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Abstract. The potential of machine translation is closely related to advances in modeling of 

understanding and generating texts in natural languages, which traditionally belongs to artificial 

intelligence sphere. The article attempts to analyze the main approaches to developing machine 

translation technologies. It is concluded that these approaches so far ignore the generation and use of 

dynamic models of the world, but are moving mainly in the direction of a grammatically consistent 

translation of word sequences. 
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Introduction 

Machine translation (MT), along with pattern recognition and playing chess, in the middle of the 

last century was attributed to artificial intelligence (AI) sphere [Panov, Ljapunov, Muhin, 1956]. The 

tasks of automatic pattern recognition and computer chess playing have been successfully resolved by 

now. According to some of the largest multinational IT companies (Google, IBM, etc.), the MT problem 

has also been resolved [Hobson, Hannes, Koul, 2020; Ganegedara, 2019]. Has it really? Statements on 

this topic have been made more than once, but analysis showed that they are not fully accurate. This is 

understandable, since MT technology is very complex due to its close connection with modeling 

understanding and generating texts in natural language (NL). The latter, as is well known, is a universal 

means of communication between people used to perceive, accumulate, store and transmit information. 

Moreover, NL is an instrument of human thought [Apresjan, 1966; Belonogov, Kalinin, Horoshilov, 

2004; Mel'chuk, 1999]. 

For a long time, NL has been studied by several scientific disciplines, such as linguistics, semiotics, 

neurolinguistics, etc. [Sossjur, 1977; Vetrov, 1968; Shrejder, 1974]. For example, psychologists believe 

that NL is a second human signaling system, functioning on the basis of the first signaling system (i.e., 

the system of innate unconditioned reflexes to signals from visual, auditory, tactile and other receptors). 

Signals received during a conversation or speech perception initiate the thought processes in people, but 

do not completely characterize them. Interpretation of speech signals (their understanding) takes into 

account life experience and professional knowledge accumulated during life. This acquired knowledge is 

a kind of dynamic model of the world which functions as presuppositions in the process of verbal 

communication [Lurija, 2019; Maksimenko, 2000]. 

The well-known Soviet linguist V.A. Zvegincev (В.А. Звегинцев) writes: “Presuppositions form 

the semantic framework on which the text (discourse) is built. Here ... we presume the existence of a 

subtext along with the text”. It is their obligatory consistency that “creates the effect of appropriateness” 

[Zvegincev, 1976]. Thus, presuppositions can be defined as a certain subtext (defaults) with which the 

visible or audible text must agree. It is considered possible for each sentence of the text to explicate this 

subtext in the form of corresponding “presuppositional” sentences. The written description of the real or 

abstract world will always remain incomplete without taking into account “presuppositions”, since it is 

assumed that some of the information is already known and there is no need to repeat it in the text. 
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The written text, like vocal speech, unfolds sequentially in time, i.e. has a linear structure, while 

mental images in the brain are “multidimensional”. The verbal description, though, may adopt various 

structures but always linear in form. However, the verbal description pursues only one purpose: to 

reconstruct in the mind of a reader mental images that adequately mimic the author's. Such reconstruction 

is carried out gradually by reproducing sentence by sentence and by “assembling” the resulting partial 

images into a wholesome image corresponding to the text content. In each sentence, the element of its 

actual division – “theme” – plays the role of a “docking block” that connects a new image denoted by the 

sentence to the previously constructed one. This model of text perception explains the fact that in most 

cases sentences are linked lexical repetitions. The “docking blocks” of sentences repeat the concepts from 

the previous text either literally, or in the form of synonymous and elliptical constructions1, or in the form 

of generic names and pronouns.  

Thus, modeling perception and reproduction of NL should essentially reflect the work of the human 

brain when it comprehends the surrounding reality. Therefore, MT must take into account the most 

important features of human mental activity. Let's briefly consider the main approaches to solving these 

problems based on AI technologies.  

Rule-based semantic and syntactic translation 

The first successful MT experiments were carried out in 1954 at Georgetown University 

(Washington, USA). Soon thereafter, research and development began in the industrialized countries to 

develop MT technology. The MT pioneers of the late fifties – early sixties of the last century faced 

problems much more complicated than they could imagine. 

The initial enthusiasm from implementing MT by Direct Machine Translation quickly turned to 

disappointment. Nevertheless, research in the field of MT continued. In 1970s–1980s the fundamental 

research in NL resulted in the Rule-based Machine Translation (RBMT). One of the results of this 

research was the formal model of language proposed by I.A. Mel'chuk (И.А. Мельчук) which he called 

“Meaning-Text” Theory [Mel'chuk, 1999]. The model is a description of a natural language, understood 

as a device (“system of rules”) that provides an individual with a transition from meaning to text 

(reproduction, that is, “speaking”, or text construction) and from text to meaning (“understanding”, or text 

interpretation). 

Mel'chuk's theory postulates a multi-level model of language, where the construction of a text based 

on a given meaning does not occur directly, but through a series of transitions from one level of 

representation to another. The model distinguishes several levels of language description: phonological, 

surface-morphological, deep-morphological, surface-syntactic, deep-syntactic and semantic levels. Each 

                                                 
1 Elliptical constructions are incomplete subordinate clauses, which usually consist of a conjunction and an adjective or 

noun (with or without a preposition). 
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level is characterized by a set of its own lexical units and rules for their presentation, as well as by a set of 

linguistic rules for transition from one presentation level to adjacent ones in accordance with the 

following principles [Mel'chuk, 1999]. 

1. The completeness principle – ensuring the fullest possible coverage of structures of the described 

language. This can be achieved provided that the test sentences are not randomly selected, but are chosen 

through careful selection of textual material. Completeness can be ensured if the original tests are 

statistically representative. 

2. The economy principle – formulating a rational number of rules in order to avoid unnecessary 

detail, repetition and redundancy of the description. 

3. The consistency principle – a clear distinction between similar and different structures. The 

grammar rules should not be contradictory. Logical sequence of arguments, non-intersection of various 

rules to avoid mistakes should be achieved. 

4. Convenience and ease of formulating rules – with a minimum of conventional symbols, the 

grammar should convey as much information as possible. Algorithms should also be flexible enough to 

facilitate the introduction of new rules for the analysis / synthesis of unaccounted structures into the 

grammar. 

5. Optimizing algorithmic text processing in accordance with the grammar rules, which should 

provide the highest speed of analysis and synthesis of the sentence structure. 

The multilevel language model served as the basis for a number of other MT systems [Kulagina, 

1979; Marchuk, 1983; Piotrovskij, 2002]. The grammatically correct word-by-word translation in these 

models was achieved mainly by procedural and declarative means based on the syntactic and semantic 

features of words included in bilingual dictionaries. Additionally, these systems included procedures for 

morphological, syntactic, semantic analysis and synthesis of texts, as well as a transfer procedure – 

matching words of the source text and their translated equivalents in the target language. 

We must pay tribute to the MT pioneers and their immediate followers. They have done much to 

advance theory and practice of MT. But many important problems have not been resolved: for example, 

selection of translation equivalents for words and phrases of the source text. When solving this problem, 

the focus was primarily on achieving grammatically correct word-by-word translation. The polysemy1 of 

words was resolved mainly by procedural means based on their syntactic and semantic features. 

Therefore, MT systems during the first three decades of their development can be characterized as 

systems of semantic-syntactic and predominantly word-by-word translation. Phrases were also included, 

but to a lesser extent. 

                                                 
1 Polysemy (from the Greek – Πολυσημεία) multiple meanings, multivariance, i.e. a word (unit of language, term) with 

two or more meanings historically interrelated in meaning and origin. 
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In our opinion, the semantic-syntactic word-by-word and predominantly word-by-word MT of texts 

is a dead end. In NL, the meaning of sentences and phrases, as a rule, is not a sum or not a complete sum 

of the meaning of their constituent words, and during translation it cannot be “calculated” on the basis of 

the syntactic and semantic features of these words. Therefore, this concept was replaced by the concept of 

semantic-syntactic, predominantly phraseological, or phrase-based translation. This approach better 

reflects the nature of NL, and it helped specialists to gain made significant progress in improving the 

quality of translation. But these improvements came at a tremendous effort in formulating rules and 

manual creation of bilingual dictionaries. Nevertheless, this approach failed to reach a level of MT, 

slightly inferior to manual translation of an average translator, or even to outline prospects for its 

successful development. 

In 1982, the head of the Japanese state program Professor Makoto Nagao at Kyoto University 

commented on the unfavorable situation in the field of MT of this period and called Rule-based machine 

translation (RBMT) the dead-end. In 1984, he proposed a new MT concept [Nagao, 1984]. According to 

this new concept, Example-based machine translation, the automatic translation should be carried out by 

analogy with the texts previously translated manually. Makoto Nagao's approach gave impetus to a new 

direction called Statistical Machine Translation (SMT). 

Statistical Machine Translation 

For the first time, a system based on this concept was implemented at the turn of the 1990s at 

IBM’s research center. Dictionaries and linguistic rules in this case were completely replaced by large 

corpora of parallel texts (bilingual). They formed the basis for the so-called transition model, in which 

calculated the probability that the target word or phrase would be the correct translation of the source 

word or phrase. The transition model incorporated the word alignment model, which established a mutual 

correspondence between the words of a sentence or phrase in the source and target languages. The 

translation algorithms were upgraded using contexts of the original sentence and the corresponding target 

sentences. It was assumed that such a translation would be of better quality, since data in the form of 

parallel sentences is richer than bilingual dictionaries of words or phrases. [Denisova, 2018]. 

Although early versions of IBM's SMT system performed word-based translation, developers 

started to experiment with phrase-based SMT. This approach to translation allowed for a number of 

relationship models: “one-to-many”, “many-to-many”, and “many-to-one”. The main goal of phrase-

based SMT is to build a phrase translation model that contains the probability distribution of various 

target candidate phrases of the original phrase. The absence of dictionaries is compensated by huge 

databases of stored parallel bi-texts. In the absence of a direct correspondence between the grammatical 

structure of the source and target languages, the phrasal transition model is supplemented with word 

permutation operations [Denisova, 2018]. 
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SMT has one serious drawback: preprocessing, corpus creation and decoding process (finding the 

most likely target phrase for a given source) is expensive and time-consuming. This is due to the 

computational processing of a large array of identified phrases in various combinations of words and a 

huge number of the corresponding target phrases. To reduce the number of processed combinations, the 

transition model included syntactic models to describe the original sentence. The syntax-based models 

rearrange the syntactic structures of sentences and insert words into the structure of the target language. 

Since 2006, the SMT language model has been used by online translators from such companies as 

Google, Yandex («Яндекс»), Bing, and others. Despite the fact that this approach provides better MT, 

there remain serious drawbacks. The main one is the incomplete grammatical consistency of the 

translation since the linguistic mechanisms of such consistency are not utilized. In addition, translation 

equivalents obtained by the statistical method were “pulled out” from different unrelated texts. Therefore, 

SMT cannot always ensure the semantic cohesion1 of the text. 

Neural Machine Translation 

Advances in neuroscience and NLP2 at the end of the last century led to the development of the 

cognitive theory, in which the modeling of thinking or behavioral processes is carried out using neural 

networks (connectionism). This concept prompted researchers to pursue MT on the basis of neural 

network models. The neural machine translation (NMT) relies on preliminary (deep) training of a network 

(program, model) with a large accumulated corpus of parallel sentences (in the source and target 

languages) by their sequential processing with the limited a set of logical rules. The NMT process itself 

consists in training the model on parallel texts, verifying the trained model and performing translations of 

texts into the target language on this basis [Google's multilingual neural ... , 2017]. 

In 2004, Google made first attempts to implement NMT that revealed a number of shortcomings. 

One of them was the slow program learning; the generation of target information was time-consuming 

due to a large number of identified features. In addition, NMT proved to be ineffective when working 

with rare words, and in some cases it was not possible to translate all the words of the input sentence.  

Further improvement of Google's NMT (GNMT) was aimed at improving the speed and quality of 

translated texts. For example, to effectively use all the information obtained in the previous stages, 

recurrent neural networks (RNN) with long short-term memory (LSTM) were used [Hochreiter, 

Schmidhuber, 1997; Gers, Schmidhuber, Cummins, 2000]. To reduce the output time, low-precision 

arithmetic was used. Additional acceleration was achieved using specialized equipment (Google's Tensor 

                                                 
1 The semantic cohesion of a text or its fragment is understood as a set of names or concepts located in the text in a 

certain order and reflecting the main semantic content of the text (its fragment). 
2 Neuro-linguistic programming – an approach to interpersonal communication, personality development and psycho-

therapy 
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Processing Unit). The translation of rare words was carried out by presenting them at the input and output 

in the form of a set of constituent elements (wordpieces) [Schuster, Nakajima, 2016]. To solve the 

problem of incomplete translation, the beam search method was used and a penalty for missing words was 

implemented [Ganegedara, 2019]. A variety of other mechanisms and techniques have also been used to 

significantly improve NMT results. 

Developers strive to create deep learning neural network models (with a large number of layers), 

since they are more accurate compared to other machine learning models. Supplementing them, for 

example, with modern Xavier initialization methods results in a shorter learning period [Gradient flow in 

recurrent nets … , 2001]. 

GNMT is currently one of the world's most popular automatic translators. Every day, the service 

processes about 143 billion words in more than 100 languages [Blesk i nishheta … , 2020]. Google 

switched to GNMT instead of the previously used SMT [Ganegedara, 2019]. Microsoft uses similar 

technology to translate speech (including Microsoft Translator and Skype Translator). The Harvard 

Natural Language Processing Group released OpenNMT, an open-source neural MT system. Yandex 

Translator is based on a hybrid model using SMT and NMT technologies. The choice of the best 

translation from the results obtained is provided by the open-source CatBoost technology, which is also 

based on machine learning [Mashinnyj perevod, 2021]. 

Phrase-based machine translation 

In the USSR for the first time the idea of creating a high-quality automatic translator was expressed 

by G.G. Belonogov (Г.Г. Белоногов)1 in 1975. He formulated his proposal in the form of a machine 

phraseological translation (FMT) concept [Kakim byt' mashinnomu perevodu … , 2002]. The main 

provisions of the concept are as follows. 

According to G.G. Belonogov, the adequate MT must take into account the objective laws of 

language and thinking, the rich experience in international communication, as well as the experience in 

translation accumulated by mankind. This experience indicates that in translation, the main units of 

meaning and conceptual ideas are the phraseological complexes. Therefore, MT systems should not 

translate words and their sequences, but mental images in the form of words and phrases. 

In addition, natural language relies on a hierarchy of semantic units. The semantic content of higher 

units is not always reducible to the meaning of their constituent lower units. The most stable units of 

                                                 
1 Belonogov G.G. (1925–2018) – one of the founders of Russian informatics, recognized both in Russia and abroad, a 

well-known specialist in the field of computational linguistics and automatic word processing. He worked at the 27th Central 
Research Institute of the Defense Ministry (1961–1980), then at the All-Russian Institute of Scientific and Technical 
Information (VINITI RAS, 1980–2001) and the linguistic firm MetaFraz (2003–2005). He developed a unique machine 
grammar based on the system of inflectional classes within the Russian morphological analysis [Kakim byt' mashinnomu 
perevodu … , 2002; Sredstva mashinnoj grammatiki russkogo jazyka …, 2018]. 
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meaning are phraseological concepts. They also serve as basic “building blocks” for the higher level 

semantic units – sentences, superphrasal unities and texts [Belonogov G.G., Horoshilov, Horoshilov, 

2005]. 

The second key unit of meaning is a sentence. The main parameter of the sentence is predicativity – 

i.e. the information about certain attributes and their relationships in objects. Utterances in formalized 

languages also possess predicates. This means that sentences in NL and formalized logical statements are 

based on a predicate-actant structure, consisting of predicate concepts (features and relations) and actant 

concepts (objects and arguments). Predicate-actant structures are those semantic invariants that make it 

possible to translate texts from one NL to others. At the same time, they help to solve the main task of 

MT – to transfer the semantic content from the source to the target language. 

Thus, G.G. Belonogov developed the FMT model, its basic composition, procedural and software 

tools, and also formulated its operating principles. In accordance with these principles, the FMT system 

should include a conceptual base containing translated equivalents of common terminological phrases, as 

well as fragments of phrases, auxiliary constructions and individual words. In the process of translating 

texts, the system uses the translated equivalents stored in this database in the following order: a) first, the 

source sentence is translated as a wholesome phraseological unit; b) in case of failure – the longest 

syntactic constructions in the source sentence are translated, and in their absence – shorter phrases; 

c) finally, word-by-word translation of those fragments of the sentence that could not be translated by the 

first two methods is carried out. Fragments of the output text obtained by all the above methods must be 

grammatically consistent with each other (verified by procedures of morphological and syntactic 

synthesis) [Horoshilov, 2006; Horoshilov, Kan, Horoshilov, 2019]. 

The FMT architecture, based on the above principles, consists of three modules: a source text 

analysis module, a transfer module and a translated text generation module. This allows for end-to-end 

optimal processing of the text [Horoshilov, Kan, Horoshilov, 2019]. In turn, end-to-end processing of 

texts (and not individual sentences, as in SMT and NTM) ensures semantic coordination of the system of 

concepts and their relationships into a single whole within the entire text. 

Both approaches, FMT and NMT, are based on pre-trained language models. The only difference is 

that NMT is based on a simplified language model and on its surface representation (see [Mel'chuk, 

1999]). Meanwhile, NL is primarily based on a conceptual system, which is not always fully reflected on 

its surface level. 

The FMT system was developed with the help of a transformational bilingual model and creating a 

four-layer complex of bilingual theme-based dictionaries [Tehnologii sozdanija novyh napravlenij 

perevoda ... , 2017]. FMT dictionaries are characterized by a simple structure of dictionary entries. Any 

fragments of source texts (not longer than 16 words) are used as input, and concepts and their translated 



Kolin K.K., Khoroshilov Al-dr A., Nikitin Yu.V., Pshenichny S.I., Khoroshilov Al-ei A. 
Artificial intelligence in machine translation 

 61

equivalents in the target language can be presented in any grammatical form. The only requirement is that 

the grammatical coordination of words within these constructions should not be compromised. 

Since the early 2000s, the developed FMT technologies have been used in a number of high-tech 

industries, educational and research organizations in Russia. 

Practical applications of MT technologies 

When it comes to MT technologies, the first question is always about the quality of translation. 

Some quality metrics (for example, BLEU1), despite the fact that they are based on probabilistic and 

statistical calculations, upon closer examination turn out to be focused on the same technologies as the 

systems under analysis [Hobson, Hannes, Koul, 2020; Ganegedara, 2019]. The similarity or differences of 

the source vocabulary entries from the reference translation cannot serve as a criterion for the quality of 

the latter. In practice, the main criteria for translation quality the requirements specified by the customer 

(in the contract condition, etc.) [Tehnologii sozdanija novyh napravlenij perevoda ... , 2017]. 

Currently, news aggregators fully rely on machine translation. For example, an aircraft accident 

could be described by the following phrase: “The plane itself was damaged without repair and it was 

written off and dismantled where it landed”. The reader of this “clumsy” phrase will immediately 

recognize that it is most likely MT-generated but will nevertheless guess the meaning of the phrase 

"damaged without repair" means. The situation in the area of scientific and technical translation of even 

relatively simple sentences is much more complicated. 

The article [Blesk i nishheta ... , 2020] illustrates how different programs cope with the translation 

in Russian of the following sentence “Less fuel is consumed in the use of V shape loading”: 

– option N 1 (DeepL): “using a V-shaped load consumes less fuel” («при использовании нагрузки 

V-образной формы расходуется меньше топлива»); 

– option N 2 (GT): “less fuel is consumed when using a V-shaped load” («меньше топлива 

расходуется при использовании V-образной загрузки»); 

– option N 3 (Yandex-translator): “less fuel is consumed when using a V-shaped load” («меньше 

топлива потребляется при использовании V-образной загрузки»). 

All three options are “smooth”, grammatically correct but completely meaningless. The original 

syntactic construction “V shape loading” terminologically corresponds to the phrase “loading (of a dump 

truck) with a wheel loader moving along a V-shaped trajectory”. 

This example illustrates the phenomenon of presupposition. Translation that disregards 

presupposition becomes meaningless. Modern MT technologies are especially weak in recognizing 

narrow terminological areas. But even in this case, the categorical statement of the author of the same 

                                                 
1 BLEU (bilingual evaluation understudy) compares the number of n-grams (n consecutive words) by MT and 

professional human translation. Was developed at IBM in the early 2000ies. 
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publication seems unjustified: “Any MT system will never be able to correctly translate professional 

texts, this is fundamentally impossible – as it is impossible to build a perpetual motion machine”. In fact, 

MT must use different sets of tools for various tasks. Brief analysis of SMT and NMT approaches shows 

that these systems do not possess such tools. At the same time, the FMT methodology was initially 

focused on translation of such texts. 

Summing up the analysis of the existing MT methods, it can be stated that modern SMT and NMT 

technologies can adequately cope with texts, the lexical composition of which is available in a large 

number of source and translation options. These include news, humanitarian and general technical texts. 

The systems offer acceptable results, provided that the lexical, and most importantly, the conceptual 

composition of the translated texts differs insignificantly from the ones used in training. In case these 

parameters differ significantly, the system requires additional training. 

It remains unclear how often and to what extent should the system be retrained. Apparently, MT 

system retraining is an acceptable option for transnational IT companies and large aggregators. This is 

true especially since informational translation does not require an accurate transfer of the semantic 

content of the texts: it is enough to build grammatically correct sentences. In cases where it is necessary 

to provide accurate and high-quality translation, this task must be assigned to professional translators. As 

customers of such translations believe, the latter only need to slightly correct the results of the MT. 

The developers of Post-editing MT (PEMT) soon realized that this is not the case. PEMT systems 

aimed to provide translators with convenient ergonomic tools for correcting the completed MT. To edit 

the already completed translation, the translator had to refer to the source text, understand how the 

translation of the text itself and its syntactic structures was made, and in fact, perform a manual 

translation, and only then correct the MT. 

The question arises, is it not better to provide the translator with the opportunity to control the 

translation process himself, i.e. observe how the translation of the syntactic constructions of the original 

sentence is performed, and intervene only in cases where the translation is unacceptable. 

Such a technology of the interactive MT, focused on the translation of scientific and technical texts, 

exists and is called interactive phraseological translation. It provides the translator with the opportunity 

not only to intervene in the translation process, but also provides training for the system for the 

subsequent translation of scientific and technical texts similar in lexical composition and conceptual 

structure. 

In particular, the translation of the Russian-language federal website for its English-language 

“mirror” is based on these principles [Horoshilov, Kan, Horoshilov, 2019]. The customer set strict 

requirements for the speed and quality of translation. The time of access to the information contained on 

the English-language page of the site should not exceed the time of access to similar information on the 

Russian-language site by more than 30%. During this period of time, the built-in translator had to parse 
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the Russian-language page, analyze its text, automatically translate and insert it into the page frame. At 

the same time, the computing resources allocated by the customer for this task were very modest. The 

required translation quality was ensured by the preliminary automatically created thematic dictionaries 

that could be dynamically upgraded with newly received information and vocabulary [Horoshilov, Kan, 

Horoshilov, 2019]. 

The question remains: to what extent did the existing MT technologies approach the original 

concept of AI [Panov, Ljapunov, Muhin, 1956; Apresjan, 1966; Belonogov, Kalinin, Horoshilov, 2004; 

Mel'chuk, 1999; Sossjur, 1977]. Here it is necessary to refer to the experience of professional translators. 

A translator, first of all, must be a competent linguist, who knows well all the grammatical subtleties of 

both the source and target texts and who understands what mental images are embedded in the source 

text, and how they are presented in the target language. He should also be well versed in the conceptual 

system of the subject matter of the translated texts, although, if necessary, references to outside 

information or to consultations of specialists always remain an option. The translator should be able to 

assess the translation quality both from the point of view of a native speaker of the target language and a 

specialist in this subject matter. 

Modern MT systems lack all these requirements. At the initial stage of MT development attempts 

were made to construct NL models for MT with the help of professional linguists. However, all such 

attempts stopped when the focus shifted to statistical translation. New models favored the principle of 

translating words sequences of the source language with “predicted” sequences of the target language, 

established by analogy with previous translations. In other words, frequently encountered and relatively 

simple syntactic constructions are translated well. 

Modern MT systems tend to completely ignore the phenomenon of presupposition, although 

presupposition is the very “basic knowledge” that should be “invisibly” present in any professionally 

executed translation. It must be said that NLP proponents understand this [Ganegedara, 2019]. However, 

the rather primitive connectionist theory of consciousness, initially accepted as the basis of NMT, does 

not imply any other solution to the MT problem.  

The FMT approach takes basic knowledge into account to some extent. It is within its FMT 

framework that attempts are made to formalize and automatically form thematic databases, so far only in 

the form of thematic ontologies [Horoshilov, Kan, Horoshilov, 2019]. However, the prevalence of NMT 

technologies has slowed the development of other MT approaches. 

Conclusion 

One of the high-ranking Russian officials once ventured an opinion in an interview: “ ... 

Digitalization will very soon free us from translations. Thanks to the use of neural network technologies, 

the quality of translations is significantly improving literally from month to month. The memorization 
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function allows the machine to choose from a large number of options the optimal translation. Now it is 

becoming real. There is no need to translate scientific articles. You press a button – the machine offers 

you a translation ...” [Blesk i nishheta ... , 2020]. This statement seems to confirm the fact that all the MT 

problems have been solved. There is no longer any need to do anything in this area other than to use NMT 

technologies developed in the West. 

However, this absolutely does not correspond to the real state of affairs, especially in the field of 

scientific and technical translation. In natural science articles, new ideas about the real world are 

formulated, new concepts are introduced, new theories and concepts are presented. A small number of 

such publications cannot provide SMT and NMT systems with sufficient data. They require millions (for 

SMT systems) and billions (for NMT systems) parallel sentences, or a comprehensive training. But a 

significant part of information in professional communities is located in the presupposition zone. 

Although the name of the NMT approach contains the term “Neural” associated with the human nervous 

system, this MT approach possesses nothing even remotely related to modeling human mental activity. 

What will be the future of MT like if NMT turns out to be a dead-end direction in scientific and 

technological progress? Russia has the potential and understanding of how modern MT systems should be 

built. But so far we have to admit that in the field of MT there is no AI technology in its traditional sense. 
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