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Abstract

In the era of data, data generation continues to grow day by day, posing new challenges
for processing systems due to the dynamism of its volume, variety, and velocity. To
process data in real time, stream processing systems (SPS) serve as the keystone of real-time
data analytics systems. However, SPS must operate under strict quality of service (QoS)
constraints, which require dynamic adaptation of their internal logic to sustain performance.
In this work, we address the problem of automatic text data generation using large language
models (LLMs) by employing an evolutionary approach to guide prompt learning. The
process enables us to automatically discover prompts by applying a black-box approach
to generate synthetic data from a reference dataset. This approach aims to enrich training
datasets and enhance the generalization capabilities of Al-driven adaptive SPS models.

Keywords: data generation; LLMs; metaheuristics; genetic algorithm

1. Introduction

In the era of data, data generation continues to grow day by day, posing new challenges
for processing systems due to the dynamism of its volume, variety, and velocity. These are
the well-known properties of big data scenarios [1]. In such highly dynamic environments,
it is critical to enable systems to make autonomous decisions to meet strict quality-of-
service (QoS) requirements. Systems must be elastic to allocate and deallocate resources at
runtime to process data with minimal latency while maximizing resource utilization. Stream
processing systems process data closer to real time. In recent years, many works have
proposed methods to automatically adapt (without human intervention) their processing
logic to cope with dynamic scenario behavior [2,3]. In such a scenario, techniques supported
by artificial intelligence have shown to provide good results [4,5]; however, their efficiency
and their capacity to generalize their application depend on the data available to train
their models. Such data must be balanced, unbiased, and sufficient to allow the model to
generalize to different behaviors.

With the surge of large language models (LLMs) and their capacity to dynamically
generate data, new alternatives arise for creating datasets closer to the real world to
train models and enable efficient, autonomous processing. LLMs are powerful Artificial
Intelligence (AI) models trained on vast amounts of data. This enables them to understand
and to generate human-like data. Their knowledge and capabilities are essentially encoded
within their neural network parameters during an extensive pre-training phase. However,
despite their knowledge, LLMs are not intelligent in the human sense. They function by
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predicting the next most probable token (word or sub-word) based on the input they receive.
This is where the concepts of prompts and their dependencies become crucial. To provide
high-quality information, the LLM must receive context from the end user. The process of
crafting effective prompts is known as prompt engineering and plays a critical role in the
performance and quality of the model’s output. Manually engineering effective prompts is
challenging and requires a costly, time-consuming, trial-and-error process. This highlights
the need to automate prompt optimization, especially for black-box LLMs, where access to
the model is limited to predictions rather than gradients.

Prompt learning optimizes model performance by tuning the discrete tokens of
prompts while keeping model parameters fixed. This contrasts with fine-tuning the entire
model; instead, updating only the prompt sequence offers multiple advantages, such as
improved cost-effectiveness, reduced overfitting, and enhanced privacy. Most relevantly,
prompt optimization aligns with black-box constraints by querying the model to update
prompts without relying on the model owner’s infrastructure or risking data leakage. By
searching the discrete prompt space through iterative model queries, we can automatically
learn improved prompts without fine-tuning.

In this work, we propose a prompt learning process based on an evolutionary model.
The process enables us to automatically discover prompts by applying a black-box approach
to generate synthetic data from a reference dataset. The model exploits a genetic algorithm
to explore and select the most promising prompts. The prompts are evaluated based on the
semantics and diversity of the data generated relative to the reference dataset.

The main contribution of this work is a new method to generate textual disaster
datasets considering semantics and diversity using a genetic model and a LLM under a
black-box model.

Our results demonstrate that the evolutionary process consistently improves prompt
quality over time and converges to stable solutions. We identify an optimal configuration
that balances convergence quality and computational cost. Using this configuration, the
GA robustly adapts to different reference texts and reliably generates synthetic data that
preserves the semantic and stylistic structure of the target dataset. These findings validate
the effectiveness of evolutionary prompt learning as a viable strategy for automatic, black-
box LLM-driven data generation.

The remainder of this article is organized as follows. Section 2 reviews relevant
literature on generating synthetic data and the use of metaheuristics with LLMs. Section 3
describes the problems we plan to tackle, while Section 4 introduces our proposed solution,
providing both a theoretical overview and implementation details. Section 5 describes the
experimental setup and evaluates performance. Section 6 provide a brief analisys on the
results and their relevance. Finally, Section 7 concludes the article and discusses directions
for future research.

2. Related Work

The generation of synthetic data has been extensively explored [6-10], most notably
through approaches like Generative Adversarial Networks (GANSs) [11]. Despite their
capacity to produce high-fidelity data in specific domains, GANs are computationally
expensive, notoriously unstable to train, and prone to critical issues such as mode col-
lapse [12]. Their effectiveness is critically dependent on a delicate and often non-intuitive
parametrization of hyperparameters, making reproducible success a significant challenge.
Concurrently, metaheuristic techniques, such as Genetic Algorithms, have also been ap-
plied [13]. However, these methods likewise incur high computational costs due to the vast
number of fitness evaluations required. Furthermore, they often struggle to converge to so-
lutions that capture the full complexity of a target data distribution, and their performance
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is highly sensitive to the configuration of the metaheuristic’'s own set of hyperparame-
ters (e.g., population size, selection operators), which remains a non-trivial optimization
problem [14].

On the other hand, the landscape of Large Language Models (LLMs) has undergone
a transformative shift, with prompt engineering emerging as a crucial technique to steer
these powerful models towards desired outputs without extensive model fine-tuning.
While manual prompt engineering has demonstrated remarkable efficacy, its scalability
and adaptability for complex or novel data generation tasks remain significant challenges.
This section reviews key developments in automated prompt optimization, particularly
focusing on approaches that leverage metaheuristics and their limitations, setting the stage
for our proposed research.

2.1. Automated Prompt Optimization

The advent of automated prompt engineering aims to overcome the labor-intensive
nature and inherent biases of manual prompt design. Early efforts primarily focused on
gradient-based methods or direct search in discrete spaces.

Gradient-Based Prompt Optimization

Our understanding of automated prompt discovery was notably advanced by the
introduction of AutoPrompt [15], which demonstrated that effective prompts do not need
to be handcrafted through trial and error. Instead, AutoPrompt has shown that it is
possible to automatically identify small sets of discrete tokens that, when added to an
input, guide masked language models toward producing the desired output. By framing
prompt optimization as a gradient-driven search over tokens, AutoPrompt illustrated that
meaningful prompts can be discovered systematically rather than relying solely on intuition
or manual design. However, this approach depends on access to model gradients, making
it suitable only in white-box settings—an assumption that does not hold for many large,
proprietary, or APl-restricted LLMs. Additionally, because it operates purely at the token
level, AutoPrompt is limited in the expressiveness and flexibility it can achieve, leaving
more nuanced or stylistically rich prompt structures out of reach.

Expanding on the notion of automated prompt learning, Prefix-Tuning [16] proposed
an alternative by optimizing continuous prompt embeddings. Instead of discrete tokens, a
small, task-specific sequence of continuous vectors (a “prefix”) is learned and prepended
to the input, effectively guiding the LLM’s generation process. Prefix-Tuning introduces
trainable continuous vectors that constitute the “prefix”, and these vectors are optimized
through backpropagation to precisely steer the LLM’s output for given tasks, including text
generation. Similar to AutoPrompt, Prefix-Tuning’s core mechanism is gradient-dependent,
rendering it unsuitable for black-box LLM scenarios. While highly effective for fine-tuning
generation, the optimized “prompts” are continuous embeddings, which lack human
interpretability, meaning they cannot be directly understood, transferred, or manually
refined as natural language instructions.

ProTeGi [17] represents a significant shift from heuristic engineering to systematic
refinement. Addressing the non-differentiable nature of discrete text tokens, ProTeGi
circumvents the inability to apply standard backpropagation by introducing the concept of
textual gradients natural language feedback signals generated by the LLM that explicitly
diagnose the semantic distance between the current output and the ground truth. This
feedback acts as a directional vector, guiding the optimizer to perform specific, semantic
edits to the prompt. By iteratively criticizing and refining the prompt based on this textual
error signal, ProTeGi effectively mimics the trajectory of numerical gradient descent within
a discrete semantic space, offering a directed local search alternative to stochastic black-
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box methods. While ProTeGi attempts to formalize prompt optimization through textual
gradients, this approach inherits the classic pitfalls of local search algorithms. First, ProTeGi
is highly susceptible to getting trapped in local optima. By iteratively refining a single
prompt (or a narrow beam) based on immediate feedback, the method tends to perform
hill-climbing in the semantic space, effectively polishing a sub-optimal solution rather than
exploring radically different but potentially superior phrasing strategies.

While gradient-based approximations like ProTeGi offer efficiency, evolutionary algo-
rithms remain uniquely advantageous for synthetic data generation tasks. Their ability to
maintain a diverse population of prompts prevents mode collapse ensuring the generated
synthetic data remains varied, and their black-box nature ensures compatibility with any
model architecture without requiring weight access or gradient estimation.

2.2. Metaheuristic-Based Prompt Optimization

In more recent developments, metaheuristic algorithms have emerged as a highly
promising avenue for prompt optimization. Their inherent capabilities in black-box opti-
mization and their robustness in exploring complex, non-differentiable search spaces make
them particularly well-suited for optimizing prompts for black-box LLMs, where gradient
information is unavailable. Relevant works in this area are [18-21].

A pioneering work directly advocating for the use of metaheuristics in prompt learn-
ing is [22]. This research evaluates various metaheuristic algorithms, such as Genetic
Algorithms (GAs), Simulated Annealing, and Hill Climbing, for optimizing prompts across
diverse applications, including reasoning and text-to-image generation. Plum presents
a generalized framework for discrete, black-box, and gradient-free prompt optimization,
leveraging a suite of metaheuristic algorithms. It systematically tests several metaheuristics
on tasks such as Chain-of-Thought reasoning and text-to-image generation, demonstrat-
ing their effectiveness in discovering human-understandable prompts without gradient
information. However, while a significant stride, Plum primarily focuses on proving the
applicability of various metaheuristics to the general prompt learning problem. The specific
strategies required for evolving prompts for data generation, especially concerning nuanced
quality metrics, are not deeply explored. A common challenge, particularly evident here,
is the substantial computational cost incurred by numerous LLM inferences within the
metaheuristic loop, especially when dealing with large populations and many generations.
Furthermore, while the interpretability of evolved prompts is mentioned, challenges persist
when highly complex prompt structures are generated by the algorithms.

A concrete metaheuristic-driven approach to prompt optimization is demonstrated
by [23]. This work directly applies evolutionary algorithms, specifically a Genetic Algo-
rithm, to evolve discrete text prompts, targeting improved performance in few-shot learning
scenarios. EvoPrompting conceptualizes prompt tuning as an evolutionary search problem;
it initiates a population of prompt candidates and iteratively applies genetic operators, such
as mutation and crossover, to generate new prompt variations. The fitness of each prompt
is objectively determined by the LLM’s performance on a given few-shot task, thereby
guiding the evolutionary process towards more effective prompts. A key limitation is that
EvoPrompting’s primary objective is to enhance few-shot learning performance, rather
than explicitly focusing on the quality of synthetic data generation. While the fundamental
methodology is transferable, adapting the fitness function to comprehensively evaluate
the multifaceted aspects of synthetic data (e.g., diversity, realism, domain coverage, bias
mitigation) requires careful and non-trivial design. Operationally, the process can be com-
putationally intensive, as each prompt evaluation necessitates at least one LLM inference,
often multiple, to assess its utility. The quality of the ultimately generated prompts can
also be sensitive to the initial population composition and the specific design of the genetic
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operators. A similar work is presented in [24] where the authors present a framework
designed to improve the accuracy of LLMs on zero-shot NER tasks. The core problem it
addresses is the misalignment between an LLM’s internal understanding of an entity type
and the precise human-defined label, as well as the model’s tendency to confuse similar
entity types.

Furthering the exploration of metaheuristic prompt optimization, GAAPO [25] intro-
duces a hybrid optimization framework. This framework leverages genetic algorithms to
evolve prompts by integrating and orchestrating different prompt generation strategies.
GAAPO employs a genetic algorithm as a high-level controller, which dynamically manages
and combines a portfolio of diverse prompt generation strategies, aiming to synergisti-
cally combine the strengths of various techniques, leading to optimal prompt performance
through an evolutionary process. Similar to EvoPrompting, GAAPO’s primary application
is focused on enhancing task-specific performance rather than explicit data generation.
The increased complexity associated with managing multiple prompt generation strategies
within a genetic algorithm can introduce significant overhead and reduce the transparency
of the optimization process. The high computational cost associated with LLM interactions
remains a notable barrier for its widespread practical application.

Promptbreeder [26] is a self-referential evolutionary framework that automatically
optimizes LLM prompts without manual intervention. It treats prompt engineering as
an evolutionary process, maintaining a population of task prompts and evaluating their
fitness on a training set. The innovation is that the mutation and crossover operators are
themselves mutation prompts that instruct an LLM on how to modify the task prompts.
Critically, these mutation prompts also co-evolve alongside the task prompts, creating a
self-referential loop where the system not only improves the solution (the task prompt) but
also improves its own method for finding better solutions (the mutation prompt).

For a broader perspective on the integration of these fields, ref. [27] offers a compre-
hensive overview. This survey discusses how evolutionary computation techniques can
enhance various aspects of LLMs, including prompt engineering. This survey provides
a thorough review of the synergies between Evolutionary Computation (EC) and LLMs,
delving into how EC can be utilized to optimize components of LLMs, such as prompts,
hyperparameters, and even architectural designs. Conversely, it also explores how LLMs
can enhance EC methodologies, thus offering a valuable, high-level understanding of the
reciprocal relationship between these two powerful domains. However, as a survey, its
primary role is to provide a broad overview rather than in-depth methodological details or
novel contributions to prompt evolution. While it acknowledges the significant potential
for prompt optimization, it does not specifically delve into the nuanced challenges and
specific considerations unique to evolving prompts for data generation as the core objective.

Despite the compelling advancements in automated prompt optimization utilizing
metaheuristics, several critical limitations and persistent research gaps exist, particularly
when the ultimate objective is the generation of high-quality synthetic data. The complex
fitness function design for data generation is a major hurdle; evaluating the quality of
generated data is inherently more intricate than assessing performance on discrete clas-
sification or question-answering tasks, as metrics must consider a multitude of factors,
including diversity, realism, adherence to specific distributions, privacy preservation, and
utility for downstream tasks. Designing a robust, comprehensive, and computationally
efficient fitness function that encapsulates these multifaceted aspects for metaheuristic
optimization remains a significant challenge. Another substantial concern is the high
computational cost of LLM inferences. Metaheuristic algorithms, by their nature, demand
numerous evaluations of candidate solutions (prompts), each typically necessitating at
least one, and often several, LLM inferences to generate the desired data. This process
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is computationally expensive and time-consuming, especially when dealing with large-
scale LLMs or generating substantial datasets, thereby limiting the practical scalability of
such approaches.

Furthermore, navigating the exploration—exploitation trade-off in prompt space
presents a significant challenge. The search space for effective prompts is vast, high-
dimensional, and frequently non-linear. While metaheuristics are adept at global explo-
ration, they may struggle with premature convergence to local optima. Balancing explo-
ration (to discover novel data characteristics) with exploitation (to refine high-quality data)
requires meticulous tuning of metaheuristic operators (e.g., mutation, crossover) to effec-
tively navigate this complex and expansive search space. The interpretability and control
of evolved prompts also pose a challenge; even when metaheuristic-evolved prompts are
human-readable, the underlying reasoning for why certain prompt structures are effective
often remains opaque, hindering human understanding, subsequent manual refinement,
and crucial control over the data generation process, which is particularly critical for
sensitive or regulated applications.

Our proposal is designed to address these identified limitations by developing a
novel metaheuristic framework specifically tailored for evolving prompts. This framework
will prioritize the generation of high-quality synthetic data through the implementation
of robust fitness evaluation strategies and efficient exploration techniques within the
prompt space.

3. Problem

We address the problem of automatic text data generation using large language models
(LLMs) by employing an evolutionary approach to guide prompt learning. Our focus is on
data related to natural disasters, a particularly relevant domain in Chile, where events such
as earthquakes, landslides, and wildfires occur frequently and have a significant impact.
During such events, timely online data analysis is essential in phases such as mitigation
and recovery, as it supports rapid response, planning, and efficient resource allocation,
ultimately aiming to reduce the disaster’s impact.

Stream processing systems (SPS) play a central role in enabling real-time data ana-
lytics in these scenarios. However, SPS must operate under strict quality of service (QoS)
constraints, which demand dynamic adaptation of their internal logic to sustain perfor-
mance. Several adaptive models have been proposed in the literature [2,3,28,29], including
heuristic-based strategies and approaches that leverage artificial intelligence (AI) [4,5].
While Al-based methods generally provide superior results, they often require extensive
offline training, during which the quality and diversity of training data are crucial for
model performance and generalization across different disaster contexts.

To address this limitation, we propose a prompt learning method that automatically
generates synthetic text data using an LLM-agents model, guided by metaheuristics in a
black-box optimization setting. This approach aims to enrich training datasets and enhance
the generalization capabilities of Al-driven adaptive SPS models.

4. Evolutionary Model

The proposed model connects the use of LLMs with an evolutionary model, following
a multi-agent approach, to automate the prompt generation for creating synthetic text
datasets. Our approach applies a Genetic Algorithm (GA). Our proposal is presented in
Figure 1. It is implemented following a multi-agent approach. We have three main actors:
(1) the LLM, (2) the agents, and (3) the genetic algorithm.
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Initial
Population

Figure 1. Evolutionary model. This evolutionary model is instantiated as a Genetic Algorithm (GA).
We follow a black-box approach with the LLM, and a multi-agent model is applied to decouple the
system interactions.

4.1. Large Language Model (LLM)

Large Language Models (LLMs) have shown a notable capacity in natural language
processing tasks. Considering the potential of these models, we plan to exploit them to
create textual (micro-blogging) data close to a real reference dataset, following a black
box approach. In this work, we particularly focus on one model called LLaMA 3 (with 8b
parameters) [30,31] however, our approach can be extended to use any other LLM.

We maintain the LLM in its pre-trained, zero-shot configuration throughout the entire
process, treating it strictly as a non-differentiable black-box function. This decision is
paramount for two reasons: it guarantees the reproducibility and broad applicability of the
proposal, and prevents the introduction of methodological bias that could arise from using
a specially re-trained or fine-tuned LLM during the prompt optimization process.

4.2. Agents

The integration of a multi-agent system provides a structured, modular, and superior
approach to managing the complex interactions between the GA and the LLM for prompt
optimization. Instead of a monolithic control loop, the process is decentralized into special-
ized, cohesive agents. For instance, the Prompt Agent manages the internal representation
and formatting of the prompt string for both the GA encoding and the LLM API call; the
Data Generation Agent is solely responsible for executing the LLM invocation and han-
dling the output stream to produce the synthetic dataset; the Keywords Agent can provide
focused linguistic analysis or constraints extracted from the reference data to bias the initial
population; and the Mutation Agent which supports the evolutionary mutation operator
(e.g., find semantically similar tokens). This decomposition offers enhanced robustness,
debuggability, and flexibility by enforcing a clear separation of concerns. Furthermore,
it facilitates future extensions, such as easily integrating dynamic temperature control or
LLM selection, without refactoring the core GA logic, thereby transforming a complex,
coupled system into a highly maintainable and adaptable evolutionary framework.

4.3. Genetic Algorithm

To systematically optimize the LLM prompts, we employed a traditional Genetic
Algorithm, formally structured around a three-stage iterative process: Initial Population,
Evolution, and Replacement. This standard evolutionary approach begins by construct-
ing an initial population of prompt candidates. Following initialization, the system en-
ters the evolution stage, where the fitness of each prompt is evaluated by having the
LLM generate a dataset and quantifying its statistical fidelity against the reference data.
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Prompts are then refined through established genetic operators—specifically crossover
and mutation—to create a new, potentially superior generation. Finally, the update stage
appply selection mechanism to choose individuals for the next iteration, replacing lower-
performing individuals with the newly generated offspring, thereby driving the collective
population toward prompts that maximize the statistical similarity of the synthetic output.
This structured, cyclical process ensures an efficient and measurable search for optimal
prompt configurations.

4.3.1. Initial Population

The first stage of our proposed approach involves generating an initial population
of individuals for the evolutionary model. The efficacy of a genetic algorithm is highly
dependent on the diversity and quality of its initial population. In our methodology, the
initial population consists of a set of N distinct prompts (or individuals), each serving as
a candidate solution for generating text datasets that mimic the statistical and thematic
characteristics of a given reference dataset. The generation of this initial population is a
critical step, designed to balance the need for broad exploration of the prompt space with
the inclusion of potentially high-performing prompts.

Each individual represents a prompt that will be progressively optimized by the
algorithm. Furthermore, each prompt follows a pre-defined and manipulable struc-
ture, which facilitates controlled modifications throughout the algorithm’s iterations and
its convergence.

To effectively guide the evolutionary process within the genetic algorithm (GA) while
maintaining semantic coherence and promoting meaningful diversity, we define a struc-
tured representation for each prompt, which we refer to as an “individual” in our pop-
ulation. This structured enables a controlled and semantically meaningful evolution of
prompts. Each prompt, P;, is a structure of semantically categorized components: a role, a
topic, and an action.

P; = (Ry, T, A})

where:

* Ry represents the role component, defining the persona or perspective the LLM should
adopt during text generation (e.g., “As a medical professional...”, “In the style of a
journalist...”, “From an academic viewpoint...”). This component aims to influence
the tone, vocabulary, and overall framing of the generated text, aligning it with
specific stylistic requirements of the reference dataset. The set of possible roles,
R = {R1,Ry, ..., R}, is predefined based on an analysis of the reference text charac-
teristics or domain expert input.

e T, represents the topic component (or keywords), specifying the central subject matter
or theme for the text to be generated. This component directly anchors the LLM’s
output to the content domains present in the reference dataset. The set of possible
topics, T = {Tl, Ty, ..., Ty }, can be dynamically derived from a reference text.

*  Aj represents the action component, this represent what the specific role selected
is doing. These actions dictate what is the speaker trying to communicate. The
set of possible actions, A = {Aj,Ay,...,Aj}. Actions are also derived from the
reference text.

The total prompt P; is constructed by concatenating these components (e.g., “Ry.
Generate text about Ty,. A;.”). This structured design provides a clear framework for
genetic operations (mutation and crossover) to act upon specific semantic units rather than
arbitrary character sequences, thereby preserving semantic integrity during evolution.



Appl. Sci. 2025, 15, 12911 9 of 23

The initial population generation leverages this structured representation to ensure
both diversity and relevance to the reference dataset. Each individual prompt P; in the
initial population is generated through the following process:

1.  Reference Text Selection: A text snippet, X;, is randomly selected from the reference
dataset, D¢ This ensures that the initial prompts are directly grounded in the actual
data characteristics we aim to replicate.

2. Component Instantiation: For the selected text snippet X;:

* A Role component (Rg) is randomly selected from the predefined set R.

* A Topic component (T},) is extracted or inferred from X;. This could involve
methods such as named entity recognition to identify key entities, topic modeling
to identify dominant themes, or simple keyword extraction from X;. In our
model, we provide the topic of reference text. The topic extraction from the
reference text is supported by the LLM through an agent. The provided topic Ty,
is then integrated into the prompt structure.

* An Action component (4;) is extracted from the reference text. The action
extraction from the reference text is supported by the LLM through an agent.

3. Prompt Refinement: The instantiated components (R, T, A;) are then fed into the
LLM as an initial seed. The LLM is then prompted to refine this structured input into
a coherent, syntactically correct, and semantically richer prompt that incorporates
the essence of the selected reference text X;. This step leverages the LLM’s natural
language understanding and generation capabilities to produce a human-readable
and effective prompt from the structured components. For instance, if X; is a news
article about climate change, and the components are (As a scientist, Climate change
impacts, Explain the implications), the LLM might generate a prompt like: “As a climate
scientist, thoroughly explain the long-term implications of climate change as observed
in recent research.” This LLM-guided refinement ensures that the initial prompts are
not merely concatenated keywords but semantically fluid and actionable instructions
for subsequent text generation.

This systematic approach to initial population generation, by coupling structured
prompt design with LLM-guided refinement based on reference data samples, allows us to
create a diverse yet semantically grounded set of initial candidate prompts. This diversity is
crucial for enabling the genetic algorithm to explore a wide array of prompt configurations
effectively, while the semantic grounding ensures that the prompts are relevant and capable
of eliciting high-quality text generation from the LLM from the outset.

4.3.2. Evolution

The genetic algorithm’s evolutionary phase begins subsequent to initial population
generation, proceeding through iterative stages of fitness determination, selection of indi-
viduals, and the execution of genetic operations.

Fitness Calculation

The fitness of each individual prompt P; in the population is quantitatively assessed
based on its ability to elicit text from an LLM that closely resembles the characteristics of
the reference dataset. This assessment involves two primary steps:

1.  Text Generation: Each prompt P; is provided as input to the LLM, which then generates
a corresponding text output, denoted as G(P;).

2. Similarity Measurement: The generated text G(P;) is then compared against a ran-
domly selected text snippet X; from the reference dataset D,¢. The similarity is
quantified using the BERTScore metric [32]. BERTScore leverages contextual embed-
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dings from pre-trained BERT models to compute a robust similarity score between
two texts, capturing both semantic and syntactic alignment. The fitness function,
Fitness(P;), for a given prompt P; is thus defined as

Fitness(P;) = BERTScore(G(P;), randomly selected Xs € Do)

This allows us to control the semantic coherence of the generated samples throughout
the evolutionary process. While coherence is critical, it is equally important that the
generated dataset maintains a certain level of diversity.

This process is repeated for each individual in the current population to obtain their
respective fitness values.

Although the reference snippet X is randomly selected, it remains fixed for the
entire execution of the GA. This ensures that all individuals in a run are evaluated under
the same reference condition, maintaining a stable and noise-free fitness landscape, i.e.,
P; — Fitness(P;). The goal of the fitness function is not to approximate the full dataset
distribution with a single sample, but to provide a stable semantic reference allowing
the GA to compare individuals relative to the same example. Because the snippet does
not change, the evolutionary process can consistently determine which prompts produce
outputs that are more semantically related to the reference snippet. Furthermore, BERTscore
captures similarity at a semantic level, making the fitness evaluation robust even if the
selected snippet reflects only a local portion of the dataset. By using this approach, we
preserve stability within each run while allowing different random initializations to explore
different regions of the search space across multiple runs.

Genetic Operators

Traditional genetic operators, crossover and mutation, are applied to the selected
parents to generate the new generation of individuals. These operators are designed to act
on the structured prompt components (R, Tn, A;) to maintain semantic integrity.

The individuals for the next generation are generated by applying genetic operators
to parents selected from the current population. Parent selection is performed using a
tournament selection. A small subset of individuals (the tournament size) is randomly
chosen from the population, and the individual with the highest fitness within this subset
is selected as a parent. This method is less susceptible to scaling issues than roulette wheel
selection [33,34].

*  Crossover: This operator combines genetic material from two parent prompts to
create offspring. Two parent individuals, P; = (Ry, T1, A1) and P> = (Rp, Tz, Ap), are
selected using a tournament selection. A crossover point is then randomly determined,
and components are interchanged between the parents to produce two offspring. For
instance, a single-point crossover could result in offspring like:

Poffspring,l = (er Ty, A2)

Poffspring,Z = (RZr T>, Al)

More complex crossover mechanisms, such as two-point crossover or uniform
crossover, can also be applied to exchange multiple components or specific tokens
within components. The key is that the exchange occurs at predefined component
boundaries or within semantically coherent token sets to preserve the prompt’s over-
all structure and meaning. Crossover is performed on selected parents individuals,
subject to a crossover probability, Pe.
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*  Mutation: This operator introduces random variations into a single individual to
explore new areas of the search space and prevent premature convergence. A single
individual P; = (R, Tm, A;) is selected using a tournament selection. A random
component (e.g., Ry, Ty, or A j) and a specific token within a component is chosen for
mutation. We implement an LLM-driven semantic mutation operator to introduce
novel variations while preserving contextual plausibility. When an individual is
selected for mutation, a single token is randomly sampled. This token, along with its
surrounding contextual phrase, is transferred to a dedicated Mutation Agent. This
agent then formulates a query to the LLM, tasking it to generate a list of semantically
similar tokens that are valid and coherent within that specific context. A token
from the LLM’s response is then selected to replace the original token, completing
the mutation. This approach ensures that mutations constitute intelligent, context-
aware explorations of the solution space rather than simple stochastic noise, thereby
preventing the introduction of non-viable or nonsensical data artifacts. Mutation is
performed on the selected individual, subject to a mutation probability, P,.

4.4. Replacement/Update

The population update or replacement phase concludes each iteration of the evolu-
tionary loop and is critical for driving the algorithm toward convergence. This phase
determines the composition of the population for the subsequent generation. In our clas-
sical GA implementation, we utilize a generational replacement strategy combined with
elitism. This approach is crucial as it guarantees monotonic improvement in the popula-
tion’s best-found solution. Specifically, the n offspring, generated via the crossover and
mutation operators, replace the 1 parent from the current population. However, to prevent
the stochastic loss of high-performing individuals (i.e., individuals that produced data with
high fitness scores), the top k “elite” individuals from the parent generation are identified
and copied directly into the new generation, typically replacing the k worst-performing
offspring. This mechanism ensures that the GA’s progress is non-regressive while allowing
the remainder of the population to be fully replaced by new, exploratory solutions.

5. Experiments

The proposed evolutionary prompt engineering framework was evaluated across a se-
ries of experimental scenarios. The system utilizes a local, containerized LLM environment
powered by Ollama 0.6.0, specifically employing a model from the 8-billion parameter class
(Llama3) known for balancing computational efficiency with strong generative capabilities.
The inference environment is a dedicated Linux (Ubuntu) machine configured with 32 GB of
RAM and accelerated by dual NVIDIA GeForce RTX 3060 GPU, ensuring high-throughput
data generation essential for the iterative fitness evaluation inherent in the Genetic Algo-
rithm. The target reference distribution for synthetic data generation is the IEEE COVID-19
Tweets Dataset [35], a large-scale, real-world social media corpus concerning the pandemic.
Our evaluation used a sample of approximately four million (4M) tweets, making the
task a challenging test of the LLM’s ability to accurately capture the statistical nuances
and high-dimensional features of public discourse during a global crisis. For the critical
process of hyperparameter optimization, we employed a systematic one-factor-at-a-time
methodology, which isolates the impact of each GA parameter on the convergence and
final prompt fidelity. To guarantee the statistical reliability of the findings and mitigate
variance inherent in stochastic search, each distinct experiment was executed five times
with different random initial seeds, and the averaged results are presented. The source code
of our implementation is available in https:/ /github.com/NewGrumbly /MDPI-EVOLMD
accessed on 7 November 2025.
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5.1. Number of Generations

The total number of generations (G) is a fundamental hyperparameter that dictates
the algorithm’s runtime and its potential for convergence. This parameter directly controls
the trade-off between solution quality and computational cost. A G value that is too low
risks premature convergence, terminating the evolutionary process before the population
has had sufficient time to refine high-fitness solutions. Conversely, an excessively high
G value leads to diminishing returns, where the population’s fitness may plateau, and
subsequent generations consume significant computational resources (particularly LLM
queries) without yielding substantial improvements.

To identify the point of optimal convergence, we evaluated the algorithm’s per-
formance across three distinct experimental runs, setting the termination condition at
Ge {50, 100, 150} generations, respectively. This allowed us to map the fitness improve-
ment over time and determine the most resource-efficient setting that reliably produces a
high-quality data population.

The results of our generation count analysis revealed a clear relationship between run-
time and convergence (Figure 2). The experiment limited to G = 50 generations was found
to be insufficient; the population’s average fitness had not yet plateaued and exhibited
unstable behavior, indicating that the evolutionary process was terminated prematurely.

Average Fitness Evolution

bty

0.62

0.60

0.58

Average Fitness

0.54

0.52 Total Generations (g)
— =50
i — g=100
g=150
0 20 40 60 80 100 120 140
Generation

Figure 2. Evolution of average population fitness for different generation (G) termination conditions.
The plot compares three independent experimental runs: G = 50 (purple), G = 100 (green), and
G = 150 (orange).

In contrast, both the G = 100 and G = 150 scenarios demonstrated stable convergence,
with both runs achieving comparable maximum fitness values. Since the G = 150 run
yielded no significant improvement in final data quality over the G = 100 run, we identified
the additional 50 generations as providing diminishing returns. Consequently, we selected
G = 100 as the optimal value for our framework, as it achieves robust convergence while
offering a superior computational trade-off by minimizing unnecessary LLM queries.
Table 1 presents the average total execution time for our tests.

Table 1. This table compares the total execution time required to complete the evolutionary process
for each evaluated generation count (G).

Number of Generations Total Exec. Time
50 3.04.21 (hh.min.sec)
100 5.28.06 (hh.min.sec)

150 08.42.06 (hh.min.sec)
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5.2. Population Size

We performed a sensitivity analysis to establish an optimal population size (N), a
hyperparameter of critical importance in evolutionary algorithms. The population size
directly dictates the genetic diversity of the agent pool and governs the fundamental
trade-off between exploration (discovering novel solutions) and exploitation (refining
known good solutions). In our framework, this parameter is particularly relevant as each
individual evaluation necessitates a query to the LLM, creating a direct scaling relationship
between N and the computational cost per generation. A population that is too small
(N <) risks premature convergence to a sub-optimal solution due to insufficient diversity.
Conversely, an excessively large population (N >>>) may provide diminishing returns in
solution quality while incurring prohibitive computational overhead. To identify the most
effective balance for our data generation task, we empirically evaluated three distinct
configurations: N € {50,100, 150}.

As depicted in Figure 3, the evaluation of population sizes reveals distinct perfor-
mance trade-offs. The N = 50 configuration (blue line) demonstrates significantly hindered
performance, exhibiting premature convergence. Its average fitness plateaus early, strug-
gling to surpass a value of 0.60, which is considerably lower than the fitness achieved
in the other scenarios. In contrast, both the N = 100 (green line) and N = 150 (red line)
configurations achieve a much higher average fitness, successfully converging to a similar
and more desirable plateau (fluctuating roughly between 0.62 and 0.64). Although both
runs evidence that they can reach a comparable fitness over time, the N = 150 run provides
no significant advantage over the N = 100 run. Therefore, we selected N = 100 as the ideal
population size, as it offers a superior computational trade-off, achieving robust fitness
results without the additional computational overhead incurred by 150 individuals.

Average Fitness Evolution

0.60

058

Average Fitness

0.54

052 Population Size (n)
— N=50
w— N=100

0.50 — =150

0 20 40 60 80 100
Generation

Figure 3. Evolution of average population fitness over 100 generations. The plot compares the perfor-
mance of three different population sizes (N): N = 50 (blue), N = 100 (green), and N = 150 (red).

5.3. Elitism

We further analyzed the impact of elitism size on the evolutionary process. Elitism
controls the proportion of top-performing individuals that are directly preserved in the
next generation, ensuring that high-quality prompt structures are not lost due to stochastic
genetic operations. We evaluated elitism sizes E € {1%,2%,5%} of the total population.
As shown in Figure 4, all configurations exhibit steady improvement in average fitness,
but their convergence patterns differ. The smallest elitism value (1%) leads to lower final
fitness, indicating insufficient preservation of high-quality individuals and a tendency
toward premature drift. Increasing elitism to 2% improves stability and final fitness but still
allows some degradation during later generations. The largest elitism size (5%) consistently
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achieves the highest and most stable fitness plateau, suggesting that a stronger preservation
mechanism benefits convergence by reinforcing advantageous prompt patterns. Therefore,
we select an elitism size of 5% of the population as the optimal configuration.

Average Fitness Evolution

0.675

0.650

0.625

itness

0.600

0575

Average Fi

0.550

0525
Elitism Size

Elitism=1%

— Eliism=2%

0.500 = Eliism=5%

0 20 40 60 80 100
Generation

Figure 4. Evolution of average population fitness over 100 generations. The plot compares the
performance of three different elitism size (k): E = 1% (yellow), E = 2% (light green), and E = 5%
(dark green).

5.4. Tournament Size

We study the impact of the tournament size (k), a critical hyperparameter that di-
rectly modulates selection within the genetic algorithm. The tournament size defines the
number of individuals randomly sampled from the population to compete for selection.
This parameter governs the trade-off between population diversity and convergence speed.
A small tournament size (k < N) exerts low selection pressure, as even lower-fitness
individuals have a reasonable chance of being selected, which promotes genetic diversity
but can slow convergence. Conversely, a large k imposes high selection pressure, rapidly
propagating high-fitness individuals but increasing the risk of premature convergence
to a local optimum. Given that our fitness evaluation is computationally expensive (re-
quiring LLM queries), finding the optimal balance is essential. We empirically evaluated
three tournament size configurations, defined as a percentage of the total population (N):
k € {5%,10%,15%}.

The results of our analysis on tournament size (k), presented in Figure 5, demonstrate
the relationship between selection pressure (as controlled by k) and final solution quality.
The k = 10% configuration (green line), representing an intermediate selection pressure,
exhibited the weakest performance, prematurely converging to the lowest fitness plateau at
approximately 0.60. This was considerably lower than the other two scenarios. We believe
that k = 10% might be hitting a “sweet spot” that is actually a suboptimal balance for our
specific problem providing insufficient exploration and explotation. Both the k = 15% (blue
line) and k = 5% (pink line) configurations achieved superior results, with the k = 5% (pink
line) run clearly yielding the best performance, stabilizing at the highest average fitness
of ~ 0.67. A lower selection pressure allows for a much higher chance that individuals
with slightly lower fitness still get selected. This is beneficial early in the run because it
helps maintain diversity in the population. The algorithm avoids premature convergence
and can explore a wider range of the prompt space, potentially finding a globally better,
but harder-to-reach, optimum later on. On the other hand, larger tournament size means
higher selection pressure. This is very effective at quickly exploiting good solutions. The
best individuals are chosen more often, rapidly driving the population towards promising
regions of the fitness landscape. It works well if the initial generations already contain
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some high-quality 'seed” prompts, allowing the GA to quickly refine them into excellent
solutions. Given that the k = 5% setting provides the best fitness outcome and, critically,
also represents the lowest computational cost for the selection operator, it was clearly
identified as the optimal value for our framework.

Average Fitness Evolution

0.625

itness

0.600

0575

Average Fi

0.550

0525 Tournament Size (k)
— k=5%
— k=10%

0.500 — k=15%

0 20 40 60 80 100
Generation

Figure 5. Evolution of average population fitness over 100 generations. The plot compares the perfor-
mance of three different tournament sizes (k): k = 5% (pink), k = 10% (green), and k = 15% (blue).

5.5. Crossover and Mutation

We also performed a sensitivity analysis on the crossover probability (P;), a key hy-
perparameter that regulates the balance between exploration and exploitation during
reproduction. In this context, P, controls the proportion of offspring generated by recom-
bining parent prompts versus directly propagating high-performing individuals to the next
generation. Higher values of P, encourage exploration by producing more novel prompt
combinations, but may also disrupt well-adapted individuals if excessive.

We evaluated two high-probability settings, P. = 0.8 and P. = 0.9. As shown in
Figure 6, both configurations yield stable convergence patterns, but the run with P. = 0.8
consistently achieves a slightly higher average fitness plateau. This indicates that P, = 0.8
offers a more effective balance, enabling beneficial prompt structures to persist while still
introducing sufficient variability for continued search. Although this configuration results
in a marginal 3% increase in computational cost, its superior final fitness justifies the
trade-off.

Accordingly, we select P, = 0.8 as the default crossover probability for our evolution-
ary model.

We also conducted a sensitivity analysis on the mutation probability (P;,), a key GA pa-
rameter that regulates search-space exploration and helps prevent premature convergence.
In our approach, P, determines how frequently new semantic variations are introduced
into candidate prompts. Setting P, too low limits diversity and may lead the population
to stagnate around sub-optimal solutions, whereas overly high values can excessively
disrupt well-adapted individuals, hindering the algorithm’s ability to exploit high-quality
prompt structures.

We evaluated mutation rates of P,, = 0.01, 0.05, and 0.1. As shown in Figure 7, all
configurations improve average fitness over generations, but with different convergence
profiles. The lowest rate (P, = 0.01) yields slower improvement and converges to a lower
final fitness, indicating insufficient exploration. Conversely, the highest rate (P, = 0.1)
achieves slightly higher peak fitness but also introduces greater fluctuation, reflecting
instability in the evolutionary search. The intermediate value (P, = 0.05) provides the best
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overall balance, achieving competitive fitness gains while maintaining stable convergence
and reduced computational overhead.
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Figure 6. Evolution of average population fitness over 100 generations. The plot compares the

performance of two different crossover probabilities: 80% (red), 90% (blue).

Therefore, we select P, = 0.05 as the default mutation probability for our evo-
lutionary process, as it ensures adequate genetic diversity without inducing excessive
stochastic perturbation.
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Figure 7. Evolution of average population fitness over 100 generations. The plot compares the
performance of two different mutation probabilities: 1% (blue), 5% (green) and. 10% (red).

5.6. Optimal Configuration

To evaluate the robustness and generality of the proposed evolutionary prompt op-
timization method, we applied the GA using the optimal configuration identified in the
preceding sensitivity analyzes to three distinct reference texts with different thematic and
stylistic characteristics. Reference texts were randomly chosen from the reference dataset.
The average fitness evolution for each reference text, shown in Figure 8, demonstrates
that the GA consistently improves prompt quality across all scenarios, confirming the
adaptability of the approach. However, the magnitude of the final fitness plateau varies
across reference texts. Reference 3 (red line) achieves the highest average fitness, indicating
that its linguistic and structural patterns are more amenable to recombination and mutation
within the prompt search space. Reference 2 (green line) reaches a slightly lower but still
stable fitness level, while Reference 1 (blue line) converges to the lowest fitness plateau,
suggesting that its stylistic characteristics are more challenging to approximate through
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prompt-based generation. These results highlight that, although the GA reliably converges

in all cases, the achievable quality of synthetic data remains influenced by the inherent

complexity and regularity of the target reference text.

0.60

Average Fitness

Average Fitness Evolution

Reference Text
—— Reference Text 1
—— Reference Text 2
—— Reference Text 3

20 40 60 80 100
Generation

Figure 8. Average fitness evolution over 100 generations for three different reference texts using the

optimal GA configuration.

Our results show that the metaheuristic-guided prompt learning process is capable

of exploring a meaningful spectrum of text outputs with varying degrees of similarity

and diversity relative to the reference text. To illustrate this, we report the reference seed

text alongside a representative subset of evolved individuals grouped by fitness ranges:
[0.9-0.8], (0.8-0.7], and (0.7-0.6].

Reference Text 1: “We're rationing food. Only one store open and it's chaos”

Generated texts:

e  Range [0.9-0.8]:

Fitness: 0.8696

Generated Data (Gy): “We're rationing PCR tests. Only one testing center open and
it’s chaos”

Fitness: 0.8537

Generated Data (Gy): “As leaders, we’re rationing masks. Only one distribution center
open and it’s chaos”

* Range (0.8-0.7]:

Fitness: 0.7952 Generated Data (G3): “We're prioritizing medical masks. Only one
production facility open and it’s a struggle”

Fitness: 0.7864

Generated Data (G4): “We're prioritizing resources. Only three hospitals open and it’s
a struggle”

*  Range (0.7-0.6]:

Fitness: 0.6995

Generated Data (Gs): “We're adapting our emergency protocols. Only one distribution
center open and it’s chaos, but we’ll ensure a fair share for all”

Fitness: 0.6806

Generated Data (Gg): “We're struggling to get by. Food is scarce, only one market open,
and tensions are running high”

Reference Text 2: “We're organizing a cleanup drive in the park at 9 AM”
Generated texts:
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*  Range [0.9-0.8]:

Fitness: 0.8672
Generated Data (G1): “We're organizing a vaccination campaign in the park at 9 AM.
Fitness: 0.8432
Generated Data (Gp): “We're organizing a mandatory cleaning and inoculation event

”

at 9 AM, ensuring a thorough cleanup drive in the park outside”

* Range (0.8-0.7]:

Fitness: 0.7986

Generated Data (G3): “As a responsible organization, we’re organizing a morning
cleanup drive in the park at 9 AM, ensuring public safety during our neighborhood
lockdown efforts”

Fitness: 0.72048

Generated Data (Gy): “As part of our efforts to boost community resilience during
lockdowns, we’re organizing a morning cleanup drive in the park at 9 AM to promote
unity among residents and maintain public safety”

e  Range (0.7-0.6]:

Fitness: 0.6980

Generated Data (Gs): “Join us as we come together to boost resilience in our residential
district during the shutdown. We're organizing a community park cleanup drive at 9
AM to promote public safety and community pride”

Fitness: 0.6674

Generated Data (Gg): “As a responsible organization, we’re mobilizing a community
cleanup drive in our residential district’s central park at 9 AM to promote public safety,
foster neighborhood connections, and enhance overall resilience amid the pandemic”

Reference Text 3: “Please conserve water as our treatment facilities are still offline”

Generated texts:

*  Range [0.9-0.8]:

Fitness: 0.8084
Generated Data (Gq): “Please follow water conservation measures as our treatment
facilities remain offline until further notice”

¢  Range (0.8-0.7]:

Fitness: 0.7636

Generated Data (Gp): “Please follow our visual guidelines and conserve water
as our treatment facilities are still offline, ensuring a safe journey during this
COVID-19 incident.”

Fitness: 0.7484

Generated Data (G3): “Please prioritize water conservation as our facilities are still
offline, vital updates on essential services will be shared regularly”

e  Range (0.7-0.6]:

Fitness: 0.6996

Generated Data (G4): “Conserve water during this critical quarantine period as our
treatment facilities remain offline. Essential protocols for tracing and communication are
in place”

Fitness: 0.6599

Generated Data (Gs): “As a responsible organization, we urge you to conserve water
amid the ongoing pandemic crisis and lockdown. Our treatment facilities are still offline,
and every drop counts in maintaining essential response efforts”
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We observe that individuals with higher fitness scores tend to closely approximate the
semantics and phrasing of the reference, but at the expense of lexical and structural diversity.
In contrast, individuals in the lower (yet still acceptable) fitness range—particularly those
above 0.6 maintain a stronger balance between semantic fidelity and generative variation,
resulting in outputs that preserve the core meaning while exhibiting greater expressive
richness. This pattern supports the premise that intermediate fitness regions are the most
suitable for generating high-quality synthetic text datasets that retain conceptual alignment
without introducing excessive redundancy.

6. Discussion

Our experimental results show the efficacy of the proposed evolutionary framework
for automated prompt optimization in generating synthetic text data, particularly in bal-
ancing semantic fidelity and generative diversity. This discussion focuses on the strategic
parameter values selected through sensitivity analysis and provides a quantitative interpre-
tation of the output text quality.

6.1. Parameter Selection and Influence on Convergence

Based on the sensitivity analysis presented in our experiments, the selection of op-
timal hyperparameter values was a strategic necessity to manage the trade-off between
solution quality and computational cost and to guide the Genetic Algorithm (GA) to robust
convergence. We strategically chose G = 100 generations and a population size N = 100 as
the optimal compromise, effectively avoiding the premature convergence observed with
sub-optimal settings (e.g., G = 50) while simultaneously circumventing the diminishing
returns and excessive LLM query costs associated with larger configurations (e.g., G = 150).
A high elitism size of E = 5% was critical, ensuring that high-performing prompt structures
were persistently carried over to subsequent generations, thereby achieving the highest
and most stable fitness plateau by reinforcing advantageous prompt patterns. Crucially, a
low tournament size of k = 5% provided the best fitness outcome by reducing selection
pressure, which in turn maintained essential genetic diversity and allowed the algorithm to
explore a wider, globally better range of the prompt space, preventing rapid convergence
to sub-optimal local optima. Finally, the reproductive operators were tuned to an effective
intermediate balance with a crossover probability P, = 0.8 and a mutation probability
Py, = 0.05, which, coupled with the LLM-driven semantic mutation operator, ensured that
exploration introduced semantically plausible variations without excessively destabilizing
high-quality prompt individuals.

6.2. Quantitative Analysis: Diversity and Semantics

The quality of the generated output text is quantitatively assessed through a critical
trade-off between semantic fidelity and lexical diversity, employing two widely recognized
metrics: Jaccard Similarity for measuring text diversity and TF-IDF Cosine Similarity for
evaluating semantic preservation. The Jaccard Similarity [36] measures the overlap of unique
words (tokens) between the generated text and the reference text. A score of 1.0 means
the word sets are identical. On the other hand, TF-IDF Cosine Similarity [37] measures the
angular distance between the vector representations of the texts, where words are weighted
by their Term Frequency-Inverse Document Frequency (TF-IDF). It gives higher weight to
words that are rare across the entire set of texts, making it a more semantically nuanced
measure than simple Jaccard.

For our analysis we considered the text references and the generated texts presented
in the previous section:

e Reference text 1: “We’re rationing food. Only one store open and it’s chaos”
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Table 2 presents the diversity and similarity results among reference text 1 and the
generated ones. Here we can observe, based on both metrics, that generated text can
preserve semantics while creating diverse texts.

For example, G, text retains the “rationing” and “chaos” concepts and the core structure,
but adds a new introductory phrase, “As leaders” which slightly lowers the similarity
compared to Gj.

Table 2. Similarity Metrics of Generated Texts relative to Reference Text 1.

Generated Text Jaccard Similarity TF-IDF Cosine Similarity
G 0.6250 0.4923
Gy 0.5882 0.4774
Gs 0.4211 0.2867
Gy 0.3889 0.2626
Gs 0.3462 0.2668
e 0.3043 0.2467

Reference text 2: “We're organizing a cleanup drive in the park at 9 AM”

Table 3 presents the diversity and similarity results among reference text 2 and the
generated ones. Here we can observe a more stable behavior in terms of both metric:
semantics are better preserved compared to the initial case of reference text 1, however
diversity is limited for G; and G,. For this scenario, G3 presents a better balance
between the metrics. G3 preserves the core action “cleanup drive” but frames it within
a new “public safety/lockdown” context. The meaning of the action is kept, but the
surrounding purpose is shifted.

Table 3. Similarity Metrics of generated texts relative to Reference Text 2.

Generated Text Jaccard Similarity TF-IDF Cosine Similarity
G1 0.7143 0.6162
Gy 0.6000 0.5159
Gs 0.5000 0.5136
Ga 0.3750 0.3618
Gs 0.3871 0.3787
Ge 0.3143 0.3378

Reference text 3: “Please conserve water as our treatment facilities are still offline”

Table 4 presents the diversity and similarity results among reference text 3 and the
generated ones. Here we can observe a similar behavior compared to reference
text 1 where G, and G3 present a good balance between the metrics. G, exhibits
the best semantic preservation. It retains the precise cause-and-effect relationship
established in the reference text: “conserve water as our treatment facilities are still offline”
and adds context introducing visual guidelines and COVID-19 without disrupt the
primary instruction.

Table 4. Similarity Metrics of generated texts relative to Reference Text 3.

Generated Text Jaccard Similarity TF-IDF Cosine Similarity
G1 0.4118 0.3618
Gy 0.4348 0.4557
G3 0.3810 0.3502
Gy 0.3333 0.3163

0.2812 0.2824
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From the previous results we observed consistent trends regarding the diversity and
semantic preservation of the texts generated by the evolutionary approach, based on the
Jaccard Similarity and TF-IDF Cosine Similarity metrics.

In general, for generated text G, and G3 we can reach a good balance between diversity
and semantic preservation.

7. Conclusions

This work presents an evolutionary framework for automated prompt optimization
aimed at generating synthetic text datasets using Large Language Models under a black-box
setting. By structuring prompts into semantically meaningful components and applying a
Genetic Algorithm to evolve them over successive generations, our approach enables the
discovery of effective prompts without relying on model fine-tuning or manual engineering.
The integration of semantic mutation and modular agents allowed us to explore the prompt
search space efficiently while preserving linguistic coherence.

Through a systematic sensitivity analysis, we identified an optimal configuration for
the evolutionary process, balancing convergence quality and computational cost. The
results demonstrated that the proposed method consistently improves the semantic simi-
larity between generated and reference data, while also highlighting that the achievable
quality of synthetic data depends on the structural complexity of the target text. These
findings confirm that evolutionary prompt learning is a viable approach for synthetic data
generation, particularly in scenarios where access to LLM internal parameters is restricted.

Overall, this work contributes a reproducible, modular, and generalizable framework
for synthetic dataset generation, supporting downstream applications such as adaptive
stream processing, where data quality and variability play a critical role. The approach
opens new pathways for leveraging LLMs beyond direct text generation, positioning
prompt evolution as a powerful tool for data-centric model development.

For future work we will prioritize enhancing the framework’s computational efficiency
and refining the quality of the generated data: First, we plan to investigate novel fitness
functions designed explicitly to reduce the high computational overhead of LLM queries.
These functions will be engineered to strike a more sophisticated balance between semantic
plausibility and population diversity. Second, we will explore shifting the granularity of the
evaluation; by assessing fitness at the sentence level rather than on a per-token basis, we hy-
pothesize that we can significantly decrease the number of evaluative computations. Finally,
we intend to move beyond traditional selection mechanisms by integrating Reinforcement
Learning (RL). An RL agent could be trained to learn a dynamic selection policy, learning
to select individuals based not only on their current high fitness (exploitation) but also on
their potential to contribute to long-term population diversity and novel solution discovery
(exploration), thereby enabling a more intelligent and adaptive evolutionary search.
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