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ABSTRACT

Language Models for Natural Language Processing (NLP) have constituted a significant
area of research and development for over two decades, with a notable trend towards
increasing model complexity and size. The general expectation is that larger models with
more trainable parameters will achieve superior performance, which has been largely
validated by the breadth of research and multitude of models introduced over the years.
This thesis introduces GreekDeBERTa, a specialized language model for modern Greek,
designed primarily to enhance accuracy in NLP tasks. To explore the effects of model
size and training tasks on performance, three distinct models were developed: a base
model trained on the Masked Language Modeling (MLM) task, a base model trained on the
Replacement Token Detection (RTD) task, and a smaller model also trained on the RTD
task. These variations allow for a comprehensive evaluation of how different configurations
impact the models' effectiveness in various NLP applications.

GreekDeBERTa follows the architecture of the original DeBERTa model, which is known
for its Disentangled Attention mechanism and Enhanced Mask Decoder. The architecture
is designed to improve the model's ability to understand context and semantics by separating
content and position information. This architecture is especially advantageous in handling
complex language structures, making it an ideal choice for developing a model tailored to
the intricacies of the Greek language.

After developing and pre-training our model on a substantial dataset, we evaluated its
performance on three widely used downstream NLP tasks: Part of Speech Tagging (PoS
Tagging), Named Entity Recognition (NER), and Natural Language Inference (NLI). Given
that GREEK-BERT utilized the F1 score to measure accuracy, we also adopted this metric
to facilitate direct comparisons. Our results revealed that all three of our models surpassed
GREEK-BERT across all tasks. Specifically, the GreekDeBERTa,.se MLM model achieved
an F1 score of 98.4% in PoS tagging, outperforming GREEK-BERT's 98.1%. For the NER
task, the same model reached an F1 score of 86.5%, exceeding GREEK-BERT's 85.7%.
In the NLI task, the GreekDeBERTaV3,.se RTD variant led with an F1 score of 80.0%,
compared to GREEK-BERT's 78.6%.

The development of these models marks a significant exploration of DeBERTa variants for

the Greek language, setting new standards in NLP tasks. The DeBERTa models demonstrated
superior capabilities in handling the complexities of the Greek language, surpassing the
previously leading GREEK-BERT model. While the base variants of DeBERTa offer exceptional
accuracy, they are resource-intensive. The GreekDeBERTaV3sman RTD model, though
slightly behind in performance, provides a practical alternative with about 51% faster
processing, making it suitable for applications where computational efficiency is paramount.

Overall, the introduction of GreekDeBERTa models represents an advancement in Greek
NLP. This work not only improves accuracy across multiple tasks but also highlights the
versatility of DeBERTa architecture in adapting to underrepresented languages like Greek,
demonstrating significant potential for future applications.

SUBJECT AREA: Artificial Intelligence, Machine Learning, Natural Language Processing

KEYWORDS: DeBERTa, Named Entity Recognition, Natural Language Inference, Part
of Speech Tagging, Disentangled Attention, Enhanced Mask Decoder, Masked Language
Modeling, Replacement Token Detection



NEPIAHWH

Ta YAWoOIKA povTéAa yia Tnv eTTeCepyacia Quoikng yAwooag (NLP) atroteAouv onuavTikéd
TOMEQ €peuvag Kal avATITUENG YIa TTEPICCOTEPES OTTO BUO DEKAETIES, PE EvTovn TAON TTPOG
TNV aug¢non TnG TTOAUTTAOKOTNTAG KAl TOU PEYEBOUG Twv PovTéAwv. H yevikr TTpoodokia
gival OTI Ta HEYOAUTEPA PHOVTEANQ PE TTEPIOCOTEPES TTAPANETPOUG EKMABNONG Ba ETTITUXOUV
avwTepn atrodoaon, KATI TTou £XEl o€ JeEYAAO BaBud eTTIKUPpWOET aTTd TNV €KTAON TNG €PEU-
vagG Kal To TTARBOG TwV PoVTEAWYV TTOU £X0UV €l00X0Ei he TRV TTAPOSO TWV XPOvwyv. AuTh
n TrTuxiakn Trapoucidlel 1o GreekDeBERTa, éva €€e1dikeupévo YAWOOIKO JOVTEAO yia TN
ouyxpovn eAANVIKA YAwooa, oXedIaouEVO KUpiwg yia va BEATIWOEI TNV aKpiBeia OTIG £p-
yaoieg NLP. Na va €€epeuvOoupEe TIG ETITITWOEIC TOU PEYEBOUG TOU POVTEAOU Kal TWV
EPYQOIWV EKTTAIdEUONG OTNV ATTOd0CN, AVATITUXONKAV Tpia dIAKPITA JOVTEAQ: Eva Baoiko
MovTéAO ekTTaIdEUPEVO 0TV epyacia Masked Language Modeling (MLM), éva Baoiko po-
vTéAo ekTTaIdEUEVO OTNV epyacia Replacement Token Detection (RTD) kai éva JIKpOTEPO
MovTéAO eTTiong ekTTaIdeupévo oTtnv gpyacia RTD. AuTég ol TTapaAAayEG ETTITPETTOUV [id
oAoKANPpwEVN agloAdynan Tou TTWGS SIOPOPETIKES BIANOPPUICEIS ETTNPEACOUV TNV OTTOTE-
AEOPATIKOTNTA TWV PHOVTEAWV O€ dIAYopeS epappoyES NLP.

To GreekDeBERTa akoAouBgi Tnv apXITEKTOVIK TOu apXikou poviéAou DeBERTa, To otroio
gival yvwoTo yia Toug pnxaviopoug Disentangled Attention kai Enhanced Mask Decoder.
H apxITekToVIKR €x€I OXEDIAOTEI yIa va BEATIWOEI TNV IKAVOTNTA TOU JOVTEAOU VA KATOVOE(
Ta oup@padopeva Kal T onuacioloyia, diIaxwpEiCovTag TIG TTANPOPOPIES TTEPIEXOUEVOU KAl
B£ong. AuTh n apXITEKTOVIKN €ival 1IdIaiTEPA ATTOOOTIKA OTNV AVTIMETWITION OUVOETWY YAWO-
OIKWV dOWYV, KABIOTWVTAG TNV I0AVIKHA ETTIAOYH YIO TNV AVATITUEN VOGS JOVTEAOU TTPOCAP-
MOOMEVOU OTIG IDITEPOTNTES TNG EAANVIKAG YAWOOOG.

AQoU avaTtrTUgaUE Kal TTPOEKTTAIOEUCAUE TO HOVTEAO PAG O€ VA EKTETANEVO GUVOAO dEDO-
MEVWYV, aloAoynoaue TNV atrddoar] TOU OE TPEIG EUPEWS XPNOIMOTTOIOUNEVES KATNYOPIES
epyaoiwv NLP: Emonuavon Twv Mepwv Tou Adyou (PoS Tagging), Avayvwpion Ovoua-
Totroinpévwy OvrotTwy (NER) kal E¢aywyr Aoyikou Zuptrepdopartog (NLI). Acdouévou
o1 To GREEK-BERT xpnoigotroinoe mn Yetpiki F1 yia tn g€tpnon tng akpiBeiag, uioBeTnA-
OQE KAl EUEIC AUTH TN PETPIKN YIA VA DIEUKOAUVOUUE AUECEG OUYKPIoEIG. Ta attoTeEAEOUATA
Mag £dei1gav OTI Kal Ta Tpia povTéAa pag emépacav To GREEK-BERTo€ OAeg TIG pyaaieg.
Zuykekpipéva, 1o poviéAo GreekDeBERTapase MLM TTéTUXE BOBPOAOYia F1 98,4% otnv
epyaoia PoS, utrepBaivovtag 10 98,1% Tou GREEK-BERT. 21nV ¢pyacia NER, 10 idi0 po-
vTéAo €@pTace o€ BaBuoloyia F1 86,5%, EemrepvwvTtag 10 85,7% Tou GREEK-BERT. Z1NnVv
epyaoia NLI, n mapardayry GreekDeBERTaV3p.se RTD €ixe Tnv KaAuTtepn atrdédoon e
BabuoAoyia F1 80,0%, o€ ouykpion ue 10 78,6% Tou GREEK-BERT.

H avdamTu¢n autwyv Twv JOVTEAWY ONPATOOOTEI PO onUAVTIKA €€€pelivnon Twv TTapaAAa-
ywv DeBERTa yia Tnv eAAnVvIKn yAwooa, kaBopifovTtag véa TrpoTutra oTig epyacies NLP. Ta
povTéAa DeBERTa €6cigav €CaIpETIKES IKAVOTNTEG OTNV AVTIUETWTTION TWV TTOAUTTAOKOTH-
TWV TNG EAANVIKAG YAWOOOG, UTTEPRAiVOVTAG TO TTPONYOUNEVWG KUupiapxo povTéAo GREEK-
BERT. Evw o1 Baoikég Tapallayég Tou DeBERTa mrpoo@épouv e€aIpeTIKN akpifela, gival
amraITNTIKEG O0€ TTOPOUG. To HovTéAo GreekDeBERTaV3ygmai , AV KOl EAAQPWG UOTEPEI OTNV
atrdédo0n, TTapéXEl PIa TTPAKTIKY) EVOANOKTIKA AUon pe TTepitrou 51% TaxUuTtepn emmeéepya-
oia, KaBIoTWVTAG TO KATAAANAO YIO €QAPUOYEG OTTOU N ATTOBOTIKOTNTA OE TTOPOUG Eival
KPIOIUNG onuaciog.

2UVOAIKA, n eicaywyn Twv povtéAwv GreekDeBERTa avtirpoowTrevel pia mpdodo oTnv



eANVIKN NLP. Autd 10 £pyo OXI HOVO BEATIWVEI TNV AKPIBEIa O TTOANATTAEG EpYOTiES, AAAG
Kal utToypaupi¢el Tnv euehigia Tng apxitekTovikg DeBERTa oTnv TTpocapuoyr) o€ UTTOEK-
TIPOOWTTOUMEVEG YAWOOEG OTTWG T EAANVIKA, DEIXVOVTAG ONUAVTIKO OUVAMIKO YIa PHEANO-

VTIKEG EQAPMOYEG.

OEMATIKH NMEPIOXH: Texvnth Nonuoouvn, Mnxavikry Mabnon, Emeéepyacia PuUOIKig
Mwooag

AEZEIZ KAEIAIA: DeBERTa, Avayvwpion Ovopatotroinuévwy Ovrothtwy, EEaywyr Aoyikou
2upTtrepaocparog, Emonuavon Twv Mepwv Tou Adyou, Disentangled Attention, Enhanced Mask
Decoder, Masked Language Modeling, Replacement Token Detection
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The Large Language Model GreekDeBERTa

1. INTRODUCTION

The evolution of artificial intelligence (Al) and natural language processing (NLP) has been
profoundly influenced by the advent of transformer-based models. These models, epi-
tomized by architectures like BERT (Bidirectional Encoder Representations from Trans-
formers), revolutionized NLP by employing a bidirectional training mechanism. This ap-
proach enables the model to consider the context from both directions, significantly en-
hancing the understanding of language. BERT’s architecture includes multiple layers of
self-attention, allowing the model to weigh the importance of different words in a sentence
relative to one another, thus capturing various aspects of linguistic structure and mean-
ing. This bidirectional nature, combined with the extensive pre-training on large corpora,
has set new benchmarks in various NLP tasks such as question answering and language
inference.

Building on the foundation laid by BERT, DeBERTa (Decoding-enhanced BERT with dis-
entangled attention) introduced significant improvements. DeBERTa incorporates a dis-
entangled attention mechanism, which separates the representation of word content and
position, thus allowing the model to handle the complexities of language more effectively.
Additionally, it features an enhanced mask decoder, which aids in better capturing the
dependencies in the text. These innovations have enabled DeBERTa to surpass its pre-
decessors in terms of accuracy.

This thesis explores the development and evaluation of GreekDeBERTa, a specialized
variant of the DeBERTa model pre-trained in Greek language. The research focuses on
adapting the DeBERTa architecture to better capture the nuances and complexities of
modern Greek, which is an underrepresented language in the NLP field. Three different
models are trained and compared: a base model trained on Masked Language Modeling
(MLM), another base model trained on Replacement Token Detection (RTD), and a smaller
model also trained on RTD. The thesis evaluates these models across several NLP tasks,
including Part of Speech Tagging, Named Entity Recognition, and Natural Language In-
ference, comparing their performance with existing models like GREEK-BERT.

This thesis consists of the following chapters :

Chapter 2: Background

The second chapter delves into the theoretical foundations of artificial intelligence and
machine learning. It covers various types of machine learning, including supervised, un-
supervised, and reinforcement learning, and discusses essential NLP tasks. The chapter
also introduces neural networks and deep learning, setting the stage for understanding
advanced models like transformers.

Chapter 3: Related Work

This chapter reviews the literature on existing NLP models, focusing on BERT and its
variants, including GREEK-BERT and DeBERTa. It outlines the key advancements and
limitations of these models, providing a context for the development of GreekDeBERTa.

Chapter 4: GreekDeBERTa
The fourth chapter introduces the GreekDeBERTa model, describing its architecture and
the methodologies employed for its training. It covers topics about the server resources,

data cleaning, preprocessing, and the creation of a specialized vocabulary for modern
Greek.

Chapter 5: Evaluation Tasks

A. Koukouvinis 14



The Large Language Model GreekDeBERTa

This chapter evaluates the performance of GreekDeBERTa on several NLP tasks, includ-
ing Part of Speech Tagging, Named Entity Recognition, and Natural Language Inference.
It provides a comparative analysis with other models like GREEK-BERT, using F1 score
to demonstrate the improvements.

Chapter 6: Conclusions
The final chapter provides and overview and evaluation of the whole thesis.

A. Koukouvinis 15



The Large Language Model GreekDeBERTa

2. BACKGROUND

This chapter presents an overview of the key concepts and technologies that form the
foundation of this research. It covers the evolution and applications of Artificial Intelligence
(Al), Machine Learning (ML), Natural Language Processing (NLP), Deep Learning, Neural
Networks, and Transformer architectures, which are crucial for understanding the topic
discussed in this thesis.

2.1 Atrtificial Intelligence

Atrtificial Intelligence (Al) refers to simulation of human intelligence to machines, providing
them problem-solving capabilities. The term Al encompasses numerous technologies, in-
cluding machine learning (ML) and natural language processing (NLP). Al can be broadly
classified into two categories : Wake Al and Strong Al [34]. Weak Al is trained and focuses
to perform specific tasks, whereas Strong Al represents a theoretical form of Al in which
a machine would possess intelligence equivalent to that of humans. This concept begins
with Alan Turing’s work, where by posing the question "Can Machines think?”, he starts
the exploration of the limits of machine intelligence, proposing the idea that machines may
exhibit behavior indistinguishable from that of a human [78]. The initial formalization of Al
field was done by John McCarthy, who first proposed the term ’artificial intelligence’, set-
ting the foundations for the evolution of the field in a more academic manner [44].

Over the years, the reputation and funding of Al experienced fluctuations, going through
a number of active and inactive cycles, often described as Summers and Winters accord-
ingly. Initially, from 1957 to 1974, Al flourished as computers were becoming faster and
cheaper , with optimistic statements about being close to create machines "with the gen-
eral intelligence of an average human being” [12], these were the years of the first Al Sum-
mer. However, after a nearly 20-year period of huge interest, the lack of computational
resources combined with the false predictions and exaggerations by the experts [11], led
to the first Al Winter - a period marked by reduced funding and interest in Al research, this
period lasted roughly 6 years, between 1974 and 1980. Interest reignited in 1980’s with
the emerge of expert systems which mimicked the decision making process of a human
expert : the program would deduce rules based on answers of experts in different fields.
During the years 1980 to 1987, the funding raised again, resulting in the second Summer
of Al. Unfortunately, most of the ambitious goals were not met and companies would not
align with the specialized needs of expert systems, resulting in the harsh second Winter
of Al. During this period, even the term Al was avoided and the investments in the field
of Al were limited. However, this was the time when the backpropagation algorithm was
revisited, starting a new era in Neural Networks (NN) and generally in Al[68]. Finally, the
development of Support Vector Machines (SVMs) [15], the improvement on NN techniques
and computational hardware combining with the raise of Internet that resulted in bigger
amounts of data, led to the end of the second Winter of Al. This marked the beginning of
a new era of regulated optimism in Al that we are living in.
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2.2 Machine Learning

Machine learning (ML) is a branch of Al and computer science that focuses on the using
data and algorithms to enable Al to imitate the way that humans learn, gradually improv-
ing its accuracy[36]. The main distinction between ML and traditional programming, is that
"rules” are not explicitly coded by humans : ML discover patterns in data automatically us-
ing a ML algorithm. In the end of the day, ML defines a mathematical representation of a
problem : a model. ML algorithm must have a model characterized by parameters which
are adjusted during learning process. During the training process the model will make
some decisions, which are problem defined, based on the data given. Initially, those de-
cisions will be random, or more accurately defined by the initial values of the parameters,
the weights, of the model. While the training continues, weights change based on how
accurate the decision was. To measure accuracy, ML algorithms use an error function
that evaluates the decision of the model. Based on the evaluation, the algorithm will use a
method to adjust the weights, this is called the optimization function. The training process
could last from seconds to months, depending on the size of the model and how accurate
we want the model to be in the training data. This is the process of fitting : Fitting refers
to adjusting the values of the parameters in the model to improve accuracy. The goal of
fitting is to create a model that performs well on unseen data, meaning that the model
needs to generalize well in new data . Ultimately, generalization of a model to new data
is what makes ML useful in computer science. Overfitting occurs when a model learns
the training data too well, including its noise and outliers, resulting in poor performance
on new data. Conversely, underfitting happens when a model is too simple to capture the
underlying patterns in the data, leading to inadequate performance both on the training
data and new data [5].

2.21 Types of Machine Learning
ML algorithms can be divided into five categories [30]:

» Supervised machine learning : In this type of ML, the model is trained on labeled
data : there are the input variables (usually feature vectors) and the output targets
(labels), the algorithm learns the mapping function from inputs to outputs by discov-
ering hidden patterns. While this type of learning can achieve high levels of accur-
acy, it may be really difficult to acquire sufficient amount of labeled data. Supervised
learning can be broadly divided into two main categories [58] :

1. Classification : In classification tasks, the goal is to predict a discrete label or
category for a given input, for example ’positive’ or 'negative’, ’'spam’ or 'not-
spam’. We could further divide the classifiers to Binary Classifiers and Multi-
class Classifiers [75].

2. Regression : In regression tasks, the objective is to predict a continuous value
based on input data, for example given the features of a house to predict its
value. We could further divide Regression algorithms into Linear and Non-
linear Regression.

* Unsupervised machine learning : Unsupervised learning is a type of ML where the
model is trained on data without labeled responses : the data is available only in the
form of an input and there is no corresponding output variable. The primary goal is
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to identify patterns, structures, or relationships within the data [20]. Unlabeled data
is often easier to be acquired since there is no need for prior processing, however
those algorithms are highly dependent on the quality of the input data : noisy data
can significantly affect the model’s accuracy. The most common technique in unsu-
pervised learning is cluster analysis : grouping of data points into clusters based on
their features relying on the natural groupings that are formed within a dataset.

+ Self-supervised machine learning : self-supervised (SSL) is a type of ML model
that learns from unlabeled data by generating its own labels, this is done by finding
and exploiting relationships between the various input features. The goal of self-
supervised learning is to minimize the need for labeled data by yielding ’pseudo-
labels’ from unlabeled data [40]. After creating the 'pseudo-labels’, the model uses
these pseudo-labels to learn patterns and features from the data. This phase is
treated like supervised learning, where the model attempts to minimize the error
between its predictions and the pseudo-labels. In essence, SSL leverages the struc-
tured learning process of supervised learning without needing external labeled data,
thus combining the strengths of both supervised and unsupervised approaches.

* Reinforcement learning : reinforcement learning is a type of ML that trains an
agent to make decisions in order to achieve the optimal result. It operates on the
principles of trial and error, exploring various actions to discover the most reward-
ing strategies. The agent receives feedback in the form of rewards or penalties,
which it uses to update its knowledge and improve future actions [9]. One of the
challenges that arise in reinforcement learning, and not in other kinds of learning, is
the trade-off between exploration and exploitation. To obtain a lot of reward, a rein-
forcement learning agent must prefer actions that it has tried in the past and found
to be effective in producing reward. The agent has to exploit what it already knows
in order to obtain reward, but it also has to explore in order to make better action
selections in the future [73]. Reinforcement learning is based on Markov Decision
Process, a mathematical modeling of decision-making problems, characterized by
states, actions, rewards, and transition probabilities. The agent learns by moving
through states in each time step, taking actions based on a policy, and updating
its knowledge with rewards received, thus improving its decision-making over time.
Reinforcement learning algorithms are common in video game development and are
frequently used to teach robots how to replicate human tasks.

+ Semi-supervised learning : As the name suggests, this is an intermediate level
between supervised and unsupervised learning techniques, by using both labeled
and unlabeled data [41]. This method is used in situations that sufficient labeled data
are hard to find but a large amount of unlabeled data is available. Semi-supervised
learning uses the limited labeled data to infer patterns in unlabeled data improving
its efficiency.

2.2.2 Datasets, Cleaning and Feature Engineering

ML models use training datasets to learn patterns, validation datasets to tune hyperpara-
meters and prevent overfitting, and test datasets to evaluate their performance on unseen
data. Usually, the validation set is a part of the dataset (10-30% of it) that is not used
for training, but instead it is used to evaluate how well the model inferences with unseen
data [6]. However, data found in the real world may be noisy, incomplete, or inconsist-
ent, necessitating cleaning to remove errors and ensure that the data is appropriate to be
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used. Key steps of data cleaning include modifying and removing incorrect and incom-
plete data fields, identifying and removing duplicate information and unrelated data, and
correcting formatting, missing values, and spelling errors. Furthermore, a crucial step in
enhancing the model’s performance is feature engineering, which involves transforming
raw data into meaningful features that better represent the underlying patterns. Feature
engineering methods include techniques such as creating new features through mathem-
atical transformations, combining existing features, and encoding categorical variables
[17].

2.2.3 Evaluation and Optimization

ML aims to optimize the accuracy of the model. Accuracy needs somehow to be measured
: the loss function, also known as the cost or objective function, quantifies the difference
between the predicted outputs of a model and the actual target values. So ML models can
then be trained by optimizing the value of the loss function [54]. Finding the suitable loss
function to be used can be tricky and depends largely on the nature of the problem and the
model being used. There is a variety of loss function families, common examples include
Mean Squared Error (MSE) for regression tasks and Cross-Entropy Loss for classification
tasks. Having found a way to represent the loss of the model in mathematical form, op-
timization algorithms are employed to adjust the model parameters to minimize the loss
function, thereby improving the model’s performance. The primary objective is to find
the optimal set of parameters that lead to the lowest possible loss, indicating the highest
model accuracy. Most of the deep model training is still based on the back propagation
algorithm, which propagates the errors from the output layer backward and updates the
variables layer by layer with the gradient descent based optimization algorithms [87]. This
iterative method adjusts the parameters in the opposite direction of the gradient of the loss
function with respect to the parameters.

2.3 Natural Language Processing

Natural Language Processing (NLP) is a field of Al that focuses on the interaction between
computers and human (natural) languages, enabling computers to understand, interpret,
and generate human language in a valuable way. It uses a variety of computational tech-
niques in order to bridge the gap between human communication and computer under-
standing [67].

2.3.1 History
We could divide the history of NLP in 4 phases [49] :

1. Phase 1: Late 1940s to Late 1960s The first phase of NLP, spanning from the late
1940s to the late 1960s, was primarily focused on machine translation. Despite the
enthusiasm and optimism of this period, researchers faced considerable challenges
due to the limited power of early computational systems, with small storage and
processing power. During the first phase of NLP, methods used included dictionary-
based word-for-word translation and the development of autonomous sentence gram-
mars and parsers to resolve syntactic and semantic ambiguities. Despite limited
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computing resources, a lot of the foundational work was done through this period,
establishing key techniques for syntactic analysis and lexicon building. However,
the period ended with the infamous 1966 ALPAC Report, which criticized the lack of
progress in Machine Translation and led to a significant reduction in funding for NLP
research.

2. Phase 2: Late 1960s to Late 1970s The second phase of NLP, spanning from
the late 1960s to the late 1970s, was influenced by the developments in Al, focus-
ing on incorporating world knowledge and inference into NLP systems. This phase
emphasized in semantic understanding and the construction of meaning representa-
tions, via methods like semantic networks, scripts, and case frames to represent and
process knowledge. While the work done during this period was very optimistic, the
results were usually domain-specific, due to the limitations in computational power,
being really hard to create a general-purpose NLP model. The phase concluded
as researchers recognized the difficulties in building robust, general-purpose NLP
systems.

3. Phase 3: Late 1970s to Late 1980s The third phase of NLP, spanning from the late
1970s to the late 1980s, emphasized in grammatico-logical methods, focusing on
formal grammatical theories and logic-based knowledge representation. This phase
emphasized syntax-driven compositional interpretation into logical forms, supported
by efficient parsing algorithms derived from context-free base grammar theories. It
was during this period that the statistical NLP started, an approach that gave birth to
the NLP as we know it today. This kind of algorithms were based on statistics and
probability theory, leveraging large corpora of text to model language patterns and
improve tasks such as speech recognition, parsing, and machine translation.

4. Phase 4: Late 1980s Onward The fourth phase, spanning from late 1980s to early
1990s, is marked by the shift to statistical language data processing. Researchers
began to collect and analyze large amounts of text data to identify patterns and im-
prove language understanding. This era saw the rise of techniques like probabilistic
tagging and ML, which allowed systems to learn from data rather than relying solely
on predefined rules. These advancements led to significant improvements in NLP
applications, making them more accurate and adaptable for tasks such as speech
recognition, machine translation, and information retrieval.

2.3.2 Neural Networks in NLP

In it first steps, NLP relied heavily on rule-based systems and statistical methods, which in-
volved extensive manual labor and were limited in their ability to generalize across different
languages and contexts. This changed with the developments in NN that enabled models
to learn directly from data and discover patterns in the data itself, without the need of hu-
man guidance [29]. Since ML and NN algorithms cannot handle non-numeric input, there
is a need to represent words and sentences using numbers. The two naive approaches
would be to encode each word with a unique number (One-Hot Encoding) or counting the
frequency of words in different text fragments (Bag-of-Words) [83]. Both methods result in
high-dimensional, sparse (mostly zero) data and are unable to reuse information learned
from previous appearances of a word. This changed with the introduction of word embed-
dings. Word embeddings are dense vector representations of words in a continuous vector
space. These embeddings capture semantic similarities between words by placing similar
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words closer together in this space. Models like Word2Vec [76] and GloVe [47] analyze
the context in which words appear in large corpora of text and provide word representa-
tions that are dense and can store information about a word based on the context. NN
have further revolutionized NLP through the development of more complex architectures
that are going to be discussed in next sections.

2.3.3 NLP tasks

Through the development of NLP, several tasks have been proposed in order to enable
machines to understand, interpret, and respond to human language. Some of those tasks
include [39] [46] :

Speech Recognition (or Speech-to-Text): the task of converting voice data to text
data. Speech recognition works by converting spoken language into text using Al
and ML algorithms to analyze sound patterns and linguistic structures. It is widely
used in fields such as healthcare, automotive, and consumer technology. Chal-
lenges include accurately recognizing diverse accents, handling background noise,
and differentiating between similar-sounding words. [42]

Parts of speech tagging: Parts of Speech (POS) tagging involves assigning each
word in a text to a particular grammatical category, such as noun, verb, adjective,
etc., which helps in understanding the structure and meaning of sentences. This
process is used in fields such as information retrieval, text-to-speech systems, and
machine translation, but it faces challenges like handling ambiguous words and ac-
curately tagging in different linguistic contexts [57].

Word Sense Disambiguation: Word Sense Disambiguation (WSD) is the task
of determining the correct meaning of a word in context, used for improving the
accuracy of NLP applications such as machine translation and information retrieval.
WSD faces difficulties due to polysemy, where words have multiple meanings, and
the need for large datasets to train effective disambiguation models. [59]

Named entity recognition: Named Entity Recognition (NER) identifies and classi-
fies key entities in text, such as names of individuals, organizations, and locations,
for better information extraction and text analysis. NER is used in various fields
including healthcare, finance, and cybersecurity to improve data organization and
decision-making processes. NER difficulties include handling ambiguous entities,
nested entities, and varying entity representations across different contexts and lan-
guages. [37]

Sentiment analysis: Sentiment analysis is a the process of determining the emo-
tional tone of digital text, classifying it as positive, negative, or neutral. It is used in
fields like customer service, brand monitoring, and market research to analyze large
volumes of text data, such as social media comments and reviews. Challenges
include accurately interpreting sarcasm, handling negations, and dealing with multi-
polarity within sentences [10].

Machine translation: Machine translation is used to translate text from one lan-
guage to another, maintaining the meaning and context of the original text. It is used
for applications such as global communication, real-time customer service, and data
analysis. Challenges include maintaining contextual accuracy and the need for large
datasets for training effective models [8].
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* Natural language generation: Text generation is used to create human-like text,
useful in applications like content creation, customer service, and language transla-
tion. It leverages techniques such as NN and transformer-based models to produce
coherent and contextually appropriate text. Challenges include maintaining quality,
ensuring diversity, and addressing ethical concerns [43].

There are many other NLP tasks, but these are the most common and closer to the subject
of this thesis.

2.4 Deep Learning

Deep learning is a subset of ML that focuses on algorithms inspired by the structure and
function of the human brain, known as artificial neural networks (ANN). These networks
consist of multiple layers, enabling the the model to capture complex patterns in large
datasets. The deep learning process involves feeding data through these layers, where
each layer extracts higher-level features from the raw input, progressively processing
the information. This progression of computations through the network is called forward
propagation [35]. The model then uses backpropagation, and adjusts the weights and
biases of the network by calculating errors and propagating them backward through the
layers to minimize these errors. This iterative process allows the model to learn from the
data, gradually enhancing its accuracy [29]. The output layer of a deep learning model is
the final layer where the network’s predictions or classifications are made, based on the
results of the previous layers. Deep learning is used in image and speech recognition,
enabling technologies such as facial recognition systems and virtual assistants like Siri
and Alexa. It is also applied in NLP tasks, such as language translation and sentiment
analysis, and in autonomous driving systems to interpret sensor data and make real-time
driving decisions [7]. The most common approach in deep learning is the use of NN, which
are discussed in the next section.

2.5 Neural Networks

Neural networks (NN) are models that simulate the way the human brain processes in-
formation, using layers of nodes, or neurons. These networks are composed of an input
layer, one or more hidden layers, and an output layer, where each node in a layer is con-
nected to nodes in the subsequent layer, each with associated weights. By passing data
through these layers and adjusting the connections based on errors, NN can learn to re-
cognize patterns, classify data, and make decisions similar to the human brain. [32]. By
being non linear, NN can capture complex patterns in data and with sufficient training and
data, state of the art models can be created offering high accuracy in many tasks.

2.5.1 Modelization of brain

The human brain functions as a complex, highly efficient information-processing system,
with billions of neurons interconnected by ftrillions of synapses. Neurons communicate
through electrical impulses known as action potentials, which propagate along axons and
are transmitted across synapses via chemical signals. This network enables the brain to
receive and perceive information, make decisions, and respond to stimuli. NN model this
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biological system by using artificial neurons and synapses to process information. These
networks mimic brain functions by learning from data, adjusting synaptic weights, and pro-
ducing outputs that simulate human decision-making processes. Although ANN are much
simpler than the brain, they are inspired by its structure and mechanisms. The activation
function in a neural network defines the output of a neuron based on its input, modeling
the way biological neurons process signals. There are mainly two types of activation func-
tions: the threshold function and the sigmoid function. The threshold function outputs a
binary value based on whether the input exceeds a certain threshold. The sigmoid func-
tion provides a smooth transition between 0 and 1, allowing for more accurate outputs
and enabling the model to capture complex, nonlinear relationships. This function is also
differentiable, which is crucial for training NN using backpropagation [28].

2.5.2 Architecture of Neural Networks

A typical neural network has three types of layers: the input layer, hidden layers, and the
output layer. The input layer receives the raw data, the hidden layers perform computa-
tions and extract features, and the output layer generates the final prediction or classifica-
tion. [2]. Activation functions determine the output of a neuron by applying a mathematical
transformation to the input signals. The input layer is the first layer of a neural network and
is responsible for receiving the initial data. Each neuron in this layer represents a feature
of the input data. For example, in image processing, each neuron might represent a pixel’s
intensity value. Hidden layers, may be absent in some very simple NN models, however in
practice, to increase accuracy, multi-layered approaches are being followed : the neurons
are arranged in layered fashion, in which the input and output layers are separated by a
group of hidden layers [2]. Information moves only in one direction, from the input layer
through any hidden layers and finally to the output layer. This is the simplest kind of arti-
ficial neural network using no cycles or different directions of information spreading [18],
this type of NN are called Feed Forward NN. Activation functions play a crucial role in the
functioning of NN. They introduce non-linearity into the network, allowing it to model com-
plex data patterns. Some of them are presented in the image below : Activation functions
take the weighted sum of inputs as their input and apply a mathematical transformation
to produce an output that determines whether a neuron should be activated. This output
can range from 0 to 1 for the sigmoid function, -1 to 1 for the tanh function, and from 0 to
the input value for the ReLU function, allowing the network to model complex, non-linear
relationships in the data. Typically, in classification tasks, a special function called the
Softmax function is used to convert raw outputs into probabilities. It then chooses the
highest probability to make the final classification.

2.5.3 Training a Neural Network

NN are theoretically capable of learning any mathematical function with sufficient train-
ing data, and some variants like recurrent NN are known to be Turing complete. Turing
completeness refers to the fact that a neural network can simulate any learning algorithm,
given sufficient training data [2]. In practice, the data needed to achieve this and the train-
ing time is extraordinarily large to do that. Training a neural network involves the process
of optimizing the network’s parameters so that it can accurately map inputs to the desired
outputs. This process is iterative and it can be broken up into 4 steps :

1. Forward Propagation : we talk about it in the previous subsection, it is the the
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Figure 2.1: Various activation functions

process of passing the input data through the hidden layers of the network to obtain
the output.

2. Loss Computation : The loss function, also known as the cost function, is a way
to quantify the discrepancy between the network’s prediction and the actual target.
Some of the most common loss functions are Mean Squared Error and Cross En-
tropy Loss. It is important to note that the correct output must be known to compute
this function, meaning the training data should be labeled. Alternatively, the neural
network model can produce the ’correct output’ using techniques like pseudo-labels.

3. Backpropagation : In multi-layered NN the loss is a complicated composition func-
tion of the weights in earlier layers [2]. During the backward phase, the goal is to
learn the gradient of the loss function with respect to the different weights by using
the chain rule of differential calculus. Then gradients are propagated backward from
the output layer to the input layer, adjusting the weights and biases along the way.
The further the distance between two layers, the smaller the impact the gradient
has on them during backpropagation. This phenomenon, known as the vanishing
gradient problem, occurs because gradients tend to diminish as they are propag-
ated backward through the network, making it difficult for the earlier layers to learn
effectively [4].

4. Weight Updates : Once the gradients are computed, the network’s weights are
updated to minimize the loss. This is typically done using an optimization algorithm
such as gradient descent [60]. Key component in this step is the Learning Rate
. it dictates the magnitude of the steps the model takes during gradient descent
[16]. A large learning rate can lead to faster convergence but risks overshooting the
optimal solution, whereas a small learning rate ensures more precise convergence
but can result in significantly slower training. Some of the most common gradient
descent algorithms are Stochastic Gradient Descent, Mini-batch Gradient Descent,
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and Adam, while there are some non-gradient descent algorithms like Genetic Al-
gorithms and Simulated Annealing, which explore different optimization strategies
and can be useful in scenarios where gradient descent might struggle.

In conventional NN, the primary components that undergo change during training are the
weights and biases of the neurons, the other components remain the same.

2.5.4 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are designed for sequential data like text sentences
and time-series and the connections between their units form a directed cycle, creating
an internal state that allows them to exhibit dynamic temporal behavior. Unlike feedfor-
ward neural networks, RNNs can use their internal state (memory) to process sequences
of inputs, making them capable of learning dependencies over time. They achieve this
by maintaining a hidden state that captures information about previous elements in the
sequence, allowing the network to make informed predictions about future elements [69].
RNNs are implemented to handle sequential data by maintaining a memory of previous
inputs, which influences their current output. This is done by using loops within their archi-
tecture, where the output from one time step is fed as input to the next. RNNs are trained
using Backpropagation Through Time (BPTT), an extension of backpropagation suited for
sequence data. [31] RNNs were proposed to address the limitations of traditional NN in

Output O Output Oy
b ow, W, b —————
Hidden Layer H Hidden Layer H,
Wi
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Input X Input X;

Feedforward Neural Network Recurrent Neural Network

Figure 2.2: Visualization of differences between Feedfoward NNs and Recurrent NNs

handling sequential data, where the order and context of inputs are crucial. However,
despite their promising capabilities, RNNs face significant challenges. One of the primary
limitations is the difficulty in learning long-term dependencies due to the vanishing gradient
problem, where gradients of the loss function decrease exponentially during backpropaga-
tion through time, making it hard for the network to learn and retain information over long
sequences [55]. To deal with these issues, variants like Long Short-Term Memory (LSTM)
networks were developed which are discussed in the next subsection.

2.5.5 Long Short-Term Memory Neural Networks

Long Short-Term Memory (LSTM) networks are a type of RNN specifically designed to
address the limitations of standard RNNs in learning long-term dependencies. Traditional
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RNNs struggle with the vanishing gradient problem, where gradients diminish exponen-
tially during backpropagation through time, making it difficult to learn and remember long-
range dependencies in sequential data. LSTMs overcome this by incorporating a memory
cell and three gating mechanisms (input gate, output gate, and forget gate) that regulate
the flow of information, enabling the network to maintain and update its cell state effect-
ively over long sequences [70].

The core of an LSTM is its memory cell, which retains information over arbitrary time in-
tervals. The input gate controls the extent to which new information flows into the cell, the
forget gate determines what portion of the past cell state should be discarded, and the out-
put gate regulates the output from the cell. This architecture allows LSTMs to selectively
remember or forget information, effectively managing the issue of vanishing gradients.
Consequently, LSTMs are highly effective for tasks involving long-term dependencies,
such as language modeling, machine translation, and time-series forecasting [27].

The implementation of LSTM networks involves constructing a network with a series of
LSTM cells, each containing input, output, and forget gates that control the flow of inform-
ation. During training, the cell states are updated at each time step based on the current
input and the previous hidden state. The forget gate decides which information from the
previous cell state to discard, the input gate determines what new information to store, and
the output gate controls the output to the next LSTM cell. This architecture allows LSTMs
to maintain and update their internal states, enabling them to learn complex temporal pat-
terns over long sequences. The network is typically trained using backpropagation through
time (BPTT), which adjusts the weights of the gates to minimize prediction errors over the
training data. Despite their complexity, frameworks like TensorFlow and PyTorch provide
efficient implementations of LSTMs, making them accessible for practical applications in
various domains [65][74].

Despite their advantages, LSTMs have certain limitations. They are computationally in-
tensive due to their complex architecture and require significant computational resources
for training and inference. Additionally, LSTMs involve many hyperparameters (e.g., num-
ber of layers, number of units per layer, learning rates) that need careful tuning to achieve
optimal performance. This tuning process can be time-consuming and requires substan-
tial expertise. Moreover, while LSTMs mitigate the vanishing gradient problem, they can
still face challenges with very long sequences and may not always capture extremely
long-term dependencies as effectively as more advanced models like the Transformer
architecture [72].

2.6 Transformers

The Transformer model, introduced in the seminal 2017 paper "Attention is All You Need”
[81], revolutionized the field of deep learning by eliminating the need for recurrence in
NN. Unlike RNNs and LSTMs, which process data sequentially, Transformers utilize a
self-attention mechanism to process input sequences in parallel, significantly enhancing
computational efficiency and enabling the handling of long-range dependencies in data.
This architecture has become foundational in NLP and has been applied to various tasks
including machine translation, text generation, and more [33].

Transformers utilize two primary techniques: positional encoding and self-attention. Po-
sitional encoding assigns unique positional information to tokens, allowing the model to
understand the order of the sequence. Self-attention enables the model to weigh the
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importance of each token in relation to others in the sequence, capturing contextual rela-
tionships efficiently. These innovations allow Transformers to excel in tasks requiring the
understanding of complex patterns and long-range dependencies, making them a power-
ful tool in modern Al applications such as OpenAl’'s GPT and Google’s BERT models.

2.6.1 Attention

The attention mechanism was introduced in the paper "Neural Machine Translation by
Jointly Learning to Align and Translate” [14], which fundamentally changed how NN handle
sequential data. This method allows the model to focus on relevant parts of the input se-
quence dynamically, enhancing its ability to capture dependencies by aligning and trans-
lating simultaneously. This innovation laid the groundwork for subsequent developments
in neural network architectures, particularly in improving the performance and efficiency
of models used in tasks such as machine translation and text generation. Some of the
important concepts introduced in the paper "Attention is All You Need” are :

* Query - Key - Value : Before continuing, we need to make clear what are these
components and how they are used [80].

The query vector represents the element of interest or the context from the current
position in the input sequence or the previous layer’s output. It is used to determ-
ine the similarity or relevance between this context and other elements in the input
sequence, specifically the key vectors. For instance, when translating “apple” from
English to French, "apple” is the query, the keys are representations of all words in
the English sentence, and the values are their corresponding translations in French.

The key vector, like the query vector, is a projection of the input data and is associ-
ated with each element in the input sequence. Key vectors determine the relevance
of each input element to the query, typically calculated using a dot product or an-
other similarity measure. For example, in translating "apple,” key vectors could be
representations of words like ["cat,” "apple,

The value vector, like the key vector, is a projection of the input data and is asso-
ciated with each element in the input sequence. It stores the information used to
update the query’s representation, weighted by attention scores derived from query-
key interactions. Higher attention scores increase the importance of corresponding
value vectors in the final output. For example, in translating "apple,” value vectors

might be ["chat,” "pomme,” "arbre,” ”jus”], representing the corresponding French
translations.

”» " LEE

tree,” "juice’].

» Scaled dot-product Attention : attention mechanism that computes attention weights
using a scaled dot product to measure the similarity between vectors. The scaling
prevents attention weights from becoming excessively large, and the output is a
weighted sum of the values, determined by the calculated attention weights. The
final output is computed by the following formula :

Attention((Q), K, V') = softmax (QKT) Vv (2.1)
Y ) - \/d—k .

with dj the keys dimension

* Multi-head attention : attention mechanism that employs multiple scaled dot-product
attention heads operating in parallel, each with distinct query, key, and value matrices.
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This setup enables the model to attend to various parts of the input simultaneously,
enhancing its ability to learn complex relationships within the data. The individual
outputs from each head are concatenated to form a richer representation of the in-
put. For instance, in translating "I love my dog” from English to French, different
heads might focus on different word pairs, producing a more nuanced and accurate

translation.
Scaled Dot-Product Attention Multi-Head Attention
Mathul
Concat
I

Mask (opt.) Scaled Dot-Product J& A

Attention - '
1l H 1l

I [

[Linear [Linear Linear
7 7

Q K v

Figure 2.3: Attention mechanism

+ Self-attention : attention mechanism allowing a neural network to focus on different
parts of its own input, crucial for handling long and complex texts in NLP tasks. It
uses the scaled dot-product attention mechanism where the query, key, and value
matrices are identical, enabling the model to attend to different parts of the same
input sequence.

2.6.2 Transformer Architecture

Transformer utilize an encoder-decoder structure. The encoder maps an input sequence
of symbols into continuous representations, which the decoder then uses to generate an
output sequence of symbols, one element at a time. This process is auto-regressive,
meaning the model uses previously generated symbols as additional input for generating
the next symbol. The Transformer model follows this architecture but employs stacked
self-attention and fully connected layers for both the encoder and decoder.

The Transformer’s encoder consists of a stack of six identical layers, each comprising
a multi-head self-attention mechanism followed by a position-wise fully connected feed-
forward network. Residual connections and layer normalization are applied around each
sub-layer, maintaining an output dimension of 512. Similarly, the decoder includes six
identical layers, with an additional sub-layer performing multi-head attention over the en-
coder’s output. The decoder’s self-attention mechanism is modified to prevent future po-
sitions from being attended to, ensuring that predictions for each position depend only on
the known outputs of preceding positions [21].
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Figure 2.4: Transformer architecture

In addition to attention sub-layers, each layer in the Transformer’s encoder and decoder
includes a fully connected feed-forward network applied identically to each position. This
network consists of two linear transformations with a ReLU activation in between. Since
the Transformer model, unlike RNN, lacks recurrence and convolution, it must incorpor-
ate information about the sequence order to process tokens effectively. This is achieved
by adding "positional encodings” to the input embeddings in both the encoder and de-
coder stacks. These positional encodings enable the model to utilize sequence order by
summing the encodings with the embeddings. The positional encodings are derived from
sine and cosine functions of different frequencies, allowing the model to attend to relative
positions easily [81].
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3. RELATED WORK

This chapter provides an overview of the foundational research and models that have con-
tributed to the development of advanced natural language processing systems. It explores
notable models such as BERT, GREEK-BERT, DeBERTa, and their variations, highlighting
the evolution of transformer-based models and their impact on NLP tasks.

3.1 BERT

BERT [45] (Bidirectional Encoder Representations from Transformers) is a transformer-
based model implemented by Google’s Al Language team that pre-trains deep bidirec-
tional representations from unlabeled text by conditioning on both left and right context
in all layers. Transformers, the core architecture of BERT, utilize self-attention mechan-
ism, which allows the model to weigh the importance of different words in a sentence
relative to each other, regardless of their position. The attention mechanism in BERT is
characterized by multiple attention heads within its transformer layers. These heads fo-
cus on different parts of a sentence, capturing various aspects of the linguistic structure
and meaning. Each attention head in BERT can attend to different elements within the
input sequence, such as specific tokens, positional offsets, or even broad sentence-wide
patterns [51].

BERT can be fine-tuned with a single additional output layer to achieve state-of-the-art
results on various NLP tasks without substantial task-specific architecture modifications.
BERT builds on existing techniques by addressing the limitations of unidirectional lan-
guage models in pre-training representations, which are particularly restrictive for fine-
tuning approaches. To overcome this, BERT employs a masked language model (MLM)
pre-training objective, where some tokens in the input are randomly masked, and the
model predicts these tokens based on their surrounding context. This enables BERT to
pre-train deep bidirectional representations, enhancing its ability to capture relationships
from both directions. In addition to the MLM, BERT introduces a "next sentence prediction”
task to pre-train text-pair representations, further improving its utility for tasks involving
pairs of sentences. BERT follows a two-step procedure : pre-training and fine-tuning.
During pre-training, BERT is trained on unlabeled data across various tasks, and for fine-
tuning, it is initialized with pre-trained parameters and adjusted using labeled data from
downstream tasks. Each downstream task has its own fine-tuned model, though they all
start from the same pre-trained parameters.

BERT (Ours) OpenAl GPT

Figure 3.1: Bidirectional vs left-to-right
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3.1.1 Pre-training
Two unsupervised tasks are used to pre-train BERT:

+ Masked LM It is reasonable to believe that a deep bidirectional model is inherently
more powerful than unidirectional models or a combination of both directions. How-
ever, traditional language models can only be trained in one direction to avoid the
model predicting the target word by "seeing itself.” To train a bidirectional represent-
ation, BERT employs a technique called masked language modeling (MLM), where
random tokens in the input are masked and the model predicts these masked tokens
based on the context provided by the surrounding words. While this approach allows
for effective bidirectional pre-training, it creates a conflict between pre-training and
fine-tuning because the [MASK] token is absent during fine-tuning. To address this,
BERT replaces masked tokens with the [MASK] token only 80% of the time, with
random tokens 10% of the time, and leaves them unchanged 10% of the time. This
strategy deals with the mismatch and ensures that the model learns representations
that are effective during fine-tuning for downstream tasks. The advantage of this
procedure is that the Transformer encoder must maintain a contextual representa-
tion for every input token, as it doesn’t know which tokens it will need to predict or
which have been randomly replaced, and because random replacements only oc-
cur for 1.5% of all tokens, it minimally impacts the model’s language understanding
capability.

* Next Sentence Prediction (NSP) Understanding the relationship between two sen-
tences is crucial for many downstream tasks such as Question Answering (QA) and
Natural Language Inference (NLI). To train a model that can comprehend sentence
relationships, BERT uses a pre-training task called next sentence prediction (NSP).
In this task, pairs of sentences are created from a monolingual corpus where 50%
of the time, the second sentence follows the first (labeled as IsNext), and the other
50% of the time, it is a random sentence (labeled as NotNext). This task helps the
model learn sentence relationships effectively.

3.1.2 Embeddings

BERT uses WordPiece embeddings [85], these embeddings, developed by Google, elim-
inate the problem of out-of-vocabulary words that often plague other models such as
Word2Vec and GloVe [66].Each sequence in BERT begins with a special classification
token ([CLS]), and sentence pairs are combined into a single sequence, distinguished by
a special token ([SEP]) and a learned embedding indicating whether each token belongs to
sentence A or B. For any given token, its input representation is constructed by summing
its corresponding token, segment, and position embeddings. Token embeddings capture
the identity of the subword units, segment embeddings differentiate between different sen-
tences in tasks involving pairs of sentences, and position embeddings encode the position
of each token in the sequence. By summing these embeddings, BERT constructs a rich
input representation for each token that includes context, segment, and positional inform-
ation. In BERT, a fixed vocabulary of 30,000 tokens is used for WordPiece embeddings.
These embeddings break down words into smaller, more manageable pieces, allowing
the model to represent rare words as combinations of more common subwords. This ap-
proach not only mitigates the out-of-vocabulary problem but also enhances the model’s
ability to understand and generate language more effectively [45].
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Figure 3.2: BERT input representation.

3.1.3 Fine-tuning

Fine-tuning BERT is straightforward due to the self-attention mechanism in the Trans-
former, which allows BERT to adapt to various downstream tasks by simply adjusting the
inputs and outputs. During fine-tuning, task-specific inputs and outputs are plugged into
BERT, and the model parameters are updated end-to-end. Fine-tuning BERT is relatively
inexpensive compared to pre-training. It can be completed within an hour on a single
Cloud TPU or a few hours on a GPU, starting from the pre-trained model. This efficiency
makes BERT highly adaptable and practical for various NLP tasks, enabling it to achieve
state-of-the-art results with minimal additional computational cost.

3.1.4 Models
The BERT models provided from the original paper are :

* BERTpase:

Layers (L): 12

Hidden size (H): 768
Attention heads (A): 12
Total Parameters: 110M

* BERT arge:

Layers (L): 24

Hidden size (H): 1024
Attention heads (A): 16
Total Parameters: 340M

3.1.5 Experiments

The BERT fine-tuning experiments present impressive results across a range of NLP
tasks, demonstrating significant advancements in natural language understanding (NLU)
[45].
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* GLUE Benchmark The General Language Understanding Evaluation (GLUE) bench-
mark consists of diverse NLP tasks that measure the model’s understanding and
interpretation capabilities. BERT’s fine-tuning approach uses the final hidden vec-
tor corresponding to the [CLS] token as the aggregate representation, introducing
only the classification layer weights during fine-tuning. The results indicate that both
BERTpase and BERT 4e Outperform all prior state-of-the-art models across all tasks
in the GLUE benchmark. BERT e, in particular, shows significant improvements,
especially in tasks with smaller datasets, due to its larger model size and capacity
to capture more nuanced information.

» The Stanford Question Answering Dataset (SQUAD) tasks involve predicting answer
spans within a given passage. BERT employs a simple method, representing the in-
put question and passage as a single sequence. The model introduces start and end
vectors to predict the answer span, achieving improvements over existing systems.
In SQUAD v1.1, BERT 4e, both as a single model and an ensemble, outperforms the
top leaderboard systems. SQUAD v2.0 extends the task by allowing for questions
with no answer, where BERT also excels, showing a notable +5.1 F1 improvement
over the previous best system.

» The Situations With Adversarial Generations (SWAG) dataset tests grounded com-
monsense inference by requiring the model to choose the most plausible continu-
ation of a given sentence. BERT’s approach constructs input sequences with sen-
tence pairs and uses the [CLS] token’s representation to score each choice. BERT 4rge
achieves a remarkable improvement over the ESIM+ELMo baseline and the OpenAl
GPT model.

3.2 GREEK-BERT

GREEK-BERT [48] is a monolingual BERT-based language model specifically designed
for the modern Greek language. Its architecture follows the BERT-BASE-UNCASED
model, which consists of 12 layers of Transformer encoders, 768 hidden units, and 12
attention heads. GREEK-BERT was pre-trained on 29 GB of Greek text from diverse
sources, including Greek Wikipedia, Europarl, and OSCAR, a cleaned version of Common
Crawl. This extensive pre-training allows GREEK-BERT to capture the unique linguistic
characteristics of modern Greek, resulting in high-quality, context-aware representations
of sub-word tokens and entire sentences.

3.2.1 Motivation and NLP Resource Gap for Greek

The development of GREEK-BERT addresses the gap in natural language processing
(NLP) resources for the Greek language, which has traditionally lagged behind resource-
rich languages like English. Multilingual models, such as M-BERT and XLM-R, include
Greek but only allocate a small portion of their vocabulary to Greek sub-words. This lim-
ited allocation leads to excessive word fragmentation in these models. GREEK-BERT, in
contrast, uses a vocabulary of 35,000 sub-words specifically tailored for the Greek lan-
guage, significantly reducing fragmentation and improving text understanding.
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Figure 3.3: GREEK-BERT Architecture

3.2.2 Pre-training Corpus and Vocabulary

GREEK-BERT was pre-trained on a diverse corpus of 29 GB of Greek text, derived from
the following sources:

» Greek Wikipedia

» The Greek portion of the European Parliament Proceedings Parallel Corpus (Euro-
parl)

* OSCAR, a cleaned version of Common Crawl

The model’s vocabulary consists of 35,000 sub-words created using the Byte-Pair Encod-
ing (BPE) technique, tailored specifically for the Greek language. This focus on a single
language enhances GREEK-BERT’s ability to process and generate accurate Greek text.

3.2.3 Performance and Comparison with Multilingual Models

GREEK-BERT has demonstrated state-of-the-art performance across several NLP tasks,
including part-of-speech (PoS) tagging, named entity recognition (NER), and natural lan-
guage inference (NLI). It outperforms multilingual models, such as M-BERT and XLM-R,
by margins of 5-10%.

After pre-training, GREEK-BERT was fine-tuned and evaluated on three core downstream
tasks:

» Part-of-Speech (PoS) Tagging: Achieved an accuracy of 98.02% - 98.18%.
* Named Entity Recognition (NER): Achieved an F1 score between 84.7% - 86.7%.

* Natural Language Inference (NLI): Reached accuracy scores between 77.98% -
79.2%.
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Despite its strong performance in NER and NLI, GREEK-BERT showed slightly lower res-
ults in PoS tagging when compared to other models, though the difference was marginal.

3.2.4 Future Directions

The release of GREEK-BERT, along with its training code, offers a valuable resource for
the NLP community. The developers aim to encourage further research and applications in
Greek NLP, providing an opportunity to develop more sophisticated language processing
tools. Future work may include pre-training on larger corpora or extending GREEK-BERT
for earlier forms of the Greek language, such as classical Greek.

3.3 DistilBERT: A Distilled Version of BERT

In recent years, large-scale pre-trained models have revolutionized NLP, significantly im-
proving performance across a wide range of tasks. However, these models, such as
BERT come with the challenge of high computational costs and large memory require-
ments, which limit their deployment in resource-constrained environments. To address
this, DistilBERT [82] was introduced as a distilled version of BERT. Distillation is a com-
pression technique where a smaller model, referred to as the student, is trained to replicate
the behavior of a larger teacher model or an ensemble of models [26].

DistilBERT reduces the size of the original BERT model by 40%, while retaining 97% of
its performance on various downstream tasks. Additionally, it is 60% faster at inference
time, making it a more practical option for real-time applications on edge devices. This
is achieved through knowledge distillation applied during the pre-training phase, rather
than post-training, enabling the smaller model to capture the inductive biases of the lar-
ger BERT model. The result is a model that maintains the flexibility of BERT in a more
computationally efficient form.

3.3.1 Architecture and Training Process

The architecture of DistiiBERT follows the Transformer model [81], similar to BERT, but
with several modifications. The number of layers is reduced by half, while components
like the token-type embeddings and the pooler are removed to streamline the architec-
ture. Importantly, the student network is initialized from the teacher by selecting every
other layer from the original BERT model. This initialization helps the student model con-
verge more efficiently during training. DistiiBERT is trained using a triple loss function that
combines the masked language modeling loss (Lyim), the distillation loss (Lcg), and a co-
sine distance loss (Lcos) that aligns the hidden states of the student and teacher models.
This combination of losses ensures that the distilled model captures both the linguistic
knowledge from the training data and the knowledge transfer from the larger model.

3.3.2 Performance and Efficiency

DistiBERT was benchmarked on various NLP tasks, demonstrating impressive results.
For example, it retained 97% of BERT’s performance on the GLUE benchmark and in
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Figure 3.4: The DistilBERT model architecture and components.

question answering tasks such as SQUAD v1.1, DistiiBERT achieved competitive results
with BERT, despite being significantly smaller.

One of the key advantages of DistilBERT is its efficiency. With 40% fewer parameters
than BERT, it is 60% faster in inference, making it ideal for scenarios where computational
resources are limited, such as mobile devices. This efficiency was further demonstrated in
a proof-of-concept mobile application, where DistiiBERT achieved a 71% speed-up over
BERT in real-time question answering tasks on an iPhone 7 Plus .

3.3.3 Distillation Procedure

The distillation process utilizes large batch training with dynamic masking and gradient
accumulation over up to 4,000 examples per batch. The student model is trained on the
same corpus as BERT, including English Wikipedia and the Toronto Book Corpus [86],
and requires significantly less computational power compared to models like RoOBERTa
[84]. Specifically, DistiiBERT’s training was completed on 8 V100 GPUs over 90 hours,
highlighting the cost-effectiveness of the model in terms of both computational and energy
resources.

In conclusion, DistiBERT presents a compelling solution for deploying state-of-the-art
NLP models in resource-constrained environments, offering a practical trade-off between
model size, computational efficiency, and performance.

3.4 DistiiGREEK-BERT

In this chapter, we introduce DistiiGREEK-BERT [50], a distilled version of the GREEK-
BERT model, which aims to offer a lighter and less complex language model for modern
Greek. The following sections outline the architecture, pre-training, and fine-tuning pro-
cesses of DistiGREEK-BERT, as well as its comparison to the original GREEK-BERT
model.
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3.4.1 Architecture and Data Sources

DistiGREEK-BERT follows the architecture of the DistiBERT model [82]. The goal of
this distillation process is to reduce the complexity of GREEK-BERT while retaining most
of its performance, making it suitable for applications where computational efficiency is
essential. DistiGREEK-BERT is pre-trained under the supervision of GREEK-BERT, with
knowledge distillation as the central technique.

Both GREEK-BERT and DistiiGREEK-BERT were pre-trained on data sourced from Greek-
language corpora, including the Greek version of Wikipedia, the European Parliament Pro-
ceedings Parallel Corpus (Europarl) , and OSCAR [?], a clean version of Common Crawl.
The total dataset used for pre-training was 27GB, consisting of 2.473 billion words, which
was split into training (25.5GB) and evaluation (1.5GB) sets.

3.4.2 Data Preprocessing

Before pre-training, the raw data underwent extensive preprocessing to ensure consist-
ency and usability. HTML-like tags, such as document, speaker, and paragraph markers,
were removed. Sentences were tokenized using the n1tk package , and non-Greek char-
acters, including numbers, URLs, and symbols, were filtered out. Additional cleaning steps
included removing single characters (except for Greek articles like "0” and ”n”), converting
all text to lowercase, and truncating long sentences to a maximum of 512 tokens. After
preprocessing, the final dataset consisted of 10,304 files, with 9,581,283 sentences in the

training set and 710,883 sentences in the evaluation set.

3.4.3 Data Encoding

The preprocessed data was then tokenized using a modified version of the BertTokenizer
from HuggingFace. The tokenizer is based on the WordPiece algorithm [85], which splits
words into subword tokens. For consistency, the vocabulary used by GREEK-BERT, which
contains 35,000 tokens, was adopted for DistiiGREEK-BERT. This approach prevented
discrepancies between the two models and ensured that the tokens shared between them
remained aligned, avoiding the need to re-pretrain GREEK-BERT with a new vocabulary.

3.4.4 Fine-Tuning of GREEK-BERT

In order to supervise the training of DistiGREEK-BERT, GREEK-BERT was fine-tuned
on the updated dataset. Fine-tuning was conducted on the training set (25.5GB), with
periodic evaluations on the 1.5GB evaluation set. The training utilized a batch size of 8
and applied gradient accumulation to overcome the limited capacity of the GPU. During
this process, MLM loss decreased from 2.53 to 2.03, indicating steady progress. Despite
limited resources, the fine-tuned GREEK-BERT was able to impart substantial knowledge
to DistiIGREEK-BERT, which performed comparably on downstream tasks.

3.4.5 Pre-Training DistiiGREEK-BERT

The pre-training of DistiGREEK-BERT was conducted using the fine-tuned GREEK-BERT
as a teacher model. This involved initializing the student model by copying specific layers
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from the teacher model. DistiiGREEK-BERT, with approximately 40% fewer parameters
than GREEK-BERT, underwent pre-training for three epochs using a combination of MLM
loss, knowledge distillation loss, and cosine embedding loss. Despite the reduced com-
plexity of DistiiGREEK-BERT, the model achieved an accuracy of 0.56, only 4% lower than
its teacher.

In summary, DistiGREEK-BERT demonstrates that it is possible to maintain competitive
performance in Greek-language NLP tasks while significantly reducing model size and
training time.

3.4.6 Results

After pre-training, DistiiGREEK-BERT was evaluated on several common NLP tasks. These
included PoS Tagging, NER, and NLI. The same datasets were used for the fine-tuning
and evaluation of both DistiGREEK-BERT and GREEK-BERT to ensure fair comparison.

For PoS tagging, the Greek Universal Dependencies Treebank (GUDT) was used. The
model achieved high accuracy (97%) on this task, showing that it can perform similarly to
GREEK-BERT, which achieved 98.2% [48]. The fine-tuning process took about 2 minutes
per experiment with DistiiGREEK-BERT, compared to 4 minutes for GREEK-BERT, show-
ing that DistiIGREEK-BERT was approximately 60% faster.

In the NER task, the model identified and classified entities like Person, Organization, and
Location from Greek text. DistiiGREEK-BERT achieved an F1-score of 83.5%, closely
matching the performance of GREEK-BERT, which had an F1-score of 85.7% [48]. DistiGREEK-
BERT was also 66% faster than GREEK-BERT in fine-tuning, making it a compelling al-
ternative for tasks requiring faster performance without significant loss in accuracy.

For the NLI task, the model was tested on the Cross-lingual Natural Language Inference
(XNLI) corpus , which requires determining whether two sentences are related by entail-
ment, contradiction, or neutrality. DistiGREEK-BERT achieved an accuracy of 74.47%,
retaining about 95% of the performance of GREEK-BERT, which had an accuracy of
78.6%. While this task proved more challenging than the others, DistiGREEK-BERT was
still 52% faster in fine-tuning compared to GREEK-BERT.

3.5 DeBERTa

DeBERTa (Decoding-enhanced BERT with disentangled attention) [61] is a model that im-
proves upon the BERT and RoBERTa models through two innovative techniques. These
techniques are the disentangled attention mechanism and an enhanced mask decoder.
The disentangled attention mechanism represents each word with two vectors encod-
ing its content and position, respectively, and computes attention weights using separ-
ate matrices for content and relative position. The enhanced mask decoder incorporates
absolute positions in the decoding layer for predicting masked tokens during model pre-
training. Additionally, a new virtual adversarial training method is employed during fine-
tuning to improve the model’s generalization capabilities.
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3.5.1 Disentangled attention

Unlike BERT, where each word in the input layer is represented by a single vector com-
bining its content and position embeddings, DeBERTa uses two separate vectors for each
word to encode its content and position. The attention weights among words are computed
using disentangled matrices based on their contents and relative positions. This method
acknowledges that the attention weight between a pair of words depends not only on their
contents but also on their relative positions. For example, the dependency between the
words "deep” and "learning” is stronger when they occur next to each other compared to
when they are in different sentences. This approach allows for a more nuanced under-
standing of word relationships.

DeBERTa introduces a more sophisticated approach [22] by using two separate vectors
for each token to encode its content (/;) and relative position (F; ;) with respect to another
token at position j. This method allows for a more nuanced representation of tokens and
their relationships.

The calculation of cross-attention scores between tokens i and j in DeBERTa is decom-
posed into four components:

Aij = HiH] + H;P}, + P;;H] + P; P},

Jli

(3.1)

H, P
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Figure 3.5: Computation of cross-attention score between two embedding vectors.

This decomposition includes content-to-content, content-to-position, position-to-content,
and position-to-position interactions. However, because the position-to-position term does
not provide significant additional information in the context of relative position embeddings,
it is omitted in the implementation.

In existing models, relative position encoding typically uses a separate embedding mat-
rix to compute relative position biases, which corresponds to using only the content-to-
content and content-to-position terms. DeBERTa argues for the importance of the position-
to-content term as well, which ensures that attention weights reflect not just the content
but also the relative positions of word pairs.

For single-head attention, the disentangled self-attention mechanism with relative position
bias is formulated as:

A. Koukouvinis 39



The Large Language Model GreekDeBERTa

Vd
H, = softmax(A)V (3.3)

Q=HW, K=HW, V=HW, A

(3.2)

Here, H represents the input hidden vectors, H, the output of self-attention, and W,, W,
W, are projection matrices. The relative distance (i, j) between tokens i and j is defined
and used to compute position embeddings.

DeBERTa incorporates relative position embeddings into the self-attention mechanism by
projecting content vectors and position vectors separately:

Qc=HW,., K.=HW;., Ve=HW,., Q,=PW,,, K,=PW;, (3.4)

The attention matrix is then:

Aij = Quililj + Quilsi ) + KejQrsiia) (3.5)

This formulation ensures that attention scores incorporate both content and positional
information accurately. A scaling factor \/%E is applied to stabilize training, especially for

large-scale pre-trained language models (PLM).

By setting the maximum relative distance k to 512 during pre-training, DeBERTa efficiently
computes disentangled attention weights, reducing the space complexity to O(kd) for stor-
ing relative position embeddings. This method leverages the reuse of relative position
embeddings across all layers, significantly optimizing memory usage and computational
efficiency.

3.5.2 Enhanced Mask Decoder

DeBERTa utilizes a MLM approach similar to BERT, where the model predicts masked
words based on the surrounding context. However, DeBERTa enhances this process by
incorporating absolute position embeddings in the softmax layer, which decodes masked
words using aggregated contextual embeddings of word contents and positions. By ac-
counting for absolute positions, DeBERTa more accurately predicts masked tokens. The
disentangled attention mechanism already considers the contents and relative positions
of the context words, but not their absolute positions, which can be crucial for accurate
predictions.

Consider the sentence "a new store opened beside the new mall” with the words ”store”
and "mall” masked for prediction. Using only the local context (i.e., relative positions and
surrounding words) is insufficient for the model to distinguish between "store” and "mall”
since both follow the word "new” with the same relative positions. To address this limita-
tion, the model needs to consider absolute positions as complementary information to the
relative positions. For instance, the subject of the sentence is "store,” not "mall.” These
syntactical nuances largely depend on the words’ absolute positions in the sentence.

There are two methods for incorporating absolute positions. The BERT model incorpor-
ates absolute positions in the input layer. In contrast, DeBERTa incorporates them right
after all the Transformer layers but before the softmax layer for masked token predic-
tion. This approach allows DeBERTa to capture relative positions throughout the Trans-
former layers and use absolute positions as complementary information when decoding
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Figure 3.6: Absolute Position Incorporation

the masked words. Thus, DeBERTa’s decoding component is termed an Enhanced Mask
Decoder (EMD).

3.5.3 Scale Invariant fine-tuning

Virtual adversarial training is a regularization method aimed at improving a model’s gen-
eralization by enhancing its robustness to adversarial examples. These examples are
generated by making small perturbations to the input, and the model is regularized to
produce the same output distribution for both the original and the perturbed examples.

For NLP tasks, the perturbation is applied to the word embedding rather than the original
word sequence. However, the norms of the embedding vectors can vary significantly
among different words and models. This variance becomes larger for models with billions
of parameters, leading to instability in adversarial training, so DeBERTa utilizes the SiFT
algorithm, which enhances training stability by applying perturbations to the normalized
word embeddings. Specifically, when fine-tuning DeBERTa for a downstream NLP task,
SiFT first normalizes the word embedding vectors into stochastic vectors and then applies
the perturbation to the normalized embedding vectors.

3.5.4 Experiments and Results

DeBERTa was evaluated on several NLU tasks, comparing its performance with existing
models like BERT, RoBERTa [84] , and XLNet. The models were tested using both large
and base configurations.

DeBERTa,qe outperformed other models in various tasks:

* GLUE Benchmark: DeBERTa achieved an average score of 90.00, surpassing
models like RoBERTa and XLNet.
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* MNLI: Achieved 91.1% accuracy, setting a new state-of-the-art.

* SQUuAD v2.0: Scored 90.7% (F1) and 88.0% (EM), outperforming RoBERTa and
XLNet.

* RACE: Improved performance by 1.4% over XLNet, with an accuracy of 86.8%.
DeBERTa also showed superior performance in the base model setting:

* MNLI-m: Scored 88.8% accuracy, improving over RoBERTa and XLNet.
* SQUAD v1.1: Achieved 93.1% (F1) and 87.2% (EM).
* SQUAD v2.0: Achieved 86.2% (F1) and 83.1% (EM).

DeBERTa was scaled up to 1.5 billion parameters, achieving remarkable results in Super-
GLUE:

* Macro-average score: 89.9, surpassing the human baseline of 89.8 for the first
time.

+ Ensemble Model: Achieved 90.3, topping the SuperGLUE leaderboard.

These results highlight DeBERTa'’s efficiency in pre-training and its superior performance
across a wide range of NLP tasks compared to other state-of-the-art models.

3.5.5 Model Pre-training and Parameters

Several configurations of the DeBERTa model were pre-trained, including the base, large,
and an even larger model with 1.5 billion parameters. These models vary in terms of
architecture, with the base model consisting of 12 layers, the large model having 24 layers,
and the 1.5B model incorporating 48 layers. Similarly, the hidden size increases from 768
in the base model to 1024 in the large model, and 1536 in the 1.5B model. The number of
attention heads also scales with model size, from 12 in the base model to 16 in the large
model, and 24 in the 1.5B model. All models were trained with the Adam optimizer, a batch
size of 2048, and 1 million total steps, but the training duration varied from 10 days for the
base model to 30 days for the 1.5B model, reflecting the increasing complexity and data
size used in training. These varying configurations enable the models to capture different
levels of linguistic complexity and representation depth. The details of these models are
outlined in Table 3.1. For all models, the Adam optimizer was used with the following
values: e =1 x 107°, 8, = 0.9, and /3, = 0.999.

3.6 DeBERTaV3

The DeBERTaV3 [62] model represents a significant advancement in the field of PLM,
building upon the foundation laid by its predecessor, DeBERTa. One of the primary en-
hancements in DeBERTaV3 is the replacement of the traditional MLM task with the more
efficient replaced token detection (RTD) task, inspired by ELECTRA[52]. This shift ad-
dresses the limitations of MLM, offering a more sample-efficient pre-training approach that
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Attribute DeBERTa,,sc | DeBERTa | DeBERTa,.5B
Number of Layers 12 24 48
Hidden Size 768 1024 1536
FNN Inner Hidden Size | 3072 4096 6144
Attention Heads 12 16 24
Attention Head Size 64 64 64
Dropout 0.1 0.1 0.1
Learning Rate 2e-4 2e-4 1.5e-4
Warmup Steps 10k 10k 10k
Batch Size 2048 2048 2048
Weight Decay 0.01 0.01 0.01
Total Steps 1M 1™ ™
Data size 78GB 78GB 154GB
Gradient Clipping 1.0 1.0 1.0
Training Duration 10 days 20 days 30 days

Table 3.1: Specifications of DeBERTa models.

enhances both the training efficiency and the overall performance of the model. The core
innovation lies in the gradient-disentangled embedding sharing (GDES) method, which
resolves the "tug-of-war” dynamics observed in ELECTRA's vanilla embedding sharing.
This method stops the gradients from the discriminator from affecting the generator’s em-
beddings, thus improving the balance between embedding sharing and training efficiency.

The DeBERTaV3 model performs exceptionally well on various NLU tasks, setting new
records. When trained with the same setup as the older DeBERTa model, DeBERTaV3
shows better results, especially on the GLUE benchmark, where the DeBERTaV3,4c ver-
sion scores an impressive 91.37%. This score is higher than both DeBERTa and ELEC-
TRA models. Furthermore, the new multilingual version, mDeBERTaV3, performs much
better in understanding different languages, as seen in the XNLI benchmark. These im-
provements highlight the model’s efficiency and effectiveness, making it a more powerful
tool for language-related tasks.

The authors of DeBERTaV3 also provide two scripts at https://github.com/microsoft/
DeBERTa/blob/master/experiments/language model that allow training models of vari-
ous configurations for Replaced Token Detection (RTD) and MLM. We will use these
scripts to train our models as well.

3.6.1 Motivation and Historical Context

The evolution of PLM has been marked by continuous improvements in efficiency and
effectiveness. BERT’s introduction of the MLM task marked a significant milestone, but
its limitations in training efficiency led to the development of ELECTRA's RTD approach.
DeBERTaV3 builds on these advancements, aiming to address the inefficiencies and per-
formance bottlenecks observed in previous models.
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3.6.1.1 ELECTRA

ELECTRA is a novel pre-training method that improves upon the standard MLM approach
by using a more sample-efficient task called Replaced Token Detection RTD. Traditional
models like BERT rely on MLM to predict masked tokens, which can be computation-
ally expensive and inefficient. ELECTRA introduces a discriminator-generator framework,
similar to GANs, where a generator replaces some tokens in a sentence, and the dis-
criminator’s role is to identify which tokens have been replaced. This approach enables
ELECTRA to learn from every token in the input sequence rather than just the masked
ones, significantly improving the model’s efficiency and downstream task performance.

3.6.1.1.1 Masked Language Model

Large-scale Transformer-based PLMs are typically trained on vast amounts of text to learn
contextual word representations using MLM [45]. Specifically, given a sequence X =
{z;}, it is corrupted into X by randomly masking 15% of its tokens. A language model
parameterized by 6 is then trained to reconstruct X by predicting the masked tokens z
conditioned on X:

max log ps (X |X) = meaxz log pe(7; = x| X)

where C' is the index set of the masked tokens in the sequence. The authors of BERT pro-
pose to keep 10% of the masked tokens unchanged, another 10% replaced with randomly
picked tokens, and the rest replaced with the [MASK] token.

3.6.1.1.2 Replaced Token Detection

Unlike BERT, which uses a single transformer encoder and is trained with MLM, ELEC-
TRA is trained with two transformer encoders in a GAN-style setup. One encoder, called
the generator, is trained with MLM, while the other, called the discriminator, is trained
with a token-level binary classifier. The generator produces ambiguous tokens to replace
masked tokens in the input sequence. The modified input sequence is then fed to the dis-
criminator, which uses its binary classifier to determine if each token is original or replaced
by the generator. We denote the parameters of the generator and discriminator as 6, and
0p, respectively.

The training objective for the discriminator is RTD. The generator’s loss function is written
as:

Ly =E |- Z log po,, (%; = xi’XG)
ieC

where X is the input to the generator with 15% of the tokens in X randomly masked. The
input sequence for the discriminator is constructed by replacing masked tokens with new
tokens sampled according to the output probability from the generator:
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The loss function of the discriminator is written as:

LRTD =K

— 109 po, (1(&:p = )| Xp, )

where 1(-) is the indicator function and X, is the input to the discriminator constructed via
the previous equation. In ELECTRA, Ly, and Lzrp are optimized jointly:

L = Lyrym + ALgrp

where )\ is the weight of the discriminator loss Lzrp, set to 50 in ELECTRA.

3.6.2 Implementation and Evaluation

DeBERTaV3 improves upon its predecessor, DeBERTa, by incorporating the RTD object-
ive instead of the traditional MLM objective. This change leverages the sample efficiency
of RTD as demonstrated in the ELECTRA model.

In the implementation of DeBERTaV3, Wikipedia and the BookCorpus are used as training
data. The model configuration follows the base model setup of BERT, where the gener-
ator is designed to have the same width as the discriminator but only half its depth. The
training setup includes a batch size of 2048 and a training duration of 125,000 steps with
a learning rate of 5e-4 and 10,000 warmup steps. Consistent with Clark et al. (2020), a
hyperparameter \ = 50 is utilized.

Further enhancements in DeBERTaV3 are achieved by replacing the token Embedding
Sharing (ES) mechanism used for RTD with a new GDES method. This method addresses
the multitask learning problem observed in the ES approach by preventing the gradients
from the discriminator from interfering with the generator’s embeddings. This innovation
ensures that the training is more efficient and that the learned embeddings are of higher
quality.

The GDES method involves re-parameterizing the discriminator embeddings as Ep =
sg(E¢) + Ea, where the stop gradient operator sg prevents the generator embeddings E¢
from being updated by the discriminator’s loss. Instead, only the residual embeddings Ea
are updated. This approach combines the advantages of both ES and NES (No Embed-
ding Sharing) while mitigating their drawbacks. Extensive experiments have demonstrated
that GDES not only converges faster than ES but also produces embeddings that retain
more semantic information and achieve superior performance on downstream tasks.

DeBERTaV3 validates its effectiveness through evaluations on two notable NLU tasks:
MNLI and SQUAD v2.0. The results indicate significant improvements over the original
DeBERTa, with an increase of 2.5% in MNLI-m accuracy and 3.8% in SQUAD v2.0 F1
score.
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Figure 3.7: Gradient-Disentangled Embedding Sharing (GDES) method illustration.

3.6.3 Model pre-training and parameters

There are several models in the DeBERTaV3 family, each designed with different hyper-
parameters to suit a range of NLP tasks. The key differences between the models, such as
DeBERTaV3)arge, DEBERTaV3pase, and DeBERTaV3,smai, lie in the number of layers, hid-
den size, and the feed-forward network inner hidden size. For instance, DeBERTaV3j4ge
is configured with 24 layers and a hidden size of 1024, making it suitable for more com-
plex tasks requiring deeper representations, while DeBERTaV3,.s¢ has 12 layers and a
hidden size of 768, balancing performance and efficiency. DeBERTaV3ysmay is a smaller
variant with 12 layers, 6 heads and a hidden size of 384 designed for tasks with lower
computational resources while maintaining competitive performance.

Additionally, the models share common optimization parameters such as a batch size
of 8k, dropout of 0.1, and learning rate warmup steps of 10k. However, the learning
rate differs across models, with DeBERTaV3,4e Using 3e-4, while DeBERTaV3,se and
DeBERTaV3,sman both use 6e-4. The models are pre-trained for 500k steps with a linear
learning rate decay. As shown in Table 3.2, these variations in hyper-parameters allow the
DeBERTaV3 models to perform effectively across a wide range of natural language un-
derstanding tasks. For all models, the Adam optimizer was used with the following values:
e=1x107% 8, = 0.9, and 3, = 0.98.

Attribute DeBERTaV3y.se | DeBERTaV3,arge | DeBERTaV3,sman
Number of Layers 12 24 12
Number of Heads 12 12 6
Hidden Size 768 1024 384
FNN Inner Hidden Size | 3072 4096 3072
Attention Heads 12 12 12
Attention Head Size 64 64 64
Dropout 0.1 0.1 0.1
Warmup Steps 10k 10k 10k
Learning Rate 6e-4 3e-4 6e-4
Batch Size 8k 8k 8k
Weight Decay 0.01 0.01 0.01
Total Steps 500k 500k 500k
Data size 160GB 160GB 160GB
Gradient Clipping 1.0 1.0 1.0

Table 3.2: Specifications of DeBERTaV3 models.
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3.7 Conclusion

In this chapter, we reviewed several key advancements in the development of transformer-
based language models, focusing on BERT, GREEK-BERT, DeBERTa, and DeBERTaV3.
BERT’s introduction marked a significant shift in NLP by utilizing bidirectional training to
capture context from both directions. GREEK-BERT extended this approach to the Greek
language, addressing specific linguistic challenges and outperforming multilingual models
in Greek NLP tasks. DeBERTa introduced novel techniques such as the disentangled
attention mechanism and an enhanced mask decoder, further improving the performance
of transformer models. DeBERTaV3 built upon these innovations by adopting the RTD
task from ELECTRA and introducing the GDES method, achieving state-of-the-art results
on various NLP benchmarks.

These advancements collectively highlight the continuous evolution and refinement of
transformer models, each iteration addressing the limitations of its predecessors and con-
tributing to improved language understanding and generation capabilities. As we move
forward, these foundational models and techniques provide a solid framework for further
innovations in NLP.

In the next chapter, we will delve into our work on developing GreekDeBERTa, a model
that integrates the strengths of DeBERTa with specific adaptations for the Greek language,
aiming to push the boundaries of Greek NLP even further.
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4. GREEKDEBERTA

After discussing the foundational concepts and exploring advancements in NLP models,
it is time to introduce our model, GreekDeBERTa. This model builds on the powerful
DeBERTa architecture, tailored specifically for the Greek language. With enhancements
designed to handle the unique aspects of Greek, GreekDeBERTa aims to improve per-
formance in Greek NLP tasks.

4.1 Server Resources

For all program executions Amazon Web Services (AWS) was used. We employed three
instances of the AWS g5.16xlarge servers, each located in different regions: Frank-
furt, Ireland, and London. The specifications of the g5.16xlarge instances are shown
in Table 4.1. The g5. 16x1large instance is equipped with a single GPU, providing 24 GiB

Specification Details

Name AWS g5.16xlarge
GPU 1

GPU Memory 24 GiB

vCPUs 64

Memory 256 GiB

Storage 1x1900 GB
Network Bandwidth | 25 Gbps

EBS Bandwidth 16 Gbps

On Demand Price/hr | $4.096

Table 4.1: AWS g5. 16x1arge Server Specifications

of GPU memory, and is well-suited for compute-intensive tasks. It includes 64 vCPUs and
256 GiB of memory, thereby offering considerable computational power. Additionally, the
network bandwidth can reach up to 25 Gbps, and the EBS bandwidth is 16 Gbps, ensuring
efficient data transfer and storage performance.

The operating system was Linux and the main programming language was Python with
some bash scripting to automate some processes. The server was also used to store
the data and pre-process it. Many different libraries and frameworks were used, such as
PyTorch, Sklearn, numpy, nltk and transformers.

4.2 Data

The dataset used for pre-training GreekDeBERTa was the same as that utilized for GREEK-
BERT and DistiiGREEK-BERT [48][50]:

* Greek Wikipedia: This dataset includes 1GB of data spread across 1,018 files. It
consists of various articles and entries, providing a rich source of general knowledge
in Greek.
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* European Parliament Proceedings Parallel Corpus (Europarl): The Greek por-

tion of the Europarl corpus encompasses 0.45GB and includes 9,271 files. This re-
source consists of transcriptions and translations of European Parliament sessions,
offering valuable parliamentary language data.

* Greek OSCAR Dataset: Derived from a cleaned version of the Common Crawl, this

dataset provides a substantial 27.0GB of deduplicated Greek text across 15 files. It
covers a wide range of topics and serves as a broad representation of the Greek
language on the internet.

4.2.1 Cleaning and preprocessing

Following the partitioning of the dataset into training, validation, and test subsets with
respective proportions of 0.90, 0.05, and 0.05, we proceed to the essential stages of data
cleaning and preprocessing:

1.

Text Lowercasing: Convert all text to lowercase. This standardizes the text, re-
moving case sensitivity and ensuring uniformity in text processing.

. Accent Removal: Remove diacritical marks (accents) from characters. This simpli-

fies text and reduces variations, making analysis more straightforward.

. Punctuation Normalization: Standardize punctuation by collapsing repeated marks

into a single instance. This helps in maintaining consistent punctuation usage across
the dataset.

. Removal of URLs and Special Symbols: Eliminate URLs, special symbols, dates,

and times. This step removes extraneous information that could distract from the
core text content.

. Single-Character Word Removal: Remove single-character words, except specific

exceptions. This reduces noise and irrelevant data.

. Target Language Filtering: Retain sentences containing target language charac-

ters. This focuses the dataset on the relevant linguistic content.

Numeric Sentence Filtering: Discard sentences composed solely of nhumbers.
This excludes data that is likely not useful for text analysis.

Short Sentence Filtering: Exclude sentences with fewer than three words. This
removes potentially uninformative content, enhancing dataset quality.

Encoding Verification: Check for non-UTF-8 characters and address any discrep-
ancies. This ensures consistent text encoding, crucial for accurate data processing
and analysis.

4.2.2 Vocabulary Creation

The DeBERTa model configuration requires a specific type of vocabulary that is compatible
with SentencePiece tokenization. The vocabulary size was set to 50,000 tokens to cover
a broad spectrum of Greek words and subwords, enabling the model to effectively handle
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various linguistic nuances, including morphological variations and inflectional forms. This
vocabulary is structured to be compatible with BERT-style tokenization, where tokens can
represent whole words or subword units. Such a structure allows the model to manage
both common and rare words efficiently, improving its ability to generalize across different
contexts and domains.

Some of the tokens generated from the trained vocabulary are presented in the image
below.

adsrodot
ekppadovps
Xpiotogop
#Htypagnon

Beppopovwon

EVEpYOMOLNoEL
1exwha

spyatn
MpOOHEPETE

Figure 4.1: Sample tokens from the trained vocabulary.

4.3 Models Pre-training

To comprehensively evaluate the performance and efficiency of different DeBERTa models
architectures on Greek language tasks, we trained multiple model variants with distinct
hyperparameters. These included a GreekDeBERTay,se model, a GreekDeBERTaV3ysmai
model and a GreekDeBERTaV3,,sc model with the default configurations as discussed in
chapter 3 and shown in Table 4.2

Attribute GreekDeBERTa,s. | GreekDeBERTaV3,sman | GreekDeBERTaV3yase
Number of Layers 12 12 12

Hidden Size 768 384 768

FFN Inner Hidden Size 3072 3072 3072
Attention Heads 12 6 12

Attention Head Size 64 64 64

Dropout 0.1 0.1 0.1

Learning Rate 2e-4 6e-4 6e-4

Weight Decay 0.01 0.01 0.01

Gradient Clipping 1.0 1.0 1.0

Table 4.2: Specifications of GreekDeBERTa and GreekDeBERTaV3 models

All the models were trained for 10 epochs and with warmup steps equal to 1% of the total
training steps. Batch size was 256 with accumulation update since the GPU could only
treat batches of size 8 or 16 based on the model.

The training durations and total parameter counts for the different GreekDeBERTa model
variants were :
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* GreekDeBERTayse:

— Total Parameters: 124,962,996
— Training Duration: 21 days

* GreekDeBERTaV3ysmar :

— Total Parameters: 71,554,357
— Training Duration: 16 days

* GreekDeBERTaV3,.s.:

— Total Parameters: 207,349,429
— Training Duration: 30 days

These training periods and parameter sizes underscore the trade-offs between model
complexity, resource requirements, and training time, guiding the selection of an appro-
priate model for various practical applications.

The selection of the GreekDeBERTa models variants for this study was driven by the
need to balance model complexity with resource efficiency while maintaining competitive
performance in Greek language tasks. The GreekDeBERTay,se model was chosen due
to its strong baseline architecture, which has been widely adopted for NLP tasks, making
it an appropriate starting point for adapting DeBERTa to the Greek language.

The GreekDeBERTaV3,sma1 model was selected to explore a more lightweight architec-
ture. With fewer parameters and a smaller number of layers, this model offers a trade-off
between computational resource demands and training speed, making it suitable for scen-
arios where limited hardware resources are available.

Finally, the GreekDeBERTaV3,.se model, which introduces improvements from the De-
BERTa V3 architecture, was chosen to assess the performance gains that could be achieved
by utilizing enhanced pre-training techniques.

For all models, pre-training was evaluated on the validation set at each 1% increment
of the total steps. The loss curves for MLM and RTD pre-training for GreekDeBERTa
and GreekDeBERTaV3 accordingly are presented in the figures below. Also there is a
table with the starting accuracy-loss and the final ones. The pre-training progress of the
GreekDeBERTa models is illustrated through the accuracy and loss curves across mul-
tiple iterations. Both the MLM and RTD objectives exhibit significant improvements early
in training, with the curves showing steep increases in accuracy and sharp decreases in
loss within the first 10% of the total training steps. As training progresses, the improve-
ments become more gradual, indicating a typical learning curve where most of the model’s
learning occurs in the early stages. For the GreekDeBERTap.se and GreekDeBERTaV3
models, both accuracy and loss stabilize towards the later iterations, suggesting conver-
gence. This behavior is consistent across all models, highlighting efficient learning and
successful optimization during the pre-training phase.
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Evaluation Loss Curve

5.0 + 1.

4.5 1

4.0 L
é 3.5 4

3.0 +

2.5+

tl) 2|0 4ID 6|0 SID l[l)(]
teration
Figure 4.2: GreekDeBERTay, ¢ loss curve
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Figure 4.3: GreekDeBERTay,, s, accuracy curve
Model Starting Accuracy | Starting Loss | Final Accuracy | Final Loss

GreekDeBERTapase 0.2921 4.9622 0.5824 2.1989
GreekDeBERTaV3ysman 0.3596 3.8594 0.6407 1.7159
GreekDeBERTaV3pace 0.3223 4.2907 0.6796 14774

Table 4.3: Performance metrics for different GreekDeBERTa models.
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5. EVALUATION TASKS

After pre-training our models, it’s time to evaluate their performance on some downstream
tasks. The tasks and datasets are the same with those of GREEK-BERT so we can com-
pare the results. These tasks are :

+ Part-Of-Speech Tagging (PoS Tagging)
* Named Entity Recognition (NER)

* Natural Language Inference (NLI)

For fine-tuning the models, we used scripts that loaded the tokenizers and model con-
figurations from the DeBERTa-v2 family, as provided by Hugging Face [56]. We used
DeBERTa-v2 for the original MLM model because there was a shift from version 1 to ver-
sion 2, where the authors replaced the GPT-2 tokenizer with a SentencePiece tokenizer.
Since we also used an SPM model for the creation of the vocabulary, it was necessary
to use the DeBERTa-v2 model. Additionally, for DeBERTa-v3, the authors did not provide
any new or separate classes, as the architecture and tokenizers remained unchanged
from DeBERTa-v2.

During pre-training of DeBERTa-v3, two models were created: a generator and a discrim-
inator, following the RTD framework. For fine-tuning tasks such as PoS tagging, NER, and
NLI, we chose to use the discriminator instead of the generator. This is because the dis-
criminator is specifically trained to identify and distinguish between original and replaced
tokens, making it more effective for tasks that require precise token-level and sentence-
level understanding, such as classification in NLI or token identification in PoS tagging
and NER

For the fine-tuning, Trainer class and AdamW optimizer was used from hugging face [25]
[24]. For loading the datasets, the datasets library was used [23]. The preprocessing of
the datasets consisted of two steps : lowercasing and removing accents. For all datasets,
padding was done to the longest sequence found in each dataset. For the evaluation of
the tasks, F1 Score, Precision and Recall from Sklearn was used [71].

Also, GREEK-BERT and DistiiGREEK-BERT were evaluated on the same downstream
tasks for comparison purposes, using the default hyperparameters provided by the authors
of each model [48] [50]. Both models were tested using their original settings without any
additional fine-tuning or hyperparameter optimization, to ensure a fair comparison with
our DeBERTa-based models. In addition to accuracy, the time required for fine-tuning and
inference was also measured for all models, including the time needed for both training and
evaluation on each task. Time efficiency is a crucial factor in real-world applications, as it
provides insights into the computational performance of the models. By considering both
accuracy and time, we ensure a comprehensive comparison between our GreekDeBERTa
models and the baseline models like GREEK-BERT and DistiiGREEK-BERT, allowing us
to assess the trade-offs between performance and computational efficiency.

5.1 PoS Tagging

POS tagging, or Part-of-Speech tagging, is a task in NLP that involves marking up words
in a text as corresponding to a particular part of speech, based on both their definition and
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context. It helps in understanding the grammatical structure of sentences and is used in
various NLP applications, such as speech recognition, machine translation, and informa-
tion retrieval. By tagging each word with its appropriate part of speech tag, such as noun,
verb, adjective, etc., POS tagging helps the extraction of semantic meaning and syntactic
relationships from text. POS tagging is important because it aids in disambiguating words
that may have multiple meanings, thus improving the accuracy and performance of NLP
systems[57].

5.1.1 Dataset

The Greek Universal Dependencies Treebank (GUDT)[63], a dataset sourced from the
Greek Dependency Treebank [77], was utilized for this task. This treebank, created and
maintained by the Institute for Language and Speech Processing at the Research Center
'’Athena’[13], contains a total of 2,521 sentences. These sentences are divided into three
sets: 1,622 for training, 403 for evaluation, and 456 for testing. The dataset includes
16 available tags. In accordance with GREEK-BERT, syntactic dependencies were not
considered in this study. The code related to this dataset can be found here[79]. In the
figure below is an example of the dataset. For easier manipulation of the dataset, CONLL-

o TNV ATAET1KO MmiApmac 3
nder=Fem|Number=Sing| 2 det _
Yes 4 nsubj

ATAST1KO
MmuApndo

kinews-5160-2

89  NOUN NOUN

nder=Fem|Number=Sing|PronType=Art 4 det _
6 nsubj

Sing|Person=3|Tense=Past |VerbForm=Fin|Voice=Pass

|Gender=Neut | Number=Plur 6 obl _

c nder=Fem | Number=Sing|

ATALT1KO X Yes 6 obl:

MmuApndo X =Yes 12 flat

PUNCT PUNCT _ _

a _ _
15 o o= ADP ADP _ _
16 wa o DET DET C ut |Number=Plur 17 det _  _
17 mhaiowa mhaicio NOUN NOUN | Gender=Neut | Number=Plur

Figure 5.1: PoS dataset example

U Parser was used [64].

5.1.2 Hyperparameters and Results

The hyperparameters for all the models are shown in the Table 5.1. These hyperpara-
meters were set after several experiments done. The Learning Rate is set to a low value
of 1.5e-5 for all models to ensure stable convergence during training. This value was
chosen after experimenting with higher rates, which led to unstable training and lower
performance. A consistent Batch Size of 16 is used across all models. Higher or lower
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Hyperparameter | GreekDeBERTay,se | GreekDeBERTaV3,sman | GreekDeBERTaV3y,.se
Learning Rate 1.5e-5 1.5e-5 1.5e-5
Batch Size 16 16 16
Epochs 7 6 7
Weight Decay 0 0 0
Warmup Steps 10% of total steps 10% of total steps 10% of total steps
Scheduler Type Cosine Linear Cosine

Table 5.1: Hyperparameters for the GreekDeBERTa models for PoS

values did not yield better results. The number of Epochs varies slightly among the mod-
els, with GreekDeBERTa.se and GreekDeBERTaV3,.sc RTD trained for 7 epochs, while
GreekDeBERTaV3,smai is trained for 6 epochs. This variation is due to the different con-
vergence behaviors observed during training. No Weight Decay is applied in this setup,
as initial tests showed that regularization via weight decay was not necessary for these
models to generalize well. The Warmup Steps are set to 10% of the total steps for each
model. This practice helps in gradually increasing the learning rate at the beginning of
training, preventing large updates that could destabilize the training process. Different
Scheduler Types are utilized: the GreekDeBERTap,se and GreekDeBERTaV3,,,sc models
use a cosine scheduler, which adjusts the learning rate in a smooth and decaying man-
ner. In contrast, GreekDeBERTaV3,smai €mploys a linear scheduler, which decreases the
learning rate linearly over time. The Max Sequence Length is fixed at 128 tokens for all
models.

The accuracy of the models is presented in the Table 5.2, f1 micro was used for this task.

Model Accuracy (%) | Execution Time (mm:ss)
GREEK-BERT 98.1 + 0.08 04:01
GreekDeBERTapase 98.4 + 0.07 05:10
GreekDeBERTaV3,sman | 98.3 £+ 0.07 02:38
GreekDeBERTaV3pase 98.3 + 0.06 05:45
DistiGREEK-BERT 97.0 01:25

Table 5.2: Performance of the GreekDeBERTa models on PoS task

The results of the PoS tagging task reveal that the DeBERTa models, developed during this
research, outperform the previously best model, GREEK-BERT. Specifically, GreekDeBERTap,se
achieves the highest accuracy of 98.4% with a standard deviation of 0.07, indicating a

slight but consistent improvement over GREEK-BERT’s 98.1% accuracy. Similarly, both
GreekDeBERTaV3,sma1 and GreekDeBERTaV3,.s. achieve an accuracy of 98.3%, with
standard deviations of 0.07 and 0.06, respectively. These results demonstrate the effect-
iveness of the DeBERTa models in handling PoS tagging tasks, showcasing improved
accuracy and lower variability compared to GREEK-BERT.

In terms of execution time, the results show a trade-off between model performance
and speed. While GreekDeBERTap s delivers the highest accuracy at 98.4%, it also
takes the longest time to execute at 5 minutes and 10 seconds. On the other hand,
GreekDeBERTaV3,sman  achieves a competitive accuracy of 98.3%, but with a signific-
antly shorter execution time of 2 minutes and 38 seconds, making it a more efficient option
for scenarios where time is a critical factor. DistilGREEK-BERT is the fastest, completing
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the task in just 1 minute and 25 seconds, but this speed comes at the cost of reduced
accuracy, with a score of 97.0%. Thus, there is a clear balance between execution time
and model accuracy, where DeBERTa models, although slower than DistilGREEK-BERT,
offer superior accuracy for PoS tagging task.

5.2 NER

Named Entity Recognition (NER) involves identifying and categorizing key information
in text, such as names of people, organizations, locations, and dates. It's like having a
smart assistant that can quickly sift through large amounts of text and pick out the import-
ant bits. NER is particularly useful in making sense of unstructured data, such as news
articles, emails, or social media posts, by extracting relevant entities and classifying them
into predefined categories. The evolution of NER has been driven by advancements in
ML and deep learning. Initially, NER systems relied on rule-based methods, which in-
volved manually crafted rules to identify entities. However, these systems were limited in
their ability to generalize across different contexts and languages. With the advent of ML,
NER models began to learn patterns from large datasets, improving their accuracy and
flexibility. In practical applications, NER can help businesses automate tasks like inform-
ation retrieval, data organization, and content filtering. For instance, a news aggregator
can use NER to categorize articles by identifying key entities mentioned in the text, such
as politicians, companies, or geographic locations. This automation not only saves time
but also enhances the accuracy of information extraction, enabling more efficient data
analysis and decision-making processes [38].

5.2.1 Dataset

The dataset used was sourced from the prior work on DistiiGREEK-BERT[50]. The dataset
had been pre-processed, with splits into training, evaluation, and test sets already com-
pleted. Standardization of the format and labeling of entities using the IOB2 scheme were
also previously carried out. The dataset was received in a fully prepared state, requiring
no additional modifications. This preparation ensured consistent entity annotations, such
as the merging of "LOC” and "GPE” under the unified "GPE” label. The original dataset
was developed by A. Romanou and I. Darras during student projects at NTUA and AUEB,
respectively[19]. In the figure below is an example of the final dataset. The dataset con-
sists of JSON files containing sentences, where each sentence is represented as a list of
tokens and corresponding NER tags. Our data manipulation involves reading these JSON
files, extracting the tokens and NER tags, and concatenating them into a unified format
suitable for creating Hugging Face datasets.

5.2.2 Hyperparameters and Results

The hyperparameters for all the models are shown in the Table 5.3. The Learning Rate
for GreekDeBERTay,sc and GreekDeBERTaV 3.« is set at a low value of 1 x 10~°, while
a higher rate of 1 x 10~* is used for GreekDeBERTaV3,smai . A uniform Batch Size of 16
was employed across all models. The number of Epochs varies, with GreekDeBERTap,se
trained for 4 epochs, GreekDeBERTaV3sman for 6 epochs, and GreekDeBERTaV 3,5 for
7 epochs. This variation accommodates the different convergence rates, allowing the
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ue3bf\ue3c5\ue3bd\ue3ac\ue3bo\ue3ca\ue3bs\ue3bd\uesca”,

3b8\ue3b7\ue3ba\ud3bs”,

Figure 5.2: NER dataset example

Hyperparameter | GreekDeBERTay,se | GreekDeBERTaV3,sman | GreekDeBERTaV3y,,¢e
Learning Rate 1e-5 1e-4 1e-5

Batch Size 16 16 16

Epochs 4 6 7

Weight Decay 0.01 0 0

Warmup Steps 12.5% of total steps 13.6% of total steps 10% of total steps
Scheduler Type linear linear linear

Table 5.3: Hyperparameters for the GreekDeBERTa models on NER

smaller model more epochs to learn effectively, while the larger models, which may take
longer to converge, are given more epochs for thorough training without risking overfitting.
Weight Decay is applied selectively; GreekDeBERTap,se Uses a decay of 0.01 to prevent
overfitting. The other models do not use weight decay, suggesting that regularization was
not necessary for achieving good performance, possibly due to different optimization dy-
namics or the nature of the datasets used. Warmup Steps are proportionally set, with
12.5%, 13.6%, and 10% of the total steps for GreekDeBERTay.se, GreekDeBERTaV 3ysmai
, and GreekDeBERTaV3y.se, respectively. These warmup steps help the models start
training gradually, which stabilizes the initial learning phase. All models use a linear
Scheduler Type. The Max Sequence Length is fixed at 408 tokens for all models.

The accuracy of the models is presented in the Table 5.4, f1 macro was used for this task.

The results of the NER task reveal that the DeBERTa models outperform the previously
best model, GREEK-BERT. Specifically, GreekDeBERTay.se achieves the highest accur-
acy of 86.5% with a standard deviation of 0.5, indicating a notable improvement over
GREEK-BERT’s 85.7% accuracy. The reduced standard deviation also suggests that the
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Model Accuracy (%) | Execution Time (mm:ss)
GREEK-BERT 85.7+1.0 08:30
GreekDeBERTapse 86.5 + 0.5 08:42
GreekDeBERTaV3ysmail 85.8 + 0.5 06:55
GreekDeBERTaV3pase 86.0 £ 0.4 21:39
DistiIGREEK-BERT 83.5 06:33

Table 5.4: Performance of the GreekDeBERTa models on NER task.

GreekDeBERTap,se model performs more consistently. Similarly, GreekDeBERTaV3ysman
and GreekDeBERTaV3,.se achieve accuracies of 85.8% and 86.0%, respectively, with
standard deviations of 0.5 and 0.4. These results indicate that even the smaller model,
GreekDeBERTaV3,smai , maintains competitive performance, offering a balance between
efficiency and accuracy. The slight differences in standard deviations further highlight the
consistency of these models compared to GREEK-BERT.

When considering execution time, GreekDeBERTaV34sman demonstrates efficiency, tak-
ing 6 minutes and 55 seconds to complete, which is faster than the larger GreekDeBERTay, s,
which requires 8 minutes and 42 seconds, despite offering only a minor difference in ac-
curacy. The longest execution time is observed with GreekDeBERTaV3,.se, Which, while
achieving a competitive accuracy of 86.0%, takes 21 minutes and 39 seconds to com-
plete the task. DistiiGREEK-BERT, though the fastest at 6 minutes and 33 seconds,
delivers the lowest accuracy at 83.5%. This demonstrates a clear trade-off between ex-
ecution time and model accuracy, where the DeBERTa models prioritize accuracy, while
DistiiGREEK-BERT focuses on speed.

5.3 NLI

Natural Language Inference (NLI) is the task of determining whether a given "hypothesis”
logically follows from a "premise.” The goal is to classify the relationship between these
two statements into three categories: entailment, contradiction, or neutral. In entailment,
the hypothesis is true if the premise is true; in contradiction, the hypothesis is false if
the premise is true; and in the neutral case, the truth value of the hypothesis cannot be
determined from the premise alone. NLI is closely related to fact-checking, where the task
includes searching for relevant premises before determining the relationship[53].

5.3.1 Dataset

For this task the Cross-lingual Natural Language Inference (XNLI) [3] corpus was used,
which consists of 5,000 test pairs and 2,500 development pairs derived from the Mul-
tiNLI corpus[1]. These pairs were originally in English and categorized by human annotat-
ors. Afterwards, they were translated into 14 languages, including Greek, by professional
translators, ensuring consistent class labels across all languages. The MultiNLI dataset
includes a training set of 340,000 pairs. For XNLI, this training set was automatically
translated into the other languages, leading to potential quality variations. In this study,
we focused solely on the Greek pairs for fine-tuning our model. Following DistiiGREEK-
BERT [50] only Greek pairs in each set were kept and unnecessary fields were removed.
An example of the final dataset is displayed in the figure below. The dataset was loaded
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neutral

nou myova f KdT

f kaT

v nuépa.  neutral
To katdhaBa kohd ané TV a
NpoonaBos o XpripaTa.

Figure 5.3: NLI dataset example

from the tab-separated file, the labels were mapped according to a custom dictionary, and
the resulting data was converted into a DatasetDict with train, validation, and test splits.

5.3.2 Hyperparameters and Results

The hyperparameters for all the models are shown in the Table 5.5. Based on the trials

Model GreekDeBERTap s | GreekDeBERTaV3,sman | GreekDeBERTap e
Batch Size 16 16 16

Learning Rate | 1e-5 1e-5 1e-5

Epochs 5 5 5

Warmup Steps | 1% of total steps 1% of total steps 1% of total steps
Weight Decay | 0.01 0.01 0.01

Scheduler Type | Linear Linear Linear

Table 5.5: Hyperparameters for the GreekDeBERTa models for NLI.

conducted on this larger dataset, it was observed that the hyperparameters remained con-
sistent across all the GreekDeBERTa models used for NLI. Despite experimenting with
changes in the hyperparameters, such as adjustments in the batch size, learning rate,
epochs, warmup steps, weight decay, and scheduler type, there was no significant impact
on the accuracy. As a result, the final hyperparameters adopted were uniform across all
models: a batch size of 16, a learning rate of 1e-5, 5 epochs, warmup steps set to 1% of
total steps, a weight decay of 0.01, and a linear scheduler type. The consistency in hy-
perparameters reflects a balanced optimization strategy for this task. The Max Sequence
Length is fixed at 356 tokens for all models.

Since the dataset was balanced, micro macro and weighted accuracy was almost identical,
in any case, we are using the f1-macro. The results are displayed in the Table 5.6.

The results of the NLI task reveal that the DeBERTa models outperform the previously
best model, GREEK-BERT. Specifically, GreekDeBERTaV3,.s. achieves the highest ac-
curacy of 80.0% with a standard deviation of 0.3, marking a significant improvement
over GREEK-BERT’s 78.6% accuracy. The reduced standard deviation suggests that the
GreekDeBERTaV3,,,sc model performs more consistently. Similarly, GreekDeBERTay,,se
and GreekDeBERTaV34sman achieve accuracies of 79.4% and 78.9%, respectively, with
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Model Accuracy (%) | Execution Time (hh:mm:ss)
GREEK-BERT 78.6 + 0.62 11:53:11
GreekDeBERTapase 794+ 04 16:00:51
GreekDeBERTaV3ysmail 789+ 0.5 07:47:12
GreekDeBERTaV3pase 80.0 + 0.3 16:00:44
DistiGREEK-BERT 74.47 04:02:41

Table 5.6: Performance of the GreekDeBERTa models on NLI task.

standard deviations of 0.4 and 0.5. These results indicate that even the smaller model,
GreekDeBERTaV3,smai , maintains competitive performance, offering a balance between
efficiency and accuracy. The slight differences in standard deviations across the models
further highlight the consistency and reliability of the GreekDeBERTa models compared
to GREEK-BERT.

When considering execution time, the results show a significant trade-off between accur-
acy and efficiency. While GreekDeBERTaV3,,,s. delivers the highest accuracy, it also has
a lengthy execution time of 16 hours, similar to GreekDeBERTay,,se, Which also takes 16
hours to run. On the other hand, GreekDeBERTaV3ysman , With an accuracy of 78.9%,
is much faster, completing the task in 7 hours and 47 minutes. DistiiGREEK-BERT,
although the fastest model with an execution time of 4 hours and 2 minutes, sacrifices
accuracy, achieving only 74.47%. This illustrates that while the GreekDeBERTa models
are more accurate, they come at the cost of increased execution time, with smaller models
like GreekDeBERTaV3,smay Offering a balance between accuracy and efficiency.

5.3.3 Overall Performance Assessment

In this work, we have explored the application of several DeBERTa variants for the Greek
language, benchmarking them against the previously leading GREEK-BERT model across
three key NLP tasks: Part-of-Speech (PoS) tagging, Named Entity Recognition (NER),
and Natural Language Inference (NLI). The results demonstrate that the GreekDeBERTa
models consistently outperform GREEK-BERT in terms of accuracy, indicating their su-
perior capability in handling Greek language tasks.

The GreekDeBERTap,se model achieved the highest performance in the PoS task with
an accuracy of 98.4%, showing a slight but significant improvement over GREEK-BERT’s
98.1%. For the NER task, the same model again led the pack with an accuracy of 86.5%,
surpassing GREEK-BERT’s 85.7%. In the NLI task, the GreekDeBERTaV3,,s variant
topped the results with an accuracy of 80.0%, a notable advancement over the baseline
model’'s 78.6%.

While the base variants of GreekDeBERTa offer top-tier performance, they are relatively
resource-intensive due to their larger size. In contrast, the GreekDeBERTaV3,sma model,
though slightly behind in accuracy compared to its larger counterparts, offers a practical
trade-off by being approximately 51% faster. This model’s fine-tuning speed is comparable
to that of GREEK-BERT, making it a compelling choice for scenarios where computational
efficiency and speed are critical considerations.

In terms of execution time, we observe a clear trade-off between accuracy and compu-
tational efficiency. For instance, the highest accuracy for the NLI task, achieved by the
GreekDeBERTaV3,,sc model, required over 16 hours of processing, highlighting the signi-
ficant resource demand for state-of-the-art models. On the other hand, GreekDeBERTaV 3smai
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, While slightly less accurate, completed the same task in under 8 hours, offering a much
more feasible solution for time-sensitive or resource-constrained applications. This trend
is consistent across all tasks, where the smaller DeBERTa variants maintain a balance
between accuracy and speed, making them suitable for real-time or large-scale applica-
tions where minimizing execution time is crucial.

Additionally, models like DistiGREEK-BERT, although the fastest with execution times
often below 5 hours, suffer from a considerable drop in accuracy. This further under-
scores the importance of choosing models based on the specific requirements of the
task—whether the priority is maximizing accuracy or optimizing execution time and com-
putational efficiency.

Overall, the integration of DeBERTa models into the Greek NLP landscape presents a
significant advancement, combining state-of-the-art performance with varying levels of
computational efficiency. This study highlights the potential of these models to enhance
NLP applications for the Greek language, offering both accuracy improvements and, in
the case of the smaller variants, efficiency gains. For practical applications, the choice
between models should be guided by the trade-offs between accuracy and processing
time, depending on the nature and constraints of the task.
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6. CONCLUSIONS

In this thesis, we explored several significant advancements in NLP, focusing on transformer-
based models. We began with an overview of BERT, which revolutionized NLP by employ-
ing bidirectional training to capture context from both directions. This was a pivotal shift
from previous models that were limited by unidirectional constraints. The introduction of
BERT demonstrated a significant leap in the ability of models to understand and generate
natural language with high accuracy, especially in tasks requiring nuanced understanding
and contextual awareness.

The background chapter provided a thorough exploration of fundamental concepts in Al,
ML, and NLP. This chapter laid the groundwork for understanding the technical details and
innovations presented in the subsequent sections, including various types of NN, learning
methodologies, and the challenges involved in NLP.

We extended our exploration to the adaptation of BERT for the Greek language, with
the development of GREEK-BERT. This model addressed specific linguistic challenges
inherent to Greek and outperformed multilingual models by providing a more precise and
contextually relevant representation for Greek language tasks. The focus on creating a
specialized vocabulary for Greek, rather than relying on fragmented word representations,
enabled GREEK-BERT to achieve superior performance in tasks such as Part-of-Speech
tagging, Named Entity Recognition, and Natural Language Inference.

Further advancements were discussed with the introduction of DeBERTa and its suc-
cessor, DeBERTaV3. DeBERTa incorporated innovative mechanisms such as disen-
tangled attention and an enhanced mask decoder, which improved the efficiency and
effectiveness of the model. DeBERTaV3 advanced these innovations by integrating the
RTD task from ELECTRA and introducing GDES. These enhancements allowed DeBER-
TaV3 to set new benchmarks in various NLP tasks, showcasing significant improvements
in both training efficiency and model performance.

The final development was the creation of the GreekDeBERTa family, consisting of three
models specifically optimized for the Greek language: GreekDeBERTayase,
GreekDeBERTaV3,sman, and GreekDeBERTaV3,.s.. By utilizing the strengths of De-
BERTa’s architecture and adapting it to the unique linguistic features of Greek, these mod-
els achieved state-of-the-art results across several key NLP benchmarks. Each variant of
GreekDeBERTa offers a balance between performance and efficiency, allowing for flex-
ibility depending on the specific needs of a task. This work demonstrated the importance
of customized language models in achieving high performance in specialized language
contexts, particularly for underrepresented languages in NLP research.

In conclusion, the advancements presented in this thesis highlight the continuous evolu-
tion of transformer models and their application in NLP. Each model iteration built upon
the limitations and strengths of its predecessors, contributing to a deeper understand-
ing of natural language and improved capabilities in language-related tasks. Future re-
search can further enhance these models by exploring more compact and efficient archi-
tectures, broadening their applicability, and ensuring they are accessible even in resource-
constrained environments.
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ABBREVIATIONS - ACRONYMS

Al Artificial Intelligence

ML Machine Learning

NLP Natural Language Processing

NN Neural Networks

GPT Generative Pre-trained Transformer

RNN Recurrent Neural Network

LSTM Long Short Term Memory

BERT Bidirectional Encoder Representations for Transformers
M-BERT Multilingual BERT

MLM Masked Language Modeling

NSP Next Sentence Prediction

;?1‘3 139~ | part of Speech Tagging

NER Named Entity Recognition

NLI Natural Language Inference

Europarl European Parliament Proceedings Parallel Corpus
SVM Support Vector Machines

AWS Amazon Web Services

ANN Artificial Neural Networks

GLUE General Language Understanding Evaluation
mDeBERTa | Multilingual DeBERTa

NLU Natural Language Understanding

GAN Generative Adversarial Network

BPTT Backpropagation Through Time

SERFETEK' Greek edition of BERT

DeBERTa | Decoding-enhanced BERT with disentangled attention
MSE Mean Squared Error

ELECTRA Efficiently Learning an Encoder that Classifies Token Replacements

Accurately
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GDES Gradient-Disentangled Embedding Sharing
GDT Greek Dependency Treebank

RTD Replaced Token Detection

OSCAR Open Super-large Crawled Aggregated coRpus
GloVe Global Vectors for Word Representation

WSD Word Sense Disambiguation

PLM Pre-trained Language Models

ELMo Embeddings from Language Models

SQuAD Stanford Question Answering Dataset
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