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Abstract: Large language models (LLMs) have gained recognition as valuable assets across virtually all industries, yet they rely heavily
on manually crafted input prompts. In real-world applications, the dependence on specialized staff, skilled prompt engineering, and
domain-specific knowledge often leads to suboptimal performance and increased costs. In this study, we investigate the use of genetic
algorithms (GAs) to generate, evolve, and judge LLM prompts in a completely autonomous fashion. The main novelty presented here
is the integration of general-purpose LLM-guided genetic operators with LLM-based fitness evaluation, enabling prompt optimization
without human intervention. Full prompting automation is possible via the customization of a standard GA implementation to handle
textual individuals, which are manipulated by LLM-guided genetic operators that iteratively create and enhance candidate prompts.
Additionally, LLMs are employed to assess the correctness of outputs, forming the basis of our GA’s fitness function. Our experimental
results indicate that our approach produces solutions that are, on average, 22% more correct than those generated by humans. This
conclusion is supported by extensive testing utilizing 10 public datasets and 6 modern LLMs by OpenAl, Meta, and MistralAl. Ablation
studies and sensitivity analysis further substantiate our approach’s robustness under probabilistic scenarios. Our findings suggest that this
GA-driven prompt engineering approach can produce superior solutions compared with those written by prompt engineers who possess
technical skills but lack domain-specific knowledge and a full understanding of vendor-specific prompting idiosyncrasies. Ultimately,
this study highlights the viability and potential of fully automated optimization for minimizing human effort in writing performant
prompts.
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1. Introduction

It is unquestionable that large language models (LLMs)
have transformed the field of artificial intelligence (AI). By uti-
lizing transformer-based neural networks, massive datasets, and
fine-tuned reinforcement learning strategies, these models excel
at understanding and generating human-like text, bringing sub-
stantial benefits to numerous applications [1, 2]. However, their
accuracy still relies heavily on users providing clear, precise input
instructions, in an activity known as prompt engineering [3].
This requirement poses challenges, especially for teams lacking
resources, working with domain-specific content, or migrating
across different model providers. Therefore, automating prompt
engineering has the potential to significantly enhance LLM per-
formance across various tasks and industries by reducing reliance
on human input.

*Corresponding author: Leandro A. Loss, Al R&D, AML RightSource, USA
and MBA Department, ESSCA School of Management, France. Email:
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To address these challenges, novel methods for prompt gener-
ation and optimization have been proposed, aiming at automating
this process [4—6]. The task is, however, complex due to vendor-
specific requirements and the nuanced characteristics of natural
language itself. Combined, these characteristics cause minor
variations in wording and input structure to produce distinct
responses from an LLM [7]. For example, it has been shown
that in sentiment analysis, a prompt that includes context and
some specific linguistic features can yield more accurate results
than a generic, less structured prompt [8]. In categorization tasks,
input-output examples provided as context can greatly improve
outcomes [2]. Currently, prompt optimization involves domain-
specific instructions, manual adjustment, and frequent trial and
error. These practices are time-consuming and may not yield opti-
mal results, particularly across wide sets of tasks. Therefore, there
is certainly a need for efficient approaches that can systematically
explore a large space of candidate prompts and enhance LLM
performance [9].
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In this study, we build on our initial exploration of genetic
algorithms (GAs) for prompt optimization. Here, we intro-
duce enhancements to the methods presented in our preliminary
works and greatly extend their experimental setups [10, 11].
Among the various optimization algorithms available today, we
chose GAs for this work because they have been shown to
be highly effective across a wide range of optimization prob-
lems (Section 2). Moreover, by mimicking natural selection and
evolution, GAs are able to balance exploration (discovery of
new solutions) with exploitation (refinement of existing solu-
tions) [12], providing an ideal optimization framework for prompt
engineering.

GAs start with a population of random individuals (i.e., can-
didate solutions) that “evolve” through genetic operators, such
as selection, crossover, and mutation. Individuals are continually
evaluated by a fitness function that judges their outcome quality.
This process is repeated over several generations, gradually con-
verging toward optimal or near-optimal solutions [13]. That also
enables GAs to efficiently search large spaces and find innovative
solutions, making them ideal for prompt optimization.

The primary goal of this study is to assess, both quantita-
tively and qualitatively, the effectiveness of GAs in automating
prompt engineering for modern LLMs. By treating prompts
as individuals in a GA, we can autonomously explore vari-
ous configurations, potentially discovering strategies that surpass
manual methods. More specifically, we perform adaptations
to standard GA operators to work with textual individuals,
data samples, and meta prompts (ie., generic LLM instruc-
tions). The proposed customizations direct the GA to perform
generation and gradual refinement of prompts and drive opti-
mization. This automated method also overcomes challenges such
as vendor-specific guidelines and language barriers by using the
same LLM for both prompt engineering and problem-solving.
In this study, we investigate (i) whether GAs can consistently
find high-performing prompts without human intervention or
explicit domain knowledge and (ii) how these prompts compare
to those created by humans. To this end, we compare our GA-
optimized prompts against manually crafted prompts using mod-
ern LLMs, including OpenAl’s GPT-40, Meta’s Llama-3.3-70B,
and MistralAl's Mistral Large, across various domain-specific
datasets.

We believe GA-optimized prompts can facilitate LLM adop-
tion in specialized fields, offering seamless adaptability to niche
problems with minimal human effort. This study contributes to
the fields of computational optimization, generative Al, and evo-
lutionary computing by proposing an LLM-powered GA method
to fully automate prompt engineering.

To investigate the feasibility of fully automated prompt
optimization for LLMs, this study makes the following
contributions:

Method: We propose an LLM-powered GA in which
prompts evolve using meta-prompt-based initialization, mutation,
and crossover operators.

Automation: We introduce a fully automated optimization
loop where an LLM generates candidate prompts and a second
LLM evaluates outputs through the fitness function.

Evaluation: We validate our approach across 10 datasets and
6 modern LLMs, comparing GA-optimized prompts against no-
prompt baselines and prompts written by experienced engineers.

Analysis: We examine the reliability of LLMs serving as
evolutionary operators and fitness evaluators (i.e., LLM-as-a-
judge), including, among other factors, the impact of evaluation
misjudgments on the overall evolutionary process.
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This paper is organized as follows: After this Introduction, we
perform a brief yet targeted literature review in Section 2, offering
an overview of the current technical landscape for contextualization
of our study. In Section 3, we outline the methodology we utilized
for integrating GAs with LLMs for prompt optimization, along
with a full description of our experiments. In Section 4, we present
the results of our research, their implications, and a comprehensive
rationale for the findings. Finally, Section 5 discusses our findings,
their significance within the broader field of generative Al and
prompt engineering automation, and potential directions for future
research.

2. Related Literature

The release of transformer-based language models in the
late 2010s, such as those introduced by Vaswani et al. [14] and
Devlin et al. [15], marked a turning point in AI and natu-
ral language processing (NLP). Subsequent work demonstrated
that performance gains could be significantly improved through
more efficient scaling and training strategies [16]. This trajec-
tory resulted in the release of OpenAl’s GPT-4 in 2023 [17],
which catalyzed the widespread adoption of LLMs across various
sectors, including ZenDesk’s Al-powered customer support solu-
tion, JasperAl’s marketing automation tool, Thomson Reuters’s
Legal Al assistant, and BloombergGPT’s financial analyzer [18],
to cite a few. As LLMs have become ubiquitous, their ability
to perform tasks with natural language guidance, understand
complex queries, and generate human-like text has made them
appealing across many industries. Moreover, their emergent capa-
bilities, such as decision-making and reasoning, combined with
other advancements in other technologies, such as agentic work-
flows and retrieval-augmented generation, have further enhanced
their utility, making LLMs faster, more cost-effective, and more
reliable [19].

Despite their powerful capabilities, the adoption of LLMs
has posed challenges, particularly in industries where technical
expertise is limited. Manual prompt engineering remains a criti-
cal step for optimizing LLM performance [20, 21], yet it can be
a barrier, for example, for non-experts or easy migration between
competing providers. To address these challenges, researchers have
developed semi-automated methods to facilitate LLM utiliza-
tion. Notable innovations include AutoPrompt by Shin et al. [4],
which uses gradient-guided search for prompt generation, and
FLUENT PROMPT by Shi et al. [5], which applies linguistic
constraints for effective prompt creation. Reinforcement learning-
based approaches, like RLPrompt [6] and TEMPERA [22], have
also emerged, offering dynamic prompt adaptation. Methods such
as automatic prompt optimization [23] and learning-to-plan [24]
further reduce the reliance on technical expertise, streamlining the
use of LLMs across various problems and providers.

In the field of optimization, GAs have long been effective
in solving complex optimization problems. They have been suc-
cessfully utilized across numerous tasks, from engineering design
[13] to financial modeling [25], demonstrating their versatility and
robustness in exploring complex, large search spaces. The appli-
cation of GAs in NLP, though relatively less explored, is gaining
traction. Studies like those by Lehman et al. [26] and Meyerson
et al. [27] demonstrate the use of LLMs to enhance genetic pro-
gramming and prompt evolution. Tanaka et al. [28] introduced
a GA-based prompt engineering solution for the Japanese lan-
guage. Other works, such as EvoPrompt [29], further integrate
LLMs with GAs and other evolutionary algorithms under human
guidance, while research by Guo et al. [30] and Hsieh et al. [31]
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investigates GA-based prompt optimization across different tasks.
These studies show promise but often require some type of human
intervention, either by constraining initial criteria or artificially
driving genetic operations based on domain-specific instructions.
Despite this, the potential for LLMs as evolutionary operators in
GAs continues to grow, with active research striving to overcome

these limitations.

For a side-by-side comparison, Table 1 provides a compact
guide to the differences between our proposed LLM-powered GA
and five of the previously cited LLM-driven prompt optimization
solutions most similar to ours.

3. Method and Experiments

In this section, we describe our method and the experi-
ments conducted to explore whether LLMs can autonomously
generate effective and optimal prompts without human interven-
tion or the need for domain-specific knowledge. Our goal is to
determine if LLMs can act as their own prompt engineers in
a fully automated manner. To this end, we developed a GA
with custom genetic operators designed to iteratively propose new
input prompts. These prompts are generated based on domain-
agnostic meta prompts and a set of problem-specific input—output

Table 1
Compact guide to the differences between our proposed method and similar solutions cited in Section 2
Need for label- Manual
s/ground templates or Human-in-the- Optimization Degree of
Method truth seed prompts loop target automation
AutoPrompt [4] Yes: Yes: fixed No during opti- Discrete token Low-moderate:
requires labeled prompt tem- mization, but triggers inserted automated token
training exam- plate with template design into a template search but con-
ples to compute trigger tokens required to maximize strained by a
gradients downstream human-designed
task accuracy template
RLPrompt [6] Yes: reward com- Often requires an  No during Reinforcement Moderate: auto-
puted from initial prompt training but learning policy mated token
labeled task template or task/reward that gener- generation but
performance structure design required ates discrete depends on
prompt tokens labeled reward
maximizing signal
reward
TEMPERA [22] Yes: uses task Yes: edits an Indirect: initial Test-time prompt Moderate: auto-
outputs or evalu- existing prompt supplied editing to mated editing
ation signals for prompt rather by user improve task but relies on a
RL reward than gener- performance starting prompt
ating from and reward
scratch signal
EvoPrompting [29] Often yes: task- Yes: typically Yes: evolution- Evolutionary Moderate: evo-
based evaluation initialized ary search optimization lutionary
from human often guided of prompt search but
prompts or or seeded by structures or human-guided
templates humans programs initialization
LLMs as Not strictly Often yes: opti- Typically yes: LLM itera- Moderate-high:
optimizers [30] required: but mization humans define tively proposes automated
evaluation sig- target and objective and improved proposal gen-
nals usually prompt struc- evaluation solutions for eration but
provided ture defined pipeline a defined human-defined
manually objective optimization
loop
Proposed Yes: uses No domain- No human inter- Evolutionary High-fully auto-
LLM-powered GA input-output specific vention after search over mated: prompt
(this work) examples templates: only initialization full prompt generation,
for auto- generic meta text using evolution, and
mated fitness prompts LLM-driven self-evaluation
evaluation initialization, performed
mutation, autonomously
crossover, and
evaluation
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examples. Our experiments explore 6 state-of-the-art LLMs and
10 problems, each represented by a unique dataset. The follow-
ing sections provide a comprehensive overview of our method and
experiments, including the reasoning behind each methodological
choice.

3.1. LLM-powered genetic algorithm

In this study, we customized a standard GA to work with tex-
tual individuals, which are manipulated using operators defined
by LLMs. Each individual in our GA is represented as an
LLM prompt, serving as a candidate solution to the given
task. We replaced traditional genetic operators like initialization,
crossover, and mutation with meta prompts: generic, domain-
agnostic prompts crafted to drive prompt generation and the
evolution of individuals. Tables B1-B3 (Appendix B) illustrate
generated prompts for initialization, mutation, and crossover. As
discussed in Section 2, similar adaptations have been proposed in
previous studies [26, 27, 32], with more recent examples proposed
in References [33, 34]. The concept of domain-agnostic meta
prompts has also been explored by Yang et al. [35], though their
effectiveness has been debated by Ye et al. [36]. Our method is
unique in that it minimizes user influence and reliance on domain-
specific instructions, relying instead on insights that can be directly
inferred from data samples. To ensure diversity and prevent
premature convergence of the fitness function, a common prob-
lem with GAs, we used a tournament selection strategy with a
size of 31.

Algorithm 1: LLM-Powered GA for Prompt Optimization

0: input—population size, number of generations, mutation
probability, LLM name, and data samples

1: Initialize population using system and initialization meta
prompts, and data samples

2: Evaluate fitness of individual prompts using fitness and system
fitness meta prompts

3: While number of generations is not reached:

4: Perform selection using trio tournament selection

5: Perform pair crossover using crossover meta prompt

6: Perform conditional mutation using mutation meta prompt

7: Evaluate fitness of resulting prompts using fitness and system
fitness meta prompts

8: Increment generation count

9:End While loop

10:output<«individual prompt with highest fitness

To maintain consistency across experiments and manage
computational costs, we fixed the population size at 20 indi-
viduals and limited the number of generations to 20. These
values proved sufficient across most problems in our experiments.
Fitness was evaluated using 500 randomly preselected data sam-
ples, even when larger datasets were available. This methodology
allowed us to assess our method’s efficiency under controlled
and reproducible conditions. The detailed solution is presented in

'The literature reveals mixed experiences with selection strategies when
applied to prompt optimization. For example, Tanaka et al.’s findings [28]
also used tournament selection, but Guo et al. [30] recommended roulette
wheel selection. Our experience is that maintaining population diversity
proved challenging with every traditional strategy applied individually, and
we plan to explore the use of novel and concurrent use of these strategies in
the future.
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Algorithm 1, with the associated code and datasets made publicly
available via Reference [37]. Ablation studies in the Appendix of
this work analyze the influence of distinct setups.

3.2. Meta prompts

Our customization of the GA involves replacing traditional
random initialization and bitwise operators with textual instruc-
tions. These instructions, referred to here as meta prompts, are
predefined and domain-agnostic prompts that guide the language
model in creating, modifying, and assessing individuals, which are
also prompts, to simulate processes like initialization, crossover,
mutation, and fitness evaluation. The meta prompts are designed
to use only generic language, sample data (for initialization), pre-
viously generated GA prompts (for crossover and mutation), and
output answers (for fitness evaluation). This design enables our
method to be applied across a diverse range of supervised learn-
ing problems typically represented by input—output pairs. More
specifically, during LLM-based initialization, a meta prompt
instructs the GA to generate a population of candidate prompts,
each addressing the problem defined by the sample data in its own
way. Mutation and crossover meta prompts further instruct the
GA to create new prompts based on one or two existing prompts,
respectively. Finally, a meta prompt instructs the GA’s fitness
function to compare the ground truth and the resulting output
of candidate prompts. Appendix B illustrates prompts generated
during initialization, mutation, and crossover by our GA.

To enhance the consistency and reliability of the LLM’s
responses, we designed system prompts to establish basic safe-
guards and guide the overall model behavior. Our system prompts
set overarching parameters and guidelines and work alongside
each specific meta prompt. Table 2 outlines our meta prompts
and their roles in the LLM-powered GA. The sample data used
by initialization prompts comprise a pre-determined number of
randomly selected input-output pairs. Similar to other machine
learning algorithms, these data allow our method to derive context
and infer domain knowledge without specialized instructions. The
exact number of samples varies across problems and models and is
calculated based on the length of each input—output pair and the
available context length in each LLM. For example, LLMs with
128k-token context windows can accommodate up to 200 sam-
ples when categorizing short sentences, but only 10-20 samples
when interpreting lengthy financial reports. As with traditional
machine learning tasks, the performance of generated solutions is
influenced by the quality and quantity of data samples. However,
in this context, it is more difficult to establish a direct relationship
between input samples and output quality because LLMs have
the unique advantage of being pre-trained on extensive datasets,
which can help mitigate the effects of insufficient or inadequate
context. Nonetheless, the sample data are fixed across all models
(subject to LLM context-length constraints), so if a suboptimal
sample selection occurs, it should affect all models equally on that
specific problem.

3.3. Fitness function

The formulation of fitness functions is crucial for the
effectiveness and efficiency of GAs, as extensively shown by inde-
pendent literature [38—40]. To maintain the automated nature of
the optimization process, we developed meta prompts that instruct
a separate LLM to evaluate the generated output against ground
truth and judge their semantic equivalence (refer to Table 2). This
operation yields a binary “yes” for matching answers or “no”
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Table 2
Meta prompts: generic LLM instructions that drive GA initialization, mutation, crossover, and fitness evaluation

Role Prompt

System

You are an Al that helps people solve problems. Avoid comments outside the proposed prompt as the user

will use your answer to integrate with another downstream system

Initial

Create a [LLM_MODEL] prompt that solves the problem exemplified by the following examples:

[SAMPLE_QUESTION_1] [SAMPLE_ANSWER_]]
[SAMPLE_QUESTION_2] [SAMPLE_ANSWER _2]

Crossover
prompt using only ideas from them.

[PROMPT_A]

[PROMPT_B]

Mutation
ideas from it.
[PROMPT_A]

System fitness

Given the following drafts for two prompts that aim to solve the same particular problem, create a better

Given the following draft for a prompt that aims to solve a particular problem, create a better prompt using

You are an Al that validates automated answers against ground truth. You only answer “yes” or “no” with

no extra comments, notes, or explanations as the user will use your answer to integrate with another

downstream system.

Fitness

My ground truth is [TRUTH]. Does the automated output [ANSWER] linguistically, symbolically,

conceptually, or fundamentally match my ground truth?

otherwise. Because the judging model solves a purely discrimi-
native task without any knowledge of the underlying generative
process, it is unlikely to favor responses by any specific model
under evaluation. An individual’s fitness score in any generation
is determined by the average rate of matching answers across an
evaluation dataset, which is separate from the data samples used
during initialization. Refer to Tables C1 and C2 (Appendix C) for
examples of positive and negative matches between LLM outputs
and the expected golden answer.

In addition to quality metrics, the fitness function can poten-
tially incorporate other elements. Factors such as the length of
prompts and responses, their costs, and other considerations
can significantly impact the GA’s selection of individuals and
better tune it to users’ requirements. These factors, along with
their desired scaling coefficients, can be easily added to the
formulation:

N .
Fitness = Z (i= 1)(oc X matching +
B X length (prompt,) =+
¥ X length (response,) +

8 X cost (request ) +
...)/ N,

where N = GA population size,

matching € {0, 1},

length(x) = number of tokens in X,

cost(x) = cost of tokens in x, and

a+fB+y++...=10.

For this study, we set « = 1.0 and §, , &, ... = 0.0 in all
experiments. Failure to normalize measurements or to tune coef-
ficients appropriately (e.g., overweighting prompt length relative
to matching rate) may yield poor results, causing the GA to favor
short but inaccurate prompts over longer, more accurate ones.
Ablation studies in Appendix A of this work analyze the impact
of distinct setups.

3.4. Datasets

To validate our method across a range of tasks, including
multilingual and domain-specific text classification, comprehen-
sion, reasoning, and question answering, we evaluated it on 10
public datasets: (1) Academic Topic Classification, (2) Financial
Math Reasoning, (3) Bulgarian Academic Q&A, (4) ScienceQA,
(5) TruthfulQA, (6) China Law, (7) MS MARCO, (8) Liar, (9)
Banking77, and (10) Criminality Sentiment Analysis. Some of
these datasets are established NLP benchmarks, whereas oth-
ers are less widely used; however, all are documented in the
technical literature and available through Hugging Face Datasets
(https://huggingface.co/datasets). In preliminary experiments, we
also considered traditional benchmarks, such as SST-2, SST-5,
and AG’s News [4], but these proved insufficiently challenging for
modern LLMs: the GAs initial population often achieved perfect
scores, likely reflecting the models’ capabilities and/or prior expo-
sure to these datasets during training or fine-tuning. Our goal is
to demonstrate effectiveness in tasks where expert prompt engi-
neering is critical to performance. For that reason, we excluded
many popular but comparatively easy datasets from this study.

The sections below describe each dataset. For each dataset,
we first randomly separated a fixed evaluation set of 500 sam-
ples from the remaining data used for initialization, subject to the
LLMs’ context-length constraints. We then reduced each dataset
to the input—output fields only, removing auxiliary metadata to
enforce a consistent format and to simplify the shareable version
of our implementation.

Academic topic classification: Released by S. Anandhu (hug-
gingface.co/datasets/anandhu-sct/topic_classification), this dataset
contains over 3000 academic problems labeled across 254 topics
spanning mathematics, computer science, and logic. The large label
space and fine-grained distinctions make it a stringent test for
multi-class classification and prompt design.

Financial math reasoning: Described by Cheng et al. [41],
this dataset includes nearly 1500 reading-comprehension items
derived from financial news. It requires reasoning about domain-
specific numerical and temporal information (amounts, dates,
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market indicators, etc.), making it suitable for evaluating prompt
engineering under mixed textual-numerical constraints.

Bulgarian academic Q&A: Released by Hardalov et al. [42],
this dataset includes over 2600 multiple-choice questions in Bul-
garian across several academic domains. Its non-English language
setting and specialized content test multilingual prompting and
domain adaptation.

ScienceQA: Described by Saikh et al. [43], this dataset
contains approximately 21,000 science questions spanning mul-
tiple disciplines. It targets domain-specific comprehension and
reasoning tasks and serves as a robust prompt-engineering testbed.

TruthfulQA: Introduced by Lin et al. [44], this dataset con-
tains over 800 questions across domains such as health and
politics and is designed to assess whether models avoid produc-
ing false yet plausible answers. It is therefore useful for evaluating
prompts aimed at improving truthfulness.

China law: Studied by Yuan et al. [45], this dataset com-
prises over 2.6 million Chinese legal cases with annotations for
legal judgment prediction. The combination of technical legal lan-
guage and a non-English setting makes this dataset particularly
challenging for LLMs and prompt optimization in general.

MS MARCO: Introduced by Nguyen et al. [46], MS
MARCO contains over one million real user queries from the Bing
search engine with human-annotated answers. Its open-ended,
organic queries provide a demanding setting for prompt design.

Liar dataset: Compiled by Wang [47], this dataset includes
12,800 human-labeled statements from PolitiFact. The task
requires distinguishing degrees of truthfulness using nuanced lan-
guage and contextual cues, making it appropriate for evaluating
prompt strategies for fact-checking and classification.

Banking77: Introduced by Casanueva et al. [48], this dataset
contains roughly 13,000 banking-related user queries labeled with
77 intents. It provides a focused benchmark for intent classification
in a specialized domain.

Criminality sentiment analysis: This newly compiled dataset
[37] includes approximately 2000 criminal news articles with
manually annotated questions and answers concerning entities’
criminal participation and facilitation. It supports evaluation of
LLM capabilities in named-entity recognition, coreference reso-
lution, domain-specific sentiment analysis, and causal inference,
all of which benefit from careful prompt generation.

3.5. Large language models

In our study, we evaluated six LLMs to assess prompt opti-
mization using our customized GA. Our selected models comprise
various versions, families, sizes, and access regimes (proprietary
Application Programming Interface (API) models and open-
weight models) to provide coverage across different architectures
and instruction-tuning conventions. Although this selection is not
exhaustive, it encompasses a diverse set of prompting interfaces
and constraints, and it subjects prompt-optimization methods to
distinct context handling, formatting requirements, and response
patterns. The evaluated models are summarized below.

OpenAD’s GPT-4o (version: 2024-08-06): GPT-40 was devel-
oped by OpenAl and is reported to perform strongly on general
and complex tasks such as writing, analysis, and comprehen-
sion (https://openai.com/index/hello-gpt-40/). It is available via a
proprietary APL. Its source code and weights were not publicly
released.

OpenAl’s GPT-40-mini (version: 2024-07-18): GPT-40-mini
is a smaller, low-latency, and low-cost variant intended to
retain strong performance on many NLP tasks while improving
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efficiency. It is also provided via a proprietary API with closed
source and closed weights.

MistralAI’s Mistral Large 24.11: Mistral Large is a high-
capacity model from MistralAl designed for strong general
instruction-following performance across domains (https://mistral.
ai/news/). It is offered as a proprietary model; its source code and
weights are not publicly released.

MistralAI’s Mistral NeMo 12B: Mistral NeMo is a 12B-
parameter model positioned for efficient inference and adaptation
to domain-specific tasks (https://mistral.ai/news/mistral-nemo/).
Unlike Mistral Large, it is released as an open-weight model
(Apache 2.0).

Meta’s Llama-3.3-70B-Instruct: Llama-3.3-70B-Instruct is a
70B-parameter instruction-tuned model designed for complex
instruction-following and text-generation workloads (https://www.
llama.com/). It is distributed as an open-weight model under
Meta’s Llama license (i.e., not an OSl-approved open-source
license).

Meta’s  Llama-3.2-11B-Vision-Instruct: ~ Llama-3.2-11B-
Vision-Instruct is an 11B-parameter multimodal instruction-tuned
model intended for vision-and-language use cases (https://ai.meta.
com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/).
We included it to represent smaller open-weight models and
multimodal prompting; it is also distributed under the Llama
license.

3.6. Experimental design

To evaluate the effectiveness of our customized GA in
automating prompt engineering across various problems and
models, we conducted three sets of experiments:

Experiment I: We tested our GA-based prompt-optimization
approach using the three smaller language models: GPT-40-mini,
Mistral NeMo, and Llama-3.2-11B. The models were applied
to four datasets: Academic Topic Classification, Financial Math
Reasoning, Bulgarian Academic Q&A, and ScienceQA. This
experiment aimed to demonstrate the effectiveness of our method
with both open-source and proprietary models.

Experiment II: We focused our attention on one of the models
used in Experiment I: Mistral NeMo, and applied it to another
six datasets: TruthfulQA, China Law, MS MARCO, Liar Dataset,
Banking77, and Criminality Sentiment Analysis. The objective of
this experiment was to illustrate the applicability of our method
across a broader range of problems.

Experiment III: Finally, we compared the performance of
our approach with the larger models: GPT-40, Mistral Large
24.11, and Llama-3.3-70B. In this experiment, we tested LLMs
on the Academic Topic Classification dataset. The aim was to
evaluate how our GA performs under the guidance of large,
top-performing models.

In each experiment described above, we recruited experienced
prompt engineers to solve the same problems with the same models.
These engineers, proficient in utilizing LLMs for diverse computa-
tional tasks, had not worked on the specific problems selected for
our study before. They were instructed to use the sample data pro-
vided for context and problem understanding, mirroring the GA’s
initialization process. Although they were proficient in English,
they were not familiar with Bulgarian or Chinese, which was rele-
vant to two of the datasets (Bulgarian Academic Q&A and China
Law). Each engineer solved five problems using the smaller mod-
els. Due to budget constraints, we engaged only one engineer to
work with the larger models. Engineers were allotted four hours
per problem, including computing time.


https://openai.com/index/hello-gpt-4o/
https://mistral.ai/news/
https://mistral.ai/news/
https://mistral.ai/news/mistral-nemo/
https://www.llama.com/
https://www.llama.com/
https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/
https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/
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Finally, to establish an experimental baseline, the models
were also tested using prompts containing only the input data,
without any additional instructions. Our objective for this “no-
prompt” approach was to determine whether the datasets could
have been part of the model’s training or fine-tuning (i.e., data
leakage, memorization, etc.), which would inherently embed the
solutions into the model itself, and thus isolate the impact of
prompt engineering.

Our results are described in Section 4. Additionally, we
present ablation studies and sensitivity analysis substantiating our
design decisions and parameter choices in Appendix A.

4. Results

In this section, we show the results from Experiments I, II,
and II1, along with our technical observations and the implications
of our findings. We start by examining Figure 1, which pro-
vides curves resulting from Experiment I across the smaller tested
LLMs: GPT-40-mini, Mistral NeMo, and Llama-3.2-11B. Sub-
figures (a)—(c) display the comparative results of our GA, manual
prompt engineering, and the no-prompt baseline for each dataset.

Next, Figure 2 presents curves resulting from Experiment II,
which again compares our GA-based optimization with manual

Figure 1
Results for Experiment I: plots for our GA, no-prompt, and manual approaches using GPT-40-mini, Mistral NeMo, and Llama-3.2-11B
applied to four datasets. Curves labeled Best, Average, Manual, and No-prompt represent the maximum fitness per generation, the
average fitness per generation, the human performance, and the no-prompt performance achieved on each problem, respectively
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Figure 2
Results for Experiment I1: plots for our GA, no-prompt, and manual approaches using Mistral NeMo applied to an additional six
datasets. Similar to the previous plot, curves labeled Best, Average, Manual, and No-prompt represent the maximum fitness per
generation, the average fitness per generation, the human performance, and the no-prompt performance achieved on each problem,
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prompt engineering and the no-prompt baseline, this time focusing
solely on Mistral NeMo as the operating LLM. Subfigures (a)—(f)
display the comparative results of the approaches on each new
dataset.

Next, Figure 3 displays curves resulting from Experiment
III, comparing GA-based prompt optimization, manual prompt
engineering, and no-prompt baseline runs using the larger LLMs:
GPT-40, Mistral Large 24.11, and Llama-3.3-70B. Results from
the corresponding smaller models are repeated here for side-by-
side comparisons between model sizes. Results are shown for the
Academic Topics Classification dataset only. Curves illustrate the
best fitness achieved across each generation by each approach.

Regardless of each model’s specific strengths and weak-
nesses, which can indeed have a localized impact on fitness, our
experimental results clearly demonstrate that our proposed LLM-
powered GA generated and evolved effective prompts across all
datasets and models. The curves representing the best individuals
reveal that all models improved the fitness of initial solutions after
processing them through our genetic operators. Additionally, the
average curves indicate that the entire population benefited from
this evolutionary process.

Quantitative comparisons between our LLM-powered GA
and the no-prompt and manual prompt engineering baselines
showed superior results across most datasets, as detailed in
Table 3. Overall improvements between approaches averaged
31.2% and 22.0%, respectively. While the former indicates how
much our method was able to enhance what the LLM could
already achieve on its own, the latter highlights the viability of
fully automated prompt engineering and aligns closely with find-
ings from Guo et al. (up to 25% improvement) and Chen et al.
(22% improvement on a slightly different application). It is impor-
tant to note that manual prompting excelled on the Financial
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Math Reasoning dataset using one of the strongest models (i.e.,
Mistral Large). That is likely because the engineer intentionally
employed Chain-of-Thought (CoT) [49], a powerful prompting
strategy that our automated method did not consistently evolve
for this task in particular. In a separate study, we address that
specific problem with reasoning-capable models [11].

Qualitatively, we identified a few emergent features. For
instance, GA-guided LLMs were capable of generating a vari-
ety of prompts using known prompt engineering techniques, such
as employing examples and templates, contextual information,
role-playing, and step-by-step guidance. While some strategies
led to fitness improvements, others did not and were pruned
out of the population. Another interesting feature is that our
GA allowed LLMs to explore different approaches concurrently.
More specifically, in the Academic Topic Classification dataset,
we noted that Mistral NeMo addressed the problem from at
least three distinct perspectives: topic inference (open categories),
topic categorization (predefined categories), and interactive learn-
ing experience design (comprehensive descriptions of core topics,
takeaways, and learning objectives). Finally, Llama and Mistral
models were able to generate prompts entirely in Bulgarian for the
Academic Q&A and in Chinese for China Law. These observa-
tions showcase behaviors not typically seen among human prompt
engineers.

Overall, we observed that larger models, while generating
prompts that were essentially similar to those produced by smaller
models, generally exhibited slightly higher accuracy and finer
detail in their responses. Nevertheless, the smaller models (GPT-
40-mini, Mistral NeMo, and Llama-3.2-11B) achieved superior
fitness scores. We attribute this counterintuitive result to the
higher misjudgment rates by these models when serving as fit-
ness evaluators. In our experiments, we observed that the LLMs’
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Figure 3
Results for Experiment III: plots for our GA, no-prompt, and manual approaches using GPT-40, Mistral Large, and Llama-3.3-70B
applied to the Academic Topic Classification dataset. Curves represent the best fitness per generation, as well as results by manual and
no-prompt baselines
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GPT-40

performance as judges of output quality varied significantly.
While GPT-40, GPT-40-mini, Mistral NeMo, and Mistral Large
performed well and within a consistent and acceptable margin of
error (between 1% and 5% misjudgment rates), Meta’s Llama pair,
Llama-3.2-11B and Llama-3.3-70B, exhibited rather inconsistent
performance with a higher margin of error. Sample analysis
revealed instances where these models produced misjudgment
rates anywhere between 1% and 35%, more often overestimating
the equality of different answers than vice versa. These results var-
ied across datasets, with categorization tasks generally performing
best and free-text Q&A tasks performing worst. Appendix A
describes our ablation studies and sensitivity analysis, touching
on this topic in a little more depth. Nonetheless, due to the

generations

Mistral Large

generations

Llama-3.3-70B

subjective nature of such judgments in various tasks, users of this
method may disagree with the standard matching produced by
our fitness meta prompts and may tailor them, with little effort,
to perform more aggressively or conservatively according to their
needs.

It is important to note, though, that one should not
infer that future, more advanced models will not possess bet-
ter innate prompt engineering and self-judgment capabilities. On
the contrary, we anticipate that our evolutionary optimization
methodology will greatly benefit from more capable models with
inherent strengths in prompt engineering.

Ultimately, our results reveal that automated methods out-
performed manual prompt engineering across most models and
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prompting across the great majority of datasets and models

Table 3
Summary of results from Experiments I, II, and III, including performance differences and average fitness scores
across approaches. Each row shows the highest fitness achieved by each model on each dataset, while the final two

columns report the difference between automated and baseline results (NP: No-Prompt and MP: Manual Prompting).

The table demonstrates that our LLM-powered GA is not only competitive overall but also outperforms manual

NP LLMed MP Diff. Diff.
LLM Dataset baseline GA baseline (GA-NP) (GA-MP)
Topic Classification 0.558 0.788 0.724 0.230 0.064
GPT-40-mini Bulgarian Q&A 0.768 0.996 0.774 0.228 0.222
Financial Math 0.646 0.708 0.670 0.062 0.038
ScienceQA 0.466 0.970 0.454 0.504 0.516
Topic Classification 0.664 0.996 0.547 0.332 0.449
Llama-3.2-11B Bulgarian Q&A 0.672 0.966 0.630 0.294 0.336
Financial Math 0.668 0.831 0.663 0.163 0.168
ScienceQA 0.510 0.992 0.547 0.482 0.445
Topic Classification 0.562 0.800 0.588 0.238 0.212
Bulgarian Q&A 0.536 0.996 0.633 0.460 0.363
Financial Math 0.494 0.523 0.486 0.029 0.037
ScienceQA 0.518 0.802 0.526 0.284 0.276
Mistral NeMo Truthful QA 0.426 0.612 0.534 0.186 0.078
China Law 0.536 0.910 0.820 0.374 0.090
MS MARCO 0.384 0.418 0.404 0.034 0.014
Liar Dataset 0.104 0.998 0.360 0.894 0.638
Banking77 0.426 0.864 0.766 0.438 0.098
Criminality Sentiment 0.272 0.946 0.691 0.674 0.255
Topic Classification 0.520 0.772 0.717 0.252 0.055
GPT-4o0 Bulgarian Q&A 0.768 0.944 0.910 0.176 0.034
Financial Math 0.646 0.971 0.751 0.325 0.220
ScienceQA 0.466 0.938 0.380 0.472 0.558
Topic Classification 0.694 0.872 0.692 0.178 0.180
Llama-3.3-70B Bulgarian Q&A 0.672 0.966 0.809 0.294 0.157
Financial Math 0.668 0.831 0.723 0.163 0.108
ScienceQA 0.510 0.992 0.488 0.482 0.504
Topic Classification 0.448 0.773 0.564 0.325 0.209
Mistral Large Bulgarian Q&A 0.536 0.996 0.823 0.460 0.173
Financial Math 0.494 0.523 0.682 0.029 -0.159
ScienceQA 0.518 0.802 0.526 0.284 0.276
Average All 0.312 0.220

problem domains. It is worth noting, though, that the engineers
did not always utilize the full 4-hour period allocated for each
problem. We observed that they typically experimented with a
few prompting strategies and quickly anchored on what appeared
to be the most promising solution. They then concentrated
their remaining time on refining that solution, often neglect-
ing to further explore different, potentially superior, prompting
strategies. We believe this behavior may have led them to sub-
optimal outcomes in some cases. While this may seem to
complicate a direct comparison between methodologies, it is,
in fact, an enriching observation that highlights some of the
drawbacks of manual prompt engineering. Unsurprisingly, it
also emphasizes the fact that prompt engineering demands per-
sonal investment, discipline, and often feedback from domain
experts to drive gradual improvements toward optimal solutions.
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Consequently, automated prompting approaches, like the one
proposed in this study, are increasingly appealing for real-world
applications.

5. Conclusion

The integration of GAs and LLMs for prompt optimization
marks a significant advancement in the practical application of
generative Al. Our customized GA method proved to address well
some challenges associated with manual prompt engineering and
limitations of current automated techniques. By leveraging the
evolutionary power of GAs, prompt engineers and LLM practi-
tioners can automatically generate effective prompts, discovering
strategies that enhance the efficiency and accuracy of LLMs across
a wide range of applications and domains.
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Our study highlights the potential for GA-optimized prompts
to significantly scale the deployment of LLMs in specific industry
contexts, allowing generative models to adapt to specialized prob-
lems with minimal human intervention. The findings presented
here contribute to the broader fields of generative Al, com-
putational optimization, and evolutionary computing in several
important ways. First, they demonstrate the ability of GA-guided
LLMs to systematically tackle complex problems traditionally
addressed by humans only. Second, they provide substantial evi-
dence that LLMs by different vendors and of different sizes can
serve as good judges of output correctness and, consequently,
drive optimization via their influence on the fitness function.
Third, they show numerous instances where GA-guided LLMs
exceed the performance of manual prompt engineering in solving
domain-specific tasks, aligning with findings from other indepen-
dent studies. Finally, by making all code and datasets publicly
available, our work facilitates replication and encourages further
contributions from the research community.

In future research, we plan to explore advanced and possi-
bly concurrent usage of selection strategies aiming at increasing
diversity across populations and, consequently, the longer sur-
vival of different, albeit undeveloped, prompting strategies. We
also plan to continue improving our LLM-based fitness function
and to investigate the broader concept of subjective, nondeter-
ministic fitness assessment by LLMs in different optimization
problems. To improve performance and reduce costs, we plan
to explore early-stopping and memorization strategies to mini-
mize the computational footprint of individual GA executions.
Finally, we plan to investigate methods for explicitly eliciting CoT
prompting strategies to enrich prompt generation. Ultimately,
fully automated prompt engineering represents a major leap for-
ward in leveraging LLMs across various industries, particularly
benefiting teams with limited technical expertise. Recent research
suggests that combining LL.Ms with evolutionary algorithms rep-
resents a growing direction, with the potential to redefine how
complex search and optimization problems are approached [50].
As LLMs continue to evolve, these strategies promise to unlock
new capabilities, driving progress in domain-specific applications
and transforming how humans interact with LLMs.
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Appendix A. Sensitivity and Ablation Studies

This appendix reports sensitivity and ablation studies designed to characterize the robustness of our method and its sensitivity to
key design choices. These analyses improve transparency around stochastic variability and practical reproducibility, but they are not
intended to constitute a full formal significance-testing framework.

Zero generations: We used GPT-40-mini and Mistral Large to generate 2000 prompts for the Topic Classification dataset. This
is approximately five times the total number of prompts produced by a single run of our LLM-powered GA with 20 generations
and a population size of 20. The goal of this study was twofold: (1) to ablate GA-driven evolution and (2) to test whether our GA’s
performance could be explained simply by generating a large number of prompts. The results are reported below:

Reported
LLM Dataset LLMed GA Zero gen.
GPT-40-mini Topic Classification 0.788 0.607
Mistral Large Topic Classification 0.773 0.466

These results reveal that random prompt generation does not reliably achieve performance comparable to our approach. Multiple
runs of this experiment with different models exhibited the same pattern. This experiment can be replicated using our shared code by
setting the number of generations to 0 and the population size to 2,000.

Zero mutation: We analyzed the impact of removing the mutation operator by setting the mutation probability to 0 in our shared
code. We used GPT-40 and GPT-40-mini on the Topic Classification dataset. The results were as follows:

Reported
LLM Dataset LLMed GA Zero mutation
GPT-40- mini Topic Classification 0.788 0.732
GPT-40 Topic Classification 0.772 0.741

These results reveal a small but meaningful reduction in the best-individual fitness. In other experiments and datasets, the effect
varied but consistently indicated that removing mutation increases the GA’s sensitivity to the initial population. This experiment can be
replicated by setting the mutation probability to 0 in our shared code.

Multiple reruns: We analyzed variability in the best individual across repeated runs. To this end, we tracked three of our models
on three distinct datasets while performing 10 independent runs of our LLM-powered GA. This study is intended to characterize
stochasticity and robustness, not to replace a formal significance-testing framework. Here, we fixed the random seed (thus keeping the
in-context and validation samples fixed) while allowing the LLM to generate different prompts as usual. The results were as follows:

Reported
LLM Dataset LLMed GA Multiple runs
GPT-40-mini Topic Classification 0.788 0.787 + 0.038
GPT-40-mini Financial Math 0.708 0.707 + 0.047
GPT-40 Topic Classification 0.772 0.772 + 0.031
Mistral Large ScienceQA 0.802 0.804 + 0.044

These results reveal an average variation of 4% across the best individuals produced by the tested models under the same initial
conditions. In separate design experiments, we observed similar variability for larger models, while smaller models sometimes varied
more widely. For example, our worst performer in that regard, Llama-3.2-11B, exhibited up to a 14% difference between runs (based
on a 5-run experiment). This experiment can be replicated by re-running our shared code multiple times without modifying the seed
or other input parameters.

Generations vs. population: We analyzed the impact of the number of generations and the population size using GPT-40-mini on
the Topic Classification dataset. We varied the population size in {10, 20, 30, 40} and the number of generations in {10, 20, 30, 40}.
The results were as follows:

These results reveal the expected GA behavior: larger populations and more generations increase the number of evaluated prompts,
improving the probability of finding better solutions. They also suggest diminishing returns at larger sizes, with performance approaching
saturation. This experiment can be replicated by modifying these input parameters in our shared code.

Cost in fitness: We investigated the impact of incorporating generation cost (input + output) into our fitness formulation. We used
GPT-40-mini and Mistral Large on the Topic Classification dataset. At the time of experimentation, pricing was $0.15/million input
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Gen.
Pop. 10 20 30 40
10 0.606 0.708 0.744 0.778
20 0.652 0.788 0.801 0.808
30 0.654 0.789 0.801 0.804
40 0.696 0.788 0.804 0.804

tokens and $0.60/million output tokens. Using the fitness function, Fitness = (o X matching - X cost), we set « = 0.7 and = 0.3. The

results were as follows:

Reported
LLM Dataset LLMed GA Cost-constrained fitness
GPT-40-mini Topic Classification 0.788 0.780
Mistral Large Topic Classification 0.773 0.775

These results reveal that penalizing fitness by cost did not substantially change the best-individual fitness. Although we expected

shorter prompts and/or shorter elicited responses, we did not observe a consistent relationship. Quantitatively:

LLM Dataset Avg. LLMed GA cost Avg. cost- constrained fitness
GPT-40-mini Topic Classification $0.000058 + $0.000010 $0.000057 + $0.000009
Mistral Large Topic Classification $0.000773 + $0.000013 $0.000773 + $0.000013

where “avg. cost” is the average cost of running the best individual across all 500 evaluation samples. Overall, these experiments do
not support the claim that adding cost (or length-related terms) to the fitness function reliably induces a strong cost/length reduction
without affecting quality. This experiment can be replicated by modifying the coefficients in our shared code.

Evaluation set: To account for varying dataset sizes, we analyzed sensitivity to evaluation-set size. We used Mistral NeMo on the
China Law and MS MARCO datasets (hundreds of thousands to millions of samples). We fixed the number of in-context samples and
varied the evaluation-set size in {100, 500, 1000, 5000}. The results were as follows:

Eval.

Dataset 100 500 1000 5000
China Law 0.964 0.910 0.906 0.901
MS MARCO 0.580 0.418 0.420 0.416

These results reveal no substantial impact on achieved fitness. This may be because, despite their size, these datasets are relatively
homogeneous, allowing the fixed in-context samples to capture sufficient characteristics for effective generalization. This experiment
can be replicated by changing the evaluation-set size parameter in our shared code.

LLM parameters: During development, we tested various intrinsic and extrinsic parameters. The most relevant results are reported
above; many other configurations were either less consequential or too numerous to include here. In particular, we examined LLM
parameters such as temperature, top-p, and top-k. We observed that the magnitude (and sometimes the direction) of their effects varied
by model, including among models from the same vendor (e.g., GPT-40 vs. GPT-40-mini), making it difficult to isolate consistent
correlations with best-individual quality or other GA intermediates. Moreover, some of these parameters are being deemphasized or
deprecated in newer model APIs.

Accordingly, we focused less on LLM sampling parameters and used temperature = 1.0, top-p = 0.95, and max tokens = 4096.
All other parameters were left at each model/vendor default. Note that LLM parameters are not exposed as input parameters in our
shared code; however, readers can supply them directly through the model API to replicate these experiments.

Optimization by self-refinement: Alternative approaches propose that prompt optimization can be achieved by having a single
prompt iteratively refine itself in a closed loop toward optimality. Our intuition suggests that relying on a single initial prompt (however
strong a random initialization may be) to capture all the ingredients necessary to solve a complex problem, while introducing new
elements at random, is unlikely to outperform an optimization strategy in which a pool of prompt candidates exchanges “tested”
information and progressively and robustly captures more information about the problem. To test this hypothesis, we evaluated self-
refinement using one of the most popular publicly available prompt-optimization frameworks: DSPy (https://dspy.ai/). The results were
as follows:
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LLM Dataset LLMed GA DSPy self-refine
Topic Classification 0.788 0.140
GPT-40 Bulgarian Q&A 0.996 0.136
Mini Financial Math 0.708 0.624
ScienceQA 0.970 0.334
Topic Classification 0.772 0.654
GPT-40 Bulgarian Q&A 0.944 0.956
Financial Math 0.971 0.772
ScienceQA 0.938 0.462
Topic Classification 0.773 0.400
Mistral Bulgarian Q&A 0.996 0.188
Large Financial Math 0.523 0.110
ScienceQA 0.802 0.092

These results reveal underwhelming performance from the self-refinement approach on most of the tested datasets. Some datasets
were evaluated multiple times to rule out “unlucky” initializations. Even so, in our tests, self-refinement could not consistently produce
optimal solutions.

LLM-as-a-judge: We investigated a possible concern that using an LLM in the fitness function may bias evaluation toward that
model’s own style, despite the LLM not being asked to judge its own prior reasoning or generation process, as explained in Section 3.3.
To test whether this setup nevertheless introduced self-preference, we compared runs in which the same LLM family was used both as
task and fitness evaluator against runs in which a different LLM family served as fitness evaluator. We performed this analysis using
GPT-40-mini and Mistral Large on Topic Classification, Bulgarian Q&A, Financial Math, and ScienceQA. The results were as follows:

Task Dataset Fitness LLM
LLM GPT-40-mini Mistral Large
Topic Classification 0.788 0.773
GPT-40 Bulgarian Q&A 0.996 0.996
mini Financial Math 0.708 0.747
ScienceQA 0.970 0.961
Topic Classification 0.773 0.799
Mistral Bulgarian Q&A 0.996 0.996
Large Financial Math 0.523 0.608
ScienceQA 0.802 0.861

These results did not reveal a consistent pattern, suggesting that a model was systematically more favorable to its own outputs
than to outputs produced by the other model.

Deceptive prompts: We investigated whether LLMs could produce prompts that exploit the fitness function rather than genuinely
improve task performance. Intuitively, because of the restricted roles assigned to each LLM in our algorithmic setup, this risk is
strongly constrained: (1) the prompting LLM sees only a single input and produces an output; it has no access to the optimization
state, downstream evaluation, or even the existence of an evaluator; and (2) the fitness LLM is invoked in a separate stateless call that
sees only the prediction and the ground truth and returns a yes/no match. Because these calls are isolated and unaware of each other,
collusion to game the fitness function is operationally impossible.

We also manually reviewed all the best prompts from the multiple rerun experiments above, as well as large samples of intermediate
prompt candidates across different generations. We did not observe any prompt suggesting an attempt to manipulate the fitness evaluator
or otherwise exploit the pipeline. While broader deployment settings may still require guardrails, we found no evidence that deceptive
prompting contributed to the gains reported here.
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Appendix B. Examples of Generated Prompts

This appendix is reserved for examples of prompts generated by our LLM-powered GA. Tables B1, B2, and B3 present examples
of prompts autonomously generated by our approach at different stages of optimization: during initialization and by various genetic

operations.

Table B1

Initialization examples. Prompts generated by the LLM-powered GA during initialization contrasted with the best prompt
produced by the final generation. Initial Xa, Xb, and Xc are prompts produced during initialization, while Best X is the prompt with

the highest fitness after n generations

Example

Prompt

Example 1.
Initial 1a.

Initial 1b.

Initial 1c.

Best 1.

Example 2.

Initial 2a.

Initial 2b.

GPT-40-mini (Topic Classification)

You are provided with a series of inputs that represent various computational problems or questions across different
domains. Your task is to classify each input by identifying the core problem it represents and assigning it to the
appropriate category. Respond with the category name that corresponds to the problem without elaboration.
[Examples]

You are tasked with analyzing various computational and mathematical problems. For each input provided, iden-
tify the underlying concept or domain of the problem and provide a succinct response that categorizes it. The
expected output should be a single keyword or phrase that encapsulates the core topic. Please follow this format:
INPUT: [Insert the problem statement here] OUTPUT: [Provide the relevant keyword or phrase that represents
the concept]

You are tasked with generating the output type that categorizes the given input based on the underlying concepts
or domains related to computer science, mathematics, or logic. Use the provided input examples to determine
the most appropriate category based on the primary focus of the question. Here is the structure of your output: -
INPUT: [the user’s input] - OUTPUT: [the appropriate category based on the understanding of the input]. Ensure
that your output directly reflects the essence of the question being asked and the fundamental principles involved.
Aim for a concise yet accurate categorization that encompasses the main idea conveyed in the input.

You are a specialized expert in mathematics, computer science, and logic. Your task is to analyze user queries, iden-
tify the primary concepts or categories, and provide clear and relevant explanations in a structured format. Please
follow these steps: 1. Identify the main concept or category related to the user’s question. 2. Provide a concise
explanation of the foundational principles associated with that concept. 3. Utilize precise, domain-specific termi-
nology to enhance clarity and accuracy. Format your response as follows: - INPUT: [the user’s input] - OUTPUT:
[the identified category or concept, along with a succinct explanation of its core principles] Categorization
Guidelines: - For mathematical inquiries, focus on concepts such as “Calculus,” “Algebra,” “Probability,” or
“Statistics.” - For computer science questions, clarify topics like “Data Structures,” “Algorithms,” “Complex-
ity Analysis,” or “Database Normalization.” - For logical reasoning, specify concepts such as “Boolean Logic,”
“Deductive Reasoning,” or “Inductive Reasoning.” - For programming-related inquiries, address subjects like
“Recursion,” “Data Types,” “Control Structures,” or “Object-Oriented Programming.” Examples: 1. INPUT:
“What is the time complexity of merging two sorted arrays?” OUTPUT: “O(n + m), where n and m are the
lengths of the two arrays. Category: Time Complexity” 2. INPUT: “How do you find the height of a binary
tree?” OUTPUT: “The height of a binary tree is the number of edges on the longest path from the root to a leaf
node, typically calculated recursively. Category: Binary Tree” 3. INPUT: “Explain dynamic programming.”
OUTPUT: “Dynamic programming is a method for solving complex problems by breaking them down into
simpler overlapping subproblems and storing their solutions to optimize efficiency. Category: Algorithm Design”

Llama-3.2-11B (ScienceQA)

Given a passage and a question, extract the relevant information from the passage to answer the question. The
passage may contain technical terms, complex sentences, and abstract concepts. The question may require under-
standing of the context, identifying key phrases, or making inferences. Provide a concise and accurate answer
based on the information presented in the passage. [Examples]

Given a passage and a question related to the passage, extract the relevant information from the passage and pro-
vide a concise answer to the question. The question may require understanding of specific concepts, identifying
relationships between entities, or recognizing patterns in the text. Use the context provided in the passage to
inform your response. This prompt instructs the model to:

1. Read and understand the passage. 2. Identify the relevant information related to the question. 3. Extract the
necessary details to answer the question. 4. Provide a concise and accurate response based on the passage.

(Continued)
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Table B1
(Continued)

Example

Prompt

Initial 2c.

Best 2.

Example 3.

Initial 3a.

Initial 3b.

Initial 3c.

Given a passage and a question about the passage, generate an answer to the question based on the information
provided. Passage: [Insert passage here] Question: [Insert question here] Answer: [Generate answer based on
passage]

Given a passage and a corresponding question, identify key concepts, entities, and relationships in the text, includ-
ing specialized vocabulary, intricate concepts, and subtle notions. To answer the question, insert the passage and
question into the format: “Given a passage, answer the following question: [insert question here]. The passage is:
[insert passage here].” Provide a concise response that directly answers the question, using specific key phrases,
sentences, or paragraphs from the passage, making inferences or drawing logical conclusions as necessary, and
ensure the answer is grounded in the provided text, avoiding speculation or external knowledge.

Mistral NeMo (Financial Reasoning)

Given a table of financial data with columns for “Years Ended December 31,” “Revenue,” “Operating Income,” and
“Operating Margin,” calculate the change in “Operating Margin” between two consecutive years and express it as
a percentage of the value in the first year. Additionally, calculate the sum of a specific value over a period of two
years and provide the result. Example table: | Years Ended December 31 | Revenue | Operating Income | Operating
Margin |

[-|-1]-1- 112014 | 4264 | 485]0.114 || 2013 | 4057 | 318 ] 0.078 |

The change in “Operating Margin” between 2014 and 2013 is 3.6%, and the sum of the “Operating Margin” in 2014
and 2013 is 0.192. Given another table:

| Years Ended December 31| ... |...|...] ... |

[T

[ 2015 oo e | ve | oo

[ 2014 | .| oo | ve | o ]

[2013 ] .o e | e | oen ]

Calculate the change in “Operating Margin” between 2015 and 2014 and express it as a percentage of the value in
2015. Additionally, calculate the sum of a specific value over the years 2015 and 2014 and provide the result.

**[nstructions:**

You are an Al that helps people solve problems by extracting and calculating relevant information from given
texts. You will receive a text that contains financial or numerical data, and you will be asked to perform specific
calculations or extractions based on that data.

**[nput:**

You will be provided with a text that includes various numerical data points, tables, or financial information. The
input will also include specific questions or tasks that need to be addressed based on the provided text.

**Qutput:**

Your response should be a clear and concise answer to the question or task, based on the information provided in
the text. The output should be a numerical value or a set of numerical values, formatted as instructed. Do not
include any additional commentary or explanations.

**Examples: *¥*

[Examples]

You are an Al that helps people solve problems by extracting relevant information from a given text and performing
calculations or comparisons based on that information. Below is a text that contains numerical or textual data.
Your task is to:

1. Identify and extract the relevant information needed to answer the query.

2. Perform any necessary calculations or comparisons using the extracted information.

3. Format the output as a single numerical or textual value, depending on the query.

Text: {input_text}

Query: {query}

Output: {output}

18
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Table B1
(Continued)

Example

Prompt

Best 3.

Example 4.

Initial 4a.

Initial 4b.

Initial 4¢.

**[nstructions:**

Given a text input containing numerical data and a specific query, extract the relevant numerical values and per-
form the necessary calculations to produce a numerical output. Provide the output in a structured format without
any additional comments.

**Input Format:**

Text: [input text containing numerical data]

Query: [specific query or calculation to be performed]

**Qutput Format:**

Output: [calculated numerical value or values separated by commas]

**Steps:**

1. Identify and Extract the Relevant Numerical Values:

- Read the input text and query carefully to identify and extract the numerical values relevant to the query.

2. Perform the Required Calculations:

- Use the extracted numerical values to perform the necessary calculations as specified in the query.

**Examples:**

[Examples]

Mistral Large

You are an Al that helps people solve problems by extracting the correct answer from a given question. Given the
input question, identify the correct answer from the provided options. The input will be a question in Bulgarian,
followed by several options. Your task is to extract and return only the correct answer.

Input Format:

INPUT: <Question in Bulgarian>

OUTPUT: <Correct Answer>

Example:

INPUT: AT® ce cunTe3upa B: eHAOIIIa3MEHATa Mpexa, puO030MHTE, XJIOPOIIACTHTE, anapara Ha [oimku?

OUTPUT: xnoporuiacture

Rules:

1. Read the input question carefully.

2. Identify the correct answer from the given options.

3. Return only the correct answer without any additional comments or explanations.

Begin:

INPUT:

Task: Multiple-Choice Question Answering

Input: A question or statement followed by a list of options.

Output: The single correct answer from the list of options.

Instructions:

1. Read the question or statement carefully.

2. Evaluate each option based on the information provided in the question or

statement.

3. Select the one option that best answers the question or completes the statement.

Examples:

INPUT: AT® ce cunTe3upa B: eHAOIUIa3MEeHATa Mpexa, puO030MHTE, XJIOPOILIACTHTE, arnapara Ha [oimku?

OUTPUT: xnoporuiacture

INPUT: Koii noroeop e noarorsex ot [lapmxkkara mupHa koHdpepenuus ot 1919 r.: Panancku, Bepcaiicku, JlokapHckn?

OUTPUT: Bepcaiicku

[Additional examples follow the same format]

Now, provide the input for the next question:

INPUT: [Next question or statement with options]

OUTPUT:

You are given a question or problem followed by a list of options. Your task is to identify and return the correct or
most relevant answer from the given options.

Input:

[Question or problem followed by a list of options]

Output:

[The correct or most relevant answer from the given options]

Examples:

[Examples]

(Continued)
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Table B1
(Continued)
Example Prompt
Best 4. You are an Al that helps people solve problems. Given a multiple-choice question in Bulgarian that includes a ques-

tion and several options, your task is to identify and provide the correct answer(s) from the given options. Format
your response as follows: Format: QUESTION: (the multiple-choice question in Bulgarian) OPTIONS: - A)
(option A) - B) (option B) - C) (option C) - D) (option D)

- (additional options if available) ANSWER: (the correct answer(s) from the options, separated by a comma if there
are more than one, include the option letter and the actual answer) Example: QUESTION: Kakso e riaBHuAT Ipaj
Ha Bearapun?? OPTIONS: A) ITnosaus B) Bapua C) Copus D) Burgas ANSWER: C) Codust
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Table B2

Mutation examples. Prompts generated by the LLM-powered GA during the mutation operation. Highlighted lines indicate
the edits introduced by mutation, while the remaining text aligns with the unchanged lines from the original input

# Input Output
1. Given the passage: [Insert passage text] Answer the Given the passage: [Insert passage text] Identify and
question below by identifying and extracting extract the specific phrase, term, or concept
the specific phrase, term, or concept from the passage from the passage that directly
that directly addresses the context and intent of
addresses the context and intent of the following question: [Insert question]
the following question: [Insert question] Output: Output: [Provide only the most relevant phrase, term,
[Provide only the most relevant phrase, term, or concept from the passage.]
or concept from the passage.]
2. Analyze the problem statement to determine its core Evaluate the given problem statement to identify its
concept and core concept. Based on your analysis,
select the most suitable category from the list of topics select the most suitable category from the list of topics
in computer science, mathematics, and logic: [List of in computer science, mathematics, and logic: [List of
Topics] Topics]
3. Instructions: Given a text input containing numerical Instructions: Given a text input containing numerical

data and a specific query, identify and extract the
relevant numerical values,

and perform the necessary calculations to produce a
numerical output. Provide the output in a structured
format

without any additional comments. Input Format: Text:
[input text containing numerical data] Query: [specific
query or calculation to be performed] Output For-
mat: Output: [calculated numerical value or values
separated by commas]

Steps: 1. Identify and Extract the Relevant Numerical
Values: - Read the input text and query carefully to
identify and extract the numerical values relevant to
the query. 2. Perform the Required Calculations: -
Use the extracted numerical values to perform the
necessary calculations as specified in the query.

data and a specific query,

your task is to: 1. Extract the relevant numerical values
based on the query. 2. Perform the necessary calcula-
tions using the extracted values. 3. Return the results
in a structured format without any additional com-
ments. Input Format: Text: [input text containing
numerical data] Query: [specific query or calculation
to be performed] Output Format: Output: [calculated
numerical value or values separated by commas]

Steps: 1. Identify and Extract the Relevant Numerical
Values: - Read the input text and query carefully to
identify and extract the numerical values relevant to
the query. 2. Perform the Required Calculations: -
Use the extracted numerical values to perform the
necessary calculations as specified in the query.
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Table B3
Crossover examples. Prompts generated by the LLM-powered GA during the crossover operation. Inputs Xa and Xb present
example prompts selected for crossover, and OQutput X shows the resulting crossed-over prompt, with lines aligned according to
their similarity

# Input Output

la. Classify the given problem based on the underly- Classify the given problem statement by identifying its

ing topic it represents, using one of the following
categories:

[Categories] Input Problem: [Place the problem
text here] Output Category: [Provide the relevant
category]

main topic or category. Use the list of categories pro-
vided to determine the most appropriate label for the
problem. [Categories] Input Problem: [Place the prob-
lem text here] Output Category: [Provide the relevant
category|

1b. You will be given an input question or problem [Examples:]
statement... Identify the main topic or category.
[Examples:] Your task is to read the input ques-
tion and determine which category or topic it is
addressing, then provide the corresponding label.

2a. As a knowledgeable assistant, select the correct answer As an informed assistant, determine the correct answer
from the provided options using factual informa- from the given options using accurate knowledge.
tion. Ensure clarity in both the question and options. Ensure clarity in presenting both the question and the
FORMAT: QUESTION: [Insert question here] options.
OPTIONS: 1. [Option 1] 2. [Option 2] 3. [Option 3]
4. [Option 4] OUTPUT: [Correct Option] QUES-
TION: “AT® ce cuHTe3upa B: CHAOIIA3MEHATA MPEXKaA,
pubo3omuTe, XJIOPOIUIACTHTE, anaparta Ha [ommxu?”
OPTIONS: 1. enoriazmMenara Mpexa 2. pub030MuTe
3. xnopomnacrute 4. anapara Ha I'onmpxkun OUTPUT:
XJIOPOTLIACTHTE

2b. Instruction: Identify the correct answer from the Instruction: Identify the correct answer from the options
options provided, using historical, scientific, or log- provided, using factual information.
ical knowledge. Question: [question] Choices: 1. Question: [Insert question here] Options:
[choicel] 2. [choice2] 3. [choice3] 4. [choice4] Correct 1. [Option 1] 2. [Option 2] 3. [Option 3] 4. [Option 4]
Choice: Correct Option: [Correct Option]

3a. Extract the explicitly stated information from the pro- Extract the specific information explicitly stated in
vided passage to directly and accurately answer the the provided passage to accurately answer the ques-
question. Focus solely on the relevant part of the tion. Focus solely on the relevant portion of the text,
passage, ensuring your response is precise, concise, ensuring your response is precise, concise, and strictly
and entirely based on the text without introducing adheres to the passage without introducing assump-
assumptions, interpretations, or unnecessary details. tions, interpretations, or irrelevant details. Format:
Format: Passage: [Insert passage text] Question: Passage: [Insert passage text] Question: [Insert question
[Insert question text] Answer: [Provide precise answer text] Answer: [Provide answer.]
based solely on passage.]

3b. Carefully analyze the provided passage to extract the Instructions: 1. Read the passage carefully to understand

specific information explicitly required to answer the
given question. Your response must be clear, con-
cise, and strictly grounded in the passage, avoiding
interpretations, assumptions, or irrelevant details.
Focus solely on the relevant portion of the text to
ensure accuracy and alignment with the question’s
intent. Instructions: 1. Read the passage thoroughly
to understand its context and content. 2. Locate the
exact section of the passage that directly addresses the
question. 3. Provide a clear and concise response that
strictly adheres to the question’s phrasing and intent,
using only the information explicitly present in the
passage.

Template: Passage: [Insert passage text] Question:
[Insert question text] Answer: [Provide the precise
answer based solely on the passage.]

its context and content. 2. Identify the exact section
of the passage that directly addresses the question. 3.
Provide a clear and accurate response using only the
explicitly stated information, either as a direct quote
or an exact paraphrase, aligned strictly with the ques-
tion’s intent. Template: Passage: [Insert passage text]
Question: [Insert question text] Answer: [Insert precise
response based solely on the passage.]
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Appendix C. Examples of Fitness Matches

This appendix provides examples of positive and negative matches as adjudicated by our LLM-based fitness function.

Table C1 presents examples of positive matches across different scenarios, including differences in numerical format and precision
between the gold answer and the model output, multilingual outputs, and domain-specific synonyms. Table C2 provides examples of

negative matches across different models and datasets.
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Examples of POSITIVE matchings by the LLM-based fitness evaluation. Columns “Golden,” “Output,” and “Model” show the

Table C1

expected answer, the LLM’s actual output, and the used model, respectively

# Golden Output Model
B Tree Databases: Indexing, B Trees Mistral Large
2 Network Flow Networking: TCP/IP, Network Layering, Mistral Large
Packet Fragmentation
3 Database Normalization Databases: Normalization, Normal Forms Mistral Large
(INF, 2NF, 3NF, BCNF)
4 Flip Flop Digital Logic: Flip-Flops (D flip-flop, JK Mistral Large
flip-flop), Sequential Circuits, Propagation
Delays
TeMIIepaMeHTa Correct Choice: 1. temnepamenra GPT-40
KWJIMHHY, eTMHO-OBITapCKH, B3aUMHH, KITaCHH B3aUMHH, KWJINHHH, KJIACHH, CITHHO-OBITapCKH GPT-40
7 1. “BREE> 1. Suspect’s Full Name: “Bk 3> GPT-40
2.0ERL. WREE. Bk, RiETEmT 2. Primary Crime: “Drug Trafficking”
8 1. “FHIH” 1. Suspect’s Full Name: “F FEH5” GPT-40
2. “FEARPATHI R, FE” 2. Primary Crime: “Obstruction of Justice”
9 Horn ALCHIF The problem is 2EXPTIME-complete in Llama-3.3
Horn-ALCHIF (and also in Horn-ALC
and in ELI).
10 The number of additional variables that are The value of additional variables corre- Llama-3.3
added to original stratified bases sponds exactly to the number of priority
levels existing in the base.
11 Our method Polyanya Our method, Polyanya, extends and Llama-3.3
generalizes Anya.
12 Mostly-true Mostly-true: The statement likely captures a Mistral NeMo
real trend or observation regarding ... but
may lack full context or accurate figures.
13 Pants-fire Pants-fire: The statement is incorrect and Mistral NeMo
not supported by the factual evidence
of national debt increases under each
president.
14 Barely-true Barely-true: The statement is misleading Mistral NeMo
and lacks significant factual support and
context, leading to the classification of
“barely-true.”
15 17951.0 Net Change = 99,832 - 81,881 = 17,951 GPT-40-mini
million
16 16.0 $16 million GPT-40-mini
17 0.7446 74.46% GPT-40-mini
18 0.03353 Percentage change: (116 / 3460) x 100% = Llama-3.2-11B
3.34%
19 2430.0 Based on the calculation, we can report the Llama-3.2-11B
following key metric: Statutory net income
for Bermuda subsidiaries in 2010: $2430
million
20 Meta Interpretive Learning Machine Learning — Inductive Logic Pro- Llama-3.2-11B

gramming (ILP) — Meta-Interpretive
Learning
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Table C2

Examples of NEGATIVE matchings by the LLM-based fitness evaluation. Similarly to Table C1, columns “Golden,”

“Qutput,” and “Model” show the expected answer, the LLM’s actual output, and the used model, respectively

# Golden Output Model
1 Concurrency Computer Science: Algorithms, Memory Mistral Large
Management
2 System of equations Mathematics: Linear Algebra Mistral Large
3 -0.09709 ($10 million / $103 million) * 100 ~ 9.71% GPT-40
4 A neuromorphic architecture Neuromorphic chips GPT-40
5 Many systems Distributed systems GPT-40-mini
6 ML and statistics Optimization is a vital ingredient in machine GPT-40-mini
learning
7 POSITIVE **Analysis: ** “NEUTRAL” Mistral NeMo
8 1. “Ff 3 HE) 1. **Suspect’s Full Name: ** “[f 4" Mistral NeMo
“BE 5 2. **Primary Crime: ** “Leading a Criminal
2 “HL. LRI Syndicate™
9 Comal and Guadalupe Comal County Mistral NeMo
10 Jloromax, 3matapeBo I'paHnYHN KOHTPOIIHO-TIPOMYCKATEIHHU [TyHKTOBE Ha Llama-3.3

rpanunara Ha bearapus cec CeBepHa MakenoHHs

ca: Kymnara, 3narapeso (Ctpymuna), Minunaen

(denueo) u Jlorogax (dem4eso), kakro u IKIIIT
Cranke JlucnukoBo (cencko cromanctso) u I'KIIIT

3narapeBo (ki)
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