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ABSTRACT 

The close links that now exist between biology and computation raise the prospect 
of setting species evolution in a broader, computational context. This context would 
comprise theories about the origins of pattern and order in complex systems. We 
argue that several processes play crucial roles in both natural and artificial evolution. 
One mechanism consists of critical changes between different system phases that 
promote order and variation respectively. Processes that lead to modular structures 
promote both robustness and increasing complexity in evolution. Examples of such 
processes include genetic convergence, gene shuffling and ordered asynchronous 
processing. We demonstrate that gene shuffling causes colocation of genes on 
chromosomes, thus promoting genetic modularity.  

Keywords and phrases: natural computation, phase changes, modularity, ordered asynchronous processing, gene 
shuffling 

1.0 INTRODUCTION 

A close relationship has grown up between biology and computer science. On the one hand, biological ideas are 
finding many applications in computing. On the other hand, we are learning a lot about living and physical 
systems from computer models. The boundary between biology and computation is so blurred that it is 
sometimes not clear whether we use computation to study biology or biology to study computation.  

One of the greatest areas of common ground is evolution. Evolutionary theory, including natural selection and 
genetics, forms one of the cornerstones of modern biology. From molecules to morphology, the theory of 
evolution underlies most of modern biological theory. Likewise, evolutionary computation in its many guises is a 
rapidly growing area of computational theory.  

Whilst it has proved to be a powerful technique for problem-solving, evolutionary computation is currently 
plagued by practical problems, such as premature convergence and lack of genuine novelty. These problems 
often lead to solutions based on ad hoc and piecemeal work-a-arounds. We argue that gaining and applying an 
understanding of biological principles can produce more robust solutions.  

Certainly there is a lot more to learn. One of the challenges of evolutionary computation is how to evolve 
systems and algorithms of ever-greater complexity. The evolution of biological complexity is also a major 
question for evolutionary theory (Depew & Weber 1997). In this discussion, we briefly sketch some of the ideas 
that might form part of such a theory. Also, we argue that by exploring and exploiting these processes, we can 
produce new evolutionary algorithms that are more robust and more flexible than tools currently available.  

2.0 DOES NATURE KNOW BEST? 

Biologically inspired ideas abound in advanced computing. The idea of “natural computation”, which sees 
processes in nature as forms of computation (eg. Green 1993), has emerged as a major paradigm in both 
computing and biology. The idea first appeared in the early work of Turing (1952). Since then, it has provided 
the inspiration for many computational models and algorithms. Many of these biologically inspired ideas are 
well-known, including cellular automata, genetic algorithms, and neural networks. The reason for this 
proliferation is plain. Living systems have of necessity thrown up solutions to many computational problems.  

However in borrowing from biology, computing has generally simplified and altered processes from the original. 
Simplification of some sort is inevitable. It is the computational essentials that are important, not the biological 



details. However, simplification sometimes amounts to “throwing out the baby with the bath water”. In some 
instances, the computational adaptations of biological ideas are mere parodies that perform very differently from 
the way that nature does. Artificial neural networks, for instance, rapidly converge on a particular behaviour. In 
contrast, neural networks in nature diverge in the response to different stimuli (Freeman 1992), thus making 
possible fine discrimination between sensory inputs. Likewise, genetic algorithms (Holland 1992) traditionally 
implement crossover as a bit-flipping operation that is more like mutation. Crossover in real organisms involves 
entire genes.  

Some authors would argue that computational algorithms have surpassed their prototypes in living systems and 
that we need no longer dwell on their biological origins. That may be true in certain restricted domains. 
However, living systems are not evolved to solve a single problem, but are adapted to address a wide range of 
issues. Research into optimisation, for instance, has usually sought to find the best possible solution. For living 
things, however, an adequate solution will do. There are many contexts in which that principle applies. In 
problems involving on-going optimisation without data about the future (e.g. job shop scheduling), studies show 
that accepting adequate solutions, which allow some flexibility, perform better in the long-run than seeking the 
best possible solution at any given point in time (Kirley & Green 2000).  

For these reasons, there is strong motivation to look more carefully at the biological processes we try to emulate. 
There is always a lot more that we can learn by understanding the way living systems really work. We argue here 
that mimicking appropriate aspects of nature more closely can lead to better computational paradigms. Below we 
cite several examples where we have implemented this principle. In this short account we describe several issues 
and provide several examples to support our case.  

3.0 CONNECTIONS ARE EVERYTHING 

Connections underlie virtually all forms of organisation and behaviour in complex systems (Green 1993). They 
underlie structure because we can always map the elements of a system to the nodes of a corresponding graph 
and the interactions or relationships in a system to edges in the graph. Likewise, for the behaviour of a system, 
we can map states of the system to graph nodes and state transitions to the edges linking those nodes.  

The significance of the above result is that it implies that many different phenomena have a common root cause 
(Green 1993). In particular, most cases of criticality arise from the connectivity avalanche that occurs when the 
number of edges in a random graph reaches a well-defined density (Erdos and Renyi 1960). It is easy to see how 
the graph model underlies Haken's (1978) observation that every case of criticality has associated with it an 
“order parameter” (e.g. temperature for water freezing or boiling), and that the phase change occurred at a 
precise value of this parameter. Other important consequences arise from the properties associated with 
particular kinds of graphs, such as trees and scale free networks (Albert et al. 2000).  

The results also have implications for landscapes. They imply that randomly distributed sites form a connected 
region only if the density of sites exceeds some critical threshold (Green 1993). This phase change in landscapes 
has implications both for species evolution (see next section) and for computation. Many optimisation algorithms 
implicitly exploit phase changes in the connectivity of a fitness landscape to mediate shifts between global and 
local search. In simulated annealing (Kirkpatrick et al. 1983), for instance, the cooling schedule initially allows 
the solution to drift anywhere within the solution space. However, because the process of cooling limits the 
allowable decrease in fitness for any change in a model, the algorithm eventually becomes trapped on a 
particular fitness peak.  

3.1 Exploiting chaos 

Most of the structures seen in nature are equilibrium structures. For example, rocks, stars, planets, liquid crystals, 
magnetic domains, and lipid membranes. Prigogine (1980) introduced a second class of systems, that are 
ordered, not as a result of equilibrium, but as a result of being in a state far from equilibrium. Prigogine labelled 
these systems dissipative structures. Many authors (e.g. Langton 1990) have postulated that these systems have 
the highest ability to adapt to their environment. In many computational systems (e.g. cellular automata), it has 
been shown that the phase change in connectivity of the state space separates convergent behaviour from chaos 
(Wolfram 1984). Those systems whose organisation lies close to the phase change (the so-called “edge of 
chaos”) seem to exhibit the richest, most interesting behaviour (Langton 1990). The classic Mandelbrot set for 
instance, is the map of this border region for a particular algorithm.  

For the above reasons, numerous authors (e.g. Langton 1990) have suggested that nature exploits chaos as a 
source of novelty. Others (e.g. Anderson 1983; Eigen 1992; Freeman 1992) have drawn the same conclusion 



from experimental observations. However, in some systems it appears that the systems do not sit on some “edge 
of chaos” but rather oscillate between two different phases (Fig. 1). As described in the following section, we 
have suggested that just such a process plays an important role in both natural and artificial evolution (Green et 
al. 2000).  

4.0 EVOLUTION - THE SPECIAL AND GENERAL THEORIES? 

As originally proposed by Darwin and Wallace, the classic theory of species evolution suggests that species 
evolve, and new species emerge by the slow accumulation of genetic traits by natural selection. However, there 
is at once a difficulty because genetic crossover in a population tends to suppress mutations. Even when a 
population is spread out across a landscape, this effect inhibits genetic drift (Green 1994a,b; 2000). Under such 
circumstances, changes can accrue only by selective pressure on traits that exhibit natural variation within a 
population.  

Evolutionary biologists quickly realised that speciation could only occur by isolation. Random drift proceeds 
rapidly in small isolated subpopulations (Green 1994a). However, isolation does not mean large physical 
boundaries; a breakdown of landscape connectivity, as discussed earlier, will suffice.  

Based on these considerations, as well as observations of related natural processes, such as long-term forest 
succession, we have suggested (Green et al., 2000) that species evolution is a biphase process with selection 
dominating in a “connected” phase and variation rampant in a “disconnected” phase. Moreover, the generality of 
connectivity and criticality led to us to suggest that many complex systems evolve by a process in which they 
flip-flop backwards and forwards across some “chaotic edge” that is associated with a phase change in their 
structure or behaviour. This phase-shift mechanism (Fig. 1) works as follows:  

• The system has two phases - a connected phase, in which selection predominates; and a disconnected 
phase, in which variation predominates.  

• Most of the time the system rests in the connected phase. Selection maintains the system in a more or 
less steady state. Random variations (mutations) are suppressed.  

• External stimuli may disturb the system, forcing its structure to shift across the phase change. Whilst the 
system is in the disconnected phase, variation has free rein.  

• Following a disturbance, connectivity within the system gradually builds up again until it reorganises 
itself (“crystallises”) into a new stable structure. Because of the variability associated with the phase 
change, this new structure is likely to be very different from the structure prior to the disturbance. 

 

.  
 

Figure 1. Contrasting the edge-of-chaos and phase-shift models of evolution in complex systems. 
The x-axis represents a connectivity “order” parameter appropriate to the system concerned. The 
curves represent the variance in size of the largest connected region in the underlying graph. The 
spike indicates the critical point where a phase change occurs. (a) In the edge-of-chaos model 
complex systems evolve to lie near or at the critical point (the spike) between ordered and chaotic 
phases. (b) In our phase shift model, which is described here, external stimuli flip the system 
across the chaotic edge into the phase where variation predominates. The system then gradually 
returns, crystallising into a new structure or behaviour as it does so. (After Green et al. 2000).  

As well as explaining how landscapes might mediate species evolution, the above model also suggests ways of 
developing new, more robust evolutionary algorithms. We have exploited this idea in the Cellular Genetic 
Algorithm (CGA), which maps a population of solutions onto a pseudo-landscape (n.b. not to be confused with a 
fitness landscape). In the CGA, crossover is restricted to neighbouring pairs and “catastrophes”, which clear 



entire regions at intervals, provide phase changes between exploration and exploitation (Kirley et al. 1998). 
Recently Kirley (in press) has further developed this approach into the concept of ecological computation.  

As an example, we can look at what happens in a system of interacting populations (Fig. 2). This model 
examines the scenario in which an ecosystem forms as a random mix of species. The nature of the interactions 
with other species are randomly assigned. Inevitably positive feedback loops forms in this system, so when the 
model is run many species quickly disappear. Here the model immediately crashed from a seed mix of 25 species 
down to just 6 species. However, those survivors form a stable core. The system oscillates between stability and 
instability. Subsequent invasions lead to growth, and occasional crashes, until the ecosystem achieves a more or 
less steady state with around 15 species.  

 

Figure 2. Growth in population size of a random assemblage of interacting species. The 
populations interact according to a generalised competition model. The sign of the interactions 
(positive and negative) are randomly assigned. At each stage the model was run for 100 iterations 
and any species with zero population was removed. The number of survivors was plotted in the 
figure. The initial assemblage was 25 species. At the conclusion of each stage, the surviving 
species, plus one new “invader” species, formed the species assemblage for the next stage.  

The above phase-change model provides a macro-scale model for the evolution of complexity. However, just as 
natural selection was only part of the story for species evolution, so the above model explains only one of the 
mechanisms by which order and complexity emerge. We also need to look at ways in which order accumulates 
within systems. 

5.0 BUILDING BLOCKS 

Hierarchies of modules (subsystems) comprise one of the most prevalent phenomena in the structure and 
formation of complex systems. Large modules contain smaller ones, so forming a hierarchy of structure. Many 
human organisations, such as armies and corporations, are both modular and hierarchic in nature. Engineering 
systems, as well as complex software, usually consist of discrete modules, each with distinct functions.  

The advantage of modularity is that it reduces complexity. In organisms, as in organisations and many other 
systems, modules have the effect of isolating elements and processes from one another. This arrangement 
eliminates undesirable interactions. It also makes it possible to build extremely large systems that do not collapse 
from destructive side interactions between elements. In computational systems, modules isolate functionality 
into units that are both reliable and reusable. The formation of modular structures is a crucial mechanism in the 
emergence of order in many complex systems (Holland 1993, 1995).  

Animals are highly modular. Within a growing embryo, cells begin to differentiate at a very early stage to form 
modules that eventually grow into separate limbs and organs. Organs have internal structures, such as nephrons 
in the kidneys. These in turn are composed of cells, linked by well-defined communication channels. Eukaryotic 
cells contain organelles, including the nucleus and mitochondria. The genetic code within the nucleus contains 
DNA, which in turn contains distinct modules that code for various substances and structures within the body. 
Controller genes are able to turn whole regions of DNA on or off. These genes form networks with well-defined 
communication channels, and can be modelled as Random Boolean Networks (Kauffman 1969). Many authors 
have commented on the modular nature of growth and evolutionary systems. This includes both the early stages 
of evolution (eg. Eigen 1992 and May 1991), the development of differentiation and modular growth forms 



(Turing 1952; Murray 1988 and Halder et al 1995), macro-scale evolution (Maynard-Smith 1981 and Gell-Mann 
1994), and genetic modularity (Ancel & Fontana 1999).  

One of the key questions regarding modularity is how it arises. In the following sections we shall look briefly at 
several kinds of mechanisms that promote and maintain modularity.  

5.1 Genetic convergence is a virtue not a sin 

Genetic convergence is a process in which an entire population converges to have identical genetic makeup. In 
evolutionary computation, this phenomenon is perceived as a major problem. If a genetic algorithm (GA) 
converges too quickly, then it will fail to locate a satisfactory solution. Researchers have devoted a lot of studies 
to devising ways of preventing convergence in GAs. By way of contrast, convergence in nature is not an 
anomaly, but the norm (Fig. 3). It is well known in population genetics that populations with uniform, random 
mating converge in just a few generations. Moreover, genetic mixing filters out mutations in large populations 
(Green 1994a).  

The evolutionary advantage of convergence is that it fixes and stabilises genetic characters in a population. As 
we showed earlier, spatial heterogeneity allows natural populations to break up into sub-populations. This 
process prevents genetic convergence from stifling variation altogether. One effect of genetic convergence 
appears to be to promote genetic modularity (Ancel & Fontana 1999; Pepper 2000). In Section 6.0, we will 
demonstrate one of the key processes involved, namely genetic shuffling.  

 

Figure 3. Aggregation of genotypes in a landscape provides an example of incipient modularity. 
(a) Random replacement leads to a random scatter of individuals. (b) Local dispersal of offspring 
about their parents leads to clumped distributions. These clumps are effectively modules that 
promote and preserve families of genotypes. (After Green 1994a).  

5.2 Modularity in evolutionary algorithms 

The desirability of exploiting modularity in evolutionary computation has long been recognised, for instance in 
research on modular neural networks, genetic programming (Koza 1992), and genetic trees (Kirley et al 2000a). 
One of the earliest examples of an evolutionary algorithm that incorporated some degree of modularity was the 
Group Method of Data Handling (GMDH), which was devised by the Russian mathematician Ivakhnenko 
(1971). This model is essentially a neural network in the form of a pyramid (Fig. 4), with each node containing a 
simple polynomial function of its inputs. The algorithm builds the pyramid layer by layer in modular fashion, by 
using the nodes from the layer below as inputs. Unfortunately, the resulting model was highly unstable, causing 
it to perform poorly in many cases (Green et al. 1988).   

An important effect of modularity is to reduce combinatorial complexity. This effect is useful in many kinds of 
problem solving. To take a famous example, the travelling salesman problem is a classic case of NP-complete 
optimisation. For just 30 cities, an exhaustive search of solutions would take all the joint resources of all the 
computers in the world longer than the age of the universe to complete. And yet most people manage to derive 
adequate solutions to the problem without recourse to a computer at all. They simply apply a heuristic that is 
inherently modular: choose a subset of cities that are spread well apart and divide the remaining cities into 
subgroups that are clustered around those centres. Each of these clusters then becomes a simpler TSP that can be 
further subdivided if necessary. Admittedly, such an approach is unlikely to find the very best possible solution. 
However, as we pointed out, for many purposes finding an adequate solution efficiently is the real goal.  

One approach (e.g. Darwen & Yao 1997) is to identify and exploit modularity in the problem space. Potter and 
De Jong (2000), for example, developed an approach in which a problem is sub-divided into a number of 
modules (species). The number of modules (species) is not hard-coded by the user at the start of the run. 
Likewise, we have examined the potential of this approach in several specific contexts. For example, in a recent 
study of the encoder problem (Newth et al. 2001), we provide a practical demonstration to show that 



incorporating modularity into an evolutionary algorithm can make for better problem solving. In particular, it 
makes it possible to solve problems that are too complex to address without exploiting modularity. One example 
concerns multiple alignment of protein sequences. The goal of these procedures is to match up protein sequences 
from different organisms, so that similarities and differences between them can provide clues about the structure 
and function of the proteins. We used well-known chemical and structural properties to classify the individual 
proteins (Green 1994b), thus simplifying the sequences and reducing the complexity of the alignment problem 
(Newth 2000).  

 

 

Figure 4. An example of modular structure in the formation of a neural network model. The 
GMDH algorithm builds a pyramid of polynomials in which the outputs of each polynomial 
element (shown here as boxes) provide the inputs to elements on the layer above. The algorithm 
begins by combining pairs of independent variables, then combines elements on each row to form 
the next layer. See the text for further discussion.  

 

5.3 The Spotlight Model 

One mechanism that promotes convergence and modularity lies in the way that the states of elements are updated 
in a complex system. Elements in the same module tend to update their states at the same rate. On the other hand 
unrelated elements may grow or behave according to different schedules. Branches in the same part of a tree, for 
instance, share a common supply of water and nutrients so that they grow at similar rates. But different areas will 
grow at different rates according to their local supplies.  

We have argued (Cornforth et al. 2001) that differences in the time scales on which processes operate amounts to 
ordered asynchronous updating (as distinct form synchronous updating). Alternative updating schemes have 
been proposed, in particular asynchronous updating, where nodes are updated in a random order. However, these 
models go to the other extreme. Natural systems appear to fall between these two categories. Local processes 
within the node control the timing of communications (which lead to states being updated). We describe such 
schemes as Ordered Asynchronous Updating.  

Ordered Asynchronous Updating (OAU) is a common phenomenon in many biological processes (Cornforth et 
al., 2001). Often it is associated with the formation and integrity of modular structures. As an example to 
illustrate this point, we can demonstrate its role in random Boolean networks, which Kauffmann (1969) proposed 
as a model of genetic control over development. Our model (Cornforth 2001) aims to duplicate genetic processes 
more closely. The basic RBN model simplifies the genetic network. In our model, a number of nodes in the 
network are designated as controller nodes. These controller nodes, which are modelled on the role of the Hox 
genes found in DNA, determine the updating of a set of other nodes. When a controller node is turned on, the set 
of nodes that it controls become activated and may be updated. When the controller node is turned off, the same 
set cannot be updated; they are frozen.  

In effect the controller genes throw an activating spotlight on portions of the network. In doing so, they impose 
order on the way in which the nodes are updated. The controller nodes partition the network into modules of 
nodes, and restrict communication between nodes within separate modules. We are currently investigating the 
properties of such models (Cornforth 2001) and their potential applications in evolutionary computing.  



6.0 GENE SHUFFLING 

Multi-cellular organisms are highly modular in nature. In animals, for instance, cells group themselves into 
tissues, limbs and organs. In plants, they form branches, buds and leaves. This modularity is determined by 
growth processes and appears to be reflected in the organisation of the genes that are involved. There is, for 
instance, abundant evidence that related genes tend to be cluster together on the same chromosomes (Pepper 
2000, Halder et al. 1995). The X and Y sex chromosomes provide an obvious example of this phenomenon.  

It has long been recognised that gene shuffling plays an important role in evolution. The process consists in 
operations such as deletion, copying and insertion on random segments of DNA. Gilbert (1981) speculated that 
most, if not all modern genes arose from shuffling of exons associated with ancient genes. Apart from providing 
diversity, gene shuffling provides a mechanism for genetic stability. It is suspected that gene shuffling is 
responsible for the co-location of genes that perform common function. For example all the 

β
-like-globins are 

located within a single stretch of DNA (Orgel and Crick 1980). 

To explore the properties of such systems, we have constructed a simple model. To create a valid approximation 
of the genetic system we represent the chromosome as a contiguous sequence of genes and white space (junk 
DNA). Although in reality, the exon that codes for a gene is interlaced with introns (non-coding sequences), the 
entire gene sequence is nevertheless confined to a compact region within the chromosome (Gilbert 1978). Also 
overlapping genes are uncommon in higher order organisms. So it becomes valid to model genes as an 
autonomous entity confined to a region within a chromosome. Figure 5 illustrates a typical configuration of 
genes and chromosomes at the start and finish of a model run.  

We begin by investigating the simplest case of sexual recombination. A population of haploid organisms that 
have a set of genes (G1, G2, …, Gn), all of which must be present for the organism to be viable. We make no 
assumption about the locus of a given gene, only that the gene be present in the genome. Nor do we take into 
account different alleles. We assume that two types of shuffling occur: translocation, and copying. Figure 6 
illustrates the results for three genetic systems, each containing the same number of chromosomes and genes, but 
varying amounts of white space. A clear boundary can be seen between the co-location of genes and genetic 
stability. Mutation rates that are too high lead to a population crash, whereas if mutation rates are too low, then 
the genomic structure freezes to a sub-optimal configuration. 

In a hypothetical population with a heterogeneous genomic structure, we start by supposing that the genes are 
scattered at random across several chromosomes. Moreover, their location differs from one individual to another. 
In models of this system (Fig. 5), the genes that are subject to selection migrate to form groupings and often 
become concentrated on a single chromosome. The basis for this effect is a positive feedback mechanism. A 
chromosome that acquires more genes conveys to its owner a greater chance of breeding viable offspring. 
Survival allows it to acquire still more genes via random shuffling, which further enhances the effect.  

 

  Chromosome 1  Chromosome 2  Chromosome 3 
Initial   A       B  C   D  E F 
                   
Final  F A C E B    B       E E 

 

Figure 5. Set up of genes and chromosomes for the gene shuffling simulation. In the experimental 
scenario shown here, there are 3 chromosomes, each with 5 slots, and 6 genes (labelled A-F). We 
refer to the empty slots as “white space”. As shown here, the initial configuration (for any 
individual in the population) is random , but after 1000 generations, most of the genes have 
clustered on a single chromosome. Notice that in its final state, the genome contains more than 
one copy of several genes.  

 
As the results show (Fig. 6), the size and number of chromosomes, and the amount of available “white space” 
are critical factors in the process of genetic colocation. One of the key factors is the amount of white space 
available. Too little white space and there is not enough room for copying to take place (Fig 6a). As the amount 
of white space increases (Fig. 6b,c), so does the extent of aggregation. The results show that the rate of shuffling 



plays a vital role as well. A critical phase change occurs between regions in which aggregation occurs and those 
in which the entire system collapses. (Fig. 6a-c). Either the genes aggregate, or the entire population dies. 

  
 

(a) (b) (c) 

Figure 6. Clustering of genes on chromosomes as a result of gene shuffling. The vertical axis 
shows the number of genes in the largest cluster after 1000 generations. The independent axes 
(the base of the plot) show the rate of gene copying and the rate of gene translocation. (a) A 
genetic system with 10 chromosomes, 20 genes, and 30 units of white space per chromosome. 
(b) A genetic system with 10 chromosomes, 20 genes and 40 units of white space per 
chromosome. (c) A genetic system with 10 chromosomes, 20 genes and 50 units of white space 
per chromosome.  

 

The results from our gene-shuffling model, reported here for the first time, have several implications. First, they 
not only show how genetic clustering occurs, but also that it is inevitable. Secondly, the surviving populations 
almost always converged to have identical genetic makeup, confirming our earlier speculation that convergence 
promotes genetic modularity. Finally, the results show that junk DNA (white space), is essential to maintain 
genetic integrity in a population. Low amounts of white space (Fig. 6a) almost inevitably led to extinction of the 
population concerned. Finally, they also point to the probable solution for a vexed question in evolutionary 
biology. Why have no new phyla appeared in the fossil record since the Cambrian explosion, some 570 million 
years ago? The modularity implied by the model would mean that basic body plans (which define phyla) become 
fixed genetic modules. Subsequent evolutionary changes merely alter the details, not the basic design. This at 
once explains why the embryos of all vertebrates resemble each other during the early stages of development.  

7.0 CONCLUSION 

The main point we have tried to make in this account is that processes and properties do exist that are common 
both to species evolution, and to the evolution of order and complexity in other kinds of systems. To summarise, 
the key insights presented above, and the inferences that we have drawn, are as follows:  

1. First, phase changes appear play an important part in ensuring a balance between variation and selection. 
They flip a system between these two phases, allowing fitter varieties to thrive without suppressing 
promising new varieties.  

2. Secondly, modular structure makes it possible for systems to evolve highly complex structures or behaviour 
without fatal internal interaction causing them to collapse. Processes such as asynchronous updating and 
genetic convergence promote modularity.  

3. Finally, the formation of modular processes is intimately related to the organisation of genes on 
chromosomes. The phenomenon of gene shuffling creates a positive feedback loop, which tends to 
aggregate genes that are selected for.  

The observations and results presented above hold several implications for evolutionary computing. The first of 
these is that there are definite advantages to be gained by deliberately exploiting phase changes in connectivity 
of the solution space. One effect is to alternate between local and global search. These phase changes can either 
be made in the fitness landscape (as in simulated annealing), or in a pseudo-landscape that is arbitrarily imposed 
on the population of solutions (as in the cellular genetic algorithm). A second conclusion is that there is much to 
be gained by incorporating modularity into algorithms. Finally, the insights gained about gene shuffling show 
that genetic organisation is not independent of the selection process, but rather it plays a crucial part in 
promoting and maintaining modularity.  
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