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AHJIATTIA

Kasipri yakeiTTa, op6ip anaM KyHAeNiKTi eMipiHAE, OHBI MYJIIEM aHFapMaca Ja,
»KacaHObl WHTEJUIEKTTI KOJAAHBIM >Yp. Bi3 OHBI Ke3-KeJreH XXepae, WHTEpHEeTTeri
i3neynen 6actan, A HYKTeciHeH B HykTeciHe AeHiHr1 XKbliiaM OareITThl Tabyra neiiH
KonnaHambis. CoHrFbl 10 xpln  ilmiHAe KacaHIbl MHTEJIEKT CajlaChlHAAFb
Garmapnamanap »aHa ThiHbic angel. Kemreren 3eprreynep XX racwipna
XYprizinreHMeH, ol Ke3Je YJIKeH aKmnaparTapiblH XHHarbl O0NMaraHIBIKTaH oJapbl
Ayphic aFdaifiza KojijaHa anmanel. bBipak Kasip AyHue Ky3iHae onmekannaaii
NepeKTep JKMHAIFAHIBIKTAH HAKTHl TanchipMaHBl OpPBIHIAWTEIH QMICI3 KacaHMbI
uHTennexTTi (weak Al) OKBITHIT jxacayra Gomamel. Onci3 JKH-TiH XaKChl MbICabl -
Apple Siri xone Google Assistant. OHBIH MakcaTbl - HaKTbl alaMJapMeH
oHrimenecyni konmay (Question & Answering). CoHbIMEH KaTap, MOTiHHIH
TOHAJNBLINBIFBIH aHBIKTAy, MalIMHAIBIK ayJapMachbiH Taby >XOoHe ceHieyni TaHy
CMSKTBI TanceipManap TabuFu Tinmi eHpeyniH Oacka na MiHgeTTepi Gonbin
Tabbutafpl,

MaTiHHIH TOHANABIFBIH AHBIKTAy KeNTereH naiaanaHybllapel TYCiHY yIUiH
Naknanaxsiiansl, Gipak KOHUI-KYii Tangay YIliH KochIMLIanap IIEKCi3. ONeyMeTTiK
Keninep men VOC (TYThIHYIIBIHBIH JaybIChl) TYTHIHYIIBUIAPFa Kkepi GaiinaHsic,

CayamHama jkayanmTapbl, OoceKenecTep MOHHTODHMHTiHAE JXoHE T.6. 3aTTapmsl

Kalarajnay ymid naiiganaHbliasl. JlerenMeH, O iCKepIIK aHATMTHKaAa >OHeE

MITiHre Tanpayasl KaeT eTETiH XKaFaainapaa KoaaHy YIIiH A€ maiaanel. OHIMHIH

Canackiy apTThipy, KIMEHTTEpre KbI3MET KOpCETY/i XKaKCapTy, AaF1aphICThl backapy

CUSIKTEI cananapza.

Byl muccepTalMsIbIK JKYMBICTa Ka3ak tiniggeri MOTIHHIH 3MOLIMOHANIIBIK

TOHANALIFBIH aHBIKTAY OaraapiiaMachiH Kypy X¥
MOTiHgi kasak TiniHge GepeMi3 KOHE Of THICIHIIE TEPIC HEMECE XArbiMIb! TypAe

MbICHl TYCiHaipineni. barnapnamara

Kayan Gepyi kepex.



AHHOTALIUA

B Haie BpeMs Kaxx/blif yenoBeKk B CBO€ii MOBCEAHEBHOM XHU3HU CTalKHBaeTcs
C HCKYCCTBEHHBIM MHTEJUIEKTOM JAaxe 3TOro He 3aMe4das. Mbl HCNONb3yeM €ro
OykBajbHO Be3Je HauyMHasd C MOHWCKA B HHTEPHETE U 3aKaHYMBasg MPOJIOKEHHEM
ObicTporo mapupyta ¢ Toukd A o Touku b. 3a mocnenuue 10 ner, paspabotku B
cdepe UCKYCCTBEHHOrO MHTEJJIEKTA MpUoOpeNd HOBOe AblxaHHe. Tak Kak MHOrHe
MccienoBaHus ObUIM cAeaHbl elle B XX Beke, HO HE ObUIM UCIOJIB30BaHbl B HY)XHOM
Ielle Tak Kak He XBaraJjio 6osbiioro oobema naHHeix. Ho ceiiuac B Mupe cobpanoce
OYeHb MHOrO JAHHBIX, Ha KOTOPbIX MOXXHO 00ydaTb W CO31aBaTb TaK Ha3blBaeMbIi
cnabwlii  yckyccTBeHHbIM HHTennekt (weak Al) KOTOpBIH BBIMOJNHAET OOHY
KOHKpeTHYI0 3ajadyy. XopowmM mnpumepoMm ciaboro MU ssnsercs Apple Siri u
Google Assistant. 3agaua KOTOPBIX SBJSETCs MOAAEPXKa Oecelbl € pealbHBIMH
monemu (Question & Answering). Hapsny ¢ 3TuM B 00paboTKke €CTECTBEHHOrO
A3bIKa €CTh M ApYrie 3aJauy KaK aHali3 TOHAJIbHOCTH TEKCTa, MALIMHHBIN NEPEBoa M
bacriosyaBanue peuwu.

AHanu3 TOHAJBLHOCTH TEKCTa HCMONB3YETCA BO MHOIOM IJIi NOHMMaHHs
KOHeYHoro mnonp3oBaTesisi, HO TPHUIOKEHU Ui aHajn3a HaCTPOEHUH OECKOHEYHBI.
Bce Gonpme u 6Gonpmue Mbl BHAMM, YTO OH MCIMOJNB3YETCA B MOHHMTOPHHIeE
couransypix ceteii m VOC (voice of the customer) Ijif OTCIEKHBaHHS OT3BIBOB
KIIMEHTOB, 0TBETOB OMPOCOB, KOHKYPEHTOB 1 T. A. OHAKO OH TAKXE MPAKTHYEH IS
HCNIONB30BaKNs B GU3HEC-AHAJUTUKE U CUTyalMsaX, B KOTOPBIX TEKCT HYXIaeTcCs B
aHanuse. B Takux kak pa3paboTKa kayecTBa MPORYKIHH, YIyHIICHUC obcmyxuBaHUs
KilieHToB, AHTHUKPU3UCHOE YTpaBICHHE.

B s10it muccepraunu OyRET pasbACHATLCA paboTa NpUJIOKEHHUS, KoTopas GyneT

ONpeaensTh HMOLMOHANbHbIA TOH TEKCTa Ha Ka3aXCKOM A3BIKC. Ha Bxox Oymem

naBary TEKCT Ha Ka3axCKOM SI3BIKE, @ ﬂpor‘paMMa COOTBETCTBCHHO JOJDKHA BBIJaBaTh

OTBeT B BHUJIe HeraTuB WJIM XK€ MO3UTHUB.



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 Al 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

N€gative 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
Cstablished 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, a5 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
Opinions of ysers in automatic mode. To the most urgent problems, from number of
text datq analysis definition of emotional color text (the views of 3 person) of a
ed toward the object of utterance. Application of methods,

Certain polarity, direct . o
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.
Lemmatization 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 G.B.
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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.
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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

20



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 2 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 1S 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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n _~f ' . . . . .
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 Jearning 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 - W€ 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 o

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

¢ 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 efft 1
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 '
ar subject area (f
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 1Ior

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

]ab " "
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

n .
("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
¢ of synths of WordNet, where each synth

W .
ordNet-Affect consists of @ 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) t0 di
ijch are a description of emotions, have been

\4 C

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

emot;
otional marks charact
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fOHOWing table.
A‘AISO, 1 UV - iti th
n OrdNet Affect, addltlonal emotional tagS arc used to Sep
arate €

syncets accordi ' v
ording to their emotion
al valence. For this, four additi
: , additional emoti
ional tags

positive emoti :
0 w
tions, which are defined as emotional states characterized by th
y the

presence 41 ‘g
of positive hedonic signals (or pleasure). It includes such synths as joy #
sjoy # 1

or hobb . .
y # 1. Similarly, 2 negative label identifies negative emotions charact i
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

€Xa .
mple, surprise # 1) are marked a
ijdered ambiguous, but not characterized by

ps :
ychological states and are always cons

v
alence, are neutral (Table 2)-

P ——— _—_-'—-————-—_—-’f
‘ Emotional Mark Example |
e
. cognitive state noun confusion, adj. dazed |
|
| mood noun animosity, adj. amiable |
‘ trait oun aggressiveness, adj. competitive |
.
-
. beh?_v_ig_lir,.,—-——-""“"' 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

€moti . .
otional categories: JOY» fear,
str :

ucture of WordNet-Affect cons!

sad .
ness.txt, surprise.txt, where each

sts of SIX files: anger.&Xt, disgust.txt, fear.txt, joy.txt

file is @ description

ns 2874 syncets and 4787 words.

of a category. At the moment

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

So

SentiWordNet
d SentiWordNet is a le
ev :
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

N This system is th
or
) dNet sync (a set of synon
eoativi

gativity and objectivity. Thus, o

yms) in accordance with its degree of positivit
Y

r each synonymic series from WordNet thre
e

Numerj
cal evaluatio 1 Vi
ns are a351gned where each of these i
, evaluations res i
pectively
e component of the synset. Each of these

determ;
rm . . I
ines the objective, positive of negativ

e range from 0tol,and n the sum they give 1 (one), that

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

iS e
5 ach . .
of their estimates can have a nonzero value

diff;
€ren . .
t meanings may have different values of estimates.
nsisted of two Steps:

The 1 .
€arning process of SentiWordNet co
nt of the system, methods of machine

e of the developme

~ at the first sta
g
rning) technique for primary filling

semi—supervised lea

number of synsette

gned to them. Then,

learning with a weak (
were used. At first, 2 small

esti i
stimates Were manually ass!
s were trained

and objectivi

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, pumerical est

determined.
ed in the first step, 2 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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co :
mponents 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
all : N
ows SentiWordNet to be used freely for commercial and scientific purposes

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

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

cl . . .
ass 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
¢ and WordNet-Affect provide the linking

e : . . :
motional information transmitted throu
lexi : :
€xical thesauri, such as Senti WordNet

their main difference is that Senti WordNe
tic level, not allowing you to identify

nn

of words and emotional concepts to the syntac
for example, "reachin
" jose self-control,

g the goal " A bad feeling,

the s :
emantic component,
wor" be in the seventh heaven of

ce : 1
lebrate a special occasion,
mantic level.

nnects concepts at 2 s¢

Net 2. Unlike the ver
<imately 5700 terms from the OpenMind case,

the linking of semantics and "sentics”

happiness, "while SenticNet €O
sion of SenticNet 1, which

The latest version is Sentic

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

S . .
enticNet 2 provides
for more a deep

000 concepts and allows

) to more than 14,
atural language in comparison with

n
€motional" information
s of the text in 0

and muyltifaceted analysi
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SenticNet 1. Senti
' Sen et : :
ticNet 2 is built using nsentic-calculations", a paradigm that uses Al

methods and se IC W i \Y
semantic eb to 1mprove I'CCOgI‘litiOIl, interpretation and processing f
0

obinian. i
pinions in natural language.

"S . _ . "wo: . . . .
entic-computing” 1S an interdisciplinary approach to analyzing the tonality

of the text
at the crossroads between naffect computing” and "common sense

Computm " "l"] " " : .
t f S t f o . .

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

infor 1 : : 1

mation and social science tools to improve the recognition, interpretation and
processi - 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;

b

to represent knowledge and

of methods of artificial int
processing graphs and

thei
eir output; mathematics - fo

lower . e
wering the dimension; linguistic
modeling; sociology - for understanding

Psychology - for cognitive and emotional
| influence; and finally ethics - to

th ) X
e dynamics of social networks and socia

of the mind and create emotional machines.

Uunderstand the nature
nly at the level of whole pages

yzing documents not 0

"S . .
entic-calculations" allow anal
ences, which allows u

a
nd texts, but also at the jevel of sent s to evaluate texts at a
ho
Igher level of detail.
enticNet data in machine-readable form, which is easy to

the data is enco
nove" 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.
jcation process;

d link it to 2 set

file for the
For example,
then SenticNet will 1
of semantically related concepts, for

if the concept of "birthday" is

efer it to the concept

e
NCountered during the appl

0 .
f'a high level of nevent”" an
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examp]e " nong.: .
_ "sweet", "friendly surprise" or "clown" (which can be used as a source of

additi - -
onal / contextual information to improve search results).

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

Va]ue . e
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,

additj
ditional mood, as well as a set of emotionall
e key of the text).

nh . " | .

A:llday 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 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 2 pects), on which it will

s a vector of signs (as

be explored;
cument;

of key for each do
m and a method for classifier

~ indicates the correct typ€
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 3

thi
S text and at the same time are

idea that term

pproach is the
5 small number of

. texts throu
present 0 ghout the
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collecti
lection have the greatest weight in the te

determini i 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
| Adaptive learning No Yes
Time of result Fast Slow
generation
Maintenance Need Do not require
maintenance of maintenance
| corpus
\ Accuracy low high then lexicon
o
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 @ 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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1 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 pol
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]

Sentimany

Hybrid - this approach ¢

ombines all or sever

gsifiers on their basis

- Decision Tree
-+ Supervised Leamng [ Classifiers
| Lmea Suppont Vector Machines
Classifiers
_.{—;Odnnc L commyg Rute ;
Approsch B i !'!Wﬁ'
Naowve Bayes
|| Probeblistc
Cusifiers Bayesian Network
Maximum Entropy
[ »{Unsupervised LesTTsng
Duczonary-based
Appronch
Lexicon bosed
Approsch
W
Cormpu3 based
Approach
| Sesnaric
Figure 1: Methods

al of the principles discussed

in a certain sequence. It is

abo
" ve and consists in applying the cla
e L .
combination of machin€ learning and lexlcon—based approach.
\Methods Features Pros Cons |
—
Machine Term presence the ability t0 the low
Learning ond frequency adapt and create applicability to
(Bayesian trained models new data beca
N?tWorks, Part of speech for specific use
Naive Bayes information purposes and it is necessary the
-y —
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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, lex1_cons‘and the
Novel Machine Corpus aSSIgnatlop ofa
Learning - ﬁx.ed septlment
Approach based orientation and
Corpus bas:ed Dictionary score to words |
approach, -
Ensemble based
Approaches)
T ———
Table 4: Pros and Cons of Methods

ach more powerful than lexicon-based. Big cons

AS you see machine learning appro -
eed to construct our dictionary manually. For

of lexicon- ch that we
on-based approa et bigger than 10k, but here also we need to

Machine learning we need just training

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

3.1 Bag of Words
The si
o simplest model of the text "bag-of-words" is a summative unity (not
em) of text words composing. N
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

[lly th b
€ num i 1
er of occurrences of SpCClﬁC words 1n 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 i

of th
€ mo - : i inguisti rv
st common in a wide variety of areas of 1inguistic research and services
b

us
ually as a bas; ) - "
asis for more complex, prlmarlly vector test models".

Frequency model of the text

"bag of word" model set, Some nweight" may be indicated.
weight pairs: In thi
Methods for determ

For each word in the
g case, weights can be

Thyg
e , the text model is a set of word-
i -
gned 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 f
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

urrence to the total number

= N
umber of occurrences
t will receive more

evaluation for texts of di
more
n the docume
s 0CC

v - .
oluminous texts, SINC€ there arc
). The

nceof a word 1

s the ratio of

-~

F
requency of occurre
the word'

frequency is calculated @
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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

. . : : :
(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 itselfs emb

W
ord embedding itself come ff

edding is the mapping of an
ce of a picture) to a certain

arbj I
Ibitrary entity (for example, @ node in a graph or a 1€

vector (Figure 2).
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Camera

F)orpoi,se

rd Embedding

Figure 2: Wo

computer that must somehow work with

Here we have words and there is @
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 t0 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 M
city - the natural

the .
order in the dictionary. The ided 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 is much larger than

dea has a significant dr
g a word, you need to

u
Push numbers from O to 2764
awback: words in the

w
Ords of all known languages.) But this i
rder,

re .
Mumber the majority Of words a new- But even this 18 10
a word is not related to its meaning (this

im "

) Portantly, the alphabetic writing of
Ypothesis was expressed already bY the Jate 19th centy by the famous linguist
n nchicken" and "chicken" have

Ferd: ]
rdinand de Saussure)- In fact the words rooster

and when addin

dictj
tionary follow in alphabetical ©
t so important, and more

36



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

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

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

"ash" n "
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

embedd: :
. bedding, that is, to matc
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 1
c

alled one-hot encoding (ONE e the semantic proximity
Properties (Figure 3):
010000] AND

mo%.aé[oaoooacoo
ooooao] - 0

hotel ';"oc.aooo<31o

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 on€ word to us may or may not be so
Mportant, because speech (0Ot oral and wriften) 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 O
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 vector. 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
p 2 | intelligence
Journal of Antificial Intelligence 0 text
0 agent
JAIR s arefereed jsumal <6¥ 1 internet
of Aruficaal Inveld 0 webwatcher
free of charge oy ~ 0 perlS
of the joumnlis also publshed by Mergan
Foutman
y | volume
\ —
Figure 4: Bag-of-Words Representation
t—4
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 1S 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

great number of texts apped’ ed

®Xpanding dictionary- With this it w2

and these texts with a changing and

o something, and previously



delS i

English i
S -
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
o
DO

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

nwords 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 1S un

stand side by side. For example, for us the

hHVe v .
similar meanings." Proximity in derstood very broadly, like the

fact
that only a combination of words can

phraSe "alar 1 " J " "
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 18 used, and we lose 1m
mantics of the wor

"dark", SlﬂC

rn n -
1ssed" information 1S the s€ d. For example, we can easily
repl

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

etcC.

will try t0 replace each word in the list with the

S
ynonyms, hyponyms, hyperoniSmS,

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

we get somethin
¢ technology fr0

In an alternat

hy
mber of jts semantic group- In the end,
Word2 Ve

m Google is used (Table

Wit
5) h a deeper meaning. For this,
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_ Words Measures |
. France 0,6056 |
L London 0,4935

| England 0,4893 :
L Amsterdam 0,4632 |
o Barcelona 0,4574 |
L Madrid 0,4487 |
e Moscow _‘—________-—-—————f 0,4288 |
S Singapore : -’/____(Eil 66 |
— Washington ] //_()_’Egz’ |
—_— Astana /’___/,0’_3_8397 |

word "Paris”

Table 5: Semantic group of

semantics of natural lan
r representation of

W
) C;rctizcvhzc is a software tool for analyzing the . guages, which
Wordg Thc_)logy that is based on distributive gemantics and vecto.
- 1his tool was developed by a group of Google researchers 10 2013. The work
works on Facebook).

e .
project was headed by
e arrays Oof textual

Wor
Ve
Vec is sharpened for statistical P

infOr
matj . .
tion. W2V collects statistics on the JO

£ words in phrases, after

reducing the dimension

ally reflect the

int occurrence 0

Which
the methods of neural networks solve the problem of
ch maxim

ns of words; whi

ang o:
glv :
€s out compact vector representatio
texts.

) for calculati

ng vector representations

Clationch:
Onship of these words in the processed
Bag of Words (CBOW)

Word2 Vec is a tool (@ set of algorithm$

of
WOrd . .
- : _ Continuous
S, implements two main archltectures Con
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ft t, t t i w
rS

(Figure 5).
t ry

@"“““ walked

® ... ©

. . e, woman o
lng I~ .. O ’ swam
A@ walking @
gueen -
~ O —
swimming
Male-Female Verb tense
Figure 5 Words in on¢ semantic group
Principle of operation:
ontexts of words according to the

ns between the ¢
e In similar context

the task is t0 maxi
t of vectors) that appear side by side, and

ectors that do not appear next to each

Finding connectio
g tend to mean similar things; be

assu :
mption that words that ar
mize the cosine proximi
1mity

Se .
Mantically close. More formally,

bet
w
een the word vectors (scalar produc

minimj
mize the cosine proximity petween word v

othe
r. Next to each other in this ¢

e contexts.

ase means in clos
1" are often found in similar

ysis" and "researc

zed the algorith
hese contexts and ¢

n Word2vec analyzes t
e similar in meaning. Since word2vec makes

the words "anal
ms" or "Scientists have

oncludes that the

For example,

COn
texts, such as nGcientists have analy

studi
died the algorithms.

Word "
S "analysis" and nresearch” ar

41



be quit
e adequate. For
. example, if train word2vec
on a collection of 10,000
5 Small

fuliShed e
mOd l 1 1 \"Y us
N the fOHOWlng ]lst Of OrdS ClOSCSt in meaning - Italy A tlal d
b] l ’

Nether]
ands, Portu F I
) gal, France. I ing is qui
el e. That is, everything 1S quite clear, except, perhaps
O 1
n the basis of the above, we ca

word2
vec model of good quality, 2 larg

n conclude that for the learning of the

e, large case is needed. Wikipedia, for

€xample. is qui
ple, is quite suitable.

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

Process;
€ssing
, 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

1S :
, the number of t1mes 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—pfOPOS"“l is

complexity of the algo
From the body is rc2

m
ost frequent words.

Sub—sentenc
certainl b
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usually j i
y just a sentence, but it can be a paragraph, for example, or even an

entire artl ing i
icle. Sub-sampling is the process of removing the most frequent

WOrd . .
s from the analysis, which speeds up the learning process of the algorithm
=]

and . . . . .

. contributes to a significant increase in the quality of the resulting model
- nd .
er the sub-proposal, we g0 through the window (the window size is
speci -

pecified by the algorithm as 2 parameter). In this case, the window is the

nce between the current and predicted word in the sentence

maximum dista

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

ne of the CBOW or Skip-

will pass
kz," etc. The default window

That is, if the wi
gram architectures) for the

algorithms based on 0
inside the block in three

sentence "I sell my house on krisha.kz"

words - for "I sell my" ngell my house On krisha.

alue is ten.

Is five, the recommended v
ork with a hierarchical

- A Feedforward Neural Netw

softmax activation function

and / or negative sampling is used. Hierarchical softmax behaves better when
ency words, but it works slower, negative

working with not very frequ
es word vectors of small

sampling works better with frequency words and lov

dimensions (say 50-100); but faster.

3.2.2 Type
-~ 1ypes
ming algorithms: CBOW (Continuous Bag

In word2vec, there ar¢ two basic lea
g of words" a model

of .
Words) and Skip-gram- CBOW 18 ncontinuous ba

a

d based on the cont
it uses the current word to

ext surrounding it. The

archj
tecture that predicts the current WoT
e works

g it. User

differently:

word2vec has the ability to switch and

Skip.
P-gram type of architectur

antic-

1 .

pate the words surroundin fect th |
not affect the result in

an
Y of these algorithms.
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wit-d)

e
4
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» @i A

CBOW Skip-gram

Figurc 6: C BOW and Skip-gram algorithms

-gram are peural network architectures that

In general, CBOW and SKip
data and nremembers" the word

descer
scribe how the neural network "learns" On the
s are different. The principle of CBOW

I'epr .
Presentations. Principles of both architecture
ext, and skip-gram on the contrary -

0 e . . .
Peration is the prediction of a word In this cont
cted (Figure 6).

BOW) - the usual
s of the term (t

unt the order of th

n, where the eleme

th
¢ context for this word is predi
Continuous Bag of Words (€

into :
account the four closest neighbo

model of a bag of words, taking

he two previous and two

Sub .
Sequent words) without taking into acc0 e sequence:
nts are at a distance

uence of length

er. For example,
()n . .

krisha kz”. For this sentence -skip-2-gram

n "on krlshakZ

Sel|m »
", vgepy my", "my house", "MouS® on ,
» _ that is, skip 0n€ (1-skip) word,
a bigram (2-gram).

ters are optimal?

k-skip-n-gram is a s€d
«I sell my house

given the sentence
will look like a set of bigrams ("I

" plus the following

of
O more than k from each oth

we make



- CBOW i
works faster, but Skip-gram works better, especially for

relatively rare words

- Hierarchi :
chical softmax 1S well suited for creating a better model f
0

relati 1 i
lvely rare words, negative Sampllng is better for modeling mor
¢

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

HOW ..
all the same it is better to train word?-VCC?

r of word2vec, if anything) believes that

C .
omrade Mikolov himself (the invento
e text €

faster and slightly
texts (less than one

ores (on€ hundred million, one

the C
B .
OW model is better suited for Jarg
better with more

bil
10n
w :
ords or more), because It works

for small shells of

ﬁe

quenc

hung y words, and Skip-gram is better
red mill; i
million words), Since it better takes 1nt0 account rare words and works

Slower

3.3 Fasttext library
2016 as an extension

The FastText model wa

and s first introduced by Facebook in
Supposedly improvement of the vanilla Word2 Vee model. Based on the original
.n’ by Mikolov et al.

Paper ;
titled ‘Enriching Word Vectors with

n in-depth
sentations and also

Wh;j
ch i
s an excellent read t0 gain a

i for learning word 1¢PT®

era]]
’ IaStIext iS a ﬁameWO h k 1
I (<] fl‘amewor 1S



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 dedupl

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 i
eis 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

£ the human brain (Figure 8).
a neural network is determined by

he neural network takes the

VaIUeS :
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 tagks:
k is the distribution of objects

fa neural networ

on-overlapping cla
values. In such pro

- Classification. The task 0

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 8 paﬁicula
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
s well as to

arranges objects into I
al processing, a

fers to statistic

clustering re
hout a teacher-
k, let's take a look

learning tasks Wit "
N at its
ow, to understand how I

Com
Po
nents and their parameters:
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8: Neural Network

Figure
al unit of an artificial neural network and is an

An artificial neuron is 2 structur

an
alog of a biological neuron- |
the artificial neuron is the adder of all

From the mathematical point of view, | .
e simple, m general,

INcam: '
Oming signals, applying t the resultng
througho

The result i

weighted sum som
ut the domain of
g sent t0 a single output.

definition. Usually,

linear function that 1S continuous

thi
S .. .
function increases monotomcally.
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Artifici : :
ificial neurons (hereinafter neurons) are combined in a certain way, forming
b

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

agi : . :
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 : o . :
weight wi, which is the equival vity of biological

N€urons.

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

between 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
oo 4 ] solutions for
ch recognition. It was Pro

rec
Urrent networks from simple t0 €0 |
d recurrent unit (GRU).

a]
Ong-term and short-term memory (LSTM
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A

rk contain 100p$

ecurrent networks began- John Hopfield in
ystem for storing and

Figure 9: Recurrent Neural Netwo

In th
198) 1o e 1980s, the development of r
pos
ed the Hopfield Network. In 1993, the peural

C
rical data was able to solve the problem of "very deep learning", in

Whi
ch
more
than 1000 consecutive 12yers u
e elements of recurrent

s and constructiv

Th
ere a . e
re many varieties, solution

ne
llra] netWOrkS
ke into account each step

The d
ifficulty of the recurrent netwo

of +:
e .
, it becomes necessary f! i
ry for each step of time t0 T
al difficulties- In

ne
ul‘o
ns .
b] Whl
ch causes serious computation
le, Since they usual

rk is that if you ta
cate your Own layer of

addition, multilayered

ly disappear of scale
the resulting

im
ble
Mentat;
tions are computationally unstab
e the

on to @ xed time window,
ches try to improv

pifferent approd
of memorization and forgetting

off th
€ wej
ights. If you limit the calculati

Moq

el .

. S will not refl

0 eflect long-term trends-
d the mechanism

de]
. of hj :
(F'gure 0 istorical memory an
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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
mem . . . .
ory is mixed with information i 7 iterations the

Nformas:
Mation j
on is completely overwritten (Figu

Figure 11

In
theory, problems with the

shol.ll
d
Not be. A person can gently pi

asks
of th;
this type. Unfortunately, i prac

al‘a
et . : ;
©rs. This problem was investlgated in d¢

()Shu
a Bengio (co-authors) (1994)§ they four

e difflCult
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To ove
rcome the flaw wi
ith memory, the LST
’ M-RNN network
(Long

1) nal

interna]
transformati
mations were add i
ed which operate with
memory more cautiou
sly

(Figure 12).

& ®

. 3 ®

L-»_Q:’T/“ S i\
A A A

) &)

dof architecture of recurrent neural

LOn
g short-term memory (LSTM) is a kin
d Jurgen Schmidh

Hetw
orkg
, proposed in 1997 by Sepp Hohrater an
k is universal 10 the sense that,

Mog
t re
Curr
ent neural networks, the LSTM networ
perform any calculation that 2

With
8 Suffic;
] .
Convep,: cient number of network elements; 1t can
lon . . .
al computer can do, which requires 21 appropl'late matrix of weights that

Can b
€ conc:
STM n°n81dered as a program. Unlike
et .
work is well suited tO Jearnin

pl’ed.
iCting ¢
g time series in cases where important events ar
. qunity 10

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

also uSe P—
9 ln

k
b . A)

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

4.4 Libraries

Keras i '
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

| AP]1. Main principle is

NN and RNN networks and can run
ur program on GPU if

dee
p ]earn
In
g programs and have high-leve

ang ad
d to thi
is model your layers. It supports C

bOth
[so, you can rui yo
Sequential model and LSTM layer

rd embedding and you can

of th
em 1 :
Yoy Want, | in various combinations. A
. n m .
y sentiment analysis program [ use

f()r N
Cura] N
et
work. Keras have Embedding 12yer for wo

aq
eveloped

d
Your y
e i
ctor file weights to this layer.
ftware

struction and tr

ach
nt of Google's

d for Python,

r machine jearning d
ks with the purpose

y of human

Jibrary fo
aining 25
ieving the qualit
own products-

Te
nsor i
Flow is an open source S0

Y G
Oogle
of to solve neural network con
g imagesa
d developme

ente

Autg
Mmatj
erception ically finding and classifyin
. [1] It is used for research an
there are also

‘ e Mmajp API
or working with the library is implem

l]‘n
entat;
tations for C ++, Haskell, Java,
project

nd Swift.
i tBelief. Initiallys TensorFlow was
2015 the system

It §
Sa .
continuation of the closed Dis
i Google, 1P

Ve
W '%ped by
ag e Google Brain teal™ for internd
en Jjcens

de
use

ansfer
red to free access With the op
Jibrary for

| NumPY library (written

Pa
ndas ;
as is a high-level python
the jower-1eve

hi
&h.)
eve]
» because it is built on top of
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9

d analysis.

advanced
and : :

fast-growing library for data processing an
ore precisely, the thematic

Gensim i
im is a Python library for modeling. M
m large buildings.

modelin
g of

documents and the extraction of similarity fro
ge processing (NLP) and

eople engaged in natural langua

Target i

audience -
p

LP are implemented. For

im popular algorithms of N

the IR
com :
munity. In Gens
an use multiple cores.

example WOrd2
vec. Most implementations of algorithms €
00 dimension vector file.

rary for Natural Langud

G .
Nensm I use for reading 3
L o .
TK - it is the powerful lib

man
Y data

sets o
texts. , stemmer, tools for lemmatization and bun

ge Processing. It contains

ch of functions for with

ibrary for working mostly with matrix. Matrix

Nu -
mPy it is the open-source |
prary do this ver

Mytin;
Plicat
Popul, ion and other stuff. This I , fast, that why it is VT
.
in data science community.
Capabilities:
- support for multidimensiona

- Support for high-level mathe
ta from HTML/XML tags-

multidimensional arrays.
1 the basic

for cleaning da

implemented al

Beaysi
autiful Soup library mostly used
rary Where

Sciki
t-Learn it is open SOU¢ lib

a]go .
Tith
ms of machine learning

9, ]
4, Training Data |
e patural Janguage processing
ev University

from Nazarbay
[ came Up with that

At t
he moment there ar€ verY few

Or th
tK
azakh language. I found impP
Spe
nt analysis

ressive 1€
C. Thena

q
bOUt Kaz
akh Language COrpus: 11 Check®t 2

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

(>100 mill;
illio
n tokens) for word embedding and marked training data (>10k). First, I

tried to ¢
reate . . .
my own corpus by parsing Wikipedia articles and get about 21 million

, out 1t |
it is not enough for word embedding. Then, I read Facebook
4]. They created word vectors for

wl resources. Used CBOW as

developers

Paper . :
earning Word Vectors for 157 Languages™ [

157 1a
n .
guages trained on Wikipedia and Common Cra
es which is trained only on

an .

Wil:;)g:;;h;n for learning. Also, they have vector fil
umps using Skip-gram model.

Online tool I pars

t kz and etc. Totall

s and do other preprocessing

ze from NLTK library.

e -1, positive 1,

Th :
en, using Sketch Engine ed several news Sites in the
y, I collected about

Kaz
akh :

language like nur.kz, zakon.kz, massage
ag

4 min;
11]101'1
words. Then, I cleaned text from HTML t
nt_tokeni

tasks
. After. divi
r, divide documents into sentences using S€

ntence negativ
t ~10k neutral, 5993

Th
€n, |

marked each sentence with a number. If se
entences and g€

e
Utra] . Totall
y, I marked more than 20k S

lve ..
» 4422 positive sentences (Figure 13).

1
2
4

s .
entlmem text
0
3 Eﬁtg@&me.mg 2010 o KoHiPGH! EYROBMASKE
Lo, KasaK Gyniapmen He rall GATRICS ancei ?
Kasakcran ocel oHIpAeT! GeribImuiAiKT xongangt!
% Me - AcTanara canap! 22 MaMe

g MM TPy neeneBTiH / E._Ha
8 0 BizniH e :
\ v . o
9 Biznin Yimer 6y X00ate! MiHaeTT T T -
) iaopr e enenepi periey KAkl i et 800 canaragel
1§ 0 &2‘3‘!95! Keane KanaHelH LK oHIEVK QHIb 4 20 828 zg;eu
1 Kacinopeiraa cana S eHeIKMEHTIHIA ot I -
. (1) §‘9§éw S xesesre Soni - 12 Kplaa XY S ackIpy wocnapnastell grip
. 0 é‘ﬁp oTe TvimMai KeniciMuwanT -
. ot 6 M¥HA&'}% ‘T'e;“-il-)_‘.’l@ 6ap - ; oThip -
5 o b earioci pe Opranblk A2 ivacsl Yuit K30 Gonsin AP
L Kipriw enaipyre xeprin<l wyKi3al ﬁ@@&wgyyjﬂ%ﬁmm — |
1" 1- Bac npoigparypanyir Kene B2 ¥ pokyRoBab %ﬁ?ﬁ?é“b;,@yyg -
i Gyrinae Acrana OYAA L e B
Kanuinracy kezeH! TabRICTH 2% AN -
Figure 13: Training Set
risons and results

4.5
Experiments, comp3
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% from fraining set (Figure | 4).
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As you see in Figure 15. MultinomialNB and BernoulliNB algorithms show best

results. Let’s show confusion matrix for this algorithms (Figure 16, 17).

MultinomialNB Confusion Matrix

Fp = 271.05
Negative -

True label

TP = 606.35

Positive -

924,55 predicted negative,

T 606,35 predicted positive, and was poS False NegatiV
© 2815 predicted negative, but #%° posi™ ¢. False Positive: rain LSTM
" 2715 predicted positive, but W&° negative v 0 odel. Let’s no:/a " lion
All these algorithms trained without WO ension 15 300 204 ¥ for our full
Ng Ork witp word embedding 18YEF Vector r dim 3% accuracy :,[network
:l e Words, LSTM network Wit Word veleB show, ut 1417 i
faip; Multin® omi1a

g set, It is less by 10% than
58



Predicted label

Figure 17: BernoulliNB Confusion Matrix
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Conclusion

Sent'
iment an s 1
alysis it 1
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users which use

Il open new doors between users and product

Kazakh
language everyday. It wi

OWners,
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ned LSTM network and other basic classification algorithms and

&t abg
ut 63% acc
uracy on LSTM and 73% accuracy using Multinomial Naive Bayes

HOW
ever, accordi
» accordin
g to the study, experts usually agree in assessing the tonality of a
ntly, a program that

gwellasa human.

Specifi
ic :
text in 79% of cases. Con i
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With g
n
accuracy of 70% does it almost a
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nalysis should of co

1d be used In tandem with others.
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to be mentioned that sentiment @
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on S
because it is just on¢ metric that shou

text iS critically important as well.

a few data points i
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s and sometimes €ven
ding all the feedback
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further analysis,
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Itl()na] .
ly, using it in the right con
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When :
monitoring feedback, going through just
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