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ABSTRACT

In our study, we focused on developing automatic constituency parsing for the Siltigna
language using deep learning approaches. The Siltigna language is experiencing
increased speaker numbers, and our goal was to address the language's issues and
enhance its content globally. To achieve this, we employed a deep learning technique
known as the transition method and the main architecture we used was a seg-to-seq auto-
encoder-decoder model. This model has been widely used in natural language processing
tasks. We conducted experiments using various deep learning models, including LSTM, Bi-
LSTM, LSTM with attention, GRU, and transformer models. To train and evaluate these
models, collected a dataset of approximately 2000 sentences and labeled them with
corresponding parse trees. Before parsing the sentences into sequences, we applied
preprocessing techniques such as data cleaning and tokenization and split the dataset into
training and testing sets using an 80-20 split. Subsequently, we trained and tested the
LSTM, Bi-LSTM, LSTM with attention, GRU, and Transformer models on the labeled
parse tree data. Among these models, the transformer model achieved the best
performance with 84.38% accuracy, 0.137 losses, and LAS of 0.83. This indicates that the
transformer model was most effective in accurately parsing the Siltigna language. Our
study highlights the importance of natural language processing with interconnected
global community. By developing automatic constituency parsing for the Siltigna
language, we aimed to bridge language barriers and enable effective communication
across borders.

Keywords: - Automatic constituency parser, Bi-LSTM, deep learning models, GRU,

LSTM, Siltigna language, Transformer.
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CHAPTER ONE

1. INTRODUCTION
1.1. Background of the study

Natural language processing (NLP) plays a crucial role in our everyday lives by enabling
computers to understand human languages. Constituency parsing is a fundamental task in
NLP, as it involves identifying the syntactic structure of sentences. This process typically
includes segmenting a sentence into words, phrases and grouping them into syntactic
units. It serves as an intermediate component for various higher-level NLP applications.
For example, in grammar checking, a constituency parser helps to identify and correct
grammatical errors by analyzing the syntactic structure of a sentence. In question
answering systems, parsing aids in understanding the structure of the question and
extracting relevant information. Additionally, sentence parsing is used in word sense
disambiguation, which involves determining the correct meaning of ambiguous words
based on their syntactic context[1]. It involves analyzing the grammatical structure of a
sentence by constructing a parse tree, which represents the syntactic relationships between
words or tokens. There are two main types of parsing dependency parsing and
constituency parsing. Dependency parsing focuses on establishing direct relationships
between words or tokens in a sentence and it constructs a dependency parse tree that
represents these dependencies, where each word or token is a node, and the relationships
are represented by labeled arcs or edges between the nodes. The arcs typically indicate the
grammatical relationships, such as subject, object, or modifier relationships. Whereas,
Constituency parsing, on the other hand is based on the parse trees of formal grammars
and it aims to identify the constituents or phrases within a sentence and their hierarchical
structure. A constituency parse tree represents the sentence as a hierarchy of constituents,
where each constituent is a sub tree of the parse tree[2]. Constituency parsing is a core task
in natural language processing (NLP) that involves generating a structured syntactic parse
tree for a given sentence. The parse tree represents the hierarchical structure of the
sentence and captures the relationships between words and phrases. The goal of
constituency parsing is to identify the syntactic constituents in a sentence, such as noun
phrases, verb phrases, and clauses, and determine how they are hierarchically organized.
This is typically done by assigning a label to each constituent and specifying the
parent-child relationships between them Constituency parsing is important in NLP because
it provides a means to analyze the syntax of a sentence and extract useful information
16



about its structure. This information can be utilized in various downstream tasks, such as
relation extraction, natural language inference, and machine translation. By generating a
parse tree, constituency parsing enables a more detailed understanding of the sentence's
grammatical structure, which can aid in semantic analysis, information extraction, and
language generation. It also serves as a useful intermediate representation for further
linguistic analysis and processing. Over the years, various approaches have been
developed for constituency parsing, including rule-based methods, probabilistic models,
and neural network-based models. These approaches often rely on large annotated corpora
to learn patterns and dependencies in the sentence structure.Constituency parsing remains
an active area of research in NLP, with ongoing efforts to improve parsing accuracy,
handle complex sentence structures, and develop parsing models that can generalize well
across different languages and domains[3]. In the field of constituency parsing, there are
two main paradigms: - transition-based methods and chart- based methods. Transition-
based methods are parsing algorithms that operate by performing a sequence of transitions
to build a parse tree incrementally. These methods start with an initial configuration,
typically representing an empty parse tree, and apply a series of transitions to gradually
construct the parse tree. Each transition represents a specific action, such as shifting a
word onto the stack or combining constituents. Transition-based methods often use

machine learning techniques to learn the appropriate transitions based on training data[4].

Deep learning has been successfully applied to constituency parsing, a fundamental task in
natural language processing (NLP). Deep learning models for constituency parsing
leverage neural networks to automatically learn hierarchical representations of sentences
and capture syntactic structures[5]. These models often employ recurrent neural networks
(RNNSs), such as long short-term memory (LSTM) or gated recurrent unit (GRU)
networks, to process sentences and encode contextual information. Additionally, advanced
techniques like attention mechanisms and self-attention have been used to enhance the
models' ability to capture long-range dependencies and improve parsing accuracy. Deep
learning-based approaches have achieved state-of-the-art performance in constituency
parsing, demonstrating the effectiveness of neural networks in capturing complex
syntactic structures and improving parsing accuracy on various languages and domains.
Chart-based parsers represent spans in a sentence by subtracting hidden states at the
boundaries of the spans, which can result in the loss of context information within the
span. This can negatively impact parsing performance, particularly for long sentences. To
address this issue, n-grams can be used as a simple yet valuable source of information to

fill in the missing context. By incorporating n-gram information, chart-based parsers can

17



improve their ability to capture the dependencies and relationships between words within
spans, leading to better parsing accuracy[3]. From the above detail descriptions we
perform our research on transition-based methods for constituency parsing involve
applying a sequence of transitions to incrementally construct a parse tree, while chart-
based methods use chart data structures and dynamic programming techniques to divide

the parsing task into smaller sub problems and combine partial parse trees.

1.2.  Motivation of the study

Most research on constituency parsing has primarily focused on resource-rich languages
such as English, German, and Chinese. However, Siltigna language is considered an
under-resourced language in terms of electronic resources and processing tools. To
develop constituency parser for Siltigna language, certain steps need to be taken. Firstly, it
is crucial to prepare an annotated corpus specifically for Siltigna language. An annotated
corpus consists of sentences from the target language that have been manually labeled
with their corresponding parse trees. This annotated data serves as the training material for
the deep learning models, allowing it to learn the patterns and rules of Siltigna syntax.
Additionally, it is necessary to identify and define a suitable tag set for Siltigna language.
A tag set consists of a predefined set of tags that represent different grammatical
categories, such as nouns, verbs, adjectives, and so on. Defining an appropriate tag set for
Siltigna enables the models to assign the correct tags to words in the input sentences,
facilitating the parsing process. The motivation behind researching and developing a
constituency parser for Siltigna language stems from its under-resourced nature compared
to other languages. By addressing the lack of electronic resources and processing tools for
Siltigna language, we aim to bridge the gap and contribute to the field of natural language
processing for siltigna language. This research work has the potential to improve language
understanding, enable grammar checking, question answering, and other NLP applications

for the language.

18



1.3. Statement of the problem

Siltigna language is a zonal language spoken in the central Ethiopia regional sate of
Ethiopia. According to the 2007 census conducted by the Central Statistics Authority,
there are approximately 750,398, of whom 364,108 are men and 386,290 women; 78,525
or 6.28% are urban inhabitants. The largest ethnic group reported in Silt'e was the Silt'e
people (97.35%); all other ethnic groups made up 2.65% of the population. Silt'e is spoken
as a first language by 96.95% of the population and 1.54% speak Amharic; the remaining
1.51% speak all other primary languages reported[6]. It belongs to the South-Ethio-
Semitic language family and utilizes the Saba Ge'ez script (Ethiopic script). Siltigna is
spoken by a significant number of people across various parts of Ethiopia. In terms of
education, elementary schools in the Siltie zone teach all subjects in Siltigna from grade
one to grade six. After grade six, Siltigna is taught as a single subject up to the preparatory
level, and it is also included in the grade twelve national exam[7]. Despite the growing
availability of digital text information, the lack of automatic syntactic parsing models for
Siltigna poses challenges in accessing and utilizing the correct information. This absence
of parsing models also hinders the development of robust systems for higher-level
components of natural language processing (NLP), such as machine translation, grammar
checker, and speech recoginition. Siltigna language falls under the category of under-
resourced languages, as it lacks annotated parsed corpora (treebanks) that could be used
directly as input for parsing models. Furthermore, no research has been conducted on
parsing frameworks specifically for Siltigna language. While some researcher has been
carried out on Siltigna language, there has been no previous research specifically focused

on parsing[8].

Finally, Parsing varies across languages due to their unique grammar rules. In English, parsing

involves identifying and labeling sentence constituents. German parsing requires considering

case, gender, and number. Arabic parsing faces challenges with complex morphology and

involves morphological and syntactic analysis. Parsing techniques can differ within languages

and research communities. Each language presents its own parsing complexities and requires

specific approaches for analysis. For researching automatic constituency parsing for the

Siltigna language, research gaps include limited linguistic resources, handling ambiguity,

complex sentence structures. Addressing these gaps the study could improve parsing accuracy

and coverage for Siltigna.

19


https://en.wikipedia.org/wiki/Silt%27e_people
https://en.wikipedia.org/wiki/Silt%27e_people
https://en.wikipedia.org/wiki/Silte_language
https://en.wikipedia.org/wiki/Amharic_language

1.4. Research questions
RQ1.Which vectorization technique was used for identifying siltigna language?

RQ2.Which deep learning algorithms are best for siltigna language parsing?
1.5. Objective of the Study

1.5.1. General objective
The objective of the study is to develop Automatic Constituency Parser for Siltigna

Language in deep learning techniques.

1.5.2. Specific objectives

e To collect, prepare, and pre-process Siltigna language raw text data.

e To develop siltigna language constituency parser by using deep learning techniques.
e To select vectotrization techniques that helps constituency parsing models.

e To evaluate Siltigna language constituency parser performance.

e Finally, to report the finding of the study for the upcoming researchers.

1.6. Significance of the study

The study on parsing for the Siltigna language holds great significance as it provides
language experts with a valuable tool. Constituency parsing, acting as a man-machine
interface, allows for a better understanding of the grammatical structure of the language.
This has important implications for Siltigna language learning at all levels of educational
institutions, from primary and secondary schools to higher education. By utilizing a
constituency parser, language experts can demonstrate how the language's modern
grammatical usage operates. The parser can automatically reveal the deep syntactic
structure of the language using branching tree structures, effectively organizing the syntax
into its constituents. This provides a visual representation of the language's grammatical
structure, aiding in comprehension and learning. Additionally, constituency parsers have
specific applications that directly benefit from their use. For example, machine translation
systems can leverage constituency parsing to improve the accuracy and quality of
translations. Grammar checking tools can utilize the parser to identify and correct
grammatical errors more effectively. Furthermore, named entity recognition, which
involves identifying and classifying named entities in text, can benefit from the syntactic
information provided by constituency parsing. Overall, our study on parsing for the
Siltigna language offers language experts a valuable tool for understanding the language's
grammatical structure, with significant implications for language learning and various
applications in natural language processing.
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1.7. Scope and limitation of the study
1.7.1. Scope of the study

In the scope of our study, our primary objective is to develop an automatic constituency
parser specifically designed for the Siltigna language. To achieve this, we would employ
deep learning techniques as we analyze a text corpus in Siltigna language. This corpus
comprises a range of sentence types, encompassing both simple and complex sentences.
By incorporating this variety, we enhanced the accuracy of our constituency parsing from
this our focus lies in effectively understanding and parsing the constituents within Siltigna
sentences, enabling us to accurately identify the syntactic structure and relationships
between words. Through this study, we strive to contribute to the advancement of natural
language processing by developing a robust and efficient automatic constituency parser for
the Siltigna language, thereby aiding in various applications such as machine translation,

information retrieval, and text summarization.

1.7.2. Limitation of the study

Our study has a few limitations that should be acknowledged. Firstly, we solely focus on
constituency parsing and do not include dependency parsing or semantic parsing in our
research. Our primary objective is to develop an automatic constituency parser specifically
tailored for the Siltigna language. Secondly, due to limited resources within our domain,
we work with sentence data instead of full documents. This decision is based on the
scarcity of annotated data (Treebank) prepared by linguistic experts for parsing tasks in
our study area. Despite these limitations, our commitment remains to make a contribution
to the field of natural language processing. By leveraging deep learning techniques and
analyzing the available text corpus, we would achieve accurate and reliable results in

constituency parsing and provide valuable insights for the advancement of the field.

1.8. Thesis organization

The thesis is organized into six chapters. Chapter 1 provides an introduction to the study,
including a discussion on the problem statement, the motivation behind the research, the
objectives of the study, the significance of the research, and the scope and limitations of
the study. In Chapter 2, a comprehensive literature review is presented, covering related
works, approaches, and grammar formalisms in the field of parsing. This chapter also
explores the writing structure of sentences and word classes specific to the Siltigna
language. Moving on, Chapter 3 focuses on the methods employed, proposed approaches,
and the corpus used for the Siltigna language. Chapter 4 delves into the architecture
designs of the models and provides implementation details for the proposed Siltigna
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constituency parsing. The experimental setup, along with the test results, is presented and
discussed in Chapter 5. Finally, in Chapter 6, the research work concludes with a summary

of findings, recommendations for future work, and contributions made by the study.
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CHAPTER TWO

2. LITERATURE REVIEW
2.1. Overview

In this chapter, we provide a brief overview of parsing approaches, techniques, grammar
formalisms and overview of Siltigna language, with a focus on the concept of deep
learning. By utilizes neural networks to learn hierarchical representations of sentences and
improve parsing accuracy. We highlighted the advantages of deep learning in capturing

complex syntactic structures and achieving state-of-the-art performance.

2.2. Overview of parsing

Constituency parsing, also known as syntactic parsing, and is a fundamental process in
natural language processing (NLP) that involves analyzing the words of a sentence to
determine its underlying syntactic structure based on a given grammar[9]. It identifies and
segments sentence constituents and establishes their hierarchical relationships.
Constituency parsing is crucial in NLP as it mediates between linguistic expression and
meaning, enabling deeper language understanding and supporting various downstream
tasks. Researchers employ rule-based, statistical, and deep learning approaches to develop
parsing algorithms and models. Advancements in constituency parsing contribute to the
development of more sophisticated NLP systems capable of handling complex linguistic

phenomena[10].
2.3. Approaches to parsing

2.3.1. Rule-Based Approach
It is an approach that utilizes predefined rules and grammatical constraints to analyze the
syntactic structure of a sentence. These rules are typically derived from linguistic theories
or formal grammars and guide the parsing process thus, rule-based parser based on
lexicalized probabilistic context-free grammars. The parser employed handcrafted rules
that incorporated syntactic and lexical information to generate parse trees. The approach

achieved competitive parsing accuracy on standard benchmark datasets[11].

2.3.2. Stochastic Approach
Stochastic approaches for constituency parsing involve training models on annotated data
to learn patterns and dependencies between words and constituents. These models use

various algorithms, such as support vector machines (SVM), conditional random fields
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(CRF), to make predictions based on learned features. ML-based parsers often rely on
handcrafted features, such as part-of-speech tags, word embeddings, or syntactic features,
to capture the syntactic structure of sentences. In early research, introduced a machine
learning-based parser that used a probabilistic model called a maximum entropy model.
The parser was trained on annotated data and learned to predict the most likely syntactic

structure for a given sentence based on observed features[12].

2.3.2.1. Supervised Learning
It involves training models using labeled training data, where both input features and
corresponding output labels are known. The models learn to make predictions by
generalizing from the labeled examples, aiming to accurately map input features to the
correct output labels. Introduced the BERT (Bidirectional Encoder Representations from
Transformers) model, which utilized supervised learning for various natural language
processing tasks[13]. BERT was trained on large-scale labeled data, such as the Books
Corpus and the English Wikipedia, with tasks like masked language modeling and next
sentence prediction. The supervised training allowed BERT to learn contextual
representations of words and achieve state-of-the-art results on tasks such as question

answering and text classification.

2.3.2.2. Unsupervised Learning
It involves training models on unlabeled data without any predefined output labels. The
models learn patterns, structures, or representations in the data without explicit guidance,
aiming to discover meaningful information or groupings within the data.Pre-trained
Transformer-XL (PT-XL) model, an unsupervised machine learning approach for
language modeling and it was trained on large amounts of unlabeled text data from books
and websites, utilizing self-supervised learning techniques. The model learned to predict
future words given past context, capturing long-range dependencies in the text. PT-XL
achieved improved language modeling performance, demonstrating the effectiveness of

unsupervised learning for language understanding[14].

2.3.2.3. Neural Networks
It involves for constituency parsing that leverage neural networks to automatically learn
hierarchical representations of sentences and capture their syntactic structures. These
techniques typically involve the use of recurrent neural networks (RNNSs), such as long

short-term memory (LSTM) or gated recurrent unit (GRU) networks, to process sentences
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and encode contextual information. They can learn complex patterns and dependencies
from large amounts of data without the need for handcrafted features. proposed a deep
learning-based parser that employed an LSTM network to encode the sentence and
generate a syntactic parse tree[15].The model was trained on a large corpus of annotated
data and demonstrated improved parsing accuracy compared to traditional machine
learning approaches. The model employs LSTM-based encoders and pointer networks to
generate parse trees in a transition-based framework. The approach achieved competitive
parsing performance on multiple languages, highlighting the effectiveness of pointer

networks in capturing hierarchical structures[16].

2.4. Parsing strategies

We discussed the different approaches that have been proposed to apply a set of grammar
rules to the analysis of a sentence. These various approaches can be split up on a number
of strategies, each strategy concerning different priorities in the derivation of a parse tree.

2.4.1. Top-down Parsing
A top-down parser starts with the S symbol and attempts to rewrite it into a sequence of
terminal symbols that matches the classes of the words in the input sentence. The state of
the parse at any given time can be represented as a list of symbols that are the result of
operations applied so far, called the symbol list. Here is an example; the parser starts in
start state (S), after applying the grammar rule S — NP VP, the symbol list would be (NP
V/P). It then applies the rule NP —ART N and the symbol list would be (ART N VP), and
so on. The parser might recursively continue in this way until it arrives completely at
terminal symbol states, and then it might check the input sentence to see if the classes of

words in it matched with the rewritten sequence of terminal symbols[17] .

2.4.2. Bottom up parsing

In a bottom-up strategy, we start with the words in the sentence and use the rewrite rules
backward to reduce the sequence of symbols until it consists solely of S. The left-hand
side of each rule is used to rewrite the symbol on the right-hand side [17]. That is, it
begins from each word and assigns its grammatical category until it reaches the start
symbol. In bottom-up parsing, the operation is repeated at each state using the highest-
level labels as the new string to operate on. This technique aims to group words into their
respective categories based on the allowed rules. For example, a sequence like ART ADJ
N can be identified as a noun phrase (NP) following the applicable rule.
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2.4.3. Chart Parser
The solution to such problems is using another variant of tabular parsing algorithm called
Viterbi algorithm. Viterbi algorithm is the best deep selection algorithm that generates the
most possible parse of sentences (Viterbi Parse) given the grammar[18]. The Viterbi
algorithm is an efficient algorithm used for selecting the most probable parse tree in the
presence of ambiguity. It is called Viterbi parse selection because it employs dynamic
programming techniques to compute the highest probability parse tree. By considering
multiple possible interpretations of the input, the Viterbi algorithm evaluates and
compares the likelihood of different parse trees. It selects the parse tree with the highest
probability or likelihood as the most probable one, effectively resolving the ambiguity in
parsing. Finally, depend on our researches behavior there's a notable shift towards
employing bottom-up parsing strategies, particularly in the realm of constituency parsing
tasks. This shift is largely propelled by the pervasive adoption of deep learning techniques,
where methodologies like word embedding and vectorization, such as one-hot vectors and
Word2Vec structures, play a pivotal role. These techniques enable the representation of
linguistic elements in a continuous vector space, facilitating more nuanced understanding
of language semantics. Transition-based algorithms, often associated with dependency
parsing, have found adaptation in constituency parsing tasks, allowing for a sequential
building of parse trees starting from individual words to construct the syntactic structure
of sentences. This approach aligns well with the principles of deep learning, where
sequential processing and hierarchical representations are central. Moreover, Seq2Seq
models, a prominent architecture in the deep learning paradigm, have been leveraged to
incorporate bottom-up parsing strategies effectively. These models, with their encoder-
decoder architecture, provide a framework for mapping input sequences (words) to output
sequences (parse trees or constituents) in a coherent manner. Consequently, the
amalgamation of bottom-up parsing strategies with deep learning techniques, transition-
based algorithms, and Seq2Seq models yields promising advancements in NLP, enabling

more robust and accurate parsing of natural language sentences[19].

2.5. Overview of Siltinga language
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Each language has its own grammar rules and sentence construction techniques. This
suggests that, even when the necessary information from the provided sentences was the
same, word and phrase arrangements can vary from language to language. However,

Siltigna has a word order form of SOV, just as the majority of other Semitic languages

(Subject-Object-verb)[20]. Silt“e uses Ge*“ez or Ethiopic characters for writing purpose
since the 1980s. The Amharic and Tigrigna languages most frequently use this system,
which was originally developed for the now extinct Ge“ez language. Although there are
typically seven vowels in languages like Amharic and Tigrigna, the vowels in the Siltigna
language are different from those languages. The Ge“ez script makes distinctions among
only seven vowels, so some of the short-long distinctions in Siltigna language are not
marked. Since there are not many minimal pairs depending on vowel length in actual
usage, understanding is probably not affected. In written Siltigna language, the seven
Ethiopic vowels are mapped onto the ten Siltigna language vowelsas follows: the five

short vowels are A |al, & |u], % |e|, A [i|, & |o| and the five long vowels are hk |aa|, & |uul,

AA, ii], Ak |00|, Rk |ee|.Only the short and long a and the short and long i have been

distinguished in the alphabet. The short ,,a* is indicated by the first order (form) of the
Ethiopic script and the long ,,a“ by forth order (form). The short ,,i" and consonant alone
are indicated by sixth order (form) and the long ,,i"is indicated by the third form. The
third form is also usedword finally when the word endsin ,,i** See the example below.

4->a,aa: hAL falafa/ ,he passed”, I¢-N |gaaraas| "your (f.) house'
u->u, uu: @+ /mut/ , death”,/muut/ ,,thing"

i->i: @°¢ [mari/ , friend®, i->ii: K7 fiin/ ,eye”

0->0, 00: $6bw |K'oc'e | 'tortoise’, [k'ooc'e | ,,he cut*

e ->ee: hds |eeffe| ,,he covered”

For an Ethiopian Semitic language, the Siltigna language has a typical collection of
consonants, including the letter T |p|. Common ejective consonants are present, along
with plain voicelessand voiced consonants and all consonants, with the exception of /h/
and /?/ can be geminated, or prolonged. The symbols /p/ and /?/ (glottal stop) play only a
marginal role in the system because [p| appears in only a few words and |?| appears in
Ambharic it is often omitted. Consonants in Siltigna language writing system with their

vowel representation[21].
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2.5.1. Siltigna language word classes
Three fundamental characteristics are typically taken into account when classifying words
into their respective parts of speech. They are: the word's connotation, its physical
appearance, and the context in which it appears in a sentence. These can serve as the
primary criteria for classifying a specific word[22]. Because of this, traditional Siltigna
grammar categorizes words into eight groups or parts of speech namely verbs, nouns,
adjectives, adverbs pronouns, prepositions, conjunctions, & interjections depending on the
grammar of other languages, rather than categorizing words based on Siltigna language
features. This classification bases its decisions on other linguistic structures or features.
The current grammars of the Siltigna language divided the words into five categories as a
result of the aforementioned issues and other issues with this classification. As a result, the
word classes present in the previous grammar are condensed into only five groups: noun,
adjective, verb, adverb, and preposition. Pronouns have the same role and characteristics
as nouns in the contemporary classification of words. As a result, the pronoun is entered in
the noun. Prepositions and conjunctions serve the same purpose in Siltigna language,
which means that they are joined with other words and utilized for linking. Interjections,
which are words without grammatical functions, are not taken into account as parts of
speech in this categorization or are omitted from the category altogether. Some linguistics
classifies words into six word categories by updating the above modern classification such
as major word class (i.e. noun, adjective, verb and adverb) and minor word classes (i.e.
preposition and interjections). The early scholars' categorization is used in this study. The
reason for this preference is because the early classification is more thorough and enables
the tagger to tag terms thoroughly. The remainder of this chapter is devoted to discussing
the several POS categories discussed previously, as well as the Siltigna language's

Numerals and Punctuations[23].

Siltigna noun class:-Noun is the name given to most people, places, or things. Since
lexical classes like nouns are defined functionally, not all words for people, places, or
things are nouns. In the same way as some nouns are not words for people, places, or
things. Therefore, depending on their position in the phrase, nouns are most often used
as the subject or object in Siltigna language, while they are also occasionally used as
adjectives. The words in the following sentences that are underlined are examples of

nouns. M¢N £7PT NNM:: / Hyena is wild animal./, N34 7NP 4£.8:: / Kemal went to the market.

According to[22]describe the nouns based on their context and shape as flows:-If the word

take postfix /-Fh/ , for example:- AN + F=A1NTF/persons/, NeN + F=ns-NFloxes/ If the
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word is used as subject of the sentence and for example: - T4 A4, 7:: /Jemal is a farmer
/ within this sentence the word Jemal is usedas subject of the sentence and if the word is
used as object with in the sentence for example: - £M4 hs-N ™NN:: /Jemal bought an ox /
within this sentence the underline word is used as an object of the sentence and if the word
is preceded by demonstratives. For example: - Uz2 @3 A/this man / within this sentence

the underlined word is used as demonstratives. Then the word after the demonstratives.is
used as noun. In Siltigna language, nouns are also described in singular and plural

numbers. Nouns that are quantified and do not have any linguistic suffixes are known as
singular nouns. For instance, N&1 “ox”, M& “sheep”, NN “man/women” etc... Therefore

indicate single entity or animal or person. Quantified plural nouns in Siltigna can be
formed in two ways. The first way is, by preceding numerals before singular nouns. For

example, AT NéN “three ox”, AT ML “two sheep” and so on. Plural nouns are also
formed through the addition of suffixes in the language. The most common plural suffix /-
Th.

2.5.2. Morphology derived from noun
Table 2-1 Formation of nouns by adding suffixes

Word Singular Plural
né1(ox) N (ox) n&1NF(oxen)
IC(house) IC(house) ICF(houses)

Nouns in Siltigna language also formed through derivation from other classes. For

example, the following words are nouns derived from other classes: NN& <child> =
AN &7F+<boy hood> from adjective to noun4-& <brave> = 4-&4+<bravery> from adjective

to noun N <drink> = AEA<drinker> from verb to noun

Proper nouns and common nouns are the two categories for nouns.Proper nouns are names
of particular people or things, such as N.24.8,7/Seiyfedin, N2 /Sodo etc. Mass nouns and
count nouns are the two categories for common nouns. Counting nouns can be employed

in both singular and plural forms, allowing for grammatical enumeration (N&

“Ox“/N&NF “Oxen”, IC ,,House” ICF “houses”) as well as counting them like (Ug héN
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“one Ox“, LAt N1 “two Ox”). Mass nouns are used to describe a homogeneous

group. For instance @22 “Water” and 74N “Wind”.

Siltigna pronoun class:-Pronouns are words that can be used in place of nouns or noun
phrases, according to linguistic theory. It is used to make an implied reference to the
sentence before it in a given text. Pronouns are also employed to convey meaning when
the name of an object is not known. There are various types of pronouns, including as
personal pronouns like he (xU), I(A%), we(AT), she(An), you(AEIRIANTAT) they(hU7),
demonstrative pronoun (for example this(Uz>2), that(UAZ2/U22)those(UFLrC),
possessive pronoun (for example mine(f4), our(P7), your(RU-7F e+IRiP+I0R), his(RU),
her(R)), reflexive pronoun (myself(A473), oneself(N7°7)). As nouns, pronouns
characterize based on number and gender. For instance, Af(She)xU(He)*xU7(They) are
some. Let us see the following examples:- AN ANC2F7F:: “She is a teacher.”, AU

ANC2>Y: “He is a teacher.”, AT ANCDF10™: “They are teachers.”In the above example
all the underlined words are used as pronouns.

Siltigna adjective class:-Adjective is the term that explains or describes a noun in a
sentence. Its major goal is to provide a precise definition for the noun and additional
details about the people, things, or animals that the noun or pronoun is meant to
represent. Adjectives in Siltigna language typically characterize nouns by providing details
about an object's behavior, weight, height, size, shape, color, and other characteristics. (for
example £.P[fayyal “good” NH|booz| “bad” PC&lyaroore| ¢4|gall| ,,small* FdR4|gumara|
,,white“)etc.. For more clarification let us look the following example:-4.¢ JC AALO™ ::

/,,They have a beautiful house.” In this sentence the word &.© is used as adjective that

describes IC ,.the house™. Adjectives in Siltigna sentences can be formed from original
adjectives and derivative adjectives. Original adjectives are words that are not derived
from any other word class, whereas derivative adjectives are words that are created by
affixing various suffixes to other word classes like noun, verb, and soon. In the Siltigna
language, adjectives modify a noun's behavior (structure) according to its numeric value,

its gender, and its occupation.

Siltigna verb class:-The verbs are words or compound of words that expresses action, a
state of being and/ or relationship between two things[22] . In the Siltigna language in its
most powerful and normal position, it is found at the end of the sentence and also one verb

is used as sentences in the language's nature. Also in Siltigna language the words that take
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the following suffixes (/-UA/? [-ARUAIE [-B [-Ukkl? [-RATPRIT [-AAT/ERATAT...) are
categorized under verb class.

Siltigna adverb class:-Adverbs are adjectives that are used to describe verbs. In Siltigna,
adverbs frequently come before the verbs they modify. The Siltigna language's adverbs,
adjectives (including numbers), clauses, sentences, and other parts of speech are also
modified by it. Adverbs indicate the magnitude of an activity (for example, tremendously,
Degree), the method of the action (for example, slowly, Manner), the location (for
example, here, Directional or locative), and time of an event or an action that occurred (for
example yesterday, Temporal). Similar to English, Siltigna language verb modifiers or
verb phrases typically express information by providing examples of how, where, and how

often an action occurs (frequency). See the sample below for further explanation. Adverbs

of manner -> NAL+ (slowly)  &9°M+m9=(Accidentally) ¥ h9rhqP(fast),Eg. °&7 hqrhqe
ammt:  /medina comes fast/ Adverbs of frequency ->NA 1CN(every day)
hLL17(sometimes) ¥ lA11(always) ¥ NA @A+

(mostof the time) Eg. A% ALL1T PHaeR@-ML APID AZAM-:/ | sometimes forget my birthday./
Adverbs of place-

a>A(outside) * £(wide) T C(on) T ANM(in) T hie (below,down)Eg. 90L NN aomt::

/makida come from the market./

Adverbs of time ->3F1(yesterday) ¥ A+F1(earlier) T Ah-(now) T NAL L (previously) Eg. A9R.T

F%F1 a®m+::/amina cames yesterday. /.

Prepositions: - Prepositions are words that lack meaning on their own and must be used
with other basic word classes like nouns, adjectives, adverbs, etc. The word category in
which they function as a syntactic unit may be placed either before (preposition) or after
(postposition) in constituents of structures. Their function is to express connections or
associations between objects, people, events, or other entities. Prepositions are used with
verbs, nouns, and pronouns in Siltigna. In this language, examples of prepositions and
postpositions include:79°n(like), £C(on) AHC(t0)P&C/N&LC(behind)
N L/APL(infront)sC(back) NC(under) &.&(without)nAe (below): £ (to) +F AT hi. . and so on.

Conjunctions:-Words that connect phrases, clauses, words, and sentences are known as
conjunctions [22]. They can be divided into coordinating conjunctions and subordinating

conjunctions in Siltigna language. Additionally, they could be a letter, word, phrase and

prefix, or postfix. The most common conjunctions in Siltigna language are: P(and)
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71(since)  P(Ya)...1h(like): AT97(0or)? NARI(if.not): P@INASBA(even..if): U9
FA(nevertheless)r A& TPIP(thus)? N@-FPT+IPN(s0)T ‘LFTi(such as)T NAPL!
UTr9n(yet)T Aer9en(therefore)r N.e192(but)? <1792 (however): AR ANTT(because of
this)? NASA(although): Ae7h(because) @ N(ba)... See the sample below for further
explanations.For example:-HgPHI® P an8y PAF MM,trIP:/Zemzem and mdina are
sisterhoods. AUTRE T4 HAHA+TE P79 3A NA 470 AAL/Ahmed is acumen nevertheless, he
has no enough money. When we see the above example the letter ,,P* and the word

., U19"FA“are used as conjunction.

Interjections:-Interjections are words that serve certain purposes in the Siltigna language
to convey emotion, sudden surprise, pleasure, sadness, and soon. Similar to other
languages, Siltigna has a variety of words or expressions for emotions, surprise, joy,
displeasure, and so forth. Therefore they are not included in the list of parts of speech for

the Siltigna language. These Siltigna interjections can appear anywhere in a sentence or

standalone by themselves outside of one. For instance, words like U2! UNL!(even!)

hfr!(yeah!) kJU!(please!) PEN7!(amazing!) etc. are common interjections in Siltigna
language.

Numeral:-All items with a quantity or amount reference are known as numerals. These
numbers can be ordinal or cardinal. Counting numbers which indicate amounts and are

name as cardinal numbers. For more clarification the example bellow

ug => one NEAtT =>  six N$4 => hundred
VAt => two AANT => seven Nh9® => thousand
AT => three 0ot => eight

Uét =>  four HMT => nine

uent => five ANC => ten

On other side Ordinal number tells us the rank of things. Examples of ordinal number are:-

UZAT => first, PATAT => second, AATAT => third, UFAT => fourth, UPATAT => fifth,
NE&NTAT => sixth, NANFTAT => seventh, (rd™+AT => eighth, H AT => ninth, ANCAS => tenth and
N$A™ => hundredth etc. As seen from this example Siltigna ordinal number adds suffix

A% atthe end of the word.
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2.5.3.

Siltigna tentative POS tag set and Phrase Tag set

Table 2-2 Siltigna tentative POS tag set and Phrase Tag set

Basic Category | Derived Tag Description Example
Includes all types of nouns, invariant . .
Noun NN NAM(silte)? HAF2(rain)
for number, gender and case
NNp Noun with not separated Preposition NAAM( in silte)
NNC Noun with not separated Conjunction h2.C9°(Kedir also)
Pronoun Pr Tag for all pronouns #U(he),AN(she),? T (our)
invariant for number,gender and case
PrC Pronouns with non-separated|N 79 (with us also )
conjunctions
\/erb i
v Tag for all main verbs NS (eat),m(come)
Aux Auxiliary verbs in their all Forms 1¢(helit was), P (it/he present)
\i ntransitive verb followed subject
Ng Negation AAL:PA(not have)
Vp Verb with non-separated Preposition Naom(after he came)
\/C Verb with non-separated Conjunction N1, (as s00n as he eat)
Adjective ADJ An adjective which is 4.P(good), a4 (white)
not attached with othercategories
ADJp An adjective which is not separated +m.9°(with black)
from prepositions
Adverb ADV Tag for all types of adverb A1 (always),
AL.L17(sometimes)
Preposition P preposition that are not N(by),+(with),A(to)
attached with other wordcategories
Conjunction o Conjunctions that are not attached P (and)U<71(0r), NP9 (eve
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with otherword categories n if)

Numeral Cn Cardinal number U (one),PAF(two)...ANC(ten)
On Ordinal number UE AT (first) UFRNFAL(fifth), 1A T
cnp Cardinal number withPreposition NUPA(by two
AdjN A numeral that functionas an adjective PR ATR(two cows)

Punctuation Pun Tags for all punctuationsMarks RN

Interjection Int Interjection Ur!(wow),k2U!(please)

Noun phrase NP In the sentences it comes head noun,|2CAL &T9ZY/NP

combines with adjective

\/erb phrase \/P In the sentences it comes head verb  [ATNA @®m/VP

Adjective phrase ADJP it comes head adjective in thefaYsmed T A/ADIP
sentences

Adverbial ADVP it comes head adverb in the sentences |hq® hqe 7a>~/ADVP

Phrase

Prepositional PP head preposition in the sentences ANgeA/PP B

Phrase

2.5.4. Silitigna language phrase Categories
A phrase is a syntactic structure that consists of a small group of words that stand together.
It is wider than a single word but smaller than a complete sentence. A phrase can be
constructed by combining a head word with other words or phrases and additional
elements in a phrase can serve as specifies, modifiers, or complements[24]. Specifies are
words that provide specific information about the identity, location, number, possession,

and other characteristics of the head word.

Noun phrase:-A noun phrase (NP) is composed of a noun or pronoun as its head and
other constituents. NP can be simple (when the head is a single noun or pronoun) or it can
be complex (when it is formed by the combination of a noun with other word classes,
including noun word category, or phrases). Noun phrases: - examples (NP(NNp
ANAT)(Vp UCI™)(Ng AAL))

Verb phrase:-A verb phrase (\VP) is made up of a verb, which is the head of the phrase,
and other constituents like complements, modifiers or specifies. Verbs of the verb phrase
can be classified as transitive and intransitive based on the word category of the

complement they take. Transitive verbs take noun phrases as their complement whereas
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intransitive verbs do not; instead they take prepositional phrase. Examples (VP(Vp
AACNNE)(Ve UCTPL))

Adjective Phrase: - is a group of words in which the main word is an adjective and are
words that describe nouns, often placed before the noun they modify. Below is an
illustration of an adjective phrase. (ADJP (ADJ A%6eC) (NN ~AT9C))

Adverbial phrases: - Adverbial phrases (AdvP) are constructed from one or more
adverbs, as modifier, and other word categories. However, unlike other phrases AdvPs do
not take complements as their constituents. Most of the time, the modifiers of adverbial
phrases are PPs. For example (ADVP (ADV AN+9®) (NN He°171))

Prepositional Phrase: - are made up of a preposition head and other constituents like
nouns, noun phrases, verbs and verb phrases. Unlike other types of phrases, preposition
cannot be a phrase by itself unless it is combined with other constituents. Noun or noun
phrase constituents come after the head preposition whereas when the complement is

prepositional phrase the head preposition appears on the right hand side of the phrase.

2.5.5. Thesilitigna language Sentences
Simple Sentences:-It is a sentence which is composed of single Noun (N) and single Verb
(V) that gives full information but it doesn“t mean it couldn“t contain the complements
and modifiers in the verb. Examples: - ,,A¢ NéBA &NFT*
Complex Sentences:-It is a sentence which is composed of two or more nouns and verbs.

Here is an example of simple sentence b5 P (N AtENE PPCNT™

2.6. Grammar formalisms
In natural language processing (NLP), grammar refers to a set of rules that define the
structure and composition of sentences in a particular language and provides a framework
for analyzing and generating sentences, specifying how words and phrases can be
combined to form grammatically correct sentences. Grammar in NLP serves two main
purposes: specifying the set of grammatically correct sentences within a language and
assigning a structure to each grammatical sentence[25]. Different types of grammatical
formalisms have been proposed by scholars to achieve these goals. Some of the commonly

used formalisms are:-
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It is a formalism that specifies the rules for generating sentences by combining
constituents (such as phrases and words) based on a set of production rules. It is widely
used in syntax analysis and parsing tasks. A context-free grammar (CFG) is a formal
system used to describe the syntax of a language. It consists of a set of grammar rules,
where each rule has a single non-terminal symbol on the left-hand side and a sequence of
symbols (terminals or non-terminals) on the right-hand side[26]. The grammar rules
define how the non-terminal symbols can be replaced by sequences of symbols.

A CFG is defined by a four-tuple G = (N, X, R, S), where:
L(G) = {w e B* : S=>w}

N is a finite set of non-terminal symbols representing syntactic categories.

Y is a finite set of terminal symbols representing the vocabulary or alphabet of the

language.

R is a finite set of rules, each in the form X -> Y: Y> ... Y., where X is a non-terminal
symbol, n is the number of symbols on the right-hand side, and Y1, Yo, ..., Y. are symbols
from the set N U X. S is a distinguished start symbol from N, indicating the root of every
parse tree[27]. For example, let's consider the following CFG: - S -> NP VP,NP -> Adj N
and VP -> V NP.

R={S - NPVP, NP - Adj N, VP - V NP}

In this grammar, there are five non-terminal symbols: S, NP, VP, Adj, and N. The terminal
symbols are not explicitly defined but would represent words in the language. The start
symbol is S, indicating that every valid sentence in the language must have S as its root.
The rules specify how the non-terminals can be expanded: S can be replaced by NP VP,
NP can be replaced by Adj N, and VP can be replaced by V NP. This CFG can generate
sentences such as "The cat eats” by expanding the non-terminals according to the
production rules. It provides a formal framework for describing the syntactic structure of a
language and is used in various NLP tasks, including parsing, language generation, and

syntactic analysis.

2.6.2. Context Sensitive Grammar
These rules are used in a natural language to describe subject-verb agreement with respect

to number, i.e., singular or plural as reflected in sentences; the student comes,

and the student comes [28]. A Context-Sensitive Grammar is a four-tuple, like that of

context free grammar, G= (N, X, P, S) where;
N is a set of non-terminal symbols,

> is a set of terminal symbols, 36



S is the start symbol of the production and P is a finite set of production rules of the forms
alAo2alpa2 (where a single non -terminal A € Nand al, §, 02 € (N U X) +).

2.6.3. Probalisitic Context Free Grammar
It extends context-free grammars by assigning probabilities to each production rule. These
probabilities represent the likelihood of choosing a particular rule during a derivation
(parse). The overall probability of a parse is then calculated as the product of the
probabilities of the individual production rules used in that parse[26].The validity of a
probabilistic grammar is limited by the context in which it is trained. The training dataset
influences the probabilities assigned to the production rules, and the grammar's ability to
accurately model the language is dependent on the representativeness and quality of the
training data. Similar to a CFG, a probabilistic context-free grammar G can be defined by
a quintuple:- Where ,M is the set of non-terminal symbols, T is the set of terminal
symbols, R is the set of production rules, S is the start symbol and P is the set of

probabilities on production rules.

2.7. Related works

Numerous studies have explored various techniques and implementations for constituency
parsing. For Ethiopian languages has also seen significant research efforts in constituency
parsing, particularly within machine learning models, which have been documented as
research endeavors. This section reviews prior works relevant to our study in the
constituency parsing field. We have categorized this section into two subsections: parsing
for Ethiopian languages and parsing for foreign languages.
2.7.1. Parsing for local languages

According to[1], The study titled "Automatic Sentence Parser For Amharic Language
Using SVM" aimed to investigate the development of an automatic sentence parser for
Ambharic utilizing a machine learning approach. The researchers collected a dataset
comprising 370 sample sentences sourced from various sources such as the WIC corpus,
Ambharic grammar books, news articles, and magazines. Each sentence was manually
parsed by the researchers, with comments and suggestions provided by linguistic experts.
The dataset they were split into 90% for training and 10% for testing purposes. For their
experimental trials were conducted using these sets, leading to the development of a
model with an impressive accuracy of 98.91%. The implementation utilized LibSVM with
Weka 3.8 for the development of the prototype and the parsing algorithm. The research
contributes to advancing automated parsing techniques for the Amharic language, offering
promising results for further developments in natural language processing within this
linguistic context. The study solely focuses on the use of Support Vector Machines
(SVM) as the machine learning algorithm and does not explore the application of deep

learning models. The gap lies in the Iack_d(?f exploration of deep learning models for



automatic sentence parsing in Amharic and the limited adaptability of the implementation

tools to other machine learning frameworks.

The research study [29] development of dependency parser for Amharic sentences that
focusing on syntactic parsing, two distinct tree banks were utilized the established
"Ambharic Treebank" containing 1074 instances and a novel Treebank crafted specifically
for the purposes of the investigation, comprising 500 instances. The study employed two
classifiers for analysis a transition-Action Classifier and a Relation-Label Classifier. Both
classifiers underwent testing on 30% of the dataset to assess their performance. They use
the transition-Action Classifier exhibited a notably high accuracy rate, achieving an
impressive 92% accuracy on the test subset. This classifier is integral to parsing
algorithms as it predicts the subsequent transition or action required during the syntactic
parsing process. Conversely, the Relation-Label Classifier, though still proficient,
demonstrated a slightly lower accuracy rate of 81% when tested on the same dataset. This
classifier is typically employed in dependency parsing to anticipate the label or type of
syntactic relationship between words. For the research study, they use multiple hyper-
parameter tunings were conducted to optimize the classifier models' efficiency. These
tunings included adjustments to parameters such as batch size, number of epochs,
activation function, and optimizerfunction. The classifiers were implemented and trained
utilizing the TensorFlow-based Keras deep learning framework, known for its flexibility
and ease of use in building neural network models. Through systematic experimentation
with different hyper-parameter configurations, the study aimed to identify the most
effective combination that would enhance the classifiers' performance in their respective
tasks. In the research implementation, LSTM (Long Short-Term Memory) deep learning
models were utilized, along with the Arc-eager transition system. The models were trained
using the Adam optimizer with a fixed learning rate of 0.01 over a span of 30 epochs. This
setup aimed to leverage the memory-enhancing capabilities of LSTM networks while
utilizing the Arc- eager transition system for syntactic parsing tasks. The choice of Adam
optimizer and specific learning rate settings reflects a deliberate effort to balance model
convergence and accuracy during training. The results of the study underscored the
efficacy of the Transition-Action Classifier, which outperformed the Relation-Label
Classifier in terms ofaccuracy. This finding suggests the potential superiority of transition-
based approaches in syntactic parsing tasks, particularly in contexts like the Ambharic
language. Further exploration and refinement of such classifiers may yield valuable
insights into syntactic analysis and contribute to the development of more accurate parsing

algorithms.
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2.7.2. Parsing for foreign Languages
According to [30] their objectives that focus on parsing Arabic using deep learning
technology and they used ATB corpus is comprised of data extracted from linguistic
sources written in both standard and modern Arabic language. It encompasses 599 texts
sourced from the Lebanese newspaper "An Nahar." These texts are either non-vowel or
partially vowelized and segmented. Each word within the corpus is annotated with various
pieces of information, including morphological traits, parts of speech, and English
translations. Additionally, the corpus contains syntax trees for each sentence. During the
training phase, numerous machine learning algorithms require a vector representation as
input. In this particular study, they utilized embedding resources, such as those generated
by neural systems. In their work, they are interested in the creation of a model for each
syntactic level. This model has an important objective, is to determinate the different
constituents of a sentence and the different relations between them. Long Short-Term
Memory Network (LSTM) presents a building unit for the layers of a recurrent neural
network (RNN). An RNN made up of LSTM units is often referred to as an LSTM
network. Finally, they use BILSTMs increase the amount of information available on the

network and improve the context available for the algorithm.

According to [9]their focus on deep learning techniques applied to constituency parsing of
German ,from this the development and evaluation of a constituent parser are outlined
based on a dataset comprising 104,787 sentences, split into training, dev and test sets of
sizes 84,787, 10,000, and 10,000, respectively. They used python programming in Python
3.7.4, the complex neural network model required significant parameter tuning, taking
approximately one day to train on a GeForce GTX 1050 Ti GPU. Modifications were
made to Encoder and ELMo modules to align with project requirements. Evaluation relied
on comparing predicted syntax trees to golden trees using the F1 score, necessitating sub
tree matching. Remarkably, a simple model configuration with one layer and one attention
head achieved nearly 90% test accuracy, underscoring the effectiveness of self-attention
mechanisms in capturing sentence context. The self-attention matrix elucidated the
influence of words on each other, vital for the CKY decoder to predict syntactic structures.
With multi-layered self-attention networks, the constituent parsing model attained an
impressive F1 score of 93.68%, with higher-layer heads discerning abstract patterns.
These findings underscore the importance of dataset quality, model architecture, and GPU

efficiency in effectively training and evaluating such intricate models.
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The study on German and Arabic languages, their studies dataset accuracy applies only NP and VP
from all the datasets they used and the implementation models and tools are not include latest deep

learning tools like keras as not shows models predicted results.

2.7.3. Summary of related work
While prior studies have focused on parsing in different languages, there has been
a lackof research specifically on constituency parsing in Siltigna language we review
existing work in the field, noting a strong endorsement of deep learning algorithms
in recent years, particularly for parsing tasks. To implement constituency parsing,
we used experimentwith various deep learning models, including LSTM, LSTM
with attention, BI-LSTM, GRU, and transformer models. We evaluate the
performance of these models using accuracy, label attachment scores metrics,
comparing the system's output with manually parsed reference sentences. We also
employ preprocessing techniques and optimization methods to reduce complexity
and enhance parsing efficiency, thereby improving training speed. Our study focuses
on implementing constituency parsing using deep learning techniques using
transition based algorithms this means it supports sequence to sequence methods and
we highlighted the lack of previous research in this specific area and review the use
of deep learning algorithms in related studies. They experiment with different
models and evaluate their performance using established metrics. Additionally, we
employed on preprocessing and optimization techniques to enhance parsing

efficiency.
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CHAPTER THREE

3. MATERIALS AND METHODS
3.1. Introduction

In this chapter we provide a comprehensive overview of the detailed approaches, methods,
tools, and techniques employed in the research on the constituency parsing model. It
encompasses the research approach used in the study, which reflects the proposed method
for constituency parsing, as well as the materials, tools, and techniques utilized in the
thesis. The research followed pre-processed research methods to accomplish both the
general and specific objectives of the study by undertaking a series of steps. These steps
included data collection, conducting a literature review from various journals, employing
specific methods, preparing a parse trees corpus, preprocessing the data, training and
testing the proposed framework, developing a prototype, and validating the model. In
addition, the chapter provides an in-depth analysis of the techniques and algorithms that
were reviewed and implemented to construct the parsing model. Furthermore, it

investigates and identifies the linguistic behavior of the Silitigna language.

3.2. Proposed Approach
The general research approach adopted in this study would be discussed as a list of steps:

= Prepare parse trees dataset from various sources of Silitigna languages.

= Conduct a comprehensive review of existing literature on constituency parsing to
gather insights from previous studies.

= Align the collected dataset using software tools to ensure the corresponding
sentences in the constituency parsing corpora.

= Apply several data preprocessing techniques, including data cleaning, tokenization,
word embedding, and padding, to prepare the dataset for training.

= Convert the preprocessed data into vector representations suitable for deep learning

models.
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= Design and implement a constituency parsing model capable of converting input
sentences into the target labels.
= Train the proposed model using the prepared dataset, allowing it to learn the parsing
patterns and improve its performance.
= Train the model with different hyper parameters, exploring variations in train rate,
embedding dimension, batch size, number of epochs, and train/test percentages.
= Evaluate the performance of the model by assessing its learning parameters and
selecting the best-performing configuration for constituency parsing.
= Finally, summarize the findings and write the thesis report, documenting the
research methodology, results, and conclusions.
3.3. Corpus of the language
In order to conduct the research in Siltigna language, we collected dataset of 2000
sentences from various sources and manually construct sentences with corresponding
parsed trees by using their pos taggs. These sources include the Silitie Zone Education
Office, the Siltigna Department of Werabe University, Silitie FM, and grade 1-12
textbooks. The purpose of these data collection was to gather a diverse range of language
samples for analysis and study. By obtaining data from these different sources, the
research aims to capture the linguistic characteristics and patterns specific to the Siltigna
language. These dataset would serve as a valuable resource for further investigation and

development of the Siltigna language.

3.4. Materials and tools

Hardware tools: - We utilized an Acer Core i7 processor (2.6 GHz) renowned for high
performance. Backed by 6GB RAM for seamless multitasking. Storage handled by a
32GB flash disk for swift data access. This setup empowers efficient handling of complex
computations and data management.

Software tools:-Our study encompass a variety of frameworks, libraries, and platforms
designed to facilitate the development, training, and deployment of deep learning models
for implementing parsing tasks. These tools provide researchers and practitioners with the
necessary infrastructure and functionality to explore, experiment, and innovate in the field

of deep learning.

Google Colab: -it is a cloud-based platform provided by Google that enables collaborative
Python coding and execution, particularly for deep learning tasks. It offers free access to
GPU and TPU resources, integrates with Jupyter Notebooks, supports popular deep
learning libraries like TensorFlow and PyTorch, facilitates collaboration and sharing, and

provides an environment suitable for deep learning experimentation and development.
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TensorFlow: -it is an open-source deep learning framework known for its flexibility and
scalability. It provides a comprehensive ecosystem for building various types of neural
network models, including convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and generative adversarial networks (GANSs) for implementing parsing

tensor flow was necessary libraries.

Keras: it is a high-level neural networks APl written in Python and capable of running on
top of TensorFlow, Theano, or Microsoft Cognitive Toolkit (CNTK). It provides a user-

friendly interface for building and training deep learning models with minimal code.

Jupyter Notebooks: are interactive computing environments that allow researchers to
create and share documents containing live code, equations, visualizations, and narrative
text. They are commonly used in deep learning research for prototyping, experimentation,

and collaboration.

Visio: -it is a drawing concept that refers to a popular software tool developed by
Microsoft, primarily used for creating diagrams, flowcharts, and other visual
representations. It provides a user-friendly and intuitive interface for designing and editing
various types of visual diagrams. It offers a wide range of pre-defined shapes, symbols,
and templates that users can utilize to construct professional-looking drawings. It supports
the creation of diverse visualizations, including organizational charts, network diagrams,
process flows, floor plans, and more. Users can easily drag and drop shapes onto the
canvas, connect them with lines or arrows, and add text or labels to customize the

diagram.
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Table 3-1 Materials and tools

Materials and tools Description’s

Python integrated anaconda To implement data

Google colab To compile and run python codes

Mendely For making document citation

Notepad Used for preparing raw text data

Google drive Used to store the dataset

Acer laptop,HDD 500GB,6GB RAM Used for processing computer tasks

Microsoft office used to write document and make power
point

USB flash disk Used to store data externally

3.5. Data pre-processing

Data pre-processing is an essential step in research as it involves cleaning, transforming,
and preparing raw data for analysis. It encompasses various techniques that aim to
improve the quality of the data and make it suitable for further processing and modeling.
To begin with, missing values are addressed through imputation methods such as mean,
median, or regression imputation[31]. Outliers, which are extreme values that can skew
the analysis, are identified and handled either by removing them. Additionally, data
transformation techniques such as logarithmic or square root transformation, as well as
normalization methods like z-score normalization, are used to normalize or scale the data.
This helps to reduce the influence of extreme values and ensure that the data is
comparable across different variables. In addition to cleaning and transforming the data,
feature selection and extraction techniques are employed to identify the most relevant and
informative features for analysis. This process helps to reduce the dimensionality of the
data, improve model performance, and mitigate the risk of over fitting. Categorical
variables are encoded into numerical values using techniques like one-hot encoding or
label encoding, enabling them to be used in machine learning algorithms. Furthermore,
imbalanced datasets, where the distribution of classes is highly skewed, are addressed by
employing techniques such as oversampling or under sampling to balance the dataset and

prevent biased model performance.
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3.5.1. Data cleaning

Data cleaning, or data cleansing, is an important step in data pre-processing where errors
and inconsistencies in the dataset are addressed. It involves tasks like handling missing
values by imputing them, dealing with outliers to remove extreme values, correcting
inconsistent data formats, removing duplicate entries, and standardizing data formats[32].
By performing data cleaning, researchers can improve the quality and reliability of the
dataset, ensuring that it is accurate, complete, and ready for analysis. This process helps to
enhance the integrity of the data and prevents biases or errors that could affect the

outcomes of subsequent analyses and modeling.

Algorithms 1 Data cleaning algorithms

Input: Dataset
Read the text from the local disc drive for each word in the text

Check whether the word is <title>, <body>, <PUNC>, or <dateline place> If the word is oneof
the above

Leave or omit the word
Else

For each character in the word

Check the presence of “<”, «“>” «“3” “u” “I*” Presence
e of the above is detected Leave or omit the character

Write the characters of the word in the file(write the word)
End If End For

Output: cleaned text
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3.5.2. Data Tokenization

Data tokenization is the process of breaking down raw data, particularly text, into smaller
units called tokens. It is commonly used in natural language processing tasks to convert
sentences or paragraphs into individual words or sub words. Tokenization helps computers
understand and analyze human language more effectively by providing a structured
representation of the data. This process enables further analysis, such as text classification
or sentiment analysis, and allows for the application of various techniques like stemming,
lemmatization, or encoding tokens for machine learning algorithms. By tokenizing data, it
becomes more manageable and suitable for processing in NLP tasks[33].

Algorithms 2 Data Tokenization algorithm

Input: parse trees dataset

Scan the parse trees dataset and check the presence of a whitespace for each

character in the sentence
Check whether the character is white space or not If the character is white space
Print the characters that are before the white space (the word) Else

Append the character to a string variable (the variable that will be printed when
the if condition is satisfied)

End If End For

Output: separated words of the sentence

In the algorithm described above, we began by exploring and accessing the corpus of data
to assign each word a unique number. This process of assigning a special number to a
word occurs as soon as the word is encountered, and the words are then represented by
these unique numbers. The most recent term in the vocabulary is assigned the last number,
with the size of the vocabulary determining the range of these numbers. This process
enhances data preparation for training by converting the source dataset into integer
number representation form. Once the data is converted to integer form, it is referred to as
tokenized data. This tokenization establishes the vocabulary size and preprocesses the raw
data for further analysis. The vocabulary is indexed, with the last word having an index of

1 and the first word an index of 0[34].For the dataset used for Silitigna languages in our

corpus, we have a total of 12,000 different vocabularies. For example, the phrase "240 2

&ao/ KA/ +9¢" would be tokenized as individual words: "8Z2A8" "&an/" "RAL"
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"+aq¢Z". Furthermore, to delineate the boundaries of sentences, we've employed special
tokens. The beginning of a new sentence is indicated by "Bos" (Beginning of Sentence),
while the end of a sentence is marked by "Eos™ (End of Sentence). This notation aids in

the structuring and segmentation of the text into coherent sentences.

AL 300/ KTl +¢

Tokenization®s
4

“'Edn'e‘” “&ﬂ'ﬂ‘” “h‘ﬁd” “'l‘"'?d”
Representation of integers
“1” “2” “3” 664”

In our work, we follow a process to enable machines to understand text data. This involves
breaking down sentences into lists of words and representing these words in integer form.
Each word is assigned a unique integer during the vocabulary creation process. Once the
text is tokenized, further processing steps may include removing punctuation and
unnecessary symbols. Tokenization facilitates the transformation of text into a format
suitable for input into various natural language processing (NLP) models. In our approach,
we tokenize text by splitting it into words using whitespace as the delimiter. This process
allows NLP models to extract meaningful information and perform desired analyses on the

text data.

3.6. One hot vector representation

One-hot vector representation is a technique used to represent categorical variables or
features in a binary format. It is commonly employed in various fields, including machine
learning and data analysis. The concept involves creating a binary vector where each
element corresponds to a unique category within the variable. If a data point belongs to a
particular category, the corresponding element in the vector is set to 1, while all other
elements are set to 0[35]. This representation allows categorical data to be encoded in a
numerical format that can be easily understood and processed by machine learning
algorithms. One-hot vector representation is useful for tasks such as classification, where
categorical variables need to be transformed into a numerical representation for analysis
and modeling. It helps capture the distinct categories and their relationships within the
data, enabling researchers to work with categorical variables effectively in their research

studies.
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Integer “1” Integer «2” Integer “3”
[1,0,0,0] [0, 1,0, 0] [0,0,1,0]

3.7. Padding

Padding refers to the process of adding extra elements or values to a dataset or sequence
to make it conform to a desired length or size. Padding is commonly used in various
fields, such as natural language processing and machine learning, where sequences of
varying lengths need to be processed or analyzed using algorithms that require fixed-size
inputs. For example, in text analysis, when working with sentences of different lengths,
padding can be applied by adding special tokens or symbols (e.g., zeros) to the end of
shorter sentences to make them equal in length to the longest sentence in the dataset. This
ensures uniformity and compatibility in the input data, allowing researchers to apply
consistent analysis techniques and models. Padding is an important step to handle
variable-length sequences and ensure that datasets can be effectively processed and
analyzed in research tasks involving sequential data[29].

Integer “4” Integer “5” Integer “6”

[0, 0,0, 4] [0, 0,0, 5] [0, 0,0, 6]
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3.8. Word Embedding

Word embedding refers to a technique used to represent words or textual data in a
numerical format that captures semantic and contextual information. It is commonly
employed in natural language processing and text analysis tasks[36]. The concept involves
mapping words from a vocabulary to dense vector representations in a continuous vector
space. Each word is assigned a vector, and the values within the vector encode semantic
relationships and contextual similarities between words. Word embedding allows
computers to understand the meaning and relationships between words based on their
numerical representations. This representation enables researchers to leverage
mathematical operations and algorithms on words, such as measuring similarity or
performing calculations on word vectors. Word embedding is widely used in various
research areas, including sentiment analysis, document classification, machine translation,

and information retrieval, to enhance the understanding and processing of textual data.

3.9. Encoder

An encoder refers to a component or model that transforms input data into a different
representation or encoding. It is commonly used in various fields such as machine learning
and deep learning. The concept involves taking raw data, such as images, text, or
sequences, and mapping them to a compressed or latent representation that captures
essential features or information. Encoders are designed to extract meaningful patterns or
representations from the input data, enabling researchers to effectively analyze, classify, or
generate new data based on the learned encodings. Encoders can be trained using
techniques like auto encoders, recurrent neural networks (RNNSs), or convolutional neural
networks (CNNs), among others. They play a crucial role in research tasks such as image
recognition, text generation, anomaly detection, and dimensionality reduction. By
employing encoders, researchers can transform complex data into more compact and

informative representations, facilitating subsequent analysis and modeling processes[37].

3.10. Decoder

A decoder refers to a component or model that takes encoded or compressed
representations of data and reconstructs it back into its original form or generates new
outputs based on the learned representations. The concept is commonly used in various
fields such as machine learning and deep learning. The decoder complements the encoder
by reversing the process and converting the encoded or latent representations back into a
format that is understandable or usable. Decoders are often used in tasks such as image
generation, text generation, or sequence reconstruction. They are trained using techniques

like generative models, recurrent neural networks (RNNSs), or generative adversarial
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networks (GANSs), among others. Decoders play a crucial role in research by enabling
researchers to generate new data or reconstruct missing or incomplete data based on the
learned representations[38]. They contribute to tasks such as image synthesis, language
modeling, and data completion, enhancing the capabilities of research models and

systems.

3.11. Attention mechanism

It refers to a computational technique that allows models to focus on specific parts or
elements of input data when making predictions or performing tasks. It is commonly used
in fields such as natural language processing and computer vision. The concept is inspired
by human attention, where we selectively pay attention to relevant information while
ignoring irrelevant details. In machine learning, attention mechanisms enable models to
learn to assign different weights or importance to different parts of the input data. This
allows the model to focus on the most relevant or informative elements during
processing[39]. Attention mechanisms are often used in tasks such as machine translation,
image captioning, or sentiment analysis, where understanding the contextual relationships
or identifying salient features is crucial. By incorporating attention mechanisms,
researchers can improve the performance and interpretability of models by allowing them
to dynamically attend to important information in the input data.

3.12. Performance measurement methods

Performance measurement methods refer to techniques used to evaluate and assess the
effectiveness or quality of models, algorithms, or systems. These methods are commonly
employed in various fields, including machine learning, data analysis, and experimental
research. The goal is to quantitatively or qualitatively measure how well a system or
approach performs in achieving its intended objectives. Performance measurement
methods can include metrics such as accuracy, precision, recall, F1 score, mean squared
error, or area under the curve (AUC)[40]. These metrics provide numerical assessments of
model performance across various tasks, such as classification, regression, or clustering.
Additionally, qualitative methods such as user surveys, expert evaluations, or qualitative
analysis of outputs can be used to assess the performance of systems that involve
subjective aspects. By employing performance measurement methods, researchers can
objectively evaluate the strengths, weaknesses, and limitations of their models or systems,
allowing them to make informed decisions and improvements based on the obtained

results.
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3.12.1. Accuracy

Accuracy is a commonly used performance metric to evaluate the effectiveness of parsing
models. Constituency parsing involves analyzing the syntactic structure of a sentence by
assigning hierarchical labels to its constituent parts, such as phrases and clauses.
Accuracy, in this context, measures the percentage of correctly predicted constituents
compared to the total number of constituents in the parsed sentences. It provides an overall
assessment of how well the model is able to identify and label the different structural
elements of a sentence. Higher accuracy values indicate that the model is successfully
capturing the syntactic relationships within the text. Researchers can use accuracy as a
benchmark to compare different parsing models, optimize hyper parameters, or assess the
impact of various architectural choices on the performance of the constituency parsing
task[41].
Parsing Accuracy = (1/N) * £ {i=1}"N 1[P(s_1) = T(s_1)]

3.12.2. Loss function

A loss function is a crucial component used to measure the dissimilarity between the
predicted output of a parsing model and the ground truth annotations. The loss function
quantifies the discrepancy between the predicted constituency structure and the correct
structure in the training data. It serves as a guide for the model to update its internal
parameters and optimize its performance during the training process. Commonly used loss

functions for constituency parsing include cross-entropy loss or negative log-likelihood

loss. These functions calculate the difference between the predicted probabilities of
different constituents and the true labels, encouraging the model to minimize errors and
improve its ability to accurately predict the syntactic structure of sentences. By
minimizing the loss function, researchers aim to train the constituency parsing model to
generate output that aligns as closely as possible with the ground truth annotations,

enabling it to generalize well to unseen data and produce accurate parsing results[42].
3.12.3. Cross-Entropy

Cross-entropy is a commonly used loss function to measure the dissimilarity between the
predicted output of a parsing model and the ground truth annotations. Cross-entropy
calculates the average negative log-likelihood of the predicted probabilities assigned to
each constituent label compared to the true labels. It quantifies the difference between the
predicted and actual distributions of labels, penalizing the model for incorrect predictions.
By minimizing the cross-entropy loss, the model is encouraged to produce 0,1 higher

probabilities for the correct labels and lower probabilities for incorrect labels. This helps
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to guide the training process and improve the model's ability to accurately predict the
hierarchical structure of sentences. Researchers leverage cross-entropy as an optimization
objective to update the model's parameters iteratively, aiming to minimize the loss and

enhance the performance of the constituency parsing task[43].

3.13. Fine Tuning

Fine-tuning refers to the process of adjusting a pre-trained parsing model on a specific
task or dataset to improve its performance. Fine-tuning allows researchers to leverage the
knowledge and representations learned from a pre-trained model, typically trained on a
large dataset or a related task, and adapt it to a more specific parsing task or a smaller
dataset. During fine-tuning, the pre-trained model's parameters are updated using the
target dataset, often with a smaller learning rate than the initial training. This process helps
the model to specialize and adapt its representations to the specific syntactic structures and
linguistic characteristics of the target constituency parsing task. Fine-tuning can
significantly improve the parsing performance by utilizing the pre-existing knowledge
encoded in the pre-trained model, leading to more accurate and robust constituency
parsing results. It is a valuable technique in deep learning research for constituency
parsing, enabling researchers to achieve state-of-the-art performance even with limited
labeled data.

3.13.1. Dropout

Dropout is a regularization techniqgue commonly used to prevent over fitting and improve
the generalization ability of parsing models. Dropout randomly deactivates a fraction of
the neurons or connections in a neural network during training. This means that during
each training iteration, a subset of neurons is temporarily ignored, and their contributions
to the model's predictions are removed. By doing so, dropout forces the model to rely on a
more robust and diverse set of features and prevents the network from becoming overly
dependent on specific neurons or combinations of neurons. This regularization technique
helps to reduce over fitting by discouraging the model from memorizing the training data
and encourages it to learn more generalized representations that can better handle unseen
or noisy inputs. In the context of constituency parsing, dropout can be applied to the layers
or connections within the parsing model to improve its ability to generalize and accurately
predict the hierarchical structure of sentences, leading to better parsing performance on
unseen data[44].
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3.13.2. Early stopping

Early stopping is a technique used to prevent over fitting and determine the optimal
stopping point during the training process. Over fitting occurs when a parsing model
becomes too specialized to the training data, resulting in poor generalization to new,
unseen data. Early stopping helps mitigate this issue by monitoring the model's
performance on a validation set during training. The validation set consists of data that is
not used for training but is representative of the overall distribution. The training process
is halted when the performance on the validation set starts to deteriorate or reaches a
plateau. This indicates that further training may lead to over fitting. By stopping the
training early, researchers can prevent the model from becoming overly complex and
ensure it retains the ability to generalize well to unseen constituency parsing tasks or

datasets. Early stopping is an effective technique to find the right balance between model

complexity and generalization, ultimately improving the parsing performance and

avoiding over fitting in deep learning research for constituency parsing[14].

3.14. Evaluation metrics

The evaluation metrics are used to assess the performance of parsing models. These
metrics provide quantitative measures of how well the model predicts the syntactic
structure of sentences. One commonly used metric is labeled attachment score (LAS),
which calculates the percentage of correctly predicted labeled dependencies between
constituents in the parsed sentences. LAS take into account both the correct attachment of
constituents and the correct labeling of the dependencies[45]. Another commonly used
metric is the unlabeled attachment score (UAS), which measures the percentage of
correctly predicted unlabeled dependencies between constituents. UAS only considers the
correct attachment of constituents without considering the specific labels assigned to the
dependencies. Precision and recall are also important evaluation metrics. Precision
measures the proportion of correctly predicted constituents out of all predicted
constituents, while recall measures the proportion of correctly predicted constituents out
of all true constituents. F1 score, which is the harmonic mean of precision and recall,
provides a single metric that balances both precision and recall[40]. In addition to these
metrics, researchers may also consider other measures such as sentence-level accuracy,
which evaluates the percentage of completely correctly parsed sentences, or the average
crossing brackets (CB) score, which quantifies the number of crossed brackets in the
predicted constituency trees. By employing these evaluation metrics, researchers can
objectively assess the performance of parsing models, compare different approaches, and

identify areas for improvement in deep learning research for constituency parsing.

38



Finally, we use label attachment score for evaluating our experimental studies for all the
models we have used for implementing constituency parsing tasks, this evaluation
techniques expressed in equations as follow:- by break down the evaluation of
constituency parsing using labeled attachment scores (LAS) into a series of equations: the
first parts are started in define Variables as NN: Total number of words in the dataset, CC:
Total number of correct attachments (where predicted labels match the ground truth

labels), TT: Total number of words in the dataset for which we make predictions.

The second is calculating correct attachments as follows for each word in the dataset, we
compare the predicted label with the ground truth label, if they match, we increment CC
by 1. And C=)i=1No(groundTruthi,predictedi) Where: 6(x,y)d(X,y) is the Kronecker delta
function, which equals 1 if x=yx=y and 0 otherwise the ground Truth i ground Truth i
represents the ground truth label for word ii, by predicted i predicted i represents the
predicted label for word ii. Finally, calculate Labeled Attachment Score (LAS) as LAS is
the ratio of correct attachments to the total number of words where predictions are made
for LAS=CTLAS=TC Whereas: TT is the total number of words in the dataset for which
predictions are made. This series of equations defines how to evaluate constituency
parsing using labeled attachment scores (LAS) mathematically. You can implement these

equations in your code to compute LAS for your constituency parsing model.

LAS = (1/N) * Z_{i=1}*N [ (t_i == p_i) * (h_i == q_i) ]
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CHAPTER FOUR
4. RESEARCH DESIGN

4.1. Introduction

In this chapter, we would discuss the design of general architectures for constituency
parsing in the Siltigna language. By using the encoder-decoder architecture, which has
become a key technology in machine learning and deep learning, it was predominantly
employed in applications involving parsing and other natural language processing tasks.
The first step in this architecture is the encoder, which carries out preprocessing on the
input data. The input is read from the specified file path, and after the preprocessing step,
the dataset is converted into a vectorized format. Various techniques such as one-hot
encoding, padding, and word embedding like Word2Vec and GloVes are applied in the
vectorization process. These techniques help in representing the data in lower-dimensional
vectors using Tensor flows Keras embedding techniques. The encoder-decoder model is a
popular architecture for constituency parsing. It consists of two main parts: the encoder
and the decoder. The encoder takes an input sequence of Siltigna parse tree sentences and
encodes it into a fixed-length vector. It processes the input sequence token by token,
updating its hidden state at each time step. In the encoder-decoder architecture for
constituency parsing, the encoder plays a crucial role in capturing the relevant information
from the input sentence. It achieves this by iteratively computing a hidden state vector for
each word in the sentence. This computation is performed using both the word itself and
the previous hidden state of the recurrent neural network (RNN)[37].

As the RNN processes each word, it updates its hidden state, incorporating the current
word's information and the knowledge acquired from the previous words. This iterative
process continues until the entire sentence has been analyzed. At this point, the last hidden
state of the RNN, often referred to as the context or thought vector, encapsulates the
relevant information of the input sentence. The decoder, on the other hand, is responsible
for generating the output in the original representation space, word by word. It utilizes the
information contained in the context vector and the previously decoded words to make
accurate predictions for the next word in the target sequence. The specific implementation
of the architecture can vary depending on several factors. These include the choice of the
RNN cell type, such as a genuine RNN cell, a LSTM cell, or a GRU cell. Additionally, the
number of cells per layer and the number of hidden layers are among the parameters that
can influence the architecture's performance and behavior. These variations allow for
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flexibility in designing the architecture based on the specific requirements and
characteristics of the constituency parsing task[37].

On the other hand, the decoder takes the encoded vector and generates a target sequence of
constituency parse tree labels one token at a time. At each time step, the decoder takes as
input the previously generated target token and the previous hidden state. The hidden state
is updated based on the previous state and the previous target token, and it is used to
generate the next target token. This process continues until the decoder generates an end-
of-sequence token, indicating that the entire target sequence has been generated. The
encoding and decoding processes are jointly trained using a Seq2Seq loss function, such
as maximum cross-entropy loss. During training, the input sequence is supplied to the
encoder, and the decoder generates the target sequence token by token. The final hidden
layer's context vector from the encoder and the target embedding sequence are fed into the
decoder model to predict the target output. Thus, the context vector is passed through the

decoder to generate the output sequence.

: Silit'a FM l Data Collaction
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| Silitfe zone Edu. Office |
Pos Tags and
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special characters

One hot l
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LSTM.EILSTM,GRU.LSTM With Attention and Define Desp learning Models
Transformer |
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Figure 4-1 Proposed Architecture

4.2. Data Collection and Preparation

In our research study, we carefully assessed several areas to gather the dataset for the
Siltigna language. The diagram provided earlier was just an example of the dataset source
areas we explored. For the Siltigna language dataset, we collected data from various
sources. Firstly, we obtained data from hard and soft copies of Silti'e FM broadcasting
texts. These texts provided valuable linguistic content in the Siltigna language. Secondly,
we collected text books from the Silti'e Zone Education Office, specifically focusing on
the curriculum books of the WRU Siltigna Department. These books contained relevant
linguistic material that was important for our research.

To ensure the accuracy and reliability of the data, we consulted with language experts who
validated the collected dataset. Their expertise and insights helped to verify the quality
and authenticity of the data. Based on the information mentioned above, we prepared a
dataset for part-of-speech (POS) tagging and parse trees. This dataset was created by
chunking the POS tags, which involves grouping together consecutive words with the
same POS tag. By combining data from multiple sources and involving language experts
in the validation process, we aimed to create a comprehensive and reliable dataset for the
Siltigna language. This dataset would serve as a valuable resource for our research study
on constituency parsing and other related natural language processing tasks. From the
below graph our data preparation was in all the constituents are labeled in braches
notation by using the ATB structures for dataset construction mechanisms that are used for
constituency parsing models to predict the correct labels during training the dataset

uploads the codes give below constituency trees we show as an example below figure.
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def read_ parse_tree_ from_ file(file path):
with open(file_path, 'r") as file:
parse_tree_string = file.read()
parse_tree = Tree.fromstring(parse_tree_string)
return parse tree

# Visualize a parse tree

def wisualize parse_tree(parse_tree):
parse_tree.pretty_print()
parse_tree.pretty_print{unicodelines=True)

# Example usage

file path = "/content/drive/MyDrive/new parse.txt’
parse_tree = read_parse_tree_from file(file_ path)
visualize parse_tree(parse_tree)

s
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Figure 4-2 Sample parse trees preparation code screenshot

4.3. Pre-processing

In a research study, data pre-processing involves several important steps. One of the initial
steps is data cleaning, where the raw data is carefully examined and processed to remove
any inconsistencies, errors, or missing values. This ensures that the data is accurate and
reliable for analysis. Additionally, tokenization is performed to break down textual data
into smaller units, such as words or sentences. This step aids in further text analysis and
feature extraction. Finally, data splitting is conducted to divide the dataset into separate
subsets, typically training, validation, and test sets. The training set is used to train the
models, the validation set is utilized for tuning model parameters, and the test set is
employed to evaluate the final model's performance. This division helps ensure unbiased
evaluation and prevents over fitting. By performing these pre-processing steps, we can
work with clean and properly organized data, facilitating subsequent analysis and

modeling tasks[31].
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4.4. Data Splitting

For our research study, we prepared a dataset containing 2000 sentences. To ensure
reliable results, we divided the dataset into a training set and a testing set. Before the split,
we shuffled the data. Shuffling the dataset was important to eliminate any biases or
patterns that might have been present in the original order of the sentences. By
randomizing the sequence of sentences, we aimed to achieve a more diverse and
representative distribution of data points across the sets. Additionally, shuffling the dataset
helped prevent over fitting during training. Over fitting occurs when a model becomes too
specialized in capturing specific patterns from the training data and performs poorly on
unseen data. Shuffling disrupted any potential sequence-based patterns, reducing the risk
of over fitting and promoting better generalization.

Table 4-1 Data splitting and usage

Total datasets For training used For testing used
The datasets in percentages | 80% 20%

%

(%) 85% 15%

4.5. Vectorization

In the realm of parsing tasks, vectorization plays a pivotal role as it allows words and
sentences to be represented as numerical vectors that can be processed by deep learning
models. In this study, various approaches for vectorization were employed, including one-
hot vector encoding and word embedding techniques such as word2vec and Glove. From
the behavior for our dataset we prepared sentences by corresponding parse trees we use
the architecture auto-encoder for seq2seq model implementation for implementing these
we applied both one-hot vector and word2vec for representing words in dense vector of
vocabulary size determination of the dataset of parse trees. Word embedding, specifically,
enables the creation of dense vectors within a continuous vector space, thereby capturing
semantic relationships between words. Overall, these methods facilitate the transformation

of textual data into a format suitable for analysis and modeling[15].

44



4.6. DL Model Selection
4.6.1. Long Short-term Memory Model

It is a specialized type of recurrent neural network (RNN) architecture designed to address
the vanishing gradient problem encountered in traditional RNNs. This problem arises
when gradients diminish rapidly during back propagation through time, hindering the
ability of the network to learn long-range dependencies in sequential data. The LSTM
architecture includes a memory cell that maintains information over time intervals,
enabling it to learn and remember patterns across longer sequences. At its core, an LSTM
cell consists of several key components: the forget gate, which determines what
information should be discarded from the cell state; the input gate, which decides what
new information should be stored in the cell state; the cell state update mechanism, which
combines information from the forget gate and the input gate to update the cell state; and
the output gate, which controls what information should be output from the cell state.
Together, these components empower LSTM networks to effectively capture and utilize
long-term dependencies in sequential data, making them well-suited for tasks such as
natural language processing, speech recognition, and time series prediction. LSTM
models enhance RNNs by extending memory capabilities, allowing them to learn and
maintain dependencies over long sequences. This is achieved through gated cells that can
read, write, and delete data from memory. Three main gates - forget, input, and output -
regulate the flow of information within the LSTMI[46]. The forget gate determines
whether to keep or discard existing information, while the input gate identifies critical
features from the input. During training, weight values control the significance of
information, enabling the model to learn what to retain and what to discard.

The sequence-to-sequence (Seq2Seq) architecture involves an encoder LSTM that
processes input sequences and generates a context vector. This vector is then used by a
decoder LSTM to produce output sequences one step at a time. During training, cross-
entropy loss is minimized to improve predictions. The model is optimized through back
propagation, adjusting weights based on the gradient of the loss function. Input and output
sequences are transformed using embedding layers, and LSTM layers handle sequence
processing. During inference, the encoder generates the context vector from input
sequences, which is then used by the decoder to generate output sequences[47].The above
Encoder LSTM architectures are defined in the following input and out equations for
encoding Siltigna language data analysis parse tree datasets like the first Input sequence:
x=(x1,x2,....xn),secondly embedding by: e(x),the learning encoder LSTM
hn=LSTM(e(x))and get the context vector: c=hn after encoding the dataset next decoder

Istm equations as input context vector and previous output token: (c,yt—1)by decoder
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LSTM: ht=LSTM(yt—1,ht—1,¢) and output token: yt=softmax(Ws=ht).The training section
use loss function as cross-entropy loss and use update rule for back propagation through
time use the inference for encode input sequence: c=LSTM(e(x)) and finally described in

to generate output sequence yt=LSTM(yt—1,ht—1,c)[46].
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Figure 4-3 LSTM Architecture
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4.6.2. LSTM with Attention architecture

In the context of constituency parsing for languages such as Siltinga, employing LSTM
attention involves leveraging Long Short-Term Memory (LSTM) networks with attention
mechanisms to enhance the parsing process. Constituency parsing aims to break down
sentences into their syntactic components, like phrases and clauses, based on formal
grammar rules. LSTM networks, known for their ability to capture long-range
dependencies in sequential data, serve as the backbone of this approach. In the initial stage
of constituency parsing with LSTM attention, the input sentence undergoes encoding,
typically into fixed-size vector representations. This encoding step often utilizes
techniques like word embedding®s or character embedding"s, transforming each word into
a numerical representation while preserving its contextual meaning within the
sentence[48]. As the LSTM network processes the encoded input sequence, it sequentially
analyzes each word, incorporating its contextual information and position within the
sentence. Through this process, the LSTM generates hidden representations at each step,
effectively capturingthe underlying syntactic structure of the sentence. One of the critical
enhancements introduced by LSTM attention is the incorporation of attention
mechanisms. These mechanisms dynamically weigh the relevance of different words or
phrases in the input sequence at each step of the LSTM's processing. By focusing attention
on salient parts of the sentence, the model can better discern syntactic relationships and
dependencies, thus improving parsing accuracy. With the LSTM's output and the
attention weights in hand,the parsing process culminates in the generation of parse trees.
These trees represent the hierarchical structure of the input sentence, delineating
constituent phrases and their interrelationships. By effectively integrating LSTM attention
mechanisms, constituency parsing models can yield more nuanced and accurate syntactic
analyses, particularly beneficial for languages like Silitinga where complex structural
patterns may exist. An attention mechanisms have emerged as powerful tools in machine
learning, with attentive neural networks providing a structured framework for their
implementation across various tasks. The transition functions within these networks define

how attention is applied and integrated into the model's decision-making process[49].
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Figure 4-4 LSTM Attention Architecture

4.6.3. Bi-directional Long Short-term Memory Model

Bidirectional Long Short-Term Memory (BIiLSTM) models are designed to enhance
classification performance by leveraging bidirectional information flow. Unlike
unidirectional LSTMs where information flows strictly from past to future, BiLSTMs
process input sequences in both directions, from past to future and from future to past,
using separate hidden states. This bidirectional processing allows the model to capture
dependencies from both the preceding and succeeding contexts simultaneously. By
incorporating information from both directions, BiLSTMs gain a more comprehensive
understanding of the input sequence, thereby improving the learning capacity of LSTM
networks. In essence, BiLSTM models utilize forward and backward hidden states to
enhance classification performance by capturing a richer representation of sequence
patterns and dependencies[50]. It is an extension of the Long Short-Term Memory
(LSTM) architecture that enhances sequence modeling by processing input sequences in
both forward and backward directions. In a BILSTM, the input sequence is fed into two
separate LSTM layers: one processes the sequence from the beginning to the end (forward
LSTM), while the other processes it in reverse (backward LSTM). The outputs of both
LSTM layers are then concatenated at each time step, allowing the model to capture
information from both past and future contexts simultaneously. BiLSTM is particularly
effective for tasks requiring a comprehensive understanding of sequential data, such as
natural language processing and time series prediction, as it can capture long-range
dependencies in both directions[51]. For the analysis of the dataset by BILSTM
architectures use firstly forward LSTM equestions use an input sequence:
x=(x1,x2,...,xn),forward LSTM: h—t=LSTM(xt,h—t—1) and the Backward LSTM follow
as the equestions input sequence: x=(x1,x2,...,xn), the backward LSTM as:

h—t=LSTM(xt,h«t+1), after these use the concatenate forward and backward hidden
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states: ht=[h—t,h«t] for the training:loss function: Cross-entropy loss to update rule: back
propagation through time and finally use the inference was as forward pass through both
LSTM directions and concatenate hidden states for each time step to obtain the final

representation[30].
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Flgure 4-5 BILSTM architecture

4.6.4. Gated Recurrent Unit Model

It is a type of recurrent neural network (RNN) architecture that has been applied to
various natural language processing tasks, including constituency parsing. GRU is similar
to LSTM but has a simpler architecture with fewer parameters. It consists of a set of gates
that control the flow of information within the network, including an update gate and a
reset gate. These gates enable GRU to selectively update its hidden state based on the
input and the previous hidden state. For constituency parsing, GRU can be used as part of
a sequence-to-sequence model, where the input sequence is a sentence and the output
sequence is its syntactic parse tree. The GRU layers process the input sentence and encode
its information into a fixed-size vector representation. This representation is then decoded
by another set of GRU layers to generate the parse tree. GRU-based models for
constituency parsing have been shown to achieve competitive performance compared to
other approaches, offering a balance between computational efficiency and effectiveness
in capturing long-range dependencies in sentences. However, the specific implementation
details and performance may vary depending on the dataset and model architecture
used[52]. In research findings indicate that among all single models tested, the Gated
Recurrent Unit (GRU) consistently outperformed others in the context of the task at hand.
However, the performance of the GRU model was further enhanced when it was
incorporated into an ensemble model. Ensemble methods typically combine multiple
models to produce superior results compared to any individual model, leveraging diverse
perspectives and learning from different sources of information[52]. By integrating the
strengths of the GRU model with other complementary models, the ensemble approach
effectively boosted the overall performance, demonstrating the benefits of combining

multiple models for improved results in the given task.
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4.6.5. Transformer Model

The Transformer model architecture is a type of deep learning architecture introduced in
the paper [53]. It's primarily used in natural language processing (NLP) tasks and has
become a foundational architecture for various NLP applications due to its effectiveness
and scalability. We frequently build upon existing Transformer architectures or develop
new variations to improve performance on specific tasks. For constituency parsing using
the Transformer architecture, we typically adapt existing Transformer models, such as the
original Transformer introduced by the researchers. or variations like BERT (Bidirectional
Encoder Representations from Transformers) or GPT (Generative Pre-trained
Transformer), to the task of constituency parsing. Here's a brief overview of the key

components of the Transformer model architecture:

Self-Attention Mechanism: This mechanism allows the model to weigh the importance
of different words in a sentence when encoding or deco ding. It computes attention scores
between all pairs of words in a sequence, capturing dependencies regardless of their

positions in the input sequence.

Encoder-Decoder Architecture: The Transformer model typically consists of an encoder
and a decoder. The encoder processes the input sequence, while the decoder generates the
output sequence. Each encoder and decoder layer in the Transformer contains multiple

self-attention layers followed by feed-forward neural networks.

Positional Encoding: Since the Transformer model doesn't inherently possess information
about the order of tokens in a sequence, positional encoding is added to the input

embedding s to provide positional information to the model.

Feed-Forward Neural Networks: Both the encoder and the decoder have feed-forward

neural networks, which are applied to each position separately and identically.

Layer Normalization and Residual Connections: Layer normalization is applied after
each sub-layer, and residual connections are employed around each sub-layer to aid in
training deeper networks. When using the Transformer architecture for constituency parsing,
you would typically adapt it to predict constituency labels for each word or subsequence in a
sentence, producing a parse tree representation. The model would be trained on a dataset of parse
trees, learning to map input sentences to their corresponding parse trees. Overall, the Transformer's
self-attention mechanism allows it to capture dependencies across the entire input sequence
efficiently, making it well-suited for tasks like constituency parsing, which require understanding

the hierarchical structure of language[54].
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CHAPTER FIVE
5. EXPERMENTATION AND RESULTS

5.1. Introduction

We begin by providing an overview of the architecture designed for the task, as outlined
in the preceding chapter. This architecture serves as the framework for the experiments
conducted in the thesis, establishing the baseline for subsequent discussions. Following
the architecture overview, the section delves into the details of the corpus source utilized
in the experiments. It includes information on the origin, size, composition, and any
preprocessing steps applied to the dataset. This context is essential for understanding the
data used in the study. Next, the experimental implementation is described, outlining the
software tools, libraries, and hardware resources employed for the implementation of the
experiments. This provides clarity on the technical infrastructure utilized to conduct the
research. A significant aspect covered in this section is the preprocessing of the dataset.
The text explains the preprocessing steps undertaken, such as tokenization, normalization,
cleaning, and feature extraction. These steps are crucial for preparing the data for
subsequent model training and evaluation. The section elaborates on each conducted
model experiment, detailing the variations in architecture, hyper parameters, and training
methodologies. This may involve comparing different neural network architectures,
optimization algorithms, or regularization techniques to assess their impact on
performance. Furthermore, the process of parameter selection is discussed, encompassing
the methods used to determine optimal values for model parameters such as learning rates,
batch sizes, and network sizes.
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5.2. Data Collection and Preparation

We collected 2000 sentences and prepared corresponding parse tree. These sentences were
gathered from various sources, including Siliti’e FM, the Siliti’e zone education office, the
WRU Siltigna department, and textbooks spanning from grade 1 to grade 12. Specific
details about the sources of the data used in the study are provided below a tabulated
format. This breakdown allows for clear delineation of the contributions from each portion
of the dataset. The inclusion of sentences from Siliti’e FM suggests that real-world
language usage was considered, likely reflecting contemporary spoken Siliti’e.
Additionally, data sourced from educational institutions and textbooks may offer insights
into formal or standardized language usage, particularly relevant for linguistic analysis
and educational applications.

Table 5-1 Data Collection and Preparation

Source of Data Expressed In Numbers
Siliti’e FM 800
WRU siltigna department 300
Siliti’e zone educ.office 200
Text books 700
Total in numbers 2000

5.2.1. System Environment

In order to implement the proposed study's model, selecting a suitable programming
language and setting up the necessary environment is essential. Python was chosen as the
primary programming language due to its extensive support for freely available libraries.
Python 3.11, along with Jupyter Notebook, was utilized for coding, with the Keras,
TensorFlow, and NumPy libraries being key components. Google Colab was selected as
the main integrated development environment (IDE) due to its provision of cloud
resources, including GPUs with 24.5GB of RAM, which significantly expedite training
times compared to CPUs. While desktop and laptop systems were utilized for corpus
preparation, preprocessing, and report writing, Google Colab with GPU support served as
the primary environment for implementing and training the proposed model. The

experimental workflow involved storing the dataset as .txt files, uploading them to Google
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Drive, mounting the drive in Google Colab, and then performing preprocessing steps

within the Colab environment to prepare the data for training.

5.2.2. Data Cleaning

The initial step in data preprocessing involves cleaning the dataset, which is fundamental
for preparing data for further processing. In this process we begins by loading the dataset
using the open() function, with each line of the text files containing a sentence separated

by spaces.

# Remove any non-Silitigna characters
text = re.sub(r'[*hwWERFT0\s]', ', text)
# Remove extra whitespaces

text = " ".join(text.split())

return text

gef clean_silitigna_dataset(dataset_path, output_path): C
cleaned_lines = []
with open(dataset_path, 'r', encoding="utf-8') as file:
for line in file:
cleaned_line = clean_silitigna_text(line)
cleaned_lines.append(cleaned_line)
with open(output_path, 'w', encoding='utf-8') as output_file:
for cleaned_line in cleaned_lines:
output_file.write(cleaned_line + '\n')
input_silitigna_dataset_path = '/content/drive/MyDrive/dataparser.txt’
output_cleaned_silitigna_dataset_path = '/content/drive/MyDrive/dataparser.txt’
clean_si1itigna_dataset(input_silitigna_datasg?_path, output_cleaned_silitigna_dataset_pathl

Figure 5-1 Sample data cleaning screenshot code
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5.2.3. Tokenization

In the tokenization process, plain text is transformed into a sequence of tokens. This
involves two main operations carried out sequentially[55]. Firstly, words are mapped to
integers using the Tokenizer class from the Keras library, which is essential for modeling
purposes. Additionally, parse trees are tokenized. To train the tokenizer on a list of
phrases, a function named create_tokenizer() is utilized, leveraging the built-in function
tf.keras.preprocessing.text with a whitespace delimiter. The Tokenizer(filters="") library,

derived from the Tokenizer class, facilitates this tokenization process.

def tokenize_silitigna_sentences_from _file(file_path):
with open(file_path, 'r', encoding="utf-8"') as file:
sentences = [line.strip() for line in file]

tokenizer = Tokenizer(filters="")
tokenizer.fit_on_texts(sentences)
tokenized_sentences = tokenizer.texts_to_sequences(sentences)
return tokenized_sentences, tokenizer
file_path = "/content/drive/MyDrive/dataparser.txt’
tokenized_sentences, tokenizer = tokenize silitigna_sentences_from_file(file_path)

print(“"Tokenized Sentences:")

for sentence, tokenized_sentence in zip(sentences, tokenized_sentences):
print("Sentence:", sentence)
print("Tokenized:". tokenized sentence)

Figure 5-2 Sample data tokenization screen shot code

"(S', '(ADIP(ADI', '10)(VIm', 'M®Z))(NP(NN', 'T°R)(Vp',
O(NP(NNp', 'ANRF)(Vp', UCTR)(Ng', 'rm&))) ]
O(NP(NNp', 'ANRF)(ADV', 'RHZ)(Vp', "RARL)))']
S', "(NP(NNp', 'AMRMY(NN', '@PRF)(Vp', '£NPTh)))']
(NP( P(N

Sample 1 tokens: ['(
Sample 2 tokens: ['(
Sample 3 tokens: ['(
['(
[*(

[ Iy |
- -

Sample 4 tokens: [

Sample 5 tokens: ['(S', "(NP(NN', 'Ad)(ADI", "ih))(N

Figure 5-3 Sample example output tokens from the model
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5.2.4. Parameter Selection

This section outlines the parameters used in the experimental study to train and test the
selected model. Various experiments were conducted on these parameters using the
training and testing data. The process began by selecting the embedding size dimensions,
with options of 512 and 256 for latent dimensions and 128 and 256 for embedding
dimensions. The choice of dimensionality depends on the selected model's requirements.
A batch size of 64 and 32 was chosen, indicating the number of samples examined before
updating the internal model parameters. A learning rate of 0.01, and 0.001 was selected to
minimize training loss. Additionally, our experiments were conducted with epochs
multiplied by 30, representing the number of iterations to learn the model across the entire

dataset, where each epoch represents a single pass through the dataset.
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Table 5-2 All model parameters

No
Used hyper Parameters All Train and Test Deep Learning Model Types
LSTM LSTM Bi-LSTM | GRU Transformer
attention

1 Embedding Dimension 128 256 128 256 128

2 Latent Dimension(units) | 256 256 256 256 256

3 Learning rate 0.01 0.01 0.01 0.01 0.001

4 Batch size 64 32 64 64 32

5 Loss function Categorical | Categori | Categoric | Categorical | Categorical
Cross cal cross |al  cross | cross cross entropy
entropy entropy | entropy entropy

6 Optimization Adam Adam Adam Adam Adam

7 Num_ Head No No No No 8

8 Epoch 30 30 30 30 30

9 Dropout rate 0.2 0.1 0.2 0.2 0.2
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5.3.  RESULT AND DISCUSSION

We analyzed by LSTM,LSTM with attention mechanism, Bi-LSTM, GRU, and the
Transformer model that are deep learning algorithms used for sequence modeling in NLP.
LSTM and GRU address the vanishing gradient problem and capture long-term
dependencies. Bi-LSTM processes sequences in both directions for a more comprehensive
understanding. The Transformer model employs self-attention mechanisms to capture
global dependencies, achieving state-of-the-art results. When analyzing datasets, consider
data characteristics and task requirements. LSTM, Bi-LSTM, and GRU excel in long-term
dependencies, while the Transformer captures contextual information effectively.
Experimentation and evaluation are crucial to determine the best algorithm for specific

needs.

5.3.1. Experimental Result

Experiment 1 LSTM models

For this model we built, several hyper parameters we used for training and optimization.
The batch size was set to 64, which determines the number of samples processed in each
training iteration. The embedding dimension was set to 128, representing the size of the
vector representation for each word or token in the input sequence. The latent dimension
(or hidden state size) was set to 256, which determines the number of units in the LSTM
layer. The learning rate was set to 0.01, controlling the step size during gradient descent
optimization. The chosen loss function was categorical cross entropy, which is commonly
used for multi-class classification tasks. The model was trained for 30 epochs, indicating
the number of times the entire dataset was passed through during training. A dropout rate
of 0.2 was applied, which helps regularize the model and prevent over fitting. The
accuracy was 81%, and the loss was 2.280, representing the model's performance on the
training data and the evaluated labeled attachment score was again 0.5.
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Figure 5-5 LSTM Train and test graph

Experiment 2 LSTM with attention models
We conducted on the LSTM with attention model was constructed with careful

consideration of its hyper parameters. A batch size of 32 was chosen, indicating that 32
samples were processed in each training iteration. This choice balances computational
efficiency and model update frequency during training. The embedding dimension, set to
256, defines the size of the vector representation for each word or token in the input
sequence. This dimensionality is critical for capturing semantic information effectively.
The latent dimension, or hidden state size, of the LSTM with attention layer was
configured to 256 units, determining the complexity and capacity of the model to learn
intricate patterns within the data. A learning rate of 0.01 was selected to control the step
size during gradient descent optimization, influencing the rate at which the model
parameters are updated. For the loss function, categorical cross-entropy was employed,
well-suited for multi-class classification tasks, measuring the discrepancy between
predicted and true label distributions. Training was conducted over 30 epochs, allowing
the model to iteratively learn from the dataset, with each epoch representing a pass
through the entire dataset. To prevent over fitting, a dropout rate of 0.1 was applied,
randomly deactivating a fraction of input units during training to promote generalization.
The reported metrics indicate a loss of 3.18 and an accuracy of 80.04%and LAS result was

0.4, offering insights into the model's performance on the training or validation data and
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highlighting areas for potential improvement through further experimentation and fine-

tuning of hyper parameters.
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Figure 5-6 LSTM with attention train and test graph

Experiment 3 BiLSTM models

In the BiLSTM model we built, the analysis was conducted on hyper parameters for model
construction and training. The batch size was set to 64, determining the number of
samples processed in each training iteration. The embedding dimension was set to 128,
representing the size of the vector representation for each word or token in the input
sequence. The latent dimension (or hidden state size) was set to 256, determining the
number of units in the BiLSTM layer. The learning rate was set to 0.01, controlling the
step size during gradient descent optimization. The chosen loss function was categorical
cross entropy, which is commonly used for multi-class classification tasks. The model was
trained for 30 epochs, indicating the number of times the entire dataset was passed through
during training. A dropout rate of 0.2 was applied to regularize the model and mitigate
over fitting. The model had 256 units in total. The reported loss was 2.88, and the

accuracy was 80.9% and LAS result was 0.5.
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Experiment 4 GRU models

In our GRU model, we carefully considered the hyper parameters and architecture. The
embedding dimension was set to 256, allowing the model to effectively capture the
semantic meaning of words. We chose a latent dimension of 256, which represents the
hidden state size of the GRU cells, enabling the model to learn complex patterns in the
data. To optimize the model, we utilized a learning rate of 0.01, determining the step size
for parameter updates during training. A batch size of 32 was selected, balancing
computational efficiency with the quality of updates. Categorical cross-entropy served as
the loss function, measuring the dissimilarity between predicted class probabilities and
true labels. Training the model for 30 epochs involved iterating over the entire dataset
multiple times, allowing the model to learn and adjust its parameters. Incorporating a
dropout rate of 0.2 helped prevent over fitting by randomly deactivating a fraction of input
units during training. Our efforts resulted in loss is 2.04 accuracy of 84.3%, indicating the
model's ability to correctly predict the training data. However, it's important to evaluate
the model's generalization performance on a separate test dataset to assess its effectiveness
in real-world scenarios and LAS result was 0.6.
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Experiment 5 Transformer models

When we build our transformer model, we conducted thorough analysis of various
factors such as batch size, embedding dimension, epoch, loss function, learning rate, and
dropout hyper parameter. This allowed us to make informed decisions and construct an
effective model. In the transformer architecture, we utilized the ReLU activation function
in the feed forward layer. This function helps activate the neurons, introducing non-
linearity and enhancing the model's ability to capture complex patterns in the data. For the
specific model configuration, we chose an embedding dimension of 128, which
determines the size of the input word embedding. Additionally, we set the latent
dimension to 256, indicating the hidden state size of the transformer model. These choices
were made to strike a balance between model complexity and computational efficiency.
To optimize the model's training, we set the learning rate to 0.001, controlling the step size
for parameter updates during the optimization process. The batch size was set to 32,
considering the trade-off between computational resources and the quality of parameter
updates. Categorical cross-entropy was selected as the loss function, which is commonly
used for multi-class classification tasks. This loss function quantifies the dissimilarity
between the predicted class probabilities and the true class labels. Training the model for
30 epochs allowed it to learn and adjust its parameters over multiple passes through the

dataset. This iterative process enables the model to capture underlying patterns and
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improve its performance. To prevent over fitting, we incorporated a dropout rate of 0.2.
This technique randomly deactivates a fraction of input units during training, encouraging
the model to rely on multiple features and reducing its dependence on specific ones. In our
training process, the transformer model achieved an accuracy of 84.38% and loss of 1.37.
However, it is important to evaluate the model's performance on a separate test dataset to

assess its generalization capabilities and their labeled attachment score was 0.83.
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5.3.2. Discussions of the results

In our study, we performed various preprocessing steps and built deep learning models
with different architectures, including LSTM, LSTM with attention, BILSTM, GRU, and
transformers. Each model was evaluated separately, and we obtained different
experimental results for each. The general architecture we used involves a sequential auto-
encoder that reads the input sentences and converts them into a single real-valued vector.
This vector is then passed to the decoder, which generates the predicted parse trees. We
found that as the length of a sentence increases, the interdependency between words at the
start and end of the sentence becomes less strong. However, the architecture performed
well for both simple and complex sentences. To handle the interdependency of words
within a sentence, we used an attention mechanism in combination with the Auto-encoder-
Decoder architecture. This helped address the issue of identifying words by specific
indices as they are encountered in the data. Then each consecutive model increases the
performance of constituency parsing tasks. Based on our experimental findings, we
concluded that the Transformer model outperformed LSTM, LSTM attention, BILSTM,
and GRU models. However, due to the limited amount of data used in the study, it was
challenging to develop a parsing model that was highly effective. Despite this limitation,
we achieved LAS (Labeled Attachment Score) of 0.83 by adjusting different hyper
parameters with the limited dataset and we observed that deep learning has become a
successful technique for parsing due to increased processing capacity. During analyzing
Auto-encoder-Decoder architecture allowed for accurate parsing of sentences. Overall, the
experiments led to improved LAS for predicting parsing results.
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Table 5-3 Discussion of experimental results by LAS

Experiments Evaluated Models Analyzing by LAS results
Experiment 1 LSTM 0.5

Experiment 2 LSTM with Attention | 0.4

Experiment 3 BiLSTM 0.5

Experiment 4 GRU 0.64

Experiment 5 Transformers 0.83

5.3.3. Summary

From the above experimental results reveal that the transformer model outperforms other
architectures such as LSTM, LSTM with attention mechanism, BiLSTM, and GRU in
terms of performance on both the training and test datasets. The transformer model
achieved a labeled attachment score of 0.83, indicating its superior ability to capture
dependency relations. Additionally, the total loss during training was reported as 1.37,
suggesting effective learning and optimization during the training process. Furthermore,
the model demonstrated an impressive accuracy of 84.38%, affirming its robust
performance across the dataset. Overall, the transformer model emerges as the top

performer among the evaluated architectures, showcasing its effectiveness in handling the

given task.
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5.3.4. Answering Research Questions

In our work, we gather data from various parts of the Siliti’e Zone and WRU Siltigna
Departments, encompassing text data in both simple and complex Siltigna languages.This
data is in raw form initially and undergoes a thorough cleaning and preprocessing phase
utilizing algorithms tailored for analysis and implementation cases. . During data
collection and annotation phase we guided by two language experts the first expert name
Kedir Awel(B.Sc. In siltigna language and literature) he guided by annotate pos tags and
the second expert was name Tewfic Dilebo(M.Sc. in literature and he is head department
of siltigna language and literature at WRU) he guided by phrase tags of the language.
During this process, we label the data with part-of-speech tags and construct parse trees
using the expertise of the language to ensure clarity and eliminate impurities from the raw
text our additional resources include textbooks, Siliti'e FM broadcasts, and materials from
the Siliti'e Zone Education Office in both soft and hard copy formats. All data undergoes
scrutiny and approval by language experts who possess a deep understanding of Siltigna
grammar. Their involvement ensures the accuracy and integrity of the labeled data.
Overall, our methodology involves a meticulous approach to collecting, cleaning,
preprocessing, and labeling text data in Siltigna languages, with the ultimate goal of
creating high-quality resources for language understanding and analysis in various

domains.

RQ1. Which Vectorization technique was used for identifying siltigna language?

In our study, we utilized various techniques for language understanding and parsing tasks,
with a focus on deep learning models and word embedding methods. Word embedding,
particularly techniques like one-hot vector encoding and Word2Vec, played a central role
in our approach. These methods transform words into dense vector representations,
capturing rich semantic and syntactic relationships within a high-dimensional space. Our
experiments involved implementing constituency parsing using LSTM, LSTM with
attention mechanisms, BILSTM, GRU, and transformer models. These deep learning

architectures leverage word embedding to enhance language understanding and enable
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more accurate parsing and labeling tasks. By employing deep learning techniques and
word embedding, we were able to revolutionize language analysis in our domain,
achieving remarkable accuracy in constituency parsing and labeling tasks, particularly
through seg2seq systems. We organized our methodologies and architectures into
architectural diagrams, as outlined in Chapter 4 of our study. Ultimately, our experiments
in Chapter 5 demonstrated the effectiveness of Word2Vec techniques, particularly in
sequentially processing text data, highlighting its superiority in our parsing and labeling
tasks.

RQ2. Which deep learning algorithm was best for siltigna language parsing?

In Chapter 5 of our experimental study, we conducted analyses on our dataset using five
different deep learning model algorithms: LSTM, LSTM with attention, BILSTM, GRU,
and transformer models. Our evaluation primarily focused on assessing the performance
of these models in constituency parsing tasks, utilizing the labeled attachment score
evaluation metric. Among these algorithms, the transformer model, particularly when
leveraging pre-trained language models like BERT, demonstrated superior understanding
and accuracy in handling our dataset. The transformer model outperformed other
algorithms in terms of its ability to comprehend sequential structures and support
transition-based methods. The obtained results suggest that transformer models, especially
when incorporating pre trained language models like BERT, offer state-of-the-art
performance in constituency parsing tasks, making them potentially valuable for current

language understanding applications.
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CHAPTER SIX
6. CONCLUSION AND RECOMMENDATION

6.1. Conclusion

In conclusion, this research focused on the development of constituency parsing models
for Siltigna languages using deep learning techniques. We utilized various deep neural
network algorithms, including LSTM, LSTM with attention, Bi-LSTM, GRU, and
transformer models, to parse sentences with corresponding parse trees. Our study was
conducted on a dataset comprising 2000 parse tree datasets prepared specifically for this
purpose. Through experimentation and analysis, we found that the transformer model
outperformed other models in terms of parsing accuracy and efficiency. Specifically, the
transformer model achieved a significant improvement in labeled attachment scores,
increasing parsing quality by 0.23 compared to other models. Furthermore, the
transformer model demonstrated superior time efficiency in constituency parsing for
Siltigna sentences. Overall, our study highlights the effectiveness of deep learning models,
particularly the transformer model, in constituency parsing tasks for Siltigna languages.
These findings contribute to advancements in natural language processing and pave the
way for further research in language understanding and parsing in similar linguistic

contexts.

6.2. Recommendation

We recommended that for analyzing advanced constituency parsing for the Siltigna
language has encountered several challenges. One major obstacle has been the difficulty in
accessing linguistic experts and obtaining accurate data sources. This issue is exacerbated
by the limited availability of online resources and linguistically annotated datasets
(Treebank) specifically tailored for Siltigna. As a result, significant time and effort have
been invested in collecting and preparing experimental data for analysis. To address these
challenges and progress in constituency parsing for Siltigna, there is a critical need to
collaborate with linguistic experts. Their expertise is indispensable in creating a corpus
that is linguistically annotated and tailored to the unique characteristics of the Siltigna
language. However, the process of engaging these experts and developing such a corpus
requires time and resources. The delays in the advancement of constituency parsing for
Siltigna can also be attributed to the low quality of the available training data. This data
may suffer from inaccuracies and inconsistencies, making it challenging to train robust
parsing models effectively. Furthermore, the lexically and syntactically ambiguous nature

of the Siltigna language adds another layer of complexity to the parsing task. Another
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significant challenge is the absence of predefined models and algorithms for implementing
Siltigna in terms of lemmaand morphology. This lack of existing frameworks means that
efforts must be directed towards developing custom models and algorithms tailored
specifically to the linguistic characteristics of Siltigna. This process involves collaboration
between computational linguists and domain experts familiar with the intricacies of the
language.

6.3. Contribution

Our research contribution addresses the challenges inherent in conducting research in
Siltigna language, particularly in the realm of parsing, whether through constituency or
dependency methods. We have tackled these obstacles by developing sentences along with
their corresponding parse trees, utilizing tentative part-of-speech (POS) tags and phrase
tags. This process was facilitated through collaboration with domain experts, enabling us
to overcome the linguistic complexities specific to Siltigna. Our contribution lies in the
comprehensive assessment of all Siltigna language sentences, utilizing the language's
word classes, phrase categories, and grammatical structures. Through rigorous analysis
and parsing approaches, we have systematically evaluated and parsed Siltigna sentences,
thereby advancing our understanding of the language's linguistic features and facilitating
the development of parsing models tailored to Siltigna. By addressing these challenges
and conducting thorough linguistic assessments, our research significantly contributes to
the advancement of parsing techniques for the Silitigna language. It provides valuable
insights into the language's syntactic structures and lays the groundwork for future
research in natural language processing and computational linguistics within the Siltigna
linguistic domain.

6.4. Future Work

From the results of the study, we recommend that following future research directions: -
from our efforts for the thesis we conducted it was the first study in the Siltigna language
domain. We have developed sentences with corresponding parse trees by using tentative
pos tags and phrase tags for using our work done from these we developed 2000

sentences with corresponding parse trees datasets.

» For future work we recommend that interested researcher in Siltigna language use the
prepared data set can be used for other NLP applications tasks like spell checking,

questions answering and grammar checker.

« As the goal of our study is to implement constituency parsing only using text parsing,

we suggest that additional studies conduct on document parsing and semantic parsing.

« Finally, we suggest that other researchers extend our work by adding dataset and use

manually annotated dataset (Treebank).
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8.1.

Appendix A: Siltigna language alphabet

8. APPENDICES

s
Laa Le Li
oy T ™
Midaa e DM
o & (=
Raa Re Ri
f (13 I ]
Saa Be Bi
) " Ti
Saa e Sa
= & 3
Qaa Qe O
L} (18 -l
Baa Ee Bi
E-d B kil
Taa Te Ti
Es E -
Caa Ce Lo-1
L = -
IMa= Tle Ma
T - 1
MNaa e i
= Fe A

Ko

W

Yaa

Appendix figure 8-1 Siltigna language alphabet
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8.2. Appendix B: Siltigna punctuation marks
Appendix table 8-1 Siltigna punctuation marks

PRt ekt

/ AHNC

? Pire ANt

FMA NEpel,

B.C Nepel,

& » pckn anAn+

() ¢

A¢T ekt

! AT@IR $t aRANT

[ PHPY aRANT

Ug ekt

Znen
UNF st +IN Ned

8.3.  Appendix C: Sample parse trees data in the dataset

(S (ADJP(ADJ 1@)(VIm M®Z))(NP(NN a2)(Vp ANF7T)))
(S (NP(NNp AnNAT)(Vp -CIP)(Ng AAR)))

(S (NP(NNp ANAT)(ADV AHZ)(Vp AAMHL)))

(S (NP(NNp AMm)(NN aee.9m)(Vp £:NP7N)))

(S (NP(NN A4&)(ADJ 1h))(NP(NN 2A)(Vp hAED)))

(S (NP(NN AANE))(VP(Vp 1NT)(ADV £.1£)))

(S (VP(Ng AALN)(Vi Pebwr2)(Ng AAL74)))
(S (NP(NNp NA-NC)(Vi PE4L)(Ng AANNA)))
(S (NP(NNDF kAT7)(NNp A&LH))(NP(NN L) (ADIp ANYE)))

(S (NP(NNp AALATRN))(NP(NN 2A)(Vp FE.)))
(S (NP(NN AAT))(VP(Vi £A.$9°)(Vp AT)))

(S (NP(NN AAT))(VP(Vi +68.£9)(Vp AAIT)))
(S (ADJP(ADJ AAHH))(NP(NN 7NP)(Vp NH)))

(S (VP(Vp RANE ) (Aux NA))(VP(Vp NA)NNCO #2)))

(S (VP(Vp AACNNH)(Ve UCTPE))(NP(Aux NAYNNCo @ZNL)))
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(S (ADJP(ADJIDf hA%C))(ADJIP(Pr 7919°n)(ADJCO £-VE 7))

(S (ADJP(ADIDF hd&ew))(NP(Pr 7979°h)(NNCo a2A™)))

(S (NP(NN AAN)(ADIDF 73NH))(NP(NN 1¥)(ADICO £V7HE)))
(S (ADJP(ADJ AA+C)(NNCo A-AL.))(ADIP(ADJ T32)(Vp AT2))
(S (ADIP(ADIDF Ad47m))(NP(NNp NTANY(Vp BM)))

(S (NP(Np hAF1))(NP(NNCo #NH—DALT®)(Vp AALT)))

(S (NP(NIfp hAF 1)) (NP(NN m1@)(Vi £NAT))

(S (NP (NN h9284)) (VP $947%+ (NN 220 )))

(S (NP PPCINZF (NN NA-)) (VP 921NA+T))
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8.4.
(s,
[s.
(s,
(s,
(s,
[s.
(s,
[,
(s,
(s,
(s,
(s,
[,
[,

[s,"

Appendix D: Sample correctly predicted output by the models
np’, 'nn’, '€4", ‘aux’, 'NA", 'vp', 'nn’, '€A", V', "ANAT
np', 'nn’, "ANE, VT RARME! tvp' fadj', 'ATET, 'V '$AT L
np', 'nn’, 'AhCE, 'np’, 'nn’, '+@-&1', ‘adj’, ‘M7
adjp’, 'adjdf', 'nd &', 'adjp’, 'pr', "1°19™N', "adjco’, 'TN7Y]
np', 'nn’, "ML, 'vim', 'ARTT
np', 'nnp’, '"ANAY, ‘advp’, 'adv', 'AHZ', 'vp', "AANL]
np', 'nnp’, '"AMtm', 'np’, 'nn’, '@RR.9R tvp', &N PN
np', 'nndf', ‘32", 'vim', '@ e’ 'np’, 'nn’, 'geCE', 'vp', P TP P4
vp', 'pr', 17", Vi, 'S &, 'vp', pr, 170 vp', (T
advp', 'adv', 'm-&.', 'vp', 'm&7]
np', 'nndf', 'AqR+2', 'vp', "tNN9™, 'np’, 'nndf’, 'PP+AL’ Vi, 'hTPATM']
adjp’, ‘adj', '€.2%, nn', 'NCH, ‘vpr', 'N&L87Y]
adjp’, ‘adjdf', 'ArF&I™, 'nn’, 1A, 'vp', 'vp', ‘"N, 'nnco’, AL
adjp', 'adjp’, 'ANH', 'adVv', 'Ad®4", 'np’, 'nif', '§. 7", 'adjco’, '&187N]
np', 'dt’, "»AT™', 'nn’, ' AC, 'vp', 'vp', AT EAT]

79



