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“You must never think of the whole street at once, understand? You must only
concentrate on the next step, the next breath, the next stroke of the broom, and
the next, and the next. Nothing else.”

Again he paused for thought before adding, “That way you enjoy your work,
which is important, because then you make a good job of it. And that’s how it
ought to be.”

Michael Ende (MOMO, 1973)
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Abstract

Natural Language Processing (NLP) has seen remarkable advances in recent years,
particularly with the emergence of Large Language Models that have achieved un-
precedented performance across many tasks. However, these developments have
mainly benefited a small number of high-resource languages such as English. The
majority of languages still face significant challenges due to the scarcity of train-
ing data and computational resources. To address this issue, this thesis focuses on
cross-lingual transfer learning, a research area aimed at leveraging data and mod-
els from high-resource languages to improve NLP performance for low-resource
languages. Specifically, we focus on Sequence Labeling tasks such as Named
Entity Recognition, Opinion Target Extraction, and Argument Mining.

The research is structured around three main objectives: (1) advancing data-
based cross-lingual transfer learning methods through improved translation and
annotation projection techniques, (2) developing enhanced model-based transfer
learning approaches utilizing state-of-the-art multilingual models, and (3) apply-
ing these methods to real-world problems while creating open-source resources
that facilitate future research in low-resource NLP.

More specifically, this thesis presents a new method to improve data-based
transfer with T-Projection, a state-of-the-art annotation projection method that
leverages text-to-text multilingual models and machine translation systems. T-
Projection significantly outperforms previous annotation projection methods by
a wide margin. For model-based transfer, we introduce a constrained decoding
algorithm that enhances cross-lingual Sequence Labeling in zero-shot settings us-
ing text-to-text models. Finally, we develop Medical mT5, the first multilingual
text-to-text medical model, demonstrating the practical impact of our research on
real-world applications.

vii






Resumen

El Procesamiento del Lenguaje Natural (PLN) ha experimentado avances notables
en los ultimos afios, particularmente con la aparicion de Modelos de Lenguaje de
Gran Tamafio que han logrado un rendimiento sin precedentes en numerosas ta-
reas. Sin embargo, estos desarrollos han beneficiado principalmente a un pequefio
numero de idiomas con abundantes recursos, como el inglés. Asi, la mayoria de
los idiomas aun se enfrentan a desafios significativos debido a la escasez de datos
de entrenamiento y recursos computacionales. Para abordar este problema, esta
tesis se centra en el aprendizaje por transferencia crosslingiie, un area de inves-
tigacion destinada a aprovechar los datos y modelos de idiomas con abundantes
recursos para mejorar el rendimiento del PLN en idiomas con recursos mas limita-
dos. Especificamente, nos esta tesis se enfoca en tareas de Etiquetado Secuencial
como el Reconocimiento de Entidades Nombradas, la Extraccion de Foco de Opi-
nion y la Mineria de Argumentos.

La investigacion se estructura en torno a tres objetivos principales: (1) avan-
zar en los métodos de aprendizaje por transferencia crosslingiie basados en datos
mediante técnicas mejoradas de traduccién y proyeccién de anotaciones, (2) de-
sarrollar enfoques mejorados de aprendizaje por transferencia basados modelos
multilinglies de ultima generacion, y (3) aplicar estos métodos a problemas del
mundo real mediante la creacion de recursos de codigo abierto que faciliten la
investigacion futura en PLN con recursos limitados.

Més concretamente, en esta tesis se presenta un nuevo método para mejorar
la transferencia basada en datos con T-Projection, una técnica de proyeccion de
anotaciones de Ultima generacion que aprovecha los modelos multilingties texto-
a-texto y los sistemas de traduccion automatica. T-Projection supera significa-
tivamente todos los métodos anteriores de proyeccion de anotaciones. Para la
transferencia basada en modelos, introducimos un algoritmo de decodificacion
restringida que mejora el Etiquetado Secuencial crosslinglie en entornos sin recur-
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sos utilizando modelos texto-a-texto. Finalmente, desarrollamos Medical mT5, el
primer modelo médico multilingiie texto-a-texto, demostrando el impacto préactico
de nuestra investigacion en aplicaciones del mundo real.



Laburpena

Hizkuntzaren Prozesamenduan aurrerapen nabarmenak ikusi dira azken urteetan,
bereziki ataza askotan aurrekaririk gabeko errendimendua lortu duten Hizkuntza
Eredu Handien agerpenarekin. Hala ere, garapen hauek batez ere baliabide handi-
ko hizkuntza gutxi batzuen onurarako izan dira, ingelesa kasu. Hizkuntza gehie-
nek oraindik ere erronka handiei aurre egin behar diete entrenamendu-datuen eta
baliabide konputazionalen urritasuna dela eta. Arazo honi aurre egiteko, tesi ho-
nek hizkuntzen arteko transferentzia-ikasketan jartzen du arreta, hots, baliabide
handiko hizkuntzetako datuak eta ereduak aprobetxatuz baliabide urriko Hizkun-
tzetarako Prozesamenduanaren errendimendua hobetzea helburu duen ikerketa-
arloan. Zehazki, Sekuentzia Etiketatze atazetan zentratzen gara, hala nola Izendun
Entitateen Erauzketan, Iritzien Xedeen Erauzketan eta Argudio Meatzaritzan.

Ikerketa hiru helburu nagusiren inguruan egituratzen da: (1) datuetan oina-
rritutako hizkuntzen arteko transferentzia-ikasketa metodoak hobetzea itzulpen
eta anotazio-proiekzio tekniken bidez, (2) ereduetan oinarritutako transferentzia-
ikasketa hurbilpenak garatzea puntako eredu eleaniztunak erabiliz, eta (3) metodo
hauek benetako arazoei aplikatzea, baliabide urriko Hizkuntzetarako Prozesamen-
duan etorkizuneko ikerketa erraztuko duten kode irekiko baliabideak sortuz.

Zehazki, datuen transferentzia hobetzen dugu T-Projection bidez, testutik tes-
turako eredu eleaniztunak eta itzulpen automatikoko sistemak erabiltzen dituen
puntako anotazio-proiekzio metodoa. T-Projection metodoak nabarmen gaindi-
tzen ditu aurreko anotazio-proiekzio metodoak. Ereduetan oinarritutako transfe-
rentziarako, deskodifikazio murriztuko algoritmo bat aurkezten dugu, zero-shot
testuinguruetan hizkuntzen arteko Sekuentzia Etiketatzea hobetzen duena testutik
testurako ereduak erabiliz. Azkenik, Medical mT5 garatu dugu, testutik testura-
ko lehen eredu mediko eleaniztuna, gure ikerketaren eragin praktikoa erakutsiz
benetako aplikazioetan.
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1. cHAPTER

Introduction

This thesis is framed within the area of Natural Language Processing (NLP). Nat-
ural Language Processing is a multidisciplinary research eld within Arti cial
Intelligence (Al), Computer Science, and Linguistics. NLP involves a wide range
of tasks, including, Natural Language Understanding, Machine Translation, In-
formation Extraction, and Text Generation, among others. The main goal of NLP
is to enable computers to understand, interpret, and generate human language in
a way that is valuable for humans. The Ixa group, within the HiTZ center at the
University of the Basque Country, is one of the leading research teams working
in NLP. Since its foundation more than 30 years ago, the Ixa group has been a
pioneer in developing NLP tools for many different applications, with a special
focus on creating language tools for the Basque language. Moreover, Ixa has
been involved in many European and international research projects, signi cantly
contributing to languages beyond Basque.

The primary objective of this thesis is to develop cross-lingual transfer learn-
ing solutions to address the resource constraints faced by many languages, tasks,
and domains. Cross-lingual transfer learning is a research area focused on creating
models for low-resource languages by leveraging knowledge from high-resource
languages. Speci cally, this thesis explores cross-lingual transfer learning for Se-
guence Labeling tasks, such as Named Entity Recognition, Opinion Target Extrac-
tion, and Argument Mining. We propose novel methods for knowledge transfer
from high-resource to low-resource languages through translation and annotation
projection, as well as multilingual NLP models. Thus, our goal is to develop pub-
licly available models that achieve state-of-the-art performance in low-resource

1



1 INTRODUCTION

languages and to make these models accessible to the research community. This
thesis work was aligned with the objectives of the projects DeepReadiegp-
Knowledge? and Andidoté.

1.1 Motivation

Figure 1.1 — Modern LLMs, which support text, image, and other multimodal
representations, have achieved outstanding performance in a wide range of NLP
tasks. They have been applied in many real-world applications.

https://ixa2.si.ehu.eus/deepreading/
2http://ixa.si.ehu.es/node/13582
3https://univ-cotedazur.eu/antidote



1.1 MOTIVATION

Neural networks have become an indispensable resource in Natural Language
Processing (NLP). Driven by the success of the Transformer architecture (Vaswani
etal.2017), they have demonstrated outstanding performance in various challeng-
ing NLP tasks (Miret al. 2024), such as General Language Understanding (Wang
etal.2019), Question Answering (Rajpurketral.2018), Text Generation (Brown
et al.2020), Dialogue (Thoppilaat al. 2022), and Conditional Image Generation
(Rombachet al. 2022), among others. Scaling up these models in terms of pa-
rameter count and training data (Chueigal. 2022) has led to the development
of current state-of-the-art NLP systems. Large Language Models (LLMs) such
as GPT-4 (OpenAét al. 2024) and LLaMA-3 (Al@Meta 2024), trained on hun-
dreds of terabytes of text data and billions of parameters, have proven capable of
generating human-like text and have been applied in a wide range of applications,
such as the ones depicted in Figure 1.1. These cutting-edge NLP systems hold the
potential to bring signi cant societal changes (Bommassral. 2021).

Despite the remarkable progress in NLP, many challenges remain. LLMs re-
quire vast amounts of data and computational resources to achieve optimal perfor-
mance (Hoffmanret al. 2022). In addition to English, only a handful of Western
European languages (principally German, French, and Spanish) and even fewer
non-Indo-European languages (primarily Chinese, Japanese, and Arabic) domi-
nate the eld (Joshet al. 2020). While speakers of these languages bene t from
the latest innovations in Language Technology—such as quick and accurate ac-
cess to information using smart assistants, online translation services, interaction
with machines using natural language, or speeding-up their work with automatic
summarization tools, coding assistants, or image generation tools—speakers of
low-resource languages are being left behind (Bdasil. 2022).

Models consistently perform better on high-resource languages, especially En-
glish (Etxanizet al. 2024b), while their performance on low-resource languages
is signi cantly lower (Ojoet al. 2023; Ojo and Ogueji 2023). This disparity is
due to the fact that the quality and quantity of the data directly impact the perfor-
mance of the models (Liet al.2021). For the large majority of the approximately
more than 7,000 languages spoken worldwide, this data is scarce or non-existent
(Joshiet al. 2020). Therefore, obtaining optimal results would require manually
generating annotated data for each application domain and language. Given the
rapidly increasing number of tasks and domains to which NLP is applied, this is
an unfeasible task in terms of monetary cost and human effort.

The primary objective of this thesis is to develop cross-lingual transfer learn-
ing solutions to address the resource constraints faced by many languages, tasks,
and domains Cross-lingual transfer learnings a research area focused on cre-

3



1 INTRODUCTION

Figure 1.2 — lllustration of the Named Entity Recognition (NER) sequence la-
belling task. The goal is to identify and classify named entities in running text.

ating models for low-resource languages by leveraging knowledge from high-
resource languages (Conneau and Lample 2019). Cross-lingual transfer learning
uses the data and models available in high-resource languages (typically English)
to solve tasks in low-resource languages where these resources are scarce or non-
existent.

This thesis explores cross-lingual transfer learning for sequence labeling tasks.
Sequence labeling the task of assigning a label to each token in a given input
sequence (Laffertet al. 2001). Figure 1.2 illustrates the Named Entity Recog-
nition (NER) sequence labeling task, where the goal is to identify and classify
named entities in a text. Sequence labeling tasks are essential for many NLP ap-
plications, such as Information Extraction, Question Answering, and Sentiment
Analysis, among others. By applying cross-lingual transfer learning techniques,
such as translation and annotation projection, alongside multilingual NLP models,
we aim to leverage resources from high-resource languages to perform sequence
labeling in low-resource languages. Our nal goal is to develop publicly available
models that achieve state-of-the-art performance in low-resource languages.

1.2 Goals and research lines

The main goal of this thesis is to develop state-of-the-art cross-lingual transfer
learning methods for sequence labeling tasks. We aim to apply these methods
to real-world problems where the lack of resources is a signi cant issue. Addi-
tionally, we intend to provide the research community with a set of tools, as well
as generate freely available data and models that can be used in the future. The
research lines of this thesis are as follows:

* RL1: Develop better data-based cross-lingual transfer learning meth-
ods for sequence labeling tasks Data-transfer methods focus on trans-
ferring knowledge from high-resource to low-resource languages through
translation and annotation projection. At the start of this thesis, most data-



1.2 GOALS AND RESEARCH LINES

based approaches relied on statistical word alignment methods and sub-
optimal Machine Translation models. Our goal was to develop improved
data-based methods that leverage the latest advances in Machine Transla-
tion and NLP models. We also aim to explore the use of multilingual NLP
models for data transfer, which have shown promising results in other NLP
tasks.

RL2: Develop better model-based cross-lingual transfer learning meth-

ods for sequence labeling tasks.Model-transfer methods are based on
transferring knowledge from high-resource to low-resource languages through
pre-trained models. A multilingual NLP model is ne-tuned on data from
high-resource languages and then directly applied to low-resource languages.
At the start of this thesis, this approach was offering good results in many
NLP tasks using encoder-only models. Our objective is to develop improved
model-based methods by leveraging the multilingual capabilities of state-of-
the-art text-to-text pre-trained models.

RL3: Real-world application of cross-lingual transfer learning meth-

ods. We aim to apply the developed methods to real-world problems where
the lack of resources is a signi cant issue. By doing so, we aim to bet-
ter understand which scenarios are best suited for different techniques in
cross-lingual transfer learning. Additionally, we develop open-source tools,
datasets, and models to support the research community in replicating our
experiments and extending our work. These resources are intended to fa-
cilitate advancements in NLP for low-resource languages and enable their
application across diverse tasks, languages, and domains.
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1.3 Structure of the thesis

This thesis is structured as a series of interconnected papers, each building on the
previous one. The chapters are organized as follows:

In Chapter 2, we present the background of the thesis, review the state-of-the-
artin cross-lingual transfer learning for sequence labeling tasks, and introduce the
main concepts and techniques used in this research.

Chapter 3 focuses on the effectiveness of model-based and data-based cross-
lingual transfer learning methods for sequence labeling tasks. We identify the
advantages and shortcomings of each method, as well as the challenges faced
by current techniques for cross-lingual zero-resource sequence labeling. These
insights provide a foundation for the subsequent chapters.

In Chapter 4, we introduce a novel data-based method for cross-lingual trans-
fer learning in zero-resource settings. We propose T-Projection, a method that
achieves state-of-the-art performance on annotation projection tasks.

Chapter 5 presents a constrained decoding algorithm that improves the perfor-
mance of the model-based cross-lingual transfer learning approach. We demon-
strate that the constrained decoding algorithm successfully leverages text-to-text
models for sequence labeling tasks in low-resource languages achieving state-of-
the-art results.

Chapter 6 offers a case study on the application of cross-lingual transfer learn-
ing to the medical domain. We show that the methods developed in this thesis can
be successfully applied to real-world problems where resource scarcity is a signif-
icant issue. By applying both data-based and model-based methods, we develop
a comprehensive multilingual pre-training, ne-tuning, and evaluation framework
for the medical domain, culminating in the rst open-source text-to-text multilin-
gual model for the medical domain.

Finally, Chapter 7 summarizes the conclusions of the thesis, discusses the
main contributions and limitations of the work, and proposes future research di-
rections.
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1.4 List of scienti ¢ contributions

In this section, we present the scienti ¢ contributions developed throughout this
thesis. This section is divided into three parts. First, we present the publications
that are included in this manuscript. Next, we provide a list of publications closely
related to the thesis topic but not included in this manuscript. Finally, we list
publications from other lines of research that are outside the scope of this thesis.

All papers are listed in chronological order.
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1.4.2 Closely Related Contributions
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of advancing Information Extraction systems.
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1.4.3 Contributions that are not part of the Thesis
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els, particularly regarding Bias and Data Contamination. Although not directly
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for the work conducted in the thesis.

Ander Salaberria, Jon Ander Campos, Iker Garcia-Ferdergeba Fernan-
dez de Landa

In Proceedings of the IV. Ikergazte (2021). Nazioarteko ikerketa euskaraz.
Kongresuko artikulu bilduma. Ingeniaritza eta Arkitektura.
http://ixa.si.ehu.es/node/13328

,
| |

Joseba Fernandez de Landa, Iker Garcia-Ferferder Salaberria, Jon An-
der Campos

In Proceedings of the IV. Ikergazte (2021). Nazioarteko ikerketa euskaraz.
Kongresuko artikulu bilduma. Ingeniaritza eta Arkitektura.
http://ixa.si.ehu.es/node/13327

,
.

Iker Garcia-FerreroBegofia Altuna, Javier Alvez, Itziar Gonzalez-Dios,
German Rigau.
Proceedings of the 2023 Conference on Empirical Methods in Natural Lan-
guage Processing

https://doi.org/10.18653/v1/2023.emnlp-main.531

[EY
o



1.4 LIST OF SCIENTIFIC CONTRIBUTIONS

Oscar Sainz, Jon Ander Campos, Iker Garcia-Feraiten Etxaniz, Oier

Lopez de Lacalle, Eneko Agirre
Findings of the Association for Computational Linguistics: EMNLP 202
https://doi.org/10.18653/v1/2023. ndings-emnlp.722

Joseba Fernandez de Landa, lker Garcia-Ferferder Salaberria, Jon An-
der Campos

Proceedings of the 3rd Annual Meeting of the Special Interest Group|on
Under-resourced Languages @ LREC-COLING 2024
https://aclanthology.org/2024.sigul-1.44

Iker Garcia-FerrerdBegofia Altuna
Journal Procesamiento del Lenguaje Natural, 2024
http://journal.sepln.org/sepln/ojs/ojs/index.php/pln/article/view/6610

Oscar Sainz, Iker Garcia-Ferremlon Jacovi, Jon Ander Campos, Yana

Elazar, Eneko Agirre, Yoav Goldberg, Wei-Lin Chen, Jenny Chim, Leshem
Choshen, Luca D'Amico-Wong, Melissa Dell, Run-Ze Fan, Shahriar
Golchin, Yucheng Li, Pengfei Liu, Bhavish Pahwa, Ameya Prabhu,
Suryansh Sharma, Emily Silcock, Kateryna Solonko, David Stap, Mihai
Surdeanu, Yu-Min Tseng, Vishaal Udandarao, Zengzhi Wang, Ruijie Xu,
Jinglin Yang
Proceedings of The 1st Workshop on Data Contamination (CONDA) |@
ACL 2024

https://aclanthology.org/2024.conda-1.4/

11






	Abstract
	Resumen
	Laburpena
	Table of Contents
	Table List
	Figure List
	Introduction
	Motivation
	Goals and research lines
	Structure of the thesis
	List of scientific contributions
	Contributions included in the thesis
	Closely Related Contributions
	Contributions that are not part of the Thesis

	List of open-source resources
	Open source software
	Open source datasets
	Open source models


	Related Work
	NLP and Deep Learning: Scaling compute and data
	Cross-Lingual Transfer Methods
	Data-based transfer
	Model-based transfer


	Data transfer vs Model transfer
	Motivation and contributions
	Methodology
	Data transfer
	Model transfer

	Experimental Setup
	Datasets
	Machine Translation
	Word Alignments
	Sequence labeling Models

	Experimental Results
	Opinion Target Extraction
	Named Entity Recognition
	Discussion

	Error Analysis
	Downstream evaluation of Machine Translation Models
	Evaluating the Projection Method
	Categorization of mistakes

	Conclusions

	Improving Data Transfer
	Motivation and contributions
	T-Projection
	Candidate Generation

	Candidate Selection
	Experimental Setup
	Datasets
	Baselines
	Models Setup

	Intrinsic Evaluation
	Annotation Projection Quality
	The Role of the Candidates
	How many candidates are necessary?
	Model size and performance

	Extrinsic Evaluation
	T-Projection vs other annotation projection systems
	T-Projection vs Model-transfer

	Conclusions

	Improving Model Transfer
	Motivation and contributions
	Related Work
	LLMs for sequence labeling
	Constrained decoding

	Approach
	Input-Output Representation
	Constrained decoding

	Experimental Setup
	Language Models and baselines
	Training Setup
	Evaluation Metrics

	Experiments
	Named Entity Recognition
	Opinion Target Extraction
	Event Extraction
	Model Transfer vs Data Transfer

	Ablation Study
	Conclusion

	Medical MT5: Cross-Lingual Transfer for Domain-Specific Task
	Motivation and Contributions
	Related Work
	Compiling a Multilingual Corpus for the Medical Domain
	English
	Spanish
	French
	Italian

	Medical mT5
	Pre-training Medical mT5

	Generating New Multilingual Benchmarks
	Argument Mining
	Question Answering

	Experimental Setup
	Datasets
	Conversion to Text-to-Text Format
	Baselines
	Hyperparameters settings

	Experimental Results
	Sequence labeling Tasks
	Abstractive Question Answering

	Conclusion

	Conclusion and future work
	Future work

	Bibliography
	Appendix
	Original papers
	García-Ferrero et al. (Findings of the Association for Computational Linguistics: EMNLP 2022)
	García-Ferrero et al. (Findings of the Association for Computational Linguistics: EMNLP 2023)
	García-Ferrero et al. (LREC-COLING 2024)


