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Preface

Genius is one percent inspiration and ninety-nine percent perspiration
Edison

The above statement is one with which the author heartily concurs, although he is at

pains to point out that his own research in no way implies genius!

However, the general sentiment of Edison’s statement is certainly borne out by this

work.

At the core of this research lies a small group of very simple ideas. However, these
ideas, despite their simplicity, have generated a multitude of non-trivial problems, the
solutions to which have required a great deal of thought, practical consideration and

complex software engineering.

It should perhaps be pointed out that simplicity of ideas is not necessarily a bad thing.
On the contrary, since this research is aimed primarily at musicians who have an
interest in technology but who may not have an in-depth knowledge of mathematics,
simplicity of ideas is a positive asset. The author believes that if the reader looks
beyond this, he or she will recognise the ninety-nine percent that has been duly

perspired.

In addition to the hurdles thrown up in developing the system, the author has also had

practical problems to overcome.

For example, the author taught himself to program competently in C++ alongside
developing his own knowledge of music technology and working on the algorithmic
techniques described herein. Thus, the computer code used to test the techniques is

certainly not as neat nor as efficient as it could be.

Also, because the author was implementing these developments on his own, a large
amount of time which could otherwise have been devoted to system development was

used to code and test the algorithmic composition software described in this thesis.
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It is unfortunate that time constraints have dictated that several promising
developmental ideas could not be implemented. However, the author hopes to
continue this research after his research tenure at the University of Glasgow has

ended.

Finally, the author would like to point out this research is extremely practical in nature

and the software described herein is an integral part of it.

This thesis should not be judged in isolation but in conjunction with the music
software provided on the accompanying CD. It is strongly recommended that the
reader spends a little time familiarising his or herself with both versions of CAMUS

so that he or she might better appreciate the problems and solutions detailed in these

pages.

Also, the measure of the success of the project must lie, at least in part, with the
compeositions it has inspired. The CD also contains a number of compositions created
with the help of CAMUS.

In order to aid the reader in forming a judgement and so that like compositions may
be compared, a number of CAMUS-inspired compositions are presented alongside
compositions created using other algorithmic composition systems. It is important that
the reader’s lays aside his or her own musical tastes for the moment in order to
appreciate the compositions on their own merit. We believe that in so doing, he or she
will recognise the merits of the system and will agree that CAMUS can truly be used

to create music.
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Abstract

Mathematics and music have long enjoyed a close working relationship:
mathematicians have frequently taken an interest in the organisational principles used
in music, while musicians often utilise mathematical formalisms and structures in
their works. This relationship has thrived in recent years, particularly since the advent
of the computer, which has allowed mathematicians and musicians alike to explore

the creative aspects of various mathematical structures quickly and easily.

One class of mathematical structure that is of particular interest to the technologically-
minded musician is the class of dynamical systems — those that change some feature
with time. This class includes fractal zooms, evolutionary computing techniques and
cellular automata, each of which holds some potential as the basis of a composition

algorithm.

The studies that comprise this thesis were undertaken in order to further examine the
relationship between mathematics and music. In particular we explore the notion that
music can essentially be thought of as a type of pattern propagation: we begin with
initial themes and motifs — the musical patterns — which, during the course of the
composition, are subjected to certain transformations and developments according to
the rules dictated by the composer or the musical form. This is exactly analogous to
the process which occurs within a cellular automaton: initial configurations of cells

are transformed and developed according to a set of evolution rules.

We begin our study by describing the development of the CAMUS v2.0 composition
software, which was based on an earlier system by Dr. Eduardo Miranda, and discuss

how best to use the system to compose new musical works.

The next step in our study is concerned with highlighting the limitations of CAMUS
as it currently stands, and suggesting techniques for improving the capabilities of the

system.

We then chart the development of CAMUS 3D. At each stage we justify the changes

made to the system using both aesthetic and technical arguments. We also provide a

xXxi




composition example, which illustrates not only the changes in operation, but also in

interface. The system is then re-evaluated, and further developments are suggested.
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1. Algorithmic composition — a definition

1.0 Introduction

The worlds of art and science seem, at first glance, to be poles apart. For example,
few people would associate particle physics or mathematics with visual art, and yet
both scientific disciplines have spawned whole series of works — one only has to look
at the poster prints of particle trails in cloud chambers, or of fractal spirals that are

available in any high street art store for evidence of this.

Art too has made inroads to the scientific community, with image processing
([Schalkoff, 1989]), physical modelling of acoustic instruments ([Sullivan, 19907) and
even automated painting ([Holtzman, 1994]) attracting considerable research

attention.

Musicians, perhaps more so than any other group of artists, have always been quick to
embrace technology in all its forms. From early attempts at synthesis with the
Telharmonium ([Roads, 1996]) to the latest digital audio workstations (see, for
example, [Lehrman, 1997], [Jones, 1996]), musicians have looked to science to
provide them with new and challenging ways of working. Indeed, in many instances,
new technology has provided us with sounds ([Roads, 1988]) and even compositions
([Xenakis, 1971]) which, to all intents and purposes, would have been impossible

otherwise — surely a case of ‘science begat art’.

One outcome of the acceptance of scientific techniques by the musical community has

been the flourishing of algorithmic composition techniques.

Algorithmic composition is by no means new, but the advent of affordable and
powerful computing resources has meant that more and more people, armed with no
more than a little programming knowledge and some musical ideas, have been able to

realise their composition algorithms from the comfort of their own desktops.

In this section, we introduce the term algorithmic composition. We define algorithmic

processes in the strict sense, then loosen the definition slightly to allow the inclusion




in our discussion of systems that are generally referred to by musicians as algorithmic,

even though they do not necessarily meet the chosen criteria.

We must also state what we mean by the act of musical composition. This is not as
easy as it first seems, since the working techniques of composers have changed
considerably over the years. Today, a composer is as likely to be found performing
sonic manipulations behind the controls of a digital editing suite as at a desk writing

individual instrument lines on manuscript.

The compositions themselves have also changed a great deal as technology has
developed. New composition tools have given composers greater sonic palettes with
which to work and more complex tools to transform the sounds. This has resulted in a

new type of composition that explores sound itself (see [Sutherland, 19947).

1.1 What is algorithmic composition?

Before we can appreciate fully the development of algorithmic composition, we must
first form a clear notion of what the phrase actually means. The obvious answer is, of
course, that algorithmic composition is the technique of applying algorithmic
processes to compose musical works. This, however, begs the question: What is an

algorithmic process?

1.1.1 Algorithmic processes

A simplistic notion, though one which, for most practical purposes is perfectly
adequate, is that an algorithm is a collection of rules or a sequence of operations for
accomplishing some task or solving some problem ([Loy, 1989]). With this in mind, it
is apparent that algorithmic composition is by no means new — composers have rigidly
adhered to formal rule systems almost since the dawn of music itself ([Roads, 1996]).
Indeed, formal techniques for composing melodies to texts date back to at least 1026,
when Guido d’Arezzo proposed a scheme that assigned different pitches to vowel

sounds in liturgical texts ([Loy, 19891).

Another famous historical example of rule-based composition is the game of
Musikalisches Wiirfelspiel, or musical dice (see Figure 1.1.1), which was played, by

amongst others, W. A. Mozart, J. P. Kirnberger and F. J. Haydn ([Cope, 1991]).
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To indulge in the game of musical dice, the composer writes a number of pieces of
music, designed to slot together to form a complete work. The game proceeds by
rolling dice, the outcome of which is used to select one of the pieces, which is then
positioned in the score. A second roll of the dice is then used to select a piece to

follow the first. The process continues until the component pieces are exhausted.

The results of the musical dice game will depend, of course, on the quality of the
component pieces and how well they interact with one another. Indeed, part of the
reason for playing this game was to demonstrate the composer’s skill in writing
musical passages that would work well together irrespective of the final composition’s

combinatorial makeup.

As we have seen, many traditional composers have been utilising rule-based
composition without being considered as using algorithmic techniques. Indeed, during
the Classical period, rigid adherence to form was all, and composers had to wrestle
with countless formal constraints when developing a work. It was not until Beethoven
arrived to challenge this view and usher in the Romantic period that a more

individualistic style of composition emerged ([Abraham, 1982], [Abraham, 1990]).

However, despite his fondness for parlour games and the rigidity of the formal
constraints to which he worked, one would not generally consider either the works or

the working techniques of Mozart as epitomising algorithmic composition.

Clearly, then, by an algorithmic process, we mean a process that exhibits more than

simply rule-following.
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Zahlentafel

1. Walzerteil

1 17 i V44 Vv |44 vir Vi
98 22 141 41 105 122 11 30
32 6 128 63 146 46 134 81
69 95 158 13 153 55 110 24
40 17 113 85 161 2 159 100
148 74 163 45 80 97 36 107
104 157 27 167 154 68 118 91
152 60 171 53 99 133 21 127
119 84 114 50 140 86 169 94
98 142 42 156 75 129 62 123
3 87 165 61 135 47 147 33
54 130 10 103 28 37 106 5

2. Walzerteil

I i I v V Vi Vil Vi
70 121 26 9 112 49 109 14
117 39 126 56 174 18 116 83
66 139 15 132 73 58 145 79
90 176 7 34 67 160 52 170
25 143 64 125 76 136 1 93
138 71 150 29 101 162 23 151
16 155 57 175 43 168 89 172
120 38 48 166 51 115 72 111
65 77 19 82 137 38 149 8
102 4 31 164 144 59 173 78
35 20 108 92 12 124 44 131

Figure 1.1.1 — Two numeric tables from a musical dice game by Mozart. The columns

numbered I — VIII denote the eight parts of the waltz. The rows numbered 2 — 12

indicate the possible values of two dice. The table values refer to the bar numbers of

Jour pages of musical fragments. [Roads 1996]




Today, most, if not all, algorithmic compositions are produced by computer. The
composer converts his or her algorithm into machine code and uses the computer to
perform the menial composition tasks, such as ensuring that the musical phrases
adhere to the composition rules, or the writing of score files, leaving the composer
free to assume a more supervisory role. Thus, many algorithmic composition systems

are automated composition systems.

Is this sufficient to constitute an algorithmic process? Unfortunately not — automated

processes need not be algorithmic.

For example, the Aolian harp, a stringed instrument with strings of different thickness
all tuned to the same note, was used in ancient Greece to generate automatic
compositions ([Cope, 1991}). The instrument was placed outdoors, so that the wind,
when it caught the strings, caused them to vibrate with various harmonics, depending
on the wind speed and direction. This is not an algorithmic process, although
compositional algorithms that simulate the effects of the wind on strings or wind

chimes certainly do exist ([Syntrillium, 1996]).

Similarly, an algorithmic process need not be automated — all of the calculations and
transformations applied by computer could, if so desired, be done manually, although

it may take a considerable time so to do ([Knuth, 1973]).

It has also become increasingly common to use the terms ‘algorithmic composition’
and ‘computer-aided composition’ synonymously. While it is true that algorithmic
composition can be a form of computer-aided composition, there a great many ways
in which a computer can aid the composition process without resorting to composition

algorithms.

For example, using a notation package to produce a score is a form of computer aided
composition, as is the use of a word processor for making programme notes. It is
extremely important that one says precisely what one means, so as to avoid

unnecessary ambiguity.

How then do we formulate a concrete definition of an algorithm? In his book, ‘The
Art of Computer Programming’ [Knuth, 1973], Donald E. Knuth gives five criteria

that should be fulfilled if a process is to be considered algorithmic:




(i)

(ii)

(iii)

(tv)

)

Each process must be finite. Thus, an algorithmic process must terminate after

some finite number of steps.

Each step must be clearly defined. In other words, there must be no ambiguity
surrounding any of the stages. Fach must give a clear instruction as to the
operation that is to be performed, or of the rule that is to be applied.
Consequently, a human operator should be able to perform each stage of the

process manually if so desired.

The process may have input. Parameters may or may not be required to solve a
particular problem. For a composition algorithm input could take the form of a

chord progression, a MIDI file, or live input from a musician.

The process must have output. The algorithm must, when concluded, return a
result. The process is guaranteed to terminate by (7). The output will depend on
the nature of the algorithm, but for compositional purposes, it is likely to be a

musical score, or a MIDI or audio file.

The process must be effective. By effective, we mean that the process must solve
the problem in a “sufficiently basic” manner, by which we mean that the process
is, in some sense, irreducible, and cannot be broken down into further sub-

Processes.

With these criteria, it is easy to define reasonably closely what we mean by an

algorithmic process — it is simply any process that satisfies (i) — (v) above.

1.1.2 Musical ‘algorithms’

We now relax the definition of algorithm slightly, to allow for processes that do not

strictly adhere to the five criteria presented above.

For example, although the game of musical dice is generally considered by musicians

to be algorithmic, it can be argued that the use of dice to control the development of

the composition contradicts the second of our five criteria — each step must be clearly

defined. The non-determinism of the dice roll means that the process is not clearly

defined, since it depends on the outcome of a random event.




It can, however, also be argued that the outcome of the dice roll merely provides input

to the system, and so it is truly algorithmic.

In any case, as was noted at the beginning of Section 1.2.2, a reasonable rule-of-
thumb guide is that an algorithm is a collection of rules or a sequence of operations
for accomplishing some task or solving some problem, and this is exactly what the
game of musical dice is. The problem here is the construction of a complete piece of
music from a number of musical fragments. The game provides us with a simple set

of rules that incorporate an element of chance.

For the remainder of our discussion, then, we will use the term algorithm to refer to

any finite formal system of rules that can be applied to solve the problem at hand.

1.1.3 Musical composition

We must also indicate broadly what we mean by a musical composition. For example,
many modern compositions are concerned more with tonal structure and development
than with themes and melodic motifs (see, for example, [Sutherland, 1994] for a brief
discussion of musique concréte). The instruments of such compositions are often
sound snapshots recorded from the real world or completely synthetic tones, while the
development may consist of the splicing together of tapes or the application of digital

signal processors to sampled sounds.

In compositions such as these, the sounds that constitute the composition are often
more important than the notes that are played, if, indeed we can speak in such terms.
Extrapolating this idea, it becomes apparent that programming languages, such as
CSound or Pascal with suitable add-ons, can be considered as algorithmic
composition systems, since we may use these languages to implement algorithms for

creating and manipulating sound samples on computer.
We must ask ourselves ar what point do we draw the line?

In the discussion that follows, we lean towards the more traditional notions of musical
composition — those works that are composed of melodic and harmonic instrument

lines that are developed as the composition progresses.




Whilst we do not focus on electroacoustic composition and musique concréte, nor do
we exclude them from consideration. A good example is Eduardo Miranda’s
Chaosynth system (see Appendix E), which uses cellular automata to generate

i
granular sounds’ .

Although this system cannot be said to produce complete compositions, the sounds it
creates can be used to form the basis of an electroacoustic composition. It is also
possible to use the system as a simple melody generator by altering the granular

synthesis parameters.

1.2 Composing algorithmically

Now, having examined what constitutes an algorithmic process, we must examine

how they can be utilised in a musical way.

We begin by considering the processes behind the construction of a new musical

composition.

1.2.1 A step-by-step guide to making music

The construction of a new musical work, whether algorithmically or manually, can be

broken down into three stages:

(i) Generating musical ideas.

(i) Creating a rough sketch of the composition.
(iti)  Creating the final composition.

Steps (i) and (ii) above are the most likely candidates for the use of an algorithmic
process. For example, at step (i) an algorithmic composition system could be used to
generate a number of short melodic lines or rhythmic figures, which the composer
would select and subject to steps (ii) and (iii) according to his or her own @sthetic

judgement.

! For a full discussion on granular synthesis see [Roads, 1978], [Roads, 1988], [Roads 1996], [Jones &
Parks, 1988] and [Truax, 1988].



Alternatively, a composer may already have a very specific idea as to the form of a
composition. An algorithm could then be specified and used to generate a rough

sketch of a work, which could then be fine-tuned by the composer.

The amount of work needed to produce the final composition — step (iii) of the
composition process — will depend on how closely the sketch conforms to the
composer’s ideal. It may range from none at all to a complete rewrite, although in

practice, it is usually somewhere between these two extremes.

In the subsequent discussion of algorithmic composition systems in general and of
CAMUS in particular we provide several examples of how various algorithmic
composers can be used in stages (7) and (i7) of the composition process. We also give
a particular example of a composition system that produces complete musical works
from scratch. That is, we present an algorithmic composition system that can

effectively realise stages (7) — (7i7) of the composition process.

1.2.2 Algorithmic composition as a model for inspiration

Inspiration is a phenomenon that is as difficult to define as it is to obtain. It is far from

being understood let alone effectively formalised.

Part of the problem may lie with the fact that inspiration is a highly subjective
phenomenon. Another source of difficulty surly lies with the fact that inspiration
exhibits itself in such a wide variety of forms; from the germ of an idea which after
successive refinements becomes a complete work, to a moment of clarity when entire

symphonies suddenly unfold before the recipient’s ears.

For example, W. A. Mozart is quoted in the Life of Mozart Including his
Correspondence ([Holmes, 1878]) as writing of inspiration and his method of

working:

“All this fires my soul, and provided I am not disturbed, my subject enlarges itself,
becomes methodised and defined, and the whole, though it be long, stands almost
complete and finished in my mind, so that I can survey it like a picture or a beautiful
statue at a glance. Nor do I hear in my imagination the parts successively, but I hear

them, as it were, all at once. What a delight this is I cannot tell.”




Algorithmic composition systems are often -utilised as ‘idea machines’. In other
words, they provide moments of musical inspiration that the composer can then seize
and build on. When viewed as such, it is clear that algorithmic composition systems

provide us with a model for inspiration.

That is not to say, however, that algorithmic composition systems closely mimic or
even come close to replicating the processes at work in the creative human brain.
Rather, algorithmic composition may be viewed as an artificial inspiration model in
much the same way as computers that exhibit artificial intelligence can be said to
model intelligent beings without necessarily mimicking the low level processes at

work in their brains.

In spite, or perhaps because of this, algorithmic systems are often seen as being
something of a cheat — a cop-out for composers who lack creativity. The author,
however, considers this to be more than a little unfair. Why should composers be
denied a source of inspiration because it comes from a machine? Many composers
and other artists have been inspired by machinery (see, for example, [Lewis, 1935],

[Honegger, 1994] and [Chaplin, 1936]).

Indeed, it is the author’s opinion that the creative aspects of composition are much
more relevant when developing initial ideas and sketches into a complete work than in
generating those ideas in the first place. Thus, an algorithmic composition system that
provides a starting point for the composer’s own imagination may help to develop the

composer’s natural creative instincts.

On the other hand, an algorithmic composition system that could reliably perform all
three stages in the composition system would totally remove the need for human
intervention. This certainly has applications in the interactive entertainment industry.
Computer games and virtual environments often require audio that will react to the
game player or observer in order to create a truly immersive environment (see, for
example [Microsoft, 1999]). Without the ability to generate such music in real time,
short segments of sound must be composed beforehand and some sort of selection

routine employed in order to play the correct segment at the correct time.

As well as the issue of the need for interactivity with human operators, this raises

important points on the authorship of algorithmic music. We discuss this in Section 7.
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1.3 A general outline of the problem

And so we come to define the problem with which this research is concerned. Below
we present the main driving force behind our work on algorithmic composition and

conclude by suggesting the direction we will take.

1.3.1 Music as pattern propagation

Initially, this research project was concerned with dynamical systems and their
applications to music composition. It was the ultimate aim of the project to explore
how many different types of dynamical system, such as cellular automata, fractals and

neural networks could be utilised in the composition process.

However, as the project developed, it was found that the particular case of cellular
automata provided us with a rich source of material. With each new development

came new problems and challenges to be overcome.

This had the effect of shifting the emphasis of the research {from:
How can we make music with many different dynamical systems?
to:

How can we develop and improve this particular cellular automata system to produce

interesting and natural sounding music?

In effect, the research has focused on one particular aspect of algorithmic music

composition and explored its possibilities as a viable source of new musical material.

The research focuses on modelling the composition process as a form of pattern
propagation — each theme in a composition may be viewed as a separate pattern. As
the composition progresses, the patterns are subjected to certain transformations (such
as straight repetition, transposition, inversion, augmentation and so on) according to
the formal structure that the composer has chosen for the work. This structure can be
rigidly adhered to or used as a general guiding principle, but so long as certain design

constructs are in place to guide the temporal development of the composition, we can

11



say that we have a system of pattern propagation according to some predetermined

constraints.

Traditionally, composers have intuitively employed pattern propagation when
composing, but algorithmic composition techniques, such as those described in the
following chapters, allow the pattern propagation to be formalised, albeit at a much
higher level. Here, the composer does not, in general, apply specific transformations
to a particular pattern. Instead, all of the musical patterns evolve according to the rules

and constraints that have been specified at the design stage.

We shall see that any common stylistic musical features that emerge from the use of
cellular automata as music generators can be said to be a sonification of the emergent
behaviour of the automaton — the temporal development arises as a result of the local

evolution rules and is not fully specified in advance.

1.3.2 Research goals
In the proposal for this research project the following goals were set:
i.) Produce new algorithms for mapping mathematical structures to music.

ii.) Gain knowledge as to what kinds of mathematical structures and mappings

produce useful results in sound.
iii.) Produce new tools for music composition.
iv.) Produce new compositions.

We shall discuss whether or not these goals have been met in Chapter 7.
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2. A brief History of Algorithmic Composition

2.0 Introduction

In this section we present a brief outline of the history of algorithmic composition
systems. We then describe seven main algorithm types used in composition. These are
stochastic algorithms; formal grammars and automata; iterative algorithms; fractal
algorithms, evolutionary algorithms, serial algorithms and rule-base algorithms. We
focus on those algorithm classes that have the most significance to our research and
conclude by proposing a new method of grouping together algorithms that generate

and perform music in a specific manner.

In this, and subsequent chapters, we provide the reader with short sections of pseudo-
code under the headings Algorithm x. These ‘algorithms’ are written midway between

computer code and English and are intended to complement the main body of the text.

2.1 Stochastic Algorithms

2.1.1 What are stochastic algorithms?

Of all the compositional algorithms, stochastic algorithms are undoubtedly the easiest,

both to comprehend and to implement.

A stochastic algorithm is one that is intrinsically dependent on the laws of probability,
making it impossible to predict the precise outcome of the process at any point in the
future ([Roads, 1996]). Stochastic processes may be natural, such as the decay of
radioactive isotopes, or artificial (that is, man-made), as is the case for certain types of
dithering employed by many computer graphics and sound synthesis packages (see,

for example, [Hearn & Baker, 1994] and [Roads, 1996]).

It is partly due to the accessibility of stochastic algorithms that they have become so
extensively employed for compositional purposes. Most, if not all, composers
engaged in algorithmic composition have used stochastic processes in one form or
another, whether as the basis for an entire composition algorithm or as an incidental

decision-making routine.




2.1.2 Probability Lookup Tables

As mentioned above, the outcome of a stochastic process depends wholly on certain
underlying probability distributions, a term used to describe the way that the

probabilities are divided amongst each of the possible outcomes.

The simplest, and most widely utilised method of modelling and implementing these
distributions is that of probability lookup tables. These are discrete, finite tables of
values that correspond to the likelihood of occurrence of one or more events. The
table entries range in value from 0, which indicates that the corresponding event will
never occut, to 1, which indicates that the event will occur with absolute certain‘cyz. A
value of 0.25, for example, would equate to a one-in-four chance of occurrence in

common parlance.

If the sum of all the entries in the probability table is equal to 1, then we say that the
table is normalised. This is a very desirable state of affairs, because it implies that
when a decision-making routine is called upon, we can say with absolute certainty
that there will be some output, since the probability of one of the outcomes being
chosen (that is, the sum of the probabilities of the individual outcomes) is, by

definition, equal to 1.

The events will depend on the application of the probability table, but for

compositional purposes, they are likely to be note events or pre-recorded sequences of

notes.

We mentioned above that probability tables are discrete and finite, and depend on
some underlying probability distribution, after which, by convention, we name the
table. However, a probability distribution may be continuous, and some care must be

taken when using such a distribution as the basis for a discrete table of values.

?In fact this definition is not strictly correct. It is possible for a single outcome to have probability 0 and
still occur. However, for the (discrete) stochastic selection routines given below, it is certainly the case
that a probability of 0 indicates that an event will never take place. 1t is for this reason we have
presented the definition as above. For a fuller discussion on the nature of probability, the interested
reader is referred to, for example, [Murphy, 1991].
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For a general continuous distribution, p, the probability that x lies between the values

a and b is defined as:

fp(x)dx.

Thus, the probability that x = a is

J:lp(x)dx =0.

We can see that in order to specify the probabilities of a discrete distribution, we
cannot simply assign the probabilities of the corresponding values of the relevant
continuous distribution since these are 0. Instead, we assign the values of the

distribution itself. This, however, leads to a further problem.

Take, for example, the exponential probability distribution, given by:
plxy=e",

forx=0.

Clearly, this distribution is normalised, since

fe""' =1.

Suppose we now wish to construct the discrete probability table, P, using the above
distribution for the three values, 0, 0.5 and 1. We may do this by letting P(x) = p(x) for
x=0, 0.5, 1 as illustrated in Table 2.1.1 below:
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.

procedure Uniform Distribution()

{

select a random integer, i, between 0 and N - 1

execute ith outcome

Algorithm 2.1.1 - Uniform probability selection routine.

This algorithm assumes that
() N, the number of outcomes is known in advance.

(i) Each of the v outcomes has associated with it a unique procedure, ith outcome,

for performing the corresponding operations required.

This algorithm is fairly intuitive, but how do we go about extending it to cope with
non-uniform distributions? For this, we need the notion of cumulative distributions
([Lorrain, 19807).

The idea behind this is as follows: Suppose we wish to choose one of N outcomes,
labelled x|, x5, ..., xx. Then, since 0 < P(x;) < 1, and assuming that we are dealing with

a normalised distribution, we have that
0<Px)SPE)+HP) <. <Pl PO +... +Pxy) = 1.

Thus, we have an increasing sequence of non-negative real numbers that lie in the
range [0, 1]. We can view this as a set of points that divide the real segment [0, 1] into
smaller segments whose widths correspond to the different probabilities of the
individual outcomes, as shown in Figure 2.1.9. Thus, in order to select an outcome,

we randomly choose a real number from [0, 1] and observe into which segment it

falls.
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P(x1) + P(x2)

Figure 2.1.9 — Cumulative distribution method for non-uniform distributions.

Cumulative distributions can be implemented as follows:

void NonUniform Distribution()
{
Generate a random real number, x, between 0 and 1

PO}

interval
while (x < interval)

interval = interval + P[i]
i=1+1
}

execute ith outcome

Algorithm 2.1.2 — Non-Uniform probability selection routine.

Again, we assume that v is known previously, and that each outcome has associated
with it a unique procedure. We have also assumed that the probabilities are stored in a

constant global array, P[].

It should also be noted at this point that if a probability is defined to be O here, the
implication is that the corresponding outcome will never take place. Thus, it is

necessary to assign extremely improbable outcomes a small but finite probability.

Now that we have seen an algorithm for selecting non-equiprobable events, we need
only concern ourselves with assigning probabilities to outcomes according to the

appropriate probability distribution. We illustrate with the linear distribution.
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Suppose we wish to assign probabilities to events so that the resulting distribution is
linear between two endpoints, (a, P(a)) and (b, P(b)). This essentially reduces the
problem to one of linear interpolation. This can be achieved by using the following
algorithm. We begin by calculating the gradient and y-intercept of the line between
the points (a, P(a)) and (b, P(h)), before cycling through each of the intermediate table

entries, and loading with the corresponding point on the line.

procedure Linear Distribution(a, Pa, b, Pb)

{
gradient = (Pb - Pa}/(b - a)
for 1 = a to b
P[i] = Pa + gradient * (i - a)
next i
neormalise probability array

}

Algorithm 2.1.3 — Routine for assigning probabilities according to a linear

distribution.

A procedure whose task is to normalise the probability table can be specified very

simply.

Recall that a normalised distribution is one in which the sum of the probabilities is
equal to 1. In order to achieve this, our normalisation routine should calculate the sum
of the probabilities then divide each of the probabilities in the array by this

normalisation factor.




procedure Normalise()

{
Normalisation Factor = 0
for i = 0 to N - 1
Normalisation Factor = Normalisation Factor + P[i]
next 1
for i = 0 to N - 1
P[i] = P[i] / Normalisation Factor

next i

Algorithm 2.1.4 — Probability normalisation routine.

This technique can be extended to fill Jookup tables with non-linear probabilities. All
that is required is some method of interpolating points with respect to the appropriate

distribution.

We now introduce a stochastic process that is, in effect, one complexity level higher

than the lookup table, that of Markov Chains.

2.1.4 Markov Chains

A Markov Chain is a sequence of trials of the same experiment whose outcomes,

X1, X, ..., satisfy the following ([Lipschutz, 1974]):

i.) We associate with each trial a particular moment in discrete time, and call the

outcome of the n™ trial the state of the system at timestep #.

it.) The outcome of any trial depends only on the outcome of the immediately
preceding trial. With each pair of states, (X, ¥) is associated the probability pyy,
which is the probability that state ¥ immediately follows state X. The pyy are

called transition probabilities.
Throughout this discussion we consider only the case of a finite number of states.

In fact, we can extend the above definition slightly to allow for Markov Chains that
retain memory of additional past events in order to influence the outcome of future
events. The number of past events that are taken into consideration at each stage is

known as the order of the chain. Thus, a Markov Chain in the strict sense is first
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order, while a chain that considers an event’s predecessor and its predecessor’s
predecessor is second order and so on. In this thesis we concentrate on zero” and first

order Markov Chains.

In general, an N order Markov Chain can be represented by a state-transition matrix
— an N + l-dimensional probability table. The state-transition matrix gives us
information on the likelihood of a particular outcome given the previous N states.

Figure 2.1.10 shows a possible state transition matrix for a first order Markov Chain.

A B c
A 0.25 0.5 0.25
B 0 1 0
o 1 0 0

Figure 2.1.10 — State~transition matrix and graphical representation of a (first order)

Markov Chain.

By convention the previous states are listed vertically, and the transition states are
listed horizontally. Thus, if we wish to find, for example, the probability of state B
occurring immediately after state A, we simply find state A in the first column (the
one headed by a blank), and then move horizontally along to the ‘B’ column. The
entry here is 0.5, so there is a 1 in 2 chance of this transition occurring. This can be
extended to calculating the probability of an event occurring on the »™ transition using

matrix multiplication.

For example, the state-transition matrix of Figure 2.1.10 can be expressed as a real
3x3 matrix, M, whose rows correspond to the initial states and whose columns

correspond to the final states.

Suppose that we are currently in state A, and we wish to calculate the probability that
we will be in state B on the next-but-one transition. This is the probability that we will

move to state j on the next step and then from state j to state B the step after for all

* A Markov Chain of zero order is one in which the outcome of each trial depends on no previous
states. That is, the system is independent of the influence of the outcome of previous trials.
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possible choices of j. That is, the element in column ; of the first row of the matrix
(the A row) multiplied by the element in the second column (the B column) of row j

as j ranges through the states A, B, C.

More formally, we have

P(A toBin2steps)= Y M, M, j=A,B,C

7
= (M)

where Mj; denotes the entry in row 7, column j of matrix A, and M* denotes the matrix
M-M. With the probability values as given in Figure 2.1.10, this turns out to have
value 0.625.

This is an immensely useful property of Markov Chains, since it allows us to make
calculations of probabilities, which can rapidly become confusing, using the more
familiar and well-understood methods of matrix multiplication. This technique can
easily be extended to any number of steps — the probability of arriving in state j after n
steps, given that we are currently in state 7 is (M"); — and so by using computers, it is
possible to quickly and reliably calculate the probabilities of particular outcomes as

far into the future as we desire with a minimum of effort.

It should also be apparent that the probability lookup table technique presented in the
previous section is simply a Markov Chain of order zero, that is, a probability system

that depends on no previous states.

For any Markov Chain, a state, X, is said to be reachable from a state, Y, if it is
possible to reach state Y from state X after a finite number of steps. If state Y is
reachable from state X and state X is reachable from state Y, then the two states are

said to communicate.

For example, in Figure 2.1.8 above, states A and C comumunicate, since clearly C is
reachable from A and A is reachable from C. However, neither A and B, nor B and C
communicate, since, although B is reachable from A (and thus also from C), neither

state is reachable from B, which is always followed by itself.
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[t can be shown fairly eaéily that the communication relation on a Markov chain is an
equivalence. That is, the communication relation is reflexive, since a state always
communicates with itself;, symmetric, since if a state X communicates with a state Y,
then clearly, Y communicates with X, and transitive, since if a state X communicates
with a state Y, and state Y communicates with a state Z, then state X also

communicates with state Z.

Grouping communicating states together, we can partition the states of the chain into

equivalence classes of communicating states.

Those states that are certain” to occur again once they have been reached by the chain
are called recurrent and the equivalence class they belong to is known as a recurrent
class. States which may never occur again (i.e. those that are not recurrent) are called
transient, and the class they belong to is known as a transient class (for a proof of the

fact that recurrence and transience is a class property see [Freedman, 1971]).

It can further be shown (see, for example, [Freedman, 1971]) that every Markov chain
consists of at least one recurrent class and some number (possibly none) of transient

classes.
In Figure 2.1.8 above, these equivalence classes are
t=1{A, C}
and
r={B}.

The class r is recurrent, since the state B is always followed by itself. Thus once we
arrive in », we can never leave. The remaining class, ¢ is transient — we may visit
states A and C a number of times, but once we have reached state B, we can never

return to either of the other two states.

* That is, those that occur again with probability 1 as r — co.
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We now illustrate the usage of Markov Chains with an algorithm that is designed to
play back one of five pre-recorded sequences of notes depending on the outcome of a

first order state-transition matrix (c.f [Jones, 1980]).

The algorithm begins by selecting at random one of the five sequences as a starting
configuration’. From here, the appropriate sequence subroutine is called before a new
sequence is selected, using the relevant row in the state-transition matrix. This process

repeats until a user interrupt is received.

procedure MarkovChain ()

{
select an integer, i, between 0 and 4

repeat

{
play sequence 1
select a new integer, i,
using the probabilities in the ith row of the
state-transition matrix

until user interrupts

Algorithm 2.1.5 — Simple Markov composition routine.

Here, we have assumed that the state-transition matrix is known a priori and remains

constant throughout the composition.

2.1.5 Quality of Results

As mentioned earlier, stochastic algorithms are amongst the easiest to implement.
This is reflected in the sheer number of systems that incorporate stochastic processes.
Yet despite, or perhaps because of this, there have been very few stochastically-
oriented commercial packages. Those that do offer extensive tools for stochastic
composition are generally composition environments, more akin to programming

languages than to one-stop music systems.

3 Thus the initial distribution of the Markov Chain is uniform — each of the states has the same
probability of being the initial state of the system.
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Pekka Tolonen’s Symbolic Composer ([Tolonen, 1987]) and IRCAM’s Patchwork
(IRCAM, 1993]) are two such packages. These systems are very much more than
mere composition systems. They offer modules and a working environment that
allows composers to explore their own compositional algorithms and mappings
without having their working techniques dictated to them by the way that a

programmer has implemented a complete system.

One of the main drawbacks to using composition environments as opposed to ready-
made composition systems is that very much more effort must be expended by the
composer to get similar results. This may take the form of learning the composition
language or spending time designing new composition algorithms. For sheer

flexibility, however, the effort is often more than worthwhile.

It is undoubtedly also a result of the ease of use and comprehension of stochastic
algorithms that they were the first to be explored as a method of generating music. We
saw in the previous chapter, for example, the parlour game of musical dice. The
similarities between this game and the Markov Chain Algorithm 2.1.5 presented
above will no doubt be immediately apparent: In musical dice, each of the n sections
of the piece has an equal probability (in fact, '/,) of exposition at the beginning.
However, once the first section has been selected, say section i, we can consider the
composition as having moved into the particular state with section i at the beginning.
The probability that section i will occur next is 0, since it has already been used, and
each of the remaining states will occur with probability 1/..1. Thus, we have a
probability system featuring » trials of the same experiment in which the outcome of
the second trial depends solely on the outcome of the first — exactly analogous to our
Matkov Chain. Now, however, the analogy breaks down slightly, because the

outcome of the &” trial depends on the outcomes of the first &k — 1 trials.

The first comprehensive study of stochastic musical processes was due to Iannis
Xenakis. In his book, Formalized Music ([Xenakis, 1971]), he describes in
considerable detail the stochastic processes employed by him in his compositions, and

provides lengthy discourse on the aesthetic implications of using stochastics in music.

The book arrived some years after the unleashing on the world of the first wave of a

new mathematical music, characterised by works such as Xenakis’ Metastasis (1954)
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and Pithoprakta (1956) and the Illiac Suite for String Quartet (1956) by Lejaren
Hiller and Leonard Isaacson, which depended on stochastic processes for the very

notes from which it was composed.

This new music was very different from anything that had gone before. It was often
written entirely for synthetic instruments, with many contrasting themes sounding
simultaneously. Clusters of activity and long periods of silence combined with no
musical clues as to where the piece was heading all contrived to make the music very

difficult to listen to.

This does highlight one of the main difficulties of stochastic algorithms — the inherent
randomness. Although the use of probabilities does lead to the emergence of long-
term behaviour, the ‘melodies’ produced by stochastic processes often exhibit a lack
of coherence, seemingly wandering aimlessly from note to note. This can be
countered to some extent by employing Markov Chains of high order, or by using
self-adapting probability tables, but these, in turn, raise new problems, namely

defining the state-transition matrices and the rules by which the tables evolve.

This means that stochastic algorithms are, on the whole, vnsuited for generating music
in a particular style®, and it is useful to have a number of different techniques ready to

be used should the user wish to compose non-random music.
2.2 Formal Grammars and Automata

2.2.1 Music as language

Music is often thought of as a hierarchical structure. At the lowest level we have notes
that make up the composition. These notes form phrases, which in turn form melodies
and themes, movements and finally the entire composition. There is a striking analogy

here with linguistics — the notes correspond to individual letters, the phrases words,

¢ Throughout this thesis, when talking about musical style, we refer to the taxonomic classes, such as
Classical or Baroque, into which we group compositions with particular musical characteristics. The
author is aware of the difficulties that can arise when attempting to pigeonhole music in this way, but
feels that a discussion on the nature of musical style lies outside the scope of this thesis.
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melodies sentences and so on. This correspondence has led to the use of language

theory in music.

Language theory is concerned with the makeup of words, each of which belongs to
some language. A language is defined to be a subset of the (infinite) set formed by

taking all possible combinations of a set of symbols.

For musical purposes, the symbols could correspond to, for example, notes and rests.
The set of all combinations of notes would then give the universal set of all possible
musical compositions. A musical language can therefore be thought of as being a
collection of musical pieces in one particular style, such as the set of all baroque
compositions. The motivation behind the theory is to discover the relationships

between words, how they are formed, and how they can be categorised.

2.2.2 The use of formal grammars in music

There are essentially two ways — most easily thought of as analysis versus synthesis —

that the theory of languages can be utilised musically:

(i) The analysis of the syntactic structure of music. By examining the structure of

musical input, we can hope to recognise and classify it.

(i) Generation of music that conforms to predefined syntactic structures. Here, the
composer specifies the syntactic makeup of the musical language that he or she

wishes to use and generates note data that adhere to this specification.

Although the latter seems to be the more relevant usage of formal grammars, the
former also has its place, particularly amongst composition systems that aim to
compose replicatively, that is, in a particular musical style, or in the style of a given

COmMposer.

One of the most successful applications of formal grammars to music generation is
undoubtedly David Cope’s EMI system ([Cope, 1991]). This particular system
combines formal grammars with a device known as an advanced transition network to
produce pastiche. The system takes as input at least two works in the style that the
composer wishes to replicate. The system scans the input looking for musical

signatures — short musical phrases that are a direct result of and thus indicative of a
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particular composer’s style. The system then produces new phrases incorporating
variations on the signatures, building up a complete composition piece by piece,

whilst ensuring that it fits the desired grammatical design.

The system has been used to produce several compositions in a wide range of musical
styles, from Bach-like inventions to a Joplin-esque piano rag. The results have been
varied but are generally very convincing. Some example scores are provided in

Cope’s book, Computers and Musical Style ([Cope, 1991]).

2.2.3 Cellular Automata

Cellular automata are very important to scientists as a modelling and simulation tool.
They have found applications in many different disciplines, from image processing
([Preston & Duff, 1984]) and cryptography ([Wolfram, 1985]) to ecology [Hogeweg,
1988]) and biology ([Ermentrout & Edelstein-Keshet, 1993]).

Cellular automata are dynamical systems, that is, they change some feature with time.
A Cellular automaton is discrete over both space and time and all quantities take on

discrete values.

We often view a cellular automaton as an array of elements, referred to as cells, to
which we apply some evolution rule that determines how the automaton develops in
time. The cells are updated simultaneously, so that the state of the automaton as a

whole advances in discrete timesteps.

Each cell can exist in one of p possible states, represented by the integers

0,1,2,...,p—1. We often refer to such an automaton as a p-state cellular automaton.

In order to specify fully and run a cellular automaton, we need one further piece of
information — an initial cell configuration. When this is specified, the automaton can

be set to run and the cellular evolution observed.

Any long-term global trends that arise in the automaton’s development are an

example of emergent behaviour, in the sense that the evolution rules in a cellular

feels that a discussion on the nature of musical style lies outside the scope of this thesis.
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automaton are concerned only with local neighbourhoods around the cell under

consideration — global trends are not coded explicitly beforehand.

2.2.4 The Game of Life

The Game of Life ([Gardner, 1971]) is a 2-dimensional cellular automaton that

attempts to model a colony of simple organisms.

Theoretically, the automaton is defined on an infinite square lattice. However, for
practical purposes we define Life as consisting of a finite i x n array of cells, each of

which can exist in two states — alive, represented by 1, or dead, represented by 0.

The states of the cells as time progresses are determined by the states of neighbouring

cells. There essentially four situations that can arise. These are:

i.) Birth. A cell that is dead at time ¢ becomes live at time ¢ -+ 1 if and only if exactly

3 of its neighbours are alive at time ¢.

ii.) Death by overcrowding. A cell that is alive at time ¢ will die at time ¢+ 1 if 4 or

more of its neighbours are alive at time /.

1i.) Death by exposure. A cell that is alive at time ¢ will die at time 7+ 1 if it has 1 or

fewer live neighbours at time £.

iv.) Survival. A cell that is alive at time ¢ will remain live at time ¢ + 1 if and only if

it has either 2 or 3 live neighbours at time 7.
Note that rule (iv) holds if and only if rules (i1) and (iii) do not.
These four rules can be expressed as follows:

The environment, E, is defined as the number of living neighbours that surround a
particular live cell. The fertility, F, is defined as the number of living neighbours that
surround a particular dead cell. Note that both the environment and fertility vary as we

move from cell to cell.

For Conway’s Life, the life of a currently living cell is preserved whenever it has

either 2 or 3 living neighbours. In other words, whenever 2 < £ < 3. Similarly, a
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and

Clearly, a number of alternative rule sets exist. The general form for such rule sets is
(Emirb Emax: Fmiu: Fmax):
where
Emin <EZ Emax
and
Fmin <F< F naxs

However, although alternative rule sets to R = (2, 3, 3, 3) exist, not all produce

emergent behaviour that is as worthy of note as Conway’s original.

In the Game of Life characterised by the rule set R above, there are a number of
interesting initial cell configurations that give rise to notable cell dynamics. Some of

these are presented in Appendix B.

Table 2.2.1 below describes the main classifications of Conway object.
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Object class Description
Oscillator Any pattern that reappears in the same position after a certain
number of generations.
Still Life Oscillators of period 1, that is stable patterns.
Ship Any pattern that translates across space.
Spaceship Any pattern that moves, leaving no trail.
Billiard table Any oscillator that is built inside a stable border.
Blinker An oscillator of period two consisting of three live cells arranged
| in either a horizontal or vertical line.
Breeder Any pattern that grows quadratically by creating multiple copies of
a second object, each of which creates multiple copies of a third
object.
Eater Any still life that can repair itself from some attacks.
| Flipper Any oscillator or spaceship that forms its mirror image at half its
i period.
Glider Any ship that travels diagonally across space.
5
Glider gun Any pattern that grows forever by emitting gliders.
Primordial soup | Any random initial configuration of cells.

Table 2.2.1 — Glossary of Conway objects.

In order for a rule set, R to be considered worthy of the name Life, we demand that

the following two conditions are met:

35




1) A glider must exist and occur “naturally” if we apply R repeatedly to primordial

soup configurations.

ii.) All primordial soup configurations when subjected to R must exhibit bounded
growth.

For reasons of space we do not pursue this further, although we pick up on these ideas

again in Section 4.1.3. Instead the interested reader is referred to [Dewdney, 1987].

2.2.5 Musical Applications of Cellular Automata

Cellular automata were originally introduced as a means of modelling crystalline
growth, and as such, may be considered as a system of pattern propagation — the
initial pattern (i.e. cell configuration) is transformed and developed according to a set
of evolution rules. There is a direct analogy here to the processes involved with
composition — an initial theme or motif is developed according to a set of composition
rules specified by the composer or dictated by the musical style. In a sense, cellular

automata can be considered as a model of the composition process itself.

It should come as little surprise, then, that cellular automata have been successfully

employed in a number of musical applications.

For example [Miranda 1993], [Miranda, 1994] and [Beyls, 1997] all describe how
different types of cellular automata can be harnessed as the basis for algorithmic

composition systems.

The results of these systems vary and depend on the way that the automata are
utilised. For example, Eduardo Miranda’s CAMUS system (see Chapter 3) generates
compositions that are free from formal constraints (other than those imposed by the
MIDI specification) and yet all share elements of a characteristic style, albeit one

which is new and quite alien.

Peter Beyls’ system on the other hand imposes more pre-defined structure on the
compositions, resulting in music that conforms more readily to existing musical
styles. Automata have also been used in sound synthesis (see, for example,

[Chareyron, 1990] and [Miranda, 1995]).
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2.3 lierative Algorithms

We now approach the problem of melody generation from a different angle, and see
how iterative formulae and fractal techniques can be of use to the mathematically

minded composer.

2.3.1 What is an iterative process?

One way of constructing musical melodies is to utilise an iferative algorithm. Iteration
is the process of repeating an action, such as applying a mathematical function, over
and over again, feeding the output of the action back into the input of the process.

Figure 2.3.1 demonstrates graphically the process of iteration.

F

OUTPUT

>
INPUT T

QUTPUT is fed back to
the input of F

Figure 2.3.1 — Schematic of an iterative process, F.

An iterative process is defined by specifying the action that is to be repeatedly

applied, and some initial value, xo, which we are free to choose.

The set of output values that arises from an iterative process is known as an orbit of
the process. Note that an iterative process may have many orbits depending on the
initial value, xp, that is fed into the process. We denote the orbit of the iterative

process £ that arises as a result of the initial value, xo by orbs(xy).

There are essentially three classes of behaviour that the orbits of an iterative system

can fall into’. These are:

1) The points in the orbit tend towards a stable® fixed point.

7 Here we consider only those orbits that are bounded — those in which the orbit points remain finite.
% That is, a point which is left unchanged by the process.
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For example, consider the iterative function x,+; = x,/2. This will generate orbits of
the form {xo, xo/2, xo/4, ...}. In general, the n™ iterate is of the form xo/2". Clearly, as
n — o, the n'™ iterate will tend towards 0, no matter what (finite) value we choose for

xp. Thus, every finite orbit of this system tends towards the stable fixed point, 0.
ii.) The points in the orbit oscillate between elements of a finite set of points.

For example, consider the system defined by the function x,+; = ax,(1 — x,,) (see, for
example, [Peitgen & Saupe, 1988] for a discussion of this, the logistic equation) with
a = 3.1 and x,, = 0.5 (see Figure 2.3.2). This results in the orbit {0.5, 0.775, 0.540,
0.770, 0.549, 0.768, 0.553, 0.766, 0.555, 0.766, 0.556, 0.765, 0.557, 0.765, 0.557,
0.765, ...}. One can see that after an initial settling period, the orbit settles into

oscillatory behaviour between the values 0.765 and 0.557.

1r

AAAAAAAAAAAAAAAA

0

Figure 2.3.2 — Graphical representation of the orbit that arises from
Xp+1 = 3. Ixu(1 — xp) with xo = 0.5. Note that the orbit quickly seitles into oscillatory

behaviour,

iil.) The orbit points behave in a ‘chaotic’ manner. Sometimes, they may seem to
behave randomly, never visiting the same point twice. At other times, they may
seem to exhibit near-oscillatory behaviour with sets of almost identical points

arising one after the other.

It is impossible to state precisely what we mean by the term chaos, due to the fact that
there is no universally accepted definition. There are, however, a number of texts
which offer precise, but slightly different definitions. The interested reader is referred

to, for example [Peitgen & Richter, 1986] and [Peitgen, Jurgens & Saupe, 1992].




For the purposes of this discussion, we consider chaos as referring to a system that has
gone ‘out of control’ in the sense that although each orbit is deterministic and
specified in full by its initial value, we cannot predict its long-term behaviour in any
way other than by setting the system in motion and letting it run ([Peitgen & Richter,
1986)).

For example, if we compare the orbit obtained from the function defined in (7i) above
with a = 4 and xp = 0.3 with the orbit obtained by setting xo = 0.301 (see Figure 2.3.3),

we see that after only a few iterations they bear little resemblance.

1' | h
i
/1) ;/ .

0

Figure 2.3.3 — Graphical representation of the orbits that arise from x,+; = 4x,(1 — x,)
with xg = 0.3 (top) and x9 = 0.301 (bottom). Note the divergence after just 7

iterations.
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2.3.2 Implemeniing iterative processes musically

When implementing an iterative process to produce musical output, there are a

number of things that should be taken into consideration, namely:

What iterative system should be used? Generally speaking, the human ear tends to
enjoy music that sounds familiar enough to keep the listener comfortable, yet contains
sufficient new material to generate interest and avoid boredom. Hence, an iterative
process that produces orbits that quickly converge towards stable fixed points may not
be the best choice for a music generating system, as the output values quickly become

static.

Oscillatory behaviour offers more scope for generating interesting results, particularly
if the period is large. However, in many cases, the period is often quite small, and the
frequent repetition of the basic musical material can quickly become tedious. By far
the most promising type of behaviour from a musical (and indeed, mathematical)

point of view is chaotic behaviour.

As previously mentioned, a chaotic orbit will often wander among a fixed range of
points, visiting similar, though not identical points each time. Thus the material that is
generated has a degree of correlation with its past, whilst still producing new material.
In fact, generating music by using chaotic orbits is sometimes viewed as a process of
theme and variations, or exposition and development, because of the nature of this

near-repetition.

How are the orbits of the process to be mapped fo the musical output? This is,
without a doubt, one of the most important considerations a composer faces when
creating any algorithmic system that utilises the output of a non-musical process for
creation of the final work. Choosing a mapping that is too simplistic may strip a

potentially rich orbit of its detail, producing music that is dull and uninteresting.

Similarly, a mapping which is too complex may lead to difficulties when coding the
system for a computer to calculate the compositions. Clearly, a balance must be

struck.

The form the mapping takes will, to a certain extent, be dictated by the dimensionality

of the iterative process itself. For example, a two dimensional process would allow
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direct control over two musical parameters (e.g. pitch and duration). It is possible,
however, to obtain similar levels of control by, for example, calculating several orbits
of a lower dimensional system in parallel, by using several orbit points from a lower
dimensional mapping simultaneously, or by using systems of more than one equation

in a mapping.

It is also important to decide upon the musical parameters that should be controlled by
the iterative process. The important parameters are likely to vary from composition to
composition, and will depend to a large extent on the subjective preferences of the

composer. Some examples include pitch, duration, velocity and timbre,

What starting value is to be chosen for the system? This is important, because, as we
have seen, even for non-chaotic systems, orbits whose starting values lie close
together can vary drastically after only a few iterations. This effect can also be used to
the composer’s advantage, however, and may be employed to produce cycles of
works, or variations of a work, which begin in a similar manner, but which quickly

diverge.

For further details of the use of iterative processes in music see [Little, 1993] and
[Johnson, 1997b].

2.3.3 Fractal Algorithms

Fractals are a relatively recent development in mathematics. The term, derived from
the Latin fractus, meaning broken ([Mandelbrot, 1982]), was coined in 1977 by the
Polish mathematician, Benoit Mandelbrot. The essence of fractals is that they contain

an infinite amount of detail at all scales. We illustrate with the coastline analogy:

We ask how long is the coastline of Britain? A study is commissioned, and a member
of the research team duly sets off with his trundle-wheel and measures the length of
the coastline by walking along the coastal roads. When he makes his report, it is
pointed out to him that the coastline twists and turns away from the road. In fact, he

has under-recorded the value.

He sets off again and this time moves away from the roads, measuring the coastline a

metre from the edge all the way round the country. He records a higher value for the
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distance than on his first expedition. Again, however, when he makes his report, it is
noted that he has missed much of the finer detail at the coastline’s edge. He sets off
again, the time armed with a tape measure, and calculates a value higher still than the
previous two forays, but here he notices that each rocky outcrop contains detail that is
obscured by the tape measure. His recorded value is still too small! The finer the

coastline was to be measured, the more detail was discovered.

This is fundamentally different to non-fractal structures, which at sufficient
magnification look locally like straight lines. Figure 2.3.4 demonstrates the difference
between successive magnifications of a fractal known as the Mandelbrot set, and a

graph of the (non-fractal) sin function.
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Figure 2.3.4 b — Graph of sin x and magnification showing that the graph looks
locally like a straight line.

A characteristic feature of many fractal forms, which describes how they appear

similar when viewed under different levels of magnification, is self-similarity.
There are three different kinds of self-similarity ([Peitgen & Saupe, 1988]):

1.) Exact self-similarity, in which magnified small parts of the object in question are

identical to the whole

ii.) Statistical self-similarity, in which the magnified portion of the image has the

same statistical properties as the whole object

11.) Generalised self-similarity, also known as self-affinity, in which scaled copies of

the whole figure undergo some affine transformatior’.

? An affine transformation is one that is composed of a linear transformation and/or a translation. In
two dimensions, an affine transformation, a, has the general form a(x) = Ax + b, where A is an
invertible 2x2 matrix.
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(i) Using fractal equations' to generate musical data.
(ii) Using fractal pictures to generate musical data.

Using fractal equations to generate music has a great deal in common with the
iterative algorithms discussed earlier. Indeed, most fractal equations are iterative. One

exception to this is 1//noise.

2.3.5 1/f Noise

The use of fractal techniques in music composition began when it was discovered that

almost all musical melodies mimic 1/fnoise ([Peitgen & Saupe, 1988]).

1/f noise is a term which is used to describe any fluctuating quantity in which the

‘amount’ of frequency, f; varies as 1/f.

This particular statistical blueprint shows itself in a great many physical situations,

from semiconductors to ocean flows ([Peitgen & Saupe, 1988]).

There is no simple mathematical model that produces 1/fnoise, although it is possible
to generate close approximations. One such method for generating an approximate 1/f

sequence is given in [Roads, 1996].

' Note here that the term fractal equations is used to denote an equation (iterative or otherwise) that
specifies a particular fractal figure. This is a generalisation of the term fractal function, which is used to
denote any continuous function that is everywhere non-differentiable. The graphs of such functions are,
in general, fractal sets.
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2.3.6 The Mandelbrot Set

Perhaps the single most famous mathematical structure is the Mandelbrot set. The
Mandelbrot set can be considered as a graphical representation of the behaviour of the
complex plane according to the iterative equation

Zi = ziz +c
where ¢ is a complex constant. For each ¢ in the plane, the system is initialised with
zo = 0, and iterated. This results in exactly one of the following mutually exclusive

outcomes:

(i) | z,] = 0 asn— oo

(ii) | z,| remains bounded as # — co.

Each ¢ is assigned a colour according to the number of iterations required to send the
point to infinity, or a default colour (usually black) if the point does not increase
without bound (in practice, we assign a threshold value, 7, and a maximum number of
iterations, M7, and stop the iterative process when either|z,| = 7!, or when n > M.

The Mandelbrot set is then the set of all values of ¢ which are coloured black.

The area of interest occurs within the region bounded by the lines x = -2.5 and x = 1.5

on the real axis, and y = -1.5{ and y = 1.5i on the imaginary axis.

The Mandelbrot set’s distinctive squashed beetle-like profile is illustrated in the top

image of Figure 2.3.6a above.

At, and near the boundary of the Mandelbrot set, there is described a structure of
inconceivable complexity, with curves which spiral onwards for eternity, and detail at

every scale.

A simplistic (and rather naive) way of harnessing the structure contained within
Mandelbrot’s equation is to iterate the equation and associate the number of iterations
required to send a point to infinity with a particular pitch. This is equivalent to
mapping the colour bands of the set to pitches. An example is presented in Algorithm

2.3.1 below.

"' We generally check to see whether the point z = x + iy lies within the circle x* +* = 7°. If not, we
can be certain that it will tend to infinity ([Hoggar, 19921).

47




For other applications of fractals in music composition and sound synthesis see

[Bolognesi, 1983], [Dodge, 1988] and [Monro, 1995].
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procedure Mandelbrot ()

{
REM Screen dimensions
Width = 320
Height = 240

REM Region of complex plane to be ‘played’
MaxReal = 1.5

MinReal = -2.5

MaxIm = 1.5

MinIm = -1.5

REM Scaling factors
HorizScale = (MaxReal - MinReal)/Width
VertScale = (MaxIm - MinIm)/Height

for i = 0 to Width - 1
for 3 = 0 to Height - 1
Iterations = 1
RealC = MinReal + i * HorizScale
ImaginaryC = MinIm + j * VertScale
x =20
y =0
while (Iterations < 256 AND x*x + y*y < 4)
NewX = x*x - y*y + RealC

NewY = 2*x*y + ImaginaryC

x = NewX
y = NewY
Iterations = Iterations + 1

end while

Play a note with pitch parameter Iterations
next j

next 1

Algorithm 2.3.1 — Simplistic fractal music generator.
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2.4 Evolutionary'? Algorithms

2.4.1 Artificial neural networks

The human brain is, without a doubt, the most complex computing device known to
mankind. Essentially a massively parallel array of simple information processing
devices known as neurons, it is uniquely responsible for all of the works of art, all of

the music and all of the scientific breakthroughs that surround us.

Neurons typically operate several orders of magnitude slower than the silicon logic
gates used in today’s computers (~10‘3 seconds as opposed to ~10° seconds)
([Haykin, 1994]). This, however, is compensated for by the sheer volume of and
massive interconnectivity between them. It is estimated that the human cortex
contains in the region of 10 billion neurons, connected together by some 60 trillion
links, known as synapses. As a result, the human brain can perform certain tasks, such
as pattern or voice recognition many times faster than even the speediest digital

computer using current methods.

The brain also has the ability to program itself, forming rules and responses to
situations that it has encountered and extrapolating from experience to deal with new

phenomena. This process is commonly known as learning.

2.4.2 Modelling neural networks

Since the neuron is fundamental to the operation of a neural network, any attempt to
model the workings of the brain must offer a satisfactory representation of it. In

particular, the model must offer the following four attributes:

(i) A set of connecting links (synapses) between neurons. Each of the synapses
should have associated with it a weight which scales the signal arriving at the
input. In particular, a signal, x, at the input to the 7™ synapse of neuron i is

multiplied by the synaptic weight, wy. The weight wy is positive if the associated

12 Here, the term evolutionary refers to the computing techniques employed by these algorithms. The
algorithms themselves do not evolve.
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synapse is excitatory (signal boosting) and negative if it is inhibitory (signal

attenuating).
(i)  An addition unit for summing the weighted input signals of the neuron.

(7ii) An activation function, ¢, which scales the output of the neuron to some
prescribed range of values. Typical choices for the normalised output range of a

neuron are [0, 1] and [-1, 1].

(iv) An externally applied threshold, &, which has the effect of lowering the net input
to the activation function. A negative threshold value constitutes a bias term,

which has the effect of boosting the input to the activation function.

Keeping these four points in mind, we arrive at a neural model as presented in Figure

2.4.1 below.

o Xo= 0, Wip = -1

X1

Inputs ¢ X2 ¢ — Output, y;

Summing Activation
junction function

Wy

Figure 2.4.1 — Model of an artificial neuron.

We can specify the neuron of Figure 2.4.1 algebraically by the equations

4
z'lr' = Z H;inxn

1=0

which corresponds to the summing junction and

Y, =¢u,;)

which corresponds to the activation function, and by specifying the parameters
corresponding to the synaptic weights and the threshold and the activation function

associated with the neuron.
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2.4.3 Types of activation function

The activation function, ¢, defines the behaviour of a neuron in terms of its input.

Three basic types of activation function are used:
(i) Threshold functions are generally of the following form

0,if x<0

1, otherwise’

P(x) = {

although functions of the form

~-Lifx<0
wo-|

1, otherwise
are also used.

In those neural models that utilise threshold functions, there is no output from
the neuron until a prescribed level of input activity is reached. Figure 2.4.2

shows a typical threshold function.

0.5 1

.2 -1 0 il 2

Figure 2.4.2 — Threshold function.
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(ii) Piecewise linear functions. (For a definition of piecewise linearity see Linear
distributions in the Srochastic algorithms section.) An example of a piecewise

linear function is

0,x<0
d(x)=4x,0<x <1
Lx=>1

A piecewise linear function may be viewed as an approximation to a non-linear

activation function.
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Figure 2.4.3 — Piecewise linear function

(iii) Sigmoid functions are the most widely used form of activation function. A
sigmoid function is defined to be a smooth, strictly increasing function with

horizontal asymptotes. Figure 2.4.4 shows the sigmoid function

X

_e_'

x) 1
p(x) = tanh(E} =

14+e™
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0.5 +

Figure 2.4.4 — Sigmoid function.

2.4.4 Graphical representation of a neural network

A neural network is essentially a type of automaton — a self-contained computing
machine — and, as such, it is convenient to represent these networks as weighted
directed graphs, whose nodes represent the individual neurons, and whose weighted
edges represent the synaptic links. In addition, with each node, i, we associate an
activation function, ¢, which has the effect of scaling the output values to some

prescribed range. Figure 2.4.5 below shows a simple neural network.
1 3

W3y

wsy  Output layer

2
Input layer Hidden layer

di(x) = a(x) = d3(x) = du(x) = ¢gs5(x) = ¢x) = tanh(x/2)

Figure 2.4.5 — A simple neural network.

The neural network of Figure 2.4.5 illustrates several important ideas. Firstly, notice
that the neurons in the network may be grouped into three vertical layers as illustrated

in Figure 2.4.5. These are the Input, Hidden and Ouput layers. The network is of the
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feedforward type. That is, each of the neurons in any given layer is connected only to
neurons in higher'” layers. The network is also said to be fully connected, in that each
node in the i layer is connected to each node of the i + 1" Jayer. A network in which
some of these synaptic links are not present is said to be partially connected. Since
there are several layers of neurons in this network, we say that it is a multilayer
network. In fact, we go further and label it a 2-2-1 multilayer feedforward network,
where the numbers refer to the number of neurons in each of the three layers. The
middle layer of neurons is referred to as a hidden layer, since these lie out of sight to
an external observer. The hidden layer performs additional processing on the data

flow from the input to the output neurons.

2.4.5 Learning in a neural network

Machine learning is, conceptually at any rate, no different to the learning processes
experienced by, for example, human babies. We identify three key steps in the

learning process:
(i) The neural network receives stimulus from the environment.
(ii) The neural network changes in some way as a result of the stimulus.

(iii) The neural network now responds differently to environmental stimuli due to the

changes that have taken place.

The problem can be approached in several ways. We now identify three learning

paradigms that can be employed.

(i) Supervised learning. This is analogous to the classroom notion of learning, in
which an external ‘teacher’ supervises the whole of the learning process to

ensure that the network behaves and progresses in the correct manner.

(ii) Reinforced learning. Here, a critic that evolves through a trial and error process

is employed to guide the learning process.

'> Note that the layers in the network are numbered from left to right. Thus, when we talk of higher
layers, we mean those layers to the right of the one in question.
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(iii) Unsupervised learning. As the name suggests, no external teacher or critic is
employed in learning algorithms of this type. The process is entirely self-

organised.

It is neither practical nor particularly useful to study each of the learning algorithms in
detail at this point. The interested reader who wishes to read further on alternative

learning algorithms is referred to [Haykin, 1994] and {Kartalopoulos, 1996].

2.4.6 Neural networks and music

The application of neural networks to musical problems should really come as no
surprise. After all, creative processes like musical composition are often considered to
be quintessentially human processes, and neural networks were themselves introduced

as a means of modelling the human thought processes.

Neural networks have been applied in a number of musical situations. One usage has

been for pitch detection ([Jenkins & Sano, 1989]).

Here, a sound is fed into the trained neural network. The different partials present in
the sound excite neurons in the input layer. The weighted outputs from these neurons
are processed by hidden layers before finally exciting the single output neuron,

resulting in a single best guess at the input pitch.

Pitch detection networks of this sort have several advantages over more traditional
pitch detection techniques which try to find periods in the input waveform to guess
the input pitch. In particular, they are often easier and cheaper to implement once the
initial training period is complete. Neural-based pitch-detection techniques are also
not as prone to delays in guessing as traditional techniques, which must wait for the
initial noisy attack and at least one period of the waveform to complete before
attempting to determine the pitch. In fact, the neural approach to pitch detection has
been so successful that the technique has been commercialised by Yamaha as the

basis for their MIDI guitar system ([White, 1996]).
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Neural networks have also been used to compose music (see, for example
[Dolson, 1989]), to model the human perception of tonality ([Bharucha & Todd,
1989]) and to generate sounds ([Warthman, 1993])

2.4.7 Genetic Algorithms

We now introduce a parameter optimisation technique known as a genetic algorithm
(GA). This technique was originally introduced in the field of engineering as a means
of finding optimal solutions for problems that were not easy to solve using traditional

optimisation techniques, and operates on a set of binary codewords.

There are four basic types of operation which can be performed on the codewords:
selection; crossover; mutation and inversion. We shall consider only the first three,
since inversion can be derived from these. The crossover operation exchanges
information between a pair of codewords. Mutation alters the value of a single bit in a
codeword. Typically, the genetic algorithm is used as an optimisation technique, and
so the selection operation is used to find the ‘best’ possible codewords for some
predetermined criterion. However, for compositional purposes, an optimisation of this
sort may be unnecessary if the operations are used solely for the development of the
compositional parameters. Alternatively, if the composer wishes to search the space of
compositions for the best melody, some care must be taken over the choice of fitness

function, since this determines the melodies that are selected and those that are

discarded.

A typical parameter evolution step is shown in Table 2.4.1.
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Explanations

Codewords

Consider a set of n codewords which represent the
values of some musical parameters.

Ci:11010110
¢,:10010111

C,:01001001

Selection: Codewords are chosen to undergo
evolution according to some stochastic mechanism
(c.f. Darwin’s theory of evolution — chance mutation
leading to population development ([Darwin, 19811)).

C;:10010111
C;:11000101
C“!OIl]lOOl

Crossover: Some portion of a pair of codewords (in
this case, C7 and Cy;) is exchanged at the dotted
position randomly specified, producing the two
offspring €7 and Cj;’, whose values are then assigned
to C7 and Cy;.. This is applied to some predetermined
section of the population, specified by the crossover
rate.

C,:10010111
C;:11000:101
Cn:011110017

C;:11000001
Ch:01111107

Mutation: The bit values of some codewords are
inverted at a mutation rate of 1 - 5%. The value that
has been changed as an example is highlighted by an
underline.

C,:10010111
C;:11100001
C1:01111101

Table 2.4.1 — Typical parameter development step for a GA.

The genetic algorithm can be utilised as a parameter development technique as
follows: firstly, each parameter is assigned a binary codeword according to its initial

value. At each timestep, the genetic algorithm is performed on the set of codewords as

illustrated in Table 2.4.1 above, leading to population development.
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2.4.8 Musical applications of GAs

Genetic algorithms have been applied to the composition problem. One example,

> 14

which uses the simple genetic algorithm to produce an ‘optimal melody’ ™", is the

program GAMusic by Software Visions ([Moore, 1994]).

Of course, the problem of how to define an optimal melody is by no means trivial.
The subjective qualities of music are such that a truly objective definition of musical

worth may remain forever elusive.,

GAMusic side-steps the issue slightly by leaving the aesthetic judgement of the
generated melodies’ fitnesses to the user, who auditions each melody and awards it a
fitness value. The possible fitness values are poor — 1, average — 2 and good — 3. Each
melody in the initial population starts out with an average fitness. Following the

fitness assignment, the GA is iterated once by the user.

The iterative evelution of the codewords, and the mutation and recombination
frequencies are also controlled by the user. Each series of musical notes is represented
in binary form by an array of length 128, allowing a maximum of 30 notes per melody
and providing a solution space with approximately 3.4 x 10*® possible melodies. An
unintelligent search for an ideal melody would require testing every possible solution,
and even allowing an optimistic estimate, it would take years to search, play and
evaluate each of these solutions. In theory, the GA should be able to find a near

optimum melody after searching only a fraction of the solution space.

Genetic algorithms have also been used in sound synthesis (see, for example [Horner,

Beauchamp & Haken, 1993]).

"1t is difficult to specify precisely what is meant by an ‘optimal melody’, since the judging of such is
necessarily subjective and fraught with difficulty. We cannot hope to offer a concrete definition, but for
the purposes of this discussion, we use the phrase to refer to a melody that is more pleasant and which
provides a closer match to the composer’s aesthetic ideals than any other.
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2.5 Serial Algorithms

2.5.1 Serialism

One composition technique that lends itself very well to algorithmic treatment is that
of serialism. This is the method of composition that derives from Arnold
Schoenberg’s twelve-note style, which arose from the composer’s experiments in
writing music that was free from tonal constraints and which did not follow the

traditional ways of building chords [Schoenberg, 1984].

The essence of serialism is that all chords and melodies are constructed as
arrangements of the twelve notes of the chromatic scale in a particular order. This is

referred to as a fone-row or series.

Each tone-row has associated with it 48 different forms, which are obtained by

subjecting the series to one of the following transformations.
(i) Transposition. The tone-row can begin on any of the twelve semitones.

(i) Retrograde motion. The tone-row can be played backwards on each of the

twelve semitones.

(iii) Inversion. The tone-row can be played ‘upside down’. More formally, each of

the intervals through which the melody proceeds is replaced by its inversion.
(iv) Retrograde inversion. The tone-row can be played backwards and upside down.

Clearly then, there are 12 forms for each of (i) — (iv) above, resulting in 48 distinct

transformations of the original tone-row.

There are often further constraints placed on the development of the tone-row
throughout a composition. For example, the composer may decide that the tone-row is
not to be repeated after its initial exposition. In addition, the composer may decide to

permute the tone-row after a number of steps to obtain a new series.

The tone-row can then be thought of as a blueprint for the entire composition.
Everything that appears subsequently in the composition is derived in some way from

the original tone-row.
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2.5.2 Implementing a serial algorithm

In order to construct a serial algorithm, the composer must decide upon the following.

(1)

(%)

(iii)

()

How should the initial tone-row be chosen? There are two options here. It can be

specified manually by the composer, or automatically generated by computer.

How should the transformations be chosen? For example, the composer may
specify the transformation at each stage in the composition process, or may
employ a decision making routine within the composition algorithm. The
decision making routine could be deterministic, using properties of the tone-row

to choose which transformation to apply next, or could be stochastic in nature.

How should the other composition parameters develop? There are a number of
different methods that could be employed here. One technique, in keeping with
the serial nature of the notes, is to use formal mathematical series to control the
parametric evolution. For example, the composer could map the values of a

geometric series'® to tempo to obtain accelerandi and ritardandi.

At what stage should the tone-row be permuted? Again, this is a decision that the
composer may wish to make personally, or which could be handled by a decision

making routine from within the algorithm.

We illustrate with the following algorithm:

BA geometric series is a sequence of real (or complex) numbers, sg, 51, 52, o in which s, + |, the next
number in the series is obtained by muitiplying s, by a factor, g. The rn™ term of the series, s,, is
therefore sog”.
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procedure serial ()

{
generate the initial tone-row

repeat

{

if (MIDI value for last note in series = 0 (mod 4))
transpose series to begin on last note
else if (MIDI value for last note in series = 1 (mod 4))

apply retrograde motion to series

i

else if (MIDI wvalue for last note in series 2 (mod 4))

apply inversion to series
else
apply retrograde inversion to series

until user interrupts

Algorithm 2.5.1 — Serial composition algorithm.

The algorithm employs a deterministic decision making routine for choosing the
transformation that is to be applied. There is a danger here, however, in that the
original tone-row may be repeated before the full cycle of 48 transformations has been
completed. It is therefore prudent to have a further subroutine which would compare
the newly-transformed tone-row with the transformations that have already been
played, and transform it again if it had already been played. If this additional check
were not applied, we would have formed a cycle of fewer than 48 transformations

which would cycle indefinitely, since the decision making routine is deterministic.

The generation of the tone-row could be achieved by a routine similar to the

following:
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procedure tone_ row()

{
for 1 = 0 to 11

N{i} = 1

next 1

for i = 0 to 100
a, b = random integers between 0 and 11
swap N[a] and N[b]

next i
Algorithm 2.5.2 — A simple tone row generator:

Here, we have assumed that the notes of the tone-row are stored in an 11-element

array, N[ ], and are specified by an integer between 0 and 11.

Transposition is achieved by adding the transposition value to each of the notes in the

tone-row:

procedure transpose (amount)

{
for i = 0 to 11

N{i] = N[i] + amount
next i

}

Algorithm 2.5.3 — Algorithm for transposing a tone row.

Retrograde motion is achieved by re-ordering the elements in the array:
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procedure retrograde()

{
for i = 0 to 11

temp[i] = N[11 - i}
next i
for i = 0 to 11

N[i] = templ[i]
next i

}

Algorithm 2.5.4 — Algorithm for calculating a retrograde ftone row.

Finally, inversion is obtained by inverting the interval between the successive notes of

the tone-row:

procedure inversion()
{
temp[0] = N([O]
for i = 1 to 11
interval = N[i] - N[i - 1}
temp([i] = temp[i - 1] - interval
next i
for i = 0 te 11
N{i] = temp(i]

next 1

Algorithm 2.5.5 — Algorithm for inverting a tone row.

2.5.3 Quality of resulits

Serial music is not judged by traditional aesthetic criteria. The main objective is not to
produce pleasing melodies, but to subject the original tone-row to complex
transformations. Because of this highly mathematical structure, serial composition
lends itself very well to the algorithmic treatments discussed here, and, with a little
worlk, it is possible to create complex compositions that sound convinecingly like the
works of human proponents of this style. After all, Schoenberg, Stockhausen et al
used exactly the same transformations as we have presented above. The use of a

computer merely removes the necessity for menial calculation.
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Few algorithmic composition packages have been dedicated entirely to serial
algorithms. Most often such transformations form part of a larger composition
environment. Such is the case with Datamusic’s Fractal Music for the Atari ST

([Sansom, 1992], [Russ, 1992], [Johnson, 1997a}).

Fractal Music is a composition package that uses fractal and iterative techniques to
drive the generative elements of the system. However, once the program has
generated a melodic line, it is then subject to serial (and other) transformations.
Amongst the alternatives to the basic transposition, inversion, retrograde motion and

retrograde inversion options are:

(i) Quantise, which allows the composer to quantise the note values in a track to a

specific resolution (say to the nearest semiquaver).

(ii) Stretch/move which allows the composer to alter a track’s position in space (i.e.
transposition) and time. It is also possible to compress and expand a track in both

space and time (i.e. augmentation and diminution).

(iii) Reflect/rotate allows the composer to apply precise mathematical
transformations to the note data. This is simply a generalisation of the more
traditional inversion (i.e. reflection in the horizontal pitch axis), retrograde (i.e.
reflection in the vertical time axis) and retrograde inversion (i.e. rotation around

180 degrees) transformations.

Combining algorithmic techniques like this vastly increases the scope of a system, and
can aid the composer both with the generation of new musical ideas and with the

development of these initial ideas into complete musical works.

2.6 Rule-base algorithms

2.6.1 What is a rule-base?

The final class of algorithm that we examine is the class of rule-base algorithms. This
class of algorithm uses a set of desired responses, known as a rule-base (or
knowledge-base), which is stored in permanent memory and consulted when the

system receives input ({Ullman, 1990]).
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The rules essentially define the behaviour of the system, which should have at least

one desired response for each possible input.

A system of this sort, which contains the coded knowledge of one or more experts in a

particular field is often referred to as an expert system.

2.6.2 Knowledge representation in an expert system

The way that information is stored in a rule-base depends on a number of factors. For

example:
i.) For what purpose is the expert system to be used?

Clearly, an expert system whose purpose is to advise medical staff of likely diagnoses
for given symptoms is unlikely to have the same data storage requirements as an
expert system for music composition. There may, of course, be certain common
requirements — both systems may use ASCII text to store certain types of data, for
example. However, on the whole, different requirements require different methods of

storage.
ii.) What resources are available for input?

Will the composer be entering composition data manually from a keyboard? Will the
data be entered as textual information? Perhaps some algorithmic process is at work in
the background and will generate some other form of composition data. All of these
will have a direct bearing on the way that the rule-base is stored in memory. Clearly,
it is desirable to have a reasonably close match with the input data and the rule-base to
avoid unnecessary translations. For example, if composition data are to be entered as
text, whilst the rule data are stored as MIDI information, there must be at least one

translation to ensure that a meaningful comparison can take place.
iil.) What resources are available for output?

Again, this will have a direct bearing on how the responses are to be stored in
memory. For musical purposes, this is extremely likely to be in the form of short

MIDI files, or score files for composition languages.

66




iv.) What resources are available for the system?

This is a further consideration that has some relevance on how the rule-base should be
implemented. For example, suppose that the computer on which the system is to be
implemented offers less storage space than is needed to fully specify the rule-base.
This would mean either omitting some of the rules or the information associated with
them, which is not desirable since it alters the behaviour of the system, or finding

some alternative means of representation which requires less storage space.

2.6.3 Some benefits and drawbacks of rule-base systems

One of the greatest benefits of using rule-base systems of this sort is that the results
are potentially exceptionally good, because the system draws on the knowledge of

experts to create new compositions.

Another benefit of the rule-base approach to composition is that it allows the creation
of ‘hybrid’ works, which would have otherwise been unlikely (or impossible). After
all, there is no reason why an expert system should refer to the knowledge of only one

expert.

It is easy to envisage a situation where several experts, each with their own area of
expertise, have contributed to an expert composition system. On composition, then,
the system has at hand the combined knowledge of each of the experts, making

possible the creation of a funk-baroque, or classic-blues work.
There are, however, problems, albeit problems which are not insurmountable.

In order to create a {ruly expert system, one must consult true experts. This makes the
creation of an expert system both time consuming and costly: One must first find
experts on whatever subject the system is to cover. Having found these experts, their
entire knowledge of the subject must somehow be discovered and formalised, then

encoded and stored.

Of course, further problems arise if, for example, there are no living experts on the
particular subject of interest. Thankfully, there is a wide range of musical analysis

available which may be used to assist in the creation of a knowledge-base.
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For example, if we wish to construct a Mozart algorithm, it would be possible to
examine the numerous analyses of his work and obtain a clear idea of how the
composer dealt with certain situations. This could then be coded and stored just as

with the knowledge of contemporary experts.

Also, having built an expert system for composition, there is a danger that it will
respond to similar input in an identical manner. The problem arises if the system has
been designed to repeat exactly the experts’ responses (i.e. quote verbatim). For
example, if the system has been designed using an input checking routine of the sort
shown in Figure 2.6.1 below, there is a real danger that the expert system will become

little more than an expensive musical quotation machine.

IF INPUT 1 THEN RESPONSE 1
IF INPUT 2 THEN RESPONSE 2

INPUT —— > [ >OUTPUT

IF INPUT n THEN RESPONSE n

RULE-BASE

Figure 2.6.1 — Simplistic expert system that repeats the experts’ responses exactly.

One way to avoid this is to employ a subroutine that takes as input an expert’s

response and returns a variation of that response.

A good example of a composition system which uses a knowledge base is [Cope,

1987].

2.7 Turing Systems: A new means of classification

We now propose a method of classifying certain types of musical algorithm that
depends not on how the music is created within a composition system, but on how the

composition system itself behaves.

Recently, with the explosion of interest in the world wide web, a number of music

generation packages have arisen in order to satisfy the need for music over the
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internet. By far, the most interesting of these packages have been those that allow
interactive generation of music — literally jamming via the web. One such system is
the Rocket Network, which allows composers and audio professionals anywhere in
the world to work together on the same recording over the Internet, eliminating the
need for all contributors to be in a common location (see [Wentk, 1995] and [Res

Rocket, 1999]).

The packages in question allow several musicians to link up via the internet and create
music together. Some music may be generated algorithmically; some may be played
by human performers, and some may have been pre-recorded and replayed. The actual
means by which the music is generated is not, in itself, important. What is important
is that each individual musician is receiving musical input at their computer terminal
and is providing musical output in response. The musician does not know (nor
particularly care) whether the music has come from the fingers of a pianist halfway

around the world or from the logic gates of a PC on the other side of town.

One can see straight away the similarities between this and the writings of the great
theoretical computer scientist, Alan Turing, whose infamous test for machine

intelligence ([Turing, 1950]) states that:

True machine intelligence can be said to have been achieved when a human being can
converse via a computer terminal with an unseen operator and a machine and is

unable to distinguish between the two.

For this reason, we have grouped interactive algorithmic music packages of this sort

together under the title Turing Systems.

One might imagine that it would be simple to tell the difference between a real
jamming musician and a computer running algorithmic composition software. In
practice, though, if a listener is given no additional clues to the origin of a piece of
music, it is often very difficult to tell — there may be little difference in the output
from a poorly designed generative music algorithm and a musician who cannot

improvise!

69




2.8 Summary

We conclude this section by presenting the following table, which highlights the main

features of the algorithms discussed herein.

It should be noted from this table, that each algorithm has its advantages and its
disadvantages. There is no ‘right’ or ‘wrong’ algorithm. The composer should
examine the problems that face him when composing a work and should make an

informed choice of algorithm accordingly.
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Algorithm Type

Key Features

Advantages

Disadvantages

Stochastic

Driven by the laws
of probability.
Rely on random
functions.

Easy to implement
and understand.,

Output is random —
unsuitable for replicative
composition.

Impossible to predict in
advance exactly how the
composition will sound,
making it difficult to plan
compositions.

Formal Grammars

and Auatomata

Uses language
theory to specify
macroscopic
structure and fine
detail.

Can generate
extremely convincing
music.

Formulation rules
easy to specify.

Underlying mathematics is
quite complex and difficult
for non-mathematicians to

comprehend.

Iterative and

Uses fractal
pictures and

High correlation
between visual and

Very many uninteresting
orbits.

Fractal mathematical sonic representations | Complex mathematics may
equations to of data. be difficult to understand.
generate note data. | Chaotic orbits often Poor choice of mapping

produce interesting often leads to dull or non-
results. musical results.
Often difficult to predict
how the system will behave
for chaotic orbits.
Evolutionary Neural techniques Exceptionally . Extremely complex.
use a model of the powerful technique, Neural-based systems often
workings of the particularly when have to undergo extensive
human brain to combined with other | training.
analyse and classes of algorithm. | Difficult to define what is
replicate The composer only meant by an optimal
compositions. has to provide the melody.
Genetic algorithms | building blocks of a
evolve an initial work, the system can
melody to some complete it.
optimum.
Serial Formalisation of a Easy to implement Serial composition is not to

well-established
composition
technique.

A series of notes is
subject to various
musical
transformations.

and understand.
Output is of a similar
standard to that
obtained manually.

everyone’s taste!

Knowledge-base

System responds to
mput from the user
by consulting an
expert knowledge-
base.

Convincing results.
Puts a wide range of
musical expertise at
the composer’s
fingertips.

Fusion of styles
possible.

Difficult and costly to
implement.

Danger of straight repetition
of stored knowledge.

Table 2.8.1 — Summary of the six main algorithm types.
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3. CAMIUS - A cellular automata based music

algorithm

3.0 introduction

In this chapter we introduce the fundamentals of our research work involving the
application of cellular automata (see Section 2.2.8) to music composition and present
CAMUS, an algorithmic composition system which uses cellular automata as the

basis for its control system.

3.1 Cellular Automata MUSic

The CAMUS (Cellular Automata MUSic) system uses the Game of Life (|Gardner,
1971]) and Demon Cyclic Space ([Miranda, 1993]) automata to generate

compositions.

3.1.1 The Game of Life

The Game of Life automaton consists of an m x n array of cells, which can exist in
two states, alive, denoted by 1, or dead, denoted by 0. The rule which determines the
development of the automaton is: 4 cell will be alive at timestep t + 1 if and only if it
has precisely 3 live neighbours at timestep t. Figure 3.1.1 shows six successive

timesteps of the Game of Life. The live cells are shaded in black.
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