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ABSTRACT

Background. In the digital information era, the ability to retrieve relevant data quickly
and accurately is increasingly critical. Traditional search engines such as Google or Bing
rely on keyword matching, which can fail in cases of vague queries, multilingual content, or
media-based searches. The rapid development of neural networks and Al technologies
introduces new opportunities to enhance search systems by understanding context,
semantics, and user behaviour. This study aims to develop a search system based on
ElasticSearch, integrating multiple neural network modules to improve search precision,
personalisation, and flexibility.

Methods. The proposed system includes four main components: ElasticSearch for full-
text indexing, a convolutional neural network for image recognition, a graph-based semantic
model for query expansion, and a ranking model based on historical user interactions. The
backend is developed in Python using Visual Studio, with modular Al components that can
be activated or disabled by the user. The semantic model represents terms as graph nodes
and semantic proximity as weighted edges, enabling dynamic context-driven query
refinement. Additional features include synonym detection, citation filtering, and user-
specific ranking.

Results and Discussion. Two key experiments were performed. The first examined
system performance by testing search speed across database sizes ranging from 100 to
100,000 records. It was found that even with all neural modules enabled, latency remained
minimal, confirming system scalability. The second experiment assessed the impact of
training data on the quality of the semantic model. A model trained on low-quality, Al-
generated data resulted in incoherent word associations and poor query expansion. In
contrast, a model built on human-curated texts produced clear, logical semantic links and
significantly improved search relevance. The image search function demonstrated the
system’s ability to identify relevant visual content based on vague or partial user input, while
the context expansion model enhanced result diversity and accuracy even with incomplete
or ambiguous queries.

Conclusion. This work presents a hybrid search engine that effectively integrates
traditional indexing with Al-powered features. The system offers robust text and image
search capabilities, intelligent semantic understanding, and personalised ranking.
Experiments confirmed its efficiency, relevance, and adaptability across varying data
conditions and resource levels. With modular architecture and advanced context handling,
the system addresses limitations of conventional search engines and sets a strong
foundation for future development in intelligent information retrieval.
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INTRODUCTION

Searching for information has become an essential part of modern life. Every day,
users unknowingly interact with search engines, whether by searching for documentation
on Google when writing code, browsing photos through social media tags, or retrieving
emails by keywords [1,2]. With the rapid advancement of artificial intelligence (Al), systems
like ChatGPT and Bard [3,4] have emerged, further changing the way we search and
interact with information. These Al-based platforms do not simply return search results but
engage in semantic understanding, enhancing user experience.

Search engines, while designed with the same overarching goal of retrieving relevant
information, differ significantly in their functionality and design. For example, Google helps
users find websites, Google Maps helps users navigate to physical locations, and social
media search engines focus on locating individuals or tagged content [5]. These differences
dictate distinct algorithmic approaches and design choices for each system. Unlike
traditional search engines, modern Al systems treat queries as questions posed to a
human, offering responses that reflect deeper semantic understanding [6].

Traditional search engines often rely on exact word matches, but this approach is
highly impractical in real-world scenarios. For example, users may make spelling errors,
use synonyms, or express intent imprecisely, leading to poor results when exact matching
is applied. To address this, full-text search engines, such as ElasticSearch, incorporate
context, enabling systems to account for minor errors or alternative word choices and
improve accuracy. This method improves the search process but still faces challenges
when dealing with ambiguous or incomplete queries [7]. Furthermore, global search
engines must account for variations in user backgrounds, such as language or cultural
expectations, which may influence the results even for the same query [8].

Another pressing challenge is scalability, as information continues to grow
exponentially. Search engines must be able to process massive volumes of data without
sacrificing speed or accuracy. For this, advanced neural network models, such as
convolutional neural networks (CNNs) for image recognition or recurrent neural networks
(RNNs) for semantic understanding, are increasingly employed. These models must work
efficiently with large datasets, enabling real-time processing of user queries, all while
maintaining a high level of personalisation and relevance [9,10].

Additionally, users increasingly expect personalised results, meaning that search
systems must not only retrieve relevant content but also learn and adapt to individual
preferences over time. This involves integrating data from user interactions and feedback
to refine ranking algorithms and query results. While such personalisation has greatly
improved search performance, it also raises privacy concerns, which need to be addressed
through proper data protection and ethical design [11,12].

Despite these advances, the development of effective search engines remains
complex, as these systems must contend with linguistic diversity, multimedia content,
varying user expectations, and large-scale data processing. As the demands on search
engines continue to evolve, there is a pressing need for systems that can intelligently
process and retrieve information while adapting to the needs of individual users [13,14].

The goal of this study is to conduct an in-depth analysis of existing search systems,
identifying the tools, techniques, and neural technologies they use. Through this analysis, we
aim to identify key challenges and solutions, as well as design and implement a custom
search engine tailored for a social network project. Our system will incorporate full-text search
capabilities, neural modules for semantic expansion, image-based retrieval, and
personalised ranking. The system’s performance, scalability, and user experience will then
be evaluated through experimental testing to identify improvements over existing methods
[15].
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METHODS

Designing a search system. In this study, we present a search system that goes
beyond the functionality of a traditional search engine by incorporating advanced neural
network technologies. The system is designed to provide a more dynamic and user-centric
experience by integrating several key components: the search engine itself, a multi-level
graph neural network, an image analysis neural network, and a neural network responsible
for ranking results based on user behaviour. This section describes the design of the
system, emphasizing the interaction between these components and their role in optimising
the search process.

Search Engine component is responsible for retrieving results from the database
based on user queries. A multi-level graph neural network that processes user queries,
refines and expands them by considering the semantic relationships between terms in the
query. An image analysis neural network is designed to analyse and interpret images,
extracting relevant information that is subsequently stored in the database for future
searches. Ranking neural network trained on historical user data that ranks search results
based on past interactions and user preferences. These components work in tandem to
enhance the accuracy and relevance of search results. The flow of information between
these subsystems, as well as the user's role in the interaction, is illustrated in Fig. 1.

The user interacts with the system in a series of steps that involve multiple stages of
data processing and refinement. Initially, the user creates a post that may contain text,
images, or both. If an image is included, the image analysis neural network is triggered to
analyse the content of the image, extracting relevant features and storing them in the
system's database. It is important to note that at this stage, the image analysis neural
network operates independently of the search engine, performing its task of data extraction.

Once the data is stored, the system is ready to process subsequent user queries. If
the query is image-based, it is directly sent to the search engine, which searches the
database and returns relevant image results to the user. In the case of a text-based query,
the process is more complex. The query is first passed to the multi-level graph neural
network, which analyses and refines the query to improve its semantic accuracy. Rather

User

l — l

. Request by
Creating a post Image request text
! —
Checking the
availability of Adding context
the ||inage with a neural
! l network
Neural network Neural
image analysis network text
analysis 3
Ranking of results "
[«— Search engine
by neural network
Saving the
post in the
database .

Database

Show results
to the user

Fig. 1. The process of user interaction with the system.
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than simply transmitting the modified query, this neural network actively interacts with the
query to ensure it is more precise, helping the search engine to retrieve more relevant
results.

Once the search engine returns the results, the ranking neural network takes over. It
evaluates the results based on historical data, ranking them according to the user's past
behaviour and preferences. The ranked results are then presented to the user. This
approach allows the system to provide results that are not only accurate but also
personalised, based on the individual user's search history and interests.

A key advantage of our system is its flexibility, allowing users to control the extent to
which neural networks are involved in the search process. At any point in the system where
neural networks are used, users have the option to disable them. This feature ensures that
users can choose a more traditional, non-Al-driven search experience if they prefer. In
some cases, users may find that the neural networks' refinement of queries and ranking of
results do not align with their expectations, and the ability to turn these features off provides
a tailored experience. This level of customisation is a significant advantage over other
search systems, which often offer limited control over the search process.

Fusion of information for a multisensory system. The next phase of development
for our search system involves the implementation of a neural network model designed to
enhance the user's search query. The primary task of this model is to expand the query by
utilising a range of techniques aimed at improving the accuracy and breadth of search
results. The expansion process follows a systematic approach. The neural network begins
by analysing the user's original query. If the initial query results in very few matches or
limited synonyms, the model attempts to generate and integrate synonyms to improve the
query's reach. Based on the newly generated words or phrases, the model expands the
query and sends it to the search engine for further refinement and result retrieval. If the
model identifies corresponding words or synonyms within the system, it ensures that
relevant results are returned to the user.

This process works seamlessly when the user does not manually alter the query. For
example, in a query like "ignorant [girl]," the neural network identifies the word "girl" within
brackets and uses it as a cue for modification. The system then searches for syntactically
close words to refine the query further. This enables the model to send new queries to the
search engine until it produces the most accurate and relevant results, if possible.

The core of this neural network is based on representing words as vectors within a
multi-dimensional space, where semantically similar words are closer to each other. This
is achieved by considering the words as nodes within a graph, where edges connect
semantically related words, and each edge is assigned a numerical value that quantifies
the proximity of those words in the semantic space. By leveraging these connections, the
model can generate expanded search queries with a higher likelihood of returning accurate
and relevant results. Fig. 2 illustrates how the neural network operates.

These modifications enhance the model’s ability to find more relevant results by broade-
ning the scope of the original search while maintaining the semantic integrity of the query.

To provide users with more control over the search process, we offer the option to
disable the neural network model. By using the “-nomodel” modifier, users can opt out of
the query expansion process and return to a more traditional search experience. This
feature is valuable for users who may prefer a simpler search approach or believe that the
neural network's modifications might not always align with their specific needs.

RESULTS AND DISCUSSION

Impact of Data Quality on Model Performance. During the development of the
search system, a custom neural network was created and trained to enhance query
interpretation and improve search precision. One of the most critical factors influencing the
effectiveness of such a model is the quality of the training data. The performance of neural
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Fig. 2. An example of a search query without modification(a), where the search engine processes the query as it
is presented by the user and the query after modification (b), where the neural network has expanded
and refined the original request by adding semantically related terms and synonyms.
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networks, particularly in natural language processing tasks, is heavily dependent not only
on the quantity but more importantly on the relevance and coherence of the data. Leading
organisations in the field, such as OpenAl, emphasise the importance of high-quality user-
generated content for training large-scale language models.

To empirically assess the role of data quality, an experiment was conducted involving
the training of two distinct models using datasets of varying quality. The first model was
trained on a large dataset consisting of randomly selected, low-quality texts, many of which
were generated by other neural networks. Although the dataset comprised several
thousand samples, the training process yielded suboptimal results. The semantic graph
produced by this model, presented in Fig. 3a, reveals a high degree of disorder. Most nodes
(words) are connected with high-weight edges, indicating an artificial and misleading
semantic proximity between unrelated terms. This lack of structural coherence renders the
model ineffective for search-related tasks, as it fails to capture meaningful linguistic
relationships.

In contrast, the second model was trained on a smaller but carefully curated corpus of
texts authored by real users. Despite the inherent variability in user-generated content, the
selection process prioritised syntactic clarity, topical relevance, and contextual consistency.
The resulting semantic graph (Fig. 3b) displays a logical and interpretable network of word
associations. Connections between terms are no longer arbitrary, reflecting a semantically
sound structure suitable for query expansion and refinement in the search process.

This experiment demonstrates that data quality significantly outweighs quantity when
training models for semantic tasks. Excessive data without proper filtering may introduce
noise, reduce model robustness, and impair downstream performance. Furthermore, these
findings help explain why generative neural networks often struggle to improve through
self-generated content, which lacks the depth and structure of well-formed human
language. Accordingly, the developed search system integrates the second model, as it
provides a stable semantic foundation aligned with real user needs and expectations.

System Quality and Performance Testing. To evaluate the efficiency and scalability
of the developed search system, a performance testing experiment was conducted under
controlled conditions. Before testing, a utility was implemented to populate the database
with synthetic entries, and computational resources were intentionally constrained to
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Fig. 3. Graph structure derived from low-quality (a) and high-quality (b) training data.

simulate realistic usage conditions. The objective was to assess the system’s response
time when processing search queries across varying dataset sizes.

Four distinct dataset sizes were selected for the experiment: 100, 1,000, 10,000, and
100,000 records. These quantities were deemed sufficient to demonstrate performance
trends, especially under resource-limited conditions. Three types of search operations were
tested: a standard text query, a query involving image analysis and a query processed
through all integrated neural networks. The execution times for each scenario were
recorded and visualised in the resulting performance graph (Fig. 4).

As illustrated in Fig. 4, standard queries consistently demonstrated the fastest
response times. The most noticeable change in latency occurs between the dataset sizes
of 1,000 and 10,000 records. Beyond this point, performance degradation becomes more
gradual. Although queries involving image analysis and neural network processing
introduce some additional delays, the increase in execution time remains within acceptable
margins, amounting to only a few milliseconds per additional increment of records.

In addition to efficiency, the quality of search results was also tested and analysed.
Used a benchmark set of 50 representative queries. These queries were executed in all
three search modes, and standard information retrieval metrics were computed to assess
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Fig. 4. Requested time as a function of the number of records.

rankings quality: Mean Reciprocal Rank (MRR) and Normalised Discounted Cumulative
Gain at rank 10 (NDCG@10). The results are presented in Table 1.

As represented in Table 1, the neural search significantly increased quality
performance compared to common search across metrics, which indicates improving
relevance and ranking of search results. As a result, this test shows that neural search
improves the user experience with the search engine.

These results suggest that while the inclusion of neural networks marginally affects
search latency, it does not significantly hinder user experience. The search engine remains
responsive and efficient, even as the volume of data increases. This outcome indicates that
the system architecture and neural integration are sufficiently optimised to handle large-
scale queries without compromising performance.

Table 1. Quality metrics representation.

Metric Common search Image Search Neural Search
MRR 0.55 0.6 0.76
NDCG@10 0.53 0.58 0.74
CONCLUSION

As a result of the research conducted, an intelligent search system was developed
based on modern technologies for information processing and analysis, in particular,
artificial neural networks. At the initial stage, a comprehensive analysis of the search engine
market was carried out, which revealed the main shortcomings of existing solutions. Special
attention was paid to persistent issues that remain unresolved by current systems, which
substantiated the need to create a new tool capable of addressing these challenges.

During the research, the key aspects that should be considered when developing a
custom solution were identified. A suitable technological framework was selected, enabling
the implementation of a search system with extended functionality. A central feature of the
system is the integration of a proprietary neural network that refines user queries and
improves result relevance. Additionally, the system provides the ability to activate or
deactivate individual modules, ensuring adaptability to diverse user needs.
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Upon completion of the development phase, a series of experiments was conducted
to evaluate the performance and effectiveness of the system. Testing included measuring
technical performance, analysing the impact of data quality and volume on model structure,
and assessing the contribution of neural networks to query refinement. The results showed
that high-quality and semantically rich data lead to logical and useful relationships within
the model, while large volumes of low-quality data result in chaotic and less effective
knowledge structures. It was also demonstrated that neural networks significantly enhance
search relevance while only minimally affecting request processing speed, indicating a high
degree of system optimisation.

So, a competitive search engine has been created that addresses both current and
longstanding problems in the field. It introduces innovative solutions, demonstrates high
operational efficiency, and holds considerable potential for future commercialisation and
scalability.
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NMPOEKTYBAHHSA TA PEANI3ALIA IHTENEKTYANBbHOI NOLWYKOBOI
CUCTEMW HA OCHOBI HEMPOHHUX MEPEX

Bimanit Boxoecbkuti @, MNanuna Knum ©O*
HauioHanbHul yHisepcumem «JIbgigcbKa ronimexHika,
8yrn. CmenaHa baHdepu 12, m. Jibeie, 79013 YkpaiHa

AHOTALIA

Beryn. Y uudpoBy enoxy iHdopmauii 34aTHICTb LBMAKO Ta TOYHO 3HaAXOAUTH
peneBaHTHI AaHi cTae aepani Baxnueiwoto. TpaauuinHi nowykoBi cuctemu, Taki sk Google
abo Bing, 6a3ytoTbca Ha CniBCTaBMEHHI KMHOYOBMX CHiB, O MOXe OyTu HeedEeKTUBHUM Y
BUMaAKax He4iTkMx 3anuTiB, 6araToMOBHOro KOHTEHTy abo nowyky 3a MeaiagaHvMu.
LLIBnakuiA po3BMTOK HEVMPOHHUX MEPEX Ta TEXHOJOTIN LTYYHOrO iHTENEKTY BiOKPUBAE HOBI
MOXIMBOCTI ANS BAOCKOHANEHHS MOLIYKOBMX CUCTEM LUMSAXOM PO3YMIHHS KOHTEKCTY,
CEeMaHTUKM Ta MOBEAiHKM KopucTyBaviB. Lle gocnigXeHHs cnpsimoBaHe Ha po3po6neHHs
nowykoBoi cuctemn Ha 6asi ElasticSearch 3 iHTerpauieto kinbkox mMogyniB HEWPOHHUX
Mepex ANng NiABULLIEHHSA TOYHOCTI NOLUYKY, NepcoHanisauii Ta rHy4YKoCTi.

MeTtoan. 3anponoHoBaHa cucTemMa BKMNIOYAE YOTMPU  OCHOBHI  KOMMOHEHTU:
ElasticSearch ansi NOBHOTEKCTOBOro iHAEKCYBaHHS, 3ropTKOBY HEWPOHHY Mepexy Ans
po3ni3HaBaHHA 300pa)eHb, CeMaHTU4Hy MOAerNb Ha OCHOBI rpadiB AnNs pPO3LUMPEHHS
3anuTiB i MOogenb paHXyBaHHsA, nNobynoBaHy Ha OCHOBI iCTOpii B3aemogfii kopucTyBaya.
CepBepHa 4acTuHa peanisoBaHa Ha MoBi Python 3 BukopucTaHHsaM cepegoBuwia Visual
Studio, a mogyni WITY4YHOro iHTENEKTY MalTb MOAYIbHY CTPYKTYPY A MOXYTb OyTW YBIMKHEHI
ab0 BMMKHeHI kopucTyBayeM. CemaHTUYHa Mogerb NpeacTaBrnse TePMiHW y BUMMAAi By3niB
rpada, a ceMaHTUYHy 6nmnsbKiCTb — Y BUIMAgi 3BaxeHnx pebep, Wo A03BoMse AUHAMIYHO
YTOYHIOBATY 3anNnTK 3 ypaxyBaHHAM KOHTEKCTY. [loaaTkoBi pyHKUii BKMOYaOTb BUSIBNEHHA
CUHOHIMIB, inNbTpaLilo 3a LMTOBAHICTIO Ta NepcoHanisoBaHe paHXyBaHHs pe3ynbTaTiB.
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Vitalii Bozhovskyi & Halyna Klym

PesynbTtatn. Byno npoBefeHo ABa KNiO4oBi ekcnepuMeHTW. lMepwwnii gocnigxysas
NPOOYKTUBHICTE CUCTEMM LUMSAXOM BUMIPIOBAHHS LUBWAKOCTI MOLUYKY MpwW po3mipi 6a3n
Aanux Big 100 go 100 000 3anucis. Pe3ynbTatn nokasanu, WO HaBiTb 3a YBIMKHEHHS BCiX
HEpOHHMX  MOAyMiB  3aTpuMKa 3anuwianacs  MiHiManbHOW, WO  MNiaATBEepaXye
macliTaboBaHiCTb cucTemMu. [Ipyrni ekcneprMeHT OLiHIOBaB BMNMB HAaBYaNbHUX AAHUX Ha
SKICTb CeMaHTM4HOi mogeni. Mogenb, HaBuYeHa Ha HEeSAKICHUX TeKCTax, 3reHepoBaHUX
WTYYHUM iHTENEKTOM, MPOAEMOHCTpYBarna XaoTWYHi 3B'A3KM MK CNoBaMu Ta HU3bKY
e(eKTMBHICTb Yy pPO3LUMPEHHI 3anuTiB. HatomicTb Mogenb, nobygoBaHa Ha TekcTax,
BiOibpaHnx noguHol, dopmyBana uiTKi MOriYHi  CEMaHTUYHI 3B'A3KM Ta CyTTEBO
nigBulLlyBana peneBaHTHICTb pe3ynbTaTiB Mnolyky. PyHKLiS nowyKy 3a 300paxeHHAM
3acsigynna 34aTHICTb CUCTEMU 3HaXOAUTU peneBaHTHUW BidyanbHUW KOHTEHT HaBiTb 3a
HeyiTkKuMn abo 4YacTKOBUMU 3anMTamu KOpUCTyBaya, a MOAENb KOHTEKCTHOMO PO3LUMPEHHSI
3abesneyyBana pi3HOMAHITHICTL | TOYHICTbL pe3ynbTaTiB HaBiTb 33 HEMNOBHUX Yu
HEeOAHO3HAYHNX 3anuTIB.

BucHoBKku. Y faHin poboTi npeacTaBneHo ribpuaHy noLykoBy cuctemy, gka edpekTMBHO
NOEAHYE TpaauLiiHe iHAEKCYBaHHS 3 MOXITMBOCTSAMMU, LLO HAAAKTHCS LUTYYHUM iHTENEKTOM.
Cuctema 3abesnevye HafiiHMiA MOWYK sIK TEKCTOBOI, TaK i BidyanbHoi iHopmaLli,
OEMOHCTPYE [HTENeKTyanbHe pO3YMiHHSI CEMaHTMKM Ta MNEepCOHarni3oBaHe paHXyBaHHA
pesynbTaTtiB. EkcnepumeHTanbHi  gocnigkeHHs  niaTBepaunu il eEeKTUBHICTb,
peneBaHTHICTb Ta adanTMBHICTbL 3a Pi3HMX YMOB 0OCAry AaHuX i 0OMexXeHuX pecypcis.
3aBaskM MOAYNbHIN apXiTekTypi Ta poswupeHin obpobLi KOHTEKCTYy cucTtema Bupillye
OOMEeXeHHs TpaauUiMHMX MOLUYKOBMX MEXaHi3MIiB | 3aknagae MiuHy OCHOBY Ans
NOAAnNbLIOro PO3BUTKY IHTENEKTYyanbHOro NOLyKy iHchopmalLlii.

Knro4oei cnoea: Cuctema noluyKy, TOYHICTb MOLLYKY, HEMPOHHI Mepexi, ElasticSearch.
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