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1. Introduction

Creating music is a social activity. Without someone to create it, perform it, and perceive it, music
can hardly be said to exist. If we want to build artificial systems that can help us to create
music—or, even more, that can attempt to create music on their own—we should strive to include
the social element in those systems. The artificial intelligence approach to musical creativity has
often been a solitary affair, constructing lone monolithic systems that come up with music by
themselves (Loy, 1989). Instead, can we build a more socially-motivated group of interacting
artificial agents, who then create music within their social context? The answer is yes—but to do so,
we need to move away from the standard conception of artificial intelligence, and enter the new
world of artificial life.

The study of artificial life (or Alife for short) aims to uncover the principles of living systems in
general—not just as they are manifested here on Earth—including the ways that organisms adapt to
and behave in their physical and social environments. To explore such questions, Alife researchers
typically model natural living systems by simulating some of their biological aspects in silico
(Langton 1997). For instance, simulations are built with organisms or agents “living” in artificial
environments that may contain resources like food and water, hazards like predators or poisons, and
other agents that provide opportunities for fighting, mating, or other types of interactions. These
models are often simplified down to just those features that are essential to answer some question of
interest—for instance, if researchers wanted to study how signalling can reduce conflict, agents
might just have the abilities to generate and perceive signals, to fight and move away, and to guard
territories, but not to eat or reproduce.

The attempt to mimic biological phenomena on computers is proving to be a viable route for a better
theoretical understanding of living organisms, as well as for the practical applications of biological
principles for technology (in robotics, nanotechnology, etc.). Because Alife deals with such complex
phenomena, its growth has fostered, and been fostered by, the development of a pool of research
tools for studying complexity, including cellular automata, genetic algorithms, and neural networks.
These tools in turn are also proving to be useful in fields beyond biology, most notably the social
sciences (Gilbert and Troitzsch 1999) and linguistics (Kirby 2002; Cangelosi and Parisi 2001).
Given that art has always availed itself of the latest technological advances, it comes as no surprise
that ideas and techniques from Alife are now finding their way into both visual art (Todd & Latham,
1992) and music (Degazio 1999; Todd & Werner, 1999; Todd 2000; Dahlstedt and Nordhal 2001;
Miranda 2002a).

The agent-based modeling methods develop by the Alife community provides a rich framework
within which to build systems of socially interacting individuals. The question now is, what
components are needed in these models to explore the creation of music? In this paper, we will
describe three main ways of building artificial life models whose inhabitants create music not only
for their human listeners, but in some cases for each other as well: converting non-musical behavior
into sound, evolving songs to meet some external critic’s desires, and letting artificial musicians and
their audiences co-evolve in their ersatz world, creating their own musical culture as they go.

Using artificial life systems to create music can address a number of goals for people interested in
musical creativity. First, for music psychologists and musicologists, it offers a framework within
which models of human musical cognition and behavior can be built and tested in a simulated social
setting, allowing the exploration of how melody, harmony, and rhythm may emerge through



interactions between listening and performing individuals, and of how musical cultures can be built
up through repeated such interactions over extended periods of time. Second, it can enable biologists
to explore the evolution of the underpinnings of musical behavior in populations of agents (whether
simulated humans or other animals) facing a variety of adaptive challenges. Third, for creators of
musical tools it provides a new approach to computer-assisted creativity that can produce open-ended
variety (and can be connected with compelling images as well). And finally, for musicians it can
yield a rich new source of naturally-inspired complexity to draw upon in making their own creative
musical pieces. In this chapter we will present examples of musical artificial life systems applied to
a number of these goals; others await development by further inspired individuals.

2. Approaches to using Alife models of interacting agents in music

To help lay out the space of possibilities of creative musical applications of Alife models, we
develop here a new framework for comparing these models along a crucial dimension. There have
been a number of interesting applications of Alife models in music, ranging from associating musical
notes with the cells of cellular automata (Hunt et al. 1991) to building genotypes of musical
parameters for generating music using genetic algorithms (Degazio 1999). However, what is lacking
in these applications is the presence of social interaction between individual musical agents, from
which interesting sonic creations might arise. Because social interaction is central to the goals of
musical creativity we laid out earlier, here we focus our framework on Alife modeling approaches
that generate musically relevant social dynamics in the emergent behavior of interacting agents.

We start by identifying three main ways of adapting Alife models of interacting agents to the task of
musical creation, before considering each approach in detail in the next sections. First, we can
construct models of artificial agents going about their business in their simulated world—say moving
around, looking for food, avoiding bumping into rocks and each other—and as they behave, we
convert some aspect of their behavior into sound and listen to them. These agents are not musical in
the sense that they are not designed with any musical task in mind. Rather, some sort of
“sonification” or “musification” to their behavior patterns is applied in order to see (or hear) what
emerges. Their social interactions will affect the music we hear, but the music being produced will
not affect their social interactions, nor anything else about their lives; instead, the music is a side-
effect of whatever the agents are doing.

A second, more directly musical approach is to let each individual produce its own music—its own
song, for instance—as it goes about its existence, and to use this music to determine the survival or
reproduction of each agent. The songs present in the population can evolve over time: More
successful songs, that is, those leading to greater survival and reproduction of the individuals singing
them, will consequently be represented by more copies of similar versions in the next generation,
sung by the children of the reproducing individuals. This artificial evolutionary process can lead to
more complex or interesting pieces of music if allowed to go on long enough. In models of this type,
music production is intrinsic to each individual, rather than merely being a consequence of non-
musical behavior as in the previous approach. The music an individual produces has material
consequences for its own life in turn, so that in some sense the music matters to the agents.

However, this is not yet really social creation of music, because the music produced by an individual
is not heard and reacted to by other individuals in the population, but instead is evaluated by some
external almighty critic. This critic can be an artificially-designed judge, such as an expert system
looking for particular melodic or harmonic developments. Or it can be a human user, listening to



songs one at a time or to the music composed by the whole population at once, and rewarding those
individuals who produce more pleasing songs, or musical parts, with more offspring. So, although a
population of individuals is creating music here, each individual still remains blissfully unaware of
what the others are singing, and the truly social element remains lacking from the musical process.

The third approach to using Alife models for music composition finally gets at actual social
interaction on the basis of the music created by individuals. In this case, agents produce musical
signals that are heard and reacted to by other agents, influencing for instance the songs that they
themselves sing, or their proclivity to mate, or their vigilance in defending their territory.
Consequently, the music created in this system affects the behavior of the agents living in this
system, giving it a social role. This role is not necessarily the one that this music would have in the
human social world—that is, the agents are creating music that is meaningful and effective for their
own world, but perhaps not for ours. However, because this system creates music through a social
process that is richer than that in the previous two less-social approaches, it could be that the creative
products have the potential to be more musically interesting to us human listeners, too, as a result.
We will now consider each of these three approaches in more detail in turn.

3. Sonification of extra-musical behavior

The first approach to using Alife models in musical creation is the sonification of extra-musical
behavior. These types of models, of which there are at present relatively few examples, are most
suited for the goals of music composition or building musical tools. Toshio Iwai (1992) created a
system called Music Insects that incorporates a small set of insect-like creatures moving over a two-
dimensional landscape onto which a user can place patches of different colors. When an insect
crosses a patch of a particular color, it plays a particular associated note. Thus, once an environment
of color-note patches has been set up, the movements of the insects are translated into sound. By
appropriate placement of patches and choice of behavioral parameters of the insects (e.g., their speed
and timbre), different musical performances can be created.

In a related but more abstract vein, Miranda (1993), Bilotta and Pantano (2001), and others have
explored “musification” of the dynamic spatial patterns created by cellular automata (for a review,
see Miranda 2001b). In a cellular automaton, cells (or locations) in a grid (e.g., a two-dimensional
environment) can have different states (e.g., the “on” state could be interpreted as “this cell contains
an agent”), and the states of cells at one point in time affect the states of nearby cells at the next point
in time (e.g., an “on” cell at time # can make a neighboring cell turn “on” at time #+1). As different
cells in a two-dimensional field are turned on by the states of neighboring cells according to
particular production rules, the overall activity pattern of the cells in this “world” can be converted to
sound by musification rules, which for instance convert “on” cells in each row to a particular pitch.
Because cellular automata are commonly used to study the creation of complexity and dynamic
patterns, their behavior can produce interesting musical patterns as well when sonified.

As an example of this approach, Miranda’s (1993) CAMUS system uses two simultaneous CAs to
generate musical passages in MIDI format: the Game of Life and Demon Cyclic Space (McAlpine et
al. 1999). Here we briefly introduce the role of the Game of Life in the generative process. The
Game of Life can be thought of as a model of a colony of simple virtual organisms, defined as a
matrix of cells, each of which can be in one of two possible states: alive (colored black) or dead
(colored in white) (Figure 1). The state of the cells as time progresses is determined by the state of



the eight nearest neighboring cells at the previous time-step. There are essentially four rules that

determine the fate of the cells of the Game of Life CA:

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

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 #;

Death by exposure: A cell that is alive at time ¢ will die at time ¢ + 1 if it has one or no live neighbors
at time ¢;

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 7. A number of alternative rules can be set, but not all of them produce
interesting emergent behavior.

Figure 1: Game of Life in action.
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Rather than simply associating notes to single cells of the evolving automata, CAMUS uses a
Cartesian model to represent an ordered set of three notes (or triple) that may or may not sound
simultaneously. These three notes are defined in terms of the intervals between them. Given a
starting note, the horizontal co-ordinate of the model represents the first interval of the triple and the
vertical co-ordinate represents its second interval (Figure 2).

Figure 2: CAMUS uses a Cartesian model in order to represent a triple of notes.
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To begin the generative music process, the CA is set up with an initial random configuration of cell
values and allowed to run. When the algorithm produces a live cell, its co-ordinates are taken to
encode the triple of notes starting from a given lowest reference note. For example, if a cell at the
position (19, 7) is alive, its coordinates describe the intervals of a triple of notes: a fundamental pitch
is given (the user can specify a list of pitches to be picked by the system), the next note is 19
semitones higher, and the last note is a total of 26 semitones above the fundamental (Figure 2).
Although the cell updates occur at each time step in parallel, CAMUS plays the live cells column by
column, 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 triple of notes for
each cell has been determined, the states of the neighboring cells are used to calculate a timing
template, according to a set of temporal codes. As a brief example, if we assume that Figure 3
portrays the temporal template for a live cell at (5, 5), then a musical passage that could be generated
by this cell is given in Figure 4.

Figure 3: An example of a template for the organization of a cell’s note set. The horizontal axis
represents time and the vertical axis pitch.
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Figure 4: A musical passage generated by a single cell using the template portrayed in Figure 3.
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Through the creative use of mappings from some aspects of the emergent behavior of an artificial life
system to musical parameters that determine an output we can listen to, the sonification approach can
produce creative pieces of music. The creativity here is a joint product of the cleverness of the
sonification mapping and the degree of interesting complexity produced by the lifelike processes of
the system itself as it grows and changes over time. But this interaction is in some sense static: once
the sonification rules have been put in place, they modify the behavior of the system in the same
way, whether or not this ends up going in directions that the composer is no longer happy with. How
can we allow the composer’s creativity to maintain an active role in concert with the artificial life
system? We find a solution in the next approach to musical artificial life systems.

4. Evolving music with genetic algorithms

The second approach to building musically-creative Alife systems follows the metaphor of evolution,
and can thus be usefully employed not only by musicians but also by researchers interested in the
evolutionary/selective concept of human creativity (Campbell, 1960). A considerable number of
models of this type have been developed, mostly based on the genetic algorithms-inspired approach
to using Alife models in music composition (for a review, see Todd and Werner 1999). Genetic
algorithms (GA) comprise computing methods inspired by biological processes that are believed to
be the driving forces of the origins and evolution of species, as proposed by Charles Darwin (Darwin
1859). These mechanisms include natural and sexual selection via fitness-proportional reproduction,
crossover of genes, mutation, and so forth. Several composers and computer scientists have made
systems in which a population of musical agents has been reduced to its bare bones, or rather genes:
each individual is simply a musical phrase or passage, mapped more or less directly from the
individual’s genetic representation, or genotypes. These genotypes are in turn used in an artificial
evolutionary system that reproduces modified (mutated and shuffled) versions of the musical
passages in the population's next generation, according to how “fit” each particular individual is.

Fitness can be determined either by a human listener, as in Biles’s (1994) GenJam system for
evolving jazz solos (with higher fitness being assigned to solos that sound better) and the Vox Populi
system for evolving chord sequences (Moroni et al. 1994), or by an artificial critic, as in Spector and
Alpern’s (1995) use of a hybrid rule-based and neural network critic to assess evolving jazz
responses. Whereas in the former higher fitness is assigned to solos that sound better, in the latter
higher fitness is awarded to responses that match learned examples or rules. When human critics are
used, these evolutionary systems can produce pleasing and sometimes surprising music, but usually
after many tiresome generations of feedback. Fixed artificial critics such as developed by Spector
and Alpern take the human out of the loop, but have had little musical success so far.

The sequence of actions illustrated in Figure 5 portrays a typical GA for evolving a population of
some sort of entities. Depending on the application, these entities can represent practically anything,
from the fundamental components of an organism, to the commands for a robot, to the notes of a
musical sequence. Before the GA’s actions can be undertaken, though, the genetic coding scheme
must be established—how are the artificial “genes” (whether represented in binary form or some
other method) mapped to whatever structures are being evolved? For instance, eight bits could be
used to encode a MIDI note pitch value. Once this is done, a population of entities is randomly
created. Next, an evaluation procedure is applied to the population in order to test how well each
individual entity meets the objective of solving the task or problem in question, for instance, how
melodic each pitch sequence entity is. As the members of this initial population is bound to do
poorly on the evaluation at this stage, the system embarks on the creation of a new generation of



entities. Firstly, a number of entities are set apart from the population according to some prescribed
criteria. These criteria are often referred to as the fitness for reproduction because this sub-set will
undergo a mating process in order to produce offspring. The fitness criteria obviously vary from
application to application but in general they indicate which entities from the current generation
perform best on the evaluation criteria—for instance, the top 20% most melodic individuals from the
population may be selected for reproduction. The chosen entities are then combined (usually in pairs)
to produce a number of offspring (the number usually being proportional to the fitness of the
parents), through processes of crossover (combining some of the genetic material from each
“parent”) and mutation (changing some of the inherited genes slightly). Next, the offspring are
introduced into the population, replacing their parents. The fate of the remaining entities of the
population not selected for reproduction may vary, but they usually “die” and are removed from the
population without causing any effect (reproduction and death rates are usually adjusted to maintain
a fixed population size). At this point we say that a new generation of the population has evolved.
The evaluation procedure is now applied to the new generation. If still no individuals in the
population meet the objectives, then the system embarks once more on the creation of a new
generation. This cycle is repeated until the population passes the evaluation test.

Figure 5: A typical Genetic Algorithm scheme.
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In practice, a typical GA usually operates on a set of binary codes or bitstrings that represent the
entities of the population. The crossover operation then involves exchanging some number of
consecutive bits between a pair of bitstring codes, while the mutation process alters the value of
single bits in a code. To illustrate a typical genetic algorithm in action, consider a population P of n
short rhythms represented as 8-bit codes covering eight 16" note durations, such as P= {11010110},
where a 1 means a drum is played on that beat and a 0 means silence for that 16™ note. Then,
suppose that at a certain point in the evolutionary process, the following pair of rhythms is selected
to reproduce: p7: 11000101 and p;; =01111001. A randomly chosen location is selected for
crossover to occur at, say between positions 5 and 6. This means that this couple of rhythms

produces two new offspring by exchanging the last three digits of their codes. Thus, crossover will
look like this:

p7 11000[101] => 11000[001]
pu: O1111[001]=>01111[101]



Next, the mutation process takes place according to a probabilistic scheme. In this example, a
designated probability determines the likelihood of shifting the state of a bit from zero to one, or
vice-versa, for every bit in the bitstring. Mutation is important for introducing diversity into the
population, but higher mutation probabilities reduce the effectiveness of the selective process
because they tend to produce offspring with little resemblance with their parents, such that the
features for which parents were successfully selected for reproduction get lost in their offspring. In
this example, the third bit of the first offspring and the fourth bit of the second are mutated:

first offspring:  11[0]00001 => 11[1]00001
second offspring: 011[1]1101 =>011[0]1101

The new offspring of p; and p;; are thus two new rhythms encoded as 11100001 and 01101101.

As a specific example of this evolutionary process in a compositional context, the Vox Populi system
(Moroni et al. 1994) uses a GA to evolve a set or population of chords. Each chord has four notes,
which are in turn represented by 7-bit codes, so that the chord as a whole is a string of 28 bits. The
genetic operations of crossover and mutation are applied to this code in order to produce new
generations of the population. The fitness criteria takes into account three factors: melodic fitness,
harmonic fitness and voice range fitness. The melodic fitness is evaluated by comparing the notes of
the chord to a user-specified reference value. This reference value determines a sort of tonal center,
or attractor, and the closer the notes are to this value, the higher the chord’s fitness value. The
harmonic fitness takes into account the consonance of the chord, and the voice range fitness
measures whether or not the notes of the chord are within an user-specified range. A straightforward
user-interface provides sliders and other controls for auditioning the results and making evaluations
(fitness). In sum, the evolutionary approach enabled by genetic algorithms can be built into musical
tools which, when combined with a user’s artistic sense, can create compositionally useful output.
Its use in the service of other goals, such as modeling how human composers create new musical
ideas through mutation, combination, and selection of existing ones, remains a promising avenue of
future research.

5. Creating music in artificial cultures

In the evolutionary approach to musical creativity just described, some sort of external critic is
always needed to evaluate how musically interesting or appropriate each evolved individual is. This
external critic, whether a human listener or an engineered software component, sits somehow
“above” the evolving musical entities in judgment of them. What would happen if we bring the role
of the critic back into the system and make critics themselves be entities in the same artificial world
as the musical creators? This is one of the central ideas of the third approach to building musical
Alife models, the cultural approach, where individuals in the simulated system become both
producers and appraisers of music. This approach, while the most complex, also has the most
promise for both artistic and scientific use, because it is built on the richest models of individuals and
their musical behavior and cognition.

The use of artificial cultures as sources of musical creativity is still in its infancy, but a few systems
have sprung up already. Inspired by the notion that many species of birds use songs to attract a
partner for mating, Todd and Werner (1999) designed a model that employs mate selection to foster
the evolution of fit composers of courting melodies. The model co-evolves male composers who



produce songs (i.e., sequences of notes) along with female critics who judge those songs and decide
which male to mate with and thereby produce the next generation of composers and critics. Offspring
were then created with a combination of the traits of their parents, and over time both songs and
preferences coevolved to explore regions of “melody space” without any human intervention. In
Berry’s Gakki-mon Planet (2001), animated creatures that “walk, eat, mate, play music, die and
evolve” populate a graphically-rendered world. Here again, each individual's music is used to
determine with whom it will mate, based on sound similarity. Human users can also intervene by
grabbing creatures and bringing them together to increase the chance that they will mate and produce
new but musically related offspring.

McCormack’s (2001) Eden, an “evolutionary sonic ecosystem”, contains agents whose behavior is
controlled by evolved rules that map sensory inputs onto actions including eating, attacking, mating,
and singing. Because singing, and every other action, costs energy (gained by grazing on the
fluctuating regions of biomass in the world), music will not evolve in this ecosystem unless it serves
some adaptive function. In different runs, singing may evolve (if at all) for different purposes, such
as to alert siblings to food, to attract mates, or to trick others to come close enough to eat them. This
sophisticated system most clearly shows the impact of letting artificial agents control the social (and
biological) function of the music they create, and demonstrates that musical Alife models can have a
scientific as well as artistic function. Finally, Miranda (2002a) has explored the consequences of a
society of agents interacting in mimetic encounters, attempting to imitate the sound output of one
another. Over time, the society builds up a repertoire of common musical (or vocal) phrases through
their interactions, creating a sort of language which, when extended, could provide the basis for
musical composition. Because they are complementary, we present the first and last of these
examples in more detail next.

5.1 Co-evolution of composers and critics

The first cultural Alife model we consider in detail is based on the idea of a song culture evolving in
a population of male birds singing to attract female birds for mating. This model serves the scientific
function of showing how such a culture could evolve and when it would end up with a greater or
lesser degree of variety; understanding how to achieve this latter creation of musical variety is also
clearly useful from a compositional perspective. In Todd and Werner’s (1999) system, each male
composer sings a tune of 32 musical notes from a set of 24 different pitches spanning two octaves.
The female critics use a 24-by-24 matrix that rates the transitions from one note to another in a heard
song. Each entry represents the female’s expectation of the probability of one pitch following
another in a song. Given these expectations she can decide how well she likes a particular song in
one of a few ways. When she listens to a composer, she considers the transition from the previous
pitch to the current pitch for each note of the tune, gives each transition a score based in some way
on her transition table, and adds those scores to come up with her final evaluation of the song. Each
critic listens to the songs of a certain number of composers who are randomly selected. After
listening to all the composers in her courting-choir, the critic selects as her mate the composer who
produces the tune with the highest score. This selective process ensures that all critics will have
exactly one mate, but a composer can have a range of mates from none to many, depending on
whether his tune is unpopular with everyone, or if he has a song that is universally liked by the
critics. Each critic has one child per generation created via crossover and mutation with her chosen
mate. This child will have a mix of the musical traits and preferences encoded in its mother and
father. The sex of the child is randomly determined and a third of the population is removed at
random after a mating session to keep the population size constant.
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From the many different scoring methods possible to judge the songs, one that seems to produce
interesting results is a method whereby critics enjoy being surprised. Here the critic listens to each
transition in the tune individually, computes how much she expected the transition, and subtracts this
value from the probability that she attached to the transition she most expected to hear. For example,
if a critic most strongly expects to hear an E after an A and has the value 0.8 stored in her preference
matrix for the A-E transition, this means that whenever she hears a note A in a tune, she would
expect a note E to follow it 80% of the time. If she hears an A-C transition, then this will be taken as
a surprise because it violates the highest transition following an A, namely the A-E expectation. A
score is calculated for all the transitions in the tune (e.g., by subtracting the A-C transition
expectation from the A-E transition expectation as a measure of the amount of surprise at hearing A-
(), and the final sum registers how much surprise the critic experienced, which is also how much she
likes the tune. What is interesting here is that this does not result in the composers generating random
tunes all the time. It turns out that in order to get a high surprise score, a song must first build up
expectations, by making transitions to notes that have highly anticipated notes following them, and
then violate these expectations, by not using the highly anticipated note. Thus there is constant
tension between doing what is expected and what is unexpected in each tune, with overall highly
surprising songs being selected most often by the critics (Figure 6).

Figure 6: The critic selects composer B because it produces the most surprising song.
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Overall, this model has shown that letting male composers, who generate surprising songs, co-evolve
with female critics, who assess these songs according to their preferences, can lead to the evolution
and continual turnover of a diversity of songs over time. This well-spring of creativity can be
harnessed by the builders of compositional tools as an aid for human musicians—an opportunity that
still awaits exploiting. But there is one fundamental question that needs to be addressed: Where do
the expectations of the female critics come from initially? In other words, which came first, the song
or the audience? Currently the system starts with female preferences computed from samples of
existing folksongs. Would it be possible to evolve such initial expectations as well? The following
section introduces a model that may provide a way to address this question.

5.2 Mimetic interactions

The second cultural Alife model we will discuss is based on a psychological theory of
communicative interaction, which again both makes a scientific point (here, about how a simple
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shared “language” can emerge) and can underlie a creative musical application. Miranda’s (2002c)
mimetic model is an attempt to demonstrate that a small community of interactive distributed agents
furnished with appropriate motor, auditory and cognitive skills can develop a shared repertoire of
melodies, or tunes, from scratch. This common musical culture emerges after a period of
spontaneous creation, adjustment, and memory reinforcement. In this case, different from the system
described in the previous section, tunes are not coded in the genes of the agents and the agents do not
reproduce or die—rather, the melodies arise in an ongoing culture emerging through the imitative, or
mimetic, interactions of an ongoing cohort of individuals.

The motivation of the agents in this artificial culture is to form a repertoire of tunes in their memories
that can foster social bonding. In order to be sociable, agents must sing tunes that can be
“understood” by others, and thus an agent must build up a melody repertoire that is similar to those
of its peers. This social development process is aided by the fact that, in addition to the ability to
produce and hear sounds, the agents are born with a basic instinct: to imitate what they hear.

The agents are equipped with a voice synthesizer, a hearing apparatus, a memory device and an
enacting script. The voice synthesizer is essentially implemented as a physical model of the human
vocal mechanism (Miranda 2002b), but with scaled-down complexity to render the initial
experiments simpler. The agents need to compute three vectors of synthesizer control parameters to
produce tunes: simulated lung pressure, width of the glottis, and length and tension of the vocal
chords. The hearing apparatus employs short-term autocorrelation-based analysis to extract the pitch
contour of a heard signal, using a parameter that regulates the degree of attention by controlling the
resolution of the analysis (Miranda, 2001a), which in turn defines the sensitivity of the auditory
perception of the agents.

The agent’s memory stores its sound repertoire and other parameters such as creative willingness,
forgetfulness disposition, reinforcement threshold and degree of attention. Agents have a dual
representation of tunes in their memories: a motor map (synthesis) and a perceptual representation
(analysis). The motor representation is in terms of a function of motor (i.e. synthesis) parameters and
the perceptual representation is in terms of an abstract scheme designed for representing melodic
contour derived from auditory analyses (Miranda, 2002c).

Imitation is defined as the task of hearing a tune and activating the motor system to reproduce it.
Accomplishing this task is guided by the enacting script, which provides the agent with knowledge
of how to behave during its interactions with others. The agent must know what to do when another
agent produces a tune, how to assess the success or failure of an imitation, when to remain quiet, and
so forth. The enacting script does not evolve in the present model; all agents are alike in this aspect
of their behavior. It is also important to note that the result of imitation should be the production of a
shared repertoire of tunes for which the perceptual representations in the memory of agents should
be identical, though the motor representations may differ between individuals.

At each round, each of the agents in a pair from the community plays one of two different roles: the
agent-player and the agent-imitator. The agent-player starts the interaction by producing a tune p,,
randomly chosen from its repertoire. If its repertoire is empty, then it produces a random tune. The
agent-imitator then analyses the tune p,, searches for a similar tune in its repertoire, in, and produces
it. The agent-player in turn analyses the tune i, and compares it with all other tunes in its own
repertoire. If its repertoire holds no other tune p, that is more perceptibly similar to i, than p,is, then
the agent-player replays p, as a reassuring feedback for the agent-imitator; in this case the imitation
would be acceptable. Conversely, if the agent-player finds another tune p, that is more perceptibly
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similar to i, than p, is, then the imitation is unsatisfactory and in this case the agent-player would halt
the interaction without emitting the reassuring feedback; no feedback means imitation failure.

If the agent-imitator hears the reassuring feedback, then it will reinforce the existence of i, in its
repertoire and will change its perceptual parameters slightly in an attempt to make the tune even
more similar to p, (if they are not already identical). Conversely, if the agent-imitator does not
receive feedback then it will infer that something went wrong with its imitation. In this case, the
agent has to choose between two potential courses of action: it can try to modify its motor
representation of 7, slightly, as an attempt to more closely approximate p,.; or it can leave the pattern
untouched (because it has been successfully used in previous imitations and a few other agents in the
community also probably know it), create a new tune that is similar to p, (by generating a number of
random tunes and picking the one that is perceptually closest to p,) and include it in its repertoire. At
the end of each round, both agents have a certain probability P, of undertaking a spring-cleaning to
get rid of weak tunes, by forgetting those tunes that have not been sufficiently reinforced. Finally, at
the end of each round, the agent-imitator has a certain probability P, of adding a new randomly
created tune to its repertoire.

Figure 7 gives an example where the agent-player has only one melody in its repertoire whereas the
agent-imitator has three. Since there is only one melody in the repertoire of the agent-player, any
tune played by the agent-imitator will be considered an acceptable imitation of that melody, even
though the two might sound very different to an external observer. As far as this agent-player is
concerned, the stored and heard tunes are similar because it does not yet have the ability to
distinguish between tunes.

Figure 7: An example of the repertoires underlying a simple mimetic interaction.
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Given this mimetic system, how quickly can a culture of shared tunes emerge? The graph in Figure
8 shows the growth of the average repertoire of a community of 5 agents over a total of 5000
interactions, with snapshots taken after every 100 interactions. The agents quickly increase their
repertoire to an average of between six and eight tunes per agent. After a long period of stasis, two
more tunes appear at about 4000 interactions, followed by still more at a lower rate. Identical
behavior appears in many such simulations with varied settings. These sudden increases are probably
caused by the fact that the agents have a certain tendency to produce unexpected tunes. From time to
time agent-players may initiate an interaction using a randomly generated tune, rather than picking
one from its repertoire. Depending upon a number of circumstances, this new tune may or may not
settle in the repertoire. The general tendency is to quickly settle into a repertoire of a certain size,
which occasionally increases slightly thereafter. The pressure to increase the repertoire is mostly due
to the creativity willingness parameter combined with the rate of new inclusions due to imitation
failures.

Figure 8: The growth of the size of individual melody repertoires over time (in number of
interactions), averaged across the whole community.
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As described above, new melodies are often added to the mimetic culture when imitation fails. This
effect is shown in Figure 9, which plots the mean imitation success rate of individuals in the
community, measured at every 100 interactions. The success rate drops within the first 1000
interactions, which coincides with the steeply rising size of individual repertoires in Figure 8. This is
the period in which the agents are negotiating how their repertoires should be structured to foster
communication, characterized by inclusions of tunes due to imitation failure and by motor
adjustments due to imitation successes. At approximately 1800 interactions, the imitation rate goes
back up to 100%. After this, occasional periods of lower success arise due to the appearance of new
random tunes or motor-perceptual inconsistencies that might be caused by pattern approximations.
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Figure 9: The mean individual imitation success rate over time (in number of interactions), averaged
across the whole community.
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Thus, although the repertoire tends to increase with time, the imitative success rate stays consistently
high. This is evidence that the community does manage to foster social bonding in the sense of
successful imitation. But did they succeed on the other goal of the system, to create a shared
repertoire of tunes? The answer is yes. The perceptual memory repertoire of all five agents is nearly
identical, while the motor maps, though quite similar, do show some small differences. This is a
concrete example of a case where different motor maps yield the same perceptual
representations—the model does not assume the existence of a one-to-one mapping between
perception and production. The agents learn for themselves how to correlate perception parameters
(analysis) with production parameters (synthesis) and they need not build the same motor
representations for what they consider to be perceptually identical. The repertoire of tunes in this
artificial culture emerges from the interactions of the agents, and there is no global procedure
supervising or regulating them; the actions of each agent are based solely upon their own developing
expectations. Thus, this Alife model helps us understand a possible mechanism of the origin of
communicated culture. Such a mechanism can also be extended to produce more complex signals
and then be built into the context of a larger musical system to create a body of melodic output that
may be useful for artistic purposes.

6. Conclusions

In this paper we have presented a framework for understanding the potentially limitless variety of
approaches to using biologically-inspired methods from artificial life for producing musically
creative systems, both for artistic and scientific goals. This framework focuses on three ways that
social interaction can be built into musical Alife systems. The systems falling into the first two
approaches, based on sonifying emergent behaviors of dynamic simulations such as cellular automata
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or on evolving representations of melodies or rhythms, focus on just the output side of music. But as
Rowe (2001) emphasizes, the most useful and interesting machine musicians must be complete
systems, able to both listen to and analyze the music created by their co-performers (whether human
or other machines), and then process what they hear into appropriate musical responses that they
finally perform. The artificial agents of the cultural third approach described above strive to be
complete in this sense, “singing” to each other and combining both production and appraisal of their
shared musical culture. One of the next steps is to bring together the long-term evolution of initial or
default expectations and musical building-blocks (as in Todd and Werner’s, 1999, system) with the
shorter-term learning of new expectations and melodies in a constantly-developing culture (as in
Miranda’s, 2002a, approach). Borrowing the Alife modeling approaches used to study the evolution
of language (e.g., Kirby, 2002) may point the way forward in this direction (see Miranda, Kirby, and
Todd, 2003).

To date, most of the systems incorporating artificial life methods to produce musical creativity have
been exploratory, testing how useful these ideas may be in understanding, or enhancing, the human
creative process. Complete compositions based on these techniques have been rare, as have detailed
scientific studies. Some of these techniques are well-developed enough that we should see their use
by composers and researchers increasing, but truly social Alife models of the third approach remain
to be studied in depth. This third category holds the promise not only of providing interesting new
creative methods for composers, but also of giving us insights into the nature of music creation itself
as a social process.
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