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Abstract

Collecting texts from the web has significantly accelerated the creation of large text datasets
which are essential for the development of advanced language technologies, including large
language models. However, because these texts are gathered automatically, their linguistic
and functional characteristics are largely unknown, limiting their reliable use in research
and applications. Automatic genre identification, a text classification task that catego-
rizes texts into specific genre categories, provides key insights into such large-scale text
collections and enables their filtering for applications in language technology and linguistic
research.

This thesis advances automatic genre identification for web-scale multilingual text data
through the creation of novel genre schemata, the development of manually-annotated
genre datasets, and the exploration of robust machine learning methods. First, the
study introduces new genre schemata designed to improve annotation reliability and
cross-schema comparability, thereby addressing a key limitation of prior work where
incompatible schemata hindered meaningful comparison across studies. We demonstrate
that high-quality manual annotation with acceptable inter-annotator agreement can
be achieved through a carefully designed genre schema, detailed guidelines, and the
employment of expert annotators.

To address the lack of high-coverage genre datasets in our target languages, we de-
velop high-quality, manually-annotated genre datasets in Slovenian and English, as well as
multilingual test collections spanning eleven typologically diverse languages and di [erent
scripts. Building on the test datasets, we establish the AGILE benchmark, which enables
standardized, reproducible cross-dataset and cross-lingual evaluation of genre classifiers.
The benchmark also supports a systematic comparison of modern large language models
across languages.

Using this infrastructure, we develop genre classifiers that achieve robust performance
across various languages, datasets, and evaluation settings. To ascertain which machine
learning methodology o [erk the most robust generalization, we experiment with a range
of text classification techniques, ranging from traditional non-neural machine learning
methodologies to cutting-edge approaches based on large language models. Our find-
ings indicate that a BERT-like model, fine-tuned on our newly developed training dataset,
achieves state-of-the-art performance across various datasets and languages, including lan-
guages using non-Latin scripts and languages not closely related to the fine-tuning lan-
guages. The resulting model is publicly released, providing a practical tool for large-scale
automatic genre annotation of multilingual web text collections.

Furthermore, we propose the LLM Teacher-Student Framework, a novel approach for
training text classifiers without manually-annotated data. By leveraging a large language
model to generate training labels, this method enables scalable, cost-e [cieht development
of genre classifiers, particularly for low-resource languages and specialized domains, and is
applicable beyond genre identification to other text classification tasks.






Povzetek

Zbiranje besedil s spleta omogoca veliko hitrejSe ustvarjanje velikih zbirk besedil, ki so
nujno potrebne za razvoj naprednih jezikovnih tehnologij, med drugim tudi velikih jezi-
kovnih modelov. A ker je ta metoda zbiranja besedil avtomatizirana, je malo znanega
o0 jezikovnih in funkcijskih znacilnostih besedil v zbirki, kar zmanjSuje njeno zanesljivost
in uporabnost za nadaljnje raziskave in razvoj. Avtomatska identifikacija Zanra — naloga
kategorizacije besedil, ki besedila razvri€a v doloCene kategorije Zanrov — omogoca kljucen
vpogled v sestavo obseznih zbirk besedil in njihovo filtriranje za razvoj jezikovnih virov in
tehnologij ter za jezikoslovne raziskave.

V tej disertaciji prispevamo k napredku na podrocCju razvoja modelov za avtomatsko
identifikacijo Zanra v obseznih vecjezicnih spletnih zbirkah besedil. NaSe delo vkljucuje
zasnovo novih shem kategorij Zanrov, razvoj zbirk besedil, ro¢no oznacenih z Zanri, in vre-
dnotenje razli¢nih metod strojnega u€enja. Najprej predstavimo dve novi shemi kategorij
zanrov, s katerima izboljSamo zanesljivost rocnega oznacevanja in primerljivost z drugimi
obstojeCimi shemami. Tako premostimo klju¢no pomanjkljivost predhodnih raziskav, ki
temeljijo na neprimerljivih shemah in tako onemogocajo primerjavo rezultatov med deli.
PokaZzemo tudi, da je mogoce doseci kakovostno ro¢no oznacevanje s sprejemljivim strinja-
njem med oznacevalci na podlagi premisljeno zasnovane sheme kategorij Zanrov, podrobnih
smernic za rono oznafevanje in vklju€evanja visoko usposobljenih oznacevalcev.

Potem naslovimo pomanjkanje ustreznih u¢nih podatkov v nasih ciljnih jezikih za to
nalogo in razvijemo visokokakovostne rocno oznacene ucne zbirke besedil v sloven3€ini in
anglescini ter vecCjeziCne testne mnozice, ki zajemajo enajst jezikov iz raznovrstnih jezi-
kovnih druzin. Na podlagi testnih zbirk vzpostavimo ogrodje za vrednotenje AGILE, ki
omogoca primerljivo in ponovljivo vrednotenje modelov za doloCanje Zanra na razli¢nih te-
stnih podatkih in jezikih, poleg tega pa omogoca tudi sistemati¢no primerjavo sposobnosti
velikih jezikovnih modelov v razli¢nih jezikih.

Sledi razvoj klasifikatorja, ki omogo€a zanesljivo dolo€anje Zanra v razli¢nih zbirkah
besedil in jezikih. Da bi ugotovili, katera metoda strojnega ucenja omogoca najboljSe po-
sploSevanje, preizkusimo razlicne tehnike kategorizacije besedil, od klasi¢nih metod stroj-
nega ucenja do najsodobnejsih pristopov, ki temeljijo na velikih jezikovnih modelih. Nase
ugotovitve razkrijejo, da model tipa BERT, ki ga doucimo na nasi novi ucni zbirki besedil,
doseZe najboljse rezultate v razli¢nih zbirkah besedil in jezikih in u€inkovito dolo¢a Zanre
tudi pri besedilih, ki niso zapisana v latinici ali ki so zapisana v jezikih, ki niso sorodni je-
zikoma v u¢nih podatkih. Kon¢ni model javno objavimo in tako ponudimo prostodostopno
orodje za avtomatsko oznacevanje zanrov v velikih ve¢jezi€nih zbirkah besedil.

Nenazadnje v disertaciji predlagamo novo metodologijo, ki omogoca razvoj klasifika-
torjev besedil brez ro¢no oznacenih podatkov. Za oznacevanje ucnih podatkov uporabimo
velike jezikovne modele, kar omogoci hiter in u€inkovit razvoj klasifikatorjev Zanrov. Pre-
dlagana metodologija je lahko Se posebej uporabna za tehnoloSko manj podprte jezike in
za prilagajanje modelov na specificna podrocja, pristop pa se lahko prenese tudi na razvoj
klasifikatorjev za druge naloge oznacevanja besedil.
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Chapter 1

Introduction

In the introductory chapter, we rst describe the problem addressed in the thesis (Sec-
tion 1.1) and propose the goals we aim to achieve (Section 1.2). We present the initial
hypotheses on which the thesis is based in Section 1.3. Finally, we conclude the chap-
ter by presenting the scienti ¢ contributions the thesis o ers in Section 1.4, outlining the
methodology in Section 1.5, and providing an overview of the thesis structure in Section
1.6.

1.1 Background and Problem De nition

Collecting texts from the web has signi cantly accelerated the creation of large text col-
lections, especially for less-resourced languages, such as Slovenian (Bafién, Espla-Gomis,
Forcada, Garcia-Romero, et al., 2022). These text collections, often known as corpora, are
essential for the development of advanced language technologies, including large language
models, that rely on training with extensive datasets comprising millions of texts. To
ensure a robust and accurate performance of large language models and other language
technologies, it is crucial that the underlying massive collections of texts are of high qual-
ity (Penedo et al., 2023). However, due to automated collection methods, even corpora
creators lack information on the characteristics of the texts that constitute these datasets
(Baroni et al., 2009). Automatic genre identi cation, a text classi cation task that catego-
rizes texts into speci ¢ genre categories, is the only feasible approach for determining the
genre of individual texts within large-scale text collections. Speci cally, this thesis focuses
on automatic genre identi cation for large-scale web-based text collections. Enriching web
collections with genre information would be particularly valuable, as they are widely used
as training data for language technologies and as a focus of linguistic research due to their
recency, massive size, and accessibility.

Genres can be de ned as text categories, determined by the author's purpose, the typ-
ical function of the text, and its conventional form (Orlikowski & Yates, 1994). Multiple
discourse, language and textual phenomena can be observed when studying the concept
of genre. As a result, genre has been a subject of research across a range of disciplines,
including linguistics, discourse studies, literary theory, media theory, as well as compu-
tational linguistics and information retrieval (Chandler, 1997). In this thesis, we explore
automatic genre identi cation through methodologies derived from the eld of language
technology that focuses on the computational processing of human languages. This eld
integrates computational linguistics and natural language processing (NLP), thereby com-
bining linguistics and computer science with a focus on arti cial intelligence.

Automatic genre identi cation has been shown to be useful for various tasks. With
the advent of the World Wide Web, it has become possible to query and collect unprece-
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dented quantities of texts, leading to an increased interest in identi cation of genres in
(web-based) text collections. Beyond the application of genre identi cation in the devel-
opment and curation of web corpora, there has been large interest in this task within the
eld of information retrieval (Boese, 2005; Finn & Kushmerick, 2006; Priyatam et al.,
2013; Roussinov et al., 2001; Stein et al., 2010; Stubbe & Ringlstetter, 2007; Vidulin et al.,
2007; Zu Eissen & Stein, 2004). Integrating genre-based lItering into information retrieval
tools would enable users to retrieve relevant texts more e ciently (Crowston et al., 2010).
Additionally, leveraging genre information was shown to be bene cial for many other NLP
tasks, including part-of-speech tagging (Giesbrecht & Evert, 2009), dependency parsing
(Muller-Eberstein et al., 2021), automatic summarization (Stewart & Callan, 2009), ma-
chine translation (Van der Wees et al., 2018), and automated genre-aware assessment of
the credibility of web documents (Agrawal et al., 2019).

As information on the genres of texts can be highly bene cial for various purposes,
models for automatic genre identi cation would serve as a valuable tool, since manual
annotation of millions of texts with genre labels is practically unfeasible. However, when
approaching this task, researchers must confront several challenges related to de ning the
concept of genre, developing genre schemata, conducting manual annotation campaigns,
and ensuring robust classi er performance. The key challenges encountered in the task of
automatic genre identi cation can be summarized as follows:

1. Lack of consensus on the main concepts in automatic genre identi cation: There is
no agreement on the fundamental concepts related to this task (Chandler, 1997),
including on the term used to describe this phenomenon (D. Lee, 2002), leading to
limited comparability among existing genre-annotated datasets (Sharo et al., 2010).

2. Genre ambiguity in web-based texts: The development of the genre schema, as well
as manual and automatic annotation need to address challenging cases arising from
limited control over content creation on the web, such as texts comprising multiple
intertwined genres or texts lacking any discernible characteristics of genre categories
(Kwaznik & Crowston, 2005; Repo et al., 2021; Sharo, 2021). Additionally, as genre
is considered as a text-level phenomenon (Biber & Conrad, 2019), identifying it in
web corpora can be di cult, where texts might be only partially available due to
imperfect automatic methods used for collection and cleaning of the datasets.

3. Challenging manual annotation: Ensuring high levels of agreement on genre labels
among annotators during manual annotation campaigns has proven to be challeng-
ing (Egbert et al., 2015; Zu Eissen & Stein, 2004) or, according to Suchomel (2020),
even hardly possible . Discrepancies among annotators can result in unreliable genre
datasets that are less appropriate for machine learning experiments (Sharo, 2010).
Additionally, in the absence of a reference genre schema, researchers typically devel-
oped their own, devised in accordance with the aims of their research (see for instance
Asheghi et al. (2016), Berninger et al. (2008), Crowston et al. (2010), Egbert et al.
(2015), Roussinov et al. (2001), Sharo (2018), and Williams (2000)). This practice
has resulted in a proliferation of schemata that are not comparable.

4. Issues with availability and coverage of existing genre datasets: Most datasets from
previous studies are either hard to locate or no longer accessible, such as datasets
from Dewe et al. (1998), Roussinov et al. (2001), M. Santini (2007), and Stubbe
and Ringlstetter (2007). Additionally, genre research has predominantly focused on
English, with a few studies conducted on Russian (Lepekhin & Sharo , 2022; Sharo ,
2010, 2018, 2021), Finnish (Laippala et al., 2019; Skantsi & Laippala, 2023), Korean
(Y.-B. Lee & Myaeng, 2002; Lim et al., 2005), and other languages (Laippala et al.,
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2020; Maeda & Hayashi, 2009; Repo et al., 2021; Stamatatos et al., 2000). To the
best of our knowledge, there exists no genre-annotated dataset for any South Slavic
language.

5. Ensuring robustness of genre classi ers: Ensuring that genre classi ers perform well
in out-of-domain scenarios rather than being overly reliant on speci ¢ datasets is
a major challenge. In this task, traditional non-neural machine learning methods,
such as support vector machines, have been shown to have limited capabilities of
generalization beyond their training datasets (Sharo et al., 2010). These issues
might be mitigated using recently introduced deep neural models, such as pre-trained
Transformer-based BERT-like language models that can achieve strong performance
on this task on a small amount of training data, and were shown to be capable of
good levels of cross-lingual transfer (Repo et al., 2021; Rénnqvist et al., 2021).

1.2 Purpose and Goals of the Dissertation

This thesis aims to address the complex task of automatic genre identi cation, speci cally
targeting automatic annotation of massive multilingual web corpora, by proposing novel
methodologies for schema creation and manual annotation, and by exploring appropriate
machine learning techniques. As we aim to provide automatic genre identi cation solutions
for massive multilingual web text collections, our research is based on the three important
criteria for the developed genre classier: 1) robustness, 2) multilinguality, and 3) high
usability for downstream tasks.

In our work, we de ne robustness as the high capabilities of the model to generalize
across datasets. The developed model will be useful for automatic annotation of web texts
only if it achieves high prediction performance on the newly provided web text collections,
not only on the datasets on which it was trained. Secondly, to be able to reliably evaluate
the model's performance, it is crucial that we also achieve robustness of the manually-
annotated genre datasets. We consider the datasets to be robust if the manual annotations
are reliable. Reliability of the manually-annotated datasets is evaluated based on inter-
annotator agreement, where the annotated labels are considered to be trustworthy if the
annotators mostly agree on the labels.

Multilinguality is one of the fundamental values in our research, as we seek to avoid
the exclusive focus on English that has been studied in most prior research. In addition to
catering to English, we aim to provide genre datasets and classi ers also for Slovenian and
other less-resourced European languages. That is why robustness will also be evaluated
based on the capabilities of the model to generalize across various languages.

Additionally, as we aim to develop models for automatic genre classi cation that would
enable automatic annotation of massive web collections, we set forward an additional
criterion related to the usability of the proposed approach. Usability should be especially
considered during the development of the genre schema. Firstly, the genre schema that
the model uses should provide su cient coverage that the majority of texts in the web
text collection would be assigned a speci c label. At the same time, it is advisable that
the genre set comprises a limited number of labels, as larger sets result in an increased
computation cost due to a larger nal layer of the neural model and a bigger size of the
output tensors. Secondly, we aim to ensure that the genre-enriched web corpora would be
useful for language technology developers as well as corpus linguists who would extract or
Iter texts based on genre information. This means that the names of the proposed genre
labels should be recognizable to common users as much as possible.

Furthermore, we are committed to adhere to the principles of ndability, accessibility,
interoperability, and reusability (FAIR) (Wilkinson et al., 2016) throughout our research.
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The datasets and developed classi ers will be made publicly accessible through data reposi-
tories to ensure their long-term availability. This initiative aims to promote further research
in this area and to enhance the long-term usefulness of the contributions of our work.

Figure 1.1: An overview of the phases of automatic genre identi cation research addressed
in this thesis, including the construction of a genre schema, the creation of manually-
annotated training and test datasets, machine learning experiments leading to the devel-
opment of a multilingual genre classi er, and the application of this classi er to multilingual
web corpora.

We aim to address all stages of the development of automatic genre classi ers, as shown
in Figure 1.1. These stages include constructing a genre schema, creating a manually-
annotated dataset, conducting machine learning experiments, validating classi er robust-
ness, and applying the developed classi ers to massive web corpora. Accordingly, this
thesis aims to achieve the following goals:

G1. Develop a high-coverage genre schema that encompasses the full spectrum of
genre variation in web texts and ensures reliable manual annotation with high
inter-annotator agreement.

G2. Propose a novel methodology for manual genre annotation that ensures high relia-
bility based on a novel genre schema, detailed annotation guidelines, and continuous
training of expert annotators.

G3. Develop a genre dataset for Slovenian, which will be the rst of its kind for this
language, to enable training and evaluation of machine learning models in automatic
genre identi cation on Slovenian language. Additionally, we will construct training
datasets that include English, and separate test datasets for various European lan-
guages to assess the performance of genre classi ers in cross-dataset and cross-lingual
evaluation scenarios.

G4. Establish a benchmark for cross-dataset and cross-lingual assessment of machine
learning approaches in automatic genre identi cation, based on newly developed test
datasets in English, Slovenian, and various other European languages. With the
benchmark, we aim to address the current lack of a reference dataset and enable
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comparative analyses of machine learning techniques employed in the task of auto-
matic genre identi cation.

G5. Develop a robust multilingual genre classi er capable of generalizing across datasets
and European languages by exploring various machine learning approaches, including
deep neural language models. Additionally, we will experiment with training on
multiple genre datasets to enhance performance and robustness, evaluated in cross-
dataset and cross-lingual experiments.

1.3 Hypotheses

Previous work showed that manual annotation for automatic genre identi cation is a very
challenging task (Egbert et al., 2015; Sharo, 2018; Suchomel, 2020; Zu Eissen & Stein,
2004). Research that evaluated annotation reliability based on the inter-annotator agree-
ment, using Krippendor 's alpha (Krippendor , 2018) as a metric, mostly did not reach the
threshold value of 0.667, which is established as the minimum acceptable level by Krippen-
dor (2018). The low level of annotation agreement has negatively impacted the reliability
of existing genre datasets (Sharo, 2010). This thesis aims to improve robustness of the
manually-annotated datasets by proposing novel genre schemata and annotation method-
ologies to ensure reliable manual annotation. We de ne the manual annotation as reliable
if the inter-annotator agreement is acceptable, meaning that it is above the threshold
Krippendor 's alpha value of 0.667. This leads to our rst hypothesis:

H1. Acceptable inter-annotator agreement in genre identi cation annotation campaigns
can be accomplished through a manual annotation approach that is based on a well-
designed genre schema, comprehensive annotation guidelines, and employment of ex-
pert annotators.

Recent previous research has demonstrated promising capabilities of pre-trained
Transformer-based language models for the task of automatic genre identi cation (Repo
et al., 2021; Ronnqvist et al., 2021). Building on these ndings, we will conduct machine
learning experiments with various monolingual and multilingual pre-trained Transformer-
based models to evaluate their performance on this task specically when applied to
Slovenian. These models will also be compared with other machine learning methods
commonly used for genre identi cation and other text classi cation tasks to identify the
machine learning method that is the most appropriate for our task. Following this, we
propose the second hypothesis:

H2. Fine-tuned deep neural Transformer-based language models outperform other machine
learning methods in the task of automatic genre identi cation in the Slovenian lan-
guage.

Improving cross-lingual performance would greatly increase the usefulness of genre clas-
si ers, as it would enable their deployment across various languages without the need for
manual annotation. Recent research has demonstrated promising results related to the
cross-lingual capabilities of Transformer-based genre classi ers (Repo et al., 2021; Ron-
ngvist et al., 2021). To address the needs of numerous less-resourced European languages,
we aim to research the optimal approaches to development of genre classi ers capable of
achieving high zero-shot cross-lingual performance in a broad set of languages. We aim to
develop multilingual models that achieve robust performance on various languages, that
is, that are capable of generalizing not only across datasets but also languages. Based on
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model performance achieved in prior work (Repo et al. (2021), Rénngvist et al. (2021),
and Sharo (2021); see Table 2.3 in Section 2.3) and human performance on this task,
measured by the inter-annotator agreement, we consider micro-F1 and macro-F1 scores of
around 0.70 as the minimum threshold for acceptable performance of a genre classi er. We
deem the classi ers to be reliable if they achieve micro-F1 and macro-F1 scores on the test
dataset above 0.80. In relation to this goal, we propose the following hypothesis:

H3. A reliable zero-shot cross-lingual performance in automatic genre identi cation across
numerous European languages is possible by leveraging the cross-lingual capabilities
of massively multilingual pre-trained Transformer models.

1.4 Scienti ¢ Contributions

The thesis aims to o er valuable contributions to the research community, particularly

in the domains of genre classi cation, text classi cation, multilingual natural language
processing (NLP), and the development of language resources for less-resourced languages.
The scienti ¢ contributions of this thesis are as follows:

1. Novel comprehensive genre schemata, developed with focus on capturing the diver-
sity of genres found in web texts. We propose the GINCO schema that aims to
improve upon existing schemata by addressing issues related to low inter-annotator
agreement, and thus improving annotation reliability (see Section 3.1.1). We then
further re ne the GINCO label granularity and improve its level of comparability
to other common high-coverage schemata, which leads to the development of the
X-GENRE schema in Section 3.2.1. Crucially, the proposed schema is designed to be
mappable to widely used earlier schemata, enabling the reuse of existing annotated
datasets and systematic cross-lingual and cross-dataset comparisons. This directly
addresses a major limitation of prior work, where incompatible genre schemata pre-
vented a meaningful comparison of results across studies. The novel schemata are
described in the papers The GINCO Training Dataset for Web Genre Identi ca-
tion of Documents Out in the Wild (Kuzman, Rupnik, et al. (2022); Section 3.1.5),
and Automatic Genre Identi cation for Robust Enrichment of Massive Text Collec-
tions: Investigation of Classi cation Methods in the Era of Large Language Models
(Kuzman, Mozeti£, et al. (2023); Section 3.2.4).

2. A novel methodology for manual genre annotation designed to ensure high inter-
annotator agreement and improve the reliability of manually-annotated datasets.
The precision and consistency of the manual annotations is improved through the
application of objective annotation criteria and the employment of expert annota-
tors, supported by continuous training and detailed guidelines that are made publicly
available to support future manual annotation campaigns! The details on the anno-
tation methodology are provided in Section 3.1.2 that summarizes the ndings from
the paper The GINCO Training Dataset for Web Genre Identi cation of Documents
Out in the Wild (Kuzman, Rupnik, et al. (2022); Section 3.1.5).

3. Multiple manually-annotated genre datasets for Slovenian, English, and various other
less-resourced European languages. The thesis addresses a gap in genre classi ca-
tion research by introducing several high-quality, manually-annotated genre datasets

1The GINCO annotation guidelines are available at hitps:/tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/, and the X-GENRE annotation guidelines are published at
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/.
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for languages that have been previously excluded from studies on automatic genre
identi cation, namely the GINCO dataset for Slovenian (Kuzman et al. (2021); see
Section 3.1.3 and the paper by Kuzman, Rupnik, et al. (2022) in Section 3.1.5), the
English-Slovenian X-GENRE dataset (Kuzman and Ljube?i¢ (2024a); see Section
3.2.2 and the paper by Kuzman, Mozeti£, et al. (2023) in Section 3.2.4), the English
EN-GINCO test dataset and the X-GINCO test dataset in ten European languages
(see Section 4.1.1, and the papers by Kuzman, Mozeti£, et al. (2023) and Kuzman
Punger2ek et al. (In submission) in Sections 3.2.4 and 4.6). These datasets enable
the development and evaluation of multilingual genre classi ers, as shown in Section
3.2 and Chapter 4. Additionally, the multilingual test datasets, integrated into the
AGILE Benchmark (Automatic Genre Identi cation Benchmark), freely available

on GitHub,? enable a comprehensive evaluation of genre classi ers as well as an
evaluation of broader capabilities of large language models across languages and
scripts.

4. A novel genre classi er that demonstrates robust performance across languages and
datasets, with a particular focus on less-resourced languages, including Slovenian.
The research systematically compares multiple machine learning approaches for text
classi cation to identify the most e ective methods for automatic genre identi cation
in diverse European languages, described in Sections 3.1.4, 4.2, 4.3, 4.4, and 4.5, and
in papers The GINCO Training Dataset for Web Genre Identi cation of Documents
Out in the Wild (Kuzman, Rupnik, et al. (2022); Section 3.1.5), Assessing Compa-
rability of Genre Datasets via Cross-Lingual and Cross-Dataset ExperimentgKuz-
man, Ljube?i¢, and Pollak (2022); Section 3.2.3), Automatic Genre ldenti cation
for Robust Enrichment of Massive Text Collections: Investigation of Classi cation
Methods in the Era of Large Language Models(Kuzman, Mozeti£, et al. (2023);
Section 3.2.4), Zero-Shot Cross-Lingual Genre Classi cation on Diverse European
Languages (Kuzman Punger2ek et al. (In submission); Section 4.6), and State of the
Art in Text Classi cation for South Slavic Languages: Fine-Tuning or Prompting?
(Kuzman Punger2ek, Rupnik, Porupski, et al. (2026); Section 4.7). We evaluate
models in monolingual, multilingual, and zero-shot cross-lingual settings, revealing
that high performance can be achieved even on diverse and unrelated languages us-
ing di erent scripts. These experiments provide new evidence of the robustness and
transferability of genre classi ers across languages and datasets.

5. A novel methodology for developing text classi ers without the need for manually-
annotated data, termed the LLM Teacher-Student Framework. We show that substi-
tuting human annotators with a large language model for training data annotation
is an e ective strategy for developing robust and e cient genre classi ers, as well as
models for topic classi cation. To the best of our knowledge, this methodology has
not previously been applied to this task and is potentially transferable to a wide range
of text classi cation tasks. The methodology is presented in Chapter 5 and published
in the paper LLM Teacher-Student Framework for Text Classi cation With No Man-
ually Annotated Data: A Case Study in IPTC News Topic Classi cation (Kuzman
and Ljubezi¢ (2025); Section 5.3).

1.5 Methodology

In this thesis, we aim to address the complex task of automatic genre identi cation
through the creation of novel genre schemata, the development of manually-annotated

Zhttps://github.com/Tajakuzman/AGILE-Automatic-Genre-Identi cation-Benchmark
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genre datasets, and the exploration of robust machine learning methods. To ful Il the ob-
jectives and assess the hypotheses presented in the previous sections, the following method-
ology is employed:

1. The methodology for developing a high-coverage genre schema: We perform a thor-

ough analysis of previously proposed genre schemata to analyze their similarities and
di erences. Based on this analysis, we develop a high-coverage genre schema that
incorporates elements from 15 previous schemata (Boese, 2005; Dewe et al., 1998;
Egbert et al., 2015; Laippala et al., 2019; Y.-B. Lee & Myaeng, 2002; Lim et al., 2005;
Roussinov et al., 2001; M. Santini, 2007, 2010; Sharo , 2010, 2018; Stamatatos et al.,
2000; Stubbe & Ringlstetter, 2007; Vidulin et al., 2007; Zu Eissen & Stein, 2004).
Previous machine-learning experiments have been limited by their dependency on
speci ¢ datasets and schemata (Rehm et al., 2008). In response, this thesis aims to
explore the potential of mapping our proposed schema onto existing high-coverage
schemata to enable cross-dataset experiments. Speci cally, we examine the compa-
rability of our schema with two commonly used high-coverage schemata: the schema
of the Corpus of Online Registers of English (CORE) (Egbert et al., 2015) and the
schema of the Functional Text Dimensions (FTD) approach (Sharo, 2018).

. The methodology for constructing genre datasets: As the thesis focuses on the au-
tomatic identi cation of genres within web text collections, novel genre datasets are
derived from existing web corpora, such as the Slovenian slwaC 2.0 corpus (Erjavec
& Ljubezi¢, 2014), the MaCoCu web corpora (Bafion, Espla-Gomis, Forcada, Garcia-
Romero, et al., 2022) in various European languages, and the English web corpus
enTenTen20 (Jakubifek et al., 2013). The proposed methodology involves the extrac-
tion of random texts from web corpora, which also include noise, texts with multiple
intertwined genres, and other web-speci ¢ challenges, enabling evaluation of classi-
ers under realistic conditions. The nalized datasets are made publicly available
in data repositories and are formatted in widely recognized data formats to ensure
maximum accessibility and reproducibility.

. The methodology for manual annotation: A manual annotation campaign is con-
ducted based on a methodology that ensures high inter-annotator agreement for
the task of genre annotation. Unlike annotation campaigns that use crowdsourc-
ing, we employ experts from the elds of linguistics and computational linguistics,
who receive fair compensation. To ensure reliability, annotators are guided through
the manual annotation process using a survey structured as a decision tree, with
criteria for genre categories being as objective as possible. Continuous training is
provided to annotators to ensure a good understanding of the task. The reliability of
manual annotation is evaluated by calculating the inter-annotator agreement using
Krippendor 's alpha (Krippendor, 2018), a widely used metric that evaluates the
annotator agreement while accounting for chance agreement. We aim to achieve a
Krippendor 's alpha value above 0.667, which is considered the minimum acceptable
threshold for reliable annotation (Krippendor , 2018).

. The methodology for machine learning experiments: The thesis aims to evaluate a
range of machine learning methodologies commonly used in text classi cation, specif-
ically focusing on the task of automatic genre identi cation. The machine learning

experiments include both non-neural and neural models. The non-neural models
include the Naive Bayes classi er, logistic regression classi er, and support vector
machine (SVM), using the TF-IDF (term frequency inverse document frequency)

text representations. The neural models comprise the shallow neural fastText model
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(Joulin et al., 2017), as well as a selection of monolingual and multilingual deep neural
BERT (Bidirectional Encoder Representations from Transformers) models. Further-
more, we explore a promising novel approach involving the classi cation of texts
using instruction-tuned decoder-only large language models (LLMs) in a zero-shot
setting, where no training data is needed. Once we identify the most e ective machine
learning approach for both monolingual and multilingual genre classi cation, we ex-
tend the evaluation to cross-dataset and cross-lingual experiments to evaluate the
model's robustness across various datasets and languages. The models' performance
is assessed using metrics that are commonly used for single-label multi-class text
classi cation, namely micro-F1 and macro-F1. These metrics provide insights into
the models' performance at both the instance and label levels, respectively. Based
on model performance achieved in prior work (Repo et al. (2021), Rénngvist et al.
(2021), and Sharo (2021); see Table 2.3 in Section 2.3) and human performance on
this task, measured by inter-annotator agreement, we consider micro-F1 and macro-
F1 scores of around 0.70 as the minimum threshold for acceptable performance of a
genre classi er, and performance above 0.80 as reliable model performance.

1.6 Organization of the Thesis

The thesis is structured as follows. Chapter 2 provides an overview of the main approaches,
challenges and solutions identi ed in previous work, related to the de nition of the genre
concept and the genre schema (Section 2.1), the methods for dataset collection and anno-
tation (Section 2.2), and the development of robust machine learning models (Section 2.3).
The content of this chapter is based on the accompanying journal paperAutomatic Genre
Identi cation: A Survey (Kuzman & Ljube?i¢, 2023), enclosed in Section 2.4. The chapter
concludes with Section 2.5 which identi es the gaps in prior work that are addressed in
the remainder of the thesis.

Chapter 3 outlines the development of novel genre schemata, manually-annotated
datasets, and genre classi ers as part of our goal to develop a robust multilingual genre clas-
sier. In Sections 3.1 and 3.2.1, we introduce the newly developed GINCO and X-GENRE
genre schemata, which address Go&1. In Section 3.1.2, we present the annotation cam-
paign and annotation guidelines for the GINCO schema, ful lling Goal G2 and providing
evidence for HypothesisH1. Finally, in Sections 3.1.3 and 3.2.2, we present the Slove-
nian manually-annotated GINCO dataset and the Slovenian-English manually-annotated
X-GENRE dataset, respectively, ful lling the rst part of Goal G3. This chapter is based
on the following accompanying papers: The GINCO Training Dataset for Web Genre
Identi cation of Documents Out in the Wild (Kuzman, Rupnik, et al., 2022) in Section
3.1.5; Assessing Comparability of Genre Datasets via Cross-Lingual and Cross-Dataset
Experiments by Kuzman, Ljube?i¢, and Pollak (2022) in Section 3.2.3; and Automatic
Genre Identi cation for Robust Enrichment of Massive Text Collections: Investigation of
Classi cation Methods in the Era of Large Language Models (Kuzman, Mozeti£, et al.,
2023) in Section 3.2.4.

In Chapter 4, we conduct experiments with various text classi cation methods to de-
termine which approach o ers the most robust generalization across di erent datasets and
languages. In Section 4.1, we detail the methodology and introduce the newly developed
test datasets designed for benchmarking classi cation methods on automatic genre identi-
cation, addressing the second part of GoalG3. Building on these datasets, we establish
a publicly available benchmark that ful lls Goal G4. The results of experiments assessing
both in-dataset and cross-dataset performance on Slovenian and English are presented in
Section 4.2 where the results support HypothesisH2 and in Section 4.3. We then
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extend the evaluation to examine zero-shot cross-lingual performance in Section 4.4, where
we provide empirical support for HypothesisH3. Additionally, we assess the zero-shot per-
formance of large language models (LLMs) on the task of automatic genre identi cation
in Section 4.5. These machine learning evaluations enable us to identify the methodol-
ogy that yields the best-performing genre classi er, addressing Godab5. This chapter is
based on the following papers: Automatic Genre Identi cation for Robust Enrichment
of Massive Text Collections: Investigation of Classi cation Methods in the Era of Large
Language Models (Kuzman, Mozetif, et al., 2023) in Section 3.2.4; Zero-Shot Cross-
Lingual Genre Classi cation on Diverse European Languages(Kuzman Punger2ek et al.,

In submission) in Section 4.6; and State of the Art in Text Classi cation for South Slavic
Languages: Fine-Tuning or Prompting? (Kuzman Punger2ek, Rupnik, Porupski, et al.,
2026) in Section 4.7.

In Chapter 5, we introduce a novel methodology for developing genre classi ers with-
out the need for manually-annotated training data. Section 5.1 evaluates the reliability
of an LLM when employed as a data annotator within the proposed LLM Teacher Stu-
dent Framework approach. Subsequently, in Section 5.2, we assess whether the proposed
methodology can produce reliable genre classi ers. This chapter is based on the paper
LLM Teacher-Student Framework for Text Classi cation With No Manually Annotated
Data: A Case Study in IPTC News Topic Classi cation by Kuzman and Ljubezi¢ (2025),
enclosed in Section 5.3.

We conclude the thesis in Chapter 6 where we rst summarize the research and then
highlight its contributions in Section 6.1. Secondly, we outline the planned future work
in Section 6.2. Lastly, to facilitate the replicability of our research, we provide details
regarding the availability of the code used in our experiments, as well as access to the
developed datasets and models in Section 6.3.
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Chapter 2

Challenges and Proposed Solutions
In Related Work

Although numerous studies over the past twenty years have aimed to develop e cient genre
classi ers, at the start of this PhD research, no freely available genre classi er existed
that could be applied to large-scale web text collections. Entering this eld, one quickly
discovers a lack of consensus on best practices across all stages of developing automatic
genre identi cation models, requiring careful consideration and decision-making at each
step. In this chapter, we present the main approaches, challenges and solutions identi ed
in previous work, based on the detailed overview provided in the accompanying journal
paper Automatic Genre Identi cation: A Survey (Kuzman & Ljubezi¢, 2023), enclosed

in Section 2.4. Following the main goals of the thesis, the chapter is especially focused on
robustness, multilinguality, high coverage, and usability of genre datasets and classi ers
for downstream applications. It outlines the challenges related to the de nition of the
concept of genre and the genre schema (Section 2.1), the dataset collection and annotation
methods (Section 2.2), and the development of robust genre classi ers (Section 2.3).

2.1 De nition of Genre Schema

When tackling the task of automatic genre identi cation, we must rst decide which term

to use to describe this phenomenon. There is little agreement among di erent groups of
researchers on the fundamental concepts related to the task of automatic genre identi -
cation (Chandler, 1997), starting with the terminology used to describe the task (D. Lee,
2002). Previous work uses various terms to describe the concept of genre. In this work, we
adopt the commonly used terms genre, automatic genre identi cation and web genre
identi cation (used by Asheghi et al. (2016), Crowston et al. (2010), M. Santini (2007),
Stubbe and Ringlstetter (2007), Vidulin et al. (2007), and Zu Eissen and Stein (2004),
among others). However, some research groups working on the same task use alternative
terms, such as registers (see Egbert et al. (2015) and further research by Laippala et
al. (2019), Repo et al. (2021), and Roénngqyist et al. (2021)), functional text dimensions
(Sharo, 2018) or text types (Stubbs, 1996).

Secondly, previous work uses various criteria to de ne genre categories. Most de nitions
describe genre categories based on the socially recognized form and the intended commu-
nicative purpose (function) of the text (Kwatnik & Crowston, 2005). Some de nitions
also take into account the target audience (Zu Eissen & Stein, 2004), reader expectations
(S. M. Santini, 2006), style (Argamon et al., 1998; Finn & Kushmerick, 2006), or content
(Rosso, 2008). To identify genres, researchers either follow the text-internal perspective,
examining linguistic and other visible elements in the text, the text-external or functional
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perspective, focusing on the function of the texts (see Sharo (2010, 2021) for a detailed
discussion on both perspectives), or a combination of both, as is done in our work.

In prior work, researchers de ned genre categories di erently and mostly developed
their own genre schema in accordance with the aims of their research. This practice led
to very limited comparability among existing genre schemata and datasets (Sharo et al.,
2010). Further insight into this issue comes from an analysis of 16 previously used genre
schemata, speci cally those presented in the works of Asheghi et al. (2016), Boese (2005),
Dewe et al. (1998), Egbert et al. (2015), Kuzman, Rupnik, et al. (2022), Laippala et al.
(2019), Y.-B. Lee and Myaeng (2002), Lim et al. (2005), M. Santini (2007, 2010), Sharo
(2010, 2018), Stubbe and Ringlstetter (2007), Suchomel (2020), Vidulin et al. (2007), and
Zu Eissen and Stein (2004). Table 2.1 shows the frequency of genre labels that are shared
by at least three schemata, highlighting the large variation among genre schemata. In total,
they use 280 genre categories. Almost half of the labels (129) are used by only one schema.
Only 20 labels are shared across multiple schemata, as shown in Table 2.1, with the most
frequent category present in 9 out of 16 schemata. A further analysis of examples from
existing genre datasets, included in the journal paper that is enclosed in Section 2.4, reveals
an even more complex reality. Even when schemata share identical or similar label names,
the labels do not necessarily correspond to similar texts, as their interpretation varies across
schema authors and annotators. This variation further obscures the level of comparability
between existing genre datasets. Therefore, attempts to merge genre schemata or datasets
for model training or cross-dataset evaluation require a detailed examination of the datasets
and their instances, rather than merging the datasets and schemata solely based on label
names.

Table 2.1: Most frequent genre labels from 16 genre schemata. Labels with very similar
names, e.g., FAQ and FAQs or news and news/reporting , were counted as the same
label name.

Genre label Occurrences in schemata
FAQ 9
Instruction 7
News 6
Legal 6
Personal Home Page 6
Review 6
Information 5
Discussion 5
Research Article 5
Interview 5
Lyrical 5
Poem 4
Recipe 4
E-shop 4
Editorial 4
Promotion 3
Link Collection 3
Journalistic 3
Blog 3
Prose 3
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One of the main reasons for the signi cant di erences between genre schemata is that
they were constructed based on the aim of the research. Accordingly, the previously de-
veloped schemata can be divided into the following groups: high-coverage schemata, infor-
mation retrieval schemata, and schemata, created with other aims. Information retrieval
schemata comprise a selection of genre categories that are deemed useful for search engine
users (see Dewe et al. (1998), Lim et al. (2005), Roussinov et al. (2001), M. Santini (2007),
Vidulin et al. (2007), and Zu Eissen and Stein (2004)). Other schemata and corresponding
genre datasets were developed to study speci c genres, such as poetry and prose (Shavrina,
2019). Since our work aims to develop schemata and genre classi ers capable of e ciently
capturing the full variation of web content, we focus on high-coverage schemata. They aim
to cover the full range of genre variation on the web in order to annotate all web texts with
a certain label. In accordance with this goal, they mostly use larger sets of speci ¢ classes
(see Egbert et al. (2015), Laippala et al. (2019), Sharo (2018), Stubbe and Ringlstetter
(2007), and Suchomel (2020)), a smaller set of broader categories (see Sharo (2010)) or
a combination of the two (see M. Santini (2010)). Higher label granularity typically com-
plicates the manual annotation process and can result in lower inter-annotator agreement
and a less reliable manually-annotated dataset (Sharo, 2010). On the other hand, using
a smaller set of labels with categories that are too broad and consequently not separated
well can negatively impact automatic genre identi cation (Asheghi et al., 2016).

The high-coverage schemata introduced in previous work provide a useful starting point,
especially those by Berninger et al. (2008), Egbert et al. (2015), M. Santini (2010), Sharo
(2010, 2018), and Stubbe and Ringlstetter (2007). However, each of them has limitations
that make it unsuitable for direct use in our study. Some have a too high label granularity,
with over 40 genre labels, which has been shown to negatively impact manual annotation
reliability (e.g., schemata by Berninger et al. (2008) and Egbert et al. (2015)). Others
have a limited comparability to other existing schemata due to di erences in label sets
(e.g., schemata by M. Santini (2010) and Sharo (2010, 2018)), or include abstract label
names that would not be understood by end users, such assources(Stubbe & Ringlstet-
ter, 2007), recreation (Sharo, 2010), and commpu (Sharo, 2018). Additionally, some
schemata have shown poor applicability for manual annotation, with annotation campaigns
reporting low inter-annotator agreement (e.g., those by Egbert et al. (2015) and Sharo
(2018)). In addition, when developing a high-coverage schema for web text classi cation,
it is important to acknowledge that writers on the web are not constrained to following
genre norms, meaning that some texts will inevitably fall outside any prede ned genre class
(Sharo, 2021). While the existing high-coverage schemata rely on a closed set of prede-
ned labels, it would be advisable to include a categoryOther, as suggested by Asheghi
et al. (2016).

2.2 Development of Manually-Annotated Genre Datasets

Since the genre classi er is trained on a manually-annotated dataset, the quality of this
dataset is critical for model performance. Most importantly, the dataset should be robust
which in this context means that its manual annotation must be reliable and that it should
include a diverse set of texts that represent well the diversity of web content. This enables
the classier to generalize beyond the training data to other datasets. There are two
stages of the development of training genre datasets that importantly impact the quality
of the resulting datasets: the development of the collection of representative texts to be
annotated, and a manual annotation campaign.

Based on the collection method, text collections used as the basis for manually-
annotated genre datasets can be categorized into designed and crawled corpora (Kilgarri,
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2012). Designed corpora, such as those by Berninger et al. (2008), Boese (2005), M.
Santini (2007), and Stubbe and Ringlstetter (2007), are based on manual selection of
instances. As a result, they are not representative of real web data, as noted by Sharo
(2010), and the high classi cation performance on such datasets does not guarantee that
the model will generalize well to real web text collections. Crawled corpora, such as those
by Laippala et al. (2020) and Sharo (2018), extract random instances from massive web
corpora and represent a (more or less faithful) snapshot of the web (Asheghi et al.,
2016). Random selection from a large web text collection ensures that instances originate
from a wide range of sources and helps prevent bias toward speci c topics, authors, or
web domains. A further step in this direction was taken by Asheghi et al. (2016), who
also ensured temporal diversity of resources by selecting sources published at di erent
time points, preventing that some genres, such adlews would be represented solely by
instances covering the same topics.

The second key factor in producing a high-quality training dataset is reliable manual
annotation. For this task, previous studies employed either a small group of experts (e.qg.,
annotation campaigns in S. M. Santini (2006), Vidulin et al. (2007), and Zu Eissen and
Stein (2004)), or crowd-sourcing (e.g., see Egbert et al. (2015)). The advantage of expert
annotation lies in the higher reliability of annotators and greater control over the annota-
tion process, whereas crowd-sourcing allows for faster and more cost-e ective annotation,
enabling creation of larger manually-annotated datasets.

Annotation reliability is typically assessed through inter-annotator agreement, which
measures the agreement of two or more annotators on the label of the same instance.
However, prior research has shown that achieving high inter-annotator agreement on this
task is di cult, and studies rarely achieved an acceptable level of inter-annotator agreement
(see for instance Egbert et al. (2015) and Suchomel (2020)), which is de ned in our work as
Krippendor 's alpha above 0.667, following Krippendor (2018). These ndings highlight
the need to improve the annotation methodology to achieve a more reliable annotation.

Table 2.2 presents the most relevant manually-annotated genre datasets developed in
previous work. The comparison shows a considerable variation among the datasets based
on their schemata, namely, the label granularity varies signi cantly, with the number of
labels ranging from 7 to 292. This further highlights the limited comparability between
datasets. A further issue is that many previously developed genre datasets have become
di cult to access over time and are no longer available, for example, those by Berninger
et al. (2008), M. Santini (2010), Sharo (2010), and Stubbe and Ringlstetter (2007). Even
the datasets that are currently available are not published in certi ed repositories which
would ensure reliable long-term archiving.

More information on the datasets is provided in the journal paper by Kuzman and
Ljube?i¢ (2023) that is enclosed in Section 2.4. In this thesis, we focus mainly on high-
coverage schemata that could be used to develop a high-coverage genre classi er for web
texts. Two families of manually-annotated genre datasets that use a high-coverage schema
are openly available and could thus be used in our work, namely the CORE dataset (Egbert
et al., 2015) in English and the related datasets in Swedish, French and Finnish (Laippala
et al., 2019; Laippala et al., 2020; Repo et al., 2021; Skantsi & Laippala, 2023); and the
FTD dataset (Sharo, 2018) in Russian and English.

The CORE dataset (Egbert et al., 2015) is a crawled dataset that consists of 48,420
texts from the Corpus of Global Web-based English (GloWbE) (Davies & Fuchs, 2015). It
uses the CORE schema a hierarchical schema comprising 8 higher-level categories, which
cover the situational characteristics or functions of texts, and 47 speci ¢ subcategories.
The dataset was annotated in a crowd-sourcing campaign with 908 participants, where
each instance was annotated by 4 annotators.
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The Functional Text Dimensions (FTD) dataset (Sharo, 2018) consists of 1,562 En-
glish texts and 1,930 Russian texts from multiple sources: the Pentaglossal corpus (59)
(Forsyth & Sharo, 2014), which comprises Russian and English texts of known origin
(ction, corporate communication, political debates, TED talks, UN reports, etc.), and
random samples of texts from the ukWac web corpus (Baroni et al., 2009) and the Russian
GICR web corpus (Piperski et al., 2013). The dataset uses the Functional Text Dimensions
(FTDs) schema that consists of 18 broad functional categories. The manual annotation
followed a multi-label approach, where annotators rated the presence of each category in
the text on a scale from O to 2.

The CORE and FTD schemata and datasets cover English as well as several other
languages, including Russian, Swedish, French and Finnish. However, no genre-annotated
dataset currently exists for Slovenian, which is one of the focal points of our work. Thus, to
enable the study of automatic genre identi cation in Slovenian, a new manually-annotated
genre dataset in Slovenian has to be created.

While the CORE and FTD datasets can be useful for developing genre classi ers for
English and other supported languages, following their schemata to develop a manually-
annotated genre dataset for Slovenian would be challenging. Previous annotation cam-
paigns applying the FTD schema to a new dataset concluded that a high agreement in this
task is hardly possible (Suchomel, 2020), and an analysis of inter-annotator agreement
achieved when annotating the CORE dataset reported that there was no majority agree-
ment between the four annotators on one-third of texts on the level of main categories, and
on half of the texts on the level of subcategories (Egbert et al., 2015). When the CORE
schema was applied to another dataset, the inter-annotator agreement reached a nominal
Krippendor 's alpha of 0.66 and 0.53 for main categories and subcategories, respectively
(Sharo , 2018), which are on the verge and below the threshold of 0.667 for reliable manual
annotation.
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Table 2.2: Comparison of the most relevant genre-annotated datasets developed in previous
work, in terms of their size (number of texts), language (ISO codes), number of classes in
the genre schema and multi-label approach. If the schema is hierarchical, the number of
classes includes the main classes and sub-classes, e.g., 7/32 stands for 7 main classes and
32 sub-classes. Links for publicly available datasets are provided in the footnotes.

Dataset Size (texts), Lan- Classes Multi-
guage label
High-coverage datasets
Hierarchical genre collection (HGC) (Stubbe 1,280 (EN) 7132 no
& Ringlstetter, 2007)
KRYS | (Berninger et al., 2008) 6,300 (EN) 10/70 no
I-EN-Sample, I-RU-Sample (Sharo, 2010) 250 (EN), 250 7 no
(RU)
SANTINIS-ML (M. Santini, 2010) 2,480 (EN) 15 yes
CORE (Egbert et al., 2015)* 48,420 (EN) 8/47 yes
Functional Text Dimensions (FTD) (Sharo, 1,562 (EN), 1,930 18 yes
2018y (RU)
FinCORE (Laippala et al., 2019)° 2,237 (FI) 8/224 yes
FreCORE, SweCORE (Laippala et al., 2020 688 (FR), 1,085 8/22 yes
(SV)
Suchomel (2020) 1,974 (EN) 9 yes
LiveJournal dataset (Lepekhin & Sharo, 13,629 (RU) 10 no
2022)
FINCORE (extended) (Skantsi & Laippala, 10,754 (FI) 9/30 yes
2023f
Information-retrieval datasets
Dewe et al. (1998) 1,358 (EN) 2/11 no
Roussinov et al. (2001) 1,076 (EN) 116 no
Genre-KI-04 (Zu Eissen & Stein, 2004) 1,239 (EN) 8 no
Lim et al. (2005) 1,328 (KO) 2/16 no
20-Genre Collection (MGC) (Vidulin et al., 1,539 (EN) 20 yes
2007§
7-Web Genre Collection (M. Santini, 2007) 1,400 (EN) 7 no
Other genre datasets
Boese (2005) 343 (EN) 10 no
Leeds Web Genre Corpus (Asheghi et al., 4,964 (EN) 20 no
2016)

The CORE corpus is available here: https://github.com/TurkuNLP/CORE-corpus and can be
queried here: https://www.english-corpora.org/core/.

2The FTD dataset is available here: https://github.com/ssharo /genre-keras.

3The FinCORE dataset is available here: https://github.com/TurkuNLP/FinCORE.

“Based on the annotation guidelines published at https://turkunlp.org/register-annotation-docs.

®The FreCORE and SweCORE datasets are available here: https://github.com/TurkuNLP/
Multilingual-register-corpora.

®The new extended FinCORE dataset is available here: https://github.com/TurkuNLP/FinCORE_
full

"The Genre-KI-04 dataset is available here: https://webis.de/data/genre-ki-04.html.

8The 20-Genre Collection can be accessed through the Internet Archive Wayback Machine: https:
/lweb.archive.org/web/20120512021524/http://dis.ijs.si/mitjal/genre/
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2.3 Machine Learning Approaches for Automating Genre
ldenti cation

Prior to the emergence of deep neural classi ers, support vector machines (SVMs) were the
most commonly used approach in previous work (Laippala et al., 2021; Laippala et al., 2017;
Petrenz & Webber, 2011; Pritsos & Stamatatos, 2018; Rezapour Asheghi, 2015; Sharo
et al., 2010). However, this machine learning method has shown limited generalization
capabilities. Sharo et al. (2010) evaluated the performance of linear SVMs in a cross-
dataset classi cation setting, where the model was trained on one genre dataset and tested
on another. The results indicated strong dataset dependence while the models performed
well in the in-dataset scenario, their accuracy on other datasets was mostly below 40%.
This does not satisfy our criteria for model robustness which we de ne as the ability to
generalize across datasets and, ideally, across languages. These ndings also highlight the
importance of evaluating classi ers on multiple datasets, as in-dataset results may not
re ect the model's e ectiveness in real-world scenarios.

In recent years, SVMs and other non-neural methods have been largely replaced by the
Transformer-based pre-trained BERT-like language models which have demonstrated sig-
ni cantly stronger capabilities. Repo et al. (2021) and Rénnqvist et al. (2021) showed that
these models can achieve strong performance when trained on smaller training datasets,
and even across languages in zero-shot cross-lingual settings. Experiments with varying
sizes of the CORE dataset (Egbert et al., 2015) revealed that the performance of a ne-
tuned Transformer model plateaued after using approximately 10,000 training instances,
indicating that manual annotation of substantially larger datasets is unnecessary (Laippala
et al., 2022). Moreover, when the model was evaluated on longer texts, the beginning of
the document, that is, the rst 512 tokens, was shown to be the most informative part for
genre prediction, which dismisses the need for using models designed to deal with longer
texts, such as the Longformer language model (Beltagy et al., 2020).

Table 2.3 provides an overview of recent machine learning experiments on datasets
from the CORE (Egbert et al., 2015; Laippala et al., 2019; Laippala et al., 2020) and
FTD (Sharo, 2018) genre dataset families, as reported in previous work (Laippala et al.,
2022; Repo et al., 2021; Sharo, 2021). The reported results are hardly comparable, as
the experiments were applied on di erent datasets and used di erent schemata, machine
learning models, and evaluation metrics. Nevertheless, the overview still provides an insight
into the state-of-the-art performance of genre classi ers.

Multiple studies have shown the massively multilingual XLM-RoBERTa model (Con-
neau et al., 2020) to be the most appropriate for this task, achieving micro-F1 scores
between 0.72 and 0.84 in the in-dataset classi cation setting (Repo et al., 2021; Rénngvist
et al., 2021). Recent studies advise that the model is ne-tuned on a combination of mul-
tiple genre datasets, which improves its performance and its robustness against topic bias
in training data (Lepekhin & Sharo, 2022; Ronngvist et al., 2021).

The ne-tuned XLM-RoBERTa model has also shown promising zero-shot cross-lingual
performance with F1 scores between 0.61 and 0.69 when trained on English CORE dataset
and evaluated on Finnish, French, and Swedish (Repo et al., 2021). The XLM-RoBERTa
model trained on an extended multilingual dataset using a modi ed set of CORE labels
was further evaluated in a zero-shot cross-lingual scenario on 11 languages (Henriksson
et al., 2024), achieving an average micro-F1 score of 0.66 and an average macro-F1 score
of 0.62. These results indicate promising possibilities for the development and application
of genre classi ers on less-resourced languages based on multilingual Transformer-based
BERT-like language models.
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Table 2.3: Overview of the model (in-dataset) performance on the most relevant high-
coverage genre datasets, as reported in previous work.

Research Dataset Number  of Model Best  score
labels (per dataset)
Sharo FTD (English), 10 (subset of Bi-directional Long Precision:
(2021) FTD (Russian) FTD labels) Short-Term Memory 0.77, 0.75
(Sharo, 2018) (BIiLSTM) classier
(Yogatama et al.,
2017)
Repo FinCORE, 7 (subset of XLM-RoBERTa large F1: 0.73,
et al. FreCORE, CORE main (Transformer model) 0.77, 0.83,
(2021) SweCORE, labels) (Conneau et al., 2020) 0.76
CORE (Egbert
et al., 2015)
Laippala CORE (Egbertet 56 (CORE BERT large (Trans- Micro-F1:
et al. al., 2015) main former model) (Ken- 0.68
(2022) and sub- ton & Toutanova,
categories; 2019)
multilabel

approach)
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2.5 Final Remarks

In this chapter, we identi ed gaps in prior work and outlined best practices for developing
high-coverage genre datasets and classi ers, based on the ndings of the journal article
Automatic Genre Identi cation: A Survey (Kuzman & Ljube?i¢, 2023) that is enclosed in
Section 2.4. We identi ed several challenges related to the development of a genre schema,
manually-annotated genre datasets, and genre classi ers, which are addressed in this thesis.

First, our review of existing genre schemata and datasets showed that none can be
directly applied to our study. The existing high-coverage schemata provide a good starting
point, however, they have several limitations: too high label granularity that negatively
impacts the reliability of manual annotations, limited comparability across schemata that
prevents possible merging of multiple existing genre datasets; abstract label names that
may not be understood by end users; and closed label sets that do not account for instances
falling outside prede ned categories. To address these issues, we set to develop a new genre
schema that overcomes the limitations of current high-coverage schemata. This schema
would be based on the existing schemata to allow for potential mapping between genre
schemata and integration of existing genre datasets into our machine learning experiments.
This is particularly important given the lack of comparability between datasets in previous
work, which has led to dataset-speci c experiments and results that o er limited insight
into the robustness of the developed genre classi er, that is, its generalization capabilities
when applied to other datasets.

Second, no existing high-coverage dataset completely ful lls the requirements of our
study. We identi ed two freely-accessible genre dataset families that use high-coverage
schemata, namely the CORE (Egbert et al., 2015; Laippala et al., 2019; Laippala et al.,
2020; Repo et al., 2021; Skantsi & Laippala, 2023) and FTD datasets (Sharo , 2018). How-
ever, neither includes Slovenian language which is one of the focuses of our study. Creating
a new manually-annotated dataset based on the CORE and FTD schemata would be chal-
lenging, as previous attempts to apply these schemata to new datasets have reported low
inter-annotator agreement. To ensure more reliable annotation, we aim to propose a new
genre schema and an improved annotation methodology. To ensure that the Slovenian
genre dataset represents real-world web texts well, we will follow best practices from pre-
vious work, including the extraction of random instances from web corpora and attention
to temporal diversity.

Third, although recent studies report strong performance of genre classi ers, they did
not publish the models. As a result, we have to develop our own genre classi ers. Fine-
tuned BERT-like Transformer-based models were shown to be the most promising machine
learning method to achieve a robust performance, that is, to achieve generalization across
datasets and languages. They will serve as our starting point to develop multilingual genre
classi ers that can be applied on Slovenian, English and other European languages. To
assess the generalization capabilities of the model, it should be evaluated in the cross-
dataset scenario where it is applied to di erent datasets. In order for this evaluation to be
feasible, a mapping across genre schemata needs to be developed that does not only take
into account the similarity of label names it must be based on a deep understanding of
the involved datasets and their instances, since the same label names may be de ned in
annotation guidelines di erently and be therefore represented by very di erent texts.
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Chapter 3

Development of Robust Genre
Schemata and Datasets

The examination of prior research, presented in Chapter 2, indicates that although existing
genre schemata, datasets, and best practices o er a useful basis for our research on auto-
matic genre identi cation, they are not directly applicable to our study. Consequently, this
chapter outlines the development of novel genre schemata, manually-annotated datasets,
and genre classi ers as part of our goal to develop a robust multilingual genre classi er
that demonstrates high coverage when applied on web texts.

In this chapter, we address the following goals:

"~ Firstly, we fulll Goal G1 Develop a high-coverage genre schema that encompasses
the full spectrum of genre variation in web texts and ensures reliable manual anno-
tation with high inter-annotator agreement. in Sections 3.1 and 3.2.1, in which we
present the GINCO and X-GENRE genre schemata.

Secondly, we ful ll Goal G2 Propose a novel methodology for manual genre anno-
tation that ensures high reliability based on a novel genre schema, detailed annota-
tion guidelines, and continuous training of expert annotators. in Section 3.1.2, in
which we present the annotation campaign and annotation guidelines for the GINCO
schema. This allows us to test Hypothesisil: Acceptable inter-annotator agreement

in genre identi cation annotation campaigns can be accomplished through a manual
annotation approach that is based on a well-designed genre schema, comprehensive
annotation guidelines, and employment of expert annotators.which is supported by

the results.

Lastly, we ful Il the rst part of Goal G3 Develop a genre dataset for Slovenian,
which will be the rst of its kind for this language, to enable training and evaluation

of machine learning models in automatic genre identi cation on Slovenian language.
Additionally, we will construct training datasets that include English, [...], as we
present in Sections 3.1.3 and 3.2.2 the Slovenian manually-annotated GINCO dataset
and the Slovenian-English manually-annotated X-GENRE dataset, respectively.

This chapter is organized as follows. In Section 3.1 we introduce the GINCO genre
schema (Section 3.1.1), propose a re ned annotation methodology and develop compre-
hensive annotation guidelines (Section 3.1.2). Additionally, we create a new Slovenian
training dataset for automatic genre identi cation, nhamed the GINCO dataset (Section
3.1.3). We conduct machine learning experiments to assess the suitability of the GINCO
schema and dataset for the development of genre classi ers, and conclude with sugges-
tions for further improvement of the proposed schema (Section 3.1.4). Second, in Section
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3.2 we explore the integration of the Slovenian GINCO dataset with pre-existing English
manually-annotated genre datasets. We propose a uni ed schema to facilitate the merging
of the schemata from the existing English datasets with the GINCO schema (Section 3.2.1),
resulting in the creation of a new Slovenian-English dataset (Section 3.2.2). Finally, we
compare the two newly proposed datasets with high-coverage genre datasets from previous
studies through in-dataset experiments, demonstrating that the newly developed multilin-
gual genre dataset provides superior training data for the development of genre classi ers
(Section 3.2.2).

3.1 The Slovenian GINCO Dataset with a Novel Genre
Schema and Annotation Guidelines

In Chapter 2, a key gap in the existing literature is identi ed: the absence of a manually-
annotated genre dataset that includes Slovenian, the language of interest in this study.
Therefore, such a dataset must be created from scratch. Given the limitations of existing
genre schemata and annotation approaches, discussed in Sections 2.1 and 2.2, it is necessary
to develop an improved genre schema and annotation guidelines. This will ensure that the
new manually-annotated dataset contains reliable annotations which enable its use for the
development and evaluation of genre classi ers.

This section introduces a novel genre schema, referred to as the GINCO schema (Sec-
tion 3.1.1), an annotation methodology designed to ensure high inter-annotator agreement
(Section 3.1.2), and a new Slovenian training dataset for automatic genre identi cation,
named the GINCO dataset (Section 3.1.3). Finally, in Section 3.1.4, multiple machine
learning models are applied to the GINCO dataset to evaluate its suitability as a training
and testing resource for genre classi ers, as well as to provide preliminary insights into the
models' potential performance on this task in the Slovenian language.

This section is based on the accompanying papefThe GINCO Training Dataset for
Web Genre Identi cation of Documents Out in the Wild (Kuzman, Rupnik, et al., 2022).

For further details on the schema, dataset, methodology, experiments, and results, refer to
the paper that is enclosed in Section 3.1.5.

3.1.1 GINCO Genre Schema

In this section, we propose a new genre schema, addressing G@l of this thesis, which
aims to develop a high-coverage genre schema that encompasses the full spectrum of genre
variation in web texts and ensures reliable manual annotation with high inter-annotator
agreement. A suitable schema is a crucial foundation for ensuring reliable manual anno-
tation and satisfactory performance of genre classi ers. When designing the schema, we
established the following criteria to be met:

" High-coverage: The label set should provide su cient coverage to enable classi cation
of the majority of texts in a web collection under speci c labels.

Low granularity: It is important to maintain a limited number of labels, as increased
granularity can negatively a ect both the reliability of manual annotations and the
performance of models.

Intuitive label names: Our objective is for the nal genre-annotated datasets to
be accessible to a wider audience, enabling users to lter data by genre and use
the resulting genre-speci ¢ datasets for machine learning applications or linguistic
research. Consequently, the proposed genre labels should be easily interpretable by
end users.
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The proposed schema, henceforth referred to as the GINCO schema, builds on previ-
ous genre schemata to ensure comparability with existing high-coverage schemata, and to
leverage insights from prior research. Speci cally, to enable potential cross-lingual exper-
iments using the large manually-annotated English genre dataset CORE (Egbert et al.,
2015), our proposed schema is based on the subcategories of the CORE schema (Egbert
et al., 2015). The original CORE schema comprises approximately 50 subcategories, which
are in some cases highly similar and not delineated well, as noted by Biber and Egbert
(2018). Thus, as a rst step, we merge similar CORE subcategories to decrease schema
granularity. Secondly, to increase schema coverage and improve comparability with other
schemata, we incorporate labels from additional schemata (Asheghi et al., 2016; Boese,
2005; Crowston et al., 2010; Laippala et al., 2020; Rehm et al., 2008; Roussinov et al.,
2001; Stubbe & Ringlstetter, 2007). When selecting additional labels, we avoid abstract
names in order to ensure that the nal genre labels are easily understood by the general
public.

Figure 3.1: The GINCO genre schema.

The nal GINCO schema, shown in Figure 3.1, consists of 24 labels 23 specic
genre categories and an additional categorpther. Following the best practices suggested
by Asheghi et al. (2016), the inclusion of theOther category addresses the limitation of
previous high-coverage genre schemata, which assume that all web texts can be classi ed
within a closed set of genre labels. This category is intended for texts that either lack
distinct genre characteristics or do not t under any of the specic genre labels.

The GINCO genre categories are de ned based on the purpose, conventional form, and
lexico-grammatical features typical of each genre. Detailed descriptions of the categories
are provided in the appendix of the paper by Kuzman, Rupnik, et al. (2022) in Section
3.1.5, and in the annotation guidelines (see Section 3.1.2).

3.1.2 Improved Annotation Methodology

A manual annotation campaign can be considered successful if the nal annotations are
found to be reliable. Reliability is assessed through inter-annotator agreement, which
indicates whether the annotators share a common understanding of the labels. Previous
work has shown that achieving reliable manual annotation for the task of automatic genre
identi cation is very challenging (Egbert et al., 2015; Sharo, 2018; Suchomel, 2020; Zu
Eissen & Stein, 2004). In response, we propose an improved annotation methodology to
ensure high annotation reliability, which corresponds to GoalG2 of this thesis.
The rst step toward making the annotation task more manageable for annotators is

developing a genre schema with a reasonable granularity and clearly de ned categories, as
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discussed in Section 3.1.1. In this section, we describe additional approaches implemented
to achieve acceptable inter-annotator agreement for this task, described in detail in the
accompanying paper by Kuzman, Rupnik, et al. (2022), enclosed in Section 3.1.5. The
main improvements to the annotation guidelines include the adoption of objective annota-
tion criteria, the creation of detailed guidelines supported by a decision tree to guide the
annotators through the decision process, and the involvement of expert annotators who
receive continuous training.

Figure 3.2: A subset of the GINCO annotation decision tree.

Firstly, to ensure a common understanding of genre labels, we dedicate considerable
e ort to the development of comprehensive annotation guidelines. The guidelines con-
sist of two main components: (1) a decision tree, and (2) detailed descriptions of each
genre category. The decision tree, shown in Figure 3.2, assists annotators in navigating
the decision-making process through a series of questions and criteria. The descriptions
of genre categories, depicted in Figure 3.3, describe the purpose, text form, and typical
lexico-grammatical features, associated with each genre class. To further support anno-
tators, the guidelines provide multilingual examples and recommendations for addressing
challenging cases. The annotation guidelines are publicly accessible to facilitate future
manual annotation campaigns®

Particular attention is given to ensuring that the criteria in both the decision tree and
label descriptions are as objective as possible. Unlike the FTD (Sharo, 2018) genre an-
notation approach, which relies on the impression the annotators obtained from reading
a text (Sharo, 2018), we instruct the annotators to base their decisions on the presence
of concrete lexico-grammatical features in the text. This approach prevents the annota-
tors from primarily relying on intuition or subjective judgment, which would compromise
annotation reliability and decrease inter-annotator agreement.

Finally, previous annotation campaigns, such as the CORE annotation approach (Eg-
bert et al., 2015), relied on crowd-sourcing, which presents speci ¢ limitations, including

1The GINCO annotation guidelines can be accessed at https:/tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/.



3.1. The Slovenian GINCO Dataset with a Novel Genre Schema and Annotation Guidelines 59

restricted control over annotators and a lack of information regarding their reliability. In
contrast, we employ expert annotators, speci cally two PhD candidates in computational
linguistics with a background in linguistics. They received initial training and continuous
guidance. The annotators regularly discussed hard cases and instances on which they ini-
tially disagreed in order to reach a shared understanding of the labels and to ensure nal
annotations that are consistent and of high quality.

To assess the usefulness of the proposed GINCO schema and the improved annotation
methodology, we calculate inter-annotator agreement on the labels of the two annotators
assigned to the manually-annotated GINCO dataset prior to their discussions. Following
Krippendor (2018), a nominal Krippendor 's alpha of 0.667 is considered as the threshold
for acceptable agreement. In our study, the inter-annotator agreement reached a Krippen-
dor 's alpha of 0.71, which is above the acceptable threshold. This indicates that the
proposed genre schema and annotation methodology enable reliable manual annotation
for genre identi cation. Furthermore, our approach o ers improved annotation reliability
compared to the CORE schema (Egbert et al., 2015), for which a Krippendor 's alpha of
0.53 across 56 subcategories and 0.66 for 8 main categories was reported (Sharo, 2018).
These results are consistent with HypothesidH1: Acceptable inter-annotator agreement
in genre identi cation annotation campaigns can be accomplished through a manual anno-
tation approach that is based on a well-designed genre schema, comprehensive annotation
guidelines, and employment of expert annotators.

Figure 3.3: An example of a genre category description from the GINCO annotation
guidelines.
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3.1.3 Slovenian Manually-Annotated Dataset GINCO

The annotation campaign, presented in Section 3.1.2, is applied to a Slovenian text collec-
tion to develop the rst Slovenian genre dataset, known as the Genre Identi cation Corpus
GINCO 1.0 (Kuzman et al., 2021). With this dataset, we accomplish the rst part of Goal
G3 that focuses on the development of a genre dataset for the Slovenian language. To ad-
here to the principles of ndability, accessibility, interoperability, and reusability (FAIR)
(Wilkinson et al., 2016) and ensure long-term availability, the GINCO dataset is made
publicly accessible via CLARIN.SI and Hugging Face data repositorie3.

The development of the GINCO dataset involves two phases: the collection of repre-
sentative Slovenian text instances, and the manual annotation proposed in Section 3.1.2.
To construct the dataset, random samples of text instances are extracted from crawled
web corpora. This approach has been shown to produce datasets that more accurately
re ect real-world web content compared to manually collected designed corpora (Asheghi
et al.,, 2016). Particular care is taken to ensure that the dataset includes instances from
a wide range of sources covering diverse topics, in order to prevent potential biases in
genre classi ers trained on the dataset, which could be related to speci c topics, authors,
or web domains. Accordingly, the GINCO dataset comprises samples from two Slovenian
web corpora collected during di erent time periods: 501 texts from the sIWaC 2.0 corpus
(Erjavec & Ljubezi¢, 2014) from 2014, and 501 texts from the MaCoCu-sl 1.0 corpus from
2021 (Bafion, Espla-Gomis, Forcada, Garc éa-Romero, et al.,, 2022). The nal GINCO
dataset consists of 1,002 Slovenian web texts, amounting to nearly 500,000 words. These
texts are manually-annotated with 24 genre categories according to the GINCO schema.
The dataset is divided into 602 training instances, 200 evaluation instances, and 200 test
instances, with the distribution of labels maintained consistently across these splits. Fur-
ther details on the GINCO dataset are provided in the paper by Kuzman, Rupnik, et al.
(2022), enclosed in Section 3.1.5.

3.1.4 Machine Learning Experiments on the GINCO Dataset

To evaluate the suitability of the GINCO dataset for automatic genre identi cation, we
use it as a training and test dataset in a series of machine learning experiments, involving
a shallow neural fastText model (Joulin et al., 2017), and two Transformer-based BERT-
like models: the monolingual Slovenian SIoBERTa model (UlEar & Robnik-'ikonja, 2021a,
2021b) and the multilingual XLM-RoBERTa model (Conneau et al., 2020). The set of
experiments is described in detail in the paper by Kuzman, Rupnik, et al. (2022) in Section
3.15.

Table 3.1: Performance of classi ers trained and evaluated on the GINCO dataset. Results
are reported in terms of micro-F1 and macro-F1 scores. The best scores for each metric
are marked in bold.

Model Micro-F1 Macro-F1
strati ed dummy 0.067 0.061
fastText 0.361 0.007 0.219 0.013

XLM-RoBERTa  0.624 0.015 0.579 0.024
SloBERTa 0.629 0.016 0.575 0.037

As shown in Table 3.1, the ne-tuned Transformer-based language models achieve

2The GINCO dataset is accessible on the CLARIN.SI repository at http://hdl.handle.net/11356/1467
and on the Hugging Face repository at https://huggingface.co/datasets/cjvt/ginco.
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micro-F1 scores between 0.62 and 0.63, and a macro-F1 of 0.58. We regard these re-
sults as promising given the small amount of training data. However, it should be noted
that some previous studies reported higher scores. Laippala et al. (2022) achieved a micro-
F1 of 0.68 using CORE subcategories on the CORE dataset (Egbert et al., 2015), while
Repo et al. (2021) reported F1 scores between 0.73 and 0.83 using ne-tuned BERT-like
models on the FINCORE (Laippala et al., 2019), FreCORE, SweCORE (Laippala et al.,
2020), and CORE (Egbert et al., 2015) datasets, using the seven main CORE labels (see
Section 2.3).

The analysis of label-level performance, detailed in the paper by Kuzman, Rupnik,
et al. (2022) in Section 3.1.5, suggests that further re nements of the schema might be
needed to boost model performance. To explore this, we experiment with reducing the
number of labels by merging related categories, resulting in a simpli ed schema with 12
genre labels.

Table 3.2: The e ect of reducing the GINCO schema granularity on the SIoBERTa model
performance. Statistical testing in each column is performed with the Mann-Whitney U
rank test with p-value encoded with asterisks: *** for p < 0:001, ** for p < 0:01, * for
p < 0:05.

Schema Micro-F1 Macro-F1
Initial GINCO schema 0.629 0.016 0.575 0.037
Simpli ed GINCO schema (12 labels) 0.696 0.011 0.668 0.028

As shown in Table 3.2, the reduction in the schema granularity leads to a signi cant
improvement in the performance of the SIoBERTa model, achieving a micro-F1 of 0.70
and a macro-F1 of 0.67. Following these promising results, further improvements to the
schema, particularly in terms of granularity, are explored in the following sections (see
Section 3.2).
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3.1.5 Related Paper: The GINCO Training Dataset for Web Genre
Identi cation of Documents Out in the Wild
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3.2 Merging Multiple High-Coverage Genre Schemata and
Datasets

While Transformer-based models have shown promising performance on the Slovenian
genre dataset (see Section 3.1.4), the results still fall short of our target of 0.80 in both
micro-F1 and macro-F1 scores. Previous studies have shown that ne-tuning on multiple
datasets can improve performance, while also assuring a higher robustness of the model
by mitigating topical biases (Lepekhin & Sharo, 2022). Therefore, in this section, we
construct a new Slovenian-English dataset by merging three manually-annotated genre
datasets in two languages: the English CORE (Egbert et al., 2015) and the FTD dataset
(Sharo, 2018), and the Slovenian GINCO dataset (see Section 3.1.3).

The rst step in this endeavor involves assessing the feasibility of conducting cross-
dataset experiments between the GINCO and CORE (Egbert et al., 2015) datasets. Our
ndings show that when the XLM-RoBERTa model (Conneau et al., 2020) is ne-tuned on
one dataset and evaluated on the other, the scores remain relatively high ranging from
0.60 to 0.64 in micro-F1 and 0.54 to 0.58 in macro-F1 scores. This con rms that the GINCO
and CORE datasets are su ciently comparable to allow cross-dataset transfer. Moreover,
these results are comparable to those from cross-lingual experiments using English, Finnish,
Swedish, and French datasets based on the same CORE schema (Repo et al., 2021). For
a more detailed analysis, see the paperAssessing Comparability of Genre Datasets via
Cross-Lingual and Cross-Dataset Experimentsby Kuzman, Ljube?i¢, and Pollak (2022),
enclosed in Section 3.2.3.

Motivated by the positive results, we extend the uni ed schema to incorporate the FTD
categories (Sharo, 2018), resulting in the X-GENRE schema (see Section 3.2.1). Based
on this new schema, we combine the GINCO, CORE, and FTD datasets to create the
Slovenian English X-GENRE dataset, presented in Section 3.2.2. With this novel dataset,
we address GoalG3 by providing a manually-annotated genre dataset in both Slovenian
and English. The X-GENRE dataset o ers greater robustness through its multilingual
content and a broader variety of training and test instances. The remainder of this section
is based on the paper Automatic Genre Identi cation for Robust Enrichment of Massive
Text Collections: Investigation of Classi cation Methods in the Era of Large Language
Models by Kuzman, Mozeti£, et al. (2023), enclosed in Section 3.2.4.

3.2.1 X-GENRE Schema

Each of the CORE (Egbert et al., 2015), FTD (Sharo, 2018), and GINCO datasets uses
its own genre schema with varying label granularity. To merge them, we develop a uni ed
genre schema referred to as the X-GENRE schema to which the original labels are
mapped. The development of this schema involves analyzing label descriptions, reviewing
manual annotation guidelines, and examining concrete examples from all three datasets.
In addition, we adopt a data-driven approach: Transformer-based BERT-like models are
ne-tuned on each dataset using its original schema, and then applied to the other two
datasets. This helps us identify which labels truly match not just in theory, but also
based on the predictions of the models across datasets. Some labels were found to be
spread across multiple categories and could not be reliably mapped to a single label from
the other two schemata. These labels were therefore discarded, and texts annotated with
them were excluded from the nal X-GENRE dataset. The mapping of the GINCO, FTD,
and CORE schemata to the uni ed X-GENRE schema is shown in Figure 3.4.

The resulting X-GENRE schema comprises 9 genre labeldnformation/Explanation,
Instruction, Legal, News, Opinion/Argumentation, Promotion, Prose/Lyrical, Forum , and
Other. Label descriptions are provided in the Appendix of Kuzman, Mozeti£, et al. (2023)
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Figure 3.4: The mapping of genre labels from the FTD (Sharo, 2018) (rst column),
GINCO (Kuzman, Rupnik, et al., 2022) (third column), and CORE (Egbert et al., 2015)
(fourth column) schemata to the uni ed X-GENRE schema (second column).

(see Section 3.2.4), and further details, including examples and a decision tree, are available
in the publicly accessible annotation guidelines.

3.2.2 Slovenian-English X-GENRE Dataset

The uni ed X-GENRE schema allows us to merge parts of the English CORE (Egbert
et al., 2015) and FTD (Sharo, 2018) datasets with the Slovenian GINCO dataset. The
resulting X-GENRE dataset (Kuzman & Ljubezi¢, 2024a) contains 2,956 instances, with
roughly equal contributions from each source, namely, around 1,000 instances per dataset.
It is split into training, evaluation, and test sets following a 60:20:20 ratio (1,772:592:592
texts), with a similar distribution of genre labels and dataset sources throughout the splits
to ensure a balanced representation of English and Slovenian texts. The X-GENRE dataset
is available on both the CLARIN.SI and Hugging Face repositories to ensure long-term
preservation and open access.

The X-GENRE dataset ful lls the part of Goal G3 related to constructing Slovenian
and English training genre datasets. The merged dataset o ers several advantages. It
brings together three datasets in two languages, collected from di erent sources, time pe-
riods, and using di erent methods. This diversity provides a wider range of instances,
enhancing the generalization and robustness of models trained on it. Additionally, the
inclusion of both English and Slovenian languages allows analyses of the multilingual per-
formance of genre classi ers.

To assess the suitability of the newly developed dataset for training genre classi ers,

3The annotation guidelines for the X-GENRE schema are available at https://tajakuzman.github.io/
X-GENRE-Annotation-Guidelines/.

4The X-GENRE dataset is accessible on the CLARIN.SI repository at http://hdl.handle.net/11356/
1960 and the Hugging Face repository at https://doi.org/10.57967/hf/6582.
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compared to existing high-coverage genre datasets, we ne-tune and evaluate the base-
sized XLM-RoBERTa Transformer model (Conneau et al., 2020) on each dataset. The
results, presented in Table 3.3, show that the model ne-tuned on the X-GENRE dataset
achieves the highest results, namely, micro-F1 of 0.80 and macro-F1 of 0.79. This nding
con rms that training on multiple datasets improves performance, which is consistent with
the earlier results of Repo et al. (2021) and Lepekhin and Sharo (2022). Moreover, the
X-GENRE dataset has the same number of labels as the CORE dataset when considering
its main categories, yet it is six times smaller. Despite this, the models ne-tuned on the
X-GENRE dataset achieve signi cantly better results, demonstrating that this dataset is
more e ective for training genre classi ers and reinforcing the notion that dataset quality

is more important than size. Full details on the methodology and experimental setup are
available in the paper by Kuzman, Mozeti£, et al. (2023), enclosed in Section 3.2.4.

Table 3.3: Performance of XLM-RoBERTa-based genre classi ers, ne-tuned and evaluated
on GINCO, CORE (Egbert et al., 2015), FTD (Sharo, 2018), and X-GENRE datasets
and their corresponding schemata. The results are ordered based on the macro-F1 scores.

Dataset Labels Training Instances Micro-F1 Macro-F1
X-GENRE 9 1,772 0.80 0.79
FTD 10 849 0.74 0.74
GINCO (simpli ed schema) 9 601 0.73 0.72
CORE (main categories) 9 10,256 0.75 0.62
GINCO (reduced schema) 17 579 0.59 0.47
CORE (subcategories) 37 9,537 0.66 0.39

Since the results show that the X-GENRE dataset is the most suitable for training genre
classi ers, we use this dataset in our comparison of di erent machine learning models in
in-domain and out-of-domain scenarios, presented in the following chapter.

3.2.3 Related Paper: Assessing Comparability of Genre Datasets via
Cross-Lingual and Cross-Dataset Experiments
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Chapter 4

State of the Art for Automatic
Genre |ldenti cation

Having created the multilingual training and test genre dataset, X-GENRE which we
have shown to be well-suited for training genre classi ers (see Section 3.2.2) we now move
to the next step: experimenting with various text classi cation methods to identify which

o0 ers the most robust generalization across datasets and languages. To this end, we train
a range of neural and non-neural models on the Slovenian-English X-GENRE dataset, and
evaluate them on the test split of the X-GENRE dataset as well as on newly developed
test datasets in multiple languages.

The creation of new test datasets in English and ten other European languages, pre-
sented in Section 4.1.1, ful lls the second part of GoalG3, which aimed to construct
separate test datasets for a range of European languages. Building on these datasets, we
establish a publicly available benchmark, addressing GoaG4 that focuses on enabling
cross-dataset and cross-lingual evaluation of machine learning approaches for automatic
genre identi cation. This benchmark lls a current gap by providing reference test datasets
for the task, allowing for consistent and comparative analyses of genre classi cation meth-
ods.

The models are assessed in the following scenarios: an in-domain (in-dataset) scenario,
where the model is trained on a portion of the same dataset from which the test dataset
originates, and a cross-dataset scenario, where the model is tested on a dataset developed
independently of the training data. We further extend the second scenario to a zero-shot
cross-lingual setting, in which the model is evaluated on a test dataset in a language it
has not seen during ne-tuning. Additionally, we experiment with a very recent approach
to text classi cation employing decoder-only instruction-tuned Transformer-based large
language models (LLMs) guided by instructions in the form of prompts , which is an
additional form of zero-shot classi cation, as these models were not speci cally trained on
a genre dataset.

These evaluations enable us to identify the machine learning methodology that provides
the best-performing genre classi er, with which we ful Il Goal G5: Develop a robust mul-
tilingual genre classi er capable of generalizing across datasets and European languages
by exploring various machine learning approaches, including deep neural language mod-
els. Our benchmarking experiments also address Hypothesid2 Fine-tuned deep neural
Transformer-based language models outperform other machine learning methods in the task
of automatic genre identi cation in the Slovenian language. The results in Section 4.2
provide evidence consistent with this hypothesis. We additionally assess Hypothedit3 A
reliable zero-shot cross-lingual performance in automatic genre identi cation across numer-
ous European languages is possible by leveraging the cross-lingual capabilities of massively
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multilingual pre-trained Transformer models., and we nd suggestive evidence in its favor
in Section 4.4.

This chapter is structured as follows. In Section 4.1, we detail the methodology and
present the newly developed test datasets designed for benchmarking classi cation methods
on automatic genre identi cation. The results of experiments assessing in-dataset and
cross-dataset performance on Slovenian and English are presented in Sections 4.2 and 4.3.
Finally, we extend the evaluation to examine the zero-shot cross-lingual performance in
Section 4.4 and zero-shot performance of LLMs in Section 4.5. Further details on the
experiments, including detailed descriptions of the evaluated methods, are provided in the
papers Automatic Genre Identi cation for Robust Enrichment of Massive Text Collections:
Investigation of Classi cation Methods in the Era of Large Language Models(Kuzman,
Mozetif, et al., 2023) in Section 3.2.4, Zero-Shot Cross-Lingual Genre Classi cation on
Diverse European Languages(Kuzman Punger2ek et al., In submission) in Section 4.6,
and State of the Art in Text Classi cation for South Slavic Languages: Fine-Tuning or
Prompting? (Kuzman Punger2ek, Rupnik, Porupski, et al., 2026) in Section 4.7.

4.1 Test Datasets and Methodology

To evaluate various classi cation methods on the task of automatic genre identi cation, we
train the models on the training split of the Slovenian-English X-GENRE dataset (Kuzman

& Ljubezi¢, 2024a; Kuzman, Mozeti£, et al., 2023), presented in Section 3.2.2. The models
are then evaluated in three scenarios:

" In-Dataset Setup (Section 4.2): Models are evaluated on the test split (X-GENRE-
test) of the same dataset from which the training split was drawn. Although the
training and test splits contain similar types of instances, there is no overlap between
them. As the test set includes both Slovenian and English, it also enables a direct
comparison of model performance across the two languages.

Cross-Dataset Setup (Section 4.3): Models are evaluated on an independently devel-
oped English test dataset, the EN-GINCO dataset (Kuzman, Mozeti£, et al., 2023),
allowing us to assess generalization across datasets in the same language.

Cross-Lingual Cross-Dataset Setup (Section 4.4): The best-performing model from
the previous two setups is evaluated on a newly created X-GINCO test dataset (Kuz-
man Punger2ek et al., In submission) comprising ten European languages, developed
independently of the training data. Except for the evaluation on the Slovenian por-
tion of the test dataset, this setup represents a zero-shot scenario, as the model is
tested on languages it has not seen during training. This setup allows us to assess
the model's ability to generalize across both datasets and languages, which we regard
as robustness.

In addition, we expand our investigation by incorporating a novel approach to text
classi cation, employing decoder-only instruction-tuned Transformer-based large language
models (LLMs) guided by instructions in the form of prompts. As these models were not
speci cally trained on a genre dataset, we regard their performance as zero-shot (Section
4.5).

We compare the following machine learning methods that have been commonly used
for text classi cation tasks (for details on their implementation and hyperparameters, see
the papers by Kuzman, Mozetif, et al. (2023) in Section 3.2.4 and Kuzman Punger2ek,
Rupnik, Porupski, et al. (2026) in Section 4.7):
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"~ traditional non-neural machine learning methods, namely, a dummy classi er using
a strati ed strategy, which provides a simple baseline; and the Naive Bayes classi-
er, logistic regression classi er, and a support vector machine (SVM) with a linear
kernel, which use the TF-IDF (term frequency inverse document frequency) text
representations;

" shallow neural models, namely, the fastText model (Joulin et al., 2017);

" encoder-only Transformer-based pretrained BERT-like language models, namely the
base-sized multilingual XLM-RoBERTa model (Conneau et al., 2020) which has been
shown to be the most suitable BERT-like model for the task of automatic genre
identi cation (Kuzman, Ljube?i¢, & Pollak, 2022; Repo et al., 2021; Ronngvist et
al., 2021);

instruction-tuned decoder-only large language models (LLMs), which have shown
very competitive performance in various classi cation tasks (Achiam et al., 2023;
Hendy et al., 2023; Huang et al., 2023; Zhang et al., 2022). Speci cally, we evaluate
a selection of open-source and closed-source models: (a) closed-source GPT-3.5-
Turbo (gpt-3.5-turbo-0125 ) (OpenAl, 2023), GPT-40 (gpt-40-2024-08-06 )
(OpenAl, 2024), GPT-5 (gpt-5-2025-08-07 ) (OpenAl, 2025), Gemini 2.5
Flash (Comanici et al., 2025) and Mistral Medium 3.1 fnistral-medium-2508 )
(Mistral Al, 2025), and (b) open-source LLaMA 3.3 (Meta, 2024), Gemma 3
(Gemma Team et al., 2025), Qwen 3 (Yang et al., 2025), and DeepSeek-R1-Distill
(DeepSeek-R1-Distill-Qwen-14B ) (Guo et al., 2025). Details on the models, their
implementation and the prompt are provided in the paper by Kuzman Pungerzek,
Rupnik, Porupski, et al. (2026), enclosed in Section 4.7.

The model performance is evaluated using two standard metrics for text classi cation
tasks (Kowsari et al., 2019): micro-F1 and macro-F1 scores. The micro-F1 score aggregates
precision and recall across all instances, and thus re ects overall classi cation performance.
However, as this metric is more in uenced by the most frequent labels, we use macro-F1
as the primary evaluation metric. Macro-F1 is calculated as the arithmetic mean of the F1
scores for each class, providing a balanced view of performance across all labels regardless
of their frequency. This makes it a more reliable indicator of a classier's real-world
applicability, where it is important that the model provides high performance across all
categories.

4.1.1 Test Datasets

We develop two novel test datasets to enable the evaluation of genre classi ers in cross-
dataset and cross-lingual scenarios: the English EN-GINCO dataset and the multilingual
X-GINCO dataset.

The English EN-GINCO test dataset was developed by sampling 272 random texts
from the English web corpus enTenTen20 (Jakubifek et al., 2013). The texts were then
manually annotated by two expert annotators who participated in the annotation of the
GINCO dataset (see Section 3.1.2). For the purposes of model evaluation, the GINCO
labels were mapped to the X-GENRE schema. More details on the dataset are provided
in the paper by Kuzman, Mozeti£, et al. (2023), enclosed in Section 3.2.4.

The multilingual X-GINCO test dataset was constructed in a more controlled manner
than the EN-GINCO test dataset. Itis based on the MaCoCu-Genre web corpora (Kuzman
& Ljube?i¢, 2024b), which were automatically annotated with genre labels using an XLM-
RoOBERTa classi er ne-tuned on the X-GENRE dataset. To develop the test dataset,
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we randomly selected ten instances for each of eight X-GENRE labels from each of ten
automatically-annotated MaCoCu-Genre corpora. Instances labeled a®ther or assigned
low classi er con dence scores representing around 7% of all instances in the MaCoCu-
Genre corpora were not included in the test dataset to ensure a clean and reliable evalua-
tion sample. The selected instances were then manually annotated with X-GENRE labels
by an annotator who was previously involved in the GINCO and EN-GINCO annotation
campaigns. To avoid annotation bias, the automatic genre predictions used for sampling
were hidden from the annotator. The nal X-GINCO test dataset consists of 790 instances,
balanced across the eight genre label$nformation/Explanation, Instruction, Legal, News,
Opinion/Argumentation, Promotion, Prose/Lyrical, Forum ). It comprises ten European
languages, equally represented in the dataset, namely Albanian, Catalan, Croatian, Greek,
Icelandic, Macedonian, Maltese, Slovenian, Turkish, and Ukrainian. These languages span
nine branches across three major language families (Indo-European, Turkic, and Afro-
Asiatic) and use three di erent scripts: Latin, Greek, and Cyrillic. This diversity enables

a robust evaluation of a genre classi er not only across languages but also across writing
systems. Further details on the dataset are provided in the paper by Kuzman Punger2ek
et al. (In submission) in Section 4.6.

Importantly, the test datasets are available from the authors upon request but have
not been published online to prevent their inclusion in the training data of large language
models (LLMs). This precaution ensures that LLMs can be evaluated using these datasets
without the risk of data leakage from pretraining. Instead of publishing them online, the
test datasets have been integrated into the AGILE Benchmark (Automatic Genre Identi -
cation Benchmark) on GitHub,! which provides a framework for evaluating genre classi -
cation across multiple languages. With this, we ful ll Goal G4 Establish a benchmark for
cross-dataset and cross-lingual assessment of machine learning approaches in automatic
genre identi cation, based on newly developed test datasets in English, Slovenian, and
various other European languages.

4.2 In-Dataset Performance

To determine the most e ective machine learning approach for automatic genre identi-
cation, we begin by evaluating several methods in the simplest setting the in-dataset
scenario. In this setup, models are trained on the training split from the X-GENRE dataset
(approximately 1,800 instances) and tested on the corresponding test split (around 600 in-
stances) from the same dataset. Both splits include instances in Slovenian and English
language.

As shown in Table 4.1, the best performance in the in-dataset setting is achieved by
a ne-tuned BERT-like Transformer model. Speci cally, the ne-tuned XLM-RoBERTa
model (Conneau et al., 2020) achieves a micro-F1 score of 0.80 and a macro-F1 score of 0.79,
meeting the high reliability threshold of 0.80 proposed in Section 1.3. This performance
is consistent with results reported in previous studies on automatic genre identi cation,
where the ne-tuned XLM-RoBERTa achieved micro-F1 scores ranging from 0.72 to 0.84
in similar in-dataset classi cation setups (Repo et al., 2021; Rénngvist et al., 2021). In
contrast, non-neural machine learning approaches logistic regression, support vector ma-
chine (SVM), and a Naive Bayes classi er as well as the shallow neural fastText model,
perform notably worse.

Based on prior work (see Section 2.3) and human performance on this task, measured
by inter-annotator agreement (see Section 3.1.2), we consider macro-F1 scores of around
0.70 as the minimum threshold for acceptable performance of a genre classi er. The SVM,

https://github.com/Tajakuzman/AGILE-Automatic-Genre-Identi cation-Benchmark
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Table 4.1: In-dataset performance of di erent machine learning approaches on the test
split of the X-GENRE dataset, reported for the full test split as well as for the Slovenian
(SL) and English (EN) subsets. Models are ranked by their macro-F1 scores achieved on
the entire test set.

Model Micro-F1 Macro-F1 | Macro-F1 (EN) Macro-F1 (SL)
Fine-tuned XLM-RoBERTa 0.80 0.79 0.83 0.76
Logistic regression 0.65 0.67 0.73 0.48
Support vector machine 0.66 0.66 0.73 0.44
fastText 0.64 0.64 0.68 0.43
Naive Bayes classi er 0.56 0.52 0.54 0.18
Dummy classi er 0.13 0.09 0.10 0.08

fastText and logistic regression classi ers lag behind the ne-tuned BERT-like model signif-
icantly, but still provide results that are useful to some extent, with the logistic regression
classi er and the SVM surpassing the 0.70 macro-F1 threshold on at least the English
portion of the test set. In contrast, the Naive Bayes classi er performs signi cantly worse,
with micro-F1 and macro-F1 scores slightly above 0.50, indicating limited generalization
even within the same dataset.

Since the X-GENRE test set contains instances in both English and Slovenian, it also
enables a comparison of model performance across these two languages. As shown in
Table 4.1, all models perform worse on the Slovenian portion of the dataset. The drop in
macro-F1 scores on Slovenian, compared to English, ranges from 7 points for the ne-tuned
XLM-RoBERTa model to 36 points for the Naive Bayes classi er. Despite this decline, the
ne-tuned XLM-RoBERTa still performs well on Slovenian, achieving a macro-F1 score of
0.76. In contrast, the remaining classi ers are shown to be ine ective in this multilingual
scenario, with macro-F1 scores falling below 0.50. These ndings support Hypothesi42,
demonstrating that ne-tuned Transformer-based BERT-like language models outperform
other machine learning approaches in automatic genre identi cation for Slovenian.

4.3 Cross-Dataset Performance

Previous studies have emphasized the importance of evaluating genre classi ers in cross-
dataset settings, as in-dataset performance may not accurately re ect the e ectiveness
of the model in real-world scenarios. Sharo et al. (2010) demonstrated that although
SVM models performed well within the genre dataset they were trained on, their accuracy
dropped signi cantly when tested on other genre datasets. This indicates a strong depen-
dence on the training data and an inability of the model to generalize beyond a single
dataset. Therefore, cross-dataset evaluation is essential for assessing the robustness of a
genre classi er.

Despite providing worse results than the ne-tuned BERT-like model in the in-dataset
setup, most machine learning methods were shown to provide results that are useful to
some extent, with macro-F1 and micro-F1 scores above 0.64. However, when these models
are tested in the out-of-domain scenario on the English EN-GINCO test dataset, their
generalization abilities are called into question. As shown in Table 4.2, all pre-Transformer-
based models yield micro-F1 and macro-F1 scores of around 0.50 or lower. This indicates
that these models are not suitable for building a robust genre classi er.

The ne-tuned XLM-RoBERTa model also shows a notable decline in performance on
the EN-GINCO test dataset, with both micro-F1 and macro-F1 scores dropping by about
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Table 4.2: The out-of-domain performance of the various models on the English EN-
GINCO test dataset. The models are sorted based on the macro-F1 scores.

Model Micro-F1 Macro-F1 Accuracy
Fine-tuned XLM-RoBERTa 0.68 0.69 0.68
Support vector machine 0.49 0.51 0.49
Logistic regression 0.49 0.47 0.49
fastText 0.45 0.41 0.45
Naive Bayes classi er 0.36 0.29 0.36
Dummy classi er 0.14 0.10 0.14

10 points compared to the in-dataset scenario. Nevertheless, its macro-F1 score remains
close to the 0.70 threshold for minimum acceptable performance and is still signi cantly
higher than that of all other models.

4.4 Zero-Shot Cross-Lingual Performance

Manual annotation of training data for developing a genre classi er in a new language
requires substantial time, human e ort, and nancial resources. Therefore, a classi er ca-
pable of achieving high performance on languages without manually-annotated data would
be highly valuable. Motivated by this, in this section, we evaluate the best-performing
model from the in-dataset and cross-dataset experiments on additional languages on which
the model has not been trained. This section is based on the main ndings from the paper
Zero-Shot Cross-Lingual Genre Classi cation on Diverse European Languageg¢Kuzman
Pungerzek et al., In submission), enclosed in Section 4.6.

Figure 4.1: Models, languages and tasks involved in the evaluation of the cross-lingual
performance of the XLM-RoBERTa-based genre classi er.

Figure 4.1 provides more details on the languages included in the zero-shot cross-lingual
experiments. We evaluate the cross-lingual performance of the ne-tuned XLM-RoBERTa
model, which achieved the best results in the in-dataset and cross-dataset evaluations (see
Sections 4.2 and 4.3). The base XLM-RoBERTa model (Conneau et al., 2020) was pre-
trained on 100 languages, covering all test languages in our cross-lingual evaluation except
Maltese. For genre classi cation, the model was ne-tuned on the X-GENRE training set,
which includes texts in English and Slovenian (see Section 3.2.2 for details). Evaluation is
conducted on the X-GINCO test set, which contains texts in ten languages with varying
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degrees of linguistic relatedness to English and Slovenian and written in di erent scripts:
Albanian (sqg), Catalan (ca), Croatian (hr), Greek (el), Icelandic (is), Macedonian (mk),
Maltese (mt), Slovenian (sl), Turkish (tr), and Ukrainian (uk).

Table 4.3: Per-label performance in terms of F1 scores for each language-speci c test set
from the X-GINCO dataset, and per-language performance in terms of macro-F1. The
penultimate column shows the average F1 score (avg) for each label across all test sets,
excluding the scores for the Maltese test set. The last column shows the results for the
Maltese test set which is regarded as an outlier. The labelsformation/Explanation and
Opinion/Argumentation are abbreviated asinformation and Opinion.

Genre label ca el hr is mk sl sq tr uk Avg mt
News 0.82 0.90 - 0.73 0.91 0.90 0.89 0.89 0.69
Opinion 0.84 0.87 0.78 0.82 0.78 0.82 0.67 0.82 091 0.81 0.33
Instruction 0.75 0.71 0.75 0.78 [EEelol o] 0.86 0.69

Information 0.72 0.70 0.50 0.84 0.90 0.80 0.82 F«ilef 0.80 0.52
Promotion 0.78 0.62 0.87 0.75 0.86 0.78 0.84 0.82
Forum 0.84 1.00 1.00 MeArg:) 0.91 0.18

Prose/Lyrical | 0.91 0.86 ~E0l0) 0.91 0.86 0.18
Legal 1.00 [REZ3 1.00 1.00 /

Macro-F1 0.88 0.80 0.92 0.94 0.85

As shown in Table 4.3, the ne-tuned XLM-RoBERTa model is highly capable of gen-
eralizing across languages in a zero-shot cross-lingual scenario. With the exception of
Maltese, the model achieves macro-F1 scores ranging from 0.80 to 0.95. The observed
performance is consistent with HypothesisH3 A reliable zero-shot cross-lingual perfor-
mance in automatic genre identi cation across humerous European languages is possible by
leveraging the cross-lingual capabilities of massively multilingual pre-trained Transformer
models.. The highest macro-F1 scores are achieved on the Ukrainian, Slovenian, and
Macedonian test datasets, with macro-F1 scores exceeding 0.90.

The model's performance in this setting surpasses its results in both the in-dataset and
cross-dataset scenarios. This improvement is likely due to the more curated construction of
the X-GINCO dataset. In previous evaluations, the model was tested across all nine genre
labels, including infrequent and less clearly de ned categoryther. In contrast, instances
pre-annotated with a lower prediction con dence or with the label Other were excluded
from the X-GINCO test dataset prior to manual annotation, resulting in a cleaner dataset
with fewer ambiguous instances. This choice is based on the intended real-world application
of the genre classi er, where it would be deployed on large-scale text collections and where
marking the rare unclear cases with the labeMix would ensure an even higher reliability
of the remaining annotations. This is why the model is evaluated on clear instances, which
constitute the vast majority of web corpora over 90% of texts , according to related
studies (see paper by Kuzman Punger2ek et al. (In submission) in Section 4.6, and paper
by Ljubezi¢ and Kuzman (2024)).

The results in Table 4.3 show that the XLM-RoBERTa classi er underperforms on
the Maltese test set, with a macro-F1 score below 0.50. This lower performance is likely
due to Maltese not being included in the XLM-RoBERTa pretraining dataset, as observed
in previous natural language processing tasks (Chau et al.,, 2020; de Vries et al., 2022;
Ebrahimi & Kann, 2021; Muller et al., 2021). In contrast, the model achieves remarkably
high performance even on test sets using non-Latin scripts and on languages that are not
closely related to the ne-tuning languages (see Figure 4.1). These results suggest that the
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genre classi er has strong potential for use across all languages that have been included in
the XLM-RoBERTa pretraining data.

4.5 Zero-Shot Performance of Large Language Models

Until recently, ne-tuned BERT-like models achieved state-of-the-art performance on text
classi cation tasks, and our ndings con rm that this also holds for automatic genre iden-

ti cation, as shown throughout this chapter. However, these models require ne-tuning
on training datasets developed through time-consuming and costly manual annotation
campaigns. In contrast, instruction-tuned decoder-only Transformer models, commonly
referred to as large language models (LLMs), have recently demonstrated strong perfor-
mance across various natural language processing tasks, even in zero-shot prompting sce-
narios that require no training data (Hendy et al., 2023; Huang et al., 2023; Ljubei¢,
Galant, et al., 2024; Zhang et al., 2022). In this section, we investigate the e ectiveness
of the recently introduced zero-shot prompting approach using LLMs for automatic genre
identi cation.

We evaluate a selection of open-source and closed-source LLMs on the English EN-
GINCO and multilingual X-GINCO test datasets introduced in Section 4.1.1. To enable
a fair comparison between the two datasets, instances labeled &ther are removed from
the EN-GINCO test dataset, as this category is not included in the more curated X-
GINCO dataset. Models are used in a zero-shot prompting setup, meaning that they
receive only a task description and label de nitions, without any exposure to manually-
annotated data. The methodology, the prompt, and the models are described in detail in
Kuzman Punger2ek, Rupnik, Porupski, et al. (2026) (see Section 4.7). While that study
focuses on English and South Slavic languages, we extend the evaluation to all languages
represented in the EN-GINCO and X-GINCO test datasets, using results from the AGILE
benchmark?

As shown in Figure 4.2, both open-source and closed-source large language models
(LLMs) achieve strong zero-shot performance across all languages except Maltese. Most
LLMs surpass the estimated minimum threshold for acceptable performance, de ned as a
macro-F1 score of approximately 0.70 based on model performance achieved in prior work
(Repo et al. (2021), Rénnqvist et al. (2021), and Sharo (2021); see Table 2.3 in Section 2.3)
and human performance on this task. The top-performing models are the closed-source
GPT-5 (OpenAl, 2025), GPT-40 (OpenAl, 2024), and Gemini 2.5 Flash (Comanici et
al., 2025), with average macro-F1 scores across languages exceeding 0.76 and peak scores
reaching up to 0.87, surpassing the high reliability threshold of 0.80 de ned in Section
1.3. Although GPT-5 is newer and reportedly more powerful, it does not consistently
outperform GPT-40 across all datasets. Open-source models, particularly LLaMA 3.3
(Meta, 2024) and Gemma 3 (Gemma Team et al., 2025), achieve average performance
that is more or less comparable to their closed-source counterparts and even outperform
them in some languages. The weakest results are observed with the GPT-3.5-Turbo model
(OpenAl, 2023), which is an older version of the GPT models, and the DeepSeek-R1-
Distill model (Guo et al., 2025), likely due to its smaller size (14 billion parameters). The
performance gap between the GPT-3.5-Turbo model (2023) and the GPT-5 model (2025)
highlights the rapid pace of progress in LLM development.

As in the cross-lingual experiments discussed in the previous section, Maltese again
emerges as an outlier in the LLM evaluations, proving particularly challenging for most
models. This is likely due to its limited presence in the pretraining data of current LLMs.
However, further empirical analysis is required to assess this explanation. Despite this,

2https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identi cation-Benchmark
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