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ABSTRACT Training small language models for specific tasks often encounters a significant challenge: the
limited availability of high-quality labeled data, which can restrict model performance. This constraint is
especially critical in organizations handling sensitive data, where large language models cannot be readily
deployed due to privacy concerns, high costs, and dependency on external providers. While existing research
demonstrates the effectiveness of large language models in automating text-based tasks, there is a lack of
methods tailored to fine-tuning small language models for secure, domain-specific applications with minimal
labeled data. To address this gap, we introduce a data-centric fine-tuning method that systematically enhances
training data through prompt engineering, making small language model fine-tuning feasible and effective in
data-constrained environments. This study evaluates the proposed method on a real-world use case with an
industry partner, focusing on the automatic extraction of technical requirements from full-text documents and
using both quantitative metrics and qualitative expert assessments. Our findings reveal that the fine-tuned
small language model achieves accuracy and consistency comparable to human service providers, while
outperforming baseline models, including GPT-4-turbo, on key evaluation metrics. These results underscore
the potential of data-centric fine-tuning for adapting small language models to high-stakes, privacy-sensitive
tasks, offering a scalable alternative to LLMs enabling their applications to real-world use cases.

INDEX TERMS Data-centric Al fine-tuning, large language models, requirement extraction.

I. INTRODUCTION

Automating tasks that involve processing and understand-
ing large volumes of natural language text presents both
opportunities and challenges for organizations across various
industries [1]. Recent advances in large language models
(LLMs) have substantially improved the automation of
complex, text-based tasks [2]. These improvements suggest
that LLMs could, in principle, streamline a wide range
of specialized tasks, including automatically extracting
technical requirements from unstructured text. Such tasks
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are critical in numerous domains—for instance, extracting
project requirements [3], optimizing requirement manage-
ment in software engineering [4], or analysis of legal
documents [5]. While LLMs like GPT-4-turbo have demon-
strated remarkable capabilities and generalizability, many
organizations face constraints that prevent them from fully
leveraging these models. Chief among these concerns are
(a) strict data privacy and security regulations that forbid
sharing sensitive information with external providers, (b)
high operational costs that make long-term usage of propri-
etary LLM services prohibitive, and (c) the risk of vendor
lock-in and limited customization options. Under these
conditions, small language models (SLMs) offer a promising
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alternative because they can be deployed fully on-premise
or within private infrastructures, providing greater control
and adherence to internal policies [6]. However, out-of-the-
box SLMs often lack the domain-specific expertise needed
to perform specialized tasks at a level comparable to LLMs.
Fine-tuning an SLM with proprietary data can help bridge
this gap, potentially achieving a performance that rivals larger
models [7], [8], [9], [10], [11]. Yet, successfully fine-tuning
SLMs hinges on the availability of high-quality, domain-
relevant labeled data. In real-world scenarios, such labeled
datasets are often scarce, incomplete, or noisy [12]. This
scarcity raises important questions about how to construct
and augment training data in a way that maximizes model
performance [13]. Additionally, recent evidence suggests
that training data quality is a fundamental factor influ-
encing model errors, underscoring the need for careful
dataset curation [14], [15]. To address these challenges,
we adopt a data-centric AI (DCAI) perspective. Rather
than focusing solely on model architecture or parameter
tuning, data-centric approaches emphasize improving the
quality, representativeness, and structure of the training
data itself [16]. By systematically enhancing the training
dataset—through methods like prompt engineering, data
augmentation, and careful selection of source datasets—one
can unlock substantial performance gains. This work presents
a novel data-centric fine-tuning method that systematically
creates and enhances training data to achieve high model
performance for SLMs. This method is transferable to
any supervised fine-tuning process aimed at optimizing a
language model for a specified input-output task. Our work
is developed and implemented in collaboration with TenneT,
a large European electricity transmission system operator,
using their task of automatically extracting and formulating
technical requirements from unstructured text as a leading
example. Our results show that fine-tuned SLMs can match
or surpass the performance of external service providers
and even GPT-4-turbo in terms of accuracy, consistency,
and compliance with internal standards, all while main-
taining on-premise data security and reducing operational
costs.

Our contributions are threefold:

1) We introduce a data-centric fine-tuning method
designed to systematically generate different training
datasets for supervised SLM fine-tuning in data-
scarce, specialized domains. This addresses problems
organizations face when applying SLMs to their own
use cases.

2) We empirically demonstrate that variations in the
constructed training datasets lead to differences in
model performance, underscoring the importance of
experimenting with different dataset variants.

3) We validate our method using a real-world industry
case, showing that a fine-tuned SLM can achieve
performance levels on par with larger models and
human experts, while ensuring data privacy and
cost-effectiveness.
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The remainder of this paper is organized as follows:
Section II reviews the relevant literature on DCAI, related
techniques, and requirement extraction. Section IIl introduces
our data-centric fine-tuning method in detail. Section IV
describes the industrial real-world use case of TenneT and
outlines how we apply our method in this specific context.
Section V presents the experimental findings, which we
analyze and interpret in Section VI. Finally, Section VII
summarizes our contributions and suggests avenues for future
research.

Il. RELATED WORK
In this section, we review relevant literature on LLM-based
requirements engineering, data-centric fine-tuning, and
prompt engineering, which form the foundational compo-
nents of our proposed data-centric fine-tuning method.
LLMs have become a powerful tool for automating various
text-based tasks across different industries [2]. In the context
of requirements engineering, LLMs demonstrate potential in
streamlining tasks such as elicitation, analysis, specification,
and validation [17], [18]. However, the process of selecting
and fine-tuning LLMs for specific requirements engineering
tasks remains a complex challenge [13]. For instance,
Girtner and Gohlich [19] develop an LLM-based system
for automatically detecting and classifying contradictions
within requirements documents, while Lubos et al. [20]
leverage LLMs to assess the quality of software requirements
based on defined quality standards. Our work differs from
these approaches as it focuses on the extraction of technical
requirements from full-text documents. To the best of our
knowledge, no existing research has addressed the direct
transformation of full text into technical requirements using
LLMs. While state-of-the-art SLMs like Meta’s Llama-3 [6]
are frequently updated, they are not yet as versatile or
powerful as larger models like GPT [21]. However, with
(supervised) fine-tuning, SLMs can be optimized for specific
downstream tasks, often outperforming general-purpose
LLMs on domain-specific applications [7], [8], [9], [10], [11].
Although there has been considerable progress in improv-
ing SLMs [6] and optimizing their fine-tuning processes [22],
these advancements are not directly applicable to the consid-
ered real-world scenario. One of the primary challenges is
the limited availability and quality of labeled training data,
which inhibits the straightforward application of fine-tuning
techniques. As Xu et al. [23] emphasizes, data plays a critical
role in the fine-tuning of LLMs, and without sufficient or
high-quality data, achieving optimal performance is difficult.
To address this issue, we introduce a novel method to
fine-tuning that is tailored for data-constrained environments.
Our proposed method is grounded in the principles of
DCALI [16], which shifts the focus from model optimization
to enhancing the data itself. Following this approach by
systematically improving the dataset, rather than modifying
the model, the practical challenges of fine-tuning SLMs in
real-world scenarios can be directly tackled. Specifically,
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in order to address this need, we propose a data-centric
fine-tuning method that fixes the model to a state-of-the-art
SLM [6] and focuses on enhancing the data to achieve the
desired performance. To the best of our knowledge, no extant
work has proposed a method similar to ours [24]. However,
there is extensive research on data augmentation techniques
for natural language processing (NLP) in general [25], [26],
[27], as well as work specifically related to LLMs [28],
[29], [30]. These augmentation techniques are a central
component of our method, as we systematically integrate
various methods to enhance the training data for fine-
tuning SLMs. Furthermore, our method aims to provide
a systematic procedure for identifying the optimal set of
augmentation techniques, recognizing that the effectiveness
of these techniques can vary depending on the specific use
case [31]. As Gan et al. [32] demonstrate, the quality and
diversity of the data directly impact model performance,
underscoring the importance of experimenting with different
dataset variations. Our method is designed to incorporate this
experimental aspect to achieve optimal performance.

Another crucial element of the proposed method is the
concept of prompt engineering, which involves crafting
optimal task descriptions to elicit the best possible responses
from language models [33]. Prompt engineering has proven
to be a valuable technique for leveraging the versatility of
LLMs, such as GPT, by tailoring them for a wide range of
tasks [34], [35], [36], [37], [38].

In our method, we utilize prompt engineering in con-
nection with the versatile LLM GPT-4-turbo to enhance
the fine-tuning process of SLMs, specifically by enabling
the automatic generation of high-quality augmentations and
labels. These tasks would otherwise require significant
manual effort. Ongoing research continues to focus on
optimizing prompt engineering methods, to which we refer
here for further advancements [33].

IIl. DATA-CENTRIC FINE-TUNING METHOD

In this section, we present our method for data-centric
fine-tuning of SLMs for text-to-text generation in a single
input-output manner with highly limited data available. Our
method involves several key components, including defining
the downstream task, generating and augmenting datasets,
training the models, and evaluating its performance. The
following subsections provide a comprehensive overview of
each step of our method.

LLMs have gained popularity due to their ability to
perform tasks such as question answering, text rephrasing,
and summarization. However, industrial applications often
require models to follow predefined structures and consis-
tently produce outputs aligned with specific organizational
standards. For instance, a model may need to extract or
summarize technical requirements from a given text in a
systematic manner. To address this need, we propose a
method for fine-tuning text-to-text generation in a single
input-output manner. Instead of using a typical chat format,
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we send only one request to the model and treat its generation
as the output. Thereby, one data point is given by the input
text, which comprises a prompt and a relevant context.
Generally, various tasks can be learned using different
prompts. However, we simplify the explanation here by
focusing on a single task. So, for each data point x;, where
i=1,...,nrepresents the index of the data pointand n € N
describes the number of total data points in the underlying
dataset, the prompt g remains constant, while only the context
¢; varies from instance to instance (c.f. Figure 1).

Given the input texts, our goal is to fine-tune a SLM, Ogmar,
to generate the required output y; := Ogman (x;) corresponding
to this input. In order to illustrate the concept, we consider
a prompt ¢ containing an instruction tailored to the specific
downstream task. For a given data point x;, the complete
input is formed by appending the context c; to the prompt
g. The output y; is defined as the label. For the supervised
fine-tuning of the SLM Osnay, we need a set of data points
to update the model’s weights during the training process.
This requires existing input-output pairs called labeled data
so that the predicted output y; := 6(x;) can be compared to
the ground-truth label y; for loss calculation. Labeled data is
often limited in real-world scenarios and must be reserved for
testing and validation. In the following section, we propose
the use of prompt engineering to generate additional data
points for fine-tuning the model.

A. DATA LABELING

One of the main challenges in fine-tuning language models
for downstream tasks in industry is the limited availability of
labeled data [12]. The ultimate goal is to have an SLM solve
a specific downstream task. In order to fine-tune an SLM on a
downstream task we need such labeled data, showcasing the
expected response y; of a model to a given request x;.

To address this problem, we propose leveraging powerful
LLMs, such as GPT-4-turbo, denoted as Gjarge, Which possess
highly versatile capabilities in combination with prompt
engineering. We assume that 6y,r0 is capable of generating
predictions of sufficient quality to serve as labels for a given
data point x;. Let T denote the set of possible tasks, including
the labeling task L and a set of different augmentation tasks
A: T := {L U A}}. For each task 1 € T exists a set of
different prompts g;(¢), where j € N. In the special case of the
labeling task L C T, the core idea is to systematically find a
prompt g*(L) € {qj(L) |ljeN }, so that arge can achieve the
desired output quality (c.f. Figure 2). For detailed guidelines
on prompt engineering, we refer to Liu et al. [33].

The optimized labeling prompt ¢*(L) enables us to
generate the missing labels for each data point. Once we
have generated the exptected responses y; we can use them
to fine-tune a SLM to solve a specific downstream task.
In subsequent sections, we will not only describe how to
create labels for various data points, but we will also use this
technique to generate different augmented versions of data
points by consistently applying the same procedure: utilizing
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Y
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FIGURE 1. Overview of how the input and target output are defined.
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FIGURE 2. Overview of how prompt engineering can be used to solve different tasks t € T. The task can be the creation of

labels, but also the creation of different augmentations.

prompt engineering to apply an LLM 6y, With the optimized
prompt g*(A) for the set of augmentation tasks A C T

B. DATASET GENERATION

Given the downstream task we aim to fine-tune the SLM
on, we need to determine the appropriate dataset for
training. As this is unknown initially, we suggest following
a DCALI strategy. In this section, we propose a method for
systematically creating and enhancing training, validation,
and test datasets in case a limited amount of labeled data is
given (c.f. Figure 3).

1) DATASET POOLS

The starting point for building the training, validation, and
test datasets is the ground truth data Dy, which is already
labeled and represents the target quality we aim to achieve
with our SLM 6sma1. However, these instances are costly
and time-intensive, making them a scarce resource in most
scenarios. This dataset is the most valuable resource in the
fine-tuning process. Given their rarity, balancing the trade-off
between allocating these labeled instances across the training,
validation, and test datasets becomes critical. This allocation
depends on the availability of ground truth data. The main
objective is to balance the number of data points used for
training to boost model performance and those needed for
a meaningful evaluation. In our case, we assume we have
at least a sufficient number of data points for the validation
and test datasets, with portions pval, Prest, Prrain € (0, 1) and
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Dval + Ptest + Purain = 1 of the ground truth data. If we have
less than sufficient data, we suggest selecting representative
unlabeled data and using prompt engineering, as presented
in Section III-A, to create labels for each data point. With
these portions, we are able to create three fixed datasets out
of the ground truth data, namely, Xya1, Xtest> Xtrain C Diruth-
The Xy, and Xies datasets are not modified in the following
process and are only used for validation and testing. The
subset Xirain forms one of the so called data pools, which is
used to generate the final training datasets. The whole set of
data pools D := {Dl, ...,Ds|S € N} can be extended with
any additional data representing the task for which the SLM
is to be fine-tuned. For example, different public datasets
can be labeled using the strategy described in Section III-A.
Following our case, the train dataset Xrain corresponds to Dy
for one s € {1,...,S}. As a result, we obtain a set of data
pools, a fixed validation dataset, and a fixed test dataset.

It is important to highlight that more data pools can lead
to more extensive training, as we will explore different
combinations of these to find the best training dataset.
However, more data pools provide more options to build
training datasets. As we will demonstrate later, our method
helps to identify which of the possible data pools should be
used for the final training of the SLM.

2) DATASET EXTENSIONS

Given the set of data pools, the next step is to apply
different augmentations to each data point in the different
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FIGURE 3. Overview of the dataset generation process, illustrating the creation of training, validation, and test datasets from various data pools and

augmentations.

data pools. The idea is to create more data points and more
variety in the dataset. Similar to the selection of different
data pools, we suggest employing multiple augmentation
techniques such as backtranslation or rewriting. As with
the datapools, a higher number of augmentation techniques
increases the training effort because more combinations of
these can be explored. The augmentations are not applied
to the validation and test datasets, which remain fixed to
ensure a realistic evaluation. By A we define the set of
augmentations, where each augmentation is represented by

a function ap,k = 1,...,K, where K € N describes
the number of used augmentation methods. More precisely,
for each k € I = {l,...,K}, the function ¢y : D —

Y represents the optimal prompt regarding the specific
augmentation method and Y denotes a set of output data
generated by applying the augmentation method a; to the
data points within a data pool in D. So, for each data point
xi € Dy, where s corresponds to the related data pool
and i; is the index of the data points within the data pool
Dy, the augmentation method a; produces an augmented
version fclti = ak(xfs). As with label creation, careful
prompt engineering is essential to ensure that the augmented
versions achieve the desired quality. Depending on the type
of augmentation, we suggest generating new labels using
the large LLM 0je With the task-specific prompt g*(L),
optimized through prompt engineering, for the augmented
data points fcli By applying each augmentation a; to each
data pool D one or multiple times, we obtain a data extension
Ey s := ar(Dy) for each data pool. Each extension consists of
the original data points of the data pool Dy and all augmented
versions of its instances. It is crucial to view these extensions
as sets, as in the next section, we will systematically
combine different subsets of each extension to create dataset
variations.
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3) DATASET VARIATIONS

The next step in our method involves the creation of a set
V of dataset variations V := {Vi,...,Vg | R € N},
which consist of various combinations of subsets from the
dataset extensions Ej ;. These variations are essential for
systematically exploring the impact of different data pools
and augmentation techniques on the performance of the
SLM 6Osman. To manage complexity and avoid excessive
variations, we suggest restricting the possible combinations.
For instance, combinations without the data pool Dy, could
be prioritized less, as these are probably the most valuable
data points. This ensures that the number of dataset variations
R, remains feasible while still providing valuable insights into
the most effective data augmentation and pooling strategies.

C. MODEL TRAINING

From the previous steps, we have a set of dataset variations
V building R different variations out of the extensions that
serve as individual training datasets, along with a fixed
validation dataset Xy, and a fixed test dataset Xies;. Given
these resources, we propose a standard fine-tuning process
for the SLMs. We recommend using a recent state-of-the-
art SLM and keeping it fixed, in accordance with the DCAI
paradigm, as our objective is to improve performance by
systematically creating and enhancing the training data [16].
For each dataset variation V, € V,r € {1,...,R},
an SLM 6., is trained. All variation-specific SLMs are
validated on the same fixed validation dataset Xy, during
the training process. This consistent validation approach
allows us to apply early stopping to balance under- and
overfitting and ensures that the validation loss across different
models is comparable. By following this process, we aim to
systematically determine which dataset variation V,x leads to
the best performance for the SLM 6spay on the given task.
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The final evaluation of the best-performing model will be
conducted on the fixed test dataset to ensure an unbiased
assessment of its generalization capabilities.

D. EVALUATION FRAMEWORK

After all models are trained, we receive a set of R different
. [pl 2 R :

SLMs © := {esmall’ Omall> s GSmaH}. Tl.le differences only

appear from the dataset variation on which the model was

trained. Now, for each model, we generate predictions on

the fixed test dataset. Given the predictions of each model,

we perform a quantitative and a qualitative evaluation.

1) QUALITATIVE EVALUATION

For the qualitative evaluation, domain experts are required
to evaluate the predictions of the models. These insights
ensure that the properties that can not be covered by the
defined metrics in the quantitative evaluation are reviewed.
If there are fundamental errors in the prediction of the
models, this can lead to a restart of the dataset generation
process Section III-B. The limitations should be addressed
in the prompt engineering process depicted in Figure 2.

2) QUANTITATIVE EVALUATION

The loss of the validation data can give a first indication of the
performance of the different models. However, the evaluation
on the validation data can lead to a biased performance evalu-
ation. In addition, the loss does not necessarily consider how
well the trained SLM can perform on the downstream tasks.
To measure the quality of an output, several characteristics
such as length, structure, or wording should be analyzed.
On benchmark datasets such asto Wang [39], several metrics
are defined that try to measure how well the model performs
the task. A set of different metrics should be used to measure
the performance of each trained model [40]. These can be
existing metrics as BLEU [41], but for novel downstream
tasks, we highly recommend defining new metrics that suit
the different properties of the underlying task. This can
require collaboration with domain experts. The metrics are
then combined and used to select the best dataset variation
V¥, which leads to the best-performing model 6*. This
is achieved by consistently comparing the performance of
different models on the same test dataset, ensuring a reliable
evaluation.

IV. EXPERIMENTAL SETUP

To evaluate our method, we apply it to a real-world use case
from the industry. In the following sections, we describe the
use case, define the components we use to solve the task with
our method and present the results we obtain.

A. DOWNSTREAM TASK

TenneT, a large European electricity transmission system
operator with over 8000 employees, relies on extensive
technical specification documents to define the requirements
for constructing, operating, and maintaining high-voltage
power systems. These documents contain not only technical
requirements but also contextual details, best practices, and
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supplementary advice. To integrate these requirements into
a structured database—where additional information can
be linked as metadata—it is necessary to extract, refine,
and standardize them. This process involves distinguishing
requirements from non-requirement text, converting them
into stand-alone statements, and aligning them with estab-
lished guidelines, such as those provided by the INCOSE
Guide for Writing Requirements [42]. Accurately identifying
and refining requirements is complex and requires deep
domain knowledge and engineering expertise. Historically,
this task has been supported by external service providers,
who propose initial requirement drafts for review by TenneT’s
internal domain experts. However, relying on external
providers presents several challenges, including potential
gaps in domain expertise, variability in output quality, and
prolonged turnaround times. These factors motivate the
exploration of automated approaches to improve efficiency,
reduce costs, and enhance consistency. The downstream
task of automatically extracting and reformulating technical
requirements is well-suited to our data-centric fine-tuning
method for several reasons. First, the sensitive nature of
TenneT’s data necessitates on-premises processing, making
large, proprietary LLMs less feasible due to privacy and data
ownership concerns. SLMs can be fine-tuned within secure
environments, ensuring compliance with internal policies and
regulatory frameworks. Second, the scarcity and complexity
of domain-specific training data underscore the importance
of a data-centric strategy that systematically refines and
augments the available dataset to achieve high model
performance. While this use case focuses on high-voltage
power systems, the approach is not limited to this specific
domain. Any industry or organization facing analogous
challenges in an input-output manner—such as extracting
structured requirements from large volumes of technical,
legal, or regulatory text—can apply the same method. This
versatility is due to the fact that the methodology is designed
to be adaptable, regardless of the nature of the downstream
tasks or the specific types of data involved.

Figure 4 provides a synthetic example illustrating the
input-output format for this downstream task. The output is
a standardized dictionary of requirements, ready for direct
integration into a database and subsequent retrieval, analysis,
and maintenance.

B. DATA LABELING

The ground truth data available from TenneT is limited
and sufficient only to cover the validation and test datasets,
with a minimal amount available for training. To address
this, we employ prompt engineering to generate additional
training data points by labeling unlabeled data points
(see Section IV-C1). For this purpose, we use GPT-4-turbo as
the LLM 6y4r0e. We conduct the prompt engineering process
in collaboration with industry experts to ensure that the
generated data meets the required quality standards. We,
in part, incorporate guidelines [42] for writing requirements
in a comprehensive manner to enable a standardized format.
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The cable shall be designed for the circuit based on
the operating conditions stated in the project
documents. An expected service life of at least 40
years shall be assured. It shall further be possible to
achieve the required transmission capacity without
overstepping the predefined thermal limits. The
project documents shall state details of the thermal
properties of the soil in which the cables will be laid.
The design of the overall cable system shall be sent
to the client for review before production. The client
shall not be responsible for the design. The layout
drawings of the cable and the installation drawings
of the terminations / joints used shall be provided to
the client. These drawings are treated confidentially
by the client and shall not be passed on to third
parties. According to the project specification the
cable supplier or the combination cable supplier and
civil contractor shall determine the definitive
delivery length of the cable. This could happen by
means of on-site measurements or by calculations.
The evaluation of this length shall be submitted to
TenneT for approval prior to the actual production.
The supplier shall take into account a two weeks

**TASK:** Extract technical requirements from the
provided text.

**Instructions: **

1. Read the text provided between the "' delimiters
below.

2. Identify any technical requirements.

3. If you find any requirements, save them as a
JSON object with 'Requirement x' as key and the
requirement as value.

If no requirements are found, respond with {{}}.

**Writing Guidelines:**

- **Structure**: Use complete sentences with a
determined subject, verb, and object.

- **Independence**: Each requirement should be
understandable without reference to previous
requirements.

- **Abbreviations**: Avoid them.

**Text to Analyze (between the " delimiters):**

Prompt q*(L)

Label y;

{'Requirement 1": 'The cable shall be designed for the
circuit based on the operating conditions stated in the
project documents.', 'Requirement 2': 'An expected
service life of at least 40 years for the cable shall be
assured.’, 'Requirement 3': 'It shall be possible to
achieve the required transmission capacity without
overstepping the predefined thermal limits.",
'Requirement 4': 'The project documents shall state
details of the thermal properties of the soil in which
the cables will be laid.', 'Requirement 5': 'The design
of the overall cable system shall be sent to the client
for review before production.’, 'Requirement 6': 'The
layout drawings of the cable and the installation
drawings of the terminations / joints used shall be
provided to the client.', 'Requirement 7": 'The drawings
provided to the client are to be treated confidentially
and shall not be passed on to third parties.",
'Requirement 8': 'The cable supplier or the
combination cable supplier and civil contractor shall
determine the definitive delivery length of the cable,
either through on-site measurements or calculations.',
'Requirement 9': 'The evaluation of the cable length
shall be submitted to TenneT for approval prior to the

response period after submittal of the definitive cable
lengths. TenneT shall not be responsible for {context}
incorrect measurements or calculations. "

J -

actual production.', 'Requirement 10': 'The supplier
shall take into account a two weeks response period
after submittal of the definitive cable lengths.'}

-

('

"\

J
J

s

Y

Input x;

FIGURE 4. Synthetic example for input and output for the TenneT use case.

The final prompt ¢*(L), used for the data labeling task L C T,
is shown in Figure 4.

C. DATASET GENERATION

In the following, we describe the inner part of the data-centric
fine-tuning method to systematically create and enhance the
training data.

1) DATASET POOLS

The available ground truth data from TenneT includes a
limited amount of processed full texts. These were manually
revised by an external service provider. To ensure meaningful
validation and evaluation, we use only a small portion of this
data for training to assess its impact on model performance.
Specifically, we set pyain = 0.2, pyat = 0.16, and pregt =
0.64. The portion used for training represents the first of
three data pools. The second data pool comprises a set of
unlabeled full texts from various documents provided by
TenneT. For the third data pool, we utilize external publicly
available data. Since there is no dataset specifically available
for requirements of technical systems such as powerlines,
we use the PURE dataset [43], which describes requirements
for software and websites, as a related domain. Given that
the second and third data pools lack labels, we first split the
full texts into separate chunks. We then create labels for each
chunk to form input-output pairs for the datasets. These labels
are generated using GPT-4-turbo with our engineered prompt
from Section IV-B in collaboration with domain experts.

2) DATASET EXTENSIONS
Given the data pools, we define three different augmentations
to increase the number of data points for each pool. Thus, for
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Y
Output y;

TABLE 1. Description of augmentations applied to each data pool.

ar(x;) | Description

a1(x;) | For each input context ¢; of x;, GPT-4-turbo is used to create a
rewritten version without altering the content itself.

az(x;) For each input context ¢; of x;, GPT-4-turbo is used to translate
the text into another language and back to English to generate
an augmented version of the text.

as(x;) | For each input context ¢; of x;, the numbers in the text are
randomly replaced by other numbers to prevent the model from
learning specific numbers from one instance and instead focus
on accurately extracting numbers from the given context.

each original data point, there are four augmented instances.
After generating the augmented instances, new labels are
created for all augmented instances using GPT-4-turbo and
the labeling prompt from Section IV-B. As a result, each
extension Ej ¢ contains four times the number of data points
as the original data pool D;. This is because, for each
original data point, three augmented versions are added
(see Table 1). We validate the quality of the augmentations
with domain experts and include their expertise during the
prompt engineering phase.

3) DATASET VARIATIONS

Next, we systematically combine the different dataset
extensions to create a diverse set of dataset variations. The
goal of creating these variations is to thoroughly examine
how different combinations of data pools and augmenta-
tion techniques influence model performance. To main-
tain manageability and prevent combinatorial explosion,
we limit the combinations. Specifically, if an augmentation
ar(x;) is selected for inclusion in a dataset variation V,,
we apply it uniformly across all data pools Dy included
in that specific variation. For example, if the augmentation
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“back-translation” is chosen for a particular dataset varia-
tion, it is applied to all data pools within that variation.

Table 2 explicitly lists the combinations of the three
data pools (D1, Dy, and D3) with the three augmentation
techniques (aj, ap, and a3) across dataset variations Vi
to Vy4g. For instance, variation V(3 combines all three data
pools (D1, Dz, and D3) with the augmentation method
“back-translation” (a) applied uniformly across them.
Dataset variation V33 includes only data pool D, without
augmentations. Variation Vi3 combines data pools D; and
Dy along with their augmented versions generated through
the “rewriting”’ augmentation method (a). Data pool D3 and
its augmented versions are excluded from variation V3.

We note that some data points may not contain extractable
requirements for several reasons: they may comprise only
contextual or descriptive information, provide informal
recommendations rather than formal requirements, or result
from incomplete text segments due to splitting. Additionally,
since labels for some data points are automatically generated,
occasional mislabeling might occur. To address this issue,
we introduce a rebalancing step after combining all data
points within a dataset variation: if the proportion of
non-requirement instances exceeds one percent of the total
dataset, we randomly remove excess non-requirement data
points until this threshold is met. This step ensures a
balanced and task-relevant dataset, making the resulting
dataset variations more directly comparable.

D. MODEL TRAINING

For the SLM, we use the state-of-the-art model “‘unsloth/llama-
3-8b-Instruct-bnb-4bit” from Hugging Face [6]. We choose
the instruction-tuned version as it already understands the
input-output principle, having been trained in a chat format.
Additionally, the quantized version facilitates faster training,
which is advantageous for our data-centric method as we
train and compare many different models. To further enhance
the fine-tuning process, we integrate LoRA [44]. Training
and evaluation are conducted sequentially using a single
Nvidia A100 GPU with 40 GB of memory. Completing all
48 dataset variations requires approximately 35.2 hours in
total runtime. For the creation of labels and augmentations,
we use approximately 16 million tokens. While our method
can be applied to any model, the choice of model may
vary depending on the specific tasks. For multiple complex
tasks, larger models might be preferable. However, as the
performance of these models continues to improve, even
smaller models could also be effective candidates.

E. PERFORMANCE EVALUATION

In the following, we describe the evaluation metrics used for
the industry use case and how the qualitative evaluation is
conducted.

1) QUALITATIVE EVALUATION
For the qualitative evaluation, we engage domain experts
from the industry partner TenneT to assess whether the
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quality of the extracted requirements meets their standards.
This qualitative assessment aims to verify if the models
are generally capable of solving the task effectively and to
cross-check the quantitative results. In weekly workshops,
four TenneT domain experts analyzed model predictions
on a test dataset of size 185 and compared them with the
requirements extracted by the external service provider. They
reviewed model outputs against requirements produced by an
external service provider, evaluating both contextual accuracy
and adherence to syntactic guidelines (based on the INCOSE
Guide for Writing Requirements [42]).

2) QUANTITATIVE EVALUATION

As there is no specific metric to evaluate the accuracy
of requirement extraction, we utilize several well-known
metrics to gain insights into the model performances.
We apply both statistical and LLM-based scores to the
predictions on the test dataset, calculating the average
for all test instances. The metrics used include Absolute
Error, LangChain Accuracy Score, LangChain Criteria Score,
Rouge L, Rouge 1, Rouge 2, SacreBLEU, Google BLEU,
Meteor, Bert Precision, Bert Recall, and Bert F1 [41],
[45], [46], [47], [48]. The absolute error measures the
difference between the number of requirements extracted
and the number of requirements extracted by the external
service provider. The LangChain Accuracy Score uses GPT-
4-turbo to evaluate how closely the model output aligns with
the reference answers based on a score between 1 (The
answer is completely unrelated to the reference) and 10 (The
answer is completely accurate and aligns perfectly with the
reference). The LangChain Criteria Score uses GPT-4-turbo
to evaluate the output based on multiple custom criteria
(completeness of the extraction, accuracy of the content,
sentence structure and dictionary format). If all criteria are
met, the score assigned to this prediction is one. If one or
more criteria are not fulfilled, the score is zero. Additionally,
to assess the mean performance and consistency of the
models, we include the standard deviation (std) of the scores
achieved on the test dataset. For the Criteria Score, we do not
report the std due to the binary characteristic.

V. RESULTS
In this section, we present the results of our method applied
to the industry use case of TenneT.

A. QUALITATIVE RESULTS

The results indicate that the performance of all models is on
par with that of the external service provider. The quality
of the model outputs appears to be sufficient for practical
application. Unlike the manual extraction performed by the
external service provider, which is susceptible to human
errors, the automated pipeline of the SLM minimizes such
risks and allows for systematic enhancements to ensure
greater accuracy and reliability. Additionally, the quality
of the SLM outputs seems to be more consistent, as the
external service provider’s quality can vary depending on
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TABLE 2. Overview of the different dataset variations V. Note that if an augmentation is included, it is included for all data pools Ds used in the dataset
variation V. A filled circle (®) indicates the presence of a specific augmentation or data pool in the corresponding dataset variation.
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| |
| | Vor | Vo2 | Vo3 | Voa | Vos | Vos | Vor | Vos | Voo | Vio | Vir | Viz | Viz | Via | Vis | Vie |
D1 [ o o [ ([ ([ J ([ [ o o ([ ( ([ J [ o o
Do [ o o o o ([ J [ [ o o o ([ J ([ J [ o o
D3 o [ J [ J [ J ( ([ J o o

a() o o | o | o o | o | o
as() o | o o | o o | o o | o
as () ° ° ° ° ° ° ° °

| | Dataset Variations V17 to Vsz |
| | Viz | Vis | Vio | Vao | Va1 | Vaa | Vaz | Vaa | Vas | Vae | Var | Vas | Vo | Vao | Va1 | Va2 |
Dy ([ [ [ ([ ([ J ([ J ([ [

Do o o ([ ([ J ([ J [ o o
D3 [ o o o o ( J [ [ o o o ( ] [ J [ o o
ar() o o | o | oo o | o o | o
as() ° o | o ° o | o
as() ° ° ° ° ° ° ° °

| | Dataset Variations V33 to Vyg |
| | Vaz | Vaa | Vas | Vae | Var | Vas | V3o | Vao | Va1 | Vaz | Vaz | Vaa | Vas | Vae | Var | Vas |
D1 [ J o o o

Do ([ o [ ([ ([ [

D3 ([ J [ o
ar() o | o | o °

az(.) [ ] [ ] L J [

as() ° ° ° ° °

the individual performing the extraction. However, in this
particular use case, the differences between the models
are too small to be discerned through qualitative analysis
alone. Errors that occur are typically due to missing
context within given requirements or text phrases that are
formulated as requirements but require external knowledge
to correctly classify as additional information rather than
actual requirements. Nevertheless, the inaccuracies and
performance differences among the models are too minor
for a meaningful qualitative assessment, underscoring the
importance of quantitative evaluation.

B. QUANTITATIVE RESULTS

First, we evaluate the different models derived from various
dataset variations by examining their mean performances
across the metrics presented in Section IV-E2. The complete
results are presented in Table 3. The selection of metrics is
non-trivial, and we aim to objectively report the observed
effects of our data-centric method on each of them.

Figure 5(a) illustrates the improvements of each model
compared to the baseline SLM, which is the out-of-the-
box pretrained model without any fine-tuning. Our central
conclusion of this analysis is that even the most elementary
fine-tuning, conducted using our data-centric method, out-
performs the baseline to a considerable extent. Figure 5(b)
provides a direct comparison between the dataset variations
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and GPT-4-turbo. It is noteworthy that all dataset variations
consistently outperform GPT-4-turbo across the majority
of metrics, although GPT-4-turbo remains competitive in
specific metrics, such as Bert Precision and Average Criterion
Score. Figure 5(c), provides a more detailed exploration of
the range of performances achieved by the different datasets.
The best-performing variations consistently yield high per-
formances, while even the least effective dataset variations
show competitive results in certain metrics. In addition to
mean performance, the consistency of the models is also
crucial. Figure 6 displays the std for each model across all
metrics.

It is important to note that a consistent model does
not necessarily imply high quality. For instance, while the
baseline model appears to be the most consistent (except
for the accuracy score using LangChain), it performs worse
across all metrics compared to the fine-tuned models as
shown in Figure 6(a). Figure 6(c) illustrates that the most
effective dataset variations exhibit minimal variation across
metrics, indicating consistent and reliable performance. Con-
versely, the least effective variations demonstrate a greater
degree of inconsistency, with greater variation observed
in the std in metrics across multiple runs. For a more
detailed analysis of the individual impact of each individual
augmentation variant, we provide an ablation study in
Section VII.
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FIGURE 5. Detailed analysis of the performances achieved by the different dataset variations with respect to the discussed metrics. Each metric has been
standardized by its mean and standard deviation to facilitate better comparison. (a): Comparing all dataset variations vs. the baseline (not fine-tuned
model). (b): Highlighting the range of performances acchived by the best and worst dataset variation (excluding the baseline). (c): Showing the

consistency of top 5 and worst 5 dataset variations.
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FIGURE 6. Analysis of the performance variation (std) achieved over multiple runs by the different dataset variations with respect to the discussed
metrics. (a): Comparing all dataset variations vs. the baseline (not fine-tuned model) with respect to the std of each metric across multiple runs. (b):
Highlighting the different levels of robustness of performances, highlighting the highest and lowest std of dataset variation. (c): Highlighting the std

of top 5 and worst 5 dataset variation.

C. DECISION RULE

As the qualitative results shows that all models are principally
meeting the required quality standard, we decide using the
quantitative analysis. We rank the models regarding mean
performance and consistency and select the model with the
best-weighted rank over both categories. The decision rule
highly depends on the use case and should be elaborated
on by domain experts. For example, it should be discussed
which metrics should be considered and how to prioritize
performance and consistency. In our use case, dataset
variation Vjs leads to the most favorable model. It consists
of all three data pools and the augmentations of these using

ai(.).

VI. DISCUSSION
Our empirical results demonstrate that a data-centric
approach to fine-tuning SLMs can yield performance levels
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that are both quantitatively and practically comparable to
human-generated requirement extractions. Moreover, several
fine-tuned models perform competitively against large-scale
LLMs like GPT-4-turbo. By systematically curating data
pools and applying targeted augmentation techniques,
we effectively mitigate the initial scarcity of labeled data and
improved both the mean performance and consistency of the
model across various evaluation metrics. From a method-
ological standpoint, this study highlights the importance
of data quality, diversity, and representation for special-
ized tasks. Rather than relying on large general-purpose
models, we show that refining a smaller model using a
carefully selected and augmented dataset of domain-relevant
texts can meet the specific requirements of a real-world
industrial application. Notably, several dataset variations
outperform GPT-4-turbo according to the majority of our
metrics, including LLM-based scoring measures, showing
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that fine-tuned SLMs can reach or exceed the performance
of their larger counterparts on domain-specific downstream
tasks. Qualitative assessments by domain experts further
confirm that the SLM’s outputs were sufficiently accurate
and consistent for practical use, reducing the need for
costly external service providers. This expert validation,
combined with quantitative metrics, indicates that SLMs
refined through a data-centric approach can reliably achieve
production-level quality. In fact, the tuned SLM produced
more consistent and reliable results than human service
providers in this particular case.

A. PRACTICAL & THEORETICAL IMPLICATIONS
These findings carry direct implications for organiza-
tions integrating language models into sensitive, domain-
specific workflows. Rather than adopting large proprietary
LLMs—which may raise concerns related to data privacy,
high operational costs, or vendor lock-in-organizations can
fine-tune SLMs on-premises. This method reduces data
exposure risks, improves cost efficiency, and maintains
performance aligned with organizational standards. The
generalization of the method to other domains, therefore,
offers transformative potential, especially for applications
that are affected by one of the three concerns mentioned.
From a theoretical perspective, our work supports the
data-centric Al principle, showing that performance in
specialized domains depends more on data suitability
and preparation than on model size alone. By focus-
ing on prompt refinement, dataset augmentation, and
domain-specific labeling methods, substantial gains in pre-
dictive accuracy and consistency can be achieved with-
out resorting to resource-intensive models. In addition,
our data-centric fine-tuning method can serve as a tem-
plate for developing more advanced fine-tuning pipelines,
providing a starting point for future refinement and
expansion.

B. LIMITATIONS & FUTURE WORK

A key assumption of our method is the availability of an
LLM capable of accurately generating labels via prompt
engineering. This implies that the quality of these labels could
set the upper bound for the quality of the fine-tuned SLM.
However, our results show that a fine-tuned SLM can, in some
cases, exceed the performance of the LLM used to generate
its training labels. The prompts for labeling play a crucial
role as they significantly impact the quality of the generated
labels. Currently, prompt engineering is performed manually
with the help of experts, which is a time-intensive process.
Additionally, there are no clear guidelines to determine
when a prompt is sufficiently optimized. Future work could
focus on developing and including an automated prompt
engineering method that iteratively improves the prompt to
achieve the desired quality on sample instances [36]. This
could reduce the time required from experts and automate
the entire method. In addition, more customized evaluation
metrics could improve the evaluation of different models
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trained on different training datasets. The two LLM-based
scoring methods (LangChain Accuracy and LangChain
Criteria Score) offer scalable and automated evaluation,
but they inherently rely on the underlying language model
and may introduce systematic biases. Future work could
investigate the impact of the language model used and the
design of these scores. Currently, our method is evaluated
on a single downstream task and is not meant to be used in
zero-shot or cross-task scenarios. This limitation reinforces
the importance of clear task definition and targeted data
preparation in domain-specific applications. Extending our
method to automatically generate training datasets optimized
for different tasks, including other domains (e.g., medical or
legal requirement extraction) or multi-task scenarios (e.g.,
simultaneous requirement and risk extraction), could broaden
the applicability and efficiency of data-centric fine-tuning
pipelines. For instance, in healthcare, domain-specific LLMs
have already shown promising results in data-scarce and
data-sensitive environments, such as medical documenta-
tion [11]. Similarly, in the development of robust IoT security,
integrating generative Al and LLMs holds great potential
for tasks like cyber threat detection or penetration testing,
although it requires careful consideration of data privacy [49].
Furthermore, the required computational resources depend
heavily on the chosen model and the amount of available
data. Future work could conduct multiple benchmarking
analyses based on different models and dataset sizes. These
analyses would provide more comprehensive and precise
recommendations for the final training dataset, as well as
reveal the impact of these variables.

VIi. CONCLUSION

This paper presents a data-centric fine-tuning method for
SLMs tailored to the automated extraction of technical
requirements, addressing challenges associated with lim-
ited labeled data and the need for secure, on-premise
processing. Applied to a real-world industry use case,
our method systematically enhances training data quality
through prompt engineering and augmentation techniques,
yielding models that outperform a baseline SLM, rival
GPT-4-turbo, and achieve quality on par with external
service providers. The method demonstrates how fine-tuned
SLMs can maintain performance consistency, reduce costs,
and ensure data privacy. While our prompt engineering
strategy proved effective, further automation may stream-
line this process, reducing the need for extensive expert
input. Future work could extend the applicability of this
method to other domains, tasks, or multi-task settings,
thus optimizing model fine-tuning in data-constrained
environments.

APPENDIX A

ABLATION STUDY

To isolate the impact of individual augmentation strategies,
we present an ablation study that isolates the impact of
the basic dataset variations used throughout our experi-
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FIGURE 7. Detailed analysis of the performances achieved by the different dataset variations with respect to the
discussed metrics. Each metric has been standardized by its mean and standard deviation to facilitate better
comparison. (a): Comparing all dataset variations vs. the baseline (not fine-tuned model) with focus on dataset
variation Vj; (no augmentation), Vy, (“random-number replacement”, as), Vo3 (“back-translation”, a,), and V5
(“rewriting”, @, ). (b): Highlighting the range of performances (excluding the baseline).
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FIGURE 8. Analysis of the performance variation (std) achieved over multiple runs by the different dataset variations
with respect to the discussed metrics. (a): Comparing all dataset variations vs. the baseline (not fine-tuned model)
with respect to the std of each metric on the test dataset with focus on dataset variation Vy; (no augmentation), Vg,
(random-number replacement, as), Vg3 (back-translation, a,), and V5 (rewriting, a;). (b): Highlighting the different
levels of robustness of performances (excluding the baseline).

ments. We highlight four key dataset variations: Vp; (no
augmentation), Vo (random-number replacement, az), Vo3
(back-translation, a;), and Vs (rewriting, ay).

Figure 7 and Figure 8 compare these variants against
each other, the baseline (pre-trained but not fine-tuned
model), and the overall best- and worst-performing vari-
ations. While each basic augmentation improves some
metrics, none dominates across the entire metric suite.
The same holds for standard-deviation plots, which reflect
consistency. No single augmentation universally reduces
variability, and several other (non-basic) dataset variations
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outperform the highlighted ones in both mean performance
and robustness. Taken together, these findings underscore the
need for systematic experimentation with multiple dataset
variations rather than relying on any single augmentation
strategy.

APPENDIX B

EXTENSIVE RESULTS

Table 3 shows the quantitative performance metrics corre-
sponding to Figure 5.
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TABLE 3. Detailed analysis of the performances achieved by the different dataset variations with respect to the discussed metrics.
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Vou 0.96 0.51 2.68 0.90 0.92 0.53 0.65 091 064 | 042 | 040 | 0.48
Vas 0.96 0.54 2.52 0.90 0.92 0.53 0.65 0.91 064 | 042 | 040 | 0.48
Vo | 096 | 050 | 231 | 090 | 092 | 053 | 0.65 | 091 | 0.65 | 043 | 041 | 0.48
Vaor 0.96 0.48 2.30 0.90 0.92 0.53 0.64 091 0.65 042 | 040 | 0.48
Vag 0.96 0.48 2.27 0.90 0.92 0.54 | 0.64 091 0.65 0.43 0.41 0.48
Vag 0.96 0.53 2.59 0.90 0.92 0.53 0.64 091 0.65 042 | 040 | 0.48
V30 0.96 0.50 2.32 0.90 0.92 0.53 0.65 091 0.65 042 | 041 0.48
V31 0.96 0.51 2.21 0.90 0.92 0.54 | 0.64 091 0.65 0.43 0.41 0.48
V3o 0.95 0.51 2.37 0.90 0.92 0.53 0.64 091 064 | 042 | 040 | 0.48
Vas | 097 | 051 | 244 | 090 | 092 | 053 | 0.64 | 091 | 0.64 | 042 | 040 | 0.48
V34 0.96 0.51 2.34 0.90 0.92 0.53 0.64 091 0.65 042 | 041 0.48
V35 0.97 0.50 2.17 0.90 0.92 0.54 | 0.64 0.91 0.65 0.43 0.41 0.48
Vag | 097 | 051 | 239 | 090 | 092 | 053 | 0.64 | 091 | 0.64 | 042 | 040 | 0.48
V37 0.96 0.54 2.27 0.90 0.92 0.54 | 0.65 091 0.65 0.43 0.41 0.49
V3s 0.96 0.55 242 0.90 0.92 0.53 0.65 091 0.65 042 | 041 0.48
Vag | 097 | 054 | 256 | 090 | 091 | 053 | 0.64 | 091 | 0.64 | 042 | 040 | 0.48
V40 0.96 0.52 2.36 0.90 0.92 0.53 0.64 091 064 | 042 | 040 | 0.48
Va1 0.86 0.33 2.99 0.91 0.90 0.52 | 0.62 0.90 0.62 0.41 0.39 0.46
V4o 091 0.41 2.42 0.91 091 0.53 0.64 091 064 | 042 | 040 | 0.48
V43 0.89 0.44 2.18 091 091 0.54 | 0.64 091 0.65 0.43 0.41 0.48
Vs 0.82 0.31 2.08 0.91 091 0.53 0.63 091 064 | 042 | 040 | 0.48
Vs 0.96 0.49 2.48 0.90 091 0.52 | 0.64 0.91 064 | 042 | 040 | 0.47
Vig | 096 | 050 | 2.38 | 090 | 092 | 053 | 0.64 | 091 | 0.64 | 042 | 040 | 0.48
T 0.96 0.48 2.58 0.90 0.92 0.53 0.65 091 064 | 042 | 040 | 0.47
Vs 0.95 0.52 2.45 0.90 0.92 0.53 0.64 091 064 | 042 | 040 | 0.47

A. DECLARATION OF GENERATIVE Al AND AI-ASSISTED REFERENCES

TECHNOLOGIES IN THE WRITING PROCESS
During the preparation of this work, the authors used
ChatGPT and DeepL Write in order to assist with language
refinement and clarity. After using these tools, the authors
reviewed and edited the content as needed and take full
responsibility for the content of the published article.
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