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Enhancing feasibility analysis through LLMs: An Action Research Approach
Investigating the RAG architecture and finetuned LLMs as a tool for decision-
support in feasibility analysis
HAMPUS JANSSON
DAVID JOHANSSON
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
Requirement elicitation is a critical part of Requirements engineering (RE). However,
it is heavily reliant on the knowledge of domain experts, is prone to human-errors,
and remains a time-consuming process. This study investigates how Large Language
Models can assist domain experts in conducting feasibility analyses of customer
demands. Specifically, the study investigates two different solutions as an LLM; the
Retrieval-Augmented Generation (RAG) architecture, and the finetuned pre-trained
LLM. The two models were developed using the action research methodology in
collaboration with Siemens Energy AB. All the data used for training the models
were related to historical gas turbine projects and were provided by Siemens Energy.
The findings showed that the finetuned LLM struggled with ambiguous requirements
and was prone to hallucinate for a certain type of customer demands, in particular
demands that were covered by Siemens Energy’s standard. In contrast, the RAG
demonstrated a higher accuracy and relevance in its outputs. The two models were
evaluated through a survey, which was answered by the domain experts at Siemens
Energy. The surveys revealed that both of the models have potential as a decision-
support tool, but that the RAG was preferred since it outperformed the finetuned
LLM in all of the metrics. Lastly, a finetuned embedding model was developed as
part of the RAG solution. This embedding model was quantitatively evaluated and
compared to state-of-the-art models. This evaluation showed that the fine-tuned
model outperforms state-of-the-art benchmarks on the intended task and in the
environment of Siemens Energy.

Keywords: Requirements Engineering, Feasibility Analysis, Large Language Models,
RAG, Finetuning, NLP, Action Research, Siemens Energy.
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1
Introduction

Requirements Engineering (RE) is a critical step in the field of software engineer-
ing, ensuring that a product’s requirements agree with business objectives, technical
constraints, and customer’s needs [1]. One essential part of RE is gathering require-
ments, known as the requirements elicitation. This phase plays a significant part
in a project’s success. Research has shown that systems failure can be traced back
to poor requirements elicitation in up to 90% of large software projects [2]. An
important step in elicitation is the feasibility analysis, which assesses whether the
specific wants from the customer is viable within the constraints. Constraints such
as time, budget, and technical limitations while meeting the customer’s needs [3].
The feasibility analysis ensures that impractical or problematic requirements are
identified early rather than later in the process, reducing the risk of mistakes that
could be costly to correct [4].

As of today, feasibility analysis are done manually by experts within the domain
of the product, thus requiring large efforts to analyze customers requirements and
compare these with the capabilities of the product offered [5][6]. This process is
time consuming and prone to human errors, since it includes constantly comparing
the customer’s requirements with the capabilities of the product or system offered
[6]. Experts must thoroughly assess each requirement, leading to inconsistencies
due to subjective interpretations. Ensuring understanding between the stakehold-
ers, in this case the customer and the seller, is crucial for RE. Mistakes made in
this step is often not found until later down the line and can often be costly to
fix. A study conducted by Mogyorodi [7] showed that 56% of bugs in a project was
related to faulty requirements. Customer requirements are typically written in nat-
ural language, which introduces ambiguities and inconsistencies [4]. The vagueness
of natural language makes it difficult for humans to ensure uniform understanding,
further complicating the feasibility analysis.

AI tools offer a promising solution to reduce the workload of experts in the fea-
sibility analysis process by assisting with requirement analysis and validation [8].
Unlike full automation, AI can act as a tool to assist in decision-making, helping
experts quickly identify infeasible or ambiguous requirements, thereby improving
efficiency and reducing the risk of overlooking constraints. While there has not been
much research on integrating AI into the process of feasibility analysis specifically,
the application of AI solutions in RE as a whole is becoming much more prevalent
[8][9][10]. Leveraging NLP and ML, AI tools can help structuring requirements,
check for inconsistencies, summarizations or act as conversational agents during
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1. Introduction

product development. Thus, AI-driven tools can enhance, rather than replace, hu-
man expertise by streamlining processes and reducing manual effort, resulting in
more robust processes.

Recent advances in NLP have made LLMs and RAG architectures increasingly use-
ful techniques for tackling complex language tasks [11]. Finetuned LLMs build on
the inherent structure of pre-trained models by training them on domain-specific
data [12]. This allows the LLM to better capture context relevant to the tasks
such as interpreting requirements. RAGs, on the other hand, enhance an LLM’s
performance by leveraging an embedding model to retrieve relevant context from a
knowledge base for the LLM to use [13]. This architecture is particularly applicable
in tasks where up-to-date and domain-specific information is important for generat-
ing a good response. Crucially, what both solutions offer, is an ability to generate
output in natural language that closely resembles human reasoning [11]. This makes
LLMs highly attractive for practical use.

This study aims to investigate how LLMs can support experts in conducting fea-
sibility analysis more efficiently. Specifically, this study explores the integration of
two specific LLM solutions. It will be investigated how a fine-tuned pre-trained
LLM and an RAG can assist in comparing customer requirements against product
specification, flag potential issues, and generate structured feedback. The results
will be evaluated through both quantitative and qualitative metrics, which will be
obtained by surveying domain experts. The research will utilize data provided by
Siemens Energy AB on their products, specifically focused on gas turbines, as well
as their historical client requirements. The dataset contains past customer specifica-
tion sheets and the corresponding comments on the identified faulty requirements.
Access to this dataset, along with the help and feedback from the experts at Siemens
Energy, offers an opportunity to ensure that the solutions are both practical and
relevant to real-world applications. By combining the latest research of LLMs with
the expertise of experts, the study aims to advance the research field of adopting
LLMs in the process of feasibility analysis.

The research questions (RQs) that this study aims to answer are as follows:

RQ1 How does Large Language Models (LLM) perform in assisting domain experts
in the feasibility analysis?

RQ1.1 How does a finetuned pre-trained LLM perform in assisting domain experts
in the feasibility analysis? The approach will be evaluated quantitatively and quali-
tatively in terms of the following metrics:

• Relevance: How relevant is the output to the demand?
• Correctness: How correct and factual is the information in the output?
• Assistance: How helpful is the output in determining the feasibility of the

demand?
The evaluating will be done by experts involved in the feasibility analysis at the
energy corporation.

2



1. Introduction

RQ1.2 How does a Retrieval Augmented Generation (RAG) model perform in as-
sisting domain experts in the feasibility analysis? The approach will be evaluated
quantitatively and qualitatively in terms of the following metrics:

• Relevance: How relevant is the output to the demand?
• Correctness: How correct and factual is the information in the output?
• Assistance: How helpful is the output in determining the feasibility of the

demand?
The evaluating will be done by experts involved in the feasibility analysis at the
energy corporation.

RQ1.2.1 How does the performance of a finetuned embedding model compare to
state-of-the-art models, such as OpenAIs text embedding models, in the context of
information retrieval tasks? The comparison will be evaluated quantitatively using
metrics such as accuracy and precision, specifically Recall@K and Mean Ranking
Reciprocal (MRR).

3
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2
Background

This chapter explores the current practices in RE, focusing on the elicitation and
specifically feasibility analysis. It also dvelves into the state-of-the-art for NLP tasks
with emphasis on LLMs, RAG and Embedding models. Each section provides an
overview of these models and their impact on the field of NLP.

2.1 Requirements Engineering (RE)
RE is a critical part of software and systems development [1]. Its purpose is identify-
ing, analyzing, specifying, and validating the needs and constraints of stakeholders,
ensuring that the final product aligns with the business objective, technical limita-
tions and user expectations. The quality of RE has a direct impact on the overall
success of a project, and its failure often leads to time delays, overspent budget, and
a project failure [2].

2.1.1 Requirements Elicitation
One important step within RE is requirements elicitation, which involves gathering
requirements from the stakeholders to understand what the system needs to be able
to do [2]. Elicitation can be challenging due to the subjective nature of stakeholder
input, incomplete or ambiguous descriptions, and the complexity of translating busi-
ness needs into requirements. It is not just a matter of collecting information. The
process requires critical thinking, domain expertise and clear communication be-
tween stakeholders. If an error occurs in the elicitation phase, then it will be carried
on to the further stages which will potentially damage the whole product.

Elicitation typically includes a combination of interviews, workshops, observations,
and prototyping [14]. However, regardless of the method, the success of elicitation
depends on the clarity and feasibility of the requirements obtained. This leads to
the vital task if assessing each requirements early on, which is where the feasibility
analysis plays an important role [2].

2.1.2 Feasibility Analysis
A feasibility analysis is used to justify a project [15]. It compares various require-
ments based on their economic, technical and operational feasibility. Such con-
straints can be time, budget, or technical limitations. In addition, it also ensures
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2. Background

that stakeholder expectations are aligned with what the organization and system
can deliver [2].

In practice, feasibility analyses are carried out manually by domain experts who
must iteratively compare customer demands with the product’s technical specifica-
tion and organization standards [6]. The process is prone to inconsistencies due to
varying interpretations of natural language requirements.

In more complex engineering domains such as energy systems, feasibility becomes
particularly demanding. Requirements are often embedded in lengthy, unstructured
documents and described in certain terminology specific to the domain. Misinterpre-
tations or undetected infeasible demands at this stage can prove to be costly later
down the line, leading to time and cost implications during implementation [7].

2.2 Large Language Models (LLMs)
Recent advancements in Natural Language Processing (NLP), particularly in the
developments of LLMs, have motivated researchers in RE to explore the potential
advantages of these tools in enhancing RE tasks [16]. LLMs are trained on a large
amount of data to be able to both understand as well as generate natural language.
LLMs are typically based on the Transformer architecture [17]. An important fea-
ture of Transformers is the self-attention mechanism. This mechanism allows the
LLM to weigh the importance of different words in a sentence when understanding
and generating the text. Moreover, it enables the model to capture more complex
linguistic patterns and deeper context. This section explains the evolution of LLMs,
finetuning, their integration with RAG architectures, and embedding models role of
allowing semantic understanding and similarity measurement.

2.2.1 Finetuned Pre-Trained Large Language Models
Pre-trained LLMs, such as Mistral [18], Gemma [19], and LLaMA [20], have be-
come increasingly prominent in the field of NLP due to their ability to generalize
across diverse unseen tasks [21]. They are trained on large corpora, enabling them
to develop a broad understanding of language. However, while they perform well
on general tasks, finetuning is most often needed to improve their performance for
specific applications.

Finetuning involves adapting a pre-trained model for a particular task or domain by
training on a smaller dataset specific to the task. This process leverage the knowl-
edge already embedded in the model, making it more efficient than building a model
from scratch. Three keys methods for finetuning pre-trained LLMs are:

Transfer Learning, where a pretrained model is further trained on task-specific
data. For example a model trained on general text can be finetuned on product
specifications to assist in helping developers find information that can otherwise be
hard to find. Transfer learning allows the model to adapt its general language un-
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2. Background

derstanding to the target domain. [21]

In-Context Learning, which involves providing the model with examples of input-
ouput pairs during inference, without modifying the model’s parameters. This
method allows the model to learn tailored responses for the task by providing it
with prompts that includes the input-output examples. In-Context learning is es-
pecially useful for tasks where labeled data is scarce or when fast prototyping is
required. [22]
Prompt Learning, is a technique which uses carefully selected prompts to guide a
model to produce certain results or behave in a specific way. It is common to adopt
prompt learning with pre-trained LLMs in order to achieve a certain behavior and
to guide it in the style in which it answers. Hence, this approach is of particular
relevance when the model is used in very specific domains. [23]
Still, conventional fine-tuning large models comes with a high computational cost,
since it means retraining all model parameters. Researchers at Microsoft [24] came
up with an interesting solution to this. They presented Low-Rank Adaption (LoRA),
this approach freezes the pre-trained model weights and instead injects trainable
rank decomposition matrices into each layer of the Transformer architecture. This
approach leads to less trainable parameters for down-stream tasks. Further, research
by Dettmers et al. [12] presented an efficient fine-tuning approach called QLoRA
that followed up on LoRA. QLoRA backpropagates gradients through a frozen, 4-bit
quantized pre-trained language model into LoRA. It allows the pre-trained model
to keep its full task-performance.

2.2.2 Retrieval Augmented Generation (RAG)

A RAG architecture combines the strength of retrieval-based and generation-based
models to advance the performance of NLP tasks [13]. RAG is especially useful for
tasks that requires generating information and contextually relevant responses, such
as question answering, conversational agents and summarizations. The retriever is
responsible for retrieving contextually relevant documents, or chunks of text, from a
large corpus based on the input query. The generator then uses the retrieved infor-
mation to generate the response. This combination allows RAG models to leverage
external knowledge, not stored in the model itself, making it more robust and capa-
ble of handling different types of queries.

The RAG model typically uses an embedding model to encode both the query and
the external knowledge corpus. The corpus most often consists of documents that
have been split into chunks, or paragraphs, of text. From the query, the retrieval
model can find the most semantically similar text chunks. These chunks are there-
after used as the expanded context in a prompt posed to an LLM. The model’s
approach to answer depends on the task-specific criteria, allowing it to either draw
upon its inherent parametric knowledge or restrict its response to the information
provided by the context. [25]

7



2. Background

2.2.3 Embedding Models
Embedding models are a crucial part of NLP, especially for LLMs. They take
textual data, or human language, and transform it into numerical representations,
which enables machines to process and understand it. Embedding models can cap-
ture semantic relationships between words, phrases and sentences, which can help
in various NLP tasks such as text classification, sentence similarity and machine
translation. [26]

2.2.3.1 Word Embeddings

Word embedding are dense vector representations in a multi-dimensional space,
where the distance and direction between vectors reflects the similarity and rela-
tionships between the words. The concept of word embeddings gained traction
with the introduction of models like Word2Vec [27] and GloVe [28]. Word2Vec
uses two architectures: Continuous Bag of Words (CBOW) and Skip-gram [27].
CBOW predicts a word based on the context, while Skip-gram predicts the context
based on the word. GloVe constructs word vectors leveraging global word-word co-
occurrence statistics from a corpus [28]. The advantages of word embeddings are
many. Firstly, the models can capture the semantic similarity between two words.
For example, the vectors of “king“ and “queen“ are close to each other in the vec-
tor space compared to the vector of “car“. Embeddings can also capture analogies,
such as “king-man+woman≈queen“. Lastly, compared to traditional methods such
as one hot encoding [29], the embeddings greatly reduce dimensionality of textual
data, making it much more manageable for machines to process.

2.2.3.2 Sentence Embeddings

While word embeddings capture word-level semantics, they fall short in capturing
the semantics at a sentence-level. Sentence embeddings address this issue by encod-
ing the sentences into fixed-length vectors to capture the meaning of the sentence.
There are many proposed methods for generating sentence embeddings. A simple
approach is to average the word embeddings of a sentence. However, this method
often fails to capture all contextual information. State-of-the-art models like BERT
[30], Sentence-BERT [31] and Universal Studio Encoder [32] all uses the Transformer
architecture which has revolutionized the field of NLP through enabling parallel pro-
cessing of sentences.

2.2.3.3 Sentence Similarity

Sentence Similarity is a NLP task that takes the meaning of two snippets of text
and assigns a similarity score to them [33]. Existing methods to measure sentence
similarity face two main changes: (1) labeled datasets are often limited in size,
making it hard to train supervised neural models; and (2) unsupervised LMs are
typically learned to understand text on a phrase or word level which results in a
gap in what they were trained to do (phrase-level or word-level understanding) and
what they are tested on (sentence-level semantics) [34]. The most used methods for
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2. Background

evaluating similarity is cosine similarity, Euclidean distance and Manhattan distance
[35].
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3
Related Works

3.1 Requirements Engineering and Elicitation chal-
lenges

RE has been intensively studied in the last decade [36]. However, it still remains one
of the most critical processes in software development, with recent studies showing
that 56% of system failures comes from faulty requirements. Besrour et al. [36] con-
ducted a literature review where they identified a total of 24 RE challenges, with 12
of them being classified critical. Among these, “Collecting vague and ambiguous re-
quirements“ were the most critical based on a support scale, with “Undocumented
Functional requirements and non-functional requirements“ and “Requirements in-
consistency“ being a close third and second.

In Kauppinen et al. [37], the authors highlights how implementing an RE pro-
cess is challenging and complex assignment. They discovered that the success of an
RE process implementation greatly depends on human factors, such as motivation,
commitment, and enthusiasm. The authors emphasizes how factors, such as the
definition of the RE process scope, provide adequate training and support resources,
reducing the duration of executing a new RE process, and defining proper measure-
ment tools, are crucial for successful implementation.

Ambiguity in natural language requirements have for a long time been a recognized
as an inevitable challenge in RE [38]. Muneera Bano [38] conducted a mapping
study focusing on NLP techniques to address the ambiguity in requirements. The
author concluded that the RE research community has mainly focused on detecting
of ambiguity, while avoiding or resolving ambiguity has been largely neglected.

To determine the strengths and the weaknesses of different elicitation techniques
based the challenges faced by RE engineers, Okesola et al. [39] conducted qual-
itative comparison of eight different different elicitation methods: Brainstorming,
Workshops, Prototyping, Joint application, Group work, Ethnography, Introspec-
tion and User scenarios. The authors compared the methods using two criteria: (1)
the quality of feedback, which includes proximity to use, effort per user, and required
skill, and (2) the terms of the collection of information, which includes structure,
richness and quantifiability. The comparison showed that each one of the eight elic-
itation techniques has its strengths and weaknesses that has to be considered when
choosing which method to use.

11



3. Related Works

Lui et al. [40] conducted a questionnaire survey to identify the main reasons of
failure in RE practices, with an emphasis on requirements elicitation approaches
and requirements representation techniques. The authors identified eight main chal-
lenges, with three directly linked to communication between stakeholders, namely
“Customers do not have a clear understanding of system requirements themselves“,
“Broken communication links between customer, analyst and developer“, and “Users’
needs and understanding constantly change“. Further, two of the challenges found
were caused by insufficient domain expertise “Reuse existing design in wrong context
and environment“ and “Requirements decision-makers lack of technical and domain
expertise“.

3.2 Approaches to Feasibility Analysis
Feasibility analysis is a crucial step in evaluating whether customer requirements
can be realistically implemented given constraints such as technical limitation, bud-
get, and time [15]. Traditionally, this process has been done manually and been
reliant on the expertise of domain professionals [15][5]. Pergl [15] defines the feasi-
bility study as consisting of the following dimensions: economic feasibility, technical
feasibility, and operational feasibility. All of which must be assessed properly early
in the RE process to prevent issues later on.

Manual feasibility analysis, while thorough, has several limitations. It is time-
consuming and prone to subjective interpretations, especially when working with
ambiguous or poorly formulated natural language requirements [4][7]. Necula et al.
[6] conducted a systematic literature review where they found that the majority of
RE tasks, feasibility analysis included, rely solely on expert judgment rather than
formalized or automated methods. Furthermore, they highlight the lack of tools for
specific RE tasks in the industry.

Sam McLead [41] conducted an integrative review enhancing the approach to fea-
sibility studies for novel, complex, or unfamiliar projects. The author found while
evaluating feasibility is a often considered a narrow technical question, it relies upon
on examination of various interlinked factors that contribute to long-term, life cycle
success. McLead outlines seven principles developed in the study: (1) going beyond
singular questions to assess a proposal from many perspectives, (2) understanding
and reducing forms of uncertainty through iterative research questions, (3) drawing
upon many perspectives and inputs, (4) situating a proposal within a reference set
of other existent and failed examples, (5) critically assessing organizational capabil-
ities, (6) reporting findings in a consistent way, and (7) view a proposal across a
longer-term time horizon.

Sai Ganesh Gunda [3] published a research paper focused on comparing different
methods for the requirements gathering process, such as feasibility analysis. The
authors sampled 35 RE professionals to conduct a survey. From the results of the
survey it was concluded that when using various requirements gathering method
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that “experience matters“. Experienced RE professionals better understand the nu-
ances of various methods make more informed decisions, while less experienced RE
professionals might not.

3.3 Automation in RE
In a market research analysis on requirements analysis by by Luisa et al. [42], a
survey was conducted to determine the potential demand for a computer-aided soft-
ware engineering tool. From the survey, it was found that 69% of the respondents
considered automation is the most valuable contribution to the field of requirements
elicitation. Wong et al. [43] builds on this finding, highlighting automation as is at
the top of the wish list of most software developers.

Ronit Ankori [44] presents a new method for automatically retrieving functional
requirements from the stakeholders. The author highlights how knowing what it
is we want to develop and correctly defining it plays a crucial role in the software
engineering field. The tools aim is to collect information from identified stakeholders
and then manipulate this data into finalized requirements. Using automation, the
author argues his tool ease the requirements elicitation process.

3.4 LLMs in RE
Recently, there has been emerging more and more research papers on integrating
machine learning into various RE related tasks, especially utilizing LLMs [45]. Ro-
nanki et al. [45] investigates the use of pre-trained LLMs and prompt engineering
for the intention of semi-automating specific RE tasks. Through their findings the
authors highlight that while LLMs with specific prompt patterns could improve the
process of different RE activities, the use of LLMs in RE tasks should be limited
to assisting relevant RE stakeholders with appropriate human oversight in place of
automating these tasks.

ChatGPT has gained significantly more recognition due to its notable improved per-
formance in NLP tasks [46]. As a result Ronanki et al. [46] chose to investigate the
potential of ChatGPT to assist in requirements elicitation processes. The authors
posed both ChatGPT and five RE experts with six questions to elicit requirements.
The results showed how ChatGPT-generated requirements are considered highly ab-
stract, atomic, consistent, correct and understandable in comparison to human RE
experts’ formulated requirements. Ronanki et al. underscores the importance for
the RE research community to further investigate ChatGPT’s and other LLMs’ use
cases in various RE tasks.

Many applications in NLP rely on adapting large scale pre-trained LLM to down-
stream applications using finetuning [24]. VM et al. [47] address the challenges of
finetuning pre-trained LLMs for enterprises through providing a guide for how to
finetune LLaMa, an open source LLM. The authors highlight how quantization and
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Low Rank Adaption (LORA) finetuning of LLMs has opened up a whole new possi-
bility of finetuning LLMs on smaller GPUs and domain-specific datasets. However,
the results still show how the LLM is prone to hallucinations. To mitigate this, the
authors argue that the developer can experiment with prompt engineering and use
data of high-quality.

Narmani et al. [48] investigated how integrating RAG could improve the trou-
bleshooting real-time requirements of industrial environments. The authors high-
light how the traditional manual approach rely heavily on human expertise and
static documentation. The findings showed that the integration of a RAG into
the process of troubleshooting consequentially leads to substantial improvement in
terms of operational efficiency and complex problem-solving. This was due to the
RAGs ability to quickly retrieve relevant information from a vast amount of data
combined with the generative AI in the end of the pipeline, which meant it could
address complex issues in terms of accuracy, relevance and time.

Masoudifard et al. [16] argues that ensuring that Requirements Specifications align
with higher level organizational or national requirements is vital. The authors fur-
ther demonstrates that integrating a robust Graph-RAG network in combination
with prompt engineering techniques can significantly enhance the performance of
specific RE tasks. However, while the approach gives more accurate and context-
aware results compared to baseline RAG methods, it is both costly and more com-
plex to implement. Additionally, its effectiveness heavily relies on high-quality data,
which the authors point out is most often not feasible in industrial settings.
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4
Research Methodology

To investigate our research questions, this study adopts the Action Research method-
ology. Action research is a well suited methodology for industry-academia collab-
orations in software engineering and helps enhance the research’s relevance [49].
Furthermore, it can assist in creating innovative solutions and helps gain in-depth
knowledge of new development in real-world scenarios. The method is especially
fitting for projects where problem-solving and knowledge collection occur simultane-
ously. This was the case at Siemens Energy AB, as they had no clear idea how the
optimal solution would look or how it would be developed.

We chose to follow the five steps in the action research cycle presented by Miroslaw
Staron [50], as they have been recognized to work well in action research approaches.
These steps, as seen in figure 4.1, are:

• Diagnosing: The researchers identifies and examines the problems with feasi-
bility analysis through literature review, observations, and engagement from
RE practitioners at Siemens Energy.

• Action planning: After diagnosing, the researchers in collaboration with the
practitioners at Siemens Energy develop an action plan. This plan outlines
experiments and objectives.

• Action taking: In this phase, the planned experiments and actions are imple-
mented. The researchers and stakeholders collaborate to execute the imple-
mentations.

• Evaluation: The implemented actions are evaluated.
• Specifying learning: This phase is about gathering the outcomes and experi-

ences gained from the action research process and analyze how they can be
applied to the next cycle.

In our study, we went through this cycle twice.

4.1 Context
We conducted the action research study in collaboration with Siemens Energy AB.
The corporation is active across the entire energy landscape. Their mission is to sup-
port the world’s needs to reduce greenhouse gas emissions and make energy more
reliable, affordable, and sustainable. Siemens Energy is focused on developing, man-
ufacturing, and servicing of gas turbines for power generation, compressor drives, as
well as heat pumps. It is together with a team of project lead engineers at Siemens
Energy, responsible for customizing the gas turbines to satisfy the customer’s needs
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Figure 4.1: Action Research Model

while leading a team of engineers to adapt to the new constraints, that we are con-
ducting the research.

We began our research by engaging with the experts within RE for gas turbines
at Siemens Energy, who presented the problems that came with manual feasibility
analysis in RE for the purpose of requirements elicitation at their organization. The
initial discussions highlighted two main challenges: (1) subjective interpretations
and the ambitiousness of customer demands often leads to human errors, and (2)
the feasibility study being a time consuming process, requiring multiple experts to
analyze the customer demands and iteratively compare with the product’s specifica-
tions. To further build an understanding of the problem, we conducted an extensive
review of existing literature and research, which confirmed that this is an issue
prevalent in the industry as a whole. From the insights gathered during this phase,
we derived three key objectives: (1) the need for efficiency, (2) accuracy, and (3)
consistency in the feasibility analysis.

As of now, Siemens Energy’s experts works in a software program where they can
mark certain sections in the customer’s specification sheet and provide a comment.
The sections that are marked and commented are most often sections containing in-
feasible or problematic requirements. This process of finding infeasible requirements
includes iteratively comparing all customer requirement with the gas turbine’s spec-
ifications to ensure that no faulty requirements are overlooked. As a result of this,
Siemens Energy is looking for a way to integrate AI as a tool in this process for the
experts to use to reduce the workload and increase accuracy of the task.

The action research team that investigated the proposed research questions con-
sisted of two researchers, four practitioners and two stakeholders. The researchers

16



4. Research Methodology

and practitioners collaborated in the collection of data for the research. The two
researchers and one practitioner formed the core development team. The project
stakeholders included Chalmers University of Technology as well as Siemens Energy.

Siemens Energy did not have a proposed approach to solve the problems in the
process of feasibility analysis, but only expressed the desire to integrate AI into the
process. We proposed an AI-tool that can work as decision-support for the experts,
reducing the amount of manual labor and improve accuracy of the task. Siemens
Energy agreed on this idea, and we started to investigate different solutions to re-
alize the tool. To select our initial approach we developed multiple non-functional
prototypes, meaning prototypes that can perform small parts of the task but wont
work in a real-world scenario. This was to visualize how a solution could look
like. Among these prototypes were finetuned pre-trained LLMs from huggingface,
a BERT classifier and a RAG model with a finetuned sentence transformer, all of
which were trained on a smaller subset of data. The prototypes were subsequently
discussed with the practitioners at Siemens Energy. From these discussions it could
be determined that an LLM type response was the best fit for their organization.
Therefore, the continued research focused on using an finetuned pre-trained LLM or
a RAG as the solution.

4.2 Action Research Cycle 1: Finetuned pre-trained
LLM

The first cycle of our action research focused on fine-tuning a pre-trained LLM, as
earlier works highlighted its potential in finetuning for domain-specific datasets. The
primary objectives were to overcome hardware limitations and address the scarcity
of high-quality data for the task at hand. By collaborating with practitioners at
Siemens Energy, the research sought to develop a solution that could be integrated
into their existing workflow.

4.2.1 Diagnosis
In the diagnosis phase of Cycle 1, the researchers investigated the use of a fine-
tuned pre-trained LLM to answer RQ1. Two main limitations were identified for
this approach: (1) the capabilities of the hardware available to the research would
pose some limitations on model selection and model training, and (2) the scarcity
of high-quality data for this task had to be addressed. The practitioners at Siemens
Energy provided an extensive list of historical faulty customer requirements paired
with a comment on its feasibility by experts at Siemens Energy. However, many of
the requirement had not been properly extracted. This happens when the expert
working on the project only marks a header or a keyword from the customer spec-
ification sheet instead of the complete requirement when providing their comment
on its feasibility. “ FIELD CABLES“, “ CALCULATIONS“, and “INDEX“ are
examples of headlines that have been extracted instead of the requirements. As a
consequence of this, these data points became very hard to understand. Addition-
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ally, the comments could sometime refer to separate comments or internal product
data not available for the research.

Furthermore, in this diagnosis phase there was also a great emphasis on understand-
ing how to effectively guide the LLM to generate useful and contextually appropri-
ate responses to customer requirements. This objective involves taking decisions on
what pre-trained model to use, appropriate hyper-parameters for fine-tuning, and
the machine learning approach to use, such as supervised learning or instruction
tuning.

4.2.2 Action planning
In order to successfully implement a solution to answer RQ1, the challenges identified
during the diagnosis phase had to be addressed. To mitigate the issues discovered in
the dataset, it was necessary to eliminate all the data points with poorly extracted
requirements. Given that this process significantly reduced the dataset’s size, syn-
thetic data generation was proposed as a viable strategy to solve this issue. To
address the limitations with the hardware, which poses constraints of the size of
the model to select and the training method to use, it became crucial to identify,
research, and evaluate pre-trained LLMs that were possible to use within these con-
straints.

Moreover, since the data was labeled, the decision was made to use supervised learn-
ing which in general performs better than un-supervised learning. This is because
it allows the model to learn the relationship between input and output directly. To
make sure that the LLM understands how to provide an answer on the given cus-
tomer requirement’s feasibility, the researchers also planned to implement prompt
learning by padding the data with an extra instruction for the LLM.

4.2.3 Action Taking
To overcome the hardware limitations, we conducted an extensive search on Hug-
gingface [51], a large platform for pre-trained language models. Our goal was to
identify models that could work with the task at hand and within the constraints
posed by hardware limitations. After a thorough investigation of available open
source models, LLAMA-3.2-1B [20] was selected as the model to finetune for the
task at hand. LLAMA-3.2-1B is a one billion parameter model and thus can run on
small GPUs without relying on any cloud services, while still outperforming many
of the available open source model’s on common industry benchmarks [51]. Recent
works utilizing LLAMA-3.2-1B have highlighted its resource-efficiency and potential
in finetuning for domain-specific datasets [52], emerging as one of the most popular
base models for finetuning[53].

To effectively finetune this model in a reasonable time-frame and to reduce the
computational resources required, we leveraged LoRA to quantize the model [12].
This technique is used to adapt pre-trained models to new tasks with a minimal
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amount of extra parameters. It is done by decomposing the weight matrices of the
model into low-rank matrices, which allows for efficient fine-tuning by only updat-
ing a small number of parameters instead of the entire model. To execute the plan
of implementing prompt learning, the data was padded with an instruction string
shown in figure 4.2 below. As can be seen in figure 4.2 there are a few different tags
included. The tags are used to make the model aware of the different sections of
the prompt. For example, “[INST]“ and “[/INST]“ signalizes the start and the end
of the instruction, while “<s>“ and “/<s>“ signalizes the start and the end of the
whole string.

Figure 4.2: Instruction padding before each data-point of a demand.

In parallel, to handle the issue of data scarcity, we leveraged the method of creating
synthetic data. This is a widely explored subject in information retrieval research
to improve retrieval systems using artificially created data for supervised learning.
There are various proposed techniques for synthetic data, but we decided to specifi-
cally use a method proposed by Wang et al. [54]. This method leverages OpenAI’s
GPT-4 by providing it with a string of prompts to generate synthetic data. We
prompted GPT-4 with chunks of text extracted from product specification sheets
made available for us by Siemens Energy. The prompt used can be seen in figure 4.3,
along with an example of an input and output from this method. As the original
dataset only contained faulty requirements, the synthetic data was created to mimic
feasible requirements to further diversify the dataset and to train the model on
identifying and analyzing feasible demands. The data generated was of high quality
and closely resembled the real-world data we needed. The data was thereafter used
to augment our existing data, significantly increasing its size and diversity. With
the dataset finished, we could proceed with the plan of finetuning the pre-trained
LLAMA for the task at hand.

4.2.4 Evaluation
In the evaluation phase, the researchers leveraged surveys to get quantitative re-
sults. To get relevant responses, the sampling aimed to find respondents that were
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Figure 4.3: Prompt for generating synthetic data using chunks of texts

currently or had been involved in the process of feasibility analysis. For sampling,
the researchers utilized purposive sampling. The practitioners at the Siemens En-
ergy helped us identify 97 domain experts at the company involved in the feasibility
analysis. 20 answers were analyzed based on the response rates from the respondents.
Table 4.4 and table 4.5 shows the demographic information of the respondents, which
includes their role at the company, their experience with LLMs, and their experience
with RE.

A reason why surveys were chosen as the evaluation instrument for the study was
that the researchers deemed expert opinions of the result to be of the highest rele-
vance. Since the output generated by the models are specific to the process of the
Siemens Energy it is difficult for non-practitioners to judge the responses in terms
of accuracy and relevance. Further, the data required to determine an output’s
accuracy is not public, which also limits the respondents to employees at Siemens
Energy. However, there are other evaluation instruments that also could include the
opinions of domains experts. For example, interviews could also be an appropriate
method. Although, considering that interviews are quite time-consuming, it would
mean that fewer respondents and responses would be collected. Siemens Energy
consists of many departments with different preferences, which meant that the re-
searchers decided to prioritize a high number of responses to get a nuanced results.
In addition, there was also a desire to collect quantitative data so that the models
could be compared objectively. In the case of asking domain experts to quantita-
tively evaluate output, for example, on the Likert scale, an interview does not add
value to the responses in comparison to a survey. Another reasonable method to
consider is the controlled experiment. This would be performed by providing practi-
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Figure 4.4: Demographic data of survey population’s experience with RE and LLMs

Figure 4.5: Demographic data of survey population’s roles in the company

tioners at the company with the models and then assess how their work performance
would change. This method was rejected because of limitations set by the indus-
try partner. They could not offer the researchers enough employees to temporarily
change their way of working to make it a valuable experiment.
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The format chosen for the survey was structured questionnaires. The reason for
this format was the need for a standardized and efficient method for data collection
that also aligns with the research questions. Given that the sample size is quite
large, structured questionnaires ensures that the data collected remains manageable
and comparable. Table A.1 shows the questions included in the questionnaire. The
questionnaire starts off by explaining the current problems we found in the process
of feasibility analysis and the purpose of our solution. The first few questions (1-3)
collects demographic information about the respondents. The remaining part of the
survey was intended for the evaluation of output generated by the finetuned LLM
based on specific demands. There was ten different demand and output pairs in-
cluded in the survey and each pair had its own section. Each section was started by
presenting the respondent with a demand and its corresponding output. Thereafter,
the respondent is asked to grade the output on the Likert scale based on relevance,
correctness and degree of which it could assist in their feasibility analysis. After each
of these questions, there was an option for the respondent to provide an explanation
to their answer.

A pilot-survey was conducted in order to eliminate ambiguity in the survey and
to guide the researchers in the decision of how many demand-output pairs to in-
clude. After discussions between the researchers and practitioners it was decided
that the survey should take approximately 15-20 minutes. The pilot-survey included
15 demand-output pairs and showed that this would lead to a too long response time,
therefore it was shortened to 10 demand-output pairs. Through the pilot-survey the
researchers also discovered that some practitioners were not familiar with the term
Requirements Engineering. The final survey therefore included a clarification of the
term. The survey is attached in Appendix 1 A.1.

The data collected from our surveys were quantitative, which led us to use descrip-
tive statistics to analyze it. Some of the respondents supplied us with qualitative
responses as well, which were used to get inspiration for future work and the discus-
sion section.

4.2.5 Specifying learning

The learning phase included extensive discussions between the researchers and the
practitioners at Siemens Energy. An important takeaway from the cycle was that
fine-tuning LLMs for a specific problem, like the one presented, will not necessarily
yield a satisfying result and requires high quality data. Furthermore, analyzing the
answers of the domain experts in the questionnaire provided insight that the model
was responding too generally to requirements, and seemed prone to hallucinations.
This influenced our guiding principles in the following cycle on what is important
for an AI solution in this context.
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4.3 Action Research Cycle 2: RAG

4.3.1 Diagnosis
In the diagnosis stage of Cycle 2, we investigated how a RAG model could be
integrated in the feasibility analysis to answer RQ2. The objective of a RAG is not
to finetune an LLM, but to pose it with a prompt enriched with context relevant
to the requirement being analyzed. As a result of this, we needed a new dataset
which could map a customer demand directly to certain systems or parts in the
gas turbine and provide general information on these. We were presented with a
new unlabeled dataset which consisted of all the different requirement areas and the
different options that the company could deliver for each area. Since it was unlabeled,
there existed no matching customer demands for each delivery option. Additionally,
the dataset contained some information that would be irrelevant for our purpose, for
example certain codes were included in delivery options. Developing a RAG includes
using an embedding model which can match the input to specific context relevant
for that input. The data required to train an embedding model requires giving the
model examples of input and the correctly matched context. In this scenario, it
means giving the model customer requirements and its corresponding requirement
area and delivery option.

4.3.2 Action planning
An action plan was created to answer research question 2. The starting point of
the action plan was to clean the data from the unstructured original dataset. In
order to train an embedding model on the data there was a need to match the topics
and delivery options with a customer requirement. To achieve this, we planned to
make use of synthetic data generation using GPT-4 to generate random customer
requirements for a certain topic and delivery option.

The next step of the plan consisted of research on existing pre-trained embedding
models to decide which one to leverage for finetuning. Considering that the data
available was a labeled dataset, it was decided to use supervised learning and transfer
learning as a fine-tuning method. To find the most optimal selection of hyperparam-
eters, the research planned to develop multiple models from the same base model
with different hyperparameter configurations. Additionally, after our literature re-
view it was recognized that negative sampling is a critical technique used in ML for
contrastive representation learning, where positive samples are compared with neg-
ative samples [55]. Therefore, the researchers planned to investigate how different
negative sampling methods would affect the performance of the fine-tuned embed-
ding model. Three different negative sampling methods were chosen to be evaluated.
Yang et al. [56] presents various kinds of negative sampling methods, and two of
these were chosen to be done in this thesis. The first method is to simply choose a
random demand in the dataset as the negative for the topic. The second method
uses the model to find the data point which is the least semantically similar. Lastly,
Wang et al. [54] proposed an interesting method using GPT-4 to generate hard
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negatives that are semantically similar to the positive class yet not relevant to the
same query. As the authors of this article stated that they reached state-of-the-art
results using this method, we chose to include this sampling technique in our study.

Further on, in order to evaluate the embedding models, a validation set was needed.
Since there was no data of this style available at Siemens Energy the plan was to
leverage the knowledge of domain experts at the corporation to create this dataset.
It was also decided to compare the end result with both the base model and a
state-of-the-art model.

4.3.3 Action taking
To clean up the data the researchers wrote a python script that filtered out all
unnecessary text for our purpose. This included removing codes and combining
requirement area and delivery option into a single data point. The synthetic data
generation was executed by first manually finding ten customer requirements and
matching them with a requirement area and delivery option. These examples where
thereafter fed into GPT-4 along with instructions for it to generate five random cus-
tomer requirement in the same style. This was done for every requirement area and
delivery option in our dataset. The prompt and an example of an input and output
can be seen in figure 4.6. There was a few different negative sampling methods used
to generate negative data. The first method executed was random negative sam-
pling, which simply chose another existing customer requirement from the dataset
and matched it as a negative for a requirement area and delivery option. The
next negative sampling method executed was using chatGPT to generate negative
customer requirements for each requirement area and delivery option. The final neg-
ative sampling method used was based on semantic similarity, which meant setting
the negative as the customer requirement that was the most semantically different
from the customer requirement and delivery option.

The next step was to research which pre-trained embedding model would fit our
purpose and limitations. The decision was made that the model all-MiniLM-L6-
v2 should be used. This model is a pre-trained sentence transformer developed by
Microsoft which is becoming more prevalent in the field of semantic text similarity
[57][58][59][60][61]. The model includes 6 Transformer-encoder-layers, which is an
reduction from larger models such as the 12 layers of BERT-base. Additionally, it
offers a smaller number of hidden units as well as a reduced amount of parameters.
This makes all-MiniLM-L6-v2 lighter and faster to load and reason, making it a suit-
able candidate for domain specific tasks with where hardware is limited. Further,
Yin et al. [57] showed their results of fine-tuning the all-MiniLM-L6-v2 model using
supervised learning and transfer learning. They were able to increase the precision
of the model from 0.74 to 0.91 and grow the accuracy from 0.8 to over 0.9. Consid-
ering the researchers had also planned to use this approach to fine-tune the model,
the model seemed like a promising choice.

To investigate which configuration of hyperparameters was the most optimal and
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Figure 4.6: Prompt for generating synthetic data using topics

what dataset would yield the best result, there was 62 different models created vary-
ing in loss function, batch size, number of epochs, and the technique which was used
to generate the negative data-points. The exact numbers used can be seen in table
4.1. The training process also leveraged a save_best_model strategy, utilizing a
validation set of 30 data points created by experts at Siemens Energy. This strategy
saved the best performing model with the highest validation performance for each
checkpoint, or 1000 steps, based on Recall@20. Using this approach we could avoid
overfitting and ensure optimal performance. The most optimal configurations were
thereafter selected and trained for 50 epochs to see if higher epochs could yield a
better performance.

Epochs Batch
size

Loss function Sampling method

2, 4, 10 2, 4 MultipleNegativesRankingLoss,
ContrastiveLoss, CoSENTLoss

Positives only, Semantic
Negatives, Random Nega-
tives, GPT Negatives

Table 4.1: Summary of hyperparameters and sampling methods

We decided to leverage OpenAI’s GPT-4.1-mini [62] as the LLM for the RAG
pipeline. The model was posed with a prompt together with context, obtained
through semantic searches using the embedding model, which in this case involved
20 topics and their delivery options. The LLM was instructed to only use informa-
tion found in the context to analyze the demand, and if it did not find any context
relevant to answer “No product standard found for the requirement“. This was done
since we did not want the LLM to draw any conclusions based on its inherent knowl-
edge, as well as reducing any hallucinations. Additionally, the LLMs was asked to
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refer to any context it used since this would guide the user to relevant technical
specifications. The full prompt can be seen in figure 4.7.

Figure 4.7: Prompt posed to GPT-4.1-mini

4.3.4 Evaluation
Considering that the aim for the output of the RAG and the finetuned LLM is the
same, the researchers choose to use the same evaluation instrument as in cycle 1.
Therefore, another survey of the same structure as in cycle 1 was constructed. The
demands in the demand-output pairs stayed the same as in cycle 1, the only differ-
ence being the corresponding output which was now generated by the RAG.

However, cycle 2 also required the researchers to evaluate the different embedding
models developed in order to be able to choose the most optimal one. As men-
tioned in the action planning step, 62 models developed which varied in training
data, batch size, number of epochs, loss function, and the technique which was used
to generate the negative data-points. These models, along with the base model all-
MiniLM-L6-v2, were then evaluated quantitatively with the both of the validation
methods Recall@K and MRR. To compare with state-of-the-art embedding models,
the evaluation also included a comparison with OpenAI’s embedding model text-
embedding-ada-002 [63]. The embedding model with the best combined scores in
these metrics would be chosen as the model for the final architecture. In order to
successfully evaluate the models with Recall@K and MRR, a validation set is needed.
The researchers collaborated with a practitioner at Siemens Energy who manually
crated a validation data set with 30 data points. Each data point connected a
demand to the most relevant topic.

4.3.5 Specifying learning
In cycle 2 the researchers further gained understanding on how important the prompt
is to the LLM that generates the final output. Even with the same context provided,
different prompts can drastically change the behavior of the model and the style of
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the answer. For example, if not explicitly mentioned otherwise by the engineer
in the prompt, the LLM will generate long and overly complicated answers to a
query. Further, it also became very clear to the researchers of the importance of
the data corpus used to retrieve context to the LLM. Even if the embedding model
performs on a high level and fetches the most relevant context to a query, it might
not result in a satisfying output in the cases where the context does not provide
enough information.
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5
Results

This section presents the results from the survey answered by domain experts, the
general structure and language of the outputs from the two models, and the evalu-
ation of the finetuned embedding models.

5.1 Finetuned pre-trained LLM (RQ1)

5.1.1 Overview of Output
This section focuses on the general patterns of the output of the fine-tuned LLM.
Some examples of demands and output from the finetuned pre-trained LLM are
presented below in table 5.1 and table 5.2. Five of these are feasible and five of
them are infeasible.

Table 5.1: Feasible Customer Demands and Finetuned LLM Responses

No. Feasible Customer Demand Finetuned LLM Response
1 Junction boxes must be con-

structed with unpainted stain-
less steel unless project-specific re-
quirements dictate otherwise.

Electrical junction boxes are made of
galvanized steel and are painted accord-
ing to OEM standards. Standard col-
ors are: FL (Factory Local) - RAL7035,
NA (Normal Service) - RAL7032, LE
(Emergency Service) - RAL7034. How-
ever, this does not include all switches.
All switches are made of stainless steel
and are available in both FL and FA
versions.

2 The synchronization device and
the necessary measuring equip-
ment within the GT unit for syn-
chronization are part of the Con-
tractors scope of service and de-
livery. The main control system
must be able to access the GT sys-
tem for the setpoint inputs, etc.
to enable the synchronization ca-
pability.

The SGT-800 is equipped with internal
frequency and voltage measurement for
the control system. It has one extra bus
for connection to the DCS.
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No. Feasible Customer Demand Finetuned LLM Response
3 A chimney height of approx. 50

m above the power plant level can
be assumed.

A typical gas turbine installation is at
an altitude of about 1000m therefore
the exhaust velocity at the installation
is about 100 m/s or more. This will
require a modified flow analysis to ac-
count for the elevation. See document
X270224E for gas turbine installation.

4 Stairs and platforms must be pro-
vided to the necessary extent for
the inspection of the plant with
regard to fire fighting and evacua-
tion.

Generally not applicable for the SGT-
800 design since there are no helipits in
the enclosure.

5 The gas turbine must be delivered
on a base frame. Preferably, the
base frame should be supported
on spring assemblies.

Gas turbine is normally mounted on a
foundation and a frame is just there to
support the gear and all piping and pip-
ing equipment above the foundation.

Table 5.2: Infeasible Customer Demands and Finetuned LLM Responses

No. Infeasible Customer Demand Finetuned LLM Response
6 In case entire spare valves are or-

dered, being subject to long term
storage onboard the facility or on-
shore warehouse, then the Valve
Supplier shall provide and install
fully-bolted painted-metal blind
flanges mounted on the valve us-
ing adequate gaskets to avoid hu-
midity and dirt ingress.

Packed valve hardware may be supplied
with protective covers and bottled full
range piping (including fittings) if the
complete valve is part of a package and
is likely to be packed in a case or ship-
ping crate. In such case the valve must
be capable of withstanding both pres-
sure and shape deformations due to
packing, transportation and storage.

7 For special and first category
plates or rolled section t > 16mm:
Sulphur max 0.005% phosphorus
max 0.020%

SML (Standard Pressure Level) is max
0.008% phosphorus. Phosphorus re-
lease into environment depends on the
phosphorus content in the fuel (from
purged to loaded). It will also increase
if the fuel is cooled down.

8 The distance between the lift
points shall not be less than half
the overall dimension of the total
module length or width to avoid a
significant sling force increase by
a small offset of the center of grav-
ity.

The design of the GTG whole is de-
signed to ensure that the force from the
sling is applied in the correct point(s)
in such way that the unloading of the
equipment is effected in the right place.
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No. Infeasible Customer Demand Finetuned LLM Response
9 A dedicated instrument air/gas

set (comprising filter, output
gauge and regulator) shall be pro-
vided as part of the local control
panel on each instrument air/gas
consumer.

Instrument air supply to GTG is not
from separate instrument air supply
system. Instrument air supply is part
of general company instrument air sup-
ply system.

10 Tubing and electrical cables shall
be run separately.

Electrical cables are bundled with steel
wire armor and delivered with ca-
ble glands. However, the cables are
not fully installed in the cable glands
since some components such as junc-
tion boxes have their own cable sup-
port.

As can be seen in the examples in table 5.1 and table 5.2, the model has a very
specific way of writing. The model has completely adapted to the way the domain
experts at the company respond and comment on specific requirements. As can be
seen by the examples provided in the Appendix, the developed fine-tuned LLM re-
sponds in a very straightforward way. It recognizes that it should concisely address
the demand in terms of its feasibility, in the context of the company, and to refer the
reader to a product standard for the company. This can be compared to state-of-
the-art LLMs, like ChatGPT, which will typically answer in a very structured but
different way. For example, when providing the requirement in Table A.5 to Ope-
nAI’s LLM it structures the response by first presenting an introduction/overview,
then a description of all the components in the requirement, and lastly a summary
of benefits and functionality that would come from including the requirement. This
type of response does not help the domain experts at the company in determining
whether or not the requirement is feasible or not, nor does it help in understanding
why. As can be seen by the examples provided in the Appendix, the developed
fine-tuned LLM responds in a very straightforward way. It recognizes that it should
concisely address the demand in terms of its feasibility, in the context of the com-
pany, and to refer the reader to a standard for the company.

In the cases where a demand can be met but has to be achieved differently than spec-
ified in the demand, the model explains how the company can handle the demand
in another way. Furthermore, the 5th demand in 5.2 was specifically chosen because
it is ambiguously written. The correct initial response to this demand, which was
written by experts at the company, was to ask for a clarification on what “separately“
meant in this context. The model does not handle this ambiguity correctly, instead
it generates an output which talks about the components in general, for example by
stating that electrical cables are bundled with steel wire. Hence, the model starts
to slightly hallucinate when the demand is ambiguously written. Hallucination in
this context means the model moved away from the intended task, and provides
information that is not only incorrect but also misleading.
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In evaluating the performance of the model in its ability to handle feasible require-
ments, the model performs very poorly. As can be seen in Table 5.1, the responses
to the feasible requirements are all incorrectly indicating that there is a gap between
the demand and the company’s standard. For example, output four in table 5.1 ex-
plains that the specified demand is generally not applicable. This is incorrect, since
Siemens actually offer the demand as an option. Moreover, output five in table 5.1
instead explains how the demand is normally met, but the correct answer would
simply be to accept the demand as feasible. In contrast to this, the model correctly
recognizes that all of the infeasible demands, table 5.2, is not in accordance to the
company’s standard specifications.

5.1.2 Evaluation of Results
Ten demands and the models corresponding output, hereby refereed to as demand-
output pairs, were evaluated by 20 domain experts using a structured questionnaire.
These demands were extracted from real-world customer specification sheets, which
were considered sensitive data, and only three were allowed to be published, which
are presented in Table X below.

Table 5.3: Finetuned LLM survey examples

No. Customer demand Finetuned LLM response
5 Commissioning, trial operation

and start-up of the GT system are
the primary responsibility of the
Contractor in cooperation with
the Purchaser/planner. The Con-
tractor must ensure or check that
all functions to be fulfilled with
the participation of HLT are im-
plemented and cooperate with
their commissioning.

Siemens Energy will provide technical
advice and assistance during commis-
sioning and start-up of the GT. During
the commissioning phase Siemens En-
ergy will lead the customer.

7 The gas turbine heat and power
plant is designed for fully auto-
matic operation. Therefore, all
components must be designed in
such a way that they can be op-
erated automatically by the main
control system (I&C) in all load
cases, during start-up and shut-
down, in case of malfunctions,
etc.

Some equipment in the plant can be
controlled by the gas turbine control
system but in some cases it makes fi-
nancial and/or time sense to have addi-
tional HMIs for easier operator access.

9 A 3-stage filter (M6, F9, E12)
must be offered as an option.

A 3 stage filter (F9 + E12) is offered as
an option.

The experts were asked to rank each output in terms of relevance, correctness,
and assistance, using a Likert scale. Relevance was chosen as a metric to assess
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how well the output actually aligns with the specific customer demands, and if the
model was able to understand it. Accuracy is a crucial metric because it measures
if the output is factually and technically correct, and the degree to which it can
be trusted. Lastly, the level of assistance that it provides was chosen as a metric
to generally measure the overarching purpose of the study. The result from this
evaluation step is presented in the figure 5.1 below. The results shows that the fine-

(a) LLM’s Relevance (b) LLM’s Correctness

(c) LLM’s Assistance

Figure 5.1: The finetuned pre-trained LLM’s results from survey

tuned LLM performs best in the relevance metric, with 41% of experts concluded it
“Fair“, “Good“, or “Very good“. In correctness, only 35% of experts stated that the
finetuned LLM were above “Bad“. The lowest rated metric were assistance, were
69% of the experts thought the finetuned LLM were bad or “Very bad“.

The finetuned LLM performed better on certain demands and worse on others. The
example No. 7 in Table 5.3 was rated very poorly by the experts, with only 5.3% of
responses being above “Bad“ in relevance, 10.5% of responses being above “Bad“ in
correctness, and no responses being above “Bad“ in assistance. It was considered to
be vague, too short, and generic. The highest rated demand-output pair was exam-
ple No. 5 in Table 5.3 with 75% responses above “Bad“ in relevance and correctness,
and 69% responses above “Bad“ in assistance.

Overall, the spread was wide for each demand, with some demand-outputs pairs
performing almost even between the five options. The experts seemed to often not
agree on how to rate the finetuned LLM, possibly highlighting subjective interpre-
tations of the demand or missing context to properly analyze the output.
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5.2 RAG (RQ1.2)
In this section, the results from the evaluation of the RAG model and information
retrieval (finetuned embedding models) is presented.

5.2.1 Information Retrieval Using Embedding Models (RQ1.2.1)
The 62 finetuned embedding models with different variations in training configura-
tion was evaluated using Recall@K and MRR. The results can be seen in figure 5.2
below.

Figure 5.2: Evaluation of Finetuned Embedding Models

As it can be seen in the results, most finetuned models was available to outperform
the base model of all-MiniLM-L6-v2 (Recall@20 0.70 and MRR 0.40) and Ope-
nAI’s text-embedding-ada-002 (Recall@20 0.78 and MRR 0.45). The four models
selected for further training on higher epochs can be seen in Table 5.4 below.

Model Recall MRR
GPT_bs2_e10_MNR 0.926 0.463

PositiveOnly_bs2_e10_MNR 0.926 0.460
Semantic_bs2_e10_MNR 0.926 0.460

Random_bs2_e10_CoSENTLoss 0.89 0.493

Table 5.4: Best performing training configurations

Three of the best performing models shared one common characteristic: use of the
loss function MultipleNegativesRankingLoss, which is known for its efficiency in
contrastive learning for retrieval. Interestingly, Random Sampling seemed to work
well with CoSENTLoss, achieving the highest MRR of all the models with 0.49.

The four best performing models (see Table 5.4) all shared a batch size of 2, likely
due to the relatively limited and specific nature of our dataset. Smaller batch sizes
tend to allow more updates during training and better convergence, which may be
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particularly useful when finetuning for domain specific datasets.

In the plots below, the training process using the four best performing configurations
is shown (see Figures 5.3, 5.4, 5.5, and 5.6). The Recall@20 and MRR of the final
models can lastly be seen in Table, along with the base model of all-MiniLM-L6-v2
and OpenAI’s text-embedding-ada-002. All models reached convergence within

Figure 5.3: Training Metrics over Epochs using Positive Pairs only

Figure 5.4: Training Metrics over Epochs using GPT Generated Negatives

ten epochs (see Figures 5.3, 5.4, 5.5, and 5.6), with no improvements in Recall@20 ob-
served after this point. The performance metrics remained stable post-convergence,
showing an absence of overfitting. All models significantly surpassed the baseline
performance of the all-MiniLM-L6-v2 and OpenAIs text-embedding-ada-002, as
demonstrated in Table 5.5.

The finetuned embedding model chosen for integration in the RAG pipeline was
PositiveOnly_bs2_e50_MNR, based on its performance in Recall@20 and MRR.
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Figure 5.5: Training Metrics over Epochs using Randomly Sampled Negatives

Figure 5.6: Training Metrics over Epochs using Semantically Sampled Negatives

Model Recall MRR
GPT_bs2_e50_MNR 0.889 0.370

PositiveOnly_bs2_e50_MNR 0.926 0.470
Semantic_bs2_e50_MNR 0.889 0.417

Random_bs2_e50_CoSENTLoss 0.926 0.451
OpenAI’s text-embedding-ada-002 0.78 0.45

all-MiniLM-L6-v2 0.70 0.40

Table 5.5: Final results of the best performing training configurations

5.2.2 Overview of Output
In this section, five feasible and five infeasible customer demands together with the
RAG’s output given feasible customer demands will be presented in Table 5.6, and
for infeasible in Table 5.7.
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Table 5.6: Feasible Customer Demands and RAG Model Responses

No. Feasible Customer Demand RAG Response
1 Junction boxes must be con-

structed with unpainted stain-
less steel unless project-specific re-
quirements dictate otherwise.

Junction boxes are by Siemens Energy
AB standard made of unpainted stain-
less steel unless project-specific require-
ments specify otherwise, ensuring cor-
rosion resistance and compliance with
IP54/IP65 protection levels.

2 The synchronization device and
the necessary measuring equip-
ment within the GT unit for syn-
chronization are part of the Con-
tractors scope of service and de-
livery. The main control system
must be able to access the GT sys-
tem for the setpoint inputs, etc.
to enable the synchronization ca-
pability.

Synchronization equipment is included
with a standard single synchronizing re-
lay, and logic/terminal connections sup-
port synchronization of GCB plus up
to two external breakers. Time syn-
chronization is provided via NTP server
standard. The main control system can
access the GT for setpoint inputs to en-
able synchronization as part of the con-
tractors scope.

3 A chimney height of approx. 50
m above the power plant level can
be assumed.

Standard stack options include up to
25 m free-standing stacks; a 50 m chim-
ney height exceeds these and would re-
quire a special design or extension be-
yond the standard scope. Therefore,
special engineering and quotation for
an extended stack length will be neces-
sary to meet the 50 m height demand.

4 Stairs and platforms must be pro-
vided to the necessary extent for
the inspection of the plant with
regard to fire fighting and evacua-
tion.

Stairs and platforms are included and
must be designed per EN-ISO-14122
or special customer requirements, en-
suring accessibility for inspection, fire
fighting, and safe evacuation with
appropriate safety features such as
handrails and fall protection.

5 The gas turbine must be delivered
on a base frame. Preferably, the
base frame should be supported
on spring assemblies.

Gas turbine base frame is included
as standard for most models except
normally excluded for SGT800 (possi-
ble solution seen in Yamal). Spring-
type 3-point anti-vibration mounts
are available and can be designed
project-specific to support the base
frame, meeting the demand for spring-
supported base frame delivery.
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Table 5.7: Infeasible Customer Demands and RAG Model Responses

No. Infeasible Customer Demand RAG Response
1 In case entire spare valves are or-

dered, being subject to long term
storage onboard the facility or on-
shore warehouse, then the Valve
Supplier shall provide and install
fully-bolted painted-metal blind
flanges mounted on the valve us-
ing adequate gaskets to avoid hu-
midity and dirt ingress.

Counter flanges with screws, gaskets,
washers and nuts are included at all
terminal points as standard, ensuring
proper sealing and protection. There-
fore, for spare valves stored long-term,
fully bolted painted-metal blind flanges
with suitable gaskets can be supplied
and installed by the valve supplier to
prevent humidity and dirt ingress.

2 For special and first category
plates or rolled section t > 16mm:
Sulphur max 0.005% phosphorus
max 0.020%

No product standard found for the re-
quirement.

3 The distance between the lift
points shall not be less than half
the overall dimension of the total
module length or width to avoid a
significant sling force increase by
a small offset of the center of grav-
ity.

No product standard found for the re-
quirement.

4 A dedicated instrument air/gas
set (comprising filter, output
gauge and regulator) shall be pro-
vided as part of the local control
panel on each instrument air/gas
consumer.

No product standard found for the re-
quirement.

5 Tubing and electrical cables shall
be run separately.

Electrical cable routing and tubing (in-
strumentation tubing) are treated as
separate systems, and special require-
ments for cable ways can be specified if
needed, ensuring separation. Therefore,
tubing and electrical cables should be
routed separately according to project-
specific or standard Siemens Energy
practices.

The RAG’s ability to reference to the context it uses is especially relevant when
validating the output. For example, in Table 5.6, demand 4 “Stairs and platforms
are included and must be designed per standard“, the RAG is able to guide the
reader to the correct standard relevant to the demand. Furthermore, in some cases
the RAG deems the context retrieved by the embedding model to be irrelevant to
the demand, as is the case in Table 5.7 demand 7, 8, and 9. In these cases, the
model is prompted to answer with the phrase “No product standard found for the
requirement.“
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From the examples, it can be seen that the model has a quite specific and cohe-
sive way of responding to the requirements. First off, see Table 5.6 demand 1 and 2,
if the model judges a requirement as feasible, it will refer to the company’s standards
and shortly explain what is part of it. Furthermore, if the model deems a demand
as infeasible it can respond in two different ways. The prioritized option for the
model is to respond in a similar manner as the response in Table 5.6 demand 3. In
this example, the model firstly explains the gap between the requirement and the
relevant standard at the company. It finishes its response by suggesting how the
demand could potentially still be achieved in the project. The second way, and more
common way, that the model responds to infeasible demands is by simply stating
that “No product standard found for the requirement“. This is done by the model
when the context provided does not contain any standards that the model considers
relevant for the requirement. It should be noted that none of these structures of
outputs are similar to the way that the domain experts at the company respond to
requirements. These responses is better suited for complimenting the employees by
providing them with relevant information during the process.

The RAG model has a high success rate when determining if a requirement is fea-
sible. It correctly categorizes four out of five of the feasible demands in Table 5.6.
The feasible demands that were correctly classified were demand 1, 2, 4 and 5, where
the model repeated that the specific customer demand is part of Siemens Energy’s
standard. For demand 3 it incorrectly finds the requirement to be infeasible. Here,
the model actually found the corresponding correct standard to the demand, but
incorrectly identified the standard stack limit to be 25 meters. For this specific ex-
ample, the company does not actually have a specific limit to this option and there
are no restrictions to it in the standards. Additionally, The model is also effective
in identifying whether a demand is infeasible. For this purpose, the model identified
five out of five infeasible demands correctly.

5.2.3 Evaluation of Results
Using the same demands from Cycle 1, outputs were regenerated via the RAG model
and presented to experts in the survey. As mentioned in section 6.1.2, the demands
were extracted from real-world customer specification sheets, which is considered
sensitive data. Three examples were allowed by Siemens Energy to be published
and can be seen in Table 5.8 below.
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Table 5.8: RAG survey examples

No. Customer Demand RAG Response
4 Commissioning, trial operation

and start-up of the GT system are
the primary responsibility of the
Contractor in cooperation with
the Purchaser/planner. The Con-
tractor must ensure or check that
all functions to be fulfilled with
the participation of HLT are im-
plemented and cooperate with
their commissioning.

Commissioning, trial operation, and
startup of the gas turbine system are in-
cluded in Siemens Energy’s scope, with
dedicated tools and instruments pro-
vided by Siemens. Coordination with
the Purchaser and involvement of HLT
functions must be ensured during com-
missioning to verify all required func-
tionalities are implemented and opera-
tional.

6 The gas turbine heat and power
plant is designed for fully auto-
matic operation. Therefore, all
components must be designed in
such a way that they can be op-
erated automatically by the main
control system (I&C) in all load
cases, during start-up and shut-
down, in case of malfunctions,
etc.

The main control system (typically
Simatic PCS7) supports fully auto-
matic operation of the gas turbine
plant, including start-up, shut-down,
load cases, and malfunction handling,
ensuring all components are operable
via automatic control. Redundancy
options for CPUs and power supplies
can be included to enhance reliabil-
ity during faults. System capabilities
like continuous operation at AC power
failure (optionally included) and auto-
matic start/stop switches also support
fully automatic operation in all scenar-
ios.

8 A 3-stage filter (M6, F9, E12)
must be offered as an option.

A 3-stage filtration system with M6,
F9, and E12 filter classes is not explic-
itly listed as a standard option; how-
ever, multiple 2-stage and 3-stage static
and pulse-clean filter options are avail-
able for SGT600/700/750/800 models.
Offering a 3-stage filter including E12
as an option would require verification
and possible customization beyond the
standard offerings described.

The experts were asked to rank each output in the same terms used for the fine-
tuned LLM, namely: relevance, correctness, and assistance. The results from
this evaluation step is presented in figure 5.7 below.

As can be seen in Figure 5.7, the score for the three different measurements, rel-
evance, correctness and assistance, had quite a high spread. The relevance of an
answer were set as “Very bad“ or “Bad“, in 27% of the time. However, in 44% of
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(a) RAG’s Relevance (b) RAG’s Correctness

(c) RAG’s Assistance

Figure 5.7: The RAG model’s results from survey

the time it was judged to be “Good“ or “Very good“. A similar spread can seen
in both of the judgments for correctness and assistance. Correctness had 37% of
answers as “Bad“ or “Very bad“, and 32% of the answers as “Good“ or “Very good“.
The degree of assistance that the output offered, were labeled as Bad“ or “Very bad“
37% of the time, and “Good“ or “Very good“ 34% of the time. For all the criterias,
the answers were labeled as “Fair“ 29% to 31% of the time.

The results from the questionnaire are quite spread, and therefore it seems like
model performs very well on some demands while also performing quite poorly on
other types of demands. The model does not over-perform or under-perform on any
of the measurements, since they all have a very similar distribution of scores. From
this, it could be concluded that when RAG actually finds context that is relevant
for the demand, it is also able to correctly reason about it in a way that is helpful
for the domain experts at the company. In general, the model performs the best on
the relevance scale.

The respondents seem to mostly agree on their judgments on the different outputs.
This meant that most of the responses to individual outputs were typically in the
same bracket. However, this was not always the case. For example, the distribution
of scores for the demand-response pair number 5 (see Table 5.8), the opinions were
very spread. 21% of the respondents considered the output to have a relevance of
“Bad“ or “Very bad“, and around 50% of them considered it to be “Good“ or “Very
good“. Furthermore, the correctness criteria had been judged as “Bad“ or “Very bad“
in 37% of the responses, and as “Good“ or “Very good“ in 21% of the responses.
Lastly, the demand was ranked as “Bad“ or “Very bad“, in terms of assistance, in
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31% of the answers, and as “Good“ or “Very good“ in 27% of the responses. The
experts did not always seem to agree on the level the model is performing.

While most of the experts opinions on the RAG performance were either “Fair“,
“Good“, or “Very Good“, demand number 8 in Table 5.8 were the worst rated re-
sponse. 25% of experts thought it was “Bad“ or “Very Bad“ in relevance, 40% rated
it “Bad“ or “Very Bad“ in correctness, and 32% judged it “Bad or “Very Bad“ in
assistance. However, when looking at the experts’ reasoning behind this, it seemed
like the length of the RAG’s response contributed to its poor rating: “Too long“,
and “The customer does not care about if we have it as a standard option or not that
part is irrelevant“ were said by two different experts. In contrast to the poor rating
by many, one expert highlighted “Very good answer, invites for further reading. We
can offer this“, pointing to the response actually being correct and relevant.
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6
Discussion

The goal of this study was to explore how LLMs, specifically a finetuned pre-trained
LLM and a RAG model, could assist in the feasibility analysis in RE. Through two ac-
tion research cycles, the models were developed and evaluated based on practitioner
feedback. In this section, we analyze the results, compares model performance and
discusses the wider implications for the use of LLMs in real-world feasibility analysis.

6.1 LLMs in feasibility analysis (RQ1)
The main research question, RQ1, aimed to evaluate how LLMs could assist do-
main experts in performing feasibility analysis of customer requirements. The find-
ings from developing a RAG model and a finetuned pre-trained LLM indicates that
while both models show promise in assisting feasibility analyses, their effectiveness
varies depending on a number of different factors. The RAG model, while still out-
performing the finetuned LLM, is heavily dependent on the design of the prompt and
availability of relevant context. The finetuned LLM is greatly limited by the scarcity
of quality data and prone to hallucinate, especially when posed with ambiguous cus-
tomer demands. The study have shown that for narrow and domain-specific RE
tasks, such as feasibility analyses, the RAG architecture with its ability to restrict
its conclusions to contextual information provided by the user is better performing
than a finetuned pre-trained LLM which often draws from its inherent parametric
knowledge.

Our study have shown that LLMs can act as valuable decision-support tools. Rather
than replace human expertise, LLMs can enhance it through reducing manual labor
and streamlining information gathering.

6.1.1 Finetuned Pre-Trained LLM (RQ1.1)
When analyzing the responses made by the finetuned LLM, it was found that it
mimics the structure and language that the employees at the company use when
commenting on a requirement. This is a consequence of having a dataset that con-
sists largely of real historical responses by employees at the company. There was
also some synthetic data used to train the model. Although, the synthetic data also
had a close similarity to the structure and language of the employees at the company,
since plenty of real-world examples were used as inspiration when generating them.
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There are some advantages to having the model so closely mimic this structure
and language. First, if the model would have had an extremely high performance, it
would be beneficial to have it write in a similar way of the employees so it could work
independently. Further, if the tool was integrated into the process of an employee,
it could be preferred to have it respond in a similar way as the employee. This is
because if the employee is satisfied with a generated answer, after it is fact-checked,
it could simply be copy and pasted as a response directly to the customer. However,
there could be some benefits to having the model respond in a different way. Con-
sidering that the model will only be used as a tool to assist the employee performing
the process, it could be more pedagogical to have it answer in a more explaining
manner which is aimed toward the employee. This could probably be achieved by
modifying the dataset used for the model. One possible way of changing it would
be to keep the most important information and take-aways, and only changing the
way it is being delivered to the reader.

Many of the experts that saw outputs from the model expressed a need for hav-
ing it refer the user to relevant documents for product standards. In some cases,
the model already does this, but it would currently not be possible to ensure that
it does it every time. It would require the data-points in the training data to be
linked to a specific product standard, or having the response always refer to one. If
the company changed their praxis for responding to customer specifications by also
including a reference to one or more product specification document, it could be
used in the future to train a finetuned LLM that could always refer the employees
to relevant documents.

As mentioned in the results, the model struggles with ambiguously written demands.
It struggles in the way that it assumes what the demand means and then provides
an answer about the requirements feasibility and related product standards. Ideally,
it should instead raise the question of what is unclear with the demand. This issue
can be seen as a consequence of that a lot of ambiguous demands makes a lot more
sense in the customer specification as a whole, which the employees at the company
always have access to. The model is trained on isolated demands together with
isolated responses, which makes it not always understand the bigger picture of a de-
mand. A potential solution to this would be to train the model on entire customer
specification sheets, combined with all the comments attached to it. Unfortunately,
this type of data was not available to the researchers. Moreover, this approach de-
mands a substantial training cost and the company did not have the computational
resources to make that feasible.

It was also found that the model struggled with determining the feasibility of feasi-
ble demands, while being able to handle infeasible demands quite well. A possible
reason for this could be that all the feasible demands in the training data were cre-
ated synthetically, while the infeasible demands were real-world examples. Hence,
the model could be improved if the company also stored real-world examples of com-
ments on feasible demands.
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In the survey, the finetuned LLM scored the highest on relevance and quite poorly
on both correctness and level of assistance. Even though different customers ask for
different requirements in their specifications, the requirements that are asked for are
typically part of a few requirement areas that are recurring in many of the customer
specifications. To exemplify, it is common for a received customer specification to
contain requirements on the cooling capacity of the product. Hence, the model has
been trained on lots of different requirements related to this area which means that
it will know what to talk about and address in general, which leads to a high rele-
vance score. However, the customers will typically differ a lot in what they require
in this area, which means that there is a high chance that the model has not been
trained on the specific configurations that is asked for in a new demand. Therefore,
the correctness of the output of the model is lower. By increasing the dataset that is
used to train the model, it would lead to giving the model more examples of specific
configurations in the different requirements areas, which would lead to a higher level
of correctness. The low level of assistance, that the survey demonstrated, can be
seen as an effect of having both a relatively low level of relevance and correctness.

6.1.2 RAG (RQ1.2)
The integration of a RAG model into the feasibility analysis process offered promis-
ing results while also revealing some critical weaknesses. The use of embedding
models to retrieve relevant context allowed more grounded responses and reduced
hallucinations compared to the finetuned LLM.

One notable strength of the RAG model was its ability to cite and refer do in-
ternal documents, such as technical specifications or Siemens Energy’s standards,
which heightened the transparency and traceability of its answers. In the structured
questionnaire conducted by the experts at Siemens Energy, experts highlighted its
usefulness in guiding the reader to relevant information: Invites for further reading,
really good answer - Survey Participant. This quality also makes it easier for domain
experts to validate its outputs and understand the reasoning behind each specific
feasibility analysis.

However, the success of the RAG was greatly dependent on the quality of the con-
text received. In cases where the embedding model failed to find meaningful or
sufficiently descriptive information, the LLM correctly refrained from drawing any
conclusions based on its inherent knowledge and stated No product standard found
for the requirement. While this is great since it minimized the risk of hallucinations,
it also limits the helpfulness of the output in those cases.

The structure questionnaire results showed a wide range of opinions among the
experts. While a great portion of the responses rated the RAGs outputs as Fair,
Good, or Very Good in relevance and assistance, there was still a large factor that
rated them poorly. These variations may be attributed to subjective interpretations
of customer demands or different expectations on the level of detail and reasoning in
the response. Nevertheless, the RAG still showed a great improvement in assistance
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over the finetuned LLM, suggesting that outputs grounded in relevant technical spec-
ifications or standards are more helpful in the real-world feasibility analysis process.

The RAG models success can be partly attributed to the finetuning of an em-
bedding model used for semantic retrieval. RQ1.2.1 evaluated a set of 62 fine-
tuned embedding models against both the base model of all-MiniLM-L6-v2 and
OpenAIs state-of-the-art embedding model text-embeddings-ada-002. The re-
sults from this evaluation showed most of the finetuned embedding models out-
performing text-embeddings-ada-002. Furthermore, the results highlighted how
MultipleNegativeRankingLoss performed well, almost always outperforming other
loss functions, and how smaller batch sizes were able to capture more detail given
the domain-specific nature and limited size of the dataset used for training. One
notable finding is how using GPT-generated hard negatives resulted in high perform-
ing embedding models, highlighting how synthetic data generation can effectively
mimic real-world data and be used for domain specific tasks.

Another crucial component influencing the performance of the RAG was the design
of the prompt posed to the LLM. Even when provided with context of high-quality
and relevance, the instructions’ phrasing greatly shaped how the LLM responded.
A less instructive and poorly formulated prompt led the LLM to generate verbose
and generic responses, while a clear and instructive prompt improved the clarity
and relevance of the output. The prompt also played an important role in ensuring
the LLM only draws information from the relevant context and not from its inher-
ent parametric knowledge, greatly reducing the risk of hallucinations and improving
the reliability of the model. These findings underscores the importance of prompt
engineering when working with integrating LLMs into technically narrow domains.

The RAG model showed a great improvement in correctly classifying requirements
either feasible or infeasible compared to the finetuned LLM. While the finetuned
LLM struggled especially with feasible demands, classifying them as infeasible, the
RAG model showed a high accuracy and balance in both cases. These findings high-
lights how up-to-date and relevant contextual information may be more useful than
inherent parametric knowledge for narrow and domain-specific RE tasks, such as
feasibility analysis.

6.2 Future works
To further advance the finetuned pre-trained LLM, a dataset of higher quality and
quantity is crucial. Data of higher quality would be well extracted requirements
paired with an well formulated feasibility analysis by an expert. Additionally, as
the finetuned LLM seemed to not learn from the synthetically created input-output
pairs, more real-world data points would be needed. The real-world data would need
to include examples of both infeasible and feasible demands for the LLM to learn
how to differentiate between the two.

The pre-trained model selection was limited by the size of our GPU. With a larger
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GPU, a model with more parameters could be chosen to finetune and possibly
achieve higher performance. However, ensuring that the LLM would not draw from
its inherent parametric knowledge would be harder and possibly requiring more ex-
tensive finetuning.

Exploring more advanced finetuning techniques could guide the model towards
achieving higher performance. One such technique could be Reinforcement Learn-
ing from Human Feedback (RLHF), where the model learns directly from human
input [64]. However, this would require extensive time from domain experts, which
is not feasible for our study. A second technique could be to finetune the LLM with
input-output pairs where the input contains text snippets instead of singled-out de-
mands. This approach would provide the model with more natural context, helping
it better interpret the intent and constraints behind the demand. This would allow
the LLM make more informed judgments, which could be especially useful in cases
where ambiguity arises.

One key area of improvement for the RAG model lies in the information retrieval
quality of the embedding model. While embedding model achieved high accuracy,
outperforming OpenAI’s state-of-the-art model, future work could explore expand-
ing the corpus with more data points, detailed technical specification, and historical
project notes. This would give the semantic retriever a richer pool of context to
draw from, further improving the RAG model.

As surfaced in the evaluation of the RAG, traceability and transparency is cru-
cial for the experts being assisted by the RAG. To further improve these qualities,
the RAG pipeline could incorporate direct access to the retrieved context used for
information. As one expert highlighted in the questionnaire: “You should try and
program it so it point to the source of the information. This would assist further
reading.“ - Survey Participant. Such a mechanism would also allow the experts to
easier validate the output.

6.3 Limitations and Delimitations
This section will discuss the limitations and delimitations which were deliberately
scoped or imposed on the project.

6.3.1 Data
As high quality data was scarce and often could not be provided by Siemens Energy,
we chose to generate synthetic data using GPT-4. This was done in cycle 1 to
augment the existing dataset used for finetuning the pre-trained LLM with feasible
demands. Additionally, in cycle 2, this was done to create customer demands for
topics and their delivery option to craft a whole new dataset that could be used to
finetune embedding models. While this method proved very useful in our case, it
introduces potential errors since GPT-4 might not mimic the reasoning of domain
experts perfectly.
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6.3.2 Pre-trained models
In our study, we choose to use LLAMA-3.2-1B as the base for our finetuned pre-
trained LLM solution, and the all-MiniLM-L6-v2 as our base for an embedding
model to finetune in the RAG solution. To only include one base model for each
solution, was a deliberate delimitation made in the project due to time and resource
constraints. However, an extensive literature review was made to ensure that the
chosen models were optimal for our solutions. Furthermore, our computational
resources also set a limitation to our choice of pre-trained models. The computers
that was made available to us by Siemens Energy had a GPU of 8GB, which made
models with approximately more than 2 Billion parameters too large for our models.
L

6.3.3 Language
One delimitation made in the project was choosing to only finetune on output-input
pairs in English. Siemens Energy works with clients worldwide, and thus in many
languages. In particular, Spanish, German, and French are the other languages
which the corporation often has to analyze customer requirements in. Including these
languages would include translating around 25% of the dataset to these languages.
However, this would take time to do and significantly increase the training time of
the models, and thus the delimitation to only finetune on English data was made.

6.3.4 Evaluation
The survey based evaluation focused on expert judgment from a limited number of a
practitioners (20), which were a limitation. While insightful, the subjective nature
of this type of evaluation introduces factors such as variability. The results may
differ in broader organizational context.
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Threats to validity

This chapter presents identified threats to validity of the study. The threats are
divided into four categories: construct validity, conclusion validity, internal validity,
and external validity.

7.0.1 Construct validity
Construct validity measures if the study has been able to correctly measure what
the research questions intended to answer. The metrics used to evaluate the two
models were relevance, correctness, and assistance. While these metrics capture
important qualities of the models, there could still be other metrics that could be
included as well. For example, coherence and context adherence are also relevant
metrics to evaluate an LLMs performance. However, considering the purpose of
the study, these metrics were deemed to fall under the metric ’assistance’ because
they are direct factors to this measurement. Further, no matter what metrics that
were used, they would still be only serve as substitutes for more complex judgments.
The use of expert opinion through the survey, mitigated this threat to some extent.
Lastly, synthetic data was used for parts of the training. Even though the synthetic
data closely resembled real-world data, it might not mimic the reasoning of domain
experts perfectly.

7.0.2 Conclusion validity
Conclusion validity measures if the findings in the study are sufficiently supported
by the data. The research made use of real-world data to develop the solutions, as
well as the opinions of domain experts to evaluate the results, which strengthens
the conclusions validity. Although, having more respondents of the survey would
increase the statistical power of the results. While 20 respondents still gives a
reasonable conclusion validity, it would always be beneficial with more. Further,
the consulted domain experts provided some opinions that were conflicting, which
suggests there are some subjectivity involved when judging the degree to which the
models can assist in the process.

7.0.3 Internal validity
A possible threat to internal validity is the fact that all respondents and data are
sourced from the same company, which could introduce selection bias. Furthermore,
because the evaluation is a subjective measure made by domain experts, it could
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introduce some confirmation bias. The experts might have prior experiences or pref-
erences in the process, that could effect their responses in the survey. Additionally,
the RAG showed a greater performance than the finetuned pre-trained LLM. This
might not solely be due to the different architecture of the models, but could also
be an effect of the data available at the company.

7.0.4 External validity
The study was conducted exclusively at Siemens Energy, which could limit the
extent to which the findings are generalizable. For example, the exact nature of
Siemens Energy’s requirements engineering practices might differ from other compa-
nies. However, in the literature review it was found that this process is quite typical
in the industry. If another company would like to replicate our solution in their pro-
cess, the only limitation would be the amount and type of data they have available.
The data needed for the solutions are a large corpus of product specifications and
historical customer specifications with corresponding comments.
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Conclusion

The current approach for the process of feasibility analysis is largely manual and
relies heavily on the subjective opinions of domain experts. The process consists of
iteratively comparing customer demands to standard product specifications, which
has proved to be time-consuming, inconsistent and prone to human-errors. These
limitations can lead to faulty requirements, which can be costly to fix during a later
stage in the process.

In this study, the researchers aimed to explore how Large Language Models (LLMs)
can assist in the process of feasibility analysis and help mitigate these limitations.
The study investigated two different solutions and architectures for LLM; a finetuned
pre-trained LLM and a Retrieval Augmented Generation (RAG) system. These
models were evaluated in terms of their output’s relevance, correctness and level of
assistance to the employees. The study was done in collaboration with a big energy
corporation, which made it possible to use real-world data and have domain experts
evaluate the models.

The findings of the study revealed that the finetuned LLM was able to a high de-
gree mimic the structure and language of the employees at the company. However,
it typically lacked in the information which it provided, in terms of relevance and
correctness. Specifically, it struggled with feasible requirements by frequently incor-
rectly identifying a gap to the product standards. In contrast, the RAG solution
proved to be more reliable. It produced output that were traceable by providing
technical references, and it was deemed to generate answers with better relevance,
correctness and level of assistance to the employees. Furthermore, the RAG did
not struggle with identifying whether a demand is feasible or not. An important
finding of the study was that finetuning the embedding model, that is part of the
RAG architecture, with external data from the company proved to be very effec-
tive. It was able to outperform state-of-the-art embedding models like OpenAI’s
text-embeddings-ada-002, in this specific context.

In conclusion, the study shows that LLMs, especially with a RAG architecture,
could serve as an effective tool for assisting employees in the process of feasibility
analysis. While there is lots of room for improvement, the models demonstrated a
high potential in the process. Currently, the models are not able to are not able to
completely take over the process but can instead stream-line and augment the work
of the employees in this complex and technical domain.
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Table A.1: Survey Questions and Metadata

Survey Questions RQ(s) Type Num.
Background of participants (demographic data)
1. What is your role at
Siemens Energy?

N/A Text input 19

2. How much experience do
you have in Requirements
Engineering? (e.g.,
determining the feasibility of
customer requirements and
handling technical
specifications)

N/A Likert scale 20

3. How much experience do
you have using LLMs (e.g.,
ChatGPT, Microsoft
Copilot)?

N/A Likert scale 20

Evaluation of responses
4. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Commissioning, trial opera-
tion and start-up of the GT system are the primary responsibility of the Contractor
in cooperation with the Purchaser/planner. The Contractor must ensure or check
that all functions to be fulfilled with the participation of HLT are implemented and
cooperate with their commissioning. RAG response: Commissioning, trial opera-
tion, and startup of the gas turbine system are included in Siemens Energy’s scope,
with dedicated tools and instruments provided by Siemens. Coordination with the
Purchaser and involvement of HLT functions must be ensured during commissioning
to verify all required functionalities are implemented and operational.
4.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

I
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4.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

4.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.2 Likert scale 20

4.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 10

5. Please evaluate the response generated by the finetuned LLM based on
the customer demand provided below. Demand: Commissioning, trial opera-
tion and start-up of the GT system are the primary responsibility of the Contractor
in cooperation with the Purchaser/planner. The Contractor must ensure or check
that all functions to be fulfilled with the participation of HLT are implemented and
cooperate with their commissioning. Finetuned LLM response: Siemens Energy
will provide technical advice and assistance during commissioning and start-up of
the GT. During the commissioning phase Siemens Energy will lead the customer.
5.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

5.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

5.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.1 Likert scale 20

5.4 [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 9
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6. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: The gas turbine heat and
power plant is designed for fully automatic operation. Therefore, all components
must be designed in such a way that they can be operated automatically by the
main control system (I&C) in all load cases, during start-up and shut-down, in case
of malfunctions, etc. RAG response: The main control system (typically Simatic
PCS7) supports fully automatic operation of the gas turbine plant, including start-
up, shut-down, load cases, and malfunction handling, ensuring all components are
operable via automatic control. Redundancy options for CPUs and power supplies
can be included to enhance reliability during faults. System capabilities like contin-
uous operation at AC power failure (optionally included) and automatic start/stop
switches also support fully automatic operation in all scenarios.
6.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

6.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

6.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.2 Likert scale 20

6.4 [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 12

7. Please evaluate the response generated by the finetuned LLM based on
the customer demand provided below. Demand: The gas turbine heat and
power plant is designed for fully automatic operation. Therefore, all components
must be designed in such a way that they can be operated automatically by the main
control system (I&C) in all load cases, during start-up and shut-down, in case of
malfunctions, etc. Finetuned LLM response: Some equipment in the plant can
be controlled by the gas turbine control system but in some cases it makes financial
and/or time sense to have additional HMIs for easier operator access.
7.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

7.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20
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5.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.1 Likert scale 20

7.4 [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 10

8. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: A 3-stage filter (M6, F9,
E12) must be offered as an option. RAG response: A 3-stage filtration system with
M6, F9, and E12 filter classes is not explicitly listed as a standard option; however,
multiple 2-stage and 3-stage static and pulse-clean filter options are available for
SGT600/700/750/800 models. Offering a 3-stage filter including E12 as an option
would require verification and possible customization beyond the standard offerings
described.
8.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

8.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

8.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.2 Likert scale 20

8.4 [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 6

9. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: A 3-stage filter (M6, F9,
E12) must be offered as an option. Finetuned LLM response: A 3 stage filter
(F9 + E12) is offered as an option.
9.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

9.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20
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9.3. Assistance (How much
would the response help in
determining the feasibility of
the demand)

1.1 Likert scale 20

9.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 7

10. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
10.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

10.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

10.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

10.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 8

11. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
11.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

11.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

11.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

11.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 5
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12. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
12.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

12.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

12.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

12.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 8

13. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
13.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

13.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

13.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

13.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 5

14. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
14.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20
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14.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

14.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

14.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 8

15. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
15.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

15.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

15.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

15.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 8

16. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
16.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

16.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

16.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20
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16.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 6

17. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
17.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

17.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

17.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

17.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 6

18. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
18.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

18.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

18.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

18.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 7

19. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
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19.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

19.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

19.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

19.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 5

20. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
20.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

20.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

20.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

20.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 6

21. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
21.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

21.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20
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21.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

21.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 4

22. Please evaluate the response generated by the RAG model based on
the customer demand provided below. Demand: Redacted RAG response:
Redacted
22.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.2 Likert scale 20

22.2. Correctness (How
correct and factual is the
information in the response)

1.2 Likert scale 20

22.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.2 Likert scale 20

22.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.2 Text Input 4

23. Please evaluate the response generated by the finetuned LLM based
on the customer demand provided below. Demand: Redacted Finetuned
LLM response: Redacted
23.1. Relevance (How
relevant is the information
provided in the response to
the customer demand given)

1.1 Likert scale 20

23.2. Correctness (How
correct and factual is the
information in the response)

1.1 Likert scale 20

24.3. Assistance (How
much would the response
help in determining the
feasibility of the demand)

1.1 Likert scale 20

24.4. [OPTIONAL] Provide
the reasoning for your
answer.

1.1 Text Input 5
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25. [OPTIONAL] Do
you have any other
feedback?.

1.1 & 1.2 Text Input 8

XI
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