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Abstract

The field of bio-inspired computation has witnessed remarkable growth, offering
powerful solutions to complex optimisation problems that are intractable for
traditional methods. A cornerstone of these algorithms, particularly within the
domain of evolutionary computation, is the effective management of population
diversity. This chapter provides a comprehensive exploration of diversity
maintenance strategies, which are critical for preventing premature convergence
and ensuring a thorough exploration of the search space. We delve into the
theoretical underpinnings of these strategies, presenting a rigorous mathematicai
framework for their analysis and implementation. Key approaches, including
entropy-based measures, niching techniques, and adaptive mechanisms, are
meticulously examined, highlighting their respective strengths and limitations.
Through a combination of theoretical exposition, mathematical formulation, ana
empirical analysis, this chapter aims to equip researchers and practitioners with a
nuanced understanding of diversity maintenance. The insights provided will
facilitate the design of more robust and efficient evolutionary algorithms, capable
of tackling a wide range of real-world challenges. The discussion extends to the
practical implications of these strategies, offering guidance on their application ana
future research directions in this dynamic field.
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1. Introduction

The relentless pursuit of optimal solutions to complex problems has been a driving
force in the evolution of computational intelligence. From engineering design and
financial modelling to drug discovery and logistical planning, the challenges of
optimisation are ubiquitous and often characterised by vast, high-dimensional, and
non-linear search spaces. Traditional optimisation methods, such as gradient-based
techniques and exhaustive enumeration, frequently falter in the face of such
complexity, constrained by their reliance on local information and their susceptibility
to premature convergence to suboptimal solutions. It is within this context that the
field of bio-inspired computation has emerged as a powerful and versatile paradigm,
offering a rich tapestry of algorithms and methodologies inspired by the intricate and
remarkably efficient processes observed in the natural world (De Castro, 2007).

Bio-inspired algorithms (BIAs) represent a broad class of computational models that
emulate the principles of biological systems, including evolution, swarm intelligence,
and immune responses. These algorithms are inherently population-based, operating
on a collection of candidate solutions that are iteratively refined and improved over
time. This population-based approach, coupled with the stochastic nature of their
operators, endows BIAs with a remarkable ability to traverse complex search spaces,
escape local optima, and discover globally optimal or near-optimal solutions. The
pioneering work of Holland (1975) on genetic algorithms (GAs) laid the foundation for
the field of evolutionary computation, introducing the concepts of selection,
crossover, and mutation as powerful mechanisms for driving the evolutionary process.
Since then, a diverse array of BIAs has been developed, each drawing inspiration from
different aspects of the natural world, including the foraging behaviour of ants (Ant
Colony Optimisation), the flocking of birds (Particle Swarm Optimisation), and the
intricate workings of the immune system (Artificial Immune Systems).

At the heart of the success of these algorithms lies a delicate and often challenging
balance between two fundamental forces: exploration and exploitation. Exploration
refers to the ability of the algorithm to search broadly across the entire search space,
discovering new and promising regions. Exploitation, on the other hand, involves the
refinement of existing solutions within a promising region, homing in on the best
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sscgglcsg premature convergence, where the algorithm becomes trapped in a suboptimal region
sociery  of the search space, while an excess of exploration can result in a slow and inefficient
search process. The key to achieving a robust and efficient search lies in maintaining a

healthy level of diversity within the population of candidate solutions. A diverse
population ensures that the algorithm continues to explore new regions of the search

space, even as it exploits promising areas, thereby mitigating the risk of premature

convergence and increasing the likelihood of discovering the global optimum.
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Figure 1: General flowchart of an evolutionary algorithm. Source: MI-Research

(www.mi-research.net)

The importance of diversity in evolutionary computation cannot be overstated. In a
homogeneous population, where all individuals are very similar, the application of
genetic operators such as crossover is unlikely to generate novel solutions, effectively
stifling the evolutionary process. Mutation remains the sole source of new genetic
material, but its random nature often makes it an inefficient mechanism for
exploration on its own. A diverse population, on the other hand, provides a rich pool of
genetic material for crossover to work with, enabling the creation of new and
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socieTy  search space simultaneously. This parallel exploration is particularly beneficial in
multi-modal optimisation problems, where the goal is to find multiple optimal

solutions.

This chapter delves into the critical role of diversity maintenance in bio-inspired and
evolutionary computation. We will explore the various strategies and techniques that
have been developed to promote and preserve diversity within the population, from
the early niching methods to the more recent adaptive and entropy-based approaches.
We will examine the mathematical foundations of these techniques, providing a
rigorous analysis of their mechanisms and their impact on the search process. Through
a combination of theoretical exposition, mathematical formulation, and empirical
analysis, we aim to provide a comprehensive and insightful overview of this vital area
of research. The chapter is structured to guide the reader from the fundamental
concepts of diversity to the cutting-edge techniques that are shaping the future of the
field. We will begin by providing a more detailed exploration of the main concepts and
their interrelations, setting the stage for the more technical discussions that will
follow. We will then present the mathematical methodologies that underpin the
various diversity maintenance strategies, followed by a presentation of results and a
detailed discussion of the pros and cons of each approach. Finally, we will conclude
with a summary of the key findings and a look towards future research directions.

The concept of diversity in evolutionary computation is multifaceted and can be
defined and measured in various ways. At its core, diversity refers to the degree of
difference among the individuals in a population. This difference can be measured at
the genotypic level, by comparing the genetic makeup of individuals, or at the
phenotypic level, by comparing their expressed traits or fitness values. The choice of
diversity measure can have a significant impact on the behaviour of the algorithm and
its ability to effectively explore the search space. For instance, a measure that focuses
on genotypic diversity might be well-suited for problems where the genetic
representation is highly epistatic, meaning that the contribution of a gene to fitness
depends on the presence of other genes. In contrast, a measure that focuses on
phenotypic diversity might be more appropriate for problems where the fitness
landscape is complex and multi-modal.

The challenge of maintaining diversity is not a new one. Early researchers in the field of
evolutionary computation quickly recognised the problem of premature convergence
and the need for mechanisms to counteract it. One of the earliest and most influential
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sociery  and maintain subpopulations, or niches, within the overall population, where each
niche corresponds to a different region of the search space. By encouraging individuals

to compete primarily with others in the same niche, these methods can effectively

preserve diversity and prevent the entire population from converging to a single peak

in the fitness landscape. Several niching techniques have been proposed over the

years, including fitness sharing, crowding, and speciation, each with its own set of

strengths and weaknesses.

Fitness sharing, for example, works by derating the fitness of individuals that are too
similar to others in the population. This encourages the formation of niches by
penalising individuals that are located in densely populated regions of the search
space. Crowding, on the other hand, attempts to maintain diversity by replacing
individuals with similar individuals from the same generation. This helps to prevent
the loss of genetic material from less-fit but potentially valuable niches. Speciation,
inspired by the biological process of the same name, involves the explicit division of
the population into distinct species, with mating restricted to individuals within the
same species. This can be a powerful mechanism for preserving diversity, but it also
introduces additional complexity and computational overhead.

While niching methods have proven to be effective in many applications, they are not
without their limitations. One of the main challenges is the need to specify a niche
radius, which determines the size of the niches. The choice of this parameter can be
critical to the performance of the algorithm, and finding an appropriate value can be a
difficult and problem-dependent task. Furthermore, traditional niching methods can
be computationally expensive, especially for large populations and high-dimensional
search spaces. These limitations have motivated the development of more advanced
and adaptive diversity maintenance strategies, which aim to overcome the
shortcomings of the earlier approaches.

Recent years have seen a surge of interest in the development of more sophisticated
diversity maintenance techniques. These include the use of entropy-based measures
to quantify and control diversity, the development of adaptive mechanisms that can
dynamically adjust the level of diversity during the search process, and the integration
of diversity maintenance strategies with other advanced techniques, such as multi-
objective optimisation and co-evolution. Entropy-based measures, for example,
provide a principled way to quantify the diversity of a population, drawing on concepts
from information theory. By maximising the entropy of the population, these methods
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parameters of the algorithm accordingly. For example, if the diversity of the population
drops below a certain threshold, the algorithm might increase the mutation rate or
activate a niching mechanism to inject new genetic material into the population.

This chapter will provide a comprehensive and in-depth exploration of these and other
diversity maintenance strategies. We will delve into the theoretical foundations of each
approach, presenting the underlying mathematical models and their implications for
the search process. We will also provide a critical analysis of the strengths and
weaknesses of each technique, drawing on the latest research in the field. Through a
combination of theoretical exposition, mathematical formulation, and empirical
analysis, we aim to provide a nuanced and insightful overview of this vital area of
research. The goal is to equip the reader with the knowledge and tools necessary to
design and implement effective diversity maintenance strategies for their own
optimisation problems. The journey through this chapter will not only illuminate the
intricate mechanisms of diversity maintenance but also highlight the ongoing quest for
more robust, efficient, and adaptable evolutionary algorithms, capable of tackling the
ever-growing challenges of our complex world.

2. Methodology

The effective maintenance of diversity in evolutionary algorithms hinges on the ability
to quantify and measure it. This section provides a rigorous mathematical framework
for understanding and implementing various diversity maintenance strategies. We
begin by establishing the fundamental concepts and notations that will be used
throughout the chapter, followed by a detailed exploration of specific techniques,
including entropy-based measures, distance-based measures, and niching methods.

2.1. Mathematical Framework for Diversity Measurement

Let us consider a population P of size N, such that P = {x1, zs,..., 2N}, where
each x; is an individual in the population. Each individual x; is represented by a
genotype, which is a vector of genes, x; = (g;1, gi2, - - - , giz), where L is the length of
the genotype. The diversity of the population can be measured in various ways, but
most measures are based on the concept of a distance metric, which quantifies the
dissimilarity between two individuals.
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representation of the individuals. Common distance metrics include:

e Hamming distance: For binary-encoded genotypes, the Hamming distance is the
number of positions at which the corresponding genes are different.

e Euclidean distance: For real-valued genotypes, the Euclidean distance is the
straight-line distance between two individuals in the search space.

Given a distance metric, we can define several measures of population diversity. One of
the simplest and most intuitive measures is the sum of distances, which is the sum of
the distances between all pairs of individuals in the population:

DP)=Y" Y dla:,z;)

i=1 j=i+1

This measure provides a general indication of the spread of the population in the
search space. A higher value of D(P) indicates a more diverse population. However,
this measure can be computationally expensive to calculate, as it requires O(N?)
distance calculations.

2.2. Entropy-based Diversity Measures

Entropy, a concept borrowed from information theory, provides a powerful and
principled way to measure the diversity of a population. In this context, entropy is a
measure of the uncertainty or randomness in the distribution of individuals in the
search space. A higher entropy value corresponds to a more diverse population, where
individuals are more evenly spread out.

One of the most common entropy-based diversity measures is the Shannon entropy,
which is defined as:

H(P) =~ pilogs(ps)
k=1

where M is the number of distinct genotypes in the population, and pg is the
proportion of individuals with the k-th genotype. This measure quantifies the average
amount of information required to identify the genotype of an individual in the
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Another entropy-based measure that has gained popularity in recent years is the
entropy of the population distribution, which is based on the concept of spatial
entropy. This measure divides the search space into a set of non-overlapping cells and
calculates the entropy of the distribution of individuals across these cells. The entropy
is defined as:

H,(P) = Z pelogs(pe)

where C' is the number of cells in the search space, and p,. is the proportion of
individuals in cell c. This measure provides a more fine-grained view of the population
diversity, taking into account the spatial distribution of individuals. A higher value of
H,(P) indicates a more diverse population, with individuals more evenly spread out
across the search space.

2.3. Niching and Speciation Techniques

Niching methods are a class of diversity maintenance techniques that aim to create
and maintain subpopulations, or niches, within the overall population. These methods
are particularly effective in multi-modal optimisation problems, where the goal is to
find multiple optimal solutions. One of the most widely used niching techniques is
fitness sharing, which was introduced by Goldberg and Richardson (1987).

Fitness sharing works by derating the fitness of individuals that are located in densely
populated regions of the search space. This encourages the formation of niches by
penalising individuals that are too similar to others. The shared fitness of an individual
x; is calculated as:

f(xz)

m(z;)

fon(m:) =

where f(x;) is the raw fitness of the individual, and m(z;) is the niche count, which is
a measure of the number of individuals in the same niche as x;. The niche count is
calculated as:

m(z;) = d(z;, z;))

an
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Sh(d) = (Ush) 1 d < Tsh
0 lfdzash

where o, is the niche radius, which defines the size of the niches, and « is a constant
that controls the shape of the sharing function. The niche radius oy, is a critical
parameter that needs to be carefully chosen. A small value of o, will result in a large
number of small niches, while a large value will result in a small number of large
niches.

3. Results

This section presents the results of our computational experiments, designed to
illustrate the concepts and techniques discussed in the previous section. We will
analyse the generated visualisations to provide a clear and intuitive understanding of
the role of diversity in evolutionary algorithms and the effectiveness of different
diversity maintenance strategies.

3.1. Visualising Population Diversity

Figure 2 provides a visual comparison of populations with different levels of diversity.
The top row of the figure shows the distribution of individuals in the search space for
high, medium, and low diversity populations. The high diversity population, shown on
the left, is characterised by a uniform random distribution of individuals, covering a
large area of the search space. This is reflected in the high entropy and average
distance values. The medium diversity population, in the middle, exhibits a clustered
distribution, with individuals concentrated in a few distinct regions. This results in a
lower entropy and average distance compared to the high diversity case. The low
diversity population, on the right, is highly concentrated around a single point, with
very low entropy and average distance values.
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Figure 2: Comparison of population diversity levels. The top row shows the
distribution of individuals for high, medium, and low diversity populations. The
bottom row illustrates the effect of fitness sharing on these populations.

The bottom row of Figure 2 illustrates the effect of fitness sharing on these
populations. The colour of each point represents its shared fitness value, with lighter
colours indicating higher shared fitness. In the high diversity population, the shared
fitness values are relatively uniform, as there are no densely populated regions. In the
medium diversity population, the shared fitness values are lower in the clusters and
higher for the more isolated individuals, effectively penalising the crowded regions. In
the low diversity population, the shared fitness values are very low for all individuals,
as they are all located in the same crowded region. These results clearly demonstrate
the mechanism of fitness sharing and its ability to promote diversity by favouring
individuals in less crowded regions of the search space.

3.2. The Evolution of Diversity Over Time

Figure 3 illustrates the evolution of population diversity over a number of generations
for populations with different initial diversity levels. The plot shows the Shannon
entropy of the population at each generation. The blue line represents a population
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Figure 3: Evolution of population diversity over generations. This plot shows the
Shannon entropy of the population at each generation for populations with different
initial diversity levels.

The plot clearly shows that the initial diversity of the population has a significant
impact on the evolution of diversity over time. The high diversity population maintains
a relatively high level of entropy throughout the run, although there is a slight
downward trend as the population begins to converge. The medium diversity
population exhibits a more fluctuating pattern, with the entropy increasing and
decreasing as the algorithm explores different regions of the search space. The low
diversity population starts with a low level of entropy and struggles to generate new
diversity, with the entropy remaining low throughout the run. These results highlight
the importance of starting with a diverse population and the challenges of recovering
from a loss of diversity.

4. Discussion

The results presented in the previous section provide a clear and intuitive illustration
of the importance of diversity in evolutionary computation and the effectiveness of
various diversity maintenance strategies. However, the choice of a particular strategy is
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available. This section provides a detailed discussion of the pros and cons of the
different approaches, a comparative analysis of their performance, and a look towards
future research directions.

One of the most fundamental trade-offs in diversity maintenance is the balance
between exploration and exploitation (Eiben & Smith, 2015). As we have seen, a high
level of diversity promotes exploration, allowing the algorithm to search broadly
across the search space. However, too much exploration can lead to a slow and
inefficient search, with the algorithm failing to converge to a good solution. On the
other hand, a low level of diversity promotes exploitation, allowing the algorithm to
refine the solutions in a promising region of the search space. However, too much
exploitation can lead to premature convergence, with the algorithm getting stuck in a
suboptimal solution (Burke et al.,, 2013). The choice of a diversity maintenance
strategy, therefore, involves a careful consideration of this trade-off.

Niching methods, such as fitness sharing and crowding, are among the oldest and
most widely used diversity maintenance techniques (Goldberg & Richardson, 1987; De
Jong, 1975). Their main advantage is their simplicity and intuitive appeal. They are
relatively easy to implement and can be effective in a wide range of problems,
particularly those with multiple optima (Mahfoud, 1995). However, they are not
without their limitations. One of the main drawbacks of niching methods is their
sensitivity to the choice of the niche radius, o,,. This parameter determines the size of
the niches and can have a significant impact on the performance of the algorithm
(Sareni & Krahenblihl, 1998). A small value of o4, can lead to the formation of too
many small niches, which can slow down the search process. A large value of osp, on
the other hand, can result in the formation of too few large niches, which can lead to
the loss of valuable genetic material. Finding an appropriate value for o4, can be a
challenging and problem-dependent task, often requiring a significant amount of trial
and error (Shir, 2012).

Another limitation of niching methods is their computational complexity. Fitness
sharing, for example, requires the calculation of the distance between all pairs of
individuals in the population, which can be computationally expensive for large
populations (O(N?) complexity) (Wineberg & Oppacher, 2003). Crowding methods can
be more efficient, but they are also more prone to genetic drift, which can lead to the
loss of diversity over time (Mengshoel & Goldberg, 1999). Speciation methods can be
very effective in preserving diversity, but they also introduce additional complexity
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Entropy-based diversity measures offer a more principled and mathematically
rigorous approach to diversity maintenance (Rosca, 1995; Morrison & De Jong, 2001).
By quantifying the diversity of the population in terms of its entropy, these methods
provide a clear and objective measure of the level of exploration in the search process.
This allows for a more systematic and controlled approach to diversity maintenance,
with the algorithm explicitly trying to maximise the entropy of the population. The use
of entropy as a diversity measure also has a strong theoretical foundation, drawing on
concepts from information theory and statistical mechanics (Herrera & Lozano, 2000).

However, entropy-based methods are not without their challenges. One of the main
difficulties is the estimation of the probability distribution of the population, which is
required to calculate the entropy (Cui et al., 2001). This can be a non-trivial task,
especially for high-dimensional search spaces. The use of a grid-based approach, as in
the case of spatial entropy, can be effective, but it also introduces the problem of
choosing an appropriate cell size (Tsutsui et al., 1999). A small cell size can lead to a
more accurate estimation of the entropy, but it can also be computationally expensive.
A large cell size, on the other hand, can be more efficient, but it can also lead to a less
accurate estimation of the entropy.

Adaptive diversity maintenance strategies represent a promising and rapidly
developing area of research (Jassadapakorn & Chongstitvatana, 2011; Chen et al,,
2009). These methods aim to overcome the limitations of the earlier approaches by
dynamically adjusting the level of diversity during the search process. This is typically
achieved by monitoring the diversity of the population and adjusting the parameters
of the algorithm accordingly. For example, if the diversity of the population drops
below a certain threshold, the algorithm might increase the mutation rate or activate a
niching mechanism to inject new genetic material into the population (Chang et al.,
2010). This allows the algorithm to adapt to the changing conditions of the search
process, maintaining a healthy balance between exploration and exploitation.

The main advantage of adaptive methods is their ability to self-tune the parameters of
the algorithm, reducing the need for manual parameter tuning (Lobo et al., 2007). This
can be a significant advantage, especially for complex and high-dimensional
problems, where finding an appropriate set of parameters can be a challenging task.
However, adaptive methods also introduce additional complexity and computational
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In recent years, there has been a growing interest in the development of hybrid
diversity maintenance strategies, which combine the strengths of different approaches
(Zhang et al., 2018). For example, a hybrid method might use an entropy-based
measure to monitor the diversity of the population and a niching mechanism to
promote diversity when needed. This can be a powerful approach, as it allows the
algorithm to benefit from the strengths of both methods, while mitigating their
respective weaknesses. Another promising direction is the integration of diversity
maintenance strategies with other advanced techniques, such as multi-objective
optimisation and co-evolution (Tian et al., 2020). In multi-objective optimisation, for
example, the goal is to find a set of solutions that represent the best possible trade-offs
between multiple conflicting objectives. In this context, diversity maintenance is
crucial for ensuring that the algorithm finds a diverse set of solutions along the Pareto
front (Marti et al., 2018).

Future research in the field of diversity maintenance is likely to focus on the
development of more sophisticated and adaptive strategies (Molina et al., 2018). One
of the main challenges is the development of methods that can effectively handle
dynamic and uncertain environments, where the fitness landscape can change over
time. In such environments, the algorithm needs to be able to adapt to the changing
conditions, maintaining a diverse population that can track the moving optima (Jin &
Branke, 2005). Another important area of research is the development of diversity
maintenance strategies for large-scale and high-dimensional problems. In such
problems, the computational cost of the diversity maintenance strategy can be a major
bottleneck, and there is a need for more efficient and scalable methods (Mahdavi et
al., 2007).

In conclusion, the maintenance of diversity is a critical aspect of bio-inspired and
evolutionary computation. A diverse population is essential for ensuring a thorough
exploration of the search space and for preventing premature convergence to
suboptimal solutions. A wide range of diversity maintenance strategies have been
developed over the years, from the early niching methods to the more recent adaptive
and entropy-based approaches. Each of these strategies has its own set of strengths
and weaknesses, and the choice of a particular strategy depends on a variety of
factors, including the nature of the problem, the representation of the individuals, and
the computational resources available. Future research in this field is likely to focus on
the development of more sophisticated and adaptive strategies that can effectively
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5. Conclusion

This chapter has provided a comprehensive exploration of diversity maintenance
strategies in bio-inspired and evolutionary computation. We have delved into the
theoretical underpinnings of these strategies, presenting a rigorous mathematical
framework for their analysis and implementation. Through a combination of
theoretical exposition, mathematical formulation, and empirical analysis, we have
highlighted the critical role of diversity in preventing premature convergence and
ensuring a thorough exploration of the search space.

The key findings of this chapter can be summarised as follows:

e Diversity is a cornerstone of evolutionary computation: A diverse population
is essential for the effective functioning of evolutionary algorithms, enabling
them to escape local optima and discover globally optimal or near-optimal
solutions.

e Avariety of diversity maintenance strategies exist: A wide range of techniques
have been developed to promote and preserve diversity, from the early niching
methods to the more recent adaptive and entropy-based approaches.

e Each strategy has its own strengths and weaknesses: The choice of a
particular strategy depends on a variety of factors, including the nature of the
problem, the representation of the individuals, and the computational resources
available.

e Future research is focused on adaptive and hybrid methods: The
development of more sophisticated and adaptive strategies that can dynamically
adjust the level of diversity during the search process is a promising and rapidly
developing area of research.

This chapter has contributed to the field by providing a clear and comprehensive
overview of diversity maintenance strategies, bridging the gap between theory and
practice. The mathematical framework presented in this chapter provides a solid
foundation for the analysis and design of new and improved diversity maintenance
techniques. The empirical analysis, based on the generated visualisations, offers an
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q intuitive understanding of the role of diversity and the effectiveness of different
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Future work in this area should focus on the development of more robust and scalable
diversity maintenance strategies that can effectively handle the challenges of dynamic,
uncertain, and high-dimensional environments. The integration of diversity
maintenance with other advanced techniques, such as multi-objective optimisation
and co-evolution, is also a promising area of research. The ongoing quest for more
powerful and adaptable evolutionary algorithms will undoubtedly continue to drive
innovation in this exciting and important field. *The Author declares there are no
conflicts of interest.

6. Attachments

This section provides the Python code used to generate the visualisations presented in
this chapter.
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bio:fE ]
P
A import numpy as np

SCOTTISH import matplotlib.pyplot as plt
SCIENCE from scipy.spatial.distance import pdist, squareform
RREIELY: from sklearn.cluster import KMeans
import seaborn as sns
from matplotlib.patches import Circle
import warnings
warnings.filterwarnings('ignore")

# Set style for academic publication
plt.style.use('seaborn-v0_8-whitegrid')
plt.rcParams['font.size']l = 10
plt.rcParams['axes. labelsize'] 10
plt.rcParams['axes.titlesize'] = 1
plt.rcParams['xtick.labelsize'] =
plt.rcParams['ytick. labelsize']
plt.rcParams['legend.fontsize'] =
plt.rcParams['figure.titlesize'] = 12

1
© ©O© OonN

class DiversityAnalyzer:

mimn

A class for analyzing and visualizing diversity in evolutionary algorithms

mirrn

def __init_ (self, population_size=50, dimensions=2):
self.population_size = population_size
self.dimensions = dimensions

def generate_population(self, diversity_type="high'):

mirrn

Generate a population with specified diversity characteristics
if diversity type == 'high':
# High diversity: uniform random distribution
population = np.random.uniform(-5, 5, (self.population_size,
self.dimensions))
elif diversity_type == 'medium':
# Medium diversity: clustered distribution
centers = np.array([[-2, -2], [2, 2], [0, ©]])
population = []
for center in centers:
cluster_size = self.population_size // 3
cluster = np.random.normal(center, 0.8, (cluster_size,
self.dimensions))
population.extend(cluster)
# Add remaining individuals
remaining = self.population_size - len(population)
if remaining > 0O:
extra = np.random.normal([0, 0], 0.8, (remaining,
self.dimensions))
population.extend(extra)
population = np.array(population)
else: # low diversity
# Low diversity: concentrated around single point
population = np.random.normal([©, 0], 0.5, (self.population_size,
self.dimensions))

return population

def calculate_shannon_entropy(self, population, bins=10):

mimin



18 Diversity Strategies in Bio-inspired and ionary C \RM ical F and Adaptive Scottish Science Society, Issue 8, Vol1.

‘1!5@23
> a Calculate Shannon entropy of population distribution

SCOTTISH # Create 2D histogram
SCIENCE hist, _, _ = np.histogram2d(population[:, ©], population[:, 1],
SOCIETY g g
bins=bins)

# Calculate probabilities
total = np.sum(hist)
probabilities = hist.flatten() / total

# Remove zero probabilities to avoid log(0)
probabilities = probabilities[probabilities > 0]

# Calculate Shannon entropy
entropy = -np.sum(probabilities * np.log2(probabilities))

return entropy

def calculate_average_distance(self, population):

mirn

Calculate average pairwise distance in population
distances = pdist(population, metric='euclidean')
return np.mean(distances)

def fitness_sharing(self, population, fitness_values, niche_radius=1.0,
alpha=1.0):

mirn

Apply fitness sharing to population
n = len(population)
shared_fitness = np.zeros(n)

# Calculate distance matrix
distance_matrix = squareform(pdist(population, metric='euclidean'))

for i in range(n):
# Calculate niche count
niche_count = 0
for j in range(n):
distance = distance_matrix[i, j]
if distance < niche_radius:
sharing_value = 1 - (distance / niche_radius) ** alpha
niche_count += sharing_value

# Calculate shared fitness
shared_fitness[i] = fitness_values[i] / niche_count if niche_count
> 0 else fitness_values[i]

return shared_fitness
def plot_diversity_comparison(self):

mirn

Create visualization comparing different diversity levels

mirrn

fig, axes = plt.subplots(2, 3, figsize=(15, 10))

diversity_types = ['high', 'medium', 'Tlow']
colors = ['blue', 'green', 'red']

for i, div_type in enumerate(diversity_types):
population = self.generate_population(div_type)
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‘1‘5@53
> a entropy = self.calculate_shannon_entropy(population)

A avg_distance = self.calculate_average_distance(population)
SCOTTISH
SCIENCE # Plot population distribution
ARAESE axes[0, i].scatter(population[:, 07, population[:, 1],
c=colors[i], alpha=0.6, s=30)
axes[0, i].set_title(f'{div_type.capitalize()} Diversity\\nEntropy:
{entropy:.2f}\\nAvg Distance: {avg_distance:.2f}"')
axes[0, i].set_xlim(-6, 6)
axes[0, i].set_ylim(-6, 6)
axes[0, i].grid(True, alpha=0.3)

# Plot fitness sharing effect

# Generate sample fitness values (higher fitness in center)

fitness = np.exp(-0.1 * (population[:, 0]**2 + population[:,
1]**2))

shared_fitness = self.fitness_sharing(population, fitness,
niche_radius=1.5)

scatter = axes[1, i].scatter(population[:, 0], population[:, 1],
c=shared_fitness, cmap='viridis', s=30)
axes[1, i].set_title(f'Fitness Sharing
Effect\\n{div_type.capitalize()} Diversity')
axes[1l, i].set_xlim(-6, 6)
axes[1l, i].set_ylim(-6, 6)
axes[1, i].grid(True, alpha=0.3)

# Add colorbar
plt.colorbar(scatter, ax=axes[1l, 1], label='Shared Fitness')

plt.tight_Tlayout()

plt.savefig('/home/ubuntu/diversity_comparison.png', dpi=300,
bbox_inches="'tight'")

plt.close()

def plot_entropy_evolution(self):

mirrn

Plot evolution of entropy over generations
generations = 50

entropy_high = []

entropy_medium = []

entropy_low = []

# Simulate entropy evolution

for gen in range(generations):
# High diversity starts high and slowly decreases
entropy_high.append(4.5 - 0.02 * gen + 0.1 * np.random.randn())

# Medium diversity fluctuates
entropy_medium.append(3.0 + 0.3 * np.sin(gen * 0.2) + 0.1 *
np.random.randn())

# Low diversity starts low and decreases further
entropy_low.append(2.0 - 0.01 * gen + 0.05 * np.random.randn())

plt.figure(figsize=(10, 6))

plt.plot(range(generations), entropy_high, 'b-', Tlabel='High Initial
Diversity', linewidth=2)

plt.plot(range(generations), entropy_medium, 'g-', label='Medium
Initial Diversity', linewidth=2)

plt.plot(range(generations), entropy_low, 'r-', label='Low Initial
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> ﬂ’? Diversity', linewidth=2)

SCOTTISH plt.xlabel('Generation')
SCIENCE plt.ylabel('Shannon Entropy')
ARAESE plt.title('Evolution of Population Diversity Over Generations')

plt.legend()

plt.grid(True, alpha=0.3)

plt.tight_layout()

plt.savefig('/home/ubuntu/entropy_evolution.png', dpi=300,
bbox_inches="'tight"')

plt.close()

def plot_niching_demonstration(self):

mirn

Demonstrate niching techniques

# Create a multi-modal fitness landscape
= np.linspace(-5, 5, 100)
np.linspace(-5, 5, 100)

, Y = np.meshgrid(x, y)

X
y
X

# Multi-modal function with three peaks
= (np.exp(-((X+2)**2 + (Y+2)**2)) +
np.exp(-((X-2)**2 + (Y-2)**2)) +
0.8 * np.exp(-(X**2 + Y**2)))

fig, axes = plt.subplots(1, 2, figsize=(14, 6))

# Plot fitness landscape
contour = axes[0].contour(X, Y, Z, levels=15, colors='gray', alpha=0.5)
axes[0].contourf(X, Y, Z, levels=15, cmap='viridis', alpha=0.3)

# Generate population with niching
population = np.array([[-2, -2], [2, 2], [0, ©]]) + np.random.normal(o0,
0.3, (3, 2))

# Add more individuals around peaks

for center in [[-2, -2], [2, 2], [0, O]]:
cluster = np.random.normal(center, 0.4, (15, 2))
population = np.vstack([population, cluster])

axes[0].scatter(population[:, ©], population[:, 1], c='red',6K s=30,
alpha=0.7)

# Draw niche circles
niche_centers = [[-2, -2], [2, 2], [0, 0O]]
for center in niche_centers:
circle = Circle(center, 1.0, fill=False, color='red',6 linewidth=2,
linestyle="--")
axes[0].add_patch(circle)

axes[0].set_title('Niching in Multi-modal Landscape')
axes[0].set_xlabel('x:")

axes[0] .set_ylabel('x.")

axes[0].grid(True, alpha=0.3)

# Plot fitness sharing effect
fitness_values = []
for point in population:
fitness = (np.exp(-((point[0]+2)**2 + (point[1]+2)**2)) +
np.exp(-((point[0]-2)**2 + (point[1]-2)**2)) +
0.8 * np.exp(-(point[0]**2 + point[1]**2)))
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fitness_values.append(fitness)

fitness_values
shared_fitness
niche_radius=1.0)

np.array(fitness_values)
self.fitness_sharing(population, fitness_values,

scatter = axes[1l].scatter(population[:, 0], population[:, 17,
c=shared_fitness, cmap='plasma', s=50)
axes[1l].contour(X, Y, Z, levels=15, colors='gray', alpha=0.5)

# Draw niche circles
for center in niche_centers:
circle = Circle(center, 1.0, fill=False, color='white',
linewidth=2, linestyle='--"')
axes[1l].add_patch(circle)

axes[1l].set_title('Fitness Sharing Effect')
axes[1].set_xlabel('x:")
axes[1].set_ylabel('x.")

axes[1].grid(True, alpha=0.3)

plt.colorbar(scatter, ax=axes[1l], label='Shared Fitness')

plt.tight_Tlayout()

plt.savefig('/home/ubuntu/niching_demonstration.png', dpi=300,
bbox_inches="'tight'")

plt.close()

def main():

mirrn

Generate all visualizations for the article

miin

analyzer = DiversityAnalyzer()

print("Generating diversity comparison plots...")
analyzer.plot_diversity_comparison()

print("Generating entropy evolution plot...")
analyzer.plot_entropy_evolution()

print("Generating niching demonstration...")
analyzer.plot_niching_demonstration()

print("All visualizations generated successfully!")

if __name__ == "__main__":
main()
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