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Abstract

Language enables humans to share knowledge, reason about the world, and pass on
strategies for survival and innovation across generations. At the heart of this process
is not just the ability to communicate but also the remarkable exibility in how we can
express ourselves. We can express the same thoughts in virtually in nite ways using
di erent words and structures this ability to rephrase and reformulate expressions is
known asparaphraseModeling paraphrases is a keystone to meaning in computational
language models; being able to construct di erent variations of texts that convey the
same meaning or not shows strong abilities of semantic understanding.

If computational language models are to represent meaning, they must understand and
control the di erent aspects that construct the same meaning as opposed to di erent
meanings at a ne granularity. Yet most existing approaches reduce paraphrasing
to a binary decision between two texts or to producing a single rewrite of a source,
obscuring which linguistic factors are responsible for meaning preservation.

In this thesis, | propose that decomposing paraphrases into their constituent linguistic
aspectsgaraphrase type® ers a more ne-grained and cognitively grounded view of
semantic equivalence. | show that even advanced machine learning models struggle
with this task.

Yet, when explicitly trained on paraphrase types, models achieve stronger performance
on related paraphrase tasks and downstream applications. For example, in plagiarism
detection, language models trained on paraphrase types surpass human baselines:
89.6% accuracy compared to 78.4% for plagiarism cases from Wikipedia [22], and 66.5%
compared to 55.7% for plagiarism of scienti ¢ papers from arXiv [23]. In identifying
duplicate questions on Quora, models trained with paraphrase types improve over
models trained on binary pairs [19]. Furthermore, | demonstrate that these models can
act asprompt engineerseformulating instructions to boost capabilities across tasks,
yielding average gains of 6.4% in title generation, 6.0% in text completion, and 6.3% in
summarization [27].

These results reveal that learning paraphrase types not only strengthens paraphrase
understanding but also generalizes to plagiarism detection, authorship veri cation,
commonsense reasoning, and prompt optimization. Beyond these applications,
paraphrase-aware models hold the potential to improve semantic understanding in
other areas such as summarization and overall semantic evaluation.

| conclude that decomposing paraphrases into speci c linguistic transformations
provides a path toward more robust and semantically grounded language models.
This work o ers a foundation for training models that can represent meaning beyond
surface-level patterns.
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Zusammenfassung

Sprache ermdéglicht es Menschen, Wissen zu teilen und komplexe Denkprozesse zu
durchlaufen. Eine zentrale Fahigkeit ist hierfir ist dBaraphrasierendie Fahigkeit,

die selbe Bedeutung auf nahezu unendliche Weise mit unterschiedlichen Waértern und
Satzformen auszudricken. Paraphrasen bilden eine Schnittstelle fur die Modellierung
von Bedeutung in Sprachmodellen, die auf Kunstlicher Intelligenz (KI) beruhen; die
Fahigkeit, verschiedene Ausdrticke mit gleicher oder unterschiedlicher Bedeutung zu
erzeugen, zeigt ein tiefes Verstandnis fur Semantik.

Wenn Sprachmodelle ein hohes May an semantischem Verstandnis haben sollen,
mussen sie Semantik granular verstehen und steuern kdnnen. Die meisten bestehenden
Anséatze reduzieren Paraphrasieren auf eine binare Entscheidung zwischen zwei Texten
oder auf die Erzeugung einer einzelnen Umformulierung ohne die linguistischen
Faktoren fur die Bedeutungswahrung zu beachten.

In dieser Arbeit beschreibe ich Anséatze, wie Modelle Paraphrasen in ihre konstituier-
enden linguistischen Aspektd@raphrasentypgzerlegen kénnen und diese erlernen.
Dies ermoglicht eine di erenziertere und kognitiv fundiertere Sicht auf semantische
Aquivalenz. Ich zeige, dass selbst fortgeschrittene maschinelle Lernmodelle mit dieser
Aufgabe Schwierigkeiten haben.

Werden Modelle jedoch explizit auf Paraphrasentypen trainiert, erreichen sie deutlich
bessere Leistungen bei verwandten Paraphrasenaufgaben und in ihren Anwendungen.
So Uubertre en trainierte Sprachmodelle in der Plagiatserkennung menschliche
Baselines: 89,6% Genauigkeit gegenuber 78,4% auf Plagiaten in der Wikipedia [22]
sowie 66,5% gegenuber 55,7% in Plagiaten wissenschatftlicher Publika-tionen auf arXiv
[23]. Bei der Deduplizierung von Fragen auf Quora verbessern sich die Modelle
mit Paraphrasentypen gegentber solchen, die nur auf bindren Paraphrasen trainiert
wurden [19]. Darlber hinaus zeige ich, dass diese ModellePatsnpt Engineers
agieren kénnen, indem sie Instruktionen reformulieren und so die Leistungsfahigkeit

in verschiedenen Aufgaben steigern mit durchschnittlichen Verbesserungen von 6,4%
bei Titelgenerierung und 6,3% bei Zusammenfassungen [27].

Diese Ergebnisse zeigen, dass das Erlernen von Paraphrasetypen nicht nur das
Paraphraseverstandnis selbst starkt, sondern auch zur Verbesserung von semantischem
Verstandnis fuhrt. Dartber hinaus erd nen diese Methoden Potenzial zur Verbesserung
in anderen Aufgaben der KI, wie der Zusammenfassung und semantischen Evaluation.

Abschlieyend zeigt diese Dissertation, dass die Zerlegung von Paraphrasen in
spezi sche linguistische Aspekte einen Weg zu robusteren und semantisch fundierteren
Sprachmodellen weist. Diese Arbeit bietet eine Grundlage, um Modelle zu trainieren,
die Bedeutung durch gezielte linguistische Variationen abbildet.
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Equivalence in di erence is the cardinal problem of language and
the pivotal concern of linguistics.

Roman Jakobson

CHAPTER1
Introduction
Contents
1.1 BacKgroUuNd ... ... 1......
1.2  Motivation &Problem ... 6.....
1.3 Research Objective. ... ... e 10......
1.4  Key ContribULIONS .. ..ottt e e 10.....
1.5 ThesisOUNe . ... e e 19......

In this chapter, | provide an introduction to this work. Section 1.1 contextualizes this
work and Section 1.2 motivates and introduces the problem. Section 1.3 de nes the
resulting research objective and tasks. Section 1.4 describes the key contributions of
this work, including a summary, the key ndings, and implications of the published
research articles of this thesis. Section 1.5 concludes with an outline of the remaining
document.

1.1 Background

Language allows us to share information about the world with others; we can travel back
in time to speak about events that happened in the past or create hypothetical scenarios
about the future. We can use it to express our ideas to others, but also think and self-
re ectwithout speaking aloud. We can pass on information to future generations, which
inherit a legacy of strategies to secure survival for the human species: to successfully
hunt, nd shelter, grow crops, build engines, use electricity, craft transistors, and invent
the very computers | am now writing my dissertation on. We do not need to derive
Newton's laws of motion from scratch to engineer vehicles. Instead, we stand on the
shoulders of hundreds of thousands of years of human knowledge powered by natural
language [44, , , ]. Without natural language, no complex cognition, thought,
reasoning, and intelligence exist as we know from humans [41, 53, 57,1143].

Atthe heart of this process is not just the ability to communicate but also the remarkable
exibility in how we can express ourselves [52, 63, , ]. We can express the same
thoughts in virtually in nite ways using di erent words and structures this ability

to reframe and reformulate expressions is knowngeraphras¢40, 62, 96, : ]

11t should be mentioned that, of course, individuals can have non-verbal forms of thought, such as imagery or
sensory impressions [75], yet complex reasoning often happens through language.




Section 1.1. Background

Humans think in abstract semantic concepts or ideas. Consider, for example, a
researcher writing a paper. Typically, they do not script out every single word but
rather outline a higher-level trajectory of key ideas and semantic concepts and then
write the nal manuscript. If the same paper had to be written again, the researcher's
exact phrasing might have di ered, but the semantic content would remain pretty
consistent.

During the development of languages, paraphrasing became a key linguistic capacity
that emerged as humans developed abstract thinking, social interaction, and knowledge
sharing. The ability to convey the same meaning using di erent expressions allows
for redundancy in communication, which is essential in ensuring the successful
transmission of information across di erent contexts.

Paraphrasing has been part of our everyday lives when communicating. More than two
millennia ago, Socrates already emphasized the importance of paraphrasing another's
opinion in their own words during discussions [38]. Why? Because the ability to
reconstruct a similar description of the same underlying meaning proves to the other
person that they understood the core point being made, and also gives space for
clari cation or con rmation [114]. You will experience this almost every day in your

life. Pay attention to it. We often ask: Did you measparaphrase of others' poifit>or

Did I understand correctly thakparaphrase of others' poifft>Compiling paraphrases

of the same message that the other person had said proves to that person a certain level
of understanding of the underlying meaning that has been communicated.

Consider the following two examples, which, despite having no words in common and
di ering in length, convey the same meaning:

Al: Avoid procrastination.
A2: Stop postponing what you seek to do.

Why is it that we can markedly change the words in a text while still meaning the exact
same thing? Why is one iteration of a text reading better than another, but only slightly
di ers in diction, punctuation, or structure? What is the true underlying meaning of a
text if it can be expressed in many di erent ways?

In 1881, German philosopher and mathematician Gottlob Frege started to address these
questions systematically. He generally asked how di erent linguistic descriptions
(i.e., signs) can refer to the same object or referent [56]. In courtesy of his example,
if you draw three lines, a, b, and ¢, connecting the vertices of a triangle with the
midpoints of the opposite side, then the point of intersection of a and b is the same
as the point of intersection of b and c. Therefore, di erent designations describe the
exact same point, and these descriptors ( point of the intersection of a and b and
point of the intersection of b and c ) likewise indicate a di erenmhode of presentation
The meaning of these descriptors may be the same, but their mode of presentation
(or description) is di erent. Although presented in di erent ways, the statement itself
contains true knowledge, which, in the case of this example, is this point in the middle
of the triangle. More generally, in natural languagearaphraseare di erent angles of

Chapter 1
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the same underlying semantic meaning. In other words, paraphrases are a way into
Frege's mode of presentation (or description), which consists of the di erent angles of
the same referent or underlying meaning and truth we want to describe.

Building on this perspective, Gleitman and Gleitman [62] argue that paraphrasing
is a fundamental window into the cognitive mechanisms underlying language use.
They showed that while di erent surface forms may appear to diverge in structure
or word choice, paraphrase tasks reveal a speaker's ability to preserve meaning
across transformations, re ecting both grammatical competence and processing
constraints (they construct various kinds of three-noun compounds and ask humans
about their semantic meaning to show this). In this view, paraphrasing operates as
an experimental probe into the relationship between linguistic form and semantic
interpretation, exposing not only the exibility of expression but also the limitations of
memory, attention, and comprehension that shape how humans manipulate language
(which has picked up traction in psycholinguistics). Work led by Chafe [40] argues
that paraphrases reveal the underlying structure of language and show how meaning
can be transformed across di erent syntactic forms without altering essential truths
about the meaning. Partee [113]'s application of speci c grammar formalizes these
transformations, showing how di erent syntactic variations correspond to the same
logical propositions, similar to Frege's modes of presentation.

In recent years, computational language models that rely on machine learning [32, 39,
: , ] have experienced a stark spurt in the NLP community. Their promise

IS based on their ability to extract language patterns from very large text corpora to

solve a variety of di erent tasks, such as determining an author's sentiment [112,

] or summarizing a text [119, ]. Particularly, Large Language Models (LLMs)
mimic human interaction by receiving instructions in natural language prompts and
output answers in natural language [35, 37, : , ]. While in the early days

of language modeling, a key goal was to represent grammar and syntax to mimic
uent writing similar to humans, it became apparent that uency can be learned rather
quickly by mimicking syntactic competence. This kind of learning could already make
humans believe the system is intelligent, while it did not provide high levels of semantic
understanding.

A famous example of that is given by one of the rst chatbots, named Eliza, which was
developed in the 1960s by MIT professor Joseph Weizenbaum [146]. Eliza was designed
to simulate human conversation. According to the account, Weizenbaum's secretary
began to believe she was engaging in meaningful discussions with the system, even
though its logic was quite basic, mainly re ecting users' statements back as questions.
Despite Weizenbaum's e orts to explain that the program lacked real understanding,
this tendency to attribute human-like intelligence to the system became known as the
Eliza e ect [151]. Even nowadays, our intuition tells us that if a language model can
write coherently, surely it can think and understand .

However, to be useful for humanity, language models do not only need to be uent
but also represent the true meaning of di erent expressions [50, 95]. To represent
the underlying meaning and knowledge of texts and to generate coherent abstract

Chapter 1 3
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knowledge or reasoning on top of that is seen as a critical goal in today's LLM research
[73, 84, ]. One way to understand whether language models can represent true
semantic meaning is through paraphrases if models can competently reconstruct
meaning in various di erent forms, that indicates a level of semantic representation.
Not least because of that, paraphrases have sparked interest in the NLP community [33,

, 45, ]. Paraphrases provide a window into the heart of language models to gauge
how well these models represent the underlying meaning of texts; they give us insight
into what they have succeeded at representing, which aspects still remain elusive, and
what we need to improve and make them more robust [72, ].

Throughout this thesis, | formally de ne two paraphrases as follows.

° Definition 1.1: Paraphrases

Paraphrases are two units of language that carry the same meaning but can use
di erent words and structures. The units of language may be phrases, sentences,
paragraphs, or documents.

2De nition adapted from: Stewart, Donald, Metaphor and Paraphrase, in Philosophy & Rhetoric. 1971,
p. 111 123. ISSN 0031-8213. [134]

By that de nition, the two following sentences are paraphrases:

B1: Doaux nofapy POstpongers Whalpron YOUPRON S€ekers tOpART dOVERB
B2: Doaux notapy delayers Whatpron YOUProN S€EKERB tOPaRT aCcCOMplistiers

B1 andB2 share the same meaning and have identical grammatical structures (verb,
adverb, verb, pronoun, pronoun, verb, particle, verb). A shared set of words or
structures between two texts does not always result in equivalent meanings. For
example, removing a adverb froBl leads to opposing meanings:

B1 : Donet postpone what you seek to do.
B2: Donot delay what you seek to accomplish.

Further, when no words are shared between two phrases, and the grammatical structure
varies greatly, they can still convey the same meaning. As in the exampleom the
beginning, these two examples share the same meaning, too:

Al: Avoid procrastination.
A2: Stop postponing what you seek to do.

Temporal reference and tense (e.g., morphological conjugation in English) create
further gradience. In many contexts, the following two can count as paraphrases:

Chapter 1
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D1:1am going.
D2:1go.

Contrast the previous example with past and future tense in the following example
E, and they are typically not paraphrases in most contexts:

E1l:1 went to the party.
E2:1'll go to the party.

Context and sense matter a lot. Some words can be replaced by synonyms only in
speci ¢ contexts, while others carry a universal meaning.

Fla:l deposited money in the bank.
F1b:1 deposited money in the nancial institute.
F2:The boat is tied up on the bank.

Here, inF1la bank can be replaced by nancial institute in the context of withdrawing
money, yet in another context of2, it can be replaced by the side of the river
(contextual). The term nancial institute inF1b, however, has the same meaning in
di erent contexts (habitual).

Further, speci city also shift with sense:

G1: We met at the club.
G2: We met at the nightclub.

These are paraphrases only when club is understood as nightclub ; if club denotes
something else, like a sports club, they already diverge slightly or markedly depending
on context. Speci city creates similar asymmetric entailments:

H1: My chihuahua is sick.
H2: My dog is sick.

These statements entail each other; in many settings, they are approximately equivalent
because the statement about the referent is referring to the possessive pronoun my
which makes it easy to infer from context that the object is the same. But this again
depends on the context. If someone were to say they disliked chihuahuas, it is not clear
without context to know whether they dislike dogs in general. They may be a person
who loves dogs, just not the breed of chihuahuas speci cally.

Idioms create interesting semantic phenomena. Some idiomatic expressions are
paraphrases of literal ones, others are not:

I1a: He kicked the bucket. 11b: He died.
12: He is still kicking it.

Chapter 1 5
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Section 1.2. Motivation & Problem

Here, 11a and I1b are paraphrases in the idiomatic reading, but totally divergent
if interpreted literally. 12 reads very similarly tolla but means almost exactly the
opposite, that is, the person is still full of energi2( instead of close to deathl@a).

Pragmatic enrichment can change apparent equivalence, too:

J1:Can you pass the salt?
J2:Please pass me the salt.

Formally, one is a question and the other a directive, yet conversationally they function
as paraphrases. Even extremely short utterances can shift function and meaning with
small changes to punctuation, prosody, or shared context. Compounds are another
way to express semantic combinations. Many compounds of nouns are just literal
combinations of the semantic meaning of the individual words (the German language
uses many such compounds). For example:

L1: Milkman.
L2: Someone who (used to) deliver milk.

However, in many cases, this is not true or has an opposing or unnatural semantic
meaning if taken literally, such as hotdog or deadliné.

1.2 Motivation & Problem

As humans, we are adept at understanding and interpreting this diversity in expression,
often without conscious e ort. One may ask: But are these examples not also
sometimes di cult for humans to understand because the boundaries are not exactly
clear from the context? . The short answer is: yes, sometimes. But that is also a reason
why paraphrasing remains a key object of study for machine learning models. A
growing body of research argues that this variability in expression is a property of
meaning. Some strict boundaries exist, and models are already not very good at those,
but much more interesting learning in the future happens exactly in this area where
humans have variability in assessments. Recent work also speci cally targets this topic
of human label variation [65, 68, , , ] and, in paraphrase research speci cally,
these features are also dependent on the language, cultural context, norms, and other
factors. Future systems should re ect this gradedness by preserving invariants of
meaning under rewording, by exposing uncertainty where humans disagree, and by
avoiding brittle reliance on surface cues.

2It should be mentioned that for di erent languages, varying paraphrase phenomena exist. For example, in
Greek, the subject pronoun is often fused into the verbr,w (Tr69 means | eat, whereas in English this requires
two words. In Chinese, verbs do not conjugate for tense. For example, the ve(th) simply means eat. To
say |eat, |ate, or | will eat, the same verb form is used, with temporal meaning inferred from context or from
additional markers. Yet there are core phenomena that languages share, for example, all languages have some
form of possession or temporal indicators. In this thesis, | focus on English simply because it is already challenging
enough. However, | am aware of the unique challenges that other languages pose and the underrepresentation of
some languages. The results of this thesis have directly contributed to a successful DFG grant proposal to extend
this work to German and, in the future, to explore data for more languages.

Chapter 1
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Yet, language models still often fail to understand paraphrases when presented with
varying lexical changes in a sentence. This does not even include complex combinations
of the above examples, but just a single morphological or syntactic change (I provide
experimental evidence for that in Chapter 2). One of the reasons for that is that the
research community has treated paraphrasing mostly as a binary problem by comparing
the similarity of two texts using word overlap or proximity in a latent semantic space
(e.g., word embeddings) or by formulating paraphrase generation as a pure text-to-text
task, transforming one text into another [94, ].

A1l: Avoid procrastinatio 3 Paraphrase

7 No Paraphrase

Al: Stop postponing-

Figure 1.1: An example of a traditional paraphrase detection system.

Problem: Current systems in paraphrase detection treat paraphrases as
a binary classi cation problem or as a generation problem over only two
units of language, ignoring the individual perturbations that make two
texts paraphrases.

The possible space of changes between two texts while preserving their meaning is
large, as seen by only a few previous examples (the total space of paraphrase changes
is much larger with combinations of these complex boundaries). One can adjust the
lexicon of many words by replacing them with various synonyms; one can perform

di erent syntactic changes, adjust punctuation, create entailments or ellipses; and all
changes can happen at the same time. Current models lack a nuanced representation of
the di erent types of changes that make two texts semantically identical (or di erent).

As Yoshua Bengio has stated in a talk a few years back [31]:

What is missing towards human-level Al [...] are systems that understand the
variables they manipulate (including language, perception, and action).

To understand a semantic language variable better in language models also means to
learn how to compose and identify boundaries of semantics. Additionally, this unlocks
generalization. Once models learn to manipulate these operations, they perform better
at general paraphrasing, and they respond more predictably to prompting. Currently,
little is known in full detail about how language models manipulate linguistic variables.
Generative models cannot perform certain perturbations when asked, and detection
models cannot pinpoint which changes make the decision of whether two texts are
detected as paraphrases [48, ]. This leads to models wrongfully representing two
texts as paraphrases that do not actually carry the same semantic meaning.

A recurring motive in paraphrase research is that it does not su ciently decompose the
complexity of this problem. Paraphrase representations in machines seek more
nuance in the linguistic variables, i.e., which parts of the texts have changed,
and to what degree? In recent years, research has seen a rising interest in more

Chapter 1 7
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multifaceted paraphrase research. On the data side, large-scale resources now
emphasize structural and lexical diversity, enabling analysis of how candidate rewrites
di er from their sources along targeted axes [70, 82, 91]. These developments
support evaluations that connect paraphrastic variation to generation quality and
robustness. Methodologically, the eld has broadened in tandem. Identi cation
approaches increasingly integrate semantic structure with representation learning to
improve both accuracy and interpretability [116]. Generation work has moved toward
controllability and modularity, disentangling meaning from surface form, capturing
reusable patterns, and leveraging preference-aware prompting without retraining
[58, 90, 93, ]. Alongside structural resources, the eld has pushed beyond binary
paraphrase judgments toward mudimensional evaluation. New benchmarks probe
models across diverse datasets and harder test splits, yet do not pin down the exact
linguistic reasons and changes between the examples [99].

Yet, the research on more complex representations of a paraphrase is still nascent,
particularly in teaching models to detect speci ¢ boundaries and generating them as
in the examples above.

This thesis describes new approaches for language models to decompose
paraphrases into their di erent linguistic aspects. = These methods can be seen
as a new lens through which speci ¢ characteristics of paraphrases,paaphrase
types can be distinguished. For example, using my methods, the previous negation
examples oB1 and B2 can be determined as the exact changes that occurred (i.e.,
lexical changes and word removal).

If readers wish to quickly grasp the main contributions, implications, and future
directions of the topics discussed herein, more on that can also be found in Chapter 3
after reviewing the foundational context here and the main contributions' full-texts in
Chapter 2.

Identifying which linguistic changes occurred between two paraphrases is a keystone to
understanding language model behavior and contributing to their improvement (both

in terms of performance in downstream tasks and robustness across tasks). Paraphrase
types can be used to construct atomic probes for models to assess models' sensitivity
and robustness. Further, being able to both identify and generate speci c paraphrase
types has various implications for di erent downstream applications, as outlined below.

In academic plagiarism detection, one of the most challenging tasks remains to identify
whether suspects have paraphrased someone else's original work without proper
attribution [54]. In the age of language models, the barrier to copying and rephrasing
text from others has become increasingly thin, but detecting such machine-generated
paraphrases has become extremely challenging [76]. The capability of models to
understand paraphrases dictates the success of those models in identifying a text as
potentially plagiarized [55].

Learning speci ¢ paraphrase types also contributes to detecting machine-generated
texts [71]. Dierent authors have distinct pro les in paraphrasing texts compared
to a language model. Paraphrasing text with a language model can follow certain
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predictable characteristics that can contribute to separating human-written from
machine-generated content [140].

This thesis also contributes to understanding prompt sensitivity in language models
[27]. | empirically demonstrate that models can experience high volatility (both in
positive and negative directions) in their capabilities by paraphrasing prompts. At the
same time, | also demonstrate that two equivalent paraphrases of a prompt (readily
understandable by a human) can fail for a query that appears to work. In commonsense
reasoning, improved paraphrase learning allows models to better interpret and respond
to diverse phrasings of common situations. In text matching problems, | observed many
prompts that, if paraphrased, lead to worse results than if the original prompt was used.

The improved capabilities of language models also have broader implications for
enhancing other NLP downstream tasks. In machine translation systems, allowing
for more natural and context-aware translations across languages [148]. Nowadays,
paraphrases are also used to re ne web content to pre-train models [107]. Finally,
automatic evaluation metrics for text generation tasks can be re ned through
paraphrase detection, enabling more ne-grained assessments of generated text
quality and semantic similarity [157].

| anticipate this work to be a starting point for more sophisticated machine learning
models. Speci cally, language models that can represent meaning and knowledge
and are able to reconstruct meaning in various text forms and paraphrase types ad
in nitum. | show that one can enhance language models' capabilities across various
domains using knowledge about the intricacies of linguistic expression and meaning
preservation. Decomposing paraphrases into individual types can make models more
robust, nuanced, and contextually aware, which can serve human needs and advance
humanity's understanding of language itself. The models trained in this work can also
serve as generators for synthetic data to generate additional training examples with
speci c linguistic changes.
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1.3 Research Objective

This doctoral thesis aims to achieve the following target.

Research Objective

Devise, implement, and evaluate approaches to generate and identify forms of
paraphrases previously language models could not detect or genérate.

2If not otherwise denoted, this thesis focuses on English texts.

To achieve this objective, | derive four research tasks.

Research Tasks

| Ildentify the strengths and weaknesses of state-of-the-art methods and
systems to detect and generate paraphrases.

Il Devise detection and generation methods that address the identi ed
weaknesses.

Il Evaluate the e ectiveness of the proposed detection and generation
methods.

IV Implement the proposed approaches in a methodology capable of probing
language model behavior.

1.4 Key Contributions

This thesis studies where language models have succeeded in modeling paraphrase and
where they lack capacity. To address identi ed shortcomings, | propose new training
methods [19], present annotated and synthesized training and test data sets to improve
model robustness [22, 23, 24], evaluate models in generating new paraphrases with
automated and human studies [10, 19], and improve models through in-contextand ne-
tuning methods that make them behave closer to how humans identify and generate
paraphrases [19, 27]. | also introduce a novel threat model for privacy-leaking attacks on
language models, which uses paraphrasing as a mechanism to perform steganography
to covertly encode information in model decodings Meier et al. [9]. Although this
dissertation uses the singular rst-person pronoun (| ), the following contributions

are the result of group e orts through collaboration with other wonderful researchers,

for which | am deeply thankful.

Table 1.1 provides an overview of the key research papers that compose this thesis
and that have been published in peer-reviewed conferences and journals. They are
also printed in their full-text in Chapter 2. The venue rating is the CORE ranKing

3https://portal . core. edu. au/conf- ranks/ with the ranks: A* top-tier conference (top 5%), A
excellent conference (top 15%), B very good conference (top 27%), and C good conferences [accessed 2025-08-21].

Chapter 1
Introduction




Section 1.4.Key Contributions

Table 1.1: Overview of the primary publications in this thesis.

‘ ‘ ‘ ' Author | Venue Venue
Year ' Venue " Type ' Length : Position ' Rating ' h5-index ' Ref.
2021 JCDL . Conference Short ! lof4 nla 23 [
2022% iConference% Conferenc§ Full 1of5§ n/a 31-6 [
+ EMNLP  Conference Full lof4: Core A* 218 |
2023 EMNLP ' Conference Full @  10f3! CoreA* 218 |
"EMNLP ' Conference Full 10f4: Core A* 218 |
2025; COLING Conferencé Full 2of4§ Core$ $1 [
. EMNLP . Conference Full 20f4: Core A* 218 [

for conference papers and the Scimago Journal Rating {3dRpurnal articles. In

addition, | show Google Scholaf'senue h5-index.

_ i e e e

Aside from the core contributions, Table 1.2 shows publications that partially
For example, | also contributed to
]. In

contributed towards the goals of this thesis.

how visual language models represent similar meanings in images through text [

that sense, one could relax the initial constraint of nde nition 1.1 on paraphrasing

to modalities other than text, such as images, to de ne when two scenes depict the exact
same object. In this work, | used the captions of images to remain within the previous
de nition of a paraphrase. | contributed to research projects in other downstream areas
of NLP related to this thesis. Speci cally, | addressed problems in text summarization
through the view of paraphrases, i.e., how to construct a shorter version of a text that

represents approximately the same meaning as a longer version [

, 8]. l also addressed

problems in media bias detection, i.e., how to identify political leaning, subjectivity,
or persuasion in two texts that have the underlying same meaning [3]. Because | was
welcomed warmly into the community of NLP research, another topic close to my heart
has been understanding how the NLP research eld is evolving over time and how it

can progress sustainably in the future. | studied NLP's cross- eld engagement, such as

with psychology and sociology [

how NLP draws from past work and incorporates new trends [

]. I also analyzed temporal citation patterns to assess

]. Lastly, I investigated

the industry's role in NLP research, including insights into who they fund and what
interests they pursue to understand the eld's power dynamics [1]. | developed various

demonstrations on how researchers can re ect on their own citational pracficesl
made data available for analyzing NLP and computer science research over time [

In total, the contributions resulted in 21 peer-reviewed publications [1, 3, 4, 5,
] and ve invited talks [14,

to universities (e.g., LM

“https://www.scimagojr.com/

Shitps : // scholar . google . co m /citations ? view _op =top _venues & hl=en&vg=eng_com

putationallinguistics

[accessed 2025-08-22]

bhttps://huggingface.co/spaces/jpwahle/field-time-diversity
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agencies (e.g., Volkswagen Foundation, Eschbach GmbH). The publications have been

with the ranks Q1 Q4 where Q1 refers to the best 25% of journals in the
eld, Q2 to the 50% best, etc. [accessed 2025-08-21].
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Table 1.2: Overview of additional publications that partially contributed to this thesis.

]

‘ ‘ ‘ . Author : Venue | Venue |
Year ' Venue : Type ' Length : Position ' Rating : h5-index : Ref.
2022% LREC : Conference;E Full 1 of4§ Core? 68 [
- EMNLP . Workshop : Full : 2of4 . CoreA* 218 [
2023} ACL ' Conference Full : 1of7: CoreA* 236 [
. EMNLP . Conference Full . 1of5: Core A* 218 [
 EACL ' Conference Full :  40f7:. CoreA 7
. COLING: Conference Full 30f9: CoreB 65 [
2024 . ACL . Workshop .« Full . 3o0of4 . CoreAf 236 [
- EMNLP . Findings Full 2of4. Core A 218 |
- JAIR - Journal . Full . 20f4. SJRQ1 58 |
. COLING . Conference Full . lof5: CoreB 81 |
. ACL . Conference. Full @ 40f48. Core A* 236 |
2025 ACL ! Findings | Full | 30f5 ! CoreA* 236 [
" ACL Findings Ful @ 30f5: CoreA* 236 [
' EMNLP ! Main Ful @ 2of4 | CoreA* 218 |

]
]
]

cited 639 times overall, producing an h-index of 1Zhe most cited paper has achieved
], and the best-performing model of that paper has

79 citations within two years |
been included as a default example in the o cial Hugging Face document&ti@ne

of the core thesis papers was nominated for the best paper award at iConference [

and a secondary contribution won the ACL best resource paper awgird].

]
]

]
]

]

]

]

1,

| am pleased that this thesis directly contributed to a successful DFG grant proposal led

by PD Dr. Terry Rua¥, which | helped secure. In addition, my paraphrasing research
substantially supported the successful acquisition of four further grants led by Prof.
Bela Gipp from the Lower Saxony Ministry of Science and Culture (MWkhe Federal
Ministry for Economic A airs and Energy (BMWEY, and the Korean National Police

Agency*?, including projects on generating and detecting textual fake news.

The following parts summarize the core contributions, ndings, and implications of

the main publications that form this thesis.

"https://scholar.google.com/citations?user=MIOCO9MAAAAAJ
8https://huggingface.co/docs/transformers/en/model_doc/longformert#transformers.Longf
ormerForSequenceClassification
®https://gipplab.org/gipplab-wins-acl-best-paper-awards/
%Grant no. 564661959.
UGrant no. 11-76251-2882/2024 (ZN4660)
12Grant no. KK5623702L04
¥Grant no. RS-2025-02304983

Chapter 1
Introduction




Section 1.4.Key Contributions

Identifying Machine-Paraphrased Plagiarisiny Jan Philip Wahle , Terry
Ruas, Tomaz? Foltynek, Norman Meuschke, and Bela GippInformation
for a Better World: Shaping the Global Fut@@22.

Chapter 2, Section 2.1 [22]

Summary. This study tackles the rising problem of automatically paraphrased
plagiarism, a direct misuse case of paraphrasing, and a threat to academic integrity.
When | started, smaller transformers had just begun to advance the eld, while most
systems still used text-matching and n-gram overlap. | evaluate the success of ve
pre-trained word-embedding models paired with machine-learning classi ers and eight
neural language models. | also introduce a new benchmark covering quality- Itered
arXiv preprints, Wikipedia articles, and graduation theses (bachelor, master, PhD level),
paraphrased with di erent settings in automated paraphrase tools like SpinBand
SpinnerChief.

Key Findings.

1. Text-matching systems fail on machine-paraphrased plagiarism.  Widely
used systems like Turnitin and PlagScan often miss paraphrased cases, especially
in theses, and when the ratio of paraphrased to original words increases.

2. Neural models outperform traditional methods. My best approach, based

on Longformer, reaches an average F1 of 81.0% (F1=99.7% for SpinBot; F1=71.6%

for SpinnerChief), clearly surpassing traditional machine-learning baselines (by
16.10% on theses, 13.27% on arXiv, and 10.11% on Wikipedia).

3. Neural models matched human performance. In a human evaluation, models
were on par with, or slightly below, humans (78.40% human average; 73.42%
Longformer).

Implications. This work delivers early, practical language-model-based detectors
that complement text-matching software and improve the detection of obfuscated
plagiarism. It also clari es what language models already understand about paraphrase
plagiarism and foreshadows a future where humans could automate paraphrasing
with minimal e ort using language models, without adequate test sets available (i.e.,
spamming of plagiarized and generated papers). Follow-up work con rms and extends
these points: Becker et al. [2] shows that human-produced paraphrases remain harder to
detect and validates the dataset's utility; Bouaine and Benabbou [36] extends detection
across languages using bidirectional and autoregressive transformers; and Krishna et al.
[83] demonstrates that simple paraphrasing can still fool state-of-the-art Al detectors.

My Contribution. Building on the initial idea by Terry Ruas, Norman Meuschke, and
Toma?2 Foltynek, and initial experiments for traditional word embedding and machine
learning models done by Terry Ruas, | led the methodology for experiments with

Ynttps://spinbot.com/
Bhttp:/iwww.spinnerchief.com/
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transformers. | implemented the generation pipeline, curated the benchmark, ran
model evaluations, and performed the primary analysis. | drafted the manuscript with
co-authors, and the co-authors provided revisions and feedback.

Are Neural Language Models Good Plagiarists? A Benchmark for Neural
Paraphrase Detectiohy Jan Philip Wahle , Terry Ruas, Norman Meuschke,
and Bela Gippln: 2021 ACM/IEEE Joint Conference on Digital Libra@HeBL),
2021.
Chapter 2, Section 2.2 [24]

Summary. Anticipating the shift toward language-model-driven plagiarism, and noting

the lack of benchmarks for such cases, | generate training and test sets with approx.
160,000 paragraphs and 27,000,000 words. | collect scienti c articles across elds (e.g.,
physics, mathematics) and paraphrase them with autoencoder models (e.g., BERT)
under controlled perturbations (15 50% token replacement). The result is a resource to
evaluate the detection of automatically generated plagiarism, with baseline detectors
included.

Key Findings.

1. Autoencoders produce lexical paraphrases fooling detectors. Paraphrases
by transformer models preserve semantic meaning yet remain di cult for state-
of-the-art classi ers to ag as paraphrased.

2. The generator model is the best detector. Models best detected paraphrases
created by the same architecture: RoBERTa achieves the top F1 (79.59%) on
RoBERTa-paraphrased text. Later studies reproduce this pattern [102, ]

Implications. The benchmark in uences other works that use it for evaluation,
analysis, or extension. It remains a di cult testbed for paraphrase classi ers and a tool
to probe detector weaknesses and model evolution. Follow-up studies include Lee et al.
[86], who use it in PlagBench to evaluate GPT-3.5 Turbo and GPT-4 for generation and
detection, with strong gains over commercial tools, and Pudasaini et al. [118], who
review it as a foundation for academic integrity in the LLM era.

My Contribution. Together with Terry Ruas, | de ned the core idea and questions. |
designed the methodology, implemented most software, created the masking strategy,
evaluated multiple autoencoders, computed latent-space similarity, and wrote most of
the manuscript and presentation.

‘ How Large Language Models Are Transforming Machine-Paraphrase

Plagiarism by Jan Philip Wahle , Terry Ruas, Frederic Kirstein, and Bela
Gipp. In: Proceedings of the 2022 Conference on Empirical Methods in Natural
Language Processing (EMNERP2.

Chapter 2, Section 2.3 [23]
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Summary. The rst large autoregressive models, like GPT-3 emerged and led to a
fundamental shift in paraphrasing with highly uent generations. | evaluate T5 and
GPT-3 on their capability to paraphrase scienti ¢ text and run a human study with 105
participants to assess detection di culty and paraphrase quality of these models.

Key Findings.

1. LLMs produce high-quality paraphrases that humans struggled to ag.
For GPT-3, human mean accuracy is 53%. Experts rated GPT-3 paraphrases close
to originals on clarity (4.0/5), uency (4.2/5), and coherence (3.8/5).

2. Detectors struggle on LLM paraphrases. The best detector (GPT-3-based)
reaches F1=66%. Most other methods, including commercial software, performed
poorly on LLM-generated paraphrases.

Implications. LLM paraphrasing raises a serious detection challenge for both humans
and systems. This work prompts broader NLP e orts on misuse and robust detection.
From today's point of view, GPT-3 seems like a relatively rudimentary base LLM,
yet with the right prompting and selection techniques in my work (pareto-optimality
between high syntactic diversity and high semantic similarity), it is already able to fool
many humans (similar to the ELIZA example from the introductory text). Yet, these
models excelled in uency but still have signi cant limitations in terms of semantics.
Subsequent research built on it: Li et al. [89] proposes span-level detection; Tripto et al.
[139] analyzes iterative paraphrasing e ects on style and classi ers; and Lee et al. [S6]
creates an LLM evaluation benchmark grounded in my setup.

My Contribution. | proposed the project to study LLM-driven paraphrase plagiarism.

| designe the methodology with a large human study, generated paraphrases with T5
and GPT-3, built the study framework for 105 participants, led the analysis, and led the
writing of the manuscript to frame this as a new integrity challenge; co-authors were
involved mostly in the feedback and writing phases.

‘ Paraphrase Types for Generation and Detechgridan Philip Wahle , Bela

Gipp, and Terry Ruasln: Proceedings of the 2023 Conference on Empirical
Methods in Natural Language Processing (EMIDR3.

Chapter 2, Section 2.4 [19]

Summary. The prior human study shows that models vary across linguistic dimensions
(e.g., lexical vs. syntactic changes). Yet most systems reduce paraphrasing to a binary
similarity score or a single output. | introduce two tasks for paraphrase generation and
detection that target explicit paraphrase types with speci c linguistic perturbations at

de ned text positions.
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Key Findings.

1. Fine-grained types are hard for current methods. Models handle binary
paraphrase or not well but struggle to control or recognize speci c linguistic
variables.

2. Learning paraphrase types improves broader paraphrase tasks. Training
models to generate and detect types enhances performance even on tasks without
type labels, indicating that explicit linguistic supervision transfers.

Implications. This work reframes paraphrasing around controllable linguistic changes
rather than similarity or entailment, enabling more precise methods. Early results
suggest gains on downstream tasks such as question answering, summarization, and
plagiarism detection. Later, Libbers [92] shows that my methods deliver ner control
than base LLMs and that DPO/RLHF further improve type-speci ¢ quality; Schreiter
[128] studies the speci city of nouns, verbs, and adjectives speci cally for knowledge
datasets in STEM, law, and medicine nding that these paraphrase changes can have
marked impact on model behavior; Wang et al. [145] models successive paraphrasing
as a dynamical system and supported my call for type control.

My Contribution. | proposed moving beyond binary detection to type-based
generation and detection. | designed both tasks, curated data, implemented models,
and ran experiments showing cross-task bene ts. I led the writing, with feedback from
co-authors.

r Paraphrase Types Elicit Prompt Engineering Capabilifgslan Philip

Wahle, Terry Ruas, Yang Xu, and Bela Gipm: Proceedings of the 2024
Conference on Empirical Methods in Natural Language Processing (EMNLP)
2024.

Chapter 2, Section 2.5 [27]

Summary. Much of the success of modern models depends on nding a suitable
prompt. One of my key hypotheses is that the right paraphrase of a prompt can unlock
performance, while an equivalent human-readable paraphrase can also cause failure.
| measure behavioral changes across ve models and 120 tasks (e.g., summarization,
sentiment, logical, and math reasoning) by applying di erent paraphrase types to
prompts. | control for confounds via ablations on prompt length, lexical diversity, and
proximity to training data.

Key Findings.

1. Some paraphrase types can boost performance. Adjusting prompts by type
yielded gains, including a 6.7% median improvement for Mixtral 8x7B and 5.5%
for LLaMA 3 8B across tasks.

2. Morphology and lexicon changes work best. Morphological and lexical
adjustments consistently improve results across models and tasks.
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3. Task type alignment matters. Certain tasks bene ted most from speci c types.
e.g., sentiment from polarity substitutions and summarization from discourse-
based changes.

Implications. These ndings guide prompt engineering toward linguistically targeted
edits that improve robustness without retraining. Lan et al. [85] report originality-
focused contrastive decoding that reduces repetition, aligning with my emphasis on
paraphrase diversity. Li et al. [89] use my type-speci ¢ structure to study prompt-span
e ects in multi-step reasoning.

My Contribution. | formulated the hypothesis that systematic paraphrasing of
prompts unlocks performance. | designed the large-scale study (models, tasks, types),
built the experimental framework, executed large-scale experimentation across 120
tasks, and led the analysis and ablations. | mainly wrote the paper with feedback from
co-authors.

‘ Towards Human Understanding of Paraphrase Types in Chatg®bminik
Meier, Jan Philip Wahle , Terry Ruas, and Bela Gipgn: Proceedings of

the 2024 Conference on Empirical Methods in Natural Language Processing
(EMNLP)2024.

Chapter 2, Section 2.6 [10]

Summary. The prior two works introduce paraphrase types and applied them, but
with two limitations: they rely mostly on automated checks and perform multiple
perturbations at a time. Here, | add human validation by studying preferences for
ChatGPT's paraphrases under ve prompting techniques with only one type change at
atime. I release APTY (Atomic Paraphrase TYpes), with 500 sentence- and word-level
annotations from 15 annotators, plus human preference rankings across types suitable
for RLHF [110] and DPO [122].

Key Findings.

1. ChatGPT masters some types and struggles with others. It succeeds at
lexical and syntactic operations (e.g., additions, deletions) but underperforms
on complex structures. Success rates: Change of Order (82%), Semantic Changes
(82%), Same Polarity Substitution (78%). Lower rates: Derivational Changes (46%),
Subordination and Nesting (38%), Synthetic/Analytic Substitution (34%).

2. Prompting strategy shapes outcomes. Few-shot and chain-of-thought (CoT)
generally perform best. For tasks humans found hard, few-shot outperforms CoT,
whose success rate dropped.

Implications. APTY adds a human-centered lens to paraphrase types where automated
metrics fail. It enables training models with targeted linguistic skills and supports

preference-based tuning. Libbers [92] used APTY for preference tuning and achieved
large gains in human-aligned quality, validating APTY as a resource for RLHF and DPO.
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My Contribution. Noting the need for human validation, Dominik Meier, Terry Ruas,
and | shaped the project. | supported the design of the human evaluation, selected
prompting techniques, and structured annotations with categorical labels and ranks
for RLHF-style training. | oversaw the analysis and contributed substantially to the
writing of the nal paper.

‘ TrojanStego: Your Language Model Can Secretly Be A Steganographic Privacy
Leaking Agent by Dominik Meier,Jan Philip Wahle , Paul Rottger, Terry

Ruas, and Bela Gippln: arXiv preprint arXiv:2505.20113025. *equal
contribution.

Chapter 2, Section 2.7 [9]

Summary. Seeing a rise in safety concerns for language models, | transfer ideas from
paraphrasing to the domain of safety, speci cally privacy concerns in models. | propose
TrojanStego, a novel threat model where ne-tuned language models covertly ex Itrate
sensitive information by embedding it into uent paraphrases through linguistic
steganography. Unlike prior leakage attacks relying on explicit prompts or jailbreaks,
TrojanStego hides secrets in natural-looking decodings without altering user inputs.

| introduce a taxonomy of seven risk factors across three dimensions (Adoptability,
E ectiveness, Resilience) and implement a bucket-based encoding scheme that LLMs
learn via ne-tuning. Experiments show 32-bit secrets can be embedded with 87% exact
accuracy (97% with voting) while preserving utility and evading human detection.

Key Findings.

1. Paraphrasing serves as a covert communication channel. By partitioning
vocabulary buckets, paraphrase variants encode binary sequences, showing that
natural paraphrasing itself can become a steganographic mechanism.

2. Compromised models covertly leak data at scale. Even without adversarial
prompts, secrets can be encoded into outputs reliably and subtly, creating a new
class of practical, passive ex Itration attacks.

3. Risk evaluation taxonomy reveals attack viability. ~Compromised models
scored high on normality, throughput, and robustness but are less persistent
against re-tuning, suggesting mitigations via paraphrasing or benign ne-tuning.

Implications. TrojanStego highlights that paraphrasing can also act as a vehicle for
covert leakage. This reframes paraphrase generation as both a skill to be aligned and a
vector for misuse. The work underscores the need for new defense strategies, as current
safety evaluations cannot detect this threat class.

My Contribution. | conceived the core idea of using paraphrasing as a steganographic
mechanism for covert privacy leakage and drafted the initial methodology. | contributed
the taxonomy of risks, storyline, and gures, shaping the paper's framing. Dominik
Meier extended the bucket-based encoding scheme, led large-scale experiments, and
wrote the draft of the paper.
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1.5 Thesis Outline

Chapter 1 provides an introduction to paraphrases in computational language models.
The chapter de nes the research gap and the research objective and tasks this thesis
addresses. Finally, it outlines the structure of the thesis and brie y summarizes its main
research publications.

Chapter 2 provides the core research publications that compose this thesis. To address
identi ed shortcomings in paraphrase generation and detection, and contribute to
Research Task I, | propose improved in-context and ne-tuning techniques that align
model behavior more closely with human approaches to paraphrase identi cation and
generation in Sections 2.1, 2.3 and 2.4. AddresB8legearch Task IlI, | introduce
annotated and synthesized training and test datasets designed to enhance and evaluate
model detections in Sections 2.2 and 2.6. The evaluation of models in generating
new paraphrases, incorporating both automated and human studies, is detailed in
Sections 2.4 and 2.6. Finally, I show the e ectiveness of the new approach for various
NLP downstream tasks (24 task families, ve large language modelsiRésearch

Task IV in Section 2.5.

Chapter 3 concludes this work, provides nal considerations, discusses the limitations
and challenges of this work, and provides an outlook for future work.
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What is missing towards human-level Al [...] are systems that
actually understand the variables they manipulate (including
language, perception, and action).

Yoshua Bengio

CHAPTER 2
Research Contributions
Contents
2.1 Identifying Machine-Paraphrased Plagiarism........................... 21....
2.2 A Benchmark for Neural Paraphrase Detection ........................ a4 ...
2.3 How Large Language Models are Transforming Paraphrase Plagiarism 48 ..
2.4  Paraphrase Types for Generation and Detection ....................... 60....
2.5 Paraphrase Types Elicit Prompt Engineering Capabilities ............... q7...
2.6 Towards Human Understanding of Paraphrase Types................. 107....
2.7 TrojanStego: Your Language Model Can Secretly Be A Steganographic
Privacy Leaking Agent. ... e 126....

This chapter examines the limitations of language models in understanding paraphrase.
To address identi ed shortcomings, | propose a new method for paraphrase generation
and detection in Section 2.4. In Sections 2.2 and 2.6, | introduce annotated and
synthesized training and test datasets designed to enhance model robustness. The
evaluation of models in generating new paraphrases, incorporating both automated and
human studies, is detailed in Sections 2.4 and 2.6. | propose improved in-context and
ne-tuning techniques that align model behavior more closely with human approaches

to paraphrase identi cation and generation in Sections 2.1, 2.3 and 2.4. Finally, | show
the e ectiveness of the newly proposed approach for various NLP downstream tasks
(24 task families, ve large language models) in Section 2.5
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