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Hucepraiisi NpUCBAYEHA BUPIIICHHIO aKTyaJbHOI HAyKOBOi MpoOJieMH —
po3po0Ll METOAIB 1 MOJENEH CHHTE3y apXITEKTypH BIPTYaJbHUX PO3MOILIIEHUX
koMt torepHux cucteM (BPKC) st 3abe3neuenns iX HalliHOCTI, MPOAYKTUBHOCTI Ta
aJanTUBHOCTI O 3MIHHMX YMOB po0oTH. OCHOBHA Me€Ta JOCHIIHKCHHS MOJSITrae y
CTBOPEHHI HOBHUX QITOPUTMIYHMX IIIXOJIB, $KI JO3BOJIATH IPOTHO3YBaTH Ta
MIHIMI3yBaTl BIUIMB 300iB y cHCTeMI, 3a0e3leuyBaTH ONTHUMAIbHUI pPO3MOILT
pecypciB Ta MiATPUMYBATH CTaA01ILHY pOOOTY B YMOBaX IMHAMIYHUX 3MiH.

VY nuceprainii BUKOHAHO TVIMOOKHWH aHalli3 CydacHUX MIIXOJMIB J0 YIPaBIiHHS
BPKC, 30kpema, MmeTonaiB  OalaHCyBaHHS  HaBaHTAXKEHHS, JAUHAMIYHOTO
MaciTabyBaHHs, aBTOMAaTUYHOTO Pe3EpBYBaHHS Ta MOHITOPUHTY. BcTanoBieHo, 110
OCHOBHMMH BUKIMKaMH Yy Il cdepl € BiACYTHICTh €()EKTUBHUX 3ac00iB s
MIPOAKTUBHOIO BUSBJICHHS Ta MONEPEIKEeHHA 300iB, a TAKOX HEIOCTaTHS 1HTErpauis
IHCTPYMEHTIB MAIlIMHHOTO HAaBYAHHS JUIS aJalTHUBHOTO YIPABIIHHS apXITEKTYpOIO
CUCTEMH.

VY nepuiomy po3aiii ONMKMCaHO OCHOBHU aHANI3Y ICHYIOUMX MIiAXOIB 10 CUHTE3Y
apxitektypu BPKC. 30kpema, po3rasHyTO €BOIOIII0 TEXHOJOTIH BipTyasi3allii, sKa
CIIpUsiJia CTBOPEHHIO JUHAMIYHUX 1 MacIITa0OBaHUX OOYMCIIIOBAILHUX CEPEIOBUIII.
ITlinkpecieHo, 10 TMepexiy BiJ MOHOJITHHX JO MIKPOCEPBICHMX 1 TiOpHIHHX
apXITeKTyp MJO3BOJIMB TOKPAIIUTA MPOAYKTUBHICTh, THYYKICTh 1 YIPaBIiHHSA
pecypcamu.

Takox y posaimi ommcano kinacudikamito apxitektyp BPKC, takux sx

MOHOJIITHI, MIKpOCEPBICHI, IIEHTpaJIi30BaHl Ta ACIEeHTpaIizoBaHl mMojeni. JleTanbHo



PO3TJISIHYTO TEpeBard Ta HEJONIKM KOXKHOTO THITY: BiJl TPOCTOTH YIPABIIHHSA
MOHOJIITHUX CHUCTEM JI0 CKJIAJHOCTI YIpPAaBIiHHS, aje BHUCOKOi aJlallTUBHOCTI
MIKpOCEPBICHUX CTPYKTYp. OcO0IMBY yBary NpuiijieHO BIUTMBY PI3HUX apXITEKTYyp Ha
MacmTabOBaHICTh 1 ONITUMI3AIlII0 CHCTEMH.

OnucaHo BaXJIMBICTh BIOPOBAIKEHHSI METOIB onTtumizailii pecypcis y BPKC,
BKJIIOYAIOYM JMHAMIYHE PO3MIIICHHA BIPTyaJlbHUX MAIllMH, aBTOMAaTH30BaHE
VIOpaBIiHHSA pecypcaMu Ta alrOpUTMU IUIAaHYBaHHS 3aBAaHb. Bu3HayeHo, M0
3aCTOCYBaHHS 1HTEIEKTYaJIbHUX MiJAXO/AIB, TAKMX SK MallMHHE HaBYaHHS, JT03BOJISE
MIJBUIIUTH €(PEKTUBHICTh BUKOPUCTAHHS PECYPCIB 1 aJaNTallil0 CUCTEMH JI0 3MiH Y
HaBaHTAYKEHHI.

Ham y nepumioMy po3Aull PpPO3MJISIHYTI 1HCTPYMEHTHM IPOTHO3YBAaHHA Ta
VOpPaBIIHHSA, SKI 3a0€3Me4yl0Th MPOAKTUBHHMM MiJIX1J 0 MIATPUMKH CTaOLIBHOCTI
BPKC. TIlpoBeneHo anaimi3 ICHYIOUHMX QJITOPUTMIB MAIIMHHOTO HABYaHHA JUIS
MPOTHO3YBAaHHSA HaBaHTAXKEHHS Ta YHOPaBIiHHSA pecypcamu. Busnadeno, 1o
TPaJUIIIIHI MIIX0IM HE BPaXOBYIOTh IMHAMIKY CY4aCHUX CHCTEM 1 He 3a0e3MeuyIoTh
JO0CTaTHBOI TOYHOCTI MPOTHO3YBAaHHS.

Y npyroMmy po3auii ONMHCAaHO MPOIEC PO3POOKU MOJENI MPOTHO3YBAHHS
HAaBaHTAXEHHSA Ha cepBepu 3 BHKOpHUCTaHHAM anroputMy LSTM. OcHoBHa yBara
MPUALISIETHCS] CTBOPEHHIO KOHIIETITYaIbHOI MOJIEII CHHTE3Y apXITEKTYPH BIpTyalbHUX
PO3MOIIIEHNX CHCTEM, SKa BKIIIOUYAa€ KOMIIOHEHTH amapaTHOro 3a0e3ledyeHHs,
rinepBizopa, BIpTyaIbHUX MAIlIMH Ta MOJYJS yrpaBiiHHA. JIOKIamqHO pO3TIsSHYTO iX
B3a€MOJIIIO Ta BHECOK Yy 3arajibHy NPOAYKTUBHICTh CUCTEMHU.

Jlam y po3aii TOCHiIKeHO METOIU MapajesibHOi 00poOKy iH(opMaIlii, Taki sSK
METOJ/I CYMIIIICHHSI HEe3aJeKHUX OMEepPaToOpiB, METOJ KOHBEEPHOI OOPOOKH Ta METON
JNEeKOMMO3uILIiHOT 00poOku. Il miaxogu BUKOPUCTOBYIOTHCS [JIsi ONTHUMI3allil
OOYHCITIOBAJIbHUX TMPOLECIB Yy BIPTyaJIbHUX MalllMHAX Ta 3a0e3MeYeHHs] BHCOKOT
e(eKTUBHOCTI BUKOPUCTAaHHS pecypciB. [lokazaHo, 1110 moeAHaHHS JEKIIBKOX METO/IIB
JI03BOJISIE M1 IBUIIIUTH MTPOAYKTUBHICTh CUCTEMHU y TUHAMIYHUX YMOBAX.

Hani y apyroMy po3niii po3risiHyTo mporec interpanii anroputmy LSTM y
apXITEKTYPy BIPTyaIbHUX PO3MOAIICHUX CUCTEM. AKIIEHT 3p00JICHO Ha BaXKJIMBOCTI

AKICHOI MIATOTOBKU JaHMX, 30KpeMa iX OUYHMIIEHHS, HOpMaii3alli Ta CTPyKTypH3alil



U TpeHyBaHHs Mojeneil. HaBeneno migxoau 10 300py AaHHUX Y peaibHUX yMOBax
poOOTH cepBepiB Ta iX MEPETBOPEHHS JUIsl BIAMOBIAHOCTI BUMoram anroputmy LSTM.
Oxkpemy yBary mnpuauieHo agantamii LSTM  ang  poGoTw 3  4YacoBUMHU
MOCIIJOBHOCTSIMU, 1110 XapaKTepH1 AJi POTHO3YBAHHS HABAHTAXKCHHS.

VY TpeTrboMy pO3IUIl MPEACTABICHO PO3POOKY 1 TECTYBaHHS MOAM(PIKOBAHOTO
METO]y BITHOBJIEHHS BipTyaiabHUX po3noaiienux cuctem (BPC) micns 360iB. OcHOBHA
yBara NpUIUISETHCA MPOTHO3YBAHHIO HABAaHTA)KCHHS Ta MOJCIIOBAHHIO TOBEIIHKH
CUCTEMH IiJl Yac aBapiHuX cutyaiid. ONUCcaHO CTBOPEHHS E€KCIEPUMEHTAIBHOIO
cepenoBuIla 3a gonomororw Docker-koHTeliHepiB, OagaHCyBaJIbHUKA HABAHTAKEHHS
Nginx, Ta IHCTpYMEHTIB MOHITOpUHTY, Takux sk Prometheus i Node Exporter.
[IpoBeneHo mMoaentoBaHHs 300iB, SIKE BKIIIOYAJIO 3yNMUHKY KOHTEHHEPIB Ta IMITAIIIO
MEPEBAHTAXEHHS BY3JIIB JIJIS1 OLIIHKU €(DEKTUBHOCTI METOTY.

Jam 6yno JOCHiIKEHO, IK BUKOPUCTAHHS aJTOPUTMIB MAallTMHHOTO HABYAHHSI,
30kpema LSTM, BruMBae Ha TOYHICTh MPOTHO3YBaHHs 300iB By3:iB. BusiBieHo, 110
LSTM 3abe3nedye BHCOKYy TOYHICTh y TiepenOadeHHl aBapiiHUX CHUTYyaIlii,
JI03BOJISIIOYM 3a37aJI€T1Ib TIePEHANPABIATH Tpadik 1Js 3an00iraHHs BTpaTaM JaHUX 1
300iB. [lopiBHANBHUI aHaJI3 MMOKa3aB, IO MIAX1J 3 BUKOPUCTAHHSAM MPOTHO3YBAaHHS
JI03BOJISIE 3HAYHO 3MEHIIIUTH Yac PEeakilii CUCTEMHU Ha 3001 Ta MIHIMI3yBaTH KIJIbKICTh
BTPAUYECHMX 3AIMTIB.

Jani y TpetboMy pO3IUIl JOCHIIKEHO Mpolec 300py AaHUX, KU BKJIIOYAB
TeHEepallil0 pealiCTUYHUX CIIeHapiiB HaBaHTaXEHHs 3a Jonomoror Apache
Benchmark Ta MOHITOPHHI KITFOUOBUX MOKAa3HUKIB poOboTH cucteMu, Takux sk CPU,
RAM, 3aTrpuMKa BiAIOBIJII Ta KIIBKICTE 00poOJeHNX 3anuTiB. J{js HaBYaHHS MOl
OynM BHUKOPUCTAaHI HOPMAaJi30BaHI 4YacoBi psau, ski go3Bomwmm moneni LSTM
e(eKTUBHO 1IeHTU(PIKYBATH aHOMAJTIT Ta TPEHJU Y MOBEIIHIII CUCTEMHU.

VY dgeTBepTOMY PO3AUI OMKUCAHO TPOIEC PO3POOKH MOJZEI MPOTHO3YBAHHS
HaBaHTAKEHHS HA CEPBEPH Y BIPTYAIbHUX PO3MOIITICHUX CUCTEMAaX 3 BUKOPUCTAHHSIM
anroputMmy LSTM. OcHOBHa yBara mpHIUIIETHCA METOOJIOTII 300py, 00poOKu Ta
HOpMaJi3almii JaHuX, SKi € KIIOYOBUMHU IS 3a0e3nedeHHs sKocTi moxem. Jlns
JTOCTDKEHHST 0yJI0O BUKOPUCTAHO BIAKpHUTI Habopu naHux 3 muardopmu Kaggle, siki

BKJIIOUYAIOTh Noka3Huku Bukopuctanus CPU, RAM, nuckoBux 1 MepexeBUX pecypcis,



110 JT03BOJISIE BpaXOBYBATH PI3HOMAHITHICTh MApaMETPiB 1 3a0€3MEUUTH KOMITICKCHHMA
aHami3.

Takox Oyno gocnipkeHe HalamTyBaHHS apxitekTypu LSTM-mopeni, sika

BKJIIOYasa JACKUIbKa PiBHIB OOpOOKHU: BXiTHUH map ais HopmMamizauii nanux, LSTM-
miapyd JUisl  aHallidy 4YacoBUX 3aliekHOCTed, Dropout-mmap i1 3amoOiranss
nepeHaBuaHHio Ta Dense-map s OTpUMaHHS OCTaTOYHOrO TMpPOrHo3y. bymo
BHU3HAUEHO ONTHUMAJbHY KUIBKICTb HEHpPOHIB A KOXKHOTO IIapy Ta HapaMeTpu
TPEHYBaHHS, TaKi SIK HaBYaJIbHA IMIBUIKICTh, KUTbKICTh €MI0X Ta PO3MIp OaTdy.
Jani y po3aiial po3risHyTO MPOIEeC HABUAHHS Ta Bamijailii mojaeni. Bukopucranus
KpOC-Baiiamii MO3BOJIMIO MIHIMI3yBaTH PU3HMK NEPEHABYAHHS, a METPUKU OIIHKH,
3okpema MSE, MAE 1 R? 3a0e3neumin KUIbKICHY OLIHKY TOYHOCTI MOJEI.
PesynbTaTu TecTyBaHHS MIATBEpAWIM 3AaTHICT wmoxaem LSTM  edextuBHO
IPOTrHO3yBaTH HABAHTAXXEHHS HA CEPBEPH HABIThH 32 HAIBHOCTI aHOMAIH Y JaHUX.

B HacTynH1i YaCTHHI YETBEPTOTO pO3ALTY OyJIO MPOAHAII30BAHO €(PEKTUBHICTD
MOJIeN1 y peasibHUX YMOBaxX poOOTH cepBepiB. BUKoHaHI eKCIepUMEHTH MTOKa3ajH, 110
BripoBakeHHsI LSTM 1103BOJISIE€ 3MEHIIIUTH 3aTPUMKH, MIHIMI3yBaTH BTPATH 3aIUTIB
1 MABUIIUTH 3arajibHy CTaOIBHICTh CUCTEMHU. ByJi0 CTBOPEHO ricTOrpaMu po3mnoIiTy
3aTPUMOK, K1 IPOJAEMOHCTPYBAJIM 3HAUHE 3HM)KEHHS YaCTOTH BUCOKHX 3aTPHUMOK Y
CUCTEMI MICIS BIPOBAIKEHHS POTHO3YBAHHS.

B ocranHboMy po3auli OOrOBOPEHO MPaKTUYHY 3HAYYIIICTh OTPUMAaHUX
pesynbTatiB. Bukopuctanus LSTM y mporHo3yBaHHI HaBaHTaXEHHS CIPHUSIE
ONTUMI3AIlll PO3MOAULY PEeCcypciB, IO € KPUTUYHO BAXIMBUM JJisi 3a0€3IMEUeHHS
MPOYKTUBHOCTI Ta HAMIAHOCTI BIPTyallbHUX PO3MOAIIEHUX cucteM. OTpuMani
pPEe3yNbTaTH MATBEPKYIOTh €PEKTUBHICTh MIAXOAY, 3a0e3meuyoun GyHIaMEeHT ISl
MOJATBIIOTO PO3BUTKY MOJIETICH MPOTHO3YBaHHS Yy MWHAMIYHUX OOYHMCIIOBATHLHUX
CepeIOBHILAX.

CyKyIHICTb pe3yJIbTaTIB, BUKIIAJICHUX Y AUCEPTAllii, AEMOHCTPYE €(hEKTUBHICTh
3alpONOHOBAHMX METOAIB 1 MOJAENEeH [UIsi CHUHTE3y apXITeKTypH BIpTYyaJlbHHUX
PO3IMOJIICHUX CHCTEM. 3alpONOHOBAHMM IPOTHO3HO-aJAaNTHUBHUN  IMAXiT 13
BUKOpUCTaHHsIM anroputmy LSTM 3abe3neuye BUCOKY TOYHICTH MPOTHO3YyBaHHS

HABaHTA)XCHHS, ONTUMI3AII0 PO3MOILITY pPEeCypciB Ta MiHIMI3aIIO0 HACIIIKIB 3001B Yy



cuctemax. [IpakTnuHa 3HAYYIICTh OTPUMAHUX PE3YIHTATIB MIATBEPIKYETHCS IXHBOIO
3MaTHICTIO MMJABUIIYBATH IPOAYKTUBHICTh 1 HAJIAHICTh BIPTyaJdbHUX CHCTEM Y
OuHaMiyHUX yMoBax. lle BiAKpuBae HOBI TEPCIEKTUBU JUIsI BIPOBAKEHHS
IHTEJIEKTyaIbHUX pIllIeHb y XMapHUX ceperosuiax, [oT Ta iHmmMx MacmraboBaHHX
oOUYuCTIOBAILHUX  MIaT@opmax, poOdsiYM BHECOK Y  PO3BUTOK  CYYaCHHX
1H(pOpMaIIHHUX TEXHOJIOTIH.

Knwuoei cnoea: sipmyanvui po3noodineui cucmemu, CuHme3 apximexkmypu,
npoeHo3ysanusn Hasanmaxcenws, areopumm LSTM, mawunne naguanns, onmumizayis
pecypcie, ingopmayiini mexnonozii, Moougikayis, KoMmn'tomepHi cucmemu,
inmepnem peueti (loT), napanenrvha 00pobKa, mooentosanus 300i8, MOHIMOPUHE

cucmem, iHmMeNeKmyanbHi 00UUCTIOBAIbHI NIAMPOPMU.



ABSTRACT

Telezhenko D. Methods and models for the synthesis of architecture in
virtual distributed computer systems. — Qualification scholarly paper: a manuscript.

The dissertation submitted for obtaining the Doctor of Philosophy degree in
Information Technology: Speciality 122 Computer science. V. N Karazin Kharkiv
National University, Ministry of Education and Science of Ukraine, Kharkiv, 2025.

The dissertation addresses a pressing scientific problem: the development of
methods and models for the synthesis of architecture in virtual distributed computer
systems (VDCS) to ensure their reliability, performance, and adaptability to changing
operational conditions. The primary objective of the research is to create new
algorithmic approaches that enable the prediction and mitigation of system failures,
ensure optimal resource allocation, and maintain stable operation under dynamic
changes.

The dissertation includes a comprehensive analysis of contemporary approaches
to VDCS management, particularly methods for load balancing, dynamic scaling,
automated redundancy, and monitoring. It has been established that the main
challenges in this field include the lack of effective tools for proactive failure detection
and prevention, as well as insufficient integration of machine learning tools for
adaptive system architecture management.

The first chapter outlines the fundamentals of analyzing existing approaches to
the synthesis of VDCS architectures. Specifically, it examines the evolution of
virtualization technologies, which have facilitated the creation of dynamic and scalable
computing environments. It emphasizes that the transition from monolithic to
microservice and hybrid architectures has improved performance, flexibility, and
resource management.

The text then delves into the classification of VDCS architectures, including
monolithic, microservice, centralized, and decentralized models. The advantages and
disadvantages of each type are discussed in detail, ranging from the simplicity of

managing monolithic systems to the complexity but high adaptability of microservice



structures. Special attention is given to the impact of various architectures on
scalability and system optimization.

The importance of implementing resource optimization methods in VDCS is
described, including dynamic virtual machine placement, automated resource
management, and task scheduling algorithms. It is established that the application of
intelligent approaches, such as machine learning, enhances resource utilization
efficiency and system adaptation to workload changes.

The chapter also explores prediction and management tools that support a
proactive approach to maintaining VDCS stability. An analysis of existing machine
learning algorithms for load prediction and resource management is presented. It is
noted that traditional approaches fail to account for the dynamics of modern systems
and do not provide sufficient prediction accuracy.

The second chapter describes the process of developing a server load forecasting
model using the LSTM algorithm. The focus is on creating a conceptual model for
synthesizing the architecture of virtual distributed systems, which includes components
such as hardware, hypervisor, virtual machines, and a management module. The
interaction between these components and their contributions to the overall system
performance are examined in detail.

The chapter also explores methods of parallel data processing, such as the
method of overlapping independent operators, pipeline processing, and decomposition-
based processing. These approaches are employed to optimize computational processes
within virtual machines and ensure high resource utilization efficiency. It is
demonstrated that combining multiple methods can enhance system performance under
dynamic conditions.

Furthermore, the second chapter investigates the integration of the LSTM
algorithm into the architecture of virtual distributed systems. Emphasis is placed on the
importance of high-quality data preparation, including data cleaning, normalization,
and structuring, for training the models. Approaches to data collection under real-world
server operating conditions and its transformation to meet the requirements of the
LSTM algorithm are presented. Special attention is given to adapting LSTM to handle
time-series data, which is characteristic of load forecasting.



The third chapter presents the development and testing of a modified method for
restoring virtual distributed systems (VDS) after failures. The primary focus is on load
forecasting and modeling system behavior during failure scenarios. The creation of an
experimental environment is described, utilizing Docker containers, the Nginx load
balancer, and monitoring tools such as Prometheus and Node Exporter. Failure
modeling included stopping containers and simulating node overloads to evaluate the
method's effectiveness.

The study further investigates how machine learning algorithms, particularly
LSTM, influence the accuracy of predicting node failures. It was found that LSTM
provides high accuracy in forecasting failure scenarios, enabling proactive traffic
redirection to prevent data loss and system downtime. Comparative analysis revealed
that the predictive approach significantly reduces system response time to failures and
minimizes the number of lost requests.

Additionally, the third chapter examines the data collection process, which
involved generating realistic load scenarios using Apache Benchmark and monitoring
key system performance metrics, such as CPU, RAM, response latency, and the
number of processed requests. Normalized time-series data were used for model
training, enabling the LSTM model to effectively identify anomalies and trends in
system behavior.

The fourth chapter describes the development of a server load forecasting model
for virtual distributed systems using the LSTM algorithm. The primary focus is on the
methodology for data collection, processing, and normalization, which are crucial for
ensuring model quality. Open datasets from the Kaggle platform were used for the
study, including metrics on CPU, RAM, disk, and network resource usage. These
datasets provided a diverse range of parameters and enabled comprehensive analysis.

The chapter then explores the configuration of the LSTM model architecture,
which included multiple processing layers: an input layer for data normalization,
LSTM layers for analyzing temporal dependencies, a Dropout layer to prevent
overfitting, and a Dense layer for generating the final forecast. The optimal number of
neurons for each layer and training parameters, such as learning rate, epochs, and batch

size, were determined.



The process of training and validating the model is discussed further. Cross-
validation was used to minimize the risk of overfitting, while evaluation metrics such
as MSE, MAE, and R? provided a quantitative assessment of the model's accuracy.
Testing results confirmed the LSTM model's ability to effectively predict server load
even in the presence of data anomalies.

In the next section of the chapter, the model's efficiency in real-world server
operation conditions was analyzed. Experiments demonstrated that implementing the
LSTM model reduced latencies, minimized request losses, and improved the overall
system stability. Histograms of latency distribution revealed a significant decrease in
the frequency of high latencies in the system after incorporating load forecasting.

The final part of the chapter discusses the practical significance of the obtained
results. The use of LSTM for load forecasting contributes to resource allocation
optimization, which is critical for ensuring the performance and reliability of virtual
distributed systems. The results validate the effectiveness of this approach, providing
a foundation for further development of forecasting models in dynamic computing
environments.

The body of results presented in the dissertation demonstrates the effectiveness
of the proposed methods and models for synthesizing the architecture of virtual
distributed systems. The proposed predictive-adaptive approach using the LSTM
algorithm ensures high accuracy in load forecasting, resource allocation optimization,
and minimization of failure impacts within the systems.

The practical significance of the obtained results is confirmed by their ability to
enhance the performance and reliability of virtual systems under dynamic conditions.
This opens new prospects for implementing intelligent solutions in cloud
environments, 10T, and other scalable computing platforms, contributing to the
advancement of modern information technologies.

Keywords: virtual distributed systems, architecture synthesis, load forecasting,
LSTM algorithm, machine learning, resource optimization, information technologies,
modification, computer systems, Internet of Things (loT), parallel processing, failure

modeling, system monitoring, intelligent computing platforms.



