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Abstract

As language evolve, it change and words obtain new meanings and lose old ones, making
their reconstruction a critical area of study. Proto-EthioSemitic languages, in particular
remain underexplored despite their cultural and historical significance. This research in-
vestigates Historical Language Reconstruction (HLR) for Proto-EthioSemitic languages
in word level, focusing on two core objectives: cognate identification and proto-word re-
construction. A three-way dictionary was used to compile a dataset of 14,100 semantically
related words from Ambharic, Ge’ez, and Tigrinya. Linguists manually identified a golden
data set with 74 cognate pairs from the Swadesh list concept translated into the three lan-
guages of interest and reconstructed proto-forms, while using automated methods (SCA
and LexStat) extracted an additional 1,847 cognates from the dataset, significantly enhanc-
ing scale. Building on these results, synthetic proto-forms were generated using in-context
learning with GPT-40, based on its performance of achieving a reconstruction accuracy
of 85% when evaluated against the golden data. Furthermore, an LSTM-based encode-
decode model was trained on the generated data to predict proto-forms from cognates,
achieving a prediction accuracy of 91% and an average edit distance of 0.21. This work
establishes a foundation for reconstructing ancestral languages within the Afro-Semitic
family by integrating linguistic expertise, automated cognate extraction tools, and state-of-
the-art large language models. The findings underscore the potential of interdisciplinary
approaches in preserving and understanding linguistic heritage, with implications for fu-

ture studies in historical linguistics and language preservation.

Keywords: Cognates, Proto-word, In-context learning, GPT 40, LSTM based encode-

decode.
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Chapter 1

Introduction

Language is a primary tool for communication allowing people to convey message through
sounds, symbols, or gestures. Over time, languages change and words obtain new mean-
ings and lose old ones. As it changes, the parent language splits and in some cases, is
replaced by many daughter languages. This process results in the formation of language
families, which are groups of languages that share a common ancestral language, known as
the proto-language. The parent word of the daughter languages words is called proto-word
[1,2].

Historical linguistics is the branch of linguistics that studies the development and evolution
of languages over time. It focuses on understanding how languages change in their pho-
netics. In historical linguistics, the method that aims at deducing the features of a common
ancestral language from which a group of related languages has evolved is called Proto-
language reconstruction. In addition, Proto-word reconstruction consists of recreating the
words in an ancient language from its modern daughter languages. This process involves
comparing similarities and differences among languages within a family to identify con-

sistent patterns of sound changes in cognate words [3, 4, 5].

Cognate words are words in different languages that share common etymological ori-
gins [6]. They exhibit both phonetic and semantic resemblance due to deriving from a
common ancestral language. By analyzing these patterns, linguists can infer and recon-
struct the phonology, morphology, and syntax of the proto-language, despite it not being
directly attested in written records. These reconstructed elements are known as proto-

forms [7, 8].

Computational methods for proto-word reconstruction, particularly machine learning ap-
proaches have become increasingly popular in recent years and shown promising results[9,
10]. However, these methods have limitations as they rely heavily on access to large vol-
umes of data, which presents challenges for historical linguists who study lesser-known

language families as they primarily rely on data sets[10].



The Ethio-Semitic language family is primarily spoken in Ethiopia and parts of Eritrea.
This family includes languages such as Geez, Tigrinya, and Ambharic [11]. Although ex-
tensive research has been conducted to reconstruct the proto-word of other language fam-
ilies, to our knowledge no such research has been done on the Ethio-Semitic language
family. Additionally, there is a lack of data set, making it one of the less-studied language

families [12, 13].

1.1 Problem Statement

The reconstruction of historical ancestor languages is a crucial task in the field of lin-
guistics, as it provides insights into the evolution of human language and cultural history.
Linguists perform manual reconstruction of ancestor languages by identifying patterns of
sound changes in cognates. Recent advancements in computational linguistics have shown
promising results in reconstructing proto-languages for various language families. This
has been achieved through the use of machine translation architectures such as sequence-
to-sequence Gated Recurrent Unit Gated Recurrent Unit (GRU) and transformer based
models. These methods excel at processing large corpus of linguistic data, identifying

patterns, and predicting tasks that traditional methods often struggle to achieve[9, 10].



Despite recent successes in computational linguistics, several challenges persist when ap-
plying these methodologies to the reconstruction of the Proto-Word of Ethiopian Semitic
languages. Ethiopian Semitic languages include languages such as Ge’ez, Tigrinya, and
Ambaric[12]. These languages exhibit distinct features in sentence structure (syntax),
word structure (morphology), sound structure (phonology), and vocabulary (lexicon), re-
main understudied, making it difficult to fully understand their evolution[ 13]. Transformer
based model, which require large linguistic datasets are not ideal for the less-resourced
Ethio-Semitic language family, as these datasets are unavailable, preventing the models
from fully capturing the unique phonological characteristics of such languages[10]. Sim-
ilarly, GRU-based NMT model face challenges with noisy and uncertain data, limiting
their ability to recognize pattern recognition and reconstruct languages with few historical
records or complex dialectal variations[9, 10]. To address these challenges, our approach
involves using Large Language Models (LLMs) to generate synthetic data, which aims
to overcome the limitations of dataset availability in Ethiopian Semitic languages. LLMs
have demonstrated impressive performance in natural language understanding [14] and
generation [15] but have not yet been applied to ancestor language reconstruction. By
generating a large dataset, the objective is to improve the training of encode-decode mod-
els and improve the accuracy of the Proto-Word reconstruction. To our knowledge, no
efforts have been made to reconstruct proto-words from Ethiopian Semitic languages at
the word level. Furthermore, no cognate data set is available, creating a significant gap in
the field of historical linguistics. To address these issues, this research attempts to answer

the following research questions:

RQ1 How effective are large language models (LLMs) at generating high-quality syn-
thetic cognate datasets for the Ethio-Semitic language family, particularly when

using in-context learning to address data scarcity and phonological uniqueness?

RQ2 To what extent can an LSTM-based encode-decode model, trained on both gener-
ated synthetic data and existing linguistic data, accurately reconstruct proto-words

of Ethio-Semitic languages, compared to existing GRU and transformer models?



1.2 Objectives

1.2.1 General Objective

This research seeks to bridge the gap in the field of historical linguistics, as no efforts have

been made to reconstruct proto-words from Ethiopian Semitic languages at the word level.

1.2.2 Specific Objectives

To build a dataset of cognates for the three languages (Ge’ez, Tigrinya, and Amharic)

through human experts and automated methods.

» To investigate if In-context learning using Large Language Models can be used to

generate a synthetic proto-word data set for the historical word Reconstruction task.

 To evaluate existing methodologies for reconstructing the proto-form of Ethiopian

Semitic languages.

* Todesign Long Short-Term Memory (LSTM) based encode-decode model and eval-
uate how it enhances the performance of Ethio-Semitic family language reconstruc-

tion.

1.3 Contribution

In this work, there are three main contributions:

* Build adetailed cognate set words dataset for the Ethio-Semitic languages: Ambharic,
Ge’ez, and Tigriyna. We compiled this dataset using phonetic similarity measures,
alignment algorithms, and expert validation. It is a valuable resource for compara-

tive linguistic analysis and historical language reconstruction.

* Use Generative Pre-trained Transformer (GPT)-40 LLM to generate a synthetic
Proto-EthioSemetic words using In-context learning and use the generated data to

train Recurrent Neural Network (RNN) and Transformer.

* Built LSTM-based encode-decode model and evaluated its efficiency on the Ethio-

Semitic language family reconstruction.



1.4 Scope and Limitation

The scope of this research focuses on exploring and adapting machine translation architec-
tures for reconstruction of Ethiopian Semitic languages Proto-word and In-context learn-
ing for for synthetic data generation. This includes tasks such as collecting and annotating
data, cognate identification, refining prompts for context-based learning, and designing,

evaluation frameworks that best fit linguistic features of these languages.

The limitations of this research are:

* The reconstruction focuses only on three Ethio-Semitic languages Ge’ez, Amharic,

and Tigrinya, out of seven total languages in the family.

* Part of the dataset used in this research is constructed using automated methods,
which may introduce errors. These inaccuracies can affect the performance of the
proposed model, as the quality of machine-constructed data can vary and potentially

impact the accuracy and reliability of the reconstruction process.

 To convert the geez words to their International Phonetic Alphabet (IPA) the Tigrinya
more phonetic form is used. This is because Ge’ez and Tigrinya both belong to
the same category, Northern Ethio-Semitic. Additionally, Tigrinya preserves more

phonetic distinctions that are not found in Ambharic but are present in Ge’ez.

1.5 Organization of the study

The remaining sections of this document are structured as follows: Chapter Two covers the
fundamental concepts essential for cognate detection and proto-language reconstruction
within the Ethio-Semitic language family. It includes mechanisms for identifying cognates
and an overview of various machine translation architectures used in ancestor language
reconstruction and large language models. Chapter Three provides an in-depth review
of existing machine learning approaches to ancestor language reconstruction. Chapter
Four details the research methodologies employed in this study. Chapter Five presents the
experiments conducted, the results obtained, and a comparative analysis of various state-
of-the-art models. Finally, Chapter Six discusses the conclusions drawn from the research

and outlines potential directions for future work.



Chapter 2

Background

In this chapter a detailed theoretical overview of methods used for identifying cognates
and reconstructing Proto-words are present. These approaches include both comparative
and computational methods. It begins with an exploration of the Ethio-Semitic language
family, followed by an in-depth discussion of cognate identification, and then followed by

comparative and computational techniques used in language reconstruction.

2.1 Language

Language is used as a system of communication through symbols like words and gestures
to understand meaning. It is a complex and unique human ability that enables individuals
to express their thoughts, feelings, ideas, and intentions, as well as to understand and
interpret the messages of others. Language plays a crucial role in human evolution, culture,

and identity [16, 1, 2].

2.1.1 Language Evolvement

Language is always changing and there are many routes through which this change occurs.
It can originate in language learning, language contact, social differentiation, and natural

processes in usage [17, 18].
» Language learning: Language transforms as it is transmitted from one generation
to the next.

» Language contact: Migration, conquest, and trade bring speakers of different lan-

guages into contact.

 Social differentiation: Social groups adopt distinctive norms in dress, adornment,

gestures, and language.



» Natural processes in usage: Rapid or casual speech naturally leads to processes such

as assimilation, dissimilation, syncope, and apocope.

There are various types of language change, which can occur at different levels. This
includes phonetic (sounds), lexical (vocabulary), grammatical (structure), and semantic
(meaning) changes. This research focuses on the phonetic changes within the Ethio-

Semitic language family [17].

2.1.2 Proto-Language

Over time as languages evolve the parent language splits and is replaced by multiple
daughter languages. This process leads to the formation of language families, groups of
languages that share a common ancestral language known as the proto-language. Linguists
therefore describe the daughter languages within a language family as being genetically
related [19, 3].

Researchs in historical linguistics has provided strong evidence for the existence of shared
ancestral languages known as Proto-languages using carefully comparing vocabularies
across different languages. Proto-languages serve as the common root for groups of lan-
guages or entire language families [20, 21, 19]. Through this detailed analysis linguists
were able to identify cognates that share a common meaning and origin. Identifying cog-
nates depends on recognizing consistent patterns of sound similarities among words in
various languages. By detecting these patterns, linguists can formulate hypotheses about
sound change rules and work towards reconstructing the likely phonetic forms of words

in the Proto-language [22, 3].



2.2 Proto-Language Reconstruction

Reconstructing the proto-word of an ancestor language from the cognate sets of its daugh-
ter languages is known as historical ancestor language reconstruction. This process uses
careful methods to uncover the phonetic, lexical, and grammatical features of these ancient
languages, giving valuable insights into how languages have evolved and connected over
time [23]. Language reconstruction relies heavily on the comparative method, where lin-
guists closely examine the similarities and differences among languages to spot patterns
in their development. Cognate analysis is one of the crucial parts of the reconstruction
process. It involves identifying words with a common origin across different languages
called cognates. By looking at sound correspondences and tracking changes in meaning
linguists can piece together hypothetical vocabularies and grammatical structures of the

Proto-language [24].

Traditionally reconstructing Proto-languages was a painstaking process carried out man-
ually by linguists. It demands a lot of time and effort [25]. However, in recent times com-
putational techniques have become increasingly crucial in this field, especially for manag-
ing large datasets and complex linguistic connections. These days, researchers use various
computational methods to analyze linguistic data and uncover the features of ancestral or
Proto-languages. Some common techniques include phylogenetic methods, Bayesian in-
ference, and machine translation models, all of which play significant roles in advancing

the understanding of ancestor language reconstruction.

2.3 Ethiopian Semitic Languages

Proto-IndoEuropean is considered the ancient ancestor of many languages within the Indo-
European family, spanning from languages spoken in Europe to parts of Asia [26]. Sim-
ilarly, Proto-Afro-Asiatic ! is the common ancestor of the Afro-Asiatic language fam-
ily [27]. This family includes languages spoken across parts of North Africa, the Horn
of Africa, the Arabian Peninsula, and the Middle East. Some of its most well-known
branches include Semitic languages (like Arabic, Hebrew, Amharic, and Ge’ez ), Berber,

Egyptian, Chadic, Cushitic, and Omotic languages [28, 29].

"https://en.wikipedia.org/wiki/Proto-Afroasiatic;anguage



The Semitic language family includes major divisions like East Semitic (including Akka-
dian and Assyrian), West Semitic (including Arabic, Hebrew, and Aramaic), Central Semitic
(including Arabic and Aramaic) and South Semitic (including Ethiopian languages like
Ambharic and Tigrinya) [29, 30].

Ethiopian Semitic languages form a subset within the Semitic family, centered primarily in
Ethiopia and Eritrea. These languages include Ge’ez, Tigrinya, Tigre, Amharic, Argobba,
Gurage, and Harari. Proto-Ethiopic serves as the reconstructed ancestor language for these

Ethiopian Semitic languages, representing their historical and linguistic origins [30, 11].

Ethio-Semitic
North South
Ethio-Semitic Ethio-$emitic
| |
Ge'ez I 1
West Central Eastern
Gurage
Tigrinya
Argoba Harari
Tigre Amharic East
Gurage

Figure 2.1: Ethio-Semitic language familly

2.3.1 Ge’ez

Ge’ez, also known as Ethiopic is an ancient Semitic language originating from present-
day Eritrea and northern Ethiopia. It belongs to the North Ethiopian Semitic branch of
the Afro-Asiatic language family. It holds significant historical and cultural importance
as Ethiopia’s classical language. Ge’ez has served as a main language for religious texts,
including translations of the Christian Bible for the Ethiopian Orthodox Tewahedo Church,

shaping the spiritual and cultural identity of Ethiopian and Eritrean societies [30, 11].

Linguistically, Ge’ez is distinguished by its Ge’ez script an *Abugida’ writing system
where each symbol represents a consonant-vowel combination. This script has also been

adapted to write other Ethiopian and Eritrean languages like Amharic and Tigrinya.



2.3.2 Ambharic

Ambaric is spoken not only in its home province, Amhara but over large areas of Cen-
tral Ethiopia. It is one of the official languages of Ethiopia, spoken by over 33.7 million
people as a first language and 25.1 million as a second language according to the Central
Statistical Agency of Ethiopia. Amharic has a unique orthographic representation contain-
ing 32 consonants and 7 vowels called Amharic-Fidel. Amharic has undergone profound
changes in its phonetic character: the laryngals have been reduced to h and the glottal
stop and even the latter is rare now. The orthographic representation is also shared with

Tigrinya, the other Semitic language of Ethiopia [30, 11].

2.3.3 Tigrinya

Tigrinya is spoken in the area largely identical to that of the old Aksumite empire. Cur-
rently, it is one of the official languages of Ethiopia and Eritrea and is spoken by 9.7
million people? in total across the two countries and their diasporas. Tigrinya uses the
Ge’ez Script. Within the Tigrinya alphabet, there are 35 consonants and 7 vowels in the

writing system [31].

2.4 International Phonetic Alphabet

International Phonetic Alphabet(IPA)? is a standardized system of symbols used to repre-
sent the sounds of spoken language. One of its primary goals is to assign a unique symbol
to each distinct sound, known as a phoneme that distinguishes one word from another
within a language. The IPA aims to accurately represent the various aspects of speech
that contribute to lexical and to some extent prosodic elements in spoken language, in-
cluding phones, intonation, and syllable breaks. For more nuanced speech qualities like
tooth gnashing, lisping, or sounds produced while speaking an extended set of symbols
may be employed beyond the basic IPA set. Translating text into IPA is useful in linguis-
tic research, language learning, language reconstruction, and other applications where a

precise representation of pronunciation is needed [32, 33].

Zhttps://en.wikipedia.org/wiki/Tigrinya;anguagecite, ote — E27 — 1
3https://en.wikipedia.org/wiki/International p honetic s lphabet
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As of the most recent change, there are more than 160 different IPA symbols containing
107 segmental letters, an indefinitely large number of suprasegmental letters, 44 diacritics
(not counting composites), and four extra-lexical prosodic marks in the IPA. To use an
IPA translator, words or text are typically entered into the converter like metaappz word by
word, and then the corresponding phonetic symbols are given. For example: the Amharic

word ethioplbs IPA phonetics is 'libis'. These translations can be done using libraries [33].

2.4.1 Epitran

Epitran* is a library and tool designed for translating orthographic text into the IPA. It
supports 61 languages including Amharic and Tigriniya. The phonetic representation of
most languages varies and these languages have their own unique sound than others by

considering this Epitran addressed 61 languages [34, 35].

Epitran typically focuses on representing the phonetic details of a language and allows
to conversion of written text into a phonetic transcription that reflects the sounds of the
spoken words. This helps particularly in linguistics, to analyze or compare the phonetic
features of different languages. Epitran have specific implementations or modules for
different languages, as each language may have its own orthographic conventions and

pronunciation rules [35].

2.5 Cognate Identification

Cognates are words in different languages that have similar forms and meanings, due to
a common linguistic origin from a shared ancestor language. Words genetically related
to the same descendants from a common ancestral language are termed cognates [6]. For
example, the Ge’ez word “k"illu', the Amharic “hullu', and the Tigriniya word ~“kulu" are
cognates and their reconstructed proto-word is “kullu' as ancestral Proto-EthioSemitic.
Within historical linguistics assembling potential cognate forms is an essential step in
the comparative method to proceed to further stages such as formulation of sound laws,

reconstruction of proto-language, and phylogenetic reconstruction[37].

“https://github.com/dmort27/epitran/tree/master
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tir-Ethi Native Tigrinya in its standard orthography using the Ge’ez script [36]
Tigrinya

tir-Ethi-pp | Tigrinya With a more phonemic approach, where the orthography might

(more be adapted to reflect the phonemic aspects of the language bet-

phonemic) ter. It possibly makes it easier to pronounce for learners or

reflects spoken variations more closely( The phonetic repre-

sentation of Tigriniya words) [36].

tir-Ethi-red

Tigrinya (re-

A reduced or simplified orthography for Tigrinya. This could

duced) involve using fewer characters or a simplified script to make

reading and writing more accessible
amh-Ethi Ambharic Amharic in its standard orthography using the Ge’ez script [36]
amh-Ethi-pp | Amharic Amharic with a more phonetic approach. The orthography here
(more pho- | might be adapted to reflect the pronunciation more closely,
netic) which can help with learning correct pronunciation or for lin-

guistic studies [36].

amh-Ethi-red

Ambharic (re-

duced)

Represents a reduced or simplified orthography for Amharic. It
might involve a simplified script or fewer characters, designed
for ease of use in certain contexts such as language learning or

informal communication [36].

Table 2.1: Epitran codes Definition
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Cognate identification has been traditionally carried out by tedious manual cross-comparisons
of lexica across several concepts or meanings. This often requires sufficient linguistic ex-
pertise in the languages that are being compared. Automated cognate detection attempts
to minimize manual labor and will eventually assist a historical linguist to quickly produce
the high-quality etymologies required. Daughter language words can be checked if they

are cognates using two methods the comparative method, and the computational method.

2.5.1 Comparative Method

Cognate detection using the traditional comparative method involves an examination of
lexical similarities across related languages. This method relies on the principle of regu-
lar sound correspondences, where phonetic changes occurring over time in the descendant
languages are systematically compared to establish cognate relationships. Linguists typ-
ically compile cognate sets by analyzing words with similar meanings and forms in dif-
ferent languages within a language family. Then they apply sound correspondences and

phonological rules to reconstruct the ancestral proto-word form of these cognates [25, 38].

Tracing the historical development of cognates through the comparative method, linguists
gain insights into linguistic evolution and historical relationships between languages. This
approach requires expertise in historical linguistics as well as access to extensive language
data and specialized tools for phonological analysis and reconstruction. Despite its labor-
intensive nature, the traditional comparative method remains a fundamental technique for

cognate detection and is widely used in historical and comparative linguistics.
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2.5.2 Computational Methods

Cognate detection using computational methods which is computer based follows tra-
ditional linguistic principles. It uses computational algorithms and statistical models to
automate the process of identifying cognate words across related languages. Initially, a
large dataset containing lexical items from multiple languages within a language family is
compiled. These datasets are often sourced from linguistic databases, corpora, or digital
repositories. Computational algorithms then compare phonetic and orthographic features
of words across languages to assess their similarity. Common approaches include pho-
netic alignment algorithms such as the Soundex or Levenshtein distance, which measure
the degree of phonetic resemblance between words. Additionally, statistical models like
probabilistic graphical models or machine learning classifiers, are trained on labeled cog-
nate datasets to predict cognate relationships based on phonological, morphological, and

semantic features.

2.5.2.1 lingpy

LingPy ° is a Python open-source library designed for computational historical linguistics
and quantitative analysis of linguistic data. It provides a wide range of tools and algorithms
for tasks such as phonetic alignment, cognate detection, sound correspondences, and lan-
guage comparison. LingPy enables researchers to automate many aspects of linguistic
analysis making it easier to process and analyze large datasets from diverse language fam-
ilies [39].

The cognate detection algorithms in LingPy utilize three major types: Consonant-Class-
Matching (CCM), phenotypic Sequence Similarity Partitioning (PSSP), and Language-
specific Sequence Similarity Partitioning (LSSP). LingPy offers four main methods for
cognate detection, each with varying degrees of algorithmic sophistication and adherence

to linguistic theory [39]:

Shttps://lingpy.org/
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1. Turchin [40] (also called Consonant Class Matching(CCM) approach following
[41] early idea to assume that words with two matching consonant classes would
likely be cognate)) was proposed by peter[40]. In this method, the consonants of
the words are converted to one of 10 possible consonant classes. The idea of conso-
nant classes (also called sound classes) was proposed by Dolgopolsky, who stated
that certain sounds occur more frequently in a correspondence relation than others
and could therefore be clustered into classes of high historical similarity. In the ap-
proach by [40], two words are judged to be cognate, if they match in their first two

consonant classes.

2. Sound Class Algorithm (SCA) [42] uses a threshold-based clustering algorithm
and employs distance scores derived from the Sound-Class Based Alignment (SCA)
method. This method for pairwise and multiple alignment analyses uses expanded
sound class models along with detailed scoring functions as its basis. In contrast
to previous alignment algorithms, the SCA algorithm takes prosodic aspects of the
words into account and is also capable of aligning within morpheme boundaries, if

morpheme information is available in the input data.

3. LexStat [43] method is based on flat Unweighted Pair Group Method with Arith-
metic mean (UPGMA) clustering, but in contrast to the SCA method, it uses language-
specific scoring schemes which are derived from a Monte-Carlo permutation of the
data. This permutation, by which the word lists of all language pairs are shuffled in
such a way that words denoting different meanings are aligned and scored, is used
to derive a distribution of sound-correspondence frequencies under the assumption
that both languages are not related. The permuted distribution is then compared with
the attested distribution, and converted into a language-specific scoring scheme for
all language pairs. Using this scoring scheme, the words in the data are aligned
again, and distance scores are derived which are then used as the basis for the flat

cluster algorithm.
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2.6 Ancestor Language Reconstruction

2.6.1 The Comparative Methods

As outlined by [44] Reconstruction of ancestor languages is mostly done using the tradi-

tional comparative method. Its objective is to identify genetic relationships between lan-

guages while excluding instances of borrowing. Various linguistic levels such as phonol-

ogy, morphology, and syntax, are considered in this process. Attention is given to the

phonological forms of a standardized list of fundamental vocabulary, which includes con-

cepts less likely to have been borrowed in this process [25].

The step by step approach of the comparative method that is used by historical linguists
are [25, 38]:

1.

First gather word lists from languages believed to be genetically connected based

on diagnostic evidence on morphological or syntactical similarities.

Next, establish sets of cognates, words with shared ancestral roots.

. By Examining these cognates, linguists pinpoint consistent sound changes between

words in different languages.

Using these sound correspondences linguists reconstruct a common ancestral lan-
guage by initially inferring proto sounds and then reconstructing protoforms of

words.

This information is then used to construct a phylogenetic tree, illustrating the evo-
lutionary relationships among languages. For instance, if language B exhibits all

the innovations of language A, it is considered a descendant of language A.

Additionally, linguists can create a word-level etymological dictionary, which con-

siders factors like borrowing and semantic shifts.

This method is iterative, with updates made to cognate sets by identifying new sound

correspondences and potentially modifying the selection of languages under examination.
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2.6.2 Computational Methods

The comparative method in linguistics is a detailed and time-consuming process used to
reconstruct ancestral languages and identify genetic relationships between them. It consid-
ers different aspects of language such as sounds, word forms, and sentence structures. This
process can be challenging for linguists. Recently, computational methods have started to
simplify this process. Researchers have tested various computational techniques, such as
probabilistic models like Monte Carlo inference and Bayesian method to improve accu-
racy [23]. Also, Machine learning has shown promising results in enhancing how accu-

rately and efficiently historical ancestor languages are reconstructed [9, 24].

The field of Natural Language Processing (NLP) has shown significant advancements
from its early rule-based systems to the more sophisticated statistical and deep learning
methods. The rapid development of NLP over the past few decades has revolutionized the
field of machine translation and language understanding. The reasons for this advance-
ment are LLMs and sophisticated machine translation architectures, particularly those

based on deep neural networks.

The following sections will discuss the meaning of various computational methods and
provide an overview of these technologies’ evolution, their architectures, and their impli-

cations.

2.6.2.1 Natural Language Processing

The early developments in NLP and machine translation were predominantly driven by
rule-based systems, where manually crafted rules and dictionaries played a central role in
language processing. However, during the late 1980s and 1990s, there was a significant
shift towards statistical methods. Models such as Hidden Markov Models and phrase-
based translation systems began to gain prominence, leveraging probabilistic approaches

to enhance the performance of language processing tasks [45, 46].
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Hidden Markov Models are probabilistic models that decide the next state of a system
based on the current state. For example, in NLP the proto-word can be suggested based
on the cognate word character phonetic representation. This is done by using Markov
Model by tracing the transition from phonemes in modern cognate words to their corre-
sponding proto-phonemes in the parent language. The transition probabilities represent
the likelihood of a phoneme in a modern language evolving from a proto-phoneme, while
the emission probabilities capture the likelithood of observing the proto-phoneme given
the modern cognate phoneme. By applying the Viterbi algorithm, the HMM identifies
the most probable sequence of proto-phonemes that could have produced the observed
phonemes across different cognate words, effectively reconstructing the original proto-

word from its modern descendants.

The other rule-based Machine Learning (ML) method is Phrase-Based Translation. This is
done by breaking down sentences into smaller phrases and translating them individually.
These systems relied heavily on statistical methods to determine the most likely translation

for each phrase, often resulting in disjointed and less fluent translations [45, 46].

2.6.2.2 Deep neural networks

The idea of a Deep Neural Network(DNN) comes from the concept of artificial neural
networks, which are inspired by the structure and function of the human brain. A DNN
extends this idea by incorporating multiple layers of interconnected neurons, or nodes,
between the input and output layers. This layered architecture allows the network to learn
complex patterns and representations in data by introducing non-linearity through activa-
tion functions and adjusting weights during training. By leveraging these deep structures,
DNNSs have become powerful tools for tasks such as image and speech recognition, and

natural language processing [47, 48].

Neural networks are structured as interconnected nodes arranged in layers, as a complex
web where each node communicates within its layers through specialized mathemati-
cal operations. These operations facilitate the network’s ability to learn patterns, such
as identifying faces in images or predicting words. Neural networks are esteemed for
their capacity as powerful problem-solving tools, adept at uncovering and analyzing pat-
terns, interpreting languages, and showcasing the efficacy of advanced algorithmic frame-
works [47, 48, 49].
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This section explores the primary neural network architectures used in proto-language re-
construction, focusing on their role in enhancing statistical methods or forming the foun-
dation of neural machine translation approaches. These networks are mostly trained using
supervised learning, where they learn patterns and relationships from large datasets of

examples. In addition, In-context learning and large language models are also discussed.
Feed-forward Neural Networks

Feed-forward Neural Networks (FNNs), connect the inputs through hidden nodes to the
outputs without loops. Basically, these networks can be classified into single and multi-
layer perceptrons. Single-layer perceptron consists of a function that maps its input to an
output value. The multi-layer perceptron consists of several fully connected layers in a
directed graph. Each layer has several nodes, and each node is a neuron with a non-linear

activation function [47, 50].
Convolutional Neural Networks (CNNs)

A popular type of FNNs are Convolutional Neural Networks (CNN)s, whose connectivity
pattern between their neurons is inspired by the overlapping of the individual neurons of
the animal cortex. A convolution operation is a mathematical way to describe this connec-
tivity pattern. There are 3 basic properties of CNNs on top of FNNs which are: local con-
nectivity (only adjacent neurons are connected), parameter sharing (replicated units share

the same parameterization), and maxpooling units which is a form on subsampling [51].
Recurrent Neural Network

Recurrent Neural Networks (RNNs) are another class of neural networks. The main char-
acteristic is that connections between units form a directed cycle, which generates an in-
ternal state with dynamic temporal behavior. FNNs typically rely on a fixed-size context
window making the Markov assumption that a word only depends on n previous words.
On the other hand, RNNSs are able to use the internal memory to get rid of this Markov
assumption and condition on all previous words, which is highly relevant in language
modeling and MT. There are different types of RNNs and, in this manuscript, we focus

on the most used in first neural MT systems [47, 52].
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* Long Short Term Memory (LSTM) has the direct cycle structure with a differ-
ent structure in the repeating cycle. The repeating cycle has three neural network
gates (input, memory/forget, and output) which allow to discard or keep information
solving the problem RNN faces on the vanishing gradient. Intuitively, the vanish-
ing gradient problem may appear when using gradient-based and backpropagation
methods. When training weights with these algorithms, these weights are updated
using the gradient of the error function. At this point, and for RNNs, the chain rule
is applied for the entire history of the sequence, and applying this many times may
cause the gradients to tend to zero (specially, when using activation functions as
tanh or sigmoid ) [52, 53].

* Gated RNN(GRU), An alternative to LSTMs is the Gated RNN, whose main dif-
ference is that instead of having three gates as LSTMs, GRUs have two gates (reset
and update). GRUs have fewer parameters to train compared to LSTMs which may

help in training faster and generalizing better with less data [52, 53]

* Encoder-decoder:Encoder-decoder architecture generalizes the idea of autoencoders
allowing for having different input and output data. The encoder-decoder architec-
ture aims at learning a representation (encoding) of input data, and decodes this
representation while minimizing the amount of error for recovering the output data.
The main purpose of the internal representation is a dimensionality reduction capa-

ble of extracting relevant features from the dataset [52].

In general sequence-to-sequence problems like machine translation and word prediction,
inputs, and outputs have varying lengths that are unaligned. The standard approach to han-
dling this sort of data is to design an encoder-decoder architecture consisting of two major
components: an encoder that takes a variable-length sequence as input, and a decoder that
acts as a conditional language model, taking in the encoded input and the leftwards context

of the target sequence and predicting the subsequent token in the target sequence.

2.6.2.3 Large Language Models

Large language models have emerged as a transformative force in NLP, leveraging the
power of deep neural networks to perform a wide range of language tasks with unprece-

dented accuracy and fluency.
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In recent years Transformer architecture revolutionized Natural Language Processing. It
utilizes self-attention mechanisms to process input sequences in parallel, addressing the
limitations of RNNs in handling long-range dependencies. This architecture underpins

most state-of-the-art LLMs, including BERT and GPT series.

Modern LLMs are characterized by their scalability, with models containing billions or
even trillions of parameters. These models are pre-trained on massive datasets to learn
general language representations, which are then fine-tuned for specific tasks. This pre-
training-fine-tuning paradigm significantly enhances performance across various NLP ap-

plications.
In-Context Learning (ICL)

In-context learning (ICL) represents an innovative learning paradigm in which a language
model observes a few examples and produces predictions for test inputs without the need
for parameter updates [14]. In this approach, the model conditions a limited number
of training examples to make direct predictions on new test data. Due to the constraints
imposed by the model’s maximum input length, it is common practice to randomly sample
a small subset of examples from the full dataset for ICL. However, this method can lead to
significant instability and reduced performance, as randomly selected examples may not
be optimal. Therefore, selecting a concise set of examples that are both informative and

representative of the entire dataset is crucial for effective in-context learning [14, 54].

There are two main areas of prompt design for In-Context learning.

* Demonstration organization: Focuses on selecting the best training examples for
query(using random selection, Reinforcement learning, or embedding similarity)

depending on the task.

» Demonstration Formatting: Involves the design of the prompt itself, including its

language and structure.

Good instructions are key to getting the best results from in-context learning , whether
using zero-shot, few-shot, or many-shot approaches. The way prompt is designed plays a
big role in guiding the model’s responses, and refining these prompts based on the model’s
output can make a huge difference in accuracy. It’s also worth experimenting with different
prompts to tap into GPT-3.5’s and GPT-40 full range of abilities from answering questions
to creative writing. Integrating the model via API into your workflows allows to make the
most of its capabilities without the need for time-consuming retraining or fine-tuning [14,

55, 56].
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2.6.2.4 Machine Translation Architectures

Machine translation has benefited immensely from the advancements in deep learning and
the development of large language models. Early machine translation systems employed
phrase-based approaches, breaking down sentences into smaller phrases and translating
them individually. These systems relied heavily on statistical methods to determine the
most likely translation for each phrase, often resulting in disjointed and less fluent trans-

lations.

Neural Machine Translation (NMT) has increasingly become the foundation of modern
translation systems. In this setup, the encoder plays a key role by processing the source
language sentence or word and converting it into a continuous representation. From there,
the decoder takes over by creating the target output based on that representation. To further
enhance the encoder-decoder model attention mechanism was introduced. This allows the
decoder to dynamically focus on different parts of the source sentence to improve handling
longer sentences and capturing context more effectively. This method not only allows
for seamless end-to-end training but also produces more natural and fluent translations

compared to older phrase-based techniques.
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Transformer-Based Neural Machine Translation (NMT) has revolutionized the field of
Neural Machine Translation. The introduction of the Transformer model represented a
breakthrough by utilizing self-attention mechanisms and positional encoding. This ap-
proach allows the model to process entire sentences simultaneously, significantly enhanc-
ing both efficiency and translation accuracy. Transformer-based systems raise the standard
for what’s achievable in NMT.

2.7 Summary

Proto-word reconstruction focuses on recreating ancient or unrecorded words using cog-
nates from current daughter languages. Despite challenges related to limited datasets, this
task has gained popularity due to its potential in linguistic research. It involves multiple
steps such as cognate detection, where linguists identify words in different languages that
share a common root. The International Phonetic Alphabet (IPA) plays a crucial role in
tracking phonetic changes and understanding sound evolution. Comparative and compu-
tational methods further enhance this process by systematically analyzing languages and
applying algorithms to large datasets. Despite being more complicated than many other

linguistic tasks proto-word reconstruction is advancing rapidly.
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Chapter 3

Literature Review

Historical ancestor language reconstruction is a major research field in linguistics that has
gained increasing attention in recent years. Researchers have applied various computa-
tional and comparative methods to reconstruct proto-words from which modern language
words derive. This chapter reviews recent research papers that implemented historical
ancestor language reconstruction using computational methods. In addition, different re-
search papers implemented in-context learning using large language models for text clas-
sification, translation, and code generation are discussed. Cognate identification methods

are also discussed.

3.1 Cognate Set Identification

Traditionally, identifying cognates requires meticulous manual comparisons of lexicons
across various concepts, demanding significant linguistic expertise. Early cognate identi-
fication approaches rely mostly on phonetic similarities and sound correspondence. With
the growth of large-scale linguistic datasets and computational power, computational ap-
proaches for cognate detection have become popular: methods that rely on edit distance [57],
clustering [58], and expectation-maximization techniques [59] have become popular. The
Lingpy toolkit [60] has continued to be a vital resource by offering methods for automated
cognate detection through sound class-based alignment and phonetic distance measures,
enabling combining traditional linguistics insights with computational power. By integrat-
ing deep learning and advanced computational models with traditional linguistic methods
[61] introduced transformer-based models that show better performance in capturing pho-
netic and contextual similarities across languages, outperforming traditional alignment
techniques. Yet, challenges remain for ancient and low-resource languages with little to

no collected data and linguistic experts.
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3.2 Historical Language Reconstruction

One of the influential and eye-opening papers in protolanguage word form reconstruction
is the work of L. Bouckaert et al. [62]. The paper presents an unsupervised approach
to reconstructing ancient protolanguages from their modern descendant languages. Their
proposed method addresses the improved performance by incorporating faithfulness and
markedness features. It also introduces a novel Markov Chain Monte Carlo inference
procedure called Ancestry Resampling that addresses the mixing problems that can arise
in large phylogenetic trees. [23] Used Bayesian phylogenetic methods to reconstruct the
language tree for the Austronesian family, which includes over 1,200 languages spoken in

the Pacific region.

3.2.1 Deep learning methods

In recent years, rule-based machine learning methods have been replaced by deep neu-
ral networks. Dekker [47] explores the application of machine learning in historical lin-
guistics, focusing on pairwise word prediction and modeling sound change to reconstruct
linguistic ancestry. It introduces a method where a machine learning model is trained
on phonetic word pairs from two languages to learn sound correspondences and predict
word forms accordingly, utilizing both a sophisticated RNN encoder-decoder and a sim-
pler structured perceptron. The outcomes including prediction distances and model pa-
rameters are applied to significant tasks such as phylogenetic tree reconstruction, sound
correspondence identification, and cognate detection. To enhance the model’s effective-
ness the authors propose a “cognacy prior” loss function to prioritize learning from cognate
pairs. Experimental results using data from Slavic and Germanic languages show that
model performance is comparable to baseline techniques, though increased complexity
does not guarantee better results. The paper marks an innovative use of machine learning

in addressing complex historical linguistics challenges.
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Another paper by Ciobanu et al. [63] introduces a novel technique for proto-word recon-
struction from cognate sets in various Romance languages, aiming to develop a tool for
historical linguistics that facilitates the analysis of produced proto-words by experts. The
methodology employs conditional random fields leveraging character n-grams as features
to infer Latin ancestor forms from modern word pairs. It was done by utilizing a sequence
labeling approach that requires only (word, proto-word) pairs as input. Two alignment
methods profile hidden Markov models and the Needleman-Wunsch global alignment al-
gorithm were evaluated showing the latter performing slightly better results. To enhance
accuracy ensemble methods were employed, combining outputs from classifiers trained
in different modern languages. They were able to demonstrate significant performance
improvements, achieving an average edit distance of 1.07 and listing the correct proto-
word among the top five predictions 70% of the time. The methods require less input data
than previous approaches and can accommodate incomplete data, making them especially

useful for low-resourced languages.

Meloni et al. [9, 64] Proposed a novel approach to reconstructing proto-languages us-
ing deep learning techniques. The authors argue that traditional linguistic methods have
limitations in their ability to accurately reconstruct ancient languages, especially for lan-
guages that have been extinct for thousands of years. The paper details a neural network
model that has been developed to reconstruct the proto-forms of ancient languages by pro-
cessing large amounts of linguistic data. They implemented a model traditionally used in
machine translation for the reconstruction of Latin words using its forms in French, Por-
tuguese, Italian, Romanian, and Spanish. The architecture consists of an encoder and a
decoder both of which are recurrent neural networks (specifically, GRU). Additionally,
the decoder uses the mechanism of attention. The input for this algorithm is character

embedding concatenated with the vector representations of a language.

Nitschke et al. [65] proposed a new approach that uses modern related languages or sisters
to reconstruct the vocabulary of a target language. The paper demonstrates that this can be
achieved using a relatively small dataset of parallel cognates from various sister languages
by employing a neural machine translation (NMT) architecture with a standard encoder-
decoder setup. This initiative seeks to leverage machine learning tools to support under-

served language communities in reclaiming, preserving, or reconstructing their languages.
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Andre He, Nicholas Tomlin, and Dan Klein [66] propose a novel method for reconstruct-
ing the word forms of a protolanguage. The method is based on training a neural network
to predict how words in modern languages might have evolved from their proto-language
forms. The network is trained using unsupervised learning without relying on explicit
information about the relationships between languages or the meanings of words. The au-
thors evaluated their method on a dataset consisting of 31 languages from the Austronesian
language family and showed that it is able to reconstruct protolanguage word forms with
high accuracy compared to previous methods. They also demonstrate that the method
can be used to identify sound changes and reconstruct sound correspondences between
languages, which can shed light on historical relationships between languages. The ap-
proach presented in this paper requires a large amount of training data, which may not be
available for all language families. This could limit the applicability of this approach for

reconstructing proto-language word forms for some language families.

Kim et al. [10] discusses the challenges associated with reconstructing unattested proto-
languages and the application of the Transformer architecture in achieving state-of-the-art
performance in protoform reconstruction. The authors focus on systematic sound changes,
data scarcity for under-documented languages, and the expansion of the Chinese dataset to
include 804 cognate sets across 39 modern varieties and Middle Chinese. The paper intro-
duces the task of protoform reconstruction and highlights the inherent data constraints for
reconstructing unattested proto-languages. Previous attempts at applying machine learn-
ing to this task included supervised and unsupervised approaches, but data scarcity re-
mained a limiting factor. They expanded the Chinese dataset to include 804 cognate sets
across 39 modern varieties and Middle Chinese. The study includes a comparative anal-
ysis of the Transformer model with various baseline models, demonstrating its superior
performance in protoform reconstruction across multiple metrics and datasets. The paper
also discusses the limitations and challenges of the study, including the reliance on exist-
ing reconstructions, the need for substantial amounts of data, and the potential variations
in performance between models. Additionally, the authors address the limitations of their

Chinese dataset, particularly in terms of the source of the Middle Chinese protoforms.
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The most recent paper by Cui et al. [67]investigates advanced methods for proto-form
reconstruction in linguistics, particularly addressing challenges posed by incomplete cog-
nate sets in datasets like WikiHan. The authors implement three main approaches: first,
data augmentation techniques that predict missing daughter forms based on existing en-
tries and proto-forms to enhance training stability and model performance; second, reflex
prediction using a CNN model originally designed for image inpainting by treats daugh-
ter form prediction like pixel recovery, demonstrating that effective reflex prediction can
improve model robustness and yield slight performance gains, although it doesn’t surpass
prior benchmarks; and third, a character-level transduction method employing a trans-
former model that predicts daughter forms using the proto-form and target language as in-
puts, enhancing contextual understanding through additional feature embeddings. While
integrating Variational Autoencoder VAR structures improved transformer performance,
the study suggests further exploration of RNN models and optimization of daughter form

utilization to better reconstruct proto-forms.

3.2.2 In-context Learning

In-context learning ICL has significantly advanced machine learning in natural language
processing NLP. The in-context learning approach, introduced by Brown et al. [14] has
deepened the understanding of what large language models can do. It showed that these
models can handle complex tasks by using just a few examples (few-shot) or sometimes
even none at all (zero-shot) simply by formatting the input correctly. This skill highlights
how well LLMs can generalize across various tasks like machine translation and question

answering without needing any updates to their underlying models.

For instance, [68, 69] showed that incorporating contextual examples improved text clas-
sification accuracy. Additionally, Li et al. [70] and Y. Chen et al. [71] demonstrated that
ICL refined answers in question answering tasks, and A. Patel et al. [15] highlighted its

potential in code generation.

Effective prompt engineering has emerged as a key methodological approach, optimizing
model responses. To use incontext learning one major issue is that LLMs are extremely
sensitive to the quality of the specific examples provided in-context [55, 56]. If these
examples don’t accurately represent the task at hand, the model may struggle to learn
effectively. As ICL continues to evolve, addressing these challenges will be crucial for
its broader application and impact in the field. Challenges such as dependency on context

quality and scalability across diverse tasks remain.
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3.3 Summary

This chapter covers a comprehensive literature review of the existing works on compu-
tational methods used to perform cognate identification, proto-word reconstruction, In-

context learning, and their proposed solutions.
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Chapter 4

Methodology

This chapter discusses the methodology implemented for cognate detection and proto-
language reconstruction of Ethio-Semitic languages. It begins with a detailed overview
of the dataset, covering its sources, characteristics, preprocessing, and cognate identifi-
cation. It also explains the feature extraction methods used to identify relevant linguistic
features. The role of Large Language Models and machine translation architecture in
predicting sound changes is highlighted. This chapter also focuses on the reconstruction
units, particularly phonemes, and outlines the evaluation metrics used to assess system ac-
curacy. By addressing these components, this chapter provides a detailed summary of the
procedures and methods employed in creating cognate datasets and sequence-to-sequence
encode-decode LSTM-based model for the proto-word reconstruction of Ethio-Semitic
languages.

Data Data
Collection Preprocessing

Cognate
Identification

Using
Proto-word LLMs(GPT-40)

Reconstruction

LSTM based
NMT

Compare the result of the
proposed methodology with the
baseline models

Figure 4.1: The proposed model architecture for Reconstruction of Proto-EthioSemitic.
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4.1 Dataset

Data from various linguistic levels can be utilized to study language change, including
lexical, phonetic, and syntactic data. Word forms (lexical or phonetic) are particularly
suitable for prediction tasks. Allowing the prediction algorithm to generalize the relation-
ships between phonemes by preparing a cognate dataset. Words in phonetic representation

form are used because they can closely reflect the actual language used by speakers [47].

4.1.1 Data collection

Asdiscussed in Section 2.3, data was collected in three Ethio-Semetic languages: Ambharic,
Tigrinya, and Ge’ez. Data was collected in two stages: First, for the golden data set words
from the Swadesh list [72, 73] concept were translated into the three languages of interest.
The Swadesh list is a compilation of tentatively universal concepts for lexicostatistics. The
list was put together by Morris Swadesh on the basis of his intuition [73]. This list con-
tains 100 terms. The words in the Swadesh lists were chosen for their universal, culturally

independent availability in as many languages as possible, regardless of their “stability”.

thou we this that who what | not all many
louse | tree seed leaf root bark | skin | flesh | blood
mouth | tooth | tongue | fingernail foot knee | hand | belly | neck
kill | swim fly walk come lie sit stand | give
fire ash burn path mountain | red | green | yellow | white

Table 4.1: Swadesh list examples(45 out of 200)

Secondly, for the main data set words with the same meaning across all languages of
interest were collected from dictionaries. Data was collected from Isanat sem [74]. A
total of 14,100 words were collected across the three languages. The final dataset includes
words with different suffixes and prefixes of a single morpheme across the three languages;
allowing us to capture sound change in different morphological units. Words included in

the final dataset are selected based on:

1. Having the same meaning
2. Not being borrowed/loan words
3. Being currently used by speakers of each of the languages
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4. Having meaning that can be represented by a single word

4.1.2 Data Preprocessing

Pre-processing is a vital step in pattern detection and prediction researchs because it en-
sures that the results are accurate and reliable [75, 47]. This stage involves transforming
raw data into a format that is easy to analyze for the proposed methodology. The main
tasks in data pre-processing include cleaning the data, converting it from one format to

another, and tokenization.

4.1.2.1 Data cleaning

Data cleaning is a crucial process that involves the removal of incomplete data, the cor-
rection of formats, and the handling of missing values. To perform an effective pattern
detection the dataset needs to be accurate, complete, and consistent. The primary objec-
tive of data cleaning is to eliminate all possible errors and inconsistencies that could result

in biased results from the data [76]. Data cleaning was performed as follows:

* Removing special characters in the text, such as punctuation marks or non-alphanumeric
symbols. This includes characters unique to the language’s script, such as : (Ethiopic
word space) or : (Ethiopic paragraph separator). Removing these characters helps

standardize the text and prevents potential issues during further processing steps.

* Removing instances of redundant or duplicated words to streamline the text and
reduce redundancy. For example, if the same word appears m ultiple times consec-
utively or if unnecessary symbols like repeated punctuation marks are present, they
are removed. This process ensures that each word and symbol in the text serves a

meaningful purpose and contributes to the overall clarity of the content.

* Due to data formatting issues or errors, multiple words might be incorrectly com-
bined into a single cell or unit of text. By splitting these instances, each word is prop-
erly segmented and treated as an individual unit, which facilitates accurate analysis

and processing downstream.
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» Words in the dataset that are contextually ambiguous or have multiple meanings are
manually corrected to ensure accurate representation. This process may involve lin-
guistic expertise or context-based analysis to disambiguate the intended meaning of
each word. By manually correcting such words, semantic coherence is maintained

and ambiguity is reduced, which is crucial for reliable analysis and interpretation.

These cleaning steps aim to enhance the quality, consistency, and interpretability of the

dataset.

4.1.2.2 Feature Extraction

Feature extraction is a technique in machine learning and data analysis that focuses on
identifying and extracting significant features from raw data. It goes a step further by
transforming the data into a format that is more suitable for analysis. This process can
involve dimension reduction, identifying meaningful patterns, or converting the raw data
into a different format to uncover essential characteristics. These features are subsequently

used to construct a more informative dataset [77, 75, 47].

After cleaning the data, the individual words were converted to their IPA format, so that
it can be easier to extraction more detailed sounds representation. Converting words to
their IPA is crucial for the linguistic task of proto-language reconstruction. The words
are converted to their phonetic representation using Epitran Python library!. For both
Ambaric and Tigrinya, the more phonemic IPA code as mentioned in Table 2.1 is used to
capture a wider range of phonetic features. For Ge’ez, the Tigrinya more phonetic code
is used since it has more unique phonetic representations for the characters in the Ge’ez

script that all the languages use®.

4.1.2.3 Tokenization

Tokenization is the process of breaking down text into smaller units called tokens. Tokens
can be words, sub-words, characters, or other meaningful elements [78, 79]. The IPA
representation for the words has to tokenize in character lever which splits the text into
individual characters IPA phonetics so that it can be easier to identify the sound changes

of the three daughter languages words for the same concept.

Thttps://github.com/dmort27/epitran
2For example, in the Amharic language there are 4 different letters for the glottal stop sound “?a” while

in Tigrinya those four letters each have a distinct sound: “?a”, “?e”, “Ya”, and “Te”
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Swadesh Word Ge'ez Tigrinya Ambharic
All N hedv Ui
kWilu kulu hulu
Egg AP ArdANch ArhAd
Paniqogtho Jiniqulalif intk'ulal
Eye 0Ly CI3) aem
Cajin Cajini ajin
Name e (iFd e
stm fim sim

Figure 4.2: Samples from the Swadesh 100-word list in the three languages of study(Gold

data set).

Ambharic | Tigrinya | Ge’ez | Total

Golden data 100 100 100 300
( From Swadesh List)
Main dataset 14,100 14,100 | 14,100 | 42,300

( From Dictionary)

Table 4.2: The number of words collected for each language using the two ways.

4.2 Cognate Identification

For cognate identification, a multi-faceted approach integrating both computational from
section 2.5.2.1 and linguistic techniques is employed. A compiled dataset holding 100
Swadesh list concepts with their meaning across Ambharic, Tigriniya, and Ge’ez was given
to linguists. Through phonological and morphological criteria which is the traditional

comparative method, the linguists identified 74 out of the 100 concepts as cognates.
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Then three different LingPy cognate detection techniques which are SCA, Turchin, and
Lexicon were used on the data that were verified by the linguists (henceforth referred to
as “Gold Dataset) and results were used to determine which method was best suited for
our language family. After evaluating the effectiveness of each technique, the most suit-
able methods were selected for further analysis which are SCA and LEXSTATID. These
chosen methods were then applied to the remaining data. Our approach integrated com-
putational tools and manual verification, with linguistic experts reviewing the results to
account for historical sound changes and semantic shifts. This robust methodology facili-
tated a reliable identification of cognate sets, enhancing our understanding of the historical

and evolutionary relationships among the languages studied.

Through the above process, two datasets are built:

1. Gold Dataset (Identified by linguists)

2. Main Dataset (Identified by lingpy method and verified by linguists)

Step 1 Step 2 Step 3

Sematically Related Words | Cognate Identification | Proto-Form Reconstruction

Ge’ez IPA IPA
Swadesh List: 100 concepts Linguist: 74 cognates Linguist: 74 proto-form
300 words.

Dictionary: 14,100 terms. | Automatic:1847 cognates | Syntetic: 1847 proto-form
54,300 words

Table 4.3: Steps taken to create the dataset and the number of words, cognates, and proto-

forms created at each step.

4.3 Proto-EthioSemitic Reconstruction

To our knowledge, no prior proto-language reconstructions were done for the Ethio-Semitic
language family. Hence, reconstructing its proto-form from the existing daughter lan-
guages is novel research. First, in-context learning using large language models is ex-
amined on the reconstruction process to generate synthetic data set. Then the existing
methodologies for other language models are implemented on the generated synthetic data
set. Finally, Using the proposed LSTM-based encode-decode model, the proto word of

Ethiopian-Semitic languages are reconstructed.
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4.3.1 In-context learning

LLMs are models usually employing the Transformer architecture that are trained to under-
stand, summarize, generate, and predict text-based content using deep learning techniques
and massive datasets. These models are specifically engineered to process and generate
‘human-like’ text, making them powerful tools for many tasks in natural language pro-
cessing. But since (1) LLMs are too large to train from scratch and (2) already contain
large amounts of knowledge, methods like In-Context Learning are used to utilize LLMs

for different tasks with complex structure and scarce data set [80, 54, 81, 14].

In-context learning (ICL) is an approach where a language model makes predictions using
just a few examples, without needing to train the model [14]. This method is particularly
useful when labeled data is limited, as it can handle tasks with minimal input. However,
randomly selecting examples due to input length constraints can lead to less stable and less
effective results [54, 82]. To maximize the effectiveness of ICL, it’s crucial to carefully
select examples that are both informative and representative of the broader dataset. In
ICL (In-Context Learning), the average preferred number of examples is around eight.
However, if the examples are positive and the task is complex, increasing the number of
examples for better presentation of the dataset can improve the model’s performance [83,
84].

To implement in-context learning, two specifically constructed data sets were utilized(see
Section 4.2). The Gold Dataset served as the benchmark for testing the model’s in-context
character capabilities and assessing its performance in language reconstruction. After val-
idating the model’s effectiveness, it was then applied to reconstruct the proto-forms of the

Main Dataset, which excluded ancestral words.

Design Use it on

Prepared Select Implement

an Evaluate main

Dataset Model ICL

example data set

Figure 4.3: Flow Diagram of the In-Context Learning Process

The initial step in this process is selecting a suitable large language model (LLM). W.
Chen et al. [85] and Brown et al.[14] showed that the size of parameters models trained
on plays a crucial role in determining its performance for in-context learning tasks. An-
other essential factor to consider is the model’s availability. GPT-40, with an estimated
parameter range in the hundreds of billions to trillions(see Table 4.4) stands out for its

substantial parameter size, even though it is a closed-source model.
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Model Size (Parameters)

GPT-3.5 | 175 billion [14]

GPT-4 Unknown, estimated in trillions [86]

GPT-40 Unknown, estimated in trillions
and is even more efficient than GPT-4 [86]
LLaMA 7 billion to 70 billion [87]
BERT 110 million (Base), 340 million (Large) [88]
BLOOM [89] | 176 billion
Aya [90] 13 billion

Table 4.4: Sizes of Various Large Language Models (LLMs)

The second criterion for selecting the most suitable language model for this task involved
evaluating the performance of three LLMs on proto-word reconstruction using the golden

dataset.

The next step is to design an example, a process known as prompt design or demonstration
design. The number of demonstration examples used can significantly impact a model’s
performance, depending on the complexity of the task. For simpler tasks, adding more
demonstrations often does not lead to noticeable improvements. On average, using around
eight or under demonstrations tends to yield better results [91]. However, for more com-
plex tasks such as language reconstruction, the model needs to understand sound pattern
changes across cognates. In such cases, the number of demonstrations should be carefully
selected based on how well they highlight these phonological patterns. In this step, 11
sequences were randomly chosen, with each sequence comprising 11 labeled examples,
each sequence consisting of examples, ((x1,41)), (2, ¥2)), - -, (Tm, Ym)), Where x,, is
a sequence of langl, lang2, and lang3, and ¥, is the corresponding proto-form. langl,
lang2, and lang3 represent Ge’ez, Tigrinya, and Amharic correspondingly. The selec-
tion of these examples was done randomly, guided by the linguists’ judgment of which

examples best represent the contextual information of the data in the data set.

The demonstration examples are prepared as follows:

» Sampled 11 sequences, each containing ‘langl’, ‘lang2’, ‘lang3’, and their corre-

sponding ‘proto’ forms.
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+ Constructed input-output pairs for each sequence as (1, f(x1)), (22, f(22)), -+, (Tm, f(Tm)),
where x; represents a sequence in ‘lang1’, ‘lang2’, and ‘lang3’, and f(z;) represents

the corresponding ‘proto’ form.

For in-context learning, each sequence is formatted into a prompt that the LLM can un-

derstand. The prompts were structured as follows:
Examples = [

“prompt”: “Language A: "k%illu', Language B: “kulu', Language C: “hullu', Proto-word:
“kullu",

“prompt”: “Language A: “?ab', Language B: “?abo', Language C: “abat', Proto-word:
\\?ab"”,

]

Each example within the prompt provides the LLM with multiple input sequences (‘lang1’,
‘lang2’, ‘lang3’) along with the corresponding ‘proto’ output. The first 11 examples are
used as the context for the LLM using prompt design. These examples demonstrate how

the input sequences map to the ‘proto’ sequences.

Following the prompt design, the next step involves applying ICL. This is achieved by
feeding the prepared prompt examples into the model to assess GPT-40’s performance
in reconstructing proto-words. The evaluation focuses on how well GPT-40 reconstructs
proto-forms for the remaining cognates in the golden dataset. In addition to GPT-40 we
experimented on two generative models which are mT5 and AfriTeVa. And GPT-40 per-

formed well compared to those models.

Based on the model’s performance in testing, GPT-40 is then employed to reconstruct the
ancestor language of Ethio-Semitic words main data set which is the data set that does not

have a proto-form.
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4.3.2 LSTM-based encode-decode model

Neural Machine Translation (NMT) models generally feature an encoder-decoder archi-
tecture. The encoder processes the input words, which can vary in length, and converts
them into a fixed-length representation. This representation captures the essence of the
input word characters. The decoder then takes this representation and generates the pre-
dicted word in the target proto-language. This approach allows for more accurate and
fluent translations by leveraging deep learning techniques to understand and produce lan-
guage [92, 93].

Language reconstruction is the process of inferring the features of an ancestral language
(a proto-language) from its descendant languages. This task requires models that can ef-
fectively capture the relationships between different languages and sequences of linguistic

features.

In this research paper, we propose LSTM-based encode-decode model for proto-language
reconstruction. LSTM networks are a type of recurrent neural network (RNN) designed
to handle the problem of vanishing and exploding gradients, which are common issues in
traditional RNNs [94]. The model consists of two main parts: an encoder and a decoder.
The encoder processes the input sequence (e.g., a word or sequence of sounds in a daughter
language) and generates a series of hidden states that encapsulate the linguistic information
from the input. The decoder then takes these hidden states and reconstructs the proto-
language sequence, generating the ancestral word or sound sequence one element at a

time [92, 93].

This research aims is to predict and reconstruct proto-forms (ancient or reconstructed lan-
guage forms) from their cognates across the three Ethio-semitic languages. This model
leverages a sequence-to-sequence (seq2seq) architecture with attention mechanisms, em-
bedding layers, and Multilayer Perceptron (MLP) networks to capture the relationships

between languages and accurately predict the proto-form.

* Encoder-Decoder Framework: The core of the model is a sequence-to-sequence
architecture that includes an encoder and a decoder, both implemented using LSTM
networks. The encoder processes the input sequence (e.g., a word from a descendant
language) and converts it into a series of hidden states. The decoder then uses these
hidden states to generate the output sequence, which could be the reconstructed

word in the protolanguage.
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Figure 4.4: The proposed LSTM-based encode-decode architecture flow diagram
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* Embedding Layer: The model uses a sophisticated embedding system to represent
characters and languages in a dense vector space. These embeddings provide the
model with a rich, context-aware representation of the input data, which is crucial
for capturing the subtle differences between languages and predicting the correct

output sequence.

* Attention Mechanism: To improve the model’s ability to generate accurate out-
puts, an attention mechanism is integrated into the decoder. This mechanism al-
lows the model to focus on the most relevant parts of the input sequence during
each step of the decoding process, enhancing its ability to handle long and complex

sequences.

* Multilayer Perceptron (MLP): After the decoder generates hidden states, they
are passed through a Multilayer Perceptron to produce a probability distribution
over possible output characters. The MLP refines the decoder’s output, helping the

model make accurate predictions at each step of the sequence.

* Vocabulary Management: A robust vocabulary management system is imple-
mented to handle the various characters across different languages, including un-
known tokens. This ensures that the model can operate effectively even with in-

complete or noisy data, which is common in language reconstruction tasks.

Both the encoder and decoder are LSTM network. The forms of the words in the daughter
languages are read by the encoder, and a contextualized representation of each character is
output. Ateach decoding step, the encoder’s representations are attended to by the decoder
via a dot-product attention mechanism. The output of the attention mechanism is then fed

into an MLP, which generates the next proto-EthioSemitic character.

Instead, the character embedding table is shared across all languages, including Proto-

EthiSemitic. To each character vector, a language-embedding vector is concatenated.

4.3.3 Train-Test Split

To train the model built the data has to split to train, validate, and test. In this method,
a major portion of the overall dataset is selected for training, and the remaining data is
saved for validating and testing the models we built. The data set is split into 80/10/10, as

training, validating, and testing respectively.
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Language family | Total No | Training | Validating | Testing
Ethio-Semitic 1847 1477 185 185
Latin 5419 4335 542 542
Chinese 804 644 80 80

Table 4.5: Train-Validate-Test data split for the model.

The Meloni et al. [64] dataset, consisting of 8,799 cognate sets of Romanian, French, Ital-
ian, Spanish, and Portuguese words along with their corresponding Latin forms. However,
only 5,419 cognate sets from the phonetic version (Rom-phon) were accessible. Addi-

tionally, the Chinese dataset includes 804 cognate sets from 39 modern Sinitic languages,

along with their reconstructed Middle Chinese counterparts are used [10].

4.3.4 Experimental Parameters Setup

ParameterS LSTM-based
NMT
batch _size 1
betal 0.9
beta2 0.999
dropout 0.27699
embedding_size 80
epochs 100
eps le-08
feedforward dim 100
1r 0.000822
num_layers 1
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Table 4.6: Parameters used for the proposed model.

Parameters and their setups are carefully chosen for better performance. In addition, dif-
ferent hyperparameters have been used to fine-tune the Deep Learning models. The setup

used in the system is given in Table 4.6 above. Dropout is used to prevent overfitting.




4.4 Experimentation Setup

While doing the experiments we used the following:

Category Details

Operating System | Ubuntu 22.04.2 LTS Server

Software
* Python 3.9.16
* pytorch 2.12.0
* lingpy 2.10
Hardware

Dell Precision 7920 Tower server

Intel(R) Xeon(R) Gold 6230R CPU

64GB RAM

NVIDIA RTX A4000 GPU

Table 4.7: Experimental Setup

As shown in Table 4.7 experiments were conducted on a system running Ubuntu 22.04.2
LTS Server as the operating system. The software stack included Python 3.9.16 for pro-
gramming and scripting, PyTorch 2.12.0 for deep learning tasks, and LingPy 2.10 for lin-
guistic analysis. The hardware configuration consisted of a Dell Precision 7920 Tower
server equipped with an Intel(R) Xeon(R) Gold 6230R CPU, 64GB of RAM, and an
NVIDIA RTX A4000 GPU, providing the computational resources necessary for the ex-

periments.
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4.5 Evaluation metric

Several evaluation metrics are used to assess the proposed methodology’s performance.
Evaluation metrics are quantitative tools used to evaluate a machine-learning model’s ef-
fectiveness. These metrics offer valuable insights into the model’s performance, allowing
for a clear comparison between different models or algorithms [95]. In this research, we

used the following evaluation metrics:

1. Edit distance: Edit distance quantifies how dissimilar two strings (e.g., words) are
to one another by counting the minimum number of operations required to trans-
form one string into the other. The allowable operations are addition (i.e. adding a
character), deletion (i.e. removing a character), and substitution (i.e. replacing one
character with another) [57]. Normalized edit distance (edit distance normalized by
the length of the target) is employed to measure the similarity between the predicted

and target protoforms.

2. Accuracy: Refers to the percentage of protoforms that are reconstructed without
any mistakes. It is a measure of how often the reconstructed protoforms perfectly
match the expected or true protoforms. It measures the overall correctness of pre-

dictions made by the model [24].

Number of correct reconstructions
Accuracy = ( ) x 100

Total number of protoforms

3. Recall: Measures the proportion of actual positives correctly identified by the model.
In other words, it measures how well the system can identify cognates without miss-
ing. A high recall rate is important to minimize the number of false negatives. It
is calculated as the ratio of the number of correctly identified cognates to the total

number of cognate words [95].

TruePositive

Recall = — -
TruePositive + FalseNegative

4. Fl-score: F1 Score is the harmonic mean of Precision and Recall, providing a bal-
anced measure. A high F1 score indicates a balanced trade-off between precision
and recall. [95].

2 % (precision * recall
Fl-score = (p )

precision + recall

44



5. Precision: Measures the accuracy of positive predictions out of all instances clas-
sified as cognates. It reflects the ability of the system to correctly identify cognates.
It is calculated as the ratio of the number of correctly identified cognates to the total

number of words identified as cognates [95].

TruePositive

Precision = — —
TruePositive + FalsePositive

6. Margin of error: Is a measurement of the amount of error that arises from random
sampling. It is considered important because it reflects the reliability of the results.
By understanding the margin of error the level of uncertainty in the findings can be

recognized, allowing for a more informed interpretation of the data.

Margin of Error (ME) = Z x 7

vn

Where:

* TruePositive: is the number of correctly identified cogantes.

* TrueNegative: is the number of correctly identified not cognate words.

* FalsePositive: is the number of words incorrectly identified as cognates.

» FalseNegative: is the number of words incorrectly identified as not cognates.

* Zisthe Z-score corresponding to your desired confidence level (e.g., 1.96 fora 95%

confidence level).

* o is the standard deviation of the prediction errors (or sample standard deviation if

the population standard deviation is unknown).

* n is the number of predictions or sample size.

4.6 Summary

In this chapter, the working principles and methodologies applied in three key stages have
been discussed: cognate identification, synthetic data generation, and the proposed ap-
proach for proto-word reconstruction. The process of identifying cognates from the ex-
isting dataset has been outlined. The methodology for generating synthetic data based on
the identified cognates has also been described to expand and enhance the dataset. Lastly,
the proposed methodology for reconstructing proto-words has been detailed. The results

obtained from the experiments will be presented in the next section.
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Chapter 5

Result and Discussion

The findings from the investigation into Ethiopian Semitic language reconstruction are
presented in this section. In-context learning with GPT-40 and the LSTM-based encode-
decode model were utilized. The model was evaluated using several performance metrics

and compared to baseline models.

5.1 Cognate Identification Method Selection

As discussed in Section 4.2, cognate identification is the first step in this study. Using the
methods described in Section 2.5.2.1, Table 5.3 presents the results for the three automatic
cognate set discovery methods used. First, the Gold Dataset was used to select the best-
performing method from the three automated cognate discovery methods. Then, the two

best-performing methods were used to identify cognates for the Main Dataset.

TURCHINID | LEXSTATID | SCAID
Precision 1.00 0.96 0.85
Recall 0.53 0.60 0.90
F1 Score 0.69 0.74 0.87
Accuracy 0.66 0.69 0.81

Table 5.1: Result

Based on the evaluation of the three identification methods, SCAID and LEXSTATID
emerge as the preferred choices for different aspects of cognate identification. SCAID is
chosen for its overall reliability, as evidenced by its highest accuracy of 81.1% and an im-
pressive F1 score of 0.873 in addition to 90 % recall. This indicates that SCAID is highly
effective in balancing the identification of true cognates (high recall) while minimizing
incorrect predictions (high precision). Its ability to accurately predict both positive and

negative instances makes it a suitable option for comprehensive cognate identification.
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LEXSTATID, while slightly less accurate with a 68.9% accuracy is chosen for its moderate
yet consistent performance. It serves as a valuable secondary method, offering a different
perspective that complements SCAID’s strengths. The choice of SCAID for its overall
reliability and LEXSTATID for its solid performance ensures a well-rounded approach to
cognate identification, combining the strengths of both methods for a more accurate and
reliable outcome. Based on this performance on the Gold Dataset the two methods SCAID
and LEXSTATID were applied on the Main Dataset which includes 14,100 entries. This

process resulted in 1847 cognate words identified out of the 14,100 words triples.

Out of 1847 Linguists then verified a 196 subset of the automatically identified cognates,
finding errors in just 2% of the samples. This low error rate indicates that, even though
the automatic cognate identification is not perfect, it can correctly identify a large set
of cognates. The final dataset from this step has 1847 cognates identified by automated
methods and 74 cognates identified by linguistic experts.

5.2 Proto-word Reconstruction using GPT-40

GPT-40 was choosen in addition to having the largest parameters trained on we addi-
tional experiment on other two generative models (mT5 and AfriTeVa ) that are trained on
Ambaric language. We find that GPT-40 outperforms AfriTeVa and mT5. We hypothesize
this could be because GPT-4o is trained on a wider range of language varieties inaddition
to IPA and hence might more easily learn the patterns in IPA format from the small training
data we provided. While both mT5 and AfriTeVa include Ambharic in their pre-training,
we are training and testing in [PA format hence the prior knowledge of the language may

not be as relevant.

Model Linguist

AfriTeVa-base 12.23
mT5-base 57.74
GPT-40 85.0

Table 5.2: Model performance on linguist reconstructed test set.
From the Gold Dataset which has 74 words reconstructed by linguists, 11 were used as
examples for In-Context learning, and the remaining 63 were used to test performance.

The proportion of correctly predicted instances out of the total number of instances using

GPT-40 are able to achieve an accuracy of 85% with an error rate of 15%. Error Rate
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GPT-40

Precision 0.84
Recall 0.85
F1 Score 0.84

Accuracy | 0.85

Table 5.3: Result of LLM

is the proportion of incorrectly predicted instances out of the total number of instances

evaluated. And it is calculated as:
Error Rate (%) = 100% — 85% = 15% (5.1)

A 15% error rate implies that there will be instances where the model makes incorrect
predictions. In addition to the error rate to strengthen the discovered result, the error

margin is used as an evaluation metric.

Using this methodology, a synthetic proto-word was constructed for the main cognate
dataset, which consists of 1,847 words for each of the three languages: Ambharic, Ge’ez,
and Tigrinya. Out of the total 1,847 words, Due to the limited expertise in proto-word
reconstruction in Ethiopia, only a randomly selected subset of 39 words was provided to

linguists for further verification and evaluation.

The verification process aimed to ensure that the reconstructed proto-words align with
linguistic principles and historical reconstructions, thereby validating the computational

approach applied to the dataset.

GPT-40

Precision 0.87

Recall 0.86

F1 Score 0.86

Accuracy | 0.86

Table 5.4: Result of the verification data set by linguists
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The result shows that the model achieves a strong and consistent performance at the char-
acter level, with an accuracy of 86% with an error rate of 14% indicating that a majority
of the predicted characters align with the ground truth. The precision of 87% reflects
the model’s ability to make relevant predictions with minimal false positives. The re-
call of 86% highlights its capacity to capture most of the correct characters from the true
sequences. The balanced F1 score of 86% further underscores the model’s reliability in

maintaining a good trade-off between precision and recall.

5.3 Ancestor word Reconstruction using Seq2Seq Models

The Main dataset was organized into annotated sequences specific to each language family
divided into training, validation, and test sets. Models were trained on the respective
training sets, tuned using validation sets, and evaluated on the test sets to measure their

effectiveness in language reconstruction.

ParameterS LSTM-based GRU-based Transformer
NMT NMT based NMT
batch _size 1 1 1
betal 0.9 0.9 -
beta?2 0.999 0.999 -
dropout 0.27699 0.27699 0.1708861
embedding size 80 489 128
epochs 100 80 120
eps le-08 le-08 -
feedforward_dim 100 431 517
1r 0.000822 0.000122 0.00063
n_head - - 8
num_layers 1 1 3

Table 5.5: Parameters used for proposed model and baseline models.

The performance of GRU-based, transformer-based Neural Machine Translation (NMT)
and LSTM-based models for language reconstruction tasks across three distinct language
families are evaluated. The evaluation includes metrics such as accuracy, edit distance,

and loss are used to assess model performance.
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5.3.1 Accuracy

The accuracy of NMT-based models which are GRU-based and Transformer-based ar-
chitectures was evaluated as a baseline for language reconstruction across three distinct
language families: Chinese, Latin, and Ethio-Semitic. The performance of these baseline
models was then compared to the proposed LSTM-based encoode-decode model provid-

ing a comprehensive comparison across these language families as shown in Figure 5.1.

120 - IGRU-based Transformer-based i
LSTM-based

100 + .

g 80 - 2
>
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20 |- I -

0
Chinese Latin Ethio-Semitic

Figure 5.1: Accuracy comparison of baseline (GRU and Transformer NMT) and proposed

(LSTM) encode-decode model for language reconstruction across three language families.

The accuaracy of the base line models and LSTM based model in proto-language recon-
struction varied significantly across different language families. For the Chinese language
family, the GRU-based model achieved the highest accuracy at 54%, followed by the
LSTM-based model at 49%, and the Transformer-based model at 43%. Showing that the
GRU-based model’s architecture was particularly effective in capturing the linguistic pat-

terns of Chinese.
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The results for the Latin language family show a different pattern. The Transformer-based
model proving to be the most effective, reaching an accuracy of 45%. Followed by the
LSTM-based model with an accuracy of 30%, and the GRU-based model with 20% ac-
cuaracy. Showing that the Transformer’s strong performance is largely due to its need for
larger datasets. Its ability to manage long-range dependencies and process information
simultaneously makes it especially well-suited to the Latin language family when there’s

sufficient data available to maximize these features.

For the Ethio-Semitic language family, the LSTM-based model proved to be the most
effective with an accuracy of 91%. The superior performance of the LSTM-based model
can be attributed to its strength in sequence learning and handling time dependencies even
for small data set. The transformer based performed low for the Chinese and Ethio-Semitic
language family due to the size of the data set used to train the model as it needs large data

set to perform better.

5.3.2 [Edit Distance

The second evalution metric is edit distance. It measures the number of changes (inser-
tions, deletions, substitutions) needed to transform one string into another. Lower edit
distances indicate higher similarity between the predicted proto-forms and the correct

proto-forms.
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Figure 5.2: Edit Distance of different NMT-based models (GRU-based, Transformer-
based) and LSTM-based encode-decode moodel for language reconstruction across three

language families (Chinese, Latin, Ethio-Semitic).

The results of the edit distance analysis reveal significant insights into the performance of
different neural network architectures across three language families: Chinese, Latin, and
Ethio-Semitic. For Chinese, the GRU-based model stands out with the lowest edit distance
of 0.82, indicating its ability to reconstruct proto-forms accurately. This suggests that the
GRU architecture effectively captures the unique morphological and phonological char-
acteristics of the Chinese language. In contrast, the Transformer-based model performs
the least well in this context with an edit distance of 0.96, while the LSTM-based model

falls in between at 0.94, reflecting its relatively moderate accuracy.

In the Latin language family, the performance dynamics shift, with the Transformer-based
model achieving the lowest edit distance of 1.09. This can be attributed to the model’s ca-
pacity to leverage large datasets, which is crucial for its performance. The LSTM-based
model follows with a higher edit distance of 2.07, indicating a decline in accuracy, while
the GRU-based model trails behind with an edit distance of 2.32, marking it as the least ef-
fective in this scenario. The results imply that the Transformer architecture is particularly

well-suited to the Latin language, possibly due to its data-driven nature.

52



For Ethio-Semitic, the LSTM-based model emerges as the best performer with an im-
pressive edit distance of 0.20. Its architectural advantages, such as capturing long-term
dependencies and effectively managing sequential data, make it particularly adept at han-
dling the complexities inherent in Ethio-Semitic languages. The GRU model closely fol-
lows with an edit distance of 0.22, demonstrating its strong performance as well. The
Transformer-based model, however, lags behind with an edit distance of 0.89, indicating

it is less suited to the intricacies of Ethio-Semitic languages.

Overall, these findings underscore the varying strengths of each model across different
language families. The GRU model excels in Chinese due to its effective handling of the
language’s specific characteristics, while the Transformer model shines in Latin, benefit-
ting from large datasets. The LSTM model proves to be the most versatile, successfully
addressing the complexities of Ethio-Semitic languages. This analysis highlights the im-
portance of selecting appropriate model architectures based on the unique linguistic fea-
tures and available data for each language family, providing a roadmap for future research

in language processing tasks.

5.3.3 Loss

The third evaluation metric we used is loss. Loss values in neural networks represent a
measure of how well the model is performing: lower loss values indicate better perfor-

mance.
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Figure 5.3: Loss of different NMT-based models (GRU-based, Transformer-based,
LSTM-based) for language reconstruction across three language families (Chinese, Latin,

Ethio-Semitic).

The evaluation of loss across different neural network architectures reveals critical in-
sights into their performance during training for Chinese, Latin, and Ethio-Semitic lan-
guages. For Chinese, the Transformer-based model achieves the lowest loss of 0.019,
demonstrating its superior capability to minimize training errors effectively. This posi-
tions the Transformer as the most proficient model for this language, suggesting that its
architecture is well-suited to capture the intricate patterns within Chinese data. Follow-
ing closely, the GRU-based model shows a loss of 0.13, indicating it performs reasonably
well, albeit not as effectively as the Transformer. In contrast, the LSTM-based model

exhibits the highest loss at 0.23, highlighting its relative inefficacy in this context.

In the Latin language family, the dynamics shift, with the GRU-based model achieving
the lowest loss of 0.32. This suggests that it is particularly effective at minimizing errors
during training for Latin, perhaps due to its ability to adapt to the linguistic characteristics
of the data. The Transformer model follows with a loss of 0.49, indicating a less favorable
performance, while the LSTM model has the highest loss at 0.52, reinforcing its position

as the least effective model in this language family.
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When examining Ethio-Semitic languages, both the GRU and LSTM models demonstrate
commendable performance, achieving low losses of 0.1 and 0.08, respectively. This in-
dicates their strong capabilities in handling the complexities of Ethio-Semitic languages.
However, the Transformer-based model faces challenges, with a higher loss of 0.36, sug-
gesting that it struggles more than the other architectures in minimizing training errors for

this language family.

These varying accuracies emphasize that different language families have distinct struc-
tural complexities and historical developments, which make them more compatible with
specific types of models. Therefore, when choosing an NMT model for proto-language
reconstruction, it is crucial to consider the unique linguistic characteristics of the language
family. Tailoring the model selection to the particular features of each language family

can significantly enhance the accuracy and effectiveness of the reconstruction process.

Overall, these findings underscore the varying strengths of each model across different
languages. The Transformer’s effectiveness in Chinese contrasts with its struggles in
Ethio-Semitic, while the GRU model consistently demonstrates robustness in both Latin
and Ethio-Semitic contexts. The analysis emphasizes the importance of aligning model
selection with the linguistic characteristics and error dynamics inherent to each language
family, providing a clearer pathway for future research and application in language pro-

cessing tasks as also the size of data set has an effect on performance of models.

Verfication for the three models

GRU Transf LSTM | By linguists | Ge’ez Tigriniya | Ambharic
ormer GPT-40

aDAdY sofit’ sofit’ sofit’ sofit’ sofit’ sofit’ mififat’ maofofot’
(D&CE mohifori | mhifori | mohifor | mohifor | mohifori | mohifori | mohifori | moforja
unn totfok’o | totatfok’a | totfok’a | totfok’a | totak’a | totagomo | totfok’a | hokoka
ANN gosaso gosasi gososd | gosaso | gosasd | gosasd hasosi 295959
fant fimoto mosoto fomoto | fomoto | fomoto | masado | fomoto fimoto
NH roboho boz boziho | robiho | boziho | roboho boziho boza
"PMMA | 20qetss | bogetss | 2oqats’ | Poqats’s | 20qats’s | bagets's | 2oqats’alo | 2ok’atatalo

Table 5.6: Examples of patterns from the Three models and the linguist reconstructed

proto-forms.
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For verification 39 cognate words were given for lingusts from the main dataset and we
compared the result with the output of the three methods. When comparing the GRU based
NMT with the linguists proto-word reconstruction, the changes indicate that the predic-
tion process often altered vowels and some consonants, particularly in complex clusters.
The most frequent changes involved vowel shifts (e.g., /a/ to /a/, /i/ to /a/, /e/ to /u/) and

consonant substitutions (e.g., /b/ to /r/,/k/ to /m/).

On the other hand when comparing the transformer based NMT with the lingusts data, the
results indicate that the model often confuses central vowels like /o/ and /i/ as well as in-
terchanges vowels /a/ and /e/ Consonant substitutions also occur, particularly with glottal,
pharyngeal, and liquid sounds, where distinctions between /m/, /{f and /r/ are problem-
atic. Despite these challenges, sounds like /s/, /t/, /d/, and /q/ are consistently predicted
accurately, highlighting their stability in the model’s output.

For the LSTM based NMT, the character-by-character comparison shows that the model
accurately predicts most characters in the majority of cases, with consistent success in
predicting sounds like /s/, /o/, /t/, and /m/ However, there are notable errors, especially in
distinguishing between similar vowel sounds such as /o/ and /i/ as well as in predicting

consonants like /k/ , /r/, and /q/.

In addition we compared the 39 proto-words reconstructed by the linguist with generated
syntetic data. It reveals a mix of correct and incorrect predictions across various rows.
Most predictions matched the expected sounds, such as /s/, /o/ , /f/, /i/, /t/, /m/, /i/, and
others, indicating a solid performance for these characters. However, several specific
mismatches were noted, particularly where the expected /a/ was incorrectly predicted as
/™, /k/ as /{/, and another /a/ as /o/. Also showed errors, with /b/ predicted as /r/ and /z/

as /b/ Similar issues appeared where /a/ was replaced with /q/ and /q/ as /k/ and /i/ as /o/.

As demonstrated in Table 5.7, the proposed method significantly outperforms the base-
line models according to the linguists’ evaluations for the Ethio-Semitic language family.
This performance is achieved despite an error rate associated with the GPT-40 synthetic
dataset, on which the model was trained. These results indicate that our approach offers a
more accurate and reliable solution compared to existing models, even when trained with

synthetic data.
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GRU based NMT | Transformer based NMT | LSTM based NMT
Precision 0.70 0.68 0.79
Recall 0.71 0.68 0.78
F1 Score 0.69 0.67 0.77
Accuracy 0.71 0.68 0.78

Table 5.7: The performance of the three models comparing with the linguists verfication
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The two research questions mentioned in Section 1.1 are answered as follows:

RQ1

RQ2

How effective are large language models (LLMs) at generating high-quality syn-
thetic cognate datasets for the Ethio-Semitic language family, particularly when

using in-context learning to address data scarcity and phonological uniqueness?

As seen in Section 5.2, with 11 examples for in-context learning, GPT-40 was able
to correctly predict the proto-form 85% of the time for the Gold Dataset. The high
accuracy rate suggests that GPT-4o can be used to generate the proto-form for the

Main Dataset with an error margin of 0.094.

To what extent can an LSTM-based encode-decode model, trained on both gener-
ated synthetic data and existing linguistic data, accurately reconstruct proto-words

of Ethio-Semitic languages, compared to existing GRU and transformer models?

Using the proto-forms that were generated by GPT-40, Seq2Seq models, including
popular Machine Translation (MT) architectures were trained and tested for con-
structing the proto-form of the Main Dataset. The results show that the LSTM-based
encode-decode model achieved the highest accuracy of all the other models in the
experiment. Additionally, the performance of the Ethio-Semitic language family
was higher than that of the other two languages (Chinese and Latin). In the com-
parison with other languages, it was also observed that there was no single architec-
ture that performed better across all languages: the GRU-based model had the best
performance for Chinese, the Transformer-based model had the best performance
for Latin, and the LSTM-based model had the best performance for Ethio-Semetic.
Hence, whether or not a single model can effectively reconstruct proto-forms for all

languages remains inconclusive.
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5.4 Summary

In this chapter, the results of our experiment aimed at reconstructing proto-words have
been presented and analyzed. Our methodology involved a series of structured steps to ex-
tract and preprocess data from the identified cognates across the given language datasets.
Using the proposed proto-word reconstruction method, a new dataset was successfully
generated from cognate words to their proto-forms. The effectiveness of the reconstructed
proto-words was further evaluated by comparing them against expert linguistic recon-
structions. To validate the accuracy of the generated proto-forms, a random subset of
reconstructed proto-words was reviewed by linguists. The assessment showed an accu-
racy of 87%, indicating a high level of agreement between the reconstructed proto-forms
and expert reconstructions. Using this data set the LSTM-based encode-decode model

demonstrating an accuracy of 91%.
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Chapter 6

Conclusion and Future work

As languages change and evolve, fields such as historical linguistics examine the patterns
of these changes. One task in historical linguistics is historical language reconstruction:
the process of recreating ancestral language forms from their present-day descendants.
A series of experiments were conducted to reconstruct the proto-form for three Ethio-
Semitic languages: Amharic, Tigrinya, and Ge’ez. Data were collected from a three-way
dictionary, and (1) linguists were tasked with constructing the proto-form for 74 cognates,
while (2) automated methods were employed to identify cognates from the remainder of
the datasets. In-context learning was then utilized to generate synthetic protoforms for
words in the cognate dataset, with a subset of the generated protoforms being verified by
linguists. Three different Seq2Seq models were trained and tested for proto-form recon-
struction using the dataset. It was found that GPT-4 could generate proto-forms for the
dataset with an error margin of 0.094 and an accuracy of 85% on the Gold dataset created
by linguists. Among the Seq2Seq models, the LSTM-based model outperformed the other

two, achieving an accuracy of 91%.

Although the effectiveness of in-context learning for historical language reconstruction in
the three languages is demonstrated by our research, there are limitations due to the lack
of human experts to validate the full dataset. To verify the output of GPT-40 39 words
out of 1847 were given to linguists for evaluation, resulting in an accuracy of 86% with
an error rate of 14%. In the future, human evaluation will be extended to the full dataset
for more robust results. Additionally, the research focuses only on three of the seven
languages in the family. The inclusion of more languages would allow for the capture
of additional patterns and the generation of proto-forms that better reflect the ancestral
language. However, with these limitations in mind, the research contributes (1) a dataset of
1847 automatically detected cognates and 74 human expert-identified cognates in the three
languages, (2) 1847 proto-forms automatically generated by GPT-40 and 74 proto-forms
constructed by human experts, and (3) benchmark results of models on both automatic
and human-expert created datasets. Overall, this research is considered a starting point for

further investigation into historical language reconstruction for Ethio-Semitic languages.
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For future work, it is essential to expand human evaluation to the full dataset of recon-
structed proto-words. Additionally, the current reconstruction focuses only on three lan-
guages within the Ethio-Semitic language family. Including the remaining four languages
would help capture additional linguistic patterns and enhance the accuracy of the recon-

struction.
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