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Abstract

Transformer-based language models have proven to be extremely effective for a wide va-
riety of natural language understanding tasks, including question answering, automatic
text summarization, and sentiment analysis. These models are typically pre-trained on
large, unannotated corpora using self-supervised tasks such as masked token predic-
tion, often requiring weeks or months of training, followed by fine-tuning on practical
tasks, which requires substantially less time and data by comparison.

Since their introduction, Transformer models have grown exponentially in size, from
approximately 100 million parameters in 2018 to over 600 billion in 2024, with the
largest pre-training corpora growing from around 800 million tokens to over 14.8 tril-
lion. However, many low- and medium-resource languages lack the extensive datasets
and computational resources required to pre-train language models at this scale. There-
fore, data-efficient pre-training techniques are crucial for effectively utilizing the limited
resources available for these languages.

In this thesis, we investigate various data-efficient pre-training strategies and evaluate
their impact on downstream tasks in six low- to medium-resource languages: Icelandic,
Estonian, Basque, Galician, Nepali, and Tajik. First, we analyze several text qual-
ity filtering techniques to discard noisy data from web-crawled corpora. We propose
a novel, language-independent filtering approach using unsupervised clustering and
outlier detection algorithms which achieves comparable performance to a rule-based
approach.

Second, we explore the effects of augmenting monolingual pre-training corpora with
text from related and unrelated languages, as well as Python code, finding significant
improvements in downstream performance for certain tasks for larger models. Our
results support the hypothesis that linguistic similarity facilitates cross-lingual transfer.

Finally, we compare several subword tokenization algorithms and evaluate their impact
on downstream results when used in pre-trained language models. Our analysis reveals
that the Unigram algorithm consistently yields the best results on downstream tasks,
and that a vocabulary size of 64k outperforms smaller vocabularies by a statistically
significant margin.

Our findings demonstrate that data-efficient pre-training techniques can substantially
improve the performance of language models for low- and medium-resource languages.
By optimizing the use of available data and resources, we achieve statistically signifi-



cant improvements in downstream tasks under data-constrained conditions, paving the
way for more effective natural language processing in resource-constrained settings.

We release several datasets and tools compiled and developed during the work of this
thesis, as well as multiple pre-trained Transformer-based language models.

Keywords: Natural language processing, language models, text filtering, multilingual
models, tokenization
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Mallikon fyrir tungumal med takmorkud malfong.
Jon Fridrik Dadason

mars 2025

Utdrattur

Mallikén sem byggja a4 Transformer-tauganetum hafa nad betri arangri en adur hefur
bekkst fyrir mélteekniverkefni eins og spurningasvorun, viohorfsgreiningu og sjalfvirka
samantekt. Slik likon eru yfirleitt forpjalfud & stéorum, 6émoérkudum malheildum &
verkefnum eins og ad endurheimta falin ord ut fra samhengi, en st pjalfun getur stadid
yfir { margar vikur eda jafnvel manudi. Pvi naest er haegt ad finstilla likonin fyrir
hagnytari verkefni sem krefst mun minni tima og pjalfunargagna.

Steerd Transformer-likana hefur aukist gifurlega sidan pau voru fyrst kynnt til sogunn-
ar, en pau hafa steekkad ur u.p.b. 100 milljon stikum arid 2018 { yfir 600 milljarda
stika arid 2024. A sama timabili hafa steerstu forpjalfunarmalheildirnar steekkad tr
800 milljénum orda i 14.800 milljarda. Morg tungumaél skortir baedi bjalfunargogn
og reikniafl til a0 raunheeft sé ad forpjalfa likon af pessari steerdargradu. Skilvirk-
ar forpjalfunaradferdir skipta pvi sképum til ad nyta takmorkud malfong fyrir pessi
tungumal & sem bestan hatt.

I pessari ritgerd rannsokum vid ymsar mismunandi forpjalfunaradferdir og metum skil-
virkni peirra & maltackniverkefnum fyrir sex tungumal par sem malféng eru af skornum
skammti: islensku, eistnesku, basknesku, galisisku, nepolsku, og tadsisku. I fyrsta lagi
berum vid saman ymsar adferdir til ad sia 6tacka texta tr vefmalheildum. Vio lysum
nyjum textasiunarflokkurum sem byggja & reikniritum fyrir klosun og utlagagreiningu
(e. outlier detection), sem na samberilegum arangri og adferdir sem byggja 4 reglum.

I 60ru lagi metum vid ahrifin af pvi ad beeta texta ur skyldum og 6skyldum tungumal-
um, auk Python forritunarkéda, vid einméla forpjalfunarmélheildir. Tilraunir okkar
gefa til kynna ad fyrir steerri 1likon geti petta leitt til betri drangurs fyrir sum verk-
efni. Pessar nidurstodur renna stodum undir pa tilgatu ad forpjalfud maéllikén eigi
audveldara med ad yfirfeera pekkingu & milli skyldra tungumala.

A0 lokum berum vid saman mismunandi reiknirit fyrir tilreidara og metum ahrif peirra
& nidurstodur ur méalteekniverkefnum pegar pau eru notud i forpjalfudum mallikénum.
Tilraunir okkar syna ad Unigram reikniritio skilar bestum arangri og ad pad fast mark-
teekt betri nidurstéour med 64k ordaforda heldur en med minni steerdoum.

Nidurstoour okkar syna fram & a0 skilvirkar forpjalfunaradferdir geti baett arangur
fyrir tungumal par sem malfong eru af skornum skammti. Med betri nytingu & til-
teekum pjalfunargégnum og reikniafli ndum vio fram markteekt betri niourstédum &
maltaekniverkefnum.



Vid gefum 1t nokkur gagnasoéfn og t6l sem voru sett saman og préoud vid vinnu pessarar
ritgerdar, auk fjolda forpjalfadra mallikana.

Efnisord: Maltsekni, mallikon, textasiun, margméla mallikon, tilreiding
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Chapter 1

Introduction

The field of Natural Language Processing (NLP) has advanced at a rapid pace in recent
years. Virtual assistants are now commonplace in smart devices, image generation
models can create high-quality images from natural language prompts, and chatbots
powered by advanced language models (LMs) can explain complex concepts, compose
essays, and generate programming code. These breakthroughs have driven increased
commercial investment in NLP applications, which in turn has accelerated research
and funding in the field.

These advancements were enabled by the introduction of the Transformer architec-
ture (Vaswani et al., 2017), a scalable and efficient neural network model. Originally
developed for machine translation, the Transformer quickly outperformed previous ap-
proaches across a wide range of NLP tasks (Radford et al., 2018; Devlin et al., 2019).
One of its defining strengths is its scalability, which allows for much larger models to
be trained than was previously feasible. Larger models tend to achieve better per-
formance, provided sufficient training data and computational resources are available.
As a result, state-of-the-art models have grown exponentially in both size and train-
ing data. This development has primarily benefited high-resource languages, such as
English, where extensive datasets and computing infrastructure are readily available.

In contrast, low- and medium-resource languages face considerable challenges. Web-
crawled corpora, while widely used in pre-training, are often the only viable option for
low-resource languages due to the scarcity of curated datasets. However, such corpora
are often of dubious quality, especially for low-resource languages, frequently contain-
ing noisy, low-quality text, making effective training difficult (Kreutzer et al., 2022).
An alternative approach is to leverage massively multilingual LMs, but these models
often underperform for low-resource languages, as they are often underrepresented in
the training data (Pyysalo et al., 2021).

To address these challenges, this thesis investigates strategies to maximize the per-
formance of Transformer-based LMs for low- and medium-resource languages. Specif-
ically, we explore methods for improving web-crawled training data through heuristic
and machine-learning based filtering techniques, examine how multilingual augmen-
tation can improve model performance, and analyze the impact of different subword
tokenization configurations in resource-constrained settings.



2 CHAPTER 1. INTRODUCTION

1.1 Motivation

Transformer-based language models (Vaswani et al., 2017) have significantly advanced
NLP, achieving state-of-the-art performance across a wide range of tasks (Radford
et al., 2018; Devlin et al., 2019; Warner et al., 2024; DeepSeek-Al, 2024). These
models are typically trained in two stages. First, they undergo pre-training on large
text corpora on tasks such as learning to predict masked words or the next word in
a sequence. This phase enables the model to develop general language understand-
ing without requiring human-annotated data. Once pre-trained, the model can be
fine-tuned on smaller, labeled datasets for more practical tasks (referred to as down-
stream tasks), such as part-of-speech (POS) tagging, question answering (QA), or
automatic text summarization (ATS). Task-specific fine-tuning remains common for
many Transformer-based models, although larger generative models typically undergo
instruction tuning, which adapts them to respond to user prompts and generalize across
multiple tasks rather than specializing in one. While pre-training can take anywhere
from several hours to months to complete, depending on model size and available com-
putational resources, fine-tuning typically requires far less time and computing power.
Despite the costs associated with large-scale training, the effectiveness of Transformer
models has made them the dominant approach in NLP.

To improve the efficiency and scalability of Transformer-based models, researchers
have introduced various architectural optimizations. These include parameter-sharing
techniques that reduce memory requirements (Lan et al., 2019) and improved activa-
tion functions that enhance model performance (Shazeer, 2020). As a result, Trans-
former models have grown exponentially in size, from 110 million parameters in GPT
(2018) (Radford et al., 2018) to 671 billion in DeepSeek-V3 (2024) (DeepSeek-Al,
2024). This growth in model size has made cutting-edge performance increasingly
dependent on access to substantial computational resources.

The computational costs of training state-of-the-art Transformer models have grown
dramatically alongside their size. Training the full GPT-3 model (Brown et al., 2020)
has been estimated to have cost $4.6 million!, while pre-training costs for GPT-4 (Ope-
nAl, 2024) exceeded $100 million?. More recent approaches have demonstrated im-
proved efficiency, such as DeepSeek-V3, which reduced pre-training costs to $5.6 million
while maintaining competitive performance (DeepSeek-Al, 2024). Despite these ad-
vances, large-scale pre-training remains prohibitively expensive for most. This creates
a significant barrier for researchers working with low- and medium-resource languages,
who often lack access to both extensive computing infrastructure and training data.
For these languages, the key challenge becomes maximizing model performance under
significant computational and data constraints. This requires careful consideration of
pre-training strategies and data preparation techniques.

1.2 Research Questions

It is well established that increasing the amount of pre-training data improves down-
stream performance (Liu et al., 2019; Raffel et al., 2020; Muennighoff et al., 2023).
Consequently, recent LMs have been trained on exponentially larger datasets, grow-

'https://lambdalabs.com/blog/demystifying-gpt-3/
’https://web.archive.org/web/20230418190335/https://www.wired.com/story/openai-
ceo-sam-altman-the-age-of-giant-ai-models-is-already-over/
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ing from 800 million tokens for GPT (2018) to 14.8 trillion for DeepSeek-V3 (2024).
However, datasets of this scale are only available for a handful of the highest-resourced
languages, while even medium-resource languages fall far short of such vast amounts
of data. This creates a significant challenge in developing high-quality models for
less-resourced languages.

To expand the size and diversity of pre-training corpora, many researchers rely on
web-crawled data, which is abundant but presents several challenges. Online text of-
ten contains duplicate content (e.g., identical cookie notifications and privacy policies),
noisy text, low-quality machine translations, and character encoding errors. Addition-
ally, if not carefully curated, web-crawled data can introduce significant biases into
pre-trained models. To mitigate these issues, various filtering techniques are applied,
such as deduplication, heuristic rules to identify low-quality text, language classification
to remove unwanted languages, and filtering out text containing offensive content.

Filtering web-crawled corpora has been shown to improve the downstream perfor-
mance of pre-trained LMs (Brown et al., 2020; Wenzek et al., 2020). However, direct
comparisons between models pre-trained on filtered and unfiltered corpora remain rare
and are largely restricted to the English language. Furthermore, these experiments
rarely provide a fine-grained analysis of the impact of individual filtering techniques
or heuristic rules. This leads us to our first research question:

RQ1: How do different text filtering techniques impact the downstream
performance of LMs pre-trained on web-crawled corpora for low- and
medium-resource languages?

Increasing the size of monolingual corpora for low-resource languages with more
text in the same language is not always a viable option. An alternative approach is to
use multilingual models, which are pre-trained on corpora containing text from multiple
languages. One key advantage of these models is that a single multilingual model can
replace numerous monolingual models, including for languages where no monolingual
model exists. Another potential benefit is cross-lingual transfer, where knowledge
learned from one language benefits another. While multilingual Transformer models
have shown moderate success, they often struggle to outperform monolingual models
for low-resource languages (Pyysalo et al., 2021; Dadason and Loftsson, 2022; Garcia,
2024). One likely reason is that these models are typically trained on an extremely
large number of languages, often over a hundred (Conneau et al., 2020; Xue et al., 2021;
Anil et al., 2023). In such large-scale multilingual settings, low-resource languages are
inevitably underrepresented in the training corpora, which can negatively impact their
downstream performance (Conneau et al., 2020).

A notable example of a multilingual model is mBERT?, released by the authors of
BERT. It was trained on Wikipedia articles in 104 of the largest languages on the online
encyclopedia. While mBERT performs reasonably well for many languages, Pyysalo
et al. (2021) demonstrate that in a majority of cases, a monolingual BERT model
trained on Wikipedia articles achieves comparable or better downstream performance.
Additionally, Wu and Dredze (2020) show that for the 30% of its lowest-resource
languages, mBERT is outperformed by models based on older neural network archi-
tectures, such as bidirectional long short-term memory (BiLSTM) networks. They
also find that bilingual models trained on closely related languages can sometimes out-
perform both mBERT and monolingual models, suggesting that careful selection of
training languages may be more important than maximizing language coverage.

3https://github.com/google-research/bert/blob/master/multilingual .md
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As mentioned earlier, while large multilingual models achieve reasonable down-
stream performance on average, they often underperform for low-resource languages
(Pyysalo et al., 2021). A more effective approach may be to design multilingual mod-
els that specifically optimize the performance of a target low-resource language rather
than aiming for broad coverage across many unrelated languages. This could involve
carefully selecting languages for inclusion in the pre-training corpus while ensuring that
the target language remains well represented. One promising criterion for selection is
language similarity, which has been hypothesized to be a key factor in cross-lingual
transfer (Wu and Dredze, 2020; Snaebjarnarson et al., 2023). However, the relative
value of different types of additional training data, whether from related languages,
unrelated languages, or even structured data, remains poorly understood. This brings
us to our next research question:

RQ2: How does linguistic similarity influence the effectiveness of cross-
lingual transfer in bilingual models?

Out-of-vocabulary (OOV) words are a major source of errors in many NLP models.
Transformer-based models address this issue using subword tokenizers, which break
unknown words into sequences of known subwords. These tokenizers operate with
a fixed-size vocabulary, typically learned from the pre-training corpus. Models such
as BERT and ELECTRA (Clark et al., 2020) use characters as the smallest subword
units, while others, such as ROBERTa (Liu et al., 2019) and GPT-3, use Unicode bytes
instead, eliminating OOV words altogether. While subword tokenization is commonly
based on the byte-pair encoding (BPE) algorithm (Sennrich et al., 2016), alternative
approaches, such as the unigram algorithm (Kudo, 2018), have shown some promise
in certain settings (Zhang et al., 2020). The choice of tokenization strategy may
be particularly consequential for low-resource languages, which often feature complex
morphology and limited training data for learning optimal subword splits.

Research on the impact of vocabulary size and tokenization algorithms has pro-
duced conflicting results, particularly for low-resource languages. For a Turkish BERT
model pre-trained on a 44B token corpus, Schweter (2020) found no significant differ-
ence in downstream performance between a 32k and a 128k vocabulary. In contrast,
Wu and Dredze (2020) observed that for some low-resource languages, a smaller vo-
cabulary size yielded better results. These contradictory findings suggest that the
relationship between subword tokenizer configuration and model performance may de-
pend on language-specific factors such as morphological complexity and the size of
available training data. This leads to our third research question:

RQ3: How do different subword tokenization algorithms and vocabu-
lary sizes impact downstream performance for low- and medium-resource
languages?

1.3 Thesis Contribution

In this section, we outline our main contributions. We begin by presenting the datasets,
corpora, and tools developed and released during our research, along with the LMs
that we pre-trained and published:

e We released IceSum, a dataset of 1,000 Icelandic news articles annotated with
extractive summaries. This is the first Icelandic corpus for ATS featuring human-
annotated summaries. We included this dataset in the NLP benchmark used
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to evaluate Icelandic LMs in our experiments. IceSum is distributed on the
CLARIN-IS repository with an open license? (Dadason et al., 2021).

e We trained multiple Transformer-based language models covering 13 languages:
Icelandic, Norwegian, Danish, Swedish, Finnish, Estonian, Basque, Spanish,
Galician, Portuguese, Nepali, Hindi, and Tajik. These include monolingual, bilin-
gual, and multilingual variants using the ELECTRA, ConvBERT (Jiang et al.,
2020), and TEAMS (Shen et al., 2021) architectures in both Small and Base
configurations. All models were released under an open license at the Hugging
Face model repository.’

e We published IceEval, a tool for automatically fine-tuning and evaluating local
Transformer-based language models on a benchmark of four Icelandic NLP tasks:
POS tagging, named entity recognition (NER), dependency parsing (DP), and
ATS. We released it with an open license at the CLARIN-IS repository® We
adapted this tool to evaluate LMs in multiple different languages for this thesis
(Dadason and Loftsson, 2022).

e We created and published TQ-IS, a text quality dataset for Icelandic consisting of
2,000 web-crawled documents manually annotated with fine-grained text quality
labels at the span level, such as “incoherent text”, “foreign text”, and “nonlinguis-
tic text”. Additionally, each document was assigned an overall quality label (low
or high). To the best of our knowledge, this is the first publicly available text
quality dataset in any language consisting of full documents manually annotated
with text quality labels, suitable for training and evaluating document-level text
quality classifiers. TQ-IS is available on GitHub with an open license” (Dadason
and Loftsson, 2024).

e We released the Icelandic Crawled Corpus (ICC), comprising 930M tokens of Ice-
landic text collected from websites using ad-hoc crawlers. We targeted domains
that had no or minimal representation in existing datasets. It consists primarily
of online forum posts, news articles, blog entries, and adjudications from govern-
ment agencies. Documents in the TQ-IS dataset were, in part, sampled from the
ICC. The corpus is available on the Hugging Face dataset repository® (Dadason
and Loftsson, 2024).

Our contributions to data-efficient pre-training techniques, specifically in text qual-
ity filtering for noisy web-crawled corpora and multilingual augmentation strategies for
low- and medium-resource languages, can be summarized as follows:

e We evaluated 12 commonly used heuristic rules for text quality classification in
large-scale, multilingual web-crawled corpora. Additionally, based on insights
from the TQ-IS dataset, we introduced a novel rule leveraging subword tokenizer
statistics to detect low-quality text. Our evaluation on TQ-IS demonstrated that,
with optimized threshold values, heuristic rules are highly effective in filtering out

4JceSum: http://hdl.handle.net/20.500.12537/285
SPre-trained LMs: https://huggingface.co/jonfd
6IceEval: http://hdl.handle.net/20.500.12537/297
"TQ-IS: https://github.com/jonfd/tq-is

8ICC: https://huggingface.co/datasets/jonfd/ICC
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low-quality documents. Notably, we found that a combination of just three rules
achieved near-optimal F scores for text quality classification. This suggests that
complex rule-based filtering pipelines could be simplified without compromising
quality.

We implemented and trained several previously described text quality classifiers
and evaluated their performance on TQ-IS. Our findings indicate that these
classifiers either underperform compared to heuristic rules or require manually
annotated text quality datasets for training and fine-tuning, which are generally
not available for most languages.

We proposed a novel text quality classification approach using unsupervised clus-
tering and outlier detection algorithms. These methods require no manually an-
notated data and can be tuned efficiently, even without expertise in the target
language. Our best-performing unsupervised classifier achieved F} scores com-
parable to the rule-based approach while being highly computationally efficient.

We applied the best-performing unsupervised text quality classifier to filter noisy
web-crawled corpora for six diverse low- to medium-resource languages. We
then pre-trained LMs on both filtered and unfiltered corpora and evaluated their
performance on a benchmark of NLP tasks. Our results show that despite the
filtered corpora containing 42-81% less data (depending on the language), the
models trained on them performed similarly or better across almost all tasks.

We explored multilingual augmentation strategies by supplementing an Icelandic
corpus with text from three different sources: Norwegian (a closely related lan-
guage), Finnish (an unrelated language), and Python code. We then pre-trained
LMs on the augmented corpora and found that the Norwegian-augmented model
outperformed other bilingual models and performed similarly to a monolingual
model. This finding supports the hypothesis that language similarity facilitates
cross-lingual transfer.

We augmented monolingual corpora for five low- to medium-resource languages
with text from a donor language and pre-trained bilingual models. Comparing
their performance against monolingual models on a benchmark of NLP tasks,
we observed that bilingual models generally achieved similar or slightly lower
results. However, models pre-trained with more closely related languages per-
formed slightly better than those trained with unrelated languages.

We evaluated three subword tokenization algorithms at different vocabulary sizes
on Icelandic and analyzed their impact on downstream performance across multi-
ple NLP tasks. Our findings showed that vocabulary size had a greater influence
than the choice of algorithm, with the impact varying by task. We then con-
firmed these trends in a cross-lingual evaluation across five other morphologically
rich, low- to medium-resource languages.

We compared character-level and byte-level tokenization in a benchmark of Ice-
landic NLP tasks and found no statistically significant difference in downstream
performance, indicating that byte-level tokenization provides little advantage for
high-quality monolingual corpora.
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e Across our experiments, we pre-trained over 44 language models of varying sizes,
evaluated them on 20 distinct NLP tasks, and conducted more than 2,200 fine-
tunings runs to obtain our final results.

1.4 Structure of the Thesis

Chapter 2 introduces key concepts and terminology used throughout this thesis. We
provide a brief overview of subword tokenization, explaining its necessity and imple-
mentation of common algorithms. We then outline the characteristics of Transformer-
based LMs, explaining how they work in high-level terms, and contrast them with
recurrent neural networks (RNN) and statistical models. Finally, we detail the hyper-
parameters used for pre-training and fine-tuning our LMs.

In Chapter 3, we describe the six diverse languages selected for our evaluations and
explain why they were chosen. We also provide an overview of the corpora, datasets,
tools, and libraries used in our experiments.

Chapter 4 explores various text quality filtering techniques, including heuristic
rules and supervised, weakly supervised, and unsupervised classifiers. We evaluate
these techniques on TQ-IS and select the most suitable method for filtering noisy
web-crawled corpora across all six languages. Subsequently, we pre-train LMs on both
filtered and unfiltered corpora and evaluate their downstream performance on our NLP
benchmark tasks.

Chapter 5 presents our experiments with multilingual models. We augment low-
and medium-resource corpora with text from related and unrelated languages, as well
as programming code. After pre-training LMs on these augmented corpora, we evaluate
their performance on our NLP benchmark and analyze the relative impact of different
data sources.

In Chapter 6, we evaluate various character-level and byte-level tokenization algo-
rithms with different configurations, such as vocabulary size, and compare the impact
that they have on downstream performance for a diverse set of languages.

Finally, Chapter 7, summarizes our findings, presents our conclusions, and discusses
potential directions for future research.

1.5 Publications

The following papers, published in peer-reviewed conference proceedings, describe or
are relevant to some of the findings presented in this thesis:

1. Jon Dadason, Hrafn Loftsson, Salome Sigurdardottir, and Porsteinn Bjornsson.
2021. IceSum: An Icelandic Text Summarization Corpus. In Proceedings of the
2021 Conference of the North American Chapter of the Association for Computa-
tional Linguistics: Student Research Workshop, pages 9—14, Online. Association
for Computational Linguistics.

2. Jon Friorik Dadason and Hrafn Loftsson. 2022. Pre-training and Evaluating
Transformer-based Language Models for Icelandic. In Proceedings of the Thir-
teenth Language Resources and Evaluation Conference, pages 73867391, Mar-
seille, France. European Language Resources Association.
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3. Jon Dadason and Hrafn Loftsson. 2024. Text Filtering Classifiers for Medium-
Resource Languages. In Proceedings of the 2024 Joint International Confer-
ence on Computational Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), pages 15789-15801, Torino, Italia. European Language Re-
sources Association and International Committee on Computational Linguistics.

4. Jon Dadason and Hrafn Loftsson. 2024. Unsupervised Outlier Detection for
Language-Independent Text Quality Filtering. In Proceedings of the 3rd Annual
Meeting of the Special Interest Group on Under-resourced Languages @ LREC-
COLING 2024, pages 383-393, Torino, Italia. European Language Resources
Association and International Committee on Computational Linguistics.



Chapter 2

Natural Language Processing

In this chapter, we describe several fundamental concepts and techniques in Natural
Language Processing (NLP) that are relevant to this thesis. We begin by discussing
subword tokenization methods, followed by an overview of different language mod-
eling approaches. We describe statistical models and neural architectures, including
recurrent neural networks (RNNs) and Transformers, comparing bidirectional and uni-
directional approaches. We conclude with a methodology section, detailing the settings
we used for pre-training, fine-tuning, and evaluating our language models (LMs).

2.1 Subword Tokenization

Tokenization is the process of breaking text into smaller units called tokens, which can
include words, punctuation marks, and symbols. In NLP, this step is often performed
alongside sentence segmentation, which involves dividing text into sentences. This dual
process is commonly used to prepare datasets for tasks such as part-of-speech (POS)
tagging and named entity recognition (NER), where each token is annotated with a
corresponding tag. Such tasks are collectively referred to as token classification tasks.

These token classification tasks typically employ supervised learning, where models
are trained on human-annotated datasets to predict appropriate tags for new text.
While these models generally perform well on frequently occurring tokens, they face
significant challenges when encountering tokens that rarely appear in the training data,
or out-of-vocabulary (OOV) tokens that have never been seen. Due to this limitation,
models tend to perform better when trained on diverse datasets and using techniques
to handle rare and OOV tokens effectively.

Early NLP models primarily operated at the word level, associating entire tokens,
such as “photochemical”, with specific tags such as “adjective” (Bird et al., 2009). This
approach was effective for tokens present in the training data but struggled with OOV
tokens. When encountering such tokens, these models relied on heuristic strategies,
such as analyzing suffixes (e.g., “~ical” indicates an adjective). These methods often
resulted in lower accuracy due to their limited ability to generalize.

To address the limitations of word-level models in handling OOV tokens, Sennrich
et al. (2016) introduced an approach to subword tokenization based on the Byte Pair
Encoding (BPE) algorithm (Gage, 1994). Subword tokenization breaks previously
unseen words into smaller and more manageable units, enabling models to process
them more effectively. The BPE algorithm begins with a minimal vocabulary derived
from a given corpus, such as individual characters. It then iteratively merges the most



10 CHAPTER 2. NATURAL LANGUAGE PROCESSING

frequent pairs of units, forming larger subwords, until a predefined vocabulary size is
reached. This approach ensures that OOV tokens can be broken down into known
subwords. For instance, if the word “photochemical” is not in the vocabulary, it might
be decomposed into the subwords “photo” and “chemical”; allowing the model to make
predictions using familiar components. Subword tokenization has become a standard
technique in modern NLP due to its ability to balance vocabulary size with coverage,
enabling neural models to generalize better across diverse data.

However, subword tokenization introduces certain trade-offs. Modern Transformer-
based models have a limited context size, which determines the maximum number
of tokens they can process at once. Since subword tokenization often splits words
into multiple subwords, it can result in longer token sequences, effectively reducing
the usable context size for a given input. For example, a sentence containing rare
or complex words might require more subwords to represent, leaving less room for
additional context. Larger vocabularies can help mitigate this issue by reducing the
average number of subwords per word, but they come with increased computational
cost and memory requirements.

Beyond BPE, other subword tokenization algorithms have been developed. Word-
Piece (Wu et al., 2016) builds its vocabulary by maximizing the likelihood of the
training data, while the Unigram algorithm (Kudo, 2018) selects subwords based on
a probabilistic model. Additionally, some tokenizers, such as the one used by the
GPT-2 model (Radford et al., 2019), use individual bytes rather than characters as
the smallest possible units. By operating at the byte level, these tokenizers completely
eliminate OOV tokens (including characters that did not occur in the training data)
and provide a simple yet effective solution for handling diverse scripts and character
sets.

These algorithms and techniques are described and evaluated in detail in Chapter

2.2 Language Models

An LM is a probabilistic model that predicts words or fragments of text based on
patterns and probabilities learned from text corpora. For example, given the text
sequence “Nice to”, an LM might predict that “meet” is the most likely next word,
followed by “you.” This process is characteristic of autoregressive LMs, which generate
text by predicting one token at a time, using each newly generated token as additional
context for subsequent predictions.

This type of LM is also described as being unidirectional because it processes
text in a single direction, typically using only the preceding tokens as context (i.e.,
left-to-right or right-to-left). In contrast, bidirectional LMs utilize context from both
directions, considering tokens both before and after a given position to make more
informed predictions. Each approach has its own advantages and limitations, which
are discussed later in this section.

While text generation is one of the most intuitive applications of LMs, their abil-
ity to model contextual relationships between tokens makes them valuable for a wide
range of NLP tasks. For example, LMs can be trained on text corpora annotated with
linguistic information, such as POS tags. By learning patterns and probabilities asso-
ciated with token sequences and their corresponding linguistic features, these models
can then predict POS tags for previously unseen, unannotated text.
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2.2.1 Statistical Models

Statistical language models (SLMs) assign probabilities to sequences of tokens based
on their frequency distributions in a training corpus. Among the most widely used
SLMs are n-gram models, which estimate probabilities for sequences of n consecutive
tokens, such as words or characters.

An n-gram represents any sequence of n adjacent tokens. The value of n determines
the model’s order: a bigram (n = 2) model predicts tokens based on pairs of consecutive
tokens, while a trigram (n = 3) model uses sequences of three tokens, and so on.

Intiutively, higher-order n-gram models should perform better since they consider
more context when making predictions. However, as n increases, the number of possible
n-gram combinations grows exponentially. This leads to a data sparsity problem, where
many valid n-gram sequences do not appear in the training corpus, even when it is
large. As a result, the model cannot reliably estimate their probabilities, effectively
limiting the maximum practical order of n-gram models.

To mitigate this sparsity issue, n-gram models typically employ smoothing tech-
niques, which adjust probability estimates to account for unseen sequences. One widely
used method is Kneser-Ney smoothing (Kneser and Ney, 1995), which uses lower-order
n-gram models to estimate probabilities for sequences that were not observed in the
training corpus. For example, when encountering an unseen trigram sequence, the
model might back off to bigram or unigram probabilities to estimate its likelihood.

In addition to smoothing, systems using n-gram models can employ additional
strategies to handle unseen tokens and sequences. For example, an SLM-based POS
tagger might analyze the suffixes of unseen words (e.g., “~ing” or ‘“-ly”) to infer their
likely tag. Although smoothing and other techniques help mitigate the sparsity prob-
lem, they cannot fully overcome the fundamental limitations of n-gram models, such
as their limited ability to capture long-range dependencies in language.

2.2.2 Recurrent Neural Networks (RNNs)

Artificial neural networks (ANNs) have proven to be highly effective for tasks such as
NLP and computer vision. These networks are composed of interconnected artificial
neurons arranged in layers. An ANN typically consists of an input layer, which receives
numerical values as input; one or more hidden layers, where intermediate computa-
tions occur; and an output layer that generates predictions for a particular task. The
multiple hidden layers allow the network to learn hierarchical features, enabling it to
capture complex patterns in the data.

Passing input values through the network involves several mathematical opera-
tions, most notably matrix multiplication and addition. Each neuron receives inputs
from neurons in the previous layer, with each connection having a certain weight. To
compute the value for a neuron, its inputs are multiplied by their respective weights,
and a bias term associated with the neuron is added to the sum. This result is passed
through an activation function, such as the Rectified Linear Unit (ReLU) (Agarap,
2019), which introduces non-linearity and enables the network to learn complex pat-
terns. The outputs of these calculations become inputs for the next layer, and this
continues until the final predictions are generated by the output layer. This process is
known as a forward pass.

Weights and biases are trainable parameters of the model, meaning that they are
typically initialized with random values and gradually adjusted during training to
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improve the accuracy of the model’s predictions. During training, after a forward pass
with one or more training examples, the model’s predictions are compared against
the correct labels using a loss function, which quantifies the error. For example, in a
classification task like predicting whether a movie review is positive or negative, the
model might output probabilities for each class. The loss function measures how far
the predicted probabilities deviate from the correct answer.

After calculating the loss, an algorithm such as backpropagation (Rumelhart et al.,
1986) is used to estimate how much each weight and bias contributed to the error.
This involves computing gradients, which indicate the direction and magnitude of
the change needed to reduce the error. These gradients are used by an optimization
algorithm, such as stochastic gradient descent, to update the weights and biases in a
way that reduces the error. This process repeats over many training examples, allowing
the model to gradually improve its predictions.

Since ANNs accept only numerical values as input, plain text sequences must first
be converted into a numerical format. Typically, each word is represented as a word
embedding (also known as a word vector), a fixed-size vector of real numbers. These
embeddings are stored in a separate embedding layer, and a lookup table is used to
replace words with their vector representations. Like weights and biases, word embed-
dings are trainable parameters that are adjusted during training. As the training pro-
gresses, the embeddings gradually capture semantic and syntactic information about
the words. Pre-trained embeddings, such as Word2Vec (Mikolov et al., 2013) or GloVe
(Pennington et al., 2014), can also be used to initialize the embedding layer. These
provide a strong starting point for training since they already encode useful semantic
and syntactic relationships. While such pre-trained embeddings can be further fine-
tuned, they are often frozen (not changed) during the training process to preserve this
learned information.

RNNs are a subcategory of ANNs designed specifically for sequential data, such as
text, time series, or speech. While traditional non-recurrent models process inputs in-
dependently, RNNs maintain an internal memory (referred to as the hidden state) that
captures information about previously processed inputs. As they process a sequence
one element at a time, RNNs compute a hidden state at each step, which reflects the
current input and contextual information from previous steps. For tasks like sentiment
analysis, an RNN generates predictions based on the final hidden state of the input
sequence. For token classification tasks, such as POS tagging, it produces predictions
for individual words based on their corresponding hidden states. However, standard
RNNs can struggle with long sequences due to vanishing gradients, a limitation ad-
dressed by more recent variants such as Long Short-Term Memory (LSTM) networks
(Hochreiter and Schmidhuber, 1997) and Gated Recurrent Units (GRUs) (Cho et al.,
2014).

The embedding layer contains static embeddings, meaning that each word is rep-
resented by the same vector regardless of its context. For example, the word “rock”
has the same embedding whether it refers to a mineral formation or the musical genre.
However, RNNs incorporate contextual information by using previous words to refine
hidden states that are derived from these embeddings. This contextual representation
can be further enhanced by using bidirectional RNNs (BiRNNs), which process the in-
put sequence in both forward and backward directions. By concatenating the hidden
states from the forward and backward passes, BIRNNs capture contextual information
from both preceding and succeeding words.
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2.2.3 The Transformer Architecture

The Transformer (Vaswani et al., 2017) is a neural network architecture originally
developed for sequence-to-sequence tasks such as machine translation. It uses an
encoder-decoder structure, where the encoder processes an input sequence (e.g., text
in one language) to produce a contextual representation, which the decoder then uses
to generate an output sequence (e.g., the same text in another language).

A key feature of the Transformer is the self-attention mechanism, which models
relationships between token pairs in an input sequence, allowing the model to capture
contextual information across long distances. It also enables the model to process
input sequences in parallel, rather than sequentially, as is the case with traditional
RNNs, significantly improving efficiency and scalability.

Self-attention computes how much each token should “attend to” other tokens in the
sequence, including itself. For example, it might find a strong relationship between
a pronoun and its antecedent. These attention patterns are learned through three
learnable projections for each token: queries, keys, and values. The attention scores
are computed by comparing each token’s query vector with the key vectors of the
other tokens, and these scores are used to create a weighted combination of the value
vectors. The word embeddings are enriched with contextual information from the
attention outputs.

The original Transformer architecture consists of multiple encoder and decoder lay-
ers, each employing multi-head self-attention, where multiple attention “heads” apply
the self-attention mechanism to the input in parallel. During training, each head learns
to focus on different linguistic or task-specific characteristics of the input. For example,
one head might learn to attend to direct objects of verbs, while another might attend
to coreferent mentions (Clark et al., 2019). The outputs of these heads are combined
to produce a more comprehensive representation of the input.

Although the self-attention mechanism offers significant advantages, the number of
operations required grows quadratically with the length of the input sequence (Vaswani
et al., 2017). Doubling the number of tokens in a sequence results in four times as
many computations being performed. This quadratic complexity poses challenges for
models handling very long inputs. Increasing the maximum sequence length of a model
becomes prohibitively expensive beyond a certain point. Various strategies, such as
sparse attention mechanisms (Child et al., 2019), can be used to limit the cost of the
attention mechanism, although they often involve trade-offs with regard to the overall
effectiveness of the model.

2.2.3.1 Encoder-Only/Bidirectional Models

Bidirectional Transformer-based LMs depart from the encoder-decoder structure of
the original Transformer architecture, instead relying solely on encoder layers (Devlin
et al., 2019). These models utilize bidirectional self-attention, allowing each token to
incorporate contextual information from the entire input sequence.

In the Transformer’s encoder layers, the outputs of multiple attention heads are
concatenated and combined with the input embeddings using residual connections,
enriching them with contextual information. Layer normalization is then applied to
the embeddings, maintaining them in a standardized range as they pass through the
layers, stabilizing training and speeding up convergence. Then, a feedforward neural
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network (FFN) refines the embeddings further, with another residual connection and
layer normalization step before the embeddings are passed to the next encoder layer.

After passing through all encoder layers, the embeddings can be used by a task-
specific head to generate predictions. For example, in text classification tasks such as
sentiment analysis, the head computes the probability of each label (e.g., positive or
negative sentiment) being correct for the input based on the embeddings.

Unlike the original Transformer model, which was trained on parallel corpora for
machine translation, bidirectional models are typically first pre-trained on large, unan-
notated corpora using self-supervised learning (Devlin et al., 2019; Liu et al., 2019;
Clark et al., 2020). This type of learning involves tasks where the labels are derived
directly from the unannotated data itself. Pre-training is typically the most time-
consuming and computationally expensive part of training the model, but allows it to
learn generalizable language representations.

The Masked Language Modeling (MLM) pre-training task, introduced by the BERT
LM (Devlin et al., 2019), is widely used for pre-training bidirectional models. For this
task, a portion of the input tokens is masked, and the model attempts to predict the
original forms of the masked tokens, selecting from the full vocabulary.

Once pre-trained, the model can be fine-tuned on annotated datasets for down-
stream tasks such as POS tagging, NER, and question answering (QA). Fine-tuning
generally requires much less time and computational resources than pre-training, as
the model has already learned a strong language representation. The results obtained
on these downstream tasks are referred to as the model’s downstream performance.

In the following list, we describe several bidirectional, encoder-only Transformer-

based LMs:

BERT BERT (Devlin et al., 2019) is the first bidirectional, encoder-only LM based
on the Transformer architecture. It was pre-trained on two tasks: MLM and Next
Sentence Prediction (NSP). In the NSP task, the model predicts whether the second
sequence in a pair of text sequences immediately follows the first. BERT combines the
losses from MLM and NSP during pre-training to learn contextual and sequential rela-
tionships. It was pre-trained on 3.2 billion words from English-language encyclopedic
articles and self-published books, with two released variants: BERT-Base (110M pa-
rameters) and BERT-Large (340M parameters). A multilingual version of BERT-Base
(mBERT) was also published, pre-trained on Wikipedia articles in 104 languages.

RoBERTa RoBERTa (Liu et al., 2019) builds on BERT by refining the pre-training
process. It removes the NSP task, as it was not found to have a positive impact on
downstream performance. It also employs dynamic masking, where input sequences are
randomly masked during each training epoch, rather than during a pre-processing step.
Additionally, RoBERTa increases batch sizes, processes longer input sequences, and is
pre-trained on 160 GB of English-language text from diverse genres, ten times the size
of BERT’s pre-training corpus. Two variants of the RoBERTa model were released:
RoBERTa-Base (125M parameters) and RoBERTa-Large (355M parameters).

ELECTRA ELECTRA (Clark et al., 2020) introduces the Replaced Token Detec-
tion (RTD) task, where the model must identify tokens in an input sequence that
have been replaced with less plausible alternatives. The model uses a generator-
discriminator architecture composed of two LMs that are pre-trained concurrently.
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The generator, which is the smaller of the two models, is pre-trained on the MLM
task. Tokens in the input sequence are masked and replaced with the generator’s
predictions, though its accuracy is limited by its size. The larger discriminator then
predicts which tokens are original and which have been replaced. RTD differs from
MLM in that it provides a learning signal for every token in the input sequence, rather
than only the 15% of tokens that are typically masked. This characteristic has been
hypothesized to improve data efficiency (Wu and Dredze, 2020), but direct empiri-
cal comparisons remain limited. ELECTRA was pre-trained on the same corpus as
BERT, except for its largest variant, which was pre-trained on 33B tokens. Three
variants of the ELECTRA model were released: ELECTRA-Small (14M parameters),
ELECTRA-Base (110M parameters), and ELECTRA-Large (335M parameters).

ConvBERT ConvBERT (Jiang et al., 2020) modifies the ELECTRA architecture
by introducing an efficient hybrid attention mechanism. It reduces the computational
cost of self-attention by projecting input embeddings into a lower-dimensional space,
decreasing the number of attention heads while maintaining high-quality representa-
tions. Additionally, ConvBERT employs a span-based dynamic convolution mechanism
that replaces some attention heads to more efficiently model local dependencies. In
this context, a convolution refers to a mathematical operation that applies a sliding
filter (or kernel) over a sequence to extract local patterns, such as relationships be-
tween neighboring tokens. ConvBERT dynamically generates these kernels based on
the context of each token. The outputs of the dynamic convolution mechanism are
combined with reduced self-attention in a mixed attention block, effectively balancing
global and local context modeling. These modifications improve the model’s efficiency
and downstream performance. The model was pre-trained on 38 GB of web-crawled
English-language text. Three variants of ConvBERT were released: ConvBERT-Small
(14M parameters), ConvBERT-Medium-Small (17M parameters), and ConvBERT-
Base (106M parameters).

TEAMS TEAMS (Shen et al., 2021) is another modification of the ELECTRA
model, which introduces a second pre-training task, Multi-Word Selection (MWS).
In addition to identifying replaced tokens, the model predicts the original form of
each replaced token from a set of five candidates. The authors find that TEAMS
models outperform ELECTRA consistently across a benchmark of NLP tasks. The
TEAMS models were pre-trained on the same corpora as the ELECTRA models. The
authors release the TEAMS models in three sizes: TEAMS-Small (14M parameters),
TEAMS-Base (110M parameters), and TEAMS-Large (335M parameters).

2.2.3.2 Decoder-Only/Unidirectional Models

Generative Transformer-based LMs are structurally similar to bidirectional models but
rely on decoder layers instead of encoder layers. The most significant difference between
them is that the decoder layer implements causal self-attention. Unlike bidirectional
models, which compute relationships between all tokens in an input sequence, causal
self-attention restricts each token to attend only to itself and preceding tokens. This
unidirectional approach aligns with the requirements of text generation tasks, ensuring
that predictions depend only on prior context.

These models are typically pre-trained using the Next Token Prediction (NTP)
task, where the objective is to predict the next token in a sequence based on the
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preceding tokens. When trained on this task, the model learns how to generate coherent
text, making it well-suited for applications such as language modeling, creative writing,
and chatbot development.

Prominent examples of decoder-only models include the GPT and Llama families:

GPT The original Generative Pre-trained Transformer (GPT) model (Radford et al.,
2018), with 117M parameters, was pre-trained on 800M tokens of self-published books
in English. It was followed by the release of GPT-2 (Radford et al., 2019), which
expanded both model size and training data, with between 175M to 1.5B parameters
pre-trained on 40 GB of web-crawled text. GPT-3 (Brown et al., 2020) scaled to be-
tween 125M to 175B parameters and was pre-trained on 300B tokens, mostly consisting
of web-crawled text. Information on the pre-training data or model specifications of
subsequent versions of GPT has not been published. GPT-3.5, which was used to
power the ChatGPT chatbot, was made commercially available in late 2022, followed
by GPT-4 (OpenAl, 2024) in 2023, and GPT-40, a multimodal version of GPT-4, in
2024.

Llama The first model in the Llama (Large Language Model Meta AI) series (Tou-
vron et al., 2023a), ranging from 7B to 65B parameters in size, was pre-trained on
1.2T tokens, predominantly consisting of web-crawled English-language text, but also
GitHub repositories and Wikipedia articles in 20 languages. Llama 2 (Touvron et al.,
2023b), with 7B to 70B parameters, was pre-trained on 1.8T tokens, with approxi-
mately 90% of the data consisting of English-language text. The following version
of the model, Llama 3 (Grattafiori et al., 2024), was pre-trained on 15T tokens of
multilingual text, with model sizes ranging from 8B to 405B parameters in size.

2.2.3.3 Bidirectional vs. Unidirectional Models

Recently, there has been a marked shift in research focus from bidirectional encoder-
only models to larger generative, unidirectional decoder-only models. While these
generative models have demonstrated impressive capabilities across many tasks, their
evaluation has primarily focused on generative applications, and they are often only
compared against other generative models. This shift in focus raises the question of
how these increasingly capable generative models compare against bidirectional models
in classification tasks where the latter have traditionally excelled.

There is a growing literature comparing these two categories of models. However,
fundamental differences in scale and architecture preclude an evaluation under identical
settings. Rather, these experiments compare best-of-class models against each other,
assessing real-world performance and efficiency.

Yu et al. (2023) demonstrate that bidirectional models not only remain competitive
but frequently outperform much larger generative models on English-language classifi-
cation tasks such as NER, political ideology prediction, and misinformation detection.
For example, RoBERTa-Large achieves an F; score of 94.3% on NER, while Llama
2-70B obtains 82.5%. Compared to Llama 2-70B, a RoBERTa model was fine-tuned
in 5.4% of the time (measured in seconds), while consuming only 3.7% of the energy
(measured in kWh) at 2.6% of the cost. During inference, the cost and energy con-
sumption of the RoBERTa model was just 1.7% of the Llama 2-70B model. Compared
with the GPT-3.5 Turbo and GPT-4 models, the RoBERTa model made predictions
at only 6.3% and 0.002% of their respective costs.



2.3. METHODOLOGY 17

Zhong et al. (2023) evaluated bidirectional models, including RoBERTa-Large,
against ChatGPT (using GPT-3.5) on GLUE (Wang et al., 2018), an English-language
natural language understanding (NLU) benchmark, which encompasses tasks such as
sentiment analysis, linguistic acceptability, and natural language inference. RoBERTa-
Large obtained similar or better performance on most tasks, achieving an average score
of 87.8, compared to 78.7 for ChatGPT. With 5-shot chain-of-thought (CoT) prompt-
ing (Wei et al., 2024), where the prompt includes five examples of similar problems
solved using step-by-step reasoning, the average score obtained by ChatGPT improved
to 86.2. However, CoT prompting significantly increases the number of tokens that
must be processed and generated, resulting in greater computational inefficiency. The
authors do not compare inference times, cost, or energy usage between models.

More recently, Bucher and Martini (2024) compared the downstream performance
of bidirectional models, including RoBERTa, and ELECTRA, against generative mod-
els such as GPT-3.5 Turbo, GPT-4, and Claude-Opus. Their results reveal substantial
and consistent advantages for bidirectional models in English and German-language
classification tasks. For example, RoBERTa-Large obtained 92% accuracy in sentiment
analysis of news articles, compared to 87% for GPT-4. On stance classification of polit-
ical tweets, RoBERTa-Large achieved 94% accuracy, significantly outperforming GPT-
4, which obtained 58%. Similarly, for emotion classification, RoBERTa-Large obtained
88% accuracy, while GPT-4 only achieved 20%. Finally, in multi-class stance classi-
fication of political positions, RoBERTa-Large obtained 88% accuracy, while GPT-4
achieved 38%.

The empirical evidence across these studies conclusively demonstrates that fine-
tuned bidirectional models not only match or exceed the performance of much larger
generative models on classification tasks, but do so with dramatically improved com-
putational and energy efficiency. Although generative models may continue to advance
rapidly, many of their architectural improvements have already been integrated into
bidirectional models, such as ModernBERT (Warner et al., 2024). As such, it is still
quite possible that bidirectional models will maintain their advantage for the foresee-
able future. Their combination of superior performance, lower computational require-
ments, and reduced costs makes them a compelling choice for classification tasks.

Furthermore, while cutting-edge generative models can achieve competitive results
on classification tasks in high-resource languages, their performance drops sharply for
low-resource languages, which are poorly represented in their pre-training corpora.
Empirical studies show that in these settings, they often underperform compared to
other approaches, including fine-tuned bidirectional models (Robinson et al., 2023;
Ahuja et al., 2023; Abdelali et al., 2024). This suggests that bidirectional models,
which are significantly more data- and parameter-efficient, may be even better suited
under resource-constrained settings.

2.3 Methodology

In this section, we describe how we pre-trained, fine-tuned, and evaluated LMs for our
experiments.
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2.3.1 Pre-Processing

For each model, we trained a WordPiece tokenizer with a vocabulary size of 32,000
on the pre-training corpus. This choice aligns with common practice in BERT-based
models, which often employ vocabulary sizes ranging from 30,000 to 50,000 subwords,
as demonstrated in BERTje for Dutch (30,073), CamemBERT for French (32,000),
BERTeus for Basque (50,099), and FinBERT for Finnish (50,105) (de Vries et al.,
2019; Martin et al., 2020; Agerri et al., 2020; Virtanen et al., 2019). A more detailed
exploration of vocabulary sizes is provided in Chapter 6.

To prevent rare Unicode characters from taking up a significant portion of the
vocabulary, we limited the number of single-character subwords to 1,000. We also ex-
cluded tokens that occurred only once in the training corpus to reduce noise from for-
eign words, arbitrary numbers, and other infrequent elements. During pre-processing,
each document was normalized by removing all Unicode control characters while pre-
serving original casing and accents. All tokenizers were trained using the tokenizers
library for Python' (Moi and Patry, 2023), unless otherwise specified.

To generate pre-training examples, we adopted the full-sentences packing strategy
used by the RoBERTa model (Liu et al., 2019). This method involves continually
sampling text from the pre-training corpus to construct examples. Documents may
cross example boundaries, and each example can contain text from multiple documents.
This approach minimizes wasted text in the pre-training corpus and eliminates the need
for padding within examples.

2.3.2 Pre-Training Settings

We pre-trained TEAMS-Small and TEAMS-Base models using TPU v4-8 accelerators
and the TensorFlow Model Garden repository? (Yu et al., 2020) with the same settings
as described by Shen et al. (2021). TEAMS-Small models, consisting of 14M param-
eters, were pre-trained for 500,000 steps, taking approximately 18 hours to complete.
TEAMS-Base models, with 110M parameters, were trained for 1M steps, requiring
around 118 hours. Both models use a maximum sequence length of 512 and were
trained with a batch size of 256. Default pre-training parameters are used for all
experiments unless otherwise specified.

2.3.3 Fine-Tuning Settings

As the experiments in this thesis involved several thousand fine-tuning runs across a
large number of pre-trained models, languages, and tasks, extensive hyperparameter
optimization was not feasible. Instead, we used a fixed set of hyperparameters for each
task across all models to ensure fair and consistent comparisons. While this approach
may not yield optimal performance for every individual model, it allows for a controlled
evaluation across different settings.

For POS tagging, NER, DP, and ATS, we adopted the hyperparameters from Dada-
son and Loftsson (2022), which evaluated these tasks on Icelandic using several differ-
ent bidirectional models of a comparable size. These settings performed well across all
languages, so further optimization was unnecessary, unless otherwise noted. For QA
and topic classification (TC), which were not covered in Dadason and Loftsson (2022),

'https://github.com/huggingface/tokenizers
’https://github.com/tensorflow/models
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we performed a limited hyperparameter search to identify a single robust configuration
applicable to all models and languages. Table 2.1 summarizes these hyperparameter
settings.

For POS, NER, QA, and TC, our models were fine-tuned using the Transformers
library for Python (Wolf et al., 2020). We used task-specific fine-tuning scripts for
PyTorch (Ansel et al., 2024) included with the library: run_ner.py for POS and
NER, run_qga.py for QA, and run_classification.py for TC.

For POS tagging and NER, we followed Dadason and Loftsson (2022) and fine-
tuned the models for 20 and 10 epochs, respectively, using a batch size of 16 and a
learning rate of 5e-5. We reported tagging accuracy for POS tagging and entity-level
F} scores for NER.

For QA and TC, which were not evaluated by Dadason and Loftsson (2022), we per-
formed a limited hyperparameter search for learning rates in [3e—5, 5e—5, 8e—5, le—4],
batch sizes in [8, 16, 32], and number of epochs in [5, 10, 20]. Based on this search, we
fine-tuned QA models for 5 epochs with a learning rate of 8e-5 and a batch size of
16, reporting F} scores. For TC, we selected 10 epochs, a learning rate of le-4, and a
batch size of 8, reporting classification accuracy.

For dependency parsing (DP), we used DiaParser (Attardi et al., 2021), a biaffine
dependency parser that extracts contextual word embeddings from Transformer-based
LMs. Models were fine-tuned for 200 epochs with a batch size of 5,000 and a learning
rate of 2e-3. The model checkpoint that achieved the highest labeled attachment score
(LAS) on the validation set was selected and evaluated on the test set.

For automatic text summarization (ATS), we used TransformerSum®, a Python
library based on the BertSum extractive text summarization model (Liu and Lapata,
2019). Models were fine-tuned for 3 epochs with a batch size of 8 and a learning rate
of 2e-5. We evaluated performance using the ROUGE metric, which measures the ra-
tio of overlapping n-grams between the target summary and the generated summary.
Specifically, we reported ROUGE-2 recall scores. We used mean pooling to generate
sentence-level embeddings, and applied a linear classifier to select sentences for the
predicted summary. For each document, we selected sentences for the predicted sum-
mary until it contained at least 100, then computed the ROUGE score by comparing
it to the target summary. Like Dadason et al. (2021), when creating the training data,
we used an oracle to label each sentence in the original document, greedily maximizing
the ROUGE-2 recall score until the summary contained at least 100 words.

Task Metric Batch Size Learning Rate Epochs
POS Accuracy 16 5e-5 20
NER F; Score 16 5e-5 10
DP  LAS 5000 2e-3 200
ATS ROUGE-2 Recall 8 2e-5 3
QA Fj Score 16 8e-5 5
TC  Accuracy 8 le-4 10

Table 2.1: Hyperparameters for fine-tuning TEAMS-Small models.

The evaluation datasets are described in Section 3.3. For each dataset, we gener-
ally evaluated the models using the provided splits. For datasets with official training,

3https://github.com/HHousen/TransformerSum


https://github.com/HHousen/TransformerSum

20 CHAPTER 2. NATURAL LANGUAGE PROCESSING

validation, and test sets, we reported average scores over 10 runs with different ran-
dom seeds. For datasets distributed with a k-fold split, we evaluated the model using
k-fold cross-validation. If no splits were provided with a dataset, we performed strat-
ified 10-fold cross-validation. We made an exception to these rules for datasets that
contained fewer than 10,000 labeled examples, where we performed stratified 5-fold
cross-validation with 5 repetitions to reduce variance in scores between different folds
or runs and to increase statistical power for significance testing.

When comparing the downstream performance of two models, we performed a
paired t-test to determine if there was a statistically significant difference between their
results. For significance testing on more than two models, we additionally performed
Holm-Bonferroni correction, a method used to control the family-wise error rate in
multiple comparisons.



Chapter 3

Languages and Resources

In this chapter, we describe the languages and language resources used in our exper-
iments, which form the foundation for addressing our research questions. We begin
with an overview of the six languages we selected, discussing their linguistic charac-
teristics and the state of language technology (LT) for each. Next, we describe the
unannotated corpora that we used, detailing their size, sources, and other properties.
Finally, we outline the annotated datasets used for evaluating the downstream perfor-
mance of pre-trained language models (LMs), which provide a benchmark for assessing
the effectiveness of different pre-training techniques.

3.1 Language Selection

To answer our research questions, we selected six low to medium-resource languages:
Icelandic, Estonian, Basque, Galician, Nepali, and Tajik. These languages were cho-
sen for their diverse linguistic characteristics, including different language families,
morphological typologies, and levels of language resource availability.

Icelandic is a North Germanic language within the Indo-European family, spoken
by approximately 330,000 native speakers’. It is a highly inflectional language with rich
morphology. Icelandic has an established National LT Programme (Nikulasdottir et al.,
2020; Nikulasdottir et al., 2022), which has, during the last few years, significantly
advanced its LT infrastructure.

Estonian is a Finnic language in the Uralic family, with 1.2 million native speak-
ers. Its predominantly agglutinative morphology includes some fusional features. Like
Icelandic, Estonian has a well-developed National LT Programme (Vider et al., 2012).

Basque is a language isolate, unrelated to any known language, with about 800,000
native speakers. Its agglutinative morphology and ergative-absolutive alignment make
it typologically distinct. Basque is an official language in the Basque Country and
Basque-speaking areas of Navarre, autonomous regions of Spain. The development of
LT in Basque Country has quite a long history (Alegria and Sarasola, 2017).

Galician is an Ibero-Romance language in the Indo-European family, closely related
to Portuguese. It has 2.4 million native speakers and exhibits fusional morphology.
Galician is an official language in the autonomous region of Galicia, Spain, and has ben-
efited from national LT initiatives, including an established National LT Programme
(de Dios-Flores et al., 2022). Moreover, national research initiatives have supported LT
infrastructure development for minority languages across Spain (Agerri et al., 2018a).

!Native speaker statistics are based on Wikipedia, which references Ethnologue.
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Nepali is an Indo-Aryan language in the Indo-European family, primarily spoken
in the Himalayan region of South Asia. It uses the Devanagari script and primarily
exhibits fusional morphology, with some agglutinative features. Nepali has 19 million
native speakers and is an official language of Nepal and certain Indian regions. Despite
its large speaker base, LT resources for Nepali remain scarce. Nepal is classified as
a least developed country by the United Nations, and while it lacks a National LT
Programme, international research collaborations such as Nelralec (the Bhasa Sanchar
Project) have produced resources like the Nepali National Corpus (NNC) (Yadava
et al., 2008).

Tajik is a Western Iranian language in the Indo-European family, closely related
to Persian, but written in Cyrillic script. Its morphology is moderately fusional with
analytic tendencies. Tajik has 10 million native speakers and is an official language
in the developing country of Tajikistan. No National LT Programme exists for Tajik,
and language resources are limited.

While historically considered under-resourced, Icelandic, Estonian, Basque, and
Galician have seen substantial development in their LT infrastructure over the past
decade. National LT Programmes have been established for Icelandic, Estonian, and
Galician, and significant progress has been made in LT for Basque through regional
research initiatives. In contrast, despite having relatively large speaker populations,
Nepali and Tajik remain notably under-resourced, with limited digital infrastructure
and fewer available language resources.

There is no universally accepted definition of what separates low-, medium-, and
high-resource languages. In this thesis, we define resource levels based on two key
criteria: (1) the availability of a high-quality monolingual corpus of sufficient size for
effective LM pre-training, which empirical evidence suggests is at least 100 MB of
text (Micheli et al., 2020), and (2) the availability of manually annotated, monolin-
gual datasets for core natural language processing (NLP) tasks, such as part-of-speech
(POS) tagging, named entity recognition (NER), and dependency parsing (DP). A
language is classified as low-resource if it fails to meet either of these criteria, and
medium-resource if it meets both. In contrast, high-resource languages typically have
corpora amounting to hundreds of billions of tokens, along with a significantly broader
range of datasets for more advanced NLP tasks suitable for evaluating large-scale LMs.

Our selection includes both low-resource languages (Nepali, Tajik) and medium-
resource languages (Icelandic, Estonian, Basque, Galician), representing a variety of
morphological typologies—from fusional (Icelandic, Galician, Nepali, Tajik) to agglu-
tinative (Estonian, Basque). These languages also represent three different writing
systems: Latin, Cyrillic, and Devanagari. We conclude that this diverse selection of
morphologically rich languages offers strong evidence to address our research questions.

3.2 Corpora

This section describes the unannotated corpora that we used in our experiments, which
include both high-quality, curated corpora, as well as corpora derived from web content.
The web-based corpora either originate from large-scale web archives, such as Common
Crawl (CC)?, or from smaller-scale, targeted web scraping efforts with ad-hoc crawlers.

For each corpus, we report its size in terms of uncompressed disk space (in gigabytes
or megabytes), the number of documents, and the number of space-delimited tokens

’https://commoncrawl . org/about/
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(i.e., strings separated by whitespace characters). Table 3.1 provides an overview of
these statistics for each language and corpus.

Language Corpus Size (GB) Documents Tokens
[celandic  1C3 4.89 2,169,989 824,301,374
Icelandic  1CC 479 1,934,732 817,261,940
Ieelandic  IGC 10.73 5,125,016 1,674,902,856
Icelandic mC4 7.70 2,069,293 1,121,745,925
Estonian ENC 314 2,143,795 428,967,956
Estonian mC4 22.50 6,941,360 3,044,585,733
Basque EusCrawl 2.11 1,585,430 288,324,729
Basque mC4 4.31 1,555,887 575,606,522
Galician  mC4 7.54 4,549,465 1,209,371,725
Galician ~ Wikipedia 0.44 199,789 73,450,656
Nepali mC4 17.10 2,942,785 967,304,877
Nepali Wikipedia 0.09 32,572 9,809,035
Tajik mC4 6.99 1,280,757 561,480,539
Tajik Wikipedia 0.12 106,185 10,220,523

Table 3.1: Overview of corpora used in our experiments. The table includes corpus
size in GB (uncompressed text, without metadata), the number of documents, and
the number of space-delimited tokens. Note that the statistics for the IGC and ENC
corpora exclude subcorpora with web-crawled content or text shuffled on the sentence
or paragraph level.

The curated corpora, such as IGC, ENC, EusCrawl, and Wikipedia, represent
high-quality content, containing text from carefully chosen sources. In contrast, web-
crawled corpora like mC4, IC3, and ICC, encompass large-scale, diverse content, but
may vary in quality and require additional pre-processing. This balance of curated
and web-crawled corpora allows us to gain insight into the impact of data quality and
diversity on the downstream performance of pre-trained LMs.

3.2.1

For Icelandic, we used three corpora: the Icelandic Gigaword Corpus (IGC), the Ice-
landic Crawled Corpus (ICC), and the Icelandic Common Crawl Corpus (IC3), each
of which is described below.

Icelandic Corpora

The Icelandic Gigaword Corpus (IGC)

The IGC? (Steingrimsson et al., 2018) contains approximately 2.3 billion tokens from
diverse Icelandic text sources, including news articles, parliamentary speeches, and
adjudications. We used the 2022 version of the corpus but omitted subcorpora that
we deemed unsuitable for pre-training LMs. Specifically, we excluded the following
subcorpora:

e Online forum discussions, journal articles, and published books: To
comply with licensing agreements and copyright restrictions, these subcorpora

3IGC: https://igc.arnastofnun.is/
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are presented as shuffled sentences or paragraphs, disrupting the natural context
and long-range dependencies essential for learning meaningful relationships and
representations.

e Twitter posts: These social media posts are included in the corpus as unique
identifiers for downloading the original content. These posts are typically very
short and lack the coherence and quality of the more curated subcorpora, making
them less suitable for pre-training LMs.

After excluding these subcorpora, the remaining subcorpus contains approximately
1.7 billion space-delimited tokens across 5.1 million documents. Table 3.2 provides an
overview of the IGC subcorpora (after excluding the two subcorpora mentioned above),
including their size, document count, and number of tokens.

Subcorpus Size (GB) Documents Tokens
Adjudications 0.45 29,781 68,929,493
Books 0.09 398 14,103,849
Journals 0.14 20,932 20,754,577
Law 0.36 16,367 53,122,049
News 1 2.57 1,781,331 394,061,394
News 2 5.70 3,196,233 888,910,499
Parliamentary Speeches 1.56 19,252 254,879,866
Social Media - Blogs 0.06 38,342 8,987,964
Social Media - Forums 3.20 718 561,021,669
Wikipedia 0.06 54,649 8,374,587
Total 14.19 5,158,003 2,273,145,947

Table 3.2: Statistics for the IGC and its subcorpora, including size in GB (uncom-
pressed text, without metadata), number of documents, and space-delimited tokens.
The social media subcorpus is broken down into blogs and forum posts, but Twitter
posts are omitted.

The Icelandic Crawled Corpus (ICC)

The ICC* was compiled (by the author of this thesis) by scraping text from 24 Ice-
landic websites. It contains approximately 817 million space-delimited tokens, drawn
from online forum posts (772M tokens), news articles (27M tokens), adjudications
(10M tokens), and blog posts (8M tokens). The websites were scraped using ad-hoc
crawlers, with text extraction performed using the Beautiful Soup library for Python
(Richardson, 2020). Custom extraction rules were implemented for each domain to
target relevant textual content while discarding boilerplate text (e.g., headers, footers,
and metadata), advertisements, and other unrelated elements. Exact duplicate docu-
ments were removed, but no additional filtering was applied to improve the quality of
the corpus.

4ICC: nttps://huggingface.co/datasets/jonfd/ICC


https://huggingface.co/datasets/jonfd/ICC
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The Icelandic Common Crawl Corpus (IC3)

The IC3° (Sneabjarnarson, 2021) was derived from the CC dataset, consisting of doc-
uments archived from 2008 to 2020 from websites with the Icelandic top-level domain
(.is). Plain text was extracted using jusText (Pomikélek, 2011), which removed boil-
erplate content such as advertisements, headers, and footers. To improve data quality,
a fastText (Bojanowski et al., 2017) language classifier was applied to retain only
documents with Icelandic as the primary language. Additionally, exact duplicate doc-
uments and repeated three-line spans were removed. The dataset is distributed in a
pre-tokenized format, with text already segmented into words and punctuation marks
separated from words. After these filtering steps, the IC3 corpus contains approxi-
mately 824 million tokens across 2.2 million documents.

3.2.2 Estonian Corpora

For Estonian, we used the Estonian National Corpus (ENC), a comprehensive dataset
of written Estonian texts. Below, we describe its structure and contents.

Estonian National Corpus (ENC)

The ENC® (Koppel and Kallas, 2022) consists of approximately 2.5 billion space-
delimited tokens, making it one of the most comprehensive collections of Estonian
written language. We used the 2021 version of the corpus, which combines both web-
crawled and curated texts from a wide range of genres, representing Estonian written
language from the 1990s to 2021.

Approximately 83% of the ENC consists of web-crawled content across four col-
lection periods: Web 2013, 2017, 2019, and 2021. These texts primarily include peri-
odicals, forum posts, and blogs. The remaining 17% comprises curated texts, includ-
ing news feeds, literary works, academic writing, and Wikipedia articles, which offer
higher-quality and domain-specific content.

We chose to omit the web-crawled portion of the ENC for our experiments and
instead used only its curated subcorpora. This decision was motivated by the need
to better evaluate the impact of data quality on the downstream performance of pre-
trained LMs. For Estonian, we used the curated portion of the ENC as a source of
high-quality content, while using the mC4 corpus (described in Section 3.2.4) for noisy,
web-crawled data. Unlike the web-crawled portion of the ENC, which has undergone
extensive filtering to improve text quality, the mC4 corpus retains much of the noise
typical of raw web content. This should provide us with more conclusive evidence for
answering our research questions.

Table 3.3 provides an overview of the ENC subcorpora, including their size, docu-
ment count, and number of tokens.

3.2.3 Basque Corpora

For Basque, we used the EusCrawl corpus, a high-quality collection of texts derived
from carefully selected Basque-language websites. Below, we provide a description of
its structure.

°IC3: https://huggingface.co/datasets/mideind/icelandic-common-crawl-corpus-IC3
SENC: https://doi.org/10.15155/3-00-0000-0000-0000-08D17L


https://huggingface.co/datasets/mideind/icelandic-common-crawl-corpus-IC3
https://doi.org/10.15155/3-00-0000-0000-0000-08D17L
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Subcorpus Size (GB) Documents Tokens
Balanced Corpus 0.07 21,688 9,780,089
News Feeds 1.45 1,262,343 197,218,554
Fiction 0.11 203 16,703,052
Open Access Journals 0.07 1,831 9,176,586
Reference Corpus 1.33 716,564 180,945,388
Web 2013 1.84 681,933 257,627,961
Web 2017 3.86 1,913,160 540,380,782
Web 2019 3.66 2,464,244 517,530,949
Web 2021 5.29 4,545454 743,368,560
Wikipedia 0.07 102,088 9,197,224
Wikipedia Talk 0.04 39,078 5,947,063
Total 17.79 11,748,586 2,487,876,208

Table 3.3: Statistics for the ENC and its subcorpora, including size in GB (uncom-
pressed text, without metadata), number of documents, and space-delimited tokens.

EusCrawl

The EusCrawl corpus’ (Artetxe et al., 2022) consists of 288 million space-delimited
tokens across 1.58 million documents. It was created by scraping content from 33
high-quality Basque-language websites, primarily in the news domain.

The quality of the EusCrawl corpus was benchmarked by Artetxe et al. (2022)
against other web-crawled corpora, including mC4 (Xue et al., 2021) and CC-100 (Con-
neau et al., 2020). Annotators manually reviewed 100 randomly selected documents
from each corpus, evaluating them with regard to language identification, correctness,
coherence, noise, content quality, and overall suitability for inclusion in the corpus.
Approximately % of the documents in EusCrawl were rated as high quality, signifi-
cantly outperforming mC4 and CC-100, where less than a third of the documents met
the same standard. This high-quality content makes EusCrawl particularly well-suited
for pre-training LMs for the Basque language.

3.2.4 Multilingual Corpora

We used two multilingual corpora: the Multilingual Colossal Clean Crawled Corpus
(mC4) and Wikipedia. The mC4 corpus consists of large-scale web-crawled text with
minimal filtering, while Wikipedia contains high-quality encyclopedic articles. Below,
we describe each corpus.

The Multilingual Colossal Clean Crawled Corpus (mC4)

The mC4® (Xue et al., 2021) is a large-scale dataset created by extracting documents
from the entire Common Crawl dataset and classifying them by their primary language.
It includes subsets for 108 languages, with languages containing fewer that 10,000
documents excluded.

"For EusCrawl, we used the plain text version of the corpus distributed at https://www.ixa.eu
s/euscrawl/.
8mC4: https://huggingface.co/datasets/allenai/c4


https://www.ixa.eus/euscrawl/
https://www.ixa.eus/euscrawl/
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To improve text quality, the authors employed basic filtering techniques, such as
removing duplicate three-line spans and discarding lines that do not end with punc-
tuation marks. While this corpus retains significant diversity and scale, the minimal
amount of filtering performed can lead to noisy or lower-quality text. Originally created
to pre-train the multilingual mT5 language model, mC4 serves as a valuable resource
for pre-training LMs on large-scale data, especially for less-resourced languages where
curated corpora are not readily available.

Table 3.4 provides an overview of the subsets of the mC4 corpus for each language,
including their size, document count, and number of tokens.

Language Size (GB) Documents Tokens
Icelandic 7.70 2,069,293 1,121,745,925
Estonian 22.50 6,941,360 3,044,585,733
Basque 4.31 1,555,887 575,606,522
Galician 7.54 4549465 1,209,371,725
Nepali 17.10 2942785 967,304,877
Tajik 6.99 1,280,757 561,480,539

Table 3.4: Statistics for each subset of the mC4 corpus, including size in GB (uncom-
pressed text, without metadata), number of documents, and space-delimited tokens.

Wikipedia

Wikipedia is a widely used, crowdsourced online encyclopedia that provides high-
quality text for many low- and medium-resource languages. We used cleaned versions of
Wikipedia articles obtained from Wikimedia’s Hugging Face repository”, where mark-
down and unwanted sections such as references had been removed.

Language Size (MB) Documents Tokens

Galician 453.5 199,789 73,450,656
Nepali 97.2 32,5672 5,809,035
Tajik 120.0 106,185 10,220,523

Table 3.5: Statistics for each Wikipedia corpus, including size in MB (uncompressed
text, without metadata), number of documents, and space-delimited tokens.

3.3 Evaluation Datasets

To address our research questions, we fine-tune and evaluate each pre-trained LM on a
diverse benchmark of downstream tasks. These tasks include POS tagging, NER, DP,
topic classification (TC), automatic text summarization (ATS), and question answering
(QA). Table 3.6 provides an overview of the datasets, their associated tasks, and the
number of labeled examples.

We use the Universal Dependencies (UD) dataset (Nivre et al., 2016) for evaluating
the LMs on DP in Icelandic, Estonian, Basque, and Galician, as well as for POS tagging

https://huggingface.co/datasets/wikimedia/wikipedia
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in Estonian and Basque. UD is a comprehensive multilingual dataset, which, as of
version 2.14, contains 283 treebanks in 161 languages, making it particularly valuable
for low- and medium-resource languages. The treebanks are annotated with universal
POS (UPOS) tags, with some being natively annotated in the UD format and others
converted from existing treebanks with different annotation schemes to conform to UD
guidelines. We used version 2.14 of the UD dataset!”.

In addition to UD, we employ a variety of task-specific datasets to evaluate down-
stream performance in each language. These include datasets for POS (MIM-GOLD
for Icelandic and CTG for Galician), NER (e.g., MIM-GOLD-NER for Icelandic and
EstNER-New for Estonian), TC (SIB-200 for Nepali and Tajik), and ATS (IceSum for
Icelandic). Dataset sizes are reported as the number of labeled examples.

Language Task Dataset Size
Icelandic  POS MIM-GOLD 1,000,218
Icelandic NER MIM-GOLD-NER 1,000,231
Icelandic DP IcePaHC-UD 983,668
Icelandic  ATS IceSum 1,000
[celandic QA RUQuAD 10,530
Estonian POS EDT-UD 437,769
Estonian NER EstNER-New 184,638
Estonian DP EDT-UD 437,769
Basque POS BDT-UD 121,443
Basque NER EIEC 59,759
Basque DP BDT-UD 121,443
Galician  POS CTG 1,196,734
Galician NER NERC 202,334
Galician  DP Galician-TreeGal-UD 23,479
Nepali POS NNC-CS 1,123,528
Nepali NER EverestNER 308,353
Nepali TC  SIB-200 1,004
Tajik NER WikiANN 300
Tajik TC  SIB-200 1,004

Table 3.6: Languages, tasks, and datasets in the evaluation benchmark, including
dataset size measured in number of labeled examples.

3.3.1 Icelandic Datasets

To evaluate Icelandic LMs, we used five task-specific datasets: MIM-GOLD for POS
tagging, MIM-GOLD-NER for NER, IcePaHC-UD for DP, IceSum for extractive ATS,
and RUQuAD for QA. Below, we provide descriptions of each dataset.

MIM-GOLD

MIM-GOLD (Loftsson et al., 2010) is a subset of the IGC which has been semi-
automatically labeled with POS tags. We used version 21.05 of the corpus!!, which

10UD v2.14: http://hdl.handle.net/11234/1-5502
HMIM-GOLD: http://hdl.handle.net/20.500.12537/114
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includes 1,000,218 tokens across 58,412 sentences, annotated with a total of 557 distinct
tags.

MIM-GOLD-NER

MIM-GOLD-NER (Ingolfsdottir et al., 2020) is a version of MIM-GOLD that has been
semi-automatically labeled with named entities in the IOB2 format. In this tagging
scheme, each token is assigned a label indicating whether it is part of a named entity
and, if so, its position within the entity. The first token of an entity is tagged with
a B- prefix (beginning), while subsequent tokens of the same entity are tagged with
I- (inside). Tokens that do not belong to any named entity are labeled O (outside).
The dataset includes eight entity types: person, location, organization, miscellaneous,
date, time, money, and percent. We used version 2.0 of MIM-GOLD-NER!?, which
contains a total of 47,764 named entities.

Icelandic Parsed Historical Corpus (IcePaHC)

IcePaHC (Rognvaldsson et al., 2012) consists of one million tokens, from texts span-
ning the 12! century to modern times, that have been manually annotated with con-
stituents, which are words or groups of words that function as a single unit within a
syntactic tree, such as noun phrases (NP), verb phrases (VP), or clauses. We used a
version of IcePaHC which has been converted to the UD format'? (Arnardottir et al.,
2020).

IceSum

IceSum' (Dadason et al., 2021) is a dataset of 1,000 news articles in Icelandic which
have been manually annotated with extractive summaries. The articles, published
between 1998 and 2019, consist of four categories: local news (50%), world news (26%),
business (14%) and sports news (10%). The average article length is 302 words, while
the summaries average 102 words.

Reykjavik University Question-Answering Dataset (RUQuAD)

RUQuAD?® (Skarphédinsson et al., 2023) is dataset that contains approximately 20,800
questions and 12,700 answers, with some questions having one or more answers, and
others having none. The dataset was constructed using spurningar.is, a crowdsourcing
app where users generated and reviewed questions, selected paragraphs with the correct
answer through an online search, and identified the exact answer spans. RUQuAD
contains 10,530 distinct questions that have one or more answer.

3.3.2 Estonian Datasets

To evaluate Estonian LMs, we used two datasets: EDT-UD for POS tagging and DP,
and EstNER-New for NER. Below, we describe each dataset.

12MIM-GOLD-NER: http://hdl.handle.net/20.500.12537/230

3https://universaldependencies.org/treebanks/is_icepahc/index.html

4]ceSum: http://hdl.handle.net/20.500.12537/285

I5RUQuAD: http://hdl.handle.net/20.500.12537/310 and http://hdl.handle.net/20.50
0.12537/311
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Estonian Dependency Treebank (EDT)

The EDT (Muischnek et al., 2014) consists of a subset of the Estonian Reference Cor-
pus which has been annotated with syntactic dependencies. The texts in the EDT
span various genres, including newspaper texts, fiction, and scientific texts. For our
experiments, we used the UD version of EDT (EDT-UD)'® (Muischnek et al., 2016),
which contains 438,245 tokens across 30,968 sentences, annotated with syntactic de-
pendencies and 16 distinct UPOS tags.

EstNER-New

The New EstNER corpus!” (Sirts, 2023) contains 139,674 tokens across 8,773 sentences
that have been manually labeled with named entities. The dataset uses the IOB2
annotation format and includes 11 named entity types: person, organization, location,
geopolitical entity, title, product, event, date, time, percentage, and monetary value.

EstNER was annotated with nested entities, where “New York City Government”
might be annotated as an organization, while “New York” would be labeled as a geopo-
litical entity. The nesting was limited to three levels of depth. The annotation was
performed by 12 native Estonian speakers, with each token receiving three indepen-
dent labels. For the outermost entities, the annotators obtained a substantial inter-
agreement rate of 0.65 using Fleiss” Kappa (Fleiss, 1971).

For our experiments, we flattened the dataset and used only the outermost entity
annotations, resulting in a total of 9,632 named entities. This allowed us to evaluate
the EstNER-New dataset in the same manner as the other NER datasets, which do
not feature nested annotations.

3.3.3 Basque Datasets

To evaluate Basque LMs, we used two datasets: BDT-UD for POS tagging and DP,
and EIEC for NER. Below, we provide a description of each dataset.

Basque Dependency Treebank (BDT)

The BDT (Aduriz et al., 2003) was initially composed of approximately 50,000 words
from newspaper texts and other genres, manually annotated with syntactic dependen-
cies. For our experiments, we used the UD version of the BDT (BDT-UD)!® (Aranzabe
et al., 2015), which has been expanded to include 121,443 tokens across 8,993 sentences.
Additionally, BDT-UD has been annotated with morphosyntactic features, with each
token assigned one of 17 distinct UPOS tags.

Basque Named Entities Corpus (EIEC)

The EIEC' (Alegria et al., 2004) consists of newswire articles that have been semi-
automatically annotated with named entities. This corpus contains 59,759 tokens
across 3,394 sentences, annotated in the IOB2 format with four named entity types:
person, location, organization, and other.

8 EDT: https://universaldependencies.org/treebanks/et_edt/index.html
I"EstNER-New: https://github.com/TartuNLP/EstNER_new

BBDT-UD: https://universaldependencies.org/treebanks/eu_bdt/index.html
YEIEC: http://ixa2.si.ehu.eus/eiec/eiec_v1.0.tgz
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3.3.4 Galician Datasets

To evaluate Galician LMs, we used three datasets: CTG-POS for POS tagging, NERC
for NER, and Galician-TreeGal for DP. Descriptions of each dataset are provided
below.

Galician Technical Corpus (CTG)

The CTG (Agerri et al., 2018b) contains 18 million words drawn from technical do-
mains such as computing, economics, and medical texts. For POS tagging, we used
a manually annotated subset of this corpus, CTG-POS. Specifically, we used version
1.1 of the CTG-POS?, which consists of 1,196,734 tokens annotated with 183 distinct
POS tags.

SLI NERC Galician Gold Corpus (NERC)

The SLI NERC Galician Gold Corpus?! (Agerri et al., 2018b) was created by manually
annotating a subset of the CTG corpus with named entities. This dataset consists of
texts from the news and ecology/environmental sciences domains. It includes 8,467
named entities annotated across 8,137 sentences and 202,334 tokens. The annotation
follows the IOB2 format, with four entity types: person, organization, location, and
miscellaneous.

Galician-TreeGal

The Galician-TreeGal corpus?? (Garcia et al., 2018) consists of 23,479 tokens across
1,000 sentences of newspaper text. The dataset has been semi-automatically annotated
with syntactic dependencies in the UD format.

3.3.5 Nepali Datasets

To evaluate Nepali LMs, we used two monolingual datasets: NNC-CS for POS tagging
and EverestNER for NER. These datasets are described below. Additionally, Nepali
LMs were evaluated on the multilingual SIB-200 dataset for TC, as described in Section
3.3.6.

Nepali National Corpus (NNC)

The NNC?* (Yadava et al., 2008) contains 14 million words of written and spoken
Nepali, drawn from genres such as news articles, essays, and fiction. All texts in the
NNC were originally published in 1991. A curated subset of this corpus, referred to
as the NNC Core Sample (NNC-CS), consists of approximately 800,000 words and is
designed to be balanced and representative.

The NNC-CS underwent POS tagging using a bootstrap approach. Initially, around
300,000 tokens were manually annotated, which were then used to train a hybrid rule-
based and probabilistic tagger. This tagger was subsequently used to annotate the

20CTG-POS: https://github.com/xavier-gz/SLI_Galician_Corpora
2INERC: https://github.com/xavier-gz/SLI_Galician_Corpora
22(Galician-TreeGal: https://universaldependencies.org/treebanks/gl_treegal/index.htm

2NNC: https://catalogue.elra.info/en-us/repository/browse/ELRA-WOO76/
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remaining corpus. The authors report an accuracy of 93% for the tagger. However,
the published version of the corpus does not differentiate between manually and au-
tomatically tagged texts. The final NNC-CS dataset includes 1,123,528 tokens across
59,668 sentences, annotated with 116 distinct POS tags.

EverestNER

EverestNER?* (Niraula and Chapagain, 2022) consists of 996 Nepali news articles
that have been manually annotated with named entities. Two annotators labeled the
dataset in the IOB2 format using five entity categories: person, location, organization,
event, and date. The inter-annotator agreement rate was substantial at 0.74, measured
using Cohen’s Kappa (McHugh, 2012). A total of 24,587 entities were annotated across
15,798 sentences and 308,353 tokens.

3.3.6 Multilingual Datasets

We included two multilingual datasets in our evaluation: SIB-200, used to evaluate
Nepali and Tajik on TC, and WikiANN, used to evaluate Tajik on NER. Descriptions
of these datasets are provided below.

SIB-200

SIB-200% (Adelani et al., 2024) is a topic classification dataset derived from the
FLORES-200 corpus (NLLB Team et al., 2022). The FLORES-200 corpus consists
of 3,001 sentences, originally sampled from English-language Wikimedia projects and
professionally translated into 203 additional languages. To create SIB-200, 1,004 sen-
tences were sampled from FLORES-200, and each English sentence was manually
annotated with one of seven topic labels: science/technology, travel, politics, sports,
health, entertainment, or geography. These labels were then propagated to all trans-
lated languages. The distribution of topic classes in SIB-200 is imbalanced, with
category sizes ranging from 83 to 252 sentences.

WikiANN

WikiANN (Pan et al., 2017) is a multilingual corpus for NER, consisting of sentences
from 282 languages extracted from Wikipedia. The sentences were automatically an-
notated with named entities using the IOB2 format, with three entity types: person,
location, and organization. For our experiments, we used a version of the dataset
published by Rahimi et al. (2019), which provides a balanced subset of the original
WikiANN corpus?.

3.4 Other Datasets

Below, we describe additional datasets and resources that were used for our experi-
ments.

2 EverestNER: https://github.com/nowalab/everest-ner
258IB-200: https://huggingface.co/datasets/Davlan/sib200
26WikiANN: https://huggingface.co/datasets/unimelb-nlp/wikiann
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Stop Word Lists

Stop words are commonly occurring words, such as function words (e.g., articles, pro-
nouns, and prepositions), that primarily serve grammatical functions rather than car-
rying significant meaning on their own. Their role in NLP depends on the task at
hand; for example, they are often filtered out in search engines to reduce noise, while
they may be retained as useful features in tasks like language classification. In our ex-
periments, stop word lists were used for text quality filtering (see Section 4.3), where
we investigated their effectiveness as indicators of high-quality text in web-crawled
corpora. We obtained stop word lists for each language from the following publicly
available sources:

e Icelandic: We used a list of stop words prepared by Atli Jasonarson?®’, which
contains 590 stop words extracted from the Database of Icelandic Morphology
(DIM) (Bjarnadottir et al., 2019).

e Estonian: We used a list of stop words created by Kristel Uiboaed and dis-
tributed on the University of Tartu data repository?®. This list contains 5,025
unique inflectional forms representing 1,605 lemmas.

e Basque and Galician: Stop word lists were obtained from the Stopwords ISO
collection®”, containing 98 and 160 unique stop words, respectively.

e Nepali and Tajik: For these languages, we used stop word lists provided
through the NLTK library for Python® (Bird et al., 2009). These lists contain
254 and 218 stop words, respectively.

2TIcelandic stop words: https://github.com/atlijas/icelandic-stop-words
28Estonian stop words: https://datadoi.ee/handle/33/78

29Basque and Galician stop words: https://github.com/stopwords-iso
39Nepali and Tajik stop words: https://www.nltk.org/nltk_data/
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Chapter 4

Text Filtering

Early Transformer-based language models (LMs), such as GPT (Radford et al., 2018)
and BERT (Devlin et al., 2019), were typically pre-trained on curated corpora consist-
ing of up to several billion words. It is now well established that increasing the size
of pre-training corpora can significantly improve the downstream performance of such
models (Liu et al., 2019). Consequently, it has become common practice to supplement
high-quality pre-training corpora with, or even rely exclusively on, documents scraped
from online sources (Brown et al., 2020; Raffel et al., 2020; Xue et al., 2021; Wu et al.,
2021). Online texts are often obtained from large datasets, such as those published by
Common Crawl (CC).! For instance, the GPT-3 model was pre-trained on 499 billion
tokens, 410 billion of which were obtained from CC (Brown et al., 2020), while the T5
model was pre-trained on one trillion tokens from CC (Raffel et al., 2020).

Although web-crawled corpora offer researchers the opportunity to dramatically
increase the size of their datasets, they are typically quite noisy. These corpora often
contain significant amounts of low-quality text, such as HTML tags, JavaScript code,
navigation menus, headers, footers, boilerplate text, text in unwanted languages, or
text that is otherwise incoherent or incomplete. An audit of 205 web-crawled corpora
revealed that the ratio of usable text was below 50% in 87 of them, with 15 corpora
containing no usable text at all (Kreutzer et al., 2022). The exact definition of “noisy”
or “low-quality” text varies and is subject to interpretation. In the context of LM pre-
training, text quality can be understood in terms of its impact on model learning. High-
quality text helps models learn useful syntactic and semantic information that transfers
well to downstream tasks, while low-quality text may contribute noise to the learning
process or even degrade model performance. It has been repeatedly demonstrated that
filtering web-crawled corpora can significantly improve the downstream performance
of pre-trained LMs (Brown et al., 2020; Raffel et al., 2020; Muennighoff et al., 2023).

Filtering is typically performed using heuristic rules or classifiers. In the rule-based
approach, documents are filtered out if certain metrics, such as mean word length or
stop word ratio, fall outside a predefined acceptable range (Rae et al., 2022). There
is no standardized approach to rule-based text quality filtering: some corpora are
filtered using only a single rule (Wenzek et al., 2020), while others combine up to 15
distinct rules (Ohman et al., 2023). As the size of the ruleset increases, it can become
more difficult to determine the impact that individual rules might have on the overall
effectiveness of the filtering process. Rules that may be effective individually may
become redundant as more rules are added. Conversely, a rule that appears ineffective

https://commoncrawl.org/about/
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on its own may become more useful when applied in conjunction with others. The
approaches to selecting the thresholds for the rules also vary significantly. Thresholds
are often chosen based on linguistic intuition (Rae et al., 2022; Laurengon et al., 2022;
Ohman et al., 2023) or statistical analysis, such as having each rule discard a fixed
percentage of documents in the corpus (Nguyen et al., 2023; Young et al., 2024).

Alternatively, classifiers can be used to label or score documents based on their
quality. This includes supervised classifiers, trained on a manually labeled text qual-
ity dataset (Wu et al., 2021), and weakly supervised classifiers, trained to distinguish
between documents from a high-quality, curated corpus and a noisy, web-crawled cor-
pus as a proxy for text quality (Brown et al., 2020). The effectiveness of text quality
classifiers depends on the choice of features, parameters, training data, and model
type. The parameters may be chosen through statistical analysis, such as aligning the
distribution of the filtered corpus with that of a known high-quality corpus (Brown
et al., 2020).

In either case, the quality of the chosen thresholds (in the case of rules) or pa-
rameters (in the case of classifiers) can only be assessed through empirical validation.
This may involve manually labeling a representative sample for evaluation (Wu et al.,
2021), or comparing the downstream performance of LMs pre-trained on filtered and
unfiltered versions of the corpus (Raffel et al., 2020). Although text filtering is stan-
dard practice when relying on web-crawled text, detailed, fine-grained evaluations of
individual filters remain relatively uncommon. When evaluations are performed, they
often measure the overall impact of text filters, which often comprise multiple heuris-
tic rules or text quality classifiers (e.g., the work by Raffel et al. (2020); Rae et al.
(2022)), rather than evaluating the impact of each individual filter. Furthermore, de-
tailed information on training data and experimental settings for text quality classifiers
is sometimes omitted (e.g., the work by Wu et al. (2021)). However, some recent work
has begun to address this gap, such as Penedo et al. (2024), which systematically
examines individual filtering and deduplication choices for English.

In this chapter, we evaluate the effectiveness of both rule-based and classifier-based
approaches to text quality filtering. We begin by describing TQ-IS, a new, manually
annotated text quality dataset for Icelandic. To the best of our knowledge, TQ-IS is
the first publicly available dataset designed specifically for document-level text quality
classification, enabling both direct training and evaluation of document-level classifiers.
Using TQ-IS, we evaluate the effectiveness of numerous heuristic rules commonly used
for text filtering and three text quality classifiers based on previously described ap-
proaches. Additionally, we propose a novel text quality classifier by reframing the task
as an outlier detection problem, with low-quality documents as outliers. We evaluate
three types of clustering and outlier detection algorithms on TQ-IS. The main benefit
of these algorithms is their unsupervised nature, explainability, and the fact that only
few parameters, none of which require language expertise, need to be tuned. Finally,
we use the best performing method to filter web-crawled corpora in six low to medium-
resource languages, and evaluate how the filtering step impacts the downstream per-
formance of pre-trained LMs for those languages. This experiment aims to answer our
first research question: RQ1: How do different text filtering techniques impact
the downstream performance of LMs pre-trained on web-crawled corpora
for low- and medium-resource languages?

Filtering can be applied at various levels of granularity, from tokens and sentences
to paragraphs and entire documents. While more granular filtering can potentially
preserve more usable text, it introduces several challenges. Sentence- and paragraph-
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level filtering depends on accurate segmentation, which is difficult to achieve on noisy,
web-crawled text and may lead to compounding errors. Line-level filtering is inher-
ently ambiguous, as lines in HTML documents represent arbitrary text spans, ranging
from single tokens to entire documents. More crucially, granular filtering may cause
documents to become less coherent if high-quality text is misclassified and discarded.
Since our primary goal is to systematically compare different filtering techniques, we
focus on document-level filtering, which provides a clear and unambiguous basis for
evaluation while avoiding the complexities of finer-grained methods.

4.1 Related Work

As mentioned above, noisy text in pre-training corpora can degrade the quality of
pre-trained LMs. However, there is no clear definition of what precisely constitutes
noisy or low-quality text, nor how noisy a document must be to negatively impact
downstream performance. For example, documents containing JavaScript code are
often considered to be undesirable and specifically targeted for removal using rule-based
filters (Raffel et al., 2020). On the other hand, Muennighoff et al. (2023) find that
augmenting a monolingual pre-training corpus with Python code, thereby doubling its
size, can lead to improved results on downstream tasks. Furthermore, LMs that have
been pre-trained on noisy, web-crawled corpora can sometimes outperform comparable
models pre-trained on high-quality, curated corpora of similar size, as demonstrated
by Artetxe et al. (2022). Despite their noisiness, web-crawled corpora may still be
more balanced and representative than curated corpora with regard to downstream
datasets. Additionally, some level of noise in the training data can have a regularizing
effect during pre-training, which may improve the quality of the model.

Text Quality Corpora

Artetxe et al. (2022) evaluated the quality of documents from EusCrawl and the Basque
subsets of mC4 (Xue et al., 2021) and CC100 (Conneau et al., 2020), sampling 100 doc-
uments from each. Annotators assessed documents based on five criteria, labeling each
as correct or problematic: language correctness (whether the document is in Basque),
language variety (whether it is written in standard and correct Basque), coherence,
noise, and content (whether the text appears human-generated and meaningful). Each
document was then categorized as high, medium, or low quality. Their findings in-
dicate that EusCrawl has, by far, the highest quality among the three corpora, with
66.3% of documents rated as high quality, compared to 31.0% for mC4 and 19.9% for
CC100. However, the authors conclude that corpus size and diversity play a more sig-
nificant role than text quality in downstream performance. A RoBERTa-Base model
pre-trained on CC100 achieved an average score of 67.9 on a benchmark of Basque
NLP tasks, outperforming models trained on mC4 (67.2) and EusCrawl (66.5). The
annotated text quality dataset was not published.

Kreutzer et al. (2022) manually audited the quality of 205 language-specific web-
crawled corpora, including 106 parallel corpora and 99 monolingual subsets of OSCAR
(Ortiz Suérez et al., 2020) and mC4, both derived from CC. A total of 51 volunteer
annotators assessed 100 randomly sampled sentences from each corpus, categorizing
them as non-linguistic (NL), in the wrong language (WL), correct but short (CS),
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correct but boilerplate or low quality (CB), or correct and natural (CC). Additionally,
parallel sentences could be labeled as incorrectly translated (X).

The average sentence length in the monolingual corpora was 28.4 space-delimited
tokens, with a median of 19.0. Table 4.1 presents an excerpt from the annotated
dataset, illustrating examples of different quality labels.

Language  Text Label

Os pecados paganse e o Pontevedra cometeu o mais
grave de todos eles, o de non aproveitar as oportu-
nidades que tivo fronte a un Atlético Baleares que se
conformaba co empate e atopouse cun "agasallo" ines-
perado en forma dun gol na tinica ocasiéon na que pisou
ared granate en toda a segunda parte.

CC

Galician

Wer heute in die leuchtenden Augen von Sebastian
German schaut und sein von Herzen kommendes Lécheln sieht, CC
weill, was Rudy Giovannini ihm geschenkt hat.

Javanese Episode 102 Subtitle Indonesia4 bulan ago Tonton Now! WL
Malagasy =~ #ERROR! NL

ona e le feoti tagata uma i le taimi e tasi, ma ua le afaina
lea;

CC

Samoan

Table 4.1: Five randomly sampled examples from Kreutzer et al. (2022), annotated
with quality labels.

Out of the 205 corpora evaluated, the authors found that fewer than 50% of sen-
tences were usable in 87 corpora, while 15 contained no usable data at all. Although
there was generally a moderate to strong correlation between resource level and data
quality, the authors note that there were several examples of high-resource languages
with low-quality data and vice versa. This correlation varied by corpus, being strongest
for mC4 (with a Spearman rank correlation of » = 0.66) and weakest for OSCAR
(r =0.37).

van Noord et al. (2024) annotated text segments from web-crawled corpora in 11
low- and medium-resource languages to assess text quality. For each language, 200
sentences were sampled from language-specific subsets of CC100, mC4, OSCAR, and
MaCoCu (Banon et al., 2022). Unlike the other three corpora, which were derived
from CC, MaCoCu was constructed by directly crawling top-level domains associated
with these languages.

For each language, two expert annotators evaluated each segment and assigned
one of five labels: non-linguistic or in the wrong language (WL), no running text
(NR), partially running text (PR), running text with minor quality issues (RT), or
publishable text with no quality issues (PT). The annotated text segments contained
an average of 31.8 space-delimited tokens, with a median of 19.0, indicating that most
examples were approximately the length of a sentence. Table 4.2 presents examples of
annotated text.

According to the annotation results, MaCoCu had the highest proportion of high-
quality text, with 84.2% of examples containing at least 90% running text. OSCAR
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Language  Text Label

Sot mund té jeni protagonist i ndonjé sherri me part-
Albanian nerin, megjithaté pérpiquni té mos i ¢oni gjérat shumé RT
larg! Qiell interesant pér pérkthyes té pavarur.

Standard-herbergi - 2 medalstor tvibreid ram - gott ad-

Ieelandic gengi - viobygging - Badherbergi PR
Dagmar - donsk mynd af slavenska nafninu Dragomir -

i 215 Drstnt b, roting Vldmor sl
mar { merkingunni Dag-meer.

Maltese Meteogram - 5 giin - Benoni WL

Turkish new year’s around the world video WL

Table 4.2: Five randomly sampled examples from van Noord et al. (2024), annotated
with quality labels.

followed closely at 84.1%, while CC100 and mC4 had lower proportions at 79.4% and
63.7%, respectively.

To examine the impact of corpus quality on model performance, the authors con-
tinued pre-training XLM-R (Conneau et al., 2020) for 50,000 additional steps on each
corpus-language combination, training 44 models in total. Despite ranking second-to-
last in quality, CC100 achieved the highest average performance, while OSCAR, which
ranked among the highest-quality corpora, performed the worst. The authors conclude
that corpus size appears to be a stronger indicator of downstream performance than
perceived text quality.

Additionally, many datasets exist for tasks related to text quality. To evaluate tools
for text extraction and boilerplate removal, Barbaresi (2021) annotated 500 documents
in a variety of languages, identifying their main content. For filtering training data for
machine translation, Steingrimsson et al. (2023) randomly sampled 10,000 Icelandic
sentences from parallel corpora and annotated them as coherent or incoherent. Other
types of filtering are also common, such as based on toxicity. Wulczyn et al. (2017)
manually annotated 100,000 instances of personal attacks in discussions on the English-
language Wikipedia.

Although a variety of text quality datasets have been published, they generally
consist of short text segments, typically no longer than a sentence, or focus on only
a specific quality issue. To the best of our knowledge, none provide full-document
annotations suitable for directly training and evaluating general-purpose document-
level text quality classifiers.

Web-Crawled Corpora

Web-crawled corpora are often derived from existing archives of scraped websites.
Common Crawl (CC) maintains a massive repository of data crawled from more than
25 billion websites. Many web-crawled corpora are derived from the CC dataset, such
as the Colossal Clean Crawled Corpus (C4), which contains 745 GB of English-language
text (Raffel et al., 2020). A language classifier was used to identify and extract all
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documents within the CC dataset that consist primarily of English-language text. Any
document containing the term “lorem ipsum”, curly braces, or obscene words were dis-
carded. Lines containing the word “Javascript” or not ending in terminal punctuation
marks were removed. Duplicate occurrences of three-line spans were also removed
from the corpus. This filtering step reduced the size of the corpus by approximately
88%. The authors found that filtering improved the downstream performance of the
T5 model by an average of 1.82 percentage points across an NLP benchmark.

The Multilingual Colossal Clean Crawled Corpus (mC4) is a multilingual version
of the C4 corpus, consisting of 6.3 trillion tokens in 101 languages (Xue et al., 2021).
The mC4 corpus has been lightly filtered with regard to text quality, using a language
classifier to identify the primary language of each document, discarding duplicate oc-
currences of three-line spans, and removing lines that did not end with a terminal
punctuation mark.

MassiveText is an English-language corpus consisting of 2.35 trillion tokens, created
for pre-training the Gopher LM (Rae et al., 2022). It is composed of several curated
and web-crawled corpora, including MassiveWeb, which contains 506 billion tokens
collected using a custom HTML scraper. This corpus was filtered using seven heuristic
rules, such as discarding documents if their mean word length falls outside a specified
range or if they do not contain a minimum number of unique stop words. The authors
found that this filtering results in lower validation loss when pre-training a 1.5 billion
parameter version of the Gopher model.

ROQOTS is a large, multilingual text corpus, combined from a collection of curated
and web-crawled corpora in 46 natural languages (Laurencon et al., 2022). The corpus
was filtered using seven document-level heuristic rules, including a maximum perplexity
threshold, a maximum word repetition ratio, and a minimum language classification
confidence. Fluent speakers for each language determined the thresholds for these
rules. ROOTS has been used to pre-train LMs such as BLOOM (Scao et al., 2023).

CulturaX (Nguyen et al., 2023) is a web-crawled corpus that was created by com-
bining multiple web-crawled corpora, all of which are derived from CC. It consists of
6.3 trillion tokens in 167 languages and is filtered using the same rules as ROOTS. For
each language, the authors apply a variant of the Interquartile Range (IQR) method
(Dekking et al., 2005) by considering the distribution of each metric and setting mini-
mum thresholds at the 10th percentile and maximum thresholds at the 90th percentile.
In total, about 39% of the documents were discarded using these settings.

The High Performance Language Technologies (HPLT) project? has released large-
scale monolingual and bilingual corpora covering 75 languages, totaling 5.6 trillion
tokens and 1.85 petabytes in size (de Gibert et al., 2024). The data, sourced from CC
and the Internet Archive?, was processed using language classification, fluency-based
filtering, and document-level deduplication. To assess fluency, the authors trained
language-specific, word-level 7-gram LMs on up to 200,000 sentences from non-web-
crawled sources. More recent releases have expanded significantly, now consisting of
4.5 petabytes of web-crawled text across 193 languages.* However, later versions have
replaced fluency-based filtering with heuristic rules.

2HPLT: https://hplt-project.org/
3Internet Archive: https://archive.org/
4HPLT v2.0: https://hplt-project.org/datasets/v2.0
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Perplexity-Based Filtering

Wenzek et al. (2020) proposed a method for classifying the quality of web-crawled
documents based on their perplexity. They trained a 5-gram LM on a high-quality,
subword-tokenized corpus and used it to compute perplexity values for documents in a
noisy, web-crawled corpus. Applying this approach to English and Polish web-crawled
corpora, they divided the documents into low, medium, and high-perplexity segments.
By training word embeddings on each segment and evaluating them on semantic and
syntactic similarity tasks, they observed that embedding quality degrades as perplexity
increases. This method was then used to filter monolingual web-crawled corpora in
English, Russian, Chinese, and Urdu. When evaluated on a textual entailment task,
LMs pre-trained on the filtered corpora obtained an average accuracy improvement of
3.3 percentage points over models pre-trained on Wikipedia articles.

Muennighoff et al. (2023) found that filtering documents based on perplexity leads
to similar or improved downstream performance for pre-trained LMs. In their study,
they pre-trained a GPT-2 model with 4.8 billion parameters on a web-crawled English-
language corpus. By discarding 75% of the documents with the highest perplexity, they
achieved an average improvement of 3.1 percentage points across a benchmark of NLP
tasks. Their results suggest that perplexity-based filtering offers greater benefits for
noisier corpora and that its effectiveness increases as the model size grows.

Classifier-Based Filtering

Brown et al. (2020) described a logistic regression classifier with bag-of-words represen-
tations to distinguish between documents from curated corpora and noisy web-crawled
corpora. For each document in the web-crawled corpus, the classifier estimates the
probability that it originated from a curated corpus. This approach assumes that a
lower probability indicates lower quality. To filter the web-crawled corpus, the authors
applied a re-sampling technique based on a probability distribution that heavily favors
high-probability documents but still includes a small number of out-of-distribution
documents. When applied to a CC dataset of approximately one trillion words, this
filtering technique led to around 99% of documents being discarded. The authors did
not evaluate the accuracy of the classifier or measure its impact on downstream tasks.

Wu et al. (2021) described a pre-trained LM fine-tuned on a dataset comprising
articles labeled as high-quality, low-quality, or advertisements. This model filters out
low-quality documents and advertisements from a large web-crawled corpus. After
manually reviewing a sample of documents labeled as advertisements (accounting for
half of the discarded documents), the authors reported that less than 2% are false
positives.

Young et al. (2024) combined heuristic rules, classifiers, and unsupervised semantic
clustering to filter a large web-crawled corpus consisting of documents in Chinese and
English. The rules discard documents based on length, ratio of special symbols, ratio
of short, incomplete, or consecutive sentences, and other metrics. The thresholds for
these rules were determined using the IQR method. The classifiers filter documents
based on perplexity, quality, coherence, and safety scores. Finally, documents were
grouped by semantic similarity, and each cluster was annotated with a quality label.
The effectiveness of these filters was not reported.
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4.2 Icelandic Text Quality Dataset

In this section, we present TQ-IS, a new text quality dataset for Icelandic, designed
to train and evaluate text quality classifiers. It consists of 2,000 documents sampled
from three web-crawled corpora: IC3 (see Section 3.2.1), ICC (see Section 3.2.1), and
the Icelandic subset of mC4. The source corpora have primarily been filtered using
language classifiers and by enforcing a minimum token or character count, but have
otherwise undergone minimal filtering with regard to text quality. Each document in
TQ-IS contains between 50 and 500 space-delimited tokens. The dataset has undergone
a fine-grained analysis identifying and labeling low-quality text spans.® Each document
has been labeled as “low quality” or “high quality” depending on the proportion of low-
quality text it contains, with the two categories being equally represented. We release
the TQ-IS dataset with an open license.®

4.2.1 Annotation Guidelines

There is no precise definition of what constitutes a high- or low-quality document for
pre-training LMs, beyond the impact it may have on the model during training. To
create TQ-IS, we focused on documents that were clear examples of either category. A
high-quality document primarily consists of running text composed of full, grammati-
cally correct sentences that are connected in a meaningful and coherent way. The text
should be properly capitalized and punctuated, with minimal errors. In contrast, low-
quality documents are disjointed, incoherent, error-prone, highly repetitive, or largely
consist of foreign language text, non-running text, or non-linguistic data.
We classified the following categories of text as low quality:

e Foreign text: Text where the primary language is not Icelandic.

e Non-standard spelling: Icelandic text that does not conform to modern stan-
dards of spelling or grammar.

e Corrupted text: Icelandic text that contains character encoding errors (e.g.,
“Reykjav??k”), HTML character entities (e.g., “&quot;”), soft hyphens, and es-
caped characters (e.g., “\n” and “\u266¢”).

e Run-on text: Icelandic text that contains a large number of run-on sentences
or words.”

e OCR text: Digitized Icelandic text that contains a large number of errors and
flaws caused by the optical character recognition (OCR) process (e.g., misrecog-
nized characters or text columns appearing out of order).

e Non-linguistic text: Text with no apparent meaning (e.g., seemingly random
sequences of symbols and numbers).

e Incoherent text: An apparently meaningless sequence of Icelandic words.

e Code: Text that consists primarily of code, such as HTML or JavaScript.

5This work was carried out solely by the author of this thesis.

Shttps://github.com/jonfd/tq-is

7A run-on sentence occurs when two independent clauses run together without proper punctuation
or appropriate conjunctions.
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e Non-content text: Icelandic text that does not contribute to the main subject
of the document (e.g., boilerplate text, headers, footers, metadata, and naviga-
tional elements).

e Non-running text: Icelandic text that is relevant to the main subject of the
document but is not in the form of full, grammatically structured sentences or
breaks the flow of the document (e.g., lists, bullet points, tabulated data, and
image captions).

e Fragmented text: Icelandic text that lacks flow or continuity (e.g., a list of
headlines from news article or a sequence of short, truncated previews from
unrelated blog posts).

e Low-quality translations: Text that has been poorly translated into Icelandic.

e Repetitive text: Icelandic text that has occurred elsewhere in the document.

These categories are intended to identify text that could potentially degrade the
quality of monolingual pre-trained LMs. Due to the fine-grained labels, specific cate-
gories may be excluded for tasks where the definition of low-quality text might differ.

We manually identified low-quality text spans in each document and labeled them
according to the categories listed above. Documents were classified as low quality if at
least one-third of the text consisted of low-quality spans, and as high quality if 10%
or less was low-quality text. Our analysis revealed that documents in TQ-IS are less
ambiguous than initially suspected. We found that 93% of the high-quality documents
contain no low-quality text whatsoever, while 80% of low-quality documents consist of
text where at least 90% is of low quality.

4.3 Rule-Based Filtering

In this section, we give an overview of 13 different heuristic rules that can be used
to filter web-crawled corpora and evaluate them on the TQ-IS dataset. For the best-
performing ruleset, we compare the results obtained using the optimal threshold values
to those obtained using the IQR method.

4.3.1 Rules

We describe 12 document-level rules that were used to filter the ROOTS and Mas-
siveWeb corpora and propose one additional rule based on our analysis of low-quality
documents in the TQ-IS dataset.

4.3.1.1 ROOTS

In our experiments, we evaluated several rules used to filter the ROOTS corpus. We
omitted one rule that discards documents containing too many sexually explicit words,
as such word lists are not readily available for all languages. We also excluded a rule
that discards documents based on word count, as documents in TQ-IS are already
limited to between 50 and 500 space-delimited tokens.
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Perplexity A LM is trained on a high-quality corpus. This model is then used
to calculate the perplexity score of a document, estimating how likely it is that the
model could generate the same text. Higher perplexity indicates less predictable text.
Therefore, it is assumed that low-quality documents will be difficult to predict and will
have a high perplexity value. Consequently, documents with a perplexity score above
a certain threshold are considered to be of low quality and are discarded.

Character Repetition Ratio This rule targets documents with a high proportion
of repeated character n-grams, indicative of automatically generated text or text-based
visuals (e.g., log files or ASCII art). This ratio is calculated as the number of frequently
occurring character n-grams divided by the total number of character n-grams. Docu-
ments with a character repetition ratio exceeding a maximum threshold are discarded.

Word Repetition Ratio Similarly, the word repetition ratio of a document is calcu-
lated by dividing the number of frequently repeated word n-grams by the total number
of word n-grams. A high ratio may suggest that a document contains a large amount
of automatically generated text, spam, or content intended for search engine optimiza-
tion (e.g., keywords that are repeated to increase search rankings). Documents with a
high word repetition ratio are discarded.

Special Character Ratio Documents with a large proportion of non-alphabetic
characters, such as emojis, symbols, digits, and punctuation marks, may be corrupted
(e.g., due to incorrect character encoding) or otherwise contain a limited amount of
natural language text. Documents with a special character ratio exceeding a maximum
threshold are discarded.

Stop Word Ratio In the context of text quality filtering, stop words generally con-
sist of common function words, i.e., words that serve a syntactically and grammatically
important purpose but lack significant meaning on their own. This generally includes
word classes such as conjunctions, prepositions, pronouns, and articles. Documents
with a very low ratio of stop words are unlikely to contain coherent text in a natural
language, and are discarded.

Language Confidence Score A language classifier is used to determine the primary
language of each document. If the primary language is not targeted for inclusion in the
corpus or if the confidence falls below a certain threshold, the document is discarded.

4.3.1.2 MassiveWeb

We also consider the rules that were used to filter the MassiveWeb corpus, omitting a
rule that enforces a minimum and maximum word count for documents.

Mean Word Length Documents with a mean word length falling outside the ex-
pected range may lack natural language text or be malformed (e.g., containing poorly
digitized text where spaces have been frequently inserted or removed). Only documents
with a mean word length within the specified range are retained.
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Symbol to Word Ratio A high ratio of hashtags or ellipses to words may suggest
that documents largely consist of keywords or truncated text. If this ratio exceeds a
maximum threshold, the document is discarded.

Initial Bullet Point Ratio Documents with a high proportion of lines starting
with bullet points are likely to consist of itemized lists rather than running text. If
this ratio exceeds a maximum threshold, the document is discarded.

Trailing Ellipsis Ratio A high proportion of lines ending with an ellipsis may
suggest that a document contains a large amount of truncated text. Documents for
which this ratio exceeds a maximum threshold are discarded.

Alphabetic Character Ratio A low ratio of tokens containing at least one alpha-
betic character within a document may suggest that the text is primarily non-linguistic.
If the ratio falls below a minimum threshold, the document is discarded.

Unique Stop Word Count If a document does not contain at least two unique
stop words, it is discarded.

4.3.1.3 Other Rules

We propose one additional rule based on observations from the TQ-IS dataset.

Mean Subword Length Subword tokenizers break out-of-vocabulary words into
sequences of known subwords (Wu et al., 2016). As a result, documents containing a
large amount of non-linguistic text, foreign words, numbers, URLs, or other uncommon
tokens tend to have shorter subwords on average. We propose a new rule for discarding
documents with a mean subword length (i.e., the average number of characters per
subword) below a minimum threshold.

4.3.2 Experimental Setup

In this section, we describe how we performed feature extraction and selected the
optimal ruleset and thresholds.

4.3.2.1 Feature Extraction

Most features were extracted in a straightforward manner, though some require addi-
tional explanation. For perplexity, we followed the method described by Wenzek et al.
(2020), where a curated, subword-tokenized corpus was used to train an n-gram LM
with the KenLLM toolkit (Heafield, 2011). In their work, a Unigram tokenizer with a
vocabulary size of 65,536 and a 5-gram LM was used. We searched for the optimal
combination of vocabulary size and n-gram order that maximized the F} score of a
perplexity-based classifier on the TQ-IS dataset. Specifically, we evaluated WordPiece
tokenizers with vocabulary sizes of 8k, 16k, and 32k and n-gram orders of 2, 3, and 4.
Using the IGC (see Section 3.2.1) as our high-quality corpus, we evaluated each model
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using stratified 10-fold cross-validation® with 10 repetitions on the TQ-IS dataset and
selected the configuration that obtained the highest Fj validation score.

Character and word repetition ratios were calculated based on the proportion of
recurring n-grams. We evaluated character n-gram orders from 2 to 20 and word n-
gram orders from 2 to 10, selecting the order that achieved the highest F} score on
the TQ-IS dataset when used in conjunction with other rules. In both cases, we found
that the choice of n-gram order has limited impact, as different orders generally yield
the same F} score, though at slightly adjusted thresholds. Based on these findings, we
calculated 5-gram word and 10-gram character repetition ratios for these features.

For language confidence scores, we used the langid.py library (Lui and Baldwin,
2012) to assign a confidence score to each document in TQ-IS. For documents for which
Icelandic is not the primary language, we set the confidence score to zero.

4.3.2.2 Threshold Optimization

Given the large search space for the full ruleset, we used forward feature selection to
identify the optimal set of rules and threshold values. Starting with an empty ruleset,
we added the rule that yielded the highest F} score on the TQ-IS dataset. We then
iteratively added the rule that provided the greatest improvement to the F score when
combined with the current ruleset, until no further improvement was possible or all
available rules had been selected. For each rule, we evaluated a range of threshold
values, beginning just before the point where the first false negative occurred (i.e., a
high-quality document misclassified as low-quality) and extending until an F score of
95% could no longer be achieved.

4.3.3 Results

In this section, we present the results of our experiments aimed at identifying the op-
timal configuration for calculating perplexity, determining the best ruleset and thresh-
old values for filtering the TQ-IS dataset, and evaluating the effectiveness of the IQR
method for selecting thresholds in heuristic rule-based filtering.

4.3.3.1 Perplexity

To identify the optimal n-gram model configuration for text quality classification,
we evaluated each n-gram model on the TQ-IS dataset using stratified 10-fold cross-
validation with 10 repetitions. A bigram model with a vocabulary size of 32k achieved
the highest average F; validation score of 94.60%, outperforming all other models by
a statistically significant margin. The average F; validation score for each model is
shown in Table 4.3.

We observed that lower-order n-gram models with higher vocabulary sizes are gen-
erally more effective for perplexity-based filtering. Although higher-order n-gram mod-
els are more expressive, they often produce lower perplexity values for foreign-language
documents, which account for approximately 40% of the low-quality documents in the
TQ-IS dataset. As a result, they are more likely to misclassify foreign-language text
as high quality.

81n our case, a stratified cross-validation means that we ensured that each fold contained approx-
imately same ratio of low-quality and high-quality documents.
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Vocab. 2-gram 3-gram 4-gram
8k 93.29% 93.89% 92.88%

16k  93.37% 93.50% 92.48%
32k 94.60% 93.89% 93.15%

Table 4.3: Average F; validation scores for each n-gram model on the TQ-IS dataset.
The best score is shown in bold; all others are statistically significantly different (paired
t-test with Holm-Bonferroni correction; p < 0.05).

In the IGC, foreign-language words are relatively rare and are typically broken down
into sequences of very short subwords, even when using large vocabularies. Although
such sequences are uncommon, they are often highly predictable, resulting in lower
perplexity values. Higher-order n-gram models, which can capture more of these rare
but predictable subword sequences, thus become less effective at distinguishing between
different languages. In contrast, lower-order models, which are constrained by a shorter
context window, are less susceptible to this issue.

Additionally, our findings indicate that larger vocabulary sizes improve an n-gram
model’s ability to identify incoherent or disjointed text by providing greater context
between adjacent words. Smaller vocabularies, on the other hand, result in words
being broken into longer sequences of shorter subwords, reducing the average context
window. For example, a bigram model with a small vocabulary size might only capture
the very end of one word and the beginning of the next. If the text is incoherent and
those two words are not connected in a meaningful way, the limited context window
might prevent this incoherence from being reflected in the document’s perplexity value.

For the best-performing model, the majority of classification errors involve low-
quality documents containing a large amount of non-running text, and high-quality
documents classified as low quality. In the case of non-running text, most errors occur
in documents containing long lists of numbers or proper names, which typically have
low perplexity values. High-quality documents that were misclassified often contain
proper names in foreign languages, though they rarely appear to be the primary cause
of the misclassifications. Beyond this, we can see no significant or consistent patterns
that contribute to classification errors.

4.3.3.2 Rule-Based Approach

When performing forward feature selection on the TQ-IS dataset, our results show that
perplexity is the single most effective feature for distinguishing between low and high-
quality documents. Evaluated individually, we found the optimal maximum perplexity
threshold to be 395.7, yielding an average Fj score of 94.60%. We observed that the
optimal perplexity threshold is relaxed significantly as more rules are added, rising
to 492.0 for the optimal ruleset. We found that the optimal Fj score is obtained by
applying a combination of six rules, leaving seven rules unused. The rules and their
overall impact are shown in Table 4.4.

When we visualize the distribution of documents in TQ-IS by feature pairs, as
shown in Figure 4.1, we observe that high-quality documents form a single, dense clus-
ter, while low-quality documents appear as outliers. Overlaying the optimal thresholds
on this plot reveals that they align precisely at the boundary that separates the dense
cluster from the outliers. An examination of the distribution of documents in the
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Metric Ratio Fj score
Perplexity 43.90%  94.60%
+ Stop word ratio 32.40%  97.33%
+ Mean subword length 41.00%  97.82%
+ Word repetition ratio 4.20%  98.11%
+ Character repetition ratio  7.00%  98.21%
+ Mean word length 5.15%  98.26%

Table 4.4: Optimal ruleset and thresholds obtained for the TQ-IS dataset using cross-
validated forward feature selection. The rules are listed in order of selection. The table
shows the Fj score of each rule when applied in conjunction with the rules above it,
and the ratio of documents that fall outside the optimal threshold for each rule. In
total, 49.65% of the documents are filtered using these rules.

Icelandic subset of the mC4 corpus reveals similar properties, with the optimal thresh-
olds for the TQ-IS dataset neatly separating the dense cluster from its outliers. This
suggests that a visual inspection of the distribution of documents may suffice to esti-
mate near-optimal threshold values for heuristic rules, without requiring a manually
annotated dataset.
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Figure 4.1: Distribution of documents in the TQ-IS dataset based on their perplexity
score and stop word ratio. The red, dashed line shows the optimal perplexity and stop
word ratio thresholds found using forward feature selection.

Our findings on text quality filtering for Icelandic can be contextualized alongside
recent large-scale filtering efforts for English web data, such as the FineWeb study
(Penedo et al., 2024). The authors of FineWeb applied numerous heuristic rules from
the MassiveWeb and C4 rulesets (see Sections 4.3.1.2 and 4.1), along with additional
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rules of their own design, to improve the quality of a massive English-language cor-
pus derived from CC. While both studies focus on rule-based filtering, our experiment
involved finding an optimal ruleset and corresponding threshold values using a manu-
ally annotated dataset, whereas FineWeb evaluated the effectiveness of heuristic rules
based on their impact on downstream performance, applying fixed thresholds.

FineWeb evaluated several rules individually and found that most provided modest
improvements, with larger rulesets yielding more significant benefits. In contrast, our
results showed that the choice of threshold values is crucial and requires optimization,
that optimal thresholds differ depending on the ruleset, and that rules which are
effective in isolation may become redundant when combined with others. Notably,
the three most effective rules in our study (perplexity, stop word ratio, and mean
subword length) were not included in FineWeb’s filtering pipeline. While FineWeb
already demonstrates significant benefits from rule-based filtering, our findings suggest
that refining rule selection and optimizing threshold values could further improve the
effectiveness of their filtering approach, potentially allowing for more efficient filtering
with fewer, more targeted rules.

4.3.3.3 Interquartile Range

We also evaluated the IQR method for selecting minimum and maximum thresholds,
as described by Nguyen et al. (2023) (see Section 4.1). In this approach, all thresholds
are configured to discard the same proportion of documents. For example, we might
set the maximum thresholds (e.g., for perplexity and word repetition ratio) to the 90th
percentile, and minimum thresholds (e.g., for stop word ratio and mean word length)
to the 10th percentile. For the six rules shown in Table 4.4, this results in an F} score
of 80.75%, which is far below the score obtained with the optimal thresholds.

Under optimal settings, between 4.2% and 43.9% of documents fall outside the
acceptable range for each rule. Setting a uniform threshold somewhere in between leads
to poor overall results. Having each rule discard the same proportion of documents
results in some rules being underutilized (e.g., perplexity and mean subword length)
and others being applied much too aggressively (e.g., word repetition ratio). Therefore,
we conclude that the IQR method is not an ideal approach for approximating optimal
thresholds for text quality filtering.

4.4 Classifier-Based Filtering

In this section, we evaluate several classifier-based approaches for text quality filtering
using the TQ-IS dataset. We consider four types of classifiers: a perplexity-based
classifier, a supervised classifier trained on labeled data, a weakly supervised classifier,
trained to discern between documents from curated and web-crawled corpora, and a
novel, unsupervised classifier based on clustering and outlier detection algorithms.

4.4.1 Classifiers

We evaluate each approach in detail, describing how documents are classified as either
low or high quality.
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4.4.1.1 Perplexity-Based Classifier

As described in Section 4.3.2.1, a typical perplexity-based filtering approach involves
calculating the perplexity of documents in a web-crawled corpus using a LM trained
on a high-quality corpus. If the perplexity of a document exceeds a predetermined
threshold, the document is considered to be of low quality and is discarded.

This method could be considered a hybrid approach. While a trained model is used
to extract the perplexity value of a document, the classification itself is performed using
a predetermined threshold, which is more common in rule-based approaches. In the
literature, this approach has been categorized both as rule-based (Laurengon et al.,
2022; Ohman et al., 2023) and as classifier-based (Young et al., 2024). For this reason,
we include perplexity-based filtering in our evaluation. We used the same feature
extraction approach as described in Section 4.3.2.1. Following the results obtained in
Section 4.3.3.1, we calculated perplexity using a bigram LM and a subword tokenizer
with a vocabulary size of 32k.

4.4.1.2 Supervised Classifier

We trained a supervised classifier to distinguish between low and high-quality docu-
ments in the TQ-IS dataset, following the approach of Wu et al. (2021). Our method
involves fine-tuning a pre-trained LM on the TQ-IS dataset. As the LM has a lim-
ited context length, we generate training samples by applying a sliding window across
each document. The classifier is trained to assign quality labels (low or high) to these
individual windows. The document-level classification is subsequently determined by
evaluating the proportion of high-quality windows within a document. A document is
classified as high quality if this proportion exceeds a threshold determined from the
training data; otherwise, it is labeled as low quality.

4.4.1.3 Weakly Supervised Classifier

We employed a weakly supervised approach inspired by Brown et al. (2020), train-
ing a classifier to distinguish between documents from a curated, high-quality corpus
and those from a noisy, web-crawled corpus. This approach falls under inaccurate
supervision, a type of weakly supervised learning where training labels are not always
ground truth for the target task (Zhou, 2017). The classifier assigns scores to unseen
documents based on the probability that they originate from the high-quality corpus.
Although this approach eliminates the need for a manually labeled training dataset,
it may prove challenging to accurately translate this probability into the appropriate
label without access to such a dataset. To enable a direct comparison to the supervised
classifier, we used the same approach as before, fine-tuning a pre-trained LM on the
dataset and generating training samples using a sliding window.

4.4.1.4 Unsupervised Classifiers

A scatter plot of feature pairs from the TQ-IS dataset, shown in Figure 4.1, reveals that
high-quality documents form a dense, well-defined cluster, while low-quality documents
are more sparsely distributed. This suggests that it may be possible to accurately
classify documents as low or high quality using unsupervised clustering or outlier
detection algorithms. We evaluated three such algorithms:
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Gaussian Mixture Model

A Gaussian Mixture Model (GMM) is a probabilistic approach used to model a dataset
as a combination of several Gaussian distributions. Each distribution is characterized
by parameters such as means, covariances, and mixture weights. It can be applied as a
clustering algorithm under the assumption that each Gaussian distribution corresponds
to a distinct cluster. It provides a soft clustering approach, meaning it can be fitted
to one dataset and then used to probabilistically assign each data point in another
dataset to the resulting clusters.

One-Class Support Vector Machine

A One-Class Support Vector Machine (OCSVM) (Schélkopf et al., 2001) is an outlier
detection algorithm that maps data into a high-dimensional feature space using a kernel
function. Then, it finds the smallest possible boundary that encloses the densest region
of the data while maximizing the distance between the boundary and the origin of the
feature space. Data points that fall outside this boundary are considered outliers.

Isolation Forest

An Isolation Forest (Liu et al., 2008) is an outlier detection algorithm that generates
a forest of binary trees by recursively and randomly splitting the dataset until all data
points have been isolated. Each data point is scored based on the average number of
splits required to isolate it. Data points with lower average scores are more likely to
be outliers under the assumption that outliers are few and different, and thus easier
to isolate.

4.4.2 Experimental Setup

In this section, we describe the configuration and evaluation process for each classifier.

4.4.2.1 Perplexity-Based Classifier

We used the same implementation as described in Section 4.4.1.1, where a bigram LM
is trained on a high-quality corpus that has been processed using a subword tokenizer
with a vocabulary size of 32k. As in Section 4.3.3.1, we evaluate the classifier using
stratified 10-fold cross-validation, determining the optimal threshold on the training
set and evaluating it on the validation set.

4.4.2.2 Supervised Classifier

We trained the supervised classifier by pre-training a TEAMS-Small model (Shen
et al., 2021) on the IGC and fine-tuning it on the TQ-IS dataset. The classifier was
evaluated with stratified 10-fold cross-validation. We generated 2,401 sliding windows
of 512 tokens with a stride of 256 tokens. Each window was labeled as low quality if
over one-third of its text consists of low-quality spans; otherwise, it was labeled as high
quality. This resulted in 1,342 low-quality windows and 1,059 high-quality windows.
For document-level classification, the quality of all windows within a document
was predicted, and the ratio of high-quality windows was computed. Documents were
classified as high quality if this ratio exceeded a predetermined threshold. The model
was fine-tuned on the training set, which was also used to select the threshold value
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that maximizes the Fj score of the classifier. This threshold was then evaluated on
the validation set.

4.4.2.3 Weakly Supervised Classifier

Building on the approach used for the supervised classifier, we fine-tuned a TEAMS-
Small LM on a balanced dataset of 50,000 high-quality documents sampled from the
IGC and 50,000 web-crawled documents from the Icelandic subset of the mC4 corpus.
Training samples were generated using the same sliding window approach, with a
window size of 512 tokens and a stride of 256 tokens, and each window was labeled
according to its source corpus.

To classify windows as low or high quality, we predicted the probability of each
window originating from the high-quality corpus. If this probability exceeded a cer-
tain threshold, the window was classified as high quality. We evaluated the weakly
supervised classifier with stratified 10-fold cross-validation, using the training set to
select thresholds for both window-level and document-level classification, optimizing
for Fj score.

4.4.2.4 Unsupervised Classifiers

For the unsupervised algorithms, we used the same features that were used for the
rule-based approach (e.g., perplexity, character repetition ratio, word repetition ratio,
etc.). We optimized the parameters of each algorithm to maximize the F} score on the
TQ-IS dataset. We used the scikit-learn library for Python (Pedregosa et al., 2011) to
implement the three clustering and outlier detection algorithms.

As OCSVM is sensitive to extreme outliers, we scaled the features using scikit-
learn’s robust scaler. For GMM, we found that trimming the training set by removing
documents with a perplexity value of 3,100 or higher yields better results than using
the robust scaler. Our experiments show that GMM models perform best when trained
on a noisy, web-crawled corpus, while OCSVM and Isolation Forest models yield better
results when trained on a high-quality corpus.

To optimize the parameters, we fit a GMM model to the Icelandic subset of the
mC4 corpus, while fitting the OCSVM and Isolation Forest models to the IGC. We
trained each model on a sample of 50,000 documents, as we found that larger training
sets did not lead to improved performance. We then created a stratified 10-fold split
of TQ-IS, using 90% of the documents for validation and 10% for testing in each fold.
We selected the parameters that obtained the highest average I} score on the training
sets, and report the average results obtained on the validation sets.

4.4.3 Results

We evaluated each of the classifiers on the TQ-IS dataset. An overview of the results
can be seen in Table 4.5.

4.4.3.1 Perplexity-Based Classifier

As shown in Section 4.3.3.1, the perplexity-based classifier obtains an average F} test
score of 94.60% when evaluated on the TQ-IS dataset.
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Classifier F| score
Supervised classifier 99.01%
Gaussian Mixture Model 98.32%
Isolation Forest 97.52%
One-Class SVM 96.40%

Perplexity-based classifier 94.60%
Weakly supervised classifier — 93.34%

Table 4.5: F} scores on the TQ-IS dataset for the classifiers. The GMM and Isolation
Forest models obtained the best results using perplexity, stop word ratio and mean
subword length as features, while OCSVM performed best using only perplexity and
stop word ratio.

4.4.3.2 Supervised Classifier

For window-level classification, we found that the supervised classifier obtained an
average F test score of 96.80% when evaluated on the TQ-IS dataset using stratified
10-fold cross-validation. For each fold, we then computed the ratio of high-quality
windows within each document in the training set. We found that a threshold of
66.67% maximized the document-level F; score on the training set, meaning that at
least two thirds of the windows within a document must be classified as high quality
for the document itself to also be classified as high quality. This is consistent with our
annotation guidelines, according to which a document is considered low quality if at
least one third of its contents are of low quality. Using this threshold, the classifier
obtains an average F) test score of 99.01%.

4.4.3.3 Weakly Supervised Classifier

We fine-tuned a TEAMS-Small model on a sample of 50,000 documents from the IGC
and 50,000 documents from the Icelandic subset of the mC4 corpus. For each window
in the TQ-IS dataset, we used this model to predict the probability of the window
text originating from the IGC. We performed stratified 10-fold cross-validation on the
TQ-IS dataset, determined the threshold values that yielded the highest F} score on
the training set, and evaluated them on the test set.

We found that the optimal threshold for window-level classification was extremely
low, with a value of 0.00113, which results in an average window-level F} test score of
88.98%. We found that the optimal threshold for classifying documents based on the
ratio of high to low-quality windows is 50%, meaning that at least half of the windows
have to be classified as high quality for the document to be labeled as high quality as
well. This results in an average document-level F test score of 94.34%.

Unlike the perplexity-based classifier, the weakly supervised classifier proves more
capable when it comes to detecting documents with fragmented text. However, it also
struggles with non-running text. This may be due to the fact that non-running text
is represented to some degree in IGC. Additionally, we find that it does not perform
as well as the perplexity-based classifier when it comes to identifying documents that
contain a large number of OCR errors.
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Figure 4.2: Average Fj scores obtained by the three clustering and outlier detection
algorithms on TQ-IS. The results show that a GMM performs very well even when
fitted only to a handful of web-crawled documents, and that OCSVM and Isolation
Forest models only require a small number of high-quality documents to be able to
effectively identify low-quality outliers.

4.4.3.4 Outlier Detection

We observed that the optimal set of features for all three clustering and outlier detec-
tion algorithms is smaller than the number of metrics used for the optimal rule-based
approach, with OCSVM using only two features. This may be explained, in part, by
the fact that the modest benefit to the F; score offered by some rules, such as word
repetition ratio (+0.29%) and special character ratio (+0.05%) (see Table 4.4), may
not make up for the cost of increasing the dimensionality of the data by adding a new
feature.

To determine the impact of the training set size on the performance of the three
models, we evaluated them on a variety of training set sizes, ranging from 100 to 30,000
documents. For each size, we sampled ten distinct training sets from the appropriate
corpus (mC4 for GMM and IGC for OCSVM and Isolation Forests) and report the
average F7 score obtained on TQ-IS.

As Figure 4.2 shows, we observe significantly diminished returns for all three meth-
ods after increasing the training set size to around 5,000 documents. Notably, the
GMM model appears to be the most robust of the three, maintaining the most sta-
ble score and exhibiting the smallest standard deviation. These results indicate that
the methods are likely to be effective even for under-resourced languages where web-
crawled text may be limited.
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4.5 Text Quality and Downstream Performance

In this section, we evaluate the impact of text quality filtering on the downstream
performance of pre-trained LMs for low and medium-resource languages. Previously,
we demonstrated that both rule-based and classifier-based filtering methods achieved
high F} scores on the TQ-IS dataset, ranging from 93.40% to 99.01%. These results
indicate strong agreement across methods. Based on these results, we selected a single
filtering approach for evaluating downstream performance.

Although the supervised classifier obtained the highest F; score on the TQ-IS
dataset, it requires manually labeled training data, which we lack for languages other
than Icelandic. In contrast, both rule-based and GMM-based classifiers can be tuned
through visual inspection of the corpus, while obtaining only slightly lower scores. For
the rule-based method, thresholds can be set at the boundaries of the high-quality
cluster (see Figure 4.1), while the parameters of the GMM classifier can be iteratively
adjusted until it accurately captures the high-quality cluster. We selected the GMM-
based approach as the single filtering approach, as it performed similarly to or better
than the rule-based method while using fewer features.

In the TQ-IS dataset, high-quality documents form a dense, elliptical cluster char-
acterized by low perplexity, high stop word ratios, and high mean subword lengths (see
Figure 4.1). Conversely, low-quality documents are sparsely distributed and appear as
outliers. These properties align well with the strengths of the GMM classifier, which
achieved an I score of 98.32% on the TQ-IS dataset. We observed similar cluster-
ing patterns across multiple languages in the mC4 corpus, suggesting that the GMM
approach is well-suited for filtering noisy, web-crawled corpora.

To evaluate the impact of text quality filtering, we trained and applied GMM-based
classifiers to the Icelandic, Estonian, Basque, Galician, Nepali, and Tajik subsets of
the mC4 corpus. For each language, we pre-trained TEAMS-Small LMs on both
filtered and unfiltered corpora and compared their downstream performance across a
benchmark of NLP tasks. Table 4.6 provides an overview of the tasks and datasets in
the evaluation benchmark.

For Icelandic, we conducted additional experiments to investigate how model size
affects sensitivity to noise. We pre-trained both TEAMS-Small and TEAMS-Base
models to determine whether larger models are more robust to noise, such as by better
distinguishing between signal and noise during pre-training, or more sensitive, po-
tentially overfitting to random noise and patterns in low-quality text. Furthermore,
we evaluated the impact of augmenting a high-quality corpus with web-crawled text,
both filtered and unfiltered, representing a more realistic scenario for languages where
curated corpora are available.

4.5.1 Experimental Setup

In this section, we describe how we trained GMM classifiers for each language and
used them to filter the mC4 corpus, as well as how we pre-trained LMs on the filtered
and unfiltered corpora.

4.5.1.1 Filtering

For each language, we trained a GMM classifier using the three features which yielded
optimal Fj scores on the TQ-IS dataset: perplexity, stop word ratio, and mean subword
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Language Task Dataset Size
Icelandic  POS MIM-GOLD 1,000,218
Icelandic NER MIM-GOLD-NER 1,000,231
Icelandic  DP UD Icelandic IcePaHC 983,668
Icelandic  ATS  IceSum 1,000
Icelandic QA RUQuAD 10,530
Estonian POS UD Estonian EDT 440,000
Estonian NER EstNER 184,638
Estonian DP UD Estonian EDT 440,000
Basque POS UD Basque BDT 121,443
Basque NER EIEC 59,759
Basque DP UD Basque BDT 121,443
Galician POS CTG 1,196,734
Galician NER NERC 202,334
Galician  DP UD Galician TreeGal 23,479
Nepali POS NNC-CS 1,123,528
Nepali NER EverestNER 308,353
Nepali TC  SIB-200 1,004
Tajik NER WikiANN 300
Tajik TC  SIB-200 1,004

Table 4.6: Languages, tasks and datasets in the evaluation benchmark, including
dataset size measured in number of labeled examples.

length. Perplexity was computed using a bigram model trained on a subword-tokenized
high-quality corpus, as detailed in Section 4.3.3.1.

The GMM classifier requires two key parameters to be configured: the number
of mixture components (i.e., clusters) and the perplexity threshold for trimming the
training dataset. These were adjusted iteratively based on visual inspection of the
resulting clusters:

Number of Components We initialized the classifier with five components and
adjusted this value iteratively. The goal was to ensure that high-quality documents
formed a single cluster. If high-quality documents were split across multiple clusters,
we reduced the number of components. Conversely, if the high-quality cluster was too
large (i.e., contained many outliers), we increased the number of components.

Perplexity Threshold We used an initial threshold of 3,000, which we adjusted to
control the size of the high-quality cluster. Increasing the thresholds expanded the
cluster, while decreasing it reduced its size. Significant changes to the threshold value
may affect the number of clusters that are present in the dataset, which may require
adjusting the number of components.

4.5.1.2 Pre-Training

We pre-trained TEAMS-Small models on the filtered and unfiltered corpora for each
language and evaluated them on a benchmark of downstream tasks. A WordPiece
tokenizer with a vocabulary size of 32k was trained separately for each corpus.
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During pre-processing of the unfiltered Nepali corpus, we identified a significant
number of Chinese-language documents. To address this, spaces were inserted around
all Chinese characters before training the tokenizer, ensuring that the vocabulary con-
sisted primarily of Nepali subwords. As the vocabulary was restricted to containing
a maximum of 1,000 single-character subwords, the proportion of Chinese-language
subwords in the final vocabulary was substantially reduced.

4.5.2 Filtering

The predictions of the GMM classifier for each language are visualized in Figure 4.3.
Across all corpora, we observed a dense cluster of documents characterized by low
perplexity, high mean subword length, and high stop word ratio, consistent with high-
quality text. In each case, the GMM classifier effectively isolated documents within this
cluster. Although we lack manually labeled text quality datasets for languages other
than Icelandic, these visualizations strongly support the hypothesis that clustering
and outlier detection algorithms are effective for text quality filtering across diverse
languages.

Further analysis revealed additional dense clusters of low-quality documents in the
Basque, Galician, Nepali, and Tajik subsets:

Basque A small, dense cluster of approximately 26,000 documents, characterized by
unusually low perplexity, stop word ratio, and mean subword length. These documents
primarily consisted of automatically generated Wikipedia articles, created from the
same template, describing cities and geographic areas. Additionally, the bigram model
used for calculating document perplexity was trained on the EusCrawl corpus, which
contains 66 million tokens from Wikipedia. As the text is highly predictable, and since
there may be some overlap with EusCrawl, each document has a very low perplexity
value. The low stop word ratio and mean subword length were due to the prevalence
of numbers and foreign place names. However, this cluster constituted only a small
fraction of the Basque corpus.

Galician Approximately 320,000 documents formed a distinct cluster with low per-
plexity, stop word ratio, and mean subword length. Most of these documents origi-
nated from an online book database, containing information such as book titles, author
names, and ISBN identifiers. However, they also included a substantial amount of mal-
formed JavaScript code.

Nepali A large cluster of around one million documents, accounting for over a third
of the corpus, characterized by extremely low stop word ratio and mean subword
length. Analysis revealed that these documents were predominantly in Chinese, sug-
gesting significant language classification issues within the mC4 corpus.

Tajik Language classification errors were particularly pronounced in the Tajik cor-
pus, where approximately 700,000 documents, or 55% of the corpus, formed a cluster
with high perplexity and low stop word ratio and mean subword length. These doc-
uments were primarily in Uzbek but misclassified as Tajik, despite having a different
alphabet, belonging to a different language family, and not being mutually intelligible.
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Figure 4.3: GMM classifier predictions for the Icelandic, Estonian, Basque, Galician,
Nepali, and Tajik subsets of the mC4 corpus. Scatter plots depict 1,000 predictions
for each language, overlaid on a hexbin plot showing document distributions based on
perplexity and mean subword length. The low-quality cluster in the Tajik corpus is
not visible, as it contains documents with perplexity values between 3,500 and 9,000.
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IS ET EU GL NE TG
Documents (M)
Unfiltered  2.07 6.94 1.56 4.55 2.94 1.28
Filtered 1.01 3.62 0.62 1.14 1.41 0.24
Remaining 48.7% 52.2% 39.9% 25.1% 48.0% 18.5%
Tokens (B)
Unfiltered  1.12 3.04 0.58 1.21 0.97 0.56
Filtered 0.64 2.00 0.29 0.67 0.61 0.13
Remaining 57.3% 65.7% 50.1% 55.0% 63.5% 23.8%
Examples (M)
Unfiltered  3.69  11.13  2.05 3.79 5.26 1.88
Filtered 1.75 6.51 0.86 1.72 1.56 0.36
Remaining 47.3% 58.5% 41.9% 454% 29.7"% 18.9%

Table 4.7: The size of the mC4 corpus subsets before and after filtering with the
GMM classifier, measured in millions of documents, billions of space-delimited tokens,
and millions of pre-training examples. Percentages indicate the proportion of data
retained post-filtering. Language codes: IS (Icelandic), ET (Estonian), EU (Basque),
GL (Galician), NE (Nepali), TG (Tajik).

Table 4.7 provides an overview of the sizes of the mC4 subsets before and after filter-
ing, measured in the number of documents, space-delimited tokens, and pre-training
examples. The proportion of high-quality text retained after filtering varies signifi-
cantly across languages, reflecting the varying degrees of noise in the unfiltered cor-
pora. For example, the Estonian corpus retained the highest proportion of high-quality
text, with 65.7% of space-delimited tokens remaining after filtering. In contrast, the
Tajik corpus had the most significant quality issues, retaining only 23.8% of tokens.

4.5.3 Results

We pre-trained LMs on both the filtered and unfiltered corpora and evaluated their
downstream performance on a benchmark of NLP tasks. As discussed in Section 3.1,
the selected languages are diverse, both with respect to language family and available
resources. The pre-training corpora range from approximately 130 million to over 3
billion space-delimited tokens in size, while the downstream datasets vary in complexity
and scale, consisting of hundreds to millions of examples.

Filtering consistently resulted in similar or improved performance across all tasks in
our evaluation. The downstream results are summarized in Table 4.8, which presents
the scores for the filtered and unfiltered models, along with the absolute and relative
changes in performance.

On average, filtering improved performance across all six languages by 0.66 per-
centage points, corresponding to a relative gain of 4.44%. However, the impact of
filtering varied significantly by task and language:

Part-Of-Speech (POS) Tagging The improvement in tagging accuracy was min-
imal, with an average increase of 0.02 percentage points, or a relative gain of 0.93%.
Statistically significant improvements were observed only for Icelandic, where accuracy
increased by 0.11 percentage points. The unfiltered models already achieved a high
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Language  Task  Unfiltered Filtered A Score Rel. Change

Icelandic ~ POS 97.00%  97.11% 0.11% 3.67%
Icelandic NER 91.38% 91.55% 0.17% 1.97%
Icelandic DP 84.95%  84.85% -0.10% -0.66%
Icelandic ATS 71.48% 72.12% 0.28% 0.99%
Icelandic QA 59.23% 59.61% 0.38% 0.93%
Icelandic  Average  80.74%  80.98%  0.17% 0.88%
Estonian POS 97.98% 98.00% 0.02% 0.99%
Estonian NER 75.23% 75.60% 0.37% 1.49%
Estonian DP 88.23%  89.03%  0.80% 6.80%
Estonian Average  87.15%  87.54%  0.40% 3.09%
Basque POS 97.05% 97.04%  -0.01% -0.34%
Basque NER 80.65%  82.47%  1.82% 9.41%
Basque DP 84.38%  84.86%  0.48% 3.07%
Basque  Average 87.36% = 88.12%  0.76% 6.04%
Galician POS 98.93% 98.91%  -0.02% -1.87%
Galician NER 86.92% 87.40% 0.48% 3.67%
Galician DP 85.95%  86.59%  0.64% 4.56%
Galician  Average  90.60% 90.97%  0.37% 3.90%
Nepali POS 96.17% 96.19% 0.02% 0.52%
Nepali NER 89.70%  90.67%  0.97% 9.42%
Nepali TC 75.78% 78.82% 3.04% 12.55%
Nepali Average  87.22% 88.56% 1.34% 10.51%
Tajik NER 78.20% 81.14% 0.94% 4.52%
Tajik TC 78.11%  80.20%  2.09% 9.55%
Tajik  Average 78.66%  80.17%  1.52% 7.10%
All Average  85.19% 85.85% 0.66% 4.44%

Table 4.8: Downstream performance of TEAMS-Small models pre-trained on filtered
and unfiltered corpora. Scores in bold indicate statistically significant differences
between the filtered and unfiltered models (paired t-test; p < 0.05).

average tagging accuracy of 97.43%, suggesting limited opportunities for improvement
without increasing the model size.

Dependency Parsing (DP) Filtering provided a modest increase in LAS scores,
with an average improvement of 0.45 percentage points, corresponding to a relative
gain of 3.22%. Statistically significant gains were observed for Estonian, Basque, and
Galician, while the Icelandic score decreased by 0.10 percentage points. This may be
due to the fact that the IcePaHC dataset contains a significant amount of historical
Icelandic text. Such text may have been discarded during filtering, exposing the model
to less historical text and negatively impacting performance on historical datasets.

Named Entity Recognition (NER) The benefit was more significant for NER,
with an average improvement of 0.79 percentage points, for a relative gain of 4.90%.
We observed a statistically significant improvement for Basque and Nepali.
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Topic Classification (TC) The most significant improvement was in topic classifi-
cation, where the average accuracy improved by 2.57 percentage points, for a relative
gain of 11.13%. Despite the small size of the SIB-200 topic classification dataset, which
consists of 1,000 examples for each language, the increase in accuracy is quite signifi-
cant. One possible interpretation of these results is that larger downstream datasets
might overcome weaknesses in pre-trained models through sheer volume of task-specific
examples, thus masking the benefits of pre-training on higher-quality data.

We observed the greatest improvements from text quality filtering on datasets
where the unfiltered models had low baseline scores. Filtering did not result in statis-
tically significant gains for tasks where the unfiltered models achieved scores of 90%
or higher. In such cases, the TEAMS-Small models may be more constrained by their
size than by the quality of the pre-training data. For datasets with extremely high
baseline scores (e.g., 98.93% for POS tagging in Galician), further improvement may
be implausible due to annotation errors or inherent ambiguities in the data.

Overall, our results suggest that small encoder-only LMs are surprisingly robust to
noise in pre-training corpora when evaluated on supervised classification tasks across
the languages included in our study. Nevertheless, for more challenging tasks and
datasets, text quality filtering is likely to yield a meaningful and positive impact on
downstream results. However, care must be taken to ensure that the high-quality cor-
pus used for feature extraction (e.g., training an n-gram model to calculate perplexity)
is representative of the downstream datasets, or else filtering may inadvertently de-
grade performance.

The GMM-based text quality classifier proved effective for filtering corpora in all
six languages. It significantly reduced each corpus in size while generally improving
downstream performance. The classifier was trained using only three features, which
were relatively simple and computationally inexpensive to extract. Once trained and
after features had been extracted from the corpus, the classifier could label over 4.2
million documents per second, without relying on distributed computing or GPU ac-
celeration.

Given these benefits and the relatively low cost of implementation, we conclude that
text quality filtering is a valuable step when pre-training on web-crawled corpora. Even
in cases where filtering has minimal or no positive impact on downstream performance,
it can still lead to a much more computationally efficient pre-training process. As
shown in Table 4.7, filtering reduced the number of pre-training examples by 41.5%
to 81.1%, which can proportionally accelerate pre-training when the number of epochs
is fixed. Alternatively, for a fixed compute budget, filtering results in more useful
examples being included in every batch. To fully realize these benefits, it is crucial to
ensure that the high-quality corpus is sufficiently representative in order to minimize
the risk of discarding potentially useful text.

4.6 Conclusions

We have presented a new text quality dataset for Icelandic, TQ-IS, which consists
of 2,000 documents that have been manually annotated, both with regard to overall
document quality as well as by identifying and labeling low-quality text spans within
each document. To the best of our knowledge, this is the first document-level dataset
of its kind.
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We have evaluated the effectiveness of a large number of heuristic rules commonly
applied for text quality filtering, both individually and as part of a larger ruleset.
We have demonstrated that perplexity is the most effective feature, by far, when
distinguishing between low and high-quality documents. We have also shown that
optimal results can be obtained with the use of only a handful of rules. Optimal
rulesets and thresholds may differ between corpora and languages depending on their
characteristics. However, we have shown that visualizing the distribution of documents
by feature pairs can reveal close to optimal threshold values in an intuitive manner,
avoiding time-consuming analysis, manual labeling, or guesswork.

We have evaluated four categories of text quality classifiers on the TQ-IS dataset,
with the supervised classifier proving to be the most effective. We have shown that
a very small LM with only 14M parameters can be fine-tuned to detect a wide range
of low-quality text categories with close to perfect accuracy when trained on a small,
manually labeled dataset. Our results also agree with previous findings that show
perplexity to be a highly useful proxy for document quality, as long as the LM has
been trained on a high-quality, representative corpus.

Furthermore, we have proposed a simple, but novel, approach to text quality filter-
ing based on unsupervised clustering and outlier detection algorithms. In particular, we
find that the results obtained with a GMM classifier are comparable to those achieved
with a rule-based approach, even using an optimal ruleset and threshold derived from a
manually labeled dataset. The key benefits of this approach is that it does not require
time-consuming feature engineering or parameter optimization, the use of manually
labeled data, or language expertise for the languages to be filtered.

We further evaluated the GMM classifier by using it to filter low-quality documents
from web-crawled corpora and assessed its impact on downstream performance. Our
experiments demonstrated that text quality filtering generally results in similar or
improved performance on downstream tasks, particularly for more challenging datasets
and tasks. This suggests that text quality classifiers based on clustering and outlier
detection algorithms are effective across a wide range of low and medium-resource
languages.

In addition to its benefits on downstream performance, text quality filtering in-
creases the data efficiency of the pre-training process by reducing compute spent on
low-quality examples. For a fixed number of epochs, filtering results in faster pre-
training, while for a fixed compute budget, it allows the model to make more passes
through high-quality data, improving learning efficiency. Even in cases where filtering
has minimal impact on downstream performance, the increased computational effi-
ciency makes it a valuable step in processing noisy pre-training corpora. We conclude
that text quality filtering is an important component of the pre-training process, pro-
viding benefits for both model performance and computational efficiency.



Chapter 5
Multilingual Models

Leveraging multilingual data and models for low-resource languages is an established
strategy in natural language processing (NLP). One of the most direct approaches
involves pre-training language models (LMs) on multilingual corpora, as demonstrated
by models such as mBERT (Devlin et al., 2019), XLM-R (Conneau et al., 2020), mT5
(Xue et al., 2021), and PaLM 2 (Anil et al., 2023). These models have been pre-
trained on large-scale datasets covering over a hundred languages. However, training
massively multilingual models comes with inherent challenges and trade-offs. One
key limitation is that model capacity (i.e., the number of parameters in the model) is
shared across all languages in a multilingual LM, whereas monolingual models dedicate
their full capacity to a single language. Additionally, the pre-training corpora are
highly imbalanced, with low-resource languages significantly underrepresented. For
instance, in the XLM-R pre-training corpus, which covers 100 languages, the 42 least
represented languages collectively account for less than 1% of the total token count.
Similarly, in the mT5 pre-training corpus, which spans 107 language-script pairs (e.g.,
where Hindi is counted separately depending on whether it is written in Devanagari
or Latin script), the 46 least represented pairs contribute only about 1% of the total
tokens. This severe data imbalance negatively impacts downstream performance for
low-resource languages (Conneau et al., 2020).

These issues can be mitigated using several strategies, such as increasing model
capacity and employing data sampling techniques that prioritize low-resource lan-
guages during pre-training (Conneau et al., 2020; Xue et al., 2021). However, even
with these adjustments, massively multilingual models often underperform compared
to monolingual or bilingual models (Pyysalo et al., 2021; Snaebjarnarson et al., 2023).
It has been suggested that to optimize downstream performance in a specific low-
resource language, a more effective approach may be to pre-train with a small number
of closely related, higher-resource languages rather than relying on broad multilingual
pre-training (Wu and Dredze, 2020; Pyysalo et al., 2021; Snaebjarnarson et al., 2023).

Beyond multilingual pre-training, other techniques have been explored for improv-
ing cross-lingual transfer. One promising approach is adapter-based methods, as pro-
posed by Houlsby et al. (2019). One prominent framework that employs this tech-
nique is MAD-X (Pfeiffer et al., 2020), which integrates three types of small, trainable
adapter modules into the layers of a pre-trained model. Language adapters learn how
to process specific languages, while task adapters learn language-agnostic knowledge
for downstream tasks. A third type, invertible adapters, helps the model efficiently
handle tokens from languages not seen during pre-training. A task adapter can first
be trained on a task in a high-resource language, then reused with language adapters
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for low-resource languages, leveraging what it learned about the task without requir-
ing new task-specific training data. During training, only the adapter parameters are
updated while the core model remains frozen, significantly reducing computational
costs. The authors of MAD-X found that integrating their approach into XLM-R and
mBERT led to substantial improvements in downstream tasks such as named entity
recognition (NER) and causal commonsense reasoning across 16 diverse languages.

Another technique for cross-lingual transfer is lexical adaptation, as explored by
Artetxe et al. (2020). This method first pre-trains a monolingual model on a source
language and then transfers it to a new language by freezing all model parameters
except for the embedding layer. The model is further trained on text from the tar-
get language using the same pre-training objective, allowing it to learn new lexical
representations while preserving the original high-level language representations. This
approach enables zero-shot cross-lingual transfer without requiring a shared vocabu-
lary or joint multilingual training. However, lexical adaptation slightly underperforms
compared to models pre-trained on bilingual corpora, with an average performance
drop of 3.3 points on cross-lingual classification and question answering (QA) datasets.
The difference is reduced to 1.1 points when employing additional techniques, such as
language-specific embeddings and noised fine-tuning.

Beyond these approaches, several alternative strategies exist for cross-lingual trans-
fer, including cross-lingual continual learning (M’ hamdi et al., 2023), meta-learning
(Gu et al., 2018), and multilingual knowledge distillation (Reimers and Gurevych,
2020). While these techniques offer promising results, they typically require special-
ized training pipelines, additional computational resources, or more complex model
architectures.

In this chapter, we investigate the impact of augmenting a monolingual pre-training
corpus with text from different sources. Specifically, we experiment with augmenting a
subset of the Icelandic Gigaword Corpus (IGC) (Steingrimsson et al., 2018) with three
distinct types of additional data: (1) Norwegian text, representing a closely related
language; (2) Finnish text, representing an unrelated language; and (3) Python code,
representing structured, non-linguistic data. The inclusion of Python code in pre-
training corpora has been found to improve downstream performance on certain NLP
tasks (Muennighoff et al., 2023). We pre-train an LM on each augmented corpus and
evaluate its performance on a benchmark of Icelandic NLP tasks. This experiment
aims to answer our second research question: RQ2: How does linguistic similarity
influence the effectiveness of cross-lingual transfer in bilingual models? By
including both an unrelated language and programming code as controls, we seek to
distinguish whether performance gains stem from linguistic similarity or simply from
exposure to a larger dataset.

Based on the results of this experiment, we apply the best-performing augmenta-
tion strategy to monolingual corpora for five low- to medium-resource languages. We
then compare the downstream performance of bilingual models pre-trained on these
augmented corpora with that of monolingual models. This evaluation allows us to
assess whether the observed benefits generalize across a diverse set of languages.

While other multilingual learning approaches, such as adapter-based methods or
lexical adaptation, may offer theoretical advantages, they often require architectural
modifications or specialized training procedures. In contrast, augmenting pre-training
corpora with additional text provides a straightforward and interpretable way to eval-
uate the impact of cross-lingual information on downstream performance. By system-
atically varying the type of additional data included in pre-training, we aim to better
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understand the role of linguistic similarity and data diversity in improving language
model performance for low-resource languages.

5.1 Related Work

XLM (Conneau and Lample, 2019) introduced the Translation Language Modeling
(TLM) objective, which leverages parallel corpora to pre-train multilingual models.
In this task, the model learns to predict masked tokens in parallel sentences by using
contextual information from both languages. XLM, with 250M parameters, was pre-
trained on Wikipedia articles in 15 languages, along with several parallel corpora. By
combining Masked Language Modeling (MLM) on monolingual texts with TLM on
parallel texts, classification accuracy on the XNLI natural language inference (NLI)
benchmark (Conneau et al., 2018) was improved by 3.6 percentage points. To mitigate
data imbalance, XLM employed a sampling strategy that increased the likelihood of
selecting text from underrepresented languages during pre-training.

Building on this work, XLM-R (Conneau et al., 2020) adopted the RoBERTa
pre-training approach (Liu et al., 2019), training for longer on larger datasets with
increased batch sizes. The full model (550M parameters) was pre-trained on 295B
tokens of web-crawled text across 100 languages, alongside a smaller XLM-R-Base
variant (270M parameters). The sampling strategy was adjusted to more strongly
favor low-resource languages, significantly improving their downstream performance
while having minimal impact on high-resource languages. Observing that additional
pre-training led to substantial performance gains, the authors concluded that XLM
had been undertrained on the MLM task. Based on this finding, XLM-R exclusively
used the MLM objective, omitting TLM. XLM-R achieved an average accuracy of 80.1
on XNLI, outperforming XLM by 5 percentage points.

However, while massively multilingual models generally achieve strong performance,
there is ample research showing that they underperform on low-resource languages.
Wu and Dredze (2020) evaluated mBERT on monolingual downstream tasks, in-
cluding NER, part-of-speech (POS) tagging, and dependency parsing (DP), across
99 languages. While mBERT performed well for high-resource languages, its perfor-
mance dropped significantly for low-resource languages. Notably, for the 30% least-
represented languages, it was outperformed by BiLSTM-based methods, particularly
in NER.

To further investigate the limitations of multilingual models, the authors pre-
trained several monolingual and bilingual BERT models on Wikipedia articles for
low-resource languages. Their results showed that the bilingual models generally out-
performed monolingual models. Specifically, a Latvian-Lithuanian bilingual model
achieved similar or better performance on Latvian tasks compared to a monolin-
gual Latvian model, with a similar trend observed for an Afrikaans-Dutch model on
Afrikaans tasks. Moreover, Pyysalo et al. (2021) found that monolingual BERT models
pre-trained on Wikipedia articles frequently outperformed mBERT on monolingual DP
tasks. The authors pre-trained 42 models, each on a different language, and found that
28 (or two-thirds) achieved a higher labeled attachment score (LAS) than mBERT.
On average, monolingual models obtained a LAS score of 86.6, compared to 86.1 for
mBERT.

More recently, Snacbjarnarson et al. (2023) explored the benefits of leveraging
closely related languages for pre-training with ScandiBERT, a RoBERTa-Base model
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(125M parameters) pre-trained on 96.8 GB of Scandinavian text: Icelandic (24.2%),
Danish (7.1%), Norwegian (63.5%), Swedish (5.1%), and Faroese (0.1%). The model
consistently outperformed XLM-R-Base on Faroese tasks, except for semantic simi-
larity, supporting the hypothesis that pre-training on a small set of closely related
languages is more effective than broad multilingual pre-training when targeting a spe-
cific low-resource language. Furthermore, their experiments showed that a monolingual
Icelandic model outperformed a monolingual Danish model on Faroese tasks, which
suggests that linguistic similarity plays a significant role in cross-lingual transfer.

Beyond leveraging related languages for pre-training, researchers have also explored
cross-lingual transfer using non-linguistic data. Muennighoff et al. (2023) examined
the impact of mixing English text with code. They replaced half of the text in an 84B
token subset of the C4 corpus (Raffel et al., 2020) with Python code from The Stack
(Kocetkov et al., 2023), a large dataset of permissively licensed code in 30 programming
languages. Then, they pre-trained a 4.2B parameter GPT-2 model on this code-
augmented corpus and compared it to an identical model pre-trained on the original
(C4 subset, which served as a baseline. Both models were pre-trained for a single epoch.

When evaluated on 19 natural language tasks, the code-augmented model outper-
formed the baseline by an average of 1.7 percentage points, with the largest gains
in structured data-to-text generation, reading comprehension, and NLI tasks. Per-
formance varied across other tasks, showing minor improvements in some and slight
declines in others. Despite both models being pre-trained on the same total number
of tokens (84B), supplementing 42B tokens of English text with code proved more
beneficial than doubling the dataset with additional monolingual text. These results
demonstrate the potential of non-linguistic augmentation strategies for generative mod-
els in high-resource settings and raise the question of whether similar benefits might
extend to bidirectional encoder-only models pre-trained on low- and medium-resource
languages. However, while programming code itself is non-linguistic, it often includes
natural language comments that describe its function or provide additional context for
readers. As noted by Kocetkov et al. (2023), the vast majority of these comments are
in English, suggesting that code augmentation may provide disproportionate benefits
for English-language tasks compared to other languages.

5.2 Experimental Setup

In this section, we describe how we augmented a subset of the IGC with text from three
sources and evaluated the impact of each on downstream performance. Additionally,
we describe how we augmented monolingual corpora for Icelandic, Estonian, Basque,
Galician, and Nepali with text from related languages, and compared the performance
of monolingual and bilingual models on a benchmark of NLP tasks.

5.2.1 Comparing Data Sources for Pre-Training
Augmentation

To investigate the impact of different data sources on downstream performance when
augmenting monolingual corpora, we supplemented a subset of the IGC with three
types of additional text: Norwegian, a closely related language; Finnish, an unrelated
language; and Python code. The core hypothesis of this experiment is that linguistic
similarity improves cross-lingual transfer, meaning that augmenting an Icelandic cor-
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pus with Norwegian text should yield better results than augmenting it with Finnish.
Including Python code provided a contrast to natural language augmentation.
Below, we describe each donor language and its source dataset in detail:

e Norwegian, a Scandinavian language closely related to Icelandic. The docu-
ments were randomly sampled from FineWeb2! (Penedo et al., 2024), a large,
multilingual, web-crawled corpus derived from the Common Crawl dataset that
has been extensively filtered and deduplicated (we did not apply additional fil-
tering). If the hypothesis holds, the Icelandic-Norwegian model should achieve
performance comparable to a monolingual Icelandic model pre-trained on the
full IGC.

e Finnish, a Finno-Ugric language that is unrelated to Icelandic. However, since
both languages use the Latin script, script differences are eliminated as a con-
founding factor, allowing us to attribute any observed performance differences
more clearly to linguistic similarity. Finnish text was also sampled from the
FineWeb2 corpus. If the hypothesis is correct, the Icelandic-Norwegian model
should outperform the Icelandic-Finnish model.

e Python code sampled from the deduplicated version of The Stack? (Kocetkov
et al., 2023). When sampling code files, we ignored documents containing Chinese
characters (e.g., in comments), as they otherwise took up a substantial portion of
the subword tokenizer’s vocabulary. Structured data of this kind has been shown
to improve downstream performance on certain natural language tasks, such as
reading comprehension and reasoning (Muennighoff et al., 2023). However, since
our benchmark primarily consists of lower-level linguistic tasks (e.g., NER, POS,
DP), it may not fully capture the potential benefits of code augmentation.

We randomly sampled documents from the IGC until we obtained a subset con-
taining 837M tokens, half the size of the full corpus. We refer to this subset as IGC-50.
We then created three bilingual versions of the corpus (Icelandic-Norwegian, Icelandic-
Finnish, and Icelandic-Python), ensuring that the two languages were equally repre-
sented in each augmented corpus. Since word lengths vary significantly across the four
languages, we balanced the corpora based on the number of non-whitespace charac-
ters rather than token count. For each language, we randomly sampled additional
documents until the total number of non-whitespace characters in IGC-50 had been
doubled. Table 5.1 provides details on corpus sizes.

By augmenting a trimmed version of the IGC, we were able to compare the three
data sources directly while also evaluating their performance against monolingual mod-
els pre-trained on both versions of the IGC. This provides insights into the relative
benefits of each augmentation source as well as the impact of adding more Icelandic
text.

By doubling the size of IGC-50, we minimized language imbalance, eliminating the
need for a sampling strategy during pre-training. Muennighoff et al. (2023) found that
equal proportions of natural language and programming code yielded optimal results
over other mixing ratios, supporting our approach. While different ratios might be
more suitable when combining two natural languages, maintaining an even split allowed

!FineWeb2: https://huggingface.co/datasets/HuggingFaceFW/fineweb-2
2The Stack (deduplicated): https://huggingface.co/datasets/bigcode/the-stack-dedup
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Corpus Documents (M) Tokens (B) Examples (M)
IGC 5.13 1.67 4.38
IGC-50 2.56 0.84 2.19
IGC-50 + Norwegian 4.10 1.68 4.41
IGC-50 + Finnish 3.99 1.42 4.12
IGC-50 + Python 3.75 1.34 5.50

Table 5.1: Corpus sizes in their original and augmented forms. The IGC is shown in
its full and trimmed versions (labeled IGC and IGC-50, respectively), with the latter
augmented using Norwegian, Finnish, or Python code. Sizes are measured in millions
of documents, billions of space-delimited tokens, and millions of pre-training examples.

for clearer interpretation of our hypothesis. With both languages equally represented,
performance differences are more likely attributable to linguistic similarity rather than
language imbalance. We leave the exploration of alternative mixing ratios for future
work.

We trained a WordPiece tokenizer from scratch on each corpus, following the same
process as for monolingual corpora. Since the number of unique word forms was sig-
nificantly higher in the bilingual corpora than in the IGC, we increased the tokenizer’s
vocabulary size from 32k to compensate. We explored vocabulary sizes of 48k and 64k,
evaluating the average number of subwords per word, the average number of charac-
ters per subword, and the proportion of words that the tokenizer did not need to
split when tokenizing IGC-50, as shown in Table 5.2. A 48k vocabulary was sufficient
for the Icelandic-Norwegian and Icelandic-Python corpora, while the Icelandic-Finnish
corpus required 64k to match the performance of the Icelandic tokenizer. To ensure
consistency and avoid introducing vocabulary size as a confounding factor, we used a
64k vocabulary for all bilingual corpora, while retaining 32k for monolingual models.

Motric IS IS-NO IS-FI IS-PY
32k | 48k 64k | 48k 64k | 48k 64k
Avg. subwords per word | 1.16 | 1.18 1.15 | 1.20 1.16 | 1.17 1.14
Mean subword length 3.89 | 3.83 3.94 | 3.78 3.89 |3.85 397
Complete words (%) 88.8 | 87.5 89.5 | 86.6 88.6 | 88.0 90.1

Table 5.2: WordPiece tokenizer statistics when processing the IGC-50 corpus. Tokeniz-
ers were trained on IGC-50 alone (IS) or when augmented with Norwegian (IS-NO),
Finnish (IS-FI), or Python code (IS-PY). Vocabulary sizes vary from 32k to 64k to-
kens. The complete words statistic represents the proportion of tokens that were not
split into subwords by the tokenizer.

5.2.2 Augmenting Monolingual Pre-Training Corpora

To investigate whether linguistic similarity enables better cross-lingual transfer, we
compared monolingual models against bilingual models pre-trained on related language
pairs. For each of five diverse low- to medium-resource languages, we augmented
monolingual data with text from FineWeb2. The additional text was sampled from
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languages that were typologically related, mutually intelligible, or exerted historical
influence on the target language.

For our experiments, we pre-trained TEAMS-Small models on the following bilin-
gual corpora and compared their performance against monolingual baselines:

e Icelandic and Norwegian: North Germanic languages sharing significant lexi-
cal and grammatical similarities. We used Norwegian Bokmal, the most widely
used written form of Norwegian, to augment the IGC.

e Estonian and Finnish: Finno-Ugric languages with substantial grammatical
and lexical similarities, exhibiting partial mutual intelligibility (Gooskens and
Hérmévaara, 2019).

e Basque and Spanish: A typologically distinct pair, with Basque being a lan-
guage isolate with no known relatives, and Spanish a Romance language. Despite
their fundamental differences in structure (subject-object-verb vs. subject-verb-
object), Spanish has exerted lexical influence on Basque through centuries of
contact (Cenoz, 2000).

e Galician and Portuguese: Western Ibero-Romance languages descended from
medieval Galician-Portuguese, sharing significant mutual intelligibility (Mon-
teagudo, 2024). While Portuguese evolved independently and Galician was sig-
nificantly influenced by Spanish, both maintain very similar grammar and vo-
cabulary.

e Nepali and Hindi: Indo-Aryan languages descended from Sanskrit, sharing the
Devanagari script, subject-object-verb word order, and many other grammatical
characteristics. They exhibit significant lexical overlap, although Nepali uses
additional characters not found in Hindi.

We doubled the size of each monolingual corpus by randomly sampling text from
the corresponding donor language in FineWeb2. Table 5.3 shows the resulting sizes of
both monolingual and bilingual corpora. For monolingual data, we used the IGC for
Icelandic, the ENC (Koppel and Kallas, 2022) for Estonian, and EusCrawl (Artetxe
et al., 2022) for Basque. For Galician and Nepali, for which curated pre-training
corpora were not available, we used the filtered versions of their subsets in the mC4
corpus (Xue et al., 2021), as described in Section 4.5.2. All models used WordPiece
tokenizers, with vocabulary sizes of 32k for monolingual models and 64k for bilingual
models, maintaining consistency with our earlier experiments (see Section 5.2.1).

5.3 Results

In this section, we present the results of our experiments with augmenting monolingual
corpora with text from a donor language.

5.3.1 Comparing Data Sources for Pre-Training
Augmentation

We pre-trained TEAMS-Small models on several monolingual and bilingual versions
of the IGC, with results summarized in Table 5.4. The monolingual model pre-trained
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Corpus Documents (M) Tokens (B) Examples (M)
Icelandic (IGC) 5.13 1.67 4.38
Icelandic + Norwegian 7.96 3.36 8.84
Estonian (ENC) 2.14 0.43 1.36
Estonian + Finnish 3.07 0.84 2.60
Basque (EusCrawl) 1.59 0.29 0.85
Basque + Spanish 2.30 0.67 1.79
Galician (mC4-GL) 1.14 0.67 1.72
Galician + Portuguese 2.52 1.34 3.37
Nepali (mC4-NE) 1.41 0.61 1.56
Nepali + Hindi 3.60 1.47 3.47

Table 5.3: Sizes of monolingual and bilingual corpora, measured in millions of docu-
ments, billions of space-delimited tokens, and millions of pre-training examples.

on the full IGC achieved the highest overall performance, consistently matching or
outperforming all other models across tasks. Notably, the IGC-50 model, which was
trained on half as much data but for twice the number of epochs (i.e., the same number
of steps, but 58.4 epochs as opposed to 29.2 epochs), performed almost as well. In
three out of five tasks, the performance differences between these two models were not
statistically significant, suggesting that increasing the number of training steps can
compensate for a smaller pre-training corpus up to a point, at least for a model of
this size. These results align with findings by Muennighoff et al. (2023), who observed
that, for a large generative model, repeated data was nearly as effective as new data for
up to 4 epochs. Training beyond this point continued to yield improvements, though
rapidly diminishing returns set in around 16 epochs. It is possible that this limit
differs for encoder-only models, where examples can vary between epochs (e.g., due
to dynamic token masking in the MLM task), potentially allowing models to benefit
from additional repetition.

Languages POS NER DP ATS QA Avg

IS (100%) 97.01% 91.48% 84.83% 72.65 60.03% 81.20%
IS (50%) + NO  96.89% 91.67% 84.51% 72.45 59.66% 81.04%
IS (50%) + FI ~ 96.86% 91.44% 84.55% 72.69 59.35% 80.98%
IS (50%) + PY 96.81%  91.02%  84.32% 7229  59.50% 80.79%
IS (50%) 97.02% 91.20% 84.83% 72.83 59.20% 81.02%

Table 5.4: Downstream performance of TEAMS-Small models pre-trained on monolin-
gual and bilingual versions of the IGC. Scores in bold are statistically indistinguish-
able from the best result for each task (paired t-test with Holm-Bonferroni correction;
p < 0.05).

Overall, performance differences across models were minor, with the lowest and
highest average scores differing by just 0.41 percentage points. This narrow range
suggests that TEAMS-Small may not have sufficient capacity to fully leverage addi-
tional data or cross-lingual augmentation. However, the results indicate that bilingual
augmentation does not significantly degrade performance. The Icelandic-Norwegian
model, for example, achieved results comparable to the full monolingual model despite
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being pre-trained on an equal mix of Icelandic and Norwegian text. This suggests
that supplementing a monolingual corpus with text from a closely related language
is a viable approach, though the advantages may be task-dependent. However, the
findings do not provide strong evidence that linguistic similarity alone drives per-
formance improvements. While the Norwegian-augmented model outperformed the
Finnish-augmented model in overall average score, the difference was marginal at just
0.06 percentage points.

Augmenting the pre-training corpus with programming code did not yield any mea-
surable benefits. The Python-augmented model had the lowest average score among
the bilingual models, with no statistically significant improvements in any task. This
aligns with findings from Muennighoff et al. (2023), which suggest that structured
data primarily benefits tasks requiring reasoning and inference capabilities. Since our
benchmark did not include such tasks, it may not have fully captured the potential
advantages of code augmentation.

To further investigate the impact of pre-training corpus size and model capacity,
we conducted a follow-up experiment under a more resource-constrained setting. This
time, we sampled 100M tokens from the IGC and supplemented it with an equal
amount of Norwegian, Finnish, or Python code. As a monolingual baseline, we also
sampled a 200M token subset of the IGC. Additionally, we significantly reduced the
training sets for POS tagging, NER, and DP to 5,000 sentences each, approximately
10-15% of their original size, while keeping validation and test sets unchanged. This
setup better simulates a low-resource scenario, as the original datasets were relatively
large.

To address the question of model capacity, we pre-trained TEAMS-Base models,
which have significantly more parameters (110M) than TEAMS-Small (14M). Given
the smaller pre-training corpora, we reduced the number of pre-training steps from
the default 1M to 100k. This resulted in approximately 50 epochs of pre-training
for all models, except the Python-augmented one, which was trained for 40 epochs.
Since Python code contains a high number of symbols and operators that are tokenized
separately, it produces significantly more subwords than natural language text, leading
to a greater number of pre-training examples. For fine-tuning, we used the same
hyperparameters as for the TEAMS-Small models, with the exception of reducing the
number of epochs for POS tagging to 10, for QA to 3, and for ATS to 1. The results
are presented in Table 5.5.

Languages POS NER DP ATS QA Avg

IS (200M) 95.11% 85.92% 80.85% 72.93 61.53% 79.27%
IS (100M) + NO  94.59% 86.19% 80.53% 72.57 61.36% 79.05%
IS (100M) + FI ~ 94.71%  84.61%  80.52% 72.26  60.79%  78.58%
IS (100M) + PY  94.37%  84.46% 80.11% 72.59  60.28%  78.36%

Table 5.5: Downstream performance of TEAMS-Base models pre-trained on aug-
mented corpora. Scores in bold are statistically indistinguishable from the best result
for each task (paired t-test with Holm-Bonferroni correction; p < 0.05).

The performance differences between the TEAMS-Base models were much clearer
than those observed in the TEAMS-Small experiment. In four out of five tasks,
one model significantly outperformed all others. As in the previous experiment, the
monolingual model achieved the highest overall performance, followed closely by the
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Norwegian-augmented model, which obtained the best score on NER and matched the
top-performing model in QA. Among the bilingual models, the Norwegian-augmented
model outperformed the Finnish-augmented one, achieving an average score that was
0.47 percentage points higher, a much larger difference than in the TEAMS-Small re-
sults. These findings support the hypothesis that linguistic similarity enhances cross-
lingual transfer, as the model pre-trained with Norwegian text exhibited stronger per-
formance than the one augmented with Finnish.

5.3.2 Augmenting Monolingual Pre-Training Corpora

We augmented monolingual corpora for Icelandic, Estonian, Basque, Galician, and
Nepali with text from a donor language. Whereas the previous experiments involved
supplementing a subset of the IGC with text from other languages, here we used
them to double the size of full monolingual corpora, as shown in Table 5.3. We then
compared the downstream performance of TEAMS-Small models pre-trained on the
monolingual and bilingual corpora. The results are summarized in Table 5.6.

Language Task Monolingual Bilingual A Score Rel. Change

Icelandic POS 97.01% 96.88%  -0.13% -4.35%
Icelandic NER 91.48% 91.68% 0.20% 2.35%
Icelandic DP 84.83%  84.62%  -0.21% -1.38%
Icelandic ATS 72.65%  72.80% 0.15% 0.55%
Icelandic QA 60.03% 59.83%  -0.20% -0.50%
Icelandic  Average 81.20%  81.16%  -0.04% -0.20%
Estonian POS 98.04% 97.99%  -0.05% -2.55%
Estonian NER 78.13%  T7.52%  -0.61% -2.79%
Estonian DP 89.40% 89.14%  -0.26% -2.45%
Estonian  Average 88.52%  88.22%  -0.31% -2.67%
Basque POS 97.00% 96.86%  -0.14% -4.67%
Basque NER 84.42%  83.81%  -0.61% -3.92%
Basque DP 84.45%  84.38%  -0.07% -0.45%
Basque Average 88.62%  88.35%  -0.27% -2.40%
Galician POS 98.92%  98.93% 0.01% 0.93%
Galician NER 87.40% 87.66% 0.26% 2.06%
Galician DP 86.59% 86.02%  -0.57% -4.25%
Galician ~ Average 90.97%  90.87%  -0.10% -1.11%
Nepali POS 96.19% 96.13%  -0.06% -1.57%
Nepali NER 90.67% 90.82% 0.15% 1.61%
Nepali TC 78.82% 79.07% 0.25% 1.18%
Nepali Average 88.56% 88.67% 0.11% 0.99%
All Average 86.83%  86.71%  -0.11% -1.19%

Table 5.6: Downstream performance of TEAMS-Small models pre-trained on monolin-
gual and bilingual corpora for several languages. Scores in bold indicate statistically
significant differences between the monolingual and bilingual models (paired t-test;
p < 0.05).

The performance differences between monolingual and bilingual models were sta-
tistically significant in only 7 out of 17 tasks, and even in those cases, the differences
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were small. On average, bilingual augmentation resulted in a negligible decrease of
0.11 percentage points in average score, suggesting that supplementing monolingual
pre-training corpora with an equal amount of text from a donor language has minimal
impact on downstream performance for small models, indicating that bilinguality may
come at a low performance cost. This holds true even when the donor language is
closely related to the target language.

While these findings indicate that monolingual training is generally preferable for
the tasks evaluated, they do not rule out the potential benefits of multilingual aug-
mentation in other contexts. One likely exception is for tasks that inherently require
cross-lingual knowledge, such as machine translation or language classification, which
were not included in this benchmark. Another scenario in which multilingual aug-
mentation may be beneficial is when monolingual corpora are too small to effectively
pre-train an LM. In such cases, leveraging text from a related language or continued
pre-training with existing LMs can improve performance (Sneebjarnarson et al., 2023).

Although the overall effect of data augmentation was limited, the results suggest
that linguistic similarity plays a role in cross-lingual transfer. Bilingual models trained
on closely related languages (e.g., Galician and Portuguese) showed smaller perfor-
mance drops compared to those trained on unrelated pairs (e.g., Basque and Spanish).
However, the differences were modest, reinforcing the conclusion that the benefits of
bilingual augmentation are highly task-specific.

For small models focused on monolingual tasks, these findings suggest that multilin-
gual augmentation is generally unnecessary and may even slightly degrade downstream
performance. However, it may still prove useful for tasks that involve multiple lan-
guages, settings where monolingual data is severely limited, or for larger models that
might be able to better leverage additional training data.

5.4 Conclusions

In this chapter, we addressed our second research question: RQ2: How does linguis-
tic similarity influence the effectiveness of cross-lingual transfer in bilingual
models? Our findings indicate that linguistic similarity plays a minor role in cross-
lingual transfer for small models, with monolingual pre-training generally yielding
equal or slightly better performance on the evaluated tasks. Notably, the performance
differences between monolingual and bilingual models were minimal, with bilingual
models typically showing only a slight decrease in score. This suggests that for small
models focused on low-level linguistic tasks (e.g., POS tagging, NER, and DP), mono-
lingual pre-training is the more effective approach. A plausible explanation for these
results is that smaller models lack the capacity to effectively leverage cross-lingual
augmentation. However, it is still surprising that even though the models were not
able to take full advantage of the additional data, neither did it appear to cause a sig-
nificant disadvantage. That said,, our experiments did not include multilingual tasks
(e.g., machine translation or language classification) or corpora that were insufficiently
large for pre-training, both of which are settings where bilingual augmentation may
provide stronger benefits.

The impact of linguistic similarity in bilingual models was inconsistent across our
experiments. In some cases, such as with the Icelandic-Norwegian and Galician-
Portuguese models, linguistic similarity appeared to contribute to a reduced perfor-
mance cost compared to what we observed for models trained on less related language
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pairs. However, this pattern did not hold universally, since the Estonian-Finnish model
showed a larger performance drop than the Basque-Spanish model, despite Estonian
and Finnish being closely related and partially mutually intelligible (Gooskens and
Hérmévaara, 2019), while Basque and Spanish are linguistically unrelated. This sug-
gests that linguistic similarity alone is not a strong predictor of improved cross-lingual
transfer in small bilingual models. Instead, the results indicate that for smaller mod-
els, the benefits of bilingual training, if any, remain marginal regardless of language
similarity.

However, our experiments with larger models suggest that model capacity is a key
factor in the effectiveness of bilingual training. With the larger TEAMS-Base models,
language similarity had a much greater impact, as seen in the Icelandic-Norwegian
model significantly outperforming the Icelandic-Finnish model. This aligns with re-
sults obtained by Wu and Dredze (2020), who found that for Latvian and Afrikaans
tasks, monolingual BERT-Base models were consistently outperformed by Latvian-
Lithuanian and Afrikaans-Dutch models with the same architecture. Similarly, Snaeb-
jarnarson et al. (2023) observed meaningful benefits from language similarity when
evaluating RoBERTa-Base models trained on Scandinavian languages on Faroese tasks.
This suggests that larger models may be better equipped to leverage linguistic simi-
larity for cross-lingual transfer, while smaller models struggle to take full advantage of
multilingual augmentation due to limited capacity.
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Subword Tokenization

Subword tokenization addresses the challenge of handling words that a model has never
seen before. Unlike word-level tokenizers, which treat each word as an indivisible unit,
subword tokenization breaks unfamiliar words into smaller, known components. This
approach is particularly beneficial for morphologically rich languages, where corpora
often contain millions of unique word forms, many of which appear only once.

A key advantage of subword tokenization is its ability to maintain a fixed-size vo-
cabulary while effectively representing an unlimited number of possible words. By
decomposing rare or unknown words into familiar subwords, this method significantly
mitigates the data sparsity issue inherent in traditional word-level tokenization. Mod-
els learn more efficiently because they encounter each subword more frequently, re-
ducing, if not eliminating, out-of-vocabulary (OOV) words. These benefits have made
subword tokenization a standard technique in pre-trained language models (LMs).

Subword tokenization algorithms aim to balance vocabulary size and coverage,
ensuring that common words remain intact while splitting rare or unseen words into
a minimal number of subwords. They achieve this by identifying frequent patterns in
the training data and using them to encode text in a compact and efficient manner.

The vocabulary size, specified during training, directly influences how the tokenizer
segments words. A smaller vocabulary reduces memory requirements, but results in
more aggressive word splitting and longer token sequences. Conversely, a larger vocab-
ulary preserves more complete words, but requires more memory. Table 6.1 illustrates
this trade-off using an Icelandic news headline processed with WordPiece tokenizers
(Wu et al., 2016) trained on the Icelandic Gigaword Corpus (IGC) (Steingrimsson
et al., 2018) at different vocabulary sizes.

Tokenizer #Tokens Tokenized text

WordPiece 8k 8 Se-x-tiu flug -ferd-um afl-yst
WordPiece 16k 6 Sex-tiu flug- ferdum afl-yst
WordPiece 32k 5 Sex-tiu flug-ferdum aflyst
4
3

WordPiece 64k Sex-tiu flugferdum aflyst
WordPiece 96k Sextiu flugferdum aflyst

Table 6.1: Impact of vocabulary size on tokenizing the Icelandic headline Seztiu flugfer-
oum aflyst (“Sixty flights canceled”) using WordPiece. The dot (-) denotes subword
boundaries within words.
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Although subword tokenizers aim to minimize the number of splits, they may still
encounter OOV words that must be decomposed into the smallest available subwords.
In models such as BERT (Devlin et al., 2019), ALBERT (Lan et al., 2019), and Dis-
tilBERT (Sanh et al., 2020), the smallest vocabulary units are individual characters.
However, since vocabulary size is limited, not all Unicode characters can be included.
When encountering sequences of unseen characters that cannot be broken down into
smaller subwords, some tokenizers might replace them with a special unknown token,
significantly limiting the model’s ability to capture semantic information. This is espe-
cially common for scripts that are absent or underrepresented in the training data. For
example, Unicode defines over 100,000 Chinese characters, several thousand of which
see regular use. Including all of them in a tokenizer’s vocabulary would be extremely
inefficient for models not primarily designed to process Chinese text. As a result, many
such characters are replaced by the unknown token.

The need for the unknown token can be avoided altogether by representing the
minimal vocabulary using individual bytes rather than characters. Any Unicode char-
acter can be encoded as a sequence of one to four UTF-8 bytes, each taking one of 256
possible values, forming the smallest possible vocabulary. This approach, popularized
by RoBERTa (Liu et al., 2019), has since been widely adopted by models such as
GPT-2 and its successors (Radford et al., 2019; Brown et al., 2020; OpenAl, 2024),
DeBERTa (He et al., 2021), and ModernBERT (Warner et al., 2024). Alternative
byte-level methods also exist, such as byte-level fallback, where the tokenizer primarily
operates on the character level, falling back to a byte representation only for unseen
sequences. While these techniques eliminate the need for an unknown token, they do
not always lead to improved results and may even degrade downstream performance
(Liu et al., 2019; Reimers and Gurevych, 2020).

In resource-constrained settings, tokenization choices have a more pronounced im-
pact, as there is less data to compensate for suboptimal configurations. This makes
tokenization particularly critical for low- to medium-resource languages. Additionally,
it is often argued that subword tokenizers should ideally segment words along morpho-
logical boundaries, especially in morphologically rich languages. The reasoning is that
encoding meaningful morphological units, rather than arbitrary substrings, could help
models capture semantic information more effectively (Bostrom and Durrett, 2020).
However, empirical findings on this hypothesis remain inconclusive. Some studies re-
port improvements in specific downstream tasks (Hofmann et al., 2021), while others
find that morphology-aware tokenization underperforms compared to traditional sub-
word methods (Toraman et al., 2023; Kaya and Tantug, 2024).

In this chapter, we pre-train TEAMS-Small models on the IGC using WordPiece,
BPE, and Unigram tokenizers with varying vocabulary sizes. We also compare the
downstream performance of models trained on the IGC using character-level and byte-
level BPE tokenizers. Finally, we take the tokenizer configuration that achieved the
best overall performance on the IGC and use it to train tokenizers for Estonian, Basque,
Galician, Nepali, and Tajik. We then pre-train TEAMS-Small models for these lan-
guages and compare their downstream performance against models trained with a
WordPiece tokenizer using a 32k vocabulary. Our goal is to determine whether the
trends observed for Icelandic hold for other low- and medium-resource languages. This
investigation directly addresses our third research question: RQ3: How do different
subword tokenization algorithms and vocabulary sizes impact downstream
performance for low- and medium-resource languages?
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While previous studies have examined the impact of subword tokenization algo-
rithms and vocabulary sizes, most have focused on individual high-resource languages
or were limited in scope. Many evaluated different tokenization strategies at a fixed
vocabulary size or tested varying vocabulary sizes within a single algorithm. In con-
trast, our work systematically explores the effects of different tokenization strategies on
downstream performance across six morphologically rich, low- and medium-resource
languages. Our findings provide practical guidance for tokenizer selection in resource-
constrained settings.

6.1 Subword Tokenization Algorithms

This section provides a brief overview of the subword tokenization algorithms used in
our experiments, each of which takes a different approach to balancing vocabulary size
and coverage.

6.1.1 Byte-Pair Encoding (BPE)

The BPE algorithm (Sennrich et al., 2016) is widely used in models such as RoBERTa,
OpenAl's GPT series, and ModernBERT. It starts with a vocabulary consisting of
the smallest elements in the training corpus, typically either individual characters or
bytes. The algorithm iteratively expands the vocabulary by merging the most frequent
adjacent subword pair at each step. The process continues until the vocabulary reaches
a predefined size.

6.1.2 WordPiece

WordPiece (Wu et al., 2016) is used in models such as BERT, ELECTRA (Clark
et al., 2020), and DistilBERT. While it also builds a vocabulary by iteratively merging
subword units, it differs from BPE in its selection criterion. Instead of choosing the
most frequent pair, WordPiece selects the pair that maximizes the increase in log-
likelihood across the training corpus.

6.1.3 Unigram

The Unigram algorithm (Kudo, 2018) is used in models such as ALBERT, XLNet
(Yang et al., 2019), and T5 (Raffel et al., 2020). Unlike BPE and WordPiece, which
progressively build their vocabularies through merging, Unigram follows a subtractive
approach. It starts with a large vocabulary containing words and frequent substrings
and gradually reduces it to a target size. The tokenizer assigns probabilities to subword
sequences using a unigram language model. During training, it evaluates the impact
of each subword’s removal on the overall corpus likelihood. A percentage of the least
impactful subwords is iteratively pruned until the vocabulary reaches the desired size.
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6.2 Related Work

6.2.1 Tokenization Algorithms

Several studies have compared subword tokenization methods in terms of their impact
on downstream performance.

Bostrom and Durrett (2020) examined RoBERTa-Base models pre-trained on En-
glish and Japanese corpora using BPE and Unigram tokenizers, both with a vocabulary
size of 20k. The Unigram tokenizer consistently outperformed BPE across four down-
stream tasks. In English question answering (QA), the Unigram model achieved an Fj
score 1.1 points higher than the BPE model, while in Japanese QA, the gap widened to
12.3 points in F7. The authors attribute this difference to the Unigram tokenizer’s abil-
ity to better handle languages without explicit word boundaries, such as Japanese, and
its greater tendency to align subwords with linguistic morphology. Similarly, Zhang
et al. (2020) found that for English abstractive summarization, Unigram yielded com-
parable or slightly better ROUGE scores than BPE across four datasets. Ali et al.
(2024) compared BPE and Unigram using a 2.6B parameter decoder-only model. In
an English monolingual setting, Unigram outperformed BPE on a benchmark of NLP
tasks by 0.24 percentage points. For a multilingual model trained on German, French,
Italian, Spanish, and English text, BPE achieved an average score 0.17 percentage
points higher than Unigram. However, performance varied by language, with Unigram
performing better for French and Spanish, and BPE for the other languages.

Toraman et al. (2023) investigated BPE and WordPiece tokenizers for Turkish
RoBERTa models. Across six downstream tasks, WordPiece performed similarly to or
slightly better than BPE, suggesting that while these methods differ algorithmically,
their practical impact on downstream performance may be minimal in some cases.

Beyond these comparisons, several studies have evaluated byte-level tokenization.
Qarah and Alsanoosy (2024) pre-trained BERT-Base models on an Arabic corpus using
WordPiece, Unigram, and byte-level BPE tokenizers, each with a 50k vocabulary.
They evaluated the models on seven tasks across 29 datasets, for a total of 36 different
dataset-task combinations (with some datasets annotated for multiple tasks). The
Unigram model achieved the best performance in 21 out of 36 evaluations, surpassing
WordPiece by 0.77 percentage points on average. Despite the fact that byte-level
BPE obtained the highest compression ratio, it underperformed against the other two
algorithms on most tasks, obtaining an average score 0.95 percentage points lower than
WordPiece. Liu et al. (2019) similarly found that RoBERTa models pre-trained with
byte-level BPE performed slightly worse on English NLP tasks compared to character-
level BPE. Zhang et al. (2022) investigated byte-fallback in a Unigram tokenizer and
observed that excessive segmentation into byte units resulted in longer token sequences
and, in many cases, degraded translation performance. These findings suggest that
while byte-based tokenization ensures full character coverage, this benefit does not
necessarily translate into improved downstream performance.

A separate line of work has explored morphological tokenization, which aims to
segment words based on their internal structure. Toraman et al. (2023) pre-trained a
Turkish RoBERTa model with a morphological tokenizer that split words into mor-
phemes using a morphological analyzer. While this tokenizer performed competitively
on some tasks, it generally underperformed compared to BPE and WordPiece. The
authors noted that errors introduced by the analyzer may have contributed to these
results. Given that accurate analyzers are often unavailable or difficult to develop in
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low-resource settings, this raises concerns about the feasibility of morphological tok-
enization in such cases. Kaya and Tantug (2024) proposed an alternative morphological
approach that extracts word roots and appends suffix tags as subwords. However, for a
Turkish BERT-Base model, this method performed similarly or worse than a standard
WordPiece tokenizer.

Overall, these studies indicate that Unigram tokenizers often outperform BPE or
WordPiece, particularly in languages with complex morphology or ambiguous word
boundaries. In contrast, byte-level tokenization tends to produce longer token se-
quences, which can negatively impact performance. Meanwhile, morphological tok-
enization remains an open research question, with mixed results suggesting that po-
tential linguistic benefits of morpheme-based segmentation may be offset by practical
challenges in implementation and the robustness of existing subword methods.

6.2.2 Vocabulary Size

Beyond the choice of tokenization algorithm, vocabulary size plays a crucial role in
model performance by influencing the balance between vocabulary coverage and mem-
ory usage.

Zhang et al. (2020) explored the effect of vocabulary size in English abstractive
summarization, comparing Unigram tokenizers with vocabulary sizes ranging from
32k to 256k. They found that ROUGE scores improved up to a vocabulary size of 96k,
after which performance began to degrade, suggesting diminishing returns beyond a
certain threshold.

For morphologically rich languages, larger vocabularies have shown a similar trend
of initial performance gains followed by diminishing improvement. Toraman et al.
(2023) evaluated vocabulary sizes for BPE, WordPiece, morphological, and word-level
tokenizers in a Turkish RoBERTa model, finding that increasing vocabulary size gen-
erally improved downstream performance. However, for BPE and WordPiece, both of
which outperformed the other tokenizers, the gains were minimal beyond 66k. The au-
thors attributed this to increased vocabulary coverage and a reduction in OOV tokens.
Ali et al. (2024) examined the impact of different vocabulary sizes (33k, 50k, 82k, and
100k) for BPE and Unigram tokenizers on downstream performance. For an English
monolingual model, a vocabulary size of 33k yielded the highest average score, while
larger vocabularies led to slightly lower performance. In contrast, for a multilingual
model covering German, French, Italian, Spanish, and English, the best results were
achieved with a vocabulary size of 100k, roughly three times larger than the optimal
size for the monolingual model. However, the optimal vocabulary size differed between
languages in the multilingual setting, with 33k performing best for German and 82k
for English.

A more fine-grained analysis was conducted by Kaya and Tantug (2024), who varied
vocabulary size in WordPiece tokenization for Turkish NLP tasks using a BERT-Base
model. Increasing the vocabulary size from 32k to 64k led to substantial improvements,
with named entity recognition (NER) scores improving by 1.6 percentage points and
QA scores by up to 6.2 percentage points. However, increasing the vocabulary further
to 128k and 256k provided only marginal additional gains. The authors suggested that
reducing OOV words improves performance by limiting the overall number of token
splits, which in turn reduces the likelihood of splits occurring at arbitrary positions
rather than at morphological boundaries, potentially improving the model’s ability to
capture semantic information effectively.
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Taken together, these studies suggest that increasing vocabulary size improves
model performance up to a certain point, after which returns diminish. While larger
vocabularies reduce OOV words, excessively large vocabularies may introduce ineffi-
ciencies without significant downstream benefits.

6.3 Experimental Setup

We trained WordPiece and BPE tokenizers using the tokenizers library for Python (Moi
and Patry, 2023). For character-level tokenizers, we limited single-character subwords
to 1,000 to prevent rare characters, such as emojis and mixed-script Unicode characters,
from taking up too much of the vocabulary. We normalized the text by removing all
Unicode control characters and split on whitespace characters and punctuation marks.

We trained Unigram tokenizers using the SentencePiece library (Kudo and Richard-
son, 2018) with settings that roughly matched the configuration we used for the Word-
Piece and BPE tokenizers. During training, we adjusted the character coverage of the
tokenizer to restrict the number of single-character subwords to approximately 1,000,
and replaced the default NFKC Unicode normalization with the less aggressive NFC
normalization, converting all Unicode characters to their canonical forms. Due to the
high memory usage when training with SentencePiece, we limited the training corpus
for Icelandic to approximately 2M documents or 654M tokens, and for Nepali to 800k
documents or 348M tokens (owing to the greater number of bytes required to represent
characters in the Devanagari script).

For all tokenizers, we maintained original casing and retained all accents, and only
used tokens that appeared at least twice for training.

6.4 Results

In this section, we present the results of our experiments with different tokenization
strategies across several low- and medium-resource languages.

6.4.1 Tokenization Configurations for Icelandic

To assess the impact of different tokenization strategies, we pre-trained TEAMS-Small
models on the IGC using WordPiece, BPE, and Unigram tokenizers, each with vo-
cabulary sizes of 16k, 32k, and 64k. Table 6.2 provides statistics for each tokenizer,
including the number of tokens generated from the corpus, the compression ratio (the
ratio of non-whitespace characters to tokens), and the number of pre-training exam-
ples.

Larger vocabularies lead to fewer tokens and a higher compression ratio, which in
turn affects the number of input sequences extracted from the corpus for pre-training.
For example, a WordPiece tokenizer with a 64k vocabulary can represent the IGC
with 4.13M examples (with each example consisting of 512 tokens), which is 13.6%
fewer than required with a 16k vocabulary. With a fixed number of training steps, this
effectively means that models using tokenizers with larger vocabularies are trained for
more epochs. In 500k steps, a TEAMS-Small model will learn from each example 31
times with a WordPiece vocabulary of 64k, but only 26.8 times with a 16k vocabulary.
Increasing the vocabulary size may therefore allow the model to learn more effectively
during pre-training.
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Tokenizer Tokens Compression ratio Examples Epochs
WordPiece 16k 2,431,605,858 3.56 4,777,862 26.8
WordPiece 32k  2,230,542,055 3.88 4,383,620 29.2
WordPiece 64k 2,101,252,609 4.12 4,130,112 31.0
BPE 16k 2,381,058,369 3.64 4,804,454 26.6
BPE 32k 2,179,331,643 3.98 4,400,810 29.1
BPE 64k 2,107,125,805 4.11 4,141,648 30.9
Unigram 16k 2,314,717,161 3.74 4,673,446 27.4
Unigram 32k 2,132,663,124 4.06 4,307,522 29.7
Unigram 64k 2,072,348,985 4.18 4,073,454 31.4

Table 6.2: Statistics for each tokenizer, showing the number of tokens generated from
the IGC, the compression ratio, number of pre-training examples generated, and num-
ber of epochs at 500k pre-training steps.

Tokenizer POS NER DP ATS QA Avg

WordPiece 16k 96.99%  91.01%  84.62% 72.22 57.32% 80.43%
WordPiece 32k 97.01%  91.48% 84.83% 72.65 60.03% 81.20%
WordPiece 64k  97.06% 91.97% 84.86% 72.23 60.68% 81.36%

BPE 16k 96.54%  90.93%  84.50%  72.17 57.66% 80.36%
BPE 32k 96.90%  91.26%  84.73% 72.87 58.59%  80.87%
BPE 64k 97.01% 91.64% 84.73% 72.76 60.32% 81.29%

Unigram 16k 97.04%  90.80%  84.27%  72.47  58.62%  80.64%
Unigram 32k 97.13% 91.50% 84.76% 72.24 59.67% 81.06%
Unigram 64k 97.17% 92.13% 84.84% 72.60 60.62% 81.47%

Table 6.3: Downstream performance of TEAMS-Small models pre-trained on the IGC
with different subword tokenizers and vocabulary sizes. Scores in bold are statistically
indistinguishable from the best result for each task (paired t-test with Holm-Bonferroni
correction; p < 0.05).

Table 6.3 presents the downstream performance of each model across five NLP
tasks: part-of-speech (POS) tagging, NER, dependency parsing (DP), automatic text
summarization (ATS), and QA. The results show that Unigram tokenization with a
64k vocabulary achieved the highest average score, slightly outperforming WordPiece
and BPE at the same vocabulary size. This aligns with prior research suggesting that
the Unigram algorithm has an advantage on some tasks (Bostrom and Durrett, 2020;
Zhang et al., 2020; Qarah and Alsanoosy, 2024). Additionally, WordPiece performs
similarly or slightly better than BPE, consistent with previous findings by Toraman
et al. (2023).

Across all tokenization algorithms, larger vocabularies tend to yield better down-
stream performance, consistent with findings by Toraman et al. (2023) and Kaya and
Tantug (2024). The effect is particularly pronounced for NER and QA, where increas-
ing the vocabulary from 32k to 64k improved scores by an average of 0.50 and 1.11
percentage points, respectively. A greater compression ratio allows more characters to
fit within each 512-token sequence, effectively increasing the amount of textual con-
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text available to the model. Tasks that require a broader context window, such as QA,
likely benefit from this effect, as they rely on longer-range dependencies.

Overall, these results suggest that while the Unigram algorithm offers a modest
advantage, vocabulary size has a greater impact on downstream performance.

6.4.2 Byte-Level Tokenization

To evaluate the impact of byte-level tokenization on downstream performance, we pre-
trained a TEAMS-Small model on the IGC using a byte-level BPE tokenizer with a 64k
vocabulary, comparing it against a character-level tokenizer with the same vocabulary
size. Table 6.4 provides statistics for each tokenizer.

Tokenizer Tokens Compression ratio Examples Epochs
Character-level BPE 64k 2,107,125,805 4.11 4,141,648 30.9
Byte-level BPE 64k 2,099,699,308 4.13 4,127,307 31.0

Table 6.4: Statistics for each tokenizer, showing the number of tokens generated from
the IGC, the compression ratio, number of pre-training examples generated, and num-
ber of epochs at 500k pre-training steps.

There were minimal differences between the two tokenizers in terms of compression
ratio and the number of examples generated. This is likely due to the fact that we
used a tokenizer with a large vocabulary to process a curated, high-quality monolingual
corpus. The character-level tokenizer generated 2.1 billion tokens when processing the
IGC, of which only 5,475 were unknown tokens (i.e., sequences of characters that did
not exist in its vocabulary). As such, there were negligible benefits from representing
unknown characters as bytes. Since the tokenizer has a large vocabulary, a consider-
able portion of its capacity is allocated to byte-level merges that provide no practical
advantage in this setting.

Tokenizer POS NER DP ATS QA Avg
Character-level BPE 64k 97.01% 91.64% 84.73% 72.76 60.32% 81.29%
Byte-level BPE 64k 96.99% 91.84% 84.32% 72.55 60.64% 81.27%

Table 6.5: Downstream performance of TEAMS-Small models pre-trained the IGC
with character-level and byte-level BPE with a 64k vocabulary. Scores in bold indicate
statistically significant differences between the two tokenizers (paired t-test; p < 0.05).

Table 6.5 presents the downstream performance of the character-level and byte-
level tokenizers. The two tokenizers performed nearly identically across all tasks, with
no statistically significant differences in downstream performance.

For high-quality monolingual corpora, byte-level tokenization does not appear to of-
fer any advantages. Even in noisier corpora containing a variety of Unicode characters
or mixed scripts, representing such noise as bytes rather than unknown tokens may not
impact downstream performance, unless the downstream datasets contain similar noise
distributions. The primary advantages of byte-level tokenization are more apparent in
massively multilingual models, where vocabulary constraints make character-level rep-
resentation impractical, and in generative models intended to be capable of outputting
any Unicode character.
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6.4.3 Cross-Linguistic Evaluation

For Icelandic, the Unigram tokenizer with a vocabulary size of 64k obtained the highest
overall performance. To determine whether the same trends extend to other languages,
we pre-trained TEAMS-Small models using a tokenizer with the same configuration on
Estonian, Basque, Galician, Nepali, and Tajik corpora. Table 6.6 provides statistics
for each tokenizer.

Language Tokenizer Tokens Comp. ratio FExamples Epochs
Icelandic  WordPiece 32k 2,230,542,055 3.88 4,383,620 29.2
Icelandic Unigram 64k 2,072,348,985 4.18 4,073,454 31.4
Estonian  WordPiece 32k 689,653,932 4.06 1,356,437 94.4
Estonian Unigram 64k 619,783,799 4.52 1,219,454 105.0
Basque WordPiece 32k 430,028,142 4.55 846,250 151.3
Basque Unigram 64k 401,787,770 4.86 790,913 161.8
Galician ~ WordPiece 32k 876,478,698 3.95 1,720,684 74.4
Galician Unigram 64k 821,299,497 421 1,612,613 79.4
Nepali WordPiece 32k 794,657,962 4.25 1,560,859 82.0
Nepali Unigram 64k 743,490,989 4.54 1,460,580 87.6
Tajik WordPiece 32k 181,492,212 4.27 356,308 359.2
Tajik Unigram 64k 171,882,054 4.51 337,485 379.3

Table 6.6: Statistics for the two tokenizers for each language, showing the number
of tokens generated from the pre-training corpus, the compression ratio, number of
pre-training examples generated, and number of epochs at 500k pre-training steps.

We observed an improvement in compression ratio across all languages, with the
largest gain in Estonian, where the pre-training corpus could be encoded with 10%
fewer tokens. For Icelandic, the Unigram tokenizer achieved a compression ratio of
4.18, substantially higher than the 3.88 obtained by the WordPiece tokenizer. A
WordPiece tokenizer with a 64k vocabulary achieved a ratio of 4.12 on the IGC (see
Table 6.2), indicating that much of the observed improvement in compression ratio
is likely due to the larger vocabulary. Nevertheless, it seems that the Unigram algo-
rithm may be somewhat more effective at capturing subword structure, particularly
in morphologically rich languages. Table 6.7 presents the downstream performance of
each model, comparing the Unigram tokenizer to a WordPiece tokenizer with a 32k
vocabulary.

Overall, the results aligned with our findings for Icelandic. The Unigram tokenizer
significantly outperformed WordPiece in eight out of 19 tasks, particularly in NER
and text classification (TC), where average scores improved by 0.85 and 0.97 percent-
age points, respectively. The only case where WordPiece significantly outperformed
Unigram was DP for Galician, where it achieved a 0.75 percentage point higher score.

In contrast, a larger vocabulary appeared to have minimal or slightly negative
impact on DP and POS, indicating that these tasks may not benefit from reduced
subword fragmentation or increased context to the same extent as NER and TC. This
suggests that while Unigram tokenization is generally advantageous, its benefits are
task-dependent.
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Language Task WordPiece 32k  Unigram 64k A Score Rel. Change

Icelandic POS 97.01% 97.17%  0.16% 5.35%
Icelandic NER 91.48% 92.13% 0.65% 7.63%
Icelandic DP 84.83% 84.84% 0.01% 0.07%
Icelandic ATS 72.65% 72.60%  -0.05% -0.18%
Icelandic QA 60.03% 60.62% 0.59% 1.48%
Icelandic  Average 81.20% 81.47%  0.27% 1.45%
Estonian POS 98.04% 98.01%  -0.03% -1.53%
Estonian NER 78.13% 78.63% 0.50% 2.29%
Estonian DP 89.40% 89.40% 0.00% 0.00%
Estonian  Average 88.52% 88.68%  0.16% 1.37%
Basque POS 97.00% 97.03% 0.03% 1.00%
Basque NER 84.42% 84.66%  0.24% 1.54%
Basque DP 84.45% 84.44%  -0.01% -0.06%
Basque Average 88.62% 83.71%  0.09% 0.76%
Galician POS 98.92% 99.00% 0.08% 7.41%
Galician NER 87.40% 88.34%  0.94% 7.46%
Galician DP 86.59% 85.84%  -0.75% -5.59%
Galician  Average 90.97% 91.06% 0.09% 1.00%
Nepali POS 96.19% 96.25% 0.06% 1.57%
Nepali NER 90.67% 91.48% 0.81% 8.68%
Nepali TC 78.82% 79.71% 0.89% 4.20%
Nepali Average 88.56% 89.15% 0.59% 5.13%
Tajik NER 80.14% 82.08% 1.94% 9.77%
Tajik TC 80.20% 81.25% 1.05% 5.30%
Tajik Average 80.17% 81.67%  1.49% 7.54%
All Average 86.12% 86.50% 0.37% 2.70%

Table 6.7: Downstream performance of TEAMS-Small models pre-trained on corpora
tokenized using different tokenizer configurations. Scores in bold indicate statistically
significant differences between models (paired t-test; p < 0.05).

6.5 Conclusions

In this chapter, we addressed our third research question: RQ3: How do different
subword tokenization algorithms and vocabulary sizes impact downstream
performance for low- and medium-resource languages? Our experiments across
six morphologically rich languages demonstrated that a Unigram tokenizer with a
64k vocabulary consistently outperformed other configurations, particularly for tasks
like NER and TC, where scores improved by an average of 0.85 and 0.97 percentage
points, respectively. These results align with prior research suggesting that Unigram
tokenization better preserves linguistic structure, leading to improved downstream
performance (Bostrom and Durrett, 2020), though the magnitude of improvement
varied by task and language.

Vocabulary size had a greater impact on downstream performance than the choice
of tokenization algorithm, with larger vocabularies consistently yielding better results.
However, the benefits were task-dependent, with NER and TC showing substantial im-
provements, while POS tagging and DP saw minimal gains from increased vocabulary
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size. Our evaluation of byte-level tokenization found no significant advantages for high-
quality monolingual corpora, indicating that such methods may be more beneficial in
multilingual settings, where broader character coverage is essential.

Overall, these findings provide practical guidance for pre-training LMs in resource-
constrained settings, highlighting that optimizing vocabulary size can yield greater
performance gains than switching between tokenization algorithms.
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Chapter 7

Conclusions

The primary goal of this thesis was to investigate strategies for maximizing the per-
formance of Transformer-based language models (LMs) in low- and medium-resource
settings. We explored various methods for training LMs under data-constrained con-
ditions.

First, we investigated how best to leverage web-crawled corpora, which are an
abundant source of training data, but often suffer from quality issues that can de-
grade downstream performance. We implemented multiple text filtering techniques
and constructed a dataset to evaluate their effectiveness. Based on our observations,
we proposed a novel, unsupervised text filtering classifier that is especially well suited
for low- and medium-resource languages. We used this classifier to filter noisy web-
crawled corpora for six low- to medium-resource languages. We then pre-trained LMs
on the filtered and unfiltered corpora and evaluated them on a benchmark of NLP
tasks to determine how filtering impacts downstream performance.

Second, we explored multilingual augmentation strategies to optimize performance
for a single low- to medium-resource language, based on the hypothesis that linguistic
similarity facilitates cross-lingual transfer. To test this, we supplemented monolingual
corpora for five diverse languages with text from various sources and evaluated the
impact on downstream performance.

Finally, we examined how different subword tokenization algorithms and vocabu-
lary sizes affect downstream performance under low-resource settings.

7.1 Research Questions

The goal of this thesis was to answer three research questions:

RQ1: How do different text filtering techniques impact the downstream
performance of LMs pre-trained on web-crawled corpora for low- and
medium-resource languages?

In Chapter 4, we explored both rule-based and classifier-based approaches to text
quality filtering, evaluating them on TQ-IS, a new dataset we created for Icelandic.
Our experiments demonstrated that text filtering significantly impacts the downstream
performance of LMs trained on noisy web-crawled corpora. Our results showed that
perplexity, computed using an LM trained on a high-quality corpus, is the most effec-
tive indicator of document quality, whether used as a rule or a feature in a classifier.
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While many heuristic rules are commonly applied for text quality filtering, we
found that a small, carefully chosen subset is sufficient to achieve optimal results.
Our evaluation of multiple rules showed that only a handful contributed meaningfully
to overall classification performance, with three to six rules achieving near-optimal
filtering performance. This suggests that many existing rule-based filtering pipelines
are overly complex, and that effective filtering can be achieved with a small set of rules
with carefully selected threshold values.

We also examined methods for selecting thresholds in heuristic rule-based filtering.
Our analysis showed that the Interquartile Range (IQR) method (Nguyen et al., 2023),
previously proposed as a simple approach for threshold selection, produces suboptimal
results. Instead, we found that a simple visual inspection of the feature distributions
provides an intuitive and effective way to determine near-optimal thresholds. By plot-
ting feature pairs, such as perplexity against stop word ratio, we consistently observed
a dense cluster of high-quality documents, with low-quality documents appearing as
outliers. This pattern was evident across multiple languages, suggesting that visual
threshold selection is a generalizable and practical approach.

Based on this observation, we proposed a novel text quality filtering approach us-
ing unsupervised clustering and outlier detection algorithms. Our best-performing
model in this category, a Gaussian Mixture Model (GMM) classifier, achieved per-
formance comparable to rule-based filtering on TQ-IS, despite requiring no manually
labeled training data or extensive feature engineering. While supervised classifiers still
outperformed all other methods, clustering-based approaches offer a computationally
efficient and language-agnostic alternative for filtering noisy corpora, making them
especially valuable for low- and medium-resource languages.

Overall, our findings reinforce the importance of text quality filtering in the pre-
training pipeline for LMs trained on web-crawled data. Beyond improving downstream
performance, filtering reduces computational costs by discarding noisy data that is
likely to be useless or harmful during pre-training. Even when the direct impact on
model quality is minimal, the efficiency gains alone make filtering an important step
in pre-training, whether training for a fixed number of epochs or a fixed compute
budget. Given these benefits, we conclude that effective text quality filtering should
be standard practice when pre-training LMs on noisy corpora.

RQ2: How does linguistic similarity influence the effectiveness of
cross-lingual transfer in bilingual models?

In Chapter 5, we explored several multilingual augmentation strategies to improve
downstream performance for specific low- to medium-resource languages. We evalu-
ated the impact of different types of data, such as text from related languages, unre-
lated languages, and even programming code, on downstream performance when used
to supplement a monolingual corpus. Our findings suggest that linguistic similarity
plays a limited role in cross-lingual transfer, particularly for smaller models. Across
our experiments, monolingual models generally performed similarly or better than
bilingual models, indicating that for small models focused on low-level linguistic tasks,
monolingual pre-training remains the most effective approach.

Although small bilingual models showed slightly lower performance than mono-
lingual models, language similarity appeared to mitigate performance degradation in
some cases, such as in the Icelandic-Norwegian and Galician-Portuguese models. How-
ever, this trend was inconsistent, with the Estonian-Finnish model exhibiting a larger
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performance drop than the Basque-Spanish model, despite Estonian and Finnish being
closely related while Basque and Spanish are linguistically unrelated. These results
suggest that linguistic similarity alone is not a reliable predictor of improved cross-
lingual transfer in small bilingual models.

However, our experiments with larger models showed that model capacity plays
a crucial role in the effectiveness of bilingual training. In these settings, language
similarity had a much stronger impact, with the larger Icelandic-Norwegian model sig-
nificantly outperforming the Icelandic-Finnish model. This suggests that while smaller
models struggle to fully leverage multilingual augmentation, larger models are better
equipped to take advantage of linguistic similarities.

Overall, the results suggest that linguistic similarity may contribute to cross-lingual
transfer in bilingual models, but its impact depends on model capacity and task type.
For smaller models, multilingual augmentation appears to offer little benefit and may
even slightly degrade performance. However, for larger models or multilingual tasks,
linguistic similarity may offer stronger benefits.

RQ3: How do different subword tokenization algorithms and vocabulary
sizes impact downstream performance for low- and medium-resource
languages?

In Chapter 6, we investigated how different tokenizer configurations affected down-
stream performance under resource-constrained settings. Our experiments across six
morphologically rich languages demonstrated that a Unigram tokenizer with a 64k
vocabulary consistently outperformed other configurations. Notably, we found that
increasing vocabulary size had a more significant impact on performance than the
choice of tokenization algorithm, suggesting that optimizing vocabulary size should be
prioritized when training models for low-resource languages.

The impact of tokenization proved highly task-dependent. Named entity recog-
nition (NER) and token classification (TC) showed substantial improvements, with
scores increasing by 0.85 and 0.97 percentage points on average across all languages.
These tasks likely benefit from reduced subword fragmentation and increased context
length provided by larger vocabularies. In contrast, part-of-speech (POS) tagging and
dependency parsing (DP) showed minimal gains or slight performance degradation,
indicating that not all tasks benefit equally from optimal tokenizer configurations.

Our evaluation of byte-level tokenization revealed no significant advantages for
high-quality monolingual corpora, where unknown tokens are rare. While byte-level
approaches ensure complete character coverage, this benefit appears more relevant for
multilingual settings where character coverage is crucial than for monolingual models.

These findings provide clear practical guidance for pre-training LMs in resource-
constrained settings. While the choice of tokenization algorithm matters, vocabulary
size optimization offers more substantial gains in downstream performance.

7.2 Future Work

In future work, we aim to explore additional approaches to text quality filtering, includ-
ing training a sequence labeling classifier on the TQ-IS dataset to identify low-quality
text spans and experimenting with zero-shot classification techniques. We also plan to
expand our experiments to include web-crawled corpora from high-resource languages,
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such as English, to better understand how effective these filtering techniques are in less
resource-constrained settings. Furthermore, we will investigate how the size and diver-
sity of training corpora influence the performance of text quality classifiers. Another
key area of research will be analyzing how different types of low-quality text impact the
downstream performance of pre-trained LMs. By addressing these questions, we aim
to refine existing text quality datasets like TQ-IS and develop robust methodologies
for constructing similar datasets for other languages.

For multilingual pre-training, we intend to evaluate the impact of different mixing
ratios when augmenting monolingual corpora with donor text. We also hope to ex-
periment with a wider range of model sizes for bilingual corpora to determine whether
further increasing model capacity continues to improve the effectiveness of cross-lingual
transfer. Finally, we would like to perform a more thorough comparison between mul-
tilingual pre-training and other transfer techniques, such as adapter-based methods,
lexical adaptation, and knowledge distillation.
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