On the Music of Emergent Behavior:
What Can Evolutionary Computation

Bring to the Musician?

Eduardo Reck Miranda

n this article, I forgo the discussion of whether
or not computers can compose music, seeing it as no longer
relevant: computers can compose, if programmed appropri-
ately. Perhaps one of the greatestachievements of artificial in-
telligence (AI) to date lies in the construction of machines
that can compose music of high quality, such as the Experi-
ments in Musical Intelligence (EMI) system [1]. However,
these Al systems are either hard-wired to compose in a certain
style or able to learn how to imitate a style by looking at pat-
terns in a group of training examples; they do not create new
musical styles, so to speak. Conversely, issues of whether com-
puters can create new kinds of music are much more difficult
to study because, in order to test this idea, the computer should
neither be embedded with particular models at the outset nor
learn from carefully selected examples. Furthermore, it is dif-
ficult to judge what the computer creates in such circum-
stances, because the results normally sound very strange to us;
they tend to lack the cultural references that we normally rely
on when appreciating music.

One plausible approach to these problems is to program
the computer with abstract models that embody our under-
standing of the dynamics of certain compositional processes.
Since the invention of the computer, many composers have
tried out mathematical models thought to embody musical
composition processes, such as combinatorial systems [2], sto-
chastic models [3] and fractals [4]. Some of these trials have
produced interesting music and much has been learned about
using mathematical formalisms and computer modelsin com-
position. The potential of evolutionary computation is, there-
fore, a natural progression for computer music research. In
this article, I introduce a discussion on the potential of cellu-
lar automata and adaptive games for the composition of truly
“new” music (albeit music that has the potential to make sense
to our ears). The article begins with a brief introduction to
CAMUS (Cellular Automata MUSic) and Chaosynth, two cel-
lular automata—based music systems of my own design, fol-
lowed by an assessment of their role in the composition of a
number of musical pieces.
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ABSTRACT

n this article, the author
focuses on issues concerning
musical composition practices
in which emergent behavior is
used to generate musical
material, musical form or both.
The author gives special atten-

CASE STUDIES tion to the potential of cellular

CAMUS uses two simultaneous cel-
lular automata (CA) to generate
musical forms: the Game of Life
(Fig. 1) and Demon Cyclic Space.
Due to limitations of space, I will
briefly introduce only the role of
the Game of Life in the generative
process [5].

games for music-making. The

an assessment of their role in

pieces. It then continues with a
discussion in which the author

games may hold the key to
fostering more effective links
between evolutionary computa-
tion paradigms and creative
musical processes.

Propagating Cellular
Automata Musical Forms
The Game of Life is a two-
dimensional CA that attempts to
model a colony of simple virtual organisms. In theory, the au-
tomaton is defined on an infinite square lattice. For practical
purposes, however, it is normally defined as consisting of a fi-
nite m X n array of cells, each of which can be in one of two
possible states: alive, represented by the number one, or dead,
represented by the number zero. On the computer screen, liv-
ing cells are colored as black and dead cells are colored as
white (see Fig. 1). The state of the cells as time progresses is
determined by the state of the eight nearest neighboring cells.
There are essentially four rules that determine the fate of the
cells at the next tick of the clock:

1. Birth: A cell that is dead at time ¢ becomes alive at
time ¢ + 1 if exactly three of its neighbors are alive at
time ¢

2. Death by overcrowding: A cell that is alive at time ¢
will die at time ¢ + 1 if four or more of its neighbors
are alive at time ¢

3. Death by exposure: A cell that is alive at time ¢ will
die at time ¢ + 1 if it has one or zero live neighbors at
time ¢

4. Survival: A cell that is alive at time ¢ will remain alive
at time ¢ + 1 only if it has either two or three live
neighbors at time ¢

Whilst the environment, represented as E, is defined as the
number of living neighbors that surround a particular live cell,
a fertility coefficient, represented as F, is defined as the num-
ber of living neighbors that surround a particular dead cell.
Note that both the environment and fertility vary from cell to
cell and indeed from time to time as the automaton evolves.
In this case, the life of a currently living cell is preserved when-
ever 2 < E< 3, and a currently dead cell will be reborn when-
ever I' = 3. Clearly, a number of alternative rules can be set.
The general form for such rules is (E,;,, E, o Fin and F,,.)
where £, < E<E, andF,

min max min

min’

<F<F

max®

max’
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Fig. 1. Game of Life cellular automaton in action. The rules of the automaton are applied
simultaneously to all cells on the grid at the tick ¢ of an imaginary clock. (© Eduardo Reck

Miranda)

The CAMUS implementation of the
Game of Life algorithm enables the user
to design rules beyond Conway’s original
rule. Rules other than (2, 3, 3, 3) may
exist, but not all of them produce inter-
esting emergent behavior.

CAMUS uses a Cartesian model in
order to representa triplet of notes, that
is, an ordered set of three notes. In this
context, a triplet is an ordered set of
three notes that may or may not sound
simultaneously. These three notes are de-
fined in terms of the distances between
them—or intervals, in music jargon. The
horizontal coordinate of the model rep-
resents the first interval of the triplet, and
the vertical coordinate representsits sec-
ond interval (see Fig. 2a).

To begin the musical generation pro-
cess, the grid of cellsis set up with an ini-
tial random configuration and allowed
to run. When the Game of Life automa-
ton arrives at a live cell, its coordinates
are taken to estimate the triplet from a
given lowest reference note; in the case
of Figure 1a, the given reference note is
FI. For example, the cell at the position
(5, 5) in Figure 2b is alive (thatis, its color
is black) and will thus generate a triplet
of notes. The coordinates (5, 5) describe
the intervals of the triplet: a fundamen-
tal note is given, then the next note will
be at 5 semitones above the fundamen-

tal and the last note 10 semitones above
the fundamental. Although cell updates
occur at each time step in parallel,
CAMUS plays the live cells column by col-
umn, from top to bottom. Each of these
musical cells has its own timing, but the
notes within a cell can be of different
lengths and can be triggered at different
times. Once the triplet of notes for each
cell has been determined, the states of
the neighboring cells in the Game of Life
are used to calculate a timing template,
according to a set of temporal codes [6].

Emergent Sound Synthesis

Chaosynth is essentially a granular syn-
thesizer [7]. Granular synthesis works by
generating a rapid succession of very
short sound bursts (for example, 35 ms
long) called granules that together form
larger sound events. The results tend to
exhibit a great sense of movement and
sound flow. This synthesis technique can
be metaphorically compared with the
functioning of a motion picture in which
an impression of continuous movement
is produced by displaying a sequence of
slightly different images at a rate above
the scanning capability of the eye. So far,
most of these systems have used stochas-
ticity to control the production of the
granules; for example, to control the
waveform and the duration of the indi-

vidual granules. Chaosynth uses a differ-
ent method: that of cellular automata.
The automaton used in Chaosynth tends
to evolve from an initial random distri-
bution of cells in the grid towards an os-
cillatory cycle of patterns (see Fig. 3) [8].
The behavior of the CA resembles the
way in which most of the natural sounds
produced by some acoustic instruments
evolve: they tend to converge from a wide
distribution of their partials (for exam-
ple, noise) to oscillatory patterns; an ex-
ample would be a sustained tone.

Each sound granule produced by
Chaosynth is composed of several spec-
tral components. Each component is a
waveform produced by a digital oscilla-
tor (for example, a lookup sampling
table containing one cycle of a wave-
form), which needs two parameters to
function: frequency and amplitude. The
automaton controls the frequency and
duration values of each granule (the am-
plitude values are setup via another pro-
cedure). The values (i.e. the colors) of
the cells are keyed to frequenciesand os-
cillators are keyed to a number of cells
(see Fig. 4). The frequencies of the com-
ponents of a granule at time ¢ are estab-
lished by the arithmetic mean of the
frequencies associated with the values of
the cellsassociated with the respective os-
cillators (Fig. 5). Suppose, for example,
that each oscillator is associated with nine
cells and that at a certain time ¢, three
cells correspond to 110 Hz, two to 220 Hz
and the other four to 880 Hz. In this case,
the mean frequency value for this oscil-
lator at time ¢will be 476.66 Hz.

The user can also specify the dimen-
sion of the grid, the number of oscilla-
tors, the allocation of cells to oscillators,
the allocation of frequencies to CA val-
ues and various other CA-related param-
eters. The duration of a whole sound

Fig. 2. (a, left) CAMUS uses a Cartesian model in order to represent a triplet of notes. Given a fundamental note (e.g. FI), the x-coordinate
establishes the distance to the second note and the y-coordinate establishes the distance between the second and the third notes of the triplet.
These distances are calculated in terms of musical semi-tones. (b, right) Each frame of the Game of Life automaton produces a number of
triplets of notes. A frame here is a matrix of cells at a certain time. For example, a sequence of three frames is shown in Fig. 1. (© Eduardo

Reck Miranda)
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Fig. 3. Chaosynth’s automaton tends to evolve from an initial random distribution of cells in
the grid (top frame on the left side) towards an oscillatory cycle of patterns. (© Eduardo

Reck Miranda)

Fig. 4. Each frame of the automaton, or configuration c of the cell at a certain time ¢, c[t],

defines the spectral content of a sound grain. (© Eduardo Reck Miranda)

clt+1]

grain n

grain n+1

grain n+2

eventis determined by the number of CA
iterations and the duration of the gran-
ules; for example, 100 iterations of 35-ms
granules results in a sound event of 3.5
sec in duration.

Brief Assessment

Despite the arbitrariness of the musical
engine of CAMUS, I have come to con-
clude, through observing that CAMUS
can produce interesting musical se-
quences, that cellular automata are ap-
propriate for generating musical
material. Indeed, I have composed a
number of pieces using CAMUS-gener-
ated material—for example, Entre o Ab-
surdo e o Mistério [9], for chamber
orchestra, and the second movement of
the string quartet Wee Batucada Scotica
[10]. Chaosynth also has proved to be a
successful system in the sense that it is
able to synthesize a large number of un-
usual sounds that are normally not found
in the real acoustic world, but that
nonethelessare pleasing to the ear [11].
The results of the CA experiments are
very encouraging, as they are good evi-
dence that both musical sounds and ab-
stract musical forms might indeed share
similar organizational principleswith cel-
lular automata. I would like to make it
clear, however, that none of the pieces
cited above were entirely automatically
generated by the computer. The pro-
grams produced raw but high-level ma-
terials that were manually arranged for
the final composition. Nevertheless, the
computer-generated material was of
good quality and, as far as computer
music is concerned, this is a great
achievement. Without CAMUS and
Chaosynth, these pieces would probably
never have been composed.

DISCUSSION AND
CONCLUSION

In general, I found that Chaosynth pro-
duced more interesting results than
CAMUS did. This might be due to the
very nature of the phenomena in ques-
tion. The innerstructures of sounds seem
more amenable to CA modeling than do
large musical structures. As music is pri-
marily a cultural phenomenon, in the
case of CAMUS I suspect that we would
need to add generative models that take
into account the dynamics of social for-
mation and cultural evolution. In that
case, we should look for modeling para-
digms where phenomena (in our case,
musical processes and forms) can emerge
autonomously. We have strong evidence
that the adaptive games paradigm might
shed some light on this problem.
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Fig. 5. One oscillator is allocated to each
sub-grid of the automaton, and each oscilla-
tor generates one of the partials that will
compose a grain. The frequency and ampli-
tude for these oscillators are calculated by
averaging the values that are associated with
the colors of the cells. These associations are
user-specified. (© Eduardo Reck Miranda)

I have recently implemented two ex-
periments whereby I have successfully
simulated the emergence of sounds and
melodic forms in a virtual community of
agents, by means of adaptive imitation
games [12].

The agents are furnished with a speech
synthesizer, an artificial ear and a mem-
ory mechanism. To begin with, the
agents should not have any repertoire in
their memory. The objective of the sim-
ulation is to let them build their own
repertoire of sounds and/or short
melodies by imitating each other. The
only constraints of the model are im-
posed by the physiology of their speech
and hearing apparatus and of course by
the rules of the interactions. The inter-
actions occur as follows: two agents are
selected for a round; one plays the role
of a producer and the other plays the role
of a listener. In the case of melodies, the
producer sings a melody either selected
from its repertoire or produced from
scratch if there is nothing in the reper-
toire. The imitator in turn compares this
melody with the ones it already knows.
The imitator selects from its own reper-
toire the melody that sounds most simi-
lar to the melody that it heard, and then
sings it. The producer compares the im-
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itator’s attempt with the melody that it
had produced originally. If they are sim-
ilar, then the interaction is a success; oth-
erwise it is a failure. This result is then
communicated to the imitator by means
of non-verbal feedback. Immediately
after the interaction both agents update
their memories according to the result of
the interaction. In short, if the interac-
tion was successful, then both agents in-
crease a success counter for the melody
that was used by both agents. If the in-
teraction was a failure, then the imitator
tries to shift the failed melody closer to
the melody it heard, hoping that next
time it will result in a better imitation.
Sometimes melodies that have not scored
successfully for a long time are deleted
from the repertoire. In other cases,
melodies that are too close to each other
in the repertoire are merged. Despite the
simplicity of the model, the results of the
simulations so far are quite impressive.
After a few thousand interactions, in-
volving a few dozen agents, we observed
the emergence of a coherent repertoire
of sounds and melodies that were shared
by all agents. We would say that in this
case the agents reached a cultural agree-
ment. I am currently scaling up this ex-
perimentin order to investigate whether
such emergent phenomenaalso produce
coherent results in situations involving
high-level musical forms.

Should such experiments with adap-
tive games corroborate my hypothesis
that we can improve algorithmic com-
position systems considerably by includ-
ing mechanisms that take into account
the dynamics of cultural evolution and
social interaction, then a new generation
of greatly improved intelligent compos-
ing systems may begin to appear over the
next few years.
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Glossary

adaptive games—this term relates to systems that
evolve and adapt over time. Psychology, computer
science, economics, biology, and neuroscience de-
pend upon a deeper understanding of the mecha-
nisms that govern adaptive systems. A common
feature of these systems is that organized behavior
emerges from the interactionsof many simple parts.
Ants organize to build colonies, neurons organize to
produce adaptive human behavior, and businesses
organize to create economies.

cellular automata—a regular spatial lattice of cells,
each of which can have any one of a finite number
of states. These cells normally are numerical vari-
ables, but in theory they could represent anything
that can be computed. The state of all cellsin the lat-
tice is updated simultaneously, and the state of the
entire lattice advances in discrete time steps. The
state of each cellin the lattice is updated according
to a local rule, which often depends on the state of
the cell and its neighbors at the previous time step.

combinatorial systems—systems based upon combi-
natorial mathematics, a branch of mathematics study-
ing the enumeration, combination and permutation
of sets of elements and the mathematical relations
that characterize these properties.

emergent behavior—group behavior resulting from
the interaction of the group’s many elements. The
behavior of the individual elements is much simpler
than the behavior that emerges from their interac-
tions.

granular synthesizer—a sound synthesizer that uses
the granular synthesis techniques. Granular synthe-
sis works by generating a rapid succession of very
short sound bursts called granules (e.g. 35 millisec-
onds long) that together form larger sound events.
This technique can be metaphorically compared to
the functioning of a motion picture, in which an im-
pression of continuous movement is produced by
displaying a sequence of slightly different images at
a rate above the scanning capability of the eye.

stochastic models—models relating to, or governed
by, probability. The behavior of a probabilistic model
cannot be predicted exactly, but the probability of
certain behaviors is known. Such systems are usually
simulated using a pseudo-random number genera-
tor, where one of a sequence of numbers is gener-
ated by some algorithm so as to have an even
distribution over some range of values and minimal
correlation between successive values.
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FORTHCOMING

growing more familiar.

as acoustic pressure, electromagnetic waves and pulses of light.

performance and distribution of music.

For more information, visit <http://mitpress.mit.edu/Leonardo/Imj>.
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Groove, Pit and Wave—Recording, Transmission and Music
Publication Date: December 2003

Despite Thomas Edison’s assumption that the gramophone was nothing more than a sonic autograph
album, suitable only for playing back the speeches of famous people, over the last 100 years recording has
radically transformed the composition, dissemination and consumption of music. Similarly, the business-
like dots & dashes of Morse and Marconi have evolved into a music-laden web of radio masts, dishes, satel-
lites, cables and servers. Sound is encoded in grooves on vinyl, particles on tape and pits in plastic; it travels

The rise of the DJ in the last two decades has signaled the arrival of the medium as the instrument—the
crowning achievement of a generation for whom tapping the remote control is as instinctive as tapping two
sticks together. Turntables, CD players, radios, tape recorders (and their digital emulations) are played, not
merely heard; scratching, groove noise, CD glitches, tape hiss and radio interference are the sound of
music, not sound effects. John Cage’s 1960 “Cartridge Music” has yet to enter the charts, but its sounds are

For Leonardo Music JournalVol. 13 we consider the role of recording and/ or transmission in the creation,
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