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ABSTRACT
Report 99 pages, 13 tables, 4 figures, 94 references, 3 appendices
NATURAL LANGUAGE PROCESSING, ARTIFICIAL NEURAL NETWORKS, MACHINE LEARNING, SYNTAX ANALYSIS, GRAMMAR CORRECTION, NAMED ENTITY RECOGNITION, TEXT NORMALIZATION
The objects of research of this project are text documents in the Kazakh language, as well as modern methods and algorithms for their processing and analysis. The purpose of the project is to create free open source software tools for automatic processing of texts in the Kazakh language. This work uses methods of machine learning, artificial neural networks and statistical processing of textual data, such as naive Bayesian classifiers, hidden Markov models, recurrent neural networks and finite state transducers. The methodology for processing and analyzing data is consistent with the generally accepted practice of conducting research using machine learning approaches.
In this work, text processing studies were carried out in four directions - a syntactic analyzer, grammar correction, named entities recognition and secondary nominalization of texts in the Kazakh language. A syntactic parser was developed based on artificial neural networks, which showed the parsing quality at 88.62% according to the UAS metric. A grammar correction tool was developed. Two approaches were implemented: a basic one based on phonetic rules and an advanced one based on training an ensemble of decision trees. Accuracy was achieved in the range of 75% - 99% (basic) and 87% - 100% (advanced). A tool for named entities recognition based on artificial neural networks LSTM and CRF was developed. The quality of the model in the F1-score was 88%, which is currently comparable to the best performance for this task. A tool for secondary text normalization based on artificial neural networks was developed, which translates real comments of Internet users into grammatically correct text in Kazakh. The translation quality according to the BLEU metric was 29.74.
All software modules developed within the framework of this project are available on the Internet and are provided in the form of codes and demo web services. The developed modules can be applied in any area where automatic processing of texts in the Kazakh language is in demand, for example, for searching and extracting information from text, classifying documents and unstructured web data. The significance of the work lies in the creation and provision of tools for automatic processing of textual data in the Kazakh language to domestic users, as well as in the development of the field of natural language processing.
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LIST OF NOTATIONS AND ABBREVIATIONS
In this research report, the following abbreviations and symbols are used.
ATP 		– Automatic Text Processing
BLEU 	– A Bilingual Evaluation Understudy
CL 		– Computational Linguistics
CRF 		– Conditional Random Field
FST 		– Finite State Transducer
HMM 	– Hidden Markov Model
IN 		– Initial Normalization
IOB 		– Inside Outside Beginning (labeling)
KL 		– Kazakh Language
LID 		– Language Identification
LR 		– Language Resource
LSTM 	– Long Short-Term Memory
NB 		– Naïve Bayes
NLP 		– Natural Language Processing
NN 		– Neural Network
NUGT 	– Noisy User-generated Text
OOV 	– Out of Vocabulary (words)
POS 		– Part of Speech
RNN 	– Recurrent Neural Network
TSS 		– Token Sentence Segmentation
TTR 		– Type Token Ratio
UD 		– Universl Dependencies
UGC		– User-generated Content
WNUT 	– Workshop on Noisy User-generated Text
WSJ 		– Wall Street Journal



[bookmark: _Toc54712151]INTRODUCTION
Automatic text processing (ATP) is a discipline engaged in the automation (computer processing) of the analysis and synthesis of text in a natural language (i.e., the language peculiar to humans, and not, for example, animals or computers). Let's clarify the terminology right away. In the Russian-language literature, there are two more terms that are very often used interchangeably with ATP, but they have a slightly different specificity. The first, NLP (natural language processing), is a generalization, since the corresponding discipline deals with the analysis and synthesis of not only text, but also other forms of language, such as speech and sign language. The second term, CL (computational linguistics) is an imprecision, since CL deals with the study of the nature of language by computational methods. In this document, we use the terms ATP and NLP interchangeably, and the term CL defines a subsection of linguistics that uses the methods of statistics, mathematics, and, in fact, the methods of ATP.
The range of tasks that relate to ATP can be briefly described as “text automation”. This includes machine translation, automatic spell checker, and more, including basic skills such as writing, reading, and finally reading comprehension. Despite the huge (theoretically infinite) set of ATP tasks, all of them can be conditionally divided into the following three groups:
- pre-processing - this includes tasks for cleaning and formatting text, for example, initial normalization (cleaning from special characters, encoding errors and other "noise") and graphematic analysis (segmentation of text into sentences, words and other units) ;
- core linguistics processing is the task of analyzing the linguistic properties of the text, for example, automatic lexical, morphological and syntactic analysis;
- application level is the largest group, including both self-sufficient tasks (machine translation, spell checking, etc.) and intermediate tasks (named entity, removing anaphora, etc.).
Today ATP is one of the most actively developing disciplines of computer science (informatics). Some of the leading research groups in these areas are the laboratories of Stanford and Cornell Universities, as well as other universities in the USA, Canada and Great Britain. For many languages ​​(primarily English and Western European languages), both commercial and free software are available in abundance to solve a large number of ATP tasks belonging to all of the above groups. Unfortunately, the situation is different with the Kazakh language (KL).
From the point of view of CL and ATP, KL is of scientific interest as an agglutinative language of the Türkic group with a complex morphology and a relatively free word order. However, ATP tools for this language and, as a consequence, studies of it with modern CL methods are few. This is not surprising, since in order to solve almost any problems of ATP for languages ​​with complex morphology, basic tools are needed, such as a morphological analyzer and a tagger (software that removes morphological ambiguity). For KL, such tools exist, but they are limited either by access [1], or by the complexity of use [2, 3], or by the degree of readiness (“raw”, experimental systems) [4]. In addition, existing systems are poorly documented. The same is the case with other ATP tasks, for example, with parsing, sentiment analysis, etc. Thus, the main motivating factor for the implementation of the project is the urgent need for affordable, easy-to-use, cross-platform and well-documented software tools for ATP on the KL.
As far as we know, on the territory of the Republic of Kazakhstan, systematic research in the areas of CL and ATP for KL is carried out mainly by laboratories of the Eurasian National University (ENU) and Kazakh National Universities (KazNU), the Institute of Information and Computing Technologies, as well as our laboratory at National Laboratory Astana. There are also research groups that occasionally deal with this issue in China [5,6], USA [2], RF [7] and Turkey [1,8]. Both domestic and foreign studies are focused mainly on morphological analysis [1–10] and tagging [1, 3, 4, 11, 12], as well as on the creation of language resources for these tasks (electronic text corpora labeled for morphological features) [5, 6, 13]. There are also systematic studies of the problems of machine translation for KL [12, 14–18]. These studies fall into two groups: (1) using a rule-based approach) [14-16], and (2) using a statistical approach (based on training data) [12, 17, 18]. The former actively use the Apertium platform [19] and the graphematic and morphological analyzers for KL developed within its framework [2], and the latter use the Moses platform [20] and a graphematic analyzer trained on KL data [21]. Of the listed works, only two [2, 3] provide full access to the developed tools and their source code. In this case, the morphological tagger [3] uses the result of the work of the morphological analyzer [2], which adheres to a complex scheme of marking the grammatical properties of the KL, for example, such linguistic concepts as zero-derivation, verb-copula, and indivisible phrases are taken into account. In our opinion, the complexity of the linguistic component is the main reason that this morphological analyzer [2] and a tagger based on it [3] have not received widespread use, especially, in industry.
If we consider the world experience of research in the fields of CL and ATP, then first of all it should be noted the English language, for which the first ATP tools began to appear in the early 90s of the last century. So in 1992, the first automatic tagger (by parts of speech) [22] and a parser [23] appeared for the English language. By the mid-2000s, all the tools that we plan to develop for the KL within the framework of this project, for the English language had already been created [24]. Now they are being actively modernized and used to create more complex intelligent systems. Some of the leading research groups in these areas are the laboratories of Stanford and Cornell Universities, as well as other universities in the USA, Canada and Great Britain. A similar path, but much faster (taking into account the experience of the English language), was passed for the languages ​​of Western Europe, Chinese and (partially) Russian [25] and Turkish [26] languages. We sincerely believe that research in the areas of CL and ATP for KL can and should move in the same direction, and one of the first steps towards this goal will be the implementation of this project.
The goal of the project is to create free open source software tools for automatic text processing in the Kazakh language. The project planned to develop the following tools:
- initial normalization module;
- tokenization module;
- language identification module;
- morphological analyzer;
- morphological tagger;
- syntactic parser;
- spelling and grammar correction module;
- named entity recognition module;
- secondary normalization module.
For the current reporting period, according to the calendar plan for 2020 (see Appendix A), the following software tools were developed:
- a syntactic parser based on artificial neural networks;
- grammar correction module;
- named entity recognition module based on artificial neural networks;
- secondary normalization module based on artificial neural networks.
All of the listed software tools have been fully developed, and the source codes and documentation are available on the Internet under the terms of the Creative Commons Attribution 4.0 license [27], which allows you to use the product for any purpose, including commercial.
The interested reader can find the results of work for previous years in our previous reports. For 2018, a research report was submitted with inventory number 0218RK00199, and for 2019, a research report was submitted with inventory number 0219RK00217.


[bookmark: _Toc463429210][bookmark: _Toc494730438][bookmark: _Toc54712152]1 Development of the syntactic parser based on artificial neural networks
[bookmark: _Toc54712153]1.1 Task
Syntactic arsing is the task of recognizing a sentence and determining its syntactic structure. The word "syntax" comes from the Greek syntaxis, which means "set together or arrangement" and means the way words are related to each other. In practice, these relationships between words are expressed in the form of syntax parse trees, which contain independent linguistic units (words or phrases) and direct dependencies between them, similar to the "ancestor-descendant" analogy. There are two main classes of parse tree construction approaches in the literature. The first approach is based on formalizing the grammar of the language by developing syntactic rules, and the second approach is based on identifying grammatical relationships directly between words. Figure 1.1 shows an example of parsing a sentence in two different ways. In this work, we use the second approach, since it is better suited for languages ​​with free word order in a sentence, and also because formalization and development of syntactic rules for the Kazakh language is not possible within the time frame and resources of this project.

[image: ]
Figure 1.1 – An example of parsing a sentence in English in two different ways

Parse (dependency) trees are directly used in applications such as grammar checking in word processing systems: a sentence that cannot be parsed may have a grammatical error (or at least be hard to read). However, as a rule, parsing trees serve as an important intermediate stage in the presentation of data for semantic analysis and, thus, play an important role in applications such as dialog systems and information extraction systems. For example, to answer the question “Which books were written by British women writers before 1800?” We need to know what the subject of the sentence is “which books” and that the add-on is “British writers” to help us figure out what the user wants a list of books rather than a list of authors [28].
The main difficulty in parsing a sentence is structural ambiguity. Two common types of structural ambiguity are affiliation ambiguity, where a linguistic unit can be related to different “ancestors,” and coordination ambiguity, where different groups of linguistic units can be combined through alliances. Although a person in most cases is able to eliminate these ambiguities without much difficulty, with automatic processing by computers this task may be beyond their power.
Next, we describe the results of work on the development of a syntactic parser (analyzer) based on artificial neural networks.

[bookmark: _Toc54712154]1.2 Existing solutions
[bookmark: _Toc54712155]1.2.1 Graph-based mothods 
The dependency tree is a task of searching in directed graphs, in particular, finding the best spanning tree. The most common algorithms for finding a dependency tree are algorithms using factorization of arcs and related to parameterization of edge weights. The main disadvantage of these methods is that, for non-projective trees, the worst-case scenario for most methods is O (n3) complexity [29]. However, for non-projective parsing, the Chu-Liu-Edmond algorithm has complexity O (n2). The most common tool that implements this algorithm is the MST parser [30].
[bookmark: _Toc54712156]1.2.2 Transition-based methods 
Transition-based parsing creates a dependency structure, parameterized for the transitions, is used to create a dependency tree. This is closely related to shift-reduction algorithms in rule-based methods. Because of the notion of transition selection in an abstract machine, such algorithms are generally greedy. The advantage of this is that the algorithms have linear time complexity. However, due to greedy algorithms, longer arcs can cause propagation of parsing errors along each hop [31]. The standard tool for branch-based algorithms is the Malt parser [32], which has proven itself to be one of the most efficient systems.
[bookmark: _Toc54712157]1.2.3 Neural network-based methods
Deep neural networks have performed well in many areas such as POS tagging, named entity recognition, or machine translation. A wave of neural network parsers was recently pioneered by Chen and Manning [33], who introduced a fast and accurate branch-based parser. Many other parser models followed, using various methods such as LSTM networks [34], BiLSTM-based approaches with biaffin classifiers [35], global normalization [36] or recurrent neural network grammars [37].

[bookmark: _Toc54712158]1.3 Methodology
In our work, we use a BiLSTM-based artificial neural network model with biaffin classifiers proposed in [35]. The system using this model [38] showed the highest performance among other systems in the CoNLL 2018 UD Shared Task competition, in which it was necessary to develop a syntactic parser for more than 50 languages. It is worth noting here that in reality this model can be attributed to neuro-graph methods, which, in fact, are based on graph methods, but use neural networks to estimate the weights of edges or other classification.
As you know, graph-based methods, for a given sentence, search in space for possible parse trees that maximize some estimate. These methods encode the search space as directed graphs. More formally, given a sentence S, we are looking for the best parse tree (dependencies) T* in GS, the space of all possible trees for this sentence is a complete graph that maximizes some estimate:

                                                   (1.1)

where the total tree estimate is calculated as the sum of the weights of its edges:

                                                    (1.2)

Based on the above, the task of parsing is reduced to solving the following subtasks:
- assigning weights to trees in GS;
- search for the maximum spanning tree.
In this approach, the proposed model based on artificial neural networks performs the task of assigning weights to edges and estimating the total weight of each parse tree. In more detail, this neural network can be represented as shown in Figure 1.2.
[image: C:\Users\user\Downloads\Screen Shot 2020-10-12 at 22.28.08.png]
Figure 1.2 – Architecture of the neural network
Here, word embeddings are used as the network input, i.e. each word is represented as a numerical vector of fixed dimension xi. In turn, this vector is converted into a new vector ri using the BiLSTM bidirectional recurrent network. Then the vector ri undergoes a series of transformations:

  		    			(1.3)

					(1.4)

				(1.5)

As with other graph-based models, a predicted tree during training is a tree in which each word depends on its highest-scored head. During testing, it is checked that the parsing is a well-formed tree using the MST algorithm [29, 30].

[bookmark: _Toc54712159]1.4 Experiments and results
[bookmark: _Toc54712160]1.4.1 Dataset
To create automatic text processing systems, special text databases or corpuses are used, which can contain various types of linguistic information and metadata designed to solve a particular problem. Since we are solving the problem of developing a syntactic parser, then we used and expanded the corpus in [39, 40], which contains the necessary morphological and syntactic information and is part of the international project Universal Dependency. The statistics of the datasets are shown in Table 1.1. Note also that to create mathematical models, all data were randomly divided into training and test sets in a ratio of 80:20. 
Table 1.1 – Statistics of the datasets
	Metric
	Extended
	Basic

	Number of sentence  
	61111
	1078

	Number of syntactic links
	47
	47

	Number of words
	934731
	10536

	Number of POS tags
	17
	17

	Number of pairs Category=value 
	31
	31



Data in the UD_Kazakh-KTB corpus corresponds to the CoNLL-U format and is encoded as UTF-8 text files. Sentences consist of one or more lines of words, and lines of words contain the following fields:
ID: word index, an integer starting with 1 for each new sentence;
FORM: word form or punctuation character;
LEMMA: lemma or word stem;
UPOS: part of speech, according to the universal system.
XPOS: part of speech specific to a particular language;
FEATS: List of morphological features from a universal feature list or from a specific language extension;
HEAD: The ancestor of the current word, which is either an ID value or zero (0).
DEPREL: generic dependency relation to HEAD (root if HEAD = 0) or a specific subtype for a specific language.
DEPS: improved dependency graph as a list of HEAD-DEPREL pairs.
MISC: any other annotation.
An example of one sentence and its annotations contained in the UD_Kazakh-KTB corpus:
# text = ІТ-саласындағы ілгерілеу жолдары талқыланды
1       ІТ-саласындағы  іт-саласындағы  ADJ     ADJ     _       2       amod    _       _
2       ілгерілеу       ілгеріле        VERB    VERB    vbType=Ger      3      acl-poss     _       _
3       жолдары жол     NOUN    NOUN    Number=Pl|Poss=3        4       nsubj   _       _
4       талқыланды      талқыла VERB    VERB    Person=3|vbTense=Pst|vbVcPass=True      0       root    _       _
Additionally, for word embeddings needed to train the neural network, we used Facebook's corpus of pretrained word vectors for 157 languages, trained in Common Crawl and Wikipedia using fastText [41]. These models were trained using CBOW with positional weights in dimension 300, symbolic n-grams of length 5, window size 5, and 10 negatives. 
[bookmark: _Toc54712161]1.4.2 Metrics
As a metric for assessing the quality of algorithms for automatic construction of parse trees, two standard metrics are used - labeled attachment score (LAS) and unlabeled attachment score (UAS) [42]. UAS examines the structure of the dependency tree and evaluates the correctness of the output of the link / arc "ancestor" and "child". In addition to UAS, LAS also measures the accuracy of the dependency labels on each arc. A third but less common metric is used to assess the percentage of sentences that are absolutely correct in terms of their LAS score. This metric is best used to evaluate how the dependency parser will affect other NLP tools that use the output of the dependency parser [43]. In our work, we will use the UAS metric, since we only focus on the syntactic structure of sentences.
[bookmark: _Toc54712162]1.4.3 Experiments
We have developed a system for automatic syntax analysis of Kazakh texts based on the above-described neural network model using the Stanza package [44]. Next, we conducted preliminary experiments in which we compared our previously developed statistical graph-based parser, the standard UDPipe 2.0 parser [45], and also compared various models based on the Stanza package, including the base and retrained systems of [38], and our system. The difference between the two systems of [38] is that the base system uses fastText as word embedding, and the retrained system uses Facebook. The results of the work of these parsers are shown in Table 1.2 (in brackets you can see which features were taken into account in the model).
As you can see from Table 1.2, the highest accuracy was obtained using our data and Facebook vectors. This is a fairly logical result for models based on neural networks, which show better accuracy with a large amount of data. Also, our system has surpassed the result of the popular UDPipe package, which is also very remarkable.
Table 1.2 – Results of the experiments 
	Systems
	UAS

	Statistical graph-based parser (POS tags 
                  + morphological features of a child
                  + distance between head and child)
	61.08

	UDPipe 2.0 
	87.90

	Baseline system [38] (basic UD_Kazakh-KTB+fastText)
	44.33

	Retrained system [38] (basic UD_Kazakh-KTB + Facebook)
	70.70

	Our system (extended  UD_Kazakh-KTB + Facebook)
	88.62



[bookmark: _Toc54712163]1.5 Short conclusion
In this work, we have trained a syntactic parser based on artificial neural networks, implemented in the Stanza package. To train the model, we used our own corpus with syntactic markup. In addition, we used Facebook's text corpus to create a vector representation of words. As a result of training, a high quality model was obtained, exceeding the quality of the popular UDPipe tool, as well as the original base system in Stanza.


[bookmark: _Toc54712164]2 Development of the grammar correction module
[bookmark: _Toc54712165]2.1 Task
The task of grammar correction is to find words or phrases that meet the spelling norms, but violate various aspects of the grammar of the language. For example, the sentence “Гости разошёлся” (Rus. “Guests has dispersed”) lacks subject-verb agreement and violates the syntax of the Russian language, although each word taken by itself does not contain spelling errors. Also, lexical (incorrect use of words, for example, " тарелка лежит на столе" – Rus. the plate is “lying on the table” – should be “standing” in Russian) and phonetic (violation of sound combinations, for example, “келдің ба?" – Kaz. “have you come?” – should be “келдің бе?”) norms may be violated.
The problem of grammatical error correction is most relevant for languages with a large number of non-native speakers. Thus, some of the first works to check the correctness of the use of articles and prepositions in English have appeared since the mid-90s of the last century [46–48] and were motivated by the need to post-edit documents written by non-native speakers or obtained by machine translation. These and other early works tended to distinguish between various aspects of grammatical errors, for example, detecting errors in choice of articles and in choice of prepositions were treated separately as sub-problems. This approach did not require a large amount of data to build models, since it relied mainly on either checking the violation of a limited set of rules, or on training statistical models with a small number of parameters. Later, the annotation of errors [49-51] in large collections of written works of non-native speakers studying English made it possible to apply the noisy channel [52-54] and encoding-decoding [55, 56] models used in statistical and neural machine translation. respectively. A distinctive feature of these models is their versatility, since it suffices to train a single model to correct all types of errors up in the training set.
For the Kazakh language, the problem of correcting written works by non-native speakers is much more modest than for English, due to the small number of people learning the language outside the school course. Therefore, as an independent task, collecting and marking up a fairly large corpus of "natural" errors[footnoteRef:1] of non-native speakers does not make much sense. This, in turn, limits the use of advanced, machine translation-based approaches to the task that require such corpora. On the other hand, the problem of editing translations (both machine- and human-produced) is relevant for the Kazakh language. It is no secret that a large number of documents and news releases in the Kazakh language are translations from Russian. It is not uncommon for such translations to be made according to templates, when in similar documents only certain parts are changed, and the rest are copied. This often leads to errors, for example, if, given a sentence like “Жиналысқа фирма жетекшісінің орынбасары да қатысты” (“The meeting was also attended by the deputy head of the company”), we replaced “deputy head of the company” with “head of the company”, without changing the rest of the text, we would get the following sentence “Жиналысқа фирма жетекшісі да қатысты", in which the grammatical particle "да" now violates the phonetic rules of the language. In the modified sentence, the word before the particle "да" ends in a front vowel "i", which requires the use of the corresponding soft form of the particle, i.e. "де". In total, there are 20 such phonetically dependent particles and conjunctions in the Kazakh language and they are grouped as follows:  question particles «ба, бе, ма, ме, па, пе»; conjunctions «бен(ен), мен(ен), пен(ен)»; conjunction particles «да, де, та, те»; particles «ғана, қана»; particles «ғой, қой». [1:  For example, word-for-word translations, violating the Kazakh syntax, typically made by Russian speakers, such as "кімдікі кітап?" (instead of "кімнің кітабы?" - "whose book is this?"), "екі кітаптар" (instead of "екі кітап" - "two books"), etc.] 

Errors associated with these function words turned out to be fairly common. Thus, in the process of preparing experimental data on a sample of 96200 news articles collected from 15 websites, we found 1838 such errors (about one error per 52 articles). Detailed statistics on collected errors are given in Table 2.1.
Table 2.1 - Statistics on the detected grammatical errors
	Conjunction/particle
	Errors count
	% of the total
	Example error

	бен(ен), мен(ен), пен(ен)
	1280
	69.6
	«қоры пен»

	ба, бе, ма, ме, па, пе
	200
	10.9
	«кедей ма»

	да, де, та, те
	185
	10.0
	«өзге да»

	ғана, қана
	172
	9.4
	«спорт ғана»

	ғой, қой
	1
	0.1
	«керек ғой»

	Total
	1838
	–
	–



The grammar correction module developed by us automatically finds cases of incorrect use of phonetically dependent conjunctions and particles[footnoteRef:2] and suggests a possible replacement. We use two approaches. The basic approach is based on the application of the phonetic rules of the Kazakh language, compactly formulated in the form of regular expressions. The improved approach is based on training an ensemble of decision trees (Random Forrest [57]) using the result of applying the above rules as one of the features. [2:  As can be seen from Table 2.1, there was only one error associated with “ғой, қой” particles, which is extremely small, both for evaluating and for training our model. Therefore, these particles are not further considered by us.] 


[bookmark: _Toc54712166]2.2 Existing solutions
Early approaches to solving the problem of grammar correction were based on the application of machine learning algorithms to correct specific types of errors, for example, incorrectly used articles and / or prepositions. The success of such methods largely depended on a set of features designed for the task. Thus, Knight and Chander [46] used a binary vector to encode up to 30,000 lexical features (for example, such as “the word triple is in front of the article”), automatically extracted from more than 400 000 noun phrases. The decision tree algorithm trained on this data achieved 81% accuracy in determining the article. For the same problem, Han and Leacock [47] used a maximum entropy classifier (multi-nominal logistic regression). The authors use various combinations of word forms and parts of speech of the noun phrase as features, obtaining 83% accuracy for the best combination of features. In a similar work, Felice and Pulman [48], using the same machine learning algorithm, but with a broader set of features, achieved 92% accuracy in article correction and 70% accuracy in preposition correction.
With the advent of large corpora marked for grammatical errors [49–51], an approach based on machine translation has been actively applied to the problem of grammar correction. The essence of this approach is that the model learns to "translate" sentences with errors into sentences without errors. This eliminates the need to select features and train different models for different types of errors, as is done in the above-described classification-based approaches. The first works in this direction were carried out in the paradigm of statistical machine translation [58] using a translation model, a language model and a decoder as components of the system. At the same time, improving the performance of one or more components potentially improves the performance of the entire system. Dahlmeier and Ng [52] improved the decoder, equipping it with additional learning weights for the most common types of errors: articles and prepositions. This allowed to raise the F-metric of this model by 14% relative to the standard model. In another work, the authors of the AMU grammar correction system [53] improved all system components by providing the translation model and the language model with additional data, and making the process of adjusting weights more suitable for the problem of grammar correction than for translation. As a result, the absolute increase in the F-metric in relation to the standard model was almost 10% (from 25.4% to 35%).

[bookmark: _Toc54712167]2.3 Methodology
The choice of a suitable phonetically dependent particle/conjunction in the Kazakh language depends on the phonetic properties of the last syllable. Let us analyze this dependence on the example of a pair of interrogative particles "ма, ме". If the last syllable of the previous word ends with a vowel from the set {аоұыэяу}, then "ма" is used. The same particle is used if the last syllable contains a vowel from the same set, but ends in a consonant from the set {йлрую}. The particle "ме" is used in the same way, but with a vowel from the set {йлрую}. Thus, the vowel in a particle is determined by the vowel of the last syllable of the previous word, and the consonant by the consonant found in the last syllable. Such rules can be written in the form of regular expressions, which then can be used to match in the previous word. For example, in Python the regexp for "ма" can be constructed as:
«[аоұыэя][ую]*$|[аоұыэяу][^аоұыэяуәөүіеёию]*[йлрую]$|^[^аоұыэяуәөүіеёию]*[йлрую]$». 
When such an expression is applied to the words "бұқа", "бай" and "ҚР", it will match the substrings "а", "ай", "ҚР", respectively. This means that "ма" can be used after these words. However, in the word "кеме", this expression does not match any substring, i.e. “ма” cannot be used after this word.
Table 2.2 lists the phonetic rules we use and the corresponding regular expressions; here, for the sake of compactness, some sets of sounds are designated as follows: C1 = {йлмнңр}, C2 = {бвгғдкқпстфхцчшщ}, V0 = {аоұыэяәөүіеёи}, V1 = {аоұыэяу}, V2 = {әөүіеёию}.
Table 2.2 – The rules governing usage of the phonetically dependent particles/conjunctions
	Part./conj.
	Vowel
	Consonant
	Regular expression

	бен(ен)
	{жз}
	V0
	[V0][^V0ую]*[жз]$|^[^V0]*[жз]$

	мен(ен)
	C1
	V0
	[V0][ую]*$|[V0][^V0ую]*[C1ую]$|^[^V0ую]*[C1ую]$

	пен(ен)
	C2
	V0
	[V0][^V0ую]*[C2]$|^[^V0]*[C2]$

	ба
	{жзмнң}
	V1
	[V1][^V0ую]*[жзмнң]$|^[^V0ую]*[жзмнң]$

	бе
	{жзмнң}
	V2
	[V2][^V0ую]*[жзмнң]$|^[^V0ую]*[жзмнң]$

	ма
	{йлрую}
	V1
	[V1][ую]*$|[V1][^V0ую]*[йлрую]$|^[^V0ую]*[йлрую]$

	ме
	{йлрую}
	V2
	[V2][ую]*$|[V2][^V0ую]*[йлрую]$|^[^V0ую]*[йлрую]$

	па
	C2
	V1
	[V1][^V0ую]*[C2]$|^[^V0ую]*[C2]$

	пе
	C2
	V2
	[V2][^V0ую]*[C2]$|^[^V0ую]*[C2]$

	да
	{C1жзую}
	V1
	[V1][ую]*$|[V1][^V0ую]*[C1жзую]$|^[^V0ую]*[C1жзую]$

	де
	{C1жзую}
	V2
	[V2][ую]*$|[V2][^V0ую]*[C1жзую]$|^[^V0ую]*[C1жзую]$

	та
	C2
	V1
	[V1][^V0ую]*[C2]$|^[^V0ую]*[C2]$

	те
	C2
	V2
	[V2][^V0ую]*[C2]$|^[^V0ую]*[C2]$

	ғана
	{C1жзую}
	V0
	[V0][ую]*$|[V0][^V0ую]*[C1жзую]$|^[^V0ую]*[C1жзую]$

	қана
	C2
	V0
	[V0][^V0ую]*[C2]$|^[^V0ую]*[C2]$



[bookmark: _Toc54712168]2.3.1 The basic approach
In the basic approach, we rely solely on regular expressions. The algorithm here is extremely simple: if the current token (a word-numeric string or a single character that is neither a letter nor a number) of the input is one of the particles/conjunctions, the corresponding regular expression is applied to the previous word-numeric string (punctuation and other characters are skipped). The particle/conjunction is considered to be used correctly, if there is a match and incorrectly otherwise.
The disadvantage of this approach is the impossibility of handling exceptions. For example, in the case of proper names such as “Тур де Франс” (Tour de France) or “Хусейн бен Талал” (Hussein bin Talal), this method will count as an error. Since in the above examples the words "де" and "бен" are not particles/conjunctions of the Kazakh language, but only coincide with them in form, they should be ignored. Numbers are another exception, for example, in the sentence “17 ғана қалды”  (“there are only 17 left”) the particle “ғана” is used correctly, but the basic approach will consider such usage wrong.
[bookmark: _Toc54712169]2.3.2 The improved approach
To eliminate the shortcomings of the basic approach, we use the Random Forrest machine learning algorithm [57], implemented in the scikit-learn library [59] for the Python language. For classification, we use the following five features:
· which symbol out of the following does the previous word ends with: soft/hard sign, dot (abbreviation) or the Latin (English) alphabet letter;
· case of the previous word: all caps, capitalized (first letter), lower case;
· does the corresponding regular expression match the previous word;
· are there any non-alphanumeric characters between the previous word and the particle/conjunction;
· case of the previous word: all caps, capitalized (first letter), lower case, no case (if non-alphanumeric character).
Additionally, if the previous word is a number in a character notation, we “write it down in words” before extracting the features, i.e. in the example "17 ғана қалды" the signs are extracted from the word "жеті" (seven), since it will be preceding "ғана".

[bookmark: _Toc54712170]2.4 Experiments and results
[bookmark: _Toc54712171]2.4.1 Data collection and preprocessing
We used a sample of 96,200 news articles collected from 15 websites as our data source. Each occurrence of any of the particle/conjunction (together with five words/symbols/numbers on the left and right) was saved in the dataset of the corresponding group of particles/conjunctions, for example, the occurrence of the particle "ба" was saved into the set "ба, бе, ма, ме, па, пе". After that, repetitions were removed and with the basic approach (rule-based method) each particle/conjunction was checked for phonetic consistency as described in the previous subsection. All cases marked as an error were rechecked by us and marked as correct if the method was inaccurate. For example, “де” in “Тур де Франс” was recognized as a phonetically inconsistent particle, and since “de” in this context is not a Kazakh word at all, the example was relabeled by us as correct. In this way negative and positive teaching examples were reliably identified for each group of particles/ conjunctions. Since there were much more positive (when everything was consistent) training examples in each dataset, we reduced their number by randomly selecting and removing as many positive training examples as was required for the negative examples to account for one fourth of the data set. Detailed statistics for the resulting datasets are shown in table 2.3.
Table 2.3 – Datasets
	Particle/conjunction
	Training examples

	
	Positive
	Negative
	Total

	бен(ен), мен(ен), пен(ен)
	3279
	1093
	4372

	ба, бе, ма, ме, па, пе
	584
	196
	780

	да, де, та, те
	486
	162
	648

	ғана, қана
	438
	146
	584



[bookmark: _Toc54712172]2.4.2 Experiments
We apply both of our approaches to each set of particles/ conjunctions data separately. In other words, four experiments are performed for each approach. For the improved approach, a 10-fold cross validation is performed where a dataset is randomly divided into ten parts, nine of which are used for training and one for evaluation. The evaluation is carried out for each of the ten parts with averaging of the final result. We use the following metrics as estimates: error precision (P) - the percentage of examples correctly identified as an error; error recall (R) - percentage of correctly identified errors; F-metric of error (error F-score) - harmonic mean of P and R; overall accuracy is the percentage of correctly recognized examples (both positive and negative).
[bookmark: _Toc54712173]2.4.3 Results
Table 2.4 contains the results of evaluating the basic approach. As can be seen from the table, this method achieves the best results with values of 98-99% across all metrics when working with the “ба, бе, ма, ме, па, пе” particles. Also, a fairly high accuracy of 96.7% is achieved when correcting the "ғана, қана" particles, but at the same time the sensitivity to errors is lower and amounts to 89.4%, that is, approximately in one case out of ten this method erroneously evaluates the correctly used particle wrong. This indicator turns out to be even lower for the "бен(ен), мен(ен), пен(ен)" conjunctions and the "да, де, та, те" particles - and 49.9% and 49.4%, respectively. This is for a reason, which has already been mentioned several times, when parts of proper names such as "Tour de France" and "Hussein bin Talal" are mistaken for an incorrectly used conjunction/particle.
Table 2.4 – The basic approach results
	Particle/conjunction
	Error precision, %
	Error recall, %
	Error F1, %
	Accuracy, %

	бен(ен), мен(ен), пен(ен)
	49.9
	100.0
	66.6
	74.9

	ба, бе, ма, ме, па, пе
	98.0
	99.0
	98.5
	99.2

	да, де, та, те
	49.4
	100.0
	66.1
	74.4

	ғана, қана
	89.4
	98.6
	93.8
	96.7



It is for the recognition of such cases in the training model of our improved approach that we included the signs encoding the case of letters of the previous and subsequent words. The results of the improved approach are shown in table 2.5.
Table 2.5 – The improved approach results
	Particle/conjunction
	Error precision, %
	Error recall, %
	Error F1, %
	Accuracy, %

	бен(ен), мен(ен), пен(ен)
	89.9
	97.5
	92.6
	90.6

	ба, бе, ма, ме, па, пе
	99.5
	100.0
	99.8
	99.9

	да, де, та, те
	92.0
	54.4
	67.9
	87.2

	ғана, қана
	100.0
	100.0
	100.0
	100.0



To begin with, we note that looking at the results, we can say that this approach lived up to its name and improved the basic approach, improving the latter's performance for all metrics in all particle/conjunction categories, with the exception of error coverage in the “бен(ен), мен(ен), пен(ен)" and "да, де, та, те". Nevertheless, even the excellent results of the basic approach for the particles "ба, бе, ма, ме, па, пе" were improved on average by 1%, and for the particles "ғана, қана" an ideal result was achieved in all metrics. However, the most interesting are the results achieved when working with "hard" particles/conjunctions.
Indeed, when correcting the conjunctions " бен(ен), мен(ен), пен(ен)" and particles " да, де, та, те ", with which the basic method had great difficulties, the improved method achieves acceptable sensitivity indicators (89.9% and 92.0%, respectively), and also provides an increase in overall accuracy by 15.5% and 12.8% (in absolute terms). Nevertheless, the situation with the error coverage for particles “да, де, та, те” is worse, since only a little more than half (54.4%) of cases of incorrect use of these particles are recognized by this method as errors. This fact may indicate that the feature that checks the observance of phonetic rules is the strongest predictor of the erroneous use of particles, and the additional contextual features we added to the improved model, such as the case of letters of adjacent words, are deterring factors that provide high sensitivity. Unfortunately, in many machine learning tasks, low coverage is usually the price to pay for high sensitivity. Note also that a trivial way to provide 100% coverage for any value of the dependent variable is to assign this value to all examples in the control sample. In other words, if we wanted to provide perfect error coverage, we could not resort to any machine learning methods or rule checking, but simply consider all the particles/conjunctions.

[bookmark: _Toc54712174]2.5 Short conclusion
We have developed a module for correcting the grammar of the Kazakh language. The task of grammar correction was set as a check of language constructions, for compliance with phonetic rules. In particular, we have considered four groups of phonetically dependent conjunctions of particles: interrogative particles "ба, бе, ма, ме, па, пе"; conjunctions "бен(ен), мен(ен), пен(ен)"; particle-conjunctions “да, де, та, те”; particles "ғана, қана".
To solve the problem, two approaches were implemented. The basic approach is based on the application of the phonetic rules of the Kazakh language, compactly formulated in the form of regular expressions. The improved approach is based on training an ensemble of decision trees using the result of the basic approach as one of the features. Experimental results have shown that these approaches complement each other. Although the basic approach finds 98% to 100% errors (high coverage), it also considers more than half of all correct cases to be wrong. The improved approach, on the contrary, can miss up to 45% of errors, but produces no more than 10% of false negatives. In terms of overall accuracy (the proportion of correctly identified cases, both erroneous and correct), the approaches achieve results in the range of 75% - 99% (basic) and 87% - 100% (improved).


[bookmark: _Toc54712175]3 Development of the named entity recognition module based on artificial neural networks
[bookmark: _Toc54712176]3.1 Task
Over the past decade, tremendous progress has been made in natural language processing with the advent of machine learning approaches and the availability of computational resources to store and process huge amounts of data. If most of the unstructured textual data available not only from traditional media, but also from social networks can be structured, this would make it possible to gain rich knowledge from the collected data. The named entity recognition is a major challenge for providing important information from semi-structured and unstructured text sources.
This work will present one of the well-known solutions to the problem of recognition of named objects for the Kazakh language using conditional random fields (CRF). We also used a hybrid approach combining the bidirectional LSTM model and the CRF model. The hybrid approach was applied to the vector representation of words.
For experiments, a corpus was built with tags such as location, organization, names and others. This task is due to the objectives of the project to develop tools for processing text in the Kazakh language, of which this work is a part. There is no doubt that there is no novelty in the approach, but that was not the goal. The goal is to experiment with methods based on statistical and neural network approaches and test how they deal with agglutinative Kazakh language.

[bookmark: _Toc54712177]3.2 Existing solutions
The history of the NER task begins with the Sixth Conference on Message Understanding (MUC-6) in 1996 [60], where tasks were focused on information extraction. In the process of setting goals, it looked like a separate task when extracting objects from documents. To define an entity, the term named entity was coined and the task was named as named entity recognition. Previous research on the extraction of information from unstructured texts was conducted to determine the significance of "pieces of information" such as the names of people, organizations, locations, and numeric expressions such as time, date, money, and percentages.
There are several research done on NER for many other languages. For a thorough overview of the work on NER, the reader is encouraged to refer to the recent review by [61].
This section is limited to a brief overview of research on NER for the Kazakh language [62, 63]. In a previous paper, the authors argue that their CRF-based model and features derived from the results of the morphological analysis approach significantly improve system performance from 69.91% to 89.81% in F1. They built a dataset for NER that consists of 18054 sentences. In a later work, the authors applied neural network methods on their corpus.

[bookmark: _Toc54712178]3.3 Methodology
This section provides a brief overview of the methods that were applied to the corpus in this task. CRF and LSTM were chosen as the primary approach for defining the named entities represented in the proposal.
[bookmark: _Toc54712179]3.3.1 Conditional random fields 
Conditional random fields (CRF), a discriminatory probabilistic model, are most often used to solve the tagging and segmentation problems of sequences [64]. Since CRF is a supervised machine learning algorithm, it requires a training sample of sufficient size to train it. CRF can be context sensitive; for example, a linear chained CRF can predict label sequences for input data sequences, while a discrete classifier predicts labels for only one sample. The formula below is for CRF where y is the output variable and X is the input sequence:

                                                  (3.1)

The sequence of output samples is modeled as the normalized product of the function.
[bookmark: _Toc54712180]1.3.2 Long short-term memory neural networks 
Another important strategy for building a high-performance deep learning method is to understand what type of neural network is best for solving the NER problem, given that text is a sequential data format. However, not every type of LSTM can handle this task, since using a standard LSTM will only take into account the "past" information in the text sequence. We need to use bidirectional LSTMs for NER as the context covers sequential and future labels in sequence. A bidirectional LSTM is a combination of two LSTMs, one moving forward "from right to left" and the other backward "from left to right" [65].
[bookmark: _Toc54712181]1.3.3 Hybrid LSTM-CRF model
Given an input sequence = (), that is, the words of the sentence and the sequence of output states = (), that is, tags of the named object. In conditional random fields, we have modeled the conditional probability that the output sequence of states gives the input sequence:

                                                          (3.2)

We did this by defining a feature map that covers the entire input sequence  paired with the complete sequence of states  into some dimensional feature vector:

                                                  (3.3)
Then we can model the probability as a log-linear model with a vector of parameters   as:

 ,                                             (3.4)

where,  covers all possible output sequences. The expression  =  can be considered as an estimate of how well a sequence of states matches a given input sequence. The idea is to replace the linear scoring function with a nonlinear neural network. We define  as:

,                   (3.5)

where  and  are the weight vector and displacement corresponding to the transition from  to , respectively. After constructing this scoring function, we can optimize the conditional probability , as in a normal CRF, and propagate it back [66].

[bookmark: _Toc54712182]3.4 Dataset
The dataset is collected from the kazdet corpus: NLA-NU Kazakh Bank of Dependency Trees [67], which is annotated for lemma, part of speech, morphology and dependency relations in accordance with Universal Dependency 2 and is stored in the UD-native CoNLL-U format. As of December 2018, the bank contains ~ 61 thousand sentences and ~ 934.7 thousand tokens. It is a fairly large corpus with many annotations. However, there are no annotations for the task of recognizing named entities. 29629 sentences were extracted from the kazdet corpus, which contain at least one proper noun containing only part of speech tags. After that, a corpus (kazNER) was created for the NER problem.
Since IOB tags have become the standard way of representing chunk structures in files, the kazNER corpus is in this format. The IOB tag format contains tags of the form: B - {TAG_TYPE} - for a word in the initial segment; I - {TAG_TYPE} - for words inside a segment; O - outside any segment.
IOB tags are further classified into the following classes: LOC = Location of the object; ORG = Organization; PER = Person's name; OTH = any other named entity such as pet name, book title, etc. Figure 3.1 shows the distribution of words by tags with the O tag (outside of any fragment) and without it.
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	Figure 3.1 –  Distribution of words by tags with (left) and without (right) tag O






[bookmark: _Toc54712183]3.5 Experiments and results
In order to use the techniques mentioned in the Methodology section, one must provide a set of features for correct tag recognition. The CRF method takes into account the context, an approximate set of features such as uppercase letters, word type (title, line, number), word length, alphabet characters will be presented to build these models. Sklearn-crfsuite [59] allows extracting features of a word as a dictionary ready for use with the model: current words, previous words, next words, current POS tags, previous and next POS tags
The Stanford NLP team applied these features when using CRF for the NER problem [68].  Signs such as uppercase letter, lower letter, digit have been extracted for the current, previous and next word. In addition to the recommended ones, features such as istitle, iscamelcase, isabbv, has_hyphen have been added to the set. The CRF model uses the LGBFS (Gradient Descent Using L-BFGS) algorithm with an ordered elastic net (C1 + C2). The elastic regularization grid values ​can be tuned ​to test their impact on performance. Initially, initial values ​​were chosen as C1 = 0.1 and C2 = 0.1 for the CRF model (CRF1). Then the parameters were adjusted as C1 = 10 and C2 = 0.1 (CRF2). The third experiment (CRF3) used Randomized CV Search, which is an exhaustive grid search of all parameter combinations.
In a hybrid approach that combines the bidirectional LSTM model and the CRF model, we match sentences to a sequence of numbers and then augment the sequence. Note that we have increased the word index by one to use zero as the padding value. This is because we want to use the mask_zero parameter of the embedding layer to ignore inputs with a value of zero. The model is trained using a backpropagation algorithm. Parameter optimization is done with rmsprop. The hyperparameters are selected based on the performance of the development dataset.
The f1 metric will be used to evaluate the performance of the model, as precision is not a good metric for an unbalanced kazNER dataset.
Table 3.1 shows that the CRF classifier performs excellently. After optimization, it can be seen that lower elastic network regularization values (C1 + C2) lead to the best model performance - especially for C1. The cross-validated randomized search model shows a decent f1 with 0.95 overall without the "O" tag.
Table 3.1 –  F1-score on the test set of models for the NER problem
	Model
	B-PER
	I-PER
	B-LOC
	I-LOC
	B-ORG
	I-ORG
	B-OTH
	I-OTH
	Overall
With «O»
	Overall
Without «O»

	CRF1
	0.97
	0.97
	0.96
	0.90
	0.80
	0.69
	0.70
	0.60
	0.99
	0.92

	CRF2
	0.90
	0.92
	0.89
	0.85
	0.72
	0.59
	0.47
	0.34
	0.98
	0.85

	CRF3
	0.98
	0.98
	0.98
	0.92
	0.87
	0.81
	0.82
	0.76
	0.99
	0.95



Table 3.2 shows the results of the experiment on the hybrid model LSTM-CRF. The results look pretty good and it doesn't require any design specifics compared to the CRF model. The advantage of CRF is not very noticeable here, but if we had a dataset with more complex named objects, it would certainly be a good result.
Table 3.2 – Performance on a test set of hybrid LSTM-CRF models
	Tags
	Precision
	Recall
	F1-score

	ORG
	0.73
	0.73
	0.73

	PER
	0.90
	0.93
	0.91

	LOC
	0.92
	0.94
	0.93

	RES
	0.58
	0.69
	0.63

	Average
	0.86
	0.89
	0.88



[bookmark: _Toc54712184]3.6 Short conclusion
Since NER relies on a large corpus, neural networks are very efficient at finding named objects in the data to provide a superior NER model. Using modern techniques such as combining LSTM and CRF neural networks is simple and often gives good results, there are some potential drawbacks [69]. If we did not see the word during the precomputation, we have to encode it as unknown and infer its meaning from the words surrounding it. Often the word postfix or prefix contains a lot of information about the meaning of the word. Using this information is very important if we are dealing with texts that contain many rare words and expect many unknown words during output. To encode information at the character level, we will use character embedding and LSTM to encode each word into a vector. We can use pretty much anything that creates a single vector for a sequence of characters representing a word.


[bookmark: _Toc54712185]4 Development of the secondary normalization module based on artificial neural networks
[bookmark: _Toc54712186]4.1 Task
With the rise of social media, custom text data has reached unprecedented sizes. As part of the project, we strive to provide tools for processing real-world data, including user generated content (UGC), that is, tweets, comments, dialogues on Internet forums, etc. This type of text is considered difficult to process due to the high level of noise, i.e. it is far from the standards of the literary language. Known examples of such noise include non-traditional spellings such as duplication (керемееет) or abbreviated (крмт) letters; merging ([не] [деген] [керемет]) or segmentation of words (к-е-р-е-м-е-т), the use of emoji (, ) and their symbolic counterparts [:), : (] not speaking already about “spontaneous” transliteration, when Kazakh words are written in alternative alphabets without observing certain standards, for example, the word «біз» can be written as «быз», «биз» or «biz».
The secondary normalization tool is designed to edit such texts to match the standard language. All these properties of UGC significantly reduce the accuracy of NLP tools, so in practice UGC is often normalized, that is, brought to literary language standards. Consequently, non-canonical text normalization is considered the main preprocessing stage of almost all NLP tasks.
Currently, we can automatically normalize noisy texts using neural networks and a machine translation approach, so as not to depend on external linguistic resources and manually defined rules.  

[bookmark: _Toc54712187]4.2 Existing solutions
With the rapid growth of content on social media, text normalization has gained increasing attention in the past decade, with a focus on converting noisy non-standard tokens in informal text into standard vocabulary words. Spell checking plays an important role in this process as it can be seen as an initial attempt at text normalization. [70–72], it was proposed to use a framework with noisy channels to generate a list of corrections for any misspelled word, ranked according to the corresponding posterior probabilities.
The work of [73] refined this structure by computing the likelihood function as a noisy token and its associated tag would be generated by a specific word. However, spell-checking algorithms are in most cases ineffective for this type of data because they do not account for phenomena in informal text. For example, some previous work  [74] has instead focused on sporadic typographical errors using edit distance  [75] in conjunction with modeling pronunciation.
A noisy channel model based on spell editing distance using the web to generate a large set of auto-generated (noisy) pairs that will be used for training and for spelling suggestions  [76]. Even though they use the Web for gathering, they do not focus on informal text, but rather unintentional misspellings. [77] combined the noisy channel model with a rule-based final transformer and obtained acceptable results for French SMS. [78] used weighted finite state machines (FSM) and rewrite rules to normalize French SMS; [79] focused on tweets generated with mobile phones and developed a CRF tagger for deletion-based reduction.
Recent work has also focused on normalizing Twitter messages, which is generally considered a more challenging task. Han et al. [80] developed classifiers to detect malformed words and generated corrections based on morphophonic similarities. Liu et al. [81] proposed to normalize non-standard tokens without explicitly categorizing them. In [82], it was shown that different populations exhibit different styles of shortening.
The above approaches rely almost heavily on external linguistic resources and manually defined rules. A wide range of NLP tasks shows promising results using neural networks. The encoder-decoder architectures [83, 84] exceeded expectations in machine translation [85], dialogue generation [86], summarization [87], question answering [88]. Hence, it makes sense to wonder if the Seq2Seq models are suitable for the normalization task.
Work of [89] applied the encoder-decoder architecture that uses Recurrent Neural Network (RNN) based on Gated Recurrent Unit (GRU) for Japanese text normalization. They improved the performance of Japanese text normalization by performing a stable training of the encoder-decoder model with a new method for data augmentation. [90] applied a normalization method based on word-character attention-based encoder-decoder model on noisy text in social media. They state that the presented character-based component, which is trained on synthetic adversarial examples, shows a significant result. [91] normalized Swiss German WhatsApp messages using the encoder-decoder model. They argue that the flexibility of the encoder-decoder model provides for using same training data in different ways. Particularly, the modification was made in the part of decoding by introducing different levels of granularity in the language of the target side: characters and words. [92] explored the possibilities of using machine translation techniques to normalize noisy Turkish texts. They trained character-based translation model with synthetic parallel data. The experiments were conducted both on statistical and neural machine translation methods to compare the obtained results. 
Our work is closely related to [92]. In this task, we use machine translation techniques to normalize Kazakh texts on social media. To build machine translation systems, we need a large parallel corpus with collection of aligned sentences in canonical and non-canonical forms. Although it is currently popular to create unsupervised (unsupervised) machine translation systems without a parallel corpus, nevertheless, their performance is still lower for use in real applications. In this work, we also used both statistical and neural machine translation approaches for the normalization problem.

[bookmark: _Toc54712188]4.3 Data collection and annotation
We used a machine translation approach to develop a secondary normalization tool. In our previous work, we had experience in building a parallel corpus, as well as building machine translation systems. For the normalization task, our parallel corpus will be the original raw comments and the revised comments by annotators. More precisely, the source side will be the unprocessed comments, and the target side will be the revised comments. To create a corpus for this task, at the beginning we collected comments from news web pages: nur.kz, tengrinews.kz and zakon.kz. The comments were divided into language groups: Kazakh, Russian and mixed. 
We then removed the perfect comments, which are free of errors, since it does not make sense to have correct comments on our machine translation approach. In addition, it takes time for annotators. To sort the ideal comments, we used texts from the official news web pages, in which we believe there are no errors. We compare them, if all the words of our comments are in this text, then this comment is considered ideal. 
Some comments may contain multiple sentences, so we split longer comments into multiple sentences. Finally, we split these comments equally into two groups for our two annotators. The statistics are shown in Table 4.1.
Table 4.1 – Data set statistics from news portals
	Total
	Stripped of perfect comments
	After splitting long comments
	Ideal comments
	Annotator 1
	Annotator 2

	doc
	tok
	doc
	tok
	doc
	tok
	doc
	tok
	doc
	tok
	doc
	tok

	17181
	237092
	12896
	192853
	19799
	192853
	4285
	44239
	7287 
	96192
	10072
	96189



Beside comments from news portals, additional comments were collected from social networks. The Kazakh-speaking audience of commentators is most active on social networks like Facebook and Instagram. The analysis shows the main share of comments in the Kazakh language falls on such Facebook groups as OnlineQazaqstan (367,920 members at the time of analysis), newspaper "Қала мен Дала" (97,685 members at the time of analysis). Based on the above, the Kazakh-speaking segment of the social network Facebook was selected for the source of collecting text data. 
The Facebook platform itself offers an HTTP-based Graph API tool for uploading and downloading data. The API Graph name emphasizes the relationship of this API to the "social graph" - the presentation system on Facebook.
The Graph API consists of the following elements: nodes, context boundaries, fields. You can use nodes to retrieve data about a specific object, context boundaries allow you to collect collections of objects associated with an individual object, and fields help you get information about an individual object or each object in a collection.
The Graph API is based on the HTTP protocol and works with any language that has an HTTP library (e.g. URL, urllib). In other words, the Graph API can be used right in the browser.
Despite the fact that the Facebook platform offers its own api for accessing data, there have been some serious restrictions over the past few years. In order to unload posts and comments from groups or open pages, you must have administrator rights or request special permission, which consists of some complex procedures.
Therefore, to solve problems, one has to resort to methods of analysis using parsers. For this case, Beautiful Soup was chosen, a parser for parsing HTML / XML files written in the Python programming language.
Using BeautifulSoup, they were compiled in the following format:
Post: -id - identifier; -text - the main text of the post.
Comment: -id - identifier; -parentId– parent element identifier (it can be a post or comment); -text - the main text of the comment.
Based on the results of processing the received data, a total of 10,014 comments were received. The statistics of the dataset from social media is presented in Table 4.2.
Table 4.2 – Social media dataset statistics
	Source
	Number of posts
	Number of comments

	Online Qazaqstan
	17
	3287

	Газета «Dala men Qala»
	18
	1490

	Kaspi.kz
	8
	1897

	Stan.kz
	29
	3340

	Итого
	72
	10 014



After the annotation process, the datasets were further processed. Some very long comments are split into several parts, mostly by sentence. Comments in Russian were removed. After these preprocessing, 27005 comments remained. We used 90% of these comments for training and the rest for testing. Statistics are shown in Table 4.3.
Table 4.3 – Final data statistics
	Parallel comments
	Train set
	Test set

	27005
	24305‬
	2700



[bookmark: _Toc54712189]4.4 Methodology
In this project, we explored the potential of using machine translation methods to normalize non-canonical texts in Kazakh. Therefore, we conducted both statistical (see previous report for 2019) and neural based normalization approaches in order to compare the results. 
The SMT method was chosen as a baseline experiment. A pretty standard set of tools was used in this pipeline. The plan was to build scalable NLP tools in Python, so we built phrase-based statistical machine translation systems, since among the various methods, phrase-based methods have shown high performance. We used n-gram language models, in particular 3-gram models. The decoding process was implemented using the beam search stack decoding algorithm.
Inspired by advances in neural machine translation (NMT), we applied end-to-end neural network models, in particular sequence-sequence (Seq2Seq) models to the secondary normalization task.  Seq2Seq models have ability to convert sequences from one domain (e.g. sentences in non-canonical form) to sequences in another domain (e.g. the same sentences in canonical form). Its feature to capture any useful contextual information in a sentence can be used in text normalization task. This eliminates the need for language-specific tools except the sufficient training data. 
We built our Seq2Seq model using the Keras library [93].  Firstly, the combination of the train and test datasets was used to define the maximum length and vocabulary of the problem. We map words to integers, as needed for modeling. Separate tokenizer was used for the source sequences and the target sequences. Each input and output sequence must be encoded to integers and padded to the maximum phrase length, since a word embedding was used for input sequences and one-hot encoding for output sequences. 
 We use an encoder-decoder LSTM model on this problem. In this architecture with 2-layer LSTM encoders and decoders, the input sequence is encoded by a front-end model called the encoder then decoded word by word by a backend model called the decoder. The model is trained using the efficient Adam approach to stochastic gradient descent and minimizes the categorical loss function because we have framed the prediction problem as multi-class classification. The architecture of the model can be seen in Figure 4.1.

[bookmark: _Toc54712190]4.5 Experiments and results
To assess the quality of translation, we used a widely used measurement - BLEU (A Bilingual EvaluationUnderstudy) [94].  The main idea behind this metric is to determine the n-gram match between the translated candidate and the link. After translation, we compared our translated test set with an original test set. This result can be viewed in Table 4.4.


Table 4.4 – Final results
	Model
	BLEU score

	SMT
	21.67

	NMT
	29.74




[image: ]
Figure 4.1 – Plot of Model Graph for NMT

[bookmark: _Toc54712191]4.6 Short conclusion
In this work, we used a machine translation approach to normalize comments. To create machine translation systems, we first collected comments from news portals and social networks. We then corrected these comments with annotators. A total of 27005 comments were collected and corrected. The original raw comments are treated as the sourceside, and the revised comments are treated as the targetside in our parallel corpus. Using these comments, we have created the phrase-based statistical machine translation system as a baseline system. Furthermore, we applied word-based sequence-sequence models to the secondary normalization task in order to compare statistical and neural network approaches. The statistical method shows 21.67 BLEUs on the test set, whereas sequence-sequence model obtained approximately 30 BLEU score. The later technique improves the performance of the normalization task significantly. In average, the both results can be viewed as an average performance. The reason for this phenomenon may be related to sparse datasets. To solve this problem, in the future we are going to add more comments to our parallel dataset. Moreover, we will conduct experiments with sequence to sequence models with attention mechanism as well as character-based models.  

[bookmark: _Toc54712192]CONCLUSION
In this work, research on text processing was carried out in four areas - a syntactic analyzer, grammar correction, named entities recognition and secondary normalization of texts in the Kazakh language.
In this work, we have created a parser based on artificial neural networks implemented in the Stanza package. To train the model, we used our own corpus with syntactic labeling. In addition, we used Facebook's text corpus to create a vector representation of words. As a result of training, a high quality model was obtained - 88.62%, exceeding the quality of the popular UDPipe tool (87.90%), and also significantly superior to the original basic system in Stanza (44.33%). Note that the decisive factor for such a high result was the volume and quality of data, which is a prerequisite for the success of the application of approaches using artificial neural networks.
A module for correcting the grammar of the Kazakh language was also developed. The task of grammar correction was set to check the language constructions, for compliance with phonetic rules. In particular, we have considered four groups of phonetically dependent conjunctions of particles: interrogative particles "ба, бе, ма, ме, па, пе"; unions "бен, мен, пен"; particle-conjunctions "да, де, та, те"; particles "қана, ғана". To solve the problem, two approaches were implemented. The basic approach is based on the application of the phonetic rules of the Kazakh language, compactly formulated in the form of regular expressions. The improved approach is based on training an ensemble of decision trees using the result of the basic approach as one of the features. In terms of overall accuracy (the proportion of correctly identified cases, both erroneous and correct), the approaches achieve results in the range of 75% - 99% (basic) and 87% - 100% (advanced).
Next, a hybrid model was presented for the named entity recognition (NER) problem based on the LSTM and CRF neural networks for the Kazakh language. The results look pretty good and it doesn't require any design specifics compared to the CRF model. The average quality of the model according to the F1 metric was 88%, which is comparable to the existing models for the NER problem. Using modern techniques such as combining LSTM and CRF neural networks is simple and often gives good results, although there are some potential disadvantages. The main disadvantage is the lack of a large amount of labeled data, which requires large resources to create it. Of course, we see collecting and labeling data as future work to improve the quality of the developed model.
Finally, in the task of secondary text normalization, we used a machine translation approach. To create machine translation system, we first collected comments from news portals and social networks. We then corrected these comments with annotators. A total of 27005 comments were collected and corrected. These datasets are our parallel corpus: in the machine translation approach, the original raw comments are treated as the source and the revised comments are treated as the target. Using these comments, we created a phrase-based statistical machine translation system as a base system. In addition, we applied word-based sequence-to-sequence models to the secondary normalization problem to compare the statistical and neural network approaches. The statistical method shows 21.67 BLEUs on the test set, while the sequence-to-sequence model gives 29.74 BLEUs. The neural network method significantly improves the performance of the normalization task. On average, both results can be viewed as averages. The reason for this phenomenon may be related to sparse datasets. To address this issue, we are going to add more comments to our parallel dataset in the future. In addition, we will be experimenting with sequence-to-sequence models with attention mechanisms as well as symbol-based models.
The results have been published in international peer-reviewed journals and conferences within the project. In particular, 2 articles were published in journals with a non-zero impact factor, indexed in the Scopus database; 2 articles were published in the local journals with a non-zero impact factor; 10 articles have been published in various international conferences. A complete list of published articles during the project is given in Appendix B. In Appendix C screenshots of the papers published in 2020 are given.
All developed modules are posted online on the demo site http://opendev.kz/kaznlp/, and the source code of the modules is available at https://github.com/nlacslab/kaznlp.
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TECHNICAL SPECIFICATIONS AND
CALENDAR PLAN
Under contract No. _______ dated __________________2018

Private institution "National Laboratory Astana"

1.1 By priority: Information, telecommunications and space technologies, scientific research in the field of natural sciences
1.2 By sub-priority: Intelligent information technologies - Speech technologies and computational linguistics
1.3 On the topic of the project: №AP05134272 "Development of free open source software tools for automatic processing of texts in the Kazakh language"
1.4 The total amount of the project is 45,000,000 (forty-five million) tenge, including with a breakdown by years, for the performance of work in accordance with paragraph 3:
- for 2018 - in the amount of 15,000,000 (fifteen million) tenge;
- for 2019 - in the amount of 15,000,000 (fifteen million) tenge;
- for 2020 - in the amount of 15,000,000 (fifteen million) tenge.

2. Characteristics of scientific and technical products by qualification characteristics and economic indicators
2.1 Direction of work: speech technology and computational linguistics.
2.2 Scope: for research and development of applied software in the field of automatic word processing.
2.3 End result:
- for 2018:
The following tools (modules) will be developed:
1) module of primary text normalization;
2) a graphematic analyzer module;
3) language definition module;
4) a morphological analyzer module based on final converters;
5) a morphological tagger module based on a statistical approach.
- for 2019:
The following tools (modules) will be developed:
1) a morphological analyzer module based on a statistical approach or artificial neural networks;
2) module of morphological tagger based on artificial neural networks;
3) a parser module based on a statistical approach;
4) spelling correction module;
5) a module for extracting nominal entities based on a statistical approach;
6) a module for secondary text normalization based on a statistical approach.
- for 2020:
The following tools (modules) will be developed:
1) a syntactic analyzer module based on artificial neural networks;
2) grammar correction module;
3) a module for extracting nominal entities based on artificial neural networks;
4) a module for secondary text normalization based on artificial neural networks.
2.4 Patentability: None.
2.5 Scientific and technical level (novelty): Application of a deep learning approach using artificial neural networks for the analysis of text in the Kazakh language.
2.6 The use of scientific and technical products is carried out: by the Contractor.
2.7 Type of use of the result of scientific and (or) scientific and technical activities: in the form of software modules.

3. Name of work, terms of their implementation and results
	Code of the task
	Name of work under the Agreement and the main stages of its implementation
	Duration
	Expected results

	
	
	Start
	End
	

	1
	Developing the initial normalization module 
	January 2018
	November 1, 2018
	The initial normalization  module  will be developed

	2
	Developing the sentence-word tokenizer
	January  2018
	November 1, 2018
	The sentence-word tokenizer will be developed

	3
	Developing the
language identification module
	January  2018
	November 1, 2018
	The
language identification  module will be developed

	4
	Developing the
morphological analyzer
	January  2018 
	November 1, 2018
	The
morphological analyzer will be developed 

	4.1
	Developing the
morphological analyzer based on  Finite State Transducers
	January  2018
	November 1, 2018
	The
morphological analyzer based on Finite State Transducers will be developed

	5
	Developing the
morphological tagger
	January  2018
	November 1, 2018
	The
morphological tagger will be developed

	5.1
	Developing the
morphological tagger based on statistical approach
	January  2018
	November 1, 2018
	The
morphological tagger based on statistical approach will be developed

	4
	Developing the
morphological analyzer
	January  2019 
	November 1, 2019
	The
morphological analyzer will be developed 

	4.2
	Developing the
morphological analyzer based on artificial neural networks
	January  2019
	November 1, 2019
	The
morphological analyzer based on  artificial neural networks will be developed 

	5
	Developing the
morphological tagger
	January  2019
	November 1, 2019
	The
morphological tagger will be developed 

	5.2
	Developing the
morphological tagger based on  artificial neural networks
	January 2019
	November 1, 2019
	The
morphological tagger based on  artificial neural networks will be developed 

	6
	Developing the
syntactic parser
	January  2019
	November 1, 2019
	The
syntactic parser will be developed

	6.1
	Developing the
syntactic parser based on  statistical approach
	January  2019
	November 1, 2019
	The
syntactic parser based on  statistical approach will be developed

	7
	Developing the spelling checking and correction  module
	January  2019
	November 1, 2019
	The spelling checking and correction  module will be developed


	7.1
	Developing the spelling checking and correction  module (orthography)
	January  2019
	November 1, 2019
	The spelling checking and correction module (orthography) will be developed

	8
	Developing the
named entity recognition  module
	January  2019
	November 1, 2019
	The
named entity recognition  module will be developed 

	8.1
	Developing the
named entity recognition  module based on  statistical approach
	January 2019
	November 1, 2019
	The
named entity recognition  module based on  statistical approach will be developed 

	9
	Developing the
secondary normalization  module
	January 2019
	November 1, 2019
	The
secondary normalization  module will be developed

	9.1
	Developing the
secondary normalization  module based on statistical approach
	January 2019
	November 1, 2019
	The
secondary normalization  module based on statistical approach will be developed

	10
	Publication of the results of the projects
	September 2019
	November 1, 2019
	At least 1 (one) article will be published in peer-reviewed foreign scientific journals indexed in Web of Science or Scopus databases with a non-zero impact factor, at least 1 (one) publications in peer-reviewed foreign and domestic scientific journals with a non-zero impact factor

	6
	Development of the
syntactic parser
	January  2020
	November 1, 2020
	The
syntactic parser will be developed

	6.2
	Development of the
syntactic parser based on  artificial neural networks
	January  2020
	November 1, 2020
	The
syntactic parser based on  artificial neural networks  will be developed 

	7
	Developing the spelling checking and correction  module
	January  2020
	November 1, 2020
	The spelling checking and correction module will be developed

	7.2
	Development of the grammar correction module
	January  2020
	November 1, 2020
	The grammar correction module will be developed 

	8
	Development of the
named entity recognition module
	January  2020
	November 1, 2020
	The
named entity recognition module will be developed

	8.2
	Development of the
named entity recognition module  based on  artificial neural networks
	January  2020
	November 1, 2020
	The
named entity recognition module  based on  artificial neural networks  will be developed 

	9
	Developing the
secondary normalization module
	January  2020
	November 1, 2020
	The
secondary normalization module will be developed

	9.2
	Developing the
secondary normalization module  based on  artificial neural networks
	January  2020
	November 1, 2020
	The
secondary normalization module based on  artificial neural networks  will be developed

	10
	Publication of the results of the projects
	September 2020
	November 1, 2020
	At least 1 (one) article will be published in peer-reviewed foreign scientific journals indexed in Web of Science or Scopus databases with a non-zero impact factor, at least 1 (one) publications in peer-reviewed foreign and domestic scientific journals with a non-zero impact factor
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List of publications in 2018-2020

For 2020
Foreign (language of publication – English):
1. Yessenbayev Zh., Kozhirbayev Zh., Makazhanov A. KazNLP: a pipeline for automated processing of texts written in Kazakh language // Lecture Notes in Computer Science. — 2020. —Vol. 12335. — P. 657-666. (indexed in Scopus, IMPACT FACTOR=0.43, Q2)
2. Abilkassov Sh., Nurlybayev A., Soltan S., Kim A., Shpieva E., Yesmagambet N., Yessenbayev Zh., Shintemirov A., Facilitating Autonomous Vehicle Research and Development Using Robot Simulators on the Example of a KAMAZ NEO Truck // In Proc.: The 2020 IEEE Intelligent Transportation Systems Conference (ITSC). —2020. — P. 1869-1876. (indexed in Scopus)
3. Kozhirbayev Zh., Yessenbayev Zh. Kazakh text normalization using machine translation approaches // In Proc.: The VIII International Conference on Computer Processing of Turkic Languages (TurkLang 2020). — 2020. (in print)
Local (language of publication – Russian):
4. Kozhirbayev Zh., Yessenbayev Zh. Named Entity Recognition for the Kazakh language // Journal of Mathematics, Mechanics and Computer Science. — 2020. — Vol. 3(107). — P. 57-66. (indexed in KazBC, IMPACT FACTOR=0.068)

For 2019
Foreign (language of publication – English):
1. Zulkhazhav A., Kozhirbayev Zh., Yessenbayev Zh., Sharipbay A. Kazakh text summarization using Fuzzy logic // Computación y Sistemas. — 2019. — Vol. 23 (3). — P. 851-859. (indexed in Scopus, IMPACT FACTOR=0.19, Q3)
2. Kozhirbayev Zh., Yessenbayev Zh., Myrzakhmetov B. VITA Search - An Intelligent Multimodal Search and Archive System for Online Media Resources //  In Proc.: The 2019 IEEE 13th International Conference on Application of Information and Communication Technologies (AICT). — 2019. (indexed in Scopus)
3. Kozhirbayev Zh. CRF-based Named Entity Recognition for the Kazakh Language // In Proc.: The VII International Conference on Computer Processing of Turkic Languages (TurkLang 2019). — 2019. (in print)
4. Myrzakhmetov B., Assylbekov Zh., Takhanov R. Initial explorations on chaotic behaviors of Recurrent Neural Networks // Lecture Notes in Computer Science. — 2019. (in print)
Local (language of publication – Russian):
5. Kozhirbayev Zh., Yessenbayev Zh., Sharipbay A. Language identification in the spoken term detection system for the Kazakh language in a multilingual environment // Journal of Mathematics, Mechanics and Computer Science. — 2019.  — Vol. 96(4). — P. 88-98. (indexed in KazBC, IMPACT FACTOR=0.068)

For 2018
Foreign (language of publication – English):
1. Makazhanov A., Myrzakhmetov B., Assylbekov Zh. Manual vs Automatic Bitext Extraction // In Proc.: The Eleventh International Conference on Language Resources and Evaluation, (LREC). — 2018. — P. 1-6. (indexed in Scopus)
2. Kozhirbayev Zh., Erol B. A., Sharipbay A., Jamshidi M. Speaker Recognition for Robotic Control via an IoT Device // In Proc.: The 2018 World Automation Congress (WAC). — 2018. — P. 1-5. (indexed in Scopus)
3. Myrzakhmetov B., Yessenbayev Zh., Makazhanov A. Initial Normalization of User Generated Content: Case Study in a Multilingual Setting // In Proc.: The 2018 IEEE 12th International Conference on Application of Information and Communication Technologies (AICT). — 2018. — P. 6-10. (indexed in Scopus)
4. Z. Kozhirbayev, Z. Yessenbayev and A. Makazhanov, “Document and Word-level Language Identification for Noisy User Generated Text // In Proc.: The 2018 IEEE 12th International Conference on Application of Information and Communication Technologies (AICT). — 2018. — P. 11-15. (indexed in Scopus)
5. Myrzakhmetov B., Kozhirbayev Zh. Extended Language Modeling experiments for Kazakh // In Proc.: The TEL-2018. — 2018. — P. 1-5.  (indexed in Scopus)
6. Yessenbayev Zh. A Preliminary Work on Sentence Tokenization using ReinforcementLearning and Linguistic Resources // In Proc.: The VI-th International Conference on Computer Processing of Turkic Languages (TurkLang 2018). — 2018.  — P. 288-292.
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KazNLP: A Pipeline for Automated
Processing of Texts Written in Kazakh
Language

Zhandos Yessenbayev(®) Zhanibek Kozhirbayev, and Aibek Makazhanov

National Laboratory Astana, Nur-Sultan, Kazakhstan
{zhyessenbayev,zhanibek.kozhirbayev,aibek.makazhanov}@nu.edu.kz

Abstract. We present the current results of our ongoing work on
develop-ing tools and algorithms for processing Kazakh language in the
ramework of KazNLP project. The project is motivated by the need
in accessible, easy to use, cross-platform, and well-documented auto-
mated text processing tools for Kazakh, particularly user generated text,
which includes transliteration, code switching, and other artifacts of
anguage-specific raw data that needs pre-processing. Thus, apart from
a basic tokenization-tagging-parsing pipeline, and downstream applica-
tions such as named entity recognition and spell checking, KazNLP offers
pre-processing tools such as text normalization and language identifica-
tion. All of the KazNLP tools are released under the Creative Commons
icense. Since the detailed description of the methods and algorithms
hat were used in KazNLP are published or to be published in various
venues, reference to which is given in the corresponding sections, this
work provides just an overview of the tools and their performance level.

Keywords: Kazakh language - Natural language processing *+ Corpus
linguistics - Computational linguistics + Programming tools

1 Introduction

Kazakh language is the official language of the Republic of Kazakhstan, spoken
by over 12 million people. From the NLP point of view, Kazakh is an interesting
research object that presents several challenges as an agglutinative language with
complex morphology and a relatively free word order. However, NLP research on
this language is rather scarce, while demand in automated processing of Kazakh
text is rising. For example, consider automatic spellchecking, one of the clas-
sic NLP tasks. To our knowledge there are only two research papers [12,20]
that discuss spell-checking for Kazakh. Moreover, the method described in [12]
achieved only 83% accuracy, which was enough to outperform MS Word spell-
checking system. Thus, while Kazakh spellcheckers are far from being perfect,
there is almost no research in this direction. This is not surprising, because to
achieve high performance on many NLP problems for languages with complex
© Springer Nature Switzerland AG 2020

A. Karpov and R. Potapova (Eds.): SPECOM 2020, LNAI 12335, pp. 657-666, 2020.
https://doi.org/10.1007/978-3-030-60276-5_63
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morphology, one needs the very basic tools such as morphological analyzers and
taggers. To be fair, we admit that such tools exist for Kazakh, but as far as we
can tell, they are limited in access [7], ease of use [1,31], or the degree of readi-
ness (“raw” experimental systems) [16]. Moreover, existing tools are documented
either poorly or not at all and have not been evaluated on user generated text,
such as internet reviews and message boards.

To address these issues, we have developed KazNLP, an open source Python
library for processing Kazakh texts. KazNLP consists of the following mod-
ules, that can be used in isolation or in a pipeline: 1) initial normalization tool;
2) sentence-word tokenizer; 3) language identification tool; 4) morphological ana-
lyzer; 5) morphological tagger; 6) syntactic parser; 7) spelling checking and cor-
rection tool; 8) secondary normalization tool; 9) named entity recognizer. The
set of tools is chosen to strike a balance between research and engineering appli-
cations, and will, hopefully, be extended in the future. To facilitate efficiency
and performance trade-off, where possible, we have developed both statistical
and neural implementations. Importantly, we avoided any hard-coded rules, to
make the tools adaptable to the announced shift of the Kazakh alphabet from
Cyrillic to Latin. The code is released under the CC-SA-BY license (Creative
Commons Attribution 4.0), which allows any use, including commercial.

In what follows, we describe KazNLP in more detail. Specifically, Sect.2
describes the datasets and corpora used in the development of KazNLP. Section 3
provides an overview of KazNLP components and corresponding NLP tasks.
Section4 briefly describes the software package and the demo web service.
Finally, we draw conclusions and discuss future work in Sect. 5.

2 Text Datasets and Corpora

The development of KazNLP would not be possible without language resources
described below. All the datasets are available either online or upon request.

2.1 Kazakh Language Corpus

The Kazakh Language Corpus (KLC) [17] was collected to aid linguistics, com-
putational linguistics, and NLP research for Kazakh. It contains more than 135
million words in more than 400 thousand documents classified by genres into
the following five sections: 1) literary; 2) official; 3) scientific; 4) publicistic; 5)
informal language. KLC also has a portion of data annotated for syntax and
morphology. It should be noted that initially the syntactic tagset comprised a
compact set of syntactic categories, which were later improved during the devel-
opment of Kazakh Dependency Treebank [13] described next.

2.2 Kazakh Dependency Treebank

Another important linguistic resource that lays the grounds of the current work
is the Kazakh Dependency Treebank [13,14]. Following the best practices of the
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Universal Dependencies (UD) guidelines [23] for consistent annotation of gram-
mar, we have relabeled a part of KLC with lexical, morphological, and syntactic
annotation that can be used by computer scientists working on language pro-
cessing problems and by linguists likewise. The treebank contains about 61 K
sentences and 934.7 K tokens (of those 772.8 K alphanumeric), stored in the UD-
native CoONLL-U format. In addition, we annotated all the proper nouns of the
corpus with such labels as a person’s name, location, organization and others.

2.3 Other Datasets

To perform experiments on text normalization, language identification, and
senti-ment analysis, we used a data set of user generated text collected from
the three of the most popular Kazakhstani online news outlets, namely nur.kz,
zakon.kz, and tengrinews.kz [21]. The noisy data was corrected and labeled
semi-automatically resulting in total of 27,236 comments annotated for language
and sentiment. Positive and negative comments amounted to 5995 (22%) and
7409 (27.2%), respectively, with the rest being neutral. In terms of languages,
data set contains 63% of Kazakh texts, 34.4% of Russian texts and the rest is
mixed comments (i.e. code-switched between Kazakh and Russian).

3 KazNLP Components

3.1 Initial Normalization Module

User generated content (UGC) generally refers to any type of content created by
Internet users. UGC as a text is notoriously difficult to process due to prompt
introduction of neologisms, peculiar spelling, code-switching or transliteration.
All of this increases lexical variety, thereby aggravating the most prominent prob-
lems of NLP, such as out-of-vocabulary lexica and data sparseness. It has been
shown [6] that certain preprocessing, known as lexical normalization or simply
normalization, is required for them to work properly. Kazakhstani segment of
Internet is not except from noisy UGC and the following cases are the usual
suspects in wreaking the “spelling mayhem?”:

— spontaneous transliteration, e.g. Kazakh word “” can be spelled in three addi-
tional ways: 7, “7  and “biz”;

— use of homoglyphs, e.g. Cyrillic letter “” (U40456) can be replaced with Latin
homoglyph “i” (U+0069);

— code switching — use of Russian words and expressions in Kazakh text and
vice versa;

— word transformations, e.g.
words, e.g. “7or “ ?

W oW
)

instead of “” (great), or seg-mentation of

We have implemented a module for initial normalization of UGC. However,
unlike with lexical normalization [6], we do not attempt to detect ill-formed
words and recover their standard spelling. All that we really care about at this
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point is to provide an intermediate representation of the input UGC that will
not necessarily match its lexically normalized version, but will be less sparse.
Thus, we aim at improving performance of downstream applications by reducing
vocabulary size (effectively, parameter space) and OOV rate. To this end, initial
normalization does two things: (i) converts the input into a common script; (ii)
recovers word transformations and does various minor replacements. Our sim-
ple rule-based approach (using regular expressions and dictionary) amounts to
successive application of three straightforward procedures: (i) homoglyph reso-
lution - substitutes Latin letters with Cyrillic counterparts (ii) common script
transliteration - substitutes similar Latin and Cyrillic letters with common letter
(iii) replacement and transformation - applies regular expressions to correct ill-
formed word forms. It is difficult to perform a direct evaluation of this algorithm,
but an extrinsic evaluation can be found in our previous work [21].

3.2 Sentence-Word Tokenizer

Sentence segmentation is a problem of segmenting text into sentences for further
processing; and tokenization is a problem of segmenting text into chunks that for
a certain task constitute basic units of operation (e.g. words, digits, etc.). At first
glance, the problems might seem trivial, but this is not always the case, as many
standard punctuation symbols might be used in different contexts (abbreviations,
emoji, etc.), and the meaning of “tokens” and “sentences” may vary depending
on a task at hand. Thus, to solve sentence and token segmentation problems one
cannot blindly segment texts at the occurrences of certain symbols, and has to
resort to a more sophisticated approach.

We are aware of ready to use tools that can be adapted to Kazakh, such
as Punkt in NLTK [3], Elephant [4], and Apache OpenNLP [26]. However, they
mostly use hand-crafted features. The only free-distributed tokenizer for Kazakh
is based on the finite state transducer and is built into the morphological ana-
lyzer [31], which is not always convenient and necessary. Therefore, we decided to
implement our own module for sentence splitting and word tokenization, which
treats the problem as a single sequence labeling task.

The current version of KazNLP includes only HMM-based implementation of
the module, but we have also experimented with an LSTM-based approach. This
approach utilizes character embeddings, i.e. represent characters as vectors in a
multidimensional continuous space. We evaluated our method on three typologi-
cally distant languages, namely Kazakh, English, and Italian. Experi-ments show
that the performance on Fl-measure achieves 95.60% on sentence and 99.61%
word segmentation, respectively, for Kazakh language which is better than that
of popular systems like Punkt and the Elephant. An interested reader is referred
to our work in [30].

3.3 Language Identification Module

Language identification (LID) is the task of determining a language in which a
given piece of information is presented be it text, audio or video. Early works
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on LID for texts have achieved near perfect accuracy when applied to small sets
of monolingual texts, languages and domains, which led to a popular miscon-
ception that LID task was solved. The authors of [2] argue that LID is far from
being solved, and show that as number of target languages grows and documents
become shorter, performance of the standard methods drops. Another challenge
that the authors mention, but do not address, is the fact that input text may be
multilingual. Indeed, the results of the Workshop on Computational Approaches
to Code Switching show that word-level LID on multilingual input is significantly
harder than classical LID, i.e. document-level on monolingual input.

In KazNLP, we aim to provide tools for processing real world data, including
noisy UGC, i.e. tweets, comments, Internet forum dialogs, etc. Apart from noise,
there is a certain amount of Kazakh-Russian code-switching, which allows us to
experiment with multilingual word-level LID. Following a common strategy of
dealing with noisy UGC, prior to LID, we perform normalization as described
above. For LID, we trained and applied character-based LSTM neural networks.
The best performance of 99.73% was achieved for 150-character long sequences.
Our results suggest improvement over the state-of-the-art for Kazakh language
based on popular LangID [11] or Bayesian approach [9].

3.4 Morphological Analyzer and Tagger

Morphological analysis is the task of identifying the constituents of a word (root
and morphemes), while morphological tagging is the task of identifying the most
suitable analysis in the context of a sentence. Thus, this problems are closely
related. A common approach for the agglutinative languages like Kazakh is to
develop a finite state transducers to identify all possible morphological parses
of a word [31], and on top of that apply a morphological disambiguation model
ased on statistical or other machine learning approaches [16,29].

In this module, we addressed the morphological analysis and tagging prob-
em as a single sequence-to-sequence modeling task similar to neural machine
transla-tion. In particular, we applied a character-level encoder-decoder neural
models with attention using bi-directional LSTM network implemented in Open-
NMT [8]. For comparison, we experimented with language independent packages
ike UDPi-pe [27] and Lemming [19]. In both tasks, our model outperformed the
atter models, achieving the accuracy on morphological analysis of 87.8% and on
mor-phological tagging of 96.8%.

3.5 Syntactic Parser

In computational linguistics and NLP, syntactic parsing usually amounts to
determining a parse tree of a given sentence, according to a predefined grammar
formalism, e.g. constituency, dependency, etc. grammars. In KazNLP, we adhere
to dependency formalism and develop a dependency parser. Commonly used
approaches to tackle this problem fall into two main classes: graph-based (MST-
Parser [18]) and transition-based (Malt-parser [24]) parsing models. As an initial
version, we have implemented a graph-based parser using data-driven statistical
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approach to compute weights of the search graph [32]. Thus, the goal is to find a
minimum spanning tree in the given weighted directed graph. The performance
of the parser in terms of unlabeled attachment score was 61.08, which is barely
comparable to the state-of-the-art neural-based models. Nonetheless, the tool
can be used in the domains with limited amount of data, where the advanced
models are not applicable.

3.6 Spelling Correction Module

The spelling correction can be divided into two tasks: word recognition and error
correction. For languages with a fairly straightforward morphology recognition
may be reduced to a trivial dictionary look up. Correction is done through
generating a list of possible suggestions: usually words within some minimal edit
distance to a misspelled word. For agglutinative languages, such as Kazakh, even
recognizing misspelled words becomes challenging as a single root may produce
hundreds of word forms. It is practically infeasible to construct a dictionary with
all possible word forms included: apart from being gigantic such a dictionary
would be all but verifiable. For the same reason the correction task becomes
challenging as well.

To address this problem, we followed the approach presented by Oflazer and
Gilizey [25]. In particular, we used a mixture of lexicon-based and generative
approach by keeping a lexicon of roots and generating word forms from that
lexicon on the fly for lookup and correct suggestions. To rank a list of sug-
gestions, we use a Bayesian argument that combines error and source models.
For our error model we employ a noisy channel-based approach proposed by
Church and Gale [6]. Our source model is built upon the theoretical aspects
that were used for morphological disambiguation in [5]. For the purpose of com-
parison we experimented with built-in Kazakh spelling packages in OpenOffice
and Microsoft Office 2010. We show that although our method is more accurate
than the open source and commercial analogues, achieving the overall accuracy
of 83% in generating correct suggestions, the generation of those suggestions still
needs improvement in terms of pruning and better ranking [12].

3.7 Secondary Normalization Module

In addition to the initial normalization and spelling correction modules, we
implemented another tool to normalize and correct texts - secondary normaliza-
tion module. The secondary normalization is designed to directly convert UGC to
the standard language overcoming the drawbacks of two former stages, namely,
incompleteness of rule-based approach. In this task, we applied a statistical
machine translation strategy to convert from noisy texts (source language) to
lexically correct texts (target language) given the corresponding parallel data
set. The performance of this approach was 21,67 in terms of BLEU metrics,
which is considered as a moderate result [22]. It should be noted, that this tool
still can be used after initial normalization and spelling correction, as it also able
to correctly deal with phrases.
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3.8 Named Entity Recognizer

Named entity recognition (NER) is considered one of the important NLP task.
It is a problem of recognizing real world objects found in a sentence, such as
geographical location, person’s name, organization, and others. There are several
approaches based on manually created grammar rules, statistical models, and
machine learning to solve the NER problem.

Demo Morphological Analyzer Module Other Projects
Normalization
Kazakh Language
Tokenization Corpus
Language Identification This module performs full morphological analysis of an
Morphological Analyzer input text.
Morphological Tagger Enter text here: Output Kazakh-Russian
Sentiment Analysis
Syntactic Parsing 9Pl KaKchi Gonaas. Gapl_A_SIM |
oo SE | L FLUS | XakeFLZE | xaken FLMOD |
Spelling Correctoin Gon_R_ET a_T1 asi_P3 | Gon_R_ET a_T1 awt_P7 | Gon_R_ETK a_T1
P3|
Named Entity e Kazakh-Russian
Recognition Machine Translation

Submit
© CSLab, 2020

Fig. 1. A screenshot demonstrating a work of the morphological analyzer module.

Previously we have implemented a model for recognition of named entities in
Kazakh language based on conditional random field (CRF) [28]. However, in our
latest setup, we use a hybrid approach combining a bidirectional LSTM neural
network and a CRF models. The main idea is to feed the features determined by
CRF as input to LSTM network, thus, replacing the linear scoring by non-linear
neural network scoring. The performance of this model in terms of F1l-measure
is 88%. For more details see our work [10,28].

4 Toolkit and Web Service

This project aims at building free/open source language processing tools for
Kazakh. The proposed set of tools is designed to tackle a wide range of NLP prob-
lems that can be divided into pre-processing, core processing, and application-
level routines. Each NLP task is implemented as a separate programming module
in Python 8 programming language and released under CC-SA-BY license. The
current version of source code of KazNLP and the documentation are available
on Github repository [15]. KazNLP can be installed and run on all platforms
including Linux, OS X, and Windows, where Python is supported.

In addition to the packages, we have developed a web service that can be
tested by an interested user. The web service is accessible online via link http://
kazcorpus.kz/kaznlp/. Figure 1 shows a screenshot demonstrating a work of the
morphological analyzer module.
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5 Conclusion and Future Work

In this paper we presented a new package KazNLP which implements the core
natural language processing tasks for automated processing of texts in Kazakh
language. Rather than emphasizing the design and usage of the package, for
which the reader is referred to the corresponding documentation in the repos-
itory, we focused on the NLP tasks and outlined the way we tackled them in
order to better explain the internals of the developed modules.

Although KazNLP is a unique and holistic tool oriented for Kazakh language,
we understand there is a considerable amount of work necessary to make it
mature and widely used in research and industry. Therefore, as a future work,
we plan to improve documentation, usability and performance of the modules
as well as implement the latest methods and algorithms in the field of natural
language processing.

Acknowledgments. Supported by Ministry of Education and Science of the Republic
of Kazakhstan under the grants No. AP05134272 and No. AP08053085.
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PACIIOBHABAHUE NUMEHOBAHHBIX OBBEKTOB [JJIdd KASAXCKOTI'O
A3BIKA

Pacnosnasanne nmenosaHubx 00bekToB (NER) cunraercs oHoil n3 BaskHBIX 3a/a41 06paboTKu
ecrecreennoro s3bika (NLP). D10 crnocob pacnosnaBannsi 00BbEKTOB PEAIBHOIO MHPA, TAKHX
Kak reorpaduaeckoe MOJI0KeHne, UMs UeJ0BeKa, OPraHn3alist U T. J., KOTOPBIC BCTPETAIOTCS B
npegnoxkennn. CymecTByeT HeCKOILKO HOIXOI0B, OCHOBAHHLIX Ha CO3JAHHBIX BPYTHYIO IPABILIAX
rpaMMaTHKH I CTATHCTHIECKIX MOJIENIsIX, TAKHX KaK MAIIMHHOe 00yueHHe u TUOPU/HbIE MeTO/b,
JIUTsE PEIeHHst 33141 PACIO3HABAHNS NMEHOBAHHBIX 00bekToB. Iless janHoii paGoTsl cocTonT B
TOM, 9ITOOBI TTOIKCIEPHMEHTHPOBATE € METOJAMH, OCHOBAHHBIMH HA CTATHCTHYECKOM IIOJXOJE H
Ha MAIIMHHOM O0ydeHHe, W HPOBEPHTHb KAK OHU CIPABJISIIOTCS C ArTVIFOTHHATHBHBIM Ka3aXCKUM
A3bIKOM. B jiaHHOii pabore NpejCTaBIeHo pACIoO3HABAHUE NMEHOBAHHBIX OOBEKTOB HA OCHOBE
MOJXO0/Ia MAIIMHHOIO 00yYeHNs!, HA3hIBAEMOro ycIoBHBIM ciydaiinbiv nosem (CRF), kak cratn-
cTuaeckuii MeToz. A TakzKe Mbl HCIOJIB3YeM MHOPHIHBIH [10/1X01, COUETAIONINI JIBYHAIIPABIEHHY O
MOJIesIb HeffpoHHOI cern ¢ josroit kparkocpounoii namsiteio (LSTM) u mozens CRE. Do
COBPEMEHHBIN II0/IX0J] K PACIHO3HABAHMIO HMMEHOBAHHBIX OOBEKTOB. MOzeab ¢ NEpPEeKPecTHBIM
MPOBEPEHHBIM PAHJIOMI3HPOBAHHBIM TTOMCKOM TNOKasbiBaeT onenky f1 ¢ 0,95. T'ubpuanas Moens
LSTM-CRF noxaseisaer onenky fl ¢ 0,88. Pesynbrarsl BBINISIHT JOBOJLHO XOPOLIO, I 9TO HE
Tpebyer Kakux-160 ocobennocreil paspaborku no cpasaenuio ¢ Mogensio CRF. [lns nposenenns
9KCrepuMenToB, Obu1 cosuan kopiyc (kazNER) gas sazaun NER ¢ TakuMmm MeTKaMmi, Kak HMsi
4eJIOBEKA, MECTOIOJIOKeHHe, opranusamust n jpyrue. Kopmyce cocront n3 29629 npeiyioxkenmii,
KOTOpBIE COZIEpPZKAT XOTsI ObI OJHO COOCTBEHHOE CyMIECTBHTEILHOE, COIEPIKAINee TOJBKO Teru
HaCTH PedH.

Kirouessle cioBa: pacnosHaBaHne MMEHOBaAHHBIX O6’b€KTOB<, MO/ieJIb C YCJIOBHBIM C.le‘lal‘;IHbIM
noJjieM, HeﬁpOHHaﬂ CceThb C ,HOJII‘OI‘;I KpaTKOCpO‘IHOI‘;I naM#ATbIO, BEKTOpHOE IIpeJ/icTaB/IeH’e CJI0B

7K. M. Koxupbaes®, 2K.A. Ecenbaes

"National Laboratory Astana" »xexe mekemeci, Hyp-Cynran k., Kasaxcram
*e-mail: zhanibekkm@gmail.com
Kaszak risingeri >kajikpl ecimaepai rany

ZKanker ecimzepai tany (NER) raburu tingi engeyain (NLP) Masbispl TancsipyaiapbiHbiy, 6ipi
Goutbinl canasazpl. Byi ceitiemze keszecerin reorpadusuIbK aTaysiapibl, aJaMHBIH eCiMIepHH,
VIlBIMHBIH aTTapblH kKoHe T.0. CHAKTBI HAKTbl JKAJIKbl eciMjepiai Tamy/biH, Tocimi. Kosmven
JKAcaJIPaH PAMMATHKAJIBIK eperkesiep MEeH CTATHCTUKAJBIK MOJe/b/epre HerizjesreH GipHerie
Tocliep Gap, MbICAJbL, XKAIKbl eCIMIEp/l TaHy Moce/eciH IIelnyje MallHHAJBIK YilpeTy KoHe
ruOPHATIK djicTep. Byul KyMBICTBIH MAKCATHI - CTATHCTHKAJIBIK TOCLI MEH MAIINHAJBIK OKBITYTFa
Heri3jie/ren o/icTepMen Toxkipube Kacay YKoHe OJIap/IbIH arrIOTHHATHBTI Ka3akK TigiMeH Kasaii
ZKYMBIC YKacalThIH/BIFBIH Tekcepy. Byur skymbicra maprrer Kesjeiicok epicke (CRF) nerizuenren
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CTATUCTUKAJIBIK TOCIIMEH Ka3ak TLIHIH JKalKbl eciMiepiH TaHy yCbIHbUIFaH. Bi3 coHpaii-ak exi
GareITThl y3aK KpicKa Mep3ivi xagpr (LSTM) nerisinzgeri neiiponpik e xxone CRF mozeniven
Oipikriperin rubpuaTiK oicTi KosanaMbl3. Byur sKasKel HbICAHIAP/bI TAHY/IbIH Ka3ipri 3aMaHrbl
rocim. Kpocc-pacramran panmommsanusutanran i3aey mozem 0,95 fl1 xepcerkiminze Tokraca,
LSTM-CRF rubpuari mozeni 0,88 f1 xepcereni. Hormkenep ere xxaxcwnr kopineai »xone CRF
MOJICJIMEH CAJIBICTBIPFAHJIA eIIKaHIail Ju3aiin epekmesnikrepin Kazker erneiiai. Toxipubenep
yuin NER ranceipmacsia agaMubiy ecimi, reorpadusiIblk arayiap, VilbIM aTayiapbl rKoHe
Hackasap cusiKTbl Gesrinepi 6ap kopuyc (kazNER) kypouyst. Kopiye 29629 ceitnemuen Typaspi,
OJIap/IbIH, OPKAIICHICHIH/IA KeM Jieren/ie 0ip Kajkpl ecim Oap.

TyiliH ce3aep: KajKbl eciMiep/l TaHy; MapTThl Ke3JeHCOK epic Mojes; y3aK KbICKa Mep3iMil
2KJIBI; CO3JICP/IIH BEKTOPJIBIK, KOpiHici
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Named entity recognition for the Kazakh language

Named Entity Recognition (NER) is considered one of the important tasks of natural language
processing (NLP). This is a way of recognizing real world objects, such as geographical location,
person’s name, organization, etc., that are found in a sentence. There are several approaches
based on manually created grammar rules and statistical models, such as machine learning and
hybrid methods, to solve the problem of recognizing named entities. The aim of this work is
to experiment with methods based on statistical approach and machine learning, and to check
how they deal with agglutinative Kazakh language. This paper presents the recognition of
named objects based on a machine learning approach called conditional random field (CRF) as a
statistical method. We also use a hybrid approach combining a bidirectional neural network model
with long-term short-term memory (LSTM) and a CRF model. This is a modern approach to the
recognition of named objects. The cross-validated randomized search model shows an fl score
of 0.95. The hybrid LSTM-CRF model shows an f1 score of 0.88. The results look pretty good
and it doesn’t require any design specifics compared to the CRF model. For the experiments, a
corpus (kazNER) was created for the NER task with such marks as a person’s name, location,
organization and others. The corpus consists of 29,629 sentences that contain at least one proper
noun containing only part of speech tags.

Key words: named entity recognition; conditional random field; long-term short-term memory;
word embeddings

1 BBenenue

3a mnocsiejiHee JecsTUIIeTIe OMPOMHBIIT IPOrpece ObLI JIOCTUTHYT B 0Os1acTi 00paboTKi ecre-
CTBEHHOT'O sI3bIKA C TIOSIBJIEHHEM II0JIXOJ0B MAIIMHHOTO OOYYEHHs i JIOCTYITHOCTH BBIYICIIH-
TeJIbHBIX PECyPCOB Il XpaHeHust 1 00pabOTKI OIPOMHOrO KOJIMYECTBA JaHHBIX. Ecii 601b-
IIUHCTBO HECTPYKTYPUPOBAHHBIX TEKCTOBBIX JAHHBIX, JOCTYIIHBIX He TOJIBKO 3 TPaJUINOH-
HBIX CPEJICTB MacCcOBOil MH(MOPMAIINH, HO 1 U3 COIUAJIBHBIX CeTeil, MOKHO CTPYKTYPUPOBATH,
9TO Jasl Obl BO3MOZXKHOCTH HOJIYIUTh OOraThle 3HAHUs U3 COOPAHHBIX JAaHHBIX. V3BIedeHne
UMEHOBAHHBIX OOBEKTOB COCTABJISIET OCHOBHYIO 3aJady JIJIsl [PEIOCTABICHUS BAYKHOW WH-
dopmarun 13 MoLyCTPYKTYPUPOBAHHBIX U HECTPYKTYPUPOBAHHBIX TEKCTOBBIX HCTOYHHKOB.
B sroit pabore Oy/er mpeicTaBieHo OJHO M3 M3BECTHBIX DEIeHHil 3a/1a4n PACIO3HABAHUS
MMEHOBAHHBIX OO'bEKTOB JJIsi KA3aXCKOI'O #A3bIKA € IMPUMEHEHHEM YCJIOBHBIX CJIyYailHbIX 110-
steit (CRF). A tak»Kke Mbl HCIOJIBb30BaIIT THOPUJIHBLE [0/X0/1, COUETAIOIINI /1By HAIIDAB/ICHHY 10
moges LSTM u mogens CRE. TuOpuanblii o 1xo/1 IPUMEHSICS Ha BEKTOPHOM MPE/ICTaBIe-
nue cjioB. Jjist mpoBejieHnst 9KCIEPUMEHTOB OBLT MOCTPOCH KOPIYC € MECTOHAXOXKJICHUEM,
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opralm3auueﬂ, uMeHaMu 1 Jipyrue. Takas 3a/1a"a OﬁyCJIOBJIelIa [eJIgMu IIpoeKTa 110 pa3pa-
6oTKe HUHCTPYMEHTOB 06pa6o*1*1<14 TEeKCTa Ha Ka3aXCKOM /A3BbIKe, JaCTbI0 KOTOPOT'O ABJIACTCH
Hacrodad pa60'1‘a. Her comuenuii B TOM, YTO B IIO/IXO/Ie¢ HET HOBU3HbI, HO 3TO HE OBLIO
11eJIbIO. L[eJII) COCTOUT B TOM, 4T0ObI ITO3KCIIEPUMEHTHPOBATL C MeTO/laMi, OCHOBaAaHHBIMHI Ha
CTaTUCTUYIECKOM I10/IX0/Ie 1 Ha MalllMHHOM OGy’{eHI/IG‘ 1 IIPOBEPUTH KaK OHU CIIPaBJ/IAIOTCA C
arrJrOTUHATUBHBIM Ka3aXCKHUM A3BIKOM.

2 0630p auTeparTypbl

HUcropus 3agaan NER madunaercs ¢ Sixth Conference on Message Understanding (MUC-6)
B 1996 romy [9], rae 3azadm Gbum cocpesoTOMEHBl Ha W3BsedeHnn nHopmanun. B nponec-
ce TI0OCTAHOBKHU TIeJIeil 9TO BBINVISIENI0 KaK OTJe/bHas 3a/ada IPH U3BJIeYeHHH 00beKTOB 13
JIOKYMeHTOB. UT00bl OlpeiesinTh 00beKT, ObLI BBEJIEH TEPMUH «UMEHOBAHHAS CYIIHOCTbY, I
3aj1a4a ObljIa HA3BaHA KAK PACIIO3HABAHNE NMEHOBAHHOI cyIiHOCTH. [Ipe by ee ncciemoba-
HUE 110 U3BJIeYeHHI0 NH(DOPMAIUI 13 HECTPYKTYPHPOBAHHBIX TEKCTOB IIPOBOJNIIOCH C TIEJIbIO
orpe/ieIeHnsT 3HAYUMOCTH «e/[IHII] HH(MOPMAIINIT», TAKIX KakK MMeHa JIF/Ieil, OpraHu3aliuii,
MECTOIOJIOKEHHT U YHC/IOBBIE BBIDAYKEHUS, TaKNe KaK BPEMs, JlaTa, JICHbIU ¥ IIPOIEHTHbIE
Boipazkernst. CymiecrByer OOJIbIIOE KOJMIECTBO MCCIeA0BaHmil, IpoBeieHHbx 1o NER s
MHOI'HX JIDYTHX A3BIKOB. s Timareasaoro o63opa pador mo NER anrtaresnio pekomenyercs
obparuThest K HeJasHeMy 0030py [L0]. DTor pasjen orpannder KparkuM 0030pOM HCCIIE0-
pammii no NER s kasaxckoro s3pika |7, 8], B npeapiymeil pabote aBropbl yTBepzKIaior,
910 ux Mojeab Ha ocHoBe CRF u 0coGeHHOCTH, HOJ/IydeHHbIe 13 Pe3yJIbTaToB MOJX0/a MOD-
dosormaeckoro aamM3a, 3HAUNTEIHHO YIIyIIIAIOT TPOU3BOUTEILHOCTD crcTeMbl ¢ 69,91

3 Meromonorusi

B sTom pasjeste npejcraBien KpaTkiii 0030p METO/I0B, KOTOPbIE ObLIN IPUMEHEHDI K CO3/IaH-
HOMY Kopirycy B 910ii 3ajade. CRF u LSTM 6buin BEIOpaHbl B KA4eCTBE OCHOBHOTO MOJIXOJIA
IS OIIPEJIeJIeHIs] IMEHOBAHHBIX 00'beKTOB, IIPEJICTABICHHBIX B IpejiozkeHnn. TeM He MeHee,
JIpyrue MeTO/Ibl MAIIMHHOIO 00YUYeHHs TAKyKe UCIOJIb3YIOTCs JIjIs CDABHEHUS Pe3YyJIbTaATOB I
JIEMOHCTPAIINH BJIHSHEST BBIOOPA IIPH3HAKOB.

3.1 Cuaywuaiinsriii ec (Random Forest)

[Tockonbky 3azaua NER pacemarpusaercst Kak mpocras 3a/1ada KiaacCupUKAI, IPEBOBH/I-
nast Moziesib Random Forest (RF) Gyzer npejcrasiena ¢ HCIoOIb30BaHNEM MIPOCTON KapTbl
00beKTOB. BbIIo /10Ka3aH0, UT0 HPOCTBIE PEBOBHHLIE MO JIEMOHCTPUPYIOT 3HAUUTEIb-
HYIO [POM3BOUTEILHOCTD B 3a/adax Kiaccudukarmu. RF-kiaccudukarop, oxua u3 caMbix
TOYHBIX J[PEBOBUJIHLIX MOJIEJICH, MOZKET BBLY IUTh OCHOBHBIE [IPABIIIA, [0 KOTOPBIM IIOMEYAIOT-
cs1 TepMUHBL. BpIO0p MPaBmIIbHBIX IPU3HAKOB HIPACT BAYKHYIO POJIb B IPOH3BOANTEILHOCTI
cucremsl [1].

3.2 HawusHblil 6aitecoBcKuil KiiacCcudUKaTOP /Jisi IIOJIMHOMUAJIBHBIX MOJieJieit

Hausnblit Gaiiecosckuit (NB) nojxos Bececroponne npumensiercst K 3ajadam NLP. Dtor wve-
TOJ| OCHOBAH Ha IIPUHIIUIIE MAKCHMAJILHOIT arlocTepropHoit BepogrHocTn. [ljist Kiaccuummpo-
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BAHHOIO 00'HEKTA BBITHC/IAIOTCS (;})yHKLI;MH IlpaBLl,OI'lO).LOﬁHH KazK/IOr0 U3 Ha3BaHHbIX KJIaCcCOB
cyumocreﬁ, 1 U3 HUX BBIMUC/IAIOTCA alloCTePpUOPHbIE BEPOATHOCTH Ha3BaHHBIX KJIaCCOB CYIIIl-
nocreit. O6bexT IpUHAJUICZKUT K Ha3BaHHOMY KJaccCy, JijId KOTOPOT'o allocTepuopHas Bepo-
ATHOCTH MaKCHUMaJIbHa [5] Ecrp JBe U3BECTHbIC MOJIeJIN: MHOIO3Ha1HbIe MOJIeJIN 1 MHOIr'oOBa-
pUuaHTHbIE MOJIEJH Be])HyJI./[l/L Yrobb YHOpAJI0IUTH COOTBeTCTByiOU_U‘[ﬁ MMEHOBaHHBIN Kace
CylLLHOCTeﬁ n*x JJId HOBOI'O TE€pMHUHa W, OH BBIYMHUCJIACT:

3.3 VYcaosnoe cayuaiinoe nosae (CRF)

VeaoBHBIE CITyHaiinble T0JIs, SABJISIONNECs JICKPUMIHAIIMOHHON BEPOSTHOCTHON MO/IE/IBIO,
Jaire BCero UCHOJIb3YIOTCs JIJIs PEelleHnst IIPoOJIeM MeYeHHsl I CerMEeHTAIINH T10C/1e/I0BATe b
nocreii |2]. ITockonbky CRF siBisteTcst KOHTPOIIPYEMBIM aJNOPUTMOM MAIIMHHOTO 00y YeHus,
JIst ero o6yuenus Tpebyercst o6ydarorast BbIOOpKa jgoctaTodsoro pasmepa. CREF moxer yau-
ThiBaTh KoHTeKeT; Hanpumep, CRF ¢ JmHeiiHOIl 11e1bio MOXKeT HpPejICKa3blBaTh II0CIIeI0Ba-
TeJILHOCTI METOK JIJIsl [OCIe0BATEIbHOCTEIl BXOHBIX JIAHHBIX, B TO BPeMsl KaK JIMCKPETHBIIT
KJIaccuUKaTOp Ipe/ICKa3blBAeT METKH TOJIBKO Il OJ(HOW BeIGOpKHU. IIpuBejeHHas HIzKe
dbopmyna npegaasnadena st CRF,| e y - BeixojHas nepeMenHas, a X - BXOJHAsL IOCJIE/10-
BATEJIbHOCTh:

1
Z(X)

PYIX,\) = exp > NFX iy, 0i) (2)
i=1 j

[Tocsie1oBaTEILHOCTD BBIXOJHBIX BBLIGOPOK MOJIEAUPYETCA KaK HOPMAIN30BAHHOE [IPOU3-
Bejienne byHKIMI DyHKIUI.

3.4 Heliponnas ceTb ¢ J0aroii Kparkocpo4soii namsareo (LSTM)

Eme ojgaa BazkHasi crpaTerusi MOCTPOEHUSI BBICOKOIPOU3BOAUTE/ILHOIO MeToja IybOKOro
00yUeHNsT - 9TO IMOHUMAHHE TOTO, KAKOW THII HEPOHHOIT CETH JIyHIlle BCErO MOAXOINT JIJIst
pemenns npobiaempl NER, yunTeiBast, IT0 TEKCT HpEJCTaBisieT COOOM MMOCIeI0BATEIBHDIIT
dopmar nanubix. Ho we so6oit Tun LSTM crpasisiercs ¢ 91oit 3aadeii, Tak Kak HCIIOJIb-
3oBaHue crasgaprHoro LSTM jyist mporHo3upoBasus Oy/IeT YUUTBIBATE TOJBKO «IIPOILIYIO»
uH(MOPMAIIIO B HOCIEI0BATEIBHOCTH TeKCTa. HaM HY’KHO HCIOJIB30BATh JIBYHAIIPABJIEHHBIE
LSTM g NER, 10CKOJIBKY KOHTEKCT OXBATBIBAET HOCJIEI0BATEIbHBIE U OYIylie MeTKI
B nocseioBarenbaoctu. JIpynanpasienusiii LSTM npejcrasisier coboii KOMOMHAIINIO JBYX
LSTM: oaun JABUZKETCs BIEpe «CIIpaBa HaJeBO», a JAPYyroi - Ha3aj «ciesa Hapaso» [11].

3.5 T'ubpuasbiit noaxoxn (LSTM-CRF)

Jana BXoAHAs MOCIEI0BATEILHOCTD & = (1, ..., T ), TO €CTH CIIOBA [IPEJJIOKECHUS I TIOCJIe-
JIOBATEJILHOCTh COCTOSIHUIT BbIBOJA § = (S1, ..., Sp), TO €CTh TEI'M UMEHOBaHHOIO oObekra. B
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YCJIOBHBIX C.]Iy'-laﬁ}lblx IIOJIAX MBI CMO/IEJIMPOBaJId YCJIOBHYIO BEPOATHOCTL TOI'O, ITO BBLIXOJI-
Hagl 110CJIe/I0BATe/IbHOCTD COCTOAHUI JlaeT BXO/THYIO 110CJI€ZI0BATE/IbHOCTD!:

P15 s S| W15 ey ) (3)

MbI cjies1aimn 9To My TeM OIpe/IesIeHIs KapThl 00bEeKTOB, KOTOpas 0ToOpaykaeT BCIO BXOJI-
HYIO [IOCJIEOBATEILHOCTE & B HApe € IOTHOM MOCIe 0BATEIbHOCTHIO COCTOSHAN § B HEKOTO-
PBIif BEKTOP MPOCTPAHCTBEHHBIX 00BLEKTOB (-H3MEPCHUST:

O(zy, . sm) C R? (4)

T 515 -

Tor1a MBI MOKEM MOJICIMPOBATL BEPOSTHOCTD B BHJIE JIOT-JIIHEITHON MOJE/IN C BEKTOPOM
mapamerpos w C RY kax:

exp(w - ®(x, 5))
2y exp(w- (z,5)))’

’
rae, S OXBaTbIBae€T BCE BO3MOXKHBIC BBIXOJHBIC ITOC/IEI0BATEJIbHOCTH. Maer mozkem pac-

®)

p(s|z;w)

cMaTpuBaTh Bbipaxkenue w - P(x,s) = scoreqr(,s)) Kak OLEHKY TOrO, HACKOJIBKO XOPOIIO
TI0CIIE/IOBATEIHLHOCTD COCTOAHII COOTBETCTBYET JAHHOI BXO/IHOIT ocseoBarebroctn. ies
COCTOHT B TOM, ITOOBI 3aMEHUTH (DYHKITHIO JITHEHON OIEHKN HEJIMHETHON HeIIPOHHOIT ceThIO.
Mzt omnpesiesisiem score Kax:

SCOT€lstm—crf (T, 8) = Z W 1,60 - LSTM(x); + bs,_, s, (6)

i=0

e Wy, | s, 1 b - BECOBOIT BEKTOD 1 CMeIIeHNe, COOTBETCTBYIOMINE IIEPEXOLy OT S;—1 K Si,
coorBercTBenHo. OYHKIUN ONEHKH TaKyKe HazblBaloTest textit norenmuanbubie Gy, [To-
cJ1e TIOCTPOeHNst 3T (DYHKIMU ONEHKU MbI MOZKEM OITHMU3HPOBATH YCJIOBHYIO BEPOSITHOCTD
p(s|z; W, b), kak B o6eranom CRF, u pacupocrpassaTs ee o6patHo depes cerh [12].

4 VcToYHUMK JaHHBIX

Habop janubix cobpan u3z kopiyca kazdet: NLA-NU Kaszaxckuii 6aHK JiepeBbeB 3aBHCHMO-
creii [3], KOTOPBIT aHHOTHPOBAH JJIst JIEMMBI, YaCTH pedn, Mopdogornn 1 OTHOIICHHIT 3a-
BucumocTi B coorsercrBun ¢ Universal Dependency 2 u xpanurca B dopmare UD-native
CoNLL-U format. ITo cocrosinmio na jexabpnb 2018 roja 6ank cojepzxur 61 Toic. mpeio-
enuit 1 934,7 ThIC. TOKEHOB. DTO JIOBOJILHO GOJILIIOI KOPILYC € MHOKECTBOM AHHOTAIMIL.
Ouaxo JyIst 3a/1a9u paclo3HaBais UMEHOBAHHBIX cyliHocTeil ner annoramuii. 113 kazdet
Kop1iyca 6b1710 n3siedeno 29629 npeioyKennii, KoTopble CojiepzKaT X0Ts Obl 0JIHO COOCTBEHHOE
CYIIECTBHTEIBHOE, COJEprKallee TOILKO Tern dacti pedn. 1locse Toro 6bl1 co3/1aH KOPIyc
(kazNER) s 3agaun NER. ITockosnky Tern IOB crasum cranjapribiv crocoboM mpe/cras-
Jilernst crpykTyp dparmentos B (daiiiax, kopiyc kazNER 6yzer B stom dhopmare. Popmar
reros IOB cojiepkuT Tern Buja:
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e B-TAG _TYPFE — jyis cjioBa B HaYaJILHOM OTDE3KE;
e [-TAG_TY PE — jjst c/IoB BHYTPH OTPe3Ka;

e O — BHe /11060r0 OTPE3KA.

Tern IOB pajiee noJpas3/ie/isiorcs Ha CJIeJLyIole KIacChl:
e LOC = Mecronojoxenne o0beKTa;

e ORG = Oprammsamust;

e PER — lwms uesoBexa;

e OTH = sobasi Jipyrasi nMeHOBaHHAs CYIIHOCTb, HAIIDHMeD HMMs [HTOMIA, Ha3BaHUe
KHUTH U T. JI.

Ha pucynke | nokasano pacupejiesenne cjios 1o teram ¢ Terom O (BHe s11060ro dbparmen-
Ta) u 6e3 Hero.

25000
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Pucynok 1 —  Pacupejesnenue c/ios o teram ¢ (ciesa) u 6e3 (cupasa) tera O

5 DKCIIepuMEHTbI U 00CYK/IeHUS

st Toro arobbl HCHOJIB30BATH METOJIbl, YHOMsHYThle B pasjene “Merogosorus”, HE0OX0-
JIIMO IPEJOCTaBUTh HAOOD MPH3HAKOB [T IIPABUJIBHOIO PACIO3HABAHHUS TeroB. [I0CKOIbKY
kiaccudukaropel RF n NB He y4nThIBAlOT KOHTEKCT, IPUMEPHBI HAGOP HPU3HAKOB, TAKOIT
KaK I[IPOIICHBIe OYKBBI, THII CJI0BA (3ar0/I0BOK, CTPOKa, Iudpa), JUIMHa CJI0Ba, CUMBOJIbL aJl-
dasura, Oyzer npejcrasiieH jyis noctpoernst stux Mogeseit. Oqrako mero CRE yunrsiBaer
kontekct. Sklearn-crfsuite [6] nossosster nsBIeKaTH OCOGEHHOCTH CJI0BA B BHJIE CJIOBAP, IO~
TOBOI'O JJIs UCIIOJIB30BAHISA C MO/IC/IBIO:

e Texyiue cjioBa;

o [Ipejpytymiue cioBa,;
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o Culejtyiomye cJioBa;
e Texymue POS-tern;

e [Ipeapyymuii u coeyiomuii POS-rern.

T'pynna Stanford NLP npumennia stu npusaaku npn ncnosb3osaann CRF s 3amaqmn
NER |[!]. Ilpusnaxu, takue Kak IpoIicHast OyKBa, HIZKHsAS OyKBa, udpa Obln H3BJIedeHb!
JUISL TEKYIIEro, IPeJIbIIYIIero i CJeYIOmero ¢jioBa. B J0noaHeHne K PEKOMEH/I0BAHHbIM, B
Habop ObLin J106aBJIeHbI IPH3HAKH, Takne Kak istitle, iscamelcase, isabbv, has hyphen. Mo-
sens CRF ucnonssyer anmropurm LGBFS (rpajneHTHBL CIyCcK ¢ HCHOJIB30BAHHEM METO/a
L-BFGS) ¢ ynopsiouennroii ynpyroii cerkoii (C1 + C2). Bnauennst yupyroii cerkn pery/sipu-
3aIUU MOYKHO HACTPOUTH, 9TOOBI IIPOBEPUTDH MX BJIMSHIE HA POU3BOAUTE/ILHOCTE. CHadaa
HavasbHble 3HadeHns Obun BoiOpanbl Kak C1 = 0,1 u C2 = 0,1 g mogesn CRF (CRF1).
Barem napamerpsl Hactpansasch kKak C1 = 10 u C2 = 0.1 (CRF2). B tperbem sKcuepu-
merte (CRE3) ncnosnb3oBasics nepekpecTHblil pangoMusuposassblii nonck (Randomized CV
Search), koTopslit pejcTaB/sier coGOil NCUEPIBIBAIOIIIIT IIOMCK 0 CeTKe BCeX KOMOMHAIMIT
napaMeTposB.

B rubpujnonm nojxose, coderaomuii gsynatpasientyio mozesnsb LSTM u mozens CRE,
MBI CONOCTAB/ISIEM HIPEJJIOKEHHS C OC/IE/[0BATEILHOCTHIO YHCEJI, & 3aTeM JIONOJIHeM I10CIe-
JioBaresibHOCTE. ObpaTuTe BHUMAaHHE, YTO Mbl YBEJIHYH/IN HHJEKC CJIOB Ha €J[IMHHILY, ITO0bI
HCIHOJIB30BATH HOJIb B KadecTBe 3HAYEHH: 3aIlOJIHEHHs. DTO CJIEIaHO MOTOMY, YTO MBI XO-
TUM HCIHOJIB30BATH IapaMeTp mask zero cjiost BHeJPeHUs, 4T0Obl HI'HOPHPOBATH BXOJIHBIE
JIaHHBIE CO 3Ha4YeHneM HoJib. Mojiesis o0ydaeTcs ¢ HCHOIb30BAHMEM AJIropHTMa 00pPaTHOIO
pacupocTpanenust. OnTHMu3aIs apaMeTpoB BBIIOJIHAETC ¢ HOMOIIbIO rmsprop. I'uiep-
HapaMeTpbl BHIOMPAIOTCsT HA OCHOBE [IPOM3BO/ITEIBHOCTH HAOOPa JIAHHBIX Pa3pabOTKH.

Merpuka fl-niokazaresist GyjeT UCHOIB30BATHCS JIJIsE OIEHKH IIPOM3BOJINTEIBHOCTH MOJIe-
JIU, HOCKOJIBKY TOYHOCTH He sIBJISIETCsT XOPOIIei MeTpUKoii Jjisi HecOaraHCHPOBaHHOTO Habopa
narabix kazZNER.

Tabauuma 1 —  fl-nokasaress Ha TecropoMm Habope mojeneit NB, RFC u CRF

Mo- |B- |IL B- |L B- | L B- |I- (?fgff‘“ geﬁ;ffp(‘)”,‘,
nemn | PER | PER | LOC | LOC | ORG | ORG | OTH | OTH )

MEeTKOU | MEeTKHU
NB | 0.9 |000 |0.00 |0.00 |000 |000 |0.00 |0.00 |08L 0.06
RFC | 040 | 000 |04l | 054 | 045 | 000 |0.18 [0.02 |0.89 0.32
CRF1 | 097 | 097 |0.96 | 000 | 080 |0.60 |0.70 |0.60 | 0.99 0.02
CRF2 [ 0900 | 092 | 089 |085 |072 |050 |047 |0.34 | 098 0.85
CRF3 003 | 098 |008 |002 | 087 |08L |082 |076 |0.99 0.95

Tabmuna 1 nokassiBaer, uro mogesn NB u RE paborann joBosbHO 10xo. 3Hademmst
f1- nokasaress GosblIMHCTBA KjaccoB Oblii pasHbl 0. IIpuannoil 9TOrO SIBJISIETCS OTCYT-
CTBHE HEOOXOJMMBIX MPU3HAKOB JIIsi IPUHSITHs COOTBETCTBYOMUX peneduii. Kpome toro,
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Ta6smua 2~ Ilokasaresu na Tecrosom zabope rubpuiHoit mogeseii LSTM-CRF

Merku Tounocts | ITomaora | Fl-nokasarein
ORG 0.73 0.73 0.73
PER 0.90 0.93 0.91
LOC 0.92 0.94 0.93
RES 0.58 0.69 0.63
Cpenanee | 0.86 0.89 0.88

obe MOJIe/I He yUNTHIBAIOT KOHTEKCT H IPOCTO 3allOMHHAIOT CJI0BA M TErH, KOTOPBIX HEJI0-
CTATOYHO JIJISl TOUYHOIO pacio3HaBannsgd. 110 cpaBHEHNIO ¢ JIMCKPETHBIME KJIacCH(hDUKATOPAMIL,
kiaaccudukarop CRF mokaseiBaer ormmdHble pesyiabrarsl. [locie onTuMusanmm BIIHO, 9TO
Gostee HU3KNe 3HAYeHns perysspusaiuu yupyroit cetu (C1 4 C2) npusogsar k Hamrydimeit
IPOU3BOIUTEILHOCTH Mojesn - ocobenno g Cl. Mojiesib ¢ epeKpecTHBIM [TPOBEPEHHBIM
PAHJIOMI3UPOBAHHBIM TIOMCKOM MOKa3blBaeT HpuindHyio onenky fl ¢ 0,95 B mesom Ge3 rera
<<O>>4

Ha Tabsmne 2 npusejieHbl pe3yabraTsl sKcepuMenta #a rudpuaHoii mojgean LSTM-CRE.
Pesyaprars! BBIIVIS/INT JIOBOJILHO XOPOIIO, I 9TO He TpedyeT Kakux-Imbo ocobeHHOCTel pas-
paborku 1o cpasrennto ¢ Mojesbio CRF. TIpenvymecrso CRF 3zech He ovenb 3amerHa, HO
ecym 661 y Hac OBLT HAOOD JAHHBIX ¢ HoJlee CI0KHBIMI HMEHOBAHHBIMU 00'LEKTAMIL, 9TO OLLIO
OBl HE3YCJIOBHO XOPOIIIM PE3Y/ILTATOM.

6 3akioueHue

B sannoit pabore npejcrasiena Mozesab NER Ha ocHOBE CTaTHCTHIECKOrO HO/IXO0/a 1 MAIIHH-
HOIO 00yUeH sl JIJTsl Ka3aXCKOro A3bIKa. HeeMoTpst Ha TO, 9TO IIPOBEIEHHBIE IKCIIEPUMEHTBI 110~
Ka3bIBAIOT 3HAUNTEJILHYIO IPOU3BO[HTEIBLHOCTE, MOJIE/Ib MOKET PA3BIUBATLCS O PA3JIMIHBIM
HanpasiennsaM. B Oyayiem sra pabora Oyjer yiydiieHa 3a cuerT U3yUeHHs HOBLIX [PH3HA-
KOB, KOTODBIE BJIIMSIOT Ha paciio3nasanne oo0bekros. Habop pannpix kazZNER 6yjer jgonosmen
HOBBLIMH IIPE/[IOZKEHU M.

Tak kax NER paboraer ¢ GOJIbIIIM KOPILYyCOM, HEHPOHHDIE ceTH OueHb 3(DMEKTHBHLI B
HONCKE MMEHOBAHHBIX 0OBEKTOB B JIAHHBIX, YTOOBI 06CIIEINTH IIPEBOCXO/HYIO Mozess NER.
Vcnosib3oBanne COBpEMEHHBIX METOJI0B, TaKnX Kak coveranue neiiponnoii cern LSTM u CRF,
[POCT U YACTO JIA€T XOPOIIIE Pe3y/ILTATbI, €CTh HEKOTOPBIE HOTEHINAIbHBIE HeoCTaTKI | 13].
Ecimm MBI He BIJIEJH CJIOBO BO BPEMsl HPEBLIMHCICHIS, MBI JIOJIKHBI 3aKOJUPOBATL €ro Kak
HEU3BECTHOE U BBIBECTH €r0 3HAYCHUE U3 OKPYIKAIONX ero cjioB. Jacro csoBo postix mam
prefix cogepzkut Muoro uudopmManun o 3uadeHnn ciosa. Venons3osanne 1ol nndopmMamn
OYEHDb BasKHO, €CJIH BbI IMEETe JICJI0 C TEKCTaMU, KOTOPBIE COJIEPZKAT MHOIO PEJIKUX CJIOB, H BbI
OKHJ[aeTe MHOTO HEM3BECTHBIX CJIOB BO BpeMs BbiBOJa. [lyis Kojuposamus undopMarmi Ha
YPOBHE CHMBOJIOB MbI Oy/IeM HCIOJIB30BaTh BjoxKeHus cnMBosioB n LSTM jyis koxuposamus
KazKJIOr0 CJI0Ba B BEeKTOP. MBI MOXkKeM HCIOJIBL30BaTh HPAKTHIECKH BCE, UTO CO3/AeT OJIUH
BEKTOD /ISl [IOCIIE/I0BATEILHOCTH CHMBOJIOB, [PEJICTABIIAIONINX CJIOBO.
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Facilitating Autonomous Vehicle Research and Development Using
Robot Simulators on the Example of a KAMAZ NEO Truck

Shyngyskhan Abilkassov, Anuar Nurlybayev, Sergey Soltan, Anton Kim,
Elizaveta Shpieva, Nurzhan Yesmagambet, Zhandos Yessenbayev and Almas Shintemirov

Abstract— With the widespread of research in the field of
autonomous vehicles the value and impact of various simu-
lators increase dramatically as they allow for quick and safe
experimentation with the design of a vehicle, environment and
driving scenarios. In this paper, the authors demonstrate how
autonomous vehicle research and development can be facilitated
by open-source robot simulators based on the experience gained
from a robotized KAMAZ NEO truck industrial project. In
particular, the Webots robot simulator was applied for 3D
reconstruction of the experimental test-site for vehicle motion
simulation and development of a web-based dashboard for
controlling and monitoring the autonomous vehicle both in the
simulation and the real-world.

I. INTRODUCTION

Specialized software simulators found wide application in
autonomous vehicle research due to their flexibility to model
realistic experimental scenarios for testing vehicle motion
planning algorithms. Example applications are simulation
of traffic in urban regions. Several simulators are being
developed for the needs of research such as SUMO (Sim-
ulation of Urban Mobility), the open-source simulator for
designing communications between platoons of autonomous
vehicles [1]. Another example is AORTA (Approximately
Orchestrated Routing and Transportation Analyzer) simula-
tor - a traffic simulator with continuous simulation, where
autonomous vehicles analyse roads every time-step for traf-
fic jams, intersections to follow the shortest route to goal
[2]. The SiVIC (Simulation for Vehicle, Infrastructure, and
Sensors) was developed to be able to design a copilot for
maneuver-based trajectory planning [3]. Immersive vehicle
simulators such as the Stanford Driving Simulator can be
used to provide realistic interface to user and receive new
velocity and position correction. These simulators can be
used to imitate driver distraction emergency situations [4].
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Fig. 1.
vehicle.

Experimental KAMAZ NEO 5490 truck redesigned to a robotized

In addition to wide applications in robotics research, open-
source mobile robotics simulation software platforms such as
Webots [5] have high potential for facilitating autonomous
vehicle research. In [6] and [7] the simulator was applied
for performance evaluation of vehicular platoons. This paper
presents a case study of application of the Webots simulation
software for facilitating an industrial project conducted at
Nazarbayev University in cooperation with VIST (ZYFRA
Group) company [8], the leading developer of self-driving
and remotely driven robotized cargo vehicles for mining
industry in Russia, focusing on collaborative development
of a robotized vehicle on the basis of a novel KAMAZ NEO
5490 truck chassis provided by KAMAZ [9], the largest
Russian truck manufacturer.

II. HARDWARE AND SOFTWARE PLATFORMS FOR THE
RoBOTIZED KAMAZ TRUCK PROJECT

Within the robotized KAMAZ research project tasks were
divided as follows: the VIST (ZYFRA Group) partners
retrofitted a test KAMAZ vehicle to drive autonomously by
equipping it with their patented autopilot hardware/software
system, thus, in fact, converting the truck into a mobile robot
platform, that can be remotely telecontrolled by a human
operator or move autonomously following a high-level mis-
sion planner (Fig. 1). For establishing a low-level control
of the vehicle, the VIST(ZYFRA Group) team adopted their
autonomous software models and algorithms from previous
projects in robotization of dump mining trucks such as algo-
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Fig. 2.

Fig. 3.

rithms for steering wheel control and modules of acceleration
and brake controls for specific types of trucks with different
physical models. Communication with KAMAZ vehicle’s
transmission and braking systems was easily set up via CAN
and LIN protocols. Due to the vehicle’s mechanical steering
system, a dedicated mechatronic motion control system for
the vehicle’s steering wheel was designed by the VIST
(ZYFRA Group) team engineers, for steering the vehicle
following digital commands. The most complicated part of
the project work was to design a hardware controller for the
vehicle’s acceleration control system due to its atypical PWM
signal format. Additional equipment for autonomous driving
such as navigation system, network system and set of sensors
were also supplied as part of the VIST (ZYFRA Group)
standard equipment kit. Moreover, a fully equipped remote
control center was installed so that a vehicle operator could
efficiently supervise autonomous driving of the robotized
KAMAZ truck during experimental testing.

In parallel, the NU project team was tasked to de-
velop software modules for vehicle autonomous motion
planning and trajectory following, and machine vision de-
tection and recognition of pedestrians, vehicles and road
signs. As part of the project the NU team proposed
to develop a 3D visualisation environment for simulation
and initial testing of the developed vehicle motion plan-
ning software module. More detailed information about

(b)

a) The project test site simulated in the Webots environment; b) A Webots truck model used for autonomous vehicle motion simulation.

a) Top view of the Webots simulated project test site; b) Top view of the artificially generated map for ROS-based vehicle motion planning.

the project developments with video demos is available
at the project web-page https://www.alaris.kz/
research/robotized-kamaz-truck/

The Robot Operating System (ROS) [10] was chosen as
a software platform for integrating developed modules with
the vehicle autopilot system based on the experience of the
project partner VIST (ZYFRA Group) [11]. ROS is a de-
facto standard software development platform for intelligent
robotics research due to its distributed and modular archi-
tecture allowing easy integration of custom control and data
processing algorithms.

As the work on retrofitting the test KAMAZ vehicle
started in parallel with the software module development,
we started the project with identifying an experimental test
site and creating its 3D simulation environment where the
truck model could be placed for simulation analysis of the
vehicle motion planning algorithms implemented in ROS. A
comparative analysis of the freely available for academic use
and ROS-compatible robot simulators including CoppeliaSim
(VREP), Gazebo and Webots revealed that the latter is the
most suitable option for quick utilization in the project.

Webots was initiated as a dedicated simulation software for
mobile robotics research [7]. From 2019 it became an open-
source platform for modeling experimental scenarios using
a variety of commercial robots and typical vehicle models
that can be equipped with virtual models of commercial
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proximity sensors, i.e. LIDARs, GPS, IMU and others. The
simulator provides graphical tools for modeling experimental
environment. It is interfaced to ROS through standard ROS
message passing mechanisms, i.e. topics and services, allow-
ing direct control of the Webots vehicle models from ROS
and receiving feedback data from the model sensors. This
facilitates fast deployment and realistic testing of custom
motion planning and sensor data processing algorithms,
implemented externally in ROS as they would be applied
on a real experimental robot.

III. SIMULATION OF THE AUTONOMOUS VEHICLE
MOTION

An outdoor open car parking site located within the
Nazarbayev University campus was chosen as the project test
site. Using the simulator’s graphical tools and engineering
blueprints of the parking space, its real-size 3D model was
created in Webots as demonstrated in Fig. 2(a). The Webots
truck vehicle model, shown in Fig. 2(b), was added to
the simulated environment. To replicate the real robotized
KAMAZ vehicle, a Velodyne VLP-16 LIDAR, IMU and GPS
sensor models were added to the Webots vehicle model. The
truck model was controlled from ROS through rosservice
commands sending linear velocity and wheel rotation angle
information and receiving vehicle’s current position and
orientation data from sensors.

Implementation of the vehicle motion trajectory planning
module in an a-priory known environment requires a 2D
occupancy map of the test site which reflects the road and
parking site borders and all possible internal stationary obsta-
cles. At the initial stage of the project it was decided to create
a 2D map of the Webots simulated test site using the ROS
gmapping package that implements the Rao-Blackwellized
particle filter based algorithm for robot simultaneous local-
ization and mapping (SLAM) [12]. The algorithm processed
the LIDAR point cloud sensor measurements artificially
generated and collected from the manually controlled truck
model across the test site in Webots. Figure 3 presents the
‘Webots simulated test site and its 2D occupancy map, where
black and white pixels represent obstacle and free spaces,
respectively, while grey pixels denote unexplored area. The
generated map was saved using the ROS map_server package
in the .pgm format for further use.

Due to short project duration it was ultimately agreed
to utilize the built-in ROS Navigation Stack packages for
vehicle trajectory planning and motion command generation.
Specifically, we employ the ROS move_base package to
apply A* global path planning algorithm [13] for vehicle
trajectory planning to a dynamically specified target location
within the test site. The Timed Elastic Band (TEB) planner
(implemented as ROS teb_local _planner package) is applied
for vehicle local trajectory planning and control command
generation taking into account the car-like robot kinematics
and dynamically detected obstacles [14]. Specifically, the al-
gorithm finds an optimal solution along the pregenerated A*
global trajectory, and creates the closest kinematically real-
istic local path as sequence of vehicle poses p; = (x;,vi,6;)” .

Fig. 4. Webots simulation of the truck motion in the test site.

Furthermore, the algorithm generates a corresponding set of
vehicle linear speed v; and steering angle control commands
within the predefined vehicle velocity and acceleration limits
and safe distances to obstacles [15].

Figure 4 presents a sequence of time shots of the Webots
simulation run demonstrating the truck motion generation
from a starting position in Fig. 4(a) towards its target position
in the middle of the test parking site as shown in Figs. 4(b)
and 4(c). The left column of each subfigure shows the truck
model moving inside the test site in the Webots simulator.
The right column presents ROS RViz visualization of the 2D
test site occupancy map with generated vehicle global (green)
and local (blue) trajectories. The global trajectory defined the
vehicle path from the vehicle start point to its target position.
The local trajectory of the truck is restricted by the size of
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the local costmap, i.e. the white area defining free space
and dynamically detected obstacles, e.g. parked cars, in the
vicinity of the truck. The detected obstacles are transformed
to red colored convex polygons by the TEB planner in the
local costmap, while the green rectangle denotes the truck
footprint as shown in Fig. 4.

1V. DESIGN OF A WEB-BASED VISUALIZATION
DASHBOARD

Direct interaction with ROS is not intuitive enough for
non-users, especially, in the context of real-world testing of
the autonomous vehicles software packages. As the robotized
vehicle completely controls its motion including steering
and speed controls, psychological comfort of the vehicle
passengers can be ensured by increasing their awareness on
vehicle actions through a suitable human-machine interface
(HMI) [16]. The minimal setup for such a HMI should
contain the vehicle’s current status, its intention for the
next action and navigation information as well as the basic
control buttons [17], [18]. Majority of the HMIs implemented
as dashboards for autonomous vehicles are patented and
released as proprietary commercial software built by vehicle
manufactures or third-parties like Tesla, Waymo, NVIDIA,
with very limited configuration options. Existing open-source
projects like Udacity Self-Driving Car [19] or OpenPilot [20]
are still in their infancy, designed for specific car platforms,
and would require additional customization.

As part of the industrial project we have developed a new
simplified dashboard for the robotized KAMAZ truck control
and state monitoring. The dashboard was implemented as a
web application similarly to [21] but using Flask and Vue. js
frameworks for the back- and front-end development, respec-
tively. The web application format provides great flexibility
in interface development and data presentation as it can be
viewed on either on-board PC, tablet or cell-phone devices.

Figure 5 demonstrates the dashboard user interface con-
sisting of two parts: a control panel and the Google Maps
visualization of the project test site for real-time vehicle’s
position tracking along with its global and local trajectory
display. During the experimental testing, the global and local
path visualizations proved to be the most essential factors
for ensuring truck passengers’ awareness about the vehicle’s
intended actions, and, thus, overall driving comfort and
safety. The control panel allows to establish connection with
ROS-based truck control modules for setting and publishing
vehicle trajectory waypoints and final vehicle pose on the
test-site map, and, finally, to start and stop the vehicle in the
autonomous mode. Additionally, there is also a second tab
for vehicle telemetry information.

The dashboard can operate in two modes - testing in the
Webots simulator or production when connected to the real
vehicle. In either mode the ROS interface is established using
the roslibjs library [22] via WebSockets [23] connecting
to rosbridge for topic publishing and subscription, service
calls and other ROS functionalities. The dashboard can be
accessed remotely over the Internet or locally within the
roscore based network.

The dashboard development was done using the Webots
truck motion simulations. To monitor the position and state
of the vehicle model in Webots, special conversion method
was developed to convert data between the Webots local
coordinate frame (shown in Fig. 5) and the GPS coordinate
system used by Google Maps module in the web interface.
The GPS uses the World Geodetic System (WGS84) as
its reference coordinate system. Although Webots internally
supports it as well, subsequent dashboard interfacing with
the experimental robotized KAMAZ truck also required
transformation of the truck coordinates defined in the local
RTK (real-time kinematic) frame of the VIST (ZYFRA
Group) autopilot system (the frame is defined as in Fig. 5).
This allowed to use the same coordinate transformation from
both the Webots simulated and real RTK local frames to the
GPS and vice versa.

Given the vehicle’s position with coordinates (x,y), spec-
ified in metres in a local frame, the corresponding GPS
coordinates, i.e. latitude ¢ and longitude A, are computed
as follows [24]:

180
9:ala112(.1,y)-7, (D
d=+/x2+y% )
d
S = Iz (3)
©=@y+06cosb; 4)
_ tan(0.2574+0.5¢) \ .

A"”ln<mn(o,25n+o<5%))’ ®

_Ae,
q= E, (6)
JUR L Q)

q
A =X+AA, ®)

where 6 and d denote bearing and distance , @y and Ag are
the GPS coordinates of the local frame and R = 6,356, 356.7
m is the Earth’s radius.

On the other hand, given the vehicle’s goal position set in
the dashboard in the GPS latitude and longitude coordinates,
the conversion to a local frame is done as follows. Firstly, a
distance and a rhumb line bearing are computed as below:

6 = atan2(AL,Ay); (©)

d = arccos(sin @y - sin @ 4 cos @ - cos ¢ -cosAL) -R, (10)

where Ay and AA and are found using (5) and (7), re-
spectively. Finally, the corresponding vertical and horizontal
components of d are used as new equivalent x and y local
coordinates.

Although, this coordinate transformation technique is not
physically exact, the dashboard testing with the Webots
simulations confirmed its sufficient accuracy comparable
with the centimeter’s scale precision of the RTK system used
with the experimental KAMAZ vehicle. In addition, the low
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Fig. 5.
the Webots frames in the global GPS frame.

computational power demands allowed remapping hundreds
of points representing current and target positions of the truck
model and its local and global trajectories from the Webots’s
local frame to the GPS in real-time.

V. EXPERIMENTAL RESULTS
A. Generation of the Project Test Site Map

Integration of the adopted ROS-based motion planning
module to the experimental robotized KAMAZ NEO truck
started from preparing a realistic 2D map of the physical test
site, i.e. the car parking site with connected road segments.
The vehicle tracking was conducted in the local RTK frame,
positioned such that it would cover the whole test site within
the positive directions of x and y frame axes as shown in
Fig. 5 for error-less coordinate transformations.

In the process of initial testing of the robotized KAMAZ
truck sensor measurements were recorded from the vehicle
Velodyne VLP-16 LIDAR, IMU, and RTK coordinates into
ROSBAG files while the truck was manually driven across
the test site, i.e. the parking site, until each obstacle was
scanned at least ones. Using the collected sensor data a
3D point cloud of the test site was restored using the
ROS-integrated Point Cloud Library (PCL) tools and then
transformed into a 2D occupancy map as follows.

First, the point cloud data was processed with a Voxel
Grid Filtering algorithm to reduce the point cloud size by
grouping points into 3D voxels of a prespecified size equal
to 0.2 m and approximating them by computing centroids in
each voxel. Next, all points belonging to the asphalt covered
surface of the test site were excluded. Due to the uneven
nature of the test site surface plane it was experimentally
determined to filter out all points that lie below a 0.09 m
threshold level from it. The remaining points corresponded
to boundaries (obstacles) of the test site. The final 3D point
cloud representation of the test site obstacle map is presented

Cameras  Telemetry
WebSocket Path Builder Vehicle Control
ROS Marker
connection Dropping
Orientation

Extra Informaiton

1. Connect to ALTEL router with Ethernet

2. Connect to KAMAZ-Mikrotik WiFi AP

3. Set static IP to WiFi interface (e.g. 172.16.0.222) with no default
gateway. This interface should be used for it's network only

4. Ping 172.16.0.20/172.16.0.30 to check connectivity with local

‘Web-based dashboard interface for remote control and monitoring of the vehicle movement in real-time. Left side shows the KAMAZ RTK and

Fig. 6. Constructed 3D obstacle map of the project test site.

in Fig. 6. Subsequently, a 2D occupancy map was generated
in the ROS .pgm format similarly to the artificial one in
Fig. 3(b). The map covers the square area 500 x 500 m with
the precision set to 0.4 m per pixel.

B. Interfacing of the Motion Planning Module

The adopted ROS-built-in vehicle motion planning mod-
ules, described in Section III, were interfaced with the real
KAMAZ vehicle’s autopilot system. Although simulation
tests in Webots were accurate enough, during the initial
experimental tests on the real vehicle it was observed that
input velocity and steering angle commands to the vehicle
autopilot system were rapidly changing that caused abrupt
and fluctuated vehicle motion. This was attributed to high
latency of the vehicle autopilot hardware that forced the
planner algorithm to overcompensate and enforce control
commands in subsequent actions.

To avoid abrupt changes in the velocity and steering angle,
which could damage mechanical systems of the vehicle,
a simple data smoothing was integrated adopting a Finite

1873




image42.jpeg
0.4

unfiltered
03 filtered

0.2

01

-0.1

-0.2

steering angle, rad

-0.3

-0.4

-0.5

Fig. 7.

25

unfiltered
filtered

15

linear velocity, m/s

0.5

0 5 10 15 20 25 30
time, s

(b)

(a) KAMAZ truck steering angle and (b) linear velocity command signals before and after filtering.

move_base

global_planner

map_server

Istate Jodom
—p odometry
fom

/cmd_vel N /control
TEB_local_planner, speed_smoothing ) == | KAMAZ

Jpoint_cloud

velodyne_lidar

Fig. 8. Graphical representation of nodes and topics of the ROS-based motion planning module of the robotized KAMAZ truck.

Impulse Response Filter algorithm defined as

k
¥l =Y bix[n—il. (11)
i=0

After several experiments, the best performance was ob-
served during 10-order discrete convolution of the steering
angle. The filter weights were computed using an exponent
function and were set as b = {4.1727, 3.6173, 3.1357,
2.7183, 2.3564, 2.0427, 1.7708, 1.5351, 1.3307, 1.1536}.
In this configuration, the last and previous ROS-generated
steering angle signals contribute 17.5% and 15% respectively
in the filtered angle control command send to the vehicle.
The velocity commands were processed with 5-order filter
with b = {1.5169,1.3956,1.2840,1.1814,1.0869}. In this
case, the last and previous ROS-generated velocity signals
contribute 23% and 22% to the processed velocity command.
Figure 7 shows the results of the integrated smoothing filter
with command values from the TEB planner shown in blue
and red before and after filtering.

Figure 8 presents a graphical representation of nodes and
topics of the ROS-based motion planning module interfaced

with the experimental robotized KAMAZ truck. The vehicle
position and orientation are published by rtk_pos and imu
nodes into /state and /imu topics, respectively, that are, in
turn, connected to odometry node for odometry computa-
tion. The A* trajectory planner in global_planner node is
subscribed to the /odom, /goal and /map topics and based
on the received data generates the truck global trajectory, that
is then sent to TEB_local_planner along with the Velodyne
LIDAR sensor measurements and the vehicle odometry for
generating an obstacle-aware local path of the truck. The
output linear velocity and steering angle control messages
from TEB_local _planner node are passed via /cmd_vel topic
to speed _smoothing node for filtering, and are then ultimately
sent to the robotized KAMAZ autopilot system for execution
via /control topic.

The developed motion planning module also implements
a watchdog timer for stopping the vehicle in the case of
significant delay or absence of ROS control messages. In
addition, it is also able to integrate with a vehicle computer
vision module, that reduces the truck velocity control signal
in 80% from the original ROS-generated command upon
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Fig. 9.

detection of a human in the vicinity of the vehicle.

C. Visualization Dashboard Integration and Testing

Integration of the developed visualization dashboard into
the experimental KAMAZ truck was done using the dash-
board WebSockets interface. The truck real-time location
with ROS-generated trajectories given in the RTK local
frame were converted to the GPS coordinates of the dash-
board following the coordinate transformation approach pre-
sented in Section IV.

On the other hand, after the vehicle target pose (position
and orientation) is set in the dashboard in the GPS frame, it
is converted to the local RTK frame and constantly published
to the ROS-based motion planning module via /goal topic
as shown in Fig. 8.

Figure 9 shows one of test launches of the robotized
KAMAZ truck on the test site visualized in the dashboard
and the ROS RViz visualization on background. The red
automobile marker in the dashboard’s Google Maps window
denotes the experimental KAMAZ truck while green and red
curves visualize the global and local trajectories, respectively.
After setting the truck target pose in the dashboard, the
truck starts moving along the generated global and local
trajectories as visualized in real-time in the dashboard in
Figs. 9(a) and 9(b). However, as shown in Figs. 9(c) and 9(d)
when the vehicle reaches the point on the global path that is
too close to the road borders, the local path is reconstructed
for maneuvering around the borders keeping save distance.

Dashboard and ROS RVIS visualizations of autonomous motion of the robotized KAMAZ NEO truck.

The tests were conducted with a driver and several team
members present in the truck, where they monitoring the
vehicle status via the web-based dashboard open on a vehicle
onboard computer. The driver did not control the vehicle and
was needed in case of a potential emergency situation for
stopping the truck by switching off the autopilot system and
getting manual control of the truck. Other team members
were observing outside with the dashboard application run
on handheld tablets. In overall, in all devices the dashboard
application clearly demonstrated the vehicle status in real-
time. Moreover, it was found out the along with the global
vehicle trajectory, visualization of the local path is very
valuable during experimental testing of the developed vehicle
modules. This was especially useful for the test driver who
could evaluate the truck behavior and intervene accordingly
in case of n emergency and/or significant deviation of the
vehicle from its generated trajectory.

VI. CONCLUSIONS

In this paper, we presented the case study of application
of ROS and the Webots robot simulator for developing
a web-based dashboard to support the development of an
autonomous KAMAZ NEO truck. Using the desctribed in the
paper simulation tools, we were able to implement additional
autonomous functionally to the remotely controlled robotized
truck prototype within a short period of time.

The presented work shows that open-source robot simula-
tors can be used well in advance before a test autonomous
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vehicle platform is ready for experimentation for solving
various project tasks such as 3D modeling of the vehicle
and the environment, 2D occupancy map generation, testing
developed software modules and various driving scenarios.

It was experimentally confirmed that the vehicle dashboard
helps vehicle passengers to feel more comfortable and safe
during driving in an autonomous car in case of proper
information visualization.

As future work we plan to apply the gained in this project
experience and robot simulators for developing new robot
motion planning algorithms based on reinforcement learning
and social awareness.
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Abstract. We present herein our work on text normalization applied to user-
generated content (UGC) in the Kazakh language collected from Kazakhstani
segment of Internet. UGC as a text is notoriously difficult to process due to
prompt introduction of neologisms, peculiar spelling, code-switching or trans-
literation. All of this increases lexical variety, thereby aggravating the most
prominent problems of NLP, such as out-of-vocabulary lexica and data sparse-
ness. It has been shown that certain preprocessing, known as lexical normaliza-
tion or simply normalization, is required for them to work properly.

We applied machine translation techniques to normalize Kazakh texts. For
this, a parallel corpus was created with a set of aligned sentences in canonical
and non-canonical forms. Using these comments, we created the phrase-based
statistical machine translation system as a baseline system. Furthermore, we ap-
plied word-based sequence-sequence model to the normalization task. The for-
mer method shows 21.67 BLEUs on the test set, whereas later one obtained ap-
proximately 30 BLEU score.

Keywords: Text normalization, User-generated content, Sequence-sequence
model.

1 Introduction

With the rise of social media, custom text data has reached unprecedented sizes. As
part of the project on developing tools and algorithms for processing Kazakh lan-
guage in the framework of KazNLP project [1, 2], we strive to provide tools for pro-
cessing real-world data, including user-generated content (UGC). UGC generally
refers to any type of content created by Internet users including tweets, comments,
dialogues on Internet forums, etc. This type of text is considered difficult to process
due to the high level of noise, i.e. it is far from the standards of the literary language.
Kazakhstani segment of Internet is not except from noisy UGC and the following
cases are the usual suspects in wreaking the “spelling mayhem” [2]:
— spontaneous transliteration, e.g. Kazakh word “6i3” can be spelled in three addi-
tional ways: “0b13”, “6u3”, and “biz”;
— use of homoglyphs, e.g. Cyrillic letter “i”” (U+0456) can be replaced with Latin
homoglyph “i” (U+0069);
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— code switching — use of Russian words and expressions in Kazakh text and vice
versa;

— word transformations, e.g. “kepemeeer”,” kpmt” instead of “kepemer” (great), or
seg-mentation of words, e.g. “k-e-p-e-M-e-T”;

— the use of emoji, e.g. (©, ®), and their symbolic counterparts, e.g. [:), : (].

The normalization tool is designed to edit such texts to match the standard lan-
guage. All these properties of UGC significantly reduce the accuracy of NLP tools, so
in practice UGC is often normalized, that is, brought to literary language standards.
Consequently, non-canonical text normalization is considered the main preprocessing
stage of almost all NLP tasks [3-8].

This paper is organized as follows: Section 2 presents an overview of various tech-
niques for the text normalization task. Data collection and annotation are presented in
Section 3. Method description and obtained results of the conducted experiments are
described in Section 4. Summary and conclusions of the performed experiments and
areas of further research are given in Section 5.

2 Related work

With the rapid growth of content on social media, text normalization has gained in-
creasing attention in the past decade, with a focus on converting noisy non-standard
tokens in informal text into standard vocabulary words. Spell checking plays an im-
portant role in this process as it can be seen as an initial attempt at text normalization.
In [9 - 11], it was proposed to use a framework with noisy channels to generate a list
of corrections for any misspelled word, ranked according to the corresponding poste-
rior probabilities.

The work of [12] refined this structure by computing the likelihood function as a
noisy token and its associated tag would be generated by a specific word. However,
spell-checking algorithms are in most cases ineffective for this type of data because
they do not account for phenomena in informal text. For example, some previous
work [13] has instead focused on sporadic typographical errors using edit distance
[14] in conjunction with modeling pronunciation.

The work [15] used a noisy channel model based on spell editing distance using the
web to generate a large set of automatically generated (noisy) pairs that will be used
for training and for spelling suggestions. Even though they use the Web for gathering,
they do not focus on informal text, but rather unintentional misspellings. [16] com-
bined the noisy channel model with a rule-based final transformer and obtained ac-
ceptable results for French SMS. [17] used weighted finite state machines (FSM) and
rewrite rules to normalize French SMS; [18] focused on tweets generated with mobile
phones and developed a CRF tagger for deletion-based reduction.

Recent work has also focused on normalizing Twitter messages, which is generally
considered a more challenging task. [19] developed classifiers to detect malformed
words and generated corrections based on morphophonic similarities. [20, 21] pro-
posed to normalize non-standard tokens without explicitly categorizing them.
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The above approaches rely almost heavily on external linguistic resources and
manually defined rules. A wide range of NLP tasks shows promising results using
neural networks. The encoder-decoder architectures [22, 23] exceeded expectations in
machine translation [24], dialogue generation [25], summarization [26], question
answering [27]. Hence, it makes sense to wonder if the Seq2Seq models are suitable
for the normalization task.

Work of [28] applied the encoder-decoder architecture that uses Recurrent Neural
Network (RNN) based on Gated Recurrent Unit (GRU) for Japanese text normaliza-
tion. They improved the performance of Japanese text normalization by performing a
stable training of the encoder-decoder model with a new method for data augmenta-
tion. [29] applied a normalization method based on word-character attention-based
encoder-decoder model on noisy text in social media. They state that the presented
character-based component, which is trained on synthetic adversarial examples,
shows a significant result. [30] normalized Swiss German WhatsApp messages using
the encoder-decoder model. They argue that the flexibility of the encoder-decoder
model provides for using same training data in different ways. Particularly, the modi-
fication was made in the part of decoding by introducing different levels of granulari-
ty in the language of the target side: characters and words. [31] explored the possibili-
ties of using machine translation techniques to normalize noisy Turkish texts. They
trained character-based translation model with synthetic parallel data. The experi-
ments were conducted both on statistical and neural machine translation methods to
compare the obtained results.

3 Data collection and annotation

Like most machine learning models, machine translation methods require training
data to produce meaningful results. Parallel text corpuses are a structured set of trans-
lated texts between two languages. Such parallel corpora are essential for training
machine translation algorithms. In our case, the source side is the unprocessed com-
ments, and the target side is the revised comments by annotators. To create a corpus
for this task, at the beginning we collected comments from news web pages:
nur.kz, tengrinews.kz and zakon.kz. The comments were divided into lan-
guage groups: Kazakh, Russian and mixed. Perfect comments that do not contain
errors have been removed as there is no point in giving correct comments on our ma-
chine translation approach. To sort the ideal comments, we used texts from the offi-
cial news web pages, in which we believe there are no errors. We compare them, if all
the words of our comments are in this text, then this comment is considered ideal.
Some comments may contain multiple sentences, so we split longer comments into
multiple sentences. The statistics are shown in Table 1.

Table 1. Data set statistics from news portals.

Total Stripped of perfect After splitting long Ideal comments
comments comments
doc tok doc tok doc tok doc tok
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17181 237092 12896 192853 19799 192853 4285 44239
Beside comments from news portals, additional comments were collected from social
networks. The Kazakh-speaking audience of commentators is most active on social
networks like Facebook and Instagram. The analysis shows the main share of com-
ments in the Kazakh language falls on such Facebook groups as OnlineQazaqstan
(367,920 members at the time of analysis), newspaper «Kama men [dama» (97,685
members at the time of analysis). Based on the above, the Kazakh-speaking segment
of the social network Facebook was selected for the source of collecting text data. The
statistics of the dataset from social media is presented in Table 2.

Table 2. Social media dataset statistics.

Source Number of posts Number of comments
OnlineQazaqstan 17 3287

Newspaper «Kana men ana» 18 1490

Kaspi.kz 8 1897

Stan.kz 29 3340

Total 72 10014

After collecting comments, we built a parallel corpus. The source side of the corpus
contains comments, and the target side contains revised version of the corresponding
comment. A web interface has been built to fix comments and make annotation easier.
We had two annotators and one last controller-moderator. Fig. 1 shows a screenshot
from the web interface. Here, annotators can select the source of the correction, and
can also observe the work done in general. The controller-moderator can correct the
work of the annotators and approve.
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Fig. 1. A parallel corpus annotation tool.

After the annotation process, the datasets were further processed. Some very long
comments are split into several parts, mostly by sentence. Comments in Russian were
removed. After these preprocessing, 27005 comments remained. We used 90% of
these comments for training and the rest for testing. Statistics are shown in Table 3.

Table 3. Final data statistics.

Parallel comments Train set Test set
27005 24 305 2700

4  Method description and results

In this project, we explored the potential of using machine translation methods to
normalize non-canonical texts in Kazakh. Therefore, we conducted both statistical
machine translation (SMT) and neural machine translation (NMT) approaches in or-
der to compare the results.

The SMT method was chosen as a baseline experiment. A pretty standard set of
tools was used in this pipeline. The plan was to build scalable NLP tools in Python, so
we built a phrase-based statistical machine translation system, since among the vari-
ous methods, phrase-based methods have shown high performance. We used n-gram
language models, in particular 3-gram models. The decoding process was implement-
ed using the beam search stack decoding algorithm.

Inspired by advances in NMT, we applied end-to-end neural network models, in
particular sequence-sequence (Seq2Seq) models to the secondary normalization task.
Seq2Seq models have ability to convert sequences from one domain (e.g. sentences in
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non-canonical form) to sequences in another domain (e.g. the same sentences in ca-
nonical form). Its feature to capture any useful contextual information in a sentence
can be used in text normalization task. This eliminates the need for language-specific
tools except the sufficient training data.

We built our Seq2Seq model using the Keras library [32]. Firstly, the combination
of the train and test datasets was used to define the maximum length and vocabulary
of the problem. We map words to integers, as needed for modeling. Separate tokeniz-
er was used for the source sequences and the target sequences. Each input and output
sequence must be encoded to integers and padded to the maximum phrase length,
since a word embedding was used for input sequences and one-hot encoding for out-
put sequences.

We use an encoder-decoder Long Short Term Memory (LSTM) networks model
on this problem. In this architecture with 2-layer LSTM encoders and decoders, the
input sequence is encoded by a front-end model called the encoder then decoded word
by word by a backend model called the decoder. The model is trained using the effi-
cient Adam approach to stochastic gradient descent and minimizes the categorical loss
function because we have framed the prediction problem as multi-class classification.

To assess the quality of translation, we used a widely used measurement - BLEU
(Bilingual Evaluation Understudy) [33]. The main idea behind this metric is to deter-
mine the n-gram match between the translated candidate and the link. After transla-
tion, we compared our translated test set with an original test set. This result can be
viewed in Table 4.

Table 4. Final results.

Model BLEU score
SMT 21.67
NMT 29.74

5 Conclusion

In this work, we used machine translation approaches to normalize comments. To
create machine translation systems, we first collected comments from news portals
and social networks. We then corrected these comments with annotators. A total of
27005 comments were collected and corrected. The original raw comments are treated
as the source side, and the revised comments are treated as the target side in our paral-
lel corpus. Using these comments, we have created the phrase-based statistical ma-
chine translation system as a baseline system. Furthermore, we applied word-based
sequence-sequence models to the secondary normalization task in order to compare
statistical and neural network approaches. The statistical method shows 21.67 BLEUs
on the test set, whereas sequence-sequence model obtained approximately 30 BLEU
score. The later technique improves the performance of the normalization task signifi-
cantly. In average, the both results can be viewed as an average performance. The
reason for this phenomenon may be related to sparse datasets. To solve this problem,
in the future we are going to add more comments to our parallel dataset. Moreover,
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we will conduct experiments with sequence to sequence models with attention mech-
anism as well as character-based models.
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