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Abstract. The proposed article examines methods for modeling semantic relationships of
aviation terms using the BERT and RoBERTa language models. The relevance of the study lies in
the use of a pre-prepared and annotated corpus of aviation terms that align with international
practice and are drawn from documents of international regulatory bodies. The developed
language corpus provides the basis necessary for assessing the semantics of aviation terminology
in the context of real aircraft operation. The research methodology involves fine-tuning language
models trained on an aviation corpus of terms using cosine similarity, rank correlation, and cluster
metrics of measurements. The experiments demonstrate the main differences between the two
models in tracking synonyms, variability, and shifts in aviation discourse. The results of the study
demonstrate that fine-tuning the models enhances their ability to cluster related terms, distinguish
closely related but distinct concepts, and align the results with expert judgments. These results
provide a methodological basis for the development of aviation terminology resources, enabling
the application of lexicography transformer models and ontology construction.

Keywords: semantic proximity, aviation terminology, language models, corpus linguistics,
transformers, embedding, natural language processing.

Introduction.

Today, one of the primary tasks of natural language is modeling the semantic similarity of
terms, and a substantial number of studies aim to address this problem. The problem of assessing
the semantic similarity of terms arises in various practical applications, including automatic text
translation, search for relevant information, intelligent search, ontology construction, and text
analysis and processing for specific subject areas [1]. In a highly technical field and specialized
industry like aviation, the accuracy of terminology is a crucial aspect, as the correctness of
language structures directly determines professional international communication and document
flow, which is closely related to ensuring flight safety.

Historically, the first approaches to modeling semantic relationships between terms were
based on statistical methods, such as TF-IDF, which account for the frequency of a particular term
without analyzing its content [2]. The next step in developing these methods is the use of
distributed representations, such as Word2Vec and GloVe [3], which provide a representation of
words in the form of vector spaces that capture semantic patterns through contextual co-occurrence
in texts. However, such models assigned words a fixed vector, which did not allow for effective
processing of polysemy and domain-specific meanings.

The next key step in the development of natural language processing is the use of
contextualized language models, such as ELMo, BERT, and RoBERTa. These models are trained
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on a large language corpus using an attention function that provides context-sensitive embeddings
to distinguish the synonymous meanings of terms [4]. These models yield fairly good results in
natural language processing; however, their effective application in specialized areas depends on
the adaptation of the corpus used, which is specific to each subject area. A feature of applications
in the aviation industry is the complex technical terminology, multilingualism, and the use of
various semantic changes depending on the content being processed [5]. The relevance of the topic
is confirmed by the importance of accurate terminology modeling in ensuring the safe operation
of aviation equipment, as well as lexicography and knowledge management. Existing research is
primarily focused on the use of universal pre-trained models, which often fail to accurately reflect
the semantic structure of aviation terminology [6, 7].

The aim of this study is to address the issue of utilizing language models in the aviation
industry by developing and training a model on a new corpus of terminology directly related to
aviation. The corpus of terms formed in this study comprises regulatory documents from
international aviation authorities, technical manuals for aircraft operation, and training materials
[8]. As part of the study, the authors manually annotated the corpus to establish semantic
relationships, hierarchies between terms, and synonymous variations [9].

The main problem facing this study was the lack of a comprehensive corpus of terms with
multilevel annotations. This complicates the comparison of language models, which negatively
affects the development of lexicographic resources. This study aims to address this research gap
by creating a specialized corpus of aviation terms from international regulatory documents,
detailing the term annotation scheme, determining their quality, and comparing standard models
with those trained on the developed language corpus.

As part of the study, the ability to reflect semantic proximity in aviation communication is
assessed by fine-tuning the BERT and RoBERTa models on the collected corpus and comparing
their performance with that of versions in the general subject area [10].

The objectives of this study are:

To create a corpus of aviation terminology and describe the methodology for its annotation;

To evaluate the effectiveness of the BERT and RoBETRa models for modeling the semantic
similarity of aviation terms;

To compare the models using quantitative metrics (cosine similarity, rank correlation,
clustering indices);

To visualize the semantic space using dimensionality reduction methods for accurate
interpretation of terms.

The scientific novelty of the study lies in the combination of transformer approaches with
the use of a subject-oriented annotated language corpus, which enables the utilization of the
semantic behavior of terminology in a real professional context. The practical significance lies in
the application of the results in the construction of an aviation thesaurus, ontologies, and the
development of an intelligent linguistic support system for aviation industry specialists.

Materials and methods.

Formation of the aviation terminology corpus

To conduct the study and enhance the reliability of the experimental results, the authors
created a specialized corpus of aviation terms. The material for the corpus was collected from
authoritative industry sources, including ICAO Annexes, EASA and FAA regulations and
guidelines, IATA operational standards, Airbus and Boeing aircraft operating manuals, aviation
textbooks, and scientific articles. The corpus of words comprises 100,000 unique tokens, ensuring
comprehensive coverage of all key subdomains within the aviation industry. The tokens include
terms from the time period 2000 to 2025. The breakdown of tokens by subdomains is presented in
Table 1.

Table 1 — Corpus statistics by aviation subdomains
| Subdomain |  Documents | Tokens | %ofcorpus | Unique terms
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Navigations 420 20000 20 2 600
Flight operations 350 18 000 18 2 200
Safety and 310 16 000 16 2 000
emergency

Maintenance and 300 15000 15 1900
emergency

Airworthiness 240 12 000 12 1500
and regulations

Aircraft 210 10 000 10 1300
structures  and

parts

Air traffic 170 9000 9 1100
control and

communication

Total 2 000 100 000 100 12 600

The terminology set was selected to be well-balanced across all aviation subdomains. This
proportional division reflects the practical importance of each area in aviation communication.
The corpus also includes additional terminology, such as maintenance, regulatory language, and
phraseology used in air traffic control, which are also important for ensuring flight safety.

The pre-processing process includes tokenization, text cleaning, and normalization, after
which the text is annotated at multiple levels. The first level includes morphological markup to
ensure the participatory nature of the information and lemmatization. The second level includes
terminological markup with the assignment of labels according to aviation subdomains
(navigation, safety, etc.). The third level introduces semantic relations such as synonymy,
hypernymy, and the part-whole relation, which allows the corpus to reflect the full complexity of
professional aviation terminology. The dataset is verified by aviation linguists to ensure
terminological accuracy. The process flow diagram for creating and annotating the aviation
terminology language corpus is shown in Figure 1.

An‘ialinndmunentH Preprocessing H Annotation H Validated corpus

Figure 1 — Scheme of corpus construction and annotation

To demonstrate the term annotation protocol and ensure transparency, Table 2 presents
examples of term annotations. Each entry represents the term's canonical form, subdomain,
semantic relationship type, representation variants, and example of the term's use in a sentence.
This display format demonstrates the multilevel annotation scheme and the encoding of linguistic
and semantic information for model training and evaluation.

Table 2 — Examples of annotated aviation terms

Term Canonical form | Subdomain | Relation Variants Example

Briefing Briefing Safety Synonymy Preflight | The crew
briefing conducted a safety
briefing prior to
engine start
Altitude Altitude Navigation | Hypernymy | Flight Maintain  altitude
level 3500 feet until
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cleared for
approach
Autopilot | Autopilot Operations | Associative Flight The autopilot was

direction | engaged during
climb to reduce
pilot workload

Fuselage Fuselage Structures Meronymy Airframe | The fuselage
inspection revealed
minor  structural

damage
GPWS Ground Safety Abbreviation | - The GPWS alert
proximity required an
warning immediate go-
system around

Table 2 shows that the annotation incorporates both the lexical and semantic aspects of
aviation terminology. In the dataset, "briefing” is associated with synonyms in the safety
subdomain, while "fuselage," with its part-whole relationship, belongs to the structure subdomain.
The abbreviations and multiword variants of terms are explicitly recorded to ensure the model's
ability to clearly recognize equivalences. Examples of term usage in sentences provide a contextual
basis, and are necessary for expert verification.

Model fine-tubing

Two-stage model fine-tuning and training parameters for universal models were adapted for
aviation crops. The first optimization step is domain adaptation using masked language modeling
(MLM), which helps models learn the distributional semantics of tokens to predict a randomly
masked term from the context:

1 -
Lym = — 5 ZiL1 logP(wi|W;, 8), 1)

where w; — original token, Ww; — masked version of the token, 6 — set of model parameters.

The second step is contrastive learning with triplet loss, which generates a triplet of "anchor-
positive-negative" terms based on the annotated complex. This configuration ensures a semantic
relationship between the anchor and positive terms while assigning negative terms to a different
subdomain. This procedure helps to separate related but conceptually different terms, increasing
the robustness of term embedding in professional contexts.

For the MLM, dynamic masking with a probability of 15% was used to ensure a variety of
training scenarios. The retraining process was controlled using validation-perplexity-based
stopping. Model evaluation was conducted using the MLM and MLM-+triplet configurations,
allowing for the quantitative evaluation of each stage to be examined. The training settings for the
experiment included the following parameters: learning rate MLM (5x107°), learning rate triplet
(2x107), batch size — 32, epochs — 20, warmup ratio — 10%, weight decay — 0.01, optimizer —
AdamW, validation — 10%, random seed — 42 and hardware — 24 gb vram.

These parameters ensure a balance between the computational efficiency and convergence.
The stability of fine-tuning was ensured using warmup learning and parameter weight reduction,
while reproducibility was achieved using a fixed initial value. Triplet loss improves the separation
of semantically related terms, as reflected in the ablation results.

Semantic similarity estimation

To effectively evaluate the relationships between aviation terms, embeddings were extracted
from the proposed models using the SentenceTransformers framework. The embeddings from the
models have dimensions of 384 for BERT and 768 for ROBERTa, which provides a detailed
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representation of the semantic space. The main similarity measure used in this paper is cosine
similarity, which helps estimate the proximity of term vectors in space without relying on absolute
values. The similarity between two terms t1 and t2 is determined using the formula:

sim(ty, t,) = —B2 (2)

lvea ll-llvezIl’

where the numerator is presented as a scalar product of vectors and the denominator normalizes
the values by the Euclidean norm.

The convergence coefficient ranges from -1 to 1, where a higher value indicates stronger
semantic similarity. To illustrate this approach, Figure 2 was prepared, which shows an example
of calculating similarity using cosine similarity for a pair of aviation terms. The term "vectors" is
presented in a two-dimensional coordinate space, where the angle between the vectors corresponds
to the strength of semantic similarity.

[
>

Figure 2 — Example of cosine similarity calculation between aviation term pairs

Semantic evaluations were conducted using internal and external tests to ensure the
quantitative reliability and professional validity. For internal evaluation, a dataset of 500 paired
terms was created and evenly balanced across four relationship types: synonymy, hypernymy,
meromyny (part-whole), and disjoint (contrast) pairs. Each pair of terms was rated by aviation
linguists and industry experts and assigned a score from 0 to 4. The annotators' agreement was
estimated at 0.82, indicating a high level of agreement. Each model was evaluated using cosine
similarity between term vectors, and the correlation between expert assessments was measured
using Spearman’s rho. Robustness was ensured by resampling 1000 times using the bootstrap
method (95% confidence interval). Differences between the models were assessed using Fisher's
z-transform. The clustering quality was assessed based on the annotated subdomains. Silhoutte
and Davies-Bouldin indices were calculated for this assessment. Stochastic effects were accounted
for by averaging 10 random initial values. External tests addressed two practical issues. The first
was the automatic matching of terms with external thesuri using precision and recall assessments.
The second was predicting the correct assignment of meanings for polysemantic terms assessed
using expert annotations. In addition to the numerical model indicators, experts manually verified
the model's results. This multilevel approach ensured the stochastic and linguistic validity of the
results.

Visualization of semantic spaces

Domain-adapted embeddings structure aviation terminology by projecting multidimensional
vectors onto two dimensions using t-SNE and UMAP. T-SNE is used to identify compact groups
of terms that are closely related. The stochastic nature of the model is controlled by introducing a
fixed seed, the perplexity is tuned to a moderate range to balance local granularity and global
readability, and the number of iterations is set high enough to ensure convergence. The resulting
t-SNE maps from the study are presented in Figure 3, where semantically consistent clusters (e.g.,
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aircraft components, navigation, safety) are highlighted, and subtle differences within the clusters
themselves (e.g., control surfaces and structural nodes) are often obscured in quantitative values.
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Figure 3 — t-SNE projection of aviation embeddings

In addition, UMAP is used for analysis to examine the local and global structure of diversity,
employing a graph approach that ensures the preservation of inter-cluster geometry. Cosine
distance is used for the angular nature of similarity in space, which helps to avoid database
overflow and preserve intra-class relationships. The projections presented in Figure 4 show a
consistent macrostructure for both models, making the inter-cluster separation more obvious
compared to t-SNE, which helps capture category leakage (i.e., the shift of exploitable terms
towards safety).
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Figure 4 — UMAP projection of aviation embeddings

These plots provide complementary evidence across domains. When fine-tuned on a corpus
of aviation terms, BERT produces tight, discrete clusters with sharp boundaries, which is useful
in tasks that require clear class separation. ROBERTa has smoother transitions between adjacent
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subdomains, which is useful in cases where graded similarity is needed. Both models use a fixed
seed, hyperparameters, and term set, which is necessary to allow direct comparisons between them.
The limitation of 2D projections is that they discard information and introduce layout artifacts,
which is addressed in this paper by using quantitative metrics that provide openness and
interpretability in the geometry of aviation terminology.

Evaluation protocol

The semantic similarity of terms is assessed using a combination of quantitative metrics and
qualitative expert assessment by linguistic teachers. The verification process is designed to assess
the mathematical consistency of the results and their compliance with professional linguistic
terminology in the aviation industry. The quantitative assessment of the vector proximity measure
was determined using cosine similarity. A reference dataset is used to verify the calculated values.
This dataset comprises carefully selected pairs of terms that have been independently annotated
by linguists and experts from aviation enterprises. The correlation between similarity estimates
obtained using the models and expert assessments is calculated using Spearman's rank correlation
coefficient to assess the monotonicity of the relationship between similarities.

In addition to pairwise similarity, the quality of clustering is investigated to determine the
quality of reflection of the high-level structure of aviation terminology. The silhouette index and
Davis-Bouldin are used to evaluate grouping into semantic clusters, which provides a
representation of intra-cluster coherence and inter-cluster separation. These metrics complement
the overall assessment, which is based on similarity, tracking, subgroup identification consistency,
and domain specificity.

Linguistic experts assessed the representativeness of a subset of the model results. This
expert assessment is crucial for confirming the practical significance of the results, as some
semantic relationships may not be fully reflected when evaluating statistical indicators. The
assessment of the model's ability to accurately represent aviation terminology is achieved by
integrating clustering indicators, expert assessment, and a protocol to ensure the
multidimensionality and reproducibility of the assessment. Such an integrated approach ensures
methodological sustainability and practical significance of the results of lexicographic and
terminological applications in the aviation industry.

Results and discussion.

Pairwise semantic similarity

The key method for assessing the effectiveness of semantic models is the comparison of
pairwise similarity scores between aviation terms. The cosine convergence coefficient is used to
assess the degree of correspondence of the selected term pairs in the semantic space. The term
pairs are selected taking into account typical relationships adopted in the aviation industry: near-
synonyms (aircraft-plane), functional relatedness (autopilot-flight director), contextual similarity
(safety-inspection), and semantic similarities (cockpit-fuselage). Table 3 presents the similarity
scores for the term pairs described above. The results are presented for the universal versions of
BERT and RoBERTa, as well as optimized versions of these models trained on the aviation
terminology corpus.

Table 3 — Cosine similarity scores for selected aviation term pairs under general and fine-
tuned models

Term pair General Fine-tuned General Fine-tuned
BERT BERT RoBERTa RoBERTa
Aircraft-plane 0.62 0.89 0.65 0.91
Runway-airstrip 0.58 0.87 0.60 0.85
Autopilot-flight director 0.49 0.76 0.55 0.82
Turbulence-disturbance 0.44 0.72 0.47 0.75
Cokpit-fuselage 0.33 0.64 0.35 0.61
Safety-inspection 0.39 0.70 0.42 0.73

143



Ne3(38) AAA XKAPLbICHI

The obtained results demonstrate that fine-tuning improves the consistency of vectors and
expert judgment in the aviation industry. For example, for the pair of terms “airstrip” and
“runway”, the similarity score after fine-tuning the BERT model increased from 0.58 to 0.87, and
for the RoBERTa model from 0.60 to 0.85, which means that they are used synonymously.
Additionally, terms with functional or procedural overlap also increased the convergence rate after
fine-tuning the models, a finding confirmed by expert judgment.

An interesting difference is demonstrated between the two models on pairs containing
functional differences. For example, the ROBERTa model shows high stability for similar pairs,
indicating high sensitivity to graded similarity. In contrast, the BERT model shows a sharp
increase in convergence on synonymous words, indicating a strength in forming discrete
equivalence classes. Overall, when analyzing pairwise convergence, we can conclude that both
models improve their performance after fine-tuning, with complementary strengths.

Table 4 presents the performance differences between the methods (TF-IDF, Word2Vec,
GloVe, and FastText) and the transformer-based models (BERT and RoBERTa) in the baseline
settings and with fine-tuning for aviation terminology. The results were presented as Spearman
correlations and clustering metrics.

Table 4 — Comparison of baseline and transformer models

Model Spearman Silhoutte Davies-Bouldin
TF-IDF 0.41 0.28 1.92
Word2Vec 0.53 0.36 1.65
GloVve 0.55 0.38 1.59
FastText 0.59 0.42 1.48
BERT 0.62 0.44 1.37
BERT (aviation) 0.83 0.61 1.01
RoBERTa 0.65 0.46 1.35
RoBERTa (aviation) 0.81 0.58 1.08

The results demonstrated three key findings. First, both transformer models outperformed
the classical baseline models, confirming the superiority of the contextual models. Fine-tuning
enables the capture of subtle semantic relationships. Second, the models are domain-adaptable;
fine-tuned models demonstrate a 0.2-point increase in Spearman coefficient compared to their
generic counterparts, and two other metrics demonstrate effectiveness, demonstrating the
formation of coherent clusters. Third, both transformer architectures have mutually exclusive
advantages: fine-tuned BERT produces clear and discrete clusters, enabling effective ontologies
and dictionary development, whereas ROBERTa produces smooth semantic gradients between
terms, which facilitates term similarity search.

Visualization of semantic spaces

To provide a qualitative check of the structuring of aviation terminology, the authors
examined Figure 3 by dividing it into subdomains using a color scheme to better demonstrate the
differences. Adaptation to the domains yields clusters that align with the experts’ expectations. In
Figure 5(a), the clusters have a denser and more discrete grouping structure. This geometry is
consistent with the BERT model’s tendency to have clear decision boundaries, often related to
tasks such as terminological labeling and dictionary meaning assignment.
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Figure 5 — Scatter plot for both models with consistent color subdomains coding

In Figure 5(b), the clusters remain stable and show smooth gradients along their boundaries,
for example the term ™autopilot” in this model is closer to the operational sample, while
maintaining its distance from the structural lexicon subdomain, while "briefing" still belongs to
the safety cluster, but shows a move towards operational, due to its use in pre-flight procedures.
Such smooth transitions make the ROBERTa model a valuable tool for synonym search and
expansion of the aviation lexicon, where nuances of proximity are more effective than rigid
partitioning.

Using a uniform color scheme and term lists allows for a visual comparison of true
differences in term embeddings. Random seeds and identical dimensionality reduction settings are
fixed for both models to ensure reproducibility. Two-dimensional projections compress
information and may distort long-term relationships, but the observed patterns confirm the results
obtained in the previous two subsections. Based on the analysis, we can conclude that fine-tuning
enhances intra-cluster connectivity and improves inter-cluster separation. The BERT model
ensures separability, while ROBERTa captures semantic gradients.

Expert validation

The previously proposed quantitative metrics provide mechanisms for assessing semantic
models, but for specific domains such as aviation, it is necessary to rely on expert understanding
of terminology. To achieve this, a group of linguists and representatives of aviation enterprises
was involved in the study, who examined subsets of the model results and compared them with
semantic expectations. The experts confirmed that the fine-tuned model better matched
professional interpretations of aviation terms. The generic model often associates terms with every
day or general language, which often differs from the specialized use of these terms in aviation. In
contrast, the fine-tuned proposed models effectively reinforced context-dependent and aviation-
specific relationships. A brief example of the comparison between expert assessments and the base
model's judgments is presented in Table 5.

Table 4 — Case-study examples of expert validation

Term Closet term in | Closet term in | Expert Expert comment
general model fine-tuned judgement (general  model/fine-
model tuned model
Briefing communication | inspection Safety context | General talk/Safety
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Altitude height approach Navigation Everyday
synonym/Aviation
specific role
Autopilot robotics Flight director | Operations Robotics/Cockpit
system
Airframe Construction Fuselage Aircraft Construction/Structural
components vocabulary
Takeoff Departure Runway Flight Travel
operation synonym/Operational
aviation context
Turbulence chaos safety Safety Abstract
procedures notion/Procedural and
safety term

These examples demonstrate the importance of creating domain-specific term corpora. Basic
models often linked technical aviation terms to a broad everyday context. Fine-tuned models align
terms with professional usage, ensuring that clusters and convergence rates match authentic
linguistic practice. Conformity to expert assessment demonstrates the methodological soundness
and practical value of this approach, especially in cases of lexicographic databases, training
materials, and safety documentation.

Implications and limitations

The results obtained in this study demonstrate the strengths and weaknesses of applying the
transformer-based models to the aviation terminology domain. Fine-tuning the models shows
improvements in semantic similarity, clustering quality, and expert judgment. These achievements
demonstrate the practical importance of adapting models to a specific domain, which helps avoid
distorting the meaning of technical terms when comparing them with everyday synonyms or
unrelated concepts. The creation of a specialized aviation corpus helps to create a reliable
terminology resource for curriculum improvement and intelligent search in the aviation context.

In addition to the advantages, this study has several limitations in its results. First, the corpus
used for fine-tuning the models remains small in size, which limits the representativeness of the
training material and increases the risk of overfitting the model on specific subsets of aviation
subdomains. Second, the annotation process is limited by the resources of the academic institution
and does not reach the level of coverage typical of large-scale corpus linguistics projects. Another
methodological limitation is the use of two-dimensional projection as an interpretation tool, which
compress multivariate relationships and may obscure the boundaries of some clusters. Therefore,
the insights gained from scatterplots should always be considered in conjunction with quantitative
metrics. Although fine-tuning resulted in measurable improvements, the results exhibit model-
specific biases: BERT favors crisp and discrete clusters, leading to the simplification of semantic
continua, while the ROBERTa model exhibits smooth gradients that may blur distinctions critical
for aviation safety terminology. These limitations underscore the importance of careful model
selection and the ability to combine models based on the task they are intended to perform.

Based on the limitations described, it can be concluded that this study, while developing a
specific subject area and offering a replicable assessment system, represents only the first step in
creating a comprehensive dictionary of aviation terms. Future work involves expanding the corpus
of terms to include multilingual data reflecting the identity of each state, as well as participants in
international organizations. Additionally, it involves introducing advanced assessment methods
that take into account pragmatic and discursive phenomena beyond pairwise similarity or
clustering.

Conclusion.

The main objective of this study was to evaluate the transformer-based language models for
aviation terminology by creating a specialized corpus and fine-tuning the BERT and RoBERTa
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models. The obtained results demonstrate that domain-specific adaptation increases the semantic
accuracy of vector representations, improves the quality of the clustering process, and ensures
accurate compliance with expert assessments. These results demonstrate the need for a specialized
corpus in the aviation industry and indicate the potential application in databases, training
materials, and decision support systems. At the same time, the study reveals critical limitations: to
date, the corpus does not have a high level of scale and depth of annotation, the methods of
visualization of results are useful for analytics, but certain structural properties of the embedding
space cannot be taken from it, and specific distortions characteristic of these models indicate the
need for a hybrid solution for processing aviation linguistics.

This study represents the first step in creating a comprehensive dictionary of aviation terms.
The primary contribution of this study is to confirm the hypothesis that we need to build our own
language corpus and fine-tune it to the specific needs of the aviation industry. For aviation
linguistics and applied natural language processing, the results underscore the need for further
research on developing a large, multilingual, and systematically annotated language corpus, as
well as hybrid methods for evaluating model performance. With continued efforts, it is possible to
provide reliable, reproducible, and practically applicable tools for terminology, lexicography, and
security of communication.
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TEPMUHIEPIIH CEMAHTHUKAJIBIK BAUJAHBICTAPBIH MOJIEJIBJEY:
BEKTOPJIBIK KEHICTIKTEP K9HE TIUIIK MOJAEJIBJIEP

Anoamna.  ¥cvinbliean —Makanada — ABUAYUALLIK — MEPMUHOEPOIH — CeMAHMUKAbIK
KamulHacmapvii mooenvoeyoiy adicmepi BERT owcone RoBERTa mindix mooenvoepin Koaoauy
apKbLIbL  KApACMuIpuliaovl.  3epmmeyliy — 63eKkminiei  andblH ana OaublHOANEAH — JHCIHE
AHHOMAYUSIAHRAH ABUAYUSLTBIK MEPMUHOED KOPNYCMAPbIH NAUOAIAHYMeH aUKbIHOAIA0bl, 01ap
XanvlKapanvlk madicipubeze calikec Keneoi OJHCIHe XANbIKAPANLIK pemmeyuli opeaHoapobiy
KYoicammapwinan anvinean. Kypacmuipviizan mindik xopnyc ywakmapowvl HaKmvl NatiodiaHy
HCAROAUBIHOA ABUAYUATBIK MEPMUHONOUS CEMAHMUKACLIH 0aganay YuwiH Kaxcemmi He2i30i
Kammamacwls emeoi. 3epmmey 20iCHAMACHl ABUAYUSATILIK MEPMUHOED KOPNYCbIHOA AJObIH ald
yupemineen mindix mooenv0epdi Katma 6anmayovl (fine-tuning) Kammuowvl HcaHe 01 KOCUHYCHIbIK
YKCACMbIK, PAHSIIiK KOppenayus MeH KIACMepaiK Mempukanapobl ojueyee Heci30enceH.
OKcnepumenm Hamudicenepi exki Mo0envboiy CUHOHUMOEpOi Kaddazanay, 6apuamuemiilik neH
ABUAYUSTILIK, OUCKYPCIAZbl MASLIHALBIK bleblCyO0azbl He2i3el aublpMAUbLIbIKMAPLIH KOPCemmii.
3epmmey Homuodicenepi moodenvoepdi Kauma Oanmay oaapobly OAUIaHbICMbL MePMUHOEPOL
monmacmuipy Kabiiemin apmmulpamulHblH, 63apa YKCAc, Oipak apmypii Yebimoapobl axicblpama
ANAMBIHGIH ~ JICOHE  Hamudicenepol  capanuibliapobly — 0a2aniapvlMel  ColKeCmeHOIipeminin
Oanendeudi. Byn wHomudicenep asuayusanblk MePMUHONOSUSAILIK pecypcmapovl  0amvlmya
a0icmemenix He2i3 YCblHAObl, MPancgopmep Mooerboepin J1eKCUKoepapusaoa dicane oOHmoI02us
KYpyoa KOn0aHyea MyMKiHOIK bepedi.

Tyiin co30ep: ceMaHMUKANbIK JHCAKBIHOLIK, ABUAYUALLIK  MEPMUHONO2US,  MINOIK
Mooenvoep, KOPNyc TUHSBUCIUKACHL, MpaHchopmepiiep, Imbedourne, maduu mindepoi 6Hoey.

MOJIEJUPOBAHUE CEMAHTUYECKHUX OTHOIIEHUIA TEPMUHOB:
BEKTOPHBIE TPOCTPAHCTBA U MOJIEJIA A3BIKA

Annomayusn. Ilpednacaemas cmamvs paccmampusaem Memoobl  MOOETUPOSAHUsL
CEMAHMUYECKUX OMHOULCHUL ABUAYUOHHBIX MEPMUHOS8 C UCNONb308AHUEM S3bIKOGLIX MOOeNell
BERT u RoOBERTa. Axmyanvnocme uccnedosanus 3axnouaemcsi 6 HpuMeHeHUU 3apaHee
NOO20MOGIEHHO20 U  AHHOMUPOBAHHO20 KOPNYCAd  ABUAYUOHHLIX MEPMUHO8,  KOMOPbL
coomeemcmeayem MedHCOYHAPOOHOU Npakmuke U cQOpMUpO8aH HA OCHOBE OOKYMEHMO8
MEJNCOVHAPOOHBIX — pe2yaupylowux  opeanusayuti.  Pazpabomannvlii  s1361K080U  KOpNyc
obecneyugaem HeoOXOOUMYIO OCHOBY Ol OYEHKU CEMAHMUKU ABUAYUOHHOU MEPMUHOLOUU 8
KOHMeEKCme PeaibHOU IKCHIAYAmayuu 6030YUWHbIX cy008. Memoooniozust uccied08anus 6Ki0Yaem
000byuenue (fine-tuning) szvikoebix MoOenell Ha KOpnyce AGUAYUOHHLIX MEPMUHOE C
UCNONB308AHUEM KOCUHYCHO2O CXOOCMBd, PAH2080U KOpperayuu U KIACMEPHLIX MeMmpUk.
IKcnepumenmsl  NPOOEMOHCMPUPOBANU OCHOBHbBLE PAZIUYUSL  MEHCOY O08YMs MOOeNIIMU 8
OMCAEHCUBAHUY CUHOHUMOB, BAPUATMUBHOCMU U CEMAHMUYECKUX COBU208 8 ABUAYUOHHOM
ouckypce. Pesynomamoer uccneoosanusi noxazanu, umo 0000yueHue mooenell NOo8blulaem ux
CNOCOOHOCMb KIACMEPU308AMb CEA3AHHbIE MEPMUHDL, PA3IUYams OIU3KUe, HO OMAUYAIOWUecs
NOHAMUS, A MAKJHCEe CO2NACOBbIBAMb De3VIbMamvl ¢ IKCHepmHbiMu oyenkamu. I[lonyuennvie
OaHHble 0becneyusaronm Memoooa02U4ecKyl0 OCHO8Y 0 pa3pabomKu pecypcos asUuayuoHHOU
MEPMUHONIOZUY, YMO NO3BOJSEN NPUMEHAMb MPAHCHOpMepHble MoOenu 8 JeKcuKoepaguu u
HOCMPOEeHUU OHMOIO2U.
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Knwouesvie cnosa: cemanmuyeckas 6aU30cmyv, ABUAYUOHHAS MEPMUHOLOUSA, A3bIKOBbIE
MoOenu, KOPNyCcHAs AUHESBUCTUKA, MPAHCGHopmepbl, dIMOed0uHe, 0opabomka ecmecmeeHH020
AZBIKA.
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