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AHJIATITA 

Ka3ipri yakbiTTa, apOip alam KYHesIKTi OMIpiHDe, OHbI MYJIeM aHFapmaca Ja, 

*KAaCaHAbI HHTeEKTTI KON MAaHbIN %KYyp. bi3 OHbI Ke3-KeITeH %Kepfe, HHTepHeTTeri 

isneynen Oactan, A HyKTeciHeH B uyktecine AeHinri bam OaFbITTbI Tabyra JeHin 

KonaHamp3. Cours 10 KIT iinge %KacaHObl MHTeIeKT calacbiIHwarbl 

Oarqapnamanap .KaHa TBIHbIC amgbi. KentereH 3epTTeymep XX _ racbipya 

%KYprisinreHMeu, Os Ke3fe YJIKeH akMapaTTapAblH %KMHaFb! OOMMAaFaHABIKTAaH OsapIbI 

Myppic .Kargaiiga KommaHa ammagp. bipak Ka3ip AyHue *HKY3IHe alekannaii 

Hepektep >.KMHasFaHIbIKTaH HaKTbI TarCbIpMaHbl OpbIHAaHTIH AavIci3 2kacaHyBI 

MHTemektti (weak AI) oKbITHIT xxacayra Gomagbl. Onci3 2KV-TIH %KaKcbl MBICAIIBI - 

Apple Siri 2xaHe Google Assistant. OHbIH MakcaTbl - HaKTbl ajaMaapMeH 

aHrimenecyni Kongay (Question & Answering). CoHbIMeH KkarTap, MOTIHHiH 

TOH@JIZbIJIBIFbIH AHbIKTay, MalIMHaJIbIK ayapMacbiH Ta6y .%KoHe celileyqi TaHy 

CHAKTEI TancpipMalap TaOvFH Timi eHmeynin OacKa 2a MiHgeTrepi OoubIn 

TaOBwia dl. 

MotiHHi TOHAJIIbIFbIH AHbIKTay KenTereH Mal jaavyWIbiapAbl Tyciny ywin 

Natiqananbinagbl, Sipak KeHiI-Kyliai Tanmay yWin KOCBIMUIaNap IWeKCi3. OsleyMeTTIK 

Kelinep meh VOC (TYyTHIHYUIbIHBIH laybicbl) TYTbIHyWIbiiapra Kepi OaiinaHbic, 

CayanHama >xayaltapbl, Gocekelectep MOHMTOpHHTiHge 2%oHe 1.6. 3aTTapaEl 

Kallaranay Yuli maliqasaHbiiafel. JlereHmeH, Of ickepiiK aHaIMTHKaya 2KoHe 

MOTiHTe Tanfayobl KaKeT eTeTIH Kar Raliapha KONAAHY YWin We Naifab. OxiMHIn 

Caflacein aprreipy, KIMeHTTepre KbI3MeT KepceTymi %KAKCapTy, AaFAapsIcTbl Oackapy 

CHAKTHI Camanapia. 

Byn quccepralMambik 2%YMbICTa Ka3aK Tininweri MOTIHHiH 3MOWMOHAIbIK 

TOHAAbIFBIH AHBIKTay Oar apslaMacblH KYPy KY 

MaTingi KasaK Tininne GepeMi3 %KeHe on THiciHUIe Teplc HEMeCe 2%KAaFBIMAbI TYNE 

MBICbI TYCiHAipuieni. bargqapnamara 

Kayan Oepyi Kepex.



AHHOTALMA 

B Halle BpeMA Kak Db YeNOBeK B CBOel NOBCeAHEBHO! 2KH3HM CTaNKHBaeTCA 

C HCKYCCTBEHHbIM HHTeJIIeKTOM Jake 9TOrO He 3aMe4asd. Mbr ucnomb3yem ero 

OyKBayIbHO Be3e Ha4MHad C MOMCKa B HHTepHeTe HM 3aKaHYHBadt mposoxKeHHeM 

ObIcTporo Mapuipyta c TouKH A go TouKH B. 3a nocneguue 10 net, pa3spa6oTKu B 

Cepe HcKycCTBeHHOrO HHTesIeKTa MpHobpenH HOBOe AbIxaHve. Tak KaK MHOrHe 

MccleqOBaHHA Ob CHeNaHbl elle B XX Beke, HO He ObIJIM HCNONb3OBaHbI B HY2KHOM 

Mee Tak KaK He xBaTajio 6Gombuloro oObema JaHHbIx. Ho cefuac B Mupe coOpanoch 

O4€Hb MHOFO JaHHbIX, Ha KOTOPbIX MOXKHO OOyy4aTb HM CO3MaBaTb TaK Ha3bIBaeMblii 

cmaObli wcKycCTBeHHBIii MHTemekt (weak AI) KoTOpbIi BbINONHAeT OfHY 

KOHKpeTHy1o 3agauy. XopowHM mpumepom csiaboro MM apnsetca Apple Siri u 

Google Assistant. 3aga4a KOTOpbIX ABIAeTCA MomMepxKKa OeceAbl C peaIbHbIMH 

monbMu (Question & Answering). Hapany c 3THM B OOpaboTKe ecTecTBeHHoro 

ABbIKA ECT H [pyre 3aNa4v Kak aHasH3 TOHAMbHOCTH TeKCTA, MaLIMHHBIM NepeBoy v 

Pacno3HaBaHHe peyH. 

Ananu3 TOH@JIbHOCTH TeKCTa HCnomb3yeTCA BO MHOFOM JIA NOHMMAaHHA 

KOHe€4HOrO NONb30BaTeIA, HO MpHIOKeHUA WIA aHasIH3a HacTpoeHHi O6eCcKOHeUHBI. 

Bce 6onbue u 6onbIue Mbl BHXMM, TO OH HCMOb3yeTCA B MOHMTOpHHTe 

COuManbHEIX ceTeli u VOC (voice of the customer) Mad OTCe%KHBaHHA OT3BIBOB 

KIMEHTOB, OTBETOB OMPOCOB, KOHKYpeHTOB Mi T. 0. OHAKO OH TalOKe MIpAaKTH4eH yA 

HCHONb30BaHHA B OM3HEC-aHaIMTHKe HM CHTyalMAXx, B KOTOPBIX TCKCT HYKaeTca B 

avanuse. B taxux Kak pa3paOoTka KayecTBa MpOAyKUMH, YTyaeHHe oOciyKHBaHHA 

KJIMeHTOR, aHTHKpH3HCHoe yipaBsleHHe. 

B 3Toh mucceprauun OyleT pasbACHATbCA pa6oTa npusoxKeHHsA, KoTOpas 6yneT 

ONpenxenath 9MOUMOHANbHbI TOH TeKcTa Ha Ka3aXCKOM A3BIKC. Ha sxon Oynem 

apart, TeKCT Ha Ka3aXCKOM ABbIKe, a nporpaMMa COOTBETCTBCHHO JOJDKHA BbIJaBaTb 

OTBeT B BUe HeraTHB WAM Ke MOSHTHB.



ABSTRACT 

In our time, every person in his everyday life is facing artificial intelligence 

even without noticing it. We use it literally everywhere, from searching the Internet 

and ending with the location of a fast route from point A to point B. Over the past 10 

years, developments in the field of artificial intelligence have acquired a new breath. 

Since many studies were made as far back as the twentieth century, they were not 

used in the right case because there was a lack of a large amount of data. But now in 

the world there is a lot of data on which it is possible to train and create the so-called 

weak artificial intelligence (weak AI) which performs one specific task. A good 

example of a weak AI is Apple Siri and Google Assistant. The task of which is to 

Support the conversation with real person (Question & Answering). Along with this, 

in the processing of natural language there are other tasks such as the sentiment 

analysis of the text, machine translation and speech recognition. 

The sentiment analysis of the text is used in many ways to understand the end 

user, but applications for analyzing the mood are endless. More and more we see that 

it is used in monitoring social networks and VOC (voice of the customer) to track 

Customer feedback, survey responses, competitors, etc. However, it is also practical 

for use in business analytics and situations, in which the text needs analysis. In such 

areas as product quality development, improvement of customer service, crisis 

Management. 

In this thesis, the work of the application, which will determine the emotional 

tone of the text in the Kazakh language, will be explained. As the input, we will give 

the text in Kazakh. and the program should accordingly give an answer in the form of 

Negative or positive.
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Introduction 

Sentimental analysis, or tonality analysis, is a young but rapidly evolving 

section of automatic word processing. In the mid-1990s. researchers began to show 

an interest in expressing the author's subjective attitude in the text [1], including in 

this notion the opinions, moods, the author's attitude, expressed in some way in the 

text [2]. 

With the development of the Internet, sentimental analysis draws the attention 

of researchers as one of the sections of the analysis of subjectivity whose task is the 

definition of the meaning of the "tonality" of the text, namely, the classification of the 

text as reflecting the positive, negative or neutral attitude of the author to objects, 

Phenomena, persons mentioned in the text. 

It is important to note that no clear theoretical criteria have yet been 

formulated on which a section of the text can be assigned to positive, negative or 

neutral classes, despite the successful attempts of some researchers to theoretically 

Substantiate sentimental analysis [3]. Thus, the evaluation of the value key is 

€stablished experimentally, with the help of markings by assessors, which then it is 

used as a "gold standard" for teaching and evaluating the results of the sentimental 

analysis. The availability of data marked in this way is critical for the development of 

this area, including because most of the research is focused on the learning methods 
Of classification. 

Continuous development of social networks, various kinds of blogs on the 
Internet, as well as all kinds of resources, where people express their opinion in the 

form of text m essages, growth to interest in tasks related to extraction and analysis 

Pinions of users in automatic mode. To the most urgent problems, from number of 

text data analysis definition of emotional color text (the views of a person) of a 

ed toward the object of utterance. Application of methods, Certain polarity, direct . _— 

Collect for the analysis of the tonality of textual information is realized not only as 
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research tools, but also in commercial activities. Active use of approaches and 

solutions used in the analysis of the key texts, notes in the following areas: 

development of recommendations systems; analytics public opinion; extract the 

user's attitude to the product. This area of research is a topical direction. You can add 

a number of programs at the international level: "TACL", "ICAICT", "Dialog", 

"AIST", representing problems in computer linguistics and the analysis of the 

tonality of the text, confirming this fact. 

Automatic analysis of the tonality of texts, i.e. automatic identification of the 

author's relationship to the objects and situations discussed in the text, is one of the 

dynamically developing areas of automatic analysis of texts in natural language. 

Most of the proposed approaches to the analysis of tonality are tested, primarily in 

English-language texts, and for the English language, a variety of vocabulary 

resources and tools are created. Recently, a large number of studies in the field of 

tonality analysis and for other languages have been carried out [11]. 

For Kazakh language we don’t have many researches for now in this area. I 

found two papers from ENU researchers where they build rule-based sentiment 

analyzer and get 83% accuracy for simple sentences [27] and used this analyzer for 

hotel reviews in the Kazakh language [26]. Also, I found paper where researchers 

from Innopolis University build deep learning model for bilingual sentiment 

classification for short texts [28]. First, they train classifier in one language then 

predict in another, From this they get 60% accuracy. As the pair languages they used 

English-Russian and Russian-Kazakh.



CHAPTER 1. Natural Language Processing 

1.1. What is NLP? 

Natural language processing is one of the directions of artificial intelligence 

and mathematical linguistics, which deals with the problems of computer analysis 

and the synthesis of natural languages. 

Let us decipher some of the concepts that make up this definition. 

A natural language is a complex system of rules stored in the mind of a person, 

in accordance with which the speech activity takes place, i.e. generation and 

understanding of texts. 

Artificial intelligence is a field of computer science (informatics), specializing 

in modeling of intellectual and sensory abilities of a person with the help of 

computing devices. 

Mathematical linguistics is a mathematical discipline, the subject of which is 

the development and study of concepts that form the basis of a formal apparatus for 

describing the structure of natural languages (that is, the metalanguage of linguistics). 

Analysis as a form and method of activity of artificial intelligence is treated as 

an understanding of the language. By synthesis, in the sphere of artificial intelligence, 

the generation of a literate text is understood. 

1.4 Main tasks 

Understanding, recognition of natural language is the key task, since the 

recognition of the living language requires a multitude of knowledge of the linguistic 

system, the language system, their features and regularities. 

Define the main, most pressing tasks of natural language processing. It: 

Lemmatization - going back to our mushrooms, even an amateur chef knows 

that you shouldn’t just chop off the stems with a knife. Instead, you should carefully



remove the stems, cutting around them with a paring knife or gently twisting them off. 

Lemmiatization tries to take a similarly careful approach to removing inflections. 

Lemmatization does not simply chop off inflections, but instead relies on a 

lexical knowledge base like WordNet to obtain the correct base forms of words. 

For example, WordNet lemmatizes geese to goose and lemmatizes meanness 

and meaning to themselves. In these examples, it outperforms than the Porter 

stemmer. 

But lemmatization has limits. For example, Porter stems both happiness and 

happy to happi, while WordNet lemmatizes the two words to themselves. The 

WordNet lemmatizer also requires specifying the word’s part of speech—otherwise, 

it assumes the word is a noun. Finally, lemmatization cannot handle unknown words: 

for example, Porter stems both iphone and iphones to iphon, while WordNet 

lemmatized both words to themselves. 

In general, lemmatization offers better precision than stemming, but at the 

expense of recall. 

Stemming - when we stem a mushroom, we chop off its stem and keep the cap 

that most people think of as the edible portion. Similarly, when we stem a word, we 

chop off its inflections and keep what hopefully represents the main essence of the 

word. Technically, it depends on the type of mushroom, and we’re throwing away the 

mushroom stems while keeping the word stems. Nonetheless, I hope the metaphor is 

useful. 

The best-known and most popular stemming approach for English is the Porter 

stemming algorithm, also known as the Porter stemmer. It is a collection of rules (or, 

if you prefer, heuristics) designed to reflect how English handles inflections. For 

example, the Porter stemmer chops both apple and apples down to appl, and it stems 

berry and berries to berri. 

If we apply a stemmer to queries and indexed documents, we can increase 
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recall by matching words against their other inflected forms. It is critical that we 

apply the same stemmer to both queries and documents. 

You can find an implementation of the Porter stemmer in any major natural 

language processing library, such as NLTK and the Stanford NLP suite. You can find 

stemmers for other languages (or create your own) in Snowball. 

Just as using a knife to chop a mushroom stem may leave a bit of the stem or 

cut into the cap, stemming algorithms sometimes remove too little or too much. For 

example, Porter stems both meanness and meaning to mean, creating a false 

equivalence. On the other hand, Porter stems goose to goos and geese to gees, when 

those two words should be equivalent. 

In general, stemming algorithms err on the side of being too aggressive, 

sacrificing precision in order to increase recall. 

Information extraction is the task of automatically retrieving (building) 

structured data from unstructured or semi-structured machine-readable documents. In 

modern information technologies, the role of such a procedure as the extraction of 

information is increasing - due to a rapid increase in the number of unstructured 

(without metadata) information, in particular, on the Internet. This information can be 

made more structured by converting to a relational form or by adding XML markup. 

When monitoring news feeds with the help of intelligent agents, you just need 

methods of extracting information and converting it into a form that will be more 

convenient to work with later. 

Information search is the process of searching unstructured documentary 

information that satisfies information needs, and the science of this search. 

Information search is a process of identifying in a set of documents (texts) all those 

that are devoted to the subject (subject), satisfy a predetermined search condition 

(request) or contain the necessary (information-relevant) facts, information, data. 
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Lexical semantics is a part of semantics that deals with values (dividing them 

into denotation and connotation) of individual lexical elements of words, morphemes 

and lexemes, thus differing from the semantics of sentences. 

The basis of lexical semantics is: 

- classification and analysis of words; 

- description of differences and common features in lexical semantic 

structures between different languages; 

- the way in which the meaning of individual lexical elements refers, 

through syntax, to the meaning of the whole sentence. 

Semantic units and vocabulary of a language are called lexical units. If one 

lexical unit is made up of two or more words (a phrase), then one speaks of a 

phraseological unit. 

The central concepts in lexical semantics are lexical relations and how much 

the meaning of a single word is determined by the meaning of the sentence as a 

whole, which is called a semantic network in this case. Also pay attention to the 

relationship values of different words. The central concepts are synonymy, antonymy, 

hyponymy, as well as significant and auxiliary words. An important role is played 

also by homonyms and paronyms, but they are connected both with the external form 

(writing) of words, and with their meaning. Semasiology is a section of linguistics 

that studies lexical semantics. 

Sentiment Analysis or Opinion mining - a class of methods of content 

analysis in computer linguistics, designed to automatically identify in texts 

emotionally colored vocabulary and emotional assessment of authors (opinions) in 

relation to objects, which are discussed in the text. Tonality is the emotional attitude 

of the author of a statement to a certain object (an object of the real world, an event, a 

process or their properties / attributes) expressed in the text. The emotional 

component, expressed at the level of the token or communicative fragment, is called 
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lexical tonality (or lexical sentiment). The tone of the whole text can be defined as a 

function (in the simplest case, the sum) of the lexical tonalities of its constituent units 

(sentences) and the rules for their combination. 

Machine translation is the process of translating texts (written, and ideally 

oral) from one natural language to another using a special computer program. The 

same is called the direction of scientific research related to the construction of such 

systems. 

Question-answering system is an information system capable of taking 

questions and responding to them in a natural language, in other words, it is a system 

with a natural-language interface. Good examples of QA is Apple Siri and Google 

Assistant. 

Speech recognition is the process of converting a speech signal into digital 

information (for example, text data). The inverse problem is the synthesis of speech. 

Speech recognition systems are classified: 

— by the size of the dictionary (a limited set of words, a large dictionary); 

— depending on the speaker (speaker-independent and speaker-independent 

systems); 

— by type of speech (joint or separate speech); 

— by appointment (dictation systems, command systems); 

— on the algorithm used (neural networks, hidden Markov models, 

dynamic programming); 

—~ by type of structural unit (phrases, words, phonemes, dyphones, 

allophones); 

— by the principle of selection of structural units (pattern recognition, 

selection of lexical elements). 

For systems of automatic speech recognition, noise immunity is provided, first 

of all, by using two mechanisms: 
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-— the use of several, parallel, working ways of separating the same 

elements of the speech signal on the basis of the analysis of the acoustic 

signal; 

— arallel independent use of segmented (phonemic) and holistic perception 

of words in the flow of speech. 

1.5 Corpus 

In linguistics, the body (in this sense, the plural - corpora, not the corpus) - is a 

collection of texts, processed according to certain rules, used as a basis for the study 

of the language. They are used for statistical analysis and verification of statistical 

hypotheses, confirmation of linguistic rules in this language. 

To solve many linguistic problems, so-called text corpus is used - specially 

selected and structured collections of texts. The most informative are the marked 

corps, that is, in which parts of the text are attributed linguistic information - for 

example, each word is assigned to one or another part of the speech. 

Creating a marked body is a very time-consuming process, requiring time and 

effort for many people. For this reason, the most often marked corps are created by 

teams of researchers at state institutions, and there are not very many such buildings. 

Once created, the corps can be used by many researchers to solve various problems. 

Ways to use the hull can be very diverse, including those that were not thought of by 

its creators. In order for the corpus to bring maximum benefit to the scientific 

it is necessary that it be accessible not only for viewing through the community, 

interface provided by its developers, but also for downloading entirely to the user's 

computer. 

Corpus is used as a data source in statistical linguistics for the detection of 

unigrams, bigrams and n-grams. These data help analyze the structure of the 

language and find the most used words, etc. 
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Basic properties of the corpus 

Among the many definitions of the hull, its main properties can be 

distinguished: 

— electronic - in the modern sense of the body should be in electronic form 

— representative - should well "represent" an object that models 

~ marked - the main difference between the body and the collection of texts 

— pragmatically oriented - must be created for a specific task 

Classification of corpora 

Classify the corpora can be on various grounds: the purpose of creating a hull, 

the type of language data, "literary", genre, dynamism, the type of markup, the 

volume of texts and so on. By the criterion of parallelism, for example, cases can be 

divided into monolingual, bilingual and multilingual. Multilingual and bilingual are 

divided into two types: 

— parallel - a lot of texts and their translations into one or several languages 

~ comparable (pseudo-parallel) - original texts in two or more languages 

Corpora marking 

The markup consists in attributing to texts and their components special tags: 

linguistic and external (extra linguistic). The following linguistic types of marking 

are distinguished: morphological, semantic, syntactic, anaphoric, prosodic, discourse, 

etc. Further structural levels of analysis are applied to some buildings. In particular, 

some small cases can be completely syntactically marked. Such cases are usually 

called deeply annotated or syntactical, and the syntactic structure itself is a tree of 

dependencies. Manual marking (annotation) of texts is an expensive and 

time-consuming task. At the moment, open source software provides various 

software for marking cases. Conditionally they can be divided into stand-alone 
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(stand-alone) and web-based (web-based). At the same time, the developers’ focus in 

recent years has shifted to web applications. These systems have several advantages: 

possibility of simultaneous marking of one document by several people 

do not require the installation of additional software, except for the browser 

flexible delineation of access rights 

display current progress of the markup process 

possibility of modification of the marked housing 

Internet as a corpus 

Modern technologies allow creating "web corpus", that is, cases obtained by 

processing Internet sources: 

Web corpus is a special kind of linguistic corpus that is created by 

gradually loading texts from the Internet using automated procedures that on 

the fly determine the language and encoding of individual web pages, delete 

templates, navigation elements, links and advertising (so-called boilerplate) , 

they transform into text, filtering, normalization and deduplication of received 

documents, which can then be processed with traditional instruments of corpus 

linguistics (tokenization, myth syntactic and syntactic annotation) and 

introduce it into the search corpus system. The creation of a web corpus is not 

only much cheaper, but first of all its size can be even an order of magnitude 

larger than traditional cases [4]. 

- Vladimir Benko ARANEA - FAMILY OF BILLION WEB-CORPORA 

Kazakh language corpora 

Kazakh language is one of Turkic languages, so it has inflectional and 

derivational agglutinative morphology, which causes that these languages have a lot 
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corps (liturgical texts, modern (XIX-XX century) and earlier periods), historical 

(including Old Russian, art. Aurora, birchbark letters), syntactic, accentological, 

multimedia and teaching subcorps. 

The volume of the main building on April 7, 2018 was 283 million words, and 

the total volume of buildings exceeds 600 million words [7]. 

Texts are provided with meta-markup (by creation date, author, genre, etc.); 

word forms in texts are provided with automatic morphological and semantic 

marking; parallel texts are aligned; texts of the poetic corps are also equipped with 

special metric markings. 

1.5% of the texts are provided with morphological and semantic markings with 

manual removal of homonymy. 

Currently, free and free is only search by body. The hull site and search on it 

are supported by the company "Yandex", whose employees took part also in the 

development of the software of the hull. Access to the entire building is not possible 

due to copyright law. To gain access to 1/6 of the marked part of the subcorpus, you 

must register and accept the license agreement. 

Unfortunately, to date, very little work has been done to create a publicly 

available Kazakh language corpus, but we found some good corpora. The first 

attempts to build a large-scale corpus of Kazakh language were made by Kazakh 

Language Corpus [8] and Almaty Corpus of Kazakh [9] projects. 

Kazakh Language Corpus (KLC) [8] which is provided by Nazarbayev 

University research team containing over 135 million words and more than 400 000 

documents classified into five major genres (domains): literary, publicistic, official, 

scientific and informal. Second, Almaty Corpus of Kazakh language (NCKL) [9] 

which is created by efforts of the department of general linguistics and foreign 

philology of faculty of philology, literary study and world languages of Al-Farabi 

Kazakh National University under the leadership of the chief of the department GB. 
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Madiyeva with the participation of the staff of the faculty of philology of Higher 

School of Economics National Research University (Moscow). At the moment the 

size of the corpus is more than 40 million word tokens. Finally, The Kazakh Web 

Corpus [10] created by Sketch Engine. This corpus is collected from the web using 

SpiderLing crawler. The corpus was prepared according to standards described in the 

document A Corpus Factory for Many Languages (Kilgarriff et al. at LREC 2010). 

Data were downloaded in January 2012 with the total size 139 million words. Texts 

were cleaned and deduplicated. 

All these corpora are probably good, but there is one minus, we can not use 

them in our studies since they are private. Because of the fact that we do not have a 

widely available open source corpus, many studies are being ended at this stage. 

19



Chapter 2. Sentiment Analysis 

2.1 What is Sentiment Analysis? 

Analysis of the tonality of the text (Sentiment analysis, English Opinion 

mining) - a class of methods of content analysis in computer linguistics, designed to 

automatically identify in texts emotionally colored vocabulary and emotional 

assessment of authors (opinions) in relation to objects, which are discussed in the 

text. 

Tonality is the emotional attitude of the author of a statement to a certain 

object (an object of the real world, an event, a process or their properties / attributes) 

expressed in the text. The emotional component, expressed at the level of the token 

or communicative fragment, is called lexical tonality (or lexical sentiment). The tone 

of the whole text can be defined as a function (in the simplest case, the sum) of the 

lexical tonalities of its constituent units (sentences) and the rules for their 

combination. 

Sentiment Analysis explores the problem 

and reviews, uploaded by users on microblogging platforms, forums and electronic 

of studying texts, such as messages 

enterprises, regarding the opinions they have about the product, service, event, 

person or idea. The most co 

for a class. Depending on the data set and t 

binary (positive or negative) or multiclass (3 or more 

eholders, you can find similar or completely different opinions 

mmon use of mood analysis is the classification of text 

he reason, the mood classification can be 

classes). In addition, among 

researchers and stak 

about the relationship between the detection of emotions and the analysis of feelings 

depending on their perspective. However, regardless of the result or approach, they 

all use the same methods. 

2.2 Types of classification 
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In modern systems of automatic determination of emotional evaluation of the 

text one-dimensional emotional space is most often used: positive or negative (good 

or bad). However, successful cases of using multidimensional spaces are known. 

The main task in the analysis of tonality is the classification of the polarity of 

this document, that is, determining whether the expressed opinion in the document or 

proposal is positive, negative or neutral. More developed, "out of polarity," the 

classification of tonality is expressed, for example, by emotional states such as "evil," 

"sad," and "happy." 

Classification by binary scale 

The polarity of the document can be determined by binary in the scale. In this 

case, two classes of assessments are used to determine the polarity of the document: 

positive or negative. One of the drawbacks of this approach is that the emotional 

component of a document can not always be uniquely determined, i.e. the document 

may contain signs of both positive and negative evalu 

, who apply various methods of 

ation [2]. Early works in this 

area include the works of Turney [12] and Pang [11] 

recognizing the polarity of product reviews and reviews of films, respectively. This is 

an example of work at the document level. 

Classification by multiband scale 

It is possible to classify the polarity of a document on a multiband scale, as 

was done by Pang [13] and Snyder [14] (among others). They expanded the main 

task of classifying film calls from the assessment of "positive or negative" in the 

direction of forecasting a rating on a 3 or 4-point scale. At the same time, Snyder 

conducted an in-depth analysis of restaurants reviews, predicting the ratings of their 

various properties, such as food and atmosphere (on a 5-point scale) [14]. 

Scaling systems 

Another method of determining tonality is the use of scaling systems, whereby 

words usually associated with negative, neutral or positive keys are placed in 
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accordance with numbers on a scale of -10 to 10 (from the most negative to the most 

positive). First, a fragment of unstructured text is examined using tools and 

algorithms for processing natural language, and then the objects and terms extracted 

from this text are analyzed to understand the meaning of these words. [15]. 

Subjectivity / objectivity 

Another research direction is the identification of subjectivity / objectivity [16]. 

This task is usually defined as the assignment of this text in one of two classes: 

subjective or objective. This problem can sometimes be more complicated than the 

classification of polarity: the subjectivity of words and phrases may depend on their 

context, and an objective document may contain subjective suggestions (for example, 

a news article citing people's opinions). Moreover, as Su said [16], the results are 

more dependent on the definition of subjectivity used in the annotation of texts. 

However, Pang [17] sh 

before polarity classification helped t 

A more detailed analysis model is called a function / aspect analysis. This model 

owed that removing objective sentences from the document 

o improve the accuracy of the results. 

refers to the definition of opinions or moods expressed by various functions or 

r example, a cell phone, a digital camera, or a bank. A property / 

omponent of an entity being examined for tonality, for 
aspects of entities, fo 

aspect is an attribute or ¢ 

example, a cell phone screen OF the quality of a camera's shooting. This problem 

requires the solution of a number of problems, for example, identification of actual 

entities, extracting their functions / aspects and determining whether the opinion 

expressed for each function / aspect is positive, negative or neutral. More detailed 

discussions on this subject can be 

"Analysis of tonality and subjectivity”. 

o the classification of the key 

rm automatic analysis of digital texts using machine 

found in the NLP handbook, in the chapter 

Approaches t 

Computers can perfo 

learning elements, such as hidden semantic analysis, support vector machine, 
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" at. ' . . . . . 

bag-of-words" and semantic orientation in this area. More complex methods are 

trying to determine the possessor of the mood (that is, the person) and the goal (that 

is, the essence, in relation to which the feelings are expressed). To determine the 

opinion in context, use the grammatical relationship between the words. 

Relations of grammatical connectivity are obtained on the basis of a deep structural 

analysis of the text. The tone analysis can be divided into two separate categories: 

~ manual (or analysis of the key by experts); 

— automated tone analysis. 

The most noticeable differences between them lie in the effectiveness of the system 

and the accuracy of the analysis. Computer programs for computer-aided tone 

analysis use machine learning algorithms, statistics tools, and natural language 

processing, which allows processing large arrays of text, including web pages, online 

news, discussion groups on the Internet, online reviews, web blogs and social media 

2.3. Use Cases 

The analysis of tonality finds its practical application in different areas: 

_ sociology - we collect data from social. networks (for example, about 

religious views) 

— political science - we collect data from blogs about political views of the 

population 

_ marketing - analyze Twitter to find out which notebook model is most in 

demand 

medicine and psychology _ determine the depression in users of social 

networks 

Using sentiment analysis you control your business by knowing user reactions 

on some changes on your product. You able to know mood of users on some of 
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period time and give alternative product or new feature. Sentiment analysis very 

powerful tool and can be used in various use cases. 

2.4 Methods 

For sentiment analysis we have 4 methods, but here we will consider only two 

sed approach and machine learning approach (Figure 1). 

- use the so-called affective lexicons for text analysis. In its 
of them it lexicon-ba 

Lexicon-Based 

simplest form, a tonal dictionary is a list of words with a tonality value for each word 

(Table 1). 

Words 
Value(1-9) 

beautiful 
7.10 

_ the best 
9.18 

monotonous 
3.12 

annoyed 
2.31 

depressed 
1.78 

Table 1: Words with tonality value 

n the search for emotional vocabulary (lexical tonality) 

Also, method is based 0 

osed voice dictionaries and rules with the use of 

in the text according to pre-comp 

linguistic analysis. By the totality 0 

evaluated on a scale containing the num 

f the emotive language found, the text can be 

ber of negative and positive vocabulary. This 

method can use both lists of rules that are inserted into regular expressions, as well as 

special rules for combining tonal vocabulary within a sentence. 

ain problem of methods based on dictionaries and rules is the 

The m 
cess. In order to obtain a method that 

dictionary compilation pro 
complexity of the 

the terms of the dictionary must have a 
t with high accuracy, 

ubject area of the docume 
Classifies the documen 

nt. For example, the word "huge" 

weight adequate to the s 
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considerable eff i ort, since for the good operation of the system it is nec essary to 

Possible to autom ate the compilation of dicti ictionaries for a particul j ar subject area (fe or 

example ple, the theme of restaurants or the theme of mobile phones) 

There are a number of thesauruses specially marked taking into acco th unt the 

emotional 
icti 

component. Such dictionaries, described below, are nec f 
’ essary tor 

c omputer programs when analyzing the tonality of a text. 

WordNet-Affect 

An example for the development of WordNet-Affect was the multilingual gua 

extensi ension of WordNet, called WordNet Domain. In the expansion of WordN ordNet 

Dom ; 
. . 

ain, each synth 1s attributed to at least one domain label (English "domai omain 

lab tt 
a 

el"), for example: sports, politics, medicine. In total, about two hundred subj ject 

lit ters were included in the hierarchically organized structure. 

WordNet-Affect is 

" . 

("emotional concepts", Engli 

a semantic thesaurus in which concepts related to emotio ns 

sh “affective concepts") are represented by words that 

("emotional words", English "affective words") 

have an emotional component 

t of synths of WordNet, where each synth 

We 
; 

ordNet-Affect consists of a subse 

"emotional concept" can be represented using "emotional a 

-Affect was created on the basis of WordNet for English (ther e 

Thus, WordNet 

t-Affect for other languag 
a . 
re also versions of WordNe 

es ) by selecting and assigning 

fferent emotional concepts. In particular, the synths of 

S 
ynonym sets (synsettes) to di 

ich are a description of emotions, have been 

Vv 
ee 

erbs, nouns, adjectives, adverbs, wh 

with the help of sp 

erize different states 

ecial emotional labels (A-labels). These 

manually marked 
expressing moods, emotional responses 

emoti Otional marks charact 
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following table. 

Also, i W - iti 
th 

n ordNet Affect, additional emotional tags are used to sep. arate e 

syncets accordi Vv 
ording to their emotion al valence. For this, four additi ; ; additional emoti ional tags 

positive emoti ; ) w tions, which are defined as emotional states characterized by th y tne 

presence ‘ti in si 
of positive hedonic signals (or pleasure). It includes such synths as joy # s joy # 1 

or hobb 
1 

. 

y # 1. Similarly, a negative label ‘dentifies negative emotions charact cterized 

(or pain), for example, anger # 1 or sadness # 1. Shinsetts 

b : y negative hedonic signals 

se valency depends on the semantic context (for 

re presenting emotional states who 

s ambiguous. Finally, the synsettes that define 

e€xa 
: 

mple, surprise # 1) are marked a 

idered ambiguous, but not characterized by 

ps : ychological states and are always cons 

v alence, are neutral (Table 2). 

‘a ee 

a
 

ee 

a Emotional Mark 
Example 

| 

a 

| cognitive state 
noun confusion, adj. dazed | 

— 

mood 
noun animosity, adj. amiable | 

a trait 
noun aggressiveness, adj. competitive | 

a 

a, 

| behaviour 
noun offense, adj. inhibited | 

_ 

Marks of Words 
Table 2: Emotional 

arks are additionally re-arranged in six 

d with emotional m 

The syncets marke 
disgust, surprise. Thus, the physical 

emoti 
. . 

Otional categories: JOY» fear, 

str 
; 

ucture of WordNet-Affect 
cons! 

Sad 
. 

ness.txt, surprise.txt, where each 

sts of Six files: anger.txt, disgust.txt, fear.txt, joy.txt 

file 1s 4 description
 

ns 2874 syncets and 4787 words. 

of a category. At the moment 

WwW ordNet-Affect contai 
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Syncets fr om English into R i ussian and Romanian i , and aligned the m: English - 

S. 

SentiWordNet 

SentiWordNet is a le 

ev 7 eloped in 2006. At the moment, 

xical semantic thesaurus, the first version of which was 

the latest version of SentiWordNet i iS 

com pared to the first version. 

e result of the process of automatically annotating each 

wy, This system is th 

or dNet sync (a set of synon 

ecativi gativity and objectivity. Thus, fo 

yms) in accordance with its degree of positivit Ys 

r each synonymic series from WordNet thre e 

numerj cal evaluatio 
i 

Vi 

ns are assigned where each of these 
i 

; 
evaluations res i pectively 

e component of the synset. Each of these 

determi rm 
. . 

+,° 

ines the objective, positive OF negativ 

e range from 0 to 1, and in the sum they give | (one), that 

esti imates takes values in th 
[26]. Terms that can have 

is e > ach 
. . 

of their estimates can have a nonzero value 

diff eren . 
. 

t meanings may have different values of estimates. 

nsisted of two steps: 
The ] . 

camming process of Senti WordNet co 

nt of the system, methods of machine 

e of the developme 
~ at the first sta g ring) technique for primary filling 

gemi-supervi
sed lea 

number of synsette 

gned to them. Then, 

learning with a weak ( 

were used. At first, 4 small 

esti stimates were manually ass! 

s were trained 

and objectiv! 

s were selected, and numerical 

on the basis of this set 

termine the degree of 

r that, through the 
whose task is to de 

ty of the synset. Afte 

imates for each WordNet synset were 

several classifier 

positivity, negativity, 

obtained classifier models, numerical est 

determined. 

ed in the first step, 4 random-walk 
step model was used 

e final evaluations
 of the object ~ to the data obtain ive, positive or negative 

which resulted in th 
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Cc 

. 

omponents of each syncet. More about this stage you can read in the next 

work. 

SentiWordNet is distributed under the license of CC BY-SA 3.0. This license 

al ; 
} 

lows SentiWordNet to be used freely for commercial and scientific purposes 

tov; 
provided that the names of the creators are indicated. Anyone can download 

SentiWordNet files from the official site for free. You can also download a small Java 

Cc 

. . . 

lass that demonstrates working with SentiWordNet. 

SenticNet 

SenticNet is another semantic thesaurus 

t is a project launched in th 

for working with sets of emotional 

e Media Laboratory of the 
concepts. SenticNe 

of Technology in 2010. Since then, the SenticNet project has 

d applied to the design of intellig 

ponent of the text and span the r 

-computer interaction. The main purpose of 

Massachusetts Institute 
ent applications designed 

been further developed an 
ange of tasks from data 

t 
. 

0 analyze the emotional com 

uman 
Mining to the organization of h 

ure of computer recognition of conceptual and 

SenticNet is to simplify the proced 
gh natural language. If you compare other 

and WordNet-Affect with SenticNet, then 

t and WordNet-Affect provide the linking 

€motional information transmitted throu 

lexj . : 
€xical thesauri, such as Senti WordNet 

their main difference is that Senti WordNe 

tic level, not allowing you to identify 

we 

of words and emotional concepts to the syntac 

for example, "reachin 

mm Jose self-control, 

g the goal " A bad feeling, 

the 5 emantic component, 
"or" be in the seventh heaven of 

ce : 1 lebrate a special occasion, 
mantic level. 

nnects concepts at a Se 

Net 2. Unlike the ver 

ximately 5700 terms from the OpenMind case, 

the linking of semantics and "sentics" 

happiness, "while SenticNet co 
sion of SenticNet 1, which 

The latest version is Sentic 

Simply assigns a key value of appro (that is, cognitive and 

S . . 

€nticNet 2 provides for more a deep 

) to more than 14, il} 

emotional" information 

5 of the text in 1 
and multifaceted analysi 

atural language in comparison with 
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SenticNet 1. Senti Sen te ct ; ; 
ticNet 2 is built using "sentic-calculations", a paradigm that uses AI 

methods and se ic W i Vv 
semantic eb to improve recognition, interpretation and processing f 2) 

opinions j 
pinions in natural language. 

"S . . . "wo: . . . . 

entic-computing” 1s an interdisciplinary approach to analyzing the tonality 

of the text at the crossroads between "affect computing" and "common sense 

computin 
w Tl 

tt 

it 
ba . 

t fi S t 
f ele . 

computers have knowledge of everything in the world as 
aimed at ensuring that 

that computers are able to build logical conclusions 
h umans understand them and 

ba : i i 
sed on this knowledge. Such an interdisciplinary approach involves the use of 

infor i : : 1 
mation and social science tools to improve the recognition, interpretation and 

processi sa? i icu nti u ns involve th 

essing of opinions and feelings. In partic lar, Sentic calculations 1 olve the use 

elligence and semantic web - 

r solving such problems as 

s - for discursive analysis and pragmatics; >) 

to represent knowledge and 

of methods of artificial int 
processing graphs and 

thei eir output; mathematics - fo 

lower; ; Legs 

wering the dimension; linguistic 

modeling; sociology - for understanding 

Psychology - for cognitive and emotional 

| influence; and finally ethics - to 

th . 
. 

e dynamics of social networks and socia 

of the mind and create emotional machines. 

Understand the nature 
nly at the level of whole pages 

yzing documents 
not 0 

"S$ 
. 

entic-calcula
tions" allow anal 

ences, which allows u 

a 
Nd texts, but also at the level of sent 

s to evaluate texts at a 

hj 

igher level of detail. 

enticNet data in machine-readable 
form, which is easy to 

the data is ence 

"Jove" concept can be found on the 

In order to present S 

Process by computer programs, 
ded into RDF triplets using XML 

Syntax. An example of an XML 

Project website at the following link. 

ication process, 

d link it to 4 set 

file for the 

For example, 

then SenticNet will r 

of semantically related concepts, for 

‘f the concept of "birthday" is 

efer it to the concept 

e Neountered during the app! 

(0) . 

fa high level of "event" an 
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example " Wott: 
. 

, "sweet", "friendly surprise" or "clown" (which can be used as a source of 

additi onal / contextual information to improve search results). 

SenticN et also associates each concept with a "sentic-vector" with numerical 

value 
. we 

S such as Pleasantness, Attention, Sensitivity and Aptitude, as well as the 

tonali lity value (for tasks such as the analysis of the tonality of the text), the main and 

y related concepts, for example, 
additi ditional mood, as well as a set of emotionall 

e key of the text). "h . i , 

Nene or "special case" (for tasks such as determining th 

yone can freely download SenticNet 2 from the official site. 

Supervised machine learning 

In our time, the most frequently used methods in research are methods based 

on : . . 

. . 

machine learning with the teacher. The essence of such methods is that in the first 

Sta 
; 

ge the machine classifier is taught (for example, Baye 

e analysis of new docume 

sian) on pre-marked texts, 

a 
nd then use the obtained model in th 

nts. We describe a 

brief algorithm: 
on the basis of which the machine 

~ first, a collection of documents is collected, 

classifier is trained; 

~ each document is decomposed a pects), on which it will 
5 a vector of signs (as 

be explored; cument, 
of key for each do 

m and a method for classifier ~ indicates the correct type 

ification algorith 

~ a choice is made of the class 

training; ine the tonality of the documents of the 

~ the received model is used to determ 

new collection. 

machine learning s that are more common in 
Unsupervised 

At the heart of this 4 

thi 
S text and at the same time are 

idea that term 

pproach is the 
4 small number of . texts throu 

present in 
ghout the 
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collecti lection have the greatest weight in the te 

determini i mining their tonality, we can conclude that the tonalit 

xt. Selecting these terms, and then 

y of the entire text. 

Criteria 
i Lexicon-based Machine learning 

Domain — 
Independent 

Dependent 

assification approa i 
pproach Unsupervised 

Supervised 

Require prior training No 
Yes 

po Adaptive learning No Yes 

Time of result 
Fast 

Slow 

generation 

Maintenance 
Need 

Do not require 

maintenance of maintenance 

pe 
corpus 

pS Accuracy 
low high then lexicon 

| 

Table 3: Lexicon-based vs. Machine learning 

A method based on graph models 

This method is b 

th e document are equivalen 

t ; 
he tonality of the text. Using t 

Several stages: 

— thecon 

ased on the assumptio 

struction of a graph 

t. Some words have 

his method, the analysi 

_ ranking of its vertices, 

— classification
 of fo 

culation of the result. 
~ cal 

und words; 
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n that not all words in the text body of 

more weight and more influence on 

s of the tonality is divided into 

on the basis of the text under study; 



More detai etails on poi points 1 and 2 can be found in the work "Extracting t erms from 

Russi i ian texts using graph models" by D. Ustalov [18] 

Senument 

Hybrid - this approach ¢ ombines all or sever 

ssifiers on their basis 

4 Decision Tree 

-+| Supemsed Leaming f- Classifiers 

|| _ unest Support Vector Machines 

Ctassifiers 

3 ees Leammg 
Rule 

Approach - 
> cin nig Neve Bayes 

L,| Probabiistc 

Classifiers 
Bayesian Network 

Maximum Entropy 

Lol Unsupervised 
Learung 

Dxctonary-based 

Approach 

Lexicon besed 

Approach Sansacal | 

Corpus based 

Approach 

| Semantic 

Figure 1: Methods 

al of the principles discussed 

in a certain sequence. It is 

abo 
th ve and consists in applying the cla 

e or 
; 

combination 
of machine 

learning and jexicon-based 
approach. 

|__ Methods 
Features 

Pros 
Cons | 

| 

Machine Term presence the ability to the low 

Learning 
and frequency 

adapt and create applicability to 

(Bayesian 
trained models new data beca 

Networks, 
Part of speech 

for specific 
use 

Naive Bayes information 
purposes and it is necessary the 

es 
| 
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Classification, Negations contexts availability of 

Maximum _ labeled data that 

Entropy, Opinion words could be costly 

Neural and phrases or even 

Networks, 
prohibitive 

SVM) | 

Lexicon based Manual wider term finite number of 

(Dictionary based | —_ construction, coverage words in the 

approach, 
lexicons and the 

Novel Machine Corpus 
assignation ofa 

Learning - fixed sentiment 

Approach based orientation and 

Corpus based Dictionary 
score to words | 

approach, - 

Ensemble based 

Approaches) 

——— 

Table 4: Pros and Cons of Methods 

ach more powerful than lexicon-based. 
Big cons 

As you see machine learning appro oo. 

eed to construct our dictionary manually. For 

Of lexicon- ch that we n on-based approa set bigger than 10k, but here also we need to 

machine learning we need just training 

“onstruct training set manually (Table 4). 
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Chapter 3. Word embedding 

3.1 Bag of Words 

The si sy simplest model of the text "bag-of-words" is a summative unity (not 

em) of text words composing. 
- 

The main object of the bag of wo 

attribute , the frequency of occurrence of the w 

rd model is a word equipped with a single 

ord. In the "bag of word" text model 

nly th b € num 
i j 

er of occurrences of specific words in the source text is taken into 

ace . 
ount, while ignoring: 

~ t 

. 

he order of words in the document 

ntation of words 

~ morphological forms of the represe 

n 1975 by J. Salton, and is currently one 

The bag of word model was proposed 1 

of th € mo 
inguisti Iv 

st common in a wide variety of areas of linguistic research and services ? 

us ually as a basi 
. on 

" 

asis for more complex, primarily vector test models”. 

Freque
ncy model of the text 

"bag of word" model set, some "weight" may be indicated. 

weight pairs. In thi 

Methods for determ 

For each word in the 5 case, weights can be 

Thus 
ass; , the text model is a set of word- 

i 

a 

8ned to words or the basics of words. 
ining the weight of 

Words: 
n is BI, from binary). Only the 

The binary method (the common notatio 

erms in the document is determined. It is used 

Presence or absence of certain t 

for logical information retrieval and automatic classification of texts by 

methods of neural network classifiers ART 
and SOM 

umes disproportionate 

e document). Ass 
(words in th 

_ more weigh 

fferent lengths 

words in them; 

nt (TF - term frequency 

wrrence to the total number 

~ N umber of occurrences t will receive more 

evaluation for texts of di 

more 

n the docume 
Vv 

; 
Oluminous texts, since there are ). The 

nce of a word ! 

5 the ratio of 

~ F requency of occurre 

frequency is calculated 4 
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rds in the text. With relative simplicity, this characteristic provides an 

accept 
i i 

ptable result for methods of information retrieval and classification 

4 
(assuming disproportionate evaluation for texts of different lengths - long 

cuments are underestimated, since they contain more words and mean 

frequency of words in the text below). 

frequency (LOGTF). The weight of the 

- Logarithm of word occurrence 

), where TF is the frequency of the term. 

incoming text is defined as 1 + log (TF 

Using a logarithmic scale allows the m 

s of different volumes. 

ocuments (IDF - inverse docum: 

the frequency with which the te 

odel to be more resistant to the 

re-evaluation of text 
ent frequency). The 

~ The reverse frequency of d 
rm appears in the 

parameter is the inversion of 

documents. 
arning based on texts" as one of the main 

A bag of words is used in "machine le 

Objects of study. 

It starts from the stove, that is, from the statement of the task. Where does the 

om? By itself, emb 
Ww ord embedding itself come ff 

edding is the mapping of an 

ce of a picture) to a certain 

arbj rbitrary entity (for example, a node in a graph or a ple 

vector (Figure 2). 
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Camera 

porpoise 

rd Embedding Figure 2: Wo 

computer that must somehow work with 

Here we have words and there is 4 

computer work with words? After all, the 

e words. The question is, how will the 

d in general is structured differently than 

Computer does not know how to read, an 

ind is simply to encode words in numbers in 

productive in its simpli 

ds without fear of problems. (For a 

-bit word you can 

Man 

. The very first idea that comes to Mm 
city - the natural 

the . 
order in the dictionary. The idea is very 

all wor 

especially since in a 64 

the number of all the 

Serie . 

S is endless and you can renumber 

Sec 

. . 

Ond we forget about type restrictions, 

_ 1, which js much larger than 

dea has a significant dr 

g a word, you need to 

u 
Push numbers from 0 to 2°64 awback: words in the 

Ww 
Ords of all known languages-) But this i 

and when addin 

w. But even this is not so important, and more 

Ten 

umber the majority of words 4 n° 
a word is not related to its meaning (this 

im 
: 

, Portantly, the alphabetic writing of 

Ypothesis was expressed already by the late loth century by the famous linguist 

" "chicken" and "chicken" have 

Ferd: 
" 

rdinand de Saussure). In fact the words rooster » 
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very little i , in common with each other and stand in the dictionary far apart, although 

they cl . 
y clearly designate the male, female and calf of one kind of bird. That is, we can 

distingui 1 
* at 

. 

guish two types of proximity of words: lexical and semantic. As we see in the 

example 
. ous . 

ple of a chicken, these intimations do not necessarily coincide. For clarity, it is 

Possib] 
; 

e to give a reverse example of lexically close but semantically distant words - 

"ash" " " 

and "gold." (If you have never thought about it, the name Cinderella comes 

from the first.) 

ble to imagine the semantic closeness, it was suggested to use 

h the word with a certain vector 
In order to be a 

that reflects its meaning embeda; , 
: bedding, that is, to mate 

i n the "space of meanings". 

What's the easiest way 

he length of our dictionary and 

umber of the word in the dictionary. This approach is 

). ONE still does not hav 

to get a vector out of a word? It seems that it will be 

Na tural to take the vector of t 
put only one unit in the 

Position corresponding to the n 

c alled one-hot encoding (ONE 
e the semantic proximity 

Properties (Figure 3): 

6010000) AND 
motel [oo 00 000°F 

500000] 
= O 

hotel poo go 90 001° 

Figure 3: One hot V 

converting words to ve 

ector 

ctors, but ONE is 

So we need to find another way of 

Still usefy]. 

Let's go back a bit - the meaning of one word to us may or may not be so 

lMportant, because speech (both oral and written) consists of sets of words, which we 

mehow present the texts, then we'll take the ONE vector 

we will simply Cal 
I texts. So if we want to so 

of 
€ach word in the text and p 

c 
alculate the number of differen 

hose. at the output, 

ut it together. 
T 

ext in one yector. This approach is 

t words in the t 
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called a "bag of words" (BoW), because we lose all information about the relative 

position of words inside the text (Figure 4). 

Bag-of-words document 

representation 
0 | learning 

3 | journal 

- 
2 | intelligence 

Journal of Artificial Intelligene 
0 text 

0 agent 

JAR is arefereed journal cov 
1 internet 

ef Arifeial Intel 
0 webwatcher 

free of charge oy 
0 perlS 

of the joumsTis also published by Morgan 

Routman 

1 | volume 

Se 
_— 

Figure 4: Bag-of-Words 
Representation 

o 

3.2 Word2Vec d still are) good for times (or 

above have been (an 

mall and the diction 

fficulties there. But w 

oth more complicated and simpler: a 

The approaches described 

areas) where the number of texts iS S 
ary is limited, although, as 

ith the advent of the 

We have seen, there also have their di 

Internet in our life, everything has become b 

Seat number of texts appea! ed 

“Xpanding dictionary: With this it wa 

and these texts with a changing and 

9 something, and previously



dels 
i 

English i 5 
ay: 

very roughly one million - the matrix of joint occurrences of only a pair of pair o 

or 

of comput er 
: 

puters, but, let's say, 10 years ago it was possible not to dream of such a thin fey 
oS: 

Of cours e, many methods were invented, simplifying or parallelizing the processi Ing 

of such matrices, but all these were palliative methods. 

happens, the way out was suggested on the principle "he 
And then, as often 

Namely, in 2013, then very few well-known Czech 
W ho prevents us, he will help us!" 

proposed his approach to word embedding, which 

sed on another important hypothesis, which in 

"words that occur in identical environments 

graduate student Tomas Mikolov 

he called word2vec. His approach is ba 

Science j nce is called the locality hypothesis - 

this case is un 

stand side by side. For example, for us the have tm] . 
similar meanings." Proximity in derstood very broadly, like the 

fact that only a combination of words can 

Phrase "alar | We “a 
" 

" 

m clock" is familiar. And we can not say clock orange" - these words do 

as Mikolov proposed a new approach 

not ¢ 
ombine. Based on this hypothesis, Tom 

mation, but rather won. 

thod and is fairly simple in imple - 

mings. When comparing two vectors, 

that d; 
t did not suffer from large amounts of infor 

The first approach is a fairly common me 

Men 

tations, but it is not excluded from shortco 

portant information. One of these 

the 
exact match of words is used, and we lose im 

mantics of the wor 

"dark", sinc 
"mi ": 

Issed" information 1S the se 
d. For example, we can easily 

rep] 

Place the word "black" with th 

Su Ch words can be called - semant 

e word 
e their meaning is very similar. 

ic similar words. A group of such words includes 

etc. 

will try t0 replace each word in the list with the 
N 
ynonyms, hyponyms, hyperonisms, 

ive approach, we 
ing like a "bag of words," but 

we get somethin 

¢ technology fro 

In an alternat 

Nu 
mber of its semantic grouP- In the end, 

Word2Ve 

m Google is used (Table 

Wit 
5) h a deeper meaning. For this, 
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J Words 
Measures | 

| France 
0,6056 | 

_ London 
0,4935 

J England 
0,4893 

: 

Le Amsterdam 
0,4632 

| 

Le Barcelona 
0,4574 

| 

A Madrid 
0,4487 

| 

A Moscow fT 
0,4288 

| 

A Singapore | PC 
66 | 

Washington _ CO 
| 

MN Astana EE 
| 

word "Paris" 

Table 5: Semantic group of 

semantics of natural lan 

r representati
on of W ’ tie is a software tool for analyzing the : 

guages, which 

Words oe 
that is based on distributive 

semantics 
and vector 

- [his tool was developed by a group of Google researchers 10 2013. The work 

works on Facebook). 

e . 

project was headed by e arrays of textual 

Wor d2Ver ; 
Vec is sharpened for statistical P 

infor 
mati 

. . 

tion. W2V 
collects statistics on the JO 

¢ words in phrases, after 

reducing the dimension 

ally reflect the 

int occur
rence oO 

Which 

the methods of neural networks solve the problem of 

ch maxim 

ns of words, whi 
and o; 

Sv 

; 

€s out compact vector representatlo 
texts. 

) for calculati 
ng vector representations

 
'Slationch: 

Onship of these words in the processed 

Bag of Words (CBOW) 

Word2Vec is a tool (a set of algorithms 

of 
Word 

. 

. 

; 
_ Continuous 

S, implements 
two main architectures 

Con 
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ft t, t t 1 W TS 

(Figure 5). 

7 

rN 

e. 

walked 

® -. 

®& 

7 
an woman 

_—— 

ing 
“he .. 

O , 
swam 

*@ 
walking 

(9) 

queen 

a 

— 

O 
—s 

swimming 

Male-Female 
Verb tense 

Figure 5: Words in one semantic group 

Principle of operation: 
ontexts of words according to the 

ns between the Cc 

e in similar context 

the task is to maxi 

t of vectors) that appear side by side, and 

ectors that do not appear next to each 

Finding connectio 
s tend to mean similar things; be 

assu : 
mption that words that ar 

mize the cosine proximi imity 

se : 

Mantically close. More formally, 

bet Ww een the word vectors (scalar produc 

Minin; 
mize the cosine proximity between word V 

Othe 
r. Next to each other in this c 

e contexts. 

ase means in clos 

p" are often found in similar 

ysis” and "researc 

zed the algorith 

hese contexts and c 

" Word2vec 
analyzes ¢ 

e similar in meaning. Since word2vec 
makes 

the words "anal ms" or "Scientists have 

oncludes that the 
For example, 

Con 

texts, such as "Scjentists 
have analy: 

studi 
died the algorithms. 

Word " 
Ss "analysis" and "research" ar 
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be quit e adequate. For ; example, if train word2vec on a collection of 10,000 ’ small 

finished e mod | i 1 W 
us 

, the following list of ords closest in meaning - Italy A tral a 
p) i 3 

Nether] ands, Portu F I , gal, France. ing is qui 
stats 

e. That is, everything 1s quite clear, except, perhaps 

O 
1 n the basis of the above, we ¢@ 

word2 vec model of good quality, 4 larg 

n conclude that for the learning of the 

e, large case is needed. Wikipedia, for 

example. is quj ple, is quite suitable. 

Word2 Vec can be perfectly applied for various tasks of natural language 

Process; essing , such as: 
rinciple of their semantic intimacy 

- clustering words according to the p 
ty of words (for example, what is 

he semantic proximi 
- identifying t 

ser to the word cat -t 

semantically clo 
o food or to space pirates) 

- for sentiment analysis 

3 .2.1 How does it all work? 

. T 
. 

i 

he body is read an d the occurrence of each word in the case is calculated (that 

is , the number of times the W ord was encountered
 in the case - and so for each 

word) rds are stored in a hash table), 

~ T 
he array of words 

is sorted by frequency 
(wo 

apaks) 

Binary Tree is often used to 

utational and temporal 

are also called h 

ed. The Huffman 

e comp 

an d rare words are deleted (they 

is being construct 

_ this greatl 
A Huffman tree 

y reduces th 

encode a dictionary 

e and sub-sampling 
of the 

asic element of the hull, 
rithm. 

d the so-called. 

A sub-proposal is 2 

Complexity of the algo 

From the body is re4 

m ost frequent words. 

sub-senten¢
 

certain b 
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S 
n 3 

9 nN an 

word ne . oe ee ane
 "P the learning process of the algorithm 

Unde. the sui significant increase In the quality of the resulting model. 

specified b proposal, we go through the window (the window size is 

y the algorithm as a parameter). In this case, the window is the 

icted word in the sentence. 

max imum distance between the current and pred 

‘ndow is three, then the analysis (that is, the application of 

That is, if the wi 

ne of the CBOW or Skip-gram architectures) for the 

will pass inside the block in three 

kz," etc. The default window 

algorithms based on 0 

sentence "I sell my house on krisha.kz" 

Ww 
" 

ords - for "I sell my" "sell my house on krisha. 

alue is ten. 
i 
S five, the recommended 

v 

ork with a hierarchical 

- A Feedforward Neural Netw 
softmax activation function 

an : i 
d/ or negative sampling is used. Hierarchical softmax behaves better when 

ency words, but it works slower, negative 

worki : orking with not very frequ 
es word vectors of small 

sampling works better with frequency words and lov 

dimensions (say 50-1 00), but faster. 

3.2.2 T 4 Lypes . ming algorithms: CBOW 
(Continuous Bag 

In word2vec, ther g of words" a model 

of Ww Ords) and Skip-gram. CBOW is 
ext surrounding it. The 

d “posed on the cont 

Archit e€ cture that predicts the current wor 
it uses the current word to 

e works 

g it. User 

differently: 

word2vec has the ability to switch and 
“ 

“gram type of architectur 

ipate the words surroundin not affect the result in 

Of these algorithms. 
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q INPUT PROJECTION OUTPUT 

4a 
. 

> wie 
ect 

CBOW 
Skip-gram 

Figure 6: C BOW and Skip-gam algorithms 

-gram are neural network architectures that 

data and "remembers" the word 

BOW) - the usual model of a bag of words, taking 

rs of the term (t 

unt the order of th 

n, where the eleme 

Continuous Bag of Words (C 

Into 
: 

account the four closest neighbo 

he two previous and two 

Sub 
. 

Sequent words) without taking into acc© 
e sequence: 

nts are at a distance 

uence of length 

er. For example, 

On . 

. 

krisha.kz”. For this sentence, |-skip-2-°4™ 
n "on krisha.kz

 

Sel]" on 
I", "sell my", "my house", “house on , 

» _ that is, Skip one (1-skip) word, 

a bigram (2-gram). 

ters are optimal? 

k-skip-n-gram is 4 S¢q “I sell my house 
given the sentence 

will look like a set of bigrams ("I 

") plus the following 

Of n 
© more than k from each oth 

we make



- CBO W works faster, but Skip-gram works better, especially for 

relatively rare words 

- Hi : 
: 

. 

ierarchical softmax is well suited for creating a better model of 

relatively rare words, negative sampling is better for modeling more 

frequency words. 
improves performance. Recommended 

- The use of sub-sampling 

le-3 to le-5 
sub-sampling parameter from 

r, the better (though not always, it depends 

- The size of the vector is large 

on the body) 

- The size of the window - for Skip 
ut 10, for 

-gram the optimal size is abo 

CBOW - around 5 

H 
. 

. 

ow all the same it is better to train word2vec? 

r of word2vec, if anything) believes that 

Comrade Mikolov himself (the invento 

e text ¢ 

faster and slightly 

texts (less than one 

ores (one hundred million, one 

the 
BOW model is better suited for larg better with more 

bill; 10n 
words or more), because it works 

for small shells of 

fre 
que 

hing Ncy words, and Skip-gram is better 

n ; 
red million words), since it better takes into account rare words and works 

Slower 

3.3 Fasttext library 
2016 as an extension 

The FastText model wa 
by Facebook in 

s first introd
uced 

_ Based on the original 

and 5 

upposedly improvement of the vanilla Ww 
-on’ by Mikolov et al. 

Paper tj 
ltled ‘Enriching Word Vectors with 

Whi Ch j 
. 

iS an excellent read to gain an in-depth



Recent state-of-the-art English word vectors. 

Word vectors for 157 languages trained on Wikipedia and Crawl. 

- Models for language identification and various supervised tasks. 

| For Kazakh language they collected 34 million tokens from Wikipedia and 196 

million tokens from Common Crawl after dedup! 

le size is 4.5GB. Used CBOW as ana 

ned only on Wikipedia dumps using 

SNE algorithm (Figure 7). 

ication and tokenization. Binary file 

size j e is 7.2GB and vector fi 
Igorithm for learning. 

Als 
0, they have vector files which 1s trai 

Skip- 
; 

ip-gram model. Here we displayed our vector using t- 
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Chapter 4. Practical part 

4.1 Neural Network 

Neural networks are one of the areas of research in the field of artificial 

intelligen ce , based on attempts to reproduce the human nervous system. Namely: the 

ability of th e nervous system to learn and correct mistakes, which should allow 

Simul : . 

ating, albeit roughly enough, the work 0 

T he class of tasks that can be solved with 

how the network works and how it learns. At work, t 

s the values of the output variables. Thus, the 

ou have certain known i 

is not yet known. Here, example of 

f the human brain (Figure 8). 

a neural network is determined by 

he neural network takes the 

Values : of the input variables and output 

Netw ork 
. . 

can be used in a situation where Y¥ 
nformation, and 

an 
. 

. 
. 

t from it to get some information that 

Some tasks: k is the distribution of objects 

fa neural networ 

on-overlapping cla 

values. In such pro 

- Classification. The task oO 

over several pre-established n 

pecific numerical 

of a variable tha 

sses. 

blems, it is required 

- Prediction of s 
t takes continuous numerical values: 

r lot, the stock price, the value of 
to predict the value 

the outcome of elections 
for 4 particula 

the rating policy, etc. 
sional statistical procedure that collects 

sa multidimen of objects, and then 

ups. The task of 

a wide class of 

- Cluster analysis 1 

data containing 
info 

ut a selection 

rmation abo 

mogeneous gro 

elatively bo 
5 well as to 

arranges objects into 
al processing, a 

fers to statistic 
clustering re 

hout a teacher. k, let's take a look 

learning tasks wit 

7 

N 

at its 

Ow, to understand how fn 

COm 
Po nents and their parameters- 
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al neural network and is an 

al unit of an artificl 

artificial neuron 1S 4 structur: 

anal 
0g of a biological neuron. 

the artificial neuron is the adder of all 

Fr 
. . . 

om the mathematical point of view, 
e simple, in general, 

incom; : 

ing signals, applying t© the resulting 

througho 

The result 1 

weighted sum som 

ut the domain of 

s sent to 4 single output. 

definition. Usually, 

onli Ine . . . 

ar function that 1s continuous 

thi § funct: n 
. 

. 

Ction increases monotonically. 
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Artifici 
; 

ificial neurons (hereinafter neurons) are combined in a certain way, forming 
> 

an artifici 
; 

ficial neural network. Each neuron 1s characterized by its current state by 

an : alogy with the nerve cells of the brain, which can be excited or hindered. 

artificial neuron has a group of synapses - unidirectional input connections 

conn ected to the outputs of other neurons, and also has an axon-output connection of 

a gi 
; ; 

given neuron, with which the signal enters the synap 

terized by the magnitude of the s 

ent of the electrical conducti 

ses of the following neurons. 

Each synapse is charac 
ynaptic connection or 

its wej ; a: ; 
; 

weight wi, which is the equival 
vity of biological 

neurons. 

4.2 RNN 

Recurrent neural network (RNN) is a kind of neural networks where the links 

This makes it possible to 

(Figure 9). Unlike multilayer 
Petween elements form a directed sequence. 

process a series 

of events in time or successive spatial chains 

use their internal 

RNN are applicable 

for example: hand 

ifferent architectura 

the most common network has 

memory to process sequences 

Per 
Ceptrons, recurrent networks can 

Of arh: 

. 

arbitrary length. Therefore, networks 
in such problems, where 

SO . . 

Mething integral is divided into segments, 

posed many d 

plex. Recently, 

writing recognition or 

shee * 
1] solutions for 

ch recognition. It was PF° 

Tee 

urrent networks from simple to com 
| 

drecurrent unit (GRU). 

a] 
Ong-term and short-term memory 

(LSTM 
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A 

rk contain loops 

ecurrent networks began. John Hopfield in 

ystem for storing and 

Figure 9: Recurrent Neural Netwo 

In th 
198 py e 1980s, the development of r 

Opo sed the Hopfield Network. in 1993, the neural s 

C 

*mpressing histori orical data was able to solve the problem of "very deep learning", in 

Whi 
Ch more than 1000 consecutive layers u 

e elements of recurrent 

s and constructiv
 

Th ere a 
ae 

re many varieties, solution 

Ne ura] Networks 

The dj if; ficulty of the recurrent netwo 
ke into account each step 

Of +: e | 
» It be comes necessary for each ste 

rk is that if you ta 

ddition, multilayered 

ly disappear OF scale 

the resulting 

e the 

Ne Uro 
Ns : 

> whi 

. 
: 

ch causes serious computationa 
ince they usual 

le, sin 

on to 4 ‘xed time window, 

ches try to improv 

pifferent approa 

of memorization
 and forgetting 

im Ple 
Mentati tions are computationally 

unstab 

Off th 
© we; 

eights. If you limit the calculati 

Mog e] . 
my S will not refl 

0 
eflect long-term 

trends. 

d the mechanism de] 

(Figy, of historical memory 4” 
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Figure 10: Recurrent Neural Network in th 

me information 

s very short. Since each ti 

al, after 5 
But the memory realized in this way i 

n a new sign 

re 11). 

in 
y is mixed with information | 

-7 iterations the 

informat; 
Mation j on is completely overwritten (Figu 

Figure | 1: 

In 
theory, problems with the 

Sho 
Uld n 

ot be. A person can gently pi 
ks 

Of th; 

this type. Unfortunately, in prac 

ara 

Meters. Th; 
rs. This problem was investigated in af 

Shug 

Bengio (co-authors) (1994): HeY foun 
e diffu) 
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4.3 LSTM 

To ove rcome the flaw wi 
with memory, the L 

, STM-RNN_ netw ork (Long 

Short-T. -lerm Memory R y Recurrent Neur al Network) was inv ented, in which additi 
? 

itional 

internal transfo rmations wer e added which o perate with memory m : 
ore cautiously 

(Figure 12), 

© ® 
— 

f &) 

I TT
 

ft 

A i 

ae 
a 

, 

d of architecture
 of 

Lon 

& short-term memory (LSTM) is 4 kin 

0) Nvent: 
Ntion 

Can be al computer can do, which re 

cons] 

STM n nsidered as a program. Unlike 

etw 
. 

ork is well suited to learnin 

Dreqi 
icting +; 

gt 
oo 

me series in cases where important 
events ar 

 amunity 
[0 

dj 

og 
Otiny: ' linuities gi 

de 
ves LSTM an ad 

ining me 

53



in 2009 j n the handwriti riting recognition competition (ICDAR). LST . M networks a re 

also use 
ele 

5 

In 

k 3 

. % 

in the ta sk of recognizi ognizing phonem es on the classical bod y of natural speech T IMIT. 

4.4 Libraries 

Keras j is a high-level neural network s API, written in Python. As a backend 

TK, or Theano. Keras is good library for 

you c 
an run Keras on top of TensorFlow, CN 

you create model 

| API. Main principle iS 

NN and RNN networks and can run 

ur program on GPU if 

dee 
p learnj in g programs and have high-leve 

and ad 

d to thi is model your layers. It supports C 

both Iso, you can run yo 

Sequential model and LSTM layer 

rd embedding and you can 

Of th em j : 

You want. | in various combinations. 
A 

. n m 
. 

y sentiment analysis program J use 

for N 

eural N et work. Keras have Embedding layer for wo 

ad eveloped d your v e i ctor file weights to this layer. 

ftware 

struction and fr 

ach 

nt of Google's 

d for Python, 

machine learning 4 

ks with the purpose 

y of human 

library fo 

aining '@S 

ieving the qualit 

own products. 

Te nsor Flow is an open source S° 

YG 
Ogle 

of to solve neural network con 

g images, 

d developme 
ente 

Ato 
Mati 

Teption ically finding and classifyin 

- [1] It is used for research an there are also 

| e Main AP] fj 

or working with the library 1S implem 

Ih 

entati 
tations for C ++, Haskell, Java, 

project 

nd Swift. 

i tBelief. 
Initially,

 TensorF
low was 

2015 the system 

It j 
Sa . 

Continuation of the closed 
Dis 

n Google, 
Ve 

W ped by th 
ag 

e Google Brain team for interna 

en licens 

de use 

ansfe
r 

red to free access with the op 

jibrary 
for 

| NumPy 
library (written 

Pa ndas | 
as is a high-level python 

the jower-leve hij Sh.| eve] 
, because it is built on top of 
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which is a bj 
bi g plus in performance. In the Python ecosystem, pandas is the most 

d analysis. advanced a 
. . 

nd fast-growing library for data processing an 

ore precisely, the thematic 
Gensim i P for modeling. M im is a Python library for ling. 

O 

eople engaged in natural langua 
Target audi udience - p 

LP are implemented. For 

im popular algorithms of N the IR co 
mmunity. In Gens 

an use multiple cores. 
xample, word? 

vec. Most implementations 
of algorithms ¢ 

00 dimension vector file. 

rary for Natural Langua 
Gensim I use for reading 3 
N . . 

LTK - it is the powerful lib 

Man Y datas 

texts ets, stemmer, tools for lemmatizat
ion and bun 

ge Processing. It contains 

ch of functions for with 

ibrary for working mostly with matrix. Matrix 

Nu a 
mPy it is the open-source | 

brary do this ver 
pli . 

. . 

Popul cation and other stuff. This |i y fast, that why Jt 1S Wo? 

War j 
in data science community. 

Capabilities: 

- support for multidimensiona 

~ Support for high-level mathe 

ta from HTML/
XML tags. 

multidimensional arrays. 
for cleaning da | the basic 

implemented
 al 

Beant; 
eautiful Soup library mostly used 

rary where 
Sci . 

. 

kit-Learn it is open source’ lib 

leorj rit 
hms of machine learning. 

4, 
e 4. Training Data 

| Jangua 

At th 

natural 34 

€ mom 
very few studies 

ent there ar y 
earches from Nazarbayev 

University 

siV res then, I came UP with that 
Or th 

ek 

7 

azakh language
. ! found imp e 

Spell Checker
 and ete. 

akh Languag
e: a bout Kay 

akh Language Corpus: 
nt analys!s Nob 

dy m ade research about sentime 
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Main pr i 7 problem with this research that you should have a huge amount of data 

(>100 
mi . ili on tokens) for word embedding and marked training data (>10k). First, I 

tried toc reate 
. . . 

my own corpus by parsing Wikipedia articles and get about 21 million 

tokens but it j 
, dU t it is not enough for word embedding. Then, I read Facebook 

4]. They created word vectors for 

wl resources. Used CBOW as 

developers 

Paper “TE : 

157 earning Word Vectors for 157 Languages” [ 

an guages trained on Wikipedia and Common Cra 

an agloor; 
gorith 

. 
m for learning. Also, they have vector files which is trained only on 

Wikined; kipedia dumps using Skip-gram model. 

Online tool I pars 

4 Million w 

t.kz and etc. Totall 

ords. Then, I cleaned text from HTML tags and do other preprocessing 

‘ze from NLTK library. 

ed several news sites in the 

T 
hen, using Sketch Engine 

y, I collected about 

ntence negative -1, positive 1, 

The n, | 
marked each sentence with a number. If se 

entences and get ~10k neutral, 5993 

Neutral 0 
- Totally, I marked more than 20k s 

Ive “: 
» 4422 positive sentences (Figure 13). 

1 Seng 

2) ntiment text 
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As you S . . 

e 
oo 

e in Figure 15. MultinomialNB and BernoulliNB algorithms show best 

results. Let? ; 
t’s show confusion matrix for this algorithms (Figure 16, 17). 
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Conclusion 
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