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Abstract

In the past few years, there has been a growing interest in natural language
processing (NLP) and the development of language models for various applica-
tions, including text prediction and word correction in mobile device keyboards,
aimed at improving user experience. However, iOS platforms lack special features
adapted for Kazakh-speaking users. The main goal of this thesis is to develop and
evaluate word prediction and autocorrection systems for the Kazakh language.
Advanced methods such as LSTM and GRU are utilized to efficiently gather con-
textual information and predict the next word. Various error correction methods,
including edit distance, N-gram based models, and a hybrid approach, are ap-
plied and evaluated. Experimental analysis using LSTM and GRU models allows
for the optimization of hyperparameters and the improvement of word prediction
accuracy. It was observed that the LSTM model achieved the highest accuracy.
The hybrid approach achieves the highest accuracy of 91% among the evaluated
error correction methods. Moreover, the integration of these models and methods
with the iOS system enables the development of a fully-featured keyboard appli-
cation specifically designed for the Kazakh language. This research contributes
to the advancement of predictive and autocorrective technologies for next word
prediction in Kazakh language processing, aiming to enhance the accessibility
and usability of Kazakh language applications. It ultimately improves the over-
all quality of written communication and enhances user satisfaction with mobile

keyboard applications.
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Amnarmna

Comnrbl xbL1gapel Taburu Tl ergeyre (NLP) xone MOOIIBII KYPBLIFBI TTEp-
HeTaKTaJIapbIHBIH, IaiilajJaHyibl THTepMeici KakcapTy VIIH TULIIIK MOJIE/Ihb-
JIep/ii 93ipseyre KbI3bIFYIIBLIBIK apThIl Kejiel. Ajaiiga, Ka3ak Tial TYThIHYIIbI-
sapra 10S miaTdopMachiHIaFbl IepHETAKTa[a Ka3aK TLIiH TOJIBIK KaM/IbI I1aii1a-
JIaHy VIIiH OeffiMiesireH apHaiibl MyMKIHIIKTEp »KOK. Byl auccepraiusiHbIH Heris-
Il MaKcaThbl co3/iep/li Oo/rKay »KoHe aBTOKOPPEKIUsLIay »Kyiieaepin o3ipiey *KoHe
barasay. KonrekcTik akmapaTThl THIMJI YKUHAY YKoHe Kejeci co3/1 Ooskay YIIiH
LSTM 2kone GRU cusikTbl 03bIK oicTep KoJiIaHbLIa bl Karenepai Ty3eTy s op-
TYPJi ©JiicTepl, COHBIH iITiH/IEe KAIIBIKTBIKTBI 0HJey, N-rpaMra HerisjeareH Mo-
JleJIbJIep KoHe IMOpPHUATI TOCLIT KOJIJIaHBLIAJILI »KoHe OarasaHaj bl. LSTM kone
GRU wmojenbiepin KoJiiaHa OTBIPBII, 9KCIEPUMEHTTIK TaJijiay CuiepiapamMerp-
JIepJil OHTall/IaHJIbIpyTa YKoHe co3Jep/dal Oo/Kay JIDJIJITH apTThIpyra MYMKIHJIIK
oepeni. LSTM mojesni eH »Kakchbl JIOJIKKe KOJI »KeTKisreni Oaiikasabl. Ceseri
KaTesIepl Ty3eTy saicrepi iminge rubpuari Tocii el xorapbl 1ok Ti, 91%, Kam-
tamacbl3 erTi. CoHbIMEH KaTap, OChl MojeJibjep MeH ojicrepai i0S kyiieciMen
OIpIKTIpY - apHalbl d3ipJeHreH TOJIBIK (PYyHKIMOHAIL Ka3ak Tijijil nepHeTakTa
KOCBIMIINIACKIH »Kacayra MYMKIHIIK Oepeni. By HoTmkenep Kasak TiIHJIEr cO3-
JlepJii boJIzKay KoHe KaTesep/i Ty3eTy OJICTepiHiH, THIMILIINH TYCIHyre bIKIAJ
erejii, kasdallla KOMMYHUKAIUSHBIH »KaJIlIbl CallaCchblH, TYTBHIHYIIBIOAD apachIH-
Jlarbl IepHeTaKTara KaHaraTTaHybIH apTThIpaabl. byl 3epTTey Kasak TiJIiH ©H-
zeyie, Kejeci ces3i 60/Kay »KoHEe aBTOKOPPEKIMSIAY TEeXHOJIOTHUSIAPhIH KeTiI-
JipyiHe BIKIAJ eTejll, COHJali-aK KOCbIMINaJIap/ia Kasak TidiHje >kasbala IKip
aJIMaCy callachbll KaKCAPTBI, MepHETAKTa TYTHIHYIBLLIAPBIHBIH, bIHFAHIBLIBITBIH

apTThIpyFa ©3 CENTIIH TUrise.



AnHOTAIIN S

B mocieinne HECKOJILKO JIeT HaOJIIoJaeTcs pacTylil nHrepec K oOpaboTKe
ecrectBeHHOro s13bika (NLP) n paszpaborke s13bIKOBBIX MOJIEJIEN JIJIs PA3ITIHBIX
HPUJIOYKEHUIT, BKJIIOUasl IIpejicKa3aHne TeKCTa U KOPPEKIUIO CJIOB B KJIaBHATypax
MOOMJIBHBIX YCTPOMCTB, HAllpaBJICHHBIX Ha YJIYUIIIEHHE [10Jb30BaTE/ILCKOIO OITBITA.
Opnnako B miardopmax iOS oTCyTCTBYIOT clieluaibHble (DYHKIINH, 8 allTHPOBAH-
HbIe JIJI Ka3aXCKOS3BIUHBIX ToJib3oBaTeseil. OcHoBHas 1e/Ib JAHHOM Tuccepra-
1uu - paspaboTka U OIEHKa CUCTEM IPEJICKA3aHNs CJI0B U aBTOKOPPEKIUU JIJIs
Ka3axCcKoro si3bika. [Ipumenstrores mepegosbie MeToibl, Takne Kak LSTM u GRU,
Jist 3 PeKTUBHOrO cOopa KOHTEKCTYabHOI nH(MOPMaILUY U IpeJICKa3aHus CJie-
Jytoniero cjioBa. OImeHnBaloTcs pa3IndHble MeTO/ bl KOPPEKIINN OMNOOK, BKIIOUAs
peaKTHPOBaHUE PACCTOSTHUS, MOJIE/IN Ha OcHOBEe N-rpaMM U rUOpPUJIHBIN TTOIXO/I.
DKcrepuMeHTaIbHbII aHam3 ¢ ucnosib3oBannem mojieseit LSTM u GRU mosBoist-
eT ONTUMU3UPOBATDH THIIEpIIaPaMeTPhl 1 IOBBICUTH TOUHOCTD IIPE/ICKA3AHIS CJIOB.
Beuto obnapykeno, uro mozesnb LSTM gocruraer nausbiciieii Tounoctu. Cpenn
OIIEHEHHBIX METOJI0B KOPPEKIINH OIINOOK, IMOPUIHBI 1101X0 1 obeciieunBaeT Hau-
BBICIIYIO TouHOCTEL - 91%. Bostee Toro, unrerpaiys 3Tux MojueIeil U METOIOB C
mardopmoii i0S mosBoJisieT paszpaborarh MOJHOMYHKIIMOHAJIBHOE TPUIOKEHIE
KJIABUATYPHI, CIIEIaJbHO pa3padboTaHHOe JJIsi Ka3axXCKOTo d3blKa. /lanHoe ncce-
JIOBaHIE BHOCHUT BKJIaJI B pa3BUTHE TEXHOJIOIMIT IIPEJICKA3aHNsl U aBTOKOPPEKIIIH
CJICJTYIONIErO ¢JIOBa B 00pabOTKe Ka3axXCKOTO SI3bIKa, ¢ MEIbI0 YIYIIIeHNs JIOCTYTI-
HOCTH U UCIIOJIL30BaHUS PUJIOZKEHUI Ha Ka3axCKoOM si3bike. OHO TaKzKe MOBBIIIa~
eT o0IIee KauecTBO MMCbMEHHON KOMMYHUKAIUN U YJIydIlaeT yI0BJIeTBOPEHHOCTD

[I0JIb30BaTe el MOOMILHBIMI KJIaBUATYPHbBIMHU ITPUJIOZ?KEHUAMMU.
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Chapter 1

Introduction

1.1 Motivation and Background

The proliferation of the Internet and mobile devices has led to a significant
expansion in textual communication. As users increasingly gravitate towards mo-
bile devices, these portable and connected technologies have become integral to
everyday communication practices [1]. Text-based information and its exchange,
including SMS, email, chat rooms, and social networking communications, have

become pervasive in modern life. The Figure 1.1 presents an overview of smart-

20.

phone usage statistics spanning the past eight years.
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Figure 1.1: Growth of smartphone users



Consequently, intelligent input strategies have gained increasing importance.
Typing on mobile devices can be time-consuming and error-prone, prompting
the development of soft keyboards as a solution. Next-word predictions serve as
a valuable resource in simplifying text entry, while auto-correct features rectify
user errors. By analyzing a limited amount of previously entered text, language

models can anticipate the most likely subsequent word or phrase.

Deep learning approaches have evolved into a potent tool in natural language
processing (NLP). These methods have shown to be effective in a wide range of
applications, including linguistic modeling, textual data classification, and auto-
matic language translation. Complex patterns and representations may be re-
trieved from massive volumes of data using sophisticated algorithms and machine
learning approaches. In a variety of natural language processing (NLP) applica-

tions, this can lead to enhanced performance and more accurate predictions.

Despite the encouraging outcomes of deep learning applications in multiple
languages, low-resource languages like Kazakh continue to struggle with a lack
of data and insufficient expertise in learning and applying these algorithms. It
is a significant difficulty to develop excellent word prediction and autocorrection
systems in Kazakh. The goal of this thesis is to look into the usage of deep learning
technology to develop efficient and accurate word prediction and autocorrection

systems with a focus on the Kazakh language.

The motivation behind this master’s thesis is to develop an advanced model
that improves the sentence writing process by offering predictive suggestions for
the subsequent parts of a sentence, leveraging user input. Furthermore, this thesis
aims to implement an algorithm for word auto-correction, with a specific emphasis

on addressing the unique challenges posed by the Kazakh language.

The successful construction of a Kazakh keyboard with word prediction and
correction capabilities has important practical consequences. It can facilitate
faster and more accurate text input, improve writing efficiency, and enhance the
overall user experience. Moreover, this study may contribute to the wider adop-
tion and popularization of the Kazakh-language keyboard, encouraging its use

among Kazakh-speaking individuals and communities. By promoting the effec-



tive utilization of the keyboard’s features and functionalities, this research seeks
to advance NLP skills specifically tailored to the Kazakh language, paving the

way for future advancements and applications in this domain.

1.2 Problem Statement

Similar to other agglutinative languages, identifying misspelled words and making
accurate word predictions or repairs poses significant challenges in the Kazakh
language. This issue has become pervasive across various systems, including the
pre-installed iOS keyboard. Since the Kazakh-language keyboard is still in its
nascent stage on the iOS platform, developers have not yet incorporated auto-

correction and word prediction capabilities.

Furthermore, it is important to highlight that there is a limited amount of
scientific research specifically focused on developing word prediction and auto-
correction for the Kazakh language. This makes this research particularly signifi-
cant as it represents one of the pioneering efforts in exploring and developing such

functionalities for the Kazakh language.

1.3 Aims and Objectives

The aim of this research is to implement next word prediction and auto-correction
functionality for the Kazakh language within the iOS keyboard, utilizing Natural
Language Processing (NLP) techniques. The primary objectives of this study

include:

1. Create a detailed language model that is tailored to the Kazakh language.
The proposed model incorporates sophisticated methodologies, specifically
LSTM and GRU, to forecast the probable succeeding word by analyzing the

contextual information of the input sentence..

2. Implement and assess the efficacy of deep learning models, specifically Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), under dif-

ferent hyperparameters. The present study aims to investigate the efficacy



of various model configurations in the context of word prediction and auto-

correction tasks in the Kazakh language.

3. Implement and assess the efficacy of various error correction techniques,
namely edit distance, n-gram based models, and a hybrid approach. The
performance of each method will be evaluated and compared to determine
their effectiveness in correcting errors. The efficacy of various techniques
in identifying and rectifying spelling and typing errors in Kazakh language,
along with their potential to enhance the precision and fluency of written

text, will be evaluated.

4. Integrate next word prediction and auto-correction algorithms into the iOS
keyboard interface. This would allow users to obtain real-time suggestions
for sentence completion as well as automatically fix spelling and typing

problems in Kazakh.

This thesis intends to contribute to the development of enhanced language
processing capabilities for the Kazakh language, specifically inside the iOS envi-

ronment, by attaining these aims and objectives.

1.4 Thesis Outline

The introduction and background of the research, as well as the research state-
ment and objectives, are described in Chapter 1. Chapter 2 provides a review of
relevant studies in the field. Chapter 3 delves into the theoretical foundations of
machine learning, neural networks, language modeling techniques, and error de-
tection/correction methods. In Chapter 5, the methodology utilized in the study
is expounded upon, encompassing the techniques employed in data collection,
preprocessing, algorithm development, and model evaluation. In Chapter 6, the
experimental setups and comparative analysis of the auto-correction and word
prediction systems are presented. In Chapter 7, the design and implementation
of the Kazakh-language keyboard app is discussed, with a focus on the develop-
ment environment and frameworks that were employed. The final Chapter 8 of
the research provides a summary of the findings, implications, and contributions

of the study, including discussions on potential future research directions.

4



Chapter 2

Literature Review

The following chapter provides a comprehensive examination of relevant studies
regarding word prediction and auto-correction systems. It emphasizes significant

discoveries and perspectives derived from these investigations.

2.1 Relevant Studies on Word Prediction

In a recent study [2], a deep learning-based language generation model was devel-
oped for medical recommendations in an Arabic language. The models they used
for predicting the next word in medical recommendations included LSTM, BiL-
STM, CONV1D, and LSTM-CONV 1D, which are all deep learning architectures.
The study had good results, and the CONV1D model got the highest match-
ing score. The authors pointed out that there is room for more enhancements,
like forecasting phrases or lengthier sequences of words, and integrating advanced

models such as attention and transformers.

In this paper [3], the authors present a new method for predicting alarms in
industrial environments by utilizing deep learning and natural language processing
methods. In the case study, the proposed method was able to achieve an alarm
prediction accuracy of around 80%, which shows that it is effective. The text
shows why LSTM models are better than N-gram models and suggests ways to
make them even better. This research adds to the existing knowledge on alarm

management in industrial systems and demonstrates how deep learning and NLP

5



can be useful in this field.

The study conducted by the researchers aimed to investigate the effectiveness of
different sequence-to-sequence deep learning models in generating novel dialogues
between characters, as documented in [4]. The investigated models comprised of
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Bidirec-
tional Recurrent Neural Network (BiRNN). Based on a thorough analysis and
comparison of the models, the research findings indicate that the bi-directional
RNN exhibited the least amount of loss, whereas the GRU exhibited the high-
est amount of loss. Additionally, it was observed that the GRU model demon-
strated superior performance in terms of execution speed when compared to the

bi-directional RNN model, which exhibited the lengthiest execution time.

In this study [5] a new methodology is presented for the prediction of optimal
words and the subsequent generation of corresponding sentences in the Bangla
language. The method proposed in this study employs a Gated Recurrent Unit
(GRU)-based Recurrent Neural Network (RNN) that is trained on an n-gram
dataset. The objective is to create language models that can accurately predict
words. A comparative analysis was performed to evaluate the performance of
LSTM-based RNN and Naive Bayes with Latent Semantic Analysis on an n-gram
dataset.

The utilization of the Markov Chain Model for next word prediction based on
user profiling is introduced in a scholarly article [6]. The paper proposes utilizing
the Big Five Model to profile users’ personalities and subsequently predicting the
next word based on these traits. The utilization of the Markov Chain Model
is implemented for the purpose of computing distances and proposing suitable
vocabulary. The proposed research presents a new methodology for individualized

next word forecasting.

Furthermore, researchers have explored the utilization of recurrent neural net-
works (RNNs) for next word prediction [7]. The study investigates the application
of RNNs in predicting the next word in various contexts, including code comple-
tion, also describes how to increase prediction accuracy by using multi-window

convolution techniques and residual-connected minimum gated units.



In these papers [8], [9], [10], the authors discuss the development and evalu-
ation of a keyboard application for mobile devices that supports Swiss German,
offering word prediction, completion, and correction mechanisms. The application
demonstrates reasonable performance results and competes with similar applica-
tions. The prediction algorithm was evaluated using two different datasets, with
a focus on the characters saved-to-total characters ratio (CSR). The effectiveness
of the algorithm is evident, with a significant increase in CSR when adaptation is
allowed. The findings align with the observations of SwiftKey, where users saved
33% of their characters.

Lastly, a paper presents a system that leverages TensorFlow for next word
prediction and correction [11]. The system utilizes word vectors and RNNs to
predict and correct misspelled words, enhancing human-computer interactions in

social media and other platforms.

2.2 Relevant Studies on Auto-Correction

The study described in the paper[12] introduces a spell checker that is designed
to identify and rectify real-word errors in Arabic text. The approach employs a
language model based on word and stem n-grams, in conjunction with machine
learning techniques, to achieve precise identification and rectification of errors.
The results indicate that the system exhibits a high level of precision and recall,
with an overall accuracy of 98% in the correction of single distance context errors.
The employed methodology exhibits resilience and is well-suited for managing

dyslexic text as well as post-OCR recognition of Arabic text.

In the study conducted by Amanjot Kaur[13|, a hybrid approach was pro-
posed for the implementation of a Spelling Checking and Correcting System, as
documented in . The proposed methodology adopts a hybrid approach that amal-
gamates various techniques and incorporates language-specific linguistic features
pertaining to the Punjabi language. The algorithm proposed by the researchers
yielded an estimated accuracy of around 91% when applied to the input data.

In this research [14], the authors conducted a review of error detection and

correction techniques for the Tamil language. The input words were subjected

7



to three different approaches for checking against a valid lexicon. These ap-
proaches include a tree-based algorithm, n-gram technique, and minimum edit
distance technique. The authors evaluated the performance of these techniques
using various sets of test words. The results of the evaluation demonstrate that
the tree-based algorithm outperforms the other two techniques in terms of error
detection. On the other hand, the n-gram technique, particularly when com-
bined with stemmed words, provides the most suitable suggestions for correcting
misspelt words. The testing results reveal that the developed system is highly ef-
fective in accurately detecting spelling errors and offering appropriate correction

suggestions. The system achieves a minimum accuracy of 91%.

In this paper [15] proposed a Hindi spell-checker that utilized a word frequency
dictionary as a language model. Error detection was performed using dictionary
searches, while error correction involved the Damerau-Levenshtein edit distance
and n-gram approach. The candidates for correction were ranked based on in-

creasing edit distance.

In this study [16], a two-step DL model is proposed for detecting misspelled
words in Turkish. The model includes a false positive reduction component to han-
dle foreign words and abbreviations commonly found in online platforms. Various
tokenization methods, such as character-based, syllable-based, and byte-pair en-
coding (BPE) approaches, are compared with LSTM and Bi-LSTM networks. The
model demonstrates high accuracy and outperforms existing studies in spelling er-
ror detection. Future research directions include developing a correction model
and exploring transformer-based architectures for sentence-level detection and

correction.

Rakhimova [17] and Abdrazakh [18] conducted research on identifying and cor-
recting incorrect words in the Kazakh language within social network data. They
performed a comparative analysis of text correction systems, identified common
errors, and developed a classification of errors in words. Their work contributes
to enhancing language analysis and understanding in the Kazakh language within

the context of social networks.



Chapter 3

Theoretical Background

This chapter provides a comprehensive overview of machine learning and deep
learning algorithms used in the thesis project, focusing on neural networks. It
covers theoretical foundations and practical applications of neural networks in
the field of study.

3.1 Machine Learning

Machine learning is a discipline within the realm of computer science that employs
mathematical models and computer algorithms to facilitate the learning process
of machines, enabling them to improve their performance without the need for
explicit programming. It is a subfield of Artificial Intelligence that employs al-
gorithms to uncover hidden patterns in data. By utilizing historical data rele-
vant to a particular problem, Machine Learning enables the prediction of desired
outputs. There are three main categories within Machine Learning: Supervised
Learning, Unsupervised Learning, and Reinforcement Learning, as illustrated in
Figure 3.1.1.

3.1.1 Supervised learning

Supervised learning is a fundamental approach within the field of machine learn-

ing, wherein algorithms are trained using labeled data to predict outputs with a
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Figure 3.1.1: Classification of machine learning approach

high degree of accuracy. Mathematically, supervised learning can be represented
by the equation:

y=f(z) (3.1.1)

In Equation 3.1.1, the variable y denotes the predicted output, which is de-
rived by applying a function to the input variable x. Through the process of
supervised learning, the underlying function is automatically inferred based on
the input values, enabling the generation of accurate predictions for the train-
ing data. Moreover, when new input values are introduced, the inferred function

allows for making predictions accordingly.

Supervised learning encompasses two primary categories: regression and classi-
fication. Regression algorithms are employed when the objective is to predict real
or continuous numerical values. For instance, these algorithms can be utilized to
estimate housing prices, where the output is a continuous variable. Classification
algorithms are deployed when the data needs to be classified into distinct cate-
gories. A classic example of classification is the prediction of tumor malignancy,
wherein the algorithm categorizes tumors as either benign or malignant based on
the provided data.
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3.1.2 Unsupervised learning

Unsupervised learning represents another prominent approach within the realm
of machine learning, wherein algorithms seek to uncover patterns and structures
in unlabeled data. Unlike supervised learning, unsupervised learning does not
rely on labeled examples for training. Instead, it focuses on discovering inherent
relationships and organizing the data based on its intrinsic properties. Although
unsupervised learning does not provide explicit output predictions, it plays a

crucial role in exploratory data analysis and knowledge discovery.

Clustering is a widely used method in unsupervised learning that seeks to group
similar data points together based on their intrinsic similarities or distances. Clus-
tering algorithms, such as K-means or hierarchical clustering, can be applied to
diverse domains ranging from customer segmentation in marketing to document

clustering in natural language processing [19].

3.1.3 Reinforcement Learning

Reinforcement learning constitutes a distinct approach within the realm of ma-
chine learning, wherein an agent interacts with an environment and learns to
make decisions and take actions based on feedback received. The agent, a key
component of artificial intelligence, possesses the capability to acquire knowledge
through its own experiences. Reinforcement learning differs from both supervised
and unsupervised learning approaches in its fundamental principles and under-
lying mechanisms. While supervised and unsupervised learning methods rely on
distinct learning paradigms, reinforcement learning introduces a unique frame-
work centered around the concept of an agent interacting with an environment
and learning through feedback [20].

The objective of this thesis is to utilize supervised learning algorithms for the
prediction of the next word. The problem is posed as a regression problem that

can be solved using deep neural networks.
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3.2 Neural Networks

Neural networks, inspired by the functioning of the human brain, are computa-
tional models designed to uncover underlying patterns and trends within data.
They utilize sophisticated algorithms to simulate the intricate processes of the
brain, enabling them to excel in various tasks. The focus of this thesis is to

leverage neural networks for the analysis of language sentences.

Neural networks have shown significant advancements in language modeling,
outperforming traditional N-gram models that were previously proposed [21]. N-
gram models, though widely used, face limitations in capturing long-range de-
pendencies and contextual information. Neural networks, with their ability to
capture complex patterns and relationships, have emerged as more effective mod-

els for language modeling tasks.

Moreover, neural networks demonstrate adaptability to handle continuously
growing data, which is particularly relevant in the era of rapidly expanding
datasets [22|. Their capacity to efficiently process large volumes of data enables

continuous learning and improved performance over time.

In this thesis, the application of neural networks to language sentence analy-
sis will be explored, harnessing their superior capabilities in capturing intricate

linguistic structures and generating accurate predictions.

3.2.1 Architecture of Artificial Neural Networks

Artificial neural networks are structured with multiple layers, comprising input
and output layers, in addition to one or more hidden layers. These layers consist
of nodes, which are analogous to neurons in a biological neural network. The
connections between nodes are referred to as arcs, and each arc is associated
with a weight corresponding to a particular neuron. The neural network’s output
is computed through the application of an activation function to the weighted
neurons. Activation functions that are frequently utilized comprise of sigmoid,

hyperbolic, tangent, softmax, and various others [23].

The mathematical representation of the neural network illustrated in Figure

12
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Figure 3.2.1: Basic Neural Network

3.2.1 corresponds precisely to Equation 3.2.1.

Y =h (Z(m X+ bz-)) (3.2.1)

The equation represents a basic neural network model. In this equation, Y rep-
resents the output or prediction made by the neural network. The input variables
are denoted by X, and they are multiplied by their corresponding weights, repre-
sented by W, where i is a single input-output combination. The weighted inputs
are then summed up and combined with a bias term, denoted by b. The resulting
value is passed through an activation function, f, which introduces non-linearity

into the model and produces the final output, Y.
Components of the basic Artificial Neuron:

1. Inputs: Inputs represent a set of values used to forecast an output value.
In the context of a dataset, inputs can be regarded as the attributes or

features associated with the data.

2. Weights: Weights correspond to real values assigned to each input or fea-

ture, signifying their relative importance in predicting the final output.

3. Bias: The bias term in a neural network adjusts the activation function
horizontally, similar to the y-intercept in a linear equation, enabling the

network to shift and fit the data more effectively.

4. Summation Function: The summation function plays a crucial role in

13



combining the weights and inputs, calculating their cumulative sum.

5. Activation Function: The activation function is employed to introduce
non-linearity into the model. By applying an activation function to the
combined inputs, the neural network can capture complex relationships and

patterns, enabling enhanced modeling capabilities.

The depth of a neural network refers to the number of hidden layers (Figure
3.2.2) it has between the input and output layers. Neural networks without hidden
layers or with a single hidden layer are considered non-deep neural networks,
while those with multiple hidden layers are classified as deep neural networks [24].
Deep neural networks are particularly effective at solving complex classification
and regression problems. The addition of multiple layers provides the network
with the ability to learn and model higher-level abstractions and features from
the data. This makes the network more capable of handling diverse and multi-
dimensional data inputs, leading to higher prediction accuracy and generalization

across various use cases.

Deep Neural Network
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Figure 3.2.2: Deep Neural Network Architecture with Multiple Layers

The field of artificial intelligence has made tremendous strides in recent years,
with significant advances in developing more accurate and robust artificial neural

networks. These neural networks divided into three basic types: artificial neural
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networks (ANNs), convolutional neural networks (CNNs), and recurrent neural
networks (RNNs).

e Artificial Neural Networks (ANNs) are composed of layers of interconnected
neurons that process input data in a forward manner. ANNs have gained
significant popularity in various domains, particularly in tasks related to

pattern recognition, including speech and image recognition. [25].

e Convolutional Neural Networks (CNNs) are specifically designed to handle
image and video data. Unlike traditional Artificial Neural Networks (ANNs)
with two-dimensional neuron positioning, CNNs employ a three-dimensional
neuron positioning. The initial layer in a CNN is the convolutional layer,
responsible for processing small sections of the visual field. CNNs are able
to capture spatial patterns and characteristics in pictures, which has led to
their effective application in a variety of fields, including object identification

and recognition [26].

e Recurrent Neural Networks (RNNs) are specifically developed to handle se-
quential data, such as language modeling and time series data. They utilize
recurrent connections within their layers to retain important information
throughout the network and capture dependencies across time steps. This
ability allows RNNs to provide insights into future events based on the in-
put data. RNNs have proven effective in various applications, including

automatic speech recognition and natural language processing.

The foundational neural network types, namely ANNs, CNNs, and RNNs, have
paved the way for more advanced network architectures. Radial Basis Networks
have been developed to enhance the performance of basic feed-forward networks,
while CNNs have been extended with techniques like Deconvolutional Neural Net-
works and DCIGN. RNNs have also undergone significant advancements with
LSTM and GRU, improving their ability to process sequential data. Despite
RNNs’ common use in language modeling, existing language models face chal-

lenges and limitations, highlighting the need for ongoing research.

Recent breakthroughs in language modeling have been achieved with models
like the Markov Model, GPT, and BERT. These models, utilizing variations of
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feed-forward and recurrent architectures, have demonstrated state-of-the-art per-
formance in NLP tasks. As the field of neural networks continues to progress, it
is anticipated that more sophisticated models will be developed by extending the
foundational frameworks and integrating diverse architectures to tackle challenges

in NLP and related domains.

3.2.2 Architecture of Traditional Recurrent Neural Net-

works

A recurrent neural network (RNN) refers to a network architecture wherein the
neurons establish feedback connections among themselves. This characteristic af-
fords the network a wide array of potential applications and configurations [27].
The versatility of recurrent neural network techniques is evident through their
wide application to various problem domains. In the late 1980s, prominent re-
searchers like Rumelhart, Hinton, and Williams introduced simple partially recur-
rent neural networks with the objective of learning character strings. Since then,
numerous other applications have utilized RNNs to tackle challenges related to

dynamical systems that involve time-sequenced events [28].

Recurrent Neural Networks (RNNs) have found application in various domains,
including music, text, and dialogues, where they are utilized for sequence gener-
ation. However, RNNs suffer from a limitation wherein they struggle to retain
information in memory over extended periods. Consequently, this drawback can
induce instability in sequence generation processes. To mitigate this issue, the
network can be designed to primarily focus on the most recent inputs and their
corresponding predictions, enabling the model to learn from past errors and pre-
vent instability. If the neural network possesses an extended memory, it can
assimilate prior forecasts into its decision-making mechanism. Many researchers
have endeavored to train Recurrent Neural Network (RNN) models to apprehend
long-term dependencies. However, they have faced challenges related to vanishing
gradients (mostly) or exploding gradients (occasionally), which significantly affect

the model’s performance.

Human beings have a tendency to access information stored in either short-
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term or long-term memory, combine it with current information, and employ
logical reasoning to determine subsequent actions or responses based on past
experiences. In a similar vein, the concept of enabling Recurrent Neural Networks
(RNNs) to retain previous information or states aligns with this idea. Since
the output of a recurrent neuron at a specific time step t relies on the previous
input, which accumulates information up until time step ¢ — 1, this mechanism
can be interpreted as a type of memory cell, the equation is shown in 3.2.2.
Any component within a neural network that maintains or retains its state, even
partially, across different time steps is commonly referred to as a memory cell.
Every recurrent neuron possesses both an output and a hidden state, which is
then transmitted to the subsequent neuron in the sequence. Figure 3.2.3 provides

a visual representation of the structural components of a memory cell.

ht = g(ht_l,ZCt) (322)
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3.2.2.1 The Problem of Long-Term Dependencies

Recurrent Neural Networks (RNNs) have gained considerable attention due to
their ability to establish connections between preceding information and the cur-
rent task, such as utilizing previous video frames to enhance comprehension of
the present frame. The potential for RNNs to accomplish such connections high-
lights their value. However, the feasibility of this functionality varies depending

on specific circumstances.

Certain scenarios allow for effective task performance by considering recent
information alone. For example, in a language model aiming to predict the sub-
sequent word based on prior words, having the context of "the clouds are in the”
is sufficient to anticipate that the subsequent word will likely be ”"sky”. In such
cases, where the gap between pertinent information and its required utilization is

minimal, RNNs can effectively leverage past information.
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Figure 3.2.4: Short-Term Dependency
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Figure 3.2.4 illustrates that calculating the output at hg involves a short-term
dependency, necessitating X, and X7, which is a simplistic undertaking for simple
RNNs. Thus, it raises inquiries regarding whether RNNs are completely flawless
and how they fare concerning extensive sequences and dependencies. In theory,
RNNs possess the capability to accommodate long-term dependencies (Figure
3.2.5). However, practical limitations emerge as dependency gaps widen, and more
context is mandatory for reliable learning. Such limitations result in potential
model degradation and have been thoroughly studied in the research works |29,
30].

Certain complex scenarios necessitate a substantial augmentation of contextual
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information to achieve accurate predictions. One such instance arises in the task of
predicting the final word in a given sentence, exemplified by the statement "I was
born in Turkey... Ispeak in Turkish". Recent studies indicate that the subsequent
word is highly probable to represent the name of a language. However, in order
to ascertain the specific language, it is imperative to consider the contextual
information related to Turkey from an earlier period. It is plausible for the time
gap between the pertinent information and its requirement to become significantly

extensive.

According to theoretical understanding, Recurrent Neural Networks (RNNs)
possess the inherent capability to effectively manage and model "long-term de-

pendencies" [31].

3.3 Language Modeling Techniques for Word Pre-
diction

These language modeling techniques have demonstrated their effectiveness in var-
ious natural language processing tasks, such as speech recognition, machine trans-
lation, sentiment analysis, and text generation. Their capability to capture long-
term dependencies and handle sequences of different lengths makes them valuable
for modeling sequential data. In the upcoming sections, we will provide a detailed
exploration of the implementation and application of these models in the context
of language modeling. Specifically, we will delve into two popular language mod-
eling techniques: Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) models.
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3.3.1 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks are a variant of recurrent neural
networks that incorporate a specialized gating mechanism, designed to regulate
access to memory cells [32]. The history of LSTM networks dates back to the
pioneering work of Sepp Hochreiter and Jiirgen Schmidhuber in 1997 [31]. LSTM
networks were developed as a solution to the vanishing gradient problem faced by
traditional recurrent neural networks (RNNs), which made it difficult for RNNs
to capture long-term dependencies in sequential data. The fundamental feature
of LSTM networks lies in their ability to prevent the modification of memory
cell contents for multiple time steps, facilitated by the gating mechanism. The
LSTM model exhibits analogous chain structures to those of the RNN, albeit with

divergent gated units.
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Figure 3.3.1: The Standard RNN with a Single Layer

Each instance of a recurrent neural network is comprised of a sequence of neural
network modules that are repeated in a chain-like fashion. In conventional recur-
rent neural networks (depicted in Figure 3.3.1), the recurrent module is typically
constructed with a simplistic architecture, such as a solitary hyperbolic tangent
layer [32|. The hyperbolic tangent activation function restricts values to the in-
terval [0, 1], thereby facilitating the model’s ability to selectively forget or retain
information. In the case where a sigmoid or tanh function yields a zero output,
the corresponding value is deemed invalid. If the output is within the range of

zero and one, the model will preserve the corresponding value.

LSTM networks also exhibit a similar chained structure. However, the recurring
module within an LSTM network differs significantly. Rather than employing a

single neural network layer, LSTM networks comprise four distinct layers that
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interact in a highly specialized manner. This unique architectural design enables
LSTMs to effectively capture and retain long-term dependencies in sequential
data. The LSTM gated unit encompasses three distinct gates, which play a pivotal
role in managing the storage and removal of preceding information based on the

inputs provided to the model. These three gates are outlined below.

1. Forget gate: In the initial stage of our LSTM architecture, a crucial de-
termination is made regarding the information to be discarded from the cell
state. This decision-making process is facilitated by a sigmoid layer termed
the "forget gate layer". By examining the prior hidden state h;_; and the
current input x;, this layer generates a value between 0 and 1 for each ele-
ment within the cell state Cy_; (Equation 3.3.1). A value of 1 signifies the
decision to "completely retain" the corresponding information, whereas a

value of 0 indicates the intention to "completely discard" it.

forgetgate; = o(Wy - [h—1, x¢]) + by (3.3.1)

2. Input gate: The subsequent stage involves determining the specific infor-
mation to be incorporated into the cell state, which comprises two primary
components. Initially, an "input gate layer" that utilizes a sigmoid func-
tion is responsible for deciding the values to be updated (Equation 3.3.2).
Subsequently, a "tanh layer" generates a vector of prospective candidate
values, denoted as C; (Equation 3.3.3), that can potentially be appended
to the current state, resulting in values confined within the range of -1 and
1. The subsequent step entails the integration of these two components to

produce an updated version of the cell state.
inputgate; = o(W; - [hi_1,x4]) + b; (3.3.2)
Cy = tanh(We - [hy_1, 24] + be) (3.3.3)

3. Cell State: The final gate within the LSTM cell is responsible for de-
termining the subsequent hidden state, which encapsulates the information

pertaining to prior inputs. This state pertains to the process of utilizing
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the sigmoid function to evaluate the current input and the preceding hid-
den state. In other words, the transition from the previous cell state, Cy_1,
to the updated cell state, C;, takes place. Additionally, the cell state is
subjected to the tanh function. To initiate the update process, the old cell
state, Cy_1, is multiplied by the forget gate value, f;, effectively discarding
the information designated for forgetting. Subsequently, we add the mul-
tiplication of the input gate value, 7;, and the new candidate values, C,.
These candidate values, é’t, are appropriately scaled to reflect the extent
to which each state value was decided to be updated. The equation C} is
shown below 3.3.4:

Cr=fi-Cry +iy - C (3.3.4)

4. Output Gate: The final gate within the LSTM cell is responsible for
determining the subsequent hidden state, which encapsulates the informa-
tion pertaining to prior inputs. Initially, a sigmoid layer is employed to
determine the specific segments of the cell state that will be outputted
(Equation 3.3.5). Subsequently, the cell state is processed through a tanh
function, which ensures that the values are confined within the range of -1
and 1. This transformed cell state is then multiplied by the output of the
sigmoid gate. This selective multiplication allows for the output of only the

designated segments of the cell state (Equation 3.3.5).
outputgate; = o(W, - [hi—1, x¢] + b,) (3.3.5)
The Equation 3.3.6 represents the output of the LSTM.

Istmoutput; = outputgate; - tanh(Cy) (3.3.6)

An LSTM network with four interacting layers and all of the above equations

and units are shown in the Figure 3.3.1:
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Figure 3.3.2: LSTM Network with Four Interacting Layers

3.3.2 Gated Recurrent Units (GRU)

Gated Recurrent Units (GRU) presents an alternative solution to address the
issue of short-term memory in recurrent neural networks (RNNs) [33]. It belongs
to the newer generation of RNNs and bears resemblance to Long Short-Term
Memory (LSTM) networks. Unlike LSTM, GRU does not incorporate a separate
cell state. Rather than that, it leverages the hidden state to enable the exchange of
information among gates. Moreover, GRU features two gates, namely an update
gate and a reset gate, as opposed to LSTM’s three gates. These gates play a
crucial role in controlling the flow of information within the network. While GRU
has a simpler architecture compared to LSTM, it still exhibits the capability to

capture long-term dependencies through the hidden state dynamics.

1. Reset gate: The reset gate within the GRU architecture performs a linear
combination of the prior hidden state (h;—1) and the present input (z;) using

a bias term and weighted sum. The resulting values are then passed through
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a sigmoid function, which determines the extent to which the values should

be discarded, remembered, or partially retained.

2. Update gate: The update gate in the GRU architecture plays a significant
role in deciding which information should be preserved and which should be
discarded. It is responsible for the long-term memory of the network and
shares similarities with the combination of the input and forget gates in the
LSTM architecture.

3. Hidden state: The hidden state candidate in the GRU model is formed by
integrating the outputs with the new inputs (z;) after resetting the previous
hidden state in step two. This integration involves multiplying the outputs
and inputs by their respective weights, adding biases, and passing the result
through a hyperbolic tangent activation function in step six. Subsequently,
the hidden state candidate is multiplied by the update gate’s results in
step seven. Finally, the modified hidden state candidate is added to the
previously modified h;_;, resulting in the generation of the new hidden
state hy.

5= o(W. X)) + (Uhy ) (3.3.7)
s = O'(WrXt) + (Urht—l) (338)
ht = O'(WXt + U(?“t & ht—l)) (339)

The variables X; , hy, 2, and r; (as defined in equations 3.3.7, 3.3.8, 3.3.9)
represent the input, hidden state, update gate, and reset gate vectors, respectively.
The weight matrices W,, W,, and W are trainable parameters in the model.
Additionally, the hidden state of the GRU structure produces output. The gates
in the GRU structure are illustrated in Figure 3.3.3.
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Figure 3.3.3: GRU recurrent unit

3.3.3 Activation Functions

Activation functions are mathematical functions employed in neural networks to
enable neurons to learn and capture underlying patterns within a dataset. They
play a crucial role in introducing non-linearity, allowing neural networks to model
complex relationships. These functions determine whether a neuron should trans-

mit a value or not, influencing the flow of information throughout the network.

The accuracy of a neural network’s predictions relies on various factors, includ-
ing the number of layers employed and, notably, the choice of activation function.
Although there is no definitive guideline specifying the optimal number of layers
for improved results and accuracy, a general rule of thumb suggests a minimum
of two layers should be used. Similarly, literature does not prescribe a specific ac-
tivation function for use. However, empirical evidence from studies and research
demonstrates that incorporating one or more hidden layers in a neural network

helps reduce prediction errors [34].

The primary role of an activation function is to transform the aggregated

25



weighted input from an individual neuron into an output value, which subse-
quently becomes the input for subsequent layers in a deep neural network. This
process is repeated during training until the desired output is achieved. Figure
3.3.4 visually depicts an activation function’s graphical representation for a single
neuron.

inputs  weights bias activation output
function

fa —> fu(2)

w1
; @
. Wh

Figure 3.3.4: The activation function employed for a single neuron

3.3.3.1 Sigmoid Function

The Sigmoid Activation Function, also known as the logistic function, is a com-
monly used non-linear function in feedforward neural networks. It is bounded,
differentiable, and defined for real input values. The equation 3.3.10 defining the

sigmoid function is as follows:

1

fw) = 14+e*

(3.3.10)

Neal [35] emphasized the notable benefits of sigmoid functions, which include their
simplicity and ease of comprehension. These functions are commonly employed
in shallow networks. However, Glorot and Bengio [36] recommended caution
when initializing neural networks with small random weights, suggesting that the
use of the Sigmoid AF in such cases should be avoided. It has been applied

successfully in binary classification and logistic regression tasks. However, it has
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certain limitations, including gradient saturation, slow convergence, and non-zero
centered output. To address these drawbacks, alternative activation functions,

such as the hyperbolic tangent function, have been proposed.

3.3.3.2 Hyperbolic Tangent Function

The tanh function, which is a hyperbolic tangent function, resolves the issue of
non-zero centering that is present in the sigmoid function. It maps a real-valued
number to the range [-1, 1| and is also a non-linear function. The derivative of

the tanh function is similar to that of the sigmoid function.

Although the tanh function solves some of the drawbacks of the sigmoid func-
tion, it still does not completely eliminate the vanishing gradient problem. Its

output is given by the following equation 3.3.11:

el —e "

f@) = ——= (3.3.11)

et +e %

The tanh function has become the preferred choice compared to the sigmoid
function in DL due to its better training performance for multi-layer neural net-
works. However, it is prone to the issue of vanishing gradient. The output gen-
erated is centered around zero, which facilitates the process of back-propagation.
The limitation of the tanh function prompted researchers to explore alternative
activation functions to address this issue, resulting in the development of the

rectified linear unit (ReLU) activation function [37].

3.3.3.3 Rectified Linear Unit Function (ReLU)

ReLU or Rectified Linear Unit activation function, introduced by Nair and Hin-
ton in 2010, is a popular choice in deep learning due to its superior performance
and faster learning capabilities compared to other activation functions [38]. It
effectively addresses the vanishing gradient problem but may encounter issues
with "dead" neurons. Careful consideration should be given to selecting an ap-
propriate activation function based on specific requirements. ReLLU has a range
of |0, +infinity| and offers benefits similar to the sigmoid function but with better

performance and computational efficiency. The mathematical expression of the
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equation is defined below 3.3.12:

x, iftx>0
0, ifx<0

f(z) = max(0,z) = (3.3.12)

3.3.3.4 Softmax Function

The Softmax function is commonly used in multi-class models to compute class
probabilities, with each class assigned a probability value. It is frequently em-

ployed in the output layers of deep learning architectures.

The primary distinction between the Sigmoid and Softmax activation functions
lies in their respective applications. The Sigmoid function is typically utilized in
binary classification tasks, whereas the Softmax function is employed for mul-
ticlass classification tasks. The Softmax function introduces non-linearity into
the network and is particularly beneficial when dealing with problems involving
multiple classes. In contrast, the Sigmoid activation function is well-suited for
solving binary classification problems. Mathematically, the Softmax function can
be defined as (Equation 3.3.13):

Zq

flzi) = Z;]T (3.3.13)

3.4 Classification of Methods for Error Detection
and Correction

The procedure of spell checking encompasses two primary stages: detection and
correction (Figure 3.4.1). Detection requires the inspection of an input string to
validate its legitimacy as per a dictionary reference. In contrast, correction is

aimed at identifying the optimal substitute for the detected error [39].
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Figure 3.4.1: Classification of Methods for Error Identification and Rectification

3.4.1 Techniques for Error Detection
3.4.1.1 Dictionary Lookup Technique

The dictionary lookup method checks word input against a dictionary, ensuring
correctness by having a word present. A hash table efficiently accesses the dictio-
nary, evaluating input strings, calculating addresses, and extracting related words.
If the calculated hash does not match the input string, an incorrect spelling error
is detected.

3.4.1.2 N-Gram Analysis Technique

N-gram analysis uses n-grams, classified as unigrams, bigrams, or trigrams, as
input strings. It uses a pre-compiled table of n-gram statistics to determine word
frequency, recognize word occurrences, and make predictions using the collected

statistics.

3.4.2 Techniques for Error Correction
3.4.2.1 Minimum Edit Distance Technique

The Minimum Edit Distance algorithm determines the smallest operations needed
to convert a misspelled string into another. Three standard algorithms to cal-

culate Minimum Edit Distance, which are Levenshtein, Hamming, and Longest
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Common Subsequence. Levenshtein assigns a cost of 1 for each edit operation,

while Hamming measures the distance between strings of the same length.

3.4.2.2 Similarity Key Technique

The Similarity Key technique involves mapping every string, both correctly spelled
and misspelled, to a key that generates similar keys for correctly spelled strings.
When a key is created for a misspelled string, it provides hints for similarly spelled

words in the dictionary.

3.4.2.3 Rule-Based Technique

Rule-Based technique uses predefined rules to convert misspelled words into valid
ones, using transition probabilities and confusion probabilities. Transition prob-
abilities estimate n-gram frequency, while confusion probabilities measure letter

mismatches.

3.4.2.4 Neural Networks

Neural networks offer a more advanced approach compared to the previous tech-
niques. Back-propagation networks, which consist of output and input nodes, are
commonly used in these methods. Each word in the dictionary corresponds to an
output node, while potential n-grams at different positions in a word correspond
to input nodes. The Backpropagation algorithm is employed to train the neural

network.

3.4.3 Error Types

In morphologically rich languages like Kazakh, word forms are highly inflectional
and agglutinative, resulting in extensive variation and flexibility. Spelling errors in
these languages can be classified into typographic and cognitive errors. Cognitive
errors involve difficulties in spelling a word due to lack of knowledge or familiarity
with its correct form, while typographic errors arise from keyboard proximity
and hand movements. Auto-correction algorithms focus on addressing misspelled

words to improve text accuracy and readability.
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3.4.4 Edit Distance Algorithm
3.4.4.1 Error Detection

The system starts by filtering out misspelled words. This process revolves around
the comparison of the input word with a pre-established vocabulary in order to
determine its correctness. A straightforward approach is employed through a dic-
tionary lookup method to identify if the typed word exists within the dictionary.
If the word that was typed cannot be located in the dictionary, then it is catego-
rized as an error. Subsequently, an edit distance algorithm is employed to rectify

the erroneous word and propose a suitable correction.

3.4.4.2 Word Suggestion Mechanism

Once a misspelled word is identified, the word suggestion mechanism generates
a set of candidate words that have the potential to replace the misspelled word.
While it is feasible to consider all correct words as candidates for correction, it is
more practical to limit the search space and focus on words that bear resemblance
to the identified spelling error. To rectify the error, we assess the structural
similarity between the misspelled word and possible correct words using metrics

such as the minimum edit distance or the Levenshtein edit distance.

The proposed simplification involves restricting the candidate list to words
that differ from the misspelled word by just one edit operation, encompassing

substitution, insertion, deletion, or replacement of consecutive letters.
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Algorithm 1 Minimum Edit Distance Algorithm

Function MinimumDistance (stri, str2):
m < length(strl) n < length(str2) Create a matrix £ of size (m+1) x (n+1)

for : < 0 to m do

| Ei][0] < i

end

for j < 0 ton do

| E[0][j] < J

end

for : < 1 to m do
for j < 1 ton do

if strifi — 1] = str2]j — 1] then
| cost <0

end

else
| cost + 1

end
Elil[j] = min(E[i — 1][j] + 1, E[i][j — 1] + 1, E[i — 1][j — 1] + cost)
end

end

return F[m|[n]

The minimum edit distance Algorithm 1 compares two strings, strl (the
misspelled word) and str2 (the possible correct word). It calculates the min-
imum number of edits required to transform stril into str2. A matrix of size
(m—+1) x(n+1) is created, where m and n represent the lengths of strl and str2
respectively. The values in the matrix represent the minimum distance between

corresponding substrings.

Using a cost of 1 for insertions or deletions, and a cost of 2 for substitutions,
the algorithm determines the minimum cost needed to transform stri into str2.

This cost corresponds to the minimum edit distance between the two strings.

The Levenshtein edit distance, based on this algorithm, helps identify the most

likely correct word by minimizing the number of edit operations required to con-
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vert the misspelled word (strl) to the possible correct word (str2).

3.4.4.3 Probability Distribution

To determine the most probable suggestion from the candidate words, a probabil-
ity distribution mechanism is utilized. This mechanism calculates the probability
of each word occurring in the language by analyzing a large text corpus. The
candidate words are assigned probabilities based on their frequency of occurrence
in the corpus. Frequency-based probabilities measure the likelihood of a word
in a corpus, with higher probabilities assigned to more frequently encountered
words. In automatic spelling correction, the probability P(s|w) represents the
likelihood of producing a string s instead of the word w, indicating similarity be-
tween the two strings. Brill and Moore (1997) introduced a framework that uses
the maximum-likelihood principle to identify the best correction candidate wpest

3.4.1 from a list of possible candidates.

Whest = arg max  P(s|w;) P(w;) (3.4.1)

w;€C(s)
where P(s|w;) represents the probability of generating string s instead of word
w;, and P(w;) represents the probability of producing word w;. The function C/(s)
selects valid words from the dictionary W that serve as correction candidates for

the erroneous string s.

This approach combines probability estimates with a candidate selection mech-
anism to determine the most suitable correction for a misspelled word, improving

the accuracy of automatic spelling correction systems.

3.4.4.4 Replace Misspells

In the final step, the system replaces the misspelled word with the most probable
suggestion obtained from the probability distribution mechanism. This replace-

ment ensures the correction of the spelling error in the input text.

By incorporating these components, a statistical auto-correction system can

effectively identify and correct misspelled words, enhancing the accuracy of typed
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text. It is important to note that the simplified architecture presented here has its
limitations compared to real-world auto-correction systems. In reality, advanced
algorithms may incorporate more sophisticated techniques, such as natural lan-
guage processing (NLP) and machine learning, to consider contextual information,
grammatical patterns, and user-specific language models for improved accuracy.
These advanced systems can handle a wider range of error types, including con-

textual errors and grammatical mistakes, leading to more accurate suggestions.

3.4.5 N-gram Model

Subsequent to the pioneering research, the utilization of n-gram models has found
extensive application across a range of domains, encompassing speech recognition,
machine translation, word correction, word prediction, and spelling correction
[40]. In these models, the probability of the next word is assumed to depend

solely on the previous N-gram, which represents a series of n preceding words.

The idea of utilizing n-gram language models has been applied to various ap-
plications, including speech recognition, machine translation, word correction,

prediction, and spelling correction.

To estimate the conditional probability of a word at position ¢ in a sentence,
given the preceding words w;_1, w;_o, . .., ws_n, the following formula is employed
in Equation 3.4.2:

P(we|w—q ... wi_n) (3.4.2)

This probability estimation relies on counting the occurrences of these word
sequences in the training data.The numerator of the estimation formula represents
the number of times word ¢ appears after the occurrence of words £ — 1 through
t — N, while the denominator corresponds to the count of the N-gram sequence
t — 1 through ¢ — N. The probability estimate equation 3.4.3 can be computed

as:

C’(wt,l ... Wt—N, wt)

Plwwi_y ... wi_y) = (3.4.3)

C’(wt_l .. .wt_N)
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However, a challenge arises when encountering N-grams with zero counts, which
makes the estimation formula undefined. To address this issue, a k-smoothing
technique is introduced. It involves adding a positive constant &k to each numerator
and k times the vocabulary size |V| to the denominator. The modified probability

estimation formula becomes 3.4.4:

C’(wt_l .. .wt_N,wt) + k
C(wt_l .. .wt_N) + ]C‘V|

Plw|w_1 ... wi_y) = (3.4.4)

This adjustment ensures that even unseen N-grams have a non-zero probability

L

v to N-grams with zero counts.

estimate, by assigning a probability of

In summary, the estimation of conditional probabilities in N-gram language
models involves considering the preceding N words and utilizing counting tech-
niques. The introduction of k-smoothing addresses the issue of zero counts, en-

abling a more robust estimation process.
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Chapter 4

Implementation Tools and

Frameworks

Python was chosen as the preferred language because of its diverse capabilities in
machine learning and data processing. To solve certain problems, different tools

and libraries were used. Short descriptions of the tools and sources are given in
the Table 4.

Table 4.1: Implementation Tools and Frameworks

Tool/Library Description

Pandas It includes data structures and methods for ma-
nipulating numeric tables and time series.

NumPy It provides multidimensional array-optimized
implementation of computational methods.

NLTK It offers a range of text processing libraries.

Scikit-learn It provides a categorization, regression, and

clustering techniques.
Keras with TensorFlow | It provides an API that facilitates the develop-
ment of neural networks.

Matplotlib It used for for building static, animated, and
interactive visualizations.

(re) Library It used to check for a pattern matching.

json Library It used to parse JSON strings and files contain-
ing JSON object.

coremltools Library It used to convert models into CoreML model.
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Chapter 5

Methodology

In this chapter, we detail the data preprocessing process, which includes preparing
the data to feed into the models, as well as all the experiments performed to
evaluate the models. In addition, we will clarify the process of creating models,

giving an idea of what is behind the development of models and their architecture.

5.1 Data

The Kazakh Language Corpus (KLC) was employed as the primary source of
linguistic data for our thesis dataset. The corpus encompasses a diverse range
of genres, comprising literary, publicistic, official, scientific, and informal texts.
The compilation of a vast and all-encompassing corpus that accurately reflects
the current state of the Kazakh language is considered a pioneering effort [41].
The KLC’s "news" sub-corpus is predominantly composed of news articles writ-
ten in Kazakh. The corpus follows a consistent document structure, with each
document containing a title, source URL, metadata (including keywords), re-
lease date, author information, and the article text. The corpus encompasses
over 400,000 categorized documents, providing a comprehensive depiction of the
language across diverse domains and temporal epochs. The corpus comprises a
total of 135 million words. The corpus was assembled from a diverse range of
sources, encompassing websites, digitized books, dissertations, and articles from

both public and private libraries.
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Figure 5.1.1 presents a visualization of the top 10 words ranked by their fre-
quency of occurrence. The figure provides an illustration of the frequency dis-
tribution of these terms. It is worth mentioning that a considerable proportion
of these terms comprises of stop words, indicating their elevated occurrence rate
within the given dataset. The aforementioned observation is consistent with the
anticipated frequency of stopwords, which predominantly fulfill syntactic roles as

opposed to communicating explicit content-related data.

XKaHe MeH na byn ne aen 6ip YwiH ocsl BoiibiHLa
Top 10 words

Figure 5.1.1: Frequency of occurrence of the top 10 words

Unigram Wordcloud
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Figure 5.1.2: Word Cloud of our corpus
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5.2 Data Preprocessing

This section will provide a comprehensive explanation of the data preprocessing
methodology. Text preprocessing plays a crucial role in extracting pertinent in-
formation from textual data by filtering out irrelevant or noisy elements. This
preprocessing phase encompasses several key steps, including converting all words
to a consistent case, removing punctuation marks and stop words, tokenization,
word normalization, and other necessary procedures [42|. These steps are imple-
mented to enhance the quality and usability of the data, ensuring that subsequent
analyses and modeling efforts are based on a clean and standardized text corpus.
To consolidate our data, which was originally stored in individual .txt files, it was
imperative to merge them into a single file. This step was undertaken to facilitate
data handling and enable seamless access and processing during subsequent stages

of the analysis.

5.2.0.1 Data Cleaning

The text data in the datasets underwent several preprocessing steps. First, all
text was converted to lowercase to ensure consistency in the representation of
words. Next, special characters were removed using regular expressions to prevent
the model from considering them as distinct entities. Another common technique
employed in information retrieval is the elimination of stop words, which are highly
frequent words that carry little or no relevant information for text categorization.
In the case of the Kazakh language, there are numerous stop words that are
extensively used and widely distributed. Examples of such stop words include
‘oceiHay’, ‘eiiTKeHi’, 'ajaiiga’, ‘oraH’, ‘ciznmin’, 'opkiMm’, 'MeHjue’, 'oif’, 'Tapc-Typc,

"KaaT-KyIr’, 'Tex’, and others [43].

The process of removing stop words can be visualized in Listing 2.

5.2.0.2 Tokenization

Tokenization, a process of breaking down unstructured data and natural language
text into discrete elements, was applied. This facilitated the representation of

information as chunks, which could be directly utilized as vectors for machine
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learning tasks. Tokenization transformed the unstructured text into a numerical
data structure suitable for machine learning algorithms. Tokens also enabled

computers to trigger useful actions and responses.

Upon completing the data preprocessing phase, which involved the removal of
redundant spaces, special characters, and stop words, as well as the tokenization
of the text into individual words or tokens, the dataset was effectively prepared for

subsequent analysis and modeling. The cleaned dataset comprises approximately
70,000,000 words.

5.3 Data Splitting

In developing and evaluating our machine learning models, we utilize a common
data splitting strategy. The dataset has been partitioned into three distinct sub-
sets: the training set, validation set, and test set, with distributions of 80%, 10%,
and 10% respectively. The training set (80%) is used for model learning, param-
eter adjustment, and pattern identification. The validation set (10%) provides
an unbiased evaluation during training, aiding in parameter tuning and prevent-
ing overfitting. The test set (10%) serves as an unbiased evaluation of the final

model’s performance and represents its generalization capabilities.

5.4 Developing the Auto-correction Algorithm

In this section we discuss the development and evaluation of an autocorrection
algorithm for detecting and correcting spelling errors. Our proposed method com-
bines several approaches to improve the accuracy and efficiency of the autocor-
rection system. We provide a comprehensive review of each approach, illustrating

their application through relevant examples.

5.4.1 Edit Distance Approach

In our research, we propose algorithms for word auto-correction, specifically tar-

geting non-word errors, including typographical errors. To provide a detailed
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methodology, we outline the following steps: Firstly, we employ a direct dictio-
nary lookup method to detect error words. By searching for the typed word in a
predefined dictionary, we determine if it is present. If a word is not present in the

dictionary, it is deemed as an error.

To correct the identified error, we utilize the edit distance algorithm, which
estimates the structural similarity between the misspelled word and possible cor-
rect words. The minimum edit distance, measured as the minimum number of
operations required to transform one string into another, is calculated. In the
context of spell checking, suppose we have two strings: S1 = [al a2 a3...an| and
S2 = [bl b2 b3...b m|. The aim is to determine the cheapest way to convert S1
to S2 using three fundamental operations: insertion, deletion, and replacement.
In this scenario, each operation is assigned a unit cost, which is factored into
the calculation of the edit distance. In our approach, we employ the Levenshtein
algorithm to compute the edit distance. For the strings of different length, se-
quence or latent alignment technique is applied and then the above procedure is

repeated.

If the first string is “mexren’” and the second string is “Mekren”, the distance is
zero as no alterations are required since the strings are already identical. On the
other hand, if strl is “mexren” and str2 is “mexran’, then the edit distance is 1,

since a single substitution is needed to convert 'a’ into e’ (Figure 5.4.1).

MeEeKTarn Insertion = 1
Deletion =1
Substitution = Deletion+Insertion = 1+1
=)

Similarity coefficient = 2/6 = (.33
MeKTen

Figure 5.4.1: Edit Distance Example
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5.4.2 N-gram Based Approach

The concept of employing n-grams in language processing was initially introduced
by Shannon [44]. This technique has been developed to handle a number of
problems since its introduction, including word prediction, spelling correction,
speech recognition, translation accuracy, and string searching. One significant

advantage of employing n-grams is that they are language-independent.

Using n-gram statistics and word resources, this approach detects accurate rec-
ommendations by assigning weights to a variety of alternative repair possibilities.
This is useful for determining potential adjustments and spotting erroneous word-
ing. The n-gram model calculates similarities between two strings by counting the
number of common n-grams. The bigger the number of shared n-grams, the more

similar the two strings. The similarity coefficient is based on this idea.

_Jang]
a U]

d(a,b) (5.4.1)
In this equation 5.4.1 , a and [ represent the n-gram sets of two words a and
b that are being compared. |« N G| signifies the count of shared n-grams in o and

B, while |aU ] represents the total count of distinct n-grams in the combined set
of o and S.

#M Me eK KT Ta an n#

#M Me eK KT Te en n#

Bigram union

Meé eK KT Ta an T1e en

Similarity coefficient

MektTan 1 1 1 1 1 - - =3/7=04
Mekten 1 1 1 - - 1 1

Figure 5.4.2: N-gram Example
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Once the n-gram method is used to calculate the similarity coefficient, it finds
both the count of matching n-grams and unique n-grams in the two strings
"mexkTan" and "mekren". The Figure 5.4.2 demonstrates an example of how
the similarity coefficient is calculated for the misspelled word "mekran" and the
correct word "mexren", using a 2-gram (bigram) approach. Following the com-
putation of the similarity coefficient using the n-gram method, it extracts both
the quantity of matching n-grams and the number of unique n-grams found in the

two strings, namely "mexran" and "mexren".

5.4.3 Hybrid Approach using Edit Distance and N-gram

Our suggested hybrid approach leverages the strengths of both n-gram and edit
distance features. As illustrated in the Figure 5.4.3, the initial step involves

segmenting the incorrect and correct words into bigrams.

—> Generate letterbigrams

y Rule
—.* t A
Union of bigrams generation
Input word [—
Y
Reunion of bigrams [~ Parameter
estimation

Figure 5.4.3: Operational Procedure of Hybrid Approach

Algorithm 2 Hybrid N-Gram Based Edit Distance Algorithm
Input: string pairs (strlli], str2[i])

Output: transformation rule

Apply Bigram to the pairs (strl|i], str2[i])
Extract common bigrams from (str1[é], str2]i])
Determine the union of bigrams from (strl1[i], str2[i])

Utilize n-gram based edit distance to construct transformation rule
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Consider our example with the words (mekrar, mexrern), the steps of the Hybrid
N-gram and Edit Distance Algorithm 5.4.3 are:

L.

Obtain the string pairs (strl[i], str2[i]) where strl|i] represents the incorrect

word "mekran" and str2li] represents the correct word "mekrern".

Apply the Bigram model on the string pairs (strl[i], str2[i]). The bigrams for
the word "mekran" become {me, ek, kT, Ta, ain} and for the word "mekren",

they become {me, ek, kT, Te, er}.

Identify the common bigrams between strlfi] and str2[i]. The common bi-
grams between "mexrtan" and "mekren" are {me, ek, kr}, indicating seg-

ments of the string that don’t require transformation.

Determine the union of bigrams from strl|i] and str2[i]. The union of the
bigrams, in this case, is {me, ek, k1, Ta, am, Te, en}, which represents the

complete set of unique bigrams present in both the words.

Apply the n-gram based edit distance method and formulate a transforma-
tion rule. For the unique bigrams that aren’t common to both words, "ra"
in "mexkran" and "en" in "mexTen", we generate a transformation rule: re-
place "ta" in "mexkran" with "ern". This rule serves to effectively transform
"mexTan" into "mexren", minimizing the edit distance by harnessing the

N-gram model.

A representation of the applied example can be discerned from the subsequent

Figure 5.4.4.
MeKTan #M Me eK KT Ta an n# Taan
MeKTen #m mMe eK KT Te en n# T RN
Union of bigrams Reunion of bigrams

Similarity coefficient = 2/7= (.28

Figure 5.4.4: Hybrid Approach using Edit Distance and N-gram
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5.5 Building the Word Prediction Model

This section discusses developing language models for prediction of the next word.
Two models were created and trained on a common dataset, serving as the initial
starting point for implementation. As mentioned in Chapter 3, language model-
ing is treated as a regression problem, where tokenization is employed to convert
text into individual tokens or words. To achieve this, the Keras tokenizer class
is utilized to generate integer sequences for model training. The process of to-
kenization is executed as a regression model, whereby the anticipated outcomes
are integer sequences that can subsequently be transformed into corresponding

words.

5.5.1 LSTM

The LSTM model is a type of deep learning model that utilizes artificial "cells"
to handle memory, making it more effective for text prediction compared to tra-

ditional neural networks and other models. Our model consists of an embedding
layer, followed by bidirectional LSTM (Bi-LSTM) and LSTM layers (Figure 5.5.1).

The Embedding layer is taught to embed all words in the training dataset
using random weights. The Embedding layer is the network’s initial hidden layer.
Word embedding is a method of encoding words and texts using dense vector
representations. Deep Learning also includes sentence embedding, which is used
in Unified Sentence Encoder for more complicated language modeling applications
[45]. Sentence embedding attempts to capture the semantic meaning of complete
phrases or documents, allowing the model to comprehend and reason about the

contextual information in natural language text.

It also includes a dropout layer with 0.2 value of dropout for regularization and
two dense layers for classification. The first dense layer has 50 units, while the
second dense layer serves as the output (softmax) layer and has a number of units
equal to the size of the vocabulary. The model is compiled with categorical cross-
entropy loss and the Adam optimizer. A learning rate scheduler is implemented
to adjust the learning rate during training based on the epoch. Model checkpoints

and learning rate scheduler callbacks are used to save the best model and adjust
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embedding 1_input | InputLayer

A J
embedding 1 | Embedding

A J
bidirectional_1(Istm_2) | Bidirectional(LSTM)

Istm_3 | LSTM

dropout | Dropout

dense | Dense

dense 1 | Dense

Figure 5.5.1: Layers of the LSTM Model

the learning rate (see Listing 8).

5.5.2 GRU

In this section, we’ll be exploring a language model based on Gated Recurrent
Units (GRU). As pointed out in Chapter 3, GRU models, much like LSTMs,
are frequently used for generating sequences. Our GRU-based language model
follows the same architectural approach as the previously discussed model. The
architecture of this model comprises of a 1000-word embedding layer and GRU
layers with 300 cells each, interspersed with two dropout layers set at a rate of
0.2% (see Listing 9). The rate denotes the proportion of neurons present in the
layers that will be excluded during every iteration, commonly referred to as an
epoch. The model predictions are compared with actual words, and the difference
(the error) is used to update the model parameters through backpropagation
and gradient descent optimization process. This iterative process continues until

the model’s predictions align well with the actual outcomes, or the predefined
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maximum number of epochs is reached.

5.5.3 Optimization of Model Parameters

Optimization of model parameters, also known as hyper-parameter tuning, is an
essential step in the construction of machine learning models. The goal of this
process is to fine-tune the parameters of the model to improve performance and

increase predictive accuracy [46].

Hyper-parameters are the configuration variables of the model, which influence
the learning process and control the behavior of the model. They are set prior to
the commencement of the learning process and remain constant throughout. The
parameters under consideration include the size of the batch, types of activation
functions, inclusion of dropout layers, count of hidden layers, choice between
LSTM or GRU layers, rate of learning, number of training iterations or epochs,

selection of optimizer, and the neuron count in each layer (Table 5.1).

Table 5.1: Parameter setting to train the proposed models

Adjustable Parameters | Assigned Values
Learning rate 0.0001, 0.001, 0.01
Epochs 30, 60, 100
Batch size 32, 64
Optimisation Algorithm Adam
LSTM, GRU (layers) 3
Dropout Layer 0.2

Fine-tuning these parameters is essential as it can greatly enhance the per-
formance of the model. While it can be computationally intensive and time-
consuming, the outcome often leads to models that perform better on unseen

data, providing more accurate and reliable results.

The hyper-parameter tuning process is critical in creating efficient and effective
models, and understanding the role each hyper-parameter plays in the model’s

operation is key to achieving optimal performance.

e Learning rate: The learning rate, a critical hyperparameter, guides the

adjustment of weights during model training, balancing speed and accuracy.
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If set too high, it may lead to overshooting and unnecessary oscillations, pro-
longing the training process. Conversely, a smaller learning rate can enhance
precision and improve the model’s overall accuracy [47]. Recognizing the
complexity involved in managing learning rates, most deep learning frame-
works provide automated tools, like a learning rate scheduler, to handle this

aspect effectively.

e Epoch: The number of epochs, a vital hyperparameter, denotes the total
iterations over the complete training dataset. Each epoch gives each sample
in the dataset a chance to update the model parameters. Usually set to a
high value, running the algorithm for numerous epochs allows for thorough
minimization of the model’s error [48]. Creating line plots, or "learning
curves," with epochs on the x-axis and the model’s error or skill on the
y-axis, can provide insights into the model’s learning progress, revealing if

it’s overfit, underfit, or appropriately trained 5.5.2.

Error Error Error

N\

Training

Training G
raining

Epochs Epochs Epochs

Under-fitting Optimal-fitting Over-fitting

Figure 5.5.2: Over-fitting, Optimal-fitting, and Under-fitting in Deep Learning

e Batch size: The batch size is a hyperparameter that sets the number of
data samples that the model sees before it updates its internal parame-
ters. Essentially, a batch is like a loop iterating over some samples, making
predictions, and then comparing those predictions to the expected outputs.
The resulting error is used to improve the model, primarily by moving along
the error gradient. The batch size should ideally be at least one but not

more than the total number of samples in the training dataset [48].
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e Optimizer: Optimization algorithms, often referred to as optimizers, are
crucial for enhancing both the accuracy and the efficiency of the training
process. However, choosing the right optimizer can be a complex task. It’s
worth noting that Adaptive Momentum Estimation (Adam) often yields
favorable outcomes rapidly across diverse neural network architectures. The
Adam optimizer is an optimization algorithm that is used in deep learning
models to manage the learning rate, effectively enhancing the speed and
performance of model training. It accomplishes this by leveraging both
the first and second moments (mean and variance) of the gradients, which
aids in adjusting the learning rate based on the recent steps, ensuring swift

convergence and reducing the training time [49].

e Dropout: Dropout is a training technique in neural networks where a ran-
dom selection of neurons is ignored during each training cycle [50]. These
"dropped-out" neurons do not contribute to the activation of downstream
neurons during the forward pass, and their weights are not updated during
the backward pass. Dropout is implemented by randomly selecting nodes
to be dropped-out with a specified probability, typically around 20%, dur-
ing each weight update cycle. It is important to note that dropout is only
applied during the training phase and is not used when evaluating the per-

formance of the model.

5.6 Evaluation Methods

The present thesis employs various evaluation techniques to evaluate the predic-

tive model for the subsequent word and auto-correction methods.

5.6.1 Accuracy

The assessment of model performance relies heavily on the fundamental evaluation
metric of accuracy. The metric evaluates the accuracy of predicted responses by
computing the ratio of correct predictions to the overall number of instances in
the test dataset. The accuracy metric is determined through the division of the

summation of true positives (TP) and true negatives (TN) by the summation

49



of true positives, false positives (FP), true negatives, and false negatives (FN).
This metric offers significant insights into the models’ capacity to produce precise

responses to the provided inquiries.

When the aforementioned text is expressed in a mathematical equation, it can

be represented as follows 5.6.1:

TH+TN
TP+ FP+TN+ FN

Accuracy = (5.6.1)

5.6.2 Perplexity

Perplexity is a widely employed assessment metric for language models, which
gauges the efficacy of a probability distribution or model in predicting a given
sample. Perplexity is computed through the process of exponentiating entropy.
A reduced perplexity value is indicative of superior predictive capabilities. Per-
plexity is commonly computed in logarithmic space and subsequently converted

to its initial format, as stated by the source [48].

Perplexity can be mathematically defined in statistical theory through the uti-

lization of the formula denoted as 5.6.2.

PP = 2_% Zf\;bgﬂ?(si) (562)

where N represents the number of words in a test dataset.

5.6.3 Cross-Entropy

The notio cross entropy is employed in the fields of information theory and ma-
chine learning to quantify the dissimilarity between two probability distributions.
A prevalent practice in assessing the efficacy of a predictive model is to contrast

the projected distribution with the actual distribution.

The cross entropy between two probability distributions A and B can be math-

ematically computed using the equation 5.6.3.
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H(A,B) = - A(x)log B(x) (5.6.3)

Where:
— H(A, B) represents the cross entropy of distribution B to distribution A.
— A(x) represents the probability of event = according to distribution A.
— B(x) represents the probability of event x according to distribution B.

This formula allows us to quantify how well the distribution B matches the
true distribution A. A lower cross entropy indicates a closer match between the

two distributions.

5.6.3.1 Categorical cross entropy

Categorical cross entropy is a specific form of cross entropy used when dealing
with categorical data or multi-class classification problems. It is commonly used
as a loss function in machine learning models to measure the dissimilarity between

predicted class probabilities and the true class labels.

Mathematically, the categorical cross entropy between a true probability dis-
tribution Y and a predicted probability distribution P is calculated as follows
5.6.4:

C
H(Y,P)=-) YilogP, (5.6.4)
1=1

In this formula, H (Y, P) represents the categorical cross entropy, Y; denotes
the true probability of class i, and P, represents the predicted probability of class
1. C represents the total number of classes. The categorical cross entropy loss
penalizes larger discrepancies between the predicted and true probabilities. It
encourages the model to improve its predictions to better match the true class

probabilities.
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Chapter 6

Experiments and Results

6.1 Experimental setups

All conducted tests take place in a setting featuring a MacOS M1 Pro platform,
powered by a Core i7 processor and supplemented with 32 GB of RAM. A detailed

outline of the experimental environment is presented in Table 6.1 below.

Table 6.1: System equipment

Component Description
CPU Core i7
Language Python
Operating System | MacOS M1 Pro
System Type 64-bit
Memory 32 GB

6.2 Comparative Analysis

6.2.1 Auto-correction

In this section, we present the results obtained from experimental analysis con-
ducted on our pre-processed dataset. The dataset initially comprised accurately
spelled words. However, for evaluation purposes, deliberate modifications were in-

troduced, resulting in both non-word errors and real-word errors within the text.
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To introduce intentional errors, we categorized them into eight distinct categories.
1. Insertion of a single letter within a word
2. Deletion of a single letter from a word
3. Substitution of a single letter within a word
4. Transposition of two adjacent letters within a word
5. Presence of a single character different from the original word
6. Addition or removal of one letter along with one different letter
7. Addition or removal of repeated characters and one different character
8. Exchange of two consecutive letters and one different character

A test set consisting of 3000 misspelled words was created. Our proposed
algorithm successfully corrected 2850 (95%) of the misspelled words, while en-
countering difficulties in rectifying the remaining 150 words. Furthermore, the
Edit Distance approach exhibited a 91% accuracy in correcting misspelled words,
whereas the N-gram approach achieved an 88% accuracy in word correction. The
Table 6.2 below presents a comparative analysis of the accuracy for the three

approaches.

Table 6.2: Correction Accuracy Comparison

Approach Correction Accuracy (%)
Proposed Hybrid Algorithm 95
Edit Distance 91
N-gram 88

This evaluation demonstrates the effectiveness of our Hybrid Algorithm in rec-
tifying misspelled words, outperforming both the Edit Distance and N-gram ap-

proaches in terms of correction accuracy.

We also conducted another experiment where we deliberately introduced a
higher number of intentional errors in the words. These errors involved insert-

ing, deleting, substituting, or transposing more than two letters within the words.
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The objective was to assess the performance and efficiency of all three approaches

under such conditions.

The results indicated a decrease in efficiency and performance for all three
approaches. The proposed algorithm achieved an accuracy of 87%, while the N-
gram approach achieved 80% accuracy. The Edit Distance approach showed the
lowest performance with an accuracy of 75%. The Table 6.3 below presents a

comparative analysis of the accuracy with higher intentional errors.

Table 6.3: Accuracy Comparison with Higher Intentional Errors

Approach Correction Accuracy (%)
Proposed Hybrid Algorithm 87
N-gram 80
Edit Distance 75

Additionally, we conducted experiments involving words with varying lengths,
and the results revealed the comparative execution times of the Edit Distance, N-
gram, and Hybrid algorithms. Figure 6.2.1 presents the comparison of execution

times for different word lengths using these algorithms.
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| —@— Edit Distance Algorithm
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Figure 6.2.1: Execution Time Comparison for Different Word Lengths
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6.2.2 Word Prediction

The two models proposed in the study were trained using different parameter
configurations, as described in the previous Chapter 5. Within this thesis, training
was conducted over 30, 60, and 100 epochs, resulting in respective training times
of 6 and 4 hours for the LSTM and GRU models, using a learning rate of 0.001.
The discrepancy in training duration between the two models is substantial. In
terms of training accuracy, the LSTM model an accuracy of 0.8769, while the
GRU model attained a slightly lower accuracy of 0.860.

Table 6.4 demonstrates the varying performance of networks with different pa-
rameters. The LSTM model, trained with a batch size of 32, took approximately
6 hours to complete. The proposed model achieved a good perplexity score of
0.931 on the validation dataset, indicating strong prediction performance. Addi-
tionally, the validation loss was significantly low for this model with a batch size
of 64. Perplexity, being the inverse of instances where predictions match actual
labels, decreases as the model’s probabilities, including correct and incorrect ones,
increase. Although the results were slightly less accurate than the batch size of
32, they were still promising. The training process resulted in a perplexity value
of 1.132 and took around 5.4 hours to complete. The validation loss obtained was
0.783.

Table 6.4: Results Obtained Using Various Hyper-parameters

Model Perplexity(val) | Trained Time (hours) | Loss(val)
LSTM-32 0.931 6 0.747
LSTM-64 1.132 5.4 0.783
GRU-32 1.11 4 0.723
GRU-64 1.341 3 0.739

Table 6.4 reveals that the perplexity for the GRU model with a batch size of
32 was 1.11, which is not significantly different from the LSTM model with the
same batch size. Comparing the training times of both models is crucial, as users
will train models on their own devices. With a batch size of 64, the GRU model
achieved a perplexity of 1.341 on the validation dataset, with a training time of

3 hours, which was shorter than the LSTM model’s training time for the same
batch size. The validation loss for the GRU model was 0.739.
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Table 6.5: Results with Different Parameters for LSTM

Learning Rate Batch Size Accuracy (val) Epochs

0.001 32 86.40 30
0.0005 32 87.37 60
0.0001 32 85.78 100
0.001 64 87.69 30
0.0005 64 83.76 60
0.0001 64 82.11 100

Table 6.6: Results with Different Parameters for GRU

Learning Rate Batch Size Accuracy (val) Epochs
0.001 32 86.00 30
0.0005 32 85.45 60
0.0001 32 86.24 100
0.001 64 85.77 30
0.0005 64 79.23 60
0.0001 64 81.01 100

The outcomes yielded by LSTM and GRU models under varying parameters are
displayed in tables 6.5 and 6.6. The Figure 6.2.2 depicts a visual representation of
the outcomes. The study was carried out to assess the influence of learning rate,
batch size, and number of epochs on the precision of the models. The tabulated
data offers valuable insights regarding the efficacy of the models across various
parameter configurations. The values that are highlighted in the results indicate
the highest level of accuracy that was attained by each model, with regards to
particular batch sizes (32 and 64), over a range of epochs. The utilization of
tables is imperative in comprehending the impacts of parameter selections on

model efficacy and determining the most advantageous configuration.

Taking into account the timing of the predicted word or output within the
user’s input is also of great significance. Specifically, the LSTM model achieved
a prediction time of 17 ms for a given input, while the GRU model exhibited a

prediction time of 14 ms for inputs of the same length input.
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Chapter 7

System Design and
Implementation

7.1 Development Environment and Frameworks

7.1.1 10S Operating System

The development of the Kazakh-language keyboard system was carried out on the
iOS operating system. The iOS platform provides a wide range of tools, applica-
tion programming interfaces (APIs), and frameworks that facilitate the develop-
ment of superior and intuitive applications. It ensures compatibility with various
i0S devices, including iPhones and iPads, allowing for seamless deployment and

distribution of the keyboard application.

7.1.2 Swift Programming Language

Swift is a modern, powerful, and intuitive programming language developed by
Apple for various software development purposes. It combines the best features
of multiple programming languages, making it easier to read, write, and maintain
code [51]. Swift is designed to be safe, efficient, and expressive, enabling develop-
ers to create reliable and high-performance applications. We chose Swift as the

programming language for developing the keyboard application.

58



7.1.3 Integration with CoreML and Xcode

Integrating trained language models and the auto-correction algorithm into an i0S
application can be achieved using CoreML, Apple’s machine learning framework.
CoreML allows seamless integration of trained models into iOS apps, enabling
on-device inference and efficient utilization. The models must be in the Core
ML model format with the .mlmodel file extension for compatibility. To inte-
grate our LSTM model for next word prediction, we follow steps such as training
and optimizing the model, converting it to Core ML format (see Listing 10), and
seamlessly integrating it into an iOS application using Xcode. This integration
enhances the user’s typing experience through Core ML’s machine learning capa-
bilities. Xcode, developed by Apple Inc., is a feature-rich integrated development
environment (IDE) specifically designed for macOS and iOS application develop-
ment. Table 7.1.3 below shows the main files used to implement the autocorrect

and word prediction functions in XCode.

Table 7.1: Main files for auto-correction and word prediction
File Description

Prediction.swift This view controller handles user input and dis-
plays predicted next words. It communicates
with the Core ML model trained for next word
prediction.

Autocorrection.swift | The autocorrection.py file contains Python code
that implements the auto-correction functional-
ity using hybrid edit distance and n-gram algo-
rithms. It is integrated into the Xcode project
through PythonKit, enabling the execution of
Python code within the iOS environment.

7.2 Kazakh-language Keyboard App

After completing the necessary steps for app development in Xcode and preparing
the prediction model, we proceeded to create an application for testing purposes,
focusing on the minimum viable product (MVP). The application’s design at this

stage is simple and intuitive, featuring a text entry field and a suggestion tool
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positioned below it. This tool offers users word completion, prediction, and cor-
rection functionalities, significantly enhancing their typing experience. Users can
seamlessly enter text and receive real-time suggestions based on our implemented
algorithms and trained model, ensuring a smooth and efficient typing process.
Figure 7.2.1 showcases an example of word completion, prediction, and correction

features in our developed application.

ENTER TEXT HERE: ENTER TEXT HERE ENTER TEXT HERE
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Figure 7.2.1: Completion, Prediction and Correction Example
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Chapter 8

Discussion and Conclusion

This chapter presents a comprehensive summary of the research conducted, in-
cluding the underlying methodologies employed, future directions for work, and
potential avenues for improving the findings of this thesis. The focus lies on ex-
ploring ways to enhance the results of the experiments and build upon the work

presented in this thesis.

In recent years, remarkable advancements have been witnessed in the fields
of machine learning (ML) and natural language processing (NLP). The rapid
progress can be attributed to the increased availability of computational power,
enabling significant developments in deep learning and machine learning tech-
niques. Language models have particularly benefited from the emergence of trans-
former models trained on massive amounts of data, leading to notable advance-
ments in their capabilities. The advancements in ML and NLP, along with the
utilization of advanced recurrent neural network models, have paved the way for

substantial improvements in word prediction tasks.

The primary objective of this thesis is to develop a keyboard system equipped
with auto-correction and word prediction functionalities. The focus of the study
is centered around the implementation of a predictive model for suggesting the
next word and the integration of an error correction mechanism. To achieve
this, in-depth exploration and analysis of deep learning and machine learning

approaches have been conducted. We investigated two sophisticated recurrent
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neural network models for word prediction: Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) and algorithms such as Edit Distance, N-gram
based modeling and Hybrid approach have been extensively studied and examined

to enhance the performance of the proposed error correction system.

To determine the best-performing model for our specific task, word prediction
experiments were conducted using various combinations of parameters. The goal
was to evaluate the performance of each model by employing the perplexity score
as a performance metric, with Softmax as the activation function. When selecting
the optimal model, factors such as accuracy, learning rate, and response time were

taken into consideration.

For the auto-correction experiments, a comparative accuracy assessment was
employed to evaluate the effectiveness of the three approaches. To conduct more
comprehensive experiments, test data was generated with variations ranging from
real words to non-words, including instances with one, two, or multiple letters
changed. The accuracy metric was used to assess the performance of the correction

mechanism.

The comparison between the two word prediction models revealed that their
results were quite similar, except for one notable difference: the learning time.
It was observed that LSTM required significantly more time compared to GRU.
Additionally, it was noted that the model’s performance also depended on the
selection of hyperparameters, particularly certain values. Regarding the auto-
correction mechanism, the experiments demonstrated that the hybrid approach
achieved an accuracy of 95% for single-letter erroneous words, and an accuracy
of 87% for words with two or more errors. Furthermore, it should be highlighted
that the hybrid approach exhibited faster response times in providing correct
word suggestions. These findings highlight the trade-off between learning time
and model performance in word prediction tasks, as well as the effectiveness and
efficiency of the hybrid approach in autocorrection. The results pave the way for
further improvements and optimizations in the development of advanced language

modeling techniques.
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Future Research Directions

There are several potential avenues for future research and improvement in this

area:

L.

Dataset Augmentation: To enhance the program’s performance, it could be
beneficial to augment the user-specific dataset. This could involve incorpo-
rating more frequently used sentences from daily correspondence to improve

the prediction of co-referencing words.

Federated Learning: Consider exploring the use of federated learning as
an alternative to centralized machine learning. This approach eliminates
the need for constant internet connectivity for predictions since the model
resides on the device. Additionally, federated learning allows for more per-

sonalized predictions by leveraging the user’s own model.

Handling Unknown Words: Currently, the model is limited to a specific
dataset. To enhance its versatility, mechanisms can be developed to in-
corporate new words that are not part of the existing vocabulary. This
adaptation process could involve adding new words to the vocabulary when

encountered, making the model more generalized and adaptable.

Personalized Prediction: Consider incorporating personalized prediction ca-
pabilities based on the user’s history. This could involve leveraging user-
specific data to tailor the word predictions to individual preferences and

writing styles.

These potential research directions provide opportunities for further advance-

ments and enhancements in the field of word prediction and auto-correction sys-

tems.

63



Bibliography

1]

2]

7]

Zippia. 20 vital smartphone usage statistics [2023]: Facts, data, and trends
on mobile use in the u.s., 2023. Accessed on Apr. 3, 2023.

Maria Habib, Mohammad Faris, Raneem Qaddoura, Alaa Alomari, and
Hossam Faris. A predictive text system for medical recommendations in

telemedicine: a deep learning approach in the arabic context. IEEE Access,
9:85690-85708, 2021.

Shuang Cai, Ahmet Palazoglu, Laibin Zhang, and Jingiu Hu. Process alarm
prediction using deep learning and word embedding methods. ISA transac-
tions, 85:274-283, 2019.

Sanidhya Mangal, Poorva Joshi, and Rahul Modak. Lstm vs. gru vs. bidi-
rectional rnn for script generation. arXiv preprint arXiv:1908.04332, 2019.

Omor Faruk Rakib, Shahinur Akter, Md Azim Khan, Amit Kumar Das,
and Khan Mohammad Habibullah. Bangla word prediction and sentence
completion using gru: an extended version of rnn on n-gram language model.

In 2019 International Conference on Sustainable Technologies for Industry 4.0
(STI), pages 1-6. IEEE, 2019.

Hozan K Hamarashid, Soran A Saeed, and Tarik A Rashid. Next word pre-
diction based on the n-gram model for kurdish sorani and kurmanji. Neural
Computing and Applications, 33:4547-4566, 2021.

Jingyun Yang, Hengjun Wang, and Kexiang Guo. Natural language word
prediction model based on multi-window convolution and residual network.
IEEE Access, 8:188036-188043, 2020.

64



8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Melanie Hiisser. Kénnsch-swiss german keyboard for ios. PhD thesis, Bach-
elor’s thesis, ETH Zurich (September 2015), 2015.

Valentin Trifonov. Kdnnsch-updates and improvements to the swiss german
keyboard. 2016.

Andres Konrad. Kénnsch-Adaptive Keyboard for iOS. PhD thesis, Bachelor’s
thesis, ETH Zurich (July 2016), 2016.

R Prasad. Next word prediction and correction system using tensorflow,
2016.

Aqil M. Azmi, Manal N. Almutery, and Hatim A. Aboalsamh. Real-word
errors in arabic texts: A better algorithm for detection and correction.
[EEE/ACM Transactions on Audio, Speech, and Language Processing, 27
(8):1308-1320, 2019. doi: 10.1109/TASLP.2019.2918404.

Amanjot Kaur, Paramjeet Singh, and Shaveta Rani. Spell checking and error
correcting system for text paragraphs written in punjabi language using hy-

brid approach. International Journal Of Engineering And Computer Science,
3(9):8030-8032, 2014.

Ratnasingam Sakuntharaj and Sinnathamby Mahesan. A novel hybrid ap-
proach to detect and correct spelling in tamil text. In 2016 IEEE international
conference on information and automation for sustainability (ICIALS), pages
1-6. IEEE, 2016.

Amit Sharma and Pulkit Jain. Hindi spell checker. Indian Institute of Tech-
nology Kanpur, 2013.

BURAK AYTAN and CEMAL OKAN SAKAR. Deep learning-based turkish
spelling error detection with a multi-class false positive reduction model.
Turkish Journal of Electrical Engineering and Computer Sciences, 31(3):581—-
595, 2023.

Diana Rakhimova and Yntymak Abdrazakh. The task of identifying morpho-

logical errors of words in the kazakh language in social networks. In 2022 7th

65



18]

[19]

[20]

[21]

22|

23|

24|

125]

126]

International Conference on Computer Science and Engineering (UBMK),
pages 344-349. IEEE, 2022.

Yntymak Abdrazakh, Aliya Turganbayeva, and Diana Rakhimova. Devel-
opment and study of an approach for determining incorrect words of the
kazakh language in semi-structured data. In Advances in Computational Col-
lective Intelligence: 13th International Conference, ICCCI 2021, Kallithea,
Rhodes, Greece, September 29-October 1, 2021, Proceedings 13, pages 535—
545. Springer, 2021.

Anil K Jain. Data clustering: 50 years beyond k-means. Pattern recognition
letters, 31(8):651-666, 2010.

Richard S Sutton and Andrew G Barto. Reinforcement learning: An intro-
duction. MIT press, 2018.

Yoshua Bengio, Réjean Ducharme, and Pascal Vincent. A neural probabilistic

language model. Advances in neural information processing systems, 13,
2000.

Tomas Mikolov, Martin Karafiat, Lukas Burget, Jan Cernocky, and Sanjeev
Khudanpur. Recurrent neural network based language model. In Interspeech,
volume 2, pages 1045-1048. Makuhari, 2010.

Kiran Sharma, Ankit Naik, and Purushottam Patel. Study of artificial neural

networks. International Journal of Advanced Research Trends in Engineering
and Technology (IJARTET), 2(4):46-48, 2015.

Wojciech Samek, Grégoire Montavon, Sebastian Lapuschkin, Christopher J
Anders, and Klaus-Robert Miiller. Explaining deep neural networks and
beyond: A review of methods and applications. Proceedings of the IEEE,
109(3):247-278, 2021.

Jayanta Kumar Basu, Debnath Bhattacharyya, and Tai-hoon Kim. Use of
artificial neural network in pattern recognition. International journal of soft-

ware engineering and its applications, 4(2), 2010.

Mohammad Galety, Firas Husham Al Mukthar, Rebaz Jamal Maaroof, and

66



Fanar Rofoo. Deep neural network concepts for classification using convolu-

tional neural network: A systematic review and evaluation. 2021.

|27] Larry Medsker and Lakhmi C Jain. Recurrent neural networks: design and
applications. CRC press, 1999.

|28] Larry R Medsker and LC Jain. Recurrent neural networks. Design and
Applications, 5:64-67, 2001.

[29] Sepp Hochreiter.  Untersuchungen zu dynamischen neuronalen netzen.
Diploma, Technische Universitédt Miinchen, 91(1), 1991.

[30] Yoshua Bengio, Patrice Simard, and Paolo Frasconi. Learning long-term
dependencies with gradient descent is difficult. IEEE transactions on neural
networks, 5(2):157-166, 1994.

[31] Sepp Hochreiter and Jiirgen Schmidhuber. Long short-term memory. Neural
computation, 9(8):1735-1780, 1997.

[32] Alex Graves. Generating sequences with recurrent neural networks. arXiv
preprint arXiv:1308.0850, 2013.

[33] Junyoung Chung, Caglar Gulcehre, KyungHyun Cho, and Yoshua Bengio.
Empirical evaluation of gated recurrent neural networks on sequence model-
ing. arXiv preprint arXiv:1412.3555, 2014.

[34] Sagar Sharma, Simone Sharma, and Anidhya Athaiya. Activation functions
in neural networks. Towards Data Sci, 6(12):310-316, 2017.

[35] Radford M Neal. Connectionist learning of belief networks. Artificial intelli-
gence, 56(1):71-113, 1992.

[36] Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training
deep feedforward neural networks. In Proceedings of the thirteenth inter-

national conference on artificial intelligence and statistics, pages 249-256.
JMLR Workshop and Conference Proceedings, 2010.

[37] Chigozie Nwankpa, Winifred I[jomah, Anthony Gachagan, and Stephen Mar-

67



[38]

[39]

[40]

[41]

[42]

[43]

[44]

145]

shall. Activation functions: Comparison of trends in practice and research
for deep learning. arXiv preprint arXiv:1811.03378, 2018.

Xiaojie Jin, Chunyan Xu, Jiashi Feng, Yunchao Wei, Junjun Xiong, and
Shuicheng Yan. Deep learning with s-shaped rectified linear activation units.
In Proceedings of the AAAI Conference on Artificial Intelligence, volume 30,
2016.

M Priya, R Kalpana, and T Srisupriya. Hybrid optimization algorithm using
n gram based edit distance. In 2017 International Conference on Communi-
cation and Signal Processing (ICCSP), pages 0216-0221. IEEE, 2017.

SM El Atawy and A Abd ElGhany. Automatic spelling correction based
on n-gram model. International Journal of Computer Applications, 182(11):
0975-8887, 2018.

Olzhas Makhambetov, Aibek Makazhanov, Zhandos Yessenbayev, Bakhyt
Matkarimov, Islam Sabyrgaliyev, and Anuar Sharafudinov. Assembling the
kazakh language corpus. In Proceedings of the 2013 Conference on Empirical

Methods in Natural Language Processing, pages 1022-1031, 2013.

S Vijayarani, Ms J Ilamathi, Ms Nithya, et al. Preprocessing techniques
for text mining-an overview. International Journal of Computer Science &
Communication Networks, 5(1):7-16, 2015.

Aditya Wiha Pradana and Mardhiya Hayaty. The effect of stemming and
removal of stopwords on the accuracy of sentiment analysis on indonesian-
language texts. Kinetik: Game Technology, Information System, Computer

Network, Computing, Electronics, and Control, pages 375-380, 2019.

Claude E Shannon. Prediction and entropy of printed english. Bell system
technical journal, 30(1):50-64, 1951.

Farukh Iskalinov. A profession recommender system based on deep learning
and machine learning approaches. Suleyman Demirel University Bulletin:
Natural and Technical Sciences, 62(1):15-33, 2023. ISSN 2709-2631. doi:
10.47344 /sdubnts.v62i1.946.

68



[46]

[47]

[43]

[49]

[50]

[51]

Li Yang and Abdallah Shami. On hyperparameter optimization of machine
learning algorithms: Theory and practice. Neurocomputing, 415:295-316,
2020.

D Randall Wilson and Tony R Martinez. The need for small learning rates on
large problems. In IJCNN’01. International Joint Conference on Neural Net-
works. Proceedings (Cat. No. 01CH37222), volume 1, pages 115-119. IEEE,
2001.

Jason Brownlee. What is the difference between a batch and an epoch in a

neural network. Machine Learning Mastery, 20, 2018.

Ryan Spring, Anastasios Kyrillidis, Vijai Mohan, and Anshumali Shrivas-
tava. Compressing gradient optimizers via count-sketches. In International
Conference on Machine Learning, pages 5946-5955. PMLR, 2019.

Aejaz Farooq Ganai and Farida Khursheed. Predicting next word using rnn
and Istm cells: Stastical language modeling. In 2019 Fifth International
Conference on Image Information Processing (ICIIP), pages 469-474. IEEE,
2019.

Mikias Berhanu Gebre. Developing and ios application for value stream

mapping with swift. 2016.

69



Appendix A

Listing 1: Data Cleainig example
import re
def extra space(text):
new _text= re.sub("\s+","_", text)
return new text
def sp charac(text):
new text=re.sub("["rus kaz letters|", "" | text)

return new text

Listing 2: Removing stopwords example
import nltk
nltk .download ( "stopwords ’)
from wordcloud import WordCloud

from nltk.corpus import stopwords

stop_words = set (stopwords.words( ’kazakh’))
counter={}
for i in word count.keys():
if i not in list (stop words):
counter |i]=word_count|1i|
print (len(counter.keys()))

Listing 3: Making errors for the given word
def find wrong word(sent, vocab):
wrong words = |[]
sent = sent.strip ().lower ().split("_.")
for word in sent:
if word not in vocab:
wrong words. append (word)

return wrong words
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Listing 4: Filtering misspleling words
import random
def make errors(word):
# Convert the word to a list for easier manipulation
word list = list (word)

word len = len(word list)

# Randomly choose an error to introduce

error _type = random.randint (1, 8)

if error type =— 1: # Single letter insertion
random index = random.randint (0, word len)
random letter = random.choice (rus kaz chars)

word list.insert (random index, random letter)

elif error type =— 2: # Single letter deletion
if word len > 1:
random index = random.randint (0, word len — 1)

del word _list|random index|

elif error type = 3: # Single letter substitution
random index = random.randint (0, word len — 1)
random letter = random.choice (rus_ kaz chars)

word list [random index]| = random letter

elif error type — 4:
if word len > 1:
random index = random.randint (0, word len — 2)
word list [random index|, word list|[random index + 1]

= word _list [random _index + 1|, word_list|[random _index|

elif error type = 5: # One character different
random index = random.randint (0, word len — 1)
random _letter = random.choice (rus_ kaz chars)
while random letter = word _list [random _index|:
random letter = random.choice (rus kaz chars)

word list [random index]| = random letter

elif error type — 6:
if random.random () < 0.5:
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random index = random.randint (0, word len)
random letter = random.choice (rus_ kaz chars)
word list.insert (random index, random letter)
else: # 50% chance to remove a letter
if word len > 1:
random index = random.randint (0, word len — 1)
del word list|[random index|
# Plus one letter different

random _index = random.randint (0, len(word list) — 1)
random letter = random.choice (rus kaz chars)
while random letter = word _list [random _index|:
random letter = random.choice (rus_ kaz chars)
word list [random index]| = random letter
elif error type — T7:

if word len > 1:

random index = random.randint (0, word len — 1)

if random.random() < 0.5:

if word list|random index| = word list|[random index — 1]:

del word_list|[random index|

else: # 50% chance to add a repeated character
word list.insert (random index, word list|[random index — 1])
# Plus one character different
random index = random.randint (0, len(word list) — 1)
random letter = random.choice (rus_ kaz chars)
while random letter = word list|[random index]:

random letter = random.choice (rus_ kaz chars)

word list [random index]| = random letter

elif error type — 8:
if word len > 2:
random index = random.randint (0, word len — 3)
word list [random index|, word list|[random index + 2]
= word _list [random _index + 2|, word_list|[random _index|
# Plus one character different
random index = random.randint (0, len(word list) — 1)
random letter = random.choice (rus_ kaz chars)
while random letter = word list [random index|:
random letter = random.choice (rus_ kaz chars)

word list [random index]| = random letter
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)

return '’ .join (word list)

Listing 5: Testing Edit Distance

def test autocorrect(utdata, vocab, probs, string):

tcount = 0
fcount = 0
rcount = 0

print ("Running_"+string+"_:_Basic_Auto—correct_system")
for k, v in utdata.items():
incorrect list = v.strip ().split ()
#print (incorrect list)
for w in incorrect list:
tcount = tcount + 1
cw = get correct word(w, vocab, probs, 25)
if cw—k:

#print ('correct’)

rcount = rcount + 1
else:

#print ("wrong ’)

fcount = fcount + 1

print ("Accuracy_:_{}_%".format ((rcount/tcount)*100))

Listing 6: N-gram based Appoach

def test autocorrect bigram min edit(
utdata ,
vocab ,
probs ,
string .

bigram count ):

tcount = 0
fcount = 0
rcount = 0

print ("Running_"+string+"_:_Bi—gram_Auto—correct _system")
for k, v in utdata.items():
incorrect list = v.strip ().split ()
#print (incorrect list)
for w in incorrect list:
tcount = tcount + 1

cw = get correct word bigram (w,
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'<s>’, probs, vocab, bigram counts, 0.3, 0.7, 25)
if cw—k:

#print ("correct’)

rcount = rcount + 1
else:

#print ("wrong ’)

fcount = fcount + 1

print ("Accuracy_:_{}_%".format ((rcount/tcount)*100))

Listing 7: Hybrid Approach
def test autocorrect bigram min edit(
utdata ,
vocab ,
probs
string .

bigram count ):

tcount = 0
fcount = 0
rcount = 0

print ("Running_"+string+"_:
—eooBi—gram_(min—edit )_Auto—correct _system'
)
for k, v in utdata.items():
incorrect list = v.strip ().split ()
#print (incorrect list)

for w in incorrect list:

tcount = tcount + 1
cw = get correct word bigram min edit(w, ’'<s>7,
probs, vocab, bigram counts, 0.3, 0.7, 25, 0.000001)
if cw—k:

#print ('correct’)

rcount = rcount + 1
else:

#print ("wrong )

fcount = fcount + 1

print ("Accuracy_:_{}_%".format ((rcount /tcount )*100))
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Appendix B

Listing 8: Creating LSTM Model
def lstm model(length ,unitl ,unit2 ,n):
import matplotlib.pyplot as plt
from tensorflow.keras.regularizers import 12
from tensorflow.keras.layers import LSTM, Activation ,
Dropout, Dense, Input,Embedding, Bidirectional
from tensorflow.keras.callbacks import ModelCheckpoint ,
ReduceLROnPlateau, LearningRateScheduler
from tensorflow.keras.models import Model, Sequential

from tensorflow.keras.optimizers import Adam

# Calling the encoding function to get

# the data of specified length and the wvocabulary
data_x,data_y,v,wti=encoding data(length)

print ("Data_Encoded")

print ("Data_x",data_x|[:5])

print ("Data y"  ,data_y|[:5])

print ("Vocab_Size" ,v)

# Preparing the model based on

# the inputs of wunitl ,unit2 and vocab values

model = Sequential ()

model . add (Embedding (v, length —1, input length=length —1))
model.add (Bidirectional (LSTM(unitl, return_sequences=True)))
model . add (LSTM( unit2))

model . add (Dropout (0.2))

model . add (Dense (50, activation="relu’))

model . add (Dense (v, activation:’softmax’))

print (model.summary () )

model . compile (
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loss="categorical crossentropy’,
optimizer=Adam(1r =0.001),
metrics=|’accuracy’, ’perplexity’|)
filepath="news lIstm len"+str (length)+".hdf5"
checkpoint = ModelCheckpoint (
filepath , monitor="loss ’,
verbose=1,
save best only=True,

mode="min ")
def scheduler (epoch):

if epoch < 60:
return 0.001
elif epoch < 100:
return 0.0005
else:
return 0.0001
Ir = LearningRateScheduler (scheduler)
callbacks list = [checkpoint , Ir|
history=model. fit (
data x, data y,
batch size=64,
epochs=n,
callbacks=callbacks list)
del data x,data_y,v,wti

Listing 9: Creating GRU Model
def gru model(length ;unitl ,unit2 ,n):
import matplotlib.pyplot as plt
from tensorflow.keras.regularizers import 12
from tensorflow.keras.layers import LSTM, Activation ,
Dropout, Dense, Input,Embedding, Bidirectional
from tensorflow.keras.callbacks import ModelCheckpoint ,
ReduceLROnPlateau, LearningRateScheduler
from tensorflow.keras.models import Model, Sequential
from tensorflow.keras.optimizers import Adam
from tensorflow.keras.layers import GRU

from tensorflow import keras

76



# Calling the encoding function to get the data
# of specified length and the vocabulary
data_x,data y,v,wti=encoding data(length)

print ("Data_Encoded")

print ("Data_x",data_x|[:5])

print ("Data y" ,data_y|[:5])

print ("Vocab_Size" ,v)

model = Sequential ()
model . add (Embedding (v, length —1, input length=length —1))
model . add (GRU(unitl , return_ sequences=True))
model . add (GRU(unit2))
model . add (Dropout (0.2))
model . add (Dense (50, activation="relu’))
model . add (Dense (v, activation:’softmax’))
print (model . summary () )
model . compile (
loss="categorical crossentropy’
optimizer=Adam(1r =0.001),
metrics=|’accuracy’, ’perplexity’|)
filepath="gru news len"+str (length)+".hdf5"
checkpoint = ModelCheckpoint (

)

filepath , monitor="loss ’,

verbose=1, save best only=True,

mode="min ")

def scheduler (epoch):
if epoch < 60:

return 0.001
elif epoch < 100:

return 0.0005
else:

return 0.0001
LearningRateScheduler (scheduler)
callbacks list = [checkpoint , Ir|
history=model. fit (data x, data y,

Ir

batch size=64, epochs=n,
callbacks=callbacks list)
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Listing 10: Exporting .mLModel

import coremltools import tensorflow as tf
# Load and compile the trained LSTM model
[stm model = tf.keras.models.

load model( ’trained Istm_model.h5")

Istm _model.compile (

loss= ’categorical_ crossentropy’,
optimizer=’adam’)

# Set the desired number of predictions to 3
num predictions = 3

[stm model.layers [—1]|.output shape = (None,
num predictions)

# Convert the model to Core ML format
coreml  model =

coremltools.converters. keras.convert (lstmmodel)
# Save the Core ML model

coreml model.save (’Istm next_. word prediction.mlImodel”)

78



	Declaration
	Acknowledgements
	Dedication
	Abstract
	Аңдатпа
	Аннотация
	Introduction
	Motivation and Background
	Problem Statement
	Aims and Objectives
	Thesis Outline

	Literature Review
	Relevant Studies on Word Prediction
	Relevant Studies on Auto-Correction

	Theoretical Background
	Machine Learning
	Supervised learning
	Unsupervised learning
	Reinforcement Learning

	Neural Networks
	Architecture of Artificial Neural Networks
	Architecture of Traditional Recurrent Neural Networks
	The Problem of Long-Term Dependencies


	Language Modeling Techniques for Word Prediction
	Long Short-Term Memory (LSTM)
	Gated Recurrent Units (GRU)
	Activation Functions
	Sigmoid Function
	Hyperbolic Tangent Function
	Rectified Linear Unit Function (ReLU)
	Softmax Function


	Classification of Methods for Error Detection and Correction
	Techniques for Error Detection
	Dictionary Lookup Technique
	N-Gram Analysis Technique

	Techniques for Error Correction
	Minimum Edit Distance Technique
	Similarity Key Technique
	Rule-Based Technique
	Neural Networks

	Error Types
	Edit Distance Algorithm
	Error Detection
	Word Suggestion Mechanism
	Probability Distribution
	Replace Misspells

	N-gram Model


	Implementation Tools and Frameworks
	Methodology
	Data
	Data Preprocessing
	Data Cleaning
	Tokenization


	Data Splitting
	Developing the Auto-correction Algorithm
	Edit Distance Approach
	N-gram Based Approach
	Hybrid Approach using Edit Distance and N-gram

	Building the Word Prediction Model
	LSTM
	GRU
	Optimization of Model Parameters

	Evaluation Methods
	Accuracy
	Perplexity
	Cross-Entropy
	Categorical cross entropy



	Experiments and Results
	Experimental setups
	Comparative Analysis
	Auto-correction
	Word Prediction


	System Design and Implementation
	Development Environment and Frameworks
	iOS Operating System
	Swift Programming Language
	Integration with CoreML and Xcode

	Kazakh-language Keyboard App

	Discussion and Conclusion
	Bibliography

