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Abstract 

Currently, there is a tendency to increase the volume of documents containing 

complex text structures. Professional text proofreaders provide their services to 

correct errors in the text for not a small amount of money. A very large number 

of people every day around the world, who are closely connected with science or 

education, write a large volume of articles and, accordingly, each and all of them 

should be written without errors and in the correct version. In order to automate 

this process, it was necessary to develop an algorithm based on the methods 

of analysis and correction of the input text. For high-quality text synthesis, it 

is necessary to use machine learning technologies that require deep knowledge 

and understanding in this area. Among the many machine learning algorithms 

Hunspell algorithm seems to be one of the best to solve this issue. The essence 

of this algorithm is to bring all the words contained in the text to the original 

format. Thus, this work is based on multilevel segmentation of errors of Kazakh- 

language text from the Internet or by manual user input. It is worth noting 

that due to technological progress, the main source of linguistic research is social 

networks, which is critical problem due to the dubious fidelity of texts. The 

this work was the formation and development of a spell-checking 
main purpose of 

ting Hunspell algorithm for 
algorithm for the Kazakh language based on the exis 

English. As a result, the Hunspell algorithm was studied, where the methods of 

extracting the base of the word, as well as t 

form were analyzed. The essence of this al 

detecting errors and typos ‘1 a word. These rules are contained in the dictionary 

and its dependence on the algorithm is directly proportional. Thus, the more 

more errors the algorithm detects and the more accurate it 

he ways of aggregation of the normal 

gorithm lies in the inherent rule for 

rules there are, the 

is. In addition, the forms and categories of 

words were also considered. As a result, 

ing of Kazakh words based on the existing Hunspell algorithm. The 

rrect spelling of words, sentences 

Kazakh words and their differences 

from English 
an algorithm was created to 

check the spell 

f this work seems to be that the co 

society, which is key in the deve 

atural languages, processing, Hunspell algo- 

significance 0 «ate 
lopment of modern civilization. 

forms a literate 
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Angatia 

Ka3ipri yakbITTa MeTIHZepawi KypJel KypblibIMgapbl Oap Ky2KaTTap Ke.1e- 

MiHiH, y1Fato ypZlici Oatikanagpi. Koci6u MaTIHAiIK pezakTopap MaTIHZeri KaTe- 

clepai TY3eTY YUH ©3 KbI3MeTTeEpiH a3 Me1INepse ycbIHagbl. FbVIbIMMeH HemMece 

6iiMMeH TbIFbI3 OalisaHbICTh! OyKiT avlem OofibIHIa KYH cafibIH eTe Kel azlam- 

Wap KeMTereH MakaJlalap 2Ka3ajbl %KoHe ColiKeciHWWe OapJbIH apKalicbIcbl Ka- 

Teci3 2KoHe JYpbIc HycKayja 2Ka3bilybl Kepek. By mpouecTl aBToMaTTaHbIpy 

YWiH eHTisiireH MOoTIHI Tagqay *KeHe Ty3eTy aiCTepive Heri3qeNreH aylropuTM 

»kacay Ka2keT Oomgpl. Motingepai cananbl cuHTe3fey YINIH OCI calagza TepeH 

6iaiM MeH TYCiHyHi KaokeT eTeTiIH MammuHanbik OKbITY TEXHOJIOTHAAapbIH KOI a- 

HY KaoKeT. Hunspell MamiHanapblH OKbITYJbIH KOMTereH aJITOpHTMAepinin iminge 

aJITOPHTM OCbI Moce.1eHi IWelyzin, eH 2Kakcbl ogicTepinin Oipi Ooubin Kepineni. 

By asropHTMHI MdHi MeTiHZeri GapsbIk ce3fepai OacTankKbl POpMaTKa KeNITIipy 

6onpin Tabbiiagpl. Ocbuiaitiia, Oy 2*KyMbic MHTepHETTeH Ka3ak TIHJeri MeTin- 

HiH KaTelepiH Kel JeHfeliwi cermentalanayra HeMece KOJTaHyWbIHbI KOJIMeH 

eHrisyre Heri3qesreH. TexHOJIOrHAJIbIK Mporpecke OaliaHbICTh! JIMHTBUCTUKAJIBIK 

3epTTey1epAiH, Herisri Ke3i aeyMeTTIK >2Ke.liep OOBIN TaObllaybl, Oy MdTiH- 

nepain, KYMOHA CeHIMAiirine OaliaHbIcTbI MaHbISAbI Macese OO/IbI TaObvwiaypl. 

By 2KyMBICTBIH, OacTbl MaxcaTbr Hunspell arbuiupii TisiHe APHAJIFAH KOJIDaHbI- 

CTaFbI aJIrOpHTM Herisiife Kasak Tiwine apHairaH opcborpaduAHbI TeKcepy aw 

TOpHTMin KasIbIIITACTBIPy 2KoHe asipsey OonLBl. Horuxecinge Hunspell anropurt- 

ni, onga Co3aiK Herisin any ogicrepi, coHgalt-aK KaJIbINTSI CbopMaHbin Ml 3epTTeJI 

pl Tayanopr. Byn asropuTMHil, MoH1 Ce3zerl KaTeslep MeH Te- 
arperalllia 2KOJIAaP 

pyslepai anbiKrayAPll Herisri epexxecinme 2xaTbIp. By eperkerep ce3qikTe 6ap 

pHTMre Toye Mri TiKeNeH MpoMopUMOHaJIPI. Ocbi.laiilua, epe- 
2KOHe OHBIH, aJIPO 

60.1ca, alIrOopuTM COFrypJIbIM Kel KaTewepdi aHbiKTatizpi 
JKETIED HerypJIbIM KOI 

7 

pex Goutal. CoubIMen Karap, Kasax cosfepiix, bopMataper Mex Ka- 
2KOHE OJ 

cesyepinil eMrec! 
we | 

r epaix cofieMAePAiH, DYpbIC 2Kasbllybl Kaslpll OPKeHNeTTIN, TaMybinaa 
bl Ce3JI , © 

| 

1 TAObLIATbIN CayaTTbl KoraMApl KasIbINTACTbIpabl. 
IWeulyLii 60/1bl “ : , | 

Ka3ak Till, TAOUFU TiIep, Hey, Hunspell anroputm, matin- 
Tyitin ce3iep: 

JU ONLIeY: MoTINAL TY3CTY 



AHHOTauMa 

B pacrosiee BpeMa MpocexKuBaeTCa TeHTCHINA yBe1lveHia OObeMa JOKYMeH- 

TOB, COJeprKAalUX CAOAKHbIC CTPYKTYPbI rexctos. [IpocbeccHoHaJIbHble TEKCTOBbIE 

KOppeKTOpbI MpeAOcTaBMAIOT CBO yCAYTH 10 HCimpaBseHI10 ouIM60K B TeKCTe 3a 

He Maclyio CyMMy AeHer. OQuenb 6otbllioe KONMUeCTBO .THOel c KarKTbIli JHeEM 

To BCeMy MMpy, KOTOpble TeCHO CBA3AHHbI C HayKOli 1wimo6pa30BaHlieM, NMIWyT 

6onbuoli OObeM cTaTeli 1 COOTBETCTBEHHO Kaaktad HM BCe U3 HUX JOJDKHbI ObITB 

HalllicaHbl 6e3 OLWHOOK 1 B KOPPpeCKTHOMBapHaHTe. JIna Toro uToObl caeaTb aBTo- 

MaTu3allui0 AaHHoro Mpoiecca HeEOOXOAMO 6bIJI0 paspadoTaTb aJIrOopHTM, onlpa- 

rollleeca Ha MeTOMplaHawlisa Hf KOPpeKTHPOBKM BBOAHMOTO TeKCTA. Ia’ KauecTBeH- 

HOLO CHHTe3a TEKCTOB HeEOOXOJUMO IIpHMeHeHIe TeXHOJOrMt MalMHHOro o6yue 

HHA, TpeOyIOUix riyOOKUX 3HaHuli 1 NOHMMaHIiz B maHHolt o6mactu. Cpey MHo- 

aJIrOpHTMOB MAaILTIHHOrO o6yuenua Hunspell anropiTM mpeacTapinetca 

ja pelleHHA WaHHOTO BOMpOCa. CyTb JaHHOrO aJIropHiTMa 3a- 2KeECTBA 

OHIIM M3 ry TWX 

K0uaeTcA B MIpHBeweHHH BCeX CJIOB, 

Takum o6pa30M, AaHHaw paboTa OCHOBaHa Ha MHOrOypOBHeBOH CerMeH- 
cojlep?KallMxca B TeKCTe, K U3HaAVaJIBHOMYy 

cbopMary. 

Talllul OUIMOOK Kas 

BAB C TeXHO.IOTHYeCKIM 
I 

aXCKO-ASbIUHON WHTepaTyPb! US VMutepuera. CTouT OTMeTHTb ? 

YTO BC 
porpeccoM, OCHOBHbIM HCTOUHHKOM JITHEBH- 

eTuueckult icclemoBaHull ABAIOTCA COIN aJIbHbIEe ceTH, AUTO ABJIAETCA KPUTHUHOM 

mpo6semolt 13-32 COMHITeJIbHOM BepHOCcTH TEKCTOB. [naBHoli uebio TaHHoli pa- 

6o0TbI Obl cbopMHpoBaHite i paspadoTKa ajITOpHTMa mpoBepki opdborpaduri JA 

KazaxcKOro ABbIKa 
puTMa Jia AHTIMMCKOTO A3bIKA 

Hunspell. Kak cnencTBue, © 

SIH3MpOBaHbl MeTOsb! H3B.1e4eHNA OCHOBBI 

MaJIbHOlt POPMPI. CyTb 

HUA ouimO0K HM one 

cnopape 1 gapiicHMocTb Y Hero © aIropuTM 

BHA, TeM OoJIbIle ommOoK OOHapy2KMBaeT aJIOpliTM Hi 

o6pa3o0m, eM Gombe Mpa 

OMHMO 9TOLO, OBLAH TAINS paccMoTpeHbl
 OpMbI Hi KaTeropuu 

na 6a3e CyecTBy!OUero avIrO 

BI W3V4eH aJIrOplTM Hunspell, rae Oia mpoara- 

copa, a Tak2ke MyTH arperai{MM HOP- 

HaHHoro aJITOPUTMa Z3aKIIOUaeTCA B 3aJIO2XKCEHHOM TIpaBu- 

arok B cope. JjaHHbIe MpaBHsla CoAep»xaTca B 

Je oO6Hapy2Ke oM TIpaMo MpomoplMonaJbHa. TakuM 

TeM TOUHEES OH. II 

nop Wt HX OT 
nos. Ilo urory, Obi cosqaH aJi- 

WuuA OT AHTIMCKHUX C 

pepkil npaBonlicahia Ka3aXxCKHX CJIOB Ha 6a3e cyllecTBYy1O1lero 

'317ad]MOCTb ajaHHolt 

c10B, UpezToxKennit cop 

HTM COBpeMeHHOi IWWBH.TH3 arti. 

Ka3axCKHXx © 

ropiTM AA po 

a Hunspell. 

» HalllicaHia 

q KoveBol B pase 

. 
a6oTbl MpeACTaB.1A 

atopliiTM 
Bp peat eTca B TOM, UTO 

MUupyeT P aMOTHO 

HpaBltIbHoct 
pyet rp e OOeCTBO, 

KoTopad 1B1 aeTc 
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Chapter 1 

Introduction 

1.1 Motivation 

The current study focuses on correcting text in morphologically rich languages. 

The greatest invention of the people is writing. There are several complex issues 

involved in the study of the origins of writing in modern linguistics. Among these 

is the idea that ancient writing predates the development of modern writing. 

Since the middle ages, Central Asia and Kazakhstan have been speaking written 

languages. A significant part of Eurasia’s history has been played by Kazakhs 

_and other peoples descended from ancient Turkic peoples. 

Spelling is one of the most important components of national culture, and 

the presence of @ generally binding set of spelling rules is one of the signs of the 

cultural health of society. Kazakh orthography was formed in the process of a 

long historical development, so there are quite a lot of spellings in it that no longer 

correspond to either its basic principle or the current state of affairs. The spelling 

system of the Kazakh language is determined by a set of principles, the main of 

which is morphological. 

| checking systems detect a significant number of errors and typos. The 

Spel 
the more rules and verification algorithms 

larger the dictionary of the system, 

it contains, the greater the percentag 

antee the complete absence of errors and typos in the 
e of errors detected by it. But no spell- 

checking system can guar 

document. The spell-chec 

it possible to identify @ significant part o 

The principle of operation of a typical spell-checking system is as 

of the system contains a large set of words of the 

king systems used in most modern text editors make 

f the typos and spelling mistakes thade 

by the user. 

follows: the built-in dictionary 

9



analyzed language in various grammatical forms (time, number, etc.), the system 

tries to find the word being checked in this dictionary. If a word is found, it is 

considered to be spelled correctly. If a word is not found in the dictionary, but 

there are similar words, an error message is displayed and possible replacement 

options are offered. If nothing similar is found, the system suggests correcting 

the word or entering it into the dictionary. Of course, the principle of automated 

spell checking is set out here in a very simplified form, but its essence is exactly 

that. 

The modern spelling norm requires knowledge of, firstly, more than a hundred 

spelling rules, secondly, a large number of exceptions to the rules and, thirdly, the 

spelling of so-called dictionary words, i.e. words whose spelling is not regulated 

by the rules. It is obvious that the Kazakh spelling system is objectively complex. 

Active processes in the field of vocabulary, replenishment of the literary language 

with new words, mainly borrowed ones, introduce additional difficulties. It is 

impossible to know how to spell all the words that exist in the language. It is 

very important to know the regulatory sources to which you need to turn when a 

problem arises. Since there is currently a decline in literacy, the culture 

s relevant. The object of research in the 

course work is the correction of the text in the Kazakh language. The purpose of 

e the existing methods and algorithms for correcting 

particular 
: 

of writing, the topic of this course work i 

this course work is to refin 

the text in the Kazakh language. 
7 

A general direction of artificial intelligence and mathematics 1s Natural Lan- 
gen 

Processing (NLP) A number of applied tasks are examined involving infor- 
age Proce ; 

- . technologies for the analysis and synthesis of natural languages. The term 

mation te 

" refers to understanding the language, while the term "synthesis" refers 

re " } is 
analys will require a more convenient form of computer 

nerating @ literate text. It 

es action to solve these problems. A variety of applica- 

interaction and human ne 
) | 

including voice assis . P today, inc 
: 

2 . 

— Research and development of various tasks are carried out in the 

text filtering. be distinguished: 
these tasks, the following can 

field of NLP. Among 

tants, automated text translations, and 

e Morphological 
analysis (words); 

S - oistic resources (corpus ictionaries, the- 

rage listic resource ( _d 
storage of lingt 

n and 

10 
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saurus, etc.); 

Syntactic analysis, tokenization of sentences; 

Extraction of relationships, definition of language, analysis of emotional 

coloring; 

Annotation of the document, translation, analysis of the subject of the text; 

Information search, machine translation, etc. 

The field of natural language processing in world science is quite mature, many 

formal models, methods and algorithms have been developed. There are various 

high-level applied software systems for the analysis and processing of natural lan- 

guages, collection and storage of linguistic data. The active integration of Kaza- 

khstan into the world community and the increasing volume of information flows 

between our country 

of the population in information technologies in everyday life is increasing. 

Researchers and developers in the field of computational linguistics are gaining 

a lot of importance because the volume and type of natural language information 

on the Internet and social media is increasing rapidly. Processing of information 

resources in natural language requires the presence of text corpora and thesauri. 

markup languages and ontological models of subject 

areas are required. The existing markup languages mainly contain concepts of 

avic language groups. The metalanguage is intended 

and its foreign partners, the real need for various segments 

To create and process them, 

Romano-Germanic 
and Sl 

for marking up texts of natural languages. 

A metalanguage has the following properties: with the help of its linguistic 

ible to express everything that is expressible by means of an object 

ll signs, expressions of an object language for which 

to talk about the properties of 

means, it is poss 

d to designate a 

es; in a metalanguage, it is possible 

of an object language and the relations between them, it is possible 

ules of formation and transformation for 

language, an 

there are nam 

an expression 

e definitions, designations, r 

uage expressions. These met 

hich have many conc 

efore, the creation of a single metalanguage for 

(UniTurk) is an urgent task for processing 

to formulat 

object lang 

the Turkic languages, 

the above language groups. Ther 

g up texts of Turkic languages 

alanguages are not adapted to describe 

epts different from the concepts of 

mnarkin 

Turkic languages: 
11



Such a language will allow to unify the markup, facilitate their understandi 

and use common software, as well as allow for a comparative analysis of in. 

guistic concepts of the Turkic languages. And also, in addition to the ma: an 

language, for computer processing of any natural languages, the formali . on 

of their grammatical (morphological and syntactic) rules is required the fecclon 

ment of algorithms for the analysis and synthesis of words and sentences wc ‘ding 

to these rules, the software implementation of all these algorithms, the creat . oo 

thesauri by subject areas, the construction of text corpora (a database of nak ° 

texts) and other programs for text analysis and processing. Ontology i . 

to formalize grammatical rules. Ontology is a conceptual scheme consisting of 

d many statements about these concepts, on the basis of which 
many concepts an 

classes, relationships, properties, functions and individuals can be described. Wi . We 

can also say that ontology is a knowledge base, because if you add interpretiv e 

functions to the structural-semantic model, it will become a knowledge base. All 

ontological models are built in the Protégé environment, which makes it possible 

to simplify the process of creating, downloading, changing and transforming the 

knowledge base, as well as to provide it for general use in the form of joint viewing 

and editing. 

The reasons why people are now 

the Kazakh language: 

using more programs that correct the text in 

1. Remove grammatical, morphological and word-formation errors. 

9. Check syntax, spelling and punctuation. 

3 Make sure that the text is designed in accordance with the uniform spelling 

requirements. 

t layout errors and evaluate the artwork of the future book. 
4, Correc 

Reading any document, attention is involuntarily drawn to the style of presen- 

tation, ease of perception, content and brevity of the narrative. However, it is not 

uncommon to encounter typos and errors i 

blur all the positive impression about the author, and sometimes cause serious 

business. Communicating 1 

n documents. Errors in the text can 

n their native language, it is almost alway's 

damage to 
ke in this place. In addition, it is usually 

noticed that the author made a mista 

12



possible to guess what the author really meant. The situation is much more com- 

plicated in cases where there is communication with foreigners. A mistake in 

writing just one word can significantly distort the meaning of the entire message, 

and even intuition may not help the recipient of the text, since the language of 

communication for the recipient is not native. To correct the typed text, pro- 

grams were created to check spelling, syntax, grammatical rules for constructing 

sentences, hyphenation, etc. The first and most active users of such programs 

were those who create and edit texts. 

Information about subject areas is presented in the knowledge base in the 

form of semantic structures of facts, and these structures explicitly define standard 

relationships between objects. A fact is a localized minimal set of natural language 

concepts that reflect the relationship between classes of objects, classes and their 

elements, as well as between elements of different classes. Facts are also called 

judgments or statements. Classes of objects are listed in the database. The 

semantic structure of a fact is represented by a tree, in the nodes of which there 

are concepts, and the arcs reflect the semantic relations between them. At the 

same time, such a graphical structure is translated into a predicate form. A 

rmulated in a natural language with minor restrictions on syntax 
query that is fo 

dicate form into a semantic structure similar to the 
is transformed through a pre 

es of a knowledge base. After that, the structure of the query in the 
structur 

e is a match, the structure of the knowledge 
knowledge base 1s recognized. If ther 

base is transformed into a predicate, and the latter is translated into a response in 

natural language- The search engine supports composite and complex questions. 

It can not only duplicate the issue with the issuance of the required data, but also 

provide forecasts regarding resources, the implementation of the plan and other 

valuable information that is not explicitly presented 

NLP is closely related to linguistics, and when teaching models and solving 

certain NLP tasks, it is certainly necessary 

r language. For example, in Kazakh, unlike English, there is a free 

da large number of word forms. 

g models and, perhaps, even the choice of algorithms. For example, 

lemmatization is usu 

xt to their normal vocabulary form. So, for 

to take into account the peculiarities 

of a particula 

word order an 

of the resultin 

for the Kazakh language, 

ing all words from the te 

(kiran + Kita6i, KITaml ~ Kiramtap, and so on). But for 

This, of course, affects the quality 

ally used to normalize words, that 

is, they br 

nouns it will be 4 word 

13



English, such a method as stemming works well, in which the original word form is 

cut to its base (features feature, accessible — access, and the like). In addition, 

the quality of models is influenced by the amount of data for training (as a rule, 

the more data, the better). The number of texts in the public domain varies for 

different languages. Fortunately, there are quite a lot of Kazakh-language texts 

at the moment, but still less than for English. Most text editing systems have a 

tool for automatic spelling error checking (when one or more letters are spelled 

incorrectly in a word). Their principle of operation: the program analyzes every 

word in the text and searches for the same in the Database of all words and their 

various forms. 

Such a text check ensures that the words in the text will be spelled correctly 

(as in a dictionary), but does not protect against matching errors and syntactic 

errors in the sentence. For example, the sentence "Men OTaHbIMIbI eTe cyiiemin" 

is wrong, but the text editing system will not show the correct option: "Mex 

Oranpimapt ore cyttecin" The grammar checker helps to avoid such errors. 

Many programs have been created that check spelling errors. But so far (as 

far as | know) there are no programs checking grammatical errors in a sentence 

(for inflectional/ inflectional languages — in which words have many forms); that 

is, checking not only spelling errors, but also coordination and syntax errors. 

1.2 Aims and Objectives 

It has been reported that most grammar error correction research these days 

focuses on English, and that little ig known about grammar error correction in 

other languages. This research project, is dedicated that Kazakh, as an example 

of a morphologically rich language, will be used to identify and correct common 

writing errors in Kazakh. In the absence of publicly available data, research on 

spell checking in the Kazakh language Is difficult. Natural language processing is 

difficult in Kazakh due to its developed nominal and verb morphology and free 

word order. This makes it a suitable medium for testing a wide range of spelling 

correction models, even though future results can be applied to any other language 

with similar properties. 

A Grammar Error Correction ( 

rors, as well as grammatical mis 
GEC) program is designed to correct spelling 

1 tuation er 
takes and the choice of words. 

and punctuat 
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the coreton of etch que, aelehecing within brome nad oe cs 
, ; rowsers, and text editors. 

Natural language processing began around the same time as the development of 

computerized spelling correction systems. As a result of the rapid growth of so- 

cial networks, in contrast, has made spelling mistake correction a priority again. 

Over more than a decade, corpora of Web texts, including blogs, microblogs, fo- 

rums, have become the primary sources of large-scale research. With only limited 

manual intervention, the system collects and processes very large corpora without 

human intervention. 

The main objective is to develop the existing algorithms on Kazakh language in 

such collections, textual materials contain a variety of forms of varying spellings, 

including everything from mere typos and orthographic errors to dialectal and 

linguistic differences. Furthermore, grammatical errors are inevitable, since the 

more social media texts there are, the more likely they are to be written by 

writers with little formal education and, as a result, make errors. By increasing 

the proportion of out-of-vocabulary words in text, we can reduce the success of 

further NLP tasks from lemmatization to parsing and extraction of information. 

To conclude, it is important to identify and eliminate at least significant spelling 

errors in texts with a high degree of precision. 

1.3. Thesis Outline 

The study focuses on the development of existing algorithms for correcting texts. 

The typo generator accepts a word as input and gives a word with a certain num- 

ber of errors as output. Errors can be of the following types: replacing one letter 

with another, inserting a new letter, deleting an existing one, as well as rearrang- 

ing two letters in places. The probabilities of each type of error are configured 

ately, the total probability of making a typo (depending on the length of 

) and the probability of making a second typo are also configured. The 

king systems that show optimal results is one of the key 

separ 

the word 

refinement of spell-chec 

1s in the direction of natural language processing (NLP). The relevance of 

problen 
the widespread introduction of spell-checking sys- 

this problem is confirmed by, 

tems into most types of software products (text editors, automatic translation 

e of NLP and artificial intelligence by researchers 
avstems. etc.). as well as the us 
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and developers for other tasks. A few years ago, there were no articles devoted to 

the task of reviewing spelling checking systems for the Russian language. In this 

regard, an urgent task is to finalize spelling verification systems for the Kazakh 

language among the existing solutions. The next chapter The object of this study 

is the spelling checking systems for the Kazakh language. The subject of the 

study is the refinement of the existing algorithms of the spelling check system for 

the Kazakh language. The purpose of the work is the selection and analysis of 

the spelling check system for the Kazakh language. 
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Chapter 2 

Literature Review 

2.1 Definition 

Spell checking application determines whether a document contains mistakes in 

spelling, grammar, and punctuation. A typo or an inaccuracy is indicated by 

highlighting - usually it is done by using underlining. Occasionally, a user is 

offered not just the option of selecting one of the correct spellings, but also a 

comment describing the correct way to spell the text. Some software programs 

g text editors, messaging clients, dictionary programs, or web browser 

checking functionality as a stand-alone feature. This 
includin 

extensions, provide spell- 

function can also be incorporated into standalone programs [15]. 

2.2 History 

Modern automated proofreaders of texts using methods of morphological and 

ences and allowing them to detect a wide range of spelling 
syntactic analysis of sent 

ts in natural languages, nevertheless, they 
and a number of syntactic errors in tex 

able to identify, much less correct, word compatibility errors [25]. 

modern computational linguistics, ways to solve this problem are 

particular, a method for correcting special lexical and semantic errors 

are not yet 

However, in 

outlined, in 

based on word usage statistics is proposed [30]. 
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2.2.1 Introduction to the first spell-checking modern soft- 

ware 

In the 1970s, the first spell-checking modern software was developed for mainframe 

computers [8]. Language experts at Georgetown University designed the original 

system of this type for IBM. In 1980, the first IBM PC packages appeared for 

the TRS-80 and CP/M. In 1981, these appeared for the CP/M [13]. In addition 

to offering solutions for the PC, there were also offerings for Unix, Apple Macin- 

tosh and VAX. Several OEM software companies flooded the market with OEM 

software products, such as Maria Mariani, Circle Noetics, Microlytics, Proximity 

Soft-Art and Reference Software. In addition to the stand-alone programs for the 

PC, many of these verification systems were possible to run within word process- 

ing programs (using TSR mode if there was enough memory). It is unfortunate to 

say that these separate packages didn’t last long, because the creators of the most 

popular modern word handling software (such as WordPerfect and WordStar) 

in the mid-1980s incorporated spelling checking systems into their applications 

buying the tools mostly from these companies, which promptly added support for 

European languages and later Asian languages as well. However, this made the 

development of spell-checking more challenging, especially with respect to Finnish 

and Hungarian [39]. WordPerfect was eager to expand into new markets, despite 

the fact that the market for word processing software in Iceland was not paying 

off. Several web browsers have added spell-checking capabilities recently, includ- 

, Google Chrome, Opera and Konqueror. Even the e-mail instant 

ave implemented GNU Hunspell spell- 

cter encoding, Hunter acts as both a 

int of interest, Fred J. Damerau [9], 

ing Firefox 2 

messenger client Pidgin and client Kmail h 

checking mechanisms. In addition to chara 

hological analyzer. As a po 

gist and developer, developed Hunspell originally for Hungar- 

king on OpenOffice.org since 2002, where he is 

and grammar checking functionality of 

spelling and morp 

a Hungarian biolo 

ian. Fred J. Damerau has been wor 

volved in improving the spelling 

Hunspell, non-standard words, and agglut 

Hunspell is built on top of MySpell, which enables compatibility between the two 

bove. One notable difference between MySpell and Hun- 

dictionaries mentioned @ 
U 

; 

; 

spell is that MySpell uses a single-hyte character encoding, whereas Hunspell uses 

Unicode UTF-8. 

directly in 
inative language inputs. Furthermore, 
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These are the main characteristics of Hunspell dictionary 

e Provides extensive support for languages with unique features 

Enhancement of suggestion using similarity in n-grams, rules, and dictio , io- 

naries. 

Morphological analysis, stemming and generation. MySpell is the founda- 

tion of Huntspell, which makes them compatible with each other. 

GPL/LGPL/MPL licensed C++ library. 

2.2.2 Types of spelling checkers 

Examples of types of spelling checkers found in the literature. The error can be 

either orthographic or typographic. The first category of error, also called cog- 

nitive error, includes real-word error, phonetic error, grammar error, and author 

misconceived error [5]. The second type of error, also known as physical error 

includes keyboard layout errors, typing errors, split errors, run-on errors, trans- 

mission errors, storage errors, and residual errors. Detailed explanations of each 

type of error follow [34]: 

1. An orthographic (Cognitive) error 

(a) A real-word error is a mistake that results in a correct word, for exam- 

ple, writing picturesque instead of picaresque. 

(b) A phonetic error entails a misspelled word. Examples include fonetik, 

which means "phonetic." 

(c) Grammar rules are broken due to spelling errors, such as using RSX 

tead of RSX and capitalization mistakes. 

Misspelling that appears and sounds the 
ins 

(c) \Misconcei Miswritten error: 

same as the proper term, for example, writing anonomy 

(Physical) Error 
U 2. Typographical 

e typing too quickly or sluggishly there is a 
If you ar 

ations where the user (a) Typing ertor: 
| 

chance that you will misspell the words. In situ 
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is typing quickly, letters can be dropped due to the speed, such as 

when typing amp for amplifying. The user often repeats letters due to 

sluggish typing speed, such as typing independent for independent 

(b) Typing abouy for about is an example of a keyboard layout error, where 

an adjacent key is entered instead of the correct actual key. Physical 

errors are caused by the following devices: 

(c) A split error occurs when a single word is separated from another. For 

example, forgetting to forgot. | 

(d) An example of a run-on error is when two words are combined to make 

a single word, such as "of the to of the". 

(e) Transmission error: For example, sending the number 0 as 1 instead 

of the number 1. Also, a 0 or a 1 can sometimes be returned when 

nothing was sent. This can happen when cat is sent, but the recipient 

receives at. 

(f) A storage error occurs when a data store contains missing characters 

in a word or the word has been converted to another. Take cat for 

instance. 

(g) The presence of a residue in a word can be caused by a residue error. An 

example would be cat catqA. Some residues may contain alphabetic 

characters or other unusual characters. In this article, misspelling 

errors are examined in the context of phonics, author misconceptions ? 

typing, and keyboard layout. 

2.3 Word-formation science 

atical approach to word formation refers to the common traditions 

It dissolves word formation in morphology, 

arts of speech. Only by the fifties 

The gramm 

of Russian and Kazakh linguistics. 

reducing it mainly to the word formation of p 

of the XX century, Russian word formation receives the status of an independent 

ing its own object in the form of special word-forming units and in the 

dowed with specific features. This point of view 

ot removed discussions on the problem of level 

ate tier of language is not 

science, hav 

atitonomous system en 

as Nl 

rd formation as a separ 

forin of an 

has become widespread, but h 

stratification of language. Wo 
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even recognized by all derivatologists. More often it is considered as a sublevel 

[40]. This interpretation of word formation in modern linguistics is supported by 

the assessment of language levels from the standpoint of their functional signifi- 

cance, i.e. from the standpoint of their participation in speech activity, in which 

vocabul 

content side of speech, phonetics- phonology and morphology, which formalize 
ary and syntax are brought to the fore, ensuring the transmission of the 

materializing speech, are in the second place. 

2.3.1 Kazakh Linguistics 

In Kazakh linguistics, word formation remains the least developed part of it, 

since its basic concepts, including the units of word formation, its means, models, 

and system are at the very initial stage of development. Therefore, the Kazakh 

word formation has not yet accumulated sufficient data to obtain “autonomy”. 

Nevertheless, the presence of not only Russian, but also Kazakh word formation as 

a language area of its specific features, its system is demonstrated by the linguistic 

reality itself and confirms its comparative analysis. Thus, the comparison reveals 

that complexes of derived words representing the proper face of Russian word 

formation are inherent in the Kazakh language. The separation of word formation 

as an independent science has significant prospects in terms of deepening the 

understanding of the systemic organization of language and language (speech) 

ude not only the construction of sentences, texts, but also 
processes, which incl 

[17]. The current state of word-formation theory 
the production of new words 

reflects the course of development of linguistics of the XX century and, first of 

all, indicates the spread of ideas of structural linguistics. It was their influence 

that determined the emergence of a systemic-structural, on the one hand, and 

nal direction in Russian word formation, on the other hand. Within 
a functio 

word-formation level is represented as a 

the framework of the first direction, the 

m of complex units organized by di 

mework of the second direction, wor 

d by the need to enclose new information 

ferent word-formation relations. Within 

syste 
d formation is considered as the process 

the fra 

of the birth of derived words, motivate 

in the language shell, which previously had no name in the language [18]. 

t 
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2.3.2 Diachrony of Kazakh Language 

| “Derived” words, which are the object of word formation, are mostly not pro- 
| duced, but reproduced. Their production, as a rule, refers to the diachrony of 

language. Word formation, on the other hand, adopted a synchronous approach. 

| which was established in linguistics even before its isolation. The limited scope 

of synchrony imposed a ban on referring to the dynamics of the creation of de- 

| rived words, which was assumed by the term “word formation” itself. A small 

number of neoplasms, contemporaries of native speakers, could not displace? the 

former object of science. Synchronous word formation received ready-made re- 

producible words related to statics, but at the same time preserving the dynamic 

‘side reflecting the process of their production. The possibility of distinguishing 

these two sides of derived words and getting out of the contradictory situation 

of word formation was obtained through the development of appropriate scien- 

tific directions in it [35]. Modern word formation considers ready-made words, 

firstly, to establish their connections with other derived and non-derived words 

in the system (system-structural approach), secondly, to restore the process of 

their formation (functional approach), thirdly, to determine the composition of 

morphemes in the word and their system in the language. Consequently, words 

formed with the help of word-forming means according to word-formation models 

and in accordance with the rules of word formation have a structure that demon- 

strates, on the one hand, how their production took place, on the other hand, 

possible combinations of morphemes available in the language. 

This means that derived words have two structures - word-formation and 

morphemic [21]. The first determines the place of the derived word in the word- 

formation system and is studied by word-formation proper. The second one 

demonstrates the types of morphemes, their combinations, meanings, functions 

and is the object of a section of word-formation science called morphemics. Thus, 

word formation includes two sections: 

1, morphemics; 

9. proper word formation. 

orphemics by the unity of syn- 
Word formation proper is combined with m 

morphemics fits into the frame- 
chronous and static approaches. Consequently, 

work of the system-structural direction. Functional word formation is a part of 
’ \ J 
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functional linguistics, which is addressed to the process of connecting linguistic 

units of various types in speech activity in order to convey any mental content 

The products of speech activity, along with derived w —_ 

borrowings, phrases, sentences, texts. ords, are simply meanings, 

A small modification of the morphological analysis algorithm can help to rec- 

ognize misspelled words. To do this, the Levenshtein distance [37] is used — the 

minimum number of errors, the correction of which leads one word to another. It 

is believed that there are three types of errors: insertion error, replacement error 

and omission error. An insertion error is a case when an extra letter is inserted 

into a word; an omission error is when a letter was omitted; and a replacement 

e letter is replaced by another. When searching for a word with 
error is when on 

an error, is need to alternately try to skip letters in the input word (in case of 

an insertion error), then in the tree (in case of a skip error), or both (in case of 

a replacement error). At the same time, if skipping a letter in the input string 

vial action, then skipping a vertex in the tree leads to the fact that it is 

n which descendant of this vertex should be selected. In this regard, it 

is necessary to sort through all the descendants and select all successful options. 

Errors can manifest themselves in two ways during the course of morphological 

analysis. When analyzing a word, it reaches a place when there will be no transi- 

tion along the current letter. An error can be made in one of the previous letters, 

so the word analysis should start from the beginning [22]. Another way to de- 

many paradigms associated with the 

is a trl 

not know 

termine the error in a word is the fact that 

found prefixes will not overlap with the lexi 

ever, in order to eliminate some of the errors. For example, one of the widespread 

verbs in the third person (in this case, the 

"oxubxui" vs " 2avi-2Kui". A similar word 

cal context must be considered, how- 

stakes is inserting @ soft sign into 

al form of the verb is obtained): 

but it is written with an error that does not allow 

ml 

norm 

ntained in the dictionary, 

yntactic analysis. In addition, 

gs. To eliminate such situati 

unt. For example, "KyaHDbIL TbIMbIH 

rect such errors, syntax analysis with correc- 

is CO 

for s 
correcting errors in a word can give several 

ons, the context of the word should be taken 

spellin Wsg it 
{t { 

into acco 
is "KyaHDILITbIMBIH ©, OF 'kTantTpt"' 

with the c 

tion or the 

orrect "irantpi". To cor 

n-gram method can be used. If an error changes the form of a word, no 

t 

. 
. 

. 

ing combination will be 

ffer replacemen 

found in their n-gram database. At the same 

correspond 

mandatory to 0 t options for all words in the n-gram. For 

time. it 1s 
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example, the phrase "ara-ana" can also be interpreted as "ara ana". However, i 

the full phrase "ata-ana", the latter option seems unlikely and will be slim at 4 

Screening will be carried out either at the stage of homonymy slinination, or | 

the syntactic analysis, since the phrase does not contain a subject. ores 

2.4 Natural Language Processing methods 

Natural Language Processing (NLP) is a topic within machine learning that per 

tains to recognizing, generating, and processing human verbal and written speech 

This research combines artificial intelligence with linguistics. The software en - 

neering profession develops mechanisms for humans and machines to communicate 

through natural language [11]. A computer is able to understand, read, interpret 

and interpret human language, in addition to generating response results as ; 

result of NLP. Generally, processing becomes more efficient when a machine has 

the ability to decipher human messages into meaningful information 2.1. 

Natural language processing algorithms can be used for machine understand- 

ing as follows [29]: 

e An audio device records the speech of a person. 

e Words are converted from audio to written text by the machine. 

e Using NLP, a text is divided into its constituent parts, and its context and 

goal are understood. 

e According to the NLP results, the machine decides which commands to 

execute. 

9.4.1 An explanation of language processing 

Applications of natural language processing surround us everywhere. These are 

Yandex and Google searching, 

tificial intelligence tools like Siri, Alice, Salute from Sber, etc. Many other appli- 

cations use NLP as well, such as advertising and security. Science and business 

use NLP. technologies: fot example, in artificial intelligence research as well as 

t of "smart" systems based on natural language processing, from 

translation software, conversational interfaces, ar- 
9 

the developmen 

scarch engines to music software [2]. 
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Input Sentence 

\/ Natural Language Processing \/ 

Lexical c> Syntactic c> Semantic c> Output 

Analysis Analysis Analysis Transformation 

VV 
Output Data 

Figure 2.1: NLP Steps 

For a long period of time, algorithms were prescribed based on a set of reactions 

to certain words and phrases, and comparison was used to perform the search. 

In this case, the machine is not recognizing and understanding the text, but 

responding to the entered set of characters. An algorithm of this type would 

not be able to distinguish between a tablespoon and the food served at a school 

cafeteria [10]. 

Different approaches to NLP exist. Learning an algorithm involves not just 

learning words and their meanings, but also learning how sentences are struc- 

d, the logic behind it, and how to understand context [3]. A machine must 
ture 

s "man" and "suit" in order to 

be acquainted with the meanings of the concept 

" refers to in the sentence "a man wore a suit". Specialized 

understand what "he 

ethods from basic linguistics are used to teach 

algorithms and language analysis m 

this to a computer. 

As a general term, 

of subfields. In most cases, t 

d data derived from lots © 

languages are continuously and spontaneously developing, and 

the data, it must be clear and structured, 

the field of natural language processing includes a number 

hese systems use machine learning models, primarily 

neural networks, an 
+ conversations 

between individuals. 

Because human 

for the computer to be able to process 

ems arise during processing, and 

heavily influenced by a variety of factors, such as the 
certain proPl 

accuracy is reduced. Furthermore, 

text analysis methods are 
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language, genre, and topic - more customization is always necessary. R 

large number of natural language processing tasks are still solved 4 sewraiss a 

NLP (Natural Language Processing) is an interdisciplinary feld that ne 

| computer science and linguistics in order to allow computers to com ee 

~ language used by humans. The field has become one of the most po - end the 

of data science. It has been in existence ever since computers vere a ar branches 

NLP has been able to reach incredible heights due to the ohne 

technology and computing power. In recent years, technologies that ion shesize 

and recognize speech have become equally popular as technologies that manipul ipulate 

written texts. 

2.4.2 NLP Tasks 

Natural language processing enables computers to converse with individuals i 

their native tongue and to handle various language tasks. NLP, for _ s in 

enables computers to read text, hear speech, analyze it, measure ee 

figure out which sections are significant. 
S, and 

Modern robots are capable of analyzing more linguistic data than humar 

without becoming fatigued, and in a constant, impartial manner. Automation 

will be critical for the proper analysis of text and speech data, given the lar n 

volume of unstructured data created every day, ranging from medical records . 

social networks. Organizing a data source that is very unstructured 114), The 

ity and variety of human languages is astounding. Both vocally and in 
complex 

we express ourselves. Not only are there hundreds of different languages 
writing, 

d dialects, but each one has its own set of characteristics. 
an 

logies is the use of modern 
One of the most promising modern NLP techno 

NLP is a set of text based and text learning algorithms that allow 

a high level of abstraction in the source text processing 

nlinear signal transformations. A characteristic feature 

algorithms. 

you to create models with 

architectures containing no 

of NLP algorithms is the passage of incoming information through a much larger 

number of layers than with traditional (surface) learning. For this algorithm 

cture, the path that the information signal passes from the 

ly unlimited (in practice, it may be limited 

) [41]. A large number of familiar and 

with recurrent archite 

input to the output is theoretical 

ies of the software used 
by the capabilit 

hich are now po 
oogle services, W pular all over the world and in all 

~ convenient G 
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fields of application, would be completely impossible without the use of NLP 

Consequently, the processing of natural languages through the use of mode | 

2 . ee . . 

rm 

algorithms is a promising direction in the theory and practice of sciences of th e 

modern developing information society [1]. 

Speech recognition This is done by voice assistants of applications and o 

erating systems, "smart" speakers and other similar devices. Speech recogniti . 

_is also used in chatbots, automatic ordering services, automatic seneratio “of 

subtitles for videos, voice input, and smart home management. The computer 

recognizes what the person told him and performs the necessary actions accord 

ingly. 
_— 

Text processing A person can also communicate with a computer through 

written text. 
. 

programs work 

is assistants in banking applications. In this case, the program processes the 

received text, recognizes it or classifies it. Then it performs actions based on the 

For example, through the same chatbots and assistants. Some 

both as voice and text assistants at the same time. An example 

data it has received. 

Information extraction Specific information can be extracted from text or 

speech. An example of a task is answering questions in search engines. The 

algorithm must process an array of input data and select key elements (words) 

cording to which an actual answer to the question will be found. This 
from it, ac 

gorithms that are able to distinguish between context and concepts in 
requires al 

the text. 

Information analysis This is a similar task to the previous one, but the goal is 

not to get a specific answer, but to analyze the available data according to certain 

eria. The machines process the text and determine its emotional coloring, 

e, style, genre, etc. This is also true for voice recordings. Information analysis 

en used in various types of analytics and in marketing. For example, you can 

the average tonality of reviews and statements on a given question. Social 

s to search for and block malicious content. In the 

will be able to distinguish fake news from real news, establish 

crit 

them 

is oft 

track 

networks use such algorithm 

future, the computer 
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the authorship of the text. NLP is also used when collecting information about a 

user to display personalized advertising or use information for market analysis 

Text and speech generation The opposite task to recognition is generation 

or synthesis. The algorithm must respond to the user’s text or speech. This may 

| be an answer to a question, useful information or a funny phrase, but the remark 

should be on a given topic. In speech recognition systems, sentences are divided 

into parts. Then, in order to pronounce a certain phrase, the computer saves 

them, converts them and reproduces them. Of course, distortions can occur at 

the borders of the "stitching", which is why the voice often sounds unnatural 

Text generation is not limited to template responses embedded in the algorithm. 

Machine learning algorithms are used for it. "Talking" programs can learn from 

real data. It is possible to ensure that the algorithm writes poemis or stories with 

a logical structure, but they are usually not very meaningful. 

Automatic retelling This direction also implies the analysis of information 

but both recognition and synthesis are used here. The task is to process a large 

amount of information and make a brief retelling of it. This can be necessary in 

business or in science, when it is necessary to obtain the key points of a large data 

set. 

ranslation ‘Translation programs also use machine learning and 
Machine t 

hine translation has increased 

NLP algorithms. W ith their use, the quality of mac 

although it still depends on the complexity of the language and is 
dramatically, 

ers strive to make machine 
ated with its structural features. The develop 

assocl 
dequate idea of the meaning of the 

slation more accurate and able to give an a 
tran 

original in all cases. Machine translation partially automates the task of profes- 

it is used to tr 

on [20]. 
sional translators: 

anslate template sections of text, for example, 

in technical documentati 

2.4.3 Text processing 

h "raw" data: Most of the process is the preparation of 

Algorithms do not work wit 

hem into a form that can be perceived by a computer. 

text or speech, converting t 
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Cleari 
os 

learing Useless data for the machine is removed from the text. These a 

; 
re 

most punctuation marks, special characters, brackets, tags, etc. Some symbol 

_ , 
7 CLC. ols 

m 
7 

. 
Vv 

ay be significant in specific cases. For example, in the text about the economy. 
v2 

currency signs carry meaning. 

Preprocessing Then comes the big stage of preprocessing - preprocessing. This 

is bringing information to a form in which it is more understandable to the al algo- 

rithm. 

Popular preprocessing methods: 

e Reduction of characters to one case so that all words are written with a 

small letter; 

Tokenization - splitting text into tokens. This is what individual compo- 

nents are called - words, sentences or phrases; 

Identifying parts of speech for grammar purposes: defining sentences ac 

cording to parts of speech; 

e Lemmatization and stemming - bringing words to a single form. Stemming 

is rougher, it cuts off suffixes and leaves roots. Words are lemmatized by 

reducing them to their original word forms, usually taking context into 

consideration; 

Removal of stop words — articles, interjections, etc.; 

e Spell-checking — autocorrection of words that are spelled incorrectly. 

The methods are chosen according to the task. 

n After preprocessing, a set of prepared words is obtained at the 
Vectorizatio 

with numeric data, not with pure text. There- 
output. But th 

fore, vectors (see Figure 2.2) 

t of numeric values. Popular 

In the "bag of words", words are encoded into 

e algorithms work 

are created from incoming information — they rep- 

resent it aS 4 S€ 
vectorization options are "bag of 

7 " 

words" and "bag of N-grams’. 

number of words in the text is taken into account, not their 

numbers. Only the 
oups of N words. The algorithm fills the 

xt. N-grams are gr 
location and conte 

ds with their frequency, but with groups of several 

"hag" not with individual wor 

elps to determine the context. 
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Sentence 

Name group Verb group 

Determinative Noun Verb Noun 

Adjective 

Ocbt éana 6anmy3aakTol *KaKCbl Kepeni 

Dror MasIbUHK 

KiwiKeHTan 
moOuT MOPOKeHOe 

Mane@HbKii 

Figure 2.2: Vectorization in NLP 

Application of machine learning algorithms Using vectorization, you can 

estimate how often words occur in the text. But most of the actual tasks are more 

complicated than just determining the frequency - advanced machine learning 

algorithms are needed here. 

Algorithms process, analyze an 

based on them. This is an interesting and complex process, in which there is a 

lot of mathematics and probability theory. 

d recognize input data, and draw conclusions 

9.5 Related works in different languages 

are a large number of different solutions among automatic spell check- 

Since there 
umber of criteria have been formed 

ing systems (SCS) 

for their selection [38]: 

for the Russian language, 2 Nn 

Possibility of direct access (via the web interface or as a program module); 

e The ability to get a list of possible options back (some solutions just under- 

line the words); 

e Cross-platform
, 
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| 1 
| | 
t 

| 

a web interface with its own API 

" ("classmates") 

- music"). I 

e Free or conditionally free access; 

e The possibility of word-by-word verification (most solutions are designed 

forexclusively for checking text corpora). 

Since there are a large number of different solutions among automatic spell- 

checking systems (ASPs) for the Russian language, a number of criteria have 

been formed for their selection: The following ASPs were selected from a variety 

of solutions. 

Yandex The speller is designed to check and correct spelling errors in Russian, 

Ukrainian, and English texts. Punctuation, grammatical (word matching errors) 

and stylistic errors are not corrected. This solution uses the rules of spelling 

and vocabulary of the modern language, as well as machine learning technol- 

ogy (CatBoost library), which provides correction of words such as "adnikasnii" 

and takes into account the context ("miss music" — "download 

n addition, Yandex.The speller uses an algo-rhythm to check off-the- 

vocabulary words. Language models consist of hundreds of millions of words and 

"phrases. ORTHO dictionary bases are used as dictionaries. This solution uses 

(software interface of the application). This 

service has a limit on the number of requests: 10 thousand requests per day; and 

by the number of text volume: 10 million characters per day. For this reason, 

Yandex can change the volume and number of requests, and also has the right to 

deny access to the user. 

Google Spellchecker Google Spellchecker had its own API until mid-2017. 

£ Google products such as Google Mail, Google Docs, Google 
Currently it is part 0 

hine learning methods, as well as on the rules 

Search. This solution is based on mac 

of spelling and vocabulary of the modern language; the dictionary consists of more 

than 1 million words. Restriction on requests like Yandex.Speller, 10 thousand 

no more than | million characters, with subsequent billing: $20 for 1 
requests, 

IIcheker as Google and Yandex.The speller provides a web 

million characters. Spe 

face for processing client requests. 
‘ inter 

ell is a free ASP. It is based on the rules of orthography and vo- 

Hunspell Hunsp 
P ell dictionaries, about 200 thousand 

e modern language, using MySp 

cabulary of th 
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3 words in size, as a dictionary base. In Hunspell, in addition to the error checking 

function a morphological analyzer is used. This ASP has found its application in 

solutions such as LibreOffice,OpenOffice, Mozilla Firefox, Thunderbird, Google 

Chrome, Opera, etc. The main advantages of Hunspell are: support for unicode 

encoding; use of morphology; application of the n-gram method to determine the 

correct spelling of words; rules for determining the correct spelling are based on 

transcriptions; using the C++ programming language. It is worth noting that 

Hunspell can be used as a tool by the PyEnchant law-checking library, which is 

‘implemented in the Python programming language. 

LanguageToolis LanguageToolis a shareware ASPP, the price is $5 per month. 

This solution has support for both web interfaces and software libraries; the Java 

programming language is used. The size of the dictionary is about 300 thousand 

It is worth noting that the system is focused mainly on English and words. 

twork algorithms are provided for these languages, as well as 
German. Neural ne 

n-gram language models that are not available for the Russian language. It uses a 

set of spelling rules and vocabulary of the modern language. Language Tool can 

be used as an extension for Firefox, Chrome, Google Docs. 
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Tapa 3 

Research Method 

In this section of the report, the methods of performing the correcting text in 

- morphologically rich languages process will be presented. In order to conduct 

automatic error correction in Kazakh language, several different approaches ha ve 

been proposed in the literature review. 

An artificial language processing sys 

ons by processing speech information in a certain way that is reminiscen 
tem is understood as asystem that performs 

certain functi 

| language processing. An example might include: creating chatbots 
of natura 

motional significance of statements ° ? 

er user questions, determining the e 

ns from one language to another, performing language 

g checks, noting parts of speech in a sentence, and 

der to prodIn the context of natural language 

erging area of knowledge that is gaining 

to answ 

performing machine translatio 

recognition, conducting spellin 

rewriting text information in or 

earning is an em 

d has many exciting prospects [33]. great prospects. According 

hine learning can be characterized as a class of 

processing, machine ! 

significant attention an 

to its strictest definition, mac 

artificial intelligence techniques, W 

the problem, but the use of a specially 

t. During the learning process, the model performs a large number of 

in the desired area. 

hose unique feature is not a direct solution to 

trained mathematical model to achieve 

this resul 

tasks with 

34 Error detection models 

At least three methods of automated detection of spelling errors ‘in texts are 

known: 
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e statistical 

e polygram 

e dictionary 

With the statistical method, the word forms that make up the text are selected 

. . * 

€ 

one by one, and their list is ordered according to the frequency of occurrenc e 

during the check. Upon completion of viewing the text, an ordered list is presented e 

to the person for contro 

any literate text are unsystematic and rare, so that the words 

1, for example, through the display screen. Orographic 

errors and typos in 

distorted by them appeat somewhere at the end of the list. Having noticed the Ti 

here, the controlling person can automatically find them in the text and correct 

them. 

With the polygram method, all two or three letter co 

) are checked according to the table of their 

mbinations found in 

the text (bigrams and trigrams 

admissibility in this natural langu 

considered correct, © 

r visual control and, if necessary, correction. 

age. If the word form does not contain unacceptable 

polygrams, it is therwise it is questionable, and then it is 

presented to the person fo 

3.2 Pre-compiled machine dictionary 

ethod, all word forms included in the text, after ordering 

] text form or after morphological analysis, are 

machine dictionary. If the dictionary 

With the dictionary ™ 

in their origina. 

ontents of a pre-compiled 

allows such a word form, it is considered correct, otherwise it is presented to the 

controller. He ca leave the word as it is; leave it and insert it into the dictionary, 

so that later in the session such @ word will be recognized by the system without 

comments; replace (correct) the word in this place; require similar substitutions 

for all further texts edit the word along with its surrou 

doubtful part 
ble, can be combined based 

ul pa of the text, specified or otherwise possi 

on the intent of the Automatic 
correction designer [16]. 

TI Its of repeated studies have shown that only the dictionary method 

he results 

an labor and minimlz 
5 actions of both kinds - omitting 

« on the one hand, and attrib 

or without it, 

- compared with the ¢ 

ndings. Operations on a 

e 

es erroneou 

uting correct words to doubtful ones, 
saves hum 

textual error 
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0 ; ; se 
n the other. Therefore, the dictionary method has become dominant, although , althoug 

the polygram method is sometimes used as an auxiliary. 

The problem of correcting typos in the names of geographical objects, i 

contrast to correcting typos in ordinary texts, has its own features shat si ' fs 

the task. In this case, it is possible to abandon language-specific heuristics and in 

use of experimental data. In addition, morphological analysis is required ae ven 

lesser extent and syntactic and semantic analysis is not required at all [7]. Thi . [his 

‘s due to the fact that, firstly, the names of geographical objects are presented i 

an (ei ae 
in 

a single form (singular, nominative or genitive), there is practically no inflecti 

. 

ction 

of the language and, secondly, it makes no sense to resort to determining th she 

‘nterrelationships of the names under study in terms of syntax and semanti 
NC1Ccs. 

The definition of relationships between the names of geographical objects, f , for 

example, that make up a postal address, can only be considered from the point : in 

of view of determining the existence of this address. But this is not part of tl ne 

tasks of the typo correction algorithm. Accordingly, in order to correct t 

; ; 
Os 

in the names of geographical objects, a dictionary approach should be appl d ie 

and it is enough to limit ourselves only to considering the whole name, without 

dividing it into separate components — the basis, prefixes and affixes. In some 

cases, you will still have to resort to morphological analysis when the name of a 

represented in the genitive case [36]. From this, a method 
geographical object is 

lly correcting typos in the names of geographical 

can be proposed for automatica 

objects, which consists of the following sequence of steps. 

e Step 1: Checking the input value against the reference dictionary 

e Step 2: Checking the input value against the reference dictionary by using 

different variations of the input value 

e Step 3: Checking the input value using an additional dictionary with typos 

e Step 4: Checking the individual tokens of the composite input value and 

restoring abbreviations 

ame of the geographical object that requires 

phical object (city, street, etc.). Then 

value is checked against 

it value will mean the n 

f this geogra 

1. Initially, the input 

The inpt 

verification, without the type ° 

the listed steps shown in more detal



the reference dictionary (step 1). If the input value is found in the dictio 

this value is considered correct and does not require further checking for woes 

The main step both in terms of complexity and time costs is step 2, hich ‘ 

based on the method of correcting spelling errors by brute force, proposed in the 

work. Consider a variant of this method for typos like "letter replacement". In the 

process of searching for a typo, the input value will be modified. The resulting 

modifications will be called hypotheses of the input value (hereinafter simply 

hypotheses) [16]. Initially, the input value is fed to the input of the typo correction 

algorithm. This algorithm is the basis of both step 2 and the entire method of 

automatic typo correction in general. To apply this algorithm, it is required that 

the reference dictionary, which will be searched for, be ordered alphabetically. 

ASR Output Text 

i 
query Tokenizer 

Parse a document by 

<——_ extracting (tokenizing) words 

that we want to check Hunspell Algorithm 

Perfom correction 

Analyze each word by breaking it down in 

it’s root (steaming) and conjuction affix 

Lookup ina dictionary if the word+affix 

combination if valid for your language 

corrected Output Text 

_—> [conec
 

hm consists the following 

No correction 

ig needed $ 
and appe! 

| output text 
No correction 

origin token 
fina 

the Hunspell 
algorit 

g text with 

Puc. 3.1: Spell checkin 
Steps 
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3.3. Automating the correction process 

There are three degrees of automation of the text correction process: 

1. error detection only 

9. detecting them and putting forward hypotheses (alternatives, candidates) 

for correction 

3. detecting errors, putting forward hypotheses and accepting one of them (if 

at least one is put forward by the system) as an automatically introduced 

correction 

Automatic correction is unthinkable without the first degree. The second and 

third degrees are possible only with the dictionary method. The second one 

makes it much easier to make corrections, because in most cases it eliminates 

the re-selection of a dubious word. The alternatives found are especially useful 

when the person controlling the text does not know the given natural language 

However, hypotheses require a lot of searching 

through the dictionary (27]. Therefore, modern Automatic correctors often have a 

g only as an optional, triggered, if necessary, selectively for 

f automation is tempting and dangerous at 

omplete automation of the correction 

or a specific terminological area. 

means of hypothesizin 

this dubious word. The third degree 0 

the same time. The temptation lies in the c 

s. The danger is that no dictionary, 

is ever exhaustively complete. When an unfamiliar word is encountered 

ete dictionary, it can "correct "it to the nearest 

lly distorting the original meaning of the text. It 

ns, companies, products, 

proces 
including one enclosed in the human 

brain, 

by a system based on an incompl 

familiar one, sometimes dramatica 

is especially dangerous to edit the proper names of perso 
7 

It is tempting to be able to skip (bypass) proper names and purely special terms, a 

priori believing them to be correct, but infallible ways of circumventing, especially 

terms, are not know? [28]. 

ic syntactic and semantic analysis 

cilitated by automatic syntactic and semantic 

part of ordinary 

3.3.1 Automat 

Purely automatic correction could be fa 

e text 
t has not yet become a 

peing checked, but 1 

; 
y a person will be able to 

analysis of th 
| | 

ders. And even if it is available, onl 

Automatic proofrea 
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diagnose rapidly changing sets of proper names, terms and abbreviations, as well 

as occasional verbal innovations that randomly appear. In connection with th 
; 

h the 

above, full automation of corrections can only be applied in any of the followin 
g 

restrictive conditions: 

1. The text has the form of a list of terms and terminological phrases in their 

standard form, so that in Automatic Correction it is enough to have a 

dictionary that is closed in scope and problematic. At the same time, all 

the terms are "dissimilar" (for example, there is no "AJIMA"and "AJWIMA 

in the dictionary at the same time) 

2. Errors are in the nature of replacing the codes of the original letters with 

the codes of letters that match or are close to the original in outline. For 

example, ASCII codes of the Russian letters A, B, C, E, Y are replaced by 

codes of the Latin letters A, B, ©, E, Y; Latin letters I and 0 are replaced 

ers I and 0, etc. This also includes repetitions of the same letter 

sing of the display key or its malfunction. 

than 2-3 letters in the word form, 

by numb 

that occur due to prolonged pres 

In the vast majority, if there are more 

1 corrections are absolutely correct [9]. 
sucl 

emantic analysis are aimed at the formalization 

Ultimately, all methods of s 
: 

However, when solving problems of semantic text 

and processing of knowledge. 
, 

fference emerges not so much in the methods as in 

Processing, a fundamental di 

the target setting of knowled 

learning and obtaining new knowledge, ; | , 

extracting ready made knowledge and their cross-analysis. At the same time, as 

: ready- 

indicated, the truth or falsity of specific knowledge found in the text is not the goal 

ed, the tru she priority goal is to establish semantic relations between 

h - on the degree of formalizati 

ing knowledge. Depending o” © gree 7 ization 

either the information that 

ge processig: if the logical apparatus is focused on 

then semantic text analysis is aimed at 

of semantic processing: 

lexical elements encod 

of the text and complexity, 

s of the compo 

or other information that 

| knowledge. In the latter case, it is 

nowledge ~ 22 ontology [24]. 

hecessary to build a tic processing ig to extract ontological meaning from 

The purpose of _— ; the sategorY of meaning extracted from the mental 

the text and discourse 
1us, 

ich allow 

te 
. 

tegor) 

sphere, acquires certainty 
and constructly 
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means. On the way to solving fundamental problems, there is the concept of 

"ontological meaning": it is thanks to it that the essence and structure of this 

epistemological category acquire a formal form. The ontological meaning is not a 

mapping of the utterance into a set of zero and one. This is the mapping of an 
utterance to a coherent set of named concepts, representing a system of cnowledes 

~ ontology. 

In the most general case, understanding is the goal of communication and the 

prerogative of two intelligences. At the mental level, the process of understanding 

means the awakening of reality models (linguistic and figurative) in a person’s 

memory, finding analogies or fixing new connections; at the machine level, the fact 

of "computer understanding "means the excitation of the corresponding subgraph 

of meaning on the ontology graph and linking it with other subgraphs. In both 

(reality) is reconstructed [4]. Combining ontology 
Cases, a certain linguistic situation 

With meaning allows you to combine the semantics and pragmatics of the text into 

& Single procedural complex. Indeed, the ontology of knowledge is responsible for 

the connection of the text with non-linguistic reality, and the semantic trajectory 

is responsible for encoding the ontological meaning in machine memory. 

3.4 Hunspell algorithm 

1 

Every word in the text 4 1s generated by some theme [31] 

teT 
(3.1) 

eee 
pics 

The text is generated by some distribution on top! 

t by the text 

The word is generated by the top, not DY 

3.3 

n(w | at) = Pee 
(3.3) 

on is obtained 

+ tthood function 
O 

In total , such a likelihoo 

. 

_scpw ort |® 
p(w |) yy 
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Puc. 3.2: Graphical model of the text 

Develop the algorithm evaluation: 

_ Rud 
p(w | 4d) = na 

(3.5) 

and needed to find: 

out = p(w | t) (3.6) 

Ora = Plt | 4) (3.7) 

Maximizing the likelihood 

»(D) = |] [w= II » p(w | t)p(t | a| (3.8) 

deD wed 
deD wed LteT 

likelihood by Hunspell algorithm. At the E-step, we are, 

Maximizing such 
cument d from the topic t 

looking for how many words w in the do 
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Out Ota 

Ndwt = Ndwp(t | d, w) = Ndw 
ser OwsOsd 

(3.9) 

And at the M-step we recalculate the parameters of the model: 

Nut = Soa Ndwt: ru = Sow Nuts Out = Tut 
Tre 

Nd = J owed Ndut, Od = ae 
(3.10) 

Parameters that are missing: 

e Firstly, such decomposition will not be the only one 

are a lot of parameters, there will obviously be overfitting 
e Secondly, there 

de larger than the number of topics 
if the corpus is not orders of magnitu 

e And it would be absolutely good to get not just a stable solution, but one 

with some specified good properties 

3.4.1 Algorithm usage 

The process of work is that a sealed request ig sent to the algorithm and all errors 

that have to be corrected. Usually, mathematically, the problem is posed in this 

way [26]: 

1. the word s is given, passed with errors; 

ictionary of correct words; 

92. there is ad 

y, there are conditional probabilities P(ws) 

words Ww in the dictionar 

rovi 
3. for all 

of what the word w meant, P 

om the dictionary with th 

ded that the word s was given, 

e maximum probability 

4. need to find the word w fr 

P(w|s)- 

y — assumes that if a request comes 

t — the most elementar 

ts each word individually. In real 
This statemen 

he algorithm correc 

from several words, then t 
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li ife, the most ideal outcome is to correct the whole phrase, taking into account oun 

the compatibility of neighboring words. 

There are two unclear points here — where to get a dictionary and how t 

er 

0 

calculate P(w|s). The first question Is considered simple. In 1990, the dictiona > 
ry 

was collected from the spell utility database and electronically available dictionari : ies; 

in 2009, Google did it easier and simply took the top of the most popular words 

on the Internet (along with popular misspellings). 

The second question is more complicated. If only because its solution usuall y 

begins with the application of the Bayes formula! 

For now instead of the original incomprehensible probability, it is needed to 

more understandable ones: P(s|w) — the probability 

evaluate two new, slightly 

d get s, and P(w) — in principle, the 

that when typing the word w, can typo an 

probability of the user using the word w. 

3.4.2 Model describing errors 

have some kind of model describing errors 

One way or another, it is the need to 

and their probabilities. 

oisy channel model (noisy channel model) or more 

|. This model, to 
g for both spelling errors and, in 

Such a model is called n 

] - error mode 

ble for accountin 
briefly error mode 

which a separate section is 

devoted below, will be responsi 

fact, typos [12]. 

e the probability of using the word — P(w). 

There are different ways to estimat 
ch the word occurs 

The simplest option is to take for it the frequency with whi 

in some large corpus of texts [23]. For an erroneous text that takes into account 

the context of the phrase, of course, something more complex will be required - 

another model. This model is called the language model, the language model. 

1. A typo occurred: 

e With mistake: On oKMiKHI Oacka Kaslaylapra 6apa
bl



e Without mistake: On 2xni-2kui Oacka Kasianapra 6apaspl 

e Translation in English: He often goes to other cities 

2. Writing in colloquial terms: 

e With mistake: AsiMa KTanTb! KTamxanayan abl 

e Without mistake: Auma KiTamiTbl KITAMXAaHALaH AJlJIbl 

e Translation in English: Alma took the book from the library 

3. Space errors: 

e With mistake: Ciszi KepreHiMe KY@HBII TbIMBIH 

e Without mistake: Cigni KepreHiMe KYaHBILITBIMBIH 

e Translation in English: Glad to see you 

4. Hyphen errors: 

e With mistake: Op ava aHa 63 6anacbiHbIy, OaKbITTb! OoOFaHbIH Kasali abl 

e Without mistake: Op aTa-aHa 63 6anacbIHblH OaKbITTH! OONFAaHbIH Ka- 

wali pl 

e Translation in English: Every parent wants their child to be happy 

5. Real-word errors: 

e With mistake: Mex yaklieH yuinaliMblH 

e Without mistake: Men ymakieH yuinaviMbli 

e Translation in English: I don’t fly by plane 

3.5 Correcting typos 

ne when composing search query. Typos can 

Its when mechanisms that correct them 

ave been built into the 

been made by every 

nexistent resu 

tion mechanisms h 

Typos have 

lead to irrelevant or even no 

are not present. As a result, error correc 

search engine to make it more user-friendly [6]. 
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Typos seem to be quite simple to correct at first glance. In that case implementi 

: 
. ape . . 

° 
> mentin 

a solution may be difficult if it begin with a number of errors. Generally, typos . 

. : 
. 

° > & are 

corrected with two types of context-independent correction and context-dependent -de n 

correction (taking the dictionary environment into account) [32]. Firstly, the er 
° ’ rTOrs 

are corrected for each word separat 

corrected taking into account the context (for example, for the phrase "On yi iire 

6apgpi the error is corrected for each word individually, resulting in "Ox ytir 
3 

J , e 

6apzpl while in the second scenario t 

context, resulting in "Ox yfire 6apabi"). 

ely, and in a second scenario the error is 

he error is corrected taking into account the 

Only context-independent correction can identify four main categories of erro rs 

in the Kazakh-speaking user’s search queries: 

typographical errors within the text itself (catem - cee - hello), this 

category includes any kind of omission, insertion, or permutation of letters 

~ 65.7%, 

Combined-separat
ed spellings — 17.4%, 

Layout distort (celtc - casteM - hello) — 11.2%, 

Verbfigure out (salem - casleM - hello) - 2,7%, 

Mixed error rate — 9.1%. 

sented in the form of a tree, the correction occur 

tational costs [19]. Thus, part of the work 

h is computationally much 

times faster. Of course, 

Working with a dictionary pre 

very quickly and with minimal compu 

with recognition is transferred to work with text, whic 

less time-consuming 
and, as a result, is carried out many 

| with doubles if we stumble upon them, but the probability 

it is necessary to dea 

of this is small. When recognizing quasi-words, a base with a smaller number 

uces the learning time of the latter 

of elementary speech units is used. This red 

multi-vector or dictator-indepe
ndent 

and will play @ Pos 

database. 

itive role in creating @ 

ng high—quality information from a 

ss of obtaini 
d on templates is used 

Text analysis is the proce 

le, statistical training base 

natural language text. As a Tu 
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for this: the input text is separated using templates, then the received data is 

processed. 
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Chapter 4 

Experiment Setup 

In preparation for the publication of the dictionary, scientists from the open source 

make card files. Kazakh researchers wrote 

y of contexts of using the same word. For this purpose, quotes 

sult, dozens of such cards 

down words on special cards, showing 

the multiplicit 

a, wide variety of literature are selected. As a re 
from 

cess took place in the early 1950s at the 
are attached to each word. Such a pro 

h SSR. Its employees prepared an "Explanatory 

Academy of Sciences of the Kazak 

" The material (card file) was collected, which 

dictionary of the Kazakh language 

reflected the lexical units and the con 

) is 2 million 55() thousand. In th 

t contexts. The confusion between the 

d the form of their reflection led to 

texts of their use. The total number of 

records (cards 
em, words presented together 

with all sorts of meanings from in differen 

number of linguistic units of the language an 

bed fake. The given facts about 

arative analysis with other languages of 

velopment of this living organism 

the appearance of the descr! 
how many words 

there are in the Kazakh language, comp 

the Turkic group convince of its richness. The de 

new words are added from year to year. 

in the Kazakh language can be found in open 

rrectly spelled words in all types are available in 

his database was taken from an open source, 

ed from social networks and 

continues now, 

Thus, a database of words 

sources. About 75 thousand co 

this database. For this experiment, t 

as well as more than 900 thousand words were pars 

websites in varlous formats to achieve a clearer result on training @ model for this 

scientific work (see Table 4.1). 
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Data base with Kazakh Words 

Definition 
Amount of Words 

Right written words in all types 74483 words 

Parsed words from open source 210356 words 

(social media and web-sites) with 

mistakes 

Table 4.1: Table with the input data for the experiment 
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Chapter 9 

Results and Discussion 

5.1 Results 

n it will be performed and presented the result 

lable for search, this algorithm works very 

t a second to process a word of 15 letters 

In this sectio 
s of the research work. 

When there are no candidates avai 

slowly. It takes the algorithm abou 

but that performance is doubtful for practical purposes. Performance can be 

increased by a million times when 

way HunSpell works is that for every wor 

added to a separate index, or rather, each word tha 

or more letters (generally 1 and 2) is added to the index. In a similar manner, a 

deletion is made when @ word is searched for candidates, and it is confirmed that 

it exists in the index. This algorithm handles all possible error conditions - letter 

substitution, permutations, additions and deletions. 

se there is a replacement ( 

Hunspell algorithm parameters are added. The 

d from the dictionary, each deletion is 

t is obtained by deleting one 

As an example, suppo 
in the example, it is taken 

he first distance ). Suppose the initial set includes "asia — 

he mistaken word “ammr". There is an index 

" such as: JIMa, aMa, ana, asim. When it 

In this case, 

into account only t 

apple". In this case, the input is t 

containing the all deletions from “aJIMa 

comes to “amr” there is following deletions: 

“ano” is included epy index, so the typographic 

to the right written word “alma”. 

ow that shows sample results 

| networks and news porta 

azakh words were used for trainin 

divided into 2 parts, 90% 

IMT, @MT, QJIT, aJIM. 

ally incorrect “a mT” corresponds 

Here is a table bel 
for Kazakh unput data. 200 

atnples from socla 
18 and 75K words 

ly written K 

e initial sample was 

thousand word s g as 

from a database of correct 

prescribed in the experiment. Th 

48



Results 

I Errors 
Effort 

nput The percent. A Accuracy (word wo 

data of Errors " couracy in Top 7 Weak ras 

Top 7 P per 

second) 

Hunspell 

Algori 11.78% 14,82% 52,24% 71.98% 6.93% 164% 
3 (¢ 

thm 

Table 5.1: Table with the input data for the experiment 

Results 

; Tl : Errors 
Effort 

nput he percent A é . 

P in Accuracy cemrey Weak (words 

data of Errors in Top 7 
Top 7 

per 

second) 

Hunspell 

Algori 8.94% 10,76% 38,29% 69.34% 2,65% 279% 

thm 

Table 5.2: Table with the input data for the experiment 

was used for training, 10% for evaluation. Results (see Table 5.1): 

In order for the experiment to be as pure as possible, a check was made on a 

voluminous literary text. Text metrics from the work "AGaiigpiH Kapa ce3zepi" - 

<Abai Book of Words» (see Table 5.2). 

To begin with, the text can be viewed from two points of view: either as 

a simple sequence of words, spaces and punctuation marks, or as a network of 

semantic dependencies of concepts. For example, in the 
interconnected syntactic- 

rds in any order, while 
ce "I love big dogs", it can be arranged the wo 

ture of the links between the words will be the same: Errors can also 

A mistake is made in the linear structure — type the 

word twice, forget the period, parenthesis, and similar things. That is, 

urs in the process of building words into a chain, and a person is 

grammatical rule. Probably, taking 

senten 

the struc 

occur at different levels. 

same 

an error occ 

unlikely to commit it due to ignorance of any 

into account about simple inattention. However, at the chain level, some real 

grammatical errors can also be identified. For example, in the Kazakh text there 
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should be no combinati nations of "K emule 6apa 2KaTbIpMpiH" — there should be either 

"ele 6apgbim" or "6yrin Oapa 2KATbIPMBIH". 

; But still, the real grammar begins at the level of the analysis of the network 

of concepts. For example, in our example about dogs, the subject "I" should b e 

combined in person and number wi p er with the verb "love" regardless of the relative po- 

sition of these words in the sentence. Of course, this consideration does not negat ate 

the need to catch simpler errors identified at the level of the linear structure 

When a word with a typo is found, the word of this word is divided into 

trigrams and a search is performed for words from the dictionary containing tri , Tl- 

grams. The search occurs only for words in which the character difference is : no 

more than 3. Words in the dictionary with the highest trigram content become 

candidates for replacing a word with a typo. 

When using the method of searching for trigrams in the word, consisting of 

five letters and having a typo in the third letter, it is not possible to find the right 

since in any search from the dictionary there will not be the necessary 
candidate, 

ams in the word with a typo. 
word that includes at least one of the trigr 

5.2 Discussion 

definition of a part of writing in Kazakh 
alysis and the 

ne of the most difficult Turkic dialects. Applied morphological an 

are fairly laborious. This language is 0 

Each word in the language can have a vast array of word forms formed by adding 

suffixes and endings to it. One of the most popular dictionaries for the study of 

in the world is the Morphological Dictionary of the Kazakh Language. 

ehensive database of Kazakh words at present. In 

f computational linguistics in Kazakhstan in general, 

| Kazakh dictionary is a priority. It is arranged 

o the composition, dividing the 

Kazakh 

However, there is no compr 

relation to the development 0 

the development of a morphologica 

alphabetically by morphemes, i.e., ac 

words into significant parts. The Dictionary ¢ 

to check their results when the morphemic analysis is difficult. 

cording t 

an be used by teachers and students 

orithm Optimization 

thod of evaluating the qualit 

po collection that Hunspe 

5.2.1 Alg 

as necessary to develop a me 

Using a ty 

y of the spellchecker 

It w ll had created, Hun- 

before writing it directly. 
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spell presented misspelled words along with their correct counterparts. Thi 

however, prevents the use of this method due to the lack of context. The aroblen | 

was solved by writing a simple typo generator first. An input word is fed to the 

typo generator, which outputs a word with a specified number of errors. These 

errors are composed of rearranging two letters in a particular order, replacin 

one letter with another, deleting one, and inserting a new letter. It is sossibe 

to define the probability of each type of error separately, and the probability of 

making two typos (which depends on the word length) is also calculated 

5.2.2 Accuracy 

Verifiers of spelling and grammar are implemented either as standalone applica- 

f other applications, like word processors, email clients, or even 

tions or as part 0 
y set of common 

nes. At the same time, this system has a mandator 

ors, the highlighting of errors in the text 

and the display of options for correct Ver- 

ystem with source text that needs to be 

tire paragraphs may be included 

search engi 

functions, consisting of the search for err 

(either through colouring or underlining) 

ification requests are transmitted to the s 

verified.itted to the system. Several words or en 

in the text. The parsing process further divides the text into individual words or 

into whole phrases, based on the algorithm used (the main words together with 

their particles). 

5.2.3 Resource need 

checking and grammar-checking tools. 

ation tools include spell- 

two spell checking modes automatic Spell-checking autom 

The word processor allows you to implement 

and command. 

The built-in automatic spell checker is essentially an expert system and allows 

customization. The built-in dictionary of the spell check system is not editable. 

in user dictionary. Re- 

All additions and changes are made to a special plug- 

ewing can be understood as two processes: editing the text with registration of 

g on the text. Unlike the usual editing, when reviewing 

t does not change completely — the new version and 

ent on the rights of different versions. 

the main characteristics of the text. 

vl 

changes and commentin 

qacument, 1 
the text of the d 

ist" within the same docum 

the old one "coex 

The absence of erammatical errors is one of 

ol



Grammar errors can occur due to a number of factors. First, a person may be 

ignorant of the rules of grammar, and second, a typo may occur when typing. It 

is built into the developed environment that an automated spell-checking system 

is available to prevent grammatical errors. There is a database of spelling variants 

of Kazakh words, as well as knowledge of grammar rules, which constitute the 

basis of this system. In addition to comparing each written word to the database, 

the system also checks the consistency of spelling (spelling consistency, comma 

placement, etc.). Errors are indicated with hints and sometimes correction meth- 

ods are given. A natural language text processing system such as this one can be 

used as an example. By default, the algorithm detects and eliminates any spelling 

or grammatical errors automatically. 
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Chapter 6 

Conclusion 

The subject of the research of this scientific work is the correction of words and 

text, namely editing, 

the correct grammatical and syntactic form. Based 

unbiased model for correcting spelling errors is presented and applied to Kazakh 

developed that outperforms the old leading system. 

bitrary features at both the word level 

processing and presentation of the entered text with errors in 

on this study, a linguistically 

language. A new algorithm is 

The system also has the merit of allowing ar 

and sentence level to be incorporated. The main determinant of the effectiveness 

of spelling correctors was observed to be the quality of the language model during 

experiments with features of varying types. 

In addition, morphological and semantic information can also be helpful. 

There are three steps in the direction of future work: the first is to augment 

ith neural ones and determine if this can better 

handle long-distance dependencies, which could be helpful in selecting the best 

candidate. The second step is to apply this developed model to languages with 

phology and see if the same features are beneficial as in Kazakh’s 

d is to use finite-state tools to re-implement our model 

(candidate search and candidate ranking) are indeed 

traditional language models w 

complex mor 

case. Then the third metho 

since the main components 

Gnite-state operations. 

are solution is based on carefully compiled and proven 

The ready-made softw. 

s and synthesis, and has the following functionality: 

algorithms for analysi 

+ 

e text recognition 
4 

e checking and correcting spelling, syntactic, punctuation errors 
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e correcting signs according to uniform accepted standards (dashes, hyphens 

quotes 

Most of the functionality is implemented by connecting a large database of 

dictionaries. The peculiarity of the automatic text correction algorithm is due to 

the fact that the ready-made software solution is able to correctly process text not 

only for the presence of spelling and punctuation errors, which in itself is common 

for text analyzers. The algorithm can also detect errors from a grammatical point 

And this already requires analyzing the text from a semantic point of 

arser recognizes the structure of a sentence, namely the syntactic 

As a result, a syntactic tree is built and the components 

of view. 

view. The p 

dependencies of words. 

are identified. Usually, the grammar is built so that the output is a syntactic 

tree that allows performing various transformations of lexical content with the 

re-agreement of dependent words, and it is also easy to distinguish semantics, 

to use an algorithm for weighing alternative options for building 
in particular, 

ave different complexity, include unknown 
a tree. The analyzed sentences may h 

words or deviations from the normative syntax. To effectively cope with different 

tasks, the parser uses several different algorithms, including structural top-down 

analysis and bottom-up analysis, and also applies semantic analysis to refine the 

results in case of ambiguities. Multilingual translation models will emerge in the 

near future, along with transfer learning and substantially larger monocorpora 

that will complement parallel corpora. As a result, translation quality will be sig- 

nificantly improved for languages with low resources (with comparatively small 

). As machine translation becomes more proficient at understand- 

training samples 
will be completely replaced 

t and subject matter, manual translation 
ing contex 

by machine translation. There is a possibility that machine simultaneous inter- 

pretation will emerge in the future five to ten years. For more accurate work, 

ombines the advantages of ascending and 

an algorithm has been developed that c 

descending probabilistic parsing of a sentence. Top- 

analysis through synthesis, begins by making assumptions about t 

ucture of a sentence, and then clarifies and details this assumption, recursively 

level of specific words. In other words, this algorithm initiates 

nterminal S. Bottom-up syntactic analysis begins pars- 

en connecting new words 

down syntactic analysis, or 

he large-scale 

str 

descending to the 

initial no 

first linking pairs of words, th 

ally, the linking process reaches the 
parsing from the: 

ing with specific words, 

or other related pairs to these pairs. Gradu 
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initial nonterminal S - that is, all the words in the sentence are connected into 

a single structure. The developed automatic text corrector is the most accurate, 

since the algorithm uses a large database of Kazakh words, the algorithm of text 

syntactic analysis is optimized. The algorithm takes into account and parses not 

only the semantic part, but also the sign part (removes double spaces, uses dashes, 

hyphens correctly, places quotes uniformly, etc.) 

Ory)
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