VK 81’322.4:004.8
DOI 10.58423/2786-6726/2025-2-23-44

Maryna Tymchyk, Natalia Drabov

Using artificial intelligence tools for translating
computer terminology

1. Introduction

We live in a world that is constantly changing and evolving. In the last 80 years,
technology has developed enormously. This development has affected every
aspect of our lives. Nowadays, we cannot imagine our life without technologies,
the internet and computers. Computers help us to perform various complicated
tasks; translation practice and language learning are no exception. The rapid
growth of technology has also led to the emergence of word processors, spell-
checking tools, online language learning platforms, machine translation systems,
various electronic dictionaries, software and even the creation of Al which can be
used for efficient translation processes as well as translation of IT terms.

Modern tools designed for translating different types of texts provide
translators with invaluable support, allowing them to process complex and
specialised materials more efficiently and with greater precision. These tools not
only speed up the translation process but also help maintain consistency in
terminology, adapt texts to cultural nuances, and reduce the likelihood of errors,
ultimately improving the overall quality of translations, especially in the cases of
technical and computer terminological texts.

The aim of the study is to analyse and evaluate different Al tools for translating
computer terminology by comparing their main advantages and disadvantages,
experimentally assessing the quality of the most effective systems in practice.

2. Recent publications and research analyses

The problem of translation with the help of machines was studied by Ukrainian
and foreign researchers like Biryukov (2008), Bowker & Fisher (2013),
Ivashkevych (2019), Olkhovska (2018), Pletenetska & Yakovenko (2024), Riabova
(2024), Christensen & Schjoldager (2010), Forcada (2017), Kriiger (2022), Lawson
(1988), Sakamoto (2022), and others who saw technology as a powerful tool which
can be used for adequate and accurate translation. Translation of scientific,
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technical texts was made by Derdi & Sakhro (2011), Karaban (2004), Kovalenko
(2001), Mishchenko (2013), Moskaliuk (2020), Tyshchenko et al. (2018),
Shevchenko (2006), Chernovaty (2017), Chernovaty et al. (2006), Yukhymets
(2018), Bowker (2002, 2023), Byrne (2012), Fernandez et al. (2016), Foo (2012),
Hutchins (1988), and others. Despite extensive research, this topic remains
underexplored, particularly in the field of computer terminology translation. This
is largely due to the rapid evolution of computer technologies and the ongoing
development of translation tools, which continually introduce new lexical items.

Hutchins (1988, p. 227) and Lawson (1988, p. 106) define Machine Translation
(MT) as “a translation generated by computer, with or without human interference”.
Riabova (2024, p. 70), Biryukov (2008, p. 4), and Bowker (2023, p. 92) claim that
“Machine Translation is the conversion of text from one natural language to another
using software. In other words, there is no human involvement here as in traditional
translation”. Cambridge Dictionary has the following explanation of the term: “MT -
the process of changing text from one language into another language using a
computer” (URL4). Collins Dictionary defines MT as “the production of text in one
natural language from that in another by means of computer procedures” (URL5).
The Merriam-Webster Dictionary explains MT as “an automatic translation from
one language to another” (URLS).

Therefore, we can assume that 20th-century British linguists Hutchins J. and
Lawson V. offer a more comprehensive explanation by recognising human
involvement as an integral aspect of machine translation (MT) practice, making
their definition more suitable for translation professionals and researchers. In
contrast, 21st-century researchers, along with modern dictionary definitions (e.g.
Cambridge, Collins, and Merriam-Webster), tend to present MT as a purely
automatic process, with no human intervention.

The novelty of this research lies in its focus on the linguistic, functional, and
contextual accuracy of Al-generated translations of IT terminology. The study
provides a comparative analysis of different Al tools such as Google Translate,
DeepL, and ChatGPT - examining their effectiveness and revealing inaccuracy
while translating specialised technical terms. Nevertheless, only by combining
Al tools with post-editing experience from professional translators, the article
offers a comprehensive perspective on the practical application of Al tools in
computer terminology translation.

3. Research methods

The study applies a comprehensive approach that combines theoretical analysis
with practical testing of artificial intelligence tools. A comparative analysis was
conducted on the translation of IT terminology using Al tools such as Google
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Translate, DeepL, and ChatGPT, followed by professional post-editing of the
outputs. A corpus-based method was used to identify variations in the translation
of technical terms across parallel parts of the texts.

4. Presentation of the main material

Machine translation emerged with the advent of computers and software. Its
development was time-consuming and required significant effort, but it laid the
foundation for more advanced machine translation techniques. In the 1950s, early
approaches involved manually programming extensive bilingual dictionaries and
grammar rules into computers to enable translation from one language to another.
Our focus is on several widely adopted approaches in machine translation
that aim to convert textual and spoken input into other languages, including
rule-based, statistical, and neural machine translation (URL3). We have also

outlined some disadvantages found in each of these systems.

Table 1. Machine translation approaches to computer terminology texts

Statistical Machine
Translation (SMT)

Rule-based Machine
Translation (RBMT)

Neural Machine
Translation (NMT)

SMT includes a language
model and a translation
model. Machine learning
algorithms generate
translations by analysing
and referencing existing
human translations of texts,
such as those involving
computer terminology.
These algorithms often rely
on human-reviewed data
and make educated guesses
during translation. SMT
typically translates phrases
rather than individual
words, which helps preserve
multi-word technical terms
such as application
programming interface or
content management
system.

RBMT uses hard-coded
linguistic rules and bilingual
dictionaries. The rules
describe the grammatical
structures of both the source
and target languages, while
the dictionaries map
technical terms between
them. The system depends
heavily on carefully crafted
linguistic rules. For
computer terminology,
RBMT can ensure consistent
translations of well-defined
terms, provided that
comprehensive and up-to-
date technical dictionaries
are available.

NMT leverages deep learning
and large neural networks to
model entire sentences,
producing translations that are
more natural and fluent than
those generated by earlier
methods. NMT systems create
word embeddings, organising
words with similar meanings
into clusters and allowing for
multiple interpretations of
words in different contexts. In
computer terminology texts,
NMT excels at capturing context
around technical terms,
reducing ambiguity compared to
SMT or RBMT. For instance, the
word port can refer either to
hardware or to a software-based
communication endpoint. NMT
systems trained on IT-specific
corpora are better equipped to
disambiguate such meanings.

Source: URL3.
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Table 2. Disadvantages of MT in translating computer terminology

Statistical Machine
Translation (SMT)

Rule-based Machine
Translation (RBMT)

Neural Machine
Translation (NMT)

Despite significant
advancements, SMT systems
still face challenges with
idiomatic expressions,
context, and domain-specific

RBMT systems may not account

for all linguistic phenomena or
support all language pairs,
resulting in limited coverage,
particularly for languages with

NMT still encounters
difficulties when translating
rare or newly coined IT
terms, especially if they are
underrepresented in

terminology. Without access
to specialised IT corpora,
SMT may misinterpret or
mistranslate technical

complex syntax or morphology.
Creating and maintaining
linguistic rules and dictionaries
for rapidly evolving IT fields is

training data. Additionally,
neural models can
sometimes produce
overconfident but incorrect

terms. resource-intensive and may fail | translations, particularly in
to capture emerging terms or specialised texts with low-
new usages. frequency terminology.
Source: URL3.

As it can be seen from Table 1 and 2, Statistical Machine Translation (SMT), Rule-
based Machine Translation (RBMT), and Neural Machine Translation (NMT)
each offer distinct approaches to machine translation. Overall, while each
method has its advantages, machine translation systems still encounter
difficulties with idiomatic expressions, context, and domain-specific computer
terminology, suggesting ongoing areas for improvement. This highlights the
creative flexibility of human translation, enabling the clear expression of
concepts that may be limited by language constraints. In contrast, machine
translation can lose 94% of the vocabulary links from the source language and it
often duplicates source words literally, limiting semantic connections within the
source language’s linguistic scope (Li-Ning-Fang, 2023, p. 334).

Nowadays, the most powerful machine translation tool is Artificial
Intelligence (AI). It has transformed the language translation industry. Despite
remarkable advances in Al-powered translation services, human translators are
unlikely to be fully replaced in the near future (Nikoulina-Sandor-Dymetman,
2012; Kostikova et al., 2019; Bowker, 2023, p. 92; Hryhoshkina-Yanenko, 2024;
Pletenetska-Yakovenko, 2024). Instead, Al has reshaped the sector, opening up
promising new career paths and opportunities for translation professionals.

The term Artificial Intelligence refers to the simulation of human intelligence
processes by machines, especially computer systems. These processes include:

— learning (the attainment of information and the rules for applying it);

— reasoning (the use of rules to reach approximate or definitive conclusions);

— self-correction (the ability to learn and solve problems) (URL2).
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Al encompasses various techniques such as machine learning, natural
language processing, computer vision, robotics, and more. It can be categorised
into two main types: narrow Al and general Al. Narrow Al, also known as weak
Al is designed to perform specific tasks, such as playing chess or recognising
speech. General Al, also known as strong Al or AGI (Artificial General
Intelligence), possesses the ability to understand, learn, and apply its intelligence
across a wide range of tasks, similar to human intelligence, which can become
very useful in translation practice as well. This idea is supported by the findings
of a survey conducted by Dr. Mohammad Ahmad Saleem Khasawneh and Dr.
Mohammad Ghazi Raja Al-Amrat. The participants included translation
practitioners, university lecturers teaching translation courses, postgraduate
students specialising in translation, and university administrators responsible for
managing translation programmes. The findings indicate that the majority of
respondents (over 64%) believe that the integration of Al in translation studies
enhances the quality of graduates. Additionally, over 70% see Al incorporation as
enhancing translation precision. Furthermore, more than 53% believe that Al
models positively impact global recognition and investor appeal in translation-
related activities (Khasawneh-Al-Amrat, 2023, p. 941).

Another interesting experiment was made by researcher Lan Wang, who
compared Al-generated translations with those produced by human translators.
The results showed that Al outperformed humans in understanding language
style, particularly in the translation of business English, news articles, and
technical texts. Al also excelled at avoiding colloquialisms in formal texts.
However, in the translation of literary and emotive texts, Al lagged behind
human translators. Furthermore, humans consistently outperformed Al in terms
of logical coherence, fidelity to the original text, and accurate rendering of word
meanings across all text types. These findings highlight areas where Al still
requires improvement (Wang, 2023).

In conclusion, a human-AlI partnership appears essential for achieving high-
quality translations. In other words, with the assistance of various Al tools,
translators can enhance the overall quality and accuracy of their work. To explore
this further, we conducted an investigation comparing how different translation tools
render English computer-related terms into Ukrainian. The aim was to determine
which tools can deliver translations that closely match the accuracy and quality of
professional translators when handling specialised computer vocabulary.

4.1. Single-word terms

1) English term: Inhibit
Google Translate: ITepewkoOxcamu; 3a6opoHamu
DeepL: Ineibysamu; npueHivysamu
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ChatGPT: I'anbmysamu; cmpumysamu
Authentic translation: 3a6oponamu; 610kysamu

2) English term: Abort

Google Translate: ITepepsamu

DeepL: Abopm; nepepusamu gaz2imHicms

ChatGPT: I1epepsamu 8ukoHaHHS

Authentic translation: ITepepugarHs 8ukOHaHHS npo2pamul, 3a80aHHs

3) English term: Abuse

Google Translate: 3/108cusaHHs; HeNpasuU/IbHe 8XCUBAHHS; Aallka
DeepL: 3106xcu8aHHs; HaCUAbCMBO

ChatGPT: 3108xcUBaHHS; HCOPCIMOKE NOBOOHCEHHS

Authentic translation: HenpagiibHe 36epHeHHS

4) English term: Academy

Google Translate: Akademis

DeepL: Akademis

Chat GPT: Axademia

Authentic translation: Akademiuna eapHimypa

5) English term: Bold

Google Translate: Cmiausuil

DeepL: Cminusuil; xcupHuil

ChatGPT: )KupHuii abo HanigxucupHUll; 8i08aicHUIL

Authentic translation: Hanisxcupruil wpugm y mekcmogomy pedakmopi

6) English term: Input

Google Translate: Bxi0; ingopmauisi Ha 8x00i

DeepL.: Bxi0; exioHuil

ChatGPT: Bxio; 88i0HI OaHi

Authentic translation: BxiOri dani; npucmpitl yeedeHHS

7) English term: Platter

Google Translate: Tapinky

DeepL: Tapinka

ChatGPT: Barodo; duck

Authentic translation: Teepduii mazHimHuii duck; siHdecmep

8) English term: Plot

Google Translate: Croxcem; dinsiHka

DeepL: Croxcem

ChatGPT: Croxcem; epagik; 3mosa

Authentic translation: I'pagik; kpusa; diacpama
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9) English term: Romware

Google Translate: IIpoepamHe 3abe3nevweHHs 0151 poMi8

DeepL: IIpoepamHe 3abe3neueHHs

ChatGPT: IIpoepamro-anapamme 3abe3neueHHs, wo npautoe Ha 1311
Authentic translation: IIpozpamu 3anucaHi y nocmitiHy nam’sams

10) English term: Token

Google Translate: ToxeH

DeepL: Toxen

Chat GPT: Mapkep, idenmugikamop, jxcemoH docmyny
Authentic translation: [To3nauka, mapkep, nekcema

We selected ten random terms from the English-Ukrainian Explanatory
Dictionary of Editorial and Publishing Computer Terminology (Shevchenko, 2006).
Our analysis involved translating these lexical items using several popular neural
machine translation (NMT) tools (Google Translate, Deepl,, and ChatGPT), as well
as comparing them with the original translations provided in the dictionary. Each
tool was assessed based on its ability to capture both the linguistic meaning and
technical context of terms such as Inhibit, Abort, and Platter.

Google Translate often provided basic or everyday meanings but sometimes
failed to convey technical nuances. For instance, Platter — Tapiaky (‘plate’)
instead of referring to a computer disk; Romware — IIpoepamHe 3abe3neueHHs
0na pomis (‘software for Roma people’) - a semantic error stemming from a
misinterpretation of Rom (as an ethnic group) and ware (as in software).

DeepL offered broader translation options but occasionally included
inappropriate senses. For example, Abort was translated as A6opm, which is
unsuitable in IT contexts.

ChatGPT demonstrated greater context awareness, producing translations
more consistent with computing terminology, such as Input — BgioHi daHi and
Romware — IIpo2pamHo-anapamHe 3abe3neyeHHsI.

This analysis highlights the importance of combining automated translation
tools with specialised domain knowledge to ensure accurate and contextually
appropriate translation of computer terminology.

4.2. Lexico-syntactic units

1) English term: Abend recovery program

DeepL: IIpoepama no 8i0H08/1eHHIO a600OMIHA/TbHO20 BUUHY

Google Translate: IIpoepama ei0HO081eHHA nicas agapil

ChatGPT: IIpozpama 8i0HO81eHHS NicAS1 a8apiliHO20 3a8ePULIEHHS

Authentic translation: Asapiiinuii 8uxio 3 npozpamu 3 MOWCAUBICMIO 8IOHOB/1EHHS
PYHKUIOHYBAHHS
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2) English term: Letter quality printing

DeepL: /Ipyk nimepHoi sikocmi

Google Translate: /[pyx eucokoi sikocmi

ChatGPT: Zpyk i3 akicmio, 5K Yy 0pykapcbKill MatuuHui

Authentic translation: SJkicms Opyky Ha pieHi Opykapcbkol MawlUHKU

3) English term: Idle character

Google Translate: HeakmugHUtl nepcoHatic

DeepL: Fe3disuibHuil nepcoHax)c; HeaKmugHULL NepcoHatC
ChatGPT: Xosiocmuii cumgon abo cumso.1 Npocmor
Authentic translation: ITycmuii cumgon

4) English term: Filter key

Google Translate: Katou ¢pinbmpa

DeepL: Kawou ¢inbmpauii

ChatGPT: @inempysansHi knasitui abo ¢pinemp-kaasiuli

Authentic translation: @inempyeaHHs 68edeHHs 8i0 6a2amopa3o8020 HAMUCKaHHS
IMiET xe KAasil

5) English term: Accident-heading fonts

Google Translate: IIIlpugpmu 3 unadkosumu 3a20,108Kamul

DeepL: IlIpugpmu asapitiHix 3a20108Ki8

ChatGPT: IlIpu¢pmu 019 3a20,108Ki8 npo asapii

Authentic translation: AxyudenmHo-mumyasHi wpugmu (wpudmu seauxux
pO3MIpI8, SIKI BUKOPUCMOBYIOMbCA Y 3a20/108Kax, mumyaax...)

6)English term: Active file

Google Translate: AkmusHuii ¢atin
DeepL.: AkmusHull ¢atin

ChatGPT: AkmusHuil ¢atin

Authentic translation: ITomouHuil ¢atin

7) English term: Actual pixels

Google Translate: @akmuuHi nikceni

DeepL:: ®akmuuHi nikceni; peanvbHi nikceai
ChatGPT: @axmuuHi nikceai abo pea/bHi nikcesni
Authentic translation: Odun do o0Hoz20

8) English term: Add anchor point

Google Translate: /Jodamu mouky npue’sasku
DeepL: /Jodamu mouky npue’sasku

ChatGPT: Zlodamu onopHy mouky
Authentic translation: /Jodamu sy3on
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9) English term: Add leftover lines

Google Translate: /Jodamu 3aauuku psaokis

DeepL: /[odamu 3aautku psokie; dodamu 3aAULUKO8L poKu
ChatGPT: Zodamu aiHii 3aauukie; dodamu 3a1uwKosi AiHil
Authentic translation: /[Jodamu 3atigi psioku

10) English term: Alternate key

Google Translate: AnbmepHamugHuUll K104

DeepL: 3anacHuil ko4

ChatGPT: AnbmepHamusHUll K104, a/lbimepHamueHa K1asiwa
Authentic translation: ArbmepHamusgHa kaasilia; donomixcHa Knasiwa

When analysing translations of computer-related lexico-syntactic units, we
observed notable differences in how translation tools handle language precision
and technical accuracy. The analysis was based on words from the English-
Ukrainian Explanatory Dictionary of Editorial and Publishing Computer
Terminology (Shevchenko, 2006).

Google Translate often produced literal but contextually inaccurate
translations. For example, Idle character — HeakmusgHuili nepcoHadxc, which
misinterprets a technical symbol as a video game figure.

DeepL. occasionally offers broader variants but can drift into unrelated
meanings. A striking example is the translation of Abend recovery program as
IIpoepama no 8i0H081eHHI0 ab0OMiHAABLHO20 8u2uHY ‘programme for recovering
an abdominal curve’, which is a complete mistranslation likely caused by
misreading abend as abdomen.

ChatGPT generally provides translations that align more closely with the
intended technical context. For instance, Filter key is translated as @inbmpysaibHi
knagiwi, accurately reflecting IT terminology, although it sometimes uses the
plural form of a noun where a singular might be more appropriate.

Overall, our analysis indicates that while automated translation tools can
produce quick results, expert revision is often necessary to ensure both linguistic
and technical accuracy in specialised fields like computing.

4.3. The fragment of a computer terminological text

English version:

A personal computer (PC) is a complete microcomputer that is based on
a microprocessor a small semiconductor chip that performs the operations of
a central processing unit or CPU. A PC also has other integrated circuits. It is
designed for use by a single user and usually includes a keyboard and a monitor
or video display terminal.
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Two of the chief measures of computing power are computer memory size
and processing speed. The unit of memory is a byte, which can hold
one character of a text.

Google Translate:

Iepconanvruii komn’iomep (IIK) — ue nNOBHOUIHHULL MIKpOKOMM'IOMeEp, WO
basyemoca Ha MIKpONpouecopi, HegeAuKOMl HanisnposiOHUKOBOMY Kpucmani,
AKUll BUKOHYE onepauii yeHmpaabHo20 npoueccopa abo npouecopa. ITK makodc mae
[HWi iHmezpanbHi cxemu. BiH npu3naweHull 049 6UKOpUCMAHHSL OOHUM
Kopucmyeauem i 3a3suyail 8K/104ac kaasiamypy ma MoHimop abo gideomepmiHa.
ZJlsoMa OCHOBHUMU nNOKasHUKaMU OOHUCAI08a/bHOT NOMYMCHOCT € pPO3MID
nam’ami xomn’tomepa ma weudkicms_o6pobku. OduHuuelo nam’ami € 6aum,
AKULL MOdce mMicmumu 00uH CUMB0./1 MeKCmy.

DeepL:
IepcoHanwHuil komn'tomep (I1K) — Ue NOBHOUIHHUILL MIKDOKOMIIOMEp, 8 OCHOBI S1IK020
/1eCUMb MIKPONPOUECOp — Hegeauka HanieNpogioHUK08a MIKPOCXeMa, W0 BUKOHYE

onepauii yenmpawbHo20 npouecopa abo L1 /o ckaady IIK makxoxc 8xo0ame iHwii
[HMez2panbHi cxemu. BiH npusHaveHuil 0415 BUKOPUCMAHHA 00HUM Kopucmysauiem
[ 3a38uuall gKawdac 8 cebe knagiamypy i MoHimop abo gideomepmiHan.

/Zleoma 0CHOBHUMU NoKa3HUKamU 004UC/1H08a/16bHOT NOMYXCHOCMI € 06csi2 nam’sami
Komn'romepa ma weuokicms 06pobku daHux. OduHuuer namv’ami € 6aiim, sKuil
Modice eMicmumu 00uH cUMB0/1 MeKcmy.

ChatGPT:
IlepconanvHuli komn’iomep (IIK) — ue NOBHOUIHHUL MIKpOKOMN'romep, WO
nobydosaHuil Ha OCHO8I MIKponpouecopa — He8eAukoi HanisnposioHUKO080I

MIKpocxeMu, sika 8UKOHYE onepauii yeHmpaibHo2o npouecopa (LIT1). [IK makoic

Micmump HWi iHMe2paabHi cxemu. BiH npusHaveHuill 0451 6UKOPUCMAHHS
o0HUM Kopucmyeadem i 3a3suyall OCHaWeHUll Kaasiamyporw ma MOHIMOpPOM
abo gideomepmiHaioMm.

ZJlBoma ocHOBHUMU NoKa3HUKaMU 061UC08a/1bHOT NOMYXCHOCMI € 06csi2 nam’ami
Komn'romepa ma weudkicms 06pobku. OduHuLe nam'ami € 6alim, SKuil Modxce
3bepizamu 00uH CUMB0/1 MeKcmy.

Authentic translation:

Ilepconanvrutl komn’tomep (IIK) — ue He3anexcHUll MiKpokomn'tomep, 0is 1K020
basyemscs Ha Mikponpouecopi, mobmo Ha HegeAuuKill Hani8npogioHUKOSIll
MiIKpocxemi, WO BUKOHYE PYHKUIT ueHmMpabHo20 npouecopa. IlepcoHanbHull
Komn'tomep Mmae U iHwi iHmezpanvHi cxemu. Komn'romep npusHaueHull 011
gJcusaHHs OOHUM Kopucmyeadem i 3a3guyall Mae kaasiamypy ma MoHimop, abo
8ideo mepmiHan.
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/lsoma 0cHOBHUMU NoKa3HUKaMU NOMYMCHOCMI Komn’lomepa € 0bcsie nam’ami ma
weuodkicms 06pobku Odanux. QJuHuuelo suMIpyobcazy nam’ami € 6aiim, gxuil
gidnosgidae 00HOMY CUMB0Y MeKCmy.

For our third comparison, we analysed a fragment from the book Translation
of English Technical Literature by well-known Ukrainian translators and scholars
(Chernovaty-Karaban-Omelianchuk, 2006, p. 38).

Google Translate produced a mostly accurate and readable translation but
used some awkward or less precise phrasing. For instance, mikponpouecopi,
HeseaUKOMY HanienposioHukosomy kpucmanai (‘small semiconductor crystal’),
which is a literal but non-standard rendering of microprocessor chip. It also
redundantly repeated ueHmpanbHO20 npouecopa abo npouecopa (‘central
processor or processor’), which adds no new meaning. Overall, the translation
preserved the basic meaning but leaned toward a word-for-word approach.

DeepL offered a more natural sentence structure. For example, 8 ocHosi
aKoz20 nexcums mikponpouvecop (‘which is based on a microprocessor’) sounds
more idiomatic in Ukrainian. However, it also introduced slight shifts in
meaning, such as translating processing speed as weudkicmb 06pobku daHux
(‘date processing speed’), which can be clearer in context but adds a nuance not
explicitly present in the original. Its use of exawouae 6 cebe is more
conversational than technical, which can be both a strength (increased
naturalness) and a weakness (less formal register).

ChatGPT’s translation stood out for its balance of clarity, technical accuracy,
and natural Ukrainian syntax. It used precise phrases like no6ydosaHuii Ha ocHo8i
Mmikponpouecopa and avoided redundancy or misinterpretations. The expression
OCHaweHUll knagiamypoio ma mMoHimopom was also appropriate for a technical
text, maintaining a professional tone.

The authentic translation by the linguists (Chernovaty-Karaban-
Omelianchuk, 2006, p. 38) remains the most adapted to specialised texts, using
terms like ne3anexcnuil mikpokomn’tomep (emphasising stand-alone capability)
and excusaHHa 00HUM Kopucmyeadem instead of the more direct suxopucmanHs.
It also correctly rendered 6atim, axuili idnosidac 0OHOMY CUMBOAY MeKCMYy,
which is precise and suitable for a technical manual. However, this translation
occasionally departs stylistically from the original text by adding clarifying
phrases such as mo6mo Ha Hegeauukilil..., which enhance reader comprehension
but go beyond the literal scope of the English source.

In general, across these three parts of our analysis of varying complexity, we
observed that automated translation tools together with Al tools handle technical
terms with different degrees of accuracy and appropriateness depending on the
context and structure of the source phrases. For simpler, single-word terms (e.g.,
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Abort, Input), all tools generally provided acceptable translations, though they
sometimes lacked precision in conveying the specific technical meanings. In
contrast, for more complex multi-word terms and phrases (e.g., Idle character,
Letter quality printing), tools like Google Translate and DeepL often produced
literal or misleading translations, while ChatGPT consistently generated more
context-aware and technically accurate results. When dealing with extended text
passages, ChatGPT’s translations were notably clearer and more professional,
aligning more closely with the specialised terminology of the computing field. In
comparison, Google Translate and DeepL tended toward awkward literal
translations or overgeneralizations.

In summary, ChatGPT demonstrated superior translation quality for texts
involving computer terminology. However, our investigation reaffirms that
despite significant advancements in neural machine translation technologies
(including Google Translate, Deepl, and ChatGPT), expert human revision
remains indispensable to ensure accurate and contextually appropriate
translations within specialised domain such as computing.

Additionally, we examined several widely used Computer-Assisted Translation
(CAT) tools that are also effective in supporting translation tasks. CAT tools
function as semi-autonomous, data-driven linguistic systems that combine
computational translation models with human expertise, forming a hybrid
intelligence that enhances both speed and accuracy in multilingual communication.
Here is a brief overview of some key CAT tools:

— Trados, developed by RWS Holdings plc, is one of the most widely used CAT
tools globally. It offers translation memory for reusing previously translated
segments, terminology management, alignment tools, and quality assurance
features. Trados is commonly employed by translation companies and is
particularly well-suited for managing large-scale projects.

— Star Transit, developed by the STAR Group, supports multiple file
formats and integrates with other translation workflow tools. Unlike
many CAT tools, it saves the entire translation context rather than just
individual phrases, making it especially useful for translating marketing
texts where style is critical. It also provides glossary creation and
management features. Star Transit offers packages suitable for both
freelancers and larger enterprises (URL2; URL3).

— Déja Vu is designed for professional translators, ranging from freelancers
to large organisations. It supports 32 of the most commonly used file
formats and offers features for working with glossaries and dictionaries.
The software offers three main products: 1) Déja Vu X3 Professional,
featuring the DeepMiner tool, which extracts more information from
translation memory databases and terminology, enabling fuzzy match
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repair and segment merging); 2) Déja Vu X3 Workgroup, which supports
resource and workload sharing, even with users not working in Déja Vu,
in real time; 3) TEAMserver, which supports any language combination
and consolidates information from multilingual databases across
different source and target language pairs (URL2; URL4).

— Smartcat is a full-featured CAT application that supports a broad range
of document formats, translation memories, glossaries (both internal
and imported), and effective handling of tags and wildcards. It integrates
Lingvo dictionaries and allows users to incorporate various machine
translation engines (URL1; URL4). Smartcat also includes a customisable
quality assurance checker, adaptable to client-specific requirements.

5. Conclusions and future perspectives

Advancements in machine learning and translation automation have significantly
enhanced the speed and efficiency of producing high-quality translations using
Al-based tools. These systems are capable of processing large volumes of text
quickly, reducing turnaround times and improving overall productivity.
However, the accuracy of Al-generated translations, particularly in the domain of
computer and technical terminology, remains inconsistent and is influenced by
factors such as language pair, domain specificity, and text complexity.

Our analysis confirms that while modern Al-powered tools like Google
Translate, Deepl, and ChatGPT demonstrate substantial progress, they still
encounter challenges in rendering specialised terminology with full semantic
precision. Therefore, integrating Al translation systems with expert human post-
editing and using computer-assisted translation (CAT) tools is essential for
achieving reliable, context-sensitive translations in the IT sector.

Looking ahead, future developments in neural architectures, context-aware
models, and domain-adaptive machine learning are expected to further improve
the handling of technical language. Ongoing collaboration between linguists,
translators, and AI developers will be crucial in refining these systems.
Ultimately, the synergy between human expertise and artificial intelligence holds
the greatest promise for advancing the quality and efficiency of specialised
translation in the digital age.
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The emergence of artificial intelligence (AI) technologies has significantly transformed
the field of translation, streamlining processes through automation and enhancing both
efficiency and accuracy. As the demand for precise translation of technical texts grows,
particularly in rapidly evolving fields such as computer science, Al tools have become
indispensable for professional translators. This article investigates various Al-powered
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solutions used in translating specialised computer terminology, focusing on different
approaches to machine translation, including rule-based, statistical, and neural systems.

The analysis examines the translation of selected English computer terms, lexico-
syntactic units, and a fragment of a specialised computer vocabulary text into Ukrainian,
comparing the performance of widely used systems such as Google Translate, DeepL, and
ChatGPT. Our comparative study highlights the respective strengths and limitations of
different machine translation tools, emphasising their ability (or inability) to preserve
technical accuracy and context when handling complex or domain-specific vocabulary.

The article also describes several popular Al-based computer-assisted translation
(CAT) platforms, including Trados, Smartcat, Star Transit, and Déja Vu, and outlines
their specialised features designed to support translators working with technical texts.

The investigation demonstrates that despite significant advances in Al translation
tools, expert human revision remains essential for achieving accurate and context-
sensitive translations of computer-related texts. The article concludes by discussing
current challenges and identifying open questions for further research, such as
improving AI's understanding of specialised terminology, enhancing its ability to capture
linguistic nuances, and optimising workflows that integrate human expertise with Al
efficiency to meet the demands of computer translation in the digital age.

Keywords: artificial intelligence, computer terminology translation, machine translation,
statistical machine translation, neural machine translation, rule-based machine
translation, CAT.

BukopucTaHHS iHCTPYMEHTIB IITYYHOTO iHTEIEKTY 1S mepeKIangy
KOMII' IOTEPHOI TePMiHOJIOTil

Tumunk MapuHa, KaHAMJAT IeJIaroriYHMX HAyK. YIXKTOPOJCHKMI HalliOHaJbHUM
yHiBepcureT,  Kadenpa  MPUKIALHOI  JHHTBICTMKYM,  CTapmMii  BMKJIa/ad.
maryna.tymchyk @uzhnu.edu.ua, ORCID: 0009-0001-9763-3378.

Jpa6oB Hartamis. Y>XTopoACbKMI HaIliOHAJIbHMII YHiBepcuTeT, Kadezpa Teopii i
TIPaKTMKN TIepeKJafly, CTapIimMii BMKIaJad. hataliya.drabov@uzhnu.edu.ua, ORCID:
0000-0001-7332-6309.

IMostBa TexHOJIOTII IITY4HOro iHTesekTy (L) cyTTeBO TpaHChOpMyBaia chepy mepersiaiy,
CITPOLIYIOUN IIPOLIeCH 3aB/ISIKM aBTOMATM3allil Ta ITJBUIINYIOUM SIK ePeKTMBHICTB, Tak i
TOYHICTb. [3 3pOCTaHHSIM TOTPEOM Y TOYHOMY IepeKIaZii TEXHIYHMUX TEKCTiB, 0COOJIMBO B
TaKMX ILIBUJKO3MIHHMX Tajly3siX, SIK KOMIT'IOTepHi Hayky, iHcTpymeHTM III cramu
He3aMiHHMMM JiJIsT TTpodeciiHNX MepeKsIa/iaviB. Y CTaTTi JOCII/KEHO pi3Hi Migxoayu Ha
ocHoBi IIII, IO BYMKOPMCTOBYIOTBCSI [UIsSI Ilepeksafly CIIeliaTi30BaHOi KOMIT I0TEepHOI
TepPMiHOJIOTii. AKIIEHTOBAaHO yBary Ha pi3HOMaHiTHMX HallpsIMKaxX MalllMHHOTO IepeKsIasly,
30KpeMa CTaTUCTUUHMI, HeMPOHHMI, MalllMHHMI IlepeKJia/i Ha OCHOBI ITpaBUIL
ITpoBefieHO aHaIi3 IepeksaZy BMOpaHMX aAHIJIMCBKMX KOMITIOTEpPHMX TEPMIiHiB,
JIEKCMKO-CMHTaKCUYHMX OJVHMIL Ta YPMUBKY TEKCTy, IO MICTUTh KOMII'IOTEPHY
TEPMIiHOJIOTiI0 YKPalHCBKOK MOBOIO, i3 TIOPiBHSIHHSIM €QEeKTUBHOCTI LIMPOKO
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BUKOPMCTOBYBaHMX CHUcTeM, Takux sk Google Translate, DeepL. Ta ChatGPT. Ham
MOpIBHSIBHMI aHa/li3 BUCBIT/IIOE BiANOBIAHI CMIBHI Ta C/1abki CTOPOHM Ppi3HMX
IHCTPYMEHTIB ~MalIMHHOTO IIepeKjajy, IiJKpecaio4YM IXHIO 37aTHiCT (abo
HEeCIIPOMOXXHICTb) 36epiraTy TeXHIYHy TOYHICTb i KOHTEKCT IIpy poboTi 3i CKJIaAHOIO UM
BY3BKOCIIeIliajli30BaHOIO JIEKCMKOIO. Y CTATTi OIMCAHO JieKibKa TOIy/ISIPHUX ITaTOPM
aBTOMaTM30BaHOro nepekyiany (CAT) Ha 6a3i mITydHOro iHTENEeKTy, 30Kpema Trados,
Smartcat, Star Transit Ta Déja Vu, a TakoXX OKpecJeHO CIelliaizoBaHi QyHKIIiI,
MIpM3Ha4eHi A1 MiATPMMKY [TepeKJIaiadiB, siKi IPalioloTh i3 GaxoBMMM TEKCTaMU.

Pe3yibTaTy JOCIIKEHHS IeMOHCTPYIOTh, 1110, HE3BYKA0UM Ha 3HAYHMII IIPOrpec y
PO3BUTKY IHCTPyMEHTIB MaIIMHHOI'O IlepeksaZy Ha ocHOBi III, ekcriepTHa mepeBipka
nepeklaflaya 3JIMIIAETbCS KPUTMYHO BAOXJIMBOKW JJISI  JOCSTHEHHSI TOYHMUX,
KOHTEKCTHO-YYT/IMBUX IIepeKIafiiB KOMII'IOTePHMX TEeKCTiB. Y CTaTTi IiICyMOBaHO
Cy4yacHI BUKJIMKM Ta BM3HAUYE€HO BiIKPUTI MUTaHHS JJIs MOJIBIINX JIOC/TiPKeHb, TaKi
SIK TIOKpaltieHHs 371aTHocTi 11 po3ymiTH crelfiasi3oBaHy TepMiHOJIOTIIO, MiABUIIEHHS
JIOTO 3/TATHOCTI Tepe/iaBaTy MOBHI HIOAHCHM Ta ONTUMMI3allisi pobouMX IPOIECiB, IO
TOETHYIOTh JTOCBi] TepekiayiaviB i3 epextuBHicTio Il 1151 3a710BOJIEHHST TIOTpeH
KOMIT'IOTEPHOT'0 ITepeKJIaZly B IIMPPOBY €Ioxy.

Katouosi cnoea: wmyuHuil iHmenekm, nepeknad KOMI'IOMEPHOI MeEpPMIHO/02IT,
MawuHHUll nepeknad, cmamucCmu4HUll MawUuHHUl nepexkaaod, HelUpOHHUll MalluHHU
nepeknad, MawUHHUIl nepekaad Ha OCHOB8I Npasu/l, agmomamu3osaHull nepexad.

Mesterséges intelligencia alapt eszk6zok alkalmazasa a szamitastechnikai
terminoldgia forditasaban

Timcsik Marina, a pedagégiai tudoméanyok kandidatusa. Ungvari Nemzeti Egyetem,
Alkalmazott Nyelvészeti Tanszék, adjunktus. maryna.tymchyk@uzhnu.edu.ua, ORCID:
0009-0001-9763-3378.

Drabov Natalia. Ungvari Nemzeti Egyetem, Forditaselméleti és Gyakorlati Tanszék,
adjunktus. nataliya.drabov@uzhnu.edu.ua, ORCID: 0000-0001-7332-6309.

A mesterséges intelligencia (MI) technolégidk megjelenése jelentGs mértékben
atalakitotta a forditastudomanyt, automatizalassal egyszersitve a forditasi folyamatokat,
a hatékonysag és a pontossag novelése mellett. A technikai szovegek pontos forditdsa
iranti igény folyamatos novekedésével - kiilongsen az olyan gyorsan fejl§dd tertileteken,
mint a szamitastechnika - az MI-alapd eszkozok nélkiilozhetetlenné véltak a hivatasos
forditok szamara. A tanulmény kiilonféle mesterséges intelligencia altal tamogatott
megoldasokat vizsgil, amelyeket a szamitastechnikai szakszdkincs forditdsara
hasznélnak, kiilonos tekintettel a gépi forditas kiillonboz6 megkozelitéseire, beleértve a
szabalyalapu, statisztikai és neuralis gépi forditasi rendszereket.

Az elemzés az angol szamitdstechnikai terminusok, lexikai-szintaktikai egységek,
valamint egy szakszokincsalapd szovegrész ukran nyelvre torténd forditasat vizsgalja, és
0sszehasonlitja a széles korben hasznélt eszkdzok (Google Translate, DeepL, ChatGPT)
teljesitményét. Osszehasonlité tanulmanyunk rdmutat az egyes gépi forditdeszkozok
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erdsségeire és korlataira, hangstlyozva azok technikai pontossaganak és kontextusmegérzé
képességének meglétét vagy hianyat az Gsszetett, szakteriileti szokincs forditésakor.

A kutatds tovabba bemutat tobb népszerti Ml-alapi szamitégépes forditdstdmogatd
(CAT) rendszert is - koztiik a Trados, Smartcat, Star Transit és Déja Vu platformokat -,
és ismerteti azokat a specidlis funkcidkat, amelyek a mtszaki szovegekkel dolgozo
forditok munkajat tdmogatjak.

A vizsgélat azt is megallapitja, hogy az MI-forditéeszkozok jelentds fejldése ellenére a
szakértdi forditdi lektoralds tovabbra is elengedhetetlen a szadmitastechnikai szovegek
pontos, kontextushi forditasdhoz. A tanulmany a jelenleg fennall6 kihivasokkal zarul, és
olyan tovabbi kutatdsi kérdéseket fogalmaz meg, mint a mesterséges intelligencia
szakszokincs-feldolgozasdnak fejlesztése, a nyelvi arnyalatok felismerésének javitasa,
valamint a human szakértelmet és az MI-hatékonysagot 6tvozd munkafolyamatok
optimalizalasa a digitélis korszak forditasi igényeinek kielégitése érdekében.

Kulcsszavak: mesterséges intelligencia, szamitastechnikai terminolégia forditdsa, gépi
forditas, statisztikai gépi forditas, neurdlis gépi forditas, szabalyalapu gépi forditas, CAT.
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