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Abstract 

The development and evaluation of question answering (QA) systems in specific 

languages present unique challenges, and the Kazakh language is no exception. 

In this study, we address these challenges by developing and evaluating Kazakh 

language-based QA systems using different deep learning (DL) models. Our ob- 

jective is to enhance the accuracy and effectiveness of QA in the Kazakh language. 

We conduct various experiments using translated datasets and implement differ- 

ent models, including BERT, LSTM baseline, and End-to-End Memory Networks 

(MemN2N). Through rigorous performance evaluation and comparative analy- 

sis, we identify the most suitable models for achieving high accuracy in Kazakh 

language-based QA tasks. It was observed that the MemN2N model achieved the 

best average accuracy among the three models implemented. This research con- 

tributes to the advancement of Kazakh language processing and aims to enhance 

the accessibility and usability of QA systems in the Kazakh language. 
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Anata 

Haktobl Tigepye cypaktapra Kayan Gepy 2xyiiecin (QA) asipmey 2xoHe Saratay 

Oipereit KUBIHAbIKTAapMeH YIUITAaca[bl, al Kasak Timi He epekilenik emec. By 3ept- 

Teyne 613 Oy KMbIHAbIKTapAbl TepeH OKbITYILIH OpTypsi yrinepi MeH azlicTepiv 

Taiiqaaa OTbIPbIN, Ka3ak Tisine Heri3gzenren QA oxyitenepin osipmey 2KaHe Oara- 

jlay apKbLIbt Wemtemi3. Bisqin MaKCaTbIMBI3-Ka3ak Titingeri QA yenyiri MeH THim- 

ninirid aprrpipy. Bis aygapbiiraH JepeKTep 2KMbIHTBIFbIMeH OpTypJi SKcIIepu- 

MeHTTep 2xyprisemi3 »xoHe BERT, LSTM baseline »xeHe End-to-end Memory 

Network (MemN2N) cuakTel epTypmi Mozenbyzepai eurizemis. OximainiktTi MyKu- 

atv Oarajlay 2XeHe CaJIbICTLIPMaJIbI Talay apKacbiiga 613 Kasak Tiningeri QA min- 

TeTTepiye 2KOFapbl DOJIKKe KOJI KeTKISY YUH HeFyp.IbIM KONaiIBI MOJebaep- 

mi aubiktaiimprs. MemN2N mogemi icke acbipbliraH YI MoxeIbTIn, iminge eH *aK- 

Chl opTallla Jo WikKe KOJI AeTKi3reni Oalikangb. by 3epTtey Ka3ak TiHZeri ye- 

pekTepai eryeyai WaMbiryra yilec Kocajibl Kone Ka3sak Tin Deri QA >xyitenepinin 

KOJDKeTIMIITi MeH Malifaahy BIHFaWIbVIbIFbIH APTTbIpyra OarbiTTasiraH.



AHHOTAaAIMA 

Pa3pa6orka UM OljeHKa CHCTeM OTBeTOB Ha Bompocb! (QA) Ha KOHKpeTHBIX A3bI- 

KaX COMPA2KeHbI C YHUKAJIBHBIMH TpoOeMaMH, HW Ka3aXCKHi ASbIK He ABJIAeTCA UC- 

KuIroveHHeM. B sTOM HcceqOBaHMM MBI pelliaeM STU TIpobsIeMbI IyTeM paspaooTKu 

Wi OWeHKM cucTem QA Ha, OCHOBe Ka:;3aXCKOLO ABbIKA C HCMOJIb3OBAHHEM Pa3JIHYHbIX 

mozenelt u MeTozOB rry6oKoro oby4enua. Hama tertb - MOBbICHTh TOUHOCTH U 3cb- 

cbexTuBHocTb QA Ha KasaxcKoM x3bIKe. MbI NpoBogMM pa3IM4Hble SKCIepUMeHTEI 

C MCIIOJIb30BaHHeM MepeBeeCHHbIX HAOOPOB JaHHbIX MU BHeJIPAeM pasJIMUHble Mole- 

ju, Bki104uad BERT, LSTM baseline u End-to-end Memory Network (MemN2N). 

Buarogzapa TiWaresbHO OLeHKe IpOUSBOAMTeCIbHOCTU MW CpaBHUTebHOMy aHaJiu- 

3y MBI OllpeseuiieM HanOoslee NOAXOALIMe MOMEIM 1H NOCTHKEHUA BbICOKOM TOU- 

HOCTH B 3ayjadax QA Ha Ka3axcKoM asbike. Bio 3aMeyeHo, YTO Mozenb MemN2N 

nocturia Havsyumelt cpeyueli TOHHOCTH Cpe Tpex peasIM30BaHHBIX Moserelt. 

ro uccneqoBaHve BHOCUT BKJIay, B pasBuTue OOpaooTKU JaHHbIX Ha Ka3aXCKOM 

#3bIKe M HallpaBsieHO Ha NOBbIWeHue JOcTymHOcTU wu yjOOcTBa UCHONb30BaHUA 

cuctem QA Ha Ka3aXCKOM A3bIKe. 
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Abbreviations 

BERT Bidirectional Encoder Representations from Transformers 

CNN Convolutional Neural Networks 

CSV Comma-Separated Values 

DL Deep Learning 

FFNN Feed-forward Neural Networks 

GPT Generative Pre-trained Transformer 

GRU Gated Recurrent Unit 

LSTM Long Short-Term Memory 

MemN2N End-to-End Memory Network 

ML Machine Learning 

MLM Masked Language Modeling 

MLP Multi-Layer Perceptron 

NLP Natural Language Processing 

NSP Next Sentence Prediction 

QA Question Answering 

RNN Recurrent Neural Network 
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Chapter 1 

Introduction 

1.1 Background and Motivation 

The development of question-answering (QA) systems based on deep learning 

(DL) has gained significant interest in the field of artificial intelligence (AI) in 

recent years. The present study focuses on Natural Language Processing (NLP) 

tasks that involve designing computer systems capable of comprehending and 

answering questions posed in natural language. The evolution of these systems 

can be attributed to the progress made in Data Mining (DM), Machine Learning 

(ML), and DL technologies. The increasing value of these advancements has been 

observed in various industries including education, business, and others. 

The success of deep learning techniques in the domain of natural language 

processing has opened up avenues for the advancement of QA systems that can 

furnish precise and dependable responses to intricate queries. The achievement 

of these systems is facilitated through the utilization of substantial quantities of 

structured and unstructured data for both training and output purposes. AI sys- 

tems possess the ability to process a wide range of question formats and interpret 

the intricacies of natural language, allowing them to furnish informative answers. 

As the field of AI progresses, it is anticipated that QA systems utilizing deep 

learning methodologies will undergo enhancements, resulting in increased sophis- 

tication and efficacy. The potential of these systems to transform human-machine



interaction and information accessibility lies in their ability to continuously learn 

from vast amounts of data. The aforementioned phenomenon presents novel 

prospects for enhancing diverse facets of our everyday existence. 

However, there is still a lack of available data and limited experience in train- 

ing and using these systems for different languages. Despite some efforts made 

to develop multilingual models. This issue is particularly evident for low-resource 

languages such as Kazakh, which has a rich linguistic heritage and unique fea- 

tures, grammar, and vocabulary. The complexity of the morphological structure 

of the Kazakh language requires sophisticated algorithms and techniques to ac- 

curately process its agglutinative nature and derivational morphology. Further- 

more, the limited availability of linguistic resources, such as annotated data and 

language tools, further exacerbates the challenges of developing NLP systems for 

the Kazakh language. Therefore the development of QA systems for the Kazakh 

language remains relatively limited compared to other widely spoken languages. 

Existing QA systems often rely on rule-based or statistical approaches, which 

may not fully capture the complexity and nuances of the Kazakh language. This 

creates a research gap that motivates the need for a DL-based approach to de- 

veloping a QA system that can accurately understand and process the Kazakh 

language. 

This work is motivated by a desire to contribute to the development of QA 

systems in the Kazakh language employing cutting-edge DL models. The pro- 

posed research will investigate the feasibility of DL models such as Long Short- 

Term Memory (LSTM), End-to-end Memory Networks (MemN2N), and BERT 

(Bidirectional Encoder Representations from Transformers) for implementing an 

effective and precise QA system for the Kazakh language. This study aims to fill 

a gap in the existing literature and shed light on the application of advanced NLP 

techniques to Kazakh language processing by leveraging the power of DL. 

In summary, the background and motivation for this study highlight the limited 

development of QA systems for the Kazakh language and the need for advanced 

DL-based approaches. Motivation is based on the importance of promoting the 

Kazakh language in the digital era and the possibility of practical applications.



In addition, this research can contribute to the preservation and popularization 

of the Kazakh language, thereby fostering its modernization. 

1.2 Aims and Objectives 

The aim of this study is to create a proficient and precise QA system for the 

Kazakh language by utilizing DL techniques. The objective of this study is 

to leverage the capabilities of deep neural networks to tackle the unique chal- 

lenges posed by the agglutinative nature and complex derivational structure of 

the Kazakh language. This study seeks to enhance the development of NLP for 

Kazakh by investigating and modifying cutting-edge techniques. 

The specific objectives of the study are: 

e Developing a QA system for the Kazakh language using DL models; 

e Implementing and evaluating the performance of three DL models: LSTM- 

baseline, MemN2N, and BERT, for QA on Kazakh language datasets; 

e Comparing the performance of the models based on accuracy and F1 score 

on the different Kazakh language datasets; 

e Providing insights into the effectiveness of DL models for Kazakh language 

QA systems. 

This thesis will concentrate on the design and implementation of a Kazakh language- 

specific DL-based QA system in order to achieve these research objectives. This’ 

system’s performance will be evaluated on diverse datasets, and its capabilities 

will be analyzed in depth. 

1.3 Thesis Outline 

The rest of this thesis is organized as follows: 

e Chapter 2 provides a comprehensive literature review on QA systems, DL, 

techniques for NLP and QA systems, and existing Kazakh language-based 

QA systems.



e Chapter 3 presents the methodology employed in this research, including 

data collection and pre-processing, DL model selection, architecture, train- 

ing, and evaluation. 

e Chapter 4 presents the experimental results of the proposed system, includ- 

ing comparative analysis, and discussion of results. 

e Chapter 5 discusses the findings and implications of our study, highlights 

key insights gained from the experiments, and provides a summary of the 

research findings, contributions to the field, and future research directions.



Chapter 2 

Literature Review 

2.1 Overview of Natural Language Processing and 

Question Answering 

In today’s era of digitalization, NLP and QA have become increasingly important 

due to the large amounts of data being generated, particularly in the form of 

user-generated content on social media platforms such as posts, comments, and 

messages. This data can be analyzed using NLP techniques to extract insights like 

sentiment analysis and topic modeling that can help organizations make better 

decisions and improve consumer experiences. 

NLP is a branch of AI that focuses on how computers and human language may 

interact naturally. It makes it possible for computers to understand, perceive, and 

produce human language in a way that is meaningful to people. NLP has several 

applications in a variety of fields, such as sentiment analysis, speech recognition, 

and QA systems. This dynamic and rapidly developing field is pushing the limits 

of artificial intelligence by making significant progress toward enabling computers 

to interact with human language properly. 

QA is a crucial NLP application that enables machines to find accurate an- 

swers to natural language questions asked by humans. It involves interpreting 

the question’s significance and producing a precise response. Real-world applica- 

tions for QA systems include customer service, online information retrieval, and 

5



educational tools. 

QA systems can be broadly classified into two categories based on the domain 

[1]: 

e Open-domain QA systems: These systems are designed to answer ques- 

tions on any topic, regardless of the domain. They typically use large-scale 

knowledge bases and advanced information retrieval techniques To find rel- 

evant information for a given question. Open-domain QA systems are often 

used for general information-seeking tasks and are typically more challeng- 

ing to develop compared to closed-domain systems. 

e Closed-domain QA systems: These systems are designed to answer 

questions within a specific domain, such as medicine, law, or finance. They 

are typically easier to develop than open-domain systems because the scope 

of the questions and the domain-specific knowledge required is more limited. 

Closed-domain QA systems can be more accurate than open-domain sys- 

tems because they can leverage specialized knowledge and language specific 

to the domain. 

QA systems can also be classified based on the type of questions they can 

answer [1]: 

e Factoid systems are designed to answer questions with a single, objective 

answer, such as "What is the capital of France?" or "What is the boiling 

point of water?". 

e Non-factoid systems, on the other hand, are designed to answer ques- 

tions that require more complex, subjective answers, such as "What is the 

meaning of life?" or "What is your opinion on climate change?". 

Developing QA systems is a challenging task, as it requires addressing a number 

of key challenges. One major challenge is handling natural language ambiguity. 

As a single question can have multiple possible interpretations. Another challenge 

is dealing with the large amount of information available. Since QA systems must 

be able to efficiently search and analyze large amounts of data. Furthermore, the 

accuracy and reliability of QA systems can be affected by biases in the data or 

6



algorithms used to develop the system. 

QA systems have the potential to revolutionize the way people interact with in- 

formation and improve efficiency in a variety of applications. However, developing 

accurate and reliable QA systems requires addressing a number of key challenges 

and incorporating advanced NLP techniques. 

2.2 Deep learning techniques and their applica- 

tion in NLP and QA 

Deep learning is a subset of machine learning in which artificial neural networks 

are used to learn and predict data (Figure 2.1). It excels in processing large 

amounts of complex data with high-dimensional features. In DL, multiple layers 

of interconnected nodes, referred to as artificial neurons, are employed to extract 

meaningful features from the data and make predictions based on those features 

[2]. By leveraging these hierarchical representations, DL models have demon- 

strated remarkable success in capturing intricate patterns and relationships within 

diverse datasets. 

Al 

@ Artificial Intelligence 

@Machine Learning 

@deep Leaming 

@Natural Language Processing 

Figure 2.1: NLP is a branch of AI and uses ML/DL techniques [3]. 

One of the key differences between traditional ML and DL is the level of abstrac- 

tion in feature engineering. Feature engineering is a crucial and time-consuming 

ij



step in traditional machine learning that requires a domain expert to manually 

extract and engineer the relevant features from the data. On the other hand, 

DL can automatically learn features from raw data, allowing it to handle a wider 

range of tasks without requiring as much domain expertise. 

DL models have had a significant impact on the field of NLP. Particularly 

neural networks have shown enormous promise in improving the precision and 

effectiveness of various NLP tasks. This section will discuss the DL models that 

are applied in NLP. 

2.2.1 Deep learning in NLP 

Multi-layer Perceptron (MLP) 

The Multi-layer Perceptron (MLP) is a type of artificial neural network model 

that is composed of interconnected perceptrons arranged in multiple layers [4]. 

The perceptron model involves the computation of a weighted sum of input values, 

which is then passed through an activation function to produce an output. The 

inception of the model can be traced back to the late 1950s and early 1960s, when 

a group of researchers, namely Frank Rosenblatt, Bernard Widrow, and Arthur 

Samuel introduced the model [5, 6, 7]. The model was limited in its adoption 

prior to the 1980s due to computational constraints [4]. The development of 

the backpropagation algorithm enabled the training of this model and led to its 

increased usage. The model has gained significant popularity and utility in the 

field of machine learning. It is employed for various purposes, including but not 

limited to image recognition, speech recognition, and NLP. 

The model’s fundamental architecture comprises of an initial layer for input, 

one or more hidden layers for processing, and a final layer for output (Figure 

2.2). The composition of each layer involves the integration of numerous neurons 

that execute a weighted summation of the inputs, succeeded by a non-linear ac- 

tivation function. During the training process, the connections between neurons 

are modified through backpropagation. This technique involves calculating the 

gradient of the error in relation to each weight and subsequently adjusting them 

using gradient descent. The model exhibits a notable advantage in its capacity to 

8



acquire intricate non-linear associations between inputs and outputs, rendering it 

appropriate for tasks that are not readily solvable using linear models. 

Hidden layers 

Figure 2.2: Multilayer Perceptron with two hidden layers [8]. 

Some of the applications of MLPs in NLP include language modeling, sentiment 

analysis, named entity recognition, and machine translation. 

Convolutional Neural Networks (CNN) 

The Convolutional Neural Network (CNN) model was initially developed by 

Yann LeCun and his team in the 1980s to address image recognition tasks [9]. 

The contemporary convolutional neural networks (CNNs) that are currently uti- 

lized, comprising of layered convolutional, pooling, and fully connected compo- 

nents (Figure 2.3), were formulated during the period of the late 1990s and early 

2000s. The utilization of CNNs for image recognition tasks has gained popularity, 

particularly due to the significant contribution of Krizhevsky et al. in 2012 [10]. 

Their work on winning the ImageNet Large Scale Visual Recognition Challenge 

using CNNs is considered a breakthrough in this field. Since then, CNNs have 

been widely employed in various computer vision and image processing tasks. 

Furthermore, CNNs have been found to be effective in multiple natural lan- 

euage processing (NLP) tasks, such as sentence classification. The CNN applies 

convolutional filters to a matrix of word embeddings, with the aim of capturing 

localized features within the sentence. Following the generation of feature maps, 

9
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Figure 2.3: Basic CNN Architecture [11]. 

a max-pooling process is applied to obtain a feature vector of a predetermined 

length. The vector obtained is subsequently inputted into a fully connected layer 

to perform the classification task. The technique was first introduced by Yoon 

Kim in 2014 [12]. 

CNNs have demonstrated successful application in various NLP tasks, includ- 

ing named entity recognition and language modeling. According to previous stud- 

ies [13], CNNs have demonstrated their efficacy in recognizing and categorizing 

particular entities in text for named entity recognition. According to another 

study [14], CNNs have exhibited potential in language modeling assignments by 

proficiently capturing contextual information and generating consistent language 

models. 

The significance of CNNs is increasing among NLP researchers and practition- 

ers. This is attributed to their capability of analyzing vast amounts of textual 

data. As the field of NLP progresses, it is probable that there will be further 

advancements in the application of CNNs for NLP tasks. 

Recurrent Neural Networks (RNN) 

A Recurrent Neural Network (RNN) is a specialized type of neural network 

that incorporates the ability to retain information from previous states of neurons. 

This unique characteristic allows RNNs to capture and utilize context information, 

making them particularly suitable for processing sequential data [15]. RNNs have 

eained significant prominence in the field of NLP and are extensively used in 

diverse tasks such as machine translation, speech recognition, text. generation, 

and image captioning [16, 17, 18]. 

10



Unlike traditional Feed-forward Neural Networks (FFNN), RNNs have network 

loops that allow information to persist (Figure 2.4). This loop allows the network 

to store information about previous inputs, which can be used to inform sub- 

sequent outputs [19]. This makes RNNs particularly useful for sequential data, 

such as time series or language data, where the context of previous data points is 

crucial. 
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Figure 2.4: Comparison of RNN (a) and FFNN (b) [19]. 

This concept was introduced in 1982 by John Hopfield [20], and it was one of 

the earliest and most influential RNNs. It was named after him and has been 

widely used in various applications such as optimization, associative memory, and 

pattern recognition. And the first modern RNN was introduced in 1990, by Jeffrey 

Elman, also known as a simple recurrent neural network (SRNN) [21]. However, 

the first successful implementation of RNNs for NLP tasks is credited to the work 

of Hochreiter and Schmidhuber in 1997, where they introduced the Long Short- 

Term Memory (LSTM) [22] architecture, which addressed the vanishing gradient 

problem that faced earlier RNN models. 

Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is a type of RNN [22] that solves the van- 

ishing gradient issue commonly encountered by conventional RNNs. This issue 

arises when errors are propagated backward through lengthy sequences, resulting 

in suboptimal performance in earlier layers. LSTM solves this issue by introduc- 

ing a memory cell that can selectively retain or discard information at each time 

11



step, with the assistance of three gates: the input, forget, and output gates [22]. 

The input gate determines how much new data is permitted to enter the mem- 

ory cell. The forget gate regulates the retention or deletion of existing information 

in the memory cell. The output gate controls the output from the memory cell 

to the remainder of the network. The LSTM architecture is given in Figure 2.5. 

LSTM excels at processing sequential data as a result of its ability to selectively 

retain or discard information over long sequences. In addition, it has been ex- 

tensively utilized in numerous NLP applications, such as language modeling, ma- 

chine translation, sentiment analysis, and QA tasks. However, despite its success, 

LSTM is not without limitations. For practical applications, the high computa- 

tional cost of training large-scale LSTM models can be a challenge. Nevertheless, 

with ongoing research and advances in hardware technology, LSTM remains a 

powerful tool for processing sequential data and has created new opportunities in 

NLP and other fields. 
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Figure 2.5: LSTM architecture [23]. 

Transformers 

Transformer is a sort of neural network architecture, which was introduced by 

Vaswani et al [24] in 2017. Due to its capacity to deal with long-range dependen- 

cies and process input sequences in parallel, it has become a popular approach 

for NLP tasks. 

Transformers, unlike traditional RNNs and LSTMs, do not employ recurrent 

connections. Instead, they use self-attention mechanisms to calculate contextual 

12



representations for each element in the input sequence based on the relationship 

between all elements. This allows Transformers to capture complex relationships 

between dispersed elements in a sequence, which is crucial for NLP tasks. They 

have been utilized in numerous applications, such as language modeling, machine 

translation, speech recognition, and QA. The flexibility and power of Transformers 

make them a valuable tool for a wide range of NLP applications. The Figure 2.6 

presents the Transformer architecture. 

Output 

Probabilities 

Linear 

Feed 

Forward 

Add & Norm Add & Norm 

Feed Multi-Head 
ask Attention Nx 

Forward 

Nx Add & Non 
Add & Norm 

: Masked 
Multt-Head Multi-Head 

Attention Attention 

Positional Positional 
—_—e 

encoding encoding 
. + — 

Input Output 

Embedding Embedding 

Inputs Outputs 

(shifted right) 

Figure 2.6: The transformer architecture from [24]. 

Summary 

In summary, DL has had a transformative effect on the field of NLP by provid- 

ing numerous advantages over traditional machine learning techniques. Firstly, 

DL models, particularly neural networks, can automatically extract complex fea- 

tures and patterns from raw input data, thereby eliminating the need for manual 

feature engineering. Secondly, DL models demonstrate a remarkable capacity to 

process vast quantities of data, which enables the development of more accu- 

rate and trustworthy models. Thirdly, DL models excel at processing sequential 

data, making them ideally suited for NLP tasks involving textual data. More- 

over, DL models can be easily adapted to new tasks with minimal modifications 

13



to the underlying architecture. Finally, DL models have demonstrated impres- 

sive performance on a variety of NLP tasks, such as sentiment analysis, machine 

translation, and QA. In general, the incorporation of DL into NLP has paved the 

way for significant advancements in this field, enabling the development of more 

precise and effective language models and applications. 

2.2.2 Deep learning-based QA systems 

For many years, QA systems have been a focus of active research, and the advent 

of deep learning neural networks has resulted in significant advancements in these 

systems. DL models have transformed the field by allowing QA systems to handle 

large amounts of data efficiently and provide precise answers in natural language 

[25]. This section provides a review of the literature on the use of DL techniques 

for developing QA systems, providing insights into the progress made in this field. 

LSTM-based models 

As previously stated, LSTM is a type of RNN that has shown promising results 

in NLP tasks such as QA systems. Here are some LSTM-based models that have 

been used for QA: 

e Dynamic Coattention Networks (DCN) [26] is a state-of-the-art model 

for machine comprehension tasks such as QA. It uses bidirectional LSTMs 

for modeling the context and question and a coattention mechanisin to fuse 

information from both sources. 

e Match-LSTM [27] is a model for text-matching tasks that can be used for 

QA. It uses two LSTMs to model the context and question, and a matching 

mechanism to align and compare the two sequences. 

e LSTM-QA [28] is a model for QA that uses LSTMs to encode the context 

and question and a multi-step attention mechanism to extract the answer. 

e Attentive Reader [29] is a model for machine comprehension tasks, includ- 

ing QA. It uses a single LSTM to encode the context and another LSTM 

to encode the question. The coattention mechanism is used to obtain a 
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question-aware representation of the context, and an answer pointer net- 

work is used to select the answer span. 

e BiDAF (Bidirectional Attention Flow) [30] is a state-of-the-art model 

for machine comprehension tasks, including QA. It uses a bidirectional 

LSTM for encoding the context and another bidirectional LSTM for encod- 

ing the question. A self-attention mechanism and a coattention mechanism 

are used to obtain a question-aware representation of the context, and an 

answer pointer network is used to extract the answer span. 

In summary, the LSTM-based models produced promising results in QA tasks, 

particularly when tested on the SQuAD dataset. These models can detect long- 

term dependencies in textual data and effectively process input sequences of vary- 

ing lengths. 

Memory Networks 

Although LSTM-based networks have made significant advances in NLP by 

addressing the issue of vanishing gradients and allowing the network to maintain 

long-term dependencies, the memory concept used in LST'M remains relatively 

short-term.This has led to the development of models that provide relatively long- 

term memory, allowing the network to better capture and remember important 

information. 

One such example is the Memory Networks, which was introduced in 2014 by 

researchers at Facebook [31]. They have a structure that allows them to store 

and retrieve data from an external memory component, also known as working 

memory or short-term memory. This memory component can be updated with 

new information at each time step, and the network can use this information to 

iake predictions or answer questions. 

Memory Networks can use a distinct mode architecture where information js 

stored in memory slots that can be dynamically updated based on model inputs 

and outputs. This design enables better handling of long-term dependencies and 

more efficient utilization of memory. These networks have been effectively applied 

to a variety of NLP applications, including QA, machine translation, and dialogue



systems. They have shown particular promise in tasks that require complex rea- 

soning and inference over multiple pieces of information. 

Some notable examples of Memory Networks for QA: 

e End-To-End Memory Networks (MemN2N) [32] are one of the earli- 

est Memory Networks proposed for QA. It uses an external memory matrix 

to store information and an attention mechanism to retrieve relevant infor- 

mation based on the input query. 

e Dynamic Memory Networks (DMN) [33, 34] extend the Memory Net- 

work architecture by introducing an RNN to dynamically update the ex- 

ternal memory matrix based on the input query. This allows the model to 

better adapt to new inputs and improve its accuracy. 

e Key-Value Memory Networks (KV-MemNNs) [35] introduce the 

concept of key-value meimory, where each memory element is associated 

with a key and a value. This allows the model to better handle complex 

inputs and retrieve relevant information more efficiently. 

Overall, Memory Networks have shown significant potential for enhancing the 

performance of QA systems by enabling efficient storage and retrieval of relevant 

information from long-term memory. 

Transformer-based models 

Transformer-based models have become increasingly popular in NLP due to 

their ability to achieve state-of-the-art performance on many NLP tasks. They 

have largely replaced traditional RNN models like LSTM. Unlike RNNs, which 

process input sequences sequentially, Transformers can process the entire sequence 

in parallel. This enables them to capture long-range dependencies more effectively 

and make better use of context information. 

BERT (Bidirectional Encoder Representations from Transformers) and GPT 

(Generative Pre-trained Transformer) are among the most renowned and exten- 

sively employed Transformer-based models in the field of NLP. 

BERT is a pre-trained language model introduced by Google in 2018 [36] that 

16



can be fine-tuned for different downstream NLP applications such as sentiment 

analysis, QA, and NER. BERT is pre-trained on a large corpus of unannotated 

text using a masked language modeling (MLM) aim and is built on the Trans- 

former architecture. During pre-training, random words in the input sequence are 

masked, and the model is tasked with guessing the correct phrase based on the 

surrounding context. Furthermore, BERT uses a next sentence prediction (NSP) 

task, which involves training the model to predict whether or not two phrases in 

the original text are consecutive. 

OpenAl introduced GPT in 2018 as a generative language model |37] trained 

to predict the subsequent word in a sequence based on the preceding words. 

Like BERT, GPT is built upon the Transformer architecture and undergoes pre- 

training on a vast text corpus using a language modeling (LM) objective. GPT 

has been trained on several large datasets, including CommonCrawl (a web text 

dataset) and various book corpora, and has showcased impressive performance 

across multiple NLP tasks, including language modeling, machine translation, 

and QA. 

Both BERT and GPT have gained extensive usage and adaptation across di- 

verse NLP tasks, resulting in the development of numerous variations and exten- 

sions. BERT, for example, has inspired models such as ROBERTa [38], ALBERT 

[39], and ELECTRA [40], which have further improved upon BERT’s perfor- 

mance on various tasks. Similarly, GPT has served as a foundation for models 

like GPT-2 [41] and GPT-3 [42], which have significantly expanded the scope and 

performance of generative language models. 

2.3 Agglutinative Languages and QA 

In agglutinative languages, morphemes are combined to form words. These mor- 

phemes have a consistent meaning and are added to create new words in a sys- 

tematic manner, frequently resulting in long and complex words. These languages 

belong to a variety of language families, including Uralic, Altaic, Dravidian, and 

the majority of Native American languages. Examples of agglutinative languages 

include Kazakh, Turkish, Finnish, Mongolian, and Malayalam, as well as a num- 
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ber of American indigenous languages. Due to their rich morphology and complex 

word formation rules, they pose unique challenges for NLP tasks such as QA. How- 

ever, numerous attempts have been made to develop QA systems for agglutinative 

languages cite [25]. 

The QA system for the Turkish language, which is an example of an agglu- 

tinative language, is one such instance. In a 2021 study conducted by Turkish 

researchers [43], a QA system was developed using advanced AI algorithms and 

extensive datasets, with a focus on the BERT algorithm. This system incorpo- 

rated language models and a mechanism for fine-tuning machine reading in QA 

tasks, with a focus on banking-related documents. Using both original and trans- 

lated datasets, the research team conducted a series of experiments to address the 

complexities resulting from Turkish’s complicated morphology. 

Another example is the QA system developed specifically for the Malayalam 

language, which is also classified as an agglutinative language. In this regard, re- 

searchers proposed a deep learning-based QA system [44] tailored for Malayalam. 

The system incorporates various models, including LSTM, Gated Recurrent Unit 

(GRU), and Memory Network models. To evaluate its performance, the system 

underwent training and testing using the Facebook bAbI dataset [45], which en- 

compasses 20 tasks involving questions with multiple supporting facts, inductive 

and deductive reasoning, coreference, and more. The results demonstrated that 

among the three implemented models, the Memory Network model exhibited the 

highest average accuracy (80%) in retrieving precise answers in the Malayalam 

language. 

Furthermore, Mongolian researchers have introduced a novel approach to Mon- 

golian QA in the form of the Interactive Mongolian Question Answer Matching 

Model (IMQAMM) [46]. This model employs an attention mechanism and js 

comprised of two essential clements: interactive information enhancement and 

max-mean pooling matching. Using sequence enhancement and multi-cast. at- 

tention, the interactive information enhancement generates scalar features via 

multiple attention mechanisms. In order to improve the learning of semantic fea- 

tures, Mongolian morpheme representation is incorporated into the model, The 

IMQAMM model was evaluated using a corpus of question-answer pairs from 
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the legal domain in Mongolian. The experimental results demonstrate that the 

IMQAMM model performs significantly better than the baseline models. 

2.3.1 Previous Works on Kazakh Language Processing and 

QA 

Limited research has been conducted on QA systems specifically for the Kazakh 

language, which is characterized by its agglutinative nature, complex derivational 

structure, and rich morphology. However, researchers have made efforts to de- 

velop Kazakh language models for other NLP tasks, such as sentiment analysis 

and text classification. For instance, in one study [47], a Kazakh text classifica- 

tion system was proposed utilizing CNNs. Similarly, another study [48] focused 

on creating a character-based language model for Kazakh using Deep Neural Net- 

works, specifically the LSTM model, to generate contextually correct words. The 

model was trained on Kazakh-language texts to ensure accuracy. 

In a different study [49], a multi-task learning model named MTQU (Multi- 

Task Query Understanding) was introduced, incorporating: DL techniques and 

leveraging unique features of the Kazakh language. MTQU aimed to establish 

connections between tasks such as question categorization and NER. Notably, 

the model incorporated a multi-feature input layer, which proved beneficial for 

training performance. Experimental results demonstrated the effectiveness of the 

MTQU model in enhancing question classification and NER. However, further 

research is needed to address the specific challenges posed by the Kazakh language 

in the context of QA systems. 

While DL neural networks have demonstrated significant potential in the de- 

velopment of QA systems, several challenges remain to be tackled. One of these 

challenges pertains to the availability of annotated datasets for training and eval- 

uating these systems. Furthermore, the interpretability of these models is a chal- 

lenge because understanding the reasoning behind the model’s replies can be 

difficult. Moreover, agglutinative languages provide distinct obstacles in NLP. 

pushing researchers to investigate language-specific models for tackling these is- 

sues. Despite these challenges and the lack of research on QA systems in Kazakh, 
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the potential of using DL techniques to QA in natural language has promise for 

future study [25]. Therefore, this work concentrates on the development of QA 

systems for the Kazakh language, using DL approaches as a means to overcome 

these challenges.



Chapter 3 

Methodology 

3.1 Data Description 

The study utilized a set of six QA tasks from the bAbI benchmark dataset [45] to 

assess the efficacy of the implemented models, as demonstrated in Table 3.1. The 

dataset is available in two languages: English and Hindi. It has also been trans- 

lated into various languages, such as Chinese, Malayalam, and Indonesian, which 

enhances its usefulness as a research tool for investigating language comprehension 

across diverse settings. 

The dataset comprises a set of unique question-answering tasks. The purpose 

of each assessment is to evaluate a specific aspect of language comprehension and 

reasoning. The assignments are supplemented with a set of fabricated narratives, 

which are concise depictions of occurrences. The structure of each story is com- 

posed of a series of statements that depict the events that unfold throughout the 

narrative. 

The dataset was translated into Kazakh and saved as CSV files. Each dataset 

consists of three columns: 

e Story (S) is a column that represents a statement containing the relevant 

facts regarding the given situation or context. 

e Question (Q) isa column that represents the question related to the story’s 
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information. 

e Answer (A) is a column indicating the correct. and accurate response to 

the question posed. 

The datasets were subjected to a comprehensive analysis to verify their relia- 

bility and validity. The analysis involved checking for any instances of duplicate 

samples and assessing the quality of the data to ensure that it was unbiased and 

precise. The data was cleaned and prepared by removing duplicates, filling in 

missing values, and correcting any errors and inconsistencies. The data distribu- 

tion was assessed to ensure its appropriateness and balance for the research. 

Dataset 1: Single Supporting Fact 

Mapu 2kybinaTbln 6etmMere Oapzbt. 

JI>KOH JOJ3re IIbIKTHI. 

Mopn Kencere OapJbt. 

Mop Kaiijja? 2K: Kerce 

Dataset 2: Two Supporting Facts 

J>kon olfbin avlarHbiia. 

Jbxou dyr6om 706bIH KeTepdi. 

Bo6 ac yiire 6apyipt. 

Pyt6on 7oOObI Kaiiza? 2K: offBIH ananl 

Dataset 3: Yes/No Questions 
T2Kou olibid anaHblna OeT aiJ[bl. 
Jlatvosib *KybIHATbIH GeMere OapjIEl. 

J}>KOH famisre OpaJTbl. 

Thon offpin asarbtHjta Ma? 21k: KOK 

Dataset 4: Counting. 

Aauusib dyT6on ToOLIH KeTepdi. 

Hanusnb byron AOKI TacTazBt. 

Hanah CyT akesi. 

JlaHvasb aJIMaHDbl aJlibl. 

Jlannenjyin, KomBIHa Kana 3aT Gap? 
2K: eKi 

Dataset 5: Lists/Sets 

Tlanwaib cbyT6on OObIH KeTepedii. 

Tanvemb Kara3qpl TacTai pl. 

TanugiAb CYT aJtazEl. 

JI2koH asIMaHbI! aJIJIBI. 

Tlanvestnin, KombtTza He Gap? 2IK-cyr, 

cby TOOL 

Dataset 6: Agent’s Motivations 

J>Kon allipnkKan. 

Jaxon ac ylire Oapasnt. 

JIoKOH asIMaHbI YcTalt asibt. 

HaHusJib allibikKaH. 

Alanon Katia Gapanptr? 2K: ac yti 

Hesixtren JbKon ac yiire Oapapr? 

7K: alibikKall 

Table 3.1: Examples of each Dataset. 

3.2 Preprocessing 

The preprocessing of data is a crucial step in NLP and ML operations. The 

process invol 
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organized format that can be effectively utilized by various models. This section 

outlines the preparation methods employed for the dataset in our research. 

The significance of data preprocessing is well-established due to various reasons: 

e Enhancing data quality. Unprocessed data are frequently insufficient, 

noisy, or inconsistent. Data preprocessing assists in addressing these issues 

and enhancing data quality. 

e Error reduction. Data preprocessing identifies and corrects data errors 

such as missing values, outliers, and incorrect data types. 

e Improving model accuracy and performance. Preprocessing data can 

improve the accuracy and performance of models. Scaling or normalizing 

data, for instance, can help improve model convergence and decrease over- 

fitting. 

e Saving time and resources. By preparing the data beforehand, ML 

and DL algorithms can process the data more efficiently, saving time and 

resources. 

In this step, we used several techniques, including converting to lowercase, 

removing punctuation, stemming, and tokenization. Each technique is employed 

to address specific data issues and make the data more manageable. 

Data Cleaning 

This methodology incorporates the identification and handling of missing val- 

ues, duplication, and data errors. The utilization of a clean dataset serves as a 

robust foundation for subsequent data analysis, modeling, and downstream NLP 

operations, leading to outcomes that are more precise and dependable. The data. 

cleaning steps undertaken for the dataset were as follows: 

e The dataset was thoroughly examined for duplicate samples and subse- 

quently removed to prevent overfitting and enhance the models’ perfor- 

mances. 

e Missing values were filled in the dataset. The dataset was checked for any 

instances of missing values, and the gaps were subsequently filled with ap- 
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propriate values. 

e The text data in the datasets underwent a conversion to lowercase to main- 

tain uniformity in the word representation. 

e Punctuation marks were removed from the text data to reduce noise and 

simplify the data. 

Through the rigorous implementation of data-cleaning procedures, the dataset 

was refined and deemed reliable for subsequent analysis and modeling. 

Stemming 

The process of stemming is a crucial step in converting words to their fun- 

damental or foundational form, which results in a more cohesive and consistent 

representation. The Kazakh text was subjected to the stemming method using 

the KazNLP toolkit [50]. This process involved reducing words to their basic 

form, which helped to reduce the total number of unique words present in the 

dataset. 

The decrease in the number of distinct terms had a clear influence on the 

lexicon employed in our analyses. The study found that the models utilized 

were capable of analyzing the given text input and extracting significant patterns 

using a reduced vocabulary. The reduction of input dimensionality in models 

has resulted in improved computational efficiency and reduced learning process 

complexity. 

Here is an example of using stemming: 

Before stemming: ‘akan aJIManbl ac ylire TacTaJIbr’. 

After stemming: ‘asmxan amma ac yit Tacra’ 

By incorporating stemming into our preprocessing pipeline, we were able to at- 

tain a more condensed representation of the Kazakh text. As a result, the perfor- 

mance of our models in downstream tasks was enhanced. The employed technique 

proved to be a valuable approach in achieving uniformity in word structures and 
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enabling enhanced analysis of the dataset. 

Tokenization 

To prepare the textual data for feeding into the models, we performed tokeniza- 

tion which is a process of segmenting text into meaningful units known as tokens. 

Tokenization enables us to break down the textual data into individual words or 

subwords, which can be analyzed and processed by the models. In other words, 

the tokenizer method helped us to convert the raw text data into numerical data 

that can be fed into the deep learning models. 

> ¢ Tokenization process: |‘asKan’, ‘amma’, ‘ ac’, ’, ‘racta’|. 

3.3. Feature Extraction and Representation 

Converting text data into a format that can be processed by computer systems 

poses a fundamental challenge when applying analytical tools. As computers 

primarily operate on numerical data, it becomes necessary to transform the text 

into a numerical representation. 

In the context of training and evaluating our deep learning-based QA systems, 

we conducted feature extraction and representation of the textual data. Feature 

extraction involves transforming the raw textual data into numerical features that | 

can be effectively processed by the models. The subsequent representation step 

focuses on encoding these extracted features into a suitable format that allows 

the models to learn and make predictions. One widely used way to address this 

problem is to express words as vectors, which have a meaningful interpretation 

and can be used efficiently across multiple tasks. [51]. 

LSTM baseline and MemN2N 

For our LSTM baseline and MemN2N models, we implemented a Vectorize 

function. This function facilitates the transformation of stories, questions, and 

answers into numerical sequences of equal lengths. Initially, we determined the 

maximum length for both stories and questions. Then, we systematically pro- 

cessed each story, question, and answer in the dataset by converting the raw 
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words into their corresponding numerical values. To ensure uniformity in the 

input data, we employed sequence padding techniques, which involved adding ap- 

propriate tokens or zero values to align the sequences with the maximum length 

determined earlier [25]. 

Finally, the preprocessed data was organized into a tuple, encompassing the vec- 

torized representations of stories and questions as padded sequences, and one-hot 

encoding representations of answers (S, Q, A). This tuple encapsulated the numer- 

ical representations of the stories, questions, and answers. The pad_ sequence rep- 

resented the padded sequences of stories and questions, ensuring uniform length 

for input data across examples. On the other hand, the one-hot encoding scheme 

was employed to represent the categorical answers, converting them into binary 

vectors with a value of 1 for the correct answer and 0 for the incorrect ones. See 

Figure 3.1. 

These transformed representations served as the input to our LSTM baseline 

and End-to-End Memory Network models, enabling them to effectively learn and 

make accurate predictions in the Kazakh language-based QA tasks. 

J]KOn f1oni3re MibIKTDL. 

Text Mopr akyninarpnt Gommere Gapaut. 

Jbkow’, *sonisre’, “WbtKTEI, 

Tokens | -Mopi’, oxKyomarton’, “Germere’. “Gaps” am3 aga 6akua Kerce 
i ) p. 

5 ‘ ‘ Ao3 ——— 
Word | ‘Jixon':], “namiare’:2. “unpre :3. “Mopa's4, I 0 () 0 

index | “avetnaTHH’:5, “Goumere’:6, “Gapan’:7 
inate is . wIMi ———+| 9) | 0 0 

= 
Sequence [1.2.3]. 6axta ——__| 

[4, 5, 6. 7.]] 0 0 l 0 

Padded | {[0. 1.2. 3}. Spee Se () 0 | 
sequence | [4, 5. 6, 7,]] 

a b 

Figure 3.1: Examples of Padded Sequence (a) and One-hot Encoding (b). 

BERT 

By using tokenizer. batch_encode_plus [52| and Dataset.from_tensor_ slices 

[53] together, the input data is tokenized, encoded, and formatted into Tensor- 
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Flow datasets suitable for training the BERT model. Here’s an overview of the 

input encoding steps: 

e Tokenization: 

~ The input text is split into individual tokens using the tokenizer. 

— Additional tokens are included in the sequence to provide special func- 
tionalities. For instance, the [CLS] token marks the beginning of the 

sequence, while the [SEP] token is used to distinguish between sen- 
tences. 

e Token to ID Conversion: 

— Each token is mapped to its corresponding token ID from the BERT 

vocabulary. 

— The BERT model has a pre-defined vocabulary where each token has 

a unique ID. The tokenizer maps the tokens to their respective IDs 

using the vocabulary. 

e Padding and Truncation: 

— BERT models typically have a fixed maximum sequence length. 

— If the tokenized input exceeds the maximum length, it is truncated by 

removing tokens from the end of the sequence. 

— If the tokenized input is shorter than the maximum length, it is padded 

with a special [PAD]token to match the desired length. 

— Padding ensures that all input sequences have the same length, which 

is necessary for efficient batch processing. 

e Attention Masks: 

— To guide the BERT model in focusing on relevant tokens during its 

processing, an attention mask is generated. This mask helps deter- 

mine which tokens should receive attention and which ones can be 

disregarded. By using the attention mask, the BERT model can effec- 

tively allocate its attention resources to the appropriate tokens in the 
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input sequence. 

— Attention masks are binary tensors of the same length as the input 

sequence, with Os indicating padded tokens and 1s indicating non- 

padded tokens. 

— The attention mask helps the model distinguish between real tokens 

and padding tokens, preventing the model from attending to irrelevant 

positions. 

The encoded input data, which returned by the tokenizer.batch_encode_ plus 

includes the following components: 

e input ids: The token IDs representing the input sequence. 

e attention mask: The attention mask indicating which tokens to attend 

to. 

3.4 Model Selection 

3.4.1 LSTM baseline 

The provided Baseline model is implemented using the Keras library. Here is a 

breakdown of its architecture (Figure 3.2): 

e Input Layer: Two input tensors are defined for the story and question 

sequences. 

e Embedding Layer: Two embedding layers are utilized for both the story 

and question sequences. These layers are responsible for mapping each 

word within the input sequences to a dense vector representation. They 

convert discrete words into continuous vector representations that capture 

the semantic meaning and word relationships. 

LSTM Layer: Two LSTM layers are used, one for the story sequence and 

one for the question sequence. 

e Concatenation: The outputs of the LSTM layers are combined through 
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Figure 3.2: LSTM baseline. 

the concatenation layer. This layer enables the model to merge and in- 

tegrate the information from both the story and question sequences. By 

concatenating the outputs, the model can effectively capture and utilize the 

relevant information from both sources in order to make accurate predic- 

tions or decisions. 

e Output Layer: A dense layer with a softmax activation function makes 

up the output layer. The output layer is responsible for generating the 

predicted probabilities for each class or potential answer. 

3.4.2 End-to-End Memory Network (MemN2N) 

End-to-End Memory Network (MemN2N) model was introduced by Sukhbaatar 

et al. in 2015 [32]. This model was created primarily for QA activities that re- 

quire reasoning over long-term memory. To enable the storing and retrieval of 

information from a memory matrix, the MeinN2N model incorporates many neu- 

ral network layers, including an input module, a memory module, and an output 

module. The model learns to perform QA tasks by using specified input and out- 

put examples through an end-to-end training procedure. The MemN2N model’s 

effectiveness has been proved on several beuchmark datasets, outperforming previ- 

ous approaches in solving problems that need complicated reasoning capabilities, 
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The key idea behind the MemN2N is to use an external memory component 

that allows the model to read and write information during the QA process. The 

inodel’s architecture consists of the following primary components: 

e Input Encoding. The input, which can be a story or a document, is 

transformed into a collection of memory vectors during the input encod- 

ing phase. These memory vectors represent individual pieces of data or 

sentences within the input. 

e Memory Representation. Memory vectors are stored in a module of 

external memory. This memory module serves as the model’s form of long- 

term memory, allowing it to store and retrieve information over time. The 

external memory enables the model to store and retrieve relevant informa- 

tion for responding to questions. 

e Attention Mechanism. An attention mechanism is used to identify the 

most pertinent memory vectors for answering a given question. This mech- 

anism assigns memory vector weights proportional to their relevance to the 

question. By doing so, the model can prioritize and focus on the most per- 

tinent pieces of information, enabling the generation of more accurate and 

targeted answers. 

e Output Generation. The attended memory vectors, along with the ques- 

tion, are combined to generate the final output or answer. This can involve 

various operations such as concatenation, summation, or more complex 

transformations. The output generation step aims to produce a response 

that is coherent and relevant to the question. 

The model receives a discrete set of inputs, denoted as Xj,...,X;, which are 

subsequently stored in the memory. These inputs may take the form of real 

sentences or stories. Additionally, the model is provided with a question Q, and 

an answer A. The symbols of X;,Q, A and A are drawn from a, lexicon containing 

a vast number of V words. The variable V encompasses the complete lexicon 

present in all datasets. Upon reaching a predetermined buffer size, the mode] 

proceeds to store all instances of X in memory. Subsequently, the model proceeds 

to establish a continuous representation for X and Q. Subsequent to that, the 
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continuous representation is utilized to process output A through a series of hops. 

The Figure 3.3 illustrates the End-to-end Memory Network architecture. 
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Figure 3.3: End-to-end Memory Network (MemN2N) from [32]. 

Representation of the input memory: Let’s consider an input set 21, 29, ..., x; 

that needs to be stored in memory. Each element z; in the set is transformed into 

memory vectors m; of dimension d. This transformation is achieved by embedding 

each 2x; into a continuous space. In the simplest scenario, an embedding matrix 

A of size d x V is used for this purpose. The query q is also embedded, using 

another embedding matrix B of the same dimensions as A, resulting in an internal 

state w. In the embedding space, we compute the similarity between u and each 

memory vector i by taking their inner product. This similarity measure is then 

passed through a softmax function, yielding probabilities p; (3.4.1): 

pi = softmax(ulm,) (3.4.1) 

Representation of the output memory: Each input element x; corresponds 

to an output vector Cj. In the simplest scenario, the output vectors c; are obtained ; 

by applying another embedding matrix C to the inputs x;. The response vector 

o, which is 

transformed output vectors Cj. The weights are determined by the probability 
ip ie ‘ ss 

“ 

generated from the memory, is computed as a weighted sum of the 
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vector obtained from the input memory. This means that the contribution of 

each output vector c; to the response vector o is determined by the corresponding 

probability in the input memory (3.4.2): 

0= > (nici) (3.4.2) 

Generating the final prediction: In the case of a single layer, the response 

vector o from the memory and the input embedding u are combined by adding 

them together. This combined vector is then multiplied by a weight matrix W 

of size V x d. The resulting vector is passed through a softmax function, which 

produces the predicted label (3.4.3): 

output = softmax(W(o+u)) (3.4.3) 

3.4.3 BERT 

The BERT (Bidirectional Encoder Representations from Transformers) architec- 

ture builds upon the Transformer model initially proposed by Vaswani et al. in 

2017 [24]. However, BERT incorporates several modifications to make it partic- 

ularly well-suited for pre-training on extensive amounts of unlabeled data and 

eect fine-tuning on specific downstream tasks. This influential model was 

introduced by researchers from Google AI Language in 2018 [36]. 

Encoder 

The encoder is the core component of BERT and is responsible for processing 

the input text. It comprises several layers of transformers arranged in a stacked 

manner. Each transformer layer consists of two sub-layers: a multi-head self- 

attention mechanism and a feed-forward neural network (Figure 3.4). 

© Self-Attention: The self-attention mechanism in BERT enables individual 

words in the input sequence to consider and weigh the importance of other 

words, thereby capturing the contextual relationships between them. It 

calculates attention weights for each word based on its relevance to the 

other words in the sequence. This bidirectional approach allows BERT to 
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effectively model the dependencies between words. 

e Feed-Forward Neural Network: After the self-attention step, a position- 

wise feed-forward neural network is applied to each word representation in- 

dependently. This network applies non-linear transformations to capture 

complex relationships between words. 

Output 
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Figure 3.4: Transformer architecture from [24]. 

The input to BERT is a sequence of tokens, which are typically words or sub- 

word units. These tokens are first embedded into vector representations called 

word embeddings or token embeddings. 

One of the notable features of BERT is the use of attention masks. Attention 

masks indicate which tokens are actual words and which are padding or special 

tokens. The masks ensure that the model does not attend to the padded or masked 

tokens, allowing it to 

‘1 BERT enable the model to capture deep contextual information from both the 

focus on the relevant information. The transformer layers 

left and right contexts of each word in the input sequence. 

BERT improves transformer architecture by including two different stages. The 

model is pre-trained on a massive amount of unlabeled text data in the first step, 
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allowing it to learn general language patterns and structures. The model is further 

trained on specific natural language understanding (NLU) tasks using labeled data 

in the second stage, referred to as fine-tuning. This approach allows the model to 

adapt and specialize its learned representations to the tasks at hand. 

Pre-training 

In the pre-training phase, BERT leverages a substantial corpus of unannotated 

text and concentrates on accomplishing two primary objectives: 

e Masked Language Modeling (MLM).In the MLM process, a portion 

of the words in the input sequence are randomly masked. BERT has been 

taught to predict these masked words by taking the surrounding words’ con- 

text into account. This procedure enhances BERT’s contextual knowledge 

of word representations. 

e Next Sentence Prediction (NSP).In the pre-training phase, BERT is 

subjected to sentence pairs in the NSP task. The model is trained to de- 

termine whether the second sentence in the original text is a continuation 

of the first. By focusing on this objective, BERT is able to comprehend the 

sentence-level semantics and capture the relationships between sentences. 

In contrast to previous models that relied on sequential left-to-right or right- 

to-left approaches, BERT utilizes an innovative technique. The methodology 

assesses the linguistic units that precede and follow each word in a given phrase, 

enabling the construction of contextual representations that encompass a wider 

scope. This technique yields embeddings that are more advanced and exhibit 

contextual awareness. 

The pre-trained representations of BERT can be further refined or fine-tuned 

asks, such as QA, sentiment analysis, or named entity recognition. 
for specific t 

comprehensive corpus of text with the aforementioned 
Through pre-training on @ 

objectives, BERT acquires 

d sentences. 

am tasks with improved performance. 

the capability to capture the contextual connections 

among words an This enables the model to be effectively adapted to 

various downstre 

Fine-tuning 
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During an additional training phase, a smaller labeled dataset specific to a given 
task is utilized to develop a fine-tuned BERT model. Following the preliminary 
pre-training phase of the model, it acquires comprehensive linguistic representa- 
tions from an extensive collection of unannotated textual data. The process of 
fine-tuning involves the adaptation of pre-trained BERT data to meet the specific 
demands of a given task and is considered to be a crucial phase in this regard. 

During the fine-tuning phase, the BERT model is trained on a reduced dataset 
that is specifically related to the given task. The dataset comprises labeled in- 
stances that pertain to various tasks, including labeled sentences for text classifi- 
cation, named entity recognition, and QA. Phase strategy involves adjusting the 
model’s weights using labeled data and a loss function specific to the task at hand. 
This approach enables the model to learn task-specific patterns and enhance its 
performance on the target task. The Figure 3.5 illustrates the End-to-end Memory 

BERT architecture saN 

a Pre-training ” Fine-tuning > 

Language model 

Network architecture. 

Masked Language Modeling 
; 

tS 
NLP task 

Next Sentence Prediction 

Figure 3.5: BERT architecture. 

3.5 Evaluation Metrics and Procedures 

We evaluated the performance of the implemented models using standardized 

procedures and evaluation metrics. The evaluation metrics utilized in this study 

yielded quantitati 

models. The study's evaluation procedures were developed to guarantee impartial 

and uniform evaluations of the models on different datasets. 
c 

ve measurements to assess the effectiveness and accuracy of the



Evaluation Metrics 

The evaluation of the performance of the implemented models was conducted 

using the following evaluation metrics: 

e Accuracy: The metric of accuracy is utilized to assess the performance of 

models by measuring the proportion of correctly predicted responses. The 

accuracy metric 1s determined through the computation of the ratio between 

the number of correctly predicted responses and the total number of samples 

present in the test set. The following is equation of Accuracy 3.5.1: 

CPN 
Accuracy = 754 PPL TN LEN (3.5.1) 

Here, TP = true positive, TN = true negative, FP= false positive, FN = 

false negative. 

e F1 Score: The F1 score is a commonly used evaluation metric in various 

fields of research. It is a measure that combines precision and recall, pro- 

viding a single value through the harmonic mean. The following is equation 

1 ey my ‘)- 

of F1 Score 3.9.4: FPi=2s precision * recall 

~~” precision + recall’ (3.5.2) 

arly useful in situations where both precision and 
The F1 score 1s particul 

nd a balance between the two is desired. In here: 
recall are important, @ 

recision measures the proportion of correctly predicted 

— Precision: P 

positive instances (i.e., correct answers) among all instances predicted 

The following 1s equation of Precision 3.5.3: 
as positive. 

ae Ps 
Precision = TP+FP (3.5.3) 

_ Recall: Recall measures the proportion of correctly predicted positive 

correct answers) among all actual positive instances. 
‘nstances (1.¢-, 

The following is equation of Recall 3.5.4: 

Tr 
Recall = TP+EN (3.5.4) 
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Evaluation Procedures 

To ensure fair evaluation and reliable results, we conducted the following pro- 

cedures during the evaluation of our QA system: 

e Test Data Split: To ensure a balanced distribution of samples across 

classes, we employed a stratified approach to divide the preprocessed dataset 

into training and testing sets. The training set was utilized to train the 

models, while the testing set remained separate for the purpose of evaluating 

their performance. 

Hyperparameter Tuning: In our experiments, we explored different hy- 

perparameters such as the number of LSTM units, learning rate, size of 

the batch, and number of training epochs. The objective was to refine the 

rmance by fine-tuning these parameters. By evaluating the 
model’s perfo 

model with various hyperparameter configurations, we identified the spe- 

cific set that yielded the most favorable results based on the evaluation 

metrics. These optimal hyperparameters were subsequently chosen for the 

final models, ensuring their suitability for the given task. 

e Model Comparison and Analysis: Using the aforementioned assess- 

ment metrics, we compared the performance of the models, notably BERT, 

LSTM baseline, and MemN2N. We studied the findings to determine each 

model’s strengths and limitations and to get insight into their performance 

on Kazakh language-based QA tasks. 

ocedures outlined above allowed us to comprehen- 

The evaluation metrics and pr 

sively assess the effectiveness and accuracy of our QA system. They provided 

rformanc 

tion and analysis of the results. objective measures of pe e, facilitated fair comparison between models, 

and aided in the interpreta 

3.6 System architecture 

tem architecture consists of four steps, 1.e. preprocessing, vector- 

T ll sys 
“ 

ne overs! * and prediction. The system architecture is illustrated in 

ization, training models, 

Figure 3.6. 
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Figure 3.6: System architecture. 

tarts with a dataset that consists of contextual informa- 
Dataset: The system s 

corresponding answers in the Kazakh language. This dataset 
tion, questions, and 

d evaluating the QA models. 
serves as the foundation for training an 

is preprocessed before training the models, in- 

cluding cleaning, stemming, and tokenization. Cleaning is the process of removing 

a, whereas 8 
ation divides the text into individual tokens, 

any useless or noisy dat temming is the process of reducing words to 

their basic or root forms. Tokeniz 

such as words or subwords, which are required for subsequent processing. 

processing, the dataset is converted into numer- 
Vectorization: Following pre 

models can understand. In this step, text data were 

ical representations that 

transformed into numerical feature vectors. This process typically involves vector- 

ization techniques. Vectorization captures the text’s underlying semantic meaning 

and structure, allowing models to learn and predict based on these representa- 

tions. 

processed and vectorized dataset is used to train mul- 

Train Models: The pre 

tiple models for the QA tas 

ployed: LSTM baseline, MemN2N, and BERT. The LSTM baseline model utilizes 

LSTM layers to process the sequential information in the dataset. The MemN2N 

— ae es the architecture to store and retrieve informa- 

node] leverages 

k. In the system architecture, three models are em- 
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tion f 
_ the content. The BERT model, based on the Transformer architectur 

captures bidirectional contextual relationships between words. Each model e, 

trai 
; 

. model i 

rained on the dataset to learn the patterns and relationships between th . 

text, questions, and answers in the Kazakh language 
| e€ con- 

Prediction: Once the models are trained, they are used for prediction. Gi 

a new context and question, the trained models generate predic sions for i. Iven 

sponding answer. This phase involves feeding the input to the models and stain. 

ing the output based on their learned representations and patterns. Th “_ 

with the highest confidence or probability for the predicted answer i vlemer 
Ss as 

the final prediction. 

Each step contributes to the overall performance of the QA system, with tl 
. , Wil ne 

goal of accurately predicting answers for given contexts and questions in th 1 the 

Kazakh language. 

3.7 ‘Training and Testing process 

We provided a detailed description of the training and testing processes for th 

this section. The process of training involves feeding the 

d vectorized input data, iterating over multiple epochs, 

3 weights based on the optimizer and loss function that 

implemented models in 

models preprocessed an 

and updating the model’ 

has been chosen. 

Loss Function 

Loss functions are important in training models, particularly neural networks 
? 

because they quantify the di 

easure of the model’s succe 

g examples. 

fference between predicted and true values and serv 

: , 
e 

“san 
ss. During training, the goal is to minimize th 

; a 

P 

loss across multiple trainm 

k, we utilized two common loss functions: categorical cross-entr -entropy 

In our wor 

and sparse categorical cross- 

and improvement by measur 

s and the true class distributions. 

entropy. These loss functions facilitate model learnin 

ing the difference between predicted class distribu. 

tion 
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Both categorical cross-entropy and sparse categorical cross-entropy use the 

same loss function, which can be expressed as follows (3.7.1): 

7 

Lor =—- » y_true; x log(y_pred;), for n classes (3.7.1) 

i=1 

However, the distinction lies in how the truth labels are represented. Categori- 

cal cross-entropy is employed when the true class labels are in the form of one-hot 

encoding, where only one element is active (1) and the rest are inactive (0). On 

the other hand, sparse categorical cross-entropy is used when the true class labels 

are provided as integers. 

Despite this discrepancy, both loss functions optimize the same underlying 

loss function during model training, aiming to enhance the model’s classification 

performance. 

Optimization 

Optimization plays a crucial role in ML and DL, aiming to find the optimal set 

of parameters or weights for a model to minimize the error or loss function and 

enhance its performance on unseen data. 

There exist several optimization algorithms, each with its own approach to 

updating the parameters. Popular choices include Gradient Descent, Stochastic 

Gradient Descent (SGD), Adam, RMSprop, and Adagrad, among others. 

In our work, we utilized the Adam optimizer to train our models. Appendix A.1 

provides an illustration of the Adam optimizer algorithm. The Adam optimizer 

combines the benefits of AdaGrad and RMSprop by dynamically adapting the 

learning rates based on the first and second moments of the gradients. It is widely 

employed in various DL applications due to its fast convergence and robustness. 

Learning Rate 

The learning rate determines the step size at each iteration during the opti- 

mization process. Setting the learning rate too high can lead to the network 

overshooting the optimal solution and failing to converge. This results in insta- 
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bility and the inability to find an effective solution. On the other hand, using a 

learning rate that is too small can cause the training process to be excessively 

slow and time-consuming, as it requires more iterations to reach convergence. 

In Keras [54], the default learning rate value for most optimizers is 0.001. 

However, it is often necessary to experiment with different learning rate values to 

— find the optimal one for a specific problem. As a rule of thumb, it is recommended 

to explore a range of initial learning rates, typically within the range of [0.001, 

0.01, 0.1, 1]. By trying different learning rates within this range, you can observe 

their effects on the model’s convergence and performance. 

Regularization 

To address the issue of overfitting, which occurs when a model becomes too 

specialized in the training data and struggles to generalize to unseen data, the 

regularization technique was applied. Regularization helps control the complexity 

of the model and reduces its dependence on specific training examiples. 

The regularization method, which is frequently used in neural networks is 

Dropout. It functions by randomly deactivating a portion of input units during 

the training phase, usually ranging between 0.2 and 0.5. This technique prevents 

the network from excessively relying on any specific feature or combination of 

features by randomly eliminating units. 

This regularization method provides several advantages, including mitigating 

overfitting, improving generalization, and potentially accelerating training by re- 

ducing reliance on specific training examples. 

Tables 3.2, 3.3, and 3.4 detail the parameters of the models that we utilized in 

our study. The implementations of the models in Appendices A.2, A.3, and A.4 

respectively.



Model LSTM baseline 
Optimizer Adam 
Learning Rate 2e-5 
Loss Function Categorical Cross-entropy 

Evaluation Metrics Accuracy, F1-score 
Embedding Dimension | 64 

LSTM Units 64 
Dropout Rate 0.3 
Batch Size 32 
Epochs 120 

Table 3.2: LSTM baseline’s parameters. 

Model BERT 

Optimizer Adam 
Learning Rate 2e-5 

Loss Function Sparse Categorical cross-entropy 

Evaluation Metrics Accuracy, F1-score 

Dropout Rate _ 0.3 
Batch Size 32 - 

Epochs 5 

Table 3.3: BERT parameters. 

Model End-to-end MN 
Optimizer Ada 
Learning Rate 0.001 

Loss Function Categorical Cross-entropy 

Evaluation Metrics Accuracy, F1-score- 

Embedding Dimension (input_encoder_m) | 64 
Dropout Rate (input_encoder_m) 0.3 

Embedding Dimension (input_encoder_c) | max_question_len 

Dropout Rate (input_encoder_c) 0.3 
Embedding Dimension (question_encoder) | 0.3 

Dropout Rate (input_encoder_c) 0.3 

LSTM Units 0.3 

Dropout Rate (answer) 64 

Batch Size 32 

Epochs 120 

Table 3.4: End-to-end Memory Network model parameters. 
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Chapter 4 

Results and Analysis 

4.1 Dataset Analysis 

As mentioned before, we utilized the bAbi dataset [45]. We have translated the 

six bAbi datasets into Kazakh, creating a comprehensive and diverse collection of 

data for analysis. Each dataset consists of 10,000 training set and 1,000 testing 

set, ensuring a comprehensive evaluation framework (Table 4.1). 

These translated datasets cover a wide range of question types, providing a com- 

prehensive assessment of our models’ performance. The question types included 

in our datasets encompass single fact, two facts, yes/no questions, counting, list- 

s/sets, and agents’ motivations. This diverse coverage allows us to thoroughly 

evaluate our models’ capabilities. 

| Dataset Testing Samples 

2 

3 
4. Counting 

5 

5, Agent’s Motivations [o
p 

Training Samples 

1: Single Supporting Fact | 10000 1000 

- Two Supporting Facts | 10000 1000 

- Yes/No Questions 10000 1000 

10000 1000 

: Lists/Sets 10000 1000 

10000 1000 

Table 4.1: Training and testing samples of each dataset. 

To gain further insights into the datasets, we conducted an analysis to deter- 

mine the maximum and average lengths of stories, questions, and answers for each 
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dataset. The results of this analysis are presented in Figures 4.1, 4.2, 4.3, 4.4, 

4.5, and 4.6, respectively. By comprehending these lengths, we can optimize the 

model architectures and preprocessing steps accordingly. This ensures efficient 

processing and effective learning. 

Question Classes Kazakh Question Words 

what He 

why Here, HesikTeH 

where Kalina 

how many Helle, KAaHIIAa 
Interrogative sentence makers | Ma, Me, ma, me, 6a, 6e 

Table 4.2: Question classes in datasets. 

In addition, we have provided the question classes in the Kazakh language 

that are utilized in our datasets (Table 4.2). These question classes serve as a 

categorization mechanism and aid in organizing and structuring the dataset. 

4.2 Comparative Analysis 

According to the results, the MemN2N model achieved the highest accuracy and 

F1 scores across the majority of datasets among the implemented models in a 

number of instances. This indicates that the model is proficient at extracting and 

storing information from the input data. On the other hand, BERT demonstrated 

competitive performance on select datasets. BERT’s pre-trained language repre- 

sentation capabilities enable it to comprehend the contextual meaning of words 

and phrases, which can be advantageous for certain quality assurance tasks. How- 

ever, its performance varied across datasets, indicating that its effectiveness may 

depend on the nature of the data and the difficulty of the questions. In general, the 

performance of the LSTM baseline model lagged behind that of the other models. 

This may be due to the inability of the LSTM architecture to capture long-term 

dependencies and contextual data. The outcomes are presented in Table 4.3 and 

Figure AY. 

In addition, the performance of our Long Short-Term Memory (LSTM)-based 

MemN2N model was compared to that of a Gated Recurrent Unit (GRU)-based 
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MemN2N model. This was accomplished after preliminary experiments demon- 

strated the superior performance of the MemN2N model compared to other mod- 

els. 

Dataset LSTM baseline | MemN2N BERT 
Acc Fl Acc Fl Acc Fl 

Single Supporting Fact | 48.19 | 46.24 76.39 | 76.59 | 64.30 | 64.64 
Two Supporting Facts | 27.30 | 27.29 51.40 | 50.64 | 18.10 | 18.10 

Yes/No Questions 49.90 | 49.80 92.40 | 92.40 | 88.00 | 87.92 
Counting 72.20 | 70.50 79.91 | 79.78 | 78.70 | 76.59 

Lists/Sets 62.19 | 59.65 69.60 | 67.59 | 20.70 | 20.70 

Agent’s Motivations 91.20 | 91.16 91.20 | 91.78 | 84.30 | 84.16 

Table 4.3: Accuracy and F1 score of each model for each dataset. 
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Figure 4.7: F1 score of each model for each dataset. 

To determine the relative performance of the two MemN2N models, a compre- 

ve experiment was conducted. The objective of this experiment was to inves- 

abilities and nuances of various RNN structures in the MemN2N.The 

arameters included a batch size of 32, 150 epochs, a dropout rate 

and a learning rate of 0.01 percent. The results are presented in 

hensi 

tigate the cap 

experiment Pp 

of 0.30 percent, 

Table 4.4. 

ayer configuration on model performance was studied through 

The impact of | 

The study found t 

Nevertheless, the performance of the LSTM-based model was con- 

a variety of datasets. The experiment yielded significant findings 

I tion hat the accuracy scores of the two models were 
observation. 

comparable. 

sistent across 
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Layers Dataset GRU LSTM 
Acc FI Acc | Fl 

Single Supporting Fact | 76.30 | 77.32 | 76.70 | 76.70 
(32) ‘Two Supporting Facts { 31.20 | 30.42 | 30.39 | 30.36 

Yes/No Questions 83.39 | 83.29 | 92.41 | 92.41 
Counting 78.29 | 78.30 | 78.60 | 76.76 
Lists/Sets 67.00 | 66.73 | 69.19 | 67.35 
Agent’s Motivations 91.20 | 91.78 | 92.23 | 91.76 
Single Supporting Fact | 75.65 | 75.59 | 76.89 | 76.96 
Two Supporting Facts | 31.40 | 31.27 | 30.09 | 29.79 

(64) Yes/No Questions 83.20 | 83.18 | 81.90 | 81.89 
Counting 77.70 | 77.00 | 79.19 | 78.06 
Lists/Sets 67.69 | 65.89 | 74.80 | 73.37 
Agent’s Motivations 91.20 | 91.18 | 91.20 | 91.18 

Table 4.4: Comparison of LSTM-based MemN2N and GRU-based MemN2N mod- 

els. 

concerning the performance of LSTM and GRU models with varying layer sizes 

when applied to QA tasks. The experimental results demonstrated that the per- 

formance of both models was similar. 

The applicability of LSTM asid GRU architectures depends on the character- 

istics of the dataset and the intended learning outcome. Recent research has 

demonstrated that LSTM models are exceptionally effective at identifying long- 

term dependencies. In contrast, GRU models have been found to have a more 

streamlined and computationally efficient architecture. The purpose of the exper- 

iment was to determine the optimal model configuration for our specific QA task 

by comparing and contrasting both alternatives. 

Overall, the research results indicate that the MemN2N model is the most ef- 

fective across the majority of datasets, suggesting its potential for our specific QA 

task. The objective of the study was to optimize the performance and accuracy 

of the approach by comparing and contrasting various models. 
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Chapter 5 

Discussion and Conclusion 

The present study provides a comprehensive examination and summary of the 

outcomes and implications derived from the investigation. The results of the ex- 

periment have been thoroughly examined and interpreted in detail. The research 

discussion provides a thorough examination of the experimental findings, with 

a focus on the noteworthy results and providing insightful observations on the 

models’ efficacy. 
. 

Performance Comparison 

In this study, we evaluated the performance of three different deep learning- 

based QA models, namely BERT, LSTM baseline, and MemN2N. The aim was 

to compare and contrast the effectiveness of these models in answering questions. 

The results of the assessment were analyzed in detail. The results of the study 

suggest that the MemN2N model outperformed the other models across most 

datasets, as evidenced by 

cate that the ability of the model to handle and analyze sequential data played a 

g better performance results. The pre-training of lan- 

its higher accuracy and F1 score. The results indi- 

significant role in achievin 

guage representations has proven to be a successful technique in improving the 

performance of natural language processing models. BERT, in particular, has 
? 

demonstrated impressive results in specific datasets. This can be attributed to 

its capability to pre-train language representations, which allows the model to 

better understand the nuances of language and improve its accuracy in various 
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tasks. The findings suggest that the LSTM baseline model exhibited subpar per- 

formance relative to the other models. This suggests the LSTM architecture may 

have limitations in effectively capturing contextual information and long-term 

dependencies. 

We also aimed to enhance the performance of the MemN2N model, which has 

been reported to exhibit superior performance compared to other models. An ex- 

periment was conducted to achieve this objective. We compared the performances 

of our LSTM-based MemN2N and a GRU-based variant. The experiment sought 

to investigate the capabilities and nuances of different RNN architectures within 

the MemN2N framework. We focused on manipulating various parameters, in- 

cluding batch size, number of epochs, and dropout rates. The study’s findings 

shed light on the comparative performance of the LSTM-based MemN2N model 

and the GRU-based model. The results indicate a slight variation in their perfor- 

The results of this experiment contribute to the existing knowledge on the 
mance. 

impact of different architectures and parameter combinations on the effectiveness 

of deep learning-powered QA models. 

Dataset Characteristics 

The analysis of performance variations across datasets can offer valuable in- 

sights into the impact of dataset characteristics on the performance of models. 

The models exhibited relatively better performance in handling datasets contain- 

ing single facts and datasets comprising'yes/no questions. The results suggest a 

higher level of accuracy and F1 scores. The datasets commonly entail uncompli- 

cated information retrieval or binary decision-making tasks. 

The study found that models encountered greater difficulties when dealing with 

datasets that involved more intricate questioning and reasoning demands, such as 

those that presented two-fact scenarios, counting tasks, and list/set-related ques- 

tions. The superior performance of the MemN2N model on the datasets indicates 

its ability to effectively capture and process intricate sequential information. 

-Model Selection and Generalizability 

The choice of the model depends on various factors, including dataset char- 
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ee and task requirements. The MemN2N, particularly the LSTM-based 

we cone ule chane for and strong performance across different datasets 

rae ee mtien ice for our Kazakh language-based QA system. Its ability 

n in a memory component and reason over sequential data 

proved advantageous for answering questions accurately 

ena it is important to note that the performance of the models ma; 

en 

Vv 

“hould be i -. a heate or domains. The generalizability of the mnodels 

Pine-tuni ; y ue ed before deploying them in real-world application 

ing and adapting the models to specific languages and domains may be 

necessary to achieve optimal performance. 

Limitations and Future Directions 

While our study provides valu insi . 

models, there are limitations that “ol se lnocledgen Pratiy t of | different 

datasets may limit the generalizability of the findings. Fxpandin an size of our 

and incorporating diverse sources of information could further nk e datasets 

formance and robustness of the models. Secondly, our evaluation ne the per- 

curacy and F1-score as performance metrics, but other metrics such a8 vredshe ion 

and recall could provide additional insights. 

Additionally, the usability and interpretability of the models should 

sidered in future work. Providing explanations or justifications for the be con- 

answers could enhance user trust and acceptance of the QA systems nies 

more, investigating the impact of different hyperparameters, such ws batch wine 

learning rate, and model architecture variations, can help optimize tl del ; he models’ 

performance. 

Conclusion 

In conclusion, our study showcases the effectiveness of the MemN2N mod 

specifically the LSTM-based variant, for question answering in the Kaz | ° 
sen 

aZa. an- 

ugh performance comparison and analysis, we gained insights int 
, 

into 
guage. Thro 
the strengths, weaknesses, and suitability of the implemented models for diff ME. or different, 

datasets and tasks. These findings contribute to the development of robust QA us 
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systems in the Kazakh language and provide a foundation for future research in 

this field. 

Furthermore, our experimental results demonstrate the superior performance 

of the MemN2N model over the BERT model, which is renowned for its excep- 

tional performance in various natural language processing tasks. Remarkably, the 

MemN2N model achieves better results while requiring less training time com- 

pared to fine-tuning pre-trained models. These results emphasize the importance 

of considering the specific task and dataset when choosing a model, rather than 

solely relying on its popularity. It is essential to evaluate the performance of mod- 

els in the context of the given task and data in order to make informed decisions. 
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Appendix A 

Appendices 

A.1 Adam optimizer algorithm 

Algorithm 1 Adam algorithm 

Require: a . > Learning rate 

Require: (1, 62 € (0,1) > Exponential decay rates for the moment estimates 

Require: f(9) ; > Stochastic objective function with parameters 0 

Require: 4 > Initial parameter vector 

1: mM <0 > Initialize 1°* moment vector 

2: Up <0 _p Initialize 2" moment vector 

3. <0 
> Initialize timestep 

4. while 6, not converged do 

5: tet+l . . 

« + Ve fi(f-1) © Get gradients w.r.t. stochastic objective at timestep ¢ 

7. My + fy X Met + (1 — fa) x Gt > Update biased first moment estimate 

¢. v, + Bo X Ut (1 — Ba) X 9 > Update biased second raw moment 

estimate 
, 

9: my < m/(1 — Bi) > Compute bias-corrected first moment estimate 

10: he /( 1- pi) > Compute bias-corrected second raw moment estimate 

iL 6, < O-1- aina/( Vit €) > Update parameters 

1. return 6; 
> Resulting parameters 
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A.2 LSTM baseline 

import pickle 

import csv 

' import pandas as pd 

import numpy as np 

import string 

‘ import matplotlib.pyplot as plt 

r import tensorflow as tf 

tensorflow.keras.preprocessing.sequence import pad_sequences : {rom 

text import Tokenizer ' from keras.preprocessing. 

from keras.models import Sequential, Model 

from keras.layers import Embedding 

from keras.layers import Input, Activation, Dense, Permute, 

layers import add, dot, concatenate 

import LSTM 

import sent_tokenize, word_tokenize 

Dropout 

' from keras. 

' from keras.layers 

° from niltk.tokenize 

keras.utils.vis_utils 

import confusion_matrix, 

6 from import plot_model 

from sklearn.metrics accuracy_score 

/ cleanned_train = pd.read_csv(files_name) 

’’ cleanned_train 

' cCleanned_test = 

' cleanned_test 

pd. read_csv (files_name) 

\ all data = pd. concat ({cleanned_train, cleanned_test], ignore_index=True) 

" Vocab = set() 

* for i in range (len(all_data)): 

yocab [= set (word_tokenize(all_data[’Cl_story’Jfil) + word_tokenize ( 

all data[’Cl question’][i])+ fall_data[’Answer’][i]]) 

= sorted(vocab) ' Vocab = 

0 vecab_size = len(vocab) + 1 . , 

max (Lien (word_tokenize(all_data.iloc[i,0])) 
for i in range ( 

' Max_story_len 

len(all_data))]) 
: a 

- max (Llen(word_tokenize(all_data.ilo
c[i,1])) for i. in 

i 

 max_question_len = 

(len (alldata))]) range 
; 

tokenizer = Tokenizer (filters=(1 35 

~ i . ‘t_on_texts (voca 

i a a t((c, it 1) for i, ¢ in enumerate (vocab)) 
5 or mE x = ¢ : 

; 

"id d dict ((iti, c) for Lee in enumerate (vocab) ) 

‘tdx_word = di ; 

’ word_idx 

word_index=word_idx, max_story_len=max_story_len 

' def vectorize stories (data, 

len): 
= ion 

,max_questio
n_len=max_qu

est* 

* # X = STORIES 

Ol



35 input story ~ 

# Xq = QUERY / QUESTION 

Xq = €{] 

# Y CORRECT ANSWER 

Y= f) 

i] 

for i in range (len(data)): 

[word_index [word. lower ()] for word in word_tokenize (data. iloc[i 
x = 

,0))] 

xq = [word_index [word. lower ()] for word in word_tokenize(data.iloc[i 

,1))] 

y= np. zeros (len (word_index) + 1) 

y(word_index[data.i
loc[i,2]]] =i 

X. append (x) 

Xq. append (xq) 

Y. append (y) 

return (pad_sequences (X, maxlen=max_story_
len) ,pad_sequences (Xq, maxlen= 

max_question_len), 
np. array (¥)) 

answers_train = vectorize_stories ( 

inputs_train, 
queries_train, 

cleanned_train) 

queries_test » answers._test = yectorize_stories 
(cleanned_test) 

inputs_test, 

num_classes 
= len (word idx) +1 

#MODEL 

# Define inp ut tensors for story and question sequences 

= input (shape=(maxs
tory-1eR 

+)? 

= Taput (shape=(max_qu
estion-22n »)? 

input_question 

ory and question 
layer for st 

t_dim=vocab_s
ize, # Define embedding output_dim=max_st

ory_len) ( 

embedded_story 
* Embedding (inpt 

input_story) 

embedded_quest
ion 

question_len) 
(in 

= embedding (input_dim=voc
ab-5120 output_dim= 

max 
put_question) 

ry for story and question with dropout 

=64) (embe 

stm_story) 

daded_story) # Define LSTM laye 

# Add dropout layer 
lstm_story * LSTM (units 

lstm_story 
* propout (0.3) (+ 

question) 
264) (embedded_ 

# Add dropout layer 
LSTM (units stion) 

propout (0-3) (istm-aue 
= = 

lstm_question 

lstm_question 

i) 

story and question 

M outputs from 

istm_question
]) LST 

# Concatenateé 

nate (Listm_story > 

merged = concateé 
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a2 

: output = 

, # train 

; print (histor 

, plt.xlabel (’ epoch’) 

+ print (’?Test Loss:’s 

> from sklearn.met 

7 true_labels * 

2 f1 = f1_score(tr
ue-1ab 

# Define output layer 

Dense (units=num_classes, activation=’ softmax’) (merged) 

# Define the model with multiple inputs and single output 

model = Model (inputs=[input_story, input_question], outputs=output) 

optimizer = tf. keras. optimizers. Adam(learning_rate=2e-5) 

# Compile the model 

i i i = ’ = 
* 

model. compile (optimizer ‘adam’, loss=’categorical_
crossentropy’, metrics=[’ 

accuracy’]) 

inputs_train, queries_train], answers_train, batch_size 

history = model. fit([ 
queries_test], answers_test 

=32 , epochs=120 , validation_data=([impu
ts-rest , 

)) 

Ymatplotlib inline 

y -history-keys 0) 

ze history for accuracy 

istory history [’accuracy’]) 

>yal_accuracy’]
) 

# summari 

plt.plot(h 

pit .plot (history -history| 

plt.title(’Mod
el accuracy’) 

plt .ylabel (Accuracy 
’) 

plt.legend([’train’,
 stest’], loc=’upper left’) 

> plt.show() 

# Evaluate the model 

juate (Linputs_test,
 queries_test],

 ansuers_test) 

= model.eva 

loss) 

2, accuracy) 

loss, accuracy 

print(’Test Accuracy: 

rics import precision_sc
ore recall_score

, fi_score, 

classificati
on-repor® 

e test data 

he model on th 
¢(Linputs_te

st . # Evaluate t 
; 

queries_test]) 

5 predictions 
= model. predic 

erie’ 

predicted 
labels = np  argmax (predictions 

» axis= 

1 
nswers_test 

; axis=1) 

= np .argmax (a 

trics 
; 

average=’weighte
d 

evaluation
 me 

re(true_la
bels. # Calculate 

predicted_labels , 

precision * 

>) 

recall = F 

precision-5°
° 

rue labels, predicted_la
bels, average=’vei

ghted’) 

predicted_la
bels, average=’weig

hted’) 
ecail_score(

t 

els, 
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123 

tui print ("Precision: {:.2f}".format (precision*1i00)) 

Is print(*Recall: {:..2f}". format (recall +100) 

iu print("F1 Score: {:.2f}".format (£1*100) ) 
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s from 

» from 

A.3 End-to-end Memory Network (MemN2N) 
import pickle 

import csv 

/ import pandas as pd 

import numpy as np 

import string 

import matplotlib.pyplot as plt 

7 import tensorflow as tf 

tensorflow.keras.preprocessing. sequence import pad_sequences 

' from keras.preprocessing.text import Tokenizer 

' from keras.models import 

import Embedding 

Activation, Dense, Permute, Dropout 

Sequential, Model 

from keras.layers 

layers import Input, 2 from keras. 

import add, dot, * from keras.layers 

! from keras.layers 

from nltk.tokenize 

keras.utils.vis_utils import plot_model 

import confusion_matrix, 

concatenate 

import LSTM 

import sent_tokenize, word_tokenize 

from sklearn.metrics accuracy_score 

/ cleanned_train = pd.read_csv(files_name) 

“ Cleanned_train 

2 Cleanned_test = 

2° all_data = 

tokenizer 

pd.read_csv(files_name) 

' Cleanned_test 

pd concat ([cleanned_train, cleanned_test], ignore_index=True) 

' vocab = set() 

7 for i in range (len(all_data)): 
set (word tokenize(all_data[’Cl_story’][i]) + word_tokenize( 

vocab [= 
pls 

all_data[?Cl_question’][i])+ 
[all_data[’Answer’][i]]) 

vocab = sorted(vocab) 

vocab_size len(vocab) + 1 
| | 

i ca tory_len = max (Llen (word_tokenize(all_data.il
ocfi,0])) for i in range ( 

I ax_story_ = c 

1 ll_data))]) 
| | 

me max (Llen (word.tokenize (all_data.ilocfi,1])) 
for i in 

/ max _question_len = 

range (len(all_data))]) 

= Tokenizer (filters=[I) 

13% t¢(¢ rT) it t 1) for t. c in enumerate (vocab) ) 

aict Cc 

ce) for 4,6 in enumerate (vocab) ) 
° Word_idx = 

'idx_word = dict ((itl, 

word_index=word_idx, max_story_len=max_story_len 
“ def vectorize_stor

ies (data, " 

stion_len=max_que
stion_len ; 

,max_que 

# X = STORIES 

X= []



» input_len 

7 input _encoder_m. add (Drop 

; input_enc
oder_c¢- 

ade 

i # output: 

# Xq = QUERY/QUESTION 

Xq = [] 

Bo
 

—<
 N 

for i in range (len(data)): 

[word_index[word.lower()] for wo 

CORRECT ANSWER 

rd in word_tokenize(data.iloc[i 
x = 

,0])] 

xq = [word_index[word.lower()] for word in word_tokenize(data.iloc[i 

,1))] 

y = np. zeros (len(word_index) + 1) 

y (word_index[data.iloc(i,2]]
] 

X. append (x) 

Xq. append (xq) 

y.append(y) 

return (pad_sequences (X, 

np.array (Y)) 
max_question_len), 

inputs_train, 

cleanned_train) 

inputs_test, 

» #Model implementation 

input_sequence = Input ( 

question = Input ((max_ 

# Input get 

input_encoder_m@ 

# This encoder wil 

# (samples, 

# embed the input into 

input_encode
r_© 

t_encoder_c-
 add (FE 

») 
inpu mb 

max_question_len 

(samples » sto 

vestion in 

Sequ 

dd (En 

# embed the 4 

question_enc
oder = 

question 
encoder «2 

queries_train, 

queries_test, 

s embedded to 4 sequ 

= Sequential () 
utput_dim=64)

 ) 

coder_m. add (Embedd 

1 output: 

story maxlen , 

(propout (0-3)) 

= 1 

maxlen=max_story_len) ,pad_sequences (Xq, maxlen= 

answers_train = vectorize_stories ( 

yectorize_stories(clea
nned_test) 

answers_test = 

(max_story_len ,)) 

question_len ,)) 

ence of vectors 

ing (input_dim=vocab_
size ,o0 

out (0.3)) 

embedding-dim) 

f size query_maxlen 

a sequence of vectors 0 

Sequential 0) 
jm=vocab_size , output_dim® 

edding (input_4d 

ry_-maxien, 
query-maxlen

) 

to a sequence of,.vectors 

ential 0) 

pedding (input dim 

output_dim=64
, 

vocab_size,
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input_length=max_question_len)) “! question_encoder.add (Dropout (0.3)) 
++ # output: (samples, query_maxlen, embedding_dim) 

# encode input sequence and questions (which are indices) 
# to sequences of dense vectors 
input_encoded_m = input_encoder_m(input_sequence) 

= input_encoder_c(input_sequence) 
/ input_encoded_c 

question_encoded = question_encoder (question) 

query_maxlen) ‘ i # shape: ‘(samples, story_maxlen, 

* match = dot({input_encoded_m, question_encoded], axes=(2, 2)) 
i) match = Activation(’softmax’) (match) 

; # add the match matrix with the second input vector sequence 

# (samples, story_maxlen, response = add([match, input_encoded_c]) 

query_maxlen) 

story_maxlen i) response = Permute((2, 

) 

1)) (response) # (samples, query_maxlen, 

# concatenate the match matrix with the question vector sequence 

= concatenate([response, question_encoded]) io; answer = 

14 

105 # Reduce with RNN (LSTM) 

‘6 answer = LSTM(32) (answer) # (samples, 32) 

los # Regularization with Dropout 

Dropout (0.3) (answer) 

Dense (vocab_size) (answer) 

‘io answer = 

# (samples, vocab_size) "y answer 

! Lt 

# we output a probability distribution over the vocabulary e 

lls answer = Activation(’softmax’) (answer) 
imi i ate=2e-5) lia # optimizer = tf.keras. optimizers .Adam(learning_rate-2e 

# build the final model ; ; 

tion], answer 
Me = input_sequence, ques 

| 
117 model Model ([ Pp loss=’categorical

_crossentropy’, 

metrics 
2 

model.compile(optimizer=’rmsprop’; 

=[’accuracy’]) 

lig 

1) : : : A 
i # train 1. diet Dee ee queries_train], answers_train,batch_size 

2 ; = model .f1 a . 

_— 150, validation_data=([inputs_test, queries_test], answers_test =32,epochs= , ~ 

ue 
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» recall = 

queries_test], answers_test) / loss, accuracy = model.evaluate([inputs_test, 

print(’Test Loss:’, loss) 

print(’Test Accuracy:’, accuracy) 

recall_score, fi_score from sklearn.metrics import precision_score, 

the model on the test data 

= model.predict([inputs_test, queries_test]) | predictions = 

predicted_labels = np.argmax(predictions, axis=-1) 

axis=-1) true_labels = np.argmax(answers_test, 

1 # Evaluate 

1 # Calculate evaluation metrics 

precision_score(true_labels, predicted_labels, average=’weighted ‘" precision = 

*) 

= recall_score(true_labels, predicted_labels, average=’weighted’) 

f1 = fi_score(true_labels, predicted_labels, average=’weighted’) 

» print ("Precision: {:.2£}".format (precision*100) ) 

print ("Recall: {:.2f¢}". format (recall *100)) 

print("F1 Score: {:.2f£}".format (f£1*100))



: from 

»# Load 

| df_train = 

A.4. BERT 

import tensorflow as tf 

import pandas as pd 

transformers import TFBertTokenizer, TFBertForQuestionAnswering 

from tensorflow.keras.losses import SparseCategoricalCrossentropy 

tensorflow.keras.optimizers import Adam 

import classification_report 

from 

from sklearn.metrics 

from sklearn.preprocessing import LabelEncoder 

the dataset from the CSV file 

pd.read_csv(files_name) 

df_test = pd.read_csv(files_name) 

1 # Define hyperparameters 

. Max _seq_length = 

batch_size = 32 

= 256 

learning_rate = 2e-5 

,# Load the BERT tokenizer and model 

\ train_answer_li
st 

= TFBertTokenizer.from_pretrained ("bert -base-uncased") tokenizer = 

TFBertForQuestionAnswering . from_pretrained ("bert -base -uncased") model = 

input data # Tokenize the 

tokenizer. batch_encode_plus ( train_encodings 

zip(df_train[’Cl_question’], df_train[*?Cl_story’]), 

truncation=True, 

add_special_tokens=True, 

max_length=max_seq_length, 

padding=True 

tokenizer .batch_encode_plus ( 

»Cl_question’], df_test[*Cl.story’]), 
test_encodings 

zip(df_test[ 

add_special_tokens=True , 

truncation=True, 

max_length=max_seq_length
 , 

padding=True 

= df_train.Answer.value
s 

le = LabelEncoder () 
. 

t_transform(train_answ
er_list) 

#2 train_answer_list=le
.fi 

i) test_answer_list 
df_test.Answer.val

ues 

rf transform(test_answe
r_list) 

test_answer_list=
le.fi 

69



7 # Create TensorFlow datasets Tt 

» train_dataset = tf.data.Dataset.from_tensor_slices(( 

dict (train_encodings), 

train_answer_list 

)). batch (batch_size) 

; test_dataset = tf.data.Dataset.from_tensor_slices(( 

dict (test_encodings), 

test_answer_list 

)).batch(batch_size) 

# Set optimizer and loss function 

tf.keras.optimizers.Adam(learning_rate=2e-5, epsilon=1e-08, optimizer = 

clipnorm=1.0) 

tf.keras.losses.SparseCategoricalCrossentropy (from_logits=True) loss_fn = 

tfi.keras.metrics.SparseCategoricalAccuracy(’accuracy’) ; metric = 

# Compile the model 

model.compile(optimizer=optimizer , metrics=[metric]) loss=loss_fn, 

1 # Fine-tuning loop 

validation_data=test_dataset) model.fit(train_dataset , epochs=5, history = 

A#Amatplotlib inline 

7s import matplotlib.pyplot as plt 

print (history .history.keys ()) 

# summarize history for accuracy 

plot (history. history[’accuracy’]) 76 pit. 

plot (history .history[’val_accuracy’]) 7 plt. 

+ plt. 

» plt. 

| plt.xlabel(’epoch’) 

title(’Model accuracy’) 

ylabel(’Accuracy’) 

*test’?], loc=’upper left’) 
plt.legend([’train’, 

. plt.show() 

:# Evaluate on the test set 
- 

f klearn.metrics import accuracy_score, precision_score, Fecali_score, 

rom §s . d 

fi_score 

“6 y_true = df_test [’Ansver’].values 

model predict (test.dataset) [0] . argmax (axis=-1) 
7 y._pred 

y_pred le. inverse_transform(y
_pred) 
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“) accuracy=accuracy_score(y_true, y_pred) 

precision = precision_score(y_true, y_pred, average=’weighted’) 

recall = recall_score(y_true, y_pred, average=’weighted’) 

» £1 = fi_score(y_true, y_pred, average=’weighted’) 

{:.2£}". format (accuracy *100) ) print ("Accuracy: 

{:.2£}".format (precision*100) ) print ("Precision: 

; print("Recall: {:.2f£}".format (recall*100) ) 

; print("Fi Score: {:.2£}".format (f1¥*100))




