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TOOLS FOR SEMANTIC SEARCH AND
ANSWER GENERATION IN UKRAINIAN-
LANGUAGE MUSEUM SYSTEMS

This article examines modern semantic search models and a
search-based response generation approach for building intelligent
museum information systems focused on Ukrainian-language and bilingual
textual materials. It is shown that traditional lexical search, based on
keyword matching, does not always ensure adequate quality in cultural
heritage tasks, where relevance is determined not only by formal term
matching but also by the semantic proximity of the query and the
document. In this context, text vector representation models take on
particular significance, as they allow texts to be represented in vector
space and enable the retrieval of contextually relevant information even in
the absence of direct lexical matches. This paper analyzes the LaBSE,
paraphrase-multilingual-MiniLM-L 12-v2, multilingual-E5-large-instruct, and
BGE-M3 models in terms of Ukrainian language support, multilingualism,
search accuracy, computational resource requirements, and suitability for
local deployment. The generation of search-based responses is examined
separately as an approach in which a generative model constructs a
response based on fragments retrieved by a search module from an
external knowledge base. It is argued that this approach is particularly
suitable for museum information systems, as it reduces the risk of
hallucinations, improves the factual accuracy of responses, and enables a
source verification mechanism. The advantages and limitations of open and
closed generative models in the context of Ukrainian-language museum
services are also systematized. Based on the analysis, practical
recommendations are formulated regarding the selection of search models
and the configuration of answer generation systems for digital cultural
heritage. The practical significance of these findings lies in the fact that
they can be used to design museum information kiosks, digital guides,
visitor assistance systems, and services providing access to cultural
heritage in the Ukrainian language. Further research should focus on an
experimental comparison of search models using a specialized Ukrainian-
language museum corpus, as well as on evaluating the reliability of sources
and the accuracy of citations in real-world digital cuftural heritage systems.

Keywords: semantic search, search-based answer generation,
vector representations, multilingual models, Ukrainian language, museum
information systems, digital cultural heritage.

Introduction

Semantic search is an approach to information retrieval
that relies on comparing the meaning of texts rather than on exact
keyword matches. Unlike traditional lexical search, such as
BM25, where results depend on common words between the
query and the document, semantic search uses vector
representations of sentences and text fragments. Such
representations make it possible to find contextually relevant
information even in cases where there are no direct word matches
between the query and the document, which is particularly
important for languages with complex morphology, a wealth of
word forms, and synonymic series, to which the Ukrainian
language belongs.

Specialized models are used to build semantic search,
these models convert text into multidimensional vectors, i.e.,
vector representations. The emergence of Sentence-BERT-class
models had a significant impact on the development of this field,
as they enabled the generation of high-quality semantic
representations of sentences and substantially improved semantic
search results [1]. Further development of this approach led to the
emergence of multilingual models that support not only English
but dozens or even hundreds of languages simultaneously. This
makes it possible to build a unified vector knowledge base for
documents in Ukrainian and English and to implement cross-
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lingual search, where a query is formulated in Ukrainian but the relevant document may be in English, or vice versa
[4, 5].

Another key concept in modern intelligent information systems is search-based answer generation. This
approach combines semantic search with the capabilities of large language models to produce more accurate and
meaningful responses based on external knowledge. First, the system retrieves relevant documents or fragments from
the knowledge repository, and then the language model generates a response to the query based on the content of the
retrieved documents. This approach reduces the risk of generating false statements and improves the accuracy of
responses, as the model operates not only based on its own parametric knowledge but also utilizes up-to-date
information from the knowledge base [3].

For Ukrainian museum projects that work with bilingual textual materials and require reliable, source-
verified answers, semantic search and search-based answer generation systems are particularly important components.
In such an environment, the system must not simply “know” general facts, but rely on museum descriptions, exhibit
labels, archival records, historical materials, and other verified sources. This is precisely why a review of modern
semantic search models with Ukrainian language support, as well as models and approaches for generating answers
suitable for use in the museum domain, is relevant.

Analysis of recent research and problem formulation

The development of semantic search in recent years has significantly changed approaches to organizing
information access in intelligent systems. While early search engines relied primarily on keyword matching and
statistical relevance models, modern systems increasingly rely on dense vector representations of text. An important
milestone in this development was the emergence of Sentence-BERT, which adapted the BERT architecture to the
tasks of sentence comparison and semantic search [1].

Further research has led to the development of multilingual models capable of mapping texts in different
languages into a shared semantic space. Of particular importance in this context is the LaBSE model, designed for
multilingual alignment of sentences and phrases in over a hundred languages [4, 5]. Its use has opened up new
possibilities for cross-lingual search, which is critically important for systems in which documents are stored in
multiple languages.

Among the newer generation of search models, the E5 series and BGE-M3 models attract particular attention.
The E5 series models are trained on a large corpus of text pairs using contrastive learning and fine-tuning on search
tasks [6, 7]. They combine multilingualism, relatively high accuracy, and practical suitability for use in real-world
systems. An even more versatile solution is the BGE-M3 model, which combines dense, sparse, and multi-vector
search and supports long contexts [8, 9].

In parallel, the field of search-based answer generation has evolved. In a seminal work by P. Lewis et al., it
was demonstrated that combining a search module with a generative model enables improved answer accuracy in
knowledge-rich tasks [3]. Over time, the architectures of such systems have become more complex, but the basic
principle has remained unchanged: the generative model should not operate in isolation from external information,
but rather based on the relevant sources found.

Despite a significant body of research in the field of semantic search and search-based answer generation
systems, the problem of selecting the optimal configuration for Ukrainian-language museum systems remains
unresolved. It is necessary to consider not only the quality of search and generation but also factors such as local
deployment, support for the Ukrainian language, working with a bilingual corpus, response latency constraints, and
the ability to provide the user with source verification. This is why a systematic review of relevant models and the
formulation of recommendations for their use in the museum domain are particularly relevant.

The aim of this article is to analyze modern models of semantic search and search-based response generation
in terms of their suitability for building Ukrainian-language museum information systems, as well as to formulate
practical recommendations regarding the selection of search and generative components for digital cultural heritage
systems.

Presentation of the main material

Semantic search models are typically implemented as separate embedding models based on a transformer
architecture. Such models independently encode queries and documents into vectors of fixed dimension. Next, using
a similarity measure, such as cosine similarity, one can quickly find the most relevant documents for a given query.
For practical implementation, vector representations are indexed in specialized vector databases, such as FAISS,
Milvus, Qdrant, etc., which enables efficient nearest-neighbor search.

The first successful models of this type were predominantly English-language [1]. However, in recent years,
powerful multilingual semantic search models have emerged that also cover the Ukrainian language. They are trained
on multilingual corpora and parallel data in such a way that texts in different languages fall into a single shared
semantic space. As a result, a query and a document in different languages can have similar vector representations if
their content is equivalent [4, 5]. This creates the basis for cross-lingual search, where a user formulates a query in
Ukrainian, and the system can find an English-language document containing a relevant answer.

The main current semantic search models that support the Ukrainian language are discussed below.
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LaBSE (Language-Agnostic BERT Sentence Embedding) is a multilingual model developed by Google
Research that can generate similar vectors for translated phrases in over 100 languages [4, 5]. The model is specifically
trained on parallel texts to ensure the language independence of vector representations. It has become one of the
powerful foundational solutions for cross-lingual search and semantic alignment across languages.

The advantage of LaBSE lies precisely in its multilingual versatility. It is particularly valuable for tasks where
it is necessary to combine documents in many languages within a single semantic space, such as for translation search
or cross-lingual search in large archives. In a museum context, this can be useful when some documents are in
Ukrainian and others are in English, Polish, or other languages of international museum communication.

At the same time, LaBSE was introduced earlier than the latest search models, so it often falls short of more
modern solutions in terms of accuracy. It remains important as a stable multilingual encoding model; however, in
scenarios where the highest possible quality of semantic search is required, it is advisable to consider newer models.
The model is open-source and available in the sentence-transformers/LaBSE repository [4]. It has approximately 500
million parameters, and the maximum input text length is limited to 256 sub-words.

Paraphrase-multilingual-MiniLM-L12-v2 is a lightweight multilingual model from the Sentence-
Transformers family that supports over 50 languages, including Ukrainian [2]. It was obtained by fine-tuning a
compact transformer architecture on multilingual paraphrases. The model generates 384-dimensional vector
representations, and its parameter count is approximately 118 million.

The main advantage of this model is its high speed in generating vector representations and low memory
requirements. This is why it is suitable for real-time systems, client applications, chatbots, prototypes, and other
environments with limited computational resources. It can also be run on a central processing unit, which is practical
for local information terminals and standalone museum installations.

A drawback is a certain reduction in accuracy compared to larger and more modern models. In particular, on
complex, long, or multi-component queries, its ability to accurately distinguish relevant fragments is lower. However,
in cases where speed is the top priority, paraphrase-multilingual-MiniLM-L12-v2 remains a perfectly reasonable
choice.

Multilingual E5 is a series of open-source models from Microsoft, presented as an extension of the Sentence-
T5 and E5 approaches [6]. The models in this series were trained on a large dataset comprising over a billion text
pairs, using contrastive training followed by fine-tuning on retrieval tasks. The multilingual-e5-large-instruct variant
covers 94 languages, including Ukrainian [7].

One of the key features of E5 is the use of a special input data format. Queries and documents are presented
with prefixes such as query: and passage:, which helps the model better distinguish the role of the input text and
improves the quality of the match between the query and the document. This approach is particularly useful for
question-answering systems, knowledge base search, and other scenarios where a clear interpretation of the semantic
role of the text is important.

Multilingual E5 is a balanced option for multilingual semantic search. It delivers high quality with moderate
computational resource requirements and is well-suited for enterprise search, knowledge-based chatbots, museum
information systems, and other applications where accuracy and practicality must be balanced. However, it should be
noted that the model’s context is limited to 512 tokens, so long documents must be pre-split into fragments [6, 7].

BGE-M3 (Multi-lingual, Multi-function, Multi-granularity Embedding) is one of the latest models for
multilingual vector representations, introduced in 2024 [8, 9]. It supports over 100 languages, including Ukrainian,
and demonstrates strong performance on many evaluation datasets for multilingual search.

The uniqueness of BGE-M3 lies in its versatility. The model is capable of generating not only dense vectors
for semantic search, but also sparse representations that mimic lexical search, as well as multi-vector representations
for handling long documents [8]. Architecturally, it is based on XLM-RoBERTa and supports a context length of up
to 8,192 tokens. The model has approximately 540 million parameters, and the dimension of the vector representations
is 1,024.

The practical benefit of using BGE-M3 is that it allows for the combination of semantic and exact keyword
search within a single model. That is why the authors recommend using hybrid search as a combination of vector
search and approaches such as BM25, as well as supplementing the processing sequence with a re-ranking stage to
achieve maximum precision [8, 9]. For high-load production systems that work with multilingual corpora and require
maximum comprehensiveness and accuracy, BGE-M3 is an extremely promising solution. A drawback of the model
is its resource intensity. Generating 1024-dimensional vector representations, especially for long texts, requires more
time and memory than more compact models. Therefore, its use is appropriate where quality is a priority rather than
minimal response latency.

As shown in Table 1, modern models, particularly Multilingual E5 and BGE-M3, outperform previous
solutions in multilingual search tasks. At the same time, the choice of a specific model depends on the use case. If
CPU speed is critical, it is advisable to use MiniLM. If maximum search quality in a multilingual environment is
required, BGE-M3 is a better choice. For museum applications, where the knowledge base is typically of moderate
size, the Multilingual E5 model offers a reasonable compromise, providing high-quality search in Ukrainian and
English with moderate hardware requirements.
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To improve the accuracy of semantic search, a re-ranking stage is often used. In this processing sequence, a
separate encoding model first identifies the top N candidates, and then a separate model—typically a joint encoding
model—re-ranks these results by analyzing the “query—document” pair in greater depth. Unlike separate encoding
models, which encode the query and document separately, joint encoding models process them together, allowing for
better consideration of local relationships and detailed matches.

Table 1
Key characteristics of semantic search models for Ukrainian-language and multilingual museum systems
Model Languages Model Type Size Speed License Local Recommended
Execution Scenarios
LaBSE 100+ languages, | separate encoding | ~0.5 billion | average Apache 2.0 | yes cross-language
including model based on | parameters, search,

Ukrainian BERT-large 768- multilingual text
dimensional alignment,
vector translation search

paraphrase- 50+ languages, | separate encoding | ~0.1 billion | high Apache 2.0 | yes real-time search,
multilingual- | including model parameters, chatbots,
MiniLM- Ukrainian 384- resource-
L12-v2 dimensional constrained
vector systems
multilingual- | 94  languages, | separate coding | ~0.6 billion | average MIT yes universal
E5-large- including model, fine-tuned | parameters, multilingual
instruct Ukrainian using instructions 1024- search, question-
dimensional and-answer
vector systems,
corporate and
museum
knowledge bases
BGE-M3 100+ languages, | a separate encoding | ~0.55 billion | lower than | MIT yes high-precision
including model that | parameters, that of multilingual

Ukrainian combines  dense, | 1024- compact search, hybrid

sparse, and multi- | dimensional models search, handling

vector search vector, 8192- of long
dimensional documents
context

In a multilingual environment, it is possible to use multilingual co-encoding models or specialized re-ranking
models. For museum systems that generate search-based responses, this step is useful when it is necessary to filter out
random matches and ensure that the top results are precisely those fragments that best match the user’s query. This is
particularly important for long, complex, or compound queries, where a basic search may return thematically similar
but not the most accurate fragments.

At the same time, re-ranking is an additional computational operation, so it should be used selectively: for
example, for complex factual queries, longer questions, discussion topics, or cases where the quality of the base search
is insufficient.

Search-based answer generation is an approach in which a large language model generates an answer based on
additional context obtained through search. In the classic implementation, a dense search module, the Wikipedia index,
and a generative model were used for search, combined into a single processing sequence [3]. Subsequently, this
concept evolved, and various modifications emerged, but the underlying idea remained unchanged: external
knowledge is integrated into the process of constructing a response.

In the context of a museum, this means that the language model should not “guess” the answer based solely on
its own parametric knowledge. Instead, upon receiving a query, it must first retrieve fragments of exhibit descriptions,
archival records, biographical materials, or scholarly explanations via a search module, and then use these to formulate
a response for the visitor. This ensures greater accuracy, reduces the risk of hallucinations, and makes it possible to
cite the sources or fragments on which the response is based.

When building such systems for a Ukrainian-English multilingual environment, at least two basic conditions
must be taken into account. First, the search model must be multilingual to find relevant materials regardless of the
language of the query or document. Second, the generative model must be able to function correctly in Ukrainian,
both in terms of understanding the query and constructing a natural response.

The most powerful generative models today are large language models trained on extremely large amounts of
data. Most of them were not specifically trained on Ukrainian datasets, but thanks to multilingual web corpora, they
have acquired a certain level of understanding of the Ukrainian language. In the museum domain, a generative model
must not only possess language proficiency but also be capable of correctly interpreting the given context, generalizing
it, and formulating a concise, accurate, and understandable response.

GPT-4 is one of the most powerful proprietary text-generation solutions, demonstrating a high level of
performance in multiple languages, including Ukrainian [10]. The model possesses exceptional capabilities for
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reasoning, generalization, and generating natural responses; therefore, when combined with a search module, it can
deliver a high-quality user experience.

However, GPT-4 is a proprietary commercial system and is primarily accessible via an API. This implies
dependence on external infrastructure, network connectivity, a paid access model, and limited control over the runtime
environment itself. For museum kiosks or local standalone systems, this can be a significant limitation. Nevertheless,
as an external generative service, GPT-4 can be useful during the prototyping phase or in scenarios where the highest
possible quality is a priority.

In 2023, Meta introduced LLaMA-2—an open-source series of generative models with 7, 13, and 70 billion
parameters [11]. Thanks to training on a large multilingual corpus, these models support the Ukrainian language to a
certain extent. While they are inferior in quality to GPT-4, they have a key advantage: the ability to be deployed
locally.

For museum assistant tasks, the 7B or 13B models are particularly interesting, as they can be deployed on a
single server or workstation with a graphics processing unit (GPU) and, given high-quality context, generate
sufficiently acceptable responses. In this case, the search module compensates for some of the limitations of the
generative model itself by providing it with accurate factual material.

BLOOM is an open-source multilingual model with 176 billion parameters, trained on data from 46 languages
[12]. Ukrainian was included in the training corpus, so the model can generate text in Ukrainian. BLOOM’s strength
lies precisely in its pronounced multilingualism and openness.

At the same time, BLOOM’s enormous size significantly limits its practical use. Deploying such a model
requires very significant computational resources, making it unsuitable for fast museum services, local information
terminals, or systems with limited budgets. Therefore, it should be viewed more as a research or demonstration
solution.

Another area of focus is specialized, smaller-scale multilingual generative models, notably the mGPT family
from SberAl [13, 14]. These are GPT-like decoder models with 1.3 billion and 13 billion parameters, trained on 61
languages, including Ukrainian.

The advantage of mGPT is its relative ease of deployment, especially for the smaller versions. For example,
the 1.3-billion-parameter model can run even on a central processing unit, making it attractive for embedded or
standalone solutions. At the same time, the quality of generation from such models is significantly lower than that of
large modern language models. Therefore, it is advisable to use them only when there is a very strong search
component, where the model does not need to reason “on its own,” but only concisely and accurately convey the found
context.

Table 2 shows that there is a clear trade-off between closed and open models. Closed models, particularly GPT-
4, provide the highest generation quality but require an external programming interface. Open models offer more
control over the infrastructure and can run locally, but they typically yield lower overall quality. For a museum project,
it makes sense to start with a medium-sized open model, such as LLaMA-2 13B, and, if necessary, transition to a
hybrid scenario in which a more powerful external model is used for critical queries.

A summary of the characteristics of semantic search and response generation models presented above shows
that the choice of a specific configuration for a museum system is determined by a trade-off between performance,
multilingual support, search accuracy, the ability to handle long documents, and the possibility of local deployment.
To systematize these dependencies, Figure 1 presents a diagram for selecting semantic search and response generation
models based on the requirements of a Ukrainian-language digital museum heritage system.

Table 2
Comparative characteristics of generative models in the context of museum generation systems supplemented
by search
Model Languages Type Size Speed License Local Use Cases
GPT-4 multilingual, decoder-based | very accessible via | closed no highest-quality generation,
including transformer large, a  software complex dialogues, accurate
Ukrainian closed API| responses when external access
model is available
LLaMA- | multilingual decoder-based | 7B/13B/ | medium open-ended yes local search-based response
2 support transformer 70B with generation systems, dialogues,
constraints and question-answering systems
of medium complexity
BLOOM | 46  languages, | decoder-based | 176B low open with | limited | research-oriented multilingual
including transformer restrictions systems; not ideal for fast
Ukrainian services
mGPT 61 languages, | GPT-like 1.3B /| high for | open-source yes small standalone bots,
including decoder model | 13B smaller embedded solutions, resource-
Ukrainian models constrained systems

The diagram (Figure 1) demonstrates that for systems with limited resources, it is advisable to use paraphrase-
multilingual-MiniLM-L12-v2; for cross-lingual search—LaBSE; for maximum accuracy and handling large text
fragments—BGE-M3, while the most balanced solution for the museum domain is multilingual-E5-large-instruct.
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Regarding response generation, the figure illustrates the choice between closed, high-precision models, such as GPT-
4, and open models suitable for local execution, specifically LLaMA-2 and mGPT. In conclusion, the recommended
configuration for museum applications involves combining an effective search component, a re-ranking stage, and a
generative model capable of producing concise and factually sound results.

Based on this review, a number of practical recommendations can be formulated for building a semantic
search system with answer generation in the museum sector.

First and foremost, it is advisable to use multilingual vector representations for the search component. The
most balanced option is a model such as the multilingual E5 or a similar one that supports Ukrainian and English. It
ensures a high recall rate among relevant materials regardless of the language of the query or document. For a small
corpus of museum texts, a medium-sized model can operate locally with sufficient speed and accuracy. If the volume
of data increases or quality requirements become more stringent, it is advisable to switch to a more powerful model,
such as BGE-M3, and implement a hybrid search that combines semantic search and keywords.

Reguirements for the Ukrainian-language

/ museum system of digital cultural heritage \

High performance and Multilingualism and Maximum Working with long Local execution
low resource usage cross-language search search accuracy documents without external access
k. l k4
paraphrase-multilingual- : ] LLaMA-2
MiniLM-L12-v2 LaBSE HCEND BGE-M3 (7B / 13B)

o : M
A balanced solution

for the museum sysiem

v

multilingual-E5-large-instruct

'

Selecting a model for
generating a response

t"'f T

Highest response quality
when an external software
interface iz available

Autonomy and contral
aver infrastructure

k. k.

GPT-4 LLaMA-2 f mGPT

T

Recommended configuration
for museum use

N

multilingual-E5-large-instruct or BGE-M3
+ re-ranking
+ generation based on LLaMA-2 or GPT-4

Fig. 1. Diagram illustrating the selection of semantic search models and the generation of responses based on the requirements of a
Ukrainian-language digital museum heritage system

The second important aspect is knowledge structuring and information filtering. Before building a vector
index, it is advisable to store document metadata: date, source, document type, exhibition, exhibit, language, etc. This
will allow the search to be limited to a relevant subset of data. For a museum, this means that the system can search
for results only within a specific collection, exhibition, period, or language segment, rather than across the entire
knowledge base. This approach improves search accuracy and reduces the risk of accidental or irrelevant results.
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The third important step is to add re-ranking for complex queries. If the search sometimes returns thematically
similar but not the most accurate results, integrating a multilingual re-ranking module will improve the order of results.
It is advisable to use re-ranking not for all queries, but only for highly complex cases, so as not to unnecessarily
increase latency.

Another key requirement is limiting the length of the response and supporting citations. Museum visitors
typically expect a concise answer of 1-3 sentences, rather than a lengthy narrative. Additionally, it is important to
provide the ability to link to a source, such as an exhibit label, a scholarly reference, or an archival text. This increases
trust in the system and allows users to verify the factual basis of the response.

Separately, the issue of local execution should be considered. Semantic search can already be performed
locally today, even on modest hardware. Generation is the more complex part, but the 7B—13B models can be run on
a workstation with a graphics processing unit. If such hardware is not available, the system should be designed so that
the generative component is modular: during the prototype phase, it can operate via a software interface, and later be
replaced with a local model without having to rebuild the entire architecture.

Finally, any museum system for generating search-based responses must be evaluated using real-world data.
After implementation, it is advisable to measure Recall@5, Recall@10, MRR, or nDCG on a collected set of typical
user queries. It is also necessary to verify the quality of the final answers in terms of factual support from the found
documents, i.e., to assess the validity of sources, the correctness of citations, and the proportion of statements that lack
confirmation in the found context.

Conclusions

This article provides a systematic review of semantic search models and search-based response generation
approaches in the context of developing Ukrainian-language museum information systems. It is shown that traditional
keyword search does not provide sufficient quality in cases where relevance is determined by semantic proximity
rather than formal lexical similarity. In this regard, multilingual vector representation models should form the basis
of modern museum search systems.

The main modern semantic search models with Ukrainian language support are analyzed. It is established
that LaBSE remains useful for cross-lingual alignment, paraphrase-multilingual-MiniLM-L12-v2 is suitable for fast
and lightweight systems, multilingual E5 demonstrates an optimal balance between accuracy and performance, and
BGE-M3 is the most promising option for high-precision multilingual and hybrid search scenarios.

We also consider a search-based response generation approach as a foundation for building intelligent
museum assistants and digital guides. It is shown that in the museum domain, the key factor in quality is not so much
the power of the generative model itself, but rather the effectiveness of the search component, which must provide the
generative component with accurate and relevant context. It is the search that should serve as the core of trust in the
system, while generation acts as a natural language interface to the retrieved knowledge.

The practical significance of these findings lies in the fact that they can be used to design museum information
kiosks, digital guides, visitor assistance systems, and services providing access to cultural heritage in the Ukrainian
language. Further research should focus on an experimental comparison of search models using a specialized
Ukrainian-language museum corpus, as well as on evaluating the reliability of sources and the accuracy of citations
in real-world digital cultural heritage systems.
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Xpucrtuna JIIT AHIHA-TOHYAPEHKO, Bagum BITEHKO, liana 3ATOPOIHA

3axiqHOYKPATHChKUI HAI[IOHATBHHIN YHIBEPCUTET

IHCTPYMEHTH JUIs1 CEMAHTUYHOI'O IOMIYKY TA TEHEPAIIII BIIMMOBIAEN
B YKPAIHOMOBHUX MY3EMHUX CUCTEMAX

Y Uivi cTaTTi po3rnsaaroTbCs CyyacHi MOET CEMaHTUYHOIO oYKy Ta Iiaxia A0 reHEPaLi BIAroBIAeq Ha OCHOBI MoLLyKy
/15 106YA0BU [HTENEKTYalIbHUX MYy3EUHNX IHGHOPMALIVIHNX CUCTEM, OPIEHTOBAHUX HA YKPAIHOMOBHI Ta ABOMOBHI TEKCTOBI MaTepiasim.
[ToKa3aHo, 1O TPAANLIVIHMA JIEKCUYHMY TOLLYK, 3aCHOBAHMI Ha 3ICTAB/IEHHI KITIOYOBUX C/IIB, HE 3aBXAu 336€3reYye Ha/IexXHy AKICTb
Y 3aBAAHHSAX Ky/IbTYPHOI CragUmHm, A€ PEIEBAHTHICT BUHAYAETBCI HE JMILE QOPMAJIbHUM 3ICTAB/IEHHAM TEPMIHIB, a/e H
CEMaHTUYHOK OJIM3bKICTIO 3aruTy Ta [OKYMEHTa. Y LbOMYy KOHTEKCTI MOAE/I BEKTOPHOIrO [PEACTaB/IEHHS TEKCTY HabyBaroTe
0CO6/IMBOIroO 3Ha4YeHHS, OCKIIbkU BOHM [O3BOJISIOTE [PEACTAB/IATU TEKCTU Yy BEKTOPHOMY POCTOPI Ta AaioTb 3MOry OTpUMyBaTH
KOHTEKCTYa/IbHO PESIEBAHTHY IHPOPMALito HABITb 3a BIACYTHOCTI IPSMUX JIEKCUYHNX 36iriB. Y Ui CTaTTi aHanizyroTbcs mogesi LaBSE,
paraphrase-multilingual-MiniLM-L12-v2, multilingual-E5-large-instruct 1@ BGE-M3 3 TOYku 30py MIATPUMKU YKDEIHCbKOI MOBY,
6aratoMOBHOCT], TOYHOCTI MOLLYKY, BAMOI 40 OOYUCIIIOBA/IbHNX PECYpCiB Ta MPUAATHOCTI 47151 JIOK3/IbHOrO po3roptaHHs. OKpemo
PO3I7ISAAETLCS MEHEDALIS BIAMOBIAEH Ha OCHOBI MOLWYKY SK MiAXI4, ¥ SKOMY reHEPaTUBHA MOAESb KOHCTPYIOE BIAMNOBIAb Ha OCHOBI
@DParmMenTiB, OTpUMAaHNX OLLYKOBUM MOZYJIEM (3 30BHILLHEOI 6a3n 3HaHb. CTBEDMIKYETLCS, LU0 LIEH Mi4X4 0COBIMBO MiaxoanTs 4/1s
MY3EUHNX [HPODMALIVIHNX CUCTEM, OCKITTbKH BiH 3HIKYE DUIMK TasIloLMHAaLIV, MOKPAaLLYE GaKTUYHy TOYHICTb BIANOBIAEN Ta JO3BOJISE
pearnizyBaTv MEXaHi3M MEPEBIPKH [KEPES. TaKoX CUCTEMATU30BAHO MEPEBAIrV Ta OOMEXEHHS BIAKPUTUX Ta 3aKPUTUX FEHEPATUBHUX
MOAE/EN Y KOHTEKCTI YKDAIHOMOBHUX MY3EVMHUX CEDBICIB. Ha OCHOBI aHa/l3y CihopMy sibOBaHO MPaKTUYHI PEKOMERAALIIT LLUOAO BUOODY
Mogesedt rnowyKy 1a KoH@Irypauii cucrem reHepauii Bianosiaen 418 un@dpoBoi Ky/ibTypHOI criaawmmm. [IPDaKTUYHE 3HAYEHHS LMX
BUCHOBKIB I1O/IIra€ B TOMY, O iX MOXHA BUKODHCTOBYBATU U151 ITPOEKTYBAHHS MYy3€HHUX [HBOPMALIIVIHUX KIOCKIB, LM@BpOBUX
1IyTIBHUKIB, CUCTEM L[OMOMOMM BiBiAyBa4YaM T1a CEPBICIB, 1O 3a6e3reYyoTs JOCTYI 4O Ky/IbTYPHOI CriagLUMHI YKDAIHCbKOK MOBOIO.
lToganslui [OCTAKEHHS MatOTL ByTU 30CEPEKEH] HA EKCIIEDUMEHTA/ILHOMY [MOPIBHIHHI MOAENEH MMOWYKY 3 BUKOPDUCTAHHSIM
CreLianizoBaHoro yKpaiHoOMOBHOIo My3€MHOro KOpriycy, a TaKoX Ha OUHLI HaZWIHOCTI A)KEpes T8 TOYHOCTI UUTYBEHb Y DEasIbHUX
cuCcTemax UN@POoBOI Ky ibTYPHOI CIIBALYNHA. .

KImoYoBi C/10Ba: CEMaHTUYHMY MOLYK, reHepaLiis BIANoBIAeN Ha OCHOBI MOLLYKY, BEKTOPHI MPEACTAB/ICHHS, 6araToOMOBHI
MOgesT, yKpaiHCbKa MOBa, My3€VHI iHGOPMALIIHI cucTeMY, LNPPOBA Ky/IbTYPHE CIaALUMHA.
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