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Abstract. In nature, variation mechanisms have evolved that permit
increasingly rapid and complex adaptations to the environment. Simi-
larly, it may be observed that evolutionary learning systems are adopt-
ing increasingly sophisticated variation mechanisms. In this paper, we
draw parallels between the adaptation mechanisms in nature and those
in evolutionary learning systems. Extrapolating this trend, we indicate
an interesting new direction for future work on evolutionary learning
systems.

1 Introduction

It has been argued, [9], that the complexity of life can be accounted for merely
by a small number of stochastic processes. They are reproduction, mutation,
competition, and selection.

Neo-Darwinism asserts that the history of the vast majority of life is
fully accounted for by only a very few statistical processes acting on and
within populations and species [18, p.39]. These processes are reproduc-
tion, mutation, competition, and selection. Reproduction is an obvious
property of all life. But similarly as obvious, mutation is guaranteed
in any system that continuously reproduces itself in a positively en-
tropic universe. Competition and selection become the inescapable con-
sequences of any expanding population constrained to a finite arena.
Evolution is then the result of these fundamental interacting stochastic
processes as they act on populations, generation after generation [23],
[36, p.25] and others. (]9, p.37]).

It is through these elementary processes that the morphology, physiology and
behaviour of an organism are adapted to the environment. However, the mech-
anisms that produce variation have not remained static. Instead, the variation
mechanisms have also evolved so that increasingly complex adaptations occur.
The resulting trend, the evolution of increasingly sophisticated adaptation mech-
anisms, has been referred to as the tinkerer’s evolving toolboz, [27]. In this paper,
a selection of variation mechanisms is considered and we investigate how these



mechanisms have (or in some cases have not) been modelled in evolutionary
learning systems.

The mechanisms considered are (1) mutation (asexual reproduction); (2) gen-
etic recombination (sexual reproduction); (3) nervous system; (4) symbolic rea-
soning; and (5) language. In actual fact, these variation mechanisms are cumu-
lative, as summarised in Table 1, and so their effect is compounded.

| Compound Variation Mechanism |

mutation

mutation + recombination

mutation + recombination + nervous system

mutation + recombination + nervous system + reasoning

mutation + recombination + nervous system + reasoning + language

Table 1. The accumulation of variation mechanisms in evolutionary adaptation

In the next sections, we describe each mechanism in turn, and describe evo-
lutionary learning systems that employ these mechanisms.

2 Mutation

The four basic processes identified above are sufficient to allow the genotype
to be transformed to cause the organism’s phenotype to be highly adapted to
its environment. However, the efficiency of adaptation at this basic level is
very poor. Truly random mutation is a double-edged sword: as the mutation
rate increases, the possible rate of adaptation also increases, but simultaneously,
there is a higher risk of destructive mutations occurring.

Consequently, any organism that exhibits a slightly better means of adap-
tation than a uniform distribution of random mutations will propagate rapidly.
Indeed, the processes reported in the biological literature are far more complex
than random mutation. For instance, there is increasing evidence to suggest
that there exist mechanisms encoded in the genotype that are able regulate the
rate of mutation, [27, 31, 30].

Variation through mutation is modelled in Evolutionary Programming, [12,
11], which concerns the simulation of asexual reproduction. Algorithms are based
upon the processes of reproduction, selection, competition, and mutation. Muta-
tion is viewed as an operation that causes perturbations while “[maintaining] a
behavioural link between each parent and its offspring”, [11]. These approaches
have been successfully applied to real-world and inherently difficult problems,
(e.g. the travelling salesman problem which is NP-hard, [10]).



3 Genetic Recombination

In asexual reproduction, the only changes to the genotype come about by chance
mutations—offspring remain genetically similar, if not identical, to the parent.
With the evolution of sexual reproduction, offspring genotypes arise not from a
number of small changes to the genotype, but are composed of two potentially
very different genotypes through genetic recombination. As a result the popula-
tion diversity influences the degree of change between parent and offspring.

In nature, sexual reproduction suffers disadvantages such as finding a suit-
able mate, yet it is ubiquitous in higher order organisms. This suggests it is
advantageous from the point of view of adaptation.

There are several classes of evolutionary algorithm that are based on ge-
netic recombination. Genetic recombination, or crossover, allows good partial
solutions, or building blocks, to be propagated to subsequent generations. As
described by Goldberg’s building block hypothesis: “instead of building high-
performance strings by trying every conceivable combination, [genetic recombi-
nation] constructs better and better strings from the best partial solutions of
past samplings”, [15, p.41]. We briefly describe several basic models.

The Genetic Algorithm, [21, 15], is distinguished by a fixed-length binary
string representation and a crossover operator that does not affect the length of
the string. An example is illustrated in Figure 1(a) and some successful applica-
tions are described in [16].
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Fig. 1. (a) Crossover of fixed-length binary strings in genetic algorithms; (b) crossover
of trees of Lisp S-expressions in genetic programming.

In Genetic Programming, [25], the structures undergoing adaptation are gen-
eral, hierarchical computer programs of dynamically varying shape and size.



These are expressed as trees of Lisp S-expressions. New programs are primarily
produced by moving branches from one tree and inserting them into another.
This ensures that programs created by crossover are syntactically valid. Fig-
ure 1(b) shows an example of a crossover operation.

Evolutionary Programming, Genetic Algorithms and Genetic Programming
are computational models that simulate the processes believed to occur in sex-
ual and asexual reproduction. While many of the details of natural systems
have been discarded, the learning algorithms are capable of solving a wide va-
riety of problems, suggesting that some useful processes have been abstracted.
However, in the models described so far the organisms, or agents, do not vary
their behaviour with respect to their environment. Adaptation only occurs over
one or more generations. In the next section, we advance along the evolution-
ary timescale to consider the mechanisms that enable an organism to adapt its
behaviour.

4 Nervous Systems

The information reservoir of an organism comprises not solely of that held in
the genotype, but also includes information stored in other ways. For example,
information is stored in the firing properties and topology of nerve cells in the
nervous system. Changes to nerve cell properties allow the organism’s behaviour
to modify and adapt during its lifetime.

Genetic adaptation and nervous system adaptation operate over different
time scales. Changes to the organism’s environment can only be responded to
slowly, requiring of the order of generations. The nervous system, on the other
hand, is a mechanism that enables rapid adaptive behaviour. Learning in the ner-
vous system allows plasticity in the behaviour of an organism, while genetically-
determined behaviour (or instinct) does not vary within the organism’s lifetime
and therefore tends to be brittle.

Evolutionary learning systems have been constructed that model the evolu-
tion of organisms with a nervous system. The nervous system is modelled by
a neural network whose structure (or topology) and weights correspond to in-
terconnections between neurons and their firing properties. Neural architectures
are evolved by an evolutionary algorithm similar to those described in previous
sections. The genotype may encode information about neural network topology,
the functions computed by the neuron (e.g. threshold, sigmoid, etc.), and the
connection weights, [2]. Over several generations, the population evolves towards
genotypes that correspond to high-fitness neural networks. This relation between
evolutionary and neural network algorithms is illustrated in Figure 2.

Both genetic algorithms and neural networks have independently demon-
strated themselves useful in solving difficult real-world problems. Consequently,
the evolution of neural networks has attracted attention in the hope of capturing
the benefits of both GA and NNs. The next section, however, will describe a task
for which this approach is poorly suited.
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Fig. 2. Evolutionary design of neural networks (adapted from [2]). The genotype
is decoded to determine properties of a neural network. The neural network,
interacting with the environment, adapts to it; and the better adapted, the
greater the probability that the genotype will contribute to the population of
the next generation.

5 Symbolic Reasoning

In the 1920s, Wolfgang Kohler studied learning and problem solving in chim-
panzees. In a typical experiment, K&hler placed a chimpanzee in an enclosure
with a desirable piece of fruit, often a banana, out of reach. The animal had to
use nearby objects (e.g. stack several boxes strewn around the enclosure) in or-
der to obtain the fruit. Several interesting observations were made, [1]: (1) rather
than being a gradual trial-and-error process, the solution was found suddenly;
(2) once solved, repeating the problem resulted in few irrelevant moves; and (3)
the animal was able to transfer what it had learned to novel situations.

One popular view is that the animal constructs an internal representation or
model of the environment and the objects in it. The model might be a map of
the environment or one or more abstract concepts. It is then possible to reason
about this model rather than operate on the world itself.

Furthermore, in building a representation of the environment, objects are
grouped into sets of properties or concepts. Treating different objects as members
of the same concept with the same properties allows different environmental
situations to be responded to in a uniform way, thus significantly reducing the
complexity of the environment. Concepts may be combined to form propositions,
and propositions may be combined to form further propositions. This combining
process is commonly referred to as inference.

But how networks of neurons achieve this kind of complex behaviour is still
poorly understood and remains a challenging problem for those trying to un-
ravel these phenomena. It is perhaps significant that the evolution of complex
reasoning from the nervous system took a very long time even by evolutionary
timescales. Unless the process is guided in some way, it is unrealistic to expect to



evolve such complex inference mechanisms in neural networks with the limited
time and computational resources available.

Several models of evolutionary learning have distanced themselves from their
natural counterparts in the following ways.

1. The model of the neuron is discarded altogether and a representation amen-
able to symbolic manipulation employed instead. This avoids the problem of
constructing complex neural networks.

2. The two-tiered representation (i.e. information stored in both genotype and
the network of neurons) is replaced with a single representation.’

The remainder of this section describes learning systems that make the above
two assumptions in order to facilitate reasoning about the environment. Each
approach uses a symbolic internal model which is constructed using evolutionary
techniques, however, they vary along the following dimensions:

Procedural vs. declarative semantics. Evolving code of conventional pro-
gramming languages using operators such as crossover and mutation will
seldom produce syntactically correct programs, and even less frequently se-
mantically correct ones, [6]. Examples of conventional languages used in evo-
lutionary learning systems include machine language, [13], and state transi-
tions of a finite state machine, [12], as well as high-level languages such as
C and Pascal.

Conventional programming languages typically have procedural semantics,
and are characterised by a changeable store. The commands of a program
influence one another by means of variables held in storage. The relation-
ship between two given commands can be completely understood only with
reference to all the variables that they both access, and with reference to all
the other commands that access these same variables, [33, p. 230]. Clearly,
commands are dependent on their context, and operations that change con-
text in an ad hoc manner, such as crossover for instance, will have a poorly
understood effect on program meaning.

Representations with declarative semantics on the other hand do not rely on
a changeable store and therefore the meaning of a program section is less de-
pendent on its context. This suggests better suitability to manipulation and
genetics-based operations. Examples of systems that employ languages with
declarative semantics include Learning Classifier Systems, [20, 29], Genetic
Programming, [25], and Genetic Logic Programming, [34, 35].

1" A multi-cellular organism stores an instance of the genotype in each cell. Therefore, it
is physically very difficult for a multi-cellular creature to modify its genotype rapidly
in response to changes in its environment. This difficulty is overcome with behaviour
governed by a central organ: the nervous system. Evolutionary change occurs through
the culmination of improvements. While this represents a good motivation for having
two representations in a natural system, it is not an issue for computer architectures
which can flexibly modify data.



Intermediate representation. Approaches may be classified on whether or
not they try to fully exploit the implicit parallelism of the genetic algorithm.
To draw on the genetic algorithm’s implicit parallelism, a representation,
typically a subset of first order logic, is associated with a string of elements
taken from a binary alphabet. The binary strings are then mapped to a
logical expression which is used to reason about the problem domain. For
instance,

A N B — (C

N N AN
[1[o] [ofo] [1]1]

Evolving binary strings has the effect of discovering new rules. Examples
include Learning Classifier Systems, [20, 29], and genetic concept learning,
[7].

The alternative approach is to allow the genetic operators to manipulate
a higher level representation directly without an underlying binary repre-
sentation. Examples include Genetic Programming, [25], and Genetic Logic
Programming, [34, 35].

There are arguments both for and against the use of an intermediate repre-
sentation. As the alphabet size increases, the implicit parallelism (and thus
search efficiency) reduces. However, problem domains rarely map naturally
onto a binary coding. Furthermore, the choice of encoding is particularly im-
portant to ensure good building blocks can be formed. On the other hand,
if no intermediate representation is used, then it is easier to handle variable
length representations, and the resulting solutions are far more intelligi-
ble. However, the price of this is reduced implicit parallelism. The choice of
whether to use an intermediate representation is not clear cut.

Operators. The majority of symbolic evolutionary approaches employ opera-

tors derived from the genetic algorithm. However, by modifying these op-
erators it is possible to narrow down the search space. For instance, the
crossover point may be restricted so that some invalid representations are
eliminated.
Other operators are based on the semantics of first-order logic, e.g. generali-
sation and specialisation operations, that constrain this space in a controlled
manner. Examples include [24, 32, 17, 14]. Furthermore, background knowl-
edge supplied by a user can further restrict the search space. For example,
operators that perform inductive inference operators to find solutions that
are logically consistent and complete with this knowledge, [37, 28].

It is interesting to note that many evolutionary learning systems eliminate the
intermediate neural network representation altogether and manipulate symbolic
world models directly. The use of first-order logic as the representation language
offers several advantages including comprehensible theories, logical inference,
and permits a priori (background) knowledge to be exploited.

Several axes have been identified for classifying evolutionary approaches to
learning symbolic representations. In the next section language and its role in
evolutionary learning is considered.



6 Language

Recall from Section 4 that the genotype does not undergo changes within the
lifetime of an organism, and that a secondary representation, embodied in the
nervous system, permits more rapid adaptation. Consequently, the information
accumulated during an organism’s lifetime is not genetically propagated to sub-
sequent generations. Instead, this learned behaviour is lost. If, however, an or-
ganism were capable of passing on this learned behaviour, and were capable of
acquiring experience from another organism, it may well have a selective advan-
tage over other organisms that do not have this capacity. Indeed, mechanisms
have evolved that allow information acquired during the lifetime of an organism
to be propagated.

One such mechanism is the Baldwin effect. In 1896, Baldwin [3] proposed
that the ability of an individual to learn could guide the evolutionary process.
Furthermore, abilities that initially require learning are eventually replaced by
the evolution of genetically determined mechanisms that do not require learn-
ing. Consequently, there is a gradual transferral of learned behaviours into the
genotype. However, this process is slow, requiring of the order of generations for
the learned behaviour to become genetically determined.

Another mechanism that avoids the loss of information acquired during the
lifetime of an organism is language. A language provides a common framework
for expressing the combination of symbols to describe complex notions such
as an organism’s environment. It permits the communication of information
in a highly structured way and thus allows the exchange of information about
symbolic world models. Language therefore provides a mechanism to avoid losing
learned information at the end of an organism’s lifetime. This description is
necessarily oversimplistic; however, our aim is to highlight its role as a mechanism
for communicating symbolic world models.

It has been formally shown that communication in multi-agent search can
significantly improve search performance over a non-cooperative search, [22, 19].
As learning can be formulated as a search, [26], agent communication may be
perceived as a mechanism for accelerating learning. The genetic algorithm has
been analysed as a cooperative search process, [4]. The population is viewed as a
set of cooperating agents, and a generation is one of many repeated encounters
among agents. During crossover, agents communicate parts of their solution
(or schemata) to other agents. Test cases were presented that suggest that the
genetic algorithm may at times yield a behaviour similar to a cooperative search,
[4]. This suggests that crossover can accelerate search because of its role as a
mechanism for communication between agents.

There exist learning systems that model agent communication in the form
of recombination, as described in Section 3. Yet the literature reports of no evo-
lutionary learning system that employs language or structured communication.
A major conclusion therefore drawn is the prediction that introducing struc-
ture communication in an evolving population of agents will yield accelerated
learning.



7 Conclusion

Natural evolution may be described in terms of the processes of reproduction,
mutation, competition, and selection, where mutation refers to the class of mech-
anisms that introduce variation. The variation mechanism need not be an arbi-
trary operation, but may perform a complex transformation. Furthermore, there
is evidence to suggest that the variation mechanisms themselves are also subject
to evolutionary pressure. In natural learning systems, this trend is referred to as
the “tinkerer’s evolving toolbox”.

In this paper, it is proposed that evolutionary learning algorithms may also
be characterised by the four processes listed above and therefore share this same
framework.

Algorithms are classified according to the complexity of their variation mech-
anisms. The types of variation, summarised in Table 1, range from chance muta-
tion to complex semantic transformations. It is shown that strong parallels exist
between the variation mechanisms of natural evolution and those implemented
in evolutionary learning algorithms.

The comparison also reveals that undue significance may be attributed to
the mutation and crossover mechanisms as more powerful transformations are
possible. Evolutionary learning models that employ a complex representation,
such as first order logic, still fit within this framework — and also permit powerful
transformations that observe semantic properties.

Finally, it is argued that agent communication serves to accelerate learning.
While crossover may be viewed as a form of agent communication, it is unstruc-
tured as the information exchanged is chosen arbitrarily. Structured communi-
cation between agents therefore represents a promising area worthy of attention.
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