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Abstract. Differential Evolution and Particle Swarm Optimization are
heuristic global optimization methods inspired by natural evolution and
swarm behavior. They are often used to solve complex optimization and
simulation problems that are time-consuming or impossible to solve using
exact numerical methods. Traditionally, RNA ideas are closer to Differ-
ential Evolution population formation. This paper proposes a double-
stranded (more DNA-like) implementation of population in LibreOffice
Calc NLP Solver. The proposed implementation is validated with well-
known optimization benchmark functions.
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1 Introduction

The fundamental concept behind Differential Evolution is to emulate the process
of natural selection and reproduction to generate a population of potential solu-
tions to a problem. The calculation begins with a random population of candidate
solutions and subsequently employs operators, such as selection, crossover, and
mutation [1], to generate new generations of candidate solutions. Similarly, Par-
ticle Swarm Optimization draws inspiration from the social behavior of birds
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and fish, initially proposed by James Kennedy and Russell Eberhart in 1995 [2].
Both algorithms are effectively employed together in a hybrid implementation
for global optimization.

1.1 Selection in Population-Based Algorithms

In the selection stage, solutions demonstrating superior performance on the given
problem are more likely to be reproduced. This stage constitutes a fundamental
component of population-based algorithms, wherein the fittest individuals from a
population are selected to serve as parents for the subsequent generation [3]. The
selection operator is pivotal in deciding which individuals will contribute genetic
material to the next generation, making it a critical factor influencing the per-
formance and efficiency of population-based algorithms. Population-based algo-
rithms employ various selection methods, each presenting distinct advantages
and disadvantages.

The selection operator is crucial because it enables population-based algo-
rithms to identify and preserve the best solutions, gradually enhancing the pop-
ulation’s overall fitness over time. By choosing the fittest individuals as parents
for the next generation, the population-based algorithm can converge toward an
optimal solution more rapidly and efficiently than if it were to select parents
randomly. However, it is essential to strike a balance between selection pressure
and genetic diversity to ensure the algorithm smoothly converges to an optimal
solution, avoiding sub-optimal outcomes.

1.2 Crossover in Population-Based Algorithms

In the crossover stage, two or more candidate solutions are merged to form a new
candidate solution. This stage holds significance in population-based algorithms,
as it emulates the process of sexual reproduction in biological organisms. This
process entails the exchange of genetic material between parent individuals to
generate offspring possessing a combination of their traits. The crossover opera-
tor is employed to enhance the population’s genetic diversity and provide novel
solutions that may better suit the problem at hand.

The crossover operator is typically applied with a probability known as the
crossover rate, which determines the likelihood of performing crossover on a
given pair of parents. Various types of crossover operators can be utilized in
population-based algorithms [4].

The choice of which type of crossover operator to use depends on the problem
being solved and the characteristics of the population being evolved. Crossover
generally combines the positive traits of parent individuals while minimizing the
negative traits; however, it can also introduce new genetic material that may
need to be more fit than the original.

One challenge with the crossover operator is the potential for premature con-
vergence, where the algorithm converges too quickly to a sub-optimal solution.
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To mitigate this risk, it is essential to balance crossover with other genetic opera-
tors, such as mutation, and carefully control the crossover rate to ensure that the
algorithm maintains sufficient genetic diversity throughout evolution.

1.3 Mutation in Population-Based Algorithms

In the mutation stage, a random change is made to a candidate solution to intro-
duce diversity in the population. It is a fundamental component of population-
based algorithms that introduces small, random changes to an individual’s
genetic material in a population. The mutation operator is used to maintain
genetic diversity in the population of individuals and to prevent the genetic
algorithm from becoming stuck in local optima, which can be sub-optimal solu-
tions to the problem being solved.

The mutation operator is typically applied with probability (mutation rate)
[5]. This rate determines the likelihood that a given genes in an individual will
undergo mutation. Generally, the mutation rate is set to a low value, 1% or 5%,
to ensure that only a tiny fraction of the population is mutated at any given
time. Various types of mutation operators can be employed in population-based
algorithms.

The choice of which type of mutation operator to use depends on the prob-
lem being solved and the characteristics of the evolving population. In general,
mutation introduces new genetic material that may benefit the solution to the
problem. However, excessive mutation can lead to a loss of fitness in the pop-
ulation. Therefore, it is crucial to balance mutation with other genetic opera-
tors, such as crossover, to ensure that the population-based algorithm converges
efficiently toward an optimal solution.

Over time, the population evolves towards better solutions as the algorithm
repeatedly applies these operators to generate new generations of candidate solu-
tions. Population-based algorithms have been employed for a wide range of prob-
lems, from optimization problems in engineering to game-playing and machine
learning.

1.4 Natural Genetics

Ribonucleic acid is a molecule that plays a crucial role in transferring genetic
information in living organisms. Similar to how RNA serves as a genetic code
conveying information from DNA to ribosomes, specific population-based algo-
rithms utilize a population of candidate solutions as a form of genetic code,
conveying information about potential solutions to a problem. Like RNA, some
population-based algorithms employ selective pressure and random mutation to
generate diverse populations of candidate solutions. These solutions are then
assessed based on their fitness or ability to address the problem. The evolution
of these populations over time mirrors the process of genetic information evolu-
tion in living organisms, where the fittest solutions survive and propagate while
less fit solutions die out. Heuristics in population-based algorithms provide a
distinctive simulation of the processes representing evolution in the real world.
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The Proposition

In this study, single chromosomes are paired to mimic the structure of DNA.
Each candidate solution has its complementary counterpart, and together, they
form a complementary pair.

The remainder of the paper is organized as follows: The second section
presents the conceptual idea; the third section describes the practical implemen-
tation as a LibreOffice Calc model; the fourth section discusses the experimental
part and the results achieved; the last section concludes and proposes further
research.

2 Double-Stranded Candidate Solutions

As is commonly known, the population of widely employed heuristics comprises
chromosomes, each with its distinct existence within the population. These chro-
mosomes emulate the RNA structure found in the biological realm.

While genetic algorithms commonly employ binary encoding, it may only
sometimes be optimal for some optimization or simulation problems. Floating-
point number encoding is often more suitable for problems involving real num-
bers, such as benchmark functions like Rastrigin, Sphere, Rosenbrock, and
Styblinski-Tang [6].

Using floating-point number encoding allows a more direct representation
of the problem domain. In this encoding, genes in the chromosome represent
floating-point values instead of binary values, potentially leading to quicker con-
vergence and superior solutions, particularly in problems with continuous vari-
ables.

Various methods for floating-point number encoding exist, including Gray
encoding. In floating-point encoding, the chromosome’s genes are represented
as floating-point numbers. In contrast, the genes are depicted as binary digits
converted to real numbers using a specific formula in Gray encoding.

Extending the analogy of genetic algorithms to paired DNA strands is feasi-
ble. In this approach, each chromosome in the population would have a comple-
mentary pair, akin to the base pairs in DNA strands, termed double-stranded
genetic algorithms (DSGAs) [7]. In DSGAs, chromosomes are paired, forming
complementary pairs treated as single entities during selection, crossover, and
mutation operations.

Using paired chromosomes in DSGAs can provide advantages over traditional
population-based algorithms, facilitating more efficient search space exploration
and enhanced handling of constraints in optimization problems.

It is important to note that DSGAs may entail higher computational costs
than traditional algorithms, given the need to maintain complementary pairs
and perform operations on pairs rather than individual chromosomes.

The proposal suggests utilizing chromosomes organized as floating-point
twins with sign-inverted values in the population, known as floating-point twin
optimization. In this method, each chromosome is represented by two twins
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[8], where values in one twin have the opposite sign to form the other twin. This
approach leverages the universality of floating-point encoding.

One advantage of twin chromosomes is their shared fitness value, calculated
separately for each twin, mitigating premature convergence to sub-optimal solu-
tions. Additionally, twin chromosomes can contribute complementary informa-
tion about the search space, aiding in maintaining diversity in the population.

However, it is crucial to acknowledge that using twin chromosomes may incur
additional computational costs due to the inversion operation applied to each
value. Additionally, this approach may only be suitable for problems that align
well with floating-point encoding.

3 Pragmatic Realization

LibreOffice Calc has a useful module called NLP Solver for global non-linear
problem optimization [9]. Several algorithms are available, but a hybrid combi-
nation of Differential Evolution and Particle Swarm Optimization is the most
applicable.

There are many software implementations of evolutionary algorithms. Math-
ematical - oriented tools like Matlab [10], R [11], Python [12], and many others
can offer great possibilities for experimenting with ideas in evolutionary algo-
rithms. Each tool has advantages and disadvantages. The selection of a partic-
ular software instrument in the current study is related to its openness. The
NLP Solver in LibreOffice Calc is far from being state-of-the-art in evolutionary
computing. Anyway, the NLP Solver is an open-source module. It has an open
implementation of the most used global optimization metaheuristics.

The NLP Solver has the advantage of visually presenting the proposed
double-stranded chromosomes. The encoding of genes is illustrative, and running
the optimization for comparative analysis between single-stranded and double-
stranded is numerically expressive.

The numerical problem for which an optimal solution will be sought is entered
into the spreadsheet sheet. Initial values, randomly selected, are set in consec-
utive cells, preferably in a column, but not necessarily required. In an adjacent
column, calculations are performed for each value of the function being opti-
mized. For functions that involve sums, a specific cell is designated to receive the
target value for optimization. The proposed spreadsheet model can be accessed
at the following information source [13].

As illustrated in Fig. 1, the initial data column comprises the X vector sup-
plied to the target function. The second column replicates the same vector but
with negative values. These two vectors constitute a complementary pair. The
Rosenbrock and Styblinski-Tang function values are computed for each vec-
tor. From the resulting values, the minimum is populated into the target cell.
Given that the objective is minimization, the smaller of the two values is selected
as the fitness value of the complementary pair.

As depicted in Fig.2, the target cell comprises the computed value of the
function, and only the first twin of the complement pair is permitted to change
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Fig. 1. LibreCalc optimization problem model

through Differential Evolution and Particle Swarm Optimization processes. The
second twin is automatically generated due to the modifications made to the
first twin.

4 Experiments and Results

All experiments were conducted on a computer with the following specifica-
tions: Asus-2023, featuring a 12th Gen Intel(R) Core(TM) i7-12700 processor
running at 2.10 GHz, 32.0 GB of RAM, and a 64-bit operating system (x64-
based processor). The specific Windows version used was Windows 11 Pro 23H2
22631.3007, and the software employed for the experiments was LibreOffice Com-
munity 7.5.9.2 (X86_64) with a total of 20 CPU threads.

Rosenbrock and Styblinski-Tang’s functions were employed as benchmark
functions for experimental simulations. They were selected due to the asymmetry
present in the negative twin. Calculations were conducted in a 1000-dimensional
space over 100 optimization cycles.

This study does not focus on the implementation of Differential Evolution
and Particle Swarm Optimization, done almost two decades ago [14,15]. This
study focuses on a comparison between single-strained chromosomes and double-
strained chromosomes in all other equal conditions.

The performance ratio of the two optimization algorithms, Differential Evolu-
tion and Particle Swarm Optimization, is 50 to 50%. The crossover probability
is set at 90% in Differential Evolution, and the scaling factor is 0.5. For the
Particle Swarm Optimization, the cognitive constant is 1.494, and the constric-
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Fig. 2. NLP Solver configuration

tion coefficient is 0.729. No mutation is applied in the particle swarm, and the
social constant is maintained at 1.494. The swarm size is configured to have 70
individuals.

Table 1. Experimental results

Rosenbrock - Single Rosenbrock - Twins Styblinski-Tang - Single Styblinski-Tang - Twins
Value Time [s] Value Time [s] Value Time [s] Value Time [s]
Mean 5265.11 17.79/5131.65 17.64/-293.30, 17.32-280.76 17.30
SD 749.38 0.70| 613.06 0.66/ 61.40; 0.74) 45.50 0.77

The optimization process has been initiated 30 times. The average values
and their standard deviation are presented in Table 1. It is evident that double-
stranded optimization yields better results within the same time frame compared
to regular optimization.

5 Conclusions

In conclusion, enhancing population-based algorithms inspired by DNA in Libre-
Office Calc can potentially enhance problem-solving efficiency through evolu-
tionary optimization. This adaptation can prove especially advantageous for
resource-limited instances of LibreOffice Calc, empowering it to execute intri-
cate tasks with increased speed and precision. For future investigations, exploring
additional benchmark functions and evaluating performance on various mobile
hardware platforms could be pursued.
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