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This paper considers the application of graph neural networks for solving re-
gression analysis problems. Modern information systems increasingly operate with
complex multidimensional data that contain structural relationships between obser-
vations. Traditional regression models and classical neural networks often cannot
fully take into account such dependencies. Graph neural networks allow representing
data as graphs where nodes correspond to objects or system states and edges repre-
sent relationships between them. This approach enables more accurate modeling of
complex systems. The paper analyzes the principles of graph neural networks and
their advantages for regression tasks. Special attention is paid to attention-based ar-
chitectures that allow adaptive weighting of neighboring nodes. The proposed ap-
proach can improve prediction accuracy in engineering and technical systems.

VY cyuacHux iH(MOpMAaIIMHUX CUCTEMax 3ajJiadl pPerpecifHoro aHaily 3ai-
MalTh BaXJHMBE MICIIC, OCKUIBKH JO3BOJISIOTH BUKOHYBATH IMPOTHO3YBaHHS,
OIIIHIOBAHHS Ta aHaJi3 pi3HOMaHITHUX TpoiieciB. Taki 3a1adi MHUPOKO 3aCTOCO-
BYIOTbCS y TE€XHIUHIM A1arHOCTHUIll, €KOHOMIYHOMY MPOTHO3yBaHHI, aHali31 ya-
COBUX psfiB Ta Oaratbox iHmMUX chepax. OcoOMMBO aKTyadTbHUM € TPOTHO-
3yBaHHSI TEXHIYHOT'O CTAaHy CKJIAJHUX 1H)KEHEPHHUX CUCTEM, /i€ HEOOX1HO Bpa-
XOBYBAaTH 3HAYHY KUIBKICTh NapaMeTpiB Ta B3a€MO3B’S3KIB MK HUMH. Tpa-
JULIAHI METOIM PErpeciiHOrO aHali3y, Takl sK JiiHliiHa a00 MoJiHOMIalIbHA pe-
rpecis, A00pe MpaIoTh JUIS BIJIHOCHO MPOCTHX 3ajexkHocTei. Ilpore y
BUITQJIKy CKJIQJHUX 0araTOBUMIPHHMX JaHWUX BOHHU YacTO HE JO3BOJISIOTH OTPH-
MaTH JOCTaTHHO TOYHI pe3yabTaTH. {1 BUPIICHHS 11i€T TPOOIEMU IIMPOKO BU-
KOPUCTOBYIOTHCSI METOJIM MAIlIMHHOTO HaBYAaHHS, 30KpeMa HEUPOHHI MEpExi.
Bonu 31aTHI anpoKCHUMYBATH CKJIaJIHI HEJIHIHHI 3aJIE)KHOCTI Ta aBTOMATHIHO
3HAXOJUTH 3aKOHOMIPHOCTI y JaHUX.

OpHak KJTaCHYHI HEUPOHHI MEpeXi 3a3BHUaii MPAIOOTh 3 JAHUMU y BUTIISII
BEKTOPIB a00 MaTPHIIh 1 HE BPAXOBYIOTh CTPYKTYPHI 3B’ I3KU M1 OKPEMHUMH eJie-
MEHTaMH BHOIpKH. Y 0aratbox NMPHUKIAIHUX 3aJa9ax TaKi 3B’SI3KW MAOTh BaK-
JTuBe 3HaYeHHS. Hampukian, cTaHu TEeXHIYHOT CHCTEMU MOXKYTh OyTH TIOB’s13aHi
MDK CO00I0 4acOBOO a00 (DYHKIIIOHAILHOIO 3AJICKHICTIO. Y TaKUX BUIAJKaX MpH-
poaHOI0 (POPMOIO TIPEICTABIICHHS TaHUX € Tpad.

I'padori Hewponni mepexi (Graph Neural Networks, GNN) e cydyacHum
HaIPSIMOM TJIMOOKOT0 HaBYAHHS, SIKUH JI03BOJISIE OOPOOJIATH JTaHi, IpeACTaBIeHI

219



y BUIJIsA1 TpaoBUX CTPYKTYp. Y Tpadi BepmIMHU BiAMOB1Ial0Th 00’ €kTam abo
CTaHaM CHCTEMH, a pedpa BiJoOpakar0Th B3a€MO3B’ I3KM MK HUMU [1].

['onoBHOWO imeer0 rpadoBUX HEUPOHHUX MEPEX € TOCTAIMHE OHOBJICHHS
IIpe/ICTaBIICeHb BEPILIMH Ha OCHOBI 1H(pOpMAIlii, OTpUMaHOI BiJl iXHIX cyciaiB. Ja-
HUM TpOLEC peai3yeThbCs 3a JOMOMOIOI0 MEXaHI3My Mepeaadl MOBIJOMIICHb
(message passing). Ha xoskHOMY I1api HEWpPOHHOI MEpEKi BEpIIHHA arperye
O3HaKHU CYCIJIHIX BEPILKH BIAMOBIIHO 0 33JaHOTO MpaBUjia Ta BUKOPUCTOBYE iX
U1l OHOBJICHHS BIIACHOTO CTaHY:

h* =UPDATE(h*™®, AGGREGATE{h* ™ : jeN(i)}),
e ﬁi(k) — BEKTOp 03HaK By3a i Ha K-my mrapi; N (i) — MHOXwMHA iioro cycimiB [2].

JUig oLiHIOBaHHS €(PEKTUBHOCTI 3alIPOIIOHOBAHOI rpad)oBOi HEUPOHHOI Me-
pexi OyJ0 BUKOHAHO MOPIBHSIHHSA 3 TIOCJII0BHICHOIO MOJEJUIIO Ha OCHOBI PEKY-
peHTHO1 HelpoHHOI Mepexki LSTM, ska mupoko BUKOPUCTOBYETHCS ISl aHATI3Y
YacOBMX PSAIB 1 MPOTHO3YBAaHHA JIerpajallli TEXHIYHUX CUCTEM.

OO6uB1 MOJIeII HABYAIMCS Ha OJTHAKOBUX BXIJIHMX O3HAKaX 13 BUKOPHUCTAaH-
HaM ¢yHkuii BTpaT Smooth L1 Loss. SkicTb perpecii omiHoBanacs 3a A0MOMO-
roto metpuk MSE, RMSE ta MAE. /I HaByaHHs OyJI0 BUKOPUCTAHO OJUH 3
perpe3eHTaTUBHUX JIJIs JOCHIKYBaHO1 3a/1a4ul Hallp JaHUX.

VY mpoueci HaB4aHHS TpadoBa HEMpOHHA Mepeka JEMOHCTPYE IIBHJIKE
3MEHILIEHHS MOXUOKM Ha MOYaTKOBUX €Talax HaBYaHHS, MICIS YOTO 3HAYCHHS
METPUK cTab1i3y10Thes. bin3bki 3HaueHHs MOXUOKM HA HaBYAJIbHIN Ta TECTOBIM
BUOIpKax CBIMYaTh MPO XOPOIIY y3araJbHIOBAIBHY 3JaTHICTh MOJENI Ta Bif-
CYTHICTb CYTTEBOTO NIEpEHABYAHHSI.

Mopens LSTM Takox nokasye 3MEHIIEHHSI MOXMOKM Ha pPaHHIX eTarnax HaB-
YaHHS, OJHAK Ha MI3HIIIMX €MOoXax CHOCTEePIraeThbCsl TEHACHIlS 10 TepeHaB-
YaHHS: NOXMOKa Ha HaBYaJIbHINA BUOIPII MPOJIOBKYE 3MEHILYBATUCS, TOA1 SIK Ha
TECTOBI1M BOHA cTa0LII3yeThes a00 aenio 3poctae. OTpumaHi pe3yinbTaT CBIIYATh
PO T€, [0 BUKOPHUCTaHHS TpadOBUX HEHPOHHUX MEPEK JO3BOJISIE €PEKTUBHIIIIE
BpPaxoBYBaTH CTPYKTYPHi 3B’S3KM M CTaHAMH CHCTEMHU Ta 3a0e3rnedye OibI
CcTabUIbHI ~ pe3yJNbTaTH  MPOTHO3YBAaHHA  TOPIBHAHO 3  TPAAUIIHHUMHU
[IOCJTIJIOBHICHUMH MOJIEJISIMU.
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