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Abstract. Interlingual lexical interference has long been an object of scholarly research. It is well documented that when learning a
foreign language genetically related to the learner’s native language, increased levels of cross-linguistic interference can occur.
From this perspective, interlingual homonyms represent particularly high-risk lexical items, as their formal similarity may lead to
incorrect mapping between form and meaning. Embedding models capture distributional differences in language use and broader
semantic associations. In the present study, static embedding models (fastText and MUSE) and a deep embedding model (OpenAI)
were applied to a dataset of Russian-Slovak lexical pairs consisting of interlingual homonyms and translation equivalents (150 items
in each category). Based on similarity patterns observed across the models, a five-level typology of interlingual homonymy was
proposed (evident-risk, hidden-risk, medium-risk, conceptual-risk, and asymmetric-risk). The predictive potential of the model
was tested on a sample of 46 Slovak learners of Russian as a foreign language. A consistent correspondence between model-based
risk predictions and learner performance was observed. Lexical items classified as high-risk produced significantly higher error
rates among learners, and an asymmetry between productive and receptive tasks was also observed. The results suggest that em-
bedding models may serve as an empirically grounded tool for supporting vocabulary learning in closely related languages.

Keywords: interlingual homonymy; vector word presentations; predictive didactics; lexica; interference; lexical units; language
modeling; embeddings; lexical pairs; interlingual homonyms; Russian language; Russian lexicology; Slovak language; Slovak lexi-
cology; Russian as a foreign language; methods of teaching Russian; Slovak students

Acknowledgement: Forlanguage editing and stylistic refinement, an Al-based language model (ChatGPT, OpenAl) was used
as a supportive tool under the authors’ supervision. All conceptual, methodological, and interpretative decisions remained the re-
sponsibility of the authors.

For citation: Gajarsky, L., Kipchatov, M. (2026). Modeling Russian-Slovak Interlingual Homonymy Via Embeddings. In Philo-
logical Class. Vol. 31. No. 1, pp. 174-184. DOI:10.26170/2071-2405-2026-31-1-174-184.

MOJEJIMPOBAHUE PYCCKO-CJIOBALIKO
MEXXBA3BIKOBOM OMOHHMMHU C IIOMOIIBIO SMBEJAJVHI'OB

TFaspcku JI.
Yuusepcurer uM. CB. Kupwia u Mepozus B Tpuase (Tpuasa, CroBakus)
ORCID ID: https://orcid.org/0000-0001-8090-6977

Kunyaros M.
Yuusepcurer uM. CB. Kupmiia u Mepozus B Tpuase (Tpuasa, CroBakus)
ORCID ID: https://orcid.org/0000-0003-3021-6390

Annomayus. Mexba3blKoBas JeKcuueckas nHTepdepeHUrs Ha IPOTSHKEHUM ANUTENbHOTO BPEMEHU SBISETCS IIPELMETOM
Hay4HBIX MCCIEL0BAHUIM. XOPOLIO USBECTHO, YTO [IPU U3YYEHUU UHOCTPAHHOIO A3bIKA, 6IM3KOPOACTBEHHOIO POLHOMY, MOXKET
Ha6III0AATHCS TIOBBILIEHHBIN YPOBEHD MEXbA3bIKOBON UHTepdepeHyn. C 3TON TOYKM 3PEHUS MEXDbA3BIKOBblE OMOHUMBI TIPEJ-
CTaBIIOT COBOI IEKCUYECKUE eAVHULIBI TOBBIIIEHHOIO PUCKA, TOCKONBKY UX GOPMATBHOE CXOACTBO MOYKET IIPUBOAUTD K Herpa-
BWIBHOMY COOTHeceHUI0 GOpMBI U 3HaueHUs. Mogienu sMOeIUHIOB OTPXKAIOT KaK Paclpe/ieIUTebHble PA3Inuusl B yioTpedie-
HUY A3BIKOBBIX €VHMUI], TaK U Go/ee IUPOKME CEMAHTHUYECKHE ACCOUMALMM. B HACTOAIEM UCCIELOBAHUN CTATUYECKUE MOJENU
ambeppunros (fastText u MUSE), a taioke riay6okas mozenb smbGenaunuros (OpenAl) Gburv IIpUMEHEHBI K KOPILyCYy DPYCCKO-
CIOBALKUX NEKCUYECKUX AP, BKIIOUAOLIEMY MEXXbA3bIKOBbIE OMOHUMbBI U NIEPEBOAHBIE SKBUBAIEHTHI (10 150 AUHUL, B KAXKLON
kaTeropuu). Ha ocHOBe BBIABIEHHBIX MOJENEN CXOACTBA OblIa MPEAIOKEHA IIATUYPOBHEBAA TUIIONOTUS MEXXbI3bIKOBOM OMOHU-
muu (evident-risk, hidden-risk, medium-risk, conceptual-risk u asymmetric-risk). I[IpenuxTHBHbIN TOTEHIUAT MOZENH GBI IIPO-
BepeH Ha BbIGOPKE U3 46 CJIOBALKUX YUALIUXCSA, U3YYAIOLIUX PYCCKUM A3bIK KaK MHOCTPAHHbIN. BBUIO BBISIBIEHO YCTONUKUBOE COOT-
BETCTBUE MEXJY ITPOTHO3UPYEMbBIM MOJENbIO YPOBHEM PUCKA U PE3YAbTATAMH yYIUXcsd. JleKcuueckue eAUHULbI, KTacCuduiu-
POBaHHbIE MOZIENBIO KAK BbICOKOPUCKOBbIE, BHI3bIBAIN 3HAUUTENLHO G07ee BRICOKUIT ypoBeHb omnbok. Kpome Toro, 6puia 3adpuk-
CHpPOBaHA ACUMMETPUS MeXIy [POAYKTUBHBIMY U PELENTUBHBIMYU 33jaHUSMU. [10/lydeHHbIE Pe3yIbTaThl [I03BOJSIOT PACCMATPH-
BaTh MOJIe/NU SMOEINHIOB KaK SMIIUPUYECKH 060CHOBAHHBIN UHCTPYMEHT MOAAEPIKKYM OCBOEHUS IEKCUKU TIPYU U3YYEHUU 6113-
KOPOACTBEHHBIX A3BIKOB.

Karwueeve cr06a: MeXDbA3BIKOBAS OMOHMMUS; BEKTODHBIE IIPEACTABIEHUS C/IOB; MPEAUKTUBHASL AUAAKTUKA; JTeKCUYecKas
uHTepdepeHINs; TeKCHIecKre efUHUIBL; I3bIKOBOe MOAEMMPOBaHUe; SIMOEAUHIY; TeKCHYeCKUe Maphl; MeXKbI3bIKOBbIE OMOHU-
MBI; PYCCKUI SI3BIK; T€KCUKOIOTHS PyCCKOTO S3bIKa; CIOBAIIKUI S3BIK; IEKCUKOIOIUS CI0BALKOTO 3bIKa; PKH; pyccKui S3bIK Kak
MHOCTPaHHBII; METOAMKA IIPENOZaBaHUs PYCCKOrO A3bIKa; CJIOBAL[KUE IIIKOIBHUKY
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Introduction

Interference plays an important role in foreign-
language instruction. Positive interference facilitates
the correct association of form and meaning, whereas
negative interference arises when learners associate
formally similar units that differ in lexical meaning.
This phenomenon poses significant challenges for
both teachers and students. In genetically related lan-
guages such as Russian and Slovak, the issue becomes
even more pronounced, as learners tend to assign
meaning to unfamiliar lexical items on the basis of
graphic or phonological similarity. Interlingual ho-
monymy thus represents a source of systematic diffi-
culty in foreign-language learning and carries a high
potential for communicative error.

In classroom practice, systematic problems in
vocabulary acquisition are particularly evident in lexi-
cal items that exhibit a high degree of formal similari-
ty. Some interference-induced errors can be eliminated
relatively easily; others require repeated explanation
and clarification in multiple contexts; and some ap-
pear resistant even at higher levels of language proficien-
cy. Certain items also tend to display irregular or unpre-
dictable patterns of use. Moreover, an asymmetry be-
tween productive and receptive skills can be observed.
Although learners are often able to correctly associate
content with form in receptive tasks, significantly higher
error rates tend to occur in productive performance.

Embedding models capture a distributional ap-
proximation of meaning, including the distributional
behaviour of lexemes in corpora, degrees of contextual
similarity, and collocational patterns. At the same
time, they are capable of modelling conceptual related-
ness, semantic similarity at more abstract levels, and
cross-linguistic semantic mapping. In the subsequent
analysis, distributional distance and conceptual proximi-
ty are treated as two analytically distinct dimensions.
Embedding models thus hold substantial potential for
linguistic research, as they enable the quantification of
meaning and make it possible to conduct analyses that
would otherwise be difficult or impossible to perform
manually. They may therefore represent a valuable tool
in the field of predictive didactics. In the present
study, predictive didactics refers to the identification
of potential learning difficulty prior to instruction on
the basis of model-based lexical similarity patterns.
Embeddings represent words, phrases, or entire texts
as vectors in a high-dimensional space, where the dis-
tance between vectors reflects the degree of distribu-
tional or semantic similarity [cf. Devlin et al. 2016].
From this perspective, Russian and Slovak constitute a
highly suitable language pair, as both languages con-
tain hundreds of lexemes that are formally similar yet
differ in meaning. The key question is whether em-
bedding-based predictions can be validated using real
learner data.

175

Based on these considerations, four research ob-
jectives were formulated. First, it was examined
whether modern embedding models can reliably dis-
tinguish between semantic equivalents and interlin-
gual homonyms. Second, the extent to which these
models can serve as a foundation for predictive didac-
tics was assessed, particularly in diagnosing lexical
items that require increased instructional attention in
foreign-language acquisition. Third, it was investigated
whether the combination of static and deep embed-
ding models can identify structured levels of interference
risk and thereby support the development of a multi-
level diagnostic framework. Finally, an empirical vali-
dation was conducted to determine whether lexical
items predicted as high-risk by the proposed model
correspond to increased error rates in learner perfor-
mance.

To address these objectives, three embedding ar-
chitectures - fastText, MUSE, and OpenAl text-
embedding-3-large — were employed and their ability
to model distributional and conceptual similarity be-
tween Russian and Slovak lexemes was compared. The
resulting risk predictions were subsequently validated
through a learner experiment involving Slovak stu-
dents of Russian as a foreign language.

Unlike traditional approaches that rely on retro-
spective error analysis or contrastive descriptions of
false friends, the present study adopts a predictive
didactic perspective. Lexical risk is not inferred from
previously observed learner errors but is operationalised
prior to instruction through embedding-based simi-
larity patterns. The learner experiment therefore func-
tions not as an exploratory error study, but as an ex-
ternal validation of model-based risk predictions.

Theoretical Background

Interlingual homonymy and its didactic relevance. In-
terlingual homonymy is a phenomenon frequently
encountered by translators, foreign-language teachers,
and learners. It arises when two or more linguistic
units from different languages — whether genetically
related or unrelated - coincide fully or partially in their
graphic or phonological form but differ in meaning. Ac-
cording to D. Kollar, interlingual homonymy refers to
the acoustic or graphic similarity, or both, of words
with different meanings across two or more language
systems [1987: 223]. The current relevance of this topic
is reflected in the large number of studies and dictionaries
of “false friends,” a common umbrella term for such
misleading lexical pairs.

Interlingual homonymy has various sources. In
related languages, formally identical or analogous lexi-
cal units often share a common historical origin, such
as roots derived from Proto-Slavic in the case of Slavic
languages. In the present study, interlingual homony-
my is understood as a set of phenomena characterised
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by formal similarity or analogy combined with seman-
tic non-equivalence or partial divergence, including
differences in connotations. However, as M. Panciko-
va [2003] notes, from a language-didactic perspective,
practical methodologies for teaching and mastering
interlingual homonyms remain insufficiently developed
in Slavic languages.

In the scholarly literature on false friends and in-
terlingual homonymy, classifications of homonym
types and analyses of errors occurring either in teaching
contexts or in translation are commonly encountered.
Across the SLA literature, it is widely acknowledged
that lexical interference is one of the most frequent
forms of transfer in genetically related languages. The
greater the formal similarity between lexical units, the
higher the likelihood of incorrect associations between
form and meaning. It is also well established that lexi-
cal units with a high degree of formal similarity may
lead to errors in foreign-language production. Re-
search further indicates the non-uniform nature of
interference, suggesting that not all lexical items have
the same potential to cause errors. Stronger interlin-
gual interference effects are observed in lexical units
characterised by formal similarity and differing fre-
quency profiles in the first and foreign language
[Kootstra, Dijkstra, Starren 2015]. From a cognitive
perspective, “false friends” manifest themselves in
specific cross-linguistic situations that may result in
incorrect meaning mapping [O’'Neill, Casanovas 1997].
Empirical studies also demonstrate an asymmetry
between production and reception in lexical units
marked by high similarity. This implies that the elimi-
nation of interference-related errors does not guaran-
tee the absence of errors in foreign-language produc-
tion [Odlin 1989]. Receptive abilities thus often pre-
cede productive competence. Given this variability and
asymmetry, there is a need for approaches that allow
potential lexical risk to be identified in advance. Modern
tools such as quantitative models are capable of identi-
fying high-risk lexemes in advance, which is emerging
as one of the key challenges for contemporary didactic
research [AlKhuzaey et al. 2023].

The combination of formal similarity and seman-
tic divergence represents a measurable challenge for
learners and, from a computational perspective, con-
stitutes a particularly suitable and relevant phenome-
non for distributional modelling.

Distributional and deep embedding models in the ser-
vice of predictive didactics. In modeling lexical, semantic,
and distributional relations in natural language pro-
cessing (NLP), embedding models are widely adopted
as a standard approach. Embeddings provide vector-
based representations of words in a multidimensional
space, and their distance correlates with the degree of
similarity in their distributional and semantic properties.

In static embedding models, each word is as-
signed a single vector that does not change and is un-
affected by context. A major strength of these models
is their high sensitivity to syntagmatic and colloca-
tional patterns, which makes it possible to compare
different languages, as they are represented within a
shared vector space. From the perspective of cross-
linguistic interference and contrastive lexicology, this
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aspect is essential, since it allows the measurement of
cross-linguistic distances. Another advantage of these
models lies in the relative simplicity of their architec-
ture and the consistency and interpretability of their
outputs.

The modern generation of embeddings — such as
OpenATl's text-embedding-3-large — is based on the
architecture of large language models (LLMs), which
in turn rely on transformer networks. Deep models
generate contextual representations [Brown et al.
2020]: a word therefore no longer has a single fixed
vector; rather, its representation is dynamically condi-
tioned by the surrounding context, with representa-
tions arising in the higher layers of the neural net-
work. This enables such models to capture not only
distributional patterns but also more abstract seman-
tic regularities [Peters et al. 2018].

From a didactic perspective, this makes it possi-
ble to operationalise lexical similarity in quantifiable
terms. In other words, these language models repre-
sent a tool that allows the identification of potential
sources of cross-linguistic interference. Distributional
models enable the examination of distributional dis-
tance, while deep embedding models capture concep-
tual proximity; in the present study, these are under-
stood as two analytically distinct dimensions of lexical
relatedness.

Embedding models do not model learner cogni-
tion directly; rather, they capture structured regulari-
ties of language use encoded in large-scale corpora.

Embeddings as a tool for identifying interference-risk
lexemes. Embedding models make it possible to quanti-
fy semantic distance between formally similar lexemes
and to compare cross-linguistic similarity profiles in a
systematic and reproducible manner. Interference risk
arises from specific configurations of distributional
distance and conceptual proximity across models.

From a didactic perspective, the interaction be-
tween formal similarity and embedding-based simi-
larity patterns is crucial. Lexical items combining
strong formal overlap with particular cross-model
similarity configurations are more likely to trigger
systematic learner difficulties. The aim is therefore
not to construct static lists of so-called “false friends,”
but to identify structured risk profiles grounded in
semantic representations derived from complemen-
tary embedding architectures.

Previous research on Slavic languages has pri-
marily focused on the technical evaluation of bilingual
embeddings (e.g., fastText, MUSE). In the present
study, these models are employed as diagnostic in-
struments for assessing interference risk within a pre-
dictive didactic framework. By integrating static and
deep embeddings, a multi-level typology of interlin-
gual homonymy is constructed, capturing qualitatively
distinct similarity configurations rather than a simple
linear scale of difficulty.

The proposed approach is subsequently validated
through learner performance data.

Methodology

Data and lexical material. For this study, a dataset
was created to enable both linguistic comparison of



lexemes and the identification of items posing an in-
creased risk of interference in vocabulary acquisition
in Slavic languages. The dataset comprises 150 Rus-
sian-Slovak translation equivalents and 150 Russian-
Slovak interlingual homonyms and is publicly available
on the author’s GitHub (https://github.com/Lukas-
Gajarsky/russian-slovak-homonymy-dataset). The
lexical material was selected to systematically cover
both formally similar and semantically divergent
items, allowing controlled contrasts between predicted
high-risk and low-risk categories.

Translation equivalents were selected as stable,
high-frequency lexical pairs with unambiguous se-
mantic correspondence across languages (e.g., aBTop —
autor, skola - mkona, mizeum — myseit), forming a
low-risk reference baseline for comparison of distri-
butional behaviour. Interlingual homonyms were de-
fined as formally similar lexemes exhibiting partial or
full semantic divergence (e.g., manen — palec, 6onoto —
blato, anexrpuuka - elektricka), corresponding to
items with heightened interference potential. From a
didactic perspective, these lexemes represent the
group with the highest interference risk.

The list was compiled from multiple complemen-
tary sources:

- existing Russian-Slovak lexicographic litera-
ture;

— the author’s dictionary of Russian-Slovak in-
terlingual homonyms;

— previous contrastive
oriented studies;

- manual verification of semantic distinctness
and usage patterns.

The dataset was deliberately designed to be di-
dactically relevant, covering common vocabulary
found in Russian and Slovak foreign-language cur-
ricula and representing frequent sources of interfer-
ence errors. Each item was labeled by type (translation
equivalent / interlingual homonym) to enable repro-
ducible risk profiling. The dataset was not intended to
be lexicographically exhaustive but diagnostically rep-
resentative, prioritizing internal consistency and peda-
gogical relevance over full coverage.

The dataset further served as the basis for con-
structing a five-level interference-risk typology pre-
sented in the Discussion section. This typology derives
from model-based similarity patterns across multiple
embedding architectures and is independently sup-
ported by learner performance data, providing exter-
nal validation of the dataset design and mitigating
potential concerns regarding selection subjectivity.

Embedding models and similarity computation. In
this study, three embedding models were employed:
the static distributional models fastText and MUSE,
and a deep neural OpenAl embedding model. The static
models were selected for their sensitivity to colloca-
tional and distributional variation, allowing the iden-
tification of lexical items that occupy distinct contex-
tual environments across languages. The OpenAl
model, operating within a shared multilingual vector
space, enables direct cross-linguistic comparison and
captures higher-level semantic associations that ex-
tend beyond immediate collocational patterns.

and interference-
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The inclusion of both static and deep embeddings
was methodologically motivated. The study requires
analytically separable similarity dimensions: distribu-
tional distance and conceptual proximity. Static em-
beddings alone tend to represent both fine-grained
distributional contrasts and broader semantic associa-
tions along a single similarity continuum, limiting
their independent examination. The deep embedding
model thus provides a complementary similarity di-
mension that cannot be derived from static architec-
tures alone.

The models were therefore employed in a com-
plementary manner to minimise model-specific bias.
By combining similarity scores across architectures,
stable cross-model patterns of lexical proximity were
identified and used as the empirical basis for con-
structing the interference-risk typology presented in
the Discussion section.

Construction of the diagnostic typology. Semantic
similarity between Russian and Slovak lexemes was
operationalized using cosine similarity within the re-
spective embedding spaces. Static distributional models
(fastText, MUSE) were interpreted as reflecting distri-
butional distance between lexemes, whereas the
OpenAl embedding model was treated as capturing a
complementary dimension of conceptual proximity
within a shared multilingual vector space. The strong
correlation between fastText and MUSE and their only
moderate correlation with the OpenAl model empiri-
cally supported this analytical distinction.

Each lexical pair was thus represented through
similarity scores that were analytically interpreted
along two separable dimensions: distributional dis-
tance and conceptual proximity. Rather than consti-
tuting a strict geometric two-dimensional space, these
dimensions represent complementary similarity per-
spectives derived from different embedding architec-
tures. This distinction is consistent with well-
documented sources of cross-linguistic interference
described in the literature: lexical items may exhibit
high formal similarity yet differ in their usage patterns
(distributional divergence), or they may display intui-
tive category-based equivalence despite distributional
mismatch (conceptual proximity).

This framework initially provided the basis for a
quantitative similarity continuum. However, recur-
rent cross-dimensional patterns were observed across
lexical pairs. The resulting five-level typology (evident-
risk, hidden-risk, medium-risk, conceptual-risk, and
asymmetric-risk homonyms) therefore reflects quali-
tatively distinct cognitive constellations rather than
merely different degrees of similarity. Interference
risk is thus interpreted not as a linear function of simi-
larity, but as the outcome of specific interactions be-
tween distributional experience and conceptual struc-
turing.

Statistical validation and model-based contrast. The
underlying assumption was that translation equiva-
lents would exhibit higher levels of embedding simi-
larity than interlingual homonyms. The objective at
this stage was therefore to verify the basic separability
of these two lexical groups. A non-parametric Mann-
Whitney U test was employed for this purpose. As the
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hypothesis was directional, a one-sided test was ap-
plied to similarity scores obtained from all embedding
models. The results confirmed a statistically signifi-
cant difference between the two groups of lexemes.
The test thus served as a validation framework for the
subsequent stages of the research.

Visualizations as diagnostic tools. A set of comple-
mentary visualization techniques such as boxplots,
KDE, PCA, correlation analysis was employed to facili-
tate interpretation of similarity patterns. These were
used for diagnostic support rather than inferential
testing.

Reproducibility and technical environment. All com-
putational experiments were conducted in a standard
Python environment using established libraries for
vector processing and similarity computation, including
Gensim and NumPy. Cosine similarity was applied
consistently across all embedding models. The
fastText and MUSE embeddings were obtained from
the official Meta Al repositories, while the OpenAl
text-embedding-3 model was accessed via the OpenAl
API.

To ensure transparency and reproducibility, the
lexical dataset used in the study is publicly available,
and all similarity computations can be replicated using
standard embedding workflows. In addition, the
anonymized binary learner-response data, including
the scoring scheme used for analysis, are provided in
spreadsheet format in the same GitHub repository.

Learner-based empirical validation. To externally
validate the predictive potential of the proposed em-
bedding-based diagnostic typology, a learner-based
experiment was conducted. The aim was to examine
whether lexical items classified as high-risk by the
model indeed lead to increased error rates in learner
performance.

The participant group consisted of 46 learners
enrolled in a Russian-Slovak bilingual secondary
school program in Slovakia. All participants were na-
tive speakers of Slovak with Bi-B2 proficiency in Rus-
sian, ensuring a relatively homogeneous learner profile.

A targeted lexical test was constructed directly on

Table1

the basis of the interference-risk typology. The test
comprised 24 items, equally divided into productive
(translation) and receptive (multiple-choice) tasks.
Items represented both high-risk and low-risk catego-
ries, enabling a controlled comparison between model-
based predictions and observed learner behavior.

Responses were scored using a strict binary
scheme. Only the most direct and contextually appro-
priate translation equivalent was coded as correct (1);
all alternative solutions were coded as incorrect (0) in
order to preserve lexical precision.

Statistical analysis. Learner performance data
were analysed using non-parametric methods due to
the binary nature of the responses (correct = 1, incor-
rect = 0). Lexical items were classified as low-risk or
high-risk prior to statistical analysis on the basis of the
embedding-based typology. Analyses were conducted
at both the item level and the participant level. At the
item level, mean accuracy rates per lexical item were
compared across risk categories. Group differences
were tested using the Mann-Whitney U test, and effect
sizes were calculated using r. At the participant level,
individual learners’ mean accuracy scores for high-risk
and low-risk items were contrasted using a Wilcoxon
signed-rank test, as the design involved paired (de-
pendent) measurements. Effect sizes were calculated
usingr.

Results

The results are presented in two complementary
parts. First, similarity patterns generated by the em-
bedding models are reported and statistically evaluated.
Second, learner performance data are analysed to em-
pirically validate the predictive potential of the pro-
posed embedding-based risk classification.

Descriptive statistics of embedding similarity. Across
all three embedding models (fastText, MUSE, Open-
AI), translation equivalents consistently exhibited
higher cosine similarity values than interlingual homo-
nyms. Mean similarity scores for both groups are
summarized in Table 1.

Model mean(eq) mean(hom)
fastText 0,501 0,272
MUSE 0,534 0,303
OpenAl 0,618 0,565

The static embedding models fastText and MUSE
show a clearer separation between translation equiva-
lents and interlingual homonyms, whereas the OpenAl
model yields higher absolute similarity values with
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reduced variability. Boxplot visualizations (Figure 1)
confirm a consistent upward shift in similarity distri-
butions for translation equivalents across all models.
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Distribution of Cross-Lingual Similarity Scores
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Figure 1. Boxplot of cosine similarity distributions between Russian and Slovak lexical units
in the fastText, MUSE, and OpenAl models

Distributional patterns across models. KDE distribu-
tions provide a more fine-grained view of similarity
patterns across embedding models. In the static models
(fastText and MUSE), a broader spread of similarity
values can be observed, whereas the OpenAl model

exhibits a more right-shifted and comparatively com-
pressed distribution. This pattern suggests that the
OpenAl deep embedding model assigns generally
higher similarity scores and displays reduced disper-
sion relative to the static models.

KDE Distribution of Cross-Lingual Similarity Scores
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PCA-based representation of the OpenAl embedding
space. The PCA projection reveals that Russian and
Slovak lexemes tend to cluster predominantly according
to language membership along the first principal
component, while still exhibiting areas of overlap. This
overlap corresponds to lexemes that occupy relatively

Cosine similarity

Figure 2. Kernel density curves (KDE) of cosine similarity for the fastText, MUSE, and OpenAl models
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proximate positions in the similarity space derived
from the OpenAl embeddings. Such proximity is con-
sistent with elevated cross-linguistic similarity scores
and may signal increased confusability between cer-
tain lexical items.
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PCA Visualization of Russian-Slovak Lexical Embeddings (OpenAl)
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Figure 3. PCA projection of Russian and Slovak lexemes from the OpenAl text-embedding-3-large model

Cross-model correlation analysis. The moderate cor-
relations between the static models and the OpenAl
model (r = 0,42 and r = 0,40) indicate partial overlap
alongside divergence in similarity structure. In con-
trast, the very strong correlation between fastText and

sim_fasttext

sim_muse

0.42 0.4

sim_openai

I I
sim_fasttext

sim_muse

MUSE (r = 0,94) confirms that the two static models
encode highly aligned distributional patterns. This
pattern supports the interpretation that the OpenAl
embeddings capture similarity relations not fully re-
ducible to distributional proximity.

Correlation Matrix of Embedding Similarity Scores
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Figure 4. Correlation matrix

Statistical confirmation of model-based contrast. To
statistically verify the observed group differences, a
one-sided Mann-Whitney U test was applied to the
similarity scores from each embedding model as the
hypothesis was explicitly directional (translation
equivalents were expected to exhibit higher similarity
than interlingual homonyms). In all models, transla-
tion equivalents achieved significantly higher similari-
ty values:

fastText: U=18,364.5, p=1,55 x 10~>°

MUSE: U =16,144.5, p = 2,77 x 10732

OpenAl: U=14,032.5, p=1,06 x 10™*.

These results provide statistical confirmation
that translation equivalents and interlingual homo-
nyms are systematically distinguishable within the
embedding space across model architectures. This
made it possible to establish the foundation for the
interference-risk typology.

Learner-based empirical validation results. In the
next step, the results were externally validated using
learner data. The aim was to examine whether lexical
items classified by the model as high-risk would in-



deed be associated with higher error rates among
learners. The data were analysed at two levels: the item
level and the participant level.

At the item level, a non-parametric Mann-
Whitney U test was applied. Mean accuracy rates of
individual items were compared across risk catego-
ries. A statistically significant difference was observed
between low-risk and high-risk items, with a moderate
effect size. High-risk items yielded significantly higher
error rates.

At the participant level (paired design), a Wilcoxon
signed-rank test was employed, as the measurements

METHODS OF TEACHING PHILOLOGICAL DISCIPLINES

were dependent. For each participant, mean accuracy
in the low-risk and high-risk lexical categories was
compared. The difference was highly significant (W =
0.0, p = 3,30 x 107%). Nearly all participants achieved
better performance on low-risk items, as illustrated by
the paired comparison plot (Figure 5).

The expected asymmetry between receptive and
productive performance was also observed: error rates
were more pronounced in production tasks, which
constitute a more sensitive indicator of lexical inter-
ference.

Paired comparison of learner accuracy
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Figure 5. Paired line plot comparing mean learner accuracy for low-risk and high-visk lexical items.
Each line represents an individual learner’s paired mean accuracy across the two risk categories

Discussion

Model-based prediction of lexical interference. The aim
of this study was to examine whether embedding sys-
tems, understood as computational representations of
lexical similarity, can be used to predict interference
risk — that is, to anticipate potential learner errors
before they actually occur — rather than merely describing
them ex post. The analysis was conducted using a da-
taset of Russian-Slovak interlingual homonyms.

The results showed that both static and deep em-
bedding models reliably distinguish between interlin-
gual homonyms, representing high-risk lexical items,
and translation equivalents, which constitute low-risk
items. In the next stage, a learner-based experiment
was conducted to provide external validation. The ex-
periment involved 46 students forming a relatively
homogeneous participant group.

The results confirmed that lexical items classified
as high-risk indeed produced higher error rates
among learners. Embedding models capture both dis-
tributional signals and conceptual relations; they
therefore function not only as descriptive tools but
may also serve as indicators of potential difficulties in
vocabulary acquisition.

Distributional and conceptual similarity as comple-

mentary interference mechanisms. The study distin-
guishes two dimensions of cross-linguistic interference:
a distributional dimension, reflecting differences in
lexical usage, and a conceptual dimension, related to
mental categories. The distributional component -
distributional and collocational similarity — is cap-
tured by static embedding models, in our case fastText
and MUSE. From this perspective, these models effec-
tively separate high-risk items (interlingual homo-
nyms) from low-risk items (translation equivalents),
thereby identifying overt interference risks.

However, relying solely on static embeddings
would reduce the description of interference to a sin-
gle continuum of similarity. To capture the conceptual
dimension of interference — conceptual associations
between lexical items - a deep embedding model
(OpenAl) was therefore employed. This model may
indicate latent interference risks that are not visible in
purely distributional patterns.

The interaction of these two dimensions reflects
different types of lexical similarity. Lexical interference
thus emerges from the interaction between two fac-
tors: distributional divergence and conceptual proximity.

Five-level typology of interlingual homonymy. On the
basis of the outputs of static and deep embedding
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models, a five-level typology of interlingual homony-
my was proposed, allowing interference risk to be in-
terpreted not only in terms of its intensity, but also in
terms of its cognitive source. The typology does not
constitute a continuous scale of difficulty; rather, it
reflects distinct configurations of formal overlap, dis-
tributional divergence, and conceptual similarity.
From this perspective, interference risk can be under-
stood not merely as a matter of degree, but as the out-
come of qualitatively different similarity patterns. The

Table2

proposed categories are conceived as prototypical in-
terference profiles rather than as mutually exclusive
classes, reflecting the continuous nature of similarity
relations in embedding spaces and the gradient charac-
ter of lexical interference.

Table 2 provides an overview of the proposed
five-level typology, summarising the characteristic
similarity configurations and risk profiles associated
with each homonym type.

Lo . Dominant interfer- . .
Homonym type Similarity configuration . Risk profile Representative example
ym yp by config ence mechanism prof P P
clear semantic divergence;
Evident-risk low static x low deep | formal similarity predictable form-based bpax - brak
error
concentual prox- intuitive sense of equiva-
Hidden-risk low static x high deep | .. ptualp lence despite  divergent | arexmpuuxa — elektricka
imity
usage
. . moderate similari artial semantic correct category, incorrect .
Medium-risk y P - ategory, 1 Aekyus — lekcia
across models overlap specification of meaning
. very low static x ver conceptual illusion | category-based = mappin
Conceptual-risk oy Y P sory pping naney,— palec
high deep of equivalence overriding usage
. maximal model con- | conflicting similari- | unstable lexical representa- ,
Asymmetric-risk i - . KauoH — kanon
ict ty signals tion

Evident-risk homonyms: clear semantic divergence.
These pairs are characterised by very low similarity
values across all models, indicating that their semantic
and collocational profiles are fully separated despite
strong formal resemblance. Learners therefore tend to
infer meaning incorrectly.

A representative example is 6pak — brak (‘defect’
vs. ‘waste material’). Although the two forms are near-
ly identical, the Russian lexeme is associated with
craftsmanship and evaluative terminology, whereas
the Slovak item denotes industrial residue. Similar
patterns occur in 3axsar — zichvat (‘capture’ vs. ‘sei-
zure’) and sakasHuk — zakaznik (‘nature reserve’ vs.
‘customer’). Because these items predictably trigger
form-based misinterpretation, they require explicit
warning and contrastive presentation, and after ex-
plicit instruction the error typically disappears.

Hidden-risk homonyms: high conceptual similarity de-
spite distributional divergence. These pairs receive low
similarity in static embeddings but high similarity in
the OpenAl model. Although their distributional pro-
files differ substantially, they share conceptual do-
mains that prompt a strong sense of equivalence in
learners.

The clearest example is anexTpuuka — elektricka
(‘suburban train’ vs. ‘tram’). While static models cor-
rectly capture distinct collocational frames, the Open-
Al model groups the items together under the broader
category of urban transport. This mirrors the learner’s
intuitive categorisation and explains frequent confu-
sion even among advanced speakers. Such items bene-
fit from contextual and situational clarification.

Medium-risk homonyms: partial semantic overlap.
Medium-risk pairs show moderate similarity across
models and typically involve asymmetric polysemy or
partial overlap in semantic fields. Learners often iden-
tify the general conceptual domain correctly but mis-
interpret the specific meaning.
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Examples include nexuus — lekcia (lecture’ vs.
lesson), 6onoro — blato (‘swamp’ vs. ‘mud’), and >xanp —
Zial (‘pity’ vs. ‘sorrow’). Here, interference results not
from a fundamental misunderstanding but from sub-
tle semantic drift. Prototype clarification, collocational
contrasts, and contextual examples help reduce error
rates in this category.

Conceptual-risk homonyms: high-level conceptual af-
finity. These homonyms attain high similarity in the
OpenAl model but very low similarity in static embed-
dings. In the semantic space of an LLM, they appear
conceptually close even though their linguistic usage
differs markedly. This therefore constitutes a concep-
tual “illusion” of equivalence. From a cognitive per-
spective, this involves mapping a foreign-language
lexeme primarily at the level of mental categories ra-
ther than on the basis of its contextual and colloca-
tional behaviour. In this case, the interference error
does not arise from a lack of knowledge of meaning,
but from faulty abstraction: the lexemes are perceived
as equivalent because they activate a similar conceptual
frame, even though their linguistic usage differs sys-
tematically.

For instance, maren — palec (‘finger’ vs. ‘thumb)
belong to the same anatomical category, yet each lan-
guage assigns them a different referential scope. In
kaHOH — kandn (‘canon’ vs. ‘cannon’), conceptual clus-
tering emerges from shared orthography and high-
level categorical associations, despite striking seman-
tic divergence. Such lexemes require discourse-
anchored explanation and explicit differentiation of
usage domains.

Asymmetric-risk homonyms: maximal conflict between
distributional and conceptual signals. Asymmetric-risk
pairs exhibit the strongest divergence between models:
static embeddings classify them as unrelated, while
the OpenAl model interprets them as conceptually
similar. This produces conflicting cues and leads to



persistent interference. The absence of a coherent
similarity profile results in particularly unstable lexical
representations and persistent production errors.

This pattern is again exemplified by xanon -
kanén. Distributionally, the Russian item belongs to
normative and religious discourse, whereas the Slovak
lexeme refers to a weapon system. Conceptually, however,
the OpenAl model groups them together on the basis
of formal similarity and broad categorical associa-
tions. Such items require explicit correction of intui-
tive but misleading semantic assumptions.

Taken together, the proposed typology shows
that interlingual homonymy cannot be treated as a
homogeneous phenomenon. Rather, individual homo-
nym types activate different cognitive mechanisms
and, as a consequence, call for different pedagogical
responses.

Learner performance: perception vs production. The
external validation test showed that high-risk items
produced significantly higher error rates, and nearly
all participants achieved better scores on low-risk
items. SLA research has long documented an asym-
metry between receptive and productive tasks, which
was also observed in the present test. Although many
lexical items were correctly recognised by learners,
errors frequently occurred when they were required to
produce them in translation tasks.

The most frequent difficulties were observed in
the groups of hidden-risk, conceptual-risk, and
asymmetric-risk homonyms. This pattern may be ex-
plained by the differing cognitive demands of recep-
tive and productive tasks. In receptive tasks, learners
only need to recognise the lexical item, whereas pro-
duction requires active retrieval of the word and the
inhibition of competing forms, which increases the
likelihood of interference.

Production errors tended to occur with concep-
tually related lexical items. This pattern is consistent
with the predictions of the embedding models: lexemes
that occupy regions of conceptual proximity in the
embedding space tended to trigger production errors
more often. These findings suggest that productive
performance constitutes a more sensitive indicator of
lexical interference than receptive recognition.

Implications for predictive didactics. In the scholarly
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literature, analyses typically focus on errors that learners
have already produced. In contrast to this retrospec-
tive perspective, predictive didactics aims to antici-
pate potential vocabulary difficulties before they oc-
cur. Embedding models and their measures of seman-
tic similarity therefore offer promising possibilities for
application within predictive didactics. The typology
of interlingual homonymy proposed in this study,
based on the dominant interference mechanism,
makes it possible to apply differentiated pedagogical
strategies. Predictive didactics cannot replace peda-
gogical judgment, but it may serve as a useful tool for
identifying potential problem areas in vocabulary ac-
quisition. In this sense, embedding-based analysis
may function as an analytical bridge between compu-
tational modelling of lexical similarity and practical
foreign-language pedagogy.

Conclusion

This study has shown that the potential of em-
bedding-based similarity measures can be used not
only as descriptive tools, but also as relevant means for
predicting lexical interference in foreign vocabulary
acquisition. By combining static embedding models
designed to capture distributional divergence with
deep embeddings reflecting different levels of seman-
tic organization, it was possible to identify comple-
mentary mechanisms of interference. Moderate corre-
lations between static and deep embeddings further
indicate that these models encode distinct and non-
redundant types of similarity.

The proposed five-level typology of interlingual
homonymy, capturing qualitatively different mecha-
nisms of lexical interference, suggests that lexical in-
terference is a heterogeneous phenomenon. Valida-
tion on learner data confirmed that lexical items pre-
dicted by the model as high-risk were associated with
higher error rates among learners, particularly in pro-
ductive tasks.

Overall, the results of this study situate predic-
tive didactics as an empirically grounded extension of
contrastive linguistics. Embedding models may thus
be viewed as offering potential for further application
across different language pairs and learning contexts.
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