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Abstract
Sarcasm is a form of figurative language in which the intended meaning of a sentence
di!ers from its literal interpretation and is often used to express mockery, humor
or critique. Due to its implicit and context-dependent nature, sarcasm remains
a challenge for Natural Language Processing (NLP), particularly in sentiment
analysis, machine translation (MT), and automatic sarcasm detection. Although
sarcasm detection has been widely studied in monolingual settings, the impact of
MT on sarcasm preservation remains rather underexplored.
This master’s thesis studies the relationship between English-Russian MT and

automatic sarcasm detection. It investigates how MT a!ects the preservation of
sarcastic meaning and its impact on automatic sarcasm detection, as well as which
translation strategies are used during MT of sarcastic content.
This thesis uses a multilingual XLM-R model fine-tuned on English and Russian

sarcasm datasets using four training configurations: English-only, Russian-only,
combined English-Russian, and sequential English-to-Russian training, where the
model is first fine-tuned on English and then further fine-tuned on Russian. The
English test set is translated into Russian using the NLLB MT system and evaluated
using the combined model, which is the best-performing sarcasm detection model
among the four training configurations. A qualitative analysis further examines
translation techniques in relation to sarcasm preservation.
The results show a significant drop in sarcasm detection performance on machine-

translated data compared to the original English and Russian test sets. Although
the translated texts achieve moderate BERTScore and COMET-QE, only a small
proportion of sarcastic segments are correctly identified as sarcastic after MT.
These findings suggest that MT may weaken pragmatic cues necessary for sarcasm
detection, even when general semantic content is preserved. Overall, the study
highlights the challenges of sarcasm detection in multilingual NLP and investigates
how MT a!ects sarcasm preservation, detection performance, and translation
strategies in sarcastic content.
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Zusammenfassung
Sarcasmus ist eine Form bildlicher Sprache, bei der sich die beabsichtigte Bedeu-
tung eines Satzes von seiner wörtlichen Interpretation unterscheidet und häufig
verwendet wird, um Spott, Humor oder Kritik auszudrücken. Aufgrund seiner
impliziten und kontextabhängigen Natur stellt Sarcasmus eine Herausforderung für
Natural Language Processing (NLP) dar, insbesondere in der Sentimentanalyse,
maschinellen Übersetzung (MT) und automatischen Sarkasmuserkennung. Ob-
wohl Sarkasmuserkennung in monolingualen Settings gut untersucht ist, bleibt der
Einfluss von MT auf die Bewahrung von Sarkasmus vergleichsweise wenig erforscht.
Diese Masterarbeit untersucht die Beziehung zwischen englisch-russischer MT

und automatischer Sarkasmuserkennung. Sie analysiert, wie MT die Bewahrung
sarkastischer Bedeutung sowie die Erkennungsleistung beeinflusst und welche
Übersetzungsstrategien bei sarkastischen Inhalten verwendet werden.
Die Arbeit verwendet ein multilingual trainiertes XLM-R Modell, das auf eng-

lischen und russischen Sarkasmus-Datasets in vier Konfigurationen fine-tuned
wird: Englisch-only, Russisch-only, kombiniert Englisch-Russisch sowie sequenti-
elles Englisch-zu-Russisch-Training, bei dem das Modell zunächst auf Englisch
und anschließend auf Russisch fine-tuned wird. Der englische Testset wird mit
dem NLLB-System ins Russische übersetzt und anschließend mit dem bestperfor-
menden kombinierten Modell ausgewertet. Eine qualitative Analyse ergänzt die
Untersuchung der verwendeten Übersetzungsstrategien im Kontext der Sarkasmus-
bewahrung.
Die Ergebnisse zeigen einen deutlichen Rückgang der Sarkasmuserkennung

auf maschinell übersetzten Daten im Vergleich zu den ursprünglichen englischen
und russischen Testsets. Obwohl die Übersetzungen moderate BERTScore- und
COMET-QE-Werte erreichen, wird nur ein kleiner Teil der sarkastischen Segmente
als sarkastisch korrekt erkannt. Dies deutet darauf hin, dass MT pragmatische Hin-
weise für die Sarkasmuserkennung abschwächen kann, selbst wenn die semantische
Bedeutung erhalten bleibt.
Insgesamt zeigt die Studie die Herausforderungen der Sarkasmuserkennung in

multilingualen NLP-Szenarien und untersucht den Einfluss von MT auf Sarkasmus-
bewahrung, Erkennungsleistung und Übersetzungsstrategien.
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1 Introduction
Sarcasm represents a form of figurative language in which the intended meaning of
a sentence di!ers from its literal interpretation and is often used to express mockery,
humour or critique (Camp, 2012; Ducret et al., 2020; Tiwari et al., 2024). As a
result, the correct interpretation of sarcastic expressions could be rather challenging,
as it depends not only on internal lexical content but also must rely on contextual
or cultural factors along with paralinguistic cues (Pradhan et al., 2024; Ducret
et al., 2020).
Moreover, due to a rapid development of social networks and online presence,

sarcasm presents particular di#culties in terms of User Generated Content (UGC),
such as tweets, product reviews, blogs and online posts (Pradhan et al., 2024;
Ducret et al., 2020; Khan et al., 2025; Tiwari et al., 2024). Such content usually
contains colloquial constructions, emotionally colored vocabulary, sarcasm and
newly formed slang, which combined with already challenging nature of sarcastic
expressions poses additional di#culties for various Natural Language Processing
(NLP) tasks, such as sarcasm detection, sentiment analysis, opinion extraction e.g.
(Pradhan et al., 2024; Ducret et al., 2020).

In the field of Machine Translation (MT), emotionally loaded UGC usually
poses additional di#culties for both automatic systems and evaluation metrics,
because such content may often lose or change its intended sentiment after being
automatically translated (Qian et al., 2024; Saadany et al., 2023). This makes
sarcasm, which can often be featured as part of UGC, a particularly challenging
phenomenon for MT systems. Preserving the communicative function of the
original message in the translation often requires more than direct lexical transfer
and includes consideration of additional cultural and contextual cues Zawawi and
Maghfiroh (2020), while no paralinguistic cues typical for spoken communication
are available in the written format.
In the field of NLP various approaches have been proposed to handle the task

of automatic sarcasm detection, including machine learning models and neural
networks. Nevertheless, sarcasm detection is still considered to be a serious
challenge, as sarcastic meaning often depends on contextual information that
is not always explicitly expressed in the text (Helal et al., 2024; Khan et al.,
2025). Ducret et al. (2020) show that e!ective sarcasm detection often relies on
a combination of lexical, stylistic, and contextual features, as sarcastic meaning
is rarely expressed explicitly in text. Similarly, Pradhan et al. (2024) note that
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1 Introduction

capturing the implicit and context dependent nature of sarcasm remains challenging
for automatic systems, particularly without paralinguistic cues.
Despite the active development of automatic sarcasm recognition methods,

most of the existing research focuses on monolingual settings or on cross-lingual
comparisons that evaluate model performance across di!erent languages without
explicitly considering the role of MT. For example, Tasnim and Nath (2024) compare
sarcasm detection models across English and Bangla, while $%&’( and )%*+,
(2023) conduct experiments exclusively on Russian data. Similarly, Abu Farha and
Magdy (2021) study sarcasm detection in the Arabic language and demonstrate
that monolingual models often outperform multilingual ones for this specific task.
While a recent study by Chia et al. (2024) explores the relationship between irony,
sarcasm and MT, this work focuses on the translation of figurative language and
additionally on improving model performance through combined translation and
irony detection tasks. In contrast, the question of whether the original sarcastic
intent is preserved in machine-translated text and whether it remains detectable by
sarcasm detection models trained in the source language has received comparatively
limited attention, particularly for specific language pairs such as English-Russian.
This study investigates the interaction between MT and automatic sarcasm

detection. In particular, the study focuses on the English to Russian MT direction,
where English texts are machine-translated into Russian and then subsequently
analyzed using a sarcasm detection model. To address this problem, the sarcasm
detection model is first evaluated on English and Russian datasets in order to
establish their ability to recognize sarcastic expressions in both languages. The
model is then applied to machine-translated data to examine whether sarcastic
meaning remains detectable after translation. Based on this approach, the study
addresses the following research questions:

1. To what extent can a sarcasm detection approach in English and Russian
accurately detect the preservation or loss of sarcasm in machine translated
contents from English to Russian?

2. How does the preservation or loss of sarcasm in the MT output a!ect sarcasm
detection performance in Russian?

3. What translation strategies are applied in MT approaches to translate sar-
castic contents?

It is assumed that translating sarcastic expressions poses significant challenges,
and that sarcastic meaning may be partially lost or changed in the MT output.
Such changes are expected to influence the performance of sarcasm detection models
applied to translated data.
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This master’s thesis is structured around a series of experiments and analyses
aimed at investigating sarcasm translation and detection in the English to Russian
direction. The source code and experimental implementation are available on
GitHub.1.First, the XLM-R base model (Conneau et al., 2020) is fine-tuned on
four dataset configurations: the English dataset, the Russian dataset, a combined
English-Russian dataset, and sequentially, first on the English and then on the
Russian dataset. To further examine the impact of MT, the English dataset is
machine translated into Russian using NLLB (Team et al., 2022). The translated
dataset is then processed using the model configuration that showed the best
results after fine-tuning to assess whether sarcastic intent remains detectable after
translation. Finally, a qualitative analysis is conducted to explore which translation
techniques were used for sarcastic expressions by the MT system.
This master’s thesis investigates the impact of MT on sarcasm detection across

languages. It aims to contribute insights on how sarcastic meaning is preserved
in machine-translated texts, assessment of sarcasm detection performance on
translated data, and an analysis of the translation strategies used for sarcastic
expressions in MT. By combining experimental and qualitative analyses, this
master’s thesis aims to provide insights into how MT systems influence automatic
sarcasm detection and highlight the challenges posed by pragmatically rich content
in multilingual NLP settings. The findings are expected to o!er a novel evaluation
scenario for MT researchers and developers by examining the faithfulness of MT
in terms of preserving sarcastic meaning. They are also expected to be valuable
for computational linguistics researchers by providing insights into how e!ectively
current methods can detect sarcasm in multilingual and machine-translated settings.

1All implementation code is available at: https://github.com/MLT2026/master_thesis

3

https://github.com/MLT2026/master_thesis




2 Sarcasm as a Linguistic
Phenomenon

Sarcasm is a complex phenomenon in human communication that combines lin-
guistic, pragmatic, and cultural aspects (Camp, 2012; Pradhan et al., 2024; Ducret
et al., 2020; Tiwari et al., 2024). In sarcastic expressions, the intended meaning
often di!ers from the literal meaning of the statement, which makes interpretation
dependent on paralinguistic cues, contextual information and shared background
knowledge (Pradhan et al., 2024; Zawawi and Maghfiroh, 2020; Helal et al., 2024).
These characteristics make sarcasm particularly challenging not only for human
interpretation but also for translation and automatic language processing tasks
(Ducret et al., 2020; Wang et al., 2024). Therefore, this chapter introduces sarcasm
as a linguistic phenomenon and discusses its main linguistic characteristics, as well
as the challenges involved in translating sarcastic expressions across languages.

2.1 Sarcasm and Related Phenomena
Sarcasm is considered to be a figurative linguistic phenomenon in verbal or written
communication that serves to express mockery or humor and which is often applied
when the speaker’s intent does not correspond to the actual meaning of the statement
(Tiwari et al., 2024; Ducret et al., 2020; Camp, 2012). Usually sarcastic expressions
are used in order to convey criticism, evaluation or ridicule of a person or object
by means of negative or exaggerated statements and often unintentionally causing
negative emotions for the recipient (Pradhan et al., 2024).
Sarcasm is closely related to irony, although their relationship remains subject

to debate in the scientific literature, as some researchers consider irony a broader
category with sarcasm as its subtype (Zhu and Filik, 2023; Loakman et al., 2023)
or argue for the clearer distinction of those phenomena (Camp, 2012). A commonly
accepted view is that irony refers to a general mismatch between expectations and
reality, and does not necessarily imply negative evaluation of the situation (Joshi
et al., 2016; Loakman et al., 2023; Khan et al., 2025). In this context, sarcasm
is often considered a specific type of verbal irony (Ducret et al., 2020; Kreuz and
Caucci, 2007; Zhu and Filik, 2023).
However, the key distinction between irony and sarcasm lies in their communic-
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2 Sarcasm as a Linguistic Phenomenon

ative function. While irony can be neutral or even positive and may exist without
targeting a specific individual or object, sarcasm is typically more explicit and
carries a clear negative or critical intent and it is frequently directed at a specific
target in order to express mockery or ridicule (Joshi et al., 2016; Loakman et al.,
2023; Khan et al., 2025). In this sense, sarcasm can be described as a more aggress-
ive and negatively charged instance of irony (Loakman et al., 2023), although the
boundary between the two remains flexible and context-dependent (Camp, 2012).
In addition to irony, sarcasm is also related to other broader phenomena such

as humor and satire. Humor generally arises from incongruity between expect-
ations and reality and is highly dependent on context, background knowledge,
and individual interpretation (Loakman et al., 2023). Although both humor and
sarcasm rely on incongruity between expectations and reality, they di!er in their
communicative purpose. While humor primarily aims to entertain, sarcasm uses
incongruity as a means of expressing criticism, mockery, or negative evaluation
(Chen et al., 2022). Satire, in turn, is a form of humor that employs devices such as
irony and exaggeration to criticize social norms, individuals, or political contexts
(Nandy et al., 2024).

Taken together, sarcasm can be understood as a distinct form of figurative
language that is closely related to irony, humor, and satire. However, it di!ers from
these phenomena in its explicit evaluative function, as it typically conveys negative
or critical intent directed at a specific target (Joshi et al., 2016; Loakman et al.,
2023; Khan et al., 2025). Recognizing these distinctions is particularly important
for both theoretical analysis and practical applications.

2.2 Linguistic Features of Sarcasm
Understanding sarcasm requires considering linguistic features as well as special
context and background knowledge, as perception of a sarcastic expression may
vary across di!erent cultures (Zawawi and Maghfiroh, 2020; Helal et al., 2024).
From a linguistic perspective, sarcasm is characterized by several recurring

features identified in previous research. One of the most prominent features
is incongruity, which involves a contrast between the literal meaning and the
contextual or intended interpretation, often expressed as a contradiction between
sentiments or between sentiment and situation (Chen et al., 2022; Joshi et al., 2015).
Another common feature is exaggeration, where strongly a!ective or intensified
expressions are used to convey an implicit negative or ironic meaning (Chen et al.,
2022).

In addition, sarcasm may be signaled through various lexical and pragmatic cues,
including the use of interjections, punctuation like exclamation marks or rhetorical
questions, formulaic expressions, and repetition, which can indicate non-literal
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2.2 Linguistic Features of Sarcasm

intent (Kreuz and Caucci, 2007). These features demonstrate that sarcasm does
not rely on a single linguistic marker, but rather emerges from a combination of
lexical, pragmatic, and contextual signals.
In spoken communication, sarcasm is typically expressed by various cues, in-

cluding intonation, pauses, speech rate, pitch and facial expressions. These signals
often make the speaker’s intended meaning more straightforward and easier for
the recipient to interpret, even when the content of the expression contradicts its
literal meaning (Pradhan et al., 2024; Tiwari et al., 2024).
The following sentences were created to illustrate typical examples of sarcastic

expressions:

(1) Of course we should get up at 5 a.m. each morning to go for a run.
(2) Let’s buy this product with a 1.5 rating.
(3) It’s a great idea to watch Titanic during our first cruise.

In a face-to-face setting, these sentences would rarely be interpreted literally by
the recipients, as paralinguistic and contextual cues would guide them toward a
sarcastic interpretation and trigger the appropriate reaction.
However, if the same examples are transferred to plain text instead of spoken

communication, these disambiguating signals would no longer be available. As a
result, the interpretation of sarcastic written communication must rely on inter-
preting the implied meaning, contextual cues, and world knowledge rather than
literal interpretation of statements. Importantly, the sarcastic intent in these
examples does not follow a specific lexical or syntactic pattern, but rather comes
from a pragmatic mismatch between the literal meaning of the statement and the
situational context.
Examples (1)-(3) illustrate how sarcastic meaning emerges from this contrast

between the literal statement and contextual expectations. In (1) even if the literal
meaning of the sentence suggests going for a run, the sarcastic intent could be
deduced from rather early time and especially with the additional phrase Of course.
In (2), suggesting to buy a product with a 1.5-star rating implies sarcasm, since such
a low rating typically indicates poor product quality. The sarcastic interpretation
arises from the contrast between the literal suggestion and the commonly shared
understanding that products with extremely low ratings are usually avoided.
Similarly, in (3), watching Titanic during a first cruise is unlikely to be perceived

as a genuinely positive suggestion, as the film is associated with the sinking of a
ship and drowning. This mismatch between the literal statement It’s a great idea
and the contextual implications creates the sarcastic e!ect.
This lack of clearly identifiable and consistent patterns makes sarcasm particularly

challenging for written communication and specifically for tasks like information ex-
traction or sentiment analysis, where paralinguistic cues are absent (Pradhan et al.,
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2 Sarcasm as a Linguistic Phenomenon

2024; Ducret et al., 2020). This di#culty arises from the fact that sarcasm relies on
a combination of linguistic, contextual, and cultural features, including pragmatic
mismatch, situational context, and shared background knowledge (Zawawi and
Maghfiroh, 2020; Helal et al., 2024).

2.3 Sarcasm classification
Camp (2012) states that sarcasm involves a form of targeted insincerity, where the
speaker deliberately distances themselves from the literal meaning of the expression.
She suggests that sarcastic meaning operates on di!erent levels, depending on the
scope of the intended interpretation. Based on this, sarcasm can be classified into
several types according to the level at which the sarcastic e!ect is applied, which
are propositional sarcasm, lexical sarcasm, ‘like’-prefixed sarcasm and illocutionary
sarcasm. The examples presented below were specifically constructed by the author
for illustrative purposes based on the classifications and definitions discussed by
(Camp, 2012).

(4) What lovely weather today to go camping.

Propositional sarcasm is a type of sarcasm where the speaker expresses a proposition
but actually intends the opposite meaning. The speaker pretends to express
something that is often positive while implicitly communicating a contrary meaning,
usually negative. This intended meaning is not directly stated but could be guessed
by the listener, which allows the speaker to avoid full responsibility for it and keep
a degree of deniability. In example (4), if someone looks outside and sees heavy
rain, the literal meaning is that the weather is nice, but the intended meaning is
that the weather is actually very bad to go out.

(5) If she is so capable, then she can manage the whole project.

Lexical sarcasm operates at the level of individual words or expressions, where the
sarcastic e!ect is achieved through the inversion of a specific lexical item rather
than the entire proposition, typically it can be an evaluative word such as brilliant
or genius, which is often accompanied by comparative expressions like so, such a,
or like that. Example (5) uses so capable sarcastically to suggest that the person is,
in fact, not capable at all.

(6) Like she’s really going to arrive on time for our flight.

‘Like’-prefixed sarcasm is a type of sarcasm where like or as if is used before a
sentence to explicitly reject a proposition. It targets the whole statement and
expresses direct denial, not just an implied opposite meaning, so the speaker is
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2.3 Sarcasm classification

clearly committed to rejecting it and has little deniability. It typically relies on a
specific context where someone has suggested the proposition, which the speaker
dismisses as highly unlikely. Example (6) sarcastically rejects the idea that the
person will actually do as suggested.

(7) Thanks for all your help.

Illocutionary sarcasm is applied when the speaker sarcastically performs an entire
speech act such as thanking, asking, or complimenting, rather than just inverting
a word or proposition. The speaker pretends to make a sincere statement that
would be appropriate in an opposite situation, meanwhile highlighting the contrast
with reality and expressing an opposite attitude. Example (7) is a response to the
situation when someone forgets to do their part of a group project, in which case
the sentence expresses frustration with the colleague rather than gratitude.
Another classification is proposed by Zawawi and Maghfiroh (2020), who cat-

egorizes sarcasm according to its communicative goals, which are highly context-
dependent. Unlike Camp (2012)’s approach, where it is based on the operating level
of the sarcastic intent, this classification focuses on the pragmatic functions sarcasm
may serve in interaction. These include mockery or ridicule, satire, the expression
of proximity, and humor. It should also be noted that some of these categories
may also be considered broader or related phenomena in comparison to sarcasm.
However, within this Zawawi’s classification they are treated as communicative
purposes that could be fulfilled by sarcasm.
Mockery or ridicule involves direct and often harsh ridicule, where the speaker

openly insults or uses bitter words to hurt the recipient. It is typically explicit and
confrontational. The following example demonstrates how the speaker is trying to
purposely hurt the other person: “You are shrimp - brained! stupid!” (Zawawi and
Maghfiroh, 2020, p.255).
Satire involves a more indirect use of sarcasm, where criticism is conveyed through

apparent praise or neutral statements that imply the opposite meaning. Unlike
direct mockery, the sarcastic intent is less explicit and relies more heavily on
contextual interpretation. The following example demonstrates a sentence with a
neutral surface meaning, however with negative evaluation: “It is so good for you
to stay here (for this long); it is completely free” (Zawawi and Maghfiroh, 2020,
p.255).
The expression of proximity refers to the use of sarcasm as a marker of social

closeness, where speakers use mildly insulting sarcastic expressions in a playful
way to signal familiarity rather than hostility. For example, Well done, idiot. said
jokingly between close friends.
Sarcasm can also serve a humorous function, where it is used for entertainment

and comedic e!ect. The goal is to amuse rather than seriously criticize by often
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2 Sarcasm as a Linguistic Phenomenon

exaggerating someone’s behavior or situation. For example, Wow, you are clearly a
morning person, said jokingly after oversleeping and rushing in chaos.

Overall, these classifications show that sarcasm can operate at di!erent levels
of meaning and fulfill various communicative functions. Camp (2012)’s approach
focuses on how sarcasm is structured within a sentence, while Zawawi and Maghfiroh
(2020)’s classification highlights its pragmatic roles in interaction. Together, they
provide a more comprehensive understanding of how sarcasm functions depending
on context and speaker intention.

2.4 Sarcasm and Translation Techniques
Perception of sarcasm is directly connected to a specific culture or domain, as the
interpretation of a specific expression may di!er and require additional contextual
information or deeper understanding of the language (Khan et al., 2025; Tiwari
et al., 2024; Zawawi and Maghfiroh, 2020). Therefore, sarcastic sentences that
are clear for the first language speakers, could be translated literally into another
language if the appropriate translation techniques are not applied (Zawawi and
Maghfiroh, 2020) which, in turn, could lead to misunderstanding.
Therefore, choosing the appropriate translation technique is very important

to successfully convey the message of the original sentence into the translation.
Research by Zawawi and Maghfiroh (2020) shows that translation techniques, such
as compensation, modulation, adaptation and transposition are most frequently
used to successfully translate sarcasm while preserving the original meaning. Table 1
demonstrates the most common translation techniques used for sarcasm translation
(Newmark, 1988; Zawawi and Maghfiroh, 2020; Molina and Albir, 2002), together
with their definitions and English-Russian translation examples that were specifically
constructed by the author for illustrative purposes based on the classifications and
definitions discussed by (Newmark, 1988; Zawawi and Maghfiroh, 2020; Molina
and Albir, 2002).
The translation techniques presented in Table 1 di!er in the types of modifications

they introduce during the translation process. Each technique addresses a particular
aspect of translation and may involve lexical, grammatical, semantic, or pragmatic
changes depending on the characteristics and challenges of the source text. Together,
these techniques provide translators with di!erent approaches to preserving meaning
and communicative e!ect in the target text.
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Table 1: Translation techniques adapted from (Newmark, 1988; Zawawi and Magh-
firoh, 2020; Molina and Albir, 2002)

Translation

technique

Definition Example (EN → RU)

Compensation Moves an element from the
Source Text (ST) that can-
not be reproduced in the
Target Text (TT) to a dif-
ferent place in the TT

I give thee my word → -
./0 1232 4251(+2 56+,+

Adaptation Replaces a ST cultural ele-
ment with one from the tar-
get culture

They met at a diner after the
game → 7(’ ,51&21’6’58
, */92 :+562 ’;&<

Modulation Changes the point of view,
additionally the meaning
could also be changed

You are going to be a father
→ = 123> 3%.21 &23?(+*

Transposition Changes grammatical
classes without changing
the meaning

Her explanation was clear→
7(/ +3@>5(’6/ :+(>1(+

Reduction Deletes a ST information
item in the TT

She wore a long, blue silk
dress to the party → 7(/
:&’A6/ (/ ,242&’(*% ,
:6/182

Addition Adds details that are not for-
mulated in the ST

He drives a Tesla →
7( ,+.’1 Tesla B
C62*1&+D+3’68 ’E,251(+F
/D2&’*/(5*+F D/&*’

Description Replaces a term or expres-
sion with a description of its
form or/and function

We had a full English break-
fast → = (/5 52;+.(>
3<6/ (/ E/,1&/* >’4(’G/
5 5+5’5*/D’, 9/5+680 ’
1+51/D’

Borrowing Places a word from another
language directly into other
languages

They are playing football →
7(’ ’;&/01 , 9%13+6

Equivalence Uses a term or expression
that is recognized (by dic-
tionaries or language in use)
as an equivalent in the TT

It’s raining cats and dogs →
H8?1 */* ’E ,2.&/
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Translation

technique

Definition Example (EN → RU)

Calque Translates and places a for-
eign word or phrase into an-
other language

Long time no see → I/,(+
(2 ,’.26’58

Explication Introduces information from
the ST that is implicit from
the situation or context

She lowered her head when
greeting the elder → 7(/
5*6+(’6/ ;+6+,% :&’
:&’,2151,’’ 51/&A2;+,
:+*/E<,/> %,/J2(’2

Literal transla-
tion

Word-for-word translation I like chocolate → - 60360
A+*+6/.

In practice, human translators may choose these strategies individually or in
combination, depending on their competence and on the linguistic and contextual
cues in the source text (Qian et al., 2023). MT systems, in contrast, still face
significant challenges in handling figurative language, culturally specific expressions,
and subtle emotional cues, which can lead to weakening or loss of the originally
intended sarcastic meaning (Wang et al., 2024). Therefore, successful translation
of sarcasm requires careful attention to linguistic, cultural, and contextual factors,
which help to transfer its intended meaning.
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3 Fundamentals of Machine Learning
This chapter introduces the main concepts of machine learning that are relevant to
automatic sarcasm detection. Since the sarcasm detection task is formulated in this
thesis as a supervised text classification task, the chapter first explains the main
learning paradigms, then it outlines the development from traditional Machine
Learning (ML) to deep learning and explains the role of datasets and labels, and
the use of ML in Natural Language Processing (NLP). Finally, it presents the
evaluation metrics that are commonly used for model evaluation.

3.1 !ore concepts of Machine Learning
ML is defined as a subfield of computer science that is focused on the development
and application of algorithms which allow computer systems to learn patterns from
data in order to solve practical problems by analyzing data, identifying patterns or
making predictions (Bhatt and Gaikwad, 2023; Burkov, 2019). ML algorithms are
commonly used in the field of NLP for such tasks as text classification, sentiment
analysis and named entity recognition (Magnini et al., 2020). ML methods di!er
in the way models learn from data and the type of information that is available
during the training process. This chapter discusses five commonly used learning
paradigms: supervised learning, unsupervised learning, semi-supervised learning,
self-supervised learning, and reinforcement learning (Burkov, 2019).
In supervised learning, a model is trained on a dataset that consists of labelled

examples, where each input is represented by a set of features and is associated
with a predefined output label (Burkov, 2019). The main goal of this learning
paradigm is to learn the relationship between inputs and outputs in order to use
this knowledge to make accurate predictions on previously unseen data (Bhatt and
Gaikwad, 2023; Yacoub et al., 2024). It is also commonly applied to classification
and regression tasks, where classification involves predicting discrete categories or
labels, while regression involves predicting continuous numerical values (Burkov,
2019; Gedela et al., 2024). In the field of NLP, classification is used for tasks such as
sentiment analysis, spam detection, topic classification, and also sarcasm detection
(Magnini et al., 2020).

In contrast to supervised learning, unsupervised learning works with unlabelled
data and is focused on discovering hidden structures, relationships, or patterns
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without seeing predefined target values (Bhatt and Gaikwad, 2023; Burkov, 2019).
Common applications of unsupervised learning include clustering, dimensionality
reduction, and anomaly detection (Bhatt and Gaikwad, 2023). At the same
time, semi-supervised learning combines both labelled and unlabelled data during
training. In this setting, the dataset contains a relatively small number of labelled
examples and a much larger number of unlabelled examples aiming to improve
model performance by using information from both types of data (Burkov, 2019).
Self-Supervised Learning (SSL) is a ML paradigm in which models learn from

unlabeled data by generating supervisory signals from the input data itself instead
of relying on manually annotated labels (Burkov, 2019; Gui et al., 2024). During
self-supervised pre-training, the model is trained to solve automatically constructed
prediction tasks, enabling it to learn meaningful representations from large amounts
of unlabeled data (Gui et al., 2024). As explained by Burkov (2019), this learning
paradigm is referred to as self-supervised because the training examples are derived
directly from the unlabeled data. In NLP, SSL has become a popular approach for
pre-training language models, ranging from early models such as BERT (Devlin
et al., 2019) and GPT (Brown et al., 2020) to modern large language models (Gui
et al., 2024).
Reinforcement learning di!ers from other learning paradigms in that an agent

learns by interacting with an environment and receiving feedback in the form of
rewards or penalties for its actions, with the objective of learning a policy that
maximizes the total reward over time (Burkov, 2019). A modern application of
reinforcement learning is Reinforcement Learning from Human Feedback (RLHF),
which is used during the post-training of large language models. In RLHF, human
preference data are used to train a reward model, and reinforcement learning is
then applied to optimize the language model, enabling it to generate responses
that align better with human preferences (Lambert, 2025).
In the context of the present study, sarcasm detection is treated as a supervised

binary classification task, where each text instance is assigned one of two labels,
sarcastic or non-sarcastic, and the model learns to distinguish between these
categories based on patterns observed in the training data. The performance of the
models can be evaluated using standard evaluation metrics, which will be discussed
in Section 3.4.

3.2 From Traditional Machine Learning to Deep
Learning

Common traditional ML algorithms include Decision Trees, Näıve Bayes, Logistic
Regression, Random Forests, and Support Vector Machines (SVMs) and they
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usually rely on manually engineered features extracted from data (Pradhan et al.,
2024; Gedela et al., 2024; Tiwari et al., 2024). However, in order to get the necessary
features, textual information must first be converted into numerical representations
that can be processed by ML algorithms (Tiwari et al., 2024). Common feature
extraction techniques include tokenization, stemming, lemmatization, stopword
removal, n-grams, and Term Frequency-Inverse Document Frequency (TF-IDF)
representations (Tiwari et al., 2024). These features are then used by ML algorithms
to perform various tasks, such as classification (Pradhan et al., 2024; Gedela et al.,
2024). Traditional ML approaches often rely on manually engineered linguistic
features that are specifically designed to capture lexical, semantic, and syntactic
characteristics relevant to a specific task (Pradhan et al., 2024). Such handcrafted
features can capture information related to negation, contrast, exaggeration, and
other linguistic patterns that are used as input for ML models (Pradhan et al.,
2024).

Despite their e!ectiveness, traditional ML methods often depend on the quality
of feature engineering (Pradhan et al., 2024; Tiwari et al., 2024). Since features
often need to be manually selected and extracted, these methods may miss com-
plex patterns in the data, which has led to the adoption of Deep Learning (DL)
approaches that are capable of learning feature representations directly from data
(Pradhan et al., 2024; Sukhavasi et al., 2025). DL is an approach within the
field of ML that uses artificial neural networks with multiple hidden layers to
learn increasingly complex representations of input data (Burkov, 2019; Bhatt and
Gaikwad, 2023; Alpaydin, 2014; Russell and Norvig, 2020). Unlike traditional ML
approaches, DL models automatically learn relevant features during training and,
eliminating the need for manual feature engineering (Burkov, 2019; Bhatt and
Gaikwad, 2023; Gedela et al., 2024). Neural networks trained using DL methods, or
more specifically with more than one layer between input and output, are commonly
referred to as deep neural networks (Burkov, 2019).

Common deep learning architectures include Generative Adversarial Networks
(GANs) (Goodfellow et al., 2014), Convolutional Neural Networks (CNNs) (LeCun
et al., 1998), Recurrent Neural Networks (RNNs) (Elman, 1990), and Transformer-
based models (Vaswani et al., 2017). GANs (Goodfellow et al., 2014), which
presents learning as a game between two networks where a generator produces
outputs and a discriminator learns to distinguish them from real data (Koehn, 2020).
CNNs (LeCun et al., 1998) are particularly useful for extracting local features from
sequential inputs such as text or speech. They apply convolutional kernels over the
input to detect patterns in local regions, such as short sequences of words or speech
signals (Jurafsky and Martin, 2026). RNNs (Elman, 1990) process input sequences
step by step while maintaining a hidden state that captures information from
previous time steps, which in turn allows them to model sequential dependencies
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(Jurafsky and Martin, 2026). Transformer-based models (Vaswani et al., 2017)
rely on self-attention mechanisms that allow each token to attend to all other
tokens in the sequence and build contextual representations that capture long-range
dependencies (Jurafsky and Martin, 2026). These architectures have been applied
to a wide range of NLP tasks including text classification, language modeling, and
sequence labeling (Bhatt and Gaikwad, 2023; Sukhavasi et al., 2025).
DL has become one of the valuable approaches in NLP because of its ability to

learn complex patterns from large amounts of textual data (Yacoub et al., 2024).
RNNs were among the first DL architectures to achieve strong performance on text
classification tasks because of their ability to process sequential information and
capture contextual dependencies between words (Yacoub et al., 2024; Russell and
Norvig, 2020). However, they have largely been superseded by Transformer-based
models, which provide better scalability and more e!ective capturing of long-range
dependencies (Vaswani et al., 2017). Compared with traditional count-based text
representations, such as bag-of-words and TF-IDF, which represent text as sparse
vectors, DL models learn dense distributed representations in which semantically
similar words have similar vector representations. This enables DL models to reduce
the impact of data sparsity (Gedela et al., 2024; Burkov, 2019). The development of
DL approaches in the field of NLP eventually led to the introduction of Transformer-
based models and contextual representations, which are discussed in the following
section (Khan et al., 2025; Russell and Norvig, 2020).

3.3 Machine Learning in Natural Language
Processing

The field of NLP is is an interdisciplinary field that focuses on enabling computers
to process and understand human language, by applying ML methods NLP aims to
improve communication between humans and computers (bin Subait et al., 2025;
Russell and Norvig, 2020). NLP combines computational linguistics and machine
learning techniques to perform tasks such as text classification, sentiment analysis,
machine translation, question answering and also speech recognition (bin Subait
et al., 2025; Russell and Norvig, 2020).
Before text can be processed by ML models to perform some task, it must be

converted into a numerical representation (Burkov, 2019). One of the earliest
approaches is the Bag-of-Words model, which represents a document as a vector of
words from a predefined vocabulary, however fails to capture semantic relationships
or word order (Burkov, 2019; Alpaydin, 2014). A common extension of this
approach is TF-IDF that assigns weights to words based on their importance
within a document collection, reducing the influence of very common terms across
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documents and highlighting more informative words (Tiwari et al., 2024).
Traditional text representation methods were later complemented by word em-

beddings, which represent words as dense low-dimensional vectors learned from
data, capture semantic and syntactic relationships between words and provide a
richer representation of words and their similarities (Russell and Norvig, 2020).
Word embeddings di!er from sparse count-based representations because they use
dense vectors with relatively low dimensionality, which helps improve generalization
and reduces sparsity issues (Jurafsky and Martin, 2026).
Two widely used approaches for learning word embeddings are Word2Vec (Miko-

lov et al., 2013) and GloVe (Pennington et al., 2014). Word2Vec learns word
representations by training a model to predict surrounding words from a target
word by using a local context window over large text corpora (Jurafsky and Martin,
2026; Gedela et al., 2024). In contrast, GloVe builds a word-word co-occurrence
matrix from the entire corpus and learns word representations from it (Jurafsky
and Martin, 2026; Gedela et al., 2024).
Although Word2Vec and GloVe capture semantic similarities between words, they

generate a single representation for each word regardless of context (Gedela et al.,
2024; Russell and Norvig, 2020), which could be a disadvantage for words with
multiple meanings. To address this limitation, researchers developed contextual
embeddings, which generate di!erent representations for the same word depending
on its context within a sentence and which in turn results in a model capturing more
detailed linguistic information and improving language understanding (Russell and
Norvig, 2020).
A major development in the field of NLP was the introduction of Transformer-

based models. The transformer architecture, proposed by (Vaswani et al., 2017),
uses a self-attention mechanism that allows the model to capture relationships
between words regardless of their position in a sequence (Russell and Norvig,
2020; Khan et al., 2025). Unlike earlier RNNs, Transformers process all tokens
simultaneously, making them more e#cient for long texts which helped them to
achieve strong performance for text classification task and particularly for sarcasm
detection (Khan et al., 2025; Russell and Norvig, 2020).
A widely used transformer-based model is Bidirectional Encoder Representations

from Transformers (BERT), introduced by Devlin et al. (2019). BERT generates
contextual embeddings by considering both the left and right context of a word. It
is pretrained by using a Masked Language Modeling (MLM), where a proportion
of input tokens are randomly masked and the model learns to predict the original
tokens using both left and right context, rather than predicting the next word
in a sequence (Devlin et al., 2019). After pretraining, BERT-based models are
fine-tuned on downstream NLP tasks by adding a neural network classifier on top
of the pretrained transformer and training it on labeled data for specific tasks such
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as named entity recognition or natural language inference (Jurafsky and Martin,
2026; Devlin et al., 2019).

By further building on the BERT architecture, multilingual transformer models
have been developed to support cross-lingual NLP tasks, with one of the most
successful being XLM-RoBERTa (Conneau et al., 2020) that was pretrained on
data from 100 languages and follows the RoBERTa (Liu et al., 2019) training
strategy, which instead of Next Sentence Prediction (NSP) that was used in the
original BERT model and instead relies solely on the masked language modeling
objective trained on much larger and more diverse datasets and demonstrated
strong performance on multilingual benchmarks because of its ability to learn
cross-lingual representations.
Contextual understanding is usually important for tasks that involve processing

of figurative language and implicit meaning. As a result, Transformer-based models
have become the foundation of many modern NLP systems and are widely used in
automatic sarcasm detection research (Khan et al., 2025).

3.4 Evaluation metrics
The performance of classification models for the sarcasm detection task is commonly
evaluated by using metrics such as accuracy, precision, recall, and F1-score (Burkov,
2019; Pradhan et al., 2024; Sukhavasi et al., 2025; Pradhan et al., 2024; Khan
et al., 2025; Jeremy et al., 2024; Fatima et al., 2024). These metrics capture
di!erent aspects of model performance and help provide a more comprehensive
evaluation of classification results. In binary classification settings, these metrics
are fundamentally based on four outcomes derived from the confusion matrix: true
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN)
(Burkov, 2019).

Accuracy measures the proportion of correctly classified instances among all pre-
dictions made by the mode and it is calculated by dividing all correct predictions by
the total number of predictions (Burkov, 2019; Bharati et al., 2024). Manning et al.
(2008) also note that this evaluation metric is especially suitable for classification
problems, however it may be less informative when the classes are imbalanced.
Other frequently used evaluation metrics are precision and recall, where precision

measures the proportion of segments predicted as belonging to a particular class and
that actually belong to that class (Burkov, 2019; Manning et al., 2008; Alpaydin,
2014). Precision is calculated as TP divided by the sum of TP and FP (Burkov,
2019). For instance, in sarcasm detection, precision indicates how many texts
predicted as sarcastic are actually sarcastic. Recall measures the proportion of
actual examples of a class that are correctly identified by the model (Burkov, 2019;
Manning et al., 2008; Alpaydin, 2014). Recall is calculated as TP divided by the
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sum of TP and FN (Burkov, 2019). In the context of sarcasm detection, recall
shows how many sarcastic texts the model is able to find correctly.
F1-score combines precision and recall into a single metric by calculating their

harmonic mean and is commonly used to evaluate classification performance using
a single value (Manning et al., 2008). This evaluation metric is frequently used in
automatic sarcasm detection studies, and higher F1-scores indicate better overall
performance of a classification model, particularly for sarcasm detection (Pradhan
et al., 2024; Helal et al., 2024).
For more detailed analysis and also visualization of classification tasks, the

confusion matrix is commonly used (Burkov, 2019; Russell and Norvig, 2020;
Manning et al., 2008). A confusion matrix is presented in the form of a table
and it compares how often each category is classified and misclassified as the
opposite category to summarize model performance (Burkov, 2019; Russell and
Norvig, 2020). In case of binary classification, the confusion matrix consists of TP,
TN, FP, FN, which were introduced earlier (Burkov, 2019). These values show
how many instances were classified correctly or incorrectly. In case of multiclass
classification, the confusion matrix can contain as many rows and columns as there
are classes (Burkov, 2019; Manning et al., 2008), which helps to identify patterns
of misclassification and to reveal which classes are most frequently confused with
one another (Burkov, 2019). Precision and recall can also be calculated from the
confusion matrix (Burkov, 2019). Overall, confusion matrices provide a useful
visual representation of classifier performance and are commonly used alongside
quantitative metrics to evaluate classification systems (Burkov, 2019; Russell and
Norvig, 2020; Manning et al., 2008).
The proposed method in this master’s thesis uses accuracy, precision, recall,

F1-score, and confusion matrices to evaluate and visualize performance of the
trained classification models. Particular attention is paid to F1-score that provides
a balanced assessment of model performance, while confusion matrices are used to
visualize results and analyze patterns of correct and incorrect classifications across
classes.
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4 Approaches to Machine
Translation

Machine Translation (MT) has evolved significantly over the past decades, progress-
ing from rule-based systems to statistical and neural approaches. Modern Neural
Machine Translation (NMT) systems have improved translation quality and are
widely used today. This chapter introduces the main principles of NMT, including
encoder-decoder framework, attention mechanisms, and Transformer models, as
well as contemporary multilingual MT model such as No Language Left Behind
(NLLB) (Team et al., 2022). It also discusses approaches to machine translation
evaluation and highlights the key challenges that continue to a!ect translation
quality and system performance.

4.1 Evolution of Machine Translation Approaches
MT research began in the 1940s and has since evolved significantly over the past
decades, progressing from rule-based systems to statistical and neural approaches
(Koehn, 2020). However, research progress slowed after the release of ALPAC Report
in 1966 that concluded that MT systems did not yet provide su#cient quality or
economic advantages in comparison to human translation (Koehn, 2020). Rule-
Based Machine Translation (RBMT), the dominant machine translation paradigm
until the early 2000s, relied on manually created dictionaries and grammatical
rules in order to generate translations by mapping structures and vocabulary from
the source language to the target language (Koehn, 2020; Kenny, 2022; Moorkens
et al., 2025). While successful in restricted domains and practical applications,
RBMT required extensive expert e!ort, was di#cult to scale, and struggled with
the complexity of real-world language (Moorkens et al., 2025; Kenny, 2022).
The limitations of RBMT encouraged the development of corpus-based ap-

proaches that learned translation patterns from large collections of parallel texts
rather than relying on manually crafted linguistic rules. This led to the develop-
ment of Statistical Machine Translation (SMT), which became the dominant MT
paradigm throughout the 2000s. SMT includes both word-based and phrase-based
approaches and relies on a translation model, which learns translation probabilities
from parallel corpora, and a language model, which helps produce fluent transla-
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tions. Unlike RBMT, SMT learns translation patterns automatically from data
rather than relying on manually crafted linguistic rules (Koehn, 2020; Kenny, 2022;
Moorkens et al., 2025).
However, SMT often struggled with complex languages and was prone to errors,

such as word omission, and inconsistent translations of the same source-language
word, sometimes even within a single sentence (Kenny, 2022). To address some of
these limitations, researchers incorporated linguistic information into SMT systems,
and Goldwater and McClosky (2005) showed that morphological analysis, including
lemmatization and morphological tagging, improved Czech-English translation
quality by reducing data sparsity, particularly for highly inflected languages.
The next step in the evolution of MT was NMT, which became practical due to

advances in DL and computing power and translates text using a neural network
model rather than multiple separate components as in SMT (Koehn, 2020; Kenny,
2022). The introduction of RNNs, Sequence-to-Sequence models, and attention
mechanisms improved translation quality, allowing NMT to surpass SMT in most
evaluation tasks and become the dominant machine translation approach by the
mid-2010s (Koehn, 2020; Kenny, 2022; Moorkens et al., 2025).
Transformer architectures, which rely on attention mechanisms and enable more

e#cient parallel processing of linguistic information, further advanced MT and now
form the basis of modern MT systems, further advancing multilingual language
technologies (Koehn, 2020; Moorkens et al., 2025). The connection between NMT
and Transformer architecture will be further discussed in the next section.
Transformer architectures, which rely on attention mechanisms and enable more

e#cient parallel processing of linguistic information, further advanced MT and
now form the basis of modern MT systems and multilingual language technologies
(Koehn, 2020; Moorkens et al., 2025). More recently, Large Language Models
(LLMs), which are also based on the Transformer architecture, have been applied
to MT. These models are pretrained on very large text corpora and can perform
translation as one of many language tasks, even though they are not specifically
designed for MT (Moorkens et al., 2025). The relationship between NMT and the
Transformer architecture is discussed in more detail in the next section.

4.2 Neural Machine Translation and Transformers
NMT became the dominant MT paradigm after 2016 when it replaced Statistical
Machine Translation (SMT) as the state-of-the-art approach (Johnson et al., 2016;
Koehn, 2020; Kenny, 2022). Unlike SMT, which relies on separately trained
statistical components such as translation and language models trained on parallel
corpora, NMT uses artificial neural networks that are composed of interconnected
neurons. By considering the entire source sentence, NMT creates contextualized
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word representations and captures complex linguistic relationships, producing more
fluent and natural translations (Koehn, 2020; Kenny, 2022).
Early NMT systems were typically based on RNNs and followed an encoder-

decoder framework, in which the encoder converts the source sentence into a vector
representation, while the decoder generates the target sentence word by word from
this representation (Koehn, 2020). Although those early encoder-decoder models
performed well on short sentences, they often struggled with longer inputs because
of the limitations of fixed-length sentence representations, a problem that was
improved by the introduction of the attention mechanism, which allowed models to
consider relevant source words as contextual clues when selecting target-language
words and significantly improved translation quality (Koehn, 2020; Moorkens et al.,
2025).

Building on this idea, Vaswani et al. (2017) proposed the Transformer, an encoder-
decoder architecture that uses multi-head self-attention mechanisms to capture
contextual information. This architecture replaced recurrent processing with self-
attention and became the foundation of modern MT systems, enabling more e#cient
parallel computation while better capturing long-range dependencies (Koehn, 2020;
Moorkens et al., 2025). Transformers model relationships between all words
in a sequence simultaneously through self-attention, producing richer contextual
representations and improving the handling of complex linguistic structures (Koehn,
2020; Moorkens et al., 2025). Due to these advantages, Transformers became the
foundation of modern machine translation systems and are now widely used across
a variety of NLP tasks (Koehn, 2020; Moorkens et al., 2025).
The Transformer follows an encoder-decoder architecture composed of multiple

stacked encoder and decoder layers. Each encoder layer consists of a multi-head
self-attention mechanism followed by a position-wise feed-forward network, which
together produce contextualized representations of the input sequence. The decoder
layers have a similar structure but additionally include masked self-attention and
encoder-decoder attention, which allows the model to generate the target sequence
autoregressively while attending to relevant parts of the source sentence (Vaswani
et al., 2017; Moorkens et al., 2025).
An important example of a Transformer-based multilingual NMT system is NLLB

(Team et al., 2022), which was designed with the objective of improving MT for
low-resource languages, and its NLLB-200 version supports 200 languages, including
many that were previously underrepresented in MT research (Buscaldi and Rosso,
2023). This makes NLLB particularly relevant for MT research, even though the
research revealed a significant underperformance on endangered languages, such as
Ligurian (Buscaldi and Rosso, 2023).
Overall, the development of NMT from early RNN-based encoder-decoder models

to Transformer architectures has significantly improved translation quality through
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better contextual understanding and the processing of long-range dependencies.
As a result, Transformer-based systems now form the basis of most modern MT
systems and multilingual language technologies (Koehn, 2020; Moorkens et al.,
2025; Kenny, 2022).

4.3 Evaluation of Machine Translation
Evaluation of MT quality is an important area of MT research because, despite their
considerable progress, MT systems still can produce errors from minor inaccuracies
to serious mistranslations, prompting further research into quality assessment, error
analysis, and methods for improving MT output (Kenny, 2022). MT evaluation
can be broadly divided into human and automatic evaluation. Although human
evaluation enables the assessment of translation quality in terms of adequacy,
fluency, and meaning preservation, it can be time-consuming and resource-intensive,
which has motivated further development of automatic evaluation metrics (Rossi
and Carré, 2022).
One of the most commonly used automatic metrics is Bilingual Evaluation

Understudy (BLEU) (Papineni et al., 2002). BLEU measures the overlap of n-grams
between a machine-generated translation and one or more reference translations by
calculating the precision of matching n-grams, usually from unigrams to 4-grams,
and by capturing lexical similarity and aspects of word order (Rossi and Carré,
2022). BLEU also incorporates a brevity penalty in order to discourage excessively
short translations, and is calculated at the corpus level rather than for individual
sentences (Rossi and Carré, 2022).
Despite the development of many newer metrics, BLEU remains widely used

in MT evaluation research, although its scores can be influenced by language
typology, particularly in highly inflected languages where minor di!erences in word
forms may result in lower scores (Lo et al., 2023; Koehn, 2020). However, more
recent MT literature shows that BLEU is increasingly complemented or replaced
by learned metrics such as COMET, which tend to correlate more strongly with
human judgments (Rei et al., 2020b).
To overcome such limitations, embedding-based metrics have been developed

such as BERTScore (Zhang et al., 2019), that relies on contextual embeddings
from BERT-based pretrained language models, and COMET (Rei et al., 2020a), an
XLM-R-based evaluation framework trained to predict human quality assessments
from source-translation-reference tuples (Lo et al., 2023). By incorporating the
source sentence alongside the translation and reference, COMET can better capture
semantic adequacy and meaning preservation. This framework shows strong correl-
ation with human judgments, demonstrating the e!ectiveness of learned evaluation
metrics for MT quality assessment (Rei et al., 2020b).
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Recent research has also explored more advanced approaches to translation
Quality Estimation (QE) that aims to assess translation quality without requiring
a reference translation. Qian et al. (2024) showed that by jointly training sentence-
level and word-level QE tasks within a multi-task learning framework improves
performance in comparison to separate training. Their findings further indicate that
sentence-level QE can support emotion classification, and particularly in settings
when training data is limited and imbalanced.

4.4 Challenges of Machine Translation
Despite the significant progress achieved in NMT and more recently in LLMs,
several challenges still continue to a!ect translation quality, reliability, and practical
applicability. While earlier NMT research mainly focused more on improving model
architectures and addressing limitations related to context representation, data
availability, and translation accuracy, current research shows that LLMs have shifted
the nature of these challenges toward issues of adaptation, reliability, controllability,
and evaluation (Koehn and Knowles, 2017; Koehn, 2020; Pang et al., 2025; Budimir,
2025; Polakova et al., 2026).
Wan et al. (2022) categorized common translation error types in NMT into

over-translation, under-translation, mistranslation, and misorder. Their findings
show that shorter texts are especially prone to mistranslation errors due to the
limited amount of contextual and semantic information available. Furthermore,
the authors demonstrate that an imbalanced distribution of training data across
di!erent sentence-length categories can contribute to over-translation errors, which
subsequently reduce overall translation quality. These findings highlighted the
importance of su#cient context and balanced training data for achieving reliable
MT performance.
With the emergence of LLM-based MT, several long-standing limitations of

traditional NMT systems have been mitigated. Pang et al. (2025) demonstrate in
their study that LLMs require less parallel training data than conventional encoder-
decoder models and achieve strong performance in translating long sentences and
document-level contexts. Nevertheless, they continue to experience di#culties
with domain mismatch and the accurate translation of rare and domain-specific
terminology. In addition to these challenges, LLM-based MT also introduces new
issues, including the imbalance of multilingual pretraining resources, high inference
costs, and the need for improved evaluation methods that better reflect human
judgments, since the existing metrics do not always match with human assessments
of translation quality.
Culture-specific items (CSIs) also remain particularly challenging for contempor-

ary MT systems. Budimir (2025) demonstrate that, although recent LLM-based
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models generally outperform the evaluated NMT system in translating culturally
bound expressions, they still struggle to achieve consistent cultural adaptation,
particularly when translating proper names and other CSIs in morphologically rich,
low-resource languages. The authors show that MT outputs often fail to preserve
the communicative and cultural functions of CSIs and also highlight that human
translators continue to play an essential role in culturally sensitive and literary
translation.
Similar challenges are observed in the translation of specialized educational con-

tent. Polakova et al. (2026) show that, despite substantial improvements achieved
by LLM-based systems over pre-LLM MT systems, educational materials remain
di#cult to translate because they combine domain-specific terminology, interactive
exercises, and multimodal elements. In addition to lexical and terminological errors,
the authors identify several error typical for LLM-based translation, including hal-
lucinations, unintended correction of counterfactual statements, and completion of
unfinished text. These findings suggest that improving MT for educational content
requires not only advances in translation models but also specific solutions for
terminology translation, context-dependent disambiguation, and the preservation
of structured markup.
Overall, recent research suggests that the main challenges of MT have shif-

ted from improving model architectures to ensuring reliable, context-aware, and
application-specific translation. Although LLM-based systems have significantly
advanced translation quality, they still continue to face di#culties related to do-
main adaptation, specialized terminology, and the evaluation of translation quality.
Moreover, the introduction of LLMs has brought new challenges, such as hal-
lucinations and context-related limitations, which also highlight the continued
importance of human expertise and task-specific adaptation in order to achieve
stable translation performance across di!erent languages and domains.
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5 Sarcasm Detection Approaches
This chapter provides an overview of the main approaches to automatic sarcasm
detection. It discusses the challenges of sarcasm detection and reviews traditional
feature-based methods as well as deep learning approaches, including recurrent
neural networks and Transformer-based models.

5.1 Automatic Sarcasm Detection
Automatic sarcasm detection is considered a challenging task in the field of NLP
because sarcastic expressions are often subtle and implicit and due to absence
of paralinguistic cues (Pradhan et al., 2024; Khan et al., 2025). Additional chal-
lenges include the wide range of emotions associated with sarcastic communication,
domain-specific interpretations, multilingualism, and the informal and unstructured
language in online texts (Tiwari et al., 2024). Unlike regular sentences, sarcasm
usually shows a mismatch between the words used and the speaker’s intended
message, which has to be deducted from context rather than from the literal
meaning of the sentence (Ducret et al., 2020). For this reason, models that do not
take context into account often perform poorly, as understanding sarcasm requires
additional information beyond the sentence itself (Helal et al., 2024).
The importance of context has been further highlighted in several studies. Ducret

et al. (2020) show that including contextual information, such as preceding or
following tweets, significantly improves model performance. Their experiments
demonstrate that classifiers considering both the target text and its context achieve
higher F1 scores. Similarly, Helal et al. (2024) report that adding dialogue history
or metadata helps models improve accuracy and generalizability across di!erent
datasets. Tiwari et al. (2024) also found that contextual approaches outperform
lexical and pragmatic approaches for sarcasm detection, highlighting the importance
of contextual incongruity in identifying sarcastic expressions. Additionally, Nimase
and Hong (2024) demonstrated that richer contextual representations, particularly
sentence-level embeddings and combinations of multiple contextual embeddings,
consistently improve sarcasm detection performance.
Given the complexity of sarcastic language, a variety of computational approaches

have been proposed for its automatic detection. These approaches range from tra-
ditional feature-based ML methods to deep learning models. The following sections
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first discuss feature-based approaches and then neural approaches, beginning with
recurrent architectures and concluding with more recent Transformer-based models.

5.2 Feature-Based Approaches
Feature-based approaches represent one of the traditional methods for automatic
sarcasm detection and rely on manually engineered linguistic features that are used
as input for machine learning classifiers rather than being learned automatically
from data (Ducret et al., 2020; Pradhan et al., 2024). Traditional machine learning
algorithms such as Random Forests, Decision Trees, Support Vector Machines
(SVM), Logistic Regression, and Gradient Boosting are commonly applied for
sarcasm detection tasks (Ducret et al., 2020; Pradhan et al., 2024; Tiwari et al.,
2024).

Several studies have proposed di!erent types of handcrafted features for sarcasm
detection (Ducret et al., 2020; Tiwari et al., 2024). In their research Tiwari et al.
(2024) distinguish between lexical, pragmatic, and contextual features. Lexical
features include n-grams and part-of-speech information, pragmatic features capture
stylistic cues such as capitalization, repeated characters, and emojis, while for
contextual features model inconsistencies between the literal meaning of a statement
and its broader context. These features are then used as input for SVM classifiers,
with contextual features producing the strongest results, highlighting the potential
importance of contextual information for sarcasm detection (Tiwari et al., 2024).
Similarly, Ducret et al. (2020) grouped sarcasm-related features into complexity,

stylistic, and psychological categories. In addition to TF-IDF and n-grams, the
authors incorporated sentiment and emotion-related information, including Valence,
Arousal, Dominance (VAD) scores (Warriner et al., 2013) and Linguistic Inquiry and
Word Count features (LIWC) (Tausczik and Pennebaker, 2010). Their experiments
demonstrated that contextual information significantly improves sarcasm detection,
since sarcastic texts often exhibit emotional or semantic incongruity with their
preceding context. The highest performance was achieved by using a Random
Forest classifier with a combination of all feature types and contextual information
Ducret et al. (2020).
Further evidence for the e!ectiveness of feature-based approaches is provided

by Pradhan et al. (2024), who proposed a sarcasm detection framework based on
13 handcrafted features capturing text meaning, lexical diversity, readability, and
grammatical composition. These features were used to train several traditional
machine learning models, including Random Forest, Decision Tree, Gradient Boost-
ing, SVM, and Logistic Regression classifiers. The authors also reported that an
ensemble model built on combination of linguistic features and best performing
classifiers, which included Gradient Boosting, Decision Tree and Random Forest,
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outperformed several deep learning baselines, demonstrating that carefully designed
linguistic features can be e!ective for sarcasm detection tasks (Pradhan et al.,
2024).

Overall, feature-based approaches demonstrate the usefulness of manually engin-
eered features for sarcasm detection. The reviewed studies used a wide range of
linguistic, stylistic, psychological, pragmatic, and contextual features, which were
successfully used by traditional ML classifiers for sarcasm detection (Ducret et al.,
2020; Pradhan et al., 2024; Tiwari et al., 2024).

5.3 Deep Learning Approaches
Deep learning approaches became important in sarcasm detection because they can
automatically learn semantic and contextual patterns from textual data without
relying on manually engineered features (Yacoub et al., 2024; Sukhavasi et al.,
2025). Tiwari et al. (2024) note that DL approaches generally outperform earlier
methods when su#cient training data are available because they can automatically
learn relevant linguistic patterns from data, although feature engineering remains
valuable in some settings (Tiwari et al., 2024). Similarly, Sukhavasi et al. (2025)
argue that traditional ML methods often su!er from limited learning capability,
lower accuracy, and di#culties in handling complex sarcastic expressions, which
has promoted the application of DL models for sarcasm detection.
Among the most widely used deep learning architectures for sarcasm detection

are RNNs, CNNs, Long Short-Term Memory networks (LSTMs), and Bidirectional
LSTMs (Bi-LSTMs) (Sukhavasi et al., 2025; Yacoub et al., 2024; Khan et al., 2025).
According to Yacoub et al. (2024), DL models, particularly RNNs, are e!ective
for text classification due to their flexibility and ability to model complex data
structures. Recent studies have successfully applied a variety of neural architectures,
including CNNs, LSTMs, and Bi-LSTMs, to sarcasm detection tasks (Yacoub et al.,
2024; Sukhavasi et al., 2025).

Recent research has also explored ensemble architectures that consist of di!erent
model combinations. Gedela et al. (2024) proposed a voting-based ensemble
framework incorporating CNN, Bi-LSTMs, hybrid CNN-BiLSTM architectures,
and BERT embeddings. The best performance was achieved by a sequential
CNN-BiLSTM model built on top of BERT embeddings and combined with an
SVM classifier. Additionally, Sukhavasi et al. (2025) proposed an optimized Bi-
LSTMs model combined with a Group Teaching Optimization (GTO) algorithm
and reported superior performance in comparison to other DL approaches.
Another important direction in sarcasm detection research is the application of

Transformer-based models. As discussed in the previous chapter, Transformer archi-
tectures rely on self-attention mechanisms that enable them to capture contextual
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information more e#ciently (Vaswani et al., 2017; Jurafsky and Martin, 2026). One
example is UrduSarcasmNet, proposed by Khan et al. (2025), a transformer-based
architecture that combines cascaded and multi-grouped attention mechanisms
to capture both local and global contextual information. The proposed model
demonstrated improved sarcasm detection performance in the low-resource Urdu
language, while ablation studies showed that these attention components contribute
substantially to the detection of subtle sarcastic patterns (Khan et al., 2025).
The growing importance of transformer-based approaches is also highlighted by

Yacoub et al. (2024), who argue that advances in transformer architectures are
expected to improve the detection of implicit sarcasm and support the development
of models capable of identifying sarcastic content without explicit indicators. They
also emphasize the increasing importance of transfer learning, external knowledge
integration, and pre-trained language models such as BERT (Devlin et al., 2019)
for future sarcasm detection research (Yacoub et al., 2024). Transfer learning is a
method that adapts a model pre-trained on large-scale corpora to a specific task
by fine-tuning it on a smaller dataset, which enables models to achieve strong
performance even when only limited annotated data are available (Burkov, 2019).
Gregory et al. (2020) compared several DL architectures for sarcasm detection,

including LSTM, GRU, and transformer-based models. The study incorporated
contextual information and experimented with pre-trained transformers such as
BERT, RoBERTa (Liu et al., 2019), XLNet (Yang et al., 2019), and ALBERT (Lan
et al., 2019). The results showed that transformer representations captured the
most relevant information for sarcasm detection and consistently outperformed
LSTM-based models. The highest performance was achieved by an ensemble of
transformer models (Gregory et al., 2020).
However, despite their strong performance, transformer models typically require

substantial computational resources and large amounts of training data, which may
limit their applicability in some scenarios (Khan et al., 2025). Overall, the evolution
from recurrent neural architectures to Transformer-based models has substantially
improved sarcasm detection by enabling models to learn richer semantic and con-
textual representations. Nevertheless, important challenges remain for multilingual
sarcasm detection, including cross-lingual generalization and cultural variation, as
discussed in the following section.

5.4 Challenges of Multilingual Sarcasm Detection
Despite recent progress, sarcasm detection research still has important limitations
related to language coverage. Existing studies are more often conducted in mono-
lingual settings, where a single model is trained and evaluated on data from one
language ($%&’( and )%*+,, 2023; Khan et al., 2025; Tasnim and Nath, 2024).
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By focusing on one language, these settings may not consider linguistic and cultural
di!erences that influence how sarcasm is expressed across languages (Tasnim and
Nath, 2024). Tasnim and Nath (2024) highlight the potential of multilingual ap-
proaches for cross-language sarcasm detection. However, their findings also suggest
that performance may still vary across languages, potentially due to di!erences in
language-specific model optimization, dataset characteristics, preprocessing quality,
and cultural variation.
An additional challenge of multilingual sarcasm detection is that sarcastic ex-

pressions often rely on language-specific linguistic and pragmatic cues that cannot
always be transferred across languages. Irony markers, idiomatic expressions, hu-
mor conventions, and culturally shared knowledge may di!er substantially between
languages, making it di#cult for multilingual models to recognize sarcastic intent
consistently. As a result, multilingual models trained on one language may not
generalize equally well to another language, even when based on shared multi-
lingual representations (Tasnim and Nath, 2024; bin Subait et al., 2025). These
challenges become particularly important in cross-lingual applications, where di!er-
ences in linguistic structure and cultural background may influence both sarcasm
interpretation and model performance.
Another challenge concerns the complexity of sarcasm itself. Unlike literal

language, sarcastic expressions often involve a mismatch between the surface
meaning of words and the speaker’s intended message, making them di#cult
to identify automatically (Gedela et al., 2024). Contextual information is often
necessary for accurate sarcasm detection, for instance in social media interactions
where sarcastic posts may depend on preceding messages to fully understand the
message (Sukhavasi et al., 2025). Additional challenges arise from various culturally
specific forms of sarcasm that may di!er across languages and dialects (bin Subait
et al., 2025).
Data availability and annotation quality also remain important limitations.

Existing studies report a lack of large, high-quality sarcasm datasets for many
languages, particularly low-resource languages (bin Subait et al., 2025), as well as
precisely labeled datasets for more e#cient classifier training (Sukhavasi et al., 2025).
In addition, datasets collected from social media platforms may often contain noisy
labels and informal language, which can negatively a!ect model performance and
generalization (Sukhavasi et al., 2025). Finally, recent research has identified other
directions that remain insu#ciently explored, including cross-domain generalization
and the incorporation of multimodal information such as emojis and images that
frequently accompany sarcastic content in social media (bin Subait et al., 2025).
Overall, multilingual sarcasm detection remains an open research challenge des-

pite recent advances in multilingual language models. Existing approaches continue
to face di#culties related to data availability, contextual dependencies, cultural
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variation, and model generalization across languages and domains (Sukhavasi et al.,
2025; bin Subait et al., 2025). Addressing these limitations is essential for improving
the robustness and generalizability of multilingual sarcasm detection systems.
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This chapter examines the relationship between sarcasm and MT. It discusses the
main challenges of translating sarcastic content, the di#culties involved in evaluating
machine-translated sarcasm, and the potential impact of MT on automatic sarcasm
detection.

6.1 Challenges of Sarcasm Translation
Figurative and emotionally loaded user generated content (UGC) remains one of
the major challenges in the field of MT. This type of content, especially social
media posts, is characterized by emotions, slang, cultural references, and non-literal
expressions such as irony and sarcasm (Saadany et al., 2023; Qian et al., 2023,
2024). Previous studies show that MT systems often fail to translate such content
and that standard evaluation metrics often do not capture errors related to meaning
shifts that a!ect interpretation and speaker’s original intent (Saadany et al., 2023;
Qian et al., 2024).
Recent research of UGC demonstrates that emotion-carrying words, such as

slang, and culture-specific expressions are among the most frequent sources of MT
errors (Qian et al., 2023). These findings are also relevant to sarcasm, which often
depends on subtle emotional cues and a mismatch between literal form and intended
meaning (Pradhan et al., 2024; Helal et al., 2024; Zawawi and Maghfiroh, 2020).
While professional human translators are able to choose between the appropriate
translation techniques and could eventually produce texts that di!er from each
other for UGC, such an option is not available for MT that could not produce good
solutions for UGC (Qian et al., 2023).
Sarcasm is particularly di#cult to translate because its interpretation often

depends on contextual incongruity, shared background knowledge, and cultural
information rather than on the literal meaning of words (Tiwari et al., 2024; Zawawi
and Maghfiroh, 2020). In addition, sarcastic meaning in spoken communication is
frequently supported by paralinguistic cues such as intonation and facial expressions,
which are absent in written text and therefore unavailable to MT systems (Pradhan
et al., 2024; Helal et al., 2024).
Cross-lingual di!erences could also complicate the translation of sarcasm, since

languages di!er in their structure and richness, and sarcastic expressions sometimes
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lack direct equivalents in the target language. Additionally, sarcastic meaning
often depends on culturally specific or contextual cues (Tiwari et al., 2024; Zawawi
and Maghfiroh, 2020; Khan et al., 2025), which MT systems may fail to transfer,
leading to weakening or loss of sarcasm.

6.2 Evaluation of Machine-Translated Sarcasm

From an evaluation perspective, Qian et al. (2023) show that MT evaluation frame-
works mainly operate at the sentence level and do not explicitly consider emotional
information, which is often important for translating pragmatic phenomena such
as sarcasm. MT output may appear fluent and semantically correct while failing to
transfer the original intended meaning (Saadany et al., 2023).
This limitation is particularly relevant for automatic evaluation metrics such as

BLEU, which primarily measure lexical overlap between MT output and reference
translations rather than the preservation of pragmatic meaning (Rossi and Carré,
2022). As a result, a translation may receive a relatively high score despite failing
to preserve the sarcastic intent of the source text. Consequently, semantic adequacy
does not necessarily imply pragmatic equivalence, especially in the case of figurative
language such as sarcasm.
More recent neural evaluation metrics, such as COMET, use contextual represent-

ations of the source and target texts to estimate translation quality and generally
provide evaluation results that are closer to human judgments than lexical overlap
metrics such as BLEU (Rei et al., 2020a; Moorkens et al., 2025). Later versions of
the COMET introduced reference-free QE models that function without reference
translations, which in turn enables translation QE in scenarios where reference
translations are unavailable (Rei et al., 2020b)
Despite these advances, automatic evaluation metrics sometimes struggle to

fully assess whether pragmatic phenomena such as sarcasm have been successfully
preserved. For this reason, MT research continues to combine automatic evaluation
with human assessment (Moorkens et al., 2025; Jurafsky and Martin, 2026). Human
evaluation traditionally relies on the adequacy metric, which evaluates how well
a translation preserves the original meaning and intent of the source text, and
the fluency metric, which evaluates how natural and grammatically correct the
translation is in the target language (Moorkens et al., 2025; Jurafsky and Martin,
2026). In the case of sarcasm, adequacy is particularly important because some
translation may be fluent and semantically accurate but still can fail to preserve
the speaker’s intended sarcastic meaning. Therefore, the evaluation of machine-
translated sarcasm needs to consider not only overall translation quality but also
whether the intended sarcastic meaning of the original text has been preserved.
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6.3 Impact of Machine Translation on Sarcasm
Detection

Previously mentioned challenges may potentially have implications for downstream
NLP tasks. Changes in the text introduced by MT can negatively a!ect automatic
sarcasm detection, as translated texts may no longer contain the cues on which
detection models usually rely.
Evidence from related NLP tasks supports this assumption. For example, Dmonte

et al. (2025) investigated the e!ect of MT on o!ensive language detection and
found that o!ensive language identification models generally perform better on
original texts than on machine-translated content. The authors connect this
performance drop with translation errors and changes in linguistic features that
were introduced during MT, which can alter the information required for successful
o!ensive language identification.
Automatic sarcasm detection models typically rely on lexical, emotional, prag-

matic, and contextual cues to identify sarcastic expressions (Ducret et al., 2020;
Pradhan et al., 2024; Tiwari et al., 2024). Recent research further demonstrates
that sarcasm recognition performance can be improved by using richer contextual
information, which highlights the importance of preserving contextual information
for accurate classification (Nimase and Hong, 2024). Consequently, if these lexical,
emotional, contextual, and pragmatic cues are altered or modified during MT, the
translated text may no longer contain su#cient information for accurate sarcasm
detection.
This master’s thesis investigates how MT a!ects the preservation of sarcastic

meaning and how this further influences the performance of sarcasm detection
models. Although recent research has made progress in multilingual sarcasm
detection and translation of figurative language, studies that specifically examine the
interaction between MT and automatic sarcasm detection remain limited. Existing
work has primarily investigated these topics separately, leaving the influence of MT
on downstream sarcasm detection underexplored. To the best of my knowledge,
no detailed study has yet investigated this issue for the English-Russian language
pair, making the present research a relevant contribution at the intersection of
Translation Studies (TS) and NLP.
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7 Related Work
Sarcasm has been studied from multiple perspectives, including linguistic analysis,
translation studies, and computational approaches for sarcasm detection. Zawawi
and Maghfiroh (2020) examine sarcasm from a translation perspective by analyzing
sarcastic expressions in Mark Manson’sThe Subtle Art of Not Giving A Fuck and
their translation techniques to Bahasa Indonesia. Authors analyze 145 sarcastic
sentences by using a qualitative descriptive approach and identify four main types
of sarcasm in the source text: ridicule, satire, proximity, and humor. Their findings
show that translators rely on various techniques, such as compensation, adaptation,
modulation, and transposition, to preserve sarcastic meaning in translation. The
results suggest that the successful transfer of sarcasm largely depends on the ap-
propriate selection of translation techniques and careful consideration of contextual
meaning.
In contrast to qualitative linguistic analyses, sarcasm detection in social media

has also been studied using computational methods. For example, Ducret et al.
(2020) investigate linguistic and contextual features used for sarcasm detection
in Twitter posts. The authors use a Twitter Corpus (Ghosh et al., 2020) consist-
ing of 5,000 sarcastic and non-sarcastic tweets and analyze stylistic, complexity,
and psychological features, as well as sentiment and emotion related indicators.
Their experiments with a Random Forest classifier demonstrate that incorporating
conversational context significantly improves performance, achieving F1-score of
approximately 70%. The study also shows that sarcastic tweets often exhibit
emotional or semantic incongruity with their surrounding context.
Recent research has also explored the problem of sarcasm detection across multiple

languages. Tasnim and Nath (2024) investigate cross-language sarcasm detection
using English (Misra and Arora, 2023) and Bangla (Lora et al., 2024) datasets and
evaluate 27 model configurations using multilingual models such as XLM-RoBERTa
(Conneau et al., 2020), mBERT (Devlin et al., 2019), and mT5 (Xue et al., 2021)
with di!erent classifiers, including SVM (Cortes and Vapnik, 1995), Random
Forest (Ho, 1995), and LSTM (Hochreiter and Schmidhuber, 1997). Their results
reveal no statistically significant di!erence in performance between languages with
respect to the F1-score, according to the Wilcoxon test (Wilcoxon, 1945), while
accuracy shows a significant di!erence, with all evaluated models achieving higher
accuracy on the English dataset than on the Bangla dataset. This suggests that
overall sarcasm detection ability may remain relatively consistent across languages,
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although performance can still vary depending on specific factors. However, authors
emphasize that further research is needed to assess the applicability of these findings
to other languages.
Recent studies have also investigated the e!ectiveness of transformer-based lan-

guage models for sarcasm detection across di!erent domains. Oprea and Bâra
(2025) conduct a systematic comparative study of four transformer-based mod-
els, namely RoBERTa-large (Liu et al., 2019), RoBERTa-base (Liu et al., 2019),
DistilBERT-base-uncased (Sanh et al., 2019), and DistilBERT-SST2 (Sanh et al.,
2019), using supervised fine-tuning on two publicly available datasets containing
sarcastic news headlines and Amazon product reviews. Their methodology includes
group-aware data splitting, label smoothing, macro-F1-based early stopping, and
cross-domain evaluation to assess model robustness and cross-domain generalization.
Their results show that RoBERTa-base achieves the highest macro F1-score of 0.943
on the news headline dataset, while DistilBERT-SST2 demonstrates the strongest
cross-domain performance, reaching a macro F1-score of 0.878 on the Amazon
review dataset and shows the most consistent performance on unseen sarcastic
texts despite its smaller size. The authors conclude that domain-aware fine-tuning
and appropriate model selection are important for e!ective sarcasm detection.
Other studies have focused on benchmarking transformer-based models for sar-

casm detection in specific languages. Abu Farha and Magdy (2021) conduct a
comprehensive evaluation of transformer-based language models for Arabic senti-
ment analysis and sarcasm detection using the ArSarcasm-v2 dataset of annotated
tweets (Abu Farha et al., 2021). The authors compare 24 models, including multi-
lingual models such as mBERT (Devlin et al., 2019) and XLM-R (Conneau et al.,
2020) as well as Arabic-specific models. Their results demonstrate that monolingual
Arabic models outperform multilingual ones, particularly when trained on large
datasets containing social media text. Among the evaluated models, MARBERT
(Abdul-Mageed et al., 2021), which was trained on a 128 GB corpus, half of which
consisted of tweets, achieves the highest F1-score of 0.584 on the sarcasm detection
task, slightly outperforming the next best Arabic-specific model, AraBERT-large
(v2) (Antoun et al., 2020), which achieves an F1-score of 0.579. The authors
attribute MARBERT’s performance to the diversity of its training data, which
enables the model to better handle variations in dialectal Arabic.
Similarly, $%&’( and )%*+, (2023) investigate sarcasm detection in Russian

Twitter posts. Their research combines sentiment analysis with sarcasm detection
and compares a convolutional neural network using Word2Vec embeddings with the
Transformer-based model RuBERT (Kuratov and Arkhipov, 2019). For sentiment
classification, the RuBERT-based model achieves the highest accuracy of 79.28%,
outperforming the CNN using Word2Vec embeddings, which reaches 74.23% ac-
curacy. A separate sarcasm detection model achieves an accuracy of 69.19%,
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highlighting the greater di#culty of sarcasm detection. The authors conclude that
sarcasm detection in Russian remains challenging due to contextual ambiguity and
linguistic variability, emphasizing the need for larger manually annotated datasets.
Overall, these studies show that sarcasm has been explored from both lin-

guistic and computational perspectives, highlighting its complexity and context-
dependence. While computational approaches have achieved promising results,
sarcasm detection remains challenging, particularly across languages and contexts.
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8 Methodology
This thesis presents an experimental approach to investigate whether sarcasm
can be preserved after being translated by MT systems and then recognized by
sarcasm detection models. The study uses an English (Misra and Arora, 2023)
and a Russian dataset (Kostya165, 2023). The English dataset is translated into
Russian using MT, and sarcasm detection models are applied to both original and
translated data to analyze the e!ect of translation on sarcastic meaning.
Firstly, a multilingual transformer-based model XLM-R (Conneau et al., 2020)

will be fine-tuned for sarcasm detection by using annotated English and Russian
datasets. The following training setups will be applied, including fine-tuning on
each language separately, fine-tuning a combined English-Russian dataset, and also
sequential fine-tuning where the model will be first trained on English dataset and
then on Russian. Model performance will be evaluated using such classification
metrics as precision, recall, and F1-score in order to select the best configuration.
Secondly, the English sarcasm dataset will be translated into Russian using the

MT model NLLB (Team et al., 2022). The translated dataset will still have the
original sarcasm annotations that would allow a direct comparison between original
and translated segments. The sarcasm detection model that performed best will
then be applied to the data translated into Russian to examine how translation
a!ects sarcasm detection performance.
Finally, a qualitative analysis will be performed for the translated data, focusing

on cases where sarcasm is correctly or incorrectly detected after translation. This
analysis will examine which translation techniques were used in the MT output
for translation of sarcastic expressions. This approach would allow to analyze the
impact of MT on sarcasm detection.

8.1 Datasets Selection and Preprocessing
The study uses an English dataset (Misra and Arora, 2023) and a Russian dataset
(Kostya165, 2023). The English dataset is based on the Sarcasm_Headlines_Dataset,
which contains news headlines that are already annotated for binary sarcasm classi-
fication. The corpus includes 11 724 sarcastic and 14 985 non-sarcastic headlines col-
lected from online news sources. The dataset is provided in a case-normalized form,
where all text, including named entities such as company names and proper nouns,
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is converted to lowercase. The Russian dataset is based on the ru_emotion_dvach

corpus, which contains user-generated text samples labeled across multiple emo-
tional categories, including sarcasm, aggression, anxiety, neutral, and positive
emotions, with an overall number of 59 054 segments.
Table 2 shows the main information about each dataset and presents the language,

label distribution, and reference source. While the English dataset already provides
binary sarcasm annotations and is rather balanced, the Russian dataset required
additional preprocessing in order to be better adapted for the sarcasm detection
task.

Table 2: Overview of the selected datasets used for sarcasm detection
Dataset Language Original distri-

bution

Reference

Sarcasm_Headlines_Dataset English 14 985
non-sarcastic

Misra and
Arora (2023)

11 724 sarcastic
headlines

ru_emotion_dvach corpus Russian 11 693 sarcastic Kostya165
(2023)47 361

other emotions

To ensure compatibility between datasets, both datasets were converted into a
binary classification format consisting of text and label, while any potential missing
values were removed during preprocessing. For the Russian dataset, sarcastic
examples were assigned label 1, while all remaining emotional categories were
treated as non-sarcastic and assigned label 0.
Since the Russian dataset originally contained substantial class imbalance, addi-

tional preprocessing was necessary. All sarcastic examples were extracted, and an
equal number of non-sarcastic segments were randomly sampled from the remaining
categories to create a balanced binary classification dataset with 11 693 examples for
both sarcastic and non-sarcastic classes. The English dataset was also balanced to
ensure equal numbers of sarcastic and non-sarcastic samples with 11 724 examples
for each class. This minimal preprocessing approach was chosen to preserve the
original lexical and stylistic properties of the data, which are important for sarcasm
detection, as sarcastic cues may be expressed through diverse linguistic forms.
To maintain comparable experimental conditions across languages, both datasets

were reduced to 20 000 samples each, with approximately balanced class distri-
butions with 10 009 non-sarcastic and 9 991 sarcastic for English dataset and 10
024 sarcastic and 9 976 non-sarcastic for Russian dataset. This design choice was
selected in order to minimize any potential bias in case of unequal dataset sizes
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and allowed a fairer cross-lingual comparison.
Each dataset was divided into training, validation, and test subsets using stratified

sampling to preserve class balance and a fixed random seed of 42 was used for
reproducibility. The data was split into 70% training, 15% validation, and 15% test
sets to ensure a su#cient amount of data for model training while still providing
adequately sized validation and test sets for model selection and evaluation. The
training set contained 14 000 examples, with 7 007 non-sarcastic and 6 993 sarcastic
instances for the English dataset, and 7 016 sarcastic and 6 984 non-sarcastic
instances for the Russian dataset and both the validation and test sets containing
3 000 examples each, with approximately balanced class distributions of about 50%
per class. Table 3 summarizes the final dataset statistics across all splits.

Table 3: Final dataset statistics across splits
Language Split Non-sarcastic Sarcastic Avg. words

English
Train 7 007 6 993 9.87

Validation 1 501 1 499 9.85
Test 1 501 1 499 9.81

Russian
Train 6 984 7 016 26.62

Validation 1 496 1 504 26.57
Test 1 496 1 504 26.51

8.2 Model Selection and training configurations
A multilingual transformer-based model, XLM-R (Conneau et al., 2020), was
selected for model’s training in this experiment and is fine-tuned for sarcasm
detection by using annotated English and Russian dataset. The model was chosen
because it supports multiple languages and allows the same model to be applied to
both English and Russian data, which is important for cross-lingual experiments.
Although pretrained sarcasm detection models exist, they were not used in this
study to avoid relying on previous task-specific training. Instead, XLM-R was used
as a multilingual baseline for all experiments to ensure a consistent and comparable
setup.
Instead of focusing on comparing di!erent model architectures, this part of the

experiment focuses on evaluating the results of di!erent training configurations.
The model is fine-tuned under four di!erent settings: monolingual training on
English data, monolingual training on Russian data, multilingual training on a
combined English and Russian dataset, and finally sequential fine-tuning, where
the model was first trained on English data and then further fine-tuned on Russian
data.
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The following Table 4 demonstrates the fine-tuning configurations that were
used during this stage in the current experiment.

Table 4: Overview of models and hyperparameters used in the experiment
Model Language Samples Epoches Batch LR

XLM-RoBERTa EN 14,000 5 16 2e-5
XLM-RoBERTa RU 14,000 5 16 2e-5
XLM-RoBERTa EN+RU 14,000 5 16 2e-5
XLM-RoBERTa EN->RU 14,000 5 16 2e-5

All models were fine-tuned under the same conditions to ensure consistency of
the experiment on di!erent datasets. The AdamW optimizer was used with a
learning rate of 2e-5 and a weight decay of 0.01. The number of training epochs was
fixed to 5 based on preliminary runs, where no further improvement in validation
performance was observed beyond this point. A batch size of 16 was used for both
training and evaluation.
All models were trained for a binary classification task using the standard cross-

entropy loss function. Training loss was computed during training, and validation
performance in terms of F1-score was used for model selection. The best model
was selected based on validation F1-score.

F1-score was used as the main evaluation metric because it provides a balanced
measure of precision and recall, which is important for sarcasm detection, where
both false positives and false negatives are relevant. A fixed random seed of 42
was used to ensure reproducibility. For the final evaluation, precision, recall, and
F1-score were computed on the test sets to provide a more detailed assessment of
model performance.

8.3 Sarcasm Detection Approach
For the current experiment sarcasm detection is performed as a binary text classi-
fication task, where each input text is assigned one of the following classes, either
sarcastic (1) or non-sarcastic (0). The input data consists of short segments, such as
news headlines or user-generated content, which often require contextual interpret-
ation to identify implicit meaning. Each input text was tokenized with the XLM-R
tokenizer and processed as a single sequence. The encoded text representation
was then passed through the model’s classification layer, which produces scores for
the two possible classes. The final label was assigned based on the class with the
highest predicted score. A multilingual XLM-R model was used in all experimental
settings to ensure consistent processing across English and Russian data.
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During this experiment cross-lingual robustness was evaluated by fine-tuning
models under di!erent configurations and testing them on both English and Russian
datasets. Additionally, the impact of MT was assessed by applying the best trained
model to machine translated dataset at the further stage of the experiment in order
to analyze whether sarcastic meaning was preserved across languages.

8.4 Machine Translation Approach
In the second stage of the experiment, the English test dataset was translated into
Russian using the MT system. The NLLB-200 model (Team et al., 2022) was used
for this purpose due to its multilingual capabilities and strong performance across
a wide range of language pairs.
The translation was performed at the sentence level, where each English text

segment will be translated into Russian. The original sarcasm annotations were
preserved to make possible the direct comparison between the original English
inputs and their translations into Russian.
The resulting translated dataset was then used to evaluate how machine trans-

lation a!ects sarcasm detection performance. Specifically, the best-performing
sarcasm detection model identified in the previous stage was applied to the data
translated into Russian. This setup would enable analysis of how MT a!ects
sarcasm recognition performance.
All texts were translated using the same NLLB-200 model and translation setup,

with a maximum sequence length of 128 tokens, which was su#cient given that the
dataset consists of news headlines with an average length of approximately 9 words.
The translated outputs are stored alongside the original data to enable subsequent
evaluation and comparison of sarcasm detection performance.

8.5 Evaluation
The performance of each model under di!erent training configurations was evaluated
on both English and Russian test sets using standard classification metrics, including
accuracy, precision, recall, and F1-score. These metrics were computed based on
the comparison between the predicted labels and the true labels.
Accuracy was used as a general measure of overall performance, while precision

and recall provide a more detailed view of the model’s behavior in terms of false
positives and false negatives. F1-score was used as the main evaluation metric, as it
balances precision and recall and is particularly informative for sarcasm detection
tasks, where both false positives and false negatives can significantly a!ect the
interpretation of results.
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Evaluation was performed on both English and Russian test sets in order to assess
cross-lingual performance. Each fine-tuned model was tested on both datasets, to
observe how well the models generalize across languages. All evaluation metrics
were computed using the scikit-learn library based on model predictions obtained
through the Hugging Face Transformers library.
In addition to sarcasm detection performance, the quality of machine-translated

data was also evaluated. Two reference-free evaluation metrics were used for this
purpose, namely multilingual BERTScore and COMET-QE (Rei et al., 2020b).
These metrics were applied to the translated dataset to assess the semantic similarity
between the original English texts and their Russian translations, providing an
indication of how well meaning was preserved during MT. In terms of sarcasm
detection, the impact of MT was evaluated by applying the best-performing sarcasm
detection model to the translated dataset and comparing its performance with that
obtained on the original English and Russian test sets.

8.6 Qualitative Analysis
Finally, a qualitative analysis was performed on the translated dataset, focusing
on text segments that are labeled as sarcastic in the original English dataset. The
analysis included both cases where the translated Russian text were correctly
identified as sarcastic by the best-performing model and cases where sarcasm was
not successfully detected after translation. This comparison aimed to identify how
MT influences the preservation of sarcastic meaning.
Particular attention was paid to the translation techniques used in the MT output,

which was identified through manual qualitative analysis based on translation studies
literature, including compensation, modulation, adaptation, transposition, and
other strategies described in translation studies literature (Newmark, 1988; Zawawi
and Maghfiroh, 2020; Molina and Albir, 2002), in order to examine whether specific
translation strategies were associated with the preservation or loss of sarcastic
meaning.
This analysis aims to identify which translation techniques are associated with

preservation or loss of sarcastic meaning in machine-translated text. By comparing
both correctly and incorrectly classified translated examples, the qualitative analysis
complements the quantitative evaluation and provides further insight into when
sarcastic meaning remains recognizable after MT.
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9 Results
This chapter presents the results of the sarcasm detection experiments, including
model performance under di!erent training configurations and the application of
the best-performing model to the English dataset translated into Russian. The
performance of each model was evaluated on both English and Russian test sets
using standard evaluation metrics, including accuracy, precision, recall, and F1-
score.
Table 5 provides an overview of the evaluation results across all configurations.

Overall, the results suggest that model performance varies depending on both
the training configuration and the language of evaluation. While the monolingual
models achieved the strongest performance on test data in the same language as
the training data, the combined and sequential training approaches demonstrated
di!erent levels of cross-lingual generalization. The following sections present a
detailed analysis of each training setup and its performance in both monolingual
and cross-lingual scenarios.

Table 5: Overview of the results of the test set evaluation on di!erent model
configurations

Model Test set Accuracy Precision Recall F1

EN-only EN 91.70 92.63 90.59 91.60
EN-only RU 50.20 51.15 14.76 22.91
RU-only RU 94.50 95.51 93.41 94.45
RU-only EN 49.23 45.89 8.94 14.96
Combined EN 89.40 91.56 86.79 89.11
Combined RU 93.80 94.65 92.89 93.76
Sequential EN–RU EN 73.57 87.24 55.17 67.59
Sequential EN–RU RU 94.13 93.57 94.81 94.19

Figure 1 presents a comparison of F1-scores across di!erent training configurations
and test sets. The visualization highlights clear di!erences between monolingual,
combined, and sequential training approaches. Monolingual models demonstrate
strong performance when they are evaluated on the test set with the same language
but show a substantial decline in cross-lingual settings. In contrast, the combined
model, that was trained on both Russian and English datasets, maintains con-
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sistently high F1-scores across both English and Russian test sets, which could
indicate improved generalization across languages.
Unlike the combined model, which was trained simultaneously on the merged

English and Russian datasets, the sequential model was first trained on the English
dataset and then further fine-tuned on the Russian dataset. The sequential model
achieves high performance on Russian, which was the second training language, but
shows reduced performance on English, the first training language, suggesting an
imbalance in learned representations. Overall, the chart demonstrates the contrast
between the performance of monolingual models and their limited cross-lingual
generalization, while it also emphasizes the advantage of the combined training
approach. The following sections provide a more detailed analysis of each model
configuration.

Figure 1: Overview of the F1 score across di!erent models

9.1 Training on English dataset
The model trained on the English dataset demonstrates strong performance when
evaluated on the English test set, achieving high scores across all evaluation metrics,
with an F1-score of 92.60%. This indicates that the model is able to e!ectively
learn and recognize sarcasm patterns within the same language.
However, when applied to the Russian test set, the model’s performance drops

significantly. In particular, recall decreases sharply from 90.59% on the English test
set to 14.76% on the Russian test set, resulting in a low F1-score of 22.91%. This
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indicates that the model struggles to generalize sarcasm detection across languages
when trained only on English data. The substantial decrease in recall further shows
that the model fails to correctly identify a large portion of sarcastic instances,
revealing a strong bias toward the non-sarcastic class in the cross-lingual setting.
To further analyze the performance of the English-only model, confusion matrices

presented in Figure 2 were generated for the evaluation on both English and Russian
test sets. These matrices provide insights into the distribution of correct and
incorrect predictions across classes.
On the English test set, the model demonstrates balanced performance, with a

relatively even distribution of errors across sarcastic and non-sarcastic classes. In
contrast, on the Russian test set, the model shows a strong bias toward predicting
the non-sarcastic class, consistent with the low recall observed earlier.

Figure 2: Confusion matrices for English-only model evaluated on the English and
Russian test sets

9.2 Training on Russian dataset
The model trained on the Russian dataset achieves strong performance on the
Russian test set, with an F1-score of 94.45%, indicating e!ective sarcasm detection
within the same language. The model demonstrates high recall and precision,
suggesting that it is able to reliably identify both sarcastic and non-sarcastic
instances in Russian.
In contrast, when evaluated on the English test set, the model performs poorly,

with a substantial decrease in all evaluation metrics and an F1-score of 14.96%. In
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particular, recall drops sharply from 93.42% on the Russian test set to 8.94% on
the English test set, indicating that the model fails to correctly identify a large
portion of sarcastic instances in English. This behavior suggests that the model
has di#culty transferring learned representations across languages.
Similar to the English-only configuration, this result highlights limited cross-

lingual generalization when the model is trained on a single language, confirming
that sarcasm detection patterns learned in one language do not directly transfer to
another.
The confusion matrices in Figure 3 further illustrate the di!erences in performance

between monolingual and cross-lingual evaluation for the Russian-only model. The
model correctly identifies the majority of both sarcastic and non-sarcastic segments
on the Russian test set. However, on the English test set, it shows a strong bias
toward predicting the non-sarcastic class that results in a large number of sarcastic
instances being misclassified. This pattern is consistent with the substantial
decrease in recall and F1-score observed during cross-lingual evaluation.

Figure 3: Confusion matrices for the Russian-only model evaluated on the English
and Russian test sets

Interestingly, the English-only model demonstrates slightly better cross-lingual
performance on the Russian test set than the Russian-only model does on the
English test set. While both configurations show limited generalization, this
asymmetry indicates that representations learned from English data may transfer
more e!ectively to Russian than vice versa.
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9.3 Combined training

9.3 Combined training
The model which was trained on the combined English-Russian dataset demon-
strates consistently strong performance across both test sets that is reflected in
Table 5. On the English test set, the model achieves an F1-score of 89.11%, while
on the Russian test set it reaches 93.76%.
Although the performance on the English data is slightly lower compared to the

English-only model, the combined model shows a clear improvement in cross-lingual
generalization. This indicates that training on multilingual data allows the model to
generalize better across languages while also maintaining high overall performance.
For further examination of model performance, confusion matrices were generated

for the combined model on both English and Russian test sets in Figure 4. These
matrices provide additional insight into the distribution of correct and incorrect
predictions across classes labeled as sarcastic and non-sarcastic.
On both datasets, the combined model demonstrates relatively balanced per-

formance, with a more even distribution of predictions between sarcastic and
non-sarcastic classes compared to the monolingual models. The number of false
positives and false negatives is reduced, particularly when compared to monolingual
models evaluated on a di!erent language than the one used during training
This behavior also aligns with the overall evaluation metrics, indicating that

training on combined multilingual data improves the model’s ability to generalize
across languages and reduces class bias observed when monolingual models are
evaluated on a language di!erent from the one used during training.

Figure 4: Confusion matrices for the Combined model evaluated on the English
and Russian test sets
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9.4 Sequential training

The sequentially trained model was at first fine-tuned on the English dataset and
then further on the Russian dataset in order to examine how training on multiple
languages in sequence a!ects model performance and cross-lingual generalization.
The sequential model demonstrates strong performance on the Russian test set,
achieving an F1-score of 94.19%. The model maintains high recall and precision,
indicating e!ective sarcasm detection in Russian after the second stage of training.
However, its performance on the English test set is noticeably lower, with an

F1-score of 67.59%. In particular, recall decreases compared to the English-only
model, which could suggest that the model becomes less e!ective at identifying
sarcastic segments in English after being additionally fine-tuned on Russian dataset.
This result indicates that the model adapts e!ectively to the second training

language at the later stage but exhibits reduced performance on the original
language. Compared to the combined training approach, the sequential setup
results in less balanced performance across languages, since the model appears to
shift toward the characteristics of the second training dataset.
The confusion matrices in Figure 5 further support the evaluation results. While

the model demonstrates strong performance on the Russian test set, the number
of incorrectly classified sarcastic instances increases on the English test set. This
pattern is consistent with the decrease in recall and F1-score and provides additional
evidence that the second stage of fine-tuning a!ects the model’s performance on
previously learned data.

Figure 5: Confusion matrices for the Sequential model evaluated on the English
and Russian test sets
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This pattern highlights the impact of training order, suggesting that the model
prioritizes the most recently seen data. The second stage of fine-tuning on Russian
leads to improved performance in Russian, while earlier knowledge acquired from
English is partially diminished.

9.5 Sarcasm detection on machine translated
dataset

The performance of the combined model on the English dataset in Figure 6 that was
machine translated into Russian shows a substantial decline when it is compared
to the performance on the original English and Russian datasets. While the model
previously achieved high F1-scores of 89.11% on the original English test set and
93.76 on the Russian test set, the results on the translated data achieving F1-score
of 36.06% indicate a significant drop in sarcasm detection performance. This decline
is particularly evident in the model’s ability to recognize sarcastic instances, with
recall for the sarcastic class decreasing to 22.82%. The results suggest a bias toward
predicting the non-sarcastic label, which in turn leads to a substantial reduction
in the detection of sarcastic content. This pattern suggests that MT may a!ect
the preservation of sarcastic meaning and reduce the visibility of cues that are
important for sarcasm recognition.

Figure 6: Overview of the F1 scores evaluated on the English, Russian and machine
translated test sets

The confusion matrix in Figure 7 provides further insight into the model’s
behavior on the machine translated dataset. The model correctly identifies most
non-sarcastic instances. However, many instances that were originally labeled as
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sarcastic in the English dataset are predicted as non-sarcastic after being machine
translated into Russian, with the original English labels being retained. This
pattern is consistent with the F1-scores reported above and suggests that MT may
not fully preserve the linguistic cues associated with sarcasm. Consequently, texts
that were originally labeled as sarcastic become less likely to be recognized as such
by the model, contributing to the observed decline in performance.

Figure 7: Confusion matrices for the Combined model evaluated on the machine
translated dataset

For further assessment of the quality of the machine translated dataset, two
reference-free evaluation metrics were applied to the MT output: multilingual
BERTScore and COMET-QE. The translated texts achieved an average BERTScore
of 71.14% and an average COMET-QE score of 72.19%, which demonstrates a
moderate degree of semantic similarity between the original English texts and their
Russian translations. The median COMET-QE score of 76.53% further suggests
that most translations preserve a substantial portion of the original meaning,
although translation quality varies across individual examples during closer manual
analysis.
Despite these relatively positive translation quality scores, sarcasm detection

performance decreases substantially on the translated dataset. This suggests that
MT is generally able to preserve the overall semantic content of the source texts,
while failing to consistently preserve the pragmatic and contextual cues necessary
for sarcasm recognition.
This observation motivates further qualitative analysis of correctly detected sar-

castic correctly detected sarcastic instances as well as sarcastic instances incorrectly
classified as non-sarcastic segments to examine which translation strategies were
used during MT.
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9.6 Qualitative analysis of the translation
techniques in Machine translated dataset

The qualitative analysis focused on instances that were originally labeled as sarcastic
in the English dataset and examined how MT into Russian a!ected their recognition
by the combined model, which achieved strong performance on both the original
English and Russian test sets. Particular attention was paid to two types of
outcomes after MT: segments that remained correctly classified as sarcastic and
segments that were originally labeled as sarcastic but were classified as non-sarcastic
in the translated dataset. For each outcome type, approximately 100 examples
were examined. The following Table 6 presents the translation techniques observed
in cases where sarcasm was successfully recognized after MT.

Table 6: Translation techniques applied for successfully identified sarcastic segments
Original EN text MT Russian text Translation

Technique

(1) gun show vendor jokes
with insane customer about
how he hopes he’s not insane

K&+./,2G +&%J’> A%1’1 5
32E%D(<D *6’2(1+D + 1+D,
*/* +( (/.2215>, 41+ +( (2
5%D/5A2.A’F

Literal transla-
tion

(2) ’no way to prevent this,’
says only nation where this
regularly happens

"L21 5:+5+3/ C1+;+
:&2.+1,&/1’18", - ;+,+&’1
1+68*+ 51&/(/, ;.2 C1+
:&+’5M+.’1 &2;%6>&(+

Literal transla-
tion

(3) buddy system respons-
ible for additional death

"’512D/ ".&%;"
+1,2151,2((/> E/
.+:+6(’1268(%0 5D2&18.

Calque

(4) nation fondly recalls
when just regulating video
games seemed like solution
to gun violence

L/G’> 5 %.+,+6851,’2D
,5:+D’(/21, *+;./ :&+51+
&2;%6’&+,/(’2 ,’.2+’;&
*/E/6+58 &2A2(’2D
(/5’6’> 5 +&%J’2D

Literal transla-
tion

(5) mother’s little angel
just made fun of class-
mate’s weight for 30 straight
minutes

N/62(8*’F /(;26 D/12&’
1+68*+ 41+ ,<5D2>6 ,25
+.(+*6/55(’G< , 1242(’2
30 D’(%1 :+.&>.

Literal transla-
tion

(6) millionaire thinks of self
as upper-middle class

N’66’+(2& 54’1/21 523>
5&2.(’D *6/55+D.

Reduction

As shown in Table 6, literal translation was the most frequently observed
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translation technique among the correctly identified sarcastic segments, while
calque and reduction appeared only occasionally. In these examples, MT generally
preserved the semantic contrast or mismatch present in the original text. Although
some translations contain lexical or grammatical inaccuracies, the cues contributing
to sarcastic meaning often remained visible enough for the model to correctly
classify the translated segment as sarcastic.
Examples (1) and (4) in Table 6 demonstrate that sarcasm remains recognizable

when the translated text preserves the intended absurdity or inconsistency of
the situation. Example (1) conveys sarcasm in the form of a gun show vendor
joking with a clearly unstable customer about being insane, while in example (4),
the sarcastic e!ect is created by nostalgically recalling a time when video games
regulation was perceived as a su#cient solution to gun violence. In both cases, the
original sarcastic intent remains understandable and detectable in the MT output.
Example (6) in Table 6 is particularly interesting because the reduction of the
expression upper-middle class to middle class results in partial information loss,
yet the sarcastic contrast between wealth and self-perception remains visible for
successful sarcasm recognition.
In examples (2) and (5) in Table 6, the contrast between the literal statement

and the implied meaning also remains visible after translation. In example (2),
the contradiction between the claim that there is no way to prevent this and the
observation that the same event happens regularly continues to convey the original
sarcastic intent in the translated text. Similarly, example (5) preserves the contrast
between the positive description little angel and the negative behavior that follows.
Nevertheless, successful sarcasm recognition does not appear to depend on a fully

accurate translation. Example (3) contains an awkward calque and grammatical
inaccuracies, however, the translated text still contains enough contextual and
semantic cues for the model to classify it as sarcastic. Similar observations can
be made for several other examples in Table 6, where sarcasm remains detectable
despite small translation imperfections. This suggests that fully accurate translation
is not always necessary for successful sarcasm recognition in machine translated
texts.
However, not all sarcastic instances remained recognizable after being machine

translated. A substantial number of segments that were originally labeled as
sarcastic were actually classified as non-sarcastic by the model. Additionally,
approximately 100 examples of false negative predictions were investigated as well
for a more comprehensive analysis. Table 7 presents examples of sarcastic segments
that were incorrectly classified as non-sarcastic after MT.
In contrast to the examples presented in Table 6, the segments shown in Table

7 demonstrate cases in which sarcastic segments were mistakenly identified as
non-sarcastic by the model after MT. After identifying these misclassified cases,
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Table 7: Translation techniques applied for unsuccessfully identified sarcastic seg-
ments

Original EN text MT Russian text Translation

Technique

(7) pfizer breaks psycholo-
gical need to always seek
fda’s approval

K5’M+6+;’425*/>
:+1&23(+518 ,52;./ ’5*/18
+.+3&2(’2 FDA.

Reduction

(8) surviving miner ordered
back to work

O<J’,A’D A/M12&/D
:&’*/E/(+ ,2&(%185> *
&/3+12

Literal transla-
tion

(9) guinea pig returned for
store credit

$,’(2> ,2&(%6/58 .6>
:+*%:*’ *&2.’1/.

Literal transla-
tion + Reduction

(10) army commander de-
pressed after reading face-
book comments on latest
raid

P+D/(.’& /&D’’
+325:+*+2( :+562
:&+412(’> *+DD2(1/&’2,
(/ 92F53%*2 + :+562.(2D
&2F.2.

Modulation

(11) lucky bastard gets to be
in coma

Q2.(<F %360.+* :+:/6 ,
*+D2.

Modulation

the translated segments were qualitatively analyzed to determine which translation
techniques were present and whether they were associated with changes in how
sarcastic meaning is expressed. While the overall meaning of the source text is
often preserved, in some cases the sarcasm becomes less explicit or the overall
clarity of the message is reduced, making it di#cult for the model to recognize
sarcastic intent. At the same time, other examples preserve the sarcastic meaning
of the original text but are nevertheless classified as non-sarcastic by the model.
The following examples illustrate the translation techniques identified in these
misclassified cases and examine how the translated segments preserve or alter the
expression of sarcastic meaning.
Examples (7) and (9) in Table 7 contain cases in which information loss is

observed during translation. In example (7), the omission of the subject pfizer
removes an important element of the original statement, while in example (9), the
expression guinea pig is incorrectly translated as the name of the country, resulting
in both information loss and semantic distortion. In these examples, the translated
segments contain less explicit sarcastic cues, which may make sarcastic intent more
di#cult for the model to recognize.
Examples (10) and (11) in Table 7 include instances in which modulation is

observed. In example (10), the stronger emotional state depressed is translated
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as the less expressive concerned, reducing the evaluative impact of the statement.
Similarly, in example (11), the sarcastically positive adjective lucky is replaced by
the word with negative meaning poor, removing the contrast that contributes to
the sarcastic e!ect. In both examples, the modulation is associated with a weaker
expression of the original sarcastic meaning, although this alone may not directly
explain the model’s incorrect prediction.
Example (8) in Table 7 shows that preserving the original meaning through

literal translation does not necessarily guarantee successful sarcasm recognition.
The translated segment preserves both the semantic content and the sarcastic
intent of the original statement. Nevertheless, the model classifies the segment
as non-sarcastic, indicating that sarcastic meaning may remain present in the
translation while still not being detected by the model.
Overall, the analysis suggests that unsuccessful sarcasm recognition cannot only

be explained by the translation techniques observed in the MT output. Among
the misclassified examples, some translations exhibit information loss, semantic
distortions, or polarity shifts that could be associated with less explicit sarcastic
cues. In contrast, other examples preserve both the semantic content and the
sarcastic intent of the source text but are nevertheless classified as non-sarcastic by
the model. These findings indicate that the presence of a particular translation
technique alone does not determine whether sarcasm will be successfully recognized
after MT.

58



10 Discussion
This chapter discusses the key findings of the current master’s thesis and compares
them with the existing research on automatic sarcasm detection and MT. Further-
more, it also addresses the limitations of the study and outlines possible directions
for future research and further development of this field.
The results of this master’s thesis demonstrate that sarcasm detection perform-

ance is strongly influenced by both the training configuration and the language
of evaluation. Both monolingual models, English-only and Russian-only, achieved
high performance when they were evaluated on test sets in the same language as
the training data, but their performance decreased substantially in cross-lingual
settings. This result suggests that sarcasm detection patterns learned from one
language do not e!ectively transfer to another in the English-Russian language
pair, despite the use of the multilingual transformer-based model XLM-R (Conneau
et al., 2020). While Tasnim and Nath (2024) reported no significant di!erences in
F1-scores, when they investigated cross-language sarcasm detection using English
and Bangla datasets, the present experiment demonstrated a significant perform-
ance drop in cross-lingual evaluation. These findings suggest that cross-lingual
sarcasm detection is dependent on the language pair and evaluation setting and
also support Tasnim and Nath’s conclusion that further research is needed to assess
the applicability of cross-language sarcasm detection to other language pairs.
Among all evaluated training configurations, the combined model achieved the

most balanced performance across both English and Russian test sets. While both
monolingual models produced slightly higher results with their training languages
during evaluation on test sets, the combined approach demonstrated better cross-
lingual generalization. This observation partially supports the findings of Abu Farha
and Magdy (2021), who demonstrated superior performance of language-specific
models. In the present study, monolingual models also achieved the highest scores
on their respective languages. However, the combined model provided a better
balance between monolingual performance and cross-lingual generalization which
suggests that combined multilingual training may be beneficial when balanced
performance across multiple languages is important.
The sequential training configuration examined in this study involved initial

training on the English dataset followed by further fine-tuning on the Russian
dataset. Although the model achieved strong results on the Russian test set after
the second stage of fine-tuning, its performance on English considerably decreased.
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10 Discussion

This finding suggests that, in the English to Russian training configuration, sequen-
tial fine-tuning resulted in less balanced performance across languages than the
combined training approach.
Another important finding of this master’s thesis concerns the impact of MT on

sarcasm detection. Although the fact that translation quality achieved moderate
scores according to BERTScore and COMET-QE, sarcasm detection performance
decreased significantly on the machine translated dataset. This result indicates that
preserving the overall semantic content of a text does not necessarily guarantee
the preservation of sarcastic meaning. These findings support the observations
of Zawawi and Maghfiroh (2020), who emphasize the importance of translation
techniques for successful sarcasm transfer, while at the same time the results of
the current experiment also demonstrate that MT systems face challenges when
processing figurative and context-dependent language.
The qualitative analysis of the MT output further showed that the preservation of

sarcastic meaning and further sarcasm detection do not depend only on the applied
translation techniques. Literal translation, reduction and modulation were observed
both in segments that remained correctly classified as sarcastic after MT and in
segments that were originally sarcastic but were classified as non-sarcastic after
translation. Furthermore, several translated segments appeared to preserve the
sarcastic meaning of the source text but were nevertheless classified as non-sarcastic
by the model. This observation is consistent with the findings of Ducret et al.
(2020), who highlight the importance of context for sarcasm detection and also
suggest that successful sarcasm detection depends not only on semantic content
but also on contextual and pragmatic cues.
Several limitations of the present study should be further acknowledged. First,

the experiments were conducted using only one English-Russian language pair.
Although these languages di!er linguistically and culturally, the findings from the
current experiment cannot be directly applied to other language pairs. Cross-lingual
sarcasm detection may be a!ected by language-specific characteristics, dataset
composition, and di!erences in cultural norms that are associated with the use
and interpretation of sarcasm. Therefore, further research involving additional
languages would be beneficial to evaluate the broader applicability of the observed
results.
Second, the MT analysis was limited to a single MT system, namely NLLB-

200 (Team et al., 2022). Di!erent MT systems may apply di!erent translation
strategies and actually vary in their ability to preserve sarcastic meaning, pragmatic
information, and contextual cues. Therefore, the observed drop in sarcasm detection
performance may vary across di!erent MT systems. Future studies could compare
multiple MT systems and study whether other architectures are more e!ective at
preserving sarcasm during translation.
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The qualitative analysis also had several limitations. Due to time and scope
constraints, only a limited number of machine translated segments were examined
manually. While these examples provided valuable insights into the interaction
between translation techniques and sarcasm preservation, they may have not
captured other patterns present in the dataset. A larger-scale qualitative analysis
could provide a more comprehensive understanding of how MT influences sarcasm
recognition.
Finally, the current study analyzed sarcastic sentences without applying addi-

tional conversational or situational context. Previous research has shown that
contextual information often plays an important role in sarcasm interpretation.
This limitation is also supported by several examples that were studied during the
qualitative analysis, where sarcastic meaning appeared to remain clear for human
readers but was not successfully identified by the model. Future research could
therefore explore whether application of additional contextual information improves
sarcasm detection performance in multilingual and machine-translated settings.
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11 Conclusion
This thesis investigated the interaction between MT and automatic sarcasm de-
tection in the English-Russian language pair. The study combined experimental
setup with qualitative analysis in order to examine whether sarcastic meaning
remains detectable after MT and to identify the translation techniques used when
translating sarcastic content.
The results of the experiment demonstrated that the sarcasm detection per-

formance is strongly influenced by the training configuration and the evaluation
setting. The monolingual English-only and Russian-only models achieved high
performance when evaluated on test sets in the same language as the training
data, while their performance was lower in cross-lingual settings. This comparison
was used primarily to select the best performing model for further evaluation on
machine-translated data. For this reason, among all evaluated configurations, the
combined model, which was fine-tuned simultaneously on both English and Russian
datasets, achieved the most balanced performance across English and Russian test
sets and was therefore selected for the analysis of the machine-translated dataset,
as it provided a more stable baseline across both languages.
The evaluation on the machine translated dataset revealed a significant drop

in sarcasm detection performance in comparison to the original English and Rus-
sian test sets. Although the translated texts achieved moderate BERTScore and
COMET-QE scores, the model successfully identified only a relatively small propor-
tion of sarcastic segments after MT. These results indicate that the preservation of
general semantic content during MT does not necessarily guarantee the preservation
of sarcastic meaning. Consequently, these findings support the initial assumption
that MT may negatively a!ect sarcasm detection by altering or weakening cues
that are important for sarcasm detection.
Additional qualitative analysis of the MT output highlights two complementary

findings. First, in some cases MT appears to weaken or alter linguistic and pragmatic
cues that contribute to sarcastic meaning, which may reduce the explicitness of
sarcasm in the translated text. Second, there are also cases in which the sarcastic
meaning remains largely preserved in the machine-translated output, yet the model
still classifies these instances as non-sarcastic. This indicates that misclassification
of sarcastic segments as non-sarcastic after MT cannot be attributed solely to
translation quality or translation techniques. Instead, this may also be related to
limitations of the model in capturing contextual and pragmatic aspects of sarcasm.
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11 Conclusion

These findings further indicate that additional contextual information may be
required to reliably capture sarcastic intent in multilingual and machine-translated
settings.
Overall, the findings in this thesis highlight the challenges of processing sarcasm

in multilingual NLP settings. While modern MT systems are often capable of
preserving the general meaning of a text, they still may fail to preserve pragmatic
and contextual cues that are important for automatic sarcasm detection. Future
research could extend this work by investigating additional language pairs, compar-
ing di!erent MT systems, and further exploring the role of contextual information
in multilingual sarcasm detection and translation.
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