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1 Introduction
The evolutionary activity statistics and visualization techniques introduced by Bedau and Packard [8]
are perhaps unique within artificial life in that they are indigenous to the field, are long-lived, and are
still being developed in interesting new directions. The evolutionary activity approach was developed
explicitly to deal with issues central to artificial and natural evolutionary adaptation, and has persisted
for over a decade, being extended and generalized along the way in a series of articles [10, 11, 20, 19,
4, 6, 5, 9, 22, 17]. Moreover, they have been taken up by other researchers, who have used them to
help explore a wide range of questions on evolvability and adaptation (e.g., [21, 26, 23, 12, 13, 16, 24]).
Here, we provide a simple description of the basic technique and some example applications,
before considering the strengths and limitations of the approach. Interested readers are directed to a
more extensive account [5] and more general formulations of these ideas [9, 17].
2 Determining and Visualizing Evolutionary Activity
A paradigm of the idea of evolutionary activity is the notion of measuring the continued persistence of
elements in an adaptive system as a proxy for their adaptive significance — if a particular element
persists in the system for a long time, this is likely to be because it is being maintained by selection. In
order to do this one must identify (i) the class of elements to be tracked (genotypes, alleles,
equivalence classes of alleles, etc.) and (ii) a measure of identity —what makes an element existing at
time t the same element as one logged at time t!1. For example, if we are tracking the evolutionary
activity of alleles, we might specify that an allele has persisted over time if two genotypes, one drawn
from the population at time t and another drawn from the same population at time t + 1, share the
same value at the same location on their respective genomes.
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Once these decisions have been made, a measure of activity must be defined. Different kinds of
elements call for different definitions, but in each case the aim is to capture evidence that an element
is an adaptation, that is, that it is participating in the system because of the benefit it provides. The
definition operationalizes the notion of being an adaptation, and continually reflects the element’s
adaptive history as so operationalized. The most appropriate definition in a particular context will
depend on the type of element in question, as well as the availability of the relevant data.
Assume, for example, that we are interested in genotypes all of whose members are related by
historical descent (so that independent originations of exactly the same set of genes would be
considered different genotypes). In many contexts, such a genotype’s adaptive success is reflected by
its frequency in the population, so an appropriate measure of its activity would be its cumulative
frequency over a period of evolutionary time. In this case, a genotype’s activity would become
defined once its first instance appears in the population. From then on, the genotype’s activity is
incremented at each moment by its frequency in the population. As long as the genotype remains in
the population, its activity increases monotonically, with the rate of increase being proportional to its
frequency in the population. Should the genotype go extinct, its activity is no longer defined. To track
evolutionary activity in the entire population, one would simply make these measurements for each
unique genotype generated during the course of evolution.
If an element’s activity is plotted over time, it will appear as a monotonically increasing wave (by
convention waves are terminated upon extinction of the corresponding element). If we plot this
measure for every unique element in an adaptive system, we will see a forest of such activity waves,
some large, some small, some rising early, some late, some rising slowly, some rapidly, some
terminating immediately, some persisting for long periods of time. It is these differences between
waves that can tell us useful things about the character of the adaptation that the population is
undergoing. But before we can really make use of this type of visualization, we need some way of
determining the significance of differences between activity waves— for example, how long must an
activity wave persist before we can be confident that it represents a response to selective pressure,
rather than merely the transient effects of evolutionary drift?
In order to deal with this issue, we need some way of normalising our measures of activity. This
is achieved through constructing a neutral, or nonadaptive, analogue of the adaptive system that
we are exploring —often, an exact replica save that all selective pressures have been removed —
and using the level of evolutionary activity in this neutral model as a baseline against which
to compare the statistics generated by the actual system that we are studying. One method of
constructing a neutral model N of an adaptive system S is to record the time at which every
birth and death event in S occurred during a period of evolution, and then to impose the same
events on N at the equivalent points in time, but to choose who reproduces or dies at random
rather than according to any selection pressure. The evolutionary activity in N is thus a neutral
analogue of that in S, and subtracting the activity in N from that in S normalizes our evolutionary
activity statistics.
An example plot of evolutionary activity in an adaptive system and some of the phenomena it
reveals is given in Figure 1. However, it should be noted that there are many variants of the approach
described above that have been tailored to tracking and visualizing different adaptive systems.
3 Applications
Evolutionary activity plots of the kind described above have been used to track elements at a variety
of different levels: alleles [8], allelic equivalence classes [9], genotypes [5], and even taxonomic
families in the fossil record [10, 11] and the patent record [22].
Across these different scales, the evolutionary activity approach is able to shed light on the
dynamics of adaptation, extinction, succession, competitive exclusion, speciation, neutral drift, and
so on. Key questions addressed include classifying long-term evolutionary trends [10, 15, 12, 13],
studying punctuated equilibrium dynamics [21], measuring evolvability [4], and exploring the
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Figure 1. An example evolutionary activity plot (adapted from [5, Figure 5]). The upper panel displays evolutionary
activity waves for a Tierra-like [18] and an Avida-like [2] system, comprising a population of simple self-reproducing
programs. The evolutionary activity in the corresponding neutral analogue (not shown here; see [5]) is orders of
magnitude smaller than even the smallest labeled wave. The lower panel depicts the average population fitness. The
termination of a significant wave and arrival of subsequent waves marks a succession event. For instance, at or around
iteration 600 the ancestral genotype is driven extinct by a small group of more efficient replicators, one of which
eventually dominates, until it is succeeded by a group of neutral variants of an even more efficient phenotype. Around
iteration 2500 a mutant genotype invades the population but cannot outcompete the incumbent genotype, due to its tiny
fitness advantage.

evolution of evolvability [17]. These concerns cluster around a central and fundamental topic of
enquiry: how can an adaptive system support continued adaptation indefinitely, rather than
eventually equilibrating at some stable configuration that prohibits further adaptive change? This
question has been recognized as one of the key open problems faced by artificial life — ‘‘determine
what is inevitable in the open-ended evolution of life’’ [7].
4 Strengths and Limitations
The continued and increasing use of evolutionary activity statistics and visualization evidences its
strength in efficiently depicting adaptive trends and evolutionary phenomena that are otherwise
difficult to track or describe. In particular, the technique benefits from its simplicity: both the relative
ease with which the relevant values may be calculated and the relative ease with which they can be
depicted and interpreted, pigg ybacking on our familiarity with the 2D line graph of variation over
time. A further key strength lies in the generality of the evolutionary activity approach, spanning
many levels of description and many different kinds of ALife system.
However, there are issues that currently limit its application. For instance, where it is hard to
obtain complete data describing the population makeup as it changes over time (as in most natural
adaptive systems), the use of evolutionary activity statistics can be restricted as a consequence.
Artificial Life Volume 12, Number 2
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Moreover, even in cases where we have complete access to a system’s state as it evolves, difficulties in
effectively implementing evolutionary activity statistics may stem from problems associated with
uniquely identifying the elements to be tracked.
Where a population contains simple, fixed-length genotypes comprising genes that map directly,
one to one, onto phenotypic traits, there is little difficulty in tracking entire genotypes as they increase
or decrease in frequency, or the concentration of individual alleles in a population as they evolve, or
even tracking the behavioral episodes that correspond to a particular allele (e.g., when a particular
production-system rule is fired). However, where the genotype-phenotype relationship is less
straightforward, it can be difficult to attribute a behavioral response or phenotypic trait to a
particular genetic element. Epistasis or morphogenesis may ensure that multiple alleles are
responsible for a particular phenotypic trait, or that multiple phenotypic traits are influenced by a
single allele. Here, tracking single alleles may fail to clearly reflect adaptive change in phenotypic traits
[17]. Furthermore, where genes are represented by continuous rather than discrete values, even
tracking the evolutionary activity of genotypes can prove problematic, since equivalence between
genotypes becomes a matter of degree and hence difficult to determine. More sophisticated
approaches to tracking the activity of elements in these type of scenarios are required.
5 Conclusions
Evolutionary activity statistics and visualization have proved to be durable and effective tools in the
study of adaptive dynamics. They have been generalized to deal with a very wide range of systems
and questions. With further work on epistatic, developmental, and real-valued systems, we hope to
see their successful application to adaptive systems in general.
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