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Abstract

Designing effective High-Intensity Interval Training (HIIT) programs typically requires pro-
fessional expertise and is often carried out by experienced coaches. However, access to such
expertise is often limited, creating a need for automated systems capable of generating struc-
tured, adaptable, and high-quality HIIT routines. In this thesis, we investigate the use of
large language models (LLMs) within an evolutionary optimization framework to address this
challenge. Inspired by the LLaMEA framework, we propose an LLM-based system in which can-
didate HIIT programs are generated, evaluated, and iteratively refined through an evolutionary
loop.

A multi-component fitness function is introduced to quantify program quality, incorporat-
ing predicted physiological and biomechanical responses, structural characteristics, and user-
defined constraints. The system explores four evaluation strategies: a fully fitness-driven ap-
proach, a human-in-the-loop configuration, a hybrid strategy combining automated evolution
with human feedback, and a fully LLM-driven evaluation mode.

To assess real world applicability, we invited non-professional users to perform and evaluate
two generated workouts, and asked professional coaches to interact with the system and assess
it in terms of professionalism, accuracy, and overall quality. Their feedback suggests that LLM-
assisted generation is particularly well-suited as a collaborative design tool.

This work demonstrates that combining LLMs with evolutionary mechanisms can be a po-
tential tool for HIIT program generation. Addressing the limitations of previous related work,
the proposed iterative optimization framework can systematically improve the quality of the
outputs and prevent suboptimal solutions. Defining a fitness function can explicitly shape the
program’s quality. Furthermore, the comparison of different evaluation modes provides insight
into the balance between human and LLM contributions within the optimization process.
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Chapter 1

Introduction

1.1 Introduction to the topic

Designing an effective high-intensity interval training (HIIT) program is a complex task that
often requires professional expertise and a deep understanding of training principles and physi-
ological responses in humans. For instance, the work by Laursen et al. [30] explains how manip-
ulating interval duration, intensity, and recovery fundamentally alters physiological stress and
training adaptation. Therefore, a well-structured HIIT routine must carefully balance exercise
selection, intensity, rest intervals, and overall workload in order to achieve specific training goals
while avoiding overtraining or injury [19]. This complexity increases further when programs are
intended to be versatile, long-term, and adaptable to different user preferences or fitness levels
[10]. As a result, high-quality HIIT program design is typically reserved for experienced coaches
and practitioners.

However, in everyday practice, access to professional coaching is often limited due to resource
constraints, availability, or cost. At the same time, an increasing number of individuals are
actively engaging in fitness and training activities, creating a growing demand for accessible
tools that can support the design of effective workout routines without requiring professional
level knowledge. This gap highlights the need for intelligent systems capable of assisting users
in generating personalized and structured HIIT programs.

Recent advances in artificial intelligence have opened new possibilities for automating the
creation of things and decision tasks [9][4]. In particular, Large Language Models (LLMs) have
demonstrated strong capabilities in generating structured content, reasoning over constraints,
and interacting with users by adapting outputs based on feedback expressed in natural language
[37][19]. These characteristics make LLM a promising candidate for assisting or automating
parts of the workout design process.

However, many current applications of LLMs rely on single-pass (one-shot) generation [11],
where an output is produced in response to a prompt without mechanisms for systematic eval-
uation, refinement, and iterative optimization [49]. LLMs may also be influenced by biases in
their training data [7], which can lead to suboptimal generations or premature convergence to
locally optimal solutions. These limitations motivate the integration of LLMs with evolution-
ary computation, a family of optimization methods well-suited for iterative improvement and
exploration of large design spaces [15]. In this thesis, we explore how LLMs can be embedded



within an evolutionary framework to act as intelligent schedulers for the automatic generation
and optimization of HIIT programs.

1.2 Problem statement

Despite the expressive power of LLMs, generating high-quality HIIT programs still remains a
challenging optimization problem. In this context, we classify a HIIT workout as high-quality
if it satisfies several dimensions of training design. Firstly, the program must maintain an
appropriate balance between exercise and recovery intervals, ensuring sufficient stimulus while
preventing excessive fatigue accumulation. In addition, the intensity of the workout must reach
a certain level able to improve cardiovascular fitness and muscular strength, yet remaining
within safe physiological limits to reduce the risk of overtraining or injury. The selection of the
exercises should also be adequately varied, either promoting balanced full-body engagement or
aligning with a user-specific training focus. Finally, the progression and workload distribution
must be coherent across intervals to maintain the training effective and sustainable.

A central difficulty lies in the formal evaluation of workout quality, as automated systems
typically require a numerical fitness function capable of capturing multiple aspects of a workout
routine.

Although recent LLM-based systems have demonstrated promising results in the automated
generation of workout routines, they generally operate in a single-pass technique or rely on
static prompting, without an explicit optimization loop or iterative refinement [2]. In contrast,
traditional evolutionary algorithms require a fully specified objective function and struggle to
incorporate high-level domain knowledge without extensive manual encoding.

Therefore, this thesis addresses the gap between these approaches by investigating how an
LLM-driven evolutionary framework can be used to iteratively generate, evaluate, and refine
HIIT programs. In particular, we focus on the challenge of designing a fitness function that is
both expressive enough to reflect workout quality and efficient enough to guide the optimization
process.

1.3 Research questions

Within this context, the central objective of this thesis is to design an LLM-based tool for
evolving versatile HIIT programs adapted for long training periods. The study will focus on how
HIIT program quality can be formally evaluated and optimized, and how different techniques
of evaluation, automatic, human, or hybrid, affect the optimization process and its outcomes.

The main research questions guiding this thesis are:

RQ1. How to design a numerical formulation suitable for evolutionary optimization that can
effectively represent the quality of a HIIT program?

RQ2. To what extent can an LLM be effectively integrated into an evolutionary framework for
structured workout generation?

RQ3. To what extent is an evolutionary LLM-based HIIT generation system acceptable and
useful to human users in practice?



1.4 Approach

To address these research questions, we propose an adaptation of the LLaMEA (Large Lan-
guage Model Evolutionary Algorithm) [44] framework for the domain of HIIT program gener-
ation. In this system, the LLM is responsible for generating structured workout routines, while
an evolutionary optimization loop guides iterative refinement based on fitness evaluations.

The core contribution of this work lies in the design of a multi-component fitness function that
maps a HIIT routine to a numerical quality score. This function incorporates factors such as
predicted physiological responses, workout intensity, work-to-rest ratios, and exercise variety.

In addition to a fully automated optimization process, we explore alternative evaluation and
selection modes. These include a purely LLM-driven selection strategy, a human-in-the-loop
setting, where users are in charge of the selection process and provide direct feedback on
candidate programs, and a hybrid approach that combines automated evaluation with selective
human input.

1.5 Thesis overview

After introducing the topic and outlining the research focus of this thesis, the overall structure
of the document is presented as follows.

Before diving into details, Chapter [2| reviews relevant prior work, including studies on the use of
LLMs as schedulers, the application of LLMs and evolutionary algorithms to program synthesis
and optimization, the integration of LLMs within evolutionary optimization frameworks, and
existing approaches to the automation of workout routine generation.

Chapter 3| then introduces the necessary preliminary concepts and presents the proposed system
in detail. This chapter covers the workout numerical representation, the design of the fitness
function, and the structure of the optimization loop.

Chapters 4] and [5] present the experimental setup and evaluation methodology, covering both
automated and human-in-the-loop experiments, and discuss the results by analyzing observed
trade-offs between different selection strategies.

Finally, Chapter [6] concludes the thesis with a detailed discussion of the proposed system, a
reflection on the research questions, and outlines directions for future work.



Chapter 2

Related Work

The automatic generation of structured workout programs using LLMs is the result of combin-
ing different active research areas. These fields include task scheduling with language models,
evolutionary optimization, prompt engineering, and personalized exercise recommendation sys-
tems.

Recent advances have shown that LLMs can act as high-level planners capable of organizing
multi-step tasks under constraints [37], while evolutionary computation provides a principled
framework for iteratively improving such structured outputs through mutation and selection.
In parallel, LLM-driven evolutionary frameworks have emerged, using language models as op-
erators within evolutionary algorithms to synthesize programs, strategies, or prompts [44].
Complementing this, work on automated prompt optimization highlights how the design of
instructions and constraints influences the behavior and quality of LLM-generated content. Fi-
nally, research on automated workout routine generation and personalized training plan recom-
mendation offers domain-specific foundations for representing and evaluating fitness routines.

The following sections review these research threads to contextualize the design choices and
methodological contributions of our system.

2.1 LLM as scheduler

The use of LLMs has increased significantly in different applied areas, one of which is the
application of LLMs as high-level schedulers. LLMs are often used to generate structured
plans for specific objectives. This has led to a growing body of research at the intersection of
automated planning and scheduling on the one hand, and language modelling on the other.
Surveys of task planning with LLMs emphasize their ability to encode commonsense knowledge
and to propose plausible multi-step strategies, while also highlighting limitations in reliability,
constraint handling, and temporal reasoning. As discussed in recent work [50], LLMs are
strong high-level planners as they excel at task decomposition, commonsense reasoning, and
flexible goal interpretation. However, pure LLM planning lacks formal correctness, optimality,
and safety guarantees. Therefore, the survey concludes that LLMs are powerful for generating
and guiding plans, but robust task planning requires structured interaction with planning
algorithms, tools, or environments, rather than relying on LLMs alone.

Often, LLM models plan by retrieving memorized patterns rather than actually reasoning



about actions and state changes. Valmeekam et al. introduce PlanBench [42], an extensible
benchmark designed to evaluate the planning capabilities of LLMs beyond surface-level pattern
completion. The benchmark is organized as a curriculum of tasks, including plan generation,
plan verification, replanning, and robustness to goal reformulations. These tasks are grounded
in classical planning domains such as Blocksworld and Logistics, with automated instance
generation and correctness checking via planning tools. Experimental results on PlanBench
and related benchmarks show that LLMs can generate plans that are syntactically valid and
often qualitatively reasonable, but they struggle with longer horizons, strict precondition, effect
logic, and precise constraint satisfaction. These limitations highlight the difficulty of relying
solely on unconstrained prompting for complex planning tasks and motivate hybrid approaches
that combine LLMs with explicit optimization, verification, or symbolic reasoning mechanisms.
More recent studies further analyze the planning capabilities and failure modes of LLMs,
confirming that purely generative approaches tend to exhibit unstable behaviour, especially
when tasks involve non-trivial temporal or resource constraints. [31]

According to these findings, recent work has explored integrating LLMs into task planning
systems while avoiding the assumption that LLMs can act as reliable standalone planners. Ahn
et al. [I] propose grounding language in robotic affordances, using LLMs to select high-level
intents while delegating low-level execution to trained controllers to drive how the move-
ments should be performed. Similarly, Favier et al. [17] present an LLM-powered collaborative
task planning framework in which LLMs support human—Al interaction by interpreting instruc-
tions, proposing high-level task decompositions, and enabling iterative refinement, while formal
planning and execution are handled by downstream components. Both approaches emphasize
a clear separation between language-based reasoning and structured decision making, demon-
strating that robust task planning emerges when LLMs are embedded within systems that
enforce constraints, feasibility, and execution correctness rather than relying on unconstrained
language generation.

Overall, previous research suggests that LLMs are well-suited for high-level scheduling but
require additional mechanisms to guarantee precision. Therefore, our framework is inspired to
embed LLMs into a larger optimization loop to guarantee the quality of the results.

2.2 Program synthesis and optimization

Research has also focused on program synthesis, the automatic construction of programs
or, more generally, the automated generation of structured procedures that satisfy a given
specification or optimization objective [20]. The search spaces associated with such programs
are typically large, discrete, and highly structured, making program synthesis a challenging
problem. Consequently, candidate programs are often assessed through external evaluation
signals, such as performance metrics, constraints, or user-defined preferences.

Direct solution generation often leads to suboptimal results, while manual program design
and tuning are time-consuming and require significant domain expertise. Instead, automated
program synthesis addresses these challenges by reducing human effort and enabling systematic
improvement through iterative evaluation and feedback.

LLMs and evolutionary algorithms represent two complementary approaches to this problem.
The following subsections review prior work on LLM-based and evolutionary approaches to



program synthesis and optimization.

2.2.1 LLMs for program synthesis

Recent advances in LLMs have led to renewed interest in program synthesis, particularly due
to their ability to generate structured programs from natural language descriptions, examples,
or partial specifications. LLMs trained on large corpora of code and structured text have
demonstrated strong capabilities in synthesizing programs that are syntactically correct and
semantically meaningful across a wide range of domains.

Much of the initial success of LLM-based program synthesis has been demonstrated in the
context of source code generation. Systems such as DeepCoder [5] and later large-scale models
like AlphaCode [32] showed that neural models can synthesize non-trivial programs by learning
patterns from existing code repositories. However, these approaches largely rely on single-shot
generation or beam search and do not explicitly optimize programs with respect to external
performance criteria. As a result, the generated programs may be plausible but suboptimal,
incorrect, or fragile when evaluated under strict constraints.

Parallel to these developments, research on symbolic and hybrid program synthesis has broad-
ened the notion of a “program” beyond traditional source code. More recently, LLM-based
systems have been used to synthesize robot control policies [1], task plans [17], and other
structured procedures [33], further reinforcing the view that program synthesis encompasses
any structured, executable representation of behavior.

2.2.2 Evolutionary algorithms for program synthesis

On the other hand, evolutionary algorithms have long been used for the automatic synthesis
and optimization of programs, particularly in settings where the search space is large, discrete,
and poorly suited to gradient-based optimization (e.g., methods that require continuous dif-
ferentiable objective functions). In this context, program synthesis refers to the generation
of structured artifacts, such as instruction sequences, that can be evaluated according to an
external fitness function. The earliest and most influential research on automatic program syn-
thesis using evolutionary methods comes from genetic programming. In genetic programming,
a program is stored as a tree structure, representing the program itself. It adopts biologi-
cal evolution operators (mutation and crossover) to generate new candidates and maximize
task-specific objectives. Foundational studies by John R. Koza [28] introduced genetic pro-
gramming, formalizing it as a general-purpose method for evolving programs. His work proved
that this approach can automatically evolve programs and symbolic expressions directly from
performance feedback (e.g., fitness score), without requiring labeled data or differentiable loss
functions.

Beyond genetic programming, evolutionary strategies (ES) have also been widely adopted
for program and policy optimization, emphasizing iterative refinement through mutation and
selection. For instance, previous work has successfully applied (14 1)-ES to optimize symbolic
controllers, rule-based systems, and algorithmic configurations [8]. It has been demonstrated to
be robust to possible noise that recombination might bring, and ensures incremental changes
through mutation.



2.3 LLMs in evolutionary computation

LLMs are increasingly being incorporated into evolutionary algorithms to enhance search and
optimization processes. Previous work has explored the use of LLMs as mutation, recombina-
tion, or selection mechanisms within evolutionary frameworks.

One of the most common strategies for combining LLMs with evolutionary algorithms is to use
LLMs as generative variation operators, such as mutation or crossover. LLMs are often applied
to produce offspring solutions by rewriting or combining existing individuals in a semantically
meaningful way. For instance, Evolution of Heuristics (EoH) [18] explicitly employs an LLM
to perform crossover and mutation on candidate algorithms represented in natural language
and executable code. Experimental results demonstrate that this approach is effective for
automatic heuristic design, outperforming human-designed heuristics and other LLM-based
code evolution methods such as FunSearch [38].

Similar approaches have also been explored, where LLMs guide evolutionary search by propos-
ing structured modifications to candidate solutions, generating new heuristics, or providing
reflective feedback during evolution. A recent survey by Chauhan et al. [12] gathers existing
approaches that combine LLMs with evolutionary computation and identifies several common
integration ways in which LLMs are used to improve evolutionary search. These include applying
LLMs to generate candidate heuristics, using LLM-generated feedback to guide mutation over
successive generations, employing LLMs as surrogate models to approximate expensive fitness
evaluations from historical data, and extracting structural patterns from language models to
guide the search towards more promising regions of the solution space.

However, most of the existing LLM-driven evolutionary approaches are largely empirical and
rely heavily on heuristic design choices. In particular, the generation of new solutions is typ-
ically driven by prompt-based mutation or crossover operations, offering limited theoretical
guarantees regarding convergence, robustness, or diversity preservation, while still requiring
expensive fitness evaluations.

To overcome these limitations, recent work such as LLaMEA [44] explicitly frames LLMs
as components within a principled evolutionary optimization loop. In this setting, the LLM
is in charge of generating or refining candidate solutions, while evolutionary selection and
explicit fitness evaluation determine the surviving candidate. This design aims to balance
the expressive generative capabilities of LLMs with the robustness and stability of classical
evolutionary computation.

2.4 Prompt optimization and automated prompt en-
gineering

Prompting is an efficient method for adapting LLMs to specific tasks without updating their
parameters through fine-tuning. However, one of the biggest limitations when using LLMs is
that the model's performance is heavily influenced by the choice of the prompt. To address
this issue, recent research has increasingly focused on the automation of prompt optimization.

Early approaches relied on gradient-based methods that require access to token probabilities
or internal gradients of the LLM, such as prefix tuning and related techniques [40] [14].
Other methods emphasized exploration, using LLMs to generate large sets of diverse candidate



prompts and selecting the best-performing ones [51] [24], or exploitation-driven strategies,
where an initial prompt is iteratively refined based on error analysis or feedback [22][36]. While
effective in certain settings, these approaches have notable limitations: gradient-based methods
are generally incompatible with APl-based black-box models, exploration-focused strategies
may waste resources evaluating low-quality prompts, and exploitation-focused methods risk
premature convergence to local optima.

Therefore, several researchers focused on exploring the use of evolutionary algorithms in com-
bination with LLMs to automate this prompt optimization process. EvoPrompt [21] is a repre-
sentative framework that treats prompts as individuals within an evolutionary population and
iteratively evolves them through LLM to generate new optimized prompt variants. Because
prompts are discrete natural language objects, applying standard mutation and crossover on raw
text might produce incoherent candidates. EvoPromot, instead, uses LLM itself as a variation
operator, generating new prompts by combining parts from parent prompts and introducing
controlled variations, such as rephrasing or word substitution, while preserving coherence. Can-
didate prompts are then evaluated on a development set using task-specific metrics, retaining
only the top-performing prompts in the population. This approach has shown impressive results
outperforming human-engineered prompts and other prior automatic methods, demonstrating
that LLMs can effectively implement evolutionary algorithm operations for discrete prompt
optimization and easily generalize across different tasks.

Beyond EvoPrompt, other systems also incorporated evolutionary elements into prompt tuning.
The Automated Prompt Engineer (APE) [51], for example, integrates the LLM in both the
prompt generation and evaluation loop, using heuristics or feedback based on the quality of the
solution generated by the prompted LLM. For this approach, rather than maintaining a single
best prompt, the authors introduced a Monte Carlo resampling step, in which new prompts
are generated by mutating high-performing candidates, enabling a balance between exploration
and exploitation during search.

2.5 Automated workout routine generation

The use of Al-driven approaches has also been explored in the field of personalized fitness,
particularly for the generation and adaptation of workout routines.

Exercise is generally personal, and its adherence and effectiveness often depend on individual
factors such as fitness level, heart rate response, and user preference. Therefore, machine
learning models have been developed to personalize workout routines using physiological data
and behavioral feedback. These systems aim to model real-time heart rate dynamics, optimize
training intensity, and adjust training load over time through data-driven decision making.
An influential study by Ni et al. introduced the FitRec model [35], a family of LSTM-based
networks that uses multi-modal workout logs (heart rate, GPS, speed, etc.) to learn personal
exercise patterns. The core idea of this approach is to move beyond simple statistics and build
models that can truly understand an individual's unique fitness profile. The authors claim
that their system could effectively estimate a user’s heart rate profile for a given activity and
recommend suitable workouts. However, the generalization of the system, data quality, and
computational efficiency are still challenges. Subsequent work by Kayange et al. [26] proposed
a more sophisticated model that combines the pattern recognition strength of FitRec's LSTM
with a structured, physiological model based on Dynamic Bayesian Network (DBN). This
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integration improved FitRec by building a more explainable and robust foundation, integrating
domain knowledge with machine learning.

Beyond one-off predictions, reinforcement learning algorithms also enable continuous personal-
ization of workout plans. Reinforcement learning systems treat exercise planning as an iterative
decision process, updating routines based on user feedback and performance. For instance,
PERFECT 2] was introduced as an exercise recommendation framework using a contextual
bandit reinforcement learning algorithm. Instead of static plans, the authors proposed a dy-
namic, adaptive, and Al-powered personal trainer. These systems represent an important shift
from static recommendations toward adaptive decision-making. However, they typically rely
on predefined action spaces and structured representations of the exercises, which limit their
flexibility in generating varied and personalized workout routines.

More recently, LLMs have been explored as an alternative paradigm for workout routine plan-
ning and generation. In contrast with task-specific algorithms, LLMs can leverage vast knowl-
edge and conduct natural dialogues with users to generate highly diverse routines tailored to
individual needs.

For example, PlanFitting [39] is an LLM-powered chatbot that helps users through conver-
sation to create highly personalized weekly exercise plans. The agent dynamically asks about
the user’s goals, schedule constraints, and preferences, then generates a personalized workout
plan aligned with established fitness guidelines. To ensure realism and adherence to expert
recommendations, PlanFitting integrates Retrieval-Augmented Generation (RAG), grounding
its suggestions in a database of exercises and professional rules. The authors claim that Plan-
Fitting successfully guides users toward actionable plans and received positive feedback from
physical therapist experts.

Khasentino et al. later introduced the Personal Health LLM (PH-LLM) [27], a fine-tuned
model for fitness and sleep coaching. PH-LLM extends the Gemini LLM with multimodal
adapters, enabling it to interpret both textual and numerical input from wearable devices, such
as average heart rate or sleep duration variability. The system proved impressive performance,
scoring higher than human experts on a fitness knowledge exam, and matched professional
trainers in generating individualized exercise recommendations.

Although LLM-based approaches represent a significant step forward in user engagement and
personalization, these systems mostly rely on single-pass generation without an explicit op-
timization process, and they lack formal mechanisms for evaluation and iterative refinement
over time. These limitations motivate the exploration of the use of LLMs in combination with
a more rigorous optimization framework. Such a hybrid approach sounds promising to en-
able deeper personalization and more robust adaptation than either component could achieve
independently.
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Chapter 3

Methodology

In this work, we apply an LLM evolutionary algorithm (LLaMEA) framework proposed in
LLaMEA: A Large Language Model Evolutionary Algorithm for Automatically Generating
Metaheuristics [44]. This consists of an approach that combines LLMs with evolutionary al-
gorithms to generate optimized algorithms without requiring extensive prior expertise.

For the purpose of this thesis, the original LLaMEA framework is adapted to a fundamentally
different application: the generation and refinement of HIIT programs. Instead of producing
code, the system produces structured workout routines, and the evolutionary process optimizes
these routines according to validity, safety constraints, physiological goals, and user or model-
based preferences.

In this chapter, the methodological design of this adapted framework is described in detail,
including the representation of HIIT programs, the mechanisms for candidate generation and
mutation, and the selection and evaluation strategies that drive the evolutionary search. The
four approaches (LLMPredict, ABtest, Hybrid, and LLMchoose) that define how candidate
workouts are assessed and selected throughout the optimization process are also detailed.
Each of them represents a distinct selection and evaluation strategy within the overall LLaMEA
pipeline.

3.1 Preliminary knowledge

Before diving into the design of the system, it is necessary to present some background knowl-
edge that will be assumed throughout the methodological descriptions. This section, therefore,
provides an overview of evolutionary algorithms, a description of the LLaMEA framework, and
a definition of HII'T programs.

3.1.1 Evolutionary algorithms

Evolutionary algorithms (EAs) [6] are optimization methods inspired by Darwinian evolution,
which iteratively improve candidate solutions through a variation—selection cycle. The core idea
of an EA is to maintain a population of candidate solutions, also referred to as individuals.
Each individual is evaluated using a fitness score that measures its performance on a given task.
The algorithm then repeatedly generates variant individuals, typically through mutation and/or

12



crossover, and selects the better-performing individuals to survive into the next generation.
This process continues until a termination criterion is met.

The EA process follows a cycle composed of several key components:

1.

Initialization: The process starts by creating an initial population of individuals. This
step is typically performed randomly. However, in some cases, previously known high-
quality solutions may also be used as a starting point.

Evaluation: Each individual in the population is then evaluated using a fitness or objec-
tive function. This step constitutes the core of the search process. The algorithm itself
does not need to understand the problem being solved. Instead, it requires a mechanism
to score candidate solutions by assigning a numerical value representing the quality or
fitness of each solution for the given task.

Variation operators: To generate new candidate solutions, EAs typically employ two
types of variation operators:

e Recombination/Crossover: Crossover combines information from two or more
parent individuals to create offspring. Common techniques include single-point, two-
point, and uniform crossover. Crossover primarily supports exploitation by exploring
promising regions of the search space.

e Mutation: Mutation is a stochastic operator applied to a single individual, intro-
ducing small modifications to its genetic representation. Example techniques in-
clude bit-flip mutation for binary strings and Gaussian perturbations for real-valued
vectors. The primary purpose of mutation is to promote exploration of the search
space, prevent premature convergence to local optima, and maintain population
diversity.

4. Selection: Selection guides the evolutionary process toward higher-quality solutions by

favoring individuals with better fitness values. This mechanism is typically applied at two
stages of the evolutionary cycle:

e Mating selection: Also known as the parent selection, this step decides which
individuals are chosen to create offspring. Fitter individuals generally have a higher
probability of being selected as parents. Common methods include fitness-proportional
selection or tournament selection.

e Survival selection: This step determines which individuals remain in the popula-
tion and survive to the next generation after the new offspring are created. This
can involve selecting the best individuals from both the parent and offspring pop-
ulations (a steady-state model) or replacing the entire parent population with the
offspring (a generational model).

Termination: Finally, the evolutionary cycle is repeated until a termination criterion is
satisfied. Common termination criteria include exhaustion of a computational budget,
convergence of the population, achievement of a target fitness value, or a predefined
maximum number of generations.

Figure shows an illustrative representation of the EA cycle and the relationship between
the main components.
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Figure 3.1: Schematic representation of the evolutionary algorithm (EA) cycle, illustrating
the main components: initialization, evaluation, selection, recombination, mutation, and
termination; and the overall iterative flow of the optimization process.

Depending on the specific methodology and representation used, evolutionary algorithms can
be classified into several families. Four of the most common and well-established families are:

e Genetic Algorithms (GA): Genetic Algorithms traditionally employ fixed-length repre-
sentations, most commonly binary strings, to encode candidate solutions. They strongly
emphasize recombination (crossover) as the primary search operator, combined with
mutation as a secondary source of variation. Selection is often fitness-proportional or
tournament-based, promoting the survival and recombination of high-performing indi-
viduals.

e Genetic Programming (GP): Genetic Programming is specially designed to evolve
computer programs or symbolic expressions rather than numerical vectors. Solutions are
typically represented as tree structures, allowing programs of variable size and shape to
be evolved. GP is particularly well-suited for tasks such as symbolic regression, automatic
program synthesis, and rule discovery.

e Evolution Strategies (ES): Evolution Strategies were originally developed for contin-
uous optimization problems involving real-valued parameters. They are characterized by
a strong focus on mutation-driven search and the use of self-adaptive mechanisms to
adjust strategy parameters, such as mutation step sizes, during evolution. Selection is
commonly implemented using (A+ ) or (A, 1) schemes, which control how parents and
offspring compete for survival.
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e Evolutionary Programming (EP): Evolutionary Programming initially focused on the
evolution of finite-state machines and later extended to real-valued optimization prob-
lems. In contrast to genetic algorithms, EP typically relies exclusively on mutation as its
variation operator and does not employ crossover. Selection is usually based on stochastic
tournaments among individuals.

The optimization task in this thesis involves continuous, high-dimensional parameter spaces,
where candidate solutions are represented by real-valued parameters rather than discrete or
symbolic structures. In such settings, Evolution Strategies are potentially effective, as they are
explicitly designed to operate directly in continuous domains through mutation-based search
mechanisms.

In particular, the (14 1)-ES offers a simple yet powerful optimization framework. By maintain-
ing a single-parent solution and generating one offspring per iteration, it enables efficient explo-
ration while requiring minimal computational resources. Although population-based methods
could increase diversity by evaluating multiple candidate solutions per generation, they would
also substantially increase computational cost and LLM usage. In the context of this thesis,
such costs are non-trivial as fitness evaluations involve interactions with an LLM. While (1+1)-
ES does not explicitly maintain diversity across multiple candidates, its reduced computational
demand offers a practical balance between exploration and efficiency. Furthermore, its elitist
selection mechanism ensures monotonic improvement in solution quality, making it well-suited
for iterative refinement tasks.

3.1.2 LLaMEA

As mentioned previously, the inspirational foundation for this thesis is LLaMEA [44]. LLaMEA
is a novel framework designed to automate the generation of metaheuristic optimization al-
gorithms by integrating LLMs into an evolutionary loop. The objective is to overcome the
inefficiencies of manual or expert-crafted algorithm design by iteratively generating, evaluat-
ing, and refining algorithms in a closed-loop process.

Within the LLaMEA framework, the LLM serves as an evolutionary generator of candidate
algorithms. Apart from this new integration of an LLM, the overall structure of LLaMEA
follows a classical evolutionary algorithm structure. The evolutionary loop starts with a task-
specific prompt and an example algorithm, after which the LLM synthesizes an initial algorithm
in code form. This first candidate is then evaluated using a specific benchmark platform,
|OHexperimenter with the BBOB test suite [23]. Based on the evaluation, a scalar performance
score is computed using the area over the convergence curve (AOCC) measure [34]. The
resulting feedback, which includes runtime errors and detailed scoring metrics, is provided
back to the LLM for prompting either to refine (mutate) or redesign the algorithm to produce
a new candidate. Finally, the selection strategy determines whether only improved solutions
are retained ((1 + 1)-strategy) or the newly generated candidates are always accepted ((1, 1)-
strategy). This evolutionary process is repeated for a fixed number of iterations (7).

An overview of the LLaMEA system is illustrated in Figure 3.2] The figure highlights the
complete optimization loop, from problem initialization and LLM-driven algorithm synthesis
to evaluation, error handling, and statistical performance assessment.

The authors demonstrated that LLaMEA can effectively generate high-performing algorithms
that rival and sometimes even surpass existing state-of-the-art techniques, such as CMA-ES
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Figure 3.2: Schematic representation of the LLaMEA framework, depicting the evolution-
ary loop, including candidate generation via an LLM, fitness evaluation, selection, and
iterative refinement, along with the information flow between components. Reproduced
from [44].

[43] [46] or Differential Evolution (DE) [45]. Moreover, the framework highlights the potential
of LLMs to innovate within the algorithmic design space, not only by fine-tuning algorithm
parameters but also by introducing novel algorithmic logic and structural modifications.

While LLaMEA was originally proposed for the automated design of code-based algorithms,
this thesis adapts its core principles to a different domain: the generation and optimization of
HIIT workout routines expressed in natural language.

3.1.3 High Intensity Interval Training

HIIT is a training protocol alternating short periods of intense or explosive anaerobic exercises
with brief recovery periods until the point of exhaustion [47]. Formally, HIIT is characterized
by reaching at least around 90% of maximal oxygen uptake (VOymazx) or more than 75%
of maximal power output during the work periods [3]. In practice, this means exercises are
performed in repeated quick bursts at maximum or near maximal effort with periods of rest
or low activity between bouts. Due to its extreme intensity, HIIT workouts are usually time-
efficient and relatively short, under 20 — 30 minutes for the entire session.

As introduced, a HIIT session is structured as a sequence of alternating work and recovery
intervals. Therefore, besides the selection of exercises, the key programmable parameters in-
clude the work interval intensity and duration, the recovery interval intensity and duration, and
the number of repetitions or cycles. A HIIT workout typically consists of a warm-up, multiple
cycles of fast exercise followed by periods of slow recovery, and finally a cool-down. The work-
rest ratios can widely vary, for example 1 : 1, 2 : 1, or 1 : 2, depending on training goals. In
general, shorter all-out intervals demand longer relative recoveries, whereas moderate-intensity
intervals may use shorter or equal recovery durations. HIIT protocols are highly configurable,
making them amenable to computational modeling. From an algorithmic perspective, a HIIT
workout can be represented by a set of parameters such as interval durations, intensities, and
exercise variability. Because these variables are explicitly defined, it becomes feasible to model
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a HIIT program as a series of structured sequences that an Al or computational system could
simulate or optimize for a given objective.

HIIT routines can take several forms and are often organized into named protocols. These
protocols mainly differ in interval duration, number of repetitions, work-to-rest structure, and
intensity. Some of the most commonly used formats are:

e Tabata protocol: The Tabata protocol was first introduced by Dr. Izumi Tabata [41].
It consists of 8 rounds of 20 seconds of very high-intensity exercise followed by 10
seconds of rest, traditionally performed at intensities approaching 170% of VOymazx. In
practice, many contemporary Tabata-style workouts often adopt the same 20s work /10s
rest structure while operating at lower, more sustainable intensity levels. A key advantage
of the Tabata format is its high degree of precision and programmability, as it is defined
by fixed and well-structured timing intervals.

e AMRAP (As Many Rounds/Repetitions As Possible): As the name describes itself,
in an AMRAP workout, the objective is to complete as many repetitions or rounds of
a given exercise circuit as possible within a fixed time frame, typically around 10 — 20
minutes [13][16]. Unlike interval-based protocols, AMRAP sessions do not prescribe
explicit rest periods; instead, participants self-regulate rest breaks while the clock keeps
running. This structure trains the body by promoting sustained effort and challenges
both muscular endurance and cardiovascular capacity.

e EMOM (Every Minute On the Minute): EMOM workouts consist of performing a
specific exercise or set of exercises at the start of each minute [13][16]. After completing
the prescribed repetitions, the remaining time within the minute is used for rest. When
the next minute begins, the cycle repeats. This structured timing creates a balance
between high intensity and controlled recovery, making EMOM workouts both demanding
and manageable.

In summary, HIIT programs are defined by a structured yet flexible combination of exercises,
interval durations, intensities, and work-to-rest ratios. This balance between formal structure
and configurability makes HII'T workouts particularly suitable for computational modeling and
automated generation.

3.2 System framework

As introduced previously, the system developed is designed to automatically generate and it-
eratively improve HIIT programs by combining the generative capabilities of LLMs with the
structured optimization process of an evolutionary algorithm. At a high level, the system's
framework follows a classical evolutionary optimization loop: initialization, generation, muta-
tion, evaluation, and selection. Each iteration of the loop refines the candidate HIIT programs
toward workout routines that are valid, diverse, and aligned with human preferences or model-
based fitness signals. In line with the original LLaMEA formulation [44], our implementation
adopts a (1+1) evolutionary strategy, in which a single incumbent solution is maintained and
challenged in each iteration by one newly generated or mutated candidate. The better of the
two survives to the next generation, ensuring a simple yet effective form of steady-state opti-
mization as only improvements are accepted. The overall framework of the proposed system
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Figure 3.3: Schematic representation of the proposed system framework, depicting the
evolutionary loop, including candidate generation via an LLM, fitness evaluation, selec-
tion, and iterative refinement, along with the information flow between components.

is illustrated in Figure [3.3][]

The optimization process begins with an initial HIIT program generated by an LLM according
to a predefined schema. In each iteration, a new candidate is produced by the LLM and eval-
uated under one of the four selection and evaluation strategies: LLMPredict, ABtest, Hybrid,
or LLMchoose. Each strategy provides different mechanisms for determining the candidate’s
quality, based on either model predictions, user preference, LLM comparison, or a combination
of them. Finally, the candidate and current incumbent are compared, and the preferred one
survives to the next generation. Iterations continue until a predefined computational budget is
reached or a satisfactory workout program is found.

Overall, this framework is flexible, modular, and capable of incorporating different evaluation
modalities, which allows it to explore the design space of HIIT workouts in a structured yet
adaptive manner. In the following sections, we describe each component of this system in
detail, including the representation of HIIT programs, the role of the LLM in generation and
mutation, and the four evaluation strategies used for selection.

3.2.1 Pseudocode

Algorithm (1] describes the system's optimization loop used for structured HIIT program gen-
eration, which is an adaptation of the (1 + 1)-LLaMEA framework. The algorithm begins by
generating an initial HIIT program using an LLM given the task prompt S (line 1). This initial
candidate is then evaluated using the chosen evaluation function f, producing a fitness value
and possible error information (line 2). The initial solution is stored as the best-so-far program
(lines 3).

!The source code for this project is available at https://github.com/JohanaChen/
LLaMEA-for-HIIT/tree/Organized_code.
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Algorithm 1 (1+1)-LLaMEA for Structured HIIT Program Generation

Require: Task prompt S, feedback template Fjy, budget T
Ensure: Best HIIT program P, and its data y, (including fitness)

1. Py < LLM(S) > Initialize: generate the first HIIT program
2: (Yo, €0) < f(FPo) > Evaluate the program with evaluation function
3 Py Fy; yp <+ Yo > Store the initial program as best-so-far
4: while t < T do > Loop until budget meeted
5: F« (S;H, (Py,ys), My, Fp) > Build new prompt: original task + previous
program + current best + mutation + feedback

6: P+ LLM(F) > Offspring generation with mutation
7 (v, €) « f(P") > Evaluate the offspring program
8: if ¢/ # () then > Errors ocurred
9: Yy < —o0

10: end if

11: if ' > y, then > (1+1)-selection
12: Py« Py o > Update best-so-far
13: end if

14: end while

15: return (B, y) > Return best HIIT program and its data

The main optimization process is performed within the while-loop (lines 4-14), which iterates
until the predefined budget T is exhausted or, in the specific case of the ABtest mode, the
user enters the STOP command. At each iteration, a new prompt F' is constructed (line 5)
by combining the original task description, historical information H, the current best HIIT
program and its fitness value, a mutation instruction specifying the type of variation to be
applied M;, and a feedback template Fy. The LLM is then queried to generate a new candidate
HIIT program (line 6), which is subsequently evaluated (line 7). If runtime or structural errors
are detected, the candidate is assigned the worst possible fitness value to penalize invalid
solutions (lines 8-10).

Selection follows a (1 + 1)-elitist strategy, where the newly generated candidate replaces the
current best solution if its fitness value is higher (lines 11-13). Once the budget is exhausted
or the iteration is stopped, the algorithm returns the best HII'T program discovered during the
optimization process with its corresponding fitness value (line 15).

3.3 Mutation strategy

In our proposed system, mutation is performed through prompt-based operators instead of
traditional syntactic or parametric perturbations. Rather than directly modifying the HIIT
programs, mutation is introduced by guiding the LLM through designed mutation prompts.
This design choice aligns with the generative nature of LLMs and allows mutation to operate
at a semantic level, affecting the structure, exercise selection, and pace of the HIIT programs.

At each generation step, the system probabilistically selects one of two mutation operators:

¢ Refinement: It consists of a local mutation operator, encouraging small yet incremental
changes to the best-so-far HIIT program. These modifications may include slight adjust-
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ments to exercise order, work-rest timing, or the replacement of at most one exercise
with a similar alternative. Still, the overall structure, training format, and total duration
of the workout are preserved.

e Redesign: Corresponds to a global mutation operator, allowing the system to explore
substantially different regions of the search space by implementing drastic changes in
the program. This includes significant changes in structure, style, intensity distribution,
or exercise selection relative to previously generated programs. Redesign mutations are
intentionally disruptive and are used to promote exploration, helping the system escape
local optima and discover novel workout configurations.

The choice of these two mutation operators is governed by the mutation ratio parameter,
which controls the probability of applying a more disruptive mutation (see Algorithm [2). This
operator selection implements an explicit exploration-exploitation trade-off. While redesign op-
erations induce larger semantic changes and therefore promote exploration of the search space,
refinement operations perform local adjustments, encouraging exploitation of the current best
solution.

Algorithm 2 Mutation operator selection function

Require: Mutation ratio p,, € [0, 1]

Ensure: Mutation operator op € { REFINE, REDESIGN}
1: 7 = Uniform(0, 1)

2: if r < p,, then

3 op < REDESIGN > Exploration: generate a substantially different program
4 prompt <— redesign_prompt

5: else

6 op < REFINE > Exploitation: apply small, incremental edits
7 prompt < refine_prompt

8: end if

9: return prompt, op

Once a mutation operator is selected, a new prompt is constructed to generate the subsequent
candidate solution. This prompt includes: the original task description defining the HIIT gener-
ation objective, the current best-so-far HIIT program, provided in a structured (JSON) format,
the selected mutation instruction (refinement or redesign), and a specification of the required
output format. In addition, depending on the selection and evaluation strategy, the prompt
incorporates multiple forms of feedback when available. This includes system-generated feed-
back, such as evaluation results or fitness-related observations, user feedback from the most
recent interaction, particularly relevant in ABtest or Hybrid modes, and accumulated feedback
memory from previous rounds, which allows user preferences to persist across generations. The
final prompt is then submitted to the LLM, which generates a new HIIT program that consti-
tutes the mutated offspring and competes with the incumbent solution.

Overall, this prompt-based mutation strategy enables semantically meaningful variation while
remaining fully compatible with the evolutionary optimization framework. It leverages the
strengths of LLMs in structured generation and contextual reasoning, while preserving key
evolutionary concepts such as mutation rate, operator diversity, and iterative refinement.
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3.4 Selection and evaluation strategies

Another critical point that determines the effectiveness of the proposed system is how candi-
date HIIT programs are evaluated and selected for the subsequent generation. The selection
methodology in our system aims to explore, apart from the classical fixed fitness function,
different levels of human involvement. To this end, we designed four distinct selection and
evaluation modes: LLMPredict, ABtest, Hybrid, and LLMChoose.

These modes span a spectrum from fully automated evaluation based on model predictions
to human-in-the-loop selection strategies. The design of multiple selection modes allows the
system to be flexible in different experimental contexts. In particular, it enables controlled
comparisons between automated and human-driven evaluations.

This section provides detailed descriptions of each selection mode.

3.4.1 LLMPredict

In this mode, following the classical paradigm of evolutionary algorithms, candidate HIIT
programs are evaluated using a scalar fitness function. Each generated program is represented
as a numerical score that describes its overall quality, and selection is performed by choosing
candidates with higher fitness values. Therefore, this mode consists of a fully automated
evaluation mode without the intervention of human feedback.

Initial fitness formulation

The initial design of the fitness function aimed to capture the quality of the HIIT program
through a weighted combination of domain-inspired criteria, including intensity, workout den-
sity, exercise selection, progression, and scalability. We could express the evaluation score as:

s =wil + woD + w3 E + wy P + wsS,
where w; are the weighting coefficients and:
e [ denotes the intensity, estimated using Metabolic Equivalent of Tasks (METs),
e D represents the density, work-to-rest ratio,
e [ evaluates the quality of the selected exercises,
e P captures progression and overload structure,
e S measures scalability and safety considerations,

While this formulation allowed the system to reason about structural and temporal properties
of the workout routines, it exhibited one fundamental limitation: the components involved
in the fitness score are mainly derived from the workout duration, intensity, or predefined
heuristics. As a result, the fitness score lacks the direct expression of the physiological effect
of performing the workout on the human body.

Incorporating predicted physiological and biomechanical responses

To overcome this limitation, we introduce an evaluation strategy that explicitly models the
expected effects of an HIIT program rather than relying solely on its surface-level structure.
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Inspired by studies on athletes’ performance modeling, particularly the study by Qin et al.
[25], athletic performance is understood to emerge from the intersection of physiological,
biomechanical, psychological, and environmental factors.

According to the paper, the physiological domain encompasses the internal biological processes
that support athletic performance, such as cardiovascular efficiency, metabolic capacity, and
recovery dynamics. The biomechanical factors represent the fundamental movement patterns
and physical capabilities that directly impact performance execution, for example, accelera-
tion, power, agility, strength, and flexibility. The psychological domain encompasses the men-
tal factors that influence an athlete’s ability to optimize physical capabilities and maintain
performance under pressure, such as mental toughness, athlete engagement, passion, group
cohesion, or resilience. Finally, the contextual domain accounts for the environmental and situ-
ational factors that influence performance, including competition level, team versus individual
sport dynamics, training environment characteristics, and seasonal phase.

Based on this insight and considering the available resources, we decided to integrate a physi-
ological factor and a biomechanical factor into the fitness function. To do so, we leverage the
LLM to predict human response variables to the generated HIIT programs. Therefore, in addi-
tion to extracting program-level properties such as work ratio, intensity, and exercise variety,
the LLM is also prompted to estimate the heart rate response as a physiological factor and
the power output as a biomechanical factor.

Shaped fitness function for optimization using Gaussian scoring

To make the evaluation compatible with the optimization evolutionary loop, several compo-
nents of the fitness function are computed using a Gaussian scoring function. This technique
assigns the highest score to values close to a predefined target, and gradually penalizes devia-
tions according to a standard deviation parameter.

Formally, the Gaussian distribution or normal distribution is defined as [48]:

- —pgon (~E525).

vV 2mo? 202

where 1 is the mean or expectation of the distribution and o° is the variance. However,
for our purpose, we employ a Gaussian-shaped scoring function to evaluate the fitness
components. Unlike the Gaussian probability density function, the normalization constant is
omitted, as the function is not used to model a probability distribution but rather to express
preference for values close to a desired target. This formulation yields a bounded, smooth score
in (0, 1], suitable for fitness shaping in our evolutionary optimization setting. Therefore, the
expression for each component becomes:

score(z) = exp (—(Z_—M)Q> ;

2
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where 1 represents the desired target value, and o the variance.

This approach allows the system to encode soft physiological constraints, such as preferring
heart rate responses that are challenging yet safe (e.g., 70-90% of estimated maximum heart
rate), dense but recoverable work ratios, and moderately high average intensity. In contrast to
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hard thresholds, Gaussian scoring provides a smooth and interpretable way to guide optimiza-
tion toward realistic and desirable regions of the search space.

This Gaussian mechanism is applied to all the components of the fitness score, except for
the exercise variety, for which a monotonic saturation function is applied instead, encouraging
diversity while avoiding unbounded growth in the score once sufficient variety is achieved.

Final fitness score

Finally, the fitness score is defined as:

§ = Wy - SCOre(zp, ) + Wa - SCOre( Zpower ) + W3 - SCOre(Zyork ) + W4 - SCOrE( Zintensity) + Ws * Zvariety-

(3.1)
where z; € [0,1] denotes a normalized score derived from the corresponding predicted or
extracted feature, score() depicts the Gaussian score function, and the coefficients w; € [0, 1]
denote the weights assigned to each component satisfying > . w; = 1.

This formulation enables a fully automated evaluation pipeline in which LLM-predicted physio-
logical and biomechanical responses are integrated into a structured fitness function. With this
design, we aim to bridge the gap between abstract workout descriptions and their expected
human impact, while remaining compatible with evolutionary optimization principles.

3.4.2 ABtest

In the ABtest mode, the automated fitness function is designed to be entirely replaced by
human evaluation, giving the user direct control over the selection process within the evolu-
tionary loop. Instead of assigning a scalar fitness score to each candidate solution, the system
relies on pairwise comparisons between HIIT programs.

At each iteration, the system presents two HIIT workouts: the current incumbent (parent)
solution and a newly generated candidate (offspring) solution. Then, the user is asked to
evaluate both workout routines and provide one of the following inputs:

e A: Choose the current incumbent if this one is preferred.
e B: Choose the new candidate program if it is preferred.

e T: Declare a tie if both routines are considered equivalent in quality, in which case the
system randomly selects one of the two.

e STOP: Terminate the optimization process if the current incumbent is already consid-
ered satisfactory.

In addition to the selection decision, users may also provide textual feedback describing their
preferences, perceived shortcomings, or any additional instructions to the system. This feed-
back is then incorporated into the prompt used for subsequent candidate generation, allowing
the system to adapt not only through selection pressure but also through explicit qualitative
guidance.

In contrast to the fully automated evaluation mode, this approach implements a human-in-the-
loop evaluation process, making it particularly suitable for studying the comparison between
automated metrics and subjective evaluation by users.
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3.4.3 Hybrid

The Hybrid mode is designed as the result of combining the scalability of automated evaluation
with the expressiveness of human judgment. In this setting, the system alternates between the
fitness evaluation from LLMPredict and the human selection in ABtest.

Concretely, the evolutionary process proceeds for a predefined number of iterations using the
LLMPredict fitness function, during which candidate programs are automatically evaluated
and selected based on their scalar fitness scores. After every predefined = number of auto-
mated iterations, a human evaluation step is introduced. During this step, the user compares
the current incumbent with a newly generated candidate using the same pairwise selection
mechanism as in the ABtest mode.

This strategy aims to enable the system'’s optimization process to explore the search space
efficiently using automated guidance, while periodically correcting or refining the search direc-
tion based on human preferences. Therefore, the Hybrid mode balances optimization efficiency
with alignment to subjective user expectations.

3.4.4 LLMChoose

Finally, in the LLMChoose mode, the evaluation and selection process is completely delegated
to the LLM. Similar to the ABtest mode, this approach does not rely on an explicit fitness
function. Instead, selection is again performed through pairwise comparisons between candi-
date solutions. However, rather than relying on user preference, the LLM itself performs the
qualitative comparison and selects its preferred solution under predefined guidance.

As in the ABtest mode, in each iteration, the LLM is presented with two HIIT programs:
the current incumbent solution and a newly generated candidate. The model is prompted to
compare both programs while adopting the role of a professional fitness trainer. The evaluation
is guided by a fixed set of high-level criteria, including exercise variety, balance between training
modalities, structural coherence, appropriate duration and rest intervals, and suitability for an
intermediate fitness level. Based on this comparison, the LLM is instructed to select the
preferred program and provide a brief justification for its decision.

Although explicit evaluation criteria are provided, no quantitative fitness function is imposed,
positioning the LLMChoose mode as an intermediate approach between fully automated
fitness-based evaluation and human-in-the-loop selection. This framework effectively explores
whether an LLM can act as a coherent qualitative evaluator, applying domain knowledge and
holistic judgment without explicit numerical optimization objectives.
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Chapter 4

Experiment

4.1 Experiment 1: Comparison of LLMs

4.1.1 Objectives

To evaluate the influence of the underlying LLM on evolutionary performance, we conducted
a comparative study across multiple LLM backends. For each model, the system was executed
for 30 generations and repeated six times using different random seeds. During each run, the
best-so-far fitness value was recorded at every generation. The resulting fitness trajectories
were averaged per generation, and both individual runs and mean performance curves were
visualized to assess convergence behavior, stability, and final solution quality.

4.1.2 Experiment setup

To isolate the effect of the LLM model on the system’s optimization performance, we con-
ducted a controlled comparison across four LLM backends: GPT-40-mini (OpenAl), Gemini 3
Flash (Google), DeepSeek-Chat (DeepSeek), and Llama-3 (Ollama, local inference). To ensure
a fair comparison, all features of the optimization process were kept identical across experi-
ments, including task definition, prompting strategy, solution representation, and evolutionary
hyperparameters.

The system was run for a fixed budget of 30 iterations, repeated 6 times for each configuration.
Offspring were generated using a fixed mutation framework that alternates between refinement
and redesign operators, with a mutation ratio of 0.2, meaning that redesign mutations were
applied with a probability of 0.2 in each generation.

For Experiments 1-3, the evaluation mechanism is based exclusively on the proposed multi-
component fitness function (LLMPredict). The weighting coefficients are fixed throughout
these experiments to ensure comparability across configurations. Specifically, the weights are
set as follows: {w; = 0.3, wy = 0.25, w3 = 0.2, w4 = 0.15, w5 = 0.1}.
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4.2 Experiment 2: Effect of mutation rate

4.2.1 Objectives

Mutation plays a crucial role in evolutionary algorithms as it balances the exploration-exploitation
trade-off. In our system context, the mutation rate determines how often offspring are gener-
ated through substantial changes (redesign) or small improvements (refinement). While pre-
vious work in evolutionary computation has shown that mutation significantly affects conver-
gence speed, stability, and solution quality [29], its impact in LLM-driven evolutionary systems
remains underexplored.

Therefore, the objective of this experiment is to systematically explore how different mutation
rates influence the optimization dynamics and final performance of our system in the generation
of HIIT workouts.

4.2.2 Experiment setup

Based on the results of Experiment 1, GPT-40-mini is selected as the LLM backend for all
subsequent experiments, as it provided the best balance between convergence speed, consis-
tency across runs, and final fitness performance. All features of the optimization process are
kept identical to Experiment 1, except for the mutation rate.

In this experiment, we evaluate the following mutation rate settings:
{0.0,0.3,0.7,1.0},

where the mutation rate denotes the probability of applying a redesign mutation in a given
generation. The selection of mutation rates aims to span the full spectrum of exploration-
exploitation trade-offs. Mutation rate 0.0 represents a purely exploitative approach, where
only minimal refinement mutations are applied, allowing the system to perform local improve-
ment. Mutation rate 0.3 introduces a small level of exploration, favoring refinement while
occasionally introducing redesign mutation to escape from local optima. Instead, mutation
rate 0.7 biases the search toward unexplored solution areas, enabling frequent major changes
while still retaining some capacity for incremental improvement. Finally, the mutation rate 1.0
fully explores the search area, where every offspring is generated through redesign mutation.
With this range, we aim to systematically analyze the effect of increasing mutation strength
in evolutionary dynamics in the system.

Each configuration is executed for 30 generations and repeated 3 times. Similar to Experiment
1, the best-so-far fitness is recorded at every generation, and individual and mean performance
curves are analyzed to assess convergence speed, stability, and final solution quality.

4.3 Experiment 3: Validity of LLM’s predictions

Experiment 3 consists of the validation of the heart rate predictions generated by the LLM.
These predictions are a core component of the fitness evaluation function used in our system;
therefore, their reliability is crucial for the correctness of the optimization process.

To assess prediction accuracy, participants are provided with two generated HIIT workout
programs. For each workout, participants are asked to record their heart rate (in bpm) at
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multiple time points, including at the beginning of the workout routine, after each exercise
and rest interval, and at the end of the session. The heart rate measurements are collected
through the participant’s own wearable device or fitness tracker.

Then, the recorded values are compared to the corresponding LLM-predicted heart rate tra-
jectories. Predicted and observed values are visualized as individual and mean time-aligned
curves, and analyzed to assess deviations, trends, and peak alignment. This comparison pro-
vides insight into whether the LLM is able to predict realistic heart rate dynamics during HII'T
workouts.

4.4 Experiment 4: User feedback

At the end of the pipeline, the generated workout routines are designed for practical human
use. Therefore, Experiment 4 focuses on user feedback and evaluation of the provided HIIT
workouts in Experiment 3. The goal for this experiment is to explore how users perceive the
quality, intensity, and overall suitability of the generated workouts.

Participants are invited to perform both HIIT routines, each at a separate time. After com-
pleting each workout, they are asked to fill in a structured questionnaire collecting both back-
ground information and subjective evaluations. The questionnaire first gathers demographic
and activity-related information, including age, regular workout habits, and weekly training
frequency. This is followed by numerical ratings on a 1 — 10 scale assessing perceived power,
physical demand, work-rest ratio, intensity, exercise variety, and overall workout quality. These
evaluation dimensions are intentionally selected to match as closely as possible with the defi-
nition of the fitness function used by the system, to have a fairer comparison between human
judgments and the system’s internal evaluation criteria. Finally, participants are asked whether
they would be willing to regularly use the HIIT routines.

After completing both workouts, participants are also asked to indicate which of the two
HIIT programs they prefer overall. This final comparison provides a direct preference-based
evaluation between both routines and allows for a comparison between the system'’s preference
and the users’ actual preferences.

4.5 Experiment 5: Trainer ABtest

This final experiment aims to investigate the usability and perceived value of the system from
a professional coaching perspective. Instead of evaluating the final outputs of the system, this
experiment focuses on how experienced fitness coaches interact with the system and whether,
from a professional standpoint, it provides meaningful, actionable insights for workout design,
and is worth developing further.

Coaches are invited to interact with the system in the A/B testing mode, which allows them
to compare alternative HIIT program generations and provide feedback after each generation.
Each coach uses the system at least once to explore how it responds to preference signals and
iterative refinement.

After completing the interaction, coaches are asked to fill in a structured feedback form, where
they need to use a 1 — 10 scale to evaluate the professionalism of the generated HIIT routines,
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the accuracy of the system's response to feedback, the diversity of the generated solutions,
and the overall quality of the final output. Additionally, they are asked whether they would
prefer to use such a system for generating workout routines or rely on manual program design.

Finally, open-ended feedback is also collected to identify any limitations of the system and to
gather suggestions for potential improvements and future directions.
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Chapter 5

Results

5.1 Experiment 1: Comparison of LLMs

As mentioned previously, the four language models are selected to represent a diverse range of
architectures, deployment settings, and performance profiles. Specifically, the comparison in-
cludes a compact proprietary model optimized for fast inference (gpt-4o-mini), an open-source
locally deployed model (/lama3), and two alternative conversational models with different train-
ing and inference characteristics (deepseek-chat and gemini-flash). This selection enables an
analysis of how model capability, inference cost, and response quality influence the behavior
of the evolutionary optimization process.

Fitness Score Evolution Across Different LLMs
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Figure 5.1: Figure illustrating the evolution of fitness scores across generations for four
different large language models. Light-colored curves represent individual optimization
runs, while bold curves indicate the average fitness progression per model.
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Figure [5.1| shows the evolution of the fitness score across generations for all runs of the four
evaluated language models. Individual runs are displayed using lighter-colored curves, while the
bold curves represent the average fitness progression for each model.

Among the evaluated models, gemini-flash exhibits the steepest initial improvement in fitness,
indicating that the optimization process is able to quickly exploit its generative capabilities
during the early generations. However, despite this rapid initial progress, the model consistently
converges to a plateau around a fitness score of approximately 0.8, suggesting premature
convergence to a local optimum.

A similar behavior is observed for deepseek-chat. Although this model starts from a slightly
higher initial fitness than gemini-flash, it ultimately converges to a comparable fitness plateau,
indicating limited ability to escape local optima within the evolutionary loop.

In contrast, both gpt-4o0-mini and llama3 demonstrate superior optimization performance.
These models start from relatively high initial fitness values and show steady, incremental
improvements across generations, ultimately converging to fitness scores close to 0.9. This
behavior suggests a stronger capacity for producing consistent refinements and benefiting
from iterative feedback.

While /lama3 achieves a slightly higher final average fitness score than gpt-4o-mini, it requires
significantly longer execution time due to its local deployment and higher computational cost
per iteration. As a result, gpt-40-mini was selected as the preferred model for subsequent
experiments, as it offers a more favorable trade-off between solution quality and computational
efficiency.

5.2 Experiment 2: Effect of mutation rate

Once the language model gpt-4o-mini is selected, the next step is to study the effect of different
mutation ratios in order to analyze the exploration—exploitation trade-off of the optimization
process.

As introduced previously, four mutation ratio values are evaluated. Figure [5.2 shows the fitness
score evolution across generations for all runs of each mutation ratio. Individual runs are
displayed in lighter colors, while the bold curves represent the average fitness progression.

For lower mutation ratios, in particular 0.0 and 0.3, the optimization process is dominated
by refinement operations rather than large exploratory changes. In this regime, the model
primarily performs incremental modifications to the current incumbent solution, resulting in
small but consistent improvements. This behavior is clearly reflected in Figure 5.2 where the
corresponding fitness curves exhibit a more pronounced and continuous increase during the
early generations. However, once a fitness score of approximately 0.87-0.88 is reached, the
curves plateau and show signs of premature convergence, indicating that the limited use of
exploratory mutations reduces the ability of the system to escape local optima.

At the opposite extreme, a mutation ratio of 1.0, corresponding to always applying the redesign
operator, results in slower and less stable improvement. In this setting, the fitness curve quickly
reaches a plateau after only a few generations, suggesting that excessive exploration disrupts
incremental progress. The lack of refinement prevents the system from consistently improving
promising solutions, leading to stagnation in solution quality.

30



In contrast, an intermediate mutation ratio of 0.7 achieves a more favorable balance between
exploration and exploitation. The corresponding fitness curve shows sustained improvement
across generations and converges to the highest final average fitness score, close to 0.9. This
indicates that combining redesign and refinement allows the system to both explore new
solution structures and exploit high-quality candidates effectively.

Overall, these results confirm the importance of balancing mutation strategies in the proposed
evolutionary framework. An intermediate mutation ratio enables continued progress throughout
the optimization process, avoiding both premature convergence and excessive randomness, and
is therefore adopted in subsequent experiments.

Fitness Score Evolution Across Mutation Ratios
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Figure 5.2: Figure illustrating the fitness score evolution across generations for different
mutation ratios using the gpt-4o-mini model. Light-colored curves represent individual
runs, while bold curves show the average fitness progression. The figure illustrates how
different balances between redesign and refinement affect convergence behavior and final
solution quality.

5.3 Experiment 3: Validity of LLM’s predictions

To verify the validity of the heart rate predictions produced by the LLM, participants were
asked to record their heart rate after each exercise and rest interval during the execution
of two of the generated HIIT programs E The recorded heart rate measurements are then
compared against the predicted heart rate values. The resulting comparison figures for the
corresponding HIIT sessions are illustrated in Figure 5.3| and Figure |5.4

!The link to the videos of both HIIT programs is available here: https://drive.google.com/drive/
folders/1YKWUcZv6VBXUz4DgAlek-abX_Wnfkyjb?usp=sharing
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Figure 5.3: Comparison plot between LLM-predicted heart rate (bold line) and recorded
user heart rates (lighter lines) across HIIT 1 session. The predicted average heart rate
captures the general interval-based pattern but does not fully reflect the stabilization
observed in the recorded measurements over time.
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Figure 5.4: Comparison plot between LLM-predicted (bold line) and recorded heart rates
(lighter lines) for HIIT 2 session. While the predicted curve follows the overall structure
of work and rest intervals, it generally overestimates heart rate values relative to user
measurements.

Overall, the results indicate that the LLM-generated predictions fall within a realistic range of
heart rate values and exhibit reasonable variability over the course of a HIIT session. However, a
closer analysis reveals several systematic discrepancies between predicted and actual recorded
heart rates. The predictions do not consistently align with the true temporal dynamics. In
particular, while the predicted curves exhibit regular oscillations that mirror the alternating
structure of exercise and rest intervals, the phase of these oscillations often does not match the
recorded measurements. In addition, in both figures, the predicted heart rate follows the same
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oscillation pattern across the entire session, whereas the recorded heart rate tends to stabilize
after a certain number of intervals. In reality, due to physiological adaptation and fatigue
accumulation, the heart rate tends to gradually reach a steady elevated range. However, this
stabilization effect is not sufficiently captured by the LLM predictions, which appear to treat
each interval as largely independent of previous exertion.

Moreover, the predicted heart rates in the second HIIT program (Figure are consistently
higher than the actual values. These results suggest that the LLM may overestimate the heart
rate. These discrepancies highlight a limitation of the current LLM-based heart rate estimation.
While it produces plausible qualitative trends, it lacks a reliable model of effort accumulation,
recovery dynamics, and individual variability. As a result, the predicted heart rate does not
fully reflect the persistence of the exercise effect over time.

It is important to note that these measurements were obtained under non-controlled conditions,
using consumer-grade heart rate tracking tools and self-reported recordings by participants.
Consequently, the recorded data may contain noise and measurement inaccuracies. Neverthe-
less, the observed deviations remain consistent across sessions, indicating a genuine modeling
limitation rather than purely experimental error.

Despite these limitations, the results demonstrate that the LLM-based prediction provides a
reasonable first-order approximation of heart rate dynamics. A clear direction for future work
would be improving the accuracy of these predictions by incorporating fatigue modeling, user-
specific calibration, or physiological constraints. A more accurate heart rate estimation would
directly improve the realism of the generated HIIT programs and enhance the fitness function,
leading to better alignment between optimized routines and real-world physiological responses.

5.4 Experiment 4: User feedback

To assess how accurately the proposed fitness function captures the perceived quality of a
HIIT program, we conducted a user-based evaluation involving the workouts from the previous
experiment that received markedly different fitness scores from the system. The goal of this
evaluation is to compare the system'’s internal assessment with human judgments.

In order to have a fair comparison, participants who performed both HIIT programs are asked
to evaluate in a scale from 1 — 10 each workout according to the same components used
in the fitness formulation, namely power demand, work—rest balance, perceived intensity, and
exercise variety. The heart-rate component is treated separately and is not subjectively rated;
instead, it is computed from the physiological data collected during the previous experiment
using user-recorded heart rates. This ensures that the evaluation remains consistent with the
structure of the fitness function while avoiding unreliable subjective estimates of heart rate.

Tables and report the average user scores for each component, together with the
resulting fitness values obtained by applying the proposed formulation. The individual ratings
provided by each participant are reported in Appendix [A] for completeness.

The fitness scores generated by the system for the two HIIT programs are 0.890 for HIIT 1 and
0.387 for HIIT 2. When recomputed using user-averaged component scores and user-measured
heart rate, the relative ordering remains consistent, with HIIT 1 being evaluated with a higher
quality than HIIT 2, both by the system and by human users. Although the gap between the
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Component Score Component Score

Heart rate 0.655 Heart rate 0.621
Power 0.707 Power 0.946
Work-rest balance 0.999 Work-rest balance 0.820
Intensity 0.998 Intensity 0.770
Variety 0.633 Variety 0.666
Final fitness s 0.786 Final fitness s 0.769
Final fitness (0-10) 7.86 Final fitness (0-10) 7.69

System score 0.890 System score 0.387

(a) HIIT Program 1 (b) HIIT Program 2

Table 5.1: Comparison of fitness scores for the respective HIIT programs based on user
evaluations and measured heart rate. The final score aligns with the system’s fitness
assessment, with HII'T 1 receiving the highest score.

user-based fitness scores is smaller than the one produced by the system, this result suggests
that the fitness function captures meaningful qualitative differences between workouts rather
than producing arbitrary rankings.

In the designed scoring mechanism, higher component scores indicate closer alignment between
user evaluations and a predefined target range, which represents the desired or optimal value
for each feature. Conversely, lower scores arise when user evaluations deviate substantially
from this range, either by being too low or too high. This behavior results from the use of
Gaussian-shaped scoring functions, which are designed to reward values near the target while
progressively penalizing deviations in both directions.

This effect can be clearly observed in the case of the power demand component. Although
users rated the power requirement of HIIT 1 relatively high (see Appendix , these ratings
exceeded the preferred range implicitly encoded in the fitness function, which is centered around
a normalized value of 0.6. As a consequence, the corresponding Gaussian score is lower than
that of HIIT 2, whose power demand evaluations fall closer to the target range. This example
highlights a discrepancy between predefined parameter targets and subjective user perception,
emphasizing the importance of carefully calibrating scoring functions to reflect realistic human
expectations.

Overall, these results indicate that the proposed fitness function constitutes a promising first
approximation of HIIT program quality. While it cannot be claimed that the formulation is
universally optimal or applicable to all workout styles and user populations, it demonstrates
the ability to align system-based evaluations with human judgments in a consistent and inter-
pretable manner.

5.5 Experiment 5: Trainer ABtest

In this last experiment, a qualitative assessment is conducted with four professional trainers to
evaluate the ABtest mode of the system from an expert perspective. The trainers are asked
to interact with the system to generate a HIIT program appropriate for women between the
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Evaluation criterion Average score

Professionalism of generated HIIT routines 5.75
Accuracy of response to trainer feedback 4.50
Diversity of generated routines 5.00
Overall quality of the final HIIT program 5.50

Table 5.2: Average evaluation scores provided by professional trainers for the final HII'T
program across multiple assessment criteria, using a 1-10 rating scale.

age of 20 — 30 without requiring expertise in exercising. Then, they need to evaluate the final
output from four perspectives: the perceived professionalism of the generated workouts, the
system's responsiveness to expert feedback, the diversity of generated routines, and the overall
quality of the final HIIT program.

The results are presented in Table as the average score for each of the components from
all four trainers in a scale of 1 — 10. As reported in the table, the highest score corresponds to
the professionalism of the generated routines, suggesting the system is capable of producing
workouts that exhibit a reasonable level of structure and coherence, although there remains
substantial room for improvement before reaching professional-grade standards. Similarly, the
overall quality of the final program received a moderate score, indicating that while the output
is acceptable, it does not yet fully meet expert expectations. The lowest score was assigned to
the accuracy of the system'’s response to trainer feedback. This result indicates that, although
feedback is incorporated to some extent, the system does not always reflect expert guidance
in a sufficiently precise or predictable manner. This limitation highlights a key challenge for
human-in-the-loop optimization with LLMs, particularly when expert feedback is nuanced or
domain-specific.

In addition to the quantitative ratings, trainers are also asked whether they would prefer
to rely on the system for generating HIIT workouts or continue designing programs entirely
manually. Interestingly, only one trainer expressed a preference for fully human-driven design,
whereas the remaining participants favored a hybrid approach combining system-generated
suggestions with human expertise and final decision-making. This outcome suggests that the
proposed framework may be most effective not as a replacement for professional trainers but
as a collaborative tool that supports human creativity and expertise.

Taken together, these findings indicate that a hybrid workflow may constitute a more practical
and acceptable solution in real-world training contexts. This conclusion suggests that our
Hybrid model emerges as a promising candidate for use by professional coaches.
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Chapter 6

Conclusion

6.1 Reflection on research questions

After conducting all the experiments and collecting both quantitative and qualitative feedback,
we can now reflect on the research questions formulated at the beginning of this thesis.

RQ1. How to design a numerical formulation suitable for evolutionary optimization
that can effectively represent the quality of a HIIT program?

The primary objective of this work was to design a system capable of generating HIIT pro-
grams within an automated optimization loop. To achieve this, we proposed an approach that
integrates LLMs into an evolutionary framework, enabling the structured generation and iter-
ative refinement of HIIT workout routines. A central challenge in this process is therefore the
design of a fitness function able to represent the quality of a HIIT program in an objective and
professionally meaningful way.

In practice, HIIT programs are inherently context-dependent and often tailored to specific
populations based on physiological characteristics, fitness levels, and training goals. For this
reason, the proposed fitness function is designed for a clearly defined target group: women aged
between 20 and 30 years. The function aims to capture multiple dimensions that professional
coaches typically consider when designing HIIT routines, including physiological responses,
biomechanical constraints, structural coherence, intensity distribution, and exercise variety
within controlled ranges.

The experimental results indicate that the proposed fitness function constitutes a promising
first attempt at numerically representing HIIT quality. While the formulation is not intended
to be universal or definitive, it demonstrates that complex, qualitative coaching criteria can be
translated into a structured numerical representation. This suggests that further exploration
of numerical fitness formulations for workout quality is a valuable research direction. The core
idea of the research would be focused on encoding expert reasoning into quantitative metrics.

RQ2. To what extent can an LLM be effectively integrated into an evolutionary
framework for structured workout generation?

The integration of an LLM into the evolutionary framework is definitely a powerful design
choice. Beyond the specific application of workout generation, this work highlights the broader
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potential of combining LLMs with evolutionary algorithms for structured content creation
tasks. The LLM provides high-level reasoning, creativity, and linguistic flexibility, while the
evolutionary process enforces structure, selection pressure, and iterative optimization.

Throughout the project, we clearly identified and verified with professional coaches that the
LLM often generated innovative and unconventional combinations of exercises. Several rou-
tines were described by experts as creative and novel, yet still realistic and potentially effective.
This suggests that the LLM does not merely replicate existing patterns but can meaningfully
expand the design space while remaining within practical constraints when guided by an ap-
propriate fitness function. These findings support the effectiveness of the integration of LLM
into evolutionary algorithms for generating structured, high-quality workout programs.

RQ3. To what extent is an evolutionary LLM-based HIIT generation system accept-
able and useful to human users in practice?

Regarding practical usefulness and acceptance, the results suggest that while some coaches
still prefer a fully manual HIIT design, the majority of professionals expressed a willingness to
incorporate the system into their workflow. Rather than replacing human expertise, the system
was primarily valued as a collaborative and inspirational tool. Coaches indicated that it could
support idea inspiration, routine variation, and long-term planning, while still allowing human
judgment and adaptation.

For non-professional users, the system also demonstrated practical relevance. Although it can-
not replace the nuanced expertise of a trained coach, the generated programs were consistently
evaluated as realistic, executable, and beneficial. This indicates that the system has the po-
tential to lower the barrier to structured HIIT training while maintaining a reasonable level of
safety and effectiveness.

Overall, these findings suggest that an evolutionary LLM-based HIIT generation system is both
acceptable and useful in real-world contexts, particularly when positioned as a hybrid tool that
combines automated generation with human oversight. Such collaboration appears to be a
promising and practical direction for future fitness-oriented Al systems.

6.2 Limitations and challenges

Despite the promising results obtained in this work, several limitations and challenges were
identified throughout the project, which should be addressed in future research.

One of the main limitations concerns the accuracy of the physiological predictions produced by
the LLM. In Experiment 3, users’ actual heart rate measurements were collected and compared
against the system'’s predictions. While the predicted trends were generally consistent with the
observed data, the results were not fully accurate, leaving a non-negligible margin of error.
In addition, due to the lack of appropriate measurement tools, the predicted power output
could not be empirically validated. Although these inaccuracies did not critically compromise
the qualitative assessment of the generated HIIT programs, they may nonetheless affect the
reliability of the fitness function and, consequently, the selection pressure within the evolu-
tionary optimization process. Improving the precision of physiological predictions represents an
important direction for future work.

A second limitation relates to the expressiveness and diversity of the HIIT structures generated
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by the system. Feedback from professional coaches indicated that the representation of HIIT
formats was somewhat restrictive. In particular, the system predominantly focused on short,
time-based intervals, whereas HIIT in practice can be implemented through a wider range of
structures. These include, for example, completing a fixed number of repetitions as quickly as
possible within a given time window, followed by structured recovery periods, or longer high-
intensity efforts exceeding one minute, depending on training goals. As a result, the variation
in HIIT formats was perceived as limited and somewhat one-sided. While these constraints
were necessary to ensure evaluability and comparability during optimization, they also reduced
the space of possible workout designs. Expanding the representation of HIIT structures and
incorporating additional format types would increase both the realism and applicability of the
generated programs, particularly for professional training contexts.

6.3 Future work

The limitations identified in this thesis open several promising directions for future research
and development. Addressing these aspects would not only strengthen the technical robustness
of the system but also expand its applicability in real-world fitness and coaching contexts.

A first important direction concerns the improvement of physiological prediction accuracy.
Future work could integrate hybrid approaches combining LLM-based reasoning with data-
driven physiological models could be explored to better estimate heart rate dynamics and
power output across different workout structures and user profiles. This would allow the system
to rely on more a more reliable data base, reducing systematic bias and improving reliability.
Such improvements would directly enhance the effectiveness of the fitness function and the
evolutionary selection process.

A second direction involves extending the expressiveness and diversity of HIIT structures sup-
ported by the system. Future versions could incorporate a broader range of HIIT formats,
including repetition-based protocols, task-completion challenges, and longer high-intensity ef-
forts combined with structured recovery phases. This would require both an extension of the
workout representation and a reformulation of the fitness function to fairly evaluate hetero-
geneous training formats. Expanding the design space in this way would improve realism and
make the system more aligned with professional coaching practices.

Another promising avenue is personalization. While this work focused on a specific target group,
future research could generalize the framework to support multiple user profiles with varying
age ranges, fitness levels, and training goals. Adaptive fitness functions or multi-objective
optimization strategies could be employed to provide realistic workout routines adapted to
each user's fitness objectives. This would allow the system to evolve workouts that are not
only high-quality but also individually tailored.

Taken together, these results suggest that the proposed LLM-based evolutionary system is a
promising approach for HIIT program generation, opening several directions for future work.
With improved physiological modeling, greater structural diversity, enhanced personalization,
and deeper human collaboration, such systems have the potential to become valuable tools in
both professional training environments and personal fitness applications.
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Appendix A

Additional experimental results

User Power Work-rest Intensity Variety Overall quality

Ul 8 7 7 8 9
U2 7
U3 8
U4 7
Us 7
U6 8
8
8
8
7.

ur
Us
U9

9 7 > 8
8 6 7 7
) 8 5 7
8 8 6 7
4 8 4 7
) 8 7 8
6 8 7 7
6 8 8 8
6. 7. 6. 7.

Average 667 444 333 956

Table A.1: User evaluation scores for HII'T program 1 across the defined subjective criteria
in a 1-10 scale.

User Power Work-rest Intensity Variety Overall quality

Ul 8 9 8 3 8
U2 8
U3 6
U4 4
Us 8
U6 8
7
6
bt
6

U7
Us
U9

9 8 9 9
8 7 7 7
6 5 6 6
8 8 7 8
5 8 o 7
7 7 6 3
7 6 7 8
8 4 8 7
7. 6. 6. 7.

Average .667 444 778 667 556

Table A.2: User evaluation scores for HII'T Program 2 across the defined subjective criteria
in a 1-10 scale.
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