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Floods are one of the most frequent hydrometeorological disas-
ters in Indonesia, causing severe social, economic, and environmental
impacts. The object of this research is spatio-temporal flood detection
in Simpang Empat, Asahan Regency, North Sumatra, an area that
faces annual flooding due to high rainfall, low-lying topography, and
land-use changes. Conventional detection approaches based on either
spatial or temporal data often fail to capture complex interactions,
thereby limiting predictive accuracy. To address this problem, this
study developed a multi-modal fully guided attention gate (MM-FGAG)
framework that integrates Sentinel-2 multispectral imagery, SRTM
elevation, CHIRPS rainfall, and ERAS5 atmospheric variables. The
model employs CNN-based spatial priors to guide temporal attention
in LSTM, ensuring that predictions focus on the most flood-relevant
regions and time periods. Experimental results show that MM-FGAG
achieved 91.72% accuracy, 92.05% precision, 90.29% recall, and an
AUC of 0.945, significantly outperforming CNN, LSTM, and CNN-LSTM
baselines. This improvement is explained by explicit spatial-to-temporal
guidance, which enhances predictive accuracy while also increasing
interpretability through attention maps. Distinctive features of the frame-
work include multimodal integration, guided attention, and the ability to
generate flood risk maps with more than 90% agreement with observed
data. These findings confirm that MM-FGAG is robust, adaptive, and ca-
pable of producing accurate and explainable predictions. The framework
shows strong potential for use in flood early warning systems and disaster
risk management, providing timely information for evacuation planning
and resource allocation in vulnerable regions.
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The object of this study is the classification of low-resolution and
multi-class images, represented by the CIFAR-10 benchmark dataset.
It is challenging to accurately classify low-resolution and multi-class
images because traditional CNNs usually have trouble identifying
both global and complex texture patterns. To address this issue, this
study employs the CIFAR-10 dataset as a representative benchmark
for real-world scenarios where image quality is limited, such as in
low-cost medical imaging, remote sensing, and security surveillance
systems. The limited discriminability of traditional CNNs in these
situations is the primary issue addressed. The proposed method em-
ploys three parallel convolutional streams with distinct kernel sizes
(3% 3,5x%5,and 7 x 7) to capture hierarchical spatial patterns, fol-
lowed by the integration of two attention mechanisms - squeeze-and-
excitation and convolutional block attention module - that adaptively
emphasize the most relevant spatial and channel-wise information.
In addition, structural texture descriptors such as Gray-level co-oc-
currence matrix, local binary pattern, and Gabor filters are computed
independently and later fused with the deep representations to enrich
the feature space. Experiments were carried out on the CIFAR-10
dataset under varying levels of class complexity: 10, 5, and 3 catego-
ries. The results reveal that the hybrid approach significantly improves
precision, recall, and F1-score across all scenarios, with the highest ac-
curacy of 90.87% obtained when only three classes are involved. These
improvements are explained by the complementary nature of deep and
handcrafted features, which together enable the model to learn both
global semantics and fine-grained local textures can achieve higher
classification accuracy, improved reliability, and reduced misclassifica-
tion errors, ultimately enhancing the effectiveness of applications rang-
ing from medical decision support to intelligent surveillance.

Keywords: multi-scale kernel, attention mechanisms, CIFAR-10,
GLCM, LBP, Gabor filters.
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The object of the research is a monitoring and analysis system for
software quality based on user feedback collected from open-source
projects on GitHub. The problem addressed is the lack of effective
automated tools that can process large volumes of unstructured user
feedback to identify quality issues, prioritize tasks, and detect nega-
tive trends in real time. Traditional quality assurance methods, while
important, fail to capture the nuance of user sentiment and the con-
textual details present in natural language feedback, leading to delays
in problem detection and resolution. The developed system integrates
three key modules: sentiment analysis for assessing user satisfaction,
issue categorization for structuring feedback into actionable types,
and anomaly detection for identifying sudden changes in sentiment
or feedback dynamics. The results show that transformer-based mod-
els, particularly fine-tuned BERT, outperform rule-based and tradi-
tional machine learning approaches in both accuracy and robustness.
This advantage is explained by their ability to capture domain-specific
language, sarcasm, and contextual dependencies, enabling more
precise interpretation of complex feedback. The anomaly detection
component, using LSTM autoencoders and Isolation Forest, demon-
strated the ability to identify critical quality regressions up to two days
before official issue reporting. These results can be applied in practice
for continuous software quality monitoring in agile, open-source, or
user-centric development environments where timely, data-driven




decision-making is essential. The approach supports real-time insight

generation, helping development teams respond proactively to quality
risks and improve overall user satisfaction.

Keywords: feedback analysis, software quality, sentiment analy-
sis, issue detection, data processing.
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This study’s object is the process that improves efficiency and
accuracy in delivering personalized recommendations to users in
systems based on reinforcement learning.

The principal task addressed in the study is to improve recommen-
dation adaptation and personalization by assigning a dedicated agent to
each user. This approach reduces the influence of other users’ activity
and allows for more precise modeling of individual preferences.

The proposed approach employs an Actor-Critic model imple-
mented using the Deep Deterministic Policy Gradient algorithm to
achieve more stable training and maximize long-term rewards in
sequential decision-making processes. Recommendations are gener-
ated using the unique characteristics of items that are based on users’
historical interactions. Neural networks are trained with separate
parameter configurations for single-agent and multi-agent models.

Experimental results on the MovieLens dataset demonstrate the
superiority of the multi-agent model over the single-agent baseline
across key evaluation metrics. For top-5 recommendations, the
multi-agent model achieved improvements of + 4% for Precision@5;
+0.32% for Recall@5; and + 2.92% in Normalized Discounted Cu-
mulative Gain NDCG@5. For top-10 recommendations, gains were
+ 1% for Precision@10; + 0.18% for Recall@10; and + 1.14% for
NDCG@10, respectively.

Simulations for individual users showed that the multi-agent
model outperformed the single-agent baseline in 66 out of 100 cases
in terms of cumulative reward. The proposed system demonstrates
effectiveness in capturing user preferences, improving recommenda-
tion quality, and adapting to evolving user preferences over time.

The main area of practical application for the results includes
dynamic online environments such as e-commerce systems, media
platforms, social networks, and news aggregators.

Keywords: personalized recommendation, reinforcement learn-
ing, multi-agent environment, Actor-Critic model.
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This study investigates text messages that potentially contain
signs of informational-psychological operations (IPSOs). The task
addressed aims to solve the problem of detecting signs of IPSOs in
the media space.

An innovative method for detecting such signs has been pro-
posed, based on the construction and analysis of semantic networks
and implemented without the use of program code by using large lan-
guage models (LLMs). This makes it possible to generate formalized
analytical queries to LLMs in the form of a code-free system based on
the composition of structured prompts.

The method’s unique feature is the parallel analysis of data from
two sources of knowledge: internal and external. The internal one
contains generalized IPSO patterns formed on the basis of a wide
corpus of data. The external one includes verified examples of fake
messages from social networks, news outlets, and archives of fact-
checking organizations.

To improve the accuracy of analysis, semantic normalization of
concepts is used, which employs embedded vectors to unify terminol-
ogy, as well as comparison of causal paths in semantic networks to
identify connections. The assessment of the probability of a message
belonging to IPSO is formed by aggregating the results using a weight-
ed average, which makes it possible to take into account semantic and
structural similarity. An example of applying the method to the analy-
sis of a disinformation message is given, demonstrating the ability to
detect key signs of psychological influence: manipulative narratives,
emotional loading, and cause-and-effect relationships.

The proposed method is flexible, reproducible, and accessible to
researchers without programming skills, which makes it a valuable
tool for monitoring information threats and analyzing disinformation
in the context of information confrontations.

Keywords: informational-psychological operation, semantic net-
work, LLM, prompt engineering, codeless analytics, Al disinformation.
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This study focuses on a collection of tweets related to government
services (e-government), which are preprocessed and transformed
into a domain-specific corpus for query expansion. Conventional IR
models struggle with unstructured and noisy content containing in-

formal language and abbreviations, which reduces retrieval accuracy.
To overcome these issues, this study proposes a hybrid query expan-
sion (QE) model named ROCBERT-QE, which combines corpus-
based retrieval (CBR) with bidirectional encoder representations
from transformers (BERT). The model applies dual expansion, using
corpus-based co-occurrence frequencies to capture lexical relation-
ships and BERT embeddings to preserve semantic context. A domain-
specific corpus consisting of 5,017 preprocessed tweets related to
Indonesia’s National Health Insurance (BPJS) was constructed, en-
compassing 6,215 unique terms that represent linguistic variation and
informality in public discourse. Experimental results demonstrate
that ROCBERT-QE outperforms baseline retrieval methods such as
TF-IDF, BM25, and standard BERT. For single-word queries, Recall
reached 0.8574 and Precision 0.8807, while for sentence-level queries,
Recall was 0.8932 and Precision 0.9175. The synergy of frequency-
based and contextual expansion enables effective handling of lexical
noise and semantic ambiguity. The results confirm the scientific po-
tential of combining corpus-based and transformer-based approaches
in IR tasks involving unstructured content. Practically, ROCBERT-QE
can be applied for real-time analysis of citizen discourse in e-govern-
ment contexts, such as service evaluation, policy feedback, and early
detection of public issues. The framework is scalable and adaptable
to other domains with informal or multilingual data characteristics.

Keywords: information retrieval, query expansion, corpus-based
retrieval, BERT, social media, e-government.
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This study’s object is the process that formalizes text prompts to large
language models of artificial intelligence for the purpose of automati-
cally generating action cards for hexagonal tabletop wargames. The task
relates to the ambiguity (42% of terms are misinterpreted), contextual
incompleteness (37%), and syntactic variability (21%) of natural language
prompts, resulting in unhelpful and unpredictable responses.

To address this problem, a conceptual-practical model has been
proposed, which combines structured prompt templates, a localized
glossary of key terms, as well as clear instructions on response format.

Practical verification was carried out by generating a set of action
cards for solo wargames on modern large language models by gener-
ating over 100 prompts and analyzing more than 300 responses. The
experiments demonstrated that the formalized prompts reduced the
total error rate by 58%, as well as increased the relevance of responses
from 55-65% to 88-92%. The average time for preparing prompts was
reduced by 25-40%. The “d6-table” templates ensured the stability of
the output format in 90-95% of cases while JSON structures provided
stability in 85-90% of cases. The glossary and structure definition
integrated into the prompts minimized semantic discrepancies and
syntactic errors.

A special feature of the proposed template structures for prompts
is adaptability to different subject areas through the use of a descrip-
tion language specific to each of these areas. The research results have
practical value for automating game content development processes
and could be adapted for other subject areas where accuracy, consis-
tency, and structure of language model responses are important.

The proposed systematic approach facilitates the automation
of complex content development with a guaranteed increase in the
quality and predictability of responses from large language models.

Keywords: prompt formalization, large language models, artifi-
cial intelligence, structured templates, wargames.
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The object of this study is the process of multiclass automatic
categorization of user queries using large language models under the
conditions of a language transition from English to Ukrainian.

The scientific task relates to the fact that most modern large
language models (LLMs) are optimized for English while their ef-
fectiveness for morphologically complex and low-resource languages,
particularly Ukrainian, remains insufficiently studied.

In this work, an experimental approach was devised and imple-
mented to evaluate the transferability of the GPT-4.1-mini model
from English to Ukrainian in the task to categorize 11,047 user que-
ries spanning nine applied domains. The analysis employed conven-
tional metrics (Recall, Precision, Weighted-F;, Macro-F;) alongside a




novel indicator, the Uncertainty/Error Rate (U/E), which captures the

proportion of model refusals and “hallucinations.”

The findings demonstrate that the highest quality was achieved
on the English dataset (Macro-F; = 69.78%, U/E = 0.05%). When
Ukrainian prompts were applied, Macro-F; decreased to 63.73%; how-
ever, the U/E equaled 0%, indicating higher reliability of responses.
Using English prompts with Ukrainian-language data preserved
nearly the same level of accuracy (Macro-F; = 69.66%), thereby re-
vealing strong internal translation and generalization mechanisms.

The novelty of this study is attributed to the use of a large mul-
tidomain parallel corpus, the systematic comparison of prompts in two
languages, the application of the state-of-the-art model GPT-4.1-mini,
and the introduction of the U/E metric as a reliability criterion. The pro-
posed approach demonstrates the feasibility of applying GPT-4.1-mini to
Ukrainian-language information services without additional training,
particularly for automatic query routing in financial, medical, legal,
and other domains.

Keywords: data analysis, large language model, GPT-4.1-mini,
text categorization, multilingual evaluation, the Ukrainian language.
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The object of the study is operational planning in decision sup-
port systems (DSSs) for prosumers. The study addresses a lack of
explicit flexibility modeling in DSSs and a limited understanding of
how forecast quality impacts planning results.

A novel control module for short-term planning of flexible energy
demand and battery dispatch in prosumers is presented. The proposed
solution improves prosumers’ information support by integrating
consumption and generation forecasts, user-defined flexibility pref-
erences, and battery constraints to reduce operational costs and in-
crease profit from energy sales via optimal planning. Unlike methods
that obscure decision logic, the module enables explicit flexibility
modeling, enhancing transparency and better reflecting individual
behaviors. Validation using real-world data across diverse prosumer
segments confirms the module’s robustness and effectiveness in
achieving cost savings.

The module maintained positive cost improvements under realistic
and extreme forecast errors (up to 75%) across most flexibility settings,
with performance influenced by forecast accuracy and flexibility con-
figuration. A linear dependency was found between forecast error and
cost savings. In rare edge cases - very low flexibility and high forecast
error - the control plans led to underperformance. Increasing flexibility
relaxes accuracy requirements, highlighting an important trade-off.
Higher flexibility led to stronger initial performance but faster degrada-
tion as forecast errors increased. Lower flexibility setups declined more
slowly but were more prone to underperformance in edge conditions.

These findings offer practical insights into flexibility modeling
and forecast error tolerance, enabling improved planning and control
design for prosumers.

Keywords: decision support system, prosumers, photovoltaics,
operational planning, forecast error.
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The object of this paper is the process of greenhouse control. The
study solves the task of rational greenhouse control based on the Mar-
kov decision-making process taking into account two-level optimiza-
tion. A random Markov decision-making process has been defined for
the problem of greenhouse operation improvement.

A greenhouse control model was built, which makes it possible to
determine rational microclimate parameters to grow agricultural crops.
To validate the greenhouse control model, real data from an experiment
on growing strawberries in a greenhouse complex were used.

Observations lasted from May 17 to June 8, 2025. Monitoring of
microclimate parameters was carried out around the clock with an
interval of 1 minute, which ensured high accuracy of the analysis.
The experimental scenario included three irrigation circuits, a heat-
ing system, LED lighting, ventilation, and CO, monitoring.

The proposed approach to greenhouse management based on
the Markov decision-making process model demonstrates high
practical value, especially in the context of growing sensitive crops
such as strawberries. The simulation shows that the implementa-
tion of two-level optimization in autonomous greenhouse control
systems could provide an increase in yield by 10.15%. At the same
time, due to the significant volume of the greenhouse and the high
thermal inertia of the structures, the actual values of the microcli-



mate parameters deviate from the rational ones by 10-15%, as a result

of which the calculated yield increase for the model built is about 7%.

Keywords: greenhouse microclimate, two-level optimization,

stochastic Markov decision-making process, precision agriculture,
control problem.
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PO3POBKA MYJIBTUMOJIAJIBHOI IIOBHICTIO KEPOBAHOI CUCTEMHU YBATU (MM-IIKCY) IJIsA
IIPOCTOPOBO-YACOBOTI'O BUABJIEHHA IIOBEHEM (c. 6-17)

Neni Mulyani, Anjar Wanto, Jhonson Efendi Hutagalung

IToBeHi € OHUMU 3 HalfyacTilIMX TiZipOMeTeoposIOTiYHUX KaTacTpod B IHAOHE3I], 1110 CIPUYMHSAIOTH Cepio3Hi collialbHi, eKOHOMIuHi Ta
eKoJIoTi4Hi Hacsifku. O6>EKTOM I[bOTO AOCTiPKEHHS € ITPOCTOPOBO-YacoBe BUABIEHHs MoBeHel y CiMmaHr-Emmar, pereHTCTBO AcaxaH, ITiB-
HiyHa Cymarpa, paiioHi, KU1 IOPiYHO CTUKAETHCS 3 IIOBEHSIMH Yepe3 BUCOKY KiIbKiCTh OIa/[iB, HU3BKOPOCIUI pesibed) Ta 3MiHU B 3eMJIEKO-
pucryBanHi. Tpaguniiini mizxoau 10 BUSIBJIEHHs, 3aCHOBaHi Ha IIPOCTOPOBUX a00 YaCOBUX JIaHUX, YaCTO He BPaXOBYIOTb CKJIaZHI B3aeMOJ1,
1110 06MeXKy€e TOUHICTh IIPOrHO3yBaHHA. [I/1d BUpilIeHHH 1iel mpo6ieMU B IIbOMY JOCTi/PKEHHI po3p06IeHO My/IbTUMO/AIbHY CTPYKTYPY T10-
BHiCTIO KepoBaHoi cucrtemu yBaru (MM-ITKCY), sika iHTerpye My/bTHCIIEKTPaIbHI 300paskeHHs Sentinel-2, pesbed SRTM, KisbKicTh oma/iiB
CHIRPS Ta atmocdepHi 3miHHI ERAS5. Mozies1b BUKOPHCTOBYE IIPOCTOPOBI alpiopHi /JaHi Ha OCHOBI 3ropTKOBOI HelipoHHOI Mepexxi (3HM) furst
KepyBaHHS 4aCOBOIO YBarolo B I0Briil KOpOTKOCTpoKoBiit mam’siti (JIKIT), rapaHTyr04H, 1110 IIPOTHO3HM 30CEPe/KeHi Ha HaGLIbII peJleBAHTHHX
U715 TIOBeHel perioHax Ta nepiozax yacy. EkcriepuMeHTaIbHi pe3y/ibTaT oKa3yloTh, 110 MM-ITKCY nocsria TouHocti 91,72%, mperjusitiHocTi
92,05%, moBHOTH 90,29% Ta AUC 0,945, 1110 3HaYHO mepeBepIrye 6a3osi piBai 3HM, IKII Ta 3HM-/IKII. Ile moKpaiieHHs MOSICHIOETHCS YiTKUM
IIPOCTOPOBO-9ACOBUM KEPiBHHUIITBOM, SIKE ITiZIBUIIYE TOYHICTh IMPOTHO3YBAHHS, a TAKOXK 30LJIBIIye iHTEPIIPETOBAHICTh 3a JJOIIOMOTOI0 KapT
yBaru. BiaMiHHMMM 0COGIMBOCTAMU (PPEIMBOPKY € MyJIBTHMO/IaIbHA iHTerpalisi, KepoBaHa yBara Ta 3/]JaTHICTb CTBOPIOBATH KapTH PU3UKY
TToBeHel 3 6ibI Hixk 90% 3rofioro 3i CrIocTepeskyBaHUMU JaHUMU. Lli pesysbraTu miITBeppKyI0Th, 110 MM-ITKCY € HajiiiHO0, aaTHBHOO
Ta 3/JaTHOI0 CTBOPIOBATU TOYHi Ta MOSICHIOBAJIbHI MporHo3u. PpeiiMBOpPK /IeMOHCTPYe 3HAUHUI MOTeHIial /11 BUKOPHUCTAHHS B CHCTEMax
PaHHBOTO TIOTIEPEPKEHHS ITPO ITOBEHI Ta yIIPaBJIiHHSA PU3UKAMU CTUXiHHUX JIMX, HA/IAal09M CBOEUACHY iH(OpMAIlito JJIs TUIaHyBaHHS eBaKya-
1l Ta pO3IOALLY pecypciB y Bpa3/IMBUX perioHax.

KU1r04oBi c10Ba: MOBiHb, IIPOCTOPOBO-YACOBE BUSIBICHHS, MyJIbTUMOZIaIbHUM, KepOBaHa yBara, INIMO0Ke HaBYaHHsI, CUCTeMa PaHHBOTI'O
TIOTIEPEe/KEHHS.
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TIBPUHA BATATOMACIITABHA 3TOPTKOBA HEMPOHA MEPEXKA 3 OCOBJIMBOCTSIMHY YBATH TA
TEKCTYPH /IS IIOKPAIIIEHOT KJIACU®IKAII 30BPAYKEHH (c. 18-28)

Irpan Adiputra Pardosi, Tengku Henny Febriana Harumy, Syahril Efendi

OG6>€KTOM IIBOTO JTOCTi/HKeHHS € Kaacudikaliisi 306paXkeHb 3 HU3bKOIO PO3JIIBHOIO 3JaTHICTIO Ta 3 KiJTBKOMa KJIacaMu, ITpeJiCTaBIeHUX
3a ZIONOMOTO0 eTasToHHOoro Habopy gaHux CIFAR-10. Touna kacudikariis 306pakeHb 3 HU3BKOIO PO3/IIBHOIO 3/]aTHICTIO Ta 3 KiJbKOMa
KJIacaMU € CKJIAJTHOIO, OCKIIbKU TpaJulliliHi 3ropTkoBi HeliponHi mMepexxi (CIFAR-10) 3a3Bu4ail MaioTh mpobsaeMu 3 ifeHTH(DiKaIi€r0 K
[I06aJIBHUX, TaK i CKJIQJHUX TEKCTYpPHUX BizepyHKiB. I1[06 BUPIIINTH 110 IIPOGIIEMY, Y LIbOMY JOCTiKEHHI BUKOPUCTOBYEThCS HA6Ip JaHUX
CIFAR-10 siK pelpe3eHTaTHBHUI €TaJIOH /JIsl peaJbHUX CIeHapiiB, [ie SIKiCTh 300paykeHHsI 0OMeXKeHa, HAIIPUKJIaJ, Y HEZOPOTUX MEJUIHUX
cucTeMax Bisyasizariii, JucTaHIiifTHOMY 30H/yBaHHI Ta CHCTeMax BifjeocrocTtepeskeHHs. O6MeKeHa pO3pi3HIOBAIBHICTD TpagumiitHnx CNF
y IJUX CHUTYaIlisIX € OCHOBHOIO ITPO0JIEMOIO, SIKy PO3IVISAAI0Th. 3alIpOIIOHOBAHUI METO/| BUKOPUCTOBYE TPU ITapajiesibHi 3rOPTKOBI IIOTOKH 3
pisHMMHU po3mipamu sapa (3 X 3,5 X 5Ta 7 X 7) Jis 3aX0IUIeHHs iepapXiYHUX IIPOCTOPOBUX Bi3epyHKIB, a IOTIM iHTerpye /iBa MexaHizMu
yBaru — CTUCKaHHS Ta 30yPKeHHsI Ta 3TOPTKOBUI GIOUHMI MOZY/Ib YBaru — sIKi aallTUBHO IiIKPECII0I0Th HAMOIIbII pesleBaHTHY IIPOCTOPO-
By Ta KaHaJIbHY iH(popMarito. KpiM Toro, eCKpUNITOPY CTPYKTYPHOI TEKCTYPH, TaKi SK MaTPHUIS CIIBHOI ITOSBU PiBHIB Ciporo, JIOKaJIbHUI
6iHapHMIT ma6y10H Ta (ineTpu [a60pa, 0GYNCIIIOIOTECS HE3aIEXKHO, a ITOTIM 00’ €/[HYIOTHCS 3 IVIMOOKUMHU IIPe/ICTaBICHHIMU /I 30arayeHHs
rpocTopy o3HaK. EkcriepuMeHTH IpoBoAwuIMCs Ha Hab6opi gaHux CIFAR-10 3 pisHUMHU piBHSAMM CKafHOCTI KiaciB: 10, 5 Ta 3 kareropii.
Pe3ysibTaT MOKa3yIOTh, 110 TIOPUHUI Mi/IXi/l 3HAYHO TOKpalllye TOYHICTb, MTOBHOTY Ta F1-OI[iHKY y BCiX clieHapisxX, 3 Hal{BUII[OI0 TOYHICTIO
90,87%, OTpUMaHOI0, KOJIM 3a/[isiHi jinie Tpu Kaacu. Lli mokpalieHHs MOsSICHIOIOThCS B3a€MO/[OTTOBHIOIOUOI0 TIPUPO/I0I0 TTIMOOKHX Ta PYyYHUX
03HaK, 5IKi pa30M /[03BOJISIIOTh MOJieJli BUBYATHU SIK IVI00ATbHY CEMAHTHKY, TaK i ipiGHO3€PHIUCTI JIOKAJIbHI TEKCTYPH, 1[0 MOXKE OCATTH BHUILOT
TOYHOCTI KJ1acudikaliii, i jBuILeH0] HafiifHOCT] Ta 3MeHIIEeHHs MOMUJIOK Kacudikallii, 1[0 3peIuToro mijiBuilye eheKTUBHICTb 3aCTOCYBaHb,
TIOYMHAKOYH BiJ| IATPUMKUA MEeJUUYHUX PillIeHb /0 iHTEJIEKTYaJIbHOTO CIIOCTEPEKEHHS.

KorrouoBi ciroBa: 6araromacurrabte sipo, mexanizmu yBaru, CIFAR-10, GLCM, LBP, ¢insrpu I'a6opa.

DOI: 10.15587/1729-4061.2025.341516
OLNIHKA IHTETPOBAHOI'O IIIAXOAY 40O MOHITOPUHTY AKOCTI ITPOTPAMHOTIO 3ABE3ITEYEHH 3A
BIATYKAMM KOPUCTYBAYIB LA IIIABHUITEHHS TOYHOCTI TA CBOEYACHOCTI (c. 29-42)

Nurzhamal Kashkimbayeva, Ulan Bekish, Gulsim Abdoldinova, Zhuldyz Basheyeva, Alina Mitroshina

OG6’eKTOM [JOCTIPKEHHSI € CHCTeMa MOHITOPUHIY Ta aHaJIi3y SIKOCTi ITPOrpaMHOro 3abe3IeueHHs] Ha OCHOBIi BiATYKiB KOPUCTyBadiB,
3i6paHuX 3 MPOEKTIB 3 BifkpuTM KoZioM Ha GitHub. ITpo6siema rossirae y BificyTHOCT] e(peKTHBHUX aBTOMAaTH30BAHNX iHCTPYMEHTIB, 3[JaTHHX



06pOGIIATH BeJIMKi 06CSATH HECTPYKTYPOBAHUX Bi/ITYKIB J/IsT BUSIBJICHHS IIPOOJIEM SIKOCTi, BUSHAYEHHsI ITPiOpHUTeTiB i hikcallii HeraTHBHIX TeH/EHITi I
y peanbHOMY Yaci. Tpauniiini MeToan 3a6e3MneueHHs AKOCTi, Xo4a I Bayk/IMBi, He BpPaXOBYIOTh HIOAHCHU HACTPOIB KOPUCTYBaJiB i KOHTEKCTHI leTasti
y BiAilyKaX TPUPOJHOI0 MOBOIO, 10 TIPU3BOAUTH JI0 3aTPUMOK Y BHSIBJIEHHI Ta BUpillIeHHi mpo6seM. Po3po6iieHa crcreMa iHTerpye Tpy MOZYII:
aHaJIi3 HaCTPOIB IS OI[{HKY 3a/J0BOJIEHOCTi KOPUCTYBadiB, KaTeTOpH3aIlifo po6sieM /I CTPYKTyPyBaHHS BiATYKiB Y IPH/aTHI [Is BUKOPUCTaHHS
THIIY TA BUSIBJICHHST aHOMAUTi# /i1 ijeHTrikanil panToBUX 3MiH y HACTPOSIX UM JJUHAMIII BiATYKiB. Pe3y/ibTaTi MOKa3yIoTh, 10 MOJIEJTi Ha OCHOBI
TpaHchopMaTopiB, 30KkpemMa TouHO HajamTosaHnii BERT, mepeBepiytoTh MpaBHUIOOPiEHTOBaHI Ta TpaJUIIiiiHI a/ITOPUTMU MAaIIMHHOTO HABYaHHS
3a ToyHicTIO I crifikicTio. 151 TIepeBara IOSICHIOETHCS 3[JaTHICTIO BpaXOByBaTU CIIEIU(iUHY JIEKCHKY, capka3M i KOHTEKCTHi 3aJIe)KHOCTi, 110
3abe3r1eyuye TOYHIIIy iHTeprpeTaliito BifrykiB. KOMIOHEHT BUABIEHHS aHOMAJiH, sIKMII BUKOPUCTOBYe aBToeHKoziepr LSTM Ta Isolation Forest,
TIPOZIEMOHCTPYBAB 3/IATHICTh BUSIBJIATH KPUTHYHI perpecii SIKocTi 710 BOX /{HIB paHile 3a odiniitHi mosifomieHHs. OTprMaHi pe3y/IbTaTi MOXYyTb
3aCTOCOBYBAaTHCs ISl Ge3epepBHOIO MOHITOPUHTY SIKOCTi Y THYYKHX, BIIKPUTHX UM OpPi€HTOBAaHMX Ha KOPHCTyBadya CepesiOBUILAX PO3POOKH,
Jie CBOeyacHe TPUIHATTS pillleHb Ha OCHOBi JaHUX € KPUTMYHUM. 3arporOHOBAHUI MifIXif MiTprMye aHaJIITUKY B PEeXHMi peaJbHOTO 4Jacy,
JIONIOMAraro4y KOMaH/[aM IIPOaKTMBHO pearyBaTH Ha PU3MKU Ta ITi/IBUILYBaTH 3a/J0BOJIEHICTh KOPHUCTYBaYiB.
KurrouoBi coBa: aHasIi3 BiTyKiB, KiCTh IIPOrpaMHOr0 3a6e3IeueHHs, aHaJli3 HaCTPOiB, BUABJIEHHS IIP006JIeM, 06po0Ka JaHMUX.
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PO3POBKA MYJIBTUATEHTHOI AIATITUBHOI PEKOMEHIAIIIMHOI CHCTEMH HA OCHOBI
MAIINMHHOTO HABYAHHA 3 NIJKPIIIVIEHHAM (c. 43-54)

B. 1. Pomanmok, O. B. IlearomkeBHY

OG6’eKTOM [JJOCJIi/IKEHHS € TIPOIIeC MiBUIEeHHS e()eKTUBHOCTI Ta TOYHOCTI HaJJaHHS IIepPCOHAJII30BaHNX PEKOMEH/IAIlili KOpHCTyBadaM y
CHCTeMax, sIKi BUKOPUCTOBYIOTb MAallIMHHE HABYAHHS 3 IiAKPIIIeHHAM.

OCHOBHOIO IIP06JIEMOIO, 1110 BUPIIIYETHCS B OCIPKEHHI, € ITOKpalljeHHs aJJalTallii Ta mepcoHastizalil pekoMeHAallil IIIXOM CTBOPEeHHSI
OKPEMOTO areHTa JIsi KOXKHOTO KOpHCTyBada. Lle 103BOJIsSIE 3MEHIINTH BIUIMB CTOPOHHIX [Jiii i Kpalle afanTyBaTUCS O iHIWBiZyaJbHUX
BIIOZ06aHb. Y po6OTi 3aITPOITOHOBAHO BUKOPUCTAHHS MOJ[esTi «AKTOp-KpHTHK», peai3oBaHOoi Ha OCHOBI aITOPUTMY TVIMGOKO] IeTepMiHOBAHOL
crpareril zyst Gi1bII CTaGiIbHOTO HABYAHHS Ta OTPUMAHHS JIOBIOCTPOKOBOI BMHAropojy y IOCJi[IOBHUX IIpoliecaX NMPHUIHATTS pilleHb.
PexkoMeHiallisi TeHepyeThCsi BUKOPUCTOBYIOUM YHiKaJIbHi BJIACTUBOCTI €JIEeMEHTIB Ha OCHOBi iCTOpMYHMX B3aeMOJIiii kopucTtysauiB. ITporec
HaBYaHHS HEHPOHHUX MepeX BiZIlOYBAETHCS 3 PI3SHUMM ITapaMeTpaMU /Il OAHOAT€HTHOI Ta MyJIbTHAT€HTHOI MOieJIeid.

ExcrieprMeHTalbHI pe3y/IbTaTd, OTpMMaHi Ha Habopi gaHmX Movielens, A€MOHCTPYIOTh IlepeBary MyJIBTHAreHTHOI MOAENi Haf
OJTHOAreHTHOIO 32 KJIIOUOBUMU MeTpUKaMHu. [IJisi peKOMeH/Iallili i3 I’'siTh eleMeHTiB 3adikcoBaHO MoKpalieHHs: Precision@5 Ha 4%, Recall@5
Ha 0.32%, Normalized Discounted Cumulative Gain NDCG@5 Ha 2.92% y IOpiBHSIHHI 3 OJHOAreHTHOIO Mofesuto. [yl peKkoMeHJalii i3
JIeCSITH €JIeMeHTIB oTpuMaHo: Precision@10 Ha 1% Buie, Recall@10 Ha 0.18% Bumie, NDCG@10 Ha 1.14% Bulle OPiBHSIHO 3 OAHOAI€HTHUM
nigxoxoM. IIpoBesieHi cUMyJIALil /11 OHOTO KOPMCTyBaJa ITOKa3ajy IepeBary B 66 BAMajgkax 3i 100 B JOCATHEHHI BUIIUX KyMyJIITUBHUX
BUHArOpOZ JiIs1 MYJIBTHAreTHOI Mofesi. 3alpoloHOBaHA CHUCTeMa JEeMOHCTPye e(eKTUBHICTb y BHM3HA4EHHI BIIOZ06AaHb KOPUCTYBAdiB,
TIOKpalljeHHi IKOCTi peKoMeH/alliil Ta ajanTanii 0 3MiH KOPHUCTYBaIbKOI ITOBEAIHKY 3 YACOM.

OCHOBHOIO TaJIy3310 MPAKTUYHOTO 3aCTOCYBaHHSI OTPUMAHUX Ppe3y/IbTaTiB € AMHAMIiYHi OHJIAMH-CEpe[jOBUILA, 30KpeMa CHCTEMU
€JIEKTPOHHOI KOMepIIii, MeiaraaTdopMH, ColiayibHi Mepexxi Ta HOBUHHI BUIaHHS.

K1ro4oBi cj1oBa: epcoHasizoBaHa peKOMeH/Iallisl, HABYaHHs 3 MiAKPIilJIEHHAM, MyJIbTHareHTHe cepeloBullle, MoJieslb AKTOp-KpuTuk.
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PO3POBKA BE3KOJIOBOT'O METO/Y JIJIs1 BUABJIEHHSA O3HAK IHOOPMAIIMHO-TICUXOJIOTTYHUX
BIIVIUBIB B ITOBIJOMJIEHHAX (c. 55-69)

. B. JIanae, K. B. Edppemos, A. M. CoGoJieB, 1. O. ITunrHorpaes

OG6’€KTOM IOCIIi/PKEHHSI € TEKCTOBI IMOBiIOMJIEHHS, 1[0 TTOTEHI[IHHO MICTATh 03HAKU iH(opMaliiiHO-TIcuxoaorivHuX omneparniii (IIICO).
Po6oTy CIIpsIMOBaHO Ha BUpillIeHHs ITpo6sieMu BUsiBIeHHS 03HaK [IICO B Meziia-IipocTopi. 3anipoIIOHOBAHO iHHOBAIITHUI METO/| BUSIBJICHHS
TaKMX O3HAK, 1[0 6a3yeTbCs Ha MOOY/IOBI Ta aHasi3i CEMaHTUYHUX MEPEX Ta peasizyeThcs 63 BUKOPUCTAHHSA ITPOTPAMHOI0 KOy IIISXOM
3aCTOCYBaHHS BeJIMKUX MOBHHX Mozesneii (LLM). Ile mo3Bosisie cTBoproBaTH (hopMasIi3oBaHi aHaTITHYHI 3anUTH 10 LLM y BUIISiA Ge3K0H
JIOBOI CHCTEMH, sIKa IPYHTYEThCS Ha KOMIIO3UIIil CTPyKTypOBaHMX IIPOMIITIB. YHIKaJIBbHICTh METOAY IIOJIATAE B apaJeIbHOMY aHaIi3i JaHUX
i3 IBOX /pKepesl 3HaHb: BHYTPIIIHBOTO Ta 30BHINIHBOTO. BHyTpilHEe MicTUTh y3aranbHeHi narepHu ITICO, chopMoBaHi Ha OCHOBI IIMPOKOTO
KOpITyCy JJaHUX. 30BHIlIHE BKJIF0OYae BeprbikoBaHi Mpukau GelikoBUX MMOBiJOMJIEHB i3 colliaIbHUX MepeXk, HOBUHHUX PecypciB Ta apxiBiB
(axTyeKiHrOBHUX OpraHizamiii. [71s1 MiABUIEHHS TOUHOCTI aHaJIi3y 3aCTOCOBYETHCS CEMAaHTHYHA HOpPMaJTi3allis KOHIIENTIB, IKa BUKOPHCTOBYE
BOYZOBaHI BeKTOpM /s yHi(ikanii TepMiHOJIOrII, a TaKOXK IMOPIBHSAHHS Kay3aJIbHUX IIUIAXIB Y CEMAHTUYHHX MeEpPeXax JUIs BHUSIBJICHHS
38’A3KiB. O1jiHKa iimMoBipHOCTI HajexxHocTi mnosifomyieHHs1 Ao IIICO QopMyeThcsa NUIAXOM arperanii pesy/bTaTiB 3 BHUKOPHUCTAHHSAM
3BaYKEHOI'0 CEPEeJHLOTO, 110 03B0JIsSE€ BPAXyBaTH CEMAaHTHUYHY Ta CTPYKTYPHY CXOXiCTh. HaBeZieHO NPUKIIazl 3aCTOCYBaHHS METOAY [0 aHali3y
ne3iH(opMarniifHOro MOBIJOMJIEHHS, IO JEMOHCTPYE 3AATHICTh BHSIBJISATA IKJIIOYOBI O3HAKU IICHXOJIOTIYHOTO BIUIMBY: MaHIITyJISTUBHI
HapaTHBH, eMOLINHY 3aps/PKEHICTh i IPUYMHHO-HACJI/IKOBI 3B’SI3KH. 3aIlIPOIIOHOBAHMI METOJ| € THYYKHUM, BiITBOPIOBAHUM i /JOCTYITHUM
JUTS JOCTITHUKIB 6e3 HaBUYOK IIPOrpaMyBaHHs, 1[0 pOOGUTH MOr0 IIHHUM iHCTPYMEHTOM /1JIsl MOHITOPUHTY iH(opMaliiiHux 3arpo3 i aHasisy
nesiHdopmallii B yMoBax iHopManiiiHUX IPOTHUCTOSHb.

KorrouoBi ciioBa: iHopMaiiifHO-IICHX0JI0TiYHA OIeparis, CeMaHTUYHa Mepexxa, LLM, mpoMnT-imykeHepuHT, 6e3Ko/j0Ba aHasiThKa, I11,
nesiHgopmaris.
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IMIABUINEHHA ITPOAYKTHBHOCTI IIOIIYKY B COOIAJIbHUX MEPEXKAX 3A TOIIOMOTI'OIO
PO3IIMPEHHA 3AIINTIB HA OCHOBI KOPIIYCY 3 BUKOPHMCTAHHAM /IBOHAITPABJIEHHUX
IIPEACTABJ/IEHb EHKOJEPA 3 TPAHC®OPMEPIB (c. 70-83)

Roberto Kaban, Poltak Sihombing, Syahril Efendi, Maya Silvi Lydia

Ile pocmiHKeHHsT 30cepe/PKEHO Ha KOJIEKIIl TBIiTiB, TIOB>I3aHUX 3 JIePXKaBHUMH TIOCTyraMy (eJIeKTPOHHUM YPs[yBaHHAM), sIKi TIOTIEPeAHBO
06po6sieHi Ta MEepeTBOpeHi Ha JIOMEHHO-CIenU(iYHNI KOpITyC I PO3IIMpeHHs 3anuTiB. TpamuiiifiHi Mogzesi momyky iHdopMmamnil MaroTh
Mpo6JIeEMH 3 HECTPYKTYPOBAaHMM Ta IIYMHUM KOHTEHTOM, IO MICTHTh HehOpMasIbHy MOBY Ta aOpeBiaTypH, L0 3HIDKYE TOYHICTh HoUIyKy. 1106
TIOJJ0JIATH 11i TIPOG/IEMH, Y LIbOMY ZOCIiZKEHH] ITPOIIOHYEThCs ribprHa Moziesb posupeHHs 3anutis (QE) mig Ha3zBoro ROCBERT-QE, sixa noeaHye
TIOIIyK Ha OCHOBI Koprrycy (CBR) 3 ZBOHAIPAaBIEHUMHM ITIPECTABIEHHSIMHU KOAYBAJILHUKIB Bif TpaHcdopmaropiB (BERT). Mogesb 3acTOCOBYE
TI0/BiifHE PO3IIMPEHHS, BUKOPHCTOBYIOYN YACTOTH CITLTBHOI ITOSIBM HAa OCHOBI KOPITyCY ISt (piKcarlii JIeKCHYHUX 3B>I3KiB Ta BOyZoByBaHHS BERT
JUIs 30epe)KeHHsI CEMaHTHYHOTO KOHTEKCTY. Byslo cTBOpeHO JOMeHHO-CrienniuHmil KOpITyC, 10 CKIIAeThest 3 5017 morepeiHbo 06pobIeHNX
TBITIiB, MTOB>s13aHMX 3 HallioHaIbHUM MeJUYHUM CTpaxyBaHHsM [HoHesil (BPIS), sikuii oxorutoe 6215 yHiKaJIbHUX TEPMIHIB, 10 IPECTABIISIOTh
JIIHTBICTHYHY Bapiariifo Ta HepOpMaIBHICTD y MyOIi9HOMY AUCKYpCi. EKCIIepUMeHTAIbHI pe3y/IbTaTy IT0Ka3yIoTh, 110 ROCBERT-QE mnepeBepiirye
6a30Bi MeToa TTomIyKYy, Taki sk TF-IDF, BM25 Ta cranaptHuii BERT. [I711 3a1UTiB Ha OffHE CJTI0BO ITOKA3HUK BiTBOpeHH: focsr 0,8574, a TOUHICTh
- 0,8807, Tozi sIK JyI4 3allUTiB Ha piBHI pedyeHb BiTBOpeHHs CTaHOBUB 0,8932, a ToUHICTb — 0,9175. CuHepris po3LIMPEeHHs. Ha OCHOBI YaCTOTU Ta
KOHTEKCTY /103BOJIsiE e(heKTUBHO 0OPOOIATH JIEKCUUHUH IIIyM Ta CEMaHTUYHY HEO[HO3HAYHICTh. Pe3y/IbTaTy MiTBep/pKyI0Th HAyKOBUI ITOTeHIlia
TIO€/THAHHSI KOPITYCHUX Ta TPAHC(OPMATOPHUX ITiIXOAIB Y 3aBaHHSIX ITOUIYKY iH(opMaIiil, 1[0 BKIIOYAIOTh HECTPYKTYPOBAHUM KOHTEHT. IIpaKTHYIHO,
ROCBERT-QE morke 6yTH 3aCTOCOBAHUH /IS aHAJI3y TPOMa/ICBKOTO JICKYPCY B pEJIbHOMY Yaci B KOHTEKCT] €JIEeKTPOHHOTO YPsTyBaHHST, TAKOTO SIK
OLI{HKA TIOCJIYT, 3BOPOTHUIA 3B>S30K II[07[0 MOJIITUKY Ta PAHHE BUSBJIEHHS CYCIIUIBHUX IIpo6sieM. peiiMBOPK MacIITaG0BaHHI Ta aZlallTOBAHU J10
iHIMX o6acrei 3 HeopMATLHUMU a60 6araTOMOBHHUMMU XapaKTePUCTUKAMU JAHUX.

KorrouoBi ciroBa: momyk iHdopMmariii, po3mrpeHHs 3alUTiB, ITOUIYK Ha OCHOBI koprmycy, BERT, corjianbHi Mepexi, eseKTpoHHE Ypsay-
BaHHS.
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®OPMAJIIZALIIA TEKCTOBUX 3AIINUTIB O CUCTEM IITYYHOI'O IHTEJIEKTY (c. 84-97)

B. M. Oxiiinuk, A. B. Biswok, JK. B. [leiinexo, B. ®. Ye1oMGiTbKO

O6’ekTOM JOCTi/HKeHHsI € Tporec (opmasizamii TeKCTOBUX 3aIllUTiB [0 BEJUKHUX MOBHHX MOJEJIeM INTYYHOTO iHTEJEKTy 3 METOI0
ABTOMATH30BaHOI IreHepariii KapToK il /I HACTUIBHUX reKcaroHaJIbHMX Bapreiimis. IIpobyiema mosArae y HaaMipHii HeogHO3HAYHOCTI (42%
ITOMMJIKOBUX iHTepIIpeTaliii TepMiHiB), KOHTEKCTHii HeTrloBHOTI (37%) Ta CUHTaKCHYHIN BapiaTMBHOCTI (21%) HaTypaJbHOMOBHHX 3aITUTIB,
10 IPU3BOAUTH O MAJIOKOPHCHUX i HemepejOauyBaHUX Bifnosifeil. [l BupileHHs Liel Ipo6ieMU 3alpOIIOHOBAHO KOHIIENITYaIbHO-
MIPaKTUIHY MOZEJb, sIKa IOEJHYE CTPYKTypOBaHi HIAGJIOHM 3alMTiB, JIOKAJIi30BaHWM IVIocapiii KJIIOUOBHX TepMiHIB i WiTKy BKa3iBKy
dopmary Biamosizi. IIpakTudHy ampo6ariito MPoBeJieHO MUISXOM TeHeparlii Habopy KapToK Aill A1 HACTUIBHUX BaprefiMiB y coso-pexxnMi 3a
JIOTIOMOT'0I0 CY4aCHUX BEJIMKUX MOBHUX MOJieJiei], IIUIsIXoM reHepariii monaz 100 3anuTiB i aHazisy 6isbie Hix 300 Bignosigeit. B pesysmbrati
eKCIIepUMEHTY BUSIBJIEHO, 1110 (hopMastizoBaHi 3aIIMTU 3HU3WIN CyMapHy YacTKy IIOMUJIOK Ha 58% Ta MiIBUIUIIN PeJIeBaHTHICTh BiAiTIOBizel 3
55-65% 10 88-92%. CepeHilt yac MirOTOBKY 3aMIUTiB CKOPOTUBCA Ha 25-40%. II1a610HM «d6-TabanIb» 3a6e3MeYnIn CTabiIbHICTh hopMaTy
BUBOAY y 90-95% Bumnazgkax, JSON-cTpykTypu — y 85-90%. IHTerpoBaHMiI B 3aIIMT I[JIOCApili Ta ONMMC CTPYKTypU MIiHIMi3yBaJld CeMAHTHYHI
PO36XKHOCTI Ta CHHTaKCUYHI TTOMIMJIKH. OCOGIMBICTIO 3aIIPOIIOHOBAHMX TUITOBHUX CTPYKTYP 3aIIUTIB € 1X aJAIITUBHICTb ZI0 Pi3HUX IPeIMETHUX
o6siacTeil 3aBJsIK BUKOPUCTAHHIO MOBH OITUCY, CIIEIIM(IYHOT /1T KOYKHOI 3 HUX. Pe3y/ibTaTH [J0C/Ii/PKEHHST MalOTh IPAaKTUYHe 3HAYE€HHS /IS
aBTOMAaTH3AIl{l ITpoIjeciB CTBOPEHHSI irpOBOro KOHTEHTY Ta MOXKYTh OyTH aZlalITOBaHi 1JIsl {HIINX IpeIMeTHUX 0061acTel, je BaykjiMBa TOUHICTb,
Y3TO[PKEHICTb Ta CTPYKTYPOBAHICTh Bi/IITOBi/ieli MOBHUX MoOJesIeid. 3aIpOoIIOHOBaHMUI CUCTEMAaTU30BaHUH IiJXi/l CTIpHUsi€ aBTOMATH3Aallil CTBOH
PEHHS CKJIaIHOTO KOHTEHTY i3 rapaHTOBAaHUM IIi/[BUIIEHHSAM PiBHS SIKOCTI Ta Iepes0adyBaHOCTi Bi/JIIOBi/Iell Bijj BEJIMKUX MOBHHIX MOZIEJICH.

Kirrouogi coBa: popMasisania 3aruTiB, BeJMKi MOBHI MOZIeIi, INTyYHUI iHTEJIEKT, CTPYKTypOBaHi 11a6JI0HH, BapreiMu.
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BU3HAYEHHSA E®EKTUBHOCTI GPT-4.1-MINI /IJIsI BATATOKJIACOBOI KATETOPU3AIII TEKCTY
AHIJIIACBKOIO TA YKPATHCHKOK MOBAMUM (c. 98-106)

10. O. Boromyk, O. B. Minja

OG’€KTOM JIOCITi/PKEHHS € IIpoljec 6araToKJacoBOi aBTOMATHYHOI KaTeropusariil KOPHCTYBallbKHMX 3aIIUTaHb 3a JOTIOMOIOI0 BEJIHMKHX
MOBHMX MOZiesIeii B yMOBax Iepexo/ly 3 aHIVIiIiCbKOi MOBHM Ha YKPaiHCBKY.

HayxoBa mpo6JiemMa ToJIsira€ B TOMY, 1[0 GLIBIIICTh Cy4acHUX BEJUKUX MOBHUX Mofeseit (LLM) ortumizoBaHi /it aHIIICHKOI MOBH,
TOZii SIK e(DeKTUBHICTh IXHBOT'O 3aCTOCYBAHHS /10 MOP(OJIOTIYHO CKIaJHUX i pecypcHO 0OMEXEHNX MOB, 30KpeMa yKpaiHChKOI, 3aJINIIAETHCS
HEZIOCTaTHBO BUBYEHOIO.

VY po6oTi po3pobsieHo Ta peasi3oBaHO eKCIepUMeHTAIbHUN MHifXif o onjiHIoBaHHS mepeHocuMocTi Mogesni GPT-4.1-mini 3 aHMIificbKOT
Ha YKpaiHCBbKy MOBY B 33/1a4i kiacudikariii 11 047 KOpHUCTYBAIIbKUX 3aIIUTAHb, 1[I0 OXOILIIOIOTH /I€B’SITh IPUKJIAHUX JOMEHIB. [I71s1 aHasrizy



3acTOCOBaHO TpajuliitHi Mmerpuku (Recall, Precision, Weighted-F,;, Macro-F;) ta HoBuit nokasHuk Uncertainty/Error Rate (U/E), sikuii Xxapaxk
TePU3ye YaCTKy BiZIMOB i «raronuHaniii» MofeJIi.

Pe3ysibTaTH AOCTiPKEHHS TOKa3aslH, 1[0 HalBUILA SIKiCTh JOCSTaeThCsI Ha aHITIOMOBHOMY Ha6opi (Macro-F; = 69.78%, U/E = 0.05%). [Ipu
BUKOPHCTAaHHI YKPaiHOMOBHHX IIPOMIITiB Macro-F; 3HM3MBCS 10 63.73%, mpote U/E nopiBHIoBaB 0%, 10 CBiAYUTH MPO Mi/[BUIIEHY Ha/liliHICTh
BiZITIOBi/ieil. BUKOPHCTaHHS aHIJIOMOBHUX IIPOMIITIB /IS YKPaiHOMOBHUX JIJaHUX JO3BOJIMJIO 30€perTH MaibKe He3MiHHUI piBeHb TOYHOCTI
(Macro-F; = 69.66%), A€ MOHCTPYIOUH CHJIbHI MeXaHi3MU BHYTPIiIIHBOIO MepeKsIajly Ta y3arajlbHeHHs.

Oco6uBiCTIO POGOTU € BUKOPHCTAaHHS BEJIMKOTO 6araToZOMEHHOTO IapajiebHOro KOPITyCy, 3icTaBjieHHs IPOMITIB [BOMa MOBAaMH,
BUKOpHCTaHHS HOBOI Mofiesli GPT-4.1-mini Ta BBeieHHst MeTpuku U/E sk KpuTepito HaAilHOCTI. 3aITpOTIOHOBAHU Ti/IXifl IOBiB MOXKJTUBICTD
BUKOpUCTaHHA Moziesi GPT-4.1-mini g1 ykpaiHOMOBHMX iH(OpManifiHUX cepBiciB 6e3 J0/[aTKOBOTO HAaBUYAHHSI, 30KpeMa JJIsi aBTOMATHYHOI
MapuIpyTH3alii 3anuTiB y piHaHCOBOMY, MeJUYHOMY, IOPUAUIHOMY Ta iHIIKX JOMEHAX.

Kirrouogi cioBa: aHasti3 laHUX, BeJMKa MOBHa Mofieb, GPT-4.1-mini, kaTeropusailis TeKcTy, 6araTOMOBHE OIliHIOBaHHs, yKpaiHChbKa
MOBa.
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BU3HAYEHH BIVINBY ITIOXNBOK NPOTHO3YBAHHS TA YIIOJJOBAHD OO0 THYYKOCTI B CUCTEMAX
MIZITPUMKHN NPUMAHATTSA PIIEHD JIJI ONTUMAJIBHOTO IOBOBOTO OMEPAIIITHOTO TTIAHYBAHHS
ITPOC’IOMEPIB (c. 107-121)

O. B. JIyx’snuxin, B. B. lllenapux

OG6’€eKT I0CITiKEHHS — OIlepaTHBHE IUIAHYBAHHS B CUCTEMAaXx IATPUMKN TpUHHATTS pimeHsb (CIIIIP) 1yist mpoc’ioMepiB. Po3misigaeThes mpo-
6J1eMa BiZICyTHOCTI 9iTKOTO MOJIE/TFOBAHHS 'HYYKOCT] IIOBE/IiHKH Ta 06MEXEHOT0 PO3YMiHHS BIUIUBY SIKOCTi ITPOTHO3IB Ha Pe3yJIbTaTH IIAaHyBaHHS.

¥V po6Gori mpe/icTaBIeHO MOAYJIb /111 KOPOTKOCTPOKOBOI'O TUIaHYBaHHS €HEProCIIO)XKUBAHHS Ta BUKOPUCTAHHS aKyMYJ/ITOPIB ITPOC IOMepaMHU.
3anpornioHoBaHe pillleHHs BAOCKOHAJIIOE iH(opMalliiiHy miATpUMKy IIpoc’oMepiB, 3a paXyHOK ITO€/[HAaHHS TPOTHO3yBaHHs CIIO)KMBAHHH Ta I'e-
Hepariil, 3aZJaHHuX KOPUCTYBaueM IIapaMeTpiB THYIKOCTi Ta 0OMeXKeHb Ha pobOoTy 6aTapeil 3 METOI0 3HIIKEHHST BUTPAT i 301/IbIIeHHS TPUOYTKY
Bifi TpoiaXKy esrekTpoeHeprii. Lleit Mofysb J03BOJIsiE SBHO MOZIETIOBATH THYUKICTb, ITiIBUIIYIOYH ITPO30PiCTh Ta Kpallle Bimobpaxae iHAMBILy-
aJIbHY MOBeJ[iHKY. Basrijaris Ha peaIbHUX AaHUX i3 pi3SHMX CEIMEHTIB ITPOC’IOMEPIB IiTBepAMIIa H0ro e)eKTUBHICTD Ta YHiBepCcaIbHICTbh /IS
€KOHOMII KOIITiB.

Mopysib 03BOJISIE 3HU3UTU BUTPATH 33 PEaTiCTUYHUX Ta €KCTPEMAJbHUX MOXMOOK ITPOTHO3YBaHHS ([0 75%) y Giibinocti KoHpirypariit
THYYKOCTi. 3arajpbHa eeKTHBHICTh 3aJie)Kajla BiJj TOYHOCTI IMPOTHO3Y Ta HAJIAIITyBaHb THYYKOCTi. BUAB/IEHO JIiHIiITHY 3a/IeKHICTh MiX TI0-
XUOKOI0 IIPOrHO3Y Ta piBHEM eKOHOMII. Y rpaHUYHUX BUIIAJKAX — [IPU JIy>Ke HU3bKiil 'HY4YKOCT] Ta BUCOKiT ITOXMOLIi IIPOTHO3Y — TJIAHYBaHHS
CTaBaJIo MeHII e(heKTUBHUM, 110 3HWKYBAJIO 3aTajIbHy €KOHOMI0. 36i/IbIIeHHs] THYYKOCTi IT0CIa0/1F0€ BUMOTH /10 TOYHOCTi ITPOrHO3Y, IO if-
KpECJIIOE BKJIMBUI KOMIIPOMIC B IIaHYBaHHI. BUIITa THYUKiCTb MPU3BOAMIIA IO KPAIIMX IIOYATKOBUX pe3y/IbTaTiB, ajie IIBUALIOTO IOTipIIeHHSs
3i 3pocTaHHAM MOXMOKK TporHo3y. CIIIIP 3 MEHIIO THYUYKICTIO AEMOHCTPYBaJIM IOBLIBHIIIE MOTipIIeHHS TOKa3HUKIB, TpoTe OyJIH GLIbII
Bpa3JIMBUMU B TPAaHUYHUX CLIEHAPifIX.

OTpuMaHi pe3y/IbTaTy MalOTh IIPAKTUYHE 3HAUEeHHS JJIs1 BIOCKOHAJIEHHS IpolieciB rianyBanHs B CIITIP 15 mpoc’toMmepiB.

Kurro4oBi croBa: cricremMa MiATPUMKY IPUAHSTTS pillleHb, IIPoc’toMep, (POTOBOJIbTAIKA, OIlepalliiiHe JIaHYBaHHS, ITOXHOKA ITPOTHO3YBAaHHS.
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IMIABUINEHHA EPEKTHBHOCTI KEPYBAHHSA TEIVIMIEIO 3A JOIIOMOI'OX0O MOAEJII MAPKOBCBKOT'O
TIPOIIECY IIPUMHATTSA PIIIIEHH (c. 122-135)

A. O. Binounnskuii, 0. B. Auapamko, O. Y0. Kyyancekuii, Alexandr Neftissov, M. B. I'tagka, B. }0. Barkes, Sofiia Berdei

OG6’€KTOM JOCTiZPKEHHSI € TPOLECH KePYBaHHS TETLIUIIE0. Y NOCIi/HKEeHHI BUPIIIYeThCs Tpo6eMa paljioHaIbHOTO KePyBaHHs TETUIHIIEI0
Ha OCHOBi MapKiBCBKOTO IIPOIeCy NPHUIHATTA pillleHb 3 BpaxyBaHHSM /[BOPiBHEBOi ONTHMi3anii/ Bu3HaueHO BUIaJKOBUI MapKiBCHKHIT
Tpoliec MPUUHSTTS pillleHb 151 3a1a4i BJOCKOHAJIEHHS pOOOTH TETUIHIII.

ByJ10 1106y10BaHO MOZIeJIb /Il KePYBaHHSI TEIUIULIEIO, SIKa I03BOJIsIe BU3HAYATH PalliOHa/IbHI ITapaMeTpy MiKpOKIiMaTy JjIs BUPOLLyBaHHS
CiJIbCBKOTOCTIOAAPCHKUX Ky/NbTYp. [lis Bepudikallii Mofesi s KepyBaHHS TeIUIMIIEI0 BHUKOPHCTAHO DeasibHi JlaHi eKCIepuMeHTy 3
BUPOIYBaHHS IOJIyHUIi B TEIUVIMYHOMY KOMILIEKC]. CIIOCTepexKeHHsI TPUBAJIX 3 17 TpaBHs 10 8 yepBHs 2025 poky. MOHITOpUHT TapaMeTpiB
MiKpOKJIiMaTy 3JiliCHIOBaBCS Lioj000BO 3 iHTepBasioM 1 XBWJIMHA, IO 3a0€3[IeYMsI0 BHCOKY TOYHICTh aHalizy. EKcrieprMeHTaIbHHIt
CcueHapiil BKJIIOYaB TPU KOHTYPU 3pOLIEHHS, cUCTeMy 06irpiBy, LED-0CBiT/IeHHSI, BeHTWIIALO Ta MOHITOPUHT CO,. 3alpONIOHOBaHUIA MizXiz
JI0 KepyBaHHs TEIJIMLIEI0 HAa OCHOBI MOZiesIi MapKiBCHKOTO IPOLIeCy MPUIHATTS pillleHb IEMOHCTpPY€E BUCOKY IPAKTUYHY LiHHICTb, 0COOIUBO
B KOHTEKCTi BUPOILyBaHHS UyTJIMBUX KYJIBTYDP, TAKMX K IOJIyHHULA. MOJeTIOBaHHS II0Ka3ye, O BIPOBa/HKEHHS ABOPiBHEBOI ONTHMIi3amlil
B CHCTeMax aBTOHOMHOT'O KepyBaHHS TEIUIAIIEI0 MOXKe 3a0e3IeunTH 30iIbIIeHHs BpoxKaifHocTi Ha 10,15%. BogHouac, yepe3 3HaYHMI 06'eM
TEIUIMIL Ta BUCOKY TEIJIOBY iHEPLilHICTh KOHCTPYKIii (pakTH4Hi 3HaYeHH:A MapaMeTpiB MiKpOKJIiMaTy BiIXUJIAIOTHCA BiJj paljioHaJbHUX
Ha 10-15%, yHacJ1i0K 4oro Jyist po3po6IIeHOl MOZeTi PO3PaXOBaHU IPUPICT BPOXKAHHOCT] CTAHOBUTH GIU3BKO 7%.

KorrouoBi ciroBa: MiKpoKJIiMaT TeIUIHIIi, IBOpiBHEBA ONTHUMI3allisl, BUIIa{KOBUI MapKiBChKHUII ITPOIeC MPUNHATTS pillleHb, TOUHE 3eMJIe-
po6CTBO, 3a71a4a KepyBaHHS.



