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A COMPREHENSIVE EVALUATION OF TRANSFORMER MODELS
FOR SENTENCE-LEVEL SEMANTIC SIMILARITY
IN ENGLISH AND UKRAINIAN

The subject of this study is transformer-based models for semantic textual similarity and approaches to their evaluation in
monolingual and cross-lingual settings for English and Ukrainian. The aim of the work is to evaluate and compare the effectiveness
of transformer models on English, Ukrainian, and English-Ukrainian sentence pairs, using different approaches to assessing
their quality and practical applicability. To achieve this aim, the following tasks are addressed: comparing models on
monolingual and cross-lingual datasets; analyzing results using Pearson and Spearman correlation coefficients; assessing practical
applicability by classifying predictions based on error thresholds; and investigating the impact of language on model accuracy.
Methods. The study employs transformer models GTE, LaBSE, MiniLM, and MPNet, evaluated on the STS-B dataset, as well as its
Ukrainian and English-Ukrainian versions. Cosine similarity is used to compute sentence similarity, while evaluation
is performed using Pearson and Spearman correlation coefficients together with classification of predictions based on an error
threshold. Results. The findings show that the GTE model demonstrates the best overall performance across combined metrics,
while MiniLM provides an optimal balance between accuracy and computational efficiency. They also indicate that high correlation
scores do not always correspond to a high percentage of correct predictions, revealing limitations of traditional evaluation
approaches. In addition, a systematic tendency of models to overestimate similarity in the lower range is observed. It is further
found that cross-lingual pairs may achieve higher accuracy under threshold-based evaluation despite lower correlation
values, indicating differences in model behavior depending on the evaluation metric. Conclusions. The study demonstrates
the effectiveness of a combined evaluation approach for semantic similarity models, which enables a more comprehensive
assessment of their real-world performance. The results confirm the importance of considering language-specific characteristics
and practical task requirements when selecting models and evaluation methods, and highlight the role of comprehensive
evaluation strategies.

Keywords: semantic similarity; transformer models; model evaluation; Pearson correlation coefficient; Spearman
rank correlation coefficient; English language; Ukrainian language; cross-lingual similarity; practical model performance.

1. Introduction in turn, facilitated the emergence of models specifically

designed for text comparison tasks and optimized
for more accurate semantic similarity assessment.

The fundamental role of the STS task within
NLP is reflected in its frequent use as a component
of more complex applied systems. In particular,
STS is widely used for automatic essay grading,

One of the key challenges in the field of natural
language processing (NLP) is the accurate assessment of
semantic similarity between two texts, commonly
formalized as the semantic textual similarity (STS) task.
Effective solutions to this problem provide the foundation

for a wide range of applied NLP tasks.

Substantial progress in semantic modeling has been
achieved through methods for learning vector
representations (embeddings) of linguistic units, most
notably Word2Vec [13] and GloVe [15]. However,
these methods share an inherent limitation: they
primarily operate at the level of individual words and
therefore fail to adequately capture context-dependent
variations in meaning. This was followed by the
development of transformer-based models, particularly
BERT (Bidirectional Encoder Representations from
Transformers), which generate significantly higher-
quality contextualized representations [7]. This progress,

plagiarism detection, question answering, and filtering
text pairs based on semantic similarity. In this
context, the accuracy and robustness of STS models
directly  determine the  effectiveness of the
corresponding applications.

At the same time, the performance of semantic
similarity models may vary considerably depending on
the task, dataset properties, and linguistic context.
This  variability  highlights the importance of
systematic analysis of existing models and evaluation
methodologies, as well as a comprehensive investigation
of the factors that influence their performance.
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2. Analysis of sources and definition of the problem

Recent studies increasingly demonstrate that
general-purpose transformer models do not exhibit
consistently  stable performance across different
application scenarios. Their effectiveness depends on the
domain, dataset composition, and the chosen evaluation
metric [21, 20]. This indicates that even high-quality
vector representations, when considered in isolation,
do not guarantee stable performance in STS tasks.
Therefore, comparative studies across different types
of data are necessary to assess the practical suitability
of such models.

Separately, the literature addresses the problem of
evaluating the quality of model predictions in semantic
similarity tasks [1, 11, 16]. Traditionally, particularly
within the framework of SemEval-2017 Task 1 [4],
Pearson’s correlation coefficient is used to compare
model predictions with human annotations. This metric
enables the assessment of linear correspondence
between predicted and ground-truth scores. However,
its application has certain limitations, as identical
coefficient values may correspond to different error
distributions and do not always adequately reflect the
practical effectiveness of a model.

As an alternative, Spearman’s rank correlation
coefficient [24] is often used, as it better captures
monotonic and nonlinear relationships between scores.
This metric has also been successfully applied in the
evaluation of models on STS tasks [18]. However, it is
not universal either: high rank consistency does not
necessarily ensure effectiveness of the system in applied
scenarios where it is critical to make threshold-based
decisions, ranking decisions, or selection of text pairs.

For this reason, other evaluation metrics are being
investigated, including normalized cumulative gain
(nCG), normalized discounted cumulative gain (nDCG),
precision, F1-score, and combined approaches [19].
However, existing results indicate that there is no
universal metric for evaluating STS models, and the
choice of a specific evaluation method should be
determined by the properties of the task at hand.
A similar conclusion is supported by findings in other
domains where system performance monitoring, early
error detection, and optimization with respect to speed
and accuracy are essential [9, 10, 23].

Another under-researched problem is cross-
linguistic semantic similarity, particularly for languages
with different grammatical and syntactic structures,
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such as Ukrainian and English. Most existing studies
focus on monolingual datasets or high-resource language
pairs. Although recent approaches to constructing
multilingual sentence embeddings have demonstrated
promising results in zero-shot transfer settings [3], their
performance remains limited for typologically distant
languages, where a decrease in semantic alignment
quality is still observed.

In this context, the Ukrainian language faces
additional challenges due to the lack of standardized
datasets, which complicates accurate benchmarking
and fine-tuning of the models for natural language
processing tasks, particularly STS [12, 14]. Although
cross-lingual benchmarks have been proposed, such as
those in SemEval-2017 Task 1 [4], most comparative
studies continue to focus on high-resource languages,
thereby limiting the evaluation of models for Ukrainian
and constraining cross-lingual comparisons between
English and Ukrainian.

Thus, two interrelated research gaps can be
identified. First, there is no universal approach to
evaluating the quality of semantic textual similarity (STS)
models that adequately reflects their performance across
different application scenarios. Second, the behavior
of modern transformer-based models in cross-lingual
settings, particularly for English-Ukrainian sentence
pairs, remains underexplored. These gaps jointly motivate
a comparative analysis of STS models on both
monolingual and cross-lingual datasets using multiple
evaluation approaches.

3. Research objectives and tasks

Given that the performance of STS models is
strongly language-dependent, this study compares several
models on English, Ukrainian, and English—Ukrainian
sentence pairs. This approach enables the assessment of
model stability as well as sensitivity to typological
differences in grammar and syntax.

Since different correlation-based metrics capture
different aspects of model behavior, the evaluation is
conducted using both Pearson and Spearman correlation
coefficients. This allows for identifying potential
differences in performance assessment depending on the
evaluation metric and provides a more comprehensive
view of the agreement between model predictions
and human annotations.

However, correlation analysis alone is insufficient
for assessing the practical applicability of the models.
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Therefore, it is complemented by classifying sentence
pairs based on the magnitude of the error between
predicted and ground-truth similarity scores. This makes
it possible to analyze how the models handle sentence
pairs with varying levels of semantic similarity and
to identify cases in which they exhibit large deviations
or, conversely, achieve high accuracy.

Accordingly, the purpose of this work is to evaluate
and compare transformer-based models on monolingual
and cross-lingual datasets of English and Ukrainian
sentences, taking into account multiple approaches to
semantic similarity assessment.

Table 1. Parameters of the models under comparison
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4. Materials and research methods

Selected models and their characteristics

To compare performance on sentence-level
semantic similarity tasks, several transformer-based
models were selected. These models differ in

architectural characteristics, support a wide range of
languages (including English and Ukrainian), and have
demonstrated strong performance in prior studies.
Table 1 presents the embedding dimensionality of each
model, the number of supported languages, and their
base architectures.

Model Embedding dimension | Supported languages Base model
gte-multilingual-base (GTE) 768 75 GTE
LaBSE 768 110 BERT
paraphrase-multilingual-MiniLM-L12-v2 (MiniLM) 384 50 BERT
paraphrase-multilingual-mpnet-base-v2 (MPNet) 768 50 XLM-RoBERTa

The gte-multilingual-base (GTE) model is based
on an encoder-only transformer architecture, supports
75 languages, and processes input sequences of up to
8192 tokens. A key distinguishing feature of GTE is its
ability to generate both dense and sparse embeddings,
which improves performance in retrieval and re-ranking
tasks. As a result, GTE achieves state—of-the—art
performance on text benchmarks while maintaining
high computational efficiency [25].

The LaBSE model (Language-Agnostic BERT
Sentence Embedding) is a multilingual extension of BERT
that produces language-independent embeddings and
ensures strong cross-lingual alignment [8]. Consequently,
it demonstrates strong performance in cross-lingual
retrieval tasks and supports over 100 languages.
However, this design focus may lead to reduced
performance on monolingual semantic similarity tasks.

The paraphrase-multilingual-MiniLM-L12-v2 (MiniLM)
model is also based on a multilingual BERT-derived
architecture and supports 50 languages. Through
knowledge distillation, the model remains compact and
computationally efficient while maintaining competitive
performance relative to BERT-base [22]. However, the
reduced dimensionality of its embeddings may limit
accuracy on more complex semantic tasks.

The paraphrase-multilingual-mpnet-base-v2 (MPNet)
model is based on XLM-RoBERTa and supports
50 languages. It combines masked and permutation-based
language modeling strategies, enabling more effective

modeling of token dependencies [6]. This results in
improved performance compared to BERT and XLNet
across a wide range of tasks. Its main limitation is
relatively high computational cost due to the higher
embedding dimensionality.

All selected models were fine-tuned using the
Sentence-Transformers framework and adapted for
semantic similarity tasks.

Semantic textual similarity benchmark datasets

To compare model performance, the STS-B
(Semantic Textual Similarity Benchmark) dataset [4] is
selected as the evaluation benchmark. It contains
sentence pairs from various domains, including news
headlines, image captions, and natural language inference
tasks. Each pair is annotated with human-assigned
similarity scores ranging from O (completely dissimilar
sentences) to 5 (semantically equivalent sentences).

In the experiments, a normalized version of the
English dataset is used, in which similarity scores are
rescaled to the interval [0, 1]. The dataset consists
of 5749 sentence pairs, each associated with
a corresponding similarity score.

A Ukrainian version of the dataset is also created [2],
where the original data are translated using state—of-
the—art neural machine translation systems to ensure
semantic  consistency. Although human translation
may preserve certain linguistic nuances more accurately
in some cases, machine translation is chosen due to
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its accessibility, efficiency, and high quality for
general-domain texts. A comparison of human and
machine translation results is left for future work
investigating the impact of translation quality on semantic
similarity assessment.

Evaluation metrics
Cosine similarity is used to compute the similarity
between vector representations of sentences, and the
results are evaluated using the Pearson and Spearman
correlation coefficients, which measure the correlation
between predicted similarity scores and ground-
truth labels.
Cosine similarity measures the similarity between
two vectors in a high-dimensional space by computing
the cosine of the angle between them:

_ AB _ Y.AB
RS

where A and B are vector representations of two

sentences, with |A| and ||B| denoting their L2-norms.

cos()

)

To enable comparison between cosine similarity
values, which lie in the interval [-1, 1], and ground-truth
labels, min-max normalization is applied to rescale the
values to the interval [0, 1]:

X—min(x)

= ) @)

_max(x)—min(x)'
where min(x) and max(x) are the minimum and

maximum cosine similarity values. Thus, the minimum
value is mapped to 0, the maximum to 1, and all
intermediate values are linearly scaled within this range.

The Pearson correlation coefficient (r) measures

the linear relationship between predicted and ground-
truth values and is defined as:

r— 2 (5 =X)(¥i -Y) ’ @A)
IS 6% (v -9)
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where x; and vy, are the predicted and true similarity
scores, with X and y denoting their mean values.

To address the limitations of Pearson correlation in

capturing non-linear relationships, Spearman’s rank

correlation coefficient (p) is also used, as it evaluates

the monotonic relationship between ranked values:

O
p=1 n(nz—l)’ @

where d; is the difference between the ranks of the

predicted and true values, and n is the number of
sentence pairs.

Additionally, an error-based evaluation is performed
by classifying sentence pairs as correctly or incorrectly
predicted based on a predefined threshold (0.3 in this
study). Correct predictions correspond to small deviations
between predicted and ground-truth scores, whereas
incorrect predictions correspond to large deviations.
This classification enables the identification of patterns
in which models most frequently achieve high or low
accuracy and helps reveal systematic biases, such as
consistent  overestimation or underestimation  of
semantic similarity.

5. Research results

Correlation-based performance comparison

At the first stage of the study, model performance
was evaluated using correlation-based metrics to
assess how well the models align with benchmark
sentence-level semantic similarity scores. Pearson
and Spearman correlation coefficients were computed
for different language pairs: EN-EN (monolingual
English), UK-UK (monolingual Ukrainian), and EN-UK
(cross—lingual English-Ukrainian). The results are
presented in Table 2, with values expressed as
percentages (rx100 and px100).

Table 2. Pearson and Spearman correlation coefficients for each model

del EN-EN pairs UK-UK pairs EN-UK pairs Averages
Mode r P r P r P r P
GTE 87.4 87.4 85.1 84.1 80.6 78.1 84.4 83.2
LaBSE 74.9 73.6 74.4 73.1 71.7 69.9 73.7 72.2
MiniLM 85.1 83.9 81.6 80.1 78.1 74.6 81.6 79.5
MPNet 86.3 85.9 83.1 82.1 80.6 77.8 83.3 81.9

Based on the average correlation values computed
across different datasets, the GTE and MPNet models

demonstrated the best performance, achieving scores
exceeding 80% for both coefficients. This indicates their
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ability to generate embeddings that effectively capture
both semantic content and syntactic properties in both
monolingual and cross-lingual sentence pairs.

The MiniLM model ranked third, lagging by up to
3% in Pearson correlation and up to 4% in Spearman
correlation. At the same time, due to its compact
architecture, it provides an optimal balance between
accuracy and computational cost in practical applications.

The LaBSE model demonstrated the lowest
performance, with a gap of 12-13% for both coefficients
compared to the best-performing models. This reflects
the so-called “curse of multilinguality”, in which the
inclusion of a large number of languages leads to reduced
performance under fixed model capacity [5]. In other
words, broader language coverage is achieved at the
cost of less specialized optimization for individual
languages. At the same time, due to its language-agnostic
embeddings, LaBSE exhibits relatively stable
performance across different language pairs (varying
within 1-7%). If stability across both monolingual and
cross—lingual settings is prioritized, LaBSE may be
preferable, as other models exhibit substantially greater
variability, ranging from 3% to 12% depending on
the language combination.

Overall, Spearman correlation was lower than
Pearson correlation, indicating stronger linear agreement
between predictions and ground-truth labels, while rank
order is not fully preserved. Nevertheless, the overall
conclusions regarding model performance remain
consistent, suggesting that both metrics lead to similar
conclusions depending on the evaluation context.

A comparison of model performance across
monolingual and cross-lingual settings shows that
monolingual pairs yield higher scores for both correlation
metrics and exhibit smaller differences between
them. This result is expected, as cross-lingual tasks
are more challenging due to grammatical and semantic
differences, as well as cultural context, which require
more specialized model training. At the same time,
general-purpose models still achieve strong results
in such settings, although the performance gap
remains noticeable.

Based on these evaluations, an initial ranking of the
models was established, enabling the selection of
an optimal model depending on priorities such as
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accuracy, computational efficiency, or stability across
languages. However, correlation-based results do not
always guarantee similar performance in real-world
applications. Therefore, to obtain a more detailed
assessment of practical applicability, an additional
analysis is conducted by classifying semantic similarity
predictions for sentence pairs.

Detailed analysis of semantic similarity predictions
for sentence pairs. The problem of score scaling

To further investigate model behavior, predictions
are compared with human-assigned labels. At the initial
stage, min-max scaling is applied for data preprocessing,
with the minimum and maximum values defined
according to the theoretical range of cosine similarity.
Figure 1 presents the distributions of ground-truth
scores and model predictions obtained from vector
representations of the three models with the highest
correlation performance (GTE, MPNet, and MiniLM)
for English and Ukrainian sentence pairs.

The results indicate a substantial difference between
the distributions of ground-truth scores and model
predictions. For all three models, predicted values are
shifted toward higher similarity scores, with insufficient
differentiation in the lower and mid-range values.
Most predictions are concentrated within a narrow
interval from 0.7 to 1.0, while low scores (0-0.4) are
nearly absent. In contrast, ground-truth labels are more
evenly distributed across the entire range, from low
to high similarity.

This behavior is consistent across all models and
language pairs and complicates both overall performance
evaluation and the analysis of language effects, as the
narrow distribution of predictions limits the ability to
identify subtle differences in model accuracy.

Based on these observations, an adjusted scaling
approach is proposed in which the actual minimum and
maximum prediction values for a given model and dataset
are used instead of the theoretical bounds of cosine
similarity. This transformation distributes predicted
scores more evenly across the entire scale, providing
a clearer representation of differences between sentence
pairs with low, medium, and high semantic similarity.

Figure 2 illustrates the results after applying
the adjusted scaling.
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Fig. 2. Comparison of the distributions of predicted and gold semantic similarity scores for monolingual sentence pairs

after scaling correction

The plots demonstrate improved alignment between
model predictions and ground-truth labels, particularly in
the lower and middle ranges, where substantially more
predictions are observed than with the initial scaling.
This transformation does not alter the relative ordering
of sentence pairs by similarity, but only modifies the
mapping of predictions onto the target scale. Thus, the
adjusted scaling serves as a calibration mechanism
that improves the interpretability of the results without
affecting the actual accuracy of the models.

Overall, the analysis of distributions highlights the
need to adapt scaling to the observed range of prediction
values, which is an important step in assessing the
practical applicability of the models.

Comparison of model suitability
for practical use based on classification
of semantic similarity predictions
Figure 3 presents the results of the classification
of model predictions for all evaluated models.
In the plots, green corresponds to correctly predicted
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similarity scores, i.e., predictions that fall within
a threshold of 0.3 from the corresponding ground-truth
labels. Red indicates predictions with substantial
deviations, including both  overestimation and
underestimation, where the model assigns higher or
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lower similarity scores than those provided by human
annotators. The dashed diagonal line represents the
ideal case in which predicted scores exactly match
the ground-truth labels. For high-quality models, most
predictions are expected to lie close to this line.
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Fig. 3. Comparison of predicted and gold semantic similarity scores for sentence pairs

To complement the graphical analysis, Table 3
reports the percentage of correctly predicted similarity

scores for each model, separately for monolingual (EN-EN
and UK-UK) and cross-lingual (EN-UK) sentence pairs.

Table 3. Percentage of correctly predicted sentence pair similarity for each model

Model EN-EN pairs UK-UK pairs

EN-UK pairs Averages

GTE 78.4 80.1

82.3 80.3

LaBSE 76.6 72.7

77.6 75.6

MiniLM 7.7 75.3

80.4 77.8

MPNet 75.9 71.4

78.3 75.2
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Performance on monolingual sentence pairs

As shown in Table 3, the ranking of models based
on the percentage of correct predictions differs slightly
from the ranking obtained using correlation-based
metrics. The GTE and MiniLM models maintain high
performance, while LaBSE and MPNet exhibit lower
average values. Notably, despite achieving high correlation
coefficients, MPNet shows the lowest percentage of
correct predictions. This indicates that high correlation
does not necessarily imply better agreement between
predicted similarity scores and ground-truth values: a model
may preserve the correct ordering of sentence pairs while
making larger errors in the actual numerical predictions.

The analysis of the distribution plots (Figure 2) and
the comparison of predictions with ground-truth values
(Figure 3) show that, for all models, the largest number of
correct predictions occurs in the medium and high
similarity ranges, as reflected by peaks in the histograms
within the interval 0.6-0.9. At the same time, the highest
number of incorrect predictions is observed for sentence
pairs with low human-assigned similarity scores. In this
range, incorrect predictions are predominantly located
above the diagonal, indicating systematic overestimation
of similarity. Thus, the main difficulty for the models
lies in their limited ability to distinguish between
dissimilar sentence pairs.

The GTE model demonstrates the best agreement
with human annotations. Although its prediction distribution
is shifted toward higher values, it exhibits a relatively
smooth shape and partially overlaps with the ground-truth
distribution in the range 0.4-0.8. A substantial proportion
of predictions lies close to the diagonal, and overestimation
in the low-similarity range is less pronounced than in the
other models. Cases of underestimation for highly similar
sentence pairs are rare for Ukrainian and even rarer for
English. Therefore, GTE not only preserves the relative
ranking of sentence pairs, as reflected by its high
correlation values, but also achieves the closest alignment
between predicted scores and human annotations.

The MiniLM model exhibits a similar distribution
pattern; however, its predictions are more concentrated in
the upper part of the scale (0.8-1.0). In the medium
similarity range, they align well with the ground-truth
values, whereas in the high-similarity range,
underestimation occurs more frequently, particularly
for Ukrainian sentence pairs. In the low-similarity range,
a tendency toward overestimation is also observed,
although it is less pronounced than in the other models.
Overall, these results confirm the competitiveness of
MiniLM, especially given its compact architecture.
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The LaBSE model is characterized by a less smooth
distribution, with peak values in the range 0.7-0.9 and
a near absence of low scores. Consequently, the largest
number of errors occurs for sentence pairs with low
similarity, where overestimation is predominant.
In addition, cases of underestimation in the high-
similarity range are more frequent than in the previously
discussed models. Although these deviations are
generally not large, as indicated by the relatively close
proximity of predictions to the diagonal, the model
overall provides stable but less accurate predictions
compared to GTE and MiniLM in this evaluation.

The distribution of MPNet predictions is among the
most compressed across all models, with a strong
concentration in the narrow interval 0.8-1.0. The most
pronounced pattern is the overestimation of similarity for
sentence pairs with low ground-truth scores, where
predicted similarity scores are substantially higher.
At the same time, in the medium and high similarity
ranges, the model demonstrates relatively good
agreement with human annotations, and cases of
underestimation are comparatively rare. Thus, while
MPNet effectively preserves the relative ranking of
sentence pairs (as reflected in its high correlation scores),
systematic overestimation in the low-similarity range
results in a lower percentage of correct predictions.

Effect of language on prediction quality

Separately, it is important to consider the effect of
language on model prediction performance. According
to the results presented in Table 3, English sentence
pairs generally exhibit a higher percentage of correct
predictions compared to Ukrainian pairs. The largest
differences, ranging from 5-6%, are observed for models
with lower average performance, such as LaBSE and
MPNet, whereas for GTE and MiniLM the difference
between languages is minimal (2-3%). This is due to the
more complex morphology and greater syntactic
variability of Ukrainian, which make accurate prediction
of exact similarity scores more challenging and amplify
the limitations of models with lower overall performance.

Interestingly, high correlation values for English
sentence pairs do not always correspond to higher
accuracy in terms of exact similarity scores. For example,
in the case of GTE, the relative ranking of sentence pairs
is better preserved for English, whereas the percentage
of predictions within the specified threshold is slightly
higher for Ukrainian.

Overall, the results indicate that models make
more errors on Ukrainian sentence pairs. In particular,
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underestimation is more common for highly
similar pairs, whereas overestimation is less language-
dependent, as it is also prevalent for English pairs.
These findings highlight the need to account for
language-specific characteristics when evaluating the
practical applicability of semantic similarity models.

GTE (EN-UK)

LaBSE (EN-UK)
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Performance on cross-language sentence pairs

To evaluate how model behavior changes under
more challenging conditions, predictions for English—
Ukrainian sentence pairs were analyzed. Figure 4
presents the distribution of predictions for these cross-
lingual pairs, complementing the comparison of predicted
and ground-truth scores shown in Figure 3.

MiniLM (EN-UK) MPHet (EN-UK)

Fig. 4. Comparison of the distributions of predicted and gold semantic similarity scores for cross-lingual sentence pairs

According to the results in Table 3, all models
achieve a higher percentage of correct predictions for
cross-lingual pairs than for monolingual ones. GTE once
again achieves the highest values, with an average
increase of approximately 4% compared to English
and Ukrainian pairs. A similar pattern is observed
for MiniLM, with an improvement of about 5%.
LaBSE and MPNet also show slightly better results
on cross-lingual data, though the increase is more
modest, at around 4%.

The plots in Figure 3 indicate that the overall pattern
of predictions for cross-lingual pairs is similar to that
observed for monolingual data. Most correct predictions
occur in the medium and high similarity ranges, while
the most challenging cases correspond to sentence pairs
with low ground-truth scores. However, underestimation
is more frequent for highly similar pairs. At the same
time, performance in the low-similarity range improves:
overestimation occurs less frequently, and such
predictions lie closer to the diagonal.

The histograms in Figure 4 further confirm the
higher percentage of correct predictions. Although
predicted scores remain skewed toward higher values,
most predictions are concentrated near the peak of the
ground-truth distribution (0.6-0.9). This suggests that the
improved performance on cross-lingual pairs does not
imply the absence of distortions; rather, it indicates
that models handle sentence pairs with medium and
high semantic similarity more effectively, reflecting
patterns observed in human annotations.

Thus, contrary to the expectation that comparing
sentences across different languages is more difficult

due to the need to construct a shared semantic
representation for English and Ukrainian, the classification
results indicate higher accuracy. At the same time, this
finding contrasts with the correlation analysis, where
model performance on cross-lingual pairs is lower
than on monolingual data. In other words, for English—
Ukrainian pairs, models are less effective at preserving
the overall ranking of similarity, while their predicted
scores more often fall within the acceptable threshold.
This discrepancy highlights the importance of analyzing
not only aggregate statistical metrics but also the
nature of prediction errors.

6. Discussion of results

The results demonstrate that the evaluation of
semantic similarity models cannot be limited to
correlation-based metrics alone. Although Pearson
and Spearman coefficients provide a general measure of
agreement between model predictions and human
annotations, they do not always reflect the practical
applicability of models in real-world systems, where
decisions are often made based on predefined thresholds.

Prediction classification thus serves as an important
complement to correlation analysis: even with high
correlation values, a model may be less suitable for
practical use due to systematic overestimation or
underestimation of similarity. This effect is particularly
evident in the low-similarity range, where model
behavior is less predictable because similarity scores are
frequently overestimated for both monolingual and
cross-lingual pairs. Therefore, evaluation based solely
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on correlation-based metrics fails to capture important
aspects of model behavior in practical scenarios.

Given these findings, model selection should be
guided by the specific application context. A clear
example of this is GTE, which achieves the best results
in terms of both correlation metrics and the percentage
of correct predictions and is therefore the most versatile
model, suitable for systems requiring high overall
accuracy and reliability.

A comparable pattern is observed for the MiniLM
model, which demonstrates slightly lower accuracy while
maintaining a consistently high level of practical applicability.
This makes it a strong candidate as a trade-off between
performance and computational efficiency. It is particularly
well suited for large-scale production systems, where
processing speed, latency, and scalability are critical.

The results for MPNet illustrate why evaluation
based solely on correlation metrics is insufficient.
Although this model achieves one of the highest
correlation scores, the percentage of correct predictions is
lower. At the same time, this characteristic makes MPNet
well suited for tasks where relative ranking is the primary
objective, such as information retrieval or re-ranking, but
less suitable for systems that rely on strict thresholds,
such as plagiarism detection.

Another important consideration is model stability
across languages. LaBSE, despite lower average performance,
demonstrates relatively stable behavior across different
languages and their combinations. This property is
particularly important for systems in which consistent
performance across languages is more critical than
achieving maximum accuracy for a single language, such
as cross-lingual retrieval or multilingual applications.

The analysis of cross-lingual pairs reveals a distinct
pattern of model behavior: according to correlation
metrics, such pairs appear more challenging, whereas
threshold-based classification shows improved results.
In practical systems, it is often more important to ensure
sufficiently accurate separation between similar and
dissimilar sentence pairs than to perfectly preserve the
global ranking of all examples. Thus, in cross-lingual
scenarios, models may perform comparably, or in some
cases even more effectively, when evaluated in terms of
threshold-based accuracy.

7. Conclusions

This study demonstrates the continued relevance of
the semantic textual similarity (STS) task for modern
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natural language processing systems, particularly in
multilingual settings, where no universal evaluation
approach currently exists. Previous research shows
that evaluating transformer-based models requires
a comprehensive framework that goes beyond correlation-
based metrics alone. A combined evaluation approach is
therefore employed, incorporating both correlation-based
metrics and classification-based measures of prediction
accuracy. Such an approach provides a more complete
assessment of model performance across different
linguistic scenarios, capturing not only the agreement
between predicted and human-assigned scores but also
the practical applicability of models in real-world tasks.

Building on this evaluation framework, the
comparison of four models on English, Ukrainian, and
English-Ukrainian sentence pairs revealed significant
differences in performance. The GTE model
demonstrated the highest overall effectiveness, achieving
balanced results across the combined evaluation
framework. MiniLM proved to be a competitive
alternative, offering an optimal balance between
accuracy and computational efficiency. In contrast,
MPNet and LaBSE showed that high correlation scores
or cross-lingual stability alone do not necessarily
guarantee superior performance in applied scenarios.

A more detailed analysis of predictions revealed
important patterns in model behavior. In particular,
a systematic bias toward higher similarity scores was
observed, and correlation-based results did not always
align with classification-based evaluations. These findings
highlight the importance of a combined evaluation
approach that integrates multiple metrics to provide
a more reliable assessment of model performance.

These findings have both theoretical and practical
significance. They contribute to a deeper understanding
of transformer model behavior under different linguistic
conditions and emphasize the need to adapt evaluation
methodologies for cross-lingual scenarios. From a practical
perspective, they enable the informed application of STS
models across a range of tasks, such as information
retrieval, classification, automated text evaluation, and
other applied scenarios.

Overall, this study highlights the continued
relevance of the problem addressed and demonstrates the
effectiveness of comprehensive evaluation approaches for
transformer models. Such approaches enable the selection
of models that can simultaneously achieve high accuracy
in multilingual environments and meet the requirements
of specific application scenarios.
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Finally, a promising direction for future research is
the development of new evaluation metrics for semantic
similarity models that go beyond correlation coefficients
and account for practical applicability. In particular,
combining correlation-based and ranking-based metrics,
along with a more detailed analysis of error distributions,
may provide deeper insights, especially considering the
observed tendency of models to overestimate similarity in
the low-similarity range. Another important direction is
the adaptation of models to domain-specific applications,
such as legal or medical texts, where additional
fine-tuning can improve accuracy, robustness, and the
ability to handle highly specialized data. These directions
can contribute to the development of practical
recommendations for model selection, evaluation
strategies, and deployment in real-world systems.
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KOMILIEKCHE OIITHIOBAHHSI TPAHC®OPMEPHUX MO/IEJIEA
JIJISI BATIAYI CEMAHTUYHOI MOAIBHOCTI PEYEHD
JNJISI AHTJIIACBKOI TA YKPATHCBKOI MOB

IIpeameToM mocaiTKeHHsI € TpaHCHOPMEPHI MO CEMAaHTUYHOI MOAIOHOCTI peUeHb i MiIXOMU 10 1X OIIHIOBAHHS B OJHOMOBHHUX
1 MDKMOBHUX CIIEHApisX JJIS aHTITHCHKOI Ta yKpaiHCbKol MOB. MeTa po60TH — OI[IHUTH i MOPIBHATH €EKTUBHICTH TPaHCHOPMEPHUX
MOJieliell Ha aHTJIOMOBHUX, YKPaiHCbKOMOBHHUX 1 aHIJIO-YKPaiHCBKUX Tapax pedeHb 3 Oy Ha Pi3Hi MiJXOIM IO OL[HIOBaHHS X
SIKOCTI Ta MPAKTUYHOI MPUAATHOCTI. 3Ba)KaloUM HA OKpPECIEeHY MeTy, HeoOXiZHO OyJI0 BUKOHATH TaKi 3aBHAHHS: MOPIBHATH MOAENI
Ha OJHOMOBHHMX 1 MDKMOBHMX Habopax IaHWX; MpOaHaNi3yBaTH pe3yibTaTd 3a koedimieHtamu [lipcona ta CrmipmeHa; OLiHUTH
MPaKTUYHY NPUIATHICTh MoJeliel criocoOoM kiaacuikalii mporHo3iB 3a BETMYMHOIO MOXUOKM; TOCTIIUTH BIUIMB MOBHOTO YHHHHUKA
Ha TOYHICTH Mojenedl. Meroau. Y nocmijkeHHi Bukopucrano Tpancdopmepri momeni GTE, LaBSE, MiniLM ta MPNet i Habip
nanux STS-B, iforo ykpailHCbKOMOBHY W aHIJIO-yKpaiHChKY Bepcii. [[si oOumciieHHs: MOMiOHOCTI 3aCTOCOBAHO KOCHHYCHY MIpy,
a pe3yJIbTaTH OI[IHEHO 3a JI0MOMOTroro KoedimieHTiB kopemnsuii [Tipcona ta CripmeHa i kiacudikariii mporHo3iB 3a MOPOroM MOXHOKH.
PesyabTaTn pocaimxkennsi. Buznaueno, mo mozxens GTE pemoHCTpye Halikpamly 3aranbHy €(QeKTHBHICTH 3a CYKYITHICTIO METpPHK,
a MiniLM 3a0e3nedye onTUManbHHH OajJaHC MK TOYHICTIO Ta OOYHCIIOBAILHHMH BHTPAaTaMH. 3’SCOBAHO, IO BHCOKI 3HAYCHHS
KOpeJALii He 3aBXIHM BiINOBIAAIOTH BHUCOKIH YacTIi KOPEKTHHX MPOTHO3IB, IO BKa3ye Ha OOMEXKEHICTh TPaIWIifHHX ITiJXOIiB
OLIIHIOBaHHs. BCTaHOBIIEHO CHCTEMaTHYHY TEHJCHIII0O MOJeJel N0 MEepeoLiHIOBaHHS MOJIOHOCTI B HU3BKOMY Aiala3oHi, a TaKOXK
BUSIBJICHO, 1110 Mi>XMOBHI AP MOXYTh JICMOHCTPYBATH BHIILYy TOYHICTH 3a TIOPOTOBUMH OL[iHKAMH, HE3BKAIOUH Ha HIDKYI 3HAYCHHS
KOpeJLii, U0 CBIJYNTHh MpPO Pi3HYy MOBENIHKY MOZETEH 3aleXHO BiJ TUIYy METpUKd. BucHoBKH. OOTpYHTOBAHO IOLINBHICTDH
BUKOPUCTAHHS KOMOIHOBAHOTO TMIiIXOAy /Ui OIIHIOBaHHS MOJENICH CEMaHTHYHOI MOMIOHOCTi, SIKMH Ja€ 3MOry OiTbII MOBHO
BIITBOPUTH iX pealbHy e(eKTHUBHICTh. JIOCATHYTI pe3yNbTaTH MiATBEPIKYIOTh HEOOXIJHICTh BpaxyBaHHS MOBHOI crenudiku
Ta TPAaKTHYHAX BUMOT 3amad y BUOOpI Mojernedl 1 miaxoAiB A0 X OI[HIOBaHHS Ta HAroJIOMIYIOTh Ha BAXKIUBOCTI MEPEXOmy
10 KOMIUIEKCHUX MiIXO/IiB OL[IHIOBaHHS.

KuawouoBi ciaoBa: cemanTHuHa TOAIOHICTH; TpaHCHOPMEpHI MOJENi; OI[HIOBaHHSA MoJenei; KoeilieHT Kopemsmii
IMipcona; koedimient kopensmii panry CripMmeHa; aHTIiIiCbKa MOBA; yKpaiHCbKa MOBa; MDKMOBHa MOJIOHICTH; NpPaKTHYHA
e(EeKTHBHICTh MOJEIICH.
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