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A method for generating musical motion
patterns

Foreword
The purpose of this foreword is to give the reader an overview of the present study.
Here, terminology is kept simple, concepts are defined succinctly, and the goals and
main ideas of this study are presented. Scientific argumentation calling for literature
references starts after this foreword, in the Introduction.

This study concentrates, from a computational perspective, on musical phenomena
that earlier research has partly neglected or that has been handled only from esthetico-
philosophical viewpoints. These phenomena are involved primarily in the creation of
musical events. A human being tries, when creating music by improvising or
composing, to achieve sound structures that correspond to certain esthetic or artistic
requirements. Such requirements include - among other things - integrity, clarity, and
that the music be interesting and sufficiently complex. But even an extremely simple
sequence of sound events (such as an accompaniment by an electric organ) can act as
music in some situations. A simple sound sequence can be understood as a basic unit,
or atom of music, which includes essential musical features. The musical sound
sequences to be investigated here are cyclical in nature, and surprise is not an
important feature of them. It may be noted, however, that the motion patterns handled
here can act as a part of musical structure, but this involves the connection of the
motion pattern to other musical factors and structure-forming elements. In short, it
requires the musically inventive use of the motion patterns. This inventive use
(composition) lies beyond the scope of this investigation.

Algorithmic modelling has become an important tool for investigating improvisation
and composition. This includes the examination of the elements affecting musical
output with the aids of computer-modelled synthesis of music. Music synthesis can be
studied either with models that try to imitate the surface structure of musical style or
with models that try to incorporate similarities to the presupposed processes of the
human brain when it is producing music. In the latter case it is common to talk about
structural modelling. The methods can generally be said to form the concept of
musical artificial intelligence. Sometimes the term "artificial intelligence" refers to the
more restricted research area of semantic artificial intelligence. If artificial intelligence
is understood more broadly, it can also include research concerning artificial neuronal
networks. The pattern generator model that is presented in this study, the MINN
model (mutually inhibited neuronal networks), can also be seen as a sub-branch of
research concerning artificial neuronal networks.

Listening to and thinking about music seem to include mental images of movement.
There are situations where playing requires moving. In these situations the mental
images of movement are connected to the actual movement in playing. Sometimes
there are situations, as in dance, where music itself seems to cause movement. What
moves, i.e. the subject of movement, is not important; what is importan is the
movement itself and its dynamics. The relation between motional imagery and music
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can also be such that music can arise from movement imagery. In the human mind
these motional imagery patterns are not verbal or symbolic but sub-symbolic, and they
can be only experienced as motional imagery. The musical actualisation of motional
imagery is created by sound imagery or by playing movements. The MINN model
creates number series that metaphorically represent the motion patterns in the mind of
the one who is improvising or playing music. A number series thus created by the
MINN model has to be contextualized; a functional musical context has to be formed
so that the numbers can be transferred to sound events and hence be played or
notated. Numerical description of musical properties is needed, because the computer
is unable to handle any other form of data. Even when the computer seems to deal
with pictures, notes, or sounds, the properties of the objects are always coded in the
computer as binary numbers. There are conventions for transforming musical
properties, such as note duration, to the numerical code required by the computer
program. Data is placed in the parameter fields of data structures, which are stored in
addressable memory locations in the computer's memory.

One of the most important premises of this study is that the music-processing mind
does not use only one principle or strategy at a time, but that different strategies and
principles are combined depending on the situation. This idea has led to a modelling
technique where different tasks are handled by different algorithms. This kind of
modelling, which combines both artificial intelligence techniques and models based on
cognitive science, is here called the "hybrid model". By using the hybrid model it is
possible to approach the structural model of the musical processing system of the
human mind and also to achieve musical output that resembles the desired musical
style. For the number series produced by machine to be somehow heard as "ordinary"
music, it has to be placed in a musical context. In other words, it has to be
contextualized. Artificial intelligence (AI) -based methods, such as rule-sets, will be
used in contextualising the output of the MINN model. This makes the MINN model
a combination or hybrid of computational artificial neuronal networks and traditional
artificial intelligence programming. This hybrid includes the main MINN model,
which does the motional-rhythmical part, and the contextualization functions, which
are based on more traditional music programming methods such as rules. The main
subject of the study is however time and processes that evolve in time; i.e., dynamical
processes. The AI methodology is a practical addition, and problematizations of the AI
methods are beyond the scope of the study. The problems with AI methods are caused
by presuppositions about information being symbolically represented in the mind.
Dynamical and process-oriented modelling, such as the MINN model, are instead
based on the supposition that the symbols (or symbol-like behavior) emerge from the
processes in the mind.

The brain can perform tasks that, intuitively, seem to be very simple, but that actually
involve complex calculations. Examples of such tasks are catching an approaching ball
and visual perception. There are also tasks that the human brain carries out easily,
such as perception, imitation and creation, but whose principles seem to escape
conceptualized thought. Music is also an example of such a task. Computer models
have not succeeded well in producing good music; that is, 'good music' in the sense of
reproducing a particular musical style. Musical sequences, repetitive figures, or
motion patterns, the name by which we denote them, are an easy task for the human
mind. Computer algorithms used (such as stochastic methods) up until today have not
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been appropriate for the automatic synthesis of motion patterns. This has been one
important reason for the present study: to develop a model that can be used in the
synthesis of motion patterns. This model is then used as a tool to aid in understanding
the musical motion imagery and the inter-related temporal perception.

1.1 Related disciplines referred to in this study
To study musical motion patterns by means of computer simulation requires the use
of methods from (at least) three scientific disciplines. The most important of them for
this work is of course musicology, because it lays down a theoretical basis for both the
definition of musical motion patterns and for the evaluation of the generated results.
Theories about the possible role of motion-pattern generators, and which methods are
used to generate them in the human mind, fall within the scope of cognitive
musicology.

Neurophysiology and the closely related computational neuroscience have inspired
the use of pattern generators. To obtain results that are 'valid' - to use the term in the
sense it is used in the natural sciences - would require a thorough knowledge of
neurophysiological systems. This is not possible in the present study. Rather,
neurophysiological methods can be mostly seen as inspiring and generating ideas for
experiments in the musicological sense. These influences have been very important,
because they have led my music-theoretical thinking along new paths into the music-
processing mechanisms of the mind, and have helped me to see that the musical mind
can have inherent generative properties.

The use of computer science methodology facilitates the combining of different aspects
of the theory into one working model. It is necessary to understand the
implementation of the model in order to understand its behaviour. To provide an
accessible account of the implementation, the model is programmed in
straightforward, object-oriented style (cf. Lawless and Miller, 1991; Karjalainen, 1989).

The model is evaluated by comparing generated pattterns with musical examples,
using both verbal descriptions and numerical comparisons. The numerical comparison
is implemented using methods of computational similarity detection. Computer
science is also interested in the computational effectiveness of the algorithm, that is the
number of computer cycles used to obtain certain results. This aspect is of minor
importance here, because the model runs quickly even on small personal computers.
More important is the ability to modify, develop, and describe the program in a simple
manner. The program is implemented with a view to these aims rather than increasing
the speed of execution.

1.2 Structure of this study
This study is divided into two parts. The first part is named "Musical motion patterns
and music algorithms". In the first chapter the musical motion patterns are discussed
using definitions and examples. The second chapter describes the theoretical
framework for studying musical motion patterns. The third chapter discusses theories
on musical movement and movement patterns. In chapter four the formalized
algorithmic methods are described. These include, for example, artificial intelligence
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methods, which can be used in addition to the main model. In the fifth chapter
cognitively oriented methods of music research are discussed. The most important of
these are the connectionist computations done by means of artificial neuronal
networks. In the sixth chapter the behaviours of physiological pattern generators are
described, as well as the models that simulate them.

The second part, "Using neuron level models to generate musical motion patterns",
explains the MINN model and experiments done with it. In chapter seven the MINN
model is described. A general, non-technical description is given first, and then the
object-oriented implementation is described. In the eighth chapter the experiments
using the model are given and discussed, and it is shown how changes in parameters
change the behaviour of the model. In chapter nine the generated patterns are
compared to music by Bach and Beethoven that was used to exemplify motion
patterns in the second chapter. In chapter ten the results are discussed along with
other research about musical motion patterns and musical algorithms. In the eleventh
chapter possible directions for further research are discussed and final conclusions are
drawn.

Designing the structure of this thesis was not without problems. It was, for example,
difficult to situate the survey of algorithmic methods used in music generation. This
was partly because these methods were not directly used to develop the MINN model,
but as tools to develop contextualization, and partly because the purpose of the survey
of algorithmic methods was to show which features of these methods are similar to
and which ones differ from the MINN model. Another problem was the positioning of
the sections on pattern generator and musical motion patterns. If the emphasis had
been on music cognition, the thesis would have started with the discussion of motion
imagery and physiological pattern generators; if the emphasis had been on music
theory, there would have been a lengthy analysis of the stylistic importance of motion
patterns. But, because music programming, or music algorithmics, is the main theme
of this thesis, the musical algorithms are discussed right after the definition of the
problem and the setting up of the basic musicological theories.
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- PART 1 –

Musical motion patterns and music
algorithms

1. Musical motion patterns
In this thesis the term musical motion pattern (MMP) denotes periodical sequences of
often rhythmically isochronous pitches, which frequently alternate between high and
low pitches, which are phase-locked, and which form hierarchical sub-patterns (these
two last concepts are explained later). A somewhat elliptic addition to the definition is
that a motion pattern is presumably generated by imagined or real movement and that
the generation method affects its properties. The motion patterns are related to
rhythm, because periodic sequences form perceivably different time structures. The
motion patterns are related to melodies, because there is a structured and coherent
order in the pitches of the sequences, but MMPs are just melodies, because they lack
the tendency to move in small intervals and to end with cadenzas. There is also a
relation to the harmonic structure of the music, because MMPs often use pitches of the
chords and they are commonly used as accompaniment patterns.

The following two questions, with emphasis on the second one, form the main queries
of this study: Do the musical phenomena called musical motion patterns in this thesis
originate from motion generating patterns and imagery or from a realization of them?
And is the algorithm which is developed in this thesis for generating those patterns
correct or plausible?

I assume that movement related to motion patterns takes place in different stages of
musical communication. First, I assume that the improviser/composer uses motion-
oriented musical imagery to create periodical patterns. These patterns are then
realized through the real playing movements of muscles. The resulting sound
phenomenon is then experienced as if it were moving. I further assume that pattern
generators similar to those used by the improviser/composer are engaged by the one
who is listening to motion patterns. It is left for speculation if this movement-pattern
process of creation and perception transmits any "meaning" or information or if it is
rather a pacemaker, a coding system for other, possibly more conceptual, musical
information.

The definition of musical motion patterns (MMP) can be derived from more general
concepts of melody, harmony, and rhythm (for these see Krohn, 1927). Harmony here
means the structure formed by simultaneous pitches regardless of any rhythmic
aspects. Rhythm means the continuum perceivable through starting-points,
accentuation, and duration of sound events. (The accentuation and agogics of notes
are left out of the discussion in this work. One reason for this being that it would be
difficult to notate in reasonable detail the dynamical changes in note examples.) All
parameters concerning musical dynamics lie beyond the scope of this study, mainly
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because of the difficulties in notating them in any conventional way. Melody indicates
the combining of a single sequence of pitches with rhythm. Conventionally, melody is
a broader concept, which includes aspects of the structure of the pitch sequence and
the like.

Musical motion patterns can be defined as repeating and alternating pitch patterns
(melody) having repeating sub-patterns, which are combined with rhythm. The main
difference between MMPs and rhythms is that MMPs always involve pitches. Rhythm
can exist without pitch information. The term "alternating patterns" refers, for
example, to alternation between high and low pitches or between groups of high and
low pitches. The term "figure" is also used to refer to a sub-pattern.

Stefani argues that there is a common experience of musical rhythm, which is closely
connected to bodily movement (Stefani, 1995: 133). Musicians "take for granted that
music moves" (Gjerdingen, 1994: 336). Repeated sequential patterns, such as the
accompaniments to dance music, are said to evoke impressions of walking, dancing
and swinging (Gabrielsson, 1988: 30). In addition, Clynes notes that repeated
rhythmical figures are necessarily generated through stable movement patterns (1982:
172).

1.1 Some defining remarks about musical
motion patterns
One may ask 'what is the musical corpus of this research?' 'What set of pieces is
modelled?' Several arguments can be offered to defend not having a strictly defined
corpus. First, the current method is not capable of generating a whole piece of music,
but rather some small sections of it. An exception is the pieces that consist of only one
motion pattern (as in certain preludes of J.S. Bach) where the effect of harmony on the
pattern is excluded. Secondly, I assume that musical motion patterns exist in all music
that has periodical rhythms and in the majority of music that consists of simple
hierarchical structures. Therefore, limiting the scope of the theory to a restricted
corpus (such as some extremely simple Baroque pieces) would give a wrong picture of
the proposed applicability and explanatory power of the theory. A third argument is
that the concept of motion pattern does not refer to a specific musical style, which
would indeed make up a suitable corpus, but to complex musical phenomena, such as
melody, harmony, and rhythm. None of these can be defined by constructing a limited
corpus. There is always one more piece with a different melody, rhythm, or motion
pattern. Lastly, if one insists upon a definition of the corpus in the ordinary fashion,
one may consider the small set of examples in this chapter as the corpus. But I
emphasize that this is a severe limitation, and a broader, fuzzier corpus, is preferable.

The musical motion pattern examples begin with a simple isochronous, one-pitched
musical sequence. After these more complicated examples are shown and the
properties of the sequences are discussed.

Figure 1.1.
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A single pitch (C4) is repeated in figure 1.1. The length of the pattern is one, and there
is one processing component (repetition of the element). How does the musician's
mind generate such a sequence? Clynes argues that "reiteration of temporal pattern
implies participation of memory" (1982: 172). Braitenberg says that repeated
movement can be caused by the oscillation of the muscles (1987: 562). Jeannerod notes
that the patterns can be the result of imagined motion (1993: 10).

Repeating element

Figure 1.2. Two possible views of an isochronous sound sequence.

It is possible to see the elements forming the MMP as separate successive elements, as
groups of elements, or as the repetition of an element or elements (fig 1.2). The
schematic views would be more complicated in cases where the sequence is more than
one-dimensional, as in the following example:

Figure 1.3.

In figure 1.3, the beginning of a sequence is shown in which pitches C5 and C4
alternate. The length of the pattern is two and there are two components: isochronous
repetition of the elements and intervallic movement. This is a more complicated
pattern than in figure 1.1, because it requires a change of element. We can continue the
argumentation of Clynes, Braitenberg, and Jeannerod by asking, Is the pattern
retrieved from memory now two elements long? Is the action of oscillating muscles
now transformed into two pitches instead of one? Is the imagined motion pattern now
slightly more complicated, having two poles between which the imagined object is
moving? There are no ready answers to these questions, because music theory has not
normally handled the more complicated motion patterns (see, for example, Roederer,
1973). These questions are, however, precisely the ones which this thesis aims to
answer.
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Figure 1.4.

The pattern from figure 1.3 can be made more complicated by adding a G5 in the place
of the second C5. This increases the length of the pattern to four and brings the
number of components to three: isochronous repetition of the element, larger
intervallic movement (an octave), and smaller intervallic movement (a fifth).

Figure 1.5. Pattern of length 8.

In figure 1.5 the pattern is more complicated than in previous figures 1.1, 1.3 and 1.4,
but the motion character of the pattern remains the same. Pattern length is now eight
and there are four components in the pattern.

Figure 1.6. Pattern length?

In figure 1.6 the length of the pattern is more difficult to determine. The pattern does
not repeat, at least during the 24 events shown. There is a repeating motion
component, the note E4 repeated on every even 16th-note. There is also an element of
four pitches A3-E4-C#4-E4 repeated three times. It seems to be difficult to define a
simple function or rule by which to compose the whole sequence, as is the case with
figures 1.1, 1.3 and 1.4, but the constant motion component (E4) gives the sequence a
motion pattern character.

In all the examples above, isochronous rhythm prevails. The complexity of the pattern
increases, because more pitches are added, thus requiring more complicated
movement to create it. These examples can also be described without musical notation,
by means of note names or some arbitrary symbols. The first example shows one
repeated pitch:

C - C - C - C - C - C ... (1)

And the second shows two alternating pitches:
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C5 - C4 - C5 - C4 - C5 - C4 ... (2)

The MMP can also consist of more pitches, as in the third notated example:

C5- C4 - G4 - C4 - C5 - C4 - G4 - C4... (3)

These note names can be replaced by arbitrary symbols, like this:

A -B - C - B - A - B - C - B ... (4)

Or like this:

X -B - R - B - X - B - R - B ... (5)

The three strings (3, 4 and 5) represent the same pattern. These strings are abstractions
of the pattern, symbols representing the positions of the elements both in time
(succession of elements) and on the vertical axis (of which mappings are not known in
the case of arbitrary symbols). The possible variations of distances between element
positions can be temporarily ignored in our discussion, and we can assume that it
requires the same amount of effort to change positions. This is discussed later in
connection with the actual physical movements required to make musical sounds.

I argue that these patterns are not created by completely arbitrary decisions made by
the musician, but are the result of real or imagined movement or motion to generate
the elements of the patterns. If the pattern can be represented by arbitrary symbols, is
it plausible to generate the pattern by placing arbitrary symbols one after another?
No, because the order of the sequence of the symbols results from motional activity.
To produce patterned sequences of (arbitrary) symbols requires patterned motion,
circles, loops, oscillations, and so on. Thus different musical motion patterns need not
be classified in taxonomies, no more than different sound waves are classified, but an
understanding of the generating principle is required. That musical patterns are
generated by a musician's motion is supported by Baily who notes that almost every
musical sound is generated by direct physical action (1985: 237).

The MMPs commonly use small note-values, such as 8th- and 16th-notes. Half-notes
or whole-notes are seldom used to construct MMPs. A practical esthetic reason for this
is that the repetitivenes needed to construct MMPs would become boring and too
obvious when used in slow note values. A generative reason for the connection of
MMPs with faster note values might be the oscillative behaviour of muscles
(Braitenberg 1987: 562) and that the properties of neural pattern generators conform
with certain frequency ranges (discussed in more detail in chapter 6). Frequency of
oscillation is in this case dependent on the physical properties of the muscles and the
controlling neural system.
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About grouping the motion patterns
MMPs can normally start only on a beat that is equally divisible with the length of the
pattern and that fits into the bar. This means that an MMP with a length of four beats
(quarter-notes in 4/4) can start only on the first beat of the bar, and an MMP that is
two beats long can start either on the first or the third beat of the bar. The MMPs are
phase-locked, which means that their position in relation to the beats do not change. In
figure 1.7 this is shown in the notation. If the lower staff follows immediately after the
third beat of the second bar in the upper staff, it causes the pattern to shift in phase by
one 8th-note. These kinds of phase-changing transformations are very rare in music
generally, and are almost totally absent in Baroque music.

Figure 1.7. Original pattern in upper staff; in the lower staff one 8th-note is added at the beginning of
the pattern.

To study an MMP according to one musical parameter (pitch, rhythm, etc.) at a time
can be called a one-dimensional inspection. The MMP can, however, have several
parameters changing at the same time, which engages a multi-dimensional parameter
space, where pitch, accents, and rhythm each have their own parametric space. By
integrating these parameters, a new concept can be introduced: the interval angle,
which describes how long a duration is combined with the interval. If an octave occurs
between two successive 16th-notes, the angle of the interval is greater, there is a
steeper slope between the pitches than if the octave occurred between successive
whole notes. Steepness is an important concept, because it influences the way a
monophonic sequence of sound events is perceived (Dowling 1986: 156). The sound
sequence is easily perceived as two different sequences if the pitches are steeply
separated. The concept of musical process is used in this thesis to denote a simple and
systematic change in the MMP. One example of such a process is the ascending line
formed by the first notes of an otherwise identically repeating pattern.

The analysis of the MMPs should be performed in such a way that it reflects the
properties of the generative apparatus that produces them. This is demonstrated in the
following figure (1.8).
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Repeating
element

A

Y
X

Figure 1.8. Simple pattern formed by two notes.

The excerpt in figure 1.8 is taken from the third prelude in BWKI, bar 2. This pattern
consist of three figures A formed by elements X and Y. The figures of A form the
repeating structure A-A-A, which could be continued indefinitely. It would also be
possible to perceive the pattern as formed from by figures B and Bi, as shown in figure
1.9.

Repeating
figure

B

YX

X

Bi

Figure 1.9. Without information about musical context (e.g. time-signature or successive patterns), the
pattern may be understood as formed by two figures.

If the example in figure 1.9 had been notated as two triplets, it would be easier to
perceive it as formed by two figures. Because pitches and rhythm are identical in
figures 1.8 and 1.9, the grouping done by the perceiver is verified by the use of
additional context information. But it is also possible to view the pattern on the basis
of how it is generated. If the generating apparatus is using a ternary mechanism, it
seems apparent that the latter grouping is correct; if the apparatus is somehow binary,
the grouping in figure 1.8 is probably more accurate.



18

pattern

changing element
repeating element

Figure 1.10. Bach, BWKI. A more complicated pattern: Each 8th-note beginning the four-note group
alternates in octaves.

Figure 1.10 shows an 8-note pattern, C6-ES5-D5-ES5-C5-ES5-D5-ES5. In more
symbolic notation it could be written as A-B-C-B-A'-B-C-B, which would allow for
transposition. Because our purpose, however, is not to develop symbolic notation for
MMPs but rather to derive a non-symbolic generation method for them, this kind of
symbolic notation is not developed any further in this work.

Pattern from example 1.

Figure 1.11. Hypothetical pattern (not found in musical examples): in bar 4 the first and third notes are
conceptually different from notes two and four, although the pitches are identical.

In the hypothetical example in figure 1.11 the descending line of the first notes in each
bar is a process quite common in music. The ascending line of the third notes of the
bars, especially when combined with the first process, occurs much less often.

1.2 Examples of musical motion patterns
The following figure (1.12) shows a few bars from the prelude of Bach's first solo cello
suite. Even in this short example a large variety of MMPs can be seen.
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Figure 1.12. MMPs are used throughout the whole prelude from Bach's first solo cello suite.

The pattern changes in a processual way. In figure 1.13 the arrow shows the place
where the intervals of the pattern are decreased to prime.

Figure 1.13. The arrow designates notes in bar 32 of the prelude where identical pitches are
conceptually different elements.

A simpler process in the same cello piece is shown in the next example (fig. 1.14).
Starting from the second beat it consists of a stepwise ascending line alternating with a
steady pitch (D3).

Figure 1.14.

MMPs can exist in several musical lines simultaneously. The patterns can be identical,
of related shape, or totally different. This is very common, especially in orchestral
pieces, where different instruments play different periodical sequences, which are
often phase-locked together.
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Figure 1.15. BWK848, bars 1-3.

Motion patterns occur in both voices in figure 1.15. The shapes of the pattern are
partly mirror-like. The first notes in each four-note group move in contrary motion,
but the other three notes are transpositions.

A motion pattern occurs simultaneously in two voices in the first prelude of BWKI. In
the upper voice is the octave-figure C5-C6 with notes ES5-D5-ES5 in between. The
shape of the pattern remains consistent throughout the example; only the pitches are
adjusted according to the harmonic background. The pattern is eight 16th-notes long
and is divided into two groups of four notes. The first group begins with the highest
pitch, and the lowest pitch of the pattern starts a second group. If the pattern is
reduced to accented notes (i.e., notes on the beat), then only the quarter-note pattern
shown in figure 1.16 remains.

Figure 1.16. Reduction of the pattern in figure 1.15.

In figure 1.17 the motion pattern appears in two voices. The rhythm of the second
voice imitates the rhythm of the first voice. Because of the grouping of the four first
notes and two last notes of the six notes in the upper voice, it corresponds
perceptually to the rhythm of quarter- and 8th-note in the lower voice.

Figure 1.17. BWK 852, bars 1-4. Two-voice motion pattern.
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In figure 1.18 the upper voice is composed of two 8th-note groups. The pattern in the
lower voice consists of two (or four) notes. This means that the upper voice is
motionally more active than the lower voice.

Figure 1.18. BWK854, bars 1-3. Length of the motion pattern in upper voice is 16 notes.

The excerpt in figure 1.18 is typical of Bach's style. Both voices use repeating patterns,
and intervals of the patterns are adjusted according to the chordal situation. The lower
voice can be grouped in two different ways, as consisting of either four or two notes. If
the pattern length is considered to be four, then the two D4s are different elements of
the pattern, although the pitch is same.

Figure 1.19. Bach's d-minor keyboard concerto, 3rd part, bars 89-91.

In figure 1.19, from Bach's d-minor keyboard concerto, there are also chords in the
motion pattern. This phenomenon in motion patterns occurs less seldom than those in
a single line. In the original score one can see also the alternation of the left and right
hands.

The following figure (1.20) shows a series of different motion patterns forming a linear
texture.
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Figure 1.20. Bach, d-minor keyboard concerto, 3rd part, bars 155-161.

In bars 5-6 of figure 1.20 (bars 159-160 in the original score) the two-note stepwise
ascending pattern changes so that the second and fourth notes in each four-note group
have the same pitch (A5), and a small descending interval separates the first and third
notes. In bar 7 the pattern is altered so that it forms descending stepwise motion in the
third beat of bar 8. A "changing pattern" similar to that at the beginning of bar 6 is
used also in this change of pattern. None of the patterns are repeated several times.
Rather, changing and complex patterns are used to make the monophonic line appear
complex and polyphonic.

In Bach's music there are many situations where the pattern is first repeated several
times and then folded out from the cycle by means of some transformational process,
which leads to some other pattern or type of sound sequence. One reason for ending
the cycle is to deceive the expectations of the listener, as noted by Loy:

... composers such as Bach might, after sequencing through two and a half
transpositions, prematurely break off the sequencing. This was accomplished, for
example, by shifting the compositional focus from sequencing (a horizontal musical
dimension) to harmonic resolution (a vertical musical dimension). After two
sequences of a motive the listener has a sense of expectation; after two and a half,
confirmation; then the listener is tempted to stop paying attention, thinking that the
remainder of the phrase will probably just continue the pattern. The break off at
precisely this point with a cadence is to deceive this expectation and re-engage the
listener's attention. (Loy, 1991: 28)
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Figure 1.21. Bach, D-minor keyboard concerto, bars 155-161.

Intervals in motion patterns are adjusted according to harmonic situations. An
example of this can be seen in figure 1.21. There the first patterns in bars 1 and 3 show
triadic pitches that are partially changed to scale pitches. The chord progression is A-
major - A-dominant7 - d-minor (harmonic functions in d-minor: V, V7, and I). The
chord underlying beat 1 of bar 1 is V7, and all the pitches belong to that chord. The
first beat of bar 2 adds the pitch Bb5, which slightly increases the range of notes. The
first beat of bar 2 also includes Bb5 in the pattern. This suggests that the main property
of the figure is the interval of a third that begins the pattern, which is not adjusted
according to the chords.

It is possible to use only a monophonic sequence of notes to denote the underlying
harmony. The techniques of doing this are described in De la Motte (1988), who shows
how Bach used important intervals (especially thirds and sixths) in solo lines in order
to bring out the harmony. It has to be noted that, although a motion pattern can adjust
itself to harmony, it is not part of the harmony. If there are more lines using motion
patterns, some or a combination of these can act as an accompaniment system. This
happens very often in Bach's music, for example, in the keyboard concertos.

It is possible to divide the motion pattern into two different melodic lines, as occurs in
Bach's partitas for solo violin (Dowling 1986: 156). According to Dowling, fast
alternating intervals larger than a minor third can be perceived as two separate lines.

A B

Figure 1.22. JSB CTDM, 155-161.

Where the arrow A points in figure 1.22 the first note gives the impression of being a
quarter-note. Arrow B shows where the lower notes are perceived as 8th-notes. The
G5 (third note of the bar) is slightly problematic, because it plays a double role. First, it
is a neighbor note to the A5s and does not cause the group marked by A to divide into
two 8th-note groups. Secondly, it is part of the linear sequence G5-F5-ES5-D5-C5,
which indeed uses groups of 8th-notes. Making this kind of sound sequence requires
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two kinds of action: a fast rhythmic action to produce all the 16th-notes, and a slower
grouping action to make the groups of pitches.

Figure 1.23. BWK850 bars 5-7.

Similar motion can be seen in the first two bars of figure 1.23 where alternating 16th-
notes are grouped in six-note sets. The change between bars 1 and 2, which is
normally indicated as a shift of finger in editing suggestions, requires fast and quite
sophisticated control of movement.

Virtually all Baroque composers used motion patterns in their music. Among them
was Louis Claude Daquin (1694-1772), whose keyboard composition Le Coucou uses
motion patterns to create stylistic differences between various parts of the piece
(figure 1.24).

Figure 1.24. Daquin, Le Coucou.

In this piece Daquin constantly uses repeated movement patterns that adjust to the
pitches of the chord. Also, repeated pitches can be an element in motion patterns, as
figure 1.24 shows.

In the classical style, motion patterns were used differently to those used in Baroque
music. Commonly, shorter patterns were used, and it was not usual to make
processual changes to the patterns. In figures 1.25 and 1.26 are some examples from
Beethoven piano sonatas.

Figure 1.25. Beethoven, Piano Sonata Op. 10., No. 2. Allegretto, bars 112-114.
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The third-interval figure, A, which is made up of two notes, is the basic element in this
pattern (figure 1.25). Also the transposition of A during the last 8th-note of the bar is
part of the pattern.

Figure 1.26. Beetso-s42-t127.

The motion pattern in figure 1.26 is based on the alternation between the high E and
other pitches. The first 8th-notes form a triadic figure whose last two notes start to
repeat through the last two beats of the bar. A descending triadic figure starts the next
bar. Both halves of the first bar form their own figure in addition to the alternating
figure with E.

Dance music - motion inspired by music
The use of repeated patterns is common in accompaniment and especially in dance
music. Some patterns are so common that they can be called rhythm templates or
prototypes. Very often the piano accompaniment consists of a bass part moving in
fourths and alternating chords played by the left hand, as shown in example 1.27. As
in classical music, the motion patterns used in dance music are often simple, and they
do not change systematically as occurs in Baroque music.

Figure 1.27. Accompaniment template for a jenka or march (according to Sonninen et al. 1978).

The excerpt in figure 1.27 is played on the piano in a manner where the left hand plays
the bass notes on the lower staff and the right hand plays the chord on the upper staff.
The chords are preceded by a rest, which results in alternating movement between the
hands. If the chords were played without rests, as half-notes, this alternation would
disappear and would be replaced by choral-style, legato playing.

Säkkijärvi's polka (fig. 1.28) is an old polka from Carelia, often played on the
accordion. The accompaniment, similar to that of figure 1.27, is played by the left hand
alone using the partially automatic chording system of the accordion. In addition to
the accompaniment motion pattern, the melodic line uses many motion patterns,
which move in small intervals and act as something of an embellishments.
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Figure 1.28. Excerpt from Säkkijärvi's polka.

In this example the motion pattern from beat 1 of the first bar is repeated three times.
After this, two figures that change direction are followed by figures made of
descending scale motion.

In pop music a drum set consisting of bass drum, snare drum, tom-toms, hi-hat, and
cymbals is often used. To drum, for example, the rhythm pattern used commonly in
rock music requires alternating movement of both hands and one leg (figure 1.29).

Figure 1.29. Simple rock rhythm.

Berliner has studied mbira music and connected phenomena such as moving in
relation to it (1981). These compositions are made up of characteristic patterns
repeated several times (Ibid.: 52). Players consider it important to move rhythmically
when playing. Activities connected with mbira music are singing, dancing and hand-
clapping. It is said that movement increases the the musician's concentration on the
music (Ibid.: 40) and that music stimulates listeners to continuous clapping and
dancing which accompany the music (Ibid.: 190-191). An example of movement
patterns in mbira music is shown in figure 1.30.

Figure 1.30. Nhemamusasa, Kushaura, Soul of Mbira page 93, part of the pattern played with mbira.

The transcription system used by Berliner to teach mbira music describes the playing
movement and not the pitches (ibid.: 282), because he argues that this music is learned
through the fingers and not through the ears. This notation is used in the following
example to notate the main pattern of a piece called "Bustu M'tandari". Numbers show
the string to be plucked, and the hyphen indicates a rest with the duration of
approximately one 8th-note (ibid.: 286).
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L: 4 - 2 - 4 - 1 - 4 - - - - 2 - - 4 - 2 - 4 - 1 - 4 - - - - 3 - -

R: - - 2 - - - 4 - - 3 - 3 - - 3 - - - 2 - - - 4 - - 2 - 2 - - 4 -

This numerical notation suggests that, in this case, finger movement is as important in
describing the music as are the pitches. The same applies to commonly used guitar
tablature.

1.2 Some music theoretical concepts close to
MMP
In computer assisted music research there are not many examples of musical motion
patterns. Some studies mention motivic sequences (Loy, 1991: 367). Others discuss
repeating accompaniment figures such as the Alberti bass. Even the Alberti bass is
defined as only one pattern, where lowest, highest, then middle and highest chordal
pitches are repeated (Grove 1980: 212). The most important difference between an
accompaniment pattern and an MMP is that the latter is more general and may also
include patterns used in the melodic line, patterns repeated only a few times, and also
patterns that change in mechanical ways. Most commonly, repeated patterns are
ignored in musicological studies. For example, Lauri Suurpää notes about Schenkerian
analysis that linear movement using chordal notes is called Auskomponierung (1993:
52), but the actual linear movement itself is not discussed.

Arnold described various arpeggiation figures in basso continuo (1961). Many
remarks about these patterns also apply to MMPs. The arpeggiating pattern was called
a Brechung in Bach's time, which at least shows that repeating and varied patterns
were considered essential material in basso continuo. Brechung patterns were
subordinate to harmonization. Resembling MMPs are the patterns described by
Arnold that are produced by repeated figures using chordal notes and sustained
notes. According to Arnold, the player could make variations of these patterns, which
suggests that different pattern generation techniques were used, although
subconsciously, by the players. Bulow (1986) describes the terminology of Heinichen,
who discussed "fast notes" in basso continuo. This discussion is mainly limited to the
handling of dissonances and does not concern the movement or structural properties
of the patterns.

Embellisments used commonly in Baroque music differ from MMPs (and also
Brechung figures). Two notable differences are: a) embellishments are normally only
the neighbour notes of the embellished note (see Cyr, 1992: 123); b) and
embellishments are short figures, usually composed of just a few notes and never
lasting longer than a bar ( C.P.E. Bach 1982: 98). Embellisments do not form repeated
movement patterns, but rather circle a few times around the main note.

Schönberg describes the use of accompaniment pattern as a way to increase unity in a
piece. It is not developed as much as a melodic motive and it keeps its rhythmical
shape. The pitches of the accompaniment motive are adjusted according to the
harmonic situation (Schönberg 1967: 83). In some musical situations the motive of the
accompaniment is changed, for example reduced (ibid: 86). The accompaniment
motive and the MMP are not very far from each other. A normal feature of the MMP



28

is, however, that it has sub-patterns which make the structure of the MMP more
complicated by definition.

1.3 Features of musical motion patterns
Musical motion patterns have features by which they can be defined as sub-groups of
melodies and which separate them from musical embellishments or arpeggios. MMPs
are formed of the following:

A) Repeated groups of sound events.

B) Lengths of the repeated groups are normally based on multiplications or
exponential series of two and three (2, 4, 8, 16 or 3, 6, 9).

C) Sub-patterns contain the features A and B inside longer patterns.

D) Alternation of high and low pitches or groups of pitches.

E) Steady notes, as when every second note has the same pitch, while the other
pitches are forming a melodic line.

F) Different and repeating rhythmic patterns.

Conclusion
A musical motion pattern (MMP) is a hierarchical linear continuum of periodical
sound events of a variable complexity. The term "hierarchical" here simply denotes a
structure where the repeating pattern consist of repeated sub-patterns. The aim of the
previous discussion has not been to create a taxonomy of motion patterns, but to show
the properties and uses of MMPs in musical contexts. MMPs are significant in creating
the rhythm and structure of the music, and they offer possibilities for processing the
musical motives in systematic ways. "Processing" means to add or reduce complexity,
or to change simple sound sequences. On the other hand, the motion pattern can be
adjusted according to the harmonic situation. Because the same motion pattern can
appear in different musical situations, it can be seen as an independent musical
phenomenon. Because motion patterns exist in different musical styles and cultures, it
is even possible to think of them as a musical universal.

Accompaniment figures and embellishments are music theoretical concepts close to
the concept of MMP. Similarities and differences between MMPs and accompaniment
figures and embellishments were discussed above, where it was argued that the MMP
is a more general concept that constitutes an independent musical phenomenon. On
the other hand, the MMP acts in close relation to other musical phenomena such as
melody, structure, and harmony.
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2. Music theoretical background
In this part of the work the musicological theories on which this study is based are
described. First the general analytical theory for music proposed by Nattiez is
discussed. After that the possible methods for studying musical rhythm and rhythmic
sequences are discussed on the basis of Stefani's discussion of rhythm.

2.1 Music analytical theory
The purpose of this work is to study musical motion patterns as musical phenomena
and the processes which supposedly generate them in the mind engaged in creating or
perceiving music. The model proposed by Nattiez (1990) about the three-
dimensionality of the musical phenomenon lays down an effective framework for this
kind of study.

Nattiez divides the musical phenomenon into three dimensions. He calls the action of
the producer the "poietic" dimension, the perception done by the listener the "esthesic"
dimension, and the musical realization the "trace" (Nattiez, 1990: 15). According to
Nattiez, the musical process is formed when the producer, by a poietic process, creates
the neutral level, or trace. The perceiver understands the trace by means of an esthesic
process.

A) Poietic process Esthesic process

B) Producer > Trace < Perceiver

In this work Nattiez's model is expanded by the addition of the concept of dynamical
process. The dynamical process refers to the series of actions in which the sequence of
musical intentions resulting from the poietic process is converted to the trace. The
dynamical process includes both automatic and mechanical features, such as
automatic continuation of motion pattern and partly automated decisions made by the
process. It is assumed that dynamic processes are also engaged in by the perceiver;
thus also in the diagram a dynamic process is situated between the poietic and
esthesic processes. An example of this process is the performer's playing movements,
which gives the listener the impression of motion. This expanded version of Nattiez's
model is shown in the next diagram.

A) Poietic process. Dynamic proc. Dynamic proc. Esthesic pros.

B) Producer > Actions > Trace < Imagined actions < Perceiver

Nattiez divides the analyses of the poietic dimensions into the following six categories
(1990: 140):
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A) Immanent analysis concentrates only on the trace, the neutral level.

B) Inductive poietic analysis makes conclusions about poietic processes on the basis of
the trace.

C) Deductive poietic analysis uses the information about the composer's intention to
analyse the work.

D) Inductive esthesis analysis explains the listener's perception on the basis of analysis
made of the work.

E) External esthesic analysis is formed on the basis of information obtained from
listeners.

F) Combination of all analytic categories; each analytic method is equally important.

Another analytic method is obtained by adding the musical dynamic process to the
list:

G) Analysis of dynamical processes: how the dynamic process works and how it
affects the poietic and esthesic processes.

The main analysis types in this thesis are Nattiez's categories A, B, and C, and the new
category G. Discovering the motion patterns in musical examples belongs to immanent
analysis. Analysis of the main features of motion pattern generators belongs to
inductive poietic analysis. Generating movement patterns by means of the movement
generating neural model is deductive poietic analysis. Deductive poietic analysis is not
primarily concerned with the poietic process, but rather with the analysis of dynamic
processes made on the basis of the poietic process.

2.2 Gino Stefani's rhythm theory
Stefani's (1991) investigation of rhythm is interesting for two reasons. One the one
hand, it joins the different aspects of rhythm (music, movement, emotion) to a tri-
dimensional model; on the other hand, he does not restrict the rhythmic elements of
music to the temporal domain alone. He also sees certain pitch elements as rhythmic
factors. Stefani aims to make explicit the "common rhythmic competence" of people in
western countries. To do this requires not only the investigation of musical structures
and human behaviour, but also how people experience music. Therefore, Stefani has
carefully studied the discourse on rhythm.

Stefani argues that the way to get in touch with "common rhythmic experience" is not
to define it in vague words, but by showing in which situations people agree about its
use. Stefani asked people how they felt when music was played to them, did it contain
musical rhythm, and if so, to what degree (1995: 131). The answers Stefani got were
highly convergent.

After having located the R (rhythm) experience, Stefani continues by describing what
it is. Listeners were asked, "What leads you, in this music and in yourself, to speak of
R?" (Stefani, 1995: 132). The replies he got contained a large number of different terms
(over 400). Some of the terms refer to the musical object (acceleration, accent,
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accompaniment), and others refer to the human subject (hand-clapping, emotion, and
so on). Stefani notes that the answers are individual manifestations of the rhythm
experience, and he uses them as indices of such an experience.

Stefani observes that movement and emotion are involved in the experience of rhythm
(ibid.: 135). He states that "we find in dancing a sensomotoric appropriation for music,
inspired by ... pleasure in self-animation and somatic realization". But he adds that
movement alone is not enough: it is not "enough to be merely capable of doing it
physically". Also the need for moving is required; there has to be a need for feeling
certain emotions. Stefani conceives rhythm as the interrelation of three poles (ibid.:
136): music (Mu), emotion (Em), and movement (Mo). This can be depicted as a tri-
dimensional model (fig. 2.1):

Figure 2.1.

Stefani explains the poles of the model as follows:

We can start from any of the poles, saying R is Mu connected to Em in such a
way that it causes an inner or external experience of bodily Mo; or R is a given
type of Em connected with Mu and causing an inner or external experience of
bodily Mo; or finally, R is an inner or external experience of Mo caused by a
given Em and connected with Mu. These three formulae can be taken together,
in their circularity, as three factors of the same idea.

By movement Stefani refers to "bodily" movement, both as external behaviour and
inner self-perception and re-presentation, and to movement in music, which is
nowadays interpreted, more and more, as an "analog to corporeal neural and analog
motion" (ibid.: 137). By emotion Stefani refers to R as an emo-tonic (emotional and
muscular) state of "feeling alive". For R, both emotional syntony and kinetic
appropriation of music are necessary (on energy distribution in music, see Pickover,
1986).

Stefani handles the musical features of R in great detail. He gives a list of collected
indices of musical features which includes such things as defining the beat,
isochronous pulse, binary and ternary metric patterns, and large intervals (this

Mu

Mo

R

Em



32

indicates that pitches are considered an intrinsic part of R). Stefani argues that the
impression caused by even the simplest examples of isochronous and binary patterns,
which can also be seen as "merely syntactic", are imbued with a sense of Em and Mo.
This is because more general aspects of space and time manifested by such properties
as repetition, density, speed, and the like are inherent in these patterns. This means
that "rhythmic figure can be or can become individualised and autonomous,
freestanding like a figure against a background" (ibid.: 140).

Stefani argues that adequate rhythmic analysis of music must be a tri-dimensional
description of the interactions of the three poles, Em-Mu-Mo. He proposes two ways
of performing the analysis: explanatory analysis, which explains the means used to
achieve a given rhythmical experience; and provisional analysis, which tries to
describe what kind of experience (Em, Mo) the musical features (Mu) produce in the
listener. The tri-dimensional model proposed by Stefani can be compared to the tri-
dimensional model for motion pattern generators. I would like to add here a third
kind of analysis: dynamic or generative analysis, which tries, by simulation, to
describe the generative mechanism of a given rhythm.
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3. Theories concerning musical
movement and motion patterns

3.1 Theories about music and rhythm perception
How perceived rhythmic signals are grouped has been an important research area in
music cognition. Some researchers have approached the problem by using symbolic
rhythm representation (e.g., Chin and Wu, 1992). Miller et al. (1992: 438) proposed a
model where slow oscillators tuned to different frequencies were activated by
rhythmic signals. Roberts and Greenhough used a neural network to simulate rhythm
detection (1994). Rosenthal used neural networks to emulate human rhythm
perception (1992). Miller et al. argued that this kind of oscillator system is required to
group rhythmic signals. Peter Desain proposes an oscillator model for perceiving
rhythm (1992: 439). Summing up the decreasing activation series caused by the
stimulus creates the oscillation in Desain's model. The thus formed, combined
activation series is a complex signal that has peaks in the places of the most
prominent rhythms. Whereas Desain's model uses passive attenuating oscillators,
Ohya uses active oscillators. Ohya's (1994) model, which simulates biological neurons,
is more directly related to physiological systems than are general oscillator models.
Ohya postulates a model of rhythm perception by using a steady pacemaking rhythm
generated by a mutually inhibited pair of neurons. Ohya calls this connection a
"neural rhythm generator". Ohya uses this connection only to model the perception of
rhythm and assumes that this kind of system is really used in rhythm perception
accomplished by human listeners. He leaves open the question how this connection is
formed and how it behaves in the situation of imagining rhythm.

Ohya uses the formula proposed by Matsuoka:
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In this formula Tr is neurons time constant, ui is surface tension of i:th neuron, aij

inhibition strength between j:th neuron to the i:th neuron, yj is the output of the
neuron, si is the activation impulse frequency for the i:th neuron, Ta is the adaptation
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time constant and fi the adaptation strength. The argument aij is positive, so –aij means
mutually inhibited connections.

Ohya uses following diagram (fig. 3.1) to visualize the model:

Step Input

Beat Input
1 2

OutputOutput

Figure 3.1. Inhibited neuron pair constructed by the formula proposed by Ohya (adapted from Ohya,
1994: 30). Short lines at the end of longer lines between neurons indicate the inhibiting connection.

Ohya shows some results obtained from the model. He states that the inhibited pair
starts to oscillate because of the step input. The pair makes up a simple rhythm
generator. When a pulsating signal is given to the oscillating pair, it quantizes the
input. Most important to the present thesis is Ohya's idea of using a dynamic,
mutually inhibited, and oscillating neuron model to simulate rhythm processing in the
brain.

3.2 Music imagery, motion and time
By studying various pieces one sees an astonishing variety of coherent but very
different techniques for handling the musical material. There are motivic variations,
embellishments, harmonic changes, different textures, and so on. I therefore assume
that creating music involves many different strategies and processes. Examples of
these processes are motoric processes and the imagery of motoric processes.
According to Jeannerod (1996) the imagery starts processes in the brain similar to
actual motoric movement. In the case of repeating motion patterns, the imagery would
start self-oscillating patterns similar to the continuous rhythmic movement. Therefore
musical pattern imagery would resemble physiological processes such as walking,
breathing, or heartbeat. It is assumed here that these oscillating neural systems are
connected to other musical processing systems in the brain, such as the memory of
learned patterns and abstracted rules. This leads to the hypothesis that music is not
only based on cultural context, but it is also based on properties of the brain and the
latter's ability to handle information (c.f. Moles, 1966).

Clynes has proposed a hypothesis about essentic forms in music (1982: 47), which
have inherent meaning and which can act in the neural system like a key in a lock, not
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randomly, but by activating certain mental processes that arouse emotional reactions.
The inherent meaning in Clynes's hypothesis is not referential meaning, but a set of
basic properties of the element that are simply suitable (and pleasure producing) to
processes in the mind. Clynes does not mean only musical sequences quantized into
symbolic notation, but also microscopic time spans down to the level of
interpretational sound manipulation.

Seashore argues that rhythm facilitates the perception of different units and makes it
possible to relax the attention between information units. He argues that both
concentration and mental activity in general are rhythmic. According to Seashore,
rhythm is an artistic phenomenon in itself. Rhythm does not need to express ideas (as
poetry does) nor express emotions (as melodies do (Seashore 1967: 14). Very often
rhythmical patterns are repeated and induce expectations for the future. More
complex rhythms are formed on the basis of basic pulsation (Dowling 1986: 185).
Some basic tempos, which are not directly connected to the heartbeat rate, see, also do
exist during rhythmic activities (Dowling 1986: 182).

Melodic line as metaphoric movement
Alexander Truslit is a relatively unknown researcher who postulated theories about
the motional character of music. Bruno Repp has made a synopsis of Truslit's work. In
the following, Truslit's ideas are described according to Repp's text (1993).

Truslit proposed that the most fundamental element in music is inner motion (Repp
1993: 49; see also Gurney, 1966). Motion is processed and transformed intentionally in
the act of composing. The inner experience and artistic form are integrated into a
unified process. The motion experience of the artist creates the form of the work and
gives it substance. Every musical work thus has its own way of moving
(Bewegungsablauf). The listener's task is to perceive and reformat the motional
substance of the work. Truslit compares this to perceived visual movement and its
effect on melodic imagery in the listener's mind (ibid.: 50). Inherent motion gives the
starting impulse for the generation of music; it can be conscious or unconscious, and it
does not require emotional experiences; rather, it can been purely the sensation of
motion. Truslit argues that motion can generate sound events and that those events
can generate an experience of motion in the listener. Visual synesthesis makes it
possible to demonstrate these experiences by movement series. Listeners can draw
synoptic pictures by which they can try to interpret their experience of motion.
Colorization reflects the sound and harmony, and the form is based on rhythm,
dynamics, and pitches (ibid., 50).

According to Truslit, different movement forms reflect different experiences. He
argues that direct motion (line) cannot often be related to experiences, and he
emphasizes the importance of curved forms. Only seldom can the musical experience
be interpreted by words. The motion experience can only be presented by using
musical motion. Truslit argues that musical motion affects the whole listener, even if
the noticeable effect is an almost unnoticeable tensing of the muscles (ibid.: 51). He
argues that musical motion can be compared to invisible and imagined dance, which
is free of all physical limitations. Freedom of movement is the speciality of music.

Every movement starts from an impulse of energy which gives speed and direction to
it (ibid.: 52). The movements direct the sound, and agogic changes offer information
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about the trajectory. The closer the object is, the stronger is the sound - the faster the
movement, the higher the pitch. Every movement can be expressed by music. From
this Truslit draws the conclusion that a crescendo cannot be achieved by increasing the
amount of notes randomly, but that each increase of amplitude has to be in a coherent
relation with the trajectory. The connection of musical parameters means also that,
when following the trajectory, those parameters are also indirectly linked together.
This idea can be compared with that of Baily (1985: 257), who argues that the spatio-
motor component is as important to musical cognition as the auditory mode, and that
musical actions result from the integrated processing of auditory, kinesthetic, and
visual control and feedback information.

Connection of musical patterns to movement and playing
movements
Fraisse reminds us that motion has been considered an important and inseparable
factor of musical rhythm at least since the days of Plato (1982: 151). Fraisse states that
a spontaneous rhythmic activity like walking "plays an important role in all of the
rhythmic arts" (ibid.: 152). The connection between real movement and music means
the synchronization of movement and musical patterns, as in dance (ibid.: 154).
Musical learning is partly connected to kinesthetic learning, and the learning of
rhythmic patterns resembles more closely the learning of imagined motion trajectories
(Jeannerod, 1994) than the learning of symbolic sequences.

Musical composition and improvisation have sometimes been assumed to result from
symbolic cognitive processes which only lead to acoustic phenomena after some non-
important movements. John Baily (1985) argues against this and proposes that music
and movements are strongly connected:

Human movement is the process through which musical patterns are produced ...
since the motor apparatus and its control mechanisms (including those of conscious
control), which together constitute the sensorimotor system, have certain intrinsic
modes of operation, we need to consider the extent to which the creation of musical
structures is shaped by sensorimotor factors (Baily 1985: 237).

Baily especially studies the performance of music, but he also considers how
physiological properties of the player can affect composition and improvisation. This
is in accordance with the common use and role of music, because music has for
centuries been made for singing and playing, which constrains its properties to those
suitable for such activities. Baily remarks that musicology looks at music as if it only
were an acoustical phenomenon. Cognitive musicology, too, studies music mainly as
perceived by listening or as the processing of symbols that emerge from listening.
Baily emphasizes that the production of sound requires organized movement in
relation to the instrument. The sound is thus generated by movements controlled by
the human mind (Baily 1985: 237).

Baily adds that ethnomusicology emphasizes the generation of music as a process
instead of seeing the musical piece as the most important end-product. Motion is a
crucial element in, for example, African music, where the conceptual relation between
music and dance is very strong. According to Baily it is necessary to study musical
patterns motion patterns as well as sound patterns (1985: 258). The motoric system
and its control mechanisms, including conscious control, forms the sensory-motoric
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system, which has inherent limitations and operational modes. Baily argues that it is
important to study these properties of system in detail, and how they affect the
generation of the musical structures (ibid.: 256-257). Baily sees the spatiomotor mode
as a legitimate and commonly used mode of musical thought; that is, it is often used as
a processing technique in musical cognition (ibid.: 257). Baily describes the research
done by Blacking on playing the mbira or kalimba (ibid.: 239). One special feature of the
mbira is that the metal bars making up the keyboard are symmetrically divided
between left and right hands. When analysing mbira tunes Blacking found (according
to Baily) that different tunes may not contain similar pitch patterns, but that they are
based on similar fingering or movement patterns. This means that movement patterns
and not the pitches were the unifying factor behind these mbira tunes.

The main arguments given by Baily can be formulated in the following way:

1) Studying the movement patterns in playing is or should be an integral part of
musicology. The instrument acts as a transformer that converts movement patterns
into sound patterns.

2) When analysing a given set of musical pieces the unifying factor between the pieces
can be on the movement level. This means that the pieces are based on movement
grammar and not on pitch grammar.

3) The physical properties of an instrument impose limitations on the kind of music
that can be played with it. The instrument can also be constructed in a fashion that
supports some special way of movement, so as to facilitate certain playing techniques.

4) In the performance of music, the movement representation might be more
important than the pitch representation.

Using Baily's ideas it is possible to make a hypothesis about how the playing of the
mbira requires alternating motion between two hands. Let us imagine that the
instrumentalist plays a continuous sequence of notes, alternately using the thumbs of
the left and right hands. Three alternating motion generators are then in use: a)
between hands, b) up and down movement of left thumb, and c) up and down
movement of right thumb. If each of the thumbs alternates between two pitches, then
five motion generators are involved, which have to be synchronized with each other in
order to create the playing situation just described. A possible artificial neuron
connection for this playing situation is discussed later.

According to Seashore (1967: 143), the repetition of rhythms is an instinctive and
natural property of music. This also applies to movement. If a pacemaker signal gives
a pulse to the movement, that movement does not require conscious effort; and this
both facilitates the continuation of the movement and the experience of pleasure.

Braitenberg discuss the properties of mechanical models of physical movements. He
notes that even a reduced model of the human arm has no less than 27 qualitatively
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different movements, which are appropriately used, for example when playing violin
(1987: 562). Braitenberg argues that even the tension in the muscles can generate
oscillating patterns, which are used in music playing:

In very rapid oscillatory movements by the forearm, which sometimes occurs in
musical performance (e.g., the bowing of string instruments), the movement becomes
almost perfectly sinusoidal. When voluntary movement is stopped, the arm continues
to oscillate for a few cycles at roughly the same frequency, which implies that a
spring-like operation is involved in the movement. What the nervous system
apparently does in this case, is adjusting the elasticity of the joint by setting the "tonus"
of the muscles to a certain value, appropriate for desired frequency, and to feed the
resulting spring-like oscillation with energy at the correct phase (Braitenberg 1987:
562).

Fraisse (1982) also deals with aspects of repetition in relation to music and movement.
He argues that musical synchronization, the following of the rhythm with continuous
motoric actions, requires that the reaction come before the actual impulse. This is
caused by the fact that the command to move has to be transmitted to the muscle prior
of the impulse to which it is going to synchronize (Fraisse 1982: 155).

3.3 Some remarks about improvisation
Composition and improvisation are closely related. When composing, however, it is
possible to make detailed plans for each part of the piece, which is not generally done
in the more extemporized act of improvisation. In composing it is also possible to
backtrack to earlier decisions and to make corrections, which is not the case in
improvisation. Composition does not require immediate and real-time feedback in the
form of sound, which seems to be an important factor in improvising. Also, the
possibility to process musical elements by means of verbal-logical methods (such as
the ways in which composers describe their compositional decisions) is not common
when improvising. It is, however, possible to make pleasing music by using the
limited set of processing methods offered by improvisation.

Jeff Pressing has constructed a formal theory of improvisation (1984). According to
Pressing, motoric control has three stages: sensory stimulus, cognitive processing, and
muscular movement. Information on the effect of actions is obtained by feedback.
Feedback can be auditive, tactile, visual, or a combination of all these. Pressing looks
at highly divergent theories about the learning of motor control, and he suggests that a
general framework for motor control in improvisation could be provided by a theory
about organisational invariants in the operation of the brain (Pressing 1984: 134).
Jeannerod's remark (1994) that even the imagining of the processes or actions is
enough to activate respective neuronal systems supports Pressing's ideas about
cognitive motoric processing in improvisation. The necessary synchronization for
improvisation might be provided by extensive anticipatory mechanisms, as argued by
Fraisse (1982: 154).

According to Pressing's theory, improvisation is a series of non-overlapping sections
that are accomplished by triggering event sequences at time-points t1, t2 ... tn. The
purpose of the event sequences is to generate musical structures (Pressing 1989: 153).
It is important to note that the event cluster
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I = {E1,E2...En} (4.2)

is a series of decisions made by the improviser. The improvisation is a series of
situations that is limited in relation to time and that determines succeeding actions on
the basis of previous actions. The reference R defines goals G and long-term memory
M (memory of previous situations).

Each cluster E includes a set of simultaneously valid and partly redundant aspects
(ibid.: 154). These are, among others, the acoustic aspect, the musical aspect, and the
movement aspect. Each aspect occurs in two forms, intended and realized. There is a
delay between these two forms, because the realized aspect is perceived through the
sensory system.

Pressing describes how each cluster can be analysed into three different factors:
objects, features, and processes. The object is the cognitive phenomenon, such as a
chord, a single pitch, or a finger movement. Features are parameters that share
properties of the object; and processes are descriptions of changes in objects or
features over time. These factors can be denoted by three tables of variable
dimensions, O, F, and P; and it can be assumed that they describe all the necessary
information to the improviser so that he or she can make decisions concerning the
event cluster or its continuation. Also, information about the "cognitive significance" of
each element is saved in the elements of the tables. This information is used to
determine the relative importance of the element, when the continuation is considered.
Pressing emphasizes that the actual musical objects are only surface phenomena of the
cognitive action-space. The musical objects are not the actions or its parameters. This
means that the output of dynamical pattern generators can have different surface
structures even when the internal dynamics are similar; or, on the other hand, that
musical surface structures can be identical even if the processes and features behind
them are different. This leads to the conclusion that algorithmic modelling methods
that only process the surface elements of the music are not able to model the actual
generation process of music, and that they cannot operate in a musically coherent way,
because only a small part (the surface level) of the actual process is modelled. Even
when such methods can imitate some musical style by producing close to identical
sequences of musical symbols, the actual system and processes that generated the
piece according to style are not simulated.

Conclusion
A multitude of different opinions have been put forward regarding the relation
between music and movement. In what follows these opinions are discussed, starting
from opinions concerning concrete movement and then moving on to more abstract
ideas about musical motion.

The playing of a musical instrument requires playing movements, which have an
immediate but non-linear relation to the produced sound. This means, for example,
that the production of an oscillating pattern does not necessarily require a similar
oscillator pattern of playing movements. This is because of the special non-linearities
of instruments used, such as the pitches obtained by playing the open strings of a
guitar. The playing movements are mainly under conscious control, but non-conscious
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oscillating movements also occur, especially in the production of fast, repeating-pitch
sequences.

A sequence of sound events can induce spontaneous movement in the listener. The
relation between rhythms and synchronized movements is complicated, and depends
on the simultaneity of events and the frequency of repeated elements. Neural
oscillator models are increasingly used in studying rhythm perception. A more
complex phenomenon still is the relation between rhythmic movement and pitch
patterns. Using structural pitch patterns in isochronous sound sequences it is possible
to induce rhythmic impressions.

Even separated pitches can be experienced to continue spatially. Rhythms, pitches,
and a combination of those, the interval steepness - these form a continuum that can
be experienced as motion. In this case, the perception of musical line is concentrated
on some non-material object and its movement. In other words, music can arouse
feelings of metaphysical objects or their movements.



41

4. Formalized music algorithms
In this chapter formalized, non-cognitively oriented, algorithms are discussed. The
concept of compositional formalism refers, according to Loy (1989B: 293), to all the
systematic methods of organising, creating, or analysing compositional systems,
processes or plans. The term formalized algorithms is adopted from Xenakis (1971).
Here formalized algorithms refer to systematic methods or formulae for generating
musical material. First the background of the algorithms is handled. After that,
commonly used musical algorithms are discussed using the taxonomy presented by
Curtis Roads (1996).

The reason for handling formalized algorithms in this thesis is twofold. One reason is
that these techniques are used as a contextualization system for the cognitively
oriented pattern-generator model. The other reason is that some formalized
algorithms have conventionally been used to generate musical patterns closely
resembling motion patterns. Such models are discussed in relation to the properties of
the motion patterns.

4.1 Theoretical background of formalized music
algorithms
The aim of this section is to survey the methods that have been used to synthesize
music in a certain style. It would be better to handle only methods that are geared for
structural modelling, i.e., for cognitively oriented methods in this study. Cognition-
oriented musical modelling is, however, often mixed with formalized methods; thus
the most common of them have also to be investigated. These methods are usually
borrowed from other scientific disciplines and are not originally created for music
synthesis.

Maybe the most comprehensive survey of computer-generated music is that of G. Loy
(1989B), who describes the most often used automatic composition methods and
algorithms. Loy does not try to make a complete taxonomy of algorithms, and he
concentrates on individual programs and their design principles. Curtis Roads (1996)
tries to describe algorithmic composition generally. Roads makes a distinction
between composition systems and the representation methods and strategies used in
composition systems. Roads describes the most common methods for automatized
musical choices. The taxonomy is coherent, and it is used here especially in the
headers of the sections. Some new methods and examples have expanded Road's
taxonomy. These new methods include fuzzy systems, deterministic processes, and
synthesis based on neural models.

Roads starts developing the taxonomy from music representations. There are many
aspects involved in music representation, such as how it is used when communicating
with musicians and what kind of data structures are needed for using the computer to
process musical data. The representation and the operations that are made possible by
the representation influence the way the model is used and also the music that is made
by using the model (c.f. Courtot, 1992). Therefore the representation is not a neutral
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structure (Roads, 1996: 856). In order to program musical systems, certain
representational standards must be agreed upon.

4.2. Formalized modelling methods used in
algorithmic music research

Cellular automatons
An automaton, or state machine, is a procedure whose output depends both on the
input and the inner state of the machine. Each computable function can be represented
by an automaton. Some automatic procedures are stochastic automatons, cellular
automatons, and artificial neural networks. Automatons can be used in many different
ways, and they can be stochastic or deterministic in behavior. Furthermore, they can
be combined to form larger systems (see Minsky, 1972). Automaton theory is
theoretically well defined, and there are effective ways to implement it in computer
programs. Automatons have been used for musical purposes in harmonization and
counterpoint algorithms. Cellular automatons (tesselation automatons) are systems
made by simple linked automatons. All the linked elements are similar, and the
connections between the elements do not change over time.

Cellular automatons are simple, and often deterministic, systems, which can produce
very complicated patterns. Cellular automatons consist of a cellular surface
(commonly an array in a computer program) where each cell can have a finite number
of states. State variables in each cell change synchronously in each discrete time slice
according to an arbitrarily chosen transform function. Gardner (1983) and Dale Millen
(1990) have discussed properties of cellular automatons. Millen describes a musical
system, which is based on the Game of Life algorithm. His model can generate
complete compositions automatically. Game of Life is an algorithm invented by John
Horton Conway, and it can be described in pseudo-code as follows:

sum= cell (j-1,n-1) + cell(j,n-1) +cell (j+1,n-1) + cell(j-1,n)

+ cell (j+1,n) + cell(j-1,n+1) cell (j,n+1) + cell(j+1,n+1)

if (cell(j,n)=1) then

if (sum = 2) or (sum= 3) then newCell(j,n)=1

if (sum < 2) or (sum> 3) then newCell(j,n)=0

if (cell(j,n ) = 0 then

if (sum = 3) then newCell(j,n)=1

Investigating the Game of Life algorithm includes finding out what kind of forms or
cellular patterns can be made by using it. Cellular patterns can be stable or cyclical, or
they can produce new forms or destroy old forms. All forms and patterns in cellular
automaton theory, with names like blinkers, walls and sliders, consist of one-bit cells.
Cellular patterns can be transformed into musical parameter series. The transfer
function is not necessarily based on cellular automaton theory, but the composer can
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choose it. The composer can use the dynamics of the automaton and the development
of the cellular processes by deflecting these changes into musical fields of musical
parameters.

Use of musical control structures
Musical control structures include both the rules and the structural system that forms
the framework for using the rules. A structural system can also use generative
grammars. Musical control structures have been used, for example, by Langston
(1989) to generate rhythmic music, Hörnel (1992 and 1993) for analysis and generation
of classical music, Logeman to experiment with the canons of J.S. Bach (1967), Baroni
and Jacoboni (1978) to generate Bach's choral melodies, and Ebcioglu (1992) to
harmonize Bach chorales.

Baroni and Jacoboni approach the study of generative grammars from a linguistic
viewpoint. Their aim is to develop a method for describing the musical texts that form
the research corpus. According to the theory of generative grammars, correct grammar
would produce new but different grammatically correct examples of the chosen
language, i.e., musical style. In their study Baroni and Jacoboni chose as a corpus forty
chorales by J. S. Bach. In choosing the corpus they tried to obtain homogeneity and
structural simplicity. Each piece in the corpus consists of two phrases. To simulate the
corpus fifty-six rules were developed of which some examples are listed below:

Rule 2: Length of phrase is between four and ten quarter-notes.

Rule 3: Maximum interval between lowest and highest note in phrase can only be a
tenth.

Rule 4: First note of the phrase is always accented

Rule 5: First note of the second phrase is never the seventh scale-degree.

Rule 9: Embellishments used in first transitions are RT (only in the second phrase), P+
and P- (only if the first basic note is on a weak beat and L).

(In rule 9 the symbols RT, P+, P- and L refer to embellishment generating functions,
details of which are given elsewhere in the Baroni and Jacoboni's study.)

Figure 4.1. BWV 156 - piece from the original corpus.

Figure 4.2. Example of productions by Baroni and Jacoboni.
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Figure 4.3. Example of productions by Baroni and Jacoboni, No.2

Figure 4.4. Example of productions by Baroni and Jacoboni, No.33.

One notices that the melodic corpus of Baroni and Jacoboni do not contain MMPs.
Therefore they have not developed any rules for generating MMPs. Therefore the
rules and functions defined by Baroni and Jacoboni can be used for developing
contextualization functions, not for developing pattern generators.

Kemal Ebcioglu has investigated the rule-based harmonization of J.S. Bach's chorales.
His work can probably be viewed as the most influential research in the field of rule-
based music generation. Ebcioglu used over one hundred rules in the musical
database. He developed a specific computer language named BSL (Backtracking
Specification Language) so as to improve traditional programming languages such as
Prolog (Ebcioglu, 1992: 295). BSL can be used to develop large and complicated expert
systems in a structural way. Ebcioglu's system is largely chord-based, but other
methods are also used in the synthesis. For example, the so-called "fill-in view" views
the choral as four interacting automatons whose states change alternately and which
produce the actual notes. The actual notes, sustained notes, and so on are constructed
upon the existing chordal structure. Ebcioglu's view of choral lines as automatons
could be expanded by having the automatons interact with an external motoric
generator.

Fuzzy rule systems
Fuzzy logic is based on a theory of truth values that is not 1 and 0, as in Boolean logic,
but some decimal number between 1 and 0. By using fuzzy logic it is possible to
handle real-world phenomena on the computer in a simple and sensible way. It also
allows the use of a more natural language to control the computer. Fuzzy logic has not
often been used in algorithmic composition, but there have been some attempts to use
it in music research (see Vidyamurthy and Chakrapani, 1992). Jukka Louhivuori
discusses the methods of fuzzy logic in handling uncertain information (1988: 76). In
the following, some ideas are proposed for using fuzzy logic in developing note
selection rules.

Fuzzy selection can be implemented by giving each possible note a "fuzzy solution
list", which includes all possible pitches for the note. A specific parameter in each
element of the solution list defines how strongly the element belongs to the correct
solution set. A parameter can be automatically changed by applying rules that
calculate the appropriateness of the element for the current situation. After the
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application of rules, the best element is selected. The best element is the one that has
the highest parameter value for belonging to the result set. The fuzzy method is totally
different from weighted random selection, because here only the best element can be
selected. Thus the same element is chosen whenever the situation and rules are
identical. If variation is required, this can be implemented by also letting the rules
change according to the situation; for example, by allowing the position of the note to
change the power of certain rules. It is not difficult to write such fuzzy rules. Each rule
changes only the parameter about the element belonging in the result set. When using
fuzzy methods there is no danger of arriving at a situation where there are no
elements in the result set. If there are no good solutions, there is always some element
in the result set, even if its "belongingness" value is not so high. The emphasis of the
rules can be adjusted incrementally instead of switching them on or off. Because of
this, tuning the fuzzy system according to the wishes of the user is rather
straightforward.

Stochastic algorithms
Stochastic algorithms, which are based on statistics, have been used in music
generation since the very early experiments (c.f. Hiller, 1964). The most important
tools are different distributions and processes. In these processes there are random
motion processes such as Brownian motion and Markov-chains, which are transition
matrices. Using different stochastic techniques it is possible to emphasize different
aspects of music generation. Thus it is possible to concentrate on the density of events,
distribution of different pitches and so on. The most serious problem with stochastic
methods is that selections made by them can be undesirable. Even if some element
(such as a C sharp in a C major scale) have small probability, it can still appear in the
selection. Compared with fuzzy selection, where there are no probabilities but the best
element is always chosen, stochastic methods are much more likely to produce
unsatisfactory results in music, where it is important to have exact repetitions and
other related phenomena.

Although stochastic methods have been widely used, studies of their application to
music has been concentrated on different selection methods and processes instead of
considering the implications on thus-synthesized music. Especially when using a
cognition-oriented viewpoint, it is difficult to apply stochastic methods to simulated
mental processes. Mental processes seem not to be random in the stochastic sense,
because human beings try to rationalize their choices logically, even if the
rationalizations are complicated or vague (Minsky, 1986: 306).

Fractals and chaotic generators in music synthesis
The fractal models presented here are not based on artificial intelligence or music
theory. They are based on mathematical functions or algorithms derived from physics.
Using fractal models it is possible to investigate the simulation of certain aspects of
motion patterns. Using fractal or chaotic models it is possible to synthesize patterns
closely resembling patterns produced by the brain, without any assumed structural
analogy between chaotic functions and the functioning of the brain.

Fractals seem to have some musically interesting features, because they have often
been used in algorithmic and computer music (see Gardner, 1978; Stewart, 1989: 158;
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Di Scipio, 1991; Gogins, 1991; Bidlack, 1992) and also sometimes in music analysis (see
Metz, 1983). One reason for this is, presumably, that fractal algorithms are easy to use.
Functions can be implemented in the computer by means of very short and efficient
programs. The output of such programs have musically interesting properties in that
they are repetitive, self-similar, and they might exhibit sudden changes. It has been
argued that one certain fractal-function, the 1/f function, yields output which is
dynamically similar to some natural phenomena. This has resulted in numerous
musical experiments on the use of the 1/f function (Voss 1978 and Gardner, 1978). In
an example given in Dodge and Jerse (1985) one can see that 1/f-melodies have a
somehow musically "natural" undulating curvature.

Let us look at a simple logistical function called Verhulst-bifurcation, which is a finite
difference equation. Claus-Dieter Schulz (1987) used this function for musical
purposes:

( )11 14 −− −∗∗∗= nnn XXX β Formula 4.1

Because the function is a finite difference equation it can be simulated on the computer
by use of iteration. This means repetitive calls to function giving the result of an earlier
function call as an x-parameter to the new call of the function. Below a Lisp
implementation of iterative function calls is shown:

(defun bifu (length b-param)

(let ((oldx 0)(x .5))

(dotimes (count length)

(print (setf x ( * 4 x b-param (- 1 x)))))

))

The function is defined by means of the 'defun' command having as its parameters the
desired length of the series and the 'b' parameter which controls the behaviour of the
function. Then the function is iterated inside a looping control structure. The function
yields a great variety of results because even an extremely slight change in 'b'
parameters results in a totally different output series.

Example 1)

? (bifu 8 .7)

0.678 0.610 0.665 0.623 0.657 0.630

Example 2)

? (bifu 8 .8)
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0.799 0.512 0.799 0.513 0.799 0.513

Example 3)

? (bifu 8 .9)

0.323 0.788 0.600 0.863 0.423 0.879

Example 4)

? (bifu 8 .9001)

0.323 0.788 0.600 0.863 0.424 0.879

Lisp can calculate floating point numbers with great precision. This precision is
needed for more exact control of the bifurcation function. To make it easier to read the
results, the numbers to the right of the decimal point have been limited to three. In
Example 1) the 'b' parameter value is 0.7, which causes the program to output a series
of decreasing values, ending after some tens of iterations to circa 0.5. When the b-
parameter value is 0.8 the series bifurcates so that the cycle length of repeated values
is duplicated. In this case two values, ~0.79 and ~0.51, are repeated. In Example 3) the
'b' parameter value is 0.9 and the output is either chaotic or its cycle is indefinitely
long. In Example 4) the 'b' parameter value has been increased by 1/10000 to 0.9001.
At first the series resembles that of Example 3), but after some iterations the series
becomes totally different.

It is possible to use several different methods to transform the values given by
function to musical parameters. One of the simplest methods is to multiply the values
by 100 and round them to integers so that they can be used as MIDI-pitches. In the
following this is done by means of the function map-to-note. At the same time the
bifu-function is modified slightly, so that it is easier to distinguish it from the
transformation function.

(defun bifu (length b-param)

(let ((x .5) (result nil))

(dotimes (count length)

(print (setf x ( * 4 x b-param (- 1 x))))

(push x result))
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(reverse result)))

(defun map-to-note (list multiplier)

(let ((result nil))

(dolist (z list)

(push (round (+ 48 (mod (* multiplier (abs z))

60))) result))

(reverse result)))

This function generates alternating pitches:

? (musnorm (print(map-to-note (bifu 16 .9 ) 20)))

0.323 0.788 0.600 0.863 0.423 0.879

0.382 0.850 0.457 0.893 0.342 0.810

0.553 0.889 0.352

The function call produces following the note numbers: ( 66 54 64 60 65 56 66 56 65 57
66 55 64 59 66 55)

Figure 4.5. Bifurcation with 'b' parameter value 0.9. Time series is converted to musical notation so that
every number is converted to one 16th-note.

? (musnorm (print(map-to-note (bifu 16 .98) 20)))
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0.0768 0.278 0.786 0.657

0.882 0.405 0.944 0.204

0.637 0.906 0.333 0.871

0.439 0.965 0.129

54 64 61 66 56 67 52 61 66 55 65 57 67 51)

The number list when notated:

Figure 4.6. Bifurcation with 'b' parameter value .98.

The example in which the 'b' parameter value is 0.9 resembles to some extent the
motion patterns in music. The contextualization function was, however, only
rudimentary, and it did not take into account the possible mode or harmonic
background of the sequence. Transference of the bifurcation values straight to MIDI
pitch values leaves the rhythm untouched, and it results in a series of isochronous pre-
selected time-values. It is interesting to note that even this simple contextualization
allows for some resemblance between the output of the function and certain Baroque
music motion patterns.

Generative grammars
Generative grammars, which were originally developed for describing language, have
often been used to present musical structure (Roads, 1984). Fred Lerdahl has broadly
studied the use of different generative grammars in music. He focuses on the music
listener's experience rather than on the compositional generation of grammatical
structures. He has expanded the use of grammars from a purely structural description
to include the mental grammars used by the music listener and the composer
(Lerdahl, 1988). Lerdahl and Jackendoff (1982: 98) argue that a passage like the
example from Bach's cello suite should be interpreted by means of a rather complex
grammatical tree (figure 4.7).
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Figure 4.7. Adapted from Jackendof and Lerdahl (1982, 98).

In the first chapter of this thesis this passage was considered as a typical and simple
motion pattern process, which can be generated (or represented in the listener's mind)
by means of a motion pattern generator. There are big differences between the
representations depending on which elements of the object are represented or
emphasized. The grammatical tree explanation is understandable and coherent to the
reader, because it adds the grouping of the elements. The motion pattern view (like
the one produced by the MINN model as will be shown in chapter 7) does not give
this grouped and organized representation, but rather gives the time series that creates
the pattern.

Most often generative grammars have been used in such way that the building blocks
(terminals or non-terminals in grammar terminology) have been static and only their
order could be changed. This kind of approach has been called "ars combinatoria" by
Berggren, who studied the algorithmic production of sonata parts in the style of
Mozart. He proposes a method that combines generative grammar and a complicated
rule system (Berggren, 1995). Berggren does not give a minute explanation of all the
details of the program he used, but he gives information about the order of the sonata
part synthesis and about the musical features taken into account. He especially takes
account of different types of texture and investigates their musical significance. He
argues that texture types are used for making "building blocks". Berggren synthesises
the building blocks by applying rule formulas to texture types. The formulas are like
object-oriented functions, which combine harmony, rhythm, and texture type (ibid:
102).

To handle different accompaniment types in Mozart's sonatas Berggren introduces the
term "accompaniment formula". Different formulas correspond to several stereotypical
accompaniment types used by Mozart. Berggren argues that a broader terminology
than just the traditionally used "Alberti bass" is needed. The Alberti bass made up of
8th-notes is common in Mozart's sonatas. Berggren calls it "alberti(1/8)". If 16th-notes
are used instead of 8th-notes, the name is alberti(1/16). If the pattern made from 16th-
notes includes upward octave leaps, which are followed by a pendulum-like
"oscillating motion", it is called alberti_wide(1/16). If alberti(1/8) is expanded so that
two upward thirds are followed by two downward thirds, Berggren calls it an
arched(1/8) type. Pendulum-like motion in 8th-notes is called pendulating(1/8), and if
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this patterns starts with a larger interval, it is called pendulum_wide(1/8). A pattern
made from two alternating pitches is called murky(1/8). An arpeggio pattern using
only chord pitches is called arpeggiated(triplet) or arpeggiated(1/16). Using this
terminology Berggren can describe and simulate almost all accompaniment types used
in his corpus or in Mozart's sonatas. Some of his terms refer to the motion-like
character of the accompaniment type. Especially, the term 'pendulum' refers to a
locomotive motion pattern. Berggren does not analyse the analogy to motion in
terminology and does not try to explain this analogy.

David Cope has been developing an EMI-model (Experiments in Musical Intelligence)
since 1980. The EMI-model is aimed to be a set of tools for composition and a research
framework for musical artificial intelligence. The starting-point for Cope is the
linguistic-oriented augmented transition networks. According to Cope, it is more
natural and logical to perceive musical gestures with grammars than to use models
originating from mathematics (Cope, 1992: 355). Cope's model also uses so-called
musical signatures. By "musical signatures" he refers to the idiomatic stylistic features
of certain composers and the means of synthesizing them automatically. John Abel
and Paul Barth introduced a combination of Markov-chains and simple grammar
structure (Abel and Barth 1981: 158). Their method is based on the assumption that
melodies are built upon certain more important notes that form a general pitch
contour. These important notes can be embellished with notes of lesser status. The first
chapter of this thesis shows, however, that, when seen from the MMP's point of view,
all the notes in musical patterns are equally important.

Dowling argues that a simple phrase-structure grammar on its own is not powerful
enough to produce an interesting musical output (Dowling 1986: 173). The reason for
this may be that the structural elements, which should be copies according to the
grammar, are modified in real music. One such modification occurs when a structural
element occurs at the end of a section and is modified to include cadential elements.
Dowling says that it is possible to look at generative grammars form different
viewpoints. Investigation may concentrate solely on musical structure without any
cognitive or psychological analogies. On the other hand, the structural description
may depict the musical knowledge of the listener or performer and how it is used in a
listening or performing situation. It is also possible to use grammar theory to
investigate musical processes that occur in the brain. In the latter case one has to take
into account how the knowledge is presented in the brain (Dowling 1986: 175).

Baily (1985: 258) talks about "motor grammars" when referring to the set of motor
actions required to play certain musical pieces. On the basis of what Glass (1988) and
Clynes (1982) have argued about the features of motion pattern generators and what
Baily himself says about the integrated control required for musical pattern
generation (1985: 257), it seems to me that Baily is, perhaps, not referring to grammars
as linguistically based structures but rather uses the term to denote a systematic yet
linear dynamic representation system.

Constraint satisfaction
Constraint satisfaction is a computational theory in which the desired outcome of the
program is implemented as requirements or constraints (Norvig, 1992). Abelson
described how to implement constraint satisfaction algorithms in his book, The
Structure and Implementation of Computer Programs (1985: 232), and Ovans (1990)
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described the use of constraint satisfaction techniques in music composition.
Constraint satisfaction is not the same as rule systems. The constraint satisfaction
program does not stop until the required condition is met. A simple example of the
constraint satisfaction problem would be how to make the word "elephant" from a
random selection of characters. After one character is selected it is tested to see if it is
suitable for the current position. This procedure is repeated until all the character slots
in "elephant" are filled with the correct characters. Gareth Loy sees constraint
satisfaction as a possible tool for musical expert systems (1991: 31). If the musical
problems could be implemented as constraint satisfaction tasks, different constraints
and objects implementing these tasks would form an easily comprehensible constraint
network.

Automatic construction of rules
The dynamically expanding context (DEC) method was developed by neural network
specialist Teuvo Kohonen. It is a learning algorithm that does not use neural networks
or heuristic rules. DEC was originally developed for error-correcting systems in
speech recognition research (Kohonen et al., 1991: 229). DEC works by correcting the
given time series by using, from an earlier coherent series, an automatically
constructed set of rules. Automatic development of the rules is much faster than if the
rules were developed heuristically. On the other hand, it is possible that the
heuristically developed rules would be more musically relevant and the overall
number of rules would in that case be smaller. In the production phase the program
tries to find the correct solution (which exists in a coherent time series) to a given
sequence. It also tries to find the solution which has largest context. A large context
means that it has as many previous elements identical to the rule base as possible. The
rule base gives deterministically potential continuations of the sequence. In music this
means that it is possible to automatically imitate the surface structure of music of a
sequence of notes given to DEC for making the rule base.

In certain respects the DEC is close to Markov chains. Also, in the Markov chain
models the next item is determined by the earlier items of the sequence. There might
arise a question of how long a sequence of previous elements should be taken in to
account for the most musical output. Stephen Smoliar has argued about this transition
order problem as follows (1991: 54):

If the number of past events considered was too small, the result sounded as random as if the

notes had simply been selected from arbitrary set of weighted probabilitieswithout any prior

knowledge. If the number was too large, what was "predicted" was nothing more than a

replication of the original data from which the probabilities were computed.

The DEC model does not have transition order problems because it constantly changes
the transition order. Also the rule base, or memory, reflects the length and
continuations of the sequences in the original material. The important questions in the
context of this study are: 'How can the DEC-method help us understand music?' 'How
is it possible to produce convincing Bach-imitations with an automatically constructed
rule base?' 'How can this simple set of rules contain that musical information which
would otherwise require complicated heuristic rules and data structures?' 'Is the music
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so dependent on the surface structure that a non-educated listener can be deceived by
the imitation of this surface-structure?' 'Does the functionality of DEC prove that some
musical elements really have larger contexts than other elements?' These questions
remain as yet unanswered, because there has not been adequate critical examination
of the DEC from a musicological viewpoint.

Below is an example of a DEC system. Let us have the following time series:

a a b a b c d a b e c f

no. context continuation

s: 1 a a b :a

s: 2 b a b :c

s: 3 d a b :e

s: 4 c f :_ (end of string)

s: 5 b c :d

s: 6 e c :f

s: 7 e :c

In the generative phase some rules are first chosen randomly:

dabe

Next, an element is chosen whose context part is the same as the end of the current
element. In this case the end is 'e'; if there are several alternatives, the context is
expanded, so that several units of the end are investigated, as in rules 1, 2, or 3. In the
situation ending in 'e' the rules make possible only the selection of 'f' for the next item.

dabecf_

Used in this way the DEC can even automatically produce exact copies of some of the
pieces given for constructing the memory. If more variation is needed for the
behaviour of the DEC, then the memory or rule base can be changed according to
some musical rules. It is possible to let the context expand by only using accented
notes, which might lead to a more chord-oriented output. It is also possible to
deliberately limit the context. If the context length of rules 1, 2, or 3 is reduced to one
in our example, then any element may follow the context ab. These context
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modification methods might lead to coherent variations of the surface structure of the
corpus of the rule base.

Conclusion
Most of the methods used thus far in algorithmic music research have either
concentrated on traditional music theoretical problems or have been derived from
methods used in other scientific disciplines, such as linguistics or physics. These
methods have not generally been aimed at cognitively plausible modelling. The music
production systems used in these formalized methods do not have structural
resemblance to the musical processing that occurs in the mind. The object of studies is
normally the surface structure of the music, such as symbolic representation or
notation. The generating processes have only seldom been in the focus of the research.
Such formalized research does not, therefore, directly support the research method
adopted in this thesis, which aims to develop a model for motion patterns used in
musical behaviour, thinking, and imagery. By charting formalized models it is,
however, possible to study the behaviour and dynamics of different algorithms and
their output, such as possible cyclical patterns. Especially important is to understand
the possibilities of formalized methods in the contextualization of output of more
cognition-oriented algorithms. In the following some of the formalized algorithms are
evaluated in terms of how well they could be used in generating motion patterns.

Kohonen's DEC method makes it possible to simulate a musical style so that a rule
base is collected from the corpus representing the style. This rule base is then used to
generate pieces according to the style of the corpus. The DEC method has until now
been only applied to information about pitches and rhythm, but it could as easily be
applied to interval slope and to the structural symbols showing repetitions of motion
patterns. So it might be possible to make motion patterns by using the DEC method.
To make a generic motion pattern generator from DEC would be more complicated,
because the output of the DEC depends almost solely on the information that is stored
in the database and obtained from the corpus.

The use of rule-based methods and constraint satisfaction in algorithmic music
research have focused on those cases where the production rules for the desired style
could have been obtained easily. Rule-based methods have been used especially for
voice-leading experiments. It might be asked, if it is possible to define a set of rules for
making motion patterns. The answer is probably 'yes', if we try to model a set of
different motion patterns, such as samples of patterns from a certain style. The answer
is clearly 'no', however, if the aim is to make a generic pattern generator that can
produce all kinds of motion patterns, some of which may not yet exist.

The behaviour of cellular automatons emerges from the cumulative effect of simple
deterministic computational atoms. The dynamics of the automatons have interesting
properties such as oscillations, repetitions, and patterns that produce new patterns.
The length of the produced patterns and frequency of the oscillations is not equally
divisible by small integer values, which are necessarily used in music. In the context of
this study cellular automatons are interesting, because they are deterministic, simple
and repetitive, and because by using them it is possible to produce cyclical rhythm
processes. The parameterization of cellular automatons is difficult, and it is not easy to
tune them to produce patterns of some predefined type.
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Stochastic methods facilitate the simulation of phenomena whose operational
mechanisms are unknown or that cannot be modelled. It is, for example, possible to
select the pitch of the next note in a sequence using random selection. Using statistical
methods it is possible to define which of the notes is the most probable in the style to
be modelled. By using this method it is possible to obtain plausible imitations of the
style. It is, however, difficult to produce exact repetitions by using stochastic methods.
The probability, for example, that the pattern of two elements A and B - each of which
have a 0.5 probability of occurrence - would oscillate A B A B... four times, which is
0.0039. With longer series the probability decreases rapidly. Another reason for
avoiding stochastic methods in cognitive modelling is that human beings try to make
reasonable decisions, not random ones, and that motional behaviour of humans is
definitely more repetitive than random movement.

Using fractal methods it is possible to generate sequences that have many properties
found in motion patterns. The logistical function (Verhulst bifurcation) produces
sequences where the items are repeated after 4, 8, 16, or 32 items. In the sequences
there are also periodic movements between low and high pitches. The problem with
the logistical function is that it is difficult to adjust it to produce different patterns. It is
also difficult to see how it would be possible to make ternary patterns or other
patterns whose lengths would not be based on the exponential sequence of two.

Generative grammars make it possible to generate arbitrary sequences of symbols.
Generative grammars are not so suitable for processing a linear continuum. This
makes them somewhat inappropriate for use in the simulation of motion processes,
which are linear.
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5. Cognitively oriented
algorithms
The second main area in algorithmic music research, besides formalized algorithms,
are cognitively oriented alogorithms used for structural modelling. In Nattiez's
taxonomy, formalized algorithms belong to the category of immanent analysis, and
cognitively oriented algorithms to the category of inductive poietics (Nattiez, 1990). In
relation to what Nattiez views as formal analyses, there is no big difference between
these two algorithmic styles. Linear models are more suitable than the global models
for developing cognitively oriented algorithms. This is because the characteristic
features of global models, such as taxonomical analyses and analyses of typical
properties, serve rather as mechanical tools for analysis. A more holistic linear model
of the processing of the context and timing of events could be a better analogy of the
way the human mind processes music.

5.1 Studies of musical cognition
Cognitive musicology studies musical processing in the human mind (Agmon, 1990;
McAdams, 1987), most often involving the study of music perception (c.f. Howell,
1985). The reason for this is probably that perception is easier to study than creative or
generative processes. However, computer algorithms have been used to test the
functionality of cognitively oriented rules (Louhivuori, 1992: 26). The emphasis in
research has currently shifted more towards connectionistic studies, which use
artificial neural networks instead of programmed algorithms (Todd and Loy, 1991).

About algorithmic methods of music cognition research
The aim of artificial intelligence is generally to develop artificial systems that behave
intelligently in some respect. Lischka distinguishes between two approaches to the
design of artificial intelligence systems (Lischka, 1991: 416): a) mechanistic, where
knowledge about cognition is used to define the rules and algorithms; and b) a
theoretical approach where the designing of the system is based on knowledge about
cognition. Lischka argues that the theoretical approach could be used to gain an
understanding of the structural properties of human cognition (ibid: 419). This entails
an examination of which processes are used, of the structure of the information
processing system, and of how these processes are implemented at both the
neurophysiological and theoretical levels. The most important task is creating a model
of a cognitive system by first dividing the system into smaller modules, then
modelling these modules and interconnecting them (Lischka, 1991: 420). Lischka
bases his ideas on Marvin Minsky's theory of agents. According to this theory, the
emergence of intelligence is caused by the activity of independently acting, specialized
agents (Minsky, 1985). This theory has been used in different areas, for example in
music composition. Robert Rowe (1992) used the agent theory in his Cypher program.
In Cypher, improvisation is simulated by the combining of perceptual agents and
music-generating, reactive agents. It is possible to test the system by playing sound
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sequences on a connected keyboard, seeing how the agents perceive the sequences,
and how the reacting agents react to the impulse coming from perceptual agents
(Rowe, 1992).

Sometimes cognitive processing has been viewed as a kind of problem-solving, for
which artificial models can be developed. The harmonization of J. S. Bach's chorales
has often been used as a test for musical problem-solving. Mikael Laurson (1995),
William Schottstaedt (1989), and Kemal Ebcioglu (1992), among others, have
developed methods for this kind of research. Typical strategies for problem-solving
have been to divide the problems into smaller ones, case-based reasoning, and
methods of constraint satisfaction. Although it is difficult to evaluate the results, it
seems reasonable to say that by using these methods it is possible to generate pieces
that closely resemble the original harmonizations.

The main point in the paradigm shift proposed by Lischka is his proposal to
concentrate on the organisation of the behaviour and how the behaviour adapts to the
environment. Lischka does not see representation as an essential part of cognition;
rather, he emphasizes the importance of the sensory-motoric system in perceiving and
structuring the environment. He asserts that because complex intelligent behaviour
resembles phenomenologically the behaviour of organisms, it is important to study
the behaviour of those organisms. These artificial models should be capable of
complex behaviour that corresponds to the phenomenological definition, according to
which this behaviour is caused by an intelligently interacting, organic structure
(Lischka, 1991: 436-439).

Lischka shows several possible ways of creating complex artificial organisms, such as
the research on artificial life and complex dynamical systems in physics. He also
argues that by using massively parallel computation it would be possible to simulate
organisms, because organisms are formed of non-linear interactions of simple
elements (Lischka, 1991: 439).

Lischka's proposals for possible research tasks, and especially those about the
neuroethology of bird song and neural networks as dissipative systems, are interesting
from the viewpoint of the present study. He even suggests the building of artificial
birds, which would be hardware machines, not only software (ibid: 442). The
connection between these ideas of Lischka and this thesis is that both see music-
making as a process connected to sound imagery and linked to the motoric system.
Additional common factors are the emphasis on the importance of the sensory-motoric
system to cognition, and viewing computer programs as parallel processing models
that simulate organic systems, not as problem-solving algorithms.

5.2 Introduction to computational connectio-
nism in music research
The use of computational neuronal networks in music research has increased during
recent decades. This is because music is such a complex phenomenon and because it is
so closely connected to human cognitive behaviour. Connectionism is based on simple
computational units modelled after biological neurons. By means of artificial neuronal
networks (ANN), some behavioural properties of the human brain can be simulated.
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This section briefly describes the use of ANN and some connectionistic approaches to
music research.

Some remarks about biological neural systems
All information processing in the brain is accomplished by neurons. Processing is not
so much based on the properties of individual neurons but on the combined effect of
connected neurons (Penrose 1989: 502). Biological brains do not work in a fast, serial
way, as do digital computers. Biological brains are massively parallel systems that
operate mostly in a non-synchronized way, although there might be some pacing
connections. Individual neurons can pulsate around 1000 times a second, which is
much slower than the speed of digital processors (Penrose 1989: 511).

In biological brains the neuron is connected to other neurons via dendrites. When
activated, the neuron sends pulses of signals through the dendrites. There is a synapse
in the receiving neuron which changes the activity arriving from the axon into an
electric pulse, which can have either an activating or an inhibiting effect. In the rest
stage, the neuron sends impulses less frequently. When activated enough, it fires and
sends a set of impulses, after which it returns to rest. Most often neuronal activity is
measured according to density or frequency of the pulses. Sometimes the sets of
pulses or neuronal peaks are called, erroneously, pulses of neurons.

Short introduction to artificial neuronal networks
Connectionistic programming refers to algorithmic computation, which is based on
several simple computational units modelled after biological neurons and the
connections between them. Computational units, the artificial neurons, are
simplifications of biological neurons (Churchland and Sejnowski, 1994). Different
neurons and complicated network structures found in biological brains are commonly
replaced with uniform elements.

Connectionistic computation makes possible, in addition to some learning properties
(Hinton, 1992), certain error toleration, adaptability, and the capacity to generalize
(McClelland and Rumelhart, 1988; Loy, 1989: 24). Using connectionistic computation it
is possible to avoid the rigidity of artificial intelligence methods. Loy says also that
there is no need to exactly formulate the problems before processing them with ANN.
The data and tasks must be preprocessed, however, so as to get understandable results
from the system. ANNs make it possible to look at the behaviour of the (simulated)
neuronal system even when it is operating (Arbib, 1990). ANN can change its
structure according to a given task (von Seelen et al. 1988: 123), which can also be said
to model learning. Bharucha argues also that ANN can do "intuitive" perceptions
using passive learning (Bharucha and Todd, 1989).

Artificial neuronal models can be divided into four levels (Toiviainen, 1992 citing
Kohonen, 1984) :

1) Models of the neuronal level try to describe individual neurons, modelled as
realistically as possible, and the simple connections between these neurons.
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2) Network models describe the behaviour of simple computational neurons (possibly
less realistically modelled than on level 1) and especially the learning and
categorization behaviour obtainable by developing the connection strengths between
the modelled neurons.

3) System-level models are formed of several, separate and specialized network
models.

4) Models of intelligent behaviour operate on the level of concepts and actions; these
models often resemble those of traditional symbolic artificial intelligence.

ANN research has concentrated on second-level models (Eckmiller, 1991: 345). First-
level models are studied in the simulation of biological neurons and simple networks
made from them.

Architecture of the neural net
The neuronal network is a set of connected and identical computational elements.
Each element can have input from other elements, and it can send impulses to other
elements. A simple activation function is used to describe the change of the activation
of the neuron (Dolson 1989: 29).

Figure 5.1. Example of three-layer feedforward net.

Neural network are composed of a set of independently acting neurons. It is possible
to make both activating and inhibiting connections between neurons. These
connections make up the structure or architecture of the neural network, and because
the individual elements are identical, the architecture is an important factor in
defining the network. Different architectures are used for different tasks (c.f. figure
5.1).

Learning in artificial neuronal networks
It is possible to adjust the connection weights between the neurons manually. This is
difficult, however, and would require an enormous amount of testing as well as an
exact analysis of the net (Toiviainen, 1992: 138). Learning algorithms have been
developed to adjust the connection weights automatically (Arbib, 1990: 138). Learning
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in ANN is commonly divided into two types: guided learning (in interaction with a
human user) and non-guided learning, which means self-organization of the net.
Guided learning uses the method of back propagation of error (BPE) to adjust the
weighting function of the connection weights so that the total sum of error decreases
(ibid: 140).

Self-organizing nets resemble the way biological neural systems organise their
knowledge (Toiviainen, 1992: 141; Page, 1991). The net creates it own categories for the
input during the learning periods. This categorisation is based on similarities in the
input. Teuvo Kohonen (according to Toiviainen, 1992) has developed one of the most
important self-organising systems. According to his system, the activation of some
neuron also triggers activity in neighbouring neurons.

Neuron level models
Artificial neuron network models are commonly based on the changing of connection
weights between individual neurons in order to obtain learning behaviour as
described above. The dynamic time series produced by the activity of individual
neurons are largely ignored. The firing pattern of the neuron is not observed; rather,
the object of investigation is whether or not the neuron is activated at all. In most
models the pulsating behaviour of the neurons has been replaced by simpler
active/non-active detectors. It has been suggested, however, that it is not possible to
simulate biological neural networks solely by adjusting the connection weights (Azmy
et al., 1991: 1437). To inspect dynamic changes in the activation of individual neurons
one has to use realistically modelled neurons. This requires that artificial neurons
pulsate and react in time as do their biological counterparts. Although it is
computationally more difficult to control these kinds of artificial neurons, there have
been tests that used hundreds of them (Lansner et al., 1991: 1431). By adjusting the
properties of realistically modelled neurons so that they correspond to some different
neural types that are found in biological systems, it is possible to simulate different
neural connections found in biological systems. Lansner et al. present, for example,
CPG connections, which can produce different series of movements. In one network,
aimed at generating the swimming movements of fish, 600 simulated neurons were
connected by 1600 connections. Using this kind of network, movement models have
been created that can simulate the full scale of the timed behaviour in biological
systems (ibid.: 1433).

In studies using neuron level models it has been found that the properties of firing
patterns have an effect on the timed processes of the brain. One of these timed
processes is synchronization (Kurrer et al., 1991: 133). It has also been found that, if
similar activation is given to different areas in the visual cortex, there occurs a
simultaneous firing of neurons. One can postulate that synchronization is a method by
which it is possible to connect behavioural properties together in neural networks (see
also Liaw et al., 1994).

Azmy et al. (1991) investigates how biological clocks are made. He argues that the
delay found in connections between neurons is important for the oscillation of the
system. The delay means that it takes a short time for the impulse sent from some
neuron to arrive at another neuron. In the test made by Azmy et al. this delay time
was increased from 1 millisecond to 30 milliseconds, which resulted in a pulse
generated by a cluster of several thousand neurons, each lasting 100 milliseconds. This
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corresponds to effects found in cellular automatons where several cells can form a
pattern that starts to pulsate. Also, this phenomenon is very difficult to predict by
means of mathematical formulas. Seelen emphasises the properties in the behaviour of
the net which are caused by the delay. He argues that the stimulus is converted, in the
neural network, into a damped oscillator. Then the activity level and output stimulus
can be synchronized (von Seelen and et al.: 1988: 126-130).

5.2 Connectionism as a music programming
method
In this section the musicological research using ANNs is described. Certain issues
concerning the learning of musical parameters by ANNs are also considered.
According to Lischka (1991: 429), connectionistic methods might, by means of
automatic learning, facilitate the task of collecting musical information. In
connectionistic computation (also called "neural network computation"), information
processing is viewed from a viewpoint which is different from that of symbolic
computation. Predefined algorithms are not used in processing the representations;
instead, representations are viewed as dynamical processes concerning the spreading
and stabilization of activation (for studies of connectionistic computation see, for
example, Kosko, 1992).

The reason why learning has been the central issue in applying the neural networks in
music is probably that by using them it is possible to avoid defining complex rules
heuristically. Peter Todd provides instructions on how to develop algorithmic
composition systems using neural networks. The musical material is simply fed to a
neural network and the network creates some structure over the data (Todd, 1989: 28).
The presenting of musical data to computational ANN has to be done so that the way
the net stores the information is understood. There are no exact locations to store data,
because information is represented in the connection weights between several neurons
(Kosko, 1992: 14). This makes the representation of the data sub-symbolic, in the way
presented by Marc Leman (1991). Sometimes representations of a datum might need a
large number of neural units. In the example by J. P. Lewis (1991: 219), 200 inputs
were needed to code a melody consisting of thirteen notes.

It is difficult to classify pieces of music or melodies, and if it is done using generative
grammars, it is necessary to operate on a symbolic level (Louhivuori, 1992). In order to
research music at a sub-symbolic level and to avoid formulating explicit rules, a
special neural net pattern associator was used to teach pieces to the net and to
generate output from the net (ibid. 1992: 170). In this case it was found that ANN
could complete missing figures and recognise tunes from partial information (ibid.,
184).

Petri Toiviainen has used ANNS to investigate jazz improvisation (1992). A practical
starting-point for the improvisation model is learning by example. Experiments made
with the model show that it can learn and use the learned knowledge. It would be
very difficult to construct a similar rule-based model, and Toiviainen also says that the
connectionistic model is cognitively more relevant than the rule-based model (ibid.:
208).
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Marc Leman has studied the properties of self-organising musical nets. Leman
proposes that tonal organization and regularities are perhaps caused by the inherent
properties of the networks that process music in the brain (Leman, 1991: 101). Leman
studies this "ontogenesis of tonal thinking" by means of a self-organising feature map
developed by Kohonen. A large number of different chords were given to the net. The
network constructed a chord classification similar to that of tonal chord classification
(ibid.: 122).

Using connectionistic methods, Gjerdingen looks at complicated musical events (1991:
139). He uses a model based on competitive learning, called adaptive resonance theory
(ART). The ART model makes possible the self-organising classification of complex
musical events. Gjerdingen uses feature vectors derived from polyphonic musical
textures as input for the net, and he argues that the ART model can effectively classify
important features (ibid.: 146).

Representing musical time and pitch in a neural network
According to the taxonomy of neural network research presented by Toiviainen
(1992), the first level is about the internal dynamics of artificial neurons. By inspecting
them it is possible to look at the evolution of the dynamics of the network over time.
Sometimes this kind of neuron-level model has been used in studies of the perception
of rhythm . Desain and Honing (1991) used a model in which an abstract
connectionistic net could simulate some properties of musical time. They used two
kinds of neurons, basic cell and interaction cell, which acted as a connector. In the
model, three basic cells were connected by two interaction cells. Each connection cell
guided basic cells toward the nearest small integer, if the basic cell was already close
to this integer.

The virtual musical object progressing in time can be transformed into an object
progressing in the spatial dimension. In this case, one can look at the progression
through "time windows", and the successive images of these time windows can be
stored (Todd, 1989: 28). The internal time of neural networks does not affect in any
way the representation of the musical object, because the object is transferred from a
time-pitch coordinate space to a place-pitch coordinate space. This method has also
been used on speech recognition tasks, but its ability to represent complex timed
events is limited (Churchland and Sejnowski, 1994: 118).

According to Toiviainen, the ANNs work in a static context in relation to time. This
can be compared to how time is represented by the spatial dimension in conventional
notation. If the connectionistic model uses this kind of time representation, the net
"will process simultaneously several different musical events and different parts of the
net represent different time events" (Toiviainen, 1992: 195). Toiviainen does not
consider this kind of model to be cognitively relevant.

There are several possible models for pitch representation (Bharucha, 1991). One
model supposes that pitch information is coded locally in the brain. This means that
pitches separated by small intervals are coded by neurons that are close together
(Churchland, 1994: 155). This explains how the changes in pitch can be experienced as
movements, as an interval pattern moving in some way. If one could look at real
biological neurons, their firings would make a pattern moving in space, just as the
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flashing of successive LEDs or pixels on a computer screen can be experienced as a
moving image.

Todd compared the interval representation and direct representation of pitch (Todd,
1989: 32). By interval representation Todd means that the neural network stores the
note sequence as intervals after selecting a starting pitch. This facilitates the
representation of the different keys, and also sequences occurring in different pitch
registers are coded in similar interval sequences. This means that it is easier for the net
to notice these sequences. On the other hand, the interval representation might lead to
a totally wrong key even after a very small error in interval size. Direct pitch
representation is easier to use, and by using this method it is probably easier to
produce results sounding similar to a given style. Todd goes on to combine pitch
representation with some simple mechanisms in order to code rests and the
lengthening of note duration.

In the model described by Todd, the music is represented as symbols, which are given
to the network in a straightforward way. This mode has been commonly used in
musical ANNs. Kaipainen offers an even simpler representation where only pitches
are coded (Kaipainen, 1990), so that all information about the timing of notes is lost.
Gjerdingen stores properties of the notes to a vector, which is given to the ANN. These
properties include, for example, interval, position in the bar, the scale degree number
of the note, and the like (Gjerdingen, 1989: 70). Also, in this case it is a question of a
preprocessed symbolic representation and not dynamical representation. Current
connectionistic methods designed to model rhythm perception, such as the
quantization system by Desain and Honing (1989: 56), do not utilize the internal
dynamics of neural connections.

Neuron-level generative systems
As described earlier, Ohya (1994) used a simple oscillating neural network to simulate
rhythm perception. His study did not aim to generate musical events using the model
network. There have been only a few cases where music has been generated by
neuron-level models. The model proposed by Leach (1995) is discussed later in more
detail. Leng, Shaw and Wright argue that by using the special Mountcastle principle,
which has also been used to describe the structure of the cortex, it is possible to
generate interesting pattern generators that can produce complicated patterns (Leng
et al., 1990: 49). Their model is based on columns that consist of six hexagonal neuron
populations (trions). The activity of each trion is determined by the activity of its
neighbouring neurons and by previous activity levels. This model does not require
any input to generate patterns; its internal structure is sufficient for pattern generation.
Patterns generated by this model closely resemble patterns generated by cellular
automatons (see Millen, 1990). Patterns make cycles and somewhat symmetrical
structures. This model does not model biological neuronal systems very realistically,
because both the time and the connections between the model-neurons are heavily
quantized.

J. L. Leach (1995) has advanced a model that concentrates on timed musical changes.
Leach argues that, so as to be sensible, the music has to have certain special properties,
otherwise any sound sequence whatsoever would please human beings. He tries to
answer the question, 'what makes some sound sequences pleasant?' Leach argues that
music imitates the way the "world changes in time".
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Leach's model utilizes oscillating neuron connections, which are also found in
biological neural systems. Oscillation is caused by the firings of neurons that are
given steady input activation. The sensitivity of the neuron can be adjusted to react to
activation pulses, such that it does not fire on every pulse, but instead on every second
or third pulse. This means a phase-locking to the activating pulse. In this case, the
model acts as a simple pattern generator, which, when connected to form larger
systems, can generate more complicated patterns. Leach remarks that it is especially
advantageous of this system that it can convert a time continuum to waves separated
by identical intervals. He has developed the model to generate polyphonic sound
sequences by using a structure where lower level functions activate higher level ones.
The system's structure is tree-formed so that it might produce the hierarchical
structures found in music.

Compared to the model to be presented in this thesis, the Leach model does have
some interesting similarities. These are the following: a supposed connection between
the rhythmical properties of biological neuronal mechanisms and musical time, and
the use of experimental designs in which biological pattern generators are simulated
by computer and which produce musical sequences. On the other hand, Leach's model
is designed to be a much more general model that simulates musical time, and not
some special part of musical time, as the model in this thesis seeks to do. In addition,
Leach does not utilize the different pattern generation models presented in the
neurophysiological literature, but concentrates on one common model of neural
activity.

Both Leach and Leng et al. present some music to support their theory. Unfortunately
the generated samples have not been notated or analyzed, and one can study it only
through recordings. This might be understandable if the music were based on sound
phenomena that are impossible to notate. This is not the case, however, because the
music is played through a MIDI in both studies.

Conclusion
Research using neural networks has been based on a very simple view of human
musical activity. This activity is supposed to consist mostly of perceiving, collecting,
and processing musical material. The possibility that people might make music by
using internal pattern generators and properties of the brain is not generally discussed
at all. Also, it is often supposed that perceiving and processing musical material is
based on symbolic or sub-symbolic, but static, representations of musical parameters
such as rhythm and pitch. Use of sub-symbolic representations has not led to the use
of musical processes as a research method, but to the decentralization of parameter
representation. For example, musical time is not represented by means of a time-
dependent process but by distributing the symbolic rhythm information through the
network. Only a handful of studies have tried to generate timed musical sequences by
means of biologically inspired pattern generators.
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6. Simulation of pattern
generators
Mechanisms and properties of physiological pattern generators are discussed in this
chapter. This gives a theoretical framework for the model to be presented in chapter
seven. Rhythm generators are first discussed in terms of theories derived from
measurements of biological neural systems. It is also shown how oscillations are
formed in different neural systems. Algorithmic models of physiological pattern
generators are discussed in the second part of the chapter. Different properties of these
models are also handled, with special attention to the kind of patterns they are able to
produce. Included in the patterns are different rhythms, cyclical and chaotic patterns.
At the end of the chapter, computational and mathematical difficulties of the models
are briefly discussed.

6.1 Rhythm and pattern generators
The book From Clocks to Chaos, by Leon Glass and Michael C. Mackey, concentrates on
biological rhythm generators. The authors describe the properties of rhythm
generators, mathematical theories of the generators, and ways to simulate them. The
frequency of the rhythms handled varies from a few milliseconds to days or even
months. For this study, the most important ones are frequencies from cycles of a few
milliseconds up to a few seconds.

Kelso and deGuzman (1988: 180) argue that rhythmical movement is an almost
universal property of biological neural systems. Matsuoka (1985: 367) argues that
inherently oscillating systems based on neural rhythm generators can be found in
nearly all living creatures. He goes on to say that rhythmic patterns of back and forth
movement (such as the locomotion of quadrupeds, the flying of birds, and the
swimming of fish) are generated by the central nervous system (Matsuoka, 1987: 345).
There is a large amount of scientific data collected from measurements of biological
neural systems. LoFaro et al.'s (1994: 67) study of the subharmonic conductors in
networks with slow conductance was based on measurements obtained from the
crustacean gastrointestinal tract. Lourenco and Babloyantz (1994: 1141) base their
theories about the control of chaotic phenomena on data measured from the cortex of
the cat. Glass (1988: 23) shows the properties of spontaneously bursting heart cells of a
chicken embryo. These studies are examples of how the neural foundations of
rhythmical movement in heartbeat, respiration, and walking have been studied and
measured.

Oscillating and rhythmical generators are used in a variety of tasks. One possible case
is noticeable movement such as walking or swimming (Glass, 1988). Kadar, Schmidt,
and Turvey (Kadar et al., 1993: 421) propose that the rhythmic generator is an
inherently oscillating system. Glass et al. (1988b: 123) emphasize, however, that neural
activity is not only reactions to stimulus or inherent oscillations, for it always involves
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cognitive behaviour and anticipation. This means that even self-oscillating systems are
controlled by feedback, anticipation, and thinking.

Sequences of rhythmical movement in biological systems also define the relation
between different parts of the movement sequence. Only a limited set of possible
phase-relations are used. Some possible phase relations are being either in the same
phase or in opposite phases. These can be produced by non-linear coupled oscillators
and neural systems (Kelso and deGuzman, 1988: 181).

Matsuoka states that it is possible to change the frequency and pattern of the gait with
electrical stimulation (1987: 345).

Rhythm patterns in the locomotive motion of animals (such as those of four-legged
animals, the flight of birds, and the swimming of fish) are generated in central neural
units, and basically any sensory signal is unnecessary to produce them. Moreover,
animals do not only generate the locomotive rhythms but also can alter their speed
over a broad range. Some animals even change the rhythm of pattern itself; the
transition from walking to galloping in quadruped locomotion is a typical example of
such a change in pattern (Matsuoka 1987: 345).

Matsuoka's argumentation suggests that animals could control both the speed and
pattern of their gait by using a very simple mechanism. Jeannerod has proposed that
the mechanisms controlling movement act identically, both in real or imagined motion
control situations (Jeannerod, 1994). If this proposition of Jeannerod is correct, the
imagery of oscillations would suffice to start oscillating the pattern generator.

About the properties of physiological pattern generators
A rhythm generator works in a one dimensional environment generating pulses at
certain time intervals. Central pattern generators (CPG) can make patterns with two or
even more dimensions. The patterns have, for example, both the place and the time of
occurrence determined by the generator. Reciprocal, or back and forth, motion of some
limb is an example of CPG. The working mechanisms of CPGs have aroused the
interest of researchers since early this century (Glass, 1988: 63). According to Glass, it
has been shown that CPGs can work without any sensory input. It is, however,
difficult to monitor the working mechanism of CPGs in biological organisms.

Regular operation such as oscillation requires pacemakers (Babloyanz and Dextexhe,
1991: 139). Pacemaker oscillators can be based, for example, on chemical processes or
on neural oscillations. Neural pacemakers can consist of one or more neurons. They
can oscillate by themselves or be activated by monotonal input (Glass, 1988: 57). It is
also possible to make oscillations by means of post-inhibitory rebound phenomena,
which cause the activity level of the neuron to rise again by itself after the decay
following the firing. Oscillations can also be generated by means of connections that
link together different types of neurons (Kadar, 1993). Strongly coupled oscillators can
exhibit complex behaviour that can be dangerous to living organisms. Sometimes,
however, the strong coupling is needed if one seeks to avoid a non-synchronized
behaviour of the system (Ermentrout and Kopell, 1991). Closer to cognitive behaviour
are oscillators, which are based on sensory feedback and delayed motor reaction. If
there are several feedbacks with different delays, complex patterns and rhythms can
occur (Glass et al., 1988b: 111). Back and forth movement of the limbs is often realized
by both contracting and extending muscles. Churchland et al. (1994) show that this is
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done by using two neuron populations, either of which have activating internal
connections and which are mutually inhibiting to each other. If a monotonal input is
given to this connection, it starts to oscillate if the activation level of either group is
lower in the beginning. This kind of mutually inhibited neural network (MINN)
capable of generating back and forth movement is considered most important in this
study.

Different structures and mechanisms of CPGs have some specific behavioural
properties. In addition to chaotic or periodic behaviour the neurons can be sub-
harmonically synchronized, which means that the firing frequency of some neuron
population is in a harmonic relation to the firing frequency of some other group of
neurons (LoFaro et al., 1993; see also Leach, 1995). Sub-harmonic synchronization has
been studied both in real and modelled neuron connections. Two types of neurons
have been used in models: the pyloric dilator (OD) and lateral pyloric (LP) motion
neurons. There is a mutual inhibition between neurons (or 'neuron populations') A
and B. This causes alternating firings between neurons. In some connections there are
neurons (C) that indicate the alternation of active neurons, which fire when A starts to
decrease and B starts to rise. It is believed that these transition neurons can help in the
synchronization and control of the mutually inhibited connection. In addition to
mutual inhibition there are connections which are called sequential disinhibitions or
recurrent cyclic inhibitions. In this case there are inhibitory connections between
several successive neurons, and there is a monotonal activating input to each of the
neurons. According to Matsuoka, oscillations might occur even if the amplitude of the
activation input varies between neurons (1985: 368).

6.2 Pattern generator simulators
Using data obtained by studying biological neural systems, mathematical models for
simulation have been formulated. These models describe the behavioural dynamics of
pattern generators. Simulation is commonly used both to verify the mathematical
models and to observe the behaviour of generators. Simulation is done by iterating the
formulas of the mathematical model. The mathematical models are usually (perhaps
always) simpler than the original biological neural connections. For example, usually
only one type of neuron is used in simulation models, although there are several types
of neurons used in biological connections. It is also a simplification to use only few a
model neurons to model large number of biological neurons (Borisyuk, 1992).

The behaviour of the pattern generator simulation, i.e. the wave form generated, is
limited in biologically inspired models by the physical restrictions of the modelled
pattern generators. This is different from mathematical additive wave functions,
which are able to produce arbitrarily complex wave forms. The limitations of pattern
generators are caused, for one thing, by the limited maximum frequency of neuron
pulsation. Also, the connections and other behavioural details of modelled neurons
change the way the pattern generators behave.

As in the study of biological systems, it is common to use both activating and
inhibitory connections to make oscillatory models (Grossberg and Somers, 1991: 5;
Borisyuk and Kirillov, 1992: 319; Matsuoka, 1985 and 1987). Activation-inhibition
models have been used both in digital and analog models to create complex spatio-
temporal behaviour (Purwins and Radehaus, 1988: 137) and even random-like textures
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(Atalay et al., 1991: 111). Using post-inhibitory rebound phenomena, it is possible to
make an oscillatory network from neurons that do not oscillate by themselves (Wang
and Rinzel, 1992: 84).

Often pattern generator models are designed to act separately from the environment.
It can be observed from figure 6.1, however, that several aspects affect the behaviour
of physiological pattern generators. If the model incorporated even some connections
and feedback to and from the environment, then it would be more realistic. This could
help avoid oversimplifications in the design of the model.

Central
nervous
system

Pattern gen.
Sensory
organs

muscles

Controlling
sensory
information

feedback from sensory
organs

muscle
actioninput from central nervous

system

Environment

Input to CNS

Figure 6.1. Behaviour of the pattern generator is linked with input and feedback from sensory organs
(after Churchland and Sejnowski, 1994: 385).

For example, it seems intuitively easy to simulate the periodical waving of a hand. But
if all the neural control mechanisms and feedback from muscles and sensory organs
involved are considered, it becomes quite difficult to design a realistic model of a hand
wave. A couple of somewhat realistic networks have been designed to model motion
pattern generators. In their article, "Coupled Oscillators and the Design of Central
Pattern Generators", N. Kopell and G. B. Ermentrout (1988) describe how to create
CPGs according to the model of a lamprey. In particular, they studied the connections
between several neurons forming a chain. Matsuoka developed a six-neuron model to
describe the alternating movement of the legs of a six-legged animal (1987).
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Figure 6.2 Schematic view of recurrent cyclic inhibition. All connections shown are inhibitory.

Recurrent cyclic inhibition allows the generation of many different patterns. It is
especially suitable for simulating several oscillators locked in different phases. In
figure 6.2, diagonal connections are added to simple recurrent cyclic inhibition. It is
also possible to generate models in which several sub-networks are connected
(Ermentrout and Kopell, 1991: 200). When combined with the possibility of also using
different kinds of neurons in different connections, the number of possible network
models is practically infinite.

Problems in pattern generator simulators
Leon Glass says that the simulation of biological phenomena poses some difficult
problems (Glass 1988: 21):

The physical sciences place great emphasis on obtaining analytic solutions to
differential equations ... Since biological systems are generally described by
nonlinear differential equations (i.e. the right-hand side of the equation contains
non-linear terms), for which no analytical solution is available, alternative
techniques to the analytic integration of differential equations must often be
sought in the study of biological problems. Moreover, biological systems are so
complex that it is generally impossible to specify exactly the dynamical equations
describing the system.

Glass proposes finite difference equations as a solution for this problem. That solution
is adopted in this study. Using finite difference equations it is possible to simulate
neural connections by means of iterative functions. This can be easily done by the
computer, because it can compute efficiently the large number (hundreds or
thousands) of iterations required. Moreover, the computer can also produce graphic
representations of the data produced by iterations. This is important in this study,
because the mathematical solutions of neural systems are not the key issue; rather, the
main concern is the dynamics of the pattern generators and how they can be used to
generate music. The use of finite dynamic equations and their iterative computer
implementations also means that arbitrarily complex models (for which no
mathematical solutions are available) can be easily tested.
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Cyclical and chaotic behaviour of pattern generator models
Important mathematical concepts concerning the behaviour of pattern generator
models are steady states, oscillations, chaos, and noise. Steady state means that the
condition of the systems remains stable even when environmental conditions change.
Oscillation means that a pattern repeats itself cyclically. In biological systems special
changes in input to the system are needed to start or stop the oscillation of the system
(Glass, 1988a). The chaotic behaviour of neural connections has been investigated in
several studies. Borisyuk et al. (1992) described the bifurcations of neural oscillators.
Glass et al. (1988b: 121) showed that even chaotic and fractal behaviour can arise from
nested feedback loops with variable delays. To investigate these systems a large
number of tests are often needed because many parameters are involved (e.g., the
number of connections, triggering values, and connection strengths).

Modelling rhythm changes
Movement patterns (rhythms) and their speed are connected to each other in the
neural pattern generator models. If frequency is increased, for example, by the
insertion of a stronger activation current, this may cause a change in the shape of the
pattern generated. Matsuoka (1987) gives four strategies for controlling the speed of
the pattern generator model: a) adjusting the amplitude of monotonal input to all
neurons, b) adjusting the wave-form of the input, c) adjusting the sensitivity to input
in only some of the neurons, and d) adjusting the connection weights. The adjustment
of connection weights can be done by means of pre-synaptic inhibition or by using an
intermediate neuron, as in the following figure.

6.3. Transitory neuron controlling the inhibitory connection (adapted from Matsuoka 1987).

In figure 6.3 the small circle represents a transitory neuron that has a separate control
input. When the activity level of the transitory neuron is decreased, this decreases the
activity level of the neuron on the right. As Matsuoka (1987) remarks, there is an
infinite number of different connections and possible parameter values, and only some
of them can be tested. It is sometimes possible to deduce from the structure of the
network how it will behave, but the exact behaviour of the net has to be tested
experimentally.

Conclusion
Pattern generators pulsate in biological organisms that are performing different tasks.
Some of the most important tasks are the synchronization and generation of reciprocal
motion (as in walking). Slower patterns can be chemically based, but faster patterns
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are usually based on alternating, mutually inhibited neuronal networks. Patterns thus
generated can have cycles consisting of smaller cycles. The patterns can be called
coherent and hierarchical in a way similar to how Jones describes the perception of
musical patterns (1989: 462).

It is possible to inspect the behaviour of biological networks by simulating them.
Neuron level models can be used to simulate the behaviour dynamics of inhibited
neural networks. It has been found that it is possible to generate a large variety of
different patterns by using these connections. Mathematical difficulties in simulating
complex physiological systems are at least partly possible to overcome by the use of
finite difference functions, which are well suited to the iterative computation
performed by digital computers.

It is possible to draw the following conclusions: a) physiological rhythm and pattern
generators can act spontaneously; b) it is possible to create complicated and even
chaotic wave forms by adjusting the activating input current or some internal
parameters of the network; c) mutually inhibitory networks are commonly used to
create oscillations.
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– PART 2 –

GENERATING MUSICAL MOTION
PATTERNS USING NEURON LEVEL
MODELS
Musical motion patterns, algorithmic music research, and related disciplines have
been discussed in the previous chapters. Also introduced were physiological rhythm
and pattern generators, as well as the models inspired by these generators. Using
these premises, it is possible to survey the properties needed for a model of musical
pattern generation and the possible means for realizing the model.

The model to be presented here is inspired by physiological pattern generators. It is
deterministic, which means that it works without stochastic elements or random
selection of notes. It is also very simple algorithmically, and it has some connection, at
least metaphorically, with musical time and musical motion, those being either real or
imagined. Once begun, the model continues a motion automatically, which is
consistent with the behaviour of biological CPGs. When considered from the
viewpoint of algorithmic music generation, the model has some advantages. It
considerably reduces the size of the list of possible choices in pattern generation
situations, which decreases the size of the search space. The model also provides a
new approach to rhythm generation by not using symbolic rhythm representation but
rather a dynamical representation of musical time. Earlier research promoted rule-
based systems or random choices as the main methods for generating rhythms. These
methods were not consistent (or they were even not meant to be consistent) with the
dynamic cognitive processes supposedly used in music-making. These cognitive
processes may also use CPGs to make music, among other processes (such as symbolic
ones). Because algorithmic CPGs can make complex patterns, which can have a
surface structure similar to an event series produced by hierarchical grammars, the
model removes, at least in some cases, the need for generative grammars as generators
of structural musical event series. Moreover, owing to the physiological constraints
which are reflected in the behaviour of the model, it is connected to the "real time" of
biological organisms, so that the frequency of the patterns depends on the properties
of the modelled neurons, and a possible change of frequency might change the shape
of the pattern, just as the gait is changed when a quadruped increases its speed. As
noted earlier, the musical motion patterns are usually generated by means of small
note values, such as semiquavers or quavers. This may be originate in the
physiological timing constraints of CPGs, which might operate better in some
frequency areas than in others. Because the model is inspired by physiological CPGs, it
can produce complex pulsating patterns that in some cases also show bifurcating
behaviour. This is suitable for attempts to make musical motion patterns, which have
the same properties.
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There is a big difference between studying simple connections made from quite
realistically modelled neurons, and hypotheses that music has some relation to general
properties (Wallin, 1991) or EEG-curves of the brain. Terence McLaughlin (1979: 57)
discusses the properties of different brainwaves in relation to musical thinking and
remarks that the EEG measures a combined wave form of millions of neurons. In these
neurons several different processes are going on at every moment, and it is impossible
to say which partial of the combined wave form refers to which process in the brain.
The model proposed in this study examines the properties of only a few model
neurons. It is thus possible to examine the activity of each neuron at every moment.

Figure II.1 shows basic factors affecting the design of the MINN model. Possible
relations between separate factors are represented by arched lines. As noted earlier,
the Verhulst bifurcation has often been used in algorithmic music composition. The
reason for this is that the event series produced by the bifurcation has some musically
interesting properties, such as cycles with lengths following the exponential series of 2.
These series resemble those produced by CPGs in certain parameter settings. The third
relation is formed when physiological pattern generators are used to make musical
motion patterns (which are apparent in playing, but which are only suggested here).

Bifurcations

Musical motion patterns

Pattern generators

Figure II.1. Different aspects of the model.

The surface structures of event series created by mathematical bifurcations and CPGs,
and those found in musical samples, resemble each other. These three areas have been
inspected separately thus far. It is within the scope of this study to formulate a model
that combines features from mathematical bifurcations, CPGs, and musical motion
patterns.

As discussed in earlier chapters, pattern generators are constantly used in partially
sub-conscious processes (such as walking, dancing, swimming, the heartbeat) and also
in the perception of rhythmic phenomena. On the other hand, some musical



74

parameters arouse imagery of something moving rhythmically. It is possible to
suppose that central pattern generators are in use in the human mind when it is
creating, listening to, or imagining music. CPGs generate event series that resemble
musical motion patterns in shape and rhythm (on patterns produced by CPGs, see
LoFaro et al., 1994 and Matsuoka, 1985). Patterns generated by CPGs have small but
regular deviations from time divisions calculated mathematically (see McAuley, 1995).
Similar deviations are often found in musically meaningful interpretations of melodies
(Sundberg, 1983). Moreover, the deviations help to explain the peculiar rhythmical
feeling, the "swing" of music created by live musicians as compared to the rhythms
generated by rhythm machines or played by sequencers using coarsely quantified time
slices.

The use of systems that generate reciprocal back and forth motion can vary widely in
different pieces of music. It can be assumed that, if a composed piece includes a lot of
cyclical and repetitive patterns (as does the first prelude in Bach's BWK 1), then the
pattern generation system has had a strong influence. The pattern generation system is
most effective for controlling the parameter of pitch. This means that a (sub-)automatic
musical pattern generator is taking care of the main shape (coarse size of intervals) of
the pattern, which is then adjusted according to the harmonic situation.

The proposed model generates a two-dimensional activation time series, which
requires further processing so that it can be considered as musical information.
Because musical pattern generators are meant to generate the stuff of musical control,
the most simple and straight-forward method (and one which least changes the
produced material) is to convert the activation series if necessary. Because the aim is to
generate musical rhythms it is essential to convert the activation series from a
continuum into pulses. Pulses can be derived from a time series by means of a trigger
function, the local maximum method, or the output neuron to which all other neurons
are connected.

As already discussed, it is possible that some neurons fire some integer factor less
frequently than do the faster neurons (LoFaro et al., 1993). This is musically analogous
to basic time signatures. The less frequent sub-harmonic oscillator corresponds to
main beat, and the faster oscillator corresponds to every beat. Simply by changing the
inhibition value of such a net it is possible to generate pulsation for other time
signatures. This system can act as a sub-system to generate basic pulsation or as an
activation sequence to the actual pattern generator.

It is (or, at least, has been) impossible to measure the detailed behaviour of individual
neurons in the brain. So it is also impossible to measure the detailed functioning of the
CPG in the brain. This means that there is no physiological evidence of the role of the
CPGs in music processing situations. Therefore the relations between CPGs and the
playing or thinking of musical motion patterns, proposed earlier in this chapter, are
metaphorical or at most analogous. It is possible to speculate only indirectly about
how the CPGs are really used as a part of the musical processing system. In any case,
the use of CPGs is only a part of musical processing. If they are used only in
generating cyclical patterns like those showed as examples in chapter two, they are
more or less stylistic phenomena. If they are also used as an essential part of the
rhythm generation, which the sub-harmonic beat systems suggest, they are an
essential part of virtually all music which has a steady pulse. Because of this, it is
considered necessary here to investigate the generative power of a system consisting
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of an artificial CPG model connected to a heuristic contextualization model.

I work on the assumption that musical processing in the human brain takes place as a
number of different processes. The importance of the different strategies varies from
piece to piece and even within a more complex piece. Ways of handling time, the use
of learned knowledge, and the implementation of pattern generators make up a
network of possible strategies. When a person is thinking about music, he activates
neural systems similar to those he would use if he were really playing (compare to
Jeannerod, 1994). In this case, pattern and motional thinking is connected to neural
systems that control movement. Harmonies, tone colours, musical scales and such-like
seem to require modes of thinking that are different from motoric imagery. This means
that motion pattern generators are mostly used in that restricted area of musical
thinking which is concerned with time and patterns.
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7. The MINN model
The purpose of the MINN model is to synthesize musical motion patterns. The model
produces time series which are converted to musical notation. To accomplish this, a
system is required which includes the generation of the required neuron objects,
connecting them together to form the pre-planned network, to start this network by
giving it discrete triggering input from other systems, and to collect the generated
activation series of neurons so as to contextualize it and transfer it to notation or to
some other output system. The model proposed here is essentially similar to the first
musical CPG model described by Laine (1997: 422).

To avoid misunderstandings, it is necessary to again emphasize that the network used
in the MINN model is not a learning network using tens or hundreds of neurons in
which the results of changing connection weights are inspected. Instead, this network
is small, consisting of at most ten or twenty neurons, and the behaviour of the network
is inspected in detail in each time slice.

7.1 Required features of the model
The MINN model produces data series which are contextualized to musical notation.
The sample series to be contextualized should resemble musical motion patterns as
closely as possible. Below are listed the requirements for how the model should work
and what it should be able to generate:

A) Cyclical patterns, i.e., repeating sound sequences;

B) Cycles whose length should follow simple integer ratios or exponential series of
two (2, 4, 8, 16);

C) Repeating patterns that contain smaller repeating patterns within them, both
following requirement B;

D) Reciprocating patterns, which means alternating high and low figures;

E) Steady states, which means that some pitch remains the same while others form the
changing melodic line;

F) Pitch sequences that closely resemble the musical examples both in interval size and
direction;

G) Different rhythms, not only pitch patterns;

H) The model should work deterministically (i.e., without random selections), and it
should be able to produce both cyclical and chaotic patterns depending on the
parameter values.

7.2 Main features of the model
Before the structure of the model is described in programming terms, its behaviour is
described in more general terms. If the reader does not want to look closely at the
programming aspects of the model, he/she can read only this section so as to get a
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general understanding of how the model works (see also figure 7.1).

The main property of the artificial neuron used here is the increase of the activation of
individual neurons and their successive firings. To make more complex patterns it is
essential to connect this kind of artificial neuron to an environment, which means
other modelled neurons and other sources of either activation or inhibition. In this
model the environment is simplified and consists of predefined parameter values and
monotonal impulse series that trigger the pattern generator at the beginning and keep
it activated throughout the experiment.

The network made up of artificial neurons is updated in every discrete step of
quantified time (time slices). The values of each neuron are stored in a special time
slice data structure, which also includes places for storing possible firings of neurons.
The artificial neurons are represented as objects in the MINN model program code.
This means that the neurons are coded in data structures that combine both the
functions and parameters as well as the variables needed for processing the neuron.
The object model is very simple and is described in more detail in the next chapter.
The whole network is one object, and it consists of several neuron objects. The
connections to and from neuron A are constructed by placing the pointer of activating
and inhibiting neurons to the connection list of that neuron.

Initialization

exec.

activation time-series

neuron connection

contextualization

Figure 7.1. Schematic view of the relations between different sections of the program. The rectangles
represent the data structures and the rounded rectangles represent the functions processing the data
structures.

After the user has input the parameters through graphical user interface, the program
can be executed. During every time step each neuron is activated by an impulse input
which can be either monotonal or have some other, predefined wave form. The state
of activation of each neuron is computed from the activation, inhibition, and the
neuron's own value. This state value is placed into time slice objects, which are
collected in a list. After the network is updated as many times as the user has selected,
the data collected from the behaviour of the network is contextualized to music. The
result of each experiment is a MIDI file, which can be notated. The whole operation is
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computationally linear and efficient, and the generation of the sound events is based
on totally deterministic processes. The behaviour of the network can be chaotic. Even a
very small change of parameter values can cause drastic changes to the final result.
There are limiters inside the model that prohibit computational problems such as
numerical overflow, which might be caused by extremely high activation values and
the like.

When the user starts the model it creates the requested number of neurons and the
connections between them. All the parameters are set to their default value. A list is
created to store the time slices. After these initialization procedures, the program starts
to update the network repeatedly. The state of each neuron is updated in each time
step. If the activity level of the neuron is above the firing level, the neuron fires and its
activity decreases. The activity decrease is either immediately to zero, or a slower
decrease is shown with an aftermath parameter. Time slice objects are created in each
time step. Time slices are collected to the time series list. It is possible to inspect the
time series list during the execution of the program, and it can be processed
afterwards by means of contextualisation functions. The activity level is converted to
virtual movement, and the movement is converted to note events which have a
discrete (MIDI) pitch. This requires analysing the time slices and taking note of the
places where firings have occurred. The pitch is calculated either from the combined
dynamics of the neurons (sub-symbolic representation) or by position of the firing
neuron (local pitch coding).

Schematical view of the program behaviour
The following diagrams should give the reader an idea of how the MINN model
works. The aim is that a reader unfamiliar with computer programming will
understand how the model works, without having to study the more technical text in
the next chapter, which is concerned with class definitions and so on.

A-NEURON
B-neuron

Activity gauge

Inhibit. connect.

Figure 7.2. Explanation of the picture elements. Omitted are the monotonal activation impulse
and the data structure collecting the values in each time segment.

Figure 7.2 shows the function of each element in the process (minus the noted
omissions). There follow three figures that depict the behaviour of imagined model
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neurons 'A' and 'B'.

Figure 7.3A and 7.3B.

At the beginning, either one of the neurons is given a slightly larger activation value.
In this example, the 'A' neuron receives a greater starting value, as can be seen in
figure 7.3A. Because the activation value of neuron 'A' is larger, it also has a bigger
inhibiting effect on neuron 'B'. Figure 7.3B shows the activity of 'A' rising and the
activity of 'B' decreasing.

N-A

Figure 7.4A and 7.4B.

In figure 7.4A, the 'A' neuron reaches the maximum (triggering) value and fires. The
triggering level is marked in the figure by a thin line at the upper end of the activation
gauge. The firing is stored in the time series list as an instance of the time segment
class. This is depicted with the hexagon having letters N-A. The activity of the 'A'
neuron decays quickly to the minimum value. Because 'B' is no longer inhibited by 'A',
its activity level starts to rise (figure 7.4B).
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N-B

Figure 7.5A and 7.5B.

Figure 7.5A shows how the activity value of neuron 'B' rises and that of 'A' decreases.
In figure 7.5B, neuron 'B' reaches the triggering level and fires. The firing leads to the
creation of a sound element later, in the contextualization stage. Preserving an
alternating pattern, this pair of neurons generates sound events infinitely if it is not
stopped. These figures show nothing of how the time segments are contextualized to
sound events. The sound events can be intervals, playing movements, or notes (sound
objects having a discrete starting time and pitch of equal temperament and duration).
In this study the time segments are contextualized straight to notes. It has to be
decided whether the pitches of notes N-A and N-B are identical, or whether they are
lower or higher. N-A and N-B can also represent non-pitched sound events, such as
drum sounds. These decisions are made when the user designs the contextualization
functions, which remotely correspond to how human beings "contextualize"
movements using stylistically bound instruments, scales, and the like.

When the program is executed the discrete time advances. The current time position is
represented in a field time position (timepos) in minn. During each time position the
neuron activation values are updated by means of the functions 'inhicalc' and
'calcsitu'; and the output is manipulated by the function 'outputState'. Updating is
done by first calculating the sum of all the inhibiting neurons' activity values.
Inhibitory sum, activity impulse, and post-inhibitory rebound value are all part of the
function that is used to calculate the activity value of the neuron:

Formula 7.1:

( )( )( )( )currentac decay omac impulse sigmoidi omac rebound inhival= ∗ + ∗ + −

The above function shows how the activity of the neuron, currentac, increases as a
function of activating impulse and inhibitory sum. The sigmoid function determines
the slope of the activity increase. When the impulse value is multiplied by this, the
activity of the neuron rises using the sigmoid function. The parameter inhival is the
median of the inhibitory strength of one or more neurons.
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About activation functions
Models of biological functions require an activation function to represent how the
activation increases in relation to activating impulses. Figure 7.2 shows a simple
neuron having two inputs, marked x0 and x1. The activation function 'F' determines
how much the activation input increases the activation value of the neuron. If the 'F' is
piece-wise linear, as shown on the right hand side of figure 7.6, the activation value
reaches its maximum value instantly when given an impulse. This kind of activation
function is not very natural, and it is seldom used in neural network models.

F

x0 x1

Out 0 f(x0 -2x1) f(x)

x

-1

1

Figure 7.6. Neural unit (according to Dolson, 1989). On the rigth, stepwise activation function.

The sigmoid-function (fig. 7.8) is considered to be more realistic than the linear
function (fig. 7.7). The activation value increases slowly to the maximum. The
advantage of this function is its simplicity.

f(x)

x

-1

1

Figure 7.7. More natural linear activation function.

The sigmoid function is the one most commonly employed to simulate the behaviour
of biological neurons (Dolson, 1991: 4), and it is also used in the MINN model in this
thesis.
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f(x)

x

-1

1

Figure 7.8. Commonly used sigmoid function.

Because the function shown here is composed of separate segments, it is not so refined
as a real mathematical function.

If the neuron activation rises above the triggering value, the neuron fires. This starts a
series of operations in which neuron activation decays rapidly, because it is multiplied
by the 'aftermath' value, which is less than one, and often close to zero. The activity
value of the neuron cannot fall lower than is defined by the minimum parameter.

Formula 7.2:

currentac val aftermath≥ �max

currentac val currentac lowerval≤ � =min

Formula 7.3:

currentac omac afterMathRate= ∗

In this chapter I have tried to describe the general structure of the model. It is,
however, quite impossible to foresee the behaviour of the model from this description
alone. The only possible way to find out what kind of time series is generated is to
produce them with the model using different connections and parameters.
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7.3 Computer implementation
The actual computer implementation of the program is essential to the testing of the
model. It is possible to argue against showing the details of computer implementation,
on the basis that it is not music research and that only artificial intelligence research
would require such technical details. Sometimes, however, the algorithmic
description, or program schema, is not detailed enough to create an identical program
in another programming environment. It is also quite common in the literature of
algorithmic music research to give program examples (c.f. Cope, 1992; Ebcioglu, 1992;
Laurson, 1995). Therefore a simplified description of the implementation is given here.

Connection class - Minncl
The main class in the model is called 'minncl'. When one uses the model, only one
instance is created, the global variable 'minn'. 'Minn' acts as a handle to all other
objects in the program. 'Minncl' includes the list of simulated neurons, common
parameters, pointer to contextualization class, and methods for creating the object,
processing, and output. As the following Delphi object Pascal code shows (on Pascal
see Brinkman, 1990), the class definition includes both lists, numeric variables, and
methods (called "procedures" in Delphi-Pascal):

minncl = class

testlen,testlenMax,neuroamountMax : integer;

neuronqnt : integer;

neurolist : tlist;

resultlist : tlist;

globincr,impulseamp,globdecay,globcon,globAftermathR : double;

constructor create;

procedure initialization;

procedure run;

procedure outputpreparation;

procedure resultlistCreate;

procedure resultlistInitState;

procedure OutputState(cnt,cntb:integer;tmpneuro:neurocl);

end;

The field 'resultlist' is the control list for contextualization. Instances of class
'timepointcl' are placed in it during the execution of the program. List 'neurolist' holds
the neural network represented as a list. In figure 7.1, this signifies the box marked
'neural connection'.

Neuronclass - neurocl
Artificial neurons are defined in class 'neurocl'. Each instance of 'neurocl' includes
information about activating and inhibiting neurons (fields 'acticonli' and 'inhiconli',
respectively). The class also defines several other parameters and values showing the
neuron's state. Each neuron holds the wave form shape for input activation by means
of an array 'impulser'. A graphical representation of the neuron is shown by
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parameters 'oldgX', 'oldgY', and 'offset'.

neurocl = class

impulsar : impulsar_ar;

impulseinput,beatinput : integer;

oldgX,oldgY,offset : integer;

timepos : longint;

restval,decay,rebound,minval,impulse,connew,omac,maxval,

conacsum,inhisum:double;

oldomac : double;

impulsepos : longint;

impulserate : double;

impulsewavelen: integer;

afterMathRate:double;

fired,afterMAthp : integer;

inhiconli,acticonli : tlist;

origin : integer; {defines if it is rhythm- or pitch-neuron}

constructor create;

procedure impulsarFill;

procedure calcsitu; {calculation of the current situation}

procedure inhicalc;

procedure impulsecalc(impulseamp:double);

procedure beatcalc(impulseamp:double);

procedure output;

procedure afterMath;

end;

When an instance of class 'neurocl' is made by using the constructor function 'create',
its impulse array is filled by using the function 'fill'. Using different parameters, the
'impulsar'-function can in addition create different wave forms for activation. Used
alone, 'neurocl' can make steady pulses. When used in connection with other neurons,
it can make complex patterns.

7.5 Representing different neural connections
using the 'minncl' class
A representation of the neural connections is produced by placing the artificial
neurons in the 'neuronlist' list and by making connections between them (figure 7.9).
As mentioned earlier, the connections are realized by placing the pointer of the
inhibiting neuron 'B' to the 'inhiconli' list of neuron 'A'.
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Figure 7.9. Simple mutually inhibiting connection.

The above connection can be implemented as follows:

neuronlist(neuron-A,neuron-B)

neuron-A.inhiconlist(neuron-B)

neuron-B.inhiconlist(neuron-A)

Every change in activation level is reflected in the other neurons, in this case the other
neuron in the neuron pair. It is often necessary to represent larger neural connections,
and this can be done by changing the code representing the connection (figure 7.10):

A

B

C

D

Figure 7.10. Two mutually inhibted pairs of model neurons.

This connection can be represented as follows:

neuronlist(neuron-A,neuron-B,neuron-C,neuron-D)

neuron-A.inhiconlist(neuron-B)

neuron-B.inhiconlist(neuron-A)

neuron-C.inhiconlist(neuron-D)

neuron-D.inhiconlist(neuron-C)

Two pairs of neurons are created. The pairs act independently, which normally means
that they are not phase-locked. But in this case, different patterns can also be
generated by the connection, by a change of parameters and by the use of different
activation wave forms. Thus the pattern-generating behaviour of the connection is not
based solely on the structure of the connection.
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A

B

C

D

Figure 7.11. Mutually inhibiting connection of four neurons with additional connections A-C and D-B.

The connection shown in figure 7.11 can be written in pseudocode:

neuronlist(neuron-A,neuron-B,neuron-C,neuron-D)

neuron-A.inhiconlist(neuron-B,neuron-C)

neuron-B.inhiconlist(neuron-A,neuron-D)

neuron-C.inhiconlist(neuron-D,neuron-A)

neuron-D.inhiconlist(neuron-C,neuron-B)

More numerous connections can also be created by means of this connection system.
There is no absolute limit to the size of a connection represented by the 'minncl' class,
and it can include even hundreds of neurons. It is more difficult to process greater
values and to adjust their values, and the pattern-generating properties of more
numerous connections are similar to those of less numerous connections. Therefore,
connections no larger than 12 neurons are tested in the experiments described in this
thesis. Even connections this small can have a virtually unlimited number of different
structures and parameter combinations. The main reason for using 6 to 12 neurons is
that this quantity gives a great variety of motion patterns generated and it is very
suitable for contextualization to diatonic pitches, even when one uses local pitch-
coding.

7.6 Effect of the parameters
Here the effects of the main parameters are discussed. Some introductory examples
are given of how the network behaves with different parameter values, but no
detailed or exhaustive mathematical analysis is presented.

Increasing the activation of one neuron
In the connection, or set-up, of one neuron, the neuron simply fires after reaching the

trigger value. As shown in the following figures, the pulsation of the neuron becomes
more frequent if the activation value is increased.
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Figure 7.12. Activation time series.

Figure 7.12 shows the behaviour of an instance of neuroncl-class using a relatively
small impulse-strength. The activation rises more slowly at the beginning and at the
end of the slope, but faster in the middle.

Figure 7.13. Possible musical contextualization of the neural dynamics from previous figure.

The sigmoid shape of the activation increase can be easily seen from figure 7.12. There
is roughness in the picture, because the time is represented in discrete steps and the
activation "jumps" between each updating of the neuron. The steps would be smaller if
the updating were done more frequently, i.e., if the sample rate of the MINN model
were increased. Using estimated finite difference equations it is impossible to reach
the totally smooth, sigmoidal curve found in analog or physical neurons. The firing of
the neuron is represented by the small circle. The return to minimum value is
immediate in these experiments, but it could be slower if the 'aftermath' parameter
were increased. When notated using a simple contextualization function, the notation
shown in figure 7.13 can be achieved.

Figure 7.14. Behaviour of neuroncl-class instance with medium impulse value.

Figure 7.15. A possible musical contextualization of the previous example.

As impulse strength becomes stronger, the activation levels of the neurons rise faster
(fig. 7.14), resulting in the contextualized notes being shorter (fig. 7.15). So the
parameter controlling the strength of the impulse also controls the oscillation
frequency of the model neuron. In more complex connections the relation between the
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impulse strength and the oscillation frequency is not as simple. Frequency changes of
oscillations also tend to cause changes in the firing pattern of the neurons. This
behaviour is analogous to the different gaits of four-legged animals (cf. Matsuoka,
1987).

Figure 7.16. Faster impulse-rate caused by stronger activation.

Figure 7.16 shows the behaviour of a 'neuroncl' class instance with a relatively strong
impulse value. One can see the steady, pacemaker kind of sequence of neuron firings.

Two neurons, increasing the inhibition

Figure 7.17. No inhibition.

If there is no inhibiting connection between the neurons they act separately. This
means that the activation level in each individual neuron rises according to the values
of its own activation sensitivity and activation parameters. If the default values of the
neurons are identical and a similar input is given, they behave identically and in the
same phase (fig. 7.17).

Figure 7.18.

Figure 7.18 shows a non-inhibited neuron pair contextualized so that neurons directly
represent the some pitch. In this case the firing of the 'A' neuron appears as the
emergence of the pitch 'F', and firing of the neuron 'B' produces the note 'C'.

A strong inhibitive connection between 'A' and 'B' neurons eliminates the activity in
both neurons and neither of them fires (fig. 7.19). When contextualized, no note events
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will be generated, because there is no firing of the neurons.

Figure 7.19. Strong inhibition.

The inhibited model neuron can become activated only after the inhibiting neuron has
fired and its activation (and also the inhibiting power) has dropped. This causes the
alternation between model neurons 'A' and 'B' (fig. 7.20).

Figure 7.20. Alternating pulsation caused by inhibition.

The behaviour of the connection shown in figure 7.20 is of major importance for this
study. As stated in the first chapter, the periodic alternation of pitches or symbols is an
essential feature of musical motion patterns. The inhibition mechanism between two
model neurons makes it possible to generate various periodic sequences consisting of
alternating patterns. If the connection is more complicated, the alternating pattern also
becomes more complex.

If the time series is contextualized as in the earlier examples, the notes C4 and F4 will
alternate in the following way (fig 7.21):

Figure 7.21. Alternating pattern converted to notes.
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Pitches are based on the settings of the contextualization functions and cannot be
directly deduced from the behaviour of the model neurons. Only the basic behavioural
dynamics can be seen directly from the behaviour of the model neurons. In this case,
this would be the alternation of two elements.

7.7 Changing the impulse strength
In the MINN model it is possible to let some parameters change during program
execution. Some tests have been made where the neuron's sensitivity to activation is
very slowly increased during the execution. This increases the neuron's effect on the
total behaviour of the connection. This can lead to increased density of notes,
increased tempo of the pattern, change of the shape of the pattern, or linear pitch
change somewhere in the pattern. This parameter change is especially suitable for
finding values of parameters where some specific change occurs. For simplicity, these
experiments are exluded from this research and mentioned here only as a feature of
the model.

7.8. Visualization and output
The user interface with the model consists of a main window which contains the scroll
bars and the time series representation of the behaviour of the connection. There are
also control panels for simple MIDI playback. Each of the most important parameters
has its own scroll bar. In addition to them, there is a multitude of internal program
parameters, which can be adjusted in the programming phase. It would be possible to
let each neuron have its own control window showing the main parameters' impulse
strength, connection strength, and 'aftermath' parameter. For simplicity, a common
control for all neurons is adopted instead.

Each test with the MINN model is visualized in the time series part of the main
window. On-screen the activation time series of every neuron is shown and also its
firings. The contextualization phase adds information about possibly created notes.
The on-screen image contains no information about absolute neuron values. It only
contains information about the relative values of the neurons. It is easy to notice the
general properties of the connection from

the image. It shows if some of the neurons fire or if the inhibition is so strong that no
firings take place. Also, cycles are easy to detect from the on-screen picture, as well as
some information about the rhythm structure of the musical output of the test run. It is
also possible to output a text file in which essential information about the connection
and the test run is collected. A MIDI file is generated from the note information.
Usually no additional quantification is necessary, because the pattern generator
stabilizes to discrete time values. The data produced by the MINN model are discrete
in time and pitch. The discrete time representation is not the result of quantization but
of the actual rhythmic pulsation of the network. Therefore the data is easily converted
to notation.
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7.9. Post-processing the time series using music
stylistic rules
The data produced by the MINN model are simply samples taken from the working
network. In order for the data to be inspected as music, it has to be contextualized. The
context is represented as simple rule structures. The contextualizer acts as an adaptor
or filter between data streams coming from the model and the perceiver. Implicitly it
is also assumed that the raw data stream is more general than are the contextualizers
processing it. A similar set of interval slopes or motion patterns can have a totally
different surface structure when contextualized in a different way. This chapter
describes the basis of contextualization design for the MINN model. The
programming details are not given.

The relation of pitches and rhythms is essential in pattern generation. Most often the
artificial CPGs are supposed to model some simple motion behaviour of animals (see,
e.g., Chay and Cook, 1988). To generate pitches by means of CPGs, one can consider
the mechanism of how bird-song is generated by the CPG controlling the bird's larynx
(Nowicki and Marler, 1988: 401). The generation of pitches requires two-dimensional
functionality from the MINN model. It does not only generate points on the x-axis
(time) but it changes the y-axis, too, representing pitch here.

In a music-playing situation, a change of pitch often requires less physical effort than
the generation of the sound event, i.e. the starting of the sound. In piano-playing, for
example, sound generation requires rather powerful up and down motion, whereas a
change in pitch requires only small and quite effortless horizontal movements from
left to right or vice versa. Based on this, it is here assumed that the amount of energy
needed for pitch change is smaller than that needed for event generation. In the
model, a two-dimensional motion pattern is generated by using a network in which
some model neurons are linked to the pitches and others are linked to the generation
of the sound events, i.e. rhythms. This is done by an adjustment of the field 'origin' in
the class definition of neurons, such that when the 'origin' value is 0 it belongs to the
rhythm (or sound event) generation part of the system, and if the 'origin' value is 1, the
neuron belongs to the pitch part of the network. If the 'origin' of the data is not
considered, it is possible to use abstract mapping methods (cf. Millen, 1990). If the
'origin' of the data is taken into account, one can consider the mapping model
proposed by Leng et al. (1990), who describe in detail the musical contextualization
used in trion model experiments. In these experiments the cortex is modelled by a
special hierarchical network structure. The status of individual neurons is described in
terms of probabilities, which are also related to earlier time steps. Each column of
neurons is represented by an activation pattern. In the first contextualization model,
different activation patterns represented different pitches. In the second model, the
three possible activation levels were mapped to different pitches. In the third model,
the pitch information was connected to octave information and to possible information
about note durations or rests.

Data structures and classes
The musical data structures used in contextualization are also (like neuronal data
structures) implemented in an object-oriented way as classes. Musical object systems
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for rule systems and the like have been described by Pope (1991: 33) and for music
representation by Taube (1993: 38). The contextualization system used in the MINN
model is defined by a few classes only. The class structure is not hierarchical, meaning
that there are no sub-classes, because each class has a clearly defined, separate task.
The class structure is described in the following chapters.

Input
Input for contextualization is the 'time series' list of neuron activations in the MINN
model. It could be any time series or parameter array in discrete time steps 0,1,2...n.
The type of data does not make any difference in principle; they can be floating point
numbers or integers or even instances of object classes. Though the action of the
contextualization function is rather independent of the nature of the data, the function
is planned to process the data coming from the MINN model. Data consist of
activation information of 1 to 12 neurons and information about neurons that have
fired during the time step. The length of the 'time series' is between 50-1200 samples. It
is assumed that each sample could represent a duration between 50-200 milliseconds.
Variation in the assumed time comes from the information about the time needed for
neurons to communicate in the model. Even coarse time representations are enough
for designing contextualization functions.

The 'asampcl' holds the information of one unit from a time point. The field 'val'
includes the numeric value of the examined object of the time series. The field 'origin'
holds information about the source process of the information. In this data the
possibilities are 0 (rhythmic) or 1 (pitch-process).

Asampcl = class

val : double;

origin : integer;

{metodit....}

constructor create;

end;

The next class, 'timepointcl', represents one whole time point (holding many units,
such as neurons). Each 'timepointcl' can hold several instances of 'asampcl' in the field
'asamplist'.

{Discrete time-slices class}

Timepointcl = class

Asamplist : tlist;

{metodit....}

constructor create(AsampsMax:integer);

end;

All classes are created using 'constructor create', which also makes up a list of
instances of 'asampcl'. The maximum value for instances is defined in 'minncl' in
parameter 'asampsMax'.
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constructor Timepointcl.create(AsampsMax:integer);

cnt : integer; tmpAsamp : Asampcl;

begin

asamplist := tlist.create;

for cnt := 1 to AsampsMax do begin

tmpAsamp := Asampcl.create;

Asamplist.add(tmpAsamp);

end;

end;

The main class takes care of processing the time-series and also its re-initialization
after each experiment. The field 'resultlist' holds the time-series in 'minncl'. As many
instances of 'timepointcl' as requested by the user are created before the experiment by
means of the following function:

procedure Minncl.ResultlistInit;

var cnt: integer; tmplist:tlist; tmps : Asampcl; tmptimep :
timepointcl;

begin

for cnt:= 0 to testlenMax do begin

tmptimep := timepoint.create(neuroamountMax);

resultlist.add(tmptimep);

end;

end;

The contextualization could be started even during the pattern generation done by
'minn', though this could be difficult. A two-phase model is chosen here. The
contextualization is done after the pattern generation. In musical improvisation done
by "live" players, the contextualization is done simultaneously with pattern
generation. This is accomplished by means of cognitive processes as yet unknown.
Further studies should be concerned with implementing at least some of the
improvisational functionality to the MINN model.

Main properties and classes for contextualization
There has to be a strategy to utilize the information in the field 'origin' in 'asampcl'.
This information is designed to make possible the use of neuron information in the
most sensible way. It is possible to interpret the samples coming from different
sources in a multitude of different ways. Some of these ways are discussed in the
following.

The first and most important task of contextualization is to define when the note starts
and how long it lasts. It is possible to interpret the combined activity level represented
by the sum of 'val'-fields in 'asampcl' so that when it reaches a certain level, the note
starts. Perhaps a more plausible way is to look at the firings of each individual neuron.
When the neuron fires, the note starts. The ending of the note might simply be just
before the next note, a method that is similar to legato playing. It is also possible to use
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an output neuron, to which all other neurons are connected and which fires more
often than the other neurons. The output neuron may not fire as often as all the other
neurons, because it has its own decay time and it requires some time to activate. It is
assumed here, as in Linster (1992: 417), that the note beginnings are more important
than note endings or rests.

Pitch interpretation is more complicated. First the activity value is converted to
chromatic pitch, and after this more heuristic functions locate the chromatic pitch in
the employed scale (here diatonic) and chord (not used here). Chromatic pitches are
represented as MIDI note values from 0 to 127 (grand pianos have the range of about
24 to 96). The simplest way to make a mapping function is to use a rounded activation
value as an index to the array that holds the pitches. The most meaningful
modification in this case is to expand or reduce the possible range indicated by the
index. It is also possible to change the starting-point by increasing the index value.
This is basically the same as moving the hand to a starting-point on the piano
keyboard, and using the fingers to point to pitches in the usable range of finger
movement (normally slightly more than an octave).

One can use fuzzy logic (Kosko and Isaka, 1993) to process the time series. In fuzzy
logic one can use programming concepts closer to natural language by defining that
strong activation leads to a "large" interval and small activation value to a "small"
interval. Big and small are defined as sets of intervals where the items close to the
limit of the set have smaller member-of-the-list values than items in the middle of the
set. To define a pitch by means of fuzzy logic the following rule could be applied:
"place the pitch to the chord such that a big interval is used". This rule changes values
in possible pitch set by increasing the member-of-the-list value for the pitches of the
chord, and it simultaneously increases the member-of-the-list value for large intervals.
This leads to a situation where all possible pitches have different member-of-the-list
values and the largest of those is selected. If two pitches have the same value, further
adjustments can be made by the use of secondary criteria.

The activity value can be understood to represent the energy or playing dynamics. The
larger the activation or number of neurons firing at the same time, the stronger the
change (for example, a larger interval). This corresponds somewhat to the efforts
involved in playing acoustical instruments. Some instruments require greater physical
effort to make higher pitches or bigger changes in the intervals. It is also possible to
connect quantized activation levels directly to a represented pitch. This means that
increased activation leads to an increase in pitch height. A variant of this is to consider
the activation level to represent musical tension or importance of the pitch. This
hypothetical variant would lead to complicated changes in pitches because the tension
of the notes is not linearly connected to the pitch height. When connected to
harmonization, the situation would be even more complicated because the same
pitches can have different meanings in different harmonic contexts. The problem of
deciding on which notes should be chord notes and which should be secondary notes
can be solved heuristically by the use of rules derived from music theory, but it seems
that no direct solution for deriving importance in relation to chord could be obtained
directly from the activation samples list.

'Note' class
The 'note' class is an important item in this object system. Its task is to quantize the



95

time to a discrete time system, to adjust to context, and to output itself either
graphically or by using a sound output. Quantization to note units is done by
changing the assumed starting and ending values of the notes as little as possible, as
given by the note detector in contextualization.

'Arranger' class
The 'arranger' class is the main class for contextualization. It takes care of the basic
processing of the input, such as the detection of note starts and administration of the
notes thus created. Different output functions are also part of the 'arranger' class.
Notelist is a field in the 'arranger' class, and created notes are stored in it. It is possible
to have several notelists in order to make polyphonic music, but this option is not used
in this study. By using a single notelist it is possible to simultaneously represent
sounding notes by giving the earlier note 'A' a duration that makes it last beyond the
starting point of the next note 'B'. Notelist is a field in the 'arranger' class. It consist of a
succession of notes generated by using rhythmic interpretation.

'Chord' class
In the experiments explained in this study the harmonic background is not taken into
account. However, the 'chord' class exists in the contextualization system so that it
would be possible later to introduce chordal elements to the MINN model. The chords
are collected in 'chordlist', and each of the chords can be found according to its
position in time.

Placing the note on the scale
The scale used in the experiments is some subset of the chromatic scale. Normally, the
scale is diatonic. If pitches are converted straight from the chromatic scale, (which has
more pitches than the diatonic scale,) to the diatonic scale, some interval changes
might occur. This can be done by pointing to the array holding the selected scale,
using the chromatic pitch value as an index:

diatonic_pitch := white_notes[original_pitch] ;

The figure c-b-c-c# becomes c-b-c-d. So as to prevent a change in interval, the function
should take into account the situation in which it is working. It is important that
contextualization functions change the input as little as possible. The patterns
generated by the MINN model and the contextualization rules together make up a
hybrid that enables one to generate musically plausible motion patterns.
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8. Experiments
Experiments performed with the MINN model are described in this section. The aim is
first to give an understandable picture of the functioning of the system in simple
examples, then to produce results to be compared to the musical corpus loosely
defined in the first chapter. Because the MINN model is modifiable and allows for a
multitude of different situations and productions, only a small subset of the possible
situations will be tested and shown. The experiments are more or less an example of
what the model can do, rather than a totally systematic testing of all of its capabilities.
A similar approach has been adopted in several algorithmic music studies (cf. Cope
1992; Baroni and Jacoboni 1978; Kohonen et al. 1991).

It is also possible to use different contextualizations to produce different musical
surfaces from the same motion pattern as generated by the MINN model. The aim
here has been to produce a musical output that resembles, as closely as possible, the
musical samples described in chapter 2. It would be possible to automate the tuning
process so as to adjust the MINN model to automatically make patterns which
resemble the given input. In this study, however, the MINN model has been adjusted
manually, and the development of an automatic adjusting system is left for further
research.
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8.1 Interpreting the visual output from the
MINN model

Relative strength and position
coordinates

Activation strength

Inhibition strength

Aftermath-parameter

Length of the
timeseries

Length of inhibition delay

Activation series of model
neuron

Figure 8.1.



98

In figure 8.1 the elements of the output window of the MINN model are described in
the textboxes.

8.2 Experiments
The first, preliminary experiment (fig 8.2) is a connection having six neurons, the
impulse is medium strong (25), and the connection between neurons is weak (0.12).
The third (C) and fifth (E) neurons are inhibited from firing after the very beginning.
Activity of the other neurons is cyclical. The first and second neurons (A and B) form a
similar pattern but in a different phase.

Figure 8.2. Experiment 3jakarpd.

When the time series is converted to notation (fig 8.3) it shows a ternary pattern that is
one bar long. The repeating pattern consists of three separate figures. The first and
second figures, each a quarter-note long, resemble each other because they are both
formed of an auxiliary note and an upward leap. The third figure consists of a
stepwise upward movement that repeats two 16th-note groups.
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Figure 8.3. 3jakarpn.bmp.

The experiments are also inspected according to the list of requirements for the MINN
model, given in section 7.1, which was based on the properties of the musical motion
patterns listed in chapter 2. On the verification table it is possible to see which of the
wanted properties are obtained in each experiment. The cross in the field indicates a
property that exists in the notated experiment.

EXPERIMENT - 3jakarpn

FEATURE A B C D E F G H

X X X X X

In experiment 3jakarpm there are repeating sound sequences (feature A), the cycle
lengths are in simple arithmetic relations (feature B), and repeating patterns are
contained inside larger patterns (feature C). Feature D, alternating high and low
pitches or figures, is missing, as is feature E, repetition of notes. Feature F exists
because the interval directions and sizes resemble those found in the musical
examples. Because the rhythm is isochronous, the G feature has no X in the table, and
because the model is working deterministically (as seen from the repetitions), an X
appears in the field of feature H.

Next a five-part pattern is generated using six neurons (fig 8.4). The impulse is
increased from the previous experiment and the inhibition value is decreased. This
leads to more complicated patterns.
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Figure 8.4. Experiment 5jakd.

In figure 8.4, the lower separator line is left out and this omission is also employed in
some of the subsequent figures. The activation series of each neuron is, however,
visible.

Experiment 5jakd is notated in figure 8.5:

Figure 8.5. 5jakn.bmb, pattern is not repeated completely; it changes in position, which the
arrow indicates.

EXPERIMENT -5jakn

FEATURE A B C D E F G H

X X X X X
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After musical contextualization, a five-part, repeating and somewhat syncopated
pattern arises. The rhythm regularizes itself from the third beat of bar 1, as does the
pitch pattern. In every second cycle the pitch B on the second half of the third beat
changes to A5. This is caused by a weak two-bar cycle in the connection, which can be
marked from this one note only.

In the following experiment a large 12-neuron connection and its musical output is
examined (fig. 8.6). In principle this large connection should produce time series
similar to those of smaller connections. The dynamics of the two connections are
similar. It might be easier to generate a more complicated pattern using larger
connections, which might also offer greater variability to the contextualization.

Figure 8.6 Experiment f1d

In experiment f1d the most important parameter change is the increase in value of the
aftermath parameter to 0.54. This means that the decay of the neuron after firing takes
several discrete time steps before it can start to activate again.
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Figure 8.7 f1n-notated from experiment f1d .

EXPERIMENT -f1n

FEATURE A B C D E F G H

X X X X X X

The pattern is six quarter notes long (fig. 8.7). The cycle starts from the third beat of
bar 1. The highest pitch (C or F) marks the perceivable culmination point. The set of
four repeating notes is based on the activity of the B neuron. A figure after the highest
pitch (E with auxiliary note D) comes from the alternation of the third and fourth
neurons. The figure consisting of an ascending figure alternating with a steady pitch,
which starts here on the first beat of bar 3, is typical in Bach's music, where it is
harmonized in better ways. The stepwise motion on the last beat of the same bar is
also typical of the styles, as are the four-note repetitions of A. The whole pattern is
tripartite in 3/4 time.

The aim of the next experiment is to show that even very small changes have an effect
on the behaviour of the connection. The model behaves like a bifurcation function in
this respect. The effect of extremely small changes in the inhibition parameter is
experimented with in the following:
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Figure 8.8. Experiment f2dmk

The lower division line is left out of figure 8.8. All the neurons are visualized, and one
sees many different, if periodic, "wave forms" or time series of neuronal activity.
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Experiment f2dmk (fig. 8.8) is notated in note example f2nmk (fig. 8.9):

Figure 8.9. F2nmk.

EXPERIMENT - f2nmk

FEATURE A B C D E F G H

X X X X X

In the note example f2nmk no identically repeating motion patterns can be seen. There
are similar repeating patterns, however. At the beginning, four notes occur close
together (fig. 8.9); for example, on the second beat of bar 5. After this the line changes
to a stepwise figure with large intervals. After the repeating group, the line descends
by means of often large intervals. Perhaps the large connection would have stabilized
after a longer transient period, say, after 1000 - 2000 time steps. In any case it did not
stabilize as fast as smaller connections in the experiments.

In the next example the inhibition strength is increased by 0.0001 from the previous
experiment (fig. 8.10):
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Figure 8.10. F2dmk2.
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Experiment f2dmk2 when notated (8.11):

Figure 8.11. Note example f2nmk2.

EXPERIMENT -f2nmk2

FEATURE A B C D E F G H

X X X X X

It is possible to see both the repeating patterns and typical figures found in musical
examples in the output from the 12-neuron connections. There is no special benefit,
however, to be drawn from using the larger connection. Also, it seems to be somewhat
easier to use smaller connections to generate repeating, cyclical patterns, and smaller
connections make the testing of the contextualization functions and parameters easier.
The following experiments use connections of six neurons.

'Amp' experiment series, productions from six-neuron
connections
A connection with manual adjustment of sensitivity of the neuron is used in the
following examples. This causes individual neurons to react differently to the impulse.
The purpose of this sensitivity adjustment is to achieve greater variability of the
rhythms of individual neurons. Neurons having different impulse sensitivity also have
a different inherent firing frequency, which can be synchronized in the connection.
The patterns generated using the 'amp' method are of great diversity.
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In the MINN model, the 'amp' method is implemented by defining in the 'neurocl'
class a field omamp, which amplifies/dampens the input signal. By changing the
relative value of 'omamp' to different neuron pairs, for example, to 100, 80 and 60
percent, respectively, it is possible to generate patterns in which some features
produced by more sensitive neurons are much more prominent. In some parameter
values this leads to the situation where some neuron or neuron pairs do not fire at all.

Figure 8.12. 'Amp1d'.

'Amp1d' (fig. 8.12) employs a rather high impulse and 'aftermath parameter' values.
After the beginning, the neuron F is no longer active. Because the impulse value is
high, other neurons fire very frequently.
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Figure 8.13. 'Amp1n'.

EXPERIMENT -amp1n

FEATURE A B C D E F G H

X X X X X X X

The note example 'amp1n' (figure 8.13) displays smooth curves (first beat of bar 3) and
ascending stepwise patterns (first beat of bar 4). The motion pattern stabilizes and
repeats itself after six beats. This is not a very simple pattern, but rather a process
formed of patterns.
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Figure 8.14. 'Amp2d'.

In experiment 'amp2d', impulse and inhibition are strong (fig. 8.14). The first pair of
neurons, A-B, is active. The activity of the pair C-D is much smaller. The third and
fifth neurons are not firing. The first neuron produces a note sequence which first has
a group of four notes, so that initially there is a note, then a firing without a note,
followed by a set of three notes. The pattern produced by the second neuron is much
simpler. First there are five firings that do not produce notes and then a note. Because
the value of the 'aftermath' parameter is small, there can also be sudden changes.

Figure 8.15. 'Amp2n'.
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EXPERIMENT -amp2n

FEATURE A B C D E F G H

X X X X X X X

The note example (fig. 8.15) shows the repetition of the pattern starting very soon after
the beginning. There is only one note length in the pattern. This also means that the
connection is very active and that there is an active neuron in each time step. It has to
be remarked that the leaps of a sixth and seventh, which are not very common
intervals in music (Dowling 1986: 156), are the result of the contextualization function
used, and they could be easily converted into more common octave leaps. Also, the
high B pitches could be separated for their own line, using the proximity principle
(ibid.: 157). The pattern generator was not, however, intentionally creating two
separate lines, and the impression of two lines was a by-product of the dynamics of
the pattern generator.

Figure 8.16. 'Amp3d'.

The purpose of experiment 'amp3d' (fig. 8.16) is to study the effect of a very small
value of inhibition parameter. The most notable consequence has been simple rhythm
and high firing frequency in the connection. Also the different sensitivities in different
neurons can be observed.
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Figure 8.17. 'Aamp3n'.

EXPERIMENT -amp3n

FEATURE A B C D E F G H

X X X X X X X

Because every neuron is active in 'amp3b', the pitches are more varied and the total
ambitus of the pattern is wider (fig. 8.17).

Figure 8.18. 'Amp4d'.

The purpose of experiment 'amp4d' (fig. 8.18) is to make a fast connection in which all
neurons are activated.
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Figure 8.19. 'Amp4n'.

EXPERIMENT -amp4n

FEATURE A B C D E F G H

X X X X X X

In the notated product of experiment 'amp4d' (fig. 8.18), the pattern formed from six-
beat elements is stabilized starting from bar 2. The ambitus is bigger than that
typically found in Baroque music, and the arpeggio figures are descending. The
pattern which starts the bars, where a large leap is balanced with a curve made up of
smaller intervals, often occurs in Baroque music, as it does in Prelude 1 of J. S. Bach's
Well-Tempered Clavier, Book I.

Figure 8.20. 'Amp5d'.



113

As compared to experiment 'amp4d', the activation parameter is decreased in
experiment 'amp5d' (fig. 8.20), from value 27.5 to value 22.5. This does not cause all
the neurons to fire. Only the three first neurons, A, B and C, start to oscillate.

Figure 8.21. 'Aamp5n'.

EXPERIMENT -amp5n

FEATURE A B C D E F G H

X X X X X X X

When experiment 'amp5d' is transcribed into notation (fig 8.21), one can see a pattern
that greatly resembles motion patterns found in musical examples. The cycle of the
pattern is very short, only four notes. The pitch C is repeated after every second note,
and the pitches in-between are either D or G.

Figure 8.22. 'Amp6d'.

Experiment 'amp6d' (fig 8.22) studies the effect of high aftermath values. The most
apparent effect is the slow decay of the neuron after firing.
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Figure 8.23. 'Amp6n'.

EXPERIMENT -amp6n

FEATURE A B C D E F G H

X X X X

The slower note values in figure 8.23 result from less frequent firing in the connection.
The rhythmic pattern is clear in the example. It consists of two elements whose length
is a quarter-note crotched and a successive figure of two 8th-notes. The figure is not
complicated, but commonly the notation programs tend to transcribe it in a
syncopated fashion as in the note example.
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Figure 8.24. ' Amp7d'.

Experiment 'amp7d' (fig 8.24) aims to study the effect of small impulse value, high
inhibition value, and large aftermath value. The result is that neurons A, C, and D do
not fire.

Figure 8.25. 'Amp7n'.
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EXPERIMENT-amp7n

FEATURE A B C D E F G H

X X X X X X

Notated example 'amp7n' (fig. 8.25) shows that connection 'amp7d' stabilises slower
than most of the examples to a cyclic pattern. Strong features are the two 8th-note Cs
and the large number of sixth intervals in the two successive 8th-note figures. After
stabilization, the pattern length is three quarter-notes.

.
Figure 8.26. 'Amp9d'.

In experiment 'amp9d' (fig. 8.26) the activation value is rather high, but inhibition and
aftermath values are decreased from experiment 'amp8d'. The aim is to generate a
simple and heavily oscillating neural process.
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Figure 8.27. 'Amp9n'.

EXPERIMENT -amp1n

FEATURE A B C D E F G H

X X X X X

When transferred to notation (fig. 8.27), experiment 'amp9d' shows that the length of
the cycle is five beats and that it can be notated in 5/4-time. The cycle is stabilized in
the beginning, and there are many repeating c1-g figures.

In the following example (fig 8.28), the aim is to reduce the amount of repetitions by
decreasing the inhibition value so as to activate more neurons.
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Figure 8.28. 'Amp10d'.

Experiment 'amp10n' (fig. 8.29) does not totally stabilize during the first ten bars
shown. The main pattern is the three-element figure that repeats identically five times,
beginning in bar four.

Figure: 8.29. 'Amp10n'.
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EXPERIMENT -amp10n

FEATURE A B C D E F G H

X X X X X

There are no patterns inside patterns (feature C), no steady states (feature E), and the
rhythm is isochronous, which disables feature G. On the other hand, the pattern is
quite long and the lack of total stabilization results in small pitch variations.

'Ampo' experiments
The biggest change in 'ampo' experiments is that the connection used is more complex
than in 'amp' experiments, as shown in figure 8.30. The aim of this experiment is to
achieve more complicated patterns. Also, the impulse wave form has been changed.
The connection can be described by the following graph.

A

B

C

D

E

F

Figure 8.30. By making several interconnected pairs and at the same time decreasing the inhibition value
it is possible to generate more complicated patterns.

The actual structure of the connection is not essential. More crucial is the presence of
some mutually inhibiting pairs. If these pairs, or either member of them, are connected
to further elements, more complicated patterns arise.
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Figure 8.31. 'Ampo1d'.

In experiment 'ampo1d' (fig. 8.31) the connection is simplified from previous
experiments. The impulse sensitivity differences between neuron pairs are also
decreased.

Figure 8.32. 'Ampo1n'.

EXPERIMENT -ampo1n

FEATURE A B C D E F G H

X X X X X X

Note example 'ampo1n' (fig. 8.32) shows a steady alternating pattern between neurons
A and B. Some large intervals intervene between the figure of thirds. The positioning
of the larger intervals is more complex than it first seems, and the period of the pattern
can be longer than that shown in the example.



121

Figure 8.33. 'Ampo2d'.

In experiment 'ampo2d' (fig. 8.33) the impulse value is increased. Inhibition value is
small.

Figure 8.34. 'Ampo2n'.

EXPERIMENT-ampo2n

FEATURE A B C D E F G H

X X X X X X X
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Shown in note example 'ampo2n' (fig 8.34) is a smooth, curved line formed of different
intervals. The line consists three one-beat elements, which are repeated starting from
the second beat of the line. The first element (D-C-D-F) is a common figure and it can
be found, for example, in bar 1 of the first prelude in J. S. Bach's Well-Tempered Clavier,
Book I. The second and third figures in the pattern are also common, but because the
movement pattern is so different between these two elements, this kind of
combination is not often found in musical examples.

In the next example (fig. 8.35) the activation value is slightly increased and the
inhibition value is decreased. The 'aftermath' value is higher than in previous
examples.

Figure 8.35. 'Ampo3d'.

Note example 'ampo3n' (fig 8.36) shows a pattern that seems to be quite close to those
of the musical examples. It has movements composed of small intervals and auxiliary
note figures. The pattern is non-locomotive, meaning that it has no noticeable back
and forth movement. Of course, it contains some pitches that are out of the implied
harmonic context of the passage and that are the result of the very simple
contextualization function. The auxiliary note figures are not intentional
embellishments, but the result of the activity of neighboring neurons in the connection.
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Figure 8.36. 'Ampo3n'.

EXPERIMENT -ampo3n

FEATURE A B C D E F G H

X X X X X

The feature table shows that most of the required features are present. There are no
patterns inside patterns (feature C), no steady states (feature E), and the rhythm uses
only 16th-notes, which means that feature G is not present.
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Figure 8.37. 'Ampo4d'.

Because most the active neurons in example 'ampo4d' (fig. 8.37) are neurons A and B,
the most frequent notes in the note example 'ampo4n' are C and D. The more seldom
occurring notes, e and f, result from the less frequent but continuous firing of neuron
F.

Figure 8.38. 'Ampo4n'.
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EXPERIMENT -ampo4n

FEATURE A B C D E F G H

X X X X X X X

Note example 'ampo4n' (fig. 8.38) consists of three elements. If one considers the
pattern to start from the second beat, an undulating ascending line can be noticed.
Every second note is C, and every second note is from the sequence (A D E A E F).
The hidden rhythm of the ascending line is made up of two dotted quarter-note
figures, which start on the pitch A. The whole pattern can be perceived in two ways:
either as two quarter-note figures or as two dotted quarter-note figures.

Conclusion
The purpose of experiment series 'Amp' and 'Ampo' has been to study the possibilities
of the MINN model in the generation of musical motion patterns. Where the
connection was small (six neurons), the pattern it produced stabilized quickly. The
larger connections (12 neurons) were more difficult to control, and they did not
produce any patterns not already present in the patterns generated by the smaller
connection. It seems that the smaller, six-neuron connection, especially with structure
and predefined parameter values, used in the 'Ampo' series, is ideal for pattern
generation with this implementation of the MINN model.

The feature table shows which typical features of musical motion patterns, defined on
the basis of the examination of musical examples, occur in the produced patterns.
Most of the typical features occur in every pattern produced by the MINN model. In
this respect, the MINN model behaves in a satisfactory way.
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9. Interpreting the results of
experiments

Ways of interpreting the output of formalized algorithms are fairly standardized.
Verification of output similarity to the sought-for style is normally not done by means
of statistical methods or by using test listeners. The most common method of
describing the behaviour of the model is to show a sample output from it and to give
a somewhat detailed, but not necessarily full description of its implementation. By
looking at this data the reader can then judge for himself the correctness of the
method. This method is not verifiable in a way required by the natural sciences, but it
seems to be generally accepted as plausible in music research, because it has received
no heavy criticism in that field. It might also be the case that, because algorithmic
methods are so experimental, they are only regarded as possible suggestions for
models to solve music research problems, rather than truly operative models.

During the development stage it is common for the researcher to evaluate the output
from the model. Decisions about the possible direction of the design of the model are
made on the basis of sparse or even erroneous output from the experimental layout of
the model. Only when the model is nearly complete and already produces quite good
results (i.e., those having strong similarity to the aimed-for style) is it possible to
consider the use of a test group. On the other hand, it might be possible to develop a
relatively effective computational comparison method as an aid to model
development. A simple numerical comparison method was adopted in this study in
order to show some similarities between musical samples and the generated patterns.

About comparison criteria used in modelling music
research
The following examples are meant to show how different researchers have tried to
demonstrate the validity of their algorithmic methods. In none of the examples was
the validation done by means of numerical comparison methods or even by systematic
analytical comparison.

Charles Ames designed a model called Cybernetic Composer, which was intended to
generate an indefinite amount of pieces in four popular music styles (Ames and
Domino, 1992: 186). Ames does not discuss the possible comparison criteria and
parameters between the musical styles and the generated pieces. He remarks at the
beginning of his report that non-expert listeners cannot distinguish if the pieces are
generated by the Cybernetic Composer or of they are written by a human composer.
Because Ames does not give notated musical examples of the output of the program,
one can verify how the program works only by obtaining it and analysing its output.

Nurminen (1971: 37) says about his tango-generator that "different parts of the
generated tango were like originated from different pieces". It would be very difficult
to verify this kind of argument numerically. Berggren (1995) analyses two pieces
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generated by his sonata-part generator and compares them to a musical corpus
consisting of several sonata sections by Mozart. Berggren notes that an educated
listener would consider the pieces generated by the model as mediocre music from the
early classical period. Laurson (1996: 281) only discusses the efficiency of the
PWConstraints rule-system. He does not analyse the correctness of the chorale
harmonization generated by the model. This implies that the behaviour of
PWConstraints is considered correct if the rules given to it are suitable with respect to
the desired musical style. The problem is that no completely adequate set of music
theoretical rules exists for chorale harmonizations in the style of J. S. Bach.

Selection and pre-processing of compared patterns
The MINN model can generate many different motion patterns. By adjusting the
parameters it is possible to control the frequency and general complexity of the
patterns generated in the way described in the previous chapter. Still, it is not yet
possible for the MINN model to exactly generate some specific pattern. It must be
emphasized again that this is not the result of random behaviour of the model, but of
the non-linear and complex deterministic response of the model to parameter
adjustments.

In order to compare the musical examples presented in chapter 2 and the patterns
generated by the model in chapter 8, a method is chosen where the starting-point is
the pattern generated by the MINN model. After selecting a promising generated
pattern for a starting-point, one searches for similar examples in the musical material.
The search of the musical material does not involve a quantization or reduction of
accented beats. This is because both the motion patterns in the musical examples and
the notated generated patterns start at the beginnings of bars. Therefore, entire bars
that resemble each other are examined. In some cases several musical examples are
compared to the same generated pattern. In such cases, the comparisons are marked
Na, b and c, where N is the ordinal number of the comparison.

It is necessary to emphasize that the simpler patterns are not compared at all, but are
bypassed as obvious. These patterns include those generated by MINN method (like
that in figure 7.21) and those one-note or two-note accompaniment patterns found
example in Beethoven's piano sonatas. The minimum length of the compared patterns
is four notes.

The motion patterns from musical examples have not been converted into the diatonic
scale, and no attempt has been made to analyze the influence of the chord changes. No
general method exists for isolating the influence of chord changes in a sequence of
pitches, and the attempt to do so might have resulted in unwanted changes in the
material. The rhythms in the generated patterns and musical examples are simple;
commonly only one time value is used. Comparison of the time values is relative, so as
to enable the comparison of isochronous series of 8th- and 16th-notes.

One could challenge the validity of the comparison method adopted here, where the
generated pattern is the starting-point and the corresponding patterns are then sought
in the musical examples. In other words: does it correspond to a procedure where a
pattern is generated by using a random method and where a similar pattern is sought
from among a huge musical corpus? This may lead to the erroneuous claim that the
random method used does produce this kind of musical pattern. There are four main
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points against this argument: a) The corpus used is not very big, and it is quite
homogenous, it is not possible to find all kinds of patterns in it. b) The patterns
generated by the MINN model and those found in musical examples are already
similar, according to the criteria shown in the feature table. c) The actual definition of
"motion pattern" emphasizes that the surface of such a pattern can have an infinite
number of different forms, but the important properties are the dynamics (repetitions
of the cycles, stable notes between moving lines, phase locking, etc.) of the patterns. d)
The number of closely similar patterns found in musical examples and generated
patterns is much greater than in randomly created patterns and musical examples. As
a final remark regarding the verification method, it should be mentioned that other
researchers have used a similar procedure; a procedure where a sample output of the
model is created and compared to the musical examples instead of first selecting a
musical example and then using the model to try to copy it.

Different levels of similitude
Four different ways of representing pitch information are used in the numerical
comparison method. First, the numerical MIDI pitches are compared. The second
representation is composed of exact interval sizes. Third, the intervals are divided into
three groups according to size. Small intervals are intervals up to a third; middle-sized
intervals are intervals ranging from a third to a tritone; and large intervals are perfect
fifth and larger. The symbol of prime is 0; small intervals are marked 1 or -1
(ascending or descending, respectively); middle-sized intervals are marked 2 or -2;
and large intervals, 3 or -3. This classification is analogous to the theory of fuzzy logic
(Kosko and Isaka 1993), and it also reflects ideas presented by Eugene Narmour
(Narmour 1990) about the functional value of intervals. Here the method is called
'fuzzy interval representation' (Lemström and Laine 1998: 341). The fourth
representation type of pitch representation encodes intervals according to direction, so
that the symbol for an ascending interval is 1, a descending interval is -1, and note
repetition is 0. This kind of 'symbolic notation' is called 'interval direction
representation'.

Method for numerical comparison
The comparison method is described here by means of examples. X and Y denote
arbitrary pitch sequences, the lengths of which are N. Let two sequences of pitches be:

X= (55 60 62 60 55 60 62 60 55 60 62 60 55 60 62 60)

Y= (50 57 53 57 50 57 53 57 50 57 53 57 50 57 53 57)

difference= 80

possible difference (N * 12)=192

Interval difference:

Xi=(5 2 -2 - 5 5 2 -2 -5 5 2 -2 -5 5 2 -2)

Yi=(7 -4 4 -7 7 -4 4 -7 7 -4 4 -7 7 -4 4)

difference=62

possible difference (N * 8) = 120
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For fuzzy interval representation and interval direction representation, the number of
identical symbols is counted.

Xs=(2 1 -1 - 2 2 1 -1 -2 2 1 -1 -2 2 1 -1)

Ys=(2 -1 1 -2 2 -1 1 -2 2 -1 1 -2 2 -1 1)

amounf of identical symbols= 7

N= 15

It is possible to use a correlation function to describe the linear similarity of two
numerical sequences. Several possible formulas for calculating the correlation exist,
one of which is seen below (formula 9.1):

In the formula, N is the length of the series X and Y to be compared. The formula
describes the Pearson correlation, which shows the linear dependency between the
series. If the correlation is perfect, r=1.0, the points of X and Y are in the same line in a
scatter plot. If there is no linear dependency between the series, then r ≅ 0. If there is
negative dependency, r < 0. Pearson correlations do not describe well the non-linear
but systematic dependency between the series. An example of this situation is where
there are two systematic series, X and Y, but no straight line can be drawn through the
two points of the series in a scatter plot. This is often the case in musical examples that
are symbolized by the four different representation methods. There are many
repetitions, both in the musical examples and in the generated patterns and many
alternating '1's and '-1's occur in the interval direction representation. A linearizing
preprocessor is used as a data filter to make the results better reflect the non-linear,
but systematic, relationship between the two data sets. The linear preprocessor
increases the small negative values (for example -1) with the integer 5 to transform
them into positive integers. Here is an example of linear preprocessing:

X = (1 -1 1 -1 1 1 -1 -1 1 -1 1 -1 1 2 -2)

Y = (1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -2 1)

Pearson correlation (X,Y)= 0.155

Linearized series XL= ( 1 4 1 4 1 1 4 4 1 4 1 4 1 2 -2)

Linearized series YL= ( 1 4 1 4 1 4 1 4 1 4 1 4 1 -2 1)

Pearson correlation (XL,YL)= 0.548
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Thus the linearizing preprocessing yields higher correlations by changing the data in
a simple and systematic (transpositional) way. In my view, this preprocessor is usable
in cases where it clarifies the systematic yet non-linear correlations between sequences.

9.1 Interpreting the results
Here the patterns generated by the MINN model, which have characteristics defined

in the feature tables, are compared to musical examples.

Comparison 1
This comparison is between the pattern ampo1n (fig. 9.1) and the Allegretto of
Beethoven's Piano Sonata Op. 10 No. 2. (fig. 9.2). The generated pattern consists of a
figure of two alternating pitches. After the figure is repeated three times it changes so
that the first pitch is higher than the second pitch. In the piano sonata the whole figure
is moved up or down after it repeats itself three times. These two patterns are not
identical, but there is a similar cycle of two alternating pitches, the patterns have the
same length (8th-notes), and transposition occurs in the last pair of pitches.

Figure 9.1 ampo1

In the piano sonata the pitches are contextualized according to the harmonic situation.
The main feature is the pattern change after three repetitions. Also, the chord changes
on the last beat of each bar, whereas ampo1 displays no such change in pitch caused
by a change in chordal situation.

Figure 9.2. Ampo1-beetso-s128-t112 (Op. 10., No.2. allegretto, bars 112 - 114).

Comparison: 1

A-item= ampo1n:
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Notes-A : 57 60 57 60 57 60 64 60 57 60 57 60 57 60 67 60

B-item= beetso102:

Notes-B : 59 61 59 61 59 61 60 63 61 65 61 65 61 65 60 63

PitchCor: 0.12

Linear-PitchCor: 0.12

PitchDif: 45 / 180

Interv-A: 3 -3 3 -3 3 4 -4 -3 3 -3 3 -3 3 7 -7

Interv-B: 2 -2 2 -2 2 -1 3 -2 4 -4 4 -4 4 -5 3

InterCor: 0.127

Linear-InterCor: 0.222

IntervDif: 45 / 120

Fuzzy-A: 1 -1 1 -1 1 1 -1 -1 1 -1 1 -1 1 2 -2

Fuzzy-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -2 1

FuzzCor: 0.155

Linear-FuzzCor: 0.548

Fuzsamenes: 11 / 15

Direct-A: 1 -1 1 -1 1 1 -1 -1 1 -1 1 -1 1 1 -1

Direct-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1

DirecCor: 0.464

Linear-DirCor: 0.464

Dirsamenes: 11 / 15

Although the correlation of pitches and intervals is not very high, the similarity
between the generated product and the musical sample can be seen from the
linearized correlation of fuzzy intervals and interval direction correlation. There is also
a great number of identical fuzzy intervals and interval directions.

Comparison 2
In comparison 2 the ampo2n is compared to Bach's prelude. The compared note lists
are quite long, consisting of 16 notes. The Bach excerpt is not a very typical motion
pattern, because it uses very small intervals and there are no repetitions of elements.
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Figure 9.3. Ampo2n.

Figure 9.4. Bwk2-s124-t50.

Comparison: 2

A-item= ampo2n:

Notes-A : 64 65 67 60 64 65 67 65 62 60 62 65 64 65 67 60 64

B-item= bwk2t50:

Notes-B : 80 78 77 80 74 72 74 75 77 78 80 77 78 77 75 74 75

(starting from third 1/4th note)

PitchCor: -0.359

Linear-PitchCor: -0.359

PitchDif: 63 / 192

Interv-A: 1 2 - 7 4 1 2 -2 -3 -2 2 3 -1 1 2 -7 4

Interv-B: -2 -1 3 -6 - 2 2 1 2 1 2 -3 1 -1 -2 -1 1

InterCor: -0.47

Linear-InterCor: -0.491

IntervDif: 63 / 128

Fuzzy-A: 1 1 - 2 1 1 1 -1 -1 -1 1 1 -1 1 1 -2 1

Fuzzy-B: -1 -1 1 -2 - 1 1 1 1 1 1 -1 1 -1 -1 -1 1

FuzzCor: -0.437

Linear-FuzzCor: -0.304

Fuzsamenes : 3 / 16

Direct-A: 1 1 - 1 1 1 1 -1 -1 -1 1 1 -1 1 1 -1 1
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Direct-B: -1 -1 1 -1 - 1 1 1 1 1 1 -1 1 -1 -1 -1 1

DirecCor: -0.516

Linear-DirecCor: -0.516

Dirsamenes : 4 / 16

The most notable similarities between ampo2 and Prelude 2 of Bach's Well-Tempered
Clavier are the small intervals and the direction changes inside the figures. Either the
second or third note is the pivot for direction change. Even if the two excerpts seem to
be very similar, the numerical comparison does not support this. The main reason for
this is that the direction of interval movements changes in a different phase.

Comparison 3 a
In ampo3n (fig. 9.5) the generated pattern stabilizes after the first two bars. The
pattern is three beats long, with the first and third sub-patterns resembling each other
and the second sub-pattern forming a contrasting movement. The pattern uses mainly
small intervals, the biggest one being the fifth at the end of the pattern.

Figure 9.5. Ampo3n, pattern stabilizes to three four-note direction changing figures.
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In Bach's cis-minor prelude a descending figure occurs on the first beat, an ascending
figure on the second beat, followed by two identical figures. Then the pattern is
repeated against different chordal backgrounds. The pattern is constructed of many
direction changes, stepwise motion, and small intervals (figure 9.6).

Figure 9.6. Bwk1-s50.

Comparison: 3a

A-item= ampo3n:

Notes-A : 64 65 67 65 62 60 62 65 64 65 67 60

B-item= bwk1s50:

Notes-B : 57 59 61 57 54 52 54 56 54 52 54 56

PitchCor: 0.453

Linear-PitchCor: 0.453

PitchDif: 17 / 132

Interv-A: 1 2 -2 -3 -2 2 3 -1 1 2 -7

Interv-B: 2 2 -4 -3 -2 2 2 -2 -2 2 2

InterCor: 0.363

Linear-InterCor: 0.214

IntervDif: 17 / 88

Fuzzy-A: 1 1 -1 -1 -1 1 1 -1 1 1 -2

Fuzzy-B: 1 1 -1 -1 -1 1 1 -1 -1 1 1

FuzzCor: 0.486

Linear-FuzzCor: 0.781

Fuzsamenes : 9 / 11

Direct-A: 1 1 -1 -1 -1 1 1 -1 1 1 -1

Direct-B: 1 1 -1 -1 -1 1 1 -1 -1 1 1

DirecCor: 0.633

Linear-DirecCor: 0.633

Dirsamenes : 9 / 11
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There is a similar, undulating and stepwise motion both in ampo3n and from bar 11
onwards in Fugue IX of the Well-Tempered Clavier, Book I. In ampo3n the pattern is
repeated after three groups of four 8th-notes. In the fugue, the pattern is repeated after
four groups. The correlation between the musical sample and the generated pattern is
strong, especially in interval directions and linearized fuzzy intervals.

Comparison 3b
In Beethoven's sonata Opus 10 No. 2 (fig. 9.7), the presto part of the pattern occurs
after a descending scale, and it repeats in higher and lower pitch ranges. When
compared to ampo3n, the third group of 16th-notes is missing. The third group in
ampo3 is a result of the ternary activity of the connection.

Figure 9.7. Op. 10., No. 2. presto, bar 89.

Comparison: 3b

A-item= ampo3n:

Notes-A : 64 65 67 65 62 60 62 65

B-item= beetso102presto:

Notes-B : 64 65 67 65 64 60 62 64

PitchCor: 0.929

Linear-PitchCor: 0.929

PitchDif : 5 / 84

Interv-A: 1 2 -2 -3 -2 2 3

Interv-B: 1 2 -2 -1 -4 2 2

InterCor: 0.871

Linear-InterCor: 0.359

IntervDif : 5 / 56

Fuzzy-A: 1 1 -1 -1 -1 1 1

Fuzzy-B: 1 1 -1 -1 -1 1 1

FuzzCor: 1.0

Linear-FuzzCor: 1.0

Fuzsamenes : 7 / 7

Direct-A: 1 1 -1 -1 -1 1 1

Direct-B: 1 1 -1 -1 -1 1 1

DirecCor: 1.0

Linear-DirecCor: 1.0

Dirsamenes : 7 / 7
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An extremely simple and short musical sample is compared to product ampo3n.
Fuzzy intervals and interval directions are identical, and even the pitches and
intervals correlate strongly. The motion pattern structure of the musical sample is
simple and has only one structural component, namely, the change of direction.

Comparison 4
A pattern from the Presto of Beethoven's Piano Sonata Op. 10 No. 3 (fig. 9.9) is
compared to a simple pattern from experiment amp5n (fig. 9.8). The generated pattern
is four notes long, starting with G3 and each second note being a C4.

Figure 9.8. Amp5n.

A similar pattern in the accompaniment voice in the Beethoven's sonata starts after a
different pattern consisting of two notes. Both the two-note and four-note figures are
basic building blocks in the accompaniment of the sonata, and they adapt to the
current chordal situation. Alternation between patterns is typical in the
accompaniment of the sonata. When classifying the accompanimental building blocks
in Mozart's sonatas, Berggren names the kind of pattern in figure 9.9 "murky and
arched” (Berggren, 1995: 106). Berggren sees the patterns as separate elements and
does not assume that they can transform from one element into another. The view
adopted in this study is different, for it assumes that different patterns are generated
by the same generator using different parameters, and that they are not solely
conceptual building blocks, but also parts of a linear continuum.

Figure 9.9. Beetso-s135-tt159 -op10-no3.

Comparison: 4

A-item= ampo5n:

Notes-A : 55 60 62 60 55 60 62 60 55 60 62 60 55 60 62 60

B-item= beetso103t159:

Notes-B : 57 64 67 64 57 64 67 64 57 64 67 64 57 64 67 64

(starting from the second bar)

PitchCor: 1.0

Linear-PitchCor: 1.0

PitchDif: 22 / 180



137

Interv-A: 5 2 -2 -5 5 2 -2 -5 5 2 -2 -5 5 2 -2

Interv-B: 7 3 -3 -7 7 3 -3 -7 7 3 -3 -7 7 3 -3

InterCor: 1.0

Linear-InterCor: 1.0

IntervDif: 22 / 120

Fuzzy-A: 2 1 -1 -2 2 1 -1 -2 2 1 -1 -2 2 1 -1

Fuzzy-B: 2 1 -1 -2 2 1 -1 -2 2 1 -1 -2 2 1 -1

FuzzCor: 1.0

Linear-FuzzCor: 1.0

Fuzsamenes: 15 / 15

Direct-A: 1 1 -1 -1 1 1 -1 -1 1 1 -1 -1 1 1 -1

Direct-B: 1 1 -1 -1 1 1 -1 -1 1 1 -1 -1 1 1 -1

DirecCor: 1.0

Linear-DirecCor: 1.0

Dirsamenes: 15 / 15

The musical sample and the generated product are highly correlating, almost
identical. The motion pattern found in both of them is very common as an
accompaniment figure. Therefore it is very important that the MINN model is able to
simulate such a pattern.

Comparison 5a
This comparison is between the generated pattern amp10n (fig. 9.10) and Prelude 2 of
the Well-Tempered Clavier , Book II (fig. 9.11).

Figure 9.10. Amp10n.

The first four-note group consist of atypically large intervals, although the direction of
the intervals is stylistically appropriate. The alternation of a stable pitch (here G4) with
other notes is very often found in musical examples; for example, in bar 14 of the
second Prelude.

Figure 9.11. Bwk 2.
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Comparison: 5a

A-item= ampo10n:

Notes-A : 74 67 62 67 62 67 69 67 62 67 69 67

B-item= bwkpr2t14:

Notes-B : 51 55 56 55 44 55 56 55 50 53 55 53 (three first
beats)

PitchCor: 0.318

Linear-PitchCor: 0.318

PitchDif: 39 / 132

Interv-A: -7 -5 5 -5 5 2 -2 -5 5 2 -2

Interv-B: 4 1 -1 -11 11 1 -1 -5 3 2 -2

InterCor: 0.495

Linear-InterCor: 0.564

IntervDif: 39 / 88

Fuzzy-A: -2 -2 2 -2 2 1 -1 -2 2 1 -1

Fuzzy-B: 1 1 -1 -3 3 1 -1 -2 1 1 -1

FuzzCor: 0.519

Linear-FuzzCor: 0.815

Fuzsamenes : 5 / 11

Direct-A: -1 -1 1 -1 1 1 -1 -1 1 1 -1

Direct-B: 1 1 -1 -1 1 1 -1 -1 1 1 -1

DirecCor: 0.467

Linear-DirecCor: 0.467

Dirsamenes : 8 / 11

The actual pitches of the Bach sample change according to the harmonic situation.
Because the contextualization of the generated product is unable to follow the
harmonic situation, the pitches of the generated pattern are not identical with those of
the sample. The shape of the pattern is, however, very similar, and this is reflected in
the numerical results.

Comparison 5b
Every third group of four notes is different in generated pattern amp10n. In the piano
sonata (fig. 9.12), the first note of the group changes its pitch in a way typical of bass
parts. This alternation (es4-as3-d4-g3) creates its own rhythm. Joined with the whole
figure (g4-as4-g4), it forms a composite pattern of two figures.

Figure9.12. Beetso-s42-t127.
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Comparison: 5b

A-item= ampo10n:

Notes-A : 74 67 62 67 62 67 69 67 62 67 69 67

B-item= beetso103t127:

Notes-B : 57 64 61 64 62 64 59 64 55 64 52 64

PitchCor: -0.162

Linear-PitchCor: -0.162

PitchDif: 74 / 132

Interv-A: -7 -5 5 -5 5 2 -2 -5 5 2 -2

Interv-B: 7 -3 3 -2 2 -5 5 -9 9 -12 12

InterCor: 0.079

Linear-InterCor: 0.079

IntervDif: 74 / 88

Fuzzy-A: -2 -2 2 -2 2 1 -1 -2 2 1 -1

Fuzzy-B: 2 -1 1 -1 1 -2 2 -3 3 -3 3

FuzzCor: 0.157

Linear-FuzzCor: 0.037

Fuzsamenes : 0 / 11

Direct-A: -1 -1 1 -1 1 1 -1 -1 1 1 -1

Direct-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1

DirecCor: 0.1

Linear-DirecCor: 0.1

Dirsamenes : 6 / 11

Correlation values are quite low in the comparison between ampo10n and the
Beethoven sonata sample. The reason for this is that even though the length of the
pattern is four in both cases, the shape of the pattern is rather different. Especially the
third note of the pattern, which is lower than the two neighboring notes in the
Beethoven sample, and which is higher in the generated product, makes a big
difference in the numerical results.

Comparison 5c

Figure 9.13. Pipre-s10.
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The first figure in the two-bar excerpt from a small prelude by Bach is slightly
different from the corresponding third figure. The second and fourth figures are
similar, forming an ascending stepwise shape. This kind of alternation of two types of
shape is common in Bach's music, and it can be generated by the MINN model.

Comparison: 5c

A-item= ampo10n:

Notes-A : 74 67 62 67 62 67 69 67 62 67 69 67

B-item= pipreams:

Notes-B : 69 60 65 69 65 60 72 69 71 67 71 74

PitchCor: 0.205

Linear-PitchCor: 0.205

PitchDif: 58 / 132

Interv-A: -7 -5 5 -5 5 2 -2 -5 5 2 -2

Interv-B: -9 5 4 -4 -5 12 -3 2 -4 4 3

InterCor: 0.212

Linear-InterCor: 0.212

IntervDif: 58 / 88

Fuzzy-A: -2 -2 2 -2 2 1 -1 -2 2 1 -1

Fuzzy-B: -3 2 1 -1 -2 3 -1 1 -1 1 1

FuzzCor: 0.068

Linear-FuzzCor: 0.187

Fuzsamenes : 2 / 11

Direct-A: -1 -1 1 -1 1 1 -1 -1 1 1 -1

Direct-B: -1 1 1 -1 -1 1 -1 1 -1 1 1

DirecCor: 0.1

Linear-DirecCor: 0.1

Dirsamenes : 6 / 11

The product ampo10n is compared to an excerpt from Bach's small preludes (fig. 9.13).
The Bach sample is quite complicated, having two four-note patterns repeated.
Because the generated product has only two components, there is no strong
correlation between it and the Bach sample.

Comparison 6a
Generated product 3jakarpn (fig. 9.14) consists of many large intervals. There are,
however, some "gap-filling" smaller intervals (Meyer 1970: 130-134), and the whole
pattern could be considered an arpeggiated accompaniment.
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Figure 9.14. 3jakarpn pattern pointed by the arrows resemble the 2nd prelude in suite for solo cello by
Bach.

Figure 9.15. 2nd suite for solo cello by Bach. First four notes makes up a direction change using small
intervals. After that the pairs of quavers are moving stepwise.

Comparison: 6a

A-item= 3jakarpn:

Notes-A : 57 55 59 67 71 69 77 76 79 77 81 89

B-item= selso2pr2t:

Notes-B : 53 52 50 52 53 50 55 53 62 55 53 50

PitchCor: 0.275

Linear-PitchCor: 0.275

PitchDif: 49 / 132

Interv-A: - 2 4 8 4 -2 8 -1 3 -2 4 8

Interv-B: -1 -2 2 1 -3 5 -2 9 -7 -2 -3

InterCor: 0.445

Linear-InterCor: 0.25

IntervDif: 49 / 88

Fuzzy-A: - 1 1 3 1 -1 3 -1 1 -1 1 3

Fuzzy-B: -1 -1 1 1 -1 2 -1 3 -2 -1 -1
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FuzzCor: 0.527

Linear-FuzzCor: -0.129

Fuzsamenes : 4 / 11

Direct-A: - 1 1 1 1 -1 1 -1 1 -1 1 1

Direct-B: -1 -1 1 1 -1 1 -1 1 -1 -1 -1

DirecCor: 0.571

Linear-DirecCor: 0.571
Dirsamenes : 8 / 11

The common stepwise ascending pattern from a Bach cello suite (fig. 9.15) is compared
to the generated pattern 3jakarpn. A fairly strong correlation occurs in all four
comparison segments, although the pattern compared consists of at least two
components.

Comparison 6b
An example from a solo cello suite by Bach (fig. 9.16) shows a complex motion pattern
with three different rhythm values and several different motion types. Large interval
leaps occur at the beginning of the pattern, scalar movement in the middle, a stepwise
ascending pattern on beat 2 of bar 2, and descending arpeggiation at the end. This
kind of pattern sequence strongly suggests the use of several pattern generators under
the control of a higher compositional strategy.

Figure 9.16. The pattern from solo cello suite in its own context shows the repetition of same rhythm
with different pitches.

Comparison: 6b

A-item= 3jakarpn:

Notes-A : 57 55 59 67 71 69 77 76 79 77 81 89

B-item= selso2pr4t:

Notes-B : 61 59 57 59 61 57 62 57 64 57 65 57 (starting from
fourth bar)

PitchCor: 0.17

Linear-PitchCor: 0.17

PitchDif: 52 / 132
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Interv-A: - 2 4 8 4 -2 8 -1 3 -2 4 8

Interv-B: -2 -2 2 2 -4 5 -5 7 -7 8 -8

InterCor: 0.385

Linear-InterCor: 0.298

IntervDif: 52 / 88

Fuzzy-A: - 1 1 3 1 -1 3 -1 1 -1 1 3

Fuzzy-B: -1 -1 1 1 -1 2 -2 2 -2 3 -3

FuzzCor: 0.36

Linear-FuzzCor: -0.311

Fuzsamenes : 3 / 11

Direct-A: - 1 1 1 1 -1 1 -1 1 -1 1 1

Direct-B: -1 -1 1 1 -1 1 -1 1 -1 1 -1

DirecCor: 0.69

Linear-DirecCor: 0.69

Dirsamenes : 9 / 11

Even greater similitude is seen when pattern 3jakarpn is compared with other samples
from the same piece by Bach. The pattern is similar to that in the previous Bach
sample, but the pitches are different because of the harmonization. Changed pitches
lead to higher correlation in interval directions.

Comparison 7a

Figure 9.17. Ascending pattern in experiment f1n. Low pitch (e) is alternating with high ascending line.
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Figure 9.18. Ascendind stepwise motion alternating with lower note in the beginning of three-part
invention no: 12 by Bach.

Comparison: 7a

A-item= f1n:

Notes-A : 69 69 71 71 72 65 76 69 86 64 62 64

(from second 1/4th-note)

B-item= 3partinv:

Notes-B : 55 57 53 55 57 50 59 50 60 50 62 50

PitchCor: 0.451

Linear-PitchCor: 0.451

PitchDif: 62 / 132

Interv-A: 0 2 0 1 -7 11 -7 17 -22 -2 2

Interv-B: 2 -4 2 2 -7 9 -9 10 -10 12 -12

InterCor: 0.639

Linear-InterCor: 0.639

IntervDif: 62 / 88

Fuzzy-A: 0 1 0 1 -2 3 -2 3 -3 -1 1

Fuzzy-B: 1 -1 1 1 -2 3 -3 3 -3 3 -3

FuzzCor: 0.631

Linear-FuzzCor: 0.784

Fuzsamenes : 5 / 11

Direct-A: 0 1 0 1 -1 1 -1 1 -1 -1 1

Direct-B: 1 -1 1 1 -1 1 -1 1 -1 1 -1

DirecCor: 0.295

Linear-DirecCor: 0.502

Dirsamenes : 6 / 11

In comparison 7a, a common pattern in Bach's music (fig 9.18) is compared to a
somewhat atypical pattern generated by MINN (fig. 9.17). The numerical comparison
shows that, although there is no close similarity, some properties of the patterns are
similar. In interval directions the middle of the sequence is identical, but there are
some differences at the beginning and end of the compared pattern.
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Comparison 7b

Figure 9.19. Ascending stepwise motion alternating with steady lower pitch. Prelude in first suite for
solo cello by Bach.

Comparison: 7b

A-item= f1n:

Notes-A : 69 69 71 71 72 65 76 69 86 64 62 64

B-item= selso1pr:

Notes-B : 56 50 53 52 53 50 56 50 59 50 53 52

PitchCor: 0.752

Linear-PitchCor: 0.752

PitchDif: 47 / 132

Interv-A: 0 2 0 1 -7 11 -7 17 -22 -2 2

Interv-B: -6 3 -1 1 -3 6 -6 9 -9 3 -1

InterCor: 0.872

Linear-InterCor: 0.859

IntervDif: 47 / 88

Fuzzy-A: 0 1 0 1 -2 3 -2 3 -3 -1 1

Fuzzy-B: -2 1 -1 1 -1 2 -2 3 -3 1 -1

FuzzCor: 0.811

Linear-FuzzCor: 0.397

Fuzsamenes : 5 / 11

Direct-A: 0 1 0 1 -1 1 -1 1 -1 -1 1

Direct-B: -1 1 -1 1 -1 1 -1 1 -1 1 -1

DirecCor: 0.516

Linear-DirecCor: 0.174

Dirsamenes : 7 / 11

There is a very high correlation between the generated product f1n and the sample
from a cello suite by Bach (fig. 9.19). The intervals and fuzzy intervals are almost
identical, and even the pitches are highly similar. The pattern of the Bach sample can
be construed as formed of two four-note sub-patterns. The generated pattern f1n
consists of three sub-patterns of quarter-note length. The patterns are linked because
the next pattern begins with the same interval that ends the previous sub-pattern.
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Comparison 8 a
The first chapter presented an African mbira pattern, and it was argued that the
pattern is also the result of a motion pattern generation process. Now the mbira-
pattern is compared to pattern amp5n produced by the MINN model, so as to see if
they are similar.

Figure 9.20. Amp5n.

The pattern amp5n is very short (fig. 9.20) , consisting of four repeated pitches. The
pattern itself is quite typical, say, in Baroque music. It is supposed that the interval
direction structure of the pattern is similar to that of the mbira pattern.

Figure 9.21. Mbira pattern.

The mbira pattern (fig. 9.21) uses very large intervals, but the interval direction
structure is repeated after four notes. In order to put the pattern in the same phase as
amp5n, the comparison is started from the fourth note.

Comparison: 8a (comparison starts from fourth note of the
mbira-pattern so as to put the patterns in same phase)

A-item= amp5n:

Notes-A : 55 60 62 60 55 60 62 60 55 60 62 60 55

B-item= Mbira-pattern :

Notes-B : 60 84 76 79 64 83 74 79 62 84 72 79 60

PitchCor: 0.783

Linear-PitchCor: 0.783

PitchDif: 142 / 144

Interv-A: 5 2 -2 -5 5 2 -2 -5 5 2 -2 -5

Interv-B: 24 -8 3 -15 19 -9 5 -17 22 -12 7 -19

InterCor: 0.722

Linear-InterCor: 0.722

IntervDif: 142 / 96

Fuzzy-A: 2 1 -1 -2 2 1 -1 -2 2 1 -1 -2
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Fuzzy-B: 3 -3 1 -3 3 -3 2 -3 3 -3 2 -3

FuzzCor: 0.427

Linear-FuzzCor: 0.736

Fuzsamenes : 0 / 12

Direct-A: 1 1 -1 -1 1 1 -1 -1 1 1 -1 -1

Direct-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1

DirecCor: 0.0

Linear-DirecCor: 0.0

Dirsamenes : 6 / 12

The low value of interval direction correlation is caused by the small intervals on both
sides of the third note in every four-note group. All the other correlation values are
quite high.

Comparison 8b
Generated pattern amp5n (fig. 9.22) compared to Alberti bass (fig. 9.23).

Figure 9.22. Amp5n.

Figure 9.23. Alberti bass (according to Louhos et al., 1998, 47).

Comparison: 8b

A-item= amp5n:

Notes-A : 55 60 62 60 55 60 62 60 55 60 62 60 55 60 62 60

B-item= alberti:

Notes-B : 50 57 53 57 50 57 53 57 50 57 53 57 50 57 53 57

PitchCor: 0.615

Linear-PitchCor: 0.615

PitchDif: 62 / 180

Interv-A: 5 2 -2 -5 5 2 -2 -5 5 2 -2 -5 5 2 -2

Interv-B: 7 -4 4 -7 7 -4 4 -7 7 -4 4 -7 7 -4 4

InterCor: 0.577

Linear-InterCor: 0.577

IntervDif: 62 / 120
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Fuzzy-A: 2 1 -1 -2 2 1 -1 -2 2 1 -1 -2 2 1 -1

Fuzzy-B: 2 -1 1 -2 2 -1 1 -2 2 -1 1 -2 2 -1 1

FuzzCor: 0.552

Linear-FuzzCor: 0.435

Fuzsamenes : 7 / 15

Direct-A: 1 1 -1 -1 1 1 -1 -1 1 1 -1 -1 1 1 -1

Direct-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1

DirecCor: -0.071

Linear-DirecCor: -0.071

Dirsamenes : 7 / 15

Comparison based on pitches, intervals, and fuzzy interval representation shows great
similarity between these patterns. When only interval directions are used the
correlation is not so strong, because the ascending third pitch, instead of descending,
causes half of the intervals to be incorrect.

Comparison 8x
The mbira pattern (fig. 9.21), especially when considered beginning from the fourth
note, is somehow familiar. A similar pattern was, however, difficult to find in the Well-
Tempered Clavier, Book I and in piano sonatas by Beethoven. But when the mbira
pattern is compared to the Alberti bass (fig. 9.23), a strong correlation occurs. It might
be that this kind of simple accompaniment pattern was intentionally avoided by Bach
and Beethoven. In this extra comparison, two musical examples are compared, not the
generated pattern and the musical example. The purpose is to show the strong
correlation between the mbira pattern and that of the Alberti bass.

Comparison: 8x

A-item= alberti:

Notes-A : 50 57 53 57 50 57 53 57 50 57 53 57 50

B-item= Mbira-pattern :

Notes-B : 60 84 76 79 64 83 74 79 62 84 72 79 60

PitchCor: 0.955

Linear-PitchCor: 0.955

PitchDif: 96 / 144

Interv-A: 7 -4 4 -7 7 -4 4 -7 7 -4 4 -7

Interv-B: 24 -8 3 -15 19 -9 5 -17 22 -12 7 -19

InterCor: 0.969

Linear-InterCor: 0.969

IntervDif: 96 / 96

Fuzzy-A: 2 -1 1 -2 2 -1 1 -2 2 -1 1 -2

Fuzzy-B: 3 -3 1 -3 3 -3 2 -3 3 -3 2 -3
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FuzzSumeCor: 0.969

Linear-FuzzCor: 0.142

Fuzsamenes : 1 / 12

Direct-A: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1

Direct-B: 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1

DirecCor: 1.0

Linear-DirecCor: 1.0

Dirsamenes: 12 / 12

Although the ambitus of the patterns is very different, the interval direction
representation shows strong similarity. Also the pitches, intervals, and fuzzy interval
representation correlate strongly. It might be possible to conclude that the pattern is
some prototypical or universal motion pattern, one used in different music cultures. It
has to be noted, however, that the mbira pattern does not represent as prototypical an
accompaniment pattern in its own culture as does the Alberti bass in western music.
The mbira pattern presented here is only one of the many motion patterns in mbira
music.

Conclusion of the numerical comparisons
The numerical results of the comparisons are collected in the following table. The first

table shows the correlations of pitches, intervals, fuzzy intervals, and directions
(PitchCr, InterCr, FuzzyCr, DirecCr), as well as linearized correlations of respective
parameters (LPtchCr, LIntrCr, LFzzyCr, DrecCr). Medians of corresponding
parameters (PitchCM, LPtchCM, InterCM, LIntrCM, FuzzyCM, LFzzyCM, DirecCM,
LDreCM) are represented in the additional table below the main table.

PitchCr LPtchCr InterCr LintrCr FuzzyCr LFzzyCr DirecCr LDrecCr

V1: 0.12 0.12 0.127 0.222 0.155 0.548 0.464 0.464

V2: -0.359 -0.359 -0.47 -0.491 -0.437 -0.304 -0.516 -0.516

V3a: 0.453 0.453 0.363 0.214 0.486 0.781 0.633 0.633

V3b: 0.929 0.929 0.871 0.359 1.0 1.0 1.0 1.0

V4: 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

V5a: 0.318 0.318 0.495 0.564 0.519 0.815 0.467 0.467

V5b: -0.162 -0.162 0.079 0.079 0.157 0.037 0.1 0.1

V5c: 0.205 0.205 0.212 0.212 0.068 0.187 0.1 0.1

V6a: 0.275 0.275 0.445 0.25 0.527 -0.129 0.571 0.571

V6b: 0.17 0.17 0.385 0.298 0.36 -0.311 0.69 0.69

V7a: 0.451 0.451 0.639 0.639 0.631 0.784 0.295 0.502

V7b: 0.752 0.752 0.872 0.859 0.811 0.397 0.516 0.174

V8a: 0.783 0.783 0.722 0.722 0.427 0.736 0.0 0.0

V8b: 0.615 0.615 0.577 0.577 0.552 0.435 -0.071 -0.071

PitchCM LPtchCM InterCM LintrCM FuzzyCM LfzzyCM DirecCM LDreCM

Med: 0.396 0.396 0.451 0.393 0.447 0.427 0.375 0.365

Table 9.1.
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The next table (Table 9.2) show the possible difference of pitches and intervals
(Pitchdf, Interdf) to the possible median difference (PPtchdf, PIntrdf). Also, the
quantity of identical fuzzy intervals and interval direction symbols (Fuzzysm,
Direcsm) is compared to the possible number of symbols (PFzzysm, PDrecsm). A
smaller table is added which show the medians of these parameters (PitchdM,
PPtchdM, InterdM, PIntrdM, FuzzysM, PFzzysM, DirecsM and PDrecsM).

Pitchdf PPtchdf Interdf Pintrdf Fuzzysm Pfzzysm Direcsm PDrecsm

V1: 45 180 45 120 11 15 11 15

V2: 63 192 63 128 3 16 4 16

V3a: 7 132 17 88 9 11 9 11

V3b: 5 84 5 56 7 7 7 7

V4: 22 180 22 120 15 15 15 15

V5a: 39 132 39 88 5 11 8 11

V5b: 74 132 74 88 0 11 6 11

V5c: 58 132 58 88 2 11 6 11

V6a: 49 132 49 88 4 11 8 11

V6b: 52 132 52 88 3 11 9 11

V7a: 62 132 62 88 5 11 6 11

V7b: 47 132 47 88 5 11 7 11

V8a: 142 144 142 96 0 12 6 12

V8b: 62 180 62 120 7 15 7 15

PitchdM PPtchdM InterdM PintrdM FuzzysM PfzzysM DirecsM PDrecsM

Med: 52.64 144.0 52.64 96.0 5.429 12.0 7.786 12.0

Table 9.2.

Numerical comparison shows that motion patterns generated by the MINN model
correlate quite strongly with the musical material. The medians of differences of
pitches and intervals are smaller than what would result from random selection.
Interval directions are closely similar in generated patterns and in musical examples
with median 7.786/12. Some generated patterns are almost identical to musical
examples; comparison 4 (ampo5n / beetso103t159) is an example of this. All
correlation values in this example are 1.0, and similarity of fuzzy and direction
intervals to originals is 15/15.

Values obtained from numerical comparisons support the hypothesis that interval
directions of the patterns would closely resemble each other but that actual pitches
and exact interval values would be more different. The reason for this is, as said
earlier, that the contextualization system does not take chord changes into account.
Numerical comparison does not replace verbal description of the similarities and
differences between generated patterns and musical examples. The numerical
comparisons describe the similarity of the whole series, and an occasional important
similarity or great difference can go unnoticed.
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Conclusion
To conclude the discussion of comparisons, it can be said that the MINN model is able
to generate patterns that are closely similar to the original musical examples. It is
possible to simulate patterns of considerable length. The main difficulty lies not in
generating the pattern shape, but in the minor adjustments needed for harmonizations
and the like, which were here handled with a simple contextualization system. It
would be possible to make longer exact replicas of the original materials if the MINN
model had a better system for contextualization and for the generation of hierarchical
patterns.

It has to be noted that it is difficult to control the current MINN model. Only the
general type of change in the behaviour of the model in response to some control
parameter adjustment can be foreseen. It is not possible to give a musical example to
the model and ask it to generate a replica. However, the overall behaviour of the
model seems to be convergent with the behaviour of the musical pattern generator
supposedly used when a person is making music. The MINN model can generate
musically plausible results with a very large set of different control parameter
combinations.
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10. Discussion
Nattiez's theory (1990) of musical process was adopted as the music theoretical basis
for this study, and it was modified by the addition of the concept of dynamical
process. The results of this study indicate that such modification was justified, at least
in the area of the poietic process. This increases the number of possible ways of
performing music analyses, because now it is also possible to study the dynamical
process, which acts as a semi-automatic generator/modifier and which affects the way
creators of music make musical choices. Someone who uses the motion pattern
generator does not have unlimited freedom of choice in selecting pitches; some pitches
are not as readily available as others. On the other hand, the pattern generator works
below the limit of verbal-logical introspection. This makes it impossible to reason in a
verbal and logical way about the choices made under the influence of the pattern
generator. This does not imply that it would not be possible to return to the musical
sequence thus generated. One can return to it later, but not at the same time as the
pattern generator is working. The concept of dynamical music process links the poietic
and esthesic dimensions into one interacting process that produces music which
reflects the interactive dynamics of the processes involved. In this case the separation
of some special properties of music is extremely difficult, because all the properties of
music - patterns, pitches, rhythm, and maybe harmonies - are interconnected and thus
affect each other. This could partly explain why it is so difficult to verbally describe
the reason for the coherence and beauty of good music.

The experience of time is an integral but problematic part of musical cognition and
music cognition research (cf. Dowling, 1986: 178). Some part of the experience of
musical time could be possibly explained by the cyclical and semi-automatic
behaviour of the MINN model. The model gives a plausible framework for the
experiencing (and processing) of time as a linear and continuous rhythm process,
which can have a complicated structure. Therefore the MINN model offers a starting-
point for practical experiments with Stefani's tri-dimensional, music-emotion-motion
theory of rhythm (1995: 135).

This study employs a pattern generator model used in biological organisms (cf. Glass,
1988; Matsuoka, 1987; Kadar, 1993; Churchland et al., 1994). When generating simple
isochronous patterns, the MINN model works like a psychobiological clock (cf.
Clynes, 1982), and it also explains repetition without the use of memory, thus differing
from Clynes in this respect (1982: 172). The generative system of the model simulates
musical motion patterns that are experienced as swinging, rocking, and the like (cf.
Gabrielsson 1982: 163), and that have commonly served as accompaniment patterns
(cf. Schönberg 1967: 83). The MINN model explains how such musical patterns can be
generated by a model that corresponds with theories of playing movements (cf. Baily
1985: 237; Braitenberg 1987: 562).

As noted earlier, Lerdahl and Jackendoff (1982: 98) argue that the example from the
Bach cello suite should be interpreted in terms of a grammatical tree. In the first
chapter of this thesis that musical passage was considered as a typical and simple
motion pattern process that can be generated (or represented in the listener's mind) by
means of the motion pattern generator.
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Figure 10.1.

Comparison 6B, in the previous chapter, showed that a very similar example from
Bach's cello suite highly correlated with a motion pattern generated by the MINN
model. This suggests that such motion patterns are more easily interpreted and
generated by a dynamic MMP generator model than by a static grammatical tree
representation. The MINN model can generate hierarchical pitch sequences that have
been conventionally explained by grammars or by "building block" structures (cf.
Berggren, 1995), or even by rule-based systems (cf. Baroni and Jacoboni, 1978;
Ebcioglu, 1992). To do this requires no predefined rules or grammars nor an
automatically generated, precompiled memory such as the automatic rule construction
method DEC (cf. Kohonen et al., 1991).

The MINN model offers a new way to use artificial neurons in algorithmic music
research. The method seems to be effective for studying musical motion patterns,
because it represents musical patterns as processes and not as collections of (symbolic
or sub-symbolic) data to be stored. Although difficult to control, the MINN model
effectively generates these patterns, especially when the quantity of neural units for
data units is considered. As noted earlier, in the example presented by J. P. Lewis
(1991: 219), 200 input neurons were required to represent a quantized melodic
sequence of 13 notes, whereas the MINN model only needs a few parameters to
produce complex sequences. Another benefit of the MINN model is that it can also
represent very complicated time divisions without consuming large amounts of
computer memory, unlike in the case of time-slice based data representation.

The MINN model makes possible the parameterized generation of musical motion
patterns as do some other neuron level models (cf. Leng et al., 1990; Leach, 1995), but
it is extended with the link to musical motion. With this method one can generate a
great variety of patterns whose complexity and length of cycle bifurcates from two
elements to four or eight elements, and up to chaotic areas where it is not possible to
calculate the length of the cycle of the elements. These phenomena are commonly
simulated by bifurcating functions found in fractal mathematics (Di Scipio, 1991;
Gogins, 1991; Bidlack, 1992). Because the MINN model forms a link from
physiological motion pattern generators to these kinds of musical patterns, it explains
the reason for the usage of bifurcation algorithms and their musical appeal in a way
that is more convincing than the conventional explanations that suggest there is some
"magic" in the properties of fractal functions.

Although the model generally works as required, it does have some problems that
need further research and development. It has not been possible for me to give an
exhaustive or even rudimentary mathematical analysis. This has led to difficulties in
defining control systems for the model. More advanced control systems would
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facilitate the development of more complicated networks, which would in turn enable
the generation of systematic changes in motion patterns that have neither been
explained nor demonstrated in the current model. Another drawback of the current
MINN model is that the contextualization system is perhaps too simple.
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11. Further research and final
conclusion
Three possible directions for further research are briefly discussed in the following.
First I discuss the possibility of integrating a learning neural network system with the
MINN model. Then some ideas are presented about how the MINN model might be
used to simulate modern music. I finish with some remarks about how the output of
the MINN model could be analyzed automatically so as to make the automatic
adjustment of the control parameters possible.

Because the MINN model works at the level of the neuron and not the network, it is
not intended as a neural network learning model. It should nevertheless be possible to
combine the MINN model with a network level learning apparatus (such as the
common ANN system) so as to facilitate adjustment of the many parameters. It is
indeed difficult even to chart the possibilities of different combinations of connection
parameters. Although this might make the learning task more difficult, effective linear
representation may enable the learning to proceed very fast when the correct
parameter combination is found and the model produces long series of correct values.
In principle it may be possible to teach the MINN model by giving musical patterns to
its input and letting it adjust the connection weights in order to generate a similar
pattern.

It would be interesting to investigate what kind of modifications are required to
generate patterns in the style of some contemporary music. Required features would
be quint-, sext-, and septuplets, a means of accelerating repetition, changing time
signatures, and avoiding strong pulsation. It would require at least the combination of
several pattern-generating neural connections. To avoid pulsation would require a
mechanism that probably could not be based on mutually inhibited connections,
which are pulsating by nature.

It is possible to automatically compare the patterns generated by the MINN model to
musical examples. First a large corpus of musical examples should be collected and
processed to form an as homogenous a set as possible. Then the MINN model would
generate a large number of patterns by means of different parameter settings. Then
numerical comparison would take place, and after that further adjustments of the
model and more pattern generation. For the parameter adjustments even genetic
algorithms (Horner and Goldberg, 1991) could be used (cf. Laine and Kuuskankare,
1994).

Final conclusion
The aim of this study has been to investigate the possibilities of algorithmic music
research in the area of musical cognition by using a new synthesis model. The
limitations of conventional algorithmic music modelling methods was one motivating
factor for this study. Stochastic methods, connection level neural networks, and rule-
based systems all have serious drawbacks that make them ineffective for generating
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musical motion patterns. A motion-based mechanism, or compositional strategy, for
generating musical motion patterns has been proposed in this thesis. The MINN
model presented here offers a new and effective solution for generating musical
motion patterns and for studying the validity of the proposed mechanism for the
generation of motion patterns.

The model provides a usable platform for further research. Using this platform, it is
possible to explore musical motion patterns also in the analysis of musical structure.
The theory of musical motion patterns may lead to changes in methods of structural
analysis, at least in microlevel structures. Repetitions and different elements can be
generated by the MINN model, in a linear and parameterisable fashion.

The model casts new light on musical analysis. The use of motion patterns is related to
stylistic decisions made by the composer. It is possible for the composer to avoid the
use of rhythmic pulsation and cyclical patterns. Analysis using the concept of motion
patterns may lead to a re-evaluation of stylistic features of the music analyzed, and
lead to questions like 'are MMPs in the greater composers, such as Bach, more
systematic or more complex than those of lesser composers?'

Also, this study can perhaps be seen as a preliminary step toward a more complete
model relating to semiotic theories about the emergence of musical signification. In
this study, semiotic theories have been avoided, because the model described here
does not extend to the level with which semiotic theories are concerned. The model is
in this sense "subsemiotic". It is possible that the MINN model and theories developed
in this study can help to develop a more sophisticated model, which could be used to
algorithmically test semiotic theories, such as those concerning time and space in
music (cf. Tarasti, 1983). On the other hand, emerging cybernetic semiotic theories of
music could use the kinetic properties of the model when examining, for example, the
dynamic relation between player and instrument and the surface structure of a
musical piece. If the MINN model is connected to a synthesis model which, in its
control properties, corresponds to the song generating apparatus of birds, it can create
birdsong (Lischka, 1991: 442). This would make it possible to use the MINN model in
biosemiotic research.

Human beings do not like music only because it has motion patterns. Musical
experience is the result of many artistically interrelated factors. Motion patterns can be
an important factor in forming the musical experience, by adding rhythmic and
structural coherence to sequences of sound events.

One of the most interesting ideas related to this thesis is the link, proposed by Stefani
(1991) between motion and emotion. This opens up possibilities for connections
between musical motion patterns and mental processes in general. For me, the link
between the generation of musical motion patterns and the musical role of motion
patterns suggests that the processing of practically all mental objects occurs in some
relation to rhythmic processes. The music, and musical rhythm in particular, gives us
esthetic pleasure by providing an intensified, purified and dynamic experience of
these processes.
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