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Abstract

Nowadays, NLP is getting more and more popular due to the vast development
of the computing units such as GPUs and CPUs. Especially, recent GPU models
allow researchers to process analyse and process terabytes of text and audio data
in a short period of time. The problem is that the data is not unlimited and has
its own threshold value, therefore data augmentation is one of the techniques of
data synthesis, the development of which can produce good effect on the Science of
Kazakhstan, to be more precise on the kazakh language processing research area.

This research aimed to develop and compare state-of-the-art uni-directional and
bi-directional LSTM architectures in order to determine which one is more effec-
tive in a task of generating synthetic, kazakh language based text data. Generated
synthetic data can be used in a variuos NLP tasks such as training NLP models,
content generation, text classification and domain adaptation. By generating syn-
thetic data scientist can overcome data limitations, model overfitting and open
new abilities in adjusting and increasing model performance.

Architectures used in this research are Uni-directional and Bi-directional LSTMs.
After many training session and model parameters tuning the study shows that
Bi-directional LSTM has its own pros and cons over the traditional Uni-directional
LSTM. Bi-directional neural network learns well and understands the relationship
between words better than Uni-directional one, but as expected the training pro-
cess takes much more time as it extracts the information from the input text in
both directions. The dataset used in this study consist of 10 000 unique rows of
text taken from the kazakh language based Wikipedia area where each row has
median as 80 word sequence. It worth to mention that in order to understand
the model relationship between the words study proposes the usage of FastText
pre-trained kazakh word vectors as an embedding layer for the both models. This
layer turns the input words into vectors where similiar words have close vectors.

Finally, the research takes a step towards generating synthetic data with the
help of which future works can avoid the problems of data limitations, on the
other hand researchers can save the time by ignoring ineffective model selection
problem and considering this study’s models comparison.

v



Annorariust

B nacrosiee Bpemsa NLP cranoBuTcs Bce 6osiee noryasgpHbIM OJ1arojiaps mmpo-
KOMY Pa3BUTUIO BBIYUCIUTEIBHBIX MOIIHOCTEN, Kak rpadudeckue mporeccopbl. B
YACTHOCTH, TIOCIETHUE MOJIETN IPAMDUIECKIX IIPOIECCOPOB TO3BOJISIOT MCC/IEI0BA-
TeIIM 00pabaThIBATh, AHAJIM3UPOBATH U IlepepabaThIBATh TepadalThl TEKCTOBBIX U
ayJIMOJIAHHBIX 328 KOPOTKUII TPOMEXKYTOK BpemeHu. [Ipobiema B TOM, 9TO JTaHHbIE
He 6e3rpaHUYHbl U UMEIOT IIOPOT, II0ITOMY yBeJIudeHne o0beMa JTaHHbIX ABJISAeTCs
OJIHIM M3 METOJIOB CHHTE3a JIaHHBIX, PA3BUTHE KOTOPOT'O MOXKET OKa3aTh XOPOoIlee
BIMdHUE HA HayKy Kazaxcrana, a TO4YHee Ha O0JIACTb MCCJIEIOBAHUI B O0JIACTHU
00pabOTKM Ka3aXCKOI'o si3bIKA.

D10 nccaeoBaHme OBLIO HAIIPABIEHO Ha Ppa3spabOTKy M CpaBHEHNE COBPEMEHHBIX
OJTHOHAITPABJIEHHBIX U JIBYHAIIPABJIeHHBIX apxuTekTyp LSTM, aT00n! onpeienTh,
KaKas 13 Hux Oojiee a3ppeKTuBHA B 3a/iade reHepaIui CHHTETUIeCKNX TEKCTOBBIX
JIAHHBIX Ha OCHOBE Ka3aXCKOI'o si3bika. CreHepupoBaHHbIE CHHTETHICCKUE TaHHBIE
MOT'YT OBITH MCIIOJIb30BaHbI B pa3nvHbIX 3a/a9ax NLP, rakux kak oOy4eHue mo-
neneit NLP, rereparusi KonTeHnTa, KjIaccuuKalnug TeKCTa U aJallTallus K IIpe/-
MeTHOIT obiactu. Co3/maBasi CHHTETHYECKHe JIaHHBbIe, YIeHble MOTYT IPEOI0JIeTh
OorpaHUYeHHE JIAHHBIX, [IEPEOCHACTUTH MOJIE/Ib U OTKPLITH HOBBIE BO3MOXKHOCTHU
JIJIST HACTPOMKN U TOBBIIIEHUsT TTPOU3BOIUTE/THHOCTU MOJIEJIH.

B sTom wmcciiejioBaHnN MCIOJIB30BAJIMCH OJIHOHAIIPABJIEHHBIE W JIBYHAIPABJICH-
wble LSTM. Tlocite MHOTOYMC/IEHHBIX TPEHHMPOBOK M HACTPOUKH ITApPaMETPOB MO-
JIeJIA UCCIefoBaHue TOKa3a/10, I9To AByHarpasieHnabii LSTM nmeer cBon rmrroch
U MHUHYCBHI 110 CPABHEHHIO C TPAJIUITMOHHBIM ojHOoHaImpaBaeHHbIM LSTM. /IByHa-
IpaB/IeHHasl HEHPOHHAs CeTh XOPOIIO 00yYaeTcs U JIyUIlle TOHIMAET B3aMMOCBSI3b
MEXKJTy CJIOBAMM, YeM OJIHOHAITPABJICHHAS, HO, KAK W OYKUJIAJIOCh, IIPOIECC 00yde-
HUs 3aHUMAET Topa3/0 00JIbIlle BpEMEHHU, TIOCKOIBKY OHA U3BJIEKAET UHMOPMAIIUIO
13 BXOJHOTO TEKCTa B 000MX HampabjeHusix. Habop JaHHBIX, UCIIOJIH30BAHHBIN B
sroMm uccyenoBanun, coctouT 3 10 000 yHUKAJIBbHBIX CTPOK TEKCTa, B3ATHIX W3
Bukunenn na Ka3axcKoM si3bIKe, Tle KaxK/asi CTPOKa UMeeT MeJIUaHy B BHUJE TO-
caepoBarebHocTu u3 80 cjioB. CTOUT OTMETUTH, YTO JIJIsl HOHUMAHUS B3AUMOCBSI3U
MEXK/JTy CJIOBAMHU HCCJIE/IOBAHUE IIPEJIaraeT UCIOIL30BATD IIPEIBAPUTEIHLHO TTOJIN0-
TOBJIEHHBIE BEKTOPHI Kazaxckux cyioB FastText. DTor cioit mpeobpasyer BxoiHbIE
CJIOB& B BEKTOPDI, B KOTOPBIX MOXOKUE CJIOBA UMEIOT OJIU3KNE BEKTOPDI.

Hakownern, ucciemoBanue jgeaer mar K MOJYIEHUIO CHHTETUIECKUX JTAHHBIX, C
MIOMOIIBIO KOTOPBIX OyJIyIHe UCC/IEIOBATETN MOI'YT U30€KATh TPOOJIEM, CBI3aH-
HBIX C OTPAHUYIEHHOCTBHIO JAHHBIX, COKOHOMUTDH BPEMsI, HTHOPUPYsI IPpoOIeMy Hedh-
¢deKTUBHOrO BBIOOpa MOJIC/IN U PACCMATPUBas CPABHEHHE MOJIE/Iell B 9TOM UCCJIe-
JIOBaHUMN.



Anjaria

Kazipri yakbirta NLP Texnosorusico! rpadukabik mporeccopsiap CUsIKThbl ecell-
Tey KOH/IbIPFbLIAPBIHBIH KeH, JJaMyblHa OailIaHbICThI TAHBIMAJ 00J1a OacTaIbl. Ocipe-
ce, GPU-HbBIH cOHFBI yiITiIepi 3epTTeyIiiepre KbICKa YaKbIT IIIHIe MOTIHIIK KoHEe
ay/uo JiepeKTep/iiH, TepabaiiTTapblH Tajjiayfa >KoHe eHJeyre MYyMKIHJIK Oepe/ii.
Mbocesie MblHaIa, Kas3ak TidiHgeri madopMalig IMeKTi, COHABIKTaH OHbI CHHTE3-
Jley apKbLIbl KOOeHTy oicTepinin 6ipi 60JIbIIT TaObLIaIbI, OHBIH, JaMybl KaszakcTan
FBLIBIMBIHA YKAKCHI 9CEP €Tyl MYMKIH.

By 3eprTey Kazak TijliHe HEri3Je/INeH CHMHTETUKAJIBIK MOTIHJIK JIe€PEKTep/Ii re-
Hepalysiay TalChIPMaChIHa KalChIChI THIM/IIPDEK €KeHIH aHBbIKTay YIIiH 3aMaHa-
yu Oip 6arbITThl )KoHe eki OarbITThl LSTM apxurekTypasapblH o3ipjieyre yKoHe
caJIBICThIpyFa OarbiTTasran. 2Kacajaran cMHTETHKAJDLIK JiepekTepi NLP Moens-
JIEpiH OKBITY, Ma3MYH/IbI IeHepallusijiay, MOTIH/I »KIKTey »KoHe JIOMeH/Ii OeitiM ey
cusakThl oprypsai NLP tanceipmasiapeinga naiigasanyra 6osaabl. CHHTETHKABIK,
TEKCTI TeHepalusiay apKbLIbl FaJbIM JIEpEKTED IEKTeyJIepiH eHcepe ajiajibl, MO-
JeJIB/IiH ITaMa aH ThIC COMKECTITH aHbIKTal ajaabl XKoHe MOJIeIb OHIMILIITIH peT-
Tey MeH OHBIH Maii/lachlH apTTHIPY/Ia KaHa MYMKIHTIKTEPI alra aJaa bl

By 3eprreyie KoaHbLIaTBIH apXUTeKTypajgap 06ip OarbITThI KoHE €Ki OarbIT-
eI LSTM 6011 TabbL1aabl. Kenreren KarThiFysiap MeH MOJIE/b TapaMeTpIepin
perterennen keitin 3eprrey eki 6arbiTThl LSTM moctypsi 6ip 6arerrter LSTM-re
KaparaH ia ©3iHiH apTHIKIIBLIBIKTAPHI MEH KEMINLTIKTEPi Oap ekeHin kepcerei. Eki
OarbITThl HEHPOHIBIK, Kejli 06ip OarbITThI KeJlire KaparaHa CO371ep apachIHIAFbI
Oall/TaHbICTHI YKAKCHI MEHI'epe/Ii YKoHe YKaKChl TYyCiHe/ i, Oipak KyTKeH Iel, OKY IIpo-
1eci oasiaeKaiiia y3arblpak YaKbITThI aJ1a/Ibl, OUTKEeH] 0J1 €Ki OarbITTa Jia eHri3iareH
MOTIHHEH akmapaTThl ajgajabl. Ockbl 3epTTeyie HaiifaJaHblIFaH JIepPeKTep *KIHAFbI
Kazak Tigingeri Yukuiemus afimarbiHaH ajbiaran 10 000 Gipereit MoTiH KOJIbI-
HAH TYpaJbl, MyHIa opOip KoyablH MemmaHachbl 80 ce3jeH Typajbl. AiiTa KeTy
KepeK, CO3JIep apachlHIarbl MOJIE/IB/IIK Oall/IaHbICTHI TYCIHY VIINIH 3€pTTEy €Ki MO-
JleJIb VIIiH Jie eHipy Kabarsl peringe FastText amapia afla OKbITBLIFAH Ka3ak o3
BEKTOPJIAPHIH MailIajaHy/ bl YChIHAIHI.

AKBIpBIHIA, 3ePTTEY CUHTETUKAJIBIK, JePEKTEP/Il sKacayra KalaM KacailIbl, OHbIH
KOMeriMeH OoJialiak »KYMBICTApP JEePEKTep/Ii IMeKTey Macese/Iepin 00 bIpMaiiibl,
eKIHIT KarblHaH, 3epPTTEYIILIEp MOAETbIEP/Il TaHIayIbIH THIMCI3 MOCceTeciH eje-
Mey 2KoHe OChI 3ePTTEY/IIH MOJIeTh/IEPIH CATBICTHIPY/IBI KAPaCTHIPY apKbLIbl yaKbIT-
THI YHEM/IE aj1a/Ibl.
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LSTM - Long Short-Term Memory

NLP - Natural Language Processing

GPU - Graphical Processing Unit

CPU - Central Processing Unit

TPU - Tensor Processing Units

RAM - Random Access Memory

RNN - Recurrent Neural Network

GPT - Generative Pre-trained Transformer
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METEOR - Metric for Evaluation of Translation with Explicit Ordering
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Chapter 1

Introduction

1.1 Background and Motivation

Recently, NLP has become one of the popular direction in deep learning area,
glad to chat bots, artificial avatars and assistants in the commercial industry or
text to speech tasks. NLP is a science which studies the abilities of computers
to manipulate, generate and understand natural languages. The latest researches
provides the machine abilities to understand and generate meaningful text data
or even voice speech as an output. Based on this we can divide NLP area into
two parts where natural language understanding is a branch which is responsible
for semantic analysis and understanding the language whereas natural language
generation is based on generating human readable, meaningful text.

Generally, there are several key points why NLP has become one of the fast
pace developing area in artificial intelligence branch. One of those key points
is advancements in the data processing algorithms or in another words neural
architectures developed by the industry giants and the scientists. For example,
the recent techniques called transformers, particularly models like BERT or GPTs
have made a revolution the observed field by allowing to make more accurate and
sophisticated language understanding and generation compared to the traditional
state of the art techniques such as recurrent neural networks and its sub types.

From another hand, it is worth to mention the exponential in computational
power units such as GPUs, CPUs or even TPUs. That advancements allow to
to train large language, complex models that can process vast amounts of data
quickly and efficiently. That changes in the industry lead to another point which
causes the interest and scientists motivation in proceeding the studies called open
source libraries or datasets.

The development of open-source NLP libraries and frameworks has increased
and made an impact into field by democratizing the access to the latest tech-
nologies, allowing a wide range of developers and researchers to contribute and
participate in the development of the new technologies and appearance of open
source datasets.

Those open source technologies and datasets enables the growth of technology
applications in real world scenarios such as chat bots, virtual assistants, translation
services, sentiment analysis and etc. These application scenarios shows us the value



and practical application of NLP, driving further interest and investment in the
field.

It is significant to make a contribution in the study of languages with the
low level of observation which is kazakh language. Such researches make a vast
contribution to the development of NLP for particular languages as they often
have distinctive syntax, morphology, phonology and lexicon as kazakh language
is. Syntax is a group of rules which defines the structure of the sentence in a
language and structures the words in an order to form the meaning. For example,
in the sentence "I go to school" we can see the structure subject-verb and object,
this sentence structure is a common for many languages in the world. Morphology
studies the structure of words and how they form. Typically, as a structure we
propose the usage of prefixes, suffixes and etc. Phonology refers to the study
of sounds and how they formed in a particular language. Finally, lexicon is a
vocabulary or set of words in a language.

Kazakh language is a rich in every section of language formation mentioned
above. It is one of the richest languages in the world as the lexicon or in another
words vocabulary of the kazakh language contains approximately 2.5 million words.
Language is characterized by the addition of suffixes and endings as most of the
world languages, but the uniqueness is that prefixes are not used as they performed
by suffixes and post positions.

Those distinctive features make kazakh language difficult to learn, understand
and analyse, as shown by the number of studies conducted over this language in
the computer science area. That is the main point of providing the research in
this direction.

1.2 Objectives

The purpose of the study is to contribute to the development of the science
of Kazakhstan in the terms of analysing and generating the meaningful kazakh
language based text data. Research expects achieving this goal by comparing the
performance of the constructed two types of LSTM [1] models which are Uni-
directional and Bi-directional LSTMs. The training process took it place on the
Google Colab Pro [2] platform using TPU as a processing unit with the 334.6GB
RAM memory with the same values for such parameters like learning rate, epoch
number, batch size, sequence length and etc.

Models trained over data consisting of 10 000 unique text rows, where each row
at average contains 80 words sequence, totally passing the sequence consisting of
800 000 word to the models. The data before being fed into models has passed the
preprocessing and cleaning steps. In general, at the time research being conducted
there is a lack of digital kazakh language based text data and the number of
researches which provides text generation methods are at a low level, which in
turn is the motivation for the conducted research work.

Despite the fact that currently state-of-the-art GPT [3] architecture outper-
forms LSTM and RNN architectures, the study objective is to see the results and
provide the performance of the LSTMs in the task of kazakh text generation. Pri-
mary reason of choosing the LSTM architecture is that the most of the research
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Figure 1.1 - Illustration of RNN architecture

Source: https://medium.com/@poudelsushmita878/
recurrent-neural-network-rnn-architecture-explained-1d69560541ef

is in this direction of text generation task are using GPT and RNN architectures
ignoring the LSTMs.

Finally, by comparing the output in terms of generated kazakh language based
text of Uni-directional and Bi-directional LSTMs [4], study tries to identify the
output difference and quality of both text generation models. From the other hand
research demonstrates for kazakh language text generation task which architecture,
model parameters, preprocessing techniques and machine metrics consider to use
for the future works.

1.3 Problem definition

Without a doubt NLP has become one of the fast-pace developing area in the
field of artificial intelligence and achieved great results in text generation, speech to
text, text to speech, voice synthesis areas, but the fact is that mostly the progress is
seen only for widely spoken and used languages such as english or russian, leaving
less-resourced languages the shadows of progress such as kazakh language. There
are several reason why is this happening. Primary reason is an access to the large
database of digital data in terms of text, audio and etc. for those widely spoken
languages. The plenty of data lead to the progress and quantity of the researches
connected with the NLP field. In the case of less-resourced languages there is a lack
of digital data, as a result there is a low level of researches, lack of language corpus
and absence of pre trained models for processing and analysing the language data.

In our case, those results has the opposite effect on developing kazakh language
based technologies such as chat bots, virtual assistants and more applications re-
lated to the kazakh spoken society. Which leads to the gap in the development
of technology and the degradation of society. This research attempts to fill the
progress gap and stimulate growth of the studies in kazakh language processing
area. By developing text generation models for kazakh language, the study con-
tribute to the developing of technologies for less-resourced language.

Such kind of studies make a vast contribution to the development of low re-
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sourced languages as kazakh is in the field of natural language processing by pro-
ducing adapted language models and developing the datasets for future works
where an important factor regarding the datasets is the quality and the structure
of the collected data.

1.4 Research questions

This section supposed to demonstrate the specific research questions addressed
to kazakh text generation using uni-directional and bi-directional LSTM architec-
tures. The research questions below reveal the purpose and the meaning of the
study:

1. What is the difference in terms of performance and the quality of the gener-
ated text measured by the human evaluation between unidirectional LSTM
and bidirectional LSTM models?

2. How does the size of training dataset affect the quality of the generated text
for both models?

3. What are the limitations of uni-directional and bi-directional LSTM archi-
tectures for kazakh language based text generation?

4. How does FastText as an embedding layer and model parameters affect the
performance of LSTM models?

5. Do the observed architecture shows better results in terms of text generation
compared to the state of the art GPTs for kazakh language?

The research questions provided above can be considered as a roadmap for

our research of generating meaningful kazakh text using LSTM architectures. By
answering each questions we will dive deepear and find the pros and cons, potential
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improvements of the uni-directional and bi-directional models.

Throughout this process, research aims to make a contribution in the developing
the language model, sharing the experience and providing an inspiration for future
works related to the kazakh language based text generation techniques.



Chapter 2

Literature Review

2.1 Overview

This section provides description of text generation foundations, analysis of the
previous works and finally proposes a consensus by providing the context of the
study, showing the gaps for further researches and informing the progress of the
current work.

The first steps toward to mimic human intelligence using machine were held
in 1950 by Alan Turing using the tool called Turing Test [5]. This test involves
evaluator person who interacts both with another human and machine using text
based communication. The aim was to convince the evaluator that he was com-
municating with another person, although in fact it was machine, if so the test is
passed.

Talking about the term Al it was first introduced in Dartmouth Conference
which took its place in 1956. The community in a head of John McCarthy, Marvin
Minsky, Allen Newell, and Herbert Simon theoretically proposed and reasoned a
machine intelligence which can mimic the human intelligence.

Years later, in 1970s and 1980s there have appeared expert systems. That is the
programs that mimic decision making ability by using set of rules and knowledge
base. They produce the decision depending on the input without performing some
mathematical operations.

The term neural network appeared in the 1980s - 1990s where the researchers
Geoffrey Hinton, Yann LeCun and Yoshua Bengio provided a significant contri-
bution to this field by developing the backpropagation algorithm and introducing
improved neural network architectures.

The start of deep learning era took its place in late 2000s due to the progress
in computing units, data availability and size. Years later leading to the deep
learning resurgence in 2010.

Text generation as a subset of the NLP area is fast developing research branch.
It takes the start from the early researches in the computational linguistics which
were focused on the developing algorithms for text generation based on pre-defined
grammatical rules and linguistic patterns. Those algorithms are the basis for
the developments which took their place later in the field of statistical modeling,
machine and deep learning methods for text generation task.



Statistical modeling is an text generation approach which uses probabilistic
models for estimation of the specific word sequence appearance in a give context.
It uses the methods such as n-grams, hidden Markov models and probabilistic
context-free grammars.

Machine learning approach considers using supervised and unsupervised learn-
ing algorithms. Where supervised learning is based on the training the model
over the labeled text data in order to learn patterns, but unsupervised learning
supposed to find hidden relationship among the text data.

Deep learning based approach proposes the neural networks usage with the
famous architectures like RNN, LSTM, GPT which have made a drastical changes
in the context of text generation by demonstrating impressive results in the form of
human-like text by learning hierarchical representations of language and context.
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Figure 2.1 - Hlustration of Uni-directional LSTM architecture

Source:
https://www.geeksforgeeks.org/understanding-of-1stm-networks/

In this research we propose the usage of uni-directional and bi-directional LSTM
architecture which were used for both of the models accordingly. The LSTM ar-
chitecture visually demonstrated in the figure 2.2. This model is a type of RNN
architecture which was designed to overcome the problem of vanishing gradients
which usually happens on a long sequence data. In the case of text generation
vanishing can lead to very small gradient value, therefore it will update weights
inefficient causing slow training process. LSTM solve this problem by initializing
special state cells where each of them contains several components. The compo-
nents are:

1. Cell State: in the figure from left to right top straigth input is Cell state.

It represents the entire cell memory and can be dynamicly updated during
the training process by removing or adding information depending on the
current state and input data.


https://www.geeksforgeeks.org/understanding-of-lstm-networks/

2. Hidden State: in the figure from left to right bottom to top input is a hidden
state. It represent the cells output and passes the information to the next
time step. This state is computed based on the input, the previous hidden
state and the current state.

3. Gates: in the figure from left to right they can be observed as a sigmoid
activation function in 3 places. First one is forget gate, second one is input
gate and the last one is output gate. Those 3 gates decides whether to forget
information, which information to accept and return as an output.

Generally LSTM is capable of selectively updating and spreading the infor-

mation over the time, capturing long-range dependencies. As LSTM has those
abilities it makes sense to use it for a wide range of tasks involving kazakh text

generation task.

Figure 2.2 - Illustration of Bi-directional LSTM architecture

Source: https://www.geeksforgeeks.org/bidirectional-1stm-in-nlp/

The key difference between uni-directional and bi-directional LSTM is that last
one captures the information from sequential data in both directions while uni-
directional captures information only from past to future. Also the bi-directional
LSTM uses two LSTM layers where first one is used to process the information
for forward direction and the second one is used to process the information back-
ward. Usually, bi-directional LSTM is used in a tasks where the contexts from the
both past and future are important, this allows them to capture more contextual
information rather than uni-directional ones.

By diving into those foundational concepts, this section provides comprehensive
understanding of the basic principles which are lying in the basis of this research.
In the next sections we review the previous studies related to the research topic,
their methodologies and finally reaching the consensus of this chapter.

2.2 Previous work

Previous researches in the domain of kazakh language processing have used
various methods and techniques starting from creating a model for text to speech
tasks, sentiment analysis, text generation and others. But we will review only ones
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related to our research, particularly text generation models. There are we review
recent key findings and methodologies from previous works.

The study [6] titled "Generative Pre-Trained Transformer for Kazakh Text Gen-
eration Tasks" proposes an objective of evaluation text generation models adapted
for kazakh language. Author uses a transformer based neural network for the
research.
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Figure 2.3 - llustration of transformer architecture

Source: https://medium.com/@tsaiabhi.cool/
explaining-gpt-3-architecture-and-working-d0219c79202c

Their approach is to train large language model for the kazakh language using
substantial text corpus. After the training process author fine-tuned the model
using specialized question answering dataset. At the end proposed pre-trained
large language model goes under the evaluation step where the process achieved
with the help of conversation response generation task.

Findings of this research shows that it is difficult to achieve good results in text
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generation task for languages with low resource due to the lask of data in order
to properly train despite the fact that study used the state-of-the-art solution.
Even so fine-tuned large language model shows promising results. More precisly,
the BLEU [7] score shows result as a 8.5 percent which means that generated text
some how is similiar to the referenced one.

The two datasets were used in this research. The first one is a large dataset
taken from the different domains in order to train the model. And the second
one is collected for the question-answering task which were used for the evaluation
purposes.

The second research [2] called "The Task of Generating Text Based on a Se-
mantic Approach for a Low-Resource Kazakh Language" proposes a method for
text generation task where they choose semantic approach, using machine learning
techniques.

The methodology consists of semantic analysis over the input text including
word, stop word and symbol counts. After the TF-IDF [8] metric is used to
identify the semantically important parts of the given text. Finally the input text
which was annotated based on the provided semantic analyse and passed forward
to the model in order to generate text data.

TF-IDF(t,d, D) = TF(t,d) x IDF(t, D) (2.2.1)

In the equation above t is the word being evaluated, d is the document contain-
ing the word t, D is a collection of documents. TF(t,d) is a frequence of word t in
document d. IDF(t, D) is a frequence of word t among D collection of documents.

TF-IDF statistical metric used to measure the significance of a word in a doc-
ument in compare of a collection of documents. This metric consists of two parts.
TF which stands for term frequency and inverse document frequency IDF.

TF metric measures how often the word appears in a document. Depending on
the frequency of the work it shows it importance in document context. IDF has
the similiar measure except that it shows the frequence of a word among collection
of documents. The least frequency word appear among documents, the high level
of importance it has.

In this research, TF-IDF metric is used to identify semantically important words
in the kazakh language training dataset.

As the for model the state-of-the-art GPT-3 [9] architecture was chosen for
text generation task. Finally the study shows that using semantic analysis gives
significant opportunities in the kazakh text generation task.

Talking about the GPT-3 architecture, it was developed by OpenAl, and as
it name stays the model is based on transformer architecture. This model was
trained over the vast amount of the data and demonstrated remarkable success in
terms of generating human like text data.

In the context of the research the model is used to generate kazakh language
text.
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2.3 Consensus

Provided both researches makes a huge contribution to the development of the
text generation task for the kazakh language. The only thing that connects this
studies is that they use transformer architectures for their research, but the ap-
plications are different in term of the adaptation of the pre-trained large language
models and how do they use the attention mechanism in order to get the high
performance results and meaningful generated text.

Findings

The paper "Generative Pre-Trained Transformer for Kazakh Text Generation
Tasks" proposed a the usage of large transformer-based language model which
was trained over kazakh language dataset. Finally was fine-tuned using ques-
tion answering dataset. The study showed promising result with the BLEU score
achieving an 8.5 percent, meaning that generated and referenced data has some
similiarities.

The paper "The Task of Generating Text Based on a Semantic Approach for
a Low-Resource Kazakh Language" this research address the problem of kazakh
text generation using semantic analysis approach. Where before feeding the train-
ing data into the transformer model, they provided semantic analysis with the
annotation over the training data.

Common

Both studies addressed the problem of kazakh language based text generation,
highlighting the importance of creating the kazakh text generation models. Also
they share the same concept of using transformer based architectures. While the
first paper was aimed to use pre-trained large language model and tune it according
to the kazakh language, the second one proposes the usage of semantic analyses
by extracting the necessary information and annotating the training data.

Conclusion

In conclusion, observed researches makes a valuable contribution into text gen-
eration branch for the kazakh language. Those studies show the effectiveness of
different methods and algorithms in text generation task. As mentioned above,
one emphasizes the usage of pre-trained large transformer-based model, while last
one shows the significance of semantic analysis of training data in order to improve
the quality of the generated data.

Together that studies prove that text generation is not only the use of a certain
template, architecture or dataset. But provides different approaches of achieving
text generation task for kazak language.
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Chapter 3

Methodology

3.1 Dataset

The initial dataset [10] used in this research contains 300 000 unique rows of text
where each row has an average length of sequence equal to 88 words. The dataset
was formed by scrapping the kazakh language based Wikipedia dump. It represent
the raw data containing symbols, special characters and numbers. For the research
reason 10 000 random text rows were chosen as a subset and preprocessed using
techniques such as lowercasing, deleting special characters, newlines, symbols and
numbers. Finally each row was split into the separate sequence.

3.2 Architecture

The study proposes the usage of uni-directional and bi-directional LSTM archi-
tectures in order to compare and determine which one outperforms another in a
term of text generation task.

Input

!

FastText Embedding

Output

Figure 3.1 - General architecture for LSTM models used in this study.
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The main distinguishing feature from other LSTMs is that study uses the Fast-
Text [11] pre-trained kazakh vord vectors as an embedding layer. There are several
reasons for that usage:

1. Semantic relationship: using FastText pre-trained kazakh word vectors allow
to the model to capture the semantic relationship between the words and
improving the generated text quality.

2. Generalization: as we use pre-trained FastText word embeddings it means
that the model have seen a lot of data which leads to better generalization
for unseen data.

3. Size reduction: FastText pre-trained word vectors have low dimensionality
rather than random initialized embedings or one-hot encodings. This makes
computation more efficient and reduces the risk of overfitting considering
that the study already use a small part of the initial dataset.

4. Vocabulary handling: FastText pre-trained kazakh word vectors can handle
words that are out of vocabulary by breaking down them into character
n-grams.

5. Transfer learning: With the help of FastText pre-trained kazakh word vectors
our models at initialization step do not start from scratch, but have already
some knowledge about the observed kazakh language.

FastText is a library for efficient learning and understanding the word repre-
sentations in textual data and text classification. This library was presented by
the Facebook’s Al research team. It was presented in order to solve the limitation
problem of traditional embedding methods such as Word2Vec [12] by capturing
the subword information and providing the embeddings for the words which are
out of vocabulary. In the 6.5 the process of embedding formation is shown over
the text "I have expertise in python".

The first step is a text preprocessing, where the text is tokenized into individual
words. Then each word is break down into character n-grams. For example,
"python", "pyth", "hon" and so on.

In the second step, FastText applies skip-gram model to learn those word rep-
resentations. Trying to predict context words bases on a target word. In our case
the context words can be "I' or "expertise'.

Third step considers using of hierarchical softmax for word embeddings com-
putation. The words are organized into binary tree where each node represents
a word in the vocabulary. This technique has overcome traditional softmax as
during the training process model traverses the tree which makes the computation
of probability distribution over the words more efficient.

Worth to mention that ability to generalize well on the words out of vocabulary
is because of FastText captures subword information as described in the first step.
With the help of this subword FastText understands the similiarity of the words.
As an example, in our case "python" and "expertise' can have common subwords
like "py", "th" and etc.

In the forth step, finally after training process each word in the vocabulary rep-
resented as a dense vectors or in another words embeddings in a high-dimensional
space. Those final embeddings contain the semantic and morphological informa-
tion of the words in a given context.
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Figure 3.2 - llustration of FastText embeddings

Source: https://www.researchgate.net/figure/
Architecture-of-fastText-embedding figl 361845657

Finally, the usage of FastText pre-trained word vectors ad an embedding layer
is a good experience for text generation task. The reasons mentioned above in
total, provide a good effect on the performance of the model and the quality of
the generated text.

3.3 Research setup

Research was conducted on the web platform called Google Colab using Python 3
programming language and Pytorch framework. After many training processes the
research process, especially the development of the models and their training were
provided and moved to the Google Colab Pro platform where as a processing unit
study proposed the TPU with the RAM size of 334.6GB. For the models creation
we used PyTorch framework in a pair with downloaded and initialized pre-trained
FastText kazakh word vectors. For the storage purposes research considered using
of Google Drive Pro in order to store the dataset and saved models after their
training process.
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Chapter 4

Text Generation Models

4.1 Unidirectional LSTM

Study proposed the usage and comparison of the traditional uni-directional LSTM
model with significant changes in the model architecture. The primary reason
of choosing the LSTM architecture is that ability to overcome the problem of
vanishing gradients. Especially for long sequence data as a text.

Vanishing gradients fenomenon usually happens during the training process
of deep neural networks, especially when training the recurrent neural networks.
Technically this problem is caused when gradients of the loss function becomes
extremely small which leads to the slow training process or even the stop.

The architecture proposed by the study has several changes and optimization
techniques in order to properly train the uni-directional LSTM model.

Model architecture
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Figure 4.1 - Hlustration of LSTM architecture

Source: https://www.oreilly.com/library/view/neural-networks-and/
9781492037354/ch04 .html
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The uni-directional LSTM model proposed by the study consists of single LSTM
layer and stacked 3 fully connected layer. As mentioned before, the model uses
FastText pre-trained kazak word vectors as its embedding layer in order to repre-
sent the words. The LSTM layer captures the information and processes the input
in one direction, from past to future manner. Finally the LSTM output is passed
to the stacked fully connected layers in order to produce the output predictions.

Distinctive features of our model are stacked fully connected layers at the end
and the usage of FastText pre-trained kazakh word vectors as embedding layer.
There are definitions of their usage:

1. 3 stacked fully connected layers are used in order to increase the depth of the
proposed model, as those deep layers results better performance compared
to shallow networks with less layers. Another reason is that additional layers
provides more parameters to learn leading to better performance in terms of
generating the output.

2. The use of pre-trained FastText word embeddings allows the model to start
already with some information and semantic and morphological information
between the kazakh words, allowing it to deal with the words that are out
of vocabulary. Generally it is a good practise to use it in order to generate
quality text, especially for language like kazakh.

Training process

During the training process model is trained using forward and backward se-
quences to learn input data representations in both directions. The training pro-
cess repeats until reachs the number of declared epochs. Where at each epoch the
model proceeds entire dataset using the batches where the batch size is adjustable
parameter.

The parameters of the model are updated using the Adam optimizer based on
the gradients computed in the process of backpropagation.

N C
£(y.9) =~ 3 D iy Tos(i) (4.1.1)
i=1j=1

The equation above represent CrossEntropyLoss function where y is the ground
truth and y is the predicted probability distribution, /N is the number of samples
in a batch, and C' is the number of classes in our case size of the vocabulary.

As a measurement for difference between predicted and actual output the model
uses CrossEntropyLoss function. The reason why study uses this function for loss
calculations is that in text generation task each word in a vocabulary represents
a class, and our aim is to predict the probability distribution over those words for
the next word.

In order to prevent gradient accumulation the model uses detach method after
each iteration over hidden and cell state.

Pros and cons

The good side of usign the uni-directional LSTM is that they are computa-
tionally efficient and simple to implement what makes them suitable to the use in
many text generation and sequence tasks.

The bad side is that they can not handle the information in the both direction
and the second problem is that there is no ability to capture long-term context in
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a sequence text.

4.2 Bi-directional LSTM

The second model used in this research is a bi-directional LSTM model. This
architectures solves the problem of uni-directional LSTM in a way that it can
process the input data in the both forward and backward directions. With the
ability of capturing the information from the past and the future it can producre
rich semantic and syntactic features.

outputs

h
backward
| ayer LSTM LSTM
yy A
forward 1 5 |STM™ LSTM
layer
inputs Xt-1 Xt X1

Figure 4.2 - llustration of BiLSTM architecture
Source: https://dagshub.com/blog/rnn-1stm-bidirectional-1lstm/

Model architecture

The bi-directional LSTM consists of two LSTM layer where the first one pro-
cesses the input sequence in forward directions and the second one in backward
direction.

Similiar to the uni-directional LSTM, this model also uses FastText pre-trained
kazakh word vectors as an embedding layer for word representations.

Finally, the stacked fully connected layers added to the model in order to process
the bi-directional features and produce the output.

Training process

Training process repeats the same logic as in uni-directional LSTM except the
moment that bi-directional version learns bidirectional representations of the input
data using both forward and backward directions.

Pros and cons

The advantage of using this architecture is that it can handle semantic infor-
mation for the long sequence data. But the bad side is performance in terms of
computing units. This architecture needs powerful units and large datasets in
order to properly process the training compared to uni-directional ones.
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4.3 Model comparison

In previous sections the study described the both architectures and training pro-
cesses for uni and bi directional LSTMs. In this section we finally summarize this
comparison below:

1. The uni-directional LSTM captures the information over the sequence in
one direction from past to future while bi-directional LSTM handles this
information in both directions and in longer sequences which outperforms the
uni-directional LSTM by generating higher quality text. But uni-directional
LSTM can be better at the task where information from the past is necessary
in order to predict the future tokens.

2. While the bi-directional LSTM shows the best performance it can cost a lot
of computational resources and data compared to the uni-directional one.

Concluding the comparison, the choice between uni-directional LSTM and bi-

directional LSTM lies under the options of the performance and resource require-
ments.
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Chapter 5

Evaluation and Metrics

5.1 Evaluation techniques

Qualitative assessment

This method involves experts based evaluation over the defined criteria such as
fluency, coherence, relevance and readability. The judges compare the generated
text and can leave a feedback or rating over the sample or mark specific parts of
the text. Finally among the generated data experts can choose the best one to
make an overall evaluation. There are some examples of this technique:

1. Content analysis: the experts analyse the content generated by the language
model for some criteria like relevance, accuracy and correctness. They com-
pare the generated output with the referenced text in order to evaluate its
accuracy.

2. Visual inspection: the judges inspect the visually the generated text and
search for correctness in such aspects like font size, symbols, spacing and etc.
In order to evaluate the models output for aesthetic appeal and readability.

3. Comparative analysis: in this case, the experts compare generated outputs of
different language models in order to determine their strengths, weaknesses
and output quality.

Quantitative evaluation

This approach proposes the usage of automated tools in order to evaluate the

generated text. Those tools provide the numerical scores such as similarity between
generated and referenced text, their diversity or semantic coherence. Example of
this tools can be seen from the researches in a previous work from the chapter
2 where they used metric called BLEU score in order to evaluate the quality for
generated text.

Human studies

This metric assumes that generated text can be evaluated without experts of

the field but with the help of end-user. Usually they can be asked to perform work
or give a feedback about the quality, readability and relevance of the generated
text. Human studies can produce a valuable feedback on model performance and
the quality of the generated text. There are several examples of this metric:

1. Survey analysis: researchers design a survey where the participants will be
asked to read and evaluate the generated text using some criteria such as
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grammatics or overall text quality using some predefined rating system.

2. Focus group: researchers provides groups consisting of small amount of per-
sons where the aim is to collect group’s opinion, suggestions from the different
perspectives regarding the generated data.

3. Interview analysis: in this methods the researchers provides one to one in-
terviews with participants in order to collect the opinion, experiences and
perceptions after exploring the generated data.

5.2 Performance metrics

BLEU Score

BLEU stands for Bilingual Evaluation Understudy. This metric measures the
n-gram overlap between the referenced and generated text by calculating the pre-
cision for n-gram size and combines them using geometric mean. The range of this
score lies between 0 and 1 where high score means high similiarity to the referenced
text.

N
BLEU = BP x exp (Z Wy, logpn> (5.2.1)

n=1
ROUGE Score
ROUGE stands for Recall-Oriented Understudy for Gisting Evaluation. This
score evaluates the overlapping between the generated and referenced text. The
score range vary between 0 and 1 where value closer to 1 means high level of
similiarity to the referenced text.

number of overlapping words

ROUGE =

5.2.2
total words in reference ( )

F1-Score

This metric calculates the harmonic mean of precision and recall. Usually this
metric is used in text classification tasks, but can also be adapted to the use in
text generation problems.

Pl 2 x precision x recall

(5.2.3)

precision + recall

METEOR Score

METEOR stands for Metric for Evaluation of Translation with Explicit Order-
ing. This metric evaluates the quality of machine translation by measuring the
accordance of generated and referenced text.

P xR
METEOR = 5.2.4
axP+(1—a)xR ( )
Overall it is worth noting that most of the metrics used in text generation model
evaluation tries to calculate the difference between generated and referenced text

proposed by the model.
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5.3 Perplexity-Based Evaluation

In the language processing area the method called perplexity is significant metric
which is used in various language models including those for text generation task.
This metric is a measure of language model uncertainty when predicting the next
word in an sequance. The low value of metric means that the model is accurate
enough to generate the quality text.

N 1

e

=1

PPL(W) = fd (5.3.1)

(wi|w1, W,y ...y wi_1>

where the N is the number of words in a test set and P(w;|wy, wy, ..., w;_1) is
conditional probability of word w; given set of previous words wy, wa, ..., w;_1.

Summing up, there are various metrics and techniques to evaluate large lan-
guage models starting from human evaluation and ending with automated tools
we covered above. Evaluation of the models is a significant part of the model
development as it shows the model performance in terms of how they good at
generating the text toward to referenced ones and its quality.
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Chapter 6

Results

6.1 Metrics

The training process for the both LSTM models was provided several times, where
each time there was a changing in such hyperparameters like learning rate, batch
size, epoch number, optimizer algorithms, dropout probability rate and manipu-
lation with data.

Training Loss
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Figure 6.1 - Illustration of simple LSTM model training epoch - loss graph

The first try was not good as expected as we can see in the figure above, the
training loss was jumping to high whenever new epoch starts. Also the architecture
of the model was not original as described in this study. For the first try it was
the same LSTM model but without FastText pre-trained kazak words embedding
layer and optimizer algorithm. The following parameters were set:

1. Learning rate - 0,00001.
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2. Batch size - 32

3. Epoch number - 500

4. Sequence length - 8

The reason why loss is jumping too high at the beginning of the epoch is
addressed to the small batch size and sequence lenght parameters. They cause the
fluctuations in the each epoch loss.

Training Loss per Epoch
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Loss
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Epoch

Figure 6.2 - Hlustration of simple LSTM model training epoch - loss graph

After increasing the batch size and the sequence length with learning rate we
got a bit smoother graph, but as we see the loss is still jumps and causes the
fluctuations at the each epoch loss. The applied parameters are written below:

1. Learning rate - 0,0001.

2. Batch size - 64

3. Epoch number - 100

4. Sequence length - 16

After tuning the hyperparameters of the models, study proposes the usage of
optimizer algorithms and increasing the model parameters. Result below shows
the loss - epoch graph of the second try with the following hyperparameters set:
Learning rate - 0,0001.

Batch size - 128

Dropout - 0.1

Adam optimizer algorithm
Epoch number - 10

. Sequence length - 24

Now the the loss in both models seems to be smoothly decreasing and this is
the metric which tell us that models are started properly learning. To make the
training process better the models were tuned and again trained in order to achieve

SN S
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Figure 6.3 - Illustration of train-
ing Loss - Epoch graph for uni-
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better loss - epoch results.
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Figure 6.4 - Ilustration of training
Loss - Epoch graph for bi-directional
LSTM

Finally to achieve better results, the models was tuned and trained again with

the following models parameters:
Learning rate - 0,0001.
Batch size - 256

Dropout - 0.5

Adam optimizer algorithm
Epoch number - 100
Sequence length - 18
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Figure 6.5 - Illustration of train-
ing Loss - Epoch graph for uni-
directional LSTM

Training Loss per Epoch

Figure 6.6 - Illustration of training
Loss - Epoch graph for bi-directional
LSTM

It worth to mention that in both graphs of the LSTM models the loss is still de-
creasing meaning that we can repeat the training process with the increased epoch
number. Unfortunately in this study because of the computing unit limitations we
could not provide the training process with a large number of epochs in order to
see how the models will behave in such situation.

After this decision, the study decided to provide another try and train the



bi-directional LSTM with increased model parameters before reaching the compu-
tational limit of the machine. The parameters are shown below:
1. Learning rate - 0,0001.
Batch size - 256
Dropout - 0.5
Adam optimizer algorithm
Epoch number - 5, 50 and 100
Sequence length - 80

o G WD

Training Loss per Epoch Training Loss per Epoch
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8.6

8.5

Figure 6.7 - Epoch 5 and se- Figure 6.8 - Epoch 50 and se-
quence length 80 quence length 80

Training Loss per Epoch

Figure 6.9 - Epoch 100 and se-
quence length 80

Finally, through several training processes with different model parameters but
the same for both architectures we see that with the same dataset and develop-
ment environment, the bi-directional LSTM outperforms its uni-directional ver-
sion in the task of text generation. At least we can state that bi-directional model
shows better results in the training process compared to the uni-directional LSTM.
This experiment proves that for future work when there is a choice between uni-
directional and bi-directional the better one is the bi-directional LSTM model for
text generation task especially for low-resourced kazakh language.

Similarly, the study proposes the comparison of the training and test loss com-
pared to the epoch of the both models in one graph as shown in the figure 6.10:

From the results of the figure 6.10 it is supposed to be the over fitting problem

due to test loss value increase compared to the epoch number, but it is worth to
mention that the amount of the data passed to the test process is relatively small
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Figure 6.10 - Illustration of uni and bi-directional LSTMs epoch - loss graph

due to the size of the original dataset used in this study. Again it all comes down to
the lack of performance units we faced during the training process in a Colab Pro
platform. In order to solve this problem the study requires higher computing units
to train the models properly over the full dataset and increase models capacity.

Concluding, in this section the study showed model training and evaluation
results by comparing both models performance and according loss - epoch graph.
The process of developing the models was difficult from the point of view comput-
ing units. Even purchasing the paid subscription for Google Colab Pro could not
untie our hands to provide more experiments with increased dataset and larger
model parameters.

6.2 Analysis

The objective of this section is to analyse produced text from the both trained
models and compare them in a context of visual, semantic perception. The algo-
rithm of the proposed model as follows:

1. Define sequence lenght

2. Define start word

3. Run the generate process

In the figures below the research shows generated outputs of the uni-directional
and bi-directional models. The starting word defined by the user is aligned with
a red box, whereas the words semantically close and similiar are marked with
yellow box. As a result, models generate the kazakh text based on the start word,
sequence length and the data it observed during the training process. In order
to achieve better results the passing sequence length should be the same as was
during the training process. If we pass the value bigger, then after reaching the
trained sequence length the model will produce duplicate words.

The uni-directional model generated the output which is demonstrated in the
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figure 6.11. As we see in the context of the generated text there are only one work
semantically close to the start word. This is due to the fact that the uni-directional
LSTM are poor for capturing the information for a long sequences leading to the
loss of meaning in generated text. From the other hand, probably we could improve
its performance by adding more training data and reducing the sequence length
parameter.

XanblK cybypkakTap ekne beniktep bargapnamMaHs kanacbl Kek ekiHLi XaHe canagafbl
epecek Tycke apekeTTep CaHbl Kapakasnnak Ken AyHueTaHbIMbl keLeci eHbekTepi

Figure 6.11 - Tllustration of the output provided by uni-directional LSTM

The bi-directional version shows better results in a way that there are more se-
mantically related words to the start word. The reason is that this model captures
the information in both direction as for forward as for backward process.

xanblk KebiHece faybIC XepiHe opbIC 8CKEPM KYHIe 63 TYCiHAipMe OeiiH atanaTtblH
©3iHiH, Ha3ap MaHbI3Obl aTanfFaH Kenepi coTTi agamaap TYHFbILW

Figure 6.12 - Illustration of the output provided by bi-directional LSTM

Based on the output provided from the both models we can state that the bi-
directional model outperforms the uni-directional model in terms of the number
semantically related to each other words. There are some aspects of bi-directional
architecture which study proves:

Text quality

The advantage of the bi-directional LSTM is that they handle the context
information in both directions which leads to better context understanding and
capture the dependencies in the text. That the reason why quality of the generated
text is higher than uni-directional one in terms of the number of co-related words
in the same context which depends on the start input word.

Complexity

Generally, bi-directional LSTM is more complicated compared to the uni-directional
architecture because of the need to analyse the data in both directions. This com-
plexity leads the need of huge computing units and time making this architecture
less scalable especially in the cases when dealing with large datasets or deploying
the model in the environment with limited resources.

Requirements

The bi-directional LSTM require state saving for both activations and gradi-
ents during the forward and backward process. This leads to the usage of high
processing units compared to the uni-directional LSTM. Such requirements can
cause the problems during the training process, especially when working with vast
datasets or processing long sequences of text.

Finally, the study proposes the evaluation metrics for both models in the face
of the perplexity based evaluation as shown in the figure ?7.

From the results of the perplexity score it is obvious that the models are not
fitted well and are uncertain about the next word in the predicting sequence. This
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problem is caused due to the low probability score to predict the right word in
a sequence which results as a high value of the perplexity score. From the other
hand, if the models will show the high probability for predicting the right words
in a sequence this will lead to low value of the perplexity score meaning that the
models fits well.

The point to mention in the comparison of the both models perplexity score is
that in the figure 6.13 we have initial validation dataset over which the perplexity
score was gained. In the figure 6.14 we increased the size of the dataset by 50%
and as we see the difference of the BiILSTM and UniLSTM models perplexity score
increases also, which means that in any case the bi-directional one outperforms
the uni-directional one in a Kazakh language based text generation task.

Thus, the choice which model architecture to use lying under the choice of
performance, text quality and scalability decisions. Even in provided research to
achieve some quality results we used the maximum processing units in a Google
Colab Pro platform to train and generate some meaningful text data. For future
works, the decision of the model choice should consider the application require-
ments and observe an environment for computational resources. Due to the fact
that training the large language model consumes a lot of computational power and
time.
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Chapter 7

Discussion

7.1 Challenges

Data availability

During this research one of the faced challenges was quality data availability
in order to train the models for text generation task. Despite the fact that the
study tried to collect the data we faced the problems like difference of lingustic
styles among the resources across different domains and data sparsity. Finally we
decided to use the dataset consisting of 300 000 thousand unique rows of text with
different number of word sequences. All that data was taken from the kazakh
language based Wikipedia dump. The data was raw and needed preprocessing
steps such as lowercasing, removing empty lines, symbols and special characters
with numbers.

Model complexity

Another significant problem happened because of the LSTM model complexity.
The difficult part of this architecture is that the study needs a lot of time and
computational resources in order to train and tune the models hyper parameters
in order to achieve some good results.

Computing resources

The primary challenge was connected with computing resources, especially for
the tasks of data preprocessing and model training. In an average each training
session on 100 epochs using 10 000 rows of data took from 9 to 14 hours. And
every time after tuning the model there was a need to repeat that training process
to see whether the changes make an effect on model performance or not.

The study was using pytorch framework in order to provide the computing
process using GPU or TPU units, but still the training process was reaching the
maximum machine resources available on Google Colab Pro platform. To conduct
the study, we decided to reduce the original dataset size in order to finish the
training process of the observed models.

7.2 Opportunities

The problem of kazak language based text generation can be solved using state-
of-the-art GPT architecture. Some of the recent works in text generation area
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especially for kazakh language use this technique in order to generate kazakh text.
The most common approach is to set as a base pre-trained large GPT language
model and fine tune it using kazakh text dataset. There are general steps:

1. Choose the appropriate GPT model. Usually large models shows the best
performance but requires more computational power.

2. Data preparation step involves preprocessing techniques such as lowercasing,
removing symbols and special characters, tokenization.

3. Fine tuning is an optional step, but for kazak text generation is required.
The process updates model parameters based on provided dataset to improve
the model performance on text generation task.

4. The last step is text generation. This process is achieved by passing some
prompt or sentence to the model and letting it generate the rest of the text.

Cutput
Frobabilities
-
q
Feed
Forward
. \
:
/—-—ma & Norm TR E—
Feed Attention
Forward T F N
]
N Add & Morm
,-—v-[ Add & Morm | Masked
Multi-Head Multi-Head
Aftention Altention
L W At
e J \ e’ )
Positional FPositional
Encoding @l—() E: Encoding
Input Output
Embedding Embedding
Inpauts Qutputs
[shifted right)

Figure 7.1 - Hlustration of GPT architecture

Generally, the GPTs are highly efficient in NLP tasks and there are several
reasons, making them so :

30



Architecture GPT models are built using transformer architecture which al-
lows them to capture long sequence dependens in the text effectively. Unique part
in this architecture is that they use self attention mechanism allowing the model
to understand context and semantics through out the input text.

Pre-training Those models usually are pre-trained on a vast amount of the
data allowing it to understand the language, its linguistic patterns and styles. This
advantage allows to GP'Ts perform well over wide amount of NLP tasks without
being fine tuned.

Adaptability GPT models are highly adaptive in a way that they can produce
different text on various languages, genres and styles. Also they can be tuned on
domain specific data which makes this models a valuable and usedful tool for the
researchers in NLP area.

7.3 Implications

This study contributes to the development of NLP for the low resourced kazakh
language by developing and comparing uni-directional and bi-directional LSTMs
in order to determine which model outperforms another in kazakh language based
text generation task. With the help of such researches the future studies can save
their time in architecture selection or data augmentation processes.

Additionally, this study not only makes contribution to the field of natural
language processing for the kazakh language but also makes valuable effect into
the specific challenges associated with the processing and generating text in a
low-resource languages as kazakh language is. On the base of the study where we
are evaluating and comparing the performance of uni-directional and bi-directional
LSTM models, this study highlights the strengths and limitations of each approach
in the context of kazakh text generation, especially we can see the difference how
the models fit in small dataset.

Future researchers can leverage these findings to make further decisions about
model selection and optimization strategies, potentially saving the time and in-
creasing the efficiency of their work. Also, the study proves that state of the art
models are good in order to use pre-trained large language model as a base to
construct hybrid models as we covered in the related works section.

From the other hand, the findings proposed by this study can affect on the
creation of more comprehensive and representative datasets for kazakh language
processing rather than using the current ones. As the vast part of the available
data needs preprocessing and sorting for the corresponding domain.

The analysis provided in thos study by comparing of uni-directional and bi-
directional LSTMs can serve as a benchmark for the later, following studies, by
providing a reference point for improvements and innovations in terms of archi-
tecture development or the dataset usage. This work enables future researchers
to build on established knowledge, potentially incorporating more advanced tech-
niques such as attention mechanisms, transformer architectures, or integrating
large language models to enhance the model performance.

In addition to technical contribution, this study underscores the importance of
cultural and linguistic preservation through technology. By focusing on the low
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resourced kazakh language, it not only makes a contribution to the development
of practical applications such as automated translation, text summarization, and
sentiment analysis for kazakh language speakers but also helps in maintaining
the linguistic heritage by making the language more adaptable to the modern
technologies and time.

In conclusion, this study makes valuable contribution as technical insights into
NLP for the kazakh language and also sets a starting point for the future researches.
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Chapter 8

Future Directions

8.1 Applications

Proposed models can be used in different domains starting from content creation,
machine translation and ending with language education. From research point of
view the provided models are suit for using in data augmentation process. In the
reality, kazakh language based content is only a small part of the accessible data
on the internet, as a result in order to fill this gap text generation models can be
used to generate kazakh synthetic data. As an example, generated text can be
used for text to speech applications.

From the other hand, future studies can use this models as a base and produce
even modernized version which outperforms current results using the metrcis and
suggestions for the future works.

The general applications of the text generation models can be seen in a wide
variety of domains, leveraging their ability to generate coherent and contextually
relevant text.

Content creation Text generation models can be applied in automated gen-
eration of news articles, blog posts and other written content.

Conversational agents Such models can also be used in online assistants and
chat bots by generating responses in real-time conversations.

Translation and localization Translating text from one language to another
while maintaining context and fluency. Also can be used for adapting the content
to suit different cultural and regional preferences.

These applications showcase the importance and potential of text generation
models to enhance efficiency, creativity, and personalization across various indus-
tries and the use cases.

8.2 Limitations

During the research we faced many limitations in terms of computing power and
good quality data availability. It is worth to mention that for future studies it is
better to use powerful processing units that outperforms Google Colab Pros units.
Also for future studies, if the work planning to build the large language model
based on the Google Colab platform, then it is suggested to use the Pro plan in

33



a pair with TPU processing unit with Tenserflow framework. As this framework
allows to open and use the whole power and performance of the TPU processing
unit.

The study proposes during the training process the hyper parameter called
sequence length, which determines the length of a sequence to learn from the
input rows of the dataset. The average sequence length of the each row in a
dataset was 90 words, but due to the lack of computing power, the study proposes
the 20 to 30 sequence length for training process. The usage of high computing
units means increased dataset and sequence length parameter, which increases the
model capacity and its performance in predicting the words in a sequence.

8.3 Importance

Since the Kazakh language is a low resourced language there are lack of studies in
the kazakh language NLP area. This study makes another one contribution in the
development of science area especially for kazakh language. From another hand,
nowadays there is a digital century where the survival of the language depends on
its usability and application in digital spaces.

Input

!

FastText Embedding

!

Output

Figure 8.1 - Final architecture for BILSTM model used in this study.

It is worth to mention that during the study we noticed that LSTM fits better
on a small dataset compared to the BiLSTM architecture, this conclusion can be
proved by showing the figure 8.2. Where the train loss decreases in a both archi-
tectures, but when the turn comes to the test loss the BILSTM loss is increasing
drastically compared to the LSTM architecture.

In academics, such study can support and help the researchers to generate
kazakh synthetic text in order to process and find its application in their studies.
The thing to notice is that this study can be used further as a data augmentation
technique for application which needs kazakh language based synthetic data. For
example, text to speech works, where the researchers can not only collect the data
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Figure 8.2 - Mlustration of simple LSTM model training epoch - loss graph

or use the official corpus, but also generate the text by feeding those data into
proposed models.

It is important from the architecture point of view, to tune the models by adding
the self attention mechanism as used in GPT architectures in order to increase the
models performance as mentioned in the observed works in a chapter 2. This
option allows the models to capture long-range dependencies and understanding
of the context.
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Figure 8.3 - Final architecture for Uni-LSTM model used in this study.

Talking about the attention mechanism it can be used as different method
and techniques such as adding the embedding layer to the model architecture or
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using the state of the art algorithms such as TF-IDF and etc. The usage of such
mechanisms allows to increase the model performance by providing the information
how the appereance of some word depends on the contextual information.

Attention mechanisms revolutionized the field of natural language processing by
allowing models to focus on relevant parts of the input sequence and understand
the context, thereby improving the handling of long-range dependencies and un-
derstand the relationships within the data. The attention mechanism in this study
is used within a neural network model as a FastText pre-trained kazakh word vec-
tors, highlighting its role in enhancing performance by dynamically weighting the
importance of different words in a sentence. WIth the help of this layer the model
can handle even the cases when the original words are not appearing in the original
context.
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Chapter 9

Conclusion

9.1 Summary

In this study we provided comprehensive investigation in text generation models
for kazakh text generation, the research focuses on developing and comparing uni-
directional and bi-directional LSTM architectures. Our research is to evalute those
models in generating kazakh coherent and contextually relevant synthetic data.

First we proposed the usage of kazakh Wikipedia dump consisting of 300 000
unique rows where each row has different lenght of words sequence. After we
introduced FastText pre-trained kazakh word vectors as an embedding layer for
our LSTM models in order to capture semantic information from the input text
and increase the performance of observed models.

The experiment involved training multiple times the proposed LSTM models
with fine tuning the hyperparameters such as learning rate, droupout probability
rate, batch size, epoch number, optimizer algorithm to increase the performance.

Research results showed several key findings regarding the performance and
the quality of the generated text of both models. We found out that bi-directional
LSTM proposes more semantically similiar words in a result sequence compared to
the uni-directional one. However, it is worth to mention that even bi-directional
version shows great performance at the same time this architecture limiting as in
a term of computational units and scalability.

In conclusion, the research provides valuable insight into the question of ef-
fectiveness between the unidirectional and bidirectional LSTM architectures for
kazakh language based text generation task. Our study proves that the usage of
state-of-the-art language models can have a positive effect on the result of the ob-
served area. Generally, the development of large kazakh language model is a great
achievement and opportunity to make a vast contribution to the development of
kazakh language based applications and studies in order to increase the number
of works in domain of low-resourced kazakh language area. Such works can find
their application in various scenarios starting from text synthesis, text to speech
application and ending with image description or even generating the personal
artificial assistant in a kazakh language domain.
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9.2 Recommendations

Looking back to the provided research there are several suggestions and recom-
mendations to the future studies which are planning to use uni-directional or bi-
directional architectures in order to generate kazakh synthetic text data.

First, the study suggest careful choice of the model depending on the problem
it is planning to solve. Using LSTM architecture requires high computational
resources in a pair with time to train the model.

Second suggestion, it is better to use attention mechanism in a pair with Fast-
Text embedding layer in order to understand the context and key points in the
input text.

Third recommendation, it is better to use grouped by the domains dataset
rather than one big mixed domains dataset and provide a deep analysis of the
kazakh languages semantics, structure and language vocabulary as since while
kazakh language is a low-resourced at the same time it is very rich language.

The last suggestion for future works, If you are faced with the task of rapid
development of language model for text generation task, it is better to use pre-
trained large GPT language model. By tuning this GPT with the provided do-
mains dataset you will achieve the results in much faster and efficient way in the
time point of view. But, GPT models requires the high computational resources
in order to be well trained and fine tuned using specific domains dataset.

Finally, the study shows that in order to properly use the Google Colab’s TPU
units, it is better to develop the models using the framework Tenserflow [13], as
it allows to use the tensors of the TPU unit to maximaze the performance of the
proposed processing unit for training processes.
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