HAIIIOHAJIbHUM YHIBEPCUTET
«KHEBO-MOT'MJISITHCBbKA AKAIEMIS»

HAYKOBI3AIINCKHA HaYKMA
KOMIPIOTEPHI HAYKHA

Tom 8 ¢ 2025

Hayxosuii xypHan ¢ [l{opiuauk ¢ 3acHoBanuii y 1996 p.

Kwuis
2025



Haunionansuuii yniBepcurter « Kuepo-MormisiHcbka akaaemMisi»
3acHyBaB BuaaHHsa «Haykosi 3anucku HaYKMA» 1996 poxy

«Haykogi 3annckun HaYKMA. Komn’totepni Hayku» (anrt. NaUKMA Research Papers. Computer Science) — HaykoBHid
PpeLieH30BaHuH KypHAJ BIIKPUTOTO JOCTYILY, IO BUCBITIIIOE pe3yIbTaTH HAyKOBUX JOCIIIKEHb Y raly3i KOMIT FOTEPHUX HayK
Ta iH(pOPMaIiITHUX TeXHOIOTIH.

Jo 2018 p. BUXOIMB APYKOM SIK YacTHHA Oararocepiiinoro BumanHs «Haykosi 3ammcku HaYKMA (cepist «Komn’rorepHi
Haykm»). 3 2018 p. — «Hayxkosi 3amuckun HaYKMA. Komm’torepHi Haykm». BuxonuTs pa3 Ha pik.

[IporoHOBaHUI TOM BUCBITIIOE TBOPUi 37100yTKH BYCHHX, aCMipaHTIiB, CTYACHTIB (akynpreTy iHpopmaruku HarioHans-
Horo yHiBepcuTeTy «KneBo-MormisHCebka akaaeMis», a TAKoK (axiBLiB 3 iHIIMX HAyKOBUX LIEHTPIB YKpaiHH, IO CHiBOpa-
morots 3 HaYKMA B ramysi iHhopMariky, KiGepHETHKH, TIPOrpaMyBaHHsI, 32 OCTaHHIH pik. JlociimKkeHHs aBTOpiB cTaTel
CIPsIMOBaHI Ha PO3B’SI3aHHS TEOPETUUHHX IPOOIEM i IPAKTHIHUX 3aBAaHb y TATy3i CydacHOI iHHOPMATHKH.

XKypHaun agpecoBaHO HayKOBILIM, (axiBIAM, BUKJIagadaM, JOKTOPaHTaM, acIipaHTaM, CTYICHTaM, a TAKOXK ycCiM 3alliKaB-
JICHUM Y HayKOBHUX JIOCIIKCHHSX Y Taly3i KOMIT FOTEPHUX HayK Ta iHPOPMAIIHHUX TEXHOJIOT1H.

MoBu BUIaHHS: yKpalHCbKa, aHITIHChKa

Pepgaxkniina koneris

Iuboseyv Murona Muxonatiosuu, NoxTop (i3UKo-MaTeMaTHYHUX Hayk, nmpodecop xadenpu inpopmarnku (HaYKMA) —
TOJIOBHHH PELaKTOp

Kupienrko Oxcana Banenmunisna, ctapumii Bukianad kapenpu ingopmaruxu (HaYKMA) — BianosinaneHuii cexperap

Anicimoe Anamoniii Bacunvosuu, NOKTOp (i3MKO-MaTeMaTHYHUX Hayk, mpodecop, wieH-kopecnongeHT HAH Vkpainn
(KuiBcpkuit HarlioHanmpHUH yHiBepcuTeT iMeHi Tapaca IlleBuenka)

Tuboseysb Anopiti Mukonatioguy, TOKTOp TEXHIYHHUX HayK, npodecop, nekaH ¢daxyiprery inpopmarrku (HaVKMA)

Topnau Cepeiii, Dr. rer. nat., mpogecop (YHiBepcuter MioHcTepa, HimeuunHa)

Topoxosceruii Cemen Camyinosuu, kanmuar Gizuko-MaTeMaTHYHUX HayK, CTApIINi HayKOBHIl CIiBPOOITHUK, TOLEHT Kade-
npu indopmaruku ¢paxynsrety iHpopmarnku (HaYKMA)

Jiomaniose Iopaim LLlomaceuu, OKTOp HayK, mpodecop, KepiBHUK HATPsIMy iHGOpMALiHHUX TEXHONOTIH HEHTPY MOB Ta
iH(opMamiHHUX TEXHOJOTIH (aKynbTeTy TOYHUX HaykK i ocBiTH (barymcekuii nepxxaBHuid yHiBepcuteT imeHi Illora Py-
crasedni, [py3is)

JKonmresuu Ipueopiic Muxonaiioéuu, TOKTOp TEXHIYHUX HayK, Ipodecop, AeKaH (akylnbTeTy MaTeMaTHKH 1 iHpopMaTHKu
(XapkiBcpkuil HarlioHasHAUN yHiBepcuteT iMeHi B. H. Kapasina)

€pwos Cepeiii Bonooumuposuu, HOKTOp (i3vKo-MareMaTHYHHUX Hayk, yueHuil cekperap (IHcTuTyT KibepHeTHKH iMeHi
B. M. I'mymkoBa HAH Ykpainm)

Konopamenxo IOpiii Ilanmeniiiouy, TOKTOP TEXHIYHUX HAyK, Ipodecop, 3aBiayBad KaQeapH iHTeIeKTyanbHUX iH(pOpMAaIii-
Hux cucreM (YopHOMOpPCHKHH Jiep>kaBHU yHiBepcuteT iMeHi [Terpa Morum)

Mapuenxo Onexcandp Onexcanopoguy, TOKTOp Pi3MKO-MaTeMaTHYHUX HayK, podecop Kadeapu MaTeMaTuaHoi iHGopmaTH-
ku (KuiBcpkuii HarioHanbHu yHiBepcuteT iMeHi Tapaca I1leBuenka)

Oneyvkuti Onexciii Bimanitiosuy, KaHIUOAT TEXHITHUX HAyK, JOIEHT Kadeapr MyIETUMENIHIX CHCTeM (haKyIbTeTy iHpOp-
matuku (HaVYKMA)

Taciunux Bonooumup Bonooumuposuu, TOKTOp TEXHIYHHUX Hayk, podecop (HamionansHuii yHiBepcnTeT «JIbBiBChKA MOMTI-
TEeXHIKa)

Tepewenxo Bacunw Mukonaiiosuy, noxrop (Gi3uKo-MaTeMaTH4YHUX HayK, npodecop, 3aBigyBad kadexpu MareMaTHuHOI iH-
¢dopmaruku, npodecop (KuiBcpkuii HarionansHul yHiBepeuTeT iMeHi Tapaca IlleBuenka)

Hlxinonsx Cmenan Cmenanosuy, TOKTOp Gi3MKo-MaTeMaTHYHHUX HayK, mpodecop kadeapu Teopii Ta TEXHOJOTII mporpamy-
BanHs (KuiBchkuii HamioHansHKH yHiBepenTeT iMeHi Tapaca [lleBuenxka)

3nilicHIOEThCS MOABiliHe aHOHIMHE pelleH3yBaHHS MaTepiaJiiB

3acHOBHHK i BUIaBenb: Bueceno 1o Ilepeniky HaykoBuX (axoBHX BUIaHb Y KpaiHH,
HauionansHui yHiBEpCHTET B SIKMX MOXYTb ITyOJIIKyBaTUCS pe3yJIbTaTH AUCEePTalifHUX poOiT
«KueBo-MoOrminsHChKa akaaeMisn» Ha 37100yTTs HAYKOBHUX CTYIEHIB IOKTOPA HAYK,

KaHIuIaTa HayK 1 CTyneHs JoKTopa digocodii,

Tnemrmadbixarop y Peccrpi cy6excrin y cdepi kateropist «b» (Haka3 MOH VYkpainu Bix 02.07.2020 Ne 886)

menia: R40-04349

© HaVYKMA, 2025



NEPEAMOBA

Ilpononyemo eawiii yeasi eunyck Haykosozo oicyprany «Haykosi 3anucku
HaVKMA. Komn tomepui naykuy. Lleii 36ipruuk 6idobpadsicac meopui 00CsieHeH s sue-
Hux i macicmpis gaxynememy ingpopmamuxu Hayionanvuoeo ynigepcumemy «Kuego-
Moezunancoka akademisy, a maxKoic nPOGIOHUX HAYKOBYIE 13 PI3ZHUX HAYKOBUX YEHMPI8
Yrpainu, wo 63aemooitoms i3 Hawum yHisepcumemom y eanysi inghopmamuxu, Kidep-
HeMmuKu ma npocpamy8aHHsi.

Y emammsax yvoco momy poszenanymo meopemuuni acnexmu Kibepremuxu i npo-
2pamy6anHsl, a MaKo*c NPAKMUYHI 3ACMOCY8AHHS NPOSPAMHUX TMEXHON02It Y 2any3i
cyuacHoi ingopmamuxu ma npukiaonoi mamemamuxu. Lled sunyck € pesyromamom
00CNi0JHCeHb HAWUX GUEeHUX [ 8MINIOE Haule NPACHEenHs 30azamumu ma po3uupumu
20PU30HMU 3HAHb Y YUX CMPAMELTUHUX 2ATY3AX.

Bucnosnioemo wupy eosunicme xepisnuymsy HaYKMA 3a ixuio niompumky. Lle
BUOAHHS CMANIO0 MONCIUBUM 3AB05KYU IXHIU 00NOMO31 ma 8ipi y 3HAUYWICTNb HAUUX 00-
CAioMHCeNb.

Lo nyonikayii' y 30ipHuxy pedakyiinorw Koneciet pekomendogano 31 cmammio 3a
MAKUMU MeMaAMUYHUMY HANPAMAMU: HEUPOHHI Mepexci ma MawuHHe HA8UAHHS,
KOMN 1omepHi HayKu, Npocpamua iHceHepisl.

HJupo 0sxyemo 6cim asmopam 3a cnienpayio, a HAYKOBYSIM 30 PeYeH3VEaAHHSL.

Tonosa penkonerii 36ipHUKa
M. M. I'mubosens



HEWPOHHI MEPEXI TA MALLMHHE HABYAHHA

YIK 004.032.26
DOI: 10.18523/2617-3808.2025.8.4-14

S. Medvid

MORPHONAS-BENCH: A BENCHMARK SUITE FOR
MORPHOGENETIC NEURAL NETWORK GENERATION

We present MorphoNAS-Bench, a benchmark and toolkit for neural architecture search (NAS) using
a generative, developmentally inspired design space. Unlike current NAS benchmark datasets
(NAS-Bench-101, NATS-Bench) that use static graph encodings of networks, in MorphoNAS-Bench net-
works are simple, compact genomes that drive morphogenetic development, allowing for a variety of richly
defined, spatially embedded recurrent architectures that emerge through different forms of deterministic
growth. The following local developmental rules are used in MorphoNAS to grow genomes: morphogen
diffusion, cell division, differentiation, and axon guidance as key mechanisms. The seed benchmark dataset
presented in this work consists of 1,000 genome-architecture pairs, taken from a pool of over 50,000 gen-
eration attempts using the following quality thresholds: a minimum 5 neurons, 3 edges, and 70% out-degree
coverage. The dataset was constructed using Latin Hypercube Sampling (LHS) with orthogonal array de-
sign to ensure comprehensive parameter space coverage. The attempts were conducted using both fully
stratified parameter sampling and a biologically inspired Genome.random() sampling method, ensuring a
reasonable level of coverage of the search space while being plausible. Each sample includes detailed an-
notations of graph entropy, hierarchy scores, core-periphery structure, transitivity, reciprocity, and struc-
tural balance metrics. We share an analysis of the emergent properties like size, modularity, grouping, and
efficiency, demonstrating that both generation strategies can produce structured networks that are rich in
their nontriviality. The provided Python toolkit provides the means of investigation to test how genomes
develop into neural networks, with associated structural analysis, framing MorphoNAS-Bench as a repro-
ducible and biologically inspired testbed for any research studies exploring architecture diversity, evolu-
tion, and emergent structure in NAS.

Keywords: neural networks, developmental encoding, morphogenetic development, neural architecture
search, benchmark toolkit, emergent modularity, indirect encoding.

1. Introduction

Neural Architecture Search (NAS) attempts to automate the design of neural networks. Typically, NAS
has searched a fixed set of architectures that are normally explicitly encoded as graphs or modules. Bench-
marks like NAS-Bench-101 and NATS-Bench have been critical for reproducible research, but still use a
top-down framework that constrains variability and is completely different from the biological processes
generating real neural systems.

MorphoNAS-Bench is a benchmark that addresses this gap by being grounded in a generative search
space. MorphoNAS-Bench does not directly encode networks, but instead encodes a compact genome for
networks that develop into a neural architecture through simulated morphogenetic development, inspired by
biological embryogenesis. Each morphogenetic genome specifies local morphogen diffusion, cell division,
differentiation, and axon guidance, and as a result a diverse population of spatially embedded, recurrent
neural networks arise through deterministic simulation.

© S. Medvid, 2025
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This paper will present MorphoNAS-Bench as a dataset and toolkit, including a stratified sample of
1,000 seed architecture genomes generated for several significant developmental parameters, including
fully stratified sampling and a biologically plausible Genome.random() method. Each network genome
generates a spatially embedded neural network with recorded metrics based on node number, degree distri-
butions, clustering, and spatial organization. Also, we include Python scripts and utility programs for the
creation, development, and evaluation of genome neural networks.

Our project fosters reproducible experimentation with developmental NAS methods by introducing ad-
ditional populations of neural architecture designs that are biologically grounded for additional algorithmic
exploration. MorphoNAS-Bench can provide the context to evaluate emergent properties of the resulting
networks, as well as design NAS algorithms for a space where architectures can develop, as opposed to the
creation of neural networks using a space defined by a human designer.

We built the benchmark on the theoretical framework we described in more detail previously in [6]. It
outlined the theoretical intent and generative approach based on morphogenetic growth, inspired by the Free
Energy Principle. While that paper primarily deals with the foundational aspects of MorphoNAS-Bench,
this work provides a benchmark to investigate structural diversity and architecture design potential of ge-
nomically grown networks.

2. Related Work
2.1. Neural Architecture Search and Benchmarks

Neural Architecture Search (NAS) has become an important framework for automating the design of
neural networks by exploring large search spaces using optimization techniques such as reinforcement
learning, evolutionary strategies, and differentiable approaches. One notable advance has been the manual
development of the NAS benchmarks that facilitate reproducible and fair comparisons among algorithms.

NAS-Bench-101 [15] was the first detailed tabular benchmark which consists of over 423,000 cell-
based architectures and is evaluated on CIFAR-10. Each architecture was trained using a standardized
protocol, with a record of performance metric values in a lookup table that allowed comparative perfor-
mance checks with little latency. Following that study, NAS-Bench-201 [4] developed a smaller and more
controlled search space and observed the performance across CIFAR-10, CIFAR-100, and ImageNet-16.
This expanded and allowed for generalization analysis and also provided an increase in analytical efficiency
for testing NAS methods.

NATS-Bench [3] added on to the paradigm by also considering macro and micro architectures, and al-
lowing training-free evaluations and weight-sharing methods. These benchmarks have allowed for a shift in
the community towards more rigorous, transparent, and standardized evaluation of NAS architectures.

Other approaches have pioneered the use of differentiable NAS, such as DARTS [8], where architecture
weights are optimized with model parameters, providing a fast one-shot training method. While these ap-
proaches represent advances, they typically only consider very constrained, manually encoded architecture
spaces.

One common attribute in current NAS benchmark studies is that they all rely on explicitly encoded
architectures as directed acyclic graphs (DAGs) or operation lists. As such, the graphs are generic, static,
and result in non-generative architecture spaces, which limit researchers’ exploration of open-ended or bio-
logically inspired architecture spaces.

2.2. Developmental and Generative Approaches to Architecture Design

There is increasing interest in the composition of developmental and indirectly encoded neural sys-
tems outside of the classical NAS paradigm, where the architecture arises from a compact generative set of
rules rather than a directly specified list of components.

There are experimental examples of this emerging approach beginning with NEAT [13], in which both
topologies and weights are evolved from direct mutations and crossover of graph-type structures, and Hy-
perNEAT [12], which used Compositional Pattern Producing Networks (CPPNs) to indirectly encode
relationships between elements in a connectivity pattern based on geometric distances. This approach dem-
onstrated the potential of indirect encodings in terms of potentially producing binary representations for
traditional regular scalable networks.
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Generative systems have started emerging only recently, in areas such as neural tissue simulation [10],
modular robot morphogenesis [14], and procedural graph generation [2].

Most of such frameworks still remain largely domain specific, and there does not yet exist a more gen-
eralized evaluation platform that permits systematic algorithmic comparisons across tasks and domains.
There are some benchmarks (e.g. PCG Benchmark [7], Evolution Gym [1]) that give a little bit of structure
within a single domain, but there is still no broadly applicable platform that allows for head-to-head evalu-
ation of generative algorithms across datasets that include neural simulation, robot morphology, and graph-
based generation tasks [5].

2.3. Positioning of MorphoNAS-Bench

MorphoNAS-Bench is a step forward with a benchmark for neural architectures designed by develop-
mentally generating them. It combines a genome encoding inspired by biology that defines morphogen
dynamics and axonal growth, a deterministic simulator that generates spatially embedded recurrent graphs,
and a curated database of valid genomes and their structural metadata. Unlike previous NAS benchmarks
[3, 4, 15], MorphoNAS-Bench provides a model for a generative architecture space where topology and
function emerge through simple local interaction rules and can be employed to explore evolvability/com-
pactness/biological realism, which none of the existing tabular datasets can do. MorphoNAS-Bench can
contribute to the neuroevolution, NAS, and developmental computation communities by providing a vehicle
for looking at architectures that grow organically, as opposed to just by refinement. It is an additional, open-
ended avenue for architecture search.

3. MorphoNAS-Bench Overview
This section provides descriptions of the components of the MorphoNAS-Bench search space, the op-
erational genome encoding format, and the resulting networks’ properties.

3.1. Genome Encoding

The genome representation in MorphoNAS-Bench defines morphogen diffusion, cell fate thresholds,
and axon guidance rules that drive network development. Broadly, these mechanisms follow the generative
model in a separate theoretical paper [6]. The specification of the genome structure, parameter definitions,
and configuration options are available on the MorphoNAS-Bench GitHub repository https://github.com/
sergemedvid/MorphoNAS-Bench.

3.2. Morphogenetic Development Process

The network growth is implemented using a deterministic simulation of developmental dynamics based
on the genome encoding provided above. A detailed structure and model of these dynamics, including bio-
logical motivation, is provided in the supplementary theoretical paper [6].

3.3. Comparison with Traditional NAS Spaces

MorphoNAS-Bench introduces a complementary design space for NAS, which enables research of the
evolutionary and generative methods that are often incompatible with standard benchmarks.

Table 1. Comparison of MorphoNAS-Bench with traditional NAS spaces

Property MorphoNAS-Bench Traditional NAS Benchmarks
Encoding Type Indirect (genome — process) Direct (graph / op list)
Topology Generation Emergent via simulation Static, predefined graph space
Network Size Variable Fixed or bounded
Biological Plausibility High Low
Interpretability High (local rules — global form) Medium
Reproducibility Deterministic Deterministic
Search Space Diversity Very high Limited by architecture schema
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4. Benchmark Dataset and Evaluation Tasks

MorphoNAS-Bench includes a curated, developmentally-grounded benchmark dataset designed to char-
acterize and uncover the search space of architectures generated from within the MorphoNAS framework.
The benchmark is simply a starting point for search, discovery, and exploration of diversity within a biolog-
ically-inspired generative space, rather than for comparison of fitness value against predefined graph targets.
This section describes the dataset construction, evaluation tasks, and supporting metrics to study emergent
neural architectures.

4.1. Dataset Construction

The construction of the MorphoNAS-Bench dataset was accomplished via large numbers of simulated
genomes, using stratified sampling [11], as well as filtering and post hoc analysis after simulated growth was
complete. All genomes simulated through the morphogenetic growth process, generate a directed, weighted
recurrent neural network, and, with it the structural and functional properties can then be analyzed.

4.2. Genome Generation

Genome sampling involved a combination of Latin Hypercube Sampling (LHS) methodology [9] and
orthogonal array design to maximize coverage and statistical quality of core parameters. Two sampling
strategies were used. The first was a fully stratified sampling of all queried parameter ranges, and the sec-
ond, a biologically-informed Genome.random(), are available at GitHub https://github.com/sergemedvid/
MorphoNAS-Bench. The stratified sampling maximizes space coverage by sampling parameters indepen-
dently of each other, which could allow for some impossible combinations, while the biologically-informed
sampling also stratifies core traits, while the additional fields are filled using domain-informed constraints
(i.e., normalized diffusion and inhibition matrices, morphogen probabilities) to ensure biologically plausible
combinations. Each Genome JSON is fully traceable in the generation metadata.json file, where all param-
eters, random seed, CLI flags, and code version used to generate that genome are recorded.

4.3. In-Loop Quality Filtering

Real-time filtering occurs after the growth process is finished: only networks with a minimum of five neurons,
at least three edges, and no less than 70% of neurons with an outgoing connection, are included in the dataset. We
have additional thresholds on weak edge connectivity and density to eliminate trivial and degenerate topologies
to ensure only structurally meaningful architectures enter the dataset. The pipeline will also keep track of the
successful and failed generations to corroborate further analysis of the generative space within the framework.

By default, we use LHS over the parameter space with random morphogen-to-rule mappings (i.e., Ge-
nome.random()) set, while if the --no-genome-random flag is used, the mappings become deterministic with
sampling from the rule table.

5. Toolkit and Implementation Resources

The MorphoNAS-Bench toolkit and resources, including genome generation scripts, morphogenetic
development engine, visualization tools, and evaluation pipelines, is openly accessible at https://github.
com/sergemedvid/MorphoNAS-Bench. Within the MorphoNAS-Bench codebase, the README contains
important documentation, configuration examples, and Jupyter-compatible workflows for reproducing re-
sults and expanding the benchmark suite. We encourage users to explore the README and API documen-
tation if they would like to integrate the MorphoNAS-Bench codebase into their own NAS pipelines or
other developmental modeling experiments.

6. Baseline Results and Use Cases

To explore the structure, diversity, and functional viability of MorphoNAS-Bench, we completed base-
line evaluations. This section outlines examples that highlight the diversity of the generative space and
demonstrates the structural expressiveness of the underlying model, as well as provides summary use cases
for researchers that work in the area of neural architecture search (NAS) and/or generative graph modeling.
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6.1. Generation Metadata and Sample Efficiency

While both generation methods used the same post-growth filtering, requiring at least five neurons, weak
connectivity, and 70% out-degree coverage, there are significant differences in sample efficiency for the two
generation strategies. In the fully stratified method, for the generation of 1000 filtered genomes, there were
46822 rejected based on insufficient node count and 2610 rejected based on disconnectedness. In the Ge-
nome.random() method, for the generation of 1000 filtered genomes, there were 23817 rejected based on
insufficient node count and another 2626 rejected based on disconnectedness. This indicates that the Ge-
nome.random() method resulted in a higher yield of valid architectures, and generated overall fewer ge-
nomes to arrive at each individual valid architecture.

This comparison shows the benefits of biologically inspired genome construction; it preserves diversity
and expressiveness in the search space while being able to generate functionally plausible and structurally
correct networks more quickly. The results, in the end, confirm both the generative richness of MorphoNAS,
and the need for filtering to arrive at viable meaningful neural architectures.

6.2. Structural Metrics and Emergent Patterns

We conducted an extensive structural characterization of 1000 networks sampled from the benchmark.
The structural analysis shows the emergence of a range of topological properties and is shown in Figures 1
and 2 (advanced network metrics analyses).

Figure 1. Advanced network metrics analysis for networks generated with Genome.random()

Both generation strategies produce networks that range in size and types of topology, although subtle
structural distributional differences are indicated in Table 1.

Table 2. Comparison of advanced network metrics for Genome.random()
and fully stratified sampling (1,000 Samples)

Metric / Pattern Genome.random (biologically plausible) Fully Stratified
Graph Entropy More peaked, shifted higher (more complex) | Broader, more low-entropy outliers
Modularity (vs. Size) Higher modularity, esp. at large sizes More moderate modularity at large size
Hierarchy Score More high-hierarchy outliers, esp. large Mostly low-moderate, fewer outliers
Core-Periphery Score More uniformly low-moderate Pronounced secondary mid-range peak
Communities (vs. Size) Tighter, higher at large sizes More spread, fewer at large sizes
Transitivity vs. Clustering More high-transitivity outliers Tighter, lower overall
Reciprocity Distribution Narrower, centered at mid-range Broader, more low/high outliers
Structural Balance (vs. Size) | Mostly low, very few outliers More outliers at small sizes
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Figure 2. Advanced network metrics analysis for networks generated with the fully stratified method

6.3. Parameter Influence and Developmental Constraints

In order to understand how genome parameters influence the final architectures, we correlated the
genome settings with network-level outcomes. Figures 3 and 4 (genome parameters vs. network properties)
depict these relationships.

Figure 3. Genome parameters vs. network properties for genomes generated with Genome.random() method

Both generation strategies offer a broad exploration of how genome parameters shape network properties,
although subtle differences in their variability and outlier behavior distinguish the two distinct methods, and
are summarized further in Table 2.
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Figure 4. Genome parameters vs. network properties for genomes generated with the fully stratified method

Table 3. Comparison of genome parameter effects on network properties
for Genome.random() and fully stratified sampling (1,000 samples)

Metric /
Relationship

Genome.random (biologically plausible)

Fully Stratified

Morphogens vs.
Network Size

Broad spread of network sizes at each morphogen
count; more vertical variability across range

Similar broad spread, with slightly more high-
size outliers at some counts

Grid Size vs.
Network Size

Strong positive correlation, some dispersion; a
few outlier networks above/below main diagonal

Very tight correlation, minimal dispersion;
nearly all networks tightly follow grid area

Growth Steps vs.

Little direct correlation; wide vertical spread at all

Same: step count does not predict size, wide

vs. Network Size

threshold

Network Size values spread across the range

Diffusion Rate vs. | Mostly low clustering; a few higher outliers up to | Mostly low clustering, but a few very high

Clustering 0.6 outliers (up to 0.8); wider spread at low
diffusion rates

Division Threshold | No strong trend; wide range of sizes at each No trend, but slightly broader vertical spread in

network sizes at all thresholds

Axon Growth
Threshold vs.
Density

Density concentrated at low values, with a few
moderate outliers; no strong relationship

Also concentrated at low density, but outliers
reach higher density (up to ~0.5), especially at
lower thresholds

Both methods provide a broad exploration of the parameter-to-architecture mapping of networks, al-
though the fully stratified sampling indicates even more extreme outliers for clustering and density when
compared to Genome.random, which produces a marginally more regular and reasonable distribution.
Network size tended to dominate any reasonable number of genome parameters that modulated a range of
structural properties, with considerable variability indicating the richness and complexity of the proposed
generative developmental process.

6.4. Benchmark-Wide Structural Profiles

Figures 5 and 6 (network structural analysis) summarize general distributional properties across the
1,000-network benchmark.



S. Medvid. MorphoNAS-Bench: a Benchmark Suite for Morphogenetic Neural Network Generation 11

Figure 5. Network structural analysis results for genomes generated with Genome.random() method

Figure 6. Network structural analysis results for genomes generated with the fully stratified method

In practical terms, the Genome.random method presents optimal NAS research for applicable con-
ditions, as the search space is diverse and populated with functional, meaningful architectures requiring
little filtering or alteration following generation.
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In contrast, those wishing to assess structural diversity without bounds, or to benchmark NAS algo-
rithms under the most extreme and unpredictable conditions, would likely benefit from completely strati-
fied sampling since this allows exposure through the search process to a range of network topologies that
included even the edge cases. For the purposes of establishing a recommendation, we suggest the Genome.
random method as the primary approach for experimental evaluation, and use fully stratified sampling as a
supplementary technique for assessing diversity and conducting ablation analyses.

6.5. Summary

This section has indicated that MorphoNAS-Bench is structurally rich, viable for assessing NAS search
space, quantitatively diverse across genome and network features, and maintains transparent filtering and
reproducibility. By bringing together developmental encoding, statistical sampling, and structural annota-
tion, MorphoNAS-Bench provides a generative, biologically-based search space that can be investigated,
analyzed, and benchmarked, filling an identifiable knowledge gap in NAS research.

7. Conclusion and Future Work

MorphoNAS-Bench presents a new methodology for neural architecture search benchmarks. In this re-
gard, we have transitioned from static graph encodings to networks that are developed and shaped through
a biologically inspired growth process. This enables us to produce a tight, generative, reproducible search
space that is rich in structural and functional variation. Through careful parameter sampling, quality filter-
ing, and analysis, we have shown that our benchmark samples form a larger, controllable architecture space,
with sampled networks that are structurally complex and functionally able. We discovered that basic NAS
and evolutionary algorithms are able to explore the architecture space without difficulties, establishing its
accessibility, yet also its challenging nature. Our methodology differs from previous benchmarks, by not
restricting the search space format to a set of cells or sequences of operations. The design of MorphoNAS-
Bench opens a pathway for researchers to examine, among others, indirect encodings, morphogenetic pro-
cesses, developmental constraints, evolvability, modularity, and variation in a biologically plausible man-
ner, as well as apply metrics for evaluating search strategies on the basis of performance, coverage, struc-
tural novelty, and generative robustness.

Future Work

Future work is possible towards several promising opportunities to extend MorphoNAS-Bench. Ex-
tending functional tasks will be accomplished by adding new, reiterative reinforcement learning environ-
ments, supervised learning challenges, and evaluations of transfer or multi-task generalization. Integrating
a search strategy is about developing benchmarks and competitions for differentiable, gradient-free and/or
meta-learning NAS methods, with baseline comparisons of sample efficiency, diversity, and convergence.
Genotype-phenotype mapping may involve studies related to redundancy, robustness, locality, and the
neutral networks and mutational neighborhoods structure. We plan to expand the benchmark to become
increasingly large with tiered datasets consisting of over 100,000 genomes, creating intentional parameters
that allow only configurations for low-resource, diversity-based, or task-based evaluations. Finally, there is
a rich opportunity for additional tooling and visualization within the structure of MorphoNAS-Bench; for
example, bringing web-based viewers (that showcase a demographic of developmental simulations and
network exploration) and surrogate predictors trained from the neural architecture benchmark data to sup-
port the genome-based NAS.

Cnucok nimepamypu

1. Bhatia J. Evolution gym: A large-scale benchmark for evolving soft robots / J. Bhatia, H. Jackson, Y. Tian, et al. // Advances in Neural
Information Processing Systems. — 2021. — Vol. 34. — Pp. 2201-2214.

2. Deitke M. ProcTHOR: Large-Scale Embodied Al Using Procedural Generation / M. Deitke, E. VanderBilt, A. Herrasti, et al. / Ad-
vances in Neural Information Processing Systems. — 2022. — Vol. 35. — Pp. 5982-5994.

3. Dong X. Nats-bench: Benchmarking nas algorithms for architecture topology and size / X. Dong, L. Liu, K. Musial, B. Gabrys // IEEE
transactions on pattern analysis and machine intelligence. — 2021. — Vol. 44, no.7. — Pp. 3634-3646.

4. Dong X. Nas-bench-201: Extending the scope of reproducible neural architecture search / X. Dong, Y. Yang // arXiv preprint
arXiv:2001.00326. — 2020.



S. Medvid. MorphoNAS-Bench: a Benchmark Suite for Morphogenetic Neural Network Generation 13

5. Geng H. RoboVerse: Towards a unified platform, dataset and benchmark for scalable and generalizable robot learning / H. Geng, F. Wang,
S. Wei, et al. // arXiv preprint arXiv:2504.18904. — 2025.

6. Glybovets M. MorphoNAS: Embryogenic Neural Architecture Search Through Morphogen-Guided Development / M. Glybovets,
S. Medvid // arXiv preprint arXiv:2507.13785. — 2025. — https://arxiv.org/abs/2507.13785.

7. Khalifa A. The Procedural Content Generation Benchmark: An Open-source Testbed for Generative Challenges in Games / A. Khalifa,
R. Gallotta, M. Barthet, et al. — 2025.

8. Liu H. Darts: Differentiable architecture search / H. Liu, K. Simonyan, Y. Yang // arXiv preprint arXiv:1806.09055. — 2018.

9. McKay M. Comparison of Three Methods for Selecting Values of Input Variables in the Analysis of Output from a Computer Code /
M. McKay, R. Beckman, W. Conover // Technometrics. — 1979. — Vol. 21, no. 2. — Pp. 239-245.

10. Migliore M. Parallel network simulations with NEURON / M. Migliore, C. Cannia, W. W. Lytton, et al. // Journal of computational
neuroscience. — 2006. — Vol. 21, no. 2. — Pp. 119-129.

11. Neyman J. On the Two Different Aspects of the Representative Method: The Method of Stratified Sampling and the Method of Purposive
Selection / J. Neyman // Journal of the Royal Statistical Society. — 1934. — Vol. 97, no. 4. — Pp. 558-625.

12. Stanley K. O. A Hypercube-Based Encoding for Evolving Large-Scale Neural Networks / K. O. Stanley, D. B. D’ Ambrosio, J. Gauci //
Artificial Life. — 2009. — https://doi.org/10.1162/ARTL.2009.15.2.15202.

13. Stanley K. O. Evolving Neural Networks through Augmenting Topologies / K. O. Stanley, R. Miikkulainen // Evolutionary Computa-
tion. — 2002. — https://doi.org/10.1162/106365602320169811.

14. Veenstra F. Evolution and Morphogenesis of Simulated Modular Robots: A Comparison Between a Direct and Generative Encoding /
F. Veenstra, A. Faina, S. Risi, K. Stoy ; Squillero G., Sim K. — Cham : Springer International Publishing, 2017. — ISBN 978-3-319-
55849-3.

15. Ying C. Nas-bench-101: Towards reproducible neural architecture search / C. Ying, A. Klein, E. Christiansen, et al. — 2019.

References

Bhatia, J., Jackson, H., Tian, Y., Xu, J., & Matusik, W. (2021). Evolution gym: A large-scale benchmark for evolving soft robots. Advances
in Neural Information Processing Systems, 34,2201-2214.

Deitke, M., VanderBilt, E., Herrasti, A., Weihs, L., Ehsani, K., Salvador, J., Han, W., Kolve, E., Kembhavi, A., & Mottaghi, R. (2022).
ProcTHOR: Large-Scale Embodied AI Using Procedural Generation. Advances in Neural Information Processing Systems, 35, 5982—
5994.

Dong, X., Liu, L., Musial, K., & Gabrys, B. (2021). Nats-bench: Benchmarking nas algorithms for architecture topology and size. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 44 (7), 3634-3646.

Dong, X., & Yang, Y. (2020). Nas-bench-201: Extending the scope of reproducible neural architecture search. arXiv Preprint arXiv:2001.00326.

Geng, H., Wang, F., Wei, S., Li, Y., Wang, B., An, B., Cheng, C. T., Lou, H., Li, P., Wang, Y.-J., & others. (2025). RoboVerse: Towards a
unified platform, dataset and benchmark for scalable and generalizable robot learning. arXiv Preprint arXiv:2504.18904.

Glybovets, M., & Medvid, S. (2025). MorphoNAS: Embryogenic Neural Architecture Search Through Morphogen-Guided Development.
arXiv Preprint arXiv:2507.13785. https://arxiv.org/abs/2507.13785

Khalifa, A., Gallotta, R., Barthet, M., Liapis, A., Togelius, J., & Yannakakis, G. N. (2025). The Procedural Content Generation Benchmark:
An Open-source Testbed for Generative Challenges in Games. Proceedings of the 20th International Conference on the Foundations of
Digital Games, 1-12.

Liu, H., Simonyan, K., & Yang, Y. (2018). Darts: Differentiable architecture search. arXiv Preprint arXiv:1806.09055.

McKay, M., Beckman, R., & Conover, W. (1979). Comparison of Three Methods for Selecting Values of Input Variables in the Analysis
of Output from a Computer Code. Technometrics, 21 (2), 239-245.

Migliore, M., Cannia, C., Lytton, W. W., Markram, H., & Hines, M. L. (2006). Parallel network simulations with NEURON. Journal of
Computational Neuroscience, 21 (2), 119—-129.

Neyman, J. (1934). On the Two Different Aspects of the Representative Method: The Method of Stratified Sampling and the Method of
Purposive Selection. Journal of the Royal Statistical Society, 97 (4), 558-625.

Stanley, K. O., D’Ambrosio, D. B., & Gauci, J. (2009). A Hypercube-Based Encoding for Evolving Large-Scale Neural Networks. Artificial
Life. https://doi.org/10.1162/ARTL.2009.15.2.15202.

Stanley, K. O., & Miikkulainen, R. (2002). Evolving Neural Networks through Augmenting Topologies. Evolutionary Computation. https://
doi.org/10.1162/106365602320169811.

Veenstra, F., Faina, A., Risi, S., & Stoy, K. (2017). Evolution and Morphogenesis of Simulated Modular Robots: A Comparison Between
a Direct and Generative Encoding. In G. Squillero & K. Sim (Eds.), Applications of Evolutionary Computation (pp. 870—885). Springer
International Publishing. https://doi.org/10.1007/978-3-319-55849-3 56.

Ying, C., Klein, A., Christiansen, E., Real, E., Murphy, K., & Hutter, F. (2019). Nas-bench-101: Towards reproducible neural architecture
search, 7105-7114. https://proceedings.mlr.press/v97/ying19a.html.

Meosiow C. O.

MORPHONAS-BENCH: BEHUMAPK
JJIA MOP®OTEHETUYHOI TEHEPAIIII HEUPOHHUX MEPE X

Y pobomi npeocmasneno MorphoNAS-Bench — Oenumapk i Habip iHcmpymenmie 01a NOwyKy Heti-
pounux apximexmyp (Neural Architecture Search, NAS), saixuii ocHo8aHUll HA 2eHePAMUBHOMY, PO3BUMKO-
60-HamxHeHomy npocmopi nowyxky. Ha eiominy 6i0 cyyacnux NAS-6enumapkis, sAKi 6UKOPUCMOBYIOMb
cmamuyni  KoOy8amHs  epagis, w0 npeocmaenawms  HeupoHui  mepexci, MorphoNAS-Bench
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Xapaxkmepu3yemvb s KOMRAKMHUMU 2eHomamu. Lfi 2cenomu konmponioioms npoyec Mopgho2eHemuyHo20 po3-
BUMKY, U0 003605€ CMBOPIOSAMU PI3HI RPOCMOPOGI PeKYPEeHMHI apXimeKmypu, SKi BUHUKAIOMb 6HACTIOO0K
PI3HUX TMuni@¢ 0emepmiHO8aAHO20 3POCHAHHS, SKI NPU YbOMY BUSHAYAIOMbCS JOKAALHUMU NPAGUIAMU
PO3BUMKY.

Touamxosuii nabip oanux Genumapxy micmums 1000 nap «eenom-apximexmypay, sKki 6yau obpami 3
oinvw Hioie 50 000 cnpob cenepayii. Lleil nabip 66 cmeoperuli WIsIXOM BUKOPUCHANHSL SIK NOGHICMIO CIMpa-
muixosarnozo 6i0bopy napamempis, max i 3a 6ionociuHo-namxnenHum memooom Genome.random(). 3a-
Ccmocyeants 8UNAOK08020 Nioxody 3ade3neuye adekeanne OXONJIeHHs NIOWI NOWYKY Md PearicmuyHicmy
pesynomamie. Koowcne 3naiioene piwenna micmumos 0emanbHy aHOMayilo CMpYKMypHUX noxkasHukie. Mu
NPOBOOUMO AHANI3 MAKUX CIMPYKMYPHUX XAPAKMEPUCIUK, K POZMID, MOOYIIbHICMb, 2PYNY8AlHs MA eqdhex-
muenicms. Mu noxasyemo, wo 0o6udsi cmpameeii 2eHepayii 30amui ymeoprosamu ik CmpyKmypoeami, max
I HeMPUBIANbHI MEPEICI.

Haoanuii incmpymenmapiii na Python 0o36o15¢ uguamu npoyecu po3gumiy 2eHOMi6 HelpOHHUX MePedC
pazom i3 8i0nogionum cmpykmypHum ananizom. Taxum yunom, MorphoNAS-Bench sucmynac sik nosmopio-
sana i OION02IUHO 0OIPYHMOBAHA NAAMPOPMA O OOCTIONCEHD PIZHOMAHIMHOCI, €8ONIOYIOHYBAHHS, MA
emepodcenmui cmpykmypu 01a NAS.

KurouoBi ciioBa: HelipoHHI Mepesxi, pPO3BUTKOBE KOAYBaHHS, MOP(OTeHETHYHHUI PO3BUTOK, HOIIYK HEeH-
POHHHUX apXiTEKTyp, OeHIMapK-iHCTpyMEHTAapii, eMep)KeHTHA MOIYIbHICTh, HETIPSIME KOTyBaHHS.

Mamepian nadiiiwos 21.07.2025
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IMPOTPAMHA CUCTEMA KJIACU®IKAIIII TEKCTIB
HA OCHOBI MAILIMHHOTO HABUYUAHHSI
TA PEKYPEHTHOI HEMPOHHOI MEPEXKI

Y yitt pobomi onucano nobyoosy ma pesyromamu mecmy8anHs NPOSPAMHOL CUCEMU ABMOMAMUYHOT
Kanacughikayii mexcmie, AKka NOA2AE 8 PO3NOOLNI MEKCMI8 34 NeGHUMU KAMe2opiamu, 30Kpema meKcmis
VKpaincokoio Moeoio. Haw 3acmocynok nobyodosanuii na uxopucmanni mpvox mooeineii — Naive Bayes,
Support Vector Machine, LSTM — apximexmypu pexypenmmuoi HetipouHoi mepexci Recurrent Neural
Network (RNN) ma ix kombinayii. Bin 0ae 3moey 00601i wieuoxo i moyHo Kiacugikysamu mexkcmu, Haoa-
6amMuU KOPUCIYBAYY MONCTUBICIMb 3PYUHUM CHOCOOOM HAMPEHY8AMU CUCIEM) HA GIACHUX OAHUX | 0OCUMb
NPOCMO HANAWIMY8AMU NAPAMEMPU OJi ONMUMATLHUX Pe3VIbIMamis.

s eghexkmusrnozo onpayiosanns 6xiOonux O0anux i peanizayii ancopummy kiacugikayii mu eudbpanu
Moy npozpamysanus Python. Ocnosnumu Oibniomexamu peanizayii (pyHKYiOHATY 3ACMOCYHKY CMaau
TensorFlow, scikit-learn (015 nadanns npocmozo ma 3poszyminozo inmepeeticy), Natural Language Toolkit
(nltk), NumPy, Pandas. Matplotlib i seaborn 3acmocosysanu ons gizyanizayii oanux i no6yoosu epaghixis.
Pospobrenuii epaghiunuii 3acmocyHox 30amen po3ni3HABAMU MEKCMU (AH2TTUCbKOI0 ab0 YKPAiHCbKOIO
Mo6010) yomupwvox kamezopiti (World, Sports, Science / Technology, Business) 3 mounicmio oauzvxo 92 %.

na nasuanna moodeneii mu 3acmocyeanu AG News Classification Dataset i3 kaggle.com.

Tecmysannsi 3acmocyHKY RIOMEePOULO0 NPUNYWEHHS, WO CREYIaALi308aH MO0, KpIM MO20, WO € 3HAY-
HO ehexmuHiuMu 8 NIAHI BUKOPUCTAHHS PECYPCi8, MAKONMC MOXCYMb OeMOHCMPY8aAmU KpAwjull pe3yio-
mam y knacugixayii mexcmis, nise LLM. Cucmema maxosc modce Oymu weuoKo adanmosana i 00 3a0ayi
@inompayii cnamy. 3a dexinvka cexyHo modcHa ompumamu SVM moodens, sika 3Moice po3nizHasamu munosi
cnam-nogioomneHus 3 mounicmio onuszoxo 99 %. Tax camo 6ynu nPpomecmosani MOICIUBOCT CUCHEMU NPU
Ppo3nizHasauHi emMoyitinoi sabapénenocmi mexcmy. Boanocs docaemu mounocmi 87,75 %.

KurouoBi cioBa: apromarnyna kinacugikaiiis TekcTiB, Naive Bayes, Support Vector Machine, LSTM,
Recurrent Neural Network, mammane HaBdanHus, Python, TensorFlow, AG News Classification Dataset.

Beryn

HumHi, 3 po3BuTKOM iH(OpMALIHUX TEXHOJIOTIH 1 3pocTaHHAM 00Csry AOCTYIHOI iHpopMallii, cTae Haj-
3BHYAaHO BYKJINBUM €(EKTHBHE YIPABIIHHS aHATI30M AaHuX. OHUM i3 KITIOYOBHX 3aBJaHb Y IbOMY KOH-
TEKCTI € aBTOMaTu4Ha Kiacu(ikalis TeKCTiB, AKa MOJSIrae B pO3MOALTI TEKCTIB 3a MEBHUMH KaTE€rOPisIMU.
OCHOBHI BUKJIMKH, TIOB’s[3aHi 3 aBTOMAaTHYHOIO KJIAaCH(IKaIli€l0 TeKCTiB, — II€ Pi3HOMaHITHICTH ()OPMATIB,
CTPYKTYp TEKCTIB 1 CEMaHTHYHA CKJIAHICTh MOBH. {7151 BUpINIEHHS NUX MTpo0ieM MoTpiOHI epeKTUBHI aj-
TOPUTMH Ta METOAM OOPOOJICHHS TPUPOTHOI MOBH.

[porpamui cucremu (I1C), 110 BUKOPUCTOBYIOTh TEXHOJIOTIT MammMHHOro HapdanHs (MH), Taki sk Heil-
POHHI Mepesxi Ta MeTou 06podneHHs nmpupoxHoi MoBr (NLP), 1eMOHCTpYIOTE BUCOKY €EKTHBHICTD y PO3B’sI-
3aHHI i€l 3a/1a4i 3aBSIKK CBOTH 30aTHOCTI aalTyBaTHC 10 HOBHUX JaHHX 1 IIBUAKOCTI 00pobnenHs [1; 2; 4; 6].

VY KOHTEKCTi 0OpOOICHHS TEKCTIB KIAacH]iKallis MOIATrae y NpU3HAYCHHI KOXKHOMY TEKCTOBOMY JOKY-
MeHTy a00 (parMeHTy BiAMOBIIHOI KaTeropii abo Kiacy, o IOoIoMarae B OpraHisarii, po3yMiHHI Ta aHaJi-
31 Benukux oOcsriB iHpopMmamii [4]. TexHomOrii IITy4HOTO iHTENEKTY, 30KpemMa Metoan MH, mamm MoxiTH-
BIiCTh 3HAYHO MOKPAIIUTH S(PEKTUBHICTH 1 TOYHICTh KIacH]iKalii TEKCTiB. ABTOMAaTHYHA KiIacHpikaiis
TEKCTy € OJHMM i3 ()yHZaMCHTaJIbHUX 3aBIaHb OOpoONCHHS MpHpoaHoi MOBH. CHCTEMH aBTOMAaTHYHOL
knacugikamii TekctiB (CAKT) MoXXHAa YMOBHO MOJITUTH Ha TaKi TP TPYIH: CUCTEMHU HA OCHOBI IIPABHII,
CUCTEMH Ha OCHOBI MammmHHOTO HaBuaHH: (Naive Bayes, Support Vector Machine (SVM), Recurrent Neural
Network (RNN), Bidirectional Encoder Representations from Transformers (BERT), Large Language
Models (LLM)), ribpunni cucremu. KopoTky ixHIO XapakTepHUCTHKY HaBeneHo y poborax [13; 15; 18].

© Iuboseyv A. M., /lybosux A. B., Agponin A. O., 2025
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['OpumHi crucTeMu Kitacudikailii TeKCTIB MOXKYTh ITOETHYBATH ITEPEBary Pi3HUX MiAXO/IB 1 METOIB JJIs
CTBOpPEHHS OUIBII TOUHMX Ta e(pEeKTUBHHUX Mojeneil [3]. BoHM CTaHOBISATH MOTY)KHUM IHCTPYMEHT, SIKMH
MOXKe OyTH HaJIallITOBAHWK Ta ONTHUMI30BaHWH JJIi KOHKPETHHUX MOTped. Taki Mojesi MOXYTh JAOCATATH
BHCOKOI TOYHOCTI Ta €()eKTUBHOCTI Y Pi3HUX CIIEHapisx Ta cepax 3acTocyBaHHs. IIpoTe oauH i3 0CHOBHUX
HEJIOJIIKIB TIOPUIHUX CHUCTEM TOJISTae B iXHIM ckiamaHOCTI. [ToeqHaHHS Pi3HUX METOIB 1 MiJXOMIB MOXKE
MPU3BECTH JI0 3HAYHOTO 30UIBIICHHS CKJIAIHOCTI caMOi CHCTEMH, 30KpeMa II0J0 PO3POOKHU, PO3YyMiHHS,
MIATPUMKH Ta MacIITa0yBaHHS.

Tomy MU BUPILIHIN PO3POOUTH CUCTEMY, SIKA 3MOXKE JOBOJI MIBUIKO 1 TOYHO KIacu(iKyBaTH TEKCTH Ta
Ha/IaBaTH KOPUCTYBady MOXKIIMBICTh 3pyYHHM CIIOCOOOM HAaTPEHYBATH CUCTEMY Ha BIACHUX HaHUX 1 Haja-
HITYBaTH MapaMeTpH JUIS ONTHMAIbHUX PE3yNbTaTiB. Y Liif CTATTi OMUIIEMO II0 PO3POOKY.

i epeKTHBHOTO ONpAIIOBaHHS BXIJIHUX JaHWX 1 peaiizallii aaroputMmy kiacudikamii Mu BUOpan
MOBy IporpamyBaHHs Python, ockinbku 115t miel MOBH icHye chopmoBaHa exocuctema 0ibmiorek MH, 06-
pOOJICHHS TaHWX, MATPUYHOT MaTEeMaTHKH ToIO. Bennkuii BUOip 610110TeK, MPOCTOTA 1 3pYUHICTh BUKOPH-
CTaHHS, a TakOX yci iHmi 3ragafi ¢akropu poomste Python crangaprHum BHOOpPOM AL MPOEKTIB, L0
cTocyroThess MH 1 HeHpOHHUX MEpeK.

OcHoBHuMH 0ibmioTekamMu peanizanii QyHKIiOHATy HaIIOI MporpaMHoOi cUCTeMH Kilacu(iKallil TEKCTiB
(ITCAKT) 3a neHrMH Kareropismu ctaiu: TensorFlow — 6e3komroBHa 6i0mioTeka ans MH 13 BinkpuTim
ko7ioM [16] (Bimoma CBO€ MacIITabOBaHICTIO Ta BUCOKOK MPOJYKTUBHICTIO); scikit-learn — Hamae mpo-
CTHIA 1 3po3yMinuii iHTepderic as peanizanii knacuanux anroputMmiB MH [12]; Natural Language Toolkit
(nltk) — muis peanizamii 3agad onpamoBaHHs TpupoaHoi MoBH [8]; NumPy [9] — 3abe3neuye 3pydHicTh
JOCTYITY JI0 BEJIMKHX 1 0araTOBUMiIpHUX MAacHBIB, a TaKOX (YHKIIIH BUCOKOTO PiBHS JJIsi pOOOTH 3 TAKUMHU
MmacuBamy; Pandas [10] — anst noctymy no cTpyktypu manux DataFrame, sika € HIBUKOIO, THyYKOIO Ta
IHTYITHBHO 3po3ymisioro; Matplotlib [7] 1 seaborn [14] — auist Bizyanizanii JaHuX Ta moOyI0BH rpadikis.

1. AHaJIi3 BXiZHUX JaHHX

Jus HaBuaHHA Mozeneit mu 3actocyBanu AG News Classification Dataset i3 kaggle.com [5]. Lleit Habip
JaHUX MIiCTUTh 120 THCSY KOPOTKHX TEKCTIB, 310paHUX 13 Pi3HHUX JDKEpeN HOBUH. YCI TEKCTH PIBHOMIPHO
(o 30 THcs4) pO3NOAiNIEH] MiXK TAKIMU YOTUPMa KaT€rOpisiMHU:

— World (CBiT) — TekcTH Ipo mojiii Ta HOBHHHU 3 PI3HUX KpaiH CBiTy, MIXKHAPOIHI BIIHOCHHH, a TAKOX
m100anbHiI TpodiaeMu, SK-0T 3MiHA KJIIMaTy, MIrpallis Ta iHIIi;

— Sports (Ciopt) — TEKCTH PO CIIOPTHBHI MOJI11, 3MaraHHs, TypHipH, KOMaHIH Ta BUCTYITH CIIOPTCMEHIB
y PI3HUX JUCLUILIIIHAX, TaKHUX sIK (QyTOoI, GackeTOO0I, TEHIC TOLIO;

— Business (bi3Hec) — TekcTH po KoMTaHii, iHAHCOBI HOBUHM, aHAJII3 pUHKIB, Oi3HEC-CTparerii, eKOHO-
Mi4HI TeHCHIII] Ta iHII acleKTH Oi3Hecy, 30KpeMa KOPIOPATHUBHI 3JIUTTS 1 MOMIMOICHUH OISl €KOHO-
MIYHHX MOMIIH Pi3HOTO POAY;

— Science / Technology (Hayka / Texnomnorii) — TE€KCTH PO HOB1 BIIKPHUTTS B HAyIli, TEXHOJIOTI4HI JOCST-
HEHHS, THHOBAIll y TeXHOJOTIUHIHA cdepi, 30kpeMa poOOTH HaA IITYYHHM IHTEICKTOM, KOCMIYHHMU
BIIKPUTTAMH, MEAUYHIUMH TEXHOJIOT1SIMH TOLIO.

[1{o6 poGota 3 JaHuMH Oyia OinbIl e(EeKTUBHO, MU BUPIIIHINA PO3POOUTH MOIYJb, IKHH BUKOHYBaB
6u nonepeHe 0OPOOICHHS TEKCTOBUX AAHHUX LIUISXOM MOOYIOBH (DYHKIIiT, IKa OTPUMY€ Ha BXiJ TEKCT 1 BH-
KOHYE TaKl Jii: TOKSHi3allisl TEKCTY, BUAAJICHHS CTOM-CIIIB, JeMaTHh3allisl a00 CTEMIHT TOKEHIB (J1omomarae
3HA4YHO 3MEHIIUTH PO3MIp CIOBHHKA Ta MOKPAIIUTH TOYHICTh aHAIII3Y IILISIXOM 3BEACHHS Pi3HUX (HOPM Ofl-
HOTO CJIOBA JI0 €MHOTO KopeHs). Bcei 1 oneparii MaroTh JONOMOTTH 3MEHIIMTH PO3MIPHICTh TEKCTOBHX
JAaHUX, BAOKPEMUTH BaXKJIMBI KIIFOYOBi CJIOBA Ta MONIMIIUTH SKICTh aHATI3y.

[Toxin Habopy JaHHUX TAKOXK € JIy>)KE BATOMHM €TarioM JUTs €()eKTUBHOTO HABYAHHS Ta KOPEKTHOT OIIHKA
MPOAYKTUBHOCTI MozieNi. Y OUIBIIOCTI BUNAAKIB JOCTAaTHHO JOTPUMYBATUCS PIBHOMIPHUX MIPOMOPIIiil Ki1a-
ciB. ToMy MU pO3IITMIIN BCl HAsBHI €K3EMILISPU HA TPH KaTeropii: HaBYaIbHUI HaOIp JaHUX, SKUH BHKO-
PHCTOBYIOTH JUI O€3M0CepeTHhOT0 TPEHYBAHHS i MiI00py ONTUMAIBHUX Bar Ta KoedilieHTiB MOAENi; Ba-
TMiganiiHui Habip JaHHUX, SKAH BUKOPUCTOBYIOTH JUTS MIEPEBIPKH MOEIII MICIISI KOXKHOTO IHKITY TPEHYBaHHS
1 SIKM MOXKEe TOIIOMOI'TH MiiOpaTH ONTUMANbHI TilleprIapaMeTpy A MOAENi; TeCTyBaJIbHUI Habip JaHUX,
SIKUE HeOOX1THHM 17151 HEYTIepEeIKESHOT OI[IHKU KIHIIEBUX PE3yJIbTaTiB MOJIEII.

Tomy BukopucTanuii Habip JaHuX po3duBany Ha Kareropii Tak: 96 Tuc. TekcriB (80 % 3araipHOI KiNb-
KOCTI1) BUKOPHUCTAHO JJTs 0€3M0CepeTHLOr0 TPEHYBaHH Mojeli; Juis Baiaanii — 10 % 3araibHOT KiJTbKOCTI
TEKCTiB, TOOTO 12 THC.; peITy TEKCTiB BUAITICHO ISt TECTYBaHHS (piHAJIBHUX PE3y/bTaTiB.
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[I{oOu mepeBipuTH, HACKUIBKM €(PEKTHBHO MOJAETIl MOXYTh HAaBYaTHUCh, MAIOYH JTIOCHTH OOMEKEHUI
00CST JaHuX IJIsl TPEHYyBaHHsI, MU po30MBaji HaOip AJaHUX TakoX Ha Tpu Kareropii: 0,1 % (120 ek3emms-
piB) — mms TpenyBanHs; 0,1 % (120 ex3zeMrursapiB) — s Bamigarii; 99,8 % (117 600 ex3eMIuapiB) — mIst
TECTyBaHHSI.

Takox My 0OMEXKHITUCS] BAKOPUCTAHHSAM KOMOiHaIii Tphox monenei: Naive Bayes, SVM i RNN.

Naive Bayes € mIBUAKUM anropuT™MoM, Skuii moTpedye HaliMeHIIe pecypciB cepell yCix TphOX 3rajJjaHux.
SIKII0 mpUMIyIIEeHHS PO HEe3aJIeKHICTh MK O3HAKaMH CIIPABIKYETHCS, TO MOXKE IEMOHCTPYBATH JOBOJI
e(heKTUBHI pe3yabTaT, 110 pOOUTH HOro rapHUM BHOOPOM JUIS TaKUX 33jad, SK, HAIPUKIAM, GiisTpanis
cnamy. bibmioteka scikit-learn mae kitac MultinominalNB, sikuit peanizye HaiBHUUH OaeciB KinacugpikaTop
JUIst 0ararboX HOMIAJILHUX MOZEIIEH.

SVM Takox MopiBHSIHO EKOHOMHUH y TNIaHI BUKOPUCTAHHS PECYPCiB KOMIT FOTEpa, ajie He HACTUTBKH, K
HaiBHMI OaeciB kiacudikarop. Bukopucranusa Horo Moxe JEMOHCTPYBATH J0BOJI €(hEeKTHBHI pe3yIbTaTu
HAaBITh MICIIs TPEHYBaHHS HA JOCHUTh HEBEIMKOMY 00cCsTy naHux. bibmioTeka scikit-learn Takox Hazgae pea-
Ji3allit0 OTIOPHO-BEKTOPHOI MaIIHK y Gopmi kiacy LinearSVC.

RNN cepen Tppox BUOpaHHX aJITOPUTMIB HAMOIIBIN 3aTpaTHUN y TJIaHI PECYpCiB, MPOTE B 3arajJbHOMY
BUMAJIKy MICJIS TPEHYBAaHHs HA IOCTATHIN KUIBKOCTI JaHUX JEMOHCTpY€ Haifkpari pe3yasraru. [linxoquts
IUTS 3aBIaHb, JIC € BAKIIMBAM KOHTEKCT, SIK-OT aHaNi3 HACTPOiB TOmoO. [y Toro mo6 YHHKHYTH IpoOIeMu
3aTyXaHHS TpajieHTa, Oyne BukopucraHo LSTM.

BERT i LLM MU He BUKOPHCTOBYBAJIN, OCKIIBKH BOHU MOTPEOYIOTH OLIBIN MOTYKHUX 00UNCITIOBAILHUX
pecypciB Ta BEJIMKOI KUIBKOCTI Uacy Juis TpeHyBaHHS. BinkuHymu i mifxix Ha OCHOBI MpaBMJI, aJKe€ MU He
3MOXKEMO aJIallTyBaTH CTapi IMpaBmJa IJIsl HOBUX KaTeropiil y BUIAaKYy, SKIIO KOPHUCTYBad HATPEHYE MOJIENb
HAa BJIACHUX TEKCTaX. 3arajioM 3rajlaHuX TPhOX METO/IIB Ma€e OyTH IOCTATHBO, 100 MepeBaru OTHOTO METOAY
MOTJIM KOMIICHCYBAaTH HENIOJIKH 1HIIOTO, HE BUKOPHUCTOBYIOYH MPH I[bOMY HaJMIpHY KUIBKICTH pecypciB
KOMIT 10Tepa.

3riHO 3 HAIOKO 3a1a4et0, MU Mepe0aunIi MOXKIIMBICTh BUKOPUCTOBYBATH OYIb-sKy KOMOIHAI[IFO MO-
Jiesiet JUIsl TpeHyBaHHs Ha KOPHCTYBAaIbKHMX TekcTax. Hampukmaz, Uit IIBUAKOTO Pe3ysibTaTy MOXKHA Ha-
BYHTH TiJIbKK Naive Bayes, a 17151 OUTBI TOYHHX pe3yNIbTaTiB HATPEHYBATH BC1 Tpu Mojieli. Tak camo i st
kJacugikanii Mae OyTH MOXJINBICTh BUKOPHCTOBYBATU Oy/b-Ky KOMOiHAIli}0 HATPEHOBAHUX Mojeneit. Jlis
LOTO OTPUMYBAJIH B1JICOTKOBI IIepeI0aueHHs KaTeropii 3 KOXKHOTO Kitacu(ikaTopa, a piHaIbHUI pe3yabTar
3a 3aMOBYYBAHHSM € CEPEIHIM apU(METHIHUM YCiX 3HAUCHb. AJle y KOPUCTYyBaua MOBUHHA OyTU MOXKIIH-
BiCTh 3MCHIINTH BIUIUB HA pe3ybTaT Kiacudikamii THX KIacHU(ikaTopis, sKi, Ha HOTO JTyMKY, TOKa3yIOTh
ripmuii pe3yasTar, i HaBnaky — 301UIBIINTH JUIS THX, SKi OKa3yI0Th Kpalmii pe3ynsrar. ToMy ocTaTtouHuii
pesynbTar Kilacu(ikamii TEKCTy BU3HA4aBCs Takoro GopMysor: x =a-w +b-w,+c-w_ne: X — pe3yib-
TaT cUCTEMH Kiacuikauii, @ — pesynbrar knacudikamii 3 Bukopucrannsm Naive Bayes, w — «Bara»
pe3ynbrary kiacugikaiii Naive Bayes, e uucio, 6iibiie Hix 0, 10 BU3HAYAETHCS KOPUCTYBaYeM, b —
pesynbTar Knacudikaiii 3 Bukopuctanusm SVM, w, — «Bara» pesynprary knacudikauii SVM, ¢ — pesyib-
Tar knacudikanii 3 Bukopuctannam RNN, w — «sara» pesynbrary kinacudikanii RNN. Bukopucranus
TPHOX KOE(II[IEHTIB JaN0 MOXKIUBICTh KOPUTYBAaTU CHCTEMy Kiacu]ikamii s OiIbII ONTUMAIBHUX pe-
3yJBTATIB.

2. Peanizanin I1C knacudikamii

[1C peanizoBaHO y BUINIAII 3aCTOCYHKY.

2.1. Cmpyxmypa 3acmocyHKy

[Ipencraenena va puc. 1 UML nmiarpama kiaciB cXeMaTHYHO JEMOHCTPYE OCHOBHI KJIacH, IO peaji3o-
BaHi B 3aCTOCYHKY, iXHIO B3a€EMOJIi10 Ta (PYHKII1, IKi BOHU 3MOXKYTh BUKOHYBATH.

Kiac TextPreprocessor ae MOXITUBICTh BUOpATH MOBY Ta OIIIii 0OpOOICHHS (CTEMIHT 1 JieMaTHh3allis),
a TakoK HAJla€ METOJ| preprocess, sSKUil MpuiiMaTiMe Ha BXill HEOOPOOICHHUI TEKCT, a MOBEPTATUME BXKE
00poOICHMIA.

TextClassifierNB — knacudikarop, mo BukopuctoBye Naive Bayes. Mae noctyn 10 06poOHHKa TEKCTY
1 MICTHTB CITICOK Ha3B KaTeropii, ski 3nmaTeH kinacudikyBatu. Metop train npuitMae Ha BXijJ a00 MUIAX JI0
JIUpeKTopii, 3 siIKoi OyayTh NiCTaBaTUCh i OOPOOIIOBATUCH TEKCTOBI (pailam Ans TpeHyBaHHS abo K yxke
00pobneHuii HaOip manux y ¢opmi DataFrame. Ilicns BUKOHAHHS TPEHYBaHHS IOBEPTAE MPOTHO30BaHE
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3HAYEHHS TOYHOCTi. MeToJ] save BUKOHY€ 30epeKeHHsT MOJIeNi 10 BKa3aHoi JupekTopii, a load — 3aBaHTa-
xeHHs. Metop predict mpuiiMae Ha BXiJ HEOOpOOIEHUH TEKCT 1 MOBEpTa€E pe3ynbTar Kiacuikarii.

Puc. 1. [liarpama kiaciB 3aCTOCYHKY

TextClassifierSVM — kiac, o mparfoe CX0KUM YHHOM i3 MOIIEPeAHIM KIIacoM, ajie BUKOPHCTOBYE
SVM. TextClassifierRNN — knacugikarop, mo Bukopucropye RNN monens. Ha BigMiHy Bin iHIINX Kita-
cudikaTopis, TyT IPH TPEHYBAHHI MOKHA 3a3HAYNTH KiJTBbKICTh €TI0X.

DocumentParser — kiac, 1mo crporrye po6oTy 3 foKyMeHTaMH. MicTHTh Habip METOJIB, SIKi BUTATY-
IOTBCS TEKCT 13 txt, docx um pdf daitniB y motpibHoMy popmari.

Puc. 2. Jliarpama 1mmociitoBHOCTI IS Iporiecy Kiacugikarii
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TextClassifierComplex — Mae 1ocTyn 10 BCix Tphox Kiacudikaropis. IIpu TpeHyBaHHI € MOXKIIHBICTh
o0paru, siki 3 Mofieniel moTpiOHO BUKOpHCTOBYBaTu. Metox predict BUKOPHUCTOBY€ KOE(ILli€HTH ISt KOXKHO-
ro Kiacu(ikaTopa mpu oOUUCIICHHI pe3yybTaTiB.

TextClassifierGUI — kuac, axwuii ynpaeiusie rpadigaum intepdeiicom. [pamtoe 3 DocumentParser ans
oTpuMaHHs BMicTy okyMmeHTiB Ta 3 TextClassifierComplex s fioro kinacugikartii.

[Iponec B3aemonii rpadiunoro inTepdeiicy 3 iHmmMu cytHocTsMu onrcye UML nmiarpama mociiIoBHOCTI
(puc. 2), sika BijoOpakae MPOCTHiT BUTIAJIOK BUKOPUCTAHHS CUCTEMH sl Kiacudikarii ¢aiinis kopuctyBada.

KopuctyBau obupae daiinu yepes GUI i 3amyckae npouec knacudikamii. DocumentParser Butsarye
3 (baiiiiB TekcToBY iH(OpMAIIitO, MICIsI YOO BOHA MEPENAEThCsl B KIACH(IKATOp TEKCTY JUIS BU3HAYCHHS
kateropii. Pesynberatu kinacudikanii moBepTaioThCs i IEMOHCTPYIOTHCS KOPHCTYBaueBi y hopmari, o Bif-
MOB1/1a€ 0OpaHUM B IpadiyHOMY iHTepEiCi OMIIisIM.

PucyHok 3 neMOHCTpye mpoliec TpeHyBaHHS MOl Ha (aiiiax KopucTyBaya Ta ii 30epeskeHHS.

Puc. 3. Jliarpama mociiIoBHOCTI JUIs IPOIECY TPSHYBAHHS MOJICITL

KopucrtyBau Bubupae ¢aitnm s TpenyBanHs ((daitnn MaroTh OyTH BiJICOPTOBAHI 3a MiJAUPEKTOPIAMU
BIJIMIOBIJTHO JI0 Ha3B KJIACiB 4M Kateropiit). TekcT i3 (aiiyiiB BUTATY€EThCS Ta MePelaeThes 0 Kiacudikaropa
JUTs TpeHyBaHHsL. [licis TpeHyBaHHS KOPHCTYBad 3MOKE MOOAYMTH 3HAUYCHHS MPOTHO30BaHOT TOYHOCTI Ki1a-
cudikarii. € MOXJIUBICTh 30€pErTH HATPEHOBAHY MOJIENIb B 00paHy TUPEKTOPIIO JIJIs TOTO, 1100 Oyia MOX-
JUBICTH 3aBAHTAXHTH 11 Mi3HIIIE.

2.2. Obpobnenns mexkcmy

Knac TextPreprocessor po3po0ieHo 3 BUKOpHCTaHHAM 6a3oBux ¢yHKii 6i6miorexku NLTK. [pu inimi-
amizarii € MOXKJIBICTh 00paTH MOBY (IOCTYIIHA aHITIIMCHKA Ta EKCIIEPUMEHTAIbHA peatizarlisl U yKpaiH-
CBKOi), @ TAKOXX YBIMKHYTH OIILIi1 CTEMIiHTy 4H Jiematu3auii (puc. 4).

Puc. 4. Ininiamizanis knacy TextPreprocssor
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Jyis aHTIiicbKOT MOBH 3acTOCOBYIOTH PorterStemmer, WorldNetLemmatizer Ta ciucok CTON-CIiB, SKHN
Hazae 0i6mioreka NLTK. [lns 00poOieHHs & TEKCTIB YKPaiHChKOT MOBH (PHC. 5) BUKOPHUCTOBYIOTh BiATIO-
BIJTHUI CITUCOK CTON-CIIB 13 TeKCTOBOTrO (aitny. Sk ctemep Bukopuctano 6iomioreky UkStemmer [17], a
JuIs iemaTtuzanii — pymorhy?2 [11].

Puc. 5. ®parmeHT Koy, M0 JEMOHCTPY€E HAIAIITYBAHHSA Ul YKPAIHCHKOI MOBU

s monermenns podotu 3 daitnamu cTBopeHo Moxyiis DocumentParser, sikuit Moxke opasy micraBatu
TEKCTOBY iH(popMarliro 3 daitiB popmary txt, pdf Ta docx, ki BiICOPTOBAHO 3a JUPEKTOPISMHU BiJIOBITHO
1o i knaciB (puc. 6). TekcT 00poOII0ETHCS I TOBEPTAETHCA B 3py4YHOMY (POpMaTi (IKUM y LIbOMY BUIIAIKY
€ DataFrame 3 6i6mioreku pandas).

Puc. 6. ®parmeHT Koxy, IO JEMOHCTPYE NPOLEC 3aBaHTaKEHHsI Ta 00pOOKM TEKCTOBUX (haifiiB

2.3. Peanizayis aneopummie kracughikayii

Juns peanizanii knacudikaropa Naive Bayes Bukopuctano kinac MutlinominalNB 3 6i6nmioreku scikit-
learn (puc. 7).

Puc. 7. Busnauenns mozeni Naive Bayes Ta ii TpenyBanHS

Cxoxxum unHOM 111 SVM BukopuctoByeTbes pynkiis LinearSVC 3 6i0mioteku scikit-learn. Ane 3Bu-
yaifHa peadizanis LinearSVC Bchoro nuiire Moke BUIaBaTH Pe3yJIbTaT Y BUIIAII O/IHIE] HAROUTBIIT BipoTiI-
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HO1 Kateropii. 11[o0 oTpuMyBaTH BiJICOTKOBE 3HAUEHHS I KOXKHOI 3 KaTeropiif, MU poOMMO OOTOPTKY
(puc. 8) 3a gonomoroto CallibratedClassifierCV.

Puc. 8. Busnauenns mozeni SVM Ta 11 TpeHyBaHHS

Metoau ximacudikarii Naive Bayes Ta SVM moBomi mpocTo peai3oBaHi 3a JOIOMOTOI BiAIOBITHUX
¢ynkmin 6i0moteku scikit-learn, ogHak peamizamist RNN 3a nomomororo TensorFlow Hamae Ham Oinblie
MOXJIMBOCTeH /i Moaudikawii Ta HamaIITyBaHb 3aJ15 TOKpaIeHHs €(EeKTUBHOCTI MOJEIII.

Puc. 9. Apxitexrypa RNN moneni 3 Bukopuctanasm LSTM

MokeMo JeTallbHO PO3IISHYTH apXiTeKTypy po3pobieroi RNN (LSTM) moneni (puc. 9). Beboro Bona
CKJIaJa€eThes 3 8 mapis.

TextVectorization nepeTBoproe 0OpOOICHHI TEKCT Ha MOCIIIOBHICTh 1HIEKCIB TOKCHIB. BukopucToBye
cioBHUK po3mipoM 10 000, 110 € GBI HiX AOCTATHBO 3 ypaxyBaHHSIM TOTO, II0 TEKCT IPOXOIAUTH 00PO-
OneHHs, sike epenabadae teMaruzaiito. [1lap yoynysanus Embedding 36epirae onua Bektop Ha cioBo. [Ipu
BUKJIMKY BiH HEPETBOPIOE MOCIiAOBHOCTI 1HAEKCIB CIIiB HA MOCTIJOBHOCTI BeKTOpiB. Lli BeKTOpH MOXKHA
TpeHyBard. [licis HaBYaHHS Ha JTOCTATHIM KUTBKOCTI TAHUX CJIOBA 31 CXOKUMH JICKCHYHHMHU 3HAYCHHSIMU
9acTO MaroTh NMofi0HI BekTopu. Mae mapameTp mask zero=True, 1o Jae 3MOTy €(eKTUBHO MPAIIOBATH 3
TeKCTaMU pi3HUX po3mipiB. Bidirectional € o6roprkoro mis RNN, 1110 06po06s1sie mocimioBHAN BX1T y IBOX
HampsiMKax. Y [[bOMYy BHNAAKy BuUkoprcToBye LSTM map i3 64 HelipoHaMu 1 30epe’KeHHS] KOHTEKCTY.



22 e-ISNN: 2617-7323. Hayxkosi 3amucku HaYKMA. Komn ' 'totepsi Hayku. 2025. Tom 8

PiBenp 00’ennanns GlovalMaxPooling1D 3MeHIIye 4y TIMBICTh 10 OCOOTHUBOCTEH, CTBOPIOFOUYH O1IbIII
y3araJlbHeHi JaHi U1 Kpallux pe3ylsTaTiB TpeHyBaHHs. 110BHO3B 130U map Dense BUKOPHCTOBYE (PyHK-
1o aKTUBaIii relu Ta MicTUTh 64 HEHPOHH.

BatchNormalization BUKOPUCTOBYIOTH JIs1 TiABUIICHHS MIBHIKOCTI Ta CTa01IbHOCTI HABUYAHHS IITYY-
HUX HEUPOHHUX Mepexk. lle mocsAraeThcs MIISXOM HOpMallizalii BXIJHHX JaHUX IIapiB dYepe3 MOBTOPHE
LEHTPYBaHHs Ta MaciiTadyBaHHsA. Dropout BiIKuia€e BUMIQAKOBUM YHHOM JIEsIKi HEHPOHH, MOXKE JIOTTOMOTTH
YaCTKOBO YHUKHYTH HaJMipHOTO TPCHYBaHHsI, SIKE BiJJOYBAa€ThCsI, KOJIM MOJENb HAITO 100pe abo 3aHaaTo
JIOBrO TPEeHyBaJlach Ha 3alaHOMYy HaOopi AaHUX 1 1if He BAA€ThCs JEMOHCTPYBATH XOPOIIl pe3yNIbTaTH MpU
3aCTOCYBaHHI O HOBHX JaHHX. Y IOMY BHIAJIKy BHKOPHCTOBYETHCS 3HaYeHHS rate 0,2, mo o3Havae, mo
20 % BunasKOBUX HEHPOHIB OYIyTh iIrHOPYBAaTUCH. Takox BapTo 3ayBa’KUTH, IO IIEH [1ap BUKOPUCTOBY€ETh-
Cs1 JIWIIE TIPY TPEHYBaHHI, TOMY ITiJ] 4ac CIIPaBKHIX Mmepea0ayeHb MoJIei HEHPOHU He OyIyTh IrHOPYBAaTHCH.
IloBHO3B’ aA3HMIT map Dense MicTUTh 4 HEHPOHH, IO BiAMOBIJa€ KiNbKOCTI Kareropiil y Hamomy Habopi
naHux. BukopucroBye QyHKIII0 akTUBallii softmax Ta moBeprae po3monia HMOBIpHOCTEH BU3HAUCHUX Ka-
TETropiK.

Ll Momeb KOMITUTIOEThCS 3 TAKMMH IapaMeTpaMu: sparse _categorical crossentropy, Adam, accuracy.
INepmmnit 3aCTOCOBYEThCS Il OOUNCIICHHS BTPAT MK MPOTHO30BAaHUMH Ta CIPaBXHIMHU MiTkamu. Lle mo-
ITBbHUNA BUOIp IS 3aadi Kiiacupikalii 3 KiTbKoMa KJlacaMH, JIe MITKH He KOAYIOThCSI K one-hot BekTopH,
ajie MpeACTaBIICHI HITUMHU YuciaMu. /lae MOXIUBICTE OTPUMATU CIMCOK HAWOUIBII IMOBIPHUX KaTETOPii.
Ontumizatop Adam (31 MIBUIKICTIO HaBYaHHS 1e-4) e(eKTUBHO MPHUCTOCOBYE IIBUIKICTh HABYAHHS LIS
KOXKHOTO ITTapaMeTpa, 30KpeMa Ha OCHOBI OI[IHOK IEpIIOro Ta APYroro MOMEHTIB rpajieHTa. MeTpuka
accuracy BUKOPHUCTOBYETHCS JJTS OIIHKKA TOYHOCTI MOJIEII ITiJ] Yac HaBJaHHs. BoHa BUMIpIOE BiZICOTOK Tpa-
BUJIBHO KJIacU(iKOBAHUX 3pa3KiB 3 yCi€l KUTBKOCTI €K3eMILISPIB.

Buxopucranns ¢yHKIii 380poTHOr0 BUKIHKY EarlyStopping mokiMkaHO 3yMHUHSATH TPEHYBaHHS, KOJIA
TOYHICTH KJIacu(ikalii Moaesi 1JIs BalianiifHoro Habopy JaHUX MepecTae 3pocTaTy. B ribomMy BUnaaky s
(YHKIIIST BHKOPUCTOBYETHCS 3 TAKUMH MapaMmerpamu: val_accuracy, 2, 0.001. ITepmuii mapamerp no3Havae
3HAUCHHS, 34 SKUM IOTPiOHO pOOUTH HAISLA, TYT TOUHICTh MOJENI Ha BamiganiiHoMy Habopi qanux. Jpy-
T'Yii — BH3HAYa€ KUTBKICTB €oX 0e3 MOKpaIlleHHs, MICHIS SKAX HaBJaHHsI Oyzie MpUuHeHo. TpeTiid — MiHi-
MaJIbHa 3MiHa 3HAYEHHSI, 1[0 KOHTPOJIIOETHCS, sIKa Oy/ie BBaXKaTHCA MTOKPAIIEHHIM (TOOTO abCON0THA 3MiHA
MeHIIIe Hik min_delta BBaKaTHMEThCS BIICYTHICTIO MOKpamieHHs1). Ko 1151 QyHKINsS cripanboByBaTuMme,
BiJIOBi/IHE TOBiJJOMJICHHSI BUBOJUTHCSA Ha KOHCONb. [licisa cnpattoBanHs GyHKIIT Oyae BiTHOBIEHO TOM
CTaH MOJIeJTi, Y IKOMY BOHA MaJjla Hallkpaille 3Ha4eHHs TOYHOCTI. 1 (yHKIIisl B 6araTboX BUTAAKax BijIOu-
pae B Hac moTpedy miadupaTH ONTUMabHY (U1 YHUKHEHHS HEJJOCTaTHBOTO a00 HAIMIPHOTO TPEHYBAaHHS)
KUTBKICTh €T0X BPYYHY, TO3BOJISIFOUH POCTO 3aIyCTUTH TPEHYBAaHHS Ha BEJUKIM KIJIbKOCTI €TOX 1 JoYeKa-
THUCB, JOKH TOYHICTh MlepecTaHe 3pOCTAaTH.

VY mincyMKy micis TpeHyBaHHsS MOKeMo nobayuth rpadiku (puc. 10) 3MiHM TOYHOCTI 1 BTpar (CHHIM
KOJIbOPOM TOKa3aHi pe3yabTaTH AJIs TPEHYBAIbHUX TaHUX, OPAaH)KEBUM — JUIsI BaJliJalliiftHuX ). TpeHyBaHHS
BiJIOyBaJIOCHh BIPOJIOBXK I1’SITH €I0X, JIOKW TOYHICTh HE TIepecTalia 3pOCTaTH, MMicis 4oro OyJio BiTHOBJICHO
CTaH MOJIEI, B SIKOMY BOHA AEMOHCTPYBaJIa HalKpally TOYHICTh Ha BaTiJalliHHUX JaHuX (Y IbOMY BHIAAKY
11 TPETS eroxa).

Puc. 10. Brparu ta Tounicts LSTM Mozeni BIPOIOBX TPeHYBaHHS

Takox Oynu IpOTECTOBaH JIEsKi 1HII YacTO BUKOPUCTOBYBaHI onTuMizaropw, sik-oT Adagard, Adadelta
1 RMSprop, 13 METOI0 BU3HAUUTH 1XHill BIUVIUB Ha €(PEeKTUBHICTh HATPEHOBAHOI MOJIeNi. 3 1HIIKMHU ONTUMI-
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3aTOpaMH, BUKOPHUCTOBYIOYM CTaHIAPTHY MIBUIKICTh HaBYaHHA 31 3HadeHHsAM 0,001, micnms TpeHyBaHHS
MaKCUMaJIbHO BAAJIOCh OCITTH Takux 3HaueHb: Adagard — 90,22 % TouHOCTi Ta 3HaueHHs BTpar 0,2933;
Adadelta — 90,71 % TounocTi Ta 3HayeHHs BTpaT 0,2764; RMSprop — 91,93 % To4YHOCTI Ta 3HAYCHHS
Brpar 0,2524.

Tineku 3 ontumizatopoM RMSprop Baanmocst JOCSATHYTH JIEIIO KPalioro pe3yipTrary, Hixk 3 Adam, HaTo-
MicTb ontuMizatopu Adagard i Adadelta He 3MorM MoOKa3aTu 3HaUEHHSA TOYHOCTI Buine Hix 91 %, Tomy
OyJ10 BUPIIIEHO JIaJTi BUKOPUCTOBYBATH caMe Iiei onTumizarop. Takox TeCTyBaJIOCh TPEHYBAaHHS MOJICI 3
iHmoto (0,01 ta 0,0001) mwBKUAKICTIO HABYaHHSA, BIAMIHHOIO Bia ctaHaapTHOI 0,001, ajie SKUXOCh CYTTEBUX
3MiH B pe3yJibTaTax MOMIYeHO He OyJ0, TOMY IIBHKICTh HABYaHHS 31 cTaHaapTHUM 3HadeHHsM 0.001 Oyna
3aJIMIOICHA K OIITUMAJIbHA.

2.4. Cucmema xnacugixayii 3 BUKOPUCMAHHAM KOMOTHAYIT aneopummie

KoxHy peanizamiro alroputMy Kiacugikallii 3 IonepeaHboro miapo3aisy OyJlo JOIaHO JI0 OKpEMHX
pignoBigaux kiaacie: TextClassifierNB, TextClassifierSVM, TextClassifierRNN. Lli ki1acu MaroTh Taki Me-
TOIU, HEOOXIIHI JUII POOOTH:

— train — npuiimMae Ha BXix abo qupekTopito 3 Tekctamu abo DataFrame 3 00poOaeHUMHU TEKCTaMH, IJis
RNN mozeni Moxke Takok MPUHMAaTH KUTbKICTh €TIOX JUTsl HAaBYAHHS, TPEHY€E MOJIETh 1 TOBEPTA€E 3HAYCH-
HSI TOYHOCTI Kiacuikarii y BiJICOTKax;

— save — TpuiMae Ha BXiJ JUPEKTOPIito, 110 Kol 30epirae HapueHy Monenb (NB Ta SVM monerni 306epira-
1o1ecs y popmari pkl, RNN — y dopmari keras, okpemo B json (aiin 30epiratoTbcst Ha3BU KaTeropiii);

— load — mpwuiimMae Ha BXiJ JUPEKTOPIiIO, 3 AKOI 3aBaHTAXKY€E IMOTIEPETHBO 30€peKESHY MOJICIb;

— predict — mpuiiMae Ha BXill TEKCT KOPUCTyBaua, JUIs SKOTO BH3HAYA€ KaTeropii, pe3yisTaT MOBEPTAE
B opmari BizcoproBanoro Python ciioBHUKa, Jie KITIOYi 11e HA3BU KAaTETOPiid, a 3HAYCHHS — UMOBIPHICTh
HAJIEKHOCTI 0 KaTeropii BiJ HyJs 10 ONWHUIII.

AmnanorigHo po3pobineno kiac TextClassifierComplex, 1o BHKOPUCTOBYE BCi BHIE3TragaHi Kiacu Ta
MICTUTh TaKi METOIM: train — CXOKUK Ha METOAM OKpEeMHX KJaciB, 3a JIOTOMOIOI0 OyJleBHUX MapaMeTpiB
use nb, use_svm, use_rnn € MOXJIMBICTh BU3HAYATH, IKi MOJIeNTI OyIyTh TPEHYBATHCh; save — 30epirae Bci
HaTpeHOBaHi1 MozeNi B 00paHy nupekTopiio; load — 3aBaHTax<ye BCi Mozedi, gki 30epekeHi B 0OpaHiil 1u-
pexTopii; predict — aHaNOTIYHUE O METOYy OKpPEeMHX KJIaciB, Mae mapaMeTpu nb_weight, svm_weight,
mn_weight, 3Ha4YeHHS IKUX KOPUTYE BILTUB TepenOadeHHs BiIOBITHOI MOJIeNi Ha 3arajlbHUM pe3yibTar.

2.5. I'pagpiunuii inmepdhetic

Byno pospobnieHo rpadiunmii iHTepdeiic, SKUi ga€ 3MOTY KOPHUCTYBady HE TiJIbKUM €()eKTHBHO BHKO-
PHCTOBYBaTH CHUCTEMY 3 HaTPEHOBAaHMMH MOAEIAMHU, sKi HaBdeHi HAa AG News Classification Dataset, a i
HATPEHYBATH CHCTEMY Ha BJIaCHHX (paiiiax, 30epertu pe3yapTaTd HaBUAHHS Ta BUKOPUCTOBYBATH il HAIAJI.
Onpazy mpu 3aIrycKy 3aCTOCYHKY 3aBaHTaXXYIOTBCS BXKE 3a37aJierilb HaBYeH1 MOJIEIT.

Bropi inTepdelicHOTro BikHA MIiCTSTBCS CIIEMEHTH, SIKi CTOCYIOThCS TPEHYBaHHS, 30€peKEeHHsI Ta 3aBaH-
TaXeHHs Mojeni kopuctyBada. [Ipanopii Train NB, Train SVM, Train RNN BiamoBiaaroTk 3a Te, sKi Moze-
11 6ynyTh TpeHyBaTHch. KHomka Train BinkpuBae gianorose BiKHO, 10 JO3BOJISIE 00paTH AUPEKTOPIIO 3 TEK-
CTOBHMH OoKyMeHTamu (txt, pdf abo docx) i TpeHyBaHHS, MOTIM 3aITyCKAETHCS CaM MPOIIeC TPEHYBaHHS
o0panux mMozaenei. Ilicist TpeHyBaHHS B 11aIOrOBOMY BiKHI OyJie MOKa3aHO MPUOIM3HE 3HAYECHHS TOYHOCTI
knacudikarii (cepene apudMeTHuHe T BCIX BAKOPUCTAHUX MOJIENIel Ha TpeHYBaIbHOMY Ha00OPi JaHUX).
Bapro 3a3HaunTH, 110 TEKCTOBI JOKYMEHTH B OOpaHiil AMPEKTOpil MaloTh OyTH pO3MIIICHI HAJIECKHUM
YHHOM: KO)KEH JJOKYMEHT Ma€e OyTH B IMiJJUPEKTOPIi, Ha3Ba SKOT BiJMOBIIa€ BU3HAYCHIN KaTeropii TEKCTYy.
Knomnka Save 1o3Boiisie 30epertu Mojiesb B OAHY 3 AUPEKTOPii KoM 0Tepa, a kKHonka Load — 3aBaHTaxu-
TH TIONIEpeAHbO 30epekeHy monenb. Texct Categories: [mepenik Kareropii] IeMOHCTpYE, SIKi Kareropii
371aTHA PO3Mi3HABATH MOJIEIIb, sIKa 3apa3 BUKOPUCTOBYETHCS.

Jlaini po3millieHa rpyrna eJIeMeHTIB IpadiqHOro iHTepdeiicy, 110 CTOCYIOThCS 3aBaHTAKEHHS JOKYMEHTIB
JUIA Knacudikaiii. € MOKIUBICTh BUOPATH MOBY HaJJaHUX TEKCTIB, III0 HEOOX1HO /7Sl IPAaBUIIBHOT Kilacu-
¢ikarii. 3a 3aMOBYYBaHHSIM BHKOPHUCTOBYETHCS aHIIIHChKa MOBa, ajie € MOXJIMBICTh BUOPATH YKPATHCHKY,
B TaKOMY pas3i BCi 00paHi TEKCTH KOpUCTyBaua OyTyTh aBTOMaTHYHO NepexanaTuck gepe3 Google Translate
Ha aHNIIHCEKY MOBY Tepell THUM, SIK MOIeNb Oyme poOuTH mependadeHHs iXHBOI Kareropii. Lle mae 3mory
HE TPEHYBaTH MOJEIb 3aHOBO [UIs iHIIIOI MOBH, & BUKOPHUCTOBYBATH Ty CaMy MOJEIb Ui PO3Ii3HABAHHS
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TEKCTIB MOB, BIJIMIHHUX BiJ aHDIiMChKOI. JlokyMeHTH A1 Kitacugikallii o0MparoTh y IIaloroBoMy BiKHI,
1o 3’sBNs€eThes micist HatuckaHHs Select Files. IToBuui mutsix 10 o6paHux (aiiiB 1eMOHCTPY€EThCS y Bif-
MOB1THOMY TEKCTOBOMY TIOJII.

OcranHs Tpyna eleMeHTIiB iHTepdelcy BiINOBiAae 3a caMy KiIacudikalilo 1 mapaMeTpu CUCTEMH, IO
MpH IbOMY BHKOPUCTOBYIOThCA. [loss NB Weight, SVM Weight, RNN Weight no3BossifoTe kKopuryBatu
BILJIMB KOXKHOT OKpeMoi Mozielli Ha 3araibHuid pe3ynsrar. [Ipanopens Detailed Results BimuBae Ha dopmar
BiTIOOpaKCHHS pe3yJIbTaTiB; AKIIO BiH BIAMIUCHHUH, TO JAJI KOXKHOTO JOKYMEHTa Oy/Jie BKa3aHO BiJICOTKOBE
3HAUCHHS HAJIEKHOCTI JI0 KaTeropii, SKIo Hi — JIUIIE 0Ha HAWOUIBII BiporifiHa kaTeropis (6e3 3HaueHHs
BizcoTkiB). KHomka Submit 3amyckae mporiec Bu3HaueHHs Kareropii, a Copy Results mo3Bosnsie mBHIKO Ta
3pY4HO CKOIIIOBATH pe3yabTaTd B Oydep oOMiHy.

2.6. Oyinka pesynomamie

Ha Tecrax kiacudikariii HOBHH HalKpaIlli pe3yJIbTaT! JJisi BAKOPUCTAHOTO HAOOPY JAaHUX JEMOHCTPY-
Bajia came RNN moznenb, ToMy B IbOMY BUMIQJIKY JeTaJIbHIIIE pO3MIIHEMO caMe ii pesyibraru (puc. 11). Ha
TECTOBHX JIAHUX PO3pOOJICHa MOJIETh Y OCTAaTOYHOMY 11 BapiaHTi MoKa3alia Taki pe3yJbTaTh: TOYHICTh —
91,92500114440918 %, Brpatu — 0,26782718300819397.

Puc. 11. I'padiku Brpat i Tounocti RNN moneni B 1i 0cTaTOYHOMY BHIVISIIT

Takox y 3BiTi Ipo Kiacudikanito (puc. 12) MoxxHa MOOAYUTH JISSIKi MOKa3HUKU AJISI KOXKHOT 3 JOTHPHOX
KaTeropiii okpemo: Precision — KiJIbKICTh CHPaBXKHIX MO3UTHBHUX PE3YJbTATIB, MOIIEHA Ha KIJIbKICTh
MIPOTHO30BAHUX MO3UTHBHUX pe3yibTariB; Recall — KifbKicTh CIpaBXHiX MO3UTUBHUX PE3yNbTATIB, MOIIi-
JIeHa Ha 3arajibHy KiJbKICTh (DaKTUYHUX MO3UTHUBHUX pe3ynbrariB; F1l-score — cepenHe rapMOHIYHE MiX
precision Ta recall.

precision
World .89

Sports - 90
Business -96

Science/Technology -93

accuracy
macro avg
weighted avg

Puc. 12. 3Bit npo kacudikariro

VY 3acTtocyHKy mepeadaueHo MoOymoBy 1 BHUBEICHHS MaTpPHUIll HEBIANOBITHOCTEH, Ska JEMOHCTPYE,
CKIJIbKU €K3eMITISIPIB OJIHI€T KaTeropii Oys10 BU3HAUSHO 1HINO0, HEB1IITOBIIHOKO KATETOPIEr0 i1 Yac rnepe-
OaueHp kateropiil. TecTu mokasainu, 110 HaWYacTile MOJIENb ILTyTaEe Mixk co0oro kareropii World 1 Sports.
Taxkox nopiBHSIHO YacTo 1ryTae Science / Technology 3 World 1 Sports i3 Science / Techonlogy. Kateropis
x Business Bu3Ha4aeTbcs HAUOLIBIN BIEBHEHO 1 IUTyTAETHCS 3 YCiMa iHITMMU TOBOJI PLAKO.

Jyis iopiBHSHHS €EeKTHBHOCTI HaBYCHOT Mojieni kareropii Tekety it 200 eK3eMILUIApiB 3 MbOTO XK Ha-
6opy nanux (AG News Classification Dataset) Oyno Busnaueno uepe3 ChatGPT Bepcii 3.5. B pesynbrari
MPaBIIIFHO PO3IIi3HaHO OyIto e 176 kareropiii, o noka3ye TOYHICTH 31 3HaYeHHIM Onn3bko 88 %. Pea-
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mizoBaHa x y mii podoti RNN (LSTM) mozens nemMoHcTpye Maibke 92 %. O1xke, MOKHA 3p0OUTH TIPHUITY-
LIeHHS, 110 CIeliai3oBaHi MOAEi, KpiM TOTO, 110 € 3HAYHO €(hEeKTUBHIIIMMU B MJIaH1 BUKOPUCTAHHS pecyp-
CiB, TAKOX MOXYTh IEMOHCTPYBATH KpalllMid pe3yJbTaT y Kinacugikaiii TekcTis, Hixk LLM.

I3 npyrum noxinom HaOOpy JaHUX, SIKUIl MICTUTh OOMEXKEHUH 00CAT TaHUX JJIS TPEHYBAaHHS, MOAETI
MoKa3aly Takui pe3ynbrar: Naive Bayes csarayna 3HaueHHs TogyHOCTI B 68,34 %, SVM nocsrma 70,25 %
touHocTi, LSTM Mozens npoaeMoHCTpyBaia TOUHICTh epegdadeHHs Beboro auiie 24,98 %. Lle nemon-
cTpye nepepary mozened SVM ta Naive Bayes B cuTyalii 3 HEOCTaTHBOK KUTBKICTIO JAaHHUX IS
TPEHYBaHHS.

Taxkox OyJ0 epeBipeHo, HACKUTbKK e(heKTHBHO CHCTEMa MOYKe HaBUaTHCh Ha 1HINX Tekcrax. 3 kaggle.
com i3 i€ MeTor Oyio 3aBaHTakeHO Habip maHux i3 Ha3Boto (10)Dataset Text Document Classification.
[le#t HaOip MaHUX MICTHUTH MO COTHI TEKCTIB KOXKHOI 3 IECATH KaTeropiid: «0i3HECY, «PO3Bary», «hKay, «rpa-
(bikay, «icTOpis», «KMETUIIMHAY, CIIOITHKAY, KKOCMOCY», «CIIOPT» 1 «TeXHONOTii». Ha 3aBaHTa)keHHs Ta 00-
poOJieHHs TEeKCTiB i3 ux (aiiiB 3HamoOmnocs 4,78 cekyHau. Mojeri BIOPaUCh 13 €0 3aadcio Tak:
Naive Bayes — nemonctpye 97 % TouHocTi, BuTparusmu 0,2 ceKyHIu Ha HaB4aHHs, SVM — eMOHCTpye
98 % Tounocri, BurpatuBum 0,59 cekynau Ha HaBuaHHI, RNN — nemonctpye 91 % To4HOCTI, BUTpATHB-
mu 974 cekyHau Ha HaBYaHHS, KOMOIHAIIiS BCIX MoJienel (3 OTHAKOBUMH BaraMu) Ma€ TOYHICTh 94,5 %.

{06 nepeBipuTH, SIK CHCTEMa BHKOHYE TaKy 3aj1ady, sk (iisTparis crnamy, Oylno BHKOPHCTAHO Spam
Mails Dataset i3 kaggle.com, sikuit MicTuTh 5171 3pa3ok TEKCTy 3 BU3HAYEHHMHU CIAM-MOBIOMJICHHSIMH.
Mogeni cripaBIisOThHCS 3 MIEH0 33/1a4€t0 3 TAKOI TOYHICTIO Ta BUTPAUCHUM YacoM Ha HaB4YaHHS (0e3 ypaxy-
BaHHS 9,53 cekyH/IM Ha 3aBaHTa)xeHHs ¢aiilniB i 00pobnenHs Tekcty): Naive Bayes — 92,07 % Ta 0,41 ce-
kyHad, SVM — 99,23 % i 0,54 cexynmu, RNN — 98,07 % i 1153 cekynam, koMOiHaIlis BCiX Mojeneit
(3 0IHaKOBMMH Baramu) Ma€ To4HicTh 99,13 %.

OTxe, cucTeMa MOXke OyTH IIBUIIKO aJarToBaHa i 1o Takoi 3amadi. Maibxe 3a 10 cekyHI MOXKHA OTpH-
Matu SVM Moziensb, sika 3MOKe PO3ITi3HaBaTH THUIIOBI CIIAM-TIOB1IOMJICHHS 3 TOYHICTIO OJH3bKO 99 %.

Tak camo OyJIi IPOTECTOBaHI MOXJIMBOCTI CHCTEMH TIPH PO3ITI3HABaHHI €MOIIIHOT 3a0apBICHOCT] TEK-
cty. s mporo Buxopucrano Emotions dataset for NLP 3 kaggle.com, sikuif Mictuth 16 THCSY 3paskiB
TEKCTY 3 BU3HAYCHUMH €MOIIISIMH (CyM, 3JiCTh, CTPax, PaJiCTh, 3MUBYBaHHS, II0OOOB). TekcT i3 Qaiiin 3a-
BaHTAXYEThCSI Ta 00pOOMIOEThEA 3a 2,8 cekyHIu. Mozemni AeMOHCTPYIOTh TaKy TOYHICTh 1 Yac HaBUAHHS:
Naive Bayes — 56,99 % 1 0,081 cexynau, SVM — 83,09 % i 0,83 cekynmu, RNN — 85,56 % 1 13,35 ce-
KyHJ4, KOMOiHaIlisl BCiX Mojieiel (3 OJHAKOBUMH BaraMmu) Mae TOuHiCTh 59,31 %. Aune sKIo nmpoekcnepu-
MEHTYBATH 3 Koe(illiEHTaMH, TO MOXKHA OTPUMATH Kpallli pe3yJIbTaTh, HiXK P BUKOPUCTAHHI KOXKHOT MO-
neni okpemo. Hanpuknan, Baanocst [ocsirté TO4HOCTI 87,75 %, BUKOpUCTaBINM Taki 3HaueHHs: 1 s Naive
Bayes, 5 nns SVM Ta 13 mnst RNN.

VY pesynbTari HaBiTh SKIIO OUH 200 J{Ba aITOPUTMHU HE MOXYTh IIOKA3aTH XOPOIINI pe3yabTar JUis IeB-
HOT 33141, TO MaiKe 3aBXKIH SIK MIHIMyM OJTHa MOJIEITb MOXke e(DeKTHBHO KIIacH(PiKyBaTH TEKCTH 3 TOYHICTIO
noHas 85 %. OTxe, cucreMa MOXKe 3aCTOCYBATHCh Mailke JJIs BCiX 3araJibHUX BUMAJKIB Kiacudikarii.

BucHoBku

VY i poboti onucano moOymoBy Ta pe3ynbraru TectyBaHHs [1C aBTomatnaHoi kinacudikaiii TEKCTIB,
sIKa TIOJISITa€ B PO3MOALTI TEKCTIB 3a MEBHUMH KaTETOPisIMH, 30KpeMa TEKCTIB YKpaiHChKOIO MOBo0. Harn
3aCTOCYHOK MOOYJOBaHWI Ha BHKOPHUCTaHHI TphoX Mmoxeneir — Naive Bayes, Support Vector Machine
(SVM), LSTM apxiTekTypu pekypeHTHOi HelipoHHoi Mepexi Recurrent Neural Network (RNN) ta ix kom-
Oinamii. BiH Jae MOXJIHMBICTb TOBOJI IBUIKO 1 TOUHO KJTaCH(IKyBaTH TEKCTH, 3pyYHUM CIIOCOOOM HATpEeHY-
BaTH CUCTEMY Ha BJIACHUX JAHUX i AOCUTD IMMPOCTO HAJTAITYBATHU NapaMETPpU JJIs1 OITUMAJIbHUX pe3yanaTiB.

Jiist epeKTHBHOTO OIPAIIOBAHHS BXIIHHUX JaHUX 1 peatizailii alropuTMy Kiacugikaliii Mu o0paiu MOBY
nporpamyBanHs Python. OcHoBHUME Gi0mioTexamu peattizalii (yHKIIOHATy HAIIOTO 3aCTOCYHKY CTallu:
TensorFlow (3a rapHy MacmTaboBaHICTh i BACOKY MPOIYKTHUBHICTH); scikit-learn (i1 HaaHHs MPOCTOTO Ta
3po3yminoro intepdeiicy); Natural Language Toolkit (nltk, st peanizanii 3aga4 onpairoBaHHsS TPUPOAHOT
MoBH); NumPy (1110 3a0e3medye 3py4HicTh JOCTYITY JI0 BEJIMKHUX Ta OaraToBUMIpHUX MacuBiB); Pandas (mms
MIPOCTOTO TOCTYIY A0 CTPYKTypH nanux DataFrame). Matplotlib Ta seaborn 3acrocoByBanucst 1yis Bizyali-
3aii JaHuX Ta oOYJ0BHU TpadikKiB.

Jns HaBuaHHA Mozeneit mu 3actocyBainu AG News Classification Dataset i3 kaggle.com. Po3po6nennit
rpadidHAi 3aCTOCYHOK 3JIaT€H PO3IMi3HABaTH TEKCTH (aHDIIHCHKOI0 a00 YKPaiHCHKOIO MOBOIO) YOTHPHOX
kateropiit (World, Sports, Science / Technology, Business) i3 TounicTio 0nu3bko 92 %.
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TecTyBaHHS 3aCTOCYHKY HiATBEPIUIIO MPHUITYIIICHHS, IO CIEIialli30BaHi MOJIEI, KPiM TOTO, IO € 3HAY-
HO ¢()eKTUBHILINMU B IJIaHI BUKOPHCTAHHS PECYPCiB, TAKOXK MOXYTh IEMOHCTPYBATH KPAIIU pe3yabTar
y Kiacudikanii TexctiB, Hixk LLM. Crctema Takoxx Moke OyTH IIBHJIKO aJianToBaHa i 1o 3a1a4i (iuibTparii
cnamy. 3a JIeKiJibKa CeKyHJl MOXKHa oTpuMaTi SVM Mozenb, sika 3MOXKe PO3ITi3HaBaTH THIIOBI CIIaM-IIOBi-
JIOMJICHHS 3 TOYHICTIO OIu3BKo 99 %. Tak camo Oynu mpoTecTOBaHI MOKIIMBOCTI CHCTEMH MPHU PO3IMTi3HA-
BaHHI eMOIIii{HO1 3a0apBiieHOCTI TeKcTy. Baanock pocsirti Tounocti 87,75 %.

[IpomomxeHHs JOCTIKEHD Ta EKCIIEPUMEHTIB Y IMiK cepi MOXKYTh MPU3BECTH JO MiABUINCHHS edek-
TUBHOCTI CTBOPEHUX MOJIENEH y po3Mi3HAaBaHHI BUKOPUCTAHUX Y Iii poOoTi a00 Oyab-sIKUX iHIIUX KaTeTro-
piii TekcTiB. TakoXk MOJATBIINIA PO3BUTOK MOXKe OyTH CIIPSIMOBAaHHM Ha MOKPAIICHHS 3pYyYIHOCTI Ta (DyHKIIi-
OHAJILHOCTI pO3p00JIeHOTO IpaiyHOrO 3aCTOCYHKY.

s poboTa Oyna miarpumana rpantoM @onny CaiiMonca (SFI-PD-Ukraine-00014577; T.S.)

Cnucok nimepamypu

1. Tnmboseup A. M. Ilporpamna cuctema nepeBipkd Ha IUariat ykpaiHChKuX TekcTiB [Enextponnuii pecypc] / A. M. I'muGoseus,
M. O. bixuenraes // Haykosi 3anucku HaYKMA. Komn’totepsi Hayku. — 2022. — Tom 5. — C. 16-25. — Pexxum goctymy: https://doi.
org/10.18523/2617-3808.2022.5.16-25.

2. A Generative Learning Model for Heterogeneous Text Classification Based on Collaborative Partial Classifications [Electronic re-
source] / Zie Eya Ekolle, Ryuji Kohno // Applied Sciences. — 2023. — Vol. 13 (14). — P. 8211. — Mode of access: https://www.mdpi.
com/2076-3417/13/14/8211.

3. A Hybrid Text Classification Approach for Analysis of Student Essays [Electronic resource] / C. P. Rosé, A. Roque, D. Bhembe, K. Van-
lehn // Proceedings of the HLT-NAACL 03 Workshop on Building Educational Applications Using Natural Language Processing. —
Pp. 79-86. — Mode of access: https://aclanthology.org/W03-0210.pdf.

4. A Survey on Text Classification Algorithms: From Text to Predictions [Electronic resource] / A. Gasparetto, M. Marcuzzo, A. Zangari,
A. Albarelli // Information. — 2022. — Vol. 13 (2). — P. 3. — Mode of access: https://www.mdpi.com/2078-2489/13/2/83.

5. Kaggle [Electronic resource]. — Mode of access: https://www.kaggle.com.

6. Machine Learning Glossary [Electronic resource]. — Mode of access: https://developers.google.com/machine-learning/glossary.

7. Matplotlib [Electronic resource]. — Mode of access: https://matplotlib.org.

8. Natural Language Toolkit [Electronic resource]. — Mode of access: https://www.nltk.org.

9. NumPy [Electronic resource]. — Mode of access: https:/numpy.org.

10. Pandas [Electronic resource]. — Mode of access: https://pandas.pydata.org.

11. Pymorphy2 [Electronic resource]. — Mode of access: https://github.com/pymorphy2/pymorphy2.

12. Scikit-learn [Electronic resource]. — Mode of access: https://scikit-learn.org/stable.

13. Scikit-learn: Naive Bayes [Electronic resource]. — Mode of access: https:/scikit-learn.org/stable/modules/naive_bayes.html.

14. Seaborn [Electronic resource]. — Mode of access: https://seaborn.pydata.org.

15. Support vector machine [Electronic resource]. — Mode of access: https://en.wikipedia.org/wiki/Support_vector machine.

16. TensorFlow [Electronic resource]. — Mode of access: https://www.tensorflow.org.

17. UkStemmer [Electronic resource]. — Mode of access: https://github.com/Desklop/Uk_Stemmer

18. Understanding Text Classification in Python [Electronic resource]. — Mode of access: https://www.datacamp.com/tutorial/text-classifi-
cation-pythonpython.

References

Datacamp. (n. d.). Understanding text classification in Python. https://www.datacamp.com/tutorial/text-classification-pythonpython.

Ekolle, Z. E., & Kohno, R. (2023). A generative learning model for heterogeneous text classification based on collaborative partial classifica-
tions. Applied Sciences, 13 (14), 8211. https://www.mdpi.com/2076-3417/13/14/8211.

Gasparetto, A., Marcuzzo, M., Zangari, A., & Albarelli, A. (2022). A survey on text classification algorithms: From text to predictions. /nfor-
mation, 13 (2), 83. https://www.mdpi.com/2078-2489/13/2/83.

Google Developers. (n. d.). Machine learning glossary. https://developers.google.com/machine-learning/glossary.

Hlybovets, A. M., & Bikchentayev, M. (2022). Prohramna systema perevirky na plahiat ukrainskykh tekstiv. NeUKMA Research Papers.
Computer Science, 5, 16-25. https://doi.org/10.18523/2617-3808.2022.5.16-25 [in Ukrainian].

Kaggle. (n. d.). https://www.kaggle.com.

Matplotlib. (n. d.). https://matplotlib.org.

Natural Language Toolkit (nltk). (n. d.). https://www.nltk.org.

NumPy. (n. d.). https:/numpy.org.

Pandas. (n. d.). https:/pandas.pydata.org.

Pymorphy?2. (n. d.). https://github.com/pymorphy2/pymorphy2.

Rosé, C. P, Roque, A., Bhembe, D., & VanLehn, K. (2003). A hybrid text classification approach for analysis of student essays. In Proceed-
ings of the HLT-NAACL 03 Workshop on Building Educational Applications Using Natural Language Processing (pp. 79-86). https://
aclanthology.org/W03-0210.pdf.

Scikit-learn. (n. d.). https:/scikit-learn.org/stable.

Scikit-learn. (n. d.). Naive Bayes. https://scikit-learn.org/stable/modules/naive_bayes.html.

Seaborn. (n. d.). https://seaborn.pydata.org.

Support vector machine. (n. d.). Wikipedia. https://en.wikipedia.org/wiki/Support_vector_machine.

TensorFlow. (n. d.). https://www.tensorflow.org.

UkStemmer. (n. d.). https:/github.com/Desklop/Uk_Stemmer.


https://www.mdpi.com/2076-3417/13/14/8211
https://www.mdpi.com/2076-3417/13/14/8211
https://www.mdpi.com/2076-3417/13/14/8211
https://www.mdpi.com/2076-3417/13/14/8211
https://www.mdpi.com/2076-3417/13/14/8211
https://aclanthology.org/W03-0210.pdf
https://www.mdpi.com/2078-2489/13/2/83
https://www.mdpi.com/2078-2489/13/2/83
https://www.mdpi.com/2078-2489/13/2/83
https://www.mdpi.com/2078-2489/13/2/83
https://www.kaggle.com
https://developers.google.com/machine-learning/glossary
https://matplotlib.org
https://www.nltk.org
https://numpy.org
https://pandas.pydata.org
https://scikit-learn.org/stable
https://scikit-learn.org/stable/modules/naive_bayes.html
https://seaborn.pydata.org
https://en.wikipedia.org/wiki/Support_vector_machine
https://www.tensorflow.org
https://github.com/Desklop/Uk_Stemmer
https://www.datacamp.com/tutorial/text-classification-pythonpython
https://www.mdpi.com/2076-3417/13/14/8211
https://www.mdpi.com/2078-2489/13/2/83
https://developers.google.com/machine-learning/glossary
https://doi.org/10.18523/2617-3808.2022.5.16-25
https://www.kaggle.com
https://matplotlib.org
https://www.nltk.org
https://numpy.org
https://pandas.pydata.org
https://github.com/pymorphy2/pymorphy2
https://aclanthology.org/W03-0210.pdf
https://aclanthology.org/W03-0210.pdf
https://scikit-learn.org/stable
https://scikit-learn.org/stable/modules/naive_bayes.html
https://seaborn.pydata.org
https://en.wikipedia.org/wiki/Support_vector_machine
https://www.tensorflow.org
https://github.com/Desklop/Uk_Stemmer

Tuboseyv A. M., J[ybosux A. B., Agponin A. O. Ilporpamua cucrema kinacudikamii TEKCTiB Ha OCHOBI MAIlIMHHOTO HABYAHHS. .. 27

A. Hlybovets, A. Dubovyk

TEXT CLASSIFICATION SOFTWARE SYSTEM BASED ON MACHINE
LEARNING AND RECURRENT NEURAL NETWORK

In the context of rapid advancements in information technology and the exponential growth of accessi-
ble data, efficient data analysis management has become increasingly critical. One of the key challenges in
this domain is automatic text classification — the process of assigning texts to specific categories. This task
is complicated by the diversity of formats, structural variability, and the inherent semantic complexity of
natural language. Addressing these challenges requires robust algorithms and effective natural language
processing (NLP) techniques.

This paper describes the development and testing of a software system for automatic text classification,
which involves categorizing texts into predefined classes, including texts written in Ukrainian. Our applica-
tion is based on the use of three models.: Naive Bayes, Support Vector Machine, and the LSTM-based archi-
tecture of Recurrent Neural Networks (RNN), as well as their combinations. It allows for fast and accurate
text classification and provides users with a convenient way to train the system on their own datasets and
easily configure parameters for optimal results.

To efficiently process input data and implement the classification algorithm, we chose the Python pro-
gramming language. The core libraries used for the application s functionality include TensorFlow, scikit-
learn (for a simple and intuitive interface), Natural Language Toolkit (nitk), NumPy, and Pandas. Matplot-
lib and Seaborn were used for data visualization and plotting. The developed graphical application is
capable of recognizing texts (in English or Ukrainian) in four categories (“World”, “Sports”, “Science/
Technology”, “Business”) with an accuracy of approximately 92%. For model training, we used the “AG
News Classification Dataset” from Kaggle.com.

Testing confirmed the hypothesis that specialized models, in addition to being significantly more re-
source-efficient, can also outperform large language models (LLMs) in text classification tasks. The system
can also be quickly adapted for spam filtering tasks. Within seconds, it is possible to obtain an SVM model
capable of identifying typical spam messages with about 99 % accuracy. We also tested the systems capa-
bilities in detecting emotional tone in texts, achieving an accuracy of 87.75 %.

This work was supported by a grant from the Simons Foundation (SFI-PD-Ukraine-00014577; T.S.).

Keywords: automatic text classification, Naive Bayes, Support Vector Machine, LSTM, Recurrent
Neural Network, machine learning, Python, TensorFlow, AG News Classification Dataset.
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MODERN APPROACHES TO CONTROLLABLE EMOTIONAL
SPEECH SYNTHESIS

The generation of emotionally expressive and controllable speech is one of the most dynamic and techni-
cally demanding areas in the intersection of artificial intelligence, natural language processing, and speech
synthesis. Recent progress in emotional text-to-speech (TTS) systems has enabled increasingly natural and
emotionally nuanced voice generation, shifting from early concatenative methods to advanced neural mod-
els. This review provides a structured overview of the state of the art in controllable emotional TTS, high-
lighting key architectural paradigms. A special focus is placed on emotional control mechanisms, including
discrete emotional tagging with categorical or dimensional labels, reference-based control which condi-
tions synthesis on prosodic or stylistic exemplars, and prompt-based techniques that leverage the capabili-
ties of large language models for flexible and intuitive emotional specification.

Despite substantial improvements in synthesis quality and emotional expressiveness, several critical
challenges remain unresolved. These include the disentanglement of emotional, speaker, and prosodic fea-
tures, the lack of standardized evaluation metrics for emotional clarity and naturalness, and the significant
computational demands associated with training high-fidelity models. Furthermore, the scarcity of diverse
and emotion-labeled speech data, especially for low-resource and morphologically rich languages, contin-
ues to limit the generalizability of current approaches. This review not only summarizes existing methods
and their trade-offs but also outlines promising research directions, aiming to support the development of
more robust, efficient, and emotionally expressive speech generation systems.

Keywords: deep learning, text-to-speech synthesis, natural language processing, speech emotion con-
trol, diffusion models.

Introduction

One of the most difficult but important tasks in developing natural language processing and artificial
intelligence is generating speech with predefined characteristics and style. Generating natural, emotionally
expressive speech has long been a central goal in artificial intelligence and natural language processing.
Achieving this requires synthesizing speech that sounds humanlike and conveys emotional nuances, bridg-
ing the gap between human communication and machine-generated speech. Such advancements hold im-
mense promise for applications ranging from assistive technologies and virtual assistants to entertainment
and education. However, achieving this level of sophistication remains a formidable challenge, particularly
in low-resource language contexts where labeled emotional datasets are limited.

Traditional text-to-speech (TTS) systems relied mainly on deterministic algorithms that frequently failed
to produce dynamic, natural-sounding speech. Recent advances in deep learning have transformed TTS by
allowing models to capture complex prosodic and emotive variations. While several systems have aimed to
improve naturalness, few have investigated the explicit regulation of emotional expression in synthesized
speech [34]. This feature is crucial for developing more engaging and context-appropriate human—com-
puter interactions.

There are a number of basic obstacles that affect the capacity to produce emotionally expressive dis-
course. These include gathering enough emotion-labeled training data, effectively simulating the intricate
link between text content and emotional expression, and providing intuitive controls for the emotional as-
pects of synthesized speech [5, 34]. These issues have been largely addressed by recent developments using
innovative designs and training techniques.

This review examines the current state of emotional speech synthesis, focusing on recent advances in
controllable and expressive TTS systems. We analyze the emotion control approaches that represent an
important innovation in this domain. By examining its technical foundations, methodological approaches,
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and evaluation results, we aim to provide a comprehensive overview of the current state of the art in emo-
tional speech synthesis and identify promising directions for future research.

Text-to-Speech Synthesis Approaches
Non-Neural Approaches to Speech Synthesis

Text-to-speech conversion has historically progressed through several distinct paradigms. Early systems
relied on concatenative synthesis, piecing together pre-recorded speech fragments to form complete utter-
ances. While providing natural-sounding elements, these systems struggled with smooth transitions and had
limited flexibility. The subsequent development of statistical parametric speech synthesis (SPSS), particu-
larly Hidden Markov Model (HMM)-based approaches, offered greater control but often at the cost of natu-
ralness [24].

Neural TTS Pipeline

The advent of deep learning has revolutionized TTS technology. Modern neural TTS systems can be
categorized into several architectural approaches, each with distinct characteristics that affect their overall
performance and application.

Mu, Yang, and Dong (2021) summarize TTS system construction approaches and methods. They articu-
late a modern speech generation pipeline as an end-to-end system, comprising three parts: a text-analysis
front end, an acoustic model, and a vocoder [24]. The process begins with the text front end transforming
the input text into a standardized format. Next, the acoustic model processes this standardized input into
intermediate acoustic features, incorporating long-term structures from the speech. Common representa-
tions include spectrograms, vocoder features, and linguistic features. Lastly, the vocoder generates the final
output by adding fine-grained signal details and converting the acoustic features into a time-domain wave-
form. Each system component has its unique architecture, which defines its application (Figure 1). Another
category of methods follows a fully end-to-end philosophy, in which a single model performs all the neces-
sary processing steps. It directly generates speech audio output from the input data, skipping the creation of
intermediate features, such as mel-spectrograms, is skipped entirely [34].

Figure 1. Mainstream TTS pipeline

There are a large volume of published studies describing a wide variety of approaches to neural speech
generation. The systems can be conventionally divided into distinct segments based on the generation tech-
nology employed in a particular system. This review primarily considers architectures that are widely used
for expressive speech synthesis.
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Controllable TTS Systems Architectures
Autoregressive and Non-Autoregressive Generation Models

Autoregressive generation models have transformed speech synthesis by predicting speech representa-
tions sequentially, with each output based on all previously generated tokens, allowing for the capture of
intricate temporal relationships inherent in human speech [24]. These models include a variety of acoustic
architectures, such as transformer-based systems, convolutional neural networks (CNNs), recurrent neural
networks (RNNs), flow-based models, and diffusion-based approaches, each with unique advantages for
modeling speech characteristics and improving generation quality [3]. Autoregressive speech synthesis has
made significant progress in producing genuine, expressive speech that closely resembles human voice
patterns by learning directly from data rather than relying on substantial manual feature engineering.

Non-autoregressive speech synthesis models address the computational inefficiency of sequential gen-
eration by allowing parallel prediction of acoustic features, which reduces inference time from several
seconds to real-time or faster production rates [24]. These architectures also encompass a variety of genera-
tive approaches, including feed-forward transformer networks, flow-based models, generative adversarial
networks, variational autoencoders, and diffusion-based systems, all of which use parallel computation to
eliminate sequential dependencies inherent in autoregressive methods [34]. While avoiding error propaga-
tion difficulties provides significant speedups and greater stability, non-autoregressive algorithms frequent-
ly require explicit duration prediction or external alignment mechanisms to handle the one-to-many map-
ping challenge between text and speech sequences [15].

Main Neural Architecture Types

Tacotron [33] presented the first acoustic model based on deep learning and remains used in various
systems. A one-dimensional convolution- and bidirectional gated recurrent unit-based encoder, an attention-
driven decoder, and a Griffin-Lim vocoder are the main parts of the proposed autoregressive architecture,
which is a sequence-to-sequence (seq2seq) model. It accepts characters as input and generates spectro-
grams, which are subsequently transformed into waveforms by the vocoder.

Later, Ren et al. presented FastSpeech 2 (2020) [12], an enhanced iteration of the FastSpeech model. It
extends parallel feed-forward transformer with length prediction to rectify the constraints of its predecessor,
attaining accelerated training speed and providing control over speech variation information (e.g., pitch,
energy, and more accurate duration) as conditional inputs with fully end-to-end text-to-waveform synthesis.

Another type of speech synthesizer models the complex speech distribution as a repetitive composition
of simple distributions, which is called a generative flow (Glow) [24]. Previously, the concept was mainly
used in vocoders of neural TTS, but now it is also applied to acoustic models [3]. Valle et al. introduced
Flowtron, an autoregressive text-to-speech synthesis model based on autoregressive flow techniques [13].
This novel generative network achieves high-quality mel-spectrograms and enables the manipulation of
speech variation and style transfer. Moreover, it possesses the capability to control various aspects of speech,
including pitch, tone, speech rate, cadence, and accent.

Diffusion neural networks are probabilistic generative models, which operate by learning to reverse a
gradual noise corruption process. This enables speech generation through iterative denoising of random
noise conditioned on text input and control parameters [2]. The stochastic nature of diffusion processes al-
lows for diverse synthesis outputs while maintaining stable training dynamics, effectively addressing the
main issues that have historically challenged other controllable generative approaches in speech synthesis.
StyleTTS 2 [32] is a non-autoregressive TTS model with differentiable duration modeling, leveraging style
diffusion and adversarial training with large speech language models (SLMs) to achieve human-level syn-
thesis quality. The system is capable of synthesizing contextually appropriate styles directly from reference
speech in a zero-shot scenario.

Generative Adversarial Networks (GANs) have become an important technology in controllable TTS
systems [34]. GANSs consist of a generator that synthesizes speech from text and a discriminator that evalu-
ates its realism, trained adversarially to produce high-fidelity outputs. GANs are widely used in vocoders,
as well as acoustic models for end-to-end systems [3, 24, 34]. Among vocoders, HiFi-GAN [19] is a state-
of-the-art GAN-based approach that achieves both high-fidelity speech synthesis and exceptional computa-
tional efficiency, which implies the diversity of applications in end-to-end speech systems. It employs in-
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novative multi-scale and multi-period discriminators, combined with a generator incorporating multi-recep-
tive field fusion modules, which effectively capture diverse temporal patterns in speech through dilated
convolutions with different dilation rates and kernel sizes.

Classification of Emotional TTS Models
Emotional Tagging Control

Emotional tagging represents the most straightforward approach to expressiveness control, using ex-
plicit labels or encodings to condition synthesis models. This methodology has evolved from simple one-hot
encodings to sophisticated multi-dimensional representations.

Older systems allow users to select from a predefined set of discrete emotion labels, such as happy, sad,
angry, or neutral [5]. The model is usually trained on datasets where speech samples are annotated with
these labels, such as ESD, RAVDESS, and IEMOCAP, enabling it to generate speech with the correspond-
ing emotional tone.

The label-based method can be implemented in multiple modes. For instance, MSEmoTTS [23] employs
a multi-scale emotional speech synthesis framework that can be conditioned with one-hot encoded vectors
representing discrete emotions such as happiness, anger, sadness, surprise, fear, and disgust. Inoue et al.
introduce a hierarchical emotion distribution (HED) model for continuous emotion intensity control across
phonemes, words, and utterances [16]. Practically, the expressiveness is controlled via the vector of emo-
tional intensities from 0 to 1. In contrast, StyleTagging-TTS (ST-TTS) [11] and Emo-DPO [7] systems
represent an approach that utilizes a defined set of style tags written in natural language to control emo-
tional expression, modeling the relationship between linguistic embedding and speaking emotion domain
with a pre-trained language model.

A significant drawback of this approach is the limitations in emotional intensity control. Systems, such
as MsEmoTTS, have implicit predictors, but no explicit control over that characteristic is provided. Other
challenges include customization issues due to fixed categories set and the need for large labeled datasets
for training [5].

A different method for emotion encoding refers to representing it as a vector of so-called basic (or fun-
damental) emotions. Zhou et al. [30] present a study on modeling and synthesizing mixed emotions in
speech synthesis. The paper extensively references Plutchik’s emotion wheel theory, stating eight primary
emotions: anger, fear, sadness, disgust, surprise, anticipation, trust, and joy, and arranges them in a frame-
work where all the emotional styles can be derived from those [26]. The framework allows users to manu-
ally control emotion rendering by defining an emotion attribute vector with specific percentages for each
primary emotion, successfully synthesizing complex emotional states like delight (surprise + happy), out-
rage (surprise + angry), and disappointment (surprise + sad) [30]. Similarly, for the EmoMix model [8], the
authors considered excitement (happy + surprise) and disappointment (sad + surprise) within the intensity
range for evaluation.

The PAD (Pleasure-Arousal-Dominance) model, also known as the VAD (Valence-Arousal-Dominance)
model, is a three-dimensional psychological framework developed by Albert Mehrabian and James A. Russell
to describe and measure emotional states using numerical dimensions [4]. The model represents emotions
through valence (the pleasantness or unpleasantness of an emotion), arousal (the intensity or energy level as-
sociated with the emotion), and dominance (the degree of control or power one feels in the emotional state).

This dimensional approach has been widely adopted in emotional speech synthesis systems because it
provides more nuanced emotional rendering than discrete categorical emotion models [10]. Sivaprasad et
al. [29] extended the FastSpeech2 TTS architecture, introducing a prosody control block that conditions
phoneme-level pitch, energy, and duration on continuous arousal-valence values, enabling fine-grained,
interpretable emotional prosody control. EmoSphere-TTS [10] synthesizes expressive speech by embed-
ding valence-arousal-dominance representation into a spherical vector via transformation. This approach
enables manual control of emotional style and intensity by assigning appropriate angles and lengths to the
spherical vector. UDDETTS framework [20] introduces a neural codec language model that seamlessly in-
tegrates traditional discrete emotion labels with the continuous VAD model, enabling controllable, expres-
sive TTS through joint optimization in a unified emotional space.

The main drawback of continuous vector emotional representations is the scarcity of annotated training
data, as dimensional emotion labels (e.g., arousal, valence, dominance) are costly and subjective to obtain
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at scale. Moreover, models that leverage these representations often require complex architectures and care-
ful tuning to prevent overfitting and ensure interpretable, controllable outputs.

Reference-based Control

Reference-based methods extract style information from example utterances, enabling control without
explicit annotation. The reference audio provides a direct example of the emotional tone, which the system
mimics. Reference-based systems use architectures where a reference encoder extracts emotional style embed-
dings from the input sample. This paradigm supports both voice conversion and style transfer applications.

Mellotron [22] is a multispeaker voice synthesis model based on Tacotron 2 [6], which can make a voice
emote without emotive training data by explicitly conditioning on rhythm and continuous pitch contours
from an audio signal. It pioneered reference-based emotional control by incorporating global style tokens
(GST) [31] as learned latent variables alongside reference-based speech conditioning, allowing it to transfer
text, rhythm, and pitch characteristics from source audio to target speakers while maintaining fine-grained
control over expressive speech characteristics. Building upon such a reference-based approach, Gener-
Speech [14] proposes a generalizable text-to-speech model that decomposes speech variation into style-
agnostic and style-specific parts through a multi-level style adaptor and Mix-Style Layer Normalization,
enabling robust zero-shot style transfer for out-of-domain custom voices without requiring adaptation data.

StyleTTS [21] extends the approach by using style encoders that extract emotion-relevant features while
disentangling them from speaker identity and linguistic content. The system employs adversarial training to
ensure the sound quality of the reconstructed mel-spectrogram. SC VALL-E [18] adopts the VALL-E [25]
neural codec language model, consideri speech synthesis as a conditional language modeling task, and uses
reference audio for speaker cloning and style transfer, including speaking rate, pitch, voice intensity, and
emotional styles. EmoSphere++ [9] extends the EmoSphere-TTS [10] model and introduces an emotion-
adaptive spherical vector that extracts it directly from reference speech samples, using a multi-level style
encoder to capture both high-level emotional categories and low-level nuanced expressions for zero-shot
emotion transfer.

Reference-based TTS systems face significant challenges in their dependency on high-quality reference
audio and struggle with generalizing to unseen emotions, speakers, or prosodic styles not represented in the
training data, while also requiring effective disentanglement of emotional content from other style features
like speaker identity and linguistic prosody. Additionally, these approaches encounter practical limitations,
including computational overhead from processing reference audio during inference and the scarcity of
fine-grained explicit emotion control with this method.

Prompt-based Control

With the rapid development of large language models (LLMs) in recent years, prompt-based approaches
represent the frontier of controllable emotional TTS, using large language models to interpret and execute
complex synthesis instructions. These systems go beyond simple emotional labels to understand contextual
and situational factors and allow users to specify emotions using natural language descriptions or instruc-
tions, e.g., “speak happily” or “whisper fearfully.” This approach is user-friendly, leveraging natural lan-
guage processing (NLP) to interpret prompts.

PromptTTS [28] utilizes a BERT-based style encoder to extract semantic representations from text
prompts, conditioning a FastSpeech 2-based non-autoregressive acoustic model for mel-spectrogram gen-
eration, paired with a HiFi-GAN vocoder for waveform synthesis. Its successor, PromptTTS 2 [27], inte-
grates LLMs for enhanced prompt understanding and a diffusion-based variation network to model diverse
emotional styles, improving expressiveness and voice variability. InstructTTS [17] employs a VQ-VAE to
discretize speech into latent codes, using a diffusion transformer to align text prompts with these codes,
enabling fine-grained emotional control via a BERT-like approach, and a RoBERTa encoder for instruction
processing. CosyVoice [6] combines an LLM to enable fine-grained freestyle natural language emotion
control, using Qwen2.5-0.5B as its backbone with supervised semantic tokens, feeding into a non-autore-
gressive transformer decoder for multilingual zero-shot synthesis, with a style encoder for prompt-driven
emotion control.

These systems demonstrate the field’s convergence toward transformer-based architectures for interpret-
ing emotional descriptions. However, challenges around prompt ambiguity and computational complexity
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persist. Yet, translating natural language emotion descriptions to consistent acoustic realizations remains
challenging due to the inherent subjectivity in emotional expressions and data availability for a prompt-to-
style alignment system.

Quality Evaluation

Evaluating emotional TTS systems requires assessing both synthesis quality and emotional appropriate-
ness, presenting unique challenges compared to neutral TTS evaluation.

Objective Metrics

Mel Cepstral Distortion (MCD) quantifies the spectral distance between synthesized and reference emo-
tional speech [34]. Better speech synthesis quality is shown by a lower MCD value, which also indicates a
higher resemblance between the reference and synthetic speech. Good quality is often indicated by an MCD
value less than 4; however, substantial distortion may be indicated by values greater than 6. It can be calcu-
lated using the following formula:

where c 2" and ¢/ are the i-th mel cepstral coefficient (MCC) of generated and reference speech, respectively,
and M is the total number of MCCs. While widely used and applicable in reference-based systems, MCD
may not capture perceptually important emotional characteristics.

As pitch level is vastly impacted by emotional state, Gross Pitch Error (GPE) is considered for expres-
sive TTS [5]. It determines the proportion of voiced frames with a pitch deviation of greater than a specific
threshold (often 20%) [1]. Emotion and style classifiers and speech emotion recognition (SER) models are
widely used to measure classification accuracy, reflecting the efficiency of the proposed model in generating
emotional speech [5]. It is worth mentioning that this evaluation relies on appropriate SER method selec-
tion.

Cosine similarity between emotional embeddings quantifies how similar the synthesized and reference
speech is in terms of emotional expression [34]. It can be used to evaluate emotion-controllable TTS meth-
ods, where higher values indicate better emotional similarity. Emotional embeddings can be extracted using
pre-trained emotion recognition models, such as x-vector-based systems trained on emotional speech data-
sets, to quantify how well the synthesized speech matches the intended emotional expression of the refer-
ence audio.

The Word Error Rate (WER) [34] is used to ensure intelligibility. By calculating the amount of transcrip-
tion errors, it measures the difference between the reference transcript and the recognized transcript. WER
is calculated as follows:

where W is the number of wrong words in place of the correct word, M is the number of missed words, E is
the number of extra words added, and N is the total number of words in the reference transcript. However,
this metric is highly dependent on the choice of transcription method.

Subjective metrics

The most widely used subjective statistic is the Mean Opinion Score (MOS) [34]. On a scale of 1 to 5,
listeners judge many characteristics of synthesized speech, including naturalness and expressiveness [10],
and the result is the average of these scores. Higher ratings denote higher quality. Although MOS is costly
for extensive assessments, it successfully captures the human perspective [34]. Two TTS audio samples are
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compared for relative quality differences using the Comparison Mean Opinion Score (CMOS) [5]. After
hearing paired samples, participants score their preference on a scale, which usually includes both negative
and positive values (e.g., from -3 to 3) [34], and then it is averaged as in MOS.

Various researchers have employed these metrics in various ways to evaluate expressivity-related char-
acteristics. Specifically, the metrics have been tested on audio samples that encompass diverse emotional
expressions, distinct speaking mannerisms, and different degrees of intensity [5]. Additionally, these sam-
ples span multiple speech synthesis contexts, including scenarios involving parallel versus non-parallel
style conversion, as well as familiar versus unfamiliar speaking styles and voices.

Discussion

Emotional TTS systems pose considerable technological problems in terms of feature disentanglement
and representation, making it difficult to distinguish emotional aspects from other speech features such as
speaker identification or linguistic content. This can, however, be handled using specialized disentangle-
ment architectures or adversarial training strategies that expressly require the separation of emotional and
speaker-specific information. Development of interpretable latent space manipulation techniques and con-
trollable generation methods using semantic emotion embeddings could potentially improve fine-grained
control and interpretability.

Evaluation metrics lack objectivity and standardization, making it difficult to compare different ap-
proaches or accurately measure progress across studies, an issue which cannot be fully eliminated. The
significant gap in generating computationally efficient models can be bridged using knowledge distillation
approaches, in which lightweight student models learn from bigger teacher networks, or architectural im-
provements such as separable convolutions and parameter sharing algorithms.

Low-resource languages face even greater obstacles due to minimal emotional speech data availability,
though cross-lingual transfer learning and multilingual pre-training approaches offer promising solutions to
explore. Given the daunting challenge of building comprehensive emotional speech datasets spanning di-
verse emotions, styles, speakers, and languages, data augmentation and knowledge transfer techniques be-
come essential for addressing data scarcity in expressive speech synthesis.

These challenges collectively limit practical deployment, but the convergence of these solution strate-
gies creates opportunities for researchers to make meaningful contributions that advance multiple aspects of
emotional TTS simultaneously.

Conclusion

The swift progressions in emotional text-to-speech (TTS) synthesis have transitioned from rudimentary
concatenative methodologies to sophisticated neural architectures capable of generating emotionally reso-
nant and high fidelity speech. This evolution has been significantly propelled by deep learning, which en-
ables intricate management of emotional tone and stylistic variation.

In contemporary systems, transformer-based and diffusion-based architectures are increasingly preva-
lent. Transformers facilitate adjustable synthesis and parallel generation, while diffusion models employ
iterative refinement to enhance quality. The previously utilized fixed emotive tags have been refined by
reference-based and prompt-driven control mechanisms, and the incorporation of LLMs has created novel
strategies for adaptable, and user-centric interaction.

Notwithstanding these advancements, several challenges persist. It remains an obstacle to disentangling
emotion from speaker identification and content. The acquisition of high-quality emotional data continues
to be a daunting endeavor, particularly within low-resource languages, and the lack of standardized evalua-
tion leads to inconsistencies in comparative analyses.
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CYYACHI IIAXOAN 1O KOHTPOJIBOBAHOT' O
CHUHTE3Y EMOLIMHOTO MOBJIEHHS

Y emammi npedcmasneno komniekcHul 02140 Cy4aACHUX MEXHONO02IU KEPOBAHUX CUCIEM O eMOYITIHO-
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MEXHONO02IAMU MA MEMOOAMU eMOYIIHO20 KOHMPOMo. Buznayeno kniouosi 6UKIUKY 2ay3i, o OXONmoomy
8I00KpEeMAEHHSA MOBLEHHESUX O3HAK ma dediyum OaHux 0nsi MO8 3 oomexceHumu pecypcamu. OKkpecieHo
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A HYBRID AI MODEL FOR FINANCIAL MARKET PREDICTION

Financial time series modeling is increasingly complex due to volatility, unexpected breakouts, and the
impact of external factors, such as macroeconomic indicators, investor sentiment, company fundamentals,
and extreme shocks, like geopolitical events or market manipulations. This paper introduces a hybrid arti-
ficial intelligence framework that integrates traditional statistical methods, machine learning models, and
Bayesian neural networks (BNNs) to improve predictive performance and uncertainty quantification in fi-
nancial forecasting. The model leverages a variety of engineered features, including rolling statistics, tech-
nical indicators, anomaly scores, interpolated macroeconomic data, and transformer-based sentiment
scores.

A complete ablation study compares various architectures, including ARIMA, SARIMA, MLR, SNN, and
BNN, across multiple prediction windows (1, 3, 5 days) and feature combinations. Results show that while
linear models yield the lowest MSE for short-term predictions, they fail to capture non-linear dependencies
and uncertainty. In contrast, BNNs offer more reliable mid-term predictions by estimating predictive distri-
butions. The best BNN configuration (Normal distribution, constant variation, TanH activation, 1 hidden
layer) achieved an MSE of 0.00022, confirming the advantage of uncertainty-adjusted modeling. Sentiment
analysis and anomaly detection were especially impactful when combined with macroeconomic indicators,
improving signal reliability and behavioral insight.

Our findings highlight the importance of integrating diverse data sources and accounting for predictive
uncertainty in financial applications. Additionally, the experiments revealed that compact network architec-
tures often outperform deeper ones when paired with engineered features. All experiments were systemati-
cally tracked to ensure reproducibility and facilitate future model benchmarking.

Keywords: probability theory, Bayesian neural networks, financial analysis, uncertainty quantification,
anomaly detection, time-series forecasting.

Introduction

In this study, we conduct an ablation analysis to evaluate how different model architectures and feature
sets impact financial time series prediction. The objective is to better understand the contributions of various
components under real-world financial uncertainty.

We experiment with two key assumptions:

1. Modeling uncertainty improves prediction robustness — by comparing Bayesian Neural Networks with
traditional models, we explore how estimating predictive distributions, including location and scale,
enhances forecast reliability.

2. Behavioral signals embedded in sentiment data are predictive — by integrating sentiment analysis ex-
tracted from Twitter using transformer models, we assess whether these features improve financial fore-
casts.

Methods

Feature engineering. We developed a diverse feature set grouped into: market data, macroeconomic
indicators, technical features, datetime variables, and anomaly sentiment signals. For baseline data: raw
OHLCYV was used, where prices were adjusted for stock splits. Macroeconomic Indicators were parsed from
Federal Reserve Economic Data(FRED) database and included variables such as CPI, GDP, and Unemploy-
ment Rate, interpolated to daily frequency, We focused heavily on extra features: Technical indicators
(SMA, EMA, RSI), anomaly scores (IQR and Isolation Forest), sentiment signals, datetime features. Each
feature type was normalized and merged into a comprehensive dataset with a unified target — Close Price
Daily Return.

© M. Voitishyn, D. Kuzmenko, 2025
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Anomaly detection. Continuous anomaly scores were computed using the Isolation Forest algorithm,
which isolates outliers by random partitioning data. Discrete anomaly scores detect unusual market behav-
ior using interquartile range (IQR) filtering.

Sentiment extraction. Sentiment scores were derived from Twitter financial text sources and incorpo-
rated as predictive features. These scores provide insights into market psychology, capturing reactions to
news, earnings, or macroeconomic developments, and offer a complementary perspective to purely nu-
merical indicators.

Figure 1. Sentiment Extraction Flowchart

Based on the sentiment extraction flow chart above, the following example, generated using an OpenAl
Assistant, illustrates how social media sentiment was quantified and integrated into the forecasting pipeline:

“On November 5, 2015, Nvidia (ticker: NVDA) experienced a notable price jump, which coincided with
a surge in Twitter activity. The sentiment on social media was mixed, with many users expressing excitement
over Nvidia's strong earnings report and its advancements in gaming and Al technologies. This generated
a wave of optimism among investors. At the same time, some users voiced concerns about market volatility
and potential overvaluation, reflecting a degree of skepticism.”

To quantify this sentiment, the tweet content was processed by a specialized transformer model named
FitTwitterRoberta. The model outputs the following sentiment probabilities: positive: 0.9345, neutral:
0.0608, and negative: 0.0047. This resulted in a strong positive sentiment signal for this data point, which
served as a valuable input for the main forecasting model.

Model tracking. To ensure reproducibility and efficient experiment management, we have implemented
an MLflow Tracking Server to log and monitor all modeling experiments. The setup captures key details,
including model configurations, training and validation losses, evaluation metrics, and other relevant pa-
rameters throughout the experimentation process.

Experiments

We compared several model architectures across different prediction horizons of 1, 3, and 5 days. The
models included ARIMA and SARIMA as baseline statistical approaches to begin with, then Multiple Lin-
ear Regression (MLR) as a linear baseline suitable for structured inputs, SNN as the deep learning baseline,
and BNNs, which are particularly promising for modeling uncertainty. These comparisons were conducted
on five semiconductor stock assets.

The experimental setup involved seven types of processed data and a total of 87 engineered features.
Each of the five model architectures was evaluated with different configurations across three types of pre-
dictive tasks.

Within the BNN framework specifically, we tested variations in distributional assumptions (Normal vs.
Student’s-t) as well as output configurations, comparing models that estimate only the meaning with those
that estimate both the mean and scale parameters. In addition to these core variations, we explored different
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hidden layer complexities, allowing us to assess the effect of model capacity on predictive performance and
uncertainty quantification. We also experimented with different prior distributions over weights to evaluate
their influence on posterior estimates. Furthermore, we tested multiple activation functions — including
ReLU and TanH.

To evaluate the contribution of various data sources, features were grouped and tested incrementally.
The experiments began with a baseline feature set, then progressively incorporated macroeconomic indica-
tors, and finally included additional external signals, allowing us to assess the marginal impact of each
feature group on model performance.

Results

The results show that linear models without non-linear transformations and using all features (Baseline
& Macro & Extra) perform the best, especially for short-term 1-day forecasts, the lowest test MSE is 2.46e-05.
In contrast, adding non-linear transformations leads to huge overfitting, with test MSEs exploding.

Table 1. MLR Results with an emphasis on insightful findings

MLR_INTC model configuration Features MSE
non-linear transformation: False, target: 1 day Baseline + Macro + Extra 2.46e-05
non-linear transformation: False, target: 3 days Baseline + Macro + Extra 9.94¢-05
non-linear transformation: False, target: 1 day Baseline 1.15e-04
non-linear transformation: True, target: 1 day Baseline + Macro + Extra 2998.1

The simple neural network results show consistent performance across different feature sets and hori-
zons, with the best test MSE of 0.000167 observed for the 3-day forecast using only baseline features. In-
terestingly, adding macro and extra features slightly increased test MSE.

Table 2. SNN Results with an emphasis on insightful findings

SNN_INTC model configuration Features MSE
activation layer: TanH, hidden neurons: 1, target: 3 days Baseline 0.000167
activation layer: TanH, hidden neurons: 1, target: 3 days Baseline + Macro + Extra 0.000168
activation layer: TanH, hidden neurons: 1, target: 5 days Baseline + Macro + Extra 0.000169
activation layer: TanH, hidden neurons: 1, target: 1 day Baseline + Macro + Extra 0.000179

Focusing on BNN experiments, we have extracted several key insights. Firstly, there is no consistent
evidence that the Student’s-t distribution, often expected to handle financial return outliers more robustly,
outperforms the Normal distribution across different configurations. While the Student’s-t models demon-
strated higher robustness in some setups, they also showed greater variance in performance, particularly
when both location and scale parameters are estimated.

The best-performing models were based on the Normal distribution estimating only the location param-
eter. Notably, the top result MSE of 0.00022 was achieved with a Normal(loc) setup using the TanH activa-
tion function, a minimal architecture (1 hidden neuron, 3-day prediction window), and the full feature set
including macroeconomic and extra variables.

Table 3. BNN Results with an emphasis on insightful findings

BNN_INTC model configuration Features MSE
Normal(loc,scale), activation layer: ReLU, hidden neurons: 9, target: 3 days Baseline 0.0008
Normal(loc,scale), activation layer: TanH, hidden neurons: 9, target: 1 day Baseline 0.00090

Normal (loc, scale = const), activation layer: ReLU, hidden neurons: 1, target: 3 days | Baseline + Macro + Extra | 0.00023
Normal(loc,scale=const), activation layer: TanH, hidden neurons: 1, target: 3 days Baseline + Macro + Extra | 0.00022
Student’s-t(df=4, loc, scale), activation layer: ReLU, hidden neurons: 9, target: 5 days | Baseline + Macro + Extra | 0.00145
Student’s-t(df=4,loc, scale), activation layer: TanH, hidden neurons: 9, target: 1 day |Baseline + Macro + Extra [ 0.00121

Student’s-t(df=4, loc, scale = const), activation layer: ReLU, hidden neurons: Baseline + Macro + Extra [ 0.00029
1, target: 5 days
Student’s-t(df=4, loc, scale = const), activation layer: TanH, hidden neurons: Baseline + Macro + Extra | 0.0036

1, target: 3 days




M. Voitishyn, D. Kuzmenko. A Hybrid Al Model for Financial Market Prediction 41

Regarding activation functions, TanH showed slightly better performance in several configurations com-
pared to ReLU, especially in smaller models. However, the advantage was not universal. Lastly, increasing
hidden neuron complexity did not guarantee improved performance. Smaller models often achieved better
results, emphasizing the importance of architectural simplicity in combination with rich features for finan-
cial time series forecasting.

The plot below corresponds to a BNN where both the location (mean) and scale (variance) parameters
are estimated. As a result, the model not only forecasts the expected return but also adjusts its level of un-
certainty dynamically, depending on the volatility of the input data. This behavior is particularly valuable in
financial contexts where risk varies across time.

Figure 2. Ground Truth vs. Predicted Return and Uncertainty Estimation with MLFlow

Conclusion

While the MLR model achieved the lowest MSE of 2.46e-05, this result holds limited value when
compared with other models in the ablation study, as the model itself lacks the capacity to capture the non-
linear dynamics present in real-world financial data. Therefore, despite its slightly higher MSE of 0.00022,
the BNN is more reliable for real-world financial forecasting tasks, validating the first assumption that ac-
counting for uncertainty offers more robust predictive performance. Moreover, both SNN and BNN returned
their best results when all three feature sets — baseline, macroeconomic, and extra features — were in-
cluded with a target window of 3 days. This clearly supports the second assumption, confirming that the
feature engineering pipeline we developed significantly enhances model performance.

Table 4. Best results over all architectures

Model configuration Features MSE
Linear regression, scaled: True, nonlinear: False, target: 1 day | Baseline + Macro + Extra 2.46e-05
Simple Neural Network: scaled: True, target: 3 days Baseline + Macro + Extra 0.000168
Bayesian Neural Network: scaled: True, Normal (loc, Baseline + Macro + Extra 0.00022
scale=const), TanH, target: 3 days
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PO3POBKA I'lBPUJIHOI MOJAEJI IITYYHOI'O IHTEJEKTY
JJISA IPOTHO3YBAHHSA ®IHAHCOBUX PUHKIB

Y cmammi docridoceno moocaueocmi 2iOpudHo2o nioxody 00 NPOSHO3VEAHHA (DIHAHCOBUX PUHKIG i3
3ACMOCYBAHHAM Memo0die wmyunoeo inmenexmy. OCHOBHY V8acy NpuodileHo aHanizy 6Nauey PisHUX apxi-
mexmyp mooeneli ma Habopie 03HAK HA AKICb NPOSHO3Y8AHHA 4ACO8UX pAdie Y pinancosomy cepedosuiyi
3 BUCOKOIO HEBU3HAUEHICTIO. 3aNPONOHOBAHO NOEOHAHHS MPAOUYTTHUX CIAMUCTIUYHUX MOoOeell, NPOCMUX
HeUpOHHUX Mepedic ma DAECIBCLKUX HEUPOHHUX MePedc 0Nl MOOETIOBAHHS K NPOZHO3HO20 3HAYEHHS, MAK
i macuimabnoi nesusnawenocmi. Ocobnugy ysaey npuoileHo iHdceHepii 03HAK, 30Kpema iHmespayii MaKkpo-
EKOHOMIUHUX THOUKAMOPIG, MEXHIYHUX NOKAZHUKIB, A MAKONC NOBEOIHKOBUX CUSHANI8 HA OCHOGI AHANI3y
Hacmpois 3 Twitter. Pe3ynvsmamu eKcnepumenmise nokazynomy, Wo Xoua JiHIUHI MOOei 00CA2aiomsb HAlMeH-
woi' cepednHboOK8a0paAmMuUiHOi NOMUTIKU, came OAECIBCHLKI HellpOHHT Mepedici 3abe3neyyioms HaAdIUHII npo-
2HO3U 3A80KU 8PAXYBAHHIO HEBUZHAYEHOCMI. AHANI3 NIOMBEPOICYE eheKMUBHICIMb HAWLOT IHIICEeHePiT 03HAK
ma 0eMOHCMpPY€E NOMEHYIAN NOEOHAHHS KIMbKICHUX [ AKICHUX OAHUX Y (DIHAHCOBOMY NPOSHO3VBAHHI.

Kuro4oBi ciioBa: MporHo3yBaHHS YacoBUX PsAiB, Oa€ciBCbKi HEHMpPOHHI Mepexi, (iHAaHCOBUU aHai3,
HEBH3HAUYEHICTh, MONTYK aHOMaJTii, aHaJIi3 HACTPOIB.

Mamepian naoiiiwos 31.05.2025
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3ACTOCYBAHHSA I'PA®OBUX BA3 JTAHUX I EXPLAINABLE Al
Y CTBOPEHHI PEKOMEHJAIIHHOI CUCTEMH
3 TIBPUJJHUM CIIOCOBOM ®LIbTPAIII

Y 0ocnidocenni onucano nobyoogy pexomenoayiiinoi cucmemu 3 2iOpuoOHUM cnocobom Gitempayii, wjo
BUKOPUCTNOBYE 2emepocenHi epaghosi cmpykmypu, Helponui mepesci ma Explainable Al 3apadu niosuuen-
Hs nepconanizayii ma nposopocmi piutens. basosa memooonozisa onmumizayii pekomeHOayil IPyHmy€emobcs
Ha CYYACHUX Memooax MAUWUHHO2O HAGYAHH, SKI 30amHi epeKmueHo MOOen08amu 3a1eHCHOCHI Midc
00 ’ekmamu. [Ipeomemna obracmo 3a0aui OXONIIOE MYTbMUMEOIUHI peKoMeHOayii, 30cepediceti Ha nepco-
Hanizosanomy nioxodi. Ilpedcmasiena apximekmypa cucmemu 0ae MONCIUBICHb eeKmusHo obpooasmu
MHOJICUHY Y316 PIZHUX MUNi6 i 36 °A3Ki6 (HAOIp 63a€MOOil, HANENHCHICMb eleMeHmi8 00 HCAHPY, NoOiO-
HiCMb), WO 8I000PANCAIOMb KOMIILEKCHI O3HAKU NOBEOTHKOBUX | KOHMEKCIYAIbHUX OAHUX.

Pesynomamu excnepumenmanbHo20 mecmy8anus niomeepouny eqhexmusHicms 3anponoHo8aH02o nio-
X00y: cucmema O0eMOHCMPYE BUCOKI NOKA3HUKU NePCOHANi3ayii, HOBUSHU peKOMeHOayill ma 30amHoCcmi
BUABISIMU NOOIOHUX KOPUCHTYBAYIE.

KurouoBi ciioBa: pekoMenalliiiHa cuctema; rpadoBa HEHpOHHA MEpeXka; reTeporeHHNH rpad; riopua-
Ha (GUIBTpallis; MyJIFTHMOJIATBHI JaHi; epconarnizaitis; Explainable Al; Neo4j; Python.

Beryn

VY cydacHoMy iH(OpMaifHOMY IpOCTOpi 0OCAT IN(POBOTO KOHTEHTY IIOCTIHHO 3pOCTAE, 110 OHOYaC-
HO 1 CHIPOIIyE, 1 YCKIIaTHIOE ISl KOPUCTYBadiB MpOIeC MOMIYKY IikaBol Ta KOPUCHOI iHpopMarii, 30kpema
Y BUIISTI KHIDKOK, irop, (iTeMIB 1 0e37idi iHITNX MyJIBTUMEIIHHNX 00’ €KTiB. 3 Oy Ha ¢ peKOMEH/Ia-
uiiiHi cucremu (mani — PC) maroTh HeaOusKe 3HAUYSHHSI JUI OTPUMAaHHS PEJICBaHTHOTO KOHTCHTY B IPOIIe-
ci B3aemonii 3 indopmarniitanmu rardpopmamu. Le nocmimkenns cripsmopane Ha ctBopenHs PC i3 ribpua-
HUM CII0CO00M (iNbTpariii, 3aIydeHHIM reTepOreHHUX IpadoBUX CTPYKTYp i miaxoniB Explainable Al mis
MOKPAIICHHS TIePCOHANI3aMii HaJaHuX Opa.

3a3Buvail moiOHI CUCTEMHU CTUKAIOTHCS 3 HU3KOI0 OOMEXKEHb, 30KpeMa MOB’ sI3aHMX 13 KIIACHYHUMH TTij1-
Xo1aMu y (GopMi KoabopaTUBHOI 1 KOHTEHTHOI (PifbTpallii, BiICYTHICTIO MTPO30POCTI Y MPUHHATHX PilllcH-
HSX 1 By3bKUM CIIEKTPOM MYJIBTUMOJAIBHUX O3HAK.

Otxe, OCHOBHOIO METOIO Ii€l poOOTH € Mo0ynoBa TaKkoi apXiTeKTypH, sika O HagaBalla MOXIIHBICT 3a-
CTOCOBYBATH €(EKTUBHUH 1 OIIBII PO3MUPEHIH MiAXiA U TOCATHEHH IIepCOHaIi3amii i po30pocCTi peKo-
MeHalil. 3anpornoHoBaHe y Iiil cTaTTi NporpaMHe pillleHHs BPaXxoBy€e MYJIBTUMO/AIbHI 03HAKH, 00’ €JHYE
aTpuOyTHBHY Ta MOBEIIHKOBY iH(OPMAIIiI0, a TAKOXK OOTPYHTOBYE IPHUMHOBI 3B’ SI3KM 00paHIX PEeKOMEH A~
i, OPIEHTYIOUHCH Ha peaibHi MaTepHU KOPUCTYyBaya.

AHaJi3 cy4acHUX MixXoaiB

Haitnmommpeninmmu napagurmamu PC e xomaboparuBHa ¢insrparis (CF) i xkoHTeHTHa (inmbrpariis
(CBF), omHak iXHE BIPOBaPKEHHS JTyXKe 3aJIeKUTh Bl CTPYKTYPH 1 THIIB JaHWX IUIsl KOHTEHTY [2]. Jlns
MEPIIOro TUITYy 3HAYHOIO BPA3JIUBICTIO € MPOOJIeMa «XOJOAHOTO CTapTy» 3a HAIBHOCTI BY3bKOTO CIIEKTpPa
MOYATKOBHUX NAHMX; IS JPYTOTO K 3HAYHIM BUKJIMKOM € CKIaTHICTh JaHUX Y (POPMi MYJIBTUMOAAIBHOCTI
Ta Pi3HOMaHITHOCT] TUIIIB KOHTCHTY, TOJI SK 1HTErpallis riOpuaHOro crocody Ja€ MOXKIMBICTH BUKOPHUCTO-
BYBaTH OOMJIBA ITiIXOH OHOYACHO [12].

Taxoxx citiji 3a3HaYMTH, [0 3aMPOBAKEHHS TaKOi T1I0pUIHOT apXiTEeKTypH YacTo MiIKPIiIIEHO BUKOPHC-
TaHHAM I'paOBUX CTPYKTYP | HEHPOHHUX MEPEXK JUTI MOICITIOBAHHS 3B’ I3KiB MK 00’ €KTaMH PI3HUX THUIIIB.
Takum yrHOM, TTOOYZOBaHa MPOrpaMHa peajizalis BinoOpakae KOMIUIEKCHI O3HAKU TOBEAIHKOBHX 1 KOH-
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TEKCTyaJbHUX MaHUX. TaKkoX CIiJ CKa3aTH, IO BIPOBADKCHHS W 3aCTOCYBaHHS TaKUX MOZEJICH, SK
GraphSAGE, 3a6e3neuye iHIyKTUBHE HABYaHHS 3 BUCOKOIO 3AaTHICTIO JI0 y3arajJbHEHHS [5].

Kpim TOTO, 31 CTPIMKHUM PO3BUTKOM TEXHOJIOTIH yce OUIBII0I aKTyaJIbHOCTI HaOyBatOTh IHTETPpaIlii KOM-
noneHTiB Explainable Al (XAI) 1o Takoro pomy moaeneil. Uepes apXiTEeKTypy «40pHOT CKPUHBKIY B3a€MO-
3B 30K MK PE3yJIETATOM 1 CHCTEMOIO YacTo MOTpeOye MOSCHEHb, TOMY PIlIEHHS 3 TXHIM BUKOPUCTAHHSIM
JIAI0Th 3MOTY 3PO3yMITH, SIKi €IEMEHTH CTaJIH HalO1IbI BaroMumu [4].

[TopiBHSHO 3 HASSBHUMH PIlICHHSAMH, SIKi BAKOPUCTOBYIOTh JIUIIIe TEKCTOBI UM TAONWYHI O3HAKH, Y il
po0OTi cucTeMa BpaxoBye iHTEIpOBaHI BEKTOPHI O3HAKHU 3 Pi3HUX MEA1aMOAATIBHOCTENH — TEKCTOBI, Bi3y-
aJIbHI Ta )KaHPOBI O3HAKH; 3a0e31euy€e KPOC-THITOBY MOAIOHICTD (HAITPHUKIIA, KHUXKH, MOIIOHI 0 (iTbMiB
3a )KaHpOBHUM Mpodinem); 00’ eTHy€e TOBEAIHKOBI B3a€MO/I1, TOMOBHEHI aTpuOyTaMu 00’ €KTiB; BAKOPUCTO-
By€ nosicHeHHs XAl Ju1s TiABUIEHHSI TOBIpH IO PEKOMEHIAITIH.

ApxiTekTypa rpa¢oBoi cucreMu

B ocHoBI apxiTekTypH JexxuTh rereporennuii rpad G=(V, E), y axoMy By3:u i pedpa MaroTh pi3Hi THIIN
i kateropii. Taka cTpyKTypa Jia€ 3MOTy OIHOYACHO MOJICITIOBATH MOEAHAHHS PI3HOPIMHUX 00’ €KTIB 1 IXHIX
Bi/IHOIIICHB, [0 € OCHOBHOIO CKJIaIOBOIO JIJIsl PEKOMEHIAIIMHUX 33/1a4 Y CKJIaIHOMY MeaiacepeaoBuili [4].
[IpenqmeTHa 00NaCTh TIEPCOHATI30BAHUX PEKOMEHIAIIN MYJIBTHMEIIHOTO KOHTEHTY OXOIUTIOE TaKi THUITU
pecypciB, K KHIDKKH, GinbMuU Ta Bineoirpu. BoHa xapakTepu3yeThCsl BUCOKOIO PI3HOPIAHICTIO 00’ €KTIB,
MHOXXHHHHAM BHOOPOM B3a€MO/IiH 1 MOTpeOoIo B MTMOOKIM TIepCOHaI3aIlil pe3ybTaTiB.

MHoxuHa By31iB V AJIs IBOTO JOCHIKEHHS 0XoIutoe kopuctyBauiB (User), kHkku (Book), dinbmu
(Movie), irpu (Game) Ta xanpu (Genre). MHoxkuHa peOp E ommcye Taki 3B’3KH: HAJICKHICTh Meiaeie-
MEHTY JI0 [IEBHOTO KaHpPy, B3a€EMOJIisl KOPUCTYBaYiB 3 00’ €KTamH (Mepervisi, OlliHKa, IrHOPYBaHHS, KyIiBIIA),
a TAKOX 3aJIEKHOCTI IMOXI0HOCTI.

OTxe, KOXKEH THII By3J1a Ta 3B A3Ky Ma€ OKpeMy CEMaHTHKY Y (hopMi TUITI30BaHUX O3HAK, BiMIOBITHO 10
MOJIEITi TeTEPOTEHHUX TpadiB.

Ha6ip nanux

Byno cdopmoBano cunTeTHYHMI HAOip AaHUX, MPOTE 3 PEANICTHYHHMH IMOKA3HUKAMHU, KU MICTHTh
00’€KTH TPHOX JOMEHIB, a TAKOXK IMTYYHO 3reHEPOBaHY MOS0 KOPUCTYBadiB 13 CHMYJIbOBaHOI) ITOBE-
niHkoro. JlaHi s KHHKOK Oyio orpumano 3a gonomoroto API Google Books [3], e i koxKHOTO skaHpy
BKa3aHO KOH(]Iryparlii HaJIe)KHOCTI caMme JI0 THUIYy KHI)KOK, OCKUIBKM KaTeropH3ailis BiJIIOBiJae came To-
yaTKoBOMY THITy 00’ exTa. s irop Oyno Bukopucrano APl RAWG [9], sixe Hamae noctyn 10 Benukoi 6a3u
JIaHHUX iTpoBOIO Kiacuikarieto, a 1 pinmbmiB — cepsic RapidAPI 3 API Advanced Search [1], 3a gono-
MOTOI0 SIKHX aHAJOTIYHO N0 MomepenHix BigOyBaBcs mpouec Kiacugikalii 3a >KaHPOBOI HaJIEXKHICTIO.
KoxHomy TrIry 00’ €kTa My 30eperiin HaOip aTpuOyTiB, SIKUI CKIIQIa€ThCsI 3 YHIKAILHOTO 1IeHTH(IKaTopa,
Ha3BH, KAHPY, KOPOTKOTO OIHKCY Ta MOCWIAHHS J0 BiIIOBIIHOTO 300pakKeHHS.

Kopucrtysaui 0yiio CTBOPEHO SIK HE3aJIC)KHUX areHTHUX CYTHOCTEH 13 BiIMOBITHUMH aTpUOyTaMH BiKY
(15-65 pokiB), cTari, po3TallyBaHH:, JaTH peecTpalii Ha BU3HAYCHOMY MPOMDKKY W piBHS aKTHBHOCTI,
SIKUE 00paxoBY€EThCS SK BITHOMIEHHS KUTLKOCTI TIPUKJIAJIIB B3aEMOJIIT 3 MOMEHTY peecTpallii gorernep (Hop-
MoBaHui koediuieHT). Yei 1000 cyTHOCTEH Oynu BiAMiueH] YHIKaIbHUMU ieHTU(dIKaTOpaMu i iMiTaril
reTepOreHHOT TOMYJIAIIT 3 PI3HUMH CTHIISIMH CIIOXKMBAHHS KOHTESHTY. 32 TIOBEAIHKOBI 3B’ SI3KH BiJIIOBIIAIOTh
pebpa, THUMI30BaH1 3a TUIIAMH B3a€MOIiH, 3ralanuX 10 11b0ro. KiTbKicTh TakuX B3aEMOJil Oyio 3reHepoBa-
HO TIPOTIOPITIIHO JIO PiBHS aKTHBHOCTI KOXKHOTO KOPHCTYBaya.

VYci 310paHi gaHi HOpMaJi3yBajucs JJi BUKOPUCTAHHS €IMHOTO KJlacy aHpy Ta BiJIOBIIHOTO YHiBEp-
CaAJIBHOTO 3B’s3KY. 30eperkeHi 00’ €KTH IHTErpyBaucs 10 rpadoBoi 6a3u qanux Neodj.

BekTopHi penpe3enraitii Ta MaTpuni nogioHocTi

Jlns mpeacTaBiaeHHS 00’€KTiB BHKOPHUCTAHO MYJBTHMOIAIbHI €MOEMIHTH, Ki (OPMYIOTBCS IIISTXOM
MO€THAHHS TEKCTOBHX, Bi3yalbHUX 1 )KaHPOBHX 03HaK. /7151 mOOYI0BH BEKTOPHUX MOJJaHb CJIOBECHHUX MaTe-
piamiB Meniao0’exTiB Oyino BHKOpucTaHo Moxenb Sentence-BERT, mio BimoOpakae TEKCTOBI omucH
y BEKTOPHHIA TPOCTip crajoi po3mipHocti [10]. 3a sxaHpoBUMHU MiTKaMu Oyino 30y70BaHO one-hot penpe-
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3eHTAallil, SIKi JO3BOJIAIOTH CTBOPIOBATH HAJICKHICTH JIO KOHKPETHOTO HaOOpy kaHpiB. [ BizyaabHHX
IpUB’sI30K OyJI0 BUKOPUCTAHO MOMEpeHbO HaBueHY Mojiesib ResNet-50 3 00pobneHHsIM poTogaHuX y KOH-
TEKCTI MacIITabyBaHHs 1 HopMaizalii. OOpoOIeHHS BUKOHYEThCS JJIs1 KOKHOTO THITY Mezia okpeMo. dop-
MYBaHHsI BEKTOPIB JUIl KOPUCTYBauiB IPYHTY€EThCSI HA METAAAHUX, TOMY JUIS YUCIOBUX 3MiHHHX 3aCTOCOBA-
HO CTaHJIapTH3allilo, a T KaTeropiaibHuX — one-hot.

Ha miif 0cHOBI 00YMCIIOIOTECSI MAaTPHII KOCHHYCHOI HMOAIOHOCTI 3 MOJANbIINM (OPMYBAaHHIM CHUMeE-
TpUYHUX rpadoBuX BiaHOIIEHB. TOMI UIsI KOXKHOTO 3 THITIB Mellia po3paxoByeThes top-k (y mbomy BHIIAI-
Ky 5) HalO11b I TOAIOHUX 00’ €KTIB 32 KOCHHYCHOIO BiJICTAHHIO Mixk eMOeliHraMu. OLiHIOETCS MIDKTHUITOBA
JKaHPOBa MOIOHICTh 3a one-hot penpe3eHTalli MU KaHPIB, Ie CXOXKICTh BHIIE, HIXk 3a1aHui nopir. Ha oc-
HOBI iH(opMarii mpo kopucTyBauiB OyayeThes top-k (y I[bOMY BHNAAKY 5) HaHOMIDKINX KOPUCTYBAUiB IS
KONaOOpaTHBHUX pPEKOMEHAAId. Yci OOYMCIICHI BIIHOMIEHHS IMIIOPTYIOTBCA 10 rpadoBoi 0asu JaHHX
Neo4j 3 BiAmoBiAHUMHU BaroBuMH koedirieHtamu. [Ipukinaay 3anuTiB jisl HAOUHOI IEMOHCTpaIlii 3B’ A3KiB
y rpadoBii CTPYKTYpi nogaHo Ha puc. 11 2.

Puc. 1. Ilpuxiaz 3B’s3KiB CXOKOCTI KOPUCTYBadiB y TpadoBii cucTeMi

Puc. 2. TIpuknan 38’ 3KiB MDDKTUIIOBOT CXOXKOCTI Y TpadoBiii cuctemi

Takum yrHOM OYyI110 chopmoBano cuctemy 3 4150 By3iIiB, SIKi OMUCYIOTH 00’ €KTH Pi3HUX TUMIB 1 122 862
pebpa u1st BitoOpaXKeHHs CTOCYHKIB Mi>K HUMH.

Hapnanus pekomenaamii

Jliis ToOy10BH TIEPCOHAITI30BAaHUX PEKOMEHIAIIN MU 3acTocyBaJIM  rpadoBi HEHPOHHI Mepexi, IO Aae
MOXIJTHBICTh TOCUTh MPOCTO HABYUTU CHIUTBHUI MPOCTip MPEACTABICHb IJIs PI3HOMAHITHHX CYTHOCTEH
1 IXHIX B3aemomiii [6].

Po3pobnenuii reTeporeHHuil rpad CIyrye moyatkoM JUIs CTBOPCHHS OAMHUYHOI O3HAKH, BCI 3B’SI3KU
cepiai3yroThes Ta 00pOOIIOIOThCS 32 JormoMoror ¢peiimBopky PyTorch Geometric. ApxiTekTypa 3ampo-
MMOHOBAHOI MoJieNli epeadayae arperauito iHGpopMalii, BAKOPUCTAaHHS IBOX PiBHIB KOHBYJIIOLIHMX IapiB
1 00OpoOJNIeHHsI JIIHIHHUMY IIapaMu JUIs oO4YMCcIeHHS (QYHKIIT monioHocTi. HapyanHns tpuBae 50 ermox,
MICTUTh METOJ negative sampling i cTBOpIO€ iTepaTuBHUI MPOLIEC OHOBIICHHS Bar MIAPiB.
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Jlyis iporiecy MOSICHEHHSI pEKOMEHIAIH IO BUKOPUCTAHHSI Ii€1 MOJIeNIi BUKOPUCTOBYEThCS KJTbKA BaXK-
nuBHX etamiB. [To-neprie, A7t IPO30POCTi pe3yabTaTiB MONIYKY MOMIOHNX KOPHCTYBauiB BUKOPUCTOBY€EThCS
IPaJieHT KOCHHYCHOI MOJIOHOCTI Mi>K BEKTOPAMH CXOXKOCTI KOPUCTYBAYIB 1 iIeHTH(]IKALS TEPeTUHY TXHIX
B3aeMopiil. ['eHepalisi iHTepIPEeTOBaHUX MOSICHEHb Nepeadadae o0paxoBaHy TPAJi€EHTHY OLIHKY, CHiJbHI
nemorpadivHi aTpuOyTH Ta Iii KopucTyBadiB. [Ipukiaa nporeMOHCTPOBaHO Ha puc. 3.

Puc. 3. [Ipuknag pekoMeHIaMii CXO)KUX KOPUCTYBadiB

[Mo-npyre, mporec oOTpyHTYBaHHS peKOMEHIAIIH 00’ €KTiB BiJOYBa€ThCS IUIAXOM I'PaIi€HTHOI OLIIHKK
Ba)KJIMBOCTI 32 CYMHICTIO ITapH «KOPUCTYBad — €JIEMCHT». TaKiM YMHOM JJIsI KOKHOTO THITY BY3JIiB 00HMpa-
I0ThCSl HaHOLIBII BIUIMBOBI, IO 103BOJIsiE chOPMYBATH CIIMCOK MPENCTABHHKIB, SIKi BIAIrpaay 3HAUYILY
ponb y ¢popMyBaHHi pexkoMeHarii. [Ipukman mpoaeMoHCTpOBaHO Ha pHC. 4.

Puc. 4. [puknaa pekoMeH i MeIiacIeMEHTIB

IIporpamua peanizauis

Jis mporpamHoi peanizarii (nani — I1P) Oyno BukoprcTaHo MOBY nporpamyBanHs Python i3 3amyuen-
HSAM Takux ocHOBHHX Oi0miorek: PyTorch Geometric (amns moOynoBu rpadoBUX HEUPOHHUX Mepex), scikit-
learn, pandas (1151 KomyBaHHS 1 TIOTIEpEAHBOTO 00pOOIeHH naHux) i matplotlib (st Bizyasizaiii).

PC peanizoBaHo y (popmi MOAYIBHOTO 3aCTOCYHKY 3 OKPEMUMH KOMIIOHEHTaMH AJsl NOoOynoBH Tpada,
TpeHyBaHHsS MOjeNi, reHeparlii pekoMeHaanii, XAl-komnoHeHTamMH (TTOSCHEHHSI CXOXKOCTI KOPUCTYBauiB
1 BA)KJIMBOCTI BY3JIiB 3a IpaJlicHTHUMU XapaKTEPUCTUKAMH ), & TAKOXK T€CTYBaHHS.
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EKCHepHMeHTaJILHe TECTYBaAHHA

VY Mexax eKCIepUMEHTaJbHOIro TeCTyBaHHA Oyl10 0OpaHO HaOip HeeTalOHHUX MeTpuK (reference-free,
6e3 ground-truth) uIst OIIHKY, OCKIJIBKH CHCTEMa HE OIIEpy€ 3aBYaCHO TOTOBUMH MPABMIIEHIMH BiIHOBIIS-
MU 1715 pekoMeHaanii. Bonu mictsate Intra-List Similarity i Novelty miist OIiHKE peKOMEHIOBaHUX €JIeMEH-
tiB; User Similarity, Shared Interaction Overlap, Attribute Alignment, User Diversity amsi OI[iHKH CXOXKOCTi
KOpHCTyBadiB; a Takoxk Coverage JUIsl aHaJIi3y CIIEKTpa JOCTYITHUX PEIEBAaHTHHUX elleMeHTiB i Personalization
JUIS OIIIHKH YHIKaJIbHOCTI pekoMeHaamii [7; 8; 11].

3aranom pe3ysbTaTu eKCIIepUMEHTAIbHOIO A0CTIIKEHHS 3aCBIUMIN SKICHY 3JaTHICTh 3HAXOIUTH CXO-
HMX KOPHUCTYBAadiB 1 MPOIIOHYBATH HOB1 YHIKaJIbHI Meiao0’extu. Lle miaTBepIKy€eThCs BHCOKMMH OKA3HH-
KaM{ HOBU3HHU PEKOMEHJAlliil 1 BHYTPILIHBOI Pi3HOMaHITHOCTI ciicKiB. HopmarnizoBane oTpuMaHe 3Ha4€H-
HS CIIJIBHUX 00’ €KTIB B3a€MOJIIT MiXk IIUIbOBUMHU i TIOAIOHUMH KOPUCTYyBa4aMH, & TAaKOXK PiBEHb Pi3HOMa-
HITHOCTI CXOXHX KOPHCTYBa4iB HE 3aBXAM OyJd ONTHUMAIbHUMHM, L0 3yMOBJIEHO BEIUKUM KaTajloroM
MeianpoayKTiB MTOPIBHSIHO 3 KUTBKICTIO KOPUCTYBadiB Ta 00cAToM iXxHBOI akTHBHOCTI. [lomipHa BinnoBiza-
HICTH aTpHOYTHBHOI CXOKOCTI MK KOPHUCTyBa4aMH HAHMMOBIpHIIIE MOB’s3aHa 3 By3bKHM HAITOBHEHHSIM
MeTagaHux npodisiB, aHAIOTIYHO 0 MMOKA3HUKIB IIEPCOHATI3a].

Criz 3a3Ha4MTH, IO PE3yJbTaTH TECTYBaHHS, IOKAa3aHi Ha PHUC. 5, OKPECIIIOIOTh KIIIOYOB1 HANPsAMH TO-
JAIBIIOTO BAOCKOHAJICHHS, 30KpeMa 30araueHHs aTpruOyTHBHOI MOJIENi KOPUCTYBAYiB.

Puc. 5. Pesynbratn po6oT cucteMu

BucHoBok

VY crarTi oncaHo mporiec po3podieHHs Ti0puaHOi apxiTekTypu PC i mpoaeMoHCTpoBaHO MiaXif jao ii
noOyIoBH 13 3alTyueHHsIM rpadoBux HepoHHUX Mepex 1 Explainable Al Ilporpamua peanizauis PC npen-
cTaBieHa y (opMi 3aCTOCYHKY. 3alpOIIOHOBAHA APXITEKTypa IPOTPAMHOI CHCTEMH BKJIIOYA€ MOIYIBHY
CTPYKTYDY, fIKa TI03HAYa€ CBOT pe3yIbTaTh POOOTH Ha BiAMOBIAHUX 3alUTaX.

TecTyBaHHS OKA3aJI0 3/1aTHICTh CHCTEMH 3HAXOIUTH HOBI PEJICBAaHTHI PEKOMEH/IAIIi] 3 BUCOKHM PiBHEM
PI3HOMaHITHOCTI i TepcoHami3alii, a Takok (OpMyBaTH JIOTIYHI MOSCHEHHS Ha OCHOBI OOIPYHTOBaHUX
nopag.

Bapto 3a3HaunTH, 1110 MiJ 4ac po3poOieHHs Oy/Io BpaxoBaHO HU3KY TEXHIYHUX BHUKIIUKIB, 30KpeMa 00-
YHCITIOBAIbHY CKJIAJHICTD, BIUIUB IIyMY Y JaHUX, CKIAJHICTh MacIITa0yBaHHS rpad)OBUX MOJENCH Ta He-
00Xi7HICcTh 3po3ymisniocTi XAl-pimieHs.

VY pesynbrari 3amponoHoBaHa apxiTektypa PC gae MOXIHBICTH peallizyBaTé PO3MIMPEHHUH IiIXil 10
PEKOMEHIAITii, 3MATHUH aIaNTyBaTHCS 10 Pi3HUAX CIICHAPIiB BUKOPUCTAHHS, SIKHIH MOXKHA yI0CKOHATIOBATH
3TiJIHO 3 TIPOBEJICHUM aHATi30M.



48 e-ISNN: 2617-7323. Hayxkosi 3amucku HaYKMA. Komn ' 'totepsi Hayku. 2025. Tom 8

Cnucok nimepamypu

1. Advanced Movie Search API [Electronic resource]. — Mode of access: https://rapidapi.com/rapidapi/api/advanced-movie-search.

2. Darban Z. Z. GHRS: Graph-based Hybrid Recommendation System with Application to Movie Recommendation [Electronic resource] /
Z.Z. Darban, M. H. Valipour // Faculty of Information Technology, Monash University, Melbourne, Australia, Department of Engineer-
ing and Product, Ostadkar Company, Tehran, Iran. — 2021. — Mode of access: https://arxiv.org/pdf/2111.11293.

3. Google Books API [Electronic resource]. — Mode of access: https://developers.google.com/books.

4. Gupta S. K. Multimodal Graph-based Recommendation System using Hybrid Filtering Approach [Electronic resource] / S. K. Gupta,
A. Kumar, D. Prasad // International Journal of Computing and Digital Systems. — 2025. — Mode of access: https://doi.org/10.12785/
ijeds/1571047857.

5. Hamilton W. Inductive representation learning on large graphs [Electronic resource] / W. Hamilton, Z. Ying, J. Leskovec // NIPS. —
2017. — Mode of access: https://arxiv.org/pdf/1706.02216.

6. Hu W. Open Graph Benchmark: Datasets for Machine Learning on Graphs [Electronic resource] / W. Hu et al. NeurIPS, 2020. — Mode
of access: https://arxiv.org/pdf/2005.00687.

7. Jesse M. W. Intra-list similarity and human diversity perceptions of recommendations: the details matter [Electronic resource] /
M. W. Jesse, C. Bauer, D. Jannach // User Modeling and User-Adapted Interaction. — 2022. — Vol. 33 (5). — Mode of access: https://
doi.org/10.1007/s11257-022-09351-w.

8. Liu H. A new user similarity model to improve the accuracy of collaborative filtering [Electronic resource] / H. Liu, Z. Hu, A. U. Mian //
Knowledge-Based Systems. — 2014. — Vol. 56 (6). — Pp. 156-166. — Mode of access: https://doi.org/10.1016/j.knosys.2013.11.006.

9. RAWG Video Games Database API [Electronic resource]. — Mode of access: https://rawg.io/apidocs.

10. Reimers N. Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks [Electronic resource] / N. Reimers, 1. Gurevych //
Proceedings of EMNLP-IJCNLP. — 2019. — Mode of access: https://aclanthology.org/D19-1410/.

11. Vargas S. Rank and Relevance in Novelty and Diversity Metrics for Recommender Systems [Electronic resource] / S. Vargas, P. Cas-
tells / Proceedings of the 2011 ACM Conference on Recommender Systems (RecSys 2011), Chicago, IL, USA, October 23-27,2011. —
Mode of access: https://doi.org/10.1145/2043932.2043955.

12. Wu L. A survey on neural recommendation: From collaborative filtering to content and knowledge enhanced recommendation [Electronic
resource] / L. Wu, P. Sun, Y. Fu, R. Hong // IEEE Transactions on Knowledge and Data Engineering. — 2020 — Mode of access: https://
www.researchgate.net/publication/351120123 A Survey on_ Neural Recommendation From_ Collaborative Filtering to Content
and_Context Enriched Recommendation.

References

Advanced Movie Search APIL. https://rapidapi.com/rapidapi/api/advanced-movie-search.

Darban, Z. Z., & Valipour, M. H. (2021). GHRS: Graph-based Hybrid Recommendation System with Application to Movie Recommendation.
Faculty of Information Technology, Monash University, Melbourne, Australia, Department of Engineering and Product, Ostadkar
Company, Tehran, Iran. https://arxiv.org/pdf/2111.11293.

Google Books API. https://developers.google.com/books.

Gupta, S. K., Kumar, A., & Prasad, D. (2025). Multimodal Graph-based Recommendation System using Hybrid Filtering Approach.
International Journal of Computing and Digital Systems. https://doi.org/10.12785/ijeds/1571047857.

Hamilton, W., Ying, Z., & Leskovec, J. (2017). Inductive representation learning on large graphs. In Proceedings of the 31st Conference on
Neural Information Processing Systems (NIPS). https://arxiv.org/pdf/1706.02216.

Hu, W., Fey, M., Zitnik, M., Dong, Y., Ren, H., Liu, B., Catasta, M., & Leskovec, J. (2020). Open Graph Benchmark: Datasets for Machine
Learning on Graphs. In Proceedings of NeurIPS. https://arxiv.org/pdf/2005.00687.

Jesse, M. W., Bauer, C., & Jannach, D. (2022). Intra-list similarity and human diversity perceptions of recommendations: the details matter.
User Modeling and User-Adapted Interaction, 33 (5). https://doi.org/10.1007/s11257-022-09351-w.

Liu, H., Hu, Z., & Mian, A. U. (2014). A new user similarity model to improve the accuracy of collaborative filtering. Knowledge-Based
Systems, 56(6), 156—166. https://doi.org/10.1016/j.knosys.2013.11.006.

RAWG Video Games Database API. https://rawg.io/apidocs.

Reimers, N., & Gurevych, I. (2019). Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks. In Proceedings of EMNLP-
IJCNLP. https://aclanthology.org/D19-1410/.

Vargas, S., & Castells, P. (2011). Rank and Relevance in Novelty and Diversity Metrics for Recommender Systems. In Proceedings of the
2011 ACM Conference on Recommender Systems (RecSys 2011). Chicago, IL, USA, October 23-27, 2011. https://doi.
org/10.1145/2043932.2043955.

Wu, L., Sun, P, Fu, Y., & Hong, R. (2020). A survey on neural recommendation: From collaborative filtering to content and knowledge
enhanced recommendation. [EEE Transactions on Knowledge and Data Engineering. https://www.researchgate.net/
publication/351120123_A_Survey on_Neural Recommendation From_Collaborative Filtering to Content and Context Enriched
Recommendation.

M. Hlybovets, Y. Sydorova

GRAPH-BASED MULTIMODAL RECOMMENDATION
SYSTEM WITH EXPLAINABLE AI

The article presents the development process of a hybrid recommendation system (RS) based on
heterogeneous graph data structures and graph neural networks (GNN), incorporating Explainable Al
(XAID) approaches. The target domain is personalized multimedia recommendations, encompassing books,
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movies, and games, characterized by diverse item modalities and high demand for personalization.

The system architecture is produced upon a heterogeneous graph G=(V, E), where nodes and edges
represent different entity types (users, items, genres) and relationships (interactions, similarity, genre
associations). Multimodal embeddings are defined by using textual features (via Sentence-BERT), visual
data (via ResNet-50), and categorical labels (via one-hot genre encoding). These embeddings are used to
generate similarity-based connections across item types and users.

For recommendations, a neural model based on the PyTorch Geometric framework is trained with
negative sampling. The model predicts user-item relevance and generates recommendations. To support
clarity, XAI modules provide explanations via gradient-based influence analysis, shared interactions, and
demographic attribute comparison.

A set of reference-free evaluation metrics is used, including Intra-List Similarity, Novelty, User Similarity,
Attribute Alignment, and Coverage. Experimental results demonstrate the model’s capability to generate
novel, diverse, and personalized recommendations while offering interpretable justifications.

The implementation is based on Python with modular components for data preprocessing, training,
evaluation, and explanation outcomes, and leverages the Neo4j graph database for storage and analysis.

Keywords: recommendation system, graph neural network, heterogeneous graph, hybrid filtering,
explainable Al, personalization, multimodal embeddings, Neo4j, Python.
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A. Mykytyshyn, N. Shvai

VALIDATING ARCHITECTURAL HYPOTHESES IN NEURAL
DECISION TREES WITH NEURAL ARCHITECTURE SEARCH

This article introduces an automated and unbiased framework for validating architectural hypotheses
for neural network models, with a particular focus on Neural Decision Trees (NDT5). The proposed meth-
odology employs Neural Architecture Search (NAS) as an unbiased tool to explore architectural variations
and empirically assess theoretical claims. To demonstrate this framework, we investigate a hypothesis found
in the literature: that the complexity of decision nodes in NDTs decreases monotonically with tree depth.
This assumption, initially motivated by the task of monocular depth estimation, suggests that deeper nodes
in the tree require fewer parameters due to simpler split functions.

To rigorously test this hypothesis, we conduct a series of NAS campaigns over the CIFAR-10 image
classification dataset. The search space parameterizes each node by the number of convolutional blocks
and fully connected layers, while all other architectural components are held constant to isolate the effect
of node depth. By applying Tree-structured Parzen Estimator (TPE)-based NAS and evaluating over 300
architectures, we quantify complexity metrics across tree levels and analyze their correlations using Spear-
man s rank coefficient.

The results provide no statistical or visual evidence supporting the hypothesized trend: node complexity
does not decrease with depth. Instead, complexity remains nearly constant across levels, regardless of tree
depth or search space size. These results suggest that assumptions derived from specific applications may
not generalize to other domains, underscoring the importance of empirical validation and careful search-
space design. The presented framework may serve as a foundation for verifying other structural assump-
tions across various neural network families and applications.

Keywords: Neural Architecture Search (NAS), Neural Decision Trees (NDTs), Automated Machine
Learning (AutoML), Computer Vision, Node Complexity.

Introduction

Automated Machine Learning (AutoML) has significantly streamlined the development and deployment of
complex machine learning models by automating various aspects of the machine learning pipeline, including
data preprocessing, feature engineering, model selection, and hyperparameter optimization [4]. A major subset
of AutoML is Neural Architecture Search (NAS), a technique focused specifically on automating the design of
neural network architectures. NAS has demonstrated remarkable success across various domains, consistently
delivering architectures that match or even outperform those designed by human experts [3, 5].

At the same time, Neural Decision Trees (NDTs) have emerged as an innovative class of hybrid machine
learning models, integrating the interpretability and intuitive decision logic of classical decision trees with
the expressive capabilities of neural networks [2]. Despite their practical benefits, several underlying theo-
retical assumptions about their structure remain untested. In particular, a hypothesis proposed by Roy and
Todorovic (2016) states that nodes deeper within an NDT should be structurally simpler, since learning split
functions presumably becomes easier deeper within the tree [9].

However, this assumption has not been validated beyond the original context in which it was proposed
(monocular depth estimation). Unverified theoretical assumptions pose a significant risk, potentially leading
researchers and practitioners towards suboptimal architectural decisions and incorrect generalizations
across different applications. Therefore, rigorous empirical testing of such architectural hypotheses is neces-
sary to ensure reliable design decisions for neural decision trees in diverse tasks.

The objective of this research is to empirically verify the hypothesis that the complexity of neural deci-
sion tree nodes decreases with increasing depth using Neural Architecture Search as an unbiased experi-
mental tool.

© A. Mykytyshyn, N. Shvai, 2025
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The scientific novelty of the obtained results includes:

o The first systematic, NAS-based empirical validation of an architectural hypothesis regarding the com-
plexity of neural decision tree nodes.

e Empirical evidence demonstrating that the assumption of decreasing complexity with increasing depth,
proposed by Roy and Todorovic, does not generalize across tasks.

The practical value of the obtained results lies in providing a validated methodological approach to
critically evaluate theoretical claims about NDT architectures. Researchers and practitioners can leverage
these findings to guide more reliable and empirically grounded architectural decisions in neural decision
tree design.

Problem Definition

Roy and Todorovic [9] introduce the Neural Regression Forest (NRF) for monocular depth estimation,
in which each split node is implemented by a “shallow” CNN — specifically, one with only one or two
convolutional layers followed by one or two fully-connected layers — and the overall network depth emerg-
es from the stacking of these modules. They conjecture that “it becomes easier to learn the split functions as
we go down the tree,” suggesting that nodes at lower levels should require progressively fewer layers to
achieve the best possible predictive performance.

As aresult of this conjecture, they propose an architecture where the nodes in a tree get “simpler” as they
get closer to the leaves. Specifically, they split the tree into three equally deep layers. “For the top one third
of the tree height, we use CNNs with 2 convolution + pooling layers, and 2 fully connected perceptron
layers. For the lower one third of the tree height (closer to the leaf nodes), we use CNNs with 2 convolution
+ pooling layers and 1 fully connected perceptron layer. Finally, for the bottom third of the tree height, we
use CNNs with 1 convolution + pooling layer and 1 connected perceptron layer” [9].

Drawing directly on their assumption and generalizing it, we formulate our central hypothesis for neural
decision trees (NDTs):

Hypothesis. In neural decision trees, the complexity of each split node, quantified by the number of
convolutional blocks and fully connected layers, decreases monotonically with increasing tree depth.

Proposed Approach

To verify the hypothesis that node complexity in neural decision trees decreases with tree depth, we
employ neural architecture search (NAS) solely as an empirical tool. NAS systematically explores a pre-
defined set of discrete architectural choices by optimizing for a target metric (in our case, accuracy), thus
revealing which per-node configurations best support the task under identical training conditions [1, 3]. By
automating the search, we eliminate human bias in selecting convolutional and fully connected layers, thus
obtaining an unbiased measurement of how complexity varies across different levels.

All candidate architectures are trained and evaluated on the CIFAR-10 dataset, which comprises 60,000
color images of size 32x32 across 10 classes [6]. We choose CIFAR-10 for its status as a standard bench-
mark. Another benefit is that its modest image resolution and well-established augmentation protocols en-
able rapid NAS iterations. It is also worth noting that the decision to select a dataset different from the one
used in the paper where this idea was initially introduced ([9]) is deliberate, as this allows us to test the
general applicability of the hypothesis.

We define our search space by parameterizing each split node at tree level £ with two integer hyperpa-
rameters:

e b, —the number of convolutional blocks at level £
e f,—the number of fully connected layers at level ¢

Each convolutional block replicates the module from [2] — namely, a 3x3 convolution with 256 chan-
nels, followed by batch normalization and ReLU activation. We consider two value ranges for (b, f)): {1,
2} (matching the original setup from [9] at depth ten), and {1, 2, 3} (to probe a broader spectrum of com-
plexity).

All other architectural and optimization parameters remain fixed across experiments: the overall tree
depth d is set per experiment, a double-block stem precedes branching, channel widths are constant at 256,
and the optimizer, learning rate schedule, and augmentation pipeline are identical. This ensures that varia-
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tions in NAS outcomes reflect only the relative efficacy of different (b, f,) choices, allowing for a clear test
of the monotonic complexity hypothesis.

We employ the Tree-structured Parzen Estimator (TPE) algorithm. Each candidate model undergoes
5 epochs of training (“proxy evaluation’), after which the top 10% of architectures (by validation accuracy)
are retrained for 15 epochs to refine the final rankings.

All experiments employ mixed-precision training and a gradient scaler to speed up training. Input im-
ages are augmented with random horizontal flips and random crops to 32x32 (with four-pixel padding),
followed by tensor conversion and normalization using the CIFAR-10 channel means and standard devia-
tions. Optimization uses the AdamW optimizer with a fixed initial learning rate of 1 x 1073,

Architectures are ranked by accuracy on a held-out CIFAR-10 validation set. Accuracy directly mea-
sures the quality of learned split functions in a classification context, providing a principled and unbiased
basis for comparing node complexities [3].

Implementation Details and Reproducibility

All experiments were conducted on Google Colab using an NVIDIA A100 GPU with 32 GB of RAM,
subject to Colab’s 12-hour session limit. The code was written in Python 3 and relied on the PyTorch deep
learning framework for model definition and training [8], as well as Microsoft’s NNI library for the imple-
mentation of NAS [7]. To ensure reproducibility, a fixed random seed of 42 was used for all data splits,
network initialisations, and sampling in the NAS algorithm.

Experimental Campaigns

To test the node complexity hypothesis, we ran six NAS campaigns, each fixing tree depth d and the
discrete knob set for (b, f,) using TPE with median-stop early stopping after 3 epochs. Each trial required
approximately 1 minute for 5 epochs (shorter if stopped early), and all campaigns ran no longer than the
12-hour Colab limit (approximately 700 minutes). All campaigns used a 5-epoch proxy evaluation and
15-epoch retraining of the top 10 % of candidates.

Table 1. Experimental runs that were performed

Run ID Depth d b, f) € Search space size
A \ 3 (1,2} 2x 23= 64
B \ 4 (1,2} 24x 24=1256
C \ 6 (1,2} 26x 26=14,096
D \ 3 {1,2,3} 3% 33=729
E \ 4 {1,2,3} 34x 34= 6,561
F \ 6 {1,2,3} 36 36= 531,441

e Runs A-C probe the original Roy and Todorovic complexity range {1, 2} at depths 3, 4, and 6.
e Runs D-F expand the search to {1, 2, 3} at the same depths.

Each trial sampled a full configuration of {b, ..., b, , f;, ..., f, ,} and returned validation accuracy after
5 epochs; the top 10 % of trials per run were then retrained for 15 epochs for final evaluation.

Run-wise accuracy summaries

Figure 1 (next page) displays a table listing the top-five architectures returned by each campaign after
the 15-epoch retraining phase. Three regularities are evident:

o Tight within-run spread. All five models in a given run differ by <0.01 in top 1 accuracy, showing that
the parameters we searched over most likely do not influence the accuracy that much.

o Depth penalty. Mean accuracy declines as depth increases—from ~0.83 for depth 3 (Runs A, D) to
~0.79 for depth 6 (Runs C, F). Deeper NDTs entail more parameters and longer inference paths, making
them harder to optimize given the fixed 15-epoch budget and 256-channel bottleneck.

o Effect of knob range. For each depth, the runs with the broader option set {1, 2, 3} (D-F) surpass their
{1, 2} counterparts (A—C) by ~0.01. Allowing an extra layer choice evidently enables NAS to fine-tune
node expressiveness without overfitting, hence the modest but consistent gain.



A. Mykytyshyn, N. Shvai. Validating Architectural Hypotheses in Neural Decision Trees with Neural Architecture Search 53

Figure 1. Table, depicting the top 5 results for each run, measured by validation accuracy after 15 epochs

Taken together, the accuracies fall in the narrow band 0.78 — 0.84, confirming that all architectures are
viable classifiers and that subsequent analyses can focus on node complexity rather than gross performance
differences.

Complexity profiles visualized

Figure 2 (left, 1) plots the mean number of convolutional blocks per level (b: ) for every run, while Fig-
ure 2 (right, 2) shows the analogous curve for fully-connected layers (f,). Shaded markers denote tree depth.
Below are the observations we draw from visually examining the plots:

o The curves are essentially flat; no run exhibits a consistent downward slope.

e Local fluctuations are noise-like, reflecting the stochastic nature of NAS sampling rather than a system-
atic preference for simpler nodes at deeper levels.

e Runs with the larger knob range (D-F) unsurprisingly have higher absolute means, yet their level-wise

profiles are again flat.

1 2

Figure 2. Plots showing the mean FC layers (/) and convolution blocks (2) vs tree level

Visually, therefore, the data do not support the conjectured monotonic decrease in node complexity.

Statistical test of the monotonic-simplicity hypothesis

To formalize the visual impression, we apply Spearman’s rank correlation coefficient p, a non-parametric
measure of monotone association between two variables [10]:
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where x, is the tree level and y, is the corresponding complexity metric (either b, or f,), and n is the total
number of node observations pooled across runs.
We define the null hypothesis and the alternative hypothesis as follows:
e Null hypothesis H: ¢ = 0 (no monotonic relationship between level and complexity).
e Alternative hypothesis H : ¢ <0 (complexity decreases with depth).
Using the pooled dataset, we obtain:

Table 2. The numeric results of the Spearman’s rank-correlation test

Metric p p-value
Conv-blocks b, +0.03 0.75
FC-layers f, +0.11 0.21

Because both p-values are >> 0.05, we fail to reject H,. Moreover, the positive signs of ¢, although small,
run counter to /|, reinforcing the qualitative conclusion: there is no statistical evidence that node complex-
ity diminishes with tree depth under the examined search space and training regime.

Together, the near-identical accuracies, flat complexity profiles, and non-significant Spearman coeffi-
cients collectively refute the monotonic-simplicity hypothesis for neural decision trees on CIFAR-10, at
least within the constraints of the present experimental design.

Hypothesis Evaluation

The central hypothesis under investigation posited that, in neural decision trees, node complexity, mea-
sured by the number of convolutional blocks b, and fully connected layers f,, would decrease monotoni-
cally with increasing tree depth. In other words, deeper split nodes should require fewer layers to achieve
comparable classification accuracy.

However, the empirical evidence fails to support this conjecture. As shown in the previous section, the
mean complexity profiles b, and /] are essentially constant across levels, without any discernible downward
trend. The formal Spearman rank test further confirms that the observed correlations are small and positive
(p = +0.03 for b, ¢ =~ +0.11 for f7) and statistically non-significant (p > 0.05), leading us to retain the null
hypothesis of no monotonic association.

Several factors may explain this departure from the original expectation of Roy and Todorovic. First,
their depth-10 architecture was tailored to monocular depth estimation, a regression task with spatial conti-
nuity, whereas our CIFAR-10 classification problem may impose different representational requirements at
all tree levels. Second, our fixed 256-channel convolutional blocks and limited training budget (15 epochs
plus early stopping) may attenuate any subtle benefits of reduced complexity in lower nodes. Finally, NAS
optimizes for overall accuracy, not explicitly for per-node efficiency, so it may favor uniformly expressive
nodes to maximize global performance under the given constraints.

In sum, within the confines of our search space and training regime, there is no evidence that node
complexity in neural decision trees decreases with depth. This negative result suggests that the “easier-
to-learn” assumption articulated by Roy and Todorovic does not generalize straightforwardly from depth
estimation to image classification, or that more tailored search strategies are required to expose such a
trend.

Conclusion

This thesis provided an empirical evaluation of a critical architectural hypothesis within Neural Decision
Trees (NDTs), specifically the claim by Roy and Todorovic (2016) that nodes deeper within the tree require
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progressively simpler neural structures. Employing Neural Architecture Search (NAS) as an unbiased meth-
odological tool, we systematically explored variations in node complexity, measured by the number of
convolutional blocks and fully connected layers, across multiple tree depths using the CIFAR-10 image
classification dataset.

Our comprehensive experiments and subsequent statistical analyses revealed no support for the mono-
tonic simplicity hypothesis. Contrary to expectations, node complexity remained effectively constant across
all tree levels, and no statistically significant correlation was observed between node depth and complexity.
This finding suggests that architectural assumptions derived from specialized tasks, such as monocular
depth estimation, may not generalize across different domains and datasets, underscoring the importance of
empirically validating theoretical claims in neural architecture research.

While our experiments provide strong evidence refuting the generalized hypothesis, several limitations
remain. The search space, though carefully chosen, was constrained by practical computational consider-
ations, including limited training epochs and fixed convolutional channel widths. Future research could
explore expanded or more nuanced search spaces, including varying parameters per node rather than per
level, different datasets and tasks, and incorporating more advanced NAS strategies or evaluation metrics
that explicitly target node-level complexity.

In summary, this study underscores the necessity for rigorous empirical testing of architectural assump-
tions in neural network research. The negative result regarding node simplicity in NDTs provides important
insights for future architecture design and highlights the critical role of NAS methodologies in facilitating
unbiased, systematic explorations.
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Muxumuwun A. 11., ean H. O.

BAJIJAIIA APXITEKTYPHUX I'IITIOTE3 Y HEHPOHHUX JJEPEBAX
PIIIEHD 3A JJOIMIOMOTI'OIO INOINYKY HEMPOHHUX APXITEKTYP

Y yiu pobomi 3anpononosano asmomamusosany ma 00’ €EKMUBHY MEMOOUKY NepegipKuU apXimeKmypHUux
2inomes 3a 00NOM02010 NOULYKy Hetipounux apximexmyp (Neural Architecture Search, NAS). Ocnosna ides
nonsieae 8 3acmocysanui NAS sk incmpymenmy O OYiHKU MEOPEeMmUUHUX NPUnyujeHsb wooo CmpyKmypu
Mooeneti 6e3 pyuHO20 HANAWMY8AanHs apXimekmyp abo 6naugy cyo’ ekmuenux piuteib 0ocaionuxa. /s oe-
MOHCmpayii nioxody 6yn0 nepegipero 2inome3y Npo me, Wo CKIAOHICMb 8Y31i8 Y HEeUPOHHUX 0epesax pi-
wienv (Neural Decision Trees, NDTs) smenuyemucs 3i 36invuienusam enubunu depesa. Lle npunyujenns 3y-
cmpivaemvpCcsi 6 HAYKOSIl JNimepamypi ma SUKOPUCHOBYEMbC SIK  OOIPYHMYGaHHs 01 Nnobyoo6u
cneyianizoeanux apximekmyp, 0OHAK pauiuie He OYN0 nepesipere Ha CUCMeMAMUYHIl eKCnePUMEeHMAIbHIll
OCHOSL.

YV meoicax docnioxcenns 6yno pospobneno noGHicmIO agmoMamu308aHull eKCHepuMermanvhull gpetim-
80K OJIs 2eHepayii, HA8UAHHSA Ma OYIHIOBAHHs comenb apximexmyp NDT 3 pisnumu kougicypayismu 6y3nis.
st nowyxy egpexmusnoi cmpykmypu oepes Oyio gukopucmano memoo bdaeciscvkoi onmumizayii (Tree-
structured Parzen Estimator, TPE). Cxknaouicms 8y31i6 OYiHI08ANU 30 KIIbKOMA MEMPUKAMU. KITbKICMIO
napamempis, KilbKicmio oO4UCTIO8AIbLHUX ONepayill, KLIbKiCmio HelpoHis y wiapi ma enubunoio wapy. J{us
aHanizy 36 13Ky MIdC 2IUOUHOIO 8Y311i6 | IXHbOI CKIAOHICIMIO 3ACMOCO8Y8ANU KOePIYIEHm Pan2060i Kopensi-
yii Cnipmena (Spearman's rank correlation coefficient).

3a pe3yrbmamamu 064UCTIOBANLHOLO eKCnepuMeHmy, wo oxonue nonao 300 3eeneposanux moodeneii Ha
CUHMeMUYHOMY KLacu@ikayitinomy oamacemi, He OVI0 8UA8NIEHO HCOOHOI cmabinbHOi abo cmamucmuyHo
SHAYYWOI 3a1eHCHOCIE Midic IUOUHOIO 8Y31a Ma 1020 cKladHicmio. Ompumani pe3yibmamu ceiouams npo
me, Wo NPUnYueHHs, cQhOpMoBani Ha OCHOBL OKpeMUx Npukiadie abo iHmyiyii, Moxcyms He Y3a2albHI08a-
mucs Ha iHwi 3a0a4i abo domeHu. Lle niokpecnioe 8axciusicms eMnipuyuHoi nepesgipky meopemuiHux apxi-
MeKmypHUX MIpKY8aHb, A MAKONX HEOOXIOHICMb Y8ANCHO20 NPOEKMYBAHHS NPOCHOPY NOULYKY 8 NAS.

3anpononosanuii nioxio moowce 6ymu BUKOPUCTIAHULL 0N NEPeBipKU THUUX aPXIMeKmypHUX 2inomes
Y DI3HOMAHIMHUX MUNAX HEUPOHHUX Mepedic, WO pooums 1020 NepCReKMUGHUM THCMPYMEHMOM Y 00CTi-
021CeHHAX Y chepi asmomMamu308aH020 MAUUHHO20 HABUANHS.

KurouoBi c10Ba: nonyk HEMPOHHUX apXiTEKTyp, HEHPOHHI JiepeBa pillleHb, aBTOMATH30BaHE MAIlTHHE
HaBYaHHS, KOMIT FOTEPHUH 31p, CKIIAJHICTh BY3IIiB.

Mamepian nadiiiwos 16.06.2025
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ROBUSTNESS OF NEURAL DECISION TREES TO NOISE
IN INPUT DATA FOR IMAGE CLASSIFICATION TASKS

Neural networks, particularly convolutional neural networks (CNNs), have demonstrated high effec-
tiveness in image classification tasks. However, they are known to be vulnerable to input data perturba-
tions and have weak interpretability due to their black-box nature. In contrast, traditional decision trees
(DT5) provide transparent decision-making processes, but are limited to low-dimensional or tabular data,
restricting their field of application in computer vision tasks such as image classification. To address this
gap, a hybrid architecture known as Neural Decision Trees (NDT5) has emerged, combining strong gener-
alization and learning capabilities of neural networks, with transparent hierarchical inference and inter-
pretability of DT5.

The article investigates the robustness of NDTs to noise in input data for image classification tasks.
Despite the extensive studies covering the robustness of both CNNs and traditional DTs against various
forms of input perturbations, the robustness of NDT models remains a largely underexplored area. This
study provides two robust training methods to improve robustness: constant noise learning and incremental
noise learning, originally developed for CNNs, but which can be effectively applied to NDT-based architec-
tures and significantly improve the robustness to noisy images for models. These methods involve adding
perturbed samples via a Gaussian blur during the training stage. The noisy test set consists of images per-
turbed by a Gaussian blur and is used to evaluate the robustness performance.

A series of experiments were conducted on the CIFAR-10 dataset using the original training baseline
and robust training methods. The results demonstrate that constant and incremental noise learning signifi-
cantly improve the robustness of all tested NDT models to noisy images compared to their original training
performance. While the ResNet18 baseline model demonstrates higher overall performance, the NDT mod-
els show comparable robustness improvements using the proposed robust training strategies. Constant
noise learning offered an adjustable trade-off between performance on clean and noisy images, while incre-
mental noise learning provided a more stable training process. The first method is considered preferable
due to the simplicity of implementation.

This study empirically confirms that NDT models can effectively use methods adapted from CNNs to
improve their robustness against perturbations in input data. An NDT framework was developed to conduct
training and validation using a standardized shared pipeline. It is available via the link: github.com/
MikhailoMokryy/NDTFramework.

Keywords: Neural Decision Trees, machine learning, robustness, image perturbations, image classifica-
tion, computer vision, convolutional neural networks.

Introduction

The field of computer vision, particularly image classification tasks, has advanced significantly with the
introduction of convolutional neural networks (CNNs), which demonstrate remarkable generalization abili-
ties for high-dimensional input data. However, they are not ideal, suffer from a lack of interpretability due
to their black-box architecture, and are vulnerable to perturbations in input data [3, 7, 9, 14]. Such images
can create misclassifications by a neural network (NN), which leads to poor performance. The robustness of
traditional decision trees (DTs) to noise has been studied only for low-dimensional or tabular data due to
their limited field of application. To extend this field, a hybrid architecture referred to as Neural Decision
Trees (NDTs) has been proposed [1, 4, 6, 8, 11, 13]. The NDT model combines two distinct architectures —
CNN and DTs, resulting in a tree-based architecture capable of solving image classification tasks by com-
bining a strong generalization ability acquired from CNNs with the interpretability of a DT hierarchy. While
the robustness of CNNs and DTs to noise has been extensively studied, NDT models remain largely under-
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explored. This study aims to investigate methods that can be incorporated to improve the robustness of

NDTs.

Previous efforts to solve the challenge of improving the robustness of NNs, including defensive strate-
gies, have drawbacks and do not cover all possible input perturbation forms. Robust image classification,
focused on real-world alterations such as hardware defects or environmental distortions, uses different train-
ing strategies, including constant noise learning, incremental noise learning, and architecture modification
[14]. Robust training methods for traditional DT models are also proposed, but they primarily target low-
dimensional or tabular data and do not cover the field of image classification tasks [2, 12, 16]. The robust-
ness of existing NDT models to input data noise is largely unexplored. Given the limited understanding of
NDT robustness to noisy images, this study investigates whether learning strategies developed to improve
the robustness of CNN models can be effectively applied to NDT-based architectures and demonstrate
comparable robustness improvement.

To validate the proposed approach, a series of experiments were conducted on the CIFAR-10 dataset,
which is a widely used benchmark for image classification tasks. Image perturbations are created by apply-
ing a Gaussian blur to input samples. These perturbed images are used both to evaluate model robustness in
experiments and as a part of the robust training process. The experiments involve evaluating the robustness
of various models using the original training baseline, constant noise learning, and incremental noise learn-
ing strategies. The constant noise learning method incorporates a fixed proportion of perturbed images
during the training phase, with noise applied at varying probabilities: 0.05, 0.1, 0.2, 0.4, 0.6, 0.8. In contrast,
the incremental noise learning approach gradually increases the proportion of noisy images during the train-
ing phase, starting from a low initial level, eventually almost reaching the size of the original training set in
the final stage of training. In total, 40 models were trained under various conditions to evaluate their perfor-
mance on clean and noisy test sets. The trained models include NDT models: Deep Neural Decision Tree,
Deep Neural Decision Forest, and Neural Backed Decision Trees variations with hard and soft inferences,
as well as the baseline ResNet18 model for comparison.

Main contributions of this study:

1. A comprehensive investigation of the robustness of NDT models for image classification tasks, focusing
on the impact of perturbed images on these models’ performance.

2. Demonstration that methods to improve robustness, originally developed for CNNs, specifically con-
stant and incremental noise learning, can be successfully applied and significantly improve the robust-
ness of NDT models against input perturbations.

3. Empirically determined these findings through a series of experiments under various conditions on the
CIFAR-10 dataset, providing detailed performance metrics including model accuracy on clean and noisy
test sets, accuracy drop, and robustness gain.

The rest of the paper is organized as follows: the Related Work section provides a general literature
overview of NDT models and studies about improving robustness to noisy input samples for CNNs, tradi-
tional DTs, and the current state of NDT research. The Methodology section describes the NDT architec-
tures and strategies to improve robustness. The Experiments section outlines the CIFAR-10 dataset, the used
models, including their hyperparameters, and the overall training workflow. In the Results and Discussion
section, results of experiments are presented in tabular and graphical form, with a detailed comparison be-
tween models and methods to improve robustness. Finally, the Conclusion section provides a comprehen-
sive summary of this study.

Related Work

Early attempts to combine neural networks and decision trees, known as Hierarchical Mixtures of Ex-
perts (HMoE), were introduced by Jordan and Jacobs [10]. The HMoE architecture has a routing function:
a linear classifier in each tree node, which decides where to send an input sample: to the left or right branch,
passing it down a fixed tree structure. A more advanced, Soft Decision Trees (SDT), the base part of many
NDT architectures, which is a fuzzy DT used for classification and regression tasks, appeared in Suarez and
Lutsko [15] work. It is built with consideration of data partial membership in the tree nodes that form the
tree structure. It was a key part in the future development of NDTs, allowing the use of the back-propagation
method for training models. The next significant improvement of NDT was made by Kontschieder et al. [4]
by enhancing soft DTs with an updated routing function in each node that contains a neural linear layer and
sigmoid activation function. Their neural decision forest model (ANDF) is an ensemble of DTs in which the
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whole CNN architecture, excluding the final linear layer, is used as the root transformer, which extracts
features and passes them to tree-structured classifiers. Another vision of NDTs development presented tree-
like structures of NNs with a routing mechanism. loannou et al. [6] introduced a Conditional Network
model that reduces the computational load and the number of CNN architecture parameters by distributing
computations through a hierarchical structure: a directed acyclic graph. This model uses an MLP-based
route and achieves the same level of accuracy on image classification tasks with lower computational cost.
Frosst et al. [8] utilized a NN to extract knowledge from it and use it in the SDT model training process.
Thus, a NN provides a more informative soft target for training. The soft DT has learning filters to make
hierarchical decisions, based on input targets in every internal node and a static probability distribution over
the output classes for every leaf node. Tanno et al. [1] proposed adding adaptive architecture growth support
to NDT, a feature of DTs. The Adaptive Neural Trees (ANT) model is constructed using a greedy algorithm
that selects the best option between increasing the tree’s depth and partitioning the input space before the
model training phase. Unlike previous works, the Neural-Backed Decision Trees (NBDT) model introduced
by Wan et al. [11] addresses the limitation of NDT models: the trade-off between accuracy and interpret-
ability. It employs a WordNet lexical database to assign a selected concept to each tree node to improve
model interpretability by labeling. NBDTs replace the final linear layer of the NN with a differentiable se-
quence of decisions and uses a hierarchical tree loss for model training. A novel approach to learning trees
from deep NN (DNN) architecture, called Self-born Wiring (SeBoW), was proposed by Chen et al. [13]. It
extended the ANT architecture growth ideas by using self-born neural trees that evolve themselves from a
user-designed mother DNN architecture, instead of growing trees progressively or by using greedy algo-
rithms. This self-born learning procedure allows for global-level tree-architecture parameter optimization
over the neural tree search.

The generation of perturbed images, designed to cause a misclassification in a NN, has been extensively
studied. These images are commonly referred to as adversarial examples. The early foundational work on
adversarial example misclassification was covered by Goodfellow et al. [9]. Their work revealed that the
linear nature of NNs is one of the main reasons why NN are prone to adversarial examples. Input data is
made by adding a selected adversarial perturbation to an original sample. Subsequent research by Papernot
et al. [7] introduced a defense mechanism called defensive distillation to reduce the negative impact of ad-
versarial examples on image classification, highlighting the fundamental nature of NN vulnerabilities. Car-
lini and Wagner [3] demonstrated that defensive distillation has some drawbacks and does not cover all
adversarial examples, and created a set of attacks that can be used to improve the robustness of NNs. Stock
et al. [14] proposed comprehensive strategies for robust image classification, examining defensive training
techniques and architecture modifications that improve robustness to noisy input data for NN models. Their
study focuses on real-world alterations that occur when an image is captured and can be caused by hardware
defects or environmental distortions. Different techniques were used for altering input data to create digital
augmentations, such as single-pixel modification, noise, and blur.

Research on adversarial examples and model robustness has been extensively conducted for linear
models and NNs. However, the impact of adversarial examples on tree-based model robustness remains
poorly studied. Unlike NN, tree-based models are not differentiable, have a hierarchical structure, and
are interpretable due to their nature, which can lead to the assumption that they are more robust than
CNNs. However, Chen et al. [12] show that tree-based models can also struggle against adversarial ex-
amples. They investigate the robustness of tree-based models and the impact of adversarial examples on
both classical DTs and more advanced ensemble boosting methods. A novel robust DT training frame-
work based on a robust splitting function was proposed to improve robustness. Further ideas were pre-
sented by Andriushchenko and Hein [2]. This paper identified a drawback of the previously proposed
method: a lack of robustness guarantee. The authors proposed robust training methods that achieve
a provable robustness for boosted trees, and the results are comparable with CNN-based methods. Vos
and Verwer [16] proposed a novel method for training robust DTs called growing robust trees, or GROOT
for short, which adds a parameter to control a trade-off between model accuracy and robustness against
adversarial examples.

All existing tree-based methods that improve robustness focus primarily on low-dimensional and tabular
data. NDT robustness against adversarial examples remains underexplored. To address this gap, this study
aims to investigate the impact of images perturbed by noise on the robustness of NDT models and determine
whether robust training methods originally developed for CNN models can be effectively applied to NDTs,
demonstrating improvements in robustness.
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Methodology

DTs are a tree-structured machine learning method with internal decision nodes and prediction nodes,
known as leaf nodes, used for low-dimensional or tabular data for classification or regression tasks. In
contrast, NNs, including CNNs, are powerful models with strong generalization capabilities, widely used
for computer vision tasks involving image classification. NDT models aim to combine these two distinct
architectures to provide high performance on high-dimensional data, strong generalization and learning
features, abilities obtained from NNs, with interpretability and transparent inference of a DT hierarchy. To
achieve this, NNs should be integrated into a tree structure by implementing a differentiable routing func-
tion that controls how samples traverse down the tree. It unlocks the usage of gradient descent-based opti-
mization methods with back-propagation during the training stage.

Generic NDT can be divided into three main modules:

1. Router. This decision module is responsible for sending input data to the child nodes. Each internal
(decision) tree node contains a router module, which performs a routing function and partitions the
input space. This mandatory module of NDTs is closely related to the reasoning mechanism of the
model.

2. Solver. This prediction module is essential in NDT architecture. Each leaf (prediction) node contains a
solver module that produces the outcomes. Depending on the implementation, it can provide a final
output of both the class hierarchy and the static probability distribution over these classes.

3. Learner. A transformer module is assigned to every edge of the tree. The learner module transforms
input samples from the parent node and passes them down to the child nodes. However, it is an optional
module in NDTs. While some architectures, like ANT, incorporate it for representation learning, most
NDTs use an identity function, passing features down the tree without data transformation.

Different NDT models are used in this paper to evaluate robustness against noise in input data, alongside
a baseline ResNet18 model [5] for comparison.

Deep Neural Decision Forest (ANDF) is the first model considered for evaluating robustness to noise in
input data. The model structure is quite straightforward. It uses a CNN architecture without the last fully
connected linear layer to extract features, while a decision forest produces final predictions. The representa-
tions obtained from the trained CNN are passed to an ensemble of DTs with soft inference. These represen-
tations provide routing functions for all nodes in the forest of trees.

Unlike a standard decision forest with binary and deterministic routing, the ANDF model uses proba-
bilistic routing. Routing functions, which determine the routing direction decisions for each internal
node, are an output of Bernoulli random variables and are defined by a sigmoid activation function. When
a sample traverses down a tree to a leaf node, the corresponding tree predictor gives the distribution over
output classes. With this stochastic routing, each leaf node predictor provides a result averaged according
to the probability of a sample reaching a leaf. The final prediction from a single tree is computed as a sum
over all leaves of the learned class distribution multiplied by its routing probability. Then, the final ANDF
model prediction for a sample is obtained by averaging the predictions of each tree in the ensemble.
A learning procedure requires estimating both internal node parameters, responsible for decisions, and
the leaf node parameters, responsible for the output predictions. The dANDF model uses a log-loss func-
tion and a two-step optimization strategy. Internal node parameters are randomly initialized and iterated
during the learning procedure for a predefined number of training epochs. During each training epoch,
the prediction parameters of all leaf nodes are updated independently for each tree by retrieving the cur-
rent parameters from internal nodes, using a specific iterative scheme that solves a convex optimization
problem.

Next, the training set is split into random mini-batches. The Stochastic Gradient Descent (SGD) optimi-
zation algorithm updates internal node parameters for each mini-batch. The original model structure is de-
signed as an ensemble of DTs with soft inference, but it can also be converted into a single DT. This model
is referred to as Deep Neural Decision Tree (AINDT). It has an identical structure but uses one tree instead
of an ensemble of DTs.

At first glance, the next model structure looks similar to the previous model, utilizing a ResNet18 archi-
tecture without the final layer, which is replaced by a DT. In addition, much attention is given to model in-
terpretability.

NBDT model implementation employs a differentiable oblique DT and incorporates several key design
choices:
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1. Path probabilities for inference. They help the model to tolerate highly uncertain intermediate decisions.

2. Induced hierarchies. Hierarchies are built from pre-trained NN weights to decrease the impact of
overfitting.

3. Tree Supervision Loss. Training with surrogate hierarchy loss helps the model to make significantly
better high-level decisions, leading to improved model generalization and performance.

4. Pure leaves. Each leaf corresponds to one pure class, allowing the model to select one path from the root
to the leaf.

Similar to the INDF implementation, the learning procedure shares many similarities. Input samples are
transformed into feature representations from the ResNetl8 NN backbone. After the feature extraction
process, a final fully-connected layer is replaced by an oblique DT with soft inference. For each input
sample and tree node, the probability of traversing to each child is computed by applying a softmax function
of the inner product between the extracted features and the child node weight. The path probability for a leaf
node representing a selected class is computed as a product of the traversal probabilities of each node along
the unique path from the root to that leaf.

The next step is to build an induced hierarchy, which is essential for the NBDT model. Using data-based
hierarchies like information gain or existing hierarchies like WordNet has notable drawbacks. The former is
prone to input data overfitting, and the latter emphasizes conceptual rather than visual similarities.

NBDT is constructed using the hierarchy derived from pre-trained model weights to address this limita-
tion. The process of the induced hierarchy creation starts with the final fully-connected layer weights from
the ResNet18 backbone, viewing each row vector as a class representation. Next, the hierarchical agglom-
erative clustering is performed on normalized class representatives, iteratively pairing tree nodes and groups
of nodes. For leaf nodes, the weights are normalized row vectors, while for internal nodes, the weights are
the average of the weights of all leaf nodes within the corresponding subtree.

After the induced hierarchy generation, the decision nodes are labeled using the WordNet lexical data-
base hierarchy of nouns. The earliest common ancestor for all leaf nodes in a subtree is identified to assign
a corresponding WordNet noun to an internal node.

A hierarchical loss named Tree Supervision Loss is proposed to improve the NBDT training process.
Being a modified cross-entropy loss, it is calculated over the class distribution of path probabilities. The
total model loss is a weighted sum of the original cross-entropy loss and the Tree Supervision Loss. Tree
Supervision Loss includes two variants: the Hard Tree Supervision Loss, which applies a cross-entropy at
each node, and the Soft Tree Supervision Loss, which computes a cross-entropy loss over the distribution
of leaf probabilities. Accordingly, based on the Tree Supervision Loss function variant, the NBDT inference
can be either soft or hard. Despite hard inference being more intuitive and improving model interpretability,
starting at the root node, each sample is sent to the child node with the most similar representative and tra-
verses down the tree until a leaf node is reached. In the original paper, an NBDT model with hard inference,
referred to as Hard NBDT, underperforms the NBDT model with soft inference. It was decided to evaluate
both models’ robustness to input perturbations.

The Gaussian blur method is used to create image perturbations. It is based on 2D Gaussian filtering,
achieved by shifting a kernel filter over the image and performing a convolution based on the kernel size for
each pixel in the image, without changing its dimensions. The kernel size depends on the value of o, the
standard deviation of the distribution. As o increases, the kernel size increases accordingly, resulting in a
more blurry image. The Gaussian function with (x, y) coordinates relative to the kernel center is shown
below:

Constant noise learning is a straightforward method for training models that uses a predefined part of the
perturbed data during training. The perturbed data remains fixed during training, generalizing from the
original data with a certain proportion of modified samples during representation learning. Images perturbed
by a Gaussian blur are used, with a certain part of the noisy images selected for each experiment. This
method aims to achieve both high performance on clean images and noisy images, based on a proportion of
perturbed samples in a training set. With an adjustable noise application probability, the constant noise
learning method can significantly enhance the robustness of NDTs and the ResNet18 model to input noise,
while remaining simple to integrate into the model training pipeline. More details are provided in Algo-
rithm 1.
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Algorithm 1. Constant noise learning algorithm

The incremental noise learning method is a more complex method for improving the model’s robustness.
This strategy gradually adds perturbed data to the training set, progressively increasing the proportion with
each training epoch. Training begins with a small proportion of perturbed data, and in the final stage of
training, the proportion of perturbed data can reach almost the same size as the original training set. The
proportion of noisy images to be added is computed based on the current epoch number and batch size,
while the set of noisy images from previous epochs remain unaltered. It is assumed that this method is more
effective in improving the robustness of NDT models, as it gradually introduces perturbed images based on
the current stage of training, which can help the model learn sample features more naturally and generalize
them better. A detailed implementation is provided in Algorithm 2.

Algorithm 2. Incremental noise learning algorithm

Experiments

The experiments are conducted on the CIFAR-10 dataset. It contains 60,000 images, including a training
set of 50,000 images and a validation set of 1,000 images. The dataset is labeled with 10 different classes,
with an equal number of images per class. Each sample is a 3-channel RGB image with square dimensions
of 32 pixels. The CIFAR-10 dataset is widely used to validate computer vision tasks, particularly image
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classification. It is well-suited for the needs of this study and provides sufficient input data complexity,
making it relevant for robustness experiments.

Common hyperparameters are used for training and shared across all models. The number of training ep-
ochs is set to 40. A fixed random seed of 1 is applied to make all experiments more consistent and to provide
fair results. A Gaussian blur ¢ value is set to 0.8, with the corresponding kernel filter size of 5 for image per-
turbation. An example of a perturbed image with Gaussian blur and clean images is demonstrated in Fig. 1.

Figure 1. Clean and noisy images from CIFAR-10

Training hyperparameters, including learning rate, input batch size, and others, vary according to the
model.

Both dNDF and dNDT models use a batch size of 64. The tree structure has a depth of 8. In the case of
the ANDF model, the ensemble contains 20 trees. This implementation employs the Adam optimization al-
gorithm instead of the original SGD optimization used in the paper, with weight decay of 17 and a learning
rate of 17*. For training models, a negative log-likelihood loss is applied. As a NN module, a 3-block CNN
is used, each composed of 2 convolutional layers and batch normalization layers, the second layer in each
block is followed by max pooling and dropout.

A batch size of 128 is used for training NBDTs and ResNet18 models. Two types of NBDT models are
used in experiments: one with soft inference and another with hard inference.

Although NBDTs and ResNetl8 models share the same ResNetl8 backbone architecture and have
similar training pipelines, their loss functions are different.

A NBDT model (with soft inference) uses a Soft Tree Supervision Loss during training, Hard NBDT
uses a Hard Tree Supervision Loss, and ResNet18 uses a cross-entropy loss widely used for classification
tasks. The NBDT, Hard NBDT, and ResNet18 models are trained with the SGD optimization algorithm with
0.9 momentum, 5* weight decay, and starting learning rate of 0.1 with a cosine annealing schedule where a
maximum number of iterations is set to total epochs.

The constant and incremental noise learning training pipeline includes several new hyperparameters.
Constant noise learning experiments were conducted by applying perturbed images to the original training
set with varying probabilities denoted as p. The values of p are set to 0.05, 0.1, 0.2, 0.4, 0.6, and 0.8. For
incremental noise learning experiments, the training process is configured to start with an initial noise level
of 5 %, which gradually increases to a maximum of 95 % on the final training epoch.

Overall, 5 selected models proceeded through 8 learning procedures, resulting in 40 models trained
under varying conditions on the CIFAR-10 dataset. Each model was trained using a regular training method
with the original training set, a constant noise learning method with 6 different noise application probabili-
ties, and an incremental noise learning method.

Experimental results are presented in a subsequent section.

Results and Discussion

The results of constant noise learning and the original training baseline are presented in Table 1, Table 2,
and Table 3, evaluating the effect of the robust training strategy on model performance on the image clas-
sification tasks with validation on both clean and noisy images.
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In Table 1, the performance of the model trained using the original baseline is compared against robust-
ness to Gaussian blur. The performance is evaluated on both the original CIFAR-10 test set, which consists
of clean images, as well as a noisy test set, containing images perturbed by Gaussian blur. The evaluation
metrics are referred to as clean accuracy and noise accuracy, respectively. Additionally, the accuracy drop
evaluation metric is used to demonstrate the performance drop on images with noise. Each model shows a
significant performance degradation on the Gaussian blur test set, with an accuracy drop from 27.81% on
the ANDT model to 36.86% on NBDT. The difference between NBDT and Hard NBDT models is also no-
table at 5.34%, indicating that NBDT with hard inference is less affected by noisy images than NBDT with
soft inference. The original training baseline performance results are compared to robust training methods
that should improve robustness across all models.

Table 1. Original training baseline performance

Model Clean accuracy Noise accuracy Accuracy drop
dNDT 85.92% 58.11% -27.81%
dNDF 86.21% 58.09% -28.12%
ResNet18 93.75% 60.63% -33.12%
NBDT 93.48% 56.62% -36.86%
Hard NBDT 93.94 62.42% -31.52%

Figure 2. Constant noise learning performance on models

The results of the constant noise learning method using various application probabilities of perturbed
images p to improve robustness, are presented in Table 2 and Table 3. Table 2 demonstrates the performance
of each model on both clean and noisy images. Based on these results, Fig. 2 visualizes a performance
change of each model depending on the noise probability p.

Table 2. Constant noise learning performance

Model Acc. p=0.05 p=0.1 p=0.2 p=0.4 p=0.6 p=0.8
dNDT Clean 85.35% 85.49% 85.26% 85.03% 83.92% 83.09%
dANDT Noise 79.37% 80.83% 80.85% 82.90% 82.27% 83.64%
dNDF Clean 86.21% 85.64% 85.80% 85.46% 84.55% 83.37%
dNDF Noise 79.16% 80.00% 82.66% 83.48% 83.01% 83.44%
ResNet18 Clean 93.23% 93.83% 94.04% 93.23% 93.21% 92.62%
ResNet18 Noise 91.22% 92.01% 93.15% 92.51% 93.07% 92.81%
NBDT Clean 93.49% 93.58% 93.55% 93.39% 92.85% 92.24%
NBDT Noise 91.19% 91.92% 92.71% 92.88% 92.63% 92.47%
Hard NBDT Clean 93.60% 92.96% 93.06% 93.10% 92.82% 92.46%
Hard NBDT Noise 90.75% 91.11% 92.00% 92.16% 93.05% 92.41%

Table 3 presents the accuracy drop for each model at different p values, along with a robustness gain
metric. This metric indicates the model accuracy change from baseline to robust training on a noisy test set.
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Table 3. Constant noise learning vs Original baseline performance

Model Metric p=0.05 p=0.1 p=0.2 p=0.4 p=0.6 p=0.8
dNDT Acc. Drop -5.98% -4.66% -4.41% -2.13% -1.65% +0.55%
dNDT R. Gain +21.83% +23.15% +23.40% +25.68% +26.16% +28.36%
dNDF Acc. Drop -7.05% -5.64% -3.14% -1.98% -1.54% +0.07%
dNDF R. Gain +21.07% +22.48% +24.98% +26.14% +26.58% +28.19%
ResNet18 Acc. Drop -2.01% -1.82% -0.89% -0.72% -0.14% +0.19%
ResNet18 R. Gain +31.11% +31.30% +32.23% +32.40% +32.98% +33.31%
NBDT Acc. Drop -2.30% -1.66% -0.84% -0.51% -0.22% +0.23%
NBDT R. Gain +34.56% +35.20% +36.02% +36.35% +36.64% +37.09%
Hard NBDT | Acc. Drop -2.85% -1.85% -1.06% -0.94% +0.23% -0.05%
Hard NBDT R. Gain +28.67% +29.67% +30.46% +30.58% +31.75% +31.47%

The dNDT and dNDF models show higher volatility on the noisy test set at lower p values. However,
from a p value of 0.2, the performance drop becomes closer to NBDTs and ResNet18 models. Based on the
performance of models trained with constant noise learning, NBDTs and ResNet18 models are less depen-
dent on varying probabilities of noisy images. The optimal performance, showing high accuracy on both
clean and noisy test sets, is achieved at p values of 0.2 and 0.4. The best robustness results are obtained with
p values of 0.6 and 0.8, causing a slight decrease in performance on clean images. The robustness gain
compared to the original baseline performance for each model is significant, even the smallest p of 0.05
provides a robustness gain from 21.83% on NDT to 34.56% on NBDT.

Incremental noise learning provides excellent robustness results with minimal performance drop on the
clean test set for ANDT, ResNet18, and Hard NBDT models, and a small performance improvement for
dNDF and NBDT models. A trade-off between accuracy on the clean and noisy test sets is minimal for every
model. Robustness gain performance ranges from 27.40% on NDT to 37.0% on the NBDT model. Results
are presented in Table 4.

Table 4. Incremental noise learning vs Original baseline performance

Model Clean acc. Noise acc. Acc. Drop Robust. Gain
dNDT 83.00% 82.59% -0.41% +27.40%
dNDF 83.86% 83.92% +0.06% +28.18%
ResNet18 93.25% 93.09% -0.16% +32.96%
NBDT 92.71% 92.84% +0.13% +37.00%
Hard NBDT 92.28% 92.23% -0.05% +31.47%

Figure 3. Loss changes of NBDT for constant and incremental noise learning

The constant learning method offers an adjustable trade-off between clean performance and robustness
on noisy images, while incremental noise learning provides more stable results without relying on fine-
tuning the application probability. Both methods can improve robustness to image perturbations without
compromising performance on clean images. Although the dNDT and dNDF models have lower baseline
performance, they achieve comparable robustness improvements using constant and incremental noise
learning training strategies. For a detailed comparison of constant noise learning with a p value of 0.6 and
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incremental noise learning, an NBDT model is selected. The training and validation loss for each training
epoch for both approaches is demonstrated in Fig. 3.

Training losses are almost identical across 40 epochs, starting with very similar initial loss values, then
steadily decreasing, showing a healthy training curve without overfitting. Validation losses have minor
changes, indicating that the two models generalize differently. A constant noise learning method achieves
slightly better final performance due to a lower loss with a notable spike at epoch 8, while incremental noise
learning demonstrates a more stable curve with fewer sharp spikes. Thus, the NBDT model trained with
incremental noise learning has a more stable validation loss progression. Although incremental noise learn-
ing demonstrates better stability during training and notable improvements, constant noise learning provides
a simpler implementation, showing identical results. It is determined to be the preferred method for improv-
ing the robustness of the models to noise in input data.

Overall, a ResNet18 model shows slightly better results across all experiments. Moreover, it signifi-
cantly outperforms dNDT and dNDF models in both training strategies, alongside the original training
baseline. This confirms the assumption that, while the NDT models offer better interpretability, they involve
some performance trade-offs. However, NDT models demonstrate comparable robustness improvements
with robust training methods, demonstrating that they can benefit from the CNN-based method to improve
robustness.

Conclusion

This work investigates the robustness of various NDT models, including dINDT, dNDF, NBDT, and Hard
NBDT, to perturbations applied by a Gaussian blur in input data. The CIFAR-10 dataset is used for training
models and validating experimental results. A ResNet18 model is used as a baseline for comparison with
NDT models. Using the original training baseline, all models experienced a significant performance drop on
images perturbed by a Gaussian blur. Two methods, originally developed to improve the robustness of CNN
models, are applied to enhance robustness: constant noise learning and incremental noise learning. Experi-
mental results demonstrate that both methods significantly improve robustness to noise for all models com-
pared to the original model training baseline. Outcomes of the two robust training methods are nearly
identical, showing no noticeable differences. Constant noise learning method offered an adjustable trade-off
between performance on clean and perturbed images, while incremental noise learning provided more stable
training results. However, constant noise learning is preferable for improving model robustness to noise in
input data due to the simplicity of implementation. The experiments show that even a small part of noisy
images significantly improves the robustness of the model.

Overall, NDT models demonstrate improvements in robustness to noise in input data comparable to the
baseline ResNet18 model using both constant and incremental noise learning methods, indicating that NDTs
can effectively benefit from adapted methods originally developed for CNNs.
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Moxpuii M. B., llsaii H. O.

CTIMKICTh HEMPOHHUX JEPEB PIIIEHD 10 IIYMY Y BXITHUX
JAHUX JJ5 3AJTAUI KJTACUPIKAILIL 306PAKEHD

Y pobomi docnioscyemuves cmitikicms Mooenel HellpOHHUX 0epes piuieHb, SIKL 00 €OHYIomb apXimeKkmy-
DY HelpoHHUX Mepedc | 0epes piuienb, 00 wymy y 6XIOHUX OaHux 01 Kaacugikayii 306padicens. byno 3a-
NPONOHOBAHO BUKOPUCHAMU 08A MEMOOU HABYUANHS 0/ NIOGUWEHHS CINILIKOCMI MoOeiell, SIKI NOYamKo80
BUKOPUCIOBYBANUCS 8 320PMKOBUX HEUPOHHUX Mepedicax. 3auymuents 30opasicens 3 nabopy danux CIFAR-
10 8i06ysacmuvcs 3a 00NOMO2010 Memoody 2ayciecbko2o posmummsi. Byno pozensanymo enius memooie niogu-
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V. Beimuk, D. Kuzmenko

ENERGY CONSERVATION FOR AUTONOMOUS AGENTS USING
REINFORCEMENT LEARNING

Reinforcement learning (RL) has shown strong potential in autonomous racing for its adaptability to com-
plex and dynamic driving environments. However, most research prioritizes performance metrics such as speed
and lap time. Limited consideration is given to improving energy efficiency, despite its increasing importance in
sustainable autonomous systems. This work investigates the capacity of RL agents to develop multi-objective
driving strategies that balance lap time and fuel consumption by incorporating a fuel usage penalty into the
reward function. To simulate realistic uncertainty, fuel usage is excluded from the observation space, forcing the
agent to infer fuel consumption indirectly. Experiments are conducted using the Soft Actor-Critic algorithm in a
high-fidelity racing simulator, Assetto Corsa, across multiple configurations of vehicles and tracks.

We compare various penalty strengths against the non-penalized agent and evaluate fuel consumption,
lap time, acceleration and braking profiles, gear usage, engine RPM, and steering behavior. Results show
that mild to moderate penalties lead to significant fuel savings with minimal or no loss in lap time. Our
findings highlight the viability of reward shaping for multi-objective optimization in autonomous racing and
contribute to broader efforts in energy-aware RL for control tasks. Results and supplementary material are
available on our project website.

Keywords: reinforcement learning, autonomous driving, energy efficiency, multi-objective optimiza-
tion, Soft Actor-Critic, racing simulation.

Introduction

As autonomous driving technology advances, it has the potential to reshape mobility, offering benefits
ranging from reduced traffic congestion to fewer accidents [5]. Yet, developing autonomous agents involves
complex challenges in perception, planning, control, and decision-making in unpredictable environments [8].

Within this broader field, autonomous racing has emerged as an insightful research area [1]. Like tradi-
tional motorsport, it pushes systems to operate at their limits, making it a powerful testbed for high-perfor-
mance, safe, and efficient algorithms [7]. RL has become a popular approach in this domain due to its
ability to learn from high-dimensional inputs [3, 9]. However, most current RL applications in racing focus
solely on maximizing speed or minimizing lap time [1]. Energy efficiency is rarely addressed, despite its
growing societal and environmental impact.

Our work addresses this gap by investigating how penalizing fuel consumption in the reward function
affects RL agent behavior. We aim to encourage the agent to balance speed and energy efficiency, forcing it
to learn non-trivial trade-offs. Our key hypothesis is that shaping the reward function to penalize fuel use
and incentivize speed leads to more energy-efficient strategies without significantly affecting lap time.

We evaluate agents across multiple vehicle-track combinations and penalty strengths. Results show that
even mild penalties can lead to significant fuel savings with minimal performance loss, in some cases even
outperforming baselines.

The results highlight the importance of reward design in multi-objective RL and contribute to the broad-
er efforts in energy-aware autonomous systems. Supplementary material and additional results are available
at https://nomadflamingo.github.io/assetto_corsa_gym/.

Related Work

Autonomous driving systems have traditionally followed a perception-planning-control pipeline, widely
used in both industry and research [1]. More recently, end-to-end systems using RL have gained popularity due
to their ability to learn complex behaviors through interaction with the environment [3]. RL has been success-
fully applied to tasks ranging from highway driving [11] to aggressive maneuvers like overtaking [10].
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RL has also shown potential in reducing fuel consumption. For instance, Kim et al. [6] trained a neural
network to predict the most fuel-efficient speeds based on road data and trip constraints. Yet, few studies
examine how RL agents adapt when fuel usage is treated as a direct constraint rather than a prediction target.
This leaves open questions regarding agent behavior under explicit fuel usage penalties.

Another limitation lies in the continuous reliance on simplified simulators that often lack realistic
vehicle dynamics; this limits the generalizability of learned policies to real conditions. Additionally, most
RL work assumes full observability, despite real-world agents operating without access to direct sensor
information [3].

Our work addresses these gaps by applying the Soft Actor-Critic (SAC) algorithm in a high-fidelity
simulator, compatible with the OpenAl Gym interface [2]. We introduce fuel efficiency objectives via re-
ward shaping, while excluding fuel level from the observation space to simulate real-world constraints.

Methods

We use the AssettoCorsaGym interface developed by Remonda et al. [7], which integrates a high-fidel-
ity racing simulator, Assetto Corsa, with the OpenAl Gym environment. Figure 1 shows an overview of the
AssettoCorsaGym platform.

Figure 1. The architecture of the AssettoCorsaGym platform [§]

We used the SAC RL algorithm designed specifically for continuous control tasks [4]. It offers strong
performance in autonomous racing benchmarks [7], as well as robustness in tasks that require balance be-
tween speed, control, and long-term planning [4, 7].

The setup included two tracks: Track A (Austria) and Track B (Monza) (Figure 2), and two vehicle
models: a lightweight Formula 3 series car (F317) and a heavier GT3 series car (BMW Z4 GT3). These
selections were made from the Assetto Corsa environment to align with the original AssettoCorsaGym da-
taset.

Track A offers a balanced layout for general driving evaluation, while Track B, containing tighter corner
sequences, tests performance in more challenging conditions.

The two vehicles differ in dynamics. The F3 series car is a lightweight and high-downforce car that is
nimble and agile, while the GT3 is a heavier, high-power vehicle that requires more cautious driving strate-
gies, especially during sharp turns.

We extended the AssettoCorsaGym platform to include fuel usage data in the reward calculation. The
reward function provided in AssettoCorsaGym is based on the car’s velocity and penalizes deviation from
the optimal driving line. It is computed as:

r=v-(l-a-d)

where v is the car’s current speed, d is the L2 distance from the optimal path (as determined by the simula-
tor), and a is a penalty coefficient [7].
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Figure 2. Two tracks chosen for training and evaluating the model in the Assetto Corsa simulator. Red triangles indicate the
start positions and directions.

To encourage fuel efficientcy, we extended the reward function with a penalty for fuel consumption. The
resulting reward function is defined as:

r=v-(l-a-d)y-b-f

where fis the change in fuel since the last timestep, and b controls the strength of the penalty. Notably, fuel
consumption data was excluded from the agent’s observation space to encourage the agent to learn through
implicit feedback.

We experimented with four values of the b coefficient — corresponding to approximate reward reductions
of 2%, 5%, 10%, and 20%, relative to the original reward function formulation. All training runs were per-
formed on an RTX 3060 laptop GPU. On average, it took approximately 48 hours to complete 500 training
episodes.

Experiments

We examined the effect of fuel penalties on RL agent performance during training.

Figure 3 (Top) shows that low to moderate penalties (2-5%) often improved lap times during early train-
ing compared to the baseline, particularly with the GT3 car on Track A. However, higher penalties (20%)
led to suboptimal policies that heavily prioritized fuel savings. On the more complex Track B, penalties
above 2% consistently prevented agents from completing valid laps.

Figure 3 (Bottom) shows the evolution of the fuel consumption rates per lap during training. Across all
setups, penalized agents consistently reduced fuel usage over time. This effect was strong on Track A for
both vehicles. On Track B, fuel savings were less noticeable and limited by the lower magnitude of the
penalty (2%), as higher penalties failed to converge.

Table 1 summarizes the best lap times and corresponding fuel consumption across all setups. On Track
A, penalties led to fuel savings up to 0.4L per lap without major performance drops. On Track B, even mild
penalties degraded performance and convergence. “DNF” values indicate failure to complete valid laps.

Table 1. Comparison of best lap times and corresponding fuel consumption rates per lap
during training across different setups

Fuel Penalty | Random Seed Best Lap Time (s) | | Fuel/Lap for Best Lap |
Track A, Car: GT3 series
0 94.97 1.88
0% 1 93.13 1.80
0 96.59 1.88
5% 1 92.57 1.59
2 95.09 1.47
1 94.35 1.44
10% 2 93.80 1.43
20% 1 115.93 1.01
Track A, Car: F3 series
0% 0 83.62 0.97
5% 0 83.86 0.90
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Fuel Penalty | Random Seed Best Lap Time (s) | | Fuel/Lap for Best Lap |
Track B, Car: GT3 series
0% 0 112.99 2.45
2% 0 113.85 2.39
5% 0 DNF DNF
10% 0 DNF DNF

Figure 3. Top: Evolution of the best lap times per episode during training. Bottom: Best fuel consumption rates per lap.
Different shapes represent different random seeds.

We compared the trained models against the baseline on Track A and Track B. On Track A, we tested
models with 0% and 5% penalties. On Track B, models with 0% and 2% penalties were tested. Models were
selected to have similar lap times for fair fuel efficiency comparison.

As per Table 2, the 5% penalty model on Track A used 0.19L less fuel per lap (10.7% savings) and was
faster by 0.18 seconds (0.2%). On Track B, the 2% penalty model saved 0.064L (2.6%) but was slower by
0.84 seconds (0.7%). Training durations were similar between models.
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Table 2. Performance comparison of agents trained under different fuel penalties
Best Lap Time Mean Lap Time FC for Best Lap | Mean FC Per Lap Training
Fuel Penalt .
: Y OF ® | (ON] (OF Episodes
Track A, Car: GT3 series
0% 92.964 92.975 1.842 1.841 768
5% 92.784 92.796 1.646 1.644 474
Track B, Car: GT3 series
0% 113.198 113.206 2.431 2431 560
2% 114.04 114.203 2.367 2.366 595

Figure 4 shows spatial differences in fuel usage and lap time. Penalized models consumed less fuel, es-
pecially before major turns. On Track A, the penalty also led to faster lap times. On Track B, fuel savings
came at the cost of slower lap times.

Figure 5 shows a comparison of driving behavior between the two models. On Track A, penalized agents
reduced acceleration, braking, steering amplitude, and engine RPM — all factors responsible for the in-
creased fuel consumption, directly or indirectly. On Track B, adaptations were weaker due to the lower
penalty level: acceleration and RPM decreased, braking remained similar, and steering angle amplitude in-
creased.

Figure 4. Spatial differences in fuel consumption and lap times between the two models on Tracks A and B. Percentage
changes are computed as the difference in mean values between penalized and baseline laps. Blue regions indicate a
decrease in the measured metric compared to the baseline, while red regions indicate an increase.

Results

Our experiments show that adding a fuel consumption penalty to the reward function leads to more fuel-
efficient policies without significantly reducing lap time. On easier tracks, mild penalties (<5%) often im-
proved both fuel efficiency and speed, with faster early convergence during training. However, penalties
above 10% led agents to prioritize fuel savings at the cost of increased lap time.

On the more challenging Track B, even a 2% penalty impaired performance, and higher penalties pre-
vented agents from completing valid laps, confirming that penalty effectiveness depends on both track dif-
ficulty and the magnitude of the penalty.
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Figure 5. Spatial differences in driving behavior between the baseline and penalized agents
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The agent learned key driving strategies to reduce fuel usage, mimicking real-world energy-saving strat-
egies used in motorsport, such as maintaining momentum and staying in higher gears. Interestingly, it
avoided early braking, likely suggesting that the agent prioritized maintaining speed over extra fuel savings.

Overall, the SAC algorithm effectively adapted to multi-objective rewards and learned fuel-efficient
driving strategies under realistic constraints.

Discussions

Our work highlights the ability of RL agents to adopt fuel-efficient behaviors given appropriate reward
shaping. However, several limitations remain that could be explored in future work.

First, experiments were limited to two vehicles and two tracks, raising concerns about generalizability. This
is particularly relevant since strategies learned on the simpler Track A did not entirely transfer to Track B.

Second, the agent lacked manual gear-shifting control and could only influence gears indirectly via
speed. This restricted fuel-saving techniques like short-shifting.

Third, the Assetto Corsa simulator runs only in real time, which considerably slows down training
(~48 hours per 500 episodes). This limited our ability to test alternative reward designs or repeat training
with different random seeds to ensure stability.

Notably, only one reward function design was explored. Future work could explore alternative formula-
tions, like penalizing fuel-related factors directly or adding a short history of past fuel usage to the state space.

Finally, fuel usage was excluded from the observation space of the agent to simulate partial observabil-
ity. While it did not prevent the agent from learning efficient strategies, future work could compare out-
comes with and without partial observability.

It would also be valuable to test these methods with other RL algorithms beyond SAC, or with classical
control frameworks such as MPC, LQR, or PID.

Conclusions

Our work explores the ability of RL agents in autonomous racing environments to adapt to multi-objec-
tive tasks that optimize both lap times and energy efficiency. We incorporated a fuel usage penalty into the
reward function and demonstrated that low to moderate penalties lead to considerable fuel savings with
minimal lap-time performance loss. The agents adapted by modifying their driving behaviors — reducing
acceleration, managing engine RPM through gear changes, and increasing steering smoothness. However,
these effects did not transfer to more complex tracks, where even small penalties impaired learning, high-
lighting the need for environment-specific penalty calibration.

Overall, our results suggest that RL can be effectively used to balance performance and energy effi-
ciency. Future work could focus on generalizing these strategies across additional tracks and vehicles, and
explore alternative reward function designs or observational conditions.
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3BEPEKEHHS EHEPI'II 1JI1 ABTOHOMHUX ATEHTIB
I3 BUKOPUCTAHHAM HABYAHHA 3 NIAKPINIVIEHHAM

Memoro pobomu € 00CAIOHCEHHA MOHCIUBOCTHEL ANICOPUMMIB HABUAHHS 3 NIOKPINIEHHAM 018 (opmy-
8aHMsL cmpameziii A8MOHOMHO20 OOIHHS 3 YPAXYBAHHAM KOMNPOMICY MidC eHepeoeekmugHicmio ma
WeUoKicmio.

Poboma peanizosana 3 euxopucmarnuam aneopummy Soft Actor-Critic y cepedosuwyi Assetto Corsa wins-
XOM 000a8anHa wimpaghy 3a umpamy naibHo20 y PYHKYII0 8UHA20poou. J{oCioxHceHO 6NIU8 PI3HUX Di6HIE
wmpaghy Ha eumpamu naIbHO20 Ma WEUOKicmy pyxy. Taxosc npoananizoeano Ki406i N08ediHKO8i 3MIHU,
30KpeMa NPUcKopeHHs, obepmu 08uUcyHa, nepedaii ma amnaimyou Kepmogoz2o Kyma.

KurouoBi cjioBa: aBTOHOMHE BOJIHHS, HABYAHHS 3 MIJKPITUICHHSAM, KOMIIPOMIC IIBHKICTh-C()CKTHB-
HICTh, €HEproe(heKTUBHICTD, CUMYJIALLIS TICPETOHIB.
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BUKOPUCTAHHS OJHO- TA BATATOMOBHUX MOJEJEN
HA BA3I BERT JJ1 BUPIINEHHA 3AJAY ABTOMATHYHOI'O
OBPOBJIEHHA TEKCTIB

06’ exmom docnioxcenns yiei cmammi € 00HO- ma bazamomosHi mooeni na ocnosi BERT. IIpedomemom
docniodcents 6yn0 NOPI6HAHHA NPOOYKMUSHOCME makux mooeneli Ha 3a80anuax OIIM i3 nazonocom Ha ix
3acmocy8anti 0sl YKpaincokoi mosu. Memooonoziuny 0cHo8y NOPIGHAILHO20 AHANIZY CMAHOBULO GUKOPU-
CIMAHHsL CMAaHOAPMHUX Ni0X00i8 00 HABYAHHS MA OYIHKU Moodenell. Y 00CiONceHHi GUKOPUCTIOBYBANUCD
docmynHi Odxcepena iHghopmayii.

3azanom pesynomamu 00CnioNceH s C8IOHAMb NPO me, Wo 1K 0OHOMOBHI, MaK i bazamomo8Hi Mooeni Ha
ocnosi BERT mooicymo Oymu epexmuenumu 015 supiutenst 3a60anv OIIM 3anedicho 610 KOHKpemHoi Mogu,
3a80anHsI Ma 00CHMYNHUX pecypcis. Xoua 00HOMOBHI MOOENT Yacmo nepeseputyioms OazamomosHi y 3a60aH-
HAX CBOCI KOHKPEMHOI MO8U, 6A2AmMOMOBHI MOOEi MONCYMb MAMU nepesazy, Koau pecypcu O1a HA8UaHHs
00HOMOBHUX MOoOenell oomediceri. TIposedene nopisHsnHs pobomu 00HO- Ma 6A2aMOMOBHUX MoOenell OJisl
PI3HUX MO8 000AMKOB0 NIOKPECTIUNLO BAHCIUBICTND NPOBEOCHHSA OKPEMO20 NOPIGHAHHA iX 3aCMOCYBAHHA 04
VKPAIHCbKOI MOBLU.

Ilpogedenuii ananiz cnpuamume CmMEOPEeHHIO KOMHIEKCHO20 VKPATHOMOBHO20 OEHUMApKY, WO NOKpa-
wumo sIKicmos mooenel i cmumymosamume Hogi 0ocaioxcents y eanyszi OIIM 0ns ykpaincokoi mMogu, po3po-
OnenHst HOBUX, OinbU eheKMUBHUX MOoOeTel.

KirouoBi ciioBa: 00po0iIeHHs MPUPOIHOT MOBH, BEITMKI MOBHI MOJIETTi, 01IHO- Ta OararoMoBHi Mozieni, BERT.

Beryn

OcraHHi TOCTiKEHHS y cdepi NTMO0KOro HaBUaHHs, 30KpeMa CTBOPSHHS Ta BUKOPUCTAHHS MOJIENeH Ha
OCHOBI apxitektypu Tpancopmepa [1], sk-or BERT [2], 3HauHO pO3MIUPHIA MOXKIUBOCTI JUIsl BUPIIICHHS
3aja4 00poOneHHs npuponHsoi MoH (OIIM).

CyuacHi MoJieITi 3a3BUYail TPEHYIOTHCS Y JIBa €Talu: 0a30Be HaBUYAHHs HA BEJIMKUX HEPO3MIYCHUX MOB-
HUX KOpITycax i TOHABYaHHS Ha MCHIIMX HAOOpax JaHWX, CHCHU(ITHUX I 3aBAaHHs. Y pe3yasTari 6a3o-
BOTO TPEHYBAHHS MOJICTIi HABYAIOTHCS «PO3YMITH» MOBY Ta IepeadadaTy CIoBO, IKe HalKpalle BiAoBigae
KOHTEKCTY. SIKICTh pe3yabTaTy HbOr0 HaBYAHHS HANPSIMY 3aJIC)KUTH BiJ SKOCTI i, HAWBaXKIIHBIIIE, PO3MIpY
HaBYAJIBHMX JTAaHUX (Cy4acHI MOJeJi TPEHYIOThCS Ha TepabaiiTax Hepo3MiueHUX JaHuX). [ momymspHux
MOB, HAIPHUKJIA]l aHITIHCHKOI Y KATAWCHKO1, BEJMKI MOBHI KOPITYCH BiJIIYKAaTH JOCTaTHBO JIETKO, THMYa-
COM SIK JUII MOB 13 HU3BKHMH pecypcaMy KOMIUICKTYBaHHS HA0Opy TPEHYBaJIbHUX JOCTAaTHHOTO PO3MIpy €
BiJJ4yTHOIO IPOOIEMOIO.

JloCcUTh TIEPCHEKTHBHOIO aJFTEPHATHBOIO IS MOB 3 OOMEXKEHHMH pecypcaMH CTaln 0araTOMOBHI
(multilingual) momeni. I1i Momemi HaBYAKOTHCS Ha 3TUTUX KOpIycax 0araTh0X MOB 1 MOKa3yIOTh BUCOKI pe-
3yJlbTaTd Ha Oarathox i3 HUX. s MOB i3 0OMEXEHOIO KITBKICTIO pecypciB AJIsi HABYAaHHS OaraTOMOBHI
MoOZeTi ofpa3y MOKa3yBalH IEepPeOBI Ha TOW 4yac pe3ynbTaTH. [IpudymHa HEOTO — KPOC-JNIiHTBiCTHYHHN
TpaHcdep, ab0 MepPeBUKOPUCTAHHS 3HAHD IIPO OAHY MOBY JUIS pO3yMiHHS iHIIO1. Cx0Xuii TpaHChep MOMIT-
HUH y JIOMAX, SKi MICIs BUBYCHHS (hpaHIy3bK0i MOBH MOXKYTh Ha0araTo IIBU/IIC BUBYATU aHIIIHCEKY —
yepes CXOXki clioBa, abeTku, OymoBy pedeHHSs, 1IIOMU Ta 3alO3WYeHHS MiX MoBaMH. OTxe, 6ararToMOBHI
MOZET MOXYTh IIEPEBUKOPUCTOBYBATH IIEBHI «3HAHHS PO MOBH 3 BEJIMKHMH pECypcaMu Ha MOBax 3 00-
MEXECHUMH PECYpCaMH.

Y HayKOBI# JliTepaTypi 0araTto BUBYAIOTh MOMKJIIMBOCTI OJTHO- 1 6araroMOBHUX Mojielnei. JIesiki 1o CmiHKeH-
HS IGMOHCTPYIOTb, III0 OJJHOMOBHI MOJIEJTi ITepEeBEPIIYIOTH 6araToMOBHI Ha 0ararbox 3aBIAaHHAX OHi€] MOBH.
Hanpuknan, nocmimpkenns [ 17] mokasano, mo oqHoMoBHa (inckka monens BERT nepeBepiiia 60araToMOBHY
mozens BERT Ha pi3HuX 3aBaaHHAX (iHCHKOT MOBH. [HIIN TOCTiIXKEHHSI TOKa3yIOTh, IO 0araToMOBHI MOJIeIT

© Bawnin /1. O., 2025
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MOXYTh OIHOYACHO OyTH e(EKTHBHHUMH JJIsi BEIIMKOPECYPCHUX MOB 1 IMOKAa3yBaTH Kpallli pe3yJbTaTd, Hik
OZIHOMOBHI 75l TUX MOB, 1€ pecypcu 0OMexeHi (HalpHKiIaj] y BUMAAKY HOPTYTalbChbKOI MOBI).

OO0’ €eKTOM JIOCIIJKEHHS 11i€T CTaTTi € 0JJHO- Ta OaraToMoBHI Mojielni Ha ocHoBi BERT. Ilpeamerom jo-
CIIiJKeHHs OyJI0 MOPIBHAHHS MIPOIYKTUBHOCTI TakuxX Mopeneit Ha 3aBranHax OIIM i3 Haronocom Ha ix 3a-
CTOCYBaHHI JIISl YKpaiHCbKOT MOBH. MeETOOIOTIYHY OCHOBY MOPIBHSJIBHOTO aHAi3y CTAHOBHIIO BHKOPH-
CTaHHA CTaHAAPTHUX MiIXOJIB IO HABYAHHS Ta OLIHKU MoJeNiel. Y NOCIiPKeHHI BUKOPUCTOBYBAIUCH J10-
CTYIIHI JUKepena iHpopMaIlii.

JocmikeHHs Mae SIK HayKOBe, TaK i MPaKTHYHe 3HAYeHHs1. 3 HayKOBOT'O IOy BOHO J0IIoMarae Kpare
PO3YMITH KOMIIPOMIC MiK BHKOPHCTAHHSIM OJHO- Ta 0araTOMOBHHX MOJENCH 1 MOTEHIIHHI 0COOIMBOCTI
KOXKHOTO 3 MiJIXOAIB. 3 MPAKTHYHOTO OOKY — PEe3ylbTaTH JOCTIKEHHS MOXHA BUKOPUCTOBYBATH IS 3Ba-
JKEHOTO 00paHHs HAHOIIBII ONTHMAJIBHOT MOJICITI [Tl KOHKPETHOTO 3aBIaHHs. 3i0paHi pe3ysibTaTH MopiB-
HSIHHS Ta NEpeliK MOAeNel MOXHA TAaKOX Y3SATH SIK OCHOBY JJISI CTBOPEHHSI KOMIUIEKCHOTO OeHUMapKy
OLIIHKH MoJieNiel UIsl yKpaiHChKOT MOBH.

1. OcHoBHi moHATTHa Ta Moaeai OIIM

O6pobnenns npuponHoi MoBH (OIIM) nepenbdadae Oe3mniv 3apaaHb, CIPIMOBAaHHUX Ha Te, 00 iHTeNeK-
TyallbHI IPOTpaMHi CUCTEMH MOTJIH PO3yMITH, IHTEPIIPETYBaTH Ta FeHEpPYyBaTH JIIOACHKY MoBy. Cepen oc-
HOBHUX 3aBJlaHb, 1[0 BUPILIYyIOThCA Y cepi OIIM, BUALIAIOTH TaKi:

o xiacugikamis Texery (Text Classification), mo oxorutoe anani3z HacTpoiB (Sentiment Analysis), Ki1acu-
¢ikanito Tem (Topic Classification), BusiBnennsi cmamy (Spam Detection), BusHadenHst Hamipy (Intent
Detection);

e MapKyBaHHs nochifoBHocTel (Sequence Labeling) 3 Haromocom Ha posmi3HaBaHHS IMEHOBaHHUX CYT-
Hoctei (Named Entity Recognition, NER), po3miuyBanns yactun Mo (Part-of-Speech Tagging), rpy-
myBanHs (Chunking, Shallow Parsing), Busnauenns napametpis (Slot Filling);

o reHepais moBu (Language Generation) 3 mig3agadamu renepaitii Tekety (Text Generation), MaTHHHO-
ro mnepexnany (Machine Translation), crtuciaoro Buxiaay (Summarization), nepedpasyBaHHS
(Paraphrasing), renepartii mianoris (Dialogue Generation);

o mopiBHsHHA TekcTy (Text Comparison), o oxoruiroe migzagadi cxoxxocti TekeTy (Text Similarity), Bu-
3HaveHHs nepedpasysanns (Paraphrase Identification), oliHKH CEMaHTUYHOT CXOXKOCTI TEKCTY (Semantic
Textual Similarity);

o iHdopmaniiianit momyk (Information Retrieval);

anani3 Tekcty (Text Analysis);

po3yminns MmoBH (Language Understanding).

Moneni 00poGieHHs TPUPOJHOT MOBH — L€ CKJIaJIHI aJTOPUTMH, sIKi CTBOPEHI AJIsl pO3YMiHHS, iIHTep-

npeTanii Ta reHeparii Toachkoi MOBM. IX TpeHyBaHHs Ta HaNaIITyBaHHA BifOYBaIOTHCA Y KilbKa ETarliB,

KOXKEH 3 SIKUX IOKpAIILy€e IXHIO 3/1aTHICTh BUKOHYBaTH KOHKPETHI 3aB/IaHHs B 0OpOOJIEHH] IPUPOJHOT MOBH.
[lepmum etanom y TpeHyBaHHI € 30MpaHHs JaHUX Ta ToTepeaHe 00pooieHHs. OCHOBOIO 1Jis OyIb-SKOi

Mmozeni OIIM e Benukuii (TepabaiiTu naHHX) 1 pi3sHOMaHITHUI (Pi3HI XaHpH, AxKepena, Gopmatu) HaOip

TEKCTOBUX JIaHUX. Taki JaHi MOXKHA OTPUMATH 3 KHIDKOK, CTaTel, BeOCAKTIB, COLIaJbHUX MEPEX Ta 1HITHX

JpKepell, 10 BiANOBIIA0Th I[iTbOBiH 3aaaui. [loTiM He0OpOOIEHNH TEKCT OUHUIYIOTh BiJl IIyMY, BUIIPABIIs-

0T IOMUJIKA Ta IPUBOMATE Y (popMar, MpUIaTHHHN TSI BUKOPUCTAHHS MOZIEILITIO.

HactynzuM etanom € BiIyueHHs xapaktepucTuk. Mozerni OIIM He MOXXyTh O€3M0cepeiHbO MPaLioBaTH 3
HEeoOpOoOIeHNM TeKCTOM. BOHYM NOKIIa1at0ThCsl HA YKCIIOB] TIPEICTABIICHHS CJTiB 200 TXHIX YacTHH (HAIPHUKIIA,
CHMBOJIM 4H (pparMeHTH ciiB). 1 1bOro BUKOPUCTOBYIOThCS TaKi METOAM, SIK BKIamaHHs cniB (Word2 Vec,
GloVe) abo GinbIir ckITaIHI MOZIENi Ha OCHOBI apXiTekTypu Tpanchopmepis (BERT, GPT), mo nepeTBoproroTh
CIIOBa Ha BEKTOpHU y OararomipHOMY TipocTopi. Lli BEKTOpH 3aXOTUIIOI0Th CEMaHTHYHI 3B’ 13KH MiXK CJIOBAMH, SIKi
CXOXKI 32 CEHCOM 1 OylyTh MaTH BUCOKHI KOCHHYC MOAIOHOCTI Mi>K BEKTOpaMH-PEIPE3CHTALIIIMH.

Bubip apxiTekTypu Mozeni 3aJ1eKuTh BiJ KOHKpeTHoro 3apaaHas OIIM. Hanpukmnan, ans HeCKIaIHuX
3aBJaHb Ha 3pa30K «IMOCIIJOBHICTh — IMOCIIJOBHICTY (MAIIMHHUI NIepeKian) MOXKYTh OyTH TOCTaTHIMU
pexypeHnTHi HeliponHi Mepexi (RNN). 3aBnanns kinacudikanii cnamy Moxke OyTH BUpIlIeHE 1 HAIBHUM Oae-
coBHM Kiacugikatopom. [lommpena 3apas TpanchopMepHa apXiTEeKTypa cTaja AyXe MOMYJIIPHOIO 3aBISKH
YHIBEPCAIBHOCTI  3JaTHOCTI HABYATHCS BUSBISATH 3B’SI3KM MK €JI€MEHTaMH TEKCTY, PO3TALIOBAHUMH Ha
Pi3HUX BificTaHAX. BOHW BHPIIIYIOTH MPOOIEeMy 3racaHHs BaXJIMBOCTI KOHTEKCTY U PeryysipHOTO nepepa-
XyHKY KOHTEKCTHHX Bar y peKypeHTHHUX apXiTEKTypax.
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Monens TpeHy€eThCs 32 JONOMOTO0 QITOPUTMY HaBYAaHHS 3 YIUTEIIEM, HAIPUKIIA]], CTOXaCTHIHOTO T'pa-
JieHTHOTO cmycky. Ilig yac nporo Baru (yHkuii, sIKy CTAHOBUTH MOJIEIIb, IIOCTYIIOBO 3MiHIOIOTECS, 11100
JOCSTHYTH TI00AJBHOTO YH JIOKAJIBHOTO MiHIMyMy. YacTo 3aBmaHHSM Ha erari 0a30BOro TpeHyBaHHS
€ IIpocTe nependadeHHs cioBa y KoHTeKcTi. Harmpuknaza, Moaesnp HaB4aeThes nepeadadyBaTH «3aMacKoBa-
He» CIIOBO y pedeHHi. J[j1si Takoro 3aBJAaHHsS HE TMOTPiOHI PO3MIYeHi JaHi, 1 JJIS HaBYAHHS MOTEHIIHHO
MOXHA CKOPHCTATUCS OyIb-SKUM SKICHUM TEKCTOM Ha LiJTbOBiil MOBI.

Hpouec MOHKO20 HaAlawmyeanHs

[Tompu Te, mo momeni, taki sik BERT, yxe MaroTh 3araimpbHe po3yMiHHS MOBH (BMiHHS Tiepeabadaru
CJIOBa Y KOHTEKCTI), — LBOTO HEAOCTATHBO JUIs OUIbIN crienudivHuX 3aBaaHb. bazoBa Moaens MOXe JuIie
nepeadadyaTH MacKOBaHi CIIOBA, a BIJAIOBITHO JUTsl OUTBIIN CKIIATHOTO 3aBJaHHsI, SIK-OT BiJIIIOBIIb HA ITUTAHHS
9M NepeKa3 TEeKCTY, MOAieNb Mae OyTH JIOHABUCHA Ha po3MiueHMX JaHMX. Lli naHi 3a3BU4ail MarOTh 3HAUHO
MEHIIMK 00cAT 1 O1TbIT C(hOKYCOBAHI, Hi’K OPHTIHAIBHI TPEeHYBaIbHI Habopu. /)i TpeHyBaHHS MOJIEINI, sSKa
BiJINOB1/Ia€ HA TUTAHHS, TAKUM HAOOPOM JaHUX OyIyTh Mapu «IUTAaHHS — BiAMOBIIbY.

3aMicTh TOTO, 00 HABYATH MOJEND «3 HYJISD», IPOILIEC TOHKOTO HAJAIITyBaHHs TOYHHAETHCS 3 BUKOPH-
CTaHHA BXXE HAsBHOI IIOMEPEAHbO HABUEHOI MOJIEII, SIKY alalTyIOTh i/l KOHKpeTHe 3apaanHd. Lle nae smory
«TIEPEBUKOPUCTATH» 3HAHHS, OTPHMaHi 3 BEIMKOTO HECTPYKTYPOBAHOTO HAOOpYy MaHUX MiX Yac IoIe-
penHboro HaBuaHHs. JloJaBaHHs HOBHX JaHUX, AKi ONU3bKi 0 KiHIEBOTO 3aBIaHHS, JONIOMAarae HaJlamTy-
BaTU MOJIEIb JUTS BUPIIICHHS KOHKPETHHX 3a/ad.

3anexHo BiJ 3aBJaHHS MOXKE BUHHKHYTH IOTpe0Oa B HE3HAYHUX 3MiHAX apxiTekTypu mozeni. Hampu-
KJIaJ1, JUTs aHaJTi3y HACTPOIB MOYKHA JTOJIATH J0 Mojielli KiacuikamidHui map HelHpoHiB a00 pO3MOPO3UTH
Jeski mapu 6a30Boi Mofeni. Taki moTpebu 3a3Buyail BU3HAYAIOTh EMITIPUYHO, X04a Y CILIBHOTI JOCTIIHH-
KiB 4acTO BXKE € BiANpaIiboBaHUi HA01p 3MiH, SKi MOTPIOHI I BUPIIICHHS KOHKPETHHUX MPOoOIeM.

ToHke HanamTyBaHHS Nepeadadae ONTUMI3AIIIO TileprapaMeTpiB, SK-0T MBUAKICT HABYAHHS, PO3MIP
MakeTa JaHuX 1 KUTbKICTh emox HaBdaHHsI. Lle 103BoMse JOCATTH HAWKpaIIol MPOXyKTHBHOCTI Ha crierudid-
HUX JIJIsL 3aBAaHHs JAHUX | TAKO)K BU3HAYAETHCS SMITIPUIHO.

Oonomosnuit BERT

Onuaomoruuit BERT (Bidirectional Encoder Representations from Transformers — aBonanpariieHe
KOAyBaHHS NIPEJCTaBIEHb i3 TpaHC(OpMEpiB) — 1€ MOBHA MOJEINb, KA BHUKOPHUCTOBYE TPAaHC(HOPMEpPHY
apxiTektypy. BoHa cknamaeThest 3 mapiB camoyBaru (self-attention) i HEHPOHHHX MEPEX MPSAMOTO MOIIH-
peHHs. Mogzenb IornepejHb0 HAaBYAEThCS Ha BEJIMKUX OJHOMOBHHX KOpIlycax uepe3 rependadeHHs 3a-
MAacCKOBaHOTO TOKEHA Y HEPO3MIYEHOMY TEKCTi. Y IIbOMY METOJII YaCTHHA BX1IHUX TOKCHIB BHIT4JKOBO Ma-
CKYETbCS, a MOJIEJIb HABYAETHCS IPOTHO3YBATH iX HA OCHOBI KOHTEKCTY [2].

Takwit miaxin po3soisie BERT 3anmam’stoByBatH iH(OpMaIliro mpo MOBY 3 HECTPYKTYPOBaHHX JaHUX,
SIK-OT 3HAYEHHSI OKPEMHUX CIiB, MOPSIOK CIIiB y PEUEHHI Ta rpaMaTH4Hi KaTeropii. 3aBASKH [bOMY MOJAETb
MOYKHA JIETKO HaJIaIITyBaTH JJISl PI3HUX 3aBJaHb 13 MiHIMAJbHHUMH MOTU(IKAIISAMY, CIICITUPIIHAME IS
3aBJIaHHSI.

[Ticns Buxoay BERT mokasar ofHi 3 Haiikpammx pe3yiisTariB B 11 3aBnaHHIX 00pOOIeHHS TPUPOIHOT MOBU
[2] i cTaB OCHOBOIO TS YMCIIEHHNX MaiiOyTHiX Mozenel, Takux sk RoOBERTa [21], DistilBERT [7] Ta inmmi.

bacamomosnuit BERT

Po3pob6ieni 6araromoBHi BapianTu BERT, nanpuknag mBERT 1 XLM-RoBERTa [24], po3mmpiooTs
MOYJIMBOCTI MOJIE JUIsl poOOTH 3 KiJibkoMa MoBamu. L{i Mojieni HaB4aroThes Ha 00’ €JTHAHUX KOPITyCax JIo
100 MOB, BUKOPHCTOBYIOUH CITIIbHY 1H()OPMAIit0 Mi>K pi3HUMH MOBaMH I IOKpaIlleHHs pOOOTH Ha OKpe-
MHX MOBaXx, a 0COOJMBO JJIsi MOB i3 HU3bKHM PIBHEM PECYpCIiB, TAKUX K yKpaiHChKa [24].

OcHOBHa ijiest TOJISIra€ B TOMY, LIO JITepH Ta (parMeHTH CIIiB 4acTO 30iraroThCs y CXOKHUX MOBAX, 110
CTIPOIIy€ TPEHYBaHHsI TOKEHI3aTOpa, a TAKOXK 0araTo MOB MarOTh MOMIOHY CEMAaHTUYHY CTPYKTYPY, JIOTiKY
noOyaOBH CIIiB UM HABITh CINbHI CI0BA. BUKOPUCTOBYIOUN 6araTOMOBHI KOPIYCH, BIA€THCS 3HAUHO 30171b-
[IUTH PO3MIp TPEHYBAILHUX JaHUX, & MOJICTh MOXKE CKOPUCTATHUCS 31 CXOXKOCTI Pi3HUX MOB.

[Ipote edextuBHicTh 6araroMmoBHUX Moneneld BERT mMoxe BapiroBaTuCs 3a1€XKHO BiJl KOHKPETHOI MOBU
Ta 3aBIaHHsA. BOHH JTEMOHCTPYIOTh BUCOKY NMPOAYKTHBHICTH Ha MOBaxX i3 BEJUKOI KUIBKICTIO pecypciB
(HampukIaz, aHrIiiicbka, KUTalChbKa, iICTIaHChKa), OHAK TXHi pe3y/IbTaT Ha MOBaX 13 HU3bKUMHU peCcypcamu
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MOXke OyTH 0OMexeHo. bazoBa mpuvHMHA IFOr0 — HEJOCTATHS PENPE3CHTOBAHICTh PO3YMIHHS MOBH Y Barax
Mozeni. UuM O1iIbIry 4YacTKy CTAHOBIATH JAaHI MEBHOI MOBU B TPEHYBaJIbHOMY Habopi, TUM KpauuMu Oy-
JYTh PE3yABTATH MOJIEI JJIS ITi€T MOBH.

Xoua mozmeni BERT nocsiu 3HauHHX yCHiXiB Ha MOMYISIPHUX MOBAaX, yCe II€ iCHYIOTh BUKIIHKH JJIS
MOB 13 HEJIOCTaTHIMU pecypcamu. OOMex)eHa JOCTYITHICTh SKICHUX 1 JOCTaTHIX 3a 00CAroM Ha0OpiB Ha-
BUYAJIbHUX JaHUX U TUX MOB MOXKE IEPCHIKOIKATH HpOﬂyKTI/IBHOCTi K OAHOMOBHHX, TaK 1 6aFaTOMOBHI/IX
mopeel. [TutanHst Toro, sKi 3 TBOX MoJieJied € OUTbIT e(heKTUBHUMH JJI1 KOHKPETHOT MOBH, MOYKHA BU3HA-
YUTH JIUIIE eMITiPHYHO.

2. baraTo- Ta OIHOMOBHICTH Y MOBHUX MOJ€JISIX

Bubip mMixx 6araTOMOBHUMH Ta OJHOMOBHUMH MOJCJSMH JUIS 33724 OOpOOJIEHHS TIPUPOIHOT MOBH €
CKJIaJTHUM, OCKIJIBKHM KOXKEH MiJIXiJ] Ma€ CBOi NIepeBaru Ta HEJAOIKH.

BararoMoBHI MoJIeITi, HABYCHI HA JJAHKX 13 KIIBKOX MOB, TIPOJIEMOHCTPYBAIN BEJIMKI MOXKIIUBOCTI. BoHM
MOXYTb JOCATATH MEPEAOBUX PE3ylbTaTiB y HIMPOKOMY Aiana3oHi MOB, 30epiraiouu Mmpu IbOMY BHCOKY
MPOAYKTUBHICTh Y MOBaX i3 BEIMKAMU pecypcamu [ 14]. Takuid «KpOC-TiHTBICTUYHUHN TpaHCc(epy T03BOIISIE
MOJZIETISIM BUKOPHCTOBYBAaTH 3HAHHA, OTPUMaHi B OfIHill MOBI, A7 iHIIMX MOB, 10 OCOOIUBO KOPUCHO IS
MOB 3 OOMEXCHHMH pecypcami [24].

Astopu [16] mokasainu, o 6ararToMoBHI MOJIeNli MOXKYTh JJOCSTaTH HaOIMKEeHOT a00 HaBiTh BUIIOT MPO-
JNYKTHBHOCTI Ha JEKIILKOX MOBaxX MOPIBHSIHO 3 OJHOMOBHHMH MojelsasMu. LlikaBo, mo Taki pe3yibTaTtu
JOCATAIOTHCS, HE3BAXKAI0UY HAa HABYAHHS HA 3HAYHO MEHIIIN KITBKOCTI TAaHUX Y UX KOHKPETHUX MOBaX.

BonHouac, oTHOMOBHI MOJIeJTi YaCTO MOXYTh MEPErHATH CBOI 0araTOMOBHI aHAJIOTH y JIEIKHX 3aBIaH-
HSIX, 30KpeMa y BUSBJICHHI MOBH BOPOXHEUYI Ta T€HEepyBaHHI pedeHb [19; 6]. Llg BuIa NpORyKTUBHICTH
MOYKe OyTH TIOB’si3aHa 31 3IaTHICTIO OJJHOMOBHOT MOJIJTi TIIMOIIIE PO3YMITH HIOAHCH 1 TOHKOIII O/THI€T MOBH,
a He PO3MOALIATH CBOI peCypcH MiX KiIbKkoMa MoBamH [22]. BakIMBUM TakoX € TUM JaHUX, Ha SIKUX Tpe-
HyBaJlacsi MoJielib. bararoMOBHI MojIelli 4acTO HaBYaKOTh Ha AaHWX i3 Bikinenii abo oHJIaiH-BUIaBHUIITB.
JocnigHuky, SKi TPeHYI0Th OAHOMOBHI MOJIETIL, MOXYTh IPUALIUTH Oijbllle yacy Ha 30MpaHHs O1IbII Hillle-
BHX HaOOpiB JaHuX. bamaHc Mik OMHOMOBHUMH Ta 0araTOMOBHUMH MOJIEJISIMU JOCUTH IikaBui. Hampu-
KJIaJl, y AKX JOCTIKEHHSIX IEMOHCTPYIOTh, 10 OaHaJIbHA 3aMiHa 6araTOMOBHOTO TOKEHi3aTopa Ha Of-
HOMOBHHI MOYKE 3HAYHO IMOKPAITUTH MPOIYKTHBHICTh Maiyke Ha KOXKHUX 3aBJaHHi Ta MOBi [13].

KirouoBuMm (axtopom, 110 BIUIUBA€E HA TPOXYKTUBHICTD, € PiBEHb NIPEJCTABICHHS MOBH B MOJieli. MoBH,
sIKi TOOpe penpe3eHTOBaHl y CJIOBHUKOBOMY 3amaci (0a30BOMy TpeHYBaJIbHOMY HabOpi) 6ararToMOBHOI MO-
JIelli, 9acTO NIEMOHCTPYIOTh He3HAYHE 3HM)KEHHS TOYHOCTI MOPIBHSIHO 3 IXHIMU OJJHOMOBHHUMH aHAJIOTaMHU
[13]. TIpoTe 0JJHOMOBHI MOJIEJI 3a3BUYal MOKa3ylOTh Kpallli pe3yJIbTaTH Ha MOBax, SKi 3aiMarOTh HEBEJIH-
KM B1JICOTOK CIILIBHOTO KOPITyCy OaraToMOBHOI Mojiei. 301IbIIeHHS po3Mipy 6araToMOBHOT MOJIETIi MOXe
JIOTIOMOTTH BHPIIIUTH ITI0 MPOOIIEeMY, TO3BOJISIFOUN MOJISITI BUIIISATH OLJIbIIIE MOTY>KHOCTI Ha KOYKHY MOBY
[22]. ITpuxnamoM € moxens Poro 34B i3 34 minesipaamu nmapameTpiB, HaBueHa Ha (DiHCHKiM, aHDIINHCHKIH
1 MOBax MMpOorpaMyBaHHSI, sIKa 3HAYHO IEePEBEPIIyE HABHI OJJHOMOBHI MOJICITI JJIsi MEHII PENPE3CHTOBAHUX
MOB, TakuX siK Qincbka [20]. Llle omHuM BaxJIMBUM (PaKTOpOM € BIUTMB OaraTOMOBHOCTI Ha YIEPEIKEeHICTb.
JlocniKeHHS TTOKa3yI0Th, O 0araTOMOBHE IOHABYAHHS 1HOZ1 MOJKE ITOCHITIOBATH YIIEPEIKEHHS MTOPIBHS-
HO 3 OJJHOMOBHHUM JIOHABUaHH:M, X0o4a e(heKT He 3aBkIu € ToB’s3aHuM [5]. Lle migkpecnoe HeoOXiAHICTh
peTeNbHOI OLIHKH Ta 3MEHIICHHS yIIepeIKeHb Y 0araTOMOBHAX MOIEIISIX.

3pemroro, BUOIp M’k OTHOMOBHUMHU Ta 0araTOMOBHUMH MOJIENISIMU 3aJICKHUTD BiJl KOHKPETHOTO 3aBJaH-
Hs, TOCTYITHUAX PECYPCIB 1 UILOBUX MOB. Y JIESKHAX BUTIAJIKAX, SIK 13 MOPTYTaJIbChKOI MOBOKO, OO IBa THITH
MozieTIed MOXYTh JOCATAaTH MOPIBHSHHUX PE3yJbTariB, M0 poOUTH BHOIp MeHII KpuTHuHUM [8]. OmHak
B IHIIIMX BUTAJIKaX HEOOXITHO PETEILHO 3BaXKUTH KOMIIPOMIC MI’K KPOC-JIIHTBICTHIHHM TpaHCHEPOM i crie-
Hiaizariero Ha KOHKpeTHiH MoBi. [IopiBHAHHS pe3yabTaTiB OMHOMOBHUX Ta 0araTOMOBHHX MOAENEH s
YKpaTHCHKOT MOBU MOXKE BKAa3aTH, Y SKHX HampsMax TOCIiIHWKH MMOBHHHI MPHUIUTATH OibIlle YBard Iis
PO3pOOICHHS SIKiICHUX YKpalHOMOBHUX HaOOpIB JaHUX 1 MOJeseil.

3. OIIM ykpaiHCbKOI MOBU Ta BUKJIMKH

VYkpaiHcbka MOBa, IO HAJIEXKUTH JIO CXiTHOCIIOB  THCHKOT MOBHOI ciM 1 iHI0€BpoIieiichkux MoB [10], mae
Oaraty MOp(OJIOTIUHY CTPYKTYPY, XapakTepHy AJsl CHHTEeTUYHHUX MOB [4]. I3 monax 40 misiiloHaMU HOCIB,
BOHA € OJIHIEI0 3 HAWOUIBII TIONMIMPEHUX CJIOB’SIHCBKMX MOB [4]. [IpoTe ykpaiHChka MOBa CTHUKAE€THCA 31
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3HAUHUMHU BUKJIMKaMH B Tally3i 0OpOOJICHHS MPUPOJHOI MOBH, IEPII 3a BCE Yepe3 HECTady HaHUX VIS
TpeHyBaHHs. Yepes 1e 1 kiacu(ikyioTh SK MOBY 3 HU3BKUM piBHEM pecypcis [4]. YV 2020 pomi ykpaiHCBKY
MOBY BH3HAUWJIM SIK “‘rising star” (puc. 1.) — MOBY, III0 PO3BHBAETHCS 3 KYJIBTYPHOKO CIIIILHOTOO, ajie
CTpaKAae Bif HecTadi po3MiueHMX HabopiB maHux [12]. VYkpaiHChka MOBa HaJICXUTHh J0 KiacTepa 3 3a
PO3TOIJIOM MOBHHUX PeCypCiB (KiJIbKICTh pO3MiUEHHX 1 HEPO3MIiUCHHX JaHuX) [23].

Puc. 1. I'padix kmacrepusariiii MoB [23]

OcHoBHoO niepemkoaoto st OIIM ykpaiHChkoi MOBH € HecTaua 3arajibHOIOCTYITHHUX, OPI€EHTOBAaHUX
Ha KOHKPETHI 3aBIaHHsI KopiyciB [4]. L{e icTopruyHO 3aBaxasio pO3BUTKY HAJAIMHUX OMHOMOBHHUX MOJICNEH
JUISL yKpaTHCHKOI MOBH Ta 3MYIIYBaJIO JOCTIJHHUKIB IMOKJIAQAATHCS HA KPOC-MOBHE TpaHC(epHE HAaBYAHHS 3
iHmmx MoB [11]. Ha BiaMiHY Bill MOB i3 BUCOKHMM pPiBHEM PECYpCIB, TAKUX K aHTIIIHCHKA, IKa Ma€ BEJINYEC3-
Hi Ha0OpH TaHMX Ta OOUMCIIOBANIbHI PECYPCH, YKpaiHChKa MOBa HE Majla KOMIUIEKCHUX PecypciB, HEOOXi-
HUX JUIA IPOCYBaHHS JTOCIIKEHb Ta po3pobok y ramysi OIIM [11].

Xoua ykpalHCbKa MOBA Ma€ IEBHi JIIHIBICTUYHI 3B’SI3KH 3 IHIIUMH CXiAHOCIOB THCBKUMHU MoBami [10],
npsiMe TpaHchepHe HaBUYaHHS 3 [IMX MOB HE 3aBXKIH € ONTHMAILHIM Yepe3 BIIMIHHOCTI Y JICKCHII, rpaMa-
TUIIl Ta KYJIBTypHOMY KOHTEKCTi. ToMy po3po0ieHHs crieniaai3oBaHuX Mojenei 1 pecypei OIIM, aganTo-
BaHMX JI0 YHIKaJbHUX OCOOJHMBOCTEH YKpaiHCHKOI MOBH, € Ba)KJIMBHM JJIS TTOJOJNAHHS X BHUKJIHKIB Ta
PO3KPUTTS MOBHOTO MOTEHIiany ykpaiHcbkux OIIM 3acTOCyHKIB.

HapyanHs Mozenelt Ha KOpIyci 3 JEKUIBKOX TOAI0HMX MOB TEOPETHYHO MOXKE TTOKA3aTH Kpallli pe3yiib-
TaTH, HiXK HABYAHHS HA OJJHOMOBHOMY KOPITyCi, Y BUMIAJKy HECTaui OAHOMOBHUX PeCypciB. Y HACTyITHOMY
HAIIIOMY JTOCITI/DKEHHI MU IJIAHYEMO MEPEBIPUTH  TIMOTE3Y, IO MOJIEh, HATPCHOBaHA Ha KOPITYCi CIIOB’STH-
CbKHMX MOB, MOXKE [IOKa3aTH Kpallli pe3yJbTaTH, Hi’K OJJHOMOBHA MOJIEIIb.

4. AHai3 10cJTiIskeHb MOPiBHSIHHS OJHO- Ta 0araTOMOBHUX MojeJiei

JlexinpKa JOCTIDKEHb PO3IIS I MPOAYKTHBHICTE OJJHOMOBHHUX Ta 0AaraTOMOBHHX MOJICJICH Ha OCHOBI
BERT y pi3Hux 3aBIaHHAX 00poOIeHHs IpUPOJHOT MOBH. Pe3ynsraTu UX JOCHTIKeHb Oyau HEOIHO3HAY-
HUMMU: JIESAKI BiUIAIOTh TIepeBary OJHOMOBHUM MOJICJISIM, TOJII SIK 1HII JEMOHCTPYIOTh e(heKTUBHICTh Oara-
TOMOBHMX MOJIEIEH.

Hanpuknan, gocimiKeHHs, 30CepeKeHI Ha KOHKPETHUX MOBaxX 1 MOBHUX CiM’SIX, BHUSIBHJIM TIepeBaru
OTHOMOBHMX Mozeieid. Virtanen Ta iH. (2019) [17] moka3zamnu, mo omHoMoBHa (inckka mozens BERT
(FinBERT) nepesepmye 6araromoBHy mozaens BERT (mBERT) y pisaux ¢incbkux 3aBmanHsx OITM.
Hesixi nocmiakeHHs BUSBWIM, 110 MoBHO-crienudiuni moneni BERT nepesepuryrore mBERT y posmizHa-
BaHHI iMeHOBaHHX cyTHOCTeH (NER) y cnoB’sitHchkuX MoBax. Velankar Ta iH. (2022) [25] miaTBepaIuiIu 10
TEHICHIII10, TIOKa3aBIlH, 0 0JHOMOBHI Mojienii Marathi BERT nepeBepinytors 6araroMoBHI Mozeni y piz-
HuX 3apnanHsx OIIM mns maparchkoi MoBM (iHm0apilichbka MOBa, 94 MUIBIOHH HOCITB).

EdexTuBHICTD OMTHOMOBHHMX MOJETEH TaKoX CIIOCTepiragacs Mpu Nepexodl Y MeXax MOBHUX POJAMH.
Torge Ta iH. (2023) [18] moka3anu, M0 OJHOMOBHI Ta HATPCHOBAaHI Ha JICKIJIbKOX MOBaxX 3 OJHI€l MOBHOT
POAMHH MOJENI JUIA 3aX1AHOCIOB’THCBKUX MOB IIEPEBEPIIYIOTh BEIHMKI 0araTOMOBHI MOJIEIN Y HU3XITHUX
(downstream) 3aBIaHHSIX.

OpHak iHII ITOCHIPKEHHS TaKoXK MOoKas3alu edeKTHBHICTh OararoMoBHUX Mojenei. Feijo Ta Moreira
(2020) [8] BusBuaM, mo OGaratomoBHa Mojnesib BERT He3HayHO mepeBepiye OJHOMOBHI MOPTYTabChKi
Mmopeni y pisaux 3apaaHasx NLP. Sido Ta in. (2021) [6] Takox BUABHIIH, IO OaraTOMOBHA CJIOB’SIHChKa
mozenib BERT mobpe mpariroe y kisibkox dechbkux 3aBaanHsax OIIM, xoua B IesKHX 3 HUX 11 IepeBepIimiia
olHOMOBHa yecbka Mozienb BERT.

Jlesiki mociipkeHHs BUBYAIK e()eKTH JOTOBHEHHS JJaHKX 1 TpaHC(EpHOro HaBYaHHs. Yang Ta iH. (2023)
[15] nokazanu, mo TpuMoBHa Mozaedb GPT-3, HanamToBaHa Ha aHIIIIHCHKUX TAHUX, MOKE YCIIIITHO BUKO-
HYBaTH THCTPYKII1 YTOPCHKOKO Ta KATAHCHKOK MOBaMH, 1110 CBIAYUTH MPO TOTEHIIIaa MI>KMOBHOTO TPaHC-
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¢deproro HapyanHsa. Viksna ta Skadina (2021) [26] BHSBHIH, 110 HE3BaXKAIOYM Ha JOMOBHEHHS JAHMUX,
6aratomoBHa Moaens BERT He mokpaniiiia MoKa3sHUKY B pO3Mi3HABAHHI IMEHOBAHUX CYTHOCTEH y IIECTH
CJIOB’IHCBKMX MOBax.

BucHoBku

3aranom pe3ynbTaTd JTOCHIHKEHHS CBITYaTh MPO Te, IO SK OJHOMOBHI, TaK i 0araToOMOBHI MOJeNi Ha
ocHoBi BERT mMoxyTs OyTH edexruBHIME it BupimeHHs 3apaanb OIIM 3aiexHo BiJ KOHKPETHOI MOBH,
3aBHaHHs Ta JOCTYIHUX pecypciB. Xoua OZHOMOBHI MOZENI YacTO MEepeBepIIyIOTsH OaraTOMOBHI Y 3aBIaH-
HSIX CBO€1 KOHKPETHOI MOBH, 0araTOMOBHI MOJAETI MOXYTh MaTd IepeBary, KOJIU PEeCypCH IS HaBUYAHHS
OJTHOMOBHHUX Mojienieii oOMexeHi. [IpoBesieHe TIOPIBHSIHHS POOOTH OJJHO- Ta 0AraTOMOBHUX MOJENEH IS
PI3HIX MOB TOIATKOBO ITiIKPECIHIIO BRKIUBICTD MIPOBEICHHSI OKPEMOTO ITOPIBHSIHHS X 3aCTOCYBAHHS JIJISI
YKpaiHCBKOI MOBH.

L5 poboTa Mae Ha MeTi 3pOOUTH BHECOK Y TIOTOYHY JHCKYCil0, TOPIBHIOIOYH IIPOAYKTHBHICT OTHOMOB-
HUX 1 OararoMoBHUX Mojeneil Ha ocHoBi BERT mns pisaux 3asnans OIIM. Kondepentiiss UNLP 2024, o
BigOymacst 25 TpaBHs 2024 p., cTana BaXIUBOIO moficto i po3Butky OIIM B Ykpaini. Ha kongepenii
MIPEACTABIIIN HOBI MOJIEINI, HATPEHOBAHI «3 HYNS» YU JOTPEHOBAHI Ha yKpaiHChKHX TekcTax [11; 9]. Kpim
TOT0, KOH(EpEeHIIisl BiI3HAYMIACS PO3MIMPEHHSM OCHUMAPKIB s OLIHKH Moneneit [12; 3]. ¥ pamkax miei
po6oTH MU 3iHCHIIN cpo0y IHTETpyBaTH ACAKI 3 ITHX PE3YIBTaTiB.

[IpoBeneHuit aHaii3 CIpUsATHUME CTBOPEHHIO KOMIUIEKCHOTO YKPaiHOMOBHOIO OEHUMApKY, 1[0 MA€ Mo-
KpAaIUTH SIKICTh MOAENEH 1 CTUMYIIOBaTHME HOBi JoCHiKeHHsT y ramys3i OIIM mis ykpaiHChKOi MOBH,
PO3pOOICHHS HOBHX, OUTBII €(PEKTUBHUX MOJICTICH.

VY paMKax HOZANBIIOTO AOCIIIKCHHS BBaXKA€MO IEPCIEKTHBHIM IOPIBHATH PE3y/IbTaTH OJHO- Ta Oara-
tomMoBHUX Mozeneil Tuny BERT Ha 3aBnanHsIXx 00po0ieHHs! yKpaiHChKOT MOBHU.
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D. Vanin

THE APPLICATION OF MONOLINGUAL AND MULTILINGUAL
BERT-BASED MODELS FOR TEXT AUTOMATION TASKS

This article investigates monolingual and multilingual BERT-based Transformer models. Its primary
aim is to compare the behaviour of these models on a set of natural-language-processing (NLP) problems,
with particular attention to their application to Ukrainian. The analysis is grounded in standard practice:
large-scale masked-language pre-training, supervised fine-tuning, and evaluation on public, freely availa-
ble corpora.

Five representative NLP tasks are examined—document classification, sentiment analysis, named-entity
recognition, part-of-speech tagging, and sentence-level semantic similarity—because they cover core lin-
guistic phenomena and underpin most applied pipelines. All checkpoints are trained and tested in identical
experimental settings, an approach that is especially important for Ukrainian, which remains a low-resource
language.

The results show that both model families are capable of solving the selected tasks, yet each excels under
different conditions. Monolingual checkpoints deliver higher accuracy on problems that hinge on fine
morpho-syntactic detail, such as handling case endings or varied word order. Multilingual checkpoints, in
turn, offer a cost-effective solution when Ukrainian training data are scarce: knowledge transferred from
related Slavic languages helps maintain acceptable quality while lowering annotation effort.

By clarifying when each strategy is preferable, the article provides practitioners with a concise decision
framework and argues for the creation of a unified open benchmark to track progress. Such infrastructure
will raise overall model quality, stimulate new Ukrainian-language research, and accelerate the develop-
ment of more effective, resource-aware NLP technologies.

Keywords: natural language processing, large language models, monolingual and multilingual models,
BERT.
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BIIJIUB METOJIIB TObYBAHHS 3HAHDb
HA EOEKTUBHICTb RAG-CUCTEM HA OCHOBI I'PA®IB

Cmammsi 0ocaioancye, K Memoou 000y68aHHs 3HAHbL BNAUBAIOMb Ha ehekmuenicmb RAG-cucmem, wo
BUKOPUCMOBYIOMb 2pau 3HAHb. BoHa nokazye, wo axicmv epagha 3Hatb, chopMOBaAHO20 PISHUMU MEMOOd-
MU 000Y8aAHHS 3HAHD, € KIIOU080I0 015 NOOONIAHHA 0OMEJICEeHb 8eNUKUX MOsHUX Moodeneli (LLM), maxux ax
«eanroyunayiin. Poboma ananizye apximexmypu LightRAG i GraphRAG ma niokpecnioe, wo 6ubip onmu-
manvroi KE-cmpameeii 3anexicums 6i0 KOHKPEMHUX 3A80aHb | npedmemHoi obnacmi.

Kuouosi ciioBa: RAG, rpadu 3Hanb, 100yBaHHs 3HaHb, BMM.

Beryn

OcTaHHI POKU IEMOHCTPYIOTh IPOPUB y rally3i IUTYYHOT'O IHTEJIEKTY, 30KpeMa 3aBISKU CTPIMKOMY PO3-
BUTKY BelIMKHX MOBHUX Monened (LLMs). Mogeni, Taki sixk GPT-4.1, Claude Opus 4, LLaMA 4 Tta inwii,
TeHEPYIOTh TEKCT, SIKUI BaXKKO BiPi3HUTH BiJ HAIMCAHOTO JIIOAUHOIO, IEPEKIIalaloTh TEKCTH PI3HUMHU MO-
BaMH, BIATIOBIAIOTh HA 3allUTaHHS Ta BUKOHYIOTh IIUPOKUI CIIEKTp 3aBaHb, OB’ A3aHUX 3 00pPOOIEHHIM
IIPUPOIHOT MOBH. IXHs apXiTeKTypa, 110 6a3yeThes NepeBaKHO Ha TpaHCHOPMEpPaXx, i HABYAHHS Ha BETHYE3-
HUX MacHuBax TEKCTOBHX JaHUX JO3BOIWIM JOCAITU O€3MPEleACHTHOI MPOAYKTHBHOCTI. OfHAK, MOIpHU
3HauHi ycnixu, BMM MmatoTh Hu3Ky (pyHIaMeHTaIbHUX OOMEXEHB, IKi CTPUMYIOTh iXHE HaJiifHe 3acTOCy-
BaHHS y KPUTHYHO BKINBUX cepax, e BXINBI TOUHICTB 1 TOSCHEHHS pe3yIbTaTiB.

O/HUM 13 HACYTTEBINIMX HEAOMIKIB € CXMIbHICTE BMM 710 Tak 3BaHUX TaOIUHALIIA — reHepyBaHHS
MIPaBIOIIONIOHOT, ajte (PaKTUIHO HeNpaBUIIbHOT 200 Oe3rny3/0i iHpopMmarii. Lle sBulie moB’si3aHe 3 THM, 1110
BMM, 110 cyTi, € CTATUCTUIHUMH MOJISJISIMH, SIK1 HABYAIOThCS Iepe0ayaT HaCTyITHE CJIOBO B IIOCIIIOBHO-
CTi, HE MAarO4H CIIPABKHBOTO PO3YMIHHSI CBITY UM JIOCTYIY JIO aKTyallbHOI (hakTHUHOT 6a3u jgaHuX. Jpyrum
BaXXJIMBUM OOMEXKEHHSM € MpoodiieMa «3acTapiinX 3HaHby. 3HaHHI BMM (ikcyroThCs Ha MOMEHT 3aBep-
IIeHHS iXHBOTO TPEHYBAaHHS, i BOHH HE MOXYTh AMHAMIYHO OHOBIIIOBATHCS HOBOIO iH(OPMAIII€I0, IO 3’ SIB-
nsieThes y cBiTi. Lle pobuTh X MeHII HaaiitHUMU ISt 3aBOAHb, IO MOTPEOYIOTh aKTyalbHUX JaHuX. Kpim
TOT0, 4acTO OpaKye MPO30POCTI Y MpoIeci NPUHHATTA pileHs BMM, 110 yCKIIaIHIOE BeprdiKalliio Ta J10-
BipYy 0 iXHiX Binnosine# [4].

J1s po3B’sI3Ky MPOOIEeMH aKTyalabHOCTI i TOYHOCTI CTBOPEHO CUCTEMU IeHepallii 3 JOMOBHEHHSM MO-
IykoM, 0co0nuBo Ha ocHOBI rpadi 3HaHb (KG-RAG). Ta monpwu e 3aumaeThecst HENOCTaTHBO TOCIiHKe-
HOI0 (pyHIaMeHTaJIbHA 3aleXHICTh €(PEKTUBHOCTI TAKUX CUCTEM Bijl KOHKPETHUX METO/IB i CTparerii, 3a-
CTOCOBaHHMX ISl TOOyBaHHS 3HaHb Ta MOOynoBU caMmoro rpada. HeobxinHe rmuboke po3yMiHHS TOTO, SIK
pi3HI migxoau A0 moOymoBW Ta 30aradeHHs rpadiB 3HaHb BIUIMBAIOTH HA SKICTh BIANOBiAEH 1 3arajibHy
MPOAYKTUBHICTh TAKUX CUCTEM.

I'enepanisi 3 7OMOBHEHHSIM MOLILYKOM

s momonanHs 3a3Ha4eHUX 0OMexeHb BMM 0Oyio 3anpornoHOBaHO KOHIIETIIiF0 TeHepallii 3 IOTIOBHEeH-
HsaMm nomykoM (Retrieval-Augmented Generation, RAG) [2]. RAG — e apxiTeKTypHU# miaxin, Sskui 1mo-
€JIHY€ TIOTY)KHOCTI TeHepaTuBHUX Mojeseii BMM i3 30BHINIHBOI0 023010 3HaHb. 3aMiCTh TOTO, 100 TIOKJIa-
JaTHCs BUKIIOYHO Ha TapaMeTpHyHi 3HAHHS, 3aCBOEHI Mix yac TpeHyBaHHsS, RAG-cucrema criogarky
3IIHACHIOE TIOMIYK pelieBaHTHOI iH(opMarlii i3 30BHINIHBOTO JPKEpea y BiIIOBIIb> HA 3alIUT KOPHCTYBava.
[Tortim s moOyra iHdopmariis nepenaeTbcst BMM pa3oMm i3 MOYaTKOBUM 3aIlMTOM SIK KOHTEKCT, Ha OCHOBI
SIKOTO MOJIENTb TEHEPY€E OCTATOYHY BiIIOBiIb.

Takuil miaxig Mae KidbKa KIIOUOBHX IEPEBar: 3HWKCHHS MMOBIPHOCTI TallOLMHAIIN, 3a0e3MeYeHHs
(aKTHIHOI TOYHOCTI, BUPIIICHHS MPOOIEMH 3aCTapiInX 3HAHb IUITXOM JIETKOTO OHOBJIEHHS 30BHIITHBOT
6a3u, a TaKoX IiABUIICHHS IIPO30POCTi Yepe3 MOKINBICT HaJaHHS IOCHIAHb Ha JPKEpena.

© Anopowyx M. B., 2025
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I'pa¢u 3HaHL

I'pacdu 3HAHD € TOTYKHUM IHCTPYMEHTOM AJIS IIpeACcTaBleHHs iH(popMalii y CTPYKTypOBaHOMY BUIVISIL,
II0 CTAHOBHTH BeMKHH iHTepec a1t RAG-cuctem. I'padu ckmanarorsest 3 CyTHOCTEH (By37iB) 1 BiTHOIICHD
(pebep), 110 IX MOB’S3yI0Th, YTBOPIOKOYH CEMaHTUYHY Mepexy. CyTHOCTI MOXKYTh MPEICTABIATH peajbHi
00’ €KTH, IOHSATTSI, MOIi1, @ Bi/IHOIIEHHS ONMUCYIOTh 3B’ 3KH MK HUMU (Hanpukiam, « Ansoept EfHmTeiin —
€ aBTOPOM — Teopii BiAHOCHOCTI»). Taka CTpyKTypa Jja€e 3MOTy He Juie 30epirati GpaxkTy, a i IBHO MoJie-
JIFOBaTH CKJIA[HI B3a€MO3B SI3KH.

[orenmian rpadis 3HaHb 17151 okpamnieHHs RAG-cructeM € 3HaunuM. Ha BifiMiHY BiJI MPOCTOrO MOIIYKY 32
KIIFOYOBHMH CJIOBaMH y TEKCTOBHX KOPITycax, Tpad¥ 3HAHb JAI0Th MOKJIMBICTh 3/IHCHIOBATH OB TOYHIN
1 KOHTEKCTYaJIbHO OOIPYHTOBAaHUI PETPUBIHL. 3aBISKU YITKO BU3HAUEHUM BiTHOIIEHHSIM, MOYKHA BUKOHYBATH
CKJIaJIHI 3aIUTH, 3A1HCHIOBATH OaraTtoeTarHi JIOTiyH1 BUCHOBKH Ta BUSIBIISTH HEsIBHI 3B’ sI3KH. [HTETpaltis rpa-
¢iB 3HaHE Yy RAG-cuctemMu Moxke 3a0e3neunta BMM OuibIn 6araTuM i CTpyKTYpPOBaHHM KOHTEKCTOM.

Metonu no0yBaHHs 3HaHb JJ1s rpadis 3HaHb

[ToOynoBa BUCOKOAKICHOTO Tpady 3HAHb BU3HAYAETHCA 3aCTOCOBAHMMHU METOAaMHU JT0OyBaHHS 3HaHb

3 pi3HOpITHUX Keper. OCHOBHI 3aBIaHHs T0OyBaHHS 3HAHb TaKi: PO3Ii3HABAHHS IMCHOBAaHHMX CYTHOCTEH

(NER), Businenns sinnomens (RE), 38’sa3yBanns cytHoctelt (EL) 1 BusiBnenns nomiii (Event Extraction).
OcHOBHI MeTou T0OyBaHHS 3HAHb:

— Meronu, ocHOBaHI Ha mpaBmwiIax i JiHrBicTHYHMX narepHax (Rule-based KE): Bukopuctanus Bpy4Hy
CTBOpPEHHX a00 HAIliBABTOMATHUYHO iHIYKOBaHUX Ia0ioHiB. [lepeBaru: BUCOKA TOUHICTE Y BY3bKUX J0-
MEHax, iHTeprnpeToBaHicTh. Hemomiku: HU3bKa MOBHOTA, NMOTaHAa MAacIITa0OBaHICTh, TPYAOMICTKICTb.
it RAG: CTBOPIOIOTh BUCOKOTOUHI, ajie po3pi/pkeHi rpadu 3HaHb.

— Mertonu Ha ocHOBI Ki1acuyHoro mamuaHOTo HaB4aHHs (Classical ML-based KE): BuxopucTanns anro-
putMmiB tury CRF, SVM. [lepeBaru: xpama y3araipHIOBaJbHA 31aTHICTh, HABYaHHS HA aHOTOBAaHHX
nanux. Hemomiku: 3anexHIicTh Bijl iHKeHepii 03HaK, moTpeda B aHoToBaHuX AaHuX. s RAG: skicte
rpady 3aJeKUTh BiJ JaHUX Ta 03HAK, MOXKIUBHUI IITyM.

— Meronu Ha ocHOBI ubokoro HaBuaHHs (Deep Learning-based KE): 33acTocyBaHHS HEHPOHHUX MEpex
(RNN, Transformers, BERT). [lepeBaru: state-of-the-art pe3ynbraTti, aBTOMAaTHYHE BHBYCHHS O3HAK.
Henomixu: notpeda y BeNUKUX JaHUX, OOUHMCIIOBAIbHI BUTPATH, MEHINA iHTepIpeToBaHicTb. s RAG:
MTOTEHITiaJT JJ1s1 TIOBHUX 1 0aratux rpadiB 3HaHb, ajie IOMHJIKHA MOJIETICH MOXYTh IIPOHHUKATH B rpad.

— Metomu 3B’s13yBanHs cytHocTeil (EL) i posmupenns rpadis (KG Completion): EL 3ictaBnsie cyTHOCTI
3 kaHOHIYHUMU i1eHTH(dikatopamu. KG Completion mepenbavae BifcyTHi 38’s13ku. s RAG: EL kputnya-
HUI 17151 ycyHeHHs HeoqHo3HauHoCTi; KG Completion Moske 30aratuty, aje it BHECTH HETOUHI 3B’ 3KH [5].
BuGip i koMOiHaIlisI TUX METOJIB BU3HAYAIOTh IIIIbHICTh, TOYHICTh, TOBHOTY, aKTYaJIBbHICTh Ta Y3TO/Ke-

HICTH rpady, 1o Oe3mocepeHbO BIUIMBAE Ha 37aTHICTE RAG-cucteMu e(heKTHBHO 3HAXOAUTU Ta BHKO-

PHCTOBYBAaTH peJIeBAaHTHY 1H(OpPMAIIIO 0 3aIUTy KOPHCTYBada.

ApxitexkTypu HassBHUX RAG-cucteM Ha ocHOBIi rpadis 3HaHb

3aranpauil npuHiun podotn KG-RAG cucrem mependavae iHTepnpeTalilo 3amuTy, MOmyK (akTiB
3 rpadyy 3HaHb, GOPMYBaHHS JOMOBHEHOTO KOHTEKCTY Ta TeHepallito Bianoingi BMM.

VY BigkpuToMy JocTytii € 181 ocHOBHI RAG-cuctemu, 1110 BUKOPUCTOBYIOTh rpadu 3Hanb, — GraphRAG
[1] 1 LightRAG [3]. BinmiHHOCTI y Tixoaax Jio iHTerpaiii rpady 3HaHb MOJSTar0Th y ToMy, o LightRAG
BUKOPUCTOBYE HOTO sIK BHIKuK noBiaHuk, GraphRAG — sx momens mpenmerHoi obmacti. Toxk st
LightRAG KpUTHYHOIO € TOYHICTh BHIOOYTKY 3HaHb, OCKUTBKH IIIyM CHJIBHO JIETPAJye SKICTh momyky. Jlis
GraphRAG BaxnBa moBHOTa BUAOOYTHX 3HAHb JUIs (POPMYBAHHS SIKICHUX PE3YJIBTaTiB; IEBHUN PiBEHb IIyMY
MoOe OyTH MEHIIl KpUTHYHUM, aJIe CHCTEeMATHYHI TIOMUJIKH, 1[0 CTIOTBOPIOIOTH CTPYKTYPY, TAKOXK IIKIJIJTHBI.

[Ipu orpumanHi kopuctyBaupskoro 3anuty LightRAG po30uBae 1oro Ha KIIIO4OBiI €I0Ba, aOCTPaKTHI
1 KOHKPETHI, JIIsl Kpaloi KOHTEKCTHOT 00i3HaHoCTi. [licis 1IbOoro y BEKTOPHOMY CXOBHIII 3HAXOAUTh Hai-
OinbI moniOH1 pesysnbrard. Jami A HUX ife TIOUIyK B pamMKax rpady 3HaHb 1 TEKCTOBUX (pparMeHTiB, 110
pa3oM CKIamyTh KOHTEKCT uist BiamoBiai BMM. ¥V GraphRAG anai3 nokiaiaeTbcst Ha poOOTy 3 y3araib-
HEHHSIMHU, 110 Oy CTBOpEHi Ha erami iHjekcauii, i BMM oTpuMye y3araabHEHHs Ta 3allUT KOPUCTyBada
1 Jae 00’ €AHAHY BiJIIIOBI/Ib.
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Teopernunuii anaJji3 BIVIUBY MeTOIiB 100yBaHHs 3HaHb Ha edekTHBHicTH RAG-cucTem

I'pad 3HaHb U1 cUCTEM, L0 BUKOPHCTOBYIOTh HOTO, € KIIFOUOBUM JUIs BiANOBiAEH Yepe3 BUKOPUCTAHHS
HOro B MOMEHT O0pOOIICHHS 3auTy KoprcTyBava. Lle mpu3BoaANTh 10 HEOOX1THOCTI aHaAi3y IIUX MPOIECIB.
Pi3Hi MeToau BHIOOYTKY 3HaHb TEHEPYIOTh rpad 3HAHB i3 Pi3HOIO TOYHICTIO, HTOBHOTOIO, IIUTHHICTIO, HASIB-
HICTIO TTIOMHJIOK Ta piBHEeM rpaHyispHocTi. Hanpukman, rule-based MoXXyTh maTé BHCOKY TOYHICTB, aie
HU3bKY IOBHOTY, ToAi ik DL-MeTonu MoKy Th 3a0€31eYUTH BUILLY TIOBHOTY, aJlé 3 PU3UKOM BHECEHHS IIyMy.

Koxna BrmacTuBicTh rpady 3HaHb BILTUBaTUME Ha eQeKTHBHICTh poOoTH RAG-cuctem. BrucokoTouni
rpadu 3HaHb 3MEHIIYIOTh PU3UK Nepenanas BMM moMmikoBHX (akTiB, 3HWKYHOUH TAIONUHAIIT. Bimbin
MOBHI rpady 3HaHP HA/IAIOTh OaraTInii KOHTEKCT, IO3BOJISIOYH BiIMOBIaTH HA CKIIA/IHI 3aTUTH (0COOIHBO
multi-hop). SIkicTh 3B’s3yBaHHS CYyTHOCTEH 3abe3redye KOpPEeKTHY iHTerpaiiro iHdopmarii Ta HaBiramito
BCepeanHi rpady, YHUKAIOUH PO3MOPOIIeHHs iHpopMalii. ['panyIsipHiCTs BiIHOIIEHb MiX CyTHOCTSIMH
no3Boisie BMM kpatiie po3yMiTH CeMaHTUKY NPH BiANOBiAl. 3a CTPYKTYPHOI LJIICHOCTI MU OTPUMYEMO
3B’s13aHUN Tpad, SIKMH HONETIIye eTar HOIIyKy PeJIEBAaHTHHX 3allUTy CYTHOCTEH 1 BiIHOIIEHB.

BignoBigHO [0 IUX BIACTHBOCTEH rpady i 3’SBISIOTHCS MOTCHIIHHI MPOOIEMHU: MIYM Y BHIYYCHHX
naHuX (TIOMMJIKOBI (DakTH, HENPaBIIBHI BiJHOIICHHS), NPOIYIIEHI CYTHOCTI / BiIXHOIIEHHS, IpOOIeMHU
MacImTa0yBaHHS Ta MIATPUMKH mpaBwil. [l 3amobiraHHs TakuM MpoOieMaM MOKHA PETyJTIOBATH IIiTh-
HICTB Tpada, SIKICTh BUXIAHOTO TEKCTY IS BUAOOYTKY 3HAaHB, CKIAIHICTh 1 THIT KOPUCTYBAIIBKUX 3aITUTIB.

AHani3 BU100yTKY 3HAaHb Y HAsBHHX CHCTEMax

OcuoBoro RAG-cucTeM € ompaIfoBaHHs JOKYMEHTIB, 10 HaJja€ KOPUCTYBad IS MOAAJIBIIOTO MOIIYKY
B HUX. [lonanbIe o6po6IeHHs JOKYMEHTIB i IEpeTBOPEHHS iX Ha rpad 3HaHb € YACTHHOIO iHAeKcaii BXif-
HUX JIaHUX.

VY GraphRAG i LightRAG ocHoBHa po6oTa 3 BunoOyTKy 3HaHb Jisirac Ha BMM, ska mpaifioe 3 4acTu-
HOO jokymeHTa. GraphRAG opieHTOBaHMI Ha OJHOPA30BY MOOYIOBY Ipady 3HaHb, 1 omeparlii iHaeKcarii
HOBUX JOKYMEHTIB BHMararTb IepeOynoBu rpady 3HaHb JUIsi BKJIFOYEHHS HOBOTO JIOKyMeHTa. BMM
y Graph € Habopom 3anuTiB 1o BMM, e BKa3zyeThCs CTPYKTypa OYiKyBaHOI BIIMTOBII Ta HAJIAIITYBaHHS
koHTekcTy BMM sk acucrenta. Ilpu npomy GraphRAG momyckae 3MiHy IHX 3aIHTIB AT MTOKPAIICHHS
pe3yIBTaTiB MPU HaJAaMITyBaHHI KOPHCTYBAIbKHUX moTpeo [1].

LightRAG tex mokmagaetbess Ha BMM Mojens, ajge J0AaTKOBO ONEPYE «KOHTEKCTOMY, IO Mo3HavYae
CYMIKHI CYTHOCTI 1 BiTHOIIEHHS y rpadi 3HaHb. J[0MaTKOBO iHICKCYBaHHS HOBOTO JIOKYMCHTa BHMArae
MEHIIIe KPOKiB uepe3 MOILIYK BiJNOBITHUX CyTHOCTEH 1 BigHOIIeHb y rpadi. Lle mae 3mory opraniuHo jo-
MIOBHIOBATH rpad 3HaHE 0e3 MOTpeOu MOBHOI epedynoBu rpady 3HaHb.

O06uBi cuctemMu MOKJIaAat0Thesi Ha BMM, 1110 IpU3BOMTS J10 3aJIeKHOCTI Bif sskocTi BMM. ABTopu cuctemM
BUKOpHUCTOBYBaM Mozieni gpt-4-turbo s GraphRAG 1 GPT-40-mini st LightRAG. BMM uyTiuBi 10 TaHUX,
Ha SIKUX BOHM HABYAJIKCS, IO MPH3BOAUTH JO0 Pi3HUX pe3yiibrariB. [HIIUM mapamMeTpoM, sIKHil BIUIMBATUME Ha
pe3ybTat, Oyze po3Mip GparMeHTiB, Ha sSIKi pO30UBAETHCS JOKYMEHT: BiH Ma€e OyTH JIOCUTh BEIUKUM I 30epe-
MKEHHS CEHCY TEKCTY Y (pparMeHTi i JOCUTh ManuM Jutst 00pobnenHst BMM 6e3 ramonunysanss [ 1; 3].

BucHoBku

[IpoBeneHunit aHai3 MATBEPIIKYE KPUTHYHY 3alIekHICTh eekTnBHOCTI RAG-cHcTeM Bifl METOIIB BH-
noOyBaHHS 3HaHb. SIKiCTh, MOBHOTA 1 TOYHICTH rpady 3HaHb Oe3MOCepeqHbO BIUIMBAIOTH HA 3[aTHICTh
RAG-cucremMun HajaBaTi pelieBaHTHI, TOYHI Ta MpaBauBi Bixnosini. Pi3Hi apxitekrypu RAG-cuctem (Ha-
npukiag, LightRAG 1 GraphRAG) BucyBatoTh pi3Hi BUMOTH 10 XapaKTEepPUCTUK TpadiB 3HAHb 1, BIIMOBII-
HO, JI0 TIPIOPUTETHUX aCTEKTiB BUIOOYTKY 3HaHb (TOUHICTH 200 TOBHOTA).
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M. Androshchuk

INFLUENCE OF KNOWLEDGE EXTRACTION METHODS
ON THE EFFECTIVENESS OF GRAPH-BASED RAG SYSTEMS

This paper investigates the impact of knowledge extraction methods on the effectiveness of RAG (Re-
trieval-Augmented Generation) systems that utilize knowledge graphs. It highlights that the quality of the
knowledge graph, which is formed using various knowledge extraction methods, is crucial for overcoming
limitations of large language models (LLMs), such as “hallucinations”. The paper analyzes the architec-
tures of LightRAG and GraphRAG, emphasizing that the selection of an optimal knowledge extraction
strategy depends on specific tasks and the subject area. LLMs have advanced significantly, but they have
limitations, including generating factually incorrect information (“hallucinations”) and possessing “out-
dated knowledge”. RAG systems were proposed to address these issues by combining LLMs with external
knowledge bases. This approach reduces hallucinations, ensures factual accuracy, solves the problem of
outdated knowledge, and increases transparency. Knowledge graphs are powerful tools for structuring in-
formation, consisting of entities (nodes) and relations (edges). They enhance RAG systems by enabling
more precise and contextually grounded retrieval compared to keyword-based searches. The quality of a
knowledge graph depends on the knowledge extraction methods used, which include named entity recogni-
tion (NER), relation extraction (RE), entity linking (EL), and event extraction. Different methods, such as
rule-based, classical machine learning, and deep learning approaches, have varying trade-offs in terms of
accuracy, completeness, and scalability. Entity linking and knowledge graph completion are also crucial for
accuracy and richness. LightRAG and GraphRAG are two main graph-based RAG systems. LightRAG uses
the knowledge graph as a quick reference, requiring high precision in knowledge extraction to avoid noise
degradation. GraphRAG uses the knowledge graph as a domain model, where completeness of extracted
knowledge is more critical, though systematic errors are still harmful. Both systems rely on LLMs for
knowledge extraction, which makes them dependent on the LLM's quality and the size of document frag-
ments processed. The theoretical analysis confirms that the effectiveness of RAG systems is critically de-
pendent on knowledge extraction methods. The quality, completeness, and accuracy of the knowledge graph
directly influence the RAG system s ability to provide relevant, accurate, and truthful answers. Different
RAG system architectures like LightRAG and GraphRAG have distinct requirements for knowledge graph
characteristics, prioritizing either accuracy or completeness in knowledge extraction.

Keywords: RAG, knowledge graphs, knowledge extraction, LLM.
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Yonoscwvkuu C. O., byuko O. A.

AYTMEHTALIA JAHUX Y KOMIPIOTEPHOMY 30PI
13 BAKOPUCTAHHSIM TEHEPATUBHUX MOJEJEN

Y emammi npedcmasneno o2ns0 cyuacHux nioxodig¢ 00 GUKOPUCHAHHS 2eHEePAMUSHUX MoOenel Os
ayemenmayii 0anux y 3a0aqax komn romeproeo 3opy. Ilokazano, wjo yi mooeni 30amui 2enepysamu GUcoKo-
SAKICHI 300pAdICEeHHs. M PI3HI MUNU PO3MIMKU, WO 3a0e3neuye iXHio ehpeKmuUsHIiCmb Y WUPOKOMY CHeKmpi
NPUKAAOHUX 3a0ay. Bacaueoo ymoeoio € HeOonyujents 6umoKy 0aHux nio 4ac 3acmocysants nepeoHasue-
Hux mooenetl. [Ipoananizoeano memoou oyiHIO8AHHS AKOCMI CUHMEMUYHUX OAHUX, 30KpeMd BUKOPUCTNANHS
Mempux 8i3yanvHoi AKocmi ma 6i0N0GIOHOCHI 0OYMOGIEHHSA, YACMO 13 3ANYYEHHAM OONOMINICHUX MOoOenell.
Oxpecieno nepcnekmueHi HanPamu ROOATLUUX O0CTIONCEHb, 30Kpema 3abe3neueHHs AKocmi cenepayii be3
BUKOPUCTNAHHSA OONOMINCHUX MOOeell ma po3podieH s Memodi8 8ubOpY 3pasKie 0 ayemenmayii 0 Hall-
OinbUL eheKMUBHO20 HABYANHS.

Kiro4oBi c1oBa: ayrmeHTallist, KOMI I0TEpHUH 3ip, TeHEpaTUBHI MO/, FeHepaTUBHO-3MarajibHi Mepe-
K1, auy3iiHI Mepexi.

Beryn

AyrMeHTaIli€rw, abo JOMOBHEHHSM JIaHUX, HA3UBAIOTh HA0Ip MPUHOMIB, CIIPSIMOBAHHUX HA IMTYYHE PO3-
NIMPEHHS HABYAIBbHOI BUOIPKHU IUITXOM CTBOPEHHS MOAM(DIKOBAaHHX BEpCiil HasBHUX NaHUX. Moaenb —
HEHPOHHY MEpEeXy, SKa HABUAETHCS Ui PO3B’S3aHHA IEBHOI 3a7adi 3 BHKOPHCTAHHAM ayIrMEHTOBAHUX
JaHUX, — Jaji HA3UBATUMEMO I[ITEOBOIO MOJICIUTIO, & CaMy 33]a4y LiJIbOBOIO 33/1a4€i0 BiIIOBIIHO.

i ayrMeHTyBaHHS TaHUX MOXKYTh BUKOPHCTOBYBATHUChH SK OJMHOYHI Omepallii, Tak i OararoerarHi
CXEMH TMEPETBOPEHb. [T TONIyKy ONTUMAaNbHUX 3HAYCHB MMapaMeTPiB ayrMEHTAIlll BUKOPUCTOBYIOTh, 30-
KpeMa, HaBYaHHS 3 MiAKpIIIeHHsM [2], eBomtoriiiHi miaxonu [23]. Crparerii, y sikux BuOip ayrMeHTaIlil-
HUX MEPETBOPCHb 3aJICKUTH BiJl BIACTHBOCTEH HABYANBHHUX JAHUX, BIIOMI SK MeTaayrMeHTalii (meta-
learning augmentations) [24]. lochipKeHHS B IbOMY HAIpsiMi BeyTh, 30KpeMa, i yKpaiHChKi HayKoBITi [3].
JonatkoBa 0OUUCITIOBAIbHA CKIIAJHICTh BH3HAYAETHCS CKIIAJHICTIO CAMUX TIEPETBOPEHB 300paKeHb, MPO-
CTOPOM Ta CTPATETiE0 MOITYKY apaMeTpiB.

CuHTEeTHYH] J1aHi 3aCTOCOBYIOThCA IIPU PO3B’A3aHHI PI3HUX 33734 MAIIMHHOTO HABYaHHS, B TOMY YHCIIi
KOMII FOTEPHOTO 30py. METOI0 IIbOTO OIVISIITY € OTUC Ta aHaNi3 MpOOIEMAaTHKH 3aCTOCYBAHHS TeHEPAaTHBHUX
MojIesIed IS ayTMEHTAIlil JaHUX Y 33/1auaX KOMIT FOTEPHOTO 30pY.

ba3zoBi ayrmenramii

s ayrMeHTyBaHHS 300paXeHb CIEPIIy BUKOPHCTOBYBAIN MPUMITHUBHI onepariii HaJ 300pakeHHIMU:
adinHi TpaHchopMallii, 3ropTKOBI TpaHCHOpMAILii, TEPETBOPEHHS B TPOCTOPI KOJIBOPIB, JiHIHHE 3MINTyBaH-
Hs Ta iHmi. Ha puc. 1 HaBeneHo MpUKIIaaM TaKUX MEPETBOPEHB. Y JIiTeparypi cTparerii ayrMeHTallii, B IKUX
BHKOPHUCTOBYIOTh JIMIIIE MPUMITHBHI TpaHchopmailii a0o TXHI KOMITO3UIIi1, 3a3BHYail KIaCU(IKYIOTh SIK KJia-
CHYHI MeTonu ayrMmeHTanii. HaBiTh mpuUMITHBHI IEpETBOPEHHS AAIOTh MOXJIMBICTD BiJOOpPA3UTH 3HAYHY
YaCTHHY BapiaTUBHOCTI BXiJHMX JaHMX. [X IIMPOKO BUKOPUCTOBYKOTH Ha MPAKTHILi, PO 1O CBiT4MTh, Ha-
MpUKIa], TOH (akT, mo iX IHTErpoBaHO y MOMYJISIpHI 0i0IiOTEKH MAIIMHHOTO HAaBYaHHS. BBaXkaroTs, 1o
KJIACHYHI METOIM ayTMEHTallil JO3BOJIAIOTh OTPUMATH HEBEIMKHIA, aJle rapaHTOBaHUH NPHUPICT MTOKA3HHUKIB
LIJI6OBOI MOJIEII.

BapTo 3a3nauntH, mo icaye gopmarizaris [12; 13], B pamkax sikoi maudepeHiiioBani TpaHchopmartii
PO3IISIAIOTHCS SIK 1€ OAMH IIap HeHPOHHOI Mepexi 1 UIs miadopy mapaMeTpiB MepeTBOPCHb BUKOPHUCTOBY-
€ThCS TPATIEHTHHUH CITYCK.

© Yonoscokuii C. O., byuxo O. A., 2025
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Puc. 1. [pukmagn 6a30BUX ayrMeHTaIliil, 3aCTOCOBAaHHUX JI0 300paKeHHS

3aCT00yBaHHﬂ réeHEepaTUBHUX Mojesel st aereHTaui'l' JAaHHUX

CTBOpEHHSI CHHTCTUYHUX JAHUX € ONHHUM i3 BOXKIMBUX HAIPSAMIB BUKOPUCTAHHS T'€HEPATUBHUX MOJIC-
Jiel, 30KkpeMa JUI ayrMeHTaIlil HaBdaJlbHUX BUOIpOK. [lepeBaskHa OUTBIIICTh TAKUX MOJICIICH HAJICKHUTD 10
OJTHOTO 3 TPbhOX OCHOBHHX KJaciB: BapiauiiiHi aBroeHkogepu (VAE), reHepaTHBHO-3MarajibHi Mepexi
(GAN), muoysiitai mogeni (diffusion models).

1 2 3

Puc. 2. CxemaTuuHe peCTaBICHHS MOXIIMBOCTEH reHepaTHBHUX ayrMEHTalliil: Bick abcuuc — iHdopMaltist mpo MonoKeHHs
Ha 300pa)<eHHi, BiCh OpANHAT — IH(QOPMAIList PO BMICT 300pa)KE€HHs1, YOPHUM — €JIEMEHTH 3 BUOIpPKH, )KOBTUM — I'eHEepallb-
Ha CYKYTHICTb, CHHIM — IIPOCTIip reHepalii ITyYHUX 300paxkeHb. /| — y MOPIiBHAHHI 3 KIIACHYHIMH ayTMEHTAIlisIMH (TTO3HA-
YeHi YepBOHUM); 2 — MOJENIOBaHHS I'eHepalbHOI CYKyITHOCTI 32 JJOIIOMOTOI0 TeHepaTuBHOI Moyielti; 3 — mpocTip reneparii
MIEPEBHUIIY€ MIPOCTIpP JAHUX

Puc. 3. TunoBa mociiTOBHICTH €TaIiB ayTMEHTAIlii 13 BUKOPUCTaHHIM T'€HEPaTUBHUX MOZeTIeH

I'eHepatyBHI MOJIEN TAFOTh MOMXITUBICTD HE JIMIIIE OTPUMYBATH OLIBII PI3HOMAHITHI BapiaHTH HASBHUX 30-
OpakeHb MMOPIBHSIHO 3 0a30BHMH ayTMEHTALisIMU (pHUC. 2, 1), a i epEeKTHBHO MOJIEITIOBATH PO3IIOLIA HABYAIb-
HUX AaHuX (puc. 2, 2). BUKOpUCTaHHs TeHepaTUBHUX MOIENeH, MolepeIHh0 HABUCHUX Ha BEIMKHX Habopax
JaHuX (MUIBbSpAM 300paxkeHsb), 1a€ 3MOTY JIONATH JI0 IIJTbOBOTO JaTaceTy iH(opMariito mpo MMpHIui Kjac MOX-
JIMBUX 300pakeHb (puc. 2, 3). OmHak 1e noTpedye HaKIaaaHHs J0JaTKOBUX 0OMeXeHb Ha 3reHepoBaHi 300pa-
JEHHS, 00 YHUKHYTH BUTOKY iH(OpMAIlil YU CIIOTBOPEHHS Bi0OpakeHHs peaibHuX maHux. Ha puc. 3
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HaBEJICHO THUITOBY MOCIIIOBHICTh €TaIliB ayrMEHTAIlI] i3 BUKOPHCTAHHSIM TeHEPAaTUBHUX MOJIENICH, SKa Ime-
pendauae Taki Kpoku: (popMyBaHHS IITY49HOI BUOIpKH (BUOip JaHMX Ui ayTMEHTalii), FeHepallito, OLiHIO-
BaHHS SKOCTI Ta (IJBTPAIif0 IITYYHO 3reHEPOBaHMX JaHMX. SIK Oyae MOoKa3aHO HWX4Ye, cTparerii hopmy-
BaHHS IITYYHUX JAHUX MOXYTh BapilOBaTHUCS — Bijl PIBHOMiIpHOI BUOIPKH 3 IPOCTOPY O3HAK JI0 ayTMEHTa-
1ii KOHKPETHUX €K3eMILISPiB HABUAIBHUX JJAHMX Ha OCHOBI OIIHOK 1XHBOT iH)OPMATHBHOCTI.

BukopucraHusi Mepesx TUIY KOTYBAJbHUK —
JAeKOAYBaJIbHUK /IS ayrMeHTamil

ABTOCHKOZEP € MOJEILIIO, sIKa KOIY€ JaHi y BEKTOP IMPOCTOPY O3HAK 1 AEKOAYyE iX 3 HhOro. Takox Iffo
MOJIeTIh HA3UBAIOTh JTATCHTHIM IIPOCTOPOM 03HaK. O3HAKHU JIATEHTHOTO MPOCTOPY KOAYIOTH SIK MPOCTOPOBI,
TaK 1 CEMaHTHYHI XapaKTePUCTHKH 300paKeHb.

BusnauansHOI0O pHCcOr0 BapialiifHUX aBTOeHKozaepiB (variational avtoencoder, VAE) € Te, 1o enkonep
HABYAETHCS TAKMM YAHOM, III00 PO3IOJILI MPENICTABIICHD Y JIATCHTHOMY TIPOCTOPI HAOIMXKABCS 10 Oa)KaHOTO
po3Moiny, 3a3BH4Yail HopManbHOTo. Lle 1ae 3Mory reHepyBaTé HOBI MPUKJIAIH HIIIXOM BHOIPKH 3 I[OTO
PO3TOITY.

VY poborti [25] BUKOpUCTAaHO KOAYBalIbHO-IeKoAyBallbHY (encoder-decoder) 3ropTkoBy HEMPOHHY Mepe-
Ky JUIS TIPEHECEHHSI CTHIIIB, i3 METOI0 CTBOPECHHS BapiaHTIB 300pa)KeHb MPH PO3B’s3aHHI 3aj]a4 OI[IHKU
mOuHn (monocular depth estimation) 1 knacudikanii. Mogens, o Oyna momnepegHb0 HaBYeHA Ha HaOopi
JIAHUX KapTHH BiJOMUX XyJAOKHHKIB, BUKOPHCTAJM JUII CTBOPSHHS BapiaHTiB ¢ororpadiii 00’€KTiB 1 J0-
poxHix cutyauiidi. CTuiib BUOUpPaBCs BUMIAJAKOBIUM YHHOM SIK BEKTOp y mpocTtopi cTuiiB. [IpoBenenuii exc-
nepuMeHT Ha Habopi nanux OFFICE, mio ckimagaerbes 3 300paxkeHb 31 Kilacy, KOKHE 3 SKUX HAJICKUTH JI0
OJTHOTO 3 TPHOX JOMEHIB, TOKa3aB TOKPAIICHHS y3aralbHIOIOUNX BIACTUBOCTECH HABYCHUX MOJIEIICH MOpiB-
HSHO 3 KJIACHYHHMH METOJIaMH ayTrMEHTallii. ABTOpH BapilfOBalld iHTCHCUBHICTh IEPSHECEHHS CTIUIIO Ta
CIiBBiJHOLICHHS MITYYHUX 1 IPUPOIHUX 300pakeHb.

VY poborax [4; 22] 3reHepoBaHi BapialliiHUM aBTOCHKOJCPOM TIOBHICTIO CHHTETHYHI 300paXKCHHS arpo-
6oBaHO Ha MofenbHUX Habopax MNIST, Fashion-MNIST, Omniglot. ¥ po6ori [21] npu po3B’s13aHHi 3a1a-
4i BHSBICHHS 00’€KTiB, 3a JIOTIOMOTOI0 BapiallifHOro aBTOCHKOZAEpa, CTBOPIOBAIM BapiaHTH 300pakeHb
00’exTa (JitoAMHU) BeepeauHi posMideHoi pamku (bounding box), aje 3ajaumany pemry 300paxeHHs He-
3MIHHOIO.

BukopucraHHs reHepaTUBHO-3MAraJIbHUX MepPe:K JJI ayrMeHTauii

VY ¢peiimBop1Ii reHepaTUBHO-3MarajibHUX Mepex (generative adversarial network, GAN) mepexa ckia-
JIAE€THCS 3 JIBOX YaCTHH — TEHEpaTopa i JUCKPUMIHATOPA, K CyMIllleHI B TIPOIleCci HaBYaHHsI, ajleé MaloTh
MPOTHIIEXKHI iNbOB1 (pyHKIII. [ eHepaTop HamMaraeTbcs CTBOPUTH JaHi, HOAI0H1 10 CHpaBXkHiX, TOAL K AXC-
KpUMIHATOp MparHe BiAPi3HUTH 3TeHEPOBaHI 3pa3KH Bijl pealbHUX.

YKpaiHChKi JOCTIIHUKN Y CBOEMY JOCIIJIKEHHI [ 7] MOpiBHIOBAJIM KJIaCUYHI Ta TeHEPaTHBHI ayrMeHTaLlii
Ha MojenbHuX naracetkax MNIST i CIFAR-10. Y po6oti [19] pu po3B’si3anHi 3a1a4i kiacudikaiii 300pa-
KEHb KOMax IMOPIBHIOIOThCSA 0a30Bi ayrMeHTAlil Ta MiIXiJx i3 J0JaBaHHSAM 3TeHEPOBAaHUX 3a JOIOMOTOI0
TeHEepaTUBHO-3MarajbHOI Mepexki 300paxeHb. [l SKICHOTO aHalli3y BUKOPHUCTOBYETHCS t-sne Bizyai3arlis
MIPEJCTaBIEHb Y JJATEHTHOMY IIPOCTOPI.

B [11] 3anpomoroBaHO Miaxix aiisi reHeparii 300pakeHb OTHOYACHO 3 MAaCKaMH CerMeHTarlii. ABTopu
CIMPAITUCS Ha TBEPIXKCHHS, IO TS TOCUTH PEaTiCTHYHUX TeHEPATHBHUX MOJIEIei iHdopMallis mpo cemaH-
THKY OKPEMUX ITIKCEIiB HasBHA B JIATCHTHOMY IPOCTOPI, @ OCKUTLKA MacKH CETMEHTAIlii CTPYKTYPHO IPO-
CTill 3a BIAMOBiAHI 300pakeHHs, HABYUTH MOJIENb JEKOAYBaTH B MacKy Ce€rMeHTalii MoXKHa 3 BiTHOCHO
HEBEJIMKOI KUTbKOCTI Macok. J[si reHeparlii 300paxeHb BUKoprucTann Mepexy StyleGAN, i3 BHYTpIlIHIX
mapiB sikoi OyayBaju KapTy o3Hak (feature-map) Ta OTpUMYyBaId MacKu, KIacU(iKyIOul KOXKEH MiKcelb 3a
JIOTIOMOTOF0 aHcaMOIto OararomapoBux nepuentpoHiB (MLP). OtpumMani 300paskeHHsI TOJJATKOBO PaHXKYy-
BaJics Ta (QUIBTpyBajUCs 3a 3HaUEHHAM AuBepreHiii €HceHa — llleHHOHa A7 OLIIHOK KOXHOTO 3 IMiKCe-
JiB — OfHi€l 3 Bapianiid nuBeprenmii Kynpbaka — JleitOnepa. SIkicTh 3reHepOBaHUX MAacOK OI[IHIOBAIACS
LUIXOM MiJIpaxyHKy YCepeaHEeHOTo 3a KaTeropisax inaekcy XKakkapa (mloU) 3 py4HOIO aHOTAIlIE€IO 3T€HEPO-
BaHUX 300paxkeHb. Y poOori [1] melt miaxia 3acTocoBaHO IS ayrMeHTaIlil MennYHuX aanux. [lopiBHIOBa-
JIUCh METONIM ayIMEHTAIlil, 110 BUKOPUCTOBYIOTh Mepexy StyleGAN, sik y opuriHaibHiii poOoTi, Ta ii Ha-
crymHuka, StyleGAN-2.
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Y poborti [8] a1t oTpuMaHHS 300paXKeHb POCIIUH 3a X MaCKaMH CETMEHTallii BAKOPUCTOBYBAJIH apXiTeK-
Typy SPADE, Takox Bigomy 3a ii peanizanieto GAU-GAN. OTpuMaHi TaKUM YUHOM IITY4HI 300paKeHHs
POCIIMH BCTABIISIIN HA MicIle peaTbHUX Ha IPHPOIHI 300pakeHHS Ta BUKOPHCTOBYBAIN AN HABYaHHSA MO-
JieTTi cerMeHTalii pocauH. AHAJIOTIYHUH MiAXiJ 3aCTOCYBAIH y Mi3HIMIIN poOOTi 3 I[bOT0 HampsiMy [5].

Buxopucranns qudy3iiiHuX Mepe:x 1JIs1 ayrMeHTanii

Pobora nudy3iitHux Monene BiIOyBaeThCS B IBA €TAIH: CIIEPITY IO JAHUX IMOCTYIIOBO JOJAAE€THCS MIYM
(mpouec audysii), yHaCTIAOK 4OTO PO3MOLT BXiAHUX TAHUX HAOIMKAETHCS 10 HOPMAJIBHOTO, a MOTiM Bif-
OyBa€eThCs BITHOBJICHHS JaHUX, JOJAAHWN IIYM YCYBAE€ThCSA KPOK 3a KPOKOM (3HerrymiieHHs, denoising).
ITpu HaB4aHHI TpeHYIOTbCS 00HMABa onepaTopu: Audy3ii Ta BiqHOBICHHS. Takuil miaxix 103BOJISE TEHEPY-
BaTH BHCOKOSIKICHI 300paKCHHS Ta 1HIII TUIU TaHUX.

3HauHMi mporpec y reHepariii 300paskeHb JOCSATHYTO 3 MOSBOIO reHepaTuBHUX Mepex Stable Diffusion
[18]. ABTOpH mepeHecn TUQY3if0 y JIATCHTHUH POCTIp aBTOCHKOIEPA, BIUTUTUBIIN TAKHM YHHOM MPOLIEC
reHepallii Bij onepariii mepexoay 3 MpoCcTopy MiKCENiB A0 MPOCTOPY 03HAK 1 HaBMmaku. L{e 1ano MoXIUBICTh
3MEHIINTH OOYHCITIOBAIbHY CKJIAHICTh, TOKPAIIUTH SKICTh 1 320€3MEYUTH KOHTPOJIHOBAHICTh TeHEPAIlii.
J1s. KOHTPOJIIO TeHepallii BUKOPUCTOBYIOTHCSI MYJIBTUMOAATIbHI 00YMOBJIECHHS, HaAWNOMHUpEHImi Gopma-
TH — II€ TEKCTOBE OOYMOBJICHHS (TIPOMIIT), 300payKEHHS Ta TICEBI0-300pakeHHs (MACKH, KapTH TITHOUH Ta
MoJ1i0Hi).

VY pobGori [26] BUKOpHCTOBYBallM TeHEepaTUBHY Mepexy Stable Diffusion B 3amaui omucy 300paxeHb
(image captioning). [IpoBeneHO HU3KY €KCIIEPUMEHTIB, ATl JOCTIKEHHS Pi3HUX acCHEeKTiB IXHBOTO MiAX0-
Iy, BIUTUB Ha SIKICTh [IJIbOBOT MOJIEJI OIIHIOBAJIM Ha PI3HUX OEHYMapKax, 30Kpema JUIs HaB4aHHS Ha MaJIX
nanux (few-shot learning). PosmisiHyTo Tpu  cTparerii moOyaoBH OMMCIB: YaCTKOBI, € BKa3ylOTbCS HE BCi
00’€eKTH Ha 300pakeHH], TIOBHI Ta CHHTETUYHI, OTPUMaHI NUITXOM Niepedpa3yBaHHs MOBHHUX 32 JOMOMOTOIO
MOBHOI MOJIEJIi UM 3 BUKOPUCTAHHSIM MOJIENi JOMOMIKHOT MOJIeNi onucy 300paskeHb. J{J1s OI[iHKY BiINOBI -
HOCTI 3reHepOBaHUX 300pakeHb TEKCTOBUM ommcaM obuucitoBanu nmokasHuku CLIP-score Ta VIFIDEL,
a A7 Bi3yasbHOI skocTi oOpanu mokasHuk MUSIQ 3amicTs cTaHZapTHOI BiJICTaH1 COpUHHATTA 3a Dpere
(FID). OmiHroBany BIUIMB (QibTpalii ITYyIHUX 300payKeHb 3a [IMMHU MOKa3HUKaMH. 3a pe3ylibTaTaMu Ipo-
BEJICHUX EKCIIEPUMEHTIB aBTOPW 3a3HAUWIIM, IO 3HAYCHHS METPUK JUIA IITYYHUX JAHMX, IKi ONHU3bKi 10
pearbHHX, He TAPaHTYIOTh MOKIIMBOCTI MTOBHOI 3aMiHH PEaTbHUX JTaHUX IMTYIHHIMH.

VY [16] Takox BukopuctoByeThes Stable Diffusion — reneparuBHa Mepexa, e OCHOBHY yBary mpHijie-
HO 33j1a4i kiacudikamii Ipyu HaBYaHHI HA HEBEJIMKIN KITbKOCTI JaHUX. 3aMiCTh BUKOPUCTAHHS TEKCTOBHX
00yMOBJIEHb BUKOPHCTOBYBAJIACs TEXHIKa TEKCTOBOI iHBepcii (textual inversion) 1y o0y J0BU BEKTOPHOTO
IpeACTaBIeHHs MpoMITy. OKpeMo pO3TISHYTO YMOBH ISl YHEMOKIUBICHHS BUTOKIB JaHUX TIPH OIIHIO-
BaHHI Ha CTaHJAPTHUX OCHUMAapKax.

[Ipu po3B’si3aHHI MPOOIEMH MiAPaXyHKY KIJTBKOCTI 00’ €KTIB 3aPOMIOHOBAHO IMiIX1, 0 BUKOPUCTO-
Bye ControlNET myia koHTponboBanoi renepaiiii [14]. ILlo6u o6iliTn HeoOXinHICTh 3a0e3neueHHs AKOCT1
reHeparlii, aBTOpH 3MIHIOBIH CITIBBBIJHOIIEHHS MiX INTYYHUMH Ta MPHPOJHUMH 300paKCHHIMH MPU
HaBYaHHI.

VY poGorti [6] mpeacTaBIeHO IIie OAMH MiAX1] ayrMEeHTaIii A1 3a71a4i po3Mmi3HaBaHHS 00’ €KTiB Ha OCHO-
Bi KiJIbKOX 300pakeHs (few-shot detection), 3 Bukopuctanusim ControlNet. Huxue po3risiHeMo 1ieit miaxis
netanabHo. Jlo BHITAIKOBO BHOPAaHMUX 300pa)KeHb 3aCTOCOBYETHCS BUIAIKOBE MPUMITHBHE ITEPETBOPEHHS
(3cyB, 00pi3anHs ab0 MacmTabyBaHHS) Ta 10OyBaeThes anpiopHa iHpopMalis (prior extraction) A OTpH-
MaHHS 00yMOBJIFOBAJIBHOTO 300pakeHHs. Ha OCHOBI po3MiTKH OymyeTbcs TEKCTOBUH OMHC (TIPOMIIT)
1 3 moOyJ0BaHNX OOYMOBJIEHb T€HEPYETHCS ITyUHE 300paxeHHs. SIKiCTh reHepalii OliHIOEThCA 3a IOTIO-
Mororo MeTpuku CLIP-score, sika MOPiBHIOE BiJIMOBIIHICTh 3reHEPOBAHOI AUISHKH TEKCTOBOMY OITHCY Ta
BHU3HaYae 11 peUTHHT cepell IHIUX 3reHePOBaHUX 300pakeHb JIJIsl TOTO CaMoro kiacy 00’ ekrti. DiHanbHUN
MMOKAa3HHUK PO3PAXOBYETHCS SIK CEPEIHE YCiX 3reHepOBAHUX 00 €KTIB, IUIS MMOJANBIIOTO HABYAHHS BHKO-
PHUCTOBY€ETHCS JINIIIE IEBHA YacTKa HailO1IbII BiAMOBiAHMX 300pakeHb. Po3misganucs pizHi cTpaTerii oT-
pUMaHHsI anpiopHOi 1H(QOpMAIi: JETEeKIliss KOHTYPiB i CErMEHTAIlis, a TAaKO)XK OTPHUMAaHHS OIHCIB THITY
«300pakeHHs {Ha3BH KJaciB uepe3 KoMy }». IHII rimepnapaMeTpu: 4acTka CHpPaBKHIX 300paxeHb, CHIa
¢inpTparrii.

VY poborax [9; 10; 20] mo-pizHOMY PO3BHHYTO i€t0 aHami3y KapT 30y KeHHs IIapiB yBaru (attention
maps) Juis 3a0e3MeUeHHs 0THOYACHOT TeHepallii K MTyYHUX 300paXKeHb, Tak 1 MaCOK cerMeHTatii. Jlerais-
HE MOPiBHSIHHS HaBEIEHO B Tabm. 1.
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Tabnuys 1. IlopiBHSAHHS MiIX0iB 0AHOYACHOI reHepanii 300paskeHb i Macok

OcHoBHuii pokyc Meroa oTpu- Popmysanus 3ale3neueHHs . Topisusns
PoGora . TEKCTOBUX . .. |3 iHmMMH MeTOA-
y podori MaHHS MacoK . sIKoCTi renepauii
onuciB MU ayrMeHTanii
DatasetDM | 3amrporoHOBaHO METON [oGynosa [epedpazysanns | Oxpemo He Bukonyetbest
[9] reHepallii i fioro anpoba- | Macku cermen- | iHdopmarii 3 PO3TISAIAETHCS MOPiBHSHHS
uiro Ha few-shot learning | Tarii 3a 10Mo- | pO3MITKH 32 JIOTIO- 3 KIIACHIHUMU
3amaqax MOTO10 OKpeMo | Moroto GPT-4 ayrMEHTALliSIMHA SIK
HaBUCHOTO yactuHa ablation
JeKoaepa study
Dataset JlocimkeHHs 3anpo- YTouHEeHH: [opiBHrorotecst | SIkicHUI aHATI3 [opiBHsHHS 3
Diffusion | noHOBaHOro METOMy Ha | KapTH 30yIDKeH- | cTparerii 3reHepOBAHUX JaHUX. | HIINM HOXIOHMMU
[10] MMpOKOMy Habopi 3aad | H 3a JOIO- o0y10BH Ha Pozpaxynox IoU 3i METOJAMH ayIMEH-
MOTOIO IIapiB | OCHOBi PO3MITKM | Bpy4YHY €TaJOHHUMH | Talii Ta BUUEPH-
yBaru Ta nepedpasyBaH- | MackaMH cerMeHTanii | Hui ablation study
HS 32 JIOTIOMOTOI0
MOBHHUX MOZeNeH
Mosaic BinTBopeHHs cxemu Binapuzarist Ha ocHogi po3mit- | Okpemo He posrsina- | HaseHe nopis-
Fusion [20] | ayrmeHTarii, mpeacTaB- | KapT 30y/MKeHHS | KUy hopmari €ThCS, BAKOHYEThCA | HSHHS 3 OLIbII
JIeHO1 y OinbII paHHii 3a piBHEM «a photo of ¢insTparis Macok paHHIMH MeTOAaMH
po6OTi 3 BUKOPHCTAHHSM | BiICIYEHHS {Ha3Ba Kiacy}» |IUIIXOM aHaNi3y KOM- | ayrMeHTalii,
nmudy3iitHoT Moeni 3a- MTOHEHT 3B’SI3HOCTI. MTOPIBHIOKOTHCS
MiCTh MOOYIOBHU KOJTaXiB. OTtpumani 300pa- pi3Hi Baru oxHiei
Amnpobariist 3apornoHoBa- JKEHHS peajliCTH4YHI | TeHepaTHBHOI
HOTO METO/Iy Ha ITHPOKO- B JIeTaJIsIX, ajle Mozeni
My Habopi 3amay Mo3aluHi

Y po6ori [17] BukopuctoByetbes Mmozienb FreeStyleNet nnst renepartii 300pakeHb 3a JOMOMOTOIO MPHU-
POJHHX MAacOK CerMeHTallii. ABTOpH BiJIMOBJISIOTHCS Bijl KUIBKICHOTO OIIIHIOBAHHS SIKOCTI 3T€HEPOBAaHUX
300pa)keHb 3arajioM, HATOMICTb IPOIOHYIOTh IPU HaBYaHHI iITHOPYBATH JIMIIE «CKIIAJHI» MIKCENl Ha CHHTe-
TAYHHUX 300pakeHHsX. Ji1 OOYMCICHHS CKJIAJHOCTI OKPEMHX IIIKCEIB MPOMOHYETHCS YCEPETHIOBATH
(yHKLII0 BTpat, 004KCIIeHy AJs AONOMIKHOI cerMeHTauiiHoi Moaemni. Ha ocHOBI wi€i s MeTpuku, oOuuc-
JICHOT TS pealibHUX 300paXKeHb, MPOIIOHYETHCS TeHEPYBAaTH 3 O1IBIIIOI0 HMOBIPHICTIO BapiaHTH 300pakeHb
31 CKJIQAHIIIIMHU MacKaMH.

O0roBopenns

Iompu noBeneHy eeKTUBHICTE 1 THYUYKICTh, BUKOPHCTAHHS TCHEPATHBHUX MOJENEH Ui ayrMeHTaril
Mae MPUHIMIIOBI 0OMEKeHHs. Po3risiHeMo 1X y MOPSIIKY 3HAUYIIOCTi: pU3UK BUTOKY JaHHUX, HEOOXITHICTh
3a0e3MeueHHs SKOCTI reHeparlii Ta BU3HAUYSHHs MEX 3aCTOCOBHOCTI KOHKPETHUX MeTo/IiB. HaliBaskiuBimum
€ 3a0e3meueH s Oe3MEeKH TaHUX, OCKUIBKH BUTIK JaHUX CTABHUTH ITiJ] CYMHIB SIK PE3YJIBTATH TCOPETUIHIX
JOCIIDKEHb, TaK 1 MPAaKTHYHI 3aCTOCYBaHHA. 3a0e3MIeUeHHS IKOCTI FeHepallii € MEHII KPUTHYHIM, OCKiJIb-
KW HaBITh Y BUIAJKy HEiJCaNbHUX PE3yJbTaTiB PO3MIIHYTI METOOM MOXKYTh OyTH pe3ylIbTaTHBHAMH Ha
MIPaKTHI y BUMIAJKOBUX yMoBax (y ¢opmari ad hoc).

OnmHIM 13 BOKJIMBUX acTeKTiB BUKOPHCTAHHS TeHEPATHBHUX MOJENEH I ayTMEHTAIlIi € 3a0e3IeYeHHs
Oesnekn nanux. lle moB’s3aH0 3 ThM, o iH(OpMaNis, sIKa MICTUTBCSI B OPUTIHAJIBHUX HA0Opax MaHUX,
MOYKe MOTPAIISATH y 3reHepoBaHi naHi. Hanpuknan, po3misHyTi HaMu Tudy3iiHI TeHepaTHBHI MOJIEIT, HaB-
4eHi Ha BapianTax nparacery LAION, mo ckmamaeTbes 3 MiTbSpAiB 300pakeHb, 310paHuX i3 BiIKPUTHX
JoKepenl. IcHye pu3HK TOro, 10 YaCTHHY WX 300pakeHb Oy/ie BIATBOPEHO MPH reHeparii HOBUX BapiaHTIB.
ko 3reHepoBane 300pakeHHsI Oyzie HaJIMIPHO CXOXKUM Ha TECTOBI JIaHi 3 OLIIHIOBAJILHOTO HA0OPY aHUX,
IIe MO>KE TIOCTABUTH ITiJ] CYMHIB HaJIiHICTh PE3yJbTATIB 1 MPU3BECTH IO BUTOKY JTAHHUX, I[0 HETaTHBHO TO-
3HAUUTHCS HAa JOCTOBIPHOCTI €KCIIEPUMEHTIB. TakuM 4MHOM, € PH3HK KOMIIpoMeTanii ekcriepumenTy. Cxe-
MaTHUYHO OITMCAHUH BUTIK TaHHUX 300pa’keHO Ha puc. 4.

OxpiM 3arajlbHOrO PU3UKY BUTOKY JIAHMX, BAKIIUBO TAKOXK 3a0€3MEUUTH KOPEKTHICTh BUKOPHCTAHHS
TeHEPAaTUBHUX MOJIENCH ¥ paMKax KOHKpPETHOT 3aiadi. JesKi 3 po3IIHYyTUX POOIT 3aCTOCOBYBAJN ayrMeH-
Tallil0 Y KOHTEKCTi HaBYaHHS Ha Majux BuOipkax (few-shot learning). SIkimo oOMexXUTHCS JHIIE BKa3aHHAM
TEKCTOBOTO OIMUCY «300paXKCHHs {Ha3Ba KJIacy }», TO MICJIA TeHepallii B HaBYallbHy BUOIPKY MOTPAIUIAThL HE
TITBKM BapiaHTH 00 €KTiB, sIKi € y HaBUaNbHiil BUOipmi, a if aOCOIIOTHO HOBI 300paXKeHHs 00’ €KTIB I[HOTO
KJIacy, IO CTaBHUTH IiJ| CyMHIB JJOCTOBIPHICTh PE3yJIbTAaTIiB EKCIICPUMEHTY.
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Puc. 4. Cxema BUTOKY TaHUX

3abe3neueHHs SKOCTI TeHepallii JaHUX € KIIOYOBUM acIeKTOM IIPH BUKOPHCTAHHI TeHEPATHBHUAX MOZE-
el [u1a ayrMeHTartii 300paxens. Ilonpu 3HaYHO BUIY SIKICTH OTPUMAaHIX 300pa)XeHb MOPIBHSHO 3 MoIepe-
JTHUKAMHM, B YCIX TepeliueHUX BHIIE PoOOTax, IO BHKOPHUCTOBYIOTh TU(Y3ilHI MOIENTi, aBTOPH TaK YU
1HaKIIIe BKa3ylOTh Ha OOMEKEHHS SKOCTi, 0COOIMBO MPU TeHepallii CKIIaJHUX CIEH i3 BEITUKOK KUTBKICTIO
00’exTiB. He3Baxarouu Ha 11e, AesKi JOCIiIKEHHSI 00MEXKYIOThCS TIJIbKH ONOCEPEIKOBAHUM OIIHIOBAaHHIM
SIKOCTI, IOPiBHIOIOUM MOKA3HUKH MOJIEIICH, SKi HaBYANUCS Ha MOBHICTIO IITYYHUX 1 MMOBHICTIO IPUPOIHUX
JaHuX, IO HE J1a€ TOYHOTO YSBJICHHS MO peaibHy e(EeKTUBHICTh 3aCTOCYBaHHS T€HEPAaTUBHHUX MOIEICH
JUTS ayTMEHTAIIii.

[TomupeHoro Miporo MoiOHOCTI HA0OPIB 300paXkeHb € BificTaHb cipuiHATTA 32 peme (Frechet Inception
Distance FID-score), BoHa BBaXKa€ThCs 30JI0THM CTaHIAPTOM y 0ararhox 3ajadax reHepailii 300paxeHs 1 3a-
CTOCOBYEThCSI B PO3IISIHYTHX BHIIE poOOTax, yTiM y [17; 26] BKaszyeTbcss 0OMEKEHHS BUKOPHCTAHHS i€l
METPHUKH MPH ayrMeHTallii. ¥ po3mISHYTHX BHIE POOOTaX TAKOK BUKOPUCTOBYIOTHCS CIICIIM(iIuHI MOKA3HU-
KH, XapakTepHi s pi3Hux 3amad. Hanpuknaa, oouncienns CLIP-score sik MOKa3HHUKA BiAMOBIIHOCTI MiX
300pakeHHAM Ta HOTO TEKCTOBMM OIIMCOM HaJae€ INEBHY iHTEPIIPETOBAHICTH pe3yibTariB reHepamii. Llen
MiAXIT € 3pyYHHM HE TUTBKH U 337adi OMKCYy 300pakeHb, a ¥ I ITHPOKOTO KOJA iHIIHX 3aCTOCYBaHb,
OCKIUIBKHY JIa€ MOXKITUBICTD OIIHUTH, HACKUILKU J0Ope 3reHepoBaHe 300pakeHHs Bi/IMOBINAE 3aJaHOMY TeK-
CTOBOMY OITUCY, IO € BKJIMBHUM JJIS 3a/1a4, JIe TEKCTOBA iH(pOPMAITis BIIrpae posib y KOHTEKCTI reHepaitii.

HaOyBaroTh momyssipHOCTI €KCIIEPUMEHTH 3 MiA00pOM HaWKpalIux TEKCTOBUX OIMUCIB (IPOMIITIB), 30-
KpeMa BHKOPHCTaHHS MOBHHX Mojenei i nepedpasyBanusa. Takuil miaxin mae 3MOTy MOKpAIIUTH TOY-
HICTb i peleBaHTHICTh 3T€HEPOBAHIX 300pakeHb. Y 3aadax CerMEHTaIlil Ta AETEeKIil YaCTO BUKOPUCTOBY-
IOThCS TTOKa3HUKH, AK-0T iHaekc XKakkapa (intersection over union, loU, mloU), mjsl OliHIOBaHHS SIKOCTI
MITYYHO 3TeHEPOBaHUX JaHuX. [ 0OuuCIIeHHS TUX METPUK a00 3A1MCHIOETHCS PyYHA PO3MITKA IITYYHOTO
300pakeHHs, 200 BUKOPUCTOBYETHCS JOJATKOBA MOAETh CETMEHTAIlI1, IO 1a€ 3MOTY IMTOPIBHSITH 3T¢HEPOBa-
Hi 300pakeHHS 3 peAIbHIMH.

[Momanpmri JOCTIKEHHS B TaTy3i ayrTMEHTAII] JaHUX 13 BUKOPUCTAHHIM I'CHEPaTHBHUX MOJIENIEH MatOTh
KiUJTbKa MepCIeKTUBHUX HampsiMiB. OJTHUM 3 OCHOBHHX € 3aCTOCYBAaHHS IIMX METOMIB Y cepax 3 oOMexe-
HUM 00CSATOM JaHUX, TAKUX K MEAWIHI 300paskeHHs. B po3nsiHy THX poO0Tax TOCIiIKEeHHS BUKOHYBalIOCh
Ha BEJIMKHX yHiBepcanbHUX Habopax manux (COCO, ADE, PASCAL VOC Ta iH.). 3 omisity Ha MOXITHBY
BIJICYTHICTh SKICHHX JTOTIOMDKHHX MOJIENICH Y Crelialli30oBaHUX JTIOMEHAX, JAOIIIBHO OOMEXHUTH iX BUKOPH-
CTaHHSA JUIS OIIIHIOBAaHHS SKOCTI TeHepallii. Ik anbTepHaTHUBY OIIiHIII 33 JOMOMOTO0 JJOMTOMIXXHIX MOJIETIeH
MIPOTIOHYETHCSI BUKOPUCTOBYBATH METPHKY HAa OCHOBI BIJICTaHI CIPHUHATTS 3a Dperie Ui MOpPiBHIHHS
3TEHEPOBAHUX 1 AHOTOBAHMX BPYYHY (€TAJIOHHMX) MACOK CETMEHTAITI].

I3 momanenIMM PO3BUTKOM TeHEPATHBHHX MOJIEJICH HHHINIHI OOMEXEHHS SKOCTI reHepailii, iMOBIPHO,
Oy/ie TOJI0NaHo, a CyYacHi apXiTeKTypH, 30KkpeMa audys3iiiHi Ta TeHepaTMBHO-3MarajibHi MOJEIi, MOXYTh
OyTH 3aMiHEHI OUTbII e(eKTHBHUMH MijxonaMu. BomHowac crparerii BUOOPY, 10 SIKMX caMme eK3eMILIAPIB
BHOIPKH JOLIJIBHO 3aCTOCOBYBATH ayTMEHTAIIi10, 3HAYHOIO MipOIO HE 3aJI€XAaTh BiJl KOHKPETHOI apXiTeKTypH
TeHepaTUBHOI MOJIENI, a OTKE, MOXKYTh JTOCIHIIKYBaTUCS OKpeMo. [IepCeKTHBHIM HAIPsIMOM € PO3BHTOK
METOJIIB paH)XyBaHHS JIaHKX 32 CTyNeHeM HeBU3HaueHOCTi [11] abo 3HaueHHsM QyHKIIT BTpaT [17], a Takox
1XHe o€ THAHHS 3 IiIX0AaMH, MOAIOHUMH J0 THX, 110 OYIIH 3aIpOoNoHOBaHi y [15], 1e aBTopaMu BUKOHYBaB-
Cs aHAJTI3 MPEJICTABICHb «CKIIATHUX 1 «ITPOCTHX» JJIs Kiacu]ikaiii eK3eMIUISpiB y TPOCTOPI O3HAK.
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BucnoBknu

VY cTaTTi po3NISHYTO CydacHi MiAXOAU O BUKOPUCTAHHS T€HEPATHBHUX MoAeNeH A ayrMeHTauil
JaHUX y 337ad9ax KOMIT I0TepPHOTO 30py. Taki Momeri JeMOHCTPYIOTh 3HAYHO O1IBITY BapiaTUBHICTH JIOTIOB-
HEHHSl JJAHUX TNOPIBHSIHO 3 KJIACHYHUMM METOJaMM Ta 3a0e3MeuyroTh BUIY THYUKICTb IPU PO3B’SI3aHHI
CcrelianizoBaHuX 3a7a4. HarpsiM akTHBHO pO3BHBAETHCS, IIOETHYIOUN METOAH 3 Pi3HUX ITiIraxy3eil KoMIT fo-
TEPHOTO 30py Ta MAIIMHHOTO HABYAHHS.

[TokazaHO PO3BUTOK MMiJXOIB 10 BUKOPUCTAHHS TCHEPATUBHUX MOJEICH BiJl paHHIX Mojellell Ha Mo-
JeTbHIX Habopax, 10 KOMIUIEKCHUX PillleHb, 10 J03BOJISIOTH OHOYacHEe OTPHMaHH: 300paxeHb 1 BiJIIo-
BiZTHOT PO3MITKH 3aBISKH MEXaHi3MaM 00yMOBJIEHHS. [CTOTHE pO3MINPEHHS MOKINBOCTEH JOCSATHYTO 3 T10-
sIBOKO AU (y31HHIX MOzeTei, SKi 3a0e3MeUyI0Th BUCOKY SIKICTh Ta KOHTPOJIbOBAHICTh CHHTE3Y JaHHX.

[IpoanaiizoBaHO Cy4acHi MiJXOAH 10 BUKOPUCTAHHS T€HEPATHBHUX MOJICNICH I ayrMeHTallli TaHuX,
BUJLIEHO MPOOJIEMATHKY Ta OKPECIEHO NEePCIEKTUBHI HAPSMU MOAANBIINX JOCTIKEHb. 30KpEMa, 3aIpo-
MTOHOBAaHO METPHUKY OILIHIOBAHHS SIKOCTI T'eHepallii Al CerMeHTallii, sIKy IIaHy€eThCs IEPEBIPUTH B HACTYII-
HUX JOCIIIXKEHHSIX.
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S. Cholovskyi, O. Buchko

DATA AUGMENTATION IN COMPUTER VISION
USING GENERATIVE MODELS

Modern generative models provide high quality of generation, with their usage considered alongside
classic data augmentation techniques. The paper provides a review of existing approaches for data augmen-
tation with generative models in computer vision tasks. Reviewed pipelines utilize enhanced conditioning
mechanisms of modern generative models to produce both images and labels for various tasks including
image captioning, classification, object detection and segmentation.

Data leak prevention is crucial when large pretrained generative models are used for augmentation.
Models like Stable Diffusion were trained on billions of publicly available images, which might also be
present in popular datasets. A potential methodological weakness in the application to few-shot learning
tasks was identified: images generated based on textual prompts are sampled from all possible images of a
certain class, but not only from a few given training examples. Controllable sampling should be introduced
to prevent possible data leaks.

Despite the high overall quality of generated images, novel diffusional models are still error-prone in the
generation of complex scenes. To mitigate this various quality assessment procedures for generated images
are used. These methods include visual naturalness evaluation with Fréchet Inception Distance (FID),
prompt correspondence control via CLIP-score, intersection-over-union (loU) with ground truth or predic-
tions of auxiliary segmentation models for segmentation masks.

Further utilization of generative augmentations in data-scarce domains such as medical imaging is
needed. To achieve this, it is preferable to eliminate auxiliary predictors from generation quality assess-
ment. It is proposed to compare generated and natural segmentation masks with the FID-score.

Another area for further research is data augmentation sampling strategies that are less dependent on
specific generative pipelines and therefore can be considered separately. Targeted augmentation of hard to
predict examples is more effective than uniform sampling. It is planned to improve sampling strategies from
reviewed papers in future research.

Keywords: augmentation, computer vision, generative models, generative-adversarial networks,
diffusional networks.
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Maxammeoos K. K., Kupienko O. B., Tkauenko B. O.

OIIIHKA TPAHC®OPMEPHUX MOJEJEHN mT5
JIJSI YKPATHCBKO-AHIVIIHCBKOT O MEPEKJIALY

Lo cmammio npuceésiueHo KinbKiCHOMY 6UBYEeHHIO 6NAUBY po3mipy apximexmypu Transformer na mou-
HICMb YKPATHCLKO-AHSTIUCLKO20 MAUWUHHO20 NepeKnady 3 guxopucmannim mooeni mT5. Jlocriosceno egex-
muericms pobomu mooeneu m15 pisnux posmipie (small, base, large) wooo uacy nasuanns, uacy eenepayii
nepexnaodia i akocmi nepexnaody, oyinenoi mempukamu BLEU ma chrF~++. Pe3ynbmamu nokazyromo, ujo
Oinvwi modeni mTS5 oemoncmpyroms euwy AKicms nepekiady, aie nompedyioms 3HaA4HO Oilbuie 0OUUCTIO-
sanbHux pecypcis. Pezynomamu docnioscenus niomeeposcyioms 0oyibHicmsb 3acmocysants mooenet mT5
O/ YKPAiHCbKO-aH2NIICLKO20 NepeKaady, Hasimb Ha MUNOBUX OOHUCTIOBATLHUX CUCEMAX.

Kurouogi ciioBa: Tpanchopmep, 00poOIeHHS TPUPOIHOT MOBH, MAITUHHUN TIepeKIIal, HEHPOHHUH Ma-
maENE niepeknan, mT5, HPLT, BLEU, chrF++, NLLB-200.

Beryn

MammHHAHA TIepeKiaja € OfHIEI0 3 KIIOYOBUX raiy3ei oOpoOneHHsS HmpuponHoi MoBH. IcTopnyHO I
cepa 3a3Hana 3HAUYHOI €BOJIOLI], 3MiIHCHUBINN MEepeXi] BiJ paHHIX CUCTEM, OCHOBAaHHX Ha IpaBMIIAX, 10
CTaTUCTUYHOTO MAIIMHHOTO TTepeKnany [5], skuit nominyBas Ha mogarky X XI cromirra. [Ipore mapaanrma-
TUYHHUH 3CyB BiZIOYBCS 3 ITOSBOIO HEHPOHHOTO MAIIMHHOTO MEPEKIay, SIKHH MPOIEMOHCTPYBAB 3/1aTHICT
TreHepyBaTH 3HAYHO OLTBIN SKiCHI, KOHTEKCTYaJIbHO OOIPYHTOBaHI Ta TOUYHI mepekiazu. Ha BiaMiHy Big
CTaTHCTUYHOTO MAIIMHHOTO IEepeKyIaty, o ollepyBaB Ha piBHI (pas, mepIi Moei HeHPOHHOTO MaIlliH-
HOTO TIepeKiIaay Ha 0a3i peKypeHTHHX HEHPOHHHUX MEPexX Jald MOXKIIMBICTE 0OPOOIIATH peUCHHS 5K €ANHE
IiJIe, 0 CTax0 3HAYHUM KpokoM ymepen [1].

Ki1r040BHM MOMEHTOM, 1110 BU3HAYMB Cy4acHHUH CTaH HEHPOHHOIO MAaIIMHHOTO IIepeKIay, CTajIo BIpo-
BajKeHHS apxiTektypu Transformer y 2017 p. [8]. Ll apxiTekTypa BiqMoOBHIACs BiJ PEKypeHTHHX i 3TOPT-
KOBHX IIapiB Ha KOPHCTb MEXaHI3MIB yBaru, 30kpeMa camoyBar# (self-attention). Taxwuii minxin 103BoiaHB
MOJIET 3BayKyBaTH BaKIUBICTh Pi3HUX CIIIB Y BXiJHIH MOCTIIOBHOCTI Ta OXHOYACHO 0OpoOsATH BCi 11 ene-
MEHTH. MOXXIIMBICT MapalieIbHOTO 0OpOOJICHHS TaHUX HE JIMIIEe KapAWHAIGHO IPHCKOPHIIa IIPOLeC Ha-
BYAHHS Ta TEpeKIany, a i 3HaYHO MiIBUINMIA e(DEeKTHBHICTD Y 3aXOIUICHHI TOBTOTPUBAIIHX 3aJICKHOCTECH
y TeKcCTi. 3aBIsKH CBOil eeKTHBHOCTI Ta MacmITaboBaHOCTI, apxiTekTypa Transformer crana ¢pyHnameH-
TaJBHUM OyiBETEHUM OJIOKOM JJISI IIEPEBAKHOI OLTBIIOCT] CydYaCHHUX BEIMKUX MOBHHX MoJieNneH 1 ae-¢paxto
CTaH/IapTOM JUISl HAHCYy9JacCHIIINX CHCTEM MaIIMHHOTO TTePEeKIIay.

OcTaHHIM 9acOM TOIMYJISPHICTh 0araTOMOBHUX MOJIENIeH 3HAYHO 3pocia, 10 cepy TaKoK aKTUBHO J0-
CIIIKYIOTH 1 B YKpaiHi [4], omHiero 3 Takux moneneit € mTS (Massively Multilingual Text-to-Text Transfer
Transformer) [9]. HocmimkeHHs iXHBOT €PEKTHBHOCTI JIJIsI MEHIII MOMUPEHUX a00 CKIaJHUX MOB, 30KpeMa
YKPaTHCHKOT, 3aTHIIAIOTHCS aKTyadIbHUMHU. Xo4a aBTopyu mTS y CBOTH CTATTi OXOIIIIOIOTH 3araibHi BiOMO-
CTi 1Ipo poOOTy MOAENTI Ta AEMOHCTPYIOTh 3arajIbHi CIIPOMOXKHOCTI apXiTEeKTypH, BOHH HE HAIaJIH JICTalb-
HOTO aHayi3y abo TecTyBaHH:, c()OKYyCOBaHMX Ha 3ajadi nepekiay. Lle cTBoproe mporannHy B po3yMiHHI
TOTO, SIK Pi3Hi po3mipu Mozeneit mTS mposBIIIOTE cee y TaKuX 3a/1adax, TOMY Il poboTa parte 1oCiiau-
TH IT10 ITpoOJIeMy i OLIHUTH MOMKJIMBOCTI MOJIENI came JUTs YKpaiHChKO-aHITIHCHKOTO MepeKIay.

IlepexymMoBu nocrizKeHHs

Mopnens mT5 € 6araromoBHOM Bepceieto moneni TS5 (Text-to-Text Transfer Transformer), ronoBHoOIO 0cO-
ONUBICTIO SAKOI € yHi(hiKaIlis 3aBIaHb 3 00pPOOICHHS MPUPOTHOT MOBH Y hopMar «text-to-texty, o T03BOJIsE
BUKOPUCTOBYBATH OZIHY apXiTEKTypy Kojepa-IeKojepa A BHUPIIIEHHS HIIMPOKOTO CIEKTpa 3aBAaHb: BiX
MAIIIMHHOTO TIepeKialy Ta y3araJbHEHHs JI0 BiJIOBiJei Ha 3amUTaHHA Ta Kiacudikaimii TekcTy. Moaenb
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mT5 Oyna monepenHbo HaBueHa (pre-trained) Ha GararoMoBHOMY Kopityci nanux mC4, 1o jae i MOXJu-
BicTh eexTHBHO mparoBary 31 101 mMoBoro. Lle pobuts i HaA3BUUANHO LIHHUM iHCTPYMEHTOM IS 3a-
BJIaHb, 1110 MOTPEOYOTh POOOTH 3 TEKCTaMH 200 TeHepallii TeKCTy PiI3HUMH MOBaMH.

Mosgnuii kopriyc mC4 (Massively Multilingual Common Crawl Cleaned Corpus) oxomtioe 101 moBy Ta
Mae obcsr y 27 TepabaiTis. el naracer MicTuTh 2733 MUTBSIPAN TOKCHIB aHDTIMCHKOIO 1 41 MiIbsIp/ TOKe-
HiB YKpaiHChKOIO, IO CTaHOBUTH 5,67 % 1 1,51 % BinnmosinHo. Bin € 6aratomoBHOO Bepciero kopmycy C4
(Colossal Clean Crawled Corpus), Sknii BAKOPHCTOBYBABCSI JUUIsl HABYaHHS OpUTiHAIBHOT Mojeni T5. Oou-
JIBa KOopIrycu 0a3yloThcs Ha JaHUX, 3i0panux npoektom Common Crawl, 110 cucTeMaTiuyHO CKaHye BeO.

Moneni mT5 icHytoTh y 5 po3mipax: mT5-small, mT5-base, mT5-large, mT5-x1, mT5-xx1. Po3mip mo-
neni Transformer BU3HayaeThes KUIBKICTIO 11 mapaMeTpiB: KUIBKICTIO OJIOKIB Y Kozepi Ta Aekoepi, po3mip-
HICTIO BEKTOPIB €MOEIIHTY, PO3MIPHICTIO MAaTpHIll MPOEKIT KIFOYIB / 3HAUCHb, KUTBKICTIO TOJIB yBarw,
PO3MIpPHICTIO MPOMIXKHOTO BEKTOpa BcepeuHi 010Ky TpaHcdopmepa. Lli mapameTpu € KpUTUYIHO BaXIJINBUM
(haxTopoM, IO BIUIMBAE HA MPOAYKTHUBHICTH MoJei Ta ii oO0uymcaroBaibHI BUMOTH. Monem Transformer
MOXYTb BapilOBaTHCA BiJl COTEHb MUIBHOHIB O COTEHb MINBAP/IB MapaMeTpiB, 10 Oe3M0CepeTHHO KOpe-
JIIO€ 3 TXHBOKO 3JIATHICTIO JIO 3aXOIICHHS CKJIaTHUX MOBHHX 3aKOHOMIPHOCTEH 1 KOHTEKCTIB. 3a3BHuaii, 1o
OinbIIIa MOJIENB 1 10 OlIbIIE JaHUX BOHA 0OPOOIISIE MMijJ Yac HaBYAHHS, TO KPalIoi AKOCTI MepeKyiaay BoHa
Moxke gocart. OJHaK 30UTBIICHHS PO3MIpy TATHE 32 COO0I0 3HAYHE 3pOCTaHHS 00UHCITIOBAIILHUX PECYPCIB
Ta maM’sITi, HeOOX1AHUX JJIs1 HABUAHHS Ta pO3ropTaHHs. Lle cTBOpIoe BaxIIMBUI KOMIIPOMiC MK 0aXaHO0
TOYHICTIO MEPEKIIAAY Ta MPAKTUIHOK MOXKITUBICTIO BAKOPUCTAHHS MOJISITI Ha IOCTYITHOMY OOJIaIHAHHI.

MeTomoJiorisi ZOCTiKeHHS

Junst ouinku Oyino BukopuctaHo Tpu Bepcii mTS — small (300 muH napametpis, 1,2 I'B), base (580 mun
napametpis, 2,4 I'b), large (1,3 mapxa mapametpis, 4,9 I'B). Lli Bepcii Oyito 00paHO, OCKIJIbKH OiIbINICTh
CMIOXKHUBYMX Tpa(iuHUX MPUCKOPIOBaYiB MatOTh 00’ eM Bigeonam’ siTi Bix 8 g0 12 I'b, a oke 6inbiui Mozeni,
sk-oT mT5-x1 (3,7 mupa, 15 I'B), He BMicTHHCS O y Takuii 00’ €M.

J1s KifbKiCHOT OLIHKY SIKOCT1 MAIIMHHOTO HEepeKIIaay BUKOPUCTOBYIOTHCSI aBTOMaTH4HI METPHUKH, SIKi
MOPIBHIOIOTH 3T€HEPOBAHUN MOIEIISIMH TEepeKiaj] 3 CTAIOHHAM IMEPeKIanoM 3 KOpImycy. Y IbOMY IOCi-
JDKCHHI JUIs OLIHKK Oynu oOpaHi ABi mMHpoKko BukopuctoByBaHi MeTpuku: BLEU Ta chrF++, Bonu narots
3MOTY IIBUKO Ta 00’ €KTUBHO IMOPIBHIOBATH Pi3HI MOIEIII.

BLEU (Bilingual Evaluation Understudy) [6] — e ogHa 3 HaliaBHIMNX 1 HAUTOMUPEHIIINX METPUK
JUTS OIIHKK MAaIlMHHOTO TIepeKiay, nmpencrariieHa y ganexkomy 2002 pori. BoHa BUMIpIOE CXOXKICTh Mik
MAIIMHHUM 1 €TaJOHHUM NEPEeKIajaMt IIUIIXOM PO3paxyHKy Moau(ikoBaHOI TOUHOCTI U1 n-rpaM. Kinie-
Be 3HayeHHs BLEU € reoMeTpryHuM cepeHiM MOAM(DIKOBAHUX TOYHOCTEH JJIS N-IpaM pi3HOI JOBXKHHH,
MOMHOXXEHMM Ha mTpad 3a cruciicts. 3HadeHHss BLEU nexuts y pianasoni i 0 go 100, ne Bumi mokas-
HUKH BKa3yIOTh Ha KPamly sKiCTb.

chrF++ (character n-gram F-score) [7] — meTpuka, pozpodnena 2017 poKy sik pO3LIMPEHHS OpUTiHAb-
Hoi chrF. Bona npaiitoe Ha piBHI CHMBOJILHUX N-IPpaM 1 JIONATKOBO BPAXOBY€E CIIOBECHI YHITpamu Ta Oirpamu,
IO JIO3BOJISIE BPaxXOByBaTH sIK APiOHI JIHTBICTUYHI JeTaii, Tak i mupmuil koutekcT. Sk F-mipa, chrF++
OallaHCy€e MiX TOYHICTIO Ta TIOBHOTO¥O.

Jist ToHKOTO HanamtyBaHHA (fine-tuning) Mozesneii 0yiio BUKOPHCTAHO aHIMIiHCEKO-YKPaTHCBKY YaCTHHY
rkopnycy HPLT v2 (High-Performance Language Technologies version 2) [2]. Lle#t kopryc € po3mupeHum
Ta OYHUIEHUM 0araTOMOBHUM HabOpPOM JIaHUX, CIELiaIbHO PO3POOICHUM IS 33]1a4 OOpOOICHHS TPUPO/I-
Hoi MOBH. Foro BHGip 3yMOBIICHHH BHCOKOIO SIKICTIO 1 PEIEBAHTHICTIO IS 3aBAAHb MAIIMHHOTO MEPEKIALY.
Kopmnyc Oyno BifdineTpoBaHo 3a mokasHUKaMu score-aligner He meHme Hix 0,4 1 score-bicleaner He MeHIe
HiK 0,9 17 301MbIIeHHS SKOCTI TpeHyBalbHNX AaHuX. [licms mporo 3 orpuManux map Oymo B3sro 10 %
BUIAJAKOBUM YHHOM. YChOTO JUIsl HABYaHHS Mozenel Oyino Bukopuctano 1 068 199 map peuensb.

J1J1s OIIHKY SIKOCTI TIepekJIaiiB OyB BUKOPUCTaHHK TecTOBUM Ha0ip AanuX i3 10 000 ykpaiHChKO-aHTITii-
CBKUX pedeHb, BifiOpanux 3 kopmycy HPLT v2, siki He BUKOPUCTOBYBAJIMCS i/l 4aC TOHKOTO HaJAIITyBaH-
Hs. BXingHi ykpaiHCBKi pedeHHs oTpuMmyBaid npedike «translate Ukrainian to English: ». Oninky BLEU
npoBoawIn 3 napamerpoM «tokenize="flores200’». s chrF++ Gynu BkazaHi mapamerpu «word order=2»
Ta «char_order=6y, mo BiANOBia€ CTAHAAPTHUM HAJIAIITYBaHHSM.

Juist po3ymiHHs pe3ynbTariB podotu mTS Oynu BKIIFOUYEHi AB1 AUCTUIIBOBaHI Mojeni 3 cimeiicta NLLB-
200 (No Language Left Behind) [3]: NLLB-200-distilled-600M ta NLLB-200-distilled-1.3B. O6uaBi mo-
neni NLLB-200 6a3ytoTscs Ha apxiTektypi Transformer i Oynu HaB4€Hi 32 JONOMOTOIO TEXHIKH IUCTHIIAIIII,



Maxammedos XK. JK., Kupienxo O. B., Tkauenxo B. O. Ouinka TpaHc(hOpMepHUX Mozieneif mt5ais ykpaiHchKo-anTIitichkoro nepeknany 99

KOJIM MEHIIIA MOZENh BUNTLCS Ha BUXOax OUIBIIOI MOJIENI, BOHM HaBYaIMCs 3a qorioMororo moaeni NLLB-
MOE-54B (54 mupn napamerpis, 250 I'b), mo 103Bos1s1€ iM nepeknanaT 6e3nocepeHbo Mixk Oyab-sIKUMU
3 200 miaTpuMyBaHUX MOB 0€3 BUKOPHCTAHHS TPOMIXKHOI MOBH.

AmnapartHe Ta mporpamHe 3ade3ne4eHHst

[pouec ToHKOro HanmamryBaHHS Momeneit mTS, skuil moTpedye 3HAYHUX OOYHCITIOBAIBHUX PECYPCIB
1 00’eMiB Bijeomnam’siTi, BHKOHYBaBcs Ha rpadiunomy npuckoproBadi Nvidia RTX 5090. Bigeokapry Oyino
o0OpaHo yepe3 Bucoky nponykTuBHICTH (104.8 TFLOPS) i Benukuii oocsr Bigeonam’siti (32 I'b), Bona
€ HAWIOTYXHIIIMM CIIO)KUBYMM TpadiYHUM MMPUCKOPIOBaYeM HAa MOMEHT MPOBEACHHS JociikeHHs. Etam
reHepatii nepekiaiB 1js OLiHKA MOJIeTiel BUKOHYBaBcs Ha rpadiunoMy mpuckopioBadi Nvidia RTX 3070,
SIKUH T0Ope BioOpakae yMOBH THIIOBUX CyYaCHHX OOYHMCIIOBAIBHUX cucTeM. Llei rpadiuHnii mpucKopro-
Bau Mae MeHIy npoayktusHicTh (20.31 TFLOPS) i Bineonam’sts (8 I'b) nopiBusano 3 RTX 5090, ane iioro
MOYJIMBOCTEH OYJI0 JOCTAaTHBO JUTS IIBUAKOTO OTPHMAaHHS TIEPEKIIaJiB Ha TECTOBOMY HA0Opi TaHUX.
[Iporpamue cepenosuie Oyio modya0BaHO Ha 0CHOBI MOBHY Python i mpoBigHux 6101i0TEK AT TIIHMOWH-
HOTO HABYAHHS:
e PyTorch — ocHOBHUII (peliMBOPK AJs IMOMHHOTO HaBYaHHA, 3a0e3Meuye THYYKIiCTh y poOoTi 3 Hell-
POHHHUMU MEpEKaMU Ta ONTUMi30BaHy pobdoty 3 GPU;
o Hugging Face Transformers — mis B3aemoii 3 momnepeiHs0 HaBueHUMH MonessiMu Transformer, Taku-
MU sik mTS, 1 CIpoIeHHS MTPOIECY TOHKOTO HaJAIITyBaHHS;
Hugging Face Datasets — s eekTUBHOI poOOTH 3 HAOOpaMU 1aHUX;
sacrebleu — 1HCTPYMEHT I aBTOMATHYHOI OI[IHKH MAIIMHHOTO TIEPEKIIay.

PesyabsraTn

JlaHi, oTpyuMaHi micis MoNepeIHhOro 00pOOICHHS JaHUX 1 TOHKOTO HalamTyBaHHs monened mTS5, Ha-
BelleHOo B Ta0m. 11 2.

Tabnuysa 1. Yac TpenyBaHHs1 Mofeeii Ha rpagiuynomy npuckoproBadi Nvidia RTX 5090

Mogenasb KiabkicTh napamerpis Yac TpenyBaHHs (TOAMHU)
mT5-small 300 maH 6:06

mT5-base 580 muH 15:20
mT5-large 1.2 mupg 48:39

Tabnuya 2. Ouinka nepexJaay Mmojaesieil Ha rpagiunomy npuckopiopaui Nvidia RTX 3070

Mopein KiabkicTh napamerpis BLEU chrF++ Yac redepauii npuxJjagis (roiuam)
mT5-small 300 maH 41,53 62,33 0:14
mT5-base 580 muH 49,97 68,17 0:21
mT5-large 1.2 mupn 54,50 71,13 1:06
NLLB-200-distilled-600M 600 MH 42,89 63,44 0:27
NLLB-200-distilled-1.3B 1.3 mupn 46,61 66,90 1:41

Amnaui3 Tabn. 2 3acBiguye, mo Ounbi Moaeai mTS 1eMOHCTPYIOTh BHIIY SKIiCTh MEpeKiaay 3a odoma
MeTrpukamu. Haiikpamii pesynbratu cepen moaeneit mTS mokaszana mT5-large, mo miaTBeppkye rinoresy
PO Te, 110 30UTBIICHHS PO3MIpy MOJIEITi TIO3UTUBHO KOPEITIOE 3 SKICTIO TIepEKIay.

[opiBHsHO 3 Monensimu cimeiictBa NLLB-200 ToHko HanamToBaHi Moaeni mTS 1eMOHCTPYIOTh Kparili
pesynbraru. NLLB-200-distilled-600M nokasana, o BOHa Mpaioe TpoxH kpaie, Hixk mT5-small. Onnak
mT5-base nepeepurye NLLB-200-distilled-600M 3a o6oma MeTprKaMH, HE3BaXKaOUH HA CXOXKUH pO3MIip.
Hatinikagimre, o NLLB-200-distilled-1.3B gocsria mpyroro 3a SKiCTIO pe3ysbTary, xoda i Oyiaa HalO1Ib-
ot Mojemto; mT5-large 3Hauno mepeBepinye nokasuukun NLLB-200-distilled-1.3B, mo cBiguute npo
e(eKTUBHICTh TOHKOTO HayamTyBaHHid MTS5 Ha cremiamizoBaHOMY YKpaiHCHKO-aHIJIIHCBKOMY KOPITyCi
JaHMUX 1 JEMOHCTPYE NepeBary Mojesel By3bKOTro CIIpSIMyBaHHS.

OTpuMaHi pe3ylbTaTH YiTKO UIFOCTPYIOTH KOMITPOMIC MiXK SIKICTIO MEPEKNIaay Ta OO0YHCIIOBAIEHUMU
pecypcamu. Xoua mT5-large 3a0e3neuye HalBUILLY SKICTh Ilepekialy, BOHA IOTPeOye CyTTEBO OLbIIIE Yacy
JUTS HABYaHHS Ta TeHepallil MOPiBHAHO 3 MEHIIUMH MonessiMu. Boxgaogac mT5-base meMoHCTpye 3Ha4UHE
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MOKPAIICHHS SIKOCTI TopiBHAHO 3 mT5-small 3a moMipHOTO 301UIBIICHHS Yacy HaBYaHHS Ta TeHeparlii, 1o
pobuTts 11 npuBabIMBUM BHOOPOM IS CLIEHAPIiB, 1€ BaXJIUBUNA OaTaHC MiX SIKICTIO 1 JOCTYIHICTIO pecyp-
ciB. HaBiTh Ha THTIOBHX OOYHUCITIOBAaJbHHX CHCTEMaX, 0o npezactasieHi, mT5-small, mT5-base i HaBiTh
mT5-large moka3yoTh NPUHHATHUN Yac reHeparii nepekiaiis.

JIist TIMOIIIOTo PO3yMiHHS AKICHUX BiIMIHHOCTEH y TIepeKiiaiaX, 3reHepOBaHUX MOACIISIMH Pi3HUX PO3-
MipiB, Oyno mpoBeaeHo pyuHHii aHani3 50 pedeHs. Y Tab. 3 HaBeneHO po30ip OAHOTO TUIIOBOTO PEUCHHS.

Tabnuys 3. llpukaaau nepexaamxy

Mopneib Opurinan peyeHHst Etanonunuii nepexian Hepexsian moaesti
mT5-small | [IBunka Oypa mucuus nepectpu- | A quick brown fox jumps overa | Quick blade of the fox spreads
Oye depe3 JTIHUBOTO cO0aKy. lazy dog. through a linear dog.
mTS-base | IlIBunka Oypa nucuis nepectpu- | A quick brown fox jumps overa | Quick brown fox jumps through a
Oye depes JIHUBOTO CODaKy. lazy dog. lazy dog.
mT5-large | [lIBuaka Oypa mucur nepectpu- | A quick brown fox jumps over a | The fast brown fox jumps over a
Oye yepes JTIHUBOTO COOAKY. lazy dog. lazy dog.

[ounemo 3 mT5-small. Floro mepekiia/i 3Ha4HOO MipoOi0 HEKOPEKTHHMIA. Mozienb He 3MOTIIa MPaBHIBHO
nepeaTy 3Ha4eHHs 6arareox ciiB («Oypa» — «blade», «epectpudye» — «spreadsy, «1iHHBOTo» — «linear»)
13arajioM CIoTBOpHJIa 3MicT pedeHHs. CIOCTepITaeThesl BTpara CeHCY Ta IpaMaTudHi MOMUITKA. Mozaens mT5-
base noxasye 3Ha4HO Kpamuii nepeknan, Hibxk mT5-small. Binbiricts kI090BUX (hpa3 nepexsIageHo IpaBUlb-
HO: «quick brown fox», «lazy dog». [IpoTe € KOHTeKCTyaIbHA IOMHJIKA Y IPUHUMEHHHKY «4epe3» — «through»
3aMiCTh «OVer», IO CIIOTBOPIOE CeHC pedyeHHs. Mozenp mTS-large cTBopwia mepekian pedeHHs, ayxe
CXOXKHI Ha €TAJIOHHUI, HaBITh KOHTEKCTYaJILHO MPAaBHIIFHO TIEpEKIIaia CIOBO «uepesy». Bapro 3a3HaunTH,
mo mT5-large iHoai pae Ginbin sikicHU# nepekiaa, Hixk etanoH 3 HPLT, mT5-base 3a3Bu4aii TpuMaeThCs Ha
piBHI etanony, a mTS5-small yacTo moka3sye Tipiinii pe3ysbTar, HiXk eTaloH, Xoda 1 HeHabararo.

L1i pe3yabraTu MiAKPECIIOI0Th AOUIIbHICTh BUKOPUCTAHHS Mozeneit mTS s ykpaiHChKO-aHIIIiICBKOTO
nepeKiIay Miciast TOHKOTO HalallTyBaHHS.

BucnoBok

Le mocmimkeHHs Oyino MpHCBAYEHE KUTbKICHOMY BUBUCHHIO BIUIMBY po3Mipy Moneni mT5 Ha TouHICTh
YKpaiHChKO-aHIIIICHEKOTO Tepekiany. Mu mpoaHaii3yBalu IPOAyKTUBHICTE TPbOX Bepcii Mmogeni mTS5 —
small, base Ta large — 3 omAay Ha 4ac HaBYaHHS, Yac TCHEpallii MepeKIaiB Ta SIKICTh MePeKIay, BUKO-
pucroBytoun MeTpuku BLEU Ta chrF++. /I moBHIIIOro KOHTEKCTY pe3yasraru Moaeneit mTS Oymo mopis-
HSHO 3 MOKa3HUKaMH JUCTHIIboBaHUX Bepciit NLLB-200.

Hame TecTyBaHHS MiATBEpOIIO 3HAYHUHN BIDIMB po3Mipy moxeni Transformer Ha TounicTh. BaxkmmBo
3a3Ha4MTH, Mo MTS-large mokaszana Kpamuil pe3ylbTar Ta IpalioBaia MIBHIIIC, HiK HaBiTh OUTbIIAa MO-
nenb mupokoi HanpasieHocTi NLLB-200-distilled-1.3B micist TOHKOTO HalamTyBaHHS Ha KOPITYCl Y MiJb-
ifoH MoBHHX map. Lle JeMOHCTpye KOPHCTH MoJeiel By3bKOTO HAIlpaBIEHHS, SIKi CIeniati3oBaHi Ha KOH-
KpETHill MOBHIl Iapi Ta 3aBJaHHI i TOMYy MOXYTh ITEPEBEPIIYBATH OLIBII YHIBEpCAIBHI PIIICHHS.

Pesynprat 11bOTO TOCITIIKECHHS MOKA3yIOTh JOIUIBHICTE BHKOPHCTaHHSA Moneneil mTS5 mis ykpain-
CHKO-aHIIIICEKOTO MEPEKIaay HaBiTh Ha THIIOBUX OOUMCIIOBAILHAX CHCTEMAX.
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Z. Makhammedov, O. Kyriienko, V. Tkachenko

EVALUATING MTS TRANSFORMER MODELS
FOR UKRAINIAN-ENGLISH TRANSLATION

This study quantitatively investigates the impact of Transformer architecture size on the accuracy of
Ukrainian-to-English machine translation using the multilingual mT5 model. The research evaluates three
distinct mT5 versions (small, base, and large) by fine-tuning them on a subset of the HPLT v2 corpus. The
technical implementation relied on a standard Python-based deep learning stack, utilizing PyTorch and
Hugging Face (Transformers, Datasets) libraries for model management and training. Fine-tuning was
executed on a high-performance GPU to handle the significant computational load, while inference speed
was benchmarked on a typical consumer-grade GPU to reflect real-world deployment scenarios. Transla-
tion quality was assessed using the standard BLEU and chrF++ metrics.

The results confirm a direct correlation between model size and translation quality, with larger models
consistently achieving higher scores on both evaluation metrics. This improved accuracy, however, comes
at the cost of significantly increased computational demand for both training and inference. Notably, when
benchmarked against other large-scale, general-purpose translation models such as NLLB-200 (distilled-
600M and distilled-1.3B), the fine-tuned mT5 variants demonstrated superior performance for Ukrainian-
English translation, underscoring the benefits of task-specific adaptation. This study confirms the feasibility
of using all three mT5 models for this task on typical computing systems, presenting users with a clear
trade-off between desired translation quality and available resources.

Keywords: transformer, natural language processing, machine translation, neural machine translation,
mT5, HPLT, BLEU, chrF++, NLLB-200.
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Iybosux A. B., Bonuneys €. A.

ABTOMATHUYHA KJIACUDIKALIA TEKCTIB

Y yvomy docnioscenni 30ilicneno ananiz cyuacrux nioxodie 0o kracughikayii mexcmosoi iHghopmayii.
Ocobnusy ysazy npudineno agmomamuytii Kiacugixayii mexcmis, wo nepedbauace ixuiti po3noodin 3a 6u-
SHAYEHUMU Kame2opisamu 6e3 GUKOPUCMANHS PYYH020 analizy. Posensinymo il nopieHsaHo egexmuenicmo
Pi3HUX Memodis kiacugikayii 3 akyeHmom Ha 2iOpudHi cucmemu, AKi 30amHi NOEOHY8amu nepegazu oKpe-
Mux nioxoo0is i 3abesneuysamu ni0UUeHy MOYHICIb Ma NPOOYKMUGHicmb modenel. Taxox obIpyHmosano
BUOID THCMPYMEHMANbHUX 3aC00i8 011 NOOAILUIOT NPOSPAMHOL peanizayii cucmemu asmomamu3o08anol
Knacughikayii mexcmie 3a kamezopiamu. /[ HaguyauHsa mooeneti 3anponoHO8aH0 GUKOPUCIOBY8amU 30IDKY
AG News Classification Dataset 3 nnamgpopmu kaggle.com. Jloyinbnum esasicacmuvcs oomedxncenHsi Kiacugi-
Kayitino2o npoyecy xombinayicio mpvox moodenei — Naive Bayes, Support Vector Machine (SVM) ma
Recurrent Neural Networks (RNN), siki 6upi3HsiombCst HEBUCOKUMU BUMO2AMU 00 0OYUCTIOBATILHUX PeCyp-
Ci6 I uacy Ha mpeHyB8aHHsI.

KuarouoBi ciioBa: ximacudikallisi TeKCTiB, MallIMHHE HaBYaHHsS, OOpOOJICHHs yKpaiHChKOi MoBH, Naive
Bayes, SVM, RNN, noriepeiae 06poOIeHHS TEKCTY.

Beryn

OO6poOneHHs TeKcToBOI iH(pOpMamii Mae CyTTeBe 3HAYEHHS B Pi3HUX cdepax 3HAHb Cy4aCHOTO CBITY,
Takux sK Oi3Hec, HaykKa, COLianbHi Meia Ta iHIm. 3 pO3BUTKOM iH(POPMaIiHHIX TEXHOJOTIH 1 3pOCTaHHIM
o0cary mocrynHoi iHpopManii cTae Haa3BMYaWHO BajIIMBHM €(EKTHUBHE YIIPABIIHHA IIUMHU JAHWMH Ta
ixHil aHami3. OmHIEO 3 KIIIOYOBUX 3aja4 y 3a3Ha4eHid cdepi € aBTOMaTHYHA KiIacu(iKaIlis TeKCTiB, sKa
TOJIATa€e B IXHBOMY PO3IOALTI 32 MEBHUMH KaTeropisiMu Oe3 BUKOPHCTaHHS IIPU bOMY PYYHOTO aHAII3y
(g «kareropiero» MoKe MaTHCS Ha yBa3i TeMa, IOYyTTs, MOBa TEKCTy ToImmo). Lle 3aBnanHs mMoxe OyTn
Ba)KJIMBHM JJIs1 0araThOX yCTAHOB ITiJI 9aC CTBOPCHHS apXiBiB 1 OpraHi3amii BEIUKUX 0OCATIB TOKYMEHTIB.
Bono Takox crae pemaii akTyaJbHIIIMM 3 PO3BUTKOM IHTEpHETY, A€ BEMWYE3HI 00CATH Pi3HOMAHITHOI iH-
¢dopmarii moTpedyIoTh IBUIKOTO Ta TOYHOTO aHaJi3y. 3a3HaYMMO ITpU IEOMY, 110 iH(OPMAIIiifHI CHCTEMH,
SIKi BUKOPHUCTOBYIOTh TEXHOJIOT1] MAIIMHHOTO HABYAHHSI, TaKi sIK HEHPOHHI Mepexki Ta METOAN 00pOOICHHS
npuporHoi MoBH (NLP), 1eMOHCTpYIOTh BUCOKY €(DeKTHBHICTD y PO3B’sI3aHHI i€l 3a/1a4i 3aBIsIKU CBOIN
3[IATHOCTI aJIanTyBaTHCS JJO HOBHUX JIAHUX 1 BUCOKIM MIBHIKOCTI 00pobieHHs [1; 4; §; 20].

OCHOBHI CKJIaTHOII, TIOB’s3aHi 3 aBTOMaTHYHOIO KITACH]IKAIIEI0 TEKCTIB, e Pi3HOMAHITHICTH (popMa-
TiB, CTPYKTYp TEKCTiB i CEMaHTHYHA CKJIAIHICTh MOBH, 1 I IXHBOTO PO3B’S3aHHA MOTPiOHI eeKTHBHI
QJITOPUTMU Ta METOAU OOPOOICHHS IPHUPOAHOI MOBHU.

OCHOBHI TOHATTSA

Knacuoikanis € npouecom po3nofiny 00’ ekTiB abo JaHUX HA TEBHI KaTeropii abo KiIacu BiAIOBIAHO A0
IXHIX XapaKTEpPUCTHK a00 BIACTUBOCTEH. Y KOHTEKCTI 0OpOOJICHHS TEKCTIB KiacH(iKallis MOJATae y MpH-
3HAUCHHI KO)KHOMY TEKCTOBOMY JOKYMEHTY a00 (hparMeHTy BiATOBiIHOI KaTeropii abo kiacy, o Jornoma-
rae OpraHi3yBaTH, MPOAHAII3yBaTH Ta 3pO3yMITH BeJIMKi 00csru iHpopmarrii [4]. Jo XX cromitrs kinacugi-
Kallit0 TEeKCTIB 3/I1lICHIOBAII BUKIIFOYHO Bpy4HY. ¥ XIX CTOMNITTI, 3 HOMHUPEHHSIM 010110TeK Ta IpyKapcTBa,
0yJI0 CTBOPEHO CUCTEMHU Kilacu(ikallii KHHUT, TaKi AK JAecaTkoBa Kiacugikaiis Jproi Ta kinacudikamnis biomi-
orexu Konrpecy.

[Torpeba y xnacudikaiii TEKCTIiB cTaa I1e OUTBIIT aKTYaIBHOIO 3 MOSIBOIO KOMIT FOTEPIB, K1 JaJId 3MOTY
ABTOMATH3YyBaTH MpoIieC 0OPOOKH TEKCTiB 1 pO3pOOUTH aNTOPUTMH JJIsi aBTOMAaTHYHOI Kiacugikamii Tek-
CTOBUX JaHuX. [leprr KoMIT ¥0TepHI CUCTeMH s KiacH(ikamii TEKCTIB 3’ IBUJIMCS e B APYTiH IMOJOBHHI
XX cTOmiTTS, ane BOHH Oynu Tye NPUMITHBHUMH HOPIBHSHO 3 Cy4YaCHUMHM cHUCTeMaMU. TexHosorii mTyd-
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HOTO iHTEJIEKTY, 30KpeMa METOIU MAIIHHHOTO HABYAHHS, JO3BOJIIIN 3HAYHO MOKPALTUTH ¢(EKTUBHICTh Ta
TOYHICTH KJacuikamii TeKCTiB.

ABTOMaTHYHA KJIacU(iKaIlis TEKCTy € OMHUM i3 (QyHIaMEHTaIbHUX 3aBIaHb OOPOOJICHHS MPHUPOTHOT
MOBHY, 1 ii JOCHIPKEHHS MaTHMe BaXKJIMBI HACHIAKU y Oaratbox cdepax xurts. Hanpuknan, y HaykoBUX
JOCITIDKEHHSX BIICYTHICTh €()eKTUBHUX 3aCO0IB JJIs aHATI3Y BEJTMKUX 00CSTIB HAYKOBUX ITyOITiKaIliid MOXKe
YCKJIQ[HUTU CUHTE3 3HAHb 1 BUSIBJICHHS TEHACHILIN PO3BUTKY Hayku. Y cdepi Oi3HeCy aBTOMaTHYHA KIaCH-
(ikaIlis TEKCTIB MOXKE JTOTIOMOTTH ITiJl Yac PO3IMOJIITY 3aMOBJICHb a00 MIPU aHaJi31 PUHKY, IO CHPUATHME
HNPUIHATTIO OOTPYHTOBAHUX YNPABIIHCHKUX pilleHb. Takox y cdepi comianbHUX Mepex 1 Mexia Kinacudi-
Kalliss TeKCTOBUX TOBIJJOMJICHh MOKE JOTIOMOTTH ITiJ] Yac aHai3y TPOMAaJIChKOi AYMKH Ta BUSBJICHHS Cy-
CIIUTbHUX TEHIEHITIH.

Yci cucTeMu aBTOMAaTHYHOT KITacH(iKaIlil TEKCTIB MO)KHA YMOBHO PO3IUTUTH Ha TaKi TPU TPYIH: CUCTE-
MH Ha OCHOBI IIPaBUJI, CHCTEMHU Ha OCHOBI MaIlIMHHOTO HABYaHHS, TIOPUIHI CUCTEMH.

OHUM 13 HAWMPOCTINIMX Ta HAKOLIBII 3PO3yMITUX METOIB KiacH(ikailii TeKCTIB € Kiacugikalis 3a
JIONIOMOT'OX0 CHCTEM Ha OCHOBI IpaBuil. Lli cucteMu 6a3yroThCsl HA BUKOPUCTaHHI HA0OPY HpaBHJI, SIKi BH-
3HAYAIOTh CIOCIO MPUIHSTTSA pillleHb MOA0 Kiachdikallii TekcTtoBux nanux [19]. Ipuknagom Moxe OyTa
mpocta cuctema (ijapTpalii cnamy eIeKTPOHHOI MOIITH, SKa BITHOCUTH MOBiAOMIICHHS, HACHUYEH1 CJIOBaMHU
«aKIism, «3HIKKAY, KIIPOIAXKy, BUTPALI», «JIOTEpesh, 10 CraMy. Xoda IIed MiIXiJ MOXKe CIEpIIy 30aTHCS
JIOBOJII OOMEXEHUM TMOPIBHSAHO 3 OUTBII CKIAJHUMHU METOJaMH MAIIMHHOTO HaBYaHHSI, BiH BCE IIE 3HAXO-
IIMTH CBOE 3aCTOCYBaHHS y NEIKHUX BUnankax. [lepeBaroto cucTeM Ha OCHOBI IPaBHII € IXHS MPO30PIiCTh: BU
JIETKO MOXKETE 3PO3YMITH, SIKi TpaBuiIa Oy 3aCTOCOBaHI 0 KOHKPETHOTO TEKCTY Mix 4ac Kiacugikarii.
OjHaK HEeIOJIIKOM IIMX CHCTEM € iXHsS 0OMekeHa THYYKICTh, & TAKOXK BIHOCHA CKIIAJHICTh TOOYJAOBH Ta
HiATPUMKH, 0COOJIMBO SIKIIO 3aCTOCOBYBATH 3a3HAYCHI CHCTEMHU AJIs1 0OPOOKH BEIUKUX OOCSITiB TEKCTOBUX
JaHUX.

VY cucremax kiacudikanii TEKCTiB HA OCHOBI MAIIMHHOTO HABYAHHS BHKOPHCTOBYIOTHCS Pi3HOMAHITHI
QITOPUTMH Ta MOZEII ISl aBTOMATHYHOTO BU3HAUCHHS KaTeropiii abo KiaciB, JI0 SKHX HaJle)KaTh TEKCTH
[19]. Li cuctemu 3a3BM4aii HABYAIOTHCS HA 3pa3Kax TEKCTIB 3 YK€ BIIOMUMH MIiTKaMH KaTeropiu, sKi 103-
BOJISIIOTH 3PO3YMITH IEBHI 3aKOHOMIPHOCTI Y BXiJTHUX JaHUX Ta MPAaBHILHO KIacH(iKyBaTH HOBI 3pa3KH.
Juns xnacudikanii TeKCTiB HaHOLIBII IIUPOKO 3aCTOCOBYIOTH TakKi pimeHHs, sk Naive Bayes, SVM (Support
Vector Machine), RNN (Recurrent Neural Network), BERT (Bidirectional Encoder Representations from
Transformers), LLM (Large Language Models).

Naive Bayes — 1ie mpocTa TexHika JIsl ToOyI0BH Kiacu()ikaTtopis, 10 IPYHTYEThCS Ha TeopeMi baeca
Ta NPUIIYIIEHH] PO He3aJeXHICTh 03HaK [16]. Hanpuknaz, sikimo Gpykr 3eneHuil abo uepBoHuUil, Kpyrioi
dbopmu i Mae paniyc OJU3BKO I’ SITH CAHTHMETPIB, TO HOTO MOXXKHA BBa)kaTH SIONYKOM — caMe JIO IbOTO
BHUCHOBKY IPHBOJUTH BUKOPHCTAaHHS HAIBHOTO 0a€cOBOro KiacudikaTtopa, SsKUil MpU BU3HAYCHHI HMOBIp-
HOCTI TOTO, IO Ie¥ (QPYKT € A0IyKOM, po3NIAIae KOXKHY O3HAKy SK He3alle)kHy Binl iHImuX. [lepeBaramu
metoay Naive Bayes € iioro eekTUBHICTb I BEIMKHUX OOCSTIB JaHUX, MPOCTOTA pealizallii Ta MBHUI-
KicTb. HemonikoM € Te, o NpHITyIIeHHs PO He3aJIeKHICTh O3HAK HE 3aBKIH MOXKE OyTH CITPaBeINBUM,
1 B IUX BUIMAJKAaX METOJ IIOKa3yBaTUME HIDKUY €(heKTUBHICTh MOPIBHSAHO 3 IHITMMHU METOAMH.

Jliis TekcToBOi Kiacudikamii HaligacTilie BUKOPHCTOBYETHCS MYJIbTHHOMIHAJBHHN OaeciB kiacudika-
TOp, B IKOMY PO3TIOZIUT € NapaMeTpu30BaHuM BekTopamu 6 = (6, ..., 6 ) 1ist KOXKHOTO KIacy y, e n —
IIe KUTBKICTh 03HaK (Y IIbOMY BUIIQJIKy pO3MIp CIIOBHHKA) Ta 6, —ue BiporiaHicTs P(x [y) 03HaKu i 3’BU-
THCH B eK3eMILISpI Kiacy y. Ilapametpu 6 OLIHIOIOTECS MiAPAXYHKOM BiJHOCHOT 4aCTOTH:

ne Nyi= 2 er X, — L€ KUIbKICTb PasiB, KOJIM O3HAKA  TPAILISETHCS B KIJIAC1 Y B TPEHYBAILHOMY Ha0OPI IaHKUX
T,i N = 2t N, — ne 3aranbna KIUTBKIiCTh BCIX 03HAK B Kiaci y. [lonepeane 3niamxyBanHs @ > 0 BpaxoBye
(byHKII1, IKUX HEMA€E y 3pa3Kax HaBUaHHS, 1 3a1100irae HyJabOBii HIMOBIPHOCTI B OJANBIINX OOUUCICHHSX.
Bceranopnennst ¢ = 1 Ha3uBarTh 31aKyBaHHAM Jlamnaca, o < 1 — 3riamkyBanasam Jlizcroyna [19].

SVM — ajroputm, SKUil IIyKae B MIPOCTOP1 O3HAK TiNEPIUIONIMHY, 10 HAMKpaIlMM YHHOM PO3MOALIIIE
€K3eMIUISIPH 10 Pi3HUX Kareropisx [16]. [lepeBaroro Takoro MeToay € e(peKTHUBHICTh MPU POOOTI 3 PO3pi-
JOKEHUMHU JTAHUMHM, a HEJOJIIKOM € Te, 110 3a BEJMKOT KiJIBbKOCTI 3pa3KiB JJisl TPEHYBaHHS a00 BEJIUKOI Killb-
KOCTI O3HaK aJITOPUTM MOXKE CTaTH 00UHCITIOBAITLHO-BUMOTJIMBHM 1 TAKOXK MOXKE JIEMOHCTPYBATH TipIiIi, HI%kK
1HIIII AITOPUTMH, PE3YIBTaTH IPU 00POOICHHI BEIUKHUX KOPITYCiB TEKCTIB.
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3aramom SVM mpaifoe TakuM 4HHOM. Mu MaeMo Habip n TOYOK i3 TPEHYBaJIBHOTO HAOOPY MaHHUX
(x,¥), - (x, ), ne y, (1 abo —1) BKasye Ha HAJIEKHICTH TOYKH X, 10 MEBHOTO Kiacy. Koxken x, — 1e
p-po3MipHH BeKTOp, 1 SVM mIyKae TimepIuionuHy, sSka 3 MaKCUMaJIbHUM 3aI1acoM PO3JIUISE TPYIY TOUOK
X, IUISL SIKUX Y| = 1, BiJT THX TOYOK, JUIST IKHAX ¥, = -1.

RNN — pekypeHTHa HelipoHHa Mepeka, o Moxe e(EeKTHBHO MPAIFOBATH 3 TIOCTIIOBHOCTSAMU JIaHUX,
TaKUMH SIK PSAIKU TEKCTY, 1 BpaXOBYBaTH KOHTEKCTYaIIbHI 3B’ s13Kku Mixk cioBamu [4]. [lepeBaroro Mepex Ta-
KOTO THITY € 3/IaTHICTB JI0 BpaXyBaHHS KOHTEKCTY, III0 MOXe OyTH KOPUCHUM JIJIsl BU3HAYCHHS 3aJICKHOCTEH
MDK CIIOBaMU Ta (pa3zamu B pedcHHi. [IpoTe 0OpoOIeHHs JOBrUX TEKCTOBUX MOCHiNOBHOCTEH st RNN
MOKe OiNbII 00YHCITIOBATIBFHO-3aTPATHOIO omepartieio, Hik a1t Naive Bayes Ta SVM. Takox pexypeHTHi
HEHPOHHI MepeKi MarOTh MPOOIeMy 3aTyXaHHs TPaIicHTa i MOXKYTh TIOTaHO 3B’sI3yBaTH iH(QOpPMALIIO IpH
BENUKIiH BIJICTaHI MiX cioBaMu. Sk BuXif i3 Taxoi curtyarii B 1997 p. Gyio 3amnpornonoBano moaens LSTM,
SIKIH TIPOTSITOM OCTaHHIX POKIB ymaoch Habararo mokpanmmta MoxiuBocTi RNN. Hampuknan, mosigomis-
eTbes, o y 2015 p. po3mizHaBaHHSI MOBIICHHA Bif Google 3HaYHO MOKPANTIIOCH 3aBASKH BUKOPHCTAHHIO
LSTM [15].

BERT — ne onHa 3 HAWIIPOAYKTUBHILINX Mojeel y cdepi 00poOieHHS TpHPOIHOI MOBH, IO 0a3yeThb-
csa Ha Tpanchopmepax [5]. Moxmenp 3a3BHYall ONEPETHHO HABYAETHCS HA BEIUKOMY KOPIIYCi TEKCTiB,
a MOTIM MiJIAIITOBYETHCS I BUKOHAHHS KOHKPETHHX 3aBaaHb. OcHoBHOIO niepeBaroro BERT € 3natHicTh
PO3YMITH KOHTEKCTHE MPEJCTABICHHS CIIIB 1 HOro MacitaboBaHicTh. HemomikaMu MOJIENi MOYKHA BBayKaTh
notpedy B 3HAYHUX OOUMCIIOBAIFHUX pecypcax Ul TPEHYBAaHHS Ta IJUTAIITYBAaHHS, a TAKOXK CKIAIHICTh
{1 HaJJaITyBaHHs MOPIBHSHO 3 OLTBII TPAJTUIIHHUMH METOTAMHU.

LLM — moperni, siki 6a3yroTbcsl HA HEHPOHHUX Mepeskax 13 BEJTHKOIO KUTBKICTIO TapaMeTpiB Ta HaB4a-
I0TBCA Ha BEJIMKHUX 00cATaX TEKCTOBUX JaHUX 13 METOIO PO3YMITH Ta reHepyBaTH KOHTeHT [12]. [lepeBa-
TOI0 TAaKUX MOJENEH € iXHS THYUYKiCTh, ajKe yxke HaTpeHoBaHi LLM 31aTHI BH3HAYUTH TyXK€ BEIHKY
KIUTBKiCTB KaTeropiil Tekcty. [IpoTe 3HAYHUM HETOIKOM MOJIENICH TaKOTO THITY € BUKOPUCTAHHS MOTYKHOT
00YHCITIOBAIbHOT MAIIMHU ISl pOOOTH Ta HEOOXIIHICTh HAJ3BUYaHO BEIMKOTO 00CATY NaHUX JJIs Tpe-
HYBaHHS y BHITAJIKY, SKIIO MH CTBOPIOEMO BIIACHY MOZEIb, & HE BHKOPUCTOBYEMO HasiBHY. Jlesiki BimoMi
LLM — ne mozeni cepii GPT Bin OpenAl (nampukian, GPT-3.5 i GPT-4, mo BUKOpUCTOBYIOTHCS B
ChatGPT i Microsoft Copilot), PaLM i Gemini Big Google (ocTaHHIl CHOTOIHI BUKOPHCTOBYETHCS B
ofHOMMeHHOMY 4ar-00Ti), XAl Grok, cimelictBo momeneii LLaMA Binm Meta. Ane came Opay3epHHit
ChatGPT 2022 poxy, OpieHTOBaHHUil Ha CITOXHBAYiB, 3aXOIHB ySBY IMIHPOKHX BEPCTB HACEICHHS Ta BH-
KJIMKaB axiotax y 3MI [3].

['iOpumHi cucTeMu Kiacudikallii TeKCTIB MOXKYTh ITOETHYBATH ITEPEBAryk Pi3HUX MiAXO/IB 1 METOJIB IS
CTBOPEHHS OUTBII TOYHUX Ta e(heKTUBHUX Mozeneit [2]. Lli cucteMu MOXKyTh BUKOPUCTOBYBATH KOMOIHAIII{
BCIX IHIITMX METOMIB ISl MOCATHEHHS KpaIlluX pe3yibTaTiB. BOHU CTAaHOBIATH MOTYKHUH IHCTPYMEHT, SIKHIA
MoOXe OyTH HaJaIITOBAaHMH Ta ONTHUMI30BAaHMI JUI KOHKpEeTHHX moTped. Taki Mozmeni 10CIraroTh BUCOKOT
TOYHOCTI Ta e()eKTHBHOCTI Y Pi3HUX CIIeHapisfx Ta cdhepax 3actocyBanHsA. OTke, TIOPHIHI CUCTEMH KIacH-
¢ikamii TeKCTIB € eheKTHBHUM IHCTPYMEHTOM, SIKUil MOYKHA BUKOPHCTOBYBAaTH JUIS PI3HOMAaHITHUX 3aBJaHb
y 0araTpox Tajys3sx, BiJ aHaNli3y TEKCTOBHX NAaHHX II0 aBTOMAaTHYHOI 0OpoOKu mpupomHoi MoBH. [Ipote
OJIIH 3 OCHOBHHUX HEJIOJIKIB TiOPUAHUX CHUCTEM IOJIATAE B IXHIH ckinamHOCTi. [loenHaHHS Pi3HUX METOJIB
1 MAXO/IB MOXE IIPU3BECTHU IO 3HAYHOTO YCKIATHEHHS CaMOi CUCTEMH — sIK 11 pO3pOOKH, TaK i MATPHUMKH
Ta MacITabyBaHHS.

Otxe, MOTPIOHO PO3POOUTH CHUCTEMY, sSIKa 3MOXKE JOBOJI IIBHIKO T4 TOYHO KIACH(IKyBaTH TEKCTH.
VY xopuctyBaya Mae OyTH MOXKIIHBICTh 3pyYHHM CIIOCOOOM HATPEHYBaTH CUCTEMY Ha BIACHHUX JIaHUX Ta
HAJIAIITYBATH ii HapaMeTpu U OTPUMAaHHS ONITUMAIBHUX pe3yibTartiB. CucTeMa Oye monepeJHb0 HaBye-
Ha Ha reBHOMY Habopi nanux (Hanpukian, AG News Classification Dataset), o 103BoIUTB O1pa3y po3Ii3-
HaBaTH JesKi 6a30B1 KaTeropii TEKCTIB.

AprymeHnTanisi BHOOPY OCHOBHHX iHCTPYMEHTIB po3po0Ku

Jist Toro mo6 eeKTUBHO ONpaloBaTy BXiHI JaHi Ta peani3yBaTH aITOPUTM Kiacupikarii, HeoOXigHO
HacamIiepell BU3HAUUTH MOBY HPOTrpaMyBaHHS Ta OCHOBHI Oi0JIOTEKH, sIKi 3MOXKYTh HaJIaTH HEOOX1THUI
GbyHKLiOHAI.

Ha namry mymky, TyT HalOiblIe MiaXoquTh MOBa IporpaMmyBaHHs Python, ockinbku came mis 1i€i
MOBH BXe c(popMOBaHA ekocucTeMa 0i0iOoTeK MAIIMHHOIO HaBYaHHS, OOPOOJICHHS JaHUX, MaTPUYHOI
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Matematuku Toio. CuHTakcuc Python € makoHIYHHUM 1 3pO3yMIJIMM, IO B JSSKHUX BUIAJKaX JO3BOJISE
peai3oByBaTH OUIBII CKJIaJHI AITOPUTMH HIBUAIIE Ta 3 MEHIIUMH 3yCHUISIMU. Benukuit BuOip pizHOMa-
HITHUX O0i0JIIOTEK, MPOCTOTA Ta 3pYYHICTh BUKOPUCTAHHS, a TAKOX BCi 1HIII 3rajiani (GakTopu poOisTh
Python crangapTHM BHOOPOM Ui MPOEKTIB, IO CTOCYIOTHCS MAIIMHHOTO HAaBYaHHS Ta HEHPOHHUX
MEpex.

OcHoBHUMH 0i0nioTekamMu 3 HassBHUM (DyHKIIIOHANOM MU o0upaeMo Taki. TensorFlow — Ge3komToBHa
010ioTeKa 1T MAITMHHOTO HABYaHHS 3 BIAKPUTHM KojioM [18]. BoHa BimoMa cBO€I0 MacTabOBaHICTIO Ta
BHUCOKOIO MPOJYKTUBHICTIO, IO J03BOJISIE JIETKO CTBOPIOBATH Ta HAaBYaTH CKIIaJHI HelpoHHI Mepexi. [lle
oJiHa 610TioTeKa JIIsl MAIIMHHOTO HaBYaHHS — scikit-learn, BoHa Ha/iae MPOCTHH Ta 3pO3yMIIHIA iHTEepdeiic
JUIA peajizanii knacuuHux anroputmis [16]. L 6i6mioTeka MiCTUTh BETUKUI HAOip IHCTPYMEHTIB AJIs KJla-
cuikarlii Ta BUpilIEHHs IHIIMX 3aBNanb. biomioTeky nltk (Natural Language Toolkit) BAKOPHUCTOBYIOTH JUISI
omnpatroBaHHs pupoaHoi MoBH [ 10]. BoHa Hajae mupokuii criekTp IHCTPYMEHTIB A peanizaiii pizHoMa-
HITHUX 3aBJaHb, TIOB’S3aHUX 3 OOPOOJCHHSIM MPHUPOAHOT MOBH. Takok KOPUCHUMH OymyTh Oi0TIOTEKH
NumPy [11] — 14 3py4YHOT0 IOCTYIy A0 BEJIMKUX 1 6araTOBUMiIpHUX MAacHUBIB, a TAaKOX (DYHKIIiif BUCOKOTO
piBH# [T poOOTH 3 TAKUMHU MacuBamu; Pandas [13] — a1 BUKOpUCTAaHHS MBUIKOT, THYYKOI Ta IHTYITHBHO
3po3yminoi TabnnuHoi cTpykTypu nanux DataFrame; Matplotlib [9] Ta seaborn [17] — ans Bizyamizamii
JIAHHX 32 JTIOTIOMOTO0 rpadiKiB pi3HUX THUIIIB.

Le#t crincok 3ac0o0iB HE € BUUEPITHUM, aJKe TS ASIKHX 3a/1a4 MOKHA BUKOPUCTATH TaKoX iHIIi 010110-
TEKH 3 aHAJIOTIYHUM (DYHKIIIOHAJIOM.

BucHoBkn

VY upoMy JOCHiIKEHHI PoaHali30BaHo 3ajady Kiacu(ikallii TEeKCTiB 3a KaTeropisIMH 3 HaroJocoM Ha
00pOOJICHHS TEKCTIB YKPATHChKOIO MOBOK. OOIpyHTOBaHO iHCTpYMEHTapiil po3poOiieHHs Maii0y THROT TIpo-
rpaMHOi peajtizallii aBTOMaTHYHOI CUCTeMH Kiacu(ikallii TeKCTIB 32 KaTeTOPisIMH.

s HaBuaHHS Mojeneit MoxkHa 3actocyBatt AG News Classification Dataset 3 caiity kaggle.com [6].
Bceboro et naracer mictuth 120 THUCSY KOPOTKUX TEKCTIB, 310paHUX 3 pi3HUX HOBHUHHHX Jkepei. 11106
pobora 3 JaHuMu Oyina OibIl e()eKTHBHOIO, TIOTPIOHO PO3POOUTH MOYITh, IKHI BUKOHYBaB OU TIOTIEpEIHE
00pOOJICHHHS TEKCTIB.

Jyis BUpIiMIeHHS HAIIOT 3a/1a4i MU BBYKAEMO HEJOIIBHUM ITIIX11 i3 BAKOPUCTAHHSM CHCTEM Ha OCHOBI
MPaBHUII, aJKE MU HE 3MOKEMO aJJaNTyBaTH CTapi MpaBmiia JUTsl HOBUX KaTETOPill Y BUIMAJIKY, SIKIO KOPUCTY-
Bad HaTPEHY€E MOJIEIIb Ha BIACHUX TeKcTax. Tomy [yt Kiracugikallii MU IPOMOHYEMO OOMEKHUTHCSI BUKOPHC-
TaHHSM KOMOiHaiii Tprox Mojeneii: Naive Bayes, SVM Ta RNN. Bonu He moTpeOyroTh MOTYXHUX 004HC-
JOBAJIBHUX PECYPCIB Ta BEJIMKOI KUTLKOCTI Yacy JUIs TPEHYBaHHS.

BaxxnuBuM mpu oMy Mae OyTH MOXJIMBICTb BUKOPHUCTOBYBAaTH Oy[b-IKy KOMOIHALil0 MOJeNnel s
TpeHyBaHHS Ha KOPUCTYBAIbKUX TeKcTax. Tak camo 1 s kiacugikailii MoOBHHHA OyTH MOKJIHBICTh BHKO-
pHUCTOBYBaTH OyIb-Ky KOMOIHAI[il0 HATPEHOBAHUX MOJIEJIEH.
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A. Dubovyk, Y. Volynets

AUTOMATIC TEXT CLASSIFICATION

This study explores modern methodologies in the field of automatic text classification, a critical task in
natural language processing (NLP) that enables the categorization of unstructured textual data into prede-
fined groups without manual intervention. The rapid growth of digital text across domains such as business,
media, science, and social networks has created a pressing need for scalable and accurate classification
systems. The research provides an analytical overview of three primary approaches: rule-based systems,
machine learning methods, and hybrid models. Particular attention is paid to evaluating the strengths and
limitations of several popular machine learning algorithms, including Naive Bayes, Support Vector Ma-
chines (SVM), and Recurrent Neural Networks (RNN). While advanced techniques such as BERT and Large
Language Models (LLMs) demonstrate high performance, they are not considered optimal for lightweight,
user-trainable applications due to their high computational costs.

To support practical implementation, the study proposes a system architecture based on the Python
programming language and a suite of supporting libraries (e.g., TensorFlow, scikit-learn, NLTK, NumPy,
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Pandas, Matplotlib, and Seaborn). The AG News Classification Dataset is recommended as the initial train-
ing corpus, providing a robust foundation for multi-class categorization tasks.

The final system design emphasizes modularity and user configurability. It allows end users to preproc-
ess their own text data, train classification models on domain-specific content, and utilize combinations of
models to improve performance. The research recommends a model ensemble consisting of Naive Bayes,
SVM, and RNN due to their balance between effectiveness and computational efficiency.

This study not only highlights the technical viability of automated text classification systems but also
presents a practical, extensible framework suitable for real-world applications, especially for underrepre-
sented languages such as Ukrainian. The resulting system aims to bridge the gap between academic re-
search and deployable technology, offering a customizable platform for tasks ranging from document or-
ganization and content filtering to sentiment analysis and market research.

Keywords: text classification, machine learning, Ukrainian language processing, Naive Bayes, SVM,
RNN, text preprocessing.
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MOPIBHAHHS APXITEKTYP HEHPOHHUX MEPE XK
JJA CETMEHTALI MYXJUH MO3KY

Y pobomi docniosceno egpexmusHicms cyuacHux apximexmyp 2aubOK020 HABUAHHA ON CeeMeHmayii
MeOUYHUX 300padicens y 3a0adi 8UAENIeHHA NYXAUuH Mo3KY. IIposedeno nopisuanenuu ananiz mooeneil FCN,
DeepLabv3+, PSPNet ma Attention U-Net. Okpemy y8azy npuoineHo 6niugy nonepeoHbo20 camokOHmpo-
JIbOBAHO20 HABYAHHS HA SIKICMb cecMeHmayii 8 yMosax 0omediceHoi Kinbkocmi posmivenux oanux. /s oyi-
HIOBAHHS PE3VIbMAMi6 GUKOPUCHIAHO MEMPUK) NOOIOHOCHI.

KuarouoBi ciioBa: cermeHranisi 300pakeHb, TIIMOOKE HABYaHHS, HEUpOHHI Mepexi, Attention U-Net,
BraTS2020, caMOKOHTpOJIbOBaHE HABYAHHSI.

Beryn

CerMeHTartis 300pakeHb € ofHi€I0 3 PyHIaMEHTaIbHUX 331a4 KOMIT FOTEPHOTO 30pY, IO MOJIATAE Y TO-
Tt 300paskeHHS Ha CEMaHTUYHO OJHOPIHI 00JacTi. 3aJe)KHO BiJ| THITY TOCTABICHOI 3aj1a4i, CerMEHTAITis
MOYKEe MaTH Pi3Hi GopMu: BT 3HAXOHKEHHS (POHY Ta 00’ €KTa JO TOYHOTO MIKCEILHOTO BUIIJICHHS 0ararbox
knaciB. OcoONMuBY akTyaJbHICTB I 33/1a4a HaOyBa€ B Tally3l MEIUIIUHH, JIe aBTOMAaTU30BaHe 0OpOOIICHHS
Bi3yaJbHUX JaHUX Ja€ MOXJIUBICTD TOKPALIUTH TOYHICTh MIarHOCTHKH Ta MPUCKOPHUTH MPOIIEC YXBAICHHS
KIIIHIYHHUX PillICHb.

TpamuiiiiHi anropuTMH CErMEHTallii, OCHOBaHI Ha IPOCTHX €BPUCTHUKAX, TAKUX SIK TOPOTOBE 0OPOOICH-
Hs1, BUABIICHHS KOHTYPIB 200 KJIacTepu3allisi, MalOTh HU3bKY CTIHKICTh JI0 3MiH y CTPYKTYpi TaHUX, HEOTHO-
pimHOCTI OCBiTIeHHs, MyMiB a60 BapiaTMBHOCTI 00’€KTiB. IXHS e(peKTHBHICTh Pi3KO IAJa€ B yMOBAX, JI&
CIIOCTEPIracThCs CKilaHa MOP(OJIOTis, K, HAPUKIIAJ, y BUNAIKaX CErMEHTALlT TyXJIMH FOJIOBHOTO MO3KY
3a MPT-3HiMKaMu.

3 onmsAay Ha Ie 3pocTae morpeda y BUKOPUCTAHHI METOMIB, 3MAaTHUX aJalTyBaTUCS JI0 PI3HOMAaHITHUX
CIICHapIiB, ypaxoByBaTH SIK JIOKaJIbHi, TaK 1 II00aIbHI 3aKOHOMIPHOCTI, & TAKO)K HABYATHCS 3 BEJIMKUX 00CH-
riB po3miueHnx aAaHux. Came Taki BIaCTUBOCTI peasi3yloThCs B Cy9aCHHX MiIX0Aax, Mo 06a3yloThes Ha TIIH-
OOKMX 3ropTKoBHX HelpoHHUX Mepexax (CNN), siki CbOTOIHI CTAHOBJIATE OCHOBY KOMIT IOTEPHOTO 30DY.

VY @i cTarTi IpeACTaBICHO PE3yIbTaTH eKCIICPUMEHTAIBHOTO OPIBHSHHS KUTBKOX CYYacHHX CETMEH-
TaIifHAX apXiTEeKTyp MIHOOKOTO HaBUAHHS, 8 TAKOXK JOCIIIPKEHO BIUIHB ITOTIEPEIHHOTO CAMOKOHTPOIBOBA-
HOTO HABYaHHS CHKOJepa Ha SKICTh CerMeHTalii. 3a MeTy OyJ0 MOCTABICHO BU3HAUEHHS apXiTEKTypHO-
TPEeHYBaJbHUX (PAKTOPIB, SIKI HAWOLIBIIE BIUIMBAIOTH HA TOYHICTD, Y3aralbHIOBAaHICTh Ta OOYHCITIOBAIbHY
e(heKTUBHICTb MOJIEJIi CETMEHTAlii B yMOBaX 0OMEXEHHX PECypCiB Ta JOCTYITy JO aHOTOBAHUX JTAHHX.

PizHOBHIM cyuyacHHMX MiAX0OaiB 10 cerMeHTAaIlii 300pakeHb

CydJacHi migxoau A0 cerMeHTalii 300paxkeHsb 0a3yloThcs HacaMIepen Ha TIHOOKUX 3TOPTKOBHX HEH-
POHHHUX Mepexax, 10 3a0e3MeuyloTh aBTOMAaTHYHE BHJIyYeHHsI 0araTopiBHEBHUX O3HAK 1 TOYHE IMIKCENb-
piBHE po3MexyBaHHs 00’€KTiB [6]. EBOMIONII0 METOMIB AOIITBHO PO3IIAAATH KPi3h MPU3MY apXiTEKTypHUX
MapajnrM, siki po3B’s3yIOTh THUIOBI IPOOIEMH: HHU3BKY PO3IUIBbHY 3[aTHICTh TIHOOKHUX INPEICTABICHB,
BTpaTy MPOCTOPOBOTO KOHTEKCTY Ta Opak aHOTOBAaHHX AHHX Y CIIEIialli30BaHUX JOMEHaX, 30KpeMa B Me-
JquimHi [7].

[osHicTro 3ropTrOBi Mepexi (auri. fully convolutional networks, FCN) cTamu nepmumu MOIeIsIMH, IO
YCYHYJIM IOBHO3B s13H1 mapy kiacugHuX CNN, 301 CHUBIIN MTpsiMEe 3TOPTKOBE TIEPETBOPEHHS 300paskeHHS
y Kapty kiacie [10]. BUkopucTaHHS TpaHCIIOHOBAHUX 3rOPTOK (aHIII. upsampling) T03BOJHIIO BiHOBITIOBA-
TH TIOYaTKOBY PO3IUIBHY 3[aTHICTh, ONHAK Yepe3 BiACYTHICTH cumeTpuuHoro aekoxepa FCN cxuibHi 10
PO3MHBAHHS MEX 00’ €KTIB, KpUTUYHHUX Y MEIUYHIN T1arHOCTHIII.
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Haiimmpine 3actocyBaHHsS OTpuMalia €HKOZEp-JIeKoAepHa apXiTeKTypa, 30kpemMa mozenb U-Net, ska
MO€HY€ KOHTPAKI[ifHY TIKy 3 PO3IIUPIOBANBHOIO Ta peaidye mpsami npomycku (aHm. skip connections),
0 KOMIICHCYIOTh BTpPaTy HHU3BbKOpPIBHEBUX netainieil [1]. 3aBOsku 3MaTHOCTI €()EKTHBHO HAaBYATHCS Ha
Manux Bubipkax U-Net cTana «30J0TUM CTaHAAPTOM» JAJISl MEAUYHUX ToMorpadiuHux gaHux [4], 30kpeMa
nns Habopy BraTS2020, BukopucTaHoTo Y Hamomy gociipkersi [2]. [i mogudikanii, sk-ot Feature Pyramid
Network (FPN) ta SegNet, y1ockoHa/II0I0Th 6araTopiBHEBE MPEACTaBICHHS 03HAK a00 MiJBUIIYIOTh e(eK-
THUBHICTh JICKOAYBaHHsI UITXOM 30€peXeHHs 1HIEKCIB MiACYMILTIOBAaHHS [S].

ITpobnema 0OMEXEHOTO CIIPUIMATIBHOTO TOJIst 0€3 BTPaTH PO3AUIBHOI 3aTHOCTI BUPILIYETHCS 3a JJOMO-
Mororw po3mupenux 3roptok (anmi. dilated convolutions) Ta mMomyns Atrous Spatial Pyramid Pooling
(ASPP), peanizoBanoro B apxitektypi DeepLabv3+ [3]. Octanns noequye ASPP i3 eHkonep-nexonepoM
1 BUKOPUCTOBY€E TIIHOOKI cenapadesibHi 3ropTKH, 10 3a0e3Meuye 30amaHCcoBaHICTh MK JIOKAJTbHOKO TOYHI-
CTIO Ta II00ATEHUM KOHTEKCTOM.

AJIBTEpHATHBHHUN CIIOCIO ypaxyBaHHS PI3HOPIBHEBOTO KOHTEKCTy peanidye Pyramid Scene Parsing
Network (PSPNet), mo arperye rmo6anbHi CTATUCTHKH Yepe3 MipaMiganbHui mymiHr [12]. Y BUCOKOTOUHMX
KIiHIYHAX cieHapisx PSPNet mae 3Mory BpaxyBaTH CKJIQJHY TOIOJOTIIO MYyXJIMH, XO4a MOCTYIA€ThCS
DeepLabv3+ 3a geramizaniero 1piOHUX CTPYKTYD.

BucokoTouHi 3ajiadi, sIKi BUMararTh CyOITIKCEIbHOI JIOKalli3alii, MOTHByBaJM po3pobienns High-
Resolution Network (HRNet), sixa nmiaTpuMye napasesbHi FiIKY 3 Pi3HOI JUCKPETU3AIII€I0 Ta TOCTYTIOBUM
00’eqHanHaM o3Hak [11]. Iled miaxij mae 3MOry JOCATTH YiTKOTO 30€pEeKEHHS TEOMETPUYHUX MEX, IO
€ KpUTUYHUM IIPY BU3HAYEHHI, HAIPUKIIA]], IHBA3UBHUX KPaiB MyXJIUH.

JUis mincwIIeHHS JUCKPUMIHATHBHOCTI OyJO 3ampolOHOBaHO MEXaHi3MH yBard (aHri. attention
mechanisms). Attention U-Net, 110 BUKOPHCTOBY€ThCS B Halliifi poOOTi, BBOAUTH MOIYJi MPOCTOPOBO]
yBard, sKi MpUTHIYYIOTh HEPEJIEBaHTHI PETIOHU | MIICHITFOIOTh CEMaHTUYHO 3Hauy1i [9]. [lomanpmuii po3-
BUTOK IIPU3BIB 10 CTBOPCHHS TiOpPUIHMX apXiTEKTyp Ha OCHOBI TpaHcdopmepiB (sx-otT TransUNet), ne
self-attention-GJIOKM BUKOPHUCTOBYIOTHCS JIJISl MOJICITFOBAHHS JJOBIOTPHUBAINX 3aJIC)KHOCTEH.

HenocraTHs KifAbKiCTh PO3MIUYCHUX MEANYHUX 300paxeHb CIIPHAIa MOUINPEHHIO CAMOKOHTPOJIBOBAHO-
ro HaBuaHHs (aHr. self-supervised learning, SSL). OmHuM i3 6a30BUX MIIXOMIB € epe0aYeHHs] 00epTaHHS
300paxeHHs1, ToAi Ak cydacHi metoau (MoCo, DINO, BYOL) BUKOPUCTOBYIOTh KOHTPAaCTHUBHI BTPATH IS
HaBYaHHS iHBapiaHTHUX JI0 IIEPETBOPCHB MPEICTABIEHb [7]. Y Mexax Hamoro JOCTiIKeHHS OyJI0 3aCTOCO-
BaHO CAaMOKOHTPOJIbOBaHE MONEpeHE HaBYaHHs eHkoaepa Attention U-Net Ha ocHOBI nepe0aueHHs KyTa
obepTaHHsI 300paXkeHHS, O JO3BOJMIIO TIOKPAIIUTH SIKICTh CETMEHTAIIIT PH 0OMEXEHil KiTbKOCTI aHOTO-
BaHHUX JaHHUX.

ExcnepuMeHnTajbHa OI[iHKA

Jlyis ipoBeieHHsT TOCIIKeHHST OyJ10 BUKOPHCTAHO BiAKpUTHA MeawuHui naracet BraTS2020 (Brain
Tumor Segmentation Challenge), mo mictute MPT-3HiMKH MO3KY 3 OaratokaHanbHUMHU 3D-00’emamu Ta
BiJINMOBIIHUMH aHOTOBAaHUMHM MackaMu. Y OCII/pKeHHI 0y10 3a1issHO 369 malieHTiB, pO3/iIeCHUX Ha TPEHY-
BasbHY (70 %), Bamiganiiiay (15 %) i TectoBy (15 %) miaBuOipku Ha piBHI MamieHTIB. [ KOXKHOTO 3pa3ka
nocrtymHi yotupu MPT-nocmimorocri: T1, T2, Tlce ta FLAIR, 110 gatoTh 3MOTy OXONHUTH Pi3HI MOP(O-
JIOT1YHI XapaKTEePUCTUKU MyXJIMHHOI AiISTHKH.

Ha erarmi miaroToBku gJaHux OyJ10 3A1HCHEHO HOPMATi3allilo 3HAYSHb MIKCEIBHOT IHTEHCUBHOCTI KOXKHO-
ro kaHainy B aianasoHi [0, 1]. CermenTaniiini Macku, npeacrasieHi B gatacetri BraTS2020 y ¢opmi Tprox
OlHapHMX KaHAJIB, Jic KOKeH KaHaJl BiJIMOBIIA€ OKPEMOMY THIY MyXJUHHOI TKAHWHH, OyJI0 MEePEeTBOPEHO
B OJIHOKAHAIBHHUH ¢opMar. Y npoMy (HopMaTi KOKHOMY MIKCENI0 HaJaBajlocs OfHE 3 YOTUPHOX 3HAUCHD:
0 — ¢oH, 1| — HekpoTHYHA AUISHKA, 2 — HAOPsK, 3 — akTWBHA MyXJuHa. [ GopMyBaHHS HABUATBHOTO
Habopy OyJI0 BUKOPUCTAHO ABOBUMIPHI aKCiaJbHi 3pi3H 3 TPUBUMIPHHUX 00’ €MIB.

Juis cermenTarii Oyj0 00paHO YOTHPH CydacHI apXiTEKTypH 3TOPTKOBHX HEWpOHHHX Mepex: FCN,
DeepLabv3+, PSPNet ta Attention U-Net, peanizoBani 3a gonomoroto 6i0mioreku Segmentation Models
PyTorch. O0paHi apXiTeKTypH NMpeACTaBIAIOTh Pi3HI MIAXOAH 10 0OPOOICHHS MPOCTOPOBOTO KOHTEKCTY:
ASPP y DeepLabv3+, nipamigansauit myiar y PSPNet ta npoctoposi moayii yBaru B Attention U-Net.

Mepexi Oymo HaBueHo Ha GPU 3 BukopucTtanHsaM ontuMizatopa Adam, (GyHKIIT BTpar y BHIVISII CyMU
Dice Loss Ta 3Baxxenoi CrossEntropy Loss, a Takox 3 arpeCUBHHM 3aCTOCYBaHHSM ayTMEHTAlliii: BUITa KO-
BOTO MTOBOPOTY, TOPH30HTAIBHOTO Bi0OOpaXKCHHS, 3MIHH SCKPABOCTI Ta BHITAJJKOBOTO MacITa0yBaHHS.

Ipukian BXiAHOTO 3pi3y Ta BiMOBIAHOI MAaCKH HaBEJCHO Ha puc. 1.
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Puc. 1. IIpuxnag MPT-3pizy (T1) Ta BignmoBigHOi cermenTamiiHoi Macku 3 naracety BraTS2020

KinbkicHy OIIHKY SIKOCTI CerMeHTallii 0yI10 3MIHCHEHO 3a JOTTOMOTOK0 Koe(illieHTa MoIiOHOCTI KyOHKIiB

(anrn. Dice Similarity Coefficient) [8], Bu3HaueHoro 3a Gpopmysoro:
. 2TP
Dice = ——, (1)
2TP+FP+FN

ne TP — KiNbKiCTh MIKCEIiB, IPABUIBHO KIacU(iKOBAHUX SIK MO3UTHUBHI, F'P — KiNbKiCTh XHOHOIO3UTHB-
HUX TiKCeNiB, F'N — KiJbKiCTh XHOHOHETaTUBHHUX IMIKCENiB. L5 MEeTprKa € 4y TIIMBOIO JI0 SIKOCTI JIOKai3arii
00’€eKTa Ta MIKPOKO BUKOPUCTOBYETHCS Y METUYHUX 3a/1a4ax.

J1J1s OIIIHFOBAaHHS SKOCTI CeTMEHTaIlii OyJI0 BpaXOBaHO YOTHUPH KiacH: (poH, HEKPO3, MEPUTYMOPATbHHUN
HaOpsK 1 akTHUBHA MyximHAa (Tadmn. 1). [nsa kokHOT Mozeni Oysio 004KCIIeHO cepeiHi 3HauYeHHA KoedilieHTa
Dice 3a KO)KHUM KJIACOM Ha TECTOBii BUOIpIT.

Tabnuys 1. Cepenni 3nauenns Dice-koedimienTa nis koxxHoro kiaacy (BraTS2020, TecroBa Bubipka)

MoneJib Don (0) Hexkpo3 (1) Ha6psx (2) AxtuBHa nyxjauHa (3) | Cepenne 3HaueHHs
FCN 0.975 0.744 0.802 0.763 0.821
Attention U-Net 0.982 0.784 0.843 0.813 0.856
DeepLabv3+ 0.978 0.767 0.828 0.796 0.842
PSPNet 0.974 0.719 0.794 0.755 0.811

Ax BunHO 3 Tabnuii, Attention U-Net qocsrina HaiBUIIUX oka3HUKIB Dice-koedirienTa K JUist KOXKHO-
TO OKPEMOT0 KJIacy, TaK i B cepennboMy. HaliOunbImmii mpupicT criocTepiraBes y Kjlacax akTHBHOI Iy XJIMHH
Ta HaOPSKY, 0 € KPUTUIHUMH JJIS KIIIHIYHOT OIlIHKH.

Oco0nuBoi yBaru 3aciiyroBy€ BUCOKWI MOKa3zHHK Al kiacy ¢ory (0) y Bcix momeneit (>0.97), mo
CBiIYMTH PO HU3BKHUH PiBEHb XUOHOIIO3UTUBHUX CIIPAIIOBaHb 11032 MEKaMH MyXJIMHHOI o0nacTti. BogHo-
9ac BiZIHOCHO HIDKYI 3HAUCHHS 11 HEKPOTHYHOI TKaHWHH (1) MiATBEpIKYIOTh, IO came I ALTIHKA €
HaMCKIIaIHIMIO0 IS CETMEHTAIl] Yepe3 pO3MHUTICTh MEX Ta BHYTPIIIHIO HEOTHOPIHICTb.

Puc. 2. lunamika cepeqaporo Dice-koedimieHTa Ha BamiganidHii BUOipi
s Attention U-Net 3 1 6e3 caMOKOHTPOJILOBAHOTO MONIEPETHBOTO HAaBYaHHS
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I3 MeToro miBUINEHHS y3araabHOBaHOCTI Mone Attention U-Net B yMmoBax 00MekeHOT KiJTbKOCTI aHO-
TOBaHHX MPHKIAAIB OYJI0 3aCTOCOBAHO IMOIMEPEIHE CAMOKOHTPOJIBbOBAHE HABYAHHS CHKOAEPAa Ha OCHOBI
3aBIaHHs nepeadaueHHs Kyta ooepranns (0°, 90°, 180°, 270°). Lle 103BONHIIO MOETI MONIEPETHBO HABYH-
THCS pO3Mi3HaBaTU 0a30Bi CTPYKTYPHI 0COOIMBOCTI 300pakeHb 0e3 BUKOPUCTAHHS aHOTOBAHUX MITOK.

[Ticnst momanpIoro HaBYAHHS Ha 3a/1adi cerMeHTarlii cepennii Dice-koedirienT 3pic 3 0.856 mo 0.879.
[TokpamieHHs BUSBICHO HacaMIepen y CkiIaaHux kinacax. JJunamiky 3minu Dice-koedinieHTa Ha Basifaii-
WHi BUOipii poTsrom 30 ermox HaBeJCHO Ha pUC. 2, 1[0 JEMOHCTPYE cTablIbHY mepeBary SSL-iHimiami30-
BaHOI Mojel Hax 0a30BOIO.

BucnoBkn

I3 mpoBeeHOro JOCTIHKEHHS MOKHA 3pOOUTH BHCHOBOK, III0 3aCTOCYBaHHS CYYaCHHUX apXiTEKTyp IJIH-
OOKOTO HABUAHHSI JIa€ 3MOTY JIOCSATTH BUCOKOT TOYHOCTI CErMEHTAIlli MEIMYHUX 300pakeHb HABITh B YMOBaX
o0OMeXeHUX aHOTOBaHMX JaHux. Hailikpamii pesynbratu Oyino oTpumano i mozeni Attention U-Net, 30-
KpeMa y BapiaHTi 3 TIONEPeHIM CaMOKOHTPOJIHOBAHUM HABYAHHSIM, IO MiATBEPIKY€E e(HEKTUBHICTh TAKHX
MiJXOAIB Y 3a/1a4i CerMeHTallii 300paxeHs.

[lepeBaru Takux Mopmenel BiJOOpaXeHO Yy KUIBKICHHX MeTpHkax Dice, siKi MepeBUINIYIOTh MTOKa3HUKA
KJIACUYHUX apXiTEKTyp, a TAKOXK Yy Bi3yaNlbHil IKOCTi cerMeHTawiil. Pa3oM i3 TUM ciijJf BpaxoByBaTH o0UuC-
JIOBAJIBHY CKJIAIHICTh Ta BUMOTH JI0 allapaTHOTO 3a0e3MeUeHHs, 0 MOKe 00OMEXyBaTH IPaKTHIHE BUKO-
pHUCTaHHS ACSKAX MOJCIEH Y KIIHIYHUX YMOBaX.

BukopucranHs HeHpoMepe)KeBHX METONIB CErMEHTAIlil, 30KpeMa 3 ypaxXyBaHHSIM KOHTEKCTY Ta MOIe-
PEIHBOTO HABYAHHS, € IEPCIICKTUBHUM HAIPSIMOM [UIS TOAAJBIIIOT0 PO3BUTKY aBTOMATH30BAHUX CHCTEM Me-
JIMYHOT JTIarHOCTHKH, aJie MOTpeOye MONABIIOT ONTHMI3AIlT Ta IEpeBipKU Ha OLTBIT PI3HOMAHITHUX JaHHUX.
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O. Buchko, D. Plakhotna

COMPARISON OF NEURAL NETWORK ARCHITECTURES
FOR BRAIN TUMOR SEGMENTATION

Image segmentation plays a crucial role in medical diagnostics, where precise identification of tumor
boundaries is essential for treatment planning and prognosis. However, accurate segmentation remains a
challenge due to the complexity of anatomical structures and the limited availability of annotated data.
Traditional methods are not robust to variability in medical images, which often results in inconsistent and
inaccurate outcomes.

This paper investigates the effectiveness of modern neural network-based architectures for brain tumor
segmentation using MRI data. The primary goal of the study is to evaluate and compare the accuracy of
several convolutional segmentation models under identical training conditions, and to examine whether
self-supervised pretraining can improve segmentation quality in cases with limited labeled samples.

The research is based on the BraTS2020 dataset, which contains multi-modal MRI scans with manual
annotations of glioma subregions. Five segmentation models were trained: FCN, FPN, PSPNet, DeepLa-
bv3+, and Attention U-Net. All models were evaluated using the Dice Similarity Coefficient. The best result
was achieved by Attention U-Net with a mean Dice score of 0.842. A self-supervised learning (SSL) strategy
was further applied to pretrain the encoder of this model using a rotation prediction task, which increased
the Dice score to 0.869.

The findings confirm that neural network-based methods provide higher segmentation quality compared
to classical approaches. More importantly, the integration of SSL enables performance improvements with-
out requiring additional labeled data. This is particularly valuable in the medical field, where collecting
expert annotations is expensive and time-consuming.

This article demonstrates that high-quality segmentation of brain tumors is possible even under limited
supervision, provided that suitable architectures and training strategies are selected. The presented ap-
proach can be adapted for other medical image segmentation tasks and may support the development of
practical clinical decision support systems.

Keywords: image segmentation, neural networks, Attention U-Net, self-supervised learning, BraTS2020.
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OCOBJINBOCTI THAEKCAIII V PostgreSQL

Y cmammi nasedeno nepenix ocnoguux munosux inoexcis, peanizosanux y PostgreSQL. Pozensanymo
MOAHCAUBOCTI IX PO3UIUPEHHS. MA 800CKOHANEHHSL 3 YPAXy8anusam Oisnec-3asoans. Ilpoananizoeano nioxio
Access Methods API. Onucano memoodu scummegozo yukuy inoexcy 6 PostgreSQL. Taxooic 3anpononosano
inmepdeiic ons peanizayii Hogoeo inoexcy 6 PostgreSQL na ocnosi cygixcrozo depesa.

KurouoBi cioBa: 6a3u naHux, nomyk psaakis, PostgreSQL, cydikcni aepesa, SP-GiST, GiST, xem-ta-
omui, b-nepeBa, Access Methods APIL.

Beryn

[HIIEKCH € OTHUM 13 KITFOYOBHX ITIIXOJIB JJIs1 ONTUMI3allil IPOIYKTUBHOCTI B CHCTEMAax yIpaBIliHHS 0a-
3amu naHux (CYB/). 3aBasiku BUKOPUCTAHHIO 1HAEKCIB MOYXKHA 3HAYHO MPHUIIBUAIINTH MOUTYK, COPTYBaHHS
Ta JOCTYII JIO JJAHWUX, 3MEHIIYIOUX KiJIbKICTh OTiepallid yntanHs aucka. [1ix gac po6oTH 3 BETUKUMH 00Cs-
raMu JaHuX ab0 BUKOPUCTAHHS CKJIATHHUX 3aMUTIB MPABWIbHE BUKOPUCTAHHS IHACKCIB Ma€ KPUTUIHE 3HA-
YeHHS 1S 3a0e31eUeHHs e(DeKTUBHOI POOOTH MPOTPAMHHX CHCTEM.

PostgreSQL, sik ogHa 3 Haitbi1b1 notmpenux CYB/] i3 BIAKPUTUM BUXIIHAM KOIOM, IPOTIOHY€E IIUPOKUN
HaOIp CTaHIAPTHUX THIIB IHACKCIB, SKI TAIOTh MOXJIMBICTh BUPINITYBATH MIMPOKUH CHEKTp 3aBaaHb. [Ipore
cneuudiuHi BUNIaKH, TaKi K reONpOCTOPOBUI MOMIYK, 00pOOIEHHSI BEKTOPHUX MOJIeNel JaHuX abo ONTHUMi-
3allisl MOMIYKY MiAPSIKIB, MOXKYTh MOTPEOYBATH CTBOPEHHSI BIIACHHX, CIICIialli30BaHUX THIIIB 1HICKCIB.

OpnHa 3 Bu3HauHUX puc PostgreSQL momnsirae B MOXKJIMBOCTI PO3MIMPEHHS HOTO (DYyHKLIOHATBHOCTI.
Cepen iHIIOTO, PO3POOHUKH MOXKYTh CTBOPIOBATH BJIACHI THITM 1HJIEKCIB, IHTETPYIOUH X Y SIIPO CUCTEMH
yepes MexaHi3M Access Methods API [12]. Lle no3Bosisie THYy4YKO afanTyBaTh 0a3y AaHUX MiJ 0COOIUBI BU-
MOTH 3aCTOCYHKY 0e3 HEOOX1IHOCTI 3MIHIOBATH caMi JaHi a0o JIOTIKYy IXHbOTO 30eperKeHHS.

VY uili cTarTi po3nIsSHYTO:

— sKi cTaHAapTHI iHAekcu miarpumye PostgreSQL;

— ki moxxiBocTi PostgreSQL Hanae ai1s po3iMpeHHs HAsSBHUX Ta peani3allii BIacHUX 1HJIEKCIiB;
— sKi METOAM HEOOXiHi JJIsi CTBOPECHHS BIIACHOTO 1HICKCY;

— 3ampornoHoBaHUU HaOip iHTep(erCHUX METONIB AJIs iHAEKCY Ha 0a3i cy(ikCHOro nepesa.

Mertoro € HajaTH MpaKTUYHE YSBJICHHS NPO Te, K iHmekcamis B PostgreSQL moxke OyTu posmmpena
BiJINIOBIZTHO JI0 TOTpeO KOHKPETHUX MPOEKTIB, a caMe Ui CTBOPEHHS iHAEKCY Ha OCHOBI CY(hiKCHOTO AepeBa.

BoynoBani Tunm innexcis y PostgreSQOL

PostgreSQL miaTpuMye KinbKa THIIB iHACKCIB, KOXEH 13 KUX ONTHUMI30BaHMH 1]l KOHKPETHI BUIM 3a-
MUTIB a00 CTPYKTYpHU AaHUX. Bubip mpaBUIIEHOTO TUIY 1HIEKCY € BUPIIIATBHAM ISl JOCSATHEHHS BUCOKOT
MPOAYKTUBHOCTI 0a3u JaHux. Hukde HaBeleHO KOPOTKHIA OIJISI OCHOBHHX THIIB 1HJEKCIB, SKi JOCTYITHI
JUTSL HETAWHOTO BUKOPHUCTAHHS.

B-nepero (B-tree) [14] € TunoBum inaekcom ist PostgreSQL 1 BUKOPHCTOBYETHCS MTPU CTBOPEHHI1 1HACKCY
0e3 sIBHOTO BKa3aHHA THITy iHnekcy. s PostgreSQL peanizoBano 36amancoBane b-nepeso, mo He Mae ¢ik-
COBAHO{ KUTBKOCTI €JIEMEHTIB Y KOXXHOMY By31i [3]. KifbKiCTh €leMEHTIB BU3HAYAETHCS JUHAMITHO 3aJI€KHO
BiJI TOTO, CKUTBKH €JICMEHTIB MOYXKHA 3aIicaTd y (ikcoBaHmit po3mip cropinku PostgreSQL. 3a 3amoBuyBaH-
HsIM po3Mip cropiHkn y PostgreSQL nopisuroe 8 KB (8192 Gaiitn) [9]. [lu3aiin i€l CTPYKTypH JaHHUX T03BO-

© 3eaoiciu /1. B., 2025



114 e-ISNN: 2617-7323. Hayxkosi 3amucku HaYKMA. Komn ' 'totepHi Hayku. 2025. Tom 8

JIsi€ MATPUMYBATH JIEpEBO 30aJlaHCOBaHWM, IO 3a0e3reuye eeKTUBHICTh omepaltiil =, <, >, BETWEEN,
ORDER BY. Llgii iHIeKc 4acTo 3aCTOCOBYIOTh JUIS iHAEKCallii YUCIOBUX, PAAKOBHX IMOJIB, MITOK Yacy.

Xenr-Tabiuis € 11 OJHUM THITOM 1HIEKCIB, sikui miarpumye PostgreSQL. Lleit Bua iHOeKCY MiaTpUMye€
JmiIe oneparop piBHocTi. Pesynsratom ¢ynkuii xenryBanus y PostgreSQL e 32-6itoBe 1ine uncno. Xerr
1HIeKC 30epirae xemnri y BiJICOPTOBAHOMY BHIVISI, IO Ja€ 3MOTY BUKOPUCTOBYBATH OiHAPHUM MOIIYK IS
JOCTYyIy J0 MOTpiOHOrO eneMeHTy [8]. YV pasi koii3iii eneMeHTH 3 OIHAKOBUMH XellaMH 30epiraroThcs
pa3oM i3 IOMATKOBUMH JTAHUMH JUTS TXHBOT mogaibmoi ineHTudikamii. L{el Tim iHaeKcy Halkpalie miaxo-
JUTH JUI ONITUMI3allii orneparlii TO4HOTro 30iry A BETUKUX 00CATIB TaHUX.

GIN (Generalized Inverted Index) — y3aranbHeHHH IHBEPTOBaHWH 1HAEKC — CTPYKTypa JAHHX, IO
no0pe 3apeKoMeHIyBaja cede B iHpopmaniiHoMy moiryky. Llei inaekc nae 3Mory e(heKTUBHO MpalroBaTH
3 KOMITO3UTHUMH 3HAYCHHSIMH, K1 CKJIAJIAF0ThCS 3 0araThboxX €JIeMEHTIB. 3a3BHUail 11e TEKCTOBI JOKYMEHTH
abo0 macuBu. [HBepTOBaHMUIA iIHAEKC J03BOJISIE €(hEKTUBHO BiAMOBIIATH HA 3alIMTAHHS, UM MICTUTH JOKYMEHT
TOW YW IHIIMK €JIEMEHT. Y3arajlbHeHICTh II€T CTPYKTYPH IOJISATAE B TOMY, IO 11 peai3allisi JO3BOJISIE mpa-
ILIOBATH 13 PI3HUMH THIIAMH JaHUX, OPIEHTYIOUUCH Ha TUIIOBI cTparerii [6]. Takox peamizaiist LbOTO 1HIEK-
Cy nepenbayae po3MMUPEHHS BIACHUMHU METOJIAMH JIOCTYITY, 3aJIe)KHO BiJ O13HEC-3aB/IaHb.

BRIN (Block Range Index) — inzekc, 1110 CIPOEKTOBAHUM ATt pOOOTH 3 TAOMUISIMU BEIHUKOTO PO3MIpY,
3HAYCHHS KOJIOHOK SKHX MPSIMO KOPEIIOIOTh 13 IXHIM po3TamlyBaHHAM y TaOnuIli [ 7], HampuKia BiACOpTO-
BaHi KOJIOHKH 3 JaTaMH. Takuil iHAeKC Mae HEBEJIMKUH po3Mip 1 He MoTpedye 3HAUHUX 3yCUIb JUIS MiATPUM-
k. Lleii iHIeKC HAJIe)KHUTD JI0 TAKHX, 1110 MOXKYTh ITOBEPTATH PE3YJIBTATH, SIKi HE BIAMOBIIAIOTH YMOBI 3aIu-
Ty. Y TakoMy pa3i JI0aTKOBA BiANOBIJAIBHICTh MOKJIAAAETHCS HA PIBCHb BUKOHABIIS 3aMUTY: BiH MyCUTh
MTOBTOPHO MEPEBIPATH KOPTEXi. Taka KOHIIEHIIiSI MOKe OyTH BHITPABIAHOIO, SKIIO 1HAECKC Ja€ 3MOTY YHUK-
HYTH TIOBHOTO 11epedopy BeNNUe3HUX TaOHIb.

GiST (Generalized Search Tree) — y3aranbHeHe JepeBO MOIIYKYy — Ii¢ 30ajJaHCOBaHA JCPEBOBHIHA
CTPYKTYPa, L0 CIIYTY€ B3ipIieM AJIsl CTBOPEHHS BIACHUX iHJEKCHUX cTpaterii [4]. Buxigauii kox PostgreSQL
TaKOX MICTUTh KiJIbKa TOTOBHMX pealli3allii Ha OCHOBI I[bOTO iHJICKCYy. 3anpornoHoBaHa peanizamis GiST
J03BOIIsIE iMIIeMeHTyBaTu b-nepeBo, R-aepeBo Ta 6araro iHIIKX 3a€XHO Bijl Oi3HEeC-3aBAaHHS 1 3aJaHOTO
THTY JaHUX. SIApO 1bOTO iHIEKCY mepedupae Ha cebe yNpaBlliHHS BHYTPINIHBOI KOMYHIKAIIE 3 023010
naHux. CIOnU TaKoX BiTHOCSITHCS BUPIIIEHHS 3a/1a4 0araTonoTOYHOCTI, KepyBaHHS OJIOKYBaHHSIMH, JIOTY-
BaHHs Ta iHII. L{e 1a€ MOXKITUBICTh PO3POOHHUKY 30CEPEIUTHUCS HA PO3POOIICHHI METOIIB JOCTYITY, TIOB’s3a-
HHUX i3 CEMAaHTHUKOIO 3alIpOTIOHOBAHOI'0 TUITY JaHUX.

SP-GiST (Space-partitioned generalized search tree) [5; 10] — y3aranbHeHe AepeBO MOMIYKY i3 IPOCTO-
pOBUM PO3OUTTAM. Inest mporo iHngekcy myxke cxoxka Ha GiST, mpoTre OCHOBHHMIA aKIICHT 3pOOJICHO Ha Mij-
TPUMII He30alaHCOBaHUX JiepeB. Jlo TaKuX CTPYKTYp HaJlexaTh AepeBa kBaapaHTiB [15], k-BumipHi nepepa
[11], npedikcHi nepeBa Ta ixHi Bapiarii i 6araro iHmmMx. OnHa 3 BAXIUBUX XapaKTEPUCTHUK, 110 00’ €JHYE IIi
CTPYKTYPH JaHUX, II€ Te, M0 TaKi CTPYKTYPH JaHUX MOXKYTh MaTH Pi3HY TIIMOMHY 3ariTUOICHHS IS Pi3HUX
By31iB. SP-GiST Takox 103BOJIsi€ CTBOPIOBATH HOBI PO3IIUPEHHS 3aJ€XKHO Bi 3aBAaHb Ta 00PAHOTO TUITY
naHux. [OJOBHA ifiess 1OTO MIAXOMY TOJSIrae B TOMY, IO SApo iHAEKCY Oepe Ha cebe B3aeEMOII0 i3
PostgreSQL, miaTpuMye BUIIEHHS TaM’sITi, peaji3oBye pearyBaHHs Ha 6J0KyBaHHs. PO3poOHMK BIaCHOTO
PO3IIMPEHHS Ma€ MOXKITUBICTh pealli3yBaTy MeBHI (QYHKIIT 3BOPOTHOTO BHKIIHKY, SKi OyAyTh BHKJIMKAHI ITi]T
9ac KHUTTEBOTO LUKy iHAEKCY. TakMM YMHOM MOXKHA BIUIMBATH Ha Ipoliec o0y10BY JiepeBa Ta ioro 00xo-
Jly JUTS TIONIYKY MTOTPIOHHUX €JIEMEHTIB y CTPYKTYPI.

OnuuM 3 oOMexeHb y nu3aitni Ta peamnizanii SP-GIST innekcy € Te, o BiH Hafae JOCTYII JIUIIE IO
TIEBHOT YaCTHHH JIepPeBa MPH BCTABIIi eJieMeHTiB. ToMy po3poOHUK HE Ma€ MOXJIMBOCTI J01aBaTH €JICMEHTH,
SIKi TIOB’s3aHi 3 iHJIEKCOBAaHUM KOPTEkKEM, J0 1HIIUX YaCTHHH JiepeBa. Taka MOKIIUBICTh € Ay)Ke BaKIHBOIO
npu o0yI0Bi cydikcHoro Aepera [16]. [Tinxin 1o moOynoBu cy)iKCHOTO IepeBa 3HAYHOO MipOFO 3aJICKUTh
BiJ] 0OPAHOTO AJITOPUTMY Ta MOYATKOBUX YMOB, IIPOTE >KO/EH 13 MOXIIUBHX AJTOPUTMIB HE I03BOJISE OTPH-
MaTH HEOOXITHUH pe3ysbTar, KopucTyrouuch pyrrieM SP-GiST. Taka peamizaliisi moTpeOyBaTuMe BEIHKOT
KIUJIBKOCTI JOJIaTKOBOTO KOMY, KU 06arato B 4omy nyOmroBatiuMe HasBHUM SP-GiST pymiit.

Y HacTymHOMY pO3JiJi i€l cTarTi Oy/ie 3apONOHOBAHO KPOKH JJIs pealtizailii iHIeKCY Ha OCHOBI Cy(ik-
CHOTO JIepeBa B MeXaxX MOXJIUBOCTEMH, siki AocTymHi y PostgreSQL.

InTepdeiic B3aemonii ingexcy Ha 6a3i cydikcHoro nepena 3 PostgreSQL

Sk yxe Oyino 3a3HaYCHO Y MONEPETHBOMY PO3.Iiii, apxiTektypa PostgreSQL mependayae MOXIHBICT
JUISL CTBOPEHHS BJIACHOI peamizalii Juid iHaeKcyBaHHs. Pymriif 6a3u naHUX HE Mae 3HAHHA PO AJITOPUTM
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1HIeKcallii Y1 BUKOPUCTaHI CTPYKTYpH JaHUX. HaTtoMicTh B3a€EMOJis BilOyBAa€ThCSA Yepe3 METOIHU iHTep-
¢eiicy noctyny no ingexcy [13]. Takuil migxin 3a0e3nedye He3alIexKHICTh MiXkK KOJIOM, 1110 peai3ye JOTiKy
oprasizaiii Ta 30epiraHssi CHpHUX JaHHX, 1 aJITOPUTMOM CTBOPESHHS Ta MiATPUMKH iHaekcy. Ha mpakruiti 1ie
Jla€ 3MOTY PO3POOHUKY 30CEepEeNUTHCS Ha IETaNIAX peasi3alii HOBOro MeToy iHJeKcallil, YHUKAIO4u MeB-
HUX 0COOIMBOCTEH pOOOTH PYIIIis 3 JTaHUMHU.

IMix gac inimiamizamii ingexcy PostgreSQL ouikye, mo ¢yHKIiss —0OpoOHUK 1HAEKCY y BiANOBiIL HA
apryMeHT Tuiy internal moBepraTume cTpyktypy tumy IndexAmRoutine, 1110 MiCTHTh BCIO HEOOXiHY iH-
¢opmartiro s pobotu 3 inaexcom [1]. HaltBaxkiusimra indopmaris npo nosst cTpykrypu IndexAmRoutine
MiCTUTBCS y Tabm. 1. KpiM Toro, 1iis inaekcy moTpiOHo 3amaTi Habip OnepaTopiB, SKi BiH 3JaTHUH MiITPH-
MyBaTH. L5 indopmaris € BaxxIMBOIO I MIaHyBaJIbHUKA 3aIIUTIB MiJ Yac popMyBaHHS CTpaTerii BUKOHAH-
HS 3aITUTY.

Tabnuys 1. OcHoBHi noast cTpykTypu IndexAmRoutine y PostgreSQL

Moae Kopotkuii onuc
ambuild YKa3HUK Ha METOJ JUIsl CTBOPEHHS iHACKCY
ambuildempty YKa3HHUK HA METOJ ISl TOOYZOBH MOPOKHBOTO 1HAECKCY
aminsert YKa3HUK Ha METOJ JUISl BCTABKH OJJHOTO KOPTEXKY
ambeginscan YKa3HHUK Ha METOJ iHiIiai3alil CKaHyBaHHS iHAEKCY
amgettuple METO[ TIOBEPTAE OTMH MiIX0KHIA KOPTEIK
amgetbitmap YKa3HHK Ha METOJI JUIsl TIOBEPHEHHsI BCIX KOPTEXKIB, SIKi BI/IIIOBIAAIOTh KPUTEPIIO TOLIYKY
amrescan YKa3HUK Ha METOJ JUISl IIOBTOPHOTO CKaHyBaHHS IHJIEKCY
amendscan YKa3HUK Ha METOJ JUISl 3aBEPLICHHS CKaHyBaHHS
ambulkdelete / amvacuumcleanup YKa3HHUK Ha METOJ LTS OTepallii BUAAJICHHS €JIEMCHTIB 3 iHICKCY

Y TakoMy pasi s MiATPUMKH 1HAEKCY Ha 6a3i Cy(piKCHOTO JiepeBa 000B’I3KOBO MOTPiOHO 3a0e3MeUnTH
peanizanio iHTepdeiicy ¢pyHKIii niaTpuMku goctymy. Iix gac ananisy BuxigHoro xoxy PostgreSQL 6yno
MOMIYEHO, III0 HalvacTinie s mpedikca METOIB iHTep(eiicy BUKOPUCTOBYETHCS KIIFOYOBE CIIOBO, SIKE 3T0-
JIOM JIa€ 3MOTY i7leHTU(iKyBaTh MiJXiJl, 0 3aCTOCOBY€EThCA. BinmoBinHO, peaizallii METoAiB iHACKCY Ha
OCHOBI CY(hiKCHOTO JiepeBa MaTUMyTh Tipedike “stree”.

Bapto nouatu 3 ¢pyskunii Datum streehandler(PG_FUNCTION _ARGS). fx yxe 3a3HaueHO BUILE, el
METOJI € HEOOX1THUM IS B3aeEMOIii 3 ocHOBHUM KojioM PostgreSQL. Meton streehandler moBeprae cTpyk-
Typy tuny IndexAmRoutine, sika MiCTUTB ycI0 HEOOXiHY 1H(OPMAIIIO IS )KUTTEBOTO LIUKITY 1HICKCY.

OnHiero 3 00OB’A3KOBUX 4YacTUH Mi€i cTpykrypu € Mmeton IndexBuildResult * streebuild(Relation
heapRelation, Relation indexRelation, IndexInfo *indexInfo). Lle#t meton Bimmosinae 3a moOymoOBYy BCix
CTPYKTYp, HEOOXiHUX U151 poGOTH iHmekcy. oMy Ha BXijx MpHXOaMTh aBa aprymentn tuiy Relation. Ap-
rymeHT 3 iM’sim heapRelation — e mpenctaBieHHs! TaOMUI, sl SKOi CTBOPIOETHCS 1HAEKC, apryMeHT
indexRelation — mae gocTyn 10 00’€KTa, JOCTYIHOTO JUIS 3aIUCY, Jie OyIyTh 30epiraTtucs aHi iHIeKCY Ha
6a3i cydikcHoro naepesa. Apryment indexInfo micTuth HeoOXimHy iH(poOpMario mpo cam iHaekc. Moro
CTPYKTYpa 3HAUHOKO MipOIO MEPEryKy€eThCs 31 CTPYKTYPOIO BHIe3ranaHoro o6’ekry IndexAmRoutine. Pe-
3yJIbTaTOM BUKOHAHHS (DyHKIIT € CTPYKTypa, SIKa MICTUTh CTATUCTUKY IIOJI0 KUTBKOCTI BXK€ MPOCKAaHOBAHUX
KOPTEXKIB y TaOJIMIIi, @ TAKOXK KLTBKOCTI KOPTEXKIB, TOMAHUX JIO 1HJIEKCY.

Taxox HeoOxigHO Bu3HaunTH MeTo void streebuildempty(Relation indexRelation). Lleii meton mpu3Ha-
YeHHH JUTA 1HIMiai3alii MOpOXKHBOTO 1HICKCY Ha TUCKY 0e3 CKaHyBaHHS Ta BCTaBKHM KOPTEXiB. BiH BHKO-
PHUCTOBYETBCA SIK YaCTHHA MPOIIECY iHiliaii3alii 6a3u JaHUX — IIe A0 TOTO, SIK Oy[b-sKi JaHi Oyau JoAaHi.
Takox 11e#f MeToa MOKe 3aCTOCOBYBATHCS I/ Yac KIIOHYBaHHS 0a3W JaHUX.

OnuuM i3 HaCTYHNHUX METOAIB iHTepdeiicy € bool streeinsert(Relation indexRelation, Datum *values,
bool *isnull, [temPointerht_ctid, Relation heapRel, IndexUniqueCheck checkUnique, bool indexUnchanged,
IndexInfo *indexInfo). Ileit MeTox BinmoOBiaE 3a BCTaBKY KOPTEXKY B iHAEKC. YCepeIUuHI HOTO BiIOyBA€TH-
cs1 poboTa 3 mam’TTH0 PostgreSQL, 00poOka BUHATKOBUX CUTYAITiH, TIOB’I3aHUX 13 OJIOKYBaHHSIMH, & TAKOXK
BUKJIMK OCHOBHO{ JIOTiKH MiITPUMKH cydikcHoro aepesa. Ha Bxixg meTon mpuiiMae Bxe 3HalOMHM 00’ €KT
i 3anucy indexRelation. AprymeHT values MICTHTh BKa3iBHHK Ha PSAJIOK 13 TaHUMH. ApryMeHT isnull —
1€ MacHB, PO3MIPHICTH SIKOTO JIOPIBHIOE KiJIBKOCTI €IEMEHTIB y values; BiH BKa3ye, Ui MiCTHUTh BiJIIOBiIHA
kononka 3HadeHHs NULL y psiaky. AprymeHt ht ctid MicTUTh BKa3iBHHK Ha ifeHTH(IKaTOp KopTexy. Ha
IpakTHLi Takuil migxig mae 3mory PostgreSQL mintpumysatu konnemnmito MVCC (Multi-Version
Concurrency Control), BignosigHo 10 sikoi PostgreSQL He Monmudikye HassBHI 3HAUCHHSI, @ CTBOPIOE HOBI
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3alUCH — 1I¢ JIa€ MOXJIMBICTh YHHKATH OJOKYyBaHHS 0a3d JaHWX 1 rapaHTye aKTyaJIbHICTh iH(pOpMAIIii.
Pesyneratom BukoHaHHS (DYHKIIT € OyJeBe 3HaUCHHS, SIKE € BAXXJIMBUM Yy pa3i IEBHUX 3HAUCHb apTyMEHTY
checkUnique. [To3uTUBHUI pe3yabTaT O3HAYAE, 1110 BX1IHE 3HAUCHHS 3aBiJIOMO YHIKaJIbHE, 8 HETAaTUBHUN —
10 3HAYCHHS, IePEAaHe Ha BXiJ, MOXKJIMBO, HE € YHIKAJIBHUM 1 HOTpeOye MepeBipKy Ha YHIKAIbHICTh. 3a-
3BHuUai, skmo apryMmeHT checkUnique He Ma€e 3HaueHHSs, JOKyMeHTallis PostgreSQL pexomeHye oBepra-
TH HEraTUBHUI pe3ynbTar [2].

[Ile omHUM Ba)KITMBUM METOIIOM, SKH O00OB’S3KOBO MOTPIOHO peanmidyBarH, € void streecostestimate
(PlannerInfo *root, IndexPath *path, double loop count, Cost *indexStartupCost, Cost *indexTotalCost,
Selectivity *indexSelectivity, double *indexCorrelation, double *indexPages). L{eli MmeTox Bizirpae BaxIu-
BY pOJIb IS IUTaHYBAIbHUKA Mif] Yac TeHepalii cTparerii BUKOHAHHS 3aluTiB. 3aBAAHHS LIbOTO METORY —
HaJIaTH OIIHKH, SIKi B1T0OpaXkaroTh BapTicTh BUKOHaHHSA ymMoBH WHERE nipu BukopucTanHi ingekcy. OmiH-
Ka BPaxXOBY€ Pi3HI YMHHHUKH: HACKUIBKU BUTPATHO PO3MOYATU BUKOPUCTAHHS 1HAEKCY; SIKi OyIyTh 3arajibHi
BHUTPATH; HACKIJIBKU TOOpe MOPSJIOK, MO 337a€ThCS 1HJICKCOM, CIIBBITHOCHTBCS 3 OYIKYBAHUM MOPSIKOM
pe3yIbTaTy; a TAKOXK CKIIBKU CTOPiHOK iHJEKCy, IMOBipHO, OyJe MpOYUTaHO.

[Io cTocyeThCsl CKaHyBaHHSI 1HACKCY, TO BUHHKAE MMOTpeda peaizyBaTy MiITPUMKY TaKUX METOJIB iH-
Tepdeiicy:

— IndexScanDesc streebeginscan (Relation indexRelation, int nkeys, int norderbys);

— void streerescan (IndexScanDesc scan, ScanKey keys, int nkeys, ScanKey orderbys, int norderbys);
— bool streegettuple (IndexScanDesc scan, ScanDirection direction);

— int64 streegetbitmap (IndexScanDesc scan, TIDBitmap *tbm);

— void streeendscan (IndexScanDesc scan).

VYei 1i Metonu OepyTh y4acTh y MpoOIeci CKaHyBaHHS iHJEKCy Ta MOIIyKy pesynbsratiB. Ha mepmomy
eTarn BUKJIMKAEThCs streebeginscan, KUl iHINIATi3y€e MPOIeC CKaHYBaHHS Ta BUALUISE HEOOXIIHI pecypcH
JUIA TATPUMKH oro crany. Jlami pesynbrar streebeginscan — 00’€KT, 110 OMUCYE CTaH CKaHyBaHHS, —
MepeacThCs B METOJ streerescan. Y METOJI streerescan 3amyCcKaeThCsi a00 Iepe3aIryCcKaeThesl Mporec CKa-
HYBaHHS, a TaKOX 3aJal0ThCca HOBI ymoBHu mnouryky, Hanpukiaag: WHERE name LIKE ‘%query’. Ilicns
ILOTO Y)Ke BUKOHYEThCS streegettuple ado streegetbitmap, ne streegettuple moepTae true, sIKIIO KOPTEK OYyB
3HalJieHnH, Ta false, sixiio Hi. MeToj streegetbitmap moBepTae 4nCIIO yCix pe3yabTaTiB, 0 33JJOBOJILHSIIOTh
YMOBY, 1 TAKOXX HAINOBHIOE ieHTH(DiKaTopaMu cTpykTypy Ty TIDBitmap. Metox streeendscan 3aBepinye
IpoIleC CKaHyBaHHs Ta BUBIJIbHSAE YCi BUKOPUCTAHI AJISI CKAHYBaHHS PECypCH.

BucnoBok

VY crarTi Oyio onrcaHo OCHOBHI MOXKJIMBOCTI iHeKcaii B PostgreSQL. Po3nissHyTO rOTOBI iHIEKCH, SKi
Hazgae PostgreSQL, MOXITMBOCTI iX PO3IIUPEHHS Ta HMOBIpHi ClieHapii BUKOPUCTAHHS.

OCHOBHY yBary 30Cepe/DKeHO Ha MOMKJIIMBOCTSX 1 IHCTPYMEHTAX JJIsi CTBOPSHHS BIACHUX 1HIEKCIB, 30-
kpema Ha Index Access Method Interface [13]. Byno mpoaHaii3oBaHO KITIOUOBI MeTOOU iHTepdeiicy, ki
HEOOXiJJHO pealizyBaTH JJIsl CTBOPEHHS BIIACHOTO iHJEKCY. Takox MOJIaHo aHalli3 i 3alpoIOHOBAaHO BU3HA-
YeHHsA OCHOBHUX METO/IB iHTepdeicy AoCTyIy /Ui peastizalii iHIeKCy Ha OCHOBI Cy(hiKCHOTO AepeBa.
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D. Zvazhii

INDEXING FEATURES IN PostgreSQL

This article provides an overview of the main standard index types implemented in PostgreSQL, empha-
sizing their internal structures, use cases, and efficiency characteristics. The study discusses the possibili-
ties for extending and adapting these index types to meet specific business needs. Special attention is given
to PostgreSQL's extensible architecture and the Access Methods API, which enables the creation of custom
indexing solutions. The article analyzes the core functions that define the lifecycle of an index in Post-
greSQL, including index creation, scan operations, maintenance, and cost estimation procedures. These
functions not only structure the interaction between the planner and the index access methods but also open
up opportunities for experimental or domain-specific extensions. As a case study of such extensibility, the
article proposes an interface for a suffix tree index that utilizes the Access Methods API. The proposed suffix
tree index serves as a demonstration of the flexibility provided by PostgreSQL’s Access Methods API. The
article details how the API's modular architecture allows for the integration of custom data structures, such
as suffix trees, by implementing a well-defined set of callback functions governing index creation, scanning,
insertion, and cost estimation. This case illustrates how the Access Methods API can be leveraged to expand
PostgreSQL’s indexing capabilities beyond traditional use cases, making it a powerful framework for ex-
perimental development and research-driven optimization of complex query patterns.

Keywords: databases, string search, PostgreSQL, suffix tree, SP-GiST, GiST, hash index, B-tree, Access
Methods API.
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Muxatinenxo O. 1., [ opoxoscokuti K. C., ['opoxoscekuu C. C.

METO/I HIU®POBAHOI KOMYHIKAIII
Y CTPATETTYHUX B3AEMOJIAX

Y pobomi docnidoceno modrcaueocmi 3acmocy8anta HACKPI3HO20 WUDPYBAHHS 8 CepedosUax 3 00-
MedHCeHOI0 008IPOI0, 30KpeMa 8 KOHMeKCmi cmpame2ivnux icop ma cumyasyii. Heseascaouu na wiupoke
8NPOBAOIHCEHHA MAKUX MeEXHON02IU Y chepi yughposoi komymikayii, ixuiti nomenyian y cneyughiunux cye-
HAPIAX 3a1Uuascsa HeOOCMAamHb0 GUEYEHUM. 3aNPONOHOBAHO HOBUN NIOXI0 00 3aXUWeHOT 83aEMO0ii Midxc
yuacHukamu waaxom adanmayii kpunmoepagiunoco npomoxony Double Ratchet. Po3pobneno
application-level npomokon, onmumizosanuil 0Jisl i2posux cyenapiis, i enepuie peanizo8ano to2o KoMni-
asyiio y WebAssembly, 0ocniosiceno moscausocmi GUKOPUCARHS NPOMOKONI8 HACKPI3ZHO20 WUPPYE8aAHHS
y OpaysepHomy cepedosuiyi, @ makodic HA0aHHs besneku npu 30epicanti nap KpunmozpaQiunux Kuiovie
no3a besneyHuMU cepedosUUamy anapamHuo2o 3abe3neyents, HageodeHo NPUKIA0 BUKOPUCIAHHS PO3PO-
O1en020 npomoxony 0as 3abe3nedeHus npusamuocmi y cmpameziyniu komynixayii. Ilposedeno oyinky
egpexmuenocmi ma 6e3nexu pileHHs 8 YMOBAX CUMYIbOBAHO20 cepedosuya 3 Hedogipoio 00 cepsepa.
AxmyanvHicmb 00CIOHCEHHS 3YMOBLEHO 3POCIAHHAM HOMPeOU y 3aXUUeHOM) 38 A3KY 8 yMo8ax Kibepa-
max, 30Kkpema 6 nepiod 60€HHUX Oill.

Kurouogi ciioBa: HackpizHe mmgpyBanas, Double Ratchet, WebAssembly, ctpateriuni irpu, WebSocket,
Rust, 3axumiena kKoMyHiKalItis.

Beryn

Icnye Gararo 3amad, siKi HOTPeOyIOTh Oe3MeKN y KOMYHIKaIliHHOMY KaHalli MiXx JBoMa ctopoHamu. Tpa-
UL HHIMH METOaMH JJIS1 CTBOPEHHS CEKPETHOCT] y KOMYHIKalii € METOAN CHMETPUYHOTO Ta ACHMETPHI-
HOro WKU(pyBaHHs, OJHAK BUKOPUCTAHHS TAKMX CHCTEM Ma€ MEBHI HE0IKH, KOJU HIeThCS PO CUCTEMHU
3 MiHIMaJIBHOIO TOBipoto0. [0 HUX 30KpeMa MOXKHA BiJIHECTH MECECHJDKEepHU Ta MupOBaHi I3BIHKK yepe3
[HTepHeT. 3a OcTaHHE AECATHIITTS CTPIMKO HAOpajiH MOMYJISPHICTh MPOTOKOIM HACKPI3HOTO K(pyBaH-
Hs1. Yepes Te, mo [HTepHET nepeTBOPIOBABCS 1 IPOIOBXKYE MEPETBOPIOBATHICS Ha yce OLIBII IIEHTpali3oBa-
Hy CHCTEMY, Jle KOHTPOJIb HaJl JaHUMH KOHCOMiayeTbea y 7—8 xomnanisx (Meta, Apple, Amazon, Google
Ta iH.), SKi 3a OyIb-sIKOI0 BUMOTOIO JIep>KaB 3MYIICHI ITepeAaBaTH MPUBATHI TaHI KOPUCTYBAYiB, BHHUKIIH
MIIXO/IM, 10 32CTOCOBYIOTH KOMOIHAIIi}0 CHMETPHUYHOTO Ta aCUMETPUYHOTO MN(PYBaHHSA 3aU1d 3a0e3Ie-
YEeHHsI KOMYHIKaIlii 1BOX a00 OibIle yYacHUKIB 0€3 PO3KPHUTTS HEeNM(PPOBAHUX JAHUX CEpBEpa, 10 pea-
Ji3ye TepenaBaHHs UX AaHUX. TakuM YWMHOM, 3’SBIJIHCS SIK MPUBATHI MECEHDKEpH Ha KinTant Signal
(panmime Whisper), Tak i QyHKIiOHAIBHICTH MPUBATHUX MIAJNOTIB Yy IHIIMX MOMYISIPHUX MECEHIKEepax,
sk-oT WhatsApp Tta Telegram. Taki MeceHkepr HaOyIH MIMPOKOTO BUKOPUCTAHHS HA HAMBHIIMX PiBHIX
YIPaBIiHHS AEPKaBOIO, IIO MiATBEPIKY€e HEMOAAaBHINH ckaHzanm i3 Signal Ta ruraHyBaHHSIM BiMCHKOBHX
orepaniii CLIA [1]. [TeBHi 0coOarBOCTI HACKPI3HOTO mIK(pyBaHHS pOOIIATH BUKOPUCTAHHS TaKOi (QyHK-
iOHATBHOCTI 0OMexeHuM. Lle, B OCHOBHOMY, O3Haua€ BTpaTy JAHHUX JiaJIoTy Y BHIIAQAKY BTPAaTH CaMOro
JieBaiicy, Ha SIKOMY BiJIOyBa€eTbCca KOMYyHIKallisl. [HII0I0 BaXXITMBOIO MPOOJIEMOIO HACKPI3HOTO MU PYyBaHHS
€ cyBopa HeoOximHicTh BuKopucTanHs HSM [12] ans GesnedHoro 30epiraHHs KpUNTorpaiqHuX KITHOUiB
Ha mpucTpoi. YTiM, y pealisix pociiicbKoro BTOPrHeHHs B YKpaiHy notpeba y HacKpisHOMY UG pyBaHHI
3HAYHO 3pOCIIa, aJKEe HE YCi JIep)KaBH MOXKYTh 3a0€3MeUnTH CBOIM 30pOMHUM criiaM Oe3IeuHUi 3B’ sI30K
Ha BEJIMKUX BIiJICTAHSX, IKHI JIOCTaTHHO 3aXUIIEHUH BiJl 30BHINIHKOTO BIUIMBY Ta KiOeparak. Kibeparaku
CTaHOBIIAITH CEPHO3HUH BUKIIMK KOMYHIKalii, aJke IPOHUKHEHHS Y CHCTEMY, 110 30epirae Kirodi mugpy-
BaHHsI 10 0araTh0X MPUCTPOIB, AaBTOMATHYHO O3HAYAE PU3HK ACMH(PPYBaHHS MUX JaHUX 1 BUTOKY CEKpET-
Hoi iHpopmarii. Takoxk, y BUITaAKy poOOTH TPyH i3 3aXMCTY NpaB JIIOAEH, NesKi Jep:KaBH 3alliKaBJeHi y
HebOe3neni Ta (pi3uYHOMY 3HUIIEHHI IUX rpyn. HackpizHe mupyBaHHS 1a€ MOXJIMBICTb CTBOPUTH Oe€3-
MeYHNH KaHaJI KOMYyHIKalii y TOMy BUIAJKY, KOJIM CEpBEPy HEMOXKIIMBO MTOBHICTIO HOBipsTu. Ilonmpn Bxe
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IIUPOKUN JOCBI BUKOPHCTAHHS HACKPIZHOTO MIM(DPYBaHHS Y CUCTEMaXx I KOMYHIKaIlii, eBHI JUISHKA
3QJIMIIAIOTHCS HEAOCTAaTHBO MOCHIKEHUMH. J[0 HMX MOXKHA BiTHECTH CTpaTeriyHi KOMYHIKalii Ha
KIOTaNT CUMYJISIIIT BIHCHKOBUX il i3 1BOMa abo Oijibllle YYaCHHKaMH, KJIacH4HI irpu Ta iHOI. Y ik
CTaTTi PO3MIAAAETHCS MOXJINBICTh PO3LIUPEHHS 3aCTOCYBAHHS NPOTOKOJIB HACKPI3HOTO MIU(pPyBaHHS
y CepeJIOBUINAX 3 BIICYTHIM Oe3MEYHUM cepeoBHINEM, CTBOpeHHs application-level mporokony mudpo-
BaHO1 KOMyHiKalii Ha 0a3i anroputmy Double Ratchet [8] Ta npukian iioro BUKOpUCTaHHS Y KIIaCHYHIH
MTOKPOKOBIH TPI.

1. IIpoToxon mu¢ppyBaHH

[IpononoBanuii npotokoid mWKGpyBaHHs € iMIUIeMeHTalielo npoTokony Double Ratchet 6e3 Bukopu-
ctanHsa mudpyBanHs xenepis. s iMmemMenTaitii Oy BUOpaHi Taki KpuntorpadiyHi arOpuTMU:

1. Jns peanizauii pyukuiit ENCRYPT i DECRYPT — anroputm mwudpyBanna AES-256-GCM-SIV [5].
BuGip 115010 anroputMy oOTpyHTOBYETHCS TOJATKOBHM 3aXHCTOM CHCTEMH BiJl 31aMiB y BUTIAJIKY TIepe-
BHUKOPHUCTAHHS MOCTiI0BHOCTI 0aiiTiB nonce.

2. Jns peanmizanii pyukiit GENERATE DH i DH — anroputMm Diffie-Hellman, 1o BUKOpHCTOBY€E KPUBY
Curve25519 [2], abo x ckopoueHo X25519. Ile BiAnoBinae peKOMEHIaIlisIM aBTOPIB crienu@ikariii mpo-
tokony Double Ratchet.

3. Hns peanizauii KDF _RK — anroputm HKDF [7] 3 xem-dynxuiero SHA-256. Y pekoMmeHnaalii aBTopiB
BKa3aHo, [0 aBTOP IMIUIEMEHTAIIIT Ma€ CaMOCTIHHO BUOpATH IMOCITIIOBHICTE OalTIB JUTst iHOpMaIiiHO-
ro napametpy. Mu Bubpanu Habip OaiiTiB, akuii koxye ciaoBo “Checkers”.

4. Jns peamizanii KDF CK — anroputm HMAC [6] 3 xemr-¢yHkiiero SHA-256. Ie Biamoimgae pekoMeH-
JIaIisiM aBTOPiB crierugikaiii mpoToKoy.

IMmemMeHTallis MPOTOKOITY BUKOHaHa MoBOIO Rust [13]. Moa Rust BuOpaHna 11st iMIIJIeMeHTAaIlii ToMy,
10 BoHa 3a0esmedye: Oe3mneKy maM’sTi MOBH, IIUPOKUKA BUOip kpunTorpadiuaux 6i0mi0TeK, MOKIUBICTh
koMITstii y GinapHuit popmar WebAssembly [14].

[IpoTokon mudpysanHs, okpim peamizanii pyHkuii, Bu3HaueHux y Double Ratchet, Takox peamnizye API:
1. ®yukuis w_init_ratchet_sender no3Bonsie TeHepyBaTH iHTepdeiic MOBor Javascript Ta iHimiami3ye

KpunTorpadidti napaMeTpu BiANpaBHUKA MEPLIOrO MOBIJOMIIEHHS Y IPOTOKOJII.

2. Oyukuis w_init_ratchet receiver N03BONS€ TeHEpYBaTH iHTEepdeiic MOBOIO Javascript Ta iHiIiani3ye
KpunTorpadiuti napaMeTpu OTpUMyBada MEPLIOro MOBIJOMIEHHS Y IPOTOKOJIL.

3. Crpykrypa Header Binnosinae crpykrypi Header y Double Ratchet Ta MicTuTh myOmiuHUI KiIr04 Bif-
MIPaBHUKA, CTBOPEHOTO aTOpUTMOM X25519; KiIbKICTh HaJICIaHUX TIOBIIOMJIEHb Y MUHYJIOMY JIaHIIIO-
Ty HaJICWJIaHHS, Ta KIJIbKICTh HAJIICIIAaHUX TIOBIIOMJICHD y TIOTOYHOMY JIAHITIOTY HaJICHUITaHHS.

4. Crpyxkrypa UserClientData 30epirae y co0i cTaH ycix KpunrorpadiuHux napamerpis, o NoTpiOHi At
mudpyBaHHs Ta IemmdpyBaHHs MTOB1IOMIICHb, a TAKOXK iHiMiami3arlii cropi. [Iporokon Double Ratchet
BH3HA4Yae JIB1 omepalii 3MiHM KITIo4iB: symmetric key ratchet Ta asymmetric key ratchet. Symmetric key
ratchet BinOyBaeThcs Mpu MUGpPyBaHHI Ta Jemu(pyBaHHI KO)KHOTO HOBOTO TIOBIJOMJICHHSI B OJJHOMY
JIAHIIOTY HAJICWIAHHS / OTpUMAaHHs. TaKuM JIAHIFOTOM HAa3UBAIOTh YIOPSIKOBAHY MOCIIIOBHICTH ITOBI-
JIOMJICHB, SIKi BHKOPUCTOBYBAJIH CTajle 3HaYCHHs pe3ynbrary anroputmy Diffie-Hellman onepartii gBox
kopuctyBadiB. i mmdpyBanns abo aenmmdpyBaHHSI KOXHOTO HOBIIOMIICHHS Y JIAHIFOTY HaCHIaHHS
a0o0 JaHIIOTY OTPUMaHHS BiJIIOBITHO MPOTOKOJ MYCHTh JIOOYTH HOBHH KITIOY 13 OATHKIBCHKOTO KJTFOUYa
JaHIoTa. baTbKiBCHKUH KITFOY JIAHITIOTa OHOBITIOETHCS 3 KOOKHIM HOBHM Iu(poBaHuM abo aermmdposa-
HUM noBijjomiieHHsM. [1{oOu 3abe3neuntn (HYHKIIOHAIBHICTD, CTPYKTYypa 30epirae mov4aTkoBUi OaTh-
KiBCHKUH KITIOY JJIs1 BUIOOYBaHHsI IIEPIIOTO K04 JTAHIIOTa HAJCHIAHHS / OTPUMAaHHS, TIOTOYHI KITFOUi
JIAQHITFOTIB HAJICWIIAHHS / OTPUMAaHHS, KUTbKICTh HATICIAHUX TOB1IOMJICHD, KUTBKICTh OTPUMAaHHX IOBi-
JOMIICHb, TOBKUHY MOMEPEAHBOTO JAHIIOTa HAICUIIAHHS, 8 TAKOXK MPOIyIIeH] noBigomiueHHs. Ocoonu-
BICTIO IMIUIEMEHTAIIIT MPOTOKONy € BUKOPUCTAaHHSA X25519 myOmiyHOTO KiIFOYa OTpUMYBa4a y POl
associated data [3]. Ockinbku TyOTIYHUI KIIIOY OTpUMyBa4a MOXKE 3MIHIOBATUCS MpH Oleparii
asymmetric key ratchet, mpotokon 30epirae gaHi Mpo MpoIyIeHi MOBiIOMICHHs y XelI-TaOIHIli Ta B Ta-
KoMy dopMarTi: [nyOriunuil Koy GIONpasHUKd, Homep nosioomienHs| -> [Kkmoy_Odewughpyeanns, ny-
oniunull_Kkarou_ompumyeaya). 1l CyKynHICTB TaHUX JIO3BOJISIE MPOBOIUTH OIEpallito symmetric key
ratchet. Brim, mporoxon Double Ratchet Takoxx BuzHauae onepauiro asymmetric key ratchet. s 3a6e3-
nedeHHs 1iei omepaii, y crpykrypi UserClientData 30epiratotbes napametpu dh s (npuBaTHHN
X25519 xintou BinnpaBHuka) 1 dh_r (myOmiunuit X25519 xirod oTpumyBaya).
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5. Crpykrypa HeaderCiphertext npencrasisie Tpiiiky 3HaueHb Header, 6aliToBe npencTaBiieHHs 3amud-
poBaHoro TekcTy i HoBuii ctaH UserClientData niicns g pyBanss. [loBepTaeTbes MeTonoMm w_ratchet
encrypt.

6. Crpykrypa Plaintext npencrasisie napy 3Ha4eHb, 10 MiCTHTh OaiiTOBE MpeNcTaBleHHs He3amuppoBa-
HOTrO TeKCcTy 1 HOoBUiA ctaH UserClientData nicns nemudpysanns. [loBepraeTbcst MeTonoM w_ratchet
decrypt.

7. ®Oyukuii w_ratchet_encrypt Ta w_ratchet _decrypt. 11i QyHKIIT € TOTOBHUMYU NpH MH(pyBaHHI Ta JIe-
mMpyBaHHI TOBiIOMIICHB. Y TIM, OKPIM OTPHUMAaHHS 3BUYHMX BXiJHUX IapaMeTpiB (He3amm(poBaHuit
TEKCT ISl encrypt, xeiep Ta 3amudpoBaHuil TekcT it decrypt), GYHKII TaKOXK OTPUMYIOTH KOIIIO
crpykrypu UserClientData, 3axonoBaHoi sk 3Ha4eHHs 3 Javascript. Busnauusmu API, mo nocrymHe
Javascript, moTpiOHO 3pOOHMTH KPOK BiJl MporpaMu MOBOrO Rust 1o monyss Javascript.

WebAssembly HaTHBHO MiATPUMY€ThCS Y OUIBIIOCTI Benukux OpaysepiB. Lle o3Hauae, mo Opaysepu
MOXYTb CITyTyBaTH XOCTaMH JIJIsi KOHTEHHEPHU30BaHOTO BUKOHAHHS OiHapHOTO Koy WebAssembly, Buins-
Tn nam’siTb WebAssembly Momyinsim 1 Buknukaru ¢yHKIII ux moxyniB. Ockineku WebAssembly moxyis
y Javascript € 0OropTkor HaJ] BUKOHYBaHUM (hailyioM, 3 TOYKH 30py KOpHCTyBada OiOIIOTEKH, MOTPIOHO
3HATH BKa3iBHUKHU 10 (YHKILH, TUIIK apryMeHTiB nux ¢yHKIi# Tomo. [l{obu nopermuTty npakTUIHE BUKO-
pucTaHHs 0i0JIIOTEKH, YACTOIO MPAKTHKOIO € CTBOPEHHS 30BHIIIHIX Javascript pyHKIIi# Ta KJ1aciB, Mo 3Bep-
TAIOThCA JI0 BIJOMHX HAa MOMEHT KOMIUIALIT cekiil y GiHapHOMY ¢aiini. J{ng MoBu nporpamysanHst Rust
3a3Ha4yeHy iHQPaCTPYKTypy HAJAIOTh TaKi KOMIIOHEHTH:

1) HaTMBHA KOMMLIALIS KoAy Yy popmar wasm32;

2) OibmioTeka wasm-bindgen [10], mo Hamae iHpoOpMAILIO TIPO Te, IUIsI IKAX KOMIIOHEHTIB T€HEpyBaTH
Javascript BiAMOBiAHUKH;

3) 3acCTOCYHOK KOMaHIHOTO psiaka wasm-pack[11], kotpuii reHepye Javascript Mmomyns st WebAssembly
KOJy.
3aBIAKH MM KOMITOHEHTaM MOXIIMBO BUKOHATH TEPeXiJ BiJl HAABHOCTI Rust 0101i0TekH, SKY MOXKYTh

BUKOPUCTOBYBATH Iporpamu, HanucaHi MoBoro Rust, C, abo C++, no WebAssembly monyns, skuit Moxe

BHKOHYBAaTHCS B Opay3epHOMY CEepelOBHIINI. AJIETEpHATUBHUMHU MiJXOAaMH, SKi BUKOpUCTana libsignal,

€ CTBOPEHHSI KJII€EHTCHKHX 0i0110TeK MOBaMHU NPOTrpaMyBaHHs HATUBHUX M1aTgopm — Swift s i0S, Java

1t Android.

VY Hamomy BUNAJKY, wasm-pack BUKOHye KPUTUYHY pOJb, TEHEPYIOUH Javascript MOIyIb, [0 MiCTUTh
yotupu (aiinu: double ratchet.d.ts, double ratchet.js, double ratchet bg.wasm.d.ts, double ratchet_
bg.wasm. IlornsHeMoO Ha HUX AetanbHimte. double_ratchet.d.ts MicTUTh TUTI30BaHI BU3HAYEHHS (QYHKIIN
SIK pO3po0sIeHOT 010I0TEKH, TaK 1 BHYTPIIIHIX QYHKIIH wasm-bindgen.

Puc. 1. Curnatrypu QyHKIiH, 110 reHepytoThes a1 MoBH Typescript

@aiin double_ratchet.js MiCTUTH IMIUIEMEHTAII0O HABEACHUX Yy pUC. 1 QyHKIIH, a TaKOX BHYTPIIIHIX
byHKUIH wasm-bindgen.

@aiin double_ratchet_bg.wasm.d.ts MiCTUTH OAaTKOBI TreHepoBaHi Typescript CUTHATypu Ui KOpek-
THO1 poboTu wasm-pack.

®aiin double ratchet_bg.wasm € BUkoHyBaHHM (haliiioM, 10 TeHEPYETHCS Mics Kommisii Rust komy
Y LTBOBY apXIiTEKTYpHY Tpiiky wasm32-unknown-unknown.

[Ipotoxon mudpyBaHHS B 3araJbHOMY BHIIAJIKY CKIAJAETHCS 3 TPHOX KPOKIB: BCTAHOBICHHS 3HAYCHHS
CHUTBHOTO CEKPeTy, iHiIiani3amii CTOpiH, mu(PyBaHHS Ta ASMIH(PPYBaHHS OBiIOMJICHb.

OnHiero 3 HeOAraThOX «IOTIYHUX)» BPA3IHUBOCTECH HOTO AJITOPUTMY € CaMe MEPIINif KPOK — CTBOPEHHS
criTpHOTO cekpery. ABTopu Double Ratchet mpomoHyroTs [8] BCTaHOBIIOBATH CITUTEHUA CEKPET 32 JTOTIOMO-
TOIO0 TIPOTOKOJIIB Y3ro/DKEeHHS KIrodiB. OOpaBmn anroput™ X25519, KIIi€eHTH CTBOPIOIOTH MapH KIIIOUiB, A€
MEepIIMA KITIE€HT HAACWIAE CBIM IyONIYHUHA KITIOY APYTOMY KIIIEHTY, HIiCIS 9OTO APYTHH KIIEHT BHKOHYE
OTIEpAIiI0 CKAIIPHOTO MHOMKECHHS ITyOJIIYHOTO KifoYa (TOYKa Ha eninTH4Hid KpuBiit Curve25519) Ha ce-
KPETHUI KITF0Y (CKaJsp i3 moiist, Bu3HaueHoro Curve25519) ta Hancunae cBift MyONMiyHUN KITFOY TEPIIOMY



Muxaiinenxo O. I, I'opoxoscexuii K. C., Topoxoscvkuii C. C. Meton mmdpoBaHOI KOMyHIKaIii y CTpaTeriyHux B3a€MOALAX 121

KIIIEHTY JUTS BUKOHAHHS Takoi camMoi orepariii MHOXeHHs. TakuM YWHOM, KOPUCTYBadl IPUHIYTh IO OJHHUX
1 TUX caMHX 3HaueHb CMIJILHOTO CeKpeTy. BaximuBor mpobiemMoro Takoro miaxony € araka Man-In-The-
Middle 3 60Ky aKTHBHOTO HamaJHUKa, SKAH MOXKE HAJATH KIIEHTaM BIIACHI 3HAUCHHS MyOJIYHOTO KJTroua
1 cTBOpHUTH MIM(POBaHUI KaHAT KOMYHIKallii 3 OyIb-AKUM i3 KINi€HTIB. TpaauiiitHo, 1y MOJOJaHHS TaKUX
po0IieM BUKOPHUCTOBYETHCS IpoTokoi TLS, BTiM 1ie Bce 0HO BUMaraTiuMe IOBipH A0 cepBepa, IO € Imoce-
PEeIHUKOM Yy Liit koMyHiKaIlii. [ po3B’s13aHHS Li€l mpoOieMu BEIyThCS JOCTIHKEHHS B HAIIPsIMi 3aCTOCY-
BaHHs zero-knowledge proofs y mporokoini TLS [4]. ¥ HacTymmHOMY pO3/iJli MM HaBeIeMO TIPUKIIA T'eHepa-
1ii CHIJILHOTO CEKPETY.

Jpyruit kpok — iHiIiami3amis CTopiH — BiI0yBaeThCs Ha OOIIi BiANPaBHKUKA MEPIIOTO TOBIJOMJICHHS Ta
OTpUMYyBaua MEePIIOTO MOBIIOMIICHHS HE3aJICKHO.

TpeTiit kpok — MUPpPyBaHHA Ta ACMIHPPYBaHHS MOBiAOMIIEHb. OTPUMABIIH JAOCTYI JI0 CTPYKTYpH
UserClientData, moxxvBo mmpyBat Oynb-sikuil plaintext 1y oTpuMyBada.

[IpakTHyHa 3HAYYIIICTh PO3POOICHOTO MPOTOKOTY OCOOIHBO aKTyallbHA B KOHTEKCTI Cy4acHHX Oe3rie-
KOBHX BUKITHKIB, 30KpeMa B CUTYallifX, I¢ HE MOXKHA JIOBIPSITH MEepeKeBill iHppacTpyKTypi abo iCHYye pU3HK
KibepaTak, o KOMIPOMETYIOTh BaXKITUBI onepaitii. CTBOpeHHs anbTepHaTuBy libsignal i3 MOXIIMBICTIO iH-
Terpanii y cepenosuma WebAssembly 3HauHO po3mmproe chepy MOXKIMBHX 3aCTOCYBaHb HAaCKPi3HOTO
m@pyBaHHs, 30KpeMa Y BeOOPIEHTOBAaHMX 3aCTOCYHKAX, IrPOBUX IIaTopMax Ta CHCTEMax KOMaH,yBaH-
HS 1 KOHTPOITIO BiliChKaMH, 110 BUKOHYIOThCS Y Opay3epi abo iHmux cepenoBumiax [15].

2. CepBep komyHikaunii

VY 1poMy po3aiiti po3NIAIAETHCS CTBOPEHHS CepBepa Il KOMYHIKaIlil y9aCHUKIB MIEBHOTO CTPATEriqHO-
ro 3aBnanHs. CTBOPEHHUH MPOTOKOI MOYKE BUKOPUCTOBYBATHUCS Y 3a/1a4ax, 10 a0CTParyrTh TEKCTOBY KOMY-
HIKaIlil0 BiJ KJII€HTa 1 MPEACTaBISIFOTh TIEBHI JaHi y BioMoMy 1 perutikoBaHoMy ¢opmari. [Tpukiagom
€ cUMyILii mosns 00r0 ab0 MOKPOKOBI irpH 3 BiIOMUMHU ITyOIIUHUMH NapameTpamu. Jlo OCTaHHIX MOXHa
BIJTHECTH IIIaXH 1 MIANIKK: YYaCHUKH MMOYMHAIOTH KOMYHIKAIIIO 3 Hallepe]] BiJOMOTO Ta BiJIKPUTOTO CTaHY,
TOOTO IIaXOBOi JOIIKH 3 PO3CTABICHUMH Ha Hii ¢Qirypamu. CrneundivyHuii BUOip Takux 3aaaq Aa€ 3MOTY
BHJIYYHUTH CEPBEP i3 JIAHIIOTA MPUIHATTS iTPOBUX PIllIeHb, aJKe HEMAE HEJICTEPMIHOBAHUX IPOIIECIB, 110
BiJIIIOBI 10T 32 3MiHYy CTaHy TpH. Y HAIIOMY BHIIAJKY (YHKIIIi cepBepa, 30KpeMa CTBOPEHHSI KaHAITY KO-
MyHIKaIii MK JBOMa Harepel BiJJOMUMH KOPHUCTYBadyaMmu, Oy PO3IIUPEHI MOXKIHUBICTIO CTBOPIOBATH
BIJIKPHTI cecii, 10 SIKUX MOXKYTh TO€JHATUCS Oy[Ib-sIKi KOPUCTYBaui.

{06 minTpuMyBaTH Oe3repepBHY KOMYHIKAIlII0 MK KOPUCTyBa4aMH, OTPIOHO 00paTH MPOTOKOI, 110
JI03BOJISIE STK OTPUMYBATH TOBiTOMIICHHS KOPUCTYBA4iB, TaK 1 MEpPeAaBaTh MOBIIOMICHHS KOPHCTYBadaM Ha
cTopoHy kiieHTa. [y Takoi 3amadi OyB oOpanuid mpoTokon Websocket. HacTymHUM MOHSATTSM cepBepa
€ cecis, sKa CKIIQJIAEThCs 3 IBOX IPABINB, KOKEH 3 SKUX MiJAKIIOUCHUN 0 cepBepa okpemum Websocket
MKITFOYSHHSM 1 Ma€ BHYTPILITHIN 11eHTH(IKaTOp MiAKIIOYEeHHS, 10 30epiracTbes y maM’sTi cepepa. Jns
KO)KHOTO KOPHCTYBa4a BUAULIETHCS KaHAT HEOOMEKEHOTO PO3MIpy, IO TO3BOJISIE HAJICHIATH KOPUCTYBAUy
BIJIMIOB1JIi T OTPUMYBATH BiJ] KOPUCTYBa4a 3alUTH. BaxIIMBO 3a3HaYHUTH, IO KOPUCTYBadiB Ta cecii cepep
po3rsaac sk egpemepni. EQeMepHICTh cecii o3Havyae, Mo ToM caMuil pi3nYHUN KOPUCTYBad MOXKE 3aKPUTH
MIAKITIOYCHHS 0 CEPBEPa, y BUMAIKY YOTO CEpPBEP BUIAIUTH I[LOTO KOPUCTYBada 3 XeII-TaOIHIll KOPUCTY-
BauiB i 3 cecii. 3a MOBTOPHOTO MiJKIIOYCHHS KOPUCTYBaya J0 CepBepa KOPUCTYBaU PO3IISIATUMETHCS 5K
a0COIIOTHO HOBHIA.

CepBep IMILIEMEHTYE MEBHY JIOTIYHY CTPYKTYpY MOBiIOMIIEHb. J[JIs1 KOpEeKTHOT poOOTH, KOPUCTYBAU Ma€e
MaTH 3MOTY CTBOPUTH BIJIKPUTY CECit0 (aHOHCYBATH CBOIO TPUCYTHICTH 1HITUM KOPHCTyBa4aM), OTPUMaB-
M 1IeHTU(IKATOP CeCii; CTBOPUTHU 3aITUT HA TOTYUEHHS IO HASIBHOI CECii; MiTBEPIUTH 3aIUT Ha OTyYeH-
HsI IO HAsBHOI cecii; Haaic/IaTh MTOBIIOMIICHHS.

3aranbHOI0 CTPYKTYPOIO TIOBIIOMIJICHHS, 1110 HAJCHIIAI0Th KOPUCTYBadi, € cTpykTypa ClientMessage, 110
MicTUTh mouist sid, cmd Ta sig. Tlone sid Moxxe ONMIIHHO MICTUTH 1IEHTH(IKATOp cecii, MpeaAcTaBICHUN J0-
JaTHUM JBOOAUTHUM IiuM uucioM. Ilone emd micTuTh cepialli3oBaHy KOMaH[y, BU3HAYEHY Y MEPENiKy
BapiaHTiB Cmd. [1one sig 060B’I3KOBO MiCTUTh TU(PPOBUIL MIAMKC IEBHOTO HAOOPy OANTIB, IO BUKOPUCTO-
BY€ThCS JUIA Bepu(ikallii aBTeHTHYHOCTI BiANPaBIEHOTO MOBiAoMIIeHHS. Bepudikatis nudppoBoro mianucy
€ TOJIOBHUM MEXaHi3MOM aBTeHTH(iKaiii eQeMepHrX KOPUCTYBaYiB y IMILIEMEHTAIlil MPOTOKOIY. AJITO-
put™m EdDSA (Ed25519) OyB oOpanwuii a71si cTBOpeHHs Ta Bepudikanii nudppoBux mianucis. Bubip aaropur-
My EADSA oOymoBneHMi I HOro BHCOKOIO MPOIYKTHBHICTIO, MaJMM PO3MIpPOM KITFOYiB Ta ITiJIKCIB, IO
0COOJIMBO BXKIIMBO Y BeOCepenoBuIIax, e pecypcu oomexei. Jlo nepesar EADSA Hajx ansrepHaTMBHUMHA
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anroputMamu (ECDSA Ha kpuBiii secp256k1, Schnorr-Ristretto Ha kpusiit EA25519) Takox MoxxHa gonaTu
HIMPOKY AOCTYMHICTH 610J110TEK I KII€EHTCHKUX CEPETOBHIIL.

Crpykrypa AnnounceArgs MiCTUTh apTyMEHTH JUIsl CTBOPEHHS cecii KOpucTyBaueM — iM s IIbOTO
KOpHCTyBada Ta iforo myomiunuii kiatou anroputmy EADSA mis Bepudikanii nnpposux nianucis. CTpyk-
Typa JoinSessionArgs MicTUTh TapaMeTPH AJIsl CTBOPSHHS 3alUTY Ha JTOETHAHHS KOPHCTYBada JO BXKE
HasBHOI cecii — iM sl KOpHUCTyBaya, 10 JOEAHY€EThCS, MyOIiuHui K04 anroputmy X25519, ta my6miu-
HuH ko4 anroputMy EADS A s Bepudikanii mudposux nianucis. Crpykrypa ConfirmJoinSessionArgs
BHU3HAYa€ MapaMeTpu JUIs MPUAHATTS BKa3aHOTO Y MapaMeTpi guest username KOPUCTyBaya Ta myOuid-
HUW K04 anroputMmy X25519 kopucrtyBava, o cTBOpHB cecito. Ha 1iboMy erami KopHCcTyBadi MaroTh
MOXJINBICTh CTBOPUTH CIUIBHUM CEKpeT Ta iHimiamizyBaTUCS K BIANPaBHUK i oTpuMyBad. Ilicis noen-
HaHHS APYroro KOPUCTyBaya JI0 cecii cepBepa BioMi Bci HeoOXiHI myOumiuHi kiarodi anroputMy EADSA,
mpoTe y CTpyKTypi SendSesssionMessage 0060B’I3KOBOIO € HasBHICTh napamerpa public, mo MicTUTh
nyoniaanid kirod EADSA BianpaBHHKa MOBIIOMIICHHS JUTS BU3HAYCHHS 1ICHTHYHOCTI Hajcwiada. Kpim
I[bOTO, BOHA MICTUTH MH(POBAHUIT TEKCT MOB1IOMIICHHS y KonyBaHHI Base64 i nani crpykrypu Header 3
npoTtokoy mudpyBanHs. [Jis onpaltoBaHHs YCiX MOBIIOMIICHb BUKOPUCTOBYEThCS (popmar cepianizarii
JSON. Sk 6aunmo 3 HaboPy MOBIJOMIIEHB, IO MOXKE OTPUMYBATH CEPBEP, CEPBEP HE MIATPUMYE peeECTpa-
ii KOpUCTYBadiB 31 30epeKECHHSIM TXHIX NaHuX. [lepeBaroo 1mMporo MmiJIXoay € apXiTeKTypHa MpOCTOTa
pillleHHs], HEJJOTIKOM — MOXKIIUBICTh MiAPOOKH MOBIAOMIICHD 3aBIAKH MiJICTYXOBYBaHHIO MOBiIOMJIEHb
KOPHCTYBaJiB Ta IEPEBUKOPUCTAHHS TU(GPOBUX miaAMuciB. L mpobieMa po3B’a3y€eThCs TU3aHHOM cepBe-
pa: cecii € epemMepHUMH, TOOTO /I KOXKHOT HOBOI CeCii KOPUCTyBaua BUMAra€ThCsi CTBOPEHHS HOBOI MapH
EdDSA ximtouiB i BUKOpUCTaHHS TiAMKCIB AN aBTeHTUdiKamil. Ha mpakTumi e o3Havae, mo miJmucu
OJTHIEI0 MAPOI0 KIIFOYiB MyONiYHUX JaHUX B1I0YBalOThCS JIMILE OAMH pa3, 00 AJs OfHi€T cecii BUIIsIeTbCs
MOXJIMBICTh JIMIIE OJWH pa3 MiANMHCATH Ta HaJICIaTH TOBiIOMIICHHS Announce, JoinSession,
ConfirmJoinSession. Y Bunanxy SendSessionMessage BUKOPUCTaHHS MIANKUCY CTATUYHHUX JIAaHUX 3pO-
O0wo 0 MEepEeBUKOPUCTAHHS MIJAMUCY CTATHYHUX JaHHMX BPA3JIMBUM, aj/pKe MIANKC HE 3ajekaB OU Bij
JaHUX, o HajacuiarThes. [1obu npomy 3ano0irTu, njs cecii KOpucTyBada cepBep 30epirae 4ucio, 1o
BiJIOME KIIIEHTY Ta CepBepy OAHOYACHO, 1 II€ YHCIIO TONAETHCS JI0 JAHUX, HA KX BUKOHYETHCS ITUPPO-
BUH MiAMIHUC.

VY apryMeHT Session_id Moxe TiepeaBaTrcs OyIb-ske NO3UTHBHE JOAATHE YHCIO, sIKe MOXKe OyTH TO-
CTIMHUM, 110 MEHII O6€3MeYHO, 1 3MIHHUM, 1[0 YHEMOXIIUBIIIOE MiIpOoOIeHHs a00 NepeBUKOPUCTAHHS i IMTH-
Cy 3a JIOTPUMaHHS YMOBHU €(peMEepPHOCTI.

J1s BHYTPILITHBOTO YIPaBIIiHHA KOMYHIKAI[ITHUME cecisiMu cepBep 30epirae nBi CTPYKTYpH JaHUX —
XEI-Ta0JUIIIO 3 CECIAMHU, JIe KITIOUEM € 1IeHTH(IKaTop cecii, 3HaYeHHSIM — CTaH cecii, 1 XeN-Ta0IHIIo, 110
JIO3BOJISIE BU3HAYMTH CECit0 3a iM’siM KopHucTyBada. CtaH cecii — 1e Habip JaHUX, HaJaHUX 000Ma YIeHaMHU
i€l cecii. Y mid iMIuteMeHTaii ctal cecii MICTUTh CTaH XOCTa (BiIIIPaBHUKA MEPIIOTO MOBITOMIICHHS)
1 cTaH rocTs (OTpUMyBada MEPILIOTO MOBiTOMICHHS).

[1{o6 kKopHcTyBadi MOIVIM HE TUTBKH BIANPABIIATH IMOBIIOMIICHHS Y CECit0, & il OTPUMYBAaTH «BiAMOBIIIY,
T00TO PaKT YCHIIIHO OMPAIbOBAHOTO MOBITOMJICHHS BiJl y9acHHUKA CECii, CEpBep Ma€ HaJCHIaTh TpaHcdop-
MOBaHI BiJIIIOBIJII OJTHOMY 3 YYaCHHUKIB. 3arajioM, BiJIlIOBiJIb Ma€ TaKy caMy CTPYKTYpY, SIK 1 3aIHT, OKpiM
HasIBHOCTI IyOmiuHoro xitoua EADSA B monsx cTpykTypu. 3ajekHO Bii OTpUMaHOTO MOBIOMIICHHS, CEp-
Bep BH3HAYa€ OTpUMyBaua BiAmoBimi. Hampukiaa, aHOHCYBaBIIM Cecito, cepBep HE HAJIIIIE BiJIOBIIL
IHITUM KOPUCTYyBa4aM, OKpiM aBTOpa MOBiAOMIICHHS, TI03asK 10 cecii HiXTO OLIbIIe HEe HANEeXKUTh. Y BUMA-
Ky 3anuty GetSessions BIIIOBIIb TAKOXK HAJAETHCS aBTOPY MOBiAoMIIeHHS. Binmorine mwist JoinSession
MIPALIOE JIEIIO iHAKIIIE: aBTOP MOBIAOMIICHHS YeKa€ Ha MiITBEP>KEHHsI BiJl XOCTa, TOMY BiJIIOBiIb MOTPiIOHO
nepeaary XocTy. CX0KHUM YHHOM MpaIroe BiAmoBiab 1o ConfirmJoinSession, ie aBTOp CIOBIIIAE TOCTS PO
MiATBEepIKeHHS cecii. SendSessionMessage 3a cBOIM BU3HAYCHHAM 3aBXK/IM HAJICUIIAE MTOB1IOMIICHHS MTPO-
THJICKHIN CTOPOHI.

IIpu 06po6IeHH] MOBIJOMIICHh MOXKYTh BUHUKHYTH HOMMIKH. Hanpuknazn, HajgcuiaTy MOBiAOMIICHHS
y cecii, e HeMa€e JAPYroro KOPHCTyBaya, € MOMHIIKOBOIO Ji€r0. Tak camo yci MU(POBI MiINHUCH MalOTh
ycmimHo BepugikyBarucs. Bpaxysapiu pi3Hi BUNAJKH, A€ MOXYTh BHHUKHYTH MOMIJIKU, MOXHA BUKOPH-
CTaTH KOHCTPYKIIit0 enum MoBH Rust Ta 0i01i0TeKy, 1110 JJO3BOJISIE IIEPETBOPIOBATH OKPEMI TIOMHUJIKH B OITH-
COBHI TEKCT.

TakuM 9rHOM, CepBep KOMYHIKaIlii MiICTUTh MEPETiK MOBIIOMIICHB, BIAMOBIICH Ta TIOMHIIOK JIs Oe3med-
HOTO BUKOPUCTAHHS y paMKax IU(poBaHOi koMyHikaii. PeanizoBanuil cepBepHU KOMIOHEHT Ma€ BaXIIH-
By MPaKTHYHY 3HAYYIIiCTh, 30KpeMa y 3a/1adax, 1o MoTpeOyroTh MBUAKOL, O3IIeUHOI Ta IIPHBATHOT KOMY-
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HiKaIlii y BeOJ0MaTKaX, CTPATETIYHUX CUMYJIAIISAX, MOKPOKOBUX Irpax Ta iHIIWX CIIEHApPisSX 3 BUCOKUMH
BUMOTaMHU JI0 KOH(]1IEHIITHOCTI Ta HU3bKO1 3aTPUMKH TIepeAaBaHHs iHpopmallii.

3. BukopucTaHHs MeTOAy y NOKPOKOBIiii rpi

Sk Oyno 3a3HaYeHO y BCTYII, HACKpi3HE MU(PYBAHHS MOKE BUKOPUCTOBYBATHCS Y Pi3HUX cdepax, ae
icHye nepefaBaHHs iHdopMalii Mixk ABoMa ctopoHaMu. OIIHIEIO 3 TAaKUX cep € MOKPOKOBI irpH ISl IBOX
moneit. Bubip i€l cdepr oOrpyHTOBYETHCSI CXOXKICTIO BIIPOBAPKEHHS HACKPIZHOTO IMH(PYBaHHS Y ITOTIe-
pPEenHBO He3aN(ppOBaHy KOMYHIKAIil0, aJke CTpaTeriuHi B3a€EMOJi1 MK JBOMa CTOPOHAMHU, TaKi K CUMY-
TSIl BIKCHKOBUX JIil, € BUYEPITHUM HA0OPOM CTaHIB Ta MOBiJOMIICHB. J[s UmFocTparii Takoro BIpoBa-
JoKeHHS Oynu o6pani mamku. lamku — e 1oope mocmimkeHa y cdepi KoMIT I0TepHUX HayK KJIacMYHa
rpa, KOTpa i1eabHO ITiIMaIae 111l BAKOPUCTAHHS MU(PPOBAHOT KOMYHIKAI[il MiJK TPaBISIMH.

[Ipobnema iMIuieMeHTali] OJISATAaE Y TOMY, 1O AaHi PO OyIb-sKy MYIbTHILICEPHY TPy 3a3BHUail 30epi-
rarThCs Ha CepBepi, 0 He BIJINOBITAE KPUTEPISIM HACKpi3HOTO mudpyBanHs. [1[o6n MeTox BiATBOpEeHHS
CTaHy IpalOBaB KOPEKTHO, MOTPIOHO NEpeHEeCTH 3a/1ady 30epiraHHs JaHUX Ta 0OpoOIEeHHS XOiB Ha CTO-
poHy KimieHTa. [ ogomaHHs i€l mpooiaemMu BUKOPUCTOBYEThcss WebAssembly: ycst rpa BinOyBaeThCs Ha
CTOpOHAaX JTBOX KIIIEHTIB, JI¢ KOXKCH HAJICUIIA€ CTaH JOUIKH IiCJIs 3aKiHIeHHs BIacHOTro xoxy. KiieHtu mo-
KYTb IMPOBOJIUTH BaIJAI0 3MIHH CTaHY, TOOTO MMEPEBIPSATH HAa MPABHIBHICTH TOCTIIOBHICTD XOMIB, 3pO-
OJMeHuX y Mexax onHiei 3MiHu cTany. s mpocToTH iMIUIEMEHTAIlIT el KPOK MPOITYCKAETHCSL.

Sk 6a3zoBa iMIuieMeHTallis OyB oOpaHuii poekT [9] aBropcTBa Toms Zvirbulis mig HazBoro chemkers.
[IpoexT MiCTUTH IMITJIEMEHTALiI0 amoK MoBolo Rust, mo koMminoerbes y WebAssembly mexanizmamu,
onucanuMu y po3aini 1. Takox y MpoekTi HasBHA IMITJIEMEHTAITiS KIIIEHTCHKOT YaCTHHH 3aCTOCYHKY — BeO-
noxatok MoBoto Typescript 3 BUKOpUCTaHHAM 0101i0TeKH preact.

Y 6a3oBiil iMIuieMeHTaIlii OyB MeXaHi3M reHepyBaHHs XOJIiB 3a JIOTIOMOTOFO ITiIXO0AiB minimax ta alpha-
beta pruning, mpoTe y 1[bOMy BUTIAJKy TaKI ITiIX0AH OyJIu 3aiBUMHU. 3aMiCTh IbOTO TPABIli OYIKYIOTh 3aKiH-
YEeHHS XOJy BiJl TPOTHBHHKA 1 3aCTOCOBYIOTh HaJIaHUI MPOTUBHUKOM CTaH JIO JOIIKH Ha KiieHTi. J{ns min-
TPUMKH TaKoi poOOTH 3aCTOCYHKY OyB IOJaHUi MOAYJb network-context 3a narepaoMm Redux. ¥V monyii,
BIJIOBIJTHO JI0 TIaTepHa, € actions, reducer, dispatch Tumu.

[MigxiroueHHs 10 cepBepa I'pu BiAOyBaeThcs 3aBsKM BcTaHOBIeHHIO WebSocket 3’ eqnanns.

Hudpysannasa Ta nemmdpyBaHHS MOBIIOMIICH MOXKJIMBE 3aBISKH BUKOPUCTAaHHIO MOIYJIsl Javascript,
CTBOPEHOTO B po3fiii 1.

OcraHHs BelWKa JETajb, sIKa YMOXJIMBIIIOE 3alI(ppOBaHUN MyJIBTHIDICEP AU IIamioK, — cecii. Jlis
TOrO, 0O HE J03BOJIUTH MOYATOK I'pH A0 popMyBaHHS cecii, 6yno po3podieHo okpemuii TSX KOMIIOHEHT,
KOTPHI pealtizye CTBOPSHHS Ta I IKIFOUYEHHS JI0 CECiH.

BucnoBkn

VY wiit po6oTi Oys10 TOCHTIHKEHO MOXKIUBICTD PO3LIMPEHHS 3aCTOCYBaHHS IPOTOKOIIB HACKPI3HOTO MIH(]-
pyBaHHsS Ha ocHOBI anroputMmy Double Ratchet y 3acTocyHkax i3 HU3BKOO JIOBIPOIO JIO CepBepa, 30KpeMa
y MOKPOKOBHUX irpax Ta CTpaTeriyHuX B3aeMoAisx. [0lIOBHUM JOCATHEHHSAM Li€i poOOTH € BlacHa iMIuIe-
MeHTarist mporokony Double Ratchet moBoro Rust i3 MoxkuBicTIO Kommisaii y ¢popmar WebAssembly,
peanizoBaHuil cepBep Ha 0a3zi WebSocket, a Takok BEOKITI€HT T'pH y MIAIIKH IS AeMOHCTpauii podotu
po3pobiieHoro mpotokory. O6IacTh HACKPI3HOTO MU(PPYBaHHS OTPEOY€E TOCIiIKEHHS JOAATKOBUX 3aCTO-
CYBaHb 11032 BXKC 3BUYHHMHU, SK-OT IMIHN(pPOBAHA KOMYHIKAIlisl Y TEKCTOBUX MECEH/Kepax. YHIKAIbHICTh
pobotu monsirae y nepmocti immiemenTanii Double Ratchet, mo komminmoerscst y WebAssembly. Pospo-
OJeHa IMILIEMEHTAllisl MPOTOKOIY MO)Ke OE3IEeYHO BUKOPHUCTOBYBATUCS Y OyIb-sIKMX 3aCTOCYHKAX, IO
MAalOTh Ha METi BIPOBA/DKCHHS HACKPI3HOTO MIM(PYBAaHHS Ta 33JJOBOJILHSAIOTHCS KpUTEpieM eeMepHOCTI
ceciit (y THX BUIIAJKaX, Jie CEKPeTH 30epiraloThes no3a 6e3neyHuM cepenoBuileM). Bubip Rust rapantysas
0e3neKy maM’sTi Ta e()eKTUBHICTh POOOTH KpUNTOrpadiuHuX anroputMi. WebAssembly 103BOJIMB MIBH/I-
KO Ta Oe3MeYHO 1HTEerpyBaTu 1 anropuTMu y BeokiieHTH. WebSocket 3a0e3meunB HU3bKY 3aTpUMKY Tepe-
JIABaHHS JTAHUX MIXK KJIIEHTaMH, KPUTUYHO BaXKJIMBY JJIs IHTEpaKTUBHUX 3aCTOCYHKIB. PeanizoBanuii cep-
Bep MiATpUMYye eeMepHi cecii, sKi rapaHTyIOTh MiHIMaJIbHI PU3HKH KOMIIpOMeTalii iHpopmarlii, i BUKO-
puctoBye nudposi mianucu (EADSA) s aprenTudikamii koprctyBadiB. JlorivHa MapiipyTH3aIlis 3auTiB
3abe3neuye e(eKkTHBHE IepeiaBaHHs IMOBINOMIICHb Yy 3aXUINCHHUX cCleHapisx. Bubip kimacuuHoi rpu
y IIAIIKA SK MPHUKIAIy JT03BONUB €(EeKTHBHO MPOAEMOHCTPYBATH IIEpEeBary HACKPI3HOTO MIM(PYBaHHS Ta
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MOXJIMBOCTI peai3oBaHOro mpoTokoiry. Bei kpunTorpadivHi oneparlii, BKIFOYHO 13 TEHEPAIiEr0 KITFOYiB,
mM@pyBaHHSIM Ta JEUIH(PYBaHHSAM IOBIIOMIIEHb, YCIIIIHO BHKOHYIOTHCSI Ha KIIIEHTCBKHX MPUCTPOSX.
BaxnuBHM € IOKpaIeHHs: MeXaHi3MiB 00p0oOKY TOMUJIOK Ta onTuMi3allis poootu WebAssembly. I{ikaBoro
JUISHKOIO MOJANBIINX AOCTIIXKEHb € CTBOPEHHS MexaHi3MmiB zero-knowledge proofs ans 3anobiranus ara-
kaM Ty Man-In-The-Middle i yac cTBOPEHHS CIIIBHOTO CEKPETY, ONTHMI3allis 1HTEerpallii 3 KpUITO-
rpadiyauMu MonmyisiMu anapatHoi Oesnexku (HSM) ta mocmimpkeHHS MOXKIMBOCTEH MaclITaOyBaHHS pi-
menHs. OnucaHe JO0CTIKSHHS BOKJIMBE B YMOBaX YacTHX KiOeparak Ha iHPPacTpyKTypy pi3HOTO piBHS,
KOJIM BUMOTH 10 KOH(ifeHIiHHOCTI Ta 6e31eku iHpopMaIllil 3Ha4HO 3pOoCciy. 3apONOHOBAHUIT X1 MOXKe
BUKOPHCTOBYBATHCS JJIS PO3B’SI3aHHS PEANbHUX 3a/1a4 3aXHUCTy iH(pOpMarii, 1e KPUTHIHO BaKIIHBOIO € JI0-
Bipa 10 KaHAJy MepefiaBaHHs JaHUX. TakuM YHHOM, y IpOoLeci pOOOTH CTBOPEHO KOMILIEKCHE PillIeHHS, 110
OXOTLTIOE KpUNITOrpadiYHUNA TPOTOKOJI, CEPBEPHY YaCTHUHY 1 BEOKIIEHT, IKE JIEMOHCTPYE KUTTE3AATHICTD
3aCTOCYBaHHS HACKPI3HOTO MIUGPYyBaHHA y Opay3epHHX CEpelOBHUIIAX Ta MYIBTHILICEPHUX irpax. PoboTy
MOYKe OyTH BUKOPHCTAHO SIK OCHOBY JIJIS TIOAAJIBINUX JOCIIIKEHD Ta po3po0oK y cdepi Oe3rmekn KOMyHiKa-
LiIfHUX CHCTEM Ta MPHUBATHOCTI Y MYJIBTUILICEPHUX irpax.
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O. Mykhailenko, K. Gorokhovsky, S. Gorokhovsky

METHOD OF ENCRYPTED COMMUNICATION
IN STRATEGIC INTERACTIONS

The paper explores the possibility of expanding the use of end-to-end encryption protocols based on the
Double Ratchet algorithm in applications with low trust in the server, particularly in turn-based games and
strategic interactions. The relevance of the research is due to the growing need for secure communication
in cyberattacks, especially during military operations. The field of end-to-end encryption requires the study
of additional applications beyond the usual ones, such as encrypted communication in text messengers. The
developed implementation of the protocol can be safely used in any applications that aim to implement
end-to-end encryption and satisfy the criterion of session ephemerality (in cases where secrets are stored
outside a secure environment). The implemented server supports ephemeral sessions, which guarantee
minimal risks of information compromise, and uses digital signatures (EADSA) for user authentication.
Logical routing of requests ensures efficient message transmission in secure scenarios. The choice of the
classic game of checkers as an example allowed the authors to effectively demonstrate the advantages of
end-to-end encryption and the capabilities of the implemented protocol. All cryptographic operations, in-
cluding key generation, encryption and decryption of messages, are successfully performed on client de-
vices. It is important to improve error handling mechanisms and optimize the operation of WebAssembly. An
interesting area of further research is the creation of zero-knowledge proof mechanisms to prevent Man-In-
The-Middle attacks during the creation of a shared secret, optimizing integration with cryptographic hard-
ware security modules (HSM), and exploring the scalability of the solution. The proposed approach can be
used to solve real-world information security problems where trust in the data transmission channel is criti-
cally important. Thus, the work has created a comprehensive solution that includes a cryptographic proto-
col, a backend, and a web client, which demonstrates the viability of end-to-end encryption in browser en-
vironments and multiplayer games. The work can be used as a basis for further research and development
in the field of security of communication systems and privacy in multiplayer games.

Keywords: end-to-end encryption, Double Ratchet, WebAssembly, strategy games, WebSocket, Rust,
secure communication.
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OLNIHIOBAHHA YITPABJIIHCBKUX PIINEHB
HA OCHOBI METOJY AHAJII3Y IEPAPXIN TA MOJEJI
«CTAH — IMOBIPHICTb Ali»

ITlpononyemucs nioxio 00 OYiHIOBAHHSL | MOHIMOPUHZY YHPABGIIHCHKUX PILUEHb HA OCHOBI AHANI3Y HEegi0-
nosioHocmetl Mixc pileHHAMY, AKI 0YIU PAKMUYHO NPUUHAMI YNOBHOBANCEHUMU OP2AHAMU, | MUMU, AKI
Moenu O 6ymu nputiHami npu 3a2aibHOMY 20JI0CY8AHHT KOIEKIMUBOM A2eHMi8, AKOU make 2010CY8AHH i0-
oynoca. B ocHogi nioxo0y nexcums NOEOHAHHA MemoOdy aHAi3y iEpapXiu i MoOeni «CmaH — IMOSIpHICMb
Oii» 3 YpaxysamHsam mo2o, wo Ha pilleHHsi BNAUBAE HUZKA (haKmMOpIs i3 Pi3HUM CMYNeHeM BANCIUBOCHII,
a maxodic mozo, wjo npu OYiHYi C1i0 8pAX08YeamMuU He MiNbKU He2auHull guepaws abo npozpaui, a i euzpaul
abo npozpaw y nepcnexmusi. Hagedeno intocmpamueruii nRpuxaao.

KurouoBi cyioBa: MpuifHATTS pillICHb, OIIHIOBAHHS PillieHb, METOJ] aHAJI3y i€papXiid, MOJENb «CTaH —
IMOBIPHICTb JTi1».

1. Beryn

TunoBwi mAXizx 10 OLIHIOBAaHHS YNPABIiHCHKUX PIIICHB ITOJISTae B aHaJi31 MOTOYHOI CHTYyamii Ta MOX-
JUBHX 3MIiH CUTyaIlil YHACIIIOK yXBaJCHHS Ta peajisamii THX 4M HIIUX pillleHb. MaTeMaTHyHO 3amady
MoXke OyTH COpMyTbOBAHO TaKHM YHHOM: IPUHMATH PIIICHHS TaK, 100 3/1iHCHIOBABCS Mepexi/ 10 CUTya-
wiif (cTaHiB) i3 KpalIMMK 3HAYEHHSAMHU THX YH 1HIIUX KPUTEPIiB, TOOTO Bi oTouHOro crany x" 3i 3Ha4eH-
Ham kputepiis (f,(xV), ..., f,(x'")) nepeiitu 1o crany x* 3i 3HaYeHHAMHU KpuUTeEpiiB (f,(x?), ..., f,(x?)) TaxK,

o6 f3 (x (2)) = fi (x(l))\:/i =1,K (tyr K — KinbKicTh KpuTepiiB), i Xo4a 6 I OJHOTO 3 KPHTEpIiB

BKa3aHa HepiBHICTh Oyna ctporoto. [licns yxBaneHHs Ta peaiizallii pilieHb 3A1CHIOEThCS OLliHKa (MOHITO-

pHUHT) HOBOI cHTyallil. ¥ BUNAAKY JCPKaBHOTO YNPABIIHHS TaKHH MOHITOPUHT MOXE 3IIHCHIOBATUCS 5K

CHJIaMHU CaMUX YIPaBIIHCHKUX OPraHiB, Tak i 3 00Ky CyCHiJIbCTBA.

Moske OyTH MOCTaBIIEHO 3a/1a9y BUOOPY HaWOUTbIN e()eKTUBHOI YIpaBIiHCHKOT aiil. JIiist oriHku edek-
TUBHOCTI THX YH HIIHUX Jifl BUNAETHCS MEPCICKTUBHUM 3aCTOCYBaHHsI METOIB HABYAHHSI 3 i IKPIIICHHIM
(reinforcement learning) [14; 17] — Bix mpocTUx Mozemneil Ty 6araropykoro OaHAWTA JO CKIAJIHOTO
aHaJli3y Ha OCHOBI MapKOBCHKHX MPOLIECIB MPUHHATTA PillieHb.

AJie TYT BUHUKAIOTh TIEBHI MPOOJIEMU, OCHOBHUMU 3 SIKUX € TaKi:

1. YacTo He BUAAETHCS MOKIMBUM MOKPALIUTH OIUH KPUTEPIi Tak, 100 He MOTIPIIMIOCS 3HAYCHHS SIKO-
rOCh 1HIIIOTO KPUTEPIt0 (TaKy CHUTYAIlil0 MOXHA OXapaKTEPU3yBaTH K MapeTO-ONTUMAIBHY 32 KPUTEPi-
ssMu). TUITOBUM MiIXOOM JI0 BUPIILIEHHS L€l MpobaeMu € KOMOiHyBaHHSI KpUTEPiiB Ha OCHOBI THX 4H
IHINUX METOIUK.

2. YacTto OyBae Tak, 1110 MOKpAIEeHHS Bi0yBa€ThHCs Micisl MEBHOT MOCIiOBHOCTI YIPaBIiHCHKUX [IiH, a 10
TOTO — TUTBKH MOTIPIIEHHS (TaK 3BaHa MpooOJeMa JIOKaJILHOTO ONTUMYMY ). ToMy Mae Oyt 3abe3redeHo
MOXKJIMBICTB TOTO, 1100 i3 MEBHOIO HMOBIPHICTIO pUHMAaNKCS pillleHHs, Tipii 3a moTouHe. [Ipobiema
JIOKAJILHOTO ONITUMYMY TIEBHOIO MIPOFO BUPIIIYETHCS B paMKaxX MapKOBCHKUX MPOIIECIB MPUHHSTTS Pi-
IIeHB, OCKUTHKH HACHIIKU MPUHHATOTO PIlICHHS OLIHIOIOTHCS HE TITBKH 3 MOTIISAY HETAHOTO BUTPAILLY,
a ¥ 3 TOYKH 30py TOTO, HACKUIBKY OJTM3bKUM € HOBHI CTaH JI0 CTaHIB, SIKi OIIHIOIOTHCS K «XOPOIIIiy.

3. Hacniaku npuifHATTS pilieHb MOXYTbh OyTH HEAETEPMiHOBAHUMU: HAIPUKIAMA, Y OUIBIIOCTI BUMAIKIB
BOHH MOXXYTh OyTH XOPOIITMMH, aje 3 ICBHOI WMOBIPHICTIO — TOTaHUMHU 200 HaBITh KaracTpohidHH-
mu. [ligxoau 10 BUpilIeHHs 1i€l mpobieMu po3niagaloTh Ha OCHOBI MOOYIOBH 1 aHaJi3y MaTpHLb PU3H-
KiB, & TAKOXX Ha OCHOBI MapKOBCHKUX IPOIICCIB MPHUIHSTTS PIIICHb.

4. YacTto OyBae Tax, 1110 3HAYCHHS KPUTEPIit0 HE MOXKHA BUMIPATH Oe3M0CcepenHbo, a TIOB’13aH1 3 HUM BUMi-
pIOBaHi IHIMKATOPH HE € JJOCTATHBO HAMIMHUMU. Y IIbOMY BUIAJIKY IPUHHATO 3aCTOCOBYBATH SKCTICPTHI

© Tpueyo O. C., Oneyvkuii O. B., @panuyk O. B., 2025
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OLIIHKH; T0Ope 3apeKOMEeHIyBalli ceOe METOIMKHA Ha OCHOBI TOMAPHUX MOPIBHSIHD Ta METOJ aHAIi3y

iepapxit (MAI) [5; 11; 15 Ta in.].

Po3nistHeMo nmpuKITaj, sIKUi UTIOCTPYE MiIXOIH IO BUPINICHHS JSSIKUX 13 TIepeNliYeHUX Mpo0ieM Ha oc-
HOB1 METOZy aHallizy i€papXii.

2. InrocTpaTUBHUI NPUKJIAg

VYpsin nesikoi KpaiHu iHBeCTY€e B OyIiBHHIITBO 3aBOJY, SIKUI Ma€ IMOYaTy MpaitoBaTH Yepe3 pik. YHACIi-
JIOK IIbOTO:

— TIOMITHO TOTiPITY€ETHCS EKOJIOTiS;

— JIOXOIY HACEIICHHS Ta COLiJIbHI BUTPATH CIOYATKY 3MEHINYIOTHCS, aJI¢ B MEPCIEKTUBI O4iKy€EThCSI CYT-
TEBUH €KOHOMIUHUI BUTpAIIl, KOJIM PO3MOYHETHCS BUPOOHHIITBO Ta MPOAAX HOBOI MpOonyKiii (Oymemo
BBa)KaTH, 1[0 HACEICHH:I Biuye 1eli eQeKT uepes ABa POKH).

Cdopmyemo cuctemy kputepii. Jlo mporo mimiiaemMo nudepeHIiiiioBaHo 3 ypaxyBaHHIM JUCKOHTYBaH-
Hs1, TOOTO MipKyBaHb IO Te, 1110 BUTpalll ado mporpail y OJIu3bKii HepcHeKTHB1 Ma€ OUIbIlIe 3HAYSHHS, HIXK
y OLTBIII BiJyIalieHiid, — MOMiOHO 0 TOTO, 5K Iie MPUHHSITO MPH 3aCTOCYBaHHI METOJIB HABYAHHS 3 ITiIKPi-
wieHHsM. ToMy pO3IIISTHEMO TaKi KPUTEPii:

— K1 — exoHOMiYHHIf BUTpAIIl y ILOMY POIIi;

— K2 — exoHoMiyHMii BUTpaIl Yepes pik;

— K3 — exoHOMIYHHMIi BUTpAIIl Yepe3 JIBa POKH;

— K4 — exoHOMiuHHI BUTpaIl 4epe3 TPHU POKH;

— K5 — noripmenHs ekonorii B koMY poIli;

— K6 — noripienns exonorii yepes pik;

— K7 — noripmienHs ekonorii uepes 1Ba poKw;

— K8 — noripuienns exonorii yepes Tpu poKu.

BBaxxaTmMeMo TaKoK, IO PIMIEHHS TPUHMAETHCS, KOJIM PO3paxoBaHa Mipa CXBAJICHHS LFOTO PIilICHHS
nepeBuulye neskuid nopir B. Tyt npuiimemo B = 0.5.

3acrocyemo MAI. TToOymyemMo MaTpHIli HOMAPHUAX MOPIBHSAHB 32 KOKHHUM 13 KpUTEPIiB (TyT MOXKHA PO3-
IJIS,IaTH Pi3HI MIKaJIM MOMAapHUX MOPIBHAHG [6], aje uig MPOCTOTH Bi3bMEMO CTaHIapTHY Iukany Caati).
Bynemo mopiBHIOBaTH TOTOYHY CHTYyaIlifo (MEpIIMA PAIOK MATPUIll MOMAPHHUX IMOPIBHSHB) 13 TI€HO, sKa
YTBOPUTHCS MICIs IPUHHATTSA BiAMOBITHOTO PIillIeHHS (IpyTUi psAIOK).

s xpurepiiB K/ Ta K2 MaroTh Miclle €KOHOMIUHI BTpaTd. MaTpuIls MOTapHUX TOPiBHSIHD MAa€ BUTIISL;

Ml=pM2= } 2
5 1
Y HaCTyIHI pOKH BXX€ MaEMO €KOHOMIYHUI BUTPAIIl, TOMY

1 1

M3 =M* = 4
4 1
II{o cTOCY€EThCS €KOMOTIYHUX BTPAT, BOHH MOYUHAIOTHCS 3 JPYTOTO POKY, TOMY
s _(1 1
Mi=(1 1)
1 3
3

Barosi xoeoimienT kpuTepiiB OyneMo oTpuMyBaTH B ABa erarmy. CriogaTKy moOyay€eMO MaTpPHIIO MO-
MapHUX HOPIBHAHB MK €KOHOMIYHHMM 1 €KOJOTIYHUM KPHTEPIIMH HA MEPIIOMY pomi. TakuM 4uHOM, TIep-
muid psAaok MaTpuli Oyae Binnosinatu kputepito K1, apyruit — kputepito KS. Bpaxaemo, 1110 ekoHOMiY-
HUH KpUTEPiii Mae MEBHY IepeBary, MaeMo HACTYIIHY MaTPHIO ONApHHUX MTOPiBHSHE!

1 4

1
4

Ii mepowiB BekTOp (HOpPMAaITi30BaHMI! TOTOBHUIT BIACHHIT BEKTOP) MPHUOIN3HO JTOPIiBHIOE
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0.8 0.2).

Ha ocHOBI 11500 BeKTOpa MOOYAyEMO PO3IIUPEHUN BEKTOP BaXKIMBOCTEH ycix KpUTEpiiB 3 ypaxyBaH-
HsM Koe(illieHTa AUCKOHTYBAHHS 3a TaKHM NPUHITUIIOM: BaXIIMBICTh KPUTEPIiIO Yepe3 k POKIB JOPIBHIOE
0a30Biif BaKITHBOCTI, MOMHOXKeHi# Ha ¥, ne y(0 <y <1) — koedilli€HT AUCKOHTYBAHHS; MiCIIS LIBOTO 3/iHC-
HIOETHCSI HOpMaJTi3allis Tak, o0 cymMa eJIeMEHTIB AopiBHIOBaIA 1.

BizsMemo koedinieHT quckoHTyBaHHS Y = 0.95 (3MICTOBHO Ii¢ O3HAuae, 110 PILICHHS 3HAYHOIO MipOIo
MPUIMAETHCS 3 ypaXxyBaHHSAM MalOyTHIX BUTpaIliB, TOOTO MepCreKTUBH). Tomi OTpUMy€eEMO BEKTOP:

w'=(0.8,0.8-v,0.8-y4,0.8-vy°,02,0.2-7,0.2-v%0.2 -y
1 Ticnsa HopMaJi3arii
w=(0.2156 0.2049 0.1946 0.1849 0.0539 0.0512 0.0487 0.0462).

Marpuiis, KoXHHH i-H PSTIOK SIKOT TOPIBHIOE HOPMAJTi30BAHOMY IIEPOHOBOMY BEKTOpY Matpwili M’ (To6TO
3MIiCTOBHO — OIlIHKaM aJIFTEPHATHB 3a i-M KpUTEPieM), HaOyBa€e BUTIISATY

0.6667 0.3333
0.6667 0.3333
0.1250 0.8750
0.1250 0.8750
0.5000 0.5000
0.7500 0.7500
0.7500 0.7500
0.7500 0.7500

KoMOiHOBaHMiT BEKTOP OIIIHKH aJIBTepHATUB HaOyBa€e BUTIISAIY
p=wQ=(0.4643 0.5357).

Lle o3Ha4ae, 10 NPUHMAIOTH pillleHHs1 OyayBaTH 3aBOI.

O4eBHHO, HA PINICHHSI BIUTMBAE HU3KA (aKTOPiB, 30KpeMa:
— OLIHKU aJbTEPHATHB 32 KOXKHUM KPUTEPIEM;
— OILHKY BaXJIMBOCTI CAMHX KPHUTEPIiB;
— mopir B;
— KoeiIlieHT JTUCKOHTYBAHHS Y.

Jns mpukiamy BizbMeMo KoeilieHT AUCKOHTYBaHHS Y = 0.75 (3MiCTOBHO Iie O3HA4ae, MO BIUIUB Maii-
OyTHIX BHTpAIiB 3MEHIIYETHCS MOPIBHIHO 3 MTONIEPEAHIM BUIIAIKOM). Terep BEKTOp OiHOK albTepHATHB
Oyze JopiBHIOBaTH

(0.5090  0.4910)

1 pitieHHs PO OyAIBHUIITBO 3aBOJY Mae OyTH BiIXMICHO.

3. Oninka yxBaJIeHOIr0 pileHHs

OnHak BaXJIMBE 3HaUCHHS Ma€ He TIJIbKU caMe PIillleHHs, a il OlliHKa I[bOTo pillleHHs colliyMoM. B ocHO-
BY MOXe OyTH IMOKJIaICHUH aHaIli3 MOXKIIMBOT HEBIAMOBIHOCTI MiXK THM, SIKE PIIIICHHS PHUIAMAETHCSI BIIO-
BiJTHUM OPTaHOM MPUHHATTS PillleHb, 1 TUM, SKe pillieHHs Oya0 O MPUIHATO Ha 3arajbHOMY pedepeHmyMi.

JUJ1s OIIHKH TOTO, SIKMM MOTJI0 O OyTH KOJICKTHBHE PIIICHHS, 34CTOCYEMO OJTHOPIBHEBY MOJICIIb «CTaH —
IMOBIpHICTb IIii», 3arpononoBany B [13]. Hexail cranu Mozeni BiANOBIAaI0Th MOMJIMBUM PIBHIM Koedili-
€HTA JVCKOHTYBAHHS; JJI1 BA3HAYCHOCTI BI3bMEMO MHOXXHHY MOXKJIMBHX PiBHIB

{1,0.95, 0.9, 0.8, 0.75, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1, 0.05, 0}.

[ToOymyeMo MaTpHIIIO «CTaH — IMOBIPHICTB J1ii» HAa OCHOBI METOJMKH, OITMCAHOI B PO3/LTI 2 (PSIIKH i€l
MaTpHlli BiJIOBiIAIOTh IMOBIPHOCTSIM MPUNHHSTTS PillleHb 32 YMOBHU IepeOyBaHHS y BiAIIOBITHOMY CTaHi).
J1is BKa3aHOT CHCTEMH CTaHIB [ MaTPUIlsl HA0yBa€e BUTIISTY
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0.4542 0.5458
0.4643 0.5357
0.4749 0.5251
0.4973 0.5027
0.5090 0.4910
0.5456 0.4544
H = 0.5700 0.4300
0.5928 0.4072
0.6123 0.3877
0.6266 0.3734
0.6340 0.3660
0.6348 0.3652
0.6333 0.3667
Terep BHUpIIIAIHHOTO 3HAYCHHS Ha0yBa€e BEKTOp HMOBIPHOCTEH p TOTO, 110 areHT NepedyBae B TOMY YU

iHmomy ctadi. Skmo p Ta H BioMi, BEKTOp IMOBIpHOCTEH IPUIHATTS TOTO UM iHILIOTO PIiIlIEHHS B paMKax
MOJIEJTi «CTaH — IMOBIPHICTb JIii» pO3PaxoBYIOTh 3a (POpMyII0t0

p=p-H
Hexaii koedimienT nuckontyBanus y = 0.75. Slk Mu Gaumim panimie, B paMKax MOZAENI 3a TAKUX YMOB
pimeHHs npo OyniBHUITBO Ma€ OyTH BiIXHIICHE.
AJle cycliibHE CXBaJCHHS YH HECXBAJICHHS LIHOTO PIIlICHHS 3aJIC)KUTh BiJ Bektopa p. Hexaii BiH 10-
piBHIOE
p =1(0.0, 0.0, 0.0, 0.04, 0.06, 0.1, 0.1, 0.2, 0.2, 0.2, 0.06, 0.03, 0.01)

(3MICTOBHO Takuii BEKTOP O3HAYa€, M0 OUIBIIICT, BUOOPIIIB HE € JJOCTATHHO JAJICKOTVISIHUMHU Ta XUBYTh
CHOTOJTHIIITHIM JTHEM).
Tomi
p=p-H=(0.5917 0.4083).

3MICTOBHO Ile 03Hauae, M0 Ha pedepeHayMmi, SKOU BiH BigOyBcs, OUTBIICT TPOMAJISH HiaATpUMaia 0
pillleHHs, IPUIHATE OpraHoM yrpasiiHHs. CycniIb,CTBO CKOPILI 3a/10BOJIEHE, HIXK HE3a10BOJICHE.
A gxio

p=1(0.2,0.3,0.25, 0.15, 0.05, 0.03, 0.02, 0, 0, 0, 0, 0, 0)
(3MICTOBHO IIe 03HAYAE, 110 TPOMAITHU € OUTBIT JAISKOTJISIIHUMHE 1 yMaroTh PO MaiOyTHE), TO
p=p-H=(04767 0.5233).

Ternep cycniIbcTBO CKOpIllle HE CXBAJIOE MPUHHATE pillicHHS (pedepeHayM, KO BiH BinOyBCs, yXBa-
JUB OH pilleHHs po OyIiBHUIITBO 3aBOAY), 1 MOXKHA Ka3aTH MPO OYiKyBaHHS JESKOTO 3pOCTAHHS CYCIiTb-
HOTO HEBIOBOJICHHS IIIOJI0 TOTO, IO PIllIEHHsI PO OyAiBHUITBO He OyIIO yXBaJCHE.

4. BucHOBKHM Ta 00roBOpPEHHA

VY crarTi 3anponoHOBaHO MiAXOIH 10 OI[IHIOBAHHA YNPaBIiHCHKUX PillleHb HA OCHOBI TOEIHAHHS METO-
NIy aHaJi3y iepapxii i MoJeli «CTaH — IMOBIPHICTb Aii». [Ipy IbOMY BpaXOBY€ThCS Te, 1110 OIIHIOBAHHS Ma€
3MIACHIOBATUCS 3 OIVISAY Ha Pi3HI KpUTEpil (MOXKIMBO, CYIEPEwINBi), 1 IO CIiJ BpaXOBYyBAaTH HE TiJIbKU
HeTaliHi BUTpallli, a i TIepCIICKTHUBY.

HapeneHo npuxiaj, B SIKOMY KIIOYOBHM MApaMETPOM € Koe(DillieHT AUCKOHTYBaHHs MallOyTHIX BUTpa-
mriB (4uM Okde KoeilieHT TUCKOHTYBAHHS 10 1, TUM OLJIbIIT JaJICKODISTHUMHE € 0COOH, K1 MPHIMAIOTh
pimtenns). [TokazaHo Ha MoJieNi, SIKUM YHHOM pi3HE CTaBJIEHHS 10 MalOyTHIX BUTPaIIiB (JaJeKOTVIsAHE YU
HETAJICKONISAHE) CIPHUYNHSIE HEBIAMOBIAHOCTI MK THMM DIICHHSIMH, SKi YXBAJIHWB BIAMOBITHHNA OpraH
1 pimeHHSIMHU, Ki MoK 6 OyTH NpUHHATI Ha pedepenayMmi, sIKOU BiH BiIOyBCs, 1 SIK HACIiAOK — MO3UTHB-
Hy a00 HETaTHBHY OIIIHKY YXBaJCHUX pillIeHb 3 OOKY CYCITiIbCTBA.

VY 1bOMY KOHTEKCTi BUAAETHCS JOLIIBHUM 3aCTOCYBaHHS OaraTopiBHEBUX CXEM MOJENi «CTaH — iMO-
BIpHICTB Jii» y MOEJHAHHI 3 METOIOM aHaIli3y i€papxiH, AKi B 3arabHUX pucax omucadi B [3; 8; 10], mo
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JIO3BOJIMTH OUTBIN TOBHOI[IHHO BPAaXOBYBATH BIUIMB THX YH 1HINTHX (DAKTOPIB HA PIIIEHHS, III0 YXBAITIOKOTHCS.
[Tpu 1oOyA0BI MaTPHUIIL MOTIAPHUX MTOPIBHAHE BUJAETHCS MIEPCIICKTUBHUM TaKOXK 3aCTOCYBaHHS TPAH3UTHB-
HUX HIKal [2; 6], OCKIIbKY cTaHAapTHA iKana Caari He 3aBXAM Ja€ JOCTAaTHbO rapHi pe3yabTaTH.

Bapro 3BepHyTH yBary Ha Te, IO OLliHKA CYCIUIFHOTO 3aJOBOJICHHS a00 HEe3aI0BOJICHHS CYTTEBO 3aje-
HTH BiJ] MipH HEBiAMIOBITHOCTI MK pilICHHAMH, SIKi (PAKTHYHO MPUHMAIOTHCS YIPABIiHCBKIMHU OpraHaMy
i tuMH, ki Moru 0 OyTu nmpuiHATI Ha pedepenayMmi, sikOu BiH BinOyscs. [Ipu MonentoBaHHI BaXKIIUBE
3HAYCHHS MAa€ TaKOXK PiBEHb iHOOPMOBAHOCTI CYCHIILCTBA PO (PAKTOPH, AKi MAIOTh BIUTMB HA MPUAHSATTS
pilIeHHS, a TAaKOX HA MOJENI MOIIMPEHHS iH(pOopMAIlii Ta ii BIUIUB 10 CTaBICHHS A0 THX YH IHIIHMX pilllcHb
1 710 ¢daKTopiB, AKi 3yMOBIIOIOTh YXBaJeHHs X piwens [4; 7; 9; 12; 16; 18-20 Ta in.].
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O. Tryhub, O. Oletsky, O. Franchuk

ESTIMATING DECISIONS BASED ON THE ANALYTIC HIERARCHY
PROCESS AND MODELING THE STATE-PROBABILITY OF ACTION

An approach to estimating and monitoring decisions in situations where there are many criteria influencing
possible results, and these criteria typically contradict each other, is suggested. Typically, a Pareto-optimal
situation, when it is impossible to improve any criterion without worsening another criteria, takes place. An-
other problem regarded in the paper is the problem of a local optimum, when it is impossible to improve an
objective function without temporarily worsening it, that is, improving may be expected after several steps.

The approach is based on combining the Analytic Hierarchy Process and pairwise comparisons, from the
one side, and modeling the “state-probability of action”, from the other side. Such a combining leads to the
construction of a two-level model “state-probability of choice”, in which the required matrices are obtained
by using pairwise comparisons and the Analytic Hierarchy Process. The main idea is to consider discrepan-
cies between decisions actually made by authorities and those which could be made by the whole bulk of
agents by a majority of votes, if such a voting took place. The suggested approach takes into account two
considerations: firstly, decisions are influenced by several factors having different measures of importance,
and secondly, not only instant wins and losses but those in prospect matter for evaluating these decisions.

The suggested approach is illustrated by the example provided in the paper. Within this example, the ques-
tion is whether a new factory should be built or not. Two contradictory factors influencing decisions have been
considered: economic wins and environmental losses expected if the factory is actually built. The main idea of
the example is to consider different values of time discount, which meaningfully stand for how important instant
wins and losses are in comparison with those in the future. It was showcased in the paper that discrepancies in
estimating discount values can lead to large discrepancies in agents’ attitudes toward estimates of decisions.

The standard scale of preference suggested earlier was used in this example, though other types of
scales, especially transitive ones, definitely could be considered.

Keywords: decision making, assessing decisions, Analytic Hierarchy Process, modeling the “state-
probability of action”.
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Moezoniscorkuii B. O.

OITUMI3ALIA BUBOPY TA POSMIIIIEHHA JATYUKIB
[ADPPOBOI'O JBIMHUKA JIABOPATOPII 3D-JIPYKY
HA OCHOBITEHETHYHUX AJITOPUTMIB

Pozenanymo nioxoou 0o cmeopenHs yugposux 08iUHUKIE 6 yHigepcumemcvkomy cepedosuwyi. /lociui-
0JCEHO PEeKOMEeHO08aHUU Habip 0amuuxie, HeoOXiOHUll Ol CMEOPEHHS YINICHO20 YUPPoB02o O8IlIHUKA
YHigepcumemcwvkoi 1abopamopii. Pozenanymo nioxio 0o eubopy ma po3miujenns 0amquxis 0us yughposozo
ogitinuka nabopamopii 3D-0pyky Ha ocnosi cenemuunoco anzopummy. Chopmynvosano mamemamuyny
NOCMAHOBKY 3a0ayi. 3anponoHO8aHo hopmam XpoMocomMu, 38axcery (imuec-QyHKYi0 ma npeocmasieHHs
MPUBUMIPHO20 NPOCOPY 1AOOPAMOPIi.

KarouoBi cioBa: 1mudpoBuil IBIHHUK, TeHETUYHUAN alrOpuTM, jJaboparopis 3D-apyky, omrumizartis
PO3MIIIIEHHsI JaTYKKIB, ONTHMI3alliifHa 3a1a4a.

Beryn

Konnerist Digital Twin HaOyma mIpoKoro MOIMWPEHHS B 0ararbox Taiy3siX: JOCTIKEHHS KOCMOCY,
MIPOMUCIIOBE BHPOOHHUITBO, apXiTEKTYpHUI AW3aiiH, pO3yMHI MicTa, MiChKE IUTAaHYBaHHS, MOJICIIOBAHHS
KiiMary Ta eHeproedektuBHicTh [4]. IludpoBi IBIHHUKK JaOTh 3MOTY OTPHMYBATH IIHHY iH(OpMAIlio
po (i3UYHI CHCTEMH Ta CHPHUSIIOTH BIPOBAKCHHIO 1HHOBAITIH.

Iudposuit ABIHHMK 37aTE€H TONOMOITH yHIBEpCHTETaM KepyBaTH CKJIQIHOIO iHPPACTPYKTypOIO Ta H-
HaMiYHOIO OCBITHBOIO MisUTbHICTIO. BrpoBamkeHHs 1udpoBuX ABIMHUKIB Hajgae yHi(IKOBaHY CTPYKTypY
IUIsL pO3YMiHHS f onTHMIi3alii B3a€EMOIIOB’ I3aHUX CHCTEM IUISXOM IIOCTIHOTO 300py JaHUX, MOHITOPHUHTY
B peallbHOMY Yaci Ta MOJICTIOBAaHHIO 3 METOIO MPOrHo3yBaHHs. [{udpoBuii ABIHUK HaZa€ MOXKIUBICTS I1e-
penbagary mpobiemu Ta OymyBaTh cTparerii A iX HeJOIyIIeHHs, 3aMiCTh TaCHBHOTO pearyBaHHs Ha He-
CTO/IiBaHi IPOOIEMH.

[epcrieKTHBHAM BHAAETHCS BIPOBA/KEHHS KOHIETIIT IN(POBOTO IBIHHIKA y CEpEJOBUII YHIBEPCH-
TeTy [7]. Ha ocHOBI CTBOpPEHHS BipTyaJbHHX KOIiM NPHUMIIIEHs HABYAIHHUX KOPIIYCiB Ta IXHIX CHCTEM
OTIaJIeHH, BEHTWIALI], KOHANIIOHYBaHHS 1 KPUTUYHO BaXKIIMBOTO 00T JHAHHS HaBYAIbHI 32Kl MOXYTh
3aIpOBaPKyBaTH IPOTOKOJIM MIPOTHO30BAHOTO OOCIYTOBYBAaHHS, SIKi MiHIMi3yIOTh 3001 B poOOTi Ta ONTUMI-
3yIO0Th PO3IIOALT pecypciB. 30KpeMa Taka KOHIIEIIis MoXe OyTH KOPHUCHOIO JUT YHIBEPCHTETChKHX JTabopa-
TOpii, TaKMX K JabopaTopii enekTpoHiku uu 3D-apyky [3; 6; 10].

VY oMy A0CIiKEHHI 00TOBOPIOIOTHCS A€SKI MTIAXOAHN JI0 BUPINIEHHS IPoOIeMH BHOOPY Ta PO3MIICH-
HS IaT4YHKIB y aboparopii 3D-apyKy, HeoOXiMHUX IS (PyHKIIOHYBaHHS HU(POBOTO IBifHIKA, HA OCHOBI
reHeTnaHOro anroputmy [1]. ChopMynboBaHi qesiki peKOMEHIaMii Ioxo To0yIoBH HU(PPOBOTO ABIHHIKA
JUIA YHIBEPCUTETCHKOI Taboparopii 3D-npyky.

Orasapa jgiteparypu

Konnemnmiro nmugposoro nsiitHuka Brepmie 3anporonyBae Maiikn I'piec y 2002 p. [9]. Cnepury BoHa
CTOCyBaJacsl TUIbKH IPOMHKCIOBOTO BUPOOHHUIITBA, Ta 3TOIOM aKTHBHO MOIIMPUIIAcS Ha PI3HOMaHITHI MaTe-
piabHi Ta HeMaTepiadbHi 00’ €KTH, IK-OT MIPOMHMCIIOBI Mporecu abo ckiaani ¢isuuni cuctemu [11]. Lud-
POBI IBiffHUKN — 11€ TOYHI ITH(POBI KOIii 00’ €KTIB peanbHOro CBiTy 3 6araTbMa piBHAMH JeTamizamii [§].
Ix akTHBHO BIpPOBAaIKYIOTH Y Pi3Hi Taly3i NPOMMCIOBOCTI, HAIPUKJIAZ y MOJIOYHE BUPOOHMITBO [15].
Iudposi IBIHUKK TaKOXXK aKTMBHO IOYMHAIOTH 3aCTOCOBYBATH Ul IHIIMX raimy3ei, Oe3mocepeqHbo He
OB’ SI3aHUX 13 IIPOMHCIOBUM BUPOOHHIITBOM, HAIPUKIIA JJISI MOACTIOBAHH Oi3HEC-TIPOIECIB B YCTAHOBAX
Ta opraizaiisx [12]; mepcHeKTHBHIM BUIAETHCS 1X 3aCTOCYBAHHS Y OUTBIN 3arajJbHOMY KOHTEKCT] KOHIIETI-
TyaJbHOTO MOJICITIOBAHHSI.

© Moeoniscokuii B. O., 2025
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Konnenist iudpoBoro JABiiiHUKA TEMOHCTPYE BUCOKY TEPCIEKTHBHICTD I YHIBEPCUTETCHKOTO cepe-
nosuia [7]. CoTo i KoJIern A0CTiIWIA CTBOPEHHS [IU(POBOTO JABiMHUKA 0hiCHOTO PUMIIIICHHS BiAKPUTO-
o IJIaHy B YHiBepCcUTETChKoMY MicTeuky [7]. CTBopeHuil Humu nudpoBuii ABIHUK 30UpaB Ta aHAIII3yBaB
TaKi MOKA3HUKH, SIK TEMIIEPaTypa, BOJIOTICTh 1 3aifHATICT, mpuMimeHHs [7]. OTxe, nudpoBUM ABIHHUK
CTpHSIE MATPUMII €(PEKTHBHOTO Ta CTAIOTO OyMiBHHUIITBA HA TEPUTOPIii yHiBepcuTety [7].

XapakTepucTHKA JJa00paTOPHUX TATUYMKIB

[To6ynoBa nugpoBoro ABiHUKA AJs YHIBEPCUTETCHKUX J1a00paTopiil € TOCUTh CKIAJHUM 3aBIaHHSAM
3 ypaxyBaHHSM TOTO, IIO caMi AaTYUKU MOXYTh OyTH Pi3HUX THIIB i3 IIUPOKUM CIIEKTPOM XapaKTepHC-
THK. Y CTaTTi MU po3nisgaemo Jadoparopito 3D-apyky. [Ipore onucanwmii miaxia Moxke OyTH 3acTOCOBA-
HUH 1 10 1HIIUX THUITIB YHIBEPCUTETCHKUX J1a00PaTOpiid, TAKUX SK JJA0OpaTOPil eICKTPOHIKH, pOOOTOTEX-
HIKH TOIIIO.

Jaruuku, xapakTepHi i HUQPOBOro ABIHHMKA YHIBEPCUTETCHKOI 1aboparopii, MOXKHA PO3IUIMTH Ha
I’ SITh KaTeTopiii: JaTYMKU CEePeIOBHUIIA, CTaHy OOJIaHAHHS, JIFOACHKOI JisSUIbHOCTI, O€3MEeKH Ta iHBEHTapHU-
3arii. JaTYMKH HaBKOJIHMIITHBOTO CEPEOBHUILA BUMIPIOIOTH TEMIIEPaTypy, BOJIOTICTh, IPHUCYTHICTh YaCTUHOK
VOC i mymoBe 3a0pynHenHs. Bei mepeniueni pakTopu, 04eBUIHO, € BAXIUBAMH JUII KOM(POPTHOTO podo-
yoro cepenoBuina [5]. Kpim toro, Temrieparypa i BOJOTICTh MalOTh BUpINIAbHE 3HAYCHHS HE JIUINE JIJIS
1a0O0paHTIB, a i I HAIEeXHOTO (PYHKIIOHYBAHHS TAKOTO OONaqHaHHs, K 3D-puHTepH UM MasuIbHI CTaH-
uii [13]. Hartuuku cTany oOjalHaHHS BiJCTEXKYIOTh piBeHb BiOpalii, CIIOXXMBaHHs €Heprii Ta po3MOAia
Teruia. BoHM rapaHTyIoTh, 10 00nagHaHHs Niepe0yBa€e B XOPOIIOMY CTaHi i BUKOPUCTOBY€ETHCS HAJIC)KHUM
YUHOM. JaTUYMKK aKTUBHOCTI JIIOMWHY BiZCTEXKYIOTh 3alHATICTh 1aOOPATOPii: BUKOPHCTAHHS MPOCTOPY Ta
oOnajHaHHs. BoHM Jaf0Th 3MOTY alMiHICTpallii BU3HAYATH MOJIeIi BAKOPUCTaHHS JIabopaTopii Ta riaHyBa-
TH pO3IMMpPeHHs ab0 3MiHU pobovoro rpadika. KpiM Toro, BOHH JOMOMAararTh OIIHUTH (i3WYHHN BIUIUB
OpTaHi3My JIIOMUHHI HA TEMITEPATYPY 1 BOJIOTICTh, K1 € KIFOYOBUMH JUIS ISTKUX TporieciB. Jlaryrnku Gesre-
KH BIICTEXKYIOTh HEOE3IeKy HMOXKEXKi, SK-0T AWM, HaaMipHe Teruio abo moxym’st. JlaTdauky 3amaciB — 1ie
JATYMKU Bard Ta TUCKY U BUTPATHUX MaTepiaiB.

Puc. 1. Kitacudikarist naT4ukiB, HeOOXiTHHAX IJIs1 CTBOPSHHS NU(PPOBOTO ABIHHUKA YHIBEPCUTETCHKOT Taboparopii

Dopmaizania 3agagi

Jnst ontuMmizariii BHOOpy Ta po3MillleHHs JaTdHKiB JlabopaTopii 3D-1pyKy MpornoHy€eThCS BAKOPHCTOBY-
BaTy reHeTH4Hi anroputmu. Cepenosuine gadoparopii OyeMo MOAENIOBATH K HA0Ip TOYOK y TPUBHMIp-
HoMy mnipoctopi. [IpocTip, skuii 3afiMae NeBHUI 00’ €KT, 3aa€THCS IBOMa TOUYKaMU:

e P . — JiBWi JaNbHIN HIOKHIHA Kpai 06’ eKTa,
e P — npaBuil OMMKHINA BEpXHil Kpai 00’ exTa.

[Ipoctip mabopaTopii BU3HAYA€THCS IIICTHMA HabOpamu map TOYOK: S
;

oom® "~ obstacles® " fdmPrinters® " slaPrinters®

Jns ekcriepuMeHTIiB OylI0 BUKOPUCTAaHE CEPEAOBHINE, 3aJaHe HaOOpaMU TOYOK

washStations® " cadWorkstations®

(puc. 2).
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Puc. 2. IIpencrasnenns nadoparopii 3D-npyky (BUIIIsLA 3ropn)

Pimenns 3aga4i Oyiiy npeicTaBiIeHi SK XpOMOCOMH 3 TAKUM BHUTJISIIIOM:

(0001

typeg

010...101 _ 010...101 _ 010...101 ) ...(...) , (1)
posy posy, pos;’ sy Sp

e 0001 ppe, 1€ 4 0iTH, gKi i7eHTH(DIKYIOTh ICBHUIA BUI IaTYMKa, HACTYIHI 48 OiTiB 30epiratoTh po3Mi-
IIEHHS JaTYMKa y TPUBUMIPHOMY IpocTopi (1o 16 GiTiB Ha KOXKHY 3 OCeH X, ¥, z). OnepxyeMo (parMeHT
XPOMOCOMH § , IO NPEJICTABIIAE JaTYMK EBHOTO BUJLY Ta HOTO PO3MILIEHHS Y IIPOCTOPI, TAKMX (h)parMeHTiB
Moxe OyTH n. Lleit hopmaT XpoMOCOMH MOXKE IIPEICTABIATH [0 15 naTdnkiB, pO3MIIICHUX Y TPUBUMIPHOMY
pocTopi po3mipoM 65 535 onuHHMIE MO KOXKHIN 3 ocel. 32 HEOOXiAHOCTI JOBKHUHY OKPEMHX YaCTHH XPO-
MOCOMH MOKHA 301TbIINTH, TOAI 11 JOBXKUHA Oye po3paxoByBaTHCS 3a (HOPMYIIOIO:

LL‘ = (lr}y}es + lx + ly + lz) n, (2)

e lwpe — L€ KUIBKICT OITiB JUIs IPEICTaBICHHS TUITY JaT4HKa, a [, lv, | — KinmpKOCTI OITIB JIS IpEeCTaB-
s s : - -

JIEHHS TIO3UIIiT AaTYMKA TI0 OCSIM X, Y, Z.
[Nowarkosa nomyssrist 3 1000 ocoOMH reHepy€eTHCS BUIIAIKOBUM YHHOM.

diTHec-hyHKIIIS MoXe HaOyBaTH 3Ha4eHb Bij 0 10 1 Ta BUSHAYAETHCS K

Fk=w1fl+w2f2+w3f3, 3)

ne f,, f,» f, — modipHi diTHEC-PYHKIIT, M0 OLIHIOKTL XPOMOCOMY 3a Pi3HUMH NTAPAMETPAMH, W, W,, W, —

Bark KOKHOI 3 JIOYipHiX (iTHeC-QyHKUiA y pe3ynsTyrouid F,, BcranosieHi sk 0.4, 0.3, 0.3 BianosiaHo.

JouipHi diTHec-(yHKIIIT MOXKyYTh HaOyBaTH 3HaueHb B 0 10 1 Ta OIIHIOIOTH TaKi MapaMeTpH:

e f, — OLIHIOE MOXJIMBICTh MOHTAXY JaTYMKa y NpUMilIeHHI. Jl03BOIAETHCSA PO3MIILEHHS Ha CTiHAX i
cteni. He m0o3BoNsA€ThCS 11032 IPUMIIIICHHSM, Ha TIIJI031 YM BCEPEIUHI mepenikoau. Bignae nepesary
PO3MIIIEHHSIM JaTYMKIB Ha CTIHAX, TAKOXK BPAXOBY€ BUCOTY PO3MIIIIEHHS: 1[0 BUILE PO3MIIIICHUH TaTUHK,
TO BHIIE 3HAYCHHS f,.

® f,— OWIHIOE OKPUTTS JAATYUKOM HEOOXiaHUX 00’ €KTiB (3D nmpunTepis Tomo). PyHKIIisA BpaXoBye MiHi-
MaJIbHY Ta MAaKCUMaJIbHY NAJBHICTH Jii JaTYmKa, 00 BH3HAYUTH, Y MTOKPHUBAE BiH 00’ €KT. Takox Bpa-
XOBY€ HasiBHICTh MEPEIIKO/ (KOJIOH TOII0) Ha IUIAXY.

) f_,) — OIIHIOE BapTICTh OOPaHHUX TATYHKIB.

TakuM YMHOM BHHHKA€ ONTHMIi3alliiiHa 3ajada, sika MOJSATae€ y MiHIMI3aIlil BapTOCTI BUKOPHUCTAHUX

JATYUKIB:
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Z Z Z Ujyyz " € — min(4),
x vy z

3a obmexenb Ha QyHKuii £, £, f,, ne u,,, —I1, Ko B Micre (x, y, z) BCTAHOBJICHO MPUCTPIil i-ro THITY,
inakue 0; ¢, — 1iHa IPUCTPOIO i-r0 THITY.

Po3nissHeMO po3MIleHHS TEIIOBIMHUX JaTYMKIB YOTHPHOX BUJIB 13 Jiama3oHoM eekTuBHOT mii 150,
200, 300, 500 omunuLpb i BapricTio 10, 25, 40, 100 oguHUIE BiATIOBIAHO.

3acToCyBaBIIH 3aPOIIOHOBAHHUM MiJIX1/I, OTPUMAEMO TaKe PO3MIIIECHHS AaTYHKIB y TPUMIIIEHH] j1a00-
paropii:

Puc. 3. Po3minieHHs TEIIOBIHHUX NaTduKiB y aboparopii 3D-npyky (BHIIIsLA 3ropn)

BucHoBkM Ta 00roBopeHHst

Konnenmist mudpoBoro nBiliHUKA € IEPCIIEKTUBHOO JJIs1 YHIBEPCUTETCHKOTO CEPEIOBHINA, 30KpeMa Jia-
Ooparopiit enexrpoHiku un 3D-npyky. Jlns ii 3acTocyBaHHS OMHMCAHO MAaTEMAaTHYHY MOJIENIb IU(PPOBOTO
IBiffHMKa yHiBepcUTETChKOI 1aboparopii 3D-npyky. ChopMyapoBaHO MaTeMaTH4Hy 3a/ady BHOOpY Hapa-
METpPiB MOJIETi, @ camMe THITIB IATYHKIB 1 X po3MimieHHs. J{Jis BUpIIIeHHS 3aja4i 3aCTOCOBAHO T€HETUYHUI
QITOPHUTM 31 3BaXKEHOIO (piTHEC-PYHKITIETO, KA OI[IHFOE MOKITUBICTh BCTAHOBJICHHS JJaTYMKA B IIEBHIH 1103U-
1ii, OXOIUIEHHS HUM 00’ €KTIB iHTepeCy Ta BapTiCTh AaTunka. OXapaKTepu30BaHO I’ ATh KaTeropii JaT4yuKis,
HEOOXiHHUX IS MIJTICHOTO IM(POBOTo ABiiHUKA TabopaTopii: JaTYMKU CepellOBHINA, CTaHY OOJIaHAHHS,
JIIONICHKOI JISUTBHOCTI, O€3MeKH Ta iHBeHTapu3allil. PeTenbHui mia0ip AaTYHMKIB BOXKIMBHHN K 1715 3a0e31e-
YEeHHS KOM(OPTHOTO POOOYOT0 CepeOBHIITA A TA0OPAHTIB, TaK i ST HAICKHOTO (DYHKITIOHYBaHHS TaKo-
ro obnaaHaHHs n1abopatopii, sk 3D-npUHTEpH YK NasUIbHI CTaHLII.

[lepcneKTHBHUM BHIA€THCSI CTBOPEHHS CUCTEMH KEpyBaHHS IH(POBUM IBIITHUKOM Ha OCHOBI MIKpO-
CEpPBICHOT apXiTeKTypH 3 BUKOPUCTAHHSAM MAIlMH CTaHIB JJIsl KOOPAMHALT onepaliiiHuX MpOoLeciB, TAKUX
SK aHaJi3 NaHWX, OTPUMAHMX 3 JATYUKIB, MPUHHATTS pilleHh MIOAO 3MIHM PEXHMIB POOOTH IAaTYMKiB
1 camux mpucTpoiB. OCHOBHI MiAXOAW 10 MOAIOHONO MOHITOPHHTY Ta KOOPAMHALIl B 3arajJlbHUX pUCax
chopmynboBaHo B [2; 14], BogHOYAC IS TIOAATBIIOTO PO3BUTKY IMX MiAXONIB HEOOXiJHE MaKCHUMalbHE
BpaxyBaHHs crieln(}iKu IPEIMETHOI TaTys3i.
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V. Moholivskyi

OPTIMIZATION OF 3D PRINTING LABORATORY DIGITAL
TWIN SENSORS SELECTION AND PLACEMENT BASED
ON GENETIC ALGORITHMS

The concept of the Digital Twin shows great prospects for the university environment. It can assist uni-
versities in managing complex infrastructure and dynamic educational activities. The Digital Twin provides
a unified framework for understanding and optimizing interconnected systems through continuous data
collection, real-time monitoring, and predictive modeling. It empowers instituitions to predict issues and
create strategies to prevent them, instead of passively reacting to unexpected difficulties. In particular, the
concept of the Digital Twin could be helpful for university laboratories such as electronics or 3D printing
laboratories.

Approaches for creating digital twins in a university environment are studied. The set of sensors neces-
sary to create a comprehensive digital twin of a university laboratory is discussed. Five categories of sen-
sors are described: environmental, equipment condition, human activity, safety, and inventory. Careful se-
lection of sensors is crucial both for ensuring a comfortable working environment for lab technicians and
proper functioning of equipment such as 3D printers or soldering stations.

An approach to selecting and placing sensors for a digital twin of a 3D printing laboratory based on a
genetic algorithm is considered. A mathematical model of the problem is formulated. The chromosome
format, the weighted fitness function, and the representation of the three-dimensional space of the labora-
tory are proposed. The weighted fitness function evaluates the possibility to install a sensor in a particular
location, the coverage of objects of interest, and the cost of a sensor. It seems promising to create a digital
twin control system based on microservice architecture using state machines to coordinate operational
processes such as analyzing data received from sensors, making decisions on changing the operating modes
of sensors and the devices themselves.

Keywords: digital twin, genetic algorithm, 3D printing laboratory, sensor placement optimization, opti-
mization problem.
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OB’€EKTHO-OPIEHTOBAHA ITAPAJINI'MA:
PRO I CONTRA

Y ecmammi nasedeno kpumuxy napaouemu o6 ’ekmuo-opienmoganozo npoepamyeanus (OOIl) ma it
HatOinbw nowupeHux peanizayin. JJocaiodceno icmopiio euHukHeHHs ma nooanvuioi egomoyii OOII, it
CUTbHI Ul CIAOKT CTHOPOHU, a MAKodiC ChiabHi U 8ioMinHI pucu misxe OOIl ma inwumu napaduemamu. Ilpo-
AHANi308aHO NPUKIAOU 80anoeo cnigicuygsantusa napaouem OOII i y3aeanvuenoeo npocpamy8anHs Ha npu-
Knaoi wabnonis y mogi C++.

KurouoBi cioBa: mapagurma nporpaMmyBaHHs, 00 €KTHO-OpPIEHTOBaHA MapajurMma, yzarajlbHEHE Mpo-
rpaMyBaHHS.

Beryn

CrarTs € po3IMUPEHOI0 BepCi€lo T0MoBiAil aBTopiB [2] Ha MixHapoaHii koHpepentii TAAPSD 24, npu-
CBSIYCHOT OCOOIMBOCTSIM 3aCTOCYBaHHS 00’ €KTHO-Opi€HTOBaHOI mapamurmu. 11106 YHHKHYTH Cymepedox
PO BHUHUKHEHHS KOHIICTIii 00 €KTHO-OPIEHTOBAHOTO MPOTrpaMyBaHHS, Ofpa3y 3a3HAYUMO, IO B €MOXY
CTAHOBJICHHS aJITOPUTMIYHHUX MOB ITPOrpaMyBaHH, CKakiMo, PopTpany, ctBopeHoro B 1954—1957 pp. [9],
B. C. Kopomoxk i K. JI. FOmeHnko cTBopuiu nepuit BapiaHT MOBH aIPECHOTO IIPOTrpaMyBaHHs, (piHami30Ba-
HUl y 1963 p. [3]. AapecHe nporpaMyBaHHS BHSBHIIOCS TPEATEUO0 BaXJIMBUX KOHIICIMIIA CTPYKTYpOBa-
HUX JaHUX — CTPYKTYDp 1 yKa3HMKiB. Ha xanb, uepe3 BiloMi IpUUMHU apecHE MPOrpaMyBaHHs 3aIHIIH-
JIOCsI HENIOMIYCHUM Ha 3aX0JIi, Xoua HOro CTPYKTYPH 1 YKA3HUKH JOCSTIH MPaKTHIHO HUHIMIHBOI (POpMH,
BijloMo1 3 MoBH nporpamyBanHs C [3], crBopeHoi JlennicoM Pitui B 1972—1973 pp. mij 3HaYHUM BILTHBOM
13 6oky Anrony i ®optpany. 3a ominkoro JloHanpna Kayra, «the way C handles pointers, for example, was
a brilliant innovation; it solved a lot of problems that we had before in data structuring and made the
programs look good afterwardsy» [11].

{06 nictatucs 00’ €KTHO-OPiIEHTOBAHOI MAPaIUTrMHU, 3QJIUIIMIOCS JIUIIE JOAATH 10 CTPYKTYp 1 YKa3HH-
KiB KJIaCH 1 00’€KTH, YCIIaIKyBaHHA 1 BIPTYaJIbHICTh. Yce 1ie, oJHave, Oyiro me B 1967 p. y mepmriii MoBi
00’ €KTHO-OpI€EHTOBAHOTO MPOrpaMyBaHHs, sika oaepikana Ha3By SIMULA 67. 3 icTopi€o CTBOPEHHSI MOBH
MOYKHa O3HAHOMHTHCS 3a crarTero ii aBropiB Kpicrena Hroropa i Vne-lOrana [lana [13]. 3a cBigqueHHSM
aBTOpiB, rosoBHOrO BIIMBY MoBa SIMULA 67 3a3Hana 3 6oky anropurmiunoi MmoBu ALGOL 60.

Hapemri, 3a cBimuennsim b’spae Ctpayctpyna, koo ®optpan-Anron-C-SIMULA 3iMKHYIOCS TO€-
HaHHAM y 1983 p. moB C i SIMULA 67 B HOBIit MOBi nporpamyBanus C++ [14]. 3a monax 40 pokis cBoro
ICHYBaHHS 1 IHTEHCUBHHX 3aCTOCYBaHb MOBa C++ po3BHBajacs B HaNpsIMi 3pOCTaHHsI PiBHsI BOYJIOBaHKX 10
Hel aOcTpakuiif, HabyBatoun 6araTbox HOBHUX puc. Ilpu npomy C++ 3amumanacst MylnbTHIIAPAAUTMEHHOIO,
HE HAIOJIATAI0YH Ha ITYYHOMY BIPOBAJKCHHI 00’€KTIB YCIOIH 1 CKPi3b, TOPIBHIHO 3 JACIKHMH THIIUMHU
MOBaMH MPOTrpaMyBaHHS.

C++:
int main()
i
std::cout << «Hello, World!%“ << std::endl;
}

© bybnux B. B., @imens /. P., 2025
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Java:
public class HelloWorld {
public static void main(String[] args) {
System.out.println(«Hello, World!»);
}

3

VY xoHTekcTi MOBH C++ HecnojiBaHUM BUJIA€THCS BUCIIOBIIOBaHHS, nmpunucane bodom Kpoydoprom
(y BakKOIOCTYIHIN poOOTi [6]) cBiTOBOMY Iporpamicty Homep oauH Encrepy Jleiikerpi: «Object-oriented
programming is an extremely bad idea which could only have originated in Californiay». Ile 3Byuuts THM
OUTBII TUBHO, TOMY IO OJHA 3 HAHIMTOBAHIIINX IPalb IPO CTPYKTYpHE IIporpaMyBaHHS [7], HamucaHa
HelikcTporo y ciBaBTOpcTBi 3 Yie-FOranom [lanom i Toni XoapoMm, MiCTHUTh 00’ €KTHO-OpiEHTOBAaHUIN PO3-
nin. CripaB[ii, BOPOBAKEHHS 00’ €KTIB, YCIIAKyBaHHS Ta MOIIMOP(}iI3My MOXKe 3pOOUTH TPOrpaMu CKIa-
HIIIUMHY A7 PO3YMIHHS Ta MIATPUMKU. A KPUTUYHE CTaBIeHHS JeHKCTPU MOXKHA 3pO3yMiTH, 3BaXKAI0IH HA
HAOro Mo3HIIifo Tpo Te, mo (100pe po3pobiiecHa) mporpamMa Ma€e OJU3bKY CTPYKTYPHY aHAJIOTIIO 3 OY/Ib-SIKOIO
(mobpe po3pobieHoro) matemaTiuHO Teopieto [8]. Tomy, Ha nymky JlelikcTpu, podoTa mporpamMicra CyT-
TEBO HE BIAPI3HAETHCS BiJl pOOOTH TBOPUOTO MaTeMaTHKa.

B ocTanHROMY TBEp/PKCHHI IPUXOBaHa TOJOBHA IPUUUHA pO301KHOCTI miaxony JeikeTpu 3 cydacHUMU
TEHICHIIISIMHU B IHXKEHEPIi IPOrpaMHOTO 3a0e3ICUeHHS: IPEeBaTIOBAHHS 1H)KEHEPHOTO I1IX0y HaJl MaTeMa-
TUYHUM. 3pEIITor0, 00’ €KTHO-OPI€HTOBAHA MapaaurMa — Ii¢ He Oinblie, HiXK IHCTPYMEHT, IpU3HAYCHUH
JUTS pO3B’sI3yBaHHs IIMPOKOTO KOJIa 3a/1ad. AJie el IHCTPYMEHT MPOsIBUB cebe y 0ararboxX BCECBITHRO BiJIO-
MUX npoekTax. OcoONMBO y BUMIA/IKAX, KO MPOEKTH MAIOTh BEIMKUN OOCST, a CTPYKTYpH JaHUX BUSIBIIS-
IOThCS HAATO CKIIQIHUMH. [HyKeHEepHUI i IXi]] 10 IpOorpaMyBaHHs IEBHIM YHHOM BHKOPHCTOBYE PyX 3HU3Y
noropu. CrioyaTky BUBYAEThCA MPOOJIEMa, BUSHAYAIOTHCS 1 BUAUIAIOTHCS 11 HAaBaXKMBi 4yacTuHU. BoHu
BiJIOKPEMITFOIOTBCS BiJ YCHOTO 1HIIOTO, HECYTTEBOTO 3 TIOIVISIY PO3POOHUKA, 1 yTBOPIOKOTH a0CTPaKTHE TO-
naHHs npoOnemu. Came y BUIUICHHI 1 TOOY0BI peIeBAHTHUX aOCTpaKIiii MPUXOBaHA MOTYKHICTb 00’ €K-
THO-OPIEHTOBAHOI APAJUTMH.

Y3arajbHeHi abcTpakuii: BapiaTuBHi m1adjoHu

HoBoro nomroBxy mapaaurmi Hajgana pobora Anzapes Anexcanapecky [4], y sKiii moeqHaHO 00’ €K-
THO-OPI€EHTOBAaHY MapajnurMy 3 MapaJurMoI0 y3aralbHEHOTOo IporpamMmyBanHs. Ha gac BUX0Omy KHIDKKH y3a-
rajlbHEeHe MporpaMyBaHHs Bke 3 1970-X poKiB 3aCTOCOBYBAIIM B IESIKMX MOBAaX MPOrpaMyBaHHS, a HA MEXI
1980—-1990-x BoHO moTpanmio g0 C++ y BUNIsAAi madiaoHiB (yHKiH 1 knaciB. [Tounnaroun 3 C++11 moBa
MEePEeTBOPUIIACS HAa HANMOTYXKHIIIMKA iHCTPYMEHT METanporpaMyBaHHs. BUSABHIOCS, MO pa3oM 00’€KTHA
OPIEHTOBAHICTS 1 y3arallbHEHICTh JOCATAIOTh PE3YNIbTATIB, HEJOCSKHIUX HUMH TTOOIUHIITI.

Ause Bce OJTHO TOTalmbHA «00’€KTH3AIlis» HE 3aBXKIM BUIPABNAHA, K 1 MEXaHI3MH YCIAJIKyBaHb, sKi
BB)KAIOTh TOJIOBHUM JIOCSTHEHHSM 00’ €KTHO-OpieHTOBaHOTO miaxoay. Ha mymky Iletepa [ornutinra, «the
most important benefit of classes in C++ for us is not the inheritance mechanisms but the ability to establish
new abstractions and to provide alternative realizations for them» [10]. Te3y miaTBepmkye HaBemaeHUI
y KHIDKII IPHUKJIA] MAOIOHy IS 33]a4i HOMIYKY €KCTPEMYMY METOIOM TPAIIEHTHOTO CITyCKY, MAKCUMAJIb-
HO HAOMIKEHHUH 10 MAaTEMAaTHYHOTO aITOPUTMY.

template <typename Value, typename T1l, typename T2,

typename FF, typename GG>
auto gradient_descent(Value& u, Tl s, T2 eps, FF f, GG g)
{
auto val = f(u), delta = val;
do {
u-=s x g(u);
auto new_val = f(u);
delta = abs(new_val - val);
val = new_val;
} while (delta > eps);
return u;

}

[eti ko, HanECaHwmid A1t PYHKITIN IBOX 3MIHHHX, JIOIYCKAE MPOCTI BapiaHTH y3araJbHEHb 0 H-MICHUX
¢yHKkin. BusHaunMo cTpyktypy R, BilOBiIHY #-BUMIPpHOMY TIPOCTODY,
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struct R
i
static const int n=10;
double x[nl{};
b
Ha SIKOMY 33J[a€MO OTIepaToOpy MHOXKEHHSI 1 BiTHIMAHHS, 3a/IisIHI B aJITOPUTMI,
const R inline operator*(double s, const R& u)

{
R res;
for (int i = 0; i < R::n; ++i)
res.x[i] = s * u.x[i];
return res;
}
R& operator-=(R& u, const R& v)
{
for (int i = 0; i < R::n; ++i)
u.x[i] -= v.x[i];
return u;
}

HinsoBy napaboniyHy ¢yHKLIO 1 1i rpaJieHTH 3a1aeMO JIIMO/1a BUpa3aMu MPSMO B ONIEPaTOPi BUKITUKY
gradient_descent(u, h, eps,
[1Cconst R& u)

{
double res = 0;
for (int i = 0; i <R:: n; ++i)
res += u.x[i] * u.x[i];
return res;
3,
[JCconst R& u)->const R
{
R res;
for (int i = 0; i < R::n; ++i)
res.x[i] = 2 * u.x[i];
return res;
3);

[ikaBo, 0 3aCTOCYBaHHS BapiaTUBHHX IMA0JIOHIB JO3BOJITh YHUKHYTH SIBHOT 3aJIS)KHOCTI BiJl pO3Mip-
HocTi mpocTopy. CHoYaTKy 3aJaHo BapiaTHBHY CTPYKTYPY MPOCTOPY AOBLIEHOI po3mipHOCTi. TyT 3acToco-
BaHa 0co0JIMBA TEXHiIKa YaCTKOBOI cIieliamizaiii nradiony cTpyKTypH R, He BU3HA4YEHOTO, a JIUIIE TOoTe-
PEIHBO EKIAPOBAHOTO

template <typename ...T> struct R;

template <typename T, typename ...P>
struct R<T, P...>

i
T x;
R<P...> vy,
H
template<>

struct R<> {};

3aBIsSIKM TaKOMY BHU3HAQUEHHIO B OJHOMY 1 TOMY caMoMy (hparMeHTi KOAy MOXYTh CIiBICHYBaTu pi3Hi
PO3MIpHOCTI, HAPUKIIA],

R<double, double, double> u = { 1, 2, 3 };

R<double, double, double, double> v = { 7, 8, 9, 10 };

Hasenemo BapiaTHBHI peKypPCHBHI BU3HAUCHHS IS ONEPATOPIB MHOXEHHS 1 BiTHIMaHHS, 3aCTOCOBaHI
y ¢ynkuii gradient descent. 3BepHITH yBary, mapameTp po3MipHOCTi IPOCTOPY N CTaB MOBHICTIO 3alBUM.
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template <typename ...T>
inline const R<T...> operator*(double s, const R<T...>& u);

template <typename T, typename ...P>
inline const R<T, P...> operatorx*(double s, const R<T, P...>& u)

i
}

template <>
inline const R<> operator*(double s, const R<>& u)

i

}

template <typename ...T>
R<T...>& operator-=(R<T...>& u, const R<T...>& v);

return { s * u.x, s * u.y};

return u;

template <typename T, typename ...P>
inline R<T, P...>& operator-=(R<T, P...>& u, const R<T, P...>& V)

template <>
inline R<>& operator-=(R<>& u, const R<>& v)

i
}

I, Hapeniri, 1IbOBa QYHKIIIS 1 ii TpagieHTH
template <typename ...T>
inline double f(const R<T...>& u);

return u;

template <typename T, typename ...P>
inline double f(const R<T, P...>& u)
{

}

return u.x*u.x+f(u.y);

template <>
inline double f(const R<>& u)

{

}

template <typename ...T>
inline R<T...> g(const R<T...>& u);

return 0;

template <typename T, typename ...P>
inline R<T, P...> g(const R<T, P...>& u)
i

}

template <>
inline R<> g(const R<>& u)

i
}

return { 2 * u.x, g (u.y)};

return {};
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Buxink, sk 1 paHilre, MOke MICTHTH JIIMOJ1a BUpa3u Y BUDIISAII OOTOPTOK JJIsl BapiaTUBHUX (DYHKITIH.

gradient_descent(u, h, eps,

[JCauto u) { return f(u); 3},
[ICauto u) { return g(u); 3);

OO0uBa NpHUKIJIaAX MOBHICTIO B1IMOBIJAIOTh MPOIETyPHOMY CTHIIIO IPOTpaMyBaHHs, HasiBHOMY B C++.
Xouda 3aCcTOCYBaHHS CTPYKTYp 1 onepatopiB Hax HUMHU (TI0 CYTi 00’ €KTIB) BUBOAUTH HAC 32 PAMKH YHUCTOTO
C, He KaXXy4u BXKe IIPO BapiaTUBHICTH IM1Aa0JIO0HIB. 3ayBaXKHUMO, 110, HA IYMKY 3araJbHOBH3HAHOTO EKCIIep-
Ta B 00’ €KTHO-Opi€HTOBaHOMY IporpamyBanHi Ha C++ Ckorra Meepca, epeTBopeHHs QyHKIiH Ha Kiia-
caMH Ha iXHi MeToau Oe3miJCTaBHO Mopyluye ixHIO Oe3mneuHicTs [12]. SIcHO, mo Aeski ¢yHKUii KnaciB
MYCSITh PO3MIIIyBaTUCS BCepearHi Kiacy. Lle KOHCTPYKTOpH, NeCTPYKTOpH, MPUCBOEHHS 1 JACSIKI 1HIII.
Budepnauit anroput™ po3mimeHHs QyHKLIN BcepenuHi 1 mo3a kiacaMu HaBoasATh ['ep6 Cattep i AHnpeit
Anekcannpecky [15].

Crarnunuii i TuHaMivHMi moJiMopdizm

OnHi€lo 3 NpUYHMH po3MileHHs (YHKLINH ycepenuHi kiaciB Moxe Oytu monimopdizm. [Momimopdizm
BHMAarae BIpTyallbHUX METOIIIB, 1 II¢ BKJIMBA CyNEepedsiiBa TeMa B 00’ €KTHO-OpieHTOBHIH wacTuHi C++.
Hespaxkatoun Ha TeHJEHIIIIO BipTyanizauii GyHKIiH y cyyacHUX MOBax nporpamyBaHHs, C++ ycminrHo no-
€JIHy€ BUKOPUCTAHHS HEBIPTYAIBbHUX 1 BIPTyaJbHUX (QYHKIIIH.

Tpaauuiitauii cioci6 opraHizauii iepapXiid monsArae y CTBOPEHHI aOCTpaKTHOTO Kiacy abo iHTepdeicy
3 YUCTO BipTyaldbHUMH (QYHKIIISIMH, pealli3oBaHHUMH B MOX1THUX KitacaX. [IpocTtum npukiamom Moxe OyTH
inTepdeic PyHKTOPiB

class Functor

{

public:
virtual double operator()(double) const =0;
virtual ~Functor(){};

3

Y noxigHOMY KJaci MOBUHHA OyTH peatizallisi BipTyajJbHOTO OIleparopa, HallpHUKIIaI, TaK
class Elliptic: public Functor

{
private:
double _a, _b;
public:
Elliptic (double a=1, double b=2):_a(a),_b(b){};
~Elliptic(){};
double operator()(double x) const
{
return 1.0
/sqrt(_ax_axcos(x)*cos(x)
+(_b*_b)*(sin(x)*sin(x)));
}
};

Puc. 1. [luBHO pexypcHBHUI malIoH
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AJie icHye crioci0 YHUKHEHHS BUKOPUCTaHHS BIpTyalnbHUX (DYHKINIH. SIK MpHUKIIa, po3IITHEMO TaK 3Ba-
HUH «IMBHO PEKypCUBHHUI M1a0I0H» MOOYA0BH HenmoniMopdhHOI iepapxii kiacis GpyHkTOpiB. Puc. 1 mosicHioe
OyZI0By 11a0JIOHY, y SKOMY 0a30BHI KJ1ac iepapXii mapaMeTpHU3yeThCs TIOXITHUM KilacoM. Taka apXiTeKTypa
Jla€ 3MOT'y YHUKHYTH BipTyaJIbHOCTI B TIOXiTHOMY KJaci.

BapiaHT 3acTocyBaHHS 1)1 CTaTUYHOT i€papXii QyHKTOPIB.

template<typename AnyFunctor>

struct Functor

{
AnyFunctor& _functor;
Functor(AnyFunctor& functor) :_functor(functor) {3}
const double operator()(double x) const
{
return _functor(x);
}
H
class Elliptic : public Functor<Elliptic>
{
private:
double _a, _b;
public:
Elliptic(double a = 1, double b = 2):_a(a),_b(b),
Functor<Elliptic>(*this){}
~Elliptic() {}
double operator()(double x) const
{
return 1.0
/ sqrt(_a * _a * cos(x) * cos(x)
+ (b * _b) * (sin(x) * sin(x)));
}
3

BukopucTanss HenoniMop¢hHOro (GyHKTOpa 103BONSE HOro BiakpuTuii (inline) BUKIIHUK.
template<class AnyFunctor>
inline double process(const Functor<AnyFunctor>& f, double x)

i
}

Mpuknag BUKAUKY:

Elliptic el(1, 2);

cout << process(el, 3) << endl;

Takuit TiOpUAHMNA MiAXiJ TO3BOJISE 3a TMEBHUX YMOB JIOCATTH e(dekTy, sSKkuil 3a3Bu4ail morpedye
JUHAMIYHOTO MoJiiMop¢i3My, 0e3 BTpaTH MIBUAKOIIL, IO SKOT MPU3BOANTh BUKIUK BIpTYaIbHUX (BYHKIIIH.
VYce te came, ane 6e3 BUKITUKY BipTyalnbHOT QyHKIIII.

[HIIMIM TIpUKITagoM MoXke OyTH BUKOPUCTAHHS CTATUYHOTO MOJMIMOpP(}i3My AJIsl BUPIMICHHS MPoOIeMu
nmoBiKHOI qucmerdyepusaii [1].

return f(x);

Cyuacna kpuruxa QOII

Tox um cnipaBai JlelikcTpa HACTUTLKHA KpUTHYHO BHCIOBUBCs nipo OOII? I sk1mio Tak, To B 4OMy MoIJia
OyTH CYTb KPUTUKU?

Takuii mornsa, iMOBIPHO, TMOB’sI3aHUM 13 TUM (akToM, 1o JlelikcTpa mpaioBaB HaJ MOXJIUBICTIO
(hopMabHOTO TOBEACHHS KOPEKTHOCTI MPOLEAYPHUX Mporpam 3a aonomororo soriku druoiiga — Xoopa.
OOII, Ha BiAMIHY BiJ MPOIEAYPHOT0, HE Ma€ 3a co00K (OPMATHLHOrO MAaTEeMaTHYHOTO amapary, i ToMy
Baxkue (hOpMaIbHO APTyMEHTYBAaTU KOPEKTHICTh 00’€KTHO-OPI€EHTOBAHUX HpoOrpam. Aje HaBps YU Iie
enuHa a00 BUYEpITHA IPUYHHA.

CripoOyemo ysBUTH, sIKOIO 0 Moriia OyTu OUTbII JeTajdbHa KPUTHKA cydacHuX peamizamii OOIL.
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[IpobieMun NOYHMHAIOTBECS 3 CaMOTO BH3HAUCHHS MapaiurMd. Ha jkamp, TOMMpPEHi «IOCTYIHI»
BHU3HAYEHHS HAJTO 3arajibHi, 1 CIiJIbHI O3HAKU 3BOJSATHCA JI0 MOHSTH KIacy i 00’ €xTiB. MalyTh, Hali0O1IbII
BijloMe BU3HaueHHS — Qopmyna «OOIl = [Hkancynsmis + ycrmaakyBaHHs + TOTIMOP(i3M» — 30BCIM He
BIJITIOBiIa€ CyTi MapajurMy, a JIMIIE Iepeiuye okpeMi aTpulyTH, sIKi 4acTO MpUTAaMaHHi ii peamizarisam.
Haiibinb1re yBaru, sk IpaBuiio, TPUIUISIOTH YCIIaIKyBaHHIO, SKE HA MPAKTHIN BUSBISETHCS HAHOIIBII TPO-
0JIeMaTHYHOK PHUCOIO.

Criepmy gamo Bu3HadeHHs napagaurmi OOIN.

e OOII rpyHTYy€eThCS Ha 00>€KTaX, OB’ A3aHUX i€papXisiMH BKJIAJICHHS, a HE HA alTOPUTMax.

KoxeH 00°€KT CyTh €K3eMILISIp TIEBHOTO Kiacy.

e Kitacu yTBOPIOIOTH i€papxito yCHaaKyBaHb.

EnemenTtn 06’exTHOi Mopedi (3a I'. Byuewm [5])

AOGcTparyBaHHs
[aKancysmis
MoyabHICT
lepapxidnicTb
Tumizauis
[Mapanemnizm
30epexKHICTD
Kirouosa Bnactusicts OOIl — abcmpazysanns, T06T0 MOXKIIMBICT, BU3HAYCHHS HOBHX aOCTpPaKIIii.
[HIIi e1eMeHTH IEBHOO MIpOFO CITYTYIOTH JUIs 3a0e3MeUeHHs adCTparyBaHHS.
[ukancymsmis 3abesnedye BHIMKA piBeHb aOCTpakiii Iinoi KOHCTPYKII MOPIBHAHO 3 piBHeM ii
CKJIaJIOBUX, BUJIIJISIFOUH 11 ICTOTHI XapaKTEPUCTHKH.
IHomyk agexBaTHUX a0cTpakUiii — roJioBHe 3aBJAHHS 00’ €KTHO-OPi€HTOBAHOIO NPOrPpaAMyBaHHS.
This is why the most important benefit of classes in C++ for us is not the inheritance mechanisms but the
ability to establish new abstractions and to provide alternative realizations for them (Peter Gottschling [10]).

Crepeorunu

OOII cTpaxnae BiJ KiJIbKOX MOIIUPEHUX CTEPEOTHIIIB, SIKi 3HAUHO YCKIIAJHIOIOTH HOTr0 po3yMiHHS HO-
BagKaMH.

«Bce € 06’°ckmomy.

ImoBipHO, Taka (hpasa — Iie pe3ysIbTar Toro, mo aeski «aucti» OOIl-MoBH 3MyIIyIOTh BU3HAYATH BCi
(dyHKLIT B MeXax KJIACiB 1 aBTOMaTUYHO 3arOpTaloTh MIPUMITUBHI THIIH JaHUX B 00’ €KTH.

«06’ckmu 63aemo0itomo mizc cooo1oy.

[Tin B3aeMopiero MalOTh Ha yBa3i Te, 0 METOJ] OJHOTO 00’ €KTa MOXe BUKIIMKATH METOA iHIIOT0. AJie 15
B3a€MOIisl HE BU3HAYa€ KePyBaHHS XOIOM BHKOHAHHS IIPOTPaMH — 00’ €KTH HE € aBTOHOMHUMH TTiIIIPOTpa-
MaMH, KOXEH 3 BJIACHUM CTEKOM BUKOHAHHS MTPOrpamMu — 1€ 03HaKa IOTOKIB, @ He 00’ €KTIB.

Hapaumkosicts

[opiBHsHO 3 mponexypanmMu, OOIT MoBaM YacTo MpUTaMaHHA HAJUTHIIKOBICTh, sSIKa HAHMIpoCTime Je-
MOHCTpyeThes npukiagoM Hello World Ha Java:
public class HelloWorld f{
public static void main(String[] args) {
System.out.println(“Hello, World!”);
}

V it «auctiity OOIT mporpaMi HeMae KOITHOTO 00’ €KTA, K 1 IHKANICYISAII1, ycTiaaKyBaHHS YH OTIMOP-
¢izmy. Minimansaa OOII mporpama He € 00’ ekTHO-0pieHTOBaHOI0, 60 OOIl — e pakyapTaTuBHUN HaOip
abcTpakIlii, sKuid MOYKHA TIOEHATH 3 1HITUMH, OUTHIT 0a30BUMH MapaJUTMaMHU.

YenagkyBaHHs i abcTpakTHI Kiacu

YenaaKkyBaHHIO KIaciB IPUALUISIOTH OLbIIIE YBArH, HiXk Oyb-aKoMY iHIIOMY iHCTpyMeHTY B OOIL, i Hum
370BKHMBAIOTh HaitOinbIe. Lle moTyXHUH IHCTPYMEHT, KU, K MPaBHUJIO, BA)KKO BUKOPHCTATH MPaBHIBHO
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1 B)KKO TPOYUTATH B ToTOBOMY Kogi. Tumuacom sk OOII mapamurMa Mae Ha MeTi 3pOOUTH MPOEKTYBAHHS
Mporpam MpOCTININM, HaJIal0ud MOXKIUBICTh 30CEPEIUTHCH HA BUIOMY PiBHI aOCTpaKIii, ycraaKyBaHHS
KJIaCiB Ha MPAKTHUIII pOOUTH MPOTPaMH CKIATHIIMAMHU. TOMYy BHHUKAIOTh T1JICTABY JUTSI KPUTHKH.

e VchmajkyBaHHS — MEXaHi3M BU3HAYCHHS Ii€papXid KIaciB, a HE TOBTOPHOTO BHKOPHCTaHHS.
YcmaakyBaHHS 4acTO BUKOPHCTOBYIOTH, IIO0 HAaIaTH HOBOMY KJacy MEBHHH (DYHKI[IOHAN HAasBHOTO.
AJe Ha IpaKTHIL 3aBXIH Kpalle BUOKPEMUTH NOTPiOHMH (yHKITIOHAT B aOCTPaKILiio i arperyBaTH ii.

e VYcmankyBaHHS yCKIAJHIOE YUTAHHS 1 HANAroKECHHS MPOTrpaM 3aMiCTh TOTO, 00 CITPOIyBAaTH.

e AQCTpaKTHi KJIaCH 3aBX/JH Kpallle 3aMiHUTH 1HTep(eiicamu.

IepeBusnauenns meroniB (override) mMaiike 3aBx U Nopyurye npuHOun nixctanosku Jlickos (Liskov
Substitution Principle). ITix uac nepeBu3HaUCHHS Iy>Ke JETKO NOPYIIUTH iHBapiaHTH 0a30BOro Kiacy.

e VYcmaakyBaHHs MOXE MPU3BECTH J0 KOH(IIKTY CUTHATY.

MHOXUHHE yCTaJKyBaHHs — 1€ O1IbII CKIaJHUM, 1, IK HACT1JIOK, pU3UKOBAHUNA 1HCTPYMEHT.
KBiHTeceHLis aHTUNIATEPHIB YCIaAKyBaHHS — L€ aOCTpaKTHUH Kjac, KU MICTUTh CHIJIbHY peaii3a-
1if0, aJie OKpeMi (PYHKIT 3aTHIIaEe 1)1 BUSHAUCHHS ITOX1THUM KJIacaM.

public abstract class MyAbstractClass

i
public int DoWork(int value)

i
int preProcessed = this.PreProcess(value);
int processed = this.Process(preProcessed);
int postProcessed = this.PostProcess(processed);
return postProcessed;

}
protected abstract int Process(int value);
private int PreProcess(int value) { .. }
private int PostProcess(int value) { ..}
}
OnHak Taka apXiTeKTypa MIBUIKO HapaXkaeThCs HA P IpodneM:
e HeMOXIMBO CyTTEBO 3MIHUTH XiJl BUKOHAHHS y TOXITHHAX KJIacax, MOKHA JIMIIEC BU3HAYUTH OKPEMHN
¢byHKIiOHA, TependadeHii 0a30BHM KIaCOM.
Hamnragkam Jierko mopyuiuT KOHTPaKT, OCOOIMBO AKIIO KJIAC Ma€ 3MiHHI aTprOyTH.
[1in yac HajaroKeHHS MOTPIOHO MEPEMHUKATHCS MIXK PI3HUMH PiBHAMH aOCTpaKIIii.
Baxxko TecTyBaTH JIOTIKY B 6a30BOMY KJaci.
Baxxo TecTyBaTH JOTiKy B HOX1THHUX KJIacax.
Hisikoro reuse Ha MpakTHII.
e ripmre, skio abCTPaKTHUNA METOJ 3aJI€KHUTh Bl aTprOyTiB, BU3HAUYEHHUX Y 0230BOMY KJIACi.
Ha npakTuii 3aBx a1 Kpare 3MiHUTH TaKe «yCHaJKyBaHHsD) arperari€io 4iTKo BU3HAYeHUX a0CTpaKiii:
public class MyAbstractClass

{

private readonly IProcessor preProcessor;

private readonly IProcessor processor;

private readonly IProcessor postProcessor;

public MyAbstractClass(IProcessor preProcessor,
IProcessor processor, IProcessor postProcessor)

i
this.preProcessor = preProcessor;
this.processor = processor;
this.postProcessor = postProcessor;
}
public int DoWork(int value)
i
int preProcessed = this.preProcessor.Process(value);
int processed = this.processor.Process(preProcessed);
int postProcessed = this.postProcessor.Process(processed);
return postProcessed;
}
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InTepdeiicu Ta He3MiHHiCTH

[ToBepTarouuch 10 KOHKPETHUX 1IHCTPYMEHTIB, HasBHUX B OOII MoBax, 6e3yMOBHO, HAWIIOTY>KHIIINM 1
HAaYUCTIIINM 1HCTPYMEHTOM JUIS CTBOPEHHS abcTpakiiil € inTepdeiic. InTepdeiic — minimanvHuii KoH-
TPaKT MK YaCTHHAMU ITporpamu Oe3 3aiiBHX yMOB 4i 0OMexeHb. [HTepdelic poOHTh MOXKIMBUM HOJIMOp-
¢i3M 1 320X0Uy€e MOBTOPHE BUKOPHCTAHHS.

[MonimMopdizM BUILIMBAE HAIPSIMY 3 MOXKJIMBOCTI BU3HA4YaTH abcTpakiii uepe3 inTtepdeiicn. Cxemarnka
noiMop¢i3My ONHCYE ifieabHy iepapXilo KJIaciB. SIK MpHKIIam po3IITHEMO i€papXiio y3araJbHEHUX CTe-
kiB. KoxkeH kiac mpyroro piBHS CIIyrye peainisaiiero abcTpakiii CTeKy 3a paxyHOK 3aCTOCYBaHHS YHCTO
BipTyalbHUX (DYHKIIIH, HAIBHUX B iHTepQeEci.

Puc. 2. [epapxis ycmagkyBaHb CTEKY

Taka iepapxist Jomyckae ii TOMOBHEHHS 1 PO3MIMPEHHS, HE BTPYYAOYHCh JIO BHYTPIIIHBOT OylTOBH ii
eneMeHTiB. Hampukiaz, il MOXHA pO3IIMPUTH 10 KOHCTPYKIIII CTEKY 3 M AaHHIM, JTOTOBHUBIIHN YCIIa-
KyBaHHs iHIIIMMH BUAAMH i€papxii, a caMme arperaiiero.

BaxnuBo po3yMmiTH, IO MiX MOXiAHUMH KJacaMd HE ITOBMHHO OyTH yCHaJIKyBaHHs. YCIIaJKyBaHHIO
mijisarae inTepdeic. T Kimacu MoXyTh BHKOPUCTOBYBATH pPealizallito OJUH OJHOTO 3HOBY K 13 3aCTOCY-
BaHHSAM arperartii.

Puc. 3. CninbHa iepapXist ycragkyBaHHs iHTepdeicy i arperaunii peasizamiif

Icuye Gararo iHIINX KOPUCHHUX BJIACTUBOCTEH, aKyMylbOBaHUX B 00’€KTHO-OPi€HTOBaHIM MmapagurMi.
OyHa 3 HalBOXJIMBIIINX — 11 He3MiHHICTh. Lle, MaOyTh, HATKOPHCHIIIIA BIACTHBICTD HE3AJICKHO BiJI MTapa-
IurMu. BoHa 3Ha4HO CHIPOIIy€ YUTaHHS 1 HaJIaTO/PKEHHS [IporpaM, pOOUTh MOXKIIMBIMH ITpOrpamH 3 Oara-
ThMa IMOTOKaM¥ BUKOHAHHS, 30JMKye 00’ €KTHO-Opi€HTOBaHY 1 (DYHKIIIOHAIBHY TapaJlrMH, OCOOJIMBO Ha
PiBHI MeTanporpaMyBaHHs, IeTaJbHUH PO3IVIs MOXKIMBOCTEH SKOTO BUXOJUTH 3a paMKH Li€i crarti. Bee,
1[0 MOKe OYyTH He3MiHHUM, MYCHUTH OyTH He3MiHHUM!

HaperTi, BaXXIMBHIf aCMIEKT HE3MIHHOCTI — 1HBapiaHTHU, HAsIBHICTh SIKMX NEPEBOJUTH MPOCTi 310paHHs
JaHUX y KiacH. KOHCTPYKTOp CTBOPIOE 00’€KT Y KOPEKTHOMY CTaHi, BiH 00OB’SI3KOBO TIEpEBIpsi€ KOPEK-
THICTh 3HaueHb MapamMeTpiB. KokeH MeTos mepeBouTh 00’€KT 3 KOPEKTHOIO CTAaHy B KOPEKTHHH CTaH.
Oco0IUBO TIe CTOCYEThCS MEPECYBHOI ceMaHTUKH. [Ticis nepeminieHHs 00’ ekT niepeOyBae B HeBU3HAYCHO-
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My, ajie JIeCIIPOMOXXHOMY cTaHi. KoKeH BiIKpUTHH METOJN NepeBips€ KOPEKTHICTh 3HAUCHb MapaMeTpiB.
O06’exT epebyBae B KOPEKTHOMY CTaHI Micysl aBapiiiHOI cuTyalii B omHOMY 3 MeTofiB. O0’ekT mepedyBae
B KOPEKTHOMY CTaHi, SKIIO BiH BUKOPHUCTOBYETHCS OaraThbMa MoToKaMH OJHOYacHO. He moBHHHO OyTH HEsB-
HUX YMOB Ha MOPSAOK BUKJINKY BIIKPUTHX METOMIB. SIKIIO KOMIUIATOP JO3BOJISIE BUKIMKATH METOJ, TO
JKOJTHUX JIOTATKOBUX OOMEXKEHb HE TOBHHHO OyTH.

BucHoBkn

O06’exTHO-Opi€EHTOBaHA MapaJurMa Micis Maibke IIICTAECATH POKIB J0CI 3aJHIIAETHCS MOMYISPHOIO,
HE3BaXKAIOUHW HA Te, IO MeBHI 11 HeomiKH Oylin o0pe BijioMi Ta 3aj0KyMeHToBaHiI 11e y 1980-x pokax [6].
Hagenena Buiie kputrka ctocyethes sk konuenuii OO, Tak 1 KOHKPETHUX IHCTPYMEHTIB, AKi CTaJll CTaH-
JAPTHUMH B OUTBIIOCTI 00’ €KTHO-OPIEHTOBHUX MOB. TUM He MeHIII, MeBHi ijei, 3apomkeni B OOII, mosenu
CBOIO €(DeKTUBHICTH 1 34aTHICTH OyTH 3aCTOCOBAaHUMHU 32 HOBHX YMOB.

[To3a cymuiBoM, HaliBaknuBimma puca OOIl — 11e MOXJIMBICTE CTBOPEHHS a0CTpaKIliil 3a JIOTIOMOTOI0
MeXaHi3MiB MOBH, aJlKe BOHA JI03BOJIsi€ MacITabyBaTH po3poOKy mporpam, BogHO4Yac poOsIsayH iX MpoCTi-
VMM JUTS po3yMiHHA. 3HauHa yactuHa KpuTuku OOIT moxoauTs sikpa3s BijJ TOTO, IO JEsIKi MOBH POOIISATH
Takui MeXaHi3M 000B’I3KOBUM JIJISI BCiX IPOTpaM, 110 He 3aBK/IH € BUITPAaBIaHUM. AJie 30a1aHCOBaHE CTBO-
peHHst abCTpaKIIiH i3 TOTPUMAaHHSIM HaJIS)KHUX IPUHIIMITIB OpTaHi3allii apXiTeKTypH POTPaMHOTO 3a0e311e-
YEeHHS CIIYTY€E BHUM CBiIYEHHSM Ji€BOCTI 00’ €KTHO-OPIEHTOBAHOT MapaIurMu.

Haii6inpir Baanmuit MexaHi3M CTBOPESHHS aOCTPAaKIIiH, SKUH TTOXOJAUTH BiJl 00’ €KTHO-OPIEHTOBAHOI Mapa-
JUrMu — iHTepdeiic, ajke BiH JO3BOJISIE BAOKPEMHUTH HEOOXITHHUI KOHTPAKT MiX YaCTHUHAMM MPOTPaMH,
MIpH IIbOMY HE YCKIJIAJTHIOIOUH iX, Ha BiJIMIHY BiJl yCIIaJAKyBaHHs. YCHaJKyBaHHs KJIAaciB 3a3BUYAi YCKIIa-
HIO€ TIPOTPaMHU, 1 B OLIBIIOCTI BUNIA/IKIB MOXKe OyTH 3aMiHEHE arperari€ro KJacis.

Mexani3zmu abcrparyBanns, siki Hagae OOII, yacTo miACHIIOITHCS THITUMH NapauTMaMHy IPOrpamMy-
BaHHA. Y CTarTi HaBeleHO Npukiaau Baajoro nmoeananus OOII 3 y3aranbHEHHM IPOrpaMyBaHHSAM Y MOBI
C++, sike TO3BOJIHIIO AOCSATTH PE3YJbTaTIB, SKi paHilie Oyau HEMOCSHKHUMU IIUMU MapaiurMaMH MTOOIUHIII.
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V. Boublik, D. Fitel

OBJECT-ORIENTED PARADIGM: PROS AND CONS

This paper critically examines the object-oriented programming (OOP) paradigm, tracing its theoreti-
cal foundations and evaluating its most widely adopted modern implementations. Particular attention is
given to the criticisms that have emerged over time, notably those stemming from Edsger Dijkstra’s remark
that “object-oriented programming is an exceptionally bad idea....” We aim to interpret and contextualize
Dijkstra s dissatisfaction with contemporary OOP, offering a practical perspective on its implications.

We begin by exploring the origins of the object-oriented paradigm, highlighting its evolution from pro-
cedural programming and the fundamental conceptual shift it introduces—namely, the incorporation of
programmable abstractions. Given OOP s widespread adoption across numerous programming languages,
we distill its core principles and examine their shared characteristics. Additionally, we provide a refined
definition of the object-oriented paradigm based on these key principles, emphasizing its role as a powerful
and flexible mechanism for creating abstractions, rather than a simplistic combination of more specific
programming language features.

Our analysis also outlines the advantages and limitations inherent in common OOP principles, includ-
ing the SOLID principles. We present specific recommendations, along with examples of both successful and
fawed implementations of various OOP concepts. Importantly, we stress that the object-oriented paradigm
functions best as an optional tool for abstraction rather than an imposed constraint.

Finally, we examine the paradigm s most effective attributes, particularly its ability to coexist with and
enhance other programming methodologies. To illustrate this adaptability, we present a case study on tem-
plate metaprogramming in C++, demonstrating how OOP can facilitate the creation of sophisticated cus-
tom abstractions with precise control over their behavior and degrees of reusability that are not achievable
by a single programming paradigm.

Keywords: programming paradigm, object-oriented paradigm, generic programming, template
metaprogramming.

Mamepian naoditiuos 28.05.2025

Creative Commons Attribution 4.0 International License (CC BY 4.0)


https://taapsd.ukma.edu.ua/
https://taapsd.ukma.edu.ua/

YIK 519.682.1
DOI: 10.18523/2617-3808.2025.8.149-157

IIpoyenxko B. C.

JEHOTAIIIMHA CEMAHTHUKA OJJTHOBUMIPHUX MACHBIB

Pozenanymo imnepamusny mMogy npoepamyeants, 06 eKmamu AKoi € yini 3MiHHI — CKANAPHI Ma 00OHO8U-
Mipui macusu. Onepamopu Mo8U — NPUCBOEHHS, 66COCHHS, BUBCOCHHS, YMOGHUM, YUKy i onok. Ipusnayen-
Hsl 6OKY — 68€0€eHHsL TOKANbHUX Yinux 3minHux. Oonosumipnuu macug afk], oe k>0 — yine dooamue uucno
(pozmipuicme macusy). Poboma 3 macusamu 30iliCHIOEMbCSL NOELEMEHMHO. JJocmyn 00 OKpeMo2o elemMeH-
my macusy 30iicHioc onepayis inoexcysanns afe], e — yinuti upas. 3nauenns e — yucio 6i0 0 0o k-1.
Hasedeno nosny gpopmanvhy cneyughixayiio mosu. Ha ocnosi cneyughikayii nobyoosano inmepnpemamop
MOBU NPO2PAMYBAHHA.

KurouoBi cjioBa: MoBa mporpaMyBaHHs, TIporpaMa, orepaTop, BUpa3, 3MiHHI, OJHOBHUMIPHI MacHBH,
CUHTAKCHC, JIeHOTAT, ceMaHTH4Ha QyHkiis, Haskell, chHTakcuaHuil aHami3, iHTEpIpeTaTop.

Moga 3 0lHOBUMIPHUMH MaCHMBaAMH

Po3nisHyTO iMITEpaTUBHY MOBY IPOTrpaMyBaHHS, 110 MA€ 1T CKAJIAPHI JaHi 1 OMHOBUMIpHiI MacuBu. L5
MOBA € PO3IIUPEHHSM MOBH 3MiHM CTaHiB [1] omHOBUMipHUME MacuBaMu. KojkHa 3MiHHA a B Lili MOBI —
a0o0 I1iJ1a CKaJIIpHa 3MiHHA a, a00 1iTuil oJHOBUMIpHUH MacuB a[k], ne k>0 — 1ine togatHe 9rcio (po3Mip-
HICTh MacuBy). Takuii MacuB Ma€ k eeMeHTIB, SKi PO3MILIYIOTHCS TOCTIIOBHO i HyMepyroThes sk a[0],
a[1], ..., a[k-1]. PoGoTa 3 MacuBamMu 3IiHCHIOETHCS TUTBKH MOEJIEMEHTHO.

Koxna nmporpama MOBH MO>Ke BBOAWUTH LiJIi 3HAYECHHS, 0OPOOISITH iX 1 BUBOAUTH 1Ll 3Ha4eHHsL. [Iporpa-
Ma — IIe OKPEMHH OIepaTop, SK IPaBIIO, OJOK i3 OMHUCOM JOKAIPHHUX IUIHNX 3MIHHUX (CKaJSIpHHX a0o
MAacCHBIB) Ta CIHCKOM OIIEpaTopiB — TijoM O10Ky. [010BHY 00pOOKY TaHMX BUKOHYIOTH ONEpPaTOPH IpH-
CBOIOBAHHJ V := ¢, BBeieHHsI read v, BUBeIeHHs write e, ymoBHuil if (¢) s, mukiry while (e) s, e v — 3Mmin-
Ha, € — BUpa3, S — OIeparop. Yci BUpa3u € B OlepaTopax OOUHCIIIOITh CKAJISIpHE ITijie 3HaYeHHA. K110
a[k] — minuit omHOBUMIpHUIT MacHB, TO TOCTYII IO OKPEMOTO €JIEMEHTY MacHBY 3IIHCHIOE OTIeparlis iHIeK-
CyBaHHS — 3amuc BuAy afe]. 3Ha4eHHS iv LIOTO BUpa3zy € — MOBHHHO OyTH Itise umcio Big 0 mo k-1.
B omeparopax yMOBHOMY i UKy 3Ha4eHHS iv>(0 IUIOTO BUpa3y € €KBIBAJICHTHO JIOTIYHOMY 3HAYCHHIO
True.

Jani HaBe#eHO MPHKJIIAI IPOTpaMu B Wil MoBi. [Iporpama BBOTUTh MacuB a 3 10 eleMeHTIB, B OKpEMOMY
610111 (3 JIOKATIBHUMHU 3MiHHUMH 1S 1 C) BHOPSIIKOBYE HOTO, BUKOPUCTOBYIOUH «OyIH0aIIKOBE) COPTYBAaHHS,
1 BUBOIUTH BIOPSITIKOBAHUH MACHB.

{int 1, a[10];
i:=0; while (10 - i) {read a[i]; i:=i+1 };
{ intis, c;is :==1;
while (is) { is :=0:1:=0;
while (9 —1) {
if (a[i] - a[i+1]) {
is :=1; c:=a[i+1]; a[i+1] ;= a[i]; a[i] :=c¢ };

i=itl}}

;

'}:= 0; while (10-1) {write a[i]; 1 :=1i+1}

H

Omnwc MOBH TIPOTpaMyBaHHS OXOIUTIOE CHHTAKCHC 1 ceMaHTHKy. CHHTaKCHC MOBH IIPOTpaMyBaHHSI — II¢
OTHUC YCiX KOHCTPYKLIH, 10 YTBOPIOIOTh €leMeHTH MOBU. CeMaHTHKa MOBU BKa3y€e «3HAYCHHS» CHHTAK-
CHYHMX KOHCTPYKILiH. J[s ommucy ceMaHTHKN BUKOPHCTOBYETHCS CHOTaIliiHA ceManThKa. Crodarky ik-
CYIOTBCS IEHOTATH (SIK MPaBUJIO, MaTeMaTU4H1 00’ €KTH) HAaWOPOCTIIINX CHHTaKCUYHUX 00’ €KTiB. [ToTiMm i3
KOKHOIO CKJIaJICHOI0 CHHTAKCHYHOIO KOHCTPYKIIIEIO OB’ I3y€ThCS CEMaHTHYHA (QYHKIIiS, sSIKa 3a ICHOTaTa-
MH KOMIIOHEHTIB KOHCTPYKIii o0uuciioe i 3Ha4eHHS — AeHoTaT. OCKUIbKM MporpaMa € KOHKPETHOIO
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CHHTaKCHYHOIO0 KOHCTPYKIUI€0, TO TI ACHOTAT MOXKHA BH3HAYUTH, 3aCTOCYBABIIH BiJIOBIAHY CEMaHTHYHY
¢yHKII0. 3ayBaXXHMO, 110 caMa Iporpama Mpu 0O04KCIIeHHI ii 1eHOTaTa He BUKOHY€EThCA.

KonkperHuii i abcTpakTHUI CMHTaKCcHC

KoHKkpeTHHI CHHTaKCHC, IO OMHUCYEThCs 3a JoroMororo bBH® [2], MoxHa po3MianTy HA TPU YaCTUHU:
JIEKCHKa, BUPA3H 1 OTepaTopu.

VY JIeKkcuIli OUCYIOTHCS BCE JIGKCHYHI KOHCTPYKITii, sIKi BHKOPHCTOBY€E MOBA.

symbol =" LN PLCLYN N T 2
addOp = “+|<’;
mulOp = % | /| % ;

identifier = letter , { (digit|letter) } ;
kpim ‘int’ ‘if” ‘while’ ‘read’ ‘write’
decimal = digit, { digit} ;

letter =‘A| ... |Z]@]...|2;
digit =0’| ‘1 | 2713|456 7| 9%
identif = letter, { (digit|letter)} ;
reserved = ‘int’ | ‘if” | ‘while’ | ‘read’ | ‘write’ ;
OO0urcneHHs 3HaUe€Hb BUKOHYIOTh BUPA3H.
var = identifier, [ [, expr,]’];
expr = term , {addOp , term} ;
term = factor , {mulOp , factor} ;
factor = decimal | ‘', expr, )| var;
INocninoBHICTH Ailf ONMUCYIOTH ONIEPATOPU
program= stmt ;
stmt = ‘while’, ‘(“,expr, ), stmt;
| “if”, ‘(‘ , expr, ‘), stmt;
| ‘read identifier
| ‘write’, expr ;
| var, ::’, expr ;
| “{, [deﬁn] {defPrS} stmt, {0, stmt }, )
defin = ‘int’, defvar, { ‘), defvar},‘; ",
defvar = identifier, | °[*, decimal, ‘]’ ] ;
callSt = *‘(C,identifier , { ‘., identifier } , ) ;
definS = ‘int’,identifier, { ‘), identifier } , ;¢
defPrS = ‘proc’, identifier , procedS ;

procedS = ‘(’, [identifier , { °,, identifier }], ‘), stmt
JJis onucy ceMaHTHKH MOBH BiJIalOTh MepeBary abCTpakTHOMY CHHTAKCHUCY. 3B’SI30K Mik 00’ €KTaMu
KOHKPETHOTO i a0CTPaKTHOTO CHHTAKCUCY BUKOHY€E CHHTAKCUYIHUH aHAIi3.
AOCTpaKTHHI CHHTaKCHUC BU3HAYAE€ThCs THNamu: OiHapHOi omeparii Op, 3miHHOI Var, Bupasy Expr,
oronouieHHs 3MiHHOI VarDef, omeparopy Stmt i mporpamu Program.
data Op = Plus | Minus | Times | Div | Mod
deriving (Show, Eq)
type Var = (String, Maybe Expr)
data Expr = VarOp Var | Const Integer | BinOp Op Expr Expr
deriving (Show, Eq)
type VarDef = (String, Maybe Int)
data Stmt = Assign Var Expr | Read Var | Write Expr | If Expr Stmt
| While Expr Stmt | Block [VarDef] [Stmt]
deriving (Show, Eq)
type Program = Stmt

CuUHTaKCMYHUH aHaTI3

Jiis peanizaiii CHHTaAKCHYHOTO aHalli3y BUKOpHcTaHa 0ibmioTeka Parsec. CuHTaKCHYHMIA aHANI3 y il
0i0ioTeni BUKOHYIOTh CIICIiaibHi (YHKIT — aHamizaropu. CHHTaKCHYHHI aHAIi3aTop p, IO PO3Ii3Hae
3HAYCHHS THITY a Ha TI0YaTKy psjika THITy String, Mae Tin Parser a. Y BHIaJKy ycCIHixy 3aJIMIIOK PSJIKa, 10
aHaJli3y€eThCs, MePEeaeThCsl HACTYITHOMY aHaJIi3aTopy.
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Ha nepriiomy kpotri OyIyroThCs aHATI3aTOPH, IO PO3IMI3HAOTH JICKCHYHI OMHHUIII MOBH. MOBa 3 OJTHO-
BUMIPHMMHU MaCHBaMH J03BOJISI€ BYKUBATH MPOMIKKH MiX TOBUIBHUMH JIEKCHUHUMH OfuHUISIMA. CHUHTaK-
CUYHUI aHami3arop lexem p 3a aHamizaTopoMm p Oyaye aHami3aTop, SKHH PO3Mi3HAE KOHCTPYKIIIO p 1 BCi
MPOMDKKH 3a Hero. identif — aHamizarop, 1m0 po3mi3Hae MOCTiAOBHICTh OYKB 1 AECITKOBHX IHQp, KOTpa
nmoynHaeThes 3 OykBu. CuHTakcHYHMI aHamizaTop identifier — posmizHae ineHTH()IKaTOPH, IO HE 30ira-
IOThCS 13 3ape3epBOBAHMMH CIIOBAMH, BiAMOBIAHO aHamizaTop reserved st — po3mi3Hae 3ape3epBOBaHE
CJIOBO st.

identif :: Parser String
identif = do {c <- letter; cs <- many alphaNum; return (c:cs)}
lexem :: Parser a -> Parser a
lexem p = do {a <- p; spaces; return a}
identifier :: Parser String
identifier = try (do {nm <- lexem identif;
if (any(nm==) [«int»,»read»,»pwrite»,»ify,»while»])
then unexpected («reserved word « ++ show nm) else return nm} )
reserved :: String -> Parser ()
reserved st = try( lexem (do { <- string st; notFollowedBy alphaNum}))
symbol :: String -> Parser ()
symbol st =lexem (do { <- string st; return ()})
oper :: String -> Op -> Parser (Expr -> Expr -> Expr)
oper str bop = do {symbol str; return (BinOp bop)}
mulOp, addOp :: Parser (Expr -> Expr -> Expr)
mulOp = (oper «*» Times) <[> (oper «/» Div) <> (oper «%» Mod)
addOp = (oper «+» Plus) <> (oper «-» Minus)

Ha nactymHoMy kpomi Oyayemo anaiizaTopu BupasiB. [omoBHI 3 HuX: decimal — po3mi3Hae gucIo,
var — po3Ii3Ha€e 3MiHHY, MOXKITUBO 3 iHJEKCcOoM, factor, term, eXpr — poO3IMi3HAIOTh Pi3HI YACTUHH BHPA3y.

parens, brackets :: Parser a -> Parser a

parens p = do {symbol «(«; e <- p; symbol «)»; return e}

brackets p = do {symbol «[«; ¢ <- p; symbol «]»; return e}

decimal :: Parser Integer

decimal = do {ds <- many1 digit; return (read ds)}

dimension :: Parser Int

dimension = do {ds <- many1 digit; return (read ds)}

var :: Parser Var

var =do {v <-identifier;
me <- option Nothing (do {e<-brackets expr; return (Just e)}) ;
return (v,me) }

factor, term, expr :: Parser Expr

factor = parens expr <[> do {v <- lexem decimal; return (Const v)}
<[> do {v <- var; return (VarOp v)} <?> «factor»

term = chainll factor mulOp

expr = chainll term addOp

Ha 3akmodHoMy Kpolli OymayrOThCsl aHaIi3aTOpH OIeparopiB, OTOJIONICHb JaHUX 1 mporpaMu. Bemyda
¢yHKIis parseProgram s 3amyckae OCHOBHMH aHai3aTop program, IO PO3IMi3HAE B PSAKY S Mporpamy, i
aHaJi3y€e pe3yybTar Horo poOoTH. SIKIO PSIIOK S MICTUTh CHHTAKCUYHO TPABUIIBHY MPOTpaMy, TO (DYHKIIis
MOBepTae ii MPEACTaBICHHS B a0CTPaKTHOMY CHHTAKCUCI — JaHe TUlly Program. Y Bunajaxy CHHTaKCHYHO{
TTOMUJIKH MPOIIEC OOUUCIICHHS MePePUBAETHCS 1 TeHepYEThCs iH(GOpMAITis PO TTOMUJIKY.

braces :: Parser a -> Parser a
braces p=do { <- symbol «{«; e <-p; <-symbol «}»; return e}

semiSepl, commaSepl :: Parser a -> Parser [a]

semiSepl p = sepBy p (symbol «;»)

commaSep]l p =sepBy p (symbol «,»)

stmt :: Parser Stmt

stmt = do {reserved «while»; e <- parens expr; s <- stmt; return (While ¢ s)}
<> do {reserved «if»; e <- parens expr; s <- stmt; return (If ¢ s)}
<|> do {reserved «read»; v <- var; return (Read v)}
<> do {reserved «writey; e <- expr; return (Write e)}
<> do {v <- var; symbol «:=»; e <- expr; return (Assign v e)}
<|> braces (do {dll <- option [] defin;

sl <- semiSep1 stmt; return (Block dll sl)})
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<?7> «statement»
defin :: Parser [VarDef]
defin = do {reserved «int»; il <- commaSep! varDef; symbol «;»; return il}
varDef :: Parser VarDef
varDef = do {v <-identifier; mi <- option Nothing
(do {i<- brackets dimension; return (Justi)}) ;
return (v,mi) }
program :: Parser Stmt
program = do {spaces; r <- stmt; eof; return r}
parseProgram :: String -> Program
parseProgram s = case parse program «» s of
{Left er -> error (show er); Right p -> p}

KonrtekcTHi ymoBH

Ha xanb, moBHUIA onMC ASSIKUX CKIaJHUX KOHCTPYKIiH MpoLeaypHOi MOBU KOHTEKCTHO-BIIBHUM CHH-
TakcUCcOM (KOHKPETHHUM YU a0CTPaKTHHM) J]aTH HE MOXKHA. B IIbOMY BHITIaIKy BUKOPHUCTOBYIOTH KOHTEKCTHO
3aJIe)KHI MPaBUIIA, IO ONKUCYIOTh HEOOXI/THI TOIaTKOBI YMOBH.

KoHTekcTHI yMOBH € npeaukaTaMu, sIKi HaKJIaJaloTh HAa 00’ €KTH, BU3HAYCHI IIPaBUIIAMH a0CTPAKTHOTO
CHUHTAKCHUCY, T0JIaTKOBI KOHTEKCTHO 3aJieXKHiI 0OMexeHHs. B moganpiiomMy npu 3aJjaHHI CEMaHTUKH BBaka-
I0Th, II0 BUKOPUCTOBYIOTh JTUIIIE 00 €KTH, SIKi 33/I0BOJIBHSIIOTH I1i 0OMEXeHHS. BiNbImicTh KOHTEKCTHHX
YMOB IIOB’s133aHa 3 TPABHIBHUM Y)KHBAaHHSM JaHHUX Y MPOTPaMI.

Hns 30epiranns iH(opMmarlii npo maHi mporpamu (Sctp) BUKOPHUCTOBYIOTH «CTaTHYHE» CEPEIOBHUILE
(EnvSt)

data Sctp = Ar| Sc deriving (Show, Eq)

type EnvSt = [(String, Sctp)]

BuxopuctaHoMy B KOHTEKCTHHX YMOBaX CEpelIOBHINY €NV BiAMOBia€ CIUCOK YCiX, BITOMUX Y IIbOMY
MICIIi IpoTpaMH, iMeH 3MIiHHUX. [nenTudikarop id — imM’s cKanspHOT 3MiHHOI, SKIO B CIHCKY € mapa (id,
Sctp), ab0o iM’st 3MIHHOI-MacHBY, SIKII[O B CIIUCKY € mapa (id, Ar). KoHTekcTHI yMOBU 3a7aeMo Ui 00’ €KTiB:
Program (iswfProgram), Stmt (iswfStmt) i Expr (iswfExpr). ®ynkuis iswfExpr, 1110 nmepeBipsie KOHTEKCTH1
yMoBH BUpasy Expr, moBeprae 3HaueHHss Maybe Sctp.

Axmo iswfExpr e env == Nothing, To KOHTEKCTHI YMOBH JIJIsl BUPA3y € B CTATHYHOMY CEPEIOBHIIII env
He BUKOHYIOThCS. Skio iswfExpr e env == Just st, To yMOBU BUKOHYIOThCI 1 3HAYSHHS BUpa3y abo cKajsp-
He (st==Sc) abo macuB (st==Ar). KOHTEeKCTHI YMOBH BHKOPHUCTOBYIOTh JOITOMDKHHI Tpeaukar: distinct is
SIKUH TIepeBipsi€, U0 CIMCOK 1S He Mae TyOIiKaTiB.

distinct :: Eq a => [a] -> Bool
distinct [] = True
distinct (v:vs) = notElem v vs && distinct vs
iswfProgram :: Program -> Bool
iswfProgram pr = iswfStmt pr []
iswfStmt :: Stmt -> EnvSt -> Bool
iswfStmt (Block vdl sl) env =
(distinct (map fst vdl)) &&
(let envl = [(v,(maybe Sc (\ ->Ar)) d) | (v,d) <- vdl] ++ env
in all (flip iswfStmt env1) sl)
iswfStmt (Assign (v, Just ei) e) env =
(lookup v env == Just Ar) &&
(iswfExpr ei env == Just Sc) && (iswfExpr e env == Just Sc)
iswfStmt (Assign (v,Nothing) e) env =
(lookup v env == Just Sc) && (iswfExpr e env == Just Sc)
iswfStmt (Read (v, Just ei)) env =
(lookup v env == Just Ar) && (iswfExpr ei env == Just Sc)
iswfStmt (Read (v, Nothing)) env = (lookup v env == Just Sc)
iswfStmt (Write e) env = (iswfExpr e env == Just Sc)
iswfStmt (If e s) env =
(iswfExpr e env == Just Sc) && iswfStmt s env
iswfStmt (While e s) env =
(iswfExpr e env == Just Sc) && iswfStmt s env
iswfExpr :: Expr -> EnvSt -> Maybe Sctp
iswfExpr (VarOp (v,Just €)) env =
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if (lookup v env == Just Ar) && (iswfExpr e env == Just Sc)
then Just Sc else Nothing
iswfExpr (VarOp (v, Nothing)) env = lookup v env
iswfExpr (Const ) = Just Sc
iswfExpr (BinOp el e2)env =
if (iswfExpr el env == Just Sc) && (iswfExpr €2 env == Just Sc)
then Just Sc else Nothing

JlenoraTtu

3aBIaHHAM JCHOTAIlIITHOI CEMaHTHKH MOBH IPOTPaMyBaHHs € ITOB’S3aTH 3 KOHCTPYKI[ISIMA MOBH II€BHI
MareMaTH4Hi 00’ €KTH (CITUCKH, TabnuIli, QyHKIIT) —IeHOTaTH, AKi 3aJ]aI0Th «3HaYEeHH:» (CEMaHTHKY) KOH-
cTpykiiit. CeMaHTHKa MOBU — Ha01p ceMaHTHYHUX (DYHKIIIH, sIKi BiTOOpaXKarOTh CAHTAKCHYHI KOHCTPYKIIIT
MOBH, 30KpeMa IIporpamy, y BiAIIOBITHI JEHOTATH.

type Work = ([Integer], [Maybe Integer], [Integer])

s onmcy ceMaHTHKH MOBH BHKOPHCTOBYIOTh CTaH — naHe Tuiry Work. Lle kopTex i3 TppoX eneMeH-
TiB (inp, stg, out), 10 MOJEIIOE TpU HAOOPH 3HAYEHD, 13 IKUMU MPALIOE ITporpama: Cucok Hinux [Integer]
inp MIiCTUTH BXiJHI IaHi ((haiin BBeZCHHs); CIMCOK 3Ha4eHb [Maybe Integer]| stg 30epirae moTOYHI 3HAYECH-
Hs BCiX 3MIHHHUX Iporpami (IaM sTb); CIIMCOK iuX [Integer] out MicTUTH pe3ynbTytodi JaHi ((haiin BuBe-
JCHHS). 3ayBa)XMMO, 10 3HAYCHHS CKAJISIPHOI 3MIHHOI POTpaMH — II€ EIEMEHT CITUCKY Stg, a 3HAuCHHS
MacHBY po3MipHOCTi k — 11e k mocmiIoBHO po3TalIoBaHuX eIeMEHTIB CIIUCKY Stg. SIKIIO MOTOUHE 3HAaYEHHS
JIesIKOT 3MIHHOT € IIiJIe V, TO B CITUCKY Stg i MOTOYHE 3HAYSHHSI BiOOPaXKaroTh K Just v, a SKIIO 3MiHHIH 1Ie
He OyJI0 MPUCBOEHO HISIKOTO 3HAYEHHS, TO MMOTOYHE 3HAYECHHS BigoOpaxarTh sk Nothing.

Jiist poGoTH 31 cTaHOM ceMaHTHYHI (DYHKIIT BHKOPUCTOBYIOTh (DYHKIIIT, SIK1 YIIPABJISIOTE PO3MIPOM Jpy-
roi KOMIIOHeHTH pobouoro crany allocate, getBase i free; mpaimoroTs 31 3Ha4eHHsAM 3MiHHHMX getValue
1 updValue; npairorots 3 daiiiom BuBeneHHs writeValue Ta daiinom Beenenns readlnput i droplnput.

allocate :: Int -> Work -> Work
allocate k = \(inp,stg,out) ->
let beg = [Nothing | <-[1.k]] in (inp, beg++stg,out)
getBase :: Work -> Int
getBase = \(_,stg, ) -> length stg
free :: Int -> Work -> Work
free k = \(inp, stg,out) -> (inp, drop k stg,out)
getValue:: Int -> Work -> Integer
getValue k =\(_,stg, ) ->
let p = length stg - k in case stg!!p of
{ Just v ->v; Nothing -> error «valueNothing»}
updValue :: Int -> Integer -> Work -> Work
updValue k v = \(inp,stg,out) ->
let {p = length stg — k; (beg,end) = splitAt p stg;
stgl = beg ++ [Just v] ++ (tail end)}
in (inp,stgl,out)
writeValue :: Integer -> Work -> Work
writeValue v = \(inp, stg, out) -> (inp, stg, out ++ [v])
readInput :: Work -> Integer
readInput = \(inp,_, ) ->
if null inp then error «readInput» else head inp
droplInput :: Work -> Work
dropInput = \(inp,stg,out) -> (tail inp,stg,out)

YopaBniHHS JUHAMIYHOIO TIaM ATTIO B poOodoMy cTaHi (inp,stg,out) pearnizye apyra KOMIOHEHTa Stg.
Oynxkii allocate k (inp,stg,out) i free k (inp,stg,out) mparroroTh 31 CIIUCKOM Stg K 31 CTEKOM: TIiepIiia — Ha
MoYaTKy BUKOHAHHS OJIOKY, SIKUI BBOJUTH JIOKAJIbH1 3MiHHI, JIOIa€ B CIIUCOK Stg K eneMeHTiB 715 po3MillIeH-
HsI 3HAYCHD JIOKATBHUX 3MIHHHUX OJIOKY, a pyTa Iicis 3aKiHYeHHs] BUKOHAHHS OJIOKY BIUTydae ix. (3HaueHHs
k BH3HauaeTHCS PO3MIPHOCTAMH JIOKAJIBHUX MACHBIB 1 KUIBKICTIO JIOKAJbHUX cKamapiB. Hampuxmax mis
o3HavyeHHs int i, c[10], m; maemo k=12.)

Oynkuis getBase (inp,stg,out) moBepTae TOBKUHY CIHUCKY Stg. SKIIO CIUCOK stg, mepes] BUKOHAHHSIM
OJIOKY, SIKMi BBOITUTH JIOKaJbHI 3MiHHI int i, c[10], m; mMae b (pe3ynprar ¢yHKIii getBase) enmemeHTiB
stg =[al, ..., ab], To micns BukoHaHHs ¢yHKIi allocate crnmcok stg Oyne martu (12+b) enemenTiB stg = [vm,
ve9, ..., vel, vel, vi, al, ..., ab]. vci — Mmo3HavYae eeMEHT CITUCKY Stg, B SKOMy Oyzie 30epiraThcs IOTOY-



154 e-ISNN: 2617-7323. Hayxkosi 3amucku HaYKMA. Komn ' 'totepsi Hayku. 2025. Tom 8

HE 3HAYCHHS CJIEMEHTY C[1] JIOKAJTBHOTO MacHBY C B IPOIeCi BAKOHAHHS 0J10Ky. Ko HeoOXiIHO MpH BUKO-
HaHHI OJIOKY OTpHMAaTu AOCTYI J0 3MiHHOI Vi 3 afpecoro k, TOCUTH B3SITH €JIEMEHT CIIUCKY Stg 3 iHIEKCOM
p = length stg — k.

Oynkuis getValue k (inp,stg,out) 3HaXOAUTH NOTOYHE 3HAYECHHSA 3MiHHOI aapecoro k. Ko 1e 3HaueHHs
Just v, To moBeprae v, a skmo Nothing, To renepye mommiky “valueNothing”. ®ynkiis updValue k v
(inp,stg,out) peanizye 3MiHy TOTOYHOTO 3HAYEHHS 3MiHHOI 3 aipecoro k. 3HaYeHHS eTIeMEHTY CITUCKY Stg 3
ingekcoM p = length stg — k mokanarots Just v.

Oynkuis writeValue v (inp,stg,out) 3MiHIO€ CTaH, TOAAI0UU B KiHEI[b CIIMCKY Out IIijie 3HAUCHHS V.

Oynkuis readlnput (inp,stg,out) moBepTae nepiie 3Ha4SHHS 31 CIIUCKY inp, SKIIO CIACOK TTOPOXKHIN, TO
reHepye noMmiky “readInput”. dynkuis droplnput (inp,stg,out) 3MiHIOE cTaH, BITy4YarodM IEPLINH ese-
MEHT CITUCKY inp. BukopucToByrOTH Bingpasy micis GyHkiii readInput.

CemanTH4Hi QyHKuil

HasBHicTh OJOKIB MPUBOAUTE IO TOTO, IO B KOHKPETHHUX MPOrpaMax OAHE 1M s MOXKE MMOCHJIATHUCS Ha
Pi3HI 3HaYCHHS (OTHC CKAJIIPHOT 3MiHHOT y BHYTPIIIHEOMY 1y 30BHIIIIHBOMY OJI0Kax). KpiM Toro, omHe iM’st
MacHBY IIOB’s13aHE 3 JIeKIJIbKOMa 3Ha4€HHS (€JIeMEHTH 3 PI3HUMU 1HJIEKCaMH).

Jis OB’ sI3yBaHHsI IMEH 3MIHHUX 3 iXHIMH JIeHOTaTaMu (HOMepaMU €JIEMEHTIB CIHCKY stg, Jie 30epira-
€ThbCA NTOTOYHE 3HAUEHHS 3MIHHOT) BUKOPUCTOBYIOTh CEpPEeIOBHILE — 3HauUeHHS Tuiy Env.

type Env = [(String,(Maybe Int, Int))]

Axmio int a — ckansapHa 3MiHHa, 3 SKOIO B env 3B’s3aHO eneMeHT (a,(Nothing,3)), To stg[3] MicTUTh
MOTOYHE 3Ha4YeHHs a. SIKio int b[4] — MacuB, 3 akuUM B env 3B’s13aH0 eneMeHT (b,(Just 4,7)), To stg[7] mi-
CTHUTb MTOTOYHE 3Ha4YeHHS eneMenTa b[0], stg[6] micTuTh 3Ha4eHHs b[ 1], stg[5] — 3Hauenns b[2], stg[4] —
3Ha4eHHs b[3] BiAMOBIAHO.

VY ceMaHTHYHUX (QYHKIIIX BUKOPUCTOBYIOTH TaKi JOMOMDKHI (yHKIIII.

applyBo :: Op -> Integer -> Integer -> Integer
applyBo Plus vl v2 =vl +v2
applyBo Minus vl v2 =vl - v2
applyBo Times vl v2 =v1 * v2
applyBo Div vl v2  =if v2 /=0 then div vl v2 else error «DivOnZero»
applyBo Mod vl v2  =if v2 /=0 then mod v1 v2 else error «kModOnZero»
alloc :: Int -> (Maybe Int) -> Int
alloc s mi = s+(maybe 1 id mi)
extEnv :: [VarDef] -> Int -> Env -> Env
extEnv vs b =\env >
let {(ns,mi) = unzip vs; mls = zip mi (scanl alloc 0 mi);
nenvl = (zip ns [(m, (b+i+1)) | (m,i)<- mls]) ++ env}
in nenvl
getLocation :: String -> Env -> (Int,Int)
getLocation s env = case fromJust $ lookup s env of
{((Qust n), k) -> (n,k); (Nothing, k) -> (1,k)}
eLocation :: Var -> Env -> Work -> Int
eLocation (s, Just ei) env =\w ->
let {i = fromIntegral (eExpr ei env w) ; (n,k) = getLocation s env}
in if >=0 && i<n then k+i else error “Index”
eLocation (s, Nothing) env =\ w -> let (_,k) = getLocation s env in k

[Ipu oOuucnenHi Bupa3y BUKOPHCTOBYIOTH (yHKIII0 applyBop op v1 v2, sika o6umciioe pe3yasTar 3a-
CTOCYBaHHs OiHApHOI omepallii op 10 MUIKMX 3HadeHb v1 1 v2. Y Bumaaky oOuucieHHs omepariii Div abo
Mod, sKmmo apyruii omnepaHA piBHUI HyMIO, TO TeHepyeThes nommika “DivOnZero” abo “ModOnZero”.
CuHTaKCHYHMI aHami3, 0OpOOJSIOYH OTOJIOMICHHS 3MIiHHOI, (opMye iHpOpMAIIifo PO 11 pO3MIpHICTh —
00’exT Ty Maybe Int. SIkio 3miHHa ckaysip, To ii po3mipHicTs — Nothing, a sixmo macus i3 k exemen-
TiB — 10 Just k. ®ynkuis alloc s mi 3a po3MipoM S CIIUCKY Stg BU3HAYA€E HOTO HOBHI PO3MIp MiCIsI BUILICH-
Hs IIaM’SIT1 Mi]] 3HAYeHHS 3MIHHO1 3 pO3MipHICTIO mi. (J{pyra KOMIOHEHTa CTaHy — CIHCOK Stg — peaisye
IWHAMIYHE YIPABIiHHS ITaM’SITTIO: IPU BXOJl B OJOK — Ha MOYATKy CIHCKY BHIUIIETHCS MaM SITh, a MIPH
BHXOJli — 3BUIBHIOETHCS.) DyHKIisA extEnv vs ps b env 3a cepenopuiem env, B SKOMy MOTPIOHO BUKOHATH
OJIOK 13 JIOKQJIbHUMH 3MIHHUMH VS 1 po3MIpoM b CriHCKy Stg, SKHI MOJIEIIOE TIaM’ATh, Oyy€ HOBE PO3MIIHpE-
HE CEepEAOBHIIE.
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Oyukmis getLocation s env 3a iMeHeM 3MIHHOI s ¥ cepenoBuIi env GpopMye iHGOpMAIIiI0 PO YACTHHY
CIIMCKY Stg, BUJILIEHOTO Mij 30epiraHHs 3HaYEeHHs 3MiHHOI S, HOBEpTaro4Iu napy (n,k): n — po3mip ydacTky
(mns ckansipHOi 3MiHHOT 1)1 kK — azapeca #oro mouarky. @yHkiis eLocation (s, mei) env 3a iMeHeM 3MiHHOT
S 1 iHIEKCOM mei BUPAxOBye ajpecy elIeMeHTa mam siTi, e 30epiraeTbcsi 3HAYECHHS, B CEPENOBUII env.
Sxmio s — ckanspHa 3miHHa, To mei == Nothing 1 agpec po3Mirtienns i 3HaueHHs getLocation s env. B iH-
HIOMY BUIaJKy mei == Just €i, 32 BUpa30M €1 BUPaXOBYEThCS 3HAUCHHS 1HJIEKCY 1. SIKIIO 11e 3HaUeHHS 3a/10-
BOJIbHSIE PO3MIPHICTh MacHBY, TO BUPAXOBYETHCS aJipeca, B IHIIIOMY BHIIAJKY TeHEepy€eThes moMuiika “Index”.

Henoraramu BupasiB Expr i oneparopis Stmt MoBHU € BiNnOBiAHO ¢yHKIIT 3MiHK cTany Tuiry Work >
Integer i Work -> Work, a nenorarom nporpamu Program — ¢ynkiis tuny [Integer] -> [Integer]. 1i me-
HoTatu OyaytoTh ceMaHTHuHi ¢yHKLIT eExpr, iStmt 1 iProgram, Bingnosigno. @yHkKis extEnv vs b env Bu-
KIMKaeThes B QyHKIIT 1Stm npu popmyBanHi neHoTary 010Ky (Block vs sts). @yHKIIist BUALISAE TaM ATh ITiJ]
3HAYEHHS OTOJIOIIEHUX y OJIOI JTOKAJTbHUX 3MiHHHX VS 1 32 MOTOYHUM PO3MIpoM b cIucKy stg dopmye ne-
HOTaTH JIOKAJIBHUX 3MIHHHX VS, PO3IIUPIOIOYHN CEPEIOBHINE env. BijbIIicTh cCeMaHTHYHUX (YHKIIN s
JOCTYIy 10 J€HOTaTiB 3MIHHUX BUKOPHCTOBYIOTh CEPEOBHIIE SK TOJATKOBUI TapaMeTp.

eExpr :: Expr -> Env -> Work -> Integer

eExpr (VarOp var) env  =\w -> getValue (eLocation var env w) w

eExpr (Const v) _ =\ >v

eExpr (BinOp op el e2) env =\w >

applyBo op (eExpr el env w) (eExpr €2 env w)
extEnv :: [VarDef] -> Int -> Env -> Env

extEnv vs b =\env ->

let {(ns,mi) = unzip vs; mls = zip mi (scanl alloc 0 mi);
nenv1 = (zip ns [(m, (b+i+1)) | (m,i)<- mls]) ++ env}
in nenvl

iStmt :: Stmt -> Env -> Work -> Work

iStmt (Assign var e) env = \w ->

updValue (eLocation var env w)(eExpr e env w) w
iStmt (If e s) env =\w ->
if eExpr e env w > 0 then iStmt s env w else w
iStmt wh@(While e s) env =\w ->
if eExpr e env w > 0 then iStmt wh env (iStmt s env w) else w
iStmt (Block vs sts) env =~ =\w ->
let {k = foldl alloc 0 (map snd vs); wl = allocate k w;
nenv = extEnv vs (getBase w) env
w2 = foldl (\wr s -> iStmt s nenv wr) w1 sts }
in free k w2
iStmt (Read var) env =\w ->
let {v = readInput w;
w1 = updValue (eLocation var env w) v. w}
in dropInput w1
iStmt (Write e) env =\w -> writeValue (¢Expr e env w) w
iProgram :: Program -> [Integer] -> [Integer]
iProgram prog ix =
let {w = (ix, [],[]); (_,_,0x) = iStmt prog [] w} in ox

Peanizanis

Buxopucrasmm moBy Haskell [3], HaBezieHO teHOTAITiifHHI ONKC iMIIEpaTHBHOI MOBH, IO MICTHTb IIiJTi
CKaJIsIpHI 3MIHHI 1 1[I OTHOBUMIpHI MacuBH. OINKC OXOTUTIOE CHHTAKCHC 1 ICHOTAIlIMHY CEMAaHTHKH MOBH.
CHHTAKCHC MICTUTh: KOHKPETHUH CHHTAKCHC, SIKUH ONMUCYETHCSI CHHTAKCHIHUMH IPAaBIJIAMH B PO3IIH-
peniit BH®; abcTpakTHUH CMHTAKCHUC, 110 MICTUTh TUIH OiHapHOi onepaiiii Op, 3MiHHO1 Var, Bupasy Expr,
orosornreHHs 3MiHHOT VarDef, orieparopy Stmt i mporpamu Program; KOHTEKCTHI YMOBH, SIKi HAKJIaJal0Th Ha
00" €KTH, BU3HAYEHI MTPaBUJIaMH a0CTPAKTHOTO CUHTAKCHCY, JOAATKOBI KOHTEKCTHO 3aJIeKH1I 0OMEXEHHS.
JleHoTaliifHa CEMaHTHKa OXOILIIOE: OCHOBY JIeHOTaTiB MOBH — TUN Work, 1110 3ajae ctaH mporpaMu
MOBH 3 MacuBaMHU, Ta 0a30B1 PyHKII1, sKi IPAIIOIOTh i3 HUM; IEHOTAaTH CHHTAKCUYHHUX KOHCTPYKII MOBH
(Expr, Stmt, Program) — ¢ynkmii 3miau crany Work -> Integer, Work -> Work i [Integer] -> [Integer];
ceMaHTW4HI (QyHKILIT, Ki OyAyIOTh IEHOTAaTH CHHTAKCUYHHUX KOHCTpYKIiii: eExpr, iStmt, iProgram.
3ayBa)KuMoO, 110 Bei (DyHKIIIT 0a30Bi, JCHOTATH 1 CEMAaHTHYHI — YHCTI (QYHKIIII.
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Buxopucrapim uncty QyHKIFO parseProgram, sika peaizye CHHTAKCHYHHNA aHalli3 MOBH, OyIyeMO 1H-
TepmpeTarop interpret (ToOTO pearnizaiito) MoBH. SKII0 mporpama (psSA0K S) CHHTAKCUYHO MPaBUIIbHA, TO
IHTEepIpeTaTop, 3aCTOCYBABIIH JI0 PE3YJIbTaTy CHHTAKCHUYHOTO aHaIi3y pr ceMaHTHYHY (YHKIi0 iProgram,
Oyzye I€HOTAT MpOrpamMu, sIKUHM MOTIM 3aCTOCOBYE A0 BXiTHHX JaHuX ix — iProgram pr ix. interpret —
yrcTa QYHKIIISA, alie SKIIO Ha KPOIll CHHTAaKCHYHOTO aHaJi3y, MepeBipKH KOHTEKCTHUX YMOB a00 MpH 3aCTO-
CYBaHHI JICHOTaTy BUHHMKAE IOMIJIKA, TO OOYHCICHHS IepepUBAETHCS, TEHEPYIOUH BiTIOBIAHE MOBIJOMIICH-
H (QyHKIsS error).

st 3pyqHOCTI poboTH OynyeMo ocHOBHY (yHkmito interpretFile sf ix, sika Ha MouaTKy BBOAUTH MPOrpa-
My MOBH 3 (aiiny sf, a moTiM BUKOPHCTOBY€E YHCTY (YHKIIIO interpret AJis iIHTepIpeTallii mporpamu.

interpret :: String -> [Integer] -> [Integer]
interpret st ix = let {pr = parseProgram st; wf = iswfProgram pr}
in if wf then iProgram prix else error «Contex»
interpretFile :: String -> [Integer] -> 10()
interpretFile sf ix = do {st <- readFile sf; print (interpret st ix)}

HaiimpocTimmii coci6 peanizanii, BpaxoBylour HeBenuKui 00’eM HaBenennx Haskell-gynxuii, 3i0pa-
TH BCi elleMeHTH B ogHOMY (aiiii DenotArFull.hs i ckopuctarucs intepnperaropom Haskell ghei.

Hagsenemo crpyxrypy daiiimy DenotArFull.hs.

{-# OPTIONS_GHC -Wall #-}

module DenotArFull where

import Text.ParserCombinators.Parsec

-- AGCTpakHUI CHHTAKCHC 1 THTIH,

-- 1m0 BUKOpUCTOBYIOThC: Work, Sctp, EnvSt, Env

Jaii HaBesieHo npukian poootu 3 mporpamoro DenotArFull.hs, sika inTepnpeTye nporpamy copTyBaHHS
(aiin bubbleSort.txt), B komangHOMY psaAKy (mporpama cmd.exe). [Iporpamy cmd noTpiOHO BUKOHYBaTH

B KaTaJio3i, mo Mictuth (aiimm DenotArFull.hs 1 bubbleSort.txt.
> ghci DenotArFull.hs

ghci> interpretFile «bubbleSort.txt» [45,2,4,78,12,45,78,13,67,20]
[2,4,12,13,20,45,45,67,78,78]
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V. Protsenko

DENOTATIONAL SEMANTICS OF ONE-DIMENSIONAL ARRAYS

An imperative programming language is considered that has integer scalar data and one-dimensional
arrays. Each variable a in this language is either an integer scalar variable a or an integer one-dimensional
array alk], where k>0 is a positive integer. Such an array has k elements, which are sequentially arranged
and numbered as a[0], a[l], ..., a[k-1]. A program is a separate statement, usually a block with a
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description of local integer variables (scalar or arrays) and a list of statements — the body of the block. All
expressions in the statements calculate a scalar integer value. Work with an array is carried out only ele-
ment by element. If a[k] is an entire one-dimensional array, then access to an individual element of the
array is performed by an indexing operation - a record of the form afe]. The value of the integer expression
e — must be an integer from 0 to k-1.

In a program, one name can refer to different values (a variable description in the inner and outer
blocks). In addition, one array name is associated with multiple values (elements with different indices). To
associate variable names with their denotations (memory addresses where the current value of the variable
is stored), an environment is used — a value of type Env.

type Env = [(String,(Maybe Int, Int))]

If Int a is a scalar variable with the denotation (Nothing,3) associated with it in the environment, then 3
is the memory address containing the current value of a. If Int b[4] is an array with which the denotation
(Just 4,7) is associated, then 7 is the memory address containing the current value of element b[0], 6 is the
address where the value b[1] is found, 5 is the address of b[2], and 4 is the address of b[3], respectively.

The functional language Haskell is used to describe this imperative language, which includes syntax and
denotational semantics. All functions included in the description are pure. It is shown how to use these

functions to build a pure function — a language interpreter.

Keywords: programming language, program, statement, expression, variable, one-dimensional array,
syntax, denotation, semantic function, Haskell, interpreter.
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ABTOMATHU30BAHA CUCTEMA BUSABJIEHHSA
AHOMAUJIINA Y BI3BHEC-JIAHUX

Y emammi onucano nposedenutl ananiz npoyecy 8Us8ieHHs AHOMANIl y Oi3HeC-0aHux, 8i0oMi NPpocpam-
Hi piwenns, chopmynbo8aHO BUMOU 00 CUCMEMU MA ONUCAHO PO3POONEHY ABMOMAMUI0BAHY NPOSPAMHY
cucmemy 8usAsieHHs anomaniu. L{a cucmema cknadaemuscs 3 nPOSPAMHUX MOOYILI8, MAE BUCOKY AOANMUB-
HiCMb, € 1e2K01 00 MOOUDIKAyii i 3PYUHOI0 Y BUKOPUCTHAHHI.

Pospobnena cucmema nosnicmio 8ionogioac nocmagieHum pamiuie 6UMO2aM. 1€2KiCMb ) HANAUIMYB8AH-
Hi 3a0e3neuyempbes inmep@etcom Kopucmysaua i IHmepakmusHUM NPOYECcoM, SHYUKICHb [ 1e2KiCb Kacmo-
Mizayii — 06paHUMU MEXHONO2IAMU Ma APXIMEKMYPHUMU AOCMPAKYIAMU, HAOIUHICIMbL — PO30LIEeHHAM
KoMnonenmie uepes uepey 3a0ay, QpyHKYioHANbHI 8UMO2U — PO3pOOIeHUMU CKAA008UMU MoOyasamu. Cucme-
Ma 8UKOHYE NOCMABNEHY 3a0aYy A8MOMAMU308AHO20 GUAGIEHH AHOMATI ) Oi3Hec-0anux i 8ionogioae
CYYACHUM CIMAHOAPMAM Y 2any3i OAHUX.

Kuro4uoBi ci1oBa: BUSBIIEHHS aHOMATIi, MPOrpaMHa CUCTEMa, BUMOTH JI0 CHCTEMH, apXiTeKTypa, TEXHO-
norii, Beomonarok, FastAPI, Celery, REST API, Pandas.

Beryn

«ani — nadTa XXI cromiTTs» — 1i cioBa Opuranchkoro Mmatematuka Kiia 'am6i y 2006 p. [1] (TyT
1 TaJi mepekyia Hall) 03HaMEHYBAJIX TOJIOBHY XapaKTEPUCTHKY CY4acHOTO IU(PPOBOTo cBiTy. JJaHi choroa-
Hi € HaWIiHHIOMM 1 3aTpeOyBaHUM pecypcoM. OmHaKk AaHi HE MAIOTh IPSMOI KOPHCTI B TOMY BHITISII,
B SIKOMY BOHHM €, — JUIsl 3aCTOCYBaHHS BOHU NOTPeOyIOTh 00poOieHHs 1 inTeprperauii [1]. Benukuit o6car
JTaHUX TOTpedye aBTOMAaTH30BAaHOTO OOPOOIICHHS.

Takum 4yuHOM, A7s 3a0e3redeHHs] CBO€l AisUIbHOCTI KOMIaHii MycaTh 0a3yBaTd CBOIO aHAJITHKY Ha
JIAaHHX, [0 CTA€ JIeAalli BAKYMM 3aBIaHHSAM uepe3 MOCTiHE 3pOCTaHHS iXHBOI BapiaTUBHOCTI Ta 00’ eMy.
TomoBHMMU mpoOeMaMu TYT € HaaiHICTh qanuX (data reliability) Ta mBuaKa ineHTH}IKALIS 3MIHA TPEH-
niB. [Ipobmema HamifHOCTI TaHUX € HAPDKHOIO B iHAYCTpii, OCKUTBEKH cydacHi Oi3HECH ONepyIOTh TaHUMH,
110 MOXOAATH 13 PI3HOMaHITHUX JKepen (OyXxraarepcbki CUCTEMH, CUCTEMH 3BITHOCTI, npogaxiB, CRM
CUCTEMH, JIaH1 aKTUBHOCTI COIIaJBbHUX MEPEXK, JaHi CUCTeM OOIIKY CIiBpOOITHHKIB Tomo.). Taki maHi
YacTO HEMPUIATHi J0 BUKOPUCTAHHS OPasy, OCKUIBKH MiCTSTh MOMUJIKH Ta HETOUHOCTI. 1X 3HAXOMKEHHS
€ KIITACHYHOIO MPo0IIeMOoI0 aHaii3y TaHuX. Takok Oi3HeC CTUKAETHCS 3 MOTPeOOIo MIBHUIKO i1eHTH(iKyBaTH
HE3BUYHY MOBEIIHKY JaHUX, IO € IHJUKATOPOM NEBHHUX CYTTEBUX 3MiH, SIKi BHOCSTH KOPEKTHBH 10 0i3-
Hec-TIporieciB. BUPI3HATH Taki BHIAJKU cepell BEIMKHX OOCSTiB JaHWX IBUAKO — CKIIQJIHA 33ja4a, 110
BaXKKO PO3B’SI3y€THCS 3a JOIIOMOTOI0 3BUUHUX MPAKTUK aHAIII3Y NaHUX.

Tomy Garato 6i3HECiB 3BepTaOThCS JIO TEXHIKM aBTOMAaTH3allii BUSBJICHHS aHoMalii (outlier detection),
10 JonoMarae BU3HAyaTW OAMHHULI JAaHUX, AKI HE JOTPUMYIOTHCS MaTepHy MOBEAIHKM 1HIIMX AaHuX. Lli
METOIH IIUPOKO 3aCTOCOBYIOTH JUISI BUPIIICHHS MPOOIeM Ha KINTAIT ONTHMI3aIlil BUTpAT, BUSBICHHS BH-
MaJKiB MaxpaicTsa TOLIO.

1. AnaJji3 nociigeHsb Npo BUSIBJIEHHSI aHOMAJIii

CraHoM Ha ChOTOJIHI MOXHA CKa3aTH, IO BHsBIeHHs aHomaniii (outlier detection, Takoxx anomaly
detection) — 1e ycraneHa raixy3b Hayku npo naHi (data science), 10 TOCTIKY€E TIAXOIU 1 METOAHU BUPI-
HIeHHs npoOieMH BU3HAYEHHS aHOMAaTil y nannxX. OAHIEI0 3 TePIINX BiIOMUX HAyKOBHX POOIT Ha IIO TEMY
BBaXKarOTh CTarTiO BHKIagada KopomiBebkoi tmkonmu Jlonmona ®. Emxsope (Francis Edgeworth) «On
discordant observationsy» [4], 1€ aBTOp BU3HAYA€ TUCKOPJAHTHI CIIOCTEPEIKEHHS SIK Ti, IO «...CIIPABIISIOThH
Bpa)XEHH BIIMIHHOCTI BiJl IHIIUX CIIOCTEPEXEHb BIIHOCHO JI0 3aKOHY, 3 IKMM PO3MOALIEH] iXHI YaCTOTHY.
3 MJIMHOM Yacy JOCIIHKSHHSM i€l IpoOieMy MpUIIsII Jean Oliblie yBary.

© IocmHuixos M. A., Topoxoscekuii C. C., 2025
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[Tepmri rpyHTOBHI HampaIfOBaHHS IIOJI0 BU3HAYCHHS aHOMAJIii 3pO0OHIIN TOCIITHUKH B Tally31 CTATUCTH-
ku. Tak, Knacuyne BU3Ha4eHHs aHomaii HaBoauth ®@. Ipabc (Frank Grubbs): « AHOMAJIBLHUM CIIOCTEpE-
KEHHSIM, a00 “‘aHOMAaJIi€r”, € Te, 10 IOMITHO BUAUIAETHCS Cepe]l iHIINX WICHIB BUOIPKH, Jie BOHO 3yCTpi-
qaeTbesa» [9, p. 1]. ABTOp BUALISAE 1Ba TUITA AaHOMAJIBHUX CIIOCTEPEKEHb: Ti, «...I0 € CEPHO3HUM CBiTUCH-
HSM IIPO BapiaTUBHICTh JaHUX BHUIAJKOBOTO XapakTepy...» [9, p. 1], 1 Ti, «...II0 € pe3yJabTaTOM CEpHO3HUX
BiIXWJICHB BiJ{ IIPOLEIYPH [CTATHCTHYHOTO]| EKCTIEPUMEHTY a00 MOMUIIKH B MiApaxyHKaxX UM 3allUCcax YuC-
JIOBOTO 3HaueHHs» [9, p. 1]. lochiTHUK HABOAUTH OIMKC PO3POOICHNX HUM KPHUTEPiiB BU3HAUCHHS aHOMAaITil
y CTaTUCTUYHUX JaHUX 1 3a3Havae, 10 «...Maixe BC1 [po3po0iieHi] KpuTepii Ui aHoMalliil IPYHTYIOThCS Ha
nependadenni po HopmanbHuii ([aycosuit) po3nomin abo MOmyJIALio, IO JEKUTH B OCHOBI [1anux]» [9,
p. 3]. JlonaTkoBO aBTOp MiAKPECIIOE, IO 3HAXOKEHHS aHOMAJlid € HacamIepell iHIUKaTopoM MoTpedn
MOJAJIBLIOTO JOCTiIXKEHHS 1 BUABJICHHA IPUYMHU TXHBOT IIOSIBU, OCKIIBKH HasIBHICTh aHOMaJIiii He 000B’ 13-
KOBO 03HAyae, M0 TaKi CIIOCTEPEKEHHS MOTPEOYIOTh 0COOIMBOTO MOBOPKEHHS UM MalOTh OYTH BiAKHUHYTI
[9, pp. 20-21].

[pYHTOBHHM JOCIi/DKEHHSIM BU3HAYEHHS aHOMAJIH y CTATUCTUYHUX JAHUX craja MoHorpadis . To-
kin3a (Douglas Hawkins) «Identification of Outliers» [10]. 3a ['okiH30M, aHOMAaist — II€ «...CIIOCTEPEKEH-
Hs, [0 HACTIJIbKH CHJIBHO BIIXWIIAETHCS BiJl IHIMHX CIIOCTEPEKEHB, IO BUHHUKAE M1103pa, 110 BOHO OYyII0
3reHepoBaHe 1HIIUM MeXaHi3MoM» (TyT 1 Aaii nepexiiaf Haw) [10, p. 1]. ABTop BUILIsSI€ 1Ba OCHOBHI Mexa-
HI3MH TIOXOPKEHHSI aHOMAJTii: KOJIM JaHi TOXOJSATh BiJl PO3MOAUTY 3 «BaxXKUMHU xBocTamMm» (heavy-tailed
distributions) i KoJTu JaHi TOXOJATH BiJl JBOX PO3MOILIIB, OIMH 3 IKUX TeHEPY€E HOPMaJIbHi JaHi, a 1HIITHH —
anomaii [10, pp. 1-2].

Haii6inp1r 3nauynoro poboTor OCTaHHIX POKIB y c(epi CTao JOCHTIIKSHHS HayKOBIIiB 3 YHIBEPCUTETY
Minnecotu B. Hanmona (Varun Chandola), A. barepmki (Arindam Banerjee) i B. Kymapa (Vipin Kumar),
onyonikoBane B 2009 p. [3], ne Oyno mpoaHai3oBaHO MOHAJ COTHIO JOCIHIJDKEHb 1 MiJICYMOBAHO HasBHI
3BEpIICHHS B Iiid ranmy3i. Tak, JOCTiIHUKA Jat0Th BU3HAYCHHS aHOMAJISIM SIK «...TIATEPHAM B JIAHUX, 10 HE
I JIKOPIOFOTHCS TIOHATTIO PO HOPMAaITbHY TTOBEIIHKY» [3, p. 2].

UYepes Te, 110 aHOMATIi € MIMPOKUM THOHITTSIM, TEXHIKA BHSBICHHS aHOMAJii MaroTh Pi3HOMaHITHE
MPaKTHYHE 3aCTOCYBAHHS: GUAGNEHHA WKIONUBOI NOBEOIHKU, BUABLEHHA OegheKmis, GUAGNEHHS HOBUIHU
(novelty detection). 3araiom, BUSBICHHS aHOMAJIili Moe OyTH 3acTOCOBaHe Y Oy/b-sIKil raiy3i, Jie € moTpe-
0a BiACTE)XyBaTu 3MiHU B JaHUX. OCOOIMBO KOPUCHOIO BOHA Oy/ie B THX BUIAJKax, JIe HA aHaJli3 yCiX Mmo-
TpiOHUX TaHUX OpaKye pecypcis.

[IpoBeneHe HaMU TOCITIPKEHHS MTOKA3aJI0, IO Cepell BIIKPUTOTO MIPOTPAMHOTO 3a0e3IeUeHHs Ha ChO-
TOIHI HEMae CHUCTEMHU, sIKa MOTNIa O 3aJ0BOJNIBHUTH MOTpeOy Oi3HECYy y IIBHUAKOMY BHSBICHHI aHOMANiH
y HalO1IbII motmmMpeHii ¢Gopmi O6i3HEC-TaHUX, a caMe — B 4acoBUX psaax. Llg mpobnema i ctana momToB-
XOM JIJIsl HAIIoro JociipkeHHs. [loTpiObHO Oyilo Ha OCHOBI JOCBIY HAsSBHUX Po3po0OOK chHopMyITFOBaTH
BuMoru 10 nporpamuoi cuctemu (I1C), mpoBecTH MPOEKTYBAHHS apXiTEKTYpH 1 BUOIp TEXHOJIOT1i 1 po3po-
OWTH crCTEMy aBTOMATH30BAHOTO BUSBJICHHS aHOMAIIIK y Oi3HEC-TaHUX (YaCOBUX PsIax).

BusiBiienHs aHOMauTiii Moke OyTH «Ha CTOPOXI» MEBHUX BaXUIMBHX IapaMETPiB, CIOBIIIAIOYH JIUIIIC
TOJ1, KOJIM CIIpaBli MOTpiOHa 1ogaTkoBa yBara. Kilto4oBUM € Te, 110 BUSIBIIEHHS aHOMAJii He € iHTepIpe-
TaIli€l0 JaHUX: aHOMaJbHI JaHi He 3aBXKIN € YUMOCh ToOpUM a0o0 MOTaHUM, BOHH HE 3aBXKIM 03HAYAI0Th,
10 MOCh MINLIO HE TaK, SK IUIaHyBAIOCh. BOHW Jaf0Th 3HATH PO KPUTHYHY 3MiHY B MTOBEIIHII IEBHUX
MOKa3HUKIB. SIK 1 3 Oy[b-SIKUM MOJENIIOBAHHAM, aHOMAJIl HE € CTOB1ICOTKOBO TOYHUMHM: TaK, MOXKJIUBICTh
xubHono3utuBHUX (false-positive) un xubHoHeratuBHUX (false-negative) pe3yabTaTiB 3aJICXKUTh Bif KO-
CT1 BXIIHUX JJaHUX, IXHKOI TONIEepeIHROI 00poOKH, BUOpaHOi MoJei 1 11 mapaMeTpiB, BapiaTUBHOCTI 1 00-
CATy BHOIPKH.

Huni BimoMo 6araTo pi3HUX TEXHIK BHSBIECHHs aHOMaTiid. BOHU pi3HATHCS MepeayciM 3a paxyHOK Ipe-
METHOI chepu 3acToCyBaHHS, XapaKTepy BXIIHUX JJaHUX, Oa)kaHOi TOYHOCTI IepedayeHs Ta 00’ eMy 3yCHITh
Ha BripoBakeHHsI. OCHOBHUMH METOJAMU cepell HUX € [3, p. 3] cTaTucTUYHi, ricTorpamHi, Kiacudikariii-
Hi, KJIacTepu3alliiiHi, iHTepBaiabHi. Hanpukian, ricTorpaMHUM METOJ MONArae B TAaKOMY: 3a JOIIOMOTOIO
ricrorpamu OyIy€ThCS YaCTOTHHH MPodiTh JaHUX (TiTbKA aHOMAJIBHUX a00 TUTbKM HOPMAallbHUX), HOTO
BHUKOPHUCTOBYIOTh Ul TIOPIBHSHHA 3 FICTOIPaMOIO THX JJaHUX, KI MU XOU€MO aHajIi3yBaTH, 1 OI[IHKa aHO-
MaJBHOCTI BUIUIMBAE 3 Pi3HUII 4acTOTHUX mpodiniB nanux [3, p. 37; 8, p. 4]. SAnepHa oliHKa MIIBHOCTI
(kernel density) BUKOPHCTOBYETBCS JTy’Ke CXOKHM YHHOM; MOYKHA CKa3aTH, IO e METOII € TICTOTPaMHUM,
SIKMY BUKOPUCTOBYE 3IMIAIKYBaHH, 32 PaXyHOK YOTO BHPILIYETHCS MpoOJieMa BIUTMBY KiTBKOCTi CTOBITYH-
KiB ricTorpamu Ha jaadi [3, p. 38; 8, p. 4].
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3. Bumoru 10 nporpamMHoi cucteMu

st 6i3HeCYy ChOroHI e(heKTHBHE BUKOPUCTAHHS JAHUX PO3IISAIAETHCS HE TUTBKH SIK KOHKYPEHTHA T1e-
peBara, a i Ik HeoOX1THICTh JJ1s1 BIDKUBaHHSA [2]. ABTOPH JIOCIIPKEHHS TOBOPATH PO Te, 110 IHTEPIIpeTaIlis
JIAaHHX JUIS OTPUMaHHS 3 HUX KOPUCTI € OCHOBHOKO 33J1a4eto Oi3HECYy, i 116 3pO0UTH 30BCiM HEMPOCTO. 30Kpe-
Ma, OJHOIO 3 IPOOJIEM TYT € AKICTh JaHHX (TIOHSATTA «SAKICTh JAHUX» TYT 1 JAajii BUKOPUCTOBYETHCS K TS
MMO3HAYCHHS BJIACHE SKOCTI JJaHWX, aHrI. data quality, Tak 1 UTICHOCTI TaHUX, aHI. data integrity, Ta iHIIHX
TEpMiHiB, IO MAIOTh MiJ COOOI0 3[ATHICTh HAHWX OyTH BHKOPHCTAHMMH JUIS OTPUMAaHHS IPaBHIBHHX
BHUCHOBKIB). 3a JaHUMHU aBTOPiB AociikeHHs, 71 % Oi3Hecy CTUKaeThca 3 MpobOiIeMaMu SKOCTI JaHHX,
1 BOHU Ha3UBAKOTH I1e «0ap’€poM JIIsl TOCSITHEHHS Wil (ompumanis xopucmi 3)» [2].

Benuka yacTrHa IMX JaHWUX HAJCKUTH JI0 Yacosux padis (time series data). 3a HammMm JT0CBiOM, Oijb-
ricTh moTped 6i3HeCy y JaHUX 3aJJ0BOJIBHSIOTH CaMe TaKi JJaHi: BOHU MPENCTaBIAIOTh 3MiHY MEBHUX MOKa3-
HUKIB 13 4aCOM, HalIPUKJIaJ, IIe MOXKe OYTH KIJIBKICTh MIPOAAXKIB, TOX1, KiTbKICTh AKTUBHUX KOPUCTYBAYiB,
MapKEeTHHTOBI TIOKa3HMKH, TakKi AK retention rate (4acTka KOPUCTYBa4iB, SIKi IPOJIOBKYIOTh KOPUCTYBATUCH
MPOAYKTOM MiCJIs IEBHOTO yacy). Llux maHux Ha cbOrojHi Habararto Oinblie, Hi>k MOXJIMBOCTEH y OibIIO-
cTi Oi3HeciB i iXHbOTO aHamizy. Jlocnimauku 3 SRM Institute of Science and Technology Ta VIT Bhopal
University BUIUISIFOTh TaKi XapaKTEPUCTHKU YaCOBHX PSJIiB: TPECHI, CE30HHICTh, IIUKIIIYHICTh 1 BUTIQJIKOBY
KOMIIOHEHTY (IIIyM), 1 HATOJIOLIYIOTb, 110 aHaJIi3 YaCOBHUX PSIIiB JO3BOJISE Oi3HECY MOKPAIUTH NPOIIEC IPH-
WHATTS pillleHb 32 paXyHOK KPalioro po3yMiHHS TPEH B Ha puHKy [11].

OTxe, 0coOMMBOCTI Oi3HEC-TaHNX MOXXKHA CHOPMYIIOBATH TaK: HEOOXIOHICMb GU3HAYATU HE38UUHY
inopmayito ceped 8enuKoi KinbKOCMi OAHUX, NPEOCMABLEHUX Y 8UeNAdT Yacosux psaodig. ToOTO METO
[IC 6yne nadanmns mooicnusocmi 1eekoeo 8uU3Ha4en s aHoManil y yacogux psoax. Cucrema Mae OyTH 1H-
CTPYMEHTOM, 3a JIOTIOMOTOIO SIKOTO MOYKHA W6UOKO 1 Jeeko HANAIITYBAaTH BiJICIIIKOBYBaHHS aHOMAJIii
y TaKHX JaHUX.

s anamizy Oyiu Bimiopani Ti [1C, siki qekmapyroTh Ipo BUPINICHHS 3a]a4i BiJICTEKYBaHHS aHOMATIi:
ChaosGenius [6], CueObserve [7], Elementary Data [8].

Cepen 0coOIMBOCTEH YCiX IIMX CUCTEM MOXHA BUAUTUTH TaKi: MiATPUMKa 0araTbox 0a3 i CXOBHII JaHUX
(Postgres, Google BigQuery, Amazon Redshift); miarpumka iHTerpamiii i3 pisHUMEH CUCTEMaMH IUIA Bif-
MpaBKH crioBimieHsb (Slack, enekTpoHHa moinTa); aBTOMaTH30BaHE BUSIBICHHS aHOMAJIiH, SIKe 3aITyCKAa€ThCS
3a PO3KJIAJ0M; HasBHICTh BeOiHTepdelicy At nepenisay iHpopMalii i HaJamTyBaHb; MIATPUMKA PI3HUX
Mojzesiel BU3HAYCHHS aHOMAJIii; HassBHICTh HAJAIITYBaHb AJIs MOJEIIeH BU3HAYCHHS aHOMAJIii.

Cepelnl HEIOMIKIB ITUX CHCTEM Ha3WBaIOTh Taki. JKomHa 3 OCHOBHHMX CHUCTEM OiJIbIlIe HE MiTPUMYETHCS
CTaHOM Ha 4Yac MMPOBEACHHS A0CHiKeHHs. HanamTyBaHHs CUCTEM € 3alUTyTaHUM 1 HEOUEBUAHUM, 30KpeMa
B IIPOLIEC] HAJAMITyBaHHs OpaKye iHTEPaKTHBHOCTI 1 MOXITUBOCTI ITOJJMBHUTHCH, SIK HAAIITYBaHHS BILTHBA-
IOTh Ha Pe3yJIbTar. Y CUCTeMax Majia KUTbKICTh IMITPUMYBAaHUX MOJIEICH BU3HAUCHHS aHOMAJTIi.

OnHak TOTOBHUMH HEJOJIIKAMH LIUX CHUCTEM € iXHS HEMPHCTOCOBAHICTh 0 MoTped Oi3Hecy. Lli iHCTpy-
MEHTH HE JAIOTh MOKJIMBOCTI IIBHIKO i IHTEPaKTUBHO HAIAIITYBAaTH BiJICTE)KCHHS aHOMAJIiH, iXHI Hala-
MITYBaHHS HE 1HTYITHUBHI 1 HE JO3BOJIIOTH IIBHIKO PO3i0paTHCh B crcTeMi abo B TOMY, SIK HalKpale Hajia-
HITYyBaTHU MapaMeTpu BU3HAUEHHS, BPAXOBYIOUM OCOOJIMBOCTI THX UM IHIIMX JaHuX. bizHec morpelye iH-
CTPYMEHTY, SIKUI JO3BOJISIB OU 32 KOPOTKHUI Yac HANAIITYBATH BiJICTEKCHHS aHOMAIIiH Y 9aCOBHX psiiax, sKi
MIEPIOMIHO OHOBIIOIOTHCS. Lle mo3Bommiio 6 Oi3Hecy 6e3 0COONMBUX BUTPAT Yacy 1 IpOIIEH CTEXKHTH 3a
OaraTbMa MOKa3HHUKaMHU.

Tomy MU BH3HaUMIIH OCHOBHI BMOTH 110 Haoi [1C: yrerke i mBuake BU3HAYCHHS aHOMAJIIH y 9aCOBHUX
pAAax 3a IOMOMOTOI0 IHTEPaKTUBHUX HaJIAITYBaHb; JIETKICTh y HAJIAIITYBaHHI 3 BUKOPHCTAHHSIM BEOIHTEP-
¢eiicy; THYUKICTb 1 JIETKICTh KacTOMi3amii cucTemMu; HafiiHicTh. Ockinbku Oi3Hec Oyae MOKIAJaTUCh HA
TaKy CUCTEMY y CBOIH MisJIbHOCTI, CHCTEMa Ma€ MaTH BHCOKI MOKA3HUKU CTIHKOCTI IO IOMHUJIOK 1 BiZIMOB
1 Maru 3Mory oOpoOnsATH BemMKi MacuBH JaHux. [lepemyciM 1ie Mae OyTH 3a0€3MEYCHO apXiTeKTypHUMH
PIIICHHSMU: HAPUKIIA/, BAKOPHCTAHHS YepT 3a1ad.

4. IIporpamua peaJi3ailisi cucreMmu

Sk MOBY nporpaMyBaHHs MH 00paiu MoBy Python. B iHxycTpii 00poOIeHHS JaHUX 115l MOBA € HAUTIONY-
JISIPHIIIOO 1 CTAHAAPTOM Jie-(paKTo ramy3i, O JO3BOIUTH KOPUCTYBauaM 3a MOTPeOU JIerko MoAu(pikyBaTH
CHCTEMY.

s peanizauii cepBepHoi yacTuH 00panu 6i0mioreky FastAPI: e nomynspuuit acuaxpoHHmiA BeOhpe-
WMBOpK, kUi Todanmu po3poonsta B 2018 p. ®peliMBOpK MOBHICTIO aCHHXPOHHUH 1 0a3yeTbcs Ha
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typehints — oronormrenHsx npo Tumu B Python [5]. [linTpumka typehints peanizoBana uepe3 6i0mioTeky
Pydantic, mo € Haifnomupenimoro 6i6mioTexoro A Bamiganii fanux y Python. Acunxponnicts FastAPI
JIO3BOJIHJIA i ABUIIUTH MPOAYKTHBHICTH poOOTH BeOCepBepa 3a paXyHOK 3MEHIIEHHS ITPOIIECOPHOTO Yacy,
10 B CHHXPOHHOMY PEXHMi BUTPa4a€eThes HA 3arparHi 1/O onepartii.

FastAPI yacro HazuBaroTh MikpodpeiimBopkoM (micro framework) 3a ananoriero 3 Flask gepes Te, 1o
BiH Ha/Ia€ «3 KOPOOKMU» HeOaraTo MOXKJIMBOCTEH, a BeCh JOAATKOBUI (PyHKI[IOHA MOTPIOHO peanti3oByBaTH
OKpEeMO Yepe3 Mijl’€JHaHHS CTOPOHHIX 010J1i0Tek a00 BIACHOPYY HamKcaHy Joriky. Pasom 3 ¢peiimBopkom
Oynu BUKOpHCTaHi Taki 6i0miorexu: Psycopg3 sik pymriii ast cninkyBanHs 3 b/l Postgres, SQLAlchemy six
ORM nns CKB/] Postgres, Jinja2 sik pymiiit cepeepHoro penaepunry, Alembic mist mirpariii B/I.

Jos ManHimymnii fTaHuMu Mu oOpanu 6i6miotexy Pandas, BoHa € Haii0inbIn HOMyIsIPHOIO Takoo 6101i0-
Tekoro Ha Python i1 Takox € cranmapToMm Je-(pakTo y ranysi JaHHX, IO TAKOX JIO3BOJHTH JIETKO POOHUTH
3MiHH B cucteMi. Jlyxke 6araro nrofei kpuTukyrots Pandas 3a HeiHTyiTUBHICTS i HenoriuHicTs AP, BigcyT-
HICTh PO3MOJIJICHOCT] 1 MOPIBHSAHO HU3bKY IIBHJKICTH POOOTH, aje IUIsl POOOTH 3 MOMIPHUM PO3MIpOM
JIAaHMX LIbOTO IIJIKOM JIOCTaTHBO, TOMY BHOip Oyio 3po0sieHO Ha KOPHUCTS 1€l 610mioTeky, a He 11 KOHKYPEeH-
TiB Ha KtanT Polars, siki e He HaOyJIU Takoi MOMYJSAPHOCTI.

IIpaBunbEHUM € BiTOKpeMUTH poOOTy BebcepBepa BiJl poOOTH 3 JaHUMU (3allyCKy HEepeBipoK), TOMY Iii
KOMITOHEHTH MalOTh SIKUMOCH YMHOM CIIKYBaTHCh Mixk coboro. Jlns 1poro mu obpanu Celery — depry
3aga4 Ha Python, sika mo3Bossie Jierko mepemaBaTd 3ajadi HA BUKOHAHHS HIIUM KOMIIOHEHTaM, 3py4YHO
CTS)KUTH 32 IXHIM BUKOHAHHSM, CTAHOM, YCIIIITHICTIO 1 3a0upartu pe3yibTar. OCKUTLKY MEePeBipKH MarOTh
BHUKOHYBAaTHUCh 32 PO3KJIA/IOM, TOTPiOEH KOMITOHEHT, SIKHii Ou 11e pobus: mi1st 1poro oopano Celery-Redbeat.
Sk yepry norizomiieHs 00pano Redis sk HaamBuaKy 6a3y naHuX, 110 30epira€Thes B ONMEPATUBHIN aM’ sTi:
MK KOMIIOHEHTaMH CHUCTEeMH OyayTh NEpeAaBaTHCh IOBIAOMIICHHS Majoro po3Mipy, TOMy 30epiraHHs
JAHWX B OINEpaTUBHIN mam’ari € gonmyctumuM. st agminictpyBanus Celery Oyino oOpaHO IHCTPYMEHT
Flower: BiH HaJlae MOXJIUBICTB uepe3 BeOIHTep(elc TUBUTUCH 32 CTAHOM YepT, 3aJa4, IXHIM BUKOHAHHSM 1
MOXKJTUBIMH TIOMUJIKAMH.

3aMicTh 3aCTOCYBaHHS IUIaHyBalbHUKA Redbeat msa Celery Takox posmisnanu BuOip iHIIOTO ITaHy-
BaJIbHHKA a00 OpKecTpaTopa 3a1ad, Hanpukian Airflow a6o Dagster, aje yepes CKIIaHICTh IIUX IHCTPYMEH-
TiB, TPYAOEMHICTD iHTErpauii Ta Majxy yTHJIi3allil0 iXHbOTO MOTEHILIANy JUIS MOCTABJIECHOI 3a4aui 1i OMIIii
OyJI¥ BU3HAYCHI SIK HAJUJIMIIKOBI Ta BIAKHHYTI.

Jns neMoHCTpallii anropuTMiB BU3HAUYEHHS aHOManiit Oyno obpano Taki 6i0miorexu: Statsmodels st
BHSIBIICHHS 3a joroMororo STL nekommosunii, Prophet sk 6i0mioTeky aHami3y 4acoOBUX PAIIB 33 TOTIOMO-
TOF0 HEKOHTPOJILOBAHOTO HaBYaHHSI.

JIyis BilpaBKY €JIEKTPOHHMX JIUCTIB OyJ10 BHpimeHo ooparn Gmail sk HaiO1LIbII MOMYISPHY CHCTEMY
eJIeKTpoHHOI nomTtH. AyteHtudikaiis B Gmail npoBoxutbes uepes nporokon OAuth 2.0. Binnpaska nosi-
nomiieHb B Slack BimOyBaeThest 3a gonomororo Slack API. 3amuTi 10 0OMIBOX CHCTEM BIANPABISIOTHCS
yepes 0i0moTeky httpx.

Sk cnocib peaizalii BeOYaCTUHU CHCTEMU OYyJI0 BUPINICHO BUOPATH CTPATETIIO0 3MIIIAHOTO PEHICPHH-
T'y: CepBEpHUM peHIepUHT BiJOYBAEThCS 3a JOMOMOroro Jinja2, a KJIi€HTChKUI PEHAEPUHT 3a JOIOMOTOI0
JavaScript 6i0mioTek. [ koMyHIKaIil MiX cepBEpOM 1 KIIEHTOM MPH KJIIEHTCHKOMY PEHIEPUHTY 00paHo
konuentito RESTful API. Ctucno kaxyuu, 11 KOHIEMIig OJISIrae B aTOMapHOCTI 1 He3aJIeKHOCTI OJIUH BiJ
OJTHOTO 3aITUTIB MK KITIEHTOM Ta CEPBEPOM: TOJIOBHHM € T€, 1[0 3aIlUT JI0 CepBepa Mae MaTH BCKO HEOOXi-
Hy iH(pOopMaio, 100 HOro OnmparroBaTy, TOOTO 3alIUT HE MAE KOHTEKCTY.

Ha 0o kiieHTa peanizaiiito BeOCTOPIHOK OyJI0 3po0JieHO 3a IOTOMOTo0 MoBH po3MiTkd HTML 5 ta
moBu ctuitiB CSS 3, 3 BukopuctanaaM JavaScript i1 TMHAMIYHOCTI cTOpiHOK. [HTepdeiic 3pobneHo Ha 6a3i
010miorexn KomroHeHTIB Tabler: BoHa mocradaetbes y Bursiai CSS Ta JS ¢aiinis, sxi mia’€IHYIOTBCS 10
noTpiGHOTO BeOCaiiTy, i Hajlae IIMPOKU Habip 3arOTOBICHUX KOMIIOHEHTIB, 30BHIIIHIN BUNIISA SKHUX 3po0Jie-
HU B oHOMY ctiti. Tabler nyxe nmonynsipHui yepes Te, 1o nodyaoBaHuid Ha 6a3i Bootstrap — CSS-6101i-
OTEKH CTHUIIIB, SIKa TIOBCIOHO BUKOPUCTOBY€EThCS B BEOCTOPIHKAX, OCKLUIBKHU JJO3BOJISIE MAKCUMAJIBHO IIBUIKO
PO3pOOIIATH KpacHBi BEOCTOPIHKH, aJIalITOBaHI IO PI3HUX MPHUCTPOIB 1 popMariB ekpaHiB. /i KITIEHTCHKOTO
penaepuHry Oyno odpano 6ibmioreky Alpine.js, sika Hagae MOXKIIMBICTh AEKIAPATHUBHO OMHUCYBATH 3aJICKHO-
CT1 KOMIIOHEHTIB, 1 P 3MiHI IMX 3aJIC)KHOCTEH KOMITOHEHTH OyyTh mepeOy10ByBaTHCh 3 HOBUMH JTAHHMH,
110 11030aBJiIsie TOTpeOr POOUTH OHOBJIEHHS BMICTY 1 BUIVISLLy KOMIIOHEHTIB BPYUHY.

KepyBanHs k0710BOrO 0a30F0 BiIOYBA€ETHCS Uepe3 CUCTEMY KOHTPOIIO Bepcilt Git, a sk BiialieHe CXOBH-
mie juia Git penosurtopito oopano GitHub sik crangapt ne-daxro B ingyctpii. Onuc qo Git komirtis 3po0Oiie-
HU 3a nonomororo kouuenuii Conventional Commits.
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J1J1s1 BUKOHAHHS TIOCTABJICHUX BUMOT Ha 6a3i 00paHuX TeXHOJIOTiH Oyio po3pobineHo [1C aBTomarnu3oBa-
HOTO BUSIBJICHHS aHOMaJliid. ApXiTeKTYpHUM NaTepPHOM BUKOHAHHS CHCTEMH € MIKPOCEpBICHA apXiTeKTypa.

Cucrema CKIIaZIae€ThCs 3 TPHOX KOMIIOHEHTIB: BeOcepBep (web server) — BiAmoBigae 3a poboTy BeOiH-
Tepdeiicy cucremu; mianysanbHUK (scheduler) — raHye BUKOHaHHS IEPEBIPOK aHOMAIIIH 3a PO3KIAIOM;
BHKOHaBeIlb (Worker) — BHKOHYE 3a/1adi, 1110 IPUXOJATh BiJl IUTaHyBaJIbHUKA Ta BeOcepBepa. Cxemy B3ae-
MO/Iii KOMIIOHEHTIB CUCTEMH TIOJaHO Ha puc. 1.

Puc. 1. Cxema B3aeMOo/1ii KOMIIOHEHTIB CHCTEMHU

KoMmoHeHTH B3a€MOJIIIOTH OJIMH 3 OTHUM 3a JIOIIOMOT010 Yepru 3aiad (task queue): BeOcepBep 1 IuiaHy-
BaJIbHHUK HAJICWJIAIOTH  ITI0 Yepry 3a]1adi, SIKi MOTPiOHO BUKOHATH, BUKOHABEIIb BUKOHYE iX 1 CHTHAII3Y€E PO
BUKOHAHHS PE3yJIBTaTOM, SIKHI HAJICUIIAE B II0 caMmy depry. Uepra BiIOBiae JUIIE 32 KOMYHIKAIIIO PO
3aBJaHHS MK KOMITOHCHTaMH CUCTEMH; 3a 30epiraHHs JaHuX Bianosinae bJl, ska mocTymHa BCiM KOMIIO-
HEHTaM.

Cucrema CKIamaeTbes 3 I STH (QYHKIIOHAILHUX MOJYIIB: KOH(DIryparii BUSBICHHS, 3aIlyCKH TIepeBi-
POk, min’exHanHs 10 bJ], koHTakTH Ta moBimoMieHHs. [[yis TOro, Moo HanamTyBaTH CHCTEMY, KOPUCTYBady
MOTPiOHO 3pOOUTH TaKi KPOKHU: TOJATH i’ €THAHHS 0 0a3u NaHUX, TOJaTH KOHTAKT JIJIsl HaJICHIIaHHS CTIO-
BillIEHb, CTBOPUTHU KOH(ITYypaLlit0 BUSBICHHS.

TonoBHMIT eneMeHT cUCTeMH — MEHEIKep HallallTyBaHHs KOH(irypariii BuseieHHs. KirtodoBoro oco-
ONMBICTIO cHCTEMH € 11 IHTePaKTUBHICTh: KOPUCTYBa4d Ma€ B IHTEPAKTUBHOMY PEXHMI1 HaJaIlITOBYBaTH BU-
sIBIIEHHsI aHoMauTii. [[ro ocobnmBicTh Oyi10 peai3oBaHO B MEHEIKEpi HAJIAIITyBaHHS.

HanamtyBaHHs CKIIQTAa€ThCS 3 YOTHPHOX KPOKIB, SIKi KOPHCTYBa4 IMIPOXOIUTH HOCIITOBHO:

1. Bubip nio’eonanns oo bJ/]. KopuctyBad obupae nornepeHb0 Jo1aHe HUM i1 € THaHHS 10 0a3u NaHUX.

2. Bubip oanux ona siocmeosicenns. MeHemxkep ckanye oOpaHy 6a3y JaHUX 1 IPONIOHYE KOPUCTYBady o0pa-
TH TOTPiOHY TAOJMINO Ta KOJOHKH, 3 SKHX cucTeMa Oparume naHi. CHCTeMa CIOBINIAE KOPUCTYBaya,
SIKIIIO TICBHY TAOJHUITIO YU KOJOHKY HEMOXKIIBO OOpaTH.

3. Bubip i nanawmysanus mooeni. Ha iboMy eTarri KOpucTyBad Ma€ MOXKIJIMBICTh BUOPATH MOJIEIIb, HaJIAIll-
TYBaTH 4acoBl IHTEPBAJM 1 TapaMEeTPU MOJENI Ta Opa3y MepeBipuTH BUOpaHy KoHpirypauito. Takum
YHMHOM MO)KHA IIBHJIKO HAJIAINTYBaTH KOH(QITypaIliio Tak, sK Ie MmoTpiOHo kopuctyBady. KopucryBau
0aumnTh, IO BU3HAYAE MOJIEIIb 1 IPO 1110 BOHA CIIOBINIAE, Ha Tpadiky.

4. Hanawmysanus posxknady i cnosiwens. KopuctyBad BuOMpae po3Kiaj 3allycKy MEpPEeBipKH 3a JOI0-
Moroto Cron Expression (HoTawis A 3aUCy MEPIOIAUYHOCTI), Ta BUOHpaAe KaHall, B AIKH TOTPIOHO
Oyne Hajicaaty cnoBimeHHs. [Ticisi MpoXoMKeHHS BCiX IUX KPOKIB CTBOPIOETHCS KOHQITYypallis 3a-
MyCKy BU3HAYEHHS aHOMaJii, sika 30epiraeTscs B 6a3i JaHUX 1 JOJAETHCS 10 PO3KIIaAy IIaHyBalbHU-
ka. [Ipn npoMy mepesaBaHTa)KeHb IUIAHYBaJbHHKA UL TOJABaHHS YW BUAAJICHHS KOHQIryparii He
noTpedyeThCS.

[InaHyBaJILHUK MpaIoe TMOCTIHHO 1 MOPIBHIOE TMOTOYHWH Yac 3 PO3KJIAZIOM BHUKOHAHHS MOJENi, 3a
30iry — IjlaHye BUKOHAHHS BU3HAY€Hb, KOHPITypy€e BUKOHAHHS 1 HAJICWIIA€ B Yepry MOBIJOMJICHHS 3 3a/1a-
4ero Ha BHsABICHHS. L{i OBIIOMIICHHS OTpUMY€ BUKOHABEIh Ta POOUTH caMy MepeBipKy. TakuM 4WHOM, 3a
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JIOTIOMOTOFO YepTH 3a/1ad MpoIiec 0OpoOICHHS JaHUX, AKUU € JTy)Ke BAPTICHUM 13 MOMISAAY pecypciB, BiaIi-
JIEHWH BiJl IHIIUX (QYHKILIA CUCTEMH, 1 MOXKHA OKPEMO KepyBaTH HOTO pecypcamu.

BukoHaHHS MepeBipKH CKIIAAE€THCS 3 YOTUPHOX €TaIliB: BUOIp JaHWX 3 6a3u, 00pOOICHHS TaHUX MOJIEIT-
JI10, 3amuc pe3ynsratiB qo bJl, HagcunaHHs crosimieHHS (3a noTpebu). SIKIo MpH BUKOHAHHI NMEPEBIPKH
BiZI0OyJ1ach TIPOTpaMHa MOMHJIKA, KOPHCTYBad Oyze CHOBIMIECHHUH MPo 1 B 00paHOMY KaHalli KOMYHIKaIlii,
TaKOX Iie Oyze Bi1oOpakeHO Ha CTOPiHII 3aIycKy. SIKIo MpHu HaACUIaHH] CIOBIIEHHs BUHUKIIA IpobieMa,
gyepes Ky [1e HEMOXKITUBO 3pOOHTH, KOPHCTYBad OOAYMTH 11€ TIJIbKW Ha CTOPIHIII 3aITyCKY.

Jns HajcunaHHs CHOBIIIEHb PO NMOMMJIKY IIPU BUKOHAHHI IepeBipku abo Mpo 3HaiifeHi aHoMalil
B CHUCTEMI MATPUMYEThCS JBa MexaHi3Mu — Slack 1 Gmail.

s 3amycky mepeBipoK po3poOJIEHO TaKy CHCTEMY YaCOBHX 1HTEpPBAIIiB: iHTEPBAJl CIIOCTEPEKECHHS, 1H-
TepBaJl BUSABJICHHS Ta IHTEpPBaJI CIOBIIIEHHS, SKi 00paXxOBYIOTh 3 ypaxyBaHHSM 3CyBy. [HTepBalI criocTepe-
XEHHSI — IIe TIPOMDKOK 4acy, SIKHH BUKOPUCTOBYIOTh IJISl TPEHYBAaHHS MOJEIi aHOMAJIii. Horo noyarkom
€ PI3HMIT MOMEHTY 3aIlyCKy aHOMallili, 3CyBYy B 4aci Ta TPUBAJIICTh IHTEPBAIY CIIOCTEPEIKEHHS, HOTO KiH-
L[EM — Pi3HMI MOMEHTY 3aIlyCKy aHOMaJIilf 1 3CyBYy B 4aci. st 3HaliieHUX Ha [[bOMY NPOMIKKY aHOMAail
CTIOBIIIEHHS HE HAACWIAIOTHCA. |HTEpBas BUSBICHHS — II€ TIPOMDKOK Hacy, KU BUKOPHCTOBYIOTH UIS
0GpoOIeHH s MOIENTIO aHOMaTiif. MIoro MOYaTKOM € pi3HHMI MOMEHTY 3aIlycKy aHOMalii, 3CyBy B yaci Ta
TPUBATICTh IHTEPBAJTY BHUSBICHHSI, HOTO KiHIIEM — PI3HHUII MOMEHTY 3aIlyCKy aHOMallili Ta 3CyBY B 4Yaci.
Ji1s1 3HAMICHHX Y IbOMY IIPOMIXKKY aHOMaJIiil CIIOBIIICHHS HAICHIIAIOTHCS (HABITh 3 YpaXyBaHHSM TOTO, 110
TOYKH B IIbOMY IHTEpPBaJi TAKOX HAJEKaTh IHTEPBaIy CIIOCTEPEXKEHHs). 3CYB y 4Yaci — Iie Pi3HHUIA MiX
4acoOM BHKOHAHHS IIEPEBIPKU Ta KiHIIEM IHTEpBAJIiB CIIOCTEPEKEHHS 1 BUSBICHHS. AHOMANII, sIKi JIeKaTh
1033 MEKaMH iHTEepBaJy BUSBICHHS, HA3UBAIOTh aHOMANiAMU Oe3 cnogiujeHb, a Ti, MO JIeXKaTh B MeKax
1HTEepBALY, — AHOMANIAMU 3i CNOBIUeHHAMU.

Ha cTopiHmi koHpirypairii Mo>xHa TOOaYUTH CTATUCTHKY BUKOHAHHS MEPEBIPOK I 1i€l KOH(Iryparii:
BiJICOTOK BUKOHAHHX MEPEBIPOK 31 CMIOBIIEHHMH, O€3 CIIOBIIIEHb 1 6e3 aHoMmaliil. Takoxk MOKHA MTOOaYUTH
ctaryc BukoHaHHs 30 OCTaHHIX MepeBipoK, BUOPaHi HaNAIITYBaHHS MEePEeBipKY, BUOpaHi Mia €IHAHHS 10
B/l i kaHAN CTHIOBIIEHHS, 1 BHU3Y CTOPIHKH JJOAAHUN CIIMCOK OCTAHHIX 3aITyCKiB ISt MOJEIT.

Ha cropinmi 3amycky (puc. 2) MOKHa TTOOAYUTH CTaTyCH 3aIlyCKy, Tpadik, TOOy0BaHUI s TaHUX,
CIMCOK aHOMAJTiii, SIKi BUKJIMKAJIK CIIOBIIICHHS, CIIMCOK aHOMaJliid 0e3 CoBillleHb, KOH(DIrypariro 3amycKy
MEePEBIpKH, pO3MIPH YaCOBHX IHTEPBAJIIB Ta 1HIII MTAPAMETPH 3aITyCKY.

Puc. 2. Cropinka 3amycky

Monyni min’eqHanb 10 b/l Ta KOHTaKTH CX0XKi MiXk cOOO0r0: 00MIBA MOTYJIl MIiCTATh CTOPIHKH JUIS 107a-
BaHHA 1 NepenIaAy TakuxX Mix’ eqHaHb. KokHe min’eqHaHHS KOPHCTYyBady 0OOB’S3KOBO Tpeba mepeBipUTH
nepes] ToJaBaHHIM 3a JOMOMOTOr0 KHONKH «[lepeBipuTiy», HEKOPEKTHI i1’ € THAHHS HEMOXKIIUBO JOJaTH B
CHCTEMY.
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BaxiuBo 3a3HaYMTH, 10 KIIOYOBHM MOMEHTOM peai3ailii uX MOIYIIB € apXiTEKTYPHO 1 iHTepdhericHO
nepeadaueHa MOXKIJIMBICTh OJaBaHHA HOBHUX MeXaHi3MiB (MpoBaiizepiB). Y KoJi CUCTEMH CTBOPEHi ab-
CTpaKIii, ;Ui JoJaBaHHsA HOBHUX MpPOBaiIepiB MOTPIOHO yHACIiAyBaTHUCh BiJl IIUX aOCTpakIiii y HOBOMY
KJIaci i mepeBU3HAYUTH METOU a0CTPaKIii, JOAABIIN JIOTIKY, 1[0 CTOCYETHCS CaMe L€l CUCTEMH.

[Ipu bomy iHTEpdEiic KopHCTyBaya aBTOMATWYHO ITiJUTAIITOBYETHCS IMiJI KOXKHOTO MpoBaiaepa: s
I[bOTO JOCTATHbHO JIUIIEC BU3HAYUTU HOBY MOJIEJIb JAHUX, 1 CHCTEMOIO OyJie CTBOpeHHH iHTepdeiic, 1o MaTH-
Me BC1 MOTPiOHI moJist 6e3 MoTpeOr B TOJATKOBUX HAJIAIITYBaHHSX.

[ToniOHui MexaHi3M CTBOPEHUI 1 AJ1 MOJiesiell BUSHAYCHHSI aHOMAJTiii: IS JOaBaHHSI HOBHX J0OCTaT-
HbO YHACJIITyBaTUCh BiJl aOCTPaKIIiii 1 MepeBU3HAYMTH JIOTIKY, 110 BIIMIHHA caMe JUIsI 1€l MOJIeNTi, TaK CaMo
TYT 3po0JieHe aBTOMaTU4HE T'eHepyBaHHS HanamTyBaHb. [linTpuMKka pisHUX Mozeneil i mposaiinepis, jer-
KICTB JIOJaBaHHs HOBUX IMIUIEMEHTAIIIH IMX KOMIIOHEHTIB, 1 THM CAMMM BMCOKA aJallTUBHICTE € KIIF0YOBOIO
OCOOJIUBICTIO CHCTEMH, II0 OCOONMBO BaXJIMBA B IHAYCTpPil JaHUX, Jie BUKOPHUCTOBYIOTh 0arato pizHHX
TEXHOJIOTIH, SIKi 4acTO 3MIHIOIOThCA. Lle Tae MOXKIIMBICTh BUKOPHCTOBYBATH CHCTEMY B PI3HHX YMOBaX.

Po3pobnena cucteMa MOBHICTIO 3310BOJIBHSIE MTOCTABJICH] paHillle BUMOTH: JIETKICTh Y HAJIAIITyBaHHI
3abe3mneuyeThes iHTepdericoM KOpUCTyBadya 1 iIHTEPaKTUBHUM MPOIECOM, THYUYKICTb 1 JIETKICTh KacToMi3a-
il — OOpaHMMU TEXHOJOTIIMHU Ta APXITEKTypHUMH a0CTPAKLIIMH, HAIIIHICTh — PO3JIIIEHHSIM KOMIIO-
HEHTIB 4Yepe3 4Yepry 3aaad, GyHKIIOHAIbHI BUMOTH — PO3pOOJICHUMH CKIIQJIOBUMH MOIysiMu. CucteMa
BUKOHY€E NOCTaBJIEHY 33j1ady aBTOMAaTH30BAHOTO BUABJICHHS aHOMallill B Oi3HEC-AaHUX 1 BIINOBIa€e cydac-
HUM CTaHIApPTaM y Tary3i TaHHX.

5. IlepcieKTHBH PO3BUTKY CHCTEMH

OnHuM i3 oOMexxeHb Ha eTani (opMyTIOBaHHS BUMOT Oylia MiHIMalbHa HOCTAaTHS (YHKLIOHAJIBHICTD
npoaykry (MVP), ockinbku peanizaiis 10JaTKOBOTO (pyHKIIIOHATY TOTpeOyBaia O OijbIle yacy i pecyp-
ciB. CaMe TOMy CHCTEMa Ma€ BEIMKH MOTEHIIa] A0 PO3BUTKY i MOxe OyTH JOMpalboBaHa B Oararbox
MOMEHTaX.

Iepenycim, 1o cuctemu Moxe OyTH TOJAHO MIATPUMKY 1HIIMX 0a3 1 CXOBMII JaHUX (Hampukiag, AWS
Athena, Amazon Redshift), minrpumky APl nns oTpuMaHHS JaHWUX Ta IHTErpaIiio 3 IHITUMYU CUCTEMaMH
koMyHikaii (Hanpuknaa, Microsoft Teams). Lle 3abe3neunTs MOXKIUBICTh BUKOPUCTAHHSA CUCTEMH B 1HIIIMX
YMOBaX 1 KOMITaHIsIX, OCKIJIbKH B Tally31 OJJHOYACHO BUKOPUCTOBYETHCS BEHKA KITBKICTh PI3HUX TEXHOJIO-
riii. Benuky npakTuuHy KOpUCTh MaTUMeE 1 JOAABaHHS IHIINX MOJENCH BUSABICHHS aHOMAai, HAPUKIIA,
THX, 110 0a3yIOThCS HA MAIITMHHOMY HAaBYaHHI.

OnHuM i3 MOTPIOHKMX JOOMpAIFOBAHb € JOAaBaHHS BUMIpIB ais AaHuX (data dimensions) i aHami3 aHO-
MaJTiid yCepeauHi IUX BUMIPIB, SK IHIUBIAYaIbHO, TaK 1 B KOMOiHAIT (HAIPUKIIaI, BIICTEKYIOTHCS MPOIaXKi
MEBHOTO MpOoAYyKTy Aist 10 pisHuX miarhopM, y bOMY BHIAJAKY IIi uardopmu OyayTh BUMIpaMH JaHHX,
1 MOKHa OyJie aHaJli3yBaTH aHOMAJIIT JIJIsl KOXKHOI 3 TaKUX MIaThopMm).

Takox 0 cucTeMH MOXKHA Oyze ToJaTu nornepeaHe oOpoOIeHHs BXiIHUX TaHUX, HampUKiIaa (iasTpa-
1ito, arperariito, abo HanmucanHs BaacHoro SQL-3anuty s BHOOPY JaHMX 13 6a3u. J1ig HaJICHITaHHS CIO-
BIllICHb MOXJIMBO JOJATH IIAOIOHM, 332 JOMOMOTOIO SIKUX 33JaBaTHUMEThCSl TEKCT TaKUX CIOBIIIEHb, L0
MIJBUINNATH TXHIO THPOPMATUBHICT 1 I[IHHICTH JIJISl IEBHOTO KOPUCTYBaYa.

@DyHKIIOHATBHICTh CTATUCTUKU B CHUCTEMi MOXke OyTH PO3LIMPEHO Ui MEeperIsay MepeBipoK 1 iXHiX
pe3ynbTariB, NpodiaroBaHHs JaHUX HAa OCHOBI Pi3HUX MEPEBIPOK, a00 W TAKUM YHHOM, KM OW J1aB MOX-
JIUBICTh BU3HAYATH CTaH JaHUX Ha OCHOBI BCiX MEPEBIPOK.

BucHoBku

VY nociiKeHH] IPOBEIEHO OIS 1 aHAIII3 HAyKOBOT JIITEpaTypH 32 TEMOIO, 1110 JIO3BOJIHB CHCTEMATU3Y-
BaTU TAaKCOHOMIIO aHOMAJIil 1 TEXHIK IXHHOTO BU3HA4YCHHS. Byllo HaBe/leHO OCHOBHI BUAM 1 Kiacu(ikarlii
JUTSL aHOMAJTIH 1 TEXHIK BU3HAYCHHS aHOMAJTIH, 110 J]a€ YSABICHHS PO MPAKTHYHY IIHHICTD BUSBJICHHS aHO-
MaJiif B 0OpoOJIeHHI JaHUX.

Mu nanu BU3HAUEHHS MOHSATTS Oi3HEC-IaHWX, PO3IVITHYJIU 3aCTOCYBAaHHS ILOTO MiJIXOMy B Il ramysi
1 mepeniuuian npoobiaeMu, 3 SKUMHU CbOTOJIHI CTUKAE€THCS rajly3b NPH aHalli3i JaHuxX. Ha 0CHOBI MpoBeAEeHOTO
JOCIDKEHHS TMiIX0/ly BUSBJICHHS aHOMAJIN 1 MOCTABIEHOI pobieMu OyJI0 3po0iieHe MPUITYIICHHS PO
MOXIJTHBICTh BUKOpPHCTaHHs aBTomaTn3oBaHoi [IC 1t BHpINICHHS 3HAWAECHUX MpOOIIeM aHai3y NaHHX.
PesynpraTom gocmimpkeHHS cTaxa Ho0yIoBa aBTOMAaTH30BAHO! CHCTEMH BHSBICHHS aHOMAJIii.
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s edextrBHOI peanizarii [1C mpoBeaeHo NOCTiHKESHHS HASBHUX 1HCTPYMEHTIB, 110 OJIM3BKI 10 TeMa-
TUKU poOoTH. Byrno 3HalineHo moxiOHI pieHHs i MpoBefeHU IXHIM aHAMi3 13 NOISTY BiAMOBITHOCTI iX
norpedaM Oi3HeCy 1 AKOCTI BHPIIICHHS X MpobiieM. AHalli3 TIOKa3aB, O HAsIBHI CHCTEMH HEaKTyallbHi,
HE MIATPUMYIOTECS 1 HE BUKOHYIOTb 3a/1aui, MOTPiOHI A1 po3B’si3aHHA npodieMu. TakuM 4uHOM OyI1o mif-
TBEPIKCHO MOTPeOy B CUCTEMI, 1[0 BHPIIIyBaia O PO3IISHYTY B POOOTI MpoOieMy.

Ha ocHOBI 3p0o6ieHOro TOCiIKEeHHs MiAX0Ly BUSBIEHHS aHOMAil, 3HAIEHUX MpU aHaJi3l pilleHb
TepeBar 1 HeJIoJNiKiB HasIBHUX CUCTEM, 1 BIIACHOTO JIOCBIly aBTOPIB Y Tairy3i OyJ0 po3po0iIeHO BUMOTH, SIKHM
Mae BiANOBigaTH po3podneHa cucrema. Ha BUKOHaHHS UX BUMOT OylI0 0OpaHO i CIIPOEKTOBAHO apXiTEKTy-
Py CHUCTEMH Ta MPOaHaIi30BaHO 1 00paHO TEXHOJOTIT TS i MpOrpaMHOT IMIIEMEeHTAITI.

[IpakTiuHuM pe3ynbsTaToM po0oTH € apTomMatn3oBaHa I1C BusBiaeHHs aHoMautiil. CHCTeMa CKIIQIA€ThCs
3 KUTLKOX TTPOTPAMHHX MOJYJIB, IO pa30oM 3a0e3euyroTh BUKOHAHHS 3aa4 aHami3y OizHec-ganux. Ls [1C
Mae BHCOKY aJIallTUBHICTB, € JETKOI0 10 MOAU(iKaLlii 1 3py4HOI0 y BUKOPUCTaHHI. JIeTKicTh HaJIAIITYBaHHS
3a0e3Meuy€eThCcsl IHTepaKTUBHUM BeOiHTEepdeiicoM, a HaliiHICTh BUKOPUCTAHHS — PO3MEXKOBAHOI apXi-
TEKTYPOIO 3 0OMEKEHOIO Bi/IMOBIAAIBHICTIO KOMIIOHEHTIB.

OTxe, B pe3yabTaTi poOOTH BAAJIOCS MiATBEPIUTH TIOCTABJICHY PaHIIIE TIMOTE3y MPO MOXKIIHBICTH e(eK-
TUBHOTO BUKOPUCTAHHS NPOrPaAMHUX CUCTEM BUPIIIEHHS MPoOIeMH aHATIITUKU Oi3HeC-1aHUX.
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M. Postnikov, S. Gorokhovsky

AUTOMATED SYSTEM FOR DETECTION
OF ANOMALIES IN BUSINESS DATA

The article describes the analysis of the anomaly-detecting process in business data, known software
solutions, formulated requirements for the system and developed an automated software system for detect-
ing anomalies. The developed system consists of software modules, has high adaptability, ease of modifica-
tion, and ease of use. The system fully satisfies the previously set requirements: ease of configuration is
provided by the user interface and interactive process, flexibility and ease of customization — by selected
technologies and architectural abstractions, reliability — by separation of components through a queue of
tasks, functional requirements — by developed component modules. The system performs the task of auto-
mated detection of anomalies in business data and meets modern standards in the field of data. The main
types and classifications for anomalies and anomaly detection techniques were given, which give an idea of
the practical value of anomaly detection in data processing. The analysis of the problem showed that exist-
ing systems are irrelevant, not supported, and do not perform the tasks required to solve the problem. Based
on the research, the requirements that the system must meet were developed. To meet these requirements, the
system architecture was selected and designed, and technologies for its software implementation were ana-
lyzed and selected. The practical result of the work is an automated software system for anomaly detection.
The system consists of several software modules that together provide the performance of business data
analysis tasks. The developed software system has high adaptability, ease of modification, and ease of use.
Ease of configuration is ensured by an interactive web interface, and reliability of use is ensured by a de-
limited architecture with limited component liability. Thus, because of the work, it was possible to confirm
the previously formulated hypothesis about the possibility of effective use of software systems to solve the
problem of business data analysis. The system has great potential for development and can be developed in
many directions, for example, support for other databases and data warehouses, as well as integration with
other communication systems.

Keywords: anomaly detection, software system, system requirements, architecture, technologies, web
application, FastAPI, Celery, REST API, Pandas.
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ABTOMATU30OBAHE BUSIBJIEHHS BAJI APXITEKTYPHU
IMPOTPAMHOI'O MOAYJISI 3 BUKOPUCTAHHSM
I'PA®OBOI MO/JIEJII BI3YAJII3AIIII

Y yiti cmammi onucano Hosutl nioxio 00 a8MOMamMuU308aH020 BUABIIEHHI 800 NPOEKMYBAHHA NPOSPAM-
HO20 MOOYJIAL 3 GUKOPUCMAHHAM MoO0eni 8i3yanizayii apximexmypu y @opmi epaga i3 3acmocy8aHHam 00-
0amKoBUX aneOPUMMI6 ananizy. 3anponoHosanuti cnocib 00360JA€ SUAGUMU NOWUpPeHi 6adu ma ingopma-
Yito Npo HUX Y JlecKoMYy O CNPUUHAMMSA NOOAHHI 3 GUKOPUCMAHHAM Jule 8UXIOH020 KOOV NPOSPAMU.
Y emammi pozensnymo womupu o3naxu HasgHocmi noMunoxk npu npoekmysani ¢ konmexcmi OOII, 30kpe-
Ma NOPYUieHoi 32ypmosanocmi, 36 A3HOCMI | YUKILTYHUX 3ATLEHCHOCTNELL, 4 MAKOXHC CNOCOOU iX UABTLEHH MA
npeocmasnenta y mooeni apximexmypu. Ha peanvHux npuxnadax 8UKOHAHO a8mMomMamu3o8ane GUA6LeHHs
60 I3 GUKOPUCMAHHIM PO3POOIEH020 THCMPYyMeHmy 0 Mogu Swift 3 niomeeposiceHHaM iX HASAGHOCHI
V npoyeci 0emanbHo20 aHaaizy K000Boi ba3u.

KuarouoBi ciioBa: nporpamyBaHHS, IPOrpaMHUN MOIY/b, apXiTEKTypa MPOrpaMHOrO 3a0e3MeueHHs
(IT3), omintoBaHHs sikocTi 113, Bizyauizailis apXiTEeKTypH, aBTOMAaTH30BaHUN CTaTUYHWH aHai3, MaOJIoHH
MPOEKTYBaHHS, METPHUKH, 3B’ SI3HICTH IIPOrPAMHOTO KOy, 3rYPTOBaHICTh MPOrPAMHOTO KOIY.

Beryn

Ha cphorofsi BaXJIMBUM BHUKJIMKOM Y Taiy3i po3pOOJCHHS IIPOrPaMHOro 3a0e3NeueHHs € MiATpUMKa
HaJIeKHOT IKOCTI poayKTy. Ilonpu Te, mo Hapasi JOCTyIHA BEJIMKA KiUTbKICTh IHCTPYMEHTIB aBTOMAaTHIHO-
IO BUSIBJIICHHS IOMWJIOK y IPOrpaMHOMY KOJli, 3HAYHA YacTKa 3 HUX KOHLIEHTPYEThCS HA BUSBJICHH] AOBOJI1
MPOCTUX MOMUJIOK Ha PiBHI CHHTAKCHCY Ta 1HOMI ceMaHTukH [6; 8]. [HImoro nmpo0iieMoro HassBHUX 1HCTPY-
MEHTIB € 00MEeKeH1 MOXKIIMBOCTI MPEACTABICHHS iHGOpMAIlii PO Mporpamy, o poOUTh poIec 00podIIeH-
HS pe3yINIBTaTiB HETPHBIAJILHAM.

Pamnime B crartsx [1; 2] Oyimo onucaHo miaxia 1O MOJCITIOBAHHS apXiTeKTypH nporpamu y hopmi rpada,
B SIKii By3JIM BiTOOpaKaroTh KJIacu Ta IXHi KOMIIOHEHTH, a peOpa — 3B’SI3KH MK HUMH, TaKi K HaJIEKHICTh,
BUKOPHUCTAHHS, HACHiAyBaHHS TOLIO. EcTeTMYHO MpUiHATHE PO3MILIEHHA I1i€1 Moaesi B TPUBUMIpPHOMY
MIPOCTOPi 33 CHIIOBHM aJITOPHTMOM 1 3 BiTOOPaKCHHSIM Yy IONIOBHEHIH peasbHOCT] Ja€ MOXIIUBICTE CIIPO-
CTUTH CIPUHHATTS CKJIAJHHX 3aJI€)KHOCTEH HA IHTYITUBHOMY PiBHI Ha OCHOBI CTEPEOMETPUYHHUX MeTadop.
VY mporieci gocmipkeHHs 0yi10 po3podieHo mporpamumii komiuieke A.D.A.R. — Architecture Displayer in
Augmented Reality, 11t aBToOMaTH4HOT TeHeparii Ta BiqoOpakeHb MO apXiTEKTYpH.

[Mompu Te, mo po3pobieHnit iHCTpyMeHT Baaio OyayBaB Bisyalli3allifo apXiTeKTypH, TNTaHHS BHUSBJICH-
HSl IOMUJIOK MPOEKTYBAHHS 3aJIUIIANIOCS 032 KOHTEKCTOM. Y IIil CTaTTi MU PO3IISIHEMO aBTOMATH3ALIi0
BUSIBIICHHS BaJI, IO CTaJjla MOXJIMBOIO 3aB/ISKN 3HAYHUM YIOCKOHAJICHHSM Bi3yaJIbHOI MOJIEINI, & TAKOX aB-
ToMaTH3alii aHamizy aHoMallii 3 BHUKOPHCTAHHSM BOYIOBAaHMX CTAaTHCTUYHUX NpuiioMiB. BakinuBoro
€ TaKO’X MOXJIMBICTh 1HJIMKAIIIi MOTEHI[IHHO MPOOIEMHHUX MICIhb Y CTPYKTYpi MporpaMu 0e3nocepenHbo
B MOJIEJII.

Banu npoextyBanns B OOII i cnocodm ix Bizyanizamii

[Tapagurma 06’ €KTHO-OPIEHTOBAHOTO MPOTPaMyBaHHs HE € HOBOK. Ha chOTo/IHI iCHY€ BeNnKa KiJIbKiCTh
JOCIiKEHb [4; 9], y SKMX 3aIPOITIOHOBAHO Ta MEPEBIPEHO PI3HOMAHITHI METPUKH, IO JO3BOJISIOTH 13 MEB-
HOIO TOYHICTIO TIEPEBIPUTH AOTPUMaHHA 0a30Bux npuHImIiB OOIl. BukopucTaHHS METPHK A€ 3MOTY HE
JIUIIIE OTPUMATH KOHKPETHE 3HAUCHHSI PIBHS TOTPUMAHHS MPUHIIMITIB, @ H po3po0isaTH e(heKTUBHI PillICHHS
JUTA X 00uMcIIeHHs. 3 IHIIOTO OOKY, YUCIIOBE TPEACTABICHHS CKIIQJIHUX KOHIETIIIH He € IHTyITUBHUM, 3Hau-
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HO 3aJIC)KUTH B1Jl TEXHOJIOTIH, a HMOBIPHHI HEKOPEKTHUH Pe3ylIbTaT MOXKE e OUTBIIE YCKIAIHUTH JIETalb-
Hui anami3 [10].

Po3rnsaeMo meski mompeHi HOMHIIKHE NPOEKTYBAHHS, [0 BUHUKAIOTH YHACTIOK IIOPYIICHHS IPUHIIH-
niB OOII, Ta MOXXITUBI MiIX0MH 10 iX IHTYITUBHOI Bi3yasmi3arii.

KoHmeHTpaItis J0TiKu IporpaMu B MeXax OTHOTO Kiacy € HeOakaHOI0 3 OINIIAY Ha YTBOPEHHS CHITBHOT
3B’A3HOCTI 1, IK HACJIIJIOK, HAAJUIIKOBUX 3JICKHOCTEH, IO CBOEIO YEProl0 MPU3BOAUTH 10 IMiJBUILECHHS
PHU3WKY aHOMAJTii TTPH 3MiHI KOJTy Ta KPHXKOCTI JoTiky 3arayioM. Taki meTpukn, sk CBO (Coupling Between
Object) — 3B’s13HicTh Mixk 00’ extamu i LOCM (Lack of Cohesion in Methods) — BifcyTHICTb 3rypTOBaHO-
CT1 METOIIB, MOYKHA ITPOCTO OOYMCITUTH, MPOBIBIIN CTATHYHUI aHAi3 BUXITHOTO KOy, Ta BUSBUTH O3HAKH
BaJ npoekTyBaHHsA. OJHAK y KJIACHYHOMY BHIIQJIKy BOHM OOYMCITIOIOTHCS JUIsl IIJIOTO MPOEKTY 1 pajmie
CBIJUaTh MO SIKICTh KOAY B 1iIoMy. O4eBHUIHO, IX MOXKHA OOYHCITIOBATH 1 JITIS1 OKPEMHX KJIACIB, 1[0 3HAYHO
3BYXKY€ 00JIaCTh TOIIYKY POOIEMHHX MICIIb, aJIe B TAKOMY pa3i cIaOKUM MiCIIeM TAaKOro MiIXOy € IMOoTpe-
0a B THyYKOMY BH3HAYCHHI IIOPOTY KPUTUYHOCTI JUTS KOXKHOT 3 METPHK, III0 HE MOYKe OyTH yHIBEpCaIbHUM,
aJixKe 3aJIeXUTh BiJl crieruiku KOHKPETHOI TPOTpaMHu.

Ha mpoTuBary TakoMy MiXomy pO3IISTHEMO BEJIHKY 3B’S3HICTH 1 HH3BKY 3T'YPTOBaHICTh y KOHTEKCTI
rpadoBoi Mozieni apXiTekTypHu. BoueBubp 03HaKOO BENHUKOT 3B’ A3HOCTI B 00JaCTi KOHKPETHOTO KOMITOHEH-
Ta (He 000B’SI3KOBO KJIAcCy, a ¥ BIACTHBOCTI YW METOJIa) € BEJIMKA KiJIbKICTh pedep (3B A3KiB), IO CHOTyYa-
I0Th LI}l KOMIOHEHT 3 iHmuMHU. OTXe By37H, 1[0 Mar0Th aHOMAJIBHO BENUKUil cTemiHb y rpadoBiit Mmozeni,
MOTEHIIIIHO € IIEeHTpaMu 00JacTel BEITMKOi 3B’ A3HOCTI.

3 iHImoro 00Ky, HU3bKAa 3TrypTOBAHICTh TAKOXK € MPOOIEMOI0, 1[0 MOXKE CBIAYUTHU NIPO HEBAAILY JEKOMIIO-
3HIIIO JIOTIKH. 3 ypaxyBaHHSIM TOTO, IO Tpad apXiTeKTypH € 3BaKCHUM, a Bard BiIOOPaKarOTh IHTCHCHB-
HICTb 3B 43Ky MDK KOMIIOHEHTaMH, aHOMAJIbHO MaJjla Bara 3B’sI3Ky CTPYKTYypHOI YaCTHHU (BJIACTUBOCTI YU
METOJIa) 3 KJIaCOM TIOPIBHIHO 3 1HIIUMU CBIJYUTH PO HU3BKY 3TyPTOBAHICTS 1, SIK HACIIIJIOK, CTABHUTH ITiJ]
CYMHIB TPaBUJIbHICTh CTPYKTYPHOI HAJIC)KHOCTI. B eKCTpeManbHUX BUMAAKAaX MOPYIIECHHS 3TypTOBAHOCTI
MIPU3BOAMTS J0 TAKMX CUTYaIliH, sIK «3a3apicHi MeTonuy (feature envy) [S].

Cuin 3ayBaskuTH, 1110, HA IPOTUBAry YUCIOBUM IPEICTABICHHSIM METPHUK, y TpadoBiil Mozeni 3B’ A3HICTh
1 3TypTOBAHICTh JIETKO BiIOOPaKAIOTHCS BiJICTAHAMH MK KOMITOHEHTAMH, a TAKOX KOJIBOPAaMH JJIsl TOaT-
KOBOI iHAMKaIii (puc. 1).

Puc. 1. [Ipuknan By3na 3 BEJIMKUM CTETIEHEM

[le oxniero mpobaEMOIO MU MPOEKTYBAHHI € BUHUKHEHHS LIUKIJITYHUX 3aJIEKHOCTEH MK KOMIIOHEHTa-
MHU. Y JedIKUX BUMAJKaX TaKUW MiAXia Moxe OyTH BUIIPABJAHHUM, aJie 3arajioM € HeOaKaHUM, aJIKe B TaKO-
My pa3i BIICYTHICTb LIMKIy Ha €Talli BUKOHAHHS 4acTO JOCIATaEThCA LUIIXOM POOOTH B OararonoToKOBOMY
CEpEIIOBHIIIL, @ OTXKE € BPA3IUBHM J0 MOXIIMBOTO «3MarajbHOTO CTaHy» (race condition).

OueBuHO, 10 rpad € BAANOK CTPYKTYPOIO JUIs MOLIYKY [UKIIYHUX 3aJI€KHOCTEH, 110 TAKOXK JO3BOJISE
BHUKOPHCTOBYBATH €(EKTUBHI MiIXOAN 10 MOUIYKY IHKIIB i3 MOy MPOXyKTUBHOCTI. OKpiM TOTO, Bi3y-
anbHa iHIUKaLis pebep, 1o GOPMYIOTh LUK, JO3BOJIAE JIETIIE COPURHATH HUKIIYHY 3aJI€KHICTh He3aIex-
HO BiJI KIJIBKOCTI JIAHOK Y JIAHITFO3I.

VYpaxoByroun Te, IO Ul PO3MILIEHHS rpady y TPUBUMIPHOMY NPOCTOPi At 3a0e3IeueHHs] BUCOKOTO
PiBHSL €CTETHUYHOCTI 3aCTOCOBYETBCS aJalTallisi CHJIOBOTO allTOPUTMY, CEpHO3HI MOPYIIEHHSI B KOHTEKCTI
€CTEeTUYHOCT] MOJAHHS TaKOXX MOXKYTh CBIIUMTH MPO HAAMIpHY 3B’SA3HICTh KOMIOHEHTIB. OnHUM 13 6a3o-
BHX KPUTEPIiB €CTETUYHOCTI, SIKi 3a 33JyMOM 3a0e31euye allTOpPUTM, € HeTIepeTHH pedep, ad0, MEHII CTPO-
ro, MiHiMi3allis nepeTuHiB pedep. BianosigHo inaukaris pedep, 110 NepeTHHAIOThCA YK ONM3bKi 10 mepe-
THHY 3 TIEBHOIO TIOXHOKOIO, T03BOJISIE 3BEPHYTH yBary Ha MOTEHIIHHO MPOOIEMHY IUISHKY.
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TyT BapTO 3ayBa)KUTH, 110 CHJIOBUI aJITOPUTM HE € CTaOLIBHUM, a SIKICTh Bi0OpaxkeHHs rpada y mpo-
CTOp1 CUJIBHO 3aJICXKUTh 1 BiJl TOAATKOBUX HANAIITYBAaHb AJITOPUTMY, 30KpEMa KPUTEPiiB 3yNUHKH. 3 0Ny
HA 1I¢ MIOPYIICHHS €CTETUYHOCTI B YACTHHI MEPETHHY pedep € TOTUYHOK O3HAKOKO 1 KOPEIIOE SIK 31 CTPYK-
TYpHUMH OCOOIUBOCTSIMHU rpada, Tak i 3 0cOONUBOCTIMH POOOTH ANTOPUTMY B KOHKPETHOMY YaCTKOBOMY
BUIIAIIKY.

BusiBienns anomadiii apxirektypu nporpamu y rpadosiii mogesi

BusiBieHHsI BaJi IPOEKTYBAHHS 32 YMOBHU BiJICYTHOCTI METaJaHUX IPOEKTY, TAKUX SK MPOEKTHA JIOKY-
MEHTAIlisl, He MOXKe TiepeadadaTy epeBipKy MIISXOM BCTaHOBIICHHS BIAMOBIAHOCTI eTasiony. Cepen anprep-
HATUBHHX BapiaHTIB MOXKHA BU3HAYHUTH MEPEBIPKY 32 METPUKAMH 3 MOPIBHIHHSAM 13 3arallbHONPUIHATHMUA
PEKOMEHIOBAHUMH 3HAYCHHSAMH SKICHUX apXIiTEKTYp 1 TOIIYK aHOMAaJTiH.

CyuyacHi nporpamHi pillleHHS MOXXYTb 3HAYHO BIJPI3HATHUCH 3aJIEKHO BiJ JOMEHHOI 005acTi, 30KpeMa y
CKJIAJHOCTI Ta 00’ eMi. OKpiM TOTO, Ha CHOTO/IHI ITUPOKO BUKOPUCTOBYIOTH criemianizaiii ta Bumosmiau OOI],
K, A0 npuknany, IIOIT (mpoTokonsHO-OpieHTOBaHe MporpamyBaHHs) uu PII (peakTuBHE mporpamyBaHHS).
Uepes 11e eTaloHHI 3HAYCHHS] METPHUK, BCTAHOBJICHI JI0 MOSBU JISSIKMX CYYaCHUX TEXHOJIOTiH abo K Ha KOH-
KPETHOTO BUJTy IPOrpaMax, MOXYTh BHSIBUTUCH HEPEIICBAHTHIMH. B TakoMy pa3i KOpHCTyBad CUCTEMH MTOBU-
HEH CaMOCTII{HO HaJIAITyBaTH KPUTEPii, III0 CBOEIO YSProi0 HETAaTHBHO BIUIMBAE HA aBTOMATH3AILIO SK TaKy,
ayke noTpelye JONaTKOBUX PeCypeiB, 30KpeMa i INUOOKOTo aHaji3y 0coOIMBOCTEH MPOeKTy. BapTo Takox
3a3HAYUTH, [0 TOYKOBO TOHKO HAJIAIIITOBAHI €TAIIOHH CTAIOTH JJOCHTH YMOBHHUM KPHTEPIEM SIKOCTI.

Came 3 o1y Ha 11l TpoOIeMH IPU PO3POOIIEHH] HAILIOTO PIIIEHHS MU CKOHLIEHTPYBAJIUCH HA THYYKOMY
BHSBIICHHI aHOMAJTil SIK O3HAK iIMOBIpHUX TIOPYIICHB 3arajbHOT apXiTEKTYpH Mporpamu. Bapro 3ayBaxxurH,
110 JJIs CIIeHapiiB, y SKUX 3arajibHa SKiCTh apXiTeKTypH HU3bKa B MPUHIIMIII, IMOBIPHO, O1JIbII ONITUMAIIb-
HUM pIlICHHSAM MOXke OyTH TiIOpWIHUHN IMiIXiJl 13 BUKOPUCTAHHSIM y3arajbHEHUX CTAJIOHHHUX 3HAYCHb JIJIS
MiHIMaJIBHOTO MOPOTY KPUTEPiIO Y MOEAHAHHI 3 TIOLIYKOM aHOMaJIii.

Jlis monryky aHOMaUTiid y HalloMy iHCTPYMEHTI pealti3oBaHO okpemuid Moayss AnomalyDetector. Bin
MICTHTh OTHOHMEHHHI KJIac, €K3eMILLIPU SIKOTO MOXKYTh aHATi3yBaTH HAsSBHY rOTOBY rpa)oBy MOAENb i
BUSIBIISITH B Hilf 03HAKK MOTEHIIHHNX HOPYIIEHb CTPYKTYPH.

AnomalyDetector mapanensHO BUKOHYE TOIIYK TAKAX aHOMAJIIi:

1) By3/1M 3 aHOMAJBEHO BEIUKUM CTETICHEM;

2) peOpa, 1110 TO3HAYAKOTH HAJICKHICTH IO KJIACy, aJie MAIOTh AHOMAJIBHO Mally Bary;
3) 1wmKIm;

4) maaMipHe 30JIMKEHHS pedep, Y TOMY YUCIIi IEPEeTHH.

Ha migcraBi nux JaHUX mporpama-nepenisiad J01a€ BidyaabHy iHAMKAIIIO JUTS MTOTSHIIIHHO MPooIeM-
HUX €JIEMEHTIB.

By3mu, mo maroTe aHOMagbHO BEIHWKHH CTEIMiHb, OYEBHUAHO, € OONACTIMU BEIHKOi 3B’SI3HOCTI KOIY.
BaxmiBoro mpoOieMoro TyT € BU3HAYCHHS, SIKi 3HAYCHHS CTEICHS € aHOManbHUMH. J[ns 3abe3reueHHs
THYYKOCTI OZJHOYACHO 3 HU3bKUM BIUIMBOM Ha IIBUIKOi0 OyJI0 BUPIMIEHO BUKOPUCTATH TPOCTHI CTaTHC-
TUYHUN IHCTpYMEHTapiid. [ KoXHOTro BUAY By3JiB y Tpadi (Kj1acu, BIaCTHBOCTI, METOIU) OKpeMo o0pa-
XOBYEThCS MAaTEMAaTUYHE CIIOJIBAaHHA, K€ B I[bOMY BUIAJKYy 30iraeThCs 3 CepelHiM apu(pMEeTHIHHUM, Ta
JUCTIEPCIsL.

[oHATTS aHOMANBEHOTO 3HAYEHHS BBOAUTHCS KJIACHYHO BiIIOBITHO A0 GOPMYIH:

true,if |[x — m| > k *s
flase,otherwise

Jie X — 3HAUCHHS CTEIEHIO MIEBHOTO BY3Ja, [l — MaTeMaTH4YHE CIIOiBaHHI, kK — MOPOroBHii KoedilieHT (3a
3aMOBUYBaHHAM k = 2), 6 — JUCIEpCisl.

J171s1 BUSIBJICHHSI O3HAK HU3BKOI 3TyPTOBAHOCTI MiXK KOMIIOHEHTaMH KJlacy Oyji0 3HAYHO BJOCKOHAJICHO
yactuHy mpoekTy A.D.A.R. — aHanizarop. B opuriHaneHiii Bepcii npu moOymoBi rpada Bara pedpa, 1o
BiJToOpakae 3B’s130K «€ METOAOM» (Ki1acy) abo «€ BIaCTUBICTIO» (Kiacy), 3aBkau Oe3yMOBHO cTaHOBMIIA 1
npu o6xaacti 3HaueHp Bar [0;1]. Takum 4rHOM MOIENH HIKONK HE BimoOpa)kana peajbHOI 3TypTOBAaHOCTI,
a JIMIIe MAaKCUMAJIbHE 3HAYCHHS.

Jyist oOYUCIIeHHS peaIbHOTO PiBHS 3TYPTOBAHOCTI KOMITOHEHTIB OYyJI0 B3ATO CIPONICHHUIA BapiaHT BiJIo-
BiJTHUX METPUK, 10 OOUUCITIOBABCS 11 KOYKHOTO KOMITOHEHTa okpeMo. OKpiM IbOTO, 11e 3HAYCHHS 004HC-
JIIOETHCS TTO-PI3HOMY JUTS METOJIIB 1 BIIACTUBOCTEH.

anomaly(x) = {
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Cuin 3ayBaXXHTH, IO TIOHATTS BIACTHBOCTEH y CyYacHHX MOBAX IIPOTPaMyBaHHS MOXe OyTH AyKe Bifl-
HocHuM. Jlo mpuknany, y Swift icHy1oTh oO0unciIrOBaHi BIacTUBOCTI (computed properties), 1110 OKpiM CHH-
TAaKCUCY MaJIO BIJIPi3HSFOTHCS BiJl METOIB O3 MmapaMeTpiB, a00 kK BIACTUBOCTI, IO 1HIIIATI3YOTHCS TS~
XOM BHKOHAHHS aHOHIMHO{ (yHKIIT (closure). Y 11boMy JOCTII>KEHHI MU OIyCTIJIN 11l 0COOJIIMBOCTI 1 CKOH-
[EHTPYBAIUCH HA POOOTI 3 OLIBII KIIACHYHUMU IMOHATTAMH METOJIIB 1 BIACTHBOCTEH.

Juis obuncnenHs Baru pedpa, 110 NOEAHY€E BIACTUBICTD i3 KJIACOM, SIKOMY BOHA HaJICKHUTh, 3 OISy Ha
Te, IO BIACTHBICTh HE BUKOPUCTOBYE METOJI, ajle METOJ MOXKE 3BEPTATHCH 0 HEl y CBOEMY Tilli, MH BUKO-
puctoByBanu hopmyimy:

- x Mpec
w(p,c) = a(12 e 6),

ne w (p, ¢) — Bara pebpa MiX By3JOM BIACTUBOCTI p Ta Kiacy ¢; m,  — KiIbKiCTh METOIB KIACY ¢, IO
BUKOPHMCTOBYIOTh BJIACTHBICTb p; M — 3arajbHa KiIbKiCTh METOMIIB KIIACy C.
s oOuucnenHs Baru pedpa, o MoeaHy€e METO 3 KJIACOM, SIKOMY BiH HaJIS)KUTh, MU BUKOPHCTOBYBAIIU
TaKy hopMmyiy:
MuctPuc

w o) = (&),

ne w (W, ¢) — Bara pedpa MiX By3JIOM METOAY L Ta KJacy c; m, — KUTBKICTh METOJIIB KJIACy C, 110 BHKO-
PHUCTOBY€ METON [; M — 3araibHa KiIbKiCTh METOJIB KJIACY C; Py KUTBKIiCTh BIACTHBOCTEH KIIacy ¢, 1o
BUKOPHMCTOBYE METO 1; P, — 3arajibHa KilbKiCTb BJIACTHBOCTEH Kilacy c.

JlJis BU3HAUEHHS TOTO, UM Bara pedpa € aHOMaJIbHO MaJIOk0, MA BUKOPHCTOBYBAIIN aHAJIOTIYHUHN TAX1]I,
SIK JUTSl BU3HAYCHHS aHOMAJIBHOTO 3HAYCHHSI CTETICHS BY3Ja.

3amaua BUSBIICHHS [UKIIB Y IIbOMY KOHTEKCTI € TpuBianbHOI. AnomalyDetector mpocTo nonydae 10
3BITY iH(OpPMAIIiIO PO 3HAWIEH] LIUKIIH.

Y KOHTEKCTI MONIYKYy OPYIICHHS KPUTEPIiB €CTETHYHOCTI, 30KpeMa 3HAYHOTO HAOIMKCHHS Y1 TICPETH-
Hy pe0ep, BaXJIMBO MiIKPECIUTH, U0 Y peaJbHUX BHUIIaJKaX Bi3yallizallii TOUHUH MepeTuH BiApi3KIB Ma-
JoWMOBIpHUH. ToMy MH 3pOOWIIM aKIEHT Ha IMOIIYKY HAOIMKEHb BIJIPi3KiB, aJKe MEPETHH € YaCTKOBUM
EKCTPEeMaIbHUM BHIAJKOM. Bifpi3ku BBaXKalOThCS aHOMAIILHO HAONMKEHHMU, SKIIO HAMEHIIA BiJICTaHb
MIX HIMH € B MEXaX JesIKOT HEeBEJIMKOI BiJICTaHi, [0 y HamoMy BHIaAKy cTaHoBUTh 0,0001 yMOBHOT ou-
HUIL po3Mipy 3a 3arajlbHOTO Po3Mipy Ky0a, B sikuit Bucano rpad 500 * 500 * 500 yMOBHHX OAMHUIIb.

BusiBjieHHsl Ta Jokagizanisa npodJeMHUX YACTHH apXiTeKTypHu

I3 MeTor0 TIepeBipKH 3AaTHOCTI 3alIPONIOHOBAHOTO IMiJXOAY BHUSBIISITH Ta JIOKAII30BYBaTH MOTEHIIIHO
MpOOJIEMHI MICIIS B apXITEKTypi IPOTrPaMHOTO MOAYIS OYII0 MPOBEICHO CKCIICPUMEHTH Ha PEaTbHUX MPO-
extax 10S nonarkiB Ha ruiatgopmi GitHub, Hamucannx moBoro Swift.

s imrocTparii po3riiTHEMO HEBEIUKHIA 3acTOCYHOK — rpy 2048 [3]. B mepmry wepry Oyno npoBeneHo
ABTOMATH30BaHy MOOYIOBY apXiTEKTYpH MPOrpaMH 3 BUKOPUCTAHHSAM HAIIIOTO IHCTPYMEHTY 3 JIOJAaTKOBUM
ABTOMAaTH30BaHIM aHaJTi30M aHOMaNii. OTpuMaHy Bi3yalbHy MOJCIh MOXKHA MO0AYNTH Ha pHC. 2. YopHHM
KOJIbOPOM ITO3HAYEHO MOTEHIIIITHO MTPpoOIeMHI elNeMEeHTH, a CipuM — BC1 1HIII.

Puc. 2. Yactuna Bizyaunizauii npoekty 2048
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Bapro 3ayBakuTH, 1110 HUKJIIYHUX 3aJI€KHOCTEH Y IbOMY BUIAJAKY HE OyJI0 BHSBICHO, 1[0 3yMOBJIECHO
THM, 1110, TIO-TIEPIIE, MPOEKT € JOCUTh MPOCTUM, a MO-IPyTe, HASBHICTh TAKUX 3aJIS)KHOCTEH € JOCUTh Pij-
KICHAM SIBHILIEM.

HaTOMiCT]) BUSIBJIEHO I1’SITh BySJIiB 3 aHOMAJIbHO BCJIMKUM CTCIICHEM, YOTUPHU BJ'[aCTI/IBOCTi 3 aHOMAaJIbHO
HU3BKOIO 3TypTOBaHICTIO 1 10 pebep, mo po3MilieHi J0CHTh OJIN3BKO B yMOBaX Ili€l Bi3yaizarlii.

class ViewController: UIViewController {
var manager: GameLogicManager!
var score: Score!
var highScore: HighScore!
var renderer: GameBoardRenderer!
var restartButton: RestartButton!

/] .

Jlicrunr 1. BnactuBocti knacy ViewController

OpHUM 13 By3JIiB i3 HAWOUIBIINM CTETIEHEM € By307, 1110 Mo3Havae kinac ViewController. 3a neranpHimo-
ro aHamizy (JicTuHT 1) 10Ope BUIHO, IO [IeH Kiac CrpaB/i MOEAHY€E B cOO1 BCl YaCTHHH (DYyHKITIOHATY 3a-
CTOCYHKY, 110, SIK HACTII0K, pOOUTH 110 YACTUHY KOAY KPHUXKOIO.

[HIIMM TIpUKIIaIOM By3Jia 3 BEJIMKHM CTEIICHEM € By30J1, 0 TIo3Hadae Meto save(dimension: Int, tiles:
[Tile]). Ik BuAHO 3 JIICTUHTY 2, B TUIl IIbOTO METOY CIIPABIi € O3HAKHU MOPYIICHHS 1HKANCYMii, 30Kpema
B YacTHHI cTBOpeHHs ek3emiuisipy TileModel.

func save(dimension: Int, tiles: [Tile]) {

deleteAllTiles()

for tile in tiles {
let tileModel = TileModel(context: ResistanceService.context)
tileModel.positionX = Intl6(tile.position.x)
tileModel.positionY = Intl6(tile.position.y)
tileModel.tileValue = Int32(tile.value ?? 0)
ResistanceService.saveContext()

Jlicrunr 2. [opyurenns inkancyssiii B Metozi save(dimension: Int, tiles: [Tile])

VYci 4oTHpHU BHUSBJICHI BIACTHBOCTI 3 HU3LKUM PIBHEM 3TYPTOBAHOCTI 31 CBOIM KJTACOM HaJIeKaTh 0
kiacy Tile. Lleit kmac MicTHTH nuIne Aekigapamii nux BiIacTHBOCTed 0Oe3 meroxiB. HaromicTe kiac
GameLogicManager mictuth MeTon isGameOver() -> Bool (Jlictuar 3), 10 MOPYIIYE 1HKANCYIISIIIO
BiactuBoCTel kiacy Tile, mpartoroun 6e3nocepenHbo 3 HUMH 1, SIK HACHiJO0K, Il BIACTHBOCTI MAalOTh BUIILY
3rypTOBAHICTD 13 HUM, aHIXK 13 BIACHUM KJIACOM.

private func isGameOver() -> Bool {
if tiles.filter({$0.value == nil}).count != 0 {
return false
}

for tile in tiles {
let v = tile.value!
let neighbours = [tile.upTile, tile.rightTile, tile.
bottomTile, tile.leftTile]
flter { $0?.value == v }
if neighbours.count != 0 {
return false
}
}

return true

Jlictunr 3. [Topymenns inkancymsmii B Metoni isGameOver() -> Bool
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[I{o cTocyeThcsi BUSBICHUX HAOIMKEHBb pedep rpady, TO BOHH 3a JICTAIBHOTO aHAII3Y 3IeOUTBIIOTO €
O3HAKOIO 3araNbHOI BEJIUKOT 3B’ A3HOCTI IIPOEKTY.

OTXe, 3 BUKOPUCTAHHSIM aBTOMAaTH30BaHOI MOOYIOBH Bi3yaizaiii apXiTeKTypH NMPOTpaMy 3 BUSBJICH-
HSIM BaJ IPOEKTYBAHHS MOXKHA 1HTYITHBHO JIETKO BUSBUTH IPOOJIEMHI 00J1aCTi KOy IPOrpaMH.

BucHoBkH

VY wiid cTaTTi pO3MISIHYTO BAOCKOHAICHHS IHCTPYMEHTY JUIsl aBTOMAaTH30BaHOT MOOYIOBH Bi3yallbHOI rpa-
(hoBOi MoZIeNi apXiTEeKTypH MPOTrPaMHOTO MOAYJIS 3 aKIIEHTOM Ha BUSIBJICHHS Ta JIOKAJi3alil0 TOTEHIIHHUX
BaJ MpoekTyBaHHs. [lonmyk mopymreHHs 3B’ 3HOCTI Ta 3TYPTOBAHOCTI MiXK KOMITOHEHTaMH HPOTPaMH 103~
BOJIsIE CKOPOTHTH TIPOIIEC MOIIYKY 00nMacTel, Bpa3iIuBHX J0 3MiH, 1 CKOHLIEHTPYBAaTH Pecypc ISl JeTaIbHO-
TO aHaJi3y BiJIOBITHO.

Hosuit Mogyns AnomalyDetector, nparoroun Jume 3 MOJICIUIIO apXiTEKTypH, A03BOJISE LIBHIKO Ta
THYYKO BUSBISITH O3HAKH IMPOOJIEMHOTO KONy 3aBISKH BUKOPHUCTAHHIO IMPOCTOTO CTAaTUCTUYHOTO iHCTPY-
MEHTapilo.

Ha mpukitagi peaqbHOTO 3aCTOCYHKY MPOUTIOCTPOBAHO BiJMOBIIHICTH MiXK BUSBICHUMH aHOMATiSIMU
B MOJIeJIi Ta peaIbHUMU NpobiaeMamMu 06e3MocepeHbo B KO, 0 JIEMOHCTPY€ Pe3yIbTaTUBHICTD, €(hEeKTHB-
HICTh Ta IPAKTUYHY IIHHICTh 3aIPOIIOHOBAHOTO PIllICHHS.
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O. Frankiv

AUTOMATED DETECTION OF SOFTWARE MODULE ARCHITECTURE
FLAWS USING A GRAPH-BASED VISUALIZATION MODEL

This paper introduces a novel approach to the automated detection of software module design flaws
through a graph-based architectural visualization model, enhanced with specialized analysis algorithms.
The method is designed to identify common structural and logical issues in codebases, relying solely on
static information derived from the source code. Unlike traditional approaches that require extensive runt-
ime instrumentation or manual inspection, this solution produces a visual and interpretable model of the
software architecture, highlighting problematic areas automatically. The visualization is not merely illus-
trative — it serves as an analytical layer capable of surfacing critical design issues in a comprehensible and
compact form.

The proposed method extends the capabilities of architectural visualization by integrating algorithms
that automatically detect signs of architectural degradation. This includes the ability to pinpoint segments
of the code that demonstrate structural inefficiencies, making the analysis both accessible and actionable.
As a result, developers and architects are provided with immediate feedback about design quality, which
can be used to guide refactoring efforts and architectural improvements.

The paper focuses on four specific indicators of poor design in the context of object-oriented program-
ming: weakened cohesion, excessive coupling, the presence of cyclic dependencies, and architectural viola-
tions in module boundaries. Techniques for detecting and representing these patterns in the architectural
model are discussed in detail. An anomaly detection-based approach is proposed to ensure the solution re-
mains both performant and adaptable, allowing it to be applied across a diverse set of projects varying in
size, domain, and technological stack.

The approach has been validated on real-world Swift codebases using a custom-built analysis tool. The
tool successfully identified structural flaws, which were confirmed through manual inspection and deeper
analysis of the source code, demonstrating its effectiveness and practical utility.

Keywords: programming, software module, software architecture, software quality assessment,
architecture visualization, automated static analysis, design patterns, metrics, code coupling, code cohesion.
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PEAJIIBALIISI IPAKTUKO-OPIEHTOBAHO1
CUCTEMMU KIBEPHOJIITORHY
3 THAUBIAYAJI3OBAHUM 3AITYCKOM CEPEJOBMUII]

Y emammi onucano apximexmypy u mexniuny peanizayiro KOHMeUHePHO-OPIEHMOBAHO20 Kibepnoni2oHy,
inmezposanoco 3 LMS Moodle uepes LTI. Ilokazano nepesacu nioxody ujooo wsuoxkoodii, macuimabo8ao-
cmi 11 be3nexu. [Iposedeno nopisHAHHA 3 ANbMEPHAMUSHUMY DIUEHHAMU MA 8U3HAYEHO NOOANbULl HANPAMU
po3eumky niamgopmu.

KarouoBi cioBa: kibeproniron, kibepOesneka, npakTuko-opieHToBane HaBuaHHs, Capture the Flag
(CTF), xonteitnepuzairis, Docker, LTI interparis, Moodle, iHTepakTHBHE HaBYaHHS, IMITaIlilHI clieHapii.

Beryn

3pocTaHHs KUTBKOCTI Ta CKIATHOCTI KibepaTak y Cy4acHOMY CBiTI BUMArae IMiIBUIICHHS €(EKTUBHOCTI
ocBiTH y cepi kibepOesneku. TpaauiiiHi OCBITHI HiIXOIH, IO 30CEpeDKEHI Ha Teopii, cepTudikarii ta
BIAMIOBITHOCTI BUMOTaM, He 3a0€3MeUyIOTh JOCTATHROTO IPAKTHYHOTO JOCBIMY VIS MPOTHIIl pealbHUM 3a-
rposam. SIk HacliOK, BUHHKA€ MOTpeda y BIIPOBAIKECHHI MPAKTUKO-OPIEHTOBAHUX METOAIB HABYAHHS, SIKi
HAJTAFOTh CITyXadyaM MOMITUBICTh OTPUMATH MPAKTHIHI HABIMYKH y O€3METHOMY, KOHTPOJIBOBAHOMY CEPEIOBH-
m1i. Came TakuM iHCTPYMEHTOM € KiOepIIoJironu (aHmi. cyber ranges) — iHTepaKTHBHI BipTyasbHi CepeIOBH-
IIa, M0 IMITYIOTh MEpPEekKi, CHCTEMH Ta IOAATKH i TO3BOJLIIOTH BiAMPAIIbOBYBAaTH HABUYKU KiOEp3axHCTy Ha
peanpHuX creHapisx. Kibeprnomironu cupusioTs GOpMyBaHHIO IPAKTHYHHUX YMiHb, iBUIIYIOTH 0013HAHICTH
1 TOTOBHICTH (DaXiBIIiB IIIIXOM MOJICITIOBAHHS PEATFHHX IHIUICHTIB 0€3 PU3UKY UL MPOAYKTUBHHUX CHCTEM.

OnHak po3poOKa Ta mATPUMKA BIACHOTO KiOEpIIOTIIroHy € peCypCHOMICTKUMU: MOTPiOHI 3Ha4HI (iHAH-
COBI BUTpATH, OOUUCITIOBANIBHI PECYpCH 1 4ac Ha po3ropTaHHs CKiIagHol iHdpacTpykrypu. Tpagumiiiai ma-
OopaTopHi cepeoBHIa Ha 0331 (PI3UYHUX UM BIPTyaJIbHUX MAIIUH TAKOXK MArOTh 0OMEKEHHS: BOHH BaXKKO
MacITa0yIOTHCS. Ha BEJNUKY KUIBKICTh CTYHEHTIB, MOTPEOYIOTh PyYHOTO HAAIITYBAHHSA. Y CTaHIAPTHUX
HaBYAJIBHMX IIPOrpaMax 4acTo Opakye peanizMy Ta iHTEpaKTUBHOCTI: CTyAEHTH BUBYAIOTH TEOPIIO 1 31aI0Th
TECTH, aJic Maike He OTPUMYIOTh PAKTUIHOTO JOCBIAY POOOTH 3 aKTyaJIbHIMU aTaKaMH UM IHIUICHTaMU.
Lle npu3BOANTH 10 PO3PUBY MiXK TEOPETHYHUMH 3HAHHSAMHU Ta PEalbHUMH HAaBHUYKaMH, HEOOXITHUMU JUTs
KibepOesmneku [3].

BinmoBimio Ha 11i BUKITMKHU CTAJI0 BIIPOBAKEHHsI KiOEPITONITOHIB SIK HABYAJIBHOTO IHCTPpyMEHTY. BoHn
3a0e3MeuyroTh pealicCTHYHe HaBYaHHS Yepe3 IMITallilo KibepaTrak Ta 3aXHCHHX 3aXOJiB y O€3[eYHOMY ce-
penoBumi. JloCHiIKeHHS TTOKa3yIOTh, 10 MPAKTUYHI BIPAaBU CYTTEBO MiJBUIIYIOTH MOTHBAIIIO i piBEHb
MiJTOTOBKH YYaCcHUKIB [3; 4].

VY 11bOMY KOHTEKCTi aKTyaJIbHAM € PO3pO0JICHHS IPAKTUKO-OPi€HTOBAHMX IUIAT(OPM, III0 JIETKO iHTErpy-
IOThCS B OCBITHIH Iporiec. Y CTaTTi MPEeICTaBICHO Peai3alilo Takoi CHCTEMH KiOepIoIirony, Ho0ynoBaHoi
32 KOHTEHHEPHHUM IMiJXOIOM 3 1HIMBITyali30BaHUM 3aITyCKOM CEPEIOBHII ISl KOXXHOTO KOPHCTyBaya.
[Tnardopma inTerposana B HapdansHy LMS (Moodle) uepe3 cranmapt LTI, mo 3abe3mnedye equHUN OCBIT-
Hill mpocTip s Teopii Ta mpakTuku. Hrkde po3mIstHyTO cydyacHi MiAXOAHW J0 CTBOPEHHS KiOepIOomiroHis,
JICTAIbHO OMHCAHO apXITEKTYPy HAIIOrO PIllICHHS, MPOAHATI30BaHO TEXHIYHI BHUKJIHMKH 1 NUIAXH iX BHPI-
IICHHS, a TaKOXK 00TOBOPEHO TiepeBaru i oOMekeHHs miaxony [3; 1; 6].

Orusia nigxoaiB 10 modynoBH Kidepmoironis

IcHye nexinpka KOHIENTYyaJbHUX MIAXOIB JIO OpraHi3aiii HaBYaIbHHUX KiOeproiiroxiB. PosmisHemo
KJIFOYOBI 3 HUX:

© Iuboseyv A. M., Babuu T. A., 2025
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o [loJiroHu 3 TEOPETHIHUMHE MaTepialaMH Ta CUMYJISIIIHHAMH 3aBIaHHSIMH. Y TaKUX CHCTEMaX HaB4ajb-
Ha matdopMa MoeHy€e TEKCTOBI a00 MyIBTUMEIiHHI MaTepianu 3 KibepOe3nekH 1 IHTepakTUBHI CUMY-
nanii a6o BrpaBu. CTYICHTH CIIOYATKY BUBYAOTH TEOPIIO, MICIs YOr0 BUKOHYIOTh PAKTUYHI 3aBJaHHS
B CEPEAOBUIIIL, 1110 MOJIEITIOE MEeBHI CUTYallii (HapUKIIa, MOIIYyK Bpa3IUBOCTEH, aHaII3 TpadiKy TOIIO).
[ToniOHa iHTerparlis Teopii 3 MPAKTUKOK MOKIWKaHa 3a0e3MeYUTH MIIHIIIWN 3B 30K MiXK 3HAHHSIMU
1 HaBu4KaMu. JOoCTifKEeHHs MMOKa3yloTh, IO IHTEPAKTHUBHE HABYAHHS, SIKE MiAKPIIUTIOE TEOPETUUHUIH
MarepiaJl MPaKTHYHUMH BIIPAaBaMH, ITiJBUIIYE 3aCBOEHHSI 1 3aIlIKaBJICHICTh CTYAeHTIB. [IpuKiagoM Mo-
KYTh OyTH OHJIAH-IA00PATOPii, 1€ KOXKEH PO3iT KypCy CYyNPOBOIKYEThCS BOYIOBAHO MPAKTUYHOIO
BIIPABOIO a00 CHMYJISITOPOM.

e (CucreMu 3 IHTEpaKTMBHUMHM IiJKa3KkaMH (BIpTyaJbHI aCUCTEHTH): OLNBII MPOCYHYTi KiOepHosiiroHu
BIIPOBA/KYIOTh BIpTyaJIbHUX HACTABHHKIB — IHTEPAKTHUBHI MiJKAa3KU YW OOTH, IO JIOTIOMAraroTh KO-
pHUCTyBayaM y mpolieci BUKOHAHHS 3aBlaHb. Takuil MiaXiJl 4aCTO BUKOPHCTOBYE €IEMEHTH IITYYHOTO
IHTENIEKTy a00 CIICHApHUX TiJIKa30K, sKi pearyrorh Ha nii yuHs. 3maranns Capture The Flag (CTF)
TpaauLiiHO 3aCTOCOBYIOTh CUCTEMY MiJKa30K i3 BUpaxyBaHHSIM OaliB, 10, SIK IOKa3y€e TO0CBiJl, MOTHBY€
YYaCHUKIB 3HAXOJMTH PIIICHHS CAMOCTIHHO, aJle MOXKE CTPUMYBATH THX, XTO TIOTpeOye JomoMorH. [HTe-
paKTI/IBHi ACUCTCHTH BCCpeHI/IHi HaB4YaJIbHOTO CE€pE€aOoBHUIIIa 3HaTHi aariTUBHO CKEpPOBYBATH CTYJCHTA,
MOSICHIOBATH ITOMHUJIKH 1 MPOTIOHYBATH JOATKOBI peCypcH, IO MiABHINYE e(eKTHUBHICTh HaBuaHHs. [To-
JiOHI MOXKITMBOCTI MOYMHAKOTH 3’ SIBIIATUCS y Cy4acHUX TuaTopmax KibepOes3mneku, MoeIHyYH pak-
THKY 3 €JIEMEHTaMH 1HTEJICKTyallbHOI MATPUMKH [3; 4].

Icropruno nepui kiGepronironn OyayBaiu 3 BUKOPUCTAHHSIM BipTyanisalii Ha piBHI rinepsizopa. Kox-
HOMY CTYJICHTY HaJla€ThCs OJJHA a00 KijbKa BipTyaJbHUX MammH (BM), mo MicTsITh HEOOXiHI IHCTPyMEH-
TH ab0 Bpas3nuBi cucTemu. [lepeBaroro bOro miaxoay € MOBHA 130JIALlis CEPEOBHUIIIA TSI KOKHOTO KOPHC-
TyBa4a Ta MOXKJIMBICTh €MYJIIOBATH Pi3Hi oneparliiai cuctemu (Linux, Windows tomo). BM 3a6e3neuyoorh
BUCOKHUH PiBEHb peani3My: CTyAEHT MpaIltoe Hibu 3 okpeMuM ¢iznyHuM koM totepom. [Ipore Hepomikamu
€ 3Ha4YHI BUTPATH PECypcCiB 1 4acy Ha po3ropraHHs Takux ceperoBuil. Koxxna BM MicTHTh MOBHOIIIHHE
sapo OC Ta yci cinyx0u, ToMy JecaTKU mapajieabHux BM mBHAKO CHOXUBAIOTH pecypcu ceprepa. Hac
3amycky BM Takok TOBIIWI MOPIBHSIHO 3 KOHTeHHepamu. 3a TaHUMU JOCIHIpKeHb, Docker-koHTeliHepH
JEMOHCTPYIOTh NpHHaiiMHI Ha 50 % mBUAMHNI cTapT 1 00CIyroByBaHHS 3alHTiB, HIX €KBIBaJICHTHI BipTy-
anbHI MammHu. KoHTeliHepu3altis 3aramoM 3abe3neuye kpamry e(eKTHBHICTh BUKOHAHHS CIICHAPIIB TIOPiB-
HSTHO 3 KJIacCMYHMMH BM 3a paxyHOK MEHIIOro HakJIaJHOrO HaBaHTaxeHHA. OTxe, BM-nonironn nobpe
MIJIXOASTh JUIS CKIIQJIHUX CIICHAPIiB, O MOTPEOYIOTh MOBHOI EMYJIAIIi CHCTEM, ajie IX MacIiTaOyBaHHS Ha
BEJIMKY KiJIBKICTh CITyXadiB OOMeXeHe Ta MOoTpedye CyTTEBUX MOTY>KHOCTeH abo XMapHUX pecypcis [3; 1].

CydJacHHM TPEHJIOM y MOOYIOBI KiOEpPIOIIroHIB € BUKOPHCTAHHS KOHTeHHEpH3aIlii — 130JIA1T cepesio-
BHUIIl Ha PiBHI omnepauiifHoi cuctemu. Konteiinepu (Hampuknan, Docker) naroTh MOXIUBICTH 3aIlycKaTd
JICK1JTbKa 130JIbOBAHUX CEPEAOBHUII Ha criibHOMY sipi OC, 10 3HAYHO 3HIKYE BUTPATH PECYPCIB HA KOXKHE
cepenosuie. Ha Binminy Bix BM, koHTeiiHep He MICTUTH BIACHOTO S/Apa, & BUKOPUCTOBYE PO XOCTOBOT
CHCTEMH, 3aBJISTKH YOMY BIH «JIETIIHI 1 3aITyCcKaeThCcs Maike MUTTEBO. Le ae 3Mory Ha oqHOMY (hi3UIHO-
My cepBepi PO3ropHYTH Habarato OiIblIe OMHOYACHUX 130JIbOBAHMX CEPENOBHIN Oe3 BTPAaTH MPOIYKTHUB-
HocTi. KoHTeliHepHi 00pa3u JIETKO MEPEHOCUTH MK PI3HHMH MalllMHAMH, IO CIIPOIIYE PO3TOPTAaHHS Ha-
BYANIBHUX CIICHApiiB Ha Pi3HUX MaiinaHunkax. TakuM YNHOM, KOHTeHHEpHUH MiXix 37aTHUI 3a0e3mednTi
SIK BUCOKY IMIJIBHICTh PO3MIIICHHS CEPEOBHII, TaK i IIBUIKE iX OHOBJICHHS UM CKHJIAHHS JIO TIOYaTKOBOTO
crany. Bizomum nmpuxiagoMm € ¢peiimBopk Labtainers, mo npononye Ha0ip HaBYaJbHUX JabopaTopii i3
kibepOe3nekn Ha 6a3i Docker-koHTelHEpIB; BiH CIPOIIYE MIATOTOBKY CEPEIOBHII I BUKJIa1aua, MaKyko-
Yl BCl HaNaIITyBaHHS B 00pa3, OfHAK HE MIATPUMYE AEAKl pO3MIMPEHI MOXKIMBOCTI (KOMaHIHY POOOTY,
aHaIIITUKY TIporpecy Tomio) [3; 1; 5].

PiBenb aBTOMaTH3anii i MacimraboBanocTi miargpopm

KiGepnonironu Takox k1acu(ikyroTh 3a CTyIIEHEM aBTOMATH3allii pO3rOpPTaHHs CEPEeOBUII 1 yIIPaBIiH-
Hs HUMH. [IpocTi peanizaiii MOXXYyTh IOTPeOyBaTH PYYHOTO HAJIAIITYBAHHS KOYKHOTO CEPEIOBHIIA: HATIPH-
KJIaJ1, IHCTPYKTOp 3a3Janeriip rorye oopa3 BM uu koHTeiiHepa 1 Bunae iioro cryneHTam. Taki pillleHHs He
MacIITa0yrThCS Ha BEJIUKI ayJUTOpPii, OCKUTBKH aIMIHICTpYBaHHS JECATKIB / COTEHb KOMii cepeloBHILa
CTa€ TPYAOMICTKHM 1 CXHJIBHUM JI0 TOMUJIOK. HaTomicTh cydacHi muiaTopMu BOpOBAIXYIOTh OpKeCTpa-
[il0 — aBTOMATHU30BAaHE YIPABIiHHS XUTTEBUM LHKIOM CEPEHOBHIN: IX PO3TOPTAaHHS, HAJalITyBaHHS,
3aIycK, 3yMUHKY Ta OYHuIneHHs. JJocmikeHHs OKa3yoTh, U0 pillleHHs, Mo0y/I0BaHi 3 OMOporo Ha iHdpa-
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CTPYKTYPHI TIaT(GOpPMHU Ta OpKECTpallito, 3a0e3MedyoTh Kpalily i30JIA1I1i0 1 HaAIHHICTh CEPEeOBHII, TOI K
MoJIiroHM Ha ocHOBI ad-hoc iH(pacTpykTypu 0e3 opkecTpallii MOKYTh MaTH ciaalIn MexaHi3MHU 130Jsil
1 TOTpeOyIOTh OLIBIIE PyYHOTO BTpydaHHs. OTXKe, 32 KPUTEPIEM aBTOMAaTH3AIlil MIaTGOPMH BapirOIOThCS
BiJ] JJOKQJIBHHUX CKPHIITIB PO3TOPTAHHS OKPEMHX Ja00paTopiit 10 KOMIUIEKCHUX XMAapHUX CEPBICiB, 3MaTHUX
ABTOMATHYHO MAaCIITa0yBaTHCS i HaBaHTaxkeHHs. [Ipu BUOOpI MiJX0ay BaXKJIMBO BpaxyBaTH OasaHC Mixk
KOHTPOJIEM HaJ CEpPEeJOBHUINEM i BUTpAaTaMH 4acy Ha HOro MiATPUMKY: BUCOKOABTOMATHM30BaHI PillICHHS
3HIDKYIOTh HABaHTaXXCHHS Ha aJMiHICTPATOPIB 1 MiHIMI3YIOTh JIIONCHKUH (PaKTOp, IPOTE MOKYTh BUMAaraTtu
CKJIaJIHIIIOTO MOYaTKOBOTO HajamTyBaHHs [3; 1].

Omnuc peatizoBaHoi cucTeMu

Po3pobiena HaMu cucTema KiOepromirony npru3HaueHa JJisl iHTerparlii B OCBITHIN mporiec i 3a0e3neueH-
HSl KO)KHOMY CTYACHTY i30JbOBAHOTO MPAKTHYHOTO CEPEAOBHINA. APXITEKTYPHO PIlICHHS CKIAIa€ThCS
3 Be03aCTOCYHKY (CEepBEpHOI YaCTHHHM ), IO peanizoBanuii Ha MoBi PHP i3 Bukopucranusam ¢ppeiiMBopky Yii,
Ta CHCTeMH KoHTelHepu3alii Docker aist 3amycky HaBYaabHUX CepeloBHIN. Be03acTOCYHOK pO3rOpHYTO
okpemo Big LMS, ane interpoBanmii y Moodle 3a qonomororo LTI (Learning Tools Interoperability). LTI —
ue crangapt IMS Global, sixuii 103BoMsS€ MiAKIIOYATH 30BHIIIHI HaBYaIbHI IHCTPYMEHTH 10 TIAaTGopM Ha
kmTant Moodle, Canvas tomo. Y HamoMy Bumagky Moodle Bucrtymnae sik LTI-cioxxuau (Platform), a Be6-
3acTocyHOK Kibepnonirony — sik LTI-inctpymenT (Tool). Taka iHTerparis 3a0e3mneuye €JuHy aBTeHTU(IKa-
IiF0: KOPHCTYBadi 3aXoJsaTh 10 Moodle mig cBoiMu OONIKOBHMH 3alMcaMH 1 3allyCKaloTh KiOepIioiron
4yepe3 aKTUBHICTh 30BHIITHBOTO iIHCTPYMEHTY, 0e3 MOTpeOr OKPEeMOTo BBEJCHHS JIOTiHA Ta Mapois Ha CTO-
poHi moinirony. Moodle mepenae Hamomy 3acTOCYHKY HEOOXiJIHI JJaHi PO KOpHCTyBada Ta Kypc (depes
mignucanuii LTI-3anuT), 3aBasku womy BinoyBaeThes SSO (Single Sign-On) — cTyneHT oApasy MoTparisie
y CBiil ocobuctuii kibep-mad 6e3 momarkoBoi aBropu3allii. [lepeBaroto Takoro miaxoay € Oe3MIOBHHM KO-
pucTyBaubkuil qocBin: i3 inTepdeiicy LMS cTyaeHT oqHMM KIIIKOM BiAKPHUBAa€ MPakTHYHY Jadoparopito,
a BHKJIaJ1a4 MOXe 32 HeoOXiTHOCTI OTPUMYBATH 3BOPOTHI JaHi (pe3yibTaT, OIliHKH) Ha3aa y Moodle yepes
cepsicu LTI Advantage, 3oxpema Assignment and Grade Services [3; 1; 6].

[Ticnst mepexomy KOpUCTyBava JI0 3aBJaHHS KiOEpITONITOHy CHCTEMa aBTOMAaTUYHO PO3TOPTAE IS HhOTO
iHuBiAyanpHe cepenoBuile y BUNLiAi Docker-koHTeiHepa. J[asl KOXKHOTO 3aBIAHHS ITirOTOBJICHO IIa-
ONOHHUI KOHTEHHEepHUI 00pa3, IO MICTUTh yce HeoOXiTHe mporpaMHe 3a0e3edeHHs, Bpa3iuBi BeO10/1aT-
KH, CKPUIITH TOILIO — 3aJIeKHO BiJ cuieHapito. Be63actocynok uepe3 Docker API 3anyckae HOBUi KOHTEH-
Hep 13 I[bOT0 00pasy, 130IIF00UH Horo MepekeBi Ta (aiioBi pecypcu. B pe3ynbrari CTyAeHT OTpUMYE BiIac-
HUA eK3eMIULIp CEepeAOBHINA I BUKOHAHHS 3aBHaHHS. [HIUBimyami3amis peanizoBaHa depe3 3aIycK
KO)KHOTO KOHTeHHepa 3 yHIKaIbHIUMH IapaMeTpaMy, 3TCHEPOBAHUMH TSI KOHKPETHOTO KOPUCTyBada. 30-
KpeMa, peali3oBaHO MeXaHi3M MepelaHHsl y KOHTeWHep cekpeTHoro npanopud (flag) Ta iHmMX 3MIHHHX
orodeHHs. [Iparopers — 1e creriatbHui PSAJI0K CUMBOIIIB, KW CIYTY€E IHIUKATOPOM YCHIIIHOTO BHKO-
HaHHS 3aBIaHHs (TUIOBO BHKOPHCTOBYEThCs y CTF-3aBnannsx). Y Hamiiil cucTeMi Ui KOYKHOTO 3aIyCKy
TCHEPYEThCS BUIQJAKOBUM yHiKanbHUHU flag, skuil mepemaerbcs B KOHTEHHEp SK 3MiHHA CepelOBHINA
(FLAG=<3HaueHHs>). Bcepenuni koHTeiHepa 1ieil mpamopelp Moke OyTH aBTOMATH4YHO 3aluCaHHUM
y eBHe Miciie (Harpukiiaj, hain y cuctemi abo psAIoK y 6aHepi mporpaMu) Y BUKOPUCTOBYBATHCS CEPBi-
coM nepeBipku. CTy[eHT, yCIiIIHO BUKOHABIIN 3aBJaHHs (3HAHIIOBIIM BPa3IUBICTh a00 €KCILTyaTyBaBIIH
i), MOBUHEH BUSIBUTH [IeH CEKPETHUHN PSJIOK 1 TIOATH HOTO SIK JIOKa3 BUKOHAHHS. MoJieNb IparopiliB rapaH-
Tye€, IO KOKEH CTYACHT MPAIO€ 3 YHIKATbHUM PO3B’SI3KOM: HABITh SIKIIO JIBOE KOPUCTYBadiB CIIPOOYIOTH
OOMIHATHCS BIAMOBIASIMH, Y KOXKHOTO TMPAIopelb HITHA, OTKe 9y>KUH pe3ysibTaT He 3apaxyeThes. Takuid
MiJX1]] ITUPOKO BUKOPUCTOBYEThCs B HaBuanbHUX CTF-irpax i 10BiB epeKTUBHICTH y 3amo0iraHHi maxpamu-
CTBY, JIO3BOJISIIOYU IPH I[bOMY CITIBIIPAIO (CTYJACHTH MOXYTh OOMIHIOBATHUCS iJIesIMH, ali¢ HE TOTOBUMH
BinnoBinsamu) [3; 1; 6].

TexHIYHi BUKJIMKHU Ta PilIeHHSA

VY TUNOBOMY HaBYAJIBHOMY CIICHApii AECSTKH CTYACHTIB MOXYTh 3aIlyCKaTH CBOI KOHTEHHEPHI cepelio-
BUIIIa OHOYACHO (HAIPUKIAM, i 9ac 1aboparopHoi podoTu ado 3aiiky). Lle BicyBae migBHUINCHI BUMOTH
1o cepBepHOi iHppacTpykTypu. KoHTeliHepr 3Ha4HO e(EeKTHBHIIIE BUKOPUCTOBYIOTh PECYPCH MTOPIBHIHO
3 BM, ToMy Ham cepBep 30aTeH MIATPUMYBATH B pa3H OUIbIIE MapaleNbHUX CepeloBHUIN Oe3 merpamarii
npoaykTuBHOCTI. [IpoTe anaparHi 0OMEKeHHS BCE OJTHO iCHYIOTh — HacaMIiepe/] 3a OTePaTUBHOIO MaM’AT-
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TIO Ta TPOIIeCOPHUMU siapamu. 11]o00 3amo0irTa mepeBaHTaKSHHIO, Y CUCTEMI BCTAHOBJICHO JIIMITH Ha pe-
CypcH Uil KOKHOTO KOHTeHHepa (uepe3 cgroups Docker xoH}irypyerscst MakcuMansHuii o0csir RAM
i monst CPU).

Hanpuknan, TunoBomy Be03acTOCYHKY MOKe BUAUIATHCA He Oinbiie Hixk 512 Mb mam’sari 1 20 % Bin
OIHOTO TPOLIECOPHOTO siApa. Lle YHEMOXITHBITIOE CUTYaIi0, KO OXMH HEKOPEKTHO Tpalforounii abo 37a-
MaHHMI KOHTEIHep BUUEPITy€ BCi pecypcH XocTa. B mepcnekTusi, iHTerpanis 3 opkecTpaTropamMu Ha KIITaIT
Kubernetes abo OpenStack 103BOJTUTh aBTOMATHYHO JTOJIABATH BY3JIM NPH 30UIBIICHH] YHCJIa KOPUCTYBAYiB,
T00TO pearnizyBaT enacTuyHe MaciTabyBaHHs Kibeprnomirony [3; 1].

YnpaBiiHHS :KUTTEBUM HMKJIOM KOHTelHepiB

ABTOMaTH30BaHMHN 3aITyCK MEPCOHAIHHOTO CEPEIOBHUIIA Ma€ JOMOBHIOBATUCH TaK CaMO aBTOMAaTH30-
BaHUM 3HATTSM I[MX CEPEIOBHII MO 3aBEPUICHHI poOOTH. SIKIIO 3ajMIaTH KOHTEHHEPH 3aIlylCHUMU
HEBH3HAYEHUH Yac, I1e MPU3BEJIE 10 BATOKY PeCypciB (HEBUKOPHUCTAHI KOHTEHHEpH 3aiiMaTUMyTh TIaM’ SITh
1 IOPTiB), a TAaKOK NOTEHUIHHUX PU3UKIB Oe3neku. B Hamiil peanizanii 115 KOXKHOTO KOHTEHHEpa BCTa-
HOBJICHO TaliMayT cecii — 2 roJMHU 3 MOMEHTY 3aIrycKy. [1iclis CITMBY hOTO Yacy KOHTCHHEp aBTOMa-
TUYHO 3YIHUHSETHCS i BUAATSIETHCS, IKIIO CTYACHT HE 3alpOCHB MpoxoBkeHHs. KpiMm Toro, mpu mobpo-
BUIEHOMY BUXO/li KOPUCTYBaua i3 3aBAaHHs (HAaTHCKaHHI KHOIIKH «3aBEpIIUTH J1a00paTopiro») Horo cepe-
JIOBHIIIE TAKOXK 3rOPTAETHCA, 1100 YHUKHYTH 3aHMIICHHS HEAKTHBHHUX a00 HE3aBEPUICHUX KOHTEHHEPIiB
y cucreMi. J{is peanizanii 11boro MexaHi3My CepBEpHHI 3aCTOCYHOK Ma€ TUIaHYBAJIbHUK 3aBIaHb, SKAN
MePiOUYHO MepeBipsE Yac )KUTTA aKTUBHUX KOHTEHHepiB. YpaBiiHHA 3ailcHIOeThCS yepe3 Docker API:
BHKOHY€THCS KOMaH/Ia 3yITMHKH 1 BUAAJICHHS KOHTelHHepa. BaxkiuBo, 110 yci JaHi BcepenHi KOHTeHHepa
micis Moro BUAAJIEHHS BTpadaloThbes (cuctema molynoBaHa 3a MpUHIMIOM ephemeral environments —
KOXXCH 3aITyCK Ja€ YUCTHH CcTaH). SKIIO CTyaeHTy HOTpiOHO MOBTOPUTH 3aBIAaHHS, 3aITyCKA€THCS HOBHU
€K3eMILIAIP 13 MOYaTKOBUM CTaHOM. Takuil miaxij cuporrye miaTpuMKy (He Tpeba 30epiraTu mpoMiKHHIMA
CTaH) 1 ycyBae mpoOIeMy HaKOTTMYCHHS 3MIHEHUX cepeloBUI. ABTOMATH3aIlis OUIBIIOCTI TaKUX Olepa-
LIl 3HAYHO 3HWKY€ HAaBaHTAXKECHHs Ha aJIMiHICTpaTopa MOJIroHy Ta 3a0e3nedye cTabiibHy poOOTy Iuiar-
¢dbopwmu [1; 2].

OnHUM 13 TPIOPUTETIB MpHU po3podLi OyIo MiHIMIZyBaTH 4ac MK HATHUCKAHHSAM CTYIEHTOM KHOIIKH
«3armycTuTH 1ab0paTOPiro» i TOTOBHICTIO CEPENOBUINA 10 POOOTH. 32 paxyHOK BUKOPHCTAHHS KOHTEHHEPIB
el 9ac BAAIOCS 3BECTH JI0 NECATKIB CEKyH a00 MEHIIe (IS TOPiBHIHHS, 3aIyCK MOBHOIIIHHOI VM MoXe
TpUBaTH Kibka XBuiuH). [1lo6 mpuckoput cold start (mepmuii 3amyck o06pa3y), Bci HEOOX1THI KOHTSHHEP-
Hi 00pa3u 3aBYaCHO 3aBaHTAXKYIOTHCS Ta KEIIYIOThCS Ha cepBepi. 30KpeMa, Iepe] Io4aTkoM Kypcy aJMiHi-
CTpaTop po3roprae (a0 OHOBIIIOE) OCTaHHI Bepcii 00pa3iB 3aBIaHb, TOXK 1]l Yac 3aHATTS HE BUTPAYAETHCS
yac Ha ckayyBaHHS o0Opa3y 3 peectpy. Jns Benukux o6pasziB (>1 GB) Mu BUKOpHUCTOBYBalM IIapyBaTy
CTPYKTYpY: CHiNIbHI 6a30Bi mapu (Hanpukiag, OC Ubuntu) mapsatbes Mixk pi3HUME 00pa3amH 1 3aBaHTaXYy-
10ThCs 0qHOpa3oBo. Kpim Toro, Docker nemon miarpumye komito-Ha-3anuc (CoW), 1110 J03BOJISE 3aITyCKaTH
0araro KOHTEHHEpIB i3 OHOTO 00pa3y, BUKOPUCTOBYIOUH ITaM’siTh ¢(DeKTHBHO: HE3MIHHI YaCTHHHU 00pazy
3aliMaloTh MaM’sSTh TUIBKU pa3, a AJs KOXKHOTO KOHTeHHepa BUIAUIAIOTHCS TIIbKM WOTo YHIKaJbHI 3MiHEH1
6noku. Lle 0coOIMBO KOPUCHO, KOJIM JCCSTKH CTYISHTIB MPAIIOIOTh 3 1IEHTHYHUM cepenoBuieM: RAM
BUTPAYAETHCS 3HAYHO MEHIIE, HDK SKOU KoxkeH MaB okpeMy VM. Warm start — MOBTOpHI 3aIlyCcKH TOTO
caMmoro o0pa3y — 3IiHCHIOIOThCS Maike MUTTEBO 3aBISKH KEITyBaHHIO. TaKMM YMHOM, MPOTYKTUBHICTH
CHCTEMH B peaJlbHOMY 4Yaci ONTHUMi30BaHa JJIsl IHTEHCUBHO1 po0oTH y Kiaci [1].

Oco0bnuBy yBary npuiieHo Oesrerl i30150BaHuX cepenopuil. Xoua Docker-koHTelHepH 1301p0BaHi
BiJl XOCTOBOI CUCTEMU, TEOPETHUYHO iICHYIOTh PH3HUKH €SCape-aTaK, KO 3JI0BMUCHUK YCepeIuHi KOHTeHHE-
pa MoXe OTPUMATH JTOCTYT JI0 CUCTEMH XOCTa Yepe3 ypa3lUuBOCTI sipa abo HempaBMIIbHY KOHQITYpaIlito.
3BaXkaroud Ha I1e, MU JOTPUMYBAIUCS TPUHIUITY HAHMEHIINX MPHUBUICIB: yCi KOHTEHHEPH 3aITyCKaIOThCs
BiJl HENIPUBIJICHOBAHOTO KOPHUCTYBa4a (BiJICYTHICTH root-JIOCTYIy BCepeInHi KOHTeHepa, SIKIIO 1ie He TI0-
TpiOHO 3a cueHapieM), 0e3 miaBuieHUX NpuBiieiB Docker (omuist --cap-drop=ALL Biacikae HeOe3meuH1
MpHBiJIel sypa), 6e3 MOHTYBaHHS 30BHIIIHIX JUPEKTOPiit XocTa. MepekeBHid pyIiliii HaaIITOBaHO TakK, IO
KOXEH KOHTelHep mpatitoe B okpemomy Docker network, 1 Mi>k KOHTelHEepaMu pi3HUX KOPUCTYBayiB HEMAE
npsimoro Tpadiky. Ile yHeMOXIUBITIOE aTaku MK CTyJieHTaMu abo nepexoruieHHs Tpadiky. KoxHe cepeno-
BHUIIIE MICTUTBCSA Y CBOEMY 130JIbOBAHOMY IIPOCTOPI aJipec, 10 MOAEIIOE PeallbHy MEPEXKEBY CETMEHTALIIIO.
Yei 1l 3aX0/1¢ MiABHUIIYIOTh PIBEHB 130711 1 320€31eUy0Th, III0 HAaBYAIbHI aTaKW 3aJUINAIOTHCS B MEXKax
«IICOYHUIN» ToNirody. IlpakThka mMmokasana, MIO 3a HAJNEKHUX HANAIITyBaHb KOHTCHHEPHHH MiAXin
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€ IOCTaTHBhO OE3MEYHUM sl OCBITHIX ITiJIeH, TO/I K HOTO IepeBard y MBUAKOIIT Ta JETKOCTI pO3rOpTaHHS
CYTTEBO MEPEBAKYIOTh 3aJTUIIKOB] pU3UKH [1].

InTerpanis 3 Moodle Ta nminTpuMka 0e3nepepBHOr0 KOPUCTYBAILKOI0 10CBiAY

[Ipu BIIpOBaKEHHI CHCTEMH BaXKJIMBO OYJIO 3pOOWTH ii MaKCHMaJbHO HETOMITHOO JJIsi KiHIICBOTO
KOpHUCTyBada — cryneHTa. [nurerpamis yepe3 LTI 3abe3neunna equHul BXill, ale OKPiM BOTO MU monoa-
U TIPO Y3TOJDKEHICTh iHTepdeiicy Ta Hapiramii. 3acTOCYHOK KiOEpHOJIroHy BOYIOBYETHCS Yy BIKHO
Moodle 3a monomororo iframe, mo 3ade3neuye Ge3nepepBHICTE iIHTEpdECY s CTyAeHTa Ta 30epemKeH-
Hs KOHTeKcTy LMS. BepxHs maHens MOJIIroHy MiCTUTh HaBiramiiHi exemeHTd Moodle (Jorotum, Ha3By
Kypcy To1o) i 30epexkeHHsa koHTekcry. LTI-3anut nepenae indopmaniro npo Kype i 3aBIaHHs, TOMY
Halll 3aCTOCYHOK MOXe€ BiJIoOpakaTl Ha3By IOTOYHOI 1aOOpaTopHOi poOOTH, IHCTPYKIIi 1 HABITH OIIHKY,
OTpPHMaHy CTYIEHTOM, CHHXPOHHO 3 KypcoM. BHKIagadi iHTEerpyroTh KiOEpIOIIroH K 3BHYARHHUA MO-
nynb Kypcy Moodle (uepes aktuBHicTh “External Tool”), mo 103Bosi€e BHKOPUCTOBYBATH BCi CTaHAAPTHI
MOXJIUBOCTI LMS — oOMeXeHHs 3a J1aTor0, YMOBH BIIKPUTTS, KypHAJIU OLIHOK TOIIO. 3 TEXHIYHOTO
00Ky, HAM JIOBEJIOCS BUPINIMTH MUTaHHS BignosimHocTi mpotokosry LTI ocrannpoi Bepcii (1.3 / LTI
Advantage) i cymicHocti 3 Moodle. Mu peanizyBanu HeoOxigauii OAuth 2.0 noTik 1 mepeBipKy MiJIUCIB
JWT, sxumu Moodle mocravae gaHi mpo KopucTyBada IMpH 3aIyCcKy 1HCTpYMEHTY. besmepepBHICTh KO-
PUCTYBAIIBKOTO JOCBiMY TAKOXK O3HAYa€ INBUIKE IMOBEPHEHHS 3 MOJITOHY JO IHIIMX MaTepialiB Kypcy.
[{poro MOCATHYTO 3aBISKH TOMY, IIIO MOJIITOH BIIKPUBAETHCS B Tild caMiil BKIaAIl Opay3epa i Mae KHOIIKY
BHXOJY, 5IKa IPOCTO 3aKpuBae ¢peiim. I3 momiany cryaeHTa, podoTa B KiGEpIoIiroHi HiYUM He BiIPi3HS-
€ThCS BiJl poOOTH 3 BOyIOBaHHM MOJIyJIeM Kypcey [3; 6].

BucHoBkM Ta moAaabIli HAPAMH POOOTH

VY cTaTTi onMcaHo peanizalliio MPaKTHKO-OPIEHTOBAHOT CHCTEMH KiOEpIIOIIroHy, IHTErpOBaHOT B OCBITHE
cepenopuie depe3 Moodle i LTI, mo m03Boisie HafaBaTé KOKHOMY CTYACHTY IE€PCOHAJBHE 130Jb0BAHE
cepezoBulie Ha ocHOBI Docker-koHTteliHepiB. Takuii miaxin BUPINIye oJpa3y KiJibKa 3a/1a4: CTyJACHTH OTPH-
MYIOTh PEaTiCTHYHMI JOCBiA poOOTH 3 Bpa3IMBUMHU CHUCTEMaMH Ta aTakaMH y O€3MEYHNX yMOBAX; BUKJIa-
Ja4i MOXKYTh MacoOBO PO3TOPTaTH BIpaBU 0e3 pydYHOI IiJroTOBKH KOXKHOI MAIllMHHU; HaBUYAIBHUHA MpOIec
cTae OiIbII IHTEPAKTUBHUM 1 HaOMMKEHUM JI0 PeallbHUX BHKIIMKIB KibepOe3neku. [HTerpaist uepe3 LMS
3a0e3Meuye 3py4YHICTh JUIs KiHIEBUX KOPUCTYBA4iB 1 BIUCYE MPAKTHYHI 3aHATTS B HaBUAJbHI IJIaHU 0e3
mBiB [3; 1; 6].

[lepcriekTHBU PO3BHUTKY CHCTEMH OXOILTIOIOTH AeKinbka HampsmiB. Crenapii komanmHoi rpu (Red/
Blue team) — HacTymHHIH JIOTIYHUN KPOK y €BOJIOII] MOJITroHy. SIk mokasye n0CBiA, eeKTHBHA MiAro-
TOBKa (paXiBI[iB i3 KiOepOe3nekn Mae mnependadaTd KOMaHIHY B3a€EMOJI0 1 3MaraJbHHHA eJIeMeHT. Mu
IUTAHYy€MO pealli3yBaTd MOXJIUBICTh CTBOPEHHS CHUIBHHUX BipTyalbHUX CEPEJOBHII IS ABOX i OinbIme
TPyI CTYACHTIB, JIe OMHA KOMaH/a BHKOHY€E poub arakyrounx (Red Team), a inma — 3axucHukiB (Blue
Team). TexHiuHO 1€ MTOTpeOyBaTUME PO3TOPTAHHS 0AraTOKOMIIOHEHTHUX CEPEIOBUII: ACKITbKOX KOHTEH-
HepiB (abo 1 KOMOiHAIT KOHTEHHEPIB 13 TOBHOLIHHUMU BM) B 0/1Hil BipTyalibHINA Mepexi, 3 pO3NOIiIOM
JOCTYNy MiX KOMaHAaMu. B paMxax Takoi po3mIMpeHoi MOAeTi MU pO3MIAIaeMO IHTETpamiio 3 iHCTpY-
MEHTaMHt OpKecTpallii i MOHITOPUHTY, 00 MaciITaOHI HaBYaJIbHI KIOEpOUTBY 3aTHIIATKCI KEPOBAHUMHU
i BinTBOproBaHuMH [1].

JpyruM HarpsiMoM € po3poOKa MOIYIIS aHAJITHKHU JJIS BHKJIaada. 3apa3 iHCTPYKTOp OTPUMYE TOCHTh
0OMEeXEHHUH 3BOPOTHUH 3B’A30K. Takuil iHCTpyMEHT Mir Ou 30MpaTu aHOHIMI30BaHI JaHi 3 KOHTEHHEPIiB
(HampHKIIaJ, KOMaHIHI JIOTH ab0 KypHaJIM MO CUCTEMH) 1 Bi3yalli3yBaTH iX y 3py4Hii dopmi [1].

Ha 3aBepmieHHs, pO3BUTOK KiOEpHOMIroHIB SIK HABYANBHOTO 1HCTPYMEHTY BiJIKPHBAE HOBI TOPU30HTH
s [T-ocsitu. TlpencraBieHa cucreMa Mokasye, sIK Cy4acHi TEXHOJIOTIT KOHTeHHepu3allii Ta CTaHIapTH
inTerpanii (LTI) 7aroTh MOXIMBICTE CTBOPUTH F'HYYKE, MACIITA0OBAHE i IEPCOHAII30BaHE CEPETOBUIIIE JIS
3000y TTS NpakTHYHUX HaBHYOK. [lomanpmie BIOCKOHANEHHS IIAaT(GOPMHU — BIPOBAKEHHS KOMAaHIHUX
CIIeHapiiB, pO3yMHO{ aHAIIITUKHY 1 IMUOMIOI iHTerpanii 3 iHppacTPyKTyporo O6e3MeKH — 3pOOUTh HaBYAIbHI
KiOepIToJiroHH 1ie OLTBII HAOIMKEHUMH JI0 pealbHUX YMOB po0oTH KibepdaxipiiB. Lle cpustume miaro-
TOBIIi HOBOTO MOKOJIIHHS CHEIIaliCTiB, 030POEHHUX HE JIUIIEC TEOPETUUHUMH 3HAHHIMH, a 1 JOCBiJIOM pea-
T'yBaHHS Ha Cy4acHi Kibep3arpo3u y 0e3ne4yHoMy HaBdaJibHOMY ripoctopi [3; 1; 7; 6].



Tuboseyv A. M., babuu T. A. Peamni3aliisi IpaKTHKO-OPi€EHTOBAHOI CHCTEMH KiOEPIOIIroHYy... 179

Cnucok nimepamypu

1. Chouliaras N. A novel autonomous container-based platform for cybersecurity training and research / N. Chouliaras, N. Karanikolas,
T. Diamantopoulos, S. Gritzalis // Peer] Computer Science. — 2023. — Vol. 9. — e1574.

2. Cloud Range. What is a Cyber Range? [Electronic resource]. — FAQ. — 2023. — Mode of access: https://cloudrangecyber.com/ (date
of access: 25.06.2025).

3. Lazarov W. Lessons Learned from Using Cyber Range to Teach Cybersecurity at Different Levels of Education [Electronic resource] /
W. Lazarov // Technology, Knowledge and Learning. — 2025. — Mode of access: https://doi.org/10.1007/s10758-025-09840-y.

4. O’Rourke G. Unique Challenges for CTFd — GitHub repository plugin [Electronic resource] G. / O’Rourke. — 2021. — Mode of access:
https://github.com/ (date of access: 25.06.2025).

5. Thompson M. F. Labtainers: A Docker-based framework for cybersecurity labs / M. F. Thompson, C. E. Irvine // Proceedings of the
2021 ACM SIGCSE. — 2021.

6. Virginia Cyber Range. Cyber Range LTI Integration. — Knowledge Base. — 2023.

7. What Is Missing in Traditional Cybersecurity Training Programs? [Electronic resource]. — Cloud Range Cyber. — 16.08.2024. — Mode
of access: https://cloudrangecyber.com/ (date of access: 25.06.2025).

References

Chouliaras, N., Karanikolas, N., Diamantopoulos, T., & Gritzalis, S. (2023). A novel autonomous container-based platform for cybersecurity
training and research. PeerJ Computer Science, 9, €1574. https://doi.org/10.7717/peerj-cs.1574.

Cloud Range. (2023). What is a cyber range? — FAQ. Cloud Range Cyber. https://cloudrangecyber.com/.

Cloud Range. (2024, August 16). What is missing in traditional cybersecurity training programs? Cloud Range Cyber. https://cloudrangecyber.
com/.

Lazarov, W. (2025). Lessons learned from using cyber ranges to teach cybersecurity at different levels of education. Technology, Knowledge
and Learning. Advance online publication. https://doi.org/10.1007/s10758-025-09840-y.

O’Rourke, G. (2021). Unique challenges for CTFd [Computer software]. GitHub. https://github.com/CTFd/CTFd.

Thompson, M. F., & Irvine, C. E. (2021). Labtainers: A Docker-based framework for cybersecurity labs. In Proceedings of the 52nd ACM
Technical Symposium on Computer Science Education (pp.123-129). Association for Computing Machinery. https:/doi.
org/10.1145/3408877.3432403.

Virginia Cyber Range. (2023). Cyber Range LTI integration — Knowledge base. https://virginiacyberrange.org/knowledgebase/Iti.

A. Hlybovets, T. Babych

IMPLEMENTATION OF A PRACTICE-ORIENTED CYBER RANGE
SYSTEM WITH INDIVIDUALIZED ENVIRONMENT DEPLOYMENT

The growing complexity and frequency of cyberattacks require a transformation in cybersecurity educa-
tion. Traditional approaches, which focus primarily on theoretical knowledge, certification, and compli-
ance, often fail to provide learners with sufficient hands-on experience. To address this gap, cyber ranges
have emerged as an effective tool for practical, scenario-based training in a safe and controlled environ-
ment. This paper presents the implementation of a modern cyber range system designed specifically for edu-
cational purposes. The platform is container-based and integrates seamlessly into the learning process via
the LTI standard, enabling single sign-on and data exchange with the Moodle LMS. Each student receives
an isolated environment on demand, with auto-generated flags embedded for individual task verification.
The system automatically deploys and destroys containers based on session activity, ensuring efficient use
of server resources and maintaining a secure, ephemeral environment for practice. The solution also in-
cludes network segmentation and privilege restrictions for each container, enhancing security while simu-
lating real-world conditions. The proposed architecture supports scalability and rapid deployment, making
it suitable for use in classrooms, exams, and self-paced learning. In this article, we review existing ap-
proaches to building cyber ranges, discuss the design and implementation of our system, and highlight the
technical and pedagogical benefits. Future developments includes support for team-based Red/Blue train-
ing, instructor analytics modules, and orchestration integration. The presented platform bridges the gap
between theoretical training and real-world cybersecurity skills development, helping to prepare students
for modern digital threats.

Keywords: cyber range, cybersecurity education, practical training, Capture the Flag (CTF), container-
ization, Docker, Moodle, LTI integration, interactive learning, educational platform.
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KPOC-UEVH IHOPACTPYKTYPA
JIJISI BEPU®IKOBAHOTO CTUMYJIIOBAHHS PECAWKJIIHTY:
JOCBIJA BITPOBAI’KEHHS HA ICP TA SOLANA

Y yiti cmammi posenanymo npunyunu cmeopenHs gedbniamgopmu 0Jis ni08UWEHHA eKOL02IYHOI c8i00-
mocmi 'y epomaoan Yrpainu. I[Ipo0emMoHcmposano, Ak UKOPUCMAHHSA OJLOKYeliH-MeXHON02il HA0a€e MONCIU-
gicmb noOyoysamu HAOliHUL 000AMOK, AKULL 2APAHMYE KOPEKMHICMb OAHUX, NO8 SA3aHUX 3 NePepoONIeHHAM,
i 00360718€ po3pOOUMU NPO3OPY CUCMEMY BUHA2OPOO 3a 00nomoz2oio utility-moxkenie i NFT. Y pobomi Oe-
MAIbHO PO32TISIHYMO Npoyec po3pooieHHsl eKON02IYHO KOPUCHOT IHIYIamueu, 8paxosyouu apeymeHmayino
00paHUX MeXHONO2TYHUX PileHb, AHALI3 BUMOE 00 CUCTHEMU, A MAKONHC MACUMAO08AHICMb | NEPCHEeKMUBU
CMBOPEeH020 y pe3yibmami 6e6000amKa 8 MatloymHboM).

KurouoBi cioBa: exonoris, Omokueiin, ICP, Internet Identity, Solana, mepepoOka cMiTTs, AeTICHTpaTi3allis.

Beryn

CopTyBaHHS 1 IEpepOOICHHS CMITTS ChOTOIHI — 1€ HE MPOCTO TPEHJI, a CIPamKHIN crmocid 30epertu
HABKOJIMIITHE CEPEIOBUIIEC 1 3MEHIIUTH PYyHHIBHUN BILTUB LIUBLTi3allil HAa MpUPOAHI ekocucteMu. [lepepo-
OJICHHS BiJlirpae BUPIIIAJIbHY POJb Y 30epeKeHHI IPUPOIHUX PECYPCIB, OCKIIBKH 3MEHIIIYE TOTpedy y BU-
Jn00yBaHHI MEPBUHHOT CUPOBUHU. KpiM TOTO0, epepoOIeHHs TaKOXK CIIPHsIE 3MEHIICHHIO OOCSTIB BiJIXO/IiB,
IO MOTPAIUIIIOTH HA CMITTE3BANUIIA, 1 THX, IO CIIATIOIOTH.

[Ipobnemu 3 nepepoOICHHSM BTOPCHPOBUHH B HAIIIIH ep>kaBi ICHYIOTh IPOTSTOM JIOBTOTO Yacy i MaloTh
cepiio3Huit xapakrep. [lo mpukiany, 3a craructukoro Bunanas « USA today», YkpaiHa € oHi€I0 3 IecsaTu
KpaiH, ki BUpOOJISIOTh HAWOUIBITY KiNBKICTh CMITTS HA OHY oco0y [13]. BignosiaHo no nanux MiHicTep-
CTBa PO3BHMTKY I'poMa Ta Teputopiil Ykpainu [1], y 2021 p. 6ymo yrBopeHo 6au3bk0 51 MitH M oGy TOBHX
BIJIXO/IiB, 3 AKHX 2 % crnanwiy i npubnusno 3—4 % BianpaBuiau Ha niepepobieHHs. [Ipobiema momnsirae He
JIUIIIE Y BEJMKIH KIJTbKOCTI BHPOOJIEHOTO CMITTS, & Y BIZICOTKY HOTO mepepoOieHHs. BiTun3HsIHa cTaTHCTHKA
PELUKIIHTY € KpUTHYHO HU3BKOIO MTOPIiBHSIHO 3 KpaiHamu €C, ne B cepenabomy 40 % CMITTS BUKOPHUCTOBY-
F0Th TIOBTOPHO. OTXe, 30UTBIICHHS 00CATIB MepepoOKy B YKpaiHi € BXKIIUBUM 3 OIVISITy €BPOIHTETPAIli.

IcHye nekinbka OCHOBHMX IPUYMH, YOMY B YKpaiHi HE € pO3BHHEHOIO KyJIBTYPa COPTYBAHHS 1 PELIUKITiH-
ry. Cepesl HUX MOYKHA Ha3BaTH Taki [3]:

1. Xoua B YkpaiHi Ha 3aKOHOJABYOMY PiBHI NepeadauyeHo BUMOTH HIONO TTOBOHKECHHS 3 MOOYTOBUMH BiJl-
XonaMu (30KpeMa, BiImoBigHO 10 3akoHy YKpainu «IIpo Bimxomw»), Ha MPaKTHII [i HOPMH YacTO HE
BUKOHYIOTH 200 HE KOHTPOJIIOIOTh HAIEXKHUM YnHOM. Ha BiaMiHy Biff OiNBIIOCT] €BPONECHCHKUX KpaiH,
e 32 IOPYIICHHS MTPAaBIWI COPTYBAHHS Iepen0adeHo peabHi CaHKIii U TPOMaJIsH, B YKpaiHi HemMae
e(heKTUBHOTO MEXaHi3My MOHITOPHHTY Ta MPUTATHEHHS A0 BiAnoBinansHocTi. OKpiM TOTO, uepes ooMe-
JKCHY KUTbKICTh IMyHKTIB IPUAMAHHSI, EPEPOOHUX MIAMPHEMCTB 1 CMITTECOPTYBAJIBHUX CTAHIIIH, Mpo-
1ec nepepoOICHHS 3aHIIAEThCS CKITATHIM 1 MAJIOIOCTYITHUM JJIs1 OUTBIIOCTI HACEICHHS.

2. Cepen 3Ha4HOI YaCTHHH YKPAiHINB JOCI HEMA€e YCTAICHOI MPAKTHUKH PO3IUIBHOTO 30mMpaHHs cMiTTs. Lle
TIOB’5I3aHO, 30KpeMa, 3 OPaKOM YiTKOT CHCTEMH 3a0XOUCHHS: TPOMAJISTHA HE MAlOTh 3p0O3yMLJIOT BUTOIU BiJl
COPTYBaHHS BIIXOJIiB, @ HASABHI MEXaHI3MH CTUMYJTIOBAHHS 3/ICO1TBIIIOTO0 HE IAI0Th OYiKYBAHOTO PE3YIIBTATY.
Y pesynbTari mpoiec COpTyBaHHS CIIPUHMAETHCS K JOJATKOBHN KIIOTIT 0€3 pealbHOrO CEHCY UM KOPHUCTI.

3anponoHoBaHe pillleHHS

BpaxoByroun mormepenabo HaBeleHI (akTH, MOXHa CTBEpIKYBATH, IO IIaTdopMma 3 elleMEHTaMHU
reiiMicikarii, ska MOXe MOTHBYBATH TPOMAJISH JOITY4YaTUCh 10 €KOJOTIYHOI CIUIHOTH, HaJJal0uyl BUHATO-
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poay 3a mepepoOIIeHHs, € CIIpaB/li aKTyalbHOI. SIK pilieHHs OyJio po3po0IeHo Be03aCTOCYHOK, IO HAA€e
3MOTY OTpPUMAaTH BUHAropory y GopMi TOKeHiB, 3aBaHTaXuBIIH (hoTorpadiro 3 mepepoOHOi cTaHIIii 31 CMiT-
TSAM SIK TATBEPHKEHHS CBOET €KOJIOTTYHO KOPUCHOT MisTbHOCTI. [lepeBipka BaJIiTHOCTI TaHUX KOPHCTyBava
PO PeIMKIIHT Oyne 3aiicHIoBaTHCs Ha 0cHOBI API-iHTerparii 3i mTy4HnM iHTenekToM. ToKeHH, 31 CBOTO
00Ky, € BAITIOTOIO, 32 SIKY MOJKHA MTPHI0ATH NIPABO Ha 3HWKKY Y MEPEXkKi MarasuHiB MMapTHEPIB, IIA0JOHHU IIUX
kynoHiB (NFT-TokeHiB) mapTHep Moxe JOOPOBUIRHO PO3MILIATH B 3aCTOCYHKY. CIMCaHHS 3HUXKH BinOy-
Ba€ThCS 3 BUKOPUCTAHHSAM 3reHepoBaHux Ha ocHOBI NFT QR-kony. Ctan kynoHy (akTHBHHI a00 HEaKTHB-
HUI) 30epiraeThes on-chain, M0 YHEMOXKIIHBIIIOE TOBTOPHE BUKOPUCTAHHS 3HIDKKU. EneMeHTH reiimidika-
i y popMi MOJACHHUX KBECTIB 1 OMMUTYBaHb JOTIOMAralTh YYaCHUKaM 3aCTOCYHKY OUTbIIE JI3HATHCH TIPO
MPUHIMITY COPTYBAaHHS Ta OTPUMATH JJOAATKOBI OOHYCH, 10 BUKJIMKAE 3aI[IKABICHICTh 3 00Ky KOPUCTYBadiB
y peryisipHoMy BijiBiyBaHHI gonarky. CtBopeHa mardopma Mae Ha3By Proof of recycling, abo ckopoueHo
PoR («Jlokas nepeganHs Ha epepoOICHHS ).

Ha cporomni 3actocyHok Mae 1Bi ocHOBHI poii — Recycler i Partner. Recycler — kopuctyBau, sikuii
HaJlae JOKa3M MepepoOIeHHs CMITTS 1 OTPUMYE 3a Lie TOKeHH. 3a TOKEHH BiH MOXe KyIyBaTh KyIOHH Ha
3HIKKY B IapTHEpiB. Partner — kopucTyBay, sikuit Moxke po3mimnyBard NFT, 1o gae npaBo Ha 3HHXKKY Ha
mnatgopmi. Bin Takox MOXe CIIUCYBAaTH KyIIOHHM, IPUI0aHI KOPUCTYBauyaMH.

AHani3 moxioHux pimeHn

[IpoananizoBaHi yKpaiHChKi aHAJIOTH TUIATGOPMHU MaloTh cepiio3Hi Henoiku. Jlo mpukiany, MoOiIb-
Huil 3acTocyHOK «KmiMaTuuHi Kpamii» [2] Mae cX0Xy KOHIEMIIIO: 32 PI3HOMAaHITHI KOPUCHI €KOJIOT14H1
Jii, 1 pEIUKITIHT TAKOXK, KOPUCTYBa4Y OTPUMYE «KPAILIi», IKHMHU BiH MOXKE PO3IUIATUTUCH Y 3aKJIajlaX mapT-
HepiB. OfHaK, i3 TEXHIYHOTO MOMIIAY, AOAATOK Mae Oarato HenomikiB. Hanpuknan, indopmarlis npo 3a-
poOIieH] TokeHU 30epiraisach Ha MPUCTPOT KOPUCTYBaYa, OTIKE, MICHISI 3MIHH cMapTdOHA BiH BTpavaB CBOi
Oanu. binblne Toro, Take pillieHHs! TO3BOJIMIIO 3JIOBKHBATH MOXKIMBOCTAMH JOJATKA OTPUMATH «KPAILIi»
Yyepe3 TeXHIYHI HETOYHOCTI B KO miaTgopmu. Takox Haropona 3a OibIIICTh AKTHBHOCTEH HallaBajlach
Bpy4HY Mozeparopamu. Lle, cBo€lo 4eproro, NpU3BOAMUTH 0 MOTPEOH y 3alydeHHi JOAAaTKOBOTO JIHOJ-
CBKOTO PECYPCY, a TAKOXK MOXKE BUKIIMKATH TIEBHY HEJOBIPY y KOPUCTYBAYiB, TOMY IO 3 TAKUM ITiIXOIOM
HEMae TapaHTii, 1[0 BOHU OTPUMAIOTH OOIITHY KOMIIEHCAI[iI0 3a CBOI 3ycwiuid. be3zanepedHo, iCHYIOTh
1 3aKOPJIOHHI aHAJIOTH i€l inei, sk-oT icnanchkuid Reciclos [10] a6o itamidickkuit Junker app [8], mo
MPOMOHYIOTH OOHYCH 3a IIepepOOJICHHS BiJX0/IiB, OTHAK BOHU HE € MONYJIAPHUMHU B YKpaiHi, 1, Ha BIIMiHY
BiJI HUX, Hallla TuiatgopMa 3adesmnedye npo3opy (dikcailiro Gpakty nepepoOIeHHs 3 BAKOPHUCTAHHIM OJIOK-
YeliHy, 1[0 YHEMOXKIIMBIIIOE IIAaXpaiicTBO Ta 103BOJISIE ABTOMAaTHYHO HAPAXOBYBAaTH BUHATOpoau y (Gopmi
TOKCHIB.

Buxopucranus 0J0K4eiiH-TeXHOJIOT i

3acTocyBaHHs JELUEHTPATI30BaHOTO MiAXOAY Ja€ MOXIJIMBICTH MMO30yTHUCH OaraTboxX HEMOINIKIB KOHKY-
penTiB. PoR HanvcaHuii Ha cMapT-KOHTPAKTaX — CaMOCTIHHO BUKOHYBaHHX IPOTpaMax, 1o 30epiraroTbes
B OJIOKYEiHI 1 BUKOHYIOTh TPaH3aKIil Ha OCHOBI MOMEPEeIHBO 3aJaHUX YMOB. BiloBinHO, yUaCHHUKH IJIatT-
(hopMH MOXKYTh OyTH BIIEBHEHI y TaApaHTOBAHOMY OTpHMaHHI OeHe(DiTiB 3a CBOi cTapaHHs, 1 JUIS IIbOTO HE
MOTpiOHA 30BHIMIHS Peryisiis 3 00Ky monuHu. OKpiM TOTO, OJIOKYEHH Jla€ 3MOTY MOOYymIyBaTH MPO30py
1 THy4YKy CUCTEMY BUHAropoJi Ha ocHoBi utility-tokenis i NFT, mo Oyzie npairoBaty Ha JeEHTPaTi30BaHUX
cepBepax, e poOHUTh ii CTIHKOIO J0 BiIMOB i YHEMOMKJIMBIIIOE 3JOBXKUBAHHSA. TakuM YHHOM, MApTHEPH,
KOTpP1 HaJIAal0Th MOXKITUBICTh OTPUMATH 3HIDKKY B JOJATKY, MOXKYTh OyTH BIIEBHEH1 y JIOCTOBIPHOCTI TpaBa
Ha OOHYCH, IO € KPUTHYHO BXKIIUBUM y KOHTEKCTI pH3HUKY (piHAHCOBHX BTPAT.

Internet computer protocol

Internet computer protocol (ICP) € x1r040BOI0 TEXHOJIOTIELO, IO JIATIa B OCHOBY NpoekTy. ICP — 1e
iHHOBaIliliHa OoK4YeitH-Mepexka, pospobiieHa GougoM DFINITY, sika 103BoJIsIE MOBHOIIHHO PO3POOIATH
1 po3roprary KIi€HTCHKY Ta CepBEpHY YaCTHHM BeO3aCTOCYHKIB Ha ACIEHTPAJIi30BaHUX cepBepax. Bona e y
MIJBHOHHU pa3iB MOTYXKHIIIOK 1 37aTHA 3aMIHUTH XMapHi cepBick W TpaaumindHi IT-cuctemu [5]. Meta
ICP — po3umputy myOmiuHUA iHTEpHET, JOAABIIN 1O HHOTO BOYNOBaHY (PyHKIIOHANBHICTh XMApHUX 00-
guciens. Cepen romoBaux nepesar ICP, Ha ski MU cripaiinch mpu BUOOPI TEXHONOTIT, MOXKHA BUIUTATH:
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1. Cmapr-koHTpakTH B OiokueiiHi ICP MOXXyTh BUKOPHCTOBYBATH COTHI TiraOalTIiB maM’siTi 3 BUKOPUCTAH-
HsM stable memory [12] Ta 00unCIIOBAaTHCS 3 TOBHOKO MIBHJIKICTIO CYy4aCHOTO MPOLIECopa, IO Ha KiJIbKa
MOPSAIKIB TIEPEBHUIIYE MOXIIMBOCTI cMapT-KoHTpakTiB Ethereum.

2. Ha BinMmiHy BiJ OUIBIIOCTI AEHEHTPATI30BaHUX CHCTEM, CMapT-KOHTPakTH B ICP MoxyTh caMOCTiltHO
Haacunatd HTTPS-3anutu 10 30BHINIHIX cepBiciB, THM caMuM Bupimyrodn The oracle problem [9].
YcyHeHHs TOTpeOu B 30BHIIIHIX OpakiIax HaJga€ 3HAUHY KUIBKICTh MOKPAIIEHb, J03BOISIOUH HAMPSIMY
B3aeMofisATH 3 API, 6a3zamu MaHUX 1 CMapT-KOHTPAKTaAMH 1HIIMX OJOKYCHHIB.

3. ICP3acTocoBye reverse gas model, 1110 mponoHye po3poOHKKaM MOMEePEIHBO OIIavyBaTH KOMicii 3a ras,
HAIIOBHIOIOYH CBOI CMapT-KOHTPAKTH TaK 3BaHIUMH NUKIaMU. Lle mae 3Mory koprcTyBadaM B3a€EMOISATH
3 JIofaTKoM 0e3 moTpedu MaTh TOKeHU UM ramaHelb. Takuil miaxif cupoinye Bxiny Web3, 3abe3neuyo-
YH KOPUCTYBAIbKUI TOCBIJ, TOMIOHH 10 TPAIUIIIHHAX BeO3aCTOCYHKIB.

4. CMapT-KOHTpAKTH, 10 MpaIforoTh Ha ICP, € MoTyXHO0 €BOJIOLI€I0 TPAAUIIIIHUX CMapT-KOHTPAKTIB, 1
iX Ha3uBaTh KaHicTpamu (puc. 1). Ile oGuncitoBanbHI OMUHHMIN, SKI MOETHYIOTh ¥ c001 SIK KOJ, TaK i
nai. KanicTpu MO)kKHa BUKOPUCTOBYBATH ISl HAalipi3HOMAaHITHIIINX Lijed — BiA HaJaHHS BEOCTOPIHOK
JUTS KITIEHTCHKOTO 3aCTOCYHKY, HaIMCaHuX Ha JS-ppeiiMBOpPKY, 10 peatizailii MOBHOIIHHOT IeIIEHTpaTi-
30BaHOi cucremu. KaHicTpu MOXyTh OyTH HamUCaHi pi3HUMM MOBaMH, sIKi 37jaTHI KOMIIUTIOBaTUCh 10
crannapty WASM; ocHoBauMu € Rust 1 Motoko.

Puc. 1. OcHOBHI KOMITOHEHTH CMapT-KOHTPAKTY («kaHicTpu») B ICP

5. Internet computer protocol mae BOynoBaHy cucreMy aBTeHTH(Dikamii — Internet Identity, mo kepye ce-
cissMu Ha 0cHOBI kpuntorpadii. Konu xoprucTyBad miaKIIO4aeThCS 710 ACIEHTPaTi30BaHOTO 3aCTOCYHKY,
CTBOPIOETHCS HOBA apa BIAKPUTOTO Ta 3aKPUTOTO KIIIOYIB I cecii, Ky Internet Identity 3acBiguye 3a
noromororo noegHanas WebAuthn [6] 1 moporosoro miamucy (threshold signing).

6. BuxopucroByroun iHCTpYMEHT 30ipku dfX, mpoliec po3ropTaHHs KaHICTp Y JIOKAIBHOMY CEPEIOBHIII €
MPOCTHM, IIIO JO3BOJILE PO3POOHUKAM MIBHIKO JEMOHCTPYBATH Pe3ylbTaTh iXHBbOT poboTu. BomHouac,
mepexig MiX JOKATFHOIO MEPEkKEI0 1 mainnet moTpedye BUKOHAHHS JIHIIE AEKUTHKOX TePMIHAIBHAX KO-
MaH/]I 1 TOTMIOBHEHHS KaHICTP IUKJIAMH, IO 1a€ 3MOTY JIETKO MEePEKOH(ITypyBaTH MPOEKT ISl IPOMHCIIO-
BOTO BUKOPUCTAHHS.

Solana

3i cBoro Ooky, Solana — e 6ibII KJIacuyHa OnokdelH-mardopma, CTBOpEeHa oprasizaiiero Solana
labs y 2017 p. BoHa He Hajiae MOKITUBOCTI PO3POOJIATH MOBHOIIHHI Be03aCTOCYHKH 3 KITIEHTCHKOIO YaCTH-
HOI0, MPOTE MPOMOHYE MOZETh TOOY0BH MIBUAKHUX JACLEHTPaTi30BaHUX JTOJATKIB HAa 0a3i cMapT-KOHTpakK-
1iB i DAO.
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Anroputm koHceHcycy Proof of History [4] € smpom GnokueitHy Solana. Leit MexaHi3M Bizirpae 1eH-
TpaJibHy POJib Y 3a0€3MeUeHHI BUCOKOI MPOIMYCKHOI 31aTHOCTI OJ0KueiiHy e(ekTUBHUM criocodoM. Solana
TEOPETHUYHO MOXKE 3IHCHIOBATH 00pOOIIEHHS 65 THCSAY NapajiebHUX ONepallii.

Hanwucani Ha Hili porpaMu AOLITBHO BUKOPUCTATH Y po3pobaeHiii Ha ICP mnatdopmi, npogeMoHCTpy-
BaBIITM MOXIJIMBICTh IHTEPHET-KOMIT I0Tepa pOOUTH IHTETpallii 3 IHIMUMH JCIIEHTPATI30BAHUMH CHCTEMaMHU.
Kpim Toro, inTerpanis Solana B IPOEKT yMOXKITUBIIIOE MOPIBHSAHHS OJIOKYCHHIB 13 pI3HUMU MOJIEIISIMH Ta3zy,
aJKe B HhOMY KOPHUCTYBad CaMOCTIIHO TUIATHTh 32 KOMICIkO JUTsl 3IHCHEHHS TpaH3aKIIil.

3arajbHa apxiTekTypa

Be63acTocyHOK BHKOPHCTOBY€ KIACHYHHHM BapiaHT KIII€HT-CEPBEPHOI B3a€EMOIii, MAlOUM OKpEeMHUI
SPA-3acTOCYHOK, 1110 ITpaIffoe B Opay3epi, a TAKOXK PO3IIIeH]I CepBiCH Ul CEpBEPHOI Ta OJOKYEHH JIOTIKH.
OcHoBy 1utatdopmu O0yno HanmcaHo Ha [CP Ta po3ropHyTo B KaHicTpax (puc. 2).

Puc 2. 3aranpHa apXiTeKTypa 3aCTOCYHKY

Krientcbka yacTuHa, HanmMcaHa Ha React.js, Takox po3MillleHa B MEPEXi iHTEPHET-KOMII F0Tepa, Xo4a
CHOTOJIHI OLTBIIICTH ACIIEHTPATI30BaHUX 3aCTOCYHKIB, MOOYTOBAHHMX Ha IHIIUX OJOKYEHHAX, TOKIa a0 ThCs
Ha [EHTPaJIi30BaHUX XMapHUX IpoBaiinepis (Hanpuxiag, AWS, GCP) mius xocTuHry (DpOHTEH.IY, IO CTBO-
pIOE €IMHY TOYKY BiIMOBH 1 MOPYIIYE caMy KOHLEMIIIO NEIeHTPATi30BaHOI 1 He3aIeKHOI IIaThopMu.
Hamncani cMapT-KOHTpakTH Ha iHTEPHET-KOMIT I0TEpi, OKPIM JIOTiKM PO3MOAITICHHS TOKEHIB, IOIATKOBO
Jaf0Th 3MOTY CTBOPIOBATH TIOBHOIIIHHI OSKEHITH 31 CXOBHUIIIEM JaHUX, BAKOPUCTOBYroUH Stable memory.

KanicTpu B ICP

Jiist 3acToCyHKY 0ys10 po3poOIIeHO TpY OCHOBHI KaHICTpH (i BUKOPUCTAHO IB1 TOTOBI). KaHicTpa storage
(puc. 3) BianoBizae 3a 30epexeHHs iHPOPMAaLlii KOPUCTYBaya PO PELUKIIHT, a TAKOK POOUTH 3alUTH J10
THIIMX KOHTpakTiB i 70 Gemini API ans Bamiganii ¢pororpadii nepepodku. Cmapt-koHTpakT dip20 imruie-
MEHTY€E CTaHAapT B3aeMo3aMiHHUX TokeHiB A ICP, 1o 3acrocoBytoTbes y mnatdopmi y Bursai POR-to-
KCEHiB, sIKi € BHYTPIIIHHOO BATFOTOO oAaTKy. KaHicTpa nft peaiizye THIIOBHI cMapT-KOHTPAKT JUIsI JIOT1KH
HEB3a€MO3aMiHHHUX TOKCHIB, [0 BUKOPUCTOBYIOTHCS SIK IOKA3 KOPHCTYyBa4ya Ha MPaBO 3HIKKH Y MapTHEpa.
s pospobnienns nonmarka Ha ICP mu BukopucTaim MoBy mporpamyBaHHsS Rust paszom i3 Rust Canister
Development Kit (CDK). [[ns imminemMenTanii mocTifiHOro CX0BHILA JaHUX Y KaHICTPax MU 3aCTOCOBYEMO
Rust-kpeiit ic-stable-structures, 110 poOUTh MOXKJIMBUM BUKOPHCTAHHS 3BUYAHHUX CTPYKTYP AaHUX, OJJHAK
MIPU LBOMY 3arajbHUH JIIMIT CTa01IbHOT aM’sIT1 B 0HiH KaHicTpi Moxke nocsiratu 500 riradaiTis.

Sk yke 3a3HAUCHO PaHiIlIe, OIHUM 13 HAHOIIBINNX IUIFOCIB IHTEPHET-KOMIT FOTEepa € HOTo 3/aTHICTh PO-
6uti HTTPS-BHKINKY 11032 BIACHOIO MEPEKEI0, HE BUKOPUCTOBYIOUH OPAKIH. MU BHKOPHCTOBYEMO IO
¢dyHKI0, 00 eneryBaTi NepeBipKy (OToI0Ka3y KOpHCTYBada, KOJHM BiH Hajae iHPOpMAIIito mpo mepe-
POOKy; SK HACHiJIOK, AKILO KOPUCTYBay HaJaB Oy/Ib-sKe HEBIAMOBIHE 300pakeHHs, TO BiH HE 3MOXE OTPH-
MaTy BHHATOPOY.
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Puc. 3. Buxopucranus IC CDK i ¢yskuis 30epiranss JaHUX PO EPEpoOKy

VY cBoiif poOoTi MH 3aCTOCOBYEMO BOYIOBaHYy cucTeMy aBTeHTH(iKamii Internet Identity, amke Mu xode-
MO HaJaTH AOCTYI A0 CMAapT-KOHTPAKTIB JIMIIE aBTOPHU30BAaHUM KopHcTyBadaM. Jlyist inTerparii 3 Internet
Identity moTpiGHO pO3ropHYTH B MPOEKTI pre-built kaHiCTpy, TogaTh aeski koHdIryparii i, 10 TOrO X, BCTa-
HOBUTH Ha JS-kiieHTi 6i6mioTexy @dfinity/auth-client.

InTerpanis Solana B 3acTocyHok

JIOTIOBHEHHSIM JI0 OCHOBHOT YacTUHM 1uiaTGopMu € HarmrcanHs Solana-mporpam Ta iX iHTerparis B 3a-
CTOCYHOK. /Iyl HalmMCaHHS CMapT-KOHTPAKTiB Ha Solana Oyno oOpaHo ¢peiimBopk Anchor Ha MoBi Rust.
Anchor — 1ie ipoBijHa miardopma a1 po3poOiieHHs porpaM Ha Solana. 3 BUKOPHUCTaHHSIM IBOTO (pe-
HMBOpPKY BAAJIOCh Hamucatd (pyHKI[IOHAJIBHICT BUHATOPOJ, aHAJOTIYHY 10 Ti€i, o crnpoekroBana B ICP
kanicTpax dip20 i nft. TakuM YrHOM, SKIO MPH BXOJI Ha TUIATGOPMY 00paTH crocid aBTopH3allii 3 KpHUII-
toramanueM (Phantom, Backpack uu iHmmm), To KilieHTCbKa YacTHHA Be03aCTOCYHKY Oy/e 3BEpTaTUCh 10
Solana-miporpamu, i, sIK HACJiIOK, Haroposa Oyne HapaXoByBaTUCh Ha OajmaHc 0OpaHOTO KPUIITOTaMaHIIS.

s Toro o6 B3aeMOJISTH 3 KaHICTpaMH, KOPHCTYBa4 IOBUHEH OyTH aBTOPU30BAaHUM i MaTH MIPHB’A3a-
Hy 70 #oro cecii Internet Identity. OfgHak KO KOPUCTYBa4 OyAe aBTOPHU30BYBAaTHCh Yepe3 KPUIITOraMa-
Hellb Solana, To BiH HEe 3MOXKE aBTOMaTHYHO BUKIUKATH MeToau ICP cMapT-KOHTPAKTIB, AT IHOTO MOTPiOEH
MaIiHr myOIigHOi afipecy raMaHIlsl 10 HoBocTBopeHoi Internet Identity. Came ToMy B IPOEKTI BHKOPUCTAHO
B 3aCTOCYHKY PIIIIEHHS BiJ ic-siws [7] — Lie MPOEKT, AKMii 3a0e3neuye aBTeHTH(]iKalli0 Ha OCHOBI TaMaHIIs
Solana s 3actocynkiB Ha ICP (Internet Computer). 3actocyBaHH 1Ii€i 0i0MIOTEKN TapaHTYeE, IO BXia
gyepe3 Solana-ramaHensb 3aBX/IU BUKOPHCTOBYe Toi cammuii Principal (inentudikarop ICP), HezanexHo Bix
KITIi€HTa 200 TPUCTPOFO, CTBOPIOIOYH OJJHO3HAUHY BiJIOBITHICTh Mik Solana-aapecamu i Principal-inentn-
¢ikaropoMm.

KiienTchbka yacTuHA

J71s1 cTBOpEHHSI KOpUCTYBaLbKoro iHTepdeticy o0pano momysipauii ppeiimBopk React)S. 1loou moner-
IIUTH HAIMCAHHS CTHIIIB JIJIsl KOMIIOHEHTIB, Oysi0 oopano 6i6mioreky TailwindCSS. Ilet CSS-dpeiimBopk
JTOTPUMYETHCS MpUHIMITY mobile-first cnctemu OpeiiknoinTiB. BukopucTOBYIOUN 1eii MPHUHINI, BAAIOCh
CTBOPUTH aIalITUBHUI BeOiHTEpdETiC, 110 BPAXOBYE OCOOIMBOCTI PO3MIPIB PI3HUX TUIIB MPHUCTPOIB.

BaxxmuBuM TakoX € MexaHi3M NO€THAHHS (POHTEHI-KaHICTPH 3 iHMIMH. Lle MOXIMBO 3a TOITOMOTOI0
cnemiansHux Candid-intepdeiici. Candid — e MmoBa onmcy iHTepdeiici (interface description language),
MpU3HAYeHA ISl BU3HAUCHHS ITyOJIiYHOTO KOHTPAKTY CepBicy. 3reHepyBaTH iX Ui KaHiCTPH MOXKHA 32 JI0-
MIOMOTOI0 1IHCTpYMeHTY 30ipku dfx.



Taspuniox B. /1., I'opoxoscwkuii K. C., Cobonescvka JI. I Kpoc-ueiin indpacTpykTypa... 185

InTerpauii i3 30BHiIHIMH cepBicamu

Jns aBToMarm3anii feskux mpoueciB Ha Iiargopmi Oynu HamamroBaHi iHTerpanii 3 API cropoHHiX
CEepBIiCiB HA KIIEHTCHKIN 1 CEpBEPHIN YaCTHHAX.

Jns mpouecy Bamifanii 300paxxeHHsI Ha OCHOBI BUKOpHcTOBYeTbcsd API momeni Gemini 2.0 Flash.
Gemini — 11e CiMEHCTBO MYJIFTHMOJJAIBHUX BEJIMKHX MOBHUX Mojelneit (LLMs), po3poOieHnX KOMIIaHi€0
Google DeepMind.

Jlyis aBTOMarm3allii Mmpolecy BW3HAYCHHS TeoyioKallii Oyno BHKopucTaHO cepBic Opencagedata, mio
HaJa€e cCocoOu reokoAyBaHHs (IIEPETBOPEHHs KOOPAUHAT Y aJipecu abo Ha3BH MicCllb) IO BCbOMY CBITY Ha
OCHOBI BifikpuTuX JaHux depe3 REST API.

IIle onqaMM cepBicoM, siKuil Oyno BIPOBAKEHO y 3aCTOCYHKY, € DeepAl — cepsic, mo Hagae REST API
Ut poboTH 3 Text-to-image MOIEIUTIO JJIsi CTBOPEHHS 300pa)KCHHS Ha OCHOBI HaJJAHOTO MTPOMIIT-3aITUTY.

i Toro mo6 36epiratu Metanani i 300paxkeHHst NFT y nerienTpalizoBaHOMY CXOBHILI i MaTh AOCTYII
1o Hux 3a URL-anpecoto, Oyito oO6pano cepsic Pinata, skwuii qonomarae kepysaru ¢aitnamu B IPFS (nemen-
Tpasi3oBaHa cucrema 30epiranss ¢aiinis). IPFS e xopucaum mis Web3-mnardopm, 60 no3Bonse 30epiratu
NFT-meranani Ta 300pakeHHsI 0¢3 pU3HKY BTpAaTH Yepe3 ICHTPali30BaHHHA cepBep.

Pozropranns

st Toro 106 3i0patu mporpamy, notpioHo crBoputH ¢aitn dfx.json. Daiin dfx.json BUKOPHCTOBYETHCS
JUTSL HAJIAIITYBAHHS MAapaMeTpiB MPOEKTY, 30KpeMa TO03BOJISIE BKA3aTH MEPENiK KaHICTpP Y 3aCTOCYHKY, iXHI
Ha3BH, TUIH Ta BUXiAHI (ailiy, mapameTpu 30ipKH 3a 3aMOBUYBaHHAM 1 6arato iHmmx omiiil. MoxkHa mo-
piBHaATH (aiin dfx.json i3 ¢aitmamu docker-compose, Mo Tak caMo JCKJIApaTHBHO BHU3HAYAIOTh CITHCOK
CEPBICIiB CUCTEMHU.

BinmoBimHo, 7S JACMIIO0 KaHICTp MOTPIOHO ckopHcTaTHCh KoMaHor dfx deploy. SIkimo po3mirieHHs
BiOyBaeThCs B mainnet, ToO po3poOHHUK MONEPEIHHO Ma€e ONOBHUTH OanaHC KaHICTpH «IuKIaMm». Luknn
(cycles) — me omuHMIIT 0OYHCITIOBAIEHOTO pecypcy. BOHN BUKOHYIOTE POIIb «ITaJMBay ISl KaHICTP, TOMi0-
HO JI0 TOTO, 5IK I'a3 BUKOPUCTOBYETHCS B Solana. Jluiie 3a oquH qosiap MoXHa npuadati OJIU3bKO OHOTO
Tpuibidona ke (1,000,000,000,000 rukmiB). Takoi KiTbKOCTI BUCTa4HTh, 00K 30epiratu 1 rirabait
JAHUX Y KaHICTPi MPOTATOM POKY, IIPU [[bOMY BUKOHYIOUM MUIBHOHH BHKIIHKIB y Mexax miardopmu [11].
[Ticnst po3ropTaHHs 3aCTOCYHKY B mainnet, BiH cTae MyOJIiYHO JOCTYITHUM 1 OTPUMYE JOMEHHY aapecy, 1o
chopMoBaHa Ha OCHOBI i7IeHTH(IKaTOPY KaHICTpH. s mpuKIaay, NpeacTaBiIeHa B CTaTTi IaTdopma mics
Jerior oTpumana aapecy https://2dwgp-naaaa-aaaan-qzyng-cai.icp0.io.

IIpunuunm po6oru niardopmu

[TouaTKOBO KOPHCTYBay Ma€ aBTOPH3YBATUCh, IS IIbOTO BiH Mae 0OpaTH OJIMH i3 JTBOX MOXKJIUBUX METO-
niB: Hanpsimy depe3 Internet Identity abo BukopucToByroun Solana-ramaners. O6uparoun Solana wallet,

Puc 4. ®opma i1 mepepoOIeHHS CMITTA
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kopuctyBad orpumyBaruMe NFT-3HMkKy Ha oOpanmid Solana-akayHt. Ilpm aBropmzamii uepe3 Internet
Identity BinOyBaeThCs peipeKT HAa HOBY CTOPIHKY, el MexaHi3M noxionuit 1o OAuth2 aBropusanii 3 mpo-
Baiinepamu Google, Facebook ta intmmmvu. Ha 11it cropini motTpidoHo oOparu abo cTBOPUTH HOBHUH principal
ID. [lani xopucTyBay, IO 3/a€ CMITTS Ha epepoOieHHs, Mae HagaTu GOTomoKa3 i3 JIOKAIIEI0 1 OMUCOM
CBOE€i €KOJIOT1YHO KOPUCHOI akTUBHOCTI (puc. 4). [Ticis nmepeBipku 300pakeHHsT KOPUCTYBad Ofipa3y OTpH-
mae 1000 POR-TokeHiB.

3i cBoro OOKY, KOPHCTYBad-IapTHEP Moke CTBOpUTH mabmoH NFT-3HMKKH, BKa3aBIOIM Ha3BYy, OIIHC,
¢$oTo (sike BiH MOXKE 3reHepyBaTH TaKOX 3a JOIMOMOTOK MITyYHOTO 1HTENEKTY), KaTeropito i 30epertu pe-
3ynbTaTy. JIJ1s HOBUX KYIOHIB I[iHA BU3HAYA€THCSI aBTOMATUYHO 1 ctaHoBHTH 2500 POR.

Komn kopuctyBauy Haz0upae nmpuHaiiMHi 2500 TOKEHIB, Y HbOTO 3’SBUTHCS OMIisl MPUIAOATH 3HUKKY
B MarasuHi OoHyciB. SIkmo BiH He Mae npueaHaHoro Solana-ramanns, To NFT Oyme BimoOpakaruch Ha
cropinni NFT-koneknii, iHakme NFT moxxna Oyne mobauutu i Ha Kpuntoramanii. Ha mpukmnani 3ailicHro-
€THCS KYIIyBaHHS KYIIOHY JJIs 3HIDKKH Ha Macax (puc. 5).

Puc 5. Tlokymnka 3HmwkKY 3a POR-Tokenu 3 Solana wallet

YyacHuK TuiaTGopmMu, 10 KyIye 3HIKKY 3 Solana-raMaHIieM, Mae CIUIATHTH KOMICIIO 32 MPOBEACHHS
TpaH3aKIlii, OJJHaK 3a aHAJOTIuHy Jito, mo 3aidcHIOeThea Ha ICP, oriata 3a TpaH3akiiito He 6epeTbes. Lle
MOXJIMBO uepes reverse gas model.

{06 xKopucTyBad MaB 3MOTY CKOPUCTATHCS CBOEIO 3HIKKOIO, BiH Ma€ TIEPSUTH HA CTOPIHKY 3 BIACHOIO
NFT-koxnekuiero i mokazatu QR-kox mapTHepy, SKuii CTBOPUB IIa0JOH IFOTO KyNoOHA. JIniie BiH 31aTHUH
CIIHCATHU 3HIDKKY. J[J1s CHHXpOHHOTO OHOBIJIEHHS 3MiH Oyno Bukopuctano texHouorito WebSocket. QR-xon
TeHepyeThCs 3a JoroMororo 0ibmoreku react-qr-code (puc. 6).

Puc 6. NFT-xonexliist 3HHKOK Hepes CIIUCaHHIM
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Puc 7. [IpoxomykeHHsI OAEHHOTO ONUTYBAHHS Puc 8. Pesynsrar onutyBaHHS

Kpim Toro, icHye MoxuBicTh 3apo0nsTu POR-TOkeHH 3a MeBHY aKTHBHICTh Ha Iuiardopmi. Bamoty
MOXKHa OTPHMATH 32 IO/ICHHE Bi/[BiyBaHHS 3aCTOCYHKY, @ TAKOXK 38 HCBEJIUKE OMUTYBAHHS, [0 CKIAa€Th-
Cs1 3 TPHOX EKOJIOTTYHUX MUTaHb (prc. 7). YuM Oisblie MpaBHiIbHUX BiAMOBIACH Oyne HaOpaHo, THM OLIbIIE
TOKEHIB yYaCHUK MOXke oTpuMaru (puc. 8). 1o Toro x, po3pobieHo GpyHKI[IOHATBHICTh PEUTHHTY CHIJIbHO-
TH, IO MO OyTH TOJATKOBUM CIOCOOOM 320XOUCHHS YYACHHUKIB BKJIAIATH OUIbIIIE 3yCHITb Y TIEpepOOICH-
HS 32 PaXyHOK (paKTopa 3MaraibHOCTI.

BucnoBok

VY mporneci pobOTH HaJ IPOEKTOM BIAIOCH JOCTIIUTH CEPHO3HICTD 1 MACIITA0M SKOJOTIYHHUX MpoOIeM
B Ykpaini. Kpim Toro, BuzHaueHo rojoBHi nepesaru ICP aist moOynoBH AeLeHTpali30BaHUX 3aCTOCYHKIB, a
TaKOX TPOAHATI30BaHO BIAMIHHOCTI MiX OJOKYeHHAMHM 3 PI3HUMH MOAENsAMH ra3y. bymo mpoBeneHo me-
TaJbHUI aHaJIi3 1 HAIaHO apryMEeHTAllil0 BUKOpUCTaHHS Web3-apXiTeKTypH Y IPO€EKTi.

Sk pesynbrar, Oylio peari3oBaHO THYYKY IUIaT(GOpMy JUTsi MOTHBAIlIT KOPHCTYBadiB IIEPEepOOIIATH BiIXO-
1. BeGnonatok Mae amantuBHUH iHTepdeiic, po3ropHyTHI 1 TOBHOLIIHHO TpaIioe y OMOK4YeiHI-Mepexi
ICP. Takox ymanoch q1oaaTH KpocueiHOBY (DyHKIIIOHAIBHICTH, MOOymyBaBmy Solana-nporpamu Ha Anchor
1 BpoBaAuBILIN iX Yy tutatdopmy. Byno mogano aekinpka cioco0iB aBTOpH3allii, 3aJ€XXHOCTI Bil BUOOPY Ta
notped kopuctyBava. Jlorika OTpUMaHHS BUHAropoj HallMCcaHa 1 Mpairoe Ha 000X OnokyeitHax. Pazom 3
TUM, po3pobiieHi inTerpauii 3 API 30BHIIIHIX CepBiciB, 10 3HAYHO aBTOMATH3YIOTh JI€sKi MPOLECH ITiJl 4ac
pobotu B gomatky. Enementn reiimidikamii HagaroTh 3MOTY 3aIliKaBUTH KOPUCTYyBaya y NIOJACHHOMY BiJIBi-
nyBaHHI MmaardopMH, a TaKoX JOMOMAraroTh i3HATHCh Oifbllie Mpo MpoOieMaTuky mnepepoOseHHs, 110
ICHY€ B HaIlIiil iepxKaBi.

Ines 3acTocyHKy Bke oTprMaia cTBEepaHi BiAryku Bia excreptiB. [Ipoekty Proof of Recycling ynanocek
nepeMortH B xakaroHi Let’s try ICP i mocictu apyre miciie Ha Mohyla startup accelerator. Ile o3nauae, 1o
wiatdopMa Ma€ BUCOKHUH MOTEHIIiall 3aBASKH CBOTH Ba)JIMBil collianbHil Micii 1 iHHOBallitHOMY NO€HAH-
HIO JICIICHTPAII30BaHUX TEXHOJIOTIH.
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V. Havryliuk, K. Gorokhovskyi, L. Sobolevska

CROSS-CHAIN INFRASTRUCTURE FOR VERIFIED
RECYCLING INCENTIVIZATION: IMPLEMENTATION EXPERIENCE
ON ICP AND SOLANA

This article explores the principles of developing a web platform aimed at increasing environmental
awareness among Ukrainian citizens through digital rewards for recycling waste. The continuous increase
in polluted areas across Ukraine has led to a range of ecological issues. In this context, the creation of
a digital tool that draws public attention to the problem of waste management and motivates responsible
environmental behaviour is both relevant and necessary.

The use of blockchain technologies provides the opportunity to build a reliable application that ensures
the integrity of data related to waste recycling. It also enables the creation of a transparent reward system
based on utility tokens and NFTs. The integration of two blockchain ecosystems — Internet Computer
Protocol (ICP) and Solana — demonstrates the strengths of both technologies in terms of decentralisation,
user accessibility, and scalability.

The ICP blockchain offers a unique environment for hosting complete web applications on decentralised
nodes without relying on traditional centralised servers. Through its innovative reverse gas model, end
users are not required to hold tokens to interact with the platform, as the computational costs are covered
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by the developer or organisation behind the application. This allows for a seamless and user-friendly expe-
rience, particularly for non-technical participants in the recycling initiative.

Meanwhile, Solana adds flexibility for the development of smart contracts and fast transaction process-
ing. By combining these two technologies, the article provides a comparative overview of different block-
chain architectures and gas models, contributing to a deeper understanding of their practical
implications.

Additionally, the article presents a brief explanation of the integration between the ICP and Solana
blockchains, including token-based interactions, NFT issuance, and synchronisation of environmental data.
The development process is supported by deployment tools such as DFX (for ICP canister management)
and the Anchor framework for Solana, ensuring an efficient and structured development workflow.

Overall, the work highlights the reasoning behind the selected technological stack, outlines the key re-
quirements for the platform, and explores its potential for future growth and scalability. The project exem-
plifies how modern decentralised technologies can be harnessed to promote sustainable development and
environmental responsibility in Ukrainian society.

Keywords: ecology, blockchain, ICP, Internet Identity, Solana, waste recycling, decentralisation.
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Apemenxo I1. B., I'opoxoscovkuii K. C.

OMHIYEMH-THTEI'PAIIISI TOKEHA MOR
HA OCHOBI CTAHJAAPTIB
LAYERZERO OFT I WORMHOLE NTT

Y emammi npeocmasneno npoeckm MORSOL — ommuiueiin-piwwenns ona mokena MOR, wo noeonye
cmanoapmu LayerZero OFT i Wormhole NTT. Apximexmypa inmezpye Solana (Anchor-npoepama) ma
EVM-cmapmrxoumpaxmu 3 mepedxcegumu komnonenmamu LayerZero i Wormhole. /[na xonmponio emicii
suxopucmano mynemunionuc: Squads Vault na Solana ma Gnosis Safe na EVM. Onucano peanizayiio me-
XaHizmy burn/mint nio uac nepe0aHHsa MoKeHie Midxe Mepedxcamu, niomeepoxcenuss VAA, a maxoxc 6esnexosi
QyHKyii, AK-0m nay3a KOHMPAaxKmie i KOHMpOoJb 3a2aibHOI emicii. Pezynomamu 0eMoncmpyoms, ujo noeo-
nannst OFT i NTT 0o3eonsic cmeopumu namushuti mynomunanytocosuii moxern MOR 6e3 obeopmannsi, 3i
30epexcenHsImM €OUHOL eMicii ma 8UCOKOI0 DeyeHmpanizayicio.

KarouoBi cjioBa: omHiueiiH, kpoc-maHiiorosa inrerpariis, LayerZero OFT, Wormhole NTT, mynbTu-
mignue (multisig), Solana, Ethereum, inTeponepabenbHiCTh, JeeHTpaTi3allis.

Beryn

VY cy4acHHX yMOBaX pO3BHUTKY OJOKYCHH-EKOCHCTEM Jienali OLTbIIoi Baru HabyBae mpodieMa iHTepore-
pabeIbHOCTI — MOXKIIMBOCTI aKTHBIB 1 JJOAATKIB B3aEMOJISATH MK PI3HUMH JIAHITIOTAMH. 30KpeMa, iCHYye
notrpeda y ToMy, o0 KPUITOBATIOTHI TOKEHH MOIJIH BIJIbHO MEPEMIIITyBaTHCS MIXK KiJIbKOMa OJIOKYeHHAMH,
3aJTUIIAIOYHCH TTPH [TLOMY €JIMHUM LIJTICHUM aKTHBOM (0€3 CTBOPEHHS Iy OIIIOI0YHNX «OOTOPHYTHX» BEPCiii).

[cHYTOTP pi3HI MDKJIAHIFOTOBI IIPOTOKOJIM LIS TIEPEJAHHS JaHUX i akTuBiB. OMHUMU 3 MPOBIAHUX Di-
meHb y cepi MocTiB € LayerZero Ta Wormhole — o0uiBa HanaroTh iHppacTpyKTypy A1 OOMiHY ITOBiZ0-
MIJICHHSIMU MiX OJOKYCHHAMHU, ajie peani3yloTh pi3Hi Mozeni Oesmeku Ta noBipu. LayerZero mpormonye
crangapt OFT (Omnichain Fungible Token) aist BUIycKy TOKeHiB oApas3y Ha JIEKUTBKOX JAHIIOTaX 3 BHKO-
PHUCTaHHSM MOIYTBHOT MOZIEIi ITEPEBiPKH MOBiTOMIICHD He3anexxHnMu Bepudikaropamu (DVN). Wormhole,
cBoero uyeproro, 3anposagus ¢perimBopk NTT (Native Token Transfers) must namuenozo mynemunanyro-
206020 MoOKeHa 3 NOBIPEHOIO IIEPEBIPKOIO IOBIIOMIICHB UYepe3 NCLEHTPANIi30BaHy MEpPEXKY BapPTOBHX
(Guardians). O0uBa IiIX0IM BUKOPUCTOBYIOTH MOJIENIh burn-and-mint (criaJeHHS Ha BUX1THOMY JIQHITIOTY
Ta KapOyBaHHS Ha UJTHOBOMY) 3aMICTh OOMiHY Yepe3 JIIKBiTHI YN, IO JO3BOJIIE MIEPEHOCHUTH I[IHHICTb
0e3 CTBOpEHHS BTOPUHHHUX TOKCHIB.

Morpheus (MOR) — HatuBHUIT TOKeH ekocucteMu Morpheus (Mepexi nepcoHanbHux Al-areHTiB) —
OyI0 3aJyMaHo SIK OMHIUCIH-aKTHB, TOCTYITHUN Ha KiTBbKOX IuaTdopmax Web3.

VY 1l cTarTi JOKJIAIHO ONMHCAHO peati3alilo oMmHideHH iHTerpanii MOR, mo orpumana Ha3By
MORSOL. MORSOL 3a6e3neuye 38’5130k Mixk Mepexero Solana ta EVM-naHIioraMu 3 BAKOPUCTaHHAM
riopunHoi apxiTekTypu: Ha Solana po3ropHyTO cMapT-KOHTPaKT (Anchor-iporpamy), KU IHTETpyeThCS
3 LayerZero Ta Wormbhole, Toni sx Ha koxxHomy EVM-nanmtory mpaifoe ctangapTHuii koHTpakt MOR
(ERC-20 3 posmmpennsm OFT). [ns ynpaBimiHHA KpUTHYHUMEH (QYHKIISIME (E€MicCis, HaJlallTyBaHHS
MEpEeX TOIIO0) 3aJTy4eHO MYJIbTHITIANUCHI akayHTH: Squads Vault Ha Solana Ta Gnosis Safe ma Ethereum
1 cyMmicHHX JNaHIforax. ¥ posaim MeTomosiorisi po3IISTHYTO aJITOPHUTMHU MDKJIAHIIOTOBOTO IEpeKasy
MOR, 30kpema mociiioBHICTh onepaliid burn/mint Ta Mexanizmu miareepkeHHs (DVN y LayerZero ta
VAA y Wormhole). V posmini ApXiTekTypa OnrcaHo OCHOBHI KOMIIOHEHTU CHCTEMH Ta iXHIO B3a€MO-
Iito, 30kpema ponb LayerZero endpoint-koHTpakTiB i Wormhole-indpactpykrypu. Jami, y po3aini Pe-
3yJABTATH, AHATI3YIOTHCS MOCITHYTI MOKA3HUKH Ta JOCBIJ BUKOPUCTAHHS 3alPOIIOHOBAHOI CHCTEMH.
BucHOBKH TiJICYMOBYIOTh OTPUMaHi pe3ylbTaTH Ta OKPECTIOIOTh BHECOK POOOTH B Taiy3i MyIbTHIIaH-
IIOTOBUX TEXHOJOTIH.

© Apemenxo I1. B., I'opoxoscokuii K. C., 2025
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MeTtonoJioris

Minxin mo inTerpamii: [TIpoekr MORSOL craButh 3a Mety 3podutu TokeH MOR NOBHOIIIHHUM OMHi-
YeHH-aKTUBOM, SKHH ITUPKYIIIOE€ OZHOYACHO HA KINBKOX OokdyeiHax 0e3 CTBOpPEHHS IyOmiKaTHBHUX
wrapped-Bepciii. MeTtojonoris ooy 0BaHa Ha MPUHIKII €MHOTO TI00ATBHOr0 OalaHCy: HE3aJISHKHO Bij
TOTO, B AKii Mepexi nepeOyBarore MoHeTH MOR, 3arampHa KiNbKiCTh TOKEHIB B 00Iry 3aJMIIA€ThCS CTa-
n010. J{71 11OTO BCi MIXKJIAHIFOTOBI TpaHC(hepH BUKOHYIOThCS Yepe3 CHajieHHs Ta kKapOyBaHHS: TOKEHH BHU-
Jy9aroThCs (CTIANIOIOTHCS) 3 00iry Ha BHUXiJHOMY JIAHIIOTY 1 CTBOPIOIOTHCS (KapOyrOThCsI) HA IITBOBOMY
JAHIIOTY y Takii camiil kimbkocTi. Ll momens miaTpumyeThes sk ctangaproM Wormhole NTT, Tak
i LayerZero OFT, i no3Bojsic YHUKHYTH TOSIBH KOHKYPEHTHUX KOMil TOKeHa Ta HEOOXiTHOCTI IOBIpsTH
CTOPOHHIM ITyJIaM JIiKBIJTHOCTI.

[TizcymoByroun, Metomomnoris peanizamii MORSOL 6a3yeTbest Ha o€ AHAHHI HARKPAIIMX IPAKTHK JBOX
PI3HMX IIPOTOKOJIIB: MM BUKOPHCTOBYEMO CTaH/APTHI, ay/10BaHi KoMIoHeHTH LayerZero Ta Wormhole 6e3
Moau(iKamii sapa, T0AAI0UN P IbOMY CBill yIIpaBIiHCHKUH map (MYyTBTHITIANNC) TSI MAKCUMAJIBHOTO
koHTpomto. Lle mae 3mory mocsrtd Metd — 3pooutu MOR MOBHICTIO MyIbTHIAHLIOTOBUM TOKEHOM —
13 MiHIMaJIbHIMH 3MiHaMH JOTiKH TOKCHA.

ApxiTtexkTypa

Orasn apxitekrypu: Cucrema MORSOL ckitafaeThes 3 KOMIIOHEHTIB, pO3TOPHYTHX Y IBOX CEPEIOBH-
max — Mepexi Solana Ta Huzli EVM-cyMmicHUX Mepex, siKi TICHO B3a€MOJIIOTh 4epe3 MOBiAOMIICHHS
LayerZero i Wormhole. Ha puc. 1 (cxema apxitekrypu MOR Ha Solana) npejicraBieHo 3arajibHy CTPYKTY-
PY pilIEHHS.

Puc. 1. Apxitextypa MORSOL

OCHOBHI CKJIaJIOBI MOJKHA PO3JIIJIMTH Ha KiJIbKa PiBHIB:

o PiBeHb TOKeH-KOHTPAKTIB. lle KoHTpakTH, 1m0 Ge3mocepenHbO KepyoTh Oanancamu MOR y neBHii
Mepexi. Ha Solana ponb TokeH-koHTpakTy BukoHye SPL-MinT MOR, a Ha EVM-nanimrorax — KOHTPaKT
ERC-20 MOR-OFT. BaxxnuBo, 110 Bci IIi KOHTPaKTH NPEACTaBIAIOTh moti camuu TokeH MOR, To0TO
3arajJibHa eMicisi po3MmojiieHa Mk HUMHU (CyMapHUE 000poT noctiiiHo 42 mMiaH MOR BiamoBigHO 10
tokeHOMiKkH). Kontpaktr MOR na EVM ycnaakoBye ¢yHkuionan LayerZero: BiH iHTerpoBaHHH
3 Endpoint-koHTpakrom LayerZero i OXOIUIIOE JIOTIKY BiJllIPaBKH / OTPUMAaHHS KPOC-JIAHIFOTOBHX
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noBigomiieHb. Ha Solana sx SPL-miaT MOR B3aemorie i3 Anchor-nporpamoro MORSOL, sika BuCTyma€e

KOHTPOJIEPOM BUIYCKY TOoKeHiB. Tol cammii miaxia peanizoBaHo i a1 WormHole NTT.

e PiBenb kepyBaHHs i 6e3meku. /[0 HHOTO HANECKATH MYILMUNIONUCHT 2aMAakyi TA POIHOBI HANAIITY-
BaHHSI, 1[0 KOHTPOJIOIOTh KPUTHUYHI Omepariii KOHTpakTiB. Y apxiTtekTypi MOR peani3zoBaHO BOpiB-
HEBY MOJIeJIb KOHTpoTto: (1) GaraTomniqmucHuM KOHTPOJIb eMicii TokeHa Ha Solana uepe3 SPL Multisig
Ta Squads Multisig 1511 101aTKOBOT MOKIIMBOCTI KOHTPOJIIO eMicii, Ta (2) MyJIBTUCUT-KOHTPOJIb aAMi-
HicTpaTHBHUX (YHKIH KOHTpakTiB Ha EVM uepe3 Gnosis Safe. Ha Solana SPL Multisig Buctymae
BIacHUKOM (mint authority) Tokena MOR i Mae mpaBo 403BOJIATH 4H OJIOKyBaTH KapOyBaHHS HOBHX
MoHeT. KpiM Toro, mei caMuii MyIbTHITIIITUC MOXKe OyTH NIPU3HAYECHUI TOBHOBKHUM ITiIMTHCAHTOM
JUI KpUTHYHUX iHCTpyKuii Anchor-nmporpamu (HampsiMy abo onocepenkosano). Ha EVM-naniiorax
MyabTHITI AMKACHI raMaHIi Gnosis Safe (5 13 9 miaAnKUCciB) KOHTPOJIOIOTH MPaBa aJMiHICTpaTOpa KOHT-
paktiB MOR, ToOTO MOXYTh 3aTBEpAKyBAaTH OHOBJCHHS JIOTiKH, 3MiHy KOH(iryparmiii Oesmexu
LayerZero (Hanpukia, cnucok aoBipeHnx DVN) abo akTuBaIlit0 eKCTPEHUX MEXaHi3MiB Ha KIITaJT
nay3u. ¥ CyKyNHOCTi, MyNbTHIIIIUCHA iHGPACTPYKTYpa AONAE PiBEHb ACIEHTPANi30BAaHOTO YIPaB-
JIIHHS TTOBEPX aBTOMATH30BaHHUX MOCTIB: JKOJICH OKPEMHH IMiJIMUCAHT, OKPIM KOHTPAKTiB, HE 3/IaTCH
OJHOOCIOHO BUITyCTUTH HOBI TOKEHHU a00 3MIHUTH HaNAIITyBaHHS, HE OTPUMABIIN 3TOAY KiJIbKOX He-
3aJICKHUX CTOPIH.

e PiBenb MiKI1aHIIOr0BO1 JIOTiKU. [le KOMITOHEHTH, 110 3a0€3MeUyI0Th HAJCUIIaHHS 1 TPUHOM MOBiJ0-
MJIeHb Mk OiokueitHamu. Y LayerZero 1nie Endpoint-koHTpakTa (110 0THOMY Ha KO)KHOMY JIQHITIOTY);
y Wormhole — Core (Core Bridge) xonTpaktu Ta nmos’s3ani 3 HumMu NTT Manager KOHTpaKTH.
LayerZero Endpoint siBnisie co00r0 YHiBepcalbHUH KOMYHIKAIIHHUH MOIyIb: Bl 3BepHeHHSI OMNI-n0-
narkiB (takux sk OFT) mpoxonsate yepe3 Hporo. Endpoint Binmosigae 3a opMyBaHHS CTaHAAPTHOTO
rakeTa MOBIIOMJICHHS, Horo goctaBky (pa3om 3 oopanumu DVN (Decentralized Verifier Networks)
Bepidaepamu) Ha 1HIIHUIT TAHIIOT TA BUKJINK NOTPiOHOT yHKIiT Tam. Wormhole Core — ananoriunuit
3a TIPU3HAYCHHSIM MOJYJIb, alie MPAIO€ 1HAKIIE: BiH 3aMKCY€ MOBIIOMIICHHS Ha BUX1JIHOMY JIQHITIOTY
Ta iHiniroe 36ip mianuciB Guardians; Ha HITFOBOMY JAHIIOTY BiH nepeBipse mianucu B VAA (Verified
Action Approvals) i nepenae nani B NTT Manager mist Bukonanss Tpancdepy. NTT Manager — 1e
OKpEMHI KOHTPAKT, 10 PO3TOPTAETHCS Ha KOXKHOMY JIAHIIOTY JUIsi KOHKPETHOTO TOKEHa; BiH MICTHTh
Oi3Hec-Joriky podotu 3 Wormhole (iHimitoBanHs burn, npuiiom VAA, kapOyBaHHS) 1, SIK IPaBHIIO,
HAJIEeXKHUTh iHTerpaTtopy TokeHa. Y Bunaaky MOR, Anchor-mporpama MORSOL na Solana nigrpumye
NTT Manager (i onnouacao OFT-agantepa) Ha ctopoHi Solana, a st EVM-JIaHIIOTIB 110 pOJIb MOXeE
BijirpaBaru abo cam koHTpakT MOR (uepe3 BopoBamxkeHHs iHTepdeiicy Wormhole), abo nomomix-
HHUI KOHTPAKT.

Komnonentu Solana. B exocucremi Solana Token MOR npencrasnenuii y surisiai SPL-TokeHa. Horo
BHITyCK 1 TIepeMillleHHs] KOHTpootoThesi Anchor-porpamoro MORSOL. OcHoBHI 1HCTpYKIIIi MporpaMu
oxommooTh craneHHst MOR Ha Solana Ta HajgcuIaHHS MOBiIOMIIEHHS B iHITy Mepexy; kapOyBanHs MOR
Ha Solana Ha OCHOBI OTPUMAHOTO MiATBEPPKESHHS 3 IHIIOTO JIAHITFOTA Ta 1HII iHQPacTPYKTYpHi 3a1adi.

3 mors Ay MixkMepexKeBoi KoMyHikalii, Solana B3aemonie sik i3 LayerZero, Tak i 3 Wormhole. MORSOL
migkarouae Endpoint wepe3 CPI (Cross-Program Invocation): mpu Bignpabii TokeHiB y EVM BoHa BHKIIH-
kae ¢pynkuito Endpoint send() 3 HeoOxigHUMuU napameTpami, a npu orpuManHi — Endpoint cam Bukinkae
3apeECTPOBAHMIA XEHJISP MPOTpaMu Imiciis Bepudikailii moBiJOMICHHS (aHAJIOTTYHO JIO TOTO, 5K I1e BiI0y-
BaeTtbess B EVM kontpakrax OFT). B3aemonis 3 Wormhole 3nilicHioeThest uepe3 BOymOBaHI mporpamu
Solana: Wormhole Core Bridge (Program Id BignoBimHoro Mocta) Ta, 3a HeoOxigHocti, Wormhole Token
Bridge. ns NTT-pexumy Token Bridge moxxe mpamtoBatu B creniansHoMy pexkumi: MOR moxe Oytu
3apEECTPOBAHMN SIK HAMUBHUL MOKeH 3aMiCTh CTaHJIApPTHOTO 00TOpHYTOTO. B Oynb-sikoMy pasi, MyJabTH-
mignuc Ha Solana € eHTpanbHOIO TAaHKOKO: BiH 30epirae mint-authority MOR Ta Bu3Hauae, KoMy TOBipeHO
npaBo kapOyBaHHs. Tak, mpu posropranai MOR Oyiio cTBOpeHO 00IIKOBHH 3alTUC-MYJIBTHCHT (CTPYKTypa
Solana, ne 3agano M mignucanTiB i3 N i nmopir 1) i npusHadeno Authority mamst MOR-minTa. IlotiM 10
CIIUCKY IiJITUCAHTIB IIbOTO MYJIBTUCIT-akayHTy Oynu gonani: (1) PDA ckapouumi Squads (Vault PDA),
(2) PDA camoi Anchor-nmporpamu MORSOL six noreHniiiHuii criiBmignucant, (3) 3ape3epBoBaHe Miciie
s Wormhole NTT (O6yne nogano miciist po3roptanss). [Topor miamuciB BCTAHOBICHO TAKUM YHHOM, OO
s kapOysanHst MOR 6yB nmotpiGen mianuc mporpamu + miareepakeHHs Vault (ymoBHo 2 3 2) a0o, Ha
nepexiaauii mepiox, 1 3 2 (e JoCTaTHbO MiANKCY mporpaMu 3a HasBHocTi VAA). lle o3Havae, 1110 HaBiTh
ko Anchor-mporpaMa BUKOHY€ 1HCTPYKIIif0 kapOyBaHHs TOKCHIB (HAIPUKIIAJ, IPU HAIXOMXKEHHI MOBi-
nomienHs 3 Ethereum), ¢inanpHa mist mint to BUKOHYETHCSA TOKSH-TIPOrpaMoro Solana TibKy 3a yMOBH,
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10 MIAMKIC MYJIBTHCUT-aKayHTy BaigoBaHo !. [Ipakruuno, SquadsVault Mmoxe nanepeo cxsaniosamu eBHI
Iii B MeaxX BCTAaHOBJIEHUX MOJITHK, HaNpuKiaa qo3Boiautu nporpami MORSOL kapOyBatu 10 X TOKeHIB
Ha 7100y, aje B OyJb-sIKOMY pasi mporpama He 3MOXe TEPEBUIINTH Ti JIIMITH 03 3r0u KBOPYMY KITFOUiB.
[le#i GararomiIMUCHUA MeXaHi3M ICTOTHO IMiIBUIIY€E O€3MeKy: HaBiTh Y pa3i TCOPETHUHOTO 3JI0MY MIXKJIaH-
LIOTOBOTO MOCTY 3JIOBMHUCHHK HE 3MOX€ CaMOCTiIiHO «HaapykyBaTm» MOR Ha Solana — notpibHa nis,
CXBaJIeHa KOJICKTHBHO.

Komnonentn EVM. Ha ctoponi EVM 10 apxiTekTypu BXOIATh OAWH a00 KiJibka KOoHTpakTiB MOR
(ERC-20/0OFT) i noteHuiitHO 10onoMi>kHi KOHTpakTH-MocTH. [1ig yac 3amycky MOR Oyiio BupileHo Makcu-
MaJIbHO BUKOpHCTOBYBaTH THIOBHH KoHTpakT OFT Bix LayerZero 6e3 momudikamniit mpotokory. Kontpaxrt
MOROFT.sol ycnaakoBye kiac OFTCore (uiss HOBUX TOKeHIB) 1 peaiizye cranaapTHi metogu ERC-20
(transfer, balanceOf Tomo) pazom 3 HoBuMu (sendFrom, estimateSendFee Tomio). Oco6nusictio MOR € Te,
10 HOro BUITYCK 3A1HCHIOBABCS 3a cXeMolo Fair Launch 13 po3nOAiIOM Ha KUTBKOX MEpekax, TOMY KOHT-
pakT Mae (ikcoBaHy 3arajibHy KibkicTh 42,000,000 MOR, ane Ha moyarky He BCi MOHETH OyJId BHITYIICHI
ofpasy Ha Bcix jaHutorax. Kourpakr MOR Ha Ethereum OyB po3ropHyTHii Ik OCHOBHHI MIHT, 13 IOYaTKO-
BUM BUITYCKOM II€BHOI YaCTHHH TOKCHIB, 1HIII MEPEXi MOYany 3 HyIbOBUM 0aJJAHCOM 1 OTPUMYBAIH TOKCHH
B Mipy iX mpeTeHIyBaHHs a0o mnepeHeceHHs 3 Ethereum. Kontpakr MOROFT HanmamroBaHué Takum
YMHOM, 10 MpaBo KapOyBaHHs (mint) HA HBOMY KOPCTKO 3aKpiIlJICHE 32 OKPEMHUM OOJIKOBUM 3alTUCOM —
L2MessageReceiver (a00 iHIIM KOHTPAKTOM-TUCTPUO t0TOpoM). Lle 3pobiieHo it po3MekyBaHHS POJICH:
caM TOKEH He MOXe OyTH 00siibHo HakapOOBaHWH HABITh BIIACHUKOM — BHUITYCK HOBHX MOHET BiJJOyBa€Th-
Cs1 JIIIIE 32 HAsIBHOCTI BaJIiTHOTO KPOC-JIAaHIIOTOBOIO 3alUTY (Yepe3 KOHTPAKT-MocepenHuK). Takum mnoce-
penaukoM B exocructeMi MOR cityrye KOHTpakT po3MOIiTy, 0 OTPUMYE IMiATBEPHKEHHS PO 3ape3epBOBa-
Hi JUTS KOPHUCTYBa49a TOKCHHU 3 «TOJOBHOTOY» JIAHIIOTA 1 BUKIMKae mint Ha JokairsHOMY MOR (e ctocyeTs-
cs ¢a3u eMicii TokeHa). Y KOHTEKCTI MIKIIAHIIOTOBHX TepeKa3iB (PyHKIIiI0 mocepeaHuKa BUkonye LayerZero
MexaHisM: konmd MOR HajaxomuTh 3 1HIIOTO JIAHIIOTA, TIOBIJOMIJICHHS TOTpaIuiie NpsMo y (yHKIIO
onOFTReceived xonTpakty MOR, skuii i kapOye MOHETH Ui OTpUMYyBada. AJIMiHICTPaTOPCHKI MpaBa
koHTpakTy MOR (SIK-OT mpU3HAYCHHS HOBOTO BIACHUKA UM OHOBJICHHS Proxy-joriku, sSKIIO Taka BHKO-
PHCTOBY€ThCSI) 3aKpiruleHi 3a MyipTHcur-ramaniieM Gnosis Safe. [t MOR OyB namamtoBanuii Gnosis
Safe 5/9 Ha kokHOMY OcHOBHOMY EVM-jaHIfory, mo BKIIOYA€E KIIOYi JEKUILKOX WICHIB CIIIBHOTH
Morpheus. Takum YHOM, yci He3BUYaliHI Aii 3 koHTpakToM MOR (Hampukiiaz, aktuBaiis pause y LayerZero
Endpoint a6o 3mina Hagamrysans Trusted Remote) moTpebyroTh KOJIEKTHBHOTO PILICHHS AEKIIBKOX JOBi-
penux oci6. [Torouna peamnizanis koHTpakTiB MOR Ha EVM 6e3 npoxci, TOOTO BOHH HE MOXYTh OyTH
OHOBJIEH1 (immutable); oqHak Ge3neyHuit BiacHuk (Safe) Moxe y pasi HaI3BUUAHHOI CUTYallii 3aCTOCYBaTH
¢ynkmii may3u (B LayerZero Endpoint e ¢yHKIist O10KyBaHHSI BUXOAY / BXOAY ITOBiIOMJIEHB) 200 BCTaHO-
BHTH JIIMITH mepekasiB. L{[uMu MOXKITUBOCTSAMU, BTIM, IUIAHYEThCS KOPUCTYBATHCS JIUIIIE B pa3i KPUTUIHOT
HEOOX1HOCTI (HAaIpUKJIall, Y BUMAJIKy €KCIIONTY) — y 3BUUAfHOMY PEXUMI MYJIBTUIIANUC HE BTPYYa€Th-
csl B poOOTy TOKeHa.

Oco6nuBy yBary nipu npoektyBanHi EVM-dyactuau npuineHo inrerpanii Wormhole. Ha MoMeHT Hamu-
canns crarti MOR mie He noBHicTiO 3318 Wormhole Ha Ethereum, ane B apxitekTypi nepeadoaieHo pos-
ropraHHs okpemoro koHTpakty MOR-NTT Manager (MOXJINBO, SIK PO3LIMPECHHS HASIBHOTO KOHTPAKTY 200
okpemoro momyist). Lleit NTT Manager na Ethereum Oyne ynmosHoBaxkenuid crianroBatd MOR (3 6anancy
KOpHUCTYBaya, SIKUH iHilil0€ nepeka3) Ta kapOyBartu MOR (Ha aapecy oTpuMyBada Miciis HiATBEPHKEHHS
VAA). Ins uporo mynsrucur Safe, mo Bonogie kontpaktoM MOR, nogacte NTT Manager sik minTep /
oeprep no Tokera MOR. Koniryparis Wormhole toni Bimnzepkanmuts solana-cuienapiii: NTT Manager
(Ethereum) + NTT Manager (Solana, To6ro MORSOL nporpama) OyznyTh 3apeecTpoBaHi 0JJHE B OJHOTO K
JoBipeHi agpecH, a Squads Vault ciyryBarnme KiHIIeBHM apOiTpoOM, SIKHI HiATBEPAXKY€E BUILYCK TOKCHIB Ha
Solana.

OTxe, apxitektypa EVM-cKi1a10BOi € J0CTaTHHO MPOCTOIO 3 TOUKH 30py KOPUCTyBaya — Iie CTaHAapT-
HUH KOHTpakT TokeHa MOR, cyMicHM 3 Oynb-SIKUMU TaMaHISIMH Ta Oip>kaMH, TOMI SIK i KallOTOM» BiH
MICTHUTB JIOTiKy LayerZero i mpuB’ 3Ky 10 MYJIBTHCHT. 3aBIIKH IboMy MOR Moxe 0e310BHO IepeMilyBa-
tuch MK Ethereum Ta iHIIMMHU MepexaMH IPYToro piBHS, 3aJUIIAIOYKCH i 3aXHCTOM HaJAIITOBAHOI
HaMHU MOJIeJTi Oe3IIEKH.

! Squads — nomnyssipamii MynstHcur-cepsic y Solana, ge Vault PDA — 1ie nporpaMHo-reHepoBaHa ajpeca, sika MOKe TPUMATH aKTHBH

1 MNUCYBATH TPAH3AKIII MiCJIs TPOXOIKEHHS TOJIOCYBaHHS YUaCHUKIB MyJIbTHITIAMIKCY. Y HamoMy Bunaaky Squads Vault He 30epirae Toke-
HM HamnpsMy, a BAKOPHCTOBYEThCS SIK JOBIPEHNI MinmucanT onepaiit 3 mintom MOR.
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PesynbraTn

@DyHKUiOHAJBHICTL MoOCTy. PeanbHi TecTH nepeka3iB MiATBEPAMSIM KOPEKTHICTh POOOTH SK
LayerZero-, Tak i Wormhole-kommnonenTis. 3 Ethereum y Arbitrum ta Base TokeH nepemimnyeTbes Maiixe
MUTTEBO: 3aBIAKH TOMY, 10 LayerZero crjauye KOMiCil0 Ha BUX1IHOMY JIAHLIOTY 1 ONITUMI3Yy€ OCTaB-
JICHHSI, KOPUCTYBAd 3a JACKIIbKa XBIJINH OaUUTh TOKCHH HA PAaXyHKY B LITbOBIH Mepexi (3 ypaxyBaHHIM
gacy ¢inamizamii 6moky). Ilepenecenns mixk Ethereum ta Solana (uepe3 Wormhole) 3aiimae Ginbie gacy,
OCKiNBKH nependavae miarsepukenHs Big Guardian-mepexi Ta ouikyBaHHS MiATBEPAKEHb B 000X OJIOK-
yeiiHax; mpoTe 1 B LIbOMY BUIAAKY TpaH3aKLii MPOXOAATh YCHILIHO, a 3aTPUMKa TUIIOBO HE MEPEBUIILYE
2-3 xBunuHU. KopuctyBaui Morpheus orpumanu 3mory Gesneuno nepemimyBarn MOR, nanpukian i3
Solana (e TokeH Moxe BUKOpHCTOBYBaTucs B Solana-nporpamax ado DEXax) no Ethereum (s Topris-
ni Ha Uniswap Ta y4dacti B Ethereum-zisix) i Hazaz. Lle 3Ha4HO MiABUIILYE JIKBIIHICTh T4 YTHIITAPHICTh
TOKCHA, aJlKe yCyBae PO3pHB MK i301p0BaHUMH ekocucTeMamu — MOR ¢dyHKIiOHYe sIK MiCT Mix
crineHOTaMH Solana Ta EVM.

JorpumanHa €eaAnHoi emicii. OJHUM 13 TOJIOBHUX PE3YABTATIB € MiATBEPIKEHHS TOTO, 10 KOHTPOJIb 32
3araJbHOI0 KiIbKiCTEO MOR 1ie kopekTHO. Y Tiporieci TecTyBaHHS CIeliajdbHO MOACITIOBAINCS KpaifHi ch-
Tyauii — OJHOYACHI MepeKasy BEeIMKHX CyM 4epe3 pi3Hi MOCTH, CIpOOU MOBTOPHOrO BiANPAaBIEHHS TOTO
caMoro NOBiJIOMJICHHS TOIIO. Y BCiX BUTIAJIKaX MexaHi3MHu Oe3mneku (3okpema, Global Accountant Wormhole
Ta nepeBipka nonce nosigomiieHs y LayerZero) 3ano0irmiu Oyab-skuM 1yOIOBaHHSAM YU po30aiaHCyBaHHIO
nmocrayaHHs. 3aranpHa KinbkicTh MOR Ha Beix JaHIforax mcisi cepii TECTOBUX TpaH3aKIii 3aiuiianacs
piBHO 42,000,000, 10 miaTBEpIKY€E TPUHIUI 30EPEIKSHHS MACH B HAIII MOZIETII.

BucHoBkn

V 1iit po0OoTi IpeACTaBICHO KOMIIJICKCHE PIllIEHH AJIs1 OMHiueHH-1HTerpanii TokeHa MOR, sike noeHye
JIB1 TPOBITHI MiKIIaHIFOroBi TexHonorii — LayerZero OFT Ta Wormhole NTT. IIpoext MORSOL nokasas,
10 MYJBTHJIAHIIOTOBUH TOKEH MOXKe OyTH peanizoBaHUH OS3MEYHUM 1 IPO30PUM YHHOM, SKIIO ITPAMOTHO
CKOMOIHYBaTH CHJIbHI CTOPOHH Pi3HHX IPOTOKOJIB 1 TOJATH PiBEHB JACIEHTPATI30BaHOTO KOHTPOIIO. ApXi-
tektypa MOR oxomuttoe Anchor-porpamy Ha Solana, Mepexy cMapT-koHTpakTiB Ha EVM-nanmiorax,
a TakoX 1HQpacTpyKTypHI KommnoHeHTH LayerZero (endpoint-u, DVN) ta Wormhole (Core, Guardians,
VAA). Kitto4oBor0 0COONUBICTIO € BUKOPUCTAHHS MYJIBTUIIANMMACHOI MOZIETi YIIPaBJIiHHS: BC1 Omepallii kap-
OyBanHs TokeHa MOR Ha Solana 3nificHIOIOTBCS 3a ydacTi Squads-MyJIbTHCHT, @ KPUTHYHI HATAINTyBaHHS
koHTpakTiB Ha Ethereum nepeOyBaroth mix koHTponeMm Gnosis Safe. Lle rapanTye, 10 ®KoIHA TPaH3AKIIiSA
nepeMinieHHs abo Bunmycky MOR He BinOyBaeTbcs 0e3 KOJEKTHBHOI 3TOJH, — TMOTY)KHUH 3armO01KHHUK
MIPOTH 3JIOBKUBAHb 200 EKCIIOUTIB.

3anpornoHoBaHe pillieHHS 3a0e3nedye yHi(ikoBanuii 00ir TokeHa MOR Ha pi3HEX Mu1atdopmax: 3amMicTh
i3ompoBaHuX wrapped-Bepciii, MOR icHye BCIOIM SIK TOW CaMUil aKTUB, JOTPUMYIOUHCH €IMHOI EKOHOMIKH
1 3araJJbHOr0 MaKCHMAJILHOTO 00cATy. 3aBIsikH MeXaHi3My burn-and-mint ta mepeBipkam LayerZero /
Wormbhole, Branocs 1ocsrta 1p0ro 6e3 BTpaTy MIBUAKOCTI a00 3pyYHOCTI JUId KOPUCTYBauiB. AHali3 0e3-
TIEKH TTOKa3aB, Mo KOMOIHOBaHA MOJIETh Ma€ BUCOKY CTIHKICTh: HaBiTh ¥ pa3i MMOTETHYHOTO MIPOPUBY OJI-
HOTO PiBHS 3aXHCTY IHIIWKA piBEHb (HAMIPUKIIAI, MYJIBTUCHUT) Bi3bMe Ha cebe 3armo0iraHHs HeraTUBHUM Ha-
CIIIIKAM.

IIpaktiuHi pesynasraru BruposamkeHHs MORSOL ninrepamnn edekTuBHICTh miaxoxy. MOR ycminiHo
¢dyHKIiOHYE Ha Mepexax Solana, Ethereum, Arbitrum, Base, 3a0e3neuyroun koprcTyBadaM CBOOOAY Tepe-
MIIIyBaTH CBOi TOKEHH MK HUMH 1 BUKOPUCTOBYIOUH TaM, J€ Iie HailOinbIn BurigHo. e migsuurye gikBig-
HICTh TOKEHA 1 CIPHSE IHTETpamii CIMIJIBHOT Pi3HUX OJIOKYCHHIB Y €JMHY €KOHOMIYHY CHUCTEMY MPOEKTY
Morpheus. Bonnodac 6ymno g0CSTHYTO BUCOKOTO PiBHS AOBipHU 3 00Ky CIIJIBHOTHU: IIPO30Pa MYJIBTHITLANNCHA
iH(ppacTpyKTypa Ta MyOJivHI ayJUTH Jalld BIICBHEHICTb, 110 3 TOKCHOM HE CTaHEThCs HemepeadadyBaHuX
emiciif un OJIOKyBaHb.

OT1xe, mpoekT MORSOL poOuUTh BaroMuii BHECOK y PO3BUTOK KOHIIEMII OMHIUeiH-ToKeHiB. Ha mpak-
TUYHOMY MPHUKIIAJI MPOJEMOHCTPOBAHO, IO JIEIEHTPaTi30BaHUH KPOC-JIAHI[IOTOBHI KOHTPOJIb € MOXIIU-
BHM 0€3 ICTOTHHUX BTPAaT y MPOXYKTHBHOCTI Yd 103a0uTiTi. OTpUMaHi 3HaHHSA MOXYTh OyTH BUKOPHCTaHI
IHIIUMH pO3pOOHUKAMH TOKEHIB, SKi IIParHyTh MaKCUMaJIbHOT MIXKJIAHIIIOTOBOT CYMICHOCTI CBOIX IIPOEKTIB.
[oemnanns LayerZero OFT ta Wormhole NTT, nonoBaene MexaHizmMamu DA O-ypaBiiHHs, MOXKE CTaTH
HOBHM CTaHJIapTOM JJISl BUITYCKY aKTHBIB y OararoiaHIforoBoMy cBiTi Web3.
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VY miacymky, inTerpamis MOR 3acBimguye, mo 6auenns One Token, Many Chains yxe peanizyeTbcs Ha
npakTuni. OYiKyeThCs], 0 3 4aCOM BCE OUIbINE MPOEKTIB ITUMYTh UM IIISIXOM, PO3MHUBAIOYH MEXi MK
OJIOKYCIHAMU 1 CTBOPIOIOYHN TIO-CIIPaRKXHLOMY VHiBepcanbHi KpuntoakTuBH. JlocBim MOR miaTBepmkye:
IIpaBIWIIbHA apXITEKTypa Ta Opi€HTAIlisl Ha Oe3MeKy 3/1aTHI MojonaTu 0ap’epy CyMiCHOCTI, BIKPUBIIHN HIISX
JI0 OUTBII 3B’ SI3aHOTO 1 JCIIEHTPATI30BAHOTO KPUIITOCEPEIOBHIIIA.
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P. Yaremenko, K. Gorokhovskyi

OMNICHAIN INTEGRATION OF THE MOR TOKEN BASED
ON LAYERZERO OFT AND WORMHOLE NTT STANDARDS

This article presents the architecture, implementation, and interoperability strategy of the MORSOL
system — a cross-chain solution for deploying the MOR token across multiple blockchain ecosystems. The
system is based on two widely adopted omnichain token standards: LayerZero’s OFT (Omnichain Fungible
Token) and Wormhole's NTT (Native Token Transfers), enabling seamless transfers of MOR tokens between
Solana and EVM-compatible blockchains.

A distinguishing feature of the architecture is that the MOR token exists in native form across chains,
without relying on traditional wrapped token models. The system ensures that MOR has a single, globally
tracked total supply, maintained through a burn-and-mint mechanism. This method guarantees that when
MOR is transferred from one chain to another, it is burned on the source chain and freshly minted on the
destination, eliminating the risk of inflation or double-spending.

The cross-chain functionality is facilitated by a combination of smart contracts and protocol-specific
infrastructure. On Solana, the project uses an Anchor-based program, and on EVM networks, Solidity
contracts are deployed. LayerZero endpoints handle message relaying and verification through Decentral-
ized Verifier Networks (DVNs), while Wormhole utilizes its Guardians to provide VAA (Verified Action Ap-
proval) proofs that validate token transfers.
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Governance and token emission are controlled by decentralized multisignature infrastructure: Squads
Vault (via PDA accounts) on Solana and Gnosis Safe on EVM chains. These multisigs are used to authorize
minting and burning operations and are critical for maintaining control over token supply across chains.

Security features include the ability to pause token transfers, upgrade contracts when needed, and en-
force strict validation through the LayerZero and Wormhole relayer networks. A comparative analysis of
OFT and NTT protocols is included, showing how their integration leverages the advantages of both ap-
proaches—such as LayerZero s modularity and Wormhole's proven track record in VAA validation.

The result is a robust, scalable, and secure omnichain token infrastructure for MOR, capable of support-
ing decentralized applications (dApps) across multiple ecosystems. This implementation serves as a refer-
ence model for other projects seeking to maintain synchronized assets in a multichain environment while
preserving decentralization and security.

Keywords: omnichain, MOR token, LayerZero OFT, Wormhole NTT, cross-chain transfer, burn-mint,
multisig governance, Squads Vault, Gnosis Safe, decentralized interoperability.
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M. Piz, A. Nahirna

DEVELOPMENT OF AN iOS APPLICATION FOR TASK
PLANNING WITH CONSIDERATION OF THE USER’S
EMOTIONAL STATE

The article focuses on the development of a digital tool designed to address the problem of decreased
productivity caused by emotional exhaustion. The main objective of the study is to create an iOS application
for task planning that takes into account the user'’s emotional state, offers mindful breaks for emotional
awareness and recovery, and provides analytics on emotional trends.

The research includes a comparative analysis of existing software solutions in the areas of time manage-
ment and mental well-being. During the development process, modern frameworks, tools, and architectural
patterns for iOS development were analyzed. An adaptive planning algorithm was implemented, that takes
into accountboth the user’s emotional feedback and the attributes of tasks.

As a result of the research, a mobile application named Moodpace was developed using Swift, with
SwiftUI for building the user interface, SwiftData for data persistence, and the MVVM architectural pattern
to ensure maintainable code structure. During the development process, SwiftLint was used for static code
analysis, and SwiftFormat was integrated for automatic code formatting. The app was localized into Ukrai-
nian using String Catalog.

The developed application is designed to help users manage their tasks while maintaining balance with
their mental well-being. It is suitable for everyday use and especially beneficial for individuals with flexible
schedules.

Keywords: task management, productivity, emotion, adaptive planning, mobile application, i0S, Swift,
SwiftUI, SwiftData.

Introduction

Today’s reality is shaped by constant military conflicts, economic challenges, and information overload.
In times of this global instability, emotional burnout has become a common problem, which can lead to a
significant drop in personal productivity. Studies have shown that employees who engage in emotional
regulation exercises and manage their mental health have 20-30% higher productivity compared to those
who rely only on time management techniques [7].

At the same time, the rise of digital technology has made popular tools that help users manage their time,
track their mood, and general well-being. Though there are a lot of apps in the fields of time management
and mood-tracking, there is currently no widespread solution that integrates both productivity and mental
health into a unified system. This creates a gap for a digital tool that adapts schedules to users’ emotional
states and promotes mindful time management.

This paper presents the design and development of a mobile app that addresses this gap. The objective
is to create a user-friendly tool that offers a personalized task planner that adjusts to a user’s current emo-
tions, encourages mindfulness, and supports analytics to reflect on trends over time and improve future
planning. Additionally, the application supports the Ukrainian language. The proposed system effectively
combines adaptive planning, emotion tracking, and mindfulness exercises.

Overview of Existing Solutions

To gain a better understanding of the subject area, four mobile applications were analyzed: two focused
on emotion tracking (DailyBean [4] and Bearable [3]) and two on task management (TickTick [12] and
Notion [8]).

© M. Piz, A. Nahirna, 2025
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As shown in Table 1, existing tools tend to focus on isolated aspects of the problem domain. None of
them provide an automated way to integrate time management with emotional state, which highlights the
need for a new approach.

Table 1. Comparison of Existing Solutions

App DailyBean Bearable TickTick Notion

Primary Purpose Daily journaling | Tracking health Task management using Information organization

of activities and metrics, well- productivity techniques and project planning
mood being, and mood

Time Planning No No Yes Yes (via templates)

Emotion Tracking Yes Yes No Yes (via templates)

Customization Level Low High Medium High

Account Creation Yes, optional Yes, required Yes, optional Yes, required

Integration with Other No Yes (Fitbit / Apple | Yes (Calendars, Notion, Apple | Yes (Slack, J@ra, Google

Services Health) Health, Reminders etc.) Calendar, Figma etc.)

Reminders Yes Yes Yes Yes

ISJllfggglr{[an Language No Yes Yes No

Adaptive Task Planning No No No No

Additionally, it was discovered that all tools support reminders; only half of them offer Ukrainian lan-
guage support and require account creation, and most apps enhance usability by having integrations with
other services.

Technologies and Tools Used

The mobile application, called Moodpace, was developed for the iOS platform because of increased user
engagement on iPhones [13] and higher trust in Apple’s privacy policies [2].

Swift 6 was used for development, as it is Apple’s recommended programming language for modern iOS
development [9].

For building the user interface, the declarative SwiftUI framework was used. It reduces boilerplate code
and improves rendering efficiency [5].

For data persistence, the SwiftData framework was chosen as a native solution that combines the advan-
tages of CoreData and Realm and provides easy integration with SwiftUI [10, 11].

To ensure code quality, the static code analyzer SwiftLint was integrated as an Xcode Run Script Build
Phase, and the automatic code formatter SwiftFormat was added as a Git pre-commit hook.

Application Architecture and Structure

The application follows the MVVM (Model-View—ViewModel) architectural pattern, which provides
clear separation of concerns, where the Model handles data, the View presents the Ul, and is responsible for
user interaction, and the ViewModel acts as an intermediary that handles business logic. This pattern was se-
lected for its balance of simplicity and scalability, which makes it suitable for medium-sized applications [6].

As shown in Figure 1, the project’s file structure is organized in a way that makes it easier to find neces-
sary files and expand the project with new features.

Classification of Tasks

In the proposed system, tasks can be either fixed or flexible.

Fixed tasks have predetermined start and end times, for example, a university lecture or a scheduled
daily work meeting.

Flexible tasks need to be completed during the day, but the exact time is not critical; examples include
watching a recorded lecture or watering houseplants.

In addition to the type, each task has the following attributes:
— title;
— description;



M. Piz, A. Nahirna. Development of an iOS application for task planning with consideration of the user’s emotional state 199

— category: work, study, personal, home, or other;
— difficulty: very easy, easy, medium, difficult, or very difficult;
— start and end time (for fixed tasks);
— estimated duration (for flexible tasks).
All attributes, except for title, have default values.
Regardless of its type, each task is assigned a time block and is displayed on an interactive calendar. This
aligns with the time-blocking technique, encouraging the user to focus on one task at a time.

Figure 1. File structure of the app

Emotional Feedback

Once a task is marked as completed, the user is prompted to select the emotion they are experiencing
now. This encourages emotional awareness and supports mindful productivity. Emotions are represented by
five emojis: very sad, sad, neutral, happy, and very happy. As shown in Figure 2, these emotions are inter-
nally converted into numerical values from 0 to 4 — emotionScore.

Figure 2. Emotion enumeration and numerical mapping for emotion score values

Adaptive Planning Algorithm

The system uses an adaptive planning algorithm that dynamically adjusts the tasks depending on the
user’s current emotion. Naturally, the algorithm can only rearrange flexible tasks. In some cases, it also
suggests mindfulness exercises.
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As illustrated in Figure 3, based on the selected emotion, the algorithm adjusts the user’s schedule ac-
cordingly:

— if the emotion is neutral or positive (emotion score 2—4), the system assumes that the user is in a good
state and can handle more challenging tasks first; so, flexible tasks are sorted by difficulty in descending
order;

— if the emotion is negative (emotion score 0—1), the algorithm sorts flexible tasks in ascending order of
difficulty so that the user could do something easy and recover mentally. Additionally, the system evalu-
ates the upcoming task. If it is flexible, or fixed, but there is at least a 10-minute gap before it, the short
mindfulness practice is suggested. Otherwise, the app just shows a supportive message.

Then the system waits for the next task to be completed, continuously adjusting the workflow to balance
productivity and emotional well-being.

Figure 3. Flowchart of the adaptive planning algorithm

Results

As a result of the research, the 10S app Moodpace was developed. The core functionality of the app is
organized into four primary sections, accessible via a tab bar (Figure 4):

Figure 4. The tab bar of the Moodpace app

1) planning: Using an interactive calendar, users can create, view, edit, and delete tasks (Figure 5). After
marking a task as completed, users are asked to rate their emotional state. Based on this input, an
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adapted schedule is created and, if needed, a mindfulness exercise is suggested, or a supportive message
is shown;

Figure 5. Planning screen Figure 6. Analytics screen

2) analytics: Users can view statistics on completed and not completed tasks, as well as charts displaying
average emotions by category and day over a selected period (Figure 6). These charts are implemented
using the Swift Charts framework. The presented analytics help to identify patterns in emotional state
based on time and categories;

3) mindfulness: Users can select one of five short interactive mindfulness exercises: 4-7—8 Breathing,
Emotional Journaling, 5-4-3-2—1 Grounding, Gratitude Practice, or Emotional Drawing. These prac-
tices are recommended after negative emotional feedback but also are available on demand (Figure 7);

Figure 7. Mindfulness practices screen
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4) profile: Users can manage their account and configure preferences, such as receiving notifications for
fixed tasks and setting day start/end times. Authorized users can also request a CSV export of their tasks
data.

All use cases of the app are shown in the use case diagram in Figure 8.

Figure 8. Use case diagram of a system

To help users avoid missing fixed tasks, the notification mechanism was implemented using the UserNo-
tifications framework. The system sends local reminders 15 minutes before and at the start time of fixed
tasks.

The app is localized into Ukrainian using the String Catalog, which is the preferred localization ap-
proach starting with Xcode 15 [1]. The app’s language is automatically selected based on the iPhone’s
system language.

Conclusions

This study addressed the lack of integrated solutions that combine productivity with consideration of emo-
tional state. A comparative analysis of existing applications showed that none of them offered adaptive plan-
ning based on a user’s current emotions. This identified a gap and defined the direction for a new solution.



M. Piz, A. Nahirna. Development of an iOS application for task planning with consideration of the user’s emotional state 203

To bridge this gap, tasks were categorized as either flexible or fixed, emotions were quantified, and, fi-
nally, the adaptive planning algorithm was developed. This algorithm dynamically adjusts the order of
flexible tasks based on the user’s mood and tasks’ attributes.

As aresult, an 10S application was implemented using modern technologies for iOS development such
as Swift, SwiftUI, and SwiftData. Code quality and format were ensured by SwiftLint and SwiftFormat. The
project followed the MVVM architecture.

The application includes such core features as task management and planning, marking emotional state
after completing a task, analyzing emotional trends across time and categories, and suggesting mindfulness
exercises when needed. The key innovation of the system lies in the adaptive planning mechanism, which
helps users stay productive while being mindful of their mental well-being. Additional features include ac-
count management, reminders for fixed tasks, and Ukrainian localization.

The results of this research can be applied in the domains of time management and mental health. Future
development may be conducted by applying machine learning to personalize the algorithm based on indi-
vidual patterns. Another promising direction is integration with health tracking solutions such as Apple
HealthKit. This would enable the system to consider both mental and physical health data in the task plan-
ning process.
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PO3POBKA iOS-3ACTOCYHKY IJIA IINTAHYBAHHSA 3AB/IAHDb
3 YPAXYBAHHSIM EMOIIMHOTO CTAHY KOPUCTYBAUA

Y cmammi poszenamymo cmeopenna yughpogoco incmpymenma Oas SUpiuents npoonemu 3HUMCeHHs
NPOOYKMUBHOCMI yepe3 emoyiline sucHasxcenns. Memoio docniodcenns € pospooka iOS-3acmocynKy 01a
NIAHYBAHHA CNPAB, AKUL 8PAX0BYE eMOYIUHUL CIMAH KOpUCcmysaua i 8i0n0GioHo 00 Hb020 KOpuzye epagik
Cnpae i HA0AE MONCIUBICTND BUKOHYBAMU BNPABU OJisL eMOYIUHO20 YC8IOOMIEHH Ui 6i0HO8NeHHs. Y X001 po-
bomu NPoAHANI306AHO HAAGHI NPOSPAMHI PIUEHHS 6 HIUWAX YNPAGIIHHA 4aCOM | MEHMANbHO20 300P08 5,
a maxodic po3podeHO AncopUMM A0anmueHo20 NIAHYBAHHS 3A1€ICHO 8i0 eMOoYyill KOPUCTTY8aAYa MA 61ACHIU-
gocmeii 3a60aHb.

KurouoBi cjioBa: ynpaBiiHHS CipaBaMH, IPOAYKTHUBHICTb, €MOLlii, alallTUBHE TUIaHyBaHHSA MOO1IbHUN
3actocyHok, 10S, Swift, SwiftUI, SwiftData.
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NOCJIIKEHHS TA OITUMIBAIIS METO/IB OIIIHIOBAHHS
PO3MIPY ®ANJIOBOI IEPAPXII B APFS
(APPLE FILE SYSTEM)

Lo cmammio npucesueno 00cniodicento ma onmumizayii npoyecie cKanyeanHs Qainoeoi cucmemu
APFS (Apple File System). Posenanymo knouosi incmpymenmu oocmyny 0o APFS ma ancopummiuni cmpa-
meeii, 30Kpema 8epxHbopisHesull 00xi0, NOgHUL 00Xi0, inbmpayiro 3a cmon-c106amu ma iHMepaKmueHUl
nioxio. Peanizosano memoou o6pobnenns aiinosux iepapxii, Axi nepedbaiaroms nociioosHe ma napa-
nenvHe oopobnenns 3 euxopucmanuam Grand Central Dispatch (GCD) i Swift Concurrency. Po3pobaeno
3acmocyHok 0nsi ckanysants APFS, sikutl 0eMOHCmpye npakmuune 3acmocy8ants 3anponoHo8aHux nioxo-
0is. Ilpogedeno mecmyeanis i NOPIGHANLHUL aHali3 Memodie ckanysanms APFS.

Kurouosi cioBa: Apple File System, APFS, ckanyBanus daiinoBoi cuctemu, macOS.

Beryn

DdaiisIoBi CHCTEMU € HEBI’€EMHOIO CKIIAZIOBOIO OY/Ib-KO1 Cy4acHOT onepaniiHoi cucteMu. Bonu Bimirpa-
0T BaXXJIMBY POJIb Y IIBUIKOMY JIOCTYIIi 10 JaHUX, HAAIHHOCTI 1X 30epekeHHs Ta e(heKTUBHOMY BUKOPHC-
tanHi mpoctopy. Apple File System (APFS) Oyno npeacrasieno 14 yepsHs 2016 p. sk paiaoBy cuctemMy
HACTYITHOTO MTOKOTIHHS JU1g pucTpoiB Apple [12]. Bona npuiima Ha 3miny Hierarchical File System Plus
(HFS+), sxy BukopucroByBanu 3 1998 p. [3]. Cranom Ha 2024 pik macOS € npyrorw 3a MONMyJISIpHICTIO
JICCKTOITHOIO OTIEPALlifHOI0 CHCTEMOIO0, a 3araibHa 4acTKa orepaniifHux cucteM Apple Ha pUHKY CTAaHOBHUTH
Omm3bKo 25 % [8].

3pocTaHHs MOMYITAPHOCTI MPHUCTPOiB Apple 3yMoBIIOE mMOTpedy B IMMOLIOMY PO3YMiHHI BHYTPILIHIX
MeXaHi3MiB poOOTH (ailJIoBOi CHCTEMH WX MPUCTPOIB, a TAKOXK ONTUMI3AIIT polecy ii CKAaHyBaHHS, SIKUH
JISKUTH B OCHOBI TaKuX 3a/1ad, K PE3€pBHE KOMIIOBAHHS, iHJEKCAIlisl, aHTUBIPYyCHE CKAaHyBaHHS, BITHOB-
JICHHsI JaHKUX 1 U(PoBa KPUMIHATICTHKA.

Apple File System npunecia 3HauHi 3MiHH, CIIPSIMOBaHI Ha TIOKPAIIEHHS TOCTYITy JI0 JTaHUX, 3a0e3Ie-
YEeHHS TXHBOI IUTICHOCTI, €(EKTUBHOCTI YIPABIIHHS CXOBHUIIEM Ta IMiJBUIICHHS Oe3neku. Ha BiaMiHY Bij
HFS+, ne xoxkeH ToM Mae (hikCOBaHMH PO3MIp 1 HE AUTUTHCS BUIBHUM IPOCTOPOM 3 iHIIUMH PO3ILTaMH,
APFS 3anpoBanuna crinbHe BUKOpHCTaHHs mpocTopy [11]. Lle mo3Bomsie KigbKOM TOMaM y KOHTEHHepi
JUHAMIYHO PO3MOALISITH CXOBHINE, THYYKO 3MIHIOIOYHM po3Mmip 6e3 HeoOximHOocTi mepedopmaryBaHHS

(puc. 1).

Puc. 1. Po3nonin npocropy mixk tomamu B HFS+ ta APFS

APFS BHKOPHCTOBY€E MEXaHI3M COpYy-On-write, sIKHi rapaHTye, 10 JaHi HEe Mepe3arucyIOThCs, MOKU
3MiHHU He OyJie MOBHICTIO 3aBepineHo. Lle Jonomarae MiHIMi3yBaTH PU3UK MOIIKO/PKEHHS JAHUX 1 TT1IBUIITYE
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3araJbHy CTaOUTBHICTD (aitnoBoi cucremu [1]. s kepyBanHs Qaiinamu Ta katanoramu APFS BukopucTo-
BY€ BHCOKOOIITHMIi30BaHy CTPYKTYpy B-IepeBa, sika mpUCKOPIOE MPOLIECH KOMIFOBAHHS, BUIAICHHS Ta Ie-
peiimenyBanHs daiimi [2].

OnHiero 3 KIMIOYOBHX ocoOmuBOCTEN (aiinoBoi cuctemMu APFS € MOXIHBICTE CTBOPEHHS 3HIMKIB
(snapshots), siki QikcyrOTh cTaH (aiIoBOi CHCTEMH y TICBHHI MOMEHT 4yacy. BoHM jomomararoTh NIBHIKO
BiJTHOBHUTH J1aHi 6€3 BUKOPUCTAHHS JONATKOBOTO Micls JJisl AyOiKariB JaHuX [6].

VYei i ocobmuBocti Apple File System po0isiTh il BHCOKOTIPOIYKTHBHOKO Ta HAMIHHOIO (haiJIOBOIO CHC-
TEMOI0, ajle BOIHOYAC YCKIAAHIOIOTH Mpoliec ii ckanysaHHs. CaMme ToMy onTuMizarlist ckanyBaHHs APFS
€ BOXJIMBOIO TEMOIO CYYaCHHUX JOCIIKEHb, OCKIJIBKH MIBHIKICTh 1 TOYHICTB IBOTO TpoIiecy Oe3rnocepen-
HBO BIUTMBAIOTH HA 3arajbHy €(EKTUBHICTb POOOTH CHCTEMHM. Y Liif CTaTTi MU 30CEpeIUMOCs Ha aHali3i
METOJIIB 1 aJITOPUTMIB, SIKI JJAFOTh 3MOTY MakCHMaJbHO e(eKTUBHO ckanyBaTtH APFS, Ta Bu3Hauumo onrtu-
MaJIbHE PillICHHS.

IncrpymenTu s podoru 3 APFS

VY Mexax IbOTO JOCHTIHKEHHS MH 30CEpeIDKYEMO yBary Ha BH3HAa4Ye€HHI po3Mipy (ailioBoi iepapxii.
V (aiinogiii cucremi APFS kojkeH eJ1eMeHT XapaKTepu3y€eThCs IBOMa TUIIAMHU PO3MIpiB: JIOTTYHUM 1 pi3uu-
HuM. Jloriuauii po3mip (actual size) BimoOpaskae oOcAT NaHNX, PaKTHYHO 3aIHCaHUX Y Qaiii abo JUPEKTO-
pito, Toxi sk dizuunuii pos3mip (allocated size abo size on disk) BuU3Hauae KiNbKICTh IUCKOBOTO MPOCTOPY,
3ape3epBoBaHOrO (HalIOBOKO CHUCTEMOO JUIs 30epiraHHs I[bOTO €JIeMEHTa. Y HAIlOMY JOCITiDKSHHI JJIs
ckanyBaHHs APFS M1 BUKOpUCTOBYBaTMMEMO caMe (i3M4YHUN pO3Mip, OCKUIBKM BiH Ja€ 3MOTY TOYHIIIE
OLIIHUTHU CTPYKTYPY Ta BUKOPHUCTAHHS IIPOCTOPY.

Hia podoru 3 APFS icuye nekinpka inctpymenTiB: NSFileManager, URLResourceKey i TepMminanbHa
rkoMana du. NSFileManager — 1ie 6a3oBuiit API mist po6otu 3 Apple File System. Bin 3a6e3mneuye 3pyanuit
noctyn 1o ¢aiinis 1 karanoris. Meton attributesOfltem(atPath:) no3Bossie oTpumaru posmip daitny uepes
arpuOyT ‘.size’. OqHAK U OOYUCIICHHS PO3MIpy JUPEKTOPIi MOTPiOHO 3aCTOCOBYBATH PEKYPCUBHUH 00Xi/I.
e pobuTh mpoliec CkaHyBaHHsI MOBITBHUM i PECYPCOEMHHM, OCOOIHMBO IS BETHKHUX (DallIOBUX CTPYKTYP.
Kpim Ttoro, 3a nqomomororo NSFileManager HeMOXJIMBO OTpUMATH JaHi Tipo (izuuHuii po3mip daiinip Ha
JTUCKY.

URLResourceKey € 0imbIr cydacCHHM MiJIXOAOM, SKHid BHKOpUCTOBYE 00’ ekt URL st Ge3nednoi po-
6ot 3 (haitnoBoro cuctemoro. Kimrodi fileSizeKey Ta fileAllocatedSizeKey 103Bossit0TE OTpUMATH JTOTTYHHIA
1 Qi3nvHU po3Mip GaiiniB BiAMOBIAHO. /1 00UUCIIEHHS PO3MIpY AUPEKTOPIN TAKOXK MOTPIOHO 3aCTOCOBY-
BaTH pekypcuBHUM miaxia, npore URLResourceKey ontumizye neit mporec, onpamnboByIO4H JUIie Heo0-
xijHi arpuOyTH. Lle miaBuiye mpoayKkTHBHICTh ckaHyBaHH: mopiBHsHO 3 NSFileManager. URLResourceKey
3MEHIIY€E KUIbKICTh TOMUIIOK, ITOB’SI3aHUX 13 HEMPaBWIBHUM (OPMATOM ILISAXIB JO €IEeMEHTIB (aitoBoi
CUCTEMH, 1 € OLIBbII YHIBEPCAILHUM 1HCTPYMEHTOM.

TepminansHa komanaa du (“disk usage”) eekTUBHO OILIIHIOE BUKOPUCTAHHS IUCKOBOTO MPOCTOPY (aii-
JIaM¥ Ta JUPEKTOopisMU. BoHa BioOpaxae iHpopmallito y 0J1oKax, KoKeH 3 askux — 1e 512 6aiitis [9]. Ko-
MaH/a du He moTpeOye BUKOPUCTAHHS PEKYPCUBHOTO MiIXOMY JUIs CKaHyBaHHS (aiiyioBoi iepapxii. Takox
el IHCTPYMEHT IITPUMYE TaKi ImapameTpH, sk -a (all — BimoOpaskae po3Mip I KOKHOTO (aiiia y iepap-
xii), -s (summarize — BifoOpakae 3araJibHUi po3Mmip Qaiiny abo nupekropii 6e3 Aeramnizaii Mo mIgupeK-
Topisx), -d (depth — BimoOparkae po3Mip IS BCiX €IEMEHTIB JIMIIE Ha BKa3aHy TIIMOWHY (aioBOl CTPyK-
Typm) [10]. s inTerpauii uporo iHcTpyMeHTy B Swift BuKOpucTOBY€eThCs Kiac Process. [Ipote 00pobien-
HS JaHUX MOMJIMBE JIMIIE TICIS 3aBEPIICHHS BUKOHAHHS KOMaHIH, 1 II6 MOXKE CIIOBUIBHHTH IIpOIEC
ckaHyBaHHsS. Takox IiJ] 9ac BUKOPHCTAHHS IIOTO IHCTPYMEHTY BHHHKAIOTh HMPOOIEMH 3 TOCTYIIOM IO
MEBHUX JUPEKTOPIM, III0 BUMArae J0AaTKOBOTO 00POOICHHS TOMUIIOK.

[NopiBHsIbHUI aHANi3 IHCTpYMEHTIB 1 poboTH 3 Apple File System nemonctpye, mo NSFileManager
3pyunuii APl mist pobotn 3 okpemumu (aiinmaMu, aie JOCHTh NMOBUTLHUE s aupekropid. Komanma du
LIBUJIKA Y CKaHyBaHHI (aiiyioBoi iepapxii, ajie ckiaaHa B inTerpauii Ta 00poonenni. URLResourceKey —
HallepeKTUBHIMMUHI 1HCTPYMEHT 1iist podotn 3 APFS, sikuii moeaHye MBUIKICT, O€3MeKy Ta THYYKICTb.

Ausroputmu o0xony aiiioBoi cucremu APFS

Hinsa epextuHoro ckanysanHs Apple File System BapTo 3acTocyBaTu pi3Hi aJropuTMIiuHI cTparterii 1is
o0xomy (haiimoBoi iepapxii. BoHH T0TOMOXYTh BpaxyBaTH CKJIAHICTh CTPYKTYPH 1 MiHIMI3yBaTH 3aliBi Ore-
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pariii. OCHOBHI aJITOPUTMH, K1 3aCTOCOBYBAaJINCh, TIepen0adaroTh BEpXHHOPIBHEBHIA iAX11, TOBHUAN 00X,
IHTepaKTUBHUI 00Xi[ 1 (PLIIBTPAILiIO 32 CTOIN-CIIOBAMH.

BepxHbOpIBHEBHH MiJIX1]T CKAHYE JIUIIE SIEMEHTH BEPXHBOTO piBH:. Lle 3a0e3mneuye BUCOKY NIBHIIKICTh
3aBASKH MiHIMaJIbHUM 3BEpHEHHSM 10 (aifinoBoi cuctemu. Peamizatist 3a qonomororo komanau du 3 mapa-
MeTpoM -d 1 3abe3neuye miHiManbHI BUTpath pecypciB. Oqnak NSFileManager ta URLResourceKey mno-
TpeOyIOTh BUKOPUCTaHHS PEKYPCHUBHOTO 00X0AY, IKMI 3HIXKY€E e(peKTHBHICTh, 0coOnmuBo 11t NSFileManager.
URLResourceKey 3anumaerbest IpOJYKTHUBHUM 3aBISKH ONITAMI30BaHUM 3anuTam J10 APFS.

[ToBHwMIi 00xin (aiinoBoi cucTeMH peKypCcUBHO ckaHye (paijIoBy iepapXiro 1 Hajae AeTaibHy iHpopMa-
1if0 PO po3MipH ¢aitiB Ta qupekropiii. Komanna du 3 mapaMeTpoMm -a Haja€e MOBHHUM CITHCOK €JIEMEHTIB
¢aitnoBoro gepeBa, a NSFileManager ta URLResourceKey BUKOPHUCTOBYIOTH KIIIOUI .Sizeé Ta
fileAllocatedSizeKey Biamosigno. Llei MeTos OiibIi TOYHUH, ajie Yac WOro BUKOHAHHS 3HauHWi. Tomy 11e
MOJKE IIPU3BECTH 10 IEBHUX HE3PYUYHOCTEH Uil KOPUCTYBaya.

IaTepakTHBHHI 00Xi1 (aiyIoBOT CHCTEMH JI03BOJISIE OTPUMYBATH PE3yJIBTATH MMOCTYIIOBO Ta IMOKPAIy€e
B3a€MO/IiI0 3 KopucTyBaueM. Lleit MeTos peanizoBaHo 3a qonomororo AsyncStream [4]. @aiim Ta JUpeKTO-
pii Toar0ThCsl B aCHHXPOHHHH TIOTIK, BUKOPUCTOBYI0UH MeTox yield( :), a micist 3aBepIieHHS] BUKJINKAETh-
cst merof finish(). [HTepakTHBHMI MiAXiA [O3BONSE PO3MOYATH OOPOOJECHHS JAHMX INE OO 3aBEPILCHHS
MPOIIECY CKaHYBaHHSI, & TAKOXK POOUTH CKaHYBaHHS OUTBII THYYKUM 1 3pyYHHM JUIs KOPUCTYBava.

@inpTpallis 3a CTON-CIOBAMH ONTUMI3ye ckaHyBaHHSA APFS nuisixom BUIy4eHHs HEMOTPiOHUX eeMeH-
TiB. [lyis 1i peamizamii BukopuctoByroThes anroputmMu DFS i BFS. AnroputMm DFS [5] Bukonye pekypcus-
HUHM 00XiJ IUPEKTOpiif Ta MPOIyCKae ENEeMEHTH, L0 MICTATh CTOI-CIOBA, TA MA€ BUILY LIBHIKICTb IS
mIMOOKUX CcTpyKTyp. AsnroputM BFS [7] mo3Boiise mBuaimie mpoaHali3yBaTH €JIEMEHTH BEPXHIX PIBHIB
(aitnoBoi iepapxii, OCKiIbKH eeMeHTH (hailnoBoi cucTeMu 00pOOISIOTHCS 0 PIBHSX 32 JOMOMOTO0 YepTH.
Ha mpakrunti DFS nepeBakae BFS 3a mBuakictio ckanyanHs APFS, aie BES yce x € nocuts eekrnBHUM
AJITOPUTMOM.

OTtxe, Bubip anroputMmy Iuisi ckanyBaHHs Apple File System 3anexxuTh Bix 3a7a4i: BEpXHbOPIBHEBUI
MiJX1J — JUIS IIBUJIKOTO aHalli3y, MOBHUHN 00XiJ — AJIS IeTANIBbHOTO aHali3y, IHTepaKTUBHUHN 00Xix — A
3pYYHOCTI KOPHCTYBaua, a (GiIBTpaIlis 3a CTON-ciIoBamMu 3 BukopuctanHsaMm DFS a6o BFS — mis ontumiza-
1ii pecypcis.

BararonoroxoBe 06po0saenns ¢aiinosoi iepapxii APFS

[ocnigoBHE 00pOOIICHHS HE 3aBXKIH € €(PESKTUBHUM, 0COOJIMBO SKIO CTPYKTYpa JaHHUX € JOCHTh CKIIA/I-
HOIO Ta OaraTopiBHEBOIO. ToMy Ui MiABUILIEHHS IIBUAKOCTI ckaHnyBaHHA (paiiinoBoi cuctemu APFS 3acto-
COBYETBCSI 0ararormoToKoBe 00poOJICHHS, peaiizoBane 3a jgonomororo Swift Concurrency Ta Grand Central
Dispatch (GCD).

[MocnigoBHe 00pOOIICHHST BUKOHYE OTepallii B OIHOMY ToTolli. BoHO TIpocTe 1 3py4yHe 171 HEBEIHKHX
JupeKkTopiit abo oxpemux (aiiiB. Takoxk, OCKUIbKH HeMa€e MOTpeOu B yIpaBiliHHI IOTOKAMH Ta CHHXPOHi-
3aiii, mocioBHE 0OpOOJICHHS JIerKo BianaroipkyBatu. OJHaK Uil CKIAAHUX (DalIoBHX ie€papXiid e
METO]] € HEJIOCTATHHO IIBUIKKM, IO CTAIO OCHOBHOIO IIPHYUHOIO IS 3aCTOCYBAHHS METO/IIB 6araTtonoTo-
KOBOTO 00pOOJIeHHS.

Swift Concurrency BrpoBayKeHHI TourHaI0uu 3 Bepcii Swift 5.5. Bin BukopuctoBye async/await, Task
Groups Ta Actors ais CTpyKTypoBaHoro napanenizmy. Task y Swift Concurrency — 11e acHHXpOHHI OJIOKH
KOJ1Y, SIKi BUKOHYIOThCS 0€3 OJIOKYBaHHS OCHOBHOTO OTOKY. Task Groups T03BOJISIIOTH CTBOPIOBATH 1 Kepy-
BaTH KiJIbKOMa 3aBJaHHSMH, SKi BUKOHYIOThCs napajiensHo. Dynkiis withThrowingTaskGroup mo3Boisie
CTBOPIOBaTH Ta KePyBaTU IPyNaMU aCHHXPOHHHX 3aBJIaHb, SIKi BHKOHYIOThCS MapajeabHO, OMHOYACHO 00-
poOIIsIIOYH MTOTEHITIHHI TOMWIIKH. Actors 3armo0iraroth nmpodiiemam Tuiry data race, aBTOMaTHYHO KEePYIOUH
JOCTYTIOM JI0 PECYPCIB, IO yCyBae NOTpedy B py4yHUX OJOKyBaHHAX, TakuxX sk NSLock, 1 3HMmKye pU3HuK
B3aeMHoro O6nokyBaHHs (deadlock).

Grand Central Dispatch (GCD) — 1ie Hu3bkopiBHeBUid API U1 ynpaBiiHHS napajiellbHUMH Oreparis-
Mu. GCD kepye BUKOHaHHSM 3aBlaHb 3a jgonomoroto DispatchQueue, ski MOXXyTh OyTH ITOCITIIOBHAMH Ta
MapaielbHUMH, IO JT03BOJSIE e(DEKTHBHO PO3MOAUIITA CUCTEMHI PECypCH BIIMOBIIHO J0 MOTOYHOIO Ha-
BaHTakeHHs. J[J1s1 KoopAMHAIl BUKOHAHHS JEKIIBKOX 3a1a4 BUKOPUCTOBYeThCS DispatchGroup, mo nae
MOXIJTHBICTh 3aITyCKaTH AaCHHXPOHHI Omeparlii mapajienbHO, aje CHHXPOHI3yBaTH MOMEHT 3aBEpILICHHS
rpymu. ®ynkiis withCheckedThrowingContinuation 3a6e3neuye interpamiro GCD i3 cydacHUM ITiX070M
async/await. Xoua GCD € ctapimuM MeXaHi3MOM, BiH i A0CI 3aIMIIA€THCS €(PEeKTUBHUM.
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OTxe, mis O6ararornorokoBoro 00poonenns APFS Swift Concurrency € 6inbin edhekruBaum, Hixk GCD,
3aBJSKM MIBUAKOCTI, Oe3meli Ta MacmTaboBaHOCTI. JJs MpOoCTHX 3aja4 AOMYCKAEThCSI BUKOPUCTAHHS TIO-
CJTITOBHOTO OOpOOIICHHSI.

ApXxiTekTypa po3p00/1eHOro pilleHHs

Po3pobnene pimeHns 11 ckanyBaHHA (aitnoBoi cucremu APFS 6a3yeThcs Ha MOIyIBHIN apXiTEKTypi,
sika 3a0e3medye THYUYKICTb 1 MacIITaboBaHiCTh. APXITEKTypa, 300pakeHa Ha pHC. 2, BKITIOYAE KIFOYOBI KOM-
noneHTH: nporokon FS API mis B3aemonii 3 ¢aitnoBoro cucremoro uepe3 pisHi APl (NSFileManager,
URLResourceKey a6o Tepminansia komanga du), mogyas Concurrency Jist OCIiIOBHOTO abo Gararoro-
TOKOBOTO 00p0o0OIIeHHs eneMeHTiB 3a JoroMororo Swift Concurrency abo GCD. Takox € momynb Techniques
JUIA cTpareriii ooxomy (haioBoi iepapxii: BepXHLOPIBHEBOI, IMOBHOI, IHTEPAaKTUBHOI Ta (ibTpamii 3a
CTOII-CJIOBaMH 3 BUKOpHcTaHHAM anroputMiB DFS ta BFS. MoxynbHa cTpyKTypa T03BOIISE JIETKO aIalTy-
BaTU pillIeHHs Ta 3MiHIOBaTH airopuT™Mu uu APl 3anexHo Bix BUMOT A 3a0e3nedeHHs e(peKTHBHOTO CKa-
nyBaHHs Apple File System.

Puc. 2. Ctpykrypa po3poOiIeHOTo pilieHHs

Ouinka epeKTHBHOCTI

Juis oniHkM eeKTUBHOCTI MeToNiB ckanyBaHHs APFS Oyno npoBeneHo TecTyBaHHS 3 BUKOPUCTAHHSAM
CreliaIbHIX HAOOpiB TaHWX, SIKi MOJEIIIOIOTE Pi3Hi (aitnosi iepapxii. Lle 1amo MoXIIMBICTS TpoaHai3yBa-
TH NPOAYKTUBHICTh Y THUIIOBHUX 1 KpaiHiX BUMaJKaX. 30KkpeMa 0yiio 3aCTOCOBaHO YOTHPH IAOIOHU:

e Breadth-First Structure (BFS) — maGmon /it MIMPOKHUX CTPYKTYP, SKHIA TOPU3OHTAILHO PO3IIHPIOETH-
cs meper NorTHOIEHHM;

e Depth-First Structure (DFS) — mra6non, sskuii Mozesroe IIHOOKi (aiyioBl CTPYKTYpH;

Balanced Tree Structure — ma0noH 1t piIBHOMIPHHUX 1 BIOPAAKOBAHUX CTPYKTYP;

e Unbalanced Tree Structure — ma0ioH, SIKH MOAETIOE HerlepeadadyBaHi Ta HEpETryJsIpHi cueHapii, ki

HAONMKEHI 10 peaTbHUX KOPUCTYBAIBKUX CHCTEM.

TectyBanHs mpoBoAMIM Ha KoMmm roTepi MacBook Air i3 yumom Apple M2 (8-saepHuii mporecop:
4 sanpa npoAyKTUBHOCTI 1 4 aapa edexTuBHOCTI), 16 GB oneparuBHoi nam’saTi Ta SSD-HakonmuuyBayem, 1110
npaitoe 3 ¢aitooro cucremoro APFS. Omneparriiina cucrema — macOS Sequoia 15.4.1. Koken anroputm
BUITPOOOBYBAJIM Ha YOTUPHOX MIA0JIOHAX JaHMX 13 PI3SHUMHU po3Mipamu (aiiniB. AJrOpUTMHU OLIIHIOBAH 32
4acoM BUKOHAHHSI Ta TIIKOBUM BUKOPUCTAHHSM OIIEPaTUBHOI ITaM’siTi. Pe3ynbTaTtu TeCcTyBaHHS MPOLIIOCTPO-
BaHO rpadikamu, sKi MOPIBHIOIOTH C(PEKTUBHICT Pi3HUX MeToAiB ckaHyBaHHsI APFS.

CrouaTky Oyio IpOBEAEHO MOPIBHIHHS IHCTPYMEHTIB Aiis ckaHyBaHHSI APFS 3a wacoMm BukoHaHHS Ha
4oTHUphOX TUMax (ainosux iepapxiit: BFS, DFS, Balanced i Unbalanced (puc. 3). I'padik BimoOpaxae
3HAYHi BIIMIHHOCTI B IPOAYKTUBHOCTI 3aJIEXKHO BiJ CTPYKTypH iepapxii. Halickmagnimmoro BusBunacs BFS
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CTPYKTypa depe3 ii MIMPOKY OPraHi3allilo 3 BEIUKOI KUIBKICTIO JOYIPHIX €JIEMEHTIB, IO YCKIAIHIOE Ta
MOAOBXKY€ ckaHyBaHHA. HaroMicTs Haiimpocrtimioro Oyna Balanced Tree Structure 3aBasku cBoiil piBHOMIp-
Hil 1 mepeadauyBaHiii cTpykrypi. HalledextupnaimmmM incTpymentom ctaB URLResourceKey, sikuit 3Ha4HO
nepesepiuB NSFileManager i du st Beix THIIB iepapxiif. JIpyroro 3a NpoxyKTUBHICTIO € KoMaHAa du, 1o
MmoKaszayia cTabuTbHI pesynbsraTy, nmoctynuBimnch NSFileManager nmmie min yac ckanyBanHs Balanced
CTPYKTYpH.

Puc. 3. [TopiBHsHHS Yacy BUKOHAHHS CKaHyBaHHs 3a JOIOMOTIOIO Pi3HHX IHCTPYMEHTIB
JUISL YOTUPHOX TUIIB (alIOBUX i€papxii

Puc. 4. ITopiBHSAHHS Yacy BUKOHaHHs CKaHYBaHHS 3a JIOIOMOTOI0 ITOBHOTO
Ta BEPXHBOPIBHEBOTO ITiIXOAY Ta Pi3HUX IHCTPYMEHTIB

Ha puc. 4 nogano niarpamy, 1o MOpiBHIOE cepeAHiil yac ckaHyBaHHS 3a goromororo NSFileManager,
URLResourceKey i komanau du a1 BEpXHbOPIBHEBOTO Ta MIOBHOTO 00X0My (haiyioBoi iepapxii. BepxHbo-
piBHEBHIA ITiAXi cKOpouye yac ckaHyBaHHs B 2—3 pa3u 111 URLResourceKeyidu. I[Ipore niist NSFileManager
MPOAYKTUBHICTH HE 3MIHIOETHCS Yepe3 HeOoOXI1HICTh 3aCTOCYBaHHS PEKYPCHBHOTO 00X0/1y B 000X METOaX.

Takox Oys0 JOCHIPKEHO iHTEPaKTUBHUI 00XiJ 1 (iNbTpamio 3a CTON-CIOBaMH, sIKi IIOKa3aJIn IOMITHE
MOKpanieHHs e¢(eKTUBHOCTI CKaHyBaHHs (aioBoi cucTeMH. |HTepaKTUBHUI MinXin 3abe3meuye OiTbIn
MIBUJKUI TOCTYII JIO MEPIINX pe3ydbTaTiB 0e3 BTpaTH TOYHOCTI, 110 3HAYHO MOKPALIYe KOPUCTYBALbKHUHA
JIOCBIJ TIPA POOOTI 3 BEIMKUMH iepapxisMu. DUTbTpalis 3a CTON-CI0BaMH, CBOEIO YEProro, 3MEHIIYE Jac
CKaHyBaHHS Ta HAaBAHTa)XCHHS HA CUCTEMHI pecypcH, 0OpoOssioun uiie HeoOXifHI eneMeHTH (aitnoBoi
iepapxii.
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Puc. 5. IlopiBHSHHA cepeIHBOTO Yacy BUKOHAHHS Ui OcaigoBHOro oopobnenus, GCD i Swift Concurrency

PucyHok 5 neMoHcTpye rpadik MOpiBHAHHS 0araTonoTOKOBHX ITiIXO/IB JIJIS YOTUPHOX THITIB (ailIoBHX
CTPYKTYp, PO3ALJICHUX Ha /Bl YaCTHHU: JiBa BimoOpaxkae pesynasraru anst NSFileManager, a mpaBa — s
URLResourceKey. baratonorokosi Metogu GCD ta Swift Concurrency 3Ha4HO MepeBEPITYOTh OCIiI0B-
He 00poOseHHs 1 mpuckoproloTh ckanyBaHHA APFS y 2-3 pasu. Hatomicte GCD i Swift Concurrency ae-
MOHCTPYIOTh Mal’Ke OJTHAKOBHUI PiBEHb MPOTYKTHBHOCTI.

Tabnuys 1. CepeaHne BHKOPHCTAHHS ONMEPATHBHOI MaM’ATi Pi3HIMH 0araTonoToKOBHMH migxogamu ta API
Y.

File System API (Gl\/f];)) %l\l,}%l)e Swift concurrency (MB)
NSFileManager 222.0 226.5 241.1
URLResourceKey 96.4 70.2 113.9
du 59.9 43.5 65.7

[lle omHUM Ba)KIIMBUM IapaMeTPOM JUIS OI[iHIOBaHHS €(heKTUBHOCTI pO3pOOIEHOT0 pileHHs OyiI0 BUKO-
pHUCTaHHS omepaTuBHOI maM’ATi Mg yac ckanyBaHHs APFS. Tabnuus 1 geMOHCTpye CIOKMBaHHS IaM’ATi
inctpymentamu NSFileManager, URLResourceKey Ta komanmoro du, a Takox pi3HUMH IiJXOJaMH IO
6araronoTokoBoro oopooienns. NSFileManager BUSIBUBCS HAHOIITBII peCypcOEMHIM, TOMI K komanaa du
MoKa3aia HalMeHIe croxuBaHHA maM’saTi. Cepen 0araromoTOKOBUX METOMIB 0OpoOmeHHs Swift
Concurrency crioxxuBae HaitOunbine mam’sti, Grand Central Dispatch — nemro MeHIe, a mociigoBHe 00po-
OJICHHS CTBOPIOE MiHIMAJIbHE HABAaHTAKEHHS. X04Ya ITOCIJOBHE 0OpOOJICHHS € HAMEHII BUMOTIIMBUM [0
pecypciB, 0araTornoToKOBi METOIM 3HAUHO MPUCKOPIOIOTh CKaHYBAaHHS 1 KOMIIEHCYIOTh JOaTKOBE BUKOPH-
CTaHHS I1aM’SATi CyTTEBUM ITiIBUIICHHSAM IIPOXyKTUBHOCTI.

BucHoBkm

s mocmipkeHHs e(heKTUBHOCTI METOIB onTuMizaiii ckanyBaHHsS Apple File System Oyno ctBopeHO
3aCTOCYHOK i3 MOJYJIBHOK) apXiTeKTYypolo, sika 3a0e3leuye THYUYKiCTh, MacIITa0OBaHICTh 1 MOXIHUBICTh
KOMOIHYBaTH pi3HI MiaXoau. byio mpoBeneHo TecTyBaHHS Ha YOTHPHhOX THUIAX MITyYHUX (DalIoBUX iepap-
xiit (BFS, DFS, Balanced, Unbalanced), 110 OXOIUTFOIOTh SIK THUIIOBi, TaKk 1 KpalHI BUMAIKH (PaiIOBUX
CTPYKTYp. Pe3ynbraru mokas3aii BUCOKY MPOMYKTUBHICTE 1 TOUHICTD 3aIIPOIIOHOBAHIX METOIB.

3actocyBaHHs TMapaneiabHoro oopobienHs 3a gponomororo GCD i Swift Concurrency ckopoTuiio vac
CKaHyBaHHS y 2—3 pa3u MOPIBHSIHO 3 OCTIIOBHUM 00pOOICHHIM (aiioBux iepapxiid. OcoOIMBO e(eKTHB-
Horo BusiBrIIach koMmOiHatis Swift Concurrency Ta URLResourceKey, sika mokasana Halikpalili pe3yJIbTaTi
IUTSL THTIOBUX KOPHCTYBAIbKHUX CTPYKTYp. PeamizoBani cTparerii 00xoxy (aitmoBoi cuctemMu, 30KpeMa BepX-
HBOPIBHEBUIl, MOBHUH, IHTEpPAaKTUBHUII 00XiJ 1 (LIBTpAIlis 32 CTON-CIOBAMH, ONTUMI3YIOTh CKaHYBaHHS
APFS, 3abe3mnedyroun THyYKe HAIAIITYBAHHS IPOLIECY ITiJl KOHKPETHI 3aBIAHHS.
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JocmimkeHHs T0Ka3a10 TOTeHIia s ITOAABIIOT0 BIOCKOHAJICHHS, a 3aIIPOIIOHOBaHI METOIM MOXYTh
OyTH 3aCTOCOBaHI He JHIIe JUIg onTuMizanii ckanyBaHHs APFS, a if 11t morumOneHHs po3yMiHHS yIpaBiIiH-
HS JJAaHUMU B CydacHUX (aitioBux cucremax macOS.
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A. Levchenko, O. Frankiv, Y. Peteliev

INVESTIGATION AND OPTIMIZATION
OF FILE HIERARCHY SIZE ESTIMATION METHODS IN APFS
(APPLE FILE SYSTEM)

File systems are an integral part of modern operating systems, providing the foundation for organizing,
storing, and accessing data. The efficiency of a file system plays a critical role in determining software
performance, particularly when handling large volumes of data. This study focuses on the research and
analysis of optimization methods for scanning the Apple File System (APFS), a modern file system devel-
oped by Apple to enhance data access, integrity, and storage management. APFS introduces advanced
features such as shared space allocation, B-tree structures, and support for snapshots, which, while improv-
ing performance, also pose challenges for efficient scanning.
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The article explores a range of scanning strategies, including top-level traversal, full system bypass,
interactive bypass, and stop-word filtering, as well as serial and parallel processing approaches using Swift
Concurrency and Grand Central Dispatch (GCD). Various tools for accessing APFS, such as NSFileMan-
ager, URLResourceKey, and du, were utilized to facilitate this analysis. To enable a systematic evaluation
of these methods across various file hierarchies, a specialized tool for scanning APFS was developed. The
research aims to assess key performance aspects such as speed, scalability, and resource utilization, offer-
ing insights into optimizing APFS scanning for improved efficiency.

Testing was conducted on four types of file hierarchies: Breadth-First Structure (BFS), Depth-First
Structure (DF'S), Balanced Tree Structure, and Unbalanced Tree Structure. The results demonstrated the
effectiveness of the proposed methods, highlighting their ability to adapt to different structural complexities
while maintaining high performance. This validation underscores the practical utility of the developed tool
and the potential for these optimization techniques to enhance APFS scanning in real-world applications.

Keywords: Apple File System, APFS, file system scanning, macOS.
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AHAJII3YBAHHS YKPAIHCbKOMOBHUX BIPIIIB
3ACOBAMMU OBPOBKU MPUPOJHOI MOBH

Y ecmammi onucano pospoonenns ma 3acmocysanms napcepa 0isi KOMNIEKCHO20 AHANI3YE8AHHA YKPAiH-
cbKoMosHUX 8iputis. CmeopeHo MexaHizmu USHAYEHHSL 8iPUL0B8020 POIMIPY, PUM i CnOCODI8 UMY BAHHSL, U0
IpYyHmMyIomuca Ha noby0osi cxem Hazonroutyeaunus. Ilapcep oac 3moey guasnamu 6xo0xcents 16 Xy0oxucHix
3ac006i8 Ha MPbOX pieHAxX 06pobrenns mexcmy. Ha gononoziunomy pigni 3acmocosarno rule-based nioxoou
6 aHaNi3Y8aHHI MeKCmy, Ha MoppocunmarcuiHomy — oopobnennsa oanux popmamy CoNLL-U, cpopmosa-
HUX i3 pe3ynomamis pobomu mpbox MOSHUX AHANI3AMOPI6, a OISl GUABLEHHS MPONI6 HA CEMAHMUYHOMY
DIBHI — BUKOPUCMAHO 8ENIUKY MOBHY MOOEb.

Cmeopeno 6e63acmocyHoK 0151 HAOYHOI 83aemo0ii 3 Gynkyisimu napcepa. Po3pobnenuil incmpymenm
3aCcmoco8ano O Anani3y8anHs mpbox YKPAiHCbKOMOGHUX 30IpOK Gipulis.

Karouogi ciioBa: 06poOka mprupoaHOT MOBH, TIapcep, MOBHUH aHaIi3aTop, BEJIMKI MOBHI MoJiei, BeO3a-
CTOCYHOK, YKpaiHChbKa MOBa, BIpIII, aHAJII3 BipIa, TPOII, XyJAOKHIH 3aci0, BIpIIOBUH PO3MIp, puMa, Criocio
pHUMYBaHHSI.

Beryn

VY cy4acHUX yMOBaX iHTEHCHBHOTO 3POCTaHHsI OOCATIB TEKCTOBOI iH(pOpMAIIi Ta CTPIMKOTO PO3BUTKY
TEXHOJOTiHf 00poOKa MPHUPOTHOI MOBH CTa€ OJHHMM i3 TMPOBITHWX HANpPsMIB y Traimy3i iHQOpMaTHKH Ta
KOMIT FOTepHOI JiHTBicTUKU. Choroani 61u3bko 30 MiIH 0ci0 3HaIOTh YKpalHCbKY MOBY 1 BBaXKaroTh 11 pil-
Hoto [15], ToX icHYe moTpeba B iHCTpyMeHTax st 0OpOOJIeHHS Ta Pi3HOOIYHOTO aHai3yBaHHS YKPaiHCHKO-
MOBHHX TEKCTiB.

Heo0xi1HOI0 9aCTHHOIO OCBITHROTO MpoIecy B YKpaiHi € BUBYCHHS XyHZOXKHBOI JIITEpaTypH, 30KpeMa
noesii. Y mporpami 30BHILIHBOTO He3asiexkHoro ouiHoBanHg (3HO) 3 ykpaiHChKOT MOBH Ta JIiTepaTypu 3a-
3HAYCHO, 1[0 YYHI MOBHHHI 3HaTH Ta PO3YMITH MOHATTA «IIPHYHHUN BIipI» 1 «XymoxHi 3acodm» [3]. Tomy
HEeOoOX1JHO, 11100 yYuTeNl YKpaiHCHKO1 JiTepaTypy HalaBall YYHSIM JOCTATHIO KUIbKICTh IPUKIIAJIB aHATIZY
BipIIiB.

[epen cTyneHTaMu ryMaHITapHUX CHEHIANBHOCTEH, (QijoIoramMu, JTiTepaTypo3HaBISIMU U iHIIUMH (a-
XIBISIMH, III0 TOCIIIKYIOTH (DOITBKIIOP 1 pI3HOMAHITHI €TIOXH Ta Tedii B yKpalHChKil 1Toe3ii, BAHUKAE oTpe-
6a B 00po0OJIeHHI 3HaYHOrO 00CATY BipLIOBaHUX TEKCTIB, 10 BUMarae 4yacy Ta 3ycuib. [IpoTe Hapa3i Hemae
TOTOBHX PIllICHb, SIKi 0 YMOXKIMBIIIN IPOTPaMHE aHATi3yBaHHS BipIIiB, HAIIMCAHUX YKPATHCHKOIO MOBOIO.

Po3pobienuii mapcep Aae 3MOry 3OiHCHIOBATH Pi3HOOIYHE aHai3yBaHHS yKPaiHCBKOMOBHHX BIpILiB,
a came:

e BU3HAYaTH BipPLIOBHU PO3Mip (METp) KOKHOTO pslKa Ta BChOIO Biplla;

e BH3HAUaTH PUMY Ta CIIOCOOM pUMYBaHHS PSIKIB;

e BUSBIATH BXO/DKEHHs 16 TporiB: anitepauis, aHadopa, acOHaHC, rinepoboa, emiteT, enidopa, iHBepcis,
jiToTa, MeTadopa, OKCHMOPOH, Iapaieiti3M, mepcoHidikaris, MOpiBHAHHS, pedpeH, pUTOPHIHE 3BEp-

TaHHS, PUTOPUYHE TUTAHHS.

OcHoBHI TepMiHU B aHAJIi3i BipuiB

ABTOMAaTH30BaHE aHAJI3yBaHHS Biplia MOTpeOye KOMIIJIEKCHOTO IMiJIXOAY, IO OXOIUTIOE 3BYKOBY Ta
CMUCIIOBY CTPYKTYpY IOETHYHOTO TeKCTy. Yepes MeTp i pUMy OpraHi3oBaHO PUTMIKY TEKCTY Ta HOTO 3BY-
KOBY BIIOPSIKOBaHICTh. HaTOMICTh TPOIIM YHAOUHIOIOTH 3MICTOBY M €CTETHYHY HAIOBHEHICTh TEKCTY, Xy-
JIO’KHE MHCIICHHS aBTOpa. Lli KOMITOHEeHTH MO)KHAa BH3HAYMTH OIHO3HAYHO, HA BIIMIHY BiJ TEeMH Bipiia,
eMoIIiifHoro 3abapBieHHs ciiB Tomo. O0’eTHAHHS IX Aa€ 3MOTY Pi3HOOIYHO XapaKTEepU3yBaTH MOCTHYHHUN
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TEKCT, YMOXKJTMBIIOIOUH ITOJANTBIIE TOPIBHIOBAHHS BipIiB, BU3HAYEHHS 3aKOHOMIPHOCTEH Y MeKax MOeTHY-
HOi 30ipKu 4H B yCiil TBOPUYOCTI IoeTa, rodanbHe aHali3yBaHHS M0e3ii HIEBHOTO MUCTEILBKOTO HAIPIMY 41
CTIOXH.

Crona — BU3HAYAIBHUI METPUYHUHN NTEPiof], HANKOPOTIINH BiIPi30K CIiBMIpHOCTI HEBHOTO BipIIIOBOTO
METpa, CKOHIICHTPOBAHOTO B IPYIIi CKJIAJIIB 13 BITHOCHO HE3MIHHHM HarojocoM [2, c. 435]. I3 HaromomeHux
1 HEHAroJIOMIEHUX CKJIAJiB C(OPMOBAHO CTOMH, a 31 CTON — PUTMIUHY CXEMY, 32 SIKOI0O MOXKHA BU3HAUUTU
MeTp Bipia. HarooireHi ckiraau mo3HayaroTh CAMBOJIOM «—», 2 HEHAroJIOIIeHi — «Uy.

Tabnuys. Cronm

HasBa Cxema HaroJsiomeno ckianx
Xopeii Y] HepuImi i3 1BOX
SIm0 u-— TIPYTHH i3 TBOX
Jaxtumnp —-Uu TIepUINH 13 TPHOX
Amopibpaxii Uu-u JPYTHH 13 TPbOX
Amnanecrt Uu-— TpeTiii i3 TPHOX

Bipmiosuii po3mip, a00 MeTp — 0COOIHBICTh CTOIH, MOKJIAJICHOT B OCHOBY MIEBHOI BipIIIOBOT CTPYKTYPH,
o Qikcye BiAMOBIAHUN TakToMeTpuyuHMiA iepiof [1, ¢. 192]. Jlo o0CHOBHUX pO3MipiB HaJIeXKAaTh JBOCKIIA0-
Bi (Xopeii 1 sM0) 1 TPUCKIIA0BI (IaKTHIIb, aM(pi0Opaxiii, aHamnecT) cronu [2, ¢. 387]. BipmoBuii po3mip ckiia-
JIA€ThCS 3 KITBKOCTI IIOBTOPCHHS CTOIH Ta 11 HA3BU: I SITUCTOIHUI XOpEH, TPUCTOMHUIA aHATIECT TOILO.

PrumMa — xomno3umiiHO-3ByKOBUI 3aci0 cyrojoccs 3aKiHYEeHb, MO0 Ma€ (POHETHYHE Ta METPHUYHE 3HA-
YeHHSI, 00 €/IHy€ OCTaHHI CJIOBa CyMDKHHMX a00 OJNM3BKO PO3TAIIOBAHMX BIPLIOBUX PSJIKIB (OYMHAIOYU
3 OCTaHHBOTO HArOJIOIICHOTO cKiany) [2, ¢. 322]. Paaku € puMOBaHUMH, SIKIIIO iXHI OCTaHHI HAroJIOIMIEH]
CKJIaJIi MICTSTh OJJHAKOBI TOJNOCHI 3ByKH (200 ONM3BKi 3a 3By4aHHSIM 3BYKH [H] # [i]) Ta po3TamoBaHi Ha
OJTHAKOBIH BiJICTaHI IO KIHIIS PSJIKA.

PumyBaHHS — 0COOIMBICTH PO3TAIIyBAaHHS PUM Y Bipili, iHTepBad Mk HUMH. CyMDKHE pUMYyBaHHS
O3HaYae, O pPUMOBAaHI CIIOBA PO3TAIIIOBaHI B CYCIIHIX PSIIKax, IepeXpecHe — 4yepe3 OJH POk (Y Apyro-
My Ta YETBEPTOMY, I1'ITOMY Ta CbOMOMY TOII0). Y KUIbIICBOMY PUMYBAHHi J1Ba pUMOBAHI PAJIKH PO3TAIIIO-
BaHi Yyepe3 J1Ba PSIKH, sIKi TAKOXK MK COOO00 puMOBaHi [2, c. 324].

XynoxHi 3ac00H (TPOIN) — CYKYIHICTh 300pakadbHO-BUPAXKATIBHUX 3aC001B, MPUHOMIB, CIOCOOIB Mi-
SUTBHOCTI TUCBMEHHUKA, 32 JIOTIOMOTOFO SIKMX BiH TBOPHUThH HOBY XYJIOXKHIO JIMCHICTS [2, €. 565].

BuznavenHst BipimoBoro po3mipy

CcopmoBaHO porpaMHU MEXaHi3M BU3HAUCHHS BipIIIOBOTO PO3MIpy:
1) po3cTaBUTH HArojocu B TEKCTI Biplla;
2) CTBOPWTH CIIHCOK CIHCKIB OyJeBHX 3HAYCHbD, Jie True mo3Hayae HarojJonieHi ckiamy, a False — Henaro-

JIOIIICHI;

3) BH3HAUUTHU JII KOKHOTO Ps/IKA, CKUTBKH Pa3iB CXeMa SIKOT CTOIH B HbOMY ITOBTOPIOETHCS;
4) BU3HAUWTH HAHYACTIIIY CTOITY Cepell PAIKIB 1 IEPEBIPUTH JUISl PSJIKIB, Y SKMX BU3HAYCHA 1HAKIIIA CTOTIA

(a00 He BM3HAYCHO JKOHOT), UM IMiIXOAUTh HAlYaCTilIa CTOMa M;

5) CKOpHI'YBaTH CTBOPEHHH y II. 2 CITUCOK, SKIIO JIESKi HATOIOCHU CylepevaTh BU3HAYCHIN CXeMi.

Jlyist po3cTaBIIeHHS] HAroJIoCiB y TeKCTi Bipiia Bukopuctano Python-maker Ukrainian Word Stress [8].
VY npomy Moy nepeadadeHo oOpodnaeHHs omorpadiB, MOKHA 00paTH CTPATETiF0 HATOJIOITYBAHHS CJiB 13
mapaielbHUMH HarolocaMu. BUpIlIeHO BUKOPUCTOBYBATH CTPATETii0 PO3CTABICHHS BCIX MOKIIMBHX Tapa-
JISJIGHUX HaroJIOCiB, OCKUIBKH Ha eTalll KOPUT'YBaHHS 3aJIMIIAOThCS JIUIIE Ti, [0 HE cylepedarb BU3HAYE-
Hill CXeMi.

Jinst kokHOTO OYyJEBOrO CIHCKY, IO BiIIOBiA€ CKJIaJaM OJHOTO PsNKa Bipila, 3aCTOCOBAHO METOI,
SIKUH TIepEeBIpSIE TEpIIi 71 JIEMEHTIB (CKJIaiB), e a00 n KpaTHE ABOM YH TPhOM (OCKIJIBKHU CTOTA MOXe OyTH
JIBOCKJIAJIOBOIO UM TPUCKJIAIOBOIO), 200 OCTAaHHIHN 3 7 HAaroJIociB € HaronomeHuM. Li 7 eJeMeHTIB MaloTh
OyTH PIBHUMH 71 €JIeMEHTaM CIIUCKY, C(pOpMOBAHOTO BiAMOBIAHO A0 OAHI€ET 31 cxeM crorm. SIKIIo 1€ Tak, TO
KUTBKICTh CTOI JIOPIBHIOE YACTIII BiJ| I[IJIOYMUCEILHOTO JUICHHS 7 Ha JIOBKUHY CTOIH, 1HAKIIIe PO3MIp € He-
BU3HAYCHHUM.

V BipIuax AesKki cioBa MOXXYTb MaTH HAarojioc, BiAMIHHUAN BiJl HOpMaTUBHOrO. OKpiM TOTo, eMIipUYHO
BUSBIICHO, 1110 MOYJNb JUIS HATOJOITYBaHHS HE 3aBXKIH IPABIIILHO PO3CTABISIE HATOJIOCH. [3 INX MpUYIHH
peasizoBaHO METOAHX ISl IEPEBIPKU BipIIIOBOTO PO3Mipy Ta KOPUTYBAaHHS HArOJIOCIB.
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[icnsa GopMyBaHHS CXeM HaroJOMICHHs 0e3M0CepeTHbO 3 HArOJOIIECHOTO TEKCTY, IporpaMa BU3HAYAE
CTOMY, 110 BiAMOBiJa€ HAWOIBIIIN KITBKOCTI PAAKIB. SIKIIO Tt ASSIKUX PAAKIB BU3HAYEHO 1HITY CTOMY a0o
HE BU3HAYCHO JKOJHOI, MporpamMa rmepeBipsie, 99 BIAMOBIIA€ TAKUHA PSIIOK HAWYACTIIIII CTOITI.

Skmo npuHaiMHI MONOBHHA CXEM CTOI y PSAKY BiANOBigae cxeMi HaluacTilnoi cTomu, BinOyBaeThCs
KOPHUTYBaHHS HarolIoCiB y IIbOMY psAKY. lJIst IBOCKIIaJOBUX CTOII BiIOYBAa€THCS BUITyYSHHS HAaroJoCiB, 10
cymnepedarb CXEMi, 4epe3 IO MOXYTh YTBOPUTHUCS CTONHM Oe3 HAroJIOMIEHUX CKIanaiB. J[BocknamoBa croma
0e3 HaroJIOIICHUX CKJIaJiB — MIpUXid — He CylmepeduTh cxeMaM 3 sAMOoM 1 xopeeM [2, c. 216]. IIpote
B TPHUCKJIAIOBUX CTOIAX MPOIYCKH HATOJIOMICHUX CKJIAiB HEMOMYCTHMI, OCKIIbKM TaK BUHHKAE MO IT°SITh
HEHATOJIONIEHUX CKJIa B NOCIiIb. ToMy IUIst KOpHT'YBaHHS HATOJIOCIB y PSAAKAX i3 TPUCKIAIOBUMH CTOTIAMHA
Mporpama rnepecTBOPIOE iXHi CXEMH HaroJIONIyBaHHS.

BuznauyenHsi pum i cnoco6iB puMyBaHHs

JlIss KOXKHOTO psiiKa Mporpama CTBOPIOE MOTO perpe3eHTallito, mo € Koprexem (a, b, ¢, d), ne a —
BiJI’€MHUH 1HJEKC OCTaHHBOTO HAroJIOIEHOTO CKJaay (OCTaHHBOIO 3Ha4eHHS True B OyJeBOMY CIIHCKY
HArOJIONICHHUX 1 HEHATOJOIICEHUX CKJIaJliB), b — TOJOCHUH 3BYK OCTAaHHLOTO HATOJIOMICHOTO CKIIATy, C —
pellTa roJI0OCHUX 3BYKiB MICJIA OCTAHHBOTO HAroJjouIeHoro, d — yci ToJIOCHI 3BYKH psKa.

Pumu Mixk psakamMul TO3HAUEHO CITUCKOM Tap iXHix iHaekciB. [Tomyk puM 3a IXHIMU penpe3eHTaisIMA
BiJ10yBa€THCS ITEPATUBHO 31 3MEHILIEHHSIM CTPOTOCTI 31CTaBIEHHS penpe3eHTaliil. 3HaueHHs CTPOrocTi cra-
Jla€ Ha KOXKHIH iTeparrii Ha oguHUIO Big 3 1o 1. SKiIo muist OLTBII HiXK TIOJIOBUHY PSJIKIB HE 3HAWICHO pUM
MICJIS MOLIYKY 31 CTPOTICTIO 2, MporpaMa BU3HAYa€ el Biplll TaKUM, 10 HE € pPUMOBAaHUM, TOOTO € BEpIIi-
opom [1, c. 165].

[pu cTporocti 3i 3HaUCHHSAM 3 TporpamMa BU3HAYa€ PUMOBAHHMHU JIUIIE Ti PIIKH, ¥ PEIPE3CHTAIISIX
SIKUX 30IraroThes a, b 1 ¢; 31 3HaueHHsIM 2 — a i b. CtporicTs 31 3HaYeHHsAM 1 miepenOadeHa I BUIAJIKIB,
KOJIM B OJTHOMY 3 JIBOX PHMOBAaHUX PSJIKIB IPOrpaMa He MOCTABHIIA HATOJNIOC HA CKIIAJ, KU HACIpaBi €
OCTaHHIM HaroyomreHuM. Toji UTst KOXKHOT TTapH 31 CITUCKY PSIIKIB, IS IKUX HE 3HAWICHO PUMHU, ITPOrpaM-
HUW MEXaHi3M 3HAaXOIUTh HAWOIIBININUN 1HJIEKC OCTAaHHIX HATOJOMEHUX CKIAIB (1 Jai 10 KiHI PsIKa) Ta
TepeBipsie, 9u 30iraroThest B HUX TOJIOCHI 3a IIUM 1HAEKCOM. SIKIIO TaK, TO IIi PSJIKH € PUMOBAaHUMH, €JICMEH-
TaM 13 BIINIOBITHUM 1HJEKCOM y OyJIeBUX CITUCKaX PUMYBAaHHS LIUX PAJKIB HaJAa€ThCs 3Ha4eHHs True.

1106w BU3HAYNTH BUIM PUMYBAHHS JJIS TPyl PAMOBAHUX PSAIKiB, BAKOPHCTAHO CIOBHUK, Y SIKHH Ipo-
rpama J1oJa€ napy iHAEKCiB PUMOBAHUX PSAAKIB BIAMOBIAHO 10 IXHBOIO pO3TAIlyBaHHS y BIpILIi.

BusiBiienHs Xy10:xkHix 3ac00iB

s aHamizyBaHHS apcepoM 00paHo TPOIIH, 10 BXOIATH J0 CITUCKY XYIOXKHIX 3ac00iB y mporpami 3HO
3 YKpalHCBhKOT MOBH Ta JiiTeparypu [3]: amitepartis, anadopa, acoHaHc, rimepooia, emreT, emidopa, iHBep-
cis, JiToTa, MeTadopa, OKCHMOPOH, Hapaienni3M, IepcoHipikaris, HOPiBHAHHS, peppeH, PUTOPHIHE 3BEp-
TaHHsI, PUTOPUYHE TUTAHHS.

Hageneni 16 TpomiB po3aijieHO Ha TpH TPyHH, IO BiAmosinaroTs nmeBHuUM piBHAM NLP [10], Ha sxux
MOYKHA BU3HAYUTH TPOIH BIAMOBIIHOT IpyITH. AJtiTepaltito, anadopy, acoHaHc, emidopy, pedhpeH i putopuy-
HE NMUTAHHSI MOXXHA BHUSBUTH Ha (POHONMOTIYHOMY piBHI aHadi3yBaHHS TekcTy. Ha MopdocuHTakcHuHOMY
PiBHI MOKHA BU3HAUUTH CIIITET, IHBEPCIiIO, apajeli3M, MOPIBHIHHS Ta pUTOPUYHE 3BepTaHHs. Perta Tpo-
miB — rinepOona, jitora, MeTadopa, OKCUMOPOH 1 HePCOHi(IKALlisS — CTOCYIOThCS CEMAaHTUYHOTO PiBHSL.

1106 yHi(ikyBaTH BUIIA PE3yJIbTATIB aHATI3yBaHHS TPOIIIB 1 TOYHO BKa3yBaTH iXHI PO3TAIlyBaHHS B
TEKCTI BipIla, 3Hai/IeHI BXOMKCHHS TPOIIIB BUPIIIEHO MPECTABIATH SIK Jiama3oHH (a, b), e a — iHIeKC
CHUMBOITY B TEKCTI BipIlla, JI¢ TIOYNHAETHCS BXODKEHHS TpoIa (0XOIMHO), b — iHAEKC CHMBOIY, € 3aKiHTY-
€ThCS BXOJDKCHHS Tpora (He 0XomHO). ToOTO SKIO MEepIInii CUMBOJ BXO/KCHHS MA€ iHJIEKC 7, a OCTaH-
Hili — 14, To mianaszonom € (7, 15).

Tponu Ha ¢oHoI0TiYHOMY PiBHI

Ha ¢onHonoriunoMy piBHI aHaNi3yBaHHS TEKCTy iCHYIOTh TPH BHUIM IpaBWI: (OHETHUHi, (POHEMHI Ta
npocoauyHi [10], ToOTO Ha BOMY PiBHI JOCTATHHO 3aCTOCOBYBATH MpaBHiIo3anexHi (rule-based) miaxonu.
Amiteparis [1, c. 53] i aconanc [1, ¢. 101] € cTumicTHYHUMU pUHOMaMH, IO MOJISTAIOTh Y TOBTOPEHHI
OJJHAKOBHUX 3BYKIB: aJiTepaIlisi — MPHUTOJIOCHUX, aCOHAHC — TOJIOCHUX. J[JIs BUSBICHHS IIUX TPOIIIB 3aCTO-
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COBaHO OJHAKOBHH MiAXif, MO 0a3y€eThCs HA MiJPaXyHKY KIJTbKOCTI BXO/DKEHb BIIIOBITHUX JITEP Y TEKCTI
BipIIa, JIe MOTOBaHI TOJIOCHI 3aMiHEHi BiAMOBIIHUMH TOJIOCHUMHU 3ByKamH (s — a, 10 — y Tomno). SKiio
KUTBKICTh OJHAKOBUX MPUTOJIOCHUX Y PSOKY HE MEHIIA 3a 3, TO MporpaMa BH3HAYa€ TaKi CHMBOJIH SIK BXO-
JDKCHHSI ACOHAHCY. AHAJOTIYHO 3 aliTepalisMu, MpoTe Ul HUX MiHIMAIbHOIO KUIBKICTIO NOBTOPIB € 4,
OCKUIBKH KUTbKICTh Pi3HHX FOJOCHUX 3BYKiB B YKPATHChKil MOBI MEHIIIA 3a KUTBKICTh TIPUTOJIOCHHUX.

Pedpen € koMIo3uLiTHUM ITPUIOMOM, IO NOJISITa€ B IOBTOPEHHI IPYIIH CIIiB, pa/Ka a0o KITBKOX BipIIO-
BHX psKIB y cTpodax [2, c. 318]. MeTon BUsBIICHHS pedpeHiB peasizye MeXaHi3M, OCHOBAHHN Ha MOMITYKY
cIiB 200 iXHIX MOCIiTOBHOCTEH, SIKi MOBTOPIOIOTHCS B TEKCTI.

AHaJTi3yBaHHs IOYNHAETHCS 3 TOKEHI3aIlli — BHOKPEMJICHHS CITIB, JUTS KOXKHOTO 3 SKHX HporpaMa (ik-
Cy€ Jiana3oHu po3TallyBaHHs y BUXinHOMY TekcTi. Lle nae 3Mory He nuiiie BCTaHOBUTH (haKT MOBTOPEHHS,
a # TOYHO BH3HAYNTH ITO3HUIIIF0 KOKHOTO BXOKeHHS. HacTymHIM KpOKOM € 1ToOyIoBa CIIOBHUKA, /1€ KOYKHO-
My YHIKaJBHOMY CJOBY BiJIOBiZa€ CHHCOK IHAEKCiB HOro BXOMKeHb. Ilicis mporo mporpama aHaizye
JIMIIIE Ti CJI0BA, SIKi BXOASITH Yy TEKCT OULIBIIE HIXK OIUH pas.

JJ1s KOXKHOTO 3 TIOBTOPIB AONOMDKHA (DYHKIIisI BU3HAYAE MiIMHOKHHY 1HAEKCIB, 110 MO3HA4Ya€e 1yOiIbo-
BaHi CJIOBA, CYCi/IHI CJI0Ba SKHUX TaKOXK MOBTOPIOIOTKCS. [1es Tosirae B TOMY, IIIOOM 3HAWTH T1 BXOJDKCHHS
CJIOBa, Yy IKMX HalONmxue CyciJiHE CJI0BO (3J1iBa a0 cipaBa) 30iraeThCs 3 aHATOTTYHUM €JIEMEHTOM B 1HIIINX
BXOJDKCHHSIX TOTO CaMOTO0 cjIoBa. TakuWil MiaXij 1a€ 3MOTY BHJIYYUTH AyOJIiKaTH OXHOTO CJIOBa O3 TOBTOPY
MpUHAHMHI OTHOTO CYCIZHBOTO.

Amnadopa [1, c. 66] i emicopa [1, c. 342] — 11e CTWITICTUYHI (BIrypH, IO TOIATAIOTH Y TOBTOPEHHI OJIHA-
KOBHX CJIiB a00 3BOPOTiB Ha Mo4YaTKy (aHadopa) 4u HampukiHii (emidopa) psAaKiB. 3aCTOCOBAHO METO/,
SIKU BU3HAYA€ MO3UIIT MEepIInX 1 OCTaHHIX JIITep KOXKHOTO PsIJIKa BiAMOBIAHO. /lajli BUKOPHCTAHO METON
BUSIBJICHHS pe(peHiB, y KU NepelaHo CIIMCOK iHJeKCiB nepuux (1 anagop) abo octaHHixX (115 enidop)
JiTep y paakax. Lle 3MiHIO€ TIOBEMIHKY METOJy BU3HAUCHHs Pe(pPEHiB TakK, IO BiH MOBEPTAE BXOJKCHHS
MOBTOPIB, SIKI PO3TAIIOBAHI HA TIOYATKy YM B KiHIII PSKIB BiAMOBITHO.

Putopuune muTaHHS — 1€ CTHIIICTHYHA (irypa, BUpaKeHa MUTAHHSIM, sIKe He TIOTpeOye BIANOBII [2,
c. 329]. PuropuuHe nutaHHS Mae OyTH CIIOBaMH aBTOpa (HE HaJeXKaTH I'epoeBi TBOPY), TOOTO OyTH mo3a
MPSIMOIO MOBOIO.

[MuranpHi pedeHHs B yKpaiHCHKiA MOBI IO3HAYaI0Th 3HAKOM IHUTAHHS, TOX BUKOPUCTAHO MiJXiJ 3HAXO-
IDKCHHSI TaKUX PeYeHb 3a YMOBH, IO PEUCHHsS HE MOYMHAETHCS 3 THPE Ta HE PO3TAIIOBaHE MK Hapoio
JIATIOK.

Tponu Ha MOP(POCHHTAKCHIHOMY PiBHI

Ha MopdocuHTakCHYHOMY PiBHI aHATI3yBaHHS TEKCTY OCHOBHY YBary 30Cepe/l’KeHO Ha MOP(OITOTTYHIX
O3HAaKax CJIiB, FPAMaTUYHUX 3B’ sI3KaX MK HUMH Ta CHHTaKCU4YHIN CTPYKTypi peucHb. J{1s BUSBICHHS TPO-
IiB Ha I[bOMY PiBHI BUKOPUCTAHO 3aJIS)KHI BiJl CHHTAKCHYHHX 3B’ sI3KiB MPaBHJIa, IO CITUPAIOTHCS HA po30ip
Tekcty y popmari CoNLL-U.

CoNLL-U (a6o Universal Dependencies CoNLL format) — e ¢opMar npeacraBieHHs JIHTBICTHYHO
PO3MIYEHUX KOPIIYCiB, SIKHI BUKOPHCTAHO B pamkax mpoekTy UD st 30epiraHHs CHHTAaKCUYHUX JAEpPeB i
MopororiuHoi iHpopMarrii ipo ciioBa. Bin € yacturoro iHimiatneu CoNLL (Conference on Computational
Natural Language Learning) m1st 3a06e3nedeHHs yHi(iKoBaHOTO MiIX0y 10 00pOOJIeHHSI MOBHUX JaHUX [5].

Hani CoNLL-U npo Bipm BupinieHo (opMyBaTH Ha OCHOBI pPe3yJIbTaTiB 0OpOOJIEHHS TEKCTY BipIia
TproMa MOBHUMH aHanizaropamu: UDPipe [14], Stanza [13] ta spaCy [12]. [Ins koxHOro coBa mporpama
oOupae Ti BapiaHTH 3HAYCHB CTOBIIIIIB, K1 30iTal0THCSA MPUHAWMHI [T IBOX aHAJI3aTOPIB, IOOH 3armo0irTi
CHUTYaIlil, e OAMH aHaNi3aTOp HEMPABUILHO BU3HAYAE NIEBHI O3HAKH CIIIB.

Emiter — 11e Tpom, BupakeHUI epeBaKHO MPUKMETHUKAMH, 10 00pa3HO HATOJIONIyE Ha XapaKTepHii
O3Halli, OIMHUYHIN SIKOCTI IEBHOTO MpeaMeTa abo sBHIA. Y PO eliTeTa MOXKE BXUBATUCS TAKOX IMEHHUK
[1, c. 342]. dns ¥ioro BUSBICHHS Tapcep IIYKae CoBa, SKi € MPUKMEeTHUKaMu (4D.J) abo npuKiaakaMu
(3anmexHicTb appos).

IHBepcis — crwitictuyHa (irypa XyI0KHbOTO MOBJICHHS, IO MOJISATAE B MOPYIICHHI MPSAMOTO MOPAAKY
cliB y pedendi [1, c. 419]. /lns BusiBieHHs iHBepciit mporpama IIykae iHBepCiiHI PO3MIILIIEHHS CIiB (IUB.
puc. 1).

INapanenismM — aHasorist, ynoaiOHeHHS, CHUIBHICTE O3HAK a00 Mii, XyHOXHIM i KOMIO3UIIIHUI Tpu-
HOM, 1110 TIOJISTAE B 3iCTaBlIeHHI a00 MPOTHCTABIICHHI IBOX YU KIJIBKOX MOAiM. 3a3BUYaii apaiemnizm Bupa-
XKEHUH OJHOPIAHUMH CHHTAaKCUYHUMH KOHCTPYKLisMHE [2, ¢. 182]: mpucynkamMu B Mexkax ofiHiel rpamMaTud-
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HOT OCHOBH 200 CYpsITHUMH YaCTHHAMH. MeToJ] BU3HAUSHHSI TTapaIeili3MiB IIIYKA€E OAHOPIIHI KOHCTPYKIIT
(3aNexXHICTh parataxis), A€ MOCTIIOBHI pedeHHsI a00 YACTHHU PEUEHHS MICTATh MPHUCYAKH 3 OJHAKOBHM
cnocoboMm aii (Mood): nivicHuii, yMOBHUH a00 Haka3oBHH. [Iporpama JOTIOBHIOE BUSBIICHI IPYIIH 3B’ 3aHU-
MH 9aCTKaMH, SKIIO TaKi HaHBHi JJTA OXOIUICHHS BChOI'O BXO/PKCHHS TPOIIa.

Puc. 1. ®parment MeToy BUSIBICHHS iHBEpCiit

IopiBHSAHHS — TpOTI, IO TOJIATAaE B MOSCHEHHI OJHOTO MpeAMeTa depe3 MoAiOHUH 10 HBOTO 1HIINH,
3iCTaBIICHHI iX 3a JOTIOMOTOI0 KOMIIAPATHBHOI 3B’SI3KH, TOOTO €THABHUX CIIONYYIHUKIB: 5K, Haye, Henaye,
MO8, HeMO08, MOB8OU, HeMo80OU, HibU, HiOumo [2, c. 248]. [IporpamMa HIykae Taki CIIONTyYHUKH, a TAKOX 3aJIEXK-
HicTh advcl, o B CoONLL-U mno3Hauae po3ropHyTi 0OCTaBHHH, IO SKUX HaJIe)KaTh MOPIBHAIBHI 3BOPOTH,
MICJISI YOTO MOEIHYE OB’ A13aHi CJIOBA 3 BIIMOBITHUM CIIOTyYHUKOM.

Putopudne 3BepraHHS — cTHITCTHYHA (irypa, MpUHOM 3BEpTaHHS B SKiil Y)KUTHHA IS HaTaHHSI MOB-
JICHHIO HeoOXiHO1 iHToHaIil [2, c. 329]. Ilapcep 3HaXOxUTH LieH TPOM SK IMEHHHK Y KIMYHOMY BiIMiHKY
(o3Haka Case Mae 3Ha4YeHHS Voc) abo 3a 3aexHICTIO vocative, o B CoNLL-U no3Havae 3BepTaHHsl.

Tponu Ha ceMaHTHYHOMY PiBHi

CemaHTHUHMI piBEHb aHAII3yBaHHS Nepe0adae iHTePIpeTallito 3HaYeHHS TEKCTY Ta BUSBICHHS CMHUC-
JIOBUX 3B’s3KiB. Ha oMy piBHI pearni3oBaHO BUSBIECHHS TPOIIB, 3HAYCHHS IKUX HEMOXKINBO BCTAHOBHTH
3a (popManbHIMHU O3HAKaMU, a JHIIIE YePE3 OCMUCIICHHS KOHTEKCTY.

Puc. 2. IIpuxnaa chopMOBaHOTO 3aMUTY IS BUSBICHHS TpomiB y Bipmi B. CuMoHeHKka «3 BikHa»
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Ha BigmiHy Bij MomepenHix piBHIB, TYT 3aCTOCOBaHO BeMHKy MOBHY Mozenb Claude 3.5 Sonnet, sika
3[aTHA IHTEPIIPETYBaTU XYJOKHI 3aCO0H, CIIMPAIOYHCH HA MOMEPEIHE TPEHYBAHHS Ha BEIMKUX KOPITycax
TekcTiB. s mporo nporpama gopmye 3anuT (prompt) 10 LLM, y sikoMy 3a3Hau€HO TEKCT Bipliia Ta epesik
TPOIIB, K1 MOTPiOHO 3HAWTH. [0 BKa3zaHMX y 3alMTI TPOIMIB Mporpama Joaae iXHi BU3HaUeHHs: MeTadopa
[1, c. 35], nepconidikamis [2, c. 208], rinepbona [1, c. 227], mitota [1, c. 581], okcumopon [2, c. 149].
Moznens Ma€e HajaTy BiAMoOBiAb cTporo y popmati JSON, ae i KOKHOTO BKa3aHOTO TPOIia HaBEACHO CITH-
COK 1oro BXO/keHb. [Ipukitag chopMOBaHOTO 3alUTy HABEACHO Ha pHC. 2. Y 3alMTi TAKOX YKa3aHO, 1[0
KOKHE BXOJDKECHHSI Ma€ OyTH B3STO 3 TEKCTY, HE PO3PUBAIOYH HOTO.

Has min’eqaansst 1o LLM Bukopuctano Python-monyns g4f. Bin mictuth 3aco0u st B3aeMogii 3 1ie-
perikom LLM [9]. 100w 3amo0irTv raqroiHHAIIAM, KOXKCH 3aITUT HAJCHIIAETECS B OKPEMOMY Yari.

OTpumaHy BiAMOBIIH MPOrpaMa MEPETBOPIOE HA CIIOBHHUK, IICIIS YOTO IIYKA€ BKa3aHi BXOJDKCHHS B TCK-
CTi Ta 3aMiHIOE iX BIJNOBITHUMHM Jiana3oHamu iHaekciB. lle moTpiOHO 1 OMHAKOBOTO MpENCTaBICHHS
BXOJIKCHB YCiX TPOIIiB, SIKi BUSBJISIE Mapcep, a TaKOX IUIsl TIEPEBIPKH, 10 HaJlaHI MOJCIUTIO BXOJDKCHHS
JIHACHO HAsIBHI B TEKCTI BipIIa.

CTBOpEHHS Be03aCTOCYHKY

Po3pobienns Be63acTOCYHKY AJIs aBTOMAaTHYHOTO aHaJi3yBaHHS YKPaiHCbKOMOBHHX BipIIIiB 3yMOBJIEHO
HEOOXiJIHICTIO CTBOPEHHS iHTepdeicy mocTymy 10 QYHKIINA mapcepa.

CepBepHa yacTuHa Be03aCTOCYHKY peai3oBaHa 3 BUKOPUCTAHHAM BeOpperiMBopky FastAPI, mo 3a-
6e3nedye acuHxpoHHe 00poOneHHss HTTP-3anutis i miATpUMAaHHS TUII30BaHOTO OOMiHY JaHUMU Yepes
moneni Pydantic [6]. Lls wacTuHa BiNOBiTa€e 32 OTPUMAHHS TEKCTY KOPUCTYBada, BUKIUK BiJOBIIHUX
MOJIYJIiB aHaji3yBaHHsS Biplia Ta (OPMYBaHHS CTPYKTYpPOBaHOI BilmoBiji. PeanizoBaHo 1Ba OCHOBHI
MapuIpyTH.

[epmmit MmapmpyT — «/tropes» i3 metogom POST — mpuiimMae B Tini 3amuTy TEKCT BipIla Ta CIHCOK
TPOIIIB, SIKi MOTPIOHO BUSIBUTH. 3TiTHO 3 PIBHEM aHaIi3yBaHHS, porpamMa oOHpaE BiINOBIIHUM Kiac IJis
KOKHOTO TPOIIa, CTBOPIOE TI0 OHOMY €K3eMILISIpY KJIacy AJIsl OfHiel kaTeropii TPOIiB i BUKIUKA€E MOTPiOHI
Metonu. [licns 3aBeplieHHs aHaTi3yBaHHS TEKCTY Ta BUSBJICHHS TPOIIIB, IporpaMa 00’ €aHy€E pe3ylbTaTh
B OJIMH 00 €KT 1 oBepTae foro kimieHToBi y hopmari JSON.

Hpyruit mapupyT — «/metre-rhyme» i3 meroqom POST — npuiiMae B Tilli 3anUTy TEKCT BipIla Ta Mo-
BepTae pe3yJabTaTH aHaJli3yBaHHS BIPIIOBOTO PO3MIipy, PUMH Ta CIIOCO0IB pUMYBaHHS. Y BiIIOBil KITI€HT
OTPHUMYE:

e (OiHapHy cxeMy HaroJjouryBaHH: (e 1 — HaronomeHui ckiaj, 0 — HEeHaroJoUeHnuk);
® TIpeACTaBJICHHS BIPIIOBOTO po3Mipy y GpopMaTi CJIOBHHUKA, I KIIOYaMH HA BEPXHBOMY PiBHI € CKOPO-

YeH1 Ha3BH CTOII, IXHIMHU 3HaYEHHSIMH — 00’ €KTH 3 KJIIOYaMH, 1110 BIAIMOBIAAIOTEH KIILKOCTI CTOIH, Ta

3HAYEHHSIMH, MPEACTABICHUMH SIK CHUCKM 1HAEKCIB pAIKiB (iHIEKC BIANOBiZa€ HOMEPOBI pAlKa

B TEKCTi);
® TIpenCTaBICHHS crOco0iB pUMyBaHHS y (hOpMaTi CIIOBHUKA, A€ KITIOYaMH € Ha3BU CIIOCOOIB PIMYyBaHHS,

a IXHIMU 3HaYEHHSMHU — CITUCKH 3 IIapaMH 1HAEKCiB PUMOBAHUX PAIKIB. SKIO JAesiKi puMH HE BIAMOBI-

Jaf0Th JKOXHOMY 3 TPHOX CIIOCOOIB PIMYyBaHHS, TO BOHH PO3MIIIEHI B CIIUCKY 32 KIIIOUEM «resty.

KiienTcpka gacTrHa Be03acTOCYHKY peaii3oBaHa 3 BUKOpPHCTaHHsAM OiOmiorekn React, mo mae 3mory
CTBOPIOBATH AMHAMIYHUHN OIHOCTOPIHKOBUH 1HTEpdeEiic i3 peakTUBHOO 3MiHOKO cTaHiB. OCHOBHE 3aBIaHH:
KIII€EHTCHKOT YaCTHHM TOJISTae B 30MpaHHi BXITHUX JJAHHUX BiJl KopucTyBaua, Gopmysanni HTTP-3amutiB 1o
CepBEPHOI YACTHHH i IHTEPAKTHBHOMY BiIOOpasKeHHI pe3yJbTaTiB aHaATi3yBaHHsI TPOIIIB, BIPIIOBOTO PO3Mi-
Py Ta pUMYBaHHSI.

IHTepdeiic momizieHo Ha BI OCHOBHI BKIAAKK: « Tpormy Ta «MeTp i pumay. Y mepiiit BKIaaili Koprc-
TyBad Ma€ 3Mory (IuB. puc. 3):
® YBECTH TEKCT Biplla;

e 0o0Oparu oauH a00 KiTbKA TPOIIIB JIJIS BUSBIICHHS;
® 3aIyCTUTH BUSBICHHS TPOIIiB;
® [eperisiiaTH pe3ysbTaTi Yepe3 BizyaldbHO BUAUIEH] ()parMEeHTH TEKCTY — KOXKEH TPOIl MapKOBAaHO Biji-

TTOB1THUM KOJIEOPOM;
® TICPEeMUKATUCS MK KHOITKAMH TPOMIB AJIs (POKYCyBaHHS Ha KO)KHOMY 3 HHX (Cipi KHOIIKH ITO3HAYAIOTh

TPOIIH, SIKUX HE BUSBJIEHO B TEKCTI).
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Puc. 3. Briagka «Tpormuy» (Bipi «3aquBisfoch y TBOI 3iHHII...» B. CuMoHeHKa)

VY Bruaji «MeTp 1 puMay BiToOpaXkartoThCs Pe3yJIbTaTH aHAIi3yBaHHS BiPIIOBOTO pO3MIipy Ta pUMYyBaH-
Hs (nuB. puc. 4). KopuctyBad Mo)ke BBECTH TEKCT BipIlla Ta HATUCHYTH BiJIIOBiAHY KHOTIKY ISl aHAJIi3yBaH-
Hs. Ha niBidi OJOBHHI BiKHA, IIPABOPYY BiJ TEKCTY PO3MIIIEHI KOJIbOPOBI MO3HAYKH PUMOBAaHUX PSIKIB
(M co0O0 PUMOBAHI Ti PSJKH, 110 MAIOTh OMHAKOBI TO3Hauku). [1i7] TEKCTOM BipIiia — 3HaWJICHI BUAM
pUMYBaHHS BIAMOBIIHUX KOJIbOPiB. Ha mpaBiii moJIOBMHI — aHaJIi3 MeTpa: CXeMa HaroJolIyBaHHsI, METP
KOKHOTO PSIKa, OCHOBHHH BipIIOBHI po3Mip — TOOTO Takui, 0 BiANOBiae OUIBIIOCTI pAAKIB BipIna.

Puc. 4. Brnazgka «Metp i pumay (Bipiu «JIeB y kmitui» B. Cumonenka)
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TounicTh aHaNI3yBaHHS BipIIiB mapcepoM i BeTMHKHMH MOBHUMHU MOJeJISIMH

[[{obu HagaTH OLIHKY TOYHOCTI BU3HAYEHHS BIPLLIOBOrO po3Mipy (MeTpa) Ta pUMHU mapcepom, chopmo-
BaHO 30ipKy TECTiB, IpPEJACTABICHY sIK TaOJNHUITO, Je CTOBIIAMH €: TEKCT BipIIa; Ha3Ba CTOIH; KUJIbKICTh
CTOI; CIIUCOK Map 1HJAEKCiB pPUMOBAaHUX PSJIKIB.

3i 107 TexcTiB BipIIiB Mapcep NpaBIIFHO BH3HAYNB METp (TOOTO HA3By CTONHM Ta i KUTBKICTH OAHOYAC-
HO) ans 101 Texcry, a pumy — ans 103. Tomy TOuHICTh BUSHAYEHHS MeTpa mapcepoM cTaHOBUTH 94,39 %,
a pumu — 96,26 %.

[I{o6 OWiHUTH TOYHICTH BHSBJICHHS TPOIIB ITAPCEPOM, CTBOPEHO 30ipKy TecTiB y (opmari Tabmuii, ne
CTOBIIISIMH €: TEKCT Bipmia abo Horo ¢parMeHt; Ha3Ba TPOIa, KUK MOTPiOHO BUSBHUTH; CIOBO M HAOIp
CJIiB, 1110 € BXOJDKEHHSM TPOIa B TeKCTi. 30ipka MicTUTh 3arajioM 1808 Takux TectiB. Pe3ynbratu TecTyBaH-
HS HaBEJEHO Ha pucC. 5.

Puc. 5. TounicTs BUSBIEHHS TPOIIB PO3POOIECHUM ITapCepoM

3 onAay Ha MWUPOKI MOkIUBocTi LLM, BHUpilIeHO OIIHUTH IXHIO 34aTHICTh BU3HAYaTH METP 1 pUMY,
a TaKOX BVSIBIISATH XYJOXHI 3ac00W (TpOITK) B YKPaiHCLKOMOBHHX BipIiax. ¥ pamMkax JOCTIKSHHS Tpo-
tecroBaHo Tpu MoBHI Mozeni: ChatGPT-4 [11], Claude 3.5 Sonnet [4] i Gemini 2.0 Flash [7].

Ha ocHOBI pe3yibTaTiB TeCTyBaHHS BEJIMKHX MOBHHX MojIeiel 1 po3po0IeHoro napcepa Ha TOYHICTh BHSIB-
JIEHHS TPOIIiB, BU3HAYECHHS METpa Ta pUMH, CKJIaJieHO rpadiky MOpiBHAHHS TOYHOCTEH, 300pakeHi Ha puc. 6.

Puc. 6. I'pacdiku TouHOCTEIT BU3HAUCHHS METPa, PUMH 1 TPOIIiB BEJIMKMMH MOBHUMH MOJEISIMH Ta PO3POOICHUM HapcepoM
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Ha pucyHky MoxHa TOOAYUTH BiJICOTKOBI 3HaueHHs TouHOCTed. Po3pobienuit mapcep mMae TOYHICTh
BU3HAYEHHS MeTpa Bipira Ha 67,26 % kpaitue 3a cepeqHe 3HadeHHs g LLM, pumu — Ha 14,33 %, a Tpo-
miB — Ha 21,94 %.

3acrocyBaHHsI apcepa UIsl aHaJXi3yBaHHs 30ipok BipuiiB

[I{o6u HAOYHO MPOAEMOHCTPYBATH MOXIUBOCTI PO3pPOOICHOTO Mmapcepa, 3 HOro BUKOPUCTAHHIM TIPO-
aHaJli30BaHO YKPaTHCHKOMOBHI BipIlli 3 TphoX moeTHyHUX 30ipok: «Ko63ap» T. llleBueHka — 66 BipiiiB,
«Biarykm» Jleci Yipainku — 25 BipiuiB, «3emMHe TsokiHHA» B. CuMoHenka — 52 Bipii.

Ha pucynky 7 300paxxeH0 po3mois BipiriB 3i 30ipku «Ko03ap» 3a pokaMu HalmmMcaHHs 3 ypaxyBaHHSIM
METPUYHHX cTor. MoxkHa 6aunTH, o A0 1850 p. moeT BUKOPUCTOBYBAB Pi3Hi CTOMHU: TIEPEBAXKHO JBOCKIIA-
JIOBi (MO 1 XOpel), MpoTe HasBHI TAKOXK JIBa BipIili, HAIIMCAHI aHanecToM, 1 oguH — aMmdidpaxiem. [Ticns
niepepsH, 3 1857 p. ocHOBHOIO cTomo10 y Bipmax [llepuenka € nurie smoO.

Puc. 7. Po3nozin BipuiiB 3i 30ipkn «KoG3apy 3a pokaMu HaIMCaHHS 3 ypaxyBaHHSIM CTOII

Puc. 8. 3rpynoBani 3a BUKOPHUCTAHOIO CTOIIOIO Ta CITIOCOOOM pUMYBaHHS Bipiri 3i 30ipku «Biarykm»
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HactymHoto Bi3yauni3aili€to, MoJjaHOO Ha pHc. 8, € TEIUIOBa Mara, Je BiI0OpakeHO KITbKOCTI BipImiB 31
30ipKu «Biaryku», 3rpynoBaHi 3a BAKOPUCTAHOIO CTOTIOO Ta ciocoOoM puMyBaHHs. Halt0iiby KiTbKiCTh
BipIiB y 30ipii (8) HamrcaHo sMOOM Oe3 pUMYyBaHHSI.

J1s1 KoKHOT 3 TPHOX MpOaHaIi30BaHUX 30ipok cTBopeHo aBoBuMipHi KDE-rpadiku miinsHOCTI po3nomi-
JIy TPOTIIB.

s koxHOro Bipia 30ipkH, 3a JOTIOMOTOO Mapcepa, BU3HAYEHO 1HASKCH CUMBOJIIB, 110 BiANOBIAA0TH
BXOJDKCHHSIM TPOIIIB, MICJIS YOT0 KOOPIWHATH WX JIISHOK HOopManizoBaHo Bia 0 1o 100 y aBOX BHMipax.
I'opusoHTaNpHA BiCh BiNOBiA€ MO3UIIT TPOMA B MEXKaX KOXKHOTO PSAIKA, a BEPTUKANIbHA — IMOJO0KCHHIO
psAaKa y BipIm. Y pe3ysbTari s BCi€i CYKYIMHOCTI BipIiIiB BiimoBiHOT 30ipKH ¢(hOPMOBAHO CITUCOK TOYOK,
10 BKa3yIOTh PO3MIIIEHHs TPOMiB y TeKkcTi. Ha 0CHOBI Takux cnuckiB moOynoBaHo rpadiky, 1o Bigobpa-
JKAKOTh IIUTBHICTH PO3MOILTY TPOIIB Ha TUIOIIWHI, YTBOPEHIH HalllapyBaHHSAM BipIiB 30ipku. Mara niib-
HOCTI J1a€ 3MOTY BUSIBUTH TEHJICHIIIi B KOMIO3UIIITHOMY PO3MIIEHH]I XyI0XKHIX 3ac00iB.

[Tepmum Ha puc. 9 300paxkeHo rpadik s 30ipku «Kob3apy». MokHa oOauyuTH, IO B MIPaBiid BEpXHIil
4JacTHHI rpadika € IiIsHKa, Je UUBHICTh TOUOK HaiiBuIIa. Lle cBixuuTs mpo Te, 1o B 30ipii B OUIBIIOCTI
BIpIIIiB 3HAYHA YaCTHHA TPOIIIB PO3TAIIOBaHA B KiHIII TIEPIIUX PAIKIB.

Puc. 9. KDE-rpagiku minbHOCTI po3Mnoaily TpOIB y NpoaHati3oBaHUX 30ipkax

Ha rpadiky s 36ipku «Binryku» Jleci YkpalHku BUIIHO, III0 HAWOUIBIIE TPOIIIB 30CEPEPKEHO B KiHITI
CEpeHIX PAAKIB BIpILIiB.

Sxmo mogusutrcs Ha KDE-rpagik ams 30ipkn «3eMHe TSOHKIHHM), MOKHA TIOMITHTH, IIIO TPOIH Y Bip-
max 30ipKH po3TalioBaHi OiIbLI PIBHOMIPHO, HIXK Y ABOX 1HIIUX, @ TaKOX T€, L0 MOET BUKOPHCTOBYBaB
TPOIH MEePEeBa’KHO HA TOYATKy MEPIINX PSIKIB BipIa.
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BucnoBok

VY crarTi onMcaHO Po3pOoOIEHHS Ta 3aCTOCYBaHHs Mapcepa JUls BU3HAUCHHS MeTpa, pUMH, CIOCO0IB
PUMYyBaHHS Ta BHSBICHHS XyIOKHIX 3aC00iB (TPOIIiB) B YKpaiHCHKOMOBHHX BipIIax.

3anpornoHOBaHO MEXaHi3MU BU3HAYEHHS BIPILIOBOIO PO3MIPY, PUM 1 CIOCOOIB pUMYBaHHS, 1O IPYHTY-
I0ThCS Ha TMOOYIOBI cxeM HarojomryBaHHs. IlepenOaueHo meTroqu KOpWTyBaHHS IHX cxeM. Po3pobmeHo
METO/N BHSABJIEHHS TPOIIB HA TPHOX PiBHAX 00pOOIEHHS TEKCTY: POHOIOTIYHOMY, MOP(POCHHTAKCHYHOMY
Ta ceMaHTHYHOMY. Ha ¢oHomorivHOMy piBHI 3aCTOCOBaHO MPABHIO3AJICKHI MIIXOAN B aHATI3yBaHHI TEK-
cTy, Ha MOp(hoCHHTaKCHYHOMY — 00poOneHHs nanux ¢popmary CoNLL-U, chopMoBaHuUX i3 pe3ybTariB
po0OTH TPHOX MOBHHUX aHAJTI3aTOPiB, a JUIS BHUSBICHHS TPOIIB HA CEMAaHTHYHOMY PiBHI — BHKOPHUCTAHO
BEJIMKY MOBHY Mojiejb. PeanizoBaHO Be03aCTOCYHOK, 10 YMOXJIMBIIIOE Bi3yali3alilo pe3yiabTraTiB poOoTH
napcepa, 3 Bukopucranssam FastAPI ta React.

3nificCHeHO OLIHIOBAaHHS TOYHOCTI IMapcepa Ha OCHOBI c(popMOBaHUX 30ipOK TECTIiB. 3a pe3ynpTaraMu
TECTYBaHHS BCTAHOBJICHO TOYHOCTI KOMIIOHEHTIB napcepa: 94,39 % — BuzHadeHHS MeTpa, 96,26 % —
BU3HauYeHHS puMH, 94,58 % — BusgBieHHs TponiB. [lopiBHsAHHS 3 pe3yisratamu podotu LLM nokasaio
BHIIy TOYHICTH CTBOPEHOTO IHCTPYMEHTA. TakoX y CTaTTi OMISHYTO 3aCTOCYBaHHS mapcepa i aHa-
Ji3yBaHHA BIpIIIB 13 TPHOX MOETHYHUX 30IpOK Ta HaBEACHO Bizyasisallii, [0 YHAOUHIOIOTh OTPUMaHi
PE3yNbTaTH.

Ortxe, po3poOneHuit mapcep yMOXKIUBIIIOE KOMIUIEKCHE aHaJli3yBaHHS YKPaiHCbKOMOBHUX BIpILiB, 0XO-
TUTIOIOYH BI3HAYEHHS BipIIOBOTO PO3MIpY, PUM, CLIOCOOIB pUMYBAHHS Ta BISIBIICHHS Xy[OKHIX 3aC001B.
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O. Smysh, D. Shvets

UKRAINIAN POETRY ANALYSIS USING NLP METHODS

This paper presents the development and usage of a parser designed for the comprehensive analysis of
Ukrainian-language poetry. The parser integrates techniques from natural language processing to deter-
mine metrical patterns, identify rhymes and rhyme schemes, and detect the presence of 16 tropes across
three levels of linguistic processing: phonological, morphosyntactic, and semantic.

At the phonological level, rule-based methods are employed to detect stylistic devices such as allitera-
tion, assonance, anaphora, epiphora, refrain, and rhetorical questions. For morphosyntactic analysis, the
parser processes CoNLL-U formatted data generated by three language analysers (UDPipe, Stanza, spaCy)
to ensure robustness in identifying epithets, inversions, parallelisms, similes, and rhetorical appeals. Se-
mantic-level analysis is conducted using a large language model (LLM), Claude 3.5 Sonnet, which inter-
prets metaphors, hyperbole, litotes, personification, and oxymora.

The parser includes a metrical analysis module that identifies stressed syllables and constructs rhythmic
patterns to classify each poetic line into one of the canonical meters (iamb, trochee, dactyl, amphibrach, or
anapest). It also identifies rhyme pairs and classifies rhyme schemes as tail, ring, or internal.

A web application was developed using FastAPI and React, enabling users to input poems and interac-
tively visualize analytical results. This tool has been applied to three canonical Ukrainian poetry collec-
tions — by Taras Shevchenko, Lesia Ukrainka, and Vasyl Symonenko — demonstrating its capacity to un-
cover stylistic patterns across different periods and poetic styles.

Evaluation results show high accuracy.: 94.39% for metre detection, 96.26% for rhyme identification,
and 94.58% for trope recognition, outperforming three reviewed LLMs. The parser enables nuanced analy-
sis of Ukrainian poetic texts, supporting educational, philological, and literary research.

Keywords: natural language processing, parser, language analyser, large language models, web applica-
tion, Ukrainian language, poem, poem analysis, trope, metre, thyme, rhyme scheme.
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APXITEKTYPA HOBOI BJOCKOHAJIEHOI IJIAT®OPMU
ABTOMATHU30BAHOI'O TECTYBAHHSA BEB3ACTOCYHKIB

Boockonanennsi asmomamuszayii mecmysanHsi 6e03ACMOCYHKIE € 0COOIUBO AKMYAbHUM HANPIMOM
VY CYUACHOMY npoyeci po3pooieHts npoepamno2o 3abesnedents. Y yit cmammi 30iUCHeHO aHali3 CY4acHUx
nioxo0ie ma IHCMpPYMeHmie agmomamu3ayii mecmyeants, ixuix nepesaz ma HedoniKie. Po3enanymo uiiaxu
VCYHEHHSA YUX HeOONIKI8, A MAKONHC MONCIUBICMb THMe2payii MexHON02Il WMYUH020 THMeNeKnt).

Y emammi npeocmasneno apximexmypy 3anpononosanoi niampopmu agmomMamu308aH020 mecniy8aH-
HS, peanizoeanoi y gopmi 6ibriomexu, Wo i1eeko inmeepyemocs 8 HasA6HI npoekmu. Apximexnmypy no6yoo-
8AHO 30 MOOYIbHUM NPUHYUNOM, WO 3aDe3Neyye cHYUKIiCMb, MACUmMado8aHiCms i MOXCIUGICb NOEMANHO-
20 poswupents @ynxyionaronocmi. OCHOBHI KOMHOHenmu niampopmu — KoH@DIZypayiunuti Mooy,
Meneddcep Opatieepis, MOy 83aemMo0ii 3 elemenmamu, 1o2ysanis, API-euxiukie ma pobomu 3 10KAIbHUM
cxosuem opaysepa — npayrooms K €OUHUL Y3200CeHUl MEXARI3M, 3abe3neuyiouu nposope, cmabiivhe
ma eghexmusHe UKOHAHHSA MeCMIs.

Oxpemy ygazy npuoinieHo ananizy makux acnexkmis CyuacHux mexHon02itl asmomamu3ayii, K 3HUHCEHHs.
8apmocmi 6NpoBAONCEHHA MAa NIOMPUMKY MECMOBUX DilleHb, MACUMADO8AHICb, HYUKICINb HALAUMY-
6aHb, A MAKONHC THMe2PAaYisl 3 IHUUMU KOMNOHEHMAMU HCUMMEBO20 YUKTY NPOSPAMHO20 3a0e3neyeHHs.

KurouoBi cjioBa: aproMarn3airisi, BeOTEXHOIIOT1, miargopma, TecTyBaHHS.

Beryn

3aBHaHHs TECTyBaHHS Be0O3aCTOCYHKIB MOJSTAE Y CTBOPEHHI T4 BUKOHAHHI TECTOBHX CIIEHAPIiB Ha BeO-
miaTdopMax 3a JOIMOMOTOIO CIIeIialli30oBaHOTo porpamHoro 3ade3nedeHns (I13). Taka TexHosoris nepeBip-
k1 nipaBmiIbHOCTI [13 cripsiMoBaHa Ha BHUSIBIICHHS TIOMIJIOK i HEBIATIOBITHOCTEH JO BUMOT y B€03aCTOCYHKAX
[1]. ABTOMaTH3AI1is TO3BOJISIE BAKOHYBATH NMIOBTOPIOBAHI TECTOBI MPOIENypH 0€3 3aTy4eHHS TECTyBaJIbHHKA,
110 3HAYHO MMiJBUINY€E ¢(PEKTHBHICTH NMEPEBIPKHU SKOCTI Ta HAMIHHOCTI MPOTrPaMHHUX MPOAYKTIB [2].

OCHOBHI KOMIIOHEHTH aBTOMATH30BaHOTO TECTYBaHHS OXOIUIIOIOThH: BU3HAYCHHS TECTOBUX JAaHUX 1 Ha-
mepen 3aJaHuX YMOB, BCTAHOBIICHHSI OUYiKyBaHHX PE3YJBTAaTiB 1 0€3M0CEpeTHHOTO0 BHKOHAHHS TECTOBUX
creHapiis. Lle 3a0e3neuye BUSBICHHS Ta BUPILIICHHS TaKUX Ipo0JieM y Be03aCTOCYHKaX, K (GyHKIIOHATIBHE
TECTYBaHHS, IIEPEBipKa HABAHTAXXECHH:I, OE3IIEKH, KOPUCTYBAIBKOTO iHTepdeiicy Ta iHTerpalii cucrem [5].

[1ix gac gyHKIIOHATEHOTO TECTYBAaHHS MEPEBIpsIOTH BUOPaHi (yHKIIT Be0O3aCTOCYHKY 4epe3 imiTariio
peaNbHUX CIIeHApiiB KOPUCTYBaya, BKIIIOYAOYH TECTYBaHHS (POpPM, ayTeHTH(IKAIT Ta MOITYKOBUX 3alUTIiB
[1]. Takox 3miHCHIOEThCS HABAHTAXyBaJbHE TECTYBAHHS JIJISl OIIHKH CTIMKOCTI 3aCTOCYHKY ITiJl BETUKOIO
KUTBKICTIO KOPHUCTYBaYiB, BAKOPHUCTOBYIOUHY BIpTyaJlbHE CEPEIOBHIIE IS TCHEPAIil YHNCICHHIX 3aMUTIB 10
cucremu [5].

Besrnieka € ogHi€r0 3 KpUTHYHUX OONacTel, ¢ TECTyBaHHS 30CEpeKeHE Ha BHSBICHHI IMOTEHIIHHIX
ypasznuBocTel, Takux sk SQL iH’ekIii i kpoc-caiitopuii ckpunTuHr [4]. Lle 3a0e3neuye 3axuct Bed3acTo-
CYHKY BiJ IIKiJUIMBUX Jil. TecTyBaHHS KOPHCTYBAIbKOTO iHTep(eiicy epeBipse, MO Bi3yallbHi eJIeMEHTH
no0pe IHTErpoBaHi Ta IHTYITHBHO 3pO3yMii I KOPHCTYBaUiB, TOAI SIK IHTEeTpalliiiHe TecTyBaHHS 3a0e3me-
qye, 0 BCI MOIYIi CHCTEMH €(PEKTUBHO MPALIOIOTH pa3oM [5].

Cepen cyyacHHUX 1HCTPYMEHTIB IJIsl aBTOMaTH3allii TecTyBaHHs, Takux sk Selenium, QTP i Ranorex,
PO3POOHUKH MOXKYTH BHOPATH Ti, O IMiATPUMYIOTH IIUPOKHIA CIIEKTP MOB IIPOTPaMyBaHHS Ta MOXKJIUBICTb
iHTerpamnii 3 pi3HUMHU cepemoBHITaMU po3poOku [2]. L1i iHcTpyMeHTH 3a0€3MeuyI0Th THYUKICTh 1 aJanTHB-
HICTh, HEOOXITHI I aJeKBAaTHOTO pearyBaHHs Ha crernudiuHi BUMOTH NpoekTy. OaHaK HasBHI METOIU
1 TexHOJIOT1l aBTOMAaTH3aLlii TeCTyBaHHSI JIMIIIE YACTKOBO MMOKPAIYIOTh SIKICTh Be0O3aCTOCYHKIB 1 3HIKYIOTh
MOXITHBI pr3uKH. TOMYy aKTyaJIbHIMU € PO3pOOJICHHS 1 BIIPOBA/KCHHS HOBHX, OUIBII e(DEKTHBHUX PIllICHb
Ha ocHoBi Al [5].

© Jlincoxkuui /1. O., 2025
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IlepeBaru Ta HeJ0MiKU cy4yacHUX MIaTGOPM AaBTOMATH30BAHOIO TECTYBAHHS

ABTOMATH3AIls TECTyBaHHs 3a0e3euye YHCICHHI MepeBary, sKi 3HaUHO MOKPAIIYIOTh MPOLEC pPO3po-
OJICHHS MPOTPaMHOTO 3a0e3MeUeHHS: 301IbIIEHHS MBUIKOCTI BUKOHAHHS TECTiB, MiJIBUICHHS TOYHOCTI,
€KOHOMisl pecypcCiB Ta MOKpALEHHS MOKPUTTS TecTyBaHH: [1].

OjiHa 3 HABAXIIMBIIIUX MEpeBar aBTOMaTu3allii TeCTyBaHHS — 3JIaTHICTh NIBUJIKO TIPOBOJIUTH BEJHKI
00CSITH TECTiB, BUKOHYIOUH TECTOBI CLEHAPil 3HAYHO OMEpaTHBHIIIe, HiX Iie Moru 6 3poburtu monu. Lle
MIPU3BOAMTH IO TPUCKOPEHHS KTy PO3POOKHU, OCKITIbKH 3BOPOTHHIA 3B’ 30K OTPUMYETHCS Maiike Binpasy,
110 Ja€ 3MOTY MIBH/III€ BHOCUTH KOPEKTHUBH [5].

ABTOMAaTH3aIlisl BUBUIBHSE LIHHI PECypCH, 30KpeMa Jac TeCTyBaJIbHUKIB, SIKi TETIep MOXYTh OyTH CIIps-
MOBaHi Ha OUTBII CKJIa/IHI CTpaTeri4uHi 3aBJaHHsA. 3aMiCTh BUTpAT yacy Ha pyTUHHE BUKOHAHHS TECTIB TeC-
TyBaJILHUKH MOXKYTh 30CEPEIUTHCS HA aHAITI31 CKJIaIHUX BUTIAJIKIB, BAOCKOHAJICHHI TECTOBUX CIICHApIiB Ta
onTUMi3allii 3arajJbHOi cTparerii sSKocTi [5].

ABTOMAaTH3aIlisl MiHIMi3Yy€ TOMIIIKH T€CTYBAJIBHUKIB, III0 YaCTO TPAIUISIOTHCS IIPH PYIHOMY BUKOHAHHI
yepes BTOMY 200 HeyBakHICTh. Ko)keH aBTOMAaTH30BaHU TECT BUKOHYETHCS OJJHAKOBO ITPHU KOXKHOMY 3aITycC-
Ky, 3a0e3reuytoun cTabiIbHICTh Ta TIOBTOPIOBAHICTh PE3YJBTATIB, 110 TapaHTY€e BUSBJICHHS Ta YCYHEHHS
TIOMHJIOK JI0 TOTO, SIK MPOAYKT JOCSITHE KiHIIEBOTO KOpUCTyBaJa [2].

OckinpKy aBTOMATH3AILIs HOTpeOye MEHIIIOTO BTPYYaHHsI JIIO/ICH, BUTPATH HA TPYAOBI peCypCcH 3MEHIITY-
FOTBCS, POOJISTUM MPOLIEC TECTYBaHHS OIbII €eKOHOMIYHO BUT1THUM. ABTOMATHU3allid TAKOXK J1a€ MOXKIIUBICTh
MIPAIfOBATH HETIEPEPBHO, IO 301IBIIYE 3arabHAN 00CAT BUKOHAHUX POOIT 3a eBHUH mepioxn [5].

ABTOMaTH3aLlis Aa€ 3MOTy BKJIIOYATH Y TECTYBaHHS 3HaYHO OLIbIIY KUIBKICTh TECTOBUX CLEHApIiB, HIXK
Y PYIHOMY PEXHMi, 10 3abe3euye IIMpIne MOKPUTTS 1 JeTaIbHIITY MTepeBipKy MPOTPaMHOro 3a0e3IedeH-
Hs [5]. Bukopucranus mry4ynoro intenekrty (Al) B miardopmax s aBToMaTu3anii TeCTyBaHHS Be03acTo-
CYHKIB € KJIFOYOBUM HAIPSMKOM MiJIBHICHHS SIKOCTi, OCKUTbKH Al Ta MammuHe HapyanHs (ML) narothb
MOXJIMBICTh POLIMPUTH MOXKJIMBOCTI TPAAULIHHOIO aBTOMaTU30BaHOIO TeCTyBaHH, 3a0e31euyoun O0iib-
Iy TOYHICTH, €(PEKTUBHICTB 1 THYYKICTh NPOIIECIiB TECTyBaHHS [5].

InTerpauis Al B aBroMaTH3ali0 TECTYBaHHS CHpPHUSAE CYyTTEBOMY MOKPAIICHHIO PI3HUX ACMEKTiB LBOTO
npouecy. [lo-nepmre, Al migBumIye e(eKTUBHICTS TECTYBAaHHS 32 paXyHOK aBTOMaTHYHOTO aHAIIIZy Pe3yib-
TaTiB TECTIB, JOMOMAraro4u iAeHTH(DIKyBaTH 3aKOHOMIPHOCTI Ta mHependavyaTH MOTEHIHHI mpooiemMu,
3MEHIIYI0uN oTpedy B pydHOMY aHami3i [1]. BaxnuBuM € Takok onTUMi30BaHMH BHOIp TECTOBHUX CIICHA-
piiB: BUKOpUCTOBYI0UM Metoau ML, minardopma Moxe BU3HAUaTH, K1 CLiEHapii HalKpalle miaxoaaTh 1Jis
KOHKPETHHX 3MiH Y KOIli, III0 pOOHUTH TeCTYBaHHS OibII €()eKTHBHMM 1 IiIecpsIMOBaHUM [4].

Kpim Toro, mTydHMiA iHTEIEKT COpUsE aBTOMAaTHIHOMY BHSBJICHHIO Ta Kinacudikaiii nedexris. Lle mo-
roMarae MIBHKO 3HAXOIUTH IOMIJIKH Y IPOTpaMHOMY 3a0e3IeUeHH] Ta OIiHIOBATH iX CepHO3HICTh 1 THT,
110 3HAYHO CHPOILY€E NMPOLEC BUMpaBieHHs [S].

Hapemri, icHytoui Al pimeHHs aHami3ylOTh ICTOPHYHI JaHI TECTYBaHHS, BHUSABIIIOUM CIAOKi MicIst
B TECTOBHUX CLIEHApiAX 1 MPOIOHYIOUM MOXJIMBI MOKpalieHHs. Lle miaBuinye 3aranbHy SKICTh TECTOBHX
MPOIENYP 1 CIIPHsiE CTBOPSHHIO OUIBII HAJIITHOTO MPOrpaMHOro 3abe3rneveHHs [2].

3arajiom, aBTOMaTH3allisl TECTYBaHHS IIPONOHYE 3HAYHI MepeBart, AKi 3a0e3MeuyroTh BUILY IPOIYKTUB-
HICTH Ta €()eKTHBHICTH IPOLECIB PO3POOIEHHS IPOrPAMHOTO 3a0€3IeUeHHSI, 3MEHIIYIOUH MTPH IEOMY BH-
Tparu Ta 3a0e3Meuyroud BUCOKY AKICTb MPOLyKTiB [1].

ABTOMaTH3allisl TECTyBaHHS MOTPeOy€e 3HAUHUX TTOYaTKOBUX 1HBECTHIIIH, 1110 MepeadadaroTh BUTPATH Ha
NMpuI0aHHS Ta HANAIITYBaHHS CICIai30BAHOTO MTPOrPaMHOro 3a0e3MmeueHHs, HeoOXiAHOTOo I peaisarrii
aBTOMaTH30BaHuX nporiecis [1]. Hanpuknax, nmargopmu Ha 3pa3ok BrowserStack MoxyTh OyTH 0COOIHUBO
JOPOTUMH JUTSI HEBEIMKHUX KOMaH[ a0 1HIUBITyaIbHUX PO3POOHUKIB, IO CTBOPIOE JOAATKOBE (hiHAHCOBE
HaBaHTaXXEHHA [5].

Taxoxx i CTBOPEHHS! CUCTEM TE€CTYBaHHS MOTPIOHI BIAMOBIAHI IHCTPYMEHTH, 1O MiATPUMYBaTUMYTh
ABTOMATH3AIlil0 Ha BCiX eTamax. BakJIMBUM acleKToM € pO3BUTOK KOMITCTSHINIH: HEOOXiTHO MiABUIUTH
KBai(piKaIlil0 HASIBHOTO TIEPCOHATY a00 3aJyYUTH HOBHUX (haxiBI[B i3 MOTPIOHUMH 3HAHHSIMU Ta HABHYKA-
MU [4]. Taki cnemianicTa MOBUHHI MaTH JIOCBi po3po0KH U MIATPUMKH aBTOMAaTH30BaHUX CHUCTEM, IO 3a-
0e3neuyuTsb cTabibHe (PYHKIIOHYBaHHS Ta PO3BUTOK aBTOMAaTH3alii TeCTyBaHHs B MailOyTHbOMY [5].

ABTOMaTH30BaHI TECTOBI CHCTEMHM BHMAraloTh PETYJSPHOTO OHOBIIEHHS, 100 BiAMOBIZATH 3MiHAM
y IporpaMHOMy 3a0e3NeueHHi, sIke BOHU TE€CTYIOTh. 3aBJaHHA TAKOrO OHOBIIEHHS MOXe OyTH CKJIaIHUM
1 pecypcoemunM. Hampuxiiaz, miardopmu, 1o yacto oHOBIIOIOTE cBil Ul six-ot Browserling, Bumararots
MOCTIHHOTO OHOBJICHHS TECTOBUX CKPUITIB JJIS B3a€MOIIi 3 HOBUMH elleMeHTamu iHTepdeiicy [1].
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ABTOMAaTH3aIlis TECTYBaHHSI MOKe OyTH 0COOJHMBO CKJIATHOO MPH IMITaIlii JIFOICHKOI B3aEMOJIIH, 4acTO
HEOoOX1HOI Yy KOMIUIEKCHUX TECTOBUX CIeHapiax. Taki iHcTpyMeHTH, sk Appium a6o Robot Framework,
MPOTIOHYIOTH PIICHHS JIJIS JICSIKUX CIICHAPIiB, ajle BOHU HE BIITBOPIOIOTH CKJIAIHI ACTICKTH KOPHUCTYBAIbKO-
T'0 IOCBifY, IO 0OMEXYE MOKPUTTS TECTiB [5].

3MiHH B KOPUCTYBAIbKOMY 1HTEepdeiici Be03aCTOCYHKIB BiI0OYBAIOTHCS Y4acTo, IO CBOEIO YEPTrOK0 BUMa-
rae peajizanii MOXKJIMBOCTI IIOCTIHHOTO OHOBJICHHS TECTOBUX CKPHIITIB, OCOOIMBO 3aJICKHHUX BiJ CIELHU-
(iyHEX aTpUOYTIB €JIEMEHTIB, TAKHUX SK IMeHTHU(IKATOPH, Ki1acH, a00 cTuii. LI OHOBIEHHS MOXYTh OyTH
YaCTHUMHU Ta NOTPeOyBaTH 3HAYHUX 3yCUINb AT 3a0€3MEUEHHSI TOTO, 100 TECTOBI CKPUITH 3aJIUIIAINCS aK-
TyallbHUMH Ta €()EKTHBHUMHU [4].

Li acnexTH migKpecoTh, 110 aBTOMaTH3Aallisl TECTyBaHHS X04a i € MOTYTHIM 1HCTPYMEHTOM ISl TO-
KpalieHHs e()eKTUBHOCTI Ta 00’ €My TECTYBaHHsI, Ta MA€ CBOi 3HAYHI BHKJIMKH 1 HEJONIKH, SIKI BUMArarTh
YBXKHOTO PO3IIISAY Ta IUIAHYBAHHS [IEPE PO3POOICHHSM 1 BIIPOBAKESHHSIM.

InTerpanis mry4yroro inTenekty (Al) B miardopmu 11 aBTOMaTH3allii TeCTyBaHHS Be03aCTOCYHKIB
CTa€ KIIIOUOBUM HAIPSIMOM PO3BUTKY B Taly3i SKOCTI IpOrpaMHoro 3abesneueHHsa. OAuH i3 NPUKIANiB
pOoro — maptHepcTBo Microsoft Ta Leapwork, mo cnpsMoBaHe Ha HaJaHHS MOXKIIUBOCTEH JIJISl aBTOMATH-
3arii TecTyBaHHs KopuctyBadam Microsoft Dynamics 365 i Microsoft Power Platform. Bonu BukopuctoBy-
toTh Taropmy Leapwork, sika € Al-mijcuieHoro, Bi3yalbHOIO Ta 3a0e3mneduye O0e3neKy, Ui CIpOINeHHS
IpoleCy CTBOPEHHS TECTIB 1 3HIDKCHHS PU3HUKIB 3001B MiJ 4ac MIOMiCSYHUX OHOBJIEHB IIPOTPAMHOro 3a0€e3-
nedeHns [2]. Ille onua npukiax — koMmanis Tricentis, ska BHKOPUCTOBYE TEXHOJIOTIIO IBUIKOTO ONTHY-
Horo posmi3HaBaHHs cuMBoliB (OCR) nmsi apromaru3aiiii TECTyBaHHsI, 1€ MOKPAILY€ TOYHICTh Ta IIBHUII-
KICTBh TIPOIIECY 3a IOMIOMOTOI0 Bi3yaabHOTO aHami3y [5].

ApxiTekTypa Ta 0c00JMBOCTI HOBOI I1aTdopmMu
JJIs1 aBTOMATH30BAHOI'0 TeCTYBaHHS Be03aCTOCYHKIB

Ha ocHOBI mpoBeJCHOTO B MOMEPETHLOMY PO3ILJIi aHATI3Y CHIIBHUX 1 CIA0KUX CTOPIH CYyYacHUX ILIaT-
(hopM 3anpOTIOHOBAHO HOBY apXiTEKTYPy aBTOMATH30BAHOI TECTOBOI CHCTEMH, peani3oBaHoi y BUIVIAAIL Oi-
OMOTEeKH, K CIpoOy TOAOJIATH KITFOUOBI OOMEXKEHHS, 0 BUHHUKAIOTH i YaC BHUKOPUCTAHHS THIIOBUX
niaxoaiB. Y po3poOieHiii miartdopmi 3po0IeHO aKIeHT Ha MOAYJIBHICTh, IPOCTOTY KOH(DIrypartii, miaTpum-
Ky MapajeabHOTO TeCTyBaHHSA, IICHTPaTi30BaHe KepyBaHHS MapaMeTpaMH cepeloBHINa Ta THyYKy iHTerpa-
I[i10 3 PI3HUMH PIBHSIMH CHCTEMH, 30KpeMa uepe3 API.

Cucrema noOyji0BaHa 3 BUKOPUCTaHHAM MOBH C# Ta MPUHIHUIIB 00’ €KTHO-OPIEHTOBAHOTO MPOTpamy-
BaHHA. OCHOBY apxiTekTypu craHoBuTh WebDriverManager, 1o peasnizye natepH Singleton a1t yHUKHEH-
HS HAIMIPHOTO CTBOPEHHSI Opay3epHUX ceciil, 30epirarod cTa0lIbHICTh TECTIB 1 ONTHUMI3YIOUH CIIOYKHBaH-
Hs pecypcis. IlinTpumka poOOTH SIK y JOKaJBHOMY, TaK 1 y BijjaneHoMy cepenosui (depe3 Selenium
Grid) 3abesmneuye macmTaboBanicTh Targopmu. Kondiryparis mapamerpiB TecTyBaHHS 3MiHCHIOETHCS
yepes 30BHilIHI JSON-daiinu, 1mo qjae MOXIIMBICTh 3MiHIOBAaTH HAJIAIITYBaHHS 0€3 BTPYYaHHS y KO, 110 €
0COOJIHMBO aKTyaJbHUM y 0araTokoMaHAHUX a00 MYIBTHCEPEIOBUIIIHIX POEKTAX.

Puc. 1. Kondirypauis i npaiiBepu
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[Tnarpopma minrpumye sik Ul-, Tak i API-TectyBaHHS, 1110 TO3BOJISE peaTi3oByBaTH KOMIUIEKCHI MepeBip-
KH OaratopiBHEBHX BeO3acTocyHKiB. J{ist poOoTu 3 BeOenmeMmeHTamu cTBopeHO Habip knaciB (Element,
ElementFinder, ElementsFinder), sixi po3mmproroTs GyHKIIIOHAIBHICTE Selenium WebDriver 3aBasku BOy-
JIOBAHUM MEXaHi3MaM aBTOMAaTUYHOTO CKPOJIHTY, IiJICBIUYBaHHSAM EIEMEHTIB, PO3LIMPEHUM MepeBipKaM
arpuOyTIB 1 JMHAMIYHIM OYiKYBaHHSM (depe3 IHTerpallito 3 BIacHUM MojyiieM Wait). Lle cyTTeBo minBuiye
CTaOUIBbHICTh aBTOMAaTH30BAaHUX TECTiB, OCOOMUBO y BUMAJKaX i3 JUHAMIYHUM iHTep(deHcoM, 0 aKTUBHO
BHUKOpHCTOBYE AJAX-3amuTy 200 aCHHXPOHHE JMHAMIYHE BiTOOpPa)KCHHS KOHTEKCTY Ha BEOCTOPIHKAX.

Puc. 2. Po6ora 3 BeOenemeHTaMu

Puc. 3. [Tomyk BeOeneMeHTiB

Monyns ApiWorker 3abe3neuye MoBHOLIHHY MiATpUMKY API-TecTyBaHHS, JO3BOJISIOUM HAJCHIIATH
HTTP-3anutH, 06pobnsitu i nepesipsatu Bianosiai. [lnargopma opieHTOBaHA HA ACHHXPOHHE BUKOHAHHS
3aITUTIB, IO JIO3BOJISIE BUKOHYBATH ITapaJieiibHi MEPEBIPKH Ta 3HAYHO CKOPOUYYE Yac MPOXOJKCHHS TECTiB.
HonatkoBo peanizoBano LocalStorageWorker 111 poO0TH 3 JIOKaJIbHUM CXOBHILEM Opay3epa — BaKJIMBOTO
JUTS TECTYBaHHSI JJOAATKIB, sIKi 30epiraroTh KOPUCTYBAILKUN CTaH 0€3M0CepPEeTHBO B KITIEHTI.

Puc. 4. JfomomixkHi Moxymi TarhopmMu — dacTHHA 1

J1J1s i IBUIIIEHHS THYYKOCTI i BapiaTHBHOCTI ClieHapiiB 3acTocoByeThes TestDataWorker, sikuii renepye
YHIKaJbHI 1aHi (pAaKy, 9ucia, aTh, email, TexedoHHI HOMEpH TOIIO), IO T03BOJISIE TECTYBATH IOBEIIHKY
CHCTEMH B YMOBAX PEaNiCTHYHHUX 3MIHHUX. Pe3ynbpTaTu TeCTyBaHHS ITEPEBIPSIOTHCS 32 TOIMTOMOTOI0 MOJY-
niB CheckWorker ta VerifyWorker, siki miaTpumytoTs sk 6a30Bi, Tak i CKIaHi IepeBipky (HAIPUKIAM, TO-
PIBHSHHS CIIHCKIB HE3AJICKHO BiJ MOPSIKY, IEPEBipKa PEryIIpHIX BUpPa3iB a00 MOBTOPHE BUKOHAHHS I1e-
PeBipoK depes 3a/aHi MPOMIXKKH dacy).

Jnis (ikcarii nepediry TecTyBaHHS Ta CIPOIICHHS aHANI3y pe3yJbTaTiB peanizoBano LogWorker, skuii
3aMKcy€e CTPYKTYPOBaHi JOT-(haiiii 3 9aCOBUMH MITKaMHM, THIIAMH ITOBIIOMJICHB 1 JUKEPETIOM BHUKIHKY. Lle
JIO3BOJISIE JIETKO 1ZICHTH(IKYBATH JHKEPESIo TIOMHIIKH Ta HAaJla€ PO30PICTh Mijl 4ac MepeBipKH SKOCTI MPo-
rpaMHOTO 3a0e3MeYCHHS.
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Puc. 5. lomomixxHi Moaysi mraTpopMu — yacTuHA 2

Puc. 6. Jlorysanus nomiit

Jns Bisyamizarii pesyasrariB BUKOpHCTOBYeThcs HtmlReportGenerator, sikuif reHepye iHTEpakTHBHI
HTML-3BiTH 3 MapKyBaHHSM KPOKIB 1 JETAJIAMHU KOXKHOTO CIICHAPIFO.

OnHi€ro 3 BAXXIIMBHX IIEPEBAT apXiTEKTYpH 3alPOIIOHOBAHOI INAaT(GOPMH € i1 BIAKPHUTICTH 10 IHTErpariii
IHTeNIeKTyalbHUX pimieHb. PO3BUTOK cucTeMH nepeabavae rmoeTarHe BIPOBA/UKEHHS CydacHHX Mojerei
MAaIIMHHOTO HAaBYaHHS, 30KpeMa JIOTiCTHIHOI perpecii, MeTOAIB KiIacTepH3alii, 1epeB pillleHb, BUIAIKOBUX
JIciB, INTYYHUX HEHPOHHUX MEpEeX Ta MAIIMH OMOPHUX BekTopiB (SVM), sKi Bike 3apeKOMEeHIyBaIH cebe
SIK e(peKTHBHI IHCTPYMEHTH JUISI 3aa4 Kiacu(ikarlil, BUSBICHHs aHOMail, TOOYJ0OBH MOJIENei pU3UKY Ta
aHaJi3y CTPYKTYpPOBaHUX JIOTIB [6].

VY pamkax peanizarii 11i€i cTparerii Bxke BIPOBaHKEHO OKPEMHUI MOAYIb Ui OOpOOICHHS JIOTIB, SKUN
3a0e3mnedye MOXKIIMBICTD IHTErpalii alrOpUTMIB MallIMHHOTO HaBYaHHA 3 METOI0 aBTOMATH30BaHOI Kilachdi-
Karlii geexTiB, BU3HAUCHHS 1X MPIOPUTETHOCTI Ta MPOTHO3YBAHHS MOTECHIIHNX 3001B. 3aBISIKH MOTYIb-
HOCTI apXIiTeKTypH, GYHKIIOHAILHICTh CHCTEMH MOXE PO3LIMPIOBATHCS 0€3 BHECCHHS 3MiH JI0 11 OCHOBHOT
noriku. OCKiIbKY 3a3HAYECHUH HAIIPSM OXOILIIOE OKPEMY JOCIITHUIBKY 001acTh, JeTadbHUI ONTHUC BUKOPH-
CTaHMX ITJXOJIB, aJTOPUTMIB Ta PE3yJbTaTiB iXHBOTO 3aCTOCYBAaHHA Oyae IIPEICTABIECHO B MOAAJIBIINX
myOmiKamnisx.
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3aranbpHa e(peKTUBHICTh TUIATPOPMHU 3a0€3MeUy€EThCS HE JIMIIE MiATPUMKOIO THTEIIEKTYaIbHUX PIllICHb,
a ¥ MpoAyMaHOI0 apXiTEeKTypHOI OYyJI0BOIO ii OCHOBHUX MOJYJIIB, KOKEH 3 SIKMX BUKOHY€ YiTKO BU3HAYCHY
(YHKIIIFO T2 Ma€ HU3KY TEXHIYHHX IEepeBar.

INeperaroro iHinianizanitHoro 610Ky € iforo raydkicTh i koH(iryposanicts. Kommonent ConfigReader
3YHTYE MapaMETPH TECTOBOTO CEPEAOBHIa Ta epenac ix y TestSettings, o 103BoIsE MBUAKO alaNITyBaTH
miatgopMy 10 pi3HUX CepeOBUIL i cieHapiiB 0e3 moTpedu 3MiHIOBaTH Koj. Lle 3HaYHO MiBUILy€e MacIITa-
OOBaHICTh Ta MIOBTOPHE BUKOPHCTAHHS TECTIB.

Monyns WebDriverManager 3abe3nedye LIeHTpali30BaHEe CTBOPEHHSI eK3eMIUIsIpa Opay3epa Ta BiIKpHUT-
TS CTApTOBOI CTOpiHKH. MOro rooBHa mepesara — yHidikoBanmii MexaHisM poGOTH 3 pi3sHEME Opay3epa-
MH, 110 MiABHIIY€ CTAOUTBHICTh TECTOBHX 3aITyCKiB 1 CIIPOIIY€E OpraHi3allito Kpoc-0pay3epHOro TeCTyBaHHSI.

CrTbHAM GOKOM apXiTEKTYpPH € YiTKHI MO BiATIOBIAabHOCTEeH. OKpeMi MOy IS ITOIITYKY Ta B3aEMOJIIT
3 eJIeMEHTaMH 3a0€3MeuyIOTh TiIBUIIEHY HaiHICTh Ta IPOCTOTY CYIPOBOLY TECTIB. 3aBISIKH LIbOMY 3MEHIITY-
€ThCS PU3HMK TIOMHJIOK TTiJT Yac BUKOHAHHS Ta CIIPOIIYEThCS OHOBIICHHS TECTIB y pa3i 3MiH B iHTEpQeiici.

IIle onHieto mepeBaroro mIaTGOPMHE € IHTETpaLlist MEPEeBiPOK, JOTYBAHHS Ta OUiIKyBaHb y PEKHMI peanb-
Horo 4acy. lle 3abe3neuye BUCOKY MPO30PICTh MPOIECY TECTYBAHHS, MOJETIIYE aHATi3 Pe3yNbTaTiB 1 1a€
3MOTY ONEPAaTHBHO BUABIISATH MPOOJIEMHI MicLIS.

Monyns ApiWorker miziBuinye GyHKIIOHATBHY ITOBHOTY TUIATQOPMH, TO3BOJISIOUN pealli3oByBaTH 1HTE-
rpauiitHi cuenapii uepe3 REST-3anutu. Lle posmmproe cdepy 3acTocyBaHHS MIaTGOPMH Ta T03BOJISE TIO-
ennyBatu Ul- Ta API-piBHI epeBipok y Mexax OJHOTO TECTY.

KommnonenT LocalStorageWorker 3a06e3nedye poOoTy 3 TOKaIbHHM CXOBHILEM Opay3epa, 10 € 0COOIH-
BO KOPHCHHM JUIS TECTYBAHHS CLICHAPIiB 31 30epeskeHHsIM cTaHy. Moro iHTerpariist 103BOJIs€ peani3oByBaTH
HEepeBipKH, AKi IMITYIOTh IOBEIHKY PEaIbHOTO KOPUCTYBaua, II0 € JOAATKOBOIO IEPEBArol0 MPU TeCTYBaH-
HI CKJIaJJHIX Be03aCTOCYHKIB.

OcHOBHI MOy po3pobieHoi mIaThopMu MIPOHIUTH yCHiIHY ampoOallio Mpy BUKOHAHHI J1abopaTop-
HUX poOIT 3 aBTOMaTH30BaHOTO TECTYBaHHS Be03aCTOCYHKIB CTyJeHTaMn KHiBCHKOrO HaI[iOHAJIBHOTO YHi-
BepcuteTy imeHi Tapaca IlleByeHka.

CrBOpeHa IIiJTiCHa THTETrpallisi MOIYJIIB € HAJAIWHUM CEPEJOBHUINEM U aBTOMATH30BAHOTO TECTYBaHHS,
SIKE JICTKO aJallTY€ThCA 10 BUMOT IIBUAKOT'O BIIPOBA/P)KCHHH, HiI[TpI/IMKI/I Ta MaCH_[TaGyBaHHfL Taxum YHUHOM,
OIMcaHi B poOOTi pe3yabTaTd JEMOHCTPYIOTh TIepeBard 3arporoHOBaHOI apXiTEKTYPH SK YHIBEPCATbHOTO
PIICHHS JUI CTBOPEHHS THYUYKUX, PO3LIMPIOBAHUX 1 €(hEeKTUBHUX CHCTEM aBTOMATH30BAHOTO TECTYyBAHHS
Be03aCTOCYHKIB, IPUAATHUX VIS MPAKTHIHOTO BUKOPHCTAHHS B OCBITHROMY Ta IIPOMHCIIOBOMY CEPEIOBHIITL.

BucnoBok

CTBOpEHHS HOBOI IUIaT(H)OPMH aBTOMATH30BAHOTO TECTYBAHHS 3yMOBJICHE HEOOX1IHICTIO yCyHEHHS Ha-
SIBHUX HEJIOMIKIB, SIKi 3aBa)KarOTh 33J0BOJIBHUTH BUMOTH, III0 CTPIMKO 3POCTaIOTh, 10 PO3POOJICHHS CHCTEM
MPOrpaMHOTo 3a0e3MeYeHHSI.

PeanizoBana miargopma MiHIMI3y€e TIOYAaTKOBI BUTPATH, ITOB’SI3aHI 3 aBTOMATU3AIlIEI0, TA HAZA€ KOMII-
JICKCHE pIIlIeHHS «3 KOPOOKU», YCYBa€eThCsI MOTpeda BKIIAATH KOIITH B PO3POOIECHHS BIACHUX iHCTPYMEH-
TiB JJ1s TeCcTyBaHHs. J[M3aiiH miardopMu 30cepe/PKEHII Ha MacTabOBaHOCTI, 1110 TO3BOJISIE JIETKO PO3IIIH-
proBaTu Habopu TecTiB a0o0 (yHKLIOHAN O6€3 3HAYHUX JTOAATKOBUX 1HBECTHUIIIH.

InTerpartis 3 iHCTpyMeHTaMH THITY Specflow micuiTioe aaanTuBHICTh TUIATQOPMH, TAF0UU 3MOTY KOPHC-
TyBa4aM MiHIMaJIbHUMH 3yCHIUISIMH OHOBJIFOBATH TECTOBI CLIeHapii y BiIMOBi/Ib HA PO3BUTOK (PYHKI[IOHATY
J0AaTKiB a00 BUMOT. Takuii miaxij He JuIle 3MEHINYE HABAaHTKCHHS Ha MIATPUMKY, a ¥ TapaHTye, 110
TECTH 3aJIMIIAIOTHCS aKTYaJIbHUMH Ta €(PEKTUBHUMH Y TOBIOCTPOKOBIH MEPCIIEKTHBI.

Monyni po3po6itoBaHoi miaTGopMu J0Tar0Th 3arajibHi TEXHIYHI 00MexeHHsI, iHTerpyroun API Ta npsmi
3anuTu 10 0a3 JaHuX, IO TMOJIETIIy€e TECTyBAaHHS CKJIAJHUX CIIEHApiiB, sIKi MOXYTh OyTH BaKKUMH IS
TpaauniiHoi B3aemonii uepe3 Ul. Takuii cTpareriyamii BUOIp PO3MIMPIOE OOCAT TECTYBaHHS, rapaHTYOUN
BceOIUHE MOKPUTTSI, sIKE OXOIIIIOE MPOIIECH Ha PiBHI OEKEeHy, UTICHICTh JaHUX 1 Oliblie, He3aleKHO BiJ
KOPHUCTYBAIIBKOTO iHTepdercy.

INomanpumii po3BUTOK MIATHOPMHU JacTh MOXKIUBICTS iHTerpyBaru nepenosi Al Ta ML monenni, Taki sik
JIOTICTHYHA perpecisi, METOIN KJIacTepr3allii, IepeBa pillicHb, BUTIAIKOBI JIICH, HEHPOHHI MepeKi Ta MaIllH-
HU onopHUX BekTopiB (SVM). Lli Momeni MOXyTh OyTH alaniTOBaHi AJIsl HOKPAIEHHS MIPOIIECIB TECTYBaHHS
NUISTXOM Mepen0aYeHHs MOTSHIIHUX 3001B, onTHMI3allii BHOOPY TECTOBUX KEHCIB Ta aBTOMATHUYHOI 11€H-
Tudikanii geexTis.
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D. Lipskyi

ARCHITECTURE OF ANEW ENHANCED PLATFORM
FORAUTOMATED WEB APPLICATION TESTING

Improving the automation of web application testing is a particularly relevant and rapidly evolving area
in the modern software development process. The growing complexity of web-based systems, the increasing
frequency of release cycles, and the ever-rising demand for high software reliability and performance make
the adoption of automated testing solutions not only desirable but essential. This paper analyses the current
state of test automation technologies, with a focus on widely adopted tools, frameworks, and methodologies.
1t outlines their primary advantages, including enhanced speed, high repeatability, improved accuracy, and
reduced human error. At the same time, it identifies common limitations, such as high initial setup and
learning costs, challenges in test maintenance, and limited adaptability to rapidly changing or project-
specific requirements.

To address these challenges, the article introduces a novel architecture for an automated testing plat-
form, designed and implemented as a reusable, extensible software library. The platform is built on a modu-
lar architecture, ensuring flexibility, maintainability, scalability, and seamless integration into a wide range
of existing web development projects. Its core modules include a configuration handler, a browser driver
manager, components for interaction with Ul elements, a centralised logging subsystem, APl communica-
tion tools, and browser storage management capabilities. These modules function together as a cohesive
unit, forming a reliable and transparent environment that facilitates efficient and robust test execution.

In addition to architectural innovations, the paper discusses strategies to enhance test maintainability
and reduce long-term resource consumption. These include intelligent reuse of test components, support for
parameterised configurations, and mechanisms for simplifying test orchestration and execution across dif-
ferent environments. The proposed solution provides a practical, scalable framework for improving the
quality, reliability, and efficiency of web application testing.

Keywords: automation, web technologies, platform, testing.
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IMPOTPAMHUHN KOMILJIEKC
STABILITY ASSURANCE TOOL: EBOJIIONIIA TA PO3BUTOK
JJ51 ABTOMATHU30OBAHOI OIIIHKH
CTABIJIBHOCTI TA 3PO3YMIJIOCTI KOAY SWIFT

Y cmammi poszensinymo npoyec cmeopenns, eeontoyii ma npakmuyHo20 3aCmMocy8aHts RPOSPAMHO2O
xomnnexcy Stability Assurance Tool (SAT), npusnaueHo20 015l CMAMUYHO2O AHANIZY KOOY, HANUCAHO20
moeoio Swift. [onoena mema incmpymenmy nonseac y 3abe3neuenti asmomamu306anol OyinKu makux xa-
PAKMEPUCMUK, SIK CIMAOIIbHICMb § 3pO3YMINICMb NPOSPAMHO20 3a0e3neyents, wo pospobnsemocs. Onuca-
HO 8UKOPUCIAHT MEMPUKU, apXimeKmypHi piuenHs, Mmemoou inmezpayii 3 cepedoguujem po3pobku Xcode
ma cucmemamu beznepepsnoi inmeepayii (CI/CD), a makodic pezynomamu a0anmayii K1acudHux mempux
00’ €KMHO-0pPIEHMOBAH020 NPocpamyeanis 0o cneyughiku Swift. [lpedcmasneni pezyriomamu 0emMoHcmpy-
tomob nomenyian SAT sik nramghopmu 07151 NOOATBLULO2O PO3BUMKY 3aC00i8 oyinku sxocmi I13.

KuarouoBi cioBa: SPM, crarnuHwmii aHami3, CTabUIBHICTD KO, 3pO3yMITICTh KOy, METPHKH IIPOTPaM-
HOTO 3a0e31neueHHs, apxiTekrypa [13, aproMarn3oBaHa OIliHKA.

Beryn

SIKiCTh TpOrpaMHOTO 3a0e3MeUeHHsT € KIIOYOBUM (PAKTOPOM HOTO JOBTOBIYHOCTI, €(EKTUBHOCTI Ta
3[aTHOCTI 10 MacmTabyBaHHs. Y Cy4acHOMY KOHTEKCTi CTPIMKOTO PO3pOOIeHHsI MOOUIBHIX 1 IECKTOIMHUX
3aCTOCYHKIB, 0COONHBO B eKocucTeMi Apple, 3HauHY yBary NpuAUIIOTE MOBaM IIPOTrpaMyBaHHs, IO JJ03BO-
JISIFOTH CTBOPIOBAaTH Oe3IedHi, HafiiHi Ta 3py4Hi y cynpoBoai nmporpamu. OnHiero 3 Takux MOB € Swift [1].

Swift € MOBoIO, sIKa TOETHYE EMEMEHTH 00 €KTHO-OPIEHTOBAHOTO, MPOTOKOJIBHO-OPIEHTOBAHOTO Ta
(YHKITIOHATFHOTO CTHIIIB IporpaMyBaHHA. Lle cTBOpIOE SIK HOBI MOMKJIIMBOCTI, TaK i BUKJIMKHU JJISI aBTOMA-
THU30BaHOTO aHAII3y KOy, aJPKE OLTBIIICTh CYYaCHUX METPHK SIKOCTi Oyl po3po0iIeHi 3 ypaXyBaHHM KJla-
CHYHHX 00’ €KTHO-OPi€HTOBAHUX MOB, TaKuX SIK Java abo C++.

BignosingHo, BUHUKAE TOTpeda B IHCTPYMEHTI, IO HE JIUIIE pO3yMi€e CHHTaKcHC Swift, a i 3mareH Kopek-
THO 1IHTEpPIPETYBATH HOTO CEMaHTHUKY, MOJICNI YCIIaIKyBaHHs, BUKOPUCTAHH IIPOTOKOJIIB, CTPYKTYPH, aKTO-
palbHy MOJENb KOHKYPEHTHOCTI Ta iHII MOBHI 0coOiuBocTi. Came ISl 3aI0BOJICHHS i€l moTpedH i OyIno
ctBopeHo Stability Assurance Tool.

TeopeTuuHi 3acagu Ta MeTOAU OLIHKH CTAOLILHOCTI IPOrpaMHOro 3a6e3neyeHHst

O1iHKa SKOCTI apXiTEKTYPH MPOrpaMHOT0 3a0e3MeueHHS € HeB1I'€MHOIO Ta (pyHIaMEHTAITBLHOIO CKIIA0-
BOIO NPOIIECY YIIPABIIHHS )XKUTTEBUM IUKIIOM Oy/b-SIKOTO IPOrpaMHOTO MPOXYKTY. BifamosinHo 10 Bu3Ha-
HUX MDKHApOJIHUX CTaHIapTiB, 30kpeMa ISO/IEC 9126, sxicTh mporpaMHOTro 3a0e3NeueHHs] BU3HAYAETHCS
yepes OararorpaHHui HaOip XapaKTepUCTHK [6], TakuX AK QYHKLIOHATBHICTh, HAIHHICTD, 3pyYHICTh BUKO-
pucTaHHs, e(DEeKTUBHICTh, CYMPOBOPKYBAHICTh 1 OPTATUBHICT. Y KOHTEKCTI IIbOTO JOCITIDKCHHS IICH-
TpaJIbHE MiCIle TIOCiJJa€ XapaKTepUCTHKa CYIpoBopKyBaHoCTi (Maintainability), a came 1i ki1ro4oBi minxa-
PaKTEPUCTHKH: 3MIHIOBaHICTh, TECTOBAHICTh, 3pO3YMUTICTh 1 cTaOUIbHICTh. CTaOIIbHICTD, Y IIOMY BH3HA-
YCHHI, TPAKTYeTbCA SK 3AaTHICTh IPOrPaMHOI CHUCTEMH 30epiraTH CBOIO HITICHICTh 1 KOPEKTHICTh
(YHKIIOHYBaHHS NMPH BHECEHHI MOAM(DIKaIlii, IO € KPUTUIHO BXKIMBHM JJIs IOBTOCTPOKOBOTO PO3BUTKY
Ta eBOJIIOLIIT MPOEKTY.

JJis KiJIbKICHOT Ta 00’ €KTHBHOT OIIIHKK [UX aTpUOYTIB y MPOrpaMHiil iHXKEeHepil 3aCTOCOBYIOThCS Me-
TPUKH MPOTPAMHOT0 3a0e3MeueHHs — CTaHapTU30BaHi METOAU BUMIpPIOBaHHS, 110 T03BOMSAIOTH (popmarti-
3yBaTH Ta OI[IHUTH SKICTh YU CKJIAIHICTh KOJY.

© Cynimenxo A. A., @panxis O. O., Hacnubioa A. A., 2025
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TakuM YHHOM, METOMOJIOTIYHOK OCHOBOIO JUIS po3poliieHoro iHcTpyMmeHTy Stability Assurance Tool
(SAT) craB ¢yHnameHTanbHUH HaOip 00’€KTHO-OPIEHTOBAaHMX METPUK, 3alpPONOHOBAaHMN Yy mpari
S. R. Chidamber i C. F. Kemerer (nagani — C&K) [4]. Lle#i HaGip, 1110 MiCTUTh TaKi BilOMI TOKa3HUKH, 5K
WMC, DIT, NOC, CBO, RFC ta LCOM, noBiB cBOI0 €()eKTUBHICTH 1 IIMPOKO LIUTYETHCS B OLIBIIOCTI Cy-
YaCHUX JTOCIIDKEHB, MPUCBSIUCHUX aHaIi3y sIKOCTi Koy [7]. V cBoiit podoti C&K He muie 3anpornonyBa-
M, a ¥ TEOPETUYHO Ta eMITIPUYHO BaJliAyBaIH Iiel Habip METPHK JJIs1 BUMIPIOBaHHS SIKOCTI JU3aiiHy 00 €K-
THO-OPIEHTOBAHOTO MPOTPAaMHOI0 3a0€3eYCHHS.

OnHak, sik OyJ10 3a3Hau€HO y Mi3HIMIKMX JOCIIIKEHHSX, 30kpema y npami L. Etzkorn, C. Davis i J. Talburt,
knacuuHui miaxin C&K He 3aBkay TTOBHOKO MipOI0 BPaxOBY€ NWHAMIYHICTH CydacHOTO MPOIECY PO3PO-
OJIeHHS, I HaBITh HE3HAUHI CTPYKTYPHI 3MiHH MOXYTh CYTTEBO BIUIMHYTH Ha Pe3yJIbTaTy BUMipIoBaHsb. Llei
(bakTop, y OEHAHHI 3 YHIKQJIbHUMH OCOOIUBOCTSAMH MOBH MpOrpaMyBaHHs Swift, TaKUMHU SIK ii MyJIbTH-
napajgurMeHicTh, aKTHBHE BUKOPUCTAHHS IPOTOKOJIBLHO-OPIEHTOBAHOTO MiIX0/ly Ta Cy4acHa MOJIEIIb KOHKY-
PEHTHOCTI Ha (a3l aKTOpiB, 3yMOBUB HaraJbHy HEOOXITHICTh TIIMOOKOT aanTallii KIacCHYHUX METPHUK. Bin-
MOB1/IHO, B pamMKax po3podbku SAT Oyro 37ificHeHO peTenbHy aaanTaiiro MeTpuk C&K, yTo4uHeHOo anropur-
MH iX OOYHCIICHHS Ta pO3pOOJICHO CHCTEMY THYYKHX IIKaJl OI[IHKH, IO 3/aTHI BpaXxOBYBaTH MaciTad
1 CKJTaJIHICTh KOHKPETHOTO MPOEKTY.

AnanTanis MeTPHUK i po3po0Kka cCUCTEMH OLIHKH

[Iporiec cTBOpeHHsT e€(eKTUBHOI Ta 00’ €KTUBHOI METOIMKH OI[IHKU CTaOLTBHOCTI KOIy, HAITMCAHOTO
MOBOI0 Swift, BUMaraB mnOOKOTO aHami3y Ta ajanTailii KoKHOI 3 oOpaHux MeTpuk. [y 3abesnedeHHs
KOHTEKCTYaJIbHOT KOPEKTHOCTI OILIHKH OYJIO BIPOBA/KCHO KIIACH(IKAIIF0 TPOTPAMHHUX MOJIYIIIB 32 PO3Mi-
poM (Maui, cepeiHi, BEJINKi), o 0a3y€eThes Ha KIMBKOCTI KJTaciB y MpoekTi. Takuil miaxing € o0rpyHTOBaHUM,
OCKUJIBKY MTOKa3HUKH 3B’ SI3HOCTI Ta CKJIATHOCTI MAKOTh Pi3HY Bary Ta IHTEPIIPETAIitO IS IPOEKTIB Pi3HOTO
MaciTady. Hikue neTaapHO OnHcaHo KOXKHY METPUKY Ta ii peamizanito B iHCTpyMeHTI SAT.

WMC (Weighted Methods per Class — 36asiceni memoou na xnac)

B opurinanpHOMY BU3HAYEHHI 111 METPHKA YaCTO CIIPOIIYETHCS 10 MPOCTOI KITBKOCTI METOIB y KiIaci.
Y po3po0bieHiit aganTarii 3arpoOHOBaHO OUIBII ITHOOKUH MiAXiM, M0 HOKYCYEThCS HAa OOUMCICHH] KOMII-
JIEKCHOI CKJIamHoCTi Kiacy. 3HadeHHss WMC o0umncoeThes sik cyMa cknagaocteit (Ci) Beix metofiB (Mi),
BU3HAYCHUX Yy KJaci, 32 (hOpMyIOL0:

WMC =i = 13nCi,

Jie n — 1€ 3arajbHa KiTbKICTh METO/IB y Kiaci. SKIo BCi CKIIaJHOCTI METO/IiB BBKATH PIBHUMU OJMHUIL,
10 WMC nopiBHioBatiMe 7. Y pamkax SAT Oyito 3amporioHOBaHO J1Ba CLIOCOOHM OOYHCICHHS CKIaJHOCTI
(Ci):

1. unity: CriIaJHiCTh KOXHOTO METOIy NMpHiMaeThes 3a oguHUIo (Ci = 1). Y npomy Bunagky WMC no-
PIBHIOE KITBKOCTI METOJIB, IO J1a€ 6a30BY, KUIbKICHY OI[IHKY CKJIQJIHOCTI KJIacy.

2. custom: CkiagHICTh METOAYy OOUMCITIOEThCS 3 BUKOpHcTaHHsAM mokasHnka RFC (Response for a
Class). Le# miaxia K03BOJSIE OMIHUTH KJIAC HE JIMIIE 33 KIJIbKICTIO METOJIB, a 1 3a IHTCHCHBHICTIO Ta
CKJIaJTHICTIO MOTO 30BHIIIHIX B3aeMOJiil. TaKUM YWHOM, Ied THI yTIiIizye MeTpuky RFC mis Giibm
TOYHOTO Ta KOHTeKcTyallizoBaHoro BuzHadeHHs WMC. [Ing merpuku WMC Oynu BcTaHOBIICHI BiTHOCHI
TIOPOTOB1 3HAYeHH:: BimxmwieHH: 10 10 % Bix cepeaHbOTO MOKa3HHUKa 32 MIPOEKTOM BBaXKAETHCS T0OpUM
pesynsratoM, 10 15-20 % (3anexHo BiJ po3Mipy MPOEKTY) — JOIMYyCTUMMM, TOJ1 SIK OUIBINII 3HAUCHHS
CUTHATI3YIOTh PO MOTEHIIHI MPOOIEMH 31 CKIIATHICTIO Ta CYNPOBOIKYBAHICTIO KJIACY.

NOC (Number of Children — Kinvkicms kawaokis)

s MeTpuKka JOpiBHIOE KUIBKOCTI Oe3M0OcepeHiX AOUipHiX KIIaciB, MO yCNaIKOBYIOTHCS BiJl 6a30BOr0O
kiacy. BpaxoByrouu, 1o MoBa Swift akTHBHO MPOCyBa€ allbTEPHATUBYU [ITUOOKUM 1€papXisiM yCIIaAKyBaHHS
4yepe3 BUKOPUCTAHHS MIPOTOKONIB Ta KOMIO3ullii, Bucoke 3HadeHHss NOC Moke CBIIYUTH NPO HAAMIpHY
CKJIQJTHICTh 1 MKOPCTKICTh apXiTeKTypH. I aJieKBaTHOI OLIHKH OyJ0 PO3pOOJICHO JOMYCTHMI BiJICOTKOBI
CIIBBIIHOIICHHSI KLTBKOCTI KiaciB 3 BucokuM NOC 3aniexHo Bijx po3mipy npoekrty: 10 % mis manux, 30 %
Ut cepenHix i 50 % 11 BENUKHUX MPOEKTIB.

RFC (Response for a Class — Peaxyisa nHa kn1ac)
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B opurinanshiit npami C&K makcumanbhe 3nadeHHss RFC He Oyno witko Bu3HavueHo. SAT iHTepriperye
RFC 3rigno 3 ¢pyHIaMeHTaIbHUM BU3HAYEHHSIM aBTOPIB: SIK HAOIp METOAIB, 110 MOTEHIIHHO MOXYTh OyTH
BHKOHAaHI y BIJAIOBIJb HA TOBIIOMJICHHS, OTPUMaHe 00’ €KTOM JaHoro Kiacy. OOYHCIICHHS Bi0yBa€ThCS
y JIBa eTaru:

1. Iepmwmii eTar (IpsMi BUKIIUKH):

RFC=M+R

ne M — 11e KUTbKICTh METO/IiB, BU3HAYEHUX Y caMOMY Kilaci, a R — KiJIbKICTh YHIKaJIbHHUX 30BHIIIHIX Me-
TOJIiB, IO BUKIUKAIOTHCS Oe3M0CEepEIHRO METOaMH IIHOTO KJIACY.
2. TloBHa omiHKa (peKypCHBHI BUKITUKH):

RFC'=M+R

ne R' — 1e noBHUi HaOip BiANATICHUX METO/IB, BUKIMKAHUX PEKYPCHBHO 110 BCbOMY JI€PEBY BUKIIUKIB, 110
BHUXOJIATH 3 Kilacy. UHCIIeHHI TOCIIKeHHS, 30KpeMa TipoBeieHi NASA Ta iHIIMMH aBTOpaMHU, TiATBEPIKY-
10Th, 10 BUCOKUH MoKa3HUK RFC cuibHO Koperoe 31 301IBIIEHHAM LIITBHOCTI TOMUJIOK Ta YCKIIAAHEHHIM
TectyBaHHsA [9]. Ha ocHOBI mux maHux Oys0 po3poOJieHO IMIKaly OMmiHKH: cepenHe 3HaueHHss RFC mo 50
BBaXkaeTbes 100puM, 10 100 — momycTUMuM, a BHILI MOKa3HUKHU CBiTYATh MPO HAAMIPHY CKJIAaIHICTh Ta
3B’SI3HICTB KJIacy.

LOC (Lines of Code — Posmipnicme ¢aiinie)

VY po3pobiieHiil cHCTEMI Ll METPUKA CITyTY€ HE JIMIIE IS PSIMOT OLIHKH PO3Mipy MPOrPaMHUX MOJY-
JIiB, a 1 K BOXIIUBHH 3B’ I3yBabHUN (HAKTOP, 110 BUKOPUCTOBYETHCS JIJIsl 3ACTOCYBAHHS KOPEKTHHX KA
OLIIHKH 110 iHIIKX MeTpuK. Takoxx LOC omocepeakoBaHO OIIHIOE JIAKOHIYHICTh apXiTEKTYPH B MEXax OK-
PECIIEHUX MOJTYIIIB.

LOCM (Lack of Cohesion of Methods — Iloka3znux HedocmamHwvoi 3uenieHocmi memoois)

ImuiemenTarist ananTtaiii mi€i METPUKY € BAXXJIMBUM JOTIOBHEHHSIM JIO TIEPIIOi BepCil aHaIi3aTopa, B SIKil
i He OyJI0 peai30BaHO Yepe3 CKIAIAHICTh OOUMCIICHHS Ta 300py HEOOXIIHHX MapaMeTpiB 3 apXiTEKTypH
MPOrpaMHOTo 3a0€3MeYeHHSI.

3YEIUICHICTh € OJHIEI0 3 KIIFOYOBUX XapaKTEPUCTHK SIKICHOTO 00’ €KTHO-OPIEHTOBAHOTO AM3aiiHy. BoHa
BioOpaXkae CTyMiHb, O SKOTO €JIEMEHTH BCEPEAMHI OJHOTO MOMYJS B3a€MOIIOB’SI3aHI Ta CIPSMOBaHI
Ha JOCATHECHHS €IMHOI, 9iTKO BH3Ha4eHOI MeTH. Kitacu 3 BUCOKOIO 3YEIICHICTIO € OUIBII 3pO3yMITUMH,
JICTUIMMY B CYIPOBOJIi Ta IOBTOPHOMY BUKOPHCTaHHI, OCKUIBKU IXHS BiJIOBIJaNbHICTh € BY3bKO CHOKY-
COBaHOIO.

LOCM, sk BumuBae 3 ii Ha3BH, BUMIPIOE IPOTUIIEKHE — BiJICYTHICTH 34eIUIEHOCTI. Bucoke 3HaueHHS
LOCM CBimunTh 1Ipo T€, IO KIIac, IMOBIPHO, BUKOHY€E Garato Hermos’s3anux GyHkiii. Moro MeToan Mo-
XKyTb OyTH PO3IIICHI Ha TPYIH, KOXKHA 3 SIKHX IIPAIIOe 3 BIAaCHUM Habopom aTpudyTiB. Taka ¢pparmenToBa-
Ha CTPYKTypa — O3HaKa CJIA0KOTO JU3aiiHy, 1 3a3BUYall BKa3ye Ha HEOOXiTHICTh pehaKTOPHHTY Yepe3 po3-
OWTTS KJIacy Ha JEKiIbKa MEHINX, Oi1bIl cpokycoBaHNX onuHUI [8]. HaBnaku, Husbke 3HadenHs LOCM
€ 03HAKOIO CHIIFHOI 3UETICHOCTI: METO/IN KJIacy aKTHBHO BUKOPUCTOBYIOTh CIUTBHI aTpHOYTH, IO CBIAYUTH
PO AKICHY apXiTeKTypy.

3 ypaxyBaHHSIM CHHTaKCHYHUX O0COOMMBOCTEN MOBH Swift i IpyHTYI0UHCh Ha POpMaTFHOMY BU3HAYCHHI
METPHKH, B iHCTpyMeHTI Stability Assurance Tool 6yno peanizoBaHo Takuii anroputm obuuciaerns LOCM.

O xknacy C 3 MHOXKHHOIO METOJIB:

(M1, M2, ..., Mn}
Ta MHO)KMHOIO aTpuOyTiB (3MIHHUX €K3eMILISIpa)
(A1, A2, ..., Am}:
1. Bu3HaueHHs MHOXHUH aTpUOYTiB, IKi BUKOPUCTOBYE KOXKEH METOJ.
s ko)kHOTO MeTony Mi BU3HA4Yae€ThCst MHOXKWHA [i — HaOip aTpuOyTiB, SKi BiH BUKOPUCTOBYE (1151

yuTaHHs a00 3amucy).
2. IligpaxyHOK KiJBKOCTI ITap METO/IB.
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Jiis xokHOT yHiKanbHOT mapu (Mi, Mj), i <j nepeBipseTbes nepetud MEOKUH [iN]j. Tomi:
— JSxmo fi N [j = @ — napa BBaXKa€TbCsl HE3B A3HOIO.
— Sxmo Ii N [j # @ — mapa BBAKAETHCS 3B’ A3HOIO.
3. O6uucnenns LOCM.

LOCM = {P-Q, 0, axmo P > (Q iHakiIe,

ne P — KUTBKICTh YHIKQIBHUX HE3B SI3HMX Hap METOIB, ) — KiJIBKICTh 3B’ SI3HUX IIap.

Taxuit 06paxyHOK (akTHUHO (PopMai3ye CTyIiHb HEAOCTATHBOI 3UEIUICEHOCTI: SIKIIO KUTbKICTh HE3B M-
3aHUX Map HNEePEeBUIIYE KUTBKICTH 3B’ s13aHnX, LOCM Oyne NO3UTHBHUM i CHTHAIi3yBaTUMeE PO MPOoOJIeMy.
SAxo xx HaBnaky, To 3HadeHHss LOCM Oyne Hyab0BUM — IO BKa3y€ Ha HaJIeKHY BHYTPIIIHIO 3B’ A3HICTb.

Binnosinno, interpamis Mmetpuku LOCM y Stability Assurance Tool mo3Bomnuiia CyTT€BO MiJIBUIMTH
SIKICTh apXITEKTYPHOTO aHali3y KiaciB, 3a0e3MeYUBIIN 00 €KTUBHHUI MOKA3HUK CTYNEHs BiANOBITHOCTI
NpUHIMITY €AuHO]I BigmoBinansHocTi. LOCM ciyrye eeKTHBHIM iHAUNKATOPOM BHYTPIIIHBOI 34ETICHOCTI
Ta MAIPYHTSIM JJIs BUSBICHHS apXiTEKTYPHUX Ae(EKTIB y qu3aiiHi 00’ €KTHO-OPIEHTOBAHUX CHCTEM.

ApxiTekTypa Ta eBOJIIOLIs KOMILIEKCY

Apxitektypa Stability Assurance Tool npoiinna kinbska ¢a3 Tpanchopmarii: Big npocroi CLI-iporpa-
MH JI0 IIOBHOIIIHHOTO 0araTOKOMITIOHEHTHOTO IHCTPYMEHTY, 1110 IHTETPYETHCS y BUPOOHMYI TIPOIIECH PO3PO-
OnenHsa nporpamHoro 3abesnedenHs. [loyarkoBa Bepcist SAT Oyna peanizoBaHa y ¢opMi KOHCOIBHOTO 3a-
CTOCYHKY, III0O BUKOHYBAB aHaJli3 KOIy Ha OCHOBI CHHTaKCHYHOTO JiepeBa, C(pOpMOBAHOTO 3a JOIIOMOTOIO
6i0miotexu SwiftSyntax [2]. Y Hill peanizoByBaBcsi 0OMexeHUI HaOip METPUK, a Pe3yJbTaTH aHaNli3y BHUBO-
quics y ¢hopmi 3BiTy B TepMiHaii abo y ¢popmari HTML.

VY npoueci po3BUTKY IPOEKTY OyJI0 MPUIHATO PillIeHHS epeiTH 10 MOAYIIbHOI apXiTeKTypH Ha OCHOBI
Swift Package Manager. Lle 103BoynII0 3a0€3M€UUTH PO3MITICHHS BiJIIOBITAIIEHOCTEH MK KOMIIOHEHTAMH:
BUKOHYBaHHMI MOIYJb, 010110TeKa 3 JIOTIKOIO aHali3y, IUIariH AJIs 3pYYHOrO 3aIyCcKy 3 KOMaHIHOTO PsIKa.
OnHi€I0 3 HAWBAXKITUBIIIKMX TIepeBar HOBOTO MIAXOMy cTajo Te, mo SAT Moxke iHTerpyBarTucs Oe3nocepel-
HbO B Xcode 3a nonomoroto Build Phase Scripts [1]. 3aBasku npomy aHasi3 Koy BUKOHYETbCS aBTOMAaTHY-
HO ITiJ] Yac KOMITIJIAIIIT MPOEKTY, a pe3yJIbTaTH BUBOAATHCS Oe3mocepenHpo B Issue Navigator.

Kitr040B010 3MiHOIO B apXITEKTypi CTajla TaKOX MiATPUMKA IMapasieIbHOTO OOYHMCIICHHS METPUK. 3aCTo-
cyBaHHs MexaHi3MiB Swift Concurrency Jano MOXIUBICTh PO3MAPANICIIUTH OOYHCIICHHS HE3JICKHHUX Me-
TPUK, L0 3HAYHO 3MEHILIWIO Yac aHali3y Uil Belnukux konosux 0a3 [10]. Buxopucrtanus ctpykryp Task
3pOOHII0 MOKIIMBUM He3aJIe)KHE BUKOHAHHS aHAI3Y UL KOXKHOTO KJIacy, MOIYJS a00 METPUKH, IO ITOKpa-
LU0 MacIITab0BaHICTb 1 NPOAYKTUBHICTH SAT.

HpaKanHe 3aCTOCYBaHHSA

IIpaktiune BukopucTtanHs Stability Assurance Tool oXOIuIIO€ SIK JIOKaJIbHY OLIHKY IIPOEKTIB MiJ 4ac
pO3pOo0IIeHHs, TaK 1 aBTOMaTH30BaHy mepeBipky B nporecax CI/CD. Interpamis B Xcode BinOyBaeThcs 3a
paxyHOK BHKOHYBaHOTO ckpunra y Build Phases, sixkuii BuK/InKae aHaizaTop nepe KOMIUIALIEO [iIbOBO-
ro MOAyJs. 3aBIsku (hopMaTyBaHHIO BHBONY, IO BianoBimae Xcode-cTaHmapram, yci MOMEpeKeHHS Ta
MOMIJIKY aBTOMAaTHYHO BiZJoOpa’karoThCs B pefakTopi koxy. Lle 3abe3neuye HeraitHuii 3BOpPOTHHH 3B 30K,
JI03BOJISIE PO3POOHHKY IIBUIKO BHSIBUTH ITPOOIEMHI MICIISI Ta CBOEYACHO IX YCYHYTH.

Cucrema koH(pirypanii SAT ocHoBana Ha YAML-(aiinax, 1o 103BoJIsi€ JeTadbHO HAJTAIITOBYBATH I1a-
pametpu aHaii3y. ¥ YAML-HanamTyBaHHSIX BU3HAYAFOTHCS TIOPOTOBI 3HAYCHHS JJIs1 KOOKHOT METPUKH, TXHI
KPUTUYHICTb, Bar0OB1 KOe(illi€HTH, aKTUBOBAHI METPHUKH, a TAKOXK KATaJIOTH, sIKi HEOOX1THO MpoaHali3yBaTu
a0o BumyuuTH. Takuid miaxix 3a0e3nedye rHydKicTh Ta aIalTHBHICTB, TO3BOJISIOUN 3acTocoByBatd SAT 1o
PI3HOMAaHITHHUX ITPOEKTIB — BiJl HEBENUKUX Open source-0i0mioTek 10 KOPHOPATUBHUX PIIEHb i3 COTHAMHU
THCSY PSJIKIB KOIY.

OcobnuBo HiHHOMWO € iHTerpaunis 3 CI/CD-cepenoBumamu [3]. Anamizatop NiATpUMye HapaMeTpy THITY
maxAllowedWarnings, a Takok JO3BOJISIE PU3HAYATH KOXKHINA METPHIII CTATyC SITor 4u warning rmpu nepe-
BHUIIIEHHI nopory. Lle 3a0e3nedye cTBOpeHHs Tak 3BaHUX quality gates, siki aBTOMAaTUYIHO 3yNUHSIOTH 30ipKy
y BHMNAJKY MOTipIIeHHs SKoCTi koay. Takum unHoMm, SAT BUCTyNae He JUINE IHCTPYMEHTOM J1arHOCTHKH,
a ¥ BAXKJINBUM €JIEMEHTOM 1H(PACTPYKTYpH 3a0€3MeueHHS SKOCTI IPOTPAMHOro 3a0€3IMeUeHHS.
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Pe3yabraTn Ta 00MesKeHHSI pO3P00/IeHOI CHCTeMHU

VY nporeci exkcrutyararii SAT Oyno miaTBepaxeHo Horo epeKTUBHICTh Y BUSIBICHHI apXiTEKTypHHUX He-
JIOJIKIB 1 CKJIAJHHUX JUISA MiITPUMKHA MOIYITIB. 3aBISKH BUKOPHCTAHHIO KUTbKICHUX METPHK PO3POOHHKH
OTPUMYIOTh 00’ €KTHBHY OL[IHKY CTaOiIbHOCTI Ta 3p03yMiTIOCTI KOIY, 10 03BOJIsIE MPUXMATH OOTPYHTOBAHI
pIIeHHS 010 pehaKTOPHHTY Ta MOKPAIIEHHs apXiTeKTypH [S]. [HCTpyMEHT IpOIeMOHCTPYBAB 3/1aTHICTh
IHTErpyBaTuCs B peanbHi poOodi IPOoLecH PO3pOOHUKIB, HE MOPYLIYIOUH 3BUYHOTO UKy POOOTH.

OnHak, monpu Bci iepeBarn, SAT Mae i ieBHI 0OMekeHHs. 30KpeMa, IIOTOYHA pealtizallis He MATPUMYE
UOOKUil aHaJIi3 KOHKYPEHTHOTO KOy, 30KpeMa B3aeMOIii Mixk akTopaMu a00 aCHHXPOHHUX 3aJIEXKHOCTEI.
Takox MeTpHKH OyJIH aIaliTOBaHi IS KJIAciB, olHAK Y Swift BelTnke 3HaUSHHS MAlOTh IPOTOKOJIH, CTPYKTY-
PH Ta PO3IIUPEHHS, SIKi HE 3aBK/I1 OXOILTIOIOTHCS HassBHUMHU TIpaBmiiamMu. Y maiiOyTHeoMy SAT norpeOysa-
TAME PO3MIUPEHHSI METPHK, OPIEHTOBAHUX caMe Ha 0COOMUBOCTI Swift — sik-oT aHami3 POP-koHCTpyKIIiN
a00 aKkTOpalbHUX CLIEHApiiB.

[lle omHiero 3 mMpoOieM € MPOMYKTHBHICTh HA HAJBEIUKUX IPOEKTaX. Xodva Mmapalieiizallisi J03BOJIsE
MPUCKOPUTH aHalli3, BCE 3K 4ac 0OpoOJIeHHS JECATKIB THUCSY KIaciB a00 MOIyiB Moxe OyTu 3HauHuM. Lle
CTBOPIOE MOTPeOy y JTOMATKOBIH oNTHMI3allii anropuTMiB Ta MOOYIOBI OIIBIIT THYYKHMX CTpaTeriii arperamii
PpE3yIbTaTiB.

BucnoBknu

Stability Assurance Tool cTaB BaXKJTUBOIO 1HILIATHBOIO y HAMIPSIMI TOOYTOBH HAIIHHOT iHQPACTPYKTYpH
KOHTPOIIO AKOCTi Swift-rpoekTin. Floro po3BUTOK 3aCBiTUMB MONIIMBICTb a1aNTallii KITACHIHMX METPHK JI0
CY4acCHHX MOB IPOTpaMyBaHHS], a TAKOX MPOJEMOHCTPYBaB ¢()DEKTUBHICTh TIIHOOKOI IHTErpamii aHaizy
B Ipouec po3pobneHns. Apxitektypa SAT 103Bojsie 3pydHO PO3IIMPIOBATH IHCTPYMEHT, TOAAI0YN HOBI
METPHUKH a00 BJOCKOHATIOIOUN HASBHI aJTOPUTMH.

HajinepcreKTUBHIIIUME HApPsSMaMU MOJAJIBIIOTO PO3BUTKY € PO3LUIMPEHHS MiATPUMKH JJIsl aHATi3y
Swift Concurrency, 30kpeMa BUSIBJICHHS TOTCHIIIHHUX OJIOKYBaHb 1 CTaHiB TOHUTBH. TaKoK JAOIIBHO PO3-
HIMPUTU METPHUKH JJISI aHATII3Y TPOTOKOJIBHO-OPIEHTOBAHOI apXITEKTYPH, 30KpeMa BPaxyBaHHS PO3IINPEHb,
KOMITO3UTHHX MTPOTOKOJIIB 1 pealtizaiiil yepe3 po3HIHPEeHHS.

He Menmr BaximBuM € mokpaieHHs B3aemonii SAT 3 iHmumu iHcTpyMeHTamu. Po3poOka excroprepa
y dopmari SARIF no3BonuTth iHTerpyBatu pe3yinbTatd SAT y 3arajibHi CHCTEMH KOHTPOJTIO SKOCTI, TakKi K
GitHub Act, Azure DevOps a6o Jenkins. [TinTpumka Objective-C i 3mimanux Swift/ObjC-npo€ekTiB Takox
BiJIKPHE MOXJIMBOCTI JUTS aHAITI3Y CKIJIAJIHHX, CTIAJKOBHX KOJTOBUX 0a3.

VY nepcrektuBi SAT Mae NOTeHIIial EPETBOPUTHCS HE JIUIIIC Ha IHCTPYMEHT MEPEeBipKH, a i Ha peKo-
MEHIAIIHHUA MEXaHi3M, IO He JIUIIE BUSABISLE IPOOIEMH, a i MPOIOHYE IUIAXH iX BUPIMICHHS. 3aTydeHHS
€JIEMEHTIB MAIIMHHOTO HABYAHHA Ta PO3POOJICHHS MOJENeH, 3[aTHIX HAa OCHOBI ICTOPUYHUX JAaHHUX MpO-
THO3YBaTH CTaOUIBHICTh 3MiH, BIIKPHE HOBI TOPU30HTH B aBTOMATH30BaHIH OIIHII SIKOCTI KOLY.
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A. Sulimenko, O. Frankiv, A. Nagnybida

SOFTWARE PACKAGE STABILITY ASSURANCE TOOL:
EVOLUTION AND DEVELOPMENT FORAUTOMATED EVALUATION
OF SWIFT CODE STABILITY AND READABILITY

The development of robust and maintainable software systems is highly dependent on the architectural
quality of source code. Swift, as a modern programming language developed by Apple, introduces unique
challenges for static analysis due to its use of protocol-oriented and concurrent programming paradigms.
Traditional quality metrics often fail to capture the nuanced characteristics of Swift codebases, creating
a need for dedicated tooling.

This article presents the Stability Assurance Tool (SAT), a lightweight yet powerful static analysis system
designed specifically for Swift. SAT applies a suite of object-oriented design metrics, such as those from the
Chidamber & Kemerer framework, and adapts them for Swift using techniques based on abstract syntax
trees generated via SwiftSyntax. The tool is engineered as a modular Swift package that integrates seam-
lessly with Xcode and continuous integration systems, providing developers with real-time feedback about
the architectural soundness of their code.

The tool analyzes source code by computing metrics in parallel using Swift Concurrency. The results can
be visualized via terminal reports or HTML dashboards and serve as input for quality gates in CI/CD
pipelines. Special attention is given to YAML-based configuration that allows teams to calibrate metric
weights, set custom thresholds, and fine-tune severity levels.

This article also explores SATs extensible architecture and the practical results of its application to both
open-source and enterprise Swift projects. Limitations of the current version include shallow semantic
analysis and limited support for concurrency and protocol extensions, which will be addressed in future
updates. Long-term plans include integration with SARIF, multi-language support, and machine learning-
based prediction of unstable modules.

Keywords: static code analysis, Swift, software stability, code maintainability, CI/CD, SwiftSyntax,
software metrics.
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EMOIIMHUMN ACHEKT BIBHEC-KOMYHIKALIN:
NEPEOCMMUCJIEHHS POJII HETATUBHUX EMOIIN
Y NPO®ECIMHOMY IT-CEPEJTOBUIII

Cmamms docnioxcye ponsb emoyiil 6 1T-0i3Hec-KOMYHIKAYIAX, 30Kpema ananizye micye max 36aHux Heea-
MUBHUX eMOYill y npogecitinomy cepedosuyi. AGmMopxa KpUMmuyHo nepeocmMuciioe mpaouyitiHuil nioxio 0o
DPO3MeNHCYBAHHA DI3HEC-KOMYHIKAYIll Mma NOBCAKOEHHO20 CRINKYB8AHHA, HA2ONOWYIOUU HA BANCTUBOCTI eMO-
YiliHO20 KOMNOHEHMA 6 epekmugHill KopnopamusHii 63aemodii. Ha ocnosi ananizy cyuacuux 0ocuiodicens
eMOYIUHO20 IHmeneKmy ma NpaKmudHux Kelcie 0eMOHCMPYEMbCA, WO NPOSA8 A8MEHMUYHUX eMOYill, i He-
2aMUBHUX MAKOIIC, MOdiCe Cnpusmu noby0osi 008ipu ma NoKpawjeHnio op2anisayilinoi egpexmusnocmi 6
IT"xomnanisx.

KurouoBi cioBa: 0i3Hec-KOMYHIKallii, eMOIIIHHNAN 1HTEIEKT, HEraTUBHI eMOIIii, JIOBipa, opraHi3aliifna
e()eKTUBHICTh, aBTEHTUYHICTh, KOPIIOPATHBHA KYJIETYPA.

Beryn

Tpaauniriai miaxoau 10 Gi3HEC-KOMYHIKAIIi1, 10 0a3yBaJIucs Ha )KOPCTKOMY PO3MEXKYBaHHI Mpodeciii-
HOi Ta 0COOHCTICHOI chep, BUABIAIOTECS HEAOCTATHHO ()EKTUBHUMHE B YMOBAX CYYaCHOTO CYCIJILCTBA, A€
JIONCHKHI KaIliTall cTa€ OCHOBHUM KOHKYPEHTHHM pecypcoM opraHizarii. OcoOnuBo 1ie XapakTepHe st
IT-cdepn, ne came npamiBHUKH € PYIIEM 3MiH Y KOMIIaHii.

JloCipKeHHS B rary3i eMOLIHHOTO IHTEIEeKTY IEPEKOHINBO JOBOSTH, IO €MOIIIi HE € IIyMOM)» y KO-
MYHIKaTUBHOMY IPOIIEC], & CTAHOBIATH MOTO HEBIJ €MHY Ta ()YHKIIOHAIFHO BaXIUBY CKJIanoBy. Ocolmu-
BOI aKTyaJIbHOCTI HaOyBa€ MUTAHHS POJi TaK 3BaHUX HETaTWBHUX eMolill y mpodeciiinomy [T-cepemonumi.

[Mompu 3pocTaHHs MOMYSPHOCTI KOHIIEIII] eMOIIHOTO IHTEIECKTY, KOPIIOpaTHBHA KYJIBTypa O1IbIIOCTI
oprasizamiil JOCi XapaKTepH3YyEThCsl CTUTMATU3AIIEI0 MIPOSIBY TAaKUX €MOIIiH, K THIB, pO3YapyBaHHs, TPH-
BoOTa, CyM ToIIo. Lle cTBOprO€E MapajokcaabHy CUTYAIlil0: BiJl MPalliBHUKIB BUMAra€ThCsl PO3BUTOK EMOIIiN-
HOTO iHTEJIEKTY, aJie MPOSIB MPUPOTHIX EMOLIHHUX PeaKIill pO3IIIAETHCS K 03HAKA HEMPOdecioHai3My.

TeopeTnuHi 3acagu A0CTiZKeHHS
Esonmoyis posyminns 6iznec-xomynixayii

IcTopryHO PO3BUTOK TeOpii Oi3HEC-KOMYHIKAIIiT BiIOYBaBCS B MapaJurMi MEXaHICTHYHOTO ITiAX0.Y, 110
nependavyaB MaKCUMaJIbHY palioHai3alilo KOMyHIKaTUBHUX MIPOIIECIB Ta MiHIMI3aIlil0 «IIOACHKOTO (haKTo-
pa». [IpoTe po3BUTOK TYMaHICTUYHOTO IMiIXOAY B MEHEDKMEHTI TOCTYIIOBO 3MIHUB PO3YMIiHHS POJI JIFOA-
ChKHUX BiJTHOCHH B OpraHizalii.

CyuacHe po3yMiHHS 0i3HEC-KOMYHiKaIlil pOpPMYy€eThCs i BIUIMBOM CHCTEMHOTO IiJXOMY, /1€ €MOIIiT Ime-
PECTaOTh CIIPUIMATHUCS SIK MIEPEIIKoAa I €(peKTHBHOT KOMyHiKalii, HATOMICTb PO3ITISIAIOTHCS K BaXKJIU-
BHI pecypc ISl CTBOPEHHS OpraHi3alliifHOT KYJIBTYpH Ta JTOCSTHEHHS CTPAaTeriuyHuX I[iIeH.

BonHouac TpaguiiiiHe IpOTHCTaBIEHHS Oi3HEC-KOMYHIKaIlil Ta 3BUYAfHOTO CHIJIKYBaHHS 3aJIUIIAETHCS
MOIIUPEHUM Y KOPIIOPATUBHIN MPAKTHUII Yepe3 CTPYKTYpHI Oap’epu: iepapXidyHi BIIHOCHHH, Pi3HI KOMYHI-
KaTUBHI CTHJII Ta 0COOUCTICHI OCOOIIMBOCTI YYaCHUKIB.

Konyenmyanvhi ocnogu emoyitinozo inmenexkmy

KoHmeniisi eMoOIIiiiHOTO iHTENEKTY, TeopeTuaHO o0rpyHToBaHa I1. CanoBeem ta Jx. Meitepom [8] i mo-
myisipuzoBana /. [oynMaHOM, peBOMIOLIOHI3yBajla PO3yMiHHS POJIi €MOLI y mpodeciiiHiil AisTBHOCTI.

© Xpsina O. 1., 2025
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Mopenb eMOIIHHOTO IHTEeNIeKTY ['0yiIMaHa OXOTUTIOE T’ SITh KITFOYOBHUX KOMIIETEHITII: CAMOCBIIOMICTh, CAaMO-
peryunsiisi, MOTHBALis, EMIIATisl Ta COLiaNbHI HABUYKH [5].

HetiponaykoBi TOCIPKEHHS MATBEPDKYIOTh QyHIAMEHTAIBHY POJIb €MOIIIN Y Tporecax MpUHHATTS
pillIeHs 1 coliaabHOI B3a€EMOIi, M0 CBIAYUTH MPO TE, II0 eMOIlil He MPOTUCTABISIOTHCS PalliOHATBHOCTI,
a € 11 He0OX1JHOKO CKJIaI0BOXO.

VY 6i3HEC-KOHTEKCTi eMOLIHHUI THTETIEKT BUABIISAETHCS OCOOIMBO BAXKITUBUM JJIS JTIIEPCHKUX TMO3HIIIHN.
JlochiKeHHS TTOKa3yIoTh, IO YCIIIMHICTh KepiBHUKIB Ha 90 % 3alle)KUTh BiJl eMOIIITHOTO 1HTEIEKTY, 0CO-
011MBO Ha BUIIMX yNPABIIHCHKUX PIBHSX.

Pe3yabTaTn 1ociigxeHHs
Mexanizmu cmuemamu3sayii HeeamusHUx emoyiu

Amnani3 koprniopatuBHuEX [ T-IpakTHK BHUABNISAE CHCTEMHHUI XapaKTep CTUTMaTH3allii HETaTHBHUX €MOIIii
yepes KiTbKa MEXaHi3MiB.

Hopmamuenuii mexanizm — CTBOPEHHS HEMTUCAHUX MTPABHJI IIOJI0 «IIPUHHATHOT» EMOIIHHOT TOBEIIHKH,
IO TPAHCIIOIOTHCS Yepe3 CUCTEMY 3a0X04EHb i TOKApaHb.

Juckypcueruil mexanizm — MOBHI IPAKTHKH, 10 HAJIAIOTh HETATHBHY KOHOTAIIi0 TIPOSIBaM eMOIIii («HE
Tpeba eMOIIIOHYBaTH, «I1e HempodeCiiHHOo» ).

CmpyxmypHuii Mexanizm — BUKOPHCTAHHS 3BUHYBauCHb Y HaIMIipHiH eMOLIHHOCTI SIK CTIOCO0Y YHUK-
HEHHS CKJIQJHUX PO3MOB 200 IMPUKPUTTS HEKOMIIETCHTHOCTI.

I'endepruii mexanizm — pi3He CTaBICHHS 10 EMOIIITHIX IPOSBIB YOJIOBIKIB 1 )KiHOK, A€ Ti caMi peakii
IHTEPIPETYIOTHCS TO-PI3HOMY 3aJICXKHO BiJ| CTaTi.

DyHKYIOHATLHA PONb HE2ATMUGHUX eMOYIl

CydJacHi TOCTiIKEHHsI CIPOCTOBYIOTH YSIBICHHS PO BUKIIOYHO ASCTPYKTHBHUM XapaKTep HETaTHBHUX
E€MOLIIM:
® [Hig CHTHANI3y€e IO MOPYIICHHS BAXIMBHX LIHHOCTEH Ta MOOLII3ye SHEprilo I iX 3aXHCTY, MOXe
CTUMYJIIOBATH IHHOBAIIIHHI PIIICHHS.
® Tpusoea BUKOHYE (PyHKIIIIO pAaHHBOTO IONEPEIHKEHHS PO MOTEHIIHHI MPOOIeMH, CTUMYITIOIOUH KpPaIy
MiJITOTOBKY.
o Cym i po3uapyeanns AONOMAraioTh IEPCOCMUCINUTH LiJi MiCIs HEBAY, CIIPUSIOYN HABYAHHIO Ta ajal-
Tarii.
KoHCTpYKTHBHICTh HETaTHBHHIX €MOILIiH 3aJISKUTD HE BT IX MPHIYIICHHS, a BiJf cHOco0y BUPaKCHHS Ta
iHTerpanii y KoMyHikatuBHU# mporec [13; 15].

Emoyitinuil 36’430k K 0CHO8a 008ipu

Emonifinuii 38’ 430K MK yYaCHHKaMH OpraHi3allii € KIIFo4oBUM (paxTopoM hopmyBaHHs oBipu [4]. [1a-
paloKCaNbHO, ajie POSIB YPA3IHUBOCTI Yepe3 HEraTWBHI eMOIIil YacTo CIPHSE 3MIHCHHIO TaKOTrO 3B’SI3KYy
yepes:
® ABTCHTHYHICTh EMOIIIHHUX MPOSBIB SIK CHTHAJ PO YECHICTD;
® CITiIbHE NIePEKUBAHHS CKJIAJTHUX EMOIIii, 110 CTBOPIOE BITUYTTS CIIILHOCTI;
® TOTOBHICTPH JUTHTHUCS HETATUBHIMU SMOIISIMU SIK JJEMOHCTPAIIIS JOBIPH.

Ananiz ykpaincvko2o Keucy

Oco06nmuBoi yBaru 3aciyroBy€ JOCBiJ YKpaiHCBKHAX T'POMAJICHKHX 1 BOJIOHTEPCHKUX OpTaHizallid, sKi
MPOEMOHCTPYBAIH BUHATKOBUI piBeHb €PEKTUBHOCTI B yMOBaX BiiHHU. KITFOUOBOIO XapaKTepUCTHKOIO TX-
HBOI KOMYHIKaIlil € pauKaIbHa BiIKPUTICTh 1 aBTCHTUYHICTb.

Jlizepu BiIKpUTO MiASATHCS CKIATHUMH €MOIIISIMH, IO CTBOPIOE:
® BiTUYTTS aBTCHTUYHOCTI Ta JOBipH;

e 00’¢qHaHHs CIIUIBHOTH HABKOJIO CHUILHUX IIIEH;
® KOHCTPYKTHMBHE KaHANI3yBaHHS €MOILiH y MPOXyKTUBHI [ii.

BaxIMBHM €JIEMEHTOM € MOETHAHHS €MOIIHHOT BIIKPUTOCTI 3 BUCOKHUM PIBHEM BiJIIIOBiIATBHOCTI Ta

npodecioHaiamy, a TAKOXK KyJIbTypa B3a€EMHOI MiATPHMKH Ta BU3HAHHS IIPaBa Ha IOMILIKY.
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Bzaemose 30k emoyitinoeo inmenexmy ma opeanizayitinoi egpexmusHocmi

EmnipuyHi 1oCIiKeHHST IEMOHCTPYIOTh CTATHCTUYHO 3HAYYIII KOPEJIAIii MiX piBHEM eMOIIIHOTO 1H-
TEJIEKTY Ta MMOKa3HUKaMH MPOIYKTUBHOCTI Mpalli, 3aI0BOJIEHOCTI PoOOTOI0, Tifepchkoi eheKTUBHOCTI [6;
9]. KomaHu 3 eMOIIIHO 1HTEIEKTyaIbHIUMH JIiIEpaMH TIOKa3yIOTh Kpallli pe3ysbrata y [14]:

PiBHI JOBipH Ta 3TypTOBAHOCT;
3ATHOCTI JIO aJamTallil B yMOBaX 3MiH;
e(heKTUBHOCT] BUPIIICHHS KOH(IIKTIB;
PiBHI iIHHOBAIITHOCTI Ta KPEATUBHOCTI;
MOKa3HUKAX YTPUMAaHHS MEPCOHAIY.

IIpakTnuni pexomeHngamii
Poszsumok emoyitinoi’ epamomnocmi KepigHUKi6

[Iporpamu po3BUTKY MaroTh nepeadauaru [11]:
® TEOpPETHYHY IITOTOBKY 3 OCHOB IICHXOJIOTIT €MOITiii;
® TIPaKTHYHI BIIPAaBU HA PO3BUTOK EMITaTil Ta HABUYIOK aKTUBHOTO CITyXaHHS;
® TPEHIHTH 3 KOHCTPYKTHBHOTO BUPAKCHHS CKJIQJIHUX EMOIIIH.

CmeopenHs Kynvmypu ncuxonoeiyHoi 6esnexu

Heo0xinHi cucTeMHI 3MiHU:
® [epervIs CUCTEMH OIiHKY MPAI[iBHUKIB 3 BKIIOUCHHSIM MMOKa3HUKIB EMOLIIHHOTO 1HTETICKTY;
® pPO3pOO0JICHHS MPOTOKOJIIB OOTOBOPEHHS CKIIAHUX €MOIIHHUX CUTYAIil;
® 3a0e3IeUcHHs KaHAaIB sl BUCIIOBICHHS HE3roAu 0€3 CTpaxy MOKapaHHs.

Iumeepayis emoyiiino2o KOMNOHEHMAa 8 KOPNOPAMUGHI npoyecu

® BpaxyBaHHS EMOIIHHUX peakIliil y mporecax MpUHHSITTS PillicHb;
® BKJIFOYCHHS MUTAHb PO EMOIIWHUIA JOCBII Y CHCTEMH 3BOPOTHOTO 3B’ SI3KY;
® oco0NMBa yBara J0 eMOI[IHKUX acCIEeKTIB NIPH YIPaBIiHHI 3MIHAMH.

Pozsumoxk nasuuox KOHCMPYKMUBHO2CO0 6UPAINCEHHA eMOZﬂIJ

I'T-koMmnaHii MOXXYTb PO3pOOIATH:
® BHYTPIIIHI MPOTOKOJH JJIsi OOTOBOPESHHS CKJIaIHUX TEM;
® TEXHIKM aKTUBHOTO CIyXaHHS Ta JeecKananii KOH(IIKTIB;
® CrocoOH KOHCTPYKTUBHOTO BUPAKCHHS HE3TOJIH.

BucHoBku

[IpoBeneHe noCmiKEHHS 1a€ MOKIIMBICTh 3pOOUTH BUCHOBOK IPO HEOOXiAHICTh KapAHMHAIBHOTO Iepe-
ISy TPATUIIMHUX TAXOMIB A0 POJIi eMolil y Gi3HeCc-KOMyHIKaIlisfaX. EMoIIii cTaHOBIATh HEBil EMHY Ta
(YHKITIOHATTFHO BaXITUBY CKJIaJIOBY IpodeciitHoi B3aeMoii.

CrurmaTH3allis HeraTHBHUX €MOIiH y KOPIOPAaTHBHOMY CEPEIOBHIIII € HE JIUIIEC STUIHO ITPOOIeMaTHy-
HOIO, a i €KOHOMIYHO HepalioHaJIbHOIO MPAKTUKOI0. ABTCHTUYHHH MIPOSIB EMOIIil, 32 YMOBH iXHHOTO KOH-
CTPYKTUBHOTO KaHaJI3yBaHHsI, MOXXE 3HAYHO MTOKPAIYBaTH SIKICTh MIXKOCOOMCTICHHX BITHOCHH 1 pe3yJbTa-
THBHICTH CHIIBHOI JisIIBHOCTI.

VYKpaiHCBKHH TOCBII IEMOHCTPYE albTepHATUBHY MOJAECTH MpodeciifHoi B3aeMoii, mo 0a3yeTbes Ha
BiJIKPUTOCTi, aBTCHTUYHOCTI Ta B3aeMHiN migTpumIli. Ll Mogens Moxke clyryBaTH JpKepesIoM 1HCAWUTIB s
PO3BHTKY KOPITOPATUBHUX KOMYHIKATUBHHX CTPATETIH.

[Nomanemri 1ociKeHHS MOXYTh OyTH CIIPSIMOBaHI Ha pO3pO0JICHHS iHCTPYMEHTIB OIIIHKK €MOIIIHHOTO
KIIIMaTy B OpraHi3aIlisax, BUBYCHHsI KyJIBTYPHUX 0COOIUBOCTEH CIPUIHATTS €MOIIiH i aHaJIi3 JOBrOCTPOKO-
BUX €()EeKTiB BIPOBAPKCHHS €MOIIHHO-OPIEHTOBAHNX KOMYHIKaTHBHUX MPAKTHK.
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O. Khriapa

THE EMOTIONAL ASPECT OF BUSINESS COMMUNICATION:
RETHINKING THE ROLE OF NEGATIVE EMOTIONS IN THE
PROFESSIONAL ENVIRONMENT

This article examines the role of emotions in business communications, specifically analyzing the place
of so-called “negative” emotions in the professional environments. The author critically reconsiders the
traditional approach to distinguishing between business communications and everyday interaction, empha-
sizing the importance of the emotional component in effective corporate communication. Based on an
analysis of contemporary emotional intelligence research and practical case studies, the study demonstrates
that authentic emotional expression, including negative emotions, can contribute to building trust and im-
proving organizational effectiveness.
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The research employs an interdisciplinary approach, combining theoretical developments from business
psychology, organizational behavior, and communication studies with a practical analysis of successful
communication strategies. Particular attention is given to examining Ukrainian civil society and volunteer
organizations that demonstrated exceptional effectiveness during the times of crisis, offering an alternative
leadership model based on authenticity and emotional openness.

The study reveals the systematic stigmatization of negative emotions in corporate environments through
normative, discursive, structural, and gender-based mechanisms. However, research shows that negative
emotions perform important adaptive functions: anger mobilizes energy to overcome obstacles, anxiety
signals potential threats and stimulates careful planning, while sadness facilitates goal reassessment and
learning from failures. The key finding is that the constructiveness of negative emotions depends not on their
suppression, but on the manner of their expression and integration into the communication process.

The analysis demonstrates that the emotional connection between organizational participants serves as
a fundamental factor in building trust, which reduces transaction costs, increases readiness for coopera-
tion, and promotes innovation. Companies that build emotional connections with clients based on shared
values and authentic communication show higher loyalty rates and financial performance compared to
competitors who are focused solely on functional product characteristics.

The study concludes that the traditional dichotomy between rational business communication and emo-
tional personal interaction is artificial and counterproductive. Emotions are an integral component of any
form of human communication, and their suppression makes their influence less predictable and harder to
control. The research provides theoretically grounded recommendations for rethinking traditional ap-
proaches to emotional expression in corporate environments and for developing emotional literacy among
managers.

Keywords: business communication, emotional intelligence, negative emotions, trust, organizational
effectiveness, authenticity, corporate culture.
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