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ABSTRACT

Background. Semantic Text Similarity (STS) estimation is one of the useful proxy-based
approaches for analyzing semantic differences between responses generated by various
large language models (LLMs) used in Al chats and Al agents. Various studies in recent
years have attempted to estimate STS for Al-generated responses, but they typically focus
on ground-truth estimation by comparing Al-generated responses with predefined answers
that, in most cases, differ structurally from the generated texts. However, cross-model STS
estimation can provide valuable insights into model similarity, independent of how well they
align with the predefined answers.

Materials and Methods. In this paper, we estimate both types of STS, but primarily
focus on the STS between responses generated by several selected LLMs from different
providers. We build our estimation framework using a subset of Frequently Asked Questions
(FAQs) in English from the MFAQ dataset, as it offers a wide range of topics and a clear,
easy-to-use structure.

Results and Discussion. The results of our experiments are organized into two parts.
In the first part, we estimate ground-truth STS scores using multiple metrics (Cosine
Similarity, BERTScore, and Latent Semantic Analysis (LSA)) to analyze how closely the
generated answers from each model match the ground-truth answer in the MFAQ dataset.
In the second part, we estimated cross-model STS scores using the same metrics to
analyze how closely models align with each other. Additionally, we measure average
request latency and use publicly available information on model context size and input
and output prices to explore possible relationships between these parameters and STS-
based quality indicators.

Conclusion. Our results indicate relatively high semantic similarity between models
from the same provider in the selected experimental setup and demonstrate that high
ground-truth STS scores do not necessarily imply high inter-model semantic similarity within
the selected benchmark and metrics, as seen in the analysis of cross-model STS scores.
Additionally, we show that not all metrics are equally suitable for cross-model STS
estimation, and that metrics like Cosine Similarity or LSA scores can provide better
sensitivity than BERTScore or similar metrics.

Keywords: semantic text similarity (STS), large language model (LLM), MFAQ dataset,
cosine similarity, BERTS core, latent semantic analysis (LSA)
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INTRODUCTION

Extremely rapid growth and evolution of large language models (LLMs) in the context
of Al chats and Al agents make the problem of selecting an appropriate LLM for everyday
tasks increasingly important. In most cases, different research and surveys compare cost,
response speed (or request latency, depending on how you look at it), and answer
correctness to address this question. When cost and response speed can be estimated
objectively, the estimation of answer correctness is usually less reliable. It strongly depends
on the chosen dataset and the additional settings provided to the LLM, often in the form of
an additional prompt. Additionally, the criteria for correctness can vary, as well as the
application area.

Much research focuses on ground-truth estimation [1-5], comparing model responses
with predetermined answers that are usually not generated and structurally don'’t
correspond to LLM responses. In this case, the correctness of the responses is usually
measured by text similarity between the ground truth and generated responses. In other
cases, the correctness can be measured as the consistency [3-4], coherence [3], or
comprehensiveness [3] of the LLM-generated responses.

When we look at the application areas, most research focuses on specific domains,
such as medicine [1, 5], education [3], market research [6-8], etc. In contrast, only a few
focus on general knowledge that covers a wide range of topics.

In our research, we aim to examine LLM response estimation more broadly and
focus on general knowledge, including information from fields such as medicine, retail,
and technology. Therefore, we decided to use STS as a proxy indicator of semantic
proximity to reference answers, while recognizing that STS does not directly measure
factual correctness, completeness, or safety. That reduces sensitivity to structural
differences between the reference and generated responses, but also to estimate cross-
model STS, which enables us to indirectly analyze similarities and differences between
LLMs. For the estimation dataset, we chose the Multilingual FAQ Dataset (MFAQ) [9],
which contains more than 6M question-answer pairs across 21 languages. Though we
used only question-answer pairs in English for our estimation framework and restricted
the MFAQ subset to 1000 pairs from the validation dataset due to constraints on available
LLM resources, we still estimated STS on a sample of question-answer pairs drawn from
883 web domains.

The most complex part of our estimation framework was selecting LLMs. We aimed
not only to choose models from different LLM providers that, in theory, should yield different
results, but also to estimate the different model classes and service tiers, such as Fast,
Thinking and Pro, that model providers typically use to accommodate different LLM
choices. In addition, we should have accounted for constraints across different LLMs when
choosing models to fully estimate our test set. Therefore, we analyzed the available LLM
providers and the models they offer, including not only the latest models, which are usually
more expensive and have stricter constraints, but also earlier model generations (see
Table 1). Based on it and available LLM resources, we chose two LLM providers and their
corresponding models for the different model classes and service tiers:

e OpenAl: GPT-5-mini, GPT-4.1;

¢ Anthropic: Claude Haiku 4.5, Claude Sonnet 4.6, Claude Opus 4.6.

Despite the growing number of benchmarks for LLMs, there remains a
methodological gap between evaluating reference-based responses and benchmarking
model behavior. Existing approaches typically evaluate how close a generated response
is to a predefined reference, but they do not sufficiently explain how semantically similar
responses are between different models, nor do they support model selection given
latency and cost constraints. This poses a scientific challenge: to demonstrate an
integrated framework for assessing both response adequacy and semantic consistency
between models. Therefore, the scientific objective of this study is to develop and
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Table 1. Overview of LLM providers and their models by operational mode

LLM Provider Fast / Small Thinking / Medium Pro / Large
2026 — Present
OpenAl (GPT-5 Era) GPT-5.4-mini GPT-5.4 GPT-5.4-pro
Google Gemini 3 Flash Gemini 3 Thinking Gemini 3.1 Pro
Anthropic Claude Haiku 4.5 Claude Sonnet 4.6 Claude Opus 4.6
Meta Al Llama 4 Scout Llama 4 Maverick Llama 4 Behemoth
DeepSeek DeepSeek-V3.2 DeepSeek-R2 Deegi:gilg—l\el&z
Mistral Al Mistral Small 4 Mistral Medium 3.1 Mistral Large 3
XAl Grok-4.1 Fast Grok-4 Heavy Grok-4 03
2023 — 2025
OpenAl (GPT-4 Era) GPT-40 mini GPT-40 / Turbo OpenAl o1-preview

Google Gemini 1.5 Flash Gemini 1.5 Pro Gemini 1.0 Ultra
Anthropic Claude 3 Haiku Claude 3.5 Sonnet Claude 3 Opus
Meta Al Llama 3 8B N/A Llama 3 70B
Mistral Al Mistral 8x7B N/A Mistral Large
DeepSeek DeepSeek-R1-Lite N/A DeepSeek-V2

experimentally validate an STS-based framework that combines reference-based
comparison, inter-model comparison, and operational indicators for a set of LLMs
evaluated on a general-domain FAQ dataset.

In the next sections, we provide a detailed overview of related works, analyze the
advantages of semantic text similarity, and discuss the metrics that can be used to estimate
it. In the last two sections, we provide a detailed description of our estimation framework,
how we obtained our test set from the MFAQ subset, analyzed the results, and draw
insights from them.

RELATED WORK

Since the release of ChatGPT in November 2022 [10], the massive adoption of LLMs
in the form of Al chats and agents has affected many people's daily lives in many ways.
And this is of not only practical interest, but also scientific interest, since the application of
LLMs significantly changes both individual aspects of activity and entire industries.

In recent years, there has been a lot of research that has tried to estimate LLMs [1-8]
in different ways, but all of them face the same issues:

e Extremely rapid evolution makes any research quickly outdated.

e Choosing a good estimation dataset is extremely hard, since we don’t know, what
data was used to train these models. And most of the proposed datasets have
become biased, since the next generation of models will very likely be fine-tuned
on them.
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e Choosing the right estimation criteria and metrics that represent them is also
challenging. That's why most researchers choose different metrics or calculate
multiple metrics for the same experiments.

e Model constraints limit or make independent research very costly. As a result,
researchers tend to use limited datasets [2-5] or prefer open-weighted local or older
free models [1-2, 4-5], which often cannot compete with cloud-based counterparts.

In addition to these issues, most research focuses on specific domains, such as
medicine [1, 5], education [3], market research [6-8], etc. So, their results and datasets
cannot be directly generalized to broad-domain LLM estimation. And even papers that don’t
focus on specific domains [2, 4] use specific data representations, such as role-play
dialogues [2] or multiple responses and user ratings [4].

Moreover, most research focuses on ground-truth estimation [1-5], comparing model
responses with predetermined answers that are usually not generated and structurally don’t
correspond to LLM responses. Such a comparison requires more sophisticated
preprocessing and/or postprocessing. Preprocessing may include prompting the model to
limit its answers and make them more structurally similar to the expected answers.
Postprocessing requires more complex embedding methods to improve precision and
reduce sensitivity to structural differences between the generated and expected answers.

We also conduct ground-truth estimation in our work, but our main assumption is
based on cross-model STS. We hypothesize that models with high inter-model semantic
similarity may produce responses that are semantically close under the selected
benchmark and evaluation metrics but may differ in request latency, context size, input
price, and output price. So, identifying groups of semantically similar models may support
selecting a more efficient model on these metrics while maintaining relatively similar
responses.

Thus, the reviewed literature suggests that existing studies rarely combine reference-
based semantic adequacy, inter-model semantic similarity, and operational indicators
within a single comparative framework. This gap defines the scientific task of this study: to
develop and test a comparative framework for assessing the STS between different LLMs
and their operating modes, using a common FAQ-based benchmark, multiple STS metrics,
and operational indicators such as latency and token cost.

MATERIALS AND METHODS

Understanding how close two texts are to each other is a classical problem in natural
language processing (NLP). However, even now, choosing the best metric remains an
open question, and in many cases, different researchers can propose their own metrics to
estimate text similarity [4, 16-22]. But different metrics may use different approaches, so it
is important to understand exactly how each metric is calculated.

Two main approaches to measuring text similarity are lexical and semantic. The lexical
similarity measures the degree to which the word sets of two given languages or texts are
similar. The semantic similarity measures the degree to which the meanings of two text
fragments are similar, rather than just matching words [11-12]. While lexical similarity is
easier to calculate and interpret, it focuses solely on a text's lexical structure, ignoring its
meaning. Therefore, lexical similarity metrics usually perform poorly when the structures of
the texts being compared differ.

In contrast, semantic similarity is less sensitive to text structure and focuses on overall
text meaning, allowing comparisons of texts with different structures and lengths that cover
the same topic. But at the same time, semantic similarity is often confused with semantic
relatedness [12], which measures the relationship between two words or concepts based
on the closeness of their meanings [13]. For this reason, semantic similarity is more specific
and can be considered as a particular case of semantic relatedness. However, semantic
similarity estimation is more complex and requires additional text processing to extract

54 Electronics and Information Technologies « 2025 ¢ Issue 34



Semantic Text Similarity Estimation Across Diverse...

meaning. This makes semantic similarity estimation more challenging and requires more
sophisticated methods.

There are a lot of different metrics that can be used for semantic estimation [12, 14-
15], but in general, they can be divided into three categories:

e Corpus-based [12] or structure-based [14] metrics;

e Knowledge-based [12] or feature-based [14] metrics;

e Hybrid [14] metrics.

Though the boundaries between groups aren’t always clear, and some research [15]
doesn’t distinguish between hybrid and feature-based metrics, each metric has its own
advantages. After analyzing prior studies [4, 13-22], we selected three metrics that are
suitable for our experimental purpose:

e Latent Semantic Analysis (LSA) [23] using the TF-IDF vectorization [24].

e Cosine similarity based on Sentence-BERT (SBERT) [18] embeddings;

e BERTScore [19].

Latent Semantic Analysis (LSA) [23] is a traditional natural language processing (NLP)
technique that uses singular value decomposition (SVD) [25-27] to identify latent patterns
and relationships between a set of documents and the terms and concepts they contain.
As input to SVD, we provide text vectors generated using the TF-IDF (term frequency—
inverse document frequency) vectorizer. For our implementation, we used truncated SVD
[26] with 10 components.

Cosine similarity [12] is one of the most widely used methods for measuring similarity.
For this, we convert text into high-dimensional vectors that capture context using Sentence-
BERT (SBERT) [18]. Then we calculate the cosine of the angle between vectors, which
measures similarity regardless of text length:

A-B
lAllBII

similarity=cos(0)=

BERTScore [19] computes similarity using the contextualized token embeddings from
the BERT model. It captures deep semantic nuances by matching tokens in the candidate
and reference sentences rather than relying on surface-level overlaps.

In our estimation framework, we estimate two types of STS:

e Ground-truth STS score that measures the similarity between the ground-truth

answer from the MFAQ subset and the answer generated by some LLM.

e Cross-model STS score that measures the similarity between answers generated

by different LLMs.

While the ground-truth STS score provides a baseline based on the expected answer
and allows evaluating how close the generated response is to the commonly provided
answer, the cross-model STS score shows how close the answers of different LLMs are.

Combining these two perspectives allows us to compare models both by semantic
proximity to reference responses and by semantic similarity between model outputs,
together with descriptive latency and cost indicators.

RESULTS AND DISCUSSION

As mentioned earlier, we selected the 1000-pair English subset from the validation
dataset of the Multilingual FAQ Dataset (MFAQ) [9] as the estimation dataset. The original
English validation dataset contains 151825 question-answer pairs across 8178 unique web
domains. To form our subset, we downloaded the corresponding Parquet file for the English
validation dataset from Hugging Face (see the MFAQ official repository for more details)
and randomly chose 1000 question-answer pairs. For random generation, we read the
Parquet file as a pandas DataFrame in Python and used the DataFrame’s built-in sample
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method with random_state = 42 to select 1000 records. As a result, our estimation subset
contained 1000 question-answer pairs from 883 unique web domains.

For ground-truth STS metrics, we calculate the LSA (Latent Semantic Analysis) score,
the Cosine Similarity score, the BERTScore and the latency for each model, comparing its
answers to the ground-truth answers from the MFAQ dataset. Cross-model STS metrics
are estimated as the LSA score, the Cosine Similarity score, and the BERTScore for each
pair of models. Additionally, to compare model costs and available context, we obtained
the context size and the price in USD for model input and output per 1M tokens from the
Price Per Token site [28] (see Table 2).

Table 2. Context size and model input/output prices per 1M tokens for the
researched models from the Price Per Token site [28]

LLM Context size Input price, USD Output price, USD
GPT-5-mini 400K 0.25 2.00
GPT-4.1 1.0M 2.00 8.00
Claude Haiku 4.5 200K 1.00 5.00
Claude Sonnet 4.6 1.0M 3.00 15.00
Claude Opus 4.6 1.0M 5.00 25.00

After running our estimation framework for each selected model, we grouped our
results for ground-truth STS metrics by the average request latency (see Table 3), context
size (see Table 4), input price (see Table 5), and output price (see Table 6).

Table 3. The ground-truth STS metrics for the researched models, depending on
the average request latency (in seconds)

Cosine Similarity

Model Latency, s Score BERTScore LSA Score
GPT-5-mini 25.677 0.5934 0.8267 0.6259
GPT-4.1 10.233 0.6060 0.8451 0.6439
Claude Haiku 4.5 7.359 0.4197 0.8145 0.4570
Claude Sonnet 4.6 7.863 0.4810 0.8280 0.5027
Claude Opus 4.6 8.310 0.4505 0.8252 0.4658

From the results obtained, we observe that some models from different providers
achieve comparable reference-based STS scores. This may indicate partially similar
semantic response patterns on the selected benchmark. However, no conclusions can be
drawn about internal optimization priorities from these results alone. Interestingly,
BERTScore places GPT-5-mini between Claude Sonnet 4.6 and Claude Opus 4.6 and
reports lower STS than in GPT-4.1 (see Table 3).

Also, as shown in Table 3, the average request latency for GPT-5-mini is much higher
than for other models, especially GPT-4.1, the larger model from the same provider. It may
seem contradictory, since GPT-5-mini has much less context size and, intuitively, should
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Table 4. The ground-truth STS metrics for the researched models, depending on
the context size in thousands

Context Cosine Similarity

Model BERTScore LSA Score

size, K Score
GPT-5-mini 400 0.5934 0.8267 0.6259
GPT-4.1 1000 0.6060 0.8451 0.6439
Claude Haiku 4.5 200 0.4197 0.8145 0.4570
Claude Sonnet 4.6 1000 0.4810 0.8280 0.5027
Claude Opus 4.6 1000 0.4505 0.8252 0.4658

Table 5. The ground-truth STS metrics for the researched models, depending on
the input price per 1M tokens in USD

Input price, Cosine Similarity

Model USD Score BERTScore LSA Score
GPT-5-mini 0.25 0.5934 0.8267 0.6259
GPT-4.1 2.00 0.6060 0.8451 0.6439
Claude Haiku 4.5 1.00 0.4197 0.8145 0.4570
Claude Sonnet 4.6 3.00 0.4810 0.8280 0.5027
Claude Opus 4.6 5.00 0.4505 0.8252 0.4658

Table 6. The ground-truth STS metrics for the researched models, depending on
the output price per 1M tokens in USD

Output Cosine Similarity

Model price, USD Score BERTScore LSA Score
GPT-5-mini 2.00 0.5934 0.8267 0.6259
GPT-4.1 8.00 0.6060 0.8451 0.6439
Claude Haiku 4.5 5.00 0.4197 0.8145 0.4570
Claude Sonnet 4.6 15.00 0.4810 0.8280 0.5027
Claude Opus 4.6 25.00 0.4505 0.8252 0.4658

be faster. We manually investigated these two models and compared the results. First of
all, we compared additional model properties using the Price Per Token site [28] and found
that GPT-5-mini has much higher latency in generating the first output token, as measured
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by Time to First Token (TTFT). For GPT-4.1, TTFT is only 0.61 s; for GPT-5-mini, itis 14.39
s. Additionally, the output speed for token generation in GPT-4.1 is higher than in GPT-5-
mini, at 109 tokens/second, compared to 77 tokens/second in GPT-5-mini.

After manual investigation of the results, we also found that GPT-5-mini tends to
generate longer responses, which, in combination with higher TTFT and lower token
generation speed, results in approximately 2.51 times the latency of GPT-4.1.

Another interesting insight is that the more advanced and costly Claude Opus 4.6
provides semantically less similar answers compared to the cheaper Claude Sonnet 4.6.
Although the reason for this requires further investigation, one possible explanation is that
longer or more elaborate responses may receive lower similarity scores than shorter FAQ-
style reference answers; however, this assumption requires additional verification.

Moreover, the comparison with the context size (see Table 4) clearly indicates that it
does not reveal a clear relationship between the STS estimation and models with the same
context size can have very different STS scores, and even some models with smaller
context windows achieved higher STS scores than certain models with larger context
windows in our experiment.

The input and output price comparison (see Table 5-6) shows that a high cost for model
tokens doesn’t guarantee high STS scores, and that using relatively less expensive models,
such as GPT-4.1 and GPT-5-mini, can yield better STS than more expensive models.

The cross-model STS metrics are displayed as heat maps for each metric to visualise
similarities across models (see Fig. 1-3).

The cross-model STS analysis yields several informative observations, especially
regarding the metrics that can be used to estimate it. Our experiments show that, in the
selected setup, BERTScore has limited discriminative power for cross-model comparison,
since it produces very similar values for many model pairs (see Fig. 2). These results make
it hard to use BERTScore to estimate cross-model STS, since these differences aren'’t
practically meaningful or statistically significant and can be misinterpreted.
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Fig. 1. The cross-model STS estimation using the Cosine Similarity Score
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Fig. 3. The cross-model STS estimation using the LSA Score

In contrast, cosine similarity provides a wider spread of pairwise estimates and more
clearly separates model pairs with relatively high and low similarity (see Fig. 1). At the
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same time, the LSA score provides an intermediate level of separation between model
pairs, clearly showing the high and low similarity of the models (see Fig. 3).

If we analyse the results indicate high semantic similarity between the two OpenAl
models under the selected metrics (see Fig. 1-3). Anthropic models also show high
similarity among themselves, but we can clearly see that Claude Sonnet 4.6 occupies an
intermediate position between Claude Haiku 4.5 and Claude Opus 4.6 and is highly similar
to both. However, the comparison between Claude Haiku 4.5 and Claude Opus 4.6
indicates lower semantic similarity than for other within-provider model pairs.

CONCLUSION

STS is an important metric for estimating the similarity of two texts, especially when
we consider Al-generated texts and the variety of LLMs that can generate them. In this
work, we presented the results of STS estimation for 5 LLMs from two providers (Anthropic
and OpenAl). For our research, we developed the estimation framework based on the
1000-pair English subset from the MFAQ validation dataset.

In contrast to many reference-based studies, we estimated not only reference-based
STS scores but also cross-model STS scores by comparing models. This extends the
reviewed approaches by adding cross-model STS analysis, which provides additional
insight into inter-model response similarity. However, as shown in the work, it strongly
depends on the metric used, since different metrics yield different sensitivities for cross-
model STS estimation. In our experimental setup, the LSA score and cosine similarity were
the most informative metrics for cross-model comparison, whereas BERTScore yielded
less sensitive and interpretable results.

Also, our results suggest that, in this experimental setting, models from the same
provider are more semantically similar to each other than to models from another provider.
We also showed that similar ground-truth estimates don’t necessarily imply high STS
between the models, as evidenced by the cross-model STS scores.

Additionally, our experimental results showed that more expensive models did not
consistently achieve the highest STS scores on the selected benchmark. Therefore, for the
benchmark considered, some medium-cost or relatively inexpensive models may offer a
reasonable balance between STS-based indicators, latency, and cost.

Despite the results obtained, the STS of Al-generated texts still requires further
research using larger datasets and more models to provide a more complete picture. Also,
in this research, we minimized any additional prompting from our side, but it can
significantly affect the responses generated by models.
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OLIHKA CEMAHTUYHOI NOAIBHOCTI TEKCTY PI3SHUX BEJTMKUX MOBHUX
MOQOENEN

Bimaniti Napy6o4uii* 0, Onexcandp Ymuxano, Onez Nycak, PomaH Lllyeap
Kagbedpa cucmemHo20 npoekmyeaHHs,

JibeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,

eyn. M. [lpacomarosa, 50, fibsie, 79005, YkpaiHa

AHOTALIA

BcTyn. OuiHka cemaHTu4HoI noaibHocTi TekcTiB (CMNT) € oaHUM i3 KOPUCHUX NigxoaiB Ha
OCHOBI MpPOKCI-MeTOAiB AN aHanidy CeMaHTUYHWX BiAMIHHOCTEM MK Bignosigamu,
3reHepOBaHUMM PiIBHUMW BENVKMMU MOBHUMWU mogensamn (BMM), Lo BUKOPMCTOBYIOTLCH B
YyaTtax LITYYHOrO iHTENeKTy Ta areHTaMu LUTYYHOro iHTenekTy. Pi3Hi JocnigXeHHs oCTaHHiX
pokiB Hamaranuca ouiHuT CINT ans BignoBsigewn, 3reHepPoOBaHNX LWTYYHUM iHTENEKTOM, ane
BOHM 3a3BMYall 30CEpepKeHi Ha OUiHUi iCTMHHOCTI LUNAXOM MOPIBHAHHA BigMNOBIAEN,
3reHepoBaHMX LUTYYHUM iHTENeKkToM, i3 3asganerigb BU3Ha4YeHMMM BIiANOBIASMW, sKi B
GinbLIOCTi BUNAAKIB CTPYKTYPHO BIiOPI3HAOTLCS BiA 3reHepoBaHuWx TekcTiB. OpHak,
MixMogenbHa ouiHka CIT moxe HagaTu uiHHYy iHcopmauilo npo nogibHicTe Moaeni,
He3arexHo Bif TOro, Hackinbky 4OOGpe BOHM Y3ro[pKyHTbCH i3 3a3danerigb BU3HaYeHUMU
BignoBiaamMu.

MaTtepianu Ta metoam. Y Ui cTatTi Mu ouiHioemo obuasa tunu CIT, ane, B nepuuy
yepry, 3ocepemxyemocsi Ha CIT mix BignoBiasamMu, areHepoOBaHMMU KiflbkoMa BUOpaHUMKn
BMM Big pi3Hux noctayanbHukiB. Mu Gygyemo Hawy cuCTEMY  OLiHIOBaHHS,
BMKOPUCTOBYIOYM NIAMHOXWHY YacTo 3agaBaHux nuTadb (Y301, aHrn. FAQ — Frequently
Asked Questions) aHrniicbkoto MoBoto 3 Habopy aaHux MFAQ, ockinbku BOHa NpomnoHye
LLUMPOKMIA CNEKTP TEM Ta YiTKy, NPOCTY Y BUKOPUCTaHHI CTPYKTYpY.

Pesynbratn. Pe3ynbTaT HaluxX eKCnepuMMEHTIB CKragatoTbCs 3 ABOX YacTuH. Y
nepLii YacTuHi My oujiHemMo 6a3oBi nokasHuku CIT, BUKOPMCTOBYHOYM KiNlbka METPUK
(kocvHycHa nopibHicte, BERTScore Ta nateHTHo-ceMaHTuyHuii aHania (JICA)), wob
npoaHanidyBatv, Hackinbku OnM3bkO BIOMNOBIAI, 3reHepoBaHi  KOXHOKW  MOZensto,
cnieBigHOCATbCA 3 GasoBuMMM BignoBiasMu Habopy gaHux MFAQ. Y gpyrii yactuHi Mu
OLjiHIOEMO MiXMopenbHi nokasHukn CIT, BMKOpPUCTOBYKOYM Ti cami MeTpuku, LWob
npoaHaniyBaTu, Hackinbku 6Gnn3bko MoAeni y3rooKyTbCcs ogHa 3 ogHot. Kpim Toro, mu
BMMIPIOEMO CepefHl0  3aTpPMMKy 3anuTy Ta BUKOPUCTOBYEMO  3araribHOA4OCTYMHY
iHpopmaLito Npo po3mip KOHTEKCTY Mogeni Ta UiHW BXigHWMX i BUXIOHWMX AdaHux, Wwob
OOCTiANTU MOXIMBI 3B'SI3KM MK MMM MapameTpamMuy Ta NoKa3HMkamm siKocTi Ha ocHoBi CIMT.

BucHoBkW. Hawi pe3ynbTtati BkadytoTb Ha BifHOCHO BMCOKY CEMAaHTWUYHY MOAIGHICTb
Mk MOZensiMM Bif, OQHOrO nocTavyanbHUKa y BUOpaHi ekcneprMMeHTarnbHi YCTaHoBLi Ta
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OEMOHCTPYIOTb, WO BUCOKI nokasHuku CIT, wo BignosigaloTb peanbHUM OaHuM, He
060B'A3K0BO 03Ha4alTb BUCOKY MiDKMOZENbHY CEMaHTUYHY NOAiIGHICTL Yy Mexax BubpaHoro
TECTY OLjiHKM Ta METPUK, K BUOHO 3 aHanidy MixkmoaensHux nokasHukis CINT. Kpim Toro, mu
MoKasyeMo, LLIO He BCi METPUKM OAHAKOBO NpuaaTtHi Ana mixmogernsHoi ouiHku CIMT, i wo
Taki METPUKN, SIK KOCUHYCHOI noAibHocTi abo JICA, MOXyTb 3ab6e3neunTu KpaLly YyTnmBiCTb,
Hixx BERTScore abo nogibHi meTpuku.

Knro4oei cnnoea: cemaHTnyHa nogibHicTe Tekcty (CIT), Benuka mosHa mogens (BMM),
Habip paHux MFAQ, «kocuHycHa nogibHicte, BERTScore, narteHTHO-
ceMaHTu4Hui aHanis (JICA)
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