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Abstract

The research field of Natural Language Processing (NLP) has experienced
amajor shift since the introduction of Large Language Models (LLMs). All
facets and application scenarios within NLP have been impacted by the
use of LLMs. Current research as well as practice of text processing tools
is focused mainly on the application and development of LLMs. Major in-
vestments, not only by LLM providers but also other companies applying
LLMs in their workflows, have only solidified the role of LLMs in NLP —
and in other research and application areas — as part of the artificial intel-
ligence boom in recent years.

However, limitations and downsides of the application of LLMs have
also emerged. Problems regarding the generated texts as well as the en-
vironmental impact of the large-scale use of LLMs are just two of many
factors that should be critically analyzed, despite the hype and the preval-
ence of LLMs for NLP tasks. These restrictions provide the main motiv-
ation for this thesis. Traditional models as alternatives to LLMs will be
discussed from different perspectives. The characterization of traditional
models will be progressively developed as features of alternatives to LLMs
will emerge during the course of this thesis. This process will be grounded
in experiments, observations and evaluations. Several NLP applications
will be presented by surveying the state of the art with neural network-
based models such as LLMs as well as the current usage of traditional
models. The concrete NLP applications comprise information and rela-
tion extraction, text classification, text segmentation, text simplification
and text summarization.

The first half of this thesis will present the emergence of LLMs con-
textualized along previous developments within NLP. Characteristics of
the selected NLP applications will be collected before a structured literat-
ure review will display the prevalence of LLMs regarding each application
and will discuss if traditional models are still actively researched. Lessons
from domains with long-standing development procedures and processes
will also be taken into account to provide a purposeful and structured man-
ner of approaching NLP tasks. A collection of challenges within current
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NLP will conclude the first half of the thesis, which will serve as motiva-
tion for the analysis of experiments and applications of the latter half.

The second half of this thesis will present observations and evaluations
from use cases, aligned towards the challenges recognized in the first half.
Through the analysis of these use cases, benefits of applying traditional
models will be collected and supported, in particular through the analysis
of a text segmentation use case that is purposefully applied with the les-
sons drawn from the first half of the thesis in mind. The interpretation
of these results will conclude in a discussion on the applicability of tradi-
tional models in contrast to LLMs and also give recommendations of both
model types for different use cases.

Concrete use cases for information extraction, entity matching, text clas-
sification and text segmentation will be presented, in which traditional
models match or surpass the performance of modern methods. Through
improved efficiency as well as enhanced explainability and reproducibil-
ity in comparison with neural network-based techniques, these showcases
demonstrate the continued relevancy of traditional techniques in today’s
NLP landscape.

Overall, this thesis discusses the role of traditional models in current
NLP research and practice, especially in contrast and comparison to mod-
ern neural network-based approaches including LLMs. The applicability
of modern and less modern techniques is analyzed through a case-based
analysis of NLP tasks in a structured and purposeful manner.
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Kurzfassung (German Summary)

Das Forschungsgebiet der natiirlichen Sprachverarbeitung — Natural Lan-
guage Processing (NLP) —hat seit der Einfithrung groer Sprachmodelle —
Large Language Models (LLMs) — einen grundlegenden Wandel erfahren.
Alle Aspekte und Anwendungsszenarien in der NLP wurden durch den
Einsatz von LLMs beeinflusst. Die aktuelle Forschung sowie die Anwen-
dung von Textverarbeitungswerkzeugen konzentrieren sich hauptsich-
lich auf die Anwendung und Entwicklung von LLMs. Umfangreiche In-
vestitionen nicht nur von LLM-Anbietern sondern auch von anderen Un-
ternehmen, die LLMs in ihren Arbeitsabliufen und Pipelines einsetzen,
haben die Rolle von LLMs in der NLP und dariiber hinaus als Teil des
Booms der kiinstlichen Intelligenz in den letzten Jahren nur noch gefes-
tigt.

Allerdings sind auch Einschrinkungen und Nachteile von LLMs er-
sichtlich geworden. Probleme in den generierten Texten sowie die Aus-
wirkungen auf die Umwelt durch den weitreichenden Einsatz von LL-
Ms sind nur zwei von vielen Faktoren, die trotz des Hypes und der Ver-
breitung von LLMs fiir NLP-Aufgaben kritisch analysiert werden sollten.
Diese Einschrinkungen bilden die Hauptmotivation fiir diese Doktorar-
beit. Traditionelle Modelle als Alternativen zu LLMs werden dabei aus
verschiedenen Perspektiven beleuchtet. Die Charakterisierung traditionel-
ler Modelle wird schrittweise weiterentwickelt, da sich im Laufe der Ar-
beit Merkmale alternativer Lésungen zu LLMs herauskristallisieren wer-
den. Dieser Prozess wird auf Experimenten, Beobachtungen und Eva-
luationen basieren. Es werden mehrere NLP-Anwendungen vorgestellt,
wobei der aktuelle Stand der Technik sowohl von Modellen basierend
auf neuronalen Netzwerken und LLMs als auch die Nutzung traditio-
neller Modelle in diesen Anwendungen untersucht werden. Die konkre-
ten NLP-Anwendungen umfassen Informations- und Relationsextrakti-
on, Textklassifizierung, Textsegmentierung, Textvereinfachung und Text-
zusammenfassung.

In der ersten Hilfte dieser Doktorarbeit wird die Entstehung von LL-
Ms im Kontext fritherer Entwicklungen innerhalb der NLP vorgestellt. Es
werden Merkmale der ausgewihlten NLP-Anwendungen gesammelt be-



vor in einer strukturierten Literaturrecherche sowohl die Verbreitung von
LLMs in Bezug auf jede der genannten Anwendungen als auch die Frage,
ob traditionelle Modelle noch aktiv erforscht werden, einer Diskussion
unterzogen werden. Dabei werden auch Erkenntnisse aus Bereichen mit
langjihrigen Entwicklungsverfahren und -prozessen beriicksichtigt, um
einen zielgerichteten und strukturierten Ansatz fiir NLP-Aufgaben zu er-
moglichen. Eine Zusammenstellung der Herausforderungen innerhalb
der aktuellen NLP bildet den Abschluss der ersten Hilfte der Doktorarbeit
und dient als Motivation fiir die Analyse von Experimenten und Anwen-
dungsfillen in der zweiten Hilfte.

Die zweite Hilfte dieser Doktorarbeit prisentiert Beobachtungen und
Evaluationen aus Anwendungsfillen, die auf die oben erwihnten Heraus-
forderungen abgestimmt sind. Durch die Analyse dieser Anwendungs-
fille werden Vorteile gesammelt, die durch die Verwendung traditionel-
ler Modelle beobachtet werden, insbesondere durch die Anwendung auf
ein Textsegmentierungsproblem, welches gezielt unter Beriicksichtigung
der Erkenntnisse aus der ersten Hilfte der Doktorarbeit bearbeitet wird.
Die Interpretation dieser Ergebnisse miindet in einer Diskussion der An-
wendbarkeit traditioneller Modelle gegentiber LLMs und Empfehlungen
fuir beide Modelltypen fiir verschiedene Anwendungsfille.

Konkrete Anwendungsfille zur Informationsextraktion, Entititenab-
gleich, Textklassifizierung und Textsegmentierung werden vorgestellt, in
denen traditionelle Modelle die Leistung moderner Methoden erreichen
oder tibertreffen. Durch eine verbesserte Effizienz sowie erhohte Erklar-
barkeit und Reproduzierbarkeit im Vergleich zu neuronalen netzwerkba-
sierten Techniken zeigen diese Beispiele die anhaltende Relevanz traditio-
neller Techniken in der heutigen NLP-Forschungslandschatft.

Insgesamt befasst sich diese Doktorarbeit mit der Rolle traditioneller
Modelle in der aktuellen NLP-Forschung und -Praxis, insbesondere im
Kontrast und Vergleich zu modernen, auf neuronalen Netzwerken ba-
sierenden Ansitzen und LLMs. Anhand einer fallbasierten Analyse von
NLP-Aufgaben wird die Anwendbarkeit moderner und weniger moder-
ner Techniken analysiert und auf strukturierte und zielgerichtete Weise
dargestellt.
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1 Introduction

“Writing is perhaps the greatest of human inventions, binding
together people who never knew each other, citizens of distant
epochs.” [Sagan, 1995, p. 281]

Text as a medium is everywhere around us. The role of text in all facets ey & ran-
of life cannot be overstated, may it be written text, ranging from personal 8uage
letters to news articles all the way to scientific publication. Even spoken
language is nowadays easily transformed into written text. While the use

of language, especially written text, is seen as a distinctive human ac-
complishment, recently a new communication partner has emerged with
capabilities of producing language, often with human-like semblance in

terms of quality of the produced text.!

This new partner refers to Large Language Models (LLMs). Prior t0 Large
such models, a form of language was already produced by earlier tech- ij‘é‘dg;zge
niques and systems, e.g., by applying statistical methods or rule-based ap-
proaches, but in a much more limited and constrained manner. Through
LLMs, however, the kind of written text referred to as the greatest of hu-
man inventions as characterized in the above quote, while still based on
that invention, was now available for non-humans as well. The ability to
produce text in a generative and abstractive manner, most prominently
through a chat-based interface, has enabled new and impressive capabil-
ities and application scenarios through the use of such LLMs.

The manner in which earlier techniques of Natural Language Pro- naural
cessing (NLP) were able to process text was much more analytical and ]l;if)lcg::frelg
less generative. Approaches for information extraction or text classifica-
tion purposes, or even when new text was created in text summarization,
usually produced output in a fixed or extractive way. Instead, the abstract-
ive and creative generation of new text was only recently advanced through
the introduction of neural network-based systems trained on large data-
sets. Thus, the analogy between the invention of writing as a human

1 References are largely omitted in this chapter due to the general nature of the introduc-
tion and to improve readability. However, references will be included in the subsequent
chapters.
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achievement and the capabilities of neural networks that are modeled after
neurons and the human brain might be somewhat farfetched. However,
it cannot be denied that the introduction of neural networks and systems
based on the transformer architecture [Vaswani et al., 2017] has impacted
every facet of NLP and, through the rise of LLMs, many parts of our daily
life. While the capabilities of LLMs are impressive and the hype initialized
by LLM providers is — at least in 2025 - still ongoing, drawbacks, limita-
tions and clear disadvantages through the training, use and application of
LLMs have become apparent.

As a consequence, an analysis is justified, if and when LLMs are re-
quired for NLP tasks and if the generative nature of LLMs is the desired
technique of approaching every problem. Other and often older tech-
niques are a potential alternative. These techniques, which will be re-
ferred to as traditional models,> exhibit widely differing features, but in
most cases present advantages in several dimensions in contrast to LLMs,
such as efficiency, explainability and reproducibility. Additionally, tradi-
tional models are intended for a dedicated desired use case and not all-
purpose software as their modern counterparts. Therefore, traditional
models are more constrained and built for a specific NLP task, which at
first might seem like a limiting factor but can also work as an advantage
due to the features listed above. This thesis will attempt to provide an over-
view of traditional models in contrast to modern neural network-based
methods, with limitations, benefits and recommendations of both types
of models. Through the analysis in this thesis, LLMs as a human invention
in reference to the introductory quote will be critically reviewed regarding
several NLP tasks, in particular in contrast to applicable traditional mod-
els. The research questions and problem statement will be presented in
the next Section 1.1, before the thesis structure is laid out in Section 1.2.

1.1 Problem Statement

NLP is a broad research field, with dozens of different tasks and research
perspectives. Not only due to the rise of LLMs, but certainly contributed by
this development, the interest in NLP has increased in recent years with
a sharp uptick in published papers. This growth has also led to boosted
contributions in software projects concerned with text processing and to a

2 A definition of traditional techniques, as used in this thesis, will be attempted in Sec-
tion 2.5 and once again later in the thesis in a renewed attempt of the same definition in
Section 8.6.



1.1 Problem Statement

surge in conferences and their size. While this development is not always
met with appreciation, higher visibility regarding NLP has certainly also
led to increased opportunities regarding research and practice, for indi-
viduals, research institutes and businesses altogether. Due to the breadth
of this field, it is necessary to narrow the research goals for this thesis. Sev-
eral applications will be defined below in Chapter 3, which will be more
closely analyzed for this thesis according to the following research ques-
tions:

c Are traditional models still in use in current NLP applications and
NLP research?

e Which NLP tasks can be processed with traditional models yield-
ing performance competitive with modern neural network-based
approaches?

e What are potential benefits of using traditional models?

e How can a systematic approach support the selection of appropriate
methods for different NLP tasks?

Research question @) will be conducted using a Structured Literature
Review (SLR), which will be presented in Section 4.1. First learnings re-
garding the second research question @) can also be noted through the
SLR. The analysis of use cases and corresponding limitations of the re-
spective tasks, as well as observations as part of the implementations, are
mainly referenced in Chapters 7 and 9. Research question @) is the nat-
ural follow-up to research question @), i.e., the advantages of traditional
models in use today, especially in contrast to modern LLMs. Potential av-
enues for improvement by using traditional techniques can be envisioned
when considering the drawbacks and limitations of using LLMs for NLP
tasks, as presented in Chapter 6, as well as in Chapter 8 for the potential
benefits when using traditional models. Similarly to research question
©. rescarch question @) is also referenced in Chapter 9 regarding the use
case of text segmentation and the discussion on applicability of techniques
for different tasks as part of Chapter 10. The final research question )
will be analyzed in several parts of this thesis, but mainly in Chapters 5,
9 and 10, as other disciplines and their perspectives present opportunit-
ies for NLP. Further details regarding the structure of this thesis will be
presented in the next section.

Research
Questions

Extent of
Research
Questions
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1.2 Thesis Structure

This thesis can be split into two halves. The first half, from Chapter 1
to Chapter 6, is focused on setting the stage for the observations, evalu-
ations and experiments presented in the latter half, through focused liter-
ature work, interdisciplinary research and the identification of challenges
for NLP tasks. The second half, from Chapter 7 to Chapter 11, is inten-
ded to utilize the learnings from the former half, through use cases and
interpretation of results.

After the introduction in the current chapter, the evolution towards the
recent explosive emergence of LLMs will be presented in Chapter 2, fo-
cused on applications and milestones of this development. The following
Chapter 3 will define the applications that will be analyzed in this thesis,
with brief definitions and descriptions of each application. Subsequently,
Chapter 4 includes the SLR on the use of traditional models in current
NLP research and a high-level comparison of text processing methods.
Connected to this application-focused work is Chapter 5, in which differ-
ent domains will take center stage, in particular engineering and design
theory. Perspectives and learnings from these domains will be transferred
to NLP tasks and problems. Afterwards, and concluding the first half of
this thesis, challenges in current NLP research and practice will be presen-
ted in Chapter 6 such as hallucinations, lacking metrics and the focus on
research and datasets concerned with the English language.

Chapter 7 marks the beginning of the second half of this thesis and
builds on the previous chapter, i.e., the challenges presented there will be
discussed from the perspective of selected use cases and to what extent
those challenges are observed. Benefits of using traditional approaches
will be detailed in Chapter 8, supported by observations and evaluations
of the applications from the prior Chapters 6 and 7. To support the find-
ings of the chapter on benefits of traditional models, an analysis on a new
use case is given in Chapter 9. Direct references to Chapter 5 and its per-
spectives from other domains and learnings thereof will be applied in this
Chapter 9, especially for the initialization phase of the project. The les-
sons learned from all analyzed use cases in this thesis will be highlighted
in Chapter 10 and the applicability of techniques for different NLP tasks
will be given, both from the perspective of the techniques and as recom-
mendations for different tasks. Finally, Chapter 11 will close this thesis.



2 Present Landscape of NLP
Techniques

In this chapter, an overview will be presented regarding the major shifts
of NLP methods. This overview will help to classify the overarching theme
of this thesis, namely the contrast between traditional techniques and
the state of the art, which in the middle of the 2020s mainly consists
of LLMs. In Section 2.1 a short look at some linguistic background will
be provided as well as at its influence on the ability to process textual in-
formation. After laying the groundwork with some earlier techniques and
models in Section 2.2, the shift towards approaches using machine learn-
ing techniques will be discussed in Section 2.3, in which a certain gray
area between traditional techniques and modern LLMs will be identified.
Furthermore, the modern state of the art is the focus of Section 2.4, in
which the release of ChatGPT, based on the Generative Pre-trained Trans-
former (GPT) language model, in 2022 is characterized as a milestone,
changing the research field of NLP in a nearly all-encompassing way. Fi-
nally, an attempt at defining the term traditional technique will be made in
Section 2.5.

2.1 Foundations of Natural Language Processing

The research discipline of linguistics incorporates the study of different
properties of languages and subdisciplines including but not limited to
phonetics, morphology, syntax, semantics and pragmatics. All these re-
search fields, and more, are used in NLP. While a complete overview is
not in scope, the discoveries and insights of the linguistic disciplines are
still part of the very foundation of this thesis. As a brief reference to the
importance of linguistics for NLP, a few applications will be mentioned
here, before later being discussed in the relevant parts of the thesis in
more detail. Within these applications, linguistic properties such as mor-
phology are a part of widely used tools of processing pipelines, e.g., stem-

Linguistic
Background
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2 Present Landscape of NLP Techniques

mers [Porter, 2001] or lemmatizers [Jurafsky and Martin, 2024, p. 23f].3
Other linguistic properties include syntactical analysis*, which is used to
gauge the cohesiveness of text units, or semantics’, for determining char-
acteristics such as text complexity.

Working with text as a medium enables certain possibilities while also
increasing difficulty compared to other mediums. Text, as is common
for articles, chat messages or publications, is unstructured in a myriad of
ways due to the freedom of human use of language, especially in terms
of syntax, semantics and pragmatics. However, this freedom results in
problems when transforming text in a representation that enables the pro-
cessing of the data. These problems can become apparent when normal-
izing the data or when applying typical processing steps such as tokeniz-
ation [Jurafsky and Martin, 2024, p. 4f.]. Simple models such as Bag of
Words (BoW), referenced as early as the 1950s in Harris [1954], or more
complex vector representation such as word2vec [Mikolov, 2013] enable
calculations in order to compare, contrast and further analyze text. These
approaches provide the groundwork for even more sophisticated LLMs.

The transformation of text into a mathematical representation results
in certain restrictions that need to be taken into account. One such re-
striction is the problem of dimensionality when processing huge corpora,
which in a simple BoW model would result in a prohibitively large num-
ber of dimensions since each unique word would represent one such di-
mension.® Another problem is data sparsity. This problem occurs, e.g.,
in similarity computation between sentences represented by Bow mod-
els: Vector representations of sentences contain mostly zero-entries due
to the small number of unique words per sentence compared to the full
corpus so that comparisons between two such vectors yield little inform-
ation. Consecutive words may be in a variety of relations and the most
important other word for a given word may not be in its immediate neigh-
borhood or even in other sentences altogether.”

3 In use for nearly all discussed applications, such as text classification (e.g., in Raab [2023,
p. 30ff)), information extraction (e.g., in Pulver [2023, p. 27]) and text simplification (e.g.,
in Fruth [2022, p. 18]). Many of the cited applications here and in the following are part of
supervised students’ theses. An introduction to those theses will be given in Chapter 7.

4 See text segmentation (e.g., in Jegan and Henrich [2025b, p. 276]) or text summarization
(e.g., in Dal Cin [2025, p. 29]).

> See text simplification (e.g., in Fruth [2022, p. 17]) and text summarization (e.g., in
Dal Cin [2025, p. 29)).

6 The distinction between discrete data types, such as natural language, and continuous
data types, such as images when viewed from a computer vision perspective, is analyzed,
e.g., in Cartuyvels et al. [2021], but will not be discussed further in this thesis.

7 The restrictions noted here will be covered once again in Section 2.3.
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In textual data, processing pipelines include aspects such as tokeniz-
ation, lemmatization, stemming and stop word elimination, which can
all be challenging in their own right or must be adapted for languages
and use cases. Additionally, the choice of how to represent units of
text for further computation, using words, phrases, sentences, n-grams,
Term Frequency-Inverse Document Frequency (TF-IDF) representations
[Jones, 1972; Luhn, 1957] among others or a combination of the above
is crucial for the performance of the selected models [Jurafsky and Mar-
tin, 2024, p. 33ff. and p. 111f1].

While the focus of this thesis will not be on the creation of text represent-
ations or pipeline aspects such as tokenization or feature selection, they
are nevertheless an important part of each of the use cases described in
more detail in Chapter 4. Furthermore, some selection criteria for choos-
ing an appropriate method or technique for a certain application will be
described in Chapter 5 and later exemplary in Chapter 9 for a selected use
case.

2.2 Early Approaches in NLP

Advancements in architectures and techniques enabled a different scale
of model creation and training. These developments, starting at the be-
ginning of this millennium, will be the focus of Section 2.3. However,
prior to using machine learning approaches built on neural networks, lin-
guistic problems were tackled computationally with a variety of different
methods, a small selection of which will be presented here due to their rel-
evancy for the applications shown later in this thesis. First, the analysis
of linguistic properties by hand enabled various NLP applications, see be-
low in Section 2.2.1, and second, machine learning-based processes intro-
duced more capable computational resources to NLP, see Section 2.2.2.

2.2.1 Linguistic Properties

The analysis of textual properties based on linguistic studies was the main
contributor to the early computational approaches in NLP. One example
of such studies is syntactic distributions, classically done by using context-
free grammars,® which enabled the parsing of sentences and thus further

8 Proposed in both Backus [1959] and Chomsky [1956] in the 1950s.
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analysis, e.g., for downstream tasks® such as information extraction or
semantic parsing.

A further example comprises the use of hand-crafted rules or expres-
sions. This class of approaches includes regular expressions, rule-based
systems as well as decision trees, which can be incorporated as part of a
pipeline or stand for themselves, for instance in information extraction
tasks, see Section 3.2 and Pulver [2023]. These approaches from above,
i.e., regular expressions, rule-based systems and decision trees, require
a manual analysis of the respective dataset. Regular expressions are cre-
ated, e.g., in order to filter out certain information from a text such as
Hypertext Markup Language (HTML) tags when using a preprocessing
pipeline to extract the full text of a website or from structured data in
eXtensible Markup Language (XML) files in general. A manual study of
those files is usually recommended to prevent losing context information
that is included in metadata fields or other parts of the structured text.
With a broader application scope, rule-based systems can apply regular
expressions or other rules on problems such as early part-of-speech tag-
ging scenarios [Karlsson et al., 1995], information extraction [Nahm and
Mooney, 2002] or as part of decision trees for coreference resolution [Mc-
Carthy and Lehnert, 1995].

The rules can originate from diverse linguistic fields but defining them
still requires manual work. On the one hand, simple string matching
rules are employed to identify connected elements or discard irrelevant
words [Chiticariu et al., 2010]. On the other hand, morphosyntactic prop-
erties such as part-of-speech tags and numbers as well as lexical features
and more expansive actions, such as lookups within gazetteers, can help
in extracting phrases. All these actions combined can then be applied,
e.g., in coreference resolution [Eisenstein, 2018, p. 367f.].

Two challenges arise from the vast possibilities offered by such linguist-
ically motivated procedures. First, a manual and time-consuming analysis
of the data is the main requirement in order to start rule-based processing
of text, which can vary depending on the length, variety and the degree of
structuredness of the dataset. Second, after a set of properties has been
identified that can represent the rules, the order or the weighting of these
rules need to be investigated and experimented upon. Without going into

9 Although the term downstream task is used here for older models, the term itself would
only rise to a larger prominence much later in the context of (large) language models.
There, pre-trained models based on huge datasets serve as a foundation for such down-
stream tasks, e.g., by fine-tuning on tasks including but not limited to classification or
Named-Entity Recognition (NER) [Eisenstein, 2018, p. 339f.].
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too much detail here, more expansive systems are conceivable such as hy-
brid systems, combining morphosyntactic features as well as lookups in
dictionaries and gazetteers [Farmakiotou et al., 2000] or the identification
of such features as a learning task [Paliouras et al., 2000].

2.2.2 Towards Machine Learning

The learning task of decision trees serves as a transition point in order
to introduce machine learning into the equation. One big advantage of
decision trees and rule-based approaches is their interpretability. How-
ever, the construction of rules, as mentioned above, is time-consuming.
This is why early research in information theory, dating back to the 1980s,
see Quinlan [1986], had begun to shift towards the study of the automatic
synthesis of decision trees from examples.! The core concepts behind
these early systems revolve around the classification of entities within a
dataset, which is treated as a supervised learning problem and thus neces-
sitates a training dataset with labeled data or a domain expert manually
crafting the rules [Quinlan, 1986, p. 83f.]. Classification of the data entit-
ies is then achieved by identifying attributes that can be separated accord-
ing to some information gain, which enables the classification for unseen
samples [Quinlan, 1986, p. 9211.].

While traditionally only one decision tree is created as the output by
the models developed (see above and Quinlan [1986, 1993]), the natural
next step in order to improve the learning of decision trees was utilizing
a large set of suitable decision trees. These iteratively learned decision
trees, which were by design not as optimized as the one produced by,
e.g., C4.5, are intended as “weak learners” [Freund et al., 1996, p. 148f%.],
which can be combined into one composite and improved classifier. Dif-
ferent algorithms were created for these procedures, most famously titled
boosting [Freund et al., 1996]. Conversely, instead of training different de-
cision trees, splitting the dataset was another method innovated around
the same time, called bagging [Breiman, 1996]. New training datasets of
equal size are created by sampling with replacement from the old train-
ing data and decision trees are generated for each newly created training
dataset. The results of each decision tree are weighted equally when cal-
culating the final decision. Both procedures, bagging as well as boosting,

10 Some famous representatives of such systems are ID3 [Quinlan, 1986] and C4.5 [Quin-
lan, 1993].
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are intended to decrease the error rates of classifiers based on a single
decision tree [Quinlan et al., 1996).!!

Taking a step back towards applications within NLP, the learning of de-
cision trees is practically used, e.g., in coreference resolution among oth-
ers. By including morphosyntactic features such as Part of Speech (PoS)
tags, phrase structure, string matching and more as features, decision
trees can be constructed to identify relationships between entities within
a sentence [Soon et al., 2001]. One big advantage of such systems, espe-
cially when compared to modern neural networks, is the explainability
of decision trees and the influence of certain features on a decision. For
example, the impact of the string matching feature can be directly cal-
culated and compared to other features within the same approach [Soon
etal., 2001, p. 534£.].

Boosting as well as bagging can be characterized as ensemble meth-
ods since they both use multiple learning attributes, either in the form of
multiple models or datasets. Another important ensemble method, and a
more often referenced method in later parts of this thesis, is the random
forest algorithm [Ho, 1995; Breiman, 2001]. Expanding from the previ-
ous approaches, random forests introduce random feature selection com-
bined with a bagging approach, i.e., random features are calculated for
each subset of the data, increasing robustness across classification and
regression tasks [Breiman, 2001, p. 21ff.]. In the end, the multitude of
trees comprises the forest, each of them contributing to the result by vot-
ing, in case of a classification task [Breiman, 2001, p. 5f.], or by averaging
across the predictions, when working on a regression task [Breiman, 2001,
p- 25£.].

The previously mentioned machine learning models are rooted in the
tradition of decision trees. However, Breiman, most known for the in-
troduction of bagging [Breiman, 1996] and random forest procedures
[Breiman, 2001], observed similar performance for classification tasks for
a Naive Bayes classifier [Breiman, 2001, p. 23] and further noted the pos-
sibility of even categorizing a random forest system “[...] as a Bayesian
procedure” [Breiman, 2001, p. 29]. Thus, a closer look at other tradi-
tional machine learning techniques seems natural, Naive Bayes being the
first representative. The Naive Bayes classifier, also a supervised learn-
ing method, is based on Bayes’ theorem, dating back to the 18th century
[Bayes, 1763]. The principles of calculating probabilities based on a num-

11 Both algorithms can also be characterized as voting algorithms, which are still in use
in a multitude of facets within machine learning and NLP research [Henrich and Weg-
mann, 2021; Jia et al., 2023).
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ber of conditions have been applied for classification purposes since the
1960s, e.g., in the context of indexing and search library systems [Maron
and Kuhns, 1960]. The independence assumption of Naive Bayes clas-
sifiers is noteworthy here, i.e., features that represent a certain text are
assumed to be independent of each other and attributes such as word po-
sitions are of no importance for this type of classifier [Jurafsky and Mar-
tin, 2024, p. 59]. Thus, correlations between features are irrelevant for
the models’ probabilities and the BoW representation is the usual feature
space for the Naive Bayes approach [Eisenstein, 2018, p. 171.].

Naive Bayes classifiers can be categorized as generative classifiers, i.e.,
amodel is built up that can generate synthetic data, thus providing a class
candidate [Bishop and Nasrabadi, 2006, p. 196f1.]. In contrast, discriminat-
ive classifiers are the other type of category of classification systems. The
name of this category is nearly self-explanatory since features are identi-
fied that can help in discriminating between possible classes for a certain
input without necessarily modeling the distribution of objects within each
class [Bishop and Nasrabadi, 2006, p. 204ff.].1?

The most famous approach within discriminative classifiers is logistic
regression. It should be noted that the goal of logistic regression classi-
fiers is classification instead of regression, as the name of the method
suggests [Bishop and Nasrabadi, 2006, p. 205]. Logistic regression dates
back to the 18th century when it was applied in the analysis of popula-
tion growth, before resurfacing in the field of statistics at the end of the
1960s [Cramer, 2002] and being applied in NLP on word representation
[Schiitze et al., 1995] as well as machine translation [Berger et al., 1996]
tasks. Classifiers using logistic regression analyze the input data, extract
features, apply a weight and use the result within a sigmoid function in
order to produce a classification probability [Jurafsky and Martin, 2024,
p. 77ff.; Ng and Jordan, 2001].1®

Even though the advancements through the machine learning tech-
niques mentioned above enabled new statistic and probabilistic ap-
proaches in NLP, some attributes of texts, and specifically longer texts,
have made the processing of natural language challenging. One problem
is the high dimensionality of approaches based on BoW text representa-

12 The concept of generating and discriminating data will be of importance later in this
thesis in the use case of text simplification as part of a model using Generative Ad-
versarial Networks (GANs) and its main components, a generator and a discriminator,
see Section 7.1.1.

13 Also, logistic regression serves as one important component of many neural networks
and thus can be seen as a precursor for many of the more complex and computationally
expensive models in recent years [Jurafsky and Martin, 2024, p. 77].

11

Generative
vs.
Discrimina-
tive Classifi-
ers

Logistic
Regression

Support Vec-
tor Machines



Role of
Semantics

Latent Se-
mantic
Analysis

2 Present Landscape of NLP Techniques

tions, even though strategies exist, such as stop word filtering or a min-
imum occurrence factor of words in order to be considered as features in
the vector space [Joachims, 1998, p. 138]. The creation of Support Vector
Machines (SVMs) in the 1990s introduced a mechanism to handle high-
dimensional feature spaces in text classification and other machine learn-
ing approaches [Cortes, 1995].1* With SVMs, the potential high number of
features is of lesser importance, due to their characteristic of generalizing
during the learning process, i.e., being independent of the dimensional-
ity of the feature space [Joachims, 1998, p. 138f.]. In essence, SVMs calcu-
late hyperplanes that separate vectors with potentially high dimensionality
into classes, and thus can classify text that is represented by those vectors
[Kudo and Matsumoto, 2000, p. 142f1.].

As will be discussed throughout the thesis, these older machine learn-
ing techniques can still be found in current NLP research. Such obser-
vations are illustrated in Jegan and Henrich [2025a], Section 4.1 and use
cases such as Pulver [2023] for decision trees and Naive Bayes classifiers,
Raab [2023] for SVMs, and Hebeis [2025] for decision tree learning and
random forests.

2.3 Rise of Embeddings and Neural
Network-Based Methods

One area of linguistics, which was not directly included as the main
component of any of the previously mentioned approaches, is semantics.
The meaning of words is indirectly included in characteristics such as
dictionary- and synonymy-lookups as part of decision trees, but not as the
main calculated aspect of a learning method. This changed at the turn of
the millennium, when vector space embeddings and especially vector se-
mantics emerged as an alternative representation type of text (for further
processing).

The offspring of this school of thought can be traced back to the field of
information retrieval and the experiments resulting in Latent Semantic
Analysis (LSA). In LSA, techniques similar to the future embeddings
concept were created using singular value decomposition on a term-
document matrix [Deerwester et al., 1990; Jurafsky and Martin, 2024,

14 The foundations of the optimized approaches currently applied as SVMs for machine
learning purposes can be traced further back to the 1960s and the work in Vapnik [1963]
for pattern recognition.
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p. 129ff].15 In this system, low-dimensional representations were calcu-
lated in order to better differentiate the data (in this case documents), with
the goal of improving information retrieval tasks. Previously problematic
aspects such as synonyms were more successfully handled using these di-
mensions, however not yet fully providing an approach to more complex
issues such as polysemy [Deerwester et al., 1990, p. 4051.].

A more generalized application of LSA concepts on language modeling
was attempted through a distributional representation of words, capable
of calculating similarity scores between them as well as probabilities based
on neural networks [Bengio et al., 2000]. This development enabled a new
way of processing text, going one step further compared to previous ap-
proaches. The context of words, i.e., the semantic frame the words are
placed within in a sentence or section, as found in techniques such as
previous Naive Bayes methods, was limited, often based on BoW repres-
entations. A slightimprovement, depending on the use case, was possible
by using n-gram-based representations of words, restricting the context to
the value of n tokens. Thus, an enriched representation through n-grams
was the first step in order to include the context in the processing of such
techniques, while vector space embeddings, as introduced in neural lan-
guage modeling, provided the next iteration.

The introduction of neural network architectures was the next step to
handle the curse of dimensionality [Bengio and Bengio, 1999, p. 400], espe-
cially regarding computational resources. Two developments were central
to this approach: First the introduction of the distributed representation
for each word, i.e., textual regularities and patterns [Mikolov et al., 2013],
enabling similarity comparisons between them. Second, an improved
probability function based on neural networks in order to process word
sequences through the distributed representations [Bengio et al., 2000,
p. 1ff.]. The semantic and syntactic relations between words are captured
with feature vectors, which, in contrast to previous approaches, are of sub-
stantially lower dimension than the size of the vocabulary. These features
are based on the frequency of words in a certain context with other words,
following the assumption that similar words appear often in the same
contexts [Bengio et al., 2000, p. 5].

These advancements improved the state of the art for word prediction
tasks, before embeddings were more generally applied on other NLP tasks

15 The term embedding was first used in this LSA context and refers to the mapping between
different vector representations, which differs from the current usage of the term as a
dense vector representing a word in latent space, see below in this section when discuss-
ing word2vec [Jurafsky and Martin, 2024, p. 131].
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[Collobert et al., 2011]. The innovation of producing a neural network that
can represent text in a way such that different text processing applications
are possible without specifically designing the architecture for the down-
stream task can be seen as a predecessor of modern language models,
which are of general purpose and can be applied to many downstream
tasks.

Word2vec, as introduced in 2013, signified the next word representa-
tion breakthrough, that reduced the number of dimensions even further
[Mikolov, 2013]. The innovation enabled by word2vec was embeddings,
meaning dense vector representations of substantially lower dimension
than previously possible. In contrast to BoW representations, dimensions
do not directly correspond to words or phrases. The dimensions of a vec-
tor were therefore reduced to a number in the hundreds whereas previ-
ously dimensions could easily reach tens of thousands [Jurafsky and Mar-
tin, 2024, p. 109f.]. Instead of sparse values in the vectors, due to, e.g.,
term-document matrices and the co-occurrence of words with each other
resulting in a large rate of zero entries for each vector, virtually all values
in the vectors of a word2vec vector space representation are now filled with
non-zero real numbers. Consequently, the reduced dimensionality resul-
ted in a speed up when creating the vector space embeddings since the
number of learnable weights was also decreased accordingly when com-
pared to previous word representations, in addition to reduced memory
usage and the ability to compute semantic similarity [Jurafsky and Mar-
tin, 2024, p. 117£F).

In parallel to the rise to prominence of word2vec, research into other
techniques was also pushed further due to enhancements in processing
capabilities through modern hardware. Neural networks had been
worked on since the early 1990s. However, deep neural networks, charac-
terized by a large number of neural processing layers, were now rapidly
transforming the research field of NLP. This development is a turning
point,'® due to the computational complexity and resource demands in-
troduced by deep learning approaches. The combination of word embed-
dings with neural networks led to the increase in hardware requirements
and thus started the race towards ever larger models, still ongoing for
present-day LLMs. A categorization between traditional and modern tech-
niques, and in-between such as word2vec, is a complex problem and will
be attempted in Sections 2.5 and 8.6.

16 Not only in general for NLP, but also for the scope of this thesis.
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Still, word2vec as a landmark for signifying a shift in approaches should
be acknowledged here, not only due to the use of the term word embed-
dings.'” One of the key characteristics of this shift is the use of word em-
beddings as just the first step, i.e., as input representation, now called pre-
training [Jurafsky and Martin, 2024, p. 145f1.]. This processing step can be
applied either by using static embeddings, e.g., word2vec, or contextual
embeddings, most prominently by Bidirectional Encoder Representations
from Transformers (BERT), see below. For static embeddings, one vocab-
ulary word is represented by one vector in the vector space, whereas con-
textual embeddings can have different vectors depending on the context
of the word.

Word2vec can therefore be seen as a simpler variant, and thus an
initial step towards more complex and computationally intensive tech-
niques, even when considered only as a pre-training step. While many
deep learning techniques achieved impressive results across the past dec-
ade — exemplified by Recurrent Neural Networks (RNN) and its exten-
sion, the Long Short-Term Memory (LSTM) network [Hochreiter and
Schmidhuber, 1997] — the focus of this thesis does not lie in the details of
these neural networks. The transition towards LLMs, however, requires
the short introduction of one more technique, the Transformer architec-
ture [Vaswani et al., 2017].

As prerequisite for the transformer architecture, the encoder-decoder
architecture as well as the attention mechanism should be briefly men-
tioned. The former structures an NLP problem into two tasks, i.e., first,
creating a transformed version of the input data with the encoder as a con-
textualized representation, and second, feeding this representation into a
decoder that generates the output, which is adapted depending on the
desired task [Kalchbrenner and Blunsom, 2013; Cho et al., 2014]. Further-
more, attention was introduced as another groundbreaking feature for
language modeling [Graves, 2013; Bahdanau et al., 2016]. Attention ad-
ded the capability of incorporating information from all positions of the
input as well as output sequences more evenly than was previously pos-
sible, thus enabling the modeling of dependencies and references within
longer sections of text [Vaswani et al., 2017, p. 6001f.]. Encoder-decoder
models in combination with attention were already present in LSTMs and
other networks with recurrent mechanisms. However, the advantage of
the transformer architecture of easier parallelized computation, which
was the result of a reduced complexity when building the attention lay-

17 And other embeddings such as GloVe [Pennington et al., 2014] and FastText [Bojanowski
etal,, 2017] among others.
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ers,!® led to a quick adoption of this architecture for many NLP tasks [Jur-
afsky and Martin, 2024, p. 184ff.].

While the transformer architecture proved to be highly influential for
generative tasks, further solidified by their use in modern LLMs, another
modern architecture is commonplace in many NLP tasks and should be
briefly mentioned since its applications as well as comparisons to BERT
will be relevant in several parts of this thesis. The architecture in ques-
tion is the masked language model, implemented as a bidirectional trans-
former encoder model, most prominently implemented in the BERT
model [Devlin, 2018]. The major difference compared to transformer-
based architectures, which, very broadly, generate new tokens based on
previous tokens, is the capability of including both past and future con-
texts of a masked token in the processing. With this capability of using
left and right contexts of a text, contextual embeddings are created, with a
focus on a deeper and richer understanding of the information presented
in the analyzed text [Devlin, 2018, p. 4173f.]. Various downstream tasks
are the focus of such embedding-based models, separating these mod-
els from transformer models mainly used for text generation, especially
in the present LLM-focused NLP landscape. Contextual embeddings, in
which the importance of the whole context surrounding some token can
influence the generated output, especially in the form of BERT and its
offshoots such as RoBERTa [Liu, 2019], were an important innovation for
many NLP tasks, including question answering, classification and Named-
Entity Recognition (NER) [Devlin, 2018, p. 4175f%.].

Once again, like the earlier models from Section 2.2.2, models based
on word2vec and other static embeddings have been applied in use cases
discussed below.!® While the models mentioned in this section already
used impressive amounts of data for training, the use of giant datasets in
order to create language models thus far not seen in terms of scale prior
t0 2019/2020 was a paradigm shift. The innovation of modeling language
and knowledge about our world through vast amounts of information and
data started a trend that is continuing as of 2025. A closer look at LLMs is
necessary to contextualize the further parts of this thesis.

18 For transformer-based architectures, an adapted variant of attention is mostly used, called
self-attention, which focuses on a single sequence and the relationship of tokens within
that sequence [Cheng, 2016].

19 See Pulver [2023] for contextualized embeddings such as BERT, other transformer-
based systems for many text summarization tasks, see Gottwald [2023], Harms [2024]
or Dal Cin [2025], and for many further tasks, see Jegan and Henrich [2025a] and Sec-
tion 4.1.
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2.4 ChatGPT and the Advent of LLMs

The emergence of LLMs in late 2022, specifically prompt-based LLMs, in-
troduced NLP applications to a wide audience. Prominent examples like
ChatGPT?® applied prior developments, as detailed in the previous Sec-
tion 2.3, at a larger scale and moved the application into a new user inter-
face.

The evolution towards such general-purpose interfaces for all kinds
of NLP applications necessitated a reconsideration of established tech-
niques, mainly pre-training, as well as some advancements within lan-
guage model research. Pre-training, as already clearly stated in the paper
presenting BERT [Devlin, 2018, p. 1ff.], lies at the core of large and influ-
ential language models. Prior to BERT, pre-training was already at the
center of word2vec models, see above in Section 2.3, in order to learn
representations of words or phrases (or even whole sentences in further
model derivations) within a high-dimensional vector space, intended to
define semantic relatedness. However, with larger datasets, pre-training
enables new generalizable architectures without task-specific adaptations
during training.

The size and scale of modern datasets, usually based on crawls of a
huge number of websites,?! paved the way for unprecedented training
runs. The GPT-3 model, famously being the basis for GPT-3.5 and the
first versions of ChatGPT [Wu et al., 2023, p. 1123f.], required over 1,000
Nvidia A100 Graphics Processing Units (GPUs) running for over a month
in order to train the model [Brown et al., 2020; Narayanan et al., 2021,
p. 2f].22

Despite the increase in training costs, in time and hardware dimen-
sions, a new representation of information within text is now possible
to be captured by such models. Due to the restricted interpretability of
LLMs and of deep learning models in general, it is still unclear how much
knowledge about the world in general can be externalized through the text
in the training data [Roberts et al., 2020]. Still, the capabilities of LLMs,
especially as a tool which can be adapted for a myriad of use cases and
applications, are demonstrably impressive. Generation of text in general

20 See nttps://openai.com/index/chatgpt/ (all web resources last accessed on:
11.02.2026).

21 One of the most famous being the Common Crawl dataset, as of 2025 with over 2.5 trillion
websites crawled, see https://commoncrawl.github.io/cc-crawl-statistics/.

22 OpenAl generally does not publish details for the training runs of their models, but ap-
proximations due to model size can be applied and thus rough estimates can be calcu-
lated.
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as well as classification, extraction and other tasks can all be approached
with LLMs through conditional generation, i.e., a request as a prompt can
include all the input needed in order for the LLM to receive the request as
a word prediction task [Jurafsky and Martin, 2024, p. 204f1.]. For text gen-
eration tasks, the prompt can simply be the task description (e.g., “Sum-
marize the following text”), while tasks such as question answering can
be defined by providing a template within the prompt (e.g., the prompt
starting with “Q: ” followed by the question and concluding with “A: ”).

The last example is the first step towards one of the most researched
recent trends, Retrieval-Augmented Generation (RAG), which adds do-
main knowledge through a retriever, analogous to information retrieval
and its documents that are retrieved based on a search query, to the con-
text of the LLM [Lewis et al., 2020]. Thus, the initially static data,?* which
an LLM is trained on, can be enriched by relevant additional and poten-
tially more up-to-date information and in the end can help in preventing
hallucinations from appearing in the generated texts [Lewis et al., 2020,
p. 9465f1.]. While adaptations of RAG approaches at first required archi-
tectural changes, new variations included the contextual information into
the prompt, or rather the input for the LLM itself [Ram et al., 2023].

One further aspect related to the usage of LLMs, due to the enormous
attention it received within NLP research and applications, is the study
and optimization of prompts itself, commonly referred to as prompt en-
gineering [Liu et al., 2023]. While templates for various tasks have been
identified, see above in discussing the conditional generation of requests,
task-dependent notations and templates were studied as well as changing
the prompt usage itself, e.g., by automated template learning or multi-
prompt learning [Liu et al., 2023, p. 5ff.]. The optimization of prompts is
however hindered by several factors, such as complex evaluations across
different LLM models due to size and architecture differences or the fact
that updates or changes within ChatGPT or other LLMs are often not com-
municated to users by the providers. This black-box nature regarding para-
meters, training data and other facets of the models impedes the reprodu-
cibility of results. As has been noticed multiple times already, updates
from LLM providers can be applied without prior notice and are prone

23 Although beginning with OpenAl and ChatGPT in late 2023, LLMs were able to access
sources from the internet and thus are no longer restricted to trained and thus static data,
see https://www.bbc.com/news/technology-66940771/.
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to breaking workflows.?* Additionally, changes in style and quality of the
texts produced via the chat interface were noted and discussed similarly.?

While the problems of LLM evaluation have now been mentioned, and
will be further discussed across this thesis, e.g., in the respective sec-
tions within NLP applications in Chapter 3 and the observed use cases
in Chapter 7, one major success is still remarkable, i.e., the ease of use
of LLMs for new users. A previous problem for NLP tools based on
deep learning was the lack of reproducibility of results as well as the lack
of documentation or even the difficulty of installing the system due to
non-public datasets, dependency problems or other hindrances [Arvan
et al., 2022; Aumiller et al., 2023]. While traditional models require only
some rudimentary programming skills, more advanced models such as
BERT need the necessary hardware requirements to be fulfilled in order
to run the models, not to mention the requirements when training or fine-
tuning. Still, even the necessity of running local scripts for simple clas-
sification or data extraction tasks was prohibitive for users without prior
NLP knowledge. Therefore, the interaction via prompts is the biggest ad-
vantage of LLMs. This development can be called transformative. Chat-
based interaction enables any user accessing the model through its web
interface or via a Command-Line Interface (CLI) to execute NLP tasks on
their own, without installing any dedicated task-specific software.

The previously referenced LLMs are usually operated by one of several
large corporations or providers, such as OpenAl, Google, Anthropic or
Mistral. Both the use of the Application Programming Interface (API)
and the chat-based interaction are dependent on these corporations, their
services and web servers, with server overload and availability in general
as potential error sources. An alternative is locally run LLMs with one
of the first major releases of such models being LLaMA?® by Meta [Touv-
ron et al., 2023]. The motivation for releasing this family of models is

24 One such observation has been widely documented for the release of GPT-5 in August
2025, see, e.g., https://www.wsj.com/tech/ai/openais-rocky-gpt-5-rollout-
shows-struggle-to-remain-undisputed-ai-leader-04897686/. The release
and accompanying removal of the previous GPT-40 model broke workflows for users due
to different model behavior and also changed the billing procedure preventing previous
processes from completing, which comprise just two of the documented problems for
this release.

See, e.g., https://arstechnica.com/ai/2025/04/openai-rolls-back-update-
that-made-chatgpt-a-sycophantic-mess/.

These models are available in different sizes, usually referred to by the number of
parameters such as 70B. This abbreviation refers to seventy billion parameters, e.g.,
LLaMA 3.1 70B, see https://www.llama.com/docs/model-cards-and-prompt-
formats/1llama3_3/.
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Timeline

2 Present Landscape of NLP Techniques

to provide users and researchers data to experiment upon and to study
the models.?” While hardware demands are a restrictive factor in execut-
ing these local models, often requiring dedicated GPUs, the availability of
LLaMA, its successors provided by Meta?® and competing open weights
by Mistral?® or DeepSeek?, are an important milestone in enabling re-
searchers and users to experiment and in general use LLMs. This meas-
ure thus benefits those who are not able to pay the fees by LLM providers
or who are not willing to conform to closed source systems. More details
regarding the hardware requirements and restrictions of locally run LLMs
in contrast to models hosted by larger providers are given in Tuggener
etal. [2024].

This brief presentation of LLMs shall suffice as an introduction to this
family of models. LLMs shall further serve as a contrast to the other class
of models, which both together represent the main theme of this thesis,
i.e., the analysis of traditional models in contrast with modern models.
Before a definition of traditional models will be proposed in Section 2.5,
a brief review of the current chapter will be given as a timeline.

A collection of models and architectures from this chapter is visualized
in Figure 2.1, accompanied by a rough categorization aligned towards Sec-
tions 2.2 to 2.4 from this chapter. In order to keep a clean layout, some
concessions were made, e.g., the exclusion of prominent extractive text
summarization techniques like LexRank [Erkan and Radev, 2004], which
will be featured throughout this thesis, see Sections 3.6, 8.1 and 10.1, or
the traditional text segmentation approach of TextTiling [Hearst, 1997],
which will play a major role in Chapter 9. Furthermore, rule-based meth-
ods, e.g. as defined by Karlsson et al. [1995] in the 1990s, are not dir-
ectly referenced in the timeline, but they can be traced back to context-free
grammars, see Section 2.2.1. A clear separation of categories is also not
always possible, e.g., for Naive Bayes classifiers, which can be categorized
as machine learning systems used for text classification tasks [Koller and
Sahami, 1997].

27 See the initial blogpost at https://ai.meta.com/blog/large-language-model-
llama-meta-ai/.

28 See https://www.1llama.com/docs/overview/.

2 See https://platform-docs-public.pages.dev/getting-started/models/wei
ghts/.

30 See https://api-docs.deepseek.com/.
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2.5 Traditional Techniques: Early Definition

Early Approaches
1954 BoW [153]
1956/1959 Context-free Grammars [23; 66]
1960 Naive Bayes [272]
1972 TF-IDF [199; 260]

Machine Learning-based
1986 Decision Tree Learning [349]
1995 Random Forests [163]
1995 ¢ | SVM [74]

Neural Network-based
1997 ¢  LSTM [164]
2013 word2vec [284]
2018 ¢ BERT[92]
2020 ¢ T5 [356]

LLMs
2020 ¢ |GPT-3[52]
2022 ¢ | ChatGPT [313]
2023 ¢ | LLaMA [421]
2024 ¢  GPT-40 [177] & Mixtral [193]
2025 ¢ | GPT-5 [395]

Figure 2.1: Timeline of NLP approaches.

After presenting an overview of early and modern approaches in Fig-

ure 2.1, a first definition of traditional models will be given next.

2.5 Traditional Techniques: An Attempt at an Early
Definition

Before applications are detailed in Chapter 3, a closer look towards tra-

ditional models is necessary to contextualize the techniques used there
within the broader realm of NLP applications. When looking back at the
development of NLP, starting from the early linguistic foundations (as
seen in Section 2.2) up towards LLMs (as seen in Section 2.4), noteworthy
shifts have occurred in how text processing as a computational task is
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2 Present Landscape of NLP Techniques

approached. A major factor for these shifts has been the increase in pro-
cessing capabilities and thus the ability of processing large amounts of
(textual) data.

While the rise of neural networks and more complex language models
has already been described, a clear separation between either simple and
complex models or between traditional and modern techniques is not eas-
ily done. However, some common characteristics need to be identified
that allow a systematic categorization of techniques based on shared at-
tributes. These characteristics will be mentioned here briefly, before they
will be discussed in later parts of this thesis in Chapters 8 and 10 and Sec-
tion 9.3.

The four tentative characteristics of traditional models are: Reproducib-
ility, efficiency, explainability and documentation. Reproducibility, espe-
cially in the age of LLMs, is a key factor when talking about the definition
of traditional techniques in this thesis, i.e., the capability of producing the
same output given the same input and the same parameters and setup,
see Sections 6.4.1, 7.4.1 and 8.2. Efficiency, as shortly referenced above,
is another factor, which can be approached from different angles. One
dimension is efficiency in terms of time, meaning execution time (and
also training time, if the applied systems are trained individually), see
Sections 6.4.3, 7.4.3 and 8.1.1. Another dimension is cost, meaning cer-
tain hardware requirements such as dedicated GPUs in order to train and
use LLMs more efficiently, see Sections 6.4.3, 7.4.3 and 8.1.2. Costs can
also be seen as licensing, subscription fees or fixed costs in terms of API
requests or token counts, when looking at using hosted LLMs at providers
such as OpenAl. Explainability, see Sections 6.4.2, 7.4.2 and 8.4, as well as
documentation, see Section 8.3, are further dimensions that can be applied
here. Due to the simpler structure of traditional techniques — at least in
most cases — and their long-standing application in use cases, a wide ar-
ray of tutorials, handbooks or other documentation exists for a variety of
programming languages. The simpler structure of traditional techniques
makes them highly explainable due to, e.g., the case-based nature of de-
cision trees for information extraction tasks or extractive approaches for
text summarization purposes.

The techniques just mentioned, decision trees and extractive summar-
ization approaches such as LexRank [Erkan and Radev, 2004], are two ex-
amples of traditional techniques. They all exhibit the characteristics men-
tioned above. Other older techniques exhibit most, rather than all charac-
teristics. Two examples are SVMs, which are only explainable in a certain
sense, see Nufez et al. [2002], and random forest classifiers, which are
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not easily reproducible if the random seed, with which those classifiers
are initialized, is not known. Still, both techniques would be classified as
traditional for this thesis. A borderline case is word2vec and vector rep-
resentations that were introduced after word2vec. The architectural setup
of word2vec, based on the vector space embedding with reduced dimen-
sions, allows for comparatively efficient computation, which would be fit-
ting for the efficiency criteria. However, techniques after the introduction
of word2vec and other related techniques use such embeddings in many
systems only as initializing steps as a form of pre-training. Categorizing
word2vec as a standalone system is ambiguous regarding the inclusion
as a traditional technique. Other, more complex systems using word2vec
only as part of a larger system would surely not be seen as traditional due
to reduced efficiency, lacking explainability and other drawbacks, see be-
low in Chapter 6. A more comprehensive discussion on the applicability
of traditional techniques, and their actual use in practice, will be done in
Chapter 10, where more concrete examples will show what kind of tech-
niques are considered traditional for this thesis. A refined definition after
an analysis of challenges, observations and evaluations as well as use cases
will be given in Section 8.6, which will further discuss and contextualize
the criteria given in this section.
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After having displayed the earlier as well as current NLP landscape in
Chapter 2, this chapter will present an overview on core techniques in
use for different NLP tasks in Section 3.1, before brief descriptions on
application scenarios including historical contexts, approaches and eval-
uations will be introduced. The tasks specified are: Information and re-
lation extraction (in Section 3.2), text classification (in Section 3.3), text
segmentation (in Section 3.4), text simplification (in Section 3.5) and text
summarization (in Section 3.6). While the state of the art will be shortly
reported, a closer look at traditional techniques in the respective applica-
tion scenarios will also be given, since they, i.e., the traditional techniques,
will be contextualized in later parts of this thesis in terms of applicability
in the present NLP landscape.

3.1 Overview of NLP Applications

Some parts of this subsection have been inspired by supervised

theses, in particular the selection of models, see Dal Cin [2025], Fruth [2022],
Gottwald [2023], Harms [2024], Pulver [2023]

and Raab [2023]31

The development of NLP across the past 80 years, when starting with
context-free grammars from Chomsky [1956] or statistical n-gram analysis
from Luhn [1957], has seen several paradigm shifts conceptually. Trans-
itions from linguistic and syntactical foundations towards statistical, prob-
abilistic and later neural network-based methods, see Chapter 2, have
occurred several times and have impacted widely differing applications
within NLP. The shift towards LLMs, which has impacted the whole re-
search field, is thus just the latest in a number of extensive development
leaps.

31 References to the theses are listed in the Bibliography, including an Uniform Resource
Locator (URL) to the thesis if applicable, hosted at the research information system of
the University of Bamberg, see https://fis.uni-bamberg.de/.
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Different trends of linguistic and computational linguistic development
can easily shift the dominant way of thinking towards one kind of ap-
proach, while marginalizing previous methods. One such example would
be the influence of Chomsky’s work in the 1950s [Chomsky, 1956; Chom-
sky, 1976] and 1960s [Miller and Chomsky, 1963]. This work supplanted
the previous statistical-based processing of information by using n-grams
and Markov models [Jurafsky and Martin, 2024, p. 52f.]. Instead, Chom-
sky and colleagues claimed that Markov models and statistical methods
were incapable of representing human language, while proposing the
Chomsky hierarchy [Chomsky, 1956]. This hierarchy formalized lan-
guage within four classes of grammar including concepts such as finite-
state automatons, which were highly influential. The shift described in
the 1950s and 1960s in terms of scope is similar to the shift in recent
years towards LLMs.

When narrowing the scope, a task-specific perspective is helpful in
showing the evolution of NLP applications. The evolution of a concrete
application within NLP will be briefly presented through the research
progress achieved in machine translation. This application scenario was
chosen, since it will not be explicitly approached as a main NLP task for
this thesis but is still one of the premier use cases for text processing
in general. Statistical machine translation using machine learning al-
gorithms has been in use since the 1990s, in which extraction rules were
identified by processing parallel corpora of the two respective languages
[Lopez, 2008]. Earlier machine translation systems can be grouped into
direct translation approaches, transfer approaches and interlingua ap-
proaches [Jurafsky and Martin, 2024, p. 286f.]. First, direct translation
approaches apply the translation simply by processing each word through
bilingual dictionaries. Second, transfer approaches apply translation rules
through a parse tree. Finally, interlingua approaches extract an abstract
meaning representation from the source text and generate the translated
text from the interlingual representation. Challenges with these models
and statistical machine learning approaches in general were recognized as
limited word alignment and the dependence on translation rules. Both is-
sues severely impact the quality of the translation and were later addressed
by using neural machine translation [Dabre et al., 2020, p. 2].%2

32 Neural networks based on RNN, Convolutional Neural Network (CNN), self-attention or
feed-forward architectures have all been used for machine translation before the shift
towards LLMs [Dabre et al., 2020, p. 5].
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Ironically, language models*® themselves have become the major con-
tributor to the more recent shift in the NLP landscape, particularly
through the emergence of LLMs. This development also affected research
in machine translation. By scaling several dimensions up, such as data,
compute power and model parameters, tremendous achievements have
been reached since the release of LLMs. These advances became widely
visible with the release of ChatGPT [Wei et al., 2022] in 2022. Just as one
example, the shared task on general machine translation from the con-
ference on machine translation (WMT) in 2024 has found that nearly all
submissions have been using LLMs as part of their setup, in most cases ap-
plying LLMs through fine-tuned LLaMA models [Kocmi et al., 2024, p. 8].
As one successful example from the 2024 shared task, Liao et al. [2024]
use continuous pre-training of a LLaMA model on monolingual data to
enhance the capabilities of the model within one language and then fine-
tune on high-quality parallel data for the translation task. The special
consideration of multilingual LLMs has been a focus of Artificial Intel-
ligence (Al) providers as well as in research. This is evident in the release
of Mixtral** as an LLM with explicitly multilingual capabilities and in stud-
ies like Rathje et al. [2024] as well as surveys such as Xu et al. [2025].

Apart from the major NLP task of machine translation and other tasks
that will be presented below starting with information and relation extrac-
tion in Section 3.2, many more could be mentioned here. An exhaust-
ive list is certainly not possible, but information retrieval and clustering
are two broad research fields as well as commercial avenues, which both
should be mentioned, since they have close ties to other NLP tasks dis-
cussed in this thesis.

Information retrieval has been mentioned briefly in Section 2.3 dur-
ing the introduction of neural networks for NLP approaches. There, the
advancement of LSA approaches was noted for its initial application on re-
trieval tasks, which in turn led to further developments for other text pro-
cessing applications. Furthermore, techniques such as traditional models
like TextRank [Mihalcea and Tarau, 2004] for text summarization scen-
arios — which will be referenced several times throughout this thesis,
see Table 4.1 and Sections 3.6, 4.1 and 10.1 — is based on the inform-
ation retrieval ranking algorithm PageRank [Brin and Page, 1998; Page

33 The term language model was introduced in Jelinek et al. [1975]. In their paper, statistical
techniques using n-grams were resurfaced in a speech recognition model, which recog-
nized language models as encompassing more information such as grammar and se-
mantics when compared to simple n-gram approaches [Jurafsky and Martin, 2024, p. 53].

3* See https://mistral.ai/news/mixtral-of-experts/.
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et al., 1999]. This algorithm is best known as a core component of the
Google search system. Historically, many different techniques were ap-
plied to information retrieval: Simple pattern matching approaches and
Boolean retrieval methods were created early on before vector space mod-
els allowed for more complex document representations [Henrich, 2008,
p- 137ff. and p. 185ff.]. Probabilistic retrieval models, with BM 25
[Robertson et al., 2009] as one of the most famous ranking functions
currently available, are further noteworthy [Henrich, 2008, p. 263ff.].
Nowadays, when discussing information retrieval in a web search context
in particular, the role of classical information retrieval algorithms in con-
trast or in conjunction with LLMs is unclear and part of ongoing research.
In particular, it is uncertain whether chat-based LLM systems will replace
traditional search systems or complement them [Hersh, 2024].

Another, potentially even broader research field, is clustering. Similarit-
ies are certainly possible between classification and clustering approaches.
For details on the former application. see Section 3.3. A distinct difference
can be found in the initial goal and dataset. Whereas classification tasks
usually concern a fixed number of classes that are predetermined [Aggar-
wal and Zhai, 2012a, p. 163ff.], clustering scenarios do not share this fea-
ture of having a controlled number of classes. Instead, they attempt to
extract groups of similar objects that share some common features [Aggar-
wal and Zhai, 2012b, p.77fF.]. Concrete clustering approaches are diverse
and numerous. They range from traditional methods such as partitioning-
based methods — most famously implemented as the k-means cluster-
ing algorithm proposed in the 1960s [MacQueen, 1967] — to hierarchical-,
density- or grid-based methods. For overviews of approaches not based on
neural networks, see Xu and Tian [2015] and Nguyen et al. [2015]. The in-
fluence of LLMs for this research field is maybe not as all-encompassing
as in other NLP tasks, but studies, comparative analyses and use cases
using LLM-assisted clustering approaches have also been conducted [Ker-
aghel et al., 2024; Viswanathan et al., 2024].

Broadly speaking, information retrieval as well as clustering scenarios
are not limited to textual data as their input dimension. Meaningful ad-
vances within their respective research fields have been achieved in dif-
ferent disciplines. In multimedia retrieval, for example, multimodal se-
mantic models are capable of processing images, video and text or a com-
bination of these data types [Zhu et al., 2023]. Clustering techniques have
also seen progress in areas such as bioinformatics or object recognition
[Ezugwu et al., 2022]. The focus of this thesis will remain on textual data,
but the capabilities of both application scenarios briefly presented here
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are noteworthy, mainly enabled through the use of neural networks [Ham-
barde and Proenca, 2023; Oyewole and Thopil, 2023].

The processing of text is a broad research field, which prevents a com-
prehensive and all-encompassing discussion on all techniques and meth-
ods from the past and present. Instead, this thesis will attempt to select
the techniques that are prevalent for the use cases discussed starting with
the next Section 3.2. Even then, heavily researched application areas such
as text classification and text summarization are too large to comprehens-
ively review. The focus will be therefore on a snapshot of current tech-
niques of the past several years, largely defined by LLMs, and in contrast
the selection of traditional models, outlined above in Section 2.5.

Following this methodology, two main sources were used in gather-
ing the methods and techniques. First, as a slight lookahead to the SLR
covered in Section 4.1, the survey presented in Jegan and Henrich [2025a]
will serve as a basis in both representing state-of-the-art methods as well
as traditional models still in use today for all use cases except text seg-
mentation.’® Second, the experiments conducted for this thesis as well
as in supervised students’ theses will offer an overview of applied meth-
ods from not only a literature review perspective, but also from a practical
standpoint. All use cases described in this thesis include experiments in
adapting and executing methods on the respective scenario. Therefore,
methods were selected and further details can be found either in the re-
spective section of this thesis, the SLR in Jegan and Henrich [2025a] and
the referenced sources:

« Information and Relation Extraction: See Section 3.2 and Pul-
ver [2023].

o Text Classification: See Section 3.3 and Raab [2023].
« Text Segmentation: See Section 3.4 and Jegan and Henrich [2025b].
« Text Simplification: See Section 3.5 and Fruth [2022].

« Text Summarization: See Section 3.6 and Dal Cin [2025], Got-
twald [2023] and Harms [2024].

After presenting an overview of major tasks within NLP such as ma-
chine translation, clustering and information retrieval, which will not be
further addressed in this thesis, the applications listed just above will be
discussed in the next section.

3> Due to the limited scope of the SLR, the “smallest” application scenario was not analyzed
there.
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3.2 Information and Relation Extraction

Both information extraction and relation extraction share many common
characteristics. They differ, however, in one key aspect: The number of
cohesive units connected to a single relation. Thus, entities produced
by information extraction techniques can be semantically independent of
surrounding parts of text. In contrast, entities detected by relation extrac-
tion consist of two or more connected units of text. Still, the commonality
between both information and relation extraction is the identification of
information based on some class or criteria.

While many NLP tasks focus on the exact processing token by token,
meaning a concentrated effort to analyze each sentence, information and
relation extraction are allowed to only focus on the relevant entities and
thus can skip sentences without such entities. The first type of tasks can
be characterized as micro-reading, while information and relation extrac-
tion systems, and others like them, can be seen as macro-reading [Eis-
enstein, 2018, p. 404f]. The categorization into macro-reading results in
a different goal for such approaches, especially when compared to tasks
such as simplification or summarization, where each token is analyzed.

Relation extraction in particular is connected to further research branch-
es such as linked data, knowledge graphs and template filling. The focus
will however remain on the two applications information extraction (in
Section 3.2.1) and relation extraction (in Section 3.2.2).

3.2.1 Information Extraction

The NLP task information extraction includes previously mentioned ap-
plications such as NER, but also the identification of custom entities,
defined or declared by and for the task they are relevant for. Named en-
tities — commonly places, people, time information and organizations —
are typical representatives for NER. However, the distinction between
information and relation extraction becomes less clear since knowledge
bases such as WikiData are also clearly defined by the relations between
entities therein.

In practice, different linguistic properties are relevant for information
extraction. Pattern matching by using regular expressions, analysis of
syntactic structures and lexical analysis can all contribute when construct-
ing an information extraction model [Grishman, 1997, p. 13ff.]. Evalu-
ation for information extraction systems, and relation extraction as well, is
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usually done by applying the metrics precision, recall and f1-score [Grish-
man, 1997, p. 21f].

In terms of techniques or methods, early information extraction sys-
tems were realized by template filling approaches. First, the template
structures were defined and then extraction rules were applied in order to
extract the relevant information [Cowie and Lehnert, 1996]. Applying ma-
chine learning techniques yielded systems with SVMs or Hidden Markov
Models (HMMs) as a basis, while the tagging schemes such as BIO tags>®
or other schemes were widely used [Grishman, 2012, p. 4ff.].

In more recent years, following the shift introduced in Section 2.3,
transformer-based approaches, both encoder-decoder-based transformer
models and encoder-only models such as BERT,” represented the state
of the art before the advent of LLMs. Through the capabilities of modern
deep neural nets, new approaches and new datasets were created. For ex-
ample, the Few-NERD dataset was introduced. It contains the common
NER entities but also includes more fine-grained categories within the
usual classes such as person or organization, e.g., the occupation of a per-
son and the type of organization respectively [Ding et al., 2021]. The Few-
NERD dataset was tested by Ding et al. [2021] with various approaches,
mainly implemented with BERT as the backbone of models and further
adaptations such as both supervised and few-shot settings and architec-
tural changes like prototypical networks [Ding et al., 2021, p. 3203f%.].

While the previous paper tackled the widely known NER application,
more advanced information extraction use cases were also successfully
adapted through modern transformer-based approaches. One such ex-
ample is the extraction of aspect-based sentiment information from re-
view datasets on different domains such as restaurant and laptop reviews
[Lv et al., 2023]. There, various categories depending on the dataset have
to be analyzed in order to extract semantically relevant information for
each aspect (e.g., “food quality” or “service quality” in case of the restaur-
ant dataset). The authors applied the transformer-based model T5 [Raffel
et al., 2020], widely used not only in information extraction use cases [Lv
etal., 2023, p. 1012].

The transformative nature of LLM-based approaches was also noticed
in the information extraction research field. An early analysis noted vary-

36 The first token of a recognized entity is tagged with a “B”, meaning the “beginning” part,
while all following tokens of the same entity are tagged with an “I”, i.e., “inside the entity”
and all tokens that are not part of an entity are tagged “O”, logically “outside” of entities
[Ramshaw and Marcus, 1999].

37 See Section 2.3 for more information on this distinction.
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ing performancewhen compared to the prior state-of-the-art models that
are mainly based on the BERT architecture, claimed however strong per-
formance on a more open task definition in terms of accuracy and faith-
fulness [Li et al., 2023]. Faithfulness in this case relied on the responses
given by ChatGPT, which was prompted to explain the provided result
and if that explanation adhered to the original prompt and its context [Li
et al., 2023, p. 6ff.]. A larger survey on current LLM usage for informa-
tion extraction purposes displayed the competitive performance of many
LLM-based methods on various domains and the near-total domination
of the research field by LLMs [Xu et al., 2024b]. While relation extrac-
tion was also a part of the previous two publications focused on LLMs [Li
et al., 2023; Xu et al., 2024b], relation extraction as an NLP task will be
presented further in the next section. This separate consideration is due
to the differences between the two tasks, especially when looking at more
traditional approaches.

3.2.2 Relation Extraction

The NLP task relation extraction, as already mentioned, can be seen as
an extension of information extraction. The relationship between differ-
ent entities, e.g., modeled as triples within a knowledge graph, each triple
consisting of two entities connected by one node or relation, is one typ-
ical use case of relation extraction. Linguistic relationships such as hy-
pernyms and hyponyms can also be modeled as relation extraction tasks,
which capture a hierarchical part-of relation between a supertype (the hy-
pernym) and the subordinate subtype (the hyponym).

The latter application, i.e., automatic detection of hyponymy, was an
early typical NLP use case, achieved by using hand-crafted rules like

NPy such as {NPy, NP, ...,(and | or)} NP,

with VP being a noun phrase [Hearst, 1992, p. 539]. While hand-crafted
rules®® exploit the lexico-syntactic knowledge of typical entities through
linguistic analysis, more complex relation types require other approaches.
Early machine learning-based techniques represented relation extraction
as a binary classification task, in which a pair of entities were either labeled
as one class of a relationship, or not [Zhang et al., 2017a, p. 179]. SVMs
and other machine learning classifiers were applied in this supervised set-

38 Usually characterized as a subject-predicate-object relationship.
39 Often referred to as Hearst patterns after the main author of Hearst [1992].
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ting in order to build a model [Zhou et al., 2005], with advances by includ-
ing, for example, dependency parse trees [Culotta and Sorensen, 2004].
Semi-supervised methods such as co-training were applied in the same
manner as a classification task [Zhang et al., 2017a, p. 184{t.], but the prob-
lem of even more complex relation types arises once again.

One such example of a more complex relation is event extraction with
multiple entities such as location, organization and time information and
even relations between events. This task can vary widely in terms of com-
plexity and was modeled early on as a template filing or multi-class classi-
fication problem [Jurafsky and Martin, 2024, p. 446f. and p. 456ftf.]. Sim-
ilarly to information extraction, a shift towards deep learning-based ap-
proaches can be noticed here as well, starting with CNN- and LSTM-based
techniques [Feng et al., 2018; Wang et al., 2023a].

While event extraction increases the amount and types of entities, other
dimensions can vary for more complex relation extraction tasks. One such
further dimension is the extent of the input that needs to be analyzed. In
all previous examples, sentences or at most a few sentences were the fo-
cus of the extraction task. However, document-level relation extraction
as a research scenario is a difficult problem for traditional relation extrac-
tion systems. The challenge for those systems is the distribution of rel-
evant entities for the relationship across, at least, multiple sentences [Yao
etal., 2019b]. More dimensions exist for relation extraction tasks, such as
cross-lingual/multilingual [Faruqui and Kumar, 2015] or multimodal [Hu
etal., 2023D] relation extraction applications. However, the focus here will
remain on the simpler relation extraction between entities, introduced
above.

Evaluation, as mentioned above for information extraction in Sec-
tion 3.2.1, is usually quantitatively done using metrics such as precision,
recall and f1-score [Cowie and Lehnert, 1996]. However, the standard way
of evaluating with these three metrics necessitates datasets with accompa-
nying labels for comparison. Oftentimes such labels are not available and
thus semi-supervised approaches are implemented, which can be applied
on datasets that do not include such labels. Both large-scale datasets and
domain-specific datasets, with far less text, are afflicted by this issue. The
evaluation for such datasets needs to be adapted accordingly. Usually, it is
done by extracting a smaller subset of results from the extracted relations
and manually labeling them. This process allows a qualitative evaluation
and enables a quantitative summary based on the manual assignment of
fitting relations [Etzioni et al., 2008, p. 71f1.]. The resulting values are then
used to compute a precision score for this smaller sample. This score is
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intended to be representative for the whole corpus, similar to the usual
evaluation of supervised approaches. In contrast, recall and thus also f1-
scores are not easily achievable in this manner [Bach and Badaskar, 2007,
p.12].

The development not only of complex relation extraction but relation
extraction in general also rapidly involved transformer-based approaches.
One noteworthy implementation involved the prediction of spans — the
identification and classification of contiguous tokens as, e.g., NER tokens
— using an adapted BERT architecture [Joshi et al., 2020]. The task in
this case, the prediction of the type of relation between subject and ob-
ject, defined in the TACRED dataset as 42 types [Zhang et al., 2017b], was
modeled as a downstream classification task. The more recent state-of-the-
art approaches include more complex architectures to handle positioning
problems inherent in previous systems. These architectures allow triples
— which combine both entities and their relation*® — to be extracted irre-
spective of their order [Sui et al., 2023].

The rise of LLMs has also impacted relation extraction. Various prompt
techniques were applied on temporal relation extraction and analyzed in
different settings. These analyses revealed some drawbacks of prompt-
based methods when compared to other transformer-based state-of-the-
art approaches. LLM-based approaches also showed problems such as
limitations with long dependencies between entities [Yuan et al., 2023].
A further study by Wadhwa et al. [2023] modeled the relation extraction
problem as a conditional text generation task (see Section 2.4) for named
entities and standard relations, which yielded near comparable results to
state-of-the-art approaches. Wadhwa et al. [2023, p. 155671f.], however,
also note a shortcoming of evaluating prompt-based models for relation
extraction. Because the generative nature of LLMs tends to produce res-
ults that differ from the requested result, comparisons with other tech-
niques and the evaluation in general are complicated.

Both information and relation extraction tasks can and have been
modeled as classification tasks, see the categorization of different tech-
niques as part of the SLR from Section 4.1, especially in Tables 4.1 to 4.5.
However, the base classification task — when discussing text classification
— usually involves classifying a whole text into one or more categories.
This application scenario will be presented in the next section.

40 Similar to knowledge graph generation.
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3.3 Text Classification

The NLP task text classification revolves around the labeling of texts with a
certain class value from a given set of different class values [Aggarwal and
Zhai, 2012a]. Also known as text categorization, the classes or categor-
ies are usually pre-defined, which is the primary distinction contrasted
with the task topic modeling or clustering, wherein topics are generated
by analyzing texts themselves without providing pre-defined labels, see
Section 3.1. Thus, text classification is usually defined as a supervised
learning task, depending on a training dataset with texts and correspond-
ing labels.

Application scenarios within text classification are diverse and are
widespread in mainstream software systems. Spam detection is one
of the main use cases, common in email programs and one of the
earlier text classification approaches in use in consumer software [Sahami
et al., 1998]. Sentiment analysis is another common application, used in
determining the sentiment, i.e., a positive or negative stance of a text.*!
Closely related, and in the age of social media of larger importance, is the
text classification approach for hate speech detection. This scenario can
be implemented as a binary text classification task. The task is then to
decide if one social media post can be categorized as hate speech, or not.
Alternatively, it can be posed as a multi-class problem, in which the type of
hateful comment can be categorized [Yin and Zubiaga, 2021]. The classi-
fication of news articles is another widely researched application scenario
within text classification due to the prevalence of available datasets. Popu-
lar datasets 20 Newsgroups [Lang, 1995] or AG News [Zhang et al., 2015]
are used as evaluation targets in many publications.

Different dimensions such as binary and multi-class classification
provide a clear distinction for each classification application. However,
when categorizing into multiple classes, it is also possible that the classi-
fier assigns multiple labels to each text, which would be called multi-label
classification [Miroriczuk and Protasiewicz, 2018, p. 39ff.]. More dimen-
sions such as hierarchical classification exist as well, but the focus in this
thesis will be on multi-class classification.

For evaluating text classification systems, accuracy and error rate are
common metrics in terms of quantitative analysis as well as precision, re-
call and f1-score once again [Yang, 1999, p. 7411.]. For multi-label classifica-
tion problems more advanced metrics such as micro-f1 and macro-f1, pre-

41 Often found in the shared tasks held at SemEval, see https://semeval.github.io/.

34


https://semeval.github.io/

3.3 Text Classification

cision at top-k or the Normalized Discounted Cumulative Gain (NDCG)
are usually applied [Eisenstein, 2018, p.82f.]. In terms of quantitative eval-
uation metrics, the focus should not only be on one single metric, because
one single score cannot fully characterize the performance of an approach.
Instead, a combination of different metrics should be used [Yang, 1999,
p- 81f.]. Qualitative evaluation, as described above in Section 3.2.2 and
also below for simplification (in Section 3.5) and summarization (in Sec-
tion 3.6), is seldomly done for classification. A stronger focus is placed
on other aspects of the classification pipeline, such as feature selection
[Forman, 2003] or the applied preprocessing steps such as stemming or
stop word elimination [HaCohen-Kerner et al., 2020].

Traditionally, classifiers were modeled through rule-based systems [Li
and Liu, 2014] or, relatedly, based on rules in order to construct decision
trees [Aggarwal and Zhai, 2012a, p. 176ff.]. Quick follow-ups included
machine learning techniques to learn decision trees as classifiers — as
was already laid out in Section 2.2.2 — through the methods of boosting
and bagging in order to create either improved decision trees or use ad-
apted data splits [Breiman, 1996; Freund et al., 1996]. Probabilistic and
linear classifiers represent the continued evolution of classification ap-
proaches, starting with Naive Bayes classifiers. Binary classification tasks,
such as spam detection, were applied early on using Naive Bayes. In this
case, the classifier estimates the probability of a message belonging to
one of two classes, i.e., regular mail or spam [Aggarwal and Zhai, 2012a,
p. 181ft.]. Naive Bayes is easily adapted for multi-class classification prob-
lems through its probabilistic properties, e.g., for assigning the correct
genre or newsgroup to a given text.*?

Other linear classifiers such as SVMs were primarily intended for bin-
ary classification, which construct a hyperplane separating the two classes
(also see above in Section 2.2.2). In order to also process multi-class prob-
lems, two strategies were introduced to handle this restriction, one-versus-
all, also known as one-versus-rest in the literature, and one-versus-one
[Eisenstein, 2018, p. 414]. One-versus-all focuses on each label, i.e., the
model creates a binary classifier for each label, whereas one-versus-one
deals with a pair of labels and a binary classifier is created for each of
these pairs. Both variants produce confidence scores provided by all single
classifiers, and the classifier with the highest confidence score is chosen,
thus its predicted label is assigned. Still, this approach is prone to prob-
lems depending on the class distribution within the training data or in

42 As in often used datasets for this use case, such as the 20 Newsgroups dataset or the AG
News, see the beginning of this Section 3.3.
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ambiguous regions when constructing the classifiers [Bishop and Nasra-
badi, 2006, p. 183f. and p. 338f.].

Deep learning systems have transformed the research field of text clas-
sification similarly to previously mentioned tasks. Due to the increased
architectural size and complexity, many systems were proposed for the
common problem of classifying texts, one being the previously mentioned
RNN and other variants such as CNN and Graph Neural Network (GNN)
[Lietal., 2022, p. 8]. Details for these systems differ, such as the focus on
sequential information in RNN-based systems [Liu et al., 2016] or on the
extraction of the most fitting features in CNN-based systems. However,
all methods share the aggregation at the final layer in order to produce
a prediction as classification result [Li et al., 2022, p. 11ff.]. GNN-based
approaches differ due to its construction as a graph network, in which
syntactic structure can be learned by the neural network through its con-
nections between words, sentences and documents. This architecture al-
lows the neural network to model the task as a graph node classification
problem [Li et al., 2022, p. 16f.].

While the different deep learning models were successful in captur-
ing the attention of the classification community, transformer-based ap-
proaches were once more quickly able to surpass previous state-of-the-art
systems [Li et al., 2022, p. 25ff.]. The previously mentioned advantages
of contextual embeddings (see Section 2.3) and improvements in paral-
lel computing served as the main advantages when adapting approaches
based on BERT. Further optimized systems such as RoBERTa [Liu, 2019]
and XLNet [Yang et al., 2019] build on these developments.

When looking at architectures such as BERT and its offshoots, the ad-
aptation towards classification as a downstream task happens in the fi-
nal layers, where classifier layers are added on top of the output layers
of the pre-trained language model [Jurafsky and Martin, 2024, p. 234ff.].
Similarly, LLMs have been studied for text classification in a variety of
ways, with a focus on prompt-tuning [Han et al., 2022], in combination
with knowledge bases [Hu et al., 2022] or within a survey looking at the
advances through LLMs within classification scenarios in terms of cost,
efficiency, performance and other indicators [Fields et al., 2024].

An annotation on a much smaller and specialized scale will be treated
in the next section, referring to segments. Text segmentation approaches
divide documents into smaller units, depending on some form of relation
between them.
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3.4 Text Segmentation

The NLP task text segmentation refers to the processing of text in so far,
that cohesive units in some manner can be detected and differentiated
from one another. The manner of “cohesive units” can differ. Semantic
cohesion seems the most obvious and natural manner of segmenting text,
with size being the other natural candidate. Text segmentation is some-
times also called document segmentation, referring to the same concept
for this thesis. By contrast, discourse segmentation can also be observed
as a contrasting research task, i.e., the identification of Elementary Dis-
course Units (EDUs), which comprise the minimal units in discourse ana-
lysis based on the rhetorical structure theory [Lukasik et al., 2020, p. 4707;
Mann and Thompson, 1988].

In terms of size as bounding parameter between segments, similarit-
ies between tokenization and segmentation become apparent. Tokeniz-
ation, while usually conducted on a word- or n-gram-level, can also be
applied on a sentence- or paragraph-level [Manning et al., 2008, p. 22].
Thus, the scope of segmentation and tokenization can be seen as similar,
when focusing purely on size-constraints. However, the natural interpret-
ation for tokenization refers to a smaller scale when compared to text seg-
mentation, which typically deals with paragraphs or at least multiple sen-
tences [Dadachev et al., 2014; Ponte and Croft, 1997; Sehikh et al., 2017].
Due to the smaller reach of this research field, SLRs are not common,
but one available review from Pak and Teh [2017] instead finds a ma-
jority of the retrieved papers studying word-level segmentation [Pak and
Teh, 2017, p. 1741.]. The methodology of their paper explains this fact,
however, since many of the word-level segmentation publications concern
handwritten documents or data in non-English languages with semantic-
ally rich characters such as Chinese, necessitating more advanced word
segmentation. Segmentation tasks for Germanic languages, as used in
this thesis, are more focused on a topic-level, as the authors in Pak and
Teh [2017] classified.

Topic-level segmentation deals with lexical cohesion. The semantic re-
lationships between multiple sentences or even paragraphs and represent-
ing a single topic are the major criteria with which segments are separated
from each other. The granularity or size of segments processed in a se-
mantic or lexical manner ranges from only two to three sentences [Ponte
and Croft, 1997] up to roughly a dozen sentences [Dadachev et al., 2014;
Hearst, 1997]. Applications for this process include document cluster-
ing, the detection of topic boundaries, e.g., presented in the TextTiling
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approach from Hearst [1997], or the processing of text within formats
such as PDF [Pak and Teh, 2017, p. 169ff.]. The processing of text into
segments can be approached using many different techniques, using stat-
istical methods [Beeferman et al., 1999], SVMs [Xia et al., 2010], topic-
modeling approaches [Ried]l and Biemann, 2012] and in recent years ap-
plying neural networks [Gong et al., 2022] and LSTM-based systems [Gh-
inassi et al., 2023].

Through the rise of LLMs, text segmentation has received renewed
interest. Limited context windows, i.e., the restricted size of prompts
concerning the input as well as output of LLMs, necessitate the split-
ting of longer documents that are intended to be processed in total by
an LLM. Other strategies such as truncating also exist but suffer from
problems since only abbreviated documents can be processed in this man-
ner [Koh et al., 2022, p. 27]. Instead, text segmentation is implemented
as a chunking mechanism — the segmentation procedure referred to in
this context as chunking — and enables the sequential processing of large
text documents. This approach is useful when documents exceed the
maximum sequence length or context window size. Different chunking
strategies have been presented, see Dong et al. [2023, p. 3], including
chunking by using fixed size, with [Chalkidis et al., 2022] or without [Dai
et al., 2019] overlapping segments. Other systems use flexible sizes that
are adapted through reinforcement learning methods [Gong et al., 2020],
the latter being one representative of approaches closely related to se-
mantic segmentation strategies from above.

Instead of using chunking as part of the preprocessing before actually
using LLMs for other use cases, the task of text segmentation itself has
been applied with modern techniques recently in a number of studies.
BERT-based architectures have been applied in Lukasik et al. [2020] in or-
der to extract both document segments and discourse segments, see above
at the beginning of this Section 3.4 for a distinction between the two seg-
ment types. Another recent publication from Retkowski and Waibel [2024]
on the structuring of video transcripts has applied segmentation using
a more efficient smaller-scale transformer-based method. Even more re-
cently, not only BERT-based models, but also BART and GPT-3.5 have
been used for segmentation purposes in Alkhalil et al. [2025].

Text segmentation approaches are often applied as an intermediate
step enabling more advanced tasks, such as clustering, text recognition
in handwritten datasets, and more complex characters in non-western
alphabets such as Chinese, see an overview on many tasks in Pak and
Teh [2017, p. 169ff.]. Therefore, evaluation for this application scenario is
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not straightforward, due to widely differing approaches within this NLP
task. In addition, there is a lack of uniform datasets with which models
are evaluated and compared against one another. Metrics such as preci-
sion and recall can be applied regarding correct selection of boundaries
separating segments from each other, see Hearst [1997, p. 56f.] for de-
tails on the evaluation procedure, and Ponte and Croft [1997, p. 7f.] for a
similar evaluation using precision, recall and f1-score on exact and partial
matches. More recently, evaluations in a related manner have been ap-
plied in Lukasik et al. [2020, p. 4711]. Measures applying a moving window
across the document and comparing reference and produced segments
have also been used, which assign a penalty if the reference and produced
segments do not match [Dadachev et al., 2014, p. 78]. Further details on
an actual realization of a text segmentation problem will be discussed in
Chapter 9, see also Jegan and Henrich [2025b].

The previous tasks all share one common feature, the assignment of
a property to some text or parts of a text, be it a type of entity, relation, a
class of text itself or segment boundaries. The next two tasks differ in their
scope and type of output, which will be detailed in the following sections.

3.5 Text Simplification

The NLP task text simplification produces a new text based on some in-
put text. The aim, besides simplifying, is also to usually keep the content
from the input text, at least in terms of length, which is one of the main
differences when compared to the next application scenario, text summar-
ization [Shardlow, 2014a, p. 58f.]. The target of the simplification process
differs, depending on the dataset, context and user group, and can specify
the degree of simplification, i.e., the complexity of the produced text.
Various simplification strategies exist, which differ in their approach
towards generating the simplified text. In general, lexical and syntactic
simplification approaches are distinct from each other, at least prior to
neural approaches. These neural network-based systems model text sim-
plification as a monolingual machine translation task, i.e., translating the
original input text into a simplified translated output text [Al-Thanyyan
and Azmi, 2021, p. 8ff.]. Since the simplification approaches generate a
new text that is intended to be a self-contained version of the original text,
further simplification procedures can be applied, if a certain degree of
simplification has not been met. Thus, hybrid approaches, e.g., of first a
lexical and then a syntactic simplification, are possible for this task.
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Evaluation ~ Evaluation for simplification tasks is inherently difficult due to the
sheer number of potentially generated texts. Thus, a simple comparison
to a gold standard reference within a training and test dataset is automat-
ically flawed. The generated simplified texts can match the reference sim-
plification or be completely different. Since the simplification approaches
differ in their goal as well as setup, different evaluation strategies are ne-
cessary. The length of sentences as well as lexical complexity, referring to
the use of complex words,*® both play a crucial role in simplification, but
are separate problems. Readability as well as understandability are further
distinctions, the former combining the grammatical complexity as well as
length of sentences. The latter refers to the amount of information a user
can capture from a text [Shardlow, 2014a, p. 59].

Qualitative ~ Manual qualitative evaluation usually requires native speakers or do-

Evaluation main experts, which grade the simplification according to several categor-
ies, in many cases across three aspects, i.e., simplicity, fluency and mean-
ing preservation [Al-Thanyyan and Azmi, 2021, p. 3]. The first category
refers to the degree of simplification of the generated text when compared
to the original, while the second category is also known as grammaticality
and represents the number of grammatical errors or correct grammar in
general. The final category contrasts the content of the original text when
compared to the produced text.

Quantiative ~ Quantitative evaluation regarding simplification is — similarly to the

Evaluation a5k of defining complexity — multi-faceted. The number of syllables
and sentences of a text have been used to compute the complexity
of a text through widely used metrics such as Flesch-Reading-Ease
(FRE) [Flesch, 1948] and Flesch-Kincaid-Grade-Level (FKGL) [Kincaid
etal., 1975]. As will be detailed below later in this section, modern simpli-
fication approaches model the task as a translation task, which is why met-
rics from the machine translation domain have been applied. Bilingual
Evaluation Understudy (BLEU) [Papineni et al., 2002] is one such met-
ric, measuring overlapping n-grams between original and the translation.
However, metrics intended for machine translation are not entirely cap-
able of scoring an approach intended for simplification purposes. Thus,
combinations of BLEU as well as FRE, here called FKBLEU with aspects
from both FKGL and BLEU, have been used [Xu et al., 2016, p. 403]. A

43 The definition of a “complex word” is itself rather complex and can be approached us-
ing word frequency, e.g., by measures such as the Kucera-Francis frequency, or other
strategies [Shardlow, 2013; Shardlow, 2014b, p. 1584ff.]. However, problems persist re-
gardless of the strategy such as the observation of shorter words not always being less
complex [Maddela and Xu, 2018, p. 37491f].
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further metric called System output Against References and against the
Input sentence (SARI), focusing on comparing the produced simplifica-
tion and the reference text, has also been applied [Xu et al., 2016, p. 404£.].
The latter metric SARI and all other translation-centered metrics suffer
from the reliance on comparing the simplification with the reference text,
thus eschewing all other potentially well-fitting simplifications, as men-
tioned above.

Early automatic simplification approaches focused on syntactic simpli-
fications, by splitting longer sentences into simpler, more comprehens-
ible shorter sentences. The identification of sentence candidates for split-
ting was initially done using a Finite State Grammar (FSG) or dependency-
based models [Chandrasekar et al., 1996, p. 1042ff.]. The FSG approach
selects chunks from sentences and enables sentence splitting through
hand-crafted rules, with some drawbacks regarding long-range depend-
encies within a text. The problem was tackled with dependency-focused
models, which used supertagging to extract more information than com-
monly found in PoS tags, in order to create dependency links to clearly
structure related chunks of a sentence. These links were then used to lo-
gically order the chunks in the simplification. Many other syntactic simpli-
fication approaches exist, e.g., by extending sentence splitting strategies
with the simplification of other syntactic entities such as relative clauses
and passive constructions [Siddharthan, 2011]. Another line of work uses
event extraction techniques (see above in Section 3.2.2) as a first step in
the pipeline followed by simplification rules based on the extracted events
[Glava$ and Stajner, 2013].

Lexical simplification is a separate problem entirely, focusing on smal-
ler units of text, mostly regarding the substitution of words with their less
complex synonyms. In early systems, synonyms were identified by query-
ing WordNet [Miller, 1995], and in this simple variant, the more frequent
words and thus supposedly more familiar or simple words from the syn-
onym list were chosen [Devlin and Tait, 1998, p. 164{f.]. Synonym ranking
is an important aspect for such systems, when looking at pure lexical sub-
stitution as the simplification procedure and has been studied as part of a
shared task, e.g., SemEval 2012 [Specia et al., 2012]. Extensions to the pure
word-level substitution have been achieved through phrase-level substitu-
tion, either by other phrases or single words, or by improved processing of
contextual information through vector similarity in order to improve word
sense disambiguation, among others [Shardlow, 2014a, p. 61f.; Paetzold
and Specia, 2016].
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Both syntactic and lexical simplification measures adhere close to the
original text, which is in strong contrast to the remaining techniques. Due
to the increasing capabilities of the machine translation research field,
simplification was applied as a monolingual translation task. First experi-
ments were done using a parallel dataset with original and simplified texts,
the latter in two degrees of simplifications using a phrase-based statistical
machine translation system [Specia, 2010]. The statistical machine trans-
lation tool Moses was widely used in many text simplification approaches
[Koehn et al., 2007].

Noting the limitations of previous approaches, which include limita-
tions on splitting and deletion operations, several hybrid techniques were
created [Al-Thanyyan and Azmi, 2021, p. 20ff.]. One such system first ap-
plies a semantic model, which splits sentences as well as deletes phrases
or words. Subsequently, a translation model is applied for both reorder-
ing and substitution, before finally using a language model trained on
Simple Wikipedia* for fluency [Narayan and Gardent, 2014]. Combined
lexical and syntactical simplifications can further be approached as a tree
transduction problem [Paetzold and Specia, 2013].

Since the rise of neural networks for many NLP applications was im-
pacting the machine translation community as well, neural approaches
were naturally also applied to simplification tasks. Word2vec-based em-
beddings as well LSTM-based and CNN-based systems were applied
in various architectures and often as hybrid setups [Al-Thanyyan and
Azmi, 2021, p. 24ff.; Aroyehun et al., 2018]. These models were ap-
plied on still relevant datasets for simplification such as WikiSmall [Zhu
et al., 2010], WikiLarge [Zhang and Lapata, 2017] and Newsela [Xu
et al., 2015]. While the research field of text simplification is much smal-
ler than all other observed NLP tasks except maybe text segmentation,
a few approaches using the transformer architecture have nevertheless
been proposed. For one, a parametrization of simplification aspects such
as length, paraphrasing, lexical as well as syntactic complexity has been
proposed using a sequence-to-sequence model, in which these aspects can
be controlled using a value from a fixed ratio [Martin et al., 2020]. For an-
other, the discrete nature of simplification aspects was conceptualized as
three rewards, fluency, salience and simplicity, for which separate optim-
ization models were created that are then combined as one Self-Critical
Sequence Training (SCST) system [Laban et al., 2021]. The latter model

4 See https://simple.wikipedia.org/wiki/Main_Page/.
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was applied for the German text simplification system from Fruth [2022],
see Section 7.1.1.

The arrival of LLMs has seen some discussion for simplification ap-
proaches as well, however drawbacks were noted in the few approaches
available. A LLaMA-based [Touvron et al., 2023] approach matched or sur-
passed prior simplification approaches based on BERT, while also noting
restrictions due to prompt stability issues as well as limitations due to
the number of computational resources needed [Baez and Saggion, 2023].
Further studies were done with a focus on coherent behavior of simplific-
ation models, mostly BERT-based models, but also on GPT-3.5 [Anschiitz
etal., 2024]. The authors noted limitations of all models when conducting
artificial adversarial attacks on simplification data and discussed the pos-
sibility of a lack of simplified text within the training data for the large pre-
trained models as cause of these problems [Anschiitz et al., 2024, p. 191f1.].

Simplification as an NLP task has been referenced by the more re-
searched field of text summarization in some ways, e.g., as a part of the
summarization pipeline through simplification steps such as lexical sub-
stitutions in the final steps of generating the summary [Al-Thanyyan and
Azmi, 2021, p. 2f.]. However, a closer look at text summarization is needed
due to the somewhat contrasting goals.

3.6 Text Summarization

The NLP task text summarization is, in terms of task description as well
as output, at first glance similar to text simplification. An original text
is analyzed, changed in some way and a new text with properties from
the original text is given as the output. The selection of candidates that
should be kept for the summary, in many cases sentences, is, however,
also achieved through means that are also in use in other application scen-
arios mentioned above such as information extraction. Thus, the aim of
summarization approaches is obviously different when compared to sim-
plification, mainly in terms of producing a compressed variant of the ori-
ginal text.

As with text classification, different dimensions have to be men-
tioned briefly. Single-document vs. multi-document summarization is
one such dimension. This thesis will focus more on single-document
summarization, thus a quick task description for the latter will suf-
fice. Multi-document summarization, as the name suggests, takes sev-
eral different documents, and produces one overarching document in-
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tended to summarize all input documents. The difficulty increases in
the multi-document setting due to problems such as the compression
factor or redundant information included in separate documents [Gold-
stein et al., 2000]. These problems can be approached using traditional
techniques such as random forest models [John and Wilscy, 2013]. The
compression ratio can vary widely, which is natural due to different set-
tings when summarizing only a few documents, or many documents,
sometimes in the hundreds of texts. Redundancy can be a major factor
when designing the summarization system, depending on the context as
well as data, especially if the texts cover related topics. Single-document
summarization will remain the focus here, but the research field of
multi-document summarization is still immensely relevant due to ever-

increasing amounts of data that require analysis.
Extractivevs.  1raditional and more modern techniques are, as with the previous NLP
Abstractive tagks, another contrasting dimension, but text classification specifically
encompasses an even simpler distinction. This distinction is between ex-
tractive and abstractive®® summarization techniques, which will both be
studied as the two main strategies of summarizing texts for this thesis.
In short, extractive summarization techniques identify portions of a text
that are relevant for the summary and extract those text passages without
changing them. This process results in a summary that is completely
composed of text that already appeared in the original text. Abstractive
summarization, however, processes the text and, using a variety of differ-
ent methods, composes some new text with the original text serving as
the basis of the generated output. For abstractive summaries, new text is
produced that does not necessarily have to appear exactly or even partly in

the original text.

Early sys-  EXtractive text summarization will produce a text that is essentially a
tems gelection of the most important parts of the original text, thus a subset of
the input text. Approaches differ in their strategy on how to select those
important passages. Initial approaches used statistical properties, i.e., the
distribution of words within the text, to identify keywords and therefore
also the selection of sentences for the summary. TF-IDF [Jones, 1972;
Luhn, 1957] is one such rather simple measure in order to identify the
importance of words relative to other words from the same text, which
in turn allows the ranking of words and sentences. The identification of
important words is usually one of the steps within a processing pipeline
for summarization methods that comprise various statistical, topic-based

45 Also known as generative summarization.
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or graph-based approaches as well as using older machine learning tech-
niques [Gambhir and Gupta, 2017, p. 411.].

The news domain has been traditionally one of the most researched
domains within text summarization and many of the more popular data-
sets have been created from within this domain such as CNN/DailyMail
[Dernoncourt et al., 2018]. One consequence of this focus on the news
domain has been the development of methods that are adapted for such
texts, e.g., lead-n, which selects the first n sentences of a text due to the pre-
valent lead bias of news texts [Brandow et al., 1995; Jones, 2007, p. 9]. The
lead bias has been noted and studied within the news domain, especially
its impact on the performance even on modern models when randomly
shuffling the sentences around [Kedzie et al., 2018, p. 1826f.]. Negative
effects have also been noted on other domains, e.g., the legal domain in
the form of European legal acts [Aumiller et al., 2022], and need to be
considered there as well.

Different architectural models have been proposed to vary the extrac-
tion process, such as TextRank. This algorithm is a graph-based rank-
ing system, which extracts sentences for the summary based on a graph
that is created for the entire text and a ranking of sentences is calcu-
lated by comparing common words between sentences [Mihalcea and Ta-
rau, 2004]. Similarly, LexRank also creates a graph and compares sen-
tences with each other, but with the help of cosine similarity instead
[Erkan and Radev, 2004]. The rankings produced by both TextRank
and LexRank are based on the information retrieval ranking algorithm
PageRank, already noted above in Section 3.1 [Brin and Page, 1998; Page
et al., 1999]. Due to the flexible ranking algorithms based on PageRank,
TextRank and LexRank can be adapted to sentence similarity or other sim-
ilarity tasks, such as information extraction or keyword extraction tasks
[Wei and Ding, 2023; Yan et al., 2024]. More complex systems use ma-
chine learning approaches. They are modeling the summarization task
either as a supervised learning classification task or implement deep learn-
ing approaches, which apply embedding-based approaches in order to
compute a similarity ranking [El-Kassas et al., 2021, p. 6ff.]. The latter
techniques, i.e., language models and computationally intensive systems,
were, however, used in more expansive ways in the other category of text
summarization approaches, described in the following.

Abstractive approaches, in contrast to extractive text summarization sys-
tems, generate a text that can differ from the input text. The generation
of new text was achieved through the rise of neural networks (see Sec-
tion 2.3) and systems such as RNN- or LSTM-based models that were also
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applied on text summarization tasks [El-Kassas et al., 2021, p. 9ff.]. One
widely referenced early method transformed the input text into a contex-
tual vector representation using an attention-based encoder and generated
the output based on a feed-forward neural network language model [Rush
et al., 2015].

Many different architectures and even hybrid approaches exist for ab-
stractive text summarization, also incorporating extractive techniques
within the processing pipeline [Wang et al., 2017]. In contrast, the use of
neural networks is not restricted to the generative aspect of the abstractive
summarization approaches but can also be applied to sentence selection
or semantic text matching aspects in extractive summarization systems
as well. Such hybrid systems can, e.g., be realized using a BERT-based
architecture in order to extract sentences and then to match the candidate
summary according to the similarity to the source document, but crucially
not rewriting or generating text [Zhong et al., 2020].

One problem persists, regardless of extractive, abstractive or hybrid ap-
proaches, namely the evaluation of the generated summaries. This prob-
lem is analogous to text simplification (see above in Section 3.5), since in
most datasets only one reference summary exists for each source docu-
ment. Thus, quantitative evaluation methods, when only comparing the
produced summaries to the reference summary, exhibit the same draw-
backs as for simplification due to the reliance on one summary as the
ground truth. The problem here, once more, is the fact that many possible
summaries exist for an original text, and evaluations focusing on just one
reference summary are thus restrictive in properly evaluating summariz-
ation methods. Extractive summarization methods are somewhat limited
in producing summaries that can be seen as such new summaries that
differ in a major way from the reference summary due to their purely ex-
tractive nature. This attribute of adhering to the original input text might
however also be a feature for sensitive domains and use cases, see the
discussion on lacking metrics in general in Section 6.2 and especially for
summarization tasks in selected use cases in Section 7.2.2.

The quantitative evaluation of summarization systems is commonly
done using the Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) metric. This score is applied either in the R-1 variant for uni-
gram overlap between the original text and the produced summary, or
with R-2 for bigram overlap or even R-L for the longest common sub-
sequence [Lin, 2004b]. As mentioned above, the reliance on reference
summaries is a limiting factor when purely looking at metrics such as
ROUGE, or other metrics that are sometimes used in summarization
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tasks like BLEU or Metric for Evaluation of Translation with Explicit Or-
dering (METEOR) [Banerjee and Lavie, 2005] that were originally created
for machine translation tasks. Apart from this limiting factor, some fur-
ther drawbacks with reference-based metrics on matching substrings are
apparent.

Firstly, only exact matches between the reference and the produced
summary are scored with two of the most popular ROUGE variants, R-1
and R-2 [Lin, 2004b, p. 74{f.] and thus syntactic or lexical variations lead to
worse scores. In the original ROUGE paper, other variants of the metrics
have been proposed apart from the R-L score with the longest common
subsequence. ROUGE-W introduced a weighted variant of R-L emphasiz-
ing consecutive matches, and ROUGE-S added a skip-bigram mechanic
based on the co-occurrence of bigrams [Lin, 2004b, p. 76ff.]. Secondly,
ROUGE in all variants requires matching words in both reference and
produced summary, thus punishing the use of synonyms or word sub-
stitutions instead of the original words. ROUGE therefore necessitates
lexical overlap between both versions in order to produce a higher score
[Akter etal., 2022]. For the last problem, methods using dependency parse
trees have been proposed for comparing the summaries [Hovy et al., 2006].
Despite all noted restrictions, ROUGE is still the dominant quantitative
metric for summarization to this day.

The reliance on a single reference summary has been challenged as
well, even by the author of the original ROUGE metric, through an ana-
lysis of an increased number of reference summaries, which would po-
tentially lead to a higher correlation with human judgments [Lin, 2004a,
p. 8f.]. In the same paper, ROUGE is successfully applied for evaluating
generated summaries against multiple reference summaries [Lin, 2004a,
p. 3ff.]. However, despite some datasets published in the Document Un-
derstanding Conference (DUC)* including multiple references, many
large-scale datasets, as the above-mentioned CNN/DailyMail corpus, that
are heavily used today, only include one reference summary and therefore
prohibit informative evaluations. Thus, as has been noted widely, a qual-
itative evaluation is a logical next step when analyzing summarization sys-
tems, in addition to quantitative evaluation against a reference summary
[El-Kassas et al., 2021, p. 19f; Jones, 2007, p. 1453ff.]. The criteria for a
manual evaluation done by experts are extensive, ranging from coverage,

46 Available from 2001-2007, and now as part of the Text Analysis Conference (TAC), see
https://www-nlpir.nist.gov/projects/duc/index.html.
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cohesion, grammaticality to readability and many more.*’ The evaluation
of summarization applications has been presented here in more detail
than for the other NLP applications, but has been done so to offer a brief
glimpse of the complexity of evaluating text processing systems. A more
detailed view, regarding many different NLP tasks will be displayed below
in Sections 6.2 and 7.2.

One of OpenAl’s innovative advancements towards using transformer-
based language models within a prompt-based interface has been
Reinforcement Learning from Human Feedback (RLHF) on a summariz-
ation task [Stiennon et al., 2020]. While not directly incorporating a chat
interface, the incremental development of this approach led directly to
the creation of ChatGPT and prompt-based LLMs, as known and in use
today.”® In general, the summarization of texts is one of the most com-
mon and researched use cases for LLMs, as well as one of the most suc-
cessful ones, reaching levels of human-written summaries in many cases
[Zhang et al., 2024b]. While the context size was initially a limiting factor,
newer models capable of handling larger context windows have allowed
the summarization of larger single documents in total or at least for many
use cases of small to medium length texts. These models reach token
counts within the context windows in the thousands with models pub-
lished in 2023 and further increases since then [Patil and Gudivada, 2024,
p. 26].

Briefly, the summarization task within LLMs, and for other abstract-
ive or generative NLP tasks in general including simplification as well,
can be characterized as a conditional generation task, see above in Sec-
tion 2.4. More concretely for LLMs, the prompt includes the original text
and a token signaling the action towards summarizing the preceding text,
sometimes referred to as tl;dr*® token. After this token, a word prediction
task is started and the response produced by the LLM can be seen as the
summary for the original text from the prompt [Jurafsky and Martin, 2024,
p. 204fF).

The more free-form LLM-generated summaries have shown that stand-
ard automatic metrics such as ROUGE are even more reliant on high-
quality reference summaries, when comparing different reference sum-

47 Alarger discussion has been done in many surveys as well as essays on these topics, e.g.,
in Jones [1999].

48 The introductory blogpost of ChatGPT from late 2022 references RLHF, see https://
openai.com/index/chatgpt/.

49 Referencing the too long; didn't read abbreviation, initially used colloquially in social media
platforms and nowadays also in more mainstream use, see https://www.merriam-
webster.com/dictionary/tldr/.
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maries on the widely used XSUM dataset [Narayan et al., 2018; Zhang
etal., 2024b, p. 48f.]. Other problems within LLMs such as hallucinations
or biases within the training data are still being worked on [Ji et al., 2023,
p. 15ff.; Jurafsky and Martin, 2024, p. 214f. and p. 219f.] and will be dis-
cussed in detail below in Chapter 6.

After the five main application scenarios from this thesis have been de-
scribed in terms of background and an overview on models — both tradi-
tional and modern — and typical use cases as well as evaluation procedures
has been given, it is necessary to take a closer look on the related work re-
garding traditional techniques. These techniques and factors in which
they differ from modern approaches deserve further discussion, which
will be given next in Chapter 4.
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Now that the NLP landscape in general as well as the foundations of the
relevant NLP tasks for this thesis have been laid out in Chapter 2 and
Chapter 3 respectively, a closer look at the related work will be presented
in this chapter. While five application scenarios will be briefly detailed
with a focus on their involvement or treatment of traditional models in
Section 4.1, an analysis of further dimensions relating to the use and ap-
plication of such models on language tasks will be given below in Sec-
tion 4.2.

Usually, the related work on NLP applications is focused on state-of-
the-art techniques and depending on the background also on historical
developments for the respective application. However, the focus of this
work does not lie on one particular task that will be analyzed in detail, but
rather on the use of different methods and traditional techniques for dif-
ferent application scenarios in particular. Therefore, a different approach
was chosen for this thesis. Traditional NLP techniques and their use for
tasks introduced in Chapter 3 will be discussed in Section 4.1. Further-
more, additional dimensions regarding the use of traditional techniques,
especially in contrast to modern methods, will be presented in Section 4.2.

4.1 Related Work on Selected NLP Tasks

Traditional techniques as defined in Section 2.5 are in many cases not
at the forefront of the state of the art, purely due to their age. However,
when reviewing the state of the art for the application scenarios detailed
in Chapter 3, several categories of ongoing use of traditional techniques
have been detected [Jegan and Henrich, 2025a].

One such category is the use of traditional techniques as a benchmark,
which are compared to the main model(s) of the paper in question. As
just one example, relation extraction was implemented using a GNN as
the main method and compared to several techniques that are considered
traditional in this thesis, such as SVM, Naive Bayes and random forest
models [Mazumder et al., 2023]. A second category is the use of tradi-
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tional techniques as part of the pipeline, either in preprocessing stages
or during the main computation of the system, e.g., using an SVM as
preprocessing for a text classification system, which feeds into a BERT-
based classifier [Wang et al., 2023b]. Finally, the third category comprises
the application of traditional techniques as the main method of a system,
which are still appearing in recent publications, e.g., combining extract-
ive summarization approaches with BERT-based techniques to improve
the ranking of sentences for extractive summarization approaches [Licari
et al., 2023]. These three categories will be visualized below in Tables 4.2
to 4.5, including a classification regarding competitive performance or
performance that is trailing behind in Tables 4.2 and 4.3. But first, to prop-
erly contextualize the techniques listed in Tables 4.2 to 4.5, the results of
the SLR itself need to be presented.

A short selection of literature will be presented for each application
scenario that was retrieved as part of the SLR, which has been done for
papers published in 2023 in the Association for Computing Machinery
(ACM) Digital Library and that will show the continued relevance of tradi-
tional techniques in NLP [Jegan and Henrich, 2025a]. For details on the
procedure of the SLR, see Jegan and Henrich [2025a, p. 4ff.]. In short,
searches were conducted using string matching for publication titles, for
papers published in 2023 in the ACM Digital Library. Also, some of the
referenced publications use 2022, 2023 or 2024 as publication date in
this section, despite the search parameters set to 2023, or for an updated
query to 2024 later in this section. This discrepancy is based on different
metadata indexed in the ACM Digital Library, in contrast to metadata re-
trieved from Google Scholar, which was the main literature search engine
for this thesis. These small differences do not impact the learnings from
this section. Overall, research question o — referring to the continued
research and use of traditional models — & @) - relating to the competit-
iveness of traditional techniques in contrast to modern techniques — will
be studied through the results of this SLR, which are shown in Figure 4.1.

Information Extraction

Three publications were retrieved for this application scenario. One ap-
proach used SVMs and keyword extraction techniques as comparison
methods for the main model, which was implemented as a multi-angle
feature learning system in order to extract information from a web page
[Liu, 2023]. The other two publications used traditional techniques as core
methods of the respective paper. On the one hand, information is extrac-
ted from one of the more dominant domains in NLP research, the news
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Figure 4.1: Results of the SLR regarding the use of traditional techniques in cur-
rent NLP tasks. Based on Jegan and Henrich [2025a, p. 5].

domain, by applying SVMs, random forests and decision trees as main
classifiers [Sultana et al., 2022]. On the other hand, rule-based extraction
models are applied on company announcements in analyzing stock de-
velopments, which are also compared with machine learning and deep
learning techniques [Xiang and Yangfei, 2023].

Relation Extraction

Once again, three publications were retrieved for this application scen-
ario. On a low-resource relation extraction task, a traditional technique
using semi-supervised self-training is compared to the main method of
this system, which is inspired by self-training methods, and others such as
BERT-based approaches [Hu et al., 2023a]. Traditional models such as Na-
ive Bayes and SVMs were compared to another newly introduced model in
another paper, in this case based on a GNN, and while trailing behind in
most benchmarks, the SVM model achieved the highest score regarding
precision for the LectureBank> dataset, surpassing the GNN [Mazumder
et al., 2023]. Finally, another core method was implemented using tra-
ditional methods by using SVM- and K-Nearest Neighbors (KNN)-based
approaches within a hybrid machine learning model intended to extract
complex Arabic relations [Osman et al., 2023].

50 See https://github.com/Yale-LILY/LectureBank/.
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Text Classification

Eleven publications were retrieved for this application scenario. A selec-
tion of these eleven papers used traditional techniques as part of the pro-
cessing pipeline. In one case, TF-IDF was applied within the pipeline [Shi
et al., 2023], while both TF-IDF and point mutual information are used in
another [Yuan et al., 2022]. SVMs are applied in the pipeline of a weakly
supervised open text classification approach [Wang et al., 2023b]. Another
paper, itself a survey on instance selection methods for text classification,
applied TF-IDF as part of the pipeline, while also using SVMs as a compar-
ison method, achieving the best results in two benchmarks, while trailing
behind in most other metrics [Cunha et al., 2023].

Using traditional techniques only in a comparing context was done in
several publications. Decision trees, BoW and logistic regression clas-
sifiers were applied in a study on interpretable text classification, only
trailing slightly behind the state of the art in several benchmarks [Hong
et al., 2023]. Similarly, traditional models such as SVMs, random forests
and others were used as comparison methods towards text classifica-
tion based on topic modeling, and once again showing competitive res-
ults on multiple benchmarks [Saeed et al., 2023]. However, two publica-
tions included traditional models purely for comparison’s sake, displaying
demonstrably weaker results for SVM and Naive Bayes classifiers when
compared to the proposed models [Lu et al., 2022; Mehmood et al., 2023].

The use of traditional models can be categorized as the main models or
one of the main models of each of the remaining three publications. First,
a linear n-gram classifier was applied as one of three main models in a
study on automatic noise generation and reduction [Chen et al., 2023a].
The other two papers both apply decision trees as representatives of tra-
ditional approaches, once as the sole method [Lin, 2023] on an educa-
tion task, and once in contrast to a modern BERT-based model [Zhang
et al., 2023a)]. In the first paper, a deeper understanding between the ap-
plied models, i.e., decision trees, and the ethical use of text classification
systems in general as well as the social outcomes through programming
abstractions were analyzed [Lin, 2023]. The second paper presents de-
cision trees and a BERT-based approach in order to examine uncertainty
within text classification systems [Zhang et al., 2023a].

Text Simplification

Only one publication was retrieved according to the search methodology
presented in Jegan and Henrich [2025a, p. 4ff], and only by extending
the queries to include abstracts as a search parameter. The sole retrieved
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paper is a survey on lexical complexity prediction and includes techniques
such as SVMs, decision trees and random forest algorithms besides more
modern models [North et al., 2023].

Text Summarization

Ten publications were retrieved for this application scenario. Placing the
use of traditional techniques into the three categories presented above
is more complicated for text summarization due to the more expansive
definition of extractive summarization techniques as representatives of
traditional techniques, see above in Section 2.5. Thus, a clear distinction
between the three categories is not always possible and more overlaps are
therefore present.

Five of the retrieved papers use traditional techniques as part of the
pipeline, and of those five, only one uses a purely abstractive sum-
marization system — implemented using the PEGASUS model [Zhang
et al., 2020a] — with traditional techniques only being part of the pro-
cessing pipeline [Park and Park, 2023]. The other four papers all used
extractive techniques as comparison baselines. The first publication
presented a hybrid system with a combination of both abstractive and
extractive techniques intended for rewriting purposes and a lead-3 sum-
marization system as baseline, with this traditional technique trailing
behind [Bao and Zhang, 2023]. Also trailing behind were the extract-
ive systems in a system focused on Vietnamese text, in which text seg-
mentation was used to improve the summarization performance [Lam
et al., 2022]. The remaining two publications used traditional techniques
as part of the pipeline, while also including extractive approaches as the
main model. The first of which extended the PageRank algorithm with
various similarity measures on a low-resource Asian language, namely
on Konkani texts, and also applied lead-3 as comparison baseline [D’Silva
and Sharma, 2023], too. The second paper dealt with Italian legal texts
and also used traditional models for comparison, here LexRank, while
also constructing a hybrid system consisting of an extractive summariza-
tion approach on a list of sentences pre-ranked by a BERT-based model
[Licari et al., 2023]. The latter two papers used extractive techniques, and
thus traditional ones, as part of their main model.

From the remaining five publications, two were using traditional tech-
niques purely for comparison purposes and indeed showed results that
trailed behind the main models of the papers. The first of the two
dealt with extreme abstractive text summarization of scientific publica-
tions [Atri et al., 2023], while the second presented an abstractive sum-
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marization model enhanced by reinforcement learning [Du et al., 2023].
Two further papers used extractive approaches as their main model, first
presenting a TextRank-based extractive approach, which surpassed mod-
ern transformer-based approaches on Chinese text summarization [Luo
et al., 2022]. Second, Arabic text summarization was analyzed by using
a hybrid approach using statistical approaches in selecting candidates for
the summary, which were chosen using a semantic comparison based
on a word2vec model and that in the end surpassed other extractive ap-
proaches [Omar and Al-Shaar, 2023]. Finally, the last retrieved publica-
tion includes a literature review on social media text summarization ap-
proaches, which provides an overview on available studies on summariza-
tion approaches for this domain including both abstractive and extractive
techniques to a similar extent [Papagiannopoulou and Angeli, 2022].
After analyzing the retrieved papers, the categories regarding the use of
traditional models that were introduced at the start of this section will be
presented next. First, a non-exhaustive number of techniques and mod-
els from these publications is displayed in Table 4.1 as an overview. The
table is not intended to be a complete collection of all approaches cur-
rently in use for the respective use case. Rather, a snapshot of the current
NLP landscape is presented, informed by research on traditional mod-
els and by surveying competing methods, primarily through experiments
(see Chapters 7 and 9) and the related work (see the current chapter).
Some compromises were necessary to succinctly visualize the overview
from this Table 4.1 in this manner. While Tables 4.2 to 4.5 offer a classi-
fication regarding the role of each publication and its use case for the re-
spective techniques, other information on the implementation, program-
ming language and parameter selections were omitted. However, fur-
ther references are included in other parts of this thesis, e.g., in the brief
presentation of the landscape of NLP in Chapter 2, and as an overview in
the SLR, presented in this section. Still, Table 4.1 displays an overview
of both traditional and current models with their applicability on differ-
ent use cases and can serve as a brief outline for techniques applied in
this thesis. Noteworthy in Table 4.1 are the applicability of nearly every
technique for the popular tasks such as classification and summarization.
In contrast, niche tasks such as segmentation have been approached us-
ing much fewer techniques. Also, the generative nature of simplification
in most cases prohibits many techniques from easily being used for this
task, with the exceptions of rule-based or decision tree substitution tasks
for simple lexical or syntactic simplifications. In general, all listed tech-
niques could still be applied to any of the tasks. Additional effort would be
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required if no preexisting publication or implementation is already avail-
able for the respective task-technique combination.

Applicability for Use Case

Method Inf. & Rel. Extr.  Class. Segm. Simpl.  Summ.
Traditional Approaches

DT Learning [49; 124] [316] [68]
DT [412] [167;471]  [34] 317]  [147]
LexRank [458] [106]
Log. Reg. [278; 412] [304]

Naive Bayes [278] [374;393]  [131] [68]
Random Forest [278] [372; 393] [198]
Rule-Based [346; 450] [242] [95] [210] [147]
SVMs [253; 486] (80;437]  [449] (386]  [147]
TextRank [441] [282]

Modern Approaches

BERT [94] [437;471]  [261] [125]  [29;152]
CNN [115] [393] [14] [226]
LSTM [115; 253] [280;393]  [130] [307]  [97; 226]
RNN [254] (383] [226]
LLMs [434; 452] [116]  [188;236] [13;24] [84;477]

Table 4.1: Applicability of a selection of NLP methods and techniques for the use
cases in this thesis. “Inf. & Rel. Extr.” refers to information and relation
extraction (see Section 3.2), “Class.” refers to text classification (see Sec-
tion 3.3), “Segm.” refers to text segmentation (see Section 3.4), “Simpl.”
refers to text simplification (see Section 3.5) and “Summ.” refers to text
summarization (see Section 3.6). “DT” refers to Decision Tree and “Log.
Reg.” to Logistic Regression methods. Existing references denote the
applicability of the respective technique (rows) for a use case (columns).

Roleof  Lhe categorization of techniques into different roles is presented next.
Methods  Regarding the Tables 4.2 to 4.5, some references appear in multiple tables,
since the techniques can be part of the pipeline and also part of the com-
parison within the evaluation, see, e.g., Gupta et al. [2024], i.e., [147] in the

Tables 4.1 to 4.5. Similarly, core techniques can also be compared to more
modern methods and achieve performance that is competitive or trailing
behind. Therefore, the same reference may appear multiple times in the

tables. For example, Mazumder et al. [2023], i.e., [278], report results for
information and relation extraction using Naive Bayes, logistic regression

and random forest systems as comparison benchmarks. Only the latter
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Competitive Performance

Method Inf. & Rel. Extr. Class. Segm. Simpl. Summ.
DT Learning [68]
DT [167] 317]

LexRank [106]
Log. Reg. [304]

Naive Bayes [68]
Random Forest [278] [372] [198]
Rule-Based [346; 450] [210]  [147]
SVMs [486] 80]  [449]  [386]

TextRank [282]
BERT [261] [29]
CNN [393] [14]

LSTM [253] [393]  [130] [9]

RNN [254]  [383] [226]
LLMs [434; 452] [116]  [188] [13;24] [84;477]

Table 4.2: Overview of NLP methods that achieve competitive performance. See
the caption of Table 4.1 for hints with respect to the abbreviations.

system achieves competitive results for precision, see Table 4.2, while the
other techniques trail behind, see Table 4.3.

The classifications noted in Tables 4.2 to 4.5 are not based on a quanti- performance
fied evaluation but a qualitative analysis of the publications by the author Classification
of this thesis. Therefore, a certain fuzziness or room for interpretation
regarding certain choices is certainly possible. Nevertheless, some obser-
vations can be glimpsed from the classifications. When directly compar-
ing both Tables 4.2 and 4.3, more references can be observed in the top
half of Table 4.3 showing performance that is trailing behind for public-
ations presenting traditional techniques. In contrast, Table 4.2 displays
more references in the lower half, thus displaying higher performance
for the more modern techniques. Similarly, LLMs are never categorized
as trailing behind and thus only show competitive performance. While
a direct comparison is naturally not possible across different use cases
and between drastically varying evaluation settings, a rough estimate can
still be seen through this classification regarding the dominance of LLMs
across a broad range of NLP tasks.
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Trailing Behind Performance
Method Inf. & Rel. Extr. Class. Segm. Simpl. Summ.

DT Learning

DT [412] 34]
LexRank

Log. Reg. [278]

Naive Bayes [278] [393] [131]
Random Forest [393]
Rule-Based [95]
SVMs [253] 80]
TextRank [441]

BERT [152]
CNN

LSTM [280]

RNN

LLMs

Table 4.3: Overview of NLP methods that exhibit performance that is trailing be-
hind. See the caption of Table 4.1 for hints with respect to the abbrevi-
ations.

The other distinction concerns the role of the technique within the ac-
tual text processing system, i.e., purely as part of a pipeline in Table 4.5
or the technique being part of the core model or one of the core models
in Table 4.4. A clear separation between the two classes cannot be drawn
here. However, more publications were identified using the displayed
methods as a core technique than just as part of a pipeline. This observa-
tion certainly reflects the selected list of publications displayed here, be-
cause the publications retrieved through the SLR from Jegan and Hen-
rich [2025a] serves as a basis for this collection. In addition, publications
concerning the supervised theses that will be referenced throughout this
thesis, see above in Section 3.1 and mainly in Chapter 7, have been ana-
lyzed for Tables 4.1 to 4.5. Also, similar to the task-leading performance
achieved by LLMs and their occurrence in Table 4.2, LLMs also serve as
core techniques for all observed tasks, see Table 4.4, while they only ap-
pear as being part of a pipeline, see Table 4.5, in the text segmentation
task, which will be discussed in Chapter 9.
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Core Technique

Method Inf. & Rel. Extr.  Class.  Segm. Simpl. Summ.
DT Learning [49; 124] [316] [68]
DT [471]

LexRank [458] [106]
Log. Reg. [412] [304]

Naive Bayes [374] [68]
Random Forest [198]
Rule-Based [346; 450] [242] [210]  [147]
SVMs [486] [449]

TextRank [282]
BERT [471]  [261] [29]
CNN [115] [14]

LSTM [115] [130]

RNN [241] [383]

LLMs [434; 452] [116]  [188] [13;24]  [477]

Table 4.4: Overview of NLP methods that serve as a core technique. See the caption
of Table 4.1 for hints with respect to the abbreviations.

Additional NLP tasks were analyzed in a more limited manner, which aggitional
is why they are not discussed in as much detail compared to the tagsks NLP Tasks
presented in Table 4.1 and also why they do not appear in Tables 4.1
to 4.5. These other tasks include keyphrase prediction (see Section 7.2.1
and Lang [2025]), entity matching (see Section 7.4.2 and Hebeis [2025]),
question answering (see Section 7.1.2 and Mdglich [2025]) as well as text
segmentation (see Chapter 9 and Section 3.4).

While the SLR was mainly focused on papers published in 2023, an sr for 2024
outlook towards 2024 was done to include newer publications [Jegan and
Henrich, 2025a]. The retrieved numbers stayed roughly the same re-
garding submitted papers in the five application scenarios.’’ The con-
tinued relevance of traditional papers was, however, consistent with the
presented observations from 2023. Information extraction is still being
researched with traditional approaches used for comparison purposes
[Parfenova, 2024] or as part of a pipeline [Liberatore et al., 2024], while
relation extraction applies such techniques as comparison benchmarks
[Shi et al., 2024]. SVMs were continually used as part of the pipeline

51 More complete numbers can be found in the SLR, see Jegan and Henrich [2025a] and the
accompanying statistics on https://doi.org/10.5281/zenodo.13683800.
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Part of the Pipeline

Method Inf. & Rel. Extr.  Class.  Segm. Simpl. Summ.
DT Learning

DT [147]
LexRank

Log. Reg. [412]

Naive Bayes
Random Forest

Rule-Based [95] [147]
SVMs [80; 437] [127; 147]
TextRank [441]

BERT [94] [437)  [261]  [125]

CNN [115] [226]
LSTM [115; 253] [97; 226]
RNN [241]

LLMs [236]

Table 4.5: Overview of NLP methods that serve as part of a pipeline. See the cap-
tion of Table 4.1 for hints with respect to the abbreviations.

[Pang, 2024], or as comparison benchmarks alongside Naive Bayes and
random forest approaches [Sikosana et al., 2024], both papers intended for
text classification. Even text simplification was still present in 2024, with
a paper adapting rule-based techniques for syntactic simplifications [Keer-
than Kumar et al., 2024]. Lastly, extractive summarization approaches are
still also in use, combined with comparative learning procedures [Zhou
and Xu, 2023] or in a low-resource setting of Hindi documents using mul-
tiple linguistic features to enhance the summarization approach [Gupta
et al., 2024].

Research question @) can therefore be answered positively, since all
application scenarios were still studied using traditional models and tech-
niques, even in this small-scale SLR, conducted on the ACM Digital Lib-
rary for 2023 — and as an addition also in a more limited manner for
2024 - and therefore ignoring preprints and newer publications. As for
research question @), eleven publications were retrieved as part of the
SLR with competitive performance from traditional models in contrast to
other techniques for publications from 2023, see more details in Jegan
and Henrich [2025a, p. 9], in addition to several other publications, see
the top half of Table 4.2. After the continued use of traditional techniques
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in recent literature has been briefly laid out, and thus an argument for
the ongoing relevance for such techniques has been presented, further
perspectives on the choice of techniques for NLP tasks will be shown in
the next section.

4.2 High-level Comparison of NLP Methods

Some of the application areas detailed in this thesis can be grouped ac-
cording to the scope of the output they produce, such as a transformed
text based on some original input for text simplification and text summar-
ization. However, they have not one unifying aim or goal across all ap-
plications, which is natural due to the varying output they produce. Due
to this variance other dimensions should be identified, which all applica-
tion scenarios share and that can shed some light on differences between
traditional approaches when compared to modern approaches.

First and foremost, all other dimensions presented in this section will
diminish in importance if a certain desired quality or performance is not
met by the chosen approach. This desired quality is highly variable, de-
pending on a multitude of factors. The quantification of quality is widely
different depending on the NLP task applied for each use case, which
in turn has to be evaluated within task-specific settings and appropriate
metrics. A brief overview of different evaluation procedures has already
been presented above for each of the NLP tasks relevant for this thesis,
see Chapter 3, but problems and challenges applying the presented eval-
uation metrics are also common in today’s NLP applications, see below
in Section 6.2 and for concrete use cases in Section 7.2. Achieving the
highest quality for a certain application is certainly desirable, but a cost
benefit analysis within given constraints, e.g., budget, time, hardware re-
sources, personnel among others>? and especially relevant here, a quality
threshold, seems a more realistic outcome.

Another such dimension is efficiency or energy consumption. The ana-
lysis of energy spent when training or even executing NLP models, or
models in machine learning in general, is a research area, that is actively
studied, e.g., in Al-Jarrah et al. [2015], Patterson et al. [2021] or Strubell
et al. [2020]. No clear procedures or tactics have been cemented as stand-
ards or have been in use across different dimensions such as models or
tasks. The emerging research field has been increasing in visibility not
only due to the rise of neural networks within machine learning, but also

>2 See a comprehensive analysis of factors below in Section 5.2.
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due to surging effects of the climate crisis in recent years. Thus, the
research field has been approached by attributing the names Green Al
[Schwartz et al., 2020] or Green NLP [Hershcovich et al., 2022].

Various strategies have been used for measuring efficiency in NLP re-
search. One common and relatively basic value comprises hardware spe-
cifications that have been used during training, however even popular and
widely cited papers omit such information, e.g., Radford et al. [2018] or
Liu [2019]. In other popular publications at least the specific hardware is
mentioned, e.g., which graphics cards are used, however not the number
of GPUs or the time spent when training the models [Brown et al., 2020].
A more transparent step includes both the hardware that was used and the
training time, e.g., in number of graphics cards and hours that were spent
training [Devlin, 2018, p. 13; Vaswani et al., 2017, p. 6002]. Starting with
these details, some studies have been done, which compare different lan-
guage models and their costs for pre-training, fine-tuning and inference
in terms of hardware requirements, training time and estimated costs in
terms of renting the corresponding GPUs [Zhou et al., 2021, p. 142].

The previous study in Zhou et al. [2021] was, however, itself critically
analyzed in a different work, which describes the restrictions when using
time and financial costs as the only features [Cao et al., 2020, p. 147].>
Other measurements that are more detailed count the number of Floating-
Point Operations Per Second (FLOPS), which are necessary to produce
an output, as the major parameter in order to gauge the computational
expenses [Schwartz et al., 2020, p. 60]. This measure, however, was also
criticized as unreliable and uncorrelated for efficiency predictions [Cao
etal., 2020, p. 147; Henderson et al., 2020, p. 2].

A combination of software- and hardware-based measurements was
thus proposed, combining software-based energy measurements®* and
a power meter, which records the passthrough as well as voltage [Cao
et al., 2020, p. 143ff.]. However, while the authors note the differences
when comparing software- and hardware-based monitoring, they also
recognize limitations of clearly allocating the impact between Central
Processing Unit (CPU), GPU and memory on the measurements [Cao
etal., 2020, p. 147]. This brief excerpt should serve as a small observation
that the accurate measurement of energy consumption required for NLP

53 The critique in Cao et al. [2020] was first published on arXiv in October of 2020, after the
initial preprint of Zhou et al. [2021], see https://arxiv.org/abs/2002.05829, was
uploaded to arXiv in February of 2020. The preprint was later accepted to the EACL 2021,
hence the year 2021 in this citation for Zhou et al. [2021].

5% Using the framework experiment-impact-tracker from Henderson et al. [2020].
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models or machine learning systems in general is still actively researched
and not fully formalized. A briefreference shall be included here to the ex-
periments conducted as part of this thesis for different NLP tasks, which
will be presented below in Section 8.1 for both runtime and energy con-
sumption.

A further dimension is reproducibility. First, the distinction towards
repeatability, meaning that “[...] a researcher can reliably repeat her own
computation”, and towards replicability, i.e., that an “[...] independent
group can obtain the same result using artifacts which they develop com-
pletely independently”, needs to be observed.”® Reproducibility, itself
defined as the ability so that “[..] an independent group can obtain
the same result using the author’s own artifact”®, as a middle ground
between the two opposed definitions of repeatability and replicability will
be discussed here. Still, an even finer distinction into dimensions of re-
producibility, i.e., into conclusion, finding and value, has been proposed
by Cohen et al. [2018]. While this discussion has merit, the higher-level
interpretation of reproducibility shall suffice for this thesis.

Traditional methods, in many variants and use cases, have an advant-
age when compared to modern approaches in this area. Rule-based ap-
proaches, decision trees, as well as extractive approaches, can all be easily
reproduced. In contrast, modern language models, due to their generat-
ive and abstractive nature, can be at a disadvantage here. The study of
reproducibility for LLMs is still in its early stages. One such study noted
that despite the availability of parameters such as temperature, which are
intended to restrict diverse output generation and to improve reprodu-
cible results, this is not always the case [Staudinger et al., 2024, p. 187].
Further studies focus on different sampling strategies and their influence
on the generated output [Zhou et al., 2024b]. Thus, reproducibility is an
ongoing challenge for modern LLMs, while many traditional NLP models,
like most decision tree classifiers for instance, are deterministic and can
thus be reproduced. Exceptions in traditional models include implement-
ations relying on a deliberate random seed, such as for random forest
classifiers [Ho, 1995].

Closely related to reproducibility is the access to NLP methods. Except
for locally installed or self-hosted models, most modern LLMs are hosted
services that are provided via API calls or other user interfaces from large

55 Both quotations are taken from the ACM terminology described in more detail in: https:
//www.acm.org/publications/policies/artifact-review-and-badging-
current/.

%6 See the same ACM website from Footnote 55.
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LLM providers. Not only financial aspects are at play here, but also the
uncertainty of updates by the LLM provider or host. Due to the black-box
nature of LLMs, even more so since providers like OpenAl oftentimes
do not include detailed documentation when presenting new models, a
commitment to one service is a potentially risky strategy. Studies have
been carried out, which display not only changes between major version
updates, e.g., from GPT-3.5 to GPT-4, but also from within one model
when studying the responses of one such model, e.g., with responses
by GPT-3.5 that differ in major ways within a matter of months [Chen
etal., 2023b].” Increasing the severity of this problem is the lack of trans-
parency, which OpenAl justifies as such in the technical report for the
development of GPT-4:

“Given both the competitive landscape and the safety implica-
tions of large-scale models like GPT-4, this report contains no
further details about the architecture (including model size),
hardware, training compute, dataset construction, training
method, or similar.” [Achiam et al., 2023, p. 2]

Such problems simply do not exist with traditional models or other mod-
els that are installed on local machines or hosted/provided by oneself or
in-house departments.

A further dimension is explainability. Due to the black-box nature of
deep learning techniques, despite efforts done in this research area, inter-
pretability of LLMs is another clear distinction when contrasting modern
methods with traditional models [Hadi et al., 2023, p. 21 and p. 24]. Tra-
ditional models, be it rule-based approaches with clear statements regard-
ing which rules have been active in order to create a decision, or linear
classifiers due to their white-box model structure, provide in many cases
interpretable results, whereas eXplainable Artificial Intelligence (XAI) is
still an ongoing research area [Linardatos et al., 2020, p2. . However, re-
cent achievements in incorporating reasoning within LLMs have maybe
offered an approach towards some way of interpreting the results gener-
ated by language models [Huang and Chang, 2023], despite not solving
issues such as biases or hallucinations [Huang et al., 2025].

One final aspect is the risks associated with using and deploying mod-
ern language models. While the use of open-source software in general
is dependent on software repositories containing safe and responsible

57 The authors from Chen et al. [2023D, p. 4ff.] call this phenomenon LLM drift, which they
study on a variety of applications, and which has been noted in more small-scale studies
as well, see Aiyappa et al. [2023] or Shakarian et al. [2023].
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code without any malicious intent,*® the scale of software necessary to
run modern models has risen immensely and has made the supervision
of necessary code, packages and frameworks increasingly harder. Stud-
ies focusing on Hugging Face®, one of the most popular platforms for
distributing and re-using language models, have shown some risks when
using models hosted there, such as adversarial attacks, privacy problems
for the model, biases included in the models as well as the associated data
or vulnerabilities within the models [Jiang et al., 2023, p. 2469ft.; Kathikar
etal., 2023, p. 5f.]. Again, malicious code can also be included in libraries
available for traditional models. However, the long-ranging availability of
such models and comprehensive documentation of traditional methods,
as well as their reduced complexity when compared to modern methods,
limit security risks. Furthermore, due to the fact that many traditional
models need to be adapted for the respective use case, by writing rules for
an extraction task or by training a classifier on the available training data,
the responsibility for accurately applying the operations lies with the user
and not with the models, which the user potentially does not have suffi-
cient insight into.

After presenting the related work on traditional methods through the
SLR from Jegan and Henrich [2025a] in Section 4.1, a high-level view on
other dimensions has been given in the current section. By looking at
different domains in the next Chapter 5, a continued overview for other
perspectives on NLP tasks will be given through the lens of engineering
and design theory.

58 Although problematic cases for such repositories have also been observed, see, e.g., ht
tps://arstechnica.com/information-technology/2023/01/more-malicious-
packages-posted-to-online-repository-this-time-its-pypi/.

%9 See https://huggingface.co/.
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The previous chapters were focused on an NLP centric perspective, which
is natural due to the research field that this thesis is a part of. An overview
of techniques from the past decades in Chapter 2 was thus provided, in
addition to the foundations of the application scenarios specified for this
work in Chapter 3. Lastly, the related work on traditional techniques and
aspects of high-level features of NLP methods was shown in Chapter 4.

The selection of appropriate methods for a given text processing task
is also naturally based on criteria presented in the chapters above, mostly
by focusing on the available metrics and evaluation criteria presented in
Chapter 3. Thus, one simple approach would be to look at leaderboards®
for the relevant NLP task and choose the model with the highest score.
While this action would typically suffice, some problems might occur.
First, the model listed in the first place may only be executable on high-
powered hardware that is not available for every use case or target scenario,
see above in Section 4.2. Following that, the model might be proprietary,
thus an adaptation or fine-tuning on the target scenario might not be pos-
sible or, in other cases, might only be available via API calls and therefore
locked behind licensing fees.

Finally, analyzing perspectives from other disciplines might reveal
chains of thought and dimensions that are not readily apparent for the
usual workflow of tackling NLP problems. This chapter will provide an
analysis of such other disciplines, i.e., other domains, and offer glimpses
at different perspectives. These perspectives include engineering design
or theory of design, which can be seen as the same discipline, see be-
low in Section 5.1, and product development, and will therefore directly
analyze and answer research question @) - referring to the systematic
approach that can potentially benefit the selection of methods for NLP
tasks. Though there are naturally major differences when conceptualiz-
ing a physical product and an NLP method, some analogies will be drawn
between those different domains since there are established workflows

0 E.g., compare https://huggingface.co/spaces/mteb/leaderboard/ for an
overview on scores across hundreds of models for the Massive Text Embedding Bench-
mark (MTEB) [Muennighoff et al., 2023].
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and procedures, e.g., in product development, that can offer benefits even
for text processing tasks.

In this chapter, a focus will be placed first on product development in
Section 5.1, before presenting the observations from these domains in
terms of selection criteria for choosing NLP methods in Section 5.2 and
finally detailing other factors in Section 5.3.

5.1 Analogy to Product Development

A domain with longstanding roots that can serve as inspiration for non-
NLP perspectives is engineering design. This domain, however, needs
to be properly contextualized. While software engineering as a discipline
contains the same term, engineering, the disciplines are somewhat differ-
ent, especially when concerned with NLP problems. Software engineer-
ing, as far as computer science is concerned, is defined as follows:

“Software engineering is an engineering discipline that is con-
cerned with all aspects of software production from initial con-
ception to operation and maintenance.” [Sommerville, 2015,
p- 20]

The focus is therefore on the production of software first and foremost.
While in both agile and even more so in traditional software development,
workflows and systems are in place to offer a structured and purposeful
plan, an analysis of such criteria in an NLP focused study has not been
done thus far, to the best of our knowledge.

Engineering design is rooted in other disciplines, mainly in domains
such as product development [Pahl et al., 2007]. Terminologically, engin-
eering design, in the context as it will be used in this thesis, is also known
as theory of design or construction theory.’! In contrast to software en-
gineering, which is characterized by iterative procedures and a clear focus
on the implementation, even more so in agile project development, engin-
eering design can offer broader perspectives and other insights.

One such insight can be gained from looking at a specific process type
within the product development domain, which will be abbreviated with
the more formalized and established German term Produktentstehungs-
prozess (PEP)®?[Feldhusen et al., 2013, p. 11]. PEP as a concept is expans-

61 The German word “Konstruktionslehre” is more fitting here, due to the somewhat vague
and imprecise English terms [Feldhusen et al., 2013].
62 English: Product Development Process.
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ive, which is why the focus will be placed on a few aspects from which ana-
logies to the construction and application of NLP methods will be drawn.
One of the first PEP-inspired aspects is the development based on two
properties as a foundation, i.e., a model and the data. Models in this con-
text should not be confused with, e.g., specific machine learning mod-
els for NLP tasks, but rather refer to generalized patterns, from which in
combination with the specific data a working method or approach can be
generated. A visualization of a simple workflow is displayed in Figure 5.1.

(Universal)
Model

N
I—)

Data

(Working) - Product
Method/Approach ”| Features/Attributes

Figure 5.1: Processing workflow during PEP construction. Based on Feldhusen
etal. 2013, p. 12].

Using such a universal model, provided with some data from the spe-
cific problem, a working method can be created, and some features or
attributes of the resulting product can be glimpsed. In this way, similar
to prototyping, a first measure of success can be visualized or theorized,
which is used to further define future approaches and updates for sub-
sequent models or necessary adaptations for the data. This, meaning pro-
cesses as displayed in Figure 5.1, represents one sample workflow from
the product creation domain. The specific workflow from Figure 5.1 is
not necessarily fitting in full for NLP problems, since in many cases the
data is the basis and an initial problem is also selecting the correct model.
In Figure 5.1, a concrete implementation should be chosen and not the
universal model from above, as will be realized later in Figure 9.1. Nev-
ertheless, it is rather worthwhile to view models as a universal property
instead of a defining characteristic from the beginning of approaching a
new NLP problem.

The basis of the workflow from Figure 5.1 is the universal model as
well as the data, which as mentioned differs from usual software engin-
eering workflows. A different perspective, which aligns somewhat more
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closely with software engineering, is a visualization with layers represent-
ing model, method and data, see Figure 5.2. The two incoming arrows
towards the method layer are noteworthy. The development and con-
struction process, as part of the PEP, involves an iterative procedure to
create the model for realizing the final product. This process in the PEP
is defined as design or construction steps [Feldhusen et al., 2013, p. 13].
Within one such construction step, product data, e.g., material data for a
specific product, and a product method, which is once again a universal
model when compared to the more concrete NLP term, are both used to
create and improve upon prior versions of the product. Whereas the pro-
cess from Figure 5.2 is used in the product development domain as a more
abstract part of the PEP, more direct analogies towards NLP systems can
be drawn. The focus on methods in the center layer can be interpreted
in a straightforward manner in terms of prototyping or iterative software
development.

Design/Construction Step n

I
I
T
I
Product Model n l Product Model n+1
I
I
T
I
I
T

Model Layer

Method/
Working Step n

Method/
Working Step n+1

Product Data n+1

Figure 5.2: Layered development and construction process. Based on Feldhusen
etal. 2013, p. 13].

Method Layer

-=-F=-d----F=-=-=-=--1

. |

Data Layer

When interpreting the layers from Figure 5.2 for, e.g., a text summar- adapting the

ization problem, the data would be the dataset in question accompanied
by other surrounding parameters, which comprise the know-how of the
implementing staff or the available computational resources, see below as
part of the selection criteria for NLP methods in Section 5.2 and Table 5.1.
The method layers can be interpreted as concrete implementations for the
summarization problem, using, e.g., a LexRank [Erkan and Radev, 2004]
summarization system. Finally, the model layer would be a more uni-
versal view on summarization systems such as the distinction between
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abstractive and extractive models. The choice of broader models in this
layer — and again differing from the term model like the model LexRank
— results in the option of evaluating the middle layer, which encapsulates
the concrete method, here LexRank.
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Figure 5.3: Layered development and construction process for a text summariza-
tion problem. Based on Feldhusen et al. [2013, p. 13].

Thus, the definition of the type of summarization approach in the top
layer, be it extractive, abstractive or a different manner of category, en-
ables a modular system in order to choose different methods and iterat-
ively improve the system, see Figure 5.3 with two extractive summariza-
tion techniques chosen as concrete methods that will be applied and eval-
uated — LexRank [Erkan and Radev, 2004] and TextRank [Mihalcea and
Tarau, 2004], both tested for a news summarization scenario on the pop-
ular CNN/DailyMail dataset [Dernoncourt et al., 2018]. The model layer
will therefore serve as the selection criteria for determining the type of ap-
proach that will be selected and as a filter for available approaches, while
the data layer provides the necessary framework, i.e., the dataset but also
potentially other resource restrictions. The method layer represents avail-
able implementations, which are evaluated against each other and tested
iteratively. The sequential nature of this representation is usually not real-
istic or efficient in practice, which is also true in the product development
domain [Feldhusen et al., 2013, p. 18f.]. Still, the viability for planning
and visualizing NLP methods with both the layer model from both Fig-
ure 5.2 and Figure 5.3 as well as the previously described universal model
from Figure 5.1 will be applied to a concrete NLP use case to analyze their
applicability, see Section 9.2, especially Figure 9.1 and Figure 9.2.
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The development process, starting with the requirements for a specific
product, and resulting in the final product as output of this process, can
be represented as a sequential workflow. Initially, a general draft of the
system is produced, which is converted into a more domain-specific con-
crete draft of the same system. This draft leads into the integration of
the system to such an extent that a product can be realized. Concurrently
with these three steps, a model is created and analyzed constantly. The
sequential nature is rooted in long-standing product development stand-
ards. In practice, as mentioned, measures such as property safeguarding
are reflected during the latter stages, i.e., the integration phases, back to-
wards the system draft phase, in order to continuously refine the product
in its development process and resulting in iteration cycles [Feldhusen
etal., 2013, p. 19].

Both agile development processes®® and other, older project planning
strategies such as the waterfall model [Royce, 1987] are still in use today in
software development [Saravanos and Curinga, 2023, p. 4f.]. The sequen-
tial nature of project planning, mentioned above as a somewhat limiting
factor, results in a contradiction for software development projects when
compared to the popular type of agile development, which has been in-
creasing in popularity since the 2000s [Hoda et al., 2018].

In a somewhat imaginative analogy, the waterfall model with its struc-
ture, step-by-step design and clear separation between stages can be com-
pared to traditional NLP models such as decision trees or rule-based ap-
proaches, since they, too, are clearly structured with a high degree of ex-
plainability as well as interpretability and an iterative process. The step-
by-step design of such traditional approaches, e.g., implemented by a
simple sequence of if-else cases, is also similar to the stages within a wa-
terfall model, that sequentially lead into the next phase. While an analogy
between modern deep learning-based NLP approaches and agile devel-
opment models is not apparent, the similarity between older approaches,
both in project planning in general and for NLP techniques, is noteworthy.
A structured and purposeful approach towards a given problem, either
in project planning in general or within an NLP task, can therefore be
aligned to the more straightforward processing when applying traditional
techniques, instead of the more abstract use of larger neural network ar-
chitectures.

When returning to product development, long-term planning stages
such as material procurement have been mentioned above, which need to

63 As popularized with the agile manifesto, see http://agilemanifesto.org/.

71

Sequential &
Concurrent
Development

Agile vs.
Waterfall
Models

Analogy to
Traditional
NLP Models

Temporal
Influences


http://agilemanifesto.org/

Hardware
Resource
Restrictions

Demand
for GPUs

5 Engineering of NLP Methods

be properly situated within the development plan, in order to adhere to a
timetable. Time as a factor is in industry terms usually structured accord-
ing to concepts such as time-to-market for the whole product and mile-
stones or intermediate results for smaller steps [Pahl et al., 2007, p. 134f%.].
Of course, time is similarly a factor for NLP or software engineering pro-
jects in general. Long-term material procurement processes are, however,
usually not as relevant in comparison to product development, at most
in terms of hiring new staff for the implementation or regarding hard-
ware purchases. The latter, meaning specific hardware resources such as
powerful GPUs, are a factor that has been altered due to the success of
LLMs. Therefore, a small excursion will be dedicated to the recent hard-
ware developments in the next two paragraphs.

Several factors contributed to the difficulty in procuring GPUs for train-
ing and executing LLMs. Different use cases for GPUs such as mining
operations in the cryptocurrency realm or their previous main usage as
a gaming resource have contributed to an increase in cost for GPU hard-
ware even before the rise of LLMs [Wilson, 2022]. The COVID-19 pan-
demic additionally impeded hardware production and supply chain pro-
cesses, exacerbating the problem [Tang, 2023]. A contributing factor to
GPU shortages is the strong dominance of the GPU manufacturer Nvidia
in terms of providing GPUs capable of efficiently processing LLM work-
flows. Other GPU providers such as AMD’s Radeon line or since 2022
also Intel’s Arc line of chips both are far less performant when compared
to Nvidia’s GPUs [Chen, 2024; Smith, 2024], at least for Al-related work-
flows. This near monopoly worsened the situation due to scalping and
more hardware shortages in general.

The rise of LLMs exacerbated the problem due to increased demand
for GPUs, on the one hand from dedicated LLM-focused businesses such
as OpenAI®, Mistral® or Anthropic®®, and on the other hand corpora-
tions, that applied LLMs to their core business, such as Google®” in their
search infrastructure or Microsoft®® in their software stack. One potential
approach to handling hardware shortages is using cloud options, such as
renting hardware capacity from cloud providers, however, even in that
case, the shortage of GPUs has been noticed [Strati et al., 2024].

64 See https://openai.com/.

65 See https://mistral.ai/.

% See https://www.anthropic.com/.

67 See https://blog.google/products/search/generative-ai-search/.

%8 See https://techcommunity.microsoft.com/blog/microsoftmechanicsblog/ho
w-microsoft-365-copilot-works/3822755/.
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5.1 Analogy to Product Development

Returning to the initial argument and reference to the PEP, these pro-
cesses capture long-established ideas and as shown over the course of this
section, some of these concepts can be applied to NLP methods as well,
such as the construction phase or the layered approach towards project
planning. Significantly more process workflows or planning concepts
are commonplace within the theory of design domain and are certainly
a worthwhile comparison for future work.

Now that some concrete factors have been discussed, e.g., hardware
requirements, a broader perspective will be presented by analyzing the
lifecycle of a product in analogy to NLP tasks and the goals of such a pro-
ject.

One aspect that should only briefly be mentioned is the concept of sep-
arating three distinct phases in the lifecycle of a product, i.e., Beginning of
Life (BOL), Middle of Life (MOL) and End of Life (EOL) [Terzi et al., 2010,
p. 36411.]. BOL refers to the phases mentioned above during product devel-
opment, while the latter two phases have only been referenced in passing
thus far. MOL comprises the time frame of actual use or the service phase
of a product and also includes distribution as well as support, when taking
the perspective of the product provider. EOL, however, is probably most
commonly used in terms of software (including hardware supported by
accompanying software) as their last published updates, after which the
software has reached its end of life, thus no further updates are provided.
In terms of product development, EOL refers to recycling and reusing the
products by the company that produced them initially for disassembly or
disposal, thus completing the lifecycle of the product. A direct analogy
to NLP methods is less obvious here, except the EOL interpretation men-
tioned above in terms of software support, which is why this short discus-
sion shall suffice here.

When summarizing the PEP, different phases are apparent even for
NLP methods and also when planning a software project with either agile
or traditional project planning. As in different planning paradigms men-
tioned above, some or all of the following steps are usually conceptualized
within a software project, i.e., planning, development, conceptual devel-
opment as well as construction, design, documentation and production
[Feldhusen et al., 2013, p. 22]. The concurrent development of prototypes,
in case of a tangible product both virtual and physical, is typically conduc-
ted in case of software as a virtual prototype, however in different shapes
such as low vs. high fidelity prototypes [Rudd et al., 1996]. The PEP con-
cludes with the production of a product, and other steps such as the con-
tinued use and even deproduction of a product fall outside the scope of
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the PEP. In contrast, the maintenance and support of a software product
can result in immense budgetary and time efforts during continued sup-
port, which represents one large distinction when compared to a physical
product. Further iterations of a product can certainly be produced as well,
however, in terms of design theory and concepts such as the PEP, this
action would result in a new process and workflow for a new product.

A final phase of a product development process can also focus on an-
other perspective, i.e., an analysis to what degree the initial objective was
completed successfully. This analysis can materialize in various ways.
One such interpretation is strictly motivated from a product develop-
ment perspective and based on three criteria, adapted from Feldhusen
etal. [2013, p. 26]:

« Fulfill the customer’s wishes/benefits (customer’s requirements).
« Accomplish a reasonable time-to-market.

« Conform to prices in line with the market.

Adapting this criteria list to an NLP method is possible with some
degree of abstraction. The first item, fulfilling the customer’s require-
ments, is easily linked, if requirement engineering was part of the pro-
ject lifecycle, usually at the beginning of a software project. In case of
traditional project planning, such as the waterfall model, the gathering
of requirements is an important part of the initial phase within a soft-
ware project, which mostly remains fixed until the project has concluded.
Agile software development, on the other hand, welcomes flexible require-
ments, which can change over time even in the later stages of develop-
ment [Paetsch et al., 2003]. A separation in distinct phases with a static
list of requirements, which is set at the beginning of a project, similar to
product development is not provided in agile software development, in
contrast to traditional project planning processes.

For NLP methods, the requirements can similarly change across the
lifetime of a project, ranging from updates, additions or adaptations re-
garding the datasets. Further objectives can include the addition of feature
requests or organizational circumstances that may have changed, such as
staff rotations or others. Thus, a fixed demand analysis is often desirable
but not completely realistic across the whole project lifecycle.

The second aspect from the list above regarding the desired time-to-
market can be interpreted as the time of development for the NLP method.
However, it must be considered that the production of a physical product
is hardly comparable to software, as mentioned earlier. Software needs
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to be maintained and updated, both in terms of security and feature up-
dates. Time-to-market can be deemed accomplishable if this criterion is
interpreted as the successful delivery of a single software version. The
degree of sophistication of the software, even in broad terms such as al-
pha, beta, release candidate or full release, is not as fixed as for a physical
product.

Finally, the third criterion of the list above concerns budgeting and fin-
ancial circumstances. Once again, setting a fixed price in advance that has
to be met at the end of a PEP, is usually not possible for a software realiza-
tion. While a certain version of a software system can be billed according
to some budget, further costs are a factor that needs to be considered.
Maintenance and software updates are not free and require manpower
as well as financial reserves. In terms of NLP methods based on LLMs,
hardware costs are another financial factor, which can rise in terms of
cost depending on user counts. This increase in costs can materialize by
necessary hardware that has to be purchased, if prior hardware capacities
are exceeded, or certain budgets need to be expanded if the prior usage
quotas for cloud access to LLM models are surpassed. In the end, a final
budget is thus not easily fixable for software in present times.

In NLP methods many use cases are intended for continued use, such
as in search systems or for processing data that is arriving constantly, or at
least in recurring intervals. Thus, a finished result without direct follow-
ups in terms of updates or further developed versions is seldom the case
for software, in contrast to a physical product, which is produced based on
a final specification.® Therefore, a different perspective on the continued
use of software and an updated workflow is necessary, which can, once
again, take different forms. Lessons learned, as a means of recapitulating
a project and focusing on the most important and sometimes unexpected
insights, is one such form. The structured compilation of these lessons is
one way of ensuring the transfer of past experiences into a new project.”

A similar concept, and formalized as part of agile software development,
is the retrospective. Different definitions regarding retrospectives within
agile development are in use. On the one hand retrospectives can occur
multiple times at the end of a regular interval, e.g., after a sprint or scrum
[Derby et al., 2006]. On the other hand, a final retrospective at the end

% In this interpretation, further iterations upon a product, which are produced sub-
sequently, and other forms of further manufacturing runs are deliberately disregarded
for conciseness’ sake but naturally need to be discussed in a more complete analysis of
product development.

70 Lessons learned, as structured information, are saved in a variety of libraries and collec-
tions, e.g., the NASA Lessons Learned System, see https://1lis.nasa.gov/.
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of a project can suffice [Kerth, 2013]. The former interpretation of retro-
spectives, at fixed intervals or at a fixed point, is one key aspect of agile
software development, whereas the latter interpretation lends itself more
to traditional project development [Derby et al., 2006, p. 141; Kerth, 2013].

Both concepts, lessons learned and retrospective, can be rooted in psy-
chological processes such as self-reflection. Learning as one key goal is
central in self-reflection, as is taking on outside perspectives in order to
review and properly contextualize past experiences [Ispaylar, 2015]. The
goal of this process is to gain a deeper understanding about oneself, both
in private and professional contexts, and to improve future decision mak-
ing and behavior. This concept is popular in domains apart from software
engineering, both as defined above in psychology and in teacher training
and didactics [Rahm and Lunkenbein, 2014]. The lessons from a more
general interpretation of retrospectives and lessons learned, as part of self-
reflection, are at least a worthwhile thought experiment during purpose-
ful problem solving, not exclusively for NLP methods but naturally also
applicable there.

The structured approach for realizing a product, be it material or
software, involves an early phase of requirements engineering. While
this phase has diminished in importance in agile software development,
lessons from the requirements engineering process including elicita-
tion, analysis, documentation, validation and management, see Paetsch
etal. [2003, p. 308f1.], are certainly a worthwhile point of reference for this
chapter. However, strictly defined processes akin to requirements engin-
eering from a software engineering perspective, see Sommerville [2015,
p. 101ff.], are not desired in this thesis. Instead, a broader interpretation
of lessons from other domains, as has been shown in this section, com-
bined with observations from NLP tasks and related domains will be ana-
lyzed and serve together as a methodological guide in approaching NLP
problems. A collection of these lessons and observations will be compiled
and organized in the next section.

5.2 Selection Criteria for Choosing NLP Methods

After the overview regarding product development has been presented,
with a focus on the PEP and contrasting as well as similar characteristics
of NLP methods in the previous Section 5.1, a separate point of view will
be analyzed in this section. A different methodology is developed with
lessons from product development in mind, which is intended to present
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shortcomings in common workflows of realizing NLP methods and to
show an alternative way of approaching text processing problems.

The first severe difference that will be discussed is the dominance of it-
erative workflows, actions and models, most prominent in agile software
development. When addressing the fast nature of iterative development
cycles defined by daily meetings between developers and business repres-
entatives, short iterations organized in sprints and larger organizational
frameworks such as Scrum’!, a famous and probably extreme version of
this mantra was introduced by Mark Zuckerberg during the earlier days
of Facebook: “Move fast and break things”.”> While the quote was rescin-
ded or at least softened by Zuckerberg himself,”? it was also characterized
as representing the negative effects of social media and online discourse,
in terms of fake news, online extremism and its effect on society in gen-
eral [Taplin, 2017]. The discussion on societal effects shall remain out of
scope for this thesis, but effects of agile development methods on critical
aspects such as security, failure tolerance and ethical consideration shall
be nonetheless discussed here.

Once again, a point of view from product development in proposing a
different workflow with special considerations on quality and safety can
counteract potentially negative results of the iterative software develop-
ment. The application of a systematic approach during the whole produc-
tion process, including the design as well as the production phase, can be
a critical factor in preventing failures or flawed product quality in general
[Pahl et al., 2007, p. 517ff.]. A similar chain of thought, or at least lessons
from such product development concepts, can serve as new selection cri-
teria when conceptualizing and realizing an NLP method.

Design for quality as a cornerstone of product development is rooted
in the rationale that most product defects can be directly linked to insuffi-
ciencies in planning stages or poor product development [Pahl et al., 2007,
p- 517]. To combat this problem, various practices were created and struc-
turally formalized. International standards such as DIN ISO norms’# and

71 See, e.g., the official Scrum guide by its inventors Ken Schwaber and Jeff Sutherland at
https://scrumguides.org/.

72 See, e.g., Wired discussing the letter from Zuckerberg to investors, which included the
quote: https://www.wired.com/2012/02/zuck-letter/.

73 See, e.g., https: //www.businessinsider.com/mark- zuckerberg-on-facebooks-
new-motto-2014-5/.

74 See, e.g., the DIN ISO 9000 (https://www.iso.org/standard/45481.html), which
defines fundamentals and vocabulary for quality management systems, and the DIN
ISO 9001 (https://www.iso.org/publication/PUB100373.html), which defines
requirements for organizations in order to conform to a quality management system.
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interdisciplinary project structures were created, the latter with repres-
entatives from design, product planning, assembly, distribution, supplier
and customer teams all participating in the product creation and tracking
processes, combined under the umbrella term simultaneous or concurrent
engineering [Pahl et al., 2007, p. 138ff.].

While the direct contact between stakeholders and developers is at the
forefront of agile software development, the close interlocking between
even more interdisciplinary teams outlined in simultaneous engineering
would ensure even broader perspectives and higher quality in the long
run. The trade-off would be the designation of an interdisciplinary team,
preferentially for the duration of the whole project, with a correspondingly
increased budget and staff.

The personnel certainly play a role here, especially in providing out-of-
domain insights, however, design principles from the process formalized
as methodical design” are equally helpful and listed in Pahl et al. [2007,
p. 2271F. and p. 517f1.]. Not all design principles are directly translatable to
software. For example, the distinction between direct and indirect safety
principles represents two types of measures. On the one hand, the pre-
vention of danger through the choice of components, fail-safe measures
and redundancies directly contributes to safety, while on the other hand
additionally implementing protective systems or devices, which activate
after the former measures fail, aim for the same goal [Pahl et al., 2007,
p. 249fF]. In terms of software, safeguards or assertions can play a role
here, which can guard the user’s or the systems’ output from producing
ill-advised results. Also, the redundancies or fail-safes can be transferred
with a hierarchical or hybrid design, meaning the availability of a second
model, which can be applied if the results from the primary model were
recognized as error-prone or ill-formatted.

Some further quality measures are clearly focused on haptic products
and thus do not correlate with software, e.g., design against corrosion and
to minimize wear and others, which are intended to cover environmental
influences on the materials [Pahl et al., 2007, p. 321ff.]. When other quality
measures however are conceptualized without the direct focus on mater-
ials, more analogies towards NLP methods are apparent once again. The
principle of stability is intended to handle disturbances that may arise
during the use of the product and how to cancel those disturbances or at
least to mitigate them [Pahl et al., 2007, p. 301ff.]. Product development,

75 Once more, the German translation “Methodisches Entwerfen” is perhaps more fitting
here, see https://www.vdi.de/richtlinien/details/vdi-2223-methodisches-
entwerfen-technischer-produkte/.
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depending on the business area in question, might have to handle pres-
sure, temperature or other factors, while software needs to handle fewer
tangible factors and resources.”®

Starting with hardware, the accessibility of the desired service is crit-
ical, for example by guaranteeing the availability of servers through re-
dundancy. Other hardware-adjacent factors revolve around accruing data
and requests. Measures such as usage quotas or a maximum input length
need to be considered to guarantee the uptime of the server and to prevent
an overload. The risk of overload through multiple users, not necessarily
by malicious actors through DDoS attacks but potentially by an unexpec-
ted increase of organic users, is a further factor that needs to be considered
here, and which can be mitigated through usage limits or by limited sign-
ups. These measures result, however, in a trade-off by decreasing the
availability of the service.

The concrete usage of software entails further risks. Sanitizing the in-
put provided by the user, either by input validation or by using other meth-
ods such as prepared statements, are measures in order to prevent bad
actors from accessing or modifying data. Malicious intent is not the only
reason why incoming data should be properly analyzed. User-provided
data needs to be validated, in terms of schema, length or other metrics, de-
pending on the use case, to be properly processed by the provided software.
The use of LLMs, while potentially providing more flexibility through chat-
based interfaces for the user, would result in other, probably also unexpec-
ted consequences. Undesired data as input would, without any further
preprocessing prior to querying the LLM, be processed as regular input
and thus also generate output that is potentially unfit for the defined use
case.

The principle of stability, besides handling outside disturbances, is also
intended to ensure stable behavior and characteristics [Pahl et al., 2007,
p. 301]. This key aspect can be compared to both reproducibility and ex-
plainability for NLP methods. Reproducibility is here defined as the ability
to produce the same results with the same input when applying the same
queries, which can be achieved using various models, e.g., by using tra-
ditional models as presented in Section 4.2 and which will be discussed
below in Sections 6.4.1, 7.4.1 and 8.2. Explainability enhances stability of

76 In a broader discussion on software engineering, textbooks such as Sommerville [2015,
p. 306ff.] have discussed safety aspects for software development before, in terms of
reliability, safety, security and resilience engineering. Instead, a more focused discussion
on NLP methods will be presented here, which will naturally also include lessons from
the software engineering domain.
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the system due to the transparency enabled through models that can offer
rationales for their produced output, such as mentioned above as well in
Section 4.2 and further down in Sections 6.4.2, 7.4.2 and 8.4.

When starting the design process, two often interlinked decisions are
of critical importance, at least for NLP methods: The choice of model
and choice of evaluation criteria. A rather simplistic line of action could
be choosing the “main” quantitative evaluation metric for the respective
use case, referencing an up-to-date leaderboard for the same use case and
choosing the top-ranked model, as mentioned at the start of Chapter 5.
This approach has several shortcomings, the first one revolving around
the limitations or problems of the metrics themselves. As will be shown
below in Section 6.2 and Section 7.2, purely relying on quantitative met-
rics is in most cases not advisable, at least not without using other metrics
or an accompanying qualitative evaluation. Also, the use case displayed in
common leaderboards is naturally represented by models that have been
evaluated for standard datasets, e.g., mentioned above in Chapter 3 for
the major research areas analyzed in this thesis. Thus, the focus is often
on optimizing models for those datasets and their performance might not
be generalizable for the intended use case. The parameters, available data
and other circumstances for a specific NLP method need to be properly
compiled, e.g., by providing a requirement analysis and focus on quality
measures, as presented in this chapter. This analysis can then serve as a
basis for the selection of models and metrics, in turn leading towards the
realization of the NLP method.

As mentioned at the beginning of this chapter, the iterative processes
of agile software development usually do not focus on concepts such as
the principle of stability from the outset whereas the focus is on work-
ing software in quick iterations. By incorporating lessons and concepts
from the PEP and related domains such as methodical design, criteria for
the creation of NLP methods can be collected that enable a perhaps more
comprehensive perspective with a stronger focus on quality for software
development.

In order to collect the criteria presented from the previous Section 5.1
and current Section 5.2, a list of criteria’’ is proposed in Table 5.1. The list
of criteria is not all-encompassing, but provides a selected, sensible and
useful overview that is helpful when conceptualizing a method for a text

77 This visualization was inspired by the discussion of product costs during development
of a product in Feldhusen et al. [2013, p. 143ff.] and by the utility analysis as part of the
PEP in Feldhusen et al. [2013, p. 390ff], in particular the matrix in Feldhusen et al. [2013,
p.392].
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processing problem, from the perspective of this thesis and, particularly,
the learnings from this chapter. Also, the characteristics mentioned in
columns two to five are flexible and should be adapted to each use case.
The order of parameters is also adjustable. The chosen order was selected
with a chronological perspective in mind, i.e., parameters that should be
defined at the outset when working on an NLP method are listed up top.
A Dbrief primary explanation for each parameter from Table 5.1 is given
in the following, which is just one non-exclusive interpretation of each

parameter.
Parameter Characteristics for NLP Method
Budget Small Medium Large
Time Frame Short-term Mid-term Long-term
Headcount Single Small Medium Large
NLP Skills N/A Basic Intermediate Proficient
Developer Skills N/A Basic Intermediate Proficient
Other Skills N/A Basic Intermediate Proficient
Data Availability N/A Little Medium Much
Data Size Single Token Sentence Paragraphs Large
Data Quality Unknown Low Medium High
Data Structuredness ~ None Low Medium High
Model Count Single Two Multiple
Metrics Quantitative Qualitative Quant. & Qualit.
Hardware Resources Low Medium High
Customer Size None <100 100-10,000 >10,000
Availability None Selected Times  Fixed Intervals Constant
Portability None (Specific) Low Medium High
Adaptability None (Specific) Low Medium High
Explainability None Low Medium High (Required)
Reproducibility None Low Medium High (Required)
Risk Factors Low Medium High
Documentation Low Medium High

Table 5.1: Dimensions relevant for planning and structuring NLP methods.

Budget refers to financial means designated for the project. The char- pygget
acteristics mentioned here — small, medium and large — are deliberately
vague since this parameter will vary widely depending on the project. A
budget of “none” is conceivable here as well, e.g., for leisure projects by
enthusiasts, private individuals or interest groups.
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Time Frame refers to different time-related metrics, e.g., the intended dur-
ation of the development process or the usage of the produced service
or method. The chosen interpretation here relates to the latter variant,
meaning, e.g., short-term projects referring to the processing of a dataset
without follow-up work or a perpetual service for customers. Long-term
projects, however, require the software potentially for an undetermined
time, thus for a longer period.

Headcount refers to the team size that is available for generating the soft-
ware. Single refers to only a single developer, while small, medium or
large teams are conceivable here. This parameter is naturally heavily
linked to other parameters such as budget and available personnel.

NLP Skills refers to the degree of skill in applying NLP techniques but
can also include background knowledge of linguistics or corpus linguist-
ics. These skills can be differentiated from the following parameters by
focusing here on NLP skills for the application of code on textual prob-
lems.

Developer Skills refers to the degree of skill in incorporating the produced
software into a larger setting, e.g., in a web service or an existing infra-
structure, which in recent years has been commonly covered by DevOps
through encompassing deployment, operations management and auto-
mation procedures.

Other Skills refers to all other proficiencies necessary for the specific pro-
ject, including but not limited to language, team compatibility, team hier-
archy, communication and others. This parameter is used as an umbrella
term, representing all other factors relevant for the characteristics of team
members.

Data Availability refers to the amount of data that is available beforehand,
either as simple examples provided by the client or as training data, which
can severely impact the choice of models that are suitable for the method.
Regarding LLMs, the context window can play a large role here, therefore
limiting the amount of data that is processed at once, see, e.g., the discus-
sion of text segmentation applications in Section 3.4.

Data Size refers to the amount of data processed for each query or pro-
cessing step. Once again, this parameter is highly dependent on the spe-
cific task area, ranging from single tokens, e.g., for search queries, to
texts with hundreds of paragraphs in case of text summarization. This
parameter not only impacts the choice of model but also the hardware
resources factor, due to requirements in terms of main memory and stor-
age.

82



5.2 Selection Criteria for Choosing NLP Methods

Data Quality refers to different quality aspects regarding the data. When
referencing available data beforehand, consistent formatting as well as
adhering to a pre-defined schema can play a role here. Moreover, data
quality can also refer to the incoming data that is provided as input for the
produced software, which can vary widely and needs to conform to certain
standards, depending on the method used, in order to be processed. The
principle of stability mentioned above in this section is a relevant concept
regarding this parameter.

Data Structuredness refers to the presence of a schema, data definition or
other structured text, to which the data, that needs to be processed, or in-
coming data from users needs to conform. Chat-based interfaces usually
do not require such a structure, which is why “none” is one possible op-
tion here, whereas various degrees of structuredness are possible as well.
Such data can range from only processing incoming data that was verified
by pre-defined schema file, e.g., an XML schema file,”® to the adherence
of a character limit. While appearing related to the previous parameter
of data quality, data structuredness refers purely to the existence of a pre-
defined structure or lack thereof. Even the quality of structured data can
differ widely, which would be included in the former parameter data qual-
ity.

Model Count refers to the number of models in use for the specific soft-
ware. This amount has an impact on the development of singular or mul-
tiple methods and furthermore on how to select which model to use in
case of multiple models, which can be done with or without user input.
Staggered and hybrid methods, such as boosting classifiers or sequential
summarization systems, see Sections 2.2.2 and 8.5 respectively, are ima-
ginable as well.

Metrics refers to the different evaluation criteria that are intended for the
software. This parameter should certainly include the evaluation metrics,
and should, if possible, be chosen before a method is implemented. This
decision therefore impacts the selection of a certain model, not limited to
purely quantitative metrics, but also referring to qualitative evaluation pro-
cedures, presented in more detail in Sections 6.2 and 7.2. Furthermore,
the parameter can also incorporate ongoing evaluation processes after the
software has been created and has been in use.

Hardware Resources refers to the requirements that need to be fulfilled in
order to implement the software. These requirements can include a cer-
tain amount of processing power, memory or GPU capabilities, which

78 See, e.g., the W3C documentation at https://www.w3.org/TR/xmlschema-0/.
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are naturally closely influenced by other parameters such as customer
size or model selection. The integration into existing infrastructure has
to be considered here as well, which relates to parameters such as de-
veloper skills. A further dimension in this regard can be the distinction
between providing the hardware in-house compared to renting hardware
from cloud-based providers.

Customer Size refers to the prospective user base. The range starts here
at none since not all NLP methods are planned for customer use, but are
instead, e.g., intended for the internal processing of a specific dataset or as
ameans of executing a certain method at fixed intervals internally, without
providing a user interface for customers.

Availability refers to the setup of the prospective service for customers,
i.e., when the software is available for accepting queries or incoming data.
Similarly to the previous parameter, in case of purely internal use, “none”
is conceivable here as well. Otherwise, different operational scenarios are
possible, ranging from constant availability to more selected units of time,
fixed intervals or only a pre-selected amount of time frames.

Portability refers to the importance of providing software that can be eas-
ily transferred to other servers, locations or providers. This parameter
thus includes the distinction between providing the implementation and
execution in-house on internal hardware compared to using service pro-
viders or cloud-based services. The characteristic “none (specific)” can
involve specific circumstances with critical or sensitive data, which needs
to remain on internal servers. Other interpretations are conceivable here
as well, e.g., the use of development environments such as containeriz-
ation in order to easily install the produced software on another system
or server. This parameter, once again, is closely related to development
skills and hardware resources.

Adaptability refers to the flexibility of the produced software regarding
changes with the data or processing. Changes to the data structure can
necessitate updates regarding the processing pipeline, whereas change re-
quests from customers or other participating parties can result in adapt-
ations for the existing software. Depending on the circumstances of the
specific method such updates can or should be considered beforehand,
especially in quickly changing scenarios or contexts. Extensibility is relev-
ant for this parameter as well, regarding the addition of other datasets and
more or updated models while also being able to further process previous
datasets and to use prior models.

Explainability refers to the degree to which the produced output of the
models has to be explained, e.g., by tracing cases for decision trees or by
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referring to confidence values or indices in classification systems. Similar
to other parameters such as portability and risk factors, the presence of
sensitive data is a critical aspect when providing an analysis of this para-
meter for the specific use case. For example, applications on texts from
the medical or judicial domain are highly critical and should not be ex-
posed to hallucinations or other problems such as biases within LLMs.
Reproducibility refers to the capability of a method to produce the exact
same output given the same input. As with the previous parameter and
other parameters dealing with sensitive data, confidence in reproducing
the same result is of high importance in many use cases, e.g., for classify-
ing problematic texts, be it hate speech detection or spam identification.
Repeatability and replicability as similar concepts play a role here as well,
as has been mentioned above in Section 4.2, and which pose a problem
for generative modern methods.

Risk Factors refers to the wide variety of risks that can potentially be cre-
ated when using text-based methods. The generation of hallucinations
or simply false statements, produced by LLMs or other abstractive and
generative language tools, can result in tangible problems, fees or other
negative outcomes for the service provider.”” Thus, an assessment of such
risks is necessary when dealing with sensitive data, especially if the gener-
ated texts need to be factually correct. In that case, the selection of models
should be limited or the application of other guardrails is recommended.
Documentation refers to the degree of documentation that is designated
for the provided NLP method. Depending on the project planning system
in use, more or less documentation is already scheduled through the pro-
ject plan, e.g., more in case of traditional waterfall project planning and
considerably less for agile software development. Nevertheless, some de-
gree of documentation is required and strongly recommended in terms
of comprehensibility and in case of absences or loss of personnel.

The list presented above is a non-exhaustive interpretation gained from
analyzing NLP problems by the author of this thesis, as well as by incor-
porating literature analysis from both NLP research and other domains
such as engineering design, software engineering and others. While ob-
vious factors such as budget, time frame or customers size, at least from
a product development perspective, were still included since they natur-

79 One of the more prominent reports in recent years concerns a chatbot provided by the
Canadian airline Air Canada, which falsely awarded a customer a reduced fare. Later,
a court ruled in favor of the customer, see https://www.forbes.com/sites/mar
isagarcia/2024/02/19/what-air-canada-lost-in-remarkable-lying-ai-
chatbot-case/.
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ally remain relevant for NLP problems as well, a stronger focus was given
to the dimensions specifically relevant for projects developing text pro-
cessing methods. Thus, just as an example, the data dimensions were
split into four parameters accordingly, a dimension each for data availab-
ility, size, quality and structuredness, which are all relevant for NLP tasks.
Due to the focus on a select number of dimensions, this list is far from
complete. Further dimensions will be discussed in the next Section 5.3
and are presented in the literature, e.g., by Feldhusen et al. [2013, p. 136],
who collect potential topics for requirement engineering including other
dimensions such as advertising, warranty period and more, thus clearly
intended for product development.

A concrete utilization of Table 5.1 was conducted for the NLP task of text
segmentation below in Table 9.1 in Section 9.2, which applies the presen-
ted dimensions from this chapter onto a specific use case and therefore
presents the theoretical draft from this section more practically. When
creating Table 5.1, certain criteria were noticed, that have been absent in
traditional NLP problem solving or at least have been neglected in papers,
tutorials and other documentation, such as NLP skills or developer skills,
which can nonetheless be an important aspect for adhering to a project
plan and to the successful realization of the proposed software. In focus-
ing also on such factors and a broad encompassing view on other dimen-
sions, as displayed in Table 5.1, the intended goal of this table is to provide
a more uniform framework or broad perspective for analyzing use cases,
not only to achieve better NLP methods, but also to include a cost benefit
analysis with engineering criteria in mind from the start. A closer look at
other softer factors, which were not easily represented in clearly defined
criteria in Table 5.1, will be displayed in the next section.

5.3 Soft Skills and Other Factors

While Table 5.1 provides a broad overview across different characteristics
fitting for a potential NLP method, a closer look at a few selected criteria
shall be included in this section. Other requirements, such as time frame,
hardware necessities or budget, see above in Table 5.1, are candidates for
prominently featured characteristics that seem obvious for new NLP and
other programming projects. In this section, softer factors will be inter-
preted in terms of their importance and fit.

The first factor discussed here is interdisciplinarity. Interdisciplinary
work is intended to bridge departments and teams early in the develop-
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ment process in order to set the groundwork for simultaneous or concur-
rent engineering, which in turn leads to faster development, cost reduc-
tion and quality improvement [Feldhusen et al., 2013, p. 31ff.]. As part
of interdisciplinary work, and as recommendations or even requirements
for achieving the benefits mentioned above, new aspects are created for
the teams concerned with such tasks, as listed by Feldhusen et al. [2013,
p- 33], such as shared language and communication procedures or close
information exchange, which will be described in the following.

The setup of a common language and definitions of key terms is ne-
cessary in order to enable clear communication and prevent ambiguities
or misunderstandings based on different backgrounds between teams
from various disciplines or domains. Closely related to these common
understandings is an early transfer between departments involved with
the development as well as a common basis in terms of communication,
organizational and other tools and software, so that the information ex-
change and transfer is ensured. The project plan, irrespective of the type
of planning such as traditional project management or agile project man-
agement, depends on the timeline and milestones, for which the differ-
ent teams are integrated. Thus, the design process is structured more
methodically and streamlined somewhat in order to conform to the inter-
disciplinary focus [Feldhusen et al., 2013, p. 32ff.]. The parallelization of
processes is one consequence of these steps as well as one further condi-
tion to enable interdisciplinary work.

While these aspects are recommendations for generic projects irrespect-
ive of their domain and would be helpful for projects in different sizes, or-
ganizational structures and other dimensions, the applicability of such in-
terdisciplinary chains of thought in terms of NLP methods will be briefly
discussed. The first and probably most clear-cut connection is the link
between the development by software engineers or developers in general
and linguistic and/or domain experts of the data or problem in question.
The potential of linguistics for NLP methods, as has been laid out in Sec-
tion 2.1, is broad, but the details in terms of preprocessing decisions®
depend on a closer analysis of the concrete use case [Krouska et al., 2016;
Maslej-Kre$idkova et al., 2020].

The rather straightforward procedure of choosing the top-scoring
model from a leaderboard for an NLP task is naturally a starting point as
mentioned above at the start of Chapter 5 and in the previous Section 5.2,
and in practice is certainly used, but it necessitates adaptations for the

80 Choices are, e.g., which stemmer to employ or if stop word elimination is necessary and
if so, deciding which list of stop words is the most suitable.
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actual problem to be solved. Such adaptations might be small in nature,
such as transforming the input data into the required data format, or more
widespread. While simply using a model initialized for, e.g., English®!,
can work, if the data is also in the same language and of the same format
or domain. However, slight changes in the data can have a massive in-
fluence on the applicability of the chosen model on the selected use case,
see also above in Table 5.1 regarding the factors adaptability and portab-
ility. When transforming an approach created for English, e.g., into Ger-
man, adaptations are necessary in various parts of the pipeline. As a con-
crete example, the choice of which pre-trained model to use as a basis for
the selected downstream task, which preprocessing steps or scoring func-
tions to employ, are all relevant decisions that need to be considered, see,
e.g., the German text simplification system presented in Section 7.3.2 and
Fruth [2022]. In this case, the simple fact of being a native-tongue speaker
has enabled the adaptations for German, so no explicit domain, linguistic
or language expert was necessary to implement and evaluate a first ver-
sion.

In another case, a text classification use case was applied on a dataset
provided by an insurance company, see also Section 7.3.2 and Raab [2023].
The creation of the dataset used for training the models was only possible
after manual cleaning and preprocessing the data, after which extensive
consultation with the insurance experts took place, who furthermore also
labeled the datasets themselves. While the capability of data processing
tools and frameworks has only risen in recent years, a distinction between
data expert and domain expert is still noteworthy. As has already been
mentioned by Viaene [2013], data scientists are not able to fully analyze
and comprehend their data without insights provided by domain experts.
Only an interdisciplinary perspective as well as “multiskilled team” [Vi-
aene, 2013, p. 12] can fully realize the potential of data science as a discip-
line.

A second dimension, which will be also briefly discussed here, is the
requirement of a particular set of skills for the engineers tasked with the
implementation. As presented above in Table 5.1, different types of skills
have been included there already, namely NLP, developer and other skills.
While these types were already described in the previous Section 5.2, the
catch-all category of other skills can include the softer factors mentioned
above. The interpretation of the previously mentioned comprehensive
list of potential topics for requirements of a product, see also Feldhusen

81 The focus on the English language, as has been the case for many years in NLP research,
will be the focal point of later discussions in Section 6.3 and Section 7.3.
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et al. [2013, p. 136], mentions consulting and training as dimensions in-
cluded in the organizational requirement category specifically relevant for
the workforce. These aspects are relevant for these softer skills as well.

While the degree of NLP and developer skills can be presented in con-
crete terms, e.g., the proficiency in a certain programming language or
the knowledge of a version control software in terms of deploying soft-
ware, a less-defined factor involves the need for further training in order
to produce the desired software. When applying a method from online
sources, e.g., Hugging Face or the provided code for a paper on GitHub,
the software requirements are usually presented, meaning which software
and packages need to be installed to use the model. However, it is often
not readily apparent which other skills the user needs to possess in order
to adapt the method or to understand in what way the method needs to
be adapted for the use case in question. Examples in this realm could
be the special properties of certain languages, the impact of using differ-
ent preprocessing steps or the understanding of a certain technique that
is already part of the pipeline such as vector space transformations. Cir-
cumstances in the organization or department, wherein the software is
being developed, can further create the need for training a certain skill,
e.g., for project management tools, DevOps frameworks, communication
software or other technical requirements. The adaptability within an in-
terdisciplinary setting can also play a role in terms of soft skills, requiring
the capability of working in multiskilled teams and the integration of feed-
back from domain experts.

The rather vague description of the second dimension regarding skills
is on purpose due to the wide spectrum of potential problems. The nature
of training and education that are necessary for the problem in question
is equally flexible and variable, which is why an analysis at the start of a
project is recommended if such softer actions in this realm are necessary.

Further dimensions are certainly imaginable and have already been dis-
cussed in other work. Risk management, see Table 5.1, change manage-
ment®? as well as further conditions such as standardization or patents
and their respective role as well as the impact on the produced software,
discussed, e.g., in Feldhusen et al. [2013, p. 199f1.], can all matter, depend-
ing on the project. Also, a brief reference to latter parts of a project should
be included here as well, i.e., lessons learned or a retrospective, see Sec-
tion 5.1, which can be beneficial factors for follow-up projects and, when

82 Change management as a dimension will not be further discussed in this work but is
certainly also relevant in terms of DevOps or version control systems and also from an
engineering perspective, see Feldhusen et al. 2013, p. 110ff.].
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designated at the start of a project regarding its final stages, are already a
fixed part of the project timeline.

Contextualizing the learnings from this chapter towards the larger re-
search questions from this thesis (see Section 1.1), connections can be
drawn from various stages of the PEP, such as layered processes differen-
tiating models, methods and data layers, as seen in Figure 5.3. Further
analysis of critical aspects of product development such as resource pro-
curement can be linked towards hardware requirements, which are espe-
cially relevant for modern models with increased computational demands
like the requirement of GPUs for rapid processing. In a more focused
manner, a table was used in order to present a wide array of perspectives
for potential NLP methods in Section 5.2, see Table 5.1. The interdisciplin-
ary point of view necessary for not only product development but also the
development of NLP methods is further presented in the last section of
this chapter, as well as comments regarding the choice of technique for a
prospective NLP method accompanied by two concrete examples of such
choices as text simplification and text classification and the importance of
soft skills for developers.

When surveying this chapter, a direct link towards traditional methods,
as already defined in a rather generic way early on in this thesis in Sec-
tion 2.5, depends on the actual use case of the NLP problem that needs
to be solved. Certain dimensions and factors from the discussion in Sec-
tion 5.2 exhibit clear advantages of traditional techniques such as the prin-
ciple of stability or dimensions from Table 5.1, e.g., explainability and re-
producibility. Apart from these links towards traditional techniques, other
factors presented in this chapter should be generally observed in NLP
methods, regardless of the chosen approach. Layered perspectives during
early planning stages, know-how of the hired employees, potential hard-
ware requirements and interdisciplinary work can all play a role during
the development of a desired text processing method, and a higher prior-
ity should be given to such factors. Therefore, research question @) has
been addressed comprehensively throughout this chapter for engineering
and design theory domains, and their perspectives should be considered
for realizing NLP methods. After presenting a high-level view on develop-
ment, planning and other factors, precise problems common in current
NLP will be detailed in the next chapter in order to examine the potential
for traditional methods and to raise awareness for such problems.
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After the analysis of other domains outside of NLP and their potential im-
pact on NLP projects was presented in the previous chapter, a focus will
be placed once again on actual NLP methods in this chapter, especially on
LLM-based approaches. Common problems will be presented that can be
observed by both analyzing the literature and by describing actual applic-
ations on concrete NLP tasks in the following Chapter 7. The problems
collected here can be classified in various ways, e.g., impacting the output
produced by the NLP methods or difficulties at the outset of approaches
when porting methods to other domains as well as languages or also vari-
ous evaluation aspects.

First, regarding the initial class mentioned just above, Section 6.1 will
present the problem of hallucinations. They have been a phenomenon
for generative or abstractive text processing tasks in the past several years
as well as in other domains such as computer vision since the early 2000s
and gained particular notoriety during the rise of LLMs since 2023 [Maleki
et al., 2024]. This problem type is generally restricted to generative mod-
els, whereas many traditional models, e.g., extractive text summarization
methods, do not fall prey to this issue.

Afterwards, a problem unfortunately inherent for all NLP tasks will be
discussed in Section 6.2: The restrictions of quantitative metrics for eval-
uating NLP methods. As just one example, without going into too much
detail before presenting them in the actual section, the application scen-
ario of text summarization is per default evaluated by using the metric
ROUGE [Lin, 2004b]. While the metric is universally used within this re-
search field, various problems have come to the forefront including the
reliance and fit towards the reference summaries provided within the
datasets, which attributes potentially valid summaries worse scores due
to their disparities with the gold summaries [Aumiller et al., 2023]. Met-
rics for other tasks exhibit similar but also different limitations and the
reliance on such evaluation metrics for many NLP applications is a note-
worthy discussion point.
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Another dimension of problems will be approached in Section 6.3, i.e.,
the focus of methods on the English language. Groundbreaking advances
in text processing research naturally have in the past been discovered by re-
search groups from Anglo-American countries. Additionally, due to Eng-
lish being the largest global language in terms of native as well as second-
language speakers,® the biggest available datasets are usually in English.
Examples for ground-breaking discoveries from anglophone countries in-
clude the advances through statistical methods within NLP in a variety of
tasks [Manning and Schutze, 1999], the rise of word2vec [Mikolov, 2013]
and later the transformer architecture [Vaswani et al., 2017], which in turn
led to the breakthrough of LLMs, not necessarily restricted to ChatGPT,
but initialized by OpenAl [Wu et al., 2023]. While the latter discoveries
enabled multilingual and cross-lingual operations, a large part of the un-
derlying data is still in English.8* Drawbacks such as worse performance
and required adaptations for languages other than English are apparent
and will be discussed.

Further challenges will be presented more briefly in Section 6.4 such
as reproducibility in Section 6.4.1, explainability in Section 6.4.2 and effi-
ciency in Section 6.4.3. All these challenges are part of a larger discussion
later on in this thesis, first by showcasing selected use cases in Chapter 7
and afterwards when discussing potential benefits of using traditional
approaches, which will be displayed in more detail in the subsequent
Chapter 8. Research question @) - referring to potential benefits of us-
ing traditional models — should be considered throughout this chapter,
when challenges for modern LLMs as well as all other NLP techniques
are noted, which can provide a basis for potential benefits of traditional
techniques. These benefits are potentially viable in two distinct manners,
on the one hand through the absence of limitations when applying tra-
ditional techniques or on the other hand through less severe restrictions
by using traditional techniques. The first challenge presented here will
be the occurrence of hallucinations in abstractive and generative NLP ap-
proaches.

83 See https://www.ethnologue.com/insights/ethnologue200/.
84 See, e.g., https://commoncrawl.org/blog/expanding-the-language-and-
cultural-coverage-of-common-crawl/.
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6.1 Hallucinations

6.1 Hallucinations

Hallucinations have been a major problem for NLP tools for some time,
but the impact of hallucinations has begun to appear in a widespread man-
ner due to the rise of LLM-based approaches and especially by using chat-
based interfaces such as ChatGPT [Huang et al., 2025, p. 5ff.]. Prior to
the analysis of output generated by chat-based LLMs as known today, pre-
vious abstractive or generative systems have already exhibited hallucina-
tions, e.g., in abstractive text summarization tasks [Huang et al., 2021;
Maynez et al., 2020].

Generative text processing tasks were, however, not the origin of the
phenomenon. The earliest source of hallucinations, apart from other
definitions within medical contexts, can be traced back to a discussion
on virtual inputs in neural network completion that produce “phantom
experience and hallucination” [Thaler, 1995, p. 63]. These first discus-
sions appeared in theoretical papers on artificial neural networks without
positive or negative assessments in a practical sense. In contrast to the
predominantly negative judgement towards hallucinations in NLP applic-
ations known today, the first usage of hallucinations within the research
field of computer vision in the early 2000s were interpreted as a desired
occurrence due to their role in computer vision processing such as resol-
ution enhancement [Baker and Kanade, 2000; Ji et al., 2023, p. 2].

As noted in Maleki et al. [2024, p. 133], the phenomenon now classi-
fied as hallucination appeared several years later for the classifications
of errors in text processing, applied for the tasks of machine translation
[Koehn and Knowles, 2017] and data-to-document generation [Wiseman
et al., 2017]. The initial identification within NLP, as mentioned above,
was discussed in task areas such as text summarization, in which the term
hallucination was stated during the discussion of factual inconsistency er-
rors as both intrinsic and extrinsic hallucinations [Huang et al., 2021, p. 2].
Intrinsic hallucinations refer to the manipulation or adjustment of some
text from the original source, while extrinsic hallucinations involve the
generation of some facts or information that did not appear in the original
text [Maynez et al., 2020, p. 1907].

A third categorization of hallucinations can be recognized here as well,
meaning factual hallucinations, which can be both intrinsic and extrinsic,
but differing from those two types in that they are factually correct, but
do not appear in the source [Maynez et al., 2020, p. 1908]. The former two
hallucination types (extrinsic and intrinsic) are thus generally seen as un-
desirable, since only the third type — factual hallucinations — is considered

93

Rise of Hallu-
cinations

Origin

Intrinsic &
Extrinsic Hal-
lucinations

Factual Hal-
lucinations



Factuality vs.
Faithfullness

Limitation
of the Term
Hallucin-
ations

Interpreta-
tion for
this Thesis

6 Challenges in Natural Language Processing

to be factually correct. Notably, intrinsic hallucinations are by definition
erroneous, since they contradict the information from the source text,
while extrinsic hallucinations can be either factually correct or incorrect,
but the identification depends on knowledge that goes beyond the source
text and is thus hard to assess [Ji et al., 2023, p. 3].

One further classification should be mentioned here as well, which con-
cerns modern LLMs and prompt-based interfaces in particular. Huang
et al. [2025, p. 5ff.] define factuality and faithfulness as categories for hal-
lucinations. The former comprises the already mentioned categories of
intrinsic hallucinations — here factual contractions — and extrinsic — here
factual fabrications — whereas the latter refers to hallucinations due to
instruction, context or logical inconsistency [Huang et al., 2025, p. 6f.].
Without going into too much detail, these three latter categories revolve
around the LLM not adhering to the desired output structure given in the
prompt, falsely processing the provided context from the prompt or not
following the command given a certain prompt [Huang et al., 2025, p. 7].
These distinctions regarding different hallucination types have been in-
cluded here since they were noted during several experiments, which will
be presented in Section 7.1.2.

One last terminological consideration shall be included here since the
term hallucination, in the medical or psychological sense, is potentially
misleading when attributing human capabilities onto LLMs. The psycho-
logical definition of a hallucination involving an unreal perception that
feels real shares similarities with the interpretation of an NLP error as
unfaithful or factually incorrect generated text [Ji et al., 2023, p. 3]. How-
ever, the generation itself within the language model does not necessarily
mean similar phenomena akin to human hallucinations since the gener-
ated texts themselves depend on the training data and probabilities, with
which the texts are produced.

The existence of hallucinations therefore does not provide an argument
that LLMs think in a similar way to humans, at least in this case. Hal-
lucinations as a type of error therefore are not transferable to a human
psychological process, as is noted by Maleki et al. [2024]:

“1) The ‘hallucination’ metaphor in Al from this perspective is
a misnomer, as Al lacks sensory perceptions, and errors arise
from data and prompts rather than the absence of stimuli, and
2) this metaphor is highly stigmatizing, as it associates neg-
ative issues in Al with a specific issue in mental illness [...].”
[Maleki et al., 2024, p. 133]
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For this thesis, the definition of hallucinations as factuality or faithfulness
errors are used, as stated above, but this terminological observation still
remains noteworthy and future discussion regarding other terms, such as
the alternative term confabulation should be considered [Sui et al., 2024].

A concrete application scenario in the next chapter will be presented in
Section 7.1.1, which refers to a text simplification use case, for which hallu-
cinations were observed, and which will illustrate the problem. The exper-
iments were conducted in 2022, before the release of ChatGPT. Prompt-
based interaction was therefore not available and the prior workflow of
fine-tuning a pre-trained language model was used, i.e., one of the usual
approaches for state-of-the-art processes at the time. GPT-2, the prede-
cessor of the underlying GPT-3 model of the initial ChatGPT release, was
used as well as other approaches. Observations regarding hallucinations
when explicitly applying LLMs were however also noted in various use
cases, see Section 7.1.2. The tasks, experiments and results in regard to
hallucinations will be presented there, see Section 7.1.

6.2 Lacking Metrics

The next problem concerns the facet of NLP with which quality and per-
formance of approaches, models and techniques are assessed, meaning
the evaluation metrics themselves. While a sound and comprehensive
evaluation should also include a qualitative evaluation (sometimes also
known as a manual evaluation), which can encompass surveys, user stud-
ies, interviews, and many other types,® the focus will be on quantitative
evaluation for this part of the thesis.

To further narrow down the problems for this section, different types
of evaluation procedures and metrics need to be defined first. Evaluation
of NLP systems in general can be divided into intrinsic and extrinsic eval-
uations, similarly to the discussion of the same categories for types of hal-
lucinations, see above in Section 6.1. As was the case for hallucinations,
both intrinsic and extrinsic will be relevant for the discussion here.

Intrinsic evaluation of a model or technique is task-neutral, i.e., inde-
pendent of the concrete task for which the approach is aimed at later in
a “real-world” use case [Eisenstein, 2018, p. 139]. This type of evaluation
is usually carried out on the training, development and test splits from

85 See, e.g., Fossey et al. [2002] or Moriarty [2011] for an overview from two other disciplines,
psychiatry and social care research respectively, but nevertheless equally applicable for
NLP.
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a dataset, which are required to not share data instances in order to ob-
jectively assess the quality of the model in question [Jurafsky and Mar-
tin, 2024, p. 38f.]. Extrinsic evaluation incorporates the model or tech-
nique in an application or a downstream task, and through testing the
application itself, an evaluation can be done in order to gauge the impact
of the approach on the larger application in question [Eisenstein, 2018,
p. 339f.]. The performance of different techniques within the pipeline of
a larger system is one parameter that can be tested in an extrinsic evalu-
ation, e.g., the use of different NER approaches for hallucination detection
(see below in Section 7.1.1 for text simplification purposes), which would
in the end apply the NER techniques as purely “enabling technology” [Res-
nik and Lin, 2010, p. 273].

The distinction between extrinsic and intrinsic evaluation is not neces-
sarily as relevant for the remaining part of this chapter since the actual
procedures with which they are carried out, e.g., the metrics that are ap-
plied, can overlap between the two. That means, metrics such as precision,
recall and f1-score can be applied to both smaller intrinsic evaluations of
a concrete technique, e.g., part of a search system such as dependency
extraction approaches, and larger extrinsic evaluations of the complete
search engine, in which the dependency extractor is just one part [Resnik
and Lin, 2010, p. 272f1.].

Two further dimensions shall be briefly described here to illustrate the
importance of carefully considering the applicable metric in testing an
NLP method, first the type of output and second the presence of refer-
ences for evaluation purposes, e.g., reference summaries in text summar-
ization datasets. The former represents the type of output produced by
a text processing approach, which determines how the approach can be
evaluated. While this fact seems obvious, the type of output can differ
between either a single information, thus comprising a one-to-one link
between input and output such as binary text classification, or the gen-
eration of multiple outputs for one input request, as in multi-class text
classification or in search systems, all the way to the output itself as gen-
erated text, see text simplification.®

The first category, relevant for example for text classification or PoS
tagging, requires the assignment of a single piece of information to the
input data. While the scope of input can vary widely, from a single word
for PoS tagging to whole documents for text classification or sentiment
analysis, the output is similarly brief, mostly one type of category. One

86 Detailed considerations can be found, e.g., in Resnik and Lin [2010, p. 281fF.].
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common metric in this regard, accuracy, is simply defined as the ratio of
correctly assigned labels to the number of samples from the test set, while
the inverse of accuracy, known as error rate, can also be found in research
[Resnik and Lin, 2010, p. 282].

The next paradigm is applicable for search systems or text alignment
tasks, in which the single input data, usually a request in case of informa-
tion retrieval systems, is matched with the documents in the test set and
a ranking is produced. The ranking is usually assessed by calculating two
metrics, precision and recall, or an approximation of combining the two
as their harmonic mean, the fl-score or f-measure. Precision is the de-
gree to which the search system is able to produce output that is relevant,
while recall captures the degree of relevant documents that are retrieved.
The aspect of relevancy is a critical assumption here since all documents
are ranked as either relevant or not relevant. This binary classification is
a simplification, ignoring aspects such as context, familiarity of the user
with the topic at hand or hierarchical relationships between documents.?”

Lastly, the generation of another text as the output of an NLP method,
e.g., in text summarization, translation or more generally Natural Lan-
guage Generation (NLG) tasks, requires another adapted evaluation. Dif-
ferences are apparent compared to the first two paradigms, since neither
the agreement between input and classes — as representative for many
other types of such evaluations — nor a relevancy ranking in respect to
queries can be directly adapted to evaluate the generated text itself, which
can be a summary, translation, simplification or other types of generated
text based on the input [Resnik and Lin, 2010, p. 284f.].

Manual evaluation via human/expert judges is another possible, al-
beit costly approach. Other related variants such as crowdsourced evalu-
ations®® via remotely hired or otherwise acquired workers are also a popu-
lar alternative to the manual search for experts, which however come with
their own set of limitations or disadvantages [Jurafsky and Martin, 2024,
p. 280f.]. The reliability, experience, expertise and honesty of crowd-
sourced participants differ between platforms and other related factors,
see more details in Peer et al. [2022], in which the authors present a large-
scale study in order to compare different platforms.

The most common strategy for automatic evaluation for such NLP tasks
is characterized by the degree of overlap between a unit or units of text
from both the reference text and the generated text, which was produced

87 See more regarding the influence of such parameters in Henrich [2008, p. 62fF.].
8 See platforms such as Amazon Mechanical Turk (https://www.mturk. com/) or Prolific
(https://www.prolific.com/) among others.

97

Search
System
Evaluation

NLG Evalu-
ation

Manual

& Crowd-
sourced
Evaluation

Evaluation
Metrics for
Text Overlap


https://www.mturk.com/
https://www.prolific.com/

Reference-
Based
Evaluation

Limitations
of References

6 Challenges in Natural Language Processing

based on the original input data [Resnik and Lin, 2010, p. 284]. Examples
for such evaluation metrics are BLEU, already mentioned for text simpli-
fication in Section 3.5, and ROUGE or METEOR for text summarization,
described in Section 3.6, along with others. All noted metrics come with
their own set of restrictions. BLEU and METEOR are both based on n-
gram matches, therefore penalizing semantically fitting generated texts if
they differ due to purely lexical differences that however match semantic-
ally [Wieting etal., 2019, p. 4344]. ROUGE, while also supporting multiple
reference texts, is held back by the rarity of datasets actually containing
multiple reference summaries and can thus only capture the fit towards
one reference summary [Aumiller et al., 2023, p. 202]. Other evaluation
paradigms are present in research, such as the output of a model con-
taining structured information, e.g., within a parsing tool, or producing
variable numbers on a scale such as ratio scales, e.g., in text similarity
tasks [Resnik and Lin, 2010, p. 285ff.], but will not be included here.

The second dimension, after noting the different types of output as the
first dimension above, concerns the presence of references as comparison.
As has been described above regarding output types, text summarization
tasks, among others, are evaluated based on the quality of the generated
texts. These texts, however, need to either be compared to a reference
or a set of references, often described as “gold standard”, or be judged
based on other criteria. The de facto default evaluation procedures in ma-
chine translation, text summarization, text simplification and other NLG
tasks are conducted using comparisons to reference texts, as mentioned
above. The production of such reference texts by domain experts is time-
consuming, costly and thus seldom feasible. If such reference texts, or
even a set of references, exist, it is still not guaranteed that the gener-
ated text is not produced in such a way that a significant lexical overlap is
present, which is due to the lack of coverage between the reference texts
and the generated text that is evaluated [Asano et al., 2017, p. 343].

The problem here is the reference texts themselves. Firstly, not all data-
sets include reference texts at all and if they do exist, coverage, as men-
tioned just above, is not ensured. Furthermore, reference-based metrics
measure the overlap between n-grams, or other units of text depending
on the concrete metrics, which are helpful in identifying lexical matches
between texts. However, and crucially, aspects such as coherence, fluency,
grammaticality and meaning preservation are not captured by lexical over-
lap and are at most a byproduct of lexical overlap, not measured exclusively
because of purely lexical matches [Asano et al., 2017, p. 3441L.].
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Coherence, as just one example, is a complex task, dealing with ele-
ments such as discourse coherence — the structure of sentences and their
relationships between each other captured as one connected group of sen-
tences —or local and global coherence [Jurafsky and Martin, 2024, p. 531ff.].
While local coherence, also known as lexical cohesion and referring to the
semantic matches or relatedness between consecutive sentences and their
entities in the text, is a phenomenon that might be captured by lexical over-
lap as described above, global coherence goes far beyond the capabilities of
reference-based overlap metrics [Barzilay and Lapata, 2008]. Global coher-
ence captures the quality of a text, which can be attributed through sequen-
tial and aligned plotlines in fictional texts or a conventional table of con-
tents and their corresponding sections. The evaluation regarding global
coherence is thus even more complex and researched in several studies
[Lapata et al., 2005], mostly for narrative texts [Purdy et al., 2018; Zhai
etal., 2019].

This discussion on coherence shall suffice here as a multifaceted aspect
regarding the evaluation of texts but should be able to showcase the com-
plexity in measuring the quality of a text for different NLP tasks. The de-
pendence of quantitatively evaluating NLP methods based on references
has now been addressed. This evaluation paradigm, i.e., reference-based
evaluation, is, however, not applicable for all use cases. Another problem
entirely persists in such scenarios, in which no gold standard or refer-
ences exist at all. The distinction between supervised and unsupervised
methods within machine learning further categorizes this dichotomy, e.g.,
presented in Sindhu Meena and Suriya [2019] through classification tasks
such as SVM or decision trees for supervised approaches or k-means and
other clustering techniques for unsupervised approaches.

Evaluation, as expected, is a complex problem for such scenarios, when
no reference data for, e.g., text summarization or text simplification pur-
poses is available. The evaluation of unsupervised systems can still rely on
the presence of annotated test data as a small substitute for whole datasets
including reference texts, or on the availability of “pseudo-annotated” test
items [Resnik and Lin, 2010, p. 294]. If neither are available, annotated
test data in general or pseudo-annotated test items, other measures are
needed. A selection of evaluation procedures has been surveyed by Pang
and Gimpel [2019] in the use case of textual transfer, comprising the use
of pre-trained classifiers that measure the accuracy of the produced text,
which is however heavily reliant on the training data and prone to over-
fitting. Therefore, other metrics need to be specifically adapted to the
respective use case, e.g., by metrics such as post-transfer classification

99

Coherence

Lack of
References

Evaluation
of Unsu-
pervised
Methods



References
to Concrete
Examples

mLongT5
& mC4

6 Challenges in Natural Language Processing

accuracy in case of textual transfer, or semantic similarity or fluency for
more generic use cases [Pang and Gimpel, 2019, p. 140]. More concrete
examples will be presented below in Section 7.2.2.

Similarly to the challenges of hallucinations, text summarization and
text simplification will be presented as showcases for this problem, see
below in Section 7.2, in addition to keyphrase prediction in Section 7.2.1
as a separate use case with limitations regarding its evaluation.

As has been noted several times in this thesis, the application of tech-
niques and models on languages other than English presents challenges
due to lacking or smaller datasets, required adaptations towards the re-
spective language and other aspects. This challenge will be discussed in
the next section.

6.3 Availability of Data and Models Primarily for
English

The dominance of research in NLP regarding models, techniques and
datasets for the English language has been recognized, studied and in-
terpreted, e.g., in Bender [2009] or Ruder et al. [2022], even with some-
times catchy titles such as “Should We Ban English NLP for a Year?”
[Segaard, 2022]. While this title is probably deliberately exaggerating, the
rationale still deserves some further discussion in this chapter, through
a problem definition and afterwards observations from select use cases,
later in Section 7.3.

To illustrate the problem with just one practical comparison, the pre-
trained language model mLongT5 [Uthus et al., 2023], as applied for two
summarization tasks, see Section 7.1.2 regarding hallucinations and Sec-
tion 7.3 for the presently discussed challenge, is capable of processing
input and producing output from dozens of different languages. The data-
set used in training the mLongT5 model is an updated version of mC4%°,
with widely varying corpus sizes for each included language. The data
for English has roughly four times as many characters as the next largest
language — Russian — and over seven times as many characters as French,
German or Italian [Chung et al., 2023, p. 19].”° While size is certainly not
the only important factor in processing data, it is nevertheless a metric

89 mC4 being a multilingual version [Chung et al., 2023] of the Colossal Clean Crawled
Corpus or C4, a derivative of the popular Common Crawl, see Raffel et al. [2020].

90 These four languages, i.e., English, French, German and Italian, comprise the analyzed
languages in the multilingual summarization task from Dal Cin [2025].
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characterizing the variety and magnitude, for which English data is avail-
able.

Since mC4 is based on pages crawled from the web, non-English lan-
guages are represented at a higher rate in mC4 when compared to other
more specialized corpora, which are often only available in English [Au-
miller et al., 2022, p. 7626f1.]. Apart from the existence of domain corpora
for other languages, data quality is another issue for corpora in general,
but also specifically for datasets in a multilingual setting or for corpora in
languages other than English [Artetxe et al., 2022; Held et al., 2023).

Furthermore, the availability of tools, techniques and even best prac-
tices is overwhelmingly constructed for English or at least geared towards
English texts, which was shown, e.g., in a study detailing the state of
language technology support for different domains such as speech pro-
cessing, machine translation and text analysis for 30 different European
languages [Ananiadou et al., 2012]. Ananiadou et al. [2012, p. 29ff.] meas-
ured the quality of available tools for the respective domains and deemed
the English results to have “good support” across all domains, whereas all
other analyzed languages received worse scores across all domains. While
this study was conducted in 2012 and therefore before the rise of LLMs,
the results were confirmed in other more recent studies, e.g., in Zhang
etal. [2023D).

The dominance of the English language is apparent not only through
datasets and language technologies in general, but so-called protocol bi-
ases towards English, see Ruder et al. [2022, p. 2345]. The prototypical
scenario for NLP applications is geared towards the English language and
even in a multilingual setting, English is used as the source language per
default for zero-shot cross-lingual transfer [Hu et al., 2020], while other
languages might be more applicable depending on the non-English lan-
guages [Lin et al., 2019; Ponti et al., 2018]. Ponti et al. [2018] note the im-
pact of verb usage, particularly in determining the tense of the sentence.
For example, the future tense in Latin is constructed by verb inflection,
whereas English adds an auxiliary verb [Ponti et al., 2018, p. 1532]. Such
considerations can have an impact when aligning two languages and can
exclude English from a primary recommendation. Furthermore, machine
translation tasks heavily skew towards English through the availability of
language pairs dominated by English as one of the two concerned lan-
guages, therefore decreasing the comparability with language pairs not
including English [Fan et al., 2021].

Apart from studying protocol biases towards English and other factors,
such as organizational biases through the focus on conferences and peer-
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review processes, Ruder et al. [2022, p. 2346ff.] also study how NLP is
taught and how languages are selected in standard textbooks. Regarding
the first aspect, most surveyed teachers answered that they were using
English for initial NLP experiment for their students, even when the class
consisted of students whose native language was not English. As for the
second aspect, standard textbooks, including Eisenstein [2018] and Juraf-
sky and Martin [2024], both quoted throughout this thesis, were analyzed.
The examples and experiments therein mainly discuss NLP applications
that are once again dealing with English language processing tasks.

The previous studies and observations, while still relevant for the dis-
cussion in this thesis, were mostly published before the rise of chat-based
LLMs. One study, mentioned briefly above, from Zhang et al. [2023D], ana-
lyzed the performance of GPT-3.5 on a series of multilingual tasks includ-
ing knowledge access, reasoning and translation. The results of this study
confirm the outcomes of prior investigations, even for modern LLMs, i.e.,
worse performance for languages other than English. The authors dis-
cuss reasons for this behavior, and propose, as was noted earlier in this
chapter, that lacking datasets for multilingual or even parallel data with
non-English languages is partly to blame for the poor performance [Zhang
et al., 2023b, p. 7922]. The dominance of monolingual text in the train-
ing data for LLMs, such as GPT-3.5, further leads to the language model
learning a representation of knowledge biased towards English texts. To
illustrate the latter point, the authors present experiments, wherein the
prompts are written in non-English languages, but the results appear to
rely on information which is provided through English language prop-
erties such as semantic interpretation of synonyms that do not appear
in the language with which the prompt was originally written [Zhang
etal., 2023b, p. 7921f].

In 2025, even more recent LLMs were surveyed by Qin et al. [2025]. The
authors present a comprehensive taxonomy based on different model ar-
chitectures and alignment strategies as well as reviewing the used train-
ing datasets and other characteristics of various models. The conclu-
sions are similar to the results presented above in Zhang et al. [2023D],
meaning that modern LLMs including GPT-4 and LLaMA for English
tasks clearly surpass the performance of the same models for other lan-
guages [Qin et al., 2025, p. 7] on the employed XNLI benchmark, which
is intended to evaluate cross-lingual sentence understanding [Conneau
et al,, 2018]. Another only recently conducted survey focused on the chal-
lenges and performance of LLMs on low-resource language contexts, see
Pava et al. [2025]. In their study, the authors analyzed the distinction
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between languages from the Global North, including English and many
European languages, and the Global South as well as the relevant cultural
contexts of non-English languages, which confirm the bias towards Eng-
lish across many dimensions [Pava et al., 2025, p. 10f1.].

The paper introduced at the beginning of this section with the title
“Should We Ban English NLP for a Year?” [Segaard, 2022] can be con-
sidered as a position paper. Within that publication, the author suggests
some, in his own opinion, admittedly radical proposals to initiate NLP
research for non-English datasets and use cases. Measures from govern-
ing bodies such as the Association for Computational Linguistics (ACL)
issuing a quota on English models or biased end user groups on the one
hand or by issuing higher conferences fees for submissions focused on
applications on English on the other hand are strict measures but would
“move the needle in the right direction” [Segaard, 2022, p. 5257]. While
this thesis does not agree with these radical measures to the same extent,
the conscious knowledge of the bias towards English within NLP research,
especially when conceptualizing applications for other languages, is im-
portant in so far, that expectations are adjusted accordingly.

Now that the limitations and issues due to the dominance of English in
past and current NLP research have been discussed, a closer look will be
presented in the next section of some varied factors that are also negatively
impacting text processing approaches.

6.4 Other Challenges

The three main challenges already addressed in this chapter have all been
captured in several applications and use cases by observing them directly
or supervising approaches in which they have occurred. All of them will
be showcased in Chapter 7. Before taking a more hands-on perspective
regarding the challenges present in current NLP, some more factors will
be discussed in a more concise manner, since they all were observed at
least in a limited manner in experiments and are also applicable for the
overarching theme of this thesis, i.e., the relevance of traditional models
in contrast to modern LLMs.

6.4.1 Reproducibility

The origins of the challenge described in this subsection can be traced
back to other research fields, first noticed in medicine in an essay by
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Ioannidis [2005] with the rather dramatic title “Why most published re-
search findings are false”. Nevertheless, the problems mentioned in that
paper, such as sample size, biases and comparable relationships within
the tested approaches among others were the first symptoms of the event
known as the replication crisis [Wiggins and Christopherson, 2019].°! The
impact of the initial paper, as well as follow-up studies and reflections
within, contributed to the increase of procedures such as meta-analyses
and the emergence of the research field of metascience.

Reproducibility, when focusing on NLP, has been studied in compre-
hensive and wide-ranging ways, e.g., in Belz et al. [2021]. In their SLR, the
authors classified reproducibility in multiple ways, such as experimental
settings differing between reproductions under the same conditions or
under varied conditions [Belz et al., 2021, p. 383f.]. Other distinctions are
drawn between multi-test, i.e., conducting multiple studies of the same
type, and multi-lab, wherein more than one research team is performing
the same study.

The reproducibility of entire studies has been the focus of the influen-
tial paper by Ioannidis [2005] and the replication crisis in general. While
the importance of replicable studies in this manner is obvious, a more nar-
row or small-scale perspective seems as natural — and is certainly also stud-
ied within the paradigm of the replication crisis on a more micro-level as
well —in particular for the discussion of use cases presented in this thesis.
Abstractive and generative approaches have prompted the analysis of re-
producibility for NLP tasks, e.g., due to increased difficulty in evaluating
such methods and techniques that may produce different results for each
execution. Measures in order to enable reproducibility, even for gener-
ative approaches, can be conceptualized as the adaptation of parameters
such as temperature®? for LLMs or by using multiple execution runs of
an LLM and computing the confidence interval based on these runs [Lin
et al., 2024]. The use of temperature as configurable parameter would
result in sampling strategies that produce text, which can be graded on a
scale of being coherent and reproducible on one end of the scale, to being

91 Otherwise also referred to as the reproducibility or replicability crisis. The distinction
between the terms for this thesis has already been discussed in Section 4.2, which was
first noticed for the field of psychology, and emerged therein but was not exclusively
limited to that research area. Due to the ubiquity of the term, replication crisis will be
used for the event as mentioned in this chapter, while reproducibility will be used for the
phenomenon discussed in other parts of this thesis.

The parameter temperature has been known to regulate randomness in sampling pro-
cesses for stochastic models since the 1980s, first introduced in Ackley et al. [1985], and
still in use today to measure randomness, or nowadays also a degree of creativity [Peep-
erkorn et al., 2024].
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creative, structurally more flexible and less reproducible on the other end
[Peeperkorn et al., 2024]. However, the applied sampling strategies need
to support the use of such a temperature parameter, which is not the case
for many prominent representatives of sampling strategies, see Holtzman
etal. [2020, p. 3ff.]. Also, LLMs, when used in a chat-based interface, often
do not present technical parameters to the user, which prevents the use
of similar configurations, while the use of prompt-based interaction via
APIs is usually possible in some way.”?

Traditional methods, as defined in this thesis, are in contrast trending
towards being easily reproducible, ranging from extractive summariza-
tion approaches, rule-based extraction techniques, or various classifica-
tion methods.”* The efforts towards reproducing the results of experi-
ments are a worthwhile cause, for many different reasons such as com-
prehensibility and transparency of the applied approaches. After ensuring
or at least endeavoring towards reproducible results, the interpretation of
the generated texts presents the next challenge, which is captured in the
following.

6.4.2 Explainability

The emergence of LLMs has renewed the interest in explainable artificial
intelligence, which has been a smaller part of research in fields such as
expert systems since the 1980s [Miller, 2019, p. 1]. The explosion of in-
terest in this field of study is worth a comprehensive discussion, which
cannot be achieved within the scope of this thesis, but can be glimpsed
via surveys, e.g., in Madsen et al. [2022] or Zini and Awad [2022]. In dis-
cussing explainability, this thesis will refer to the terms explainability and
interpretability as equal concepts, with a very brief definition of interpretab-
ility as “the degree to which an observer can understand the cause of a
decision” [Miller, 2019, p. 8].

In general, modern (large) language models can be categorized as black-
box models [Madsen et al., 2022, p. 1]. As mentioned earlier, the risks
of using LLMs, see Section 4.2, can include biases and unexpected beha-

93 See, e.g., https://cloud.google.com/vertex-ai/generative-ai/docs/lear
n/prompts/adjust-parameter-values/ for Google’s Gemini or https://platfo
rm.openai.com/docs/api-reference/backward-compatibility/ for OpenAl’s
ChatGPT. However, the latter link already refers to backwards compatibility measures,
i.e., modern LLMs are not shipping with such parameters as default or desired options.

9 With exceptions such as random forest algorithms, for which the randomness is an ex-
plicit feature of the procedure, and which will also be mentioned below in Section 6.4.2
regarding explainability.
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vior as well as producing toxic content [Patil and Gudivada, 2024, p. 30f.].
Safely testing, evaluating and later also actually using LLMs in critical use
cases with sensitive data still presents a challenge and is far from a solved
issue. Since the black-box nature of modern language models is a preval-
ent factor of modern NLP methods?®, the contrasting white-box character-
istics of other approaches deserve a short explanation as well.

White-box models are intrinsic methods [Madsen et al., 2022, p. 5], i.e.,
they are interpretable through their model characteristics. Representat-
ives of such models are decision trees and rule-based approaches, among
others [Du et al., 2019, p. 68f.]. In contrast, post-hoc methods attempt to
provide explanations for decisions or generations retroactively, i.e., after
the model in question has been trained and also already been applied
[Madsen et al., 2022, p. 4]. When comparing the two categories, different
characteristics become apparent. While post-hoc methods usually apply
to methods that are more generalizable through their training procedures,
they are also harder to accurately explain, whereas intrinsic methods are
by design explainable, but much more fine-grained in terms of their inten-
ded use case as well as depending on more knowledge about the desired
task [Du et al., 2019, p. 70]. Other categories such as the degree of ab-
straction, referring to local explanations, i.e., explaining a local singular
decision, in contrast to global explanations, i.e., explaining a model in total
by understanding its structure and variables, are in use in this research
field, but will not be further discussed in this thesis.?®

When focusing back on explainability within NLP techniques, a diffi-
culty in visualizing or accurately representing decisions based on the tex-
tual representations through values and vectors becomes apparent once
more. Text as a medium is often unstructured, which is why complex ar-
chitectures using embeddings spaces have been initialized in order to cap-
ture semantic relationships, among other goals, see above in Section 2.3.
Explanations regarding embeddings or single embedding dimensions,
however, are not useful since they are “opaque representations” [Zini and
Awad, 2022, p. 3], which do not have practical justifications for their result-
ing generations and also lack a means to easily visualize them, especially

% A direct link between internal structures of black-box neural network architectures and
specific features of the generated text is an ongoing research problem, e.g., described in
the survey by Zini and Awad [2022, p. 5ff.].

% See for more details, e.g., the discussion in general about machine learning approaches
in Du et al. [2019] or in particular for post-hoc methods in Madsen et al. [2022].
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in contrast to image processing.”’ As a result, the identification of units
of text that led to certain decisions or generations, depending on the use
case, is hard to comprehend and interpret.

Even some traditional models, according to the definition used in this
thesis, such as SVMs, are not easily explained. In attempting an early
classification above in Section 2.5, random forest classifiers and SVMs
were noted as two representatives of traditional models that are not dir-
ectly explainable. The former relies on the random selection of features,
which are used in order to evaluate between classes at each tree node
[Breiman, 2001]. Mechanisms to offer some manner of explainability
through summary reports, proposed by Petkovic et al. [2018], are inten-
ded to provide information on the importance of the selected features.
The interpretation of results, in case of random forest classifiers, is fur-
thermore aided by the ability to visualize the results akin to decision trees
in a sequential nature, as presented by Neto and Paulovich [2020].

The latter method, SVMs, can be characterized as a black box, in which
the hyperplanes separating different classes — when used in a typical classi-
fication scenario — are not easily explainable or visualizable. Still, even for
SVMs, research has found the ability to extract rules from within the hy-
perplane, which can be used akin to decision trees, see Nuifiez et al. [2002].
Most other traditional models, in contrast to the two discussed methods of
random forest and SVMs, are directly explainable, such as extractive sum-
marization approaches, decision trees for information extraction methods
or linear n-gram classification techniques.

A further dimension is naturally efficiency, at least since the inception
of neural networks trained on large datasets, see Section 2.3 for an over-
view of this development. Efficiency can be interpreted over time and
energy dimensions among other aspects and will be defined in the next
subsection.

6.4.3 Efficiency

The definition of efficiency depends largely on the context it is used in.
For information retrieval purposes the main criteria for efficiency is the
processing time, i.e., retrieving the desired search results as quickly as
possible for the user and their requests [Croft et al., 2010, p. 13f.]. More
generally, in commercial terminology, efficiency measures the relation-

97 See, e.g., the study in Lapuschkin et al. [2016, p. 2917] on image classification, which
detected certain shapes or the presence of copyright tags on images as important features
for certain models. A direct analogy to textual data is hardly possible.
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ship between cost and resources as input and produced goods as output,
through energy or budgetary and temporal means.?”® The research for ef-
ficiency as a parameter for different methods is a long-standing field of
study, with one of the more famous concepts being Pareto efficiency, in-
vented at the end of the 19th century by Pareto, see, e.g., Luc [2008]. This
concept describes Pareto-optimal approaches, for which no other method
can achieve a better or equal performance without also requiring higher
resource consumption [Treviso et al., 2023, p. 835f.]. While the analysis of
more complex efficiency studies is certainly worthwhile, this thesis will
focus instead on more straightforward and smaller-scale discussions on
efficiency with a direct focus on NLP tasks.

The factor time is certainly also applicable for NLP research. Time is,
however, similar to other facets of efficiency, not a clearly defined factor.
The required time in order to train a model can be a relevant dimension
in early planning stages, while the amount of time a single execution
of a model requires in an actual use case is equally as relevant. Simil-
arly, energy can be characterized in the same manner, on the one hand
the energy expended in training a model and on the other hand, the en-
ergy requirement of a single execution of a model for one user request or
the processing of one dataset. In a more expansive interpretation, hard-
ware requirements can also be seen as one aspect of efficiency. Modern
transformer-based language models and in particular current LLMs ne-
cessitate recent GPUs with significant virtual memory in order to process
user prompts and achieve acceptable generation speed.”® Therefore, one
dimension of efficiency for NLP can be seen as the ability to perform the
necessary computations, either for training, execution or both operations,
on a less capable machine.

The measurements regarding the temporal dimension seem straight-
forward, at least at first glance. Measuring the time needed to process a re-
quest, preferable within a setup that allows repeated iterations within the
same parameter settings, seems simple enough. While this setup is cer-
tainly achievable for smaller experiments, the scale of modern LLMs,!%
their proprietary nature and less than stellar documentation and trans-
parency of models by big LLM providers, decrease comprehensibility. In
terms of energy consumption, brief remarks regarding missing standards
and best practices have already been mentioned in Section 4.2. The use of

% See, e.g., https://www.merriam-webster.com/dictionary/efficiency/.

99 Usually measured as Tokens Per Second (TPS).

100 With training runs measuring in weeks and months, on large server farms using hun-
dreds or even thousands of GPUs, see above in Section 2.4.
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hardware power meters would provide accurate readings for the total en-
ergy consumption of a system. However, the required hardware serves as
an additional limitation when measuring the energy consumption of an
approach. In turn, software-based methods have been studied and shown
to strongly correlate to hardware power meters [Jay et al., 2023], therefore
simplifying the measuring process. The final dimension of efficiency dis-
cussed more closely in this thesis, the necessary hardware requirements,
is more straightforward. The ability to process a request or dataset with
limited or even consumer hardware in comparison to more capable work-
stations with dedicated GPUs serves as a simple distinction and will be
discussed more detailed in the appropriate section, e.g., in Section 7.4.3
and Section 8.1.

Further dimensions for efficiency are directly tied to the research field
of Green NLP, similar to energy consumption, and include the expended
amount of water used in training the models, or rather in cooling the
systems applied in training the models, and furthermore the carbon foot-
print of such models. Two observations regarding water consumption in-
clude the amount of water required in training GPT-3 being measured as
5.4 million liters or, projected towards the future, the demands of AT sys-
tems globally exceeding the total water requirements of entire countries
[Li etal., 2025].1%" The continued application of LLMs coincides with addi-
tional water usage, which in combination with increasing water scarcity
due to the climate crisis is troublesome. Similarly, the carbon impact
of large-scale server farms is obfuscated by the lack of transparency in re-
ports by Al providers and deserves a closer investigation in the future [Pat-
terson etal., 2021]. While the measurement of carbon emissions depends
on location, hardware setup and other factors, real-time access for carbon
intensity is one area of promising research, see, e.g., Treviso et al. [2023,
p- 830].

An even more recently conducted study by Falk et al. [2025] analyzes
the long-term impact of Al and LLM models through their hardware re-
quirements in addition to surveying training as well as inference phases.
The manufacturing stage of GPUs is one main topic of the study and re-
lated dimensions such as the expenditure of rare minerals and metals,
carbon emissions during production and more are evaluated. A particu-
lar focus is placed on the complete lifecycle of the hardware, referred to as
“cradle-to-grave”, similar to the lifecycle of a product mentioned above for
product development as BOL, MOL and EOL from Section 5.1. The study

101 By 2027, the projected water demand of global Al systems is expected to exceed the annual
water withdrawal of countries such as Denmark by several times [Li et al., 2025, p. 54].
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encompasses a multi criteria lifecycle assessment to measure the envir-
onmental impact of hardware across the whole lifespan of a product [Falk
etal., 2025, p. 4f.], which in total represents the influence of hardware on
NLP methods for LLM models.

Research question e while not being answered in this chapter, can
be introduced through the observations regarding different challenges of
modern NLP throughout this chapter. The two distinct manners of ap-
proaching traditional methods mentioned at the start of this chapter, see
the beginning of Chapter 6, have both been observed here. First, the ab-
sence of limitations when applying traditional methods was noted for hal-
lucinations in Section 6.1, since hallucinations cannot appear when ap-
plying traditional methods as defined for this thesis. These observations
will be further discussed below in respect to concrete applications in Sec-
tion 7.1. Second, challenges for text processing methods that appear in a
more limited manner can be noted for all facets listed in the remaining
challenges in Section 6.4, such as efficiency, or at least for many tradi-
tional techniques, also for reproducibility and explainability.

The theoretical background presented in this chapter is a necessary
foundation in discussing challenges in current NLP research and applic-
ations. Nevertheless, observations through experiments and evaluations
on concrete use cases will illustrate and reinforce these challenges, as will
be shown next, in Chapter 7.
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Structurally, the current chapter is aligned with the preceding Chapter 6.
All challenges presented there have been noticed and studied in various
use cases, which will be presented in the current chapter. Observations
of common problems in specific NLP applications will be discussed that
have been presented more abstractly earlier, beginning with hallucina-
tions in Section 7.1 as counterpart to Section 6.1. The other sections from
Section 6.2 to Section 6.4 correspond to the respective use cases in this
chapter from Section 7.2 to Section 7.4. Research question @) — concern-
ing the analysis of traditional models and if they are still competitive with
modern systems — will therefore be of relevance for the different use cases
presented in this chapter, in particular when the results of traditional mod-
els and modern methods are compared.'?

7.1 Hallucinations in Concrete Scenarios

The appearance of hallucinations is one common problem across generat-
ive models and is not limited to one medium such as text but can occur in
other mediums such as image or video [Bai et al., 2024]. A distinction can
be made concerning abstractive tasks, which are commonly used for text
summarization approaches that are also classified as generative methods,
in contrast to extractive summarization approaches. Terminologically, ab-
stractive techniques are nearly exclusively used for text summarization
tasks, whereas generative approaches refer to all methods that model the
data distribution and can sample from it. Abstractive summarization will
therefore be described separately in Section 7.1.2, focusing on summar-
ies generated by LLMs. Beforehand, another generative use case will be
discussed in Section 7.1.1 for text simplification.

102 Some of the use cases and experiments presented in this chapter have been realized as
part of student theses, which were supervised by the author of this thesis. If observations
from such theses are taken into consideration as part of this chapter, a note will be placed
at the beginning of the respective section or subsection. Some remarks regarding these
theses were already collected in Jegan [2024].
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7.1.1 Text Simplification

Some parts of this subsection have been inspired by a supervised
thesis, in particular the experimental results, see Fruth [2022].

Text simplification as an application scenario has already been introduced
earlier in this thesis in Section 3.5. Early text simplification approaches
applied sentence splitting operations in order to reduce complexity of a
text or used lexical substitutions by retrieving less complex synonyms for
their more complex counterparts from the original text. The former pro-
cedure cannot result in hallucinations as no entirely new text is created,
while the lexical substitution procedure can merely produce vagueness
and ambiguity through the replacements. In a stricter sense, neither can
produce hallucinations. The introduction of generative neural network
models, which can produce text that can differ substantially from the in-
put, resulted in an increased likelihood of hallucinations within the text
simplification domain.

o Y
Tezth Sim- The NLP task of text simplification is studied as an unsupervised rein-
plification forcement learning approach, see Fruth [2022]. This scenario encom-
passes the simplification of paragraph-level German text for two datasets,
comprised of news and Wikipedia texts. Two models are trained based on
a reinforcement learning technique, with a hybrid pivot model serving as
a baseline. Evaluation was conducted quantitatively using SARI and FRE
among others and qualitatively using various simplification parameters.
. )
Unsuper- ~ One application of text simplification for a concrete task will be presen-
vised Ger-

man Sim-
plification

ted here, namely an unsupervised text simplification approach inten-
ded for paragraph-level texts in German [Fruth, 2022], which was also
briefly discussed in Jegan [2024]. The pipeline was modeled after Laban
etal. [2021], a system based on reinforcement learning techniques and de-
signed for English. Their approach focused on multi-paragraph texts and
aimed at optimizing the parameters fluency, salience, i.e., keeping the
content of the original text, and simplicity [Laban et al., 2021]. However,
adaptations for German were necessary, in particular the selection of a
German pre-trained language model instead of the base model used in the
original approach, both based on the GPT-2 architecture. Furthermore,
the original method was constructed with English grammar and syntax
in mind, requiring adjustments to the optimization procedure, e.g., by
adding a measure to prevent article repetitions, adding a fourth optimiz-
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ation procedure for meaning preservation and addressing hallucinations
by a detection mechanism. The latter mechanism will be described in de-
tail in the following, since it relates to this section. Other customizations
in adapting the English approach to German will be presented in more
detail in Section 7.3.2 with a stronger focus on language transfer.

The detection of hallucinations is present in the original simplification
approach as a score called inaccuracy guardrail. It employs NER to de-
tect named entities that were added to the output during the simplifica-
tion procedure and that were not present in the input [Laban et al., 2021,
p. 6369]. While scoring was a simple procedure, meaning it was binary —
either hallucinated named entities were present or not — the adaptation to
German was developed further to go one step beyond the simple match-
ing process introduced by Laban et al. [2021]. The newly introduced ap-
proach included the matching process of the named entities in the simpli-
fied text not by basic string matching, but by calculating the BERT Score
between the locations, persons and organizations from the simplified text
and the input text [Fruth, 2022, p. 28f.]. Thus, similarity scores are cal-
culated and only if the similarity values between the named entities and
tokens from the input fall below a set threshold, a hallucination is detec-
ted. This more advanced measure not only encompasses lexical substitu-
tions, which would not be recognized through the original mechanism for
the English simplification approach but also encloses particularities of the
German language such as wording variations due to various grammatical
cases.

Still, limitations with this approach persist due to the available NER
models that were applied for German and their exclusion of dates and nu-
meric values, in contrast to the English models used in Laban et al. [2021].
Thus, hallucinations for temporal information and numerical values
could not be detected, which, as the qualitative evaluation in this use
case showed, were occurring in the simplified texts [Fruth, 2022, p. 55f.].
Furthermore, intrinsic hallucinations with purely syntactical changes or
hallucinated words not belonging to named entities, such as added noun
phrases, could not be detected through the mechanism and are still a prob-
lem for this approach.

Nevertheless, two types of strategies have now been presented to com-
bat hallucinations, both by employing similarity calculations on named
entities, either through simple string matching or by measuring the
BERTScore. Briefly, the pipeline of this approach will be described to
display how the hallucination prevention was already a focus in the ar-
chitecture of the model. The simplification model is realized as a rein-
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forcement learning task, in which SCST processes are applied to optim-
ize pre-defined rewards [Rennie et al., 2017]. Laban et al. [2021, p. 6370]
further developed SCST to include the generation of several candidates to
improve the average reward, thus called k-SCST. The hallucination detec-
tion mechanism, in addition to other rewards such as simplicity, fluency
and meaning preservation as well as further guardrails such as size con-
straints were used to optimize the texts produced by the generator. Since
the optimization is tethered to the already mentioned diverse scores, a bal-
ance across all rewards needs to be targeted. A singular focus on simply
eliminating hallucinations and thereby penalizing other scores is there-
fore not feasible, which is why hallucinations are still generated by the
final model.

The simplification application used (larger) language models, that were,
however, conceptualized before the rise of chat-based LLMs. Thus, a
closer look at hallucinations within LLMs is necessary and will be given
next.

7.1.2 Hallucinations in LLMs

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Dal Cin [2025]
and Mdglich [2025].

Hallucinations are one of the most prominent problems in research
on chat-based LLMs due to the open-ended text generation architecture,
in which LLM-based methods are used to handle NLP tasks [Huang
etal., 2025, p. 2]. Different categories of hallucinations within LLMs have
already been briefly mentioned earlier in Section 6.1, but the distinction
between hallucinations in terms of factuality and faithfulness, especially
for prompt-based LLMs, will be noted here once again due to the relevance
for the observations in this section. The former category, i.e., factuality,
referring to intrinsic or extrinsic hallucinations, will be discussed first.
Factuality hallucinations comprise factual inconsistencies, i.e., a notice-
able difference between the information provided in the generated text
and real-world facts [Huang et al., 2025, p. 2f.]. The origin of hallucina-
tions is still part of an ongoing debate and continued research aiming at
preventing hallucinations from appearing. One explanation is due to gaps
in knowledge within the model’s training data and lacking context, which
in turn leads the model to fill those gaps with hallucinated facts [Hadi
et al., 2023, p. 28]. Other related issues in the training data of LLMs con-
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cern biases and misinformation that can surface in the generated texts
[Huang et al., 2025, p. 19ff.]. Further exacerbating this problem is the
inability of training algorithms to guarantee that the generated texts are
required to be accurate and do not contain hallucinations [Jurafsky and
Martin, 2024, p. 219]. Such guardrails or prevention mechanisms, which
fully prohibit hallucinations from appearing, simply do not exist (yet).

The occurrence of hallucinations in LLMs is even more problematic
due to the high confidence they are generated with. The relevant con-
cepts in this area are confidence, probability regarding predictions and
calibration for uncertainty [Guo et al., 2021]. Even when prompted for
confidence scores, studies have shown that language models are overly
confident, even in cases when the generated responses are not deserving
of such scores due to apparent knowledge gaps [Zhou et al., 2024a]. Cal-
ibrated systems, in contrast, entail more trustworthy characteristics. On
the one hand, calibrated systems achieve a high correlation between the
confidence scores and factual responses produced by the system and on
the other hand present lower confidence scores, if the generations are not
based on some criteria or the generation is situated within some know-
ledge gap [Jurafsky and Martin, 2024, p. 290]. Due to the open-ended
nature of prompt-based LLMs, calibration is naturally difficult and in non-
specialized use cases not desired, especially due to the required flexibility
of such systems as a key feature.

Beyond detecting hallucinations, evaluating systems in this regard is
another complex issue, see the discussion for text simplification in Sec-
tion 7.1.1, and the often unclear data basis on which the LLM is trained
on. Besides publicly available datasets such as Common Crawl, details
regarding the data, its origin and other information regarding prepro-
cessing are not readily available [Jaech et al., 2024, p. 1f].19 While the
evaluation for previously presented NLP tasks, such as text simplification
in Section 7.1.1, are conceivable through comparison between reference
texts and the generated output, benchmarks regarding general prompt-
based LLMs are more complex. Evaluation metrics to measure hallucina-
tions are grouped by Huang et al. [2025, p. 17ff.] into two classes: Hallu-
cination evaluation benchmarks and hallucination detection benchmarks.
The former applies question answering tasks and analyzes the responses
based on accuracy, human judgments or other language models. The

103 Other issues in this context include copyright, see, e.g., https://www.nytimes.com/
2023/12/27/business/media/new-york-times-open-ai-microsoft-lawsuit.
html/, and personal data used in the training datasets, which shall only be noted here
as an ongoing struggle in LLM research and use, see also Yao et al. [2024].

115

Calibrated
Systems

LLM Bench-
marks


https://www.nytimes.com/2023/12/27/business/media/new-york-times-open-ai-microsoft-lawsuit.html/
https://www.nytimes.com/2023/12/27/business/media/new-york-times-open-ai-microsoft-lawsuit.html/
https://www.nytimes.com/2023/12/27/business/media/new-york-times-open-ai-microsoft-lawsuit.html/

Filtering
Mechanisms

Other Pre-
vention
Procedures

Analogy to
Web Search

7 Selected Use Cases

latter applies task-specific evaluation scenarios, more similar to the one
presented above for text simplification, for approaches in text summariza-
tion or open-domain question answering [Huang et al., 2025, p. 19]. Both
types of benchmarks are susceptible to LLMs benefiting from adding the
test data to their training data, which is known as benchmark data contam-
ination, and which has been observed in several studies [Deng et al., 2024;
Xu et al., 2024a]. The benchmark limitation is certainly not unique to hal-
lucination benchmarking, but unfortunately a common problem for LLM
benchmark suites across different use cases.!®* The problem of evaluat-
ing LLMs, especially in terms of hallucination detection, is still part of
active research and discourse [Chakraborty et al., 2025].

Despite the yet unsolved problems of preventing hallucinations, mitiga-
tion strategies have emerged, either inspired by RAG-based approaches or
by using knowledge recall, i.e., by providing more context-specific inform-
ation such as keys or related sentences [Zheng et al., 2024, p. 5f.]. Further
prevention procedures aim at earlier parts of the LLM lifecycle. One of
these measures involves data filtering techniques intended to prevent bi-
ases and false information from being introduced into the training data.
These measures attempt to prevent hallucinations from being produced
by providing a high data quality of the training data instead of processing
the generated text in some way after the fact [Huang et al., 2025, p. 20].

RAG-based approaches are located at the other end of the pipeline.
They incorporate additional information, in the form of contextual clues,
into the user’s prompt. The additional context specifies the request and
thereby helps to prevent hallucinations from appearing [Wang et al., 2024].
In-between filtering and RAG-based techniques are procedures based on
model editing that apply updates to parameters and activations for many
layers of the neural network model. However, model editing has been
shown to decrease overall performance of the model and is costly in
terms of large-scale edits [Huang et al., 2025, p. 21f.]. Other mitigation
strategies exist, targeting either the pre-training or inference stages of an
LLM, which are presented in Huang et al. [2025, p. 22ff], but will not be
described here in detail.

After surveying the problem of hallucinations in the context of LLMs
in a more theoretical manner, observations regarding a few use cases will
be collected in the following. As a start, one observation regarding the
use of LLMs can be found for web search systems pre- and post-arrival of
prompt-based LLMs. When searching the web in a non-Al-assisted way,

104 As early as 2023 in a position paper [Sainz et al., 2023], data contamination was noticed
for LLMs in testing models across simple string matching operations.
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a possible outcome may be that users are not capable to find what they are
looking for with a specific query. This occurrence requires them to adapt
the query or even abort the search while having some sense of certainty
that the required search did not retrieve a satisfactory result. Studies have
confirmed this observation regarding misinformation in a medical con-
text during the COVID-19 pandemic, demonstrating the ability of users to
discern the credibility of information when conducting the web searches
themselves [Williams-Ceci et al., 2024].

While the cited study is small in scope, the addition of LLM-assisted
search has been shown to dilute the search results when compared to
users conducting the web searches themselves [Nahar et al., 2025]. The
high confidence with which LLMs present their generated answers, as de-
scribed earlier in this section, contributes to this problem. Studies in this
research field have been small in scope thus far. However, the impact of
LLMs in web search has been felt widely in studies [Spatharioti et al., 2023]
as well as recently through a number of direct Al-assisted search models
as early as 2023, such as Bing generative search!®. Other similar search
models include ChatGPT search!% and in a multitude of ways Google Al
and their Gemini model'?’, which is in use for the Al overviews used by
Google in their Search Engine Result Page (SERP) since 2024, see also the
discussion later in this thesis in Section 10.1.

After presenting observations from benchmarks, prevention mechan-
isms and web searches — all from the perspectives of hallucinations — two
use cases will be presented, first on text summarization and second on
question answering, once again focused on hallucinations. For both use
cases, factuality, as already discussed, and the second category mentioned
at the beginning of this section, faithfulness, are of concern. The latter,
i.e., faithfulness, refers to problems due to the prompt-based nature of
LLMs, see Section 6.1. In particular, instructions given in the prompt
that were not adhered to or problems when processing the context given
by the user are typical occurrences within this type of error. Both hallu-
cination categories were noticed in the following use case, which will be
described next.

105 See https://blogs.bing.com/search/July-2024/generativesearch/.
106 See https://openai.com/index/introducing-chatgpt-search/.
107 See https://blog.google/products/search/google-search-ai-mode-update/.
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o \
Multilliﬂr}llglslfl. The NLP task of multilingual text summarization is approached through
mT:r’itziggsl five distinct application scenarios, see Dal Cin [2025]. These scenarios
encompass the common news summarization task as well as the gen-
eration of scientific abstracts, web snippets, school materials and email
threads. Three models were applied to generate summaries, one tradi-
tional model using extractive summarization and two abstractive models,
one of them representing a modern chat-based LLM. Evaluation was con-
ducted quantitatively using ROUGE and qualitatively using various sum-
marization parameters.
. J
Multlingual ~ When focusing again on NLP applications, hallucinations have been
Summariza-

tion Scenario

Qualitative
Evaluation

observed in abstractive approaches within the research field of text sum-
marization [Jietal., 2023, p. 15ff.]. The use case of text summarization has
been widely studied in NLP and is one of the premier uses of LLMs, espe-
cially now as the state of the art is dominated by LLMs [Zhang et al., 2024a].
In order to analyze the impact regarding size of language models, three
models were applied in Dal Cin [2025]: One purely extractive model, here
LexRank [Erkan and Radev, 2004], was contrasted with a large pre-trained
language model based on the T5 architecture, here mLongT5 [Uthus
et al., 2023], and a locally executed LLM with available weights, here Mis-
tral NeMo'%®. Evaluation was carried out quantitatively regarding ROUGE
(see Section 3.6), length and compression metrics, the degree of extractiv-
ity!® and a measure to detect truncated summaries, which can appear
due to the limited output window size for the abstractive models.
Qualitative evaluation was also conducted, for which different criteria
were evaluated: Grammar, lexical use, structure, coherence, style and
use.!'® The most relevant feature for this discussion is the criterion of
factual correctness [Dal Cin, 2025, p. 28ff.]. Since LexRank as represent-
ative of an extractive summarization approach does not rewrite the text,
the criterion for factual correctness always achieves full marks since no
deduction could logically appear [Dal Cin, 2025, p. 29]. However, even
LexRank and its extractive approach could produce faulty summaries re-
garding structure and coherence, due to sentence ordering that did not
match the original text or that appeared to be illogical and thus led to texts
that were incoherent and structurally unsound [Dal Cin, 2025, p. 38f. and
p. 48f. and p. 52f. and p. 55 and p. 57f.]. Thus, hallucinations in a strict

108 See https://mistral.ai/news/mistral-nemo/.
199 Defined as density in Grusky et al. [2018, p. 712).
110 See Section 7.2.2 for a review of these criteria.

118


https://mistral.ai/news/mistral-nemo/

7.1 Hallucinations in Concrete Scenarios

sense did not appear, but due to structural problems and sentences in-
cluding facts that were not introduced beforehand, it could appear to the
reader that faults akin to hallucinations were still produced by the extract-
ive approach.

Both other approaches, mLongT5 as the applied pre-trained model and
NeMo as the LLM, produced hallucinations, although in varying degrees.
The first model, mLongT5, produces factual mistakes, i.e., hallucinations,
in every generated summary including wrong numbers [Dal Cin, 2025,
p. 40], fabricated definitions [Dal Cin, 2025, p. 53 and p. 55f.] or unfit-
ting relationship statements between people [Dal Cin, 2025, p. 58]. The
second model, NeMo, while mostly producing significantly better sum-
maries than the other approaches, tends to fabricate additional inform-
ation in some cases that is not consistent with the content in the ori-
ginal text in two application scenarios [Dal Cin, 2025, p. 44 and p. 50]. In
other scenarios, NeMo, produces satisfactory summaries, from a factual-
ity point of view [Dal Cin, 2025, p. 54 and p. 56f.], but also performs worse
in the summarization of email threads [Dal Cin, 2025, p. 60]. Lastly, re-
garding faithfulness, NeMo does not always follow the instructions given
in the prompt regarding the desired output dimensions [Dal Cin, 2025,
p. 62£).

The NLP task of question answering was approached in a custom scen-
ario regarding the question-oriented access to study regulations, see Mog-
lich [2025]. After determining typical questions from students regarding
their regulations, such as exams, deadlines and modules, three models
were applied to identify the relevant paragraphs from the study regula-
tions, i.e., TF-IDF as traditional method, a BERT-based approach and a
modern chat-based LLM. Evaluation was conducted quantitatively using
a custom evaluation metric based on a survey and qualitatively through
analyzing typical failure cases as well as the impact of preprocessing and
additional features.

J

In another study, one unobtrusive method of potentially preventing hal-
lucinations from appearing was tested, i.e., the use of an additional in-
struction within the prompt, as applied in Moglich [2025]. The relevant
instruction in this case aims to prevent the LLM from generating new text
and to only reuse or identify text that was supplied by the user within the
input text. Therefore, this method is intended to prevent faithfulness is-
sues and would appear similar to extractive scenarios within information
extraction or summarization applications. This strategy of purely select-
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ing preexisting text is limited to question answering or extraction scen-
arios, which do not require an abstractive text generation aspect. In the
question answering task from Méglich [2025, p. 61], the generation of ad-
ditional text that was not present in the supplied study regulations was
not noticeable and therefore this strategy proved successful in preventing
hallucinations.

In the end, hallucinations in terms of fabricated content in LLM-
produced generations are appearing in diverse use cases and are — at least
at the time of writing this thesis —a yet to be solved problem, as continued
research!!! and the shared task at SemEval2025!!2 demonstrates. Exacer-
bating the problem of hallucinations and impacting many other facets of
the evaluation and assessment of NLP methods in general are issues with
metrics themselves, and their application on tasks in particular, which
will be detailed in the next section.

7.2 Lacking Metrics

As detailed in Section 6.2, the reliance on quantitative evaluation and
therefore on appropriate metrics for assessing the quality of NLP ap-
proaches is common practice in the research field. The dependency on
reference-based metrics is just one example of the limitations of a widely
used evaluation practice. Observations from selected use cases will be
presented in the following on NLG approaches in Section 7.2.2. But first,
the use case of keyphrase prediction will be showcased, since both aspects
of extractive approaches as well as generative methods were applied there,
which will detail the challenge of lacking metrics for both traditional and
modern methods.

11 See new research, as of May 2025, such as Ravichander et al. [2025] or Shelmanov
et al. [2025].

112 See Mu-SHROOM, the Multilingual Shared Task on Hallucinations and Related Observable
Overgeneration Mistakes in Vazquez et al. [2025].
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7.2 Lacking Metrics

7.2.1 Keyphrase Prediction

Some parts of this subsection have been inspired by a supervised

thesis, in particular the experimental results, see Lang [2025].

The NLP tasks keyword and keyphrase generation are approached
through one application scenario, i.e., the generation of marginalia, see
Lang [2025]. This scenario presents a dataset of textbooks on computer sci-
ence and studies the different types of available marginalia. Twelve mod-
els were applied to generate or extract the keyphrases, seven traditional
models with extractive techniques, and five more modern approaches,
one being a chat-based LLM. Evaluation was conducted quantitatively us-
ing the f1-score, the Mean Reciprocal Rank (MRR) as well as the Mover-
Score and qualitatively through an online survey.

J

The use case presented in this subsection revolves around the generation
of marginalia, meaning the brief keywords and keyphrases in the mar-
gins of books, usually non-fiction books or in this use case textbooks!!?,
that capture the content of the accompanying paragraph as a brief sum-
mary or reference when skimming the book. A distinction regarding
the type of marginalia can be made regarding absent and present mar-
ginalia. The former type refers to marginalia that do not appear in that
exact form in the paragraph itself, while the latter do appear verbatim in
the text. Whereas marginalia have been studied regarding the notes of
readers themselves annotating books, see, e.g., Jackson [2001], the use of
marginalia as a form of glossary provided by the author of a book, either
in a quantitative or qualitative manner, has not been studied broadly yet.
Likewise, the automatic prediction of marginalia has not been re-
searched yet, as of 2024. Furthermore, the contrast between abstractive
and extractive systems was another focal point of this use case. There-
fore, a study was conducted to analyze the feasibility of approaching mar-
ginalia prediction using available NLP techniques such as text summariz-
ation, keyword extraction, keyphrase generation or even topic modeling,
which was also published in Lang et al. [2025]. Due to the lack of appro-
priate datasets on marginalia, data from textbooks!!* concerning inform-
ation technology were collected in order to assess the fit of these methods

113 Or the keyphrases used in the margins of this thesis.
114 To guarantee consistent processing, only textbooks in German and published by the Ger-
man publisher dpunkt.verlag, a subsidiary of O’Reilly, were selected.
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[Lang, 2025, p. 9ff.]. During analysis of the dataset, quantitative observa-
tions regarding the marginalia revealed that uniformity across the mar-
ginalia is not a given. The distinction between absent and present mar-
ginalia has already been defined, but many other categories have been
noticed, each regarding the respective paragraph, such as marginalia as
summaries, as additional information, as questions towards the reader
among others [Lang, 2025, p. 11ff.].

A decision regarding the desired type of marginalia had to be made
since a more narrow and clear problem definition was preferable to fur-
ther define the processing pipeline. Thus, full sentences were filtered out
of the dataset, which is why summarization as an NLP task was eliminated
from the list of possible techniques. Likewise, the dimensions of typical
paragraphs were deemed too small to appear feasible for topic modeling
approaches. Furthermore, since phrases were a possible output dimen-
sion of marginalia apart from single words, keyphrases, which can pro-
duce words as well as phrases, were the output category of choice rather
than keywords. Finally, since both absent and present keyphrases have
been considered as valid, extractive and also generative approaches were
chosen.

As baselines, statistical methods were selected for this purpose, includ-
ing TF-IDF [Jones, 1972; Luhn, 1957], which despite its simplicity was
shown to successfully process keyword extraction tasks [Yao et al., 2019a],
and others such as YAKE! [Campos et al., 2018] and PositionRank [Flor-
escu and Caragea, 2017], all being extractive approaches and consequently
only capable of producing present marginalia. Other extractive meth-
ods, such as TextRank, that are commonly applied for summarization
purposes, can also be executed on a word-level in contrast to the usual
sentence-level for summaries [Mihalcea and Tarau, 2004], which is why
TextRank was added as method, see, e.g., Yao et al. [2019a] for a similar
application regarding keyword extraction. To also enable the generation
of absent keyphrases, abstractive or generative approaches were also se-
lected, including SIFRank+ [Sun et al., 2020], an unsupervised keyphrase
extraction method based on a pre-trained language model, here ELMo!",
as well as mT5 [Xue et al., 2021] and lastly GPT-40 [Hurst et al., 2024] as
representative of LLMs.

The predicted marginalia were assessed using a quantitative as well
as qualitative evaluation. The f1-score, MRR [Craswell, 2009] and Mover-
Score [Zhao et al., 2019] were evaluated for twelve different models, show-

115 ELMo, similar to BERT, represents a context-sensitive word embedding architecture
[Peters et al., 2018].
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ing GPT-40 and mTS5 as the leading models in all metrics by a considerable
margin compared to all other models [Lang et al., 2025, p. 232]. The qual-
itative evaluation confirms these findings. Therein, users were presen-
ted two marginalia candidates and the accompanying paragraph and were
asked to choose the more fitting marginalia, or if both are fitting equally
as well [Lang et al., 2025, p. 233£.]. Only five models were assessed in this
mannet, due to time constraints for this evaluation. GPT-40 was the best-
performing model when comparing the five models against each other,
with mT5 once again also placing in the top two models overall, and the
other models trailing behind substantially. In order to visualize the per-
formance, the Elo rating [Elo, 2008], often used in rating chess players or
in multiplayer video games, was used, which displayed the performance
of the five studied models, see Figure 7.1. Choosing a different order of
questions would lead to slightly different graphs, but the overall trend
would stay the same, which confirms the quantitative results.

— GPT-40
SIFRank+
mT5
PositionRank
YAKE!

1100

1050

1000

Elo rating

950

900

0 50 100 150 200 250 300 350
Question

Figure 7.1: Qualitative evaluation results applying the Elo rating based on a user
study for comparing the marginalia candidates produced by five differ-
ent keyphrase generation systems. See Lang et al. [2025, p. 234].

The quantitative evaluation of keyphrase generation is widely dom-
inated by the usage of the fl-score, followed by other metrics such as
MRR [Papagiannopoulou and Tsoumakas, 2020, p. 19ff.]. However, as
with other evaluation practices using references, exact matches have to
be distinguished from partial or approximate matches, with the applica-
tion of exact matches most commonly used [Papagiannopoulou and Tsou-
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makas, 2020, p. 20f.]. Both versions confirm the findings from above,
i.e., exact and approximate f1-scores were applied in Lang [2025]. Ap-
proximate matching is implemented using stemming and matching is ap-
plied on substrings in both directions, meaning the reference is searched
as a substring in the extracted keyphrase and vice versa [Zesch and
Gurevych, 2009].

Another difficulty is connected to the number of generated marginalia
candidates and how they should be evaluated. Many approaches presen-
ted in Lang [2025] are able to produce different marginalia candidates,
while others, such as mT5 and GPT-4o, the latter being explicitly promp-
ted in that way, only produce one marginalia. Therefore, only f1@1, i.e.,
scoring only the marginalia candidate that was ranked highest for the
models generating multiple candidates, was evaluated to ensure a consist-
ent evaluation across all methods. However, approaches producing sev-
eral marginalia candidates cannot be evaluated fairly in this manner, if the
reference marginalia match the marginalia candidate not at rank one, but
at rank two, three, or further down the ranked list of marginalia candid-
ates [Lang, 2025, p. 38]. To combat this restriction, the MRR is applied for
all methods once again, thereby including multiple candidates for those
approaches that produced a list of marginalia candidates. TF-IDF and
SIFRank+ achieve higher scores through this measure compared to the
f1-score, but still trail behind both transformer-based methods, mT5 and
GPT-40 [Lang et al., 2025, p. 232].

More problems regarding the f1-score concern the distinction between
micro-f1 and macro-f1, or rather the reasoning behind both metrics and
the fact that in many papers only one of them is presented [Thomas and
Vajjala, 2024]. With only one reference marginalia present, the macro-f1-
scores are calculated for each individual instance, which are then averaged
to a single macro-f1-score [Lang et al., 2025, p. 231]. Conversely, other
publications apply the micro-f1-score, which is calculated using sums of
true positives, false positives and false negatives across all predictions,
and only afterwards calculate the total micro-f1-score [Lang, 2025, p. 37].
Thomas and Vajjala [2024], at least for keyphrase evaluation, recommend
the macro-f1-score, or preferably both, while also stating that not all pub-
lications are transparent in this regard, i.e., do not mention which f1-
variant is applied [Thomas and Vajjala, 2024, p. 9725].

While the problem of only using exact string matching is tackled us-
ing approximate matching and the production of several candidates are
assessed by using MRR, only lexical similarity can be evaluated in this
manner. Grammatical and syntactic correctness or even semantic sim-
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ilarity, by use of synonyms, homonyms or similar terms cannot be cap-
tured, which is why MoverScore [Zhao et al., 2019] is further used to eval-
uate the generated marginalia [Lang, 2025, p. 36f.]. Contextualized BERT-
based embeddings are used to evaluate semantic similarity between mar-
ginalia and their corresponding paragraphs. During experiments, longer
candidate marginalia scored higher in contrast to shorter marginalia can-
didates, leading to the assumption that MoverScore, which is often used
for the evaluation of longer texts in text summarization approaches [Zhao
et al., 2019], might not be applicable for highly specialized and rather
niche use cases such as marginalia generation that are intended to pro-
duce shorter units of text [Lang, 2025, p. 42f.]. This interpretation rep-
resents one conclusion that could only have been drawn due to careful
observation of the produced metrics in combination with a manual qual-
itative study of the results and therefore showcases the potential limitation
of a metric that is successfully used in similar, but still somewhat distinct
applications.

To further illustrate the performance of the studied marginalia gener-
ation techniques, the marginalia in this subsection for all previous para-
graphs, numbered P1 to P9, starting directly below the thesis synopsis in
Section 7.2.1 have actually been produced by the GPT-40 version used
in Lang et al. [2025] that produced the best results in their evaluation.
The marginalia printed here are exactly as generated by GPT-40, with the
only adaptation being done by capitalizing the phrase in the same man-
ner as was done for all other marginalia. To contrast the generated mar-
ginalia with the results from other systems,1® the results are presented in
Tables 7.1 to 7.3 and also in Table 7.4 for the marginalia that were manu-
ally created by the author of this thesis, as a point of comparison.

The results of this marginalia application, despite its limited size and
scope, confirm the findings from Lang et al. [2025]. GPT-40 produces
marginalia that are fitting for each paragraph from this subsection. They
are furthermore similar in length and syntax to the manually produced
marginalia, see in both Tables 7.1 and 7.4. In contrast, the marginalia
produced by SIFRank+ are also displayed in Table 7.1, which are shorter,
more general and do not fit the content of the paragraph, e.g., “subsec-
tion” as chosen marginalia for paragraph P1 is not thematically appropri-
ate. Also, “marginalia” is generated twice, although the doubling of these
marginalia should not be seen as a problem in and of itself, since no pre-
vention of repeated marginalia is considered in the implementation. How-

116 SFRank+, mT5, TF-IDF, YAKE! and PositionRank were applied besides GPT-40 here.
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P GPT-40 SIFRank+

P1 Marginalia generation in textbooks subsection

P2 Marginalia prediction study automatic prediction
P3 Keyphrases selection in NLP tasks marginalia

P4 NLP methods for keyphrase extraction statistical methods
P5  Model evaluation and performance comparison marginalia

P6 Keyphrase evaluation metrics quantitative evaluation
P7 Marginalia evaluation methods marginalia candidates
P8 Micro vs. Macro Fl-score f1-score

P9 Limitations of MoverScore for marginalia exact string matching

Table 7.1: Marginalia for the paragraphs of this subsection. The marginalia are lis-
ted for each paragraph (P) and per model, here GPT-40 and SIFRank+.

ever, thematically, “marginalia” alone is too broad for both paragraphs P3
and P5. The other marginalia produced by SIFRank+, while not as con-
crete as the marginalia from GPT-40 or the manually created suggestions
from Table 7.4, would certainly be appropriate.

P mT5 TF-IDF
P1 Use-case books

P2 Predicting Marginia information
P3  Through the distinct appearance of marginalia ~ approaches
P4 baselines methods
P5 Predicted marginalia models
P6 Evaluation of keyphrase generation matches
P7 Another difficulty candidates
P8 Fl-score f1-score
P9 MoverScore similarity

Table 7.2: Marginalia for the paragraphs of this subsection. The marginalia are
listed for each paragraph (P) and per model, here mT5 and TF-IDF.

The mT5-system, adapted from Lang [2025] to process English texts in-
stead of the German textbooks in that application scenario, produces unre-
liable results, see Table 7.2. While the generated keyphrases for the three
paragraphs P6, P8, and P9 are all fitting, the others exhibit problems. The
marginalia “Predicting Marginia” for P2 includes a typographical error,
which surprisingly is spelled correctly for P5 with changed capitalization
as “Predicted marginalia”, suggesting the interpretation of marginalia as
a name in the former case. Moreover, the results for P1, P4, and P7 are
too broad. Lastly, the marginalia “Through the distinct appearance of mar-
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ginalia” for P3 cannot be easily explained, since a full part of a sentence
was chosen here. The second model presented in Table 7.2, TF-IDF, pro-
duces the overall shortest marginalia, except for “f1-score” only consisting
of one word each.!”” While all marginalia are appropriate and fitting for
each paragraph, the limitation to roughly one word restricts the amount
of information that can be included in these marginalia candidates. The
extractive nature of this approach, however, prevents typographical errors
or hallucinations from appearing.

P YAKE! PositionRank

P1 keyphrases in the margins marginalia

P2  approaching marginalia prediction  approaching marginalia prediction
P3 define the processing pipeline marginalia

P4 capture keyword extraction tasks statistical methods

P5 qualitative evaluation qualitative evaluation

P6 matches being most commonly keyphrase generation

P7 number of generated marginalia generated marginalia candidates
P8 metrics and the fact macro-f1

P9 evaluated in this manner exact string matching

Table 7.3: Marginalia for the paragraphs of this subsection. The marginalia are
listed for each paragraph (P) and per model, here YAKE! and Position-
Rank.

The final two models, YAKE! and PositionRank, see Table 7.3, present
two more traditional models that were both trailing behind GPT-40 and
mT5 in the evaluation from Lang et al. [2025, p. 232ff.]. YAKE! produces
marginalia that are mostly thematically relevant, however incorporates un-
necessary parts of the respective paragraphs, e.g., the verbs in the can-
didates “define the processing pipeline” or “capture keyword extraction
tasks” in P3 and P4. The results extracted by PositionRank are compar-
able to the marginalia produced by SIFRank+ from Table 7.1, with the
same results for P3, P4, and P9 or similar candidates in P7 and P8. The
appearance of “marginalia” twice, similar to SIFRank+ from above, while
being a broad marginalia candidate, should not be discounted since, once
again, no measures against repeated results are included in this experi-
ment. Overall, the results for all paragraphs are thematically fitting, but
either too broad for P1, P3, P5, P6 and P7 or too specific to be represent-
ative of the respective paragraph for P4, P8 and P9, leaving P2 as the sole
fitting marginalia candidate. Both YAKE! and PositionRank however still

117 The assessment of “f1-score” as two words is debatable.
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trail behind the leading candidates from GPT-40 from Table 7.1 or the
manually created candidates from Table 7.4.

P Manually Created

P1 Marginalia Types

P2 Automatic Prediction of Marginalia

P3  Marginalia by Keyphrase Extraction & Generation
P4 Methods for Keyphrase Prediction

P5 Marginalia Prediction Performance

P6 Lacking Metrics for this Use-Case

P7 Marginalia Candidates

P8 Micro-F1 vs. Macro-F1

P9 More Advanced Metrics

Table 7.4: Manually created marginalia for the paragraphs of this subsection. The
marginalia are listed for each paragraph (P) with a marginalia candidate,
as the author of this thesis proposes for the paragraph.

Overall, the manually proposed marginalia candidates are strikingly
similar to the generated marginalia candidates from GPT-40. The can-
didates that were suggested by the author of this thesis in Table 7.4 were
written before the models from Tables 7.1 to 7.3 were executed on this
small dataset. Thus, none of the models or model outputs influenced the
manual creation of the marginalia. Even this small and constrained ex-
periment confirms the findings from Lang et al. [2025], noting the strong
performance of GPT-4o for this use case. The traditional models are in
contrast either unreliable, see both PositionRank and YAKE! in Table 7.3,
or produce candidates that are thematically fitting, yet broad and generic,
in case of TF-IDF in Table 7.2.

As with other application scenarios, one single evaluation metric does
not suffice in accurately assessing the performance of a model tasked with
producing marginalia. Keyphrase generation is usually evaluated by us-
ing f1-score or MRR, but these metrics lack the ability to consider partial
or approximate matches at least in a typical evaluation scenario [Papagi-
annopoulou and Tsoumakas, 2020, p. 19ff.]. In the end, other evaluation
procedures are required to address the shortcomings of purely quantit-
ative evaluations. For this study, advanced metrics like MoverScore are
applied in addition to other evaluation paradigms provided by the Elo rat-
ing to compare different models as part of a qualitative user study. Also,
an assessment of errors and a qualitative comparison between results pro-
duced by different models are further recommended.
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After detailing the use case of marginalia generation regarding the dif-
ficulty in accurately evaluating the produced marginalia candidates, a dis-
cussion regarding NLG tasks will be presented next in Section 7.2.2.

7.2.2 Text Generation

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Dal Cin [2025],
Fruth [2022], Gottwald [2023] and Matschat [2022].

~

Thesis:
The NLP task of natural language generation is approached through the Natural
attempted generation of misinformation, see Matschat [2022]. This scen- éaerr‘lg;zﬁzn

ario encompasses the targeted generation of articles, similar to texts from
Wikipedia, that however include intentional misinformation. Five mod-
els were applied to generate the texts, two traditional models and three
more modern approaches. Evaluation was conducted quantitatively us-
ing BLEU, METEOR, ROUGE as well as BERTScore and qualitatively
through analysis of the authenticity and stability of the generated texts.

7

NLG as a research field was, as has been the case with many NLP tasks, application
greatly impacted by the rise of LLMs. NLG is itself also part of various ;Cfgam for
other pipelines such as dialogue systems, machine translation or text sum-
marization [Li et al., 2024, p. 6ff.]. The first NLG scenario presented here
comprised the targeted generation of misinformation, in order to exam-
ine to what extent NLG approaches were able, at the time, to produce fake
news akin to Wikipedia articles, i.e., including intentional pieces of mis-
information within the text [Matschat, 2022]. The research was prompted
by the admission of the developers of the GPT-2 model in their model
card as one out-of-scope ability of their model: “Because large-scale lan-
guage models like GPT-2 do not distinguish fact from fiction, we don’t
support use cases that require the generated text to be true.”!'® Thus,
the research question was proposed, if such techniques and other NLG
approaches can produce text that is still coherent, grammatically correct
and can further pass off as Wikipedia articles, while containing factual
errors [Matschat, 2022, p. 2].

In order to produce the texts, two traditional models — both variants of jmplementa-
Markov chains — were applied in addition to one RNN-based technique tion Para-
implemented as an LSTM (see Section 2.3) as well as two GPT-2 models. meter

118 See https://github.com/openai/gpt-2/blob/master/model_card.md.

129


https://github.com/openai/gpt-2/blob/master/model_card.md

Quantitative
Performance

Qualitative
Evaluation

7 Selected Use Cases

As data basis, a Wikipedia dump was used, which was filtered to only
include articles about people to receive a biography dataset. The goal was
to initialize the NLG models with a name of a person as input and to
generate the text following the name, i.e., ideally a short biography of the
person as is standard for biographic articles in Wikipedia.

The evaluation for this specific and non-standard research scenario was
determined to include the standard evaluation metrics commonly found
in either machine translation —here BLEU, METEOR and BERTScore — or
abstractive summarization methods — here ROUGE — which all have been
applied to NLG applications [Sai et al., 2022]. Comparing the produced
text to a reference biography from Wikipedia might not completely entail
the research question for these experiments, but due to the lack of a bet-
ter metric in this case and the prevalence of the metrics for NLG tasks in
general, these metrics were calculated despite the apparent drawbacks. In
addition, a qualitative evaluation was conducted to accommodate for these
drawbacks [Matschat, 2022, p. 42ff.]. The results of the LSTM model trail
behind the other approaches, which however still do not show success-
ful results in a consistent manner for all applied metrics [Matschat, 2022,
p. 50ft.].

Qualitative analysis consists of aspects such as cohesion, grammar,
vocabulary, stable outputs and authenticity. Once again, the evaluation
for the LSTM model revealed flawed generated texts in several categor-
ies, which is why the evaluations were focused on the other two mod-
els: Markov chains and GPT-2 [Matschat, 2022, p. 52ff.]. The former
produced mostly grammatically correct text that, however, lacks cohesion
and topical focus, and also includes incoherent information, e.g., tem-
poral information without realistic connections. The latter improves upon
Markov chains, especially on a cohesion-level, producing text that stays
on-topic across several sentences and is also grammatically correct. GPT-
2 further produces text that is more similar to the desired biographic
nature of the texts, however once again with dates that are inauthentic
and other factually incorrect information that are nonetheless presented
in a plausible-sounding text. The interpretation of experimental results
differs somewhat between the original goal of the approach presented in
this NLG task and the overarching goals of this thesis. The specific goal of
this task — generating texts that may appear as biographies from a Wikipe-
dia page with built-in misinformation — could be achieved by the GPT-2
models in a mostly convincing manner, but with stronger restrictions for
the Markov chain models and unconvincingly so for the LSTM model.
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Finally, while the aim of producing texts with misinformation was
handled most convincingly by the GPT-2 models in this use case, the
application of Markov chain models is noteworthy as a representative of
traditional models. Efficiency as well as reproducibility, both of which
will be discussed regarding this application below in Section 7.4 and Sec-
tions 8.1 and 8.2, are features that surpass the more resource-intensive
GPT-2 models. Instead, the traditional models lag behind in important
factors such as cohesion and inter-sentence relations. These problems
can, however, also be attributed to the data basis, which, especially for
data-driven stochastic NLG approaches such as Markov chains, is of the
utmost importance [Gatt and Krahmer, 2018, p. 92f1.].

In this subsection, two further application scenarios will be analyzed:
Text summarization and text simplification. Firstly, text summarization,
despite its popularity in NLP research and as one of the more prominent
application scenarios for LLMs, is often evaluated simply by using the de-
fault evaluation metrics in this field of study, meaning ROUGE, or other
related metrics such as BLEU and METEOR [Dal Cin, 2025, p. 4f1.], see
above in Sections 3.6 and 6.2. Simplification is not as comprehensively re-
searched as text summarization but requires an even more versatile eval-
uation due to the degree of text simplification as an added dimension.
Thus, a purely n-gram-based comparison through ROUGE or other sim-
ilar metrics would not suffice. More complex metrics, such as BERTScore,
are applied consequently.

BERTScore as one of the more computationally intensive metrics goes
one step beyond previous metrics that use simple matches between words
of the generated texts and the reference [Zhang et al., 2020c]. Instead,
BERTScore computes semantic similarity using contextual embeddings
and therefore enables matches across synonyms and other related words.
Through this measure, the limitations of BLEU and ROUGE regarding
their fixed vocabulary matches compared to available reference texts is
softened and texts that use other words in their produced output texts
are not penalized, if they still preserve the meaning of the reference
texts. While one disadvantage of previous metrics is circumvented by
BERTScore, other drawbacks appear. Due to the use of pre-trained lan-
guage models as part of the comparison pipelines, requiring vector sim-
ilarity calculations, the efficiency in terms of processing time decreases.
However, as the authors note [Zhang et al., 2020c, p. 8], the difference only
amounts to a roughly two to three times slower execution than a compar-
able BLEU implementation.
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More critical are two other factors. First is the primary focus of
BERTScore on English. While Zhang et al. [2020c, p. 9] note that the
score is also applicable to other languages if an appropriate replacement
regarding the pre-trained language model is chosen, they admit worse
performance for languages other than English, which has been discussed
in other studies as well, e.g., for German in Aumiller et al. [2023, p. 202].
The restrictions resulting from the focus of NLP research on English will
be discussed further down below in Section 7.3. Secondly, coherence, as
mentioned above in Section 6.2, is still not captured by the more complex
metric BERTScore due to the continued focus on lexical overlap. Despite
BERTScore’s advances compared to BLEU and others, the focus on lexical
similarity is a limiting factor for use cases such as text summarization or
text simplification, for which a well-structured and cohesive text is neces-
sary or at least desirable.

The use of more complex scores in order to evaluate or improve a sys-
tem can also be noticed in other contexts, e.g., in the text simplification
task as part of the scores used in optimizing the rewards in the reinforce-
ment learning approach, see Fruth [2022] and above in Section 7.1.1.1%
The optimization procedure within the text simplification approach ap-
plies four main rewards for simplicity, meaning preservation, fluency and
guardrails [Fruth, 2022, p. 15ff.]. While simpler statistical metrics such as
FRE and word frequency are used for lexical and syntactic simplicity re-
spectively, BERTScore was applied for capturing meaning preservation.
The reward for fluency is intended to measure grammaticality and read-
ability, which are evaluation categories that are not represented by lexical
metrics such as BLEU and BERTScore. Due to the complexity of this
task, pre-trained language models have been applied through measuring
the probability of the generated texts, see, e.g., Lau et al. [2017] or Laban
et al. [2021] for more details on this procedure. Guardrails for brevity are
simple in nature and other measures include the hallucination detection
as described in Section 7.1.1. The detection mechanism is once more
based on BERTScore to identify hallucinated entities even if they are not
using the exact same words or phrases.

The authors of the original English simplification approach did not dis-
cuss the weights of the different scores in their paper [Laban et al., 2021],
however, the values can be retrieved from their published code base.'?°
While the authors conduct an ablation study in order to independently

119 Also published, more concisely, in Fruth et al. [2024].
120 gee https://github.com/tingofurro/keep_it_simple/blob/main/train_keep_
it_simple.py.
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verify the impact of each of the three main rewards and also discuss pos-
sible improvements for some of the rewards, e.g., to increase factuality
[Laban et al., 2021, p. 6374], the missing discussion of the weights is an
oversight there. In contrast, for the German adaptation, the scores are ad-
apted for different training runs and analyzed more closely [Fruth, 2022,
p. 39fL.]. Suitably adapted weights improve the performance of the overall
system compared to default weights [Fruth, 2022, p. 42 and p. 57f].

This short aside is intended to show the analogies between optimizing
scores within a pipeline on the one hand and the evaluation of overall sys-
tems regarding single metrics on the other hand. Balancing the weights
for optimizing an NLP system in a reinforcement learning manner is thus
comparable to selecting an appropriate metric for evaluating an approach.
A direct link can be drawn here to the trade-off between prioritizing pre-
cision and recall for information retrieval systems. While combined and
balanced metrics exist, such as the f1-score and its micro and macro vari-
ants as noted above in Section 7.2.1 an examination regarding the selec-
tion of metrics is necessary when approaching a new NLP task, discussed
in more detail in Opitz [2024] for the evaluation of text classification.

Up until now, a fine-grained view on evaluation has been presented,
i.e., which metrics to choose and the complexity included in this decision.
A broader perspective may instead go beyond evaluation metrics and first
define what type of output is intended to be produced, what form and
structure it should be generated in, and for which target audience — with or
without a certain degree of prior knowledge — it is geared towards. While
this more far-reaching perspective is applicable to many NLP disciplines,
and beyond NLP as well, a particular focus will be given here to text sum-
marization due to its prominence in current research, its wide-spread ap-
plication in modern LLMs and the experiments conducted for text sum-
marization that are presented in this thesis.

Text summarization as a task was analyzed as early as the 1990s regard-
ing various broad factors, which were collected in Jones [1999] as input,
purpose and output factors. Purpose factors, such as the intended target
audience, and output factors, resembling the intended structure and type
of output, will be discussed below. The third factor, i.e., input, relates to
the form, scale, genre, subject type, structuredness or lack thereof regard-
ing the input text(s) and finally the unit, i.e., if the input encompasses
single or multiple documents. See more details regarding input factors
in Jones [1999, p. 6f.].

The other two factors, purpose and output, are similarly multifaceted.
First, purpose factors include information on the intended situation, in
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which the summary will be used, which can be known or unknown (tied
or floating in Jones’ terminology) [Jones, 1999, p. 8]. Another distinction
revolves around the audience, which can be targeted, thus intended for a
specific reader group or even experts, or untargeted, e.g., in case of a sum-
mary created for a mainstream audience. The targeted audience within
the purpose factor differs from the subject type, mentioned just above
for input factors, which deals with the context and prior knowledge of
the source readers. The audience aspect within the purpose factors con-
cerns the summary readers. The distinction here can matter, e.g., for
heavily specialized contexts. Such contexts concern both source and sum-
mary readers, which require adapted processing and potentially a stronger
focus on preventing hallucinations and the continued use of technical
terms.'”!  One last purpose factor is use, meaning which goal is inten-
ded to be accomplished by producing the summary. This goal can dif-
fer between refreshing, previewing, substituting or other tasks, but can
also include covering advertisements or prompting goals, which try to
convince the reader to access the source text [Jones, 1999, p. 8].

The purpose factor has been introduced in more detail due to its role
for the text summarization approach in Dal Cin [2025], in which five mul-
tilingual application scenarios for different text summarization use cases
were analyzed. The most prominent application of text summarization in
research is news summarization, represented through the wide popular-
ity of datasets such as the CNN/DailyMail corpus (see Section 3.6). News
summarizations, referring to the definition of Jones [1999, p. 8], are in-
tended to preview the original text, but could also be seen as prompting
the user to access the full article [Dal Cin, 2025, p. 9]. Other mainstream
uses of text summarization revolve around the representation of entire
websites for search systems or aggregators, which use the summary as a
means of either previewing the site or prompting the user to access the
full webpage [Dal Cin, 2025, p. 10].

The other three application scenarios from Dal Cin [2025] also include
further goals and additional intended uses, when categorized according to
Jones’ classification [Jones, 1999]. Abstract generation based on scientific
articles was characterized as multifaceted. The summary can be used as
a preview of the full article or as substitution for the full article, if a quick
glance suffices for the rapid browsing of many articles, or to refresh an
already read article, thus recalling information that was already consumed
[Dal Cin, 2025, p. 10ff.]. Similarly, at least for the last goal, the summar-

121 A potential technique here is the substitution of such terms with more simpler words,
akin to text simplification approaches.
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ization of school material, which comprised the fourth use case, is cat-
egorized as refreshing the users’ memory for content they already have
read in the past. Finally, the last use case encompasses the summariza-
tion of email threads. Its intended goal is the same as the school material
application scenario from just above, i.e., refreshing one’s memory.

The intention behind this discussion on the factor use is to raise aware-
ness regarding the varying goals for summaries, which can differ depend-
ing on the use case. Prompting or previewing a text is inherently differ-
ent from substituting or refreshing one’s memory of the original source
document. In planning a realization of an NLP task, similar discussions
should be included in the conceptualization of an intended summariza-
tion task and other NLP tasks. As another example, the factor audience
plays a strong role in simplification tasks. The distinction between tar-
geted and untargeted has already been described, but particularly in sim-
plification use cases, determining the degree of complexity of the gener-
ated texts should be considered more explicitly. Lexical, syntactical and
semantic complexity can once again differ widely depending on the inten-
ded readership, varying between age group, people with learning disab-
ilities or for foreign language acquisition. When proposing approaches,
one should keep those intentions in mind when realizing a simplifica-
tion approach, e.g., by defining the simplification procedures through the
complexity of the training datasets, by adapting the prompts to include
the intended user groups and the contexts, or through other measures.

The third main factor apart from input and purpose, i.e., output, is once
more similar, at a first glance, to already presented factors. One such as-
pect is the format, which captures the shape of the produced text, and is
clearly related to form and structuredness, thus a continuous text or one
being ordered in one way or another, e.g., through headings [Jones, 1999,
p- 9]. The aspect material differs between summaries that are intended
to capture the complete content of the source text, while other summar-
ization tasks only require a partial recapitulation of the content from the
source text.

The most interesting aspect concerning the output factors is the last
main aspect, style. Two distinctive classes are of particular interest here,
indicative, a short introduction to the topic of the source text but crucially
not the content of the source text itself, and informative, which in contrast
to indicative, actually presents the content of the source text and not only
what it is about [Jones, 1999, p. 9]. Other types of style, such as aggreg-
ative, when dealing with the summarization of varied sources for the ori-
ginal texts, and critical, when also judging the source text in some manner,
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among others are also conceivable for different use cases of text summar-
ization.

Once again, after the discussion for the factor purpose and its aspect of
use from above, the application on five distinct summarization scenarios
will be discussed for the style factor. All scenarios can be grouped into
either indicative, informative or both categories [Dal Cin, 2025, p. 9ff.].
The summaries produced for news articles, abstract generation and web
snippet generation scenarios all have indicative and informative aspects:
They present a short introductory text for the main source document and
also represent the content from the source in an abbreviated form. Differ-
ences between either class are apparent when defining the length of the
produced summary. Shorter summaries tend more towards indicative
summarization, whereas longer summaries tend towards being inform-
ative. While web snippets can be also informative, they are usually rather
short and thus indicative. Abstracts are intended to capture the main con-
tributions of a research paper, which concern aspects of an informative
summary, whereas the shorter dimension of abstracts, usually ranging
from several sentences to two or three paragraphs at most, once again
tend more towards being indicative. News summaries are more depend-
ent on the type of summary intended for the article in question. If higher
information coverage is desirable, an informative summary is advisable,
whereas shorter summaries usually only briefly describe the topic of the
article in more general terms [Dal Cin, 2025, p. 9]. The other two scen-
arios can be characterized more clearly. School material summarization
is informative, forming a pair with the purpose factor use and its goal of re-
freshing the user’s memory on the topic. In contrast, the summarization
of email threads is indicative. Here, not all emails need to be covered by
the summary, instead the topic and result of the email chain are of higher
importance.

The five application scenarios were evaluated not only using criteria
such as style and use, but also with quantitative evaluation metrics includ-
ing ROUGE and other statistical values, i.e., the compression ratio, sen-
tence and word counts, extractivity [Grusky et al., 2018] and the number
of truncated summaries. Compression ratio, sentence and word counts
are easily calculated. Extractivity returns higher scores if longer extract-
ive segments, that appear exactly as in the original source document, are
used in the summary. The number of truncated summaries is calculated
since, in certain cases, the abstractive models produced texts in which the
summaries are truncated due to limited context windows [Dal Cin, 2025,
p- 27]. Finally, the n-gram-based matching metrics of ROUGE, using the
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R-1, R-2 and R-L variants (see Section 3.6), are the only reference-based
evaluation metric applied here.

The results achieved with the various methods — LexRank, mLongT5
and NeMo — were similar across all three methods when only comparing
the scores for a single dataset in just one language. In contrast, when
comparing the quantitative results for different datasets,'?? but from the
same domain — in this case news summarization — and the same lan-
guage — here English, German and French, respectively — the ROUGE
scores showed high variance [Dal Cin, 2025, p. 30f.]. To further investigate
this observation, a manual evaluation was conducted, assigning qualitat-
ive scores for a selection of summaries regarding five quality criteria!?? in
addition to assessing lead bias as well as information dispersion. The
manual evaluation did not confirm the findings through the ROUGE
scores but instead provided comparable scores for the datasets from the
same language, i.e., comparable scores for English, German and French
datasets, respectively [Dal Cin, 2025, p. 30]. This observation confirms the
limitations of reference-based evaluation metrics such as ROUGE. The
limitations of ROUGE can also be noticed in another way: Datasets with
longer reference summaries tend to produce better results in a quantit-
ative evaluation since longer reference summaries provide more oppor-
tunities for n-gram based matches than shorter summaries. The correla-
tion between ROUGE, or other quantitative summarization metrics, and
human evaluation in terms of summarization quality for varying factors
is an ongoing research problem and is actively studied, e.g., in Fabbri
etal. [2021].

After the observations from a multilingual summarization scenario
have been displayed, a monolingual use case will be shown next.

The monolingual scenario regarding German text summarization on
different datasets was conducted in Gottwald [2023], which also includes a
brief discussion regarding the evaluation metric ROUGE. Other facets of
this study will be presented in more detail below in Section 7.3.2. ROUGE
was recognized as a matching metric, purely based on n-gram overlap and
thus incapable of representing the quality of summaries regarding coher-
ence, semantic consistency or the structure of a summary [Gottwald, 2023,
p. 45f.]. While ROUGE is certainly not intended to fully encompass all
such parameters, the prevalence of the metric in text summarization re-

122 For the news scenario, two different datasets for each English, French and German were
tested, see more details below in Section 7.3.2 and Footnote 150.

123 The five criteria are: Lexicon/grammar, structure/coherence, factual correctness, style
and use [Dal Cin, 2025, p. 28ff.].
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search and its importance despite its limitations are nevertheless note-
worthy.

r Y
The NLP task of monolingual text summarization is approached through
four domain-specific application scenarios for German texts, see Got-
twald [2023]. These scenarios encompass summarization tasks on data-
sets comprising legal texts, news, how-to guides and Wikipedia articles.
Four models were applied to generate summaries, one traditional model
using extractive summarization and three abstractive models. Evaluation
was conducted quantitatively using ROUGE and qualitatively using spot-
checks of selected summaries in a comparative manner.

\ 7

In the end, text summarization tasks should be analyzed beforehand,
and the realization of the text summarization problem should be adapted
towards the summary and its input, purpose and output factors, defined
by Jones [1999], as mentioned earlier in this subsection. In addition to
the already presented theoretical classifications for summarization ap-
proaches and observations for use cases, concrete measures can be recom-
mended for prospective summarization tasks. Characteristics such as de-
fining the length of the summary through simple parameter selection of
traditional extractive models such as LexRank or by providing contextual
information and guardrails within a prompt for an LLM are measures to
conform to predefined requirements. Other factors, such as the intended
audience or preserving the semantic complexity to adapt towards a sens-
ible style, e.g., indicative or informative, are harder to realize, but should
still be considered during implementation.

When returning to the overarching topic of this section, lacking metrics,
a deeper investigation into text simplification as well as text summariza-
tion evaluation, metrics and other evaluation aspects regarding the quality
and requirements of a proposed NLP method have been presented. Unfor-
tunately, flaws in datasets are increasing the difficulty in accurately evalu-
ating and comparing approaches and techniques. Examples of such flaws
are data quality issues, e.g., duplicates or uncharacteristic compression ra-
tios, and issues with reproducing results of summarization papers, which
have been studied for text summarization purposes with a particular fo-
cus on German in Aumiller et al. [2023, p. 208ff.]. Duplicates appear for
example in the MassiveSumm [Varab and Schluter, 2021] dataset as well
as other data quality issues such as frequent incomplete data samples in
the same dataset, which contribute to compression ratio issues.
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Depending on the NLP task, only limited and small-scale datasets
might be available for training and evaluation. Therefore, the problem
arises, as already introduced above in Section 6.2, how to evaluate when
no gold standard is available. One such use case will be presented be-
low in Chapter 9 as one showcase of the lessons and targeted procedures
created in this thesis. Briefly, the problem of text segmentation, as presen-
ted in Jegan and Henrich [2025b], concerns the processing of video tran-
scripts into segments, for which no gold standard exists and therefore no
comparisons can be carried out. Thus, purely statistical measures were
applied as well as an efficiency analysis and finally a qualitative evaluation
in order to compare different methods. This NLP task is highly variable
since boundaries between segments can be set and interpreted in a multi-
tude of ways, which is why even the existence of one single gold standard
for comparison’s sake might result in the same restrictions mentioned
above during the discussion of other reference-based evaluation metrics
and also in both Section 3.6 and Section 6.2. More details regarding the
text segmentation scenario will be presented below in Chapter 9.

In summary, the problems presented in this section reveal the need for
analyzing not only the applied metrics, but also the evaluation approach
in general and the need for a qualitative evaluation as well as an analysis
before implementing a concrete NLP approach. The realization of such
qualitative evaluations can vary. User studies or evaluations by domain
experts would be recommended in most use cases, however budgetary
or temporal reasons might restrict these proposals. Crowdsourced eval-
uations or spot-checks by a limited number of participants are just two
measures for circumventing excessive expenses or efforts to at least en-
able a small-scale qualitative evaluation. Regardless of the applied scale
of evaluation, a purposeful analysis of the goals of both the evaluated ap-
proach!?* as well as the evaluation itself needs to be conducted first. In the
end, a preferable way of approaching NLP methods is proposed here in ad-
dition to studying purely quantitative metrics, as it is in other parts of this
thesis as well, see Sections 6.2 and 9.3. Similarly to Table 5.1, the aspects
presented for evaluation and metrics include observations gained from
supervising and implementing text processing projects, which are not ne-
cessarily generalizable to other use cases in the respective task areas.

Still, as recommendations, these discussions hold value and are helpful
for future NLP methods, as will be further presented in Chapter 10. Fur-

124 See the discussion of different goals within text summarization regarding various factors
proposed by Jones [1999] earlier in this subsection.
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ther problems of use cases regarding the primary focus on approaches
intended for English will be presented in the next section.

7.3 Prevalence of English Data & Models in
Current NLP

The previous problems discussed above dealt, firstly, with hallucina-
tions in Section 7.1 impacting abstractive or generative approaches, and
secondly, with lacking metrics in Section 7.2, which are a broader prob-
lem that influence all manners of methods. This section details the focus
on English-based approaches and discusses diverse application scenarios
including extractive scenarios presented in the first subsection with less
invasive adaptations for a German information extraction use case in Sec-
tion 7.3.1. Other more expansive tasks applying extractive summarization
or even classification scenarios among others, will be described further
below in Section 7.3.2.

7.3.1 Low-level Adaptations for German Tasks

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Pulver [2023]
and Lang [2025].

The first application scenario, dealing with the difficulty when porting
approaches intended for English to German, concerns the task of inform-
ation extraction, see also Jegan [2024]. In this study, two parts of informa-
tion were extracted from a dataset of meta-information on a large number
of businesses [Pulver, 2023]. First, the legal form, such as “GmbH"1% or
“AG”12° was extracted from the business name, and second, the type of
industry or trade such as “Windpark”, German for wind farm, or “Anwalt-
skanzlei”, German for law firm, again extracted from the business name.

125 Most closely related to the legal entities of a private limited company in the United King-
dom or limited liability company in the United States.

126 Referred to similarly as a public limited company in the United Kingdom or stock cor-
poration in the United States.
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The NLP task of information extraction is approached through two applic-
ation scenarios, see Pulver [2023]. These scenarios identify information
from a dataset with information on businesses: On the one hand the ex-
traction of the legal form of a business and on the other hand the type
of industry or trade. Depending on the task setup, this scenario can also
be approached as a classification task. Four models were applied to ex-
tract the information, three traditional models and one more modern ap-
proach, with additional ensemble techniques combining the approaches.
Evaluation was conducted quantitatively using accuracy, precision, recall,
f1-score as well as runtime measurements and qualitatively through an
analysis of incorrectly labeled data.

J

While the adaptations for the German language were rather minuscule
for this approach compared to other use cases, e.g., see the later discus-
sion for Dal Cin [2025] and Fruth [2022] in Section 7.3.2, the preprocessing
needed to be updated to properly reflect the language change. In place of
English stemming algorithms such as the popular Porter stemmer, exclus-
ively available for English, see Porter [1980], the same author initialized
the Snowball programming languages, with which stemmers can be writ-
ten for various languages [Porter, 2001]. The resulting Snowball stemmer
for German was thus used and similarly, lemmatization was conducted
using the UDPipe lemmatizer, applying the Universal Dependencies tree-
bank for German.'”” Further preprocessing necessitated the rule-based
processing of dictionaries before stemming was applied in order to pre-
vent the stemming of names regarding persons or places, which were
found to produce problems. Thus, German dictionaries for given names,
surnames and place names were applied and if matches were found, stem-
ming was not applied in those cases. For more information on the pre-
processing, see Pulver [2023, p. 27].

Another update regarding the pipeline was necessary, i.e., the pro-
cessing of compound words. In contrast to many other languages, Ger-
man uses single orthographic words for compound words, meaning
a single word is used instead of multiple words representing a single
concept.!?® The pervasiveness of this phenomenon was studied in Baroni
et al. [2002, p. 4f.], which analyzed the German APA corpus and found
that 47% of word types were compound words, however noting that only

127 See https://universaldependencies.org/.
128 E g, the English words “death star” represent the same compound as the single German
word “Todesstern”.
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7% of all tokens appear to be compounds, or put another way, over 80% of
compound word types were used five times or less. Compound words are
split for this use case by applying the n-gram-based algorithm presented
in Tuggener [2016], which calculates probabilities at different positions
within words and selects the highest probability for splitting the word.!??

One further adaptation should be mentioned here, regarding the rule-
based processing of the dataset. In identifying the legal form of the busi-
ness names, the rules in order to recognize entities such as “GmbH”
needed to be written by hand."*® Since similar rule-based systems, even
for English, need to be adapted for the specific use case at hand, this work-
flow is not a limitation of languages other than English, and should not
be included as a restriction in this subsection, but should just briefly be
mentioned as part of the processing pipeline.

In summarizing the performance of this approach, only the identific-
ation of the type of business will be discussed here since the application
of the rule-based approach for predicting the legal form is more fittingly
placed below in Sections 8.1 and 10.2. Comparing the results from the
approach on German discussed in this subsection to other datasets or im-
plementations is difficult, since the used dataset is not openly available,
because it was supplied by an industry partner and was intended to solve a
business use case for that partner. At least in theory, comparable studies,
e.g., in Shapiro [2020], reported an f1-score of 60.2% for their approach
on small business classification for 66 classes of business types on Eng-
lish data. In contrast, the system in Pulver [2023, p. 44ff.], reaches an
f1-score of 58% for the evaluation of the dataset containing 10 classes us-
ing a FastText classifier [Bojanowski et al., 2017], see Section 2.3. Other,
more traditional models, such as Naive Bayes, SVMs and decision trees
were applied here as well with Naive Bayes barely trailing behind the per-
formance of FastText, while the others achieve worse scores [Pulver, 2023,
p- 47].

Similarly to the information extraction use case already discussed, the
required adaptations for the methods applied in the marginalia generation
task were limited in scope. The extractive methods only required small
updates, e.g., the selection of a German stop word list. Another update,
which is noteworthy but would also be required for other languages in-
cluding English, is the restriction on selected PoS tags for the marginalia

129 See also https://github. com/dtuggener/CharSplit/.

130 The work done for information extraction in this approach was conducted mostly in 2022,
thus before the rise of chat-based LLMs and therefore manually. Nowadays, LLMs can
certainly also play a role in writing or at least suggesting such rules.
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candidates [Lang, 2025, p. 29]. After manual evaluation of the reference
marginalia, some PoS categories were excluded in this manner for extract-
ive methods such as SingleRank and TextRank that appeared in only a se-
lect few reference marginalia. Therefore, only often used PoS tags were
allowed for marginalia candidates. PositionRank goes one step further
by allowing the addition of regular expressions as a simple grammar to
dictate the specific order of desired keyphrase candidates [Florescu and
Caragea, 2017, p. 1109], which was also adapted to conform to the refer-
ence marginalia from the dataset.

As with the approach presented above from Pulver [2023], the adapta-
tion of the transformer-based approaches requires slightly more extens-
ive updates. For the SIFRank+ model, a German version'3! of the ELMo
model [Peters et al., 2018] was used as the pre-trained language model,
as well as several more measures for the preprocessing pipeline such as
updated Stanford CoreNLP [Manning et al., 2014] models for German
or language-specific stop word or word frequency lists. Other measures
include the use of German language-specific stemming or lemmatiza-
tion approaches, which will be more thoroughly discussed below in Sec-
tion 7.3.2. Both information extraction and keyphrase prediction tasks
were thus adapted by updating existing methods in a limited manner,
by simply substituting smaller constituents or by providing German re-
sources, such as stop word lists.

These results present an insight into approaches, in which the adapta-
tion towards another language is achievable through only a few adjust-
ments. The appropriate selection of stemming and lemmatization al-
gorithms is a simple measure, applying commonly used software pack-
ages like the Snowball stemmer. Moreover, the treatment of compound
words is a more language-dependent aspect due to varying degrees of im-
portance of this phenomenon depending on the language. For German,
the resolution of compounds can be a helpful measure in improving the
performance of NLP tasks. In Pulver [2023, p. 45f.], the influence of differ-
ent preprocessing methods was analyzed, and the inclusion of separated
compound words proved to be the most successful single measure dur-
ing preprocessing.'3? More direct comparisons between languages will be

131 See https://github.com/t-systems—on-site-services-gmbh/german-elmo-
model/.

Other tested preprocessing methods included stemming, lemmatizing, adding potential
synonyms and resolving abbreviations [Pulver, 2023, p. 38ff.]. Compound splitting was
done in two variants: Either by replacing the compound words with their split words that
are stemmed or by adding the split words to the compound words instead of replacing
them [Pulver, 2023, p. 46].
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presented in the next subsection, which also include more expansive ad-
justments for the respective languages. These more extensive measures
are necessary for text classification, text simplification and text summar-
ization tasks, which will be shown in the next subsection.

7.3.2 Wide-ranging Adaptations for Non-English Language
Tasks

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Dal Cin [2025],
Fruth [2022], Gottwald [2023], Harms [2024] and Raab [2023].

This subsection presents the influence and dominance of English on the
NLP landscape for three distinct application scenarios: Text classification,
text simplification and text summarization. While they share similarities,
which will be noted, the distinct purposes of each task justify a separate
discussion.

Text Classification

The NLP task of text classification is approached through two distinct ap-
plication scenarios, see Raab [2023]. These scenarios encompass the pro-
cessing of two domain datasets, one from the legal domain and the other
representing the insurance domain. Three models were applied to clas-
sify the texts, one traditional model based on SVMs and two more modern
models. Evaluation was conducted quantitatively using f1-score and qual-
itatively using cluster visualization techniques.

\ 7

The application for classification discussed here is rooted in domain-
specific datasets, from the legal and insurance domains. The former is
an existing dataset, presenting a subset of clauses from the German Civil
Code!*} that are categorized into nine semantic classes and have been pub-
lished in Glaser et al. [2018]. The classes represent various aspects of the
clauses represented in the dataset, which concerns a part of the BGB re-
lated to tenancy law.!** The latter dataset was, similarly to the information
extraction task presented just above, constructed by cooperating with an

133 Commonly known in German as the Biirgerliches Gesetzbuch (BGB).

134 These classes are: “Permission”, “Duty”, “Consequence”, “Objection”, “Reference”, “Con-
tinuation”, “Prohibition”, “Definition” and “Indemnity”. They constitute different se-
mantic categories of tenancy law.
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industry partner, which provided General Terms and Conditions (GTC)
used by German insurance companies, see Raab [2023, p. 25ff.], which
included twelve classes. Semantically, these classes represent different
types of business transactions that are relevant for the assessment of an
insurance company regarding a claim, its rating as well as associated
risks.!%

Both datasets are intended to be approached as a multi-class classifica-
tion problem. As for models, SVMs were used as baselines and represent-
atives of traditional models, while two modern methods based on few-shot
learning were tested, in this case ProtoBERT and SetFit. The first model,
adapted from Ténzer et al. [2022] and their ProtoBERT model, combines
the capabilities of pre-trained language models and prototypical networks
to handle little training data in a few-shot learning scenario. The second
model, using the SetFit architecture from Tunstall et al. [2022], is using
a two-stage process. First, a pre-trained sentence transformer model is
fine-tuned, and second, the trained model from the first stage is applied
to generate text embeddings, which serve as the basis for the training of
a classification system.

The quantitative evaluation for the classification tasks in terms of per-
formance will be presented below in Section 8.3. More relevant for this
chapter are the required adaptations to the German language, as also
noted in Jegan [2024]. Since pre-trained language models are applied in
both modern systems, embeddings that are trained with data from the lan-
guage in question are required, which limit the variety of choices. Also,
since pre-trained language models usually are not primarily trained on
data from the specific domain of the use cases, another factor regarding
the downstream task is relevant, i.e., fine-tuning. Therefore, the final fine-
tuned model for this specific use case requires domain-specific datasets,
which are scarce in many languages and only limitedly available for Ger-
man. In this case, legal data was available, however, insurance data did
not exist prior to this work.

While the choice of language model solely due to the selection of its
training data is crucial, one further aspect has not been discussed yet,
i.e., the decision regarding cased and uncased words as well as special

135 These classes are, in German (and translated into English): “Tod” (Death), “Riickkauf”
(Surrender), “Wiederinkraftsetzung” (Reinstatement), “Beitragszahlung” (Payment of
Premiums), “Kosten” (Charges), “Beitragsbefreiung” (Waiver of Premiums), “Umwand-
lung” (Conversion), “Reduktion” (Reduction), “Erh6hung” (Increase), “Rentenphase”
(Payout Phase), “Uberschussbeteiligung” (Participation in Profits) and “Irrelevant” (Ir-
relevant). They are types of transactions that are described in the GTC of an insurance
provider.
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language-dependent letters such as the umlaut'*®, see Raab [2023, p. 32fF.].
German nouns are capitalized, i.e., they carry semantic information solely
due to the capitalization of its first character. Also, the normalization of
special characters into Latin script, thus reducing the contextual inform-
ation of all letters into the 26 letters of the English (or Latin) alphabet re-
moves information, that could potentially help in deciphering synonyms
that in their original form were clearly distinct.’*” The cased versions of
ProtoBERT, processing German noun capitalization and the umlaut let-
ters appropriately, surpasses the performance of uncased models by more
than 11% regarding the f1-score for the legal dataset Raab [2023, p. 37].1%

Lastly, the role of non-English domain-specific classification has been
recognized and evaluated in other studies as well, e.g., for the domain of
German legal text classification [Glaser et al., 2018, p. 2]. Italian legislative
texts [Biagioli et al., 2005; Francesconi and Passerini, 2007] and Dutch le-
gislation [de Maat et al., 2010; Steegh and Sileno, 2023] serve as examples
for European representatives of approaches in the legal domain on non-
English languages, all with more or less extensive adaptations regarding
the respective language.

Text Simplification

In the text simplification approach from Fruth [2022], which was already
discussed regarding hallucinations in Section 7.1.1 and in terms of lack-
ing metrics in Section 7.2, many adaptations regarding German were
applied that surpass the efforts from the classification approach from
Raab [2023], see above, in both complexity and scope, as also referenced
in Jegan [2024]. The first problem regarding text simplification in general
is the lack of parallel datasets, even more so for non-English languages.
One potential approach to the lack of parallel data, or at least some sort
of mitigation, is an unsupervised system. Another argument in favor of
unsupervised approaches for generative purposes in general and not ex-
clusively for simplification is the dependency on references for training

136 Language-specific letters due to historic sound shifts, for German d, ¢ and ii.

137 See, e.g., the difference between “schon” (already) and “schon” (beautiful) or “Mutter”
(mother) and “Miitter” (mothers) [Raab, 2023, p. 32]. However, both can be problematic
depending on the implementation details. A simple substitution of “6” with “0” instead
of the appropriate substitution with “oe” in an alphabet with 26 letters would result in a
semantic change in the former example, while the latter produces a mismatch between
singular and plural when replacing “ii” with “u” instead of “ue”.

138 Since punctuation is recognized by these models, no differences are noticeable in determ-
ining sentence borders for both cased and uncased models [Raab, 2023, p. 33].
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and evaluation, see the discussion on reference-based evaluation metrics
above in Section 6.2.

The concrete measures in adapting the English pipeline from Laban
et al. [2021] have already been partly mentioned in Section 7.2 as part
of the discussion in using complex metrics in order to model languages
other than English more accurately. One such example is the metric
BERTScore, which was used to measure meaning preservation between
the original and simplified texts. The development of this BERTScore-
based method differs from the original method from Laban et al. [2021,
p- 6369], which was necessary due to the unavailability of corresponding
German models and datasets for calculating meaning preservation and
experimental implementations. This measure, however, did not achieve
sufficient performance for use in the simplification pipeline, see more de-
tails in Fruth [2022, p. 21]. This concrete detail serves as just one example
to showcase the difficulty in porting an approach intended for one lan-
guage to another potentially more complex language with less resources
available.

Another customized part of the pipeline was required for measuring
fluency. For the German simplification pipeline, a BERT-based model
was fine-tuned on German Wikipedia articles, which proved to be more
appropriate for the German texts when applied to the datasets [Fruth, 2022,
p. 25]. In evaluating the fluency scores, however, the complexity of Ger-
man in contrast to English resulted in both worse scores overall and the
appearance of another particularly German phenomenon: The presence
of different definite articles depending on gender, case and number of
the associated noun. The repetition of multiple definite articles result-
ing in higher scores led the generator to generate texts with flawed article
usage, which motivated the introduction of an article repetition penalty
[Fruth, 2022, p. 26].

After customizing the approach to conform to the characteristics of
German, another problem unfortunately became apparent, the lack of
other models in non-English languages for a comparison. For evaluating
NLP approaches the usual procedure, at least for a quantitative evaluation,
is composed of comparisons to baselines and other models processing
the same data as the approach currently being tested. For language-
independent tasks or for popular research scenarios like text summariza-
tion or text classification, a myriad of models is available, which is, how-
ever, not the case for more narrow and less researched applications like
text simplification. Thus, a lack of models for paragraph-level text simpli-
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fication for German was noticed and no comparable method for testing
could be found at the time.!*?

Consequently, to solve this lack of comparison, a pivot model was intro-
duced [Fruth, 2022, p. 47ff.]. The pivot model translates the original text
into English, processes the translated text with the approach from Laban
et al. [2021] into a simplified form, and translates the simplified text back
to German. The translation was applied using transformer-based mod-
els trained on the opus dataset,'*® which were state-of-the-art at the time
of implementing this work [Tiedemann and Thottingal, 2020]. While the
translation introduces new complexities, without using this measure of
procuring a comparison model, no quantitative evaluation and therefore
only a qualitative evaluation would have been possible. The evaluation
showed promising results for the adapted German simplification model,
especially for meaning preservation and the degree of achieved simplific-
ations but also acknowledged a higher degree of fluency for the texts pro-
duced by the pivot model in contrast to the German simplification model
[Fruth, 2022, p. 48 and p. 54].

The simplification scenario discussed in this subsection is intended to
showcase the difficulty in adapting an approach for English to other lan-
guages and also the subsequent complexity in evaluating approaches in
less researched NLP tasks.

Text Summarization

For text summarization approaches a plethora of models and datasets
are available. In three studies, Dal Cin [2025], Gottwald [2023] and
Harms [2024], extractive and abstractive summarization approaches were
tested. The former work represents a multilingual setting, as already de-
scribed above for hallucinations (Section 7.1.2) and lacking metrics (Sec-
tion 7.2), whereas the latter two approaches process German texts only,
i.e., both are monolingual approaches.

Adaptations for the monolingual approaches for German texts were not
necessary, i.e., the LexRank [Erkan and Radev, 2004] and TextRank [Mihal-
cea and Tarau, 2004] summarization methods were applied without any
customizations. The first scenario on German texts, see Gottwald [2023],
revolved around the summarization of German legal texts'*!, news

139 Most of the work done here was conducted in the first half of 2022, thus before the rise
of general-purpose LLMs.

140 See https://huggingface.co/Helsinki-NLP/opus-mt-de-en/ and https:
//huggingface.co/Helsinki-NLP/opus-mt-en-de/.

141 Using the LegalSum dataset from Glaser et al. [2021].
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articles'?, instructions from the WikiHow website!*}, and Wikipedia
pages'**, thus a selection of domain-specific datasets to gain an under-
standing of differences between these domains. The second scenario, see
Harms [2024], also processed German texts, but for a dataset that was
manually procured. The goal of this study was to summarize school web-
sites, which present a challenge for extractive and abstractive models due
to their diverse structure, layout and content as well as their contrast to
the training data the models are initialized with. In terms of extractive
approaches, LexRank [Erkan and Radev, 2004] was once again applied for
this use case and was not adapted or customized.

The NLP task of monolingual text summarization is approached for a cus-
tom scenario, on a manually created dataset, see Harms [2024]. This scen-
ario encompasses the summarization of school websites. Four models
were applied to generate summaries, one traditional model using extract-
ive summarization and three abstractive models, one of them represent-
ing a modern chat-based LLM. Evaluation was conducted qualitatively by
scoring relevance, consistency, fluency and coherence of the generated
summaries.

J

The underlying choice of the language model within abstractive sum-
marization approaches is the first modification regarding non-English
text summarization in order to improve the performance for other lan-
guages. Bert2Bert [Chen et al., 2022] and T5 [Raffel et al., 2020] were
tested for both monolingual German use cases,'* and additionally Pe-
gasus [Zhang et al., 2020a] and mT5 [Xue et al., 2021] were tested for the
first German monolingual application scenario [Gottwald, 2023, p. 32ff.].
Either multilingual capabilities in a general-purpose performance or their
fine-tuning regarding German texts were tested in both approaches.

A concrete observation regarding the performance of the Pegasus
model revealed problems in correctly reproducing German language-
specific characters, e.g., an umlaut [Gottwald, 2023, p. 40]. This issue can
be attributed to the pre-training on purely English datasets, see Zhang
etal. [2020a, p. 11331f1.], and the dominance of the fine-tuning on the Eng-

142 Using the MLSUM dataset from Scialom et al. [2020].

143 Using the WikiLingua dataset from Ladhak et al. [2020] and also see https: //www.wiki
how.com/Main-Page/.

144 Using the XWikis dataset from Perez-Beltrachini and Lapata [2021].

145 In the base T5 version from Raffel et al. [2020] used in Gottwald [2023] and the LongT5
variant from Guo et al. [2022] applied in Harms [2024].
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lish dataset XSUM [Narayan et al., 2018] in contrast to the second smaller
German dataset 10kGNAD . A lack of information regarding the mod-
els in Gottwald [2023, p. 46] led to problems when processing German
datasets.’ This occurrence showcases the problems in using (large) lan-
guage models: The lack of information regarding their pre-training and
fine-tuning as well as the limited transparency in their documentation,
which can all lead to unexpected results and problems regarding the suit-
ability for a specific use case.

The research in Gottwald [2023] was conducted for the most part at the
end of 2022, right around the emergence of LLMs, which were thus not
included in this application scenario. The results from this study were in-
conclusive since the varying structure, layout and vocabulary proved to be
a challenge, even for modern pre-LLM models. In the end, the Bert2Bert
models generated the most fluent and coherent texts [Gottwald, 2023,
p. 38], while either Bert2Bert or mT5 produced the highest scores in the
quantitative evaluation for the different datasets [Gottwald, 2023, p. 43f1.].

The second study, processing a dataset of school websites, was conduc-
ted with LLMs in mind [Harms, 2024]. In addition to Bert2Bert and T5 as
the representatives of abstractive summarization systems and LexRank
as the extractive model, the Mixtral 8x7B variant [Jiang et al., 2024] was
chosen as the comparison LLM model. The selected LLM was trained and
published by Mistral AI, and was, at the time of conducting this research,
one of the most performant systems that could be run locally and further-
more also was supposedly capable of processing multilingual prompts.!*
When evaluating these four models on the tasks of summarizing school
websites, the performance of the abstractive models Bert2Bert and T5
were only slightly better than LexRank, with drastically worse efficiency
in terms of processing time [Harms, 2024, p. 16 and p. 22ff.], see also
Section 8.1. The general-purpose capabilities of neural summarization
systems without any additional fine-tuning are thus a limiting factor and
their use, especially in contrast to much more efficient extractive systems,
is hardly reasonable.

In contrast to comparable results from both extractive and abstractive
models from above, the results from the LLM Mixtral surpass all other
tested techniques [Harms, 2024, p. 23ff.]. The evaluation was conduc-
ted on four different criteria, i.e., relevance, consistency, fluency, and

146 See https://tblock.github.io/10kGNAD/.

147 The models were applied using information registered on Hugging Face, which were
labeled as German summarization models and achieved high scores in leaderboards.

148 See https://mistral.ai/news/mixtral-of-experts/.
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coherence for this study, in which Mixtral achieved the highest scores
for all criteria. The conclusion after qualitatively evaluating the summar-
ies revealed the impressive capabilities of Mixtral, especially for domain-
specific datasets, which in this case proved to be particularly challenging
for the other non-LLM models mentioned above.

The immense data LLMs such as Mixtral are trained on surpass even
BERT-based models. Their adaptability to specialized use cases for which
no training datasets for fine-tuning exists, is one strong argument in fa-
vor of LLMs in use cases like the application presented here, processing
school websites with diverse layouts and contents. However, a small lim-
itation was recognized regarding the criteria of relevance and consistency,
which received slightly lower scores compared to fluency and coherence.
This observation “[...] points to occasional challenges in accurately re-
producing the identified important information within the summaries.”
[Harms, 2024, p. 25]. Still, even these lower scores surpass the scores
achieved by all other models considerably.

The multilingual text summarization approach from Dal Cin [2025] re-
quired few adaptations due to the explicit selection of models with mul-
tilingual capabilities. For the extractive approaches, the adaptations were
rather minuscule. In the multilingual news summarization scenario for
German texts, the parameters of the applied LexRank model were set to
allow one more German sentence when compared to French and Eng-
lish due to observations in a manual evaluation, which showed that two
sentences are ideal for English and French, whereas for German the para-
meter is set to three sentences [Dal Cin, 2025, p. 22]. The other scenarios
were processed with the same parameters regardless of language choice.
The abstractive model mLongT5 was by design multilingual, see Uthus
et al. [2023], and similarly, Mistral NeMo'*, was also published with mul-
tilingual features in mind.

A more comprehensive evaluation was conducted for five distinct ap-
plication scenarios in the multilingual summarization scenario, includ-
ing both quantitative and qualitative evaluation for all scenarios and all
respective datasets. The quantitative results present a clear picture for the
news summarization scenario, which shows the highest scores across all
models and all languages for the English application on the CNN/Daily-

149 See https://mistral.ai/news/mistral-nemo/.
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Mail dataset [Dal Cin, 2025, p. 31].1>° The limitations for ROUGE notwith-
standing, see above in Section 7.2.2, the scores achieved for CNN/Daily-
Mail show the distinct dominance for the most widely used dataset, inde-
pendent of which model was applied, for both abstractive and extractive
summarization techniques. Surely contributing to this factor is the preval-
ence of the CNN/DailyMail dataset in summarization research and poten-
tially the fact that during training and implementation of the models by
the original authors of each model, the performance for this dataset may
have been considered. A second scenario was tested similarly, the sum-
marization of scientific publications, which confirm the findings from the
first scenario, i.e., the higher performance of all models for the English
dataset in comparison to the French dataset.!>!

The qualitative evaluation is based on the analysis of samples taken
from the produced summaries for each of the three tested models, and
scored according to five criteria, which include style and use, see Sec-
tion 7.2.2, and more categories, including a focus on grammar and lexical
choices on the one hand, and structure and coherence on the other hand.
Factual correctness, lead bias and finally information dispersion were
analyzed, too. The latter criterion deserves a brief explanation, since it
presents a specific perspective regarding the relationship between the ori-
ginal text and the produced summary. Information dispersion, as shown
in Goel et al. [2021], represents the degree to which the summary cap-
tures information gathered evenly from all parts of the source text. The
metric is thus somewhat aligned with lead bias, but whereas lead bias
only represents the degree to which all information in the summary is
taken from the beginning of the source document, information disper-
sion can capture other biases or uneven distributions as well. The qualit-
ative evaluation is rather small-scale, conducted using a small number of
spot-checks, but some observations regarding the performance of differ-
ent models in various languages and a certain agreement with the evalu-
ations using ROUGE can be noticed [Dal Cin, 2025, p. 37f1.].

LexRank produces similar scores across the qualitative metrics for the
news summarization scenarios in all applied languages [Dal Cin, 2025,
p. 38]. This observation was to be expected since LexRank is language-
independent and only slight adaptations regarding the sentence tokeniz-

150 The datasets CNN/DailyMail [Dernoncourt et al., 2018] and Newsroom [Grusky
et al., 2018] were tested for English, 20 Minuten [Kew et al., 2023] and MLSUM-de [Scia-
lom et al., 2020] for German, as well as MLSUM-fr [Scialom et al., 2020] and OrangeSum
[Eddine et al., 2021] for French.

151 The PubMed [Cohan et al., 2018] dataset for English was contrasted with the TermITH
[Bougouin et al., 2016] dataset for French.
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ation procedure were required in order to properly distinguish between
sentence units. When switching to abstractive summarization, the scores
for summaries produced by mLongT5 for English and French summar-
ies were similar, but both surpassed the scores for German summaries
[Dal Cin, 2025, p. 42ff.]. Problems were noticed in redundancy especially
and through a higher rate of factual mistakes and hallucinations in the
German summaries, as well as a primarily simple syntactical style.!>

The results produced by the LLM Mistral NeMo receive significantly
higher scores across most metrics in comparison to the other models, and
nearly uniformly for all languages. Small limitations were noticed regard-
ing language-specific attributes such as the appropriate articles for Ger-
man nouns or some rare cases with non-French words used in the French
summary, usually in English [Dal Cin, 2025, p. 44ff.]. The other scenarios
were evaluated in the same manner, and once again, show similar res-
ults, i.e., the NeMo model produced the best results across all qualitative
metrics with the other models trailing behind except for one single scen-
ario, the abstract generation scenario for French data, which is intended to
summarize research publications [Dal Cin, 2025, p. 48ff.]. The generated
French abstracts include impersonal verb forms, uneven information dis-
persion and overall problems in processing long-form documents such
as research publications. The latter observation is potentially due to the
limitations in processing longer documents, not necessarily because con-
text windows were unlimited. Rather, the problem arises from a narrow
focus on only certain parts of publications, which leads to low inform-
ation dispersion. In some cases for this data, the summarization was
generated as English text instead of the desired French text, thus show-
ing another limitation of processing non-English texts specifically with
LLMs [Dal Cin, 2025, p. 50]. Overall, NeMo produced the best summar-
ies across quantitative and qualitative metrics in nearly all scenarios, with
the English results surpassing the other languages and not exhibiting the
mentioned problem for French research publications.

In comparing the ROUGE scores and the scores achieved in the qualit-
ative evaluation, the news summarization scenario presents one instance
in which the scores do not align [Dal Cin, 2025, p. 63]. The qualitative eval-
uation clearly presents NeMo as the summarization model with the best

152 The latter aspect might be attributed to the fine-tuning of mLongT5 with the German
dataset Klexikon, which uses a simplified version of the source texts as summaries, see
Dal Cin [2025, p. 42] and Aumiller and Gertz [2022] and more discussion regarding this
aspect in Section 7.4.2. Also, an overlap between training data from mLongT5 and the
French test datasets might lead to better results in a similar manner [Dal Cin, 2025, p. 43].
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scores, whereas three datasets (both French datasets and CNN/DailyMail)
were scored similarly in the quantitative evaluation across all three mod-
els. Another discrepancy regarding ROUGE is observed in the abstract
generation scenario for both English and French. In this scenario, the
worst ranked model in the qualitative evaluation — LexRank — was ranked
higher than NeMo in ROUGE [Dal Cin, 2025, p. 34 and p. 48{t.]. One factor
influencing the discrepancy between both evaluation variants might be
the dependence of ROUGE on the length of reference summaries. The
link between higher ROUGE scores and longer reference summaries was
already presented above in Section 7.2.2.

Now that limitations and restrictions for non-English NLP tasks have
been collected in Section 6.2 and displayed through several use cases
in this section, more observations regarding other challenges from Sec-
tion 6.4 will be shown in the next section.

7.4 Other Problems

Of the problems discussed above in the corresponding Section 6.4, all of
them predominantly affect LLMs and generative models in general. Re-
producibility with NLG, text simplification and text summarization ap-
proaches, explainability with even more tasks and efficiency in different
forms have all been observed and will be displayed in the following. First,
reproducibility will be presented.

7.4.1 Reproducibility

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Dal Cin [2025],
Fruth [2022] and Matschat [2022)].

In studying reproducibility, this section will align with the previous dis-
cussion on lacking metrics for text generation from Section 7.2.2, starting
with the NLG use case from Matschat [2022], followed by the text simpli-
fication scenario in Fruth [2022] and concluded by the text summarization
experiments in Dal Cin [2025].

Regarding the NLG application, see details in Section 7.2.2, the best res-
ults were achieved in a quantitative and qualitative manner by the GPT-2
models, followed by Markov chain methods and lastly the LSTM-based
approach. A limiting factor for these results and their interpretation,
however, is the reproducibility of the generated results [Matschat, 2022,
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p. 60]. The LSTM model, while producing the worst results across all
other criteria, produces stable outputs when provided with the same in-
put text. The results produced by both the traditional models based on
Markov chains and the two transformer-based models, both of which are
based on GPT-2 with one of them including an additional fine-tuning
phase, all deliberately exhibit randomness as a feature. For texts pro-
duced by GPT-2, several observations were noted. While the structure of
the texts remains consistently similar to the desired biographies, vocabu-
lary and inter-sentence relations differed across generated texts even when
provided with the same input. The inter-sentence relations affect the res-
ults in two ways, for both text layout and content [Matschat, 2022, p. 5711
and p. 60]. The former results in either listed items or a cohesive text,
both commonly found in Wikipedia articles, which are emulated by the
task. The latter problem concerns topic shifts, which can vary between
staying completely on topic for the whole generated text or shifting widely
between themes and topics. The structure and length of the results re-
main the most consistent within this application for the texts produced
by the fine-tuned version GPT-2 when compared to the other models
[Matschat, 2022, p. 60ft.].

A deeper analysis regarding sampling strategies during model train-
ing was conducted in Fruth [2022] for the task of text simplification. Ex-
periments using beam sampling, typical sampling as well as random
sampling were conducted, before the decision to train the model with a
combination of nucleus and top-K sampling was made [Fruth, 2022, p. 36].
The attempts at applying different sampling algorithms revealed the im-
portance of parameters such as temperature for random sampling, i.e.,
setting lower values for the temperature typically resulting in less ran-
dom and more coherent text and conversely higher values meaning im-
proved creativity with lesser quality overall.!>® Other problems regard-
ing sampling strategies such as random sampling have been noted and
studied, e.g., in Meister et al. [2023]. The sampling strategies have been
applied in training both models in Fruth [2022]. However, the effect of
sampling strategies for the whole system has not been explored in detail
in that study, since the effect of different scores and guardrails regard-
ing the simplification and the comparison between two training runs and
the pivot model has been the focus in that study, see Fruth [2022], Fruth
et al. [2024] as well as Section 7.1.1 and Section 7.3.2 in this thesis.

153 See, e.g., Holtzman et al. [2020] or https://huggingface.co/blog/how-to-genera
te/ for details on the effect of different sampling strategies.
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The influence of temperature regarding LLM-generated texts as well as
the impact of sampling strategies and other parameters have been studied
for reproducibility purposes, e.g., in Blackwell et al. [2024], who noted
lower temperature values corresponding to more deterministic responses
and higher values increasing creative outputs, similar to the experiments
with random sampling in Fruth [2022, p. 32f1.]. The same study focuses on
temperature-based sampling but also features preliminary experiments
[Blackwell et al., 2024, p. 5] that show similar results for the final sampling
strategy used in Fruth [2022], i.e., nucleus and top-k sampling.

The reproducibility of output generated by LLMs has also been noted
for the summarization tasks in Dal Cin [2025] regarding the length of the
produced summaries. All approaches were directed through parameter
settings or through instructions within the prompt to respect size limit-
ations regarding the different summarization scenarios. The traditional
extractive technique LexRank complied with this restriction, whereas both
abstractive models, mLongT5 and NeMo, did not adhere to the given rules
in different summarization scenarios [Dal Cin, 2025, p. 45ff.]. This oc-
currence aligns with observations in the literature and has already been
researched heavily, e.g., early on after the emergence of LLMs in Webson
and Pavlick [2022].

The focus in the study by Webson and Pavlick [2022] is not only on re-
producibility, but the more general problem of fit between prompt and
generated output by LLMs. Therefore, their research question concerns
the semantic level and also the questionable capability of LLMs of under-
standing the meaning of what is asked of them through a prompt by the
user. Initial studies analyzed the effect of template-based prompts as well
as the effect of so-called target words, i.e., labels for classes in a classifica-
tion task [Webson and Pavlick, 2022, p. 2303ft.]. The study of connecting
prompts, the meaning behind them and the generated output through
LLMs has spawned new fields of study such as instruction tuning. This
research area is known as supervised fine-tuning, i.e., the additional train-
ing of LLMs using instruction-output pairs, see Peng et al. [2023], or more
simply on the user side, prompt engineering, see Sahoo et al. [2024]. The
latter area of interest in particular is not without criticism, or at least with
a manifold of challenges and problems, see, e.g., Geroimenko [2025] or
Zamfirescu-Pereira et al. [2023]. In turning back to the observations in
Dal Cin [2025] regarding the missed instructions by the LLM, it can be
argued that understanding the prompt, following the instructions given
by the prompt and finally being able to repeat the process multiple times
can all be subsumed under the challenge of reproducibility.
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The NLG task from Matschat [2022] and the text summarization task
from Dal Cin [2025] and two other text summarization use cases, Got-
twald [2023] and Harms [2024], will be explicitly analyzed regarding re-
producibility, see below in Section 8.2 for the methodology and results of
this case analysis. As has been mentioned in Section 4.2, in Section 5.2
and also in Table 5.1, the ability to reproduce a result given a certain in-
put can be a critical requirement and should be regarded when choosing
a method, even when the quality of the results would deem one model
as the best-performing technique. However, even when the quality of the
produced output meets the desired goal, although the output may differ
depending on the model applied as has been shown in this subsection, it
may become necessary to investigate the causes of why a certain text or
patterns within the outputs have been produced. Therefore, explainabil-
ity will be discussed based on text summarization and other tasks in the
following.

7.4.2 Explainability

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Dal Cin [2025],
Fruth [2022], Hebeis [2025], Matschat [2022] and Méglich [2025].

Previously introduced in Section 6.4.2, the research field of explainable
artificial intelligence has seen immense growth and interest due to the
rise of neural networks. The same has been the case for NLP, due to the
prevalence of LLMs in today’s research in that realm. Current LLMs are
seen as black boxes [Madsen et al., 2022], but interpretations for local ex-
planations, i.e., the reasoning behind a single decision or generation by a
model, see Section 6.4.2 for more details, can still be attempted through
various means. One such aspect can be analyzed by looking at the data
the applied language model is trained on. For the multilingual summariz-
ation task from Dal Cin [2025] and the German summaries in particular,
it was observed that several output sentences by the abstractive summar-
ization model mLongT5 are often short and syntactically simple, which
might be due to the training data for the German portion of the multi-
lingual mLongT5 model [Dal Cin, 2025, p. 42]. The training data of the
fine-tuning that was applied on the mLongT5 model®>* used for this task
concerns the sumstew!>> dataset. A major part of the German data within

154 See Uthus et al. [2023] for the main model architecture and https: //huggingface.co
/Joemgu/mlong-t5-large-sumstew/ for the concrete model.
155 See https://huggingface.co/datasets/Joemgu/sumstew/.
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the sumstew dataset is the Klexikon dataset, a joint summarization and
simplification dataset [Aumiller and Gertz, 2022]. The simplifications in-
cluded in Klexikon might explain the overall simpler sentences produced
by the mLongT5 model for German. The other languages in this summar-
ization scenario did not exhibit this behavior, since, potentially, the other
datasets lack these simplified data samples [Dal Cin, 2025, p. 23f.].

Uncertainty regarding the manner of extractive and abstractive sum-
marization is another problem concerning explainability, especially for
the mLongT5 model. The degree of extractivity can be calculated as the
“[-..] the average length of the extractive fragment to which each word in
the summary belongs” [Grusky et al., 2018, p. 712], with some threshold
defining summaries being mostly abstractive, mostly extractive or mixed.
When calculating this score, e.g., for the German datasets, a score indic-
ating mostly abstractive summaries is observed. However, after exam-
ination of the results, small grammatical mistakes and spelling errors
led to small variances compared to the source texts, which in turn led
to decreased extractivity scores [Dal Cin, 2025, p. 33f.]. After correcting
these errors and once again calculating this score, the degree of extractiv-
ity changes considerably, leading to a mixed summary, i.e., between ex-
tractive and abstractive. The degree of extractivity is just one aspect of
evaluating summarization approaches, in particular for the performance
of abstractive models and the expected abstractive summaries produced
by them. A conclusive evaluation for this feature of extractivity is only
possible after a careful analysis of the metric itself and a qualitative look
at the generated data, due to potential problems as noted in this study on
German texts.

Another observation concerns prompt-based LLMs, in this case Mis-
tral NeMo. To preserve comparability across all models, i.e., the extractive
models as well as the other neural network-based model mLongT5, which
was specifically fine-tuned for summarization purposes, the prompts
were kept mostly generic for the LLM [Dal Cin, 2025, p. 24{.]. Except for
two parameters, the prompts remained consistent across all five summar-
ization scenarios. One of two remaining parameters was the language,
meaning that the prompt was also written in the language that was used
in the source document and the desired summary.’® The second excep-
tion regards the length of the summary, which was specified with respect
to the intended usage scenario since the other models could be similarly

156 One such example in this manner reads: “Fassen Sie den folgenden Text auf Deutsch
zusammen”, or translated: “Summarize the following text in German” [Dal Cin, 2025,
p-78].
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instructed to only produce output with a given length.'>” Apart from these
usage-dependent parameters, the prompts remain generic, without any
further information regarding summarization parameters such as style,
use, context or others, see Section 7.2.2 for a discussion on these factors
in summarization evaluation. However, smaller experiments have shown
that prompts adapted to the use case of the summary are helpful in provid-
ing more context for the task and enable the LLM to provide more purpose-
ful and sensible summaries [Dal Cin, 2025, p. 63].

The NLG task from Matschat [2022] was already presented in this
chapter regarding the unstable nature of texts produced by NLG systems
in Section 7.4.1. While this attribute of the produced texts also falls within
the scope of explainability or rather lack of explainability, another obser-
vation deserves to be mentioned here. The two applied GPT-2 models in
the NLG task, see Matschat [2022, p. 32f.], offer an opportunity to differen-
tiate explainability in terms of fine-tuning. The first GPT-2 model is used
as-is, thus no additional fine-tuning regarding the NLG task was conduc-
ted, whereas the second GPT-2 model was fine-tuned in order to produce
text that is similar to the desired output. While both GPT-2 models sur-
pass the other tested approaches — LSTM and Markov chain models in
this case — regarding fluency, grammar and thematic focus, they remain
rather unstable, as was discussed in Section 7.4.1. Furthermore, after
manually comparing the quantitative results with a qualitative study, it
was found that the fine-tuned GPT-2 model not only achieved the highest
BERTScore, beating the generic GPT-2 model, but also produced the most
fitting output format that is similar to the desired layout [Matschat, 2022,
p. 62], surpassing once again the generic GPT-2 model. Therefore, when
attempting a post-hoc explanation, see Section 6.4.2 regarding explainab-
ility dimensions, the fine-tuning in this case did not change the perform-
ance regarding grammar, vocabulary and other textual features, but im-
proved upon the generic GPT-2 model regarding the fit for this specific
task.

The reinforcement learning model used in the SCST approach applied
in Fruth [2022] in order to simplify German texts on a paragraph-level
provides another perspective for explainability. More details regarding
the study on this text simplification task were already presented in Sec-
tions 7.1.1, 7.2.2 and 7.3.2. In the latter two discussions, the rewards and
scoring procedure within the reinforcement learning framework were de-
scribed, which not only required extensive adaptations due to the trans-

157 An example for this exception would be: “Summarize this text in no more than 8 sen-
tences” [Dal Cin, 2025, p. 78].
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fer from English to German, but also enabled a new means to approach
explainability for the simplification procedure. During the manual qual-
itative evaluation, the impact of certain rewards and scoring functions
have become apparent through direct links to the generated simplifica-
tions. One such link becomes obvious when analyzing the lexical sim-
plifications. Word length reductions are rated highly by the score focus-
ing on lexical complexity, which in turn encourages the text generator to
split complex German compound words in two [Fruth, 2022, p. 51f]. Asa
consequence and side effect, however, semantic modifications were pro-
duced, sometimes altering the meaning from the original texts.!*®

Other problems such as structural changes and grammaticality are com-
mon across the evaluated simplification models but are harder to directly
link to certain scores or training procedures [Fruth, 2022, p. 52ff.]. One
other observation, regarding hallucinations, as discussed in Section 7.1.1
in terms of applied measures to prevent them from appearing, is note-
worthy in this regard. While the score measuring hallucinations and, in
turn, encouraging the text generator to not produce them, was applied for
the two training runs of the k-SCST model in a comparable manner, they
both diverge during training [Fruth, 2022, p. 43]. The main model GUTS-
2, the better model overall, did not improve upon the hallucination score,
likely due to adjusted training settings and hyperparameters. In contrast,
the first model GUTS-1, while trailing behind in most other evaluated
categories, was improved drastically during training in the hallucination
score. These findings were confirmed during the qualitative evaluations
of the results, which showed more hallucinations regarding added names
for GUTS-2 than for GUTS-1 [Fruth, 2022, p. 55f.]. Conversely, the pivot
model™ added entirely new, hallucinated sentences, which did not ap-
pear for the two newly trained models [Fruth, 2022, p. 56] and is poten-
tially due to the less complex hallucination detection mechanism from
the original paper from Laban et al. [2021].

The issue of explainability was also observed for the question answer-
ing task from Moglich [2025]. The transformer-based methods, the BERT-
based system as well as the LLM Mistral Large!®?, were evaluated as having

158 These modifications can be beneficial for text simplification purposes, e.g., replacing
“Schlossrdume” (castle rooms) with “Riume” (rooms), but can also be undesirable,
e.g., replacing “Prisidentenflugzeug” (presidential plane) with “Prisident” (president)
[Fruth, 2022, p. 51f)].

159 The pivot model translates the German source text into English, simplifies the translated
text by applying the original approach from Laban et al. [2021], and translates the simpli-
fied English text back into German, see Section 7.3.2.

160 See https://mistral.ai/news/mistral-large-2407/.
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less comprehensible and explainable results in the qualitative evaluation
[Méglich, 2025, p. 58]. The traditional model concerns a simple retrieval
system based on TF-IDF scores between query and dataset. The match
between words within the query and the retrieved texts as part of the eval-
uation could be directly linked to explain both irrelevant and relevant res-
ults. Through these direct links, the issue of compound nouns in German
as cause of several errors could be identified [M6glich, 2025, p. 34]. A new
task regarding entity matching presents more perspectives regarding ex-
plainability.

The NLP task of entity matching is approached through the reconciliation
of two large authority databases, see Hebeis [2025]. This scenario is fo-
cused on the matching of person records between two data sources, one
traditional institutional authority file and one open collaborative dataset.
Seven models were applied on the entity matching task, six of which are
traditional methods and the remaining approach a more modern tech-
nique, with each model being applied using different preprocessing pro-
cedures. The evaluation was conducted quantitatively using f1-score as
well as runtime analysis and qualitatively through an analysis of incor-
rectly labeled data.

This entity matching use case is also applicable to the explainabil-
ity dimension of NLP methods, see Hebeis [2025]. Traditional mod-
els as well as modern methods were applied in the task of matching
person records. Data from the Gemeinsame Normdatei (GND)'®! and
WikiData'?, both authority file providers, were crawled, preprocessed and
used as training data. The traditional models comprise a range of differ-
ent classifiers, which each have already been referenced before in this
thesis, see mostly in Section 2.2.2 and Section 3.3, and include decision
trees, random forests, SVMs, Naive Bayes and logistic regression. XG-
Boost [Murphy, 2022, p. 619f]] is one system applied by Hebeis [2025]
that has not been mentioned yet, as an offshoot of boosting classifiers,
see Section 2.2.2 for a brief introduction to that type of classification al-
gorithms. The BERT architecture selected for this use case was DITTO
[Li et al., 2020], a system based on a sequence-pair classification task
and applied with BERT [Devlin, 2018], DistilBERT [Sanh et al., 2019] and
RoBERTa [Liu, 2019] as language models. In order to process German

161 See https://www.dnb.de/DE/Professionell/Standardisierung/GND/gnd_node.
html.
162 See https://www.wikidata.org/.
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texts included in the German authority data, a multilingual DistilBERT
variant!®® was used.

The evaluation of the entity matching approach was conducted in a
quantitative manner by calculating the f1-score and by analyzing the res-
ults statistically as well as qualitatively. Both BERT-based methods and
traditional models were able to produce strong results in terms of gen-
eral feasibility for the intended use case [Hebeis, 2025, p. 54]. A distinc-
tion becomes apparent when trying to approach explainability for the ap-
plied models. The traditional machine learning-based approaches were
in many cases able to correctly match corresponding persons between the
different authority files and even if they failed, sparse data from one of the
two data sources was to be blamed [Hebeis, 2025, p. 46ff.]. This missing
information could be identified accordingly, e.g., missing information on
a person’s birth or profession. However, qualitative evaluation revealed
flaws for the BERT-based method for people with rich metadata fields that
were correctly identified by the traditional machine learning classifiers
[Hebeis, 2025, p. 47ff.]. The reasons for this behavior remain opaque due
to the black-box nature of BERT-based classifiers.

As a contrasting point to the last observation, contextual and latent se-
mantic information could only be retrieved with the BERT-based mod-
els, which seems natural, since traditional machine learning classifi-
ers lack the capability to extract such complex or hidden information
[Hebeis, 2025, p. 50f]]. Regarding the input data, the requirement of
a schema was analyzed. While the dependence on a dedicated schema
mapping as a preprocessing requisite for mapping the metadata fields
of the two authority files seems like a clear disadvantage for the ma-
chine learning classifiers, even the BERT-based models produced bet-
ter results when provided with the schema mapping than when applied
without the schema [Hebeis, 2025, p. 52]. The improved performance us-
ing the schema mapping, as well as efficiency trade-offs, see below in Sec-
tion 7.4.3, further confirms the need for properly analyzing the results of
different models with various parameter configurations and also corrob-
orates the continued relevance of traditional models for this classification
task.

A summarizing overview of this subsection presents one overlap across
all use cases, namely the need for a qualitative evaluation in order to ex-
amine and interpret the results, which in turn enables a small-scale but
focused rationale of single generations and generated outputs, or patterns

163 See https://huggingface.co/distilbert/distilbert-base-multilingual-
cased/.
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therein. These results can be seen as a post-hoc explainability study but
are not to be considered as equal to dedicated analysis regarding XAlI, as
described, e.g., by Dwivedi et al. [2023]. To fully attempt a study regarding
explainability in modern NLP methods, the pipeline or even the machine
learning lifecycle needs to be adapted to include an understanding phase,
comprising training and quality assurance of a model, as well as an ex-
plaining phase, including a real-world deployment of the model or study
of data applied to the model [Dwivedi et al., 2023, p. 3ff.]. The focus of
the evaluations mentioned in this subsection is not on providing a com-
parable wide-reaching study on explainability, but rather on smaller-scale
interpretations for the applications in their respective use case, i.e., NLG,
text simplification and text summarization. Still, even smaller observa-
tions, e.g., the impact of certain contextual information within prompts
or an analysis of training datasets that were used in fine-tuning, can show
glimpses in order to approach explainability to some degree, and to link
observations to certain procedures and model features or parameters.

Reproducibility and explainability are both dimensions, which have
been observed in the use cases through evaluation, i.e., by analyzing the
produced results and generated texts, both quantitatively and qualitatively.
In contrast, the next dimension, efficiency, is naturally observed during
training and execution by simply tracking time or other facets such as the
expended energy and can be simply compared afterwards.

7.4.3 Efficiency

Some parts of this subsection have been inspired by supervised
theses, in particular the experimental results, see Gottwald [2023],
Harms [2024], Hebeis [2025], Matschat [2022], Mdglich [2025]
and Pulver [2023].

Efficiency as a challenge within text processing tasks can comprise not
only time-based metrics, but also other facets such as energy consump-
tion. Whereas Section 8.1 will also address the expended energy in ad-
dition to runtime, this subsection will focus on further temporal aspects,
which can be grouped into two classes: On the one hand the time that was
needed to train models, training time for short, and on the other hand the
time required when executing the models or techniques to produce the in-
dented output, inference for short. The first observations regarding the
runtime concern text summarization tasks.
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Two text summarization approaches, one focusing on a comparative
analysis across several different domain datasets by Gottwald [2023], in-
troduced in Section 7.2.2, and the other on both abstractive and extractive
summarization of school websites by Harms [2024], see Section 7.3.2, dis-
cuss the efficiency regarding the applied summarization models. In the
former approach, the T5 model [Raffel et al., 2020] was observed as be-
ing extremely inefficient in summarizing legal texts from the LegalSum
dataset [Glaser et al., 2021], requiring nearly one minute per summarized
text on a common laptop [Gottwald, 2023, p. 43], which far exceeded the
baseline models LexRank [Erkan and Radev, 2004] and TextRank [Mihal-
cea and Tarau, 2004]. The second text summarization approach paints a
similar picture. Both neural network-based approaches, Bert2Bert [Chen
et al., 2022] and LongT5 [Guo et al., 2022], take at least ten times as long
per summarization in comparison to the extractive approach LexRank
[Harms, 2024, p. 16]. In the latter approach, prompt-based LLMs were
also tested, however on a smaller scale compared to the other models. In
this brief experiment, the summarization produced by the Mixtral model
[Jiang et al., 2024] required over 100 seconds per summarization.!%*

The text generation task from Matschat [2022], as already described in
Section 7.2.2, discusses efficiency regarding two aspects. First, the applied
models in the NLG task can be grouped into models requiring a dedicated
training phase and into models that can be used as-is without training.
The LSTM model as well as the fine-tuned GPT-2 approach both included
dedicated training phases, with correspondingly increased hardware re-
quirements, see Matschat [2022, p. 39f.]. The other three applied models
did not require a separate training phase, i.e., on the one hand the generic
GPT-2 without fine-tuning and on the other hand both Markov chain ap-
proaches. As for the second aspect regarding efficiency for this NLG task,
the models were characterized briefly in the interpretation of the results.
The LSTM model was noted as the worst-performing model, not only in
terms of quality of the generated texts, but also in terms of training and
processing time when generating the results [Matschat, 2022, p. 61]. In
contrast, the Markov chain models provide decent results with drastically
lower resource requirements, while GPT-2 can be recommended due to
the overall best results in both variants. The two GPT-2 versions are only
slightly disparate, since only the fine-tuned version was able to reproduce
the desired layout in the outputs, see Section 7.4.1, while, however, also
requiring the additional fine-tuning phase [Matschat, 2022, p. 62]. The

164 A more detailed analysis of efficiency for the runtime as well as energy consumption for
both text summarization use cases will be presented below in Section 8.1.
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generic GPT-2 approach did not perform as well regarding the desired
layout but otherwise produced results of a similarly high quality.'®

The question answering scenario introduced in Section 7.1.2 also noted
the drastically more efficient performance of the TF-IDF model in contrast
to the BERT-based model [Mdglich, 2025, p. 58]. Furthermore, efficiency
in both runtime and required resources were also noted as advantages of
TE-IDF in contrast to the evaluated modern methods, in this case Mistral
Large and the BERT-based system [Moglich, 2025, p. 53]. As part of the en-
tity matching scenario presented in Section 7.4.2 from Hebeis [2025], effi-
ciency was also evaluated, especially regarding the training process. The
training for the best-performing machine learning classifiers, here ran-
dom forest and XGBoost, was measured between 0.33 and 3.19 seconds,
whereas the fine-tuning of the BERT-based models are at least an or-
der of magnitude slower, taking between 47.20 and 169.58 seconds, see
Hebeis [2025, p. 43£.].

Another dimension regarding efficiency can be approached by analyz-
ing the required dataset size. For the entity matching study, different
subsets of the training data were used to study the impact of the dataset
size. In this case, between 1,000 and 10,000 record pairs were used to train
each of the classifiers, with increments of 1,000, thus ten different dataset
sizes were tested [Hebeis, 2025, p. 39f.]. The analysis of dataset sizes re-
veals the dependence of BERT-based models on a certain minimum data-
set size due to performance drops when applying smaller datasets, while
the top performing machine learning classifiers instead perform drastic-
ally better compared to modern systems even with the smallest datasets
and almost consistently outperform the BERT-based model [Hebeis, 2025,
p. 44f.]. While the performance of BERT-based models converges towards
the performance of the best machine learning classifiers with the largest
datasets, the dataset used here might still be too small to fully capture the
capabilities of neural networks.!®® Apart from size, the type and struc-
turedness of data, as always for any NLP task, plays a role as well. When
purely focusing on tabular authority data that is highly structured, the
machine learning classifiers beat the more complex and computationally
more intensive BERT-based models [Hebeis, 2025, p. 43], which was also
confirmed by Mudgal et al. [2018, p. 27]. It is noteworthy that regardless of

165 As with the two summarization methods from above in this subsection, the NLG ap-
proach will be analyzed in both runtime and energy dimensions in more detail in Sec-
tion 8.1.

166 Similar studies regarding the required dataset size have been conducted, see, e.g., Prusa
et al. [2015], Nguyen et al. [2021] or Zhao and Chen [2022].
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model type, training using larger datasets also increases the training time
accordingly, which might be obvious, but should still be stated explicitly.

The already presented approach on information extraction from Pul-
ver [2023] in Section 7.3.1 was also tested regarding efficiency for both
processing time and dataset size. Two models are the clear leading ap-
proaches in this use case: On the one hand a traditional Naive Bayes classi-
fier and on the other hand the FastText classifier [Bojanowski et al., 2017,
itself an extension of the skip-gram model based on word2vec [Mikolov
etal., 2013]. Both produce comparable results in terms of accuracy on the
business type identification task, with a small lead for the FastText classi-
fier, while the efficiency evaluation regarding runtime shows a small ad-
vantage for the Naive Bayes classifier, with the other two tested classifiers,
SVM and decision trees, trailing behind in both dimensions [Pulver, 2023,
p. 44ff.]. The two leading classifiers are presented with three dimensions
in Figure 7.2, i.e., accuracy, performance and processed dataset size.
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Figure 7.2: Quantitative evaluation results from the information extraction task
on business types. Accuracy (in black) and runtime (in green) of Naive
Bayes and FastText classifiers are shown, in addition to the dataset size.
Adapted from Pulver [2023].

When considering the dataset size, Naive Bayes outperforms FastText

in terms of accuracy with the smallest dataset split, while FastText quickly
catches up with increasing dataset sizes and surpasses the Naive Bayes
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performance slightly for the full dataset [Pulver, 2023, p. 61f.]. Naive Bayes
and FastText classifiers show a similar trend in terms of runtime, albeit
with advantages for the former approach.!” Therefore, while the tradi-
tional model is the leading model in the efficiency evaluation by a slight
margin, the FastText classifier performs best in case of accuracy for the
larger dataset split. Once again, a use case analysis is advisable for sim-
ilar scenarios since only an evaluation with multiple distinct parameters
can showcase the comparable nature of two markedly different models
that perform remarkably similarly.

Some of the use cases presented in this subsection will be more closely
inspected regarding efficiency below in Section 8.1. Similarly, reproducib-
ility, as already discussed in Section 7.4.1, will also be analyzed for some
of the use cases in Section 8.2. Both runtime in Section 8.1.1 and energy
consumption in Section 8.1.2 will be analyzed separately with a quantitat-
ive study for tasks in NLG and text summarization and will support the
findings from this subsection.

Now that a wide-ranging selection of use cases, with observations, eval-
uations, both quantitative and qualitative, and corresponding restrictions
and limitations have been presented, a collection of benefits available by
using traditional models can be gathered. The benefits will be compiled
next, in Chapter 8. The competitive nature of traditional models in certain
use cases, as affirmation of research question o, can be confirmed for the
entity matching task discussed in Section 7.4.2, for the information extrac-
tion task introduced in Section 7.3.1 and lastly for the text classification
task detailed in Section 7.3.2, while other tasks such as simplification and
summarization tasks are applied more successfully by LLM-based meth-
ods.

167 The SVM model required nearly 2,000 seconds and the decision tree model took over
7,500 seconds when processing the largest possible dataset respectively, i.e., trailing be-
hind both Naives Bayes and FastText techniques [Pulver, 2023, p. 63f.].
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Approaches

The application of traditional approaches on current NLP tasks, while not
completely missing in current literature, see Section 4.1 and Jegan and
Henrich [2025a], has been relegated to a minuscule weight when com-
pared to the commanding significance of LLMs in recent years. The per-
formance in many tasks is indeed impressive, but problems are mani-
fold, as has been presented in Chapter 6 and further in the preceding
Chapter 7 by showcasing use cases with corresponding observations for
all mentioned challenges. In this chapter, a different perspective will be
applied, i.e., not drawbacks of modern methods but rather benefits and
advantages by explicitly choosing traditional models as replacement or
complement to modern methods. Therefore, research question @) - con-
cerning the benefits provided by using traditional approaches — will be
directly answered in this chapter.

The benefits, features and traits of traditional models, as they were first
briefly laid out in Section 2.5, will be analyzed through the lens of some
of the use cases already presented above in Chapter 7. This analysis will
culminate in a renewed attempt at another definition of traditional tech-
niques in Section 8.6. In order to do so, a selection of use cases will be
thoroughly studied regarding the following characteristics: Efficiency in
Section 8.1 both in terms of runtime in Section 8.1.1 and energy consump-
tion in Section 8.1.2, reproducibility in Section 8.2, ease of use and docu-
mentation in Section 8.3, explainability in Section 8.4 and the applicability
of hybrid approaches in Section 8.5. Whereas some of these sections will
be focusing on quantitative evaluations, such as both variants of efficiency
in Section 8.1.1 and Section 8.1.2, others will be evaluated in a more qual-
itative and interpretative manner, e.g., Section 8.4 and Section 8.5. Effi-
ciency as a characteristic of use cases regarding traditional models will be
discussed first in Section 8.1.
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8.1 Efficiency

The goal of the efficiency analysis was to comprehensively analyze all NLP
applications, which were presented above in Chapter 7. It became appar-
ent quickly that not all methods could be analyzed in a streamlined, struc-
tured and uniform manner, due to several reasons. The major problems
noticed in this study were the setup of development environments and the
execution of the provided scripts. Reasons for these issues include docu-
mentation flaws, compatibility issues with newer systems, inconsistent
package versioning and more. Additional time constraints did not allow
a comprehensive analysis of all use cases from above, and therefore only
a selection of the discussed applications can be presented in this section.
The same problems also affect the subsequent Section 8.2.

Efficiency as a feature of NLP systems can be interpreted in several dif-
ferent ways. The first concerns the time spent processing the input data
to create the desired output. Other related aspects of language models,
such as the training of these models, are relevant of course, but will not
be analyzed in this section, see Kaplan et al. [2020] or Naveed et al. [2025]
for more details. Instead, inference, meaning the execution of the mod-
els, techniques or approaches, either run locally or applied remotely via
API'%8 will be the focus of Section 8.1.1. In addition to an analysis of
runtime, the second dimension regarding efficiency concerns energy con-
sumption, see Section 8.1.2, once again focused on measurements dur-
ing execution, and explicitly not on training or prior steps in preparing
the models. While both dimensions certainly have an interlocking rela-
tionship, meaning longer runtime usually resulting in higher energy con-
sumption, a direct correspondence is not necessarily the case. Energy
consumption can vary due to the utilization of CPUs or GPUs at capacity,
i.e., a hardware component at full load will consume more energy than at
a lower capacity, and vice versa. More details will be presented next.

168 Tocal analysis of energy and runtime will be presented in detail, whereas metadata of re-
mote executions of models via API requests, such as the OpenAl platform for executing
GPT models, see https://platform.openai.com/, is not available to the same extent.
This lack of transparency of remotely hosted commercial models, often closed source
and with fewer insights into parametrization or other details, was already discussed in
Section 4.2.
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8 Benefits of Using Traditional Approaches

The following NLP tasks were surveyed in this section:

« Natural language generation, as implemented in Matschat [2022]
and described earlier in Section 7.2.2 and also in Sections 7.4.1
to 7.4.3.

« Text summarization of German domain corpora, as implemented in
Gottwald [2023] and described earlier in Section 7.2.2 and also in
Sections 7.3.2 and 7.4.3.

- Text summarization of German school websites, as implemented in
Harms [2024] and described earlier in Section 7.3.2 and also in Sec-
tion 7.4.3.

« Text summarization of multilingual datasets, as implemented in
Dal Cin [2025] and described earlier in Section 7.1.2 and also in Sec-
tions 7.2.2,7.3.2,7.4.1 and 7.4.2.

Brief notes regarding the respective task setup and evaluation methodo-
logy for each application scenario will be given in the following.

The measurements for the NLG task presented in Tables 8.1 and 8.5
concern the generation of text based on source texts. 500 texts were
generated for each model, as done in the original implementation in
Matschat [2022, p. 40f]. The applied models comprise two Markov
chains [Jurafsky and Martin, 2024, p. 369f.], one provided with longer
input source text and one with just a single word, as was noted in
literature research regarding Markov chains for NLG purposes, see
Matschat [2022, p. 30]. In addition, one LSTM-based system [Hochreiter
and Schmidhuber, 1997] and lastly two GPT-2 approaches [Radford
et al., 2019] were used, one being a generic model and the other a cus-
tom GPT-2 model, fine-tuned for this NLG task.

The measurements for the summarization task detailed in Tables 8.2
and 8.6 present the summarization of texts for German domain cor-
pora. While several datasets were tested, experiments regarding efficiency
showed comparable results for all four datasets.!®® Therefore, only the res-
ults for LegalSum are presented here, with a selection of 1,000 processed
texts from this dataset. In terms of applied models, LexRank [Erkan and
Radev, 2004] and TextRank [Mihalcea and Tarau, 2004] were tested as tra-
ditional models and as baselines, while Bert2Bert [Chen et al., 2022], MT5

169 The four datasets in this study were LegalSum [Glaser et al., 2021], MLSUM [Scia-
lom et al., 2020], WikiLingua [Ladhak et al., 2020] and XWikis [Perez-Beltrachini and
Lapata, 2021], see more details in Section 7.3.2 and Gottwald [2023, p. 28ff.].
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[Xue et al., 2021], Pegasus [Zhang et al., 2020a] and T5 [Raffel et al., 2020]
were chosen as representatives of modern models, see Section 7.3.2 and
Gottwald [2023, p. 32fF].

The measurements for the next summarization task in Tables 8.3
and 8.7 detail the summarization of texts from school websites in Ger-
man. The primary dataset used in these experiments concerns school
websites that were crawled manually and which was created specifically
for this application scenario, see Harms [2024, p. 10f.]. Similar to the pre-
vious summarization use case, 1,000 summaries were processed by apply-
ing four different models. LexRank [Erkan and Radev, 2004] was chosen
as traditional extractive model and Bert2Bert [Chen et al., 2022], LongT5
[Guo et al., 2022] as well as Mixtral [Jiang et al., 2024] were applied as
representatives of modern neural network-based methods, the latter also
being a chat-based LLM.

The measurements for the last summarization task in Tables 8.4 and 8.8
showcase the summarization of data from different domains and differ-
ent languages. Four languages were tested, English, French, German and
Italian, with datasets concerning data from domains such as emails [Klimt
and Yang, 2004], news [Grusky et al., 2018], research publications'’?,
school materials'”! and websites'’2. Three models were tested here, once
again LexRank [Erkan and Radev, 2004] as traditional extractive model,
mLongT5 [Uthus et al., 2023] as transformer-based system and finally as
chat-based LLM, Mistral NeMo!73.

8.1.1 Runtime

The runtime was measured by adding timestamps to the implementation,
using the timeit!’* library, which is part of the standard Python library
set. Since use cases with widely different goals were analyzed, the fo-
cus was to measure only the execution of the respective main procedures.
The runtime was therefore simply measured by logging timestamps, start-
ing with the main procedure of the use case up until the pre-determined

170 Acquired from TermITH, a French organization for terminology and indexation of full
scientific papers in humanities and social sciences, see https://www.ortolang.fr/
market/corpora/termith/.

171 Retrieved by the author of the Master’s thesis Dal Cin [2025, p. 20ff.] by crawling websites
that offer educational materials for students.

172 The creation of this dataset mirrors the school dataset, see the previous Footnote 171,
only using a set of multilingual websites on a number of topics such as tourism or public
health, see Dal Cin [2025, p. 20ff.).

173 See https://mistral.ai/news/mistral-nemo/.

174 See https://docs.python.org/3/1library/timeit.html.
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amount of output has been produced. Since many of the text processing
tasks presented below took longer than several days to conclude, time con-
straints did not permit repeated runs of the full executions. To accommod-
ate for this shortcoming, all experiments were run multiple times with
smaller datasets.!”®> Since the execution of neural networks is in many
cases optimized for or at least benefits from the usage of dedicated GPUs,
the analysis was conducted by applying the processing on different sys-
tems, one system without a dedicated GPU and two systems with a dedic-
ated GPU. The first machine (S1 in the tables below), which represents an
off-the-shelf laptop, was a Lenovo ThinkPad X13 Yoga, with an Intel 11th
generation i7-1185G7 CPU and 32GB of Random Access Memory (RAM).
The second machine (S2) used an Intel 9th generation i7-9700 CPU, 64GB
of RAM and an Nvidia GeForce GTX 1050 Ti GPU with 4GB of Video Ran-
dom Access Memory (VRAM), while the third system (S3) included an
AMD Ryzen 7 7700 CPU, 64GB of RAM and a Nvidia GeForce RTX 5070
Ti GPU with 16GB of VRAM.

The implementations, as listed above in Section 8.1, differed drastically
in their project structure, installation demands and generally in getting
the processing up and running. To simplify the workflow, all implement-
ations were containerized by using Docker.!”® This Platform as a Ser-
vice (PaaS) software product streamlines the build, install and execution
workflow through one software stack in order to be run on different sys-
tems without additional effort in configuring software environments and
package dependencies, which allowed the efficiency analysis regardless
of applied systems, see the systems specifications from above. All exper-
iments were conducted without any parallelization or batch processing
to accurately reflect the efficiency regarding sequential processing. This
sequential operation was chosen to enable a direct comparison between
methods without giving any unfair advantage to methods with a higher po-
tential for parallelization.”” Increased processing speeds through GPU
offload of neural network-based processing was however applied for the
systems that supported it and the modern techniques that were able to be
processed in this manner.

175 The full statistics for these smaller-scale experiments can be retrieved at https://gi
thub.com/robinjegan/dissertation-experiments/blob/main/efficiency-
results_v2.xlsx in the second, third and fourth tab. The results therein confirm the
findings from this section.

176 See https://www.docker . com/.

177 Further consideration of parallelization and batch processing regarding efficiency for tra-
ditional and modern methods would be an interesting perspective of future work.
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The measured runtimes are presented in Tables 8.1 to 8.4.178 The
NLG task, first introduced in Section 7.2.2 from Matschat [2022], con-
cerns Table 8.1. For the summarization tasks, results for the scenario pro-
cessing German domain corpora, also introduced in Section 7.2.2 from
Gottwald [2023] are detailed in Table 8.2, and likewise for German school
websites, introduced in Section 7.3.2 from Harms [2024] in Table 8.3. Fi-
nally, the summarization task for multilingual data, introduced in Sec-
tion 7.1.2 from Dal Cin [2025], is presented in Table 8.4. For the traditional
methods in all Tables 8.1 to 8.4, measurements were only conducted for
experiments using CPU-only executions, since they do not benefit from
the addition of dedicated GPUs to speed up the processing. Thus, for
systems S2 and S3 values n/a are given for all traditional models in the
columns representing the GPU-aided experiments.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

Markov 4,984 4,567 n/a 3,355 n/a

Markov (One Word) 2,264 1,977 n/a 1,472 n/a
LSTM 157,303 237,868 7 85,004 85,591
GPT-2 15,827 16,106 % 16,068 3,627

GPT-2 (Fine-tuned) 17,448 20,598 g 15,579 5,349

Table 8.1: Quantitative results of runtime analysis in seconds for the NLG applic-
ation generating 500 texts. S1, S2 and S3 denote the different systems
used. For details regarding systems specifications, see the beginning of
Section 8.1.1. The % symbol denotes problems occurring when apply-
ing the older GPU from S2, see details in Footnote 178. Lower values
across all tables are desired, i.e., for Tables 8.1 to 8.4 lower values rep-
resent faster processing runtimes. The same systems and restrictions
were observed in all following tables.

For the first task on NLG, presented in Table 8.1, moderate runtime
improvements are observed for the traditional models, the Markov mod-
els in this case, when compared to the modern systems. The addition
of GPU processing, however, drastically improves the performance of the

178 Due to the recent release of the Blackwell GPU architecture of Nvidia, not all applications
were able to be executed using the newest GPU hardware in this analysis. For example,
the LSTM model in the NLG task is using libraries that are not yet compatible with these
newest GPUs, as of November 2025, see https://github.com/tensorflow/tens
orflow/issues/89272/. In contrast, the older Pascal architecture from system S2 is
already too old to be compatible with some of the transformer-based implementations
from Section 8.1. Therefore, these issues prevent the use of an older GPU from S2 as
comparison point in some cases to a more recent GPU from $3.
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GPT-2 model for S3. Combined with the task-leading quality of the gener-
ated texts by the GPT-2 models, see the discussion of qualitative results for
this use case above in Section 7.2.2, the somewhat comparable runtime of
the GPU-aided GPT-2 model in comparison to the Markov models would
seem to present the best cost-to-performance balance for this use case.
The model trailing behind, LSTM, received the worst scores across all
models, by a significant margin. The observed lacking quality of texts by
this model shows its inability in processing this task across several eval-
uation dimensions. Additionally, the use of the GPU did not lead to an
increase in processing speed but instead led to a slight decrease potentially
due to insufficient optimization efforts for the LSTM implementation. As
for S2, slightly better performance can be noted for the traditional models
— both Markov techniques — in comparison to S1 but not for $3, while the
more modern techniques are trailing behind across all tested configura-
tions for S2.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

LexRank 564 327 n/a 283 n/a
TextRank 484 331 n/a 242 n/a
TS 7,080 5,983 2 4,285 2,386
Pegasus 14,940 10,913 ] 8,901 3,653
MT5 7,131 5,920 7 5,649 3773
Bert2Bert 6,648 5,850 ] 4,099 2,966

Table 8.2: Quantitative results of runtime analysis in seconds for the task text sum-
marization of German domain corpora generating 1,000 texts. See de-
tails on the terminology and iconography in Table 8.1.

The first summarization task on German domain corpora, presented in
Table 8.2, shows more clear runtime differences across the models. The
two traditional models, both extractive techniques, LexRank and TextRank,
are processed much more quickly than all tested abstractive models, by at
least one order of magnitude across all tested systems. In the end, the
two abstractive models that scored highest in both runtime analysis and
in the qualitative manual evaluation, Bert2Bert and mT5, are either the
most efficient abstractive models, in case of Bert2Bert, or only slightly be-
hind, for mT5. The worst performing model in terms of runtime, the Pe-
gasus model, also produced qualitatively inadequate summaries, due to,
e.g., problems with German special characters, such as the umlaut [Got-
twald, 2023, p. 40], see Section 7.3.2. LexRank, while processing slightly
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slower than the other traditional model, was observed to produce more
coherent texts than TextRank, and thus would provide a drastically more
efficient alternative to abstractive models, albeit with worse qualitatively
evaluated summaries [Gottwald, 2023, p. 45f.]. The three systems pro-
duce processing runtimes that correspond to their hardware capabilities,
i.e., the most performant S3 leading in these results, with S2 trailing be-
hind and S1 scoring the worst. The addition of the GPU in S3 leads to
a significant processing speedup, ranging from 28% for Bert2Bert up to
59% for Pegasus.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

LexRank 91 99 n/a 63 n/a

BERT 3,049 2,963 2 1,481 387
mLongT5 57,276 24,335 4 18,414 2,209
Mixtral 252,902 124,586 71,435 42,376 11,735

Table 8.3: Quantitative results of runtime analysis in seconds for the task text sum-
marization of German school websites generating 1,000 texts. See de-
tails on the terminology and iconography in Table 8.1.

For the second summarization task, processing data from school web-
sites, the same observations from the previous Table 8.2 can also be noted
in Table 8.3. The traditional model, here LexRank, is drastically more
efficient in terms of runtime than competing abstractive models. The dif-
ferences for the three abstractive models are more pronounced than in
Table 8.2. The BERT model produces summaries much quicker when
compared to mLongT5 and even more so than Mixtral, at least for S1.
These observations differ for the other systems, due to more working
memory, faster CPU and better cooling without thermal throttling for
S3. These hardware improvements are noticeable due to better optimiza-
tions regarding the available hardware for the locally run LLM Mixtral.”?
The addition of GPU-enabled processing improved the performance for
all three applicable abstractive methods by cutting the runtime by at least
72% compared to the CPU-only version, for S3. When also factoring in the
qualitative evaluation from Harms [2024, p. 24f.], the LLM produces the
best summaries across several qualitative dimensions. A trade-off regard-
ing runtime and textual quality needs to be met since Mixtral improves

179 The applied software, LMStudio, see https://1lmstudio.ai/, offers more detailed
hardware settings for locally run LLMs than other transformer-based language models
such has BERT or T5.
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upon all other systems drastically, while trailing behind in runtime. As for
the other abstractive models, BERT and mLongT5 only achieve competit-
ive qualitative scores with LexRank while being much more inefficient in
runtime [Harms, 2024, p. 211f.]. As for S2, interestingly, Mixtral was pro-
cessed twice as fast when using the CPU from S2 when compared to S1,
which can be explained through higher power draw, as was already ob-
served for S3, see Footnote 179. The improvements of the GPU-assisted
version of S2 trail behind the increase from S3 but nevertheless achieve
a decrease in terms of runtime by 42% when compared to the CPU-only
version. The reason for this difference lies in the slower and older GPU

with less VRAM when compared to S3.

Table 8.4: Quantitative results of runtime analysis in seconds for the task text sum-
marization of multilingual data processing different datasets. See de-

The last summarization task, in Table 8.4, processes multilingual data
for five different domains. The noted values are all drastically lower than
the values for Tables 8.1 to 8.3, which is due to smaller datasets that were
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Model S1 S2 S2 S3 S3
CPU GPU CPU GPU
Email-Dataset — English
LexRank 178 194 n/a 166 n/a
mLongT5 545 349 657 198 60.5
Mistral NeMo 1,446 704 180 418 9.60
News-Dataset — English
LexRank 1.70 1.78 n/a 1.62 n/a
mLongT5 282 239 241 141 50.0
Mistral NeMo 763 370 152 203 7.94
Papers-Dataset — French
LexRank 3.32 3.50 n/a 2.48 n/a
mLongT5 1,330 688 655 670 50.1
Mistral NeMo 2,797 1,539 339 853 16.5
School-Dataset — German
LexRank 3.72 4.27 n/a 3.41 n/a
mLongT5 879 498 499 295 78.1
Mistral NeMo 3,277 1,709 961 994 45.6
Web-Dataset — Italian
LexRank 1.99 2.15 n/a 1.76 n/a
mLongT5 237 189 194 111 40.2
Mistral NeMo 2,310 1,297 424 689 17.0

tails on the terminology and iconography in Table 8.1.
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processed in this use case.!® Still, even for a smaller number of texts, ef-
ficiency measurements for the runtime are noteworthy. LexRank, once
again, produces task-leading efficiency scores. The abstractive models
trail behind, much more drastically in the CPU-only execution runs, while
the addition of GPU processing enhances the performance for both mT5
and Mistral NeMo dramatically for S3. The improvements for the lat-
ter are more noticeable than for the former, due to the same hardware
optimization processes noted for the second summarization task from
Table 8.3 available for modern LLMs, see Footnote 179, at least for S3.
The modern LLM Mistral NeMo produces the best summaries when eval-
uated qualitatively, besting the extractive technique LexRank and the pre-
trained language model mLongT5 [Dal Cin, 2025, p. 60ff.]. However, due
to the drastic differences in terms of runtime, LexRank was noted as a
cost-effective alternative for the news and website domains in particular
[Dal Cin, 2025, p. 65f.]. S2 also improves the runtime performance by
adding GPU capabilities, at least for Mistral NeMo. The processing of
mLongT5 is roughly comparable regardless of GPU usage or not. One
exception to this last observation can be noted for the email dataset with
its runtime increasing by 88% for S2 when using the GPU-assisted con-
figuration compared to the CPU-only variant. One possible explanation
might be the type of text included in this dataset, which consists of several
emails per text document that is intended to be summarized. The data-
set variant used in the efficiency experiments includes all metadata and
HTML markup from the email threads, which might cause the mLongT5
model to process these files more slowly when applying the older GPU
used in S2, since the parallel processing on both CPU and GPU might
lead to inefficient overhead computations.

The traditional models are processed more quickly than modern sys-
tems across nearly all observed tasks and systems, see Tables 8.1 to 8.4, the
only exception being the GPU-assisted GPT-2 version of S3 in the NLG-
task, see Table 8.1. However, the quality of the output differs, and in cer-
tain tasks, e.g., the NLG task from Table 8.1, the quality of the generated
texts by the modern systems surpasses the texts produced by traditional
models by such a degree that the efficiency advantages cannot compensate
for the decreased quality. In other tasks, such as the summarization tasks
from Tables 8.3 and 8.4, traditional and extractive models present a cost-
effective alternative to more inefficient models, with textual quality that is

180 The smaller datasets comprise between four and ten texts, due to limitations when creat-
ing the manually built datasets from Dal Cin [2025, p. 12ff.] and to maintain comparab-
ility between the datasets.
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trailing behind. In the end, a trade-off between quality and efficiency can
be met here with either traditional models or modern methods, depend-
ing on which factor reigns supreme. Efficiency will be analyzed according
to another dimension in the next section, i.e., energy consumption.

8.1.2 Energy Consumption

Due to the complexity of modern systems, with CPU, GPU, working
memory, hard drives and even network interfaces consuming energy,
clearly separating the energy expended solely for a concrete NLP pro-
cessing task is hard to break down. While physical power tracking, using
external power meters, see Section 6.4.3, provides the most accurate track-
ing for a whole system, software-based tools have been shown to correlate
strongly with hardware-based versions, see Jay et al. [2023, p. 111]. Addi-
tionally, software-based power tracking allows the separation of the power
draw between hardware components, thus, e.g., the energy expended for
the CPU can be analyzed separately from the GPU. Based on the results
of the experiments from Jay et al. [2023, p. 116], the authors recommend
several software-based methods, first and foremost Code Carbon'8! for
analyzing the power consumption of approaches applied using Python.
Code Carbon not only measures CPU and GPU power draw separately,
but also the energy consumed by the working memory and the expended
carbon dioxide emissions. 82

The energy consumption measurements are presented in Tables 8.5
to 8.8. Three systems were used once again, abbreviated as S1, S2 and
S3, with the same specifications as mentioned at the beginning of Sec-
tion 8.1.1. The NLG task, first introduced in Section 7.2.2 and see also
Matschat [2022], concerns Table 8.5. For the summarization tasks, results
for the scenario processing German domain corpora, introduced in Sec-
tion 7.2.2 from Gottwald [2023] are detailed in Table 8.6, and likewise for
German school websites, introduced in Section 7.3.2 from Harms [2024]
in Table 8.7 and finally for multilingual data, introduced in Section 7.1.2

181 See https://github.com/mlco2/codecarbon/.

182 The methodology of the measured data is referenced at https://mlco2.github.i
o/codecarbon/methodology.html. While the carbon dioxide emissions are only
an estimate, the calculations include adjustments regarding the country, for which an
average of energy sources are used, i.e., which type of energy production is common in
the respective country (such as low-carbon fuels, e.g., solar power or hydroelectricity, but
also fossil fuels such as coal or natural gas and even nuclear sources).
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from Dal Cin [2025] in Table 8.8 respectively.!®> The measurements in
Tables 8.5 to 8.8 represent the total expended energy measured by the
respective system for the quoted task, in terms of total energy, i.e., CPU,
working memory, and if applicable, GPU, all combined in kWh, meaning
kilowatt-hour.'®* The same restrictions regarding the older GPU used in
S2 are once again of concern for the energy consumption analysis, simil-
arly to the runtime analysis from above, see Section 8.1.1.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

Markov 0.027 0.056 nja 0.05 n/a
Markov (One Word)  0.012  0.024 n/a  0.022 n/a
LSTM 1.049 3.47 7 0.77 1.45
GPT-2 0.087  0.20 7 0.24 0.12

GPT-2 (Fine-tuned)  0.095  0.25 i 0.23 0.15

Table 8.5: Quantitative results of energy tracking in kWh for the NLG application
generating 500 texts. Lower values across all tables are desired, i.e.,
for Tables 8.5 to 8.8 lower values represent lower energy consumption
during processing. See details on the terminology and iconography in
Table 8.1.

The energy consumption of the models applied on the NLG task aligns
well with the runtime measurements from Table 8.1. The traditional
Markov models are task-leading, i.e., they consume the least amount of
energy by a significant margin. The LSTM model is once again trailing
behind all other models, which is natural, due to the longest processing
time, as measured in Table 8.1. The impact of adding an additional com-
ponent, the GPU, to the processing can be observed here as well. While
the GPU naturally consumes an additional amount of energy, the speed
up due to optimized processing compensates for this additional power
draw by decreasing the processing time in so far, that the GPT-2 models
using the GPU both consumed less energy than the CPU-only version re-
spectively, because the processing time was also drastically shorter. The

183 The same restriction for energy tracking as was observed for the runtime analysis from
Footnote 178 applies here as well, regarding incompatibility of GPU architectures with
the applied implementations from the beginning of Section 8.1.

184 CodeCarbon provides detailed measurements, i.e., the consumed energy by different
hardware components is tracked separately. Due to legibility and to keep the tables
from becoming too cumbersome, the combined sum of expended energy was chosen
for Tables 8.5 to 8.8. The full statistics with measurements for each component are avail-
able at https://github.com/robinjegan/dissertation-experiments/blob/mai
n/efficiency-results.xlsx.
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LSTM model, conversely, did not improve in processing speed by adding
the GPU, which resulted in higher power draw, and almost doubled the
power draw compared to the CPU-only version. When comparing the tra-
ditional and modern techniques, the same outcome as for the runtime
analysis can be observed. Traditional models are much more efficient,
however, as noted, the quality of the produced texts trails behind the mod-
ern methods, see Section 7.2.2.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

LexRank  0.0038  0.0048 n/a 0.0047 n/a
TextRank  0.0032  0.0048 n/a 0.0041 n/a

5 0.047 0.087 % 0.062  0.066
Pegasus 0.10 0.16 7 0.13 0.11

MT5 0.048 0.086 % 0.082  0.092

Bert2Bert  0.044 0.085 % 0.060  0.073

Table 8.6: Quantitative results of energy tracking in kWh for the task text summar-
ization of German domain corpora generating 1,000 texts. See details
on the terminology and iconography in Tables 8.1 and 8.5.

The first summarization task, which processes the German domain cor-
pora datasets, measured in Table 8.6, also aligns well with the runtime
measurements from Table 8.2. Traditional models are more energy ef-
ficient by roughly one order of magnitude compared to all other meas-
ured techniques. The two abstractive models that produced the most
appropriate summaries as confirmed by the qualitative evaluation, i.e.,
Bert2Bert and mT5, include the most efficient neural network-based
model, Bert2Bert, with mT5 only trailing slightly behind. The Pegasus
model once again performs worse, consuming about double the energy
of the other modern models. The two traditional models consume sim-
ilar amounts of energy, too, with slight advantages for TextRank, whereas
LexRank was shown to provide better summaries when evaluated qual-
itatively although still trailing behind the best modern techniques [Got-
twald, 2023, p. 45f1.]. Across the systems, energy consumption increases
for CPUs with higher power draw, see the increase for all models from S1
to S2, whereas the newer, more efficient architecture of S3 leads to small
energy improvements for the CPU-only configurations compared to S2
across the board. The addition of the GPU, while improving the runtime
for S3, see Table 8.2, did not lead to increased energy consumption, due
to lower runtimes despite the higher power draw.
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Model s1 S2 S2 S3 S3
CPU GPU CPU GPU

LexRank  0.00060  0.0014 n/a 0.00090 n/a
BERT 0.020 0.043 4 0.022  0.014

mLongT5 0.38 0.35 4 0.27 0.10
Mixtral 9.27@ 9.69 5.56 6.45 1.95

Table 8.7: Quantitative results of energy tracking in kWh for the task text summar-
ization of German school websites generating 1,000 texts. See details on
the terminology and iconography in Tables 8.1 and 8.5.

The second summarization task from Table 8.7, which processes a data-
set of school websites, confirms the findings of the prior experiments re-
garding energy consumption and the runtime analysis from Table 8.3 as
well. LexRank as traditional model provides the most efficient summar-
ization processing by far, with all modern methods trailing far behind. A
staggered observation can be drawn, i.e., the BERT model being the most
efficient neural network-based model, while being much more inefficient
than LexRank. mLongT5 and Mixtral provide even worse results when
observing the CPU-only versions. The drastically increased power draw
in Table 8.7 for Mixtral measured by S1, marked as (a), can be explained
with a higher wattage enabled by the Mixtral implementation. Here, 120
W are drawn for the CPU, contrasted to only 14 W for the other models in
this experiment for S1. If this power draw is considered with the other ob-
served values, they fall right in line with the other measurements.'®> The
same observation can be confirmed for the other systems when using Mix-
tral. All modern methods once again profit from the addition of the GPU
for S3, most noticeably for Mixtral, its energy consumption being cut by
70%, confirming the findings of the speed up for runtime, see Table 8.3.
The improved hardware, which for Mixtral resulted in much quicker pro-
cessing even for the CPU-only version of S3, see Table 8.3, also led to a
slight advantage in comparison to S1, however to a lesser degree, since
the improved hardware also led to a higher power draw. In the end, a
trade-off between LexRank, being most efficient but displaying purely ex-
tractive summaries, and BERT, displaying capable abstractive summaries
but also being less efficient, and finally Mixtral, being highly inefficient
but producing the best summaries, has to be considered. The findings

185 Full power measurements for CPU, working memory and GPU, if applicable, are avail-
able at https://github.com/robinjegan/dissertation-experiments/blob/mai
n/efficiency-results.xlsx.
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for S2 also confirm the results from the runtime analysis in Table 8.3,
i.e., the addition of the GPU for the Mixtral model leading to decreased
energy consumption overall, while still trailing behind the more modern
hardware from S3.

Model S1 S2 S2 S3 S3
CPU GPU CPU GPU

Email-Dataset — English

LexRank 0.000002  0.000005 n/a 0.000002 n/a
mLongT5 0.0036 0.0051 0.0096 0.0029 0.0018
Mistral NeMo 0.0096 0.010 0.0026 0.0061 0.00056

News-Dataset — English

LexRank 0.000001  0.000003 n/a 0.000001 n/a
mLongT5 0.0019 0.0035 0.0035 0.0020 0.0014
Mistral NeMo 0.0051 0.0054 0.0022 0.0029 0.00044

Papers-Dataset — French

LexRank 0.000011  0.000028 n/a 0.000015 n/a
mLongT5 0.0088 0.010 0.0095 0.0098 0.0019
Mistral NeMo 0.011 0.022 0.0049 0.012 0.0012

School-Dataset — German

LexRank 0.000014 0.00004 n/a 0.000027 n/a
mLongT5 0.0059 0.0072 0.0073 0.0043 0.0025
Mistral NeMo 0.022 0.025 0.014 0.014 0.0032

Web-Dataset — Italian

LexRank 0.000003  0.000009 n/a 0.000005 n/a
mLongT5 0.0016 0.0027 0.0028 0.0016 0.0011
Mistral NeMo 0.015 0.019 0.0062 0.010 0.0011

Table 8.8: Quantitative results of energy tracking in kWh for the task text summar-
ization of multilingual data processing different datasets. See details on
the terminology and iconography in Tables 8.1 and 8.5.

Lastly, the third summarization task detailed in Table 8.8 regarding en-
ergy consumption for multilingual datasets aligns once more with the
earlier analysis of the runtime from Table 8.4. Due to smaller datasets, the
values are much lower than in the other Tables 8.5 to 8.7, but also confirm
the findings therein. The traditional model LexRank consumes the least
energy across all models and scenarios in this task, with mLongTS5 trailing
behind in the CPU-only versions and Mistral NeMo coming in third. How-
ever, the addition of the GPU introduces some uncertainty for S2 and S3
regarding a clear recommendation purely from the perspective of energy
consumption. For S2, Mistral NeMo requires more energy than mLongT5
for the school and web scenarios, and vice versa for the other three scen-
arios. This observation mirrors the results from the runtime analysis for
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the GPU-assisted measurements for S2, see Table 8.4. As for S3, Mistral
NeMo trails behind mLongT5 in the school scenario for the GPU-assisted
execution runs, while requiring the same amount of energy for the web-
site dataset and surpassing mLongT5 for the other three scenarios. This
unclear result does not match with the runtime analysis from Table 8.4, in
which the LLM produces results faster than mLongT5 in the GPU-enabled
tests across all five datasets. The additional hardware therefore results in
faster processing, beating mLongT5 in this dimension, however trailing
behind in certain scenarios in terms of energy consumption due to the
same factor, i.e., the added hardware, which requires a higher degree of
energy due to the optimizations mentioned in Footnote 179. In the end,
the quality of the produced summaries is strongest through Mistral NeMo,
as mentioned above for the runtime in Section 8.1.1, with niche use cases
for LexRank as a cost-effective alternative with accompanying worse qual-
ity [Dal Cin, 2025, p. 65£].

The benefits of applying traditional methods have now been docu-
mented through a quantitative evaluation with measurements regarding
runtime and energy consumption as well as an assessment of usefulness
and the trade-off between efficiency and quality in the respective use cases.
More benefits of traditional models in building less resource demanding
systems have also been proposed in the literature such as Jurafsky and
Martin [2024, p. 515f.], who describe classifiers such as logistic regres-
sion, SVM or random forests for coreference resolution, which are more
efficient and might serve some special use cases, despite slightly worse
results when compared to neural networks in their studies. Whereas this
observation regarding one specific use case is certainly not applicable for
all NLP tasks, the rising importance and popularity of the research areas
Green Al [Emer et al., 2025; Schwartz et al., 2020] and in particular Green
NLP [Hershcovich et al., 2022; Jin et al., 2021, p. 3107; Maronikolakis and
Schiitze, 2021] due to the climate crisis, increasing energy costs and other
factors proves the impact of efficiency on NLP in general.

There have been recent studies and analysis published by LLM pro-
viders such as Google, that apparently produce optimized workflows with
drastically lower energy consumption for LLM requests.'®® However,
even the drastically lower estimates are still higher than the execution of
traditional models, see, e.g., the analysis of a further use case also regard-
ing efficiency in both Jegan and Henrich [2025b] and Section 9.3.

186 See, e.g., Elsworth et al. [2025] and a discussion on the comprehensiveness of this study
as well as trustworthiness in https://arstechnica.com/ai/2025/08/google-
says-it-dropped-the-energy-cost-of-ai-queries-by-33x-in-one-year/.
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8.2 Reproducibility

The traditional techniques presented and applied in the use cases from
this thesis near unanimously share the feature of reproducibility. The
exception are non-deterministic methods such as random forest classifi-
ers, which use a random seed initially [Ho, 1995], and other traditional
models that operate with a random seed during initialization. The other
techniques discussed here, from extractive summarization models across
SVMs for classification tasks and ranging to rule-based approaches for
information extraction, all are reproducible when applying the same in-
put. In stark contrast, LLMs in many if not most cases do not reproduce
the same output given the same query, despite parameters or strategies
that are available to technically achieve reproducibility for LLMs, see Sec-
tion 6.4.1 for a brief discussion of such measures.

To analyze the reproducibility of approaches within NLP, the use cases
studied above for efficiency — listed at the beginning of Section 8.1 — were
surveyed here once again. The process was straightforward. Each applica-
tion was initialized several times and the outputs were compared against
each other. If the generated output was consistent and remained the same
across several initializations, the method was found to be reproducible. In
all other cases, the methods were declared not reproducible. While this
binary classification seems simple, a more complex and detailed study
was out of scope for this thesis. Still, even this simple distinction will suf-
fice for a first observation regarding reproducibility, especially regarding
a distinction between traditional and modern neural methods.

As was already noted above in Section 7.4.1, reproducibility was already
examined in Matschat [2022, p. 60]. The results from that study are con-
firmed here, i.e., only the worst performing model — the LSTM model —
generates reproducible texts in this NLG task. All other models, mean-
ing the two Markov models and the two models based on GPT-2, produce
varying results that, while remaining similar in length, cannot be noted
as reproducible. Thus, even the traditional models, both based on Markov
chains, are not reproducible, which is caused by random seeds executed
in choosing the next tokens within the Markov chains, see Matschat [2022,
p- 30 and p. 34]. Similarly, the parameter temperature, see Sections 4.2
and 6.4.1, was set for the GPT-2 models to allow a certain degree of
creativity for the generated texts, thereby also decreasing reproducibility
[Matschat, 2022, p. 38].

The first summarization task, see Gottwald [2023], for German domain
corpora, is entirely reproducible when choosing the traditional methods.
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Both summarization systems, i.e., LexRank and TextRank, produce the
same results across multiple execution runs. For this use case, notably all
modern models are also reproducible. Thus, all four transformer-based
summarization systems, Bert2Bert, MT5, Pegasus and T5, share this char-
acteristic with the traditional models. These four transformer-based mod-
els are specifically fine-tuned for text summarization purposes and would
not be classified as general-purpose LLMs, therefore impacting reprodu-
cibility.

Once again, the traditional summaries produced by LexRank for the
summarization task on German school websites, see Harms [2024], are
entirely reproducible. Similarly to the first summarization task from Got-
twald [2023], the dedicated summarization models based on neural net-
works, in this case Bert2Bert and mLongT5, are also reproducible. In
contrast, the texts produced by the LLM Mixtral, while appearing similar
on the surface and in some cases producing the same output, differ in
both syntax and wording for most summaries. Semantically however, the
summaries are remarkably similar.

The summaries produced by the traditional model LexRank for the mul-
tilingual summarization task, see Dal Cin [2025], are once more com-
pletely reproducible. For mLongT5, the same can be confirmed, thus
no changes were noticed across multiple execution runs. The summar-
ies produced by the LLM, Mistral NeMo, did not generate reproducible
outputs, i.e., repeated executions yielded widely varying results across
all tested datasets. Furthermore, for the summaries produced by both
mLongTS5 and also Mistral NeMo, the predetermined size limitations of
the intended summaries were not always adhered to, see Section 7.4.1. In
contrast to the summaries produced for the second summarization task
from Harms [2024], the results generated by the LLM in this third task
are markedly different, in particular regarding length and syntax. A con-
tributing factor to these differences is certainly the length of the input
data, which on the one hand differs drastically depending on the data-
set, five of which are tested here, see Sections 7.1.2 and 7.3.2, and on the
other hand are in many cases much longer than in the summarization
task from Harms [2024]. These variations within this third summariza-
tion task along with the uncertainty and lack of reproducibility inherent
in common LLMs, see also Section 6.4.1, are causing these reproducibility
issues for Mistral NeMo.

A few lessons can be glimpsed from this small case analysis on reprodu-
cibility. The traditional models within summarization, i.e., LexRank and
TextRank, offer complete reproducibility, whereas the Markov models for
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the NLG task fall short in this category. Interestingly, the dedicated neural
network-based abstractive summarization models across all three sum-
marization tasks are all reproducible as well. However, this only holds
true for applying the same model with the same model weights. When
a model is trained, due to attributes such as random initialization at the
start or other randomized features in batch-processing and other parts of
the pipeline, the exact same weights are usually not reproducible if the
model is trained once again, see also the study by Alahmari et al. [2020].
As for LLMs, the more generic, prompt-based LLMs — except for GPT-2
systems from the NLG task, which are a precursor of modern LLMs as
known today — do not exhibit reproducible behavior. While parameters
such as the temperature of a model, see Section 6.4.1, exist to adapt the
degree of creativity and in turn also generate reproducible or at least sim-
ilar outputs with repeated executions, reproducibility as a feature is much
more restricted for LLMs, as shown in these experiments.

After showcasing two dimensions of NLP tasks, efficiency and reprodu-
cibility, a less tangible and quantifiable characteristic will be discussed in
the next section, i.e., the ease of use and degree of documentation regard-
ing NLP methods.

8.3 Ease of Use & Documentation

The study on efficiency and reproducibility characteristics of traditional
and modern models as presented in Sections 8.1 and 8.2 was carried out
by executing the approaches listed at the start of Section 8.1. For efhi-
ciency, the measurements regarding runtime and energy consumption
were noted and for reproducibility, experiments confirm or disprove this
characteristic for each model. In contrast, the relevant features of this cur-
rent section on documentation and the ease of use regarding the applied
NLP models were not evaluated in a quantitative manner, but rather by
qualitatively reflecting on the available libraries and software and provid-
ing examples in this manner. The documentation of available software
will be presented first, before the ease of use will be displayed afterwards.

As part of the early definition of traditional models in Section 2.5, one
benefit of using models with a long history since their introduction is a
breadth of documentation, tutorials and widely used packages. The im-
plementation of traditional models for NLP tasks is usually initialized by
using libraries that enable the application of said traditional models in a
simple manner. One option is larger NLP libraries — Natural Language
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ToolKit (NLTK)'®, Stanford CoreNLP!®® or spaCy'®® to name but a few —
which are well-documented, have been in use for years and offer prepro-
cessing capabilities as well. In addition to these general-purpose libraries,
which can be used to accomplish a wide variety of different NLP tasks,
task-specific libraries are also available that enable text classification!*°,
text summarization'?! and other use cases.

Furthermore, the availability of the source code enables a higher degree
of transparency and confirmability. This means that the actual procedure
of applied processing steps is visible to the developer and problems or
observations can be traced back to certain operations within the source
code. Examples of such procedures are presented above in Section 7.3
in the adaptation of existing models for English text processing tasks in
order to process non-English data, which is possible due to the availability
of the source code for the respective NLP tasks. The developers of modern
language models, when presented in a research context, often publish the
corresponding source as well, but due to the black-box nature of LLMs, a
similar degree of transparency and simplicity is not always the case in
comparison to traditional models. Additionally, and in stark contrast to
the documentation of traditional models, providers of commercial LLMs
seldomly publish their data, source code or weights due to trade secrets
and the competitive nature of the field, see the discussion on this topic
above in Section 2.4.

The benefits of a well-documented library and availability of the source
code itself present further opportunities for the practitioners, who are as-
signed to solve an NLP problem. Due to the long-standing availability and
development history of the already mentioned libraries, a multitude of tu-
torials and examples can be found, which while varying in quality, offer
broad opportunities in approaching a new method.'?? Not only libraries,
but also the adaptability is enhanced through traditional models, which
in many cases feature only a small amount of code!®® that can be com-

187 See Bird et al. [2009] and https://www.nltk.org/.

188 See Manning et al. [2014] and https://stanfordnlp.github.io/CoreNLP/.

189 See Honnibal et al. [2020] and https://spacy.io/.

190 gee, e.g., https://scikit-learn.org/stable/auto_examples/text/plot_docum

ent_classification_20newsgroups.html.

191 See, e.g., https://github.com/miso-belica/sumy/.

192 Examples of high-quality tutorials are https://scikit-learn.org/stable/auto_ex
amples/text/index.html and https://www.nltk.org/book/ch06.html, both for
classifying documents.

While the number of lines of code alone is not evidence alone that guarantees the quality
of the software, a more concise implementation is certainly helpful in debugging and
surveying the project.
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prehended and updated to conform to the requirements of the desired
application.!*

One concrete example of a well-documented application for an already
presented use case can be found in the SVM implementation for the classi-
fication task presented in Raab [2023], which was detailed in Section 7.3.2.
The approach there, using SVMs as a baseline, was implemented using
the popular Python package Scikit-learn [Pedregosa et al., 2011], which
is an all-purpose framework for machine learning methods. The actual
SVM implementation is done within minimal lines of code using a linear
SVM classifier.' The simplicity of applying this classifier, benefited by
the comprehensive documentation of Scikit-learn, showcases an advant-
age when applying established and traditional models. This SVM classi-
fier was originally only intended as a baseline, but due to its performance
was observed as outperforming the transformer-based approaches on one
of the two use cases, i.e., the classification task on insurance datasets, see
Raab [2023, p. 48f.]. The applicability of SVMs will be further discussed
below in Section 10.3.

Regarding summarization, the LexRank implementation applied in
Dal Cin [2025] was similarly simple. In using the implementation avail-
able through the Sumy library, see Footnote 191, only a few adaptations
were required and just the necessary parameters such as desired length
of the summary and input data needed to be provided. The abstractive
model based on the mLongT5 architecture, however, required the setup
of more parameters and preprocessing steps. Lastly, the chat-based LLM
method was realized using as little code as the extractive system. However,
the desired number of sentences was included in the prompt as additional
parameter similar to LexRank, but this instruction was not always adhered
to —in contrast to LexRank — see the discussion regarding reproducibility
in Section 7.4.1.

A final observation for this section, which mostly relates to ease of use
but also towards documentation, comprises the compatibility issues doc-
umented for the efficiency measurements, see Section 8.1 and especially
the limitation noted in Footnote 178. The interrelation between GPU ar-
chitecture and versioning of software packages prevents the use of a wide
spread of system configurations from utilizing GPU acceleration to speed

194 One example is the TextRank implementation of the Sumy summarization library, see
https://github.com/miso-belica/sumy/blob/main/sumy/summarizers/text_
rank.py.

195 See https://scikit-learn.org/stable/modules/generated/sklearn.svm.Lin
earSVC.html.
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up the processing of the transformer-based or neural network-based ap-
proaches in general.®® As was observed during the efficiency tracking
in Section 8.1, GPUs prior to the introduction of LLMs are not easily ap-
plicable in accelerating the execution of the models due to compatibility
mismatches between software packages. While the limited VRAM would
only serve as a small catalyst for such systems, the incompatibility pre-
vents a comparison between older and newer GPUs. In contrast, the new-
est GPU architecture is not supported by all necessary software packages,
which prevents the application on the newest hardware.!” These observa-
tions are naturally only snapshots in time, but in developing software for
NLP tasks, similar issues have been noted during the whole time work-
ing on this thesis and are not uncommon in NLP applications. However,
both traditional models, which are usually only executed using the CPU
and therefore demand less dependency configurations, and the applica-
tion of chat-based or API-based use of LLMs simplify the implementation
in this regard and enable a quicker and easier approach.

8.4 Explainability

As has been shown in defining the challenge of explainability in Sec-
tion 6.4.2 and showcased through the relevant respective use cases in
Section 7.4.2, the need for understanding and correctly identifying the
reasons and causes of NLP models in creating certain texts or making a
decision becomes apparent. Not only critical use cases in the legal, med-
ical or business domain benefit from explainable techniques, but also use
cases such as typical text summarization for news or research texts, see
Sections 3.6 and 7.1.2, can take advantage of models that are able to ex-
plain their generated summarizations.

Two restrictions regarding the explainability of traditional models can
be observed, as briefly already stated in Section 6.4.2, which can be at-
tributed to the model architecture. In classification tasks, SVMs are the
technique most closely related to neural networks in terms of being black

19 The dramatic increase in performance and popularity of neural networks in machine
learning in general and also for NLP depended on the application of GPUs to vastly
speed up the processing of calculations necessary to train language models, measured
usually in FLOPS, see Dally et al. [2021] for more details on the impact of GPUs on the
revolution in deep learning.

197 As noted in September 2025 for the current Nvidia GPU architecture Blackwell, which
was at the time incompatible with TensorFlow, one of the most popular machine learning
libraries for Python, see https://github.com/tensorflow/tensorflow/ and
Footnote 178.

189

Limitations
for Tra-
ditional
Models


https://github.com/tensorflow/tensorflow/

Overall Per-
spective for
Traditional

Models

Limitations
of XAl

8 Benefits of Using Traditional Approaches

boxes, since their hyperplanes are not directly comprehensible. Still, tech-
niques from the research field of XAI such as Local Interpretable Model-
agnostic Explanations (LIME) can be applied here to produce local explan-
ations, while global explanations can be retrieved from a qualitative eval-
uation, comparison of the datasets and identification of the most import-
ant features, see, e.g., Yong et al. [2023, p. 33f.]. The second restriction
is even more natural, due to the deliberate inclusion of randomness for
methods such as random forest classifiers. Whereas this characteristic
of random forest techniques prohibits reproducibility, see above in Sec-
tions 6.4.1 and 6.4.2, explainability is only slightly hindered due to the se-
quential nature of random forests, meaning that the importance of single
features or single decision trees as intermediate trees within the whole
forest can be explained or at least ranked [Gulowaty and WozZniak, 2021;
Petkovic et al., 2018].

Many other traditional models, irrespective of use case, are based on
statistical algorithms or simple rule-based approaches, for which direct
analogies between the input data and produced decisions can be drawn.
One example is the use of rule-based approaches in order to detect the
legal form of a business from a company name, see Pulver [2023] as de-
scribed in Section 7.3.1, where the specific hand-drawn rule can be logged
that was responsible in producing the decision for the chosen legal form.
Another example is the use of TextRank techniques for summarization
purposes, mentioned in the previous section as part of the discussion
on ease of use of traditional models. The TextRank algorithm ranks sen-
tences according to “a ‘similarity’ relation between them, where ‘simil-
arity’ is measured as a function of their content overlap” [Mihalcea and
Tarau, 2004, p. 6], which can be calculated and scored for each sentence.
The ranking can then be manually inspected and evaluated, and attributed
to the direct operations within the code, see Footnote 194.

The methods from the research field of XAI are, however, not without
their drawbacks or criticisms. In Freiesleben and Konig [2023], the au-
thors present a comprehensive discussion on different limitations within
current XAl research, that in parts mirror the limitations of metrics
presented in Section 6.2, such as the reliance on quantitative metrics in
lieu of an additional qualitative evaluation or the need for a purposeful
discussion of the evaluation results [Freiesleben and Kénig, 2023, p. 501f.].
As one sample, LIME as explanation technique is critiqued by Freiesleben
and Konig [2023, p. 58f] as a limited metric, which is only able to provide
restricted explanations and should consequently only be used consciously
and combined with other metrics that are not susceptible to the same lim-
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itations. The need for a combined quantitative evaluation — with multiple
metrics showcasing different features and characteristics of the studied
techniques — as well as a qualitative analysis is therefore recommended
here once more, with a special focus on the perspective of the downstream
task or the user at the far end of the technique in question.

Similarly to the previous Section 8.3 on documentation and ease of use
regarding traditional techniques, a quantitative analysis of explainability
is not intended and was not conducted. Instead, a brief discussion of the
limitations of certain traditional models is meant to showcase the possib-
ilities of explaining the outputs or decisions produced by traditional mod-
els, see the observations for SVMs and random forests as well as small ex-
amples for information extraction and text summarization, all from this
section. As Jurafsky and Martin [2024, p. 515f.] also note, these traditional
systems are not only lightweight and more efficient, but also helpful in de-
tecting problems within their results or even when used as part of larger
and more complex architecture applying modern models.

8.5 Applicability of Hybrid Models

The final benefit presented in this chapter will be a brief discussion of
hybrid models as an alternative architecture variant. The definition of hy-
brid models in this thesis is in part comparable to the concept of ensemble
methods, i.e., the use of multiple learning algorithms and combining their
results into one system [Zhou, 2025]. Boosting, see Section 2.2.2 and Fre-
und et al. [1996], and bagging, see also Section 2.2.2 and Breiman [2001],
are two famous and older representatives of such architectures. These
architectures are essentially trying to correct mistakes by either combin-
ing the strengths of multiple different learning algorithms into one sys-
tem, resulting in boosting systems, or by splitting the datasets into non-
overlapping subsets and training independent learning algorithms before
combining them as votes for classification purposes or averaging for re-
gression tasks, achieving a bagging system [Zhou, 2025, p. 23ff. and
p. 48ff.]. While boosting and bagging are two prominent types of en-
semble methods, many more variants have been introduced, often also
referred to as combination [Mohandes et al., 2018], averaging [Zhou, 2025,
p. 68f1.] or voting techniques [Bauer and Kohavi, 1999]. Further architec-
ture types have also been applied, depending on the NLP task, e.g., com-
bining several stages within a pipeline such as back-translation and pivot
models for machine translation purposes [Kim et al., 2019]. After defin-
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ing the terminology, two types of hybrid architectures will be presented
in this section, first in an information extraction task and afterwards for
two generative approaches in text summarization and text simplification.

One architecture related to ensemble methods called stacking [Wolp-
ert, 1992] was applied in Pulver [2023] to combine several information
extraction algorithms to extract the type of business from information on
companies, see Section 7.3.1 for more information on this use case. To
further improve the accuracy of the identified classes, i.e., the types of
business for the companies, stacking was applied by combining different
text classification algorithms, in this case Naive Bayes, SVMs, decision
trees and FastText. The combined stacking classification system nearly
reached the performance of the best-performing single classification sys-
tem in these experiments, here FastText, but did not lead to an improve-
ment through the hybrid model in this use case [Pulver, 2023, p. 45]. For
this information extraction application, the hybrid system only led to addi-
tional runtime and correspondingly higher energy consumption, without
surpassing the accuracy of using a single classification model. Therefore,
the hybrid model would not be advisable here.

The second architecture shows that hybrid does not necessarily mean
combining multiple algorithms of the same type to produce one decision.
Instead, multi-stage systems combining two distinct algorithms can be
envisioned. A summarization system can be conceptualized in such a
way with two components. This approach, as introduced in Aumiller
et al. [2022], computes centrality scores to measure the similarity and con-
nections between sentences by applying a sentence-transformer model,
which is fed to the graph-based LexRank summarization model. In the
original LexRank approach, the centrality scores were calculated using
the cosine similarity, applied on word overlap and IDF-weighting [Erkan
and Radev, 2004, p. 475]. Thus, a more complex and costly operation was
used as intermediary step to improve the “downstream task” of scoring
the sentences to produce an optimized extractive summary. This version
was further analyzed in the use case on Italian extractive summarization
on legal texts, briefly presented in Section 4.1 as part of the results from
the SLR in Jegan and Henrich [2025a]. In the Italian legal use cases from
Licari et al. [2023], the extractive nature was of highest importance to pre-
vent hallucinations and other undesired generated texts in the abstractive
summaries.

In a similar vein, two models can be combined to produce an alternat-
ive output for text simplification purposes. As presented in Fruth [2022],
see also Sections 3.5 and 7.1.1, the main unsupervised reinforcement
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learning technique was adapted for German based on the English tech-
nique introduced in Laban et al. [2021]. To compare the introduced
German system, a pivot model was created, see above in Section 7.3.2,
which applies the original English simplification model on the German in-
put texts that were translated beforehand by a state-of-the-art translation
model [Tiedemann and Thottingal, 2020] into English and after simpli-
fying, translating the simplified English text back into German. Multiple
evaluation metrics were applied to capture the varying facets of simplifica-
tion, see Sections 3.5 and 7.2, and while no overall clear best model across
all metrics was identified, the pivot model led in metrics such as SARI
and other quantitative metrics, but trailed behind in metrics showcasing
semantic simplification features [Fruth, 2022, p. 48ff.]. As for qualitative
evaluation results, the pivot model produced more fluent texts with less
grammatical mistakes. Instead, however, hallucinations as newly intro-
duced sentences were observed in contrast to the models explicitly trained
for German. Also, as a further disadvantage, the use of two additional
systems as part of the full simplification pipeline adds new potential for
mistakes through the translation procedures. The efficiency drawbacks of
the previous systems mentioned in this section regarding information ex-
traction and text summarization, i.e., worse efficiency regarding runtime
and energy efliciency, also apply for this simplification use case.

In the end, hybrid models — as referred to in this thesis — comprise
different architecture types of text processing systems. Multiple models
attempting the same problem and combining their results to produce
one final output is one potential architecture. Likewise, a pipeline of
two or more subsequent systems with different goals are equally con-
ceivable, e.g., the pivot models mentioned above for text simplification
purposes. While efficiency and complexity are usually impacted negat-
ively by using hybrid systems, they can be applied to cover a wider spread
of different algorithms in case of stacking for text classification, see Pul-
ver [2023]. Moreover, hybrid models can deal with domain-specific re-
quirements such as the demand for extractive summaries, as used by Li-
cari et al. [2023], or to provide comparisons for studies with few compar-
ative datasets or models, see Fruth [2022]. The applicability of such archi-
tectures depends on the concrete task and its context, e.g., the domain,
available datasets and models for comparison.

After noting various hybrid systems and concluding the benefits cap-
tured Dby traditional models, an updated and improved definition of the
term traditional techniques will be presented next.
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8.6 Traditional Techniques: Refined Definition

Traditional techniques have now been discussed from various perspect-
ives. Through classifying techniques as part of the SLR from the related
work in Section 4.1, a broad view on different NLP tasks has been gained.
Applications with ongoing uses of traditional methods have been collec-
ted that fit within the early definition of traditional techniques from Sec-
tion 2.5. The challenges of current NLP research and practice enabled a
further perspective in Chapter 6, which was discussed through NLP meth-
ods and in concrete application scenarios, in which those challenges were
noted and evaluated, see Chapter 7. Lastly, and consequently after the
analysis in Chapters 6 and 7, benefits of methods and techniques were
collected in the current Chapter 8 for those methods that could be con-
sidered traditional methods.

The noted factors of traditional techniques from Section 2.5, i.e., repro-
ducibility, efficiency, explainability and documentation, are all factors that
still play a key role in determining if a technique or model would be clas-
sified as traditional as used in this thesis. However, not all four factors
need to be equally met in order to categorize a model as traditional since
these four are broad categories, see the distinction regarding efficiency
in runtime and energy consumption as evaluated in Section 8.1. Repro-
ducibility and explainability are two factors which are somewhat restric-
ted, as noted earlier, once again in Section 2.5. Random forest classifiers,
by their randomized initialization, see Section 8.2, regarding the former
factor and SVM classifiers, which are only explainable through XALI tech-
niques such as LIME, see Section 8.4, regarding the latter factor, are two
examples of traditional techniques that do not directly support the four
factors from Section 2.5. Efficiency is more clear-cut, however even mod-
ern techniques such as FastText, as noted in Section 8.1 and Pulver [2023,
p. 44ff.], can in certain application scenarios reach runtimes comparable
to the fastest traditional techniques, in this case a Naive Bayes classifier.
Nevertheless, FastText, similarly to the borderline case of word2vec, is not
easily grouped into either category. The architecture of both word2vec and
FastText using large embedding spaces to represent semantic meaning of
words would appear more similar to modern language models, however
with distinctly more efficient processing capabilities.

Therefore, a clear-cut distinction by applying a whitelist and blacklist
approach is insufficient here. This limitation is caused by the uncertainty
regarding the four factors from Section 2.5 — reproducibility, efficiency, ex-
plainability and documentation — and in certain dimensions comparable
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measurements from more modern techniques such as word2vec and Fast-
Text. The use of a staggered architecture, as used in boosting architecture,
see Section 2.2.2 or earlier in this chapter as hybrid architectures, see Sec-
tion 8.5, introduces additional vagueness. The application of several clas-
sifiers in a boosted approach to learn the best classification method [Fre-
und et al., 1996] or the use of both extractive and abstractive text summar-
ization methods to prevent hallucinations among other goals [Aumiller
et al., 2022], decreases efliciency and explainability in contrast to single
traditional methods.

Thus, a different approach was attempted to further define traditional
methods, which will be presented later in Chapter 10. Two perspectives
will be displayed there, the first from the point of view of different ap-
proaches. As given in the early definition in Section 2.5, reviewed in
the SLR in Section 4.1 and identified in Chapter 7 in concrete use cases,
techniques will be presented and a classification will be proposed for
which NLP tasks the concrete techniques are applicable, see Sections 10.1
to 10.4. The second perspective takes the other point of view, using the
NLP tasks as basis and presents options regarding techniques, which can
and should be applied. In this practical interpretation of techniques, us-
ing a task-centered and technique-centered perspective, a more granular
recommendation as well as applicability study will be presented, which is
much more advisable than a simple black and white distinction.

As a conclusion to this chapter, benefits of traditional models in dif-
ferent dimensions such as efficiency for both runtime and energy con-
sumption in Section 8.1, reproducibility in Section 8.2, ease of use and
documentation in Section 8.3 as well as explainability in Section 8.4 have
been collected to provide a basis for answering research question .
While the benefits of hybrid models are somewhat reduced regarding
efficiency, they, i.e., hybrid models, provide other advantages to purely
neural network-based models, e.g., explainability. After comprehensively
discussing the benefits and limitations of traditional models while also
noting alternative hybrid system architectures, it seems natural to test the
listed benefits from this chapter on a concrete use case. The task of text
segmentation, introduced in Section 3.4, will serve as the chosen NLP task
analyzed in the following Chapter 9.

195

Other Cat-
egorizations



Identification
of the
Use Case

9 Case Analysis on a Concrete NLP
Task: Text Segmentation

The overarching themes of this thesis shall now be applied in such a way
and by following the benefits from the prior Chapter 8 that a concrete
usage scenario is studied, and the benefits are explicitly stated in regard
to this scenario. In order to do so, a new use case will be presented in
Chapter 9, with a problem analysis of the scenario, the implementation
and realization of the task with both traditional and modern methods as
well as an evaluation.

The scenarios and use cases already collected in this thesis were con-
textualized through observations and an interpretation of the results for
each of the applications in Chapter 7, supported by the challenges that
were presented in the prior Chapter 6. These use cases and the bene-
fits included within traditional approaches were detailed in the previous
Chapter 8, both for single use cases and in general. As noted above, re-
search questions @) & @) were already studied as part of prior chapters,
for research question @) in Chapters 4 and 7 and for research question
@ in Chapters 6 and 8 respectively, but both are relevant for the cur-
rent chapter as well. The competitive nature of traditional models in con-
trast to modern LLM-based methods will be critically analyzed for research
question e In the evaluation for this use case in Section 9.3, benefits
will be further analyzed regarding research question @). Extending the
scope of the observations from Chapters 6 and 7, an analysis for a new
scenario from the ground up was conducted for an NLP task that was not
already researched during this thesis.'?® Text segmentation was chosen
due to several reasons.

A prerequisite for the scenario was a less researched field of study,
so that new insight could be gained. In realizing this scenario, lessons

198 The inclusion of text segmentation in Section 7.2 notwithstanding, since the presentation
of text segmentation as an NLP task in that chapter was done only after the research in
this use case was finished. Section 3.4 was included for the sake of completeness in the
earlier part of the thesis, to collect the major NLP tasks discussed in this thesis in one
chapter.
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learned from analyzing the engineering and design theory domains, see
Chapter 5, were applied on this task, therefore further discussing research
question @) - referring to the systematic selection process of choosing
an appropriate method for an NLP task. While some research has been
done for text segmentation in a number of approaches, see Section 3.4, a
comparison of traditional models and modern LLM-aided systems was, at
least at the time of conducting the study in early 2025, not done before-
hand. Additionally, an established approach, in this case TextTiling by
Hearst [1997], was available as comparison point to the outputs produced
by LLMs. Finally, a dataset and corresponding scenario were also avail-
able, with prior experience and observations for an earlier segmentation
approach, and interestingly enough, with an earlier GPT version. Thus,
the differences not only between a traditional and modern LLM-based ap-
proach could be analyzed, but also between two modern approaches could
be assessed.!”

9.1 Scenario

The text segmentation process is one part of a larger text processing archi-
tecture, from which the scenario described in this section has been iden-
tified and studied. The encompassing project as described in Lehmann
and Landes [2024] aims at providing a recommender system for students,
who are using learning videos and accompanying metadata to gain fur-
ther insights into the contents of a software engineering course at a Ger-
man university. The text segmentation is part of a pipeline, which uses
transcripts that have been generated from lecture videos of the mentioned
course on software engineering as the input data.?® After segmenting the
transcripts, keyword extraction and topic detection approaches are used as
foundation for further computation to produce an ontology, from which
topics from within the transcripts are collected. Through the ontology, a
recommender system is built to serve students related videos segments, if
they appear to need further assistance to grasp the topics of a certain video.
For more details of the intended use case, see Lehmann and Landes [2024,
p. 2f].

199 The use case presented in this section was also published in Jegan and Henrich [2025b].
200 The transcripts were produced by using the automatic speech recognition system Whis-
per, see Radford et al. [2023].
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An experimental segmentation in the approach from Lehmann and
Landes [2024] was carried out using GPT-3.5.20! The results in that imple-
mentation, however, revealed unreliability regarding the produced output
[Lehmann and Landes, 2024, p. 4]. Even though the LLM was instructed
to return the original video transcripts only with the addition of marking
the segment boundaries, the language model returned summarizations
or lists of key points of the input transcript. The instructions included
in the prompt were therefore not followed by GPT-3.5 and the produced
output was not usable for future processing within the pipeline. In order
to still follow up with the intended goal of a recommendation system, a
segmentation still had to be realized. The alternative from Lehmann and
Landes [2024, p. 4] was simply time-based, thus 20 seconds were chosen
as intervals. These intervals still include thematically relevant contexts
and information, which were useful for downstream keyword extraction
tasks. Thus, a basic, rule-based approach was chosen, due to unreliabil-
ity of a modern approach, which is one of the problems described above
regarding reproducibility (in Section 6.4.1 and Section 7.4.1) as well as
explainability (in Section 6.4.2 and Section 7.4.2).

The goal of the study in this chapter was to analyze different segment-
ation approaches, with two different perspectives in mind. The first is
the comparison between one traditional approach, here TextTiling, and
one modern approach, here GPT-4o, in order to gauge whether a modern
method is required to achieve adequate text segmentation results for fur-
ther processing steps. The second goal is connected to the undesirable
outcome of the prior GPT-3.5 results described above, i.e., the unreliable
output formatting produced by the prior OpenAI model. Thus, the capab-
ilities in general and more specifically the ability to closely follow instruc-
tions given through prompts are assessed for this second goal.

The dataset was provided by the authors from the original paper
Lehmann and Landes [2024], including the raw transcripts produced by
the automatic transcription software as well as accompanying metadata.
After some filtering and preprocessing procedures, 172 video transcripts
remained. The size of these transcripts, however, is not uniform. While
the average in terms of number of sentences is 89.07 sentences per tran-
script, the standard deviation is 94.70, with a maximum of 580 and a
minimum of 12 sentences. Likewise, the number of tokens paints a sim-
ilar picture, with an average number of tokens per transcript of 1,115.03
tokens, a standard deviation of 1,040.97, a maximum of 5,519 and a min-

201 GPT-3.5 is also the GPT variant powering the initial ChatGPT release, see https://op
enai.com/index/chatgpt/.
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9.2 Realization

imum of 176 tokens. The widely differing transcript sizes present just
one difficulty in properly segmenting the input data. Another complex-
ity is presented since the dataset consists of spoken language. The syn-
tactic markup of spoken language differs markedly from written language.
Whereas written language, atleast in scientific and non-fiction genres, typ-
ically consists of somewhat structured texts that contain a consecutive or
sequential nature, spoken language does not necessarily contain the same
composition. Asides, repetitions, spontaneous ideas or longer chains of
thought akin to structures such as streams of consciousness all appear
when transcribing spoken language and lead to more flexible and less
sequential structures. These characteristics compound the difficulty in
segmenting the transcripts.

9.2 Realization

The lessons from other disciplines such as product development de-
scribed in Chapter 5 are applied from the onset. The processing work-
flow first presented in Figure 5.1 regarding the interaction between a uni-
versal model and concrete data, which in combination enable a working
method and result in product features and attributes, can be applied here,
see Figure 9.1. The universal model, in this case, would be an applicable
model able to segment the text. While this seems simple enough, the
difficulty in segmenting spoken language, mentioned above, and achiev-
ing the desired extent of segments deserves some analysis in this early
step. The data part of this workflow is straightforward, using the tran-
scripts provided by the colleagues from the original paper from Lehmann
and Landes [2024]. The third part of the workflow, the working method
and approach from the original Figure 5.1 would in practice involve the
preprocessing of the data, which can differ depending on the intended
technique and execution of the segmentation approach. The resulting
product features and attributes in Figure 5.1 would in this case be an ana-
lysis of the results in terms of quantitative as well as qualitative evaluation
with a special consideration on efficiency, as one major goal in comparing
traditional and modern techniques.

The sequential nature of processing is the focus of the model from Fig-
ure 9.1, with the distinction between different methods not at the fore-
front of this visualization. Instead, the layered development and construc-
tion process, described in Chapter 5 in a more general manner in Fig-
ure 5.2, presents just this distinction, with different design or construc-
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Text Segmentation

Technique
Applying TextTiling/ Quant. & Qualit.

Evaluation +
> GPT-40 Efficiency Analysis

Video Transcript
Dataset

A\ 4

Figure 9.1: Processing workflow during method realization for the text segmenta-
tion task. Adapted from Feldhusen et al. 2013, p. 12].

tions steps as representatives of applying various models to a problem.
In an earlier exemplary visualization in Figure 5.3, a text summarization
task was applied using extractive techniques on the popular CNN/Daily-
Mail dataset in this domain. For the text segmentation task, the visualiza-
tion would simply result in exchanging the entities in the three layers, see
Figure 9.2.

Design/Construction Step n

Traditional
Segmentation Model

Design/Construction Step n+1

Model Layer

Method Layer

A  A—
Data Layer :
i Video Transcripts

Figure 9.2: Layered development and construction process for the text segmenta-
tion task. Based on Feldhusen et al. [2013, p. 13].
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Further conceptual links to Section 5.1 can be drawn. The considera-
tion between sequential and concurrent development for this study was
strongly in favor of sequential development. Due to the small nature of
the segmentation task, in terms of scope, manpower, budget and time con-
straints, no concepts such as iteration cycles or reflections to earlier parts
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of the development process were necessary. Nevertheless, lessons learned
from the evaluation would certainly lead to adaptations for a renewed real-
ization of this task. Another reference to the lifecycle of products can be
seen in the rather static nature of this segmentation task. The dataset stud-
ied here was fixed with no new data incoming or streaming during this
project. Therefore, the method was constrained to the static dataset and
no software in production or active use was required, rather a processing
of the fixed dataset to further pass onto the next step in the pipeline from
Lehmann and Landes [2024]. Budget, as another development dimension
was somewhat constrained, which is why only one execution run was in-
tended for the API calls for GPT-40 to reduce costs, however with trial
runs to safeguard against unforeseen formatting or other problems with
the segmentation by the LLM.

In contrast to many modern text processing workflows, often imple-
mented using Scrum, see Section 5.2, the task was approached using a
systematic process. After initially analyzing the data, in exchange with
the original authors from Lehmann and Landes [2024], a literature re-
view was started to gauge potential models applicable for this segment-
ation task, all while keeping the dataset as well as the research question
of contrasting traditional and modern models in mind, see once again
Section 5.2. Criteria to conform to a systematic approach comprise clarity
and simplicity regarding the chosen method and safety principles, which
in many cases are mostly applicable to physical product development, see
Pahl et al. [2007, p. 518ff.] for a comprehensive overview on such criteria.
However, even for NLP tasks, simple and reproducible approaches can
still be surveyed and afterwards selected. Also, interdisciplinary work and
communication with other stakeholders are not only critical in product
development but can also be observed for the task presented here, which
was done by communicating with the data providers from Lehmann and
Landes [2024]. Many of the already mentioned dimensions can also be
found above in the general list in Table 5.1 from Chapter 5, which is ap-
plied to the task of segmenting the video transcripts below in Table 9.1.
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9 Case Analysis: Text Segmentation

Parameter Characteristics for NLP Method

Budget - Small Medium Large
Time Frame - Short-term Mid-term Long-term
Headcount Single Small Medium Large

NLP Skills N/A Basic Intermediate Proficient
Developer Skills N/A Basic Intermediate Proficient
Other Skills N/A Basic Intermediate Proficient
Data Availability N/A Little Medium Much
Data Size Single Token  Sentence Paragraphs Large
Data Quality Unknown Low Medium High

Data Structuredness ~ None Low Medium High
Model Count Single Two Multiple

Metrics Quantitative  Qualitative Quant. & Qualit.

Hardware Resources - Low Medium High
Customer Size None <100 100-10,000 >10,000
Availability None Selected Times  Fixed Intervals Constant
Portability None Low Medium High
Adaptability None Low Medium High
Explainability None Low Medium High (Required)
Reproducibility None Low Medium High (Required)
Risk Factors - Low Medium High
Documentation - Low Medium High

Table 9.1: Dimensions relevant for planning and structuring the segmentation
task. The selected dimensions are highlighted with a gray background,
see Table 5.1 for the original table and Section 5.2 for explanations re-
garding the parameters.

In the following, the selected dimensions from Table 9.1 will be briefly
justified. Due to the small nature of the task, the choices for budget and
headcount require no explanation. Time frame was determined as mid-
term, since no direct deadline was set beforehand, but progress in this re-
search and an intended submission at future conferences were reasons for
purposefully working on this case analysis.2’? The skill dimensions are
self-reported estimates, while the data dimensions depend on the small
dataset, with varying quality due to the automatic transcriptions by Whis-
per [Radford et al., 2023] that necessitated some preprocessing. The data
comprises unstructured text, which is why low structuredness was chosen.

202 The time frame for this task was therefore set according to the submission deadline of
the NLP4Sustain Workshop at KONVENS 2025, see Jegan and Henrich [2025D].
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Model count is obvious, due to the pre-conceived restriction on two main
models, i.e., one traditional and one modern, and a comprehensive evalu-
ation with both quantitative and qualitative aspects was desired. Powerful
workstations were available for the experimental implementation, while
customers in a strict sense were not intended due to the pure research
nature of this study, similarly to availability, portability and adaptability,
which are all set to none due to the small-scale fixed extent of the task.
Explainability and reproducibility were similarly rated as medium, since
the qualitative evaluation depends on explainable results. Risk factors are
low due to the dataset not being published anywhere, which would be a
critical aspect if this were the case since the video transcripts are not in-
tended for public use. A moderately high degree of documentation was
desired, at least for the traditional model, to enable quick and seamless
implementation.

Only after multiple discussions with the authors from Lehmann and
Landes [2024] could the dataset be analyzed and further preprocessed in
such a way that a purposeful segmentation approach could be envisioned.
The continued exchange was required since the main goal of the initial
project was not simply text segmentation, but a more complex pipeline
with keyword extraction and topic detection, which serve as a basis for
an ontology and recommender system, see above in Section 9.1 and in
Lehmann and Landes [2024]. Thus, the input data was structured as to
serve the later steps in the pipeline and therefore required a deeper exam-
ination and exchange with the original authors, further underscoring the
needs for communication, see the discussion on soft skills in Section 5.3.
While the research domains from the data providers and the author of
this thesis are similar, even then particular focus areas of the concerned
parties differed, emphasizing the need for exchange. In this concrete case,
interdisciplinary work was not required due to diverse domains, but rather
due to different expertise and goals of the two different studies, which
nevertheless shows the need for communication between projects. Other
dimensions listed above during the discussion on soft skills in Section 5.3
would be necessary if a larger team were implementing this use case. In
that case, personnel and other skills would need to be considered and ad-
apted to this application, such as programming knowledge regarding NLP
problems or a basic understanding of the data domain from the course the
input data is transcribed from, i.e., software engineering.

After studying aspects of the lessons taken from product development
and other interdisciplinary processes introduced in Chapter 5, the con-
crete implementation was initialized. In the case of LLMs, a wide variety
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of general-purpose LLMs were considered. In the end, GPT-40 [Hurst
et al., 2024] provided by OpenAlI, was chosen due to its state-of-the-art per-
formance compared to other available LLMs [Islam and Moushi, 2025], at
least at the time of conducting this study in March of 2025. The availab-
ility of the OpenAl platform?® regarding ease of use further determined
this selection. In the case of traditional models, due to the niche of text
segmentation as a discipline, the breadth of available models was moder-
ate, at least for the goal of this use case of text segmentation. An overview
of existing techniques was already presented above in Section 3.4, but in
addition to the presented techniques there, other approaches based on
clustering [Lamprier et al., 2007a] and topic-modeling [Misra et al., 2011]
were noticed in the literature review of existing approaches. Through spe-
cifying the literature review on approaches that would serve the goal of
producing thematically cohesive units, compared to other segmentation
approaches with goals of broader clustering, and a focus of accompany-
ing libraries for the respective approach, the decision for TextTiling was
reached.

TextTiling introduced by Hearst is intended to produce coherent seg-
ments by characterizing texts through subtopic shifts, which are based on
“lexical co-occurrence and distribution” [Hearst, 1997, p. 33]. In contrastto
previous approaches, multi-paragraph segments are intended to capture
coherent text units that would present difficulties for other approaches
that are purely size-based or statistical, see Section 3.4. The approach is
structured into three parts, see Hearst [1997, p. 48fF.]: (1) Tokenization of
the source text into units of text that are roughly the dimension of sen-
tences, but can include multiple sentences or only parts of one sentence
due to widely differing sentence sizes. These units of text are termed
pseudosentences. (2) Determining the score for each pseudosentence or
number of pseudosentences by comparing adjacent blocks of text.2%* The
score is calculated by measuring “how many words the adjacent blocks
have in common” [Hearst, 1997, p. 49]. (3) Identifying the boundaries
between pseudosentences and therefore the subtopic shifts, when they
occur and consequently determining the segment border.2%

203 See https://platform.openai.com/docs/overview/.

204 Another method of determining the score is presented in Hearst [1997, p. 50], by using
vocabulary introduction. The implementation in this use case applies the block compar-
ison method described above.

205 Another advantage regarding TextTiling is the already available implementation as part
of the NLTK Python library. See Bird et al. [2009] and https://www.nltk.org/_modu
les/nltk/tokenize/texttiling.html.
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9.2 Realization

The actual implementation was straightforward. GPT-40 was applied [mplemen-
using the OpenAI API platform, and sequentially, all transcripts were sent tation
to the endpoint provided by the API. The prompt was kept as simple and
as concise as possible and the following template was used, in the original
German version:

Die folgenden Absitze stammen aus dem Transkript einer Vorlesung
zum Thema Software Engineering:

{transcript}

Aufgabe:

Erstelle Segmente basierend auf dem gegebenen Text.

Hinweise zum Ausgabeformat:

Gib ausschlieflich die Segmente zuriick, mit einer leeren Zeile
als Trennung zwischen den Segmenten.

A translated prompt into English would read:

The following paragraphs are taken from the transcript of a lecture
on software engineering:

{transcript}

Task:

Create segments based on the given text.

Notes on the output format:

Return only the segments, with a blank newline as a separator
between the segments.

The instruction at the end of the prompt was added as additional task de-
scription, to prevent the problems from the initial implementation using
GPT-3.5 in Lehmann and Landes [2024], which did not result in the de-
sired segments, see above in Section 9.1. The TextTiling approach was
also conducted sequentially, i.e., all transcripts were processed using the
TextTiling implementation within NLTK. Two parameters from TextTil-
ing can be adjusted. w represents the size of pseudosentences, see above
in this section and in Hearst [1997, p. 48f]. k denotes the block size, i.e.,
the number of pseudosentences, that are compared with each other to
adjacent groups of other pseudosentences to detect segment boundaries
[Hearst, 1997, p. 49f.]. 121 parameter configurations for w and k were
executed, see below in Footnote 207.

For both models, TextTiling and GPT-40, comparable scripts in terms of
complexity and length were produced. One slight drawback was noticed
in terms of the documentation for TextTiling. While the original paper
Hearst [1997] was detailed and comprehensible, the NLTK documentation
was sparse and lacked additional information such as examples.2% Still,
due to the simple and transparent nature of the TextTiling approach the

206 See https://www.nltk.org/_modules/nltk/tokenize/texttiling.html.
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underlying code was still understandable, which presents one practical
advantage of traditional methods, see above in Sections 8.3 and 8.4.

Having detailed the scenario and its realization, the next section com-
prises different factors regarding the evaluation of the use case.

9.3 Evaluation

The evaluation was not only conducted to assess the quality of the pro-
duced segments. While the quality of the produced output is naturally
an important aspect of every NLP method, as has been mentioned during
the high-level discussion of methods and approaches in general above in
Section 4.2, other facets have been noted throughout this thesis as well,
which will also be analyzed in this section. First, a quantitative and statist-
ical evaluation is presented in Section 9.3.1. A qualitative evaluation will
be displayed in Section 9.3.2, before efficiency in terms of runtime and
energy consumption will be analyzed in Section 9.3.3 and other relevant
factors. Section 9.3.4 will conclude this chapter.

9.3.1 Quantitative Evaluation and Outliers

The first quantitative metric simply calculates the number of produced
segments per transcript. All 172 transcripts were processed separately,
which is why an average across the number of segments per transcript
was the logical first step. The results for GPT-40 and all 121 TextTiling
parameter configurations were collected and surveyed.?”” To analyze a
select number of TextTiling results more closely, three parameter config-
urations were chosen, one of them representing the default parameters
given in Hearst [1997] as w = 20 and k& = 10, and two adjacent parameter
sets, see above in Section 9.2 regarding details on w and k. The results
are printed in Table 9.2.208

In order to compare the sizes of the produced segments against each
other in another manner, the average number of sentences and tokens
were calculated for each segment. The selection of the three parameter
configurations regarding the TextTiling parameters of w and k align

207 In total, 121 parameter configurations were tested, with the following values
[1,2,3,5,8,10, 15, 20, 30, 40, 50] being selected for both w and k.

208 Due to size constraints, not all metrics are printed in this thesis. The full statistics are
available at the GitHub page of the corresponding publication Jegan and Henrich [2025b]
athttps://github.com/uniba-mi/text-segmentation/blob/main/data/resu
lts-statistics.xlsx.
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9.3 Evaluation

Model No. of No. of Sent.  No. of Tokens
Segments per Segment  per Segment

Average (SD) Average (SD)  Average (SD)

GPT-40 8.95 (5.48) 13.73 (29.07) 176.74 (399.30)

TextTiling
w=20;k=5 867(701)  885(2.88)  118.66 (21.16)
w=20;k=10  8.59(6.97) 8.92 (2.71) 120.21 (20.15)
w=30;k=10  5.94 (4.53) 12.73 (4.70)  169.78 (36.14)

Table 9.2: Quantitative results of the text segmentation task. Model represents the
applied approach, with w denoting the size of pseudosentences and k
the block size as variables for TextTiling, No. of Segments denoting the av-
erage number of produced segments across all transcripts, No. of Sent.
the average number of sentences per segment and No. of Tokens like-
wise for number of tokens per segment, once again averaged across all
transcripts. The standard deviation is given in brackets. Adapted from
Jegan and Henrich [2025b].

closely to the three quantitative metrics achieved by GPT-40, see Table 9.2.
The number of segments, for w = 20, and for number of sentences
and tokens for w = 30, roughly correspond to the results from GPT-
40 and thus offer a further comparative aspect regarding the differences
through parametrization of TextTiling and the results produced by GPT-
40. A closer look at the produced segments revealed noticeable and, after
a brief analysis, less comprehensible results generated by GPT-4o for the
dimensions sentences and tokens. When statistically evaluating the out-
put of the four models, it was observed that outliers across these statistical
measures were most prominently produced by GPT-4o. To further evalu-
ate this aspect of the text segmentation procedure, the standard deviation
was calculated for all three measures, and based on these scores, further
and more qualitative analysis of the standard deviation was conducted.
The standard deviation of number of sentences and number of tokens
revealed drastically higher values for GPT-40 than for the three TextTil-
ing models, by roughly one order of magnitude, see Table 9.2. Due to this
unexpected occurrence, which was not noted in the initial qualitative spot-
checks of the results, a deeper analysis was conducted. When surveying
the segments of all transcripts in respect to the transcripts themselves, a
markedly higher number of outliers was noticed for GPT-40. Concretely,
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GPT-40 produced extremely long segments for dozens of transcripts or in
one case no segments, i.e., the transcript was not segmented at all.?® A
manual review of the transcript, for which GPT-40 produced no segments
atall, revealed no obvious characteristic, which caused this failed segment-
ation, or special property of that text, which differentiates this text from
other transcripts. The reasoning behind this failed segmentation and the
other outliers in terms of extremely long segments are uncertain, instead
further underlining the unreliability behind the output generated by mod-
ern LLMs, especially for more uncommon use cases such as text segment-
ation. The values for TextTiling present a more consistent picture, able to
produce segment sizes depending on the parameter selection, since lower
values of w and k for these three configurations result in lower numbers
of sentences and tokens, and vice versa for higher w and k values.
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Figure 9.3: Number of segments for each transcript. All 172 transcripts are presen-
ted in each box plot, with the number of segments per transcript dis-
played on the y-axis. Red corresponds to GPT-40, and the other col-
ors to TextTiling models with the following parameters respectively:
Blue to w = 20; k = 5, green to w = 20; £ = 10 and violet to
w = 30; k = 10.

Numberof ~ Ihe number of segments per transcript is shown in Figure 9.3. While
Segments the box plots appear similar, a few observations from the underlying data

209 For a comprehensive quantitative analysis, see the complete statistics in https://gith
ub.com/uniba-mi/text-segmentation/blob/main/data/results-statistics
. csv, which collects all quantitative and statistical results of the GPT-40 model as well
as all TextTiling models.
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9.3 Evaluation

are relevant here. From Table 9.2, the highest number of segments per
transcript on average are produced by GPT-40, however by only a slight
amount, which is in alignment with the highest median produced for all
four models in Figure 9.3. The higher average by the blue model (w =
20; k = 5) from Table 9.2 compared to the green model (w = 20; k = 10)
is grounded in a different distribution of number of segments, especially
for segment values in the lowest and largest quartiles, respectively, which
is why the median for the former model is calculated as five and the lat-
ter model amounts to six, see the box plots in Figure 9.3. The drastic-
ally different standard deviation regarding GPT-4o is not visible in this
broader visualization, since the number of segments does not differ that
much for the four observed models. In contrast, the analysis of number
of sentences and tokens presents a different picture, see Figure 9.4 and
Figure 9.5 respectively.

300 25

20 °
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15
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10

Average No. of Sentences per Segment
Average No. of Sentences per Segment

(a) GPT-40 (b) TextTiling: Blue - w = 20; k = 5,
green - w = 20; k = 10,
violet - w = 30; k = 10

Figure 9.4: Average number of sentences for each segment averaged across the
transcripts. All 172 transcripts are presented in each box plot, with the
average number of sentences per transcript displayed on the y-axis.

The analysis of sentences and tokens necessitates a different processing.
For each segment, sentence tokenizers and word tokenizers are applied
respectively and the results are averaged across one transcript to get a
representation of the number of sentences and tokens per segment per
transcript. The sentences are presented in Figure 9.4 and require a separ-
ate visualization for GPT-40 due to the extreme outliers, which enable an
explanation for the drastically higher standard deviation from Table 9.2.
For the outliers at the top end of the scale in Figure 9.4a, extremely long
segments with nearly one hundred sentences per segment or in one case
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9 Case Analysis: Text Segmentation

over three hundred sentences for one transcript without any segments,
see above regarding this outlier earlier in this section, were generated by
GPT-40. Thus, the segmentation failed in these cases, and compared to
TextTiling, see Figure 9.4b, GPT-40 produced uneven, unreliable and un-
desired outputs. As for TextTiling, higher values of w tend to produce
longer segments in terms of average number of sentences per segment,
see Figure 9.4b, and also for average number of tokens per segment, see
below in Figure 9.5b.
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(a) GPT-40 (b) TextTiling: Blue - w = 20; k = 5,
green - w = 20; k = 10,
violet - w = 30; k = 10

Figure 9.5: Average number of tokens for each segment averaged across the tran-
scripts. All 172 transcripts are presented in each box plot, with the
average number of tokens per transcript displayed on the y-axis.

The number of tokens confirms the findings from the analysis of sen-
tences, with extreme outliers only appearing for GPT-40, see Figure 9.5a,
and TextTiling once again presenting uniform results, albeit with slightly
higher number of tokens for the parameter configuration of w = 30; k =
10, see Figure 9.5b. Thus, as mentioned above for the analysis of the num-
ber of sentences, increasing the parameter w leads to longer sentences
overall. This result matches the intuitive interpretation of this parameter,
since for longer pseudosentence or token-sequence sizes, which are set
through w, longer resulting segments seem natural. Therefore, a para-
metrization leads to direct adjustments of the output, which can be quan-
tified since the average number of sentences and tokens per segment was
not only calculated for the three parameter configurations from above
in Figures 9.3, 9.4b and 9.5b, but for all tested configurations, see Foot-
note 207. The overall trends for parameter w noted here are confirmed
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for larger sample sizes starting from w = 1 up until w = 50.21° The
statistics presented above capture the size of the produced segments in
different dimensions, but do not necessarily correspond to the quality in
terms of coherence and semantic relatedness within the segments and re-
garding segment boundaries. Therefore, a brief qualitative discussion is
required.

9.3.2 Qualitative Evaluation

As mentioned above during the discussion of lacking metrics in Sec-
tion 6.2 and use cases such as marginalia generation and others in Sec-
tion 7.2, NLP methods for datasets without a gold standard or references
within the data are inherently difficult to evaluate. The limitations of
reference-based evaluations should however not be discounted, see also
the discussion of this phenomenon in Section 6.2. Segment boundaries,
especially for spoken language and thus texts that are structurally less or-
ganized than written texts, are hard to clearly distinguish, for humans and
even more so for text processing systems.?!!

Instead of a reference-based evaluation, spot-checks for the four models
mentioned above were conducted in this study. While the overall quality
of the results by GPT-40 and all TextTiling approaches remain compar-
able, a few observations stand out, which have already been referenced
in Jegan and Henrich [2025b, p. 277f]]. One such observation includes a
slight advantage of GPT-40 in producing semantically more coherent and
related segments. This factor can be attributed to, e.g., more segments
using rhetorical questions as the first sentence, which is useful as an in-
troductory or starting part of a segment. TextTiling segments did not ex-
hibit this characteristic to the same extent. The strength of GPT-40 to be
able to find deeper semantic links and relations between text portions by
their immensely more complex underlying language model is one point
in favor of the LLM since the traditional model TextTiling with its drastic-
ally simpler algorithm is not able to capture such deeper relationships.
Furthermore, despite the outliers and the standard deviation values noted
above in Table 9.2, the qualitative spot-checks revealed a slightly more
uniform type of segments for GPT-40 when compared to the results from

210 A full statistical analysis is available at https://github.com/uniba-mi/text-segm
entation/blob/main/data/results-statistics.xlsx.

211 For a more detailed discussion on the evaluation of text segmentation systems and
problems therein, see, e.g., Ghinassi et al. [2024] for a recent discussion or Lamprier
et al. [2007D] or Pevzner and Hearst [2002] for older but more focused studies in this
research domain.
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TextTiling. In contrast, the extreme outliers in terms of size represent
disadvantages for GPT-4o, that even became obvious in this qualitative
survey. Also, the parametrization of TextTiling and being able to produce
segments with different sizes just by adapting parameters and quickly pro-
ducing output with dramatically lower costs are further points in favor of
TextTiling, and will be discussed below regarding efficiency.

9.3.3 Efficiency

When analyzing this use case regarding efficiency, different factors need
to be evaluated. Of these, the time spent processing the segmentation
of the dataset will be studied first. As mentioned above in Section 4.2
and more detailed in Section 8.1.1 regarding the advantages of traditional
approaches, the runtime is certainly relevant when comparing different
NLP methods intended for a task. The following values all relate to ex-
ecuting the segmentation for the whole dataset once in total, i.e., all 172
transcripts are processed sequentially one time.?!? The values were re-
trieved for measuring the time processing the segmentation tasks only,
thus no preprocessing or other data-cleaning steps are included, and were
measured within the Python scripts. The computation was intentionally
not optimized in any way, e.g., through parallelization, multi-threading
or other measures, in order to keep the processing of TextTiling and the
sequential processing done via the OpenAl API comparable. For the lat-
ter, the calls to the API were sent sequentially as well. The values are
displayed in Table 9.3.213

As measured, processing the transcripts through TextTiling when com-
pared to GPT-4o is more efficient by a factor of at least 500x for the meas-
ured parameter configuration from Table 9.3. As mentioned, optimiza-
tion was intentionally omitted. However, due to the lack of transparency
and lack of documentation for the computations done by OpenAl to ex-
ecute the requests received through their API for GPT-4o, it is unclear,
what overhead in terms of preprocessing, infrastructure or other pipeline

212 Since the capability of different hardware configurations naturally has an impact on the
processing speed, three different machines were tested. The primary machine was the
same system already applied above in Section 8.1, S1 from Section 8.1.1, which was used
to compute the values given in Table 9.3. Other machines were tested as well, ranging
from a desktop PC, S2 from Section 8.1.1, to a more computationally capable server
using an AMD EPYC 7443 24-Core processor with 1,000GB of RAM. All tested machines
were able to process all transcripts once in between 9 and 16 seconds for the TextTiling
parameters w = 20 and k = 10.

The quoted metrics have also been presented in a less detailed manner in Jegan and
Henrich [2025D, p. 277).
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GPT-40 TextTiling
w=20 w=20 w=30
k=5 k=10 k=10

Time 6,127.6 9.12 10.72 7.15

Table 9.3: Runtime analysis of the segmentation task. Time represents the total
time of one execution run, processing all 172 transcripts once, in
seconds.

operations are applied that should not count towards the actual segment-
ation processing done by GPT-40. Since no other way of more accurately
measuring the computation done with GPT-4o is available, this estimate
needs to suffice for a broad comparison between the methods. Even so,
the runtimes observed in Table 9.3 are a noteworthy and drastic difference
between the two approaches.

As for TextTiling, while only three parameter configurations and their
quantitative and qualitative results have been analyzed in detail, the min-
imum and maximum parameter configurations have also been tested. In
case of w = 1; k = 1, the runtime increased by a large margin, which
is natural, since the parameter w concerns the size of pseudosentences,
which are used to construct blocks that are compared to one another.
Lower values for the size of pseudosentences result in larger sets for com-
parison as well as more comparisons that need to be computed, which
both increase the runtime of the segmentation procedure. Thus, the time
processing all 172 transcripts with parameters w = 1; k = 1 took 128.21
seconds.?™* In contrast, the maximum values of w = 50; k = 50 naturally
resulted in drastically lower runtimes, with 5.48 seconds required to pro-
cess all 172 transcripts once. The fluctuations in Table 9.3 regarding the
three parameter configurations of TextTiling can be explained by the same
phenomenon as described for the configurations w = 1; k = 1 in contrast
to w = 50; k = 50, however in a less severe manner due to smaller differ-
ences?! for w and k. The parameter k defines the number of blocks of
pseudosentences that are compared to each other, see Section 9.2. Larger

214 See https://github.com/uniba-mi/text-segmentation/blob/main/data/
results-statistics.x1sx for all measurements regarding efficiency tracking of
TextTiling. All measurements for TextTiling were repeated four times, corresponding to
the second to fifth tab in the spreadsheet. Hence, averaged values are presented in this
section and in Tables 9.3 and 9.4.

215 Herew = 20; k = 5, w = 20; k = 10 and w = 30; k = 10 respectively.
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values of k therefore lead to longer runtimes for configurations with the
same w, however contributing less heavily to the runtime when compared
to w overall.2!®

Apart from runtime analysis, other dimensions were evaluated, such as
the energy consumed by the different approaches. As mentioned above in
Section 4.2 and already discussed during the benefits of traditional meth-
ods in Section 8.1.2, the energy expended for processing text is another
dimension critical to today’s NLP landscape, especially in times of LLMs
and processing large datasets. The lack of clear standards and practices,
briefly presented in Section 4.2, does not absolve potential NLP practition-
ers from including an analysis of the energy consumption for a prospect-
ive method, due to a variety of reasons, such as rising energy demands by
many industries and the Al field in particular. The actual measurement
of the consumed energy for a specific process is not trivial since differ-
ent modes of power tracking can be envisioned. Jay et al. [2023] provide
a survey on both hardware-based and software-based power tracking and
compare the two modes. For this study on text segmentation, the same
procedure was applied that has been used and described in Section 8.1.2
for measuring the energy consumption of the use cases presented there.

Whereas the power tracking of the TextTiling-based approaches can be
measured in detail, the power consumption of the segmentation through
GPT-40 is harder to quantify. The developer API platform provided by
OpenAl, similarly to the observations from above regarding the runtime
analysis, does not provide any information on the energy expended by the
requests sent to the API. Thus, a detailed calculation akin to the analysis
conducted for TextTiling was not possible, and estimates must suffice. As
also noted in Jegan and Henrich [2025b], different studies with varying
estimates for the energy consumption of LLMs are available.

One early and widely cited study by De Vries [2023, p. 2192] quotes 3
Wh for a single interaction with an LLM, in their case estimating this
value for the ChatGPT version available in 2023, then based on GPT-3.5.
The same study by De Vries [2023] compared this estimation to the en-
ergy consumption of a typical Google search request as a baseline. Such
a Google search request, approximated for searches without the recent Al
processes, requires one tenth of the 3 Wh estimated of an LLM request,
i.e., roughly 0.3 Wh for the search [De Vries, 2023, p. 2].2'7 While the
indexed data has certainly increased manifold, efficiency improvements

216 See the concrete values in the spreadsheet linked in Footnote 214.
217 The quoted value of 0.3 Wh from De Vries [2023, p. 2] is cited from https://googlebl
og.blogspot.com/2009/01/powering-google-search.html, dating back to 2009.
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in processing search queries on software as well as hardware side would
nowadays presumably lead to energy consumption that is in the same ball-
park as the earlier value. This interpretation is naturally only applicable
to search queries without any Al overhead, in contrast to modern search
systems, e.g., the Al overviews applied by Google as of 2024, see below in
Section 10.1.

The amount of expended energy has a stronger point of emphasis re-
cently due to the continued interest in LLM development, which is why
other studies have been conducted. Newer studies attribute lower power
consumption to LLMs, in one such case?!® estimating one typical query to
ChatGPT using GPT-4o consuming 0.3 Wh, thus just a tenth of the pre-
viously reported value from De Vries [2023] and equal to a typical Google
query, see Footnote 217. Other studies such as Stojkovic et al. [2024]
or Jegham et al. [2025] focus on different methodologies and also other
dimensions such as water consumption and carbon footprint. Unfortu-
nately, the lack of transparency of LLM providers prohibits the accurate
quantification of the energy expended for single requests.

In the end, both estimates, the upper bound of 3 Wh per request and
the lower bound of 0.3 Wh per request, see above, were used to approx-
imate the actual energy consumption. To capture the processing of all
transcripts done by GPT-4o, these values were multiplied by 172 since
each transcript was segmented by using a separate request. In contrast to
the ranges presented for GPT-40, concrete values were calculated for the
TextTiling approaches by using the Code Carbon software-based power
tracking, see Section 8.1.2 for more details on this power tracking soft-
ware. The captured values can be seen in Table 9.4.2°

When comparing the results of the analysis on energy consumption,
differences within several orders of magnitude were noted, even when us-
ing the more conservative values from the lower bounds of the ranges
given for GPT-40. While estimates were used for GPT-40 due to the
unavailability of concrete values, the stark differences between the two
approaches become apparent and present a strong argument in favor of
using the traditional model. Similar to the analysis above regarding the
runtime, the minimum and maximum parameter configurations for Text-

218 See the study by https://epoch.ai/gradient-updates/how-much-energy-does-
chatgpt-use/.

219 The values were calculated using the same system as presented above for the runtime
analysis, detailed in Footnote 212.
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GPT-40 TextTiling
w=20 w=20 w=30
k=5 k=10 k=10

Energy 51.6-516  0.061 0.072 0.048

Table 9.4: Energy consumption of the segmentation task. Energy represents the
consumed energy of one execution run, processing all 172 transcripts
once, in Wh. The range regarding GPT-4o is caused by a lack of trans-
parency of the provided API, which is why estimates need to be used
here that can vary widely, see above in this section for more details.

Tiling were tested as well.??* On the one hand, applying the minimum
configuration w = 1; k = 1, 0.85 Wh were measured for processing all
172 transcripts once. The energy consumption for this configuration is
drastically higher when compared to the measurements of the TextTiling
experiments from Table 9.4 due to the increased processing time, see also
above during the discussion of the runtime. On the other hand, when
using the maximum configuration, w = 50; & = 50, 0.037 Wh were ob-
served. Both values confirm the findings of the runtime analysis, and
match the intuitive interpretation from above, with lower values regard-
ing the parameters resulting in more computations necessary for the seg-
mentation and thus a higher power draw, and vice versa for higher val-
ues. The fluctuations between the three parameter configurations from
Table 9.4 follow the same logic as for the runtime from Table 9.3.

Regardless, the values noted for GPT-4o are still considerably higher
even for the worst-performing TextTiling configuration in this evaluation.
Thus, the advantage of the traditional model TextTiling in contrast to GPT-
40 is confirmed once more in regard to the energy consumption. Also, the
impact of the ongoing climate crisis is an additional factor, which should
be considered. The use of the traditional technique in just this small use
case displays the stark differences in terms of energy costs between the
two models and the ability to conserve much energy with comparable qual-
itative performance. The energy savings for other, potentially much lar-
ger, applications are immense and should be pursued.

220 Once again, as for the details of the runtime analysis earlier in this section, see the second
to fifth tab of the spreadsheet for all measurements in https://github.com/uniba-
mi/text-segmentation/blob/main/data/results-statistics.xlsx.
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9.3 Evaluation

Now that efficiency has been analyzed in detail, more dimensions were
noticed during the realization and evaluation of this use case, which will
be collected in the next section.

9.3.4 Other Dimensions

One further dimension of evaluating the approaches concerns the monet-
ary expenses necessary to produce the segments. The required software
for TextTiling is completely open source and therefore no dedicated ex-
pense is necessary, except a machine capable of running the requisite
packages. The latter aspect, however, would also be necessary to perform
the calls towards the APIs in order to send the requests to the LLMs. For
the LLM, additional costs arose, due to the expenses required in using
the OpenAI API. This attribute of modern LLMs, the costs in using the
models, was already mentioned above during the first definition attempt
in Section 2.5, during the discussion of analogies to product development
and engineering realm in Section 5.1 and the selection criteria in the same
chapter in Section 5.2, which provide a basis for discussing research ques-
tion @). The expenses vary depending on the provider and the applied
model, but the values shown here present a representative snapshot of
applying an LLM for similar text processing tasks. All 172 transcripts
were processed once, in sequential order, thus 175 requests were sent to
the OpenAl API, including three requests for testing purposes. In total,
248,615 tokens were transmitted to the API, applying the GPT-40 model,
resulting in costs of $2.93, or 1.67 cents per transcript.?2! The costs for
this small scenario are manageable, but for larger datasets or a perman-
ently available service, expenses can quickly increase.

Another option to both keep the flexibility of LLMs and prevent ongoing
costs shall be mentioned as an alternative, i.e., the use of locally run LLMs,
which were briefly introduced in Section 2.4. A few experiments were
conducted using models trained with open weights such as LLaMA 3.222
and Microsoft’'s Phi??}, both advertised as capable models without requir-
ing powerful hardware resources. In brief evaluations using the same
prompts as for GPT-4o, the segmentation was not successful, i.e., the gen-
erated output did not match the input transcripts with additional segment

221 These values were observed in March of 2025. As of September 2025, the pricing had
already changed, amounting to $2.5 per 1 million input tokens. The volatile nature of
LLMs that are dependent on their providers was already discussed in Section 2.4.

222 See https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-
mobile-devices/.

223 See https://azure.microsoft.com/en-us/products/phi/.
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markers. This problem thus matches the issues described for the earlier
GPT version from the original paper by Lehmann and Landes [2024] for
GPT-3.5. The inability of the smaller local models in following the instruc-
tions in the prompt follows these observations from GPT-3.5, potentially
due to the smaller parameter size when compared to GPT-40. Additional
experiments would be the next logical step for similar models, potentially
with the addition of a desired schema to the prompt, which is intended
to guide the LLM to generate output structured according to the given
schema.??*

After presenting the evaluation and the results of the use case on text
segmentation, a few observations deserve to be mentioned, as a lessons
learned or retrospective, which should be part of the development life-
cycle, as mentioned above in Section 5.1. One learning concerns the
quickness of achieving a working method. Both TextTiling and GPT-4o
systems were executable within a similar time frame and with compar-
able amounts of code. While the documentation of the applied TextTiling
library could be improved, the simple nature of its method mitigated this
weakness and enabled a quick implementation. Furthermore, the advant-
age regarding both time and energy efficiency for TextTiling in compar-
ison to GPT-40 was even more drastic in reality than expected, with sev-
eral orders of magnitude for both metrics, see Tables 9.3 and 9.4. This
result in terms of efficiency, combined with the qualitatively comparable
performance of both systems, confirms research question @) as well as
provides a concrete example for benefits of using a traditional technique,
see research question 0 Lastly, the parametrization of TextTiling, which
displays one advantage of a traditional model regarding customizability
for the desired use case was manifested during the quantitative evaluation,
see above in Table 9.2 and the analysis of outliers from above. In the end,
the structured and purposeful nature of approaching this scenario proved
successful and displayed strengths regarding both approaches but also
revealed some differences for both methods.

224 The functionality of structured outputs of locally run LLMs promises this functionality
through the Ollama framework, see https://ollama.com/.
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Following the analysis of the “new” use case of text segmentation in
Chapter 9, several classes of traditional approaches will be contextualized
regarding their applicability and relevancy in the current NLP landscape:
Extractive approaches, not necessarily only for summarization purposes,
for the first class in Section 10.1, rule-based techniques and decision trees
for the second class in Section 10.2, and SVMs as the last class in Sec-
tion 10.3. A penultimate Section 10.4 will present other types of tradi-
tional approaches that did not fit in the previous three classes. Lastly, the
final Section 10.5 will provide a conclusion and attempt recommendations
for different use cases from another perspective, with lessons from other
domains in mind, mainly Chapter 5, to capture research question @) re-
garding the selection process of choosing an appropriate NLP method.

Two different perspectives will be applied in this chapter. First, the
perspective of techniques instead of use cases will be the focal point in
Sections 10.1 to 10.4 regarding research question e, showcasing poten-
tial benefits of using traditional models. Second, the use case-centric
perspective, which was detailed in Chapters 7 and 9 as well, will be ap-
plied in Section 10.5 regarding research question ). The applicability
of rule-based approaches for information extraction and SVMs for classi-
fication purposes, as discussed earlier in Sections 7.3.1 and 7.3.2 regard-
ing Pulver [2023] and Raab [2023] respectively, was already presented as
part of two talks, see Jegan [2023, 2026]. Both talks discussed the trade-
off between traditional models and neural networks, with the former talk
[Jegan, 2023] providing an initial spark for the main research topics of
this thesis and the latter [Jegan, 2026] signifying a closing statement in
January of 2026.

10.1 Extractive Approaches

The first type of approaches discussed in this chapter comprises extract-
ive techniques, which naturally bring summarization approaches to mind.
The defining attribute for extractive summarization techniques, especially
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in contrast to generative techniques and as already detailed in Section 3.6,
is the selection process of the text that is identified for the summaries,
which necessarily needs to appear identically in the original texts. This
process is by definition antithetic to abstractive scenarios, which are able
to generate new text that is not required to appear in the source doc-
ument. While the natural interpretation of extractive techniques con-
cerns text summarization, other NLP tasks can also be approached using
these extractive techniques akin to extractive summarization, see, e.g., a
keyword extraction task using TextRank [Zhang et al., 2020b]. For this
thesis, extractive techniques are considered traditional approaches due to
efficiency, explainability and reproducibility characteristics. However, hy-
brid approaches combining extractive and abstractive techniques as dis-
cussed briefly in Section 8.5 and especially in Aumiller et al. [2022], or
purely neural network-based extractive approaches, see, e.g., Nallapati
et al. [2017] or applied in Lang [2025], exist, but this thesis will primar-
ily focus on less complex systems.

Also, a distinction is required for the techniques presented in the next
Section 10.2 for rule-based techniques and decision trees. The techniques
typically applied in extractive summarization, e.g., LexRank [Erkan and
Radev, 2004] or TextRank [Mihalcea and Tarau, 2004], are not purely rule-
based extraction techniques. They instead require a text representation
phase followed by a ranking phase, based on some sort of similarity meas-
ure between textual units such as sentences. This procedure differs from
rule-based approaches or decision trees, which are either strictly sequen-
tially checking rules or applying machine learning-based decision tree
learning methods. Furthermore, the techniques from the subsequent Sec-
tion 10.2 are mainly intended for classification and information extraction
purposes and thus produce a class or tag as result of the processing, which
differs from the output of extractive approaches that are typically larger in
scale, consisting of several sentences.??>

One of the primary use cases of LLMs is summarization tasks, seen,
e.g., in research [Zhang et al., 2024b] as well as the inclusion of sum-

225 Typical summarization approaches are envisioned in this comparison. Keyword extrac-
tion approaches, as earlier mentioned in this section, naturally produce smaller-scale
output, but the distinction between classifying tasks and text production tasks still re-
mains the same. See the discussion of these types of NLP tasks above in Section 6.2
regarding different evaluation methods and metrics.

220



10.1 Extractive Approaches

maries in the SERP of a regular web search request.??® As mentioned
already in Section 7.2.2, the goal of summaries can vary widely, which
holds true for summaries in the context of the SERP. Before the addition
of Al-generated overviews, short summaries — here called snippets — con-
sisting of two to three short sentences were included in the SERP besides
the URL and the title of the corresponding webpage.??” Snippets tend to
be rather short and indicative, i.e., they do not go into detail regarding the
source text. They should also present an overview to users, so that they
can decide if the retrieved website in the SERP is relevant to their search
intent [Dal Cin, 2025, p. 10]. Consequently, snippets can depend on the
search requests submitted by the user. In contrast, summaries are inde-
pendent of the search query in this scenario. Furthermore, many other
summary types have differing goals, oftentimes requiring an informative
summaty, i.e., the collection of the main points of the source text.??

In this thesis, three summarization use cases were reviewed, Got-
twald [2023], Harms [2024] and Dal Cin [2025]. While the goal of the inten-
ded summaries differed across these use cases, the strong performance of
modern, transformer-based approaches was noted across all three studies.
While the first use case [Gottwald, 2023] was conducted before the rise of
chat-based LLMs, the other two applied Mistral-based LLMs: Mixtral, as
used in Harms [2024], and NeMo, as used in Dal Cin [2025], reach the
overall best performance for both tasks as representatives of LLMs, for
the former on the summarization of German school websites and for the
latter on five distinct multilingual summarization tasks. The class-leading
performance of LLMs, as noted in Zhang et al. [2024b], is thus confirmed
for summarization tasks in these studies.

While the general results of summarization evaluations support the use
of LLMs for summarization tasks overall, specific use cases or features
would still provide arguments for the use of traditional extractive models
such as LexRank. First, efficiency in terms of processing time was noted
in both Gottwald [2023, p. 43] and Harms [2024, p. 24] as clearly favoring
LexRank in comparison to all neural network-based systems. Second, ex-
plainability [Dal Cin, 2025, p. 33f.] and reproducibility [Dal Cin, 2025,
p. 45ff.] are further attributes, which would favor approaches such as

226 The integration of summaries in the SERP as conducted by Google using their AT over-
views as of May 2024, see https://support.google.com/websearch/answer/14
901683/, was met with a critical reception due to the opt-out nature of this update with
unintuitive ways of deactivating this feature, see, e.g., https://www.tomshardware.c
om/how-to/block-google-ai-overviews/.

227 See https://developers.google.com/search/docs/appearance/snippet/.

228 See the classification by Jones [1999], also discussed in Section 7.2.2.
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LexRank. The extractive approach LexRank can be reproduced easily and
is also explainable through its transparent processes like the graph rep-
resentation of the source texts and its ranking of sentences based on cent-
rality scoring, see Erkan and Radev [2004, p. 459ff.]. A final attribute
concerns the restrictive nature of the produced output, which can only
consist of texts selected from the source document. This characteristic
therefore prevents hallucinations from being generated. In the end, if
solely the highest quality based on evaluation metrics such as ROUGE is
desired for a summary, flawed as such metrics may be, see Sections 6.2
and 7.2, LLMs are the clear recommendation for an intended summariz-
ation system. However, if other criteria such as efficiency or preventing
hallucinations are of importance, traditional methods would still be worth
investigating.

The generation of marginalia, as presented above in Section 7.2.1
from Lang [2025], applied extractive techniques with both traditional
techniques, e.g., TF-IDF and PositionRank [Florescu and Caragea, 2017],
and neural network-assisted extractive systems such as SIFRank+ [Sun
et al., 2020]. Neither traditional nor modern extractive techniques pro-
duced results that matched the two best generative methods, mT5 [Xue
et al., 2021] and GPT-4o [Hurst et al., 2024], in terms of quantitative eval-
uation using the f1-score, the MRR or the MoverScore, which was also
confirmed through a qualitative survey, see Lang [2025, p. 35ff.] and Lang
etal. [2025, p. 232ff.]. However, TF-IDF was noted as performing strongly,
unexpectedly so, since it was purely intended as a baseline. Efficiency
benefits are additionally apparent when using this traditional technique,
especially in comparison to mT5 and GPT-40, but also compared to the
neural network-assisted extractive technique SIFRank+. As such, TF-IDF
outperformed several dedicated keyphrase extraction methods regarding
exact matches and even produced the strongest results across all tested sys-
tems including mT5 and GPT-4o for approximate matches of present mar-
ginalia between reference and generated marginalia [Lang, 2025, p. 38].2%°

The lessons from this subsection and the following Sections 10.2 to 10.4
will be collected in an overarching summary in Section 10.5. As noted
earlier in this section, summarization techniques produce new text as
their output, which differs from the techniques applied in the next Sec-
tion 10.2. There, classification and information extraction use cases will
be detailed from the perspective of two related techniques.

229 The difference between present marginalia, sourced exactly from the original text, in
contrast to absent marginalia was already detailed above in Section 7.2.1.
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10.2 Rule-based Techniques and Decision Trees

Classification and extraction tasks, which include both NER and PoS tag-
ging, are the predominant tasks associated with rule-based techniques
and decision trees, see, e.g., Jiang [2012] and Aggarwal and Zhai [2012a].
Systems using rules or implementing decision trees can be seen as either
derivatives of each other or further advancements with decision trees
based on rules, depending on their definition or the perspective of the
user or researcher. The former interpretation is applicable, if the differ-
ent potential options modeled through the rules are simply visualized as
a tree, which would constitute a decision tree. In a stricter sense, the tra-
ditional decision tree model would be problematic in this interpretation,
if multiple rules appear to be true at the same time. An applicable policy
would need to be employed for such cases, e.g., a determination of a cer-
tain sequential order, in which the rules are checked [Jiang, 2012, p. 16f.].
The latter interpretation is the one more commonly found in the literat-
ure and research, i.e., decision trees as based on rules or classifications
modeled as a machine learning task [Orphanos et al., 1999]. The goal
of the decision tree is to construct a model for extracting information or
classifying certain parts of a text.

Apart from the terminological differences between the two techniques,
a structural or procedural distinction has been noted for classification ap-
proaches, see Aggarwal and Zhai [2012a, p. 180f.] and Quinlan [1986].
The hierarchical nature of decision trees, in contrast to rule-based ap-
proaches, can serve as an advantage or present a restriction, depending on
the perspective and use case. As mentioned above, rules allow the repres-
entation of overlaps or inconsistencies for cases, for which decision trees
would typically require a clear boundary between a single decision or class
[Aggarwal and Zhai, 2012a, p. 181]. Furthermore, in the more common
interpretation of decision trees generated through machine learning, in-
terpretability is not as immediate and direct as for rule-based approaches,
but still markedly more approachable than with modern LLMs, see Soon
et al. [2001] and Du et al. [2019]. On the other hand, the manual testing
and creation of rules within a rule-based system, which are the primary
way of generating decisions, extractions or classifications, requires further
effort and expertise through the user.?® Another advantage of decision

230 The possibility of automatically learning a set of rules should be mentioned here as well.
Different types of learning rules are common in research, through either top-down or
bottom-up approaches, see, e.g., Jiang [2012, p. 17] for more details.
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trees revolves around the ability of assessing the importance of features,
see Kazemitabar et al. [2017] for more details.

The information extraction task presented in this thesis, first intro-
duced in Section 7.3.1, showcases two distinct manifestations, one suc-
cessful application and another less so, both presented in Pulver [2023].
The first, and more successful implementation, relates to the applicability
of rule-based approaches for a still relevant use case, i.e., the identification
of legal forms of German companies from their names, as detailed above
in Section 7.3.1 and discussed in Jegan [2024]. Due to the limited number
of different spellings, abbreviations and other variants of the legal forms,
the creation of applicable rules was possible with reasonable effort, while
providing comparable performance to the other tested techniques. The
other, and less successful approach, demonstrated poorer performance
of decision trees for the second use case, which requires the identifica-
tion of the type of industry or trade based on the company name. Addi-
tionally, decreased efficiency regarding processing speed was also noted
for decision trees, especially for larger datasets and in contrast to the two
leading techniques, FastText and Naive Bayes classifiers, see Pulver [2023,
p. 44ff. and p. 63] and Section 7.4.3.

A second use case including decision trees addresses the entity match-
ing problem first presented in Section 7.4.2, see Hebeis [2025]. Decision
trees were applied on this classification task in several configurations and
in comparison to other traditional methods, see below in Sections 10.3
and 10.4, and modern BERT-based techniques. Both qualitative and
quantitative evaluations showcase the comparable performance of models
based on decision trees in this use case, with both traditional and modern
methods producing similar results quantitatively in terms of the f1-scores
and demonstrating their effectiveness for this task as well [Hebeis, 2025,
p. 42ff. and p. 54ff.]. Differences can be noted for efficiency and project
prerequisites. Regarding the former, the traditional models based on de-
cision trees and others, see Sections 10.3 and 10.4, are demonstrably more
efficient in terms of computational resources as well as processing time
[Hebeis, 2025, p. 55]. For the latter, i.e., the prerequisites of the applied
techniques, BERT-based classifiers as applied in Hebeis [2025, p. 38f.] do
not require a pre-defined schema mapping between metadata fields that
were used for the entity matching purposes, in contrast to the other meth-
ods including decision trees. Thus, additional preparatory effort is ne-
cessary for traditional methods, with advantages regarding efficiency and
explainability, as noted in Section 7.4.2 for decision trees in this use case.
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In the use case on entity matching, other techniques including SVMs,
random forest and Naive Bayes classifiers were applied. Since the explain-
ability and reproducibility differ in contrast to decision trees, and not con-
sistently within these three other techniques, they will be treated in the
next sections.

10.3 Support Vector Machines

Similarly to rule-based techniques and decision trees, SVMs are predom-
inately applied for classification [Cortes, 1995] and regression [Vapnik
et al., 1996] tasks, the former including information extraction use cases
in NLP. The information extraction task recognizing the type of industry
from company names, see Pulver [2023] and already described in this
chapter in Section 10.2, was also tested with SVMs, which displayed im-
proved performance compared to decision trees [Pulver, 2023, p. 45ff],
both in terms of quantitative results for measured accuracy as well as efhi-
ciency in terms of runtime. However, even SVMs still trail behind the two
leading techniques in this task, FastText and Naive Bayes, for details on
the latter technique see below in Section 10.4. In the entity matching use
case, see Hebeis [2025] and above in Section 10.2, SVMs were also applied,
but did not demonstrate class-leading performance within the selection of
the tested traditional models.

A more successful application of SVMs was noted in Raab [2023], as
introduced in Section 7.3.2, for the classification of texts from two do-
main datasets, i.e., the legal and insurance domains. SVMs were used as
a baseline in comparison to few-shot approaches, which apply more com-
plex neural network-based techniques such as SetFit [Tunstall et al., 2022].
The few-shot neural network-based techniques were able to surpass the
SVM baseline for the legal domain [Raab, 2023, p. 36ff.]. For the in-
surance domain, however, the baseline provided by SVMs achieved the
highest scores, even surpassing the modern models including SetFit and
ProtoBERT [Tdnzer et al., 2022] when evaluated using a typical training
and test split [Raab, 2023, p. 40ff.]. This leading performance of the tradi-
tional model SVM was also presented in Jegan [2024, 2026] and captures
the unexpected competitiveness of older techniques, especially when ap-
proaching a new task without preexisting training and testing datasets.
The insurance domain was of even higher importance compared to the
legal domain due to the main background of the study from Raab [2023],
which was conceptualized in cooperation with an industry partner work-
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ing directly with insurance companies. The legal dataset, used commonly
for research purposes and introduced by Glaser et al. [2018], was applied
in Raab [2023] to evaluate a second data domain, while the primary focus
was on the insurance dataset.

Due to the showcase presented in Raab [2023] with its impressive per-
formance in comparison to modern transformer-based approaches, SVMs
were presented separately from the following models. Due to their over-
lapping goals within the respective use cases and similar application scen-
arios, Naive Bayes and random forests will all be discussed in the next
section.

10.4 Others

Both information extraction use cases from Pulver [2023], see the discus-
sion of rule-based approaches and decision trees from this chapter in Sec-
tion 10.2, were also approached using another technique, i.e., based on
Naive Bayes classification procedures. The task of extracting the legal
form from company names was processed with higher accuracy by the
rule-based techniques in comparison to Naive Bayes, while a staggered
hybrid approach of first using rules and only applying Naive Bayes for the
remaining cases resulted in the highest scores [Pulver, 2023, p. 41ff.]. The
other task concerning the identification of the type of industry based on
company names presented higher scores for Naive Bayes in contrast to de-
cision trees, both in terms of accuracy and efficiency [Pulver, 2023, p. 45f1.].
Additionally, the more modern FastText classification also proved as suc-
cessful as Naive Bayes, with slight advantages for the modern approach
in accuracy while also being slightly less efficient [Pulver, 2023, p. 62f)].
Both techniques, Naive Bayes and FastText, provide a reasonable balance
of cost and performance, from a runtime perspective, see Section 7.4.3.
While several distinct traditional models were tested in Hebeis [2025]
to approach the entity matching problem, classification based on random
forest algorithms produced the highest f1-scores in several different con-
figurations, for small and large dataset variants [Hebeis, 2025, p. 42]. In-
troduced above in Section 2.2, a key feature of these techniques, their
randomness, presents a challenge regarding reproducibility in contrast
to many other traditional models. Due to the random seed applied dur-
ing initialization, reproducible results are not intended for random forest
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algorithms by default.?*! The additional efficiency advantages mentioned
above for decision trees in Section 10.2, which were noted for the entity
matching use case in contrast to the BERT-based approaches, are also ap-
plicable for the random forest classification [Hebeis, 2025, p. 44].

As detailed in Chapter 9, text segmentation was examined for a concrete
use case with the intention of observing the differences between applying
a traditional method and modern LLMs, see Jegan and Henrich [2025b].
TextTiling [Hearst, 1997], based on the lexical co-occurrence of words
and subtopic shifts, which is calculated through lexical similarity alone
[Hearst, 1997, p. 49ff.], was applied as the traditional technique for this
text segmentation problem. This procedure is notably simple, without us-
ing additional data such as thesauri or ontologies [Hearst, 1997, p. 59] and
therefore highly efficient with comparable performance to modern LLMs,
see the discussion on runtime and expended energy in Section 9.3.

TF-IDF representations have not only been used as intermediate steps
in processing pipelines to vector spaces enabling similarity computations
[Jurafsky and Martin, 2024, p. 116f.], but have also been shown to per-
form well on one of the NLP tasks collected in this thesis.?*? The task of
marginalia generation, modeled as a keyphrase prediction problem from
Lang [2025] and introduced in Section 7.2.1, was evaluated using several
extractive and generative systems. As efficient and traditional extractive
model, TF-IDF was first only used as a baseline, but during evaluation
recognized as the leading extractive model with comparable performance
to the neural network-based extractive model SIFRank+ [Lang et al., 2025,
p- 232]. However, all extractive models including TF-IDF still trail behind
the transformer-based methods in this keyphrase prediction task, in this
case mT5 and GPT-4o.

After summarizing the performance of traditional methods through ex-
periments and use cases discussed in this thesis, which can naturally only
present a snapshot of applications in NLP, the next section will present
traditional models from a different point of view. The perspective of the
past four sections Sections 10.1 to 10.4 used the techniques themselves as
the origin of the discussion, i.e., which techniques were applied success-
fully in the analyzed use cases. Now, to summarize for prospective users
and developers of NLP problems, recommendations will be presented in

231 Whereas the random behavior is part of the default configurations for random forest
implementations, reproducible states can be achieved through parametrization, see, e.g.,
https://scikit-learn.org/stable/common_pitfalls.html#randomness/.

232 These vector spaces can be interpreted as precursors to early embedding representations
such as word2vec, with short dense vectors as main difference to the earlier sparse vector
spaces, see Section 2.3 and Jurafsky and Martin [2024, p. 117ff.].
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the final Section 10.5 of this chapter, from the perspective of the use cases
and applicable techniques in their respective cases.

10.5 Recommendations for Techniques & Use
Cases

The recommendations presented in this section will be limited to the tasks
discussed in this thesis due to the extensive breadth of NLP problems and
applications in current research and practice. Thus, the list presented in
Section 3.1 will be discussed in that order. In doing so, references to the
related work and historical development of the NLP tasks from Chapter 3
and the SLR in Chapter 4 will be presented as well as lessons learned from
other domains such as engineering and design theory in Chapter 5.

Information and relation extraction has mostly shifted towards the use
of transformer-based LLMs, see Section 3.2, however, three approaches
from each task were retrieved as part of the SLR from Jegan and Hen-
rich [2025a, p. 7.] that still use traditional models as either comparison
baselines [Liu, 2023; Mazumder et al., 2023] or, more importantly, as core
method of the paper, e.g., in Osman et al. [2023], Sultana et al. [2022] and
Xiang and Yangfei [2023]. The latter three papers comprise rule-based
methods as well as SVMs and KNN classifiers. As part of this thesis, the
rule-based approach from Pulver [2023] was the leading performer in the
first subtask, which represents a clearly defined use case with a finite num-
ber of forms for the type of information that should be extracted, in this
case the legal form of a company [Pulver, 2023, p. 41ff.]. When dealing
with a similarly small-scale problem, i.e., allowing the definition of rules
based on a manageable number of different forms, rule-based approaches
or decision trees have a high potential to be as successful as modern and
more inefficient systems. Even the slightly more complex second subtask,
identifying the type of business from company names, was approached
using Naive Bayes classifiers nearly as successful as more modern clas-
sifiers such as FastText [Pulver, 2023, p. 44ff.], with additional efficiency
improvements for the traditional model [Pulver, 2023, p. 62f.]. When sur-
veying the domains from Chapter 5, explainability as well as efficiency are
the prime factors when dealing with information and relation extraction
approaches, enabled through rule-based systems, decision trees or Naive
Bayes classifiers.

Text classification has also shifted towards the use of LLMs, see Sec-
tion 3.3. The SLR nevertheless retrieved eleven publications with ref-
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erences to traditional models. Apart from using traditional models as
baselines, linear n-gram classifiers [Chen et al., 2023a] and decision tree
classifiers [Lin, 2023; Zhang et al., 2023a] were used as the main technique
of the respective publication. As part of the classification task on insur-
ance and legal texts from Raab [2023], SVMs were originally only inten-
ded as a baseline, but achieved better results than more complex few-shot
systems based on neural networks for the insurance dataset [Raab, 2023,
p.40ff.]. Due to the special domain of the insurance dataset, without freely
available large datasets for training purposes, the used dataset remained
rather small. Therefore, few-shot approaches were applied, but could not
surpass the performance of the SVM classifier, which shows the applicab-
ility of traditional classifiers for such constrained tasks, in which only little
data is available. The entity matching task from Hebeis [2025], which can
be interpreted as a classification task, applied random forests, XGBoost
and other traditional machine learning systems on the matching task. The
performances of random forests and XGBoost surpassed the competing
BERT-based system, especially for smaller dataset sizes, and never trailing
behind the BERT-based system while also staying much more efficient
in terms of runtime [Hebeis, 2025, p. 42ff.]. Thus, traditional machine
learning-based classification systems such as SVMs or random forests
should still be tested, especially if no large-scale training datasets with
labels are available. The lessons from Chapter 5, from the perspective of
classification, are once again mostly related to the efficiency factor as well
as the ease of use and documentation of the widely researched text clas-
sification NLP task, see Section 8.3. Finally, combined approaches, e.g.,
stacking, see Section 8.5 and Wolpert [1992], or boosting, see Section 2.2.2
and Freund et al. [1996], are prominent representatives of hybrid classific-
ation systems, allowing the application of several different techniques to
potentially improve upon the performance of single classifiers, however
at the expense of additional runtime and energy consumption.

Text segmentation as one of the smaller research areas analyzed in this
thesis has not received the same attention from the NLP research and prac-
tice as text classification or text summarization use cases. Nevertheless,
even for text segmentation, the impact of LLMs has been noticed, see, e.g.,
Gong et al. [2022] or Alkhalil et al. [2025]. While text segmentation was
not a part of the SLR in Jegan and Henrich [2025a], research as part of the
case analysis from Chapter 9 has shown traditional approaches that are
still in use today. As part of chunking strategies, fixed-size segmentation
[Chalkidis et al., 2022; Dai et al., 2019] is still present in research. The
statistical approach TextTiling by Hearst [1997] was identified as a tradi-
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tional technique and was directly compared to the LLM GPT-40. Despite
the difficulty in evaluating text segmentation approaches, see Section 3.4
and Section 9.3, comparable qualitative performance was found for Text-
Tiling in comparison to the LLM, accompanied by efficiency advantages
by several orders of magnitude for the traditional model. In reviewing
Chapter 5, efficiency as well as adaptability of TextTiling and similar tech-
niques are the key characteristics of traditional models. Adaptability can
be achieved through parametrization, see Section 9.3, since the paramet-
ers directly influence the quantitative output, i.e., the size of segments,
and can also provide explainable and reproducible results.

Text simplification, similarly to the next NLP task of text summariza-
tion, and in contrast to the previous mentioned tasks in this section, pro-
duces a new text based on the source document. While both can be ab-
stractive in nature, extractive techniques can only be applied for text sum-
marization, see below in this section. Text simplification procedures, as
discussed in Section 3.5, can target different properties of a text, ranging
from lexical, syntactic to semantic adjustments, however a purely extract-
ive approach cannot be applied. The SLR from Jegan and Henrich [2025a],
see Section 4.1, was only able to retrieve one publication on text simplifica-
tion using traditional techniques, and in that case from North et al. [2023],
lexical complexity was measured using traditional approaches, so no full
simplification system was presented there. However, in the updated
study for publications from 2024, after the SLR from Jegan and Hen-
rich [2025a] was concluded, a text simplification system using rule-based
approaches for syntactic simplifications was retrieved, see Keerthan Ku-
mar et al. [2024]. Still, even this publication is limited through its focus
on only one simplification dimension. Traditional simplification proced-
ures therefore are only able to target one of the simplification character-
istics: Lexical, syntactic or semantic. In contrast, modern systems use
a breadth of simplification processes, as analyzed through the German
simplification approach introduced in Section 7.1.1 from Fruth [2022] and
Fruth et al. [2024]. There, reinforcement learning was used to target para-
meters such as fluency, salience and simplicity all at once through an
unsupervised simplification task on paragraph-level German texts. As
a baseline a pivot model was introduced in the simplification approach
from Fruth [2022], with a pipeline consisting of translating the text into
English, simplifying the English texts using the original technique from
Laban et al. [2021] and translating the simplified versions back into Eng-
lish, which provided competitive results, see Sections 7.3.2 and 8.5. In
a similar vein, simplification can also be approached as a monolingual
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translation task, from the complex source text to the simplified version,
see Al-Thanyyan and Azmi [2021]. In the end, text simplification scen-
arios benefit from the abstractive capabilities of transformer-based ap-
proaches much more directly than the previously mentioned tasks from
this chapter. Traditional models should therefore only be applied in a
limited manner for simplification purposes, e.g., if only lexical simplific-
ations are desired, since the generative nature of this task clearly favors
LLM-based approaches.

Text summarization, as one of the premier use cases of LLMs, has re-
ceived much attention even before the rise of neural networks and the
interest has not waned since. Nevertheless, extractive approaches, which
have been identified in the SLR from Jegan and Henrich [2025a], see Sec-
tion 4.1, were still retrieved in ten publications, mostly as part of baselines
for comparing new techniques with known approaches. Whereas some
publications present extractive techniques as part of the summarization
pipeline, e.g., by pre-ranking with a BERT-based system followed by an
extractive selection process in Licari et al. [2023], others only use the ex-
tractive techniques as baselines, e.g., in Atri et al. [2023] or Du et al. [2023],
which trail behind the more complex modern generative text summar-
ization techniques. In general, however, text summarization is primar-
ily approached through LLMs in recent years, due to the prevalence
of LLM-based systems for this NLP task and the human-like perform-
ance achieved by modern text summarization systems that surpass tra-
ditional systems, which, again, are mostly applied as baselines [Zhang
et al., 2024b]. Therefore, the role of traditional models has diminished
for text summarization purposes, but niche or specialized use cases for
traditional and extractive text summarization systems still remain. One
such example concerns use cases, in which the prevention of hallucina-
tions is a hard requirement, e.g., in critical domains such as law or medi-
cine.?*® The explainability, i.e., how the sentences of a summary were

233 Unfortunately, hallucinations and fabrications generated by LLMs have already been
noticed in judicial procedures, see, e.g., the study on this topic in Latif [2025] or in
https://arstechnica.com/tech-policy/2025/05/judge-initially-fooled-
by-fake-ai-citations-nearly-put-them-in-a-ruling/.
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chosen and why they were selected,?** and reproducibility are two factors

from Chapter 5 that would be applicable to traditional models in addi-
tion to efficiency advantages for both runtime and energy consumption,
see Section 8.1. Hybrid scenarios, as mentioned by Licari et al. [2023]
with pre-ranking based on BERT-based models for extractive summaries,
would fall short in efficiency studies, but would bridge the gap between
limitations of extractive approaches and still retain the absence of hallu-
cinations. Furthermore, for languages and domains with limited training
data, text summarization approaches based on statistical or graph-based
techniques, which do not require large-scale parallel training datasets,
would provide a clear target for traditional models. There, smaller datasets
would suffice for applying extractive techniques that are less complex and
would provide an alternative to LLMs, which suffer from problems such
as hallucinations and domain shift in the generated texts, if the provided
task was not represented in the training data of the LLM [Afzal et al., 2023].

Recommendations for a specific use case depend on the task at hand
and parameters such as available data, domain, language, available hard-
ware and others. In general, perspectives such as efficiency, explainabil-
ity and reproducibility, if and when they are required for a respective task,
should be considered in a constructive and purposeful manner within the
project plan as well as other dimensions, see Section 5.2, referencing re-
search question @)). Lastly, NLP tasks in a near uniform manner have shif-
ted in research and practice towards the use of LLMs, with text simplifica-
tion and text summarization in many cases rightfully so due to markedly
improved performance compared to prior systems, whereas other, more
restricted use cases — as shown earlier in this chapter in Sections 10.2
to 10.4 such as information extraction, text classification or text segment-
ation, can still benefit greatly from the use of traditional models. There-
fore, research question @) can be confirmed for the techniques listed in
this chapter, however only after considering the respective use case and
an analysis of goals, circumstances and other features, which differ de-
pending on each task.

234 It has to be noted that explainability for larger language models is not as clear as for ex-
tractive approaches. However, one example, described in Section 7.4.2, regarding the
training datasets of a language model showcases the link between model and training
data. Since a dataset consisting of both text summarization and text simplification data
was used in fine-tuning the mLongT5 model applied in [Dal Cin, 2025, p. 42] for a multi-
lingual text summarization study, overall simpler sentences — due to the inclusion of text
simplification data during training — were generated by this model for the experiments
in German when compared to the other languages. Therefore, the impact of training
data should be noted and considered when choosing a pre-trained or fine-tuned model.
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The role of text as a medium and communication device is ever grow-
ing in everyday life, business, research and as part of rising Al advances.
NLP has been impacted in broad and sweeping ways by the introduction
of LLMs, which, however, was also accompanied by several limitations
and drawbacks. This thesis addresses the diminished role of older tech-
niques, that have been sidelined by LLMs, and presents potential benefits
of the continued use or even reemergence of such models, which have
been referred to as traditional models in this thesis. Answers to the four
research questions, see the definition of those research questions in Sec-
tion 1.1, were given based on extensive literature study, innovative experi-
mentation and contextualization of different perspectives regarding NLP
applications.

Research question o - relating to the current usage of traditional mod-
els in NLP applications and research — was analyzed in Section 4.1 through
an SLR [Jegan and Henrich, 2025a] for five NLP tasks: Information and
relation extraction, text classification, text simplification and text summar-
ization. For all tasks, usage of traditional models in recent NLP research
could be observed for 2023 and 2024, confirming research question )
despite the apparent dominance of LLMs.

The second research question @) - relating to the competitiveness of
traditional models in comparison to modern methods — has also been
answered by the SLR, which classified the respective traditional tech-
niques for each publication as to their role within the publication, i.e.,
if they were just part of a pipeline, part of the core method or used for
comparison purposes. More than a third of the retrieved papers from
2023 across all observed tasks evaluated traditional techniques with com-
petitive results compared to other, more modern techniques. By review-
ing selected use cases in Chapter 7, additional application scenarios were
identified that can and should still be processed by using traditional tech-
niques, specifically information extraction, see Section 7.3.1, text classi-
fication, see Section 7.3.2, and entity matching, see Section 7.4.2. Lastly,
a dedicated case analysis was conducted by particularly considering out-
of-domain lessons from Chapter 5 for a text segmentation use case, see
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Chapter 9 as well as Jegan and Henrich [2025b]. This study further con-
firms the ongoing relevancy of traditional methods for more constrained
applications such as text segmentation.

In surveying the ongoing challenges of NLP in Chapter 6 different prob-
lematic dimensions of current methods in particular such as hallucina-
tions, reproducibility, explainability and efficiency were identified. These
challenges can nearly unanimously be approached in a more direct man-
ner by using traditional techniques. The adaptation of methods for non-
English use cases and lacking metrics for evaluation purposes, as defined
in the same chapter in Sections 6.2 and 6.3 respectively, are, however,
a limiting factor. These restrictions affect older and more modern tech-
niques in the same manner. To further illustrate the listed benefits that
were desired for research question @) - relating to potential benefits of
using traditional models — Chapter 8 presents a detailed analysis of efhi-
ciency. Both runtime in Section 8.1.1 and energy consumption in Sec-
tion 8.1.2 were discussed, as well as reproducibility in Section 8.2, when
applying traditional techniques. Other advantages are collected in Sec-
tions 8.3 to 8.5, i.e., explainability, documentation and the potential of hy-
brid systems. A further reference towards the beneficial use of traditional
techniques is shown once more through the case analysis from Chapter 9.
The collected benefits of using the traditional model in the case analysis
on a text segmentation problem include efficiency in both runtime and
energy consumption, adaptability as well as budget while also achieving
qualitatively competitive results with the tested LLM, see the evaluation
in Section 9.3.

Research question @) - relating to the systematic approach that can po-
tentially benefit the selection of methods for NLP tasks — was approached
by surveying the domains of engineering and design theory, discussed
in Chapter 5. The lessons from this chapter provide the basis for a sys-
tematic guidance towards choosing appropriate software for NLP prob-
lems, e.g., by applying lessons from layered development and construc-
tion processes, see Figure 5.3, or by applying the selection criteria for a
given NLP task from Table 5.1. The collected lessons and recommenda-
tions were applied in Section 9.2 through realizing the text segmentation
task. Lastly, the discussion regarding applicability of different approaches
from Chapter 10 was conducted with the systematic approach from the
domains outside of NLP in mind. First, from the perspective of the tech-
niques themselves, Sections 10.1 to 10.4 show for which use cases these
techniques can be applied. To name an example, extractive or hybrid ap-
proaches can be used for summaries, in which hallucinations must not
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occur, and when efficiency or explainability are a key factor in processing
the source text. Second, recommendations for techniques from the use
cases’ point of view are presented in Section 10.5. These recommenda-
tions include, e.g., the use of rule-based approaches for clearly defined
information extraction use cases, SVMs or Naive Bayes classifiers for clas-
sification tasks with limited training data or a reconsideration of older,
statistical approaches for niche use cases such as text segmentation, see
also Jegan [2026].

In answering the four research questions, traditional techniques were
presented through various perspectives. The occurrence of traditional
techniques was observed in today’s NLP research as well as their role in
current NLP publications, with competitive performance in certain use
cases and results that are trailing behind in others. Furthermore, bene-
fits of using traditional techniques such as efficiency, reproducibility, ex-
plainability, adaptability and reduced resource requirements in contrast to
modern methods were collected. An out-of-domain point of view was ap-
plied on NLP problems in general through a systematic approach, which
led to discussing the applicability of traditional models for specific NLP
tasks and on a separate use case, i.e., text segmentation.

The outlook for future NLP developments, especially considering the
advances through LLMs since the release of the first publicly available
version of ChatGPT in late 2022, is uncertain. Predictions range from the
arrival of an Artificial General Intelligence, in contrast to more limited
current Al, all the way to a bursting economic bubble akin to the dot-com
bubble of the late 1990s.2%° It is certain that the prevalence of LLMs is cur-
rently, as of 2025, ever increasing, which has led to new observations and
perhaps unintended side effects. The integration of summaries on the
SERP of search engines is one such case. First, decreased visits have been
noted for the websites listed in the search results, since the included AI-
provided summaries already present the answer for the respective query to
the user in many cases.?3® For site providers and news outlets, decreased
visits and clicks lead to fewer impressions and less ad revenue. This de-
velopment, in turn, could result in less money spent on ads within search
providers — creating an interconnected problem for both search providers
and website providers. Second, the integrated summary can contain hal-

235 The potential of a speculative Al bubble has been noted in various articles across different
domains apart from NLP, such as philosophy [Floridi, 2024], social sciences [Bohner and
Vertesi, 2025] and as part of a position paper of the German Gesellschaft fiir Informatik
[Steller, 2025].

236 See, e.g., https://arstechnica.com/ai/2025/07/research-shows-google-ai-
overviews-reduce-website-clicks-by-almost-half/.
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lucinations and factual errors. Even though references are included and
linked beside the generated summary, the stated facts are, depending on
the user, taken at face-value.?%’

The advances in NLP, mainly driven by the development of LLMs in
recent years, are certainly impressive in many tasks. The current NLP
landscape is a fast-moving and developing research field with advances in
quick succession and, in particular for LLMs, characterized by the release
of newer, larger and computationally more demanding models in an of-
ten monthly manner by the large Al providers such as Anthropic, Google
or OpenAl.?3® Therefore, a critical aspect of the contribution of this thesis
is the timeliness of the analysis presented here. More precisely, ongo-
ing developments underscore the timeliness and importance of a critical
analysis that addresses when the use of LLMs is warranted and when tradi-
tional approaches are adequate. An assessment of LLMs for current NLP
tasks requires a discussion of their limitations.

One such limitation comprises accurately rating the performance
through the use of benchmarks, which are susceptible to benchmark data
contamination, see Section 7.1.2. In general, the problem of accurately
evaluating models through a purely quantitative manner and through
simple scores is an ongoing issue, discussed in detail in Sections 6.2
and 7.2. Related to the issue of evaluating models are explainability and
reproducibility issues, collected in Chapters 6 and 7, which are somewhat
limited for modern methods in contrast to traditional techniques, see the
benefits of the latter in Chapter 8. Despite these shortcomings, all atten-
tion of current NLP use and research is placed on LLMs, which is why
alternatives, e.g., in the form of traditional techniques, are often ignored.
This thesis helps to overcome this bias with a fair scientific comparison
and discussion, giving traditional models an appropriate assessment in-
cluding their applicability in certain use cases. As a plea for future work,
research of efficient and more restrained models should continue. The
appropriate, considerate and purposeful use of modern systems, which
naturally are represented by LLMs in the research field of Natural Lan-
guage Processing, will continue to be of importance, not only as shown
in this thesis but also by others, see, e.g., Bjarnason [2024] or Steller [2025].

237 See, e.g., https://wuw.thetimes.com/uk/technology-uk/article/google-ai-
overviews-aio-wrong-vs32029z6/.

238 Although efforts to produce more efficient LLMs have increased in recent years, the trend
of larger models is still ongoing, and even though inference might be somewhat more
efficient, the training process continues to be more extensive and thus demanding ever
more time and energy [Emer et al., 2025; Schwartz et al., 2020; Stojkovic et al., 2024].
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A simple recommendation or classification into better and worse sys-
tems, as with many aspects of life in general into black and white, is im-
possible. It always depends on the concrete task at hand, the available
data and its quality, resource constraints and other facets. Many of these
factors were discussed as part of the analysis of out-of-domain perspect-
ives from engineering and design theory in Chapter 5 and especially re-
garding different selection criteria of NLP tasks in Section 5.2. As a brief
concluding distinction, generative tasks like simplification or summariz-
ation clearly benefit from the use of modern transformer-based models,
as shown in Chapter 7 and succinctly in Section 10.5. Other use cases,
such as information extraction, entity matching, text classification or text
segmentation, as shown in Chapters 9 and 10, however, still can be ap-
plied successfully with traditional techniques in many cases. These tech-
niques offer additional advantages such as efficiency, explainability and
reproducibility, particularly in contrast to modern LLMs, see Section 10.5.
Although, as mentioned, these recommendations should always be con-
textualized properly within the respective use case.

Several directions for future research can be proposed. The case-based
nature of this thesis with a focus on traditional methods lends itself to dif-
ferent follow-up studies. The different perspectives in Chapter 10 could
be seen as a starting point: Focusing on the techniques or on the tasks.
From the first perspective, traditional models could be applied within the
text classification realm in resource-constrained application scenarios, see
Section 10.5. For instance, SVM, random forest or decision tree classifi-
ers could be used for different types of tasks that need to identify some
parts of a text — similar to the information extraction use case presented
in Section 7.3.1 — or to simply classify the input data — see Section 7.3.2.
Within this approach, a tiered system could be employed, with traditional
models as a starting point. If a certain threshold, e.g., a classification con-
fidence score, is reached, the approach would terminate and return the
result. If the threshold is not met, more advanced neural network-based
methods or LLMs could be applied. Further steps such as voting between
different systems, like stacking algorithms, see Wolpert [1992], or hybrid
systems with case-based processing can be imagined. The second per-
spective — from the point of view of NLP tasks — could include a more de-
tailed analysis of niche use cases such as text segmentation, as presented
in Chapter 9, or other less researched tasks, e.g., text simplification. As
the SLR from Section 4.1 showed, studies in text simplification are scarce,
and hybrid approaches, similar to the ones presented in Section 8.5, are a
promising direction for future research there. One such approach could
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include traditional models as an initial step for a focused text simplifica-
tion, purely on a lexical or syntactical dimension, before a generative ap-
proach would produce a simplified text based on the original input data
and the results provided by the traditional methods. In general, other stud-
ies into rule-based approaches, which can be a worthwhile consideration
for narrow tasks, or evaluation parameters such as efficiency, explainabil-
ity or reproducibility, especially after the emergence of LLMs, also merit
further research.

Finally, it should be stated that this thesis should not be seen as an
indictment of LLMs. Instead, it should be interpreted as a call of con-
sideration for other, perhaps forgotten techniques — namely traditional
techniques — that may offer an alternative or even provide benefits when
compared to modern systems. The invention of LLMs, while impressive
in many tasks and touching many aspects of our daily life, is not as all-
encompassing as the invention of writing by humankind, as articulated
in the introductory quote by Carl Sagan. The development of language,
both spoken and written, is a process that has been ongoing for thousands
of years and is still evolving today. Likewise, Al, as a new communica-
tion partner, must be constantly re-examined and further developed. In
surveying the impact of LLMs, a change was noticed in how people work
with written text, how text is processed and what tools are available to even
laypeople. The thorough and considerate use of these tools, especially for
the NLP community as developers and even ambassadors of them, is an
ongoing challenge and will certainly be relevant for years to come. Effi-
ciency, explainability and reproducibility are important features of NLP
techniques in general, and traditional models exhibit them near unan-
imously. The results of this thesis demonstrate that traditional models
remain relevant for certain use cases and that a careful consideration of
each NLP task and its context is — and will be — essential.
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