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Abstract

The exponential growth of the social media user base has led to an alarming rise
in the use of offensive language and profanity, necessitating effective detection
mechanisms. This thesis explores the challenges and advancements in automatic
profanity detection, focusing on the limitations of existing methodologies, par-
ticularly in addressing the low-resource code-switched domain and the evolving
language dynamics. Notably, it investigates the effectiveness of integrating word-
level annotated colloquial English data alongside German in fine-tuning XLM-R
with token classification to enhance profanity detection performance. Additionally,
zero-shot domain transfer is employed to comparatively evaluate the performance of
the monolingual and the bilingual fine-tuned models on previously unseen data, spe-
cifically low-resource code-switched German rap lyrics. Through experimentation
and comparative analysis, the thesis showcases significant performance improve-
ments in profanity detection with the bilingual fine-tuned model outperforming the
monolingual one across various metrics. In relative comparison to the monolingual
fine-tuned model, the bilingual one exhibited approximately 14.82% higher recall,
17.55% higher precision, and 16.35% higher F1 score in the zero-shot domain
transfer setting. Additionally, the thesis highlights the bilingual fine-tuned model’s
superior ability to recognize profanities in both German and English, as well as
its effectiveness in detecting neologisms, a crucial capability given the constantly
evolving nature of natural languages. This research contributes to advancing pro-
fanity detection methodologies while addressing critical challenges in cross-lingual
and code-switched contexts. Additionally, it presents a unique word-level annot-
ated dataset, providing a valuable resource for further research in this domain.
WARNING: This thesis contains offensive and profane language.
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Zusammenfassung

Die wachsende Anzahl von Social-Media-Nutzer*innen und die zunehmende Ver-
wendung von beleidigender Sprache und Schimpfwörtern machen es immer wichtiger,
wirksame automatische Erkennungssysteme zu entwickeln. Diese Masterarbeit un-
tersucht die Herausforderungen und Fortschritte in der automatischen Erkennung
von Schimpfwörtern, insbesondere im ressourcenarmen, codegemischten Bereich.
Hierfür wird die Effektivität der Integration von englischen umgangssprachlichen
und auf Wortebene annotierten Trainingsdaten zusätzlich zu deutschsprachigen
Daten für das Fine-Tuning von XLM-R zur Verbesserung der Schimpfworterkennung
ermittelt. Darüber hinaus werden die Ergebnisse beider Modelle mittels Zero-Shot-
Domain-Transfer in einer neuen Domäne, nämlich codegeswitchten deutschen
Raptexten, verglichen. Im Vergleich zum monolingual finegetunten Modell erzielt
das bilingual finegetunte Modell eine um 14,82% höhere Trefferquote, eine um
17,55% höhere Genauigkeit und einen um 16,35% höheren F1-Score. Das bilin-
gual finegetunte Modell erkennt darüber hinaus sowohl mehr englischsprachige
als auch mehr deutschsprachige Schimpfwörter. Diese Masterarbeit trägt somit
zur Weiterentwicklung der Methoden in der multilingualen Schimpfworterkennung
bei. Darüber hinaus wurde im Zuge dieser Masterarbeit ein einzigartiger, auf
Wortebene annotierter Datensatz erstellt, der eine wertvolle Ressource für weitere
Forschungen in diesem Bereich darstellt. WARNUNG: Diese Masterarbeit
enthält anzügliche und beleidigende Sprache.
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1 Introduction
With more than 3.6 billion social media users worldwide (Kanchan and Gaidhane,
2023, p. 1) and about 360k user-generated postings per minute on X (Domo, Inc.,
2023), formerly Twitter, social media plays an important role in our daily lives.
As the social media user base expands, cyberviolence has become increasingly
prevalent, characterized by the extensive use of offensive language and vulgarity on
social media platforms, often facilitated by the anonymity provided by the internet
(Wang et al., 2020, p. 1448). Considering the impact of offensive language and
online hate speech on our society, there has been a noteworthy surge of interest
within the Natural Language Processing (NLP) community regarding the detection
of hate speech (Poletto et al., 2021, p. 478) and a particular emphasis has been
placed on investigating and developing robust and efficient automatic hate speech
detection models using Deep Learning (DL) methodologies, such as Recurrent
Neural Networks (RNNs) and Convolutional Neural Networks (CNNs) (Bachfischer
et al., 2018; Jonathan and Setiawan, 2023), and state-of-the-art (SOTA) Pre-Trained
Language Models (PLMs) (Mukherjee and Das, 2023; Wang et al., 2020).

Despite recent promising advancements in automatic hate speech detection,
the task remains largely unsolved primarily because of the numerous challenges
associated with this task (Hahn et al., 2021, p. 6). Typically treated as a supervised
text classification task, the detection of hate speech entails training Machine
Learning (ML) systems on manually labeled datasets (Ataei et al., 2023, p. 2787).
Consequently, advancement in hate speech detection heavily relies on the availability
of annotated data. However, the dynamic evolution of new hate speech domains and
their associated expressions, influenced by real-world occurrences, such as worldwide
crises, makes creating exhaustive datasets for every language and domain unfeasible
(Montariol et al., 2022, p. 347).

In addition, current approaches in hate speech detection mainly concentrate on
document level analysis, such as employing either a binary coarse-grained text
classification method, where models are trained on annotated postings and label
the entire post as either offensive or non-offensive (Zampieri et al., 2019b, p. 76), or
a more fine-grained multi-class text classification approach, distinguishing postings
between different types of hate speech categories, such as homophobia, misogyny,
or xenophobia (Chakravarthi et al., 2023). This focus on evaluating entire posts
results in the creation of datasets commonly annotated either at the sentence
or document level, with limited availability of datasets that specifically focus on
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1 Introduction

offensive vocabulary and include annotations at the word level.
Furthermore, languages are inherently dynamic; they evolve over time and are

subject to constant change (Aitchison, 2013, p. 3), as underscored by the increasing
use of code-switching, i.e., “the use of two or more linguistic varieties in the
same conversation or interaction” (Scotton and Ury, 1977, p. 5), on social media
platforms (Barman et al., 2014; Mewengkang and Fansury, 2021). Notwithstanding
the heightened interest in research on multilingual hate speech detection and
the emergence of hate speech datasets encompassing languages beyond English
in recent years (Poletto et al., 2021, p. 480), datasets featuring code-mixed and
code-switched content remain notably limited (Jose et al., 2020, p. 138). This
scarcity may be attributed to the significant variations in perceptions of hate speech
across diverse languages and cultures. What might be perceived as informal yet
non-offensive discourse in one language could be considered offensive or even hateful
in another (Montariol et al., 2022, p. 347). These linguistic and cultural differences
in perception make the task of detecting hate speech within code-mixed content
particularly challenging.

Another significant challenge arises from the fundamental complexity of defining
the concept of hate speech, worsened by the widespread ambiguity surrounding
the use of related expressions, such as offensive, abusive, and vulgar language,
which frequently intersect and are subject to highly subjective interpretations
(Poletto et al., 2021, p. 479). Despite this definitional vagueness, the importance of
profanity and vulgar expressions for hate speech detection is undeniable, as they
are commonly utilized as a specialized lexicon for classifying hate speech. Such
lexicons typically incorporate words indicative of targeted classes. In the context of
identifying abusive language, these lexicons feature explicitly offensive expressions,
such as cunt, idiot, and nigger, which are used during the classification process
to assess the presence of any of them within a comment, determining whether it
constitutes hate speech or not (Wiegand et al., 2018a, p. 21).

Examples of hate speech detection tools using predetermined lists of offensive
words encompass Python libraries, such as profanity1 and better-profanity2. These
tools solely identify posts containing words that exactly match those in the respective
lists as instances of hate speech. However, this approach fails to accommodate
the evolving nature of language since it struggles to accurately identify posts
containing derogatory language not included in these hard-coded lists, resulting in
limited accuracy. PLMs, that are based on the Transformer architecture (Vaswani
et al., 2017), such as Cross-Lingual Language Model-RoBERTa (XLM-R) (Conneau
et al., 2020) and Bidirectional Encoder Representations from Transformers (BERT)

1https://github.com/ben174/profanity/blob/master/profanity/data/wordlist.txt
[Accessed: 09.05.2024]

2https://github.com/snguyenthanh/better_profanity/blob/master/better_
profanity/profanity_wordlist.txt [Accessed: 09.05.2024]
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1.1 Research Questions and Assumptions

(Devlin et al., 2019), offer a significant improvement over these hard-coded lists due
to their semantic representations of text sequences leading to SOTA performance
across a range of sequence classification tasks (Mukherjee and Das, 2023, p. 278).

1.1 Research Questions and Assumptions

The influence of the English language on German has been steadily growing since
the end of World War II, which is particularly evident in colloquial language, such
as in popular music and youth culture (Mair, 2018, p. 57). Given this linguistic
landscape, it is reasonable to anticipate the presence of English vulgarities within
colloquial German language data. Consequently, augmenting German word-level
annotated training data, covering single-word as well as multi-word profanities,
with English colloquial data and conducting bilingual fine-tuning is anticipated to
yield superior offensive word detection performance.

Furthermore, in low-resource settings, where code-mixed and code-switched
training data is scarce (Jose et al., 2020, p. 138), employing zero-shot transfer
techniques shows potential for enhancing the detection of hate speech (Castillo-
López et al., 2023; Plaza-del-arco et al., 2023). Hip hop music is characterized
by extensive utilization of code-switching, exemplified by renowned Austrian and
German hip hop artists in their stylistic expression and lyrical creations (Mair, 2018,
p. 61f.). Moreover, rap music, characterized by its foundational elements of beats
(rhythmic pulses) and bars (time segments defined by beats) (Berry, 2018, p. 1f.),
has a history of pushing cultural and linguistic boundaries through spoken rhymes,
including numerous bad words. This exploration is particularly evident in gangsta
rap since the late 1980s and early 1990s, which confronts controversial topics, such
as misogyny, violence, and homophobia (Littlejohn and Putnam, 2010, p. 120).
As a result, German rap offers an ideal source for evaluating the efficacy of zero-
shot domain transfer in detecting profanities in a previously unseen code-switched
domain, by assessing the abilities of a model fine-tuned exclusively on German
colloquial training data against one fine-tuned on both German and English data.

These considerations lead to two research questions. Firstly, to what extent does
incorporating colloquial English training data, such as social media posts, alongside
colloquial German training data during fine-tuning enhance the efficiency of a
multilingual PLM in a token classification task for detecting profane expressions
in either language? Secondly, to what extent do the colloquial style, cultural and
linguistic diversity, as well as the heavy use of English vulgar vocabulary affect the
zero-shot performance when contrasting the monolingual and bilingual Fine-Tuned
Models (FTMs) in a previously unseen domain, specifically code-switched German
rap lyrics? The research questions are based on the assumption that fine-tuning at
the word level and in two languages will improve the performance of a multilingual

3



1 Introduction

PLM in detecting profane expressions in both languages in the domain used for
fine-tuning as well as on a code-switched dataset from a different domain.

1.2 Motivation and Objectives
Identifying explicit profanity frequently hinges on the presence of specific keywords
(Waseem et al., 2017, p. 81). Thus, collecting and manually annotating offensive
content along with these keywords is pivotal for detecting hate speech (Nozza and
Hovy, 2023, p. 3897). However, the process of manual annotation can be time-
consuming and may possibly induce symptoms similar to those of post-traumatic
stress disorder in human annotators (Wang et al., 2020, p. 1448). Furthermore,
the differences in perceptions of hate speech across diverse languages (Montariol
et al., 2022, p. 347) along with the lack of code-switched and code-mixed datasets
(Jose et al., 2020, p. 138) exacerbates the challenge of progressing in the field of
cross-lingual hate speech detection.

To address these issues, this thesis seeks to explore how integrating colloquial
English training data, along with German data, can improve the effectiveness of a
PLM in identifying vulgar expressions, while consciously avoiding the use of code-
switched data during fine-tuning. Subsequently, the monolingual German-only and
bilingual German-English FTMs will undergo zero-shot domain transfer to compare
their performances in a novel domain characterized by heavy use of profanities and
English words. The objective is to determine whether enhancing German data
with readily available English data leads to improved profanity detection results
when confronted with heavily code-switched cross-lingual content. This experiment
addresses not only the challenge of limited code-mixed data, but also assesses
the models’ capability to recognize unfamiliar offensive expressions by using the
contextual patterns they acquired during fine-tuning, drawing from the manually
labeled vulgarities in the training datasets.

To achieve this, both models have undergone extensive fine-tuning using manually
word-level annotated datasets in colloquial German and English language, consisting
of sentences taken from various social media sources. To the best of the author’s
knowledge, such datasets do not yet exist and can thus be considered unique.
Therefore, in addition to contributing new insights in profanity detection in the
low-resource code-switched domain, this thesis also presents another significant
contribution in the form of the developed datasets. With German being among the
ten most used languages on X (Hong et al., 2011, p. 519) and in light of the growing
necessity to moderate user-generated toxic content, which poses a widespread and
costly challenge for companies facilitating user interaction (Risch et al., 2018, p. 39),
the contributions of this thesis are significant for the NLP research community as
well as for the industry at large.
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2 Theoretical Background
This master’s thesis explores several core concepts of NLP, specifically focusing on
hate speech and profanity detection, language contact phenomena, such as code-
switching, and the cultural and linguistic aspects of German hip hop. Additionally,
it examines fundamental ML learning paradigms, alongside popular DL technologies,
such as Artificial Neural Networks (ANNs), SOTA PLMs and the Transformer
architecture. Furthermore, it discusses techniques, such as pre-training and various
forms of transfer learning, with a specific focus on fine-tuning and zero-shot domain
transfer. The chapter concludes by examining classification in NLP, particularly
discussing token classification and classification evaluation metrics.

Section 2.1 provides an overview of swearing, hate speech and profanity, focusing
on the growing prevalence of profanities across social media, followed by an attempt
to define hate speech, differentiating it from related concepts, and highlighting the
importance of profanities in hate speech detection. Section 2.2 explores language
contact phenomena and language change with an emphasis on code-switching and
highlights the various different functions and types of code-switching. Section 2.2.4
then differentiates code-switching from its related concepts, namely borrowing,
code-mixing, and neologisms, and examines the relevance of code-switching and
neologisms for NLP in general and profanity detection in particular.

Section 2.3 further investigates profanity and code-switching within the context
of German hip hop. It offers a brief linguistic and cultural analysis of German
rap lyrics, introduces the concept of English as the Hip Hop Nation Language
(HHNL) and emphasizes the linguistic diversity, cultural nuances, and prevalent use
of code-switching and swear words within this domain. Section 2.4 and Section 2.5
provide the ML fundamental basis required for the comprehensive understanding of
PLMs, starting by presenting four main ML learning paradigms followed by a brief
overview of ANNs and the Transformer architecture, the underlying framework of
most recent PLMs.

Section 2.6 provides an overview of various different types of PLMs, distinguishing
them based on their pre-training objectives and whether they operate monolingually
or multilingually. Section 2.7 investigates transfer learning, including an overview
of different types of transfer learning, namely fine-tuning and zero-shot domain
transfer. Section 2.8 concludes with an introduction to classification in NLP,
focusing on token classification, word-level dataset labeling, and evaluation methods
for classification.
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2 Theoretical Background

2.1 Swearing, Offensive Language and Hate Speech

Swearing refers to the use of taboo or offensive language to express one’s emotional
state (Pamungkas et al., 2020, p. 6237). Despite acknowledging the presence of
profanity, especially in informal conversations, scholars in the fields of psychology
and linguistics had neglected to incorporate vulgarity and swearing into their
language theories for more than a century. This stems from swearing being
considered too taboo for scholarly exploration. The resulting dearth of research
perpetuates the taboo and results in language theories that disregard such sensitive
topics (Jay, 2000, p. 10). However, their inclusion in a theory of language is
necessary as the use of offensive language serves as means through which feelings
and emotions can be expressed effectively, surpassing the limitations of conventional
language (2000, p. 243). Additionally, swear words are used for emotional or
connotative purposes and provide essential linguistic information about emotions,
thus enhancing comprehension (2000, p. 11). Despite its potential to offend,
swearing also serves various other purposes, such as bantering, joking, or engaging
in sexual talk. Socioculturally, it is influenced by cultural norms and can thus be a
means for bonding with others (2000, p. 244).

The emotional turn in large parts of the human and social sciences, including
linguistics, has resulted in a growing interest in the emotional aspects of language
(Schwarz-Friesel, 2013, p. 15), thus paving the way for fresh perspectives on
offensive language, emphasizing swearing as a multifaceted social phenomenon
with intricate pragmatic functions instead of deeming it inappropriate, taboo, or
illicit (Beers Fägersten, 2012, p. 20). With the increasing scholarly focus on the
pragmatics of offensive language, it is noteworthy to mention that swear words
significantly contribute to our everyday language usage, representing approximately
0.5% to 0.7% of the words in our daily conversations (Mehl and Pennebaker, 2003;
Wang et al., 2014).

With social media platforms, microblogging applications and chat forums provid-
ing people with the opportunity to instantly and extensively express and share
their opinions and thoughts online (Jahan and Oussalah, 2023), the use of offensive
language extends beyond traditional offline face-to-face conversations nowadays.
Swearing is frequently encountered in online discussions spanning various languages
and platforms, with social media platforms, such as X standing out for their casual
atmosphere and spontaneous content (Pamungkas et al., 2020, p. 6237). Addition-
ally, Wang et al. (2014, p. 418ff.) observed that on English X swear words are used
at a rate of approximately 1.15%, which is about double the rate observed in daily
offline conversations. Moreover, 7.73% of all the postings in their dataset contained
at least one swear word and a surprisingly low number of only seven swear words,
i.e., shit, fuck, ass, nigga, bitch, whore, and hell accounted for more than 90% of all
swear word occurrences in their dataset.
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This heavy use of swear words on social media, coupled with the desire to
understand the pragmatics of swearing in naturally occurring conversations, and
the easy access to large amounts of colloquial user-generated content, makes social
media an interesting source for investigations into swearing and offensive language
from an NLP perspective and has piqued the interest of computer scientists, who are
increasingly exploring ways to explicitly model offensive language in downstream
NLP tasks (Cachola et al., 2018, p. 2927). While a consensus on the precise
definitions of hate speech and the related concepts remains elusive within the NLP
community (Wiedemann et al., 2018, p. 86), the term hate speech serves as the
primary and most commonly employed expression for this phenomenon (Schmidt
and Wiegand, 2017, p. 1). Consequently, any studies related to the automatic
identification of abusive or hurtful content are mostly referred to under the umbrella
term of hate speech detection (Jahan and Oussalah, 2023; Schmidt and Wiegand,
2017).

2.1.1 Hate Speech Definition

Hate speech is is a complicated phenomenon and as such it presents challenges in
its recognition for humans and machines. One significant challenge stems from the
difficulty in precisely defining hate speech, compounded by the ambiguity surround-
ing related concepts, such as abusive, aggressive, offensive, or toxic language. These
related fields frequently intersect and are susceptible to subjective interpretations
(Poletto et al., 2021, p. 478f.). Consequently, even though the concept of hate speech
is frequently mentioned in legal and policy contexts, a uniform definition for hate
speech and its related concepts remains elusive (Assimakopoulos et al., 2017, p. 3),
which often results in a varying nomenclature for identical linguistic phenomena,
or alternatively, the application of identical labels to distinct phenomena (Poletto
et al., 2021, p. 481).

Schmidt and Wiegand (2017, p. 1) define hate speech as “a broad umbrella term
for numerous kinds of insulting user-created content”. Additionally, the term also
serves as the primary and most commonly employed expression for this phenomenon.
Teh and Cheng (2020, p. 228) expand this broad definition of hate speech and
include the aspect of hostility towards individuals or groups, usually based on
certain characteristics, such as gender identity, race, or sexual orientation. Silva et
al. (2016, p. 689) identified nine main characteristics and categorized them into
distinct hate categories, with the addition of one extra category, namely Other, to
encompass anything not captured by the main categories. Table 1 illustrates the
hate categories as well as some corresponding examples of hate targets.
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Table 1: The distinct hate categories based on specific characteristics (Silva et al.,
2016, p. 689)

Categories Example of hate targets
Race nigga, black people, white people
Behavior insecure people, sensitive people
Physical obese people, beautiful people
Sexual orientation gay people, straight people
Class ghetto people, rich people
Gender pregnant people, cunt, sexist people
Ethnicity chinese people, indian people, paki
Disability retard, bipolar people
Religion religious people, jewish people
Other drunk people, shallow people

Fortuna and Nunes (2018) provide an even more extensive definition, based
on four dimensions, i.e., specific targets, inciting violence or hate, attacking or
diminishing language, and the status of humor, and conclude that, in addition to
targeting specific individuals or groups based on certain characteristics, hate speech
also aims to incite violence or hate towards these minorities, involves attacking or
diminishing language and can even occur in a humorous linguistic environment.

Waseem et al. (2017, p. 79) present a more fine-grained dual-layer typology
that, on the one hand, distinguishes between whether the abuse is generalized or is
targeted towards a specific individual or group and, on the other hand, whether the
abuse is explicit or implicit. Explicit hate speech uses clear and direct derogatory
or harmful language, such as homophobic or sexist remarks, or overtly offensive
language. In contrast, implicit hate speech does not use derogatory expressions
but still conveys discriminatory or prejudiced attitudes often through subtle forms
of discrimination, insinuations, or stereotypes that imply negative sentiments.

Directed hate speech targets a specific individual, group, or entity and involves
language aimed at that particular person, organization, or identifiable entity.
In contrast, generalized hate speech does not target a specific individual, but
makes derogatory or discriminatory remarks about entire groups. Actions, such as
cyberbullying or trolling are considered directed hate speech, whereas generalized
examples include hate speech targeting racial categories or sexual orientations
without mentioning specific individuals. Table 2 provides examples, taken from the
Social and Language Technologies (SALT) Implicit Hate Speech Dataset (ElSherief
et al., 2021), that illustrate the differences between explicit and implicit, as well as
the differentiation between directed and generalized hate speech, according to the
dual-layer typology (Waseem et al., 2017).
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Table 2: Examples of explicit, implicit, directed, and generalized hate speech
Directed Generalized

Explicit lol you aren’t being wiped off the
planet! you’re a paranoid racist
white supremacist!

#jews & #niggers destroy & per-
vert everything they touch #jew-
fail #niggerfail

Explicit you should be put behind bars
you stupid devil - you influenced
breivik to kill hundreds of inno-
cents - you terrorist devil

so it targets faggots and blacks
looks like god is trying to help out
the white race.

Implicit anti-white jew david sirota
blocked me when i asked him
why israel wasn’t taking in any
refugees lol

a certain 1400 years old religious
ideology has proven to be the
biggest killing machine of innocent
people in human history

Implicit zuckerberg is an open borders
zealot and only cares about cheap
labor to enrich himself.

both north america and europe be-
long to us. white men conquered
and colonized both

The use of derogatory expressions, such as racist, white supremacist, stupid
devil, niggers and faggots as well as the accusation of influencing Breivik to kill
are considered explicit expressions of hate speech. In contrast, the implicit hate
speech does not use explicitly offensive words and is based on subtle implications
instead. It manifests through the insinuation of negative stereotypes or biases
against individuals based on their identities, such as the implication that David
Sirota’s Jewish identity is relevant to the discussion, coupled with the suggestion
that he is anti-white, which carries implicit anti-Semitic sentiments. Additionally,
the use of lol suggests a dismissive attitude toward the topic of refugees, which
could imply a lack of empathy for those affected by the refugee crisis.

The expression open borders zealot suggests a negative portrayal of Mark Zuck-
erberg, implying that his support for open borders is extreme or unreasonable
and the assertion that he only cares about cheap labor to enrich himself could
be interpreted as an attack on his character and motivations, which may contain
implicit biases or prejudices. Lastly, the instances of directed hate speech focus on
specific individuals, notably those directly addressed using the word you, as well as
David Sirota and Mark Zuckerberg.

The definitional consistency within the NLP community diminishes even further
when attempting to contextualize hate speech alongside its related concepts, and
delineating the disparities between them (Srba et al., 2021, p. 320). Due to the
ambiguous distinctions between hate speech and its associated ideas, hate speech
is often mislabeled or used inter-changeably with abusive language (Nobata et al.,
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2016, p. 147) or harmful speech (Faris et al., 2016, p. 5). Zampieri et al. (2019a,
p. 1415), on the other hand, consider hate speech a component of offensive language,
alongside other concepts, such as abusive language or (cyber)-bullying.

2.1.2 Profanity

Despite the “Definitional Quagmire” (Faris et al., 2016, p. 5) of hate speech and
its related fields, a noteworthy concept to mention in this context is profanity
(Jahan and Oussalah, 2023). Profanity is acknowledged as closely linked, yet not
synonymous with hate speech, as hate speech often involves profane expressions
(Teh and Cheng, 2020, p. 228). It is defined as socially offensive language, commonly
known as bad, vulgar, or inappropriate language (Teh et al., 2018, p. 66), which
includes swearing and curse words, and is frequently observed among younger
people (Wiegand et al., 2018, p. 2). Moreover, profanity can also constitute abusive
language (Founta et al., 2018, p. 495; Jahan and Oussalah, 2023; Nobata et al.,
2016, p. 147) and serves as an expression of abusive behavior (Kaur et al., 2021,
p. 247). Wiegand et al. (2018b, p. 1046) present three instances of offensive
sentences with the related profane words, i.e., dumbass, stupid, bimbos, and scum,
highlighted in bold.

1. stop editing this, you dumbass.

2. Just want to slap the stupid out of these bimbos!!!

3. Go lick a pig you arab muslim piece of scum.

The dynamic nature of language (Aitchison, 2013, p. 3) leads to new abusive
words continuously finding their way into everyday language. One example is the
expression twunt, which results from combining the two profanities twat and cunt.
Another instance is the newly created word gimboid, which originates from the
British TV series Red Dwarf and characterizes an incompetent individual. The
word likely stems from the word gimp, with the addition of the suffix -oid. A
more recent creation is remoaner, referring to someone who is dissatisfied with
the outcome of the 2016 EU referendum in the United Kingdom (UK) that led to
Brexit. The expression is considered pejorative and consists of the words moan and
remainer. These examples highlight that creating profanity lexicons is a dynamic
process that requires continuous effort (Wiegand et al., 2018b, p. 1046f.).

As interest in abusive language detection continues to rise within the NLP
community, the significance of profanities and swear words in tasks associated
with hate speech detection has become increasingly evident (Pamungkas et al.,
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2023, p. 160). Given that hate speech often manifests through the use of profane
vocabulary (Teh and Cheng, 2020, p. 228), profanity has been extensively employed
in tasks related to detecting hate speech (2020, p. 230), with the use of profanities
often serving three main purposes: create lexicons, categorize hate speech, and
identify the hate targets.

Firstly, profane words are used as a resource for hate speech dictionaries and
lexicons (Wiegand et al., 2018, p. 5), which can be used to classify offensive data
(Siegel and Meyer, 2018, p. 17). Although the utility of lexicons is limited to explicit
hate speech detection, lexicon-based classification methods have demonstrated high
reliability in cross-domain hate speech detection, attributed to their diminished
susceptibility to overfitting (Wiegand et al., 2018b, p. 1054).

Secondly, using such abusive lexicons as features enables the classification of
profane words into one or more distinct hate categories. For instance, the expression
fuck may be associated with the category of sexual orientation, idiot with disability,
and racist with behavior. This classification facilitates a deeper comprehension of
profanity and its usage within specific hate contexts, particularly across various
demographic groups, such as men and women (Wong et al., 2020, p. 4ff.).

Lastly, profanities can be used for deducing hate targets. Understanding the
hate categories and the contexts in which profane language occurs allows for the
identification of the corresponding hate targets. Expressions, such as I hate, or I
am so sick of, when combined with the template <one word> people, aid in the
detection of potential hate targets, which could be Mexican people, black people, or
any other combination of <term> people (Silva et al., 2016, p. 688f.). Moreover,
profane keywords can help differentiate whether the hate target is a group of people
or an individual (Zampieri et al., 2019a, p. 1416).

However, the mere utilization of profane words does not automatically result
in hate speech (Madukwe and Gao, 2019, p. 345). In fact, the use of profanity
can serve different communicative functions. These functions vary depending on
their contexts, spanning from causing offense, to intensifying an emotion, or merely
serving as an expression of a certain degree of informality in a conversation (Cachola
et al., 2018, p. 2927).

The fact that they can be used for positive sentiments to convey emphasis
(Wiegand et al., 2018, p. 2), as well as for negative sentiments to offend, places them
on opposing sides of the emotional spectrum. Furthermore, their usage is influenced
by respective cultural backgrounds and demographics, making them a particularly
challenging field of research within the NLP domain (Holgate et al., 2018, p. 4405).
Table 3 shows example postings that illustrate six different communicative functions
of the word ass.
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Table 3: Overview of six different communicative function of the swear word ass
(Holgate et al., 2018, p. 4405)

Function Tweet

Express aggression <USER> You are an ass Your industry is full of
assholes and you do nothing to improve (...)

Express emotion There are so many things I want to do, But invest-
ing in equipment is a pain in the ass

Emphasise today is a good ass day <URL>

Auxiliary Wish <USER> could save my ass on these exams
like he used to

Signal Group Identity Now this is a group of ass kickers!
Non-vulgar Kick Ass 2 - Red Band Trailer <URL>

While in the first example the word ass expresses aggression towards another
individual through verbal abuse, the same word can also be used in non-abusive
environments, such as to express emotions, as illustrated in the second example,
to emphasize emotions as shown in the third example, and to strengthen group
affiliation, as exemplified in the second to last posting (Holgate et al., 2018, p. 4405).

Given the importance of profane words for hate speech detection (Siegel and
Meyer, 2018), improving the understanding of vulgar language and its contextual
nuances can aid hate speech detection models to identify and correctly categorize
hate speech, especially when profanity is employed, making the task even more
complex (Cachola et al., 2018, p. 2928). Consequently, specifically addressing the
usage of profanity is anticipated to enhance the effectiveness of practical endeavors,
such as the implementation of profanity filters (Holgate et al., 2018, p. 4405).

2.2 Code-Switching
Code-switching is the act of shifting between two or more languages or different
language varieties, referred to as codes, within the same conversation or even within
the same sentence (Auer, 1998, p. 1). Linguists adopted the term code from the
communication technology domain, in which code-switching refers to “a mechanism
for the unambiguous transduction of signals between systems” (Gardner-Chloros,
2009, p. 11), and use the term analogous to spoken and written signal transfer
between two different linguistic systems, i.e., languages or languages varieties. In
linguistics, code nowadays serves as umbrella term that covers languages, styles,
dialects and registers and replaced the traditional term variety (2009, p. 11). The
switched elements span from single words to multi-word expressions and can even
include entire sentences (Riehl, 2014, p. 24). Hofweber et al. (2020, p. 910) present
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two examples of German-English code-switching with the switched elements because
I’m ill and Schuhwerk highlighted in bold.

(1) Ich kann heute nicht kommen BECAUSE I’M ILL.
(I cannot come today because I’m ill.)

(2) We didn’t bring SCHUHWERK for hiking.
(We did not bring shoes for hiking.)

Code-switching occurs in nearly all contact situations and is common in diasporas,
among minority communities, as well as in indigenous multilingual groups (Gardner-
Chloros, 2020, p. 188). The phenomenon has gained significant scientific interest
over the past few decades, evolving from a niche topic to a subject of importance
across various linguistic disciplines (Auer, 1998, p. 1).

Even though code-switching is sometimes mistakenly viewed as a compensation
strategy for language gaps, as suggested by the use of negatively connoted expres-
sions, such as Spanglish or ingleñol for this phenomenon, linguists believe that
code-switching actually requires a high level of multilingual proficiency (Müller
et al., 2015, p. 11). It demonstrates two main characteristics supporting this
assumption. Firstly, it features a seamless transition between languages, devoid
of interruptions, such as hesitations or long pauses, evident in the smooth flow
between preceding and following elements surrounding the switched item. Secondly,
it is characterized by a clear lack of awareness regarding the change, as evidenced
by the absence of any repetition of the preceding part, nor is it echoed in the
subsequent part. Consequently, code-switching demands a strong bi- or multilingual
skill set, which involves understanding and correctly using the shared grammar
repertoire of both languages (Poplack, 1980, p. 601). Moreover, code-switching is
considered an excellent example of a language contact phenomenon, which helps to
better understand the unique structural characteristics that arise from language
contact situations (Müller et al., 2015, p. 11).

2.2.1 Language Contact and Language Change

The prerequisite for language contact is the existence of a particular contact
situation, which initially often occurred due to cultural, demographic, economic,
and political reasons (Oksaar, 1988, p. 204; Sankoff, 2002, p. 640). Thus, language
contact is not restricted to linguistic aspects, but rather constitutes a combination
of linguistic and extra-linguistic factors (Haugen, 1956, p. 39). Moreover, language
contact is omnipresent in all areas of human interaction and there are hardly any
languages whose speakers did not have contact situations with other languages. This
makes the phenomenon of language contact typical rather than rare (Thomason,
2001, p. 10).
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According to Thomason (2001, p. 1) language contact refers so “the use of more
than one language in the same place at the same time”. Trudgill (2003, p. 74)
solidifies this superficial and trivial definition by extending it to social contact situ-
ations between groups or individuals, who lack a shared native language. However,
language contact is not restricted to a bilingual or multilingual environment, it
can also occur intralingual, i.e., between different varieties of a single language.
The phenomenon of language contact can thus be defined as a contact situation
in which “two or more different languages, varieties, or even just people from
different linguistic backgrounds interact with each other across time and space”
(Coronel-Molina and Samuelson, 2017, p. 379).

Language contact is not a short-term process and even though communication
challenges between these individuals or groups may arise initially, they can po-
tentially lead to long-term language influence and change as a consequence of
bilingualism among certain speakers (Trudgill, 2003, p. 74). These linguistic trans-
formations and the fusion of languages, which often occurs between geographically
proximate ad-stratum languages, reflect the prolonged interactions spanning nu-
merous years and stem from diasporic movements and historical migrations over
centuries (Földes, 2010, p. 136f.). For instance, English is renowned for assimilating
a substantial number of loanwords, with certain estimates indicating that as much
as 75% of its vocabulary originates from French and Latin (Thomason, 2001, p. 10).
In summary, using more than one language, whether by an individual or a group
of people, within the same conversation, leads to a dynamic interaction between
the involved languages, resulting in different language contact phenomena, such as
code-mixing, code-switching, or borrowing (Coronel-Molina and Samuelson, 2017,
p. 379).

2.2.2 Types of Code-Switching

Code-switching can occur at any linguistic level (Poplack, 2015, p. 918). From
a grammatical perspective, Poplack (1980, p. 605) identifies three categories of
code-switching, based on the location of the switching in the sentence: (i) inter-
sentential switching, (ii) intra-sentential switching, and (iii) extra-sentential, also
referred to as emblematic or tag-switching. Figure 1 graphically illustrates these
three different categories and degrees of code-switching.

Figure 1: Overview of the different degrees of code-switching (Poplack, 1980, p. 615)
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L1 and L2 refer to sentences in the respective languages and the gray area marks
the degree of contact. Inter-sentential switching describes the act of switching
between several utterances within a conversation, i.e., a change in transition from
one sentence to the next without language mixing on sentence level and without
direct integration of linguistic elements of L2 in a sentence of L1 (Riehl, 2014,
p. 33). Conversely, tag-switching involves inserting only a tag or an interjection
from L2 into a speech predominantly in L1 (Koban, 2013, p. 1175). Intra-sentential
switching pertains to changes occurring within the boundaries of a single sentence,
including a higher degree of language combination than tag-switching (Riehl, 2014,
p. 33).

In the case of inter-sentential switching, a sentence in one language or language
variety is syntactically complete without being bound to the previous sentence
in a different language. Consequently, its prosodic features, including rhythm,
pitch, and intonation, remain unique and uninfluenced by the meaning or structure
of the preceding sentence, thus ensuring clear linguistic separation between the
two sentences (Manfredi et al., 2015, p. 294). Muysken (2000, p. 1ff.) defines
intra-sentential switching as code-mixing and further divides it into three distinct
patterns, namely alternation, insertion and congruent lexicalization, which is also
referred to as dense code-switching. Table 4 presents multiple examples of the
three distinct categories of intra-sentential code-switching and the corresponding
English-only expressions.

Table 4: German-English intra-sentential code-switching examples (Hofweber et al.,
2020, p. 910)

Code-switching
type

Example

(1) Alternation
Ich kann heute nicht kommen BECAUSE I’M ILL.
I can today not come BECAUSE I’M ILL.
I cannot come today BECAUSE I’M ILL.

(2) Insertion E > G
Wir suchen noch VOLUNTEERS fuer das Projekt.
We search still VOLUNTEERS for the project.
We are still looking for VOLUNTEERS for the project.

(3) Insertion G > E
We didn’t bring SCHUHWERK for hiking.
We didn’t bring SHOES for hiking.
We didn’t bring SHOES for hiking.

(4) Dense
Wir haben FRIENDS gemacht mit’m SHOP OWNER.
We have FRIENDS made with th’ SHOP OWNER.
We have made FRIENDS with th’ SHOP OWNER.
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Alternation (1) involves toggling between two languages with minimal connection,
such as a shift from the primary statement to a supporting clause that is not
directly connected to another segment of the sentence. Insertion (2, 3), on the
other hand, is asymmetric, indicating that elements from one language, i.e., the
embedded language (L2), get incorporated into the structure of another, the
dominant language, also referred to as matrix language (L1). While this interplay
can happen in both directions, the dominant language typically aligns with the
bilingual person’s primary language. Congruent lexicalization (4) predominantly
occurs between closely related languages. The involved languages exhibit profound
grammatical and lexical intertwining and speakers select words and structures
based on contextual appropriateness rather than adhering strictly to the rules of a
single language. Switching is more frequent than in alternation but lacks clearly
traceable transition points. Unlike insertion, identifying a dominant language is
challenging, as speakers integrate rules from both languages (Hofweber et al., 2020,
p. 910).

Tag-switching is frequently observed among individuals who are not fully flu-
ent in both languages. These individuals adeptly transition between languages,
maintaining grammatical accuracy in each by incorporating particular words or
expressions, known as tags, from one language (L2) into their speech in the other
language (L1) (Poplack, 1980, p. 613). Tags are flexible elements in a sentence that
can be placed almost anywhere without strict syntactic constraints or breaking
any grammar rules (1980, p. 589). This distinguishes them from intra-sentential
switches, which must conform to the syntactic rules of the internal structure of
the sentence. Tags can be single words or multi-word expressions and include
colloquialisms, such as no way!, fillers such as I mean, and interjections such as shit!
(1980, p. 596). Poplack (1980, p. 605) places these three types of code-switching
along a continuum based on the level of language proficiency needed for each,
underscoring the varying degrees of linguistic proficiency essential for the diverse
types of code-switching. Tag-switching, which necessitates only a minimal grasp of
grammatical understanding in L2, is at the foundational level. Progressing along
the continuum, the intermediate level, inter-sentential switching requires a deeper
comprehension of the linguistic structures of the second language. The pinnacle
of this continuum is marked by intra-sentential switches, where bilingual speakers
adeptly integrate multiple languages within a single sentence. Such advanced
switching requires an intricate understanding of the grammatical structures of each
language and their interplay to maintain syntactic integrity.

2.2.3 Functions of Code-Switching

Code-switching can serve various purposes. Aligned with Jakobson’s (1960) delin-
eation of the six functions of communication, Appel and Muysken (2006) introduce
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a functional model for code-switching that mirrors Jakobson’s (1960) communica-
tion model. This alignment underscores the premise that bilingual individuals may
assign distinct functions to different languages within their bilingual environment
and conversations. Thus, the choice of language in bilingual discourse may signify
the prioritization of specific communicative functions at any given moment. The
functional code-switching model is divided into six functions, namely the express-
ive, referential, phatic, directive, poetic, and metalinguistic function (Appel and
Muysken, 2006, p. 118ff.).

The referential function involves the use of switching between languages to
express concepts more effectively, especially when discussing certain topics or when
specific words from one language are more semantically appropriate. Bilingual
speakers often switch languages consciously to better convey ideas or because they
lack proficiency in one language on a particular subject. This particular kind of
switching is common in contexts such as immigrant radio or television broadcasts,
where words from the majority language are adopted to describe concepts unique
to the society of the host country. It is also observed in discussions on technical
subjects in many languages of the Third World (Appel and Muysken, 2006, p. 118f.).
Additionally, instances of referential language switching tend to increase when
speakers experience distractions, fatigue, or emotional distress (Crystal, 2010,
p. 365).

The directive function involves directing communication towards specific individu-
als by either excluding certain people or including others through language choice.
This form of code-switching can be seen in examples, such as parents speaking a
foreign language to prevent their children from understanding. However, overusing
this strategy may lead to unintended consequences, such as children learning the
second language or creating a new language to exclude their parents (Appel and
Muysken, 2006, p. 119). Among speakers of minority languages, it often serves as
a means to highlight their shared cultural background and to express solidarity
within the community, which ultimately leads to more acceptance (Crystal, 2010,
p. 365).

The expressive function involves expressing a blended identity by utilizing two
languages within a single conversation (Appel and Muysken, 2006, p. 119). Poplack
(1980) illustrated this function by examining the interchange between Spanish and
English within the Puerto Rican community and found out that proficient bilingual
Puerto Ricans in New York develop a unique speech pattern when they engage
in conversations rich with code-switching, wherein individual switches lose their
specific intended purposes within discourse. Moreover, code-switching can serve
as a method to demonstrate solidarity with a minority group, thereby fostering
greater acceptance within that community, or to convey a specific attitude, such as
irritation, friendliness or distance, towards a speaker (Crystal, 2010, p. 365).
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The phatic function includes using code-switching within a conversation to signal
a shift in its tone, thus serving a primarily social function. This phenomenon
can be illustrated by the example of a stand-up comedian delivering their routine
predominantly in a standard dialect but switching to a vernacular, such as an
urban dialect, for the punchline (Appel and Muysken, 2006, p. 119).

The metalinguistic function involves using various languages or linguistic codes
to directly or indirectly comment on language. Essentially, it involves switching
between languages to highlight linguistic abilities or to convey a message about
language. This phenomenon is commonly observed in public settings, such as
performances, circus acts, or sales pitches (2006, p. 120).

The poetic function goes beyond mere information transmission, highlighting
creativity and expression. It involves skillfully employing bilingualism, weaving
puns and jokes to stir emotions and craft aesthetic experiences. However, despite
these general approaches to define the functions of code-switching, it is important
to note that the functions of code-switching may vary significantly across different
communities. For instance, Puerto Ricans in New York may engage in code-
switching for reasons distinct from those of Flemish speakers in Brussels (2006,
p. 120).

2.2.4 Delimiting Code-Switching

In the context of definitional considerations, one recurring topic in linguistics is
“that efforts to distinguish codeswitching, codemixing and borrowing are doomed”
(Eastman, 1992, p. 1). Consequently, distinguishing code-switching from its related
language mixture phenomena proves challenging, on the one hand, due to a lack
of consensus within the discipline, and, on the other hand, due to methodological
inconsistencies among researchers in this field (Poplack, 2015, p. 923).

Code-mixing Similar to code-switching, code-mixing, in its most trivial defini-
tion, can be described as “the use of two or more languages that are mixed in one
utterance” (Perlina and Agustinah, 2022, p. 1). Consequently both code-switching
and code-mixing involve integrating at least two languages or dialects within a
single conversation. Pfaff (1979, p. 295) introduces the word mixing as a neutral
umbrella term that encompasses both borrowing and code-switching.

Meisel (1994, p. 414f.) argues that code-mixing does not strictly adhere to the
grammatical and discourse rules, but instead, often occurs when an expression
is momentarily unavailable in one language but easily accessible in another. In
contrast, code-switching is considered a skill used by bilingual speakers to choose
the appropriate language based on the content of the conversation, the person they
are speaking to, or the situation. This involves shifting between languages within a
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conversation while adhering to sociolinguistic rules and maintaining grammatical
accuracy, making it a more systematic and rule-governed process compared to
code-mixing.

Similarly, Myers-Scotton (2002, p. 3) claims that code-mixing “suggests a jumbling
of a more or less haphazard nature”. Due to the negative perception of code-mixing
as an unstructured form of language mixing, Saville-Troike (2003, p. 50) strongly
opposes using the expression code-mixing synonymous with intra-sentential code-
switching. In contrast, as discussed in Subsection 2.2.2, Muysken (2000, p. 1)
equates code-mixing with intra-sentential code-switching and advocates to use
code-mixing rather than code-switching to refer to instances where words and
grammatical rules from two different languages are combined within one sentence.
Consequently, akin to insertion in intra-sentential code-switching, insertional code-
mixing involves the integration of elements from another language or language
variety into a base language. Hamers and Blanc (2000, p. 260) support the idea
of using code-mixing interchangeably with intra-sentential code-switching. To
sum up, there is disagreement within the academic community regarding whether
code-mixing and code-switching refer to the same phenomenon or represent distinct
concepts.

The rap data examined in this thesis predominantly uses German as base
language, incorporating English vocabulary to different extents within the sentences.
Moreover, the analysis focuses on a sentence-by-sentence approach, specifically
addressing intra-sentential code-switching. Therefore, the definition of code-mixing
provided by Muysken (2000) and Hamers and Blanc (2000) is highly pertinent to
this thesis, as they equate code-mixing with intra-sentential code-switching. As a
result, the term code-switching is used in this thesis to signify both code-switching
and code-mixing.

Borrowing The differentiation between code-switching and borrowing in bilingual
conversations remains a contentious topic in academic discussions. Consequently,
what Poplack and Meechan (1998, p. 127) described as “the heart of a fundamental
disagreement among researchers”, continues to hold true in current efforts to
scientifically distinguish between code-switching and borrowing (Deuchar, 2020)
and numerous criteria have been suggested to differentiate between these two
concepts (Boztepe, 2003, p. 4).

Unlike code-switching, which can include single words, multi-word expressions
as well as whole sentences (Riehl, 2014, p. 24), borrowing pertains solely to the
adoption of individual words or brief, fixed idiomatic phrases from one language
or language variation into another (Gumperz, 1982, p. 66). However, while longer
foreign language segments are more easily identified as examples of code-switching,
categorizing elements as borrowing merely because they consist of single words
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is insufficient (Deuchar, 2020). As a result, distinguishing between borrowing
and code-switching becomes more challenging the shorter the foreign language
expressions are (Poplack, 1988, p. 220).

To facilitate a more precise distinction between code-switching and borrowing,
an additional criterion, namely the frequency of the foreign language elements,
has been investigated. Salmons (1990, p. 465) concludes, that items that appear
frequently are rather categorized as borrowings, whereas less frequently occurring
items are more likely to be considered examples of code-switching. Myers-Scotton
(1997, p. 207), on the other hand, argues, that this criterion has its limitations,
as determining the frequency of a word can be challenging and often leads to
arbitrary conclusions. To address the limitations of the two previously discussed
differentiation criteria, more robust criteria have been examined.

In contrast to code-switching, borrowing involves integrating linguistic elements
from one language or system into the linguistic framework of another (Gumperz,
1982, p. 66; Matras and Adamou, 2020, p. 237). More specifically, it involves
phonological and morphological adaptations to the sound system and grammar
of another language. For instance, in the sentence I am going to Los Angeles,
Saville-Troike (2003, p. 53) differentiates between borrowing and code-switching
based on the pronunciation of Los Angeles. When pronounced in an anglicized
manner, indicating phonological integration, the expression is considered borrowed
from Spanish. In contrast, maintaining the original Spanish pronunciation indicates
code-switching.

It follows then, that incorporating elements from a foreign language into the
linguistic, phonological and morphological structure and lexicon of the borrowing
language often masks their foreign origin. Consequently, while code-switching
requires some level of familiarity with both languages (Coronel-Molina and Samuel-
son, 2017, p. 2), monolingual speakers unaware of the source language can use
borrowed elements seamlessly (Lipski, 2005, p. 13). Additionally, due to their
integration into the lexicon, borrowed words are commonly utilized not only by
individuals but also the broader community.

Lastly, Poplack (1980, p. 585f.) argues that, in contrast to borrowing, code-
switching is not possible within a word. The principle of the free morpheme
constraint suggests that it is acceptable to switch languages during a conversation
as long as non-independent elements of words, such as prefixes or suffixes, are not
mixed. In summary, linguists have examined a range of criteria, from weak to
more robust, to distinguish between borrowing and code-switching. Despite this
exploration, reaching a consensus on a definitive distinction between these two
concepts has proven elusive, with the boundary often appearing ambiguous.
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Neologisms Natural languages are dynamic and undergo constant evolution and
variation. The German vocabulary reflects this dynamic nature, with new words
emerging and gaining popularity while others fade into obsolescence. For instance,
words such as Oheim [uncle] and Gemach [chamber] are now considered archaic and
are primarily found in literary texts (Putterer, 2019, p. 192). The term neologism
traces its roots back to Ancient Greek. It is a fusion of néo- meaning new and lógos
which translates to word (Khan, 2013, p. 819). Consequently, it essentially pertains
to the introduction or adoption of new lexical items within a language framework.

During the emergence and acceptance of a neologism, the majority of language
users views it as something new and distinctive. As it gains traction, this novel
linguistic expression becomes widely adopted and recognized as a standard part
of the language. This process of adoption and acceptance marks the lifecycle of
a neologism within the evolving dynamics of language. In the fields of lexicology
and lexicography, the term neologism gained wide-spread recognition only around
the mid-20th century, which is relatively late compared to other linguistic terms
(Herberg et al., 2012, p. XIf.).

Neologisms can be categorized into two main types, namely new lexical units
and new meanings. New lexical units encompass both single-word and multi-word
expressions, that were not part of the lexicon until a certain point in time. When no
new lexical units are formed, but instead established words take on added meanings,
these new meanings expand upon or alter the existing semantic scope of the word
within the language. There is no inherent distinction between newly formed lexical
units within a language and those borrowed entirely from other languages (2012,
p. XI).

A distinguishing feature of neologisms lies in their emergence as newly coined
words, terms, or meanings that arise during a specific period of language evolution
within a community of speakers (2012, p. XIf.). As such, they serve as a means
to satisfy the growing demand for new vocabulary that usually accompanies such
developments (Kananaj and Rushiti, 2024, p. 3). Among the various different word
formation processes3, compounding and blending stand out as notable techniques
for creating new vocabulary at specific socially or politically important points in
time, that shape people’s experiences and perspectives, such as wars and pandemics
(Al-Salman and Haider, 2021, p. 34f.).

Compounding and blending both involve the creation of a new word by combining
two independent words. However, they differ in their approaches to word formation.
Compounding, which frequently occurs in German an English, involves merging
entire words to form a new, composite expression, while blending entails a truncation
process, in which elements from the beginning and end of two words are combined

3This thesis only focuses on the word formation processes most relevant to the thesis. A
comprehensive overview of all word formation processes can be found in (Yule, 2023)
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to create a new word. In the case of fingerprint and good-looking, both words
remain intact to form a new word. Conversely, smog and brunch are combined by
taking the beginning of the first word and the ending of the second word (Yule,
2023, p. 64).

The Russia-Ukraine war (Aleksandruk et al., 2023; Kramar and Ilchenko, 2023),
the COVID-19 pandemic (Kananaj and Rushiti, 2024; Klosa-Kückelhaus and
Kernerman, 2022), the UK’s exit from the EU (Lalic-Krstin and Silaski, 2018),
and numerous refugee crises and migration movements (Heselhaus, 2022; Putterer,
2019; Šinjori, 2019) can be considered examples of such specific periods in language
evolution that often lead to the emergence of neologisms (Kramar and Ilchenko,
2023, p. 15). With compounding and blending being recognized as the most
productive and hence the most widely used word formation methods (Al-Salman
and Haider, 2021, p. 34f.), they are frequently employed to formulate words aimed
at describing emergent concepts or phenomena. Table 5 illustrates multilingual
neologisms that evolved from global social and political events.

Table 5: Neologisms that evolved from social and political events
Event Neologisms

COVID-19 Kovidiot Impfdrängler
(Kananaj and Rushiti, 2024) (Klosa-Kückelhaus, 2022)

Russia-Ukraine war Лiлiпутiн (Liliputin) Рашизм (Ruscism)
(Aleksandruk et al., 2023) (Kramar and Ilchenko, 2023)

UK’s exit from EU Brexit bregret
(Lalic-Krstin and Silaski,
2018)

(Lalic-Krstin and Silaski,
2018)

Kovidiot (Covidiot), a blending of the words COVID and idiot, is a derog-
atory label aimed at individuals who exhibited inappropriate behavior during
the COVID-19 pandemic, such as disregarding medical advice (Mihaljević et al.,
2022, p. 167) or needlessly stockpiling essentials, thereby contributing to shortages
(Neologismenwörterbuch, 2006ff.).

Impfdrängler (vaccination tailgater), a German neologism following the principles
of German compound word formation, i.e., impf[en] (to vaccinate) and Drängler
(tailgater), are individuals who sought to receive vaccinations ahead of their sched-
uled turn during the initial phase of vaccine distribution when doses were limited
and specific groups were prioritized for medical reasons (Klosa-Kückelhaus, 2022,
p. 34f.).

Лiлiпутiн (Liliputin), a blending of two individual words, is a derogatory
reference specifically emphasizing Putin’s height (Aleksandruk et al., 2023, p. 198).
Lilliputian, commonly employed in a humorous context as a synonym for small,
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derives its origin from the inhabitants of the fictional island of Lilliput (Merriam-
Webster, 2024) in Jonathan Swift’s novel Gulliver’s Travels.

Рашизм (Ruscism), a blending of the expressions Russian and fascism, signifies
“the expansionist, ultranationalist ideology of the Russian Federation that reached
its apogee in the invasion of Ukraine” (Kramar and Ilchenko, 2023, p. 22). Although
the expression surged in popularity following the Russian invasion of Ukraine on
February 24, 2022, its roots extend back to the First Chechen War. First introduced
in 1996 by Dzhokhar Dudayev, the first President of the Chechen Republic of
Ichkeria, the word русизм (russism) was intended to represent “an anti-human
ideology grounded on the Russian chauvinistic worldview and the world domination
complex” (Kramar and Ilchenko, 2023, p. 22).

Brexit is frequently perceived as originating from a blending of either Britain and
exit or British and exit, with the latter interpretation being more widely recognized.
The term describes the UK’s exit from the EU following a referendum conducted
in 2016 (Lalic-Krstin and Silaski, 2018, p. 3ff.).

Bregret is a blending of the noun Brexit and the verb regret and, alongside other
creations, such as bremain, has served as a foundational element for various suffix
additions, resulting in the emergence of neologisms such as bregretter or bremainer
(2018, p. 5f.).

These examples demonstrate that numerous expressions evolving from political
and social events encompass derogatory or insulting connotations, e.g., Covidiot,
Impfdrängler, Liliputin. Moreover, the rapid evolution of neologisms is evident as
they increasingly saturate the internet and social media platforms (Corazza et al.,
2018). When examining politically contentious subjects, such as refugee crises, it
is not uncommon to encounter not just one newly coined term resulting from the
fusion of two words, but rather an influx of comparable negative neologisms. For
instance, expressions, such as rapefugee, rapeugee, and rapugee emerge, all stemming
from the combination of rape and refugee. These neologisms are frequently utilized
by critics of asylum-seeker-friendly policies as disparaging propaganda expressions
(Würschinger et al., 2016, p. 35). Consequently, language alteration phenomena
such as code-switching and (profane) neologisms must be recognized as crucial
topics for hate speech detection research in the ML community. This recognition
ideally results in the development of robust algorithms that push the boundaries
of profanity detection, enabling precise identification of newly coined profane or
insulting expressions without relying on manual inclusion in predefined lists of
offensive language.
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2.3 Hip Hop and German Rap

Rapper Kendrick Lamar’s groundbreaking Pulitzer Prize for Music win in 2018 led to
a notable shift in the public recognition of rap lyrics, resulting in increased attention
to modern hip hop music songwriting. This trend was also evident in Germany
in 2018 when Capital Bra, a rapper from the Russian-speaking minority, achieved
unprecedented success with eight number-one hits in just one year, solidifying his
status as the most popular musician of the 21st century in Germany (Tikhonov,
2020, p. 55). After having been marginalized in scholarly circles for a long time,
hip hop has nowadays transitioned into an important subject of scholarly discourse
and academic scrutiny. Its cultural impact and global reach provide rich material
for sociologists, anthropologists, and linguists to explore and analyze (Terkourafi,
2010, p. 1f.).

Following the acknowledgment of hip hop as a subject of academic inquiry, it
is necessary to delineate the nuanced relationship between rap and hip hop, as
well as define two important aspects of rap, namely beats and bars. Rap, defined
as “the rhythmic delivery of spoken rhymes” (Terkourafi, 2010, p. 14), constitutes
one of the four central pillars of hip hop culture, alongside DJing, breakdancing,
also referred to as street dance, and graffiti art (Dumitru and Tudor, 2022, p. 228;
Yapondjian, 2005). Therefore, rap serves as the vocal component of hip hop
music and is predominantly delivered by a Master of Ceremonies (MC), hence its
alternative name, MCing. In contrast, hip hop extends beyond the mere vocal
aspect, encompassing lifestyle elements, such as behavior, speech, appearance, and
communication (Dumitru and Tudor, 2022, p. 228). Although theoretically distinct,
in practice, these two concepts are often used interchangeably, primarily due to the
central role of rap in hip hop culture (Terkourafi, 2010, p. 14).

Beats and bars are crucial aspects of rap, with the former often cited as the
primary reason people enjoy it. The word beat carries two distinct meanings.
Firstly, it refers to the musical track that provides the backdrop for a rapper’s
lyrics. Secondly, it denotes the regularly recurring pulse or rhythm in the music,
often heard through lower-pitched instruments, such as the bass or kick drum. A
bar is a time segment defined by beats, establishing it as a fundamental unit of
musical time that aligns with a piece’s structure. In this example, the hook, also
referred to as chorus, consists of eight bars, which is four lines of text repeated
once (Berry, 2018, p. 1ff.).

(3) 1 You better - lose yourself in the music, the moment
2 You own it, you better never let it go (go)
3 You only get one shot, do not miss your chance to blow
4 This opportunity comes once in a lifetime
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5 You better - lose yourself in the music, the moment
6 You own it, you better never let it go (go)
7 You only get one shot, do not miss your chance to blow
8 This opportunity comes once in a lifetime... you better (Eminem, 2002)

2.3.1 Linguistic and Cultural Influences

Hip hop music originated in the early 1970s in the Bronx, New York City, as a
unique cultural and musical expression. It emerged in multicultural neighborhoods
that faced challenging economic conditions and were socially segregated from the
predominantly white, middle-class mainstream America (Forman, 2002, p. 87).
American soldiers stationed in Germany during the late 1970s and early 1980s
introduced the hip hop culture to parts of Western Germany through dance clubs,
and the American Forces Network (AFN) radio station, which was aimed at the
United States (U.S.) military community. AFN broadcast hip hop music, making
it accessible to a broader German audience (Munderloh, 2017, p. 192).

However, it was predominantly U.S. American hip hop films that accelerated the
popularity of hip hop music among the German public. Influential movies such as
Charlie Ahearn’s Wild Style (1983) and Stan Lathan’s Beat Street (1984) played a
crucial role. These movies showcased the culture, music, and lifestyle associated with
hip hop, sparking interest and enthusiasm among German viewers. Additionally,
the presence of diverse ethnic backgrounds of the U.S. rappers resonated with the
German multicultural audience and led to a shared feeling of recognition, promoting
a sense of belonging and identification with the portrayed rappers (2017, p. 192f.).

Germany boasts established minority languages, such as Romani and Sorbian,
along with a diverse array of migrant languages, such as Turkish, Russian, Greek,
and Italian. With multilingualism playing a significant role in the sociolinguistic
landscape of hip hop, young people of migrant heritage have significantly contrib-
uted to the evolution of German hip hop in the past two decades. Immigration
and ethnicity are frequently explored topics in German rap lyrics, mirroring the
diverse cultural and linguistic backgrounds within the German hip hop community
(Androutsopoulos, 2010, p. 19).

This linguistic and cultural diversity is also reflected in the broad linguistic variety
of German rappers, with Capital Bra using 14 different languages, and Olexesh
integrating 11 languages into their lyrics (Tikhonov, 2020, p. 58). Table 6 provides
an overview of the linguistic diversity of German-speaking rappers, exemplified by
Capital Bra, who incorporates German, Russian, and Turkish within just four bars.
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Table 6: Overview of the different languages used by Capital Bra (Tikhonov, 2020,
p. 58)

Line Original English translation & [original lan-
guage]

Capital Bra “Was 2, hol 10”, album “Makarov Komplex” (2017)

CBI Bras, die für gut Geld gut
auf dich aufpassen,

Bros [RUS], getting good money for look-
ing good after you [GER].

CBII Aber ich bin Ukrainer, я
убью за брата,

But I am Ukrainian [GER], I will kill for
my brother [RUS].

CBIII Но тихо едешь, дальше бу-
дешь, говорит мне мама,

Slowly but surely, tells me my mother
[RUS].

CBIV Trotzdem brauch’ ich Para,
brechen aus, Räubeleiter

But I need [GER] money [TK], break out,
crossed ladder [GER].

The languages are incorporated to varying degrees throughout the song ranging
from entire bars spoken solely in one language, such as in line CBIII, to bars split
between two languages, such as in line CBII, or even in form of intra-sentential
code-switching where single words are integrated into sentences entirely in another
language, such as in lines CBI and CBIV (2020, p. 58f.).

Consequently, despite the dominance of the German language, there is a notable
incorporation of migrant languages into German rap lyrics. Moreover, the use of
English alongside migrant languages and German is highly common, reflecting the
multilingual trend, with frequent occurrences of German-English intra-sentential
code-switching (Androutsopoulos, 2010, p. 37f.).

2.3.2 The Hip Hop Nation Language: English

The English language is an essential aspect of hip hop as it is considered “the original
Hip Hop Nation Language (HHNL)” (Androutsopoulos, 2010, p. 19). Moreover, as a
universal language used across the globe, it holds high sociolinguistic importance and
serves as a crucial medium for international, cross-border hip hop communication
both in the U.S. and worldwide (2010, p. 19).

The HHNL is a complex linguistic system that goes beyond syntax and includes
a wide range of communicative practices, attitudes, and non-verbal elements,
such as clothing, gestures, mimics, and graffiti. It has unique rules for grammar,
pronunciation, vocabulary, and a distinctive way of communication. It blends
elements of spoken language, literature, and musical expression into a cohesive
style. Furthermore, the HHNL is widespread across the U.S., has been adapted
by various ethnic groups both locally and internationally and is central to the
identity of the Hip Hop Nation (HHN) as a whole, but also including regional and
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individual variations influenced by personal experiences and sociopolitical contexts.
It addresses the communicative needs of HHN members and serves as a medium for
expressing resistance and subversion against dominant societal norms. Consequently,
the HHNL is deeply intertwined with the socio-political challenges faced by the
HHN, such as police brutality, incarceration, and gentrification, reflecting and
responding to these circumstances through its evolving discourse (Alim, 2006,
p. 71f.). Figure 2 presents example lyrics that convey the fundamental concepts of
the HHNL and highlight central issues frequently encountered by members of the
HHN, such as police violence and graffiti art.

Figure 2: Example lyrics expressing the fundamental concepts of the HHNL (Cot-
grove, 2018, p. 70)

In this example, familiar words are assigned new meanings that are specifically
tailored to the hip hop community. The word Bombin’, which translates to graffiti
tagging, serves as an important means for the rapper to express their identity as an
artist within the hip hop community. However, this artistic expression is constantly
challenged by The Beast, i.e., law enforcement, who frequently target and harm
African-American graffiti artists during their top to bottom graffiti spraying. The
language used by the artist not only signals authenticity within the hip hop culture,
but also acts as a form of communication that remains cryptic to people outside
the hip hop community (Cotgrove, 2018, p. 70).

2.3.3 Code-Switching and Profanities in German Rap

While the HHNL may not align with the traditional academic criteria for languages
(Bühler, 1934), the abstract concept of English as the HHNL presents intriguing
opportunities to further understand German-English code-switching. The significant
impact of U.S. American hip hop culture on the emerging German hip hop scene in
the early 1980s is particularly evident in the prevalent use of English in the lyrics
by the early German rappers, who used English to align with the authentic norms
of the American hip hop community (Bower, 2011, p. 377).

Incorporating English words into otherwise German rap lyrics corresponds with
the referential and the directive code-switching functions outlined in Subsection
2.2.3. In the context of German rap, the HHNL English serves as the predominant
language, through which HHN-specific elements are introduced into the German
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lyrics to reference distinct facets of the original U.S. hip hop culture, which reinforces
the authenticity of German rappers within this culture. Furthermore, employing
distinct HHN words in the lyrics directs the message towards fellow members of
the hip hop community, rendering it incomprehensible to those outside the culture.
Figure 3 provides an example of incorporating HHNL words into predominantly
German rap lyrics to express identification with the original U.S. American hip
hop culture.

Figure 3: Example German rap lyrics with English elements (Cotgrove, 2018, p. 88)

By referencing the English slang expression cops the rapper establishes a connec-
tion with the transnational rap community. This connection suggests solidarity with
others who have experienced similar struggles with law enforcement and societal
oppression, thereby validating the rapper’s authenticity within both the original
American hip hop community and the hip hop community as a whole (Cotgrove,
2018, p. 89).

Among German-speaking rappers, Money Boy stands out for his distinct approach
of seamlessly alternating between German and English. This distinctive blend of
languages has gained attention not only from his core fan base but also from a
broader audience of young listeners. Money Boy frequently integrates discourse
markers such as yeah, interjections such as Joke! and hip hop slang terms such as
swag and fly into his German lyrics, alongside employing English expressions such
as no way for added emphasis (Mair, 2018, p. 61). Table 7 presents examples of
English code-switched elements in the lyrics of Austrian rapper Money Boy, with
the English words highlighted in bold. Additionally, it underscores the prevalence
of vulgar and profane expressions in German rap, indicated by the underlines.

Table 7: English code-switched example lyrics of Austrian rapper Money Boy
Track Original line Translation

Deppen die rappen Mit ein paar scheiß Studenten, wie
soll dieses Life nur enden (Money
Boy, 2023)

With a few shitty stu-
dents, how is this life
supposed to end

Deppen die rappen Unter ’ner Brücke maybe (yeah)
(Money Boy, 2023)

Under a bridge
maybe (yeah)

Dreh den Swag auf Yeah, ich bin der Shit, Bitches
(Money Boy, 2010)

Yeah, I am the shit,
bitches
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The prevalence of profanities in German rap music is likely to be closely linked
to two main characteristics of German rap. Firstly, the phenomenon of gangsta rap,
emphasizing violence, aggression, and street confrontations, introduced the idea of
the ghetto into the German setting, sparking significant discussions about the state
of German urban areas and the decline of civic awareness. This cultural importation
and thematic focus on brutal or aggressive topics, exemplified by prominent figures,
such as Bushido, Fler, and Sido, has deeply influenced the thematic and linguistic
landscape of German rap (Bower, 2011). Therefore, it can be reasonably inferred
that German gangsta rap prominently features the recurrent use of vulgar and
profane language within its lyrics.

Secondly, a fundamental aspect of European rap is the practice of dissing, which
is a recurring and widely discussed element within rap and hip hop. It serves as
a form of verbal attack intended to belittle or shame an opponent. Typically, it
targets other artists, accusing them of lacking authenticity or integrity. However, it
can also be directed at individuals outside the hip hop community, such as teachers
or politicians (Androutsopoulos and Scholz, 2002, p. 15).

Table 8 presents three distinct diss tracks performed by German and Austrian
rap artists, highlighting the frequent co-occurrence of English, emphasized in bold,
and German, italicized, vulgarities within each track or even within the same bar.

Table 8: Sample lyrics from three distinct diss tracks by German rappers
Track Original line Translation

Samy De Bitch!! (7
Lektionen)

Depp, Deine Scheisse ist pussy
und wack (Azad, 2001)

Dork, your shit is
pussy and wack

Free Spirit Ich bin in meiner Blüte, Bitch,
es ist ein Frühlingsfest (Shindy,
2023)

I’m in my prime, bitch,
it’s a spring festival

Free Spirit Du Hurensohn, schenk mir eine
Orchidee (Shindy, 2023)

Son of a bitch, give me
an orchid

MC Fetti du Bier-
säufer

Du bist eine Bitch mit einer Big
Fut (Pussy (Money Boy, 2014)

You are a bitch with a
big cunt (pussy)

2.4 Machine Learning Fundamentals

ML can be defined “as a set of methods that can automatically detect patterns in
data, and then use the uncovered patterns to predict future data, or to perform
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other kinds of decision making under uncertainty” (Murphy, 2012, p. 1). In es-
sence, ML focuses on performance improvement of algorithms through experiential
learning, emphasizing the creation of models with minimal human intervention,
primarily relying on data for learning and improvement (Morales and Escalante,
2021, p. 112). When examining learning paradigms, three types stand out as partic-
ularly important: supervised, unsupervised, and reinforcement learning (Janiesch
et al., 2021, p. 687). Additionally, self-supervised learning, another significant
paradigm, is especially important for DL and PLMs (Kotei and Thirunavukarasu,
2023).

2.4.1 Supervised Learning

Supervised learning, also referred to as predictive learning, involves algorithms that
learn from labeled data, receiving direct feedback during training. It is divided into
two main categories: classification and regression (Chauhan et al., 2021, p. 582).
Classification entails categorizing data into predefined classes or discrete categories,
essentially recognizing patterns within the data. Regression, on the other hand,
focuses on approximating a function that describes the relationship between input
variables and continuous output values (Salman and Kecman, 2012).

In supervised learning the model is provided with a labeled dataset D which
contains input-output pairs D = {(xi, yi)}Ni=1, where xi represents the input features,
yi represents the associated output labels, and N represents the number of training
examples. The primary objective is to learn a mapping between the input features
and the output labels, facilitating the model in accurately predicting the correct
output for novel input instances. In the basic setup, each training input xi is a
D-dimensional vector of features, stored in an N × D design matrix X. These
features can represent simple data, such as height and weight, or more complex
data, such as images and sentences. The output variable yi can be either categorical,
such as male/female, for classification problems, real-valued, e.g., income level, for
regression problems, or ordinal, e.g., grades, for ordinal regression problems, where
the output has a natural order (Murphy, 2012, p. 2).

2.4.2 Unsupervised Learning

Unsupervised learning, also referred to as descriptive learning, involves learning
patterns and structures within a dataset without explicit supervision in the form
of labeled data. In this ML paradigm, the model is provided only with a dataset
consisting of input features, denoted as D = {xi}Ni=1, where xi represents the i-th
input feature and N is the total number of input features. The goal of the model
is to discover intrinsic relationships, meaningful patterns, or clusters within this
data, without relying on any predefined labels or outputs (Murphy, 2012, p. 2).
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2.4.3 Self-Supervised Learning

Self-supervised learning integrates aspects of both supervised and unsupervised
learning paradigms (Rani et al., 2023, p. 2765) and has become increasingly popular
due to the vast amount of available unlabeled data (Ohri and Kumar, 2021). In
self-supervised learning the model is trained using segments of the input data to
predict other segments, a process commonly referred to as predictive or pretext
learning. This approach enables self-supervised learning algorithms to derive the
supervision signal directly from the data itself, allowing labels to be generated from
unlabeled data. As a result, this method supports supervised learning without the
need for manually labeled datasets (Rani et al., 2023, p. 2765).

The main goals of self-supervised learning are to achieve the performance of
supervised DL models without extensive labeled datasets, to learn meaningful and
generalized representations that enhance downstream tasks, to utilize large, freely
available datasets through self-supervised pre-training, and to adopt a practical,
human-like learning approach. Self-supervised learning methods are effectively and
successfully employed in widely used PLMs for NLP, such as BERT, Robustly
optimized BERT approach (RoBERTa) (Liu et al., 2019), and XLM-R (Ohri and
Kumar, 2021).

2.4.4 Reinforcement Learning

Reinforcement learning is an ML paradigm in which a system learns to accomplish
a particular objective through interaction with its surroundings, rather than relying
on predefined examples for learning. The core idea involves the system receiving
information about its current state and taking actions based on a set of allowable
choices. This approach is akin to a reward-punishment training mechanism, where
the system learns through experimentation and adapts based on the received
results, striving to maximize cumulative rewards over time. Consequently, this
approach relies on the principle of reward maximization to guide the learning
process (Janiesch et al., 2021, p. 687; Kaelbling et al., 1996).

2.5 Artificial Neural Networks
While there are differences in how biological and artificial neurons process inform-
ation, the term neural originates from the neurons found in the human brain.
Neurons gather input signals through their dendrites from neighboring neurons.
When sufficiently stimulated, a neuron transmits a signal along its axon to multiple
terminals, which then communicate with other neurons’ dendrites. Artificial neur-
ons mimic this impulse transmission, yet unlike natural ones, they require training
rather than maturing autonomously (Koehn, 2020, p. 30f.). An ANN consists of
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multiple interacting neurons organized in layers. These layers are connected by
weights (Rückstieß, 2016, p. 18), and through the process of training, the network
learns to adjust these weights to model complex patterns (Kelleher, 2019, p. 67).
According to their structure, ANNs are categorized into single-layer models, also
referred to as shallow networks, and multi-layer neural networks, commonly referred
to as Deep Neural Networks (DNNs) (Montufar et al., 2014). Within single-layer
networks, the input undergoes direct mapping to an output using a modified linear
function. Conversely, in multi-layer ANNs, one or more hidden layers exist between
the input and output layers (Aggarwal, 2018, p. 4).

2.5.1 Feed-Forward Neural Network (FFNN)

In a FFNN, data flows linearly in one direction from the input layer, traversing
through the hidden layers before reaching the output layer. A neuron processes
inputs in two stages. Initially, it computes a weighted sum of the inputs, which is
subsequently transformed by a non-linear activation function to yield the neuron’s
final output. Various activation functions, ranging from simple to complex, can be
employed. This is crucial for introducing non-linearity into the model, enabling it to
learn and represent more complex patterns. This process repeats until the output
layer produces a result, which is subsequently refined through backpropagation
(Kelleher, 2019, p. 70ff.).

Figure 4 illustrates the structure of a multi-layered FFNN, consisting of an
input layer, an output layer, and three hidden layers. The circles in the figure
represent neurons that process information within a network. The arrows in the
figure show the direction of information flow between neurons, with each connection
only allowing one-way communication. These connections have associated weights,
which influence how the neurons process incoming information (2019, p. 70).

Figure 4: Illustration of an FFNN with three hidden layers (Kelleher, 2019, p. 68)
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Backpropagation, a fundamental component of NNs, is a supervised learning
algorithm crucial for iteratively adjusting weights to minimize errors, without which
neural networks would not effectively learn. It utilizes the chain rule of calculus to
efficiently compute error gradients. This approach comprises two main phases: a
forward phase where model predictions are compared to gold standard outputs,
and a backward phase, where errors propagate through the layers, facilitating
weight adjustments. This iterative interplay of forward and backward propagation
serves as the foundation of training neural networks, enabling them to learn and
enhance performance progressively (Aggarwal, 2018, p. 21). FFNNs typically are
not designed to directly manage sequential data due to their inability to consider
the order of the sequence and interdependencies among its elements. Nevertheless,
techniques exist to adapt them for sequential data tasks. One such approach
involves employing a fixed-size sliding window, which segments the sequential data
into smaller windows, treating each one as a distinct input. While this strategy
can capture local patterns effectively, it may encounter difficulties with long-range
dependencies unless the windows are sufficiently large, potentially leading to
increased model complexity (Jurafsky and Martin, 2023, p. 157f.).

2.5.2 Recurrent Neural Network (RNN)

Unlike FFNNs, which propagate information strictly in a forward direction across
layers and encounter difficulties with sequential data processing, RNNs introduce
cycles, enabling a form of memory. This feedback mechanism creates an internal
recursive structure, allowing information from previous time steps to be incorporated
into current computations. In RNNs, each layer corresponds to a specific position
in a sequence, allowing the network to dynamically adjust its layers based on the
temporal context. By utilizing a shared set of parameters across these layers, RNNs
ensure consistent modeling at each timestamp, maintaining a fixed parameter count
while effectively processing sequences through their inherent memory capability
(Aggarwal, 2018, p. 273).

However, during the training of RNNs using backpropagation, the vanishing
gradient problem (Bengio et al., 1994) may occur, constraining the network’s ability
to effectively learn sequences of extended length (Rückstieß, 2016, p. 108). In
DNNs, the vanishing gradient problem arises as gradients in earlier layers diminish
significantly during training, hindering effective learning. This challenge originates
from certain activation functions that inherently yield small derivatives, causing
gradients to decay exponentially as backpropagation traverses through layers.
Consequently, this imbalance results in minimal updates being applied to earlier
layers compared to later layers. While solutions, such as using activation functions
with larger gradients or adjusting weight initialization can alleviate this issue, they
might results in gradient explosion and achieving the optimal balance remains a
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difficult task (Aggarwal, 2018, p. 130f.). To address the vanishing gradient problem,
RNNs were enhanced with a gating mechanism. The prevailing gating setups
typically involve Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber,
1997) and Gated Recurrent Unit (GRU) (Cho et al., 2014).

Long Short-Term Memory The gating mechanism embedded within LSTM
networks offers a robust solution to the vanishing gradient problem pervasive in
traditional RNNs. By incorporating specialized memory cells with input, output,
and forget gates, they can selectively update, retain, and propagate information
across sequential data. The input gate facilitates the incorporation of relevant
information into the memory cell, while the forget gate selectively discards outdated
or irrelevant data, enabling the retention of long-term dependencies crucial for
sequential learning tasks. Additionally, the output gate regulates the flow of
information, ensuring that only pertinent data is propagated forward. These gating
mechanisms not only facilitate the learning of long-term dependencies but also
regulate the gradient flow during backpropagation (Jurafsky and Martin, 2023,
p. 201f.).

Gated Recurrent Unit GRU is another NN architecture designed to handle
sequential data, providing a simplified alternative to the LSTM. GRU employs
only two gates to manage information flow. The update gate combines input and
forget gates, regulating the amount of the previous hidden state passed to the
current hidden state. The reset gate determines the extent of past information to
be forgotten. GRU networks update their hidden state by partially resetting and
updating the previous time step’s hidden states through these gates. This results in
fewer parameters compared to LSTM, making them simpler and potentially more
efficient for certain tasks. Their performances are similar, but GRU networks are
easier to implement and can generalize better with less data. Nonetheless, LSTM
are often preferred for handling longer sequences and larger datasets due to their
extensive testing and established popularity (Aggarwal, 2018, p. 295ff.).

2.5.3 Encoder-Decoder Model

The encoder-decoder model, also referred to as Sequence-to-Sequence (Seq2Seq)
model, is a framework employed for tasks that require processing an input sequence
into an output sequence of different lengths and structures, such as in Machine
Translation (MT), where the length and structure of sentences can vary significantly
between languages (Jurafsky and Martin, 2023, p. 204). The encoder processes
the input sequence and converts it into a fixed-sized contextual representation,
encapsulating the essential information of the sequence. This context is a compact,
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comprehensive representation of the input that captures its meaning and nuances.
Following this, the decoder network takes this contextual representation and
generates the output sequence. The task of the decoder is to produce a sequence
that is not only coherent but also contextually appropriate, which often involves
generating outputs of varying lengths and structures compared to the input (Forcada,
2017, p. 297f.).

2.5.4 Attention Mechanisms

It quickly became apparent that as the input length increased, performance de-
creased. Consequently, the encoder-decoder architecture underwent enhancement
through the integration of an attention mechanism (Bahdanau et al., 2015) shortly
after its introduction (Forcada, 2017, p. 299). Attention mechanisms are crucial
components in improving the capabilities of NNs, particularly in tasks, such as
MT and document classification (Kardakis et al., 2021). The attention mechanism
allows the decoder to access information from all hidden states of the encoder, not
just the last one. Instead of relying solely on the final hidden state of the encoder,
attention dynamically computes a context vector for each decoding step. This
is achieved by calculating a weighted sum of all encoder hidden states, with the
weights emphasizing relevant parts of the source text for each token being decoded.
This dynamic context vector, generated anew for each decoding step, provides
richer information to the decoder, improving its ability to generate accurate outputs
(Forcada, 2017, p. 299; Jurafsky and Martin, 2023, p. 208). Nevertheless, even
though the attention mechanism pioneered by Bahdanau et al. (2015) stands as
one of the earliest and most widely recognized, there exist several other types of
attention mechanisms (Kardakis et al., 2021).

2.5.5 The Transformer Architecture

The Transformers architecture significantly influenced the field of Artificial In-
telligence (AI), transforming how models are trained and marking a substantial
advancement over earlier neural architectures (Guimarães et al., 2024), such as
LSTM. Transformers are highly effective NNs, specifically well-suited for sequence-
to-sequence tasks, such as MT. They rely exclusively on attention mechanisms
without any recurrence or convolution, which eliminates the need for a fixed-length
representation of the source sentence. Instead of using a single constant context
vector to encode the entire source sentence, the model utilizes attention mechanisms
to dynamically focus on specific parts of the source sentence that are relevant for
generating the next token (Stahlberg, 2020, p. 349). Transformers are characterized
by an encoder-decoder structure. Both the encoder and decoder utilize stacked
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layers of self-attention and fully connected feedforward layers, enabling the model to
capture dependencies within the sequence regardless of distance and build complex
representations (Vaswani et al., 2017, p. 5999f.).

In the originally proposed version (Vaswani et al., 2017), the encoder is composed
of six identical layers, each featuring a multi-head self-attention mechanism and a
fully connected FFNN that processes individual positions. Additionally, residual
connections and layer normalization are added to enhance the model’s performance.
Similarly, the decoder consists of six layers but includes an additional sub-layer for
multi-head attention over the encoder’s output and employs masking in the self-
attention sub-layer to ensure predictions at each position depend only on preceding
outputs (2017, p. 5999f.). Figure 5 provides a detailed visual representation of the
Transformer architecture, showcasing the encoder positioned on the left-hand side
and the decoder situated on the right.

Figure 5: The Transformer architecture (Vaswani et al., 2017, p. 6000)

36



2.6 Pre-Trained Language Models

Attention mechanisms are methods that facilitate the mapping of queries, repres-
ented as vectors aimed at identifying pertinent information, to a set of key-value
pairs. This process computes an output by calculating a weighted sum of the
values, where a key signifies an item or piece of information used as a reference,
and a value corresponds to the actual data or content linked with the key. The
weights are determined by a compatibility function between the query and the
corresponding key. Scaled Dot-Product Attention stands out as a specific form
of attention mechanism widely adopted, mainly for its computational efficiency
(Vaswani et al., 2017, p. 6000f.). It operates by computing dot products between
queries Q and keys K, dividing them by the square root of the query’s dimension
dk, and applying a softmax function to obtain weights on the values V as illustrated
in Equation 1. These computations are commonly executed simultaneously on
matrices comprising queries, keys, and values (Vaswani et al., 2017, p. 6000).

Attention(Q,K, V ) = softmax
(︃
QKT

√
dk

)︃
V (1)

Multi-Head Attention improves the attention mechanisms. Instead of using a
single set of queries, keys, and values, it employs multiple sets that are linearly
projected and processed in parallel. This allows the model to attend to different
aspects of the input simultaneously, improving its ability to capture complex
patterns (Stahlberg, 2020, p. 351; Vaswani et al., 2017, p. 6000).

Positional encodings serve as a compensatory mechanism for the absence of recur-
rence and convolution, providing a method to recognize the sequence order. These
encodings are incorporated into both the encoder and decoder stacks, maintaining
consistent dimensionality with the embeddings and enabling them to be combined
through summation (Vaswani et al., 2017, p. 6000).

2.6 Pre-Trained Language Models

PLMs have revolutionized NLP, shifting the focus from traditional supervised
learning with labeled data to a two-step process involving self-supervised pre-
training and subsequent fine-tuning (Min et al., 2024, p. 2; Paaß and Giesselbach,
2023, p. 384; Wang et al., 2024, p. 16). During the pre-training stage the model
learns general language representations through self-supervised learning, for which
large amounts of unlabeled training data are available. During the fine-tuning stage
the pre-trained model can then be further adapted to various different downstream
NLP tasks through fine-tuning or few-shot learning. This breakthrough has ignited a
significant surge of research within the NLP community, with numerous researchers
dedicating their efforts to further advance and improve these models (Wang et al.,
2023, p. 51), consequently leading to the widespread application of PLMs across
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diverse interdisciplinary NLP tasks, such as MT (Laskar et al., 2023; Weng et al.,
2020), Named Entity Recognition (NER) (Chen et al., 2021; Naseem et al., 2021),
question answering (Hu et al., 2023; Yoon et al., 2020), and text classification
(Yadav and Kaushik, 2023; Zhao et al., 2021). The recent and ongoing success
of PLMs can be attributed to innovations in architecture, refined fine-tuning
techniques, as well as industry interest in providing computational resources for
training particularly large PLMs.

Before the development of Transformers, RNNs were widely used for various
NLP tasks. LSTM was the foundational architecture of language models such as
Embeddings from Language Models (ELMo) (Peters et al., 2018), enabling the
creation of contextualized word embeddings. However, with the introduction of
Transformers, the attention mechanism replaced the resource-intensive recurrence
mechanism of LSTM and convolution of CNNs, leading to significant improvements
in efficiency and performance for various NLP tasks (Vaswani et al., 2017, p. 5999).

2.6.1 Pre-Training

Even though most SOTA PLMs, such as BERT and Generative Pre-Trained
Transformer (GPT) are based on the Transformer architecture (Wang et al., 2024,
p. 7), they differ in their pre-training language modeling objectives. Auto-regressive
language modeling is unidirectional and focuses on predicting the next word given
the preceding context, typically employed in decoder-only models, such as GPT.
Masked Language Modeling (MLM) can either be unidirectional or, as seen in
models, such as BERT, bidirectional. It includes masking a set of tokens and
predicting the tokens adjacent to those that have been masked (Min et al., 2024,
p. 4).

Auto-Regressive Language Modeling Auto-regressive language modeling,
sometimes also referred to as Causal Language Modeling (CLM) (Conneau and
Lample, 2019), is a unidirectional approach that involves the training of a Trans-
former model to predict the conditional probability of a word wt given its context,
denoted as P (wt | w1, . . . , wt−1; θ), where θ represents the model parameters (Min
et al., 2024, p. 5). The primary goal in auto-regressive language modeling is to
maximize the log-likelihood of the sequence of words, as mathematically represented
in Equation 2, where θT denotes the parameters of the model, and the summation
runs over all words in the sequence (2024, p. 5).

∑︂
i

log(P (xi|x1, x2, . . . , xi−1; θT )) (2)
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In auto-regressive modeling, only the auto-regressive decoder component of the
Transformer architecture is employed. Multiple multi-head self-attention layers
are stacked, where each layer includes a mechanism to attend to preceding tokens
only. This procedural restriction is crucial, as it ensures that the prediction for
any word xi only depends on the preceding words x1, x2, . . . , xi−1 (2024, p. 5).
Auto-regressively pre-trained language models are primarily used for language
generation tasks such as text summarization and translation (Wang et al., 2024,
p. 10).

Masked Language Modeling MLM, sometimes also referred to as the Cloze
task (Conneau and Lample, 2019; Wilson, 1953, distinguishes itself from auto-
regressive language modeling in its approach to predicting words within a sequence.
In the case of BERT, MLM employs a bidirectional approach, where masked tokens
are predicted based on all other tokens in the sequence, i.e., those preceding and
following the masked tokens (Min et al., 2024, p. 5).

The core idea is to randomly mask a portion of the input tokens and to sub-
sequently train the model to predict these masked tokens. During training, the
masked tokens are replaced in three ways: 80% of the time they are replaced by
a [MASK] token, 10% of the time by a randomly chosen token, and 10% of the
time they remain unchanged (Devlin et al., 2019, p. 4174). The primary goal is to
maximize the likelihood of correctly predicting the masked tokens. The objective
function used for this is typically the cross-entropy loss over the masked tokens (Min
et al., 2024, p. 5). Formally, the loss can be represented as shown in Equation 3.

∑︂
i

mi log (P (xi | x1, . . . , xi−1, xi+1, . . . , xn); θT ) (3)

mi ∈ {0, 1} indicates whether xi is masked, and θT represents the parameters
of the Transformer encoder. This objective function is optimized during training
to adjust the parameters, enhancing the model’s ability to predict the masked
tokens accurately (2024, p. 5). Models, such as BERT, RoBERTa, and XLM-R use
the MLM pre-training approach and are primarily employed for tasks involving
sequence labeling and text classification (Wang et al., 2024, p. 10).

Figure 6 provides an illustration of both pre-training objectives. It contrasts the
prediction of the subsequent Token E, given the preceding sequence of Tokens A, B,
C, D, in unidirectional auto-regressive language modeling with the prediction of the
masked Tokens B and D, positioned between Tokens A, C, and E, in bidirectional
MLM, as employed in BERT.

39



2 Theoretical Background

Figure 6: Contrasting visualization of auto-regressive and bidirectional MLM (Lewis
et al., 2020, p. 7872)

2.6.2 Multilingual Pre-Trained Language Models

The prevailing focus on the English language during model pre-training becomes
apparent, emphasized by the abundance of English benchmarks (Conneau and
Lample, 2019). BERT is pre-trained predominantly using English language data
sourced from two main corpora: the BooksCorpus (Zhu et al., 2015), consisting of
800 million words, and English Wikipedia texts, comprising 2,500 million words
(Devlin et al., 2019, p. 4175). Multilingual BERT (mBERT) is a variant of the
original BERT model designed to handle multiple languages. It is trained using
the MLM objective on nonparallel Wikipedia articles in 104 different languages,
with a shared vocabulary of 110k WordPiece tokens across all these languages.
Each document used for training mBERT is in a single language, and the training
does not rely on any cross-lingual dictionaries or specific methods for connecting
the languages. The model learns the patterns of each language independently but
within a shared framework, allowing it to perform well across a wide variety of
languages (Paaß and Giesselbach, 2023, p. 108).

Similar to mBERT, XLM-R is a Transformer-based language model trained
on the MLM objective. However, unlike mBERT, it uses a significantly larger
CommonCrawl4 corpus covering 100 languages. This extensive dataset allows
XLM-R to learn from a more diverse and substantial text collection (Chen et al.,
2021). Moreover, it does not use language-specific embeddings, enhancing the
model’s ability to handle linguistic phenomena, such as code-switching. The
combination of high-resource and low-resource languages, such as Swahili and Urdu,
makes XLM-R supposedly robust for low-resource languages (Conneau et al., 2020,
p. 8441). Consequently, XLM-R shows notably better performance compared to
mBERT across various cross-lingual evaluation tests (Chen et al., 2021), however,
low-resource languages remain to be a challenge for PLMs.

4https://commoncrawl.org/overview [Accessed: 13.07.2024]
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2.7 Transfer Learning

While PLMs learn generic language representations from large collections of general-
purpose internet texts, such as Wikipedia articles during pre-training, they lack
exposure to specialized corpora needed for specific fields (Qiu et al., 2020, p. 1882).
Consequently, they may not perform as well when handling texts that require
domain-specific knowledge (Wang et al., 2024, p. 12). A domain D = {X,P (X)}
is composed of two elements: a feature space X and its marginal probability
distribution P (X). The feature space X is defined as a set of instances, X =
{x1, x2, . . . , xn} ∈ X (Farahani et al., 2020, p. 345). Consequently, a domain can
be a set of texts that share common characteristics, such as level of formality, style,
or topic. More practically, it often refers to a body of texts that originate from
a particular specific source (Koehn, 2020, p. 239). Texts from scientific journals,
news articles, customer reviews, or social media posts each form their own domain
due to their unique content and style (Luu et al., 2022, p. 5944).

The advantage of PLMs lies in their capability for transfer learning. This refers
to their ability to transfer knowledge from a source domain and task to improve
performance in a related target domain and task by utilizing the knowledge from
the source to enhance the predictive function in the downstream task (Farahani
et al., 2020, p. 345). This avoids the resource-intensive and time-consuming process
of training new models from scratch (Qiu et al., 2020, p. 1891) Figure 7 graphically
illustrates the process of transferring the pre-trained source model’s knowledge to
a new target domain or task.

Figure 7: Transfer process (Qiu et al., 2020, p. 1886)

PLMs encounter two challenges when applied to downstream tasks: the task gap
and the domain gap. The task gap emerges when the downstream task diverges
from the pre-training language modeling objective. The domain gap, on the other
hand, refers to the lack of domain-specific pre-training data crucial for a given task
(Wang et al., 2024, p. 12). To effectively utilize PLMs for downstream tasks, both
the domain and the task need to be adapted. In domain adaptation, fine-tuning
occurs within the target domain while maintaining task consistency across different
domains (Farahani et al., 2020, p. 344). Task adaptation, on the other hand, entails
fine-tuning the model for specific tasks (Wang et al., 2024, p. 12).
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2.7.1 Fine-Tuning

Model transfer is achieved through feature extraction or fine-tuning. Feature
extraction involves extracting a PLM’s the hidden representations of the last or last
two layers of a PLM in order to obtain embeddings applied to another task. The
pre-trained parameters in the model itself are not changed but applied to another
task. In contrast, fine-tuning involves updating the pre-trained parameters (Qiu
et al., 2020, p. 1886) by taking a model previously trained on a large dataset and
refining it for a specific task or domain. This is achieved through additional training
on a smaller, more targeted dataset (Min et al., 2024, p. 2). While both methods
improve NLP tasks, feature extraction necessitates more intricate, task-tailored
architectures, making fine-tuning generally more versatile and convenient (Qiu
et al., 2020, p. 1886f.). To sum up, fine-tuning can be considered more effective
than training from scratch (Paaß and Giesselbach, 2023, p. 136).

Hyperparameter Tuning Fine-tuning PLMs hinges significantly on the config-
uration of their hyperparameters (Liu and Wang, 2021, p. 2286). In ML, hyper-
parameters refer to the configurable settings or parameters of a model that are not
acquired from data through learning but are pre-defined by the user or determined
through experimentation (Kuhn and Johnson, 2013, p. 64f.). These parameters
have a significant influence on the model’s performance, affecting aspects, such as
final accuracy and generalization capability. Minor deviation in these parameters
may result in a considerable decline in performance (Liu and Wang, 2021, p. 2286).
Typical hyperparameters in DNNs include learning rate, number of layers, number
of epochs, batch size, and weight decay (Bartz et al., 2023, p. 59ff.; Nakamura
and Hong, 2019). Table 9 summarizes these key hyperparameters, including a
description of their roles in the training process.

Table 9: Key hyperparameters in DNNs and their roles in the training process
Hyperparameter Description

Learning rate Determines the size of the step at which the model’s para-
meters are updated (Bartz et al., 2023, p. 63).

Number of layers Refers to the depth of the neural network, specifying the
number of hidden layers (Bartz et al., 2023, p. 59).

Number of epochs Number of times the learning algorithm processes the entire
training dataset (Yang and Shami, 2020, p. 301).

Batch size The number of training examples used in one iteration
before model paramater update (Bartz et al., 2023, p. 65f.).

Weight decay Regularization technique to penalize large weights by adding
a penalty to the loss function (Nakamura and Hong, 2019).
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The optimal hyperparameter configuration varies depending on the specific data,
task, and training objective. Various methodologies exist to determine the most
suitable hyperparameter settings. Traditional methods involve manual adjustment,
which includes referring to research findings for hyperparameter suggestions, draw-
ing from personal experience, or conducting trial-and-error experiments (Probst
et al., 2019). Alternatively, hyperparameter tuning can be automated through
Hyperparameter Optimization (HPO) methods (Liu and Wang, 2021, p. 2286).

Hyperparameter Optimization HPO is the process of automatically tuning
hyperparameters to improve model performance, minimizing human intervention
(Feurer and Hutter, 2019, p. 3f.). Mathematically, it entails the optimization of
an objective function that maps hyperparameters to an evaluation metric, usually
seeking to maximize accuracy or minimize loss. The primary objective is to
determine the optimal hyperparameter configuration, x∗, from a set of possible
configurations, X, to minimize an objective function, f(x) (Yang and Shami, 2020,
p. 298) as illustrated in Equation 4.

x∗ = argmin
x∈X

f(x) (4)

HPO algorithms, such as Random Search (RS) (Bergstra and Bengio, 2012), or
more sophisticated methods, such as Bayesian Optimization (BO) (Snoek et al.,
2012), or HPO frameworks, such as Optuna (Akiba et al., 2019) are frequently used
to find the optimal set of hyperparameters. The performance of fine-tuning PLMs
heavily relies on hyperparameter settings, with incorrect configurations potentially
causing significant drops in performance (Liu and Wang, 2021, p. 2286). BO and
RS remain standard HPO algorithms in ML and DL (Ilemobayo et al., 2024).
For instance, they are used for optimizing hyperparameters in Neural Machine
Translation (NMT) systems (Zhang and Duh, 2020) and Transformer-based PLMs
(Liu and Wang, 2021). Additionally, RS is employed as a baseline in HPO to
evaluate the efficiency of newly developed algorithms (Chen et al., 2022).

2.7.2 Few-Shot, One-Shot, and Zero-Shot Learning

While the inherent task-agnostic adaptability of PLMs has resulted in significant
progress for tasks, such as reading comprehension, question answering, and textual
entailment, attaining optimal performance in specific tasks frequently requires
extensive fine-tuning on large, task-specific datasets (Brown et al., 2020, p. 1877).
However, such datasets are not always readily available and acquiring them can be
cost-intensive (Liu et al., 2023, p. 1097).

Few-Shot Learning (FSL), One-Shot Learning (OSL), and Zero-Shot Learning
(ZSL) are innovative approaches in the field of DL, devised to tackle the challenge
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of limited domain-specific data (Alzubaidi et al., 2023). FSL is inspired by human
learning abilities, particularly the observation that humans can grasp new concepts
with minimal examples (Yang et al., 2020, p. 177). This approach entails providing
a model with a limited set of task instances during inference to influence its output
(Brown et al., 2020, p. 1879).

Each example includes a context and a desired completion, such as an English
sentence and its French translation. FSL significantly reduces the need for extensive
task-specific data, though it still requires some data. OSL is akin to FSL, but
includes only one training example. ZSL, on the other hand, is a technique where
a model can perform tasks on new, unseen data or classes without specific training
examples, by using auxiliary information or transferable knowledge (Sivarajkumar
and Wang, 2022, p. 972).

2.8 Classification

Classification is a supervised learning task and entails predicting the category or
class of a given text or pattern, where each text or pattern is presumed to belong to
a specific class among several predefined classes. These patterns are characterized
by features, which are attributes or properties that aid in differentiating between
the different classes. In traditional ML, feature variables capture significant class-
specific details, facilitating accurate prediction of a pattern’s class based on their
values (Theodoridis, 2015, p. 60).

In contrast to these traditional methods, DL models can automatically extract
features from text as part of the fine-tuning process. This process typically involves
supplying the model with labeled examples, enabling it to develop the ability to
generalize and accurately categorize unfamiliar data. Consequently, classification
in DL is about teaching a model to recognize and assign predefined categories or
labels to input data based on the patterns it learns during the fine-tuning process
(Zhou, 2020, p. 132f.).

2.8.1 Single-Label and Multi-Label Classification

Classification problems can be divided into two primary categories: single-label
and multi-label classification, with single-label encompassing traditional binary
and multi-class classification. The goal of binary classification is to categorize data
into one of two possible classes, y ∈ {0, 1}, such as in spam detection (Meng et al.,
2016). Multi-class classification assigns each instance to exactly one of k possible
classes, ensuring that each instance belongs to only one class, y ∈ {1, 2, . . . , k}.

Conversely, multi-label classification allows each instance to be associated with
multiple labels. This enables it to belong to several classes simultaneously, denoted
as y ∈ 2{1,2,...,k}, where 2{1,2,...,k} represents the power set of the set {1, 2, . . . , k}.
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This signifies the ability to form subsets with elements either included or excluded,
reflecting the binary choices for each label. For instance, in document categorization,
a document can be labeled with multiple topics, such as science and technology,
indicating it belongs to both categories (Dekel and Shamir, 2010, p. 137).

2.8.2 Token Classification

Tokenization is often used to refer to the first step in preparing input data for NNs
(Friedman, 2023, p. 380) and involves splitting text into smaller units known as
tokens, typically representing words or sub-words. In contrast to text classification,
which predicts a single label for an entire text, token classification involves assigning
labels to each token within the text individually. This approach shifts the focus
from macro-level classification of larger text segments to micro-level classification
of specific words or sequences of words (Ettrich et al., 2024, p. 3).

In sequence classification, a type of text classification, the objective is to train a
sequence classifier C that assigns a single class label l ∈ L to a sequence s. This
is expressed as C : s → l, where l belongs to the set of class labels L. In this
context, each sequence is paired with exactly one class label, and the classifier has
access to the entire sequence prior to making its classification decision (Xing et al.,
2010, p. 40). For instance, when using a PLM for a sequence classification term
extraction task, the process involves providing the model with context/n-gram
pairs during training. Positive examples consist of context/term pairs extracted
from the corpus, while negative examples comprise randomly selected words or
n-grams. These pairs are used to teach the model how to distinguish between
sentences containing the target term (positive examples) and those containing other
n-grams (negative examples) (Hazem et al., 2020, p. 97).

Figure 8 illustrates the difference between both concepts. Text and sequence
classification assign a single label to the whole sequence. In contrast, in token
classification, each token within the sequence is assigned an individual label.

Figure 8: Contrasting text classification and token classification (Ettrich et al.,
2024, p. 3)
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Named Entity Recognition (NER) is a classification task that can be implemented
with both sequence classification (Hu et al., 2022) and token classification (Mehta
and Varma, 2023). The goal is to identify and categorizes specific entities, such as
organizations, names of people, time and date, or locations, within a text (Mehta
and Varma, 2023, p. 453). Currently, DL and neural networks provide the best
performance for NER tasks and their numerous applications, including questions
answering, information extraction, text summarization, and MT (Ettrich et al.,
2024, p. 3).

There are various different annotation methods for NER. The simplest is IO,
where I stands for words inside named entities and O for regular words that are
not considered named entities. However, IO does not handle consecutive entities of
the same type well. The BIO scheme, also referred to as IOB, improves on this
by adding another label to differentiate if a word is the beginning B, inside I, or
outside O of any recognized named entities. IOE is similar to the IOB scheme
but includes an indication for the end E of the named entity. IOBES enhances
entity boundary information by introducing tags for beginning B, inside I, end
E, single-tokens S, and outside O. BI tags entities similarly to IOB but marks
the beginning of non-entity words with B-O and the rest as I-O. IE works similar
to IOE but marks the end of non-entity words with E-O. BIES combines entity
encoding from IOBES with non-entity words, using the same method to denote the
beginning B-O, inside I-O, and single non-entity tokens S-O between two entities
(Alshammari and Alanazi, 2021, p. 295f.). Figure 9 illustrates the BIO NER token
classification annotation scheme on an example sentence.

Figure 9: Example BIO annotation scheme for NER (Vacareanu et al., 2024, p. 323)

The Person tag is assigned to the name John, the beginning and inside Location
tags are applied to New and York, and the beginning and inside Miscellaneous
tags are attributed to Super and Bowl. Tokens, such as flew, to, watch, with, or his
receive a O tag, indicating that they are not identified as named entities (Vacareanu
et al., 2024, p. 323).

2.8.3 Classification Evaluation Metrics

Accuracy is a common metric for evaluating performance in classification tasks and
is extensively used in popular benchmarks, such as General Language Understanding
Evaluation (GLUE) (Wang et al., 2018). It measures the proportion of correctly
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identified samples in a given dataset (Vickers et al., 2023, p. 498). However, using
accuracy as a performance metric can be misleading because it does not truly reflect
the classifier’s effectiveness. An accuracy of 50% might initially seem acceptable,
but it could be no better than random guessing. As a result, accuracy does not offer
meaningful insights, particularly in scenarios with imbalanced class distributions
or multi-class classification problems (Ben-David, 2007, p. 875).

In imbalanced datasets, the minority class is usually of greater interest, but its
scarcity hinders the learning algorithm’s ability to generalize effectively, leading to
poor predictive performance. In such cases, conventional ML algorithms, which
emphasize overall accuracy, tend to classify most observations as part of the majority
class (Dal Pozzolo et al., 2015, p. 200f.). Consequently, it is important to consider
additional metrics, such as precision and recall, which offer a more comprehensive
evaluation of the classifier’s performance and are frequently used to evaluate NLP
tasks (Turian et al., 2003).

To compute precision and recall and to evaluate the performance, it is crucial to
obtain certain indicators, namely True Positives (TP), True Negatives (TN), False
Positives (FP), False Negatives (FN), and gold standard labels. TP are accurately
predicted positive outcomes, TN signify accurately predicted negative outcomes,
FP denote erroneously predicted positive outcomes, FN represent inaccurately
predicted negative outcomes (Vujovic, 2021, p. 601). Gold standard labels refer
to the human-defined annotations or classifications assigned to each document
within a dataset, serving as the ground truth or reference standard against which
automated systems’ performance is evaluated.

Together with TP, FP, TN, FN, gold standard labels can be used to form a
confusion matrix (Jurafsky and Martin, 2023, p. 70). A confusion matrix is a
tabular visual representation that shows how well a classifier compares to human-
defined gold standards. Its appearance changes based on the number of classes
being predicted. As the number of classes increases, the confusion matrix grows in
size and complexity, providing a detailed view of the model’s performance across all
classes (2023, p. 70f.). Figure 10 visualizes a simple binary classification example
confusion matrix containing the system output and the gold standard.

Figure 10: Binary classification confusion matrix (Jurafsky and Martin, 2023, p. 70)
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Precision is the ratio of correct positive predictions to the overall number of
positive predictions, measuring the accuracy of positive predictions made by the
classifier (Vujovic, 2021, p. 602) and is mathematically represented as shown in
Equation 5.

Precision =
TP

TP + FP
(5)

Recall, on the other hand, measures the capacity of a model to accurately detect
all relevant instances within a dataset. Mathematically, recall is defined as the ratio
of true positive instances to the sum of false negative and true positive instances
(2021, p. 601) as shown in Equation 6.

Recall =
TP

TP + FN
(6)

In combination, precision and recall serve as the basis for calculating the F1
score, which represents their harmonic mean (2021, p. 602), as demonstrated
mathematically in Equation 7.

F1 = 2× Precision×Recall

Precision+Recall
(7)

The weighted F1 score is a specialized variant of the F1 score designed to handle
class imbalance, as it involves the separate evaluation of the F1 score for each class
label followed by the computation of their average. This average is weighted based
on the number of true instances for each label, thereby mitigating class imbalance by
assigning higher significance to classes with greater instance representation (Rusli
et al., 2020, p. 30). The integration of accuracy, precision, recall, and F1 score
serves as a robust foundation for assessing classifiers, with widespread application
in the field of NLP, with accuracy and F1 score being used as evaluation metrics
in seven out of nine GLUE tasks (Wang et al., 2018, p. 354).

However, there are many more classification evaluation metrics, such as Mat-
thews Correlation Coefficient (MCC) and Area Under the Curve (AUC)-Receiver
Operating Characteristic (ROC). AUC is a metric used to evaluate how well a
classification model distinguishes between classes. It measures the area under the
ROC curve, which plots the true positive rate against the false positive rate. A
higher AUC indicates better overall ranking performance of the classifier, regardless
of specific threshold choices or probability metrics (Vujovic, 2021, p. 602). To sum
up, the choice of evaluation metrics depends on various factors such as the specific
task, the goals of the analysis, and the characteristics of the data being evaluated.
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Detecting hate speech is a complex challenge that demands innovative approaches
due to the intricacies and ever-evolving nature of language (Aitchison, 2013, p. 3).
Thus far, most research in this field has centered on English (Fortuna and Nunes,
2018, p. 16), resulting in a dearth of datasets for low-resource and code-mixed
contexts (Jose et al., 2020, p. 138). However there is a recent trend towards
addressing hate speech in low-resource settings (Nkemelu et al., 2022; Roberts,
2024). This trend directly intersects with this thesis on automatic profanity
detection in code-switched German rap lyrics, highlighting the crucial need to
develop detection methods for varied linguistic environments where annotated data
is scarce.

To bridge the low-resource data gap, Sharma et al. (2024) introduce a manually
created and labeled dataset of YouTube comments in a Hindi-English code-mixed
language, called Targeted Hate Speech Against Religion (THAR). The dataset
includes 11,549 comments tagged for targeted hate speech against religions, with
both binary (anti-religion or non-anti-religion) and multi-class classifications (tar-
geting Islam, Hinduism, Christianity, or none). The quality of the annotations
is upheld through a sufficiently high inter-annotator agreement, demonstrating
substantial consensus among annotators and thereby underpinning the integrity
of the data and annotations. The study implements and evaluates different DL
models, such as CNNs, LSTM, and Transformer-based models, such as mBERT,
and Multilingual Representations for Indian Languages (MuRIL) (Khanuja et al.,
2021), a BERT-based language model pre-trained on a diverse set of 16 Indian
languages, to determine their effectiveness in detecting religious hate speech.

For binary classification MuRIL outperforms all models with the highest weighted
average precision, recall, and F1-score, 0.80, 0.78, 0.78. In multi-class classification,
MuRIL again leads with weighted averages of 0.72, 0.71, and 0.72, respectively.
mBERT also performs well, while CNNs show the poorest results. The study
highlights class imbalance in the multi-class task, particularly with a high percentage
of none class comments, affecting performance metrics. Overall, Transformer-based
models demonstrate superior effectiveness over CNNs and LSTM in both tasks.
The paper’s contributions are significant as it provides one of the first large-scale
annotated datasets in a Hindi-English code-mixed language and demonstrates its
applicability for advancing hate speech detection research in low-resource languages.
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Ghosh et al. (2023) address the problem of low-resource hate speech detection
for Assamese and Bodo5. The lack of resources in these languages poses challenges
for NLP tasks. The paper introduces the North-East Indian Hate Speech (NEIHS)
dataset, which includes labeled hate and non-hate text for both languages. The
dataset collection involved scraping comments from Facebook and YouTube, fol-
lowed by manual annotation by first language speakers. The annotation process
adhered to strict guidelines based on community standards, considering aspects,
such as profanity, sexual orientation, personal attacks, gender chauvinism, religious
criticism, political criticism, and violent intentions.

The results show that among the models evaluated on the NEIHS dataset for Bodo
language, mBERT performed the best, achieving the highest weighted F1-score of
85%. On the NEIHS dataset for Assamese, mBERT and MuRIL emerged as the top-
performing models, with the highest weighted F1-score of 69%. Transformer-based
models outperformed traditional ML models, such as Naïve Bayes and SVMs in both
low-resource languages. The authors emphasize the importance of weighted F1 score
due to imbalanced class distribution in classification problems. Overall, both studies
contribute to hate speech detection research in low-resource languages and provide
valuable insights into model performance and dataset creation methodologies.

Castillo-López et al. (2023) compared monolingual and multilingual models
emphasizing the challenges posed by linguistic variations and cultural differences
within Spanish-speaking communities. Using mBERT and BETO (Cañete et al.,
2020), a monolingual Spanish version of BERT, the study investigates hate speech
detection across different variants of the same root language, namely Spanish,
particularly targeting misogyny and xenophobia. The research questions address
the effectiveness of language-specific models compared to multilingual models and
the efficacy of zero-shot transfer learning across Spanish variants.

BETO consistently outperformed mBERT in both misogyny and xenophobia
domains, with significant differences in macro-F1 scores. Compared to mBERT,
BETO exhibited an 11-point higher score in misogyny detection and a 4-point
higher score in xenophobia detection. Moreover, BETO demonstrated greater
stability and consistency across different runs, as indicated by lower standard
deviations. The study also highlights the impact of linguistic variations on model
performance, with BETO exhibiting higher accuracy when trained and tested on
the same Spanish variant.

Mishra et al. (2021) addressed the challenge of hate speech detection in multilin-
gual settings and investigate different Transformer-based approaches using BERT

5Bodo, a Tibeto-Burman language, is spoken primarily in Western Assam’s Bodoland region,
with smaller communities in central and eastern Assam, in Arunachal Pradesh, Meghalaya,
and Nepal. Assamese, an Indo-Aryan language, is prevalent in Assam’s Brahmaputra Valley.
Despite their linguistic differences, Bodo and Assamese share some historical and cultural
connections due to mutual contact (Kaur, 2017, p. 1170)
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models. Their discovery highlighted the effectiveness of multilingual training for
detecting hate speech across diverse languages, revealing several advantages to
effectively using multilingual models trained on multiple languages. They generalize
well across various languages, making them useful for code-mixed content on social
media. Additionally, they efficiently utilize a larger dataset without needing extra
data points. Despite potential minor accuracy trade-offs compared to monolingual
models, multilingual models still perform competitively, sometimes even better,
especially with multi-task learning.
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4 Methodology
This chapter outlines the methodology used to execute the experimental part of
this thesis. It starts with the collection and annotation of the colloquial social
media and rap data for the profanity detection token classification task, followed
by the fine-tuning process of XLM-R for token classification using the word-level
annotated colloquial datasets. After fine-tuning, the German monolingual FTM and
the German-English bilingual FTM undergo zero-shot domain transfer with unseen
cross-domain rap data to evaluate their generalization capability, adaptability, and
performance in profanity detection across new domains. Figure 11 visualizes the
experimental setup.

Figure 11: Overview of the experimental setup

4.1 Data Selection and Collection
To the best of the author’s knowledge, there are no publicly available word-level
annotated datasets in German and English that include both single and multi-word
expressions for profanity detection. Consequently, appropriate datasets needed to
be created for the experiment6. The colloquial language social media domain in
German and English was chosen for fine-tuning and the code-switched German rap
lyrics domain for zero-shot domain transfer. Both domains are rich in profanities
and informal expressions, making them valuable for studying and analyzing the
usage of such language.

4.1.1 Colloquial Language Data

The initial step of creating the German and English colloquial language datasets
for fine-tuning involved compiling lists of profane words from multiple sources,

6The datasets are available on GitHub https://github.com/Meraki89/Profanity-Datasets
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including the lexicon of abusive words (Wiegand et al., 2018b), the Carnegie Mellon
University School of Computer Science bad word list7, the List of Dirty Naughty
Obscene and Otherwise Bad Words8, and the List of Bad Words dataset9 from
Kaggle. The latter two sources additionally provided compilations of German
profane vocabulary, which were utilized as sources for the German language profane
word list. This diversity ensured a varied selection of vulgar single-word and
multi-word expressions. Throughout the whole process, each language was treated
and processed independently and the languages were not mixed in the datasets.

Following this, the word lists from the different sources were merged and duplic-
ates were removed automatically. This resulted in one single comprehensive list of
profanities for each language. To establish a well-organized and significant dataset,
the profane expressions were selected based on three main criteria. The aim was
to encompass (i) all expressions containing or stemming from the seven primary
swear words, which collectively represent over 90% of online profanity instances
(Wang et al., 2014) as outlined in Section 2.1, including variations, such as apeshit,
piece of shit and their German equivalents, such as Scheiße, and Scheißkerl, (ii)
all expressions with explicit sexual vulgar connotation, such as cocksucker, jizz,
Fotze, and Arschfick, and (iii) all offensive insults categorized within the nine hate
categories (Silva et al., 2016) presented in Subsection 2.1.1.

Table 10 presents a selection of insults in both English and German, sourced
from the created profanity lists. Each insult is paired with its respective hate
category.

Table 10: Sample insults in English and German from the profanity lists along with
their corresponding hate categories

Category English examples German examples
Race sandnigger, white trash, spic Neger, Schlitzauge
Behavior crybaby, pathetic Weichei, Versager, Zicke
Physical lardo, fatso, fugly Hackfresse, fette Sau
Sexual orientation lesbo, faggot, fairy Homo, Schwuchtel, Transe
Class hillbilly, redneck Bonze
Gender attention whore, cunt, chode Schabracke, Miststück
Ethnicity Afghani Zigeuner, Kanake
Disability retard, schizo, psycho Krüppel, minderbemittelt
Religion kike Judensau

7https://www.cs.cmu.edu/~biglou/resources/bad-words.txt [Accessed: 31.05.2024]
8https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Words/
blob/master/de [Accessed: 31.05.2024]

9https://www.kaggle.com/datasets/tushifire/ldnoobw [Accessed: 31.05.2024]
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4.1 Data Selection and Collection

This process yielded a total of 215 German and 373 English profanities. Using
these lists, example sentences from the colloquial social media domain were extracted
from the May 2015 Reddit Comments dataset10 for English, and from the German
sentiment dataset proposed by Sepideh Mollanorozy11, and the German part of the
Multi-lingual HateSpeech Dataset12 for German.

A reasonable ratio was maintained between positive examples, i.e., sentences
containing profane expressions, and negative examples, i.e., sentences without
profane words. Although the sentences were extracted automatically, the final
selection was performed manually to ensure high quality. The goal was to create
comprehensive datasets that feature a wide range of profanities, including ortho-
graphic variations, such as Scheiße and Scheisse, while also ensuring an adequate
number of negative examples. As presented in Table 11 the English data consists
of 442 negative and 783 positive examples, showing a higher prevalence of positive
instances. Likewise, the German data contains 192 negative and 393 positive
examples, also demonstrating a predominance of positive instances.

Table 11: Number of Positive and Negative Examples by Language
Language Negative Examples Positive Examples
English 442 783
German 192 393

The larger number of positive instances ensures an ample supply of profane
examples, while the inclusion of negative instances helps preventing the model
from expecting profanities in every context. This distribution helps maintaining
model performance by providing a comprehensive range of linguistic examples for
training.

4.1.2 Rap Data

The rap dataset includes examples from a new and unseen domain: code-switched
German rap lyrics. None of these examples are presented to the model during
the fine-tuning phase. Exclusively reserved for evaluating the models’ zero-shot
generalization abilities, this dataset is solely utilized for assessment purposes. The
example sentences for the rap dataset were manually chosen and extracted from

10https://www.kaggle.com/datasets/kaggle/reddit-comments-may-2015 [Accessed:
31.05.2024]

11https://huggingface.co/datasets/sepidmnorozy/German_sentiment [Accessed:
31.05.2024]

12https://www.kaggle.com/datasets/wajidhassanmoosa/multilingual-hatespeech-dataset
[Accessed: 31.05.2024]
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Kaggle’s German Rap Dataset13, focusing on sentences that accurately represent
the domain of German rap lyrics. The selection highlights the linguistic diversity
and the frequent use of swear words typical of the genre.

The data features a significant number of both positive and negative code-
switched examples, as well as purely German positive and negative examples. This
mirrors the diverse landscape of German rap, where not all lines incorporate English
elements, emphasizing German as the primary language. Among the total 1,105
words, excluding special characters, 20.09%, 222 instances, are in English, while
79.91%, 883 instances, are in German. Instances that are used in German and
English, such as rapper or ghetto, were attributed to both categories.

The criteria for selecting vulgar expressions are consistent with those used for
the colloquial language dataset. Table 12 illustrates examples for positive and
negative code-switched and German-only examples from the rap dataset, with
the vulgar expressions in the positive examples underlined and the code-switched
English elements in bold.

Table 12: Code-switched and German-only examples from the rap dataset
Code-Switched German-only

Positive Ich guck diese Nutte an, du bist
whack, Bitch.

Ja, jetzt steigt deine Schlampe
ein.

Negative All the way up aus der Mit-
telschicht.

Falscher Ort, aber richtiger
Zeitpunkt.

In alignment with the colloquial language dataset, the rap dataset illustrates a
prevalence of positive instances, comprising 47 negative examples and 84 positive
examples.

4.2 Data Annotation and Labeling Scheme

All datasets were consistently annotated using the same method, with sentences
being labeled on word-level for a profanity detection token classification task using
a modified BIO schema approach. The B-B label is used for single-word profanities
and the first word in multi-word profanities, while the B label is used for subsequent
words in multi-word profanities. All non-profane expressions are labeled n. This
clear distinction in labeling helps in the effective identification and classification of
single-word and multi-word profane expressions. Table 13 illustrates the labeling
scheme using an example sentence from each dataset. son of a whore is labeled

13https://www.kaggle.com/datasets/efrodl/german-rap-dataset [Accessed: 31.05.2024]
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as a multi-word profane expression, scheiße (shit) and hurenschleimer (whore
sycophant) are both labeled as single-word profanities.

Table 13: Demonstration of the labeling scheme using sentences from the datasets
Dataset ID Example Sentence and Labeling
German 477 können (n) wir (n) heute (n) einfach (n) zu (n) hause (n)

bleiben (n) und (n) nichts (n) tun (n) ? (n)
English 714 i (n) do (n) not (n) want (n) to (n) see (n) you (n) again

(n) you (n) son (B-B) of (B) a (B) whore (B) . (n)
Rap 44 ey (n) , (n) du (n) bist (n) so (n) scheiße (B-B), du (n) bist

(n) n (n) hurenschleimer (B-B) . (n)

4.3 Class Distribution
As outlined in Section 2.1, swear words make up only 0.5% to 0.7% of words in
daily offline conversations and about 1.15% in online conversations (Wang et al.,
2014). Due to this rarity of profane words compared to non-profane words in typical
language use, token classification tasks for profanity detection face a significant
inherent class imbalance.

The colloquial language datasets utilized in this experiment were sourced from
the social media domain, thus reflecting typical online language use and inherently
featuring the imbalance between profane and non-profane words. Table 14 illustrates
the disproportion between profane words and non-profane words, with more than
90% of words in both languages being non-profane.

Table 14: Comparison of class distribution in the English and German colloquial
datasets

Dataset B-B Tokens B Tokens n Tokens n Tokens %
English 1078 194 18800 93,66%
German 488 47 6668 92.57%

4.4 Model Selection
XLM-R was selected for the experimental part of this thesis because of the numerous
advantages it provides for multilingual profanity detection token classification. It
is proficient in encoding text representations across multiple languages due to its
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extensive pretraining on a diverse corpus and its tokenizer efficiently handles various
linguistic complexities, such as code-switching and morphologically rich languages,
enabling strong generalization across languages and adaptable performance in
downstream tasks with minimal data and computational resources. Consequently,
XLM-R is well-suited for bilingual German and English fine-tuning and subsequent
zero-shot domain transfer in the low-resource, code-switched German rap lyrics
domain.

4.5 Data Preparation

After selecting two suitable domains, creating datasets for the profanity detection
token classification, and selecting a suitable PLM, the next step was to properly
prepare the data for fine-tuning and subsequent zero-shot domain transfer.

4.5.1 Data Loading and Preprocessing

The first step was to load the labeled datasets from .csv files, with each row
containing a sentence ID, a token, and its corresponding label. After reading the
files, tokens and labels were extracted and organized into a Python dictionary. Each
key in this dictionary is a sentence ID, and the associated value is another dictionary
containing lists of tokens and their labels. Finally, the data was structured into a
list of tuples (words, labels), where words is a list of tokens and labels is a list of
corresponding labels from the list of B-B, B and n for each token in a sentence.

4.5.2 Data Splitting

The colloquial language data was divided into training, validation, and test sets,
with 80% allocated to training, 10% to validation, and 10% to test, resulting in 468
train, 58 validation and 59 test examples for German and 980 train, 122 validation
and 123 test examples for English. Table 15 presents a tabulated summary of the
train, validation, and test split in the colloquial German and English datasets,
alongside the total counts used for fine-tuning.

Table 15: Distribution of examples in the colloquial train, validation, and test sets
Data German English Total
Train 468 980 1448
Validation 58 122 180
Test 59 123 182
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4.5.3 Tokenization and Label Alignment

The XLM-R tokenizer was initialized from the pretrained XLM-R base model14.
The input data was tokenized, the labels were aligned with the corresponding
tokens and appropriate label IDs were assigned to each token. Special tokens, e.g.,
padding, were ignored in loss calculations by assigning them a label of -100. For
each word, the correct label was assigned to the first token and -100 to subsequent
tokens, facilitating accurate fine-tuning of the token classification model.

4.6 Fine-Tuning

To investigate how the integration of English colloquial data alongside German
colloquial data affects the efficiency of detecting profane single-word and multi-word
expression, two pretrained XLM-R models were fine-tuned. The first model was
fine-tuned only on German data, creating a monolingual FTM. Next, the German
dataset was supplemented with English colloquial data, and the second model
was fine-tuned on both datasets, producing a bilingual FTM. This facilitated a
comparative assessment of their profanity detection performances.

4.7 Hyperparameter Tuning and Optimization

During the fine-tuning of the XLM-R models, extensive hyperparameter tuning
and optimization was conducted to enhance the performance of both models. This
process centered around four crucial hyperparameters that govern the fine-tuning
process and greatly influence the model’s performance: learning rate, weight decay,
batch size, and number of epochs. To refine these hyperparameters, a combination
of manual trial-and-error and automatic optimization using Optuna was employed.
In the initial stage, manual adjustments based on empirical observations were
made to evaluate the varying performances of the models. This process helped
establish suitable search spaces for both models which were then used for subsequent
hyperparameter optimization with Optuna. Table 16 provides an overview of the
manually determined search spaces for both FTMs.

Table 16: Optuna trial search spaces
Hyperparameters Monolingual FTM Bilingual FTM
Number of Training Epochs 3 to 6 3 to 8
Number of Batch Size 4 or 8 8 or 16
Learning Rate 1× 10−6 to 1× 10−4 1× 10−6 to 1× 10−4

Weight Decay 1× 10−6 to 1× 10−4 2× 10−3 to 7× 10−3

14https://huggingface.co/FacebookAI/xlm-roberta-base
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Optuna facilitated a systematic exploration of the hyperparameter search spaces,
seeking combinations that minimized the loss function and maximized the validation
F1 scores. Multiple Optuna studies, each comprising 5 trials, were conducted within
the manually determined search spaces for both models, involving fine-tuning the
models on the colloquial language training datasets and subsequently assessing
their performance on the validation datasets. This iterative approach led to
the identification of an optimal set of hyperparameters, thereby maximizing the
performance of both XLM-R models for the specific data at hand. Table 17 and
Table 18 present the hyperparameter combinations from the five trials of the studies
that achieved the highest validation F1 scores for each FTM, with the best results
highlighted. These highlighted hyperparameters were then selected for fine-tuning
the models.

Table 17: Monolingual FTM’s hyperparameter optimization results
Trial Epochs Batch Size Learning Rate Weight Decay Val F1

1 5 4 1.747150× 10−5 2.21840× 10−5 0.8687
2 4 4 1.293912 × 10−5 7.29137 × 10−5 0.9293
3 4 4 1.477943× 10−5 2.73571× 10−5 0.8723
4 5 4 2.926722× 10−5 2.52559× 10−6 0.8958
5 5 4 2.926722× 10−5 2.52559× 10−6 0.8958

Table 18: Bilingual FTM’s hyperparameter optimization results
Trial Epochs Batch Size Learning Rate Weight Decay Val F1

1 4 16 9.589965× 10−5 4.26051× 10−3 0.8684
2 4 8 8.048835× 10−6 3.16845× 10−3 0.8276
3 4 8 9.935125× 10−5 3.17931× 10−3 0.8993
4 6 16 7.501154 × 10−5 4.96535 × 10−3 0.9132
5 5 16 2.979683× 10−6 3.46196× 10−3 0.6861

4.8 Zero-Shot Domain Transfer
Following the fine-tuning process of both models, zero-shot domain transfer was
conducted to evaluate and compare their generalization abilities. This evaluation
aimed to explore how the colloquial style, cultural and linguistic diversity, and the
prevalent use of English offensive and vulgar expressions in code-switched German
rap lyrics impact the zero-shot performance of both FTMs. To achieve this, the
rap lyrics dataset, which has not been presented to the models during fine-tuning,
was employed exclusively as an evaluation set for both models.
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4.9 Quantitative Analysis
The metrics F1 score, precision, and recall were used as the most common evaluation
metrics in classification tasks. This provided a more balanced assessment compared
to relying solely on accuracy. Additionally, duplicate-free gold standard sets
were created for the colloquial language German and English validation and test
datasets, alongside a gold standard test set for the code-switched rap data. These
sets include profane words, i.e., those labeled B-B and B, and were used to evaluate
the performance of the FTMs.

Excluding duplicates for evaluation ensures equal weighting for each token’s
presence or absence in the profanity classes, maintaining evaluation consistency
and simplifying the assessment process, facilitating comparisons between different
models or iterations. Precision, recall, and F1 score were computed for a given
set of predictions and labels. Subsequently, the intersection between the extracted
expressions and the gold standard set was computed, and precision, recall, and
F1-score were determined based on this intersection and the sizes of the gold set
and extracted expressions set.

4.10 Qualitative Analysis
In addition to the quantitative analysis using precision, recall, and F1-score,
qualitative analysis was conducted in three ways. Firstly, the annotated datasets
utilized in this experiment contain word-level annotations for both single-word and
multi-word profane expressions. This comprehensive annotation enabled a thorough
examination of detected profanities and facilitated an easy and effective manual
comparison of both FTMs’ performance in successfully identifying single-word and
multi-word expressions, presenting a significant advantage over traditional text
classification methods.

Secondly, a primary objective was to assess both FTMs’ robustness in detecting
newly coined words. The dataset derived from rap music provided a rich source
of diverse creative words creations. The neologisms for evaluation were manually
selected based on their rarity in current language usage and their absence from
established dictionaries, highlighting the dynamic nature of language evolution.
This aimed to best ensure that these words were not encountered by the FTMs
during pre-training or fine-tuning, thereby assessing their ability to adapt to and
handle innovative linguistic expressions.

Lastly, profane expressions were manually categorized into four language-specific
groups, i.e., German, English, Both (used in both languages, such as bastard), and
Mixed (both languages are mixed in the same word, such as Muschibattle), providing
deeper insights into both FTMs’ performance for each language individually.
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5 Results

This chapter is dedicated to presenting the results of this experiment. It starts
with the results of the fine-tuning process, followed by the results of both FTMs on
the colloquial language test dataset, and then moves on to the zero-shot domain
transfer results.

5.1 Fine-Tuning Results

The fine-tuning process for the monolingual FTM was carried out over five epochs
with a batch size of 585. The performance metrics were evaluated at every 100
steps. Throughout this process, both training and validation losses were tracked.
The validation loss exhibited a downward trend, decreasing from 0.139503 at step
100 to 0.069853 at step 500, indicating the model’s improved performance and
ability to generalize to unseen data. Additionally, precision, recall, and F1 score
were measured on the validation set at each evaluation step to assess the model’s
classification capabilities.

Precision demonstrated a notable increase over the course of fine-tuning, reaching
its highest value of 91.30% at step 500. This suggests the model’s enhanced ability
to accurately identify positive instances within the dataset. Recall, while showing
some fluctuations, ultimately displayed an ascending trend as well, peaking in a
value of 87.50% at step 500, indicating the model’s improved capacity to capture
relevant instances. Lastly, the F1 score consistently improved throughout fine-
tuning, reaching 89.36% at step 500, indicating an overall enhancement in the
model’s classification performance. Table 19 provides a succinct tabular summary
of the fine-tuning results of the monolingual FTM.

Table 19: Overview of the fine-tuning results of the monolingual FTM
Step Validation Loss Precision (%) Recall (%) F1 (%)
100 0.139503 84.85 58.33 69.14
200 0.097908 88.37 79.17 83.52
300 0.079122 89.13 85.42 87.23
400 0.095392 92.68 79.17 85.39
500 0.069853 91.30 87.50 89.36
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The fine-tuning phase of the bilingual FTM involved six epochs and a batch
size of 546. Similar to the monolingual FTM, the validation loss of the bilingual
FTM showed a progressive decrease, starting from 0.093317 at step 100 reaching
0.05371 at step 500. Additionally, precision, recall, and F1 metrics showed an
upward trend. Precision achieved its maximum value of 92.11% at step 500, recall
stayed consistently high, peaking at 93.33% during step 500, and F1 score displayed
consistent enhancement, culminating in 92.72% at step 500. Table 20 provides a
tabular overview of the fine-tuning results of the bilingual FTM.

Table 20: Overview of the fine-tuning results of the bilingual FTM
Step Validation Loss Precision (%) Recall (%) F1 (%)
100 0.093317 72.11 91.33 80.59
200 0.063833 81.87 93.33 87.23
300 0.057581 85.63 91.33 88.39
400 0.049946 91.50 93.33 92.41
500 0.053715 92.11 93.33 92.72

These results underscore the effectiveness of the carefully chosen hyperparameters
in improving both FTMs’ performance and their ability to achieve high precision,
recall, and F1 score values on the validation set.

5.2 Results on the Colloquial Language Test Set
In the evaluation of the models’ performance on the test set, notable differences
were observed between the monolingual and the bilingual FTM as depicted in
Figure 12.

Figure 12: Comparative overview of both FTMs’ performances
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The monolingual FTM showed solid results, achieving a recall of 81.25%, a
precision of 82.98%, and an F1 score of 82.11% indicating a balanced performance.
The bilingual FTM, however, significantly outperformed the monolingual FTM,
with a recall of 93.75%, precision of 89.40%, and an F1 score of 91.53%. The recall
improved by 15.38% relative to the monolingual FTM, indicating a substantial im-
provement in the model’s ability to correctly identify profane expressions, resulting
in fewer false negatives. Precision increased by approximately 7.74%, reflecting
a modest yet meaningful improvement in the accuracy of the model’s profanity
predictions. The F1 score improved by approximately 11.47%, underscoring the
bilingual FTM’s general superior performance. Overall, the bilingual FTM demon-
strated notable performance improvements across all key metrics compared to the
monolingual FTM. The most substantial gain was observed in recall, while the
least was in precision.

5.3 Zero-Shot Domain Transfer Results

Comparing the monolingual and bilingual FTMs in the zero-shot domain transfer
setting reveals a significant performance difference in favor of the bilingual FTM.
The monolingual FTM extracted 86 expressions, matching 54 of the 66 gold standard
expressions, resulting in a recall of 81.82%, a precision of 62.79%, and an F1 score of
71.05%. In contrast, the bilingual FTM extracted 84 expressions, with 62 matching
the gold standard, leading to a recall of 93.94%, a precision of 73.81%, and an F1
score of 82.67%. Figure 13 illustrates the performance comparison between both
models in the zero-shot domain transfer setting.

Figure 13: Performance comparison of the monolingual and bilingual FTM in the
zero-shot domain transfer setting
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The chart highlights the three key performance metrics: recall, precision, and F1
Score. Each metric is displayed as a percentage. In summary, the bilingual FTM
achieved a higher performance than the monolingual model by 14.82% recall, 17.55%
precision, and 16.35% F1-score relative to the monolingual FTM. These results
highlight the superior overall performance of the bilingual FTM in identifying and
extracting expressions accurately.

To further assess the models, all 117 total profane expressions including duplicates
were classified into four categories. The first category, German, consists of 56 words,
including expressions, such as Hurentochter and Drecksbulle. The second category,
English, comprises 45 words and encompasses expressions, such as bitchtits and
motherfucker. The third category, Both, contains 12 words used in both languages,
such as nigga and bastard. The fourth category, Mixed, includes four words that
combine elements of both languages, such as Muschibattle and Dreckstoys.

As illustrated in Figure 14, the monolingual FTM correctly identified 82.14% of
the German expressions, 66.67% of the English expressions, 75.00% of Both, and
75.00% of Mixed. In contrast, the bilingual FTM demonstrates significantly higher
performance across all categories, with values of 96.43% for German, 93.33% for
English, and a perfect 100.00% for both the Both and Mixed categories.

Figure 14: Performance comparison illustrating the accuracy of word identification
in different language categories between the monolingual and the bilin-
gual FTM

As a result, the bilingual FTM exhibits the most significant performance im-
provement, with a rise of 26.66% in the English category and the least improvement
in the German category, at 14.29%. Moreover, with 96.43% of correctly identified
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German expressions and 93.33%, the bilingual FTM performed slightly better in
the German category compared to the English category. The improvement in
performance within the German category is particularly noticeable when examining
the German expression fick. Out of the nine occurrences of fick in the dataset,
the German monolingual FTM failed to detect seven, whereas the bilingual FTM
accurately identified all nine instances. Additionally, the monolingual FTM failed
to recognize any multi-word expressions, leading to zero instances for class B. On
the other hand, the bilingual FTM correctly identified both multi-word expressions
in the rap dataset. Nevertheless, it also misclassified one expression as a multi-word
expression when it was not.

Both models have demonstrated robustness in recognizing novel words, that have
not present in their fine-tuning data. Through the identification of components of
known expressions, both models successfully inferred new profanities. As illustrated
in Table 21, the bilingual FTM marginally outperformed the monolingual one,
detecting one more expression, i.e., boss-cock.

Table 21: Comparative performance in identifying neologisms
Neologism Monolingual FTM Bilingual FTM
kanackenfreestyle D D
hurensohnköpfen D D
bitchbart D D
disco-hoes ✗ ✗

hurentochter D D
boss-cock ✗ D
bitchrap D D
muschibattle D D
facedrive ✗ ✗

bitchtits D D
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6 Discussion
This thesis aimed to improve profanity detection by investigating the benefits of
incorporating English colloquial data into the fine-tuning process of a multilingual
PLM initially fine-tuned on German data, resulting in one monolingual and one
bilingual FTM. The primary objectives were to assess the performance improvement
in detecting profane expressions within colloquial language and to evaluate the
zero-shot domain transfer capability of the FTMs on code-switched German rap
lyrics. The findings indicated significant improvements in both scenarios when
utilizing the bilingual FTM compared to the monolingual FTM, illustrating the
effectiveness of the research setup in addressing the research questions. The results
of this experiment highlight several important implications for the field of profanity
detection.

Firstly, the consistent superior performance of the bilingual FTM over the
monolingual FTM, evident in its higher precision, recall, and F1 score across both
the colloquial language test set and the zero-shot domain transfer rap test set,
highlights the importance of utilizing multilingual data for fine-tuning to enhance
model robustness and performance. Additionally, despite both FTMs showcasing
strong generalization abilities in identifying neologisms, the bilingual FTM slightly
outperformed the monolingual fine-tuned one.

Secondly, while it was anticipated that incorporating English colloquial data
would lead to a rise in the detection of English profanities, the most interesting spike
occurred unexpectedly in the accuracy of identifying German swear words, with a
notable improvement in identifying the German expression fick. This enhancement
in performance is particularly remarkable considering that German is the dominant
language in the German rap dataset and accounts for roughly 80% of the words.

Thirdly, the superior performance of the bilingual FTM in identifying profane
expressions within code-switched German rap lyrics indicates that bilingual fine-
tuning enables better handling of code-mixed content. This is particularly relevant
given the prevalence of code-switching in modern social media and colloquial
speech and the scarcity of explicitly code-switched labeled training data. The
bilingual FTM’s ability to accurately identify the majority of German and English
profanities compared to the lower performance of the monolingual FTM, validates
the assumption that bilingual fine-tuning enhances the model’s adaptability to
different linguistic contexts.

Fourthly, the significant improvement in recall indicates the bilingual FTM’s
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efficacy in identifying a higher proportion of the actual profanities within the text,
thereby minimizing the occurrence of false negatives. This aspect holds significant
importance in applications, such as profanity detection, where overlooking profane
expressions, i.e., false negatives, can be more problematic than mistakenly flagging
non-profane ones, i.e., false positives. Consequently, an advancement in recall
signifies an enhanced capacity of the model to detect and identify all occurrences
of profanities, making it more reliable for profanity detection tasks.

Lastly, the creation of manually annotated colloquial German and English
datasets on word level is a notable contribution to the field. These datasets, which
are crucial for fine-tuning and evaluating models in profanity detection, fill a
significant gap in the availability of high-quality annotated data, particularly in
the low-resource and code-switched domains. The datasets’ uniqueness and the
insights gained from their utilization demonstrate the potential for further research
and application in multilingual and low-resource language settings. Moreover,
annotating profanities at the word level enables precise and clear differentiation
between single-word and multi-word expressions, a distinction that cannot be
achieved with sentence-level annotations. This annotation approach also supports
advanced technological solutions enabling more precise fine-tuning of classifiers.

The notable results for the profanity classification task utilizing a multilingual
PLM for code-mixed content are consistent with recent research conducted by
Sharma et al. (2024) and Ghosh et al. (2023). These studies have demonstrated
that employing a multilingual BERT variant yields favorable outcomes in terms of
precision, recall, and F1 scores for hate speech text classification in code-switched
Hindi-English contexts. The findings of this thesis demonstrate that multilingual
PLMs also achieve notable results for profanity detection in a code-switched
environment at the word level, not just at the text level, with additional bilingual
fine-tuning enhancing their performance even more. Since the bilingual FTM
consistently outperformed the monolingual FTM, achieving significantly higher
results in the German profanity category, and considering that the dataset was
80% German words, the findings suggest that the bilingual FTM excels in a
code-switched but predominantly German environment.

The first research question was addressed by fine-tuning one XLM-R model on
annotated data for colloquial German profanity detection at the word level, while a
second XLM-R model was bilingual fine-tuned by incorporating English colloquial
data along with the German data. The performances of these two fine-tuned models
were compared to evaluate the extent to which the incorporation of English data
enhances the efficiency of XLM-R in detecting profane expressions. For the second
research question, zero-shot domain transfer experiments were conducted, and both
models were compared within the domain of code-switched German rap lyrics to
assess the extent to which the colloquial style, linguistic diversity, and heavy use of
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English profanity words affect the efficiency of the FTMs.
Both experiments illustrate the significant benefits of integrating English data

during the fine-tuning phase of XLM-R for profanity detection. The results
underscore the bilingual FTM’s enhanced performance in detecting profanity,
evident across both the colloquial language and the code-switched German rap
lyrics domain. This underscores the significance of employing bi- and multilingual
fine-tuning methods to effectively manage the evolving nature of natural languages
as well as the linguistic diversity in code-switched settings.

Despite the promising results, several challenges and limitations were encountered.
The dynamic nature of natural language, including the emergence of new profane
expressions, continually challenges the relevance and accuracy of hate speech and
profanity detection models. As a result, the datasets created for the experiment
of this thesis may need regular updates to reflect these linguistic changes. Fur-
thermore, defining and annotating hate speech, offensive, and vulgar language
inherently involves subjectivity, posing a significant challenge. Cultural and lin-
guistic differences further complicate the annotation process, potentially leading
to inconsistencies and biases in the data. Addressing these challenges requires
developing more standardized and culturally sensitive annotation guidelines and
incorporating diverse perspectives in the annotation process. Additionally, this
reliance on manually annotated data underscores the need for more scalable and
efficient annotation methods.
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7 Conclusion
This thesis aimed to address the scarcity of labeled code-switched profanity detection
data, alongside the challenge of the evolving nature of natural language and the
resulting limitations of profanity detection using hard-coded profanity lists. These
issues were addressed by utilizing the transfer learning capabilities of a multilingual
PLM, as well as by taking advantage of the influence of English on German and the
increasing prevalence of code-switching in everyday German language. Instead of
relying on explicitly code-switched data, more readily available English colloquial
data was used to enhance the German data and improve profanity detection
performance in a code-switched low-resource domain. Moreover, the bilingual FTM
exhibited strong performance in zero-shot domain transfer, a beneficial ability, as
it allows the model to adapt and recognize newly coined words without needing
specific prior fine-tuning or examples in that particular domain.

The findings of this thesis open a multitude of promising areas for future re-
search. Based on the results for profanity detection in code-switched German and
English data, extending the research to include additional code-switched language
combinations will help to validate and generalize the findings. Future studies
could explore the integration of more diverse code-switched datasets, encompassing
various language pairs and contexts, to further enhance model performance and
generalization capabilities. Especially the domain of German rap lyrics, influenced
by various different minority languages, such as Russian or Turkish, presents an
opportunity for exploring different language combinations and further investigating
the efficacy of bilingual fine-tuning for profanity detection across diverse linguistic
and cultural milieus. This could offer profound insights into the applicability and
constraints of bilingual fine-tuning, enriching our understanding of its effectiveness.

Considering the impressive performance of the bilingual FTM trained on German
and English in identifying German profanities within a predominantly German
environment, further exploration in research could investigate the effectiveness
of bi- or multilingual fine-tuning across various dialects and standard varieties
of the German language. This could involve examining the diverse array of
province-specific profanities in Austria. Investigation might encompass monolingual,
bilingual, or multilingual fine-tuning involving languages spoken in the bordering
regions of Austrian provinces, aiming to understand their effects on the detection
of province-specific profanities and enhancing proficiency in identifying them.

The lack of high-quality, annotated datasets in low-resource languages and code-

73



7 Conclusion

switched contexts, particularly those with word-level annotations for profanity
detection, remains a significant hurdle in advancing in this field. Although this
thesis provides valuable data and insights, it is essential for the broader research
community to continue investing in the development and dissemination of multilin-
gual and code-switched datasets. To address the challenge of manual annotation,
future research could focus on developing automated tools and techniques for
annotating hate speech and profanity data. The use of crowd-sourcing methods
could streamline the annotation process and improve scalability. Additionally,
incorporating machine learning based approaches to refine and validate annotations
could help mitigate subjectivity and bias in the data.
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