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ABSTRACT

Prospects for the development of machine translation of technical terms in the IT

industry with the use of artificial intelligence

The purpose of this work is the research of machine translation technologies for technical
terms in the IT industry using artificial intelligence.

The tasks of the work are to research the most effective models of machine translation from
English to Ukrainian, analyze the most common machine translation models using the
BLEU metric to assess translation quality, opt the best machine translation model for
technical IT terms for OKIN Facility IOTOR's new Internet of Things (IoT) product to
improve the translation quality.

The subject of the work is the use of machine translation to improve the quality, speed and
cost of translation of technical terms in the IT industry.

The object of the work are the most popular neural machine translation systems.

The work is based on the innovative new IOTOR product for the Internet of Things (IoT)
developed by OKIN Facility's software engineers.

The work provides a methodology and evaluation of machine translation systems.

The scientific and practical significance of the results obtained is to improve the quality of
machine translation of technical documentation in the IT industry and for websites, as well
as reduce translation time and costs.

The research consists of 60 pages, 1 Table, 10 Figures, a list of 47 References, and
3 Appendixes (including 11 Figures).

Keywords: Machine Translation, Neural Machine Translation, Artificial Intelligence,
BLEU Metric, Machine Learning

Year of qualification work: 2023.

Year of work defense: 2024.
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INTRODUCTION

The relevance of the topic is determined by the dynamics of the IT industry, which
generates large volumes of documentation, code, technical specifications, and other
materials that need to be translated for global deployment and collaboration. Machine
translation is becoming a key tool for solving this problem, but the accuracy of technical
terms remains an important issue.

The use of artificial intelligence in machine translation opens up great opportunities
for improving translation efficiency and quality. The use of deep learning, neural networks,
and other advanced Al technologies can help automate the translation process and adapt to
the rapidly changing requirements of the IT industry.

The prospect of developing machine translation of technical terms in the IT industry
using artificial intelligence is quite promising [40]. Due to the constant growth of
information and the globalization of the IT industry, the need for fast and accurate
translation of technical documentation is becoming increasingly important [7].

Acrtificial intelligence and machine learning have already significantly improved the
efficiency of machine translation in general 16]. However, technical terms in the IT
industry have their own peculiarities, such as complexity, specificity, and rapid changes.
Therefore, to achieve high translation quality in this industry, some challenges need to be
taken into account:

1)  vocabulary: IT industry is developing rapidly, and new technical terms are
constantly emerging. Machine translation needs to keep its vocabulary up to date, including
new terms and their definitions;

2)  achieving accuracy: technical terms have precise definitions, and incorrect
translation can lead to misunderstanding or even errors in task performance. Achieving high
accuracy in machine translation requires continuous training of models on a large volume of
high-quality technical data;

3)  context: some terms in the IT industry can have different meanings depending
on the context in which they are used. Considering the context and using context-sensitive

models can improve translation quality.
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In recent years, significant progress has been made in machine translation of
technical terms in the IT industry. The use of deep neural networks and the increasing
amount of available data has helped to improve translation accuracy and speed [12].

Future development prospects include continuously training models on larger and
more diverse datasets, expanding the vocabulary and improving contextual understanding.
It is also important to develop interactive tools that allow users to make corrections and
additions to the translation so that the models can learn from this data and continuously
improve.

All in all, machine translation of technical terms in the IT industry using artificial
intelligence has the potential for further development, and it is expected that even greater
results in terms of relevance, accuracy, and translation speed will be achieved in the future.

The purpose of the work is to highlight current technological challenges in the field
of machine translation, analyze existing approaches, and develop new strategies to improve
the translation of technical terms in the IT industry.

In order to achieve this goal, the following tasks are being solved:

1)  use the most effective models of machine translation from English to
Ukrainian;

2) analyze different machine translation models using artificial intelligence by
evaluating the quality of machine translation using the BLEU metric;

3)  select the best machine translation model for technical IT terms for OKIN
Facility IOTOR's new Internet of Things (1oT) product to improve the high quality
translation.

The object of the work is the most common machine translators widely used by
experienced human translators.

The subject of the work is the use of machine translation to improve the quality,
speed and cost of translation of technical terms in the IT industry.

The following research methods were used in the work:
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1)  BLEU (Bilingual Evaluation Understudy): measures the accuracy of
atranslation compared to manual translations. It is used to evaluate the quality of translation
according to the similarity with reference texts;

2)  tokenization and quantitative calculation of the coincidence of the units under
study; the accuracy of the coincidence compared to the reference (precision).

The scientific and practical significance of the results obtained is that the use of
machine translation can reduce the financial costs and time spent on translation and
localisation of technical documentation in the IT industry and information posted on a
website.

Practical significance of the results. The results of the qualification project on
machine translation evaluation are of great practical importance for business. High- quality
translation and information that is localised for the Ukrainian user helps to attract new
customers, increase sales and enhance the company's brand.

The work was approbated in publications: "State-of-the-art machine translation
systems using artificial neural network" and "Assessing Al-driven machine translation
performance from English into Ukrainian using BLEU metrics for 10T product localization”

[6, 7] at the Ukrainian and international conferences.
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SECTION 1. MACHINE TRANSLATION OF TECHNICAL TERMS IN THE IT
INDUSTRY

1.1. Theoretical Analysis of the Study. Related Works

During the initial stages of contemporary machine translation systems, observers
highlighted their tendency to be trained for producing a "standard" target language.
However, it's crucial to recognize that various languages encompass diverse forms,
including regional variants, dialects, social languages, and non-native forms, which deviate
from the standard language. Sachin Kumar stated that such varieties are often low-resource,
and hence do not benefit from contemporary NLP solutions, MT included [11]. Recent
research papers of Myroslav Konyk and Victoria Vysotska provide an effective solution for
a typical architecture of an intelligent Ukrainian-English machine translation system based
on recurrent neural networks [12]. With the development of machine learning technologies,
it is becoming possible to improve the results in an outstanding way. Neural Machine
Translation (NMT) is a new approach to machine translation that differs from traditional
statistical machine translation in that it emphasises the creation of a single artificial neural
network. This network can be collectively tuned to optimise translation performance. The
use of automated metrics plays a key role in both the development and evaluation of
machine translation systems. However, assessing the extent to which these automated
metrics meet the gold standard of human evaluation is a challenging problem [5, 32].

The majority of the systems in the last three years have been neural models, for
which most metrics have a high correlation with human judgements. A BLEU Method for
Automatic Evaluation of Machine Translation by Kishore Papineni has been surpassed by
various other metrics at every iteration of the MT metrics shared task. Despite this, and
extensive analytical evidence of the limitations of BLEU in particular and automatic metrics
in general [14, 32], the metric remains the de facto standard of evaluating research
hypotheses.

In recent years, significant progress has been made in machine translation of

technical terms in the IT industry. The word "term" comes from the Latin “terminus"


https://aclanthology.org/people/s/sachin-kumar/
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and means a boundary or border; it outlines a concept that can be used in a particular field
with the most precise semantic definition [1]. There are many classifications of terms.
Bilozerska L. suggested to divide them: by the industry in which they are used, by structural
features, by the way they are built, etc. According to the classification, terms can be divided
into word terms, phrase terms, and multi-component terms. The term should be emotionally
neutral and provide accurate definitions of concepts or phenomena. Terminology, like its
development, is inherent in the progress of civilization. All social, political, and economic
changes, as well as scientific and technological discoveries, give rise to new concepts,
processes, devices, and functions that need to be named in some way to enable the
exchange of information and specialized knowledge. Technical inventions such as video,
DVDs or flash drives are not new now, but when they entered the market, the terms
describing them were neologisms in English. A terminology should not be just a "list of
words" but an organized conceptual system with a systematic set of rules that facilitate the
process of understanding, creating, and translating terms [1, 3].

The development of technology and the absence of tangible territorial boundaries in
scientific research make it necessary to rapidly develop terminology, organizing new
concepts, and find equivalents of the resulting terms in other, terminologically equipped
languages of the world.

English-language terms are widely used in many industries and sciences. English is
the language of international communication, which means that terms originally appear in
English and only then are spread to other languages. The development of society requires
deepening the basic scientific concepts and creating terms to denote scientific and technical
neologisms. The English terminology system is one of the most developed, constantly
changing and filled with new terms. English is a global language code of the twentieth
century that has acquired the status of an international language. English is the main
language on the Internet. Terminological vocabulary is grammatically adapted to the
language of the recipient.

Translation of technical terms in the information technology (IT) industry has its own

peculiarities due to the specificity of terminology and the rapidly changing
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nature of this industry. Some of the main features include new terms and technologies. IT is
constantly evolving, and the emergence of new technologies is accompanied by the
emergence of new terms. A translator must be aware of the latest trends and technologies to
use newly created terms correctly. International standards also determine the specifics of
translation. Many technical terms in the IT industry are defined by international standards,
such as ISO, IEEE. A translator should take these standards into account and follow them
when translating. Specific terminology in IT can be difficult to understand for those who
are not experts in the field. A translator must have in-depth knowledge of information
technology to correctly convey the meaning of the terms. Many technical terms have
multiple meanings or can be used in different contexts. It is important to take this polysemy
into account and choose the appropriate translation in a particular context. When translating
technical terms, it is also important to consider the audience for which the translation is
being done. If it is documentation for specialists, you can use more technical terms, but if it
Is instructions for the end user, you should avoid too technical language. Correct translation
of technical terms in the IT industry is important to ensure clarity and correct use of
terminology in an international context.

Machine translation (MT) has become a popular tool for translating texts, including
technical terms in the information technology (IT) industry.

However, it is important to understand that MT can have limitations, especially when
it comes to specific terminology [1, 2]. When using machine translation for technical terms
in the IT industry, context should be taken into account. Machine translators may have
difficulty recognizing context, especially when translating words with multiple meanings or
abstract terminology. New translation technologies may not always be able to take into
account the latest technologies and terms, as IT is rapidly evolving. Consequently, some
terms may not have an exact equivalent in another language. After automatic translation, it
is always recommended to correct and edit the text, especially if the accuracy and
specificity of the terms are important. Some terms may have different translations in

different language communities. However, MT may
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try to use a generally accepted translation, which may not take into account the specifics of
a particular language community.

The application of deep neural networks and the utilisation of the growing amount of
available data is improving the accuracy and speed of translation.

Prospects for further development include continuous training of models on large and
diverse datasets, expanding vocabulary and improving contextual understanding. In
addition, it is essential to create interactive tools that allow users to make corrections and
additions to translations. This feedback allows models to learn from user data, contributing
to continuous improvement in translation quality [2].

All in all, the application of artificial intelligence for machine translation of technical
terms in the IT industry holds significant potential for future advancements. Anticipated
improvements include enhanced relevance, accuracy, and translation speed, paving the way

for even more impressive outcomes.

1.2. Machine Translation Models and Evaluation Metric

As machine translation has been developing, different types of translation systems
have emerged, each with its own unique advantages and challenges. The three most
common categories are rule-based machine translation, statistical translation, and neural
translation.

Rule-based machine translation (RBMT) is an early stage of machine translation that
relies on an extensive set of predefined linguistic rules to transfer textual meaning between
languages. [22]. Regardless of its historical importance, RBMT exhibited poor translation
quality, requiring manual addition of languages and considerable human effort for
subsequent editing. Rule-based MTs are currently being used less and less frequently.

Statistical Machine Translation (SMT) builds a statistical model that identifies
associations between words, phrases and sentences in a given text. This model serves to
translate these elements into another language, representing an advance over rule-based
machine translation, although it faces a number of parallel challenges. Employing statistical

models trained to translate text from a source language to a target
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language, they utilize a substantial corpus of examples. SMT has held sway as the
predominant translation paradigm for many years. Common practical implementations of
SMT often involve phrase-based machine translation (PBMT) systems, which translate
sequences of words or phrases of variable length [Ommo6ka! McTOYHHK CCHUIKH He
HaliaeH.].

Regardless of their efficiency, statistical machine translation methods face limitations
due to their narrow focus on translated phrases and ignoring the overall structure of the
target text. The emphasis on data-driven approaches also led to the potential neglect of
crucial syntactic differences recognised by linguists. In addition, statistical approaches
required careful customisation of each module in the translation pipeline.

In modern applications, neural machine translation (NMT) has been largely
substituted for statistical machine translation (SMT) and is sometimes incorporated into
regular machine translation systems. NMT uses artificial intelligence to “learn™ languages
and improve their comprehension iteratively, mirroring the learning process of neural
networks in the human brain. Unlike traditional methods based on rigid rules, the neural
network in a machine translation system encodes and decodes the source text.

Neural Machine Translation (NMT), characterised by high accuracy, support for
additional languages and increased speed after training, is the main standard in the
continuous evolution of machine translation technologies.

Prominent leaders in machine translation, including Google, Microsoft, and Amazon,
prioritise NMT for its ability to provide fine-grained translations and easily integrate new
language pairs. Such adaptability is attributed to the learning and improvement mechanisms
built into machine translation systems, allowing them to improve performance with
increasing utilisation.

Artificial Intelligence (Al) is playing a key role in shaping global content strategies,
and the language services industry recognises its potential to revolutionise the processing
and distribution of multilingual content. Accordingly, the sector is at the forefront of the

development of neural machine translation technologies.
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In today's interconnected world, Al and machine translation (MT) are becoming
increasingly indispensable tools for the management and distribution of multilingual
content. Due to rapid technological advancements, Al and MT enable near-human-quality
translations at a fraction of the time and cost associated with traditional human translation.
This has driven significant growth and investment in the language services industry as
companies look to utilise these tools to enhance their global content strategies.

While Al and MT have enormous potential, their widespread adoption also comes
with challenges and limitations that deserve attention. This paper reviews the current state
of Al and MT, examines their applications (such as Google Translate and DeepL), discusses
their benefits and limitations, and assesses their impact on the language services industry
and other sectors.

Neural Machine Translation (NMT) involves the use of neural network models to
train a statistical machine translation model. The main advantage of this methodology is the
ability to train a single system directly on source and target texts, which eliminates the need
to create a whole pipeline of specialised systems, as is the case in traditional statistical
machine learning. Unlike conventional phrase translation systems, which consist of many
independently customisable subcomponents, neural machine translation seeks to build and
train one large neural network capable of understanding a sentence and producing an
accurate translation.

Thus, neural machine translation systems are considered end-to-end systems because
only one model is required for translation. The strength of NMT lies in its ability to learn
directly, in an end-to-end manner, the mapping of input text to the corresponding output
text [Ommoka! McTOYHUK CCHIJIKU He Hal/IeH. |.

Over the last decade there appeared some significant machine translation systems:
Google Translate, Bing Microsoft Translator, Transformer Models such models as BERT
and GPT, and DeepL.

Comparing different machine translation systems (Google Translate, Microsoft
Translator and ChatGPT), the scientists came to the following results [35, 12]: Google
Translate and Microsoft Translator both outperformed ChatGPT in all the evaluation
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metrics. These systems demonstrated higher BLEU and other scores than ChatGPT,
indicating better translation qualities. Google Translate demonstrated slightly better
performance than Microsoft Translator, but the difference was marginal. Although the
performance of ChatGPT was lower than the other two systems, it is important to note that
ChatGPT was primarily designed as a conversational Al model rather than a translation
system. The results show that ChatGPT's performance is not on par with specialised
translation systems such as Google Translate and Microsoft Translator. These results
provide a valuable benchmark for users who decide to use translation systems for specific
purposes, e.g. those who prioritise translation quality may choose Google Translate or
Microsoft Translator. Based on the above research we have chosen the Google Translate for
our qualification work. The other machine translation system for out qualification work is
DeepL. It was chosen because the competition between Google Translate and DeepL for the
number one position as the best machine translation system has been running for the past
decade [Ommoka! UcTtouHuK cchUIKH He HaiimeH., 35], and moreover DeepL is still
number one among the human translators [340].

Launched in April 2006 as a statistical machine translation service, Google Translate
switched to neural machine translation — Google Neural Machine Translation (GNMT) in
2016 [40]. GNMT improves the quality of translation by applying an example-based
machine translation (EBMT) method in which the system "learns from millions of
examples." GNMT's system learning architecture was first tested in more than a hundred
languages supported by Google Translate. Thanks to its powerful internal structure, the
system learns to produce better and more natural translations over time. GNMT is able to
translate sentences as a whole, not in parts. GNMT is able to perform interlingual machine
translation by encoding the semantics of a sentence instead of memorizing translations of
individual phrases [18].

Google Translate is a multilingual neural machine translation service developed by
Google to translate texts, documents, and websites from one language to another. It offers a
web interface, a mobile app for Android and iOS, and an API that helps developers create
browser extensions and software applications. As of April 2023, Google Translate supports

133 languages at various levels [Ommoka! McTOYHNK CCHUIKHM He Haii/eH. ].


https://en.wikipedia.org/wiki/Statistical_machine_translation
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Google Neural Machine Translation (GNMT), a sequence-to-sequence (seq2seq)
model that is currently used in Google Translate production systems [21, Ommuoka!
Hcrounnk cchliIKM He HakjeH.]. Seq2seq (Sequence-to-Sequence) is a type of neural
network architecture used in machine translation tasks such as Google Translate. It was
introduced in 2014 by Sutskever et al. and has since become a popular approach for neural
machine translation [24, 44].

Google Translate uses seg2seq models to translate text from one language to another.
The basic idea is to use a network of encoders to encode the source language text into a
fixed-length vector, and then use a network of decoders to generate the corresponding
translation from this vector. The encoder network takes a sentence of the source language as
input and transforms it into a sequence of vectors. Each vector represents a word in the
sentence and is computed by applying a learned function to the word insertion and a hidden
state vector that summarizes the previous words in the sentence. The final vector produced
by the encoder is the summation of the entire sentence of the source language. The decoder
network then takes this summary vector as input and generates the translation sentence
word by word. At each time step, the decoder generates a probability distribution of words
in the target language dictionary and selects the most probable word as the output. The
hidden state of the decoder is updated based on the output word and the previous hidden
state, which allows it to track the context and generate a free translation [21].

Encoder-decoder with attention is a neural network architecture that has become
popular due to its ability to improve the quality of machine translation. The encoder-
decoder model consists of two components: an encoder and a decoder. The encoder takes
the source text as input and generates a fixed-length representation of it. The decoder then
generates the output text based on the encoded representation. Attention is a mechanism
added to an encoder-decoder architecture to help the decoder focus on relevant parts of the
input text during the decoding process [21]. The attention mechanism allows the decoder to
selectively pay attention to different parts of the input text at each step of the decoding
process. This allows the model to better match the input and output text and improves the

overall translation quality.


https://research.googleblog.com/2016/09/a-neural-network-for-machine.html
https://papers.nips.cc/paper/5346-sequence-to-sequence-learning-with-neural-networks.pdf
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During training, the attention engine learns to weight the relevance of different parts
of the input text based on the current state of the decoder. At each decoding step, the
decoder uses this attention weighting to determine which parts of the encoded input text to
focus on, improving the quality of the output translation. An attention-based encoder-
decoder is a neural network model that improves machine translation by allowing the
decoder to selectively focus on relevant parts of the input text during the decoding process.
The attention mechanism allows the model to align the input and output text more
efficiently, resulting in a higher quality translation [13, 24].

Google Translate's seq2seq model is trained on large parallel corpora of source and
target language sentences. During training, the model is optimized to minimize the
difference between predicted translations and true translations in the training data. Overall,
seg2seq models have shown promising results in machine translation tasks and have
become a key component of Google Translate's success. These models have great potential
for the development of the natural language processing industry and are likely to be
increasingly used in many applications in the future [24].

DeepL is a neural machine translation service launched in August 2017 and owned by
DeepL SE, a Cologne-based company [27]. It initially offered translations between seven
European languages and was gradually expanded to support 31 languages. Its algorithm
uses convolutional neural networks (CNNs) [27], offers a paid subscription for additional
features and access to an application programming interface for translation.

According to the developers, the service uses a newer, more advanced neural network
architecture that provides more natural-sounding translations than competing services
[Ommoka! UCcTOYHHK CCHLIKHM He HaliieH. ).

The translation is generated by a supercomputer. In general, ANNSs are slightly better
suited for long word sequences, but are not yet used by competitors due to their weaknesses
compared to recurrent neural networks. Weaknesses in DeepL are compensated for by
additional methods [Omm6ka! UcTOYHHK CCHIKH He HaiijieH., 26].

Convolutional neural networks (CNNSs) are analogous to traditional artificial neural
networks (ANNS) in that they consist of neurons that self-optimize through training. Each

neuron still receives an input signal and performs an operation (e.g., a scalar product


https://en.wikipedia.org/wiki/Neural_machine_translation
https://en.wikipedia.org/wiki/Cologne
https://en.wikipedia.org/wiki/Cologne
https://en.wikipedia.org/wiki/DeepL_Translator#cite_note-publisher-1
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followed by a nonlinear function) - this is the basis of countless ANNs. From the input
vectors of raw images to the final result of class evaluation, the entire network will still
express a single evaluation function (weight). The last layer will contain the loss functions
associated with the classes, and all the usual tips and tricks developed for traditional ANNs
still apply. The only noticeable difference between ANNs and traditional ANNs is that
ANNSs are mainly used in the field of pattern recognition in images. This allows us to
encode image-specific features in the architecture, making the network Introduction to
Convolutional Neural Networks more suitable for image-oriented tasks - while further
reducing the parameters required to tune the model [8].

Convolutional neural networks differ from other forms of artificial neural networks in
that instead of focusing on the entire problem domain, knowledge about a specific type of
input data is used. This, in turn, allows for a much simpler network architecture.

To evaluate the quality of the translation, we chose the BLEU (Bilingual Evaluation
Understudy) machine translation quality metric. The BLEU score measures the similarity
between a machine translation and a reference translation performed by a human translator
[5]. Although the BLEU score is a valuable tool for assessing the overall quality of a
translation, it is important to remember that it is not a perfect measure, as it does not take
into account factors such as idiomatic expressions, cultural nuances, and context. Since
technical terms in the IT industry do not contain idioms and phrases, we can consider this
metric suitable and valid for evaluation [31, 31].

BLEU can take values from 0 to 1 (Fig. 1.1.), where 0 means poor translation quality,
I.e. that the resulting translation of the input sequence does not match the expected one. A
value of 1 means that the machine translation result is exactly the same as the expected
sentence. The mathematical model of the BLEU metric consists of two parts, namely, the
brevity penalty and the n-gram overlap. BLEU scores correlate well with human judgment
of translation quality. We should note that even human translators do not always achieve
the perfect score of 1.
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The BLUE metric counts the number of word combinations of different lengths, the
so-called n-grams, that are present in the expected sentences and in the machine translation
result. Longer n-grams are used to determine the correct sequence of words in the

translation, or to check the meaning of the resulting sentence.

BLEU Score Interpretation

<10 Almost useless

10-19 Hard to get the gist

20-29 The gist is clear, but has significant grammatical errors
30-40 Understandable to good translations

40-50 High quality translations

50-60 Very high quality, adequate, and fluent translations

> 60 Quality often better than human

Fig. 1.1. Interpretation of BLEU score values

This figure displays the description of Blue score values, where 0 means poor
translation and 1 means that the machine translation result is exactly the same as the
expected sentence.

However, this metric has several drawbacks that should be kept in mind when
comparing models:

1)  does not work well when evaluating sentences that reflect the meaning of the
sentence but are made up of other words;

2) does not evaluate the grammatical meaning of the sentence, i.e. if the
translation does not contain a negation or other part of speech that greatly changes the
meaning of the sentence, the metric will only reduce the number of points for the fact that
such n-grams do not exist in the translation;

3)  the absence of service words, such as articles in English, has the same negative

impact on the grade as the absence or misuse of a word that affects the meaning;
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4)  sentence tokenization has a dramatic effect on the score, i.e. if the expected
sentence has a different tokenization from the translation result, the score will be low, even
though the textual content of the sentences may be the same.

The proposed study aims to evaluate the possibility of using the existing approaches
presented in Section 1 to solve the text sentence translation task and determine which neural
network model produces a sentence translation that is most accurate to the expected one. It
was decided to conduct a study for two neural networks: Google Neural Machine
Translation (GNMT) and Convolutional Neural Network (CNN) DeepL [6. Both systems
use deep neural networks. Google's architecture uses different models for translation, and
GNMT uses deep recurrent networks (RNNs) and LSTM (Long Short-Term Memory)
architecture for translation. DeepL uses convolutional layers in its models.

For this work, we used a set of natural language tools, or more commonly called
NLTK, which is a set of libraries and programs for symbolic and statistical natural language
processing (NLP) for English, written in the Python programming language. We were
granted access to the information provided on the website in English, namely the innovative
product IOTOR [46] using 0T (Internet of Things) technology, for the purpose of further
translation and localization of this information into Ukrainian. The problems of translation
and localization of technical terms in the IT industry using neural machine translators are
the basis of my diploma project. Useful sources that came in handy were Kishore Papinen's
research paper "BLEU: A method for automatic evaluation of machine translation™ [32] and

Google's notebook resources in Colab and GitHub, which we used for the research [47].
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SECTION 2. MATERIALS AND METHODS

2.1. BLEU Metric, NLTK (Natural Language Toolkit) library
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Software engineers at OKIN Facility have developed a new product for the Internet

of Things (IoT) market - IOTOR. In order to optimize the costs of localizing the product in

the Ukrainian market, it was decided to use a machine translator. The task is to choose the

best model of machine translation of technical IT terms for the company's new product. The
data used is taken from the public website (IOTOR) [46].

Google Translator and DeepL are chosen for the work as the most common machine

translators widely used by experienced human translators. The task is to use different

machine translation models from English into Ukrainian, analyze different machine

translation models using artificial intelligence by evaluating the quality of machine

translation using the BLEU metric, and select the best machine translation model for

technical terms in the IT industry for OKIN Facility’s new product IOTOR, the Internet of

Things (IoT). The text to be translated describes the environment of the new product

Table 2.1.

(I0OTOR).
Source, reference translation, Google Translate, DeepL
Source Reference Translation 1 Translation 2
translation (Google) (DeeplL)
1 2 3 4
ARAhub (Smart  Assets | SARAhub (Smart Assets | SARAhub (Smart Assets | SARAhub (Smart  Assets
apid Action) is easy-to- | Rapid Action) — e npocte | Rapid Action) — 1ie mpocte | Rapid Action) - e mpocre y

e environment  for highly
sponsive 10T.  SARAhub
ts as acentral nervous
/stem for your assets -
eceiving information, proc
sing it and triggering
tion when necessary in
sponse  to  important
/ents. It enables you to
splays sensors and devices
 hierarchical dashboards,

y BUKOPHUCTaHHI
CEPEIOBHIIE IS IHTCPHETY
peueti  (IoT)
piBHEM pearyBaHHsL.
SARAhub nie SIK

3 BHCOKHM

HEeHTpaIbHA HEpPBOBA
cucrema JJIA Balllnx
pecypcis: OTpUMYE

iHpOopMaIlito, 06pobisie ii Ta
MPHU HEOOX1THOCTI 3aIyCcKae
Iii y BIAMOBIIs HA BAXKIUBI
roii.

y BUKOPHUCTaHHI
CEepeIOBHIIE IS IIBUIKOTO
pearyBaHHs Ha IoT.
SARAub nie SIK
LEeHTpalIbHa HEpPBOBa

cucrema JJIsL Balllux

aKTHBIB - OTPUMYE
iHpopmalito, 06pobse ii Ta
3amyckae  Oii, KONW 1IIe
He0OXIi/IHO, Y BiJANOBiIb Ha

BaXKJIMBI IMOii.

BHKOpI/ICTaHHi CepecaOBHUIIIC

JUTSL BHUCOKOYYTIIMBOTO
[aTepreTy peuen.
SARAhub nie SIK
IEHTpaIbHA HEpBOBa
cucrema JUTSE BaIlINX
aKTHBIB - OTpUMYE

iH(popMatito, 0opobisie 1i Ta
3amyckae i, KOJIM 1IIe
HEOOXiTHO, Y BIAMOBIAb HA
Bin

BaXKJIUB1 oxii.

JTO3BOJISIE BiToOpakaTn
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Continued Table 2.1.

1

2

3

4

eating digital twin of your

wironment. It allows you

» set up automated
sponses to specific
tuations, data
nsolidation, and many
her features.

tegration and responsiven
s are key advantages of S

RAhub. Integration of bot
different systems on input
d output
1d different agendas into o
2 environment. There is no
eed to deploy various syst
ns for environmental mon
oring, equipment mainten

1ce or readings and energy
ontrol. All isin one
wironment, in which it is

en possible to define react

ns to different situations.

Take cepenoBUIE T03BOJISIE

BiIOOpaXkaTH MaTYUKH Ta

MPUCTPOI  HA  1€EpapXidHUX
iHpOpMaIIHHIX MTaHEeTIAX,
CTBOPIOIOYH 1 poBOro
JBIHHUKA BaIIlOro

cepenoBuia. lle nmo3Bosisie
HAJAMTyBaTH aBTOMAaTHYHE

pearyBaHHS Ha KOHKpPETHI

cuTyarli, KOHCOJTi 121110
maHux 1 OGararo  1HIIAX
¢ynkuid.  Iarerpamis  Ta

OTIEPATUBHICTD € KIIOYOBUMHU
SARAhub.

IaTerpamis pizHUX CUCTEM Ha

nepeBaramu

BXOJI Ta BHUXOMdI, a TaKOX

pi3HHX TporpaM B OJHE
CEpEeIOBHIIIE. Hemae
HEOOXiHOCTI  pO3ropTaru
pi3Hi CUCTEMU IS
MOHITOPHHTY
HABKOJIMITHBOTO
CEpEeIOBHIIA,
00CIyroByBaHHS
obOmanHaHHs abo  3HATTA
MOKa3aHb i KOHTpOIIO
E€HEPTOCTIOKUBAHHSI. Bce
3HAXOJHUTBCS B OJIHOMY

Cepe/IoBHILi, B SKOMY TOTIM
MOXHa BU3HAUUTH PEaAKIIIIO

Ha pi3HI cuTyarlii.

Ile no3Boisie BimoOpakaTh

JIATYMKU Ta MOPUCTPOI Ha

lepapxigYHUX

iHQopMaIiiHUX — IMMaHewsIX,
CTBOPIOIOYH I poBOTO
IBIHUKA BaIIoro

cepenoBuia. Ile mo3Bolse

HaJlallITyBaTHU aBTOMATHYHI

peakuii Ha  KOHKPETHI
CUTYyallii, KOHCOJII1aI1it0
maHux 1 0Garato 1HIIUX
¢byHkui. IaTerpamis  Ta

LIBUJIKICTh pearyBaHHS €
KITIOYOBUMH

SARAhub. Tuterpamis sk

nepeBaraMmu

PI3HHX CHUCTEM Ha BXO,

TaKk 1 Ha BUXOII Ta Pi3HHUX

IUIaHIB B OJIHE
CepeIOBHIIE. Hemae
HEOOXITHOCTI  po3ropTaru
Ppi3HOMaHITHI CUCTEMU
MOHITOPHHTY
HaBKOJIMIITHHOTO
CepeIoBHIIa,
00CITyroByBaHHS
oOJIaTHAHHSA uy

3YUTYBaHHA II0Ka3aHb Ta
KOHTpomo eHeprii. Bce B
OIIHOMY  CEpe/IOBHIl, B

SKOMY  TIOTIM  MOXHa
BH3HAYUTH Peakilii Ha pi3Hi

cHUTYyaIlii.

JATYMKU Ta MOPUCTPOI Ha
lepapxigyHNX  Jamoopax,
CTBOPIOIOYH I POBUX
JIBIIHUKIB BaIIIOro
cepenoBuia. Ile mo3Bosise
HAJIAITYBaTH aBTOMATHYHE
pearyBaHHS Ha KOHKpPETHI
CHUTYaIlii, KOHCOJITa1io
JaHuX Ta 0araro 1HIIUX
¢byHkuii. IaTerpamis  Ta
ONEPaTHBHICTh - KIIFOUOBI
nepeBaru SARAhub.
Iarerpamis sk pi3HHX
CHCTEM Ha BXOJi Ta BUXO/II,
TaKk 1 pi3HUX Tporpam B

oaHe cepenosuine. Hemae

HEOOXiZHOCTI  PO3rOpTaTH
pi3Hi CUCTEMHA TUTS
MOHITOPHHTY
HaBKOJHUIIHBEOIO
CepeioBHIIa,
00CITyrOBYBaHHS
oOmamHaHHg abo  3HATTA
MOKa3aHb 1  KOHTPOJIIO
EHEepProcrnoXXuBaHHg.  Bce
3HAXOAUTHCS B OJIHOMY
CEpe/IOBHIIll, B  SIKOMY

MOTIM MO’KHA BHM3HAYNTH

peaxIliro Ha pi3Hi cuTyarii.

The above table displays the source translation (text taken from the website),

reference translation (performed by the human) and two machine translations (Google

Translate and DeepL). The above text is the description of the product IOTOR.
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To assess the quality of machine translation, we use the BLEU (Bilingual Evaluation
Understudy) metric (Formula 2.1). This metric was developed by a group of IBM
researchers in 2002, and since then it has been the most widely used metric for evaluating
machine translation quality [32]. The BLEU metric uses statistical tools without taking into
account linguistic knowledge [31]. It is not the only and complete indicator of translation
quality, but it still allows you to get a general idea of the result.

The BLEU metric formula:

BLEU = BP x exp (XN_, Wn - log(Pn)), (2.1)

where,

BP — the Brevity Penalty, which penalizes short translations. It is defined as

output length ) .

min (1,
reference length

N - the maximum n-gram order considered in the evaluation;

Wn — the weight assigned to the precision of n-grams set to % for uniform
weighting;

Pn — the precision of n-grams, calculated as the ratio of the number of n-grams in the
generated translation that match a reference translation to the total number of n-grams in the
generated translation.

We use this Formula 2.1 to assess the quality of a given translation, it is needed to
collect the following data:

1)  collect two sets of texts: a reference translation (the text that is considered
correct) and a machine translation (we have 2 translations);

2)  break each text into separate segments, for example, sentences or phrases (we
broke it into token words);

3) calculate weights for BLEU metrics. Usually, the same weight is used for all

segments;
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4)  using segments from each set of texts, count the number of word matches (n-
grams) between the machine translation and the reference translation;

5) calculate the precision score for each n-gram, which reflects the
correspondence between the machine translation and the reference translation;

6) calculate the geometric mean of the precision for all n-grams;

7)  calculate the BLEU metric using the geometric mean of the precision and
weighting factors.

Machine translation quality scores based on BLEU values are usually expressed as a
percentage or on a scale from 0 to 1, where a higher value indicates better translation
quality.

To evaluate the quality of machine translation using the BLEU metric of the
sentences provided, you need to break them down into separate segments that will be used
for comparison. In my case, these are token words. All the culculations are carried on the
Colaboratory platform (Colab) [39].

The first step is to install the NLTK (Natural Language Toolkit) library (Fig. 2.1.),
which can be installed using a Python package management tool such as pip (NLTK). Once
installed, we can use NLTK to calculate the BLEU metric and other natural language tasks,
such as tokenization. NLTK provides functions for breaking text into words, sentences, or
other meaningful units. The NLTK library also provides datasets and resources for language
processing, making it a valuable tool for researchers, developers, and data scientists

working on projects involving textual data [45].

cO & CnienapiHHsa_lNepeknap 1ipynb O Kovenmar. 2N Roinicn. 48 '&13

Qaitn  3MmiHuTn Mepernanytu BctaButu Cepeposuiie BUKOHaHHA IHCTpymenT [osigka Y MiHU
RAM
+ Koa + Tekcr G v A

Q v [1] pip install nltk I

{x) Looking in indexes: https://pypi.org/simple, https://us-python.pkg.dev/colab-wheels/public/simple/
Requirement already satisfied: nltk in /usr/local/lib/python3.1@/dist-packages (3.8.1)
Requirement already satisfied: click in /usr/local/lib/python3.1@/dist-packages (from nltk) (8.1.3)
(] Requirement already satisfied: joblib in /usr/local/lib/python3.18/dist-packages (from nltk) (1.2.0)
Requirement already satisfied: regex>=2021.8.3 in /usr/local/lib/python3.10/dist-packages (from nltk) (2022.10.31)
Requirement already satisfied: tqdm in /usr/local/lib/python3.1@/dist-packages (from nltk) (4.65.8)

” [2] dimport nltk
from nltk.tokenize import word_tokenize

Fig. 2.1. NLTK library installation
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This figure displays installation of a tool pip install nltk. The pip install nltk
command is used to install the Natural Language Toolkit (NLTK) library for Python. You
can import and use NLTK in your Python scripts or interactive sessions to perform tasks
such as tokenization, part-of-speech tagging, and more.

Next, download the necessary NLTK resources for word tokenization (Fig. 2.2.).
Now you can calculate the number of word matches. Add the machine translation in the
machine_translation variable and the reference translation in the reference_translation
variable.

(6@ ) € Cnienaninna_MNepexnan 1ipynb B Komentysatn &% Moginutuca £ lﬁ’f‘?

®ain 3minuTa MepernaHyT Bcrasut CepepoBuile BUKOHaHHA IHCTpyMenT [osigka Yci amibu 36epexeHo

+ Kop + Tekcr v ,MA‘) - ~
Anck

7. [3] [nltk_data] Downloading package punkt to /root/nltk_data...
Q [nltk_data] Unzipping tokenizers/punkt.zip
True

[x} ™ CA-K-N I
¥ @) nmachine_translation = "SARAhub (Smart Assets Rapid Acticn) — ue NpocTe | BHKOPUCTAHHI CepeAcBMUE ANA WSWAKOrO pearysaWMa Ma IoT. SARAhub gie AK uewTp:

) reference_translation = "SARAhub (Smart Assets Rapid Action) — ue npocTe iy BukopucTaHHi cepegceuwe ana iwTepreTy peveil (IoT) 3 BMCOKMM pisHem pearys

machine_tokens = word_tokenize(machine_translation)
reference_tokens = word_tokenize(reference_translation)

match_count = len(set(machine_tokens) & set(reference_tokens))

print("KinekicTe cnienagive cnis:", match_count)

KinekicTe cnisnapine cnis: 85

Fig. 2.2. Tokenization

This figure displays tokenization of reference translation, Translation 1 (Google
Translate), and Translation 2 (DeepL). Tokenization is used to devide the text into tokens
and count the number of word matches.

We saved the word tokens of all translations, as they will be needed for further
processing. Examples of tokenization are shown in Appendix A.2 (there are sets of tokens
for each translation: reference translation, Translation 1, and Translation 2).

Calculation of the number of word tokens are shown in Appendix B.2 (function
count_tokens allows to count tokens in each translation from Appendix A.2). The results
are as follows:

1)  number of tokens in the referen. translation (length of the reference): 143
(Appendix B.2; Fig. B.2.1);

2)  number of tokens in the Translation 1 (length of translation 1): 141
(Appendix B.2; Fig. B.2.2);
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3)  number of words in Translation 2 (length of translation 2): 142
(Appendix B.2; Fig. B.2.3).

Next, to calculate the BLEU metric, you need to count the number of n-gram matches
between the machine translation 1 and 2, and the reference translation. To do this, we need
to take the unigram (1-gram), bigram (2-gram), trigram (3-gram), and quadgram (4-gram).
Let's calculate the number of matches for unigram (n=1), bigram (n=2), trigram (n=3), and
quadgram (n=4).

To calculate the number of matches when using the BLEU metric with the NLTK
library, we took the function matching_count=count_matching_n-grams(reference_tokens,
translation_tokens) for each n-gram (Appendix C.2).

The weights parameter is set to (1, 0, 0, 0) to use only unigram (Appendix C.2; Fig.
C.2.1, Fig. C.2.2):

1)  translation 1 (Google Translate): 24 matches,

2)  translation 2 (DeepL): 15 matches.

The weights parameter is set to (0, 1, 0, 0) to use only bigram (Appendix C.2; Fig.
C.2.3, Fig. C.2.4):

1)  translation 1 (Google Translate): 13 matches;

2)  translation 2 (DeepL): 6 matches.

The weights parameter is set to (0, 0, 1, 0) to use only the trigram (Appendix C.2;
Fig. C.2.5, Fig. C.2.6):

1)  translation 1 (Google Translate): 12 matches;

2)  translation 2 (DeepL): 5 matches.

The weights parameter is set to (0, 0, 0, 1) to use only quadgram (Appendix C.2; Fig.
C.2.7, Fig. C.2.8):

1)  translation 1 (Google Translate) 1: 11 matches;

2)  translation 2 (DeepL): 4 matches.

The number of matches in the BLEU metric reflects the number of words that are
matched between the translation and the reference translation (the benchmark). Precision or
accuracy in the BLEU metric is defined as the number of matches compared to the

reference.
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Thus, precision reflects how accurately machine translation reproduces the grams

compared to the reference translation. Next, the precision was calculated for each n-gram
for Translation 1 (Fig. 2.3.):

1)  unigram: 0.8936;
2)  bigram: 0.6857;
3)  trigram: 0.5755;
4)  quadgram: 0.4855.

def calculate precision(reference_tokens, translation_tokens, n):

reference_ngrams = [tuple(reference_tokens[i:i+n]) for i in range(len(reference_tokens)-(n-1))]

translation_ngrams = [tuple(translation_tokens[i:i+n]) for i in range(len(translation_tokens)-(n-1))]

matching_count = sum(1 for ngram in translation_ngrams if ngram in reference_ngrams)

precision = matching_count / len(translation_ngrams)

return precision
reference_tokens = ["SARAhub"™, "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocte", "y", "Bukopu
translation_tokens = ["SARAhub™, "(", "Smart", "Assets", "Rapid", "Action", ")", "—", "ue", "npocTe", "y", "Buko

precision_unigram = calculate precision(reference_tokens, translation_tokens, 1)

print("Mpeumsia unigram:", precision_unigram)

precision_bigram = calculate_precision(reference_tokens, translation_tokens, 2)

print("Mpeunzia bigram:", precision_bigram)

precision_trigram = calculate precision(reference_tokens, translation_tokens, 3)
print("Mpeumsia trigram:", precision_trigram)

precision_quadgram = calculate_precision(reference_tokens, translation_tokens, 4)

print("Mpeunzia quadgram:", precision_quadgram)

MpeuwnziAa unigram: ©.8936170212765957
Mpeumzia bigram: ©.6857142857142857
Npeuwsia trigram: @.5755395683453237
Npeuwsia quadgram: ©.4855872463768116

Fig. 2.3. Precision for each n-gram for Translation 1 (Google Translate)

This figure 2.3. reflects how accurately Translation 1 reproduces the n-grams
compared to the reference translation.

Precision was calculated for each n-gram for Translation 2 (Fig. 2.4.):

1)  unigram: 0.8921;

2)  bigram: 0.7536;

3)  trigram: 0.6642;

4)  quadgram: 0.5882.
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def calculate_precision(reference_tokens, translation_tokens, n):
reference_ngrams = [tuple(reference_tokens[i:i+n]) for i in range(len(reference_tokens)-(n-1))]
translation_ngrams = [tuple(translation_tokens[i:i+n]) for i in range(len(translation_tokens)-(n-1))]
matching_count = sum(1 for ngram in translation_ngrams if ngram in reference_ngrams)
precision = matching_count / len(translation_ngrams)
return precision
reference_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocte", "y", "Bukopuctammi", "

¥
translation_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocte", "y", "BukopucTanui",

precision_unigram = calculate precision(reference_tokens, translation_tokens, 1)
print("Mpeunzia unigram:", precision_unigram)

precision_bigram = calculate_precision(reference_tokens, translation_tokens, 2)
print("Mpeunzia bigram:", precision_bigram)

precision_trigram = calculate_precision(reference_tokens, translation_tokens, 3)
print("Mpeunsia trigram:", precision_trigram)

precision_quadgram = calculate precision(reference_tokens, translation_tokens, 4)
print("Mpeunsia quadgram:", precision_quadgram)

Mpeunzis unigram: ©.8920863389352518
Mpeun=in bigram: ©8.7536231884857971
Mpeuwn=is trigram: ©.6642335766423357
Mpeunzis quadgram: ©.5882352941176471

Fig. 2.4. Precision for each n-gram for Translation 2 (DeepL)

This figure 2.4. shows how accurately Translation 2 reproduces the n-grams
compared to the reference translation.

Next, let's calculate the geometric mean (Fig. 2.5.). Firstly, we need to take the
product of the precisions:

1)  product of precisions for Translation 1 (Google Translate):
0.8936 * 0.6857 * 0.5755 * 0.4855 = 0.1713;

2)  product of precisions for Translation 2 (DeeplL):
0.8921 * 0.7536 * 0.6642 * 0.5882 = 0.2627.

The calculation of the geometric mean of the precision for both machine translations
is shown on the figure below (Fig. 2.5.):

1)  translation 1 (Google Translate) is about 0.6432;

2)  translation 2 (Deepl) is about 0.7159.
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import math

[0.8936, 8.6857, 9.5755, ©.4855]
[0.8921, 8.7536, 0.6642, ©.5882]

translationl_precisions
translation2_precisions

def geometric_mean(precisions):

product = 1.8

num_precisions = len(precisions)

for precision in precisions:

product *= precision

geometric_mean = product ** (1.8 / num_precisions)

return geometric_mean
translationl geometric_mean = geometric_mean(translationl precisions)
print("leomeTpuune cepenme npeunziit ana MNepexknagy 1:", translationl geometric_mean)
translation2 geometric_mean = geometric_mean(translation2 precisions)
print("leomeTpuune cepenme npeuuziit ana MNepexknagy 2:", translation2 geometric_mean)

leoMeTpuyHe cepegHe npeuwsii ana Mepeknagy 1: ©.6432472948605846
leomeTpuyHe cepegHe npeun=ii gna lepexknagy 2: @.7158871716586938

Fig. 2.5. Geometric mean of the precision for Translation 1 and Translation 2
This figure shows the code which calculates the geometric mean of precision scores
for two different translations. It defines a function geometric_mean that takes a list of
precision values, multiplies them together, and then calculates the geometric mean. The
code then uses this function to find and print the geometric mean precision for Translation 1

and Translation 2, based on the given precision values for each translation.

2.2. Practical Outcomes

Finally, we can calculate the BLEU metric using geometric averages of precisions,
products of precisions, and weighting factors.

In this case, since unigram, bigram, trigram, and quadgram are used, the weights will
be:

1)  unigram (1-gram): 1/4;

2)  bigram (2-gram): 1/4;

3)  trigram (3-gram): 1/4;

4)  quadgram (4-gram): 1/4.
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Calculating the BLEU metric using the NLTK library (Fig. 2.6). The calculate_bleu()
function accepts the precision values for the reference translation, translation, and weight,
as well as the lengths of the translation and reference translation. It calculates the BLEU
metric, including the geometric mean of the precisions, the penalty for translation and
weight shortness.

The results of the BLEU score and weighted BLEU score are displayed for each
Translation (Fig. 2.6.). The parameters of machine translation according to the BLEU
metric are as follows:

1)  translation 1 (Google Translate) received a parameter of 0.6432;

2)  translation 2 (DeepL) received a parameter of 0.7159.

The code in Fig. 2.6. calculates BLEU (Bilingual Evaluation Understudy) scores for
two translations (Translation 1 and Translation 2) using a reference translation. It first
computes precision scores by dividing each translation's precision by the reference
precision. Then, it calculates the geometric mean of these precision scores and combines it
with a brevity penalty to get the overall BLEU score. Additionally, it calculates a weighted
version of the BLEU score using specified weights for individual precisions. Finally, it
prints the BLEU and weighted BLEU scores for both translations.

The BLEU metric parameters for different translations, such as Translation 1 (Google
Translate) and Translation 2 (DeepL) indicate the quality of these translations in
comparison to the reference translation.

The BLEU metric ranges from 0 to 1, where a higher value indicates better
translation quality. In our case, Translation 1 (Google Translate) has a value of 0.6432, and
Translation 2 (DeepL) has a value of 0.7159. These values show that Translation 2 (DeepL)
has a higher translation quality compared to Translation 1 (Google Translate). The value of
0.7159 is closer to 1, which is interpreted as a better translation using DeepL (Fig. 2.7.).
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# 3HauvenHA npeuwzii anA Mepeknagy 1

translationl_precisions = [8.8936, ©.6857, ©.5755, ©.4855]

# 3HadveHHA npeuwz3id anA Mepeknagy 2

translation2_precisions = [@.8921, ©.7536, ©.6642, 0.5882]

# 3HadenHA npeuws3ii QnA pedepeHcHoro nepeknagy
reference_precisions = [1.8, 1.8, 1.8, 1.8]

# [loexuHa Nepeknagy 1
translationl_length = 188

# JoexuHa Mepexnagy 2
translation2_length = 185

# [loExvHa pedepeHcHOro nepeknagy
reference_length = 95

# Barwu
weights = [@.25, 8.25, 8.25, @.25]

# ObumcnenHa meTpuku BLUE ana Mepeknagy 1

translationl_blue_score, translationl_weighted blue_score = calculate_blue(reference_precisions, translationl precisions, translationl_length,
print("BLUE-ckop ana Mepeknagy 1:", translationl_blue_score)
print(“3eaxennid BLUE-ckop ana NMepeknagy 1:", translationl_weighted_blue_score)

# 064ucneHHA MmeTpuku BLUE ana Mepeknagy 2

translation2_blue_score, translation2_weighted_blue_score = calculate_blue(reference_precisions, translation2 precisions, translation2_length,
print("BLUE-ckop ana Mepeknagy 2:", translation2_blue_score)
print(“3saxennid BLUE-ckop anAa Mepewknagy 2:", translation2_weighted_blue_score)

BLUE-ckop anAa Nepexnagy 1: 0.6432472048685846

3eaxeHwid BLUE-ckop ana Mepeknagy 1: 8.6432472948685846

BLUE-ckop anAa Nepexnagy 2: 0.7158871716586936
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3eaxeHwid BLUE-ckop ana Mepeknagy 2: 8.7158871716586936

Fig. 2.6. Calculating the BLEU metric using the NLTK library

This figure displays the function calculate_blue for computing BLEU scores and
weighted BLEU scores for two different translations (Translation 1 (Google Translate) and
Translation 2 (DeepL)) based on precision values, lengths, and weights. The weighted
BLEU score is influenced by user-defined weights on different n-gram precisions.

However, they are both still far from a perfect translation, which would have a value
of 1. These parameters of the BLEU metric help to quantify translation quality and compare
different machine translation systems or models. You can check the full code here:

https://colab.research.qgoogle.com BLEU metric.

The BLEU scores obtained from the evaluation of translations performed by Google
Translate and DeepL were compared to a reference translation performed by a human
translator. The results showed that both machine translation models achieved fairly high
BLEU scores, which indicates a significant level of relevance with the reference translation

at the n-gram level (Fig. 2.8.).


https://colab.research.google.com/drive/1CaQlUkQo8vJ_-ygBYk6FYo4Mx4yma4HF
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Fig. 2.7. Blue Scores

This figure is a bar chart. It illustrates the BLEU scores for Translation 1 (Google
Translate) and Translation 2 (DeepL), with the x-axis denoting the translation types, and the
y-axis representing the BLEU scores, providing a comparative view of the overall
translation quality between the two.

The higher BLEU score (0.7159) for Translation 2 (DeepL) indicates that it has better
translation quality than Translation 1 (Google Translate). The score of 0.7159 is closer to 1,
which means that Translation 2 (DeepL) is closer to a good translation, but both translations
still fall short of perfection, which is expressed ina BLEU score of 1.

It is important to understand that machine translation results are not perfect and may
contain inaccuracies or linguistic inconsistencies. To eliminate these shortcomings and
improve the quality of the translation, the finalization stage is very important. Translation
editors, such as professional translators or native speakers, can help to correct and improve
machine translation. Their experience and linguistic knowledge will help correct mistakes

and ensure a more accurate translation.
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Precision Scores
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Fig. 2.8. Precision Scores

This figure shows precision scores for n-grams in Translation 1 (Google Translate),
Translation 2 (DeepL), and the reference translation. The x-axis represents different n-
grams, while the y-axis represents the precision scores ranging from 0 to 1. Each line on the
graph corresponds to a different translation, showcasing how well each n-gram in the
translations aligns with the reference.

In addition, machine translation post-editing (MTPE) is an effective approach to
improving translation results. Manual editing and corrections can lead to a significant
improvement in the overall quality and readability of the translation.

So, although machine translation models show promising results with relatively high
BLEU scores, they still cannot match the quality of human translation. The BLEU metric is
a valuable tool for quantifying and comparing different machine translation systems or
models. By involving translators or editors and using post-editing techniques, we can
achieve more accurate and contextually relevant translations, moving closer to the goal of
creating a perfect translation with a BLEU score of 1.

However, while the BLEU metric provides a useful quantitative assessment, it is
important to note that it has certain limitations. BLEU does not take into account such
aspects as fluency, coherence, and semantic accuracy, which are crucial for creating a high-
quality translation. Therefore, a high BLEU score does not guarantee that a translation is

fully contextually relevant or linguistically natural.
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To complement the BLEU score and get a more complete picture of the translation
quality, it is recommended to use human evaluation. Experts can provide information on
factors such as cultural relevance and overall comprehensibility that cannot be fully
captured by automated metrics.

Human analysis of Translation 1 (Google Translate) and Translation 2 (DeeplL)
according to the reference translation showed, that both translations are generally correct
and convey the main meaning of the reference sentence. The choice between them may
depend on stylistic preferences or terminological nuances. Taking into account accuracy,
structure and terminology, Translation 2 showed the best results, which also coincide with
the BLEU metric. Here below we can consider and compare the translations.

Translations of sentence 1:

Reference translation: SARAhub (Smart Assets Rapid Action) — me mnpocre y
BUKOPHUCTaHHI cepefioBuIle i inTepHeTy pedeid (10T) 3 BUCOKMM piBHEM pearyBaHHS.
Translation 1: SARAhub (Smart Assets Rapid Action) — e mpocTe y BHKOPHUCTaHHI
cepeoBUIIE IS BUIKOTO pearyBaHHs Ha [0T.

Translation 2: SARAhub (Smart Assets Rapid Action) — 1e mpocte y BHUKOPHUCTaHHI
CepeoBULIE ISl BUCOKOUYTIIMBOTO [HTEpHETY peueil.

Comparing both translation options with the reference translation, we can note the
following:

1)  translation 1 retains the main meaning and information by using the term
"mBuakoro pearysauss’, which reflects a high level of response. However, it is less precise
and specific than the original;

2) translation 2 also conveys the general meaning, but uses the term
"BrucokouyTiuBoro Iurepuery peueii”. This may be correct, but it is important to keep in
mind that the term "highly sensitive" may have some ambiguity, as it can mean different
aspects of sensitivity. There is also a lack of clarification about the level of response.
Instead of a short dash, there should be a long dash, in accordance with Ukrainian

punctuation rules [43].
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Both translations reproduce the general meaning, but there are nuances that may be
important depending on the context and specific translation requirements.

Translations of sentence 2:

Reference translation: "SARAhub nie sx menTpanpHa HepBOBa cHUCTeMa JUIsl BalllUX
pecypciB: oTpumye iHbopMallio, o0pobise i Ta mpu HEOOXTHOCTI 3alyckae i y
BIJIIIOB1Ib HA Ba)KiuBl nomii."

Translation 1: "SARAhub nie six menTpanbHa HepBOBa CHCTEMa JUIS BalllUX aKTUBIB —
oTpumye 1H(popmarlito, 00poodse i Ta 3amyckae 1ii, KOJu I1e¢ HEoOXITHO, Y BIJAIMOBIIb Ha
BayxuBi rmomii."

Translation 2: "SARAhub nie six nenTpampHa HepBOBa cHCTEMa JUIsl BAIlUX aKTUBIB —
oTpumye 1H(popmarlito, 00poose i Ta 3amyckae nii, KOJu I1e¢ HEOOXITHO, Y BIJAIMOBIIb Ha
BakJIuB1 mmomii."

Comparing both translations with the reference version, we can note the following:
both translations include the main idea of the original, that SARAhub acts as a central
nervous system for resources or assets, receives and processes information, and triggers
actions in response to important events. Both translations contain corrections that make the
phrase more natural. For example, "3amyckae fii, ko e HeoOxiaHo" instead of "3amyckae
nii mpu HeoOX1aHOCTI."

Translation 1 and Translation 2 use the term "axtusu" instead of "pecypcu”, but both
terms may be acceptable depending on the context and specifics of the text.

In general, both translations faithfully convey the meaning of the original sentence, with
some corrections to improve the clarity and naturalness of the expression.

Translations of sentence 3:

Reference translation: "Take cepemoBuiiie J03BOJISE BiAOOpakaT JATYMKKA Ta TMPUCTPOT Ha
lepapxiyHuX 1HGOPMALIMHUX TaHeNsX, CTBOPIOIOYM IU(GPOBOro JBIMHHMKA BaIIOTO
cepenoBuia."”

Translation 1: "Ile mo3Bosisse BimoOpakaTH MATYMKH Ta HPUCTPOI HA i€papXidyHHX
1H(hOpMaIITHUX MaHeNsAX, CTBOPIOIOYH IIU(GPOBOTro JIBIITHMKA BAIlIOTO CEPeIOBUIIA.
Translation 2: "Bin 103Bosisie BigoOpakaTH [JaTYMKA Ta MPUCTPOI HA iepapXidHUX

namoopax, CTBOPIOYH IU(POBUX ABIMHUKIB BAIIOTO CepeloBUINA."
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Analyzing these translations:

Both translations convey the main idea of the ability to display sensors and devices
on hierarchical dashboards to create a digital twin of the environment.

Translation 1 retains the structure of the original, but some words and phrases are
reworded.

Translation 2 uses the term "gam6opau” instead of "indopmaniiini manem”. This may
reflect the more modern and technical terminology, but it is important to take into account
the specifics and context of the text.

Both translations are logical and convey the main idea, although they use slightly different
vocabulary.

Translations of sentences 4-5:

Reference translation: "Ile mo3Bosie HanamMITYBaTH aBTOMAaTHYHE pearyBaHHS Ha KOHKPETHI
CUTYyaIlil, KOHCOMIIaIlito JaHux 1 O6araro iHmUX (QyHKIiA. [HTErpanis Ta onepaTuBHICTh €
KrouoBuMHE riepeBaramu SARAhub.”

Translation 1: "lle m03BoJsie HaNAIITYBaTH aBTOMATHYHI Peakilii Ha KOHKPETHI CHTYaIlii,
KOHCOJIIallii0 JaHuX 1 6arato iHmMMX (yHKIN. [HTErpamis Ta MIBUIKICTH pearyBaHHS €
KkrouoBuME riepeBaramu SARAhuUb."

Translation 2: "lle m03Boisle HajAIITYBaTH aBTOMATHYHE pearyBaHHS Ha KOHKPETHI
CUTYyaIlil, KOHCOJIJAIiI0 JaHUX Ta OaraTo 1HIWX (QYHKIINA. [HTerpallis Ta onepaTuBHICT -
krouoBi nepesaru SARAhub."

Analyzing these translations: both translations convey the main idea of the original about
the ability to set up automatic reactions, data consolidation, and other functions in
SARAhub.

Translation 1 uses the term "mBuakicts pearyBanns’ instead of "omepartuBHiCTB,"
which can be understandable and accurate, especially in the context of a technical
environment.

Translation 2 retains the term "omeparusnicts” but uses dashes to emphasize key
benefits. This can add emphasis and clarity to a statement. There should be a long dash in

this case.
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Both translations generally convey the meaning of the reference sentence correctly,
but the choice between them may depend on which term and expression is considered more
appropriate in a particular context or which terminology you prefer.

Translations of sentences 6-7:

Reference translation: "IaTerpariisi pi3HUX CHCTEM Ha BXOJI Ta BHXOJI, a TAKOX PI3HHX
nmporpaMm B OjHE cepenoBuine. Hemae HEOOXiTHOCTI pO3ropTaTH pi3HI CHUCTEMH IS
MOHITOPHUHTY HaBKOJIMIIIHBOTO CEPEOBHINA, OOCIYrOBYBaHHsS OOJaJHAHHS a00 3HITTS
MOKa3aHb 1 KOHTPOJIIO €HEPTOCIOKUBAHHS."

Translation 1: "[HTerpartis sk pi3HHX CHCTEM Ha BXO[li, TaK 1 Ha BUXO/Ii Ta Pi3HHUX IUIaHIB B
onHe cepenoBuule. HeMae HEOOXITHOCTI pO3ropTaTd Pi3HOMAHITHI CUCTEMU MOHITOPUHIY
HABKOJIMITHROTO CEPEJOBUINA, OOCIYroByBaHHSI OOJIaJIHAHHS YW 3UUTYBaHHS MOKa3aHb Ta
KOHTPOJIIO €Heprii."

Translation 2: "[nTerpariiist Sk pi3HUX CHCTEM Ha BXOJ1 Ta BUXOJI, TaK 1 Pi3HUX MPOrpam B
onHe cepenoBuie. Hemae HEoOXiTHOCTI PO3ropTaTv Pi3HI CUCTEMHU [JIi MOHITOPHHTY
HaBKOJIMIIIHBOTO CEpPEIOBUINA, OOCIYyroByBaHHS 0OjaaHaHHsA a00 3HATTS TOKa3aHb 1
KOHTPOJIIO €HEProCIOKUBaHHSL."

Analyzing these translations: both translations convey the main idea of the reference
sentence about the integration of different systems and programs into one environment, as
well as the absence of the need to deploy different systems to perform different tasks.

In translation 1, instead of "pi3Hux cucrem Ha BXoxai Ta Buxoxi" we used "pizHux
cucteM Ha Bxozi" which may slightly change the meaning. Also, "piznomanitai" IS used
instead of "pizni".

Translation 2 retains the structure of the reference sentence and the terminology is
more similar to the original.

Translations of sentence 8:

Reference translation: "Bce 3HaxoauThcs B OJHOMY CEPEIOBHILI, B SIKOMY MOTIM MOXHA
BU3HAYMTH PEAKIIIIO Ha Pi3HI cUTyarii."
Translation 1: "Bce B oqHOMY CepeIOBHIIi, B SKOMY TOTIM MOXHA BU3HAYUTH PEAKIIii Ha

pi3Hi cuTyari."
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Translation 2: "Bce 3HaXOIUTHCSI B OJJHOMY CEPEIIOBHIL, B IKOMY IOTIM MOKHA BU3HAYUTH
peaxiIiio Ha pi3Hi cuTyarii."

Both translations convey the basic idea of the reference sentence that all elements are
in the same environment, in which reactions to different situations can then be determined.

Translation 1 uses the form "peakmii” instead of "peakuiro”. This may be due to the
fact that reactions can be a multilayered phenomenon.

Translation 2 retains the form "peaxmiro” as in the reference translation.

Both translations (1 and 2) are generally correct and convey the main meaning of the
reference sentence. The choice between them may depend on stylistic preferences or
terminological nuances. Taking into account accuracy, structure and terminology,
Translation 2 showed the best results, which also coincide with the BLEU metric.

Most issues can be effectively resolved by using human expertise, such as machine
translation post-editing (MTPE), and increasingly by customising in-house machine

translation tool.
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SECTION 3. RESEARCH RESULTS

3.1. Capabilities of Machine Translation

During the study we acquired skills of independent work and a bunch of knowledge
such as the basics of working with Google Colab, skills of executing Pyton codes, using
interactive notebooks Colab and GitHub, and calculating the BLEU metric.

Google Colab is a powerful and easy-to-use tool for developing and executing
machine learning and natural language processing projects. One of the important
advantages of Google Colab is its accessibility to many powerful libraries, including NLTK
(Natural Language Toolkit). NLTK is one of the most popular libraries for working with
natural language processing, and it is included in the standard installation of Google Colab.
This means that you can easily install and use NLTK right in the Colab environment,
performing all the necessary tasks related to text processing [19, Ommoka! UcTounuk
CCHLIKH He HaliIeH.].

One of the interesting features is that Google Colab provides is the ability to evaluate
the quality of machine translation using the Bilingual Evaluation Understudy (BLEU)
metric. The BLEU metric is one of the most commonly used to evaluate the quality of
machine translation, and it is often used to compare the results of different translation
systems [4]4.

Thanks to the ability to run Python code directly in Google Colab, you can easily
evaluate the quality of machine translation using the BLEU metric. Upload your translated
texts and source data, perform the necessary calculations using NLTK functions, and get the
BLEU metric value to evaluate the quality of your translation.

Overall, Google Colab is an extremely useful tool for developers, researchers, and
students working with natural language processing and machine learning. In addition, the
ability to evaluate the quality of machine translation using the BLEU metric makes Google
Colab an indispensable tool for developing and improving text translation systems.

Google or DeepL. Both Google Translate and DeepL are powerful machine
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translation systems with their own unique advantages and disadvantages. The best choice
between the two will depend on your specific needs and use case.

Google Translate is a widely used machine translation system that supports a large
number of languages and offers a range of features, including voice input, handwriting
recognition, and image translation. It uses a combination of a rule-based machine
translation approach and neural machine translation, and has been trained on a huge amount
of data. Google Translate is a good choice for simple, everyday translations, and it's free to
use [35, 17].

On the other hand, DeepL Translator is a newer machine translation system that uses
convolutional neural networks, which tends to produce more accurate and natural
translations . DeepL also offers support for fewer languages than Google Translate, but it
does a better job with certain language pairs, such as English-German, English-French, and
English-Spanish [35]. Additionally, DeepL offers a number of additional features, such as
document translation and integration with computer-aided translation (CAT) tools.
However, DeepL's premium features come at a price, and a subscription is required for
professional or intensive use.

In general, if we need a free and widely available machine translation system for
everyday use, Google Translate is a good choice. However, if we need a more accurate and
natural translation or translation of professional documents, DeepL may be a better option,
although a paid one.

Both versions of machine translation require revision by an editor, translator/linguist,
I.e. machine translation post-editor (MTPE), who can make corrections and improve the
machine translation. Their knowledge and expertise can help correct errors and ensure a
more accurate translation. The Ukrainian IT company Ajax Systems held its annual
presentation of its developments. The Special Event was localised in 24 languages.
Previously, Ajax Systems used to hire specialists from translation agencies or foreign
volunteers to translate the presentation and speakers' speeches. Al helped to reduce costs by
30-40% in 2023 compared to 2022. Over the past year, they saved $100,000 on translations
of various materials: presentations, documents, articles, etc. The key challenge in

translation is understanding the context.
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Ajax Systems has eliminated about 22 translators and editors from the agency and 10
dubbing actors. They have partially replaced translation agencies with artificial intelligence
in their work on Special Event, but still have a human inside the company to check the Al.
Ajax Systems uses DeepL to translate texts and PlayHT to dub speakers' speeches 51.

The development of neural translators in the field of translation of information
technology technical terms is ongoing and has certain prospects for future development.
The neural machine translators described in this work use a combination of different neural
networks to produce more efficient and accurate results. Open sources indicate that
convolutional neural networks (CNNSs) are used in DeepL. They are traditionally used for
image processing, but they are also used to process sequences, including text data. The
development of models that effectively utilize CNNs for text processing can improve the
translation of IT terms. Combining convolutional and recurrent neural networks in hybrid
architectures can allow models to effectively account for both local and global
dependencies in texts, which can lead to more accurate translations. It can also allow for
both sequence and local dependencies in texts. For example, using RNNs to work with
word sequences and CNNs to detect local features can improve translation quality [21, 15].

It is known from open sources that Google Translate uses a combination of Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), which are improved
versions of RNNs that help avoid problems with gradient loss. The use of these
architectures can improve the ability of models to understand and reproduce context in IT
term translations [8].

Speaking of separate specialized models for specific tasks, it is advisable to develop
specialized models for specific tasks in the field of IT term translation. For example, you
can create separate models for translating code, technical documentation, and general texts.
Increasing the amount of training data can improve the overall translation quality. In
particular, expanding the corpus of texts with technical IT terminology can help to train the
models better.
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3.2. Prospects for the development of MT for IT industry

Future development prospects include continuous training of models on larger and
more diverse data sets, expanding the vocabulary, and improving contextual understanding.
To train a model, you can use available implementations of popular models or create your
own based on machine learning libraries such as TensorFlow. In order to build your own
translation model based on the TensorFlow machine learning library, you need to include
several stages: data preparation, model building, training, and evaluation [Omu6xa!
M CcTOYHHK CCHLIKHM He HaiiieH. .

At the data preparation stage, it is necessary to collect and prepare parallel data for
training, where each example should include text in the source language and its translation
into the target language. Divide the data into training, validation, and test sets. Tokenization
will help transform text data into a sequence. The model may include an encoder and a
decoder, for example, as in the Transformer model (a deep neural network architecture
introduced in 2017 by Google Brain developers) [Ommoka! McTOYHMK CCHUIKH He
Haiigen.]. Since its inception, Transformers have increasingly become the model of choice
for Natural Language Processing, NLP tasks, replacing RNN models such as LSTM. The
additional parallelization of training makes it possible to train on larger datasets than was
once possible. This has led to the development of pre-trained systems such as BERT
(Bidirectional Encoder Representations from Transformers) and GPT (Generative Pre-
trained Transformer) [23]. For training, it is necessary to define layers for input, output, and
hidden layers of the model. Including an attention mechanism in the model can improve
translation.

To train the model, it is appropriate to use the convenient APl in TensorFlow. For
example, tf.keras.Model and tf.GradientTape. Training is performed on a training set, a
human translator performs a reference translation, and the translation quality is analyzed
[37]. The quality of the model is assessed using the BLEU metric, which is the task of this
paper.

For further use and/or integration of the model, you need to save the trained model to

a file of another format (e.g., SavedModel) that can be used for translation.


https://uk.wikipedia.org/wiki/BERT_(%D0%BC%D0%BE%D0%B4%D0%B5%D0%BB%D1%8C_%D0%BC%D0%BE%D0%B2%D0%B8)
https://uk.wikipedia.org/wiki/GPT_(%D0%BC%D0%BE%D0%B4%D0%B5%D0%BB%D1%8C_%D0%BC%D0%BE%D0%B2%D0%B8)
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To integrate the model into your program or web application, you can use TensorFlow
Serving, TensorFlow Lite, or other tools [Ommoka! McToUyHNK CCHIJIKH He HaliaeH., 11].

It is also important to develop interactive tools that allow users to make corrections
and additions to the translation so that models can learn from this data and constantly
improve. For example, built-in error marking. The user can mark errors in the translation by
selecting phrases or words and pointing to the correct version. This data can be collected
and used to train the model. A tool such as the Selected Correction System can also be
useful. When a user can modify a suggested translation by adding or replacing a suggested
translation, the newly created translation is automatically included in the training set for the
model. Using interactive tools, it is necessary to continuously analyze and visualize changes
in the translation to identify patterns and understand which parts of the text were more often
corrected. When implementing such tools, it is important to ensure the usability and
reliability of the data entered by the user. It is also important to consider data privacy and
security, as users may enter personal information into the model training process.

All in all, machine translation of technical terms in the IT industry using artificial
intelligence has the potential for further development, and it is expected that even greater

results in terms of relevance, accuracy, and translation speed will be achieved in the future.
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SUMMARY

In the qualification work "Prospects for the development of machine translation of
technical terms in the IT industry with the use of artificial intelligence" the functionality of
the most common machine translators was successfully analysed and made proposals for
the improvement and development of such translators, which significantly improves the
quality of translation, speed up the process of translation which saves time and money for
the developer, and, most importantly, provides the user with simple and clear information of
the use of IT products.

The first chapter explored the subject area. Analysing the history and current state of
machine translation, it becomes obvious that the development of machine translation, where
machines learn on their own, is very relevant nowadays. The competition among developers
of neural machine translators using artificial intelligence is growing, and the demand for
such translations is also increasing.

The analysis of the selected machine translators was carried out using modern
technologies and platforms, such as Google Colaboratory interactive notebooks, NLTK
(Natural Language Toolkit) - a Python library for working with human language data,
BLEU (Bilingual Evaluation Understudy) is a metric used to evaluate the quality of
machine-generated translations, especially in the context of machine translation (MT). The
use of these tools in combination helps to provide an objective and comprehensive analysis
of the effectiveness of various machine translation systems.

The second section analyses the stages of evaluation using the BLEU metric and
analyses the quality of human translation. We have also analysed the most vulnerable
segment of translation that is not taken into account by machine translators - context. The
results of the human translator analysis coincide with the results of the BLEU metric
(although different indicators were taken into account for the analysis).

The last section describes the capabilities of each of the analysed machine translators
(Google Translate and DeepL) currently available, as neural machine translators are

developing and changing very rapidly. Using a combination of different
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architectures and interactive built-in tools, machine translators learn and improve on their
own. The BLEU translation quality metric was used to evaluate the translation quality.
Although this is not a new metric, it is easy to use and still widely demanded for translation
quality assessment.

As a result of the qualification work, we acquired key skills for assessing the quality
of translation and analysed the work of various machine translators for translating technical
terms of the IT industry, namely, the innovative product of OKIN Facility - IOTOR, loT
(Internet of Things). Based on the results of the work, it was proposed to use the machine
translator DeepL as the best tool that meets the needs of the company and is suitable for
translating technical terminology in the IT industry.

The use of the DeepL neural machine translation system in combination with the
human post-editor improves the quality of the translation. The speed of translation using
machine translation system can be increased up to 60% (the approximate speed of a human
translator is 250 words per hour. Using machine translation, the speed can be increased to
400 words per hour, depending on the context and consistency of the source text), and the
cost of translation can be reduced accordingly if productivity is calculated in words per
hour. Recent survey of the Ukrainian company Ajax Systems showed, that they managed to
save up to 40% on translators and dubbing actors for the annual Special Event. This is the
case of using Al for translation. Though they did not refuse to use human editors and there
was a person inside the company who checked Al performance.

The prospects for machine translation in the IT industry are promising, and tools such
as DeepL are becoming key contributors to this purpose. The choice of this translator as the
best machine translator underlines its effectiveness in meeting the needs of companies and
translating technical IT terminology. Using such advanced machine translation system not
only increases efficiency, but also provides significant time and cost savings in the

translation process.
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APPENDIXES
Appendix A.2

Reference translation:
["SARAhub", ||(||’ ||Smartn’ "Assetsn, "Rapid", "ACtion", ll)ll’ ll_ll’ "it", "Simple", ||in||’ ||use||’

"environment", "for", "Internet", "things", "(", "loT", ")", "with", "high", "level",

"response”, ".", "SARAhub", "acts", "as", "central”, "nervous", "system", "for", "your",

"resources”, ™", "receives", “information", ", "processes", "it", "and", "when",

"necessary", "triggers", "actions", , "'response”, "to", "important", "events", ".", "Such",

"environment”, "allows", "display”, "sensors", "and", "devices", "on", "hierarchical",

"information”, "panels”, ",", "creating", "digital", "twin", "your", "environment", ".", "It",

"allows", *"customize", "automatic", "response", "to", "specific", ‘“situations", ",

", "Integration™,

"consolidation”, "data”, "and", "many", "other", "functions", and",

"efficiency"”, "are", "key", "advantages"”, "SARAhub", ".", "Integration", "different",

"systems”, "on", "input”, "and", "output”, ",", "and", "also", "different”, "programs", "in",

"one", “environment”, ".", "No", "need", "deploy”, "different”, "systems", "for",

"monitoring", "environment"”, ",", "maintenance", "equipment”, "or", "taking", "readings",

"and", "control", "energy consumptlon" " AT, MisY, Mint, "the”, Ysame”, "environment”,

"M MinY, "which”, Ythen", "can”, "determine", "reaction™, "to", "different", "situations", "."]
Translation 1 (Google Translate):

["SARAhub", "(", "Smart", "Assets", "Rapid", "Action”, ")", "—", "ue", "mpocre", "y",

"Bukopucrtanni", "cepenosume", "mus", "mBuagkoro", "pearyBanns", "wa", "loT", ".",

nn nmn H "

" cuctema', "mua", "Bamux", "akTHBIB",

nn

"SARAhub", "mie", "sx", "nenTpanpHa”, "HepBoBa',

nmn H H " nn

, "00po0se", , "'ta", "3amyckae", "mi", ",", "konu",

1] 11}

"oTpumye", "tHdopmariro”,

" "

Ha", "BaxkimBi", "momdii",

" n " "

1e", "HeoOX1IHO",

H " ", n

y", "BianmoBiap", , 'Lle", "mo3Bonse",

n "

"pigoOpaxkatu", "marumku", "ta", "mpuctpoi,

"Ha", "tepapxiunux", "iHpopMariiHHX",

nmn nn

"manemsx", ",", "cTBoproroun", "uudposoro", "aBiitHMKA", "Bamoro", "cepemoBuma", ".",

" "

"lle", "nmo3Bomsie", "HamamTyBatu', "aBTOMaTtmuHi", "peakmii', "Ha", "KoHKpeTH1",

Ml H "

"cutyanii",
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nn nn "
1

, "Oararo", "iHmmx", "dyukmn", ".", "larerpamsa”,

n

"koHcomgamio", "maHux", Ta

n.n

"meuakicts", "pearyBamnsa", "e", "kmouosumn', "mepesaramu’, "SARAhub", "."

nn . n nomn.n

"Iarerpamia", "ax", "pizaux", "cucrem", "na", "Bxomi", ",", "tax", "1", "Ha", "Buxomi", "Ta

"

nn nmn

"pi3aux", '"mmaniB", "B", "omne", '"cepemosumie", ".", "Hemae", "HeoOximHocTi"

"posropratu",  "pizHoMaHiTHI", '"cuctemu", "MOHITOpHWHTY", '"HaBKOJHIIHHOTO"

nmn

"cepenoBuma", ",", "oOGcayroByBanHs", "obOmagHaHHS",

" n

yn", "3unTyBaHHsA", '"MOKazaHp"

"Ta", "KOHTpOHIO", "eHepri‘l‘", "."’ "Bce"’ "B"’ "OI[HOMy"’ "CepCI[OBI/IH_[i", ","’ "B", "HKOMy"
"motim", "mMoxkHa", "Bu3HaunTK", "peakuii"’, "Ha", "pizui", "curyarmi", "."|
Translation 2 (DeeplL):

[IISARAhubII’ II(II’ llSmartll’ 'lASSetS"’ llRapidll’ IlACtion”, ll)ll' ll_ll’ lluell’ lalOCTeII’ llyll

"Bukopucrtansi’, "cepemoume’, "mua"’, "BucokouyrimBoro”, "IHrepuery”, "peueii”,

"SARAhub", "nmie", "ax", "uentpanpua”, "HepBoBa”, "cucrema", "mis"”, "Bamux", "aKTHBIB"

, "otpumye”, "iHdopmariro”, "", "obpobase”, "i", "ta", "3amyckae", "mi", ",", "komu"

ne", "meobxigno”, ",", "y", "BiamoBias", "Ha", "BaxkimBi”, "momii",

Mo "Big", "nosBose”

"BimoOpaxkatu', "marumku’, "ta", "mpuctpoi’, "Ha", "iepapxiunux", "mambopmax”, ",

"ctBoproroun’, "tudposux", "aBitiHukiB", "Bamoro”, "cepegopuma’, ".", "lle", " mo3Bomuse"

"HamamryBatu', “aBromaruune', '‘pearyBanHsa’, "Ha", "koHkperHi', “curyamii’, ",

"koncompamiro", "nanux", "ta", "6araro", "tHmux", "dbynkmu", ".", "larerpamisa’, "ta"

M "IaTerpamisa”, Max"

"onepaTUBHICTB", , "kmrouosi”, "mepesaru”, "SARAhub",

"pi3uux", "cucrem", "Ha", "Bxomi", "ta", "Buxom", ",", "rak", "1", "pizuux", "nporpam”, "B

"omue", "cepemoume’, ".", "Hemae", "Heobxinnocti", "posropratu’, "pizui’, "cucremu"

s, “"MoniTopuHry", "HaBkomumHbOro", “cepemopmma’, ",", "oOcmyroByBaHHS"

"ob6nagnanusa', "a0o", "3HaTTA", "nmokazanp’, "1, "KoHTpoOIIO", "eHEProcoXXMBaHHI ',

"Bee", "snaxoautsca”, "B", "ogHomy", "cepegoumi”, ",", "B", "akomy", "morim", "moxna"

"BusHauuTH", "peakitito”, "Ha", "pizui", "curyamii”, "."]

b

b

bl

9

b

9

>
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AN oo B %
v :
o ° def count_tokens(tokens):

num_tokens = len(tokens)

return num_tokens

translation_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocTe", "y", "BukopucTaHHi", "cepeposuwe", "am

num_tokens = count_tokens (translation_tokens)
print("KinbkicTb TokeHis |y nepeknaai:", num_tokens)

KinbkicTe TokeHis y nepeknapi: 143

Fig. B.2.1 Number tokens in reference translation

*v o B QL
i ° def count_tokens(tokens):

num_tokens = len(tokens)
return num_tokens

translation_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "nmpocTe", "y", "BUKOpUCTaHHi", "cepepoBuwe", "Ana

num_tokens = count_tokens(translation_tokens)
print("KinekicTe TokeHis |y nepeknagi:", num_tokens)

[»> KinbkicTe TokeHis y nepeknagi: 141

Fig. B.2.2 Number of tokens in Translation 1 (Google Translate)

v o

od ° def count_tokens(tokens):
num_tokens = len(tokens)
return num_tokens

translation_tokens = ["Le", "nepeknap", "npuknagHoro", "pedeHHs.SARAhub"™, "(", "Smart", "Assets", "Rapid", "Action", ")", "-",

num_tokens = count_tokens(translation_tokens)
print("KinskicTe TokeHis )y nepexknagi:", num_tokens)

KinbkicTb TokeHis y nepeknagi: 142

Fig. B.2.3 Number of tokens in Translation 2 (DeepL)
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T~ o B g EE

¥ () def count_matching_tokens(reference_tokens, translation_tokens):

o

v

matching_count = @
for ref_token, trans_token in zip(reference_tokens, translation_tokens):
if ref_token == trans_token:
matching_count += 1
return matching_count

, "suKopucTaHHi", "cepegceume”, "gna", "iHTepHs

reference_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action",

s
translation_tokens = ["SARAhub”, "(", "Smart", "Assets", "Rapid", "Action", ")",

ue", "npocte", "y", "BukopucTawHi", "cepeposuue", "ana", "wemg:

matching_count = count_matching_tokens(reference_tokens, translation_tokens)
print("KinekicTe cnisnagiWe:", matching_count)

KinbkicTs cnienagine: 24

Fig. C.2.1 Unigram: Translation 1 (Google Translate)

& BLEU meTpuka.ipynb 3
P Py B Komentysatn an Moginutuca ¢ ﬁ
Daiin  3minnT MNepernaxytu Bcrasutn CepeaoBulie BUKOHEHHA IHCTpymeHTH  [losiaka
RAM
+ Kog + Tekcr v Awck M ~
o ° def count_matching_tokens(reference_tokens, translation_tokens): N ocB S0
o matching_count = @
for ref_token, trans_token in zip(reference_tokens, translation_tokens):
if ref_token == trans_token:
matching_count += 1
return matching_count
reference_tokens = ["SARAhub", "( "Smart", "Assets", "Rapid", "Action" "ue", "npocTe"”, "BMKOpPMCTaHHL", "cepegoBuwe”, "Ana", "iHTepH¢

translation_tokens = ["SARAhub", ", "Smart”, “Assets”, "Rapid”, "Action” s "ue", "npocte", "y", "BukopucTanHi", "cepeposuwe"”, "pnr", “Bucol

matching_count = count_matching_tokens(reference_tokens, translation_tokens)
print("KinekicTe cnisnagiue:", matching_count)

Kinekicte cnienagine: 15

Fig. C.2.2 Unigram: Translation 2 (DeepL)

fn EA-E-TN I

° def count_matching_bigrams(reference_tokens, translation_tokens):

reference_bigrams = zip(reference_tokens, reference_tokens[1:])

translation_bigrams = zip(translation_tokens, translation_tokens[1:])

matching_count = sum(1l for bigram in translation_bigrams if bigram in reference_bigrams)
return matching_count

reference_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Actien", ")", "-", "ue", "npocte", "y", "BukopucTaHHi", "cepegoswuye", "ana", "iHTepHt

£
translation_tokens ["SARAhub™, "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocTte", "y", "enkopucTanHi", “"cepegosuwe", "ana", "wsug

matching_count = count_matching_bigrams(reference_tokens, translation_tokens)

print("KinekicTe cnisnagine bigram:", matching_count)

KinekicTe cnisnagike bigram: 13

Fig. C.2.3 Bigram: Translation 1 (Google Translate)
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2 ER-EK- NN B

“/_ ° def count_matching_bigrams(reference_tokens, translation_tokens):
reference_bigrams = zip(reference_tokens, reference_tokens[1:])
translation_bigrams = zip(translation_tckens, translation_tokens[1:])
matching_count = sum(1 for bigram in translation_bigrams if bigram in reference_bigrams)
return matching_count

"=", "ue", "npocte", "y", "sukopucTamWi", "cepegosmue”, "gnA", "iHTeps

", "BMKOpHcTaHHi", “cepegosuuwe"”, "Ana", "BHcO

reference_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", “Action", ")",
", “npocTe”, "M",

translation_tokens = [“SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue

matching_count = count_matching_bigrams(reference_tokens, translation_tokens)
print("KinekicTe cnienagine bigram:", matching_count)

KinekicTe cnisnagive bigram: 6

Fig. C.2.4 Bigram: Translation 2 (DeepL)

™ RS R

v

© def count_matching_trigrams(reference_tokens, translation_tokens):
reference_trigrams = zip(reference_tokens, reference_tokens[1:], reference_tokens[2:])
translation_trigrams = zip(translation_tokens, translation_tokens[1:], translation_tckens[2:])
matching_count = sum(1 for trigram in translation_trigrams if trigram in reference_trigrams)

return matching_count
reference_tokens = ["SARAhub”, "(", "Smart", "Assets", "Rapid", "Action"”, ")", "=", "ue", "npocTe", "y", "BMKOPMCTaHHi", "cepegoBuwe”, "Ana", "iuTep
translation_tokens = ["SARAhub™, "(", "Smart", "Assets", "Rapid", "Action", ")", , "ue", "npocte", "y", "BMKOpPHCTaHHi", "cepepoBuwe", "gna", "weugi
matching_count = count_matching_trigrams(reference_tokens, translation_tokens)
print("Kinekicte cnienagine trigram:", matching_count)

KinekicTe cnisnagive trigram: 12

Fig. C.2.5 Trigram: Translation 1 (Google Translate)

T~ o B QR

¥ @) def count_matching_trigrams(reference_tokens, translation_tokens):
reference_trigrams = zip(reference_tokens, reference_tokens[1: reference_tokens[2:

_trag P = o = 3 =
translation_trigrams = zip(translation_tokens, translation_tokens[1:], translation_tokens[2:])
matching_count = sum(1 for trigram in translation_trigrams if trigram in reference_trigrams)
return matching_count

reference_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "=", "ue", "npocte", "¥", "BHKOPHCTaHHi", "cepeposuwe", "ana", "iHTeph:

translation_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid"”, "Actien", ")", "-", "ue", "npocte", "y", "sukopucTanHi", “"cepegosuue”, "gns", "sucoi

matching_count = count_matching_trigrams(reference_tockens, translation_tokens)
print("KinekicTe cnisnagike trigram:", matching_count)

KinexkicTe cnisnagive trigram: 5

Fig. C.2.6 Trigram: Translation 2 (DeepL)

Pl o ERE W

4 ° def count_matching_quadgrams(reference_tokens, translation_tokens):

reference_quadgrams = zip(reference_tokens, reference_tokens[1:], reference_tokens[2:], reference_tokens[3:])
translation_quadgrams = zip(translation_tokens, translation_tokens[1:], translation_tokens[2:], translation_tokens[3:])
matching_count = sum(1l for quadgram in translation_quadgrams if quadgram in reference_quadgrams)

return matching_count

reference_tokens = ["SARAhub”, "(", "Smart", "Assets”, "Rapid”, "Action”, ")", "=", "ue", "npocte", "y", "BHKOPHCTaHHi", "cepeaceuue”, "Ana", "iHTepH
translation_tokens = [“SARAhub", “(", "Smart", "Assets”, "Rapid”, "Action", ")", "=", "ue", "npocte", "y", "sukopucTanHi", "cepegoswume", “gns", “"wsua

matching_count = count_matching_quadgrams(reference_tokens, translation_tokens)
print("KinekicTe cnienagixe quadgram:", matching_count)

KinekicTe cnisnagive quadgram: 11

Fig. C.2.7 Quadgram: Translation 1 (Google Translate)



59

Continued Appendix C.2

i B - B

def count_matching_quadgrams(reference_tokens, translation_tokens):
reference_quadgrams = zip(reference_tokens, reference_tokens[1:], reference_tokens[2:], reference_tokens[3:])
translation_quadgrams = zip(translation_tokens, translation_tokens[1:], translation_tokens[2:], translation_tokens[3:])
matching_count = sum(l for quadgram in translation_quadgrams if quadgram in reference_quadgrams)
return matching_count

reference_tokens = [“SARAhub®, “(", "Smart", “Assets", "Rapid“, “Action", ")", "-", “"ue", “npocte", "y", “sumkopuctaHni", “cepeposmue”, “ans", "inTepH

translation_tokens = ["SARAhub", "(", "Smart", "Assets", "Rapid", "Action", ")", "-", "ue", "npocTe", "y", "BMKOPMCTaHHi", "cepepoBMuye"”, "gna", "Bucol

matching_count = count_matching_quadgrams(reference_tokens, translation_tokens)
print("KinekicTe cnienagiHe quadgram:", matching_count)

KinekicTe cnisnagine quadgram: 4

Fig. C.2.8 Quadgram: Translation 2 (DeepL)



REVIEW OF THE SCIENTIFIC ADVISER
for the graduation gualification work
Student of higher education of the second (Master’s) level of the Faculty of
Finance and Digital Technologies of the State Tax University

Kostina Olesia Volodymyrivna
Ha Temy:

HEPCIHEKTHBA PO3BUTKY MALIIHHHOI O NEPEKJIATY
TEXHIYMHUX TEPMIHIB IT FAJTY3I 13
SBACTOCYBAHHSIM IWUTYHYHOT O IHTEJEKTY
on the topic:

PROSPECTS FOR THE DEVELOPMENT OF MACHINE TRANSLATION
OF TECHNICAL TERMS IN THE IT INDUSTRY WITH THE USE OF
ARTIFICIAL INTELLIGENCE

The significance of the qualification work lies in the fact that it focuses on a
relevant and contemporary topic in the IT industry - improving machine translation
of technical terms using artificial intelligence. By looking at the work of machine
translators, the study addresses an important part of translation technology that fits
into the broader goal of increasing the competitiveness of the [T sector. The growing
need for accurate and fast translations in the ever-changing [T industry shows why
this research is relevant and important.

The aim of this project was to sudy machine translation technologies for
technical terms in the I'T industry using artificial intelligence, as well as to further
evaluate the performance of the most common machine translation systems. The
integration of iechnologies affects machine translation systems and business
processes, showing how the development of translation IT technologies is linked to
strategic goals.

The qualification work analysed the functionality of common machine
translators in accordance with the tasks set. The research is intended to help improve
the efficiency of translation processes, which will ultimately save developers time
and resources. In addition, the work aims to provide users with clear and
undersiandable information about the use of 1T products, which is in line with the
broader goal of improving users' understanding of the IT sector. Further research is
needed on the possible issues and limitations that may arise when implementing
machine translation systems, especially in diverse and complex technical contexts.

The graduation qualification work of the student of higher education of the
second (Master's) level Kostina O. V., deserves the highest grade and Kostina OV,
deserves to be awarded the educational gualification level of Master in speciality
122 Computer Science.

Head of the graduation qualification work:
Horbovyy A. Yu., Doctor of Technical Science, Professor

"I _OF 2024p.
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Conclusion of the Department

on the final qualification work
The final qualification work of the student of higher education Kostina O.V.
after the preliminary defence was reviewed at the meeting of the Department
( protocol Ne & dd. "A8" _7Z 2023 p.) and admitted to defence before the
State Examination Commission.

Head of the department — "% Filonenko M.M.

(sumame. initials)

Head of educational and Horbovvy A, Yu.
professional programme

(sgnatugd ) (sumame, inicials)



REVIEW

for the graduation qualification work
Student of higher education of the second (Master's) level of the Faculty of
Finance and Digital Technologies of the State Tax University

Kostina Olesia Volodymyrivna

on the topic:
PROSPECTS FOR THE DEVELOPMENT OF MACHINE
TRANSLATION OF TECHNICAL TERMS IN THE IT INDUSTRY WITH
THE USE OF ARTIFICIAL INTELLIGENCE

The relevance of the topic. The development of machine translation is relevant
in today's context. The use of artificial intelligence in machine translation opens up
significant prospects for improving translation efficiency and quality. The use of
advanced technologies allows us to automate the translation process and adapt to the
rapidly changing requirements of the IT industry.

Scientific and practical novelty. The use of tools such as Google Collaboratory,
NLTK and the BLEU metric for comprehensive machine translation analysis
contributes to the advancement of scientific knowledge. Choosing a machine translator
DeepL. underscores its effectiveness in meeting the needs of companies, increasing
efficiency and significantly saving time and money on translation,

Quality of the problem analysis, text and graphic material. The analysis of
machine translation systems allows us to identify the advantages and disadvantages of
the most common machine translators. The use of modem tools demonstrates a
comprehensive and systematic approach to evaluating machine translation systems.
The inclusion of text and graphics effectively supports the analysis, making its content
relevant.

The validity of proposals and conclusions and their practical value in the
company's work. The results were published in the proceedings of Ukrainian
conference Digital transformation of the financial system of Ukraine and V-4 countries
in the context of European integration (April 26, 2023, Irpin) and International
collection of scientific papers V International Scientific and Practical Conference
Scientific practice: modern and classical research methods (December 22, 2023,
Boston, USA). The results are proposed for implementation on the OKIN Facility
company's website.

The availability of shortcomings. The potential challenges or limitations in the
implementation of machine translation systems, especially in diverse and complex
technical contexts, could be further explored, and there are some stylistic issues in the
text that do not affect the informative quality of the work.

Overall conclusion and evaluation of the work, The graduation qualification
work of the student of higher education of the second( s) level Kostina Olesia
Volodymyrivna proves the high qualification of the aulhor in, solving the task, has
scientific and practical value and deserves the hlghbﬂ =r)

Reviewer: R

Prof.' ;

11 MAYKH YEFARIH
A YHIBEPCHTET
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CERTIFICATE OF IMPLEMENTATION

Issued to a student of higher education of the second (Master's) level Kostina
Olesia Volodymyrivna on the use of the results of her master’s qualification work
on the topic: Prospects for the development of machine translation of technical

terms in the it industry with the use of artificial intelligence

The proposals made by the author in her work on the use of machine
translation, namely the machine translator DeeplL., have been put into practice on
the basis of the research. The use of a machine translator will help to reduce
translation time and costs by 40%. We propose to use the materials of the
qualification work for the preparation of bachelor's and master's qualification
works, as well as postgraduate students, in particular for the translation of technical

terms in the I'T industry.

Dean of the department Kornieiev V.V,

(summne, initals)

Head of the department WA Filonenko M.M.

{sigant :
Csurmame, mitials)
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CERTIFICATE OF IMPLEMENTATION

Issued to a student of higher education of the second (Master's) level
Kostina Olesia Volodymyrivna of the Faculty of Finance and Digital Technologies
of the State Tax University on the use of the results of her master's qualification
work on the topic: Prospects for the development of machine translation of
technical terms in the it industry with the use of artificial intelligence.

The proposals made by the author in the qualification work on the use of
the Deepl. machine translator are currently relevant and appropriate. We started
to use this machine translator for our work to translate information posted on the
website. We also use and plan to continue applying the recommendations made
by the author on the use of the machine translator in combination with a human
editor.

This option improves our translation work by 40% compared to the previous
period. We plan to apply this option not only for web-site translation but also for
further work in the use of technical IT terminology, written communication, and
writing texts on information technology projects.

Director
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