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Resumen

La lengua Purépecha es una de las 68 lenguas indigenas en México y es hablada principal-
mente en el estado de Michoacan. Este documento presenta el primer corpus monolingiie
de acceso publico para la lengua purépecha. Los documentos recolectados para ensamblar
el conjunto de datos fueron obtenidos de diferentes fuentes, tales como colegios normales
indigenas, instituciones de gobierno y fuentes periodisticas, buscando reflejar el uso y estado
general de esta lengua. Este trabajo busca ser un elemento clave para lingiiistas e inves-
tigadores, presentando estadisticas sobre el conjunto de datos tales como mayor frecuencia
en frases y palabras, decaimiento en la frecuencia de las mismas (Ley de Zipf) ademéas de
hépaxes. Adicionalmente, se entrenaron modelos de lenguaje como lo son los modelos trans-
former ROBERTA (que nombramos como RoBERTataka) y los basados en n-gramas, que
posteriormente seran utilizados durante la evaluacion del corpus y estaran disponibles de
forma publica como modelos preentrenados. Finalmente, se evalud el rendimiento de los
modelos de lenguaje mediante una tarea de modelado de lenguaje mediante enmascarado

(MLM) utilizando exclusivamente el conjunto de datos recabado.
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Abstract

Purépecha is one of the 68 indigenous languages in Mexico and is spoken primar-
ily in the state of Michoacédn. This document presents the curation for the first publicly
available monolinguistic corpora for the purépecha language. The documents collected to
build this dataset were gathered from different sources, such as indigenous colleges, govern-
ment institutions, and news journals, to reflect the general state and use of the language.
The purpose of this project is to serve as a critical resource for linguists and researchers
by presenting statistics on the dataset such as higher frequency in phrases and words and
decay in their frequency (Zipf’s Law) and hapaxes. In addition, the corpus was used to train
a state-of-the-art deep learning transformer model RoBERTa (that we named as RoBER-
Tataka) and an n-gram-based approach; those language models will be publicly available as
pretrained models. Finally, the performance of the trained text models are compared on a

Masked Language Modeling (MLM) task exclusively on the curated datasets.
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Chapter 1

Introduction

1.1 Problem Statement

The recent growth in the Natural Language Processing (NLP) field has been im-
pressive, with advances in deep learning models such as transformers, which have greatly
improved language understanding and generative tasks. However, growth has focused on
high-resource languages such as English, Mandarin, Hindi, and Spanish which benefit from
large public-available datasets and significant research attention [Khatter22|. Unfortunately,
this focus has left out languages with low representation, such as many indigenous languages.
These languages often lack comprehensive and accessible datasets for training effective NLP
models [Tonja23al. Additionally, the limited number of speakers and the lack of digital
resources pose significant challenges to the development of NLP tools that focus directly on

these languages.

The marginalization of Low Resource Languages in the digital age risks diminishing
their cultural and linguistic heritage, making it crucial for the NLP community to prioritize
inclusion, diffusion, and preservation by developing methods and resources that support
a wider range of languages. Collaborative efforts involving native speakers, linguists, and
technologists are needed to bridge this gap and foster the growth of NLP applications that

benefit all languages. According to Fondo para el Desarrollo de los pueblos Indigenas de
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América Latina y Caribe (FILAC), in Latin America, 550 indigenous languages survive,
with Mexico having the second highest number with 68 registered indigenous languages
[FILAC20], although only 22 of them are represented in NLP research |[Tonja24|.

Our research will focus on the native language Purépecha of the state of Michoacan.
The project aims to create the first publicly available monolinguistic corpus of the Purépecha
language, which will serve as a resource for linguists, researchers, and language preserva-
tionists. The corpus will be developed by collecting written texts in Purépecha.

Once the corpus is constructed, we will perform evaluations using Natural Language
Processing techniques. Such as training a state-of-the-art deep learning NLP transformer
model (RoBERTa) and an n-gram based approach. And finally, evaluate the performance
of the text models on Masked Language Modeling (MLM).

The corpus is expected to help researchers gain in-depth insight into the linguistic
structure of Purépecha, preservation, and diffusion and contribute to the development of
more effective and inclusive language processing tools. The results of these evaluations will
not only improve our understanding of the Purépecha language but also pave the way for
future research and technological applications, such as automatic machine translation and

multilingual tokenization.

1.2 Background

The field of computational linguistics and corpora creation is fairly new; the first
computational corpus published was the Brown corpus in 1964 |Francis64|, with a size of ap-
proximately 1 million words. However, other related work, such as lexicons and dictionaries
were developed centuries ago [Reppenl0].

The first written works and lexicons developed for the Purépecha language were
made in the XVI century thanks to the work of friars like Jeronimo de Alcala (between 1539
and 1541) with his work “La Relacion de Michoacan” and Maturino Gilberti (1558 - 1559)
with his work “Arte de la lengua de Michuacan” and “Vocabulario en lengua de Mechuacan”
[Blazquez15|. According to the previously mentioned work and Benjamin Warren|Warren00|,

these titles may also be the first texts developed directly for this language.



In recent years, due to the achievements in Natural Language Processing and Deep
Learning (DL), there is a blooming in the field. The recent release of Large Language Models
(LLMs) such as Open Al’s GPT, Facebook’s LLAMA, and Google Gemini, has made huge
advancements in the field like summarization, text-prediction, text-generation, sentiment
analysis, named entity recognition, etc. Deep Learning Models have shown great scores
and performance in different benchmarks, as shown in [Torfi21]. However, all these models
need to be trained with huge datasets. A significant issue facing low-resource languages
is that, despite having rich oral traditions, they often lack written documentation or are
not easily accessible [Tonja24|. Indigenous languages exemplify this challenge as shown in
[Ward18] and [Stap23]. Fortunately, there are some NLP conferences, workshops, and chap-
ters showing great interest in the field, such as AmericasNLP, the Annual Meeting of the
Association for Computational Linguistics (ACL), the European Chapter of the Association
for Computational Linguistics (EACL), the Empirical Methods in Natural Language Pro-
cessing (EMNLP), among others. The efforts of these individuals and collectives are greatly
appreciated. A more in-depth analysis of the achievements and number of publications can

be consulted at [Tonja24].
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1.3 Thesis Objectives

1.3.1 General Objectives

This thesis aims to build the first publicly accessible monolingual corpus for the
Purépecha language, thus facilitating the testing and training of various language models

such as n-grams and Transformers.

1.3.2 Specific Objectives

In order to successfully complete the general objectives, a set of particular goals is

defined in the following list.
e Locate text documents between different sources.

e Perform data cleansing of the corpus, such as deletion of duplicate text and normal-

ization of text.
e Get insights of the corpus such as Zipf’s law, sentence length, and common bigrams.
e Generate the corresponding data sets for training, validation, and evaluation.
e Train and evaluate text models with their corresponding splits.

e Compare the performance of the different text models.

1.4 Chapter Descriptions

This thesis is organized into the following five chapters. Chapter 1 serves as an
introduction, presenting the problem statement, a general background on NLP, its relevance
to low-resource languages, and the general and specific objectives of the study. Chapter 2
explores key concepts, relevant literature, and prior research in related fields, including
language models, text preprocessing, deep learning, n-grams, datasets, and web scraping.
Chapter 3 describes the methodology used to create a corpus for the Purépecha language.
It includes a concise introduction to the distinctive linguistic features of Purépecha, corpus

analysis, a comparison with corpora of other indigenous languages, and relevant statistics



such as word frequency and Zipf’s law. Chapter 4 outlines the experimental setup and
methodology used to compare language models trained on the curated dataset. Finally,
Chapter 5 concludes the thesis with a summary of findings, a discussion of limitations, and

suggestions for future work.






Chapter 2

Theoretical Framework

2.1 Deep Learning

Deep Learning (DL) is a subfield of Machine Learning (ML), where it is intended
to recreate the learning process of the biological brain. In a similar fashion, the connections
formed by neurons are replicated by an ensemble of artificial neurons, these are used as
the basic building blocks in order to create a weave or net. Similarly to the way a weave
is created, these nets are organized by layers that share connections between them. DL
algorithms are used in a plethora of applications such as text translation, object recognition
in images, stock forecasting, text generation, emotion categorization, and speech synthesis

[Russell22].

2.1.1 Artificial Neuron

As stated previously, the Artificial Neuron (AN) is used as the building block of
neural networks. In its core, an AN performs the sum of the multiplication of its inputs by
some weights and a bias term [Jurafsky24]. It is important to detail that the bias term will
always be 1 in order to later shift the activation function curve left or right, much like the
intercept term in a linear equation shifts the line up or down [Russell22]. The weighted sum

is represented as in Equation 2.1.

z = b—l—Zwil‘i (2.1)
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Equation 2.1: weighted sum z, inputs 1, ..., x,, weights wy, ..., w,, bias b

Another representation of the weighted sum performed by an AN using vectors is

shown also in Equation 2.2

z=w-x+b (2.2)

Equation 2.2: input vector x, weight vector w, scalar bias term b

Activation Function

As described in the V7 Manual on Activation Functions, the activation function
inside an Artificial Neuron will decide whether or not it should fire, and map its output
between a certain threshold. The activation function also provides a way to learn more
complex relationships within the training data [V721]|. According to Dubey’s survey and
benchmark about activation functions, the most common and popular activation functions
are: Sigmoid, Tanh, and ReLU [Dubey22|. These activation functions are also shown in
Figure 2.1.

The sigmoid function is represented with ¢ and the output of the function is de-

termined as detailed in Equation 2.3.

1
The hyperbolic tangent (tanh) function is similar to the sigmoid, yet its values

ranges from -1 to 1 and is detailed in Equation 2.4.

e —e *

Y anh(2) e? +e %

(2.4)

Finally, the Rectified Linear Unit (ReLU) activation function simply clamps all
values to 0 if they are less than or equal to 0 and leaves the z values as positive otherwise,

as shown in Equation 2.5.

y = ReLU(z) = max(z,0) (2.5)
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Sigmoid Activation Function RelU Activation Function tanh Activation Function
1.0 5 1.00
0.75 4
0.8+ 41
0.50 4
0.6 3 0.257
0.00 4
0.4+ 24 _0.254
~0.50 A
0.24 1
-0.75 A
0.0 4 0+ —1.00 A
T T T T T
-4 -2 0 2 4 -4 -2 0 2 4 -4 -2 0 2 4

Figure 2.1: Most common Activation Functions [Dubey?22|.

The complete process of an artificial neuron, from its input, weighted summation,

and the output of the activation function, is graphically detailed in Figure 2.2.

Figure 2.2: A single neuron processing the inputs z1,...,z,, weights wy,...,w, and bias
term b generating the output z that subsequently feeds the activation function ¢ producing
the single neuron output a. This output can be inferred as the prediction y

2.1.2 Artificial Neural Network

The Artificial Neural Network (ANN) uses the neuron as the basic building block,
taking advantage of its processing and feeding its output to other artificial neurons. These

stacks or nets are usually referred to as layers. Information flows from the input layer to
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the output layer and typically through several intermediate layers called hidden layers.

Feedforward Neural Network

The Feedforward Neural Network (FFNN) is used as the standard architecture. In
the FFNN each unit of each layer takes the output of previous layers as the input. This

architecture is also known as fully connected and is shown in Figure 2.3.

hu hiz
ha
S
(2 hap
ha2
hs
z ha hay
1
. J
hn s
' H
Input Layer ‘\ Hidden Layers Output layer

Figure 2.3: A fully connected Feedforward Neural Network displaying how the input layer
receives parameters that then feeds the hidden layers.

The process is extended from the main concept of an Artificial Neuron with the
following key changes. The weights of each neuron inside a layer are stored inside the weight

matrix W, the inputs and bias are processed as a vector as described in Equation 2.6

h = o(Wx + b) (2.6)

Equation 2.6: hidden layer output vector h, input vector x, weight matrix W, activation
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function o (applied element-wise o [z1, 22, 23] = [0(21),0(21),0(22)] )

It is common practice that the output of FFNN does not include a bias vector
[Jurafsky24|. This output is stored in another weight matrix U that is multiplied by its

input vector h as defined in Equation 2.7 and as shown graphically in Figure 2.4

z = Uh (2.7)

Equation 2.7: output z, input vector h, weight matrix U.

NENCNS AT
ﬁ\‘\\,’f/’l’;\\

Figure 2.4: It is worth noticing how W includes a bias term, while U does not.

Softmax Activation Function

In order to map classes to the inputs of the network, a vector of probabilities is
required to assess how well the output contains characteristics of each class; however, the
output z contains a vector of real numbers. The softmax function transforms the input

values to positive by taking the exponential of each element and then normalizes them by
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dividing by the sum of all the exponential values for all the number of classes in the multiclass

classifier, as shown in Equation 2.8 [Sin24].

e

Z?:l e

Equation 2.8: e* exponential function for the input vector, e* exponential function for the

sofmaz(z); = (2.8)
output vector, d number of classes in the multiclass classifier

Finally, the output of the FFNN can be represented as shown in Equation 2.9.

y = softmax(z) (2.9)

2.1.3 Training

As introduced previously, ANN have links or connections between layers and the
weights of these links are calculated during network training. Usually, weight values are
randomly initialized in order to avoid identical weight updates and longer training times

[Hug24b|. In the training phase, the values within the weight matrix are calculated.

Loss Function

A loss function is needed to measure the difference between the prediction of the
ANN g and the ground truth y [Jurafsky24]|. The cross-entropy loss function is used for

multiclass classification [Ravichandiran21].

fes(y,y) = —(4) (2.10)
Equation 2.10: where ¢ being the correct class assigned by the model.

For tasks such as those faced in NLP, where it is common that the correct class is
mapped to the probability of a certain word between a dictionary assigned by the model.
Equation 2.11 extends the same principle as Equation 2.10 using a context window for

tokens.

for = —log P(w;|wi—pni1, .., wi—1) (2.11)
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Equation 2.11: where w; being the correct token assigned by the model.

Backpropagation

The algorithm of Backpropagation (BP) was proposed by Werbos [Werbos82] as a
technique to reduce the difference between the predicted output of the model and the actual
output by adjusting the weights and biases in the network . The BP algorithm is divided
primarily into two steps, the forward and backward passes.

In the forward pass, values flow sequentially through the hidden layers, with each
layer’s output serving as input to the next one. The backward pass then is used to compute
the derivatives for the weights and bias update. The derivatives in the backward pass are
calculated using the chain rule. The output of a node y, can be modeled by how much
a previous node h,, affects it [Jurafsky24|. The general process of forward and backward

passes in the BP algorithm is shown in Figure 2.5.

Ohy b
: : oI 5 :
E Downstream Local .‘ Upstream :
\ Gradient R Gradient \ Gradient ;

Figure 2.5: In green the information flow for the forward pass. In red the backward pass.
The node h; takes the upstream gradient from y; and multiplies it by its local gradient in
order to perform the chain rule and calculate the downstream gradient. A node can have
multiple local gradients if it is connected to more nodes.

Gradient Descent

The Gradient Descent (GD) is an iterative method that is used to find the values

of variables that minimize a target function.
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P = xF v f(x) (2.12)

In DL and ML, GD is used to find the values of 8 that minimize the error of the

loss function f(#) over the complete training data set.
6* = 0" — 1V for(6") (2.13)

The learning rate 7 should be a small value between 1x10~% and 1 x 107 to prevent
overshooting the minimum or unnecessarily prolonging training time [Hug24a|. Although
a too small value for n may descend smoothly, it may not find the optimal values. The

previous situations are shown in Figure 2.6.

n values impact on Gradient Descent

Too Small n Just Right n Too High n
100 100 100

80 80 80

60 60 60

40 40 40

20 20 20

Figure 2.6: Learning rates ands their impact on GD

Mini-Batch Gradient Descent

Mini-Batch Gradient Descent (MBGD) divides the training data into small subsets
called mini-batches, allowing for more frequent parameter updates and is useful for training

sets that are too large to store entirely in memory [IBM24].

M _gh TN .
ot =0t — — ;vefCE(e,y,,yZ) (2.14)

Equation 2.14: where m is the mini-batch size, y; the correct class or word at the i-th data

point in the mini-batch, ) learning rate
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2.2 Datasets

A dataset is an assembly of data. It is common for a dataset to be constructed
by joining different database tables, with each table column representing a specific variable
and each row representing a particular record of that dataset. Datasets are used in machine

learning and deep learning to fit models to classify or forecast data [Raschkalb].

Corpus

A corpus is a type of text dataset consisting of a collection of linguistic resources
such as documents, textbooks, newspapers, websites, and research papers. Corpus may also
include transcriptions of natural speech, such as informal face-to-face conversations, lectures,

meetings, or interviews [Atkins92|.

Web Scraping

This method, also referred to as “Web crawling” or “Web harvesting” is frequently
employed in the collection of data, including corpora creation [Mitchelll5]|. Typically, a web
scraping bot makes use of a website’s semantic structure, as this automated agent searches
for specific content within an HyperText Markup Language (HTML) document. The data
saved is defined by the main objective of the scraping bot, such as the text contained inside
the paragraph tag <p>, other hyperlinks located within the anchor tag <a>, or the graphic

resources inside the image tag <img>.

Python libraries like BeautifulSoup [Richardson07], Scrapy [Kouzis-Loukas16]|, and
Selenium [Sharmal4]| are popular for this task and utilize a similar approach [Mitchelll5].
First, make a GET request and store the response in a variable, then check the status code
of the previous request that may be typically 200 for success, 404 if the file is not found
in web server, or 505 if there is an internal server error. If the request was successful, the
HTML content of the response can be prepared and stored in another variable. Finally, the

desired elements can be filtered by HTML tags or attributes such as classes or id.
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2.3 Natural Language Processing

Natural Language Processing (NLP), a subfield of Machine Learning and linguis-
tics, aims to provide computational models of various linguistic phenomena by understand-
ing not only single words but also their context [Hug24al, and is widely used in day-to-day
tasks such as speech recognition systems, text-to-speech synthesis, automated voice response

systems, web search engines, and text editors [Fruehwald22a).

2.4 Language Models

A language model is defined as a probability distribution that describes the like-
lihood of a given string. Language models can also make grammar or spelling suggestions,
compute the most probable translation of a text, summarize text or calculate the answer of

a question [Jurafsky24].

2.4.1 Text Preprocessing

Text Preprocessing is refereed as a group of actions performed on text to im-
prove the quality of models or text analysis techniques. The most common text-processing
techniques can be listed as tokenization, stopword removal, resolving contractions, deleting
duplicated text, correcting spelling mistakes, expanding abbreviations, text normalization,

and mapping out-of-vocabulary words to in-vocabulary standard words [Chai23, Zhang13|.

Tokenization

In NLP, tokenization is the process of breaking down the information present in
a document into smaller segments [Kasper Welbers17|. These smaller segments are called
tokens. They can be: paragraphs, word sequences (n-grams), complete words (space sepa-
rated tokens), word subsequences (character pairs, characters), characters, and punctuation
marks [Manning08|.

A piece of software that manages the input text and splits it in order to feed a

model is called a tokenizer. The tokenizer maps the text input to known entries inside a



2.4.2 N-grams 17

dictionary or vocabulary, changing the input from an alphanumeric list to a number list or
vector. The vocabulary size is defined by the total number of independent tokens present

in the corpus. A comparison between different tokenizing strategies is shown in Figure 2.7.

Let's do tokenization!

; Raw text input :

Let's do | tokenization!

' Space separated tokens

Let's| do [ token|ization| |

Subword tokenization

17 1188 | 45 9 |4

Subword tokenization
numeric representation |

Figure 2.7: Different tokenization aproaches for a given input

A tokenizer may also have the capacity to perform the previously mentioned task
in reverse. In other words, a tokenizer may translate the numeric representation back into
human-readable text. Subword tokenizers such as wordpiece were introduced in Google’s
neural machine translation work [Wul6| and Byte-level Byte Pair Encoding (Byte-level BPE)

showing great performance with agglutinate languages in [Wang19|.

2.4.2 N-grams

In the field of natural text processing, n-grams refer to the tasks of generating
word sequences that appear naturally in texts. These are classified into: monogram (single

words), bigrams (couple of words), trigrams (triplets of words ), from here any higher number
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is called n-gram, which are n length of consecutive words. N-grams typically have a target
word and a given context. For a bigram w;_jw;, its probability can be calculated as described

in Equation 2.15 [Manning99|

P(wiwi,l)

P(wilwi-1) = P(wi-1)

(2.15)

For higher order n-grams, the probability is calculated as described in Equa-

tion 2.16.

Counts(w;—n41:i—1w;)

P(wi|wi—nt1:i-1) = (2.16)

Counts(w;—ny1:i-1)

Equation 2.16: n n-gram order

A limitation of the prior approach is that while feasible, certain n-gram combina-

tions may never occur in any corpus, resulting in a very low probability [Fruehwald22a).

Smoothing

While training n-gram models, some token pairs may have a high frequency, there-
fore its probability can be calculated without any issues. However, there is the probability
that the models will face tokens that were not present during the training phase, and its
probability would be zero. Solutions like cut-off, or Out-of-Vocabulary (OOV), manage low-
frequency or unseen tokens by replacing them with the <unk> token. Another smoothing
alternative is a Back-off model, where it is normally calculated the n-gram count, and for

sequences with low or zero counts, the model reverts to a lower order n-gram [Russell22].

2.4.3 Transformer Based

Introduced in Vaswani et al.’s research paper [Vaswani23|, the transformer archi-
tecture is a kind of neural network that focuses on the attention mechanism rather than
recurrence and utilizes a stack of encoder blocks, each comprising a self-attention mecha-
nism and a FFNN; the encoder can be stacked N times as required, with the research paper

using a stack of 8 encoder blocks.
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2.4.4 Encoder

The encoder serves as the building blocks for the transformer model and each
encoder block is composed of three main features, multi-head attention, add-and-norm, and

feedforward. These components are graphically described in Figure 2.8.

(" A
- Add & Norm
- T J
(" A
Feedforward
e T Encoder
e N :
1= Add & Norm
(" A
Multi-head attention
_ I J
Input

Figure 2.8: Encoder’s main components

Self-attention

In summary, the self-attention mechanism processes a given sentence to compute
the representation of each word, calculating the relationship between each word and all other
words within the sentence. Figure 2.9 shows the information flow of a complete input and

how it is processed in parallel by a casual or Right-To-Left (RTL) transformer layer.
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1 > Atention > ay
To > Atention > as
~ ~ ~
T3 ﬁ Atention > a3
z4 Atention > ay
Ts Atention > as
Embedding Matrix X Self Atention Layer

Figure 2.9: The information flow for a causal or right to left self-attention layer.

As detailed by Ravichandiran each of the inputs x is adjusted by the attention
layer and then assigned to a output of the same size a. The input matrix X was previously
tokenized and contains the vector representation of the words. The input matrix is sized by
the length of the sentence and the embedding dimension used by the model (usually 512)
[Ravichandiran21].

In order for the attention mechanism to calculate the weight or relationship between
the tokens, the following matrices are required: the Key matrix K, Query matrix Q, Value
matrix V, Attention matrix Z, and the weight matricesW’, W@ WV . The weight matrices

are randomly initialized, and their values are optimized during the model training phase.
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1 Atention > ay

9 M Atention > as
~ ~

Atention >

T3 > as

z4 Atention > ay

Ts Atention > as
Embedding Matrix X Self Atention Layer

Figure 2.10: The information flow for a bi-directional self-attention layer.

The key, query and value matrices are calculated by multiplying their respective

weight matrices W by embedding matrix X as follows:

K = XWX
Q=XW¢
V=XWV (2.17)

In Equation 2.17, every row within the Key, Query, and Value matrices corresponds
to the value, query, and value vectors associated with each token in the input sentence. These
matrices will later be used to compute the relationship between tokens by multiplying the

Query and Key matrices, as shown in Equation 2.18.

QK" (2.18)

The QK” matrix comprises the dot products of query vectors with key vectors,

effectively representing the token similarities. However, these values need to be scaled in or-
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der to obtain stable gradients and avoid gradient exploding [Ravichandiran21]. This scaling
is performed by dividing by the root of the dimension of the key vector dy and normalize

the values using the softmax function, as shown in Equation 2.19.

QK"
Vi

softmazx( ) (2.19)

Finally, the Attention matrix, Z can be computed by multiplying the score matrix

QK™

softmazx( N

) by the Value matrix V.

T
Z = softmax <C3/I;7k> A\ (2.20)

The process of a single self-attention mechanism is graphically detailed in Fig-
ure 2.11. However, transformer models use several attention heads, also known as multi-head

attention mechanism.
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Figure 2.11: Self-attention operation blocks.

Multi-head attention

The multi-head attention mechanism utilizes multiple attention matrices Z, with

the underlying idea that each head could focus on the context for various objectives [Jurafsky24|.

Each head may specialize in capturing various linguistic relationships between context com-

ponents and the current token, or in identifying specific patterns within the context window.

A diagram of a multi-head attention is shown in Figure 2.12 where the concatenation block

for the attention matrices is present within the last steps.
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Concatenate(Zy, Zu, ... Z;)Wy
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Figure 2.12: Multi-head-attention block and its respective operation blocks.

Feedforward

The Feedforward block inside the encoder consists of a FFNN with Rectified Linear
Unit (ReLU) activation functions. BERT and its derivatives use two dense layers in the

feedforward step and their parameters are shared between encoder blocks [Ravichandiran21].
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Add and Norm

As previously shown in Figure 2.8 the Add and Norm block is present twice in the
encoder block. This block connects the input X to the multi-head attention output. Then
it connects the input of the FFNN to its own output. The Add and Norm block works
as a residual connection followed by layer normalization. According to various authors,
layer normalization facilitates quicker training by stabilizing the values within each layer,

preventing large fluctuations.

BERT

The Bidirectional Encoder Representation from Transformers (BERT) model was
introduced by Jacob Devlin et al. in [Devlin19]. BERT’s main feature is that it is focused on
a deep bidirectional representation of text by jointly conditioning both left and right contexts
between all layers. This model was trained with Masked Language Modeling (MLM) and
Next Sentece Prediction (NSP) approaches. The MLM phase works by randomly selecting a
percentage of text (recommended about 15%) in order to predict those masked tokens; the
NSP phase will randomly select sentence pairs, and the model will evaluate the probability
that these sentences are presented one after the other. A diagram of the BERTS architecture

displaying the encoder blocks is present in Figure 2.13.
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Representation
A
Encoder N
T
4 f ™\
BERT
Encoder 2
\ J
T
4 N\
Encoder 1
A
Input

Figure 2.13: A Stack of N encoder blocks in BERTs architecture.

RoBERTa

Robustly Optimized BERT Pretraining Approach (RoBERTa) was introduced by
Lui et al. in [Liul9| with a slightly different approach at the pretraining stage than BERT.
One of RoBERTa’s main differences is removing the NSP and focusing on the MLLM, changing

the tokenizer from wordpiece to Byte-level Byte Pair Encoding [Ravichandiran21].

2.5 NLP for Low Resources Languages

NLP research plays an important role in advancing multilingualism and preserving
linguistic diversity worldwide. However, only a handful of the more than 7000 languages

around the world are featured in recent NLP research [Joshi20], and indigenous languages



27

face much less representation [Tonja24].

Low Resource Languages (LRLs) refers to tongues that receive less academic fo-
cus, have limited resources, lack computational tools, are underprivileged, are less frequently
taught, or have a low number of active speakers [Magueresse20, Tsvetkov17|. Incorporating
LRLs into NLP research can help to assess the generalization of NLP models, democratize
their use, and contribute to the conservation and study of those languages [Tonja23a|. Us-
ing the previously mentioned problem, there is a growing interest in NLP conferences and
workshops, such as AmericasNLP, the annual meetings of ACL and EACL, and EMNLP
[Tonja24|, and even some open competitions such as Sarcasm Identification for Dravidian
Languages [Chakravarthi23|.

In México there are 68 indigenous languages recognized by Instituto Nacional de
Lenguas Indigenas (INALI) [INALIO9|, however, only a few corpora are available for indige-
nous languages such as the Universidad Nacional Autéonoma de México (UNAM) Nahuatl
corpus |Gutierrezl5|, the Mazatec-Mixtec Parallel Corpus [Tonja23b| and the Large Mayan
Corpus V [Lou24].

2.6 Final Remarks

This chapter discusses the efforts of ML to replicate the biological neuron through
the perceptron and how creating layered networks, interconnections between layers and the
impact of activation functions such as: Sigmoid, ReLU, tanh are the main study fields of
DL. It is also disscused the training process including the forward and backward pass, how
optimization algorithms like MBGD and GD iteratively change internal paramaters of the
network in order to minimize the error and reduce training times.

In NLP, datasets and corpora are vital for training models. Data preprocessing
techniques like tokenization and text normalization improve model performance, aiding in
grammar correction and translation. DL shows that Transformer architectures, using atten-
tion mechanisms, outperform previous models by effectively capturing token relationships
in sequences.

Additionally, there is an ongoing effort in NLP research to include Low Resource
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Languages, which often lack resources and computational tools. This inclusivity aims to
promote multilingualism and preserve linguistic diversity. Notably, in Mexico, indigenous

languages are acknowledged, but only a few have available corpora for NLP research.



Chapter 3

Corpus creation

3.1 Purépecha

Purépecha (also P’horé, P’urhépecha, P’hore, or Phorhé) is one of the 68 indige-
nous languages in Mexico and is spoken mainly in the highlands of Michoacén (among 13
municipalities of 113 present in the state)[INALIO9|. It is also present with less represen-
tation in some regions of the states of Mexico, Baja California, Guanajuato, Jalisco, and

Mexico City. The distribution of speakers across Mexican states is shown in Figure 3.1.

Number of Purépecha speakers per state in México

Gto. 1646

States

Jal. 4,649

Mich.

0 20,000 40,000 60,000 80,000 100,000 120,000
Number of speakers

Figure 3.1: Distribution of Purépecha speakers in states with the largest number of speakers

in Mexico.

The 2020 Instituto Nacional de Estadistica, Geografia e Informética (INEGI) pop-

29
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ulation and housing census estimated a total of 7,364,645 indigenous language speakers in
Mexico, the amount of speakers for each registered language can be consulted in Table 3.1.
Purépecha is located in the 15" place on the list of native languages spoken in Mexico
with a total of 142,459 speakers older than 3 years (92% reside in the state of Michoacéan)
[INEGI20]. Based on the current number of speakers, the state of preservation and trans-
mission led the Endangered Languages Project (ELP) to tag the language as “Threatened”
[Project24], other sources have tagged the language “At risk” [Capistranl5]. It is also noted
that the language faces an aging process, with 14% of the speakers aged 60 and over; however,
it still has a higher percentage of speakers aged 10-19 (23.7%)[INEGI09].

The Purépecha language is classified as an isolated language, without sharing any
nexus with other Mesoamerican languages. Some authors have found common words be-
tween the Quechua language and Purépecha, however, there is no grammar-wise relationship
[Chamoreau23| and Liedtke |Liedtke0O1] proposes that this alleged vocabulary relationship

needs further investigation.

3.1.1 Writing System
Purépecha Alphabet

Since the XVI centuries, the Purépecha language adopted the Latin graphs due
to the work of linguistic friars like Maturino Gilberti. Over time, there have been different
approaches to normalize the written word for the language, such as including phonetic
symbols or trying to adjust the symbols that were present in the mainstream typewriter
and printing press. These different approaches had left the language without a universal
standard about it. However, in this work, we will try to adhere to the guidelines proposed by
United Nations Centro de Cooperacién Regional para la Educaciéon de Adultos en América
Latina y El Caribe (CREFAL) in 1979 [Alberto Medina20|, this rule set is also used in
“Guia lingiiistica del idioma P’urepecha” and in the Linguistics Department at Universidad
Michoacana de San Nicolas de Hidalgo (UMSNH) [Medina Perez06|. It is worth mentioning
that some documents may follow the standard established by the Universidad Intercultural

Indigena de Michoacén (UIIM), and these documents will be retained in their original form.
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Indigenous language

(as it appears in the INALI catalogue)

Total speakers

Indigenous language

(as it appears in the INALI catalogue)

Total speakers

Nahuatl 1,651,958 Tepehuano del norte 9,855
Maya 774,755 Tepehua 8,884
Tseltal 589,144 Popoluca insuficientemente especificado 8,427
Tsotsil 550,274 Chontal de Oaxaca 5,613
Mixteco 526,593 Sayulteco 4,765
Zapoteco 490,845 Chuj 3,516
Otomi 298,861 Akateko 2,894
Totonaco 256,344 Otras lenguas indigenas de Ameérica 2,453
Ch’ol 254,715 Chichimeco Jonaz 2,364
Mazateco 237,212 Tlahuica 2,238
Huasteco 168,729 Guarijio 2,139
Mazahua 153,797 Chontal insuficientemente especificado 1,704
Tlapaneco 147,432 Q’eqchi’ 1,599
Chinanteco 144,394 Matlatzinca 1,245
Purépecha 142,459 Pima 1,037
Mixe 139,760 Chocholteco 847
Tarahumara 91,554 Lacandon 771
Zoque 74,018 Seri 723
Tojolabal 66,953 K’iche’ 589
Chontal de Tabasco 60,563 Kumiai 495
Huichol 60,263 Jakalteko 481
Amuzgo 59,884 Texistepequeno 368
Chatino 52,076 Tepehuano insuficientemente especificado 317
Tepehuano del sur 44,386 Paipai 231
Mayo 38,507 Papago 203
Popoluca de la Sierra 36,113 Ixcateco 195
Cora 33,226 Cucapé 176
Triqui 29,545 Kaqchikel 169
No especificado 22,777 Qato’k 126
Yaqui 19,376 Ixil 117
Huave 18,827 Teko 78
Popoloca 17,274 Oluteco 77
Cuicateco 12,961 Kiliwa 76
Pame 11,924 Ayapaneco 71
Mam 11,369 Kickapoo 63
Q’anjob’al 10,851 Awakateko 20
Tepehuano del norte 9,855 National Total 7,364,645

Table 3.1: Mexican indigenous languages and their amount of speakers [INEGI20|
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This decision is due to ongoing discussions within the speaking communities and scholars. To
accurately represent the current state of the language and prevent any bias, these documents
will maintain their existing standard.

The CREFAL and UMSNH propose the following characters for the language:

Vowels

The Purépecha language has the following 6 vowels:

IAUEOT

As shown previously, the language has 5 vowels in common with Spanish, plus a

W
1

sixth, the “i”. This “i” is not an accented “i”’, but rather a distinct sound.

Consonants

BCHCH DJKK LMNNHPP RRHSTT TSTS X
The letters “B”, “D”, “NH”, “R”, and “RH” are not used at the beginning of words.

The letter "L" is present only in 2 words “pale” (young man) and “male” (young woman).

Numerals

Purépecha, like the other Mesoamerican cultures, uses a vigesimal numeral system
(base-20) which is a key feature proposed by Campbell, Kaufman, and Smith [Campbell86].
This system is also highly used in the calendar, as explained by Joyce Marcus [Marcus00].

The list of numbers from 1 to 20 is present in Table 3.2

Agglutinative Structure

One key characteristic of this language is how it builds words. It is classified as an
agglutinative language. This means that in Purépecha a root word is used and then adds
suffixes and infixes, each with a different meaning, to form words. Some representative cases

of this feature are presented in Table 3.3.
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1 | ma 11 | témbini ka ma
2 | tsimani 12 | témbini ka tsimani
3 | tanimu 13 | témbini ka tanimu
4 | t'amu 14 | témbini ka t’amu
5 | iumu 15 | témbini ka iumu
6 | kuimu 16 | témbini ka kuimu
7 | iumu tsimani | 17 | témbini ka iumu tsimani
8 | iumu tanimu | 18 | témbini ka iumu tanimu
9 | iumu t’amu 19 | témbini ka iumu t’amu
10 | témbini 20 | ekuatsi
Table 3.2: Purépecha numerals.
Final Word Root Word Suffixes & Infixes
e ku (subject to you)
meiamukusingaksi (we thank to you) | meiamu (to thank) | e singa (present 1st. person)
e ks (plural ending)
k’uiripiskajtu ([you] have grown) k’uiripini (to grow) * ska (past Ist person)
e jtu(your)
e kueka (want)
t’irenkuekasingani (I want to eat) t’ireni (to eat) e singa (present Ist. person)
e ni (me)
juchinio (our house) jucha (ours) e 0 (house)

Table 3.3: Example of how larger words are created using suffixes and infixes [Chamoreau23|.

Vocabulary

Approximately 70% of the nouns in this language are derived from verbs. In order

to transform a verb into a noun, the root word of a verb is selected, the “ni” suffix (that

shows that the verb is in infinitive) is removed, and finally, the “kua” suffix (which shows

that the word is now a noun) is added [Medina Perez70]|. This feature is present in Table 3.4
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with some examples. However, not all nouns are created in this way; there are some nouns
that are not related to verbs; an example of this can be found in the words for animals, parts

of the day, colors, and family members. Some of these nouns are shown below at Table 3.5.

Verb Noun

ch’anani  (to play) | ch’anakua (toy)

janini (to rain) | janikua (rain)

pireni (to sing) | pirekua (song)

Table 3.4: Nouns created from verbs

Noun
achaati (male adult)
ch’anchaki (donkey)
tsakapu (stone)
parakata  (butterfly)
tataka (kid)
charhapiti  (red)
itsi (water)

Table 3.5: Special nouns not related to verbs.

Word Order

Commonly Purépecha uses a Subject Verb Object (SVO) as a constituent order

while building sentences; but other structures may be present depending on the context.

Example Sentence

Im4 sapichu jukasindi ma kajtsikua auanda jasi.

(The kid is wearing a light blue hat) - SVO order.
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3.2 Construction

In the vast and ever-evolving realms of Artificial Intelligence subfields such as Ma-
chine Learning, Deep Learning, and Natural Language Processing, datasets are a principal
element. These datasets are not merely background actors; they play a leading role inside
different stages of these workflows. From training to validation and performance metrics for
the multitude of algorithms, datasets play a key element within AT applications [Challa20)].
Inside NLP, datasets are also known as corpus. Torruella and Llisterri describe two different
types of corpus. The oral corpus that is composed of voice recordings and is mainly focused
on studying how a language is used verbally. The textual corpus is composed of written
words present in textbooks, journals, novels, poems, etc., and its objective is to represent

the language through its use [Torruella99|.

As stated previously, a corpus is built with a wide set of documents from different
sources, and it should represent the target language all-round. In other words, it should
be made up of real data and be as large, complex, and inclusive as possible to display the
unique features, variations appropriate to the language, and cultural heritage of the people
who speak that language. As Torruella states that a corpus needs to be extensive to capture
the primary traits and encompass all aspects of the language being studied, incorporating a

wide range of sources to accurately reflect the actual usage of the language [Torruella99].

The construction of a linguistic corpus is already a challenge of its own. Even when
dealing with widely available languages such as English and Spanish [Aarts93] [Torruella99|.
However, building a corpus for LRLs, such as indigenous languages in the Americas, brings a
new set of challenges to be considered. First, almost all indigenous languages in Latin Amer-
ica show great oral tradition, but written resources are lacking or scarce [Tonja24] . Second,
as a result of these languages being poorly represented, most of them lack a standardization
or a complete set of rules on how words should be written, a great example of this problem
with an indigenous language with much more native speakers like Nahuatl is addressed in

UNAM-Instututo Nacional de Antropologia e Historia (INAH)’s article [Gutierrezl15|.

For the Purépecha language, consultation to databases focused on linguistic corpora

like University of Helsinki’s Open Parallel Corpora (OPUS) [Tiedemannl2|, National Insti-
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tute for Research in Digital Science and Technology’s (INRIA) Open Super-large Crawled
Aggregated coRpus (OSCAR) [OSCAR23|, UNAM’s Corpus Paralelo de Lenguas Mexicanas
[UNAM23], and Kaggle Datasets [KAGGLE24|, although no publicly parallel or monolin-
guistic dataset was found.

In order to effectively train and evaluate text models, datasets are fundamentally
required. However, as has been emphatically stated earlier, corpora for this particular
language regrettably remain inaccessible to the public. With this purpose in mind and in
an effort to contribute with documentation, preservation, and language diffusion, the effort
to construct the corpora was undertaken. The documents were collected principally from
the following domains: religious, legal, and educational. Additional resources also take part

of the corpus from textbooks, poems and songbooks, novels, newspapers, etc.

Methodology

While working with LRLs, documents are sparse, there is low penetration of them
on the Internet, and books tend to be non-digital, a methodology is proposed targeting the
two distinct types of documents: digital and non-digital. This methodology was inspired
by Gutierrez-Vazques’ research [Gutierrez-Vasquesl5| and was adapted to meet the specific
needs of the project and the Purépecha language. An overview of the process and its steps
is visible at the process map in Figure 3.2

The first step in the methodology used is Document Location. As previously
stated, documents for the language are sparse, and it is crucial to pinpoint the location of
both physical or digital documents. In order to obtain the documents, an on-site search was
performed. Visits were scheduled between October and November 2023 to UN CREFAL
library, the UIIM linguistics department, Instituto Tecnologico Superior P’urhépecha (ITS
P’urhépecha) language department and library, Escuela Normal Indigena de Michoacan li-
brary and UMSNH language department, and newspaper archive. These visits granted
access to some databases, repositories, and websites has been provided where digital docu-
ments were available to download. In the specific case of websites, a Python web scraping
script was developed to navigate through web pages and locate paragraphs, articles, and

anchor HTML tags. This Python script utilizes the Beautiful Soup library to manage the
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Figure 3.2: Methodology for including text documents in the corpus.
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requests and responses from various websites.

After the documents were located, the next step is to carry out the relevant pro-
cedures for their loan (on site or remote), or to download files if they are already available
digitally. It is worth mentioning that some of CREFAL’s books were unique and there were
no copies left. For example, the book “Cuentos y Leyendas” was written on a typewriter
with no remaining copies left.

The following step only applies to non-digital documents. After the finalization of
procedures and the agreement on the loan terms, the documents are subsequently digitized.
If the documents were loaned off-site then the scanning was done with a flat Hewlett-Packard
scanner and the Vue Scan software. In case that the loan was permitted only within the
library itself, the scanning was performed with a cellphone camera. The settings for the
scanning followed IBM [IBM21]| and Illinois University Library [Uni24| recommendations
and best practices for Optical Character Recognition (OCR). These settings are shown in
Table 3.6.

Settings Value

Resolution | 300 dpi

File type PDF

Color Space | Grayscale

Table 3.6: Settings for Portable Document Format (PDF) files to include in the OCR
pipeline.

Once documents have been digitized or downloaded, they are classified into one of
the following categories based on their content and origin. The content tag has the following
categories: Legal, religious, narrative, lyrics, and others. The origin tag contains the sources
of the documents. For example, the domain name if the document was gathered using a
Web crawler, or the institution name if it was provided by some government institution or
university. In addition, in this step, the documents that were digitized are tagged and stored
in a different folder for reasons that will be addressed later.

The document text extraction is then done with the help of Googles Tesseract OCR

software when dealing with non digital documents. A notable limitation of this method is
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that the software makes numerous errors when applied to a language that is not included
in its training set. These errors involve accents and apostrophes, typewriter fonts, and the
software’s tendency to adhere to patterns from other languages, leading to the creation of
incorrect words. This limitation is also reported by Vilchis at their Nahuatl corpus creation
[Gutierrez15|. One possible fix is to manually correct each document after being processed by
OCR, however, that approach is far from the time scope of this project. With the limitation
in mind, the preceding text OCR documents are stored in a different corpus and will not be
used to train any model. On the other hand, when dealing with digital documents a Python
script was developed with help of the library PDFReader [Polshcha24| to access the PDF
files and extract the text. To avoid text duplication while parsing a PDF file, a decision was
taken to leave out the headers and footers of the documents.

Finally, text document storage is performed. Each document is stored in 2 folders
“OCR” and “doc” according to the origin of the document inside these main folders, they
are stored in another folder keeping the institution as the folder name, and inside the folder
the documents are enumerated, followed by an underscore, the title of the document, and

finally the document domain/category.

3.2.1 Text Preprocessing

In machine learning and deep learning the term “data preprocessing” refers to the
task of data cleansing, filling missing values, and treating duplicates. In order to reduce
artifacts, noisy data, and bias. In NLP tasks in order to reduce lexical and spelling varia-
tions, text preprocessing is an essential step. It is commonly customized depending on the
application needs, tasks, language, and corpus nature. It involves normalizing punctuation
marks, capitalization, and resolving contractions, among other tasks [Chai23].

During the construction of the corpus, text documents were collected from different
sources, such as web archives and websites. While there are encoding standards for text in
order to preserve and correctly display information, some websites do not use them. This
causes redundancy when different symbols and encodings are used to represent the same
character. This was mainly present in characters with apostrophes or accents, quotes, and

is also wide-spread in the space and tabulation character. Also, as previously noted, there
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are also different standards for writing in Purépecha, some of them using glyphs from the
International Phonetic Alphabet (IPA). In order to address these language-specific challenges
(E.G. text encoding, redundant symbols in the corpus), the text normalization task required
specific normalization techniques [Chai23|. These normalization tasks will adhere to the
extended American Standard Code for Information Interchange (ASCII) character set as

the primary standard [INJ24] using the Decimal (Dec Value) representation.

The following tables will describe the work done to normalize character represen-

tations in the text.

Apostrophe and accents

Given the different sources of the documents, there were a plethora of different
symbols that describe the accent and the apostrophe. Although some authors propose
to clean the special characters while building and preprocessing the corpora, accents and
apostrophes were kept. This is mainly because Purépecha relies heavily on accents. A
feature present in the Purépecha language is that words can be spelled really similarly, with
the exception of the accent or apostrophe. Therefore, a word has a totally different meaning.

Some examples of the before-mentioned feature are shown in Table 3.7 .

w1 translation for wy | wo translation for we
karani | to fly karani | to write

uérani | to leave uerani | to cry

k’uini | to sleep kuini bird

Table 3.7: Accents and context, Source : [Medina Perez06|

Table 3.8 shows the ASCII encoding of the different accents found in the corpus.
The character selected to replace the redundant symbols is the single quote (Dec. 39) present

in ASCII to represent the apostrophe, and combined with a vowel it represents the accent.
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Dec. | Symbol | Description

39 ’ Single quote

91 ‘ Left single quotation mark
92 ’ Right single quotation mark
96 ‘ Grave accent

146 |’ Single quote

Table 3.8: Accents and apostrophes normalization

Hyphen

To minimize the duplication of symbols representing the hyphen, the ASCII char-

acter “hyphen - minus” (Dec. 45) was chosen as the substitute, as illustrated in Table 3.9.

Dec. | Symbol | Description

45 - Hyphen-minus

150 | - En dash

151 | — Em dash

175 | Spacing macron - overline

Table 3.9: Hyphen normalization

Space

)

To denote the space and homogenize its representation, the ASCII character “Space’

(Dec. 32) was chosen to remove additional tabs and spaces.

Dec. | Symbol | Description

32 Space
160 No-break space
9 Horizontal Tab

Table 3.10: Space normalization
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Dot

Table 3.11 illustrates the different characters present and used as points. The

ASCII character “Period, dot or full stop” (Dec. 46) was selected as the replacement.

Dec. Symbol | Description

46 . Period, dot or full stop
183 . Middle dot

38 35 56 50 50 56 59 | . Leader

133 e Horizontal ellipsis

Table 3.11: Dot normalization

Quotation marks

Similarly quotation marks show redundancy of symbols. These symbols are present
in Table 3.2.1 and the replacement for those is the ASCII character “Double quotes” or
“speech marks” (Dec. 34)

Dec | Symbol | Description

34 | " Quotation mark

147 | « Left double quotation mark

148 |7 Right double quotation mark

171 | « Left-pointing double angle quotation mark
187 | » Right-pointing double angle quotation mark

Table 3.12: Quotation mark normalization

International Phonetic Alphabet

Based on the research and publication of “JUCHARI UANDAKUECHA nueva car-
tilla de lectura y escritura purepecha” from the now extinct “Instituto Nacional Indigenista”
(INI) of Mexico, the following International Phonetic Alphabet (IPA) characters were pre-

viously used in the written word for the Purépecha language. Mainly by the research done
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by Maxwell Lathrop between the years of 1935 and 1970. Although these writing rules are
more present in printed documents from that time, there were some digital documents that

had this writing convention. The following symbols shown at Table 3.13 were replaced by

the corresponding new characters in the Latin alphabet [Medina Perez70].

Old | Description

new | Dec.

Description

A IPA letter turned v

i 207

Latin letter i with diaeresis

T IPA letter retroflex flap | rh 207

Latin letter r and Latin letter h

S Latin letter s with caron | x 170

Latin letter x

1) IPA letter eng

ng | 110 103

Latin letter n and Latin letter g

Table 3.13: Previously used glyphs and their replacements

Hyphenated Sentence

In order to maintain the correct column width, some words are commonly cut at
the end of the line, therefore the word is split by a dash. This pattern is more common in
double or more columns like the ones widely present at newspaper or religious content. A
Regular Expression (RegEx) filter was used to correct this situation. The Regular Expression

filter search for a word pattern followed by dash, end of line, new line, and a word pattern.

Examples of this filtering are present in Table 3.14

Hyphenated Sentence

Treated Sentence

. Gjpini o inchajpaani indi-

jenechani niatakuecharhu ...

. Gjpini o inchajpaani indijenechani nidtakuecharhu ...

. irechikuaeri, 1930 uéx-

urhini ...

. irechikuaeri, 1930 uéxurhini ...

Table 3.14: RegEx filter example. The suspension points (...) represent sentence continuity.
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Other symbols and non textual elements

Noisy data is shown to have a tendency to degrade performance among different
NLP models and tasks [Bagla2l]. In order to remove as much noise as possible inside
the dataset, a Python script using a RegEx filter was developed to find other symbols
in the corpus and store extended ASCII characters and their frequencies in a dictionary
after manual review and cleaning of the replaced symbols; these characters are present in

Table 3.15.

Symbol Dec. Description

J 8226 Bullet

o 9675 White Circle

® 9679 Black Circle

® 174 Registered Sign

> 9656 Black Right-Pointing Small Triangle

O 9633 White Square

© 169 Copyright Sign

° 186 Masculine Ordinal Indicator
9676 Dotted Circle

° 176 Degree Sign

t 135 End Of Selected Area
142 Single Shift Two

| 9724 Black Medium Square

= 9642 Black Small Square

(7 65533 |Replacement Character

= 8658 Rightwards Double Arrow

v 10004 |Heavy Check Mark

™ 8482 Trade Mark Sign

Table 3.15: Other removed symbols

Also, a Python RegEx filter was developed to remove other remaining non-textual
elements such as HTML tags, Uniform Resource Locators (URL), e-mail addresses, vignettes,

extra spacing between words and empty line breaks.
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3.3 Corpus Analysis

The next section will review the contents of the digital corpus, using various metrics
to present the most frequent words and their distribution, the count of unique words, n-

grams, and the average length of sentences in the documents.

3.3.1 Corpus size

In the next subsection, the corpus analysis will be performed. The total amount of
documents included in the corpus, total words contained and the algorithm used to tokenize
the whole corpus. Finally a comparison between the compiled corpus and other corpora for

LRLs in the Americas.

Number of Documents

Data was gathered from different sources and domains. Table 3.16 shows the

statistics of the documents collected for the digital and digitized corpus.

To calculate the number of sentences and tokens in each document, sentence seg-
mentation was performed using various punctuation marks (including full stops, exclamation
marks, question marks, periods, and colons), and a Python script split the documents into
sentences and stored them with their sources. Subsequently, token segmentation was per-
formed by splitting sentences into space-separated tokens using a counter to keep track of
the source and token count. The processes mentioned above (sentence segmentation and

space-separated tokens) was used by Tyers in its work with the Florentine Codex [Tyers23].
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Digital Corpus Digitized Corpus
Source

#Documents | #Sentences | #Tokens | #Documents | #Sentences | #Tokens
Religious 2,640 93,647 1,482,276 | - - -
Educational | 987 5,049 76,387 804 2,582 39,111
Science 486 3,409 08,547 48 207 3,514
News - - - 347 2,236 41,022
Narrative 286 2,803 44,855 572 1,909 50,375
Legal 237 2,027 59,498 26 65 1,433
Lyric 7 333 6,797 - - -
Total 4,713 107,268 1,768,360 | 1,797 6,999 135,455

Total Documents | 6,510

Total Sentences 114,267

Total Tokens 1,903,815

Table 3.16: Dataset distribution in the corpus

The Purépecha corpus, as shown at the end of Table 3.16, is composed of 114,267
unique sentences and 1,903,815 tokens. A comparison between other corpora for Indigenous
languages in the Americas is also present in Table 3.17. It is worth noting how languages with
much more active speakers such as Mayan and Quechua have such a great representation of
their written word and how they even have specific corpora for their specific variations. It is
also worth noticing how Inuktitut (Inuit Languages) although having a smaller active speak-
ers population has developed a large corpus. On the other hand, languages with less than
2000 active speakers such as Waikhana and Kotiria struggle to have written representation

of their language.

Total words

To calculate the number of words, a simple tokenization was performed. This
process splits sentences and treats space-separated tokens as words. In order to achieve this
task, it was required to traverse the segmented sentence data set, storing the source and

number of tokens within each sentence. The overall process is described in Algorithm 1
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Language/Corpus Name

Number of Sentences

Cherokee (Cherokee Corpus) 10,868
Guarani 14,531
Inuktitut (Nunavut Hansard Inuktitut—English Parallel Corpus 3.0) 1,450,094
Kotiria 198
Mayan (MAYAN V) 1,230,470
Mayan k’iche’ (Bible UDEIN) 7,895
Mayan of Yukatan 263,806
Mazatec - Spanish 9,799
Mixtec (Kolo) 1,900
Mixtex - Spanish 13,235
Nahuatl (Axolotl) 12,207
Nahuatl (Bible UEDIN) 7,821
Otomi (TSUNKUA) 5,015
Purépecha 114,267
Quechua Chanka (jw300_2013) 124,038
Quechua of Ayacucho 128,434
Quechua Southern (Monolingual-Quechua-IIC) 384,184
Waikhana 122

Table 3.17: Sentence distribution across different Indigenous languages corpora of the

Americas.
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and this method accounts for 1,605,574 space-separated tokens for the data set containing

originally digital documents and 135,455 for digitized documents.

Input: Dataset df with field type and field string

Output: totalWords, the total number of space-separated tokens

totalWords < 0
sources < unique values of df.type
for each currentType € sources do
counter < 0
for each document € df do
tokens < split(document, “space”)
counter < counter + |tokens|
end for
totalWords < totalWords + counter

end for

Algorithm 1: Space-separated tokens algorithm

3.3.2 Document Length
Average document length

The box plot in Figure 3.3 shows the dispersion of words per sentence in the
different types or categories of text within the corpus, and the rightmost shows the same
metric throughout the corpus (Y and X axes, respectively).

Religious, educational, narrative, and other text types have lower median word
counts, generally between 10-20 words per sentence. This suggests simpler or more straight-

forward sentence structures. On the other side of the spectrum, legal and science text show



3.3.2 Document Length 49

relatively high word counts, with a median of about 25 words per sentence and a broad
range of up to 70 or 60 words per sentence. This reflects how these texts tend to be more
verbose and their formal structure. Lyric texts exhibit much shorter word counts, reflecting

a tendency toward brevity and simplicity, which is common in poetry and lyrics.
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Figure 3.3: Corpus sentence length across, different text types.

Average sentences per document.

The box plot in Figure 3.4 represents the length of the sentence of the documents
on various types of text (Y and X axes, respectively). Religious texts have the widest range
of sentence lengths, with some documents containing up to 80 sentences with a median
of approximately 20, however, there is significant variability. This is likely because of the
different writing styles or purposes. Educational, science, narrative, legal, lyric, and other
text types have much shorter and consistent sentence lengths compared to religious texts.

Their median sentence counts range between 5 and 15 sentences, with little variation.
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Document Sentence Length Across Text Types
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Figure 3.4: Average document sentence size across text types in corpus.

3.3.3 Word Frequencies
Most frequent words

Different natural phenomena such as physical, social, or biological systems can be
modeled or represented as power series [Newman05]. In the realm NLP it is commonly
referred to as Ziff’s law, which states that the word that appears most frequently will occur
about twice as often as the second most frequent word, which itself appears roughly twice
as often as the fourth most frequent word, continuing in this pattern [Newman05]. This
pattern is modeled according to Equation 3.1. Where variables a and b usually have the

following values a ~ 1, b =~ 2.7

1

(rank + by 3

token frequency «

Figure 3.5 compares the 100 most frequent tokens in the digital corpus, highlighting

a general decreasing trend that follows Zipf’s law.
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Figure 3.5: Top 100 Token frequency decay in digital corpus

In order to calculate the most frequent words present in the different data sets a
frequency distribution was calculated using a Python dictionary where words were added
and in case the element was already present, an increment in the counter was done with
that specific key. This methodology follows the work presented in [Villena20| analysis of

multilingual corpora of medical text.

In the following Figure 3.6 shows the 10 most frequent words within the digital
corpus and their respective counts decrease. The most frequent word in the Purépecha

language is “ka” followed by “ambe”.
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Top 10 most frequent words for digital text corpus
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ka ambe enga no ma eska sési paraengaksi tata
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Figure 3.6: Top 10 most frequent words for digital text corpus.

The nondigital or digitized corpus shows a similar composition with words like
“ka”, “ma”, “no” and “enga” being again in the first six places; however, the word “ jimbo” is
present instead of “tata” in the most common words as shown in Figure 3.7. This is mainly
due to the absence of religious text in which the word “tata” is frequently used to name God

or any other notable person.
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Top 10 most frequent words for digitized text corpus
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Figure 3.7: Top 10 most frequent words for digitized text corpus.

3.3.4 Legomena

The terms Hapaxr Legomena and Dis Legomena refers to space-separated tokens
that appear only once in a corpus and the ones that appear only twice, respectively, as
explained in Kornai’s book [Kornai07|. The counts of space-separated Hapax and Dis
Legomenon tokens for each corpus are shown in Table 3.18. A comparison between both
corpora and their respective count decrease is shown in Figure 3.8; in red and blue color,
both the Hapax and the Dis Legomenon are shown, in black color the tokens with a higher

than 3.
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Figure 3.8: Hapax and Dis Legomenon in corpus.

The digital corpus has a slightly above-average percentage (63.87%) of single terms,

typically found between 40 to 60%, while tokens appearing twice are within common param-

eters, which are between 10 to 15% [Kornai0O7]. In contrast, the digitized corpus has a much

higher occurrence of single tokens (clearly shown in the right side of Figure 3.8), although

twice-appearing tokens align with typical percentages.

Hapax Legomenon Dis Legomenon
Corpus

Count | Percent (%) | Count | Percent (%)
Digital 92,404 63.87 | 18,848 13.02
Digitized | 39,544 77.89 | 5,452 10.73

Table 3.18: Hapax and Dis Legomenon distribution in corpus

3.3.5 N-Gram Frequencies

In order to perform N-gram counting in the following subsection, the text was low-

ercased and the punctuation was removed as suggested by Jurafsky’s textbook [Jurafsky24].
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Top 10 Bigrams

In Figure 3.9 the 10 most frequent bigrams are shown in the digital corpus. The
impact of the religious text within the corpus is clear with bigrams such as “tata diosi” (God
Father), “tata diosiri” (To/For God Father), “diosi jeoba” (Jehovah God). There are also
references to a subject or a way of referring to a trade or profession without using the suffix
“ri”, for example “ambe enga” (the one(who)), “ambe ma” (one who), “ma enga” (one who),
“imani ambe” (to that one/that one (who)). There is also present “ju je” (let us do/go) a

term that is also widely used in educational texts.
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Figure 3.9: Top 10 most frequent bigrams for digital text corpus.

The bar graph present in Table 3.10 shows the top 10 frequent bigrams inside the
digitized corpus. The following phrases in common use appear widely in the corpora: “ka

ist” (and so), “ka ma” (and one), “enga no” (no one), “ka ima” (and he/she), “no sesi”

(wrong), “ia ka” (have and).
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Figure 3.10: Top 10 most frequent bigrams for digitized text corpus.

Top 10 Trigrams

The graph in Figure 3.11 shows the top 10 more common 3-grams and their counts
in the digital corpus. Again the impact of religious text is clear with 3-grams like “tata
diosi jeoba” (God Father Jehovah), “tata diosi jeobani” (of God Father Jehovah), “enga tata

290

diosi” (the one who god father), the following “no sési jdsi”, “no sesi ambe

PN

, “enga no sési”’
are used to describe bad behavior or curses also commonly present in religious and narrative
text. And finally, also present “ju je exeni” (let us see) a term that is also widely used in

educational texts as an introduction or an example.
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Figure 3.11: Top 10 most frequent trigrams for digital text corpus.

The bar graph in Figure 3.12 shows the 10 most common trigrams in the digitized
corpus. The most frequent is “ambe ma enga” (that one who), followed by “ka isi jimbo”
(and that is why), “no ma ambe” (no one who). It also appears “felipe chavez cervantes” the
name of an award-winning journalist and promoter of the Purépecha language. “karani ka
arhintani” (to write and to read) is frequently used in educational texts. Some connection
words are also present, such as “ka eka na” (and when) and “ka isi jimbo” (and the reason

why).
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Figure 3.12: Top 10 most frequent trigrams for digitized text corpus.
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3.4 Final Remarks

In this chapter, the main features of the Purépecha language were discussed, such
as the distribution and demography of its speakers in the whole of Mexico, as well as its
numerals, alphabet, the different writing standards, agglutinative structure, and how it relies
heavily on accents and apostrophes. The lack of a publicly open corpus for this language is
also exposed and why it aims to help preserve and study this language.

The proposed methodology used to locate, gather, and process text documents
for this language. Among text processing and data cleansing, the importance of regular
expressions and how they play a key role in finding patterns and helping normalize characters
a task that must be almost tailor-fit for this target language.

Finally, a corpus analysis was performed for both the digital and the digitized
corpus. Showing the document, sentence, and token count for both text domain and corpus-
wide. Other metrics such as average sentence length, token and n-gram frequencies, hapaxes,

and how they show decrease tendency according to Zipf law.
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Experimental Setup and Methodology

4.1 Introduction

The development of Language Models has resulted in different evaluation metrics,
which are grouped into three categories: Multiple-Classification (MC) metrics, Token Sim-
ilarity (TS) metrics, and Question-Answering (QA) metrics. The initial MC denotes the
proficiency of a model in categorizing text in at least two distinct classes. TS evaluates
the performance of a model predicting text and then aligning it with the expected out-
put. Finally, QA assesses how well a model can respond to a particular question using the

information provided within a specified context [Hu24].

In order to evaluate how text models perform across the previously mentioned do-
mains, benchmarks have been developed such as: General Language Understanding Evalu-
ation (GLUE) [Wang18|, Biomedical Language Understanding Evaluation (BLUE) [Peng19],
Benchmark of Linguistic Minimal Pairs (BLIMP) [Warstadt20], Quora Question Pairs (QQP)
[DataCanary17|, Semantic Textual Similarity Benchmark (STS-B) [Cerl17]. An example of

the NLP tasks present in the before-mentioned benchmarks is presented in Table 4.1.

99
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Dataset | Description Data example
CoLA Is the sentence grammatical “This building is than that one.”
or ungrammatical? = Ungrammatical
— Is the movie review positive, “The movie is funny , smart and visually inventive.”
) negative, or neutral? = .93056 (Very Positive)

A) “Yesterday , Taiwan reported 35 new infections.”
Is the sentence B a
MRPC B) “Taiwan reported another 35 probable cases yesterday.”
paraphrase of sentence A7
= A Paraphrase

A) “Elephants are walking down a trail.”
How similar are sentences A
STS-B B) “A herd of elephants are walking along a trail.”
and B?
= 4.6 (Very Similar)

Sentence B replaces
A) “Lily spoke to Donna, breaking her concentration.”
sentence A’s ambiguous
WNLI B) “Lily spoke to Donna, breaking Lily’s concentration.”
pronoun with one of the nouns
= Incorrect Referent
- is this the correct noun?

Table 4.1: Summary of GLUE Tasks

However, these benchmarks focus mainly on the MC and QA metrics. Commonly
require an existing corpus, require tagging of the corpora for the specific task in order to fine-
tune a pre-trained model, or are only available with a narrow language list. Unfortunately,
Purépecha is not among the supported languages, and tagging the corpus for tasks such
as similarity between sentences, grammatical correctness, paraphrasis, or other language

inference tasks are not within the scope of the project.

4.2 Experimental Setup

Evaluating TS performance of a language model without relying on specific down-
stream NLP tasks can be accomplished through other specific evaluation metrics. Those key
metrics include Pseudolog-likelihood, Pseudo-perplexity or surprisal. These metrics provide
insights into the model’s ability to capture the probability distribution of a given text.

The Pseudolog-likelihood (PLL) evaluates how well the model assigns probabilities

to sequences of tokens, while Pseudo-perplexity (PPPL) measures the model’s uncertainty
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in predicting tokens across sequences, providing an estimate of how “surprised” the model is
by new data. Surprisal quantifies the unexpectedness of specific tokens or sequences, which
reflects the model’s comprehension of language patterns. These metrics offers an effective

alternative to task-based evaluations for language models [Fruehwald22b.

4.2.1 Pseudolog-likelihood

The evaluation scheme selected for this work is based on the methodologies de-
scribed by Salazar for scoring MLM [Salazar20]. The overall process is as follows. A token
within a sentence is masked and log(Pusar (wi|W ;3 ©)) is calculated, where M LM specifies
a Masked Language Model, w; is the masked token, W) represents the context window,
and © denotes the intrinsic parameters of the model. The PLL of a sentence is then calcu-
lated by sliding the masked token one position within the sentence on each iteration, and

accumulating the values as shown in Equation 4.1.

W]

PLLs(W) = log(Pyru(wi|Wy;;0)) (4.1)
=0

However, this metric relies on masking tokens, which sometimes can be within sub-
word units, which can have compatibility issues with an N-gram-based approach. A com-
parison between token masking and whole-word-masking for the PLL evaluation is present

in Table 4.2

Target Sentence PLL original PLL (whole-word-masking)

['misitw’, "<mask>" ,"##rhi’, ' ##me’, itsithu/|
misitu uarhime itsirhu L .
[‘misitw’, "ua’ ) <mask>’, > ##me’, 'itsithu’| ['misitu’, <mask>, ’itsirhu’|
(the cat fell into the water)
['misitu’, "ua’ ) ##rhi’, ’<mask>’, ’itsirhu’|

Table 4.2: Comparison between whole world masking and the original sub-word masking for
PLL evaluation

In order to overcome this incompatibility issue while evaluating, a different ap-
proach was taken, it consist of evaluating the PLL using full-word masking [Kauf23]. A
side-by-side comparison of the full-word masking PLL evaluation of the models can be ob-

served in Figure 4.1
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4.2 Experimental Setup

The evaluation process takes a sentence from the dataset, and a language model.

Then evaluates the PLL of the entire sentence by calculating the probabilities of each token

given by their context. This step is then repeated for all sentences within the designated

dataset. The individual PLL values are then accumulated, contributing to a global PLL

counter that reflects the overall performance of the model across the data set.

PLL

[ Softmax }

RoBERTAtaka

1

\ <mask> | [ Jendi ] [ parhakpini ] mw
‘ [<mask> | [ parhakpini | [ 1]

Jendi \/<mask>\\ m W

@ [Jendi} [ parhakpini H<mask>@

T
() (] Comman ) (1 |

|

[ jJendi parhakpini! }

Corpus

PLL

N-gram based Model

I

\:<mask>} [ Jendi ] [ parhakpini ] m W

\/<mask>\\ { parhakpini 1 m

Jendi \/<mask>\\ m W

@ [Jendi } [ parhakpini M<mask>”

T
([ (o) Comomm ) (1] |

|

[ jJendi parhakpini! J
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Figure 4.1: Methodology for evaluating performance of text models using PLL. Left the
approach for a transformer model (RoBERT4), right for a N-Grams based model



63

4.3 Data preparation

4.3.1 Data Cleaning

Dirty data can skew results and lead to inaccurate predictions in language models.
Jiang et al. [Jiang24| analyzed the performance of different models and highlighted how the
limited availability of open-source corpora—such as the one curated in this work—complicates
efforts to assess the impact of contamination on model performance.

With this in mind and having identified that OCR software shows problems in
properly identifying letters and word combinations when the target language is not present
within its training stage, as also reported by Capistran et al. while curating the Axotl corpus
[Capistran15]. The decision was made to exclude the documents that had been digitized
with OCR software, and duplicates were removed. The composition of the dataset is detailed

in Table 4.3

Document Domain | Number of Sentences
Religious 93,513
Education 5,023

Science 43,403
Narrative 2,840
Legal 2,074
Lyric 327
Total 107,180

Table 4.3: New dataset distribution.

4.3.2 Data Splits

Data splitting is the process of dividing the data available in at least two parts in
order to compare how different models perform with the same data. Usually it is used a
training set and a test set. The training set is the portion of data used to train the model.

The model should observe and learn from the training set, optimizing any of its parameters.
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It is also fairly common practice to divide the training set into a validation split that helps
measure the accuracy of the models between the training steps. Finally, the test split is a
portion of the data that is reserved from the beginning and it is used as an evaluation for a
fitted or trained model.

Because the text domains have different proportions and to avoid issues regarding
uneven distribution of data associated with random sampling, the data splits were sampled
using stratified random sampling to ensure that the datasets are correctly distributed in the

data splits [Sadaiyandi23]. The composition of the data splits is shown in Table 4.4

Split Name | Sub Splits | Number of sentences | % of data
Train 68,595 64 %
Train 80%
Validation | 17,149 16 %
Test 21,436 20%

Table 4.4: Dataset splits

4.4 N-Grams

N-gram language models are based entirely on statistics, relying in the recurrence
of words. The predictions for the next word are based on a fixed context window of size n

of the previous words, also known as a context window.

4.4.1 Smoothing

N-gram language models face challenges when processing words and word sequences
absent from the model’s vocabulary. This issue in counting word occurrences may result in

a computational error as elaborated in Equation 4.2.

Counts(uichu ch’anasindi) = 0

£s(uichu ch’anasind;
P(uichu ch’anasindi) = Counts(uic ;C anasindi) = % =0
P(uichu ch’anasindi
P(ch’anasindi | uichu) = (uichu ch’anasindi) _0_ 0

P(uichu) N
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PLL(uichu ch’anasindi) = log(P(uichu | ch’anasindi)) = log(0) = —oo

w
PLL(Juchiti uichu ch’anasindi) = Zlog(PMLM(wi\wi_l) =.+-00+..=—-00 (4.2)
i=0

To overcome this issue, two solutions were added: a mechanism to deal with OOV
words and missing n-grams of words that were in the vocabulary. These approaches follow
the guidelines described by Jurafsky |[Jurafsky24|.

In order to deal with OOV words, the model will include the <unk> token, and
words below a given count are converted into the before-mentioned token. This process is
also known as the cut-off value. In this work, models were trained with cut-off values of 1,
2 and 3. Although cut-off values were introduced, some rare combinations of both known

and <unk> tokens can still occur within the testing split. As shown in Table 4.5.

Conditional Probability | PLL
P (misitu | <s>) 0.00003 -10.26501
P(uarhime | misitu) | 0.0 —00

itsirhu | uarhime) | 0.0 —00

P(. | itsirhu) 0.10415 -2.26176

(
P(
(
(

P(<\s > | .) 0.98972 -0.01032

Table 4.5: Although all tokens were known in this test sentence Misitu uarhime itsirhu (The
cat fell into the water), the combination of two of them warhime, itsirhu were not present
during the training phase resulting in a computational error.

Laplace smoothing was introduced in the n-gram language models to address this
issue. The Laplace smoothing algorithm makes a grid of all possible n-grams and then
increments with one to the global count. After the counting, the n-gram probabilities are
recalculated as described in the Equation 4.3. n stands for the order of n-grams and V' refers

to the vocabulary size.
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Counts(wi—nt1:i—1w;) + 1
Counts(wi—n+y1:i-1) +V

PLaplace (wz ’wi—n—l—l:i—l) =

Conditional Probability | PLL

P(misitu | s) 2.30534¢-5 | -10.67769

P(uarhime | misitu) | 1.14436e-5 | -11.37807

P
P

| itsirhu) 6.86286e-5 | -9.58679

(

P(itsirhu | uarhime) | 1.14443e-5 | -11.37801
(
(

s ) 0.44589 -0.80766

Table 4.6: Apllying Laplace smoothing to the n-gram model allows accurate PLL calculation
without errors from rare n-gram combinations.

4.4.2 Back-off

In order to boost the performance of n-gram language models, two different back-
off alternatives were tested. The first relies on an ensemble of n-grams that calculates the
trigram probability; this is done by mixing together the probabilities of the bigram and the
trigram, each weighted by A as introduced by Jurafsky and Martin [Jurafsky24] and detailed
in Equation 4.4.

P(wﬂwi,g : wi,l) = AlP(wilwi,l) + )\2P(’LU¢|ZUZ',2) (4.4)

The second method involves computing the trigram probability by selecting the
maximum value of the trigram probability or, alternatively reverting to the lower-order

bigram model when necessary, as shown in Equation 4.5 [Brants07].

P(wi|w;—o : w;—1) = max{P(w;|w;_1), P(w;|w;_2)} (4.5)

4.4.3 Lower Casing

Lower Casing is a simple strategy in which the whole vocabulary of the n-gram

model is lower cased. This results in an increase in the count and therefore, in the probability
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of a n-gram. However, this approach can lead to some issues where a token has a different
context between its lower casing and the first capital variation, such as proper names. This
increment count in the occurrence of n-grams and unigrams was reported by Dressel in his
work with US news corpora, Twitter, and blog entries [Dressell6].

An example of this approach is shown in Table 4.7 and it is clear how the count

for a specific n-gram increases.

ngram Counts
"Ni je" 4
"ni je" 22
"ni je" (lower cased vocabulary) 26
"Na xani" 2
"na xani" 40
"na xani" (lower cased vocabulary) 42

Table 4.7: Lower Casing of 2 phrases: "ni je" (come in) and "na xani" (how much)"

4.5 RoBERTa

Robustly Optimized BERT Pretraining Approach (RoBERTa), a transformer model
introduced by the Facebook Al team [Liul9], it is a variation of the BERT transformer model
introduced by Google in 2019 [Devlin19|. RoBERTa differs from BERT in a few key areas in
the pre-training of the model, such as dropping the next-sentence prediction extending the
MLM task, it also differs from the tokenizer used, changing from word piece to Byte-level
Byte Pair Encoding. The selected RoBERTa model uses a stack of 12 encoder layers, each
with 12 multi-attention heads with an input lenght of 512 tokens.

RoBERTa makes use of the bidirectional self-attention mechanism to improve ini-
tial word vector representations by adjusting information based on subsequent words in the
input sequence between context layers k and k 4+ 1. Figure 4.2 graphically represents this
mechanism processing the input: Juchiti iuchu sesi kurhdndisini(my dog understands well),

with thicker lines indicating higher self-attention values between iuchu(dog) and kurhdndis-
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ini(understands).
Juchiti Juchiti
iuchu iuchu
sesi sesi
kurhandisindini kurhandisindini
Layer k Layer k+ 1

Figure 4.2: Self-attention distribution between layers in RoBERTa.

BBPE tokenizer

Byte-level Byte Pair Encoding (Byte-level BPE) is a variation of Byte Pair Encod-
ing tokenizer introduced in [Sennrichl6]. At it core BPE tokenizer first pre-tokenizes sen-
tences, turning them into space-separated tokens, then are split into subword units counting
the frequency of the adjacent tokens and updating them in the vocabulary. The process is
described in Algorithm 2.

BPE shows great performance in dealing with agglutinative languages due to its
ability to effectively split words into known subword units like the ones present in mor-
phemes, suffixes, and prefixes [Sennrich16].

In Byte-level Byte Pair Encoding, the vocabulary is composed of bytes rather than
characters. To achieve this, each character is broken down into its corresponding sequence of
bytes according to the Unicode standard. This method offers the advantage of eliminating
unknown characters and also conserves space when listing individual elements (i.e., bytes)

within the vocabulary [Wang19].
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df « data
vocabulary < all unique characters in df
k <+ set number of merges
for i=0to k do
left Token, rightToken < most frequent adjacent tokens
newToken < leftToken + rightToken
vocabulary < vocabulary + newToken
replace leftToken, rightToken in Vocabulary

end for

Algorithm 2: BPE tokenization algorithm

An example of how the Byte-level BPE properly encodes some common Purépecha
words is shown in Table 4.8. It is worth noticing how some words are properly split into
smaller subword units and how a special character is added between different words. Certain
variants of the BPE tokenizer choose to represent subword units with a special character.

However, this is merely a design decision with no effect on performance.

Input BBPE tokens

Kurhikuaeri "Kurhi’, "kuaeri’

Tata Jurhiata "Tata’, ’GJurhiata’

Nana Kutsi "Nana’, 'GKutsA ™’

misitu uarhime itsithu | 'misi’, "tu’, ’Guarhi’, ‘me’, ’GitsA_rhu’,

Table 4.8: Byte-level BPE tokenization for some Purépecha words.

Vocabulary

The different RoBERTa models in this work were trained from scratch without

relying on pre-trained models and transfer learning following the same approach as Lou et
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al. in their Mayan models [Lou24]. The models were fitted with different vocabulary sizes.
Evenly distributed from 80% to 90% of the accumulated frequency between the complete

vocabulary present in the corpora, as shown in Figure 4.3

Vocabulary Probability

0.8 A
0.6
2
E
©
QO
e
a 0.4 A
0.2 4
80%
-=- 90%
® Models Vocabulary Size
0.0’ T T T T T T T T
0 5000 10000 15000 20000 25000 30000 35000
Tokens

Figure 4.3: Models Vocabulary Target Size

Training Hyperparameters

The RoBERTa models were trained with different vocabulary lengths ranging from
5-32 thousand tokens as their vocabulary size, other hyperparameters are present in Ta-

ble 4.9. The models are named RoBERTataka which is a pun between the name of the

transformer model and Tataka (kid) in Purépecha.
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Model Name Vocabulary Size | Hyperparameters
RoBERTatakad 5,367 Learning rate: le-4
RoBERTatakal2 12,095 | Seed: 42

Train epochs: 15
RoBERTatakal8 18,822

Max length: 512
RoBERTataka25 25,550 Padding: max length
RoBERTataka32 39,078 | Truncation: true

Table 4.9: Training Hyperparameters

4.6 Results

Both phases of the experiment, training and testing, were performed in a virtual
server environment using tmux and slurm to queue and run the tests. Although the physical
server has more hardware resources, the virtual server environment specs are displayed in

Table 4.10.

Name Description

Processor 1 Intel Xeon Gold 6330

Processing Cores | 12

RAM 64 GB

GPU 1 NVIDIA GA100 [A100 PCIe 80GB]
Kernel 6.1.0-9 x64

Distro Debian GNU/Linux 12

Python Version 3.11.2

Table 4.10: Computer Hardware Specifications
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4.6 Results

4.6.1 Model Performance Comparison

N-gram Models

The performance of the 2-gram models and their enhancement strategies are shown

in Figure 4.4. The best results for 2-grams was a combination of strategies between lower

casing and cut off with a value of two.
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Figure 4.4: 2-gram Models

Figure 4.5 shows the performance of the 3-gram models, as well as their respective

boosting alternatives. The 3-gram model with a combination of lower casing and cut off

with a value of two shows the best performance.
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Figure 4.5: 3-gram Models

Figure 4.6 illustrates the performance of the n-gram models with backoff strategies.
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The model showing best performance employs a cutoff value of 2, applies lower casing, and
utilizes a backoff strategy that selects the maximum probability between the trigram or

reverting to the lower-order bigram.

1e6 3-grams with Back-off Pseudo-Log-Likelihood
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Figure 4.6: 3gram Models with Back-off strategies

Table 4.11 shows a comparison between the n-gram models that make use of back-
off strategies that can revert to lower-order n-grams or take a weighted average defined by A,
n-gram models different cut-off values in order to deal with OOV, n-gram models with lower
casing strategies and finally models combining different strategies. The best performing
n-gram model makes use of cut-off, lower casing and a back-off strategy of reverting to the

highest probability model.
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4.6 Results

N-gram Strategies PLL
2-gram Cut-Off =1 -3,304,181
2-gram Cut-Off = 1 -3,238,509
Lower Casing
2-gram Cut-Off = 2 -2.,775,857
2-gram Cur-Off =2 2,736,912
Lower Casing
Cut-Off =1
3-gram Lower Casing -3,190,020
Back-Off : max(2gram,3gram)
Cut-Off =1
3-gram Lower Casing -3,310,481
Back-Off : A = 0.5
Cut-Off = 2
3-gram Lower Casing -2,708,414
Back-Off : max(2gram,3gram)
Cut-Off = 2
3-gram Lower Casing -2,845,373
Back-Off : A =0.5

RoBERTa Models

Table 4.11: N-gram models comparison

The bar chart presented in Figure 4.7 shows the performance of the different

RoBERTa models. These models share the same hyperparameters and only vary among

their vocabulary sizes between 80% and 90%. The models demonstrating optimal perfor-

mance possess vocabularies ranging from 12,095 to 25,550 tokens, with the very best model
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containing a vocabulary of 18,822 tokens.

Transformer Models Performance
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RoBERTataka5 RoBERTatakal2 RoBERTatakal8 RoBERTataka25 RoBERTataka32
Transformer Models

Figure 4.7: Trained RoBERTa Models Vocabulary Target Size Comparison

Final Comparison

A final comparison between the best performing n-gram and RoBERTa models is
shown in Figure 4.8. The best performing n-gram models share the lower-casing strategy
as well as a cut-off value of two. In addition to the previous settings, the best performing
n-gram model makes use of the max(bigram,trigram) back-off strategy. On the right
side, the performance of the 3 best RoBERTa models is shown, going from 18 thousand to
32 thousand tokens in their vocabulary. The overall best-performing language model is a

RoBERTa based model with slightly above 18 thousand tokens within its vocabulary.
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Figure 4.8: Trained Models Performance Comparison
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4.7 Final Remarks

In this chapter different evaluation metrics for language models were presented.
These metrics assess model skills for classification, text alignment or the models ability to
response within a provided context. The discussion of the existence of benchmarks that
evaluate models performance across the previous mentioned domains like GLUE or BLUE,
which are not applicable to Purépecha due to the lack of annotated corpora.

It was also discussed the main evaluation metrics for TS like PPPL and PLL and
how these metrics offer an alternative for task-based evaluations while being able to measure
the models’ ability to capture probability distributions, offering insights into their linguistic
comprehension. Later on the discussion focused on how the PLL metric can be directly
applied to both n-gram based models and BERTSs based models while using whole-word-
masking instead of subword masking to avoid compatibility issues with n-grams.

The evaluation compared two distinct modeling approaches: n-gram models and
transformer-based RoBERTa models. For n-gram models, techniques such as Laplace smooth-
ing, lower-casing, and back-off strategies (e.g., maximum probability selection between bi-
gram and trigram) addressed challenges like OOV and rare n-gram combinations. RoBERTa
based models were trained from scratch with vocabulary sizes ranging from 5,367 to 32,278
tokens. Although the n-grams used a variety of techniques their performance was greatly
surpassed by those based on RoBERTa. It is also worth noticing how the Byte-level BPE

tokenizer, proved effective in handling Purépecha’s agglutinative morphology.
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Conclusions

5.1 General Conclusions

The recent growth and advance in artificial intelligence models demands large
amount of information, this has led to models developing great performance in language
tasks. However, models are data dependent. Datasets and corpora are essential for training
models. The information for training models can be gathered from different sources and
is often an automated task that benefits languages with a larger speaker base or digital

presence while eventually leaving other languages underrepresented.

Despite Mexico’s rich linguistic and cultural heritage, preservation efforts are needed.
A few data sets exist for America’s indigenous languages, and in Michoacan, home to a
unique language Purépecha with great oral tradition and over 120,000 speakers yet lacks
an available dataset. These examples illustrate several issues shared between indigenous
languages in México where limited documentation and linguistic erosion are common.

In response to these challenges, this thesis presents the development of a multi-
domain corpus for the Purépecha language. A methodology was proposed to gather and
process text documents. The dataset preparation process underscored the importance of
data quality, with careful cleaning to mitigate issues from OCR errors and duplicates.

This work contributes to the broader effort of developing language technologies for

indigenous languages, addressing the gap in resources for Purépecha. The trained RoBER-

7
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Tataka models, their tokenizers and both the raw and curated datasets will be publicly
accessible. By making these resources openly available, this thesis supports not only the

advancement of computational tools for Purépecha but also its preservation.

5.2 Future Work

Future work for the Purépecha corpus should focus on expanding corpora in a way
which reflects a more common use case for the majority of native speakers. Documents
inside the corpus could be tagged depending the geographic region or town in order to track
regionalisms, slang or new words. Create a web platform to crowd source more documents
in order to increment the overall size.

Manually correct the OCR corpus and annotate its documents in order so OCR
models can be fine tuned to enlarge the corpus.

Create a “Purepecha GLUE” benchmark by tagging the corpus. This involves
adding labels for tasks like sentence similarity, named entity recognition, question answering,
and sentiment analysis.

Recording Audio for Text-to-Speech (TTS) and Speech-to-Text (STT) Models to
Aid Pronunciation by recording the corpus text with help of native speakers it would create
an audio-aligned dataset for training TTS and STT models, directly supporting students
and revitalization programs.

Compose a multilingual or parallel corpus for Neural Machine Translation tasks, in
order to later train multilingual models that can help with everyday tasks such as translation
of government bulletins or official documents or even books from Spanish to Purépecha or
even create multilingual models between indigenous languages.

Finally, the corpus can also be used in NLP competitions for training, developing,
testing different models and tokenizers in order to perform a given task promoting interest

in LRLs, fostering innovation and collaboration.
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