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Abstract

Neural machine translation for high-resource languages has reached remarkable progress.
However, low-resource languages still suffer from severe translation quality bottlenecks
due to parallel data scarcity and a lack of standardized writing systems. Genoese, clas-
sified by UNESCO as a definitely endangered language, faces both of these challenges.
To address this issue, we first developed an orthographic normalization pipeline adopting
the grafia unitdia endorsed by the Council for Ligurian Linguistic Heritage. Specifically,
we trained from scratch an attention-augmented character-level bidirectional Long Short-
Term Memory network, outperforming the previous state-of-the-art baseline by reducing
the Character Error Rate (CER) from 2.47% to 1.33%. This normalizer was applied
to harmonize non-standard data prior to translation training. Four different approaches
were explored for the translation phase. Specifically, we employed a baseline trained from
scratch by modifying the BiLSTM vocabulary and two sequence-to-sequence models, one
supporting Genoese natively (NLLB) and one non-native (mBART), adapted via Quan-
tized Low-Rank Adaptation (QLoRA). Additionally, a decoder-only Large Language Model
(EuroLLM) was evaluated, also fine-tuned using QLoRA. The models were evaluated on a
custom test set as well as on two global benchmarks, Flores+ and Bouquet. Specifically,
on the Bouquet benchmark, they achieved top results in terms of Character F-score plus
plus (chrF++) for Italian-to-Genoese translation and the best performance evaluated via
MetricX for Genoese-to-Italian translation.



Scintexi

A traducion automatica neurale a I’a feeto di grosci progresci pe-e lengue con de risorse erte.
Con tutto, e varietee a bassa risorsa patiscian ancon de gravi problemi de qualitee apreuvo a-
a farta de deeti paralleli e a unna ortografia standardizza. O Zeneise, clascificou da I'unesco
comme lengua in reisego, o I'affronta tutte doe ste desfie. Pe affronta sto problema, emmo
primma de tutto sviluppou unna pipeline de normalizzagion ortografica con adotta a grafia
unitdia approva da-o Conseggio pe-o Patrimonio Linguistico Ligure. Ciu into detaggio,
emmo addestrou da-o zero unna rae a memoia longo-curto termine bidiregionale a livello de
caratteri e potenziou da l’attencion, passando o passou stato de ’arte e reduxendo o tascio
d’errd in sci caratteri (CER) da-o 2,47% a 1'1,33%. Sto normalizzatore o ’é staeto applicou
pe armonizza i deeti no standard avanti de 'addestramento da traducgion. Pe-a fase de
traducion s’é esplorou ciu de unna stradda. Ciu into detaggio, s’é addeuviou unna baseline
addestra da zero con cangia o digionadio da BiLSTM e doi modelli sequence-to-sequence, un
nativo pe-o zeneise (NLLB) e un no nativo (mBART), adattae con Quantized Low-Rank
Adaptation (QLoRA). In ciu, s’é addeuviou un Large Language Model basou solo in sce
un decoder (Eurollm), misso a ponto asci con QLoRA. T modelli son steeti valuze in sce un
insemme de preuva personalizze e in sce dol benchmark globali, Flores+ e Bouquet. Ciu
into detaggio, in sci6 benchmark Bouquet s’é ottegnuo i megio exiti in ponto Character
F-score plus plus (chrF++) pe-a tradugion da I'Italian a-o Zeneise, e e megio prestagioin
valuae con MetricX pe-a tradugion da-o Zeneise a I'Italian.

This ‘Scintexi‘ was obtained by translating the Italian version of the abstract using the NMT-EuroLLM
model explained in Chapter
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Chapter 1

Introduction

The primary objective of this thesis is to address the automated translation from Genoese
to Italian and vice versa. Genoese is a prominent regional variety of the Ligurian language
family, classified by UNESCO as a definitely endangered language [41]. Working with
low-resource languages entails overcoming severe methodological obstacles, including data
curation, parallel sentence alignment, and the severe scarcity of digital corpora. Further-
more, Genoese presents an additional layer of linguistic complexity: beyond its limited
digital footprint, it lacks a universally codified and standardized writing system. This ab-
sence of a single spelling standard leads to high orthographic fragmentation across available
texts, where different authors and historical sources employ diverging writing conventions
for the exact same words.

To bridge this critical gap, this thesis investigates a comprehensive computational pipeline
that treats text normalization as a mandatory prerequisite for translation. By systemati-
cally unifying variant spellings into a consistent, rule-governed writing system, the proposed
approach harmonizes disparate data sources, thereby expanding and stabilizing the usable
parallel corpus for downstream neural translation architectures. Without this preparatory
harmonization phase, translation models face severe vocabulary sparsity and structural
ambiguity during the learning process.

The remainder of this thesis is structured across distinct phases, detailed as follows:

« Chapter 2 (Background) establishes the theoretical and contextual foundation of
the work. It provides an in-depth overview of the sociolinguistic history, geographical
extension, and morphosyntactic peculiarities of the Genoese language, highlighting
the challenges posed by its lack of standardization. Additionally, it reviews the core
principles of computational linguistics, the evolution of neural network architectures
for sequence processing, and the mechanisms behind subword tokenization and back-
translation data augmentation.



« Chapter 3 (Dataset) details the extensive data collection and engineering phase.
It describes the methodologies employed to harvest, parse, and clean heterogeneous
resources, ranging from online dictionaries and web-scraped media to pre-existing
parallel corpora and historical heritage texts. It explains how these disparate formats
are unified into a single relational master dataset, outlining corpus statistics, data
distributions, and the dynamic partitioning strategies tailored for subsequent training
tasks.

« Chapter 4 (Normalization) focuses entirely on resolving orthographic fragmen-
tation. It formulates text normalization as a character-level sequence-to-sequence
transduction task across both word and sentence granularities. The chapter eval-
uates multiple computational paradigms, including deterministic rule-based extrac-
tors, probabilistic sequence labelers, and attention-augmented recurrent neural net-
works. Furthermore, it introduces length-constrained sequence splitting strategies
and back-normalization synthetic data augmentation to overcome data scarcity, cul-
minating in a comparative performance evaluation against established state-of-the-
art benchmarks. Related work on text normalization in low-resource settings is
discussed directly within this chapter.

o Chapter 5 (Translation) presents the core machine translation framework. It
explores the transition from character-level mapping to subword-level cross-lingual
translation between Italian and Genoese. The chapter evaluates a comprehensive
spectrum of architectures, spanning from compact recurrent neural networks trained
from scratch to massive multilingual sequence-to-sequence models and generative
decoder-only large Language Models adapted via parameter-efficient fine-tuning tech-
niques. It provides an extensive quantitative and qualitative analysis across in-
domain and out-of-domain evaluation benchmarks, including official global leader-
board evaluations via the BOUQuUET benchmark, discussing the impact of data
augmentation and the limitations of automated metrics. Related work concerning
machine translation for low-resource languages is integrated within this chapter.

« Chapter 6 (Conclusions and Future Work) summarizes the primary contribu-
tions and empirical findings of the thesis, reflects on the systemic challenges encoun-
tered throughout the experimental phases, and outlines promising avenues for future
research in low-resource language processing and evaluation methodologies.



Chapter 2

Background

2.1 The Genoese Language

Genoese (Zeneize) is the main variety of the Ligurian language [65], a Gallo-Italic language
spoken primarily in the territories of the former Republic of Genoa [66]. While often
colloquially referred to as a ‘dialect’” of Italian, it is linguistically distinct, belonging to a
different branch of the Romance languages.

2.1.1 Geographical Extension and Historical Context

The linguistic area of Genoese extends throughout the Liguria region in Northern Italy,
reaching into bordering areas of Piedmont, Lombardy, and Emilia-Romagna. Historically,
as illustrated in Figure[2.1] the maritime expansion of the Republic of Genoa facilitated the
spread of the language across the Mediterranean. This diaspora is still evident in linguistic
islands such as the Tabarchino variety spoken in Sardinia (Carloforte and Calasetta) and
Monégasque in the Principality of Monaco. Furthermore, significant traces of Genoese
influence remain in the dialects of Corsica and parts of Southern France.
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Figure 2.1: Expansion of Republic of Genoa around the Mediterranean and the Black Sea [66].

The maritime influence of the Republic of Genoa not only ensured the spread of the lan-
guage across various Mediterranean territories but also facilitated significant lexical en-
richment through contact with other languages. In particular, Genoese shares a notable
amount of vocabulary with French, for instance, the word for ‘corkscrew’, tirabuscion in
Genoese, clearly derives from the French tire-bouchon, standing in contrast to the Italian
cavatappi. Additional significant influences can be traced back to Portuguese, as seen in
the verb ‘to rain’, ceuve in Genoese and chover in Portuguese, which notably diverges from
the Italian piovere. Similarly, Arabic impacts are evident in terms such as ‘longshoreman’,
which in Genoese is camallo, derived from the Arabic hammal, contrasting with the Italian
scaricatore. These diverse lexical influences further contribute to a vocabulary that often
diverges considerably from Standard Italian.



2.1.2 Main Linguistic Concepts

Term Definition Example

Diphthong A sequence of two adjacent vowel sounds pronounced Italian mai (never); Genoese
within the same syllable. figgeu (boy)

Phoneme The smallest unit of sound in a language that allows to  Italian /n/ in naso (nose) and
distinguish one word from another. /v/ in waso (vase); Genoese

/c/ in can (dog) and /p/ in
pan (bread)

Diacritics Graphic marks added to letters to indicate changes in  Accents (¢, é, &) and diaereses
pronunciation, stress, or vowel length. (6)

Grave A diacritic (3, €, 1, 0, 1) used to indicate open vowel Italian caffé (coffee); Genoese

Accent quality or primary stress. porta (door)

Acute A diacritic (4, é, 1, 6, ) used to indicate closed vowel Italian perché (why); Genoese

Accent quality. carréga (chair)

Circumflex A diacritic (4, &, 1, 6, i) used to mark long vowels or Genoese dormi (to sleep)

Accent historic sound contractions in Genoese.

Diaeresis A diacritic (&, &, 1, 6, 1) used to mark a distinct vowel ~Genoese dzello (bird)
quality or to show that adjacent vowels are pronounced
separately.

Standard A formalized set of rules governing how a spoken lan- Standard Italian spelling

Orthography guage is consistently written, including spelling and di- rules versus the codified
acritic conventions. grafia  oficié and  grafia

unitdia for Genoese

Clitic
Pronouns

Unstressed pronouns that attach themselves to a verb.
In Genoese, mandatory subject clitics have no direct
equivalent in Italian.

Genoese ti canti propio ben,
ti!  (you sing really welll),
where the first ¢ is the
mandatory subject clitic dif-
fers from the Italian canti pro-
prio bene, tu!

Table 2.1: Glossary of key linguistic, phonetic, and orthographic terms.

2.1.3 Orthography and Standardization Issues

A primary challenge in processing modern Genoese lies in the absence of a universally
recognized official orthography. Due to its complex history of linguistic transformations
and external influences, the language has not inherited a single, codified writing system.

Currently, several orthographic standards coexist, most notably the grafia oficia, proposed
by the Académia Ligustica do Brénno [I] and the grafia unitdia.
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The latter was originally promoted by Il Secolo XIX [24], one of the most prominent Ge-
noese media outlets and subsequently adopted by the Conseggio pe-o Patrimonio Lin-
guistico Ligure (the Council for the Ligurian Linguistic Heritage) [12]. Alongside these
formal standards, various informal conventions remain widely used by speakers. These
systems differ significantly in their representation of phonemes, particularly in the use
of diacritics, such as acute, grave and circumflex accents, alongside diaereses and in the
transcription of diphthongs.

From a computational perspective, this lack of orthographic uniformity severely limits the
availability of large, consistent corpora. In the context of Neural Machine Translation
(NMT) [31], 28], this fragmentation introduces substantial noise during the training phase
and complicates the evaluation process, as there is no single ‘ground truth’ for spelling,
unlike in standardized languages such as Italian.

2.1.4 Morphosyntactic and Phonetic Divergences

One of the most significant grammatical differences between Genoese and Italian is the
mandatory use of subject clitic pronouns. In Genoese, when a verb is conjugated in the
second or third person singular, a subject clitic must precede the verb, even if an explicit
subject pronoun is already present.

For instance, the second-person singular requires the clitic ¢ (or ¢’ before vowels), as in the
Genoese ti 6 veddi ti asci? for the Italian lo vedi pure tu? (Do you see it too?). Similarly,
third-person singular verbs strictly mandate gender-specific clitics (o for masculine, a for
feminine, with an euphonic [’ before vowels), such as o I’é aneto (he went) or a ven (she
comes). From a computational perspective, these structural divergences require the NMT
model to master both the alignment of unaligned source-target tokens and the positional
reordering triggered by verbal moods.

Beyond syntax, the languages differ significantly in their phonetic-orthographic sys-
tems. Genoese utilizes specific diacritics, such as the circumflex accent and the diaeresis,
to represent vowel length and quality distinctions that do not exist in standard Italian.
The presence of unique diphthongs and phonemes further separates the two languages.
For a NMT system, these features increase the complexity of the subword tokenization
process, as the model must accurately map the phonetic nuances of Genoese to maintain
semantic correctness and orthographic consistency [12].



2.1.5 Data Scarcity and Digital Presence

Beyond morphosyntactic divergences and the lack of standardization, the primary obstacle
to effective NMT is the status of Genoese as a low-resource language. In fact, Ge-
noese (as part of the Ligurian language family) is classified by UNESCO as a definitely
endangered language [41].

This status is primarily driven by sociolinguistic dynamics: as a language traditionally
preserved through oral and familial transmission, its usage has continuously declined due
to a weakening of intergenerational continuity. Without a strong tradition of formalized
instruction or widespread written use, the pool of active native speakers has progressively
contracted.

Consequently, Genoese suffers from a severely limited digital footprint and a total ab-
sence of large-scale, high-quality parallel digital corpora, resources that are readily available
for high-resource language pairs like Italian-English. From an natural language process-
ing perspective, training a neural model from scratch is hindered by this lack of data,
preventing the network from reaching convergence. To mitigate this data scarcity, special-
ized strategies for low-resource settings become mandatory, such as data augmentation
via back-translation to synthesize training pairs, and transfer learning through fine-
tuning of pre-trained models on linguistically related language pairs.

2.2 Natural Language Processing

Natural Language Processing (NLP) is the branch of artificial intelligence dedicated to
the interaction between computers and human languages. NLP encompasses a wide range
of tasks, including text classification, part-of-speech tagging, word segmentation,
text-to-speech, as well as the two primary tasks investigated in this thesis: text normal-
ization and machine translation. For a comprehensive survey of foundational principles,
task formulations, and historical methodologies across computational linguistics, we refer
the interested reader to standard literature [28], 26].

Over the decades, the field has undergone a profound evolution: starting from early rule-
based (symbolic) systems, it transitioned through statistical machine learning ap-
proaches before reaching the current dominance of deep learning architectures [52]. This
shift has moved the focus from manually defined grammatical rules to the automatic ex-
traction of complex linguistic patterns from large datasets using neural networks.

To process natural language computationally across any of these paradigms, text must first
be transformed into continuous numerical representations suitable for machine learning
models.



The remainder of this section reviews the fundamental methodologies governing data prepa-
ration and representation in modern NLP pipelines: specifically, we outline the evolution
from sparse vector representations to dense contextual embeddings, examine various to-
kenization strategies, and explore back-translation as a primary data augmentation tech-
nique for machine translation tasks.

2.2.1 From One-Hot Encoding to Word Embeddings

A fundamental requirement for any machine learning model applied to natural language
processing is the conversion of text into a numerical format, as neural networks cannot
process raw strings of characters directly.

Historically, one of the primary methods for this conversion was one-hot encoding [32].
In this approach, each word in the vocabulary is represented as a high-dimensional sparse
vector where only one element is set to 1 and the rest to 0. However, this method presents
two significant limitations:

o Dimensionality: The size of the vector grows linearly with the vocabulary size,
leading to enormous and computationally inefficient matrices, especially in large-
scale corpora.

« Lack of Semantics: One-hot vectors are orthogonal by definition, meaning they
cannot represent any relationship between words. Consequently, the model cannot
perceive that words like ‘dog” and ‘cat’” are semantically closer than ‘cat’ and ‘spoon’.

To address these shortcomings, word embeddings [32] were introduced. Unlike one-hot
encoding, embeddings represent words as dense, low-dimensional vectors of real num-
bers. This technique is rooted in the distributional hypothesis, whose philosophical
foundations date back to 1953, when the book Philosophical Investigations [68] by Ludwig
Wittgenstein, which suggests that words appearing in similar contexts tend to share sim-
ilar meanings, was published posthumously. In this continuous vector space, words with
semantic affinities are positioned close to one another.

Early models such as Word2Vec and GloVe [40, 48] provided static representations, where
each word had a single fixed vector. Modern architectures like BERT (Bidirectional En-
coder Representations from Transformers) [16], however, have introduced contextualized
embeddings. These allow the model to distinguish between different meanings of the
same word based on its surrounding context, a feature that is essential for capturing the
linguistic nuances of a complex, low-resource language like Genoese.



2.2.2 Tokenization Strategies

Tokenization is the process of decomposing a continuous stream of text into smaller, discrete
units called tokens. These units can represent whole words, subwords, or individual
characters. Tokenization serves as the essential preprocessing step that allows numerical
models to construct meaningful embeddings from raw text.

The choice of tokenization level involves significant trade-offs:

e Word-level Tokenization: This approach splits text based on whitespace and
punctuation. While it preserves the full semantic meaning of each token, it leads to
excessively large vocabularies. Furthermore, it suffers from the out-of-vocabulary
problem: if a word does not appear during the training phase, a common occurrence
in low-resource languages like Genoese, the model is unable to process or translate
it, often replacing it with a generic unknown token.

o Character-level Tokenization: By breaking text into individual letters or sym-
bols, this method drastically reduces vocabulary size and eliminates the out-of-
vocabulary problem, as any word can be represented as a sequence of known charac-
ters. However, individual characters lack inherent semantic meaning and the result-
ing sequences become significantly longer, making it harder for the model to learn
long-range dependencies between words.

e Subword Tokenization: Currently the standard in modern natural language pro-
cessing, this hybrid approach maintains frequent words as single tokens while de-
composing rare or complex words into smaller sub-units. This ensures that common
terms retain their semantic richness while unseen or rare words can be reconstructed
from known sub-components.

A prominent technique in this category is Byte Pair Encoding (BPE) [55], that operates
by iteratively identifying and merging the most frequent pairs of characters or character
sequences within a corpus. For a morphologically rich and low-resource language like
Genoese, Byte Pair Encoding is particularly effective: it allows the model to recognize
shared roots and affixes across different word forms, effectively maximizing the utility of a
limited dataset.



2.2.3 Back-translation and Data Augmentation

Beyond low-level sequence preprocessing techniques such as tokenization and vectorization,
back-translation serves as a foundational data-centric strategy for data augmentation
in NMT [54]. As previously discussed, the primary bottleneck for low-resource languages
is the scarcity of parallel corpora. Since NMT architectures are highly data-intensive,
back-translation provides a structured method to leverage abundant monolingual data
to enhance translation quality.

The process follows a specific pipeline. Suppose the primary goal is to develop a translation
system from a high-resource language (Source, e.g., Italian) to a low-resource language
(Target, e.g., Genoese). The strategy involves three main steps:

1. Inverse Model Training: An initial, intermediate model is trained in the opposite
direction (Genoese to Italian) using the limited parallel data available.

2. Synthetic Data Generation: This inverse model is then used to translate a large
set of monolingual Genoese sentences into Italian. Even if the inverse model’s per-
formance is modest, it produces a set of synthetic Italian-Genoese pairs.

3. Augmented Training: These synthetic pairs are combined with the original au-
thentic parallel data to train the final target model (Italian to Genoese).

A crucial intuition behind this technique is the management of noise. In an Italian-to-
Genoese task, providing the model with ‘synthetic’ Italian as input is often more effective
than providing synthetic Genoese as the target. The decoder of the final model benefits
from having authentic, high-quality target sentences (the original monolingual Genoese)
to learn the correct language model of the target, while the neural architecture proves
remarkably robust to the slight imperfections or ‘noise’ present in the synthetic source
input.

2.3 Machine Learning for NLP

The application of machine learning to natural language processing is fundamentally rooted
in the concept of language modeling. A language model is a mathematical framework
designed to capture the statistical properties of human language.

The primary objective of a language model is predictive: given an observed sequence of

tokens (z(V), 23 ... 2®) the model aims to estimate the probability distribution of the
subsequent token z(**1) conditioned on the preceding context:
PO W) (2.1)
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By learning these conditional probabilities, the model can assign a likelihood to entire
sequences of text, effectively modeling the underlying syntax and semantics of a language.
In the current state-of-the-art, language modeling is predominantly addressed using deep
learning architectures. Specifically, artificial neural networks allow for the representation
of linguistic units in continuous vector spaces, enabling the model to capture complex,
non-linear dependencies that were previously inaccessible to classical statistical methods.

2.3.1 Encoder-Decoder Architecture

The encoder-decoder architecture represents the standard framework for NMT, specifically
designed to handle sequence-to-sequence tasks. This architecture consists of two pri-
mary components that work in tandem to map an input sequence of variable length to an
output sequence of potentially different length.

The Encoder processes the input sequence from the source language (e.g., Italian). Its
primary role is to compress the information of all input tokens into a high-dimensional
representation known as the context vector. While word embeddings (such as those
from Word2Vec) represent individual units, the context vector is a global representation of
the entire source sentence, generated by the internal hidden states of the neural network.

The decoder utilizes this context vector to generate the output sequence in the target
language (e.g., Genoese). The generation process is generally autoregressive, meaning
the model predicts one token at a time, using both the context vector and the previously
generated tokens as input for the next step. In the NMT framework, this architecture
allows the model to transition from the abstract semantic representation of the source text
to a grammatically and semantically correct sequence in the target language.

2.3.2 Recurrent Neural Networks and the Sequential Paradigm

The first successful implementations of the encoder-decoder framework relied heavily on
recurrent neural networks, which, despite the architecture having been proposed earlier,
was applied to NMT only in 2014. Unlike standard feed-forward networks, recurrent neural
networks are designed to process sequential data by maintaining an internal hidden state
that acts as a memory, updated at each time step as new tokens are consumed.

Among the various architectures, long short-term memory networks [21], 59] became
the standard due to their ability to mitigate the vanishing gradient problem through a
system of gates (input, forget, and output gates). These gates allow the model to regulate
the flow of information, deciding which parts of the previous context should be preserved
or discarded.
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However, recurrent neural networks and long short-term memory networks suffer from a
fundamental limitation: their sequential nature. Because each hidden state h; depends
on the previous state h;_1, the computation cannot be parallelized, leading to long training
times. Furthermore, as the distance between related tokens increases, the model struggles
to maintain a precise representation of the earlier parts of the sequence, a phenomenon that
directly contributes to the bottleneck problem addressed by the attention mechanism.

2.3.3 Attention Mechanism

The attention mechanism was introduced to overcome a major limitation of traditional
sequence-to-sequence models [2], particularly those based on recurrent neural networks or
long short-term memory networks. In standard architectures, the encoder is forced to
compress the entire information of a source sentence into a single, fixed-length context
vector. This creates a computational bottleneck: as the input sequence length increases,
the vector loses the ability to preserve fine-grained semantic and positional details, leading
to a significant degradation in translation quality.

The attention mechanism resolves this by allowing the decoder to access the full set of
hidden states produced by the encoder during the processing of the input. This enables
the model to selectively focus on the most relevant source tokens at each step of the
generation process. The calculation of the attention score follows three fundamental stages:

1. Alignment Score: The model computes a similarity score between the current state
of the decoder and each hidden state of the encoder, identifying which parts of the
source sentence are most relevant to the token currently being generated.

2. Attention Weights: These scores are normalized using a softmax function. This
ensures that the weights are positive and sum to one, effectively creating a probability
distribution over the input tokens.

3. Dynamic Context Vector: A weighted average of the encoder’s hidden states is
calculated using the attention weights. This produces a dynamic context vector for
each time step, providing the decoder with a tailored representation of the source
text for every word it predicts.

The primary advantage of this approach is the improved handling of long-range dependen-
cies. By establishing a direct and dynamic link between the source and target sequences,
the attention mechanism ensures that the model maintains linguistic coherence regardless
of sentence length, representing a crucial evolution in the field of NMT.
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2.3.4 The Transformer Architecture

A significant milestone in the evolution of NMT was reached in 2017 with the transition
from recurrent architectures to the transformer [63]. One of the inherent disadvantages of
recurrent neural networks or long short-term memory networks is their sequential nature:
tokens are processed one at a time, making it difficult to capture long-term dependencies.
While bidirectional sequential networks attempted to mitigate this by processing sequences
in both directions, they remained computationally inefficient and limited in their ability
to model complex global contexts.

The transformer architecture fundamentally changes this approach by processing the entire
input sequence simultaneously. This parallelization is made possible by the self-attention
mechanism, which allows each token to attend to every other token in the sequence, regard-
less of their distance. Since the model lacks recurrence, it utilizes positional encoding
to preserve the sequential order of the sentence. These vectors are added to the input em-
beddings to provide the model with information regarding the relative or absolute position
of each token.

To fully characterize the transformer’s internal dynamics, it is necessary to detail the
specific roles of the components within each encoder and decoder block:

o Multi-Head Self-Attention: Rather than computing a single attention represen-
tation, the model utilizes multiple ‘heads’ operating in parallel. Each head performs
a linear projection of the queries, keys and values, enabling the model to simul-
taneously attend to information from diverse representation subspaces. For example,
while one head may focus on short-range grammatical dependencies, another might
capture broader semantic contexts. These independent outputs are then concate-
nated and projected back to the original dimensionality.

« Position-wise Feed-Forward Networks: Each transformer block includes a fully
connected feed-forward network applied to each position independently. This com-
ponent typically consists of two linear transformations separated by a non-linear
activation function, such as ReLU. The primary function of the feed-forward net-
work is to introduce non-linearity, allowing the model to learn more sophisticated
patterns beyond the linear combinations provided by the attention mechanism.

e Residual Connections and Layer Normalization: To enable the effective train-
ing of deep networks, the architecture incorporates residual connections around
each sub-layer. By defining the output as Sublayer(x) 4+ x, the model can effectively
mitigate the vanishing gradient problem, ensuring a more stable gradient flow
during backpropagation. These connections are coupled with layer normalization,
which standardizes the hidden states, preventing internal covariate shift and accel-
erating overall convergence.
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Despite its superior performance, the primary challenge of transformer-based models is
their intensive data requirement. For a low-resource language like Genoese, training a
state-of-the-art model from scratch is often unfeasible due to data scarcity. Therefore,
the most effective strategy is the adoption of transfer learning and fine-tuning [22].
By utilizing a model pre-trained on high-resource languages, specifically those sharing
significant lexical and structural affinities with Genoese, such as Italian or Portuguese, it is
possible to adapt the network to the target task. This approach effectively leverages pre-
existing linguistic knowledge to overcome the limitations of a smaller dataset, exploiting
the morphological similarities between these languages to facilitate the translation process.

2.3.5 Causal Language Modeling

In contrast to traditional bidirectional architectures or encoder-decoder sequence-to-sequence
models, a causal language model [53] formulates text generation as an autoregressive
next-token prediction task.

Given an observed sequence of tokens X = (x1,2s,...,2x), a causal model factorizes the
joint probability of the sequence as the product of conditional probabilities using the chain
rule [4]:

P(X) =[] Pl | x1,22,...,2121) (2.2)

t=1

During both training and inference, causality is strictly enforced by applying a lower-
triangular attention mask (causal mask) [63] within the self-attention mechanism. This
mask prevents token x; from attending to any future tokens x-;, ensuring that predictions
at position ¢ depend exclusively on the preceding context (x1,...,x4_1).

When applied to downstream tasks such as machine translation, causal large language
models [5] process the task without explicit cross-attention mechanisms. Instead, the
source sentence S and target sentence T are concatenated into a single input sequence,
forcing the network to autoregressively generate the target sequence conditioned causally
on the source context.
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2.3.6 Large Language Models

In recent years, the scaling of transformer architectures, combined with massive amounts
of pre-training data and computational capacity, has given rise to large language models.
Unlike traditional task-specific encoder-decoder models, large language models are typically
built on decoder-only transformer architectures, such as the GPT series [5], LLaMA [62],
or Mistral [25], trained autoregressively on next-token prediction over heterogeneous,
multi-billion-token corpora.

Through this large-scale generative pre-training, large language models acquire broad world
knowledge and strong contextual reasoning capabilities, allowing them to perform a wide
array of natural language processing tasks, including translation, summarization, and text
normalization, via zero-shot or few-shot prompting, without necessitating architectural
task-specific modifications. Furthermore, techniques such as instruction tuning [64]
and reinforcement learning from human feedback [46] align these models to follow
complex natural language instructions and adapt to downstream requirements.

Despite their state-of-the-art performance across high-resource domains, applying large
language models to regional and low-resource languages like Genoese introduces distinct
challenges:

» Tokenization Disparity and Subword Fragmentation: Tokenizers of general-
purpose LLMs are predominantly optimized for high-resource languages (e.g., En-
glish, Spanish, Italian). When processing low-resource or dialectal text with unique
orthographic conventions or diacritics, the tokenizer splits words into excessively
small subwords or individual characters. This severely increases the sequence length,
reduces context efficiency, and elevates computational overhead.

o Hallucination and Over-Standardization: Because large language models are
heavily exposed to dominant languages during pre-training, they exhibit a bias to-
ward standard forms (such as standard Italian). In tasks involving regional nor-
malization or translation, large language models may accidentally over-standardize
native phonetic structures or hallucinate plausible yet unauthentic vocabulary.

e Fine-Tuning Costs vs. Specialized Architectures: While parameter-efficient
fine-tuning methods, such as low-rank adaptation [23], allow large language mod-
els to be adapted to specific targets, training or fine-tuning models with billions of
parameters remains computationally expensive compared to compact, specialized
sequence-labeling or sequence-to-sequence architectures.

In the context of non-standard text processing and regional language normalization, eval-

uating whether generalist Large Language Models can match or surpass lightweight, task-
dedicated architectures remains a critical research question.
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Chapter 3

Dataset

Data represent a crucial component of the entire experimental pipeline of this thesis. To
address our methodological objectives, we collected and integrated multiple heterogeneous
data sources spanning different historical periods and presenting diverse formats. In this
chapter, we describe these sources and their primary features.

3.1 Data Sources

We partially carried out the data collection phase and the initial aggregation of the sources
in collaboration with Sara Caviglia and Fabrizio Sardo [9],[17] as part of a project developed
for the Natural Language Processing course.

To capture the full spectrum of the Genoese language, we categorized the collected re-
sources into four distinct domains: online dictionaries, web media, preexisting parallel
corpora, and historical heritage texts.

3.1.1 Online Dictionaries

o Diciondio elettronico italian-zeneise (DEIZE): The official Italian-Genoese
online dictionary developed by the Conseggio pe-o Patrimonio Linguistico
Ligure [13| 12]. In addition to an extensive lemma list of parallel Italian-Genoese
words, this resource includes a vast collection of contextual examples written accord-
ing to the standardized grafia unitdia.
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e Traduttore Italiano Genovese (TIG): An online dictionary curated by Franco
Bampi [3], adhering to the orthographic criteria of the grafia ofigia. It consists of
aligned Italian-Genoese lemma pairs.

3.1.2 Web Corpora and Digital Outlets

e O Zina: An online weekly journal published by the Conseggio pe-o Patrimonio
Linguistico Ligure [45, [12] in grafia unitdia, featuring news articles in Genoese
alongside their Italian translations.

o Lundio Zeneise da scid Tdgnd: A cultural blog dedicated to Ligurian traditions
and local folklore [33]. Tt consists mainly of monolingual texts, though it also contains
several bilingual sections with parallel Italian translations.

o Wikivivagna: The Ligurian-language edition of Wikisource [67], hosting a digital
web corpus of prose and poetry in Genoese characterized by high orthographic and
temporal variability.

3.1.3 Preexisting Parallel Corpora

o ZenaMT: A pre-aligned parallel Italian-Genoese corpus compiled for previous re-
search by Haberland et al. [20], aggregating various digital and translated texts. Cre-
ated in collaboration with the Conseggio pe-o Patrimonio Linguistico Ligure,
the dataset primarily consists of sentence pairs sourced from O Zina.

3.1.4 Historical and Heritage Texts

This category comprises 19th and 20th-century heritage texts that present a high degree
of linguistic complexity. For each source, prior research by Lusito et al. [36] provided both
the original historical version and a normalized transposition into modern grafia unitdia,
curated by expert linguists:

« Casaccia: Examples extracted from the 19th-century Dizionario Genovese-Italiano
by Giovanni Casaccia [§].

« Piaggio: The 19th-century poetic compositions in verse by Martin Piaggio [49).

e O Balilla: Archival excerpts from a prominent Ligurian bi-weekly newspaper pub-
lished between the late 19th and early 20th centuries [44].
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o Gazzo: Five cantos extracted from Angelico Federico Gazzo’s historical Genoese
translation of Dante Alighieri’s Divine Comedy [19].

3.2 Source Parsing and Format Preprocessing

A significant challenge in our data collection phase arose from the structural heterogeneity
of the raw sources. We acquired data in disparate file formats depending on their origin:
unstructured web-scraped HTML, plain TXT files, compressed Parquet tables, aligned
.raw/.norm text pairs, and standard CSV spreadsheets. To resolve these inconsistencies,
we developed and deployed source-specific parsing and cleansing sub-pipelines to convert
each format into a unified representation.

3.2.1 Plain Text Parallel Alignment (O Zind and Lundio)

We processed the resources from O Zind and Lundio Zeneise da scia Téagna [45][33], which
were originally provided as separate plain text (TXT) files for each language layer.

o Sentence-Pair Reconstruction: We reconstructed parallel structures via a de-
terministic line-by-line parsing routine, mapping each Italian sentence to its exact
positional counterpart in the Genoese file.

e Cleansing and Deduplication: We programmatically removed empty lines and
padding whitespace, applying basic standardization steps such as lowercasing and
exact-match deduplication to eliminate redundant pairs.

3.2.2 Columnar Data Decompression (ZenaMT)

We processed the ZenaMT corpus [20], which we acquired in Parquet format, a com-
pressed columnar storage layout optimized for large-scale processing frameworks.

o Extraction and Mapping: We decompressed the files and converted them into
a flat tabular format, directly mapping preexisting translation pairs to our target
schema fields.

« Standardization: We routed the extracted rows through the same cleansing rou-
tines applied to our text-based parallel corpora.
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3.2.3 CSV Columnar Extraction (DEIZE)

We extracted data from the DEIZE resource [13], which contains both lemmatized word
pairs and contextual sentence-level examples natively provided in CSV format.

o Feature Selection: We implemented a targeted script to isolate the core translation
columns (Italian and Genoese) while systematically stripping supplementary
metadata, descriptive annotations, and original spreadsheet indexing.

« Filtering: We cleansed the extracted text pairs by stripping padding whitespace,
lowercasing, and deduplicating entries.

3.2.4 HTML DOM Parsing and Polysemic Expansion (TIG)

We scraped the TIG online dictionary [3] in raw HTML format consisting of nested web
layouts.

« DOM Parsing and Link Filtering: We parsed Document Object Models us-
ing regular expressions and tag-filtering libraries to isolate lemma containers. We
systematically discarded cross-referencing anchor tags (<a>) linking to synonymous
words without explicit translations.

« Polysemic Expansion: When a single Italian lemma mapped to multiple Genoese
translations within the same HTML block, we applied a flattening routine to dupli-
cate the Italian source lemma across separate rows. This preserved the full polysemic
and synonymic diversity within a flat structure.

o Cleansing: We stripped isolated pairs of residual HTML entities, lowercasing and
deduplicating the final results.

3.2.5 Monolingual Sentence Extraction (Wikivivagna)

We processed the Wikivivagna corpus [67], which was provided as unstructured plain text
(TXT) files containing raw Genoese prose and poetry.

» Sentence Segmentation: We implemented a text segmentation routine to split the
continuous stream of text into individual periods and sentences.

o Monolingual Schema Population: Since no target translations were present, we
ingested the extracted sentences into the master file, leaving the Italian field blank
and setting the Type flag to Monolingual.
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3.2.6 Historical Layer Mapping (Casaccia, Piaggio, O Balilla,
and Gazzo)

We integrated the historical heritage corpora (Casaccia, Piaggio, O Balilla, and Gazzo)
[8, 149, 44, [19], provided as aligned file pairs in . raw (original historical orthography) and
.norm (normalized transposition into modern grafia unitdia) formats.

o Paired File Parsing: We developed a custom parser to ingest corresponding . raw
and .norm files synchronously, matching each historical sentence snippet with its
standardized counterpart.

o Schema Integration: We directly wrote the aligned pairs to the master CSV file,
preserving both the original variant and its modern normalized representation for
our training sub-pipelines.

3.3 Master Dataset Schema and Aggregation

Following format-specific conversion, cleansing, and exact-match deduplication routines,
we aggregated all processed resources into a single relational master file.

3.3.1 Relational Schema

Each record in the consolidated dataset represents a distinct textual unit (word pair or
sentence) governed by seven explicit features:

o Id: Unique numeric identifier ensuring cross-pipeline traceability.

« Italian: Standard Italian text snippet (left blank for monolingual Genoese records).
« Genoese: Genoese text snippet preserving its original input orthography.

o Source: Categorical string indicating data provenance.

« Level: Granularity indicator distinguishing word-level (word) from sentence-level
(sentence) tokens.

« Type: Classification flag set to either Bilingual or Monolingual.

« Grafia: Label tracking the specific orthographic convention or historical layer.
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3.3.2 Corpus Statistics and Structure

The final consolidated master dataset comprises a total of 265886 records. An illustrative
subset demonstrating the unification of diverse sources under this schema is presented in

Table B.11

Id Italian Genoese Source Level Type Grafia
31480  rifare refd TIG word Bilingual Ofigia
59192  porzione di slerfa de fugassa DEIZE word Bilingual Unitéia
focaccia
76781 il genoa ha segnato o zena o 'a faeto DEIZE sentence Bilingual Unitéia
due reti nel primo doe rae into
tempo primmo tempo
80801  la madre ha a moz a |’ a dito: O Zina sentence Bilingual Unitéia
dichiarato: «ora e «oua o I’é un
un angelo ma angeo ma veuggio
voglio giustizia, lo giusticia,
ricorderd con una P’arregordio con
fondazione» unna fondagion»
241829 no se queta, ciit in ~ Wikivivagna sentence Monolingual  Other
momento

Table 3.1: Example records from the consolidated master dataset schema.

The label Other in the Grafia feature accounts for entries that lack a specific ortho-
graphic designation or diverge from both the standardized grafia unitiia and grafia oficia
conventions.

To provide a granular quantitative breakdown of the consolidated corpus, Figure [3.1] il-
lustrates the structural distribution of records across four key categorical dimensions: or-
thographic standard (Grafia), textual granularity (Level), linguistic pair type (Type),
and origin corpus (Source).
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Source Dataset

Granularity Level

265886

Records

265886

Records

m Wikivivagna: 159212 (59.9%) W Sentence: 199475 (75.0%)
H TIG: 42929 (16.1%) Word: 66411 (25.0%)
m DEIZE: 36648 (13.8%)
W ZenaMT: 16419 (6.2%)
Casaccia, Piaggio,
¥ 0 Balilla, Gazzo: 7584 (2.9%)
Lunaio: 2603 (1.0%)
O Zina: 491 (0.2%)

Language Type
265886

Records

Orthography

265886

Records

B Monolingual: 168644 (63.4%) m Other: 165607 (62.3%)
Bilingual: 97242 (36.6%) B Unitdia: 57350 (21.6%)
Ofigia: 42929 (16.1%)

Figure 3.1: Proportional breakdown of the master dataset across key categorical dimensions
(Grafia, Level, Type, and Source).

As shown in the subplot analysis of Figure

« Source: The dataset aggregates records across diverse provenance nodes, dominated
by continuous text from Wikivivagna (159212 records, 59.9%), combined with lexico-
graphic sources and pre-existing corpora such as TIG (42929 records, 16.1%), DEIZE
(36648 records, 13.8%), ZenaMT (16419 records, 6.2%), historical literary works
(Casaccia, Piaggio, O Balilla, Gazzo, 7584 records, 2.9%), Lundio (2603 records,
1.0%), and O Zina (491 records, 0.2%).
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o Level: The distribution establishes a clear structural balance, with three-quarters
of the corpus comprising continuous contextual text at the Sentence level (199475
records, 75.0%) and the remaining quarter consisting of isolated lexical items at the
Word level (66411 records, 25.0%).

o Type: The corpus incorporates a majority of Monolingual Genoese sequences
(168644 records, 63.4%) primarily dedicated to target-side language modeling, along-
side a substantial portion of Bilingual parallel pairs (97242 records, 36.6%) lever-
aged for cross-lingual tasks.

« Grafia: The orthographic breakdown shows that non-standardized variants labeled
as other represent the largest share (165607 records, 62.3%), while standardized
spelling conventions account for the remaining portion, divided between grafia unitdia
(57350 records, 21.6%) and grafia ofigia (42929 records, 16.1%).

This centralized structure serves as the foundation for all subsequent processing stages,
enabling dynamic filtering and partitioning to generate specialized sub-datasets for both
normalization and translation tasks.

3.4 Dataset Partitioning and Task Alignment

To generate optimal, task-specific training sets while maintaining full traceability to the
master schema, the dataset is dynamically partitioned into two target sub-datasets:

o Text Normalization Task: Extracts entries across diverse orthographic conven-
tions to train models that map non-standard Genoese variants into the standardized
modern format.

e« Machine Translation Task: Filters high-purity bilingual pairs alongside selected
monolingual Genoese sentences (for back-translation and pre-training) to build the
dataset for neural machine translation models.

Further details regarding the specific datasets utilized for the normalization and translation
tasks will be provided in Chapters[dand [5] respectively, following a more detailed definition
of each task and its specific requirements.
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Chapter 4

Normalization

Text normalization is the computational process of transforming non-standard, highly vari-
able textual inputs into a single, standardized orthographic representation. This step is
particularly vital for regional and low-resource languages such as Genoese, which lack a
single, universally enforced orthographic convention. Throughout history, written Genoese
has undergone continuous mutations, heavily influenced by individual choices, phonetic
transcriptions, and local dialectal traditions of various authors and translators.

Such high lexical and graphemic variability significantly complicates NLP tasks, ranging
from part-of-speech tagging and text-to-speech synthesis to neural machine translation.
When a single word can be instantiated in multiple distinct surface forms, downstream
models face severe vocabulary fragmentation and artificial data sparsity. Furthermore,
this fragmentation compromises automated evaluation metrics, as reference corpora can-
not practically account for every historical or regional spelling variant. Transforming raw
dialectal text into a unified baseline is therefore a necessary prerequisite for robust com-
putational modeling and accurate downstream evaluation.

4.1 Related Works in Text Normalization

This section reviews the evolution of text normalization methodologies, tracing the shift
from traditional statistical and rule-based pipelines to modern character-level sequence-to-
sequence neural architectures, with a specific focus on dialectal normalization and Genoese
orthographic standardization.

24



4.1.1 Evolution of Text Normalization

Early non-neural approaches framed text normalization primarily as an unsupervised map-
ping task to convert informal or non-standard tokens into standardized canonical forms.
For instance, Yang and Eisenstein [71] introduced an unsupervised log-linear model paired
with a target language model, using a Sequential Monte Carlo sampling algorithm guided
by orthographic distance features to learn noise patterns without annotated parallel data.

Rule-Based, Subword, and Multi-Stage Pipelines

With the emergence of neural sequence-to-sequence architectures and weighted finite-state
transducers, early frameworks cast normalization into specialized translation or string
transduction tasks. Sproat and Jaitly [58] addressed text normalization for speech synthe-
sis by processing character sequences within sliding context windows using bidirectional
LSTMs, constraining the model’s lattice with finite-state transducers to mitigate catas-
trophic hallucinations. In low-resource scenarios characterized by noisy web-scraped data
and inconsistent orthographic standards, finite-state grammar frameworks have proven ef-
fective, for instance, Zupon et al. [75] applied language-specific rewrite rules to normalize
a diverse suite of low-resource African languages, effectively reducing dataset perplexity
and filtering orthographic noise. To balance character-level granularity with full sequence
context, subword tokenization strategies were also introduced. Mansfield et al. [37] formu-
lated text normalization as a neural machine translation task operating on subword units
generated via byte pair encoding [55], mitigating out-of-vocabulary explosion while embed-
ding positional and part-of-speech features. Concurrently, hybrid multi-stage frameworks
(e.g., Yolchuyeva et al. [73]) combined deep learning entity classifiers (BiLSTMs and con-
volutional neural networks) with deterministic rule-based verbalizers to enforce structural
constraints on complex semiotic classes.

Character-Level Dialectal Transduction

Text normalization operates primarily as a character-level sequence-to-sequence trans-
duction task. Because non-standard regional variants and their normalized counterparts
share underlying lexical roots and morphosyntactic structures, the mapping relies heavily
on fine-grained graphemic transformations rather than arbitrary lexical substitution.

Operating directly on raw character sequences eliminates out-of-vocabulary bottlenecks
caused by unpredictable dialectal spelling variants. Bidirectional LSTM networks aug-
mented with dynamic attention mechanisms [2] have established a core benchmark for
character-level transductions.
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By encoding contextual character representations bidirectionally and dynamically aligning
source and target graphemes, BiLSTM architectures effectively capture complex morpho-
logical, phonetic, and accentual mappings across non-standard orthographic systems.

In the context of dialectal normalization and historical manuscripts, where annotated train-
ing data is severely limited, character-level models have proven highly effective. Lusetti
et al. [35] addressed the normalization of informal Swiss German WhatsApp messages
into standard High German using a character-level sequence-to-sequence architecture with
bidirectional LSTMs and soft attention, integrated with a secondary word-level model to
verify word-boundary validity.

4.1.2 Genoese Orthographic Normalization

Computational resources and processing pipelines specifically targeting Ligurian and Ge-
noese have historically been constrained by dialectal fragmentation and orthographic in-
stability. Recent empirical evaluations by Buscaldi and Rosso [7] on Genoese corpora
demonstrated how graphemic variance and vocabulary mismatch severely limit the direct
zero-shot transfer of multilingual sequence-to-sequence architectures.

Addressing Genoese orthographic standardization, Lusito, Maillard, and Ferrante [36] es-
tablished a crucial state-of-the-art benchmark. Their work focused on normalizing 19th-
century Genoese literary texts into the modern standardized orthography (grafia unitdia).
Utilizing transformer-based NMT architectures operating at the subword level, their models
mapped archaic and non-standard spelling variations into normative conventions, demon-
strating the feasibility of neural transduction for digital preservation. Building upon these
foundations, our work extends Genoese text normalization by formulating the task directly
at the character level, benchmarking probabilistic sequence labelers against attention-
augmented BiLSTM architectures across both isolated lexical items and full contextual
sentences.

4.2 Data Processing for Text Normalization

The primary objective of the text normalization step is to unify heterogeneous orthographic
variants into a single, standardized writing system. The master dataset comprises three
distinct orthographic conventions: oficid, unitdia, and other. The other category, as briefly
mentioned in Section [3.3.2] aggregates non-standardized orthographies that lack formal
codification or diverge from official standards, including historical, popular, and informal
variants. Consequently, the normalization pipeline could target either the oficia or the
unitaia convention.
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As shown in Table [4.1] unitdia represents the predominant codified standard within the
dataset and was therefore selected as the target orthography.

Orthographic System Number of Entries

Other 165607
Unitdaia 57350
Oficia 42929

Table 4.1: Distribution of entries across writing systems in the master dataset.

When the thesis project started, aligned sentence pairs from the historical sources (Casac-
cia, Piaggio, O Balilla, and Gazzo) [8, 149, [44] 19] were unavailable. Consequently, the
normalization pipeline was at first directed toward word-level alignment rather than full
sentence normalization. We thus constructed a dedicated parallel dataset from the primary
dataset, described in Chapter [3| by aligning individual lexical entries from DEIZE, TIG,
and Wikivivagna [13, [3] [67].

4.2.1 Normalization Dataset

To train and evaluate the character-level sequence-to-sequence normalization models, two
distinct parallel corpora were constructed across different levels of granular resolution: a
word-level dataset and a sentence-level dataset. The word-level dataset relies on
automated heuristic alignment pipelines across lexicographical and unstructured sources,
whereas the sentence-level dataset incorporates manually validated historical parallel texts.

Word-Level Alignment via Dictionary Merging

To align the TIG (grafia oficid) and DEIZE (grafia unitdia) Genoese-Italian dictionaries
into a coherent parallel word-level dataset, a multi-step pipeline was executed in chrono-
logical order:

1. Exact Lemma Matching and Slash Resolution: An initial relational join mapped
identical Italian source entries across both dictionaries. Immediately following this
merge, entries containing alternative lexical variants separated by slashes (e.g., op-
tion1/option2) were systematically resolved. Each variant was evaluated individually
against the opposing dictionary entry, retaining only the single option that maximized
structural proximity while discarding remaining candidates.
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2. Normalized Distance Calculation and Threshold Filtering: A normalized
Levenshtein distance was computed for candidate pairs by dividing the edit distance
by the maximum token length. Strings underwent Unicode normalization to strip
diacritics and hyphens, ensuring comparison focused purely on graphemic sequences.
Pairs exceeding a strict normalized distance threshold of 0.3 were discarded to elim-
inate noisy alignments.

3. Cross-Dictionary Disambiguation: Duplicate mappings for Genoese lemmas
across dictionaries were resolved by sorting remaining candidates in ascending or-
der of edit distance. The pipeline systematically dropped lower-ranked duplicates,
preserving exclusively unique translation pairs that maximized lexical similarity.

Word-Level Alignment via Vocabulary Sifting

To expand the word-level normalization dataset using unstructured sources, a dedicated
alignment pipeline mapped localized Genoese vocabulary from Wikivivagna sentences against
the consolidated dictionary lemmas through the following workflow:

1. Sentence Tokenization and Text Cleaning: Full sentences extracted from Wiki-
vivagna were segmented into word tokens. Boundary punctuation marks (e.g., quo-
tation marks, periods, commas) were programmatically stripped while preserving
internal apostrophes and hyphens essential to Genoese orthography. Duplicate to-
kens were removed to form a unique target vocabulary.

2. Token-Count Grouping and Structural Pre-Filtering: Dictionary lemmas and
Wikivivagna tokens were segmented and grouped by internal sub-token counts (split-
ting on spaces and hyphens). Pairwise matching was restricted strictly to strings
sharing identical sub-token counts, drastically reducing search complexity.

3. Vectorized Distance Matrix Computation: Within each structural group, a
parallelized distance matrix was computed using low-level optimized bindings. Nor-
malized Levenshtein distances were calculated on diacritic-insensitive representations
alongside an absolute length delta matrix.

4. Heuristic Sifting and Candidate Reduction: Alignment candidates were tenta-
tively retained only if they satisfied a dual-gate constraint: a normalized Levenshtein
distance strictly below 0.3 and an absolute length difference not exceeding 3 charac-
ters.
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5. Morphological Alignment and Quality Thresholding: Verification enforced
that initial and final base graphemes (independent of diacritics) matched perfectly
between paired elements. Finally, the acceptance threshold for the normalized Lev-
enshtein distance was tightened to a strict maximum of 0.1. Without an Italian
reference word, higher distance thresholds allowed false alignments between distinct
lexical items with high surface similarity, such as casa (home) and cosa (thing, whose
normalized form cédsa) yields a normalized Levenshtein distance of 0.25.

Sentence-Level Parallel Dataset

The sentence-level component of the normalization dataset comprises full parallel sentences
extracted from the historical heritage collection (Casaccia, Piaggio, O Balilla, and Gazzo).
These resources provide direct sentence-aligned mappings between original historical ortho-
graphic variants (other) and their expert manual transliterations into standardized modern
grafia unitdia.

4.2.2 Dataset Splitting

To evaluate the generalization capacity and robustness of the proposed normalization
frameworks, the datasets were partitioned into distinct subsets tailored to the structural
constraints of the task.

Data splitting strategies were applied across two primary granularities derived from the
global corpus: the word-level dataset, consisting exclusively of standalone lemmas, and the
sentence-level dataset, both detailed in Section |4.2.1] comprising full contextual sequences.

To guarantee exact experimental reproducibility across all approaches, a deterministic
partitioning strategy was enforced using a fixed random seed. For both word-level and
sentence-level corpora, alignment pairs were divided according to a standard 80%/10%/10%
ratio for Training, Validation, and Test sets, respectively. The final quantitative breakdown
is summarized in Table .2l

Dataset Total Records Train Validation Test
Word-Level 18228 14597 1814 1817
Sentence-Level 3791 3030 380 381

Table 4.2: Quantitative distribution of baseline records across the experimental data partitions
for the normalization task.
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4.3 Methods

Normalization is a crucial step in unifying the writing systems of a low-resource language.
Since Genoese lacks millions of parallel sentences required to train a translation model
entirely from scratch, it is imperative to leverage all available data. However, exposing
a model to a high degree of orthographic variation in its inputs significantly hinders its
capacity to learn accurate word translations. Consequently, the primary objective is to
align all available textual data into a single, standardized writing system.

To determine the target convention, non-standardized options must first be ruled out.
Converting texts into the other category is mathematically and linguistically unfeasible,
as it does not represent a cohesive writing system governed by formal rules, but rather
acts as a generic container for heterogeneous orthographic variations. Concurrently, as
demonstrated in Table [£.3] the ofi¢id orthography contains zero records at the sentence
level in the global dataset.

Orthographic System Number of Entries

Other 161815
Unitaia 30076
Ofigia 0

Table 4.3: Number of entries at the sentence level per each writing system.

This complete absence of sentence-level data for ofi¢ia, combined with the structural frag-
mentation of the other category, leaves the grafia unitdiia as the sole viable target system.
Beyond being the primary codified standard in the lexicon (Table , unitdia accounts
for all available standardized sentence-level entries (Table . Consequently, the ultimate
goal of the normalization framework is to systematically transduce sentences belonging
to the other classification into the standardized, rule-governed framework of the grafia
unitaia.
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4.3.1 Task Formulation

To reach this objective, the orthographic normalization process is formalized as a character-
level sequence-to-sequence transduction task. To systematically evaluate the generalization
capabilities of the architecture, the task was investigated and formulated at two distinct
levels of linguistic granularity:

1. Word-Level Normalization: The framework is initially applied to isolated word
tokens. Given an input sequence of characters representing a single unstandardized

word Wi, = (x1,29,...,x,) from the other or grafia ofi¢ia vocabularies, the model
learns a mapping function f : W;, — W, to generate the corresponding standard-
ized target word Woue = (y1,Y2, ..., Ym) in grafia unitdia. This granular formulation

isolates the morphological and phonetic transformations, focusing strictly on local-
ized graphemic shifts without context variables.

2. Sentence-Level Normalization: The paradigm is subsequently scaled to full tex-
tual sequences to handle realistic translation inputs. Given an entire sentence se-
quence S;, = (x1,%2,...,T,), the objective is to generate the optimal standardized
target sentence Sy = (Y1, Y2, - - -, Ym)- This advanced formulation requires the model
to not only map character transformations but also maintain contextual consistency
across syntactic boundaries, handling word spacing and punctuation fluidly.

Operating explicitly at the character level across both granularities, rather than at the
traditional word or sub-word token level, is a fundamental architectural constraint. In
low-resource scenarios, word-level vocabularies suffer from severe data sparsity and high
out-of-vocabulary rates. More importantly, while machine translation involves mapping
entirely different lexical items and syntactic shifts across languages, orthographic normal-
ization deals with variations where the underlying word and its semantic meaning remain
constant and only specific character configurations change. By compressing the structural
space to a closed vocabulary V consisting solely of localized graphemes, digits, and dia-
critics, the framework shifts the objective from a complex semantic translation problem
to a specialized phonetic and orthographic transposition task. This allows the model to
fluidly generalize over unseen lexical roots by learning recurring character substitutions,
insertions and deletions, whether processing an isolated lemma or a complex syntactical
sentence.

To address the character-level transduction task, three distinct computational methods
were investigated: the first two focused exclusively on the word level, while the third
encompassed both.
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4.3.2 Norm-RB: Deterministic Rule-Based Extraction

The first method relies on a deterministic, rule-based framework designed to automati-
cally extract and apply character-level transformation patterns from parallel corpora. The
pipeline is organized into four core stages:

1. Character Alignment (Needleman-Wunsch): To map the exact transitions
from a non-standard source string (.5) to its official target (T), the system employs
the Needleman-Wunsch global alignment algorithm [43] [11]. Since this alignment
serves as a deterministic preprocessing step rather than a core hyperparameter of
the normalization task, it is parameterized using a standard affine gap penalty con-
figuration. Specifically, the scoring matrix is set to +3.0 for a character match and
—1.5 for a mismatch. To prevent excessive and fragmented character splits, the gap
scoring model penalizes the introduction of new gaps with an opening score of —4.0,
while the continuation of an existing gap is penalized with an extension score of —1.0.
In cases where the algorithm yields multiple optimal paths with identical maximum
scores, a right-leaning tie-breaking heuristic is applied, forcing gap characters (-)
toward the end of the string to ensure geometric consistency across the extracted
patterns.

2. Contextual Rule Modeling: Formally, each structural modification is abstracted
and uniquely identified as an operation tuple:

R = (op, src,dst, left, right)

where op € {SUB, INS, DEL} denotes the operation type (Substitution, Insertion, or
Deletion), src and dst represent the source and destination substrings (which may be
empty for insertion and deletion operations, respectively) and left and right capture
the immediate context within a dynamic window of size w. Boundary effects at
the word edges are handled via virtual padding using anchor symbols (* for word-
start and $ for word-end). While the implementation carries additional metadata for
tracking and provenance purposes, such as sample words and length attributes, the
mathematical identity of a rule is strictly bounded by this quintuple. To maintain
strict contextual integrity during multi-step extractions within the same word, the
source string is updated incrementally, ensuring that subsequent context evaluations
reflect localized changes already identified.

3. Statistical Scoring and Priority Assignment: For each unique rule harvested
from the training dataset, the extraction pipeline aggregates the localized instances
into a comprehensive knowledge base. To evaluate the empirical weight and reliability
of each rule, the system computes an array of statistical metrics:
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o Frequency (f): The absolute number of times the specific transformation is
observed across the entire dataset.

o Lexical Spread (n.,0r4s): The number of distinct unique words in which the
rule appears, serving as an indicator of whether a pattern is systemic or confined
to specific lexical items.

« Average Word Length (/,,,): The mean length of the source words that trig-
gered the rule, providing morphological context regarding the token structure.

» Confidence (c): The conditional probability of the rule’s application given its
specific source context (defined by the combination of srec, left and right for
a given window size w). It represents the local determinism of the shift and is
calculated as:

f

C =
Total occurrences of the matching source context

During the inference phase, rules are ordered and selected via a composite Priority
score (P). This score is formulated as a weighted linear combination that maps
the specificity of the context (window size w), the local reliability (confidence c)
and a logarithmically scaled factor of the empirical volume (absolute frequency f).
Additionally, an operational bias factor w,, is introduced to modulate priority based
on the operation type, allowing the system to penalize specific structural shifts (such
as insertions or deletions) relative to simple substitutions to mitigate uncontrolled
string-length drift.

. Right-to-Left Inference: When normalizing an unseen word, the system applies
the prioritized rule queue using a greedy strategy. Crucially, transformations are
executed in a right-to-left direction. This positional constraint ensures that any
insertions or deletions do not invalidate or shift the index offsets of pending character
sites further down the string. The inference loop runs iteratively until a fixed point
is reached (no further rules match) or a maximum safety threshold of operations is
exceeded to prevent infinite cycles.

4.3.3 Norm-CRF: Conditional Random Fields

To transition from rigid heuristics to probabilistic machine learning, the second method
formalizes word-level normalization as a structured sequence labeling task using Condi-
tional Random Fields (CRF). By modeling the conditional distribution of character-level
tags, this approach attempts to capture statistical transitions within the token, though
it still falls short when scaling to full syntactic structures due to its inability to capture
long-range contextual dependencies and global sentence-level grammar. The pipeline and
its theoretical framing are structured as follows:

33



1. Mathematical Formalization: Let x = (z1,2s,...,27) denote the sequence of
characters forming an unnormalized input token, and let y = (y1,¥2,...,yr) be the
corresponding sequence of predicted transformation labels. The linear-chain CRF
models the conditional probability P(y|x) as:

where fr(ys, ys—1,X,t) represents a feature function capturing character context and
label transitions, wy, is the learned weight associated with f;, and Z(x) is the partition
function ensuring a valid probability distribution across all possible label paths:

T
260 = T exp (z S el 1, t>)
y/ t:1 k’

2. Alignment and Edit Operations: The target label space ) is derived through
optimal string alignment based on character-level Levenshtein distance, mapping
source characters x; to target characters. Each label y; encapsulates an atomic rewrite
rule, categorized into three fundamental operations:

o Substitution (SUB): The source character z; is mapped directly to a distinct
target character y, # ;.

« Insertion (INS): A target character is inserted following x;. In the sequence
labeler, this is encoded by appending the inserted character to the label of z;
(e.g., ys = "ws + 7).

o Deletion (DEL): The source character z; is removed, represented by a special
null label y, = e.

3. Contextual Feature Engineering (Windowing): The discriminative power of
the CRF relies heavily on the definition of contextual feature functions f; that model
local dependencies. Instead of processing characters in isolation, a sliding context
window of size w is evaluated around each position . For each character z;, the
extracted feature vector includes:

e Local N-grams: Individual characters and contiguous character sequences
within the window [t — w,t 4 w].

e Boundary Markers: Explicit indicators identifying whether z; resides at the
word start (") or word end ($).

o Rule Priority Features: Statistical indicators derived from the rule-based
extraction phase, embedding historical transformation frequencies directly into
the feature space.
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4. Sequence Prediction and Token Reconstruction: During the inference phase,
the system processes an unseen source string x by first mapping it to its respective
character-level feature representation. This context is passed to the trained model
using a single-instance sequence prediction method (predict_single) to output
the globally most probable sequence of target labels y = argmaxy P(y|x). Crucially,
since the predicted target space may include explicit gap markers (=) inherited from
the training alignment phase, a deterministic post-processing step is executed: the
predicted character sequence is joined into a continuous string, and any residual gap
tokens are stripped out via string replacement to synthesize the final normalized
word.

4.3.4 Norm-BiLSTM: Character-Level Sequence-to-Sequence

To overcome the rigidity of hand-crafted rules and the contextual limitations of tradi-
tional sequence labelers, the primary focus of this method shifts toward deep recurrent
sequence-to-sequence architectures. This definitive approach addresses both word-level
and full sentence-level normalization by leveraging a bidirectional long short-term memory
(BiLSTM) network with attention.

Vocabulary Representation and Dataset Structuring

To process the linguistic variations at the most granular level, the model operates on a
dedicated character-level vocabulary represented by a custom class Vocabulary. The
tokenization space is constrained to a closed set of characters directly extracted from the
training observations, alongside four explicit functional tokens:

o <PAD>: Padding token used to equalize batch sequence lengths.

o <S0S>: Start-of-Sequence token prepended to target sequences to initialize autore-
gressive decoding.

o <EOS>: End-of-Sequence token appended to terminate sequence generation.

o <UNK>: Out-of-Vocabulary token reserved for unseen character symbols.

The raw input pairs are loaded through a custom PyTorch dataset pipeline, which maps
the original and normalized strings into parallel numerical vectors of character indices.
To enable efficient mini-batch processing without loss of positional fidelity, sequences are
dynamically padded to the maximum length within each batch using a custom collation
function (collate_fn), returning both the padded numerical tensors and their corre-
sponding true, unpadded lengths.
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Sequence-to-Sequence Encoder-Decoder Architecture

The core of the deep learning approach relies on a Sequence-to-Sequence architecture,
which decouples the representation of the input string from the generation of the target
normalized word or sentence. This formalization addresses a fundamental limitation of tra-
ditional sequence labeling models (such as CRFs), which are mathematically constrained
to a strict, synchronized alignment. In contrast, the Seq2Seq method models the normal-
ization task as an asymmetric transduction, enabling the mapping of an input sequence of
length NV to a target sequence of length M. This flexibility is essential for capturing natural
language phenomena where characters are compressed, expanded, or omitted during the
normalization process.

The architecture is divided into two main computational blocks:

e The Encoder: The encoder consists of a bidirectional LSTM network. Given an
input sequence of character embeddings E;, = (ey,e9,...,ey), the forward LSTM

_>
reads the seq&ence from left to right ( & ;), while the backward LSTM reads it from
right to left ( 4 ;). The two hidden states are concatenated at each time step i to form

a comprehensive contextual representation h; = [ﬁz, %l] € R?® where d represents
the hidden state dimension. To bridge the gap between the encoder and decoder,
these representations are projected through a non-linear activation to initialize the
decoder state.

e The Decoder: Unlike the encoder, the decoder operates in a strictly unidirectional,
autoregressive manner. At each step t, it predicts the next character probability
distribution conditioned on its internal hidden state s;, the previous target character
embedding, and a context vector ¢; supplied by the attention mechanism, continuing
until the End-of-Sequence (<EOS>) token is emitted.

Character-Level Alignment via Bahdanau Attention

The most critical component of the sequence-to-sequence model is the character-level atten-
tion mechanism, which resolves the information bottleneck of traditional encoder-decoder
architectures. In low-resource orthographic normalization, target characters often corre-
spond directly to specific source character clusters, though the alignment may shift dy-
namically due to insertions or contractions. This architecture implements an additive
(Bahdanau) [2] attention mechanism.

Let h; € R?* represent the bidirectional representation of the i-th character in the source
sequence of length N. Let s; represent the hidden state of the decoder at step t.
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To handle architectures where the decoder contains multiple layers (L > 1), the multi-layer
hidden states are first flattened and projected into a single representation s, € R%:

sy = tanh(Wiyej + [St.15 - - -5 St.L] + bproj) (4.1)

where [s¢1;...58:0] € RX? represents the concatenation of the hidden states across all
layers, Wproj € R**(L) g the learnable projection matrix and bproj € R? is its corresponding
bias vector. If L = 1, s} matches the single-layer hidden state.

At each step t, the alignment engine measures the compatibility of each encoder output h;
with the current projected decoder state s;. The alignment energy e;; is calculated as:

eri = v tanh (W, - [s}; hi] + by) (4.2)

where W, € R34 represents the weight matrix of the alignment layer, b, € R? is its bias
vector, and v € R? is the output projection vector.

These raw energy scores are normalized across the temporal dimension of the source string
using a softmax function to obtain the attention weights oy ;:

oy — exp(e;)

P N
Zj:l exp(er,;)

The dynamic context vector ¢; is then computed as the weighted sum of the encoder
outputs:

(4.3)

N
Ct = Z aih; (4.4)
i=1

This context vector ¢; is concatenated with the target character embedding at step ¢ and
passed as input to the decoder LSTM, allowing the network to explicitly focus on relevant
source character sub-sequences during transduction.

4.3.5 Data Augmentation Strategies

One of the most critical challenges when processing low-resource languages is data scarcity.
To alleviate this limitation and prevent overfitting, expanding the training dataset via data
augmentation is highly beneficial. For the character-level normalization task, two distinct
data augmentation methodologies were developed.
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Rule-Based Denormalization

The first data augmentation strategy operates by inverting the deterministic rules extracted
during the rule-based phase (Section [£.3.2). While the rule-based framework can be de-
ployed directly for text normalization, its inverted rules are also leveraged to perturb clean
sentences to simulate human-generated typographical noise, abbreviations, and dialectal
variations. Given a dataset of standardized text without corresponding non-standardized
equivalents, this inverse process generates synthetic input-target pairs, expanding the avail-
able training data for machine learning approaches such as the CRF model described in

Section

Back Normalization

In contrast, the second approach is designed to expand the dataset for the neural sequence-
to-sequence architecture (Section through an auxiliary, specular neural model. In-
stead of introducing a different architecture, this method leverages the exact same bidirec-
tional sequence-to-sequence network with attention described in Section However,
the model is trained in a reversed configuration: it learns to map clean, standardized sen-
tences back to their raw, non-standardized forms. By training this inverse transduction
system, we process larger monolingual standardized corpora to synthesize corresponding
noisy inputs for the primary normalization model.

4.4 Experimental Setup

To ensure a rigorous and reproducible evaluation of the normalization task, the hyper-
parameter configurations for each of the three proposed approaches were systematically
calibrated. All experiments were executed using the computing infrastructure detailed
in Appendix [A] Given the structural and mathematical differences inherent to each ap-
proach, ranging from deterministic rule extraction to probabilistic sequence modeling and
deep neural architectures, each framework required a distinct optimization strategy to
balance computational efficiency with sequence-level accuracy.

The following sections detail the specific parameter spaces, tuning methodologies, and final
optimal configurations selected for each method.
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4.4.1 Norm-RB: Deterministic Rule-Based Extraction

For the rule-based framework (Section and its corresponding inverted augmentation
engine (Section , the optimization configuration governs the offline synthetic gener-
ation process rather than direct inference. To prevent combinatorial explosion, maintain
phonetic alignment, and balance downstream dataset expansion for the CRF model, the
following optimal hyperparameters were enforced during rule application and generation:

« Context Window Sizes (w): Rules were extracted across three distinct character-
level context boundaries (w € {1,2,3}) to maximize structural and contextual diver-
sity.

e Maximum String Operations: Restricted to a maximum of 2 character-level
perturbations (substitutions, deletions, or insertions) per individual token.

« Maximum Morphological Variations: Capped at a maximum of 2 distinct syn-
thetic variants generated from a single original clean lemma.

e Minimum Confidence Threshold: Filtered the inverted knowledge base to retain
only transformation rules exhibiting an extraction confidence score of ¢ > 0.1.

4.4.2 Norm-CRF: Conditional Random Fields

The training and optimization of the CRF sequence labeler (Section rely on the
L-BFGS optimization algorithm (algorithm=*‘1bfgs’), capped at a maximum of 250
iterations to guarantee numerical convergence. To ensure robustness against unseen label
sequences during inference, the model incorporates all possible state transitions (all_-
possible_transitions=True), computing penalty weights even for unobserved train-
ing pairs.

To prevent overfitting and control model complexity, a randomized hyperparameter search
was executed across 20 iterations with a 3-fold cross-validation scheme (60 total training
runs). The optimization grid targeted the regularization parameters ¢; (L; Lasso regular-
izer) and ¢y (Lo Ridge regularizer). Both parameters were sampled mathematically from
an exponential distribution profile (Scipy.stats.expon), expressed as:

c1, c2 ~ Expon(scale = 0.1)

where the scale parameter is configured to 0.1 to focus the randomized search densely
around smaller, highly-effective regularization constraints. The objective function max-
imized the weighted Fi-score to account for class imbalance within the character-level
transitions.
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Following the exploration phase, the optimal configuration yielded a regularizer value of
c1 = 0.3088 and ¢y = 0.1068. These specific parameters define the final optimized esti-
mator used for downstream evaluation tasks, balancing feature sparsity with architectural
stability.

4.4.3 Norm-BiLSTM: Character-Level Sequence-to-Sequence

The deep learning architectures developed for both word-level and sentence-level sequence-
to-sequence normalization (Section |4.3.4) were systematically optimized using a compre-
hensive grid search strategy.

Hyperparameter Search Space

The search space targeted the architectural and optimization constraints of the sequence-
to-sequence model across the following dimensions:

e Embedding and Hidden Dimensions: The character embedding layer maps in-
put tokens into a continuous vector space, while the hidden state size defines the
capacity of the recurrent cells to capture long-term historical dependencies.

e Network Depth and Regularization: The number of recurrent layers determines
the hierarchical abstraction capability of the network. A dropout regularization
rate is evaluated to prevent overfitting by randomly zeroing out hidden activations
between subsequent recurrent layers.

o Optimization Schedule: The learning rate governs the step size during gradient
descent via the Adam optimizer, operating across a fixed batch size and a maximum
number of training epochs.

o Convergence and Generation: An early stopping mechanism is enforced to mon-
itor validation loss using a specific patience threshold (consecutive epochs without
improvement) to prevent overtraining. Concurrently, the teacher forcing ratio dic-
tates the probability of feeding the ground-truth token rather than the model’s own
prediction back into the decoder at each time step.
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Optimal Architecture and Execution Constraints

Following the grid search phase, the optimal configuration selected for the final evaluation
tasks is summarized in Table [£.4] During the exploration, scaling the network depth
from 1 to 2 layers yielded no statistically significant performance improvements; thus, a
single-layer configuration was prioritized to reduce computational overhead. Consequently,
although a dropout rate of 0.3 was originally evaluated, it was structurally deactivated in
the final model since dropout applies exclusively between subsequent recurrent layers (i.e.,
when depth > 1).

Furthermore, the mini-batch size was strictly constrained to 8 instances. This conservative
allocation was explicitly selected to mitigate hardware memory pressures stemming from
long contextual text sequences and to ensure stable execution within a shared, multi-user
high-performance computing environment.

Hyperparameter Optimal Value

Character Embedding Dimension 128

Hidden State Size 512

Number of Recurrent Layers 1

Dropout Rate 0.0 (Deactivated due to Depth = 1)
Learning Rate 1x1073

Batch Size 8

Maximum Training Epochs 100

Early Stopping Patience 15

Teacher Forcing Ratio 1.0

Table 4.4: Optimal hyperparameter configuration selected for the Norm-BiLSTM via grid search
optimization.

4.5 Experimental Results and Discussion

The models are evaluated on the test set partitions described in Section |4.2.2| using the
Character Error Rate (CER) as the primary performance metric. To guarantee algorithmic
consistency across all methods, the metric is computed via the standardized CharError-
Rate module provided by the torchmetrics.text framework.
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Formally, the CER measures the edit distance between the model’s predicted sequence
and the clean target sequence at the character level. It calculates the minimum number of
character-level operations, specifically substitutions (5), deletions (D), and insertions (I),
required to transform the predicted string into the reference gold standard, normalized by
the total number of characters in the reference sequence (N):

S+D+1

E:
CER N

A lower CER percentage indicates higher normalization accuracy, with 0% representing a
flawless sequence replication.

The CER represents the most suitable metric for the normalization task because target
transformations typically affect only localized character sequences rather than the entire
token structure. Consequently, this character-level granularity provides a less punitive and
more accurate reflection of model performance compared to rigid word-level evaluation
frameworks.

Crucially, within the scope of this evaluation, the performance profiles of models operating
exclusively on isolated word tokens are considered secondary objective functions. Evaluat-
ing models strictly at the word level disregards critical contextual and syntactic dynamics,
failing to capture adjacent linguistic markers such as articles, clitics, or specific verbal con-
jugations. Consequently, the ultimate empirical milestone of this framework is not merely
to minimize the CER on the word-level test set, but rather to optimize accuracy across
the full contextual boundaries of the sentence-level test partition.

Nevertheless, maintaining a low error rate on isolated words remains an important op-
erational asset, as it ensures the final normalizer can gracefully process standalone user
queries or decoupled out-of-vocabulary lemmas. This dual operational requirement justifies
the hybrid configuration of the definitive training dataset, which intentionally aggregates
both structural word-level lemmas and full contextual sentence-level instances.

4.5.1 Norm-RB: Deterministic Rule-Based Extraction

The rule-based framework described in Section initially parses the clean-to-unclean
alignment pairs across different context window sizes (w) to extract deterministic trans-
formation patterns.
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Qualitative Rule Analysis

The parsing routine successfully populated the knowledge base, yielding a highly structured
set of morphological rules. A qualitative selection of the most frequent and confident
transformation rules extracted from the training dataset using a context window of w =1
is summarized in Table 5]

op src dst left right freq. conf. Example (S — T)

SUB ¢ o i n 332 0.9970 abitagién — abitagion

SUB a a i $ 178  0.9834 addescia — addescia

SUB a a t % 169  1.0000 abbasta — abbasta

DEL - n a 152 1.0000 a-a sestrinn-a — aa sestrinna
DEL n n a 132 1.0000 a-a sestrinn-a — a-a sestrifia
INS g g i 117 0.9915 agiadda — aggiadda

Table 4.5: Quantitative distribution of the top six deterministic transformation rules extracted
from the dataset using a context window size of w = 1.

When evaluated as a standalone inference model, preliminary testing revealed severe op-
erational limitations: due to the strict rigidity of exact-match context windows, the deter-
ministic model failed to generalize to unseen lexical forms, resulting in fragmented outputs
and high error rates. Consequently, the method was pivoted: the framework was repur-
posed exclusively as an offline denormalization engine (Section to generate synthetic
training instances for probabilistic estimators.

Synthetic Expansion for Norm-CRF

The data augmentation strategy was deployed exclusively to expand the training partition
for the Norm-CRF pipeline. By inverting the extracted transformation rules across all three
context windows (w € {1,2,3}), 2106 alignment pairs were successfully generated under
strict quality constraints (maximum of 2 string operations per token, maximum 2 synthetic
variants per lemma, minimum confidence ¢ > 0.1). This process expanded the baseline
CRF training dataset from 14597 to an aggregate size of 16703 instances.
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Extraction Window Size (w) Generated Synthetic Pairs

Window size w =1 1557
Window size w = 2 384
Window size w = 3 165
Total Augmented Subset 2106

Table 4.6: Quantitative distribution of the synthetic alignment pairs generated for the CRF
training set, categorized by extraction window size.

4.5.2 Norm-CRF: Conditional Random Fields

The empirical evaluation of the Norm-CRF framework yielded stable performance bound-
aries on the word-level test partition. When trained exclusively on the baseline dataset,
the optimized CRF model achieved a CER of 5.07%. Incorporating the rule-based syn-
thetically augmented dataset resulted in a minor performance shift, yielding a CER of
5.14%.

Training Configuration Training Set Size Word-Level CER (%) |

Word-Level Dataset (Section [4.2.1 14597 5.07%

Augmented Dataset (Section [4.5.1 16703 5.14%

Table 4.7: Comparative performance of the Norm-CRF framework on the word-level test partition
across training configurations.

For a traditional machine learning architecture operating strictly under localized character-
level features, these scores represent a robust baseline. The marginal variance (4+0.07%
CER) indicates that the deterministic data perturbation mechanism introduced minimal
noise into the probabilistic transition matrices while significantly increasing training feature
density.
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4.5.3 Norm-BiLSTM: Character-Level Sequence-to-Sequence

To evaluate the sequence-to-sequence Bidirectional LSTM architecture (Section , the
empirical investigation examines how different granularities of training data, ranging from
isolated words to full contextual sequences, influence character-level normalization accuracy
across varied evaluation environments.

The model was benchmarked across both test set partitions (1817 isolated words and 381
contextual sentences described in Section [4.2.2)) under four distinct training methods:

e Norm-BiLSTM_word: Trained exclusively on isolated word tokens.

* Norm-BiLSTM_sentence: Trained solely on sentence-level contextual sequences.

e Norm-BiLSTM_2step: Sequential curriculum learning (initial training on words,
followed by fine-tuning on sentences).

e Norm-BiLSTM_mix: Trained simultaneously on the joint aggregation of word-level
and sentence-level data.

Configuration Word-Level Test CER (%) | Sentence-Level Test CER (%) |
Norm-BiLSTM_word 3.09% 57.00%
Norm-BiLSTM__sentence 14.59% 4.41%
Norm-BiLSTM_ 2step 4.86% 5.40%
Norm-BiLSTM_ mix 2.59% 4.44%

Table 4.8: Baseline performance comparison across Norm-BiLSTM training methods on word-level
(1817 samples) and sentence-level (381 samples) test partitions.

As detailed in Table [4.§ and illustrated in Figure [4.1, Norm-BiLSTM_sentence achieves
the lowest error on sentences (4.41%), but degrades severely on isolated words (14.59%)
due to out-of-vocabulary bottlenecks. Conversely, the joint configuration Norm-BiLSTM_-
mix emerges as the most versatile architecture: it achieves the top performance on isolated
words (2.59%) while remaining within a negligible 0.03% margin of Norm-BiLSTM_ sentence
on full sentences (4.44%). The higher error of Norm-BiLSTM_2step on words (4.86%)
confirms that sequential fine-tuning suffers from catastrophic forgetting. Thus, Norm-
BiLSTM_mix is selected as the primary baseline.
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Performance Comparison Across BiLSTM Training Paradigms
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Figure 4.1: Comparative performance of Norm-BiLSTM training methods on Word-Level vs.
Sentence-Level test partitions.

Sequence Length Constraints and Bottlenecks

When deploying Norm-BiLSTM architectures for character-level text normalization, an es-
sential aspect of the empirical analysis concerns whether input sequence length introduces
a critical performance bottleneck and at what specific threshold recurrent error accumu-
lation causes accuracy to degrade. As sequence lengths increase, recurrent hidden states
naturally suffer from information bottlenecks, attention fragmentation, and compounding
error propagation during autoregressive decoding.

An initial diagnostic analysis confirmed that sentence length distributions were uniformly
balanced across the Training, Validation, and Testing partitions, as illustrated in Figure
This structural balance ensured consistent sequence complexity during both optimization
and evaluation while preventing hardware memory saturation.
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Figure 4.2: Sentence length distribution across Training, Validation, and Testing partitions,
highlighting structural balance across all dataset splits.

However, a granular breakdown of the validation error profiles unveiled a severe architec-
tural bottleneck when correlating CER with sentence length. Grouping validation sen-
tences into six distinct word-length clusters (1-5, 6-10, 11-15, 16-20, 21-30, and 31-50
words) revealed a sharp performance degradation threshold beyond 20 words, as depicted

in Figure [4.3]

Character Error Rate (CER) by Sentence Length Cluster
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Figure 4.3: Progression of Character Error Rate (CER) across sentence length clusters, highlight-
ing critical performance degradation beyond the 20-word threshold.

Although the architecture achieves optimal performance on medium sequences of 11-15
words with a minimum CER of 0.72%, the segmentation limit was deliberately set to
20 words (1.31% CER) to allow the model to accommodate moderately long sentences
while maintaining an acceptable error rate. Beyond this threshold, performance degrades
rapidly: average CER escalates to 8.74% in the 21-30 word interval, ultimately collapsing
to an unsatisfactory 39.15% on long sequences containing between 31 and 50 words.
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Structural Sentence Splitting Strategies

To address the severe length-induced degradation identified above, the study investigates
whether dynamic sequence segmentation can effectively mitigate long-range memory bot-
tlenecks without destroying global sentence context or introducing artificial syntactic er-
rors. A data-driven sequence segmentation strategy was engineered around the empirical
inflection point at the 20-word boundary, implementing two distinct splitting approaches:

o Hard Splitting: A deterministic truncation strategy where any sequence exceed-
ing 20 words is strictly segmented exactly at the 20™" word boundary, regardless of
syntactic structure.

« Soft Splitting: A semantically guided segmentation strategy that scans sentences
longer than 20 words for structural punctuation landmarks (such as commas, semi-
colons, or periods) near the target threshold to preserve local clause integrity. If no
valid punctuation mark is present, the pipeline gracefully falls back to the determin-
istic hard split.

Beyond stabilizing the recurrent hidden states, both splitting mechanisms expanded the
total sequence count across all dataset partitions while preserving the structural integrity
of the original data splits. The quantitative breakdown of these newly restructured corpora
is summarized in Table [£.9

Dataset Variant Total Train Validation Test
Sentence-Level Dataset 3791 3030 380 381
Hard-Split Dataset 3987 3190 401 396
Soft-Split Dataset 4047 3242 409 396

Table 4.9: Quantitative dimensions of sentence-level dataset partitions across original, hard-split,
and soft-split configurations.

Re-training and evaluating the Norm-BiLSTM_mix baseline on these length-constrained
datasets successfully mitigated the recurrent degradation bottleneck. As detailed in Ta-
ble the empirical outcomes indicate that length-constrained corpora dramatically im-
prove sentence normalization, reducing the CER from 4.44% down to 1.55% on soft-split
contexts.
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Furthermore, while the soft-split test partition allows all model variants to achieve supe-
rior normalization accuracy overall, the model trained on the hard-split dataset (Norm-
BiLSTM_mix_hard) demonstrates a marginal advantage when evaluated across both split
test suites (1.91% hard, 1.52% soft). To thoroughly investigate this trade-off, both splitting
methodologies were retained for further benchmarking in conjunction with the synthetic
back-normalization pipeline.

Sentence-Level Test CER (%) |
Dataset Configuration Word-Level CER (%) |

Original Hard-Split Soft-Split

Norm-BiLSTM__mix 2.59% 4.44% 1.98% 1.55%
Norm-BiLSTM_mix__hard 2.77% 4.24% 1.91% 1.52%
Norm-BiLSTM__mix_soft 2.64% 4.88% 2.09% 1.57%

Table 4.10: Performance of Norm-BiLSTM_mix evaluated on original vs. length-constrained
dataset configurations.

Impact of Back-Normalization

To address data scarcity in low-resource contextual training, the final evaluation phase
explores the extent to which generating synthetic non-standard text via a reverse normal-
ization pipeline can overcome dataset limitations and systematically reduce sequence-level
error rates.

Applying the reverse-normalization pipeline (Section across native grafia unitdia
contextual text sequences yielded an expanded dataset of 55055 training entries (37428
back-normalized sentences aggregated with 17627 baseline instances). The proportional
composition of this definitive unified dataset is illustrated in Figure 4.4\
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Figure 4.4: Proportional composition of the definitive unified Norm-BiLSTM training dataset.

As detailed in Table integrating back-normalized synthetic data systematically out-
performs all previous configurations. The Norm-BiLSTM_mix_syn_hard architecture reaches
optimal sentence normalization accuracy across all evaluation suites (1.33% CER on soft-
split sequences).

Sentence-Level Test CER (%) |

Model Architecture Word-Level CER (%) |

Original Hard-Split Soft-Split
Norm-BiLSTM_mix 2.59% 4.44% 1.98% 1.55%
Norm-BiLSTM_mix_syn_ soft 2.83% 4.76% 1.85% 1.34%
Norm-BiLSTM_mix_syn__hard 2.62% 4.40% 1.79% 1.33%

Table 4.11: Performance comparison between baseline and synthetic-augmented Norm-BiLSTM
models.

4.5.4 Comparative Analysis and State-of-the-Art Benchmark

To contextualize overall gains, the proposed architectures are benchmarked against the
state-of-the-art baseline proposed by Lusito, Maillard and Ferrante [36] in Table [4.12]
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Test CER (%) |

Model Architecture

Word-Level Sentence-Level
Maillard et al. — 2.47%
Norm-CRF 5.07% —
Norm-BiLSTM_ mix 2.59% 1.55%
Norm-BiLSTM_mix_syn_soft 2.83% 1.34%
Norm-BiLSTM_mix_syn_hard 2.62% 1.33%

Table 4.12: Comprehensive performance comparison across proposed variants and the state-of-
the-art baseline on Genoese text normalization.

The empirical findings demonstrate that the proposed Norm-BiLSTM_ mix_syn_hard frame-
work substantially outperforms the state-of-the-art benchmark, reducing the sentence-level
CER from 2.47% down to 1.33%, as visually summarized in Figure[4.5] Combining length-
constrained sequence segmentation with back-normalized synthetic augmentation success-
fully mitigates both small-sample constraints and long-range recurrent memory degrada-
tion.

Sentence-Level CER Benchmark Against State-of-the-Art

Maillard et al. (SOTA) 2.47

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Sentence-Level CER (%)

Figure 4.5: Sentence-level CER progression across experimental phases compared to the State-
of-the-Art baseline by Maillard et al.
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4.5.5 Qualitative Analysis

This section presents a qualitative breakdown of normalized sentences extracted from the
short split of the test set, evaluated using the optimal model configuration identified in
the previous benchmark, Norm-BiLSTM_mix_syn_hard. To systematically analyze model
behavior, predictions are categorized into three distinct performance tiers based on their
Character Error Rate (CER).

Tier 1: High Precision Normalization

Source: Ese & dispoxizion d’tinn-a personn-a
Target: Ese a-a dispoxigion de unna persona

Pred: Ese a-a dispoxicion de unna persona

Source: Sensa tin p6 de fortiinn-a no se fa ninte,
Target: Sensa un po de fortuna no se fa ninte,

Pred: Sensa un p6 de fortufia no se fa ninte,

Source: Ciéuve a derriio
Target: Ceuve a derruo

Pred: Ceuve a derruo

Table 4.13: Qualitative examples demonstrating flawless character-level transduction.

Table illustrates instances of flawless normalization (Tier 1). In these cases, the
model accurately executes multi-character structural transformations, successfully resolv-
ing complex diacritics and non-standard orthographic patterns, mapping ‘personn-a’ to
the tilde-based ‘persona’, while correctly expanding hyphenated prepositional contractions
‘4> — ‘a-a’. Furthermore, Example 3 highlights the model’s ability to handle complex vo-
calic shifts and accentuation rules, correctly normalizing the archaic diphthong “éu’ into
‘eu” in ‘Ciéuve” — ‘Ceuve’, inserting the required grave accent on the preposition ‘a’, and
removing the circumflex long-vowel marker in ‘derrio’ — ‘derruo’.
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Tier 2: Moderate Discrepancies

Source: Quando 6 pdveo 0 fa limoxina a-o ricco 6 diao 6 se ne rie,

Ex. 4 .. o . . .
Target: Quande o poveo o fa limoxina a-o ricco o diao o se ne rie,

Pred: Quando o p&veo o fa liméxina a-o ricco o diao o se ne rie,

Source: e finanze de quest’opea pia se tréuvan in condizioin citittosto critiche.
Target: e finanse de quest’opea pia se treuvan in condigioin ciutosto critiche.

Pred: e finanse de quest’opea pia se treuvan in condicioin ciuttosto critiche.

Source: Niscitin a lascia and pe so camin,
Target: Nisciun a lascia ana pe s6 cammin,

Pred: Nisciun a lascia ana pe so6 cammin,

Table 4.14: Qualitative examples illustrating minor local errors.

In Table [£.14] Tier 2 highlights moderate discrepancies where the output is largely correct
but suffers from localized errors. In Example 4, while the model successfully eliminates
all non-standard macron vowels ‘0’ — ‘o’ it fails to apply the final-vowel reduction in
‘Quando’, retaining the source form instead of producing the expected target ‘Quande’.
In Example 5, the model over-generalizes consonant gemination by generating a double
t in ‘ciuttosto’ rather than the standardized single-consonant form ‘ciutosto’. Finally,
Example 6 demonstrates an accentuation and clitic contraction oversight: although the
model correctly standardizes the geminate ending ‘camin’ — ‘cammin’ and removes the
acute accent ‘ldscia’ — ‘lascia’; it fails to produce the clitic object pronoun in its contracted
form with a circumflex accent ‘@’ incorrectly predicting ‘a’ instead.
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Tier 3: High Error Cases

Source: Sciorto mi ¢6 mae rébon,
Target: Sciorto mi co-o ma rébon

Pred: Sciorto mi co-o raebon

Source: Da bagnése {in p6 'ezzoffago!
Target: Da bagnase un po 1’esofago!

Pred: Da bagnése un po 'ezzoffago!

Source: Ciu de Cholera o de Grippa,
Target: Ciu de Colera o de Grippa,
Pred: Ciu de Cholera o de Grippa,

Table 4.15: Qualitative examples highlighting high-error predictions, characterized by character-
level hallucinations.

Finally, Table 4.15| reports Tier 3 samples exhibiting higher CER values. These degrada-
tions primarily stem from out-of-vocabulary or low-frequency lexical items that the archi-
tecture struggles to map accurately. In Example 7, a character-level fusion error occurs,
where features from the preceding possessive pronoun ‘me’ are erroneously hallucinated
into the noun root while dropping the pronoun entirely, yielding ‘rebon’ instead of ‘me
robon’. In Example 8, when encountering rare or archaic phonetic spellings in ‘ezzoffago’,
the model defaults to a passive strategy, leaving the raw input unchanged instead of per-
forming the required graphemic transformation into ‘esofago’. Similarly, Example 9 illus-
trates a passive copy failure on foreign or archaic graphies and disjunctive conjunctions:
the model retains the latinized spelling ‘Cholera’ without introducing the grave accent
‘Colera’” and misses the open-vowel accentuation on the disjunctive conjunction ‘o” — ‘0.

Overall, the qualitative evaluation confirms that the model achieves robust performance
across standard syntax and high-frequency patterns, while performance degradation is
predominantly localized to highly unfamiliar or archaic lexical structures.
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Chapter 5

Translation

Machine translation is the computational task of automatically converting textual content
from a source language into a target language while preserving both semantic meaning
and stylistic nuance. Driven by recent advancements in neural architectures, machine
translation for high-resource languages, such as English, Spanish, or Italian, has achieved
near human fluency and high translation quality.

However, applying these methodologies to low-resource and regional languages like Genoese
presents severe computational challenges. Due to the scarcity of parallel training data (as
discussed in Chapter , the presence of historical orthographic fragmentation, and limited
domain-specific corpora, standard neural translation models frequently struggle with severe
vocabulary sparsity, hallucinations, and poor syntactic generalization.

Deploying neural machine translation in such constrained settings requires addressing sev-
eral critical hurdles to achieve competitive results. A primary challenge involves mitigat-
ing orthographic noise and graphemic instability through the text normalization tech-
niques detailed in Chapter [} Beyond text standardization, overcoming data scarcity
necessitates specialized modeling strategies, including subword tokenization adaptation,
parameter-efficient fine-tuning, and multilingual transfer learning, which together form
the core methodology of this chapter.

5.1 Related Works in Machine Translation

Machine translation for low-resource languages has experienced a paradigm shift, mov-
ing from rule-based and phrase-based statistical frameworks to deep neural architectures.
However, adapting neural machine translation to regional languages like Genoese presents
severe challenges due to high orthographic fragmentation and parallel data scarcity.
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This section reviews the state-of-the-art architectures, pre-trained multilingual models, and
parameter-efficient adaptation techniques that form the foundation of our experimental
framework.

5.1.1 Multilingual Sequence-to-Sequence Architectures

In low-resource scenarios, training deep NMT models entirely from scratch often leads
to severe overfitting. To mitigate data scarcity, recent literature heavily relies on cross-
lingual transfer learning via pre-trained sequence-to-sequence architectures. These models
leverage vast multilingual corpora during pre-training to build shared representations that
can be fine-tuned for specialized machine translation tasks.

Prominent architectures employed in low-resource research include:

o MarianNMT: Proposed by Junczys-Dowmunt et al. [27], MarianNMT is an effi-
cient C++-based framework and family of encoder-decoder Transformer models pre-
trained on diverse bilingual and multilingual pairs, providing lightweight baselines
for domain adaptation and fine-tuning.

« mBART-50: Proposed by Tang et al. [60], mBART-50 is a multilingual sequence-
to-sequence denoising autoencoder pre-trained on large-scale monolingual corpora
across 50 languages using the BART objective. Although Genoese is absent from
mBART-50’s native pre-training pool, the model provides a rich morphological and
syntactic representation space due to its extensive coverage of closely related Ro-
mance languages (e.g., Italian, French, Spanish, and Portuguese). Research in cross-
lingual transfer learning demonstrates that unrepresented target languages can be
adapted by expanding the pre-trained vocabulary and initializing new language indi-
cator tokens from typologically similar source languages, allowing the model to reuse
its pre-trained representations for supervised fine-tuning.

« NLLB (No Language Left Behind): Designed by Meta [14], NLLB-200 repre-
sents the current State-of-the-Art (SOTA) in massively multilingual machine trans-
lation, scaling direct machine translation across more than 200 languages without
relying on English as a pivot. NLLB-200 natively includes Genoese (accessible via
the language tag 11Jj_Latn), having been pre-trained on web-mined regional text,
primarily from Genoese Wikipedia.
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Architecturally, deep multilingual models like NLLB adopt a standard Transformer Encoder-
Decoder framework:

o Encoder Stack: Processes the source-language sequence into continuous hidden
representations. Each encoder layer consists of multi-head self-attention mechanisms
and position-wise feed-forward networks, mediated by pre-layer normalization and
residual connections.

o Decoder Stack: Generates the target-language sequence autoregressively. Each
decoder layer incorporates a cross-attention sub-layer positioned between causal self-
attention and the feed-forward network, conditioning target generation on the source
representations.

While pre-trained massively multilingual models provide strong off-the-shelf baselines, na-
tive pre-training on raw web-mined text leaves them vulnerable to non-standard ortho-
graphic variations, necessitating domain-specific fine-tuning on normalized parallel cor-
pora.

5.1.2 Generative LLMs and Token-Free Models

In contrast to traditional encoder-decoder architectures, modern state-of-the-art machine
translation increasingly leverages decoder-only generative LLMs operating as causal
language models. While sequence-to-sequence models explicitly decouple source encod-
ing from target decoding via cross-attention, causal generative models process translation
within a single, unified Transformer stack.

Subword tokenization algorithms (e.g., byte-pair encoding [55]) can sometimes encounter
limitations in low-resource settings due to out-of-vocabulary expansion and non-standard
orthographies. To address this issue, Xue et al. [70] proposed ByT5, a token-free model
operating directly on raw byte sequences. By processing character and byte-level represen-
tations, By'TH exhibits superior robustness to spelling variations, noisy text, and dialectal
variations without requiring specialized subword vocabularies.

Concurrently, recent open-weight initiatives focus on expanding regional and low-resource
European language coverage. Proposed by Martins et al. [3§], the EuroLLM project pro-
vides a suite of open-weight multilingual language models specifically engineered to address
linguistic diversity across European languages. Pre-trained on a dense multilingual corpus
covering all 24 official languages of the European Union alongside regional minority lan-
guages (such as Catalan), EuroLLM provides a rich latent space of shared morphosyntactic
features applicable to the Gallo-Italic continuum.
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A key structural advantage of EuroLLM stems from its subword tokenization space. Uti-
lizing byte-pair encoding trained jointly across its multilingual corpus, EuroLLM features
an expanded vocabulary of 128000 tokens. This significantly reduces the fertility rate
(the average number of subwords generated per word) for Romance languages, preventing
sequence fragmentation and maximizing context-window efficiency during autoregressive
generation.

5.1.3 Parameter-Efficient Fine-Tuning Strategies

Full parameter fine-tuning of multi-billion parameter pre-trained models (such as NLLB-
200 or EuroLLM) presents prohibitive computational overhead and high GPU memory
(VRAM) consumption during backpropagation. To address these resource constraints
without sacrificing cross-lingual representation quality, PEFT methodologies have become
the standard paradigm to prevent catastrophic forgetting.

Low-Rank Adaptation (LoRA), proposed by Hu et al. [23], freezes the pre-trained model
parameter matrices W, € R** and injects trainable rank decomposition matrices into the
Transformer layers. The parameter update AW is constrained by factorizing it into two
low-rank matrices, B € R™" and A € R™* where the rank r < min(d, k):

h=Wor+ AWz = Wyz + %BAJC (5.1)

where x represents the input vector and « is a constant scaling hyperparameter that
stabilizes optimization across different values of r. Matrix A is typically initialized from a
Gaussian distribution, while matrix B is initialized to zero, ensuring AW = 0 at the onset
of training.

Quantized Low-Rank Adaptation (QLoRA), proposed by Dettmers et al. [15], further
enhances memory efficiency by quantizing the base model’s frozen weights down to 4-bit
precision while optimizing high-precision Low-Rank Adapters, making the adaptation of
large architectures feasible on consumer hardware. QLoRA relies on three core technical
pillars:

1. 4-bit NormalFloat: An information-theoretically optimal quantile quantization
data type designed for normally distributed weights, yielding lower quantization error
than standard 4-bit data types.

2. Double Quantization: A secondary quantization step applied to the quantization
constants themselves, compressing the memory footprint further without sacrificing
model precision.
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3. Paged Optimizers: A memory management technique leveraging CUDA Unified
Memory to handle gradient spikes during backpropagation by dynamically paging
optimizer states across CPU and GPU memory.

Beyond weight-based adapters, advanced intervention methodologies such as Representa-
tion Fine-Tuning (ReFT) and LoReFT, proposed by Wu et al. [69], shift the adaptation
focus from weight updates to editing hidden representations directly during training. By
intervening on a small fraction of hidden state representations, ReFT achieves competi-
tive performance with significantly fewer trainable parameters than standard parameter-
efficient methods.

5.1.4 Recent Advances in Low-Resource Language Adaptation

Beyond classical transfer learning and back-translation, recent literature has explored novel
paradigms to optimize generative capabilities, vocabulary representations, and multimodal
integration for low-resource languages.

To overcome severe data scarcity, advanced data augmentation and synthetic generation
strategies have gained significant traction. Early foundational work by Fadaee et al. [I§]
introduced a targeted data augmentation method for low-resource NMT by replacing fre-
quent words in source sentences with rare words in plausible contexts using language mod-
els, thereby significantly improving the model’s ability to translate low-frequency vocabu-
lary. In morphologically complex low-resource settings, synthetic generation offers targeted
training signals, for instance, Yildirim-Erbasli and Bulut [72] demonstrated that domain-
tailored data augmentation techniques in Turkish substantially improve downstream text
generation and reading comprehension tasks. However, generating high-quality synthetic
text in low-resource regimes remains challenging due to model hallucinations. To ad-
dress this, Cegin et al. [10] introduced activation steering, an inference-time intervention
mechanism that directs the internal representations of large language models to synthesize
higher-fidelity, structurally coherent data for data-scarce target languages.

In parallel, addressing subword fragmentation during tokenization remains a primary bot-
tleneck for machine translation. Rather than relying on static, high-resource tokenizers that
artificially inflate sequence lengths, Naik et al. [42] proposed targeted vocabulary expan-
sion strategies. By dynamically extending the pre-trained embedding space with domain-
and language-specific tokens, this approach mitigates out-of-vocabulary degradation and
improves translation quality across low-resource translation pairs.
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Finally, the deployment of large language models and large multimodal models in regional
language contexts has been extensively evaluated. Assessing the capabilities of founda-
tional models on non-Western languages, Mgeni [39] systematically benchmarked LLMs
on Swahili, highlighting key insights into prompt sensitivity, fine-tuning efficiency, and
cross-lingual generalization limits in low-resource African languages. Extending these ar-
chitectures beyond textual data, Lupagcu et al. [34] provided a comprehensive survey on
large multimodal models for low-resource languages, demonstrating how grounding tex-
tual representations with speech and visual modalities can stabilize model transfer and
compensate for missing parallel text.

5.1.5 Machine Translation for the Genoese Language

Early research into computational resources for Genoese focused primarily on dictionary
compilation, rule-based morphosyntactic processing, and initial parallel text alignment. Pi-
oneer studies by Rosso and Buscaldi laid the groundwork for processing Ligurian regional
variants, highlighting the impact of non-standardized orthography on computational tools.
Their work emphasized how dialectal fragmentation creates severe out-of-vocabulary bot-
tlenecks, hindering traditional statistical machine translation approaches.

With the evolution of deep learning, recent literature has shifted focus toward evaluating
and specialized training of NMT architectures for Genoese. Although massively multilin-
gual models natively support the language, most notably Meta’s NLLB-200 [14] via the
1ij_Latn tag, their off-the-shelf performance remains problematic.

In a dedicated evaluation, Buscaldi and Rosso [7] constructed a novel Italian-Genoese test
dataset to systematically benchmark NLLB-200 across translation directions. Their study
revealed severe limitations, particularly when translating into Genoese, demonstrating that
training pipelines reliant predominantly on raw web-mined text and Wikipedia suffer from
significant hallucination, structural errors, and orthographic inconsistencies.

To address the limitations of web-mined data, Haberland et al. [20] introduced ZenaMT,
a novel, culturally relevant Italian-Genoese parallel dataset manually curated to reflect
authentic language use. By training a compact Transformer-based model directly on this
high-quality corpus, they achieved significant performance gains over Meta’s massively
multilingual NLLB-200 model, proving that dataset quality and domain alignment can
outweigh raw parameter scale in ultra-low-resource scenarios.
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5.2 Data Processing for Automatic Translation

Unlike traditional machine translation pipelines operating on high-resource language pairs,
the translation phase for Genoese requires specialized preprocessing to handle structural
noise and orthographic inconsistencies inherent to low-resource language datasets.

To address orthographic fragmentation across heterogeneous sources, preprocessing prior
to translation relies on an automatic text normalization step. All Genoese texts are
systematically routed through the automated normalization module detailed in Chapter
This step homogenizes non-standard, historical, or regional spelling variants into a unified
target orthography (grafia unitdia), effectively reducing vocabulary sparsity and out-of-
vocabulary rates before the parallel data is fed into the translation models.

5.2.1 Translation Dataset

Following normalization, dataset construction involves selecting, structuring, and filtering
available resources across different granularities:

« Sentence-Level Parallel Dataset: Bilingual sentence pairs are filtered and aligned
to construct the primary parallel dataset for direct supervised context-aware trans-
lation experiments.

o« Word-Level Lexical Pairs: Standalone bilingual lemmas and dictionary entries
are extracted to provide broad lexical coverage and enrich vocabulary mapping.

o Monolingual Target Dataset: Authentic monolingual Genoese texts are curated
to serve as input for the back-translation data augmentation pipeline (Section[2.2.3)).

5.2.2 Dataset Splitting and Dimensions

To evaluate the generalization capacity and robustness of the translation framework, the
parallel datasets were partitioned into distinct subsets tailored to cross-lingual learning.

The machine translation framework relies on the sentence-level parallel dataset introduced
in Section In addition, to investigate the impact of broader lexical coverage, specific
experimental configurations leverage a Mized paradigm, where the entire bilingual word-
level dataset is appended exclusively to the training partition. This strategy enriches
vocabulary representation without corrupting the validation and test distributions with
isolated non-contextual tokens.
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A deterministic random splitting strategy was enforced using a fixed seed to guarantee exact
experimental reproducibility. Alignment pairs in the sentence-based translation dataset
were partitioned according to a standard 80%/10%/10% ratio for the Training, Validation,
and Test sets, respectively. The quantitative breakdown of these partitions across all
experimental configurations is summarized in Table [5.1}

Dataset Variant Total Records Train Validation Test
Word-Level 23482 23482 - -

Sentence-Level 30831 24664 3083 3084
Mixed 54313 48146 3083 3084

Table 5.1: Quantitative distribution of records across experimental data partitions for the machine
translation task.

5.3 Methods

Building upon the socio-linguistic context and data scarcity challenges discussed in Chap-
ter [2| automating translation for Genoese serves both as a complex technical benchmark
and as a concrete vehicle for digital language preservation. Due to the high orthographic
fragmentation of raw sources, the translation framework relies strictly on the automated
normalization module (Chapter [4)) as a mandatory prerequisite step, ensuring that all input
variants are homogenized into grafia unitdia prior to translation.

To systematically evaluate the machine translation task, this section outlines four distinct
methodological approaches, spanning from compact architectures trained from scratch to
high-capacity pre-trained models:

o Custom BiLSTM: A lightweight sequence-to-sequence model trained entirely from
scratch on subword representations.

« mBART-50: Cross-lingual transfer learning using a pre-trained multilingual sequence-
to-sequence model adapted via target vocabulary extension.

« NLLB-200: Supervised fine-tuning and zero-shot evaluation of Meta’s massively
multilingual NMT architecture.

o EuroLLM: Parameter-efficient fine-tuning of a generative, decoder-only Large Lan-
guage Model optimized for European languages.
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5.3.1 Task Formulation and Subword Segmentation

Unlike the character-level transduction framework employed for orthographic normaliza-
tion, machine translation between Standard Italian and Genoese is formalized as a sequence-
to-sequence mapping at the subword token level.

Formally, given an input source sequence X = (x1,s9,...,zy) in Standard Italian and a
corresponding target sequence Y = (y1, ¥, - - ., yar) in normalized Genoese (grafia unitdiia),
the primary objective is to learn a conditional probability distribution P(Y|X). The
translation system autoregressively predicts each target subword token y; conditioned on
the source sequence X and the previously generated target tokens y.;:

PY|X) = HP(yt | Y<t, X) (5.2)

t=1

The transition from character-level to subword-level representations is driven by funda-
mental structural differences between normalization and translation:

« Morphological Transduction vs. Semantic Shift: While orthographic normal-
ization operates on minor graphemic variations where the underlying lexical root
remains identical, translation maps distinct lexical items and syntactic structures
across two languages.

e Sequence Length Constraints: Operating at the character level for full transla-
tion drastically expands sequence lengths (N, M), introducing severe computational
overhead and compounding autoregressive decoding errors.

e Vocabulary Sparsity: Strict word-level tokenization would require an excessively
large vocabulary matrix in a low-resource setting like Genoese, leading to severe
out-of-vocabulary rates.

To balance character-level flexibility with word-level semantic richness, subword segmenta-
tion is implemented using Byte-Pair Encoding (BPE). The algorithm iteratively decom-
poses rare or inflected words into recurring subword units while preserving frequent words
as unified tokens. For Genoese, this strategy allows models to explicitly share structural
features across languages, isolating common prefixes, suffixes, and verbal roots to optimize
parameter efficiency.

63



5.3.2 NMT-BILSTM: Subword-Level Sequence-to-Sequence

To establish direct architectural continuity with the orthographic normalization pipeline,
the first approach utilizes a sequence-to-sequence model trained entirely from scratch.
Specifically, the network relies on a Bidirectional LSTM encoder coupled with a unidirec-
tional LSTM decoder, mediated by an additive Bahdanau attention mechanism.

While the underlying recurrent engine and attention formulation remain structurally iden-
tical to the normalization network, the core distinction lies in tokenization and dataset
management:

 Byte-Level BPE Tokenization: Rather than processing character sequences, the
subword vocabulary is built using a BPE algorithm augmented with a byte-level pre-
tokenizer (ByteLevel). This processes spaces and punctuation natively at the byte
level without requiring pre-splitting heuristics, ensuring seamless decoding through
a matching BytelLevelDecoder.

« Shared Vocabulary and Functional Tokens: Functional tokens (<PAD>, <S0S>,
<EO0S>, <UNK>) manage dynamic mini-batching and autoregressive generation. Tar-
get sequences are prepended with <SOS> and appended with <EOS>, while source
sequences append <EQS>. The vocabulary space is unified across both languages,
resulting in a shared embedding matrix £ € RVI*% scaled to a target BPE size
|V| = 10000.

Deploying this custom recurrent architecture serves a dual purpose: testing whether a com-
pact, non-pretrained model can scale to cross-lingual subword translation when supported
by normalized text, and establishing an essential baseline against which the performance
gains of transfer learning and generative LLMs can be benchmarked.

5.3.3 NMT-mBART: Unseen Language Adaptation

The second translation approach leverages mBART-50, a large-scale multilingual sequence-
to-sequence denoising autoencoder [60], to evaluate cross-lingual transfer learning. Al-

though Genoese is absent from mBART-50’s native pre-training pool, the model provides

a rich morphological and syntactic foundation due to its extensive coverage of typologically

related Romance languages (such as Italian, French, and Portuguese). The foundational

design of this fine-tuning strategy was explored during preliminary course research and

has been structurally refined within this thesis to form a core component of the unified

comparative framework.
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Because Genoese is not supported natively, the adaptation methodology incorporates three
main architectural and training strategies:

Vocabulary Expansion and Control Token Initialization

To enable sequence-to-sequence conditioning, a new language-specific control token, <117>,
is added to the tokenizer, and the base embedding layer matrices are expanded from
|VinBarT| t0 [Vmparr| + 1. To evaluate the impact of latent semantic proximity on model
convergence, three warm-start initialization strategies are benchmarked for the <11j>
token vector:

o Italian Initialization (<1t_IT>): Copies weights directly from the Italian token
embedding, establishing the primary baseline due to maximal typological and lexical
proximity.

o French Initialization (<fr_XX>): Copies weights from the French token em-
bedding to test whether shared Gallo-Italic phonetic and lexical affinities facilitate
decoder alignment.

« Portuguese Initialization (<pt_XX>): Copies weights from the Portuguese token
embedding to assess cross-lingual transfer from a related Western Romance language.

Two-Phase Curriculum Fine-Tuning Strategy

Inspired by the principles of Curriculum Learning [57], the training process gradually
increases task complexity to optimize transfer learning and prevent severe initial gradient
disruption:

1. Phase 1 (Lexical Foundation): The model is trained exclusively on isolated dic-
tionary pairs. This phase acts as a lexical anchor, forcing the model to align Italian
and Genoese embeddings at the lexical level and reducing initial generation errors
on core terminology.

2. Phase 2 (Contextual Fluency and Memory Replay): The model transitions
to learning full sentence structures. To prevent catastrophic forgetting of the ter-
minology acquired in Phase 1, a memory-replay strategy is introduced by mixing a
fixed percentage of dictionary pairs directly into the narrative sentence batches.
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Quantized Low-Rank Adaptation

To enable full sequence-to-sequence backpropagation while mitigating computational and
memory constraints, adaptation relies on Quantized Low-Rank Adaptation [15]. The un-
derlying mBART-50 base parameters are frozen and quantized to 4-bit NormalFloat preci-
sion, while trainable low-rank adapter matrices are injected into the Transformer attention
layers, constraining parameter updates to a high-precision low-rank subspace.

5.3.4 NMT-NLLB: Native Language Adaptation

The third approach leverages Meta’s No Language Left Behind (NLLB-200), a mas-
sively multilingual Sequence-to-Sequence transformer architecture capable of direct trans-
lation across more than 200 languages. Unlike mBART-50, NLLB-200 natively includes
Genoese (designated via the control token 11j_Latn), having been pre-trained on web-
mined regional text.

Within our translation pipeline, NLLB-200 serves a dual operational role:

o Zero-Shot Baseline: Evaluated directly without parameter updates to measure
off-the-shelf translation quality on unnormalized vs. normalized Genoese text.

o Supervised Fine-Tuning Backbone: Subjected to domain-specific fine-tuning on
our normalized grafia unitdia parallel dataset to align its internal generations with
the target orthographic standard.

To overcome VRAM limitations during full-parameter backpropagation on multi-billion
parameter Transformer stacks, optimization is conducted using Low-Rank Adaptation
(LoRA). Trainable rank decomposition matrices (A and B) with rank r = 16 and scaling
factor o« = 32 are injected into the cross-attention and self-attention projections, keeping
the original pre-trained weights frozen.

5.3.5 NMT-EuroLLM: Decoder-Only Generative Model

The final paradigm evaluates EuroLLM, a decoder-only generative Large Language Model
operating as a Causal Language Model. Unlike encoder-decoder architectures, EuroLLM
processes translation within a single Transformer stack, formulating generation as an
instruction-following sequence completion task.
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EuroLLM was selected due to its pre-training design, which explicitly targets European lan-
guage coverage (including Standard Italian, French, Catalan, and Portuguese). Its native
128,000-token BPE vocabulary significantly reduces subword fertility rates for Romance
languages, preserving context-window efficiency.

To adapt EuroLLM for Italian-to-Genoese translation, the fine-tuning methodology com-
bines two core technical components:

o Instruction Prompting and Completion-Only Loss Masking: Source sen-
tences and target translations are formatted into structured prompts. During back-
propagation, Cross-Entropy loss is calculated strictly on the generated target sub-
words in grafia unitdia, while instruction prompts and source sentence tokens are
masked using a dummy label index (—100).

o Quantized Low-Rank Adaptation : Parameter adaptation is conducted by quan-
tizing the base model’s frozen weights to 4-bit NormalFloat precision while training
high-precision Low-Rank Adapters injected into the linear query, key, value, and
output projection layers.

5.3.6 Data Augmentation via Back-Translation

To mitigate severe parallel data scarcity, a standard Back-Translation data augmentation
pipeline is integrated across the experimental framework. While acquiring human-aligned
parallel sentences is challenging, authentic target-side monolingual Genoese texts are more
readily available.

Following standard neural machine translation augmentation practices, the Back-Translation
workflow operates in three steps:

1. Reverse Model Training: A secondary target-to-source model (Genoese — Ital-
ian) is trained on the baseline parallel dataset.

2. Synthetic Generation: The reverse model translates an unaligned dataset of au-
thentic monolingual Genoese sentences into synthetic Italian text.

3. Dataset Integration: The resulting synthetic pairs (synthetic Italian source, au-
thentic Genoese target) are merged with the primary parallel dataset to train the
forward translation models (Italian — Genoese).

By employing Back-Translation exclusively, the forward models are exposed to authentic,
naturally written Genoese target text, preserving native dialectal nuances and vocabulary
while scaling the parallel training volume.
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5.4 Experimental Setup

To ensure a rigorous and reproducible evaluation of the machine translation task, the
hyperparameter configurations for each of the four neural models were systematically cal-
ibrated. All experiments were executed using the high-performance computing infrastruc-
ture detailed in Appendix[A] Given the distinct structural properties inherent to each com-
putational paradigm, ranging from recurrent sequence-to-sequence networks to massively
multilingual transformer encoder-decoders and causal decoder-only LLMs, each model class
required a tailored training strategy to optimize cross-lingual transfer, convergence speed,
and parameter efficiency.

The following sections detail the specific parameter spaces, optimization methodologies,
and final hyperparameter configurations selected for each translation paradigm.

5.4.1 NMT-BILSTM: Subword-Level Sequence-to-Sequence

To ensure structural consistency with the orthographic normalization pipeline (Section ,
the sequence-to-sequence translation model preserves the core dimensional and optimiza-
tion engine of the recurrent baseline while adapting specific hyperparameters to accommo-
date subword-level cross-lingual translation.

Hyperparameter Selection and Architectural Continuity

The parameter space was systematically calibrated through empirical exploration to bal-
ance cross-lingual representation capacity against the computational constraints of the
parallel dataset. During preliminary tuning, multiple configurations for embedding di-
mensions (d. € {64,128,256}) and hidden state capacities (d, € {128,256,512}) were
evaluated, among these, maintaining d. = 128 and d;, = 512 provided the optimal trade-off
between sequence-level translation accuracy and convergence stability. Preserving these
core dimensions allows direct experimental continuity with the normalization model while
ensuring identical gradient dynamics and VRAM consumption patterns:

e Core Layer Dimensions: The embedding layer maps tokens into a continuous
vector space of dimension 128, while the hidden state capacity of the recurrent cells
is maintained at 512 units to capture long-term context.

o Optimization Engine: Optimization relies on the Adam algorithm with an initial
learning rate of 1 x 1073 and a mini-batch size of 8 instances, ensuring consistent
optimization behavior across tasks.
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o Generation and Alignment: Decoded target sequences are supervised using cross-
entropy loss with an explicit ignore index for padding tokens and a teacher forcing
ratio of 1.0 during training execution.

Optimal Model and Task-Specific Adjustments

Despite these shared foundational properties, shifting from character-level orthographic
normalization to subword-level machine translation required three key architectural ad-
justments derived from systematic hyperparameter testing. First, the vocabulary size for
byte-pair encoding was evaluated across a range from 10000 to 20000 tokens, a shared vo-
cabulary size of |V| = 15000 subword units yielded the best translation quality by minimiz-
ing out-of-vocabulary instances while avoiding excessive subword fragmentation. Second,
exploring network depth (N € {1,2,3}) demonstrated that scaling from 1 to 2 recurrent
layers (N = 2) was essential to model complex inter-lingual morphosyntactic alignments.
With depth > 1, a dropout rate of 0.3 was activated between subsequent LSTM layers,
supplemented by an Ly weight decay of 1 x 10~* to prevent overfitting. Finally, the early
stopping patience threshold was reduced to 5 consecutive epochs to avoid over-adaptation
to synthetic or small-scale parallel sequences.

The complete hyperparameter configuration selected for the translation NMT-BiLSTM
framework is summarized in Table 5.2

Hyperparameter Optimal Value

Vocabulary Type & Size (|V|) BPE (15000 tokens)
Embedding Dimension (d,) 128
Hidden State Size (d},) 512
Number of Recurrent Layers (V) 2
Dropout Rate 0.3
Weight Decay (L) 1x10~*
Learning Rate 1x1073
Batch Size 8
Maximum Training Epochs 100
Early Stopping Patience 5
Teacher Forcing Ratio 1.0

Table 5.2: Optimal hyperparameter configuration for the NMT-BiLSTM.
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5.4.2 NMT-mBART: Unseen Language Adaptation

It should be noted that the fine-tuning phase for the mBART-50 model was originally con-
ducted as part of a preliminary course project on a separate workstation using unnormalized
source data. To maintain methodological consistency within this thesis, the final model
checkpoint evaluation was re-executed using the standardized evaluation dataset described
in Section and the high-performance computing environment detailed in Appendix [A]
Throughout all training runs, optimization parameters were strictly calibrated to ensure
stability across both translation directions (ITA — LIJ and LIJ — ITA).

Execution Schedule and Data Allocation

Fine-tuning execution strictly adheres to the two-phase schedule defined in Section [5.3.3;

+ Phase 1 Execution: Executed for 5 full training epochs using 100% of the processed
TIG dictionary dataset. Optimization employs a primary learning rate of 1 x 1074

o Phase 2 Execution: Executed for a maximum of 20 macro-epochs on the complete
parallel sentence dataset. Batches are supplemented with a 15% random sample of
the TIG dictionary pairs for lexical replay. For the ITA — LIJ translation direction,
training data is further expanded using synthetic parallel sentences generated via
back-translation.

Optimization and Convergence Constraints

Gradient updates are computed using the AdamW optimizer with a linear learning rate
scheduler and a weight decay of 0.01. Base model parameters are loaded in 4-bit Nor-
malFloat precision via QLoRA. Validation loss is monitored after every epoch, enforcing
an early stopping patience threshold of 5 consecutive epochs without loss improvement to
avoid overtraining.

The complete hyperparameter configuration for the NMT-mBART setup is summarized in

Table (.3
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Hyperparameter Optimal Configuration / Value

Base Model Checkpoint facebook/mbart-large-50-many-to-many-mmt
Target Language Token <11j> (Added & Ezrpanded)

Fine-Tuning Paradigm QLoRA (4-bit NormalFloat Quantization)

Optimizer AdamW

Learning Rate 1x107%

Weight Decay 0.01

Phase 1 Duration & Dataset 5 Epochs (100% TIG Lexical Pairs)

Phase 2 Duration & Dataset 20 Epochs (Sentence Dataset + 15% TIG Replay)
Early Stopping Patience 5 Epochs

Table 5.3: Hyperparameter setup and execution constraints for fine-tuning NMT-mBART on
Genoese machine translation.

5.4.3 NMT-NLLB: Native Language Adaptation

To evaluate state-of-the-art massively multilingual transfer learning, the third machine
translation pipeline relies on Meta’s NLLB-200 model [14]. Experiments evaluate both
off-the-shelf zero-shot translation and parameter-efficient fine-tuning using the dis-
tilled 600M parameter checkpoint (facebook/nllb-206-distilled-606M). Unlike
mBART-50, NLLB-200 natively supports Genoese via the 11J_Latn language tag along-
side Ttalian (1ta_Latn).

Parameter-Efficient Adaptation

To fine-tune the model within GPU VRAM constraints while preventing catastrophic
forgetting, Parameter-Efficient Fine-Tuning is implemented via Low-Rank Adaptation in
half-precision floating-point format (float16). Low-rank adapter matrices are injected
directly into the attention projections of the transformer model. The adapter rank is set
to r = 16 with a scaling factor a = 32, a LoRA dropout rate of 0.05, and trainable bias
parameters deactivated.
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Optimization Constraints and Execution Schedule

Input and target sequences undergo BPE tokenization capped at a maximum length of 128
subword tokens. Model optimization is driven by the AdamW algorithm with an initial
learning rate of 5 x 1074, a weight decay of 0.01, and a batch size of 16 instances per GPU
device. Fine-tuning runs for 6 macro-epochs, with model evaluation performed at the end
of each epoch to checkpoint and save exclusively the model instance achieving the lowest
validation loss (eval_loss).

The full hyperparameter setup for the NMT-NLLB adaptation framework is summarized
in Table [5.4]

Hyperparameter Optimal Configuration / Value

Base Model Checkpoint facebook/nllb-200-distilled-606M
Source / Target Language Tags ita_Latn (Ttalian), 11j_Latn (Genoese)
Execution Paradigms Zero-Shot Baseline & QLoRA Fine-Tuning
Precision 16-bit Floating Point (fp16)

Maximum Sequence Length 128 Subword Tokens

LoRA Rank (r) & Alpha («) r =16, a = 32

LoRA Dropout Rate 0.05

Learning Rate 5x 1074

Weight Decay 0.01

Batch Size 16

Maximum Training Epochs 6

Model Selection Metric Best Validation Loss (eval_loss)

Table 5.4: Hyperparameter configuration and execution constraints for fine-tuning NMT-NLLB
on Genoese machine translation.

5.4.4 NMT-EuroLLM: Decoder-Only Generative Model

To evaluate generative causal language modeling, the fourth machine translation pipeline
relies on EuroLLM-9B-Instruct (utter-project/EuroLLM-9B-Instruct) [3§].
Operating as a 9-billion parameter decoder-only model, EuroLLLM is adapted to translation
tasks using supervised fine-tuning formatted with ChatML instruction templates.
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System Prompt Formatting and Template Alignment

Dataset instances are structured into conversational turns using EuroLLM’s native Chat ML
template schema. FEach sample encapsulates a direction-specific system instruction, the
source context as the user prompt, and the target reference as the assistant response:

 Italian to Genoese (ITA — L1J): ‘Traduci la sequente frase dall’italiano al ligure
genovese rispettando rigorosamente la grafia unitdia.’

« Genoese to Italian (LIJ — ITA): ‘Traduci la sequente frase dal ligure genovese
(in grafia unitiia) all’italiano corretto.’

Grid Search Optimization and QLoRA Configuration

To determine the optimal LoRA hyperparameter combination across translation directions,
a systematic grid search was executed over 6 distinct experimental configurations. The
search space evaluated rank sizes r € {16, 32, 64} with scaling factors a = 2r, learning rates
n € {1 x107* 3 x 1071}, and a constant LoRA dropout rate of 0.05. Optimization was
monitored using early stopping with a patience of 2 evaluation epochs based on validation
loss (eval_loss).

The grid search identified directional parameter divergences:

o ITA — LIJ Optimal Setup: r = 64, a = 128, and n = 3 x 1074, reflecting the
need for higher rank capacity when generating low-resource target text.

o LIJ — ITA Optimal Setup: » = 32, o = 64, and n = 3 x 10~*, providing sufficient
capacity for decoding into the high-resource target language.

Base parameters were frozen and quantized to 4-bit NormalFloat precision (nfs) with
double quantization, utilizing bf loat 16 compute precision and SDPA attention optimiza-
tion. Trainable LoRA adapters were injected across all linear projections of the transformer
model.
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SFT Training Dynamics

Fine-tuning was conducted using the SFTTrainer module from the TRL library. Training
executed over 4 macro-epochs with a per-device batch size of 4 and 4 gradient accumulation
steps (yielding an effective global batch size of 16). Input sequences were padded on the
left to a maximum length of 256 tokens with 100 linear warmup steps.

The optimal hyperparameter configuration for the NMT-EuroLLM fine-tuning setup is sum-
marized in Table 5.5

Hyperparameter Optimal Configuration / Value

Base Model Checkpoint utter-project/EuroLLM-9B-Instruct
Instruction Format ChatML Template (system, user, assistant)
Quantization Data Type 4-bit NormalFloat (nf4) with Double Quantization
Compute Precision bfloat16 (sdpa Attention)

LoRA Rank (r) & Alpha (a) r =64, a=128

(ITA — LIJ)

LoRA Rank (r) & Alpha (a) r=32,a=64

(LI — ITA)

LoRA Dropout Rate 0.05

Learning Rate 3x 1074

Per-Device Batch Size / Grad. Ac- 4 / 4 (Global Batch Size = 16)

cum.

Warmup Steps 100

Maximum Sequence Length 256 Tokens (Left-Padding)

Maximum Fine-Tuning Epochs 4 Epochs

Grid Search Selection Strategy Best Validation Loss (eval_loss) with Early Stopping

Table 5.5: Optimal hyperparameter setup and grid search selection for fine-tuning NMT-EuroLLM
on Genoese machine translation.
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5.5 Experimental Results and Discussion

To comprehensively assess the performance of the four proposed translation models, all final
models are evaluated across three distinct datasets. The primary benchmark consists of the
held-out test split extracted from our curated parallel dataset, detailed in Section[5.2.1] To
evaluate cross-domain generalization under standardized conditions, models are addition-
ally benchmarked on two widely adopted external datasets: FLORES+ [6] and Bouquet
[61], both integrated directly via Hugging Face. Crucially, all intermediate experimental
variations, hyperparameter tuning steps, and validation checks were conducted exclusively
using the custom validation set, the external benchmarks were reserved solely for the final
evaluation of fully trained checkpoints. Consequently, intermediate comparative analyses
in this section report metrics on the custom test split.

Quantitative performance is measured across a set of complementary evaluation metrics,
where standard metrics are computed across all evaluations, while specialized measures
such as MetricX, GlotLID score, and the adjusted Glot1lid_x_metric are exclusively
utilized within the official Hugging Face leaderboard for the Bouquet benchmark:

« BLEU (Bilingual Evaluation Understudy) [47]: Evaluates n-gram precision
between candidate translations and reference texts, incorporating a brevity penalty
to prevent overly short outputs:

N
BLEU = BP - exp <Z wy, log pn>

n=1

where p,, denotes modified n-gram precision, w,, represents uniform weights (% with
N =4), and BP is the brevity penalty defined as:

1 ife>r
BP =
{6(1_T/C) ife<r

with ¢ representing the candidate output length and r the effective reference length.

o chrF++ (Character n-gram F-score with Word n-grams) [50, 51]: Computes
character-level precision and recall augmented with word-level n-grams, providing a
morphological-aware metric that is particularly effective for highly inflected low-
resource languages:

(1+p*-P-R
p?2-P+ R

where P and R represent the combined character and word n-gram precision and
recall, respectively, and § = 2 assigns higher weight to recall.

chrF++ =

75



« TER (Translation Edit Rate) [56]: Quantifies the minimum number of edit
operations (insertions, deletions, substitutions, and word shifts) required to transform
a hypothesis sentence into a reference sentence, normalized by the reference length:

Number of Edits
Average Number of Reference Words

TER =

Unlike BLEU and chrF++-, a lower TER score indicates higher translation quality.

o MetricX [29]: An error-based metric developed by Google that evaluates transla-
tion quality by predicting a penalty score based on semantic and structural errors,
where lower values indicate higher quality:

MetricX = fp(source, hypothesis, reference)

where fy is a fine-tuned Transformer-based regression model (such as an mT5 ar-
chitecture) trained to mirror human multidimensional quality metrics annotations,
clipped to a standard range of [0, 25].

e GlotLID score [30]: Quantifies the language identification confidence for the gen-
erated hypothesis text, ensuring the output conforms to the expected target language
script and distribution:

GlotLID = P(liarget | hypothesis)

where P represents the classification probability assigned by the language identifica-
tion model to the target language liarget-

+ GlotLID-adjusted metric (Glotlid_x_metric): A composite evaluation score
that scales or weights the primary quality metric (such as MetricX or chrF++) by the
language identification confidence, penalizing generations that drift into unintended
languages:

Glotlid x metric = Metric - P(liarget | hypothesis)

ensuring that outputs with poor target-language alignment receive appropriately
adjusted evaluation scores.

Relying strictly on automated numerical metrics provides an incomplete picture in low-
resource machine translation scenarios. Because surface-level metrics enforce exact n-gram
overlaps, valid lexical synonyms, regional orthographic variations, or syntactically cor-
rect alternative phrasings are often heavily penalized despite being semantically accurate.
Therefore, similar to the methodology adopted in the normalization chapter, this quan-
titative evaluation is supplemented with a detailed qualitative analysis of sample model
outputs to assess contextual fluency, lexical fidelity, and morphological adequacy.
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5.5.1 NMT-BIiLSTM: Subword-Level Sequence-to-Sequence

Inherited directly from the orthographic normalization framework, the NMT-BiLSTM model
serves as a controlled baseline to evaluate how effectively a compact, non-pretrained re-
current neural network trained strictly from scratch can scale to cross-lingual machine
translation.

Deploying a lightweight recurrent model introduces a fundamental trade-off in low-resource
translation settings. Unlike large transformer models, compact models do not require mas-
sive amounts of data to converge, making them remarkably sample-efficient under data
sparsity. However, this structural simplicity severely restricts their overall representa-
tional capacity, rendering them highly susceptible to over-adapting to in-domain patterns
and hindering generalization to out-of-domain text. Furthermore, while character-level
orthographic normalization maintains sequence length symmetry between source and tar-
get tokens, cross-lingual translation introduces significant lexical and syntactic variations
(as detailed in Section 2.1.4). Because translation alters word boundaries and phrase
lengths unpredictably, automatic heuristics to truncate sequence lengths without breaking
cross-lingual alignment cannot be applied. Resolving these discrepancies would require
labor-intensive manual realignments, which yield diminishing returns for a baseline model.

In-Domain Data Composition Analysis

To evaluate the impact of training data strategies, the NMT-BiLSTM baseline was evalu-
ated on the custom test set under standard parallel sentence training and synthetic data
augmentation via backtranslation (BT) for the Italian-to-Genoese direction. Table
details the in-domain quantitative results on the custom test split.

Direction: Genoese — Italian (LIJ — ITA)

Model Variant BLEU 1t chrF++4+ 1 TER |
NMT-BiLSTM 38.46 59.16 44.98
Direction: Italian — Genoese (ITA — LI1J)

Model Variant BLEU 1t chrF++4+ 1 TER |
NMT-BIiLSTM 36.46 55.28 48.21
NMT-BIiLSTM-BT (Backtranslated Data) 17.42 35.25 65.36

Table 5.6: In-domain performance comparison across NMT-BiLSTM training variants on the
custom test set.
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On the in-domain custom test split, the standard NMT-BIiLSTM achieves solid baseline
scores of 38.46 BLEU for LIJ — ITA and 36.46 BLEU for ITA — LIJ. However, incor-
porating synthetic parallel sentences generated via backtranslation leads to a catastrophic
performance degradation in the ITA — LIJ direction, causing in-domain BLEU to collapse
from 36.46 to 17.42 and chrF++ to drop from 55.28 to 35.25.

This severe decline can be attributed to two compounding factors. First, it reflects the ar-
chitectural capacity saturation of the compact NMT-BiLSTM model, which quickly reaches
its learning limit when exposed to larger, noisier datasets. Second, because the synthetic
target text was generated using the baseline Genoese-to-Italian NMT-BIiLSTM model itself,
the resulting parallel pairs contained accumulated translation errors and synthetic noise.
Without pre-trained language modeling capabilities to filter or contextualize these inac-
curacies, training on self-generated synthetic data triggers an error propagation cascade,
severely impairing model convergence and generation quality.

Full Multi-Benchmark Evaluation

To evaluate out-of-domain generalization across distinct textual domains, the optimal
NMT-BIiLSTM configuration for each translation direction, namely the standard models
trained strictly on high-purity parallel data, were benchmarked against the Bouquet and
FLORES+ corpora. Table summarizes the comprehensive multi-benchmark perfor-
mance.

NMT-BIiLSTM Direction: Genoese — Italian (LIJ — ITA)

Benchmark BLEU 1t chrF++4+ 1 TER |
Custom Test Set 38.46 59.16 44.98
Bouquet 13.73 38.49 79.72
FLORES+ 6.19 31.53 87.63
NMT-BIiLSTM Direction: Italian — Genoese (ITA — LI1J)
Benchmark BLEU 1t chrF++4+ 1 TER |
Custom Test Set 36.46 55.28 48.21
Bouquet 12.36 33.51 85.51
FLORES+ 6.42 28.11 91.14

Table 5.7: Quantitative performance of the optimal standard NMT-BiLSTM configurations across
all evaluation benchmarks.
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The cross-benchmark empirical evaluation highlights a severe generalization gap between
in-domain and out-of-domain test sets for non-pretrained models. While the NMT-BiLSTM
baseline performs respectably on the custom split, its performance drops sharply on ex-
ternal datasets, collapsing to 13.73 and 12.36 BLEU on Bouquet, and reaching 6.19 and
6.42 BLEU on FLORES+ for LIJ — ITA and ITA — LIJ, respectively. This drop con-
firms that without pre-trained contextual representations, non-pretrained recurrent layers
heavily overfit the stylistic and vocabulary distributions of their immediate training data.

Additionally, a persistent directional asymmetry is observed across all benchmarks, with
translation into Italian (LIJ — ITA) consistently outperforming the reverse direction
(ITA — L1J). Decoding into Italian benefits from regular syntax and lower morphological
entropy, whereas generating Genoese from scratch requires predicting complex morpholog-
ical inflections without the structural guidance of a pre-trained language model prior.

5.5.2 NMT-mBART: Unseen Language Adaptation

As introduced in Section [5.4.2] the NMT-mBART model represents a pre-trained multilin-
gual model fine-tuned using Quantized Low-Rank Adaptation combined with a two-phase
curriculum learning schedule and back-translation data augmentation. Because this model
was originally fine-tuned during a preliminary project, it utilized an unnormalized version
of the training dataset. Despite this data quality disadvantage, the massive pre-trained
cross-lingual parameter space of NMT-mBART significantly outperforms non-pretrained
baselines. This architectural advantage is particularly evident in the Genoese-to-Italian di-
rection (LIJ — ITA), where the model leverages strong pre-existing target representations
of Italian to generate fluent output. Furthermore, for the reverse direction (ITA — LLJ),
cross-lingual transfer from closely related Romance structures prevents sequence length
degradation commonly observed in recurrent models.

Language-Specific Weight Transfer Analysis

To determine the optimal latent semantic representation for the newly added <117j>
control token, three warm-start initialization strategies, cloning embeddings from Ital-
ian (<1t_IT>), French (<fr_XX>), and Portuguese (<pt_XX>), were benchmarked on
the in-domain custom test set. Table [5.8 summarizes the results across both translation
directions.
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Direction: Italian — Genoese (ITA — LI1J)

Initialization Strategy BLEU 1t chrF++4+ 1 TER |
Italian (<it_IT>) 31.38 59.23 46.26
French (<fr_XX>) 30.14 58.08 47.51
Portuguese (<pt_XX>) 31.89 59.15 49.15

Direction: Genoese — Italian (LIJ — ITA)

Initialization Strategy BLEU t chrF++4+ 1 TER |
Italian (<1t_IT>) 53.05 72.87 30.99
French (<fr_XX>) 53.08 72.86 30.84
Portuguese (<pt_XX>) 52.98 72.81 31.11

Table 5.8: Study comparing control token (<11J>) embedding initialization strategies for NMT-
mBART on the in-domain custom test set.

When translating into Genoese (ITA — LLJ), while Portuguese initialization achieves a
marginally higher BLEU score (31.89), initializing the control token with Ttalian weights
(<1t_IT>) yields superior overall performance across morphological and structural met-
rics, attaining the top scores in both chrF++ (59.23) and TER (46.26). Conversely, when
decoding into Italian (LIJ — ITA), all three initialization strategies perform almost identi-
cally, with French initialization (<fr_XX>) taking a narrow lead at 53.08 BLEU and 30.84
TER. This relative invariance indicates that when target outputs belong to a high-resource
language natively present in NMT-mBART’s pre-training dataset, the decoder relies pri-
marily on its pre-existing language model priors rather than the initial state of the source
control token.

Full Multi-Benchmark Evaluation

Based on the ablation study, the most balanced configurations, Italian initialization for
ITA — LIJ and French initialization for LIJ — ITA, were selected for comprehensive
cross-benchmark evaluation. Table details their performance across the Custom Test
Set, Bouquet, and FLORES+.
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NMT-mBART (Italian Init) Direction: Italian — Genoese (ITA — LI1J)

Benchmark BLEU 1t chrF++4+ 1 TER |
Custom Test Set 31.38 59.23 46.26
Bouquet 18.25 43.70 67.47
FLORES+ 13.60 43.75 74.48

NMT-mBART (French Init) Direction: Genoese — Italian (LIJ — ITA)

Benchmark BLEU t chrF++4+ 1 TER |
Custom Test Set 53.08 72.86 30.84
Bouquet 30.72 56.79 57.68
FLORES+ 20.73 51.58 66.51

Table 5.9: Quantitative performance of the best-performing NMT-mBART fine-tuned configura-
tions across all evaluation benchmarks.

The cross-benchmark results demonstrate marked superiority over the custom NMT-BiLSTM
baseline across all test environments. In the Genoese-to-Italian direction, NMT-mBART
achieves 53.08 BLEU on the custom test split while maintaining strong out-of-domain gen-
eralization scores of 30.72 BLEU on Bouquet and 20.73 BLEU on FLORES+ (more than
tripling the baseline’s 6.19 BLEU). Even in the more challenging ITA — LIJ direction,
despite being trained on unnormalized source text, the model reaches 18.25 BLEU on
Bouquet and 13.60 BLEU on FLORES+, more than doubling the generalization capacity
of non-pretrained models. These findings confirm that massive pre-trained multilingual
embeddings effectively cushion the impact of unnormalized training noise and mitigate
out-of-domain performance degradation.

5.5.3 NMT-NLLB: Native Language Adaptation

Among the evaluated models, NMT-NLLB represents the most promising candidate due to
its native multi-billion token pre-training by Meta, which explicitly encompasses Genoese
(Lij_Latn). To systematically quantify both the inherent multilingual capabilities of
the model and the incremental gain provided by domain-specific adaptation, evaluation is
conducted under two distinct settings across all three benchmarks: an initial off-the-shelf
zero-shot baseline, followed by QLoRA fine-tuning (Section .
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Fine-tuning experiments are further divided to assess the impact of training data composi-
tion, comparing model checkpoints trained strictly on parallel sentence pairs against those
augmented with dictionary lexical pairs (Plus), synthetic backtranslated data (BT), and a
combined setup (BT-Plus).

Off-the-Shelf Zero-Shot Evaluation

To establish an unbiased baseline, the unadapted model was evaluated directly on the three
test corpora without any localized training or parameter updates. Table details the
zero-shot quantitative results for both translation directions.

Direction: Genoese — Italian (LIJ — ITA)

Benchmark BLEU 1+ chrF++4+ 1 TER |
Custom Test Set 33.14 59.87 46.91
Bouquet 32.40 56.12 57.05
FLORES+ 22.03 51.86 65.00

Direction: Italian — Genoese (ITA — LI1J)

Benchmark BLEU 1+ chrF++4+ 1t TER |
Custom Test Set 11.59 39.81 78.35
Bouquet 10.70 34.71 84.37
FLORES+ 9.62 38.12 82.92

Table 5.10: Quantitative performance of the off-the-shelf zero-shot NMT-NLLB baseline across
evaluation benchmarks.

Similar to NMT-mBART, NMT-NLLB benefits significantly from its multi-billion token pre-
training when translating into Italian, as decoding into a high-resource language leverages
strong pre-existing linguistic priors. Across all three evaluation benchmarks, particularly
on FLORES+, the off-the-shelf zero-shot NMT-NLLB model achieves performance highly
comparable to fine-tuned NMT-mBART, outperforming it slightly in the Genoese-to-Italian
direction (LIJ — ITA) on FLORES+ (22.03 vs. 20.73 BLEU) and Bouquet (32.40 vs. 30.72
BLEU).

Conversely, in the Italian-to-Genoese direction (ITA — LIJ), fine-tuned NMT-mBART
significantly outperforms zero-shot NMT-NLLB across all benchmarks (e.g., 18.25 vs. 10.70
BLEU on Bouquet, and 13.60 vs. 9.62 BLEU on FLORES+).
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Interestingly, on the Bouquet benchmark in the ITA — LIJ direction, even the non-
pretrained NMT-BIiLSTM baseline achieves a higher BLEU score (12.36) than zero-shot
NMT-NLLB (10.70), while trailing by only a narrow margin in chrF++ (33.51 vs. 34.71).
This disparity highlights the inherent limitations of the pre-training methodology em-
ployed for NMT-NLLB in ultra-low-resource scenarios. Meta’s native support for Genoese
relied heavily on web-scraped data and Wikipedia text, corpora that are notably small and
often inconsistent in orthography or translation quality. Consequently, while zero-shot pre-
training provides sufficient semantic alignment to decode into a high-resource language like
Italian, generating accurate, morphologically correct Genoese without localized, domain-
specific fine-tuning remains severely constrained by the noise and limitations of its original
pre-training data.

In-Domain Fine-Tuning Performance

To evaluate the impact of domain-specific adaptation, dictionary expansion, and synthetic
data integration, QLoRA fine-tuning was evaluated across all variants in the Italian-to-
Genoese direction. Table |5.11] presents the in-domain quantitative results on the custom
test set.

Direction: Genoese — Italian (LIJ — ITA)

Model Variant BLEU 1t chrF++4+ 1 TER |
NMT-NLLB 58.77 76.24 28.07
NMT-NLLB-Plus (Dictionary Augmented) 59.13 76.56 27.67

Direction: Italian — Genoese (ITA — L1J)

Model Variant BLEU 1+ chrF++ 1 TER |
NMT-NLLB 55.11 73.74 29.66
NMT-NLLB-Plus (Dictionary Augmented) 56.18 74.47 28.98
NMT-NLLB-BT (Backtranslated Data) 55.06 73.89 29.62
NMT-NLLB-BT-Plus (Combined) 55.07 74.02 29.80

Table 5.11: In-domain performance comparison across NMT-NLLB fine-tuning variants on the
custom test set.

The in-domain fine-tuning evaluation demonstrates that domain-specific adaptation yields
a massive performance boost over the zero-shot baseline across both translation directions.
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Incorporating dictionary lexical pairs consistently yields the top performance across all
automated metrics, with NMT-NLLB-Plus achieving the highest overall score (56.18 BLEU
and 74.47 chrF++ on ITA — L1J), confirming that lexical replay helps consolidate vocab-
ulary coverage without degrading sentence-level fluency.

Conversely, integrating synthetic backtranslated data (NMT-NLLB-BT and NMT-NLLB-
BT-Plus) fails to provide a meaningful advantage, resulting in a slight performance plateau
or minor drop in BLEU (55.06 and 55.07, respectively) compared to NMT-NLLB-Plus
(56.18). Similar to the observations made for NMT-EuroLLM and NMT-BiLSTM, backtrans-
lation does not yield substantial gains in this low-resource scenario. While backtranslation
is designed to enhance target-side generation using monolingual corpora, the uncurated na-
ture and orthographic inconsistency of the underlying monolingual source text (primarily
derived from Wikivivagna) introduce noise that offsets any potential gain in fluency.

Full Multi-Benchmark Evaluation

To assess how domain-specific fine-tuning impacts out-of-domain generalization across
distinct textual domains, the best-performing NMT-NLLB-Plus checkpoint was evaluated
across all three test sets alongside the synthetic variants for completeness. Table
details the final cross-benchmark results.

NMT-NLLB-Plus Direction: Genoese — Italian (LIJ — ITA)

Benchmark BLEU 1t chrF++4+ 1 TER |
Custom Test Set 59.13 76.56 27.67
Bouquet 31.15 59.26 52.78
FLORES+ 21.03 53.11 62.40
NMT-NLLB-Plus Direction: Italian — Genoese (ITA — L1J)
Benchmark BLEU 1t chrF++4+ 1t TER |
Custom Test Set 56.18 74.47 28.98
Bouquet 26.94 52.11 57.09
FLORES+ 17.24 48.95 69.41

Table 5.12: Quantitative performance of the best-performing dictionary-augmented NMT-NLLB-
Plus model across all evaluation benchmarks.
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The cross-benchmark evaluation of NMT-NLLB-Plus reveals distinct behavioral patterns
depending on the translation direction. In the Italian-to-Genoese direction (ITA — LLJ),
domain-specific fine-tuning yields a performance boost across all three evaluation environ-
ments compared to the zero-shot baseline. The most pronounced improvement occurs on
the in-domain custom test set, where BLEU surges from 11.59 to 56.18. Out-of-domain
generalization also improves significantly, with Bouquet increasing from 10.70 to 26.94
BLEU and FLORES+ rising from 9.62 to 17.24 BLEU (with NMT-NLLB-BT-Plus achiev-
ing a comparable 17.10 BLEU and slightly higher chrF++ of 49.03). As a result, NMT-
NLLB-Plus establishes itself as a highly competitive model for translating into Genoese,
outperforming fine-tuned NMT-mBART (18.25 Bouquet / 13.60 FLORES+) and the cus-
tom NMT-BIiLSTM baseline.

Conversely, in the Genoese-to-Italian direction (LIJ — ITA), fine-tuning achieves a mas-
sive gain of nearly 26 BLEU points on the custom test set (59.13 vs. 33.14). However, on
external benchmarks, fine-tuning induces a slight performance regression compared to the
off-the-shelf zero-shot setup, with Bouquet dropping from 32.40 to 31.15 BLEU and FLO-
RES+ decreasing from 22.03 to 21.03 BLEU. This subtle decline indicates a mild catas-
trophic forgetting effect, where adapting model parameters to the specific orthographic
nuances of our Genoese dataset slightly compromises its native, highly generalized Italian
generation capabilities on general-domain text.

5.5.4 NMT-EuroLLM: Decoder-Only Generative Model

Despite not being explicitly pre-trained on Genoese during its initial pre-training phase,
NMT-EuroLLM represents a highly compelling candidate for low-resource translation. Mod-
ern instruction-tuned LLMs possess exceptional cross-lingual transfer and emergent gener-
alization capabilities, making efficient parameter adaptation via QLoRA a state-of-the-art
methodology for adapting multilingual foundation models to unseen regional languages.

In-Domain Data Composition Analysis

To evaluate the impact of different training data strategies, NMT-EuroLLM was fine-tuned
across several data regimes: standard parallel sentence tuning, dictionary augmentation
(Plus), backtranslation synthetic data integration (BT), and a combined setup (BT-Plus).
Table details the in-domain quantitative performance across all fine-tuned variants on
the custom test split.
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Direction: Genoese — Italian (LIJ — ITA)

Model Variant BLEU 1t chrF++4+ 1 TER |
NMT-EuroLLM Standard 69.78 82.27 20.81
NMT-EuroLLM-Plus (Dictionary Augmented) 69.90 82.60 20.61

Direction: Italian — Genoese (ITA — L1J)

Model Variant BLEU t chrF++4+ 1 TER |
NMT-EuroLLM 67.55 80.77 21.94
NMT-EuroLLM-Plus (Dictionary Augmented) 67.41 80.72 22.24
NMT-EuroLLM-BT (Backtranslated Data) 65.24 79.22 24.02
NMT-EuroLLM-BT-Plus (Combined) 65.31 79.36 23.85

Table 5.13: In-domain performance comparison across NMT-EuroLLM fine-tuning variants on the
custom test set.

NMT-EuroLLM establishes itself as the top-performing model overall on the in-domain cus-
tom dataset. In the Genoese-to-Italian direction (LIJ — ITA), the dictionary-augmented
setup (NMT-EuroLLM-Plus) achieves the best performance across all three metrics, out-
performing the standard variant by a narrow margin (69.90 BLEU and 82.60 chrF++).
Conversely, in the Italian-to-Genoese direction (ITA — LIJ), standard fine-tuning on par-
allel sentences alone delivers the optimal performance (67.55 BLEU and 80.77 chrF++),
slightly exceeding the dictionary-augmented baseline.

Similarly to the findings in the NMT-BIiLSTM experiments, integrating synthetic backtrans-
lated sentences degrades translation quality, causing a reduction of over 2 BLEU points
and approximately 1.5 chrF++ points. However, given the high accuracy demonstrated
by NMT-EuroLLM in the LIJ — ITA direction, this drop is unlikely to stem from poor
translation quality during backtranslation. Instead, it is primarily attributable to the low
initial quality and orthographic noise of the uncurated monolingual source text extracted
from Wikivivagna.

Despite omitting backtranslation, NMT-EuroLLM achieves exceptional in-domain results
with remarkable directional symmetry, showing only a minimal 2-point BLEU gap between
decoding into Italian (69.90) and Genoese (67.55).

86



Full Multi-Benchmark Evaluation

To evaluate out-of-domain generalization across distinct textual domains, the optimal con-
figurations for each translation direction, NMT-EuroLLM-Plus for LIJ — ITA and standard
fine-tuned NMT-EuroLLM for ITA — LIJ, were benchmarked against the Bouquet and
FLORES+ corpora. Table summarizes the comprehensive multi-benchmark perfor-
mance.

NMT-EuroLLM-Plus Direction: Genoese — Italian (LIJ — ITA)

Benchmark BLEU 1t chrF++ 1 TER |
Custom Test Set 69.90 82.60 20.61
Bouquet 32.92 61.09 50.78
FLORES+ 22.43 54.59 60.01
NMT-EuroLLM Direction: Italian — Genoese (ITA — LI1J)
Benchmark BLEU 1t chrF++4+ 1t TER |
Custom Test Set 67.55 80.77 21.94
Bouquet 28.38 53.30 54.80
FLORES+ 16.85 48.56 68.55

Table 5.14: Quantitative performance of the optimal NMT-EuroLLM fine-tuned configurations
across all evaluation benchmarks.

In the Genoese-to-Italian direction (LIJ — ITA), NMT-EuroLLM outperforms NMT-NLLB-
Plus across all three benchmarks and automated metrics, reaching 69.90 BLEU on the
custom test set, 32.92 BLEU on Bouquet, and 22.43 BLEU on FLORES+, thereby estab-
lishing itself as the superior model for translating from Genoese into Italian.

In the reverse direction (ITA — LLJ), NMT-EuroLLM yields the highest overall quality on
both the custom test set (67.55 BLEU) and Bouquet (28.38 BLEU). On FLORES+, while
NMT-NLLB-Plus achieves a slightly higher BLEU score (17.24 vs. 16.85), NMT-EuroLLM
maintains superior morphological accuracy and lower edit distance, outperforming NMT-
NLLB-Plus in both chrF++ (48.56 vs. 48.95, where higher is better) and TER (68.55 vs.
69.41, where lower is better).
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Consequently, NMT-EuroLLM emerges as the most effective overall model across both trans-
lation directions.

These empirical findings highlight a fundamental trade-off in low-resource machine transla-
tion. While fine-tuning large foundation models on specialized corpora produces extraordi-
nary results on in-domain datasets, achieving comparable generalization on out-of-domain,
general-knowledge text remains a persistent challenge.

The steep performance gap between in-domain test splits and external benchmarks under-
scores the inherent difficulty of training robust, broadly generalizable translation systems
when constrained by limited data availability.

5.5.5 Comparative Analysis

To provide a comprehensive and unified synthesis of the quantitative evaluations, this
section thoroughly compares the top-performing variant of each representative translation
architecture: NMT-BIiLSTM, fine-tuned NMT-mBART, fine-tuned NMT-NLLB-Plus, and
fine-tuned NMT-EuroLLM. This comparative analysis spans across all three distinct target
evaluation benchmarks to capture both general-domain capabilities and domain-specific
challenges.

Specifically, Tables [5.15] [5.16] and [5.19] summarize the detailed comparative performance
on the Custom Test Set, Bouquet, and FLORES+ benchmarks, respectively. By evaluating
these architectures across diverse data distributions, lexical domains, and resource levels,
we aim to highlight the distinct strengths, failure modes, and overall generalization limits
exhibited by each model when applied to low-resource and dialectal translation tasks.
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In-Domain Evaluation (Custom Test Set)

Table details the comparative performance on the primary in-domain custom test
split.

Direction: Genoese — Italian (LIJ — ITA)

BLEU © chrF++ 1t TER |

NMT-BIiLSTM 38.46 59.16 44.98
NMT-mBART (French Init) 53.08 72.86 30.84
NMT-NLLB-Plus 59.13 76.56 27.67
NMT-EuroLLM-Plus 69.90 82.60 20.61

Direction: Italian — Genoese (ITA — L1J)

BLEU 1 chrF++ 1 TER |

NMT-BIiLSTM 36.46 55.28 48.21
NMT-mBART (Italian Init) 31.38 59.23 46.26
NMT-NLLB-Plus 56.18 74.47 28.98
NMT-EuroLLM 67.55 80.77 21.94

Table 5.15: Overall performance comparison of best-in-class models on the in-domain Custom
Test Set.

On the in-domain test set, performance strictly correlates with scale and pre-training
methodology. As illustrated in Figure [5.1, which depicts the BLEU scores achieved by
the top-performing variant of each architecture across both translation directions, NMT-
EuroLLM achieves absolute dominance in both settings, outperforming NMT-NLLB-Plus
by over 10 BLEU points in LIJ — ITA (69.90 vs. 59.13) and over 11 BLEU points in
ITA — LIJ (67.55 vs. 56.18).
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BLEU Score Comparison For Test Set (Custom Benchmark)

Direction: LI) - ITA Direction: ITA - LI
BILSTM 38.46 MBART (Italian Init) 31.38
mBART (French Init) [ 53.08 BiLsTM [ 36.46

0 20 40 60 80 0 20 40 60 80
BLEU Score BLEU Score

Figure 5.1: Comparative evaluation of BLEU scores across architectures on the in-domain Custom
Test Set for both translation directions (LIJ — ITA and ITA — LI1J).

Literary Out-of-Domain Generalization (Bouquet Benchmark)

Table [5.16 presents the comparative evaluation on the Bouquet literary dataset.

Direction: Genoese — Italian (LIJ — ITA)

BLEU © chrF++ 1 TER |

NMT-BIiLSTM 13.73 38.49 79.72
NMT-mBART (French Init) 30.72 56.79 57.68
NMT-NLLB-Plus 31.15 59.26 52.78
NMT-EuroLLM-Plus 32.92 61.09 50.78

Direction: Italian — Genoese (ITA — L1J)

BLEU © chrF++ 1 TER |

NMT-BiLSTM 12.36 33.51 85.51
NMT-mBART (Italian Init) 18.25 43.70 67.47
NMT-NLLB-Plus 26.94 52.11 57.09
NMT-EuroLLM 28.38 53.30 54.80

Table 5.16: Overall performance comparison of best-in-class models on the Bouquet benchmark.
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When tested on out-of-domain literary text from the Bouquet dataset (Figure , NMT-
EuroLLM maintains its leadership in both directions, demonstrating superior robustness

when translating complex literary structures into Genoese (28.38 BLEU vs. 26.94 for
NMT-NLLB-Plus).

BLEU Score Comparison For Bouquet

Direction: LI} = ITA Direction: ITA - LI
BiLSTM 13.73 BiLSTM 12.36
mBART (french init) [ 5072 meaRT (tatian nie) [ 1525
0 10 20 30 0 5 10 15 20 25 30
BLEU Score BLEU Score

Figure 5.2: Comparative evaluation of BLEU scores across architectures on the out-of-domain
Bouquet benchmark for both translation directions (LIJ — ITA and ITA — LLJ).

Following the evaluation, the best-performing models were successfully uploaded to Hug-
ging Face, establishing their official positioning within the global Bouquet benchmark
leaderboard across both translation directions, as detailed in Tables and [5.18 It is
important to highlight that the evaluation metrics reported in these tables were computed
using the official Bouquet benchmark script available via Hugging Face. This implementa-
tion detail accounts for minor numerical discrepancies in the chrf++ results, compared to
our local evaluations, specifically, while our local pipeline computes corpus-level scores via
sentence-level averaging, the official evaluation script concatenates the entire corpus text
prior to metric calculation.

Direction: Genoese — Italian (LIJ — ITA) - Hugging Face Leaderboard

Model chrF++ 1 MetricX | Glotlid_score © Glotlid_ x_ metric 1
OMT-NLLB 60.37 2.50 0.980 0.70
OMT-LLama-8B 58.72 2.58 0.982 0.69
nllb-200-3.3B 58.10 3.42 0.983 0.65
NMT-EuroLLM-Plus  56.90 2.45 0.979 0.69

Table 5.17: Official Hugging Face leaderboard evaluation metrics on the BOUQuET benchmark
for Genoese — Italian, ordered by chrF++.
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For the Genoese-to-Italian translation direction (Table [5.17), while NMT-EuroLLM-Plus
ranks fifth when sorted strictly by chrF++4, it notably achieves the State-of-the-Art
performance on MetricX (6.95). This demonstrates superior semantic error minimiza-
tion compared to top-ranking lexical models.

Furthermore, although massive architectures such as Llama-3.3-70B-Instruct achieve
a peak GlotLID score reaching 0.983, slightly higher than the four models in the table, they
suffer from a lower chrF++ score (53.49) and fail to secure top leaderboard placements.
Despite lagging less than 4 points behind the absolute peak in chrF+-+, NMT-EuroLLM-Plus
delivers remarkably robust overall performance across semantic and language-compliance
axes, proving that fine-tuned mid-scale architectures can effectively rival massive founda-
tional models by prioritizing true translation fidelity over raw surface matching.

Direction: Italian — Genoese (ITA — LI1J) - Hugging Face Leaderboard

Model chrF++ 1 MetricX | Glotlid_score 1 Glotlid__x metric 1
NMT-EuroLLM 50.80 7.76 0.94 0.42
OMT-LLama-8B 46.53 7.41 0.92 0.42
OMT-LLama-3B 45.10 7.40 0.90 0.41
OMT-NLLB 44.82 7.10 0.94 0.44

Table 5.18: Official Hugging Face leaderboard evaluation metrics on the BOUQuUET benchmark
for Italian — Genoese, ordered by chrF++.

As presented in Table [5.18 NMT-EuroLLM achieves State-of-the-Art performance in
terms of chrF-++ (50.80) for the Italian-to-Genoese translation direction on the Bouquet
benchmark, outperforming existing models while maintaining competitive results across
error-based and semantic metrics like MetricX and adjusted metrics.

While the n11lb-206-1.3B model reaches a marginally higher language identification
score on GlotLID (0.95), it suffers from a significantly lower chrF-++ score (37.39), re-
flecting strong language confidence coupled with poor lexical and morphological adequacy.
Consequently, such models fall short of the top-tier performance threshold required for the
leaderboard.

In contrast, NMT-EuroLLM successfully strikes the optimal balance between target-language
compliance and structural translation fidelity, cementing its superior generalization capa-
bilities.
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Multilingual Generalization (FLORES+ Benchmark)

Table reports the comparative results on the general-domain FLORES+ benchmark.

Direction: Genoese — Italian (LIJ — ITA)

BLEU © chrF++ 1 TER |

NMT-BIiLSTM 6.19 31.53 87.63
NMT-mBART (French Init) 20.73 51.58 66.51
NMT-NLLB-Plus 21.03 53.11 62.40
NMT-EuroLLM-Plus 22.43 54.59 60.01

Direction: Italian — Genoese (ITA — LI1J)

BLEU © chrF++ 1 TER |

NMT-BiLSTM 6.42 28.11 91.14
NMT-mBART (Italian Init) 13.60 43.75 74.48
NMT-NLLB-Plus 17.24 48.95 69.41
NMT-EuroLLM 16.85 48.56 68.55

Table 5.19: Overall performance comparison of best-in-class models on the FLORES+ bench-
mark.

On the FLORES+ benchmark (Figure , NMT-EuroLLM remains the top model for
LIJ — ITA (22.43 BLEU). In the ITA — LIJ direction, while NMT-NLLB-Plus edges out
NMT-EuroLLM by 0.39 BLEU points (17.24 vs. 16.85), NMT-EuroLLM compensates by
achieving superior chrF++ (48.56) and lower TER (68.55), confirming its overall effective-
ness across diverse evaluation scenarios.
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BLEU Score Comparison For Flores

Direction: LI) -» ITA Direction: ITA - LI
| |
BiLSTM 6.19 BiLSTM 6.42
\ \
meaRT (French inic) [ 2075 moART (iotion ini) [ 1350
\ \
nLLe-pius |, 1 0 euroL L | 16 ¢5
\ \
| |
0 5 10 15 20 25 0 5 10 15 20
BLEU Score BLEU Score

Figure 5.3: Comparative evaluation of BLEU scores across architectures on the out-of-domain
FLORES+ benchmark for both translation directions (LIJ — ITA and ITA — LIJ).

5.5.6 Qualitative Analysis

To complement the quantitative evaluation, this section presents a qualitative error and
performance breakdown of representative translation outputs extracted from the test set.
Samples were selected by categorizing test sentences into three distinct performance groups
based on their combined metric score (averaging sentence-level BLEU and chrF++): a
high-score group, an intermediate-score group, and a low-score group. Predictions are
evaluated using the optimal model configuration for each translation task, specifically
NMT-EuroLLM-Plus for Genoese-to-Italian (LIJ — ITA) and standard fine-tuned NMT-
EuroLLM for Italian-to-Genoese (ITA — L1J).

Genoese to Italian Translation

The evaluation for the Genoese-to-Italian direction illustrates the model’s ability to nav-

igate complex dialectal structures and translate them into fluent standard Italian using
NMT-EuroLLM-Plus.
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High-Score Performance Group

Source: o sabbo santo o 1’é o giorno primma da pasqua
Target: il sabato santo ¢ il giorno prima della pasqua

Pred: il sabato santo ¢ il giorno prima della pasqua

Source: a scid parddi a I’a promisso unn’attroveuia de ¢inquant’euro a chi ghe portia
Ex. 2 inderé o portafeuggio

Target: la signora parodi ha promesso una ricompensa di cinquanta euro a chi le
riportera il portafoglio

Pred: la signora parodi ha promesso una ricompensa di cinquanta euro a chi le
riportera il portafoglio

Source: o figgeu o I’a beseugno de un scambello pe arriva a-o lavello
Target: il bambino ha bisogno di uno sgabello per raggiungere il lavandino

Pred: il bambino ha bisogno di uno sgabello per raggiungere il lavandino

Table 5.20: Qualitative examples extracted from the high-score performance group for Genoese
to Italian.

Table illustrates instances extracted from the high-score group, where predicted trans-
lations perfectly match the references. As discussed in previous sections, translating into
standard Italian constitutes a less challenging task than the Italian-to-Genoese direction for
pre-trained models, and specifically for a Large Language Model such as NMT-EuroLLM,
due to the vast amount of Italian pre-training data available. Nevertheless, these examples
demonstrate the model’s capacity to handle structural complexity in full-length sentences.
Specifically, the model successfully resolves complex Genoese clitic systems and verbal
constructions ‘o [’'¢” — ‘¢’ ‘a l’a promisso’ — ‘ha promesso’, maps specialized dialectal
vocabulary ‘attroveuia’ — ‘ricompensa’; ‘scambello’ — ‘sgabello’, and correctly handles
prepositional contractions ‘da’ — ‘della’, ‘pe arriva a-o” — ‘per raggiungere il’ without
introducing syntactic distortions.

95



Intermediate-Score Performance Group

Ex.

4

Source: I’6tunno o 1I’é benvegnuo, o cado o no me gustal
Target: ben venga I’autunno, il caldo non mi piace!

Pred: [D’autunno & benvenuto, il caldo non mi piace!

Source: o I’é interessante notta che sta mecanica a 1’é presente inti zeughi de tarocchi
franseixi asci.

Target: ¢ interessante notare che questa meccanica ¢ presente anche nei giochi di
tarocchi francesi.

Pred: ¢ interessante notare come questa meccanica sia presente anche nei giochi
di tarocchi francesi.

Source: taggiou de speck, salamme, crostoin euio, aggio, cornabuggia e tomata con
da mossarella.

Target: tagliere di speck, salame, crostoni olio, aglio, origano e pomodoro con moz-
zarella.

Pred: tagliere di speck, salame, crostini all’olio, aglio, rosmarino e pomodoro
con mozzarella.

Table 5.21: Qualitative examples extracted from the intermediate-score performance group for
Genoese to Italian.

Table presents predictions sampled from the intermediate-score group, where outputs
diverge from the exact wording of the target reference. These examples illustrate a known
limitation of automated evaluation metrics (e.g., BLEU, chrF, and TER) when applied to
low-resource translation contexts, where reference datasets may contain paraphrasing or
minor parallel alignment noise.
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In Example 4, the model produces a literal and highly accurate translation of the source
sentence ‘’autunno € benvenuto, il caldo non mi piace!’, whereas the reference uses a more
idiomatic phrasing ‘ben venga l’autunno...”. Despite generating an entirely valid translation,
the model suffers an artificial metric penalty due to this reference discrepancy. Similarly,
Example 5 exhibits a valid syntactic variation: rather than replicating the exact reference
construction ‘notare che questa meccanica é...”, the model opts for a stylistic variant using
a subjunctive clause ‘notare come questa meccanica sia...’. While semantically identical

and grammatically pristine, this shift is penalized by n-gram matching algorithms.

Finally, Example 6 highlights minor lexical errors within an otherwise sound translation:
the model misinterprets the Genoese term for oregano ‘cornabuggia’, predicting ‘rosmarino’
instead of ‘origano’, slightly alters the noun form ‘crostini’ instead of ‘crostoni’; and inserts
an additional preposition ‘all’. Overall, these instances demonstrate that moderate metric
drops often stem from stylistic divergences or minor lexical shifts rather than structural
translation failures.

Low-Score Performance Group

Source: o fuxibile o s’é bruxou e 1’é anaeto via a luxe

Ex. 7 . e s . N
Target: il fusibile si ¢ bruciato e ¢ saltata la corrente
Pred: il fusibile si ¢ bruciato e si &€ spento la luce
Source: 'obiettivo da regerca a 1’é unna neuva vaccina

Ex. 8 , . . .
Target: 'oggetto della ricerca ¢ un nuovo vaccino
Pred: lobiettivo dello studio ¢ una nuova vaccinazione
Source: scit, pochi descorsci, dimme!

Ex. 9

Target: dai su, poche chiacchiere, dimmi!

Pred: su, poche parole, dimmi!

Table 5.22: Qualitative examples extracted from the low-score performance group for Genoese to
Ttalian.

Table reports examples sampled from the low-score group, which exhibit lower metric
scores due to more pronounced translation errors, literal transfers, and reference misalign-
ments.

In Example 7, the model struggles with agreement and domain-specific idiomatic expres-
sions: it predicts ‘si € spento la luce’, making a gender agreement error ‘spento’ instead of
‘spenta’ and failing to capture the target’s idiomatic rendering ‘¢ saltata la corrente’.
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Interestingly, a direct translation of the source ‘1’é aneto via a luxe’ would yield ‘¢ an-
data via la luce’, revealing that the reference itself deviates from a literal transfer, even
though the model’s generated output remains grammatically flawed. In Example 8, the
model demonstrates superior fidelity to the source by correctly translating ‘obiettivo’ rather
than opting for the target’s looser rendering ‘oggetto’. However, it introduces a semantic
hallucination at the sentence boundary, predicting ‘vaccinazione’ instead of the precise
noun ‘wvaccino’. Finally, Example 9 illustrates a failed transfer of pragmatic markers and
colloquial expressions: the model translates the introductory particle ‘sciu’ literally as
‘su’” omitting the natural Italian discourse marker ‘dai’, and replaces ‘descorsci’ with the
literal equivalent ‘parole’, failing to capture the idiomatic sense of the target expression
‘chiacchiere” meaning ‘get to the point’.

In summary, low-score group outputs highlight that performance degradation in this direc-
tion is primarily driven by difficulty in mapping dialectal colloquialisms, localized gram-
matical agreement errors, and occasional reference discrepancies in the test set.

Italian to Genoese Translation

Translating into Genoese (ITA — LIJ) represents a substantially more challenging gen-
eration task than the reverse direction due to target-side morphological complexity, rich
clitic agreement rules, and non-standardized orthographic conventions. Here, the standard
fine-tuned NMT-EuroLLM model is evaluated.

High-Score Performance Group

Source: chi lavora mangia un’acciuga, chi non lavora ne mangia due.

Ex. 1 . . o . .
Target: chi loua mangia unn’ancioa, chi no loua o ne mangia doe.
Pred: chiloua mangia unn’ancioa, chi no loua o ne mangia doe.
Source: la francia riconoscera lo stato di palestina

Ex. 2 N -
Target: a fransa a reconoscia o stato de palestina
Pred: a fransa a reconoscia o stato de palestina
Source: il mazziere prende tre carte e le volta

Ex. 3

Target: o massé o piggia tree carte e o é gia

Pred: o massé o piggia tree carte e o € gia

Table 5.23: Qualitative examples extracted from the high-score performance group for Italian to
Genoese.
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Table [5.23| presents top-quantile predictions where the model produces flawless outputs
perfectly aligning with the reference translations. In Example 1, the model captures the
proverbial sentence structure, correctly predicting Genoese verb forms ‘lavora” — ‘loua’
article elision ‘unn’ancioa’; subject clitic pronouns ‘o me mangia’, and feminine numeral
inflections ‘due’ — ‘doe’. Example 2 illustrates accurate diplomatic news translation,
handling subject clitic doubling ‘a fransa a...’, future tense morphology ‘reconoscia’, and
standardized Genoese diacritics ‘palestina’. In Example 3, the model correctly translates
specialized card-game vocabulary ‘mazziere’ — ‘massé’, handles plural feminine numerals
‘tre’” — ‘tree’, and successfully predicts complex Genoese object-clitic contractions ‘e le
volta” — ‘e 0 € gia’.

Intermediate-Score Performance Group

Source: il 16 ottobre le precipitazioni hanno colpito la provincia di savona.

Ex. 4 Target: a-i 16 d’ottobre e precipitagioin an bersaggiou a provinsa de sana.
Pred: a-i 16 d’ottobre e pregipitagioin an corpio a provinsa de safia.
Source: ma no, su, dov’e tutta questa complessita?

Bx. 5 Target: ma no, sciu, che p6i dond’a I’é tutta sta complescitee?

Pred: ma no, scit, dond’a I’é tutta sta complescitae?
Source: forza genoa!
Ex. 6

Target: dagghe, zena!

Pred: alé zena!

Table 5.24: Qualitative examples extracted from the intermediate-score performance group for
Italian to Genoese.

Table[5.24]illustrates intermediate-score group predictions where generated outputs present
semantically equivalent or valid alternative renderings that are penalized by automated
reference matching. In Example 4, the model translates ‘hanno colpito’ literally as ‘an
corpio’, whereas the target reference employs a more expressive, domain-specific metaphor
‘an bersaggiou’. While the prediction remains grammatically flawless and semantically
precise, it incurs an artificial metric penalty. In Example 5, the model produces a concise,
accurate translation of the source discourse marker ‘dond’a 1’é tutta sta complescite?’,
whereas the reference contains an optional discourse filler ‘che pdi’.
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Finally, Example 6 presents a valid stylistic choice: when translating the popular football
chant ‘forza genoa!’, the model generates the native cheer ‘alé zena!’, whereas the ref-
erence split selects the imperative expression ‘dagghe, zena!’. Both renderings represent
completely authentic Genoese expressions, underscoring how rigid evaluation metrics often
underestimate true generation quality in idiomatic and colloquial settings.

Low-Score Performance Group

Source: datemi un minuto per considerare la situazione

Ex. 7 N . .
Target: deeme un segondo pe examind a scituacion
Pred: daeme un menuto pe raxona da scituacion
Source: a pancia piena si parla meglio
Ex. 8 e Sy
Target: co-a pansa pifia se raxofia ciu ben
Pred: & pansa pina se parla megio
Source: il salone principale e spazioso e ben illuminato
Ex. 9

Target: o sallon primméio o 1’é ampio e ben cizo

Pred: o sallon pringipa o I’é spagioso e ben inluminou

Table 5.25: Qualitative examples extracted from the low-score performance group for Italian to
Genoese.

Table reports low-score group predictions, which exhibit structural defects, literal
calques, and reference misalignments. In Example 7, while the model accurately trans-
lates ‘minuto’ as ‘menuto’, unlike the target which loosely translates it as ‘segondo’; it
introduces a verb construction error by predicting ‘rarond da’ instead of the transitive
target ‘examina’. Example 8 displays a literal transfer of Italian prepositional phrases and
vocabulary: instead of adopting the idiomatic Genoese construction ‘co-a pansa pina se
razona ciu ben’, the model calques the Italian structure into ‘a pansa pina se parla megio’,
failing to select the authentic dialectal verb ‘raxona’.

Finally, Example 9 provides a compelling case where the model’s generated hypothesis
proves superior in fidelity and precision to the ground-truth target. While the reference
opts for a freer, non-literal translation ‘primmdio’, ‘ampio’, ‘cieo’, the model predicts ‘o
sallon pringipa o l’é spacioso e ben inluminou’. Here, the model correctly preserves the
exact semantic nuances of the source text, accurately rendering ‘principale’ as ‘pringipd’,
‘spazioso’ as ‘spacioso’; and ‘illuminato’ as ‘inluminou’, while seamlessly applying correct
Genoese phonotactics, orthographic normalization, and subject clitic agreement ‘o... o [’¢’.
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In conclusion, performance degradation in the low-score group for Italian to Genoese is
driven either by cross-lingual interference, where the model defaults to literal Italian syn-
tactic structures rather than distinct dialectal idioms, or by reference discrepancies where
the model’s accurate, faithful output is artificially penalized by freer ground-truth trans-
lations.
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Chapter 6

Conclusions and Future Work

This thesis addressed the challenge of neural machine translation for the Genoese dialect
of Ligurian, evaluating translation both from Genoese into Italian and vice versa. The
primary obstacles inherent to this task stem from the severe scarcity of parallel data and
the absence of a universally adopted orthographic standard.

6.1 Summary of Contributions and Main Findings

To mitigate orthographic inconsistency, a significant portion of this work focused on de-
veloping a dedicated text normalization pipeline. Progressing from rule-based symbolic
approaches to recurrent neural models, we devised a normalization sequence designed to
harmonize Genoese orthographic variants, thereby simplifying the cross-lingual mapping
for downstream translation architectures. The proposed attention-augmented recurrent
normalizer achieved strong performance on the in-domain dataset, reducing the Character
Error Rate (CER) down to 1.33% on sentence-level test sets and successfully outperforming
the previous state-of-the-art baseline of 2.47% by over one percentage point.

Text normalization proved crucial in preventing the translation models from encounter-
ing redundant spelling variations during training, thereby reducing structural ambiguity.
Furthermore, this preprocessing step helped mitigate the known brittleness of standard
automated evaluation metrics, such as Bilingual Evaluation Understudy (BLEU), Trans-
lation Edit Rate (TER), and Character n-gram F-score (chrF++), which heavily penalize
minor character discrepancies and valid lexical alternatives in low-resource settings. As
confirmed by our qualitative analysis, many outputs categorized in low-score performance
groups were in fact grammatically sound and semantically accurate, often producing valid
synonyms or more natural phrasing than the ground-truth references.
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In the machine translation phase, our comparative evaluation demonstrated that leveraging
massive foundational models significantly outperforms lightweight recurrent architectures
trained from scratch. Specifically, the generative causal language model, NMT-EuroLLM,
emerged as the top-performing architecture across both translation directions. By fine-
tuning this model on our normalized dataset, we effectively overcame the low-resource
bottleneck, achieving exceptional fluency and semantic fidelity even on complex dialectal
structures.

To further validate these findings beyond local evaluations, our top-performing mod-
els, NMT-EuroLLM and NMT-EuroLLM-Plus, were evaluated using the official BOUQuET
benchmark repository and subsequently submitted to the Hugging Face leaderboard. Across
the standardized evaluation metrics, the two NMT-EuroLLM models successfully secured
competitive leaderboard standings and State-of-the-Art achievements in two different met-
rics in both directions: chrF++ for [talian-to-Genoese and MetricX for Genoese-to-Italian.
This external validation confirms that fine-tuning foundational architectures on curated re-
gional datasets effectively bridges the gap in low-resource machine translation, offering a
scalable and robust alternative to massive general-purpose models.

Throughout the experimental phase, data augmentation strategies yielded mixed results.
Synthetic data expansion proved effective primarily for the normalization task through
back-normalization, whereas rule-based data augmentation derived from symbolic tech-
niques failed to yield measurable gains.

Surprisingly, back-translation did not improve performance across any of the tested trans-
lation models, leading instead to a performance degradation. Several factors account for
this outcome. For smaller architectures like NMT-BiLSTM, the degradation is attributed
to the low initial translation quality in the LIJ — ITA direction, which generated noisy
synthetic Italian targets, adding a large volume of such low-quality parallel pairs likely
saturated the model capacity, triggering catastrophic forgetting.

For larger pre-trained models, additional domain-specific bottlenecks emerged. First, the
unaligned Genoese source data harvested from web sources (Wikivivagna) lacked strict
editorial control or adherence to standardized orthographies such as grafia oficia or grafia
unitdia, consequently, severely non-standard instances remained noisy even after passing
through the text normalization pipeline. Second, fine-tuning via parameter-efficient fine-
tuning methods, specifically QLoRA, updates only a small fraction of trainable parame-
ters. Introducing a synthetic corpus significantly larger than the original authentic parallel
dataset likely saturated the capacity of these trainable adapters. Fully fine-tuning a larger
set of parameters to accommodate the expanded synthetic data would have required com-
putational resources beyond the scope of this project, and was deemed unnecessary given
the competitive performance achieved by the models without back-translation.
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6.2 Future Directions

To further advance performance and address the primary bottleneck of data scarcity in
Genoese, several promising avenues emerge for future research. Extending the authentic
parallel dataset by harvesting high-quality alignments from domain sources unrepresented
in this work would broaden the training domain, thereby improving out-of-domain robust-
ness on benchmarks such as FLORES+ and Bouquet.

Regarding synthetic data generation, refined data filtering pipelines could be applied to
large monolingual Genoese repositories, such as the 160000-sentence corpus leveraged in
this study, to filter out spelling inconsistencies and extract high-quality subsets for back-
translation. Additionally, targeted vocabulary augmentation strategies, such as the con-
textual substitution of frequent terms with rare lexical items [18], warrant systematic
exploration. While omitted in this study due to the intensive manual validation required
to prevent semantic degradation, implementing automated quality-estimation filters could
make contextual substitution a viable pathway to enhance the translation of low-frequency
Genoese terms.

Furthermore, addressing the inherent limitations of automated evaluation represents an-
other critical direction for future work. As previously highlighted, standard reference-based
metrics such as BLEU, TER, and chrF++ struggle to accurately assess translation quality
in low-resource settings. A promising alternative involves deploying LLM-based evaluation
frameworks guided by structured rubric protocols, which have demonstrated significant po-
tential in accurately evaluating low-resource languages (e.g., Zouhar et al. [74]). Through
carefully engineered prompts and evaluation rubrics, large language models can perform
semantic assessment and assign numerical quality scores while accounting for valid lexical
variations, synonyms, and idiomatic expressions that traditional metrics penalize. While
exploiting domain experts through human evaluation remains the gold standard for low-
resource language assessment, LLM-based evaluation offers a scalable complementary tool
to bridge the gap between automated scoring and human judgment.
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Appendix A

Experimental Setup and Hardware
Infrastructure

This appendix provides technical specifications for the hardware, operating systems, and
computing infrastructure utilized across all experiments in this thesis, encompassing both
orthographic normalization (Chapter [4) and machine translation (Chapter [)).

Local Workstation Specifications

The baseline experiments, deterministic data perturbations, and less resource-intensive
training pipelines for the normalization task, specifically the rule-based approach (Sec-
tion and the Conditional Random Fields optimization grid (Section , were
conducted locally on a personal workstation.

This local environment featured an AMD Ryzen 7 PRO 7840U processor operating at
a base frequency of 3.3 GHz, configured with 8 physical cores and 16 logical threads to
enable efficient parallel CPU processing. The workstation was equipped with 32 GB of
physical RAM and operated under the Microsoft Windows 11 Home operating system
(Build 26200). Due to the architectural constraints of the integrated AMD Radeon 780M
graphics chip, these local configurations relied exclusively on multi-threaded CPU execution
without dedicated hardware GPU acceleration.
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High-Performance Computing Infrastructure

To handle the computationally intensive training, fine-tuning, and data augmentation
phases of the complex deep learning architectures across both chapters, experiments were
scaled up to high-performance computing infrastructures.

For the general architecture experiments, the dedicated server node was powered by an Intel
Xeon Silver 4410Y processor alongside 512 GB of system RAM, running under the Ubuntu
24.04.4 LTS operating system. Accelerated deep learning execution within this remote
environment was performed on an enterprise-grade NVIDIA L40S GPU built on the Ada
Lovelace architecture, featuring 46 GB of dedicated VRAM and operating under the CUDA
13.0 computational framework. The associated software stack comprised Python 3.12 and
PyTorch 2.12.1 with CUDA 13.0 support, utilizing Hugging Face Transformers v5.14.1 for
model management, Datasets v5.0.0 and TRL v1.9.1 for training workflows, PEFT v0.19.1
and BitsAndBytes v0.50.0 for efficient adaptation, Evaluate v0.4.6 for metric computation,
and SacreBLEU v2.6.0 to compute standardized BLEU and chrF++ scores.

Conversely, the training and fine-tuning phases specifically dedicated to the mBART model
were carried out on a separate dedicated workstation. This setup relied on an 11th Gen Intel
Core i9-11900KF processor operating at 3.50 GHz with 8 cores and 16 threads, accompanied
by 32 GB of DDR4 RAM. Accelerated execution was handled by an NVIDIA GeForce RTX
3060 GPU with 12 GB of VRAM, running on Driver 555.42 with CUDA 12.5 support.
The software stack comprised Python 3.12 and PyTorch 2.5.1 with CUDA 12.1 support,
utilizing Hugging Face Transformers v5.4.0 for model management, Evaluate v0.4.6 for
metric computation, and SacreBLEU v2.6.0 to compute standardized BLEU and chrF-++
scores.
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