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TRANSLATING THE MORPHOLOGICAL SYSTEM OF THE
KAZAKH LANGUAGE USING ARTIFICIAL INTELLIGENCE TOOLS:
EXPERIENCE AND TESTING

Abstract. The rapid proliferation of Large Language Models (LLMs) and Neutral
Machine Translation (NMT) architectures has generated considerable optimism
regarding the automation of linguistic workflows. This optimism demands rigorous
empirical scrutiny when applied to morphologically rich, agglutinative systems
such as Kazakh.

This study evaluates how ChatGPT (GPT-4), Google Translate and DeepL widely
deployed translation tools and process the morphological density and stylistic
nuances of literary Kazakh language while identifying the structural etiologies of
their translation artifacts.

The evaluation corpus comprises four textual excerpts systematically sampled
from the canonical prose of Mukhtar Magauin and Sherkhan Murtaza. They were
selected for their elevated literary registers, high morpheme-to-word ratios and
culture-specific lexical depth. Each passage was ingested via zero-shot prompting
to isolate baseline capabilities and the resulting outputs were analyzed using a
four-tiered philological error taxonomy encompassing morphological, semantic,
syntactic and pragmatic-stylistic dimensions. The empirical findings establish a
distinct hierarchy of architectural competence.

ChatGPT demonstrates superior contextual modeling, exhibiting sensitivity
to literary registers, long-distance syntactic dependencies and language-specific
rhetorical devices such as vowel elongation and verbal reduplication.

DeepL occupies an intermediate position, generating syntactically permissible
output that consistently erodes cultural and idiomatic depth.

Google Translate performs deficiently manifesting critical semantic reversals,
structural disruptions and the erroneous segmentation of transliterated proper nouns.
The theoretical significance of these data indicate that translation errors
systematically cluster around specific typological features of Turkic languages that
remain underserved by mainstream NLP architectures optimized for Indo-European
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structures.

Practical significance deficits pose a concrete sociolinguistic risk to regional
digitization initiatives, underscoring an immediate requirement for human-in-the-
loop engineering.

The article concludes that active and structural participation from trained
philologists is indispensable to refine tokenization strategies, annotate specialized
corpora and implement high-fidelity alignment protocols within automated
translation systems.

Keywords: Kazakh morphology, machine translation, natural language
processing, agglutinative languages, philological error analysis, Al translation
evaluation

Introduction

Starting to work seriously with Kazakh literary texts it is noticed something that
no translation app seemed able to handle. A single word could carry the meaning
of an entire English sentence. A verb form like “6acmueipzan con” encodes not just a
completed action but the possessive, temporal, and aspectual context around it.
Namely, layers of meaning fused into one orthographic unit. That experience is
what motivated this study. The question that makes think over is not whether Al
tools are able to translate Kazakh at all, but whether they could do it in a way that
preserve what actually matter in the text.

The rapid development of large language models and Al-powered translation
tools over the past several years has generated considerable scholarly and public
interest in the potential of these systems to transform linguistic work. Tools such
as Google Translate, DeepL, and OpenAl's ChatGPT are now consulted millions
of times daily by individuals, institutions, and industries across the globe. Their
apparent fluency and speed have led many to conclude that translation, once
exclusively the province of trained human professionals, is on the verge of full
automation [1, pp. 291-295]. This conclusion, however, is premature, and the
reasons for that are rooted in the structure of languages like Kazakh.

The performance of Al translation tools varies enormously across different
languages, and the gap between high-resource languages such as English, French,
or German and low-resource languages such as Kazakh, Uyghur, or Kyrgyz remains
structurally significant. The problem is not solely one of insufficient training data,
though that is a contributing factor [2, pp. 1715-1716]. More fundamentally, it reflects
a deep mismatch between the morphological architecture of languages like Kazakh
and the assumptions embedded in the design of most contemporary NLP systems.

Kazakh is an agglutinative Turkic language spoken by approximately 13 million
people, the majority residing in Kazakhstan, where it holds the status of state
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language. Its morphological system is built on the sequential attachment of suffixes
to a root, with each suffix performing a specific grammatical function [3, p. 96]. To
appreciate what this means in practice, consider three concrete examples. The word
“xambamvizea’ is a single token meaning “into our granary”: “xamo6a”’ (granary) +
MbI3 (first-person plural possessive) + ra (dative case marker). The word “orcazvin-
Mmaean” means “not yet written: “orcaz” (to write) + v (passive) + ma (negation) +
raH (past participle). The phrase “kene srcamxanoa” translates as “while they were
coming’’: keine (come, converb form) + skat (progressive auxiliary) + kaH (participle)
+ na (temporal case marker). In each case, a system that fails to correctly segment
and interpret the suffix chain will produce a fundamentally wrong translation, and
not merely an imprecise one.

The present study sets out to investigate this gap through a small but structured
pilot test: four passages from canonical Kazakh literature were submitted to three
Al translation tools, and the resulting outputs were analyzed using established
categories of philological error analysis. The aim is not to dismiss these tools but to
show precisely where and why they fall short, and to make a case for the role that
trained philologists must play if Al-assisted translation of low-resource languages
is to be trusted in high-stakes contexts. As Kazakhstan pursues digitalization across
education, healthcare, legal, and governmental sectors, the quality of Kazakh-
language Al tools becomes a matter of real social consequence, and one that
philologists are uniquely positioned to address.

Methodology and Methods

The methodological framework of this study combines corpus-based testing
with philological error analysis. Rather than relying on automated metrics such
as BLEU or TER, which measure statistical proximity to a reference translation
without regard for the quality of linguistic reasoning behind the output; this study
applies a qualitative, cause-oriented approach that asks not just whether the output
differs from the source, but why it differs, and what kind of linguistic knowledge
would have been needed to avoid the error [6, pp. 311-312]. For a language like
Kazakh, where a morphologically plausible translation can still miss the register,
tone, or cultural weight of the original, statistical metrics are simply not sensitive
enough to tell us what we need to know.

The test corpus consists of four passages from two major works of contemporary
Kazakh literature: Mukhtar Magauin’s: “Kok Munar” (Blue Tower) [7] and “Altyn
Orda” (Golden Horde) [9], and Sherkhan Murtaza’s “Ai men Aisha” (Ai and Aisha)
[8]. These authors represent the canonical core of modern Kazakh prose, published
by Qasym Publishing House. The decision to use literary rather than journalistic
or administrative text was deliberate. Literary prose places the highest demands
on morphological and semantic interpretation. Its register also sits far enough
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from the training corpora of current Al systems to expose structural limitations
clearly. The four passages were selected with this in mind, as each presents a
distinct morphological challenge: verbal suffix chains and military idiom in Passage
(1) culturally embedded lexis and rare converb forms in Passage (2) rhetorical
elongation and verbal reduplication in Passage (3) and long nominal chains with
subordinate clause embedding and proper noun transliteration in Passage (4).

Each passage was submitted in its original Kazakh form to three Al-powered
translation systems: Google Translate, DeepL, and ChatGPT (GPT-4). These
tools were chosen because they represent distinct technological approaches and
together account for a substantial share of real-world Al translation use. Google
Translate employs a neural machine translation (NMT) architecture trained on a
large multilingual corpus. DeepL is likewise NMT-based but has a reputation for
superior syntactic fluency in European languages [1, p. 293]. ChatGPT is a large
language model not specifically designed for translation, but capable of performing
it through instruction following and in-context learning. All three were accessed
through their standard consumer interfaces without specialized prompting or fine-
tuning, and outputs were recorded exactly as produced.

Each output was then compared against the Kazakh source text at the word and
phrase level. Divergences were identified and classified according to a four-category
error taxonomy: morphological errors (incorrect segmentation or interpretation of
suffix chains), semantic errors (wrong lexical equivalent due to misread context),
syntactic errors (output structure that misrepresents grammatical relationships in the
source), and pragmatic-stylistic errors (loss of register, rhetorical force, or culturally
specific connotation). Where multiple error types co-occurred in a single instance,
the primary cause was recorded. The analysis was conducted by the present author,
drawing on training in Kazakh, English and direct familiarity with the literary and
historical contexts of the selected passages.

Discussion and Observation

Before examining the passages themselves, it is worth establishing the theoretical
ground on which the analysis rests. Kazakh belongs to the Kypchak branch of the
Turkic language family and shares with its relatives a thoroughgoing agglutinative
morphology. In agglutinative languages, grammatical relations are expressed by
attaching a sequence of affixes to a stem, with each affix performing a discrete
and consistent function [4, p. 20]. Unlike inflectional languages such as Latin or
Russian, where a single ending may encode several categories simultaneously,
Kazakh suffixes are largely one-to-one in their correspondence to grammatical
meaning. A suffix chain of five elements therefore encodes five distinct layers of
information, all of which must be correctly read for the translation to hold.

The field of natural language processing draws a broad distinction between high-
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resource and low-resource languages. High-resource languages benefit from large
volumes of digitized text, annotated corpora, and dedicated research communities.
Kazakh occupies an intermediate position: not entirely without digital resources,
but with existing resources heavily skewed toward contemporary, journalistic, and
administrative registers, leaving literary, archaic, and dialectal Kazakh substantially
underrepresented [5, p. 52]. This distributional imbalance has direct consequences
for the passages tested here, as errors cluster most heavily around lexical items
and grammatical structures that simply do not appear in news or web text. This
pattern is consistent with broader findings across the field: comprehensive surveys
of language representation in NLP research confirm that only a small number of
languages command the resources needed for state-of-the-art development, while
the majority, including most Turkic languages, remain critically underserved [10,
pp. 6282—-6283]. With that context established, we can turn to what the passages
themselves revealed.

The first passage comes from Magauin's Kok Munar [7, pp. 32-33], a scene
of military manoeuvre rich in archaic vocabulary and dense verbal suffix chains:
“JKayowiy kenmizinen Kapa scep xativicamoin. COHbIH apKaculHOa Oynapovl manat
aHcep cokmuipovwl. bip-6ipine ainan can, wak-uak Kelivinma Kotiovl. Cenoetl Kan-
man Keje sdcamkanoa bemin Oypuin Jicibepin, backa dHcypmmapmeHn KUOaiacmol-
puin Kouowt” [7, pp. 32-33].

Two features proved particularly resistant to automated translation. The
causative phrase “manaii scep cokmwuipowst” encodes a military idiom meaning
roughly “caused them to cover much ground,” that is, a suggestion of forced march
or strategic displacement. Google Translate rendered this as “many earthquakes
struck them,” a severe semantic error arising from the misreading of “owcep ” (earth/
land) stripped of its directional and causative context. DeepL produced the more
acceptable “forced to march them over many miles” but lost the agglutinative
precision of the original. ChatGPT alone correctly identified the military-strategic
register. The reduplication “max-max”, a productive morphological process that
intensifies the meaning of the following form [3, p. 98], was rendered by Google
Translate as “scattered,” the semantic opposite of the original, which denotes tight
formation. DeepL produced “packed in tight ranks,” correctly reading the meaning
but losing the iconic intensification of the reduplicate.

Table 1. Comparative analysis of Passage 1 key errors

Tool TaJau xep HIAK-IIAK KbLJIBINTA Error Type
COKTBIPIBI KOM/IbI
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Google “many earthquakes | “scattered” Morphological +

Translate struck them” (opposite meaning) Semantic

DeepL “forced to march “packed in tight Pragmatic-Stylistic
over many miles” ranks”

ChatGPT “managed to mislead | “keeping them at Pragmatic-Stylistic
and send astray” odds for months” (minor)

The second passage comes from Sherkhan Murtaza’s “Ai men Aisha” [8, p. 515],
which is a philosophical meditation on dreams and human resilience that illustrates a
different kind of challenge: culturally embedded lexis that resists statistical translation:

“Aoamowt Kyoail apmanvinan dicepimnecin. AOamHuvly KyHi apmanmeH. Apman-
HAaH KOHIN KAlCa, AublK dCnan 0a KyHeipm 00.in kepinedi. Omipoe MoH-Maebi-
Ha Kaimai, Keyoey Keyek 00.bln, OYHUeHiy 20i1emcizoicinen MyHilin, KaKknamaa
mycKken Kackbipoaii Kyp Kipoicinoen kanacoiyy” [8, p. 515].

The word kyH in the phrase “AngamublH KyHI apmaHMmeH” can mean “day”,
“sun” or in a literary register, “existence” or “life” [4, p. 34]. Google Translate
selected the most statistically common meaning and produced “A person’s day is
filled with dreams” reducing a philosophical statement about human existence to
a banal observation about daily routine. DeepL produced “A person's day is with
their dream”, which is grammatically closer but similarly unable to access the
existential weight the passage carries. The closing word “kipxinznen”, a verbal
converb form derived from a root meaning to brood with impotent rage, is rare
enough to be absent from standard translation resources. Google Translate omitted
it entirely; DeepL rendered it as merely “sullen”; ChatGPT alone produced
“merely snarling”, an approximation that captures the sense of constrained, futile
agitation.

Table 2. Comparative analysis of Passage 2 key errors

Tool AJaMHBIH KYHI KYP Kip:kinaen Primary Error
apMaHMeH KAJIaChIH Type

Google “A perso’s day is Omitted entirely Semantic +

Translate filled with dreams” Omission

DeepL “A person's day is “as sullen as a wolf” | Semantic (partial)
with their dream”

ChatGPT “A person lives by “merely snarling Pragmatic-
dreams” like a wolf” Stylistic (minor)

The third passage, also from Murtaza’s “Ai men Aisha” [8, p. 99] is set during
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wartime collectivization and introduces yet another dimension of difficulty, namely
morphologically encoded pragmatic meaning that exists not in the words themselves
but in the way they are written: “biz mapvl mepbenin mypzan makmaza 0a siem-
mix. Bacwel uinin, scenrmen mepbenin, menizoetl moaxuowvl. Enoi opvin armaca, me-
einin kanauwvin den myp. Opwin, bacmuvipean coy, 0i30iH Kambamvlzea mycy Kati-
oa-a-a. bapiu cuinvipvin-coinvipsin, okimemxe emxizemiz” [8, p. 99].

The elongated rhetorical particle “xaiioa-a-a” is a phonetically extended form of
the interrogative “xatioa” (where), and the elongation itself is the meaning: it signals
bitter, resigned recognition that something will never happen. This is not a question but
a lament, and any system processing text at the surface level will strip the elongation
away and produce a neutral inquiry. That is precisely what Google Translate did,
thereby transforming collective despair under Soviet grain requisitioning into the
logistical question “where will it go in our barns?” DeepL improved slightly with
“where on earth is it going to go in our granary?” ChatGPT went furthest splitting
the unit into “would it ever make its way into our own granary? Not at all.” thereby
reproducing the pragmatic function through a question-and-denial structure. Similarly,
the reduplicated verb form “cuinsipvin-coinvipsvin” (to sweep up thoroughly, leaving
nothing) was rendered with a single verb by both Google Translate and DeepL, losing
the thoroughness encoded in morphological repetition [3, p. 98].

Table 3. Comparative analysis of Passage 3 key errors

Tool Kaiijaa-a-a CBINBIPBIT-CHINbLIPBIIT Error Type
rendering rendering
Google “where will it go?” | “sweep it all up” Pragmatic +
Translate | (neutral) Morphological
DeepL “where on earth is it | “sweep it all up” Pragmatic (partial)

going?” (partial)
ChatGPT | “woulditever...? Not | “gather up every last Pragmatic-Stylistic
at all.” (split) bit” (minor)

The fourth and most syntactically demanding passage comes from Magauin’s
“Altyn Orda” [9, p. 190], which is a historiographical reflection on steppe ethno
genesis built around the connective “Tek ..., .... emec, ..... 7 (“not merely...but
rather”): “Ececine Anmwin Opoa ipeenene mycmi. byn xezde bapwa xanvikmol
OYpbIHEbIUA KbINWAK-MYPIK, mamap-mypiK 0en Jcikmecek, eki mapan mene-meH
arcazoauiea dicemeoi, 6ankim, [llvievic 61Ke MYpebiHOapsbl 6AcblM Mycyi 0e Mym-
KiH. Apada oacy3 ocvln emnetl, manazol an-Omapu aumxanoau, e3apa mybwlcbin,
aocannai apanacvin kemmi. Tex mamapovly KbINUAKKA AUHATYbl, Hemece KepiciH-
wie, KblNuWaKkmsly, mamap wvlaysl, AHU d10eHe0ell acCUMUIAYU emec, Yl eacblp
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oypuoin, Llvievic Typik Kaganamoi, HaCII-me2i OpMaK HeYpm KaumaoaH mogviCoin,
oipmymac Kayvimea atinaniost” [9, p. 190].

This construction requires the reader to hold an opening negative clause in
suspension across several lines before resolving it with a contrastive conclusion,
precisely the kind of long-distance dependency that challenges transformer-based
models [2, p. 1717]. Google Translate disrupted the logical structure entirely,
presenting the argument as loosely connected statements rather than a carefully
built contrast. It also rendered the Arabic proper noun “on-Omapu”, the name
of the medieval Egyptian scholar “al-Umari”, transliterated into Kazakh script,
as “Manaq al-Omari” splitting the Arabic definite article (on-) and treating it as
a separate Kazakh word. Misidentifying a cited scholarly source is not a minor
stylistic slip; it has direct implications for any reader relying on the translation
for research. DeepL preserved more of the structure but truncated mid-sentence
at the most complex subordinate clause. ChatGPT alone produced a complete and
structurally coherent translation, correctly identifying the “Tek ..., .... emec, 7
construction as a contrastive frame.

Table 4. Comparative analysis of Passage 4 key errors

Tool “TekK ..cy wee 31-Omapu Completeness | Error Types
emec,......”
Google | Lost: presented | “Manaq al-Omari” | Complete Syntactic +
Translate | as list (fragmented) Proper Noun
DeepL Partially “al-Omari” Truncated Syntactic +
preserved (correct) mid-clause Omission
ChatGPT | “not simply... “al-Omari” Complete None
rather” (correct) | (correct) significant
Results

Taking together, the four passages support a clear and consistent ranking
of the three tools. ChatGPT demonstrates the strongest overall performance,
showing sensitivity to literary register, rhetorical devices, and long-range syntactic
dependencies. Its failures are primarily of the pragmatic-stylistic type. These
include occasional paraphrasing where more precise rendering would be preferable.
Importantly, such failures are qualitatively different from the structural failures
observed in the other two tools.

DeepL occupies an intermediate position. It is grammatically more acceptable
than Google Translate in most cases and handles proper nouns more accurately.
However, it exhibits a truncation failure in the longest passage and consistently
loses cultural and literary depth.
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Google Translate performs worst across all four passages. Its errors are both the
most frequent and the most severe. These include semantic reversals, structural
disruptions, and proper noun fragmentation.

Table 5. Summary of tool performance across analytical criteria

Criterion Google Translate | DeepL ChatGPT
Morphological accuracy Weak Moderate | Strong
Semantic accuracy Weak Moderate | Strong
Syntactic structure Moderate Moderate | Strong
Literary register Weak Moderate | Strong
Rhetorical devices Weak Partial Moderate
Proper noun handling Weak Strong Strong
Completeness Strong Partial Strong

What is striking about these results is that the errors are not random. They cluster
around three structural features of Kazakh that are particularly resistant to current Al
processing: Firstly, agglutinative suffix chains involving causative, aspectual, and
directional morphemes stackedontoasingleroot[3, p. 96]. Secondly, morphologically
encoded pragmatic information such as elongated vowels, reduplicated forms, and
zero-marked illocutionary functions that cannot be recovered from the surface
string alone. Thirdly, long-distance syntactic dependencies in complex subordinate
clause structures. All three features require a processing system to integrate multiple
levels of linguistic information simultaneously, including grammatical competence,
register awareness, and cultural familiarity with the literary tradition.

These results also carry broader social consequences. In the medical domain,
semantic reversals of the type produced by Google Translate could cause direct
patient harm if used in clinical communication. In the legal domain, fragmentation
of proper nouns and loss of syntactic structure in complex clauses can alter the
interpretation of documentary evidence. In the educational domain, inaccurate Al
translation of literary texts can distort students’ understanding of the Kazakh literary
tradition. Kazakhstan's ongoing digitalization program, which has elevated Kazakh
to the status of state language, makes the quality of these tools a matter of national
significance, not merely academic interest.

This is not a problem that can be fixed simply by adding more training data. It is
a structural challenge that requires human expertise at the point of evaluation, and
that is where the trained philologist's role becomes indispensable. Even ChatGPT,
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which substantially outperforms its competitors, does not produce translations
acceptable for scholarly, legal, or medical use without human review. The errors
it makes are precisely those hardest for non-specialists to detect: they do not
produce obviously nonsensical output, but rather subtly flatten or distort the
meaning of the source. The philologist's role is therefore threefold: as evaluator,
identifying errors that statistical metrics would score highly because they produce
fluent English while misrepresenting the Kazakh source [6, p. 311]; as annotator,
contributing higher-quality training data from literary and specialized registers;
and as system architect, specifying the morphological and stylistic features that
NLP systems must correctly handle.

Conclusion

This study set out to answer a specific question: how well do three widely used
Al translation tools, namely ChatGPT (GPT-4), Google Translate, and DeepL,
and how they handle the morphological and literary complexity of Kazakh?
The answer, based on a philological analysis of four literary passages, is that
none of them handles it well enough for high-stakes use without expert human
oversight. The comparison was made precisely because these three tools currently
dominate real-world Al translation use, and understanding their relative strengths
and failures is essential for anyone working with Kazakh language materials in
a professional or academic context. The results reveal a consistent hierarchy:
ChatGPT leads, DeepL occupies the middle ground, and Google Translate trails
significantly, yet none of them clears the bar for independent use in contexts
where accuracy matters.

The novelty of this study lies in its approach. Rather than applying automated
metrics that measure surface-level similarity to a reference translation, it uses a
cause-oriented philological taxonomy that identifies not just what went wrong
but why, and what kind of linguistic knowledge would have been needed to
avoid the error. This approach reveals something that automated metrics cannot:
the failures of these tools are structurally predictable, concentrated at the exact
points where Kazakh morphological complexity, including agglutinative suffix
chains, pragmatically encoded forms, and long-distance clause dependencies,
diverges most sharply from the analytic language patterns that dominate Al
training data.

The significance of this finding is both theoretical and practical. Theoretically,
it demonstrates that the gap between Al capability and philological need is not
a temporary data deficit but a structural mismatch rooted in how these systems
are designed. Practically, it points toward a clear path forward: the development
of philologist-in-the-loop translation quality assurance systems for Kazakh, where
Al-generated drafts are reviewed by trained specialists at the points of highest
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error risk. Students of philology are well positioned to drive this process, not by
replacing Al tools, but by becoming the expert human layer that makes those tools
trustworthy. As Kazakhstan advances its digitalization agenda and as the Kazakh
language asserts itself more fully in public and professional life, building that layer
of expertise is not optional. It is a necessity.
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Hyp-Mybapax Ecunem ucaiam maoenuemi yuugepcumenti

KACAHJABI THTEJUVIEKT K¥YPAJIJIAPBI APKbBIJIbI
KA3AK TLJITHIH MOP®OJIOT USJIBIK )KYHECIH AYIAPY:
TIOXKIPUBE ’KOHE CbIHAY

AnjaTrna. YJKeH TUIAIK MOJENbIep MEH HEWpOHIBIK MallMHAIBIK ayJapMa
ApXUTEKTypaNapbIHBIH KApPKbIHABI JaMybl JIMHI'BUCTUKAJIBIK JKYMBIC IPOLIECTEPIH
aBTOMATTaHAbIPYFa KAaThICThI YJIKEH ONTUMU3M TyAbIpAbl. ONTUMHU3M1 OEHCBI3BIK
YKYpHaKTap Ka3ak TiTl ceKuIIi MOp(OIOTHSIIBIK JKaFbIHAH Oal, yKaaFaMalbl (arriro-
TUHATHBTI) JKyHenepre KojnaHy OapbIChIHIA KaTaH SMIHPUKAIBIK TEKCEpyIeH OT-
Ki3y Tajam eTijeli.

MaxkananblH 3epTTey Makcatbl KeHiHeH KoimanbutaTbiH ChatGPT (GPT-4),
Google Translate, DeepL yur aymapma KypanaapaslH KepkeM oaeouerTeri Mopdo-
JIOTHUSUTBIK KOHE CTHIIMCTUKAIIBIK PEHKTEPIH OHICY KadileTTepin Oaranay jKoHe ay-
napMa nedexTuIepiHiH KYPBUIBIMIBIK O3THOJIOTUSACHIH aHBIKTay. 3epTTeydiH
Oaramay kyHeciH Kypyna Myxrtap Marayun wmen Illepxan Mypra-3aHbiH
KaHOHJIBIK ~IPO3aJaphIHBIH €03 KYPAMBIHIAFbl MOp(heMalapIblH  KOFaphl
apaKaThIHACHI ’KOHE MOJIEHU MapKEpJIEHT€H JIEKCUKAJIBIK TEPEHIITIMEH epeKIerne-
HETIH TOPT MITIH/IK Y31HA1 IPIKTENIN TaJKbUIAHAIbI.

bazanbIk apXUTEeKTypalbIKk MYMKIHJIIKTEPA1 OKIIayJiay MaKcaTbIH/Ia 9pOip MOTIH
HOJI/IIK 1pIKTEeY o/1iCIMEH EHT13U1/1. AJIBIHFAH HOTIOKEIEep MOP(OJIOTUSIIBIK, CEMaH-
TUKAJIBIK, CHHTAKCHCTIK YKOHE MParMaTUKAIBIK-CTHIIMCTUKAIIBIK OJIIIEMICP/Il KaMTH-
TBIH TOPT JCHI eIl PUIOTOTHSIIBIK KaTeslep TAKCOHOMUSIChI OOMBIHIIA TallaHAIbI.

OMIIMPHUKAIBIK HOTHKEIEp KypalJap/blH apXUTEKTYypPaJblK KY3bIPETTLIIIHIH
alikplH uepapxusicbiH akbiHAaiabl. ChatGPT paysicTbulap MEH eTiCTIKTEpJiH
KOCapJIaHybl CUSKTBI TUITE TOH PUTOPUKAJIBIK TOCUIAEPTe Ce31IMTaIbIK TaHBITHIII,
YKOFaphl MOHMOTIH/IIK MOJICINIb/ICY KaOlJIeTiH KOPCETEeIl.

Google Translate Kypayibl MaHBI3/Ibl CEMAaHTHUKAIBIK HHBEPCUSIIAP/IbI, KYPBLIbIM-
JIBIK KaTeJep/Il JKOHE TpaHCIUTEpallusJIaHFaH JKaJIKbl €CIMJIEpPAIH KaTe CerMeHTa-
IUSICHIH KOPCETETIHIH OaifkaTaibl.

DeepL cMHTaKCHUCTIK TYPFBIZAH AYphIC ayJapMa KacaraHbIMEH, OipaK MOTIHHIH
MOJIEHU JKOHE UMOMAIIBIK TEPEHIITTH YHEMI QJICIPETIN OTHIPAJIbL.

MakamnaHbIH TEOPHSUTBIK MaHBI3ABLUIBIFBI YH/IICYPONATBIK KYPbUTBIMIapFa OHTAH-
JaHJBIPBUIFAHBIH aTall OTIM, KETKUIIKTI TYpAE eCKePUIMEHTIH TYpKI TiJIEpiHe ay-
JapmMa kacay Karejepi Ke3/I€CeTiHIH KOpCeTy.

Toxipubenik MaHBI3ABUIBIFBI UG PIAHIBIPY OacTaMaaaphl YIIiH HAKTHI OJCy-
METTIK-JIMHTBUCTHKAJIBIK TOYEKEJ TyJbIpa/ibl xKoHE OyJI MPOLeCKe aJlaMHBbIH TiKe-
JIel KaThICYBIH KAMTaMAaChI3 €Ty KQKETTUIITIH HeT13eHIi.

3epTTey OapbIChIHIAa aBTOMATTaHIBIPBUIFAH ayJapMa KyilenepiHieri TOKeHH-
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Jluneeucmurxa scane Heacandvl UHMELLEKN

3alMsl CTPATETHsUIAPBIH JKETUIAIPY JKOHE COFaH (DHUIIOJOTTapIblH KYPBLIBIMIBIK
TYpFbIAaH OeJICeH I KaThICYbl MIHJIETTI €KEH1 Typasibl KOPBITHIH/IBI JKacasa Ibl.

Tyiiin ce3aep: Ka3axk MOp(hOJIOTHSICH, MAINIMHAIBIK ayaapMma, TaOWUFH Tijii
OHJICY, JKaIFaMaJbl TiUIIep, PUIONOTHUIBIK Karenepai tannay, KW aygapMaceix
Oaranay.

C.K. APBICBEK!, T.0.TOYBEEBA?

Eeunemcxuil ynusepcumem ucramcxoil kynomypol Hyp-Mybapax

MEPEBOJ MOP®OJIOT'MYECKOM CUCTEMBI KA3AXCKOI'O
A3BIKA C TOMOIBIO THCTPYMEHTOB UCKYCCTBEHHOI'O
HUHTEJUIEKTA: OIIBIT U TECTUPOBAHUE

AHHoOTanusi. CTPEMUTEIIBHOE DA3BUTUE S3BIKOBBIX MOJEIEH U apXUTEKTyp
HEMPOHHOIO MAIIMHHOIO II€peBOoAa MOPOAWIIO 3HAYMUTEIBHBIM ONTHMHM3M B
OTHOILICHUM AaBTOMATH3allMM JIMHIBUCTHMYECKMX pabouux mpoueccoB. OnHako
MPUMEHEHHE  JJaH-HOTO ontTuMM3Ma K Mopdonoruuecku ooratbim
arrJIlOTUHATUBHBIM CHCTEMaM, Ta-KMM KaK Ka3axXxCKUHM s3bIK, TpeOyeT cTporoi
SMITUPUYECKON TIPOBEPKH.

Lenbto cTAaThU SABISETCS OL[EHKA CIIOCOOHOCTH TPEX IHUPOKO UCTIOIb3YEMBIX Ie-
peBogueckux nHCTpyMeHTOB — ChatGPT (GPT-4), Google Translate, DeepL nepe-
JaBaTh MOP(HOJIOrUYECKHE U CTHIIUCTUYECKUE OTTEHKH XY0KECTBEHHOI'O TEKCTa, a
TaKXe BBISIBIEHUE CTPYKTYPHOU ATHOJIOTUH NTEPEBOAUECKUX A€(DEKTOB.

JlJ1 TOCTpOEHUSI CUCTEMBI OLIEHKU OBLIM OTOOpaHbl M MPOaHAIU3UPOBAHbI Ye-
ThIpE TEKCTOBBIX (pparMeHTa U3 KaHOHUYecKoi 1po3bl MyxTapa Marayuna u Illep-
xaHa MypTas3bl, OTJIIMYAIOLIUECS BHICOKON KOHIIEHTpale MopheMHBIX CTPYKTYp
U KyJbTYPHO MapKUPOBAHHOM JIEKCUUECKOW TTyOMHOM.

C nenpio M301siMK 0A30BBIX APXUTEKTYPHBIX BO3MOXKHOCTEH KaXKIBIH TEKCT
BBOJIMJICSI METOJIOM zero-short prompting. [lonydeHHbie pe3yabTaThl aHAIU3UPYIOT-
Csl B paMKax 4eThIpEXYpPOBHEBOM TAKCOHOMUH (PUITIOJIOTMUYECKUX OLIMOOK, OXBATHI-
Barolell MOp(OJIOTHUECKE, CEeMAHTUYECKNE, CHHTAKCUUYECKHE U ITParMaTuKO-CTH-
JIMCTUYECKHE ITAPAMETPBI.

OMIUpHUYECKHUE PE3YIIbTATHI BBIABIAIOT YETKYIO HEPAPXUIO APXUTEKTYPHOU KOM-
netreHTHOCTH UHCTpyMeHTOB. ChatGPT nemoHCTpupyeT BbICOKHI YpOBEHb KOHTEK-
CTyaJIbHOTO MOJEIUPOBAHUS, NPOSIBIISIS UyBCTBUTEIBLHOCTD K A3BIKOBBIM PUTOPH-
YeCKUM Ipuémam, TaKUM KaK YABOEHHE INIACHBIX U IJIarojbHBIX (HopM.

Google Translate noka3pIBaeT HaIMYUE CYIIECTBEHHBIX CEMAHTHUECKUX HHBEP-
CHii, CTPYKTYPHBIX HapylIICHUNA W OMIMOOYHON CEerMEHTAlluN TPaHCIUTEPUPOBAH-
HBIX UMEH COOCTBEHHBIX.
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Jlunesucmura scamne Hcacanobl UHMEIeKnm

DeepL HecMOTps Ha CMHTAaKCHMYECKH KOPPEKTHBIN IEPEBOJ, CUCTEMATUYECKU
ocialser KyJIbTYypHYIO U MIMOMAaTHUECKYIO INIyOUHY TEKCTa.

Teopernueckas 3HaUMMOCTb CTaTbM 3aKJIIOYAETCS B JEMOHCTPALMM TOrO, YTO
COBPEMEHHBIE CUCTEMbI MAILIMHHOIO IIEPEBOIA IIPEUMYILECTBEHHO ONITUMU3UPOBa-
HBI II0J] UHJIOEBPOIIEHCKUE CTPYKTYPBI, TOI1a KaK IIPH IIEPEBOJIE TFOPKCKUX SI3bIKOB,
OCTAIOIIMXCS HEJIOCTaTOYHO IPEACTABICHHBIMU B 00YyYalOLIMX KOpIycaX, BO3HU-
KarOT YCTOWYUBBIC OIIHUOKH.

[IpakTHyeckast 3HaYMMOCTb UCCIIEI0BAaHUsI COCTOUT B TOM, YTO IOJOOHBIE Orpa-
HUYECHMS CO3/1al0T KOHKPETHBIE COLMOJIMHTBUCTUYECKUE PUCKHU JJISi MHUIUATHUB
U(pPOBU3AIMHA U OOOCHOBBIBAIOT HEOOXOAWMOCTh HETOCPEACTBEHHOTO YJYaCTHUs
4eJI0BEKA B JAHHOM IIPOLIECCE.

B xoze uccienoBanus clienaH BbIBOA O HEOOXOJUMOCTH COBEpIICHCTBOBAHUS
CTpaTeruii TOKEHW3aluu B aBTOMaTU3UPOBAHHBIX CUCTEMAax MEPEeBOJIA, a TAKKE O
CTPYKTYPHO aKTUBHOM Y4acCTUU (PUIIOIOTOB B pa3pabOTKe U OLIEHKE MOJOOHBIX TEX-
HOJIOTHH.

KiroueBble cjioBa: Kazaxckas MOpQOJIOrHs, MAIIUHHBINA 1epeBo, 00paboTka
€CTECTBEHHOTO SI3bIKa, aITJIFOTHHATUBHBIC SI3bIKU, (DUIIOJIOTHUYSCKUI aHAIU3 OIIH-
0ok, orienka MI-nepeBoa
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