little interest in learning-related issues, choosing instead to concentrate on logical,
knowledge-based approaches such as those required for the design of expert systems. The use of
statistics in AI fell out of favour, and though work on the symbolic/knowledge-based approach
to learning did continue, its statistical line of research was now outside the domain of Al, in
pattern recognition and information retrieval. Machine learning changed its former goal of achieving
artificial intelligence to that of solving problems of a more practical nature. It shifted its focus
away from the symbolic approaches it inherited from Al, and drifted towards methods borrowed
from statistics, pattern recognition and probability theory. [37] It should be noted that recent
advances in Al, however, have seen it re-establishing common ground with other disciplines such
that the field is now commonly referred to as “Modern AI” - machine learning and Al are once

again very integrated.

During the mid-1980s, the backpropagation algorithm originally discovered by Bryson and Ho
in 1969 [29] was reinvented by four different research groups. It was used for many problems
in computer science, and the collection of the results, entitled “Parallel Distributed Processing”,
by Rumelhart and McClelland in 1986 [38] caused great enthusiasm and set the stage for neural

network research to flourish once more - today ANNs are valuable machine learning techniques.

Machine learning, by now a well-defined research field, began to flourish in the 1990s. Whereas
before 1980 it was mainly represented by neural network methods, it quickly broadened its arsenal
to include (to name but a few) memory-based learning (e.g. the k-nearest neighbours method -
section 2.2.2), case-based reasoning”, decision tree learning!'®, support vector machines (section
2.2.3), unsupervised and reinforcement learning methods (section 2.1.2) and deep learning tech-
niques'! [2]. The success of machine learning has also been helped along by the advent of large
data sets in the mid 1990’s to early 2000s. The more data available for training, the more likely
it becomes that learning algorithms will be able to learn successfully from it. This also led to the
relaxed optimisation of the learning rate of algorithms - where before algorithms had to use small
datasets and therefore had to have high learning rates to be successful, they now have the luxury
of vast datasets that relaxes the emphasis on efficient learning. The more data, the better - an

aspect that made machine learning techniques ideal for data mining!? applications [37].

9Broadly speaking, the process by which the solutions to past problems are used to find solutions to similar new
ones.

10T earning that uses a decision tree as a predictive model to map observations representing a data instance to
conclusions about the item’s nature.

1 Algorithms modelling high-level data abstractions using models consisting of numerous nonlinear functions.

12The computational process by which patterns in large data sets are discovered, usually using methods from A,
statistics and machine learning.
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Today, machine learning applications are widely used all around us. Learning techniques classify
over a billion messages as junk e-mail every day [39, 40] and self-driving vehicles are making head-
lines: a robotic vehicle named Stanley (developed by Stanford researchers) succeeded in winning
the 2005 DARPA Grand Challenge!® [41], the autonomous vehicle called Boss (developed by CMU)
won the DARPA Urban Challenge!* the next year [42] and the “Google Self-Driving Car” project
continues to improve on the design of cars that can function autonomously in city environments'®.
In game-playing, IBM’s chess program named “Deep Blue” became the first computer program
to beat a world champion (Garry Kasparov) in 1997 [43], and applications of machine learning
algorithms in the areas of language translation, speech recognition, medical diagnosis, robot loco-
motion, data analysis, stock market analysis and software engineering abounds. This is of course
not an exhaustive list - machine learning is practically everywhere around us, and the coming years

will see the continued growth of the field.

1.3 Machine Learning Applications in Astronomy

Applications of machine learning in astronomy is of particular interest to this thesis, and so this
section discusses the usage of these algorithms in different areas and for different problems in
the field as a whole. This is by no means a complete overview of such work, and serves merely
to give the reader an idea of the applicability of machine learning algorithms in the field. This
section mentions various machine learning algorithms - the reader should note that neural networks
(section 2.2.4), principal component analysis (section 2.3.1), k-nearest neighbours (section 2.2.2)
and support vector machines (section 2.2.3) will be covered later in the thesis, as indicated. The

work of Ball & Brunner [44] was used as a source of information for this section.

1.3.1 Classification of Objects

A well-studied application of machine learning in astronomy is that of star-galaxy separation - the
large number of stars (appearing as point sources) and galaxies (appearing as extended sources) in
photometric catalogues make this a problem requiring automation. Several algorithms, including
neural networks [45-51] and decision trees [52, 53], have been used to tackle this problem, with
most of these algorithms achieving a precision score of more than 95%'6, typically done using

algorithm inputs of morphological parameters derived from the survey photometry.

A second problem that machine learning is often applied to is that of distinguishing between differ-

ent galaxy morphologies. Galaxies come in many shapes and sizes, and knowledge of a particular

Bhttp://www.darpa.mil/About/History/Archives.aspx

“http://archive.darpa.mil/grandchallenge/

5Google: http://www.google.com/about/company/ Google research: http://research.google.com/

16The fraction of relevant retrieved instances. See section 5.2 for a full description of the precision performance
metric.



Chapter 1. The History of Machine Learning 9

galaxy’s morphology can give information as to its formation and evolution. Using machine learn-
ing algorithms, one can assign galaxy morphologies to images when measured parameters (such
as morphological parameters or colour information) are available - using neural networks on low
redshift'” data, Lahav and his collaborators wrote a series of papers [54-59] carrying out the above,
and found that it is possible to obtain a classification accuracy similar to that of human experts.
Other studies have applied neural networks to higher redshift data [60], and morphological types
have also been assigned to galaxies by neural networks using galaxy spectra as input [61]. Galaxy
morphology at higher redshift is also studied by using data from the Hubble Deep Field'® where
galaxies are fainter, more distant, morphologically more peculiar and less evolved - three papers
[62-64] use surface brightness and light profiles of galaxies as inputs to neural networks in order
to classify them. Other classifications of galaxies have also been tackled with machine learning
- numerous papers [65-68] applied principal component analysis directly in order to obtain the

spectral classifications of galaxies.

Most of the electromagnetic radiation in the Universe is emitted by either stars or by the accretion
disks around supermassive black holes in Active Galactic Nuclei'® (AGN). In the case of quasars?’
for the latter, the central region of the galaxy can outshine the entire galaxy it resides in. Due to
the fact that supermassive black holes are thought to be pervasive in larger galaxies, and because
their intrinsic brightness can be influenced by the host galaxy’s environment, AGN and quasars
are important tools for understanding the evolution and formation of structure in the Universe.
The identification of AGN and quasars in astronomical surveys is therefore an important and well-
studied problem. Several people have used neural networks [69-71] and decision trees [72-74] for
the selection of quasars from surveys, where many of the above studies combine multi-wavelength

data. In a similar fashion, the selection and classification of AGN can be done - a paper by Zhao

et al. [75] details the spectral classification of AGN using a k-nearest neighbours method.

1.3.2 Photometric Redshifts

Redshift estimation using photometric data is an area of study that has become more and more
popular during the last few years. This reason for this is that, even though photometric redshifts
are less accurate than the ones obtained with the use of spectra, the vast number of objects for
which photometric measurements are available make up for the loss in individual accuracy through

statistical noise suppression in ensemble calculations.

17See Eq. 3.10 for the definition of redshift.

18 An image of a small region in the Ursa Major constellation, constructed from 342 exposures taken by the Hubble
Space Telescope.

These are galaxies with very bright and energetic central regions, caused by either the presence of a black hole
or by star formation at their cores.

20Quasars (quasi-stellar radio sources) are the most distant and energetic AGNs found. The are extremely luminous,
and emit electromagnetic energy giving them an appearance more star-like than galaxy-like - from there the term
“quasi-stellar”.
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For normal galaxies at low redshift, the calculation of photometric redshifts is simple due to
the typical galaxy spectrum break at 4000 A- resulting in a relatively smooth colour change as
a galaxy is redshifted with increasing distance. Studies using neural networks [76-80], support
vector machines [81, 82|, decision trees [83] and k-nearest neighbours [84] have been used for the

determination of photometric redshifts for such galaxies.

The determination of photometric redshifts for AGN or quasars is more complicated, seeing as
their spectra are dominated by bright and narrow emission lines which dominate the colour in
broad photometric passbands. Machine learning applications to tackle the problem of photometric
redshift determination for these objects include the use of k-nearest neighbours, neural networks

and decision trees [85].

1.3.3 Other Applications

There are many other applications of machine learning in astronomy. Examples include that of
Ramirez, Fuentes & Gulati [86], where physical parameters of stellar atmospheres are predicted
using spectral indices. Here, a genetic algorithm is used for the selection of appropriate input
features, after which the parameters are predicted using a k-nearest neighbours algorithm. More
examples are the work of Mokiem et al. [87], where a fitting method based on a genetic algorithm is
used to spectrally analyse early-type stars, and the work of Giridhar et al. [90], where metal-poor
stars are identified with the help of a neural network. Other interesting examples include SkyNet,
a generic neural network training algorithm developed by Graff et al. [88] and Source Extractor

(SExtractor) [89], used for object detection.

Machine learning applied to time domain data is also an area in which a lot of work has been
done. In this area, machine learning has been applied to quasar variability, gamma ray bursts,
supernovae, novae, extrasolar planets, stellar proper motions, solar system planetary atmospheres,
detection and classification of asteroids, transient lunar phenomena, and the interaction of the

solar wind and the Earth’s atmosphere. An overview of this can be found here [91].



Chapter 2

An Introduction to Machine Learning

— http://xkcd.com/632/

2.1 Introduction

Machine learning is concerned with creating computer algorithms that can automatically discover
regularities in data and, using these regularities, improve their performance on a given task by
learning through experience. This section will introduce some common terms and concepts that
will be encountered throughout this thesis, after which it will proceed to discuss the three broad
categories of machine learning applications. The two following sections in this chapter will discuss
the various machine learning algorithms used later in the thesis (section 2.2) and the feature extrac-
tion techniques employed (section 2.3). It should be noted that, where not mentioned otherwise,

the main sources of information for this chapter were the books by Bishop [92] and Mitchell [93].

2.1.1 Important Concepts

As an example of a typical machine learning problem, consider the handwritten digits shown in Fig.

2.1. Each digit (referred to more generally as a data instance) comprises of a 28 x 28 pixel image,

11
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and can therefore be represented with a 784-element vector x. These elements, characterising the
data instance, are normally referred to as its features. The objective here is to design an algorithm
that takes such a feature vector x as an input and produces as the output a classification as one
of ten possible classes, with each class corresponding to one of the digits 0,...,9. This problem is
difficult because of the large variability found in people’s handwriting. An attempt at a solution
could be made by designing sets of rules or using heuristics in order to distinguish digits from one
another - however, such methods often lead to an infeasible amount of rules and exceptions to

those rules (and so on) resulting in complicated systems with poor performance.

o
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S~

o

5

&

o

FicUrE 2.1: Handwritten digits.
An example of handwritten digits from zip codes in the US, taken from [92].

Much better solutions to this problem is obtained by approaching it from a machine learning
perspective, where a set of T" digits {x1, ..., xr}, referred to as the training set, is used for adjusting
an adaptive model’s parameters. The corresponding category of each digit in the training set,
referred to as the target value t for each digit x, is known beforehand and form part of the input

to the algorithm.

The execution of the algorithm can then be represented by the function y(x), where the digit x
is fed as an input and the algorithm outputs a value y (the identity of the digit) encoded in a
way similar to that of the target values. The function’s form is determined in the training phase
(also called the learning phase) using the training data, whereafter it can be used to determine
the categories of a set of new digits, called a test set. The ability of an algorithm to correctly
classify new instances different from those in the training set is referred to as generalisation, one
of the central goals in machine learning. An important concept to note here is that of overfitting.
Overfitting can occur when an algorithm is subjected to the learning phase for a too-extensive
period of time or when the training set is too small. In cases like this, a learning algorithm often
adjusts to certain arbitrary features in the data having no real relation to the problem’s target
function. During overfitting, an algorithm’s performance on the training set will increase while its

performance on the test set will decrease.
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Usually, the original input features are pre-processed in order to express data instances in a new
variable space where it would be simpler for the machine learning algorithm to solve the problem.
As an example, the images in the above problem have been scaled and translated in order for all
digits to be of the same, fixed size - the variability in each category of digits is therefore reduced,
making it easier for the algorithm to distinguish correctly between different classes. This process
is also sometimes referred to as feature extraction, and must be applied to the test set in the same

way as it is applied to the training set.

Feature extraction is also carried out for the purpose of speeding up computational processes. In
the case of real-time facial recognition, for example, a large number of pixels must be processed
by the computer every second. Instead of feeding all these pixels directly into a complex machine
learning algorithm, which might be computationally infeasible, one can extract features that can
be calculated swiftly and that still preserves the necessary discriminatory information that would
be useful for the algorithm when trying to distinguish between faces. These extracted features,
of a number less than the original number of pixels in an image, are then the algorithm’s new
inputs. This type of feature extraction is an example of dimensionality reduction - each face (or
data instance) is now represented by a few features instead of all its pixels. One must take care to
not discard valuable information during the feature extraction phase, as this will lead to an overall

decrease in performance of the specific algorithm.

Another motivation for characterising instances with smaller rather than larger numbers of features
is the range of phenomena referred to as the curse of dimensionality, a term coined by Richard
Bellman in 1961 [94]. In the field of machine learning, as explained in the book by Hastie et al.
[95], the curse refers to the complexity of learning functions that can grow exponentially with the
input feature space dimension, such that in order to estimate these higher-dimensional functions
with an accuracy similar to that of the functions in lower dimensions, the training set has to grow
exponentially in size as well. Another way of seeing this is to note that some learning algorithms
learning from a finite number of training instances with a higher-dimensional feature space (where
every feature can take on one of many possible values) requires a vast amount of training data in
order to ensure that several instances exist for every combination of possible feature values. If the
size of the training set is fixed, the performance of an algorithm decreases as the dimensionality
of the feature space increases. This is referred to as the Hughes effect [96]. Other examples of the
curse of dimensionality also exist - see section 2.2.2 for a case of the curse that nearest neighbours

learning algorithms are usually concerned with.

2.1.2 Learning Categories

Machine learning applications can be grouped into three broad learning categories. Firstly, prob-

lems where the training set consists of the input feature vectors x of the data instances along with
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their respective target values ¢ (that need to be predicted) are referred to as supervised learning.
Supervised learning problems like the digit example used above, where the goal is to map each
input x to one of a number of discrete values (or categories) are known as classification, whereas
supervised problems in which the input vector is mapped to a real-valued output are known as
regression problems. An example of a regression problem would be the prediction of property prices
in a given city where the size of the property and the distance from the centre of town is given as
inputs to the algorithm. Seeing as this thesis is concerned with the problem of classification (as

will be explained in Chapter 3), it is again briefly addressed in section 2.1.2.1.

Secondly, applications where the training set consists of the feature vectors x without their respec-
tive target values are referred to as unsupervised learning problems. In this category, algorithms
can fall into a further one of three broad groups. Clustering refers to the finding of similar groups of
data instances, for example the finding of tightly-knit communities within vast numbers of people
using online social networks. Density estimation is the process by which the distribution of the
data in the input space is determined, a simple example being the use of a histogram to estimate
a continuous variable’s probability distribution. Visualisation refers to the projection of data from

a higher-dimensional to a two- or three-dimensional space.

Lastly, reinforcement learning [97] refers to problems trying to find suitable actions in given situa-
tions with the goal of maximising a reward over a certain period of time - here, the algorithm does
not take optimal output examples during training, but instead has to discover them through trail
and error. Reinforcement learning is applied to problems such as robot control, self-driving cars

and games such as backgammon, chess and checkers, to name but a few.

2.1.2.1 Supervised Learning: Classification

As already mentioned above, classification problems have as their goal the assignment of a data
instance x to one of M discrete classes C,,, with m = 1,..., M. In most classification problems,
classes are mutually exclusive, making it impossible to assign an input instance to more than one
class. In these cases, we say that the input space is divided into areas called decision regions, the
boundaries of which are referred to as decision surfaces. If the classes in a data set can be perfectly
split apart from one another by using only linear decision surfaces, the data is linearly separable.
Classification problems can be further separated into two categories - in binary classification an
instance is assigned to one of only two possible classes, while multiclass classification involves the

mapping of an instance to one of several possible classes.

For this project, we are concerned with the problem of binary classification, as will be explained in
Chapter 3. Many existing learning algorithms addresses this task. In the next section we discuss
the naive Bayes classifier, the k-nearest neighbours algorithm, the support vector machine and

Artificial Neural Networks, as these were the algorithms selected for the purpose of this project.
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2.2 Machine Learning Algorithms

This section discusses the naive Bayes classifier (section 2.2.1), the k-nearest neighbours algorithm
(section 2.2.2), support vector machines (section 2.2.3) and Artificial Neural Networks (section
2.2.4) for the purpose of machine learning classification. It should be noted that the sections
describing these algorithms supply the standard theoretical background in order to provide a basis
for understanding later chapters more easily. Discussions and explanations of the methods are kept
general, with the specific implementation of each of the algorithms and their deviations from the

standard theoretical models discussed in Chapter 5.

2.2.1 Naive Bayes

Bayesian reasoning is built on the supposition that quantities of interest are controlled by prob-
ability distributions, and that taking observed data into consideration while working with these
probabilities can result in optimal decisions being made. Its importance to machine learning is
based on the fact that it can be used for providing quantitative approaches to weighing the evi-
dence for different hypothesis. It provides the framework for algorithms directly calculating and

manipulating probabilities.

This section will discuss the naive Bayes classifier, a highly practical Bayesian classifier, starting

first with an introduction to Bayes theorem.

2.2.1.1 Bayes Theorem: A Machine Learning Perspective

In machine learning we often want to determine the most suited, or the most probable, hypothesis
(outcome) h from some hypothesis space H = {hy, ha, ..., has}, given observed training data D as

well as any knowledge concerning the prior probabilities of the different hypotheses.

Bayes theorem gives us a way of calculating how probable different hypotheses are. By using the
prior probability of a hypothesis, the observed training data and probabilities of observing certain

data given the hypothesis, we can determine the hypothesis’s probability.

In order to express Bayes theorem mathematically, some notation should be introduced. P(h)
denotes the prior probability of hypothesis h — that is, it is the probability of hypothesis h being
the correct one, before any training data have been observed. In the same way, P(D) denotes the
prior probability of observing the training data, given no information as to which hypothesis is
the correct one, while P(D|h) is the probability that D, the training data, will be observed given
that hypothesis h holds. Our main interest here, however, is in finding the posterior probability of

a certain hypothesis h, denoted by P(h|D), as this is a reflection of our confidence that a specific
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hypothesis holds after seeing the training data D. Bayes theorem gives us a method of calculating
P(h|D) using the prior probabilities P(h) and P(D), as well as P(D|h), and is defined in Eq. 2.1.

P(DJh)P(h)

P(h|D) = D)

(2.1)

In many classification machine learning problems, the learning algorithm considers a set of hy-
potheses (classes) H and tries to find the hypothesis h € H that is most probable to be correct,
given the training data D. Such a most probable hypothesis can be referred to as a “maximum a
posteriori” (MAP) hypothesis, and can be determined by calculating each hypothesis’s posterior
probability with the use of Bayes theorem. Mathematically, hps4p is a MAP hypothesis if

harap = argmax P(h|D)

heH
_ P(DINP() 22)
~ Ve PO)

Here, argmax is short for the “argument of the maximum”, an operator returning the points of the

argument that maximises the given function. For example,
argmax f(z) (2.3)
xX

are those points = that will maximise the function f(z). The operator argmin (“argument of the
minimum”) can be defined analogously. Noting next that the term P(D) in Eq. 2.2 is constant

and not dependent on h, we can drop it and simplify the equation to

hyrap = argmax P(D|h)P(h). (2.4)
heH

Sometimes, for example when we have no prior information about any of the candidate hypotheses
in H, it is appropriate to assume that all of them have an equal a priory probability of being
correct. That is, P(hj) = P(h;) for all hj and h; in H. In such cases Eq. 2.4 can be further
simplified by dropping the term P(h) so that only P(D|h) needs to be considered for finding the
MAP hypothesis. P(DJh) is also referred to as the likelihood of D given h, and the hypothesis
maximising P(D|h) is known as the mazimum likelihood (ML) hypothesis, hasr. Taking all this

into account, Eq. 2.4 can now be re-written as follows:

harr, = argmax P(D|h) (2.5)
heH
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2.2.1.2 The Naive Bayes Classifier

The naive Bayes classifier is a Bayesian learning algorithm that can be applied to learning problems
where each data instance is characterised by a feature vector x, and where y(x), the target function,
can be assigned any one of M discrete target values C,,, where m = 1,..., M (this can be seen as

equivalent to the hypothesis space H mentioned in section 2.2.1.1).

Training instances for each of the possible target values of the target function is provided to train
the classifier, after which a new instance, described by a feature vector x = (x1,x2,...,2x), is

presented. The classifier is then asked to classify the new instance.

Using the Bayesian approach, this classification is done by finding the target value with the highest
probability of being correct, Cprap, given the feature values (x1, xo, ..., xx) describing the instance.

This is expressed mathematically as follows:

Crap = argmax P(Cp|z1,22,...,ZN) (2.6)

m

Using Bayes theorem, defined in Eq. 2.1, and applying the same simplification that was used to
get to Eq. 2.4, we can rewrite Eq. 2.6 as

C i P($1,$2,...,$N|Cm)P(Cm)
MAP = argmax
C. P(x1,x9,...,2N)

(2.7)
= argmax P(z1,22,...,2N|Cpn)P(Cr)

Cm
The two terms in the last line of Eq. 2.7 can now be estimated with the help of the training
data. The P(C,,) terms can easily be estimated merely by determining the frequency of occurrence
of each target value C,, in the training data. It is, however, not feasible to determine the large
number of P(x1, 22, ...,2x|Cy) terms! in this way if we do not have a very large training data set,
as reliable estimates can only be made if every possible instance in the instance space is observed

many times in the training set.

If we now assume conditional independence of the feature values given C,,, the probability of
observing the feature vector (x1,x9,...,xy) given the target value of the instance is merely the

product of the individual features’ probabilities, as follows:

P(x1,29,...,2N|Cm) = [ [ P(xilCm) (2.8)

1The number of possible classes multiplied by the number of possible data instances.
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We can substitute Eq. 2.8 into Eq. 2.7 to obtain the naive Bayes classifier’s approach to classifi-

cation, shown in Eq. 2.9.

CnB = argmax P(C H P(z;|Cp) (2.9)

Here, Cy p is the class output of the learning algorithm. Now, instead of having to calculate a large
number of P(z1,x2,...,2zN|Cp) terms as before, we have to estimate the P(x;|Cp,) terms. Seeing
as the number of these terms is merely the number of classes multiplied by the number of feature

values, we are now left to estimate a much smaller number of terms than before.

In summary, the training phase of the naive Bayes classifier consists of estimating the P(C,,) and
P(x;|Cp,) terms - this is done by counting their respective frequencies in the training data. The
exact way in which this is done varies in practice - to see how we implemented the estimation of
these terms, see section 5.4.2.1. Once the learning algorithm is trained, it can be used for the
classification of new data instances by using the approach in Eq. 2.9, where Cyp is the same as
the MAP classification if the simplifying assumption of conditional independence discussed earlier

is satisfied.

This simplifying assumption is also the one major setback of the naive Bayes classifier. Feature
values (given a class C,;,) are rarely conditionally independent in real-life problems, an issue that

often leads to the reduced performance of the classifier.

2.2.2 k-Nearest Neighbours

The k-nearest neighbours algorithm is an extremely simple machine learning algorithm. A new
unclassified test instance x is classified by carrying out a majority class vote among the k training
instances that are closest to it in feature space. These k training instances are referred to as its k

nearest neighbours. [95]

To intuitively illustrate the working of the algorithm, see Fig. 2.2, a visualisation of the classifica-
tion of a test instance xo by a 5-nearest neighbours (k = 5) algorithm. Here, the training instances
are two-dimensional data points (each instance is represented by N = 2 features) with either a
positive or a negative class-value, denoted by “4” and “-”, respectively. In this case xg will be
classified as “4”, as three of its five nearest neighbours (encircled in the figure) is of the “+” class

[T

while only two of its nearest neighbours are of the class - a majority class vote is therefore in

favour of the positive class.
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- -

FIGURE 2.2: A k-nearest neighbours classification example.
An example classification of a test instance xg by a 5-nearest neighbours (k = 5) algorithm into
either a positive or a negative class, denoted by “+” and “-” respectively. Because the majority
of the five closest training instances (encircled) are positive, xg will be classified as belonging to
the positive class.

In order to determine the k nearest neighbours of a particular test instance, one has to select the
k training instances that are closest in distance to it in feature space (as mentioned above). If the

test instance x has a feature vector

($1,$2,...,5L'N) (2.10)

where x,, is the n’th feature of x, then the Euclidean distance between x and a training instance

x; is denoted as d(x,x;), given as

A(x,%;) = \| > (20 — j0) (2.11)

To mathematically express the intuitive picture in Fig. 2.2, we consider only discrete-valued target
functions (for classification, as mentioned before) denoted by y(x), where y can be assigned any
one of M discrete target values C,,, where m = 1,..., M. The k-nearest neighbours algorithm for

the target function of a new test instance x can then be expressed as

k
y(x) = arg(;jmax Z 0(Cm, tr) (2.12)

r=1
where ¢, is the class value (target value) of the r’th nearest neighbour and d(a,b) = 1 if a = b and
d(a,b) = 0 otherwise. It can therefore be seen that y(x) is simply the most common class value of

x’s k-nearest neighbours.
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Considering Fig. 2.2 one last time, it can be seen that in the case of using a 2-nearest neighbours
algorithm (k = 2), there would be an equal count of “4+” and “-” classes among the neighbours of
xo. There are different ways of solving this problem. One can, for example, increase or decrease k so
that a majority vote will be able to yield one class as the winner. A good way of mostly avoiding
such a problem, however, is to make use of a common extension to the k-nearest neighbours
algorithm: weighting the contribution of each of the k-nearest neighbours with regard to their

distance from the test instance. Introducing such weights, Eq. 2.12 then becomes

k
y(x) = argmax » _ w,6(Cpn, t), (2.13)
Cm r=1

where w, is the weight of the r’th nearest neighbour. One possible example of such a weight can be
seen in Eq. 2.14, where the importance of nearest neighbours will be scaled by the inverse square

of the distance between the particular neighbour x, and the test instance x.
(2.14)

2.2.2.1 Remarks on the Algorithm

One possible disadvantage of the k-nearest neighbours method is concerned with the fact that all the
features of instances are used when calculating the Euclidean distance between data points. If it so
happens that only a small set of the features contain discriminatory information while the remaining
majority of features are irrelevant, the distance between instances end up being more influenced
by the irrelevant features than the useful ones. This problem, arising with the presence of a large
number of irrelevant features, is another case referred to as the curse of dimensionality (see section
2.1.1). Nearest neighbours methods are particularly sensitive to this specific example of the curse.
This can be partially overcome, however, by weighting each feature differently when calculating

distances between instances, or by removing the irrelevant features from the data entirely.

Another issue with the k-nearest neighbours algorithm is that, because the k closest training
instances to a test instance is only determined upon its presentation for classification, a significant
amount of computation might be necessary for each new classification. Many approaches for
efficient memory indexing of the training instances have been developed in order to more easily
identify the relevant nearest neighbours at the cost of using more memory. An example of such an
approach is the kd-tree [98, 99], with training instances being stored as leaves in a tree. Instances
close to each other are then stored on the same branch or node, making it less computationally

intensive to locate the neighbours of a particular instance.
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An important difference between k-nearest neighbours and most other machine learning tech-
niques is the fact that, for each unclassified test instance encountered, k-nearest neighbours creates
a unique approximation to the target function, whereas most other me