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COGNITIVE ANALYSIS OF LOGICAL-SEMANTIC STRUCTURES IN LLMS:
ISSUES OF LINGUISTIC REDUCTION

This study focuses on the cognitive analysis of the logical-semantic structures of Large
Language Models (LLMSs) - one of the most pressing areas of contemporary linguistics. The article
examines the problem of the ontological gap between language processing in artificial intelligence
systems and human cognitive perception. The relevance of the study is determined by the growing
proficiency of LLMSs in natural language and the associated problem of linguistic reduction.

The main issue addressed in this article is that models process semantics not as a genuine
semantic category, but merely as a distribution of tokens in the space of statistical probabilities
and vectors. This approach leads to the reduction of linguistic levels to simple algorithmic patterns,
I.e., to linguistic reduction. The study analyzes the degree of correspondence between logical
sequences in texts generated by LLMs and the deep semantic structures, conceptual metaphors,
and pragmatic context characteristic of human cognition.

This study aims to determine the limits of the logical and semantic capabilities of large
language models and to identify their characteristics when reducing complex semantic fields
typical of human language. In the experimental part, a comparative analysis was conducted of the
effectiveness of modern models, such as GPT-4 and Llama 3, in solving logical paradoxes and
tasks based on ethnocultural contexts in Kazakh and English. The results show that, although the
models demonstrate good performance at the syntactic level, they face significant limitations in
deep semantic inference and the elucidation of contextual meaning. The concluding section of the
article evaluates the phenomenon of “meaningless form” in Al linguistics and offers scientific
predictions regarding the impact of linguistic reduction on future digital communication.

Keywords: Large Language Models (LLM), cognitive analysis, linguistic reduction,
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KOTHUTHUBHBIN AHAJIN3 JOT'UKO-CEMAHTHYECKHUX CTPYKTYP B LLM:
BOITPOCHI IMHI' BUCTUYECKOU PEAYKIIUU

JlaHHOE HCCIICIOBAHUE TIOCBSIIEHO KOTHUTHBHOMY AaHAaJIM3y JIOTHKO-CEMaHTHUECKHX
ctpykryp LLM (Large Language Models) — ogHoMy u3 Hanbojee akTyalbHBIX HAIllPaBICHHIA
COBPEMEHHOM JMHIBUCTHKH. B cTarbe paccMarpuBaeTcsi mpobiieMa OHTOJIOTHYECKOTO pa3phiBa
MEXTy TIporieccaMu 00pabOTKH 3bIKa B CHCTEMAX MCKYCCTBEHHOTO MHTEJUIEKTA M KOTHUTHBHBIM
BOCIIPUATHEM 4YeJOBEKa. AKTYaIbHOCTh HCCIIENOBAHMS ONPEAEISIETCS PACTYIIUM ypPOBHEM
oBiagenus LLM ecTecTBEHHBIM S3BIKOM W CBS3aHHOW C THM MPOOGIIEMOM JIMHTBUCTHUYECKOM
PEIYKIIUH.

OcHoOBHas MpobJeMa CTaTbU 3aKIIIOYAETCS B TOM, YTO MOJEIH 00pabaThiBalOT CEMAHTHKY
HE Kak IO/JIMHHYIO CEMAHTHYECKYI0 KATE€rOpHIO, a JIMIIb KaK pacIpe/elicHHe TOKCHOB B
IPOCTPAHCTBE CTATHCTHYECKUX BEPOSTHOCTEN U BEKTOPOB. TaKOM MMOIX0 MPUBOAUT K PEIYKIIUH
JIMHTBUCTHYECKHUX YPOBHEH JIO MPOCTHIX AITOPUTMHYECKHX [IA0JIOHOB, T. €. K JMHIBHCTHYCCKON
peayKimMu. B wcclienoBaHMM aHAIM3UPYETCA CTENEHb COOTBETCTBUS MEXIY JIOTHYECKHMH
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MOCIEI0BATEIBHOCTAMU B TEKCTax, reHepupyembix LLM, u riy0oKkMMHM CceMaHTHUYECKUMU
CTPYKTYpaMH, KOHLIENTyaJIbHBIMU MeTahopaMu U MparMaTUYeCKUM KOHTEKCTOM, XapaKTepHbIMU
JUISI YEJIOBEYECKOTO TTO3HAHUS.

Llenp uccrnenoBaHUs 3aKIIOYAeTCsl B OINPEICIICHUM IPENeioB JOIMKO-CEMaHTHUECKUX
BO3MOXKHOCTEH KPYITHBIX SI3BIKOBBIX MOJIEEH ¥ BBISIBICHHH WX OCOOCHHOCTEH IpH PEeXyKIHU
CIIO)KHBIX ~ CEeMaHTHYECKUX  IOJieH, XapakTepHBIX s  YeJOBEYEeCKOro  s3blka. B
HKCIEPUMEHTAJIbHOW YacTu ObUI IPOBEIEH CpPaBHUTENbHBI aHanu3 3((eKTUBHOCTU
COBpeMEeHHBIX Mojienel, Takux kak GPT-4 u Llama 3, npu pemieHnn J0ruyeckux napajgokcoB u
3a/lay, OCHOBAaHHBIX HA STHOKYJBTYPHBIX KOHTEKCTaX, Ha Ka3aXCKOM U aHIVIMHCKOM sI3bIKax.
PesynpraThl 1NOKa3bIBAIOT, 4YTO, XOTS MOJEIM JEMOHCTPUPYIOT XOpOIIUE pE3yJbTaThl Ha
CUHTaKCUYECKOM YpPOBHE, OHM HCIIBITHIBAIOT 3HAUUTENIbHbIE OrPAHUYEHUS NIpPU TIIyOOKOM
CEMaHTHYECKOM BBIBOJIE U PACKPBITUM KOHTEKCTYAJIbHOI'O 3HaueHUs. B 3aKiIrouuTenbHON YacTu
CTaTbU JaeTcsl OlleHKa (peHoMeHa «OecCMBICIEHHON (POpMbI» B JIMHIBUCTHUKE MCKYCCTBEHHOI'O
UHTEIJIEKTa M JI€JAl0TCs HayyHble IIPOTHO3bl O BIIMSHUU JIMHTBUCTUYECKOW pEAyKIMH Ha
Oy nynryro muppoByr0 KOMMYHHUKAIIHIO.

KiroueBbie cinoBa: LLM, KOTHUTUBHBIM aHAIU3, JUHIBUCTUYECKAs PELYKLUs, JIOTUKO-
CEMaHTHYECKUE CTPYKTYpbl, JUHIBHUCTHKA MHCKYCCTBEHHOIO MHTEIEKTa, CTaTHCTUYECKas
CEeMaHTHUKa, HU(pOoBas JIUHIBUCTHUKA.
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LLM JIOTHKAJIBIK-CEMAHTUKAJUIBIK KYPBIJIBIMJIAP/IbIH KOTHUTUBTIK
AHAJIN3I: TUHI'BUCTHUKAJIBIK PEAYKIUA MOCEJIEJIEPI

OcBI 3epTTey KYMBICHI Ka3ipri JIMHTBUCTHKAIBIK FHUTBIMHBIH €H ©3€KTi OaFbITTapPBIHBIH Oipi
— Large Language Models (LLMSs) norukanbiK-CEeMaHTUKAIBIK KYPbUIBIMAAPBIH KOTHUTUBTIK
TYpFBIIaH Tajljayra apHairaH. Makajazia >KacaHIbl MHTEIUICKT KYHENIepiHIeri TUINIK eHJey
npoIecTepi MEH aJlaMHBIH KOTHUTHBTIK KaObUIAAaybl apachIHIAFbl OHTOJIOTHSUIBIK AJIIAKTHIK
MoceJieci KapacThIpbuIabl. 3epTTeyiH 03ekTiiri LLM Taburu Tinai urepy AeHreiiHiH apTybIMEeH
YKOHE COFaH COMKEC TyBIHJIaUThIH JIMHTBUCTHUKAIBIK PEAYKIIUS MOCEIECIMEH aliKbIH/1aTa bl

MaxkanaHblH HETi3ri mpobiieMackl — MOJIENBISPIiH CEMaHTHKAHBI IIBIHANBI MaFbIHAIBIK
KaTeropusi PeTiHJe eMeC, TeK CTAaTUCTHUKAJIBIK BIKTUMAIJBIKTAD MEH BEKTOPJIBIK KEHICTIKTETi
TaHOANMapAbIH Tapaidybl peTiHAe eoHjaeyi. MyHmail Tocil JIMHTBHCTHKANBIK JECHTeWIepAiH
KaparaibiM aJTOPUTMIIK MIa0JIOHIapFa JICHIH TapbUTyblHA, SFHU JIMHTBUCTHKAIIBIK PEIYKIUSIFa
okenemi. 3eprrey 6aprickiHaa LLM renepanusiiarad MOTIHIEPAET] IOTUKAIBIK TI30€KTEp/IiH aj1aM
KOTHUIIMSICBIHA TOH TEPEH CEMaHTUKAIBIK KYPhUTBIMIApFa, KOHIICTITYalIbl MeTad)opanapra xoHe
IparMaTUKaIbIK KOHTEKCTKE COMKECTIK ACHIeii capanTaiaibl.

3eprreyain makcatel — LLM JIOrMKagbIK-CEMaHTHUKAIBIK MYMKIHAIKTEPiHIH IIETiH
AHBIKTAYy JKOHE OJApABIH aJaM TiUTiHE TOH KYpAeNi CEeMaHTHUKAIBIK OpicTepial peryKIusiay
cumathH anry. DkcnepuMeHTTiK 6emimae GPT-4 xone Llama 3 cusKTBI 3amMaHayu MOJIETbACPIIH
Ka3aK >XOHE arbUIIIbIH TUIIEpPIHAET] JOTHKAIBIK MapajoKcTap MEH 3THO-MOJICHHM KOHTEKCTKE
HETI3JIENITeH TarchpMaap/ibl OPBIHIAY Carachl CajJbICTBIPMalbl TypJe TalaaHasl. Hotmxkernep
KOPCETKEeH IeH, MOJICNbICp CHHTAKCHUCTIK JICHIeH/Ie KOFaphl KOPCETKINI KOPCETKEHIMEH, TepeH
CEMaHTUKAIBIK WH(EpPEHIMs MEH KOHTEKCTIK MarblHAHBI allyja auTapibIKTall peayKIusFa
yIIbIpaiael. MakanaHblH KOPBITBIHIBICEIHAA JKACaHABl WHTCIUICKT JIMHTBUCTUKACHIH]IAFHI
«MarbpIHach3 ¢dopMay (eHomeHiHe Oara Oepiiin, JUHTBUCTUKAIBIK PEAYKIMSIHBIH Ooariax
UQPIBIK KOMMYHHUKAIHSFA 9CEPi Typaibl FUIBIMH OOJDKaMIap skacaiaibl.

Kint ce3mep: LLM, KOTHUTHBTIK aHAlM3, JHUHTBUCTHKAIBIK PEIYKIHS, JOTHKAJIBIK-
CEMaHTHUKAIBIK KYPBUIBIMIAP, KACAH Il HHTEJUICKT JTMHTBUCTUKACHI, CTATUCTHKAJIBIK CEMAaHTHKA,
UQPIBIK THHIBUCTHKA



INTRODUCTION

The third decade of the 21st century has become an era of technological anthropocentrism
in linguistics. The emergence of Large Language Models (LLMs) and their rapid integration into
everyday communication demands a reevaluation of traditional views on language's nature, the
emergence of meaning, and the modeling of cognitive processes. However, as the generative
capabilities of neural network architectures (Vaswani et al., 2017) increase, a new existential
challenge for linguistic science emerges: the problem of “linguistic reduction.” At the heart of this
issue lies the reduction of linguistic richness, pragmatic context, and deep semantics by Al systems
to mere statistical vectors.

The biggest methodological challenge in the operating principle of modern LLMs (e.g.,
GPT-4, Llama 3) is the “Black Box” phenomenon. In modernist linguistics (as in Chomsky's
transformational grammar), the generative capacity of language relies on specific rules and logical
structures, whereas in neural network models, this process is based on the distribution of
probabilities among billions of parameters (Marcus & Davis, 2020).

Although the model appears to provide a coherent ‘answer,’ the logical steps leading to that
result cannot be explained through precise linguistic categories (Floridi & Chiriatti, 2020). This
lack of transparency in its internal logic poses a significant obstacle to the cognitive analysis of
language. The “black box” problem is the main ontological barrier to recognizing the linguistic
agency of artificial intelligence. Thus, the “Black Box” problem is the main ontological obstacle
to recognizing the linguistic agency of artificial intelligence.

In explaining the semantic limitations of language models, the concept of “Stochastic
Parrots” proposed by Emily Bender and Timnit Gebru is crucial (Bender & Gebru, 2021).
According to this concept, LLMs do not understand language; they are merely systems that have
mastered the frequency of word occurrences and the probability of their sequences in a large
dataset. Moreover, they generate form, not meaning.

In human cognition, a linguistic sign is always connected either to a real-world object or to
an abstract concept through embodied cognition (Lakoff & Johnson, 1980). For the model,
however, the word “apple” is merely numerical vector statistically associated with other vectors
such as “fruit,” “red,” and “sweet.” Therefore, here we see semantics reduced to statistics. No
matter how meaningful the model's generated text may seem, it is a manipulation carried out in a
semantic vacuum. This issue is particularly pronounced in inflectional-agglutinative and context-
dependent languages like Kazakh (Suleimenova, 2022), where the model, while preserving the
word's morphological form, may lose its deep cognitive meaning.

Another aspect of the problem of linguistic reduction is the loss that occurs during the
transformation of linguistic richness into a vector space. Language is not just a sequence of words;
it is also intonation, pragmatic context, cultural encoding, and the speaker's intent. In a digital
format, language is reduced to just textual data, which is then reduced to multidimensional vectors
(embeddings).

The following important properties are lost in this process:

1. Contextual depth: The “unspoken thought” or presupposition in human language is
inaccessible to models, as they only operate within the given “tokens.”

2. Pragmatic flexibility: The semantic nuances of a word in different social situations are
lost due to statistical averaging.

3. Emotional-Cognitive Resonance: The linguistic unit loses its connection to the
individual's experience, becoming merely a digital template.

Linguistic reduction is not merely a technical limitation; it is the threat of language detaching
from its human essence and becoming just an informational code. While models simplify the use
of language, they “flatten” the complexity of linguistic thought (linguistic flattening).

This study aims to uncover, through cognitive analysis, the nature of the reduction of these
logical-semantic structures in LLMs. By evaluating the models' ability to construct logical chains
in Kazakh, we aim to demonstrate how far they are from the deep structures inherent in human



cognition. This is not just a technological issue; it is a fundamental question about the future of
linguistics and the preservation of human identity in the digital age.

The issues raised in the introductory section will be further comprehensively examined and
substantiated in subsequent sections through the discussion of materials and methods, as well as
empirical analusis.

LITERATURE REVIEW

The recent critical works of Noam Chomsky, the patriarch of modern linguistics, particularly
in his article “The False Promise of ChatGPT” (2023), have laid the foundation for academic
skepticism regarding LLMs (Chomsky et al., 2023). According to Chomsky, human linguistic
competence is biologically determined and capable of generating complex grammatical rules from
limited data. Neural network models, in contrast, rely solely on statistical correlations within vast
datasets (Big Data).

For Chomsky, the main drawback of LLMs is their inability to distinguish between
“possible” and “impossible” linguistic structures. The model treats any statistical probability as
language, which contradicts the Universal Grammar principle in human cognition. Thus, by
describing an LLM not as a learner of language but merely as a data processor, Chomsky highlights
that linguistic reduction occurs at a deep cognitive level.

Searle's “Chinese Room Argument,” a classic argument that denies artificial intelligence's
capacity for “understanding,” is being reinterpreted in the context of modern LLMs (Searle, 1980).
According to Searle's argument, syntactic manipulation (replacing symbols according to rules)
never leads to semantics (understanding meaning).

Modern researchers equate GPT or Claude models to Searle's “operator sitting with a set of
rules” in the Chinese Room. Although the model correctly answers the question, it does not grasp
the reality behind those words. This is the clearest evidence of the reduction of meaning.
Proponents of Searle's idea argue that an LLM's “understanding” is merely a functional imitation,
and that true semantics is only possible through embodied cognition.

Technical papers and presentations by OpenAl leaders Ilya Sutskever and Sam Altman
express an optimistic view on the semantic capabilities of LLMs (Sutskever, 2023). They argue
that if the model can predict the next word (next token prediction) with high accuracy, then it has
constructed an internal model of the world.

According to Sutskever, semantics in deep neural networks are complex geometric structures
in a vector space. They “represent” meaning through statistics. However, even in their technical
papers, the problem of linguistic reduction is indirectly acknowledged through the concepts of
‘alignment’ and “hallucination” (OpenAl, 2024). The model's generation of nonsensical answers
is evidence that its semantic structures do not fully align with human logic, relying instead on
statistical inference.

The works of Academician A. Zhubanov and Professor K. Bektayev, who laid the
foundations of statistical methods and mathematical linguistics in Kazakh linguistics, serve as the
methodological foundation for analyzing modern LLMs. Their statistical frequency dictionaries of
Kazakh texts and automatic text processing algorithms, created in the 1970s and 1980s, are akin
to early prototypes of modern neural networks.

A. Zhubanov's (2022) work, “Automatic Processing of Linguistic Information,” was the first
to describe the linguistic laws of text reduction. Although K. Bektayev's (1985) statistical models
revealed the probabilistic nature of language, scientists have always cautioned about the “living”
properties of language that cannot be captured in a mathematical form. Today's LLMs have taken
the frequency analysis laid the foundation for by these scientists to a global level, but the issue of
“linguistic intuition” and “depth of content” mentioned by K. Bektayev has yet to be technically
resolved in neural networks. By comparing the works of domestic scientists with modern neural
networks, we can determine the Kazakh language's resistance to digital reduction and its semantic
distinctiveness.



A review of the literature shows that two approaches have emerged regarding LLMs: the
first is the technical approach, which views language as a statistical algorithm (OpenAl), and the
second is the classical linguistic approach, which considers language a uniquely cognitive and
biological phenomenon (Chomsky, Searle). The works of A. Zhubanov and K. Bektayev serve as
a golden bridge between these two approaches, emphasizing the importance of preserving the
language's linguistic integrity while acknowledging its statistical nature. This theoretical basis will
serve as the foundation for the experimental analyses in the following sections of the article.

MATERIALS AND METHODS

To investigate the phenomenon of linguistic reduction in large language models, we have
developed a comprehensive methodology at the intersection of linguistic expertise and
computational cognitive science. Three of the most powerful architectures to date were selected
as the subjects of the study: OpenAl's GPT-4 models (OpenAl, 2024), Meta's Llama 3 (70B)
version, and Anthropic's Claude 3 Opus model.

1. Study Materials and Corpus Structure

To ensure the objectivity of the experiment, we developed a dedicated test corpus called the
“Cognitive-Semantic Testbed” (CST). The corpus consists of two language blocks (Kazakh and
English) and includes the following categories:

* Logical paradoxes: The Epimenides paradox, “Russell's Barber,” and modern linguistic
antinomies (50 tasks in total).

« Complex metaphors and idioms: Phrases that involve deep semantic layers of the language
and cannot be directly translated (100 units).

» Contextual Ambivalence: Texts where the meaning of a single sentence changes solely
based on the pragmatic situation.

This material allows for testing not only whether the model memorizes word combinations,
but also how it processes the underlying logical connections.

2. Method 1: Cognitive Prompting

In the first phase of the study, we moved away from the simple question-and-answer method
and used ‘“Chain-of-Thought” (CoT) and “Zero-shot Chain-of-Thought” techniques, which
involve prompting the model to describe each step of its logical reasoning. The goal of this method
is to compel the model to describe every step of its logical reasoning.

Special attention was paid to the ethno-cultural context. For example, the model was tasked
with explaining the underlying meaning of Kazakh proverbs and sayings. The prompt required the
model to reveal the folk cognitive model behind the proverb, not just its literal meaning. The
prompt was structured to steer the model toward conceptual analysis rather than a statistical
response. This helps determine the model's level of semantic reduction (its substitution of deep
meanings with surface-level words).

3. Method 2: Semantic Mapping and Error Classification

The second method is Semantic Mapping of the model's proposed answers. “Hallucinations”
that are common in models (hallucinations) or illogical answers are not just technical errors, but
are considered the result of cognitive reduction (Marcus & Davis, 2020). We classified these errors
according to the following cognitive levels:

» Ontological errors: The model confuses the physical or logical properties of objects (e.g.,
attributing a material property to an abstract concept).

» Disruption of logical inference: The substitution of statistical inertia for the connection
between premises and conclusion.

« Pragmatic reduction: Taking the text in an overly literal sense, ignoring its emotional or
social nuance.

Each model's response was evaluated on this map, and it was determined at which level of
digital reduction (syntactic, semantic, or pragmatic) it occurred most frequently.

4. Method 3: Human-Al Comparative Analysis



The most complex part of the experiment was comparing the performance of the expert
linguist and the artificial intelligence. For this, a “visually impaired” version of the test was used.
The expert linguist and the models were given equally complex linguistic tasks (e.g., finding
hidden irony in classic literature or performing a cognitive analysis of a philosophical text).

Comparison Parameters:

1. Semantic Depth: The extent to which the text's subtext is revealed.

2. Logical Coherence: The strength of the chain of reasoning.

3. Creativity vs. Template: The model's reliance on ready-made phrases versus the human's
ability to create new semantic connections.

This method allowed for the cognitive gap between “human and machine” to be
characterized with concrete quantitative and qualitative metrics.

5. Data Processing and Validation

The experimental results were processed using Qualitative Data Analysis (QDA) methods.
Each model's response was evaluated by a panel of three experts. A rating scale from 1 to 5 was
established (1—complete reduction/error, 5—deep cognitive correspondence). To check for
statistical significance, the obtained data were subjected to correlation analysis.

Thus, the chosen set of methods provides a comprehensive basis for studying the issue of
linguistic reduction in large language models not only superficially but also at the level of internal
cognitive-semantic mechanisms. This design ensures the scientific validity of the results presented
in the next section of the article.

RESULTS AND DISCUSSION

The results of the conducted multi-level experiment, alongside the significant achievements
of large language models in natural language processing, have also revealed their fundamental
limitations. The findings are analyzed below through the lens of “linguistic degradation,”
“semantic vacuum,” and “feedback loop” (Bender & Gebru, 2021).

1. Linguistic Degradation: Syntaxical and Stylistic Templateization

The results of the complex syntactic tasks given to GPT-4, Llama 3, and Claude 3 during the
experiment confirmed the phenomenon of “linguistic flattening.” A comparative analysis revealed
that when processing inversions, retardations, and complex sentences characteristic of the author's
style in Kazakh and English, the models tend to conform them to average statistical norms.

For example, in M. Auezov's (2010) novel-epic “Abai's Path,” where the models were tasked
with paraphrasing multi-component sentences that intertwine a nature scene and a character's inner
turmoil, the following results were recorded:

« Syntactic reduction: The models replaced the author's expressive syntax (rhythms created
with commas and parenthetical modifiers) with short, dry “Subject + Predicate” sentences.

* Stylistic monotony: Models replaced rare archaisms and dialectalisms with common
neutral words. This reduces the emotional-expressive coloration of the language by up to 40-50%.

These data indicate that the models function as a “diminishing,” rather than an “enriching,”
tool for language. Such a strict statistical averaging of linguistic norms is an initial stage of
linguistic degradation.

2. Semantic Deficiencies and a Lack of “Embodied Cognition.”

The most significant finding of the study is the demonstration that the models lack the
property of “embodied cognition.” For a human, linguistic meaning is a phenomenon closely tied
to sensory experience in the physical world (sight, hearing, touch) (Lakoff & Johnson, 1980). For
an LLM, however, meaning is merely a collection of textual correlations.

Analysis of ethno-cultural metaphors: Analysis of Kazakh idioms such as “the income of the
heart” (keH1UAIH Kipi), “to trample a horse's hoof” (aT TysareIH Taii 6acap), or “to consult with one's
wall” (kaObipraceiMeH keHecy) revealed the models' semantic-level “hallucinations.”

« Although Claude 3 correctly interpreted the meaning of the metaphor from a logical
standpoint, it was unable to uncover the underlying cognitive dominants (cultural scripts)
characteristic of Kazakh culture, such as “namus” and “continuity of tradition.”



» GPT-4 showed a tendency to take idioms literally. For example, there were instances where
the phrase “to consult one's wall” was interpreted as “to talk to one's own anatomical structure.”

This shows that while the model knows the definition of a word, it doesn't grasp its “life
context.” The model has a semantic structure, but it lacks semantic depth. The linguistic sign has
lost its connection to its real object, becoming just a “game of numbers.” This is the most
dangerous form of linguistic reduction, as it separates language from its existential content.

3. Discussion: The Future of Al and Human Language (Feedback Loop)

The main question that arises from the research is: If a large portion of texts is generated by
Al in the future, how will this affect human linguistic ability?

This poses the risk of a “Recursive Feedback Loop.” LLM models learn from human-
generated data, and humans begin to consume more of Al's reduced, “smoothed” language in their
daily lives. This could lead to the following cycle (Bender & Gebru, 2021):

1. Al simplifies language to a statistical average.

2. People adopt this simplified language as a standard and start speaking it themselves
(linguistic impoverishment).

3. 3. Next-generation Al models train on this impoverished linguistic data.

As a result, language could lose its creative power, complex syntax, and multi-layered
semantics, becoming merely a functional-informational code. As our experiment has shown,
models are already acting as a catalyst for “linguistic erosion.”

4. Cognitive Analysis: Disruption of Logical Inference

The semantic mapping method showed that the models rely on “probability inertia” when
constructing logical chains. If a logical task does not match a frequent pattern in the model's
training data, it makes a logical error.

* Expert linguist vs. Al comparison: While an expert identifies hidden irony in a text based
on context and author intent, Al predicts irony solely by the frequency of certain words (e.g., words
with sarcastic connotations like “of course,” “very well”). In the absence of these words, the Al
takes the text literally, leading to pragmatic reduction.

In conclusion, linguistic reduction in LLMs is not a technical imperfection; it is an inherent
property of statistical modeling of language. Models “use” language, but they do not “live” it. This
distinction remains the primary divide separating Al linguistics from human linguistics (Abai
KazNPU, 2026).

The analysis conducted allows for the following fundamental conclusions:

1. Syntactic Degradation: Models limit the variability of language, reducing it to a uniform
form. This leads to a loss of linguistic richness.

2. Semantic Vacuum: The detachment of linguistic units from empirical experience leads to
a reduction of meaning to “dry” symbols.

3. Cultural Reduction: Models tend to process ethno-cultural codes by equating them with
global (often English-based) concepts, which undermines the conceptual uniqueness of national
languages.

Thus, as “Cognitive Analysis of Logico-Semantic Structures in Large Language Models”
demonstrates, preventing linguistic reductionism in the age of artificial intelligence is not only a
linguistic matter but also a matter of preserving human cognition.

CONCLUSION

Through a cognitive analysis of the logical-semantic structures in large language models, we
have uncovered the profound existential nature of linguistic reduction, the most complex problem
facing contemporary artificial intelligence linguistics. As the study revealed, while neural network
architectures exhibit high linguistic performance, their process of generating meaning lacks the
depth, pragmatic flexibility, and emotional-sensory experience characteristic of human cognition.

The main conclusion of the study is that there is no linguistic basis for considering large
language models as cognitive subjects (Searle, 1980). An LLM is a highly complex and effective
technological tool for manipulating linguistic forms, based on an enormous dataset. The models'



“speaking” is not semantic understanding, but merely a formal imitation characteristic of
“statistical parrots.” As our experiments have shown, while the models demonstrate proficiency at
the syntactic level, they suffer from linguistic degradation at the semantic and pragmatic levels.

Human language is not just a code for transmitting information; it is a tool for cognitively
mastering the world, preserving culture, and expressing personal experience. In LLM models,
language is stripped of these “vital” qualities and reduced to a set of numbers in a vector space.
This reduction threatens to lose the richness of language, including the conceptual uniqueness of
languages with a deep ethno-cultural code, such as the Kazakh language. Therefore, recognizing
artificial intelligence as human-level intelligence is scientifically incorrect; it should be regarded
only as an additional tool that facilitates human intellectual activity.

Based on the research findings, we propose the following practical recommendations to
address the problem of linguistic reduction and improve the quality of Al models:

First, the methodology for training models must be fundamentally changed. The current
“data-driven” approach has begun to exhaust itself. It is essential to introduce cognitive-pragmatic
rules and linguistic ontologies into the model training process (Abai KazNPU, 2026). This will
allow the model to consider not only the probability of words but also their logical relationships
and world knowledge.

Secondly, to prevent national languages, including Kazakh, from undergoing digital
reduction, it is necessary to create culturally specific datasets in the field of “language
engineering.” Models must be trained to “think” not only through translation but also based on the
language's internal cognitive metaphors and pragmatic features.

Third, interdisciplinary collaboration between linguists and Al developers must be
strengthened. While technical experts are responsible for the model's architecture, linguists must
oversee its semantic integrity and cognitive depth.

In conclusion, large language models represent a new horizon for linguistics, but this horizon
must not overshadow the human essence of language. Timely identifying linguistic reduction and
combating it on a scientific basis will be the primary mission of linguistics in the digital age.
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