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Abstract

Technical documentation proves to be crucial in the field of Software Engineering,
serving as a key asset during the lifecycle of software in tasks such as maintenance,
knowledge transfer, and governance. Despite its long-term importance, such
tasks are often deprioritized due to the manual effort and time required. This
may lead to nonexistent, incomplete, or outdated manuals that not only could
reduce collaboration and clarity, but also possibly introduce operational risk. This
problem is particularly relevant in the domain of Robotic Process Automation,
where automation projects evolve rapidly and documentation tends to diverge from
the actual implementation over time. Inspired by previous work on the subject, this
thesis explores the use of LLMs specifically to automate the generation of technical
documentation for RPA projects built with UiPath, a widely adopted enterprise
platform. The work presents an end-to-end system that first extracts structured
information from project files through deterministic analysis and then uses that
information as input for LLM-based generation. Three commercially available
Large Language Models are compared as documentation generators across several
projects of varying complexity, and a dual evaluation approach is adopted: one based
on quantitative text-similarity metrics and one based on qualitative assessment
performed by a separate, more capable LLM acting as an evaluator. The results
indicate that all tested models are capable of generating structured and usable
documentation. However, traditional text-overlap metrics alone do not fully capture
the overall quality of the generated output, whereas the inclusion of qualitative
evaluation methods provides a more comprehensive assessment. This work was
conducted in collaboration with Poseidon SB, a consulting company specializing in
effective and rapid digitization of business processes through automation and other
modern technologies.
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Chapter 1

Introduction

1.1 Background

The contemporary technological panorama is defined by what seems to be the
sudden rise of Artificial Intelligence and Large Language Models (LLMs). Although
this revolutionary breakthrough can be seen as a recent phenomenon, it actually
lays its roots in the last decades of research, with the culmination of philosophical
ambition, state-driven investments, and the recent convergence of singular economic
and technical forces. Thinkers like Ramon Llull, back in the 13th century, already
imagined systems of combinatorial logic to generate truths mechanically. Moreover,
the dream of Leibniz was to create a "universal language" able to reduce reasoning
to mere calculation. George Boole and his formalization of logic in the 19th century
gave Alan Turing the foundations for his theoretical universal computing machine
in the 20th century, and with the advent of digital computers, this vision began
to become more concrete than it had ever been. While we can say that thinkers
answered the "what’, the "how" was answered by political and military ambitions
during the 20th century.

These incredible advancements in Al capabilities and more specifically in LLMs
are thus not a single breakthrough, but rather the product of the convergence of
three historical developments:

o Exponential growth in computational power according to Moore’s Law,
which brought the power necessary to train enormous models;

o The creation of an unprecedented quantity of digital data (Big Data),
fundamental to train complex Al models;

e Refined algorithms to train neural networks, allowing the combination
of data availability and computational power to reach new goals.
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Introduction

It is then no surprise that the rise of such a powerful, non-neutral force has
brought profound changes in every field. Such a disruptive technology has managed
to completely revolutionize the way people approach every kind of task in a matter
of a few years, becoming a persistent and in most cases reliable companion in
everyday life. More and more people nowadays would rather ask for advice or
assistance from a chatbot like ChatGPT instead of searching for information on
traditional search engines. Many of the platforms and forums that used to be the
go-to place for any kind of question in the most disparate fields are now experiencing
a significant decrease in traffic due to these new powerful and increasingly more
precise Al tools. What we are seeing here is not just a trivial trend but rather a
completely new paradigm shift in the way people access any kind of information.
As with every new technology, it is fundamental to understand how to best leverage
its potential while being conscious of its limitations and potential risks.

1.2 Motivation

Having worked as a software developer, it becomes clear that Software Engineering
is an extremely complex discipline that requires a great amount of technical
knowledge and integrates multiple principles of engineering for each production
stage, from design to testing and maintenance. Specifically in the area of software
documentation production, the potential in using cutting-edge technologies in order
to further boost its efficiency and effectiveness is enormous and undeniable. These
recent technological advancements have made possible the automation of certain
repetitive and time-consuming tasks, increasing not only the quality of the final
product but also making the productivity of developers skyrocket.

In this context, this thesis aims to explore and test first-hand the utilization
of such technologies, evaluating their effectiveness in helping generate good qual-
ity software documentation, with a specific focus on technical documentation for
Robotic Process Automation (RPA) projects built with UiPath, the leading enter-
prise RPA platform. The choice of UiPath as the target platform is motivated not
only by its widespread adoption in enterprise environments, but specifically by its
extensive adoption by Poseidon SB, a consulting company specializing in effective
and rapid digitization of business processes through automation and other modern
technologies that actively contributed to the development of this work. This col-
laboration supplied the domain expertise and development infrastructure necessary
to design realistic experiments and case studies and offered the necessary technical
supervision that grounded the research in practical constraints and measurable
outcomes.
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1.3 Problem Statement

In Software Engineering, well-written documentation is crucial for the development
process of software, since it is easily consultable whenever trying to understand what
the software does, its architecture, design and implementation. Despite the critical
importance of such assets in the field, it is very often overlooked or undervalued.
Because of its very tedious and labour-intensive nature, developers tend to postpone
it or even avoid it altogether. This could lead to a variety of negative outcomes,
such as low code maintainability, poor knowledge transfer among team members,
low code understandability and slower and less organized development processes
overall. These issues are particularly acute in the RPA domain, where automation
projects are frequently developed under tight delivery schedules by small teams, and
where the visual, low-code nature of platforms like UiPath can create a false sense
that the workflows are self-documenting. In practice, as projects grow in complexity,
the absence of proper technical documentation becomes a critical bottleneck for
maintenance and knowledge transfer. More broadly, these issues could be even
more critical in the case of large-scale systems that were built on top of outdated
software or legacy codebases, since nowadays only a niche group of experts can
provide the right expertise to understand and maintain such systems. It becomes
not only a matter of loss of time and productivity, but also heavily impacts the
economic side of a project, because fixing bugs or adding new features to poorly
documented software could take significantly more time.

However, well-documented software is essential in order to ensure maintainability,
scalability, and ease of collaboration among team members. Moreover, comprehen-
sive documentation can significantly reduce the learning curve for new developers
joining a project, for example when the subject matter expert of the codebase
may be absent or unavailable, enabling them to quickly understand the code and
contribute effectively. Last but not least, clear and concise documentation could
also serve as legal protection for software companies, as it can help demonstrate
compliance with industry standards and regulations.

Recent advancements in Al Large Language Models present a promising solution
to this problem, making the generation of high-quality, reliable and complete
software documentation more accessible and seamless than it has ever been, easing
the burden on software developers and other stakeholders and allowing them to
increase their productivity.
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1.4 Research Objectives

Thanks to models specialized in code understanding, the use of Generative Al and
LLMs is already widespread when it comes to code generation. Only recently has
the focus shifted towards its usage in software documentation generation. However,
due to the dimensional and logical complexity of the systems involved, the produced
documentation quality is not always complete, accurate or reliable enough to be
used in real-world settings.

The main objective of this thesis is to go in depth and further explore the
potential and capabilities of the currently available Al-powered tools and LLMs in
the field of software documentation generation, specifically technical documentation
for UiPath RPA projects, and to propose an appropriate approach for such specific
tasks. To this end, the thesis presents the design, implementation, and evaluation
of a documentation generation pipeline that combines deterministic analysis of
UiPath project files with LLM-powered natural language generation, and compares
the output quality of three frontier models using both traditional NLP metrics and
an LLM-as-Judge evaluation methodology.

1.5 Poseidon SB

Poseidon SB is a process and IT consulting company, specialized in delivering
projects with highly qualified teams on advanced technologies. With a management
team that has over 20 years of experience in the industry, despite being a young
company, it has gained significant experience and expertise in its first three years of
operations with over 30 medium and large-sized Italian and international companies,
consolidating its position especially in the local market.

Being based in Sicily, it has offices in two different locations (Catania and
Palermo) and involves a highly qualified team of over 40 professionals.

As a benefit corporation, it was founded in 2022 with the aim of creating
quality jobs in the South, promoting talent development and generating high-
innovation employment opportunities that allow brilliant and passionate young
people from the territory in the IT field to work in their own region. The company is
specialized in Digital Process Automation (DPA) and Robotic Process Automation
(RPA), offering solutions that streamline and automate business processes across
procurement, HRIS and other domains, enabling clients to increase their efficiency
and effectiveness, reduce manual effort and scale operations while maintaining
transparency and control.

With a look towards the future, Poseidon SB is also approaching new frontiers
in innovative fields such as Artificial Intelligence and Smart Automation, investing
in research and development in order to offer its clients cutting-edge solutions.



Chapter 2

State of the Art

2.1 Software Documentation

What is exactly Software Documentation? Software Documentation is a crucial part
of the software development life cycle that encompasses all the written materials
created to describe, explain and maintain software applications. Its main objective
is to unify all the information related to a software project, in order to provide
clear guidelines that facilitate discussion between the main parties involved, like
stakeholders, developers, product managers, designers and end-users.

To give a more informal explanation of what software documentation is, we can
think about it as the instructions that come with a new electronic device. It is easy
to say that someone with some expertise in the field could understand how to use
the product without the need of reading any guidelines, because of their knowledge
and experience gained in the field over the years. But for someone who sees the
product as some kind of black box, without any clue of how it works, having clear
instructions is indispensable. The same concept applies to the software industry:
while it may be easier for experienced developers and users to navigate and quickly
grasp the functionalities of a software application, newcomers and less experienced
individuals may not have it that easy. Therefore, having well-structured and
comprehensive documentation is essential to ensure that everyone, regardless of
their level of expertise, can effectively use and understand the software.

While it is important to have good documentation to rely on, creating it such
that it is clear and easy to navigate may be challenging for bigger and more
complex projects. One of the issues with the task may be the tendency to rely
on manual efforts where the developers and other personnel are the main parties
responsible for writing and maintaining such artifacts, stretching them too thin as
the complexity of the project grows. Moreover, in the era of information overload,
excessive documentation can lead to the risk of overwhelming users, making it a

5
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challenge rather than a help.

It is important to keep in mind that the ultimate goal of software documentation
is to answer two specific questions clearly and transparently: “What does the
software do?” and “Who is this documentation for?”. By addressing these two
simple but at the same time fundamental questions, it is possible to create different
types of documentation that can satisfy the needs of the target audience it is
intended for, taking into consideration their level of expertise and familiarity with
that specific area and the tools at the user’s disposal.

2.1.1 Different kinds of Documentation

Although we can identify many different types of documentation, in this section
we will briefly explore the most common ones, with a specific focus on technical
code documentation, being the object of this thesis.

Requirements Documentation

Requirements documentation describes what the software must do and serves
as the communication bridge between stakeholders and the development team.
It usually contains functional requirements (features and behaviors) and non-
functional requirements (performance, security, usability, etc.). Requirements are
often incomplete or ambiguous, so clear, well-documented requirements are essential
to avoid misunderstandings, delays, and extra costs.

Architecture design documentation

Architecture documentation gives a high-level view of the system’s structure,
constraints and rationale. It typically includes diagrams and descriptions of compo-
nents, interactions and key patterns, enabling architects, engineers and stakeholders
to evaluate the design and guide lower-level implementation. Good architecture
docs answer questions such as: “What constraints apply?”, “Which non-functional
requirements must be met?”, and “Which architectural patterns are recommended?”.

User documentation

User documentation explains how to use the software and helps end-users accomplish
tasks. It should be searchable, consistent and easy to navigate. Common formats
include:

o Tutorial — step-by-step guides for new users.
o Thematic — topic-organized chapters for intermediate users.

» Reference — comprehensive listings of features for advanced users.

6



State of the Art

Marketing documentation

Marketing documentation highlights the product’s features, benefits and value
propositions aimed at potential customers. Created by marketing teams, it includes
brochures, websites, presentations and case studies to align expectations, showcase
effectiveness and encourage adoption.

Technical documentation

Technical documentation is a comprehensive set of documents that provide de-
tailed information about a software system’s design, architecture, data structures,
algorithms and other technical details. It serves as a reference for developers,
testers and sometimes end-users, offering insights into the technical aspects of the
software. This type of documentation is important because it provides detailed
information about how the software works and what it can actually do. It helps
developers, engineers, maintainers and other technical stakeholders understand the
technical details of the software and provides guidance on how to use it effectively.
Technical documentation can be useful for end-users as well, especially when it
comes to information about the features and capabilities of the software, allowing
them to make informed decisions about how to use it and achieve their goals. It is
important to keep it clear as well as thorough, but not so verbose that it could
become overwhelming and difficult to maintain.

2.1.2 Technical documentation types
Low-level documentation

Low-level documentation typically refers to basic methods where the specific
implementation cannot be easily grasped by examining the code itself, or for code
based on complex algorithms or data structures. Some examples are:

e Inline comments: inline comments are brief notes embedded within the
source code that explain what a specific line or block of code does. They are
intended to provide clarity on what and how the code works, but also why
certain decisions were made during the development process.

o« Code documentation: this type of documentation provides a detailed
description of the codebase, including its structure, components, functions
and classes. It may include diagrams, flowcharts and other visual aids to help
developers understand how the code works and how different parts interact
with each other.
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High-level documentation

Unlike low-level documentation, which describes portions of the code, high-level
documentation provides a much wider overview of the entire system’s architecture
as a whole. This kind of documentation encompasses various formats and types
including flowcharts, Unified Modeling Language (UML) diagrams illustrating the
architecture, design documents outlining business logic and how the code aligns
with the requirements specifications.

Internal documentation

This kind of documentation is intended for internal use within an enterprise. Some
examples include coding conventions and standards and process documents for how
teams build software. Guidelines for setting up development environments may
also fall under internal documentation.

External documentation

External documentation is intended for developers and generally users outside the
organization. It usually includes API references that describe the public classes,
functions, methods and modules, along with configuration examples, integration
notes and README files. These are text files that provide an overview of a
software project, typically including information about its purpose, installation
instructions, usage guidelines, contributing guidelines, license, contact information
and other relevant details. They are often the first point of contact for users visiting
a certain repository and developers who want to understand what the project is
about and how to get started with it.

2.2 Artificial Intelligence

Artificial Intelligence (Al) is a discipline of computer science whose objective is to
create machines capable of simulating human behavior by performing tasks that
normally require human intelligence, such as learning, comprehension, decision
making, problem solving, autonomy and creativity. More and more companies,
both public and private, are racing to participate in this new global and irreversible
revolution, with the risk of being left behind otherwise, their goal being to make
the objects around us increasingly more intelligent. Nowadays it seems that Al
is integrated into every aspect of our normal lives, from virtual assistants on our
smartphones to recommendation systems that lay their foundation on the analysis of
our behavior when it comes to routine activities such as shopping online, cinematic
tastes and music preferences, so that they can suggest new products and services
to be consumed. While all these applications of this “newly born” technology may

8
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seem idyllic and flawless, it is important to keep in mind that there are still many
challenges and much more research to be done in order to try to tackle all its
limitations and eventually make it an ideal companion for everyday tasks. As a
first step, it is essential to understand what exactly Al is, its history and evolution
over time and how, while it may seem like a sudden and disruptive innovation and
change in paradigm, it is actually the result of decades of research and the final
convergence of multiple important milestones achieved in different fields of study.

In 1950, Alan Turing published the seminal paper “Computing Machinery and
Intelligence” [1], where he asks the famous question: “Can machines think?”. He
proposed the famous Turing Test as a way to measure a machine’s ability to
demonstrate intelligent behavior that is indistinguishable from that of a human.
Later in 1956, the term “Artificial Intelligence” was coined by John McCarthy at
the first-ever Al conference at Dartmouth College [2]. In the following decades,
exactly in 1958 [3], Frank Rosenblatt created the Perceptron, the first computer
based on a neural network that could actually “learn” through trial and error. In
the 1980s, neural networks using backpropagation algorithms to train themselves
became widely used in Al applications. In 1995, Stuart Russell and Peter Norvig
published “Artificial Intelligence: A Modern Approach” [4], a comprehensive text-
book that became one of the leading textbooks in the study of Al In it, they delve
into four potential goals or definitions of Al, differentiating between thinking
humanly, thinking rationally, acting humanly and acting rationally. In
1997, IBM’s Deep Blue beat world chess champion Garry Kasparov in a six-game
match [5], (and rematch), marking a significant milestone in AI’s ability to exceed
human performance. In 2007, John McCarthy wrote a paper named “What is
Artificial Intelligence” and proposed an often-cited definition: “A[l is the science
and engineering of making intelligent machines, especially intelligent computer
programs” [6]. By this time, the era of big data and cloud computing had begun,
enabling organizations to manage and process vast amounts of data, which would
one day be used to train Al models. In 2011, IBM’s Watson [7] won the quiz show
Jeopardy! against champions Ken Jennings and Brad Rutter. In the following
years, exactly in 2016, Google DeepMind’s AlphaGo [8], powered by a deep neural
network and reinforcement learning, beat world champion Go player Lee Sedol
in a five-game match. Its significance lies in the fact that the number of possible
moves was huge as the game progressed (over 14.5 trillion after just four moves).
In 2022 we saw a rise in large language models, also known as LLMs, such as
OpenAl's GPT. With these new generative Al practices, deep-learning models can
be pre-trained on enormous amounts of data.

If not already obvious, Al is not just one single piece of technology, but rather a
whole journey of different techniques and approaches that have evolved over time
and culminated in the current state of the art we see today. Al is not just one thing,
but rather an umbrella term (Figure 2.1), a superset that encompasses a variety of
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techniques and approaches, each of which has its own strengths and weaknesses,
and which are often used in combination to create more powerful and effective Al
systems. In the next sections, we will explore some of the main approaches.

Al

ML

Figure 2.1: Subfields of Al

2.3 Natural Language Processing

Natural Language Processing (NLP) is a subfield of computer science and Al
that uses Machine Learning (ML) in order to enable computers to understand,
interpret, and generate human language. NLP enables computers and digital devices
in general to recognize, understand and generate text and speech by combining
computational linguistics, the rule-based modeling of human language, together
with statistical modeling, Machine Learning and Deep Learning (DL). Research in
the field has enabled the beginning of the era of generative AI. NLP is already well
integrated into our daily lives, more than we can imagine. The same technology
powering search engines that are used seamlessly, like Google, prompting chatbots
for customer service, filtering spam emails, and even our trusted virtual assistants
like Alexa, Siri or Google Assistant. The benefits offered across many industries
and applications are significant; to illustrate a few:

o Automation of repetitive tasks - NLP has proven to be extremely useful
in fully or partially automating tasks like customer support, data entry and
document handling. NLP-powered chatbots and virtual assistants can handle
routine inquiries, freeing up human agents for more complex issues;

o Data analysis - NLP enhances data analysis by extracting insights from
unstructured data, such as customer reviews, social media posts and news
articles. Through text mining techniques, NLP can identify patterns, trends
and sentiments that are not immediately obvious in large datasets, allowing
businesses to better understand market trends, customer preferences and
public opinion;
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o Enhanced search - NLP improves search by enabling systems to understand
the intent behind user requests, providing more precise and relevant results.
Instead of relying only on keyword matching, NLP-powered search engines
analyze the meaning of words and phrases, making it easier to find information
even when queries are vague or complex;

o Powerful content generation - NLP powers advanced language models to
generate text that is almost indistinguishable from human-written content,
creating articles, reports, summaries and descriptions with only a few prompts.
Such tools can assist humans in various tasks, from the most tedious ones like
drafting emails to more complex ones such as writing code;

2.3.1 History of NLP

Natural Language Processing has a rich history that goes back to the 1950s. In 1950,
Alan Turing published an extremely important article titled Computing Machinery
and Intelligence, where he proposed what is now known as the Turing Test, as a
criterion of intelligence for a machine. The proposed test includes a task involving
automated interpretation and generation of natural language. We can recognize
two main chapters in the history of NLP: the symbolic approach and the statistical
approach.

The premise of symbolic NLP is summarized in an experiment conducted by John
Searle’s Chinese Room, where, given a collection of rules — in this case a Chinese
phrasebook with questions and matching answers — the computer emulates NLP
by applying the rules to the input data it confronts, without actually understanding
the meaning. This approach dominated the field from the 1950s to the 1990s,
with some famous examples. In the mid-1950s, the Georgetown experiment [9)]
demonstrated the feasibility of machine translation by automatically translating
more than sixty Russian sentences into English. In the 1960s, Joseph Weizenbaum
created ELIZA [10], an early natural language processing program that emulated
a Rogerian psychotherapist. Using almost no information about human thought
or emotion, ELIZA was sometimes able to provide human-like interactions. In
the 1970s, programmers began to write “conceptual ontologies”, which structured
real-world information so that it could be understood by machines. An example is
MARGIE [11]. In the 1980s and early 1990s, the focus areas of the time included
rule-based parsing, morphology, semantics, reference and other areas of natural
language understanding. However, being rule-based systems that did not involve
learning from data, their functions were highly limited and not scalable.

With the introduction of machine learning algorithms in the late 1980s and
1990s, NLP research shifted towards what are known as statistical methods. This
new approach was also driven by the increase in computational power according to
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Moore’s Law [12]. The statistical approach heavily relies on making predictions
based on probabilities learned from large amounts of data. In the 1990s, many
early successes in statistical methods occurred in machine translation, due to the
work of IBM researchers (Brown et al., 1990), who developed the first statistical
translation systems by using existing bilingual text corpora produced by the
Canadian Parliament [13]. In the 2000s, the growth of the web provided vast
amounts of data, so research focused on unsupervised and semi-supervised learning
algorithms, which could learn from data that was not hand-annotated. In 2003, the
word n-gram model, at the time the best statistical algorithm, was outperformed
by a multilayer Perceptron [14]. In 2010, Tomas Mikolov and his team applied a
simple recurrent neural network with a single hidden layer to language modeling,
and in the following years they developed the famous word2vec model [15]. The
2010s saw the rise of deep learning techniques and representation learning. That
popularity was due partly to results showing that such techniques could achieve
state-of-the-art results on many NLP tasks. To this day, NLP research continues
to evolve rapidly, with advancements in deep learning, transformer architectures,
and large language models driving significant improvements in natural language
understanding and generation.

2.3.2 Approaches to NLP

Self-supervised learning (SSL) is specifically useful for supporting NLP because
NLP requires vast amounts of labeled data to train AI models. Since these labeled
datasets require time-consuming annotation, it could be prohibitively difficult
to gather sufficient data using an approach that requires manually labeling data
through a process involving manual labeling by humans. Self-supervised approaches
can be more time-effective and cost-effective, as they replace some or all manually
labeled training data. Three different approaches to NLP include:

e Rule-based NLP - Rule-based NLP systems rely on preprogrammed linguis-
tic rules and patterns to process and understand natural language. The earliest
applications were simple if-then decision trees, only able to provide answers in
response to specific prompts. These systems use predefined sets of rules to
analyze text, identify parts of speech, parse sentences, and extract meaning.
Rule-based approaches can be effective for specific tasks with well-defined
rules but often struggle with ambiguity and variability in natural language.
They are not as scalable since there is no Al involved;

« Statistical NLP - Developed only later, statistical NLP uses probabilistic
models and machine learning techniques to automatically extract, classify and
label elements of text and voice data, assigning a statistical likelihood to each
meaning of those elements. Statistical NLP introduced the essential technique

12



State of the Art

of mapping language elements, such as words and grammatical rules, into a
vectorial representation, so that language could be modeled mathematically.
This informed early NLP systems like spellcheckers and even T9 texting;

e Deep learning NLP - Only recently have deep learning models become
the main protagonists in the panorama of NLP techniques, by making use of
enormous volumes of raw and unstructured data. Deep learning can be seen
as a further evolution of statistical NLP, with the key difference being that
it relies on a neural network approach, using semantic networks and word
embeddings to capture semantic relationships between words. Neural machine
translation, based on then-newly invented sequence-to-sequence models with
attention mechanisms, made obsolete intermediate steps like word alignment
and phrase extraction, previously necessary for statistical machine translation.

2.4 Generative Al

Before diving into the specifics of Large Language Models (LLMs) and their
applications in software engineering, it is crucial to understand the much broader
context of Generative Al. Generative Al is a subfield of Artificial Intelligence that
focuses on using generative models to produce new content, such as text, images,
videos, audio, code and other forms of data. The process of generating new data is
based on a preliminary phase of training on large datasets, where the model learns
and understands new patterns to replicate, thanks to inputs that often come in the
form of natural language prompts.

Such tools have exploded in popularity in recent years, made possible by ad-
vancements in transformer-based deep neural networks, particularly the advent of
Large Language Models (LLMs). Some of the most used tools include ChatGPT,
DALL - E, Stable Diffusion, Codex and GitHub Copilot. Although more and more
useful tools are at the disposal of every kind of user, few are the companies that
are able to build and train such models from scratch, due to the high computa-
tional costs and resource requirements. Generative Al includes a wide range of
applications across various fields, from software development to healthcare, from
entertainment to education.

However, such sudden and widespread adoption has raised many ethical questions
and governance challenges. Not only that, but even if used ethically, generative Al
models can inadvertently lead to unfortunate consequences like mass replacement
of jobs and intellectual property violations. Moreover, due to the enormous
computational power required, they have a significant environmental impact as
well.
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2.4.1 History of Generative Al

The origins of algorithmically generated content can be traced back to the develop-
ment of the Markov Chain by Russian mathematician Andrey Markov in 1906 [16],
which later enabled probabilistic text generation. Once trained on a text corpus,
such chains could generate probabilistic text. By the early 1970s, researchers were
experimenting with computers to extend generative techniques beyond text. Harold
Cohen’s AARON program [17] created original artworks using rule-based systems
and heuristics during experiments. The terms “generative AI” and “planning” were
used between the 1980s and 1990s in the context of automated planning. In the
1990s, such methods were still a relatively mature technology. They were mainly
used to generate crisis action plans for military use, process plans for manufacturing
and decision plans such as in prototype autonomous spacecraft during research and
development.

Beginning in the late 2000s, the introduction of deep learning technology led
to many improvements in image classification, speech recognition, natural lan-
guage processing and other tasks across domains. Neural networks in this age
were typically trained as discriminative models due to the difficulty of genera-
tive modeling. In 2014, Ian Goodfellow and his colleagues introduced Generative
Adversarial Networks (GANs), which led to the production of the first practical
deep neural networks capable of learning generative models [18], as opposed to
discriminative ones, for complex data like images. They were the first ones to not
only output classes but whole images, and thus enabled new creative applications
in art, design and media production workflows across industries. In 2017, the
Transformer architecture was introduced by Vaswani et al., enabling advancements
in generative models compared to older LSTM approaches, leading to the first
Pre-trained Transformer (GPT) [19], also known as GPT-1, developed by OpenAl
and released in 2018.

In 2021, OpenAl released DALL - E [20], a transformer-based model capable of
generating images from textual descriptions, marking an important milestone in
Al-generated imagery. The following year, OpenAl launched what is today known
as the most popular chatbot in the world, ChatGPT [21], based on the GPT-3.5
architecture, which could generate accurate human-like text, code and even images,
making it an incredible success with rapid user adoption worldwide. It was shown
that within five days of release, ChatGPT reached one million users, making it the
fastest-growing consumer application ever and highlighting mass public interest.
In December 2023, Google unveiled Gemini [22], joining the Al race and rapidly
expanding competition. Anthropic also released Claude [23], an extremely valid
competitor in performance to ChatGPT.

As of 2025, despite continued consumer growth, more enterprises began adopting
generative Al tools to enhance productivity, automate tasks and drive innovation
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across various industries, although leading analysts seemed to be skeptical about
the actual economic impact in the short term, describing the period as entering the
Gartner “Hype Cycle” towards the “Trough of Disillusionment” [24]. It appears
difficult to predict what may happen in the following years, but one thing is clear:
there is no going back from Generative Al now or in the future, and even if the
current hype may die down and eventually plateau, such technology will continue
to evolve and shape the future of technology and human interaction with it.

Although all Generative Al models share the common goal of generating new
content, that does not mean they can all be classified as Large Language Models
(LLMs), since LLMs are a specific and extremely important subset of the broader
Generative Al family. In the next sections, we will explore the main concepts and
techniques behind LLMs.

2.5 Large Language Models

One of the major advancements in the field of Artificial Intelligence has been the
development and rise of Large Language Models (LLMs). These models represent
the convergence of NLP and Deep Learning advancements and have revolutionized
the way machines understand and generate human language, enabling technologies
that surround us daily. In order to understand the true potential of such technologies
we have to ask ourselves: what exactly are Large Language Models? LLMs are deep
learning models trained with self-supervised machine learning on massive datasets
of text, designed for natural language processing tasks. The largest and most
capable LLMs are Generative Pre-trained Transformers (GPTs), which are based
on the Transformer architecture and are now the backbone of many state-of-the-art
NLP applications such as ChatGPT, Gemini and Claude. Such models can be
fine-tuned for specific tasks like translation, summarization, question answering
and text completion, or guided by prompt engineering. It is important to keep
in mind that, although they are very powerful models able to acquire predictive
power regarding syntax, semantics and even ontologies inherent in human language
corpora, they also inherit inaccuracies, biases and limitations present in their
training data.

Their peculiarity lies in the fact that they consist of billions to even trillions of
parameters, operating as general-purpose models across multiple domains. LLMs
represent a significant new technology paradigm in their ability to generalize across
tasks without explicit or minimal task-specific supervision, enabling capabilities
like conversational agents, code generation, knowledge retrieval, and automated
reasoning that previously required specialized models. Their versatility is the
winning factor that has led to their rapid adoption across industries.
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2.5.1 History of LLMs

Before the advent of transformer-based models in 2017, some language models of the
time were considered large relative to the hardware capabilities and data constraints
of the time. In the early 1990s, IBM pioneered word alignment techniques for
machine translation [25], laying the foundations for corpus-based language modeling.
In 2001, a smoothed n-gram model like those employing Kneser-Ney smoothing was
trained on 300 million words, achieving state-of-the-art perplexity on benchmark
tests [26]. During the 2000s, the concept of the web as corpus emerged, since the
production of massive amounts of datasets from web crawling enabled researchers
to train statistical language models.

Moving beyond n-gram models, researchers began exploring the use of neural
networks to learn language models. Deep neural networks marked an important
breakthrough in language modeling. The shift was initiated by the development
of word embeddings like Word2Vec [15] and GloVe [27], which represented words
as dense vectors in a continuous space, capturing semantic relationships between
words. Sequence-to-sequence models with attention mechanisms [28] also enabled
more effective modeling of long-range dependencies in text, using LSTMs. In
2016, Google’s Neural Machine Translation (GNMT) [29] system demonstrated
its effectiveness in translation services, moving away from statistical phrase-based
models. These early NMT systems used LSTM-based encoder-decoder architectures,
as they were the state-of-the-art at the time, before the invention of transformers.

2017 marked a true turning point with the introduction of the Transformer
architecture by Vaswani et al. at the NeurIPS conference by Google Research in
their landmark paper Attention is All You Need [30]. The goal of the paper was to
improve upon the limitations of recurrent and convolutional models by introducing
a novel architecture based mainly on the attention mechanism, developed in 2014
by Bahdanau et al. The following year, in 2018, BERT (Bidirectional Encoder
Representations from Transformers) was introduced by Devlin et al. at Google Al
Language. Although the transformer has both encoder and decoder components,
BERT only used the encoder part. Academics and industry quickly adopted BERT,
although its decline in popularity began in 2023, following the rapid improvements
of decoder-only models like GPT that could solve tasks through prompting.

Even though the decoder-only GPT-1 was introduced in 2018 by OpenAl, the
real breakthrough came with GPT-2 in 2019 [31], which was actually deemed so
powerful and potentially dangerous that it was not fully released to the public at
first. But it was later in 2022, with the release of the popular chatbot ChatGPT
based on the GPT-3.5 architecture, that LLMs gained massive public coverage. In
2023, GPT-4 [32] was released, marking another leap in capabilities and praised for
its accuracy and multimodal capabilities. Other companies followed the trend, with
Anthropic releasing Claude, Meta presenting LLaMA [33] and Google unveiling
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Gemini later in 2023. Since then, most LLMs are based on transformer architectures
and have been trained to be multimodal, handling different kinds of input data
like text, images, audio and even 3D meshes.

2.5.2 Architecture
Early LLM Architectures

Before modern deep learning, language models were mainly statistical. Classic
N-gram models predict the next word from the previous N-1 words using corpus
counts and the Markov assumption. They worked well for small N but suffered
severe data sparsity and could not capture long-range dependencies beyond modest
context windows.

To address this, researchers turned to recurrent neural networks (RNNs),
which process sequences by maintaining a hidden state across timesteps. Early
Elman networks [34] and later RNN language models [35] substantially reduced
perplexity versus N-grams by remembering much more context. However, RNNs
are harder to train due to vanishing/exploding gradients during backpropagation
through time [36], limiting practical long-range learning.

Long Short-Term Memory (LSTM) networks [37] solved many training
issues by introducing gated cells: input, forget and output gates regulate informa-
tion flow, enabling persistent cell states and much longer-term memory. LSTMs
dominated sequence tasks for years. The Gated Recurrent Unit (GRU) [38] is
a simpler alternative that merges gates and states (update/reset gates), offering
similar performance with fewer parameters and faster training. Both are examples
of gated RNNSs, yet they remain inherently sequential, limiting parallelism and
making very long-range dependency modeling costly.

A key advance was the attention mechanism [28] for sequence-to-sequence
models: instead of compressing sources into a single vector, attention lets the
decoder focus on relevant encoder positions. This idea led to self-attention,
removing the need for recurrence by directly attending to all input positions —
paving the way to transformer architectures that efficiently model long-range
dependencies in parallel.

The Transformer Architecture

In the original paper “Attention is All You Need”, the Transformer was introduced
as an encoder—decoder architecture for machine translation: the encoder produces
contextualized representations of the input, while the decoder generates the output
autoregressively by attending to encoder outputs and previous decoder states (see
Figure 2.2). Unlike RNNs, transformers process all positions in parallel, greatly
improving training efficiency on modern accelerators.
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The core mechanism is self-attention, which lets each token compute a rep-
resentation by attending to all other tokens in the sequence. Each transformer
layer then applies a position-wise feed-forward network (two linear layers with a
ReLU between) to every position independently, adding nonlinearity after attention.
Layers use residual connections plus layer normalization [39] so that a sublayer
implementing F(z) yields LayerNorm(z + F(z)), which stabilizes training and
preserves gradients (Ba et al., 2016).

Because transformers lack recurrence or convolution, they require positional
encodings to inject token-order information; the original model used fixed sinu-
soidal encodings added to token embeddings. A key advantage of self-attention is
its short path length between tokens — every position can directly attend to any
other in a constant number of sequential operations — making long-range depen-
dency learning easier. The trade-off is computational cost: vanilla self-attention
has quadratic time/space complexity O(n?) per layer in sequence length, which
motivates many later efficient-attention variants.
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Figure 2.2: Transformer architecture.
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Transformer-Based Model Architectures

The modularity of the transformer architecture allows it to be configured for
different kinds of LLMs. We can categorize transformer-based LLMs into three
principal categories, many of which are shown in Figure 2.3.

Encoder-Only Transformers

These are transformer stacks that function like deep bidirectional feature extractors.
The prime example is BERT [40], where the bidirectional conditioning is enabled
by BERT’s training objective of Masked Language Modeling (MLM) — randomly
masking some parts of the input and training the model to predict them using
context from all positions. Another task is Next Sentence Prediction (NSP),
where the model learns to predict whether one sentence follows another. BERT’s
architecture is a deep stack of transformer encoder layers with learned positional
embeddings and the usual multi-head self-attention. Being encoder-only, BERT
excels at understanding tasks such as classification, entailment, question answering,
etc.

Decoder-Only Transformers

These models consist of a transformer decoder stack, without an encoder, and
are designed for autoregressive language modeling, where the input sequence is
seen as the beginning of the output sequence and is processed and extended. The
GPT (Generative Pre-Training) series is the archetype of decoder-only LLMs. A
decoder-only transformer makes use of self-attention layers with a causal mask,
limiting attention only to previous tokens. It may also include a final feed-forward
and output softmax layer to predict the next-token probabilities. Nowadays the
main players that have developed most of the prominent decoder-only LLMs are
OpenAl, Anthropic, Google DeepMind, and Meta, as shown in Table 2.1.

Encoder—Decoder (Sequence-to-Sequence) Transformers

This architecture uses both an encoder and a decoder as in the original “Attention
is All You Need” paper. A prominent example is T5 [41], which frames every
NLP task as text-to-text: inputs and outputs are strings, so tasks like translation,
summarization, classification or QA share the same interface (e.g., “translate English
to Sentiment: <sentence>" — “positive”/“negative”). The encoder encodes the
input while the decoder generates the target text, making the model flexible across
tasks via prompting. T5 achieved strong results by training on the large C4 corpus
and scaling models (up to ~11B parameters), demonstrating the versatility of the
encoder—decoder setup.
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Model Year Parameters Key features and innovations

GPT-1 (OpenAl) 2018 117M First large-scale application of the Transformer decoder
for language modeling; demonstrated transfer learning
for NLP.

GPT-2 (OpenAl) 2019 1.5B Scaled-up decoder-only model trained on WebText;
coherent long-form generation and few-shot capabilities.

GPT-3 (OpenAl) 2020 175B Massive scaling; emergent zero-/few-shot behaviour via
prompting; trained on large mixed corpora.

GPT-4 (OpenAl) 2023 1T (est.) Multimodal (text + images); improved reasoning and
factuality; large context windows (8k—32k tokens);
RLHF.

GPT-5-2 (OpenAl) 2025 undisclosed Series of iterative generations with expanded reasoning,
tool use and very large context windows (reports vary).

LLaMA 2 (Meta) 2023 7TB-70B  Released for research/commercial use; improved
fine-tuning and alignment; competitive on many
benchmarks.

LLaMA 3.x (Meta) 2024-2025 up to 405B Extended context support (e.g. 128k), multilingual
improvements and efficiency optimizations in later
variants.

Claude 3—4 (Anthropic) 2024-2025 undisclosed Multiple variants focused on safe alignment, multimodal
reasoning, coding and long-context document analysis.

Gemini 1-2 (Google) 2023-2025 undisclosed Successors to PaLM with multimodal capabilities, tool

integration and features targeting agentic workflows.

Table 2.1: Comparative overview of notable decoder-only transformer models
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2.5.3 Data preprocessing

Before a Transformer model can actually process textual data, the raw text must
be transformed into a numerical form through various preprocessing steps, like
converting text into a sequence of tokens, constructing a vocabulary of tokens,
adding any necessary special tokens for specific tasks, and including positional
encodings to make use of word order information.

Tokenization

Tokenization is the process of splitting text into simple units called tokens, which
are the atomic elements of the model’s input sequence. Transformers operate on
token sequences and each token typically corresponds to a meaningful chunk of text
such as a character, a word, or a subword fragment. The choice of tokenization
granularity has an impact on model performance and vocabulary size:

Character-level tokenization: FEach character is a token. This avoids out-of-
vocabulary (OOV) issues and is robust to typos, but produces long sequences,
is less semantically informative, and is inefficient for common words.

Mrs. Rucastle was downstairs, so I had an admirable opportunity.

MrsEBRucE8tlefllas @8wnsE8irsiliso Tlhadlln adfiirablle’ opfortifiityl

Figure 2.4: Character-level tokenization example.

Word-level tokenization: Each word is a token, yielding intuitive, shorter se-
quences and straightforward embeddings. Drawbacks include large vocabular-
ies, OOV tokens for unseen words, and poor handling of rare or morphologically
related words.

Mrs. Rucastle was downstairs, so I had an admirable opportunity.
Mrsi Rucastle {fas HONASESENS, so I fad @l admirable opportunity.

Figure 2.5: Word-level tokenization example.

Subword-level tokenization: Text is split into subword units (e.g., prefixes/suf-
fixes). This gives a compact vocabulary while allowing composition of unseen
words. A common method is Byte-Pair Encoding (BPE) [42], which iteratively
merges frequent symbol pairs to build useful subword tokens.
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Mrs. Rucastle was downstairs, so I had an admirable opportunity.
Mrs. RiicaBfile was downstairsy Bl I had an Sdffillable opportunity.

Figure 2.6: Subword-level tokenization example.

In contemporary Transformer models, subword tokenization has become the de
facto standard for its ability to handle open vocabularies and reduce data sparsity.

Vocabulary Construction

A fixed vocabulary of model and special tokens is constructed for the chosen
tokenization scheme: word-level vocabularies typically retain the top-N words
(others — [UNK]), while subword methods (BPE/WordPiece) merge units to a
target size so that rare words are decomposed into known subwords. The vocabulary
size is selected to balance excessive splitting against unnecessary model growth.

Positional Encodings

Transformers have no inherent notion of token order, so a positional encoding
is added to token embeddings. The original Transformer used fixed sinusoidal
encodings:

N — i POS
PE(pos,2i) = Slﬂ<100002i/dmodcl) ’

. — cosf —Pos
PE(pOS’2Z —I— ]‘) - COS<100002i/dmodel> ’

for indices 7 covering the model dimensions. Later models often use learned position
embeddings instead of these fixed sinusoids.

(2.1)

2.5.4 Attention Mechanisms

The Transformer architecture relies exclusively on attention to model dependencies
between tokens. In fact, Vaswani et al. [30] describe the Transformer as a model
“relying entirely on an attention mechanism to draw global dependencies between
input and output.” At a high level, an attention layer takes three inputs: a set of
queries @, keys K, and values V. These are typically obtained by applying learned
linear projections to the input token embeddings. Given Q € RV*% K ¢ RMxdx,
and V € RM*d  the scaled dot-product attention is computed as:

Attention(Q, K, V') = softma (QKT> % (2.2)
i VK V) = X g :
Vi

where the softmax is applied row-wise. The softmax normalization ensures that
each row of QKT sums to 1, so the i-th output is a weighted sum of the rows of V'
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with weights given by the i-th row of the softmaxed score matrix. This formulation
is more efficient than earlier additive attention and compatible with optimized
matrix operations.

Multi-Head Attention

To enrich the model’s ability to focus on different aspects of the input, the Trans-
former uses multi-head attention. Instead of performing a single attention
function, the inputs @), K, V are linearly projected h times into different subspaces.
For each head i € {1,...,h}, one computes the linear projections

QWE, KWK, vw),

(2

where W2, W[ € Rémoaerxdi and WY € Rémederxd Each head applies scaled
dot-product attention:

head; = Attention(QW=°, KWK, vivY).
The outputs of all heads are concatenated and projected using WO € R >Xdmodei.
MultiHead(Q, K, V) = Concat(head, . .., head,)W°. (2.3)

This allows the model to jointly attend to information from different representation
subspaces.
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Figure 2.7: Multi-head attention mechanism illustration compared to single-head
attention.

Self-Attention

Self-attention (or intra-attention) refers to the case where @ = K = V. Each
token attends to all tokens in the same sequence, including itself. The encoder
stack of the Transformer consists of multiple layers of multi-head self-attention.
This design enables each token’s representation to be updated based on a global
context without requiring recurrence.
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Encoder—Decoder (Cross) Attention

In sequence-to-sequence settings, the decoder includes encoder—decoder (or
cross) attention. Here, the queries come from the decoder layer, while the keys
and values come from the encoder’s output. This allows the decoder to attend
over the entire input sequence at each step. Unlike self-attention, cross-attention
typically does not use masking.

Masked (Causal) Attention

For autoregressive generation tasks, the decoder must use masked (or causal)
self-attention. This prevents a token from attending to future tokens by applying a
mask matrix M before the softmax:

KT
MaskedAttention(Q, K, V') = softmax (M + Q) V, (2.4)
Vdy
where M;; = —oo for j > ¢ and 0 otherwise. This ensures that each token can only

attend to itself and preceding tokens.

2.6 Extensibility Techniques in Large Language
Models

Extending the already vast capabilities of LLMs to additional tasks or domains
involves various adaptation methods. In broad terms, extensibility can be achieved
either by modifying - or more precisely, fine-tuning - model parameters, or by
altering how the model is prompted and augmented.

2.6.1 Model Fine-Tuning

Fine-tuning adapts a pre-trained LLM to a target task by continuing training on
task-specific data and updating weights. Full fine-tuning yields strong performance
but is costly for very large models. Parameter-efficient fine-tuning (PEFT) reduces
cost by freezing most weights and learning a small set of additional parameters.
PEFT methods allow efficient specialization with far fewer parameters and reduced
memory and compute requirements. Examples:

o Sentiment analysis: a LoRA adapter [43] (e.g. r = 4 per layer) on GPT-3
adds only millions of trainable parameters vs. full re-training of 175B, and
can match full fine-tuning performance.

24



State of the Art

o Domain adaptation: a BERT model fine-tuned for legal text using adapters
[44] or prefix tuning [45] adapts quickly to domain language while keeping
most weights frozen.

2.6.2 Prompting Techniques

Prompting has proved to be an extremely powerful paradigm for leveraging Large
Language Models. By carefully and specifically engineering text inputs, users can
induce an LLM to perform a desired task or exhibit certain behaviors. In this
section, we review state-of-the-art prompting methods.

Zero-Shot Prompting

Zero-shot prompting gives the model a concise task description without examples;
the LLM must rely on pretraining to perform the task. Implementation is simple
(clear instruction + prompt), but results are sensitive to wording and are typically
less accurate than example-based or fine-tuned methods.

Few-Shot Prompting

Few-shot prompting includes a small set of input—output demonstrations in the
prompt so the model can infer the task pattern at inference time. It often boosts
accuracy versus zero-shot [46] but is sensitive to example choice and order, and is
inefficient because demonstrations must be sent on every call.

Chain-of-Thought Prompting

Chain-of-Thought (CoT) [47] [48] prompts ask the model to produce intermediate
reasoning steps before the final answer, improving multi-step reasoning for suffi-
ciently large models. CoT can be used in few-shot or zero-shot forms (e.g., “Let’s
think step by step.”) [49]; it increases token usage and latency and may propagate
incorrect intermediate steps, so outputs should be validated.

2.6.3 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation augments a generative LLM with an external
retriever so that responses are conditioned on retrieved documents [50]. Typical
flow: form query — retrieve top-k passages — provide passages + query to the
generator. RAG improves factuality and updatability but depends on retriever
quality and increases prompt length and latency.
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2.7 Evaluation Metrics and Limitations of LLMs

2.7.1 Evaluation Metrics

Large Language Models are evaluated using a range of metrics that depend on the
task. These automatic metrics complement human evaluations of quality, coherence
or factuality, and specialized measures such as hallucination rate. Below we define
some popular metrics.

Perplexity

Perplexity (PPL) measures how well a probabilistic model predicts a token sequence.
For X = (z1,...,2zr) under model py:

PPL(X) = exp(—; Z:logpg(xi ] :1;<Z)> . (2.5)

Lower PPL indicates better predictive fit (perfect prediction gives PPL = 1). It is
commonly reported during training and validation for autoregressive models.

Accuracy (Precision, Recall, F1)

Accuracy is the fraction of correct labels:

TP +TN
TP+TN+FP+FN'

(2.6)

Accuracy =

For imbalanced or structured tasks, precision = TP/(T P+ FP), recall = TP/(T P+
F'N), and the F1 score (harmonic mean of precision and recall) are typically reported
instead.

BLEU

BLEU [51] evaluates overlap between a candidate and one or more references using
n-gram precision with a brevity penalty:

1 N
BLEUy = BP - exp <N > logpn> : (2.7)
n=1

where p,, are modified n-gram precisions and BP penalizes overly short candidates.
BLEU is widely used for translation but does not capture paraphrastic or semantic
equivalence well.
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ROUGE

ROUGE-N [52] is a recall-oriented n-gram overlap metric between reference R and
candidate G:

> geg, min(Countg(g), Countr(g))

ROUGE-N =
> geg, Countp(g)

) (2.8)

i.e., the fraction of reference n-grams covered by the candidate. Like BLEU, it is
an overlap metric and ignores deeper semantics.

Human Evaluation

Automatic metrics miss aspects like coherence, factuality and style, so human
ratings remain the gold standard. Common protocols include scalar ratings (e.g.,
1-5) on fluency /relevance, pairwise preference tests, or targeted error annotations
on sampled outputs.

Hallucination Rate

A hallucination is output containing information not supported by the input or
references. The hallucination rate is the proportion of generated items that contain
such unsupported or false statements [53]. Measuring it typically requires human
or automated fact-checking and is crucial for knowledge-grounded tasks.

2.7.2 Limitations of Current LLM Technologies

Despite their enormous capabilities, contemporary LLMs exhibit well-documented
weaknesses. Since LLMs learn statistical patterns rather than grounded knowledge,
they can fail to maintain factual accuracy when asked follow-up questions or when
summarizing source documents. Together, these phenomena undermine trust in
applications that require reliable output.

Interpretability and Robustness

LLMs remain largely “black boxes”: common proxies (e.g., attention) do not provide
reliable explanations of model decisions [54], hindering trust in high-stakes settings.
They are also brittle — small paraphrases, typos or adversarial perturbations can
cause large swings in output quality or correctness — so deployment requires careful
validation and robust input handling.
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Compute, Cost and Privacy

Training and serving modern LLMs demand substantial compute and energy, con-
centrating capability in well-resourced organizations and raising environmental and
cost barriers for wider research or deployment. Large models also risk memorizing
and exposing sensitive training data, so rigorous data governance, auditing and
privacy-preserving measures are required when models are trained on proprietary
or personal information [55].

Alignment, Bias and Ethical Concerns

Aligning LLM behavior to human values is an open problem: RLHF and filters
reduce but do not eliminate undesirable behaviors, and adversarial prompts can
still elicit harmful outputs. Models inherit biases from training corpora, which can
produce unfair or offensive results; therefore, thorough bias evaluation, transparency
about training data, and application-specific safeguards are necessary to mitigate
ethical risks.

2.8 Agentic Al

Agentic Al denotes a class of systems that extend large language models (LLMs)
with autonomy: persistent memory, explicit planning, tool use, and decision-making
policies. Compared to static pipelines, agentic systems dynamically choose actions,
break down goals, invoke external tools, and revise strategies based on observations.
Agentic systems share a small set of composable components, as shown in Figure 2.8.

Agent Module

The central controller interprets the current goal and context, produces a plan (a
sequence of subgoals or tool calls) via an LLM or planner, and decides the next
action and whether to continue, retry, or halt. Design choices include making the
module purely prompt-driven, PEFT-tuned, or hybrid (a neural planner combined
with symbolic procedures).

Tools and Tooling Layer

Tools provide deterministic or environment-side capabilities; typical exam-
ples (following common agent toolkits) include Search_Engine() for docu-
ment or web retrieval, Knowledge Base() for querying indexed corpora or vec-
tor stores, CodeInterpreter() for running and inspecting code or data, and
Prompt_Generator () for synthesizing task-specific prompts; implementations may
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also expose calculators, API-call wrappers, or many more specialized tools. Tools
are wrapped to return structured observations that the agent consumes.

Memory (Short- and Long-Term)

Memory supports statefulness:

e Short-term memory: a transient buffer of recent interactions used for
context and coherence.

e Long-term memory: an indexed store of persistent facts, preferences, or
outcomes (text, embeddings, multimodal artifacts).

Memory access is typically retrieval-driven: the agent issues a query (semantic or
keyword) to fetch relevant entries and may update memory by appending, merging,
or overwriting items after reflection.

Planner and Reasoner
Planning styles vary by complexity:

« One-step planning: generate an entire decomposition at once (useful for
short deterministic tasks).

o Multi-step / iterative planning: generate, execute, observe, and refine
plans in a closed loop (better for uncertain or long-horizon tasks).

» Reflection / Self-Criticism: periodically summarize outcomes and revise
stored strategies or memory entries.

2.8.1 Multi-Agent Patterns and Applications

Agentic systems can be composed into multi-agent architectures with different
interaction modes:

» Cooperative: specialized agents (researcher, verifier, executor) collaborate
and share state to solve complex problems.

o Adversarial / Competitive: agents simulate opponents for robust planning
or evaluation (useful in benchmarking).

e Hybrid: hierarchical or parallel mixtures where a commander agent delegates
to workers and aggregates results.
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2.8.2 Popular LLM-Based Architectures and Frameworks

Over the past two years, numerous architectures have been proposed to realize
agentic behavior with LLMs. A selection of influential examples includes:

+ AutoGPT (autonomous task agents) [56]. An open-source pattern for
recursive task decomposition, tool usage and self-evaluation where an LLM
loops with minimal human input to accomplish high-level goals; it shows
the feasibility of sustained autonomy but also highlights stability, loop and
guardrail challenges.

o LangGraph / graph-based workflows [57]. Represents agent logic as
directed graphs of nodes (LLM calls, tools, decision points), supporting
branching, parallelism and more robust control flows than a linear ReAct
loop — useful for long-running or stateful agents.

« Multi-agent collaboration frameworks [58], [59]. Frameworks like
MetaGPT and CrewAl provide orchestration primitives for teams of spe-
cialized agents (roles/personas) that communicate and coordinate to solve
complex tasks, improving coherence on multi-step projects.

« Agent orchestration libraries [60], [61]. Tools such as Microsoft AutoGen
and LangChain supply messaging, async execution, tool integration and
common agent patterns (commander/worker, requester/responder), reducing
engineering overhead for multi-agent or tool-augmented systems.

2.8.3 Evaluation of LLM-Based Agents

Evaluating autonomous LLM-driven agents calls for a broad, multi-dimensional
perspective that goes beyond single-number summaries. Central to any assessment
is the agent’s ability to complete intended tasks: a Task Success Rate (measured
as a binary fraction or as a graded score to give partial credit on complex objectives)
captures whether the agent actually achieves its goals. At the same time, an agent’s
degree of independence matters — an Autonomy Ratio (the percentage of tasks
completed without human intervention) quantifies human-in-the-loop dependence
and helps balance autonomy against reliability.

Complementing these outcome measures are efficiency and reasoning-oriented
evaluations. Efficiency metrics — step count, time-to-completion, API calls,
and compute/memory usage — reveal resource and latency costs and enable
fair comparisons across architectures and deployment settings. Rationality or
plan quality examines the coherence and optimality of an agent’s strategy (for
example, by comparing plans to expert trajectories or via human/model ratings of
intermediate reasoning), penalizing unnecessary detours or illogical steps. Finally,
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score-based analyses (task returns, learning curves, and trade-off plots) and human
assessments of human-likeness and safety (perceived naturalness, acceptability,
and counts of safety violations) are indispensable for understanding robustness,
user trust, and risk. In practice, rigorous evaluation combines automated metrics
with targeted human judgments to produce a balanced picture of both performance
and practical suitability.

| Short-term memory || Long-term memory I

Search_Engine() Memory | - .
y ! -
Knowledge_Base() I
v
| Codelnterpreter () | Tools Planning Self-critics
T
[Prompt_Generator() \
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Figure 2.8: Agent Architecture: An overview of core components.
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2.9 Existing approaches to Automated Software
Documentation

Automated software documentation encompasses a spectrum of techniques for
producing human-readable descriptions of code. At one end of this spectrum sit
rule-based generators that leverage program structure and handcrafted templates
to produce consistent, controlled comments. At the other end are retrieval and
neural approaches that either reuse existing human-written text or synthesize new
explanations by learning statistical and semantic patterns from large corpora. More
recently, large language models (LLMs) and transformer-based architectures have
blurred these boundaries by combining broad contextual understanding with the
ability to generate fluent, varied documentation.

Each family of approaches carries distinct trade-offs: template systems offer
predictability and grammatical correctness but limited adaptability; information-
retrieval methods can reuse natural, proven explanations yet depend heavily on
matching corpus examples; learning-based and LLM approaches provide greater
flexibility and contextual reasoning but raise concerns about factual accuracy,
dataset bias, and evaluation. Practical tools often adopt hybrid strategies —
augmenting templates with retrieval priors or grounding model outputs in static
analysis — to balance fluency, faithfulness, and coverage. The remainder of this
chapter surveys such paradigms in turn.

2.9.1 Rule-Based Template Systems

Rule-based documentation systems rely on fixed templates or grammars to transform
program entities like methods, classes, and functions into natural-language text.
These systems go back to the early days of programming languages: for example,
Javadoc [62], which was introduced by Sun Microsystems in the mid-1990s, was
designed to generate API documentation from special comments embedded in Java
code. Javadoc uses structured comment blocks to fill predefined textual templates,
emitting simple HTML pages. Similarly, another important tool is Doxygen [63],
first released in 1997, which is a language-agnostic documentation generator that
parses annotated comments in the most popular general-purpose languages such as
C, C++, Java, Python, etc., and produces cross-referenced manuals. These tools
simply apply human-written templates or markup rules. Since traditional and non-
automated documentation tends to be outdated or missing due to cost and oversight,
tools like Javadoc and Doxygen automatically export the developer’s comments
into a user-friendly form. Overall, early automated documentation was largely
template-driven, using either comment markup or pattern-based summarization.
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Template Structures and Examples

Template-driven documentation generators operate with fixed sentence or comment
patterns. In a typical API documentation tool, the template might be implicit:
for a method comment, a one-line description is followed by @param and @return
lines. For example, a generated Javadoc comment might look like:

/ *%
Computes the sum of two integers.

@param b the second integer
@return the sum of a and b

*/

public int add(int a, int b) { ... }

*
*
* @param a the first integer
*
*

This output follows a template: a plain English description and standard tags,
even if written by a developer. Many templates like this are simply concatenated
or slightly aggregated to form longer comments. In all cases, the structure of the
output is largely predetermined by the template: the generator only substitutes
specific identifiers or values extracted from the code.

Advantages and Limitations of Template-Based Approaches

Template-based systems produce fluent, predictable and controllable text because
the phrasing is predefined and editable. By operating on parsed program structure
they generate consistent, interpretable documentation quickly and without large
training data. Their main limitations are brittleness and low adaptability: novel
code patterns require manual rule additions, outputs can feel repetitive or formulaic,
and templates cannot infer implicit intent or wider project context. For these
reasons, template generators remain popular for API documentation when reliability
and control are more important than flexibility.

2.9.2 Information-Retrieval Systems

Information-retrieval (IR) approaches generate code documentation by reusing and
adapting existing natural language content, rather than synthesizing descriptions
from scratch. These methods leverage the observation that similar code snippets
often have similar documentation. By treating source code and associated texts
as retrievable units, IR-based systems find relevant human-written descriptions
and repurpose them as documentation for new code. Unlike generation-based
techniques that directly translate code structure into English, IR-based systems
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focus on searching large corpora for matches. Approaches like latent semantic
indexing (LSI) and vector space modeling (VSM) have been employed to generate
documentation for classes and methods [64]. Key examples of such systems include
clone-based comment recommenders like:

+ CloCom (Clone-and-Comment): CloCom [65] scans a large corpus for
clones tolerant to renaming, matching by structural features (AST nodes,
token sequences) rather than raw text. For each target method it retrieves
the closest clone’s comment from a corpus of well-commented projects and
suggests it as documentation — effective when near-duplicates exist.

« AutoComment: AutoComment [66] mines Stack Overflow Q&A to build a
code—description database. Given new code, it searches for similar examples
using code-similarity measures and, if a close match is found, transfers the
corresponding Q& A explanation as a comment — useful for common tasks
well represented online.

Advantages and Limitations of IR-Based Approaches

IR systems reuse human-authored content, are simple to build (index + retrieval),
scale cheaply with more corpus data, and provide traceability to source examples.
Their main drawbacks are limited coverage for novel or rare code patterns, brit-
tleness to contextual differences (variable names, edge cases), inability to invent
explanations beyond retrieved text, and inconsistent tone and detail when sourcing
from diverse repositories.

2.9.3 Al and LLM-Based Systems

In the last few years, Large Language Models (LLMs) have revolutionized how
information is handled and how software is developed. These models, trained on vast
amounts of text data, have demonstrated remarkable capabilities in understanding
and generating human-like text, becoming not only a mere convenience but a vital
asset in the software development lifecycle. Because code is always growing in
complexity and size, developers increasingly rely on LLMs to assist with tasks
such as code generation, debugging, and indeed, code documentation. Code
documentation using LLMs has huge potential to improve developer productivity,
given the tedious and time-consuming nature of the task. Compared to previous
rule-based or retrieval-based methods, LLMs can generate more context-aware,
fluent, and human-like documentation by learning from large-scale code corpora.
In this way, LLMs can capture subtle patterns and conventions in code comments
that are difficult to encode manually or with tools that simply copy existing text
or fill templates. There are many open-source and commercial models that have
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been developed over the years, such as the GPT series, LLaMA, Claude, and many
others, whose performance varies and will be discussed in the following sections.

Foundation Models and Code Summarization

Early code summarization used rule-based systems that were reliable but rigid.
Learning-based models enabled context-sensitive summaries, while Transformers
improved long-range dependency modeling. Foundation models like GPT-3 and
Codex revolutionized automated documentation, generating summaries comparable
to or better than developer-written ones [64]. Codex, fine-tuned on GitHub code,
produces human-like documentation, while GPT-3, GPT-4, and LLaMA outperform
original comments [67] [68]. However, performance varies by language. Overall,
LLMs show strong potential for high-quality documentation generation.

Global Structure Analysis

Global structure analysis constructs a repository-wide project tree preserving
semantic hierarchy: the root is the repository, intermediate nodes are directories,
and file nodes correspond to files. Each file is parsed with an AST extractor to
harvest meta-information (type, name, signature, etc.) for classes and functions,
which become atomic documentation units attached as leaf nodes. Call relationships
are extracted to provide richer context. This combined structural and reference
view, treated as a DAG, supplies both local implementation details and global
usage patterns, enabling the model to generate fine-grained, repository-grounded
documentation.

Evaluating Documentation

Evaluating the quality of generated documentation remains a complex and inher-
ently multi-dimensional task, which makes reliable, scalable automatic assessment
difficult [69]. In fact, most studies still rely on human judgments — extremely
costly and often using bespoke rubrics that differ across papers [70], [71], [72] —
and occasionally complement these with reference-based metrics such as BLEU
or ROUGE, despite their weak correlation with human evaluations. Overall, as
of now, there is no widely accepted, comprehensive methodology for measuring
documentation quality:.

Datasets

For training and evaluating models that generate or evaluate software documenta-
tion, large-scale paired datasets provide the supervised examples needed to learn
mappings from code structure and semantics to concise, accurate natural-language
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summaries; enable evaluation on realistic developer-facing tasks; and expose models
to diverse languages, coding styles, and domain conventions. Below we list the
most commonly used resources and provide a focused description of each.

« DocString [73]: A corpus of Python functions paired with developer-written
docstrings from open-source repositories. Useful for function-level docstring
generation and reflecting idiomatic styles (Google, NumPy, reST).

« CodeSearchNet [74]: A multilingual benchmark pairing code snippets with
natural-language queries and short descriptions across languages (Python, Java,
JavaScript, PHP, Ruby, Go). It provides standardized splits and evaluation
scripts for retrieval and summarization.

+ CodeXGLUE [75]: A unified benchmark suite combining multiple datasets
and tasks (summarization, completion, clone detection, translation, etc.), al-
lowing comparison using common metrics (BLEU, CodeBLEU) and community
baselines.

2.10 Automated Documentation in Robotic Pro-
cess Automation (RPA)

2.10.1 Overview of RPA

Robotic Process Automation (RPA) refers to the use of software “robots” or agents
to automate repetitive, rule-based tasks that are usually performed by humans on
computer interfaces. These software bots emulate human interactions with digital
systems, executing tasks like data entry, form processing, or triggering responses
in various applications. The essence of RPA is working at the user interface level
without requiring changes to the underlying IT infrastructure, making it a flexible
automation approach for existing systems. By automating routine processes, RPA
can operate 24/7 with high accuracy and speed, significantly reducing processing
times and minimizing errors. Rather than aiming to replace human workers,
RPA is designed to augment them: it frees employees from monotonous and
structured tasks so that they can focus on more complex, creative, and value-
adding activities. Today’s leading RPA software solutions — including UiPath,
Blue Prism, and Automation Anywhere — provide user-friendly environments for
building automation workflows without extensive coding.

2.10.2 Applications and Use Cases of RPA

RPA applies across industries to automate repetitive processes that interact with
multiple software systems. Common use cases include:
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« Finance & Accounting: Automating invoice processing, accounts payable /re-
ceivable, reconciliations and report generation by extracting and entering data
across systems.

o Human Resources: Streamlining onboarding/offboarding, payroll and bene-
fits administration by collecting form data and updating HR systems auto-
matically.

o Customer Service: Handling routine inquiries, logging tickets, sending
acknowledgements, and transferring data between email and CRM systems to
free agents for more complex issues.

e Supply Chain & Logistics: Updating inventory, processing orders and syn-
chronizing shipment or procurement data across ERP and logistics platforms.

o Healthcare Administration: Automating patient record entry, scheduling
and claims/billing tasks to reduce administrative burden.

o IT & Data Management: Performing routine maintenance, account pro-
visioning, data migrations and nightly batch operations without manual
intervention.

2.10.3 UiPath: A Leading RPA Platform

Among the various RPA platforms, UiPath has emerged as one of the leading
solutions in both industry adoption and technical capabilities. UiPath provides an
end-to-end automation suite that combines core RPA functionality with additional
tools for process discovery, analytics, and Al integration. UiPath’s architecture is
composed of several important components, some of which are:

1. UiPath Studio: a desktop visual designer for building automation workflows
with drag-and-drop activities, supporting sequences, branching, loops and
error handling — often without code.

2. UiPath Robots: attended or unattended agents that execute deployed
workflows, automating user actions on target systems.

3. UiPath Orchestrator: a web platform for deploying, scheduling, monitoring
and managing robots at scale, offering logging, queues and security controls.

This modular architecture (Studio-Robot—Orchestrator) is representative of
modern RPA platforms and highlights how UiPath balances usability and scala-
bility. Business users or analysts can design processes in Studio using high-level
activities, while I'T administrators use Orchestrator to ensure reliability, security,
and integration into the enterprise environment.
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2.10.4 Advantages of RPA

RPA brings several practical benefits when applied to suitable, rule-based processes:

« Improved efficiency and speed: Bots execute repetitive tasks much faster
than humans and can run continuously, reducing cycle times and accelerating
throughput.

« Higher accuracy and consistency: Automated execution removes many
manual errors and produces uniform outputs once correctly configured.

» Cost savings and scalability: After initial development costs, running bots
is inexpensive at scale; capacity can be increased by deploying additional robot
instances rather than hiring staff.

e Enhanced compliance and auditability: Deterministic bot behavior and
detailed logs improve traceability and help meet regulatory requirements in
sectors like finance and healthcare.

« Better employee experience: By offloading monotonous tasks, RPA lets
staff focus on higher-value, creative work, often improving morale and produc-
tivity.

These advantages make RPA an attractive, low-invasiveness option for automat-
ing stable, high-volume processes without heavy changes to existing systems.

2.10.5 Limitations and Challenges of RPA

Despite its clear benefits, RPA also has constraints that must be considered: it is
best suited for structured, rule-based tasks and cannot natively handle unstructured
inputs or complex judgment without complementary Al components. Bots that
mimic Ul interactions are fragile and very sensitive to interface or workflow changes,
so maintaining many bots in a dynamic environment can incur significant effort.
While RPA can avoid deep integrations, scaling across legacy systems, remote
desktops or complex workflows often requires careful engineering and may be less
stable than API-based automation. Licenses, development effort and ongoing
maintenance can be expensive. Successful deployment requires developers, IT
support and organizational buy-in, and resistance to change or lack of expertise can
hinder adoption. Bots may access sensitive data, so least-privilege, auditing and
regulatory controls are essential to avoid breaches or compliance violations. Finally,
processes with many exceptions or poor documentation are poor candidates for
RPA, as automating flawed processes risks limited benefit.
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2.10.6 Potential of LLMs in Automated RPA Documenta-
tion

One emerging way to enhance RPA development and maintenance is the use of
Large Language Models to generate and assist with technical documentation
for RPA software. Creating and updating documentation for automated workflows
can be a time-consuming task: each RPA process ideally comes with technical
specifications, user guides, and maintenance notes. LLMs offer the potential
to automate the generation of these documents by analyzing the RPA
workflows or code and producing human-readable descriptions. Recent research
has demonstrated the feasibility of using LLMs to produce software documentation
in many other popular languages. An area that has not yet been largely explored
is the application of similar techniques in the RPA domain, in which an LLM could
read a UiPath workflow (XML or JSON files defining the process steps and actions)
and then produce a well-structured technical document explaining what the bot
does, step by step.

By automating documentation, organizations can ensure that their RPA solutions
come with up-to-date guides and technical specifications, which in turn facilitates
governance and knowledge transfer. Moreover, when processes change, the
documentation can be regenerated to reflect updates, closing the gap that often
exists between implementation and documentation. Such documentation can also
be useful as a means to translate processes from a specific RPA platform (e.g.,
UiPath) to another one (e.g., Automation Anywhere), by providing a high-level
description of the process that can then be re-implemented in the target platform.

However, it is important to acknowledge the limitations and considerations of
this approach. LLM-generated content should be validated by humans, as these
models might sometimes produce inaccurate or nonspecific explanations if the
prompt or context is insufficient. Ensuring data security is another concern: if an
RPA workflow contains sensitive business logic or data and it is used as input to an
LLM, organizations must manage that risk. Despite these caveats, the intersection
of RPA and LLM technology is a frontier that could significantly augment the
development lifecycle.
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Chapter 3

Case Study: An Al-Powered
Agent for Automated

UiPath Documentation

3.1 Motivation

Technical documentation plays an extremely important role in the lifecycle of
Robotic Process Automation (RPA) solutions. In enterprise contexts, as previously
stated, documentation is essential for activities such as development, maintenance,
knowledge transfer, and the overall long-term sustainability of automation programs.
Despite its importance, documentation is often perceived as a secondary task,
resulting in artifacts that are incomplete, outdated, or inconsistent with the actual
implementation.

This issue is particularly evident in projects developed with UiPath, where the
functional logic of an automation is distributed across multiple workflow files written
in XAML (eXtensible Application Markup Language), configuration objects stored
in JSON format, and various dependencies managed through NuGet packages.
As projects evolve, manual documentation may quickly diverge from the source
code, increasing the risk of misunderstandings, technical debt, and operational
errors. Furthermore, the effort required to keep documentation aligned with the
implementation often leads teams to overlook its importance.

The motivation behind this case study is to investigate whether automation
itself, combined with artificial intelligence, can be leveraged to address this problem.
By applying deterministic code analysis and leveraging LLM capabilities, the
documentation process can be transformed from a manual, error-prone, and tedious
activity into a systematic and easily repeatable pipeline. In this perspective,
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documentation is treated as a dynamic asset that can be generated on demand and
kept continuously aligned with the existing system.

The system presented in this chapter, which will be referred to as the UiPath
Documentation Generator, serves as an experimental platform to explore
how automated pipelines, combining deterministic parsing with LLM-powered
generation, can interpret an entire project and produce structured documentation
with considerably less human intervention required. This case study therefore
bridges the gap between the theoretical concepts discussed in previous chapters
and a practical, real-world application, demonstrating the feasibility and potential
impact of LLMs in the automation of technical documentation in RPA projects.

3.2 Requirements and Design Goals

Before diving into the architecture of the system, it is essential to outline the
requirements and design goals that led to the final implementation. These were
elaborated based on the existing documentation created at Poseidon SB and on
the theoretical concepts discussed in Chapter 2.

1. Automation: the generation process should require minimal human interven-
tion, taking a UiPath project as input and producing complete documentation
as output without any additional manual steps;

2. Comprehensiveness: the generated documentation should cover all essential
aspects of a UiPath project, without omitting any critical information or
important concepts;

3. Accuracy: the documentation should reflect the actual content of the input
files, avoiding or at least minimizing hallucinations. This is crucial since LLMs
can sometimes generate incorrect content [53];

4. Readability: the output should be written in clear, professional technical
language suitable for different stakeholders;

5. Modularity: the system architecture should be modular, allowing individual
components to be replaced or enhanced independently, without affecting the
rest of the pipeline;

6. Multi-model support: the system should enable comparative analysis of
documentation quality across different models from various providers;

7. Evaluation capability: the system should include built-in mechanisms for
assessing the quality of generated documentation through quantitative metrics
and qualitative LLM-based evaluation.
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3.3 Technology Stack

The UiPath Documentation Generator is implemented as a Python-based appli-
cation, usable mainly through the command line or via a highly convenient web
interface. As an extremely popular language, Python offers an extensive ecosystem
of libraries for XML processing, natural language processing, and API integration,
as well as widespread adoption in the Al community, making it a smart choice for
this project.

3.3.1 Core Technologies
Ixml

Since XAML is an XML-based format, the 1xml library [76] is used for parsing
XAML workflow files. It provides high-performance XML processing capabilities
that are essential for navigating the complex structure of UiPath workflow defini-
tions. Unlike simpler parsers, 1xml supports full XPath 1.0 queries and handles
large XML documents efficiently, which is critical when processing enterprise UiPath
projects containing multiple workflow files.

GitPython

The GitPython library [77] enables interaction with Git repositories, allowing
the system to clone UiPath projects directly from GitHub or other Git hosting
platforms. This allows the system to automate the retrieval of source code more
seamlessly and efficiently, supporting both local and remote project inputs.

3.3.2 LLM Integration
Anthropic Claude API

The primary LLM integration uses the Anthropic Python SDK to access Claude
models [23], which have proven to be more suitable for documentation generation
tasks. Claude Sonnet 4.6 is used as the default model for documentation generation.
The system uses the Messages API with configurable parameters for temperature
(defaulting to 0.3 for deterministic, technical output) and maximum token count
(set to 16,000 to accommodate comprehensive documentation).

OpenRouter

To enable a more complete comparison, the system also integrates with OpenRouter
[78], a unified API gateway that provides access to models from multiple providers
including OpenAl, Google, Meta, and others. This integration allows the system to
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route requests to different models through a single interface. The ability to compare
outputs across models is particularly important for evaluating which architectures
produce the best documentation for RPA projects.

3.3.3 Evaluation Libraries
NLTK

The Natural Language Toolkit (NLTK) [79] is used for computing BLEU scores [51]
during the evaluation phase. NLTK provides robust implementations of sentence
and word tokenization as well as BLEU score calculation, which are necessary for
comparing generated documentation against reference documentation.

ROUGE Score

The rouge-score library implements ROUGE metrics [52], providing recall-
oriented evaluation of content overlap between generated and reference docu-
mentation. These metrics complement BLEU by focusing on how much of the
reference content is captured in the generated output.

3.3.4 User Interface
Streamlit

A web-based GUI is built using Streamlit [80], a Python framework for creating
interactive web applications. The GUI provides visual access to all system features
that are accessible via CLI, including documentation generation, standalone quality
evaluation, and document comparison, making it a convenient way to access the
tool.

Table 3.1 provides a summary of the complete technology stack and the role of
each component within the system.

Component Technology Role

Language Python 3.8+ Core implementation

XML Parsing Ixml XAML workflow parsing
Git Integration GitPython Remote repository cloning
Primary LLM Anthropic Claude API  Documentation generation
Multi-model Gateway OpenRouter API Cross-provider comparison
NLP Metrics NLTK BLEU score computation
Recall Metrics rouge-score ROUGE score computation
Web Interface Streamlit Optional GUI

Table 3.1: Technology stack of the UiPath Documentation Generator
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3.4 System Architecture

The UiPath Documentation Generator follows a modular pipeline architecture
that processes a UiPath project through a series of well-defined stages and can be
divided into four layers, each responsible for a specific macro-function within the
documentation lifecycle:

1. Input Layer: receives and prepares the UiPath project, either from a local
directory or a remote Git repository;

2. Analysis Layer: parses and analyzes all project files, extracting structured
information from XAML workflows and JSON configuration files;

3. Generation Layer: transforms the structured analysis data into human-
readable documentation using LLMs;

4. Evaluation Layer: assesses the quality of the generated documentation
through both quantitative and qualitative metrics.

Figure 3.1 illustrates the overall system architecture and the data flow between
components.

User Interfaces | CLI Web LLM Providers Anthropic OpenAl | Google |
INPUT LAYER ANALYSIS LAYER GENERATION LAYER EVALUATION
LAYER
Local Path Project Parser Prompt Cons{ruclor Metric-Based
Directory validation project.json — metadata, deps, REFramework Role definition + JSON data _
: + output template + guidelines ROUGE
X e 7 ¥ o0 v Word F1
/# GitHub URL — _ ,
‘ f’ Python o ‘ XAML Parser > LLM Client
GitPython cl ml ath extract
Hyhencone Xl XPaih extraction Multi-model abstraction LLM-as-Judge
- Variables, Arguments, Activities
Completeness
¥ A4 Helpfulne:
UiPath Project Files Truthfulne:
. Workflow Analyzer Markdown Generator Clarity / Professionalism
Dependency graph, execution order, Documentation + Mermaid diagrams

statistics, REFramework roles

i '

Structured JSON Analysis Documentation.md

| |

Output Directory [ Markdown ] [ Judge JSON

output/ProjectName_timestamp/
Documentation.md + evaluation/ Metrics CSV Mermaid

OUTPUT

Figure 3.1: System architecture of the UiPath Documentation Generator. The
pipeline processes a UiPath project through four layers.
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3.5 Input Layer: Project Retrieval

The first stage of the pipeline is mainly responsible for retrieving the UiPath project
according to the specified input method, such as a local directory path or a remote
Git repository URL.

3.5.1 Local Project Input

When a local path is provided, the system validates that the directory actually exists
and contains the expected UiPath project structure. The minimum requirement
is the presence of at least one .xaml file, which represents a UiPath workflow.
The presence of a project.json file, while not strictly mandatory, enables the
extraction of essential metadata such as the project name, version, dependencies,
and main entry point.

3.5.2 GitHub Integration

By using GitPython to clone the repository into a temporary directory, a specific
branch can be selected, which is useful when projects maintain separate branches for
development and production environments. Upon successful cloning, the temporary
directory is treated identically to a local project path for all subsequent processing
stages.

3.6 Analysis Layer: Parsing and Structure Ex-
traction

The analysis layer is the core deterministic component of the system. It is responsible
for extracting all relevant structural and semantic information from the UiPath
project files without relying on any Al-based inference. This separation of concerns
ensures that the factual data presented to the LLM is accurate and complete,
mitigating the risk of hallucination in the final documentation.

The analysis layer consists of three main components: the Project Parser,
the XAML Parser, and the Workflow Analyzer, which orchestrates the entire
analysis process.

3.6.1 Project Parser

The Project Parser component is responsible for extracting project metadata from
the project. json file that is present in every UiPath project. Table 3.2 illustrates
some important information that can be extracted from this file.
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JSON Field Type Documentation Use

name String  Project title in documentation header
description String  Executive summary and overview
projectVersion String  Version tracking and traceability

main String  Identifies execution entry point
dependencies Object Lists external libraries and integrations
studioVersion String  Records development environment version
expressionLanguage String Indicates VB.NET or C# expressions
projectType String  Classifies as Process, Library, or Test
targetFramework String  Specifies .NET runtime compatibility

Table 3.2: Key fields extracted from UiPath project.json and their documenta-
tion relevance

3.6.2 XAML Parser

UiPath stores workflow definitions as XAML files, each of which contains the
complete definition of a workflow, including its type, variables, arguments, activities,
error handling constructs, and references to other workflows.

The parser uses 1xml to build a Document Object Model (DOM) tree of each

XAML file and then traverses this tree using XPath queries to extract the following
information.

Workflow Type Detection

The root element of a XAML file determines the workflow type. Table 3.3 summa-
rizes the mapping between XAML root structures and their corresponding workflow
types, each of which has specific use cases and implications for how the workflow is
structured and executed.

XAML Root/Child Element Workflow Type Typical Use Case

<Activity><Sequence> Sequence Simple linear processes

<Activity><Flowchart> Flowchart Complex  branching
logic

<Activity><StateMachine> State Machine REFramework, state-

driven processes

Table 3.3: XAML root elements and corresponding UiPath workflow types
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Variable Extraction

The parser extracts all variable declarations, capturing the variable name, data
type (specified through XAML type arguments), default value, and scope. The
data type extraction process requires special handling because UiPath encodes
types using CLR (Common Language Runtime) type references. For instance, a
variable of type System.Data.DataTable appears in XAML as a TypeArgument
attribute referencing the fully qualified .NET type. The parser normalizes these type
references by stripping namespace prefixes and assembly qualifications, converting
them into human-readable type names (e.g., DataTable, String, Int32, Boolean).

Argument Extraction

Arguments define the input/output interface of a workflow, enabling data exchange
between workflows when one invokes another. The parser identifies arguments and
classifies them by direction:

e InArgument<T>: data passed into the workflow;
o OutArgument<T>: data returned from the workflow;

o InQutArgument<T>: data passed in and returned with optional modifications.

Arguments are particularly important for understanding how workflows com-
municate with each other in modular UiPath projects. The parser records each
argument’s name, type, and direction, creating a clear specification for each work-
flow that the LLM can use to describe data flow in the generated documentation.

Activity Extraction

Activities are the fundamental building blocks of UiPath workflows, representing
atomic actions such as assigning values, invoking methods, performing Ul actions,
or controlling flow. The parser identifies activities by examining element tags and
their DisplayName attributes, filtering out all elements that are not activities. For
each activity, the parser records the activity type, display name, and more.

The parser maintains an exclusion list of XAML element patterns that should
not be treated as activities, such as Variable, Literal, VisualBasicValue,
VisualBasicReference, Argument, and various internal UiPath designer elements.
This filtering ensures that only the relevant workflow steps are reported, avoiding
noise and clutter in the final documentation. Table 3.4 lists the most commonly
encountered UiPath activity types and how they are categorized by the parser.

47



Case Study: An AI-Powered Agent for Automated UiPath Documentation

Activity Type Category Description
Assign Data Assigns a value to a variable
If / FlowDecision Control Flow Conditional branching
ForEach / While Control Flow Iterative loops
InvokeWorkflowFile Invocation Calls a sub-workflow
TryCatch Error Handling Exception handling block
RetryScope Error Handling Automatic retry on failure
LogMessage Logging Writes to the execution log
Click / TypeInto UI Automation User interface interactions
ReadRange / WriteRange Excel Spreadsheet data operations
SendOutlookMailMessage Email Sends email through Out-
look

Table 3.4: Most common UiPath activity types recognized by the XAML Parser

Dependency Detection

In order to understand how workflows invoke one another, the parser identifies
InvokeWorkflowFile activities, which are the UiPath mechanism for calling other
workflows, and extracts the referenced workflow file paths. This information is
later used to construct a project-wide dependency graph that reveals the overall
hierarchy and execution flow across the entire project.

Error Handling Analysis

The parser specifically identifies error handling constructs, including:

o TryCatch activities and their associated Catch blocks, with the specific
exception types being handled;

o RetryScope activities, which automatically retry failed operations a specified
number of times before throwing the exception.

This information is essential for documenting how robust and resilient the entire
automation actually is. Enterprise RPA projects typically implement multi-layered
error handling with specific exception types caught at different levels of the workflow
hierarchy.
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3.6.3 Workflow Analyzer

The Workflow Analyzer acts as the coordinator between the Project Parser and
the XAML Parser to produce a complete project analysis. It is responsible for:

1. File discovery: recursively scans the project directory for all .xaml files
while excluding temporary and version control directories;

2. Coordinated parsing: invokes the Project Parser and XAML Parser on
each discovered file, collecting results into a unified data structure;

3. Dependency graph construction: builds a directed graph that maps each
workflow to the set of workflows it invokes;

4. Execution order determination: starting from the main entry point
workflow, the analyzer performs a depth-first traversal of the dependency
graph to determine a plausible execution order;

5. REFramework analysis: if the project is identified as a REFramework
implementation, the analyzer categorizes workflows into their framework roles
and identifies configuration files;

6. Statistics computation: calculates aggregate metrics such as the total
number of workflows, variables, arguments, activities, and error handlers, as
well as a frequency distribution of activity types.

Its output is a comprehensive JSON-serializable dictionary containing all ex-
tracted information, which serves as the input to the generation layer. Table 3.5
shows the top-level structure of this output and the information contained in each
section.
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Key Content

project_info Name, version, description, entry point, framework,
expression language, dependencies

workflows List of per-workflow analysis results (type, vari-

ables, arguments, activities, error handlers)
dependency_graph Adjacency list mapping each workflow to its invoked
sub-workflows
execution_order  Ordered list of workflows based on dependency
traversal
statistics Aggregate counts: total workflows, variables, argu-
ments, activities, error handlers, activity frequency
reframework_info (If applicable) Framework role assignments and
configuration file references

Table 3.5: Structure of the Workflow Analyzer output dictionary

3.7 Generation Layer: LLM-Powered Documen-
tation

The generation layer transforms the structured analysis data into human-readable
technical documentation using LLMs. This is where the system leverages the
natural language generation capabilities discussed in Chapter 2 to produce fluent,
well-organized documentation from raw technical data.

3.7.1 LLM Client Abstraction

A key architectural decision was the creation of a unified LLM client abstraction

layer that separates the documentation generation logic from any specific LLM

provider. The LLMClient class provides a consistent interface for sending prompts

and receiving completions, regardless of whether the underlying provider is An-

thropic, OpenAl, Google, Meta, or any other model accessible through OpenRouter.
The client handles:

e Provider detection: automatically determines the appropriate provider
based on the model identifier;

o Model resolution: maps user-friendly model names to their unique API
identifiers, as shown in Table 3.6;

o API key management: supports API keys from environment variables,
configuration files, or direct parameter passing;
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o Error handling: manages API-specific error responses, rate limits, and
timeout conditions with appropriate retry logic.

User Alias Provider Canonical API Identifier
claude-sonnet Anthropic claude-sonnet-4-5-20250929
claude-haiku  Anthropic claude-haiku-4-5-20251001

gpt-4o OpenRouter openai/gpt-4o

gpt-4o-mini OpenRouter openai/gpt-4o-mini

gemini-flash  OpenRouter google/gemini-2.0-flash-001
gemini-pro OpenRouter google/gemini-2.5-pro-preview
1lama-3 OpenRouter meta-llama/llama-3.3-70b-instruct

Table 3.6: Model alias resolution:

identifiers

user-friendly names mapped to unique API
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3.7.2 Prompt Engineering Strategy
Prompt Structure

The generation prompt is composed of several components, each serving a specific
purpose in guiding the LLM’s output. Table 3.7 shows these components and
provides representative excerpts from the actual prompt template used in the
system.

Component Representative Content (excerpt)

Role Definition “You are a technical documentation expert special-
izing in RPA (Robotic Process Automation) and
UiPath projects. Generate comprehensive technical
documentation based on the following project anal-

ysis data.”

Data Injection “PROJECT ANALYSIS DATA:
{analysis_data_json} ”

Output Template “Structure the documentation with the following

sections: 1. Ezrecutive Summary, 2. Project Infor-
mation, 3. Architecture Overview, 4. Dependen-
cies and Libraries, 5. Workflows and Process Flow
[..]”

Diagram Instructions “Include a Mermaid graph showing workflow depen-
dencies. Use graph TD syntaz with nodes for each
workflow and edges for InvokeWorkflowFile calls.”

Anti-Hallucination “If information is missing or unclear, write ‘Not
specified’ rather than making assumptions or in-
venting details.”

Style Guidelines “Write in clear, professional technical language.
Focus on what each component does and why, not
just how. Use proper Markdown formatting with
headers, tables, and code blocks where appropriate.”

Table 3.7: Components of the documentation generation prompt
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Structured Data Injection

The complete project analysis data, serialized as a JSON object, is embedded
directly in the prompt so that it serves as a form of contextual grounding, ensuring
that the LLM has access to all factual information about the project. By providing
pre-extracted, verified data rather than raw XAML files, the system reduces the
risk of the LLM misinterpreting complex XML structures or hallucinating technical
details. The inclusion of this reduced representation of the project data was made
possible by the deterministic analysis performed in the previous layer.

Output Template

The prompt specifies a detailed documentation structure with eleven sections, each
with specific instructions about what information to include, ensuring consistent
and comprehensive output regardless of the model used (Table 3.8).

Section Expected Content Primary Audience

Executive Summary High-level purpose, scope, and Stakeholders
key characteristics

Project Information Name, version, framework, entry  All
point, metadata

Architecture Overview  System design, patterns (e.g., RE- Architects
Framework), data flow

Dependencies NuGet packages, versions, and Developers
their roles

Workflows & Flow Per-workflow descriptions, Mer- Developers
maid dependency graph

Variables & Arguments Data types, scopes, directions, Developers
inter-workflow contracts

Activities & Logic Key activities, business logic, de- Developers
cision points

Error Handling TryCatch blocks, exception types, Developers
retry strategies

Configuration Settings files, environment param- Operations
eters, constants

Technical Details Expression language, .NET Operations
framework, Studio version

Project Statistics Aggregate counts and activity fre- All

quency distribution

Table 3.8: Documentation output sections with expected content and intended
audience
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Anti-Hallucination Instructions
A crucial component of the prompt is the explicit instruction to avoid hallucinated
information. The prompt explicitly states: “If certain information is missing
from the data, note it as "Not specified" rather than making assumptions.” This
instruction directly addresses the tendency of LLMs to produce plausible-sounding
but factually incorrect information [53].
Generation Guidelines
The prompt concludes with explicit guidelines that instruct the LLM to:

o Write in clear, professional technical language;

e Focus on both the what and the why, not only the how;

« Be concise but comprehensive;

o Use proper Markdown formatting;

o Include Mermaid diagrams [81] where helpful for visualization;

o Mark missing information as “Not specified” rather than making assumptions;

o Highlight relevant design patterns such as REFramework or Dispatcher-
Performer.

3.7.3 Generation Parameters

Table 3.9 lists the configurable parameters used for model inference and their
default values with justifications:

Parameter Default Rationale

Temperature 0.3 Lower values encourage determinis-
tic, factual output while allowing nat-
ural language variation.

Max Tokens 16,000 Sufficient for comprehensive docu-
mentation of most projects; within
the output limits of modern LLMs.

System Prompt Role + Template Establishes domain expertise and
output structure.

Stop Sequences None Allows the model to determine natu-
ral completion.

Table 3.9: LLM inference parameters used for documentation generation
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3.7.4 Output Format and Delivery

The system generates documentation in Markdown format, which was chosen for
several reasons:

e Rendered by most code hosting platforms such as GitHub, enabling documen-
tation to be stored alongside the project source code;

o Support for embedded Mermaid diagrams, which are used to visualize workflow
dependency graphs;

o Easy conversion to other formats using tools such as Pandoc;

o Lightweight and version-control friendly, allowing documentation changes to
be tracked alongside code changes;

o Easy to read by LLMs during evaluation, as it preserves structure that can be
used for quality assessment.

The generated documentation is saved in an organized, timestamped directory
structure, which enables multiple documentation versions generated across different
models or project versions to coexist:

output/
<ProjectName> <timestamp>/
<ProjectName> Documentation.md
evaluation/
metrics_results.csv
llm_judge_results.json
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3.8 Evaluation Layer: Quality Assessment

The integrated evaluation layer provides two complementary approaches for assess-
ing documentation quality.

3.8.1 Metric-Based Evaluation

The metric-based evaluation component compares generated documentation against
a human-written reference document using established NLP metrics. The system
computes the following metrics:

BLEU Score

The system calculates both sentence-level and corpus-level BLEU scores [51] using
smoothed n-gram precision. Sentence-level BLEU averages the scores across all
generated sentences, where each sentence is evaluated against the full set of reference
sentences. Corpus-level BLEU treats the entire document as a single sequence,
providing a holistic measure of lexical similarity.

ROUGE Scores

ROUGE-1, ROUGE-2, and ROUGE-L F1 scores [52] are computed to measure
content coverage from a recall-oriented perspective. ROUGE-L, which measures
the longest common subsequence, is particularly informative for documentation
evaluation as it captures structural similarity beyond simple n-gram overlap.

Word-Based Metrics

The system also computes precision, recall, and F1 scores based on word-level
overlap between the generated and reference documents. These metrics provide an
intuitive measure of the vocabulary overlap between the two documents. Table 3.10
provides a comparative overview of the evaluation metrics used, highlighting their
complementary strengths.

Metric Focus Orientation Strength

BLEU (sentence) n-gram precision Precision Lexical accuracy per sentence
BLEU (corpus) n-gram precision Precision Document-level similarity
ROUGE-1 Unigram overlap Recall Content coverage at word level
ROUGE-2 Bigram overlap  Recall Phrase-level similarity

Word F1 Word overlap Balanced Vocabulary agreement

Table 3.10: Comparison of evaluation metrics used in the metric-based evaluation
component
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3.8.2 LLM-as-Judge Evaluation

Although useful, reference-based metrics have limitations when evaluating documen-
tation quality. To address these limitations, the system includes an LLM-as-Judge
evaluation component. This approach uses a separate LLM instance to evalu-
ate the generated documentation across five quality dimensions, inspired by the
multi-dimensional evaluation frameworks proposed in recent literature [69].

Evaluation Dimensions

The five dimensions assessed are summarized in Table 3.11, which also lists the
specific criteria used by the judge model for each dimension:

Dimension Assessment Criteria

Completeness Coverage of workflows, dependencies, variables, argu-
ments, error handling, configuration, and project meta-
data. Penalizes missing sections or undocumented com-
ponents.

Helpfulness Usefulness for intended audiences (developers, architects,
stakeholders). Evaluates actionable information, appro-
priate detail level, and practical guidance.

Truthfulness Factual accuracy relative to the provided project anal-
ysis data. Checks for hallucinated features, incorrect
specifications, or fabricated technical details.

Clarity Writing quality, logical organization, consistent termi-
nology, appropriate use of formatting, and readability of
technical explanations.

Professionalism  Adherence to professional standards: neutral tone, consis-
tent style, suitability for stakeholder review, and absence
of informal language or subjective commentary.

Table 3.11: LLM-as-Judge evaluation dimensions with assessment criteria

Each dimension is evaluated independently through a dedicated LLM call with
a structured evaluation prompt. The prompt includes the dimension definition,
specific evaluation criteria, the documentation to evaluate, and explicit instructions
to provide a numerical score (0-10) along with identified strengths, weaknesses,
and reasoning. Table 3.12 illustrates the structure of the evaluation prompt used
for the Truthfulness dimension as a representative example.
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Section Content (excerpt)

System Role “You are an expert evaluator of technical documentation
for RPA (Robotic Process Automation) projects. Evalu-
ate the following UiPath project documentation on the
dimension of Truthfulness.”

Criteria “Consider: Are all documented features actually present
in the project? Are technical specifications (types, counts,
dependencies) accurate? Are there any fabricated or
assumed details not supported by the source data?”

Input [Full generated documentation inserted here/

Response Format — “Respond with a JSON object containing: score (integer 0+
10), strengths (list of strings), weaknesses (list of strings),
reasoning (string).”

Table 3.12: Example LLM-as-Judge evaluation prompt for the Truthfulness
dimension

Judge Independence

The judge model operates independently of the generation model in order to remain
neutral and minimize bias in the evaluation. By default, the system uses Claude
Sonnet 4.6 for evaluation regardless of which model generated the documentation.
Users can override the judge model if desired, for example to cross-validate using a
model from a different provider.

Score Interpretation

The individual dimension scores are averaged to produce an overall quality score,
which is categorized according to four quality levels:

« Excellent (8-10): exceeds professional documentation standards;

e Good (6-7): meets requirements well with minor areas for improvement;
» Adequate (4-5): meets basic requirements with some gaps;

« Needs Improvement (0-3): major issues requiring significant revision.

The combination of per-dimension scores with an aggregate rating provides
both detailed feedback useful for improving specific aspects and a high-level quality
indicator suitable for reporting. This dual approach helps bridge the gap between
detailed information useful for developers and summary assessments needed by
project managers and stakeholders.
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3.9 Operational Workflow

This section describes the end-to-end operational workflow of the system, illustrating
how the components described in previous sections interact with each other in
order to produce documentation from a UiPath project.

3.9.1 Command-Line Interface

The primary interface is a command-line application that accepts a project path
(either local or a GitHub URL) and optional parameters for model selection, output
configuration, and evaluation options. Table 3.13 lists the available command-line
arguments:

Argument Default Description

project_path  (required) Local path or GitHub URL

--model claude-sonnet LLM model for generation

--branch main Git branch (for GitHub URLs)

--output-dir ./output Output directory for documen-
tation

--benchmark None Path to reference doc for met-
rics

--11m-judge False Enable LLM-as-Judge evalua-
tion

--judge-model claude-sonnet Model to use for LLM evalua-
tion

Table 3.13: Command-line arguments of the UiPath Documentation Generator

A typical invocation may follow this pattern:

python main.py https://github.com/UiPath/ReFrameWork \
--model claude-sonnet \
--11m-judge \
--output-dir ./docs
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3.9.2 Execution Flow

The execution proceeds through the following stages:

1.

Input resolution: if a GitHub URL is detected, the repository is cloned to a
temporary directory; otherwise, the local path is validated;

Project analysis: the Workflow Analyzer is instantiated with the project root
and performs the complete analysis, parsing project. json and all discovered
.xam] files;

Documentation generation: the Markdown Generator is instantiated with
the selected model and provider, receives the analysis data, constructs the
prompt, and invokes the LLM API;

Output storage: the generated Markdown documentation is saved to the
timestamped output directory;

Evaluation (optional): if metric-based benchmarking is requested, the gener-
ated documentation is compared against the provided reference. If LLM-as-
Judge evaluation is requested, the documentation is assessed across the five
quality dimensions;

Cleanup: temporary directories created for GitHub clones are removed.

3.9.3 Web Interface

The Streamlit-based web interface provides the same functionality through a more
convenient and visually appealing interface with three modes: Generate Docu-
mentation, which allows users to select the input method, model, and evaluation
options, then generate and download documentation; Evaluate Documentation,
which enables uploading existing documentation for standalone quality assessment
using the LLM-as-Judge component; and Compare Documents, which supports
uploading reference and generated documents for quantitative comparison using
NLP metrics.
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3.10 Limitations and Considerations

While the UiPath Documentation Generator demonstrates the feasibility and clear
advantages of Al-assisted documentation generation for RPA projects, several
limitations must be acknowledged.

LLM Dependency

The quality and style of the generated documentation are inherently tied to the
capabilities and limitations of the underlying LLM, including the potential for
subtle inaccuracies.

Context Window Constraints

Very large projects with dozens of workflows may produce analysis data that
approaches the context limits of smaller models, although this is mitigated by
deterministic parsing.

Evaluation Limitations

The LLM-as-Judge approach, while practical, introduces its own biases and may
not correlate perfectly with human expert assessments.

Security Considerations

Submitting UiPath project data to external LLM APIs may raise data privacy
concerns for organizations with sensitive business logic.

Dynamic Content

The system captures a snapshot of the project at a specific point in time. It does
not automatically track or document changes over time. For that purpose, manual
re-execution is required after updates.

Deterministic Parsing vs LLM Analysis

The decision to perform all structural analysis deterministically through code-
based parsing rather than delegating XAML interpretation to the LLM, although
more complex, guarantees that the extracted data faithfully represents the file
content, eliminating the risk of LLM hallucinations. UiPath XAML files are
extremely verbose, and deterministic parsing compresses them into a compact
JSON representation. This token efficiency directly translates to lower API costs
when processing large projects with many workflow files.
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Chapter 4
Results and Analysis

This chapter presents the experimental results obtained from evaluating the UiPath
Documentation Generator across multiple LLM providers and UiPath projects.
The evaluation follows a dual methodology: first, traditional reference-based NLP
metrics such as BLEU, ROUGE, and Word F1 are applied to quantify lexical
similarity between generated and human-written documentation; second, an LLM-
as-Judge approach is employed to assess qualitative dimensions that the previous
metrics cannot capture. By contrasting these two evaluation paradigms, this
chapter demonstrates both the capabilities and the limitations of current automated
evaluation methods for documentation generation tasks.

4.1 Experimental Setup

4.1.1 Selected Models

Three generation models and one judge model were carefully selected for this
evaluation, each from a different provider or occupying a distinct role in the
experimental design. The selection criteria encompassed several considerations: the
generation models should represent the current frontier of commercially available
LLMs suitable for production documentation tasks, they should span different
providers in order to avoid single-vendor bias, and they should differ meaningfully
in pricing to enable a cost-quality analysis. The judge model, conversely, was
deliberately chosen to be more capable than any of the generation models, in
order to reduce evaluation errors and improve alignment with expert qualitative
judgment.
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Generation Models

Claude Sonnet 4.6 (Anthropic) is the balanced mid-tier model in Anthropic’s
Claude family, positioned between the lightweight Haiku and the flagship Opus
variants. It supports a 1M-token context window and is widely recognized for strong
instruction-following, nuanced reasoning, and code understanding. At $3.00/$15.00
per million input/output tokens, it represents the mid-range price point among the
three generators.

GPT-5.2 (OpenAl) is OpenAl’s flagship model released in January 2026,
representing the current state of the art from the GPT family. It features a 400K-
token context window and has been praised for strong agentic capabilities, advanced
reasoning, and competitive benchmark performance across coding and language
tasks. Its inclusion ensures that the evaluation reflects the latest capabilities from
the most widely adopted commercial LLM provider. At $1.75/$14.00 per million
input /output tokens, it is competitively priced relative to its capabilities.

Gemini 2.5 Pro (Google) is Google DeepMind’s flagship reasoning model,
notable for its 1M-token native context window, the largest among the three
models tested, and its strong performance on coding and multimodal benchmarks.
Its inclusion tests whether Google’s approach to long-context processing and
“thinking-native” architecture translates into high-quality documentation genera-
tion. At $1.25/$10.00 per million input/output tokens, it is the most affordable of
the three generators on a per-token basis.

Table 4.1 summarizes the key characteristics and pricing of the three generation
models and the judge model. The pricing comparison reveals meaningful differences:
Gemini 2.5 Pro is the most economical option, with input costs roughly 58% lower
than Claude Sonnet 4.6 and 29% lower than GPT-5.2. Output costs follow a similar
pattern, with Gemini 2.5 Pro at $10.00 per million tokens compared to $14.00 for
GPT-5.2 and $15.00 for Claude Sonnet 4.6. These differences become significant at
scale, and are therefore worth considering.

Model Role Context Input ($/1M) Output ($/1M)
Claude Sonnet 4.6 Generator 200K 3.00 15.00
GPT-5.2 Generator 400K 1.75 14.00
Gemini 2.5 Pro Generator 1M 1.25 10.00
Claude Opus 4.6 Judge 1M 5.00 25.00

Table 4.1: Comparison of the LLMs used for documentation generation and
evaluation, including per-token API pricing as of February 2026.
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4.1.2 Judge Model Selection

The LLM-as-Judge evaluation requires a model that can perform qualitative as-
sessment across multiple dimensions simultaneously, maintaining consistency over
a large number of evaluations while providing structured and quantifiable scores.
Selecting an appropriate judge model is therefore a critical design decision that
directly affects the reliability of the evaluation.

Claude Opus 4.6 (Anthropic) was selected as the primary judge model; it is
currently the most capable model in Anthropic’s lineup and one of the strongest
reasoning models commercially available. A fundamental design principle behind
this choice was that the judge model should be strictly more capable than any of
the generation models in order to better identify subtle quality differences, detect
inaccuracies, and assess overall coherence in the generated documentation, thereby
reducing evaluation errors and improving alignment with human judgment. At
$5.00/$25.00 per million input/output tokens, Opus 4.6 is the most expensive
model used in this study.

It is important to acknowledge that Claude Opus 4.6 shares a provider with
Claude Sonnet 4.6, one of the three generation models. This introduces a potential
concern regarding self-preference bias, the tendency for an LLM to overestimate
the quality of outputs produced by models from its own family. Recent research
has shown that this bias is a measurable phenomenon [82]. More broadly, Zheng et
al. [83] systematically examined position, verbosity, and self-enhancement biases
in LLM judges and found that, despite these limitations, strong LLM judges can
achieve over 80% agreement with human preferences, comparable to inter-human
agreement levels. Ye et al. [84] proposed a comprehensive framework that categorizes
twelve distinct bias types in LLM-as-a-Judge settings, including self-preference.

Several design choices in this study follow these recommendations. First, Opus
4.6 and Sonnet 4.6 are architecturally distinct models with different training
procedures and capability profiles; the judge is not evaluating its own outputs
but those of a separate, less capable sibling model. Second, the evaluation is
structured around explicit rubrics with detailed scoring criteria for each dimension,
which constrains the judge’s discretion and reduces the space for implicit bias.
Third, the judge prompt is entirely different from the generation prompt, further
separating the two roles. Nevertheless, the same-provider concern cannot be fully
eliminated without empirical cross-provider validation, which is identified as a
priority direction for future work in Section 4.6.3.
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4.1.3 Test Projects

As test cases, three open-source projects publicly available on GitHub with varying
size and complexity were selected. They represent a diverse set of automation
scenarios commonly encountered in RPA practice, ranging from a single-workflow
Al-powered document processing pipeline to a multi-stage document manipulation
framework with many different interconnected workflows. All three projects are
summarized in Table 4.2.

REFrameWork! is UiPath’s official Robotic Enterprise Framework template,
a production-grade, state-machine-based automation designed for transactional
queue-driven processes. It implements a four-state architecture (Init, Get Transac-
tion Data, Process Transaction, End Process) with two-tiered exception handling
(Business Rule vs. System Exceptions), configurable retry logic, and centralized
settings management via Config.xlsx. Being written in Visual Basic .NET, it
represents the most architecturally complex project in the test set, with deeply
nested invocation chains and a built-in test framework. Its widespread adoption in
the UiPath community makes it a strong candidate for evaluating how well the
documentation generator handles such common but complex patterns.

doc-manipulation? is a comprehensive document processing pipeline that
demonstrates an end-to-end business scenario: email ingress, data extraction from
password-protected Excel files, Word document generation from templates, and
email egress. This project is the largest in the test set in terms of workflows.
Also written in Visual Basic .NET, it showcases multiple execution strategies
(single loop, multi-loop, REFramework-based) for processing the same data, along
with extensive error handling. The project’s multi-layered architecture and rich
inter-workflow dependencies make it particularly challenging for automated docu-
mentation generation.

DocumentUnderstanding_ Demo1? is a UiPath Document Understanding
demonstration project that implements the full document processing pipeline: OCR
digitization via OmniPage, intelligent classification using keyword-based and ML
classifiers, multi-strategy data extraction (Form, Regex, and Machine Learning
extractors), human-in-the-loop validation via Validation Station, and structured
export to Excel. Despite consisting of a single workflow, it integrates seven NuGet
packages including Al Center connectivity and represents a fundamentally different
automation paradigm: Al-powered document intelligence rather than rule-based
process automation. Written in C#, it tests the generator’s ability to document
modern UiPath capabilities that differ significantly from traditional RPA patterns.

'https://github.com/UiPath/ReFrameWork
’https://github.com/AndreiBarbulz/uipath-doc-manipulation
3https://github.com/sunilsm7/uipath-document-understanding
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Project Workflows Activities Language Pattern

REFrameWork 13 401 VB .NET  State Machine
doc-manipulation 27 744 VB .NET  Multi-strategy
DU_ Demol 1 7 C# Sequence (AI)

Table 4.2: Characteristics of the three open-source UiPath test projects selected
for evaluation.

The decision to select open-source projects rather than proprietary enterprise
codebases was driven by two important considerations: first, reproducibility: pub-
lic repositories are easily accessible, making it straightforward to replicate the
experiments. Second, accessibility: although enterprise RPA projects are more
representative of real use cases, they typically encode sensitive information and
business logic, making them difficult to obtain for academic work. The implications
of this choice are also discussed in Section 4.6.2.

4.1.4 Evaluation Protocol

The complete evaluation protocol consists of the following steps:

1. For each of the 3 projects, generate documentation using each of the 3 models,
producing a total of 9 documentation artifacts;

2. For each artifact, run the LLM-as-Judge evaluation across 5 quality dimen-
sions (Completeness, Helpfulness, Truthfulness, Clarity, Professionalism) using
Claude Opus 4.6;

3. Aggregate and compare results across models and projects;

4. Analyze score distributions to identify model-specific and project-specific
patterns.

All three generation models were called using the same prompt template, a
temperature of 0.3, and a maximum output token count of 16,000, as described
in Chapter 3. The LLM-as-Judge evaluation was executed with temperature 0.2
to maximize consistency. The only variable across experiments was the model
itself, ensuring that observed differences in output quality are attributable to model
capabilities rather than other factors.
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4.2 Metric-Based Evaluation Results

This section presents the results of the quantitative metric-based evaluation, where
each generated documentation artifact is compared against a corresponding ref-
erence document using established NLP metrics. Since the three test projects
are open-source community samples that either came with scarce or no official
technical documentation, the reference documents were written specifically for
this evaluation by expert UiPath developers at Poseidon SB, who analyzed each
project’s source code, configuration files, and README materials in detail before
drafting the references. The resulting documents follow the same eleven-section
structure used by the generator. The LLM-as-Judge evaluation (Section 4.4), by
contrast, operates entirely without reference documents, assessing each artifact on
its own merits.

4.2.1 BLEU Scores

Table 4.3 reports the corpus-level BLEU scores for each model across the three test
projects. BLEU measures n-gram precision between the generated and reference
texts, penalizing outputs that are significantly shorter than the reference.

Model REFrameWork doc-manip. DocUnderst. Avg.
Claude Sonnet 4.6 6.74 5.02 7.10 6.29
GPT-5.2 8.42 7.23 12.77 9.47
Gemini 2.5 Pro 11.89 10.92 13.92 12.24

Table 4.3: Corpus-level BLEU scores (%) for each model and project

BLEU scores are overall well below the thresholds typically associated with high-
quality machine translation, reflecting an obvious mismatch between BLEU’s design
for translation evaluation and the documentation generation task. Interestingly, the
ranking of models by BLEU is the inverse of the LLM-as-Judge ranking: Gemini
2.5 Pro achieves the highest average BLEU (12.24%), while Claude Sonnet 4.6
scores the lowest (6.29%).

This inversion is largely explained by output length, since Claude Sonnet 4.6
generates substantially longer documentation than Gemini 2.5 Pro. BLEU’s brevity
penalty does not fully compensate for this disparity, and the n-gram precision
component is diluted by the larger volume of generated text that, while adding
genuine value, does not overlap with the specific phrasing of the reference.
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4.2.2 ROUGE Scores

ROUGE metrics provide a recall-oriented perspective, measuring how much of the
reference content is captured in the generated output. Table 4.4 presents ROUGE-1
(unigram), ROUGE-2 (bigram), and ROUGE-L (longest common subsequence) F1
scores.

Model Metric REFrameWork doc-manip. DocUnderst. Avg.
ROUGE-1 49.71 40.79 48.56 46.35
Claude Sonnet 4.6 ROUGE-2 17.45 15.11 17.87 16.81
ROUGE-L 19.44 15.58 18.15 17.72
ROUGE-1 53.92 53.86 60.61 56.13
GPT-5.2 ROUGE-2 15.98 17.13 20.63 17.91
ROUGE-L 20.75 18.53 22.59 20.62
ROUGE-1 59.12 58.65 60.09 59.29
Gemini 2.5 Pro ROUGE-2 21.73 18.24 20.26 20.08
ROUGE-L 25.59 21.18 22.94 23.24

Table 4.4: ROUGE F1 scores (%) for each model and project

ROUGE scores follow a pattern consistent with the BLEU results: Gemini
2.5 Pro leads on all three ROUGE variants, followed by GPT-5.2, with Claude
Sonnet 4.6 scoring the lowest. ROUGE-1 scores are substantially higher than
ROUGE-2 and ROUGE-L, since individual technical terms overlap more easily
than exact multi-word phrases. The gap between ROUGE-1 and ROUGE-2 is
notably large, indicating that while the generated documentation uses some of the
same vocabulary as the reference, the specific phrasing and sentence construction
differ substantially. This phenomenon is discussed in Section 4.3.1.

4.2.3 Word-Based F1 Scores

Word-based precision, recall, and F1 scores provide an intuitive measure of vo-
cabulary overlap between the generated and reference documents. Unlike BLEU
and ROUGE, these metrics operate on unordered word sets, capturing whether
the same technical terms and concepts appear in both documents regardless of
phrasing.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 36.22 28.71 32.24 32.39
GPT-5.2 31.38 30.30 31.24 30.97
Gemini 2.5 Pro 38.33 33.33 35.59 35.75

Table 4.5: Word-based F1 scores (%) for each model and project
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Word-based F1 scores present a different picture from BLEU and ROUGE. Here,
Gemini 2.5 Pro again leads, but Claude Sonnet 4.6 comes in second place. This
is because Word F1 operates on unordered word sets, making it less sensitive to
output length: Sonnet’s longer documentation introduces more unique vocabulary
from the reference, boosting recall even though its precision is lower due to the
additional content not present in the reference.

4.2.4 Metric-Based Summary

Table 4.6 provides an overall view of the average metric-based scores across all
three projects for each model.

Model BLEU ROUGE-1 ROUGE-2 ROUGE-L Word F1
Claude Sonnet 4.6 6.29 46.35 16.81 17.72 32.39
GPT-5.2 9.47 56.13 17.91 20.62 30.97
Gemini 2.5 Pro 12.24 59.29 20.08 23.24 35.75

Table 4.6: Average metric-based scores (%) across all three projects

The metric-based results consistently rank Gemini 2.5 Pro first across all five
metrics, followed by GPT-5.2, with Claude Sonnet 4.6 last. This ranking is the
exact inverse of the LLM-as-Judge ranking (Table 4.9), where Claude Sonnet 4.6
leads and Gemini 2.5 Pro trails. A key factor appears to be the relationship between
output length and metric scores. Table 4.7 reports the average word counts for the
generated documentation alongside the reference documents.

Model Avg. Generated Words Avg. Length Ratio
Reference 1,272 1.00
Claude Sonnet 4.6 4,720 3.70
GPT-5.2 2,547 1.99
Gemini 2.5 Pro 1,973 1.55

Table 4.7: Average word counts and length ratios (generated /reference) across all
projects

Claude Sonnet 4.6 generates documentation that is on average 3.7 times longer
than the reference, while Gemini 2.5 Pro produces output only 1.55 times the
reference length. Since reference-based metrics reward lexical overlap with the
reference, shorter outputs that more closely match the reference’s scope and phrasing
naturally score higher, even though the additional content in longer outputs may
actually provide genuine value.
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4.3 Limitations of Reference-Based Metrics

Before presenting the LLM-as-Judge results, some considerations must be ad-
dressed. While BLEU and ROUGE metrics are well-established in NLP evaluation,
their application to documentation generation reveals the need for complementary
evaluation approaches.

4.3.1 The Paraphrasing Problem

Consider the following example, where both descriptions accurately document the
same UiPath workflow behavior:

Reference: “The workflow initializes the application settings by reading
the Config.xlsx file and storing the configuration values in the Config
dictionary.”

Generated: “During startup, configuration parameters are loaded from
an Excel-based settings file (Config.xlsx) and populated into a dictionary
object for runtime access.”

Despite containing identical information, these two sentences would receive mod-
erate to low n-gram overlap scores due to different word choices. This phenomenon
is especially pronounced in this research task, where the same concept can be
described using multiple different but equally valid terminologies and sentence
structures.

4.3.2 Structural vs. Semantic Equivalence

BLEU and ROUGE operate at the n-gram level and cannot assess whether the
generated documentation is semantically equivalent to the reference. A generated
document might reorganize information into a different but equally valid structure,
describe workflows in a different order, or use alternative representation formats
such as tables or diagrams. All of these changes would reduce metric scores without
necessarily reducing the overall quality of the documentation.

4.3.3 Inability to Detect Hallucinations

Reference-based metrics cannot detect hallucinated content, because even if a
generated document includes fabricated workflow descriptions or incorrect technical
specifications alongside accurate content, the metrics may still report relatively
high overlap scores, as the correct portions contribute positively. On the other
hand, a document that is entirely accurate but uses different terminology would
score lower.
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4.3.4 Dependence on Reference Quality

Human-written documentation may itself be incomplete, outdated, or inconsistent
with the actual implementation, as discussed in Chapter 1. Evaluating gener-
ated documentation against an imperfect reference introduces systematic bias: a
generated document that is more complete or accurate than the reference would
paradoxically receive lower scores.

These observations align with findings in the broader literature, where BLEU
and ROUGE have been shown to correlate weakly with human judgments for text
generation tasks that permit significant paraphrastic variation [51, 52, 69].

4.3.5 TIllustrative Cases

To concretely demonstrate these limitations, Table 4.8 presents cases from the
experimental results where metric scores and actual documentation quality diverge.

Case BLEU Judge Explanation

Gemini — REFrameWork 11.89 7.6 Highest BLEU, lowest judge score.
Concise output achieves high
lexical overlap, but the judge
found incomplete coverage and
low truthfulness (6.0).

Sonnet — doc-manipulation 5.02 8.8 Lowest BLEU, highest judge
score. Exhaustive documentation
dilutes n-gram precision, yet the
judge rated it 9/10 on complete-
ness and helpfulness.

Gemini — doc-manipulation ~ 10.92 7.8 Second-highest BLEU, second-
lowest judge score. Truthfulness
rated 5.0/10, the lowest, due to
inferred variable names and con-
figuration details not present in
the input data.

Table 4.8: Illustrative cases where metric-based scores diverge from actual docu-
mentation quality

These cases concretely demonstrate that reference-based metrics not only fail to
capture documentation quality but can actively reward outputs of lower qualitative
value.
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4.4 LLM-as-Judge Evaluation Results

This section presents the results of the LLM-as-Judge evaluation, where Claude
Opus 4.6 assesses each generated documentation artifact across five quality di-
mensions: Completeness, Helpfulness, Truthfulness, Clarity, and Professionalism.
Each of the 9 documentation artifacts (3 projects x 3 models) was evaluated
independently, with the judge receiving only the generated documentation and the
structured project data used to produce it.

4.4.1 Overall Scores by Model

Table 4.9 presents the overall quality scores (averaged across all five dimensions)
for each model and project, along with the grand average.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 8.6 8.8 8.8 8.73
GPT-5.2 8.4 8.6 8.2 8.40
Gemini 2.5 Pro 7.6 7.8 8.0 7.80

Table 4.9: Overall LLM-as-Judge scores by model and project

The results rank Claude Sonnet 4.6 first with the highest average score, followed
by GPT-5.2 and Gemini 2.5 Pro. All three models produce documentation that
the judge rates above 7.5 on a 10-point scale, confirming the high potential of
LLM-powered documentation generation across providers.

4.4.2 Per-Dimension Analysis

A more granular view of the evaluation results is obtained by examining scores
across individual dimensions.

Completeness

Completeness measures whether the documentation covers all essential aspects of
the UiPath project, including all workflows, dependencies, variables, arguments,
error handling mechanisms, and configuration details.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 9.0 9.0 9.0 9.0
GPT-5.2 8.0 8.0 7.0 7.7
Gemini 2.5 Pro 7.0 8.0 7.0 7.3

Table 4.10: Completeness scores by model and project
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Completeness is the dimension where Claude Sonnet 4.6 performs best against the
other two models, achieving a perfect 9.0 across all three projects. The judge noted
that Sonnet’s documentation consistently covered all workflows with individual
sections, provided exhaustive argument tables, and documented error handling
mechanisms in exceptional detail. GPT-5.2 performed well on the larger projects
(8.0 for both REFrameWork and doc-manipulation) but received a lower score
for DocumentUnderstanding_ Demol, where the judge identified gaps in variable
documentation and missing decision point conditions. Gemini 2.5 Pro showed the
most variation, with its weakest performance on the REFrameWork project (7.0),
where the judge flagged insufficient NuGet package listings and missing variable
documentation as significant gaps.

Helpfulness

Helpfulness evaluates whether the documentation is useful for its intended audi-
ences: developers maintaining the automation, architects reviewing the design, and
stakeholders requiring a high-level understanding.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 9.0 9.0 9.0 9.0
GPT-5.2 8.0 9.0 8.0 8.3
Gemini 2.5 Pro 8.0 9.0 8.0 8.3

Table 4.11: Helpfulness scores by model and project

Helpfulness scores are uniformly high across all models, suggesting that all
three are effective at producing documentation that serves practical purposes. The
doc-manipulation project received the highest helpfulness scores from all models
(9.0 across the board).

Truthfulness

Truthfulness assesses the factual accuracy of the generated documentation relative
to the actual project data. This is the dimension most directly related to the
hallucination problem discussed in Chapter 2.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 7.0 8.0 8.0 7.7
GPT-5.2 8.0 8.0 9.0 8.3
Gemini 2.5 Pro 6.0 5.0 8.0 6.3

Table 4.12: Truthfulness scores by model and project
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GPT-5.2 clearly outperforms Claude Sonnet 4.6 on this dimension, suggesting
that it is more conservative in its claims and more faithful to the provided data,
using expressions such as “not specified in metadata” rather than inferring or
fabricating details.

In the case of Gemini 2.5 Pro’s low truthfulness score on doc-manipulation (5.0),
the judge identified instances where the model inferred variable names, configuration
details, and workflow behaviors that were not present in the structured input data.

The uniformly high scores for DocumentUnderstanding Demol (8.0-9.0) likely
reflect the project’s simpler structure, which provides fewer opportunities for the
models to introduce fabricated information.

Clarity

Clarity evaluates the writing quality, logical organization, consistent use of terminol-
ogy, appropriate formatting, and overall readability of the generated documentation.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 9.0 9.0 9.0 9.0
GPT-5.2 9.0 9.0 9.0 9.0
Gemini 2.5 Pro 9.0 9.0 9.0 9.0

Table 4.13: Clarity scores by model and project

Clarity is the only dimension where all three models scored a uniform 9.0,
indicating that all three frontier models are equally capable of producing well-
organized, clearly written technical documentation with consistent formatting.

Professionalism

Professionalism assesses whether the documentation adheres to professional stan-
dards: neutral tone, consistent style, suitability for stakeholder review, and absence
of informal language or subjective commentary.

Model REFrameWork doc-manip. DocUnderst. Average
Claude Sonnet 4.6 9.0 9.0 9.0 9.0
GPT-5.2 9.0 9.0 8.0 8.7
Gemini 2.5 Pro 8.0 8.0 8.0 8.0

Table 4.14: Professionalism scores by model and project

Although the judge noted that Gemini’s documentation occasionally included
slightly more informal phrasing and less rigorous formatting consistency compared
to the other two models, all outputs were deemed suitable for professional use.
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4.4.3 Dimension Comparison Across Models

Table 4.15 summarizes the average per-dimension scores across all projects for a
direct model-to-model comparison.

Model Compl. Help. Truth. Clarity Prof. Overall
Claude Sonnet 4.6 9.0 9.0 7.7 9.0 9.0 8.73
GPT-5.2 7.7 8.3 8.3 9.0 8.7 8.40
Gemini 2.5 Pro 7.3 8.3 6.3 9.0 8.0 7.80

Table 4.15: Average per-dimension LLM-as-Judge scores across all three projects

The consolidated view reveals several patterns. Claude Sonnet 4.6 dominates on
four of five dimensions but is surpassed by GPT-5.2 on Truthfulness, the dimension
most directly related to hallucination avoidance. This creates an interesting trade-
off: the most complete and helpful documentation is not necessarily the most
factually conservative.

Clarity emerges as a “solved” dimension at the frontier level, with all three models
achieving a uniform 9.0. The most differentiating dimensions are Truthfulness (a
spread of 2.0 points) and Completeness (a spread of 1.7 points), suggesting that
these are the aspects of documentation generation where model choice matters
most.

4.4.4 Qualitative Observations from the Judge

Beyond numerical scores, the LLM-as-Judge provides structured textual feedback
in the form of identified strengths, weaknesses, and reasoning for each dimension.
This section summarizes the most significant findings across all runs.

Common Strengths

Across all three models, the judge consistently identified the following strengths:

o Comprehensive workflow documentation, with each workflow receiving its own
dedicated section including purpose, arguments, and invocation relationships;

o Effective use of Mermaid diagrams to visualize workflow dependency graphs,
which the judge praised as particularly valuable for understanding complex
inter-workflow relationships;

o Professional tone and consistent Markdown formatting throughout all docu-
mentation artifacts;
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o Thorough error handling documentation, including TryCatch block inventories,
exception type classification, and retry mechanism descriptions;

o Actionable production-readiness recommendations that go beyond mere de-
scription to identify gaps and suggest improvements.

Model-Specific Observations

Claude Sonnet 4.6 received the highest praise for exhaustive coverage. The
judge noted that Sonnet provided detailed argument tables for all workflows and
comprehensive exception classifications. However, it occasionally inferred variable
names and behaviors not explicitly present in the structured data, penalizing its
Truthfulness scores.

GPT-5.2 was distinguished by its conservative approach. The judge noted
that GPT-5.2 more consistently used explicit disclaimers rather than inferring
content to fill gaps. This contributed to its leading Truthfulness scores, though it
occasionally resulted in less actionable documentation.

Gemini 2.5 Pro produced the most concise documentation. While this en-
hanced focus, it sometimes sacrificed completeness. More critically, Gemini’s
tendency to infer details not present in the input data resulted in the lowest
Truthfulness scores.

Common Weaknesses

The most frequently identified weaknesses across models included:

» Configuration details presented at a surface level, with actual key-value pairs,
default values, and environment-specific settings often missing or only partially
enumerated;

» Missing or unresolved references to external workflows: in the doc-manipulation
project, all models identified five externally referenced workflows that were
absent from the project, but none provided documentation for what those
workflows should contain;

 Input/output specifications frequently left vague, with document source paths,
output file naming conventions, and exact data flow endpoints not fully
specified.
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4.5 Comparative Analysis

This section briefly summarizes the findings from both evaluation approaches, ex-
amining the relationship between metric-based scores and judge-based assessments,
and providing an overall comparison of the three models.

4.5.1 Model Ranking Comparison

Table 4.16 compares the model rankings produced by each evaluation method. A
ranking disagreement between the two methods further supports the argument that
metric-based evaluation alone is insufficient.

Model Rank (Metrics Avg.) Rank (Judge Avg.)
Claude Sonnet 4.6 3 1
GPT-5.2 2 2
Gemini 2.5 Pro 1 3

Table 4.16: Model rankings by average metric-based score vs. average LLM-as-
Judge score

The ranking comparison confirms a complete inversion between the two evalua-
tion paradigms: the metric-based ranking is the mirror image of the judge-based
ranking. Only GPT-5.2 maintains the same relative position (2nd).

4.5.2 Project-Level Analysis

Table 4.17 presents the average scores across all three models for each project,
revealing how project characteristics affect documentation quality.

Project Compl. Help. Truth. Clarity Prof. Overall
REFrameWork 8.0 8.3 7.0 9.0 8.7 8.20
doc-manipulation 8.3 9.0 7.0 9.0 8.7 8.40
DocUnderstanding 7.7 8.3 8.3 9.0 8.3 8.33

Table 4.17: Average LLM-as-Judge scores by project, across all three models

The project-level analysis reveals an interesting pattern: Truthfulness is inversely
correlated with project complexity. This suggests that as project complexity
increases, models are more likely to introduce inaccurate claims about inter-workflow
relationships, configuration details, or variable behaviors that are not explicitly
present in the structured data.

7



Results and Analysis

At the same time, doc-manipulation receives the highest Helpfulness scores (9.0
average), despite being the largest project. Its clearly staged pipeline (ingress
— extract — process — outgress) provides a natural narrative structure that all
three models leveraged effectively, resulting in documentation that the judge found
particularly actionable.

4.5.3 Cost-Quality Analysis

Table 4.18 provides a practical cost comparison based on the published API pricing
of each model.

Model Input ($/1M) Output ($/1M) Judge Score
Claude Sonnet 4.6 3.00 15.00 8.73
GPT-5.2 1.75 14.00 8.40
Gemini 2.5 Pro 1.25 10.00 7.80

Table 4.18: Cost-quality comparison across models (API rates as of Feb 2026)

While Claude Sonnet 4.6 is the most expensive model and achieves the highest
overall score, GPT-5.2 offers a more balanced solution, whereas Gemini 2.5 Pro,
despite being the most affordable option, shows a more significant quality gap.
Overall, GPT-5.2 may represent the best cost-quality compromise.

4.5.4 Project Complexity Impact

To understand how project complexity affects documentation quality, Table 4.19
examines the relationship between the number of workflows and the overall judge
scores.

Project Workflows Avg. Overall Score
DocumentUnderstanding Demol 1 8.33
REFrameWork 13 8.20
doc-manipulation 27 8.40

Table 4.19: Relationship between project complexity (number of workflows) and
average overall judge score

Interestingly, overall quality does not degrade monotonically with project size.
The largest project actually achieves the highest average overall score (8.40), while
the smallest project falls in the middle (8.33). This suggests that the documenta-
tion generator handles projects of varying complexity without significant quality
degradation in the range tested. However, as noted in the Truthfulness analysis,
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complexity does affect factual accuracy, with simpler projects receiving higher
Truthfulness scores. The implication is that larger projects receive documentation
that is comprehensive and well-organized but contains more inferred or potentially
inaccurate details.

4.6 Discussion

4.6.1 Key Findings

The experimental results yield several important findings that inform both the
practical deployment of LLM-powered documentation systems and the broader
understanding of evaluation methodologies for generated text.

First, all three generation models produce documentation that the judge rates
with very high scores, confirming the viability of LLM-powered documentation
generation for RPA workflows regardless of the chosen provider.

Second, the complete inversion of model rankings between the two approaches
demonstrates that BLEU, ROUGE, and word-overlap metrics are not merely insuf-
ficient but potentially misleading for evaluating generated technical documentation.
This extends beyond the weak positive correlations typically reported for translation
tasks in the NLP literature [51, 52|, suggesting that the documentation genera-
tion task has unique characteristics that fundamentally violate the assumptions
underlying reference-based evaluation.

Third, the evaluation dimensions that most differentiate the models are Com-
pleteness and Truthfulness, with spreads of 1.7 and 2.0 points respectively. Clarity,
by contrast, is a uniformly solved problem at the frontier level. This suggests that
future prompt engineering and system design efforts should focus on improving
content coverage and factual accuracy rather than writing quality or formatting.

Fourth, there is a meaningful trade-off between Completeness and Truthfulness.
Claude Sonnet 4.6 leads on Completeness (9.0 average) but trails GPT-5.2 on
Truthfulness (7.7 vs. 8.3). Models that attempt to provide more comprehensive
documentation are also more likely to infer or fabricate details not present in the
input data.

Fifth, the LLM-as-Judge approach provides rich, actionable feedback beyond nu-
merical scores. The per-dimension breakdown with structured strengths, weaknesses,
and reasoning gives developers specific guidance on how to improve documentation
quality, making the evaluation itself a useful development tool. The judge identified
concrete issues that would be invisible to traditional NLP metrics.

Sixth, project complexity affects documentation quality asymmetrically across
dimensions. While overall scores remain stable across different project sizes, Truth-
fulness degrades as project complexity increases, suggesting that the hallucination
risk grows with the number of inter-workflow relationships the model must describe.
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4.6.2 Threats to Validity
Internal Validity

Several factors may affect the internal validity of the experimental results. The most
significant is prompt optimization bias: the documentation generation prompt
was developed and iteratively refined using Claude Sonnet 4.6 as the primary model.
While the same prompt was applied identically to all generator models, its overall
structure is likely better aligned with Anthropic’s instruction-following patterns.

A second concern relates to same-provider bias in the judge model. Claude
Opus 4.6 and Claude Sonnet 4.6 are both developed by Anthropic, which raises
the possibility that the judge may implicitly favor documentation stylistic patterns
or structural conventions characteristic of Anthropic models. Although the two
models are architecturally distinct and the evaluation uses explicit rubrics to
constrain scoring, subtle biases in how the judge weighs certain phrasing choices or
organizational patterns cannot be fully ruled out. This limitation is acknowledged
as one of the most significant threats to the validity of the qualitative evaluation,
and future work should incorporate a cross-provider judge to provide independent
validation of the scores.

Finally, temperature variability introduces measurement noise. Although
the median of three runs was reported for each model-project pair, LLM outputs
are inherently non-deterministic at non-zero temperatures. Different runs may
produce documentation with different structures, levels of detail, and emphases,
which affects both metric-based and judge-based scores.

External Validity

The generalizability of these results is constrained by several factors. The three
test projects, while diverse in structure and complexity, represent a limited sample
of the broader UiPath ecosystem. Results may not generalize to all project types,
particularly those using advanced features such as Al Center integration, long-
running workflows, or extensive Orchestrator queue management.

A related and significant limitation concerns the nature of the test projects
themselves. Ideally, the evaluation would have been conducted on production-grade
enterprise automation code, as this would best reflect the real-world conditions
under which the documentation pipeline is intended to operate. However, access to
such codebases was not possible due to confidentiality and data privacy constraints
imposed by the partner organizations. As a result, the test projects used in this
evaluation, while representative of common UiPath patterns, may not fully capture
the challenges that the system would face in a production enterprise environment.

The reference documentation used for metric-based evaluation, while expert-
written, represents one possible “correct” documentation for each project. Different
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experts might produce structurally different but equally valid documentation,
which would affect metric-based scores in ways that do not reflect actual quality
differences. This inherent subjectivity of the ground truth is a well-known limitation
of reference-based evaluation in NLP.

Finally, LLM capabilities improve rapidly. The specific model versions tested,
Claude Sonnet 4.6, GPT-5.2, and Gemini 2.5 Pro, represent a snapshot of the
competitive landscape as of early 2026. Future versions of these models may
perform significantly differently on the same tasks.

Construct Validity

The LLM-as-Judge approach, while addressing many limitations of metric-based
evaluation, introduces its own construct validity concerns. The five evaluation
dimensions, Completeness, Helpfulness, Truthfulness, Clarity, and Professionalism,
while grounded in the literature [69], may not capture all aspects of documentation
quality that human reviewers would consider important. Dimensions such as
navigability, visual layout quality, or alignment with organizational documentation
standards are not assessed.

More fundamentally, the evaluation does not include a formal human expert
assessment to serve as ground truth for the LLM-as-Judge scores. While the
produced artifacts were reviewed by human experts, a formal human evaluation
framework would provide the most reliable validation of both evaluation approaches
and is a natural next step for future work. The absence of human evaluation means
that the LLM-as-Judge scores should be interpreted as a proxy for quality rather
than as an absolute measure of it.

Scope Limitation: Process Design Documents

Among the most critical artifacts in the enterprise RPA domain are Process Design
Documents (PDDs), which describe the business process to be automated from
a functional perspective: the as-is process flow, business rules, decision logic, ex-
ception scenarios, input/output specifications, and the expected to-be automated
behavior. The current architecture cannot produce PDDs, and early experimenta-
tion confirmed that attempting to do so yields mostly hallucinated results, since
the information required for a PDD is simply not encoded in UiPath source files.
This is not a shortcoming of the implementation but an inherent boundary of
any code-analysis-based documentation approach: the system documents how
the automation operates, whereas a PDD documents why it exists and what the
business process requires, information that originates entirely outside the codebase.
In principle, an LLM could assist in drafting PDDs if provided with appropriate
business context such as process maps, stakeholder interviews, or existing as-is
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documentation, but this would require a fundamentally different input pipeline
and prompt design and is therefore beyond the scope of this thesis.

4.6.3 Directions for Future Work

The limitations identified in this chapter suggest several concrete directions for
future research that could strengthen and extend the evaluation presented here.

The most immediate improvement would be to enhance the LLM-as-Judge
evaluation through cross-provider judge validation, by deploying a second
judge model from a different provider, such as GPT-5.2 or Gemini 2.5 Pro, to
independently evaluate the same documentation artifacts using identical rubrics.
This cross-provider validation protocol would substantially increase confidence in
the qualitative evaluation results and could be further extended to include multiple
judges in a panel configuration, where the final score is derived from aggregated or
majority-vote assessments.

A second important direction concerns evaluation on enterprise-grade code-
bases. As discussed in the threats to validity, the test projects used in this study,
while structurally representative of common UiPath patterns, do not fully capture
the complexity and scale of production enterprise automation workflows. Eval-
uating the system’s performance on this class of projects would provide a much
stronger indication of its practical readiness for deployment in industrial settings.

Additionally, incorporating formal human expert evaluation alongside the
automated metrics and LLM-as-Judge assessments would provide the most reliable
ground truth for documentation quality. A structured human evaluation protocol,
where experienced RPA developers rate the generated documentation on the same
dimensions used by the automated judge, would enable direct calibration of the
LLM-as-Judge methodology and identify any systematic discrepancies between
machine and human quality assessments.
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Chapter 5
Conclusions

The purpose of this thesis was to explore whether the use of Large Language Models
could efficiently and effectively automate the production of technical documentation
artifacts in the field of Robotic Process Automation developed through UiPath.
Such a task is considered of vital importance for the lifecycle of software, given
that it is very often neglected and deprioritized. Although the goal of automating
documentation is not new, ranging from template-driven tools to information-
retrieval methods and, more recently, transformer-based generation, its actual
application to the RPA ecosystem still remains uncharted territory.

To address this research question, the UiPath Documentation Generator was
built in collaboration with Poseidon-SB, a consulting company specializing in the
effective and rapid digitization of business processes through automation and other
modern technologies. The system was designed as an end-to-end pipeline that
follows the principle of separation of concerns: first, the Analysis Layer parses
XAML and JSON files into much more compact representations, ensuring that all
essential details are captured for each workflow. This information is then passed to
the Generation Layer, which was engineered with specific prompt techniques to
produce complete and comprehensive Markdown documentation. This multi-stage
design not only ensures that information can be promptly passed to the LLM
while maintaining full context at the project level, but also drastically reduces the
risk of hallucination typical of LLMs. These findings are confirmed by the high
truthfulness scores observed across all tested generators.

The comparative evaluation across Claude Sonnet 4.6, GPT-5.2, and Gemini
2.5 Pro demonstrated that all three frontier models are capable of producing
documentation that is structurally coherent, technically grounded, and aligned
with professional standards, and in some cases even superior to human-written
references, showing the ability to capture more subtle yet equally important details
that are sometimes underrepresented. This confirms the overall viability of the
approach, regardless of the chosen provider. Equally important is what emerged
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from the Evaluation Layer: quantitative metrics such as BLEU and ROUGE
correlate poorly with a qualitative approach such as LLM-as-Judge, which instead
provides richer and more actionable feedback through per-dimension scoring and
structured reasoning. This establishes the judge-based approach as a valuable
complement to human expert review, though not yet a complete replacement.

These results confirm our first hypothesis. However, although encouraging, they
come with acknowledged limitations. Confidentiality constraints not only prevented
testing on production-grade enterprise codebases, but the sample size of projects
was also limited. Moreover, the fact that the same LLM provider was used for both
the generation phases and the evaluation could raise concerns about internal bias
in the judge’s assessments. Addressing these gaps through cross-provider judge
validation, formal human evaluation, and enterprise-scale experiments represents
the most immediate path for future work.

Taken together, the findings strongly suggest that LLM-driven documentation is
approaching a level of maturity where it can significantly reduce the documentation
burden in organizations adopting RPA at scale. As models continue to improve
in reasoning and context handling, and as evaluation methodologies become more
robust, the vision of documentation as a continuously generated, always up-to-date
artifact appears increasingly within reach.
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