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Abstract 

The amount of complicated documents and texts has increased exponentially 

in recent years, necessitating a deeper understanding of machine learning tech- 

nologies in order to effectively identify texts in numerous applications. Text nor- 

malization is one of the best decision. It is the reduction of all words of the text to 

the original form. This paper investigates a layered strategy for fixing mistakes in 

Kazakh language literature downloaded from the Internet. This work is devoted 

to the study of automatic systems for checking the spelling of the Kazakh lan- 

guage using natural language processing tasks. Currently, most of these type of 

machines are designed for English, and few are processed for the Kazakh language. 

The paper discusses the methodology for evaluating automatic spelling checkers 

and error correction, developed by the author. A description of the selected sys- 

n. The main goal is to validate the use of n gram for agglutinative 

On the basis of the study, the best system of use is distinguished, 

rawn about the further 

tems is give 

languages. 

between the n gram and Symspell, and a conclusion is d 

relevance of the development in this area. To complete the auto correction task, 

we first find an error while typing words, and then choose the most appropriate 

one. 

Keywords: Natural Language Processing 

pell algorithm, text normalization, € 

(NLP), spell correction, n-gram 

model, SymS dit distance algorithm, mor- 

phology analyze, automatic system.



Angatia 

Courbl 2KbIIJapbl KypZeli Ky2KaTTap MeH MeTIHJepdiy CaHbl SKCMOHeEHIMAT ABI 

Typue ecTi, 6y.1 KenTereH KoMJaHbalapyza MOeTIHDepAl THIMA aHbIKTay yin Ma- 

INMHaJIBIK OKbITY TeXHOJIOPHAapbIH TepeHipeK TyciHyfi Taam eTeai. Morinzi 

Ka/bInKa KeITIpy - CH 2KaKcbl wWemimgepmzin Oipi. Byn metingeri OapzBiK ce3- 

nepgi 6acrankb! Typixe KeaTipy. byt Makayaga WHTepHeTTeH 2KYKTeN aJIbIHFaH 

Ka3ak TisiHgeri eeOueTTepzeri KaTemepAi Ty3eTYAIH KeM JeHrelial crpateruacnl 

KapacTbIpblJIFaH. By 2kyMbic TaOurH TiJIJi eHAey TalcblIpMaJlapbl APKbIIbI Kasak 

riminin emseciH TeKCepydiH ABTOMATTHI 2yileNepin SepTTeyre apHa-iran. Kasipri 

yakbITTa MyHAalt yirigeri MaluMHaslapAbll KOMP aPbIILIbIH Tine apHasiraH, 

am KeliSipeynepi Kasak Tine eHZeNyze. Maxaslaqla aBTOp o3ipJiereH eMsleHi aB- 

TOMATTbI TYpHe TeKcepy 7KOHE KaTeJlepfi Ty3eTy KypaJiJapblH 6aramay oticremeci 

Taikpulanagbl. Takara *yitetepzin, cumaTTaMacbl 6epimren. Herisri Maxcat 

- arryHOTUHaTMBTi Tiigep YWIH rpaMMaTHKaHbl N KO/AaHyAbl pacTay. Septrey 

Herisinje ngram 2eHe Symspell apacbina eH KaKCbl Maliqanany xylieci Oesinin, 

OCbI Camazarbl JaMy/bIH OAH opi eseKTLILi TYPaJIbl KOPBITHIHAb! 7kacaayBl. Aps- 

TOMATTbI TY3eTY TallcbIPMacbIH OPbIHAay YH aJIbIMeH ce3lepli Tepyze KaTeHi 

H KetiiH CH Koulalinbicbin TAaHJaliMBIs. 

Ta6uru Tigi exzey (NLP), opcdborpausxHsl TyseTy,H rpam 

eHey KallIbIKTbIFbI aJIrOpuTMi, 

Taybil, COaa 

Tyitingi ceszep: 

Monemi, SymSpell aJTOPHTMi, MOTIHDi HOpMaJay, 

MOp@oOTHAMbIK TAIAAY, ABTOMATTEI *aKyilie.



AHHOTAaIMA 

KoJM4eCTBO COXKHBIX JOKYMEHTOB M TeKCTOB B MOC.1eJHHe TOTbI yBeNUILIOCE 

B reOMeTpHuecKoli nporpecciu, uTo TpebyeT Oonee ruty6oKoro nNOHUMaHHaA Tex- 
HOOrHii MallNHHOrO o6ydeHlia Ia scdceKTHBHO! HZeHTUCcuKAaLUN TeKcToB B 

MHOTOUNCIEHHBIX TpHowKenuAx. HopMasmisauua Tecra — ofHO 3 TyuUIX pe- 

Went. STO mpuBeyeHie BCex COB TeKCTa K icxoqHOMY Biigzy. B ganuoti crarpe 

HCCAesAyeTCA MHOFOYPOBHEeBad CTpaTerua UCMpaBsIeHHUA OLUMOOK B Ka3axCKoA3bry- 

Holi sluTepatype, cKayaHHoli 13 Mutepuera. Jjannaa pabota nocBaena u3yyeHTI0 

ABTOMATHYeCKHX ClHCTeM MpoBepKH opdorpaduy Ka3axcKOrO ABbIKa C HCMOb30- 

BaHHeM 3ajau oOOpaboTKi ecTecTBeHHOrO asbika. B HacTosujee Bpema OombuH- 

CTBO MAIIMH STOFO THMa paccuHTaHbl Ha aHTMlickuli ASbIK, 1] HeMHOrMe Mepepa- 

6aTbiBaloTed Ha Kasaxckuit a3biK. B craTbe paccMaTpMBaeTCA MeTOJKa OlleHKu 

ABTOMATIMeCKUX CpeACTB MIpoBepki opdorpadun ui ucupaBsenua oml60K, pa3- 

pa6otanHas aBropoM. JjaHo onucaHnue BplOpanHbix cuctem. OcHoBHad Web - noz- 

TBePIMTb HCMOMbSOBaHHe TpPaMMATHKH N iA ALTUOTHHATMBHEIX ASbIKOB. Ha oc- 

HOBe HCCC AOBAHIA BbINCIACTCA JIyUINad CHCTeMa HCIMOJIbSOBaHIA, MerxKAy ngram 

u Symspell, m JelaeTca BEIBO O TaJibHelillel akTYaJIbHOCTH pa3pa6orTku B 9Tolt 

o6nactu. J1A BbINOMHeHUA 3aJa4I ABTOKOPpeKMIIM MbI CHAdala HAXOUM OMINOKy 

lp Habope ciOB, a 3aTeM BbIOMpaem HanOosee TOAXOAALlyt0. 

Koueppie copa: OOpaboTKa ecTecTBeHHOLO A3bIKa (NLP), koppekuua op- 

corpadun, Moyes N-rpaMM, aJIropHTM SymSpell, HopMausalia Texcra, ay1ro- 

DUTM pacCTOMHHA Pe@KTUPOBaHHA, aHAVINS MOp@OJIOTUM, ABTOMATHYecKas CH- 

CTe€Ma.
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Chapter 1 

Introduction 

1.1 Motivation 

At any stage of human development, every society and country is in constant 

motion with informants, so its natural desire is to regulate and work with au- 

tomation for processing. In our world, there are and are developing various ways 

of representing data, but despite this, natural languages remain the most used 

and most difficult for automatic processing. 

Natural Language Processing (NLP) is a general area of artificial intelligence 

and mathematical linguistics. With the help of this direction, the problems of 

computer verification and synthesis of natural languages are solved. Analysis 

with artificial intelligence means understanding machine language, and synthesis 

means generating literate text. By solving these problems, you can create a sphere 

where a person and a computer can find interaction. The main parts of natural 

language processing include data extraction, text and sentiment analysis, language 

translation, Internet search, generation of words in text, etc. 

The most well-known applications of NLP include: 

e Question answering (QA); 

systems for extracting informati 

automatic analysis of opinions ( 

machine translation systems; 

rewriting, synonymizer; 

on and extracting facts; 
e 

Sentiment analysis or Opinion Mining); 

e automatic paraphrasing, 

e Text Summarization; 

machine dialogue ins 

ystems; 

ystem interfaces; 
man- 

information retrieval s



e automatic classification and clustering of texts; 

e automatic spell checker; 

e automatic ontology generation, 

The system of preventing spelling errors in the text has always been extremely 

acute not only in documents, but also in public life, since the nation’s literacy is 

its weapon in the struggle for culture. In this regard, the acquisition of the highest 

level of spelling skills is still the most important thing in natural language learning, 

as it can be used in search to correctly filter and save data without duplication. 

The structures that are established by the rules in the spelling system have a 

certain basis, and most of all associated with the morphological word, as well as 

with the grammatical form of words and their belonging. 

Spelling is, first of all, an established system that society accepts and uses; 

ensuring uniformity of spellings, even where different spellings are possible; rules 

for compliance in all languages; written form of speech for further use. 

Methods and algorithms for automatic detection and correction of recogni- 

tion errors are largely based on the application and processing of well-known 

approaches such as spelling error correction using neural networks, reading the 

distance of words and characters, hidden Markov models, n-grams of words and 

one of the main finite automate. Also, systems are used that combine the results 

of several recognition methods, using an additional database with information 

and algorithms for their implementation. 

In many circumstances, existing methods a 

ts with modern contexts and 
of manual labor, are designed for processing tex 

e form for processing documents with academic and 

f archival terms and a significant 

nd systems require the involvement 

are not suitable in their pur 

literary words, characterized by an abundance o 

difference in the quality of detection results. 

Modern technology 1s @ powerful tool that facilit 

Spell checker is a great tool for correcting small mistakes that good spellers make 

and for common typos. At the moment, there are many types of tools that work 

is intro 
ecking. Thanks to this in 

> nu 

- : s without wasting their time on lengthy text 

his is one of the most important advantages 

h as scientific articles, news 

ments, and other types of 

ates the learning process. 

f 
duction, a huge number of users were 

or spel 

able to automatically correct text 

‘In modern society, t 
verification. 

. 

When writing various texts, suc 

of text programs. 

articles, the theoretical part of projects, legal docu
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Figure 1.1: Scheme of interaction between the components of the architecture of 

the spelling verification system 

texts, it is often necessary to check it for spelling or punctuation errors. And this 

work is designed to correct a word unknown to him by clicking on the underlined 

word or areas of this word and the application will automatically suggest options 

for correcting it. 

Automatic spelling correction is one of the most popular and complex issues 

in the field of automatic natural language processing. There is still no universal 

+ however, throughout its history, spelling correction has reflected 
answer for it, 

the actual problems of applied linguistics and absorbed the latest computational 

methods. 

The development of this learning is det 

needs: the first is the improvement of automatic processing of text that has un- 

(methods for extracting data, optimization of search results) 

ermined by two main technological 

dergone proofreading 

and the second is the convenience of typing for the user. 

The relevance of the architecture of the verification system and the correction 

of spelling is explained by the requirement to use an approach to problem solving 

such as spell checking with recognition of the work and functioning of the linguistic 

parts of the language: 

The main systems use all infor 

h influence eac 

1 shows the storage and processing of a database for 

The advantage of implementing a database 

d the developer can fully work with the 

rmation and data components. 

mation base. A structure is proposed with 

the components of whic h other according to the scheme shown 

Figure 1. 
in Figure 1.1. 

components. 
texts with linguistic 

is that both the user an 
over information 

have full access to info 

language components,



The architecture shown above is used in many systems for analyzing and 

developing an application for text normalization, which is represented by the 

following steps: 

e The first stage is functional parsing, which is responsible for breaking up the 

text into phrases. At the initial stage, linguistic components are formulated 

to obtain data on possible suffixes and affixes, which are written separately. 

Due to the fact that each part of the word is considered by the parser as 

affixes and the block stores information about separately written affixes, 

it can catch errors when these particles are misused by the normalization 

module. As a result, one can see the difference between the proposed pars- 

ing for normalization and the classification parsing carried out in existing 

systems. 

e morpho analyzer, which is used to analyze each phrase. The output is a 

list with a possible phrase scheme divided into stems and affixes. It works 

according to the developed unified algorithm, in connection with this it is 

not tied to any particular language. All-linguistic data obtained at this 

stage from linguistic components is developed for the studied language. At 

the analysis stage, a stemming algorithm is implemented, which differs from 

the existing cases of working with words written separately and with long 

sequences of texts consisting of an unlimited number of terms and elements. 

Generator, the purpose of which is to generate all the correct spellings for 

given stems based on linguistic spellings. 

1.2 Aims and Objectives 

f natural language, many new technologies are being 

The Kazakh language is an agglutina- 

hat distinguish it from other languages 

n a such languages words 

Despite the advancement 0 

tested and used in languages like English. 

tive language and therefore has structures t 

like English, Russian when analyzed by morphology. | 

are formed by combining root words and‘morphemes. There are roots and sev- 

eral suffixes and affixes, when t ined, the word modifies or extends 

g. Kazakh word formatio 

sem 

hey are comb 

n uses a number of phonetic harmony rules. 

its meanin 

Different languages have different antic and grammatical features, so often 

10



algorithms that are successfully used to process one language perform very poorly 

in another language. Because of this, the morphological analysis of the Kazakh 

language was not considered sufficiently as English and several promising algo- 

rithms were not applied. Currently the most used in the industry and showing 

good results is the work of norvig, as well as the open source JamSpell. These 

programs are written based on the ngram model and have their own advantages. 

But the n-gram model has not been used in Kazakh studies, despite the popularity 

of the n-gram model in languages such as English. However, a full-fledged study 

that would give a detailed analysis of text correction for the Kazakh language 

does not exist. 

Unfortunately, the problems of text processing and their solution in the Kazakh 

language are underdeveloped, which brings an obstacle in the development of ar- 

tificial intelligence, and all this is connected: 

1) with the specifics of the Kazakh language as an agglutinative language with 

a complex and rich morphology; 

2) with a lack of resources on the Internet to study Kazakh language in the 

field of information technology. 

With the increase in information in the Kazakh language and the use in elec- 

tronic portals, surveys, the normalization and classification of texts in practice 

are very relevant. 

The main goal of the research work is to develop an application with a sys- 

tem for automatically detecting and correcting errors received when recognizing 

in electronic form on various topics. 

This work will consider the problem "Difficulties that Kazakh speaking learn- 

ers face in academic writing». And this work will work with data from certain 

resources with academic lexicons. This study differs from the other studies that 

have reviewed candidate words for all misspelled words in order to correct mis- 

spelled words in Kazakh. The aim of project is built one of the first morphological 

disambiguate for Kazakh language that can be used to generate and segment word 

arch is examining whether the n gram model for the Kazakh language 

s of the difference between the work 

documents 

forms. Rese 

k. And it will also consider the analysi 
will wor 

on algorithm like symspell algorithm and the 

of the already existing spell correcti 

n gram model. 

11



1.3. Thesis Outline 

The dissertation work includes an introduction, six chapters including a conclu- 

sion, a list of references and an abstract in three languages. 

The first chapter is an Introduction. In this chapter, the importance and 

relevance of the dissertation topic are substantiated, the goals of the dissertation 

work and the tasks to be solved are formulated, scientific novelty of the work, as 

well as its practical significance. A summary of the work by chapters is given. 

The Chapter 2 provides an analytical review of the subject area and existing 

systems for spelling correction, determines their advantages and disadvantages 

for text recognition. It also reveals the need to correct the recognition errors 

allowed, provides the types of classification and analysis of existing approaches to 

correction, specifies the requirements for the system being developed. 

The chapter 2 contains a description of the methods used and the developed 

method for automatic correction of recognition errors based on normalization. As 

well as related work with the n gram model and edit distance algorithm that 

have been developed in other languages. Related works about spell correction in 

Kazakh language was also considered. 

The chapter 3 describes the methods and architecture. It shows the stages 

entation of the text recognition system, determines the order of the 
of implem 

words for bigrams and 
system, describes the algorithm for finding and correcting 

t SymSpell, which has been 
trigrams. This chapter provides information abou 

considered for analysis with an ngram model. 

The chapter 4 provides the data and datasets that were collected to test the 

algorithm. 

The chapter 9 

testing the developed system, describes the criteria 

iti 
m are shown, and which algo- 

recognition. 

suitable and has advantages over ot 

orrection method are presented and a 

provides information about the conditions and procedure for 

for assessing the quality of 

The results of work for each algorith 

hers is analyzed. The results of an 
rithm is 

experimental evaluation of the proposed ¢ 

discussion was shown as all example. 

s of the work are summed up, 

d ways of further development of scientific 

the main results of the ¢ 

In Conclusion, the result 

research, problems with solutions an 

research are given. 

12



The following tasks were established and solved in the dissertation study to 

reach this goal: 

The quality of the results of existing optical recognition systems is compared, 

and the main forms of text recognition errors are classified. An examination 

of current methods for addressing recognition errors. Using a refreshed corpus, 

develop a mechanism for automatically detecting and correcting document recog- 

nition mistakes. Using the algorithms and methodologies provided in the study, 

designing phases of morphology and constructing a text recognition system. Using 

Python kivy, a prototype of the normalization system was developed, confirming 

the method’s functionality. 

13



Chapter 2 

LITERATURE REVIEW 

There have been many efforts for natural language processing. The constant 

development of word processing has now positively influenced the increase in the 

use of text recognition systems. This section presents important milestones in the 

history of the development of the text verification and classification system. 

The formulation of the correction and processing of documents consists in the 

search for the stem of the word among the keywords of the texts, which makes it 

possible to select the appropriate data as desired. One of the main processes in 

NLP systems, such as automatic search, machine translation is used to reduce a 

word to its original stem. Various scientists and scientific groups have analyzed 

and considered different approaches to language normalization. There are a large 

number of works in which attempts were made to study all the attributes and in 

each generation was processed in one form or another. 

2.1 Basic representation of the solution to the er- 

ror correction problem 

So, in the 1960s, in the world of information, there was a demand for the pro- 

cessing of texts an he optical recognition technique. 

After discovering the use 

y methods, researchers 

And by the 1970s, researchers began to use modules for 

odes and for training in machine translations. 

d language obtained using t 

fulness and benefits of s 

began to use spelling correction in the wide 
uch processing even in the initial 

stages with eas 
+ 

spectrum area as well. 

automatic correction of machine c 

hey were added to solve problems such as recogniz- 

Over the next 10 years, t 

14



ing handwritten documents, as well as using these methods in speech synthesis. 

Processed modules with algorithms for automatically processing steel will be sup- 

plemented for emails when finding and correcting spelling. With the emergence 

of a large number of areas of application, formed for teaching, methodologies for 

processing text in different languages with morphological and syntactic parsing, 

semantic homonymy, searches, included a typo correction module. The year 2000 

was a year of new information technology needs related to the mobile device and 

predictive text input when entering texts. In this way, such a flow of informa- 

tion provoked the emergence of independent applications for correcting spelling 

and grammar. At the moment, the world has changed a lot and the models that 

are currently being used are undoubtedly several steps higher than in the initial 

stages, as they are trained on a larger amount of data. 

According to Mitton, the words with morphological characteristics and lemmas 

are divided into two groups. [23] First, dictionary words are normative words of 

the language included in the dictionary. Are considered as the main contenders 

for the amendment when correcting errors; 

The second is non-dictionary. This word differs from the first one in that 

this option is not included in the dictionary. Their subparts make up words out 

of-vocabulary for a normative word, such as neologism, occasionalism and slang. 

According to Kukich’s work, there are two main errata namely errors which are 

divided into: [14] 

1) non-word errors (non-dictionary typos) - are words that cannot be found 

in the dictionary. 

2) real-word errors 

nary and users misspell them. 

In the works of Shavrin, Sorokin, it is precisely shown that, depending on the 

source of documents, the distribution of types of errors also changes. [31] Errors 

ther technical part of the source may 

ications in terms of proofreading. 

(dictionary typos) - words that can be found in the dictio- 

in optical character recognition and any 0 

be present even in the most “reliable” publ 

15



2.1.1 Early experiences with automatic correction: 1960- 

1980 

The beginning of the correction began with Johannes Gutenberg in 1460, wh 

made the first documented misprint in history. Finding errors in orinte q vet 0 

and correcting them in subsequent editions has become one way for veaders to 

check texts. With the development of technology has changed the work of b. 

lishers. The first attempts to correct errors in documents date back to the cay 

1960s. It was found that the correction of these errors is closely related to the text 

recognition feature and their properties. Optical character recognition developed 

in parallel and did not have the required level of quality - the worse the quality 

of text recognition turned out to be, the lower the quality of error detection was 

- Hanson in 1976.[11] The scientists had problems although the recognition of errors 

in characters was 99%, 

During this period, despite the de 

to be dependent without automatic sy 

cessing has become one of the key points in working with data, as it has begun 

to be relevant for machine translation an 

s divided models and 

the recognition of errors in words was much less. 

velopment of text recognition, it continued 

stems. Verification of texts and their pro- 

d applications with voice input and out- 

put. The researcher 
algorithms into two types, namely error 

detection and error correction. 

The main method at the initial st 

a dictionary or database of document 

phabetic ones, W 

dictionary ones, according to these probabilities and 

Iculated with the Levenshtein algorithm .[27| 

ginning and end of a word, 

age of the 80s was the n-gram method. In 

s, the probabilities of alphabetic n-grams 

for example, two or three al ere considered, and non-dictionary 

words were reorganized into 

the smallest distance that was ca 

Over time, correcting phonetic res 

ations of vowels and con 

trictions on the be 

sonants, supplementing the gram model 

ccount those specific to each particular 

of correcting English words was 
adding combin 

with an algorithm that will take into a 

language, at the end of this stage, the accuracy 

increased to 987. The researchers used a sample of 8,000 six-letter words, with 

one error per word. 

As a result of these ex 

t errors. 

that were uncor 

periments, ‘4 the 1970s, the first systems appeared 

But despite this, one of the main problems was 

that were able to correc 
rectable without regard to context. 

vocabulary errors and errors 

16



2.1.2 From rule system to machine learning 

oe oo te ” syllable structure and not working with a dictionary meant 

1970s. researchers 4 “a oe these methods created new errors. And after the 

language re ecided to use a dictionary that was built with a separate 

morncher . The new system also brought with it new challenges, now tl 

| rers had to create a dictionary instead of a model and decid 1e 

simple check of the dictionary could solve the problems of sdentify j Whether “ 

words. By the beginning of the 1990s. scientists began to adhere to nee ed 

that the dictionary should contain only the most frequent lexemes "oh, opinion 

of misprints were identified: typographical, phonetic and cognitive nine types 

| In the 1980s and 1990s, models worked to implement the model in cor 

ue only one type of typographical error, with the exception of Moore’s sok 

which two candidate search models are formed - for phonetic and typographical 

typographical errors. [33] The n gram model that showed good results was s up- 

plemented with new models to get better results. And also models such as th e 

Levenshtein algorithm began to select candidates using hidden Markov models 

With the help of a hidden Markov model, it was possible to make a classifier 

of proper names for five and six languages, also get fruitful results. Spell checkin 

significantly improved the quality with optical pattern recognition, ° 

With this progress in the 1980s, neural networks trained with back propa- 

gation began to be applied for the first time. The neural network methodology 

made it possible to select a set of features that determines the most correct can- 

didate. The results obtained with the use of neural networks have given a boost 

to their use in other areas of applied linguistics, and they have been used for pro- 

cessing handwritten texts by Burr, for speech synthesis, and for optical character 

recognition with auto-correction of addresses in mail.[5] 

context models 
2.1.3 Transition to 

90s - the beginning of the 1990s. the 

e not as perfect as the researchers 

programs in which the 

By the end of the 19 

mented spe 

Despite the succes 

e following criteria: 

lling corrections wer 
developers imple 

sful results of algorithms for correcting 

wanted them to be. 

isolated words, it did not meet th 

1. a large number of lexicons (more than 150,000); 

17



2. independence from word length (more vocabulary candidates in short words); 

3. work speed 

4. online bug fixes when pressing the keyboard; 

5. Possibility of selection among several candidates. 

Methodology - 500 word | 1200 word | 1900+ worc 

Minimum Edit Distanse 65% 62.5% 60% 

Similarity Key 80% 77.4% 74% 

Simple N-gram Vector Distance 77% 75% 75% 

SVD N-gram Vector Distance 81.8% 76% 74.3% 

Probabilistic | = 78% ~ 

Neural Net with Back-Propagation Classifier 75% 75% 75% 

Table 2.1: Accuracy of some context-independent methods 

Table 2.1 shows the accuracy of different algorithms for spelling correction in the 

early 1990s, although not all of them are directly comparable. 

The results show that the accuracy of none of the methods is higher than 80%. 

For the test, three options were developed with the amount of the database, as you 

can see the difference with large and small offers. All sentences were generated 

by optical recognition. With the indicators of these methods, it is possible to find 

out the need to improve the probabilistic selection model. In this case, you need 

to take into account the fact that this cannot be done without the use of context 

models. This is the time to move on to contextual models. 

In different contexts, such as morphological, syntactic, semantic, the difference 

in contextual methods was taken into account. In languages with exact word 

ams of word forms were effective, but for languages such 

order and structure, N-8! 
: 

h morphological context, this was not 

as Russian and Kazakh, which have a ric 

the best option. 
| 

One of the most successful programs at this stage was CLAWS (Constituent 

Likelihood Automatic Word-tagging System), which connected three types of 

pphological and syntactic. The calculation of the probabil- 

hology, as well as bigrams in syntactic analysis, included 

dictionaries.[8] Each dictionary word received two 

ased on the dictionary and syntactic based on 

analysis: dictionary, mo 

ities of trigrams in morp 

abase of 1 million 
a manual dat | 

- morphological b 
levels of markup 
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bigrams, and each non-dictionary word - morphological and syntactic based on 

n-grams.(15] If the gram model was insufficient for a complete adjustment. then 

the models were added according to the contexts of morphology or syntactic. As 

a result, the label assignment accuracy reached up to 96%. 

2.1.4 Actual development of the industry at the present 

time 

Since the mid 2000s. automatic error correction has risen to a new level. With 

greater access to corpora containing more than 100 million words, model training 

has changed. Also, due to the high demand for electronic documents and searches 

programs to correct typos have also become much more in demand. Each personal 

computer has an additional correction module, such as the spell checker in "Mi- 

crosoft Word", and the popular "aspell" and "hunspell" used in UNIX systems. 

And also Yandex, which is used by the Russian-speaking community in Kaza- 

[1] Such programs are designed primarily to detect typos, while automatic 
khstan. 

gle by Norvig necessarily 
correction is carried out mainly in web interfaces: Goo 

includes spelling correction.[21] 

Table 2.2: A recall of correction of errors 

gle MS Word Yandex 

0,829 
yspell aspell Goo 

Recall 0,862 0,694 0,765 0,709 

nsible for predictive text input has been imple- 
The area of programs respo 

tems are used in devices, where 

mented. And also the accelerated process sys 

module itself suggests options for the endings of words and 

in the process the 
and entering the correct conclusions of the 

phrases, checking with a dictionary, 

results. 
e, an important and main disadvantage is 

However, for the Kazakh languag 

thms to cope with the developed mor- 

the inability to implement existing algori 

It is worth noting that for languages with agglutinative characteristics 

rsions O 

morphemes. The newest programs include working 

rn for the user: adding new 

phology. 

and properties, the latest ve 

word into a root and quasi- 

with a large dictionary, and a 

words, taking into account typed text. 

f the T9 system provide for the division of the 

Iso have the ability to lea 
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2.2 Overview of existing methods: 

Consider some existing algorithms for solving problems about the processing and 

normalization of words in natural languages. Most of the algorithms used in 

plement lemmatization, that is, translate into normal form using stemmin and 

various add-ons. Consider stemmers and the three most popular algorithms for 

finding and correcting errors in text, based on different principles and allowing 

word processing. 

2.2.1 Stemming algorithm 

Stemming is a part of word normalization that provides data pre processing. Each 

language has multiple variants of a single word, and these variants raise questions 

when training a module and predicting machine learning. Stemming is engaged 

in filtering such texts and converting them into serial data. The Stemming al- 

rd suffix endings so that the part that is chosen is the same 

The NLTK library has several classes for 

ming algorithm is 

gorithm removes wo 

for all grammatical types of that word. 

performing stemming on phrases. The most widely known stem 

Porter stemmer.[16] 

Stemming does not use stem bases, b 

it work quickly. The idea behind Porter’s stemmer is that there are a limited 

number of word-building suffix forms, and word stemming occurs without using 

y a set of existing suffixes and manually set rules. 

fix is removed and the part that was left to check 

¢ If the resulting word satisfies 

ut instead removes suffixes, which makes 

any stem bases: onl 

At each step in 2.1, the su 

will be checked by the rules of the language itsel 

rresponding rules, then it will execute 

ut off. 

dictionaries and stem bases, which is a plus 

it copes well with non-existent words) and 

tem selection. 

the next step. If not, then the 

all the co 

model looks for another suffix to c 

Porter’s stemmer does not use any 

for speed and a range of applications ( 

at the same time 2 minus in terms of the accuracy of s 

4 

2.2.2 ‘Naive Bayes classification 

sification approach is 

lass are known, 

based on the theorem that if the distribu- 

The Bayesian clas 

tion densities of each ¢ the desired algorithm may be expressed in 
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Stemming vs Lemmatization 

change change 

changing aN changing Ww 

changes —— chang changes _> change 

changed Ia changed Sa 

changer changer 

Figure 2.1: Stemming vs Lemmatization 

an explicit analytical form. Furthermore, this approach is optimum, meaning it 

has the lowest possible error rate. 

The Bayes formula is used to create Bayesian classifiers: 

P(y|z) = Ply) a (2.1) 

where P(y|x) is the a posteriori probability of a given class, for a given feature 

value x, P(y) is the a priori probability of a given class, P(y) is the a priori 

probability of a given class, P(xly) is the likelihood, i.e. the possibility of a 

selected feature value for a given class. We can disregard the calculation of the 

value of P, because the classificatio 

(x). The value of P(x) 

here is no need to calculate it.[22] 

unknown in practice. The train- 

n problem is being solved rather than the 

straight calculation of P has no effect on the value of y, as 

shown in formula 2.1, hence t 

The class distribution densities are generally 

ing sample must be used to estimate (recover) 

al, because the density of a sample can only be restored 

approach is no longer ide 

he fewer the sample, the more likely it is to match the 

with some inaccuracy: T 

d face the overfitting effect. 

distribution to specific data an 

Yag shows advantages of the Bayesian classifier: 
’ 

e when the data are of a probabilistic nature, 

them. As a result, the Bayesian 

e works well in practic 

e simple implementation
, 
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e speed of work; 

e separates objects by fairly simple but nontrivial separating surfaces (in the 

case of normal distributions). 

It also has disadvantages: If a categorical property in the testing data set has a 

value that was not present in the training data set, the model will give it a zero 

probability and will be unable to generate a prediction.[12] "Zero frequency" is 

the term for this occurrence. Smoothing can be used to solve this issue. Laplace 

smoothing is one of the most basic procedures. 

The bayes algorithm is a decent classifier, but the predicted odds aren’t always 

correct. As a result, you shouldn't put too much faith in the predict proba 

method’s output. Another bayes algorithm flaw is the assumption of feature 

independence. Sets of entirely independent traits are relatively rare in life. 

Consider the naive Bayes classifier construction procedure. All features are 

considered to be independent and distributed according to the normal distribution 

law in this algorithm. 

The mathematical expectation and standard deviation of each feature in each 

class are calculated during the model’s training stage. The following steps com- 

prise the stage of obtaining a prediction for object x: 

a. for all classes y €Y, steps b. —d. are performed; 

b. using the traditional definition of probability, the a priori probability of the 

existence of a class is calculated; 

c. Under the condition of class y, the total a posteriori probability of features 

ood of acquiring x under a normal distribution 

with mean and standard deviation calculated during the model training stage; 

the highest posterior probability value is returned. 

According to J.Chen and Abdalhkim , 

x is determined, i.e. the likelih 

d. The class that has 

The scikit-learn library can be used. 

library offers three different types of Naive Bayes models:[17] [2] | 

Gaussian distribution (normal distribution). This model is utilized when deal- 

ing with continuous attributes and maintains that the feature values follow a 

normal distribution. 
; 

Polynomial (multinomial distribution 

is used. In a pattern recognition problem, for examp 

rd appears in a text. 

). When there are separate features, this 

le, features can display how 

several times each wo 
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Bernoulli’s formula (Bernoulli distribution). It’s employed when dealli | , | aling wi 

binary identified (there is only two values: 0 and 1). A binary feature det : i ee | ‘ermines 

the existence (1) or absence (0) of a certain word in the text when utilizing th ng the 

"bag of words" approach to classify texts. 

2.2.3 K-nearest neighbor method 

The compactness hypothesis states that related things are more likely to be in th 

. - a: 

n the 

same class than in distinct ones. This means that the class border is relativel Avely 

simple, and the categories form compactly defined regions in the object space.! e.In 

metric algorithms, the item being categorized is described straightly by the vect an Or 

of distances to other items in the training examples, rather than by a set of O 

features. In such circumstances, featureless recognition is also used. 

It is considerably helpful in measuring the similarity of sentences, chemical 

formulas, and amino acid patterns directly than it is to go to feature descriptions 

It is critical in expert systems to not only models can be classified but also to 

provide the user with an explanation of the recommended classification. Such 

explanations appear extremely logical in the nearest neighbor method: "The ob- 

ject x is allocated to class C since a close object in the training set belonged to 

the same class." Experts in a variety of fields are familiar with "precedent" logic 

(medicine, geology, jurisprudence). 

The k Nearest Neighbors (kNN) algori 

arning issues. This, along with the decision 

derstand classification methods. [36] When 

he item is assigned to the most common 

thm is a widely used classification al- 

gorithm for a variety of machine le 

tree, is among the most easy - to - un 

the procedure is used for classification, t 

eighbors of this element, all of whose classes are known. 

class among the k n 
e object is given the average 

When the procedure is use 

objects that are closest to 1 

le test pattern is shown in 

triangles as C 

under consideration is a small circle, t 

only one square inside the 

instead of two triangles, a 

d for regression, th 

t and whose values are already known. 

Figure 2.2. The blue squares will be 

lass 2. Class 1 or 2 should be assigned 

he object is 

value of the k 

A green circ 

das class | and the red 

region 

ce there are two triangles and 

three squares inside the circle 

will be classified as first class. 

refully in order to produce accurate classi- 

classifie 

to the green circle. If the 

categorised as class 2 sin 

circle, Because there are 

a dotted line) 
huge circle (with 

must be chosen ca 

The parameter k 
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Figure 2.2: An example of k-nearest neighbor classification 

fcation results. When a classification judgment is made based on a small number 

of examples and has low relevance, an overfitting effect develops if the parameter 

value is tiny. Overfitting in decision trees, where there are numerous rules for a 

small number of samples, is analogous to this. If you set k=1, the algorithm will 

class label of the nearest item to any new observation. 
simply assign the 

d that using lower k values increases the effect 

Furthermore, it should be note 

lassification results, since minor chan 

same time, though, class divisions of noise on ¢ 
ges in the data result in big 

he classification results. At the 
changes in t 

(the class take advantages with a large score through 

become increasingly apparent 

voting). 

On the other hand, if the parameter’s value is too large, the categorization 

s includes many objects from various classes. This classification turns out 

curately reflects the data set’s local characteristics. 

ter k is a trade-off between model accuracy and 

proces 

to be overly broad and inac 

As a result, the choice of parame 

generalization 
ability. 

99.4 Edit Distance algorithm 
. 

pt of edit distance 1 

asur 

s used in information theory and computational lin- 

os the difference between two character sequences). The conce 

guistics (a metric that me 
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The Levenshtein technique is commonly used to compute such edit distances. It is 
the smallest number of character deletions, insertions, and replacements required 
to convert one string to another. [26] 

The Levenshtein distance is a number that tells you how different two strings 
are. The higher the number, the more different the two strings are. 

According to work Iskander we can take one of examples: the Levenshtein 
distance between “kitten” and “sitting” is 3 since, at a minimum, 3 edits are 

required to change one into the other.[35] 

kitten — sitten (substitution of “s” for “k”) 

sitten — sittin (substitution of “i” for “e”) 

sittin — sitting (insertion of “g” at the end). 

substitution 

K with S$ 

substitution 

E with | 

insertion G 

Figure 2.3: Levenshtein distance 

The weight of the operation (insert, remove, replace) varies according to the 

type of operation and the amount of content to be processed, representing the 

varied chances of a text recognition error: 

e cost(a, 8) 

e cost(E£, 8) 

e cost(a, €) 
| 

TI lexity of the operation (insert, remove, replace) varies according to the 

he com 

: 

t f : tion and the amount of content to be processed, representing the 

ype of opera 
“ iis 

varied chances of a text recognition error: 
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Algorithm 1 Computing Levenshtein edit distance 

D(i,j) = min{D(i—1,7 -1) + yA(i) > BCj)) D(i AS —], 

y(A(i) — A), D(i,j — 1) + (A > BA3))} mens 

The goal of approximation string matching is to locate matches for short 

strings in a large number of lengthier texts in scenarios where only minor changes 

are expected. The brief strings could, for example, come from a dictionary. One 

of the strings is usually short, and the other can be any length. Spell checkers 

correction systems for optical character recognition, and software to help natural 

language translation based on translation memory are just a few examples.[19] 

Although the Levenshtein distance can be computed between two lengthier 

strings, the cost of doing so is roughly proportional to the product of the two string 

lengths, making it impractical. As a result, when utilized to aid in fuzzy string 

searching in applications like record linkage, the compared strings are typically 

short to aid in comparison speed. 

Two ideas underpin the suggested algorithm was showed by Yi Mar Myint. 

[18] 
1. The range of fill 

lues, resulting in a more thorough cutoff of optional calculations. 

d to estimate the Levenshtein distance, 

ed cells in a row is dynamically decided based on the 

previous row’s va. 

9. To the initial matrix being use 

an additional matrix is added. The necessary features are kept in this scenario 

as demonstrated below, for recurring filling of this matrix and breaking out un- 

necessary calculations in it. This results in a more comprehensive filtering of 

calculations that have no bearing on the final outcome. 

2.3 Related Works 

ssing for Kazakh language 

ecture in the Kazakh lan- 
2.3.1 Text proce 

that examines the morpheme archit 

tion of stems and affix segmentation by Al- 

t segmented using a finite-state machine. 

Consider the work 

s, as well as the extrac 

| affixes are firs 

as inflectional affixes in the work of author Kessik- 

d personal.[10] Works can be credited in the 

A morphological analyzer 

guage corpu 

tenbek. [7| Inflectiona. 

sorts of endings are given 

ossessive, case, al 

‘cal analysis of the Kazakh language. 

Four 

bayeva: plural, Pp 

field of morpholog 
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is developed with end-state tools usi r0-lev : 

rule-based realization of the » ohategiea ve . nara Spprosey nee 
he tees "ule Based Machine ; s described in the same work. 

ed Machine Translation From Kazakh To Turkish" compares 

and contrasts the morphological characteristics of the two languages. [25] Oo, tol 

ogy was compared, a uniform system of morphological feature symbols was — 

structed, and the morphological principles of the Kazakh and Turkish lan _ 

were represented using a new set of symbols. =“ 

The universal morphological analysis algorithm is used to create the unified 

morphological analyzer. The paper of Mukhanova, [9] proposes a method for 

standardizing the main forms of Kazakh endings. The aforementioned works 

primarily explored a certain (limited) class of Kazakh language endings, although 

complicated forms of language change were not provided, relying on the analysis 

and generation of Kazakh language endings (suffixes and affixes), which does not 

cover the language’s fullness. The authors of the study, D.R. Rakhimova and 

A.O. Turganbaev, provide a new method to the classification of Kazakh language 

endings, completeness of coverage, and practical implementation, which will be 

employed in this study. [24] 

There are many works performed on the general spelling correction problem, 

but we don’t have many of works related to text normalization and processing 

One of the first works with the result was "Spelling Correction for Kazakh" by 

Nazarbayev University students.[aibek] In this work, a spelling correction was de- 

veloped with the help of the FSA and which had an accuracy of 83% in generating 

so had a poor candidate correction rating and a shortened 

s. This work can be seen in two ways: first, one of the 

for the Kazakh language was developed, which 

t word forms; and second, the text summa- 

lling correction tool. The created FSA 

correct proposals, but al 

candidate correction list 

first morphological disambiguators 

to generate and segmen 

develop a spe 

which can then be combined with lexical roots to 

error and 

can be used 

n tool was utilized to 

ains, 

rd forms. The Bayesian approach, which mixes 

y channel techniques 

rizatio 

generates morpheme ch 

construct inflectional wo 

source models, was employed to achieve this goal. The nois 

proposed by Church and Gale have been shown for these error models. The job 

of employing FSA has severa 
tably the relatively poor ranking of 

pairs and the reduction in c 

by new NU students who have also worked with s 

1 flaws, most no 

viable re 
atalogues of potential solutions. 

pell cor- 

And recent work 
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rection in text has shown the disadvantages of method F'SA.To compare tl 

comes, the author used both statistical machine translation sar) and ne out 

machine translation (NMT) techniques. [37] The fundamental experin neural 

chosen to be SMT. A pretty conventional set of tools were utilized in thi " 

flow. The goal was to create scalable NLP tools in Python, hence a sttaseheved 

statistical machine translation system was created because phrase-based vnethode 

outperformed other methods. Also demonstrated was the use of a neural network 

model, namely the sequence-sequence model (Seq2Seq), to solve the problem of 

secondary normalization. In the test set, the statistical technique yielded 21.67 

BLEU, while the sequence-sequence model yielded around 30 BLEU points. Both 

outcomes can be regarded averages on the whole. It’s possible that sparse datasets 

are to blame for this behavior. 

The algorithms shown above, such as the Naive Bayes theorem and the Lev- 

enshtein algorithm, have been developed and used in other languages. These 

s were developed with students from Suleiman Demirel University. [4] 

h matching words used in each region of Kaza- 

words, dialects and words that are often used 

algorithm 

They have created a database wit 

khstan. The dictionary includes 

in social networks, which often reduces the number of letters in a word. Here 

n implemented and the best option, namely Bayes’ theo- 
two algorithms have bee 

f 99.19%. The advantage of the method 

rem, has been shown with an accuracy 0 

proposed by the authors is that it can be iteratively improved by adding new 

lization and new entries to the root lexicon. 

rules/transitions to the norma 

2.3.2 Other language 

1. Turkish language: Works for the processing and correction of texts in Turkish 

were considered, due to the similar structure and origin of agglutinative languages. 

Zemberek is among the most popular tools for Turkish developers. The work 

of Ebru Yilmaz Ince, show how work Zemberek, it defined Turkish vocabulary, 

including word roots and suffixes, according to Turkish language standards. [13] 

For Turkish, an agglutinative language, n-gram algorithms and edit distance were 

used to produce research, spell cheeking, and correction software. When using: 

the morphological structure of Turkish words, nZemberek is utilized to check and 

elling problems. 1 based on word length 
rectify sp 

According to the study, software that uses an n-gram 
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and an edit distance algorithm produces a spell checker with a 95% rate of success 

and suggests an appropriate spelling repair option with an 86% success rate. This 

study varies from others in that it considers the length (n) of the studied terms 

n, (n-1), and (n-2) when correcting Turkish misspelled words.[20] The word was 

corrected using grams. This optimizes the application for agglutinative languages 

as if it were a library with a direct cyclic word graph tree with sources such as a 

root, suffixes, and related special instances. 

2. Russian language: 

A language-independent typo correction model was created in research on the 

Russian language for social media texts by Alexey and Tatiana.[30] This was one 

of the final works to fix Russian literature. Another benefit is its adaptability, 

which allows you to insert arbitrary functions at the word and phrase level. They 

discovered that the quality of the language model is the most important aspect in 

corrector’s efficacy after experimenting with several types of features. 
the spelling 

another work for the Russian language 
According to the scheme of Alexey, 

levels, including a vocabulary prototype, an n-gram 

error method, and a morphological error model, and 

combined them into a single linear classifier.[29| The author of the paper utilized 

a reranking method commonly used in machine translation: the program first 

e n best lists of candidate sentences based on the simplest of the 

tic regression classifier to rerank these hypotheses. 

he error model, morphological and semantic 

gathered scores from many 

language model, a weighted 

generated th 

models, and then used a logis 

As a result, after implementing t 

aspects did not improve any more. 
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Chapter 3 

Research method 

This section of the report will introduce methods for performing the spelling 

correction process. As noted in the literature review, there are several different 

approaches that can be used to automatically recognize and correct errors in text. 

As shown, the n-gram model has been and remains one of the best methods for 

working with text correction in every stage of the development of natural language 

nce it has the properties to work with and without a dictionary. In 

this case, the n-gram method is used for the Kazakh language, despite the state- 

ment about the non-working of this model for the Kazakh language in previous 

works [37]. This work will provide an analysis of the operation of the SymSpell 

algorithm and n-gram model. 

processing, Si 

31 Morphology Analyze 

3.1.1 Classification of the endings of the Kazakh language 

Affixes in the Kazakh lan 

Tukeyev guided the authors in 

endings. [34] 

The structure of en 

of the Kazakh language 

There are four different sorts 0 

guage include suffixes and ends. The researcher U. 

developing a thorough system of Kazakh language 

dings for the nominal roots of phrase and the verbal roots 

e two types of endings. 

f endings for the nominal bases of Kazakh words: 

e Plural endings (K) 

(C) e case endings 

30



e possessive endings (T) 

e personal endings (P) (J). 

The study examines many alternatives for inserting different types of endings, as 

indicated by the formula 3.1: 

n! 

(n — k)! 

There are a total of n objects. We'll choose k items from among them and rear- 

range them in any way imaginable (both the structure of the selected endings and 

Placements of n objects by k are the resultant combinations 

Pe = 
(3.1) 

their order change). 

The number of alternati 

although some of them are semantically wrong. 

The following are semantically valid: KT, TC, CJ, KC, TJ, KJ, KTC, KTJ 

TCJ, KCJ, KTCJ. In all, 4 places from one kind, 6 from two main types, 4 from 

three different types, and 1 from four categories are permissible. In words having 

nominal stems, there are total of 15 types of acceptable placements. 

The forms and amount of endings are chosen based on the sorts of endings 

received. So, there are 1213 ends for parts of speech with nominal stems (all plural 

s are taken into consideration), and 432 endings for parts of speech with 

432 , moods - 240, participles - 1582, pledges - 80, gerunds 

s, but suffixes that construct forms of the verb, thus they 

). There are 3960 endings in total. 

ve locations as a consequence of the calculation is 64 v] 

version 

verbal stems: verbs - 

- 48, (They are not end 

will be treated as such. 

3.1.2 Classification suffixes of word 

In Kazakh, there are two sorts of suffixes: 

e word-forming (TdJr) 

e shaping (TrJ r) 

new words are known as word-forming suffixes (The word’s 

le, we can take word "write" 

Naxpii", smart - Waxpli+abl". 

Suffixes that produce - "oxa3y", "writer" - 

definition shifts). For examp 

" 
Wo 

"oxasy-+uibl",
 OF knowledge 
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Word forms are formed using formative suffixes. For instance: "6ip" - "6ip+ixui' 

("one" - "first"), "oKpi" - "oKpr+spi", ("read" - "was read"). 

Customized and grammatical suffixes are separated from formative suffixes. 

Suffixes of the degree of evaluation of adjectives; suffixes of ordinal labels of num- 

bers; suffixes of verbs that constitute the voice, amplification, and negative types 

of the verb are examples of modified suffixes. 

The affix database will not include negative verb suffixes or derived noun 

suffixes. For example: "6apmaxpi3zgap" - "Oap + Ma (verb) + Hp (JJ) + zap 

(KJ)". However, instead of the word "6ap", the basis of "6ap + ma" should be 

displayed, because they have different meanings. 

Grammatical suffixes are indicative of the verb’s change. There are time suf- 

fixes, gerund suffixes, mood suffixes, participle suffixes. 

There are a total of 26,526 potential suffixes. 

Suffixes and ends used in Kazakh | Examples 
Number 

nouns with verb stems 

KeI+i0+Tl, 

celine+H+Mis3, 

Kep+e+ciHaep, 

+bIN+HbI3 

2 V+KS2+ V+ JJ 6ap+FasIbI OTbIP+MBIH, 

2KATbIP+CbIszap 

3 V+El1+ JJ 2#KYyptreH+cbIH, 

xKypteTin+6is 

4 V+b24+TI + CJ Kapa-+pbI+H+ bl, 

Kapat Maf--bIM+ HbIA, 

5 V+eEl+KJ+TJ + CJ Kapa-Fal-ap-bIM-HbIH, 
Kapa-lTbiH-ap-bl-Ha 

6 VrR2+TJ+V+ Kel + $h3 | xyp+ritmis ke+se+a 

; 

xamples of the formation of affixes in the words 

Table 3.1: Table with e 

exically and semantically correct, 
ies li in Table 3.1 are | 

f the categories listed in 

3 

Some 0 Only the most commonly used affixes have been included to 

but others do not. ; 
e. ; the databas nere such affixes are added to the root is shown below in order to 

The order w tional suffixes were not taken into account 

1 

: 

i" 
iV 

heen } ‘ modify the roots of the word and the context of the definition. 

ause they y t 

fi 

Q9



Suffixes that form words are applied to nouns 

W=Ni + &; (3.2) 

=A;+ S1; 
= R + $2; 

=V,+$3;+ 54+ £; 

S3 = Ey, Ky 

S4 = Kg, Ks, Sh3, Sh4, El, R2, R1, R2, R3 

In 3.2, N is the set of root for nouns and pronouns; V is a set of verb 

. 
. 

, 
TO ; 

R is a set of numerals; A is a set of adjectives; W is a set of words; S, S1 

S3, $4 is a set of formative suffixes, Kp - amplifying type of suffixes; Ks | ger Fi ’ - Tun 

suffixes; E - set of endings; Et - voice suffixes. 

3.2 Modelling 

3.2.1 N-gram model algorithm 

For text recognition systems with a big vocabulary, a language model is required. 

model is one of the most advantageous language models 

People may usually use N-Gram in NLP to anticipate or evaluate if a sentence i 

plausible based on a corpus. N-Gram, on the other hand, can be used to calculate 

the difference between two strings. This is a frequent fuzzy matching technique. 

n demonstrate readers how N-Gram can be used 
This essay will begin here and the 

in natural language processing in a variety of ways. [3] N-grams are a positive 

point of texts and language since language is not just a random set of words. 

N-grams are the foundation of several natural language processing algorithms: 

The n-gram statistical 

ection: techniques that use N-gram letters are more accurate 

1. Language det 

(google langdetect); 
4 

rams in which the end of the i-th N-gram 

ern of N-g 
y connected generation: a patt 

t of the i+ 1th N-gram. A syntacticall 2. Text 

corresponds to the star 

text is known as al N-gram. 
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hood of seeing an N-gram containing that word in that context is low ( or 
0), indicating a semantic error. 

Every text element is divided into a group of n-grams. Developing a system based 

on n-grams necessitates first calculating the probability of error for each n-gram 

separately. The number of times it appears on incorrect words out of the amount 

of times it occurs on words in the text is the probability. It’s also feasible that 

n-gram (a sequence of n letters) is valid in one context but not in another ~ 

As a result, this strategy necessitates a learning corpus. The invalid n-grams 

are only those created from the erroneous words.[32] An n-gram that appears on 

both the proper and incorrect forms of a word is not considered to be related to 

the error. 

p=E/(E+V) 
(3.3) 

The probability of error (P) of an n-gram is given by the following formula 3.3 

where: E is the number of times it has been classified as an invalid n-gram; V is 

the number of times it has been classified as a valid n-gram. 

This is how the N-gram model works: 

We go through a frame of N words in length and count the how often each 

combination (n-gram) occurs, according to the text which used train and validate 

the model. Similarly, while querying the model, we have to go through sentence 

frame and calculate the combination of all n-gram probabilities. The number of 

such n-grams in the experimental text is used to estimate the likelihood of seeing 

one. 

The total of all n-grams of size n that compensate this sentence is nearly equal 

to the chance P(wl,..., wm) of approaching a sentence (wl,..., wm) of m words: 

m 
m 

P(uy,.++>Wm) = [| 2 | Wy, ..., Wy-1) x [[ Pw | wy-(n-1)2-++ 2 Wi-1) 

j=1 
é=1 

ram appears in comparison to the number of 

The number of times this n-g 

hout the last word determines the likelihood 

times the identical n-gram occurs wit 

of each of the n-grams- 

Firstly, 1 created dictionary © 

that we should check word from 

f ngrams and the words that contain them. After 

dictionary. if the word exists in the dictionary, 
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count(w;_(n—1))---, Wi-1, Wi) 
P(w; | Wy-(n-l)s-°° )Wi1) = 

count(w;_(n—1))--++) Wi-1) 

function lookup return True. And also with function ngrams given a word, return 

the set of unique ngrams in that word. 

Listing 3.1: ngram 

def lookup(self , word): 

return word in self.words 

def ngrams(self , word): 

all_ngrams = set () 

for i in range(0, len(word) — self.ngram_size + 1): 

all_ ngrams.add(word[i:i + self.ngram_size]) 

return all ngrams 

Function "suggested_words" take a word, then return a list of possible correc- 

tions. After that sort by descending frequency. In this code ngram_size=2, 

len_ variance=1. 

Listing 3.2: ngram 

def suggested _words(self , target word, results =5): 

word ranking = collections. defaultdict (int ) 

possible_ words = set () 

for ngram in self .ngrams(target_word ): 

words = self .ngram_words[ngram|] 

for word in words: | 

if len(word) >= len(target_word) — 

self.len_variance and \ len(word) <= 

len (target_word) + self.len_variance: 

word ranking [word] += 1! 

ranked word pairs = sorted ( 

word. ranking. items () ,key=itemgetter (1), reverse=True) 

’ 

4 
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3.2.2 Smoothing 

In training, such a model is rarely employed in its basic state because of the 

following issue. If no n-grams were detected in the learning text, the entire phrase 

would be given a zero probability. Get one of the smoothing options to remedy 

this issue (smoothing). 

This is the addition to choose one over the frequency of occurrence of all n- 

grams, or the usage of smaller n-grams in the exclusion of a higher-order n-gram 

in a more complex form. 

Kneser—-Ney smoothing is the most widely used smoothing technique.|6] How- 

ever, it necessitates keeping additional information for each n-gram, and the ben- 

efit over simpler smoothing was not significant (at least in experiments with small 

models, up to 50 million n-grams). For the sake of simplicity, we'll treat the 

probability of any n-gram as the total of n-grams of all items, such as trigrams. 

Now that we have a language model, we can choose among the options for 

repairing errors for which the language model will provide the best estimate, 

taking into account the context. In order to avoid a high number of false positives 

we will also impose a minor penalty for modifying the original term in the estimate. 

Changing this penalty allows you to vary the amount of false positives: in a 

text editor, for example, we can ignore the percentage of mistakes higher, and for 

automatic text correction. 

The n-gram model is used in the proposed method: 

Based on n-gram statistics and lexical resources, it can discover the correction 

ideas by assigning weights to a list of scope correction candidates. 

We'll have to take a bit of probability mass from the more common occurrences 

and give it to the events we've never seen to keep a language model from assigning 

0 probability to unseen events. Smoothing or discounting is the term for this 

change. 

Smoothing is as simple as adding one to all the bigram counts before normal- 

g them into probabilities. All counts that were previously 0 will now be 1, 

, and so on. 

s the name of the algorithm. One optio 

ller portion of the probability quantity from observed 

izin 

counts of one will be 2 

Laplace smoothing i 
n tov add-one 

smoothing is to shift a sma 

to unknown events. 

rc 
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#If mispelled word is last word of a@ senc 

probaility of previous word nee tae 

if cnt = len(sentence)-—l: 

try: 

p2 = cf_biag[ corrected [len 

(corrected) —1]. lower ()]. 

prob(sug. lower ()) 

prob. append (p2) 

except: 

prob. append (0) 

AIf mispelled word ts first word of a sencence take 

probaility of next word 

elif cnt = 0: 

try: 

pl = cf_biag[sug. lower ()]. prob 

(sentence [cnt +1]. lower ()) 

prob. append (p1) 

except: 

prob. append (0) 

3.2.3 SymSpell algorithm 

SymsSpell is an algorithm for quickly locating all strings within a maximum edit 

ge array of strings. It could be used to correct spelling 

Spell gets its speed from the Symmetric Delete 

xing to keep its memory usage low. 

distance out of a lar 

and search for fuzzy strings. Sym 

g correction method and uses prefix inde 

Levenshtein distance, the Symmetric Delete spelling correc- 

he difficulty of edit itemsets and vocabulary lookup. 

onal operation to the Leven- 

spellin 

For a given Damerau- 

tion technique decreases t 

The Damerau-Levensht
ein distance is an additi 

ance method.[28] Transposition is the process of rearranging similar 

locations. The approach works well together with single- 

r in some languages, such as Unicode, text can only be 

length encodings. He discovered that transpositions ac- 

shtein dist 

characters n different 

byte encodings, howeve 

described using variable- 

count for 4/5 of all typing errors. 
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CoOJIEM 

INSERY REPLACE DELEYE MATORPOSE & 

ACOJIEM AOJIEM -OJIEM OCNIEM 

BCOJIEM BOJIEM C-JIEM CHIAEM 

CoIEMA COuEA COuIE COJIME 

Figure 3.1: Scheme of interaction between the components of the architecture of 

the spelling verification system 

An edit distance algorithm is a technique for quickly producing a second line 

from a single line. Most of the time, actions are indicated in the table. Letters 

from the alphabet of the language in which the word is to be located are used in 

insert operations in Table 3.2. 

Table 3.2: Edit distance algorithm's operations 

Operation Description 

D Delete 

I Insert 

R Replace 

T Transpose 

M Match 

For example, for the strings "COJIEM" and " CAEM" you can build a trans- 

formation as shown in the Figure 3.1. 
. | 

| ickly creating a second phrase from a single line is called 

A technique for qui 
t cases, actions are listed in the table. Insert 

é itorial rescription. 

| 

an edit P e letters f the language under which the In mos 

procedures utilis from of the alphabet o 

yroce 
xf Ie 
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term is t | o be found. The speed is due to the use of low-cost del 

candidates and pre-calculation. 
elete-only edit 

Withi ; a: 
‘thin a maximum edit distance of 3, an average 5 letter word contains ab 

Ins about 

3 million possible spelling errors, however SymSpell only needs to g enerate 25 

deletes to handle it all, including both pre-calculation and at lookup ti 
| 

ime. 

The number of returned results can be controlled using the Verbosity param- 

eter: 

Top: The recommendation with the highest phrase frequency among tl he 

smallest edit distance suggestions discovered. 

9. Closest: All recommendations with the shortest edit distance, ordered b 
, y 

term frequency. 

3 All: All ideas within maxEditDistance, sorted by edit distance first, th , then 

term frequency. 

Maximum edit distance parameter specifies the maximum distance at 

4. The 
d be treated as suggestions. 

ich dictionary terms shoul 

ency dictionary could be produced from a large text 

d from data, files (LoadDictionary) (CreateDic- 

wh 

5. The needed Word frequ 

corpus or directly receive 

tionary). 

the input string. The Symmetric Delete spelling correc- 

m 
al token suggestions. Ideas are Tokens are created fro 

tion technique is then use 

every bigram 

tive tokens 

d to generate individu 

also reviewed for (a concatenated pair of consecutive tokens), but 

produces no options or the perfect solution 

only if one of two consecu 

has an edit distance > 1. 

Listing 3.3: Edit Distance 

verbosity , max_edit_distanc
e ): 

(word , 
ookup (word , verbosity , 

— symspell a 
= 

def lookup_word 

suggestion
s 

,_distance) 

item . term for item in suggestions | 

bosity -CLOSEST: 

max _ edi 

words _list = | 

== Ver 

if yerbosity — 

return words_|list 
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if len(words_list) > 0: 

return words_list [0] 

return None 

Firstly, we input word to lookup. Then check the Verbosity mode: Ver- 

bosity. TOP, Verbosity.ALL or Verbosity.CLOSEST. After that take max edit 

distance with Leveshtein, If verbosity is defined as Verbosity.TOP and the in- 

put word has the most repeated word within max edit distance, the output will 

be verbose. If there are no terms in the dictionary matching input word within 

max edit distance. This can happen, for example, when you pass a word in a 

different language. It returns the most common word. 

Listing 3.4: SymSpell 

suggestions = symspell. lookup (word, verbosity , 

max edit _distance) 

words_list = [item.term for item in suggestions | 

if verbosity == Verbosity .CLOSEST: 

return words_ list 

if len (words_list) > 0: 

return words _ list [0] 

There are four different comparison pair types: 

e dictionary entry==input entry, 

e delete(dictionary 
entry,pl1)==input 

entry 

e dictionary entry==delete(input
 entry,p2) 

e delete(dictionary 
entry,p1)==delete

(input entry,p2) 
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Chapter 4 

EXPERIMENT SETUP 

Like most NLP models, machine language methods require data to produce re- 

sults. To form an algorithm for this research, I first collected articles from news 

web pages like tengrinews.kz and texts on forums, to strictly controlled documents 

such as web pages, wiki materials. 

The latter form the backbone of our corps. All these 

observe a wide variety of language works. The corpus consists of 50 to 100 pages 

d reports written by different authors. 

resources allow us to 

of various articles an 

Table 4.1: Number of inputs 

Number of posts Number of pages Number of Words 
Source 

tengrinews.kz 18 84 184 555 

kk.wikipedia.org 29 100 147 880 

Total AT 184 332 435 

blem of preliminary text processing (text correction) using the Kazakh 

a collection of algorithms and techniques (Table ?7?). 

anges in keyboard layout, different types of mistakes, 

The pro 

language is tackled utilizing 

This method accounts for ch 

and so on. 

A news text corpus was created and processed to construct a language pro- 

ing model, and it was derived from t 

corpus is compri 

t, representing the characteristics of current language. 

The text was broken down 

he websites of several electronic news- 

cess 
sed of texts that have a high number 

papers. As a result, the 

of speeches and direct tex 

The assembled body was processe 

into sentences, with sentences of five w 

d automatically. 

ords or less eliminated, as well as text in 

Al



brackets. Punctuation marks have been eliminated and common abbreviations 

have been deciphered. 

To test the created language model, a text corpus containing the material of 

the electronic newspaper site as "tengrinews.kz" was assembled. 
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Chapter 5 

RESULTS AND 

DISCUSSION 

5.1 Results 

In this section, the results of the work performed will be presented and analyzed 

In this study, software was developed to check and correct Kazakh spelling. 

The software was built on the Python platform, and kivy was applied to create 

a mobile application. The accuracy level of a word is checked as the user types 

it in. If the word is spelt correctly, the user will be prompted "The spelling is 

and the word will be displayed. The level of correctness of a word is tested 
right" 

of the term is correct, the user is 
when it is entered by the user. If the spelling 

informed that "The spelling is correct." 

Otherwise, after selecting the "CHECK" button, the user automatically cor- 

rects the word’s problem and displays it on the screen. In 5.1 we can see one of 

example of errors and 

For spell checking a 

g3and 2 as thresholds, respective 

misspelled word length as 0, (n-1) and (n-2). The nearest two distance distance 

editing method selected candidate words, which were added to the suggestion list. 

he method’s results with expert estimations is the key 
The comparison of t 

. t . 
. . 

criterion for evaluating the quality of automatic text classification algorithms. In 

this situation, the "ideal" algorithm is one in which t 

patible with professional appraisers’ opinions.Recall and accuracy are the most 

their corrections. 

nd correction, N-gram and edit distance algorithms are uti- 

lized, usin 
ly. The n-gram is calculated using the 

he system’s results are com- 
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© Spartan 

Automatic Error Detection and Correction of Kazakh text 

by Tolegenova Assylay 

Text 

Kaaak 6anapapb! akbinKb! 

CHECK 

Ka3ak 6ananapbl akbingb! 

Figure 5.1: Automatic error correction application 

commonly used quality measures. 

Definition (completeness of document classification): The ratio of the number 

of documents correctly assigned (automatically) to the total number of documents 

associated to this item is used to calculate recall of document classification: 

Recall = TruePositives /(TruePositives + FalseN egatives) (5.1) 

Definition (document categorization precision): Precision: The ratio of the num- 

ber of documents accurately assigned (automatically) to the total number of doc- 

uments assigned to a specific item is determined as follows: 

TruePositives/(TruePositives + F alsePositives) (5.2) 
Precision = 

Ad 



Methods Error Rate | Fix Rate | Precision | Recall 

N gram model 3% 89% 91% 82% 

SymSpell 3,7% 71% 88% 70% 

Bayes Theorem | 3.80% 74.50% 98% | 81.33% 

Table 5.1: Results’of algorithms 

According to the results of the 5.1 we can see that the ngram model is leading 

in the secondary corrected version and also has fewer errors that were found 

when found using the algorithm. A fixed rate per gram model with 89% beats 

the symspell model by 18%. And also the errors that were after checking and 

correcting in the n gram model showed 3%, which is 1% less than it was in the 

Bayes theorem. But despite good results in secondary correction and fewer errors, 

Bayes’ Theorem leads in algorithm accuracy with 98%, which is 7% better than 

the ngram model and 10% better than the symspell. If we look at and compare 

the completeness of the algorithm, then in this case the gram model and the Bayes 

different, w 

hms. Since it only uses deletion, the percentage of theorem are not much hile the symspell algorithm showed the worst 

result among the three algorit 

completeness was also low. | 

8,000 }- 

7,500 | 

7,000 | 

6,500 | 

6,000 | 
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ar
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Ti
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5,500 | 
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4,500 
: 

SymSpell Bayes Theorem 

Methods 

Figure 5.2: Tested search time for 1019180 words. 
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SymSpell tool is very fast. We can see from the chart that speed is vital 

utilizing SymSpell. It is several orders of magnitude faster than several di wae 

testing tools, such as the BK-Tree, and several orders of magnitude faster than 

the ngram model approach. The time it takes SymSpell to look up a word " 

slightly as the dictionary size and maximum edit distance grow. a 

In terms of search speed, it outperforms the’ other three algorithms. This com 

at the expense of increased memory usage and precalculation time. If the arecom. 

puted data is serialized, the precalculation time occurs only once when rogram 

or server launch, or even only during program development 

5.2 Discussion 

In this section of the report, the analysis and investigation of the model’s perfor- 

mance will be shown. 

Some tests are being carried out to assess automatic spelling in the following 

ncerned in assessing the quality of the proposed sentence. In order 

to accomplish so, the whole list of Kazakh texts with frequent errors and news 

offered in Chapter 4 was assessed. To begin, use the bigram case to spell out 

all of the misspelled words from the list, then simply correct the first sentence. 

nique successfully corrected 354 misspelled words (987%) while 

way: we are CO 

The proposed tech 

failing to correct 6 misspelled terms (27). 

The system was then put through its paces again, this time with the addition of 

purposeful errors, which were split into numerous categories. It’s a system for 

putting letters in words, deleting them, reordering them, and replacing them. It 

can also be identified by repeated characters that have been removed or added, as 

well as differences of one character or a difference test that involves substituting 

two consecutive letters. 

A test set of 500 spellin 

words with errors (87%) 

g errors was developed, with spell check correcting 435 

and 65 words with errors (13%). This revealed low effi- 

performance when utilizing more than the standard, such as inserting 

or moving more than two letters. As stated in the 5.2, 

(78%) and failed on 110 words (22%). 

ciency and 

or removing, replacing, 

the spell check passed on 390 words 
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Bigram | more than two letter(trigram) 

Correct | 435 (87%) 390 (78%) 
Wrong | 65 (13%) 110 (22%) 

Table 5.2: Results of bigram and trigram 

An analysis of the works on automatic detection of spelling errors leads to the 

conclusion that the following approaches exist today: N-gram, based on the use 

of valid letter combinations, and dictionary, based on the use of reference and 

frequency dictionaries. As shown above in this work, the n gram model was 

considered with symspell. In the experiments, the statistics of symbolic n-grams 

of length 3 was used, since it was verified that this length provides the maximum 

reliability of the classifier. 

Statistical language models are inherently a type of model that assigns proba- 

gram model, like many statistical models, 
bilities to sequences of words. The N- 

s. As a result, probabilities often encode 
depends heavily on the training corpu 

specific facts about a given academic building. In addition, the performance of 

the N-gram model depends on the change in the value of N. For this, smoothing 

was used. This means that any N-gram occurring enough times can have a rea- 

sonable estimate of its probability. But since any corpus is limited, some perfectly 

acceptable sequences of English words are bound to be missing from it. 

Once tested, the idea of using an n-gram can see distinct benefits that can be ap- 

plied to many problems such as speech recognition, translated word, word correc- 

tion, prediction, and spelling correction. This statistical method does not require 

much knowledge of the language of the document. One of the main advantages of 

ally captures the most common roots. N-gram can 

the n-gram 1s that it automatic 

be used in two ways: without a dictionary or together with a dictionary, but for 

ation must be used to determine the properties of the language. ‘The 

has been collected from different sources, 

which position in the wrong word the error 

he wrong word so that it contains only the 

this, lemmitiz 

N-gram model uses a dictionary that 

this method is used to find exactly at 

occurs. If there is a way to change t 

gram, that is, as a correction. 

a, low performance, ye 

declare that it is an appropriate solution for the 

the other hand, is utilized in conjunction with 

between words, but the words are always 

correct n- 

This approach has 

dictionary; however, we cannot 

Kazakh language. The n-gram, on 

the dictionary to establish the distance 

t, it is simple and does not require a, 
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double-checked. There are a variety of approaches to this, including a weighted 

examination of how many n-grams the misspelled word and the dictionary term 

share. 

While the findings are impressive, it’s worth noting that the two implementations 

use totally opposite prioritization models. .. 

As a result of this, the N-gram matrix for any training corpora should have a 

significant number of cases of assumed "probability zero grams". Accordingly, 

using n gram, we proved that the proposed combined algorithm is efficient and in 

many cases outperforms other modern classification methods in practicality, even 
? 

for agglutinative languages. 

Rechecking the n-gram model was very helpful becaus 

und. The main conclusion is that when using 

he graph will strictly display the relationship 

e all text paths that were 

similar to the original text were fo 

variations close to the lower limit, t 

between words. 

Also in the course of the study, it was found that nodes and edges, which are con- 

noise and which, as it was believed, introduce an incorrect classification of 

texts, on the contrary, reduce the size of graphics, which reduces the requirements 

aliasing was used to eliminate the limitations. 

for calculations and memory: Anti- 

It of the analysis, it turned out that “yes or de” is a more 

checked the suffixes at the end of the letter. For 

ffixes like ta-ta or those follow a root that 

sidered 

For example, as 4 resu 

common case, and the program 

in the Kazakh language, SU 

k" and changes at the end to "da or de, pa or pe". 

Such techniques and distinctions of the Kazakh language were not fully developed 

with the n gram model, since such features are not available for the English 

previously used. And these suffix checks were checked through 

example, 

ends in the letters "rt, 8 

language that was 

hat consists of parsed dates. 

When it comes to the time difference 

it’s due to the edit distance algorithm’s employment. 

limit, this algorithm first loaded a collection of misspell 

dictionary to it, which comprises the various Levenshtein 

number of words with this distance from their proper spelling as values. When we 

d the numbers, we discovered that the distance between most misspelled 

a, dataset t 
between ngram modeling and symspell, 

To determine the distance 

ed words and then added a 

distances as keys and the 

compare 

words is less than or equal to 2. 

To calculate the DL distance between two strings and to establish the ideal trac- 
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ing, the SymSpell engineers created efficient caching and multi-core linear space 

algorithms (edit sequence). These algorithms reduce the amount of space re- 

quired to solve issues, allowing them to solve far larger problems than previously 

conceivable. 
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Chapter 6 

Conclusion 

main approaches to solving the problem of correcting 

This article described the 

In particular, the expansion of the editorial 

the text in the Kazakh language. 

prescription with Kazakh letters and its application, the expansion of the database 

with Kazakh words, the analysis and comparison of gram and SymSpell, as well 

as with probability theory, changing the layout of the text, demonstrating an 

and the results of experiments with Kazakh words and 

example on 4 flowchart 

sentences written in python language. 

In this work, @ program for finding and correcting errors in the Kazakh language 

as employed for text processing, which used 

mented. An n-gram model w 

n-2) grams to correct the word, taking ‘nto account the length (n) of 

m the revised training sentences, the computer determines 

) of all words and bigrams (sequences of two 

built around a function that takes an 

was imple 

n, (n-1), and ( 

the studied words. Fro 

the frequency (number of occurrences 

words) case-insensitively
. The system is 

incorrect sentence and returns & corrected version of it. 

The system should scan the phrase for words that are not in the dictionary (the 

collection of uniqu 
t the word in the dictionary 

e words in the training set), and selec 

with the shortest edit distance and highest bigram probability for each word that 

is not in the dictionary. 
Only the existing conditional probabilities 

for the first and last words of the sentence. To avoid zero probability, smoothing 

techniques 
have been used. 

Like many statistical models, the N-gram model is str 

It, probabilities are frequently used to encode unique in- 

As a resu 
ure. Furthermore, the N-gram model’s 

a, certain academic struct 

value. The size of the dictionary has a 

performance ig affected by changes in N’s 

were applied 

ongly reliant on the train- 

ing corpus. 

formation 
about 
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direct impact on the classifier’s efficiency. The greater the vocabulary, the more 

time and computational resources are required. 

Furthermore, having too many terms in a document collection might dramatically 

degrade the categorization quality. There may be a huge number of so-called noise 

features with poor classification performarice among the terms. 

To minimize the vocabulary and improve the effectiveness of the classifier, each 

phrase is first lemmatized, which involves converting the terms into dictionary 

form or stemming and cutting off the endings. However, even after getting all of 

the terms to the normalized form, the document's feature space may still be too 

vast. 

I’d like to include edit distance in future work, which is a way for determining how 

similar two strings are by counting the least number of operations required to turn 

one string into another. A function that calculates all words with the smallest 

edit distance to the misspelled word and then adds it to the bigram probability 

reading process. As a result, the number of words found for further correction 

may be reduced. You can also create substitution rules, which are made up of 

ends that are added to the word’s root. For instance, (’m’, ”), (pmm’, ”), (‘im’, ”). 

Because the correction time will not be dependent on the dataset, this will also 

help to shorten the correction time. 
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