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PEDEPAT

Tema  kBamidikamiinoi  poOoTHM  MaricTpa:  YHIBepcajibHa  CHUCTEMa
aBTOMAaTHU30BaHOTI'O TPEHYBAHHS Ta MOHITOPUHTY MoOJieNied MAllMHHOTO HABYAHHS JIJIS
SAAS mnatdopmu in silico po3poOku mikiB. On-Cloud nemnoiiMment Ha Kubernetes
KJIacTepax XMapHUX MPOBaiiiepiB.

ABTOp pobotu: OctpoBchkuii 3axap FOpiitoBuu.

KepiBauk po6otu: I1aBnosa Onbra OnexcasipiBHa.

[TosicuroBasibHA 3anucka: 84 c., 22 puc., 14 Tab6in., 3 noxa., 60 mxepen.

AUTOML, DRUG DISCOVERY, SAAS, MACHINE LEARNING, PIPELINES,
ON-PREMISE

O06’€eKTOM JTOCIII)KEHHS € aBTOMATHU30BaH1 MalIiailHi MAallIMHHOTO HAaBYaHHS.

[IpeameToM AOCTIHKEHHS € aBTOMATU30BaHI MalIUIaifHU MAITMHHOTO HaBYaHHS
JUTst 010JI0T1YHUX 3a4a4 3 po3poOku HOBHX JdiKiB 111 On-Cloud iHdpacTpykTyp.

Meroro kBamidikamiiiHoi poOOTH MaricTpa € CTBOPEHHS aBTOMAaTH30BaHOIO
naliaifHy TPeHyBaHHSI MOJieJiel MAIIMHHOTO HAaBUYaHHS Ha O10JOTIYHUX JAHUX, SKUU
BOJIOJII€ BJIACTUBOCTSIMU MOJYJIBHOCTI, JETaIbHOTO HaJalITYyBaHHS KoHDirypaiiii,
napasienizailii, MBUJIKOTO MaciTaOyBaHHS Ta JEIUIOWMEHTY Yy ABOX creHapisx — On-
Cloud ta On-Premise. Po3po6siennii naiiniaiiH moBUHEH OyTH 1HTETPOBAHHUNA B SIKOCTI
cepBicy B icHytouy SAAS miardopmy in silico po3poOKkH JiKiB.

Jlyist po3B’si3aHHST MOCTABICHUX 3a7a4 BUKOPHUCTOBYBAIKCS METOIU MAIIMHHOTO
HABYaHHs, TTIMOOKOTO HABYAHHS Ta CUCTEMHOTO MIPOEKTYBAHHSI.

HayxoBa HOBH3HA OTpUMaHUX PE3yJIbTaTiB:

- po3pobsieHo On-Cloud Bepcito MOBHICTIO aBTOMAaTHU30BAHOTO MaIuiaiiHy
JJIsl TPEHYBAHHSI MOJIeJIel MAllIMHHOTO HaBUYaHHS Ha O10JIOTTYHUX JTaHUX;

- po3polbieHuit maimaitH BopoBamkeHo B SAAS minatdopmy s in silico
PO3POOKH JIKIB;

- po3pobieHo 3 ciMelcTBa CKOPUHTOBHX (DYHKLIM s BUOOpY HaMKparioi

GbiHAIBHOT MOJIEITI Ta MPOBEJICHO JAETaTbHUN aHATIM 1X Pe3yJbTaTUBHOCTI.



Ha ocHoBI mpoBeaeHUX IOCHIIKEHb pO3po0JIeHa apxXiTeKTypa 1 KOMIIOHEHTHU
IpOrpaMHOro 3a0e3NeyeHHs, SKe IHTerpoBaHO B icHyouy SAAS mmatdopmy 3
PO3POOKH JTIKIB.

[IpakTiyHa 3HAYUMICTH OTPUMAHUX PE3YJBTATIB TOJSATa€ y MOXKIMBOCTI
aBTOMaTUYHOTO TPEHYBAaHHS MOJEJe MAIIMHHOTO HaBYaHHS Ha MOJIEKYJISIPHUX
JaTaceTax 1 MoJaybIIoro iX BUKOpUCTaHHS y SAAS muardopmi.

VY mepioMy po3aiii IpOBEACHO aHali3 ICHYIOUMX PIllleHb y raixy3i aBTOMaTU3alii
nairuiaiiHiB MallMHHOTO HaBYaHHA. PO3MNIAHYTO OCHOBHI KOMIIOHEHTH TMaMWIUIalHIB,
3acTocyBaHHA MaWIIalHy [Ji1 TPEHYBaHHS Mojelied MalIMHHOrO HaBYaHHS Ha
O10JIOTIYHUX JIAaHUX Ta MPOBEJICHO OIJISI JITEpaTypHu.

Y napyromy po3auii OMMCAaHO MAaTUMAaTUYHY MOJIeNIb OCHOBHMX KOMIIOHEHTIB
nairuiaiiny. Po3rissHyTO mpuHIUI pOOOTH TaKMX aJITOPUTMIB KIACHYHOTO MAITMHHOTO
HaYyaHHS, SK JIHIAHA perpecis, JOTiICTUYHA PErpecis, BUMAIKOBHIM JIiC, HEHPOHHI MEPEXKI
tomo. OmnucaHo TEXHIKA BHOOPY HaMKpalMx O3HaK Ta NPUHIMIIB ONTHUMI3AIlil
MOJEIEH.

VY TpeThoMy pO3aiIi IEeTaTbHO OMHCAHO peajlizarlito Bepcii manmmainy ais On-
Cloud nemmoitmenty Ha Kubernetes kmactepax XMmapHHX TMpoBaiiaepiB. Takox
HaBOJIUTHCS TIOPIBHSIHHS PI3HUX TEXHOJIOTIN IS peamizamii IMMocTaBiIeHOI 3amadi 1
OOTpYHTOBYETHCS (DiHAITBHE PIIICHHS.

VY 4yeTBEepTOMY PO3AUII MICTHUTHCS ONMHUC CTBOPEHHS CKOPUHTOBHX (DYHKIIN aJis
BUOOpY Halikpamoi MoOJell OTpPUMaHOiI AaBTOMAaTHYHMM HaBYaHHIM. [IpoBemeHO
peTenbHe MOPIBHSAHHS 3alpONOHOBAHUX CIMEMCTB CKOPUHTOBUX (YHKIIN JUis 3aaad
OiHapHoi kiacudikaiii Ta perpecii, Ta 0OpaHO HaWKpall CKOPUHTOBI (DYHKIIT Ta
3HAUEHHA 1X TapamMeTpiB [JIs 3a7ad perpecii Ta kiacudikaiii mo KpuTepii

MaKCUMaJIbHOi pOOAaCTHOCTI HATPEHOBAHUX MOJIEIIEH.
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CKOPOYEHHSA TA YMOBHI IIO3HAKH

ML - Machine Learning (MamuHHe HaBYaHH)

AutoML - Automated Machine Learning (aBromaTtn3oBaHe MallliHHE HaBYaHHS )
AWS - Amazon Web Services (Ama3oHn BeO cepBicH)

GCP - Google Cloud Platform (I'yrn xmapna nnatdopma)

CPU - Central Processing Unit (meHTpansHuii mporiecop)

GPU - Graphics Processing Unit (rpadiunuii mporecop)

SVM - Support Vector Machine (mamiza ormopHUX BEKTOPIB)

MLP - Multi-Layer Perceptron (6araTomapoBuii IEpIEITPOH)

SaaS - Software as a Service (mporpaMHe 3a0e3MeUYCHHS K CEPBIC)
On-Cloud - On-knayxa (XMapHe pO3MIIIICHHS)

RDS - Relational Database Service (cepBic pensiiiHux 6a3 1aHUX)

JSON - JavaScript Object Notation (hopmaT 06'ekTHOT HOTaIii JavaScript)
HTTP - Hypertext Transfer Protocol (mporokos nepenadi rineprekcry)
SQL - Structured Query Language (MoBa CTpYKTypOBaHHX 3aIlMTiB)

URL - Uniform Resource Locator (yHihikoBaHHi1 TOKaTOp pecypciB)

CSV - Comma-Separated Values (3Ha4eHHs1, po3/iJieHi KOMaMH)



BCTYII

CydacHuii CBIT JaHHUX Ta TEXHOJOTIH MOCTIHHO PO3BUBAETHCS, MPOIMIOHYIOUN BCE
HOBI BUKJIMKH Ta MOJIMBOCT1 Y c(epl MAIIMHHOTO HABUaHHS Ta IITYYHOTO 1HTEJEKTY.
B KOHTEKCTI CTpPIMKOTO TMpOTpecy, BaXJIHUBICTh €(EKTHUBHOIO Ta MIBHUAKOTO
BIPOBA/PKCHHS MAIIMHHOTO HABYaHHS Yy PI3HOMAHITHI MPOMHUCIIOBI Ta JOCIITHHUIIBKI
npoliecu He Moke OyTtu mepeoimiHeHa. OcoOnmBa yBara y I[bOMY KOHTEKCTI
OPUAUIAETBCS  TIIXO0JaM aBTOMaTH3allii MaIIWHHOTO HAaBYAaHHS, SKI BIAOMI ITif
3arajibHOI0 Ha3Bo0 AutoML.

g numiomHa poOoTa mpHUCBsYEHA PO3POOII Ta aHaI3y €PEKTUBHUX MaWIIaliHIB
MAIIMHHOTO HAaBYaHHS 3 BUKOPHUCTAHHSM CYYaCHMX XMapHHX TEXHOJOTIA. 30Kpema,
akieHT poobuthcs Ha BukopuctanHi Kubernetes Ta KubeFlow s cTBOpeHHs
MacCIITa0OBaHUX Ta THYYKHX PIII€Hb, IO JAO3BOJSIOTH 3HAYHO ONTHMI3yBaTH MPOIECH
PO3pOOKH Ta BIPOBAIKEHHS MOJIEIe MaIMHHOTO HaBYaHHs Y BUPOOHUIITBO.

JlocHi/pKeHHST  OXOIUTIOE  TOPIBHSHHS ~ MOJKJIMBOCTEH OCHOBHHUX XMapHUX
matdopMm, Takux Sk AWS ta GCP, 3 MeTol0 BU3HAUYCHHS HAWOUIBII €(PEKTUBHOIO
cepenoBuia sl posropraHHs Kubernetes kiactepiB. OCHOBHa yBara NpUAUISETHCA
aHayi3y Ta ONTUMIi3allii BapTICHOI €(EeKTUBHOCTI Ta OOUYUCIIOBAIBHOI MPOAYKTHUBHOCTI,
0 € KPUTHUYHO Ba}JIMBUM U1 MIATPUMKM BEJIMKUX JIaHUX 1 CKJIAJHUX
OOYMCITIOBAJIBHUX 3a/1a4, XapaKTEPHUX IS Cy4aCHOTO MAIIMHHOTO HaBYaHHSI.

PoGoTa Takox BkiItOYa€e po3poOKy Ta netanbHui onuc AutoML maiinnaiiny, 1mo
JI03BOJISIE  aBTOMATU3yBaTH TMPOIECH BiJ BUOOpY MoOjeNni 10 11 TECTyBaHHS Ta
ontumizauii. Peanizamis maimiaiiHy po3riigaeTbcsd Ha MPUKIAJI KOHKPETHUX 3a7ad
Kkjacuikauii Ta perpecii, 3 NoJaNbIIUM aHATI30M OTPUMAaHUX PE3YyJbTaTIB Ta OLIHKOIO
e(eKTHUBHOCTI PIIIICHb.

BpaxoByroun mUPOKU CIEKTP MOXKIJIMBOCTEN 1HTErpallii Ta HAJAIITYBAHHS, SIKAN
HAJAI0Th PO3IJIIHYTI TEXHOJIOTIi, poO0Ta BHOCUTh BarOMUN BHECOK y PO3YMIHHS TOTO,
K MO>XHa 3a0e3Me4YuTH OUIbUIY THYUYKICTh 1 MacIiTa0OBaHICTh Y JOMEHI MAlIMHHOTO

HaB4YaHHII.



Mertorw kBamidikaiiifHoi poOOTH MaricTpa € CTBOPEHHS aBTOMAaTH30BaHOIO
nalTIaifHy TpeHyBaHHS MOJIEICH MAIlMHHOTO HABYAHHS Ha O10JIOTIYHUX JaHHX, SKUI
BOJIOJIIE€ BIACTHBOCTSAMU MOJYJBHOCTI, JETAJLHOTO HAaNAIITyBaHHS KOH(Irypaii,
napajenizailii, mMBUAKOr0 MaciTadyBaHHS Ta JACTUIOWMEHTY y JABOX clieHapisx — On-
Cloud ta On-Premise. Po3po6iennii nmaiimiaiiH moBUHEH OyTH 1HTETPOBAHUN B SIKOCTI
cepBicy B icHytouy SAAS minardopmy in silico po3poOku JiKiB.

JIyist po3B’si3aHHST TIOCTABICHUX 3a7a4 BUKOPHUCTOBYBAIKCS METOIU MAITMHHOTO
HaBYaHHs, TTIMOOKOTO HABYAHHS Ta CUCTEMHOTO TIPOEKTYBAHHSI.

HaykoBa HOBH3Ha OTpUMaHUX pe3yibTaTiB:

- po3pobsieHo On-Cloud Bepcito MOBHICTIO aBTOMAaTH30BAHOTO IMaMILIaiiHy
JIJIsl TPEHYBAHHSI MOJIeJIeld MAIlIMHHOTO HaBUYaHHS Ha O10JIOTTYHUX JTaHUX;

— po3pobneHuil mamiaiiH BopoBakeHo B SAAS miatdopmy mis in silico
PO3pPOOKH JIKIB;

- po3pobieHo 3 ciMelcTBa CKOPUHTOBHX (YHKIIN 111 BUOOPY HaMKparioi
¢biHaTBEHOT MOJIETI Ta MPOBEEHO JIETaJIbHUMN aHaAMIH X Pe3yIbTaTUBHOCTI.

Ha ocHOBI mpoBeNEeHUX IOCHIKEHb po3po0JieHa apXITEKTypa 1 KOMIIOHEHTU
MpPOTpaMHOro 3a0e3MeueHHs, SKEe IHTerpoBaHO B icHytouy SAAS miargopmy 3
PO3pPOOKH JIKIB.

[IpakTiyHa 3HAYUMICTH OTPUMAHUX PE3YJBTATIB TIOJSATA€ Y MOXKIMBOCTI
aBTOMATUYHOTO TPEHYBAaHHS MOJEICH MAIIMHHOTO HaBYaHHSI Ha MOJICKYISIPHUX

JaTaceTax 1 MoAaJIbIIOTOo iX BUKOpUCTaHHS Y SAAS muardopmi.
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1 AHAJI3 ICHYIOUMX PINIEHb Y TAJY3l ABTOMATHU3AIIIL
MAUTIJIAMHIB MAIIIMHHOI'O HABYAHHSI
1.1 OcHOBHI CKJIagOBI TaWIUIaiiHy aBTOMAaTUYHOTO TPECHYBAaHHS MOJIEIICH

MAallIMHHOT'O HaBYaHHA

ABTOMaru3oBaHe MamiMHHe HaByaHHsA (AutoML) BucTynmae TOTYXHUM
THCTPYMEHTOM JIJIsl aBTOMAaTH3allli Mpolecy 3aCTOCYBAHHS MAIIMHHOTO HaBYaHHS [0
peaibHUX TMpoOieM Big movarky 1 a0 kiHig. OcHoBHa Mera AutoML momnsrae y
MiHIMI3a1(li a00 HaBiTh YCYHEHHI MOTpeOU B KBai(hiKOBAaHOMY JIFOJACBKOMY BTpYYaHHI,
TAM CaMHUM TPUCKOPIOIOYM PO3TOPTAaHHS Ta BIPOBADKCHHS MOJENIEH MAIIMHHOTO
HaBuanHsa. [ladnmain AutoML ckimamaeTrscs 3 ITOCHIZIOBHOCTI €TaIliB, KOXKEH 3 SIKHUX
BIJINOBIJIA€ 32 KOHKPETHUH acreKkT poO0Yoro mpoiecy MaliMHHOro HaBYyaHHsA. OCHOBHI
KOMIIOHEHTH NamiaitHy AutoML BkJIr04aroTh nomnepeaHio 00poOKy JTaHUX, 1HXKEHEPIIO
O3HaK, BUOIp MOJIEJIl Ta HAJNAIITYBAHHSA TiIIeprIapaMeTpiB. Y bOMY PO3/ILIl OMUCYIOThCS
OCHOBHI CKJIaJIOBI maimiaiiHy AutoML Ta MOACHIOETBCS pOJib, Ky BOHU TPalOTh y

aBTOMaTI/I3aI_Ii'1' MMpoucCy MalliMHHOI'O HaBYaHHA.

1.1.1 Tlonepenns oOpoOKa qaHUX

[Toniepenus 00poOKka JaHUX € BAXKIUBOKO (pa3oro maitmiaitny AutoML, sika rotye
CUPOBI1 JIaHi I Tojaibinoro a”amzy. Lleil kpok dacTo BKItOUae 3aBAaHHS, Takl SIK
OUYMUIEHHS JaHUX, 00pOOKa BIACYTHIX 3HaUY€Hb, TpaHC(hOpPMAIIls JaHUX Ta HOpMasi3amis
naHux. Meta nossirae y Tomy, 1mo6 3a0e3neYnTH BUCOKY SIKICTh JaHUX, SIKI TIOJIal0ThCS
Ha HACTYIIHI €Tanu MalmiaiiHy, 1 YHUKHYTH PO301’KHOCTEH, SKI MOXYTh HEraTUBHO
BIUTHHYTH HA MPOAYKTHBHICTH MOJICIII.

OunnieHHss naHuX: mporec ineHtudikaimii Ta BumpaBiceHHS (a00 BHUIAJTICHHS)
MMOMUJIOK Ta HEBIAMOBITHOCTEN B IAaHUX JIJIs1 TOKPAIIEHHS 1X SIKOCTI.

OOpobOka BiACYTHIX 3HAa4Y€Hb: TEXHIKM OOpPOOKM BIJCYTHIX JaHUX BKJIHOYAOTh

IMITyTaIli10, BUIAJICHHS Ta aJITOPUTMIYHI 3MI1HHU.
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Tpancdhopmariiss JaHuX: IIe¢ BKIIOYAE omepaili, Taki SK MaciTaOyBaHHS,
HOpMaJTi3aIlis Ta KOJAyBaHHs KaTeropiaJbHUX 3MiHHUX.
Bubip Ta 3MeHIIeHHS oO3HaK: BUOIp HaANOUTBIN BIAMOBIAHMX O3HAK abo

3MEHIIIEHHS PO3MIPHOCTI TaHUX.

1.1.2 ImxeHepis 03HAK

[HxeHepist 03HaK € MUCTEIITBOM CTBOPEHHS HOBHX O3HAK 3 ICHYIOUMX JAHUX JJIS
MOKpAIIEHHSI TMPOAYKTUBHOCTI Mozeni. Y madmiaiini AutoML 1meit  mpouec
aBTOMATU30BaHO i1 IIBHUJIKOTO BHUBEJCHHS O3HAK, SIKI BiJI0OpakalOTh OCHOBHI
3aKOHOMIPHOCTI B JJaHUX, 0€3 MOTpeOu B rally3eBiil eKCIepTH3i.

Lleit eram BKiIroUa€e Taki KOMIIOHSHTH:

- feature extraction — orpuMaHHs HOBUX O3HAK 3 ICHYIOYHX JIaHUX.

- feature selection — BuGip miaMHOKUHHM HAHOUTBIT iHHOPMATUBHUX O3HAK.

- feature encoding — koxyBaHHS KaTeropiaibkHUX O3HAK Y YUCIIOBUI (popmar.

— feature scaling — 3abe3necueHHs TOro, 100 O3HAKW OyJd HA CXOKOMY

MaciTadi, oo 3amnodirTH ynepeKeHOCTI B MOJICIII.

1.1.3 Bubip moxemi

Bubip Mozeni € KIHOYOBUM KOMIIOHEHTOM mamaiiHy AutoML, y sxomy
BUOUPAETHCS HAMOUIBIN MIAXOMASIIA MOJEIh MAIIMHHOTO a00 TITMOOKOro HaBUaHHS Ha
OCHOBI TIOCTaBJIeHOI mpoOsiemu. Ha 1mpboMy erari 4acTo BUKOPUCTOBYIOTHCS TEXHIKH
MeTa-HaBYaHHS a00 aHCcaMOJIeBOr0 HaBYaHHS JIJII BU3HAUCHHS HaHWKpaIoi MOei.

OruiHka MOJIei: OIliHKa MPOYKTUBHOCTI PI3HUX MO/JIeNIel Ha 3alaHUX TaHUX.

[TopiBHSHHS MOJENe: MOPIBHSIHHS PI3HUX MOJENeH Jiisa BHOOPY Ti€l, sika Mae
HaWBHIIY MPOAYKTUBHICTb.

Mera-HaBYaHHS: BUKOPUCTAHHS MHUHYJIOTO JOCBIIY I BHOOPY MOJENCH s

HOBUX HAOOPIB JaHUX.
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AHcamOJieBe HaBYaHHS: KOMOIHYBaHHS TIPOTHO3IB KIJIBKOX MoOJeNend s

MOKPAIIEHHS 3arajbHOI MPOyKTUBHOCTI.

1.1.4 TrouiHr rimeprnapaMeTpin

TroHiHT rinmepmapameTpiB - 1€ MpOIeC ONTHMI3alli TimeprnapaMerpiB oOpaHoi
MoOnedl AN TOKpamleHHs 11 mpoaykKTuBHOCTI. Y  AutoML  wHamamTyBaHHA
rineprnapaMeTpiB BUKOHY€EThCS aBTOMAaTUYHO, YaCTO 3 BUKOPUCTAHHSAM CKJIQJHUX TEXHIK
ONTUMI3allii, TAKUX SIK OaifeciBChbKa ONTUMI3allis, TOIIYK CITKM a00 BUMAJAKOBHIA MOIIYK.

[cHYIOTH HACTYITHI METOU /71l HOUIYKY ONITUMAaJIbHUX TileprapaMeTpis:

- MOIIYK IO CITII: BUYEPITHUH MOIIYK MO 3aJaHii CITII TineprnapaMeTpis;

— BUIIAJIKOBUI MOIIYK: BUMaJAKOBE BUOIpKA TilepnapameTpiB 3 BU3HAYEHOTO
IpOCTOpY;

— OaileciBCbKa ONTHMI3AIlS: TEXHIKA ONTUMI3Allli HA OCHOBI MMOBIPHICHOI
MOJIE,

- CBOJIIOIIMHI QJITOPUTMU: AITOPUTMH ONTHMI3aIlll, HATXHEHHI MPOIECOM

IPUPOAHOTO 1000DY.

1.1.5 Bizyamizarisi JaHUX

Bisyanizalis naHux € HEBIJT'€MHMM KOMIIOHGHTOM y mMmaimuiaiiai AutoML, 1o
crpusie OUIbII IHTYiTHBHOMY PO3YMIHHIO JAaHMX Ta MNPOAYKTUBHOCTI Mozeni. Bona
OXOIUTIOE CTBOPEHHS Ta BHUBUYEHHS BI3yaJbHOIO IPEJICTABICHHS [aHUX, SKE MOXeE
BapilOBaTUCS BiJ MPOCTHX JiarpaM pO3CIIOBaHHA J0 CKJIAJHUX OaraToOBUMIPHUX
JaiarpaM. 3a JOMOMOTOK Bi3yalizailiii 3alllkaBjeHI CTOPOHU MOXYTh OTpPUMATH
YSBJICHHS TIPO JiaHi, IHTEPIPETyBaTH pe3yJbTaTH MOJEII Ta MpUWMaTH OOTPYHTOBaHI
pILIEHHS HA OCHOBI LIUX BI3yallbHUX MPEJICTABIICHb.

Hocniguuupkuii anamiz panux (EDA) - me BUKOpUCTaHHS Bi3yanmizamii uis

JOCITIJIKEHHS JJaHUX, BUSIBJICHHS] 3aKOHOMIPHOCTEH Ta PO3yMIHHS X CTPYKTYPH.
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Bizyanizamis npoayKTUBHOCTI MOAENTI: BI3yalibHI TPEACTABICHHS METPHUK
IPOAYKTUBHOCTI MOJIENI Ta pe3yIbTaTiB OLIIHIOBAHHS.

Bigyanmizamis Ba)XIMBOCTI O3HAK: BiOOpa)X€HHS 3HAUYMMOCTI PI3HUX O3HAK Y
NPOTHOCTUYHHUX MOJECTISX.

AHai3 TOMUJIOK: Bi3yasi3allisi MOMUIOK, JOMYIEHUX MOJEIUIIO, I BUSBIICHHS

MOXJIMBUX HAIPSMKIB MOJIIIIICHHS.

1.1.6 MOHITOPUHT MPOTYKTUBHOCTI

MOHITOPUHT MPOAYKTHUBHOCTI € BUPIIIAIBHUM KOMIIOHEHTOM, SIKMI 3a0e3rneuye
T€, 00 PO3TOPHYTI MOJEIl YyTPUMYyBajdud BUCOKHUM pPiBEHb TOYHOCTI Ta HAAIMHOCTI 3
yacoM. lle Bkitouae B cebe MocTiiHe BIACTEKEHHS MPOAYKTUBHOCTI MOJIEI1, BUSIBJICHHS
OyJp-SIKOr0 3HELIHEHHS Ta 1HILIIOBAaHHS MMOBTOPHOIO HaBYaHHS a00 HaJAIITYBaHHS 3a
notpedbu. Lleli KOMIIOHEHT € KUTTEBO BAXKJIMBUM I MIATPUMAHHS HAIIAHOCTI Ta
€(EeKTHUBHOCTI pIIIEHb MATMHHOTO HABYaHHS B BUPOOHUYOMY CEPEIOBHILI.

MeTpuku OLIHKH TPOAYKTUBHOCTI MOJIENi: BUKOPHCTAHHA METPHUK, TaKUX SK
TOYHICTb, CIIeM(IYHICTh, CEJICKTUBHICTD, F1 Ta 1HIII.

BusBneHHsT 3MILIEHHSA: BUSABJICHHS 3MIH Yy pO3NOAUN JaHUX, SKI MOXYTb
BIUTUHYTH Ha MPOAYKTHUBHICTH MOJIEIIL.

3BOpOTHI 3B's3KW: 30ip BIATYKIB HA TMPOTHO3M MOJENI JJisi MOKpAIlEeHHS i
MaiOyTHHOI TOYHOCTI.

CrioBilieHHS Ta 3BITYBaHHS: BCTAHOBJICHHS MEXaHI3MIB JJIS CIIOBIIICHHS Ta

3BITYBaHHS MPO CHaj TOYHOCTI MOJENI a00 1HII MPOOJIEMH.

1.1.7 JlerodiMeHT MOJIEII

Etan nennoliMeHTa Mozeni — 1€ KOJIM HaBYEHA MOJENb CTA€ JOCTYHHOIO IS
BUKOHAHHS TMPOTHO31B Ha HOBUX JaHUX. lle BakIuMBHI KOMIIOHEHT MaWlIIaliHy
AutoML, skuii mo3Hadae mepexia Bi PO3poOKH 10 MPOIYyKTOBOTO eramy. [Iporec

JIETIJIOTHTa TTOBUHEH 3a0€3MeUnTH JTOCTYIHICTh MOJIEN1, MacllITabOBaHICTh Ta 3J]aTHICTh
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oOpoOJISITH JaHI B peaqbHOMY 4Yacli a00 THakeTHy OOpoOKy BIJAIMOBIIHO /IO BHUMOT
3aCTOCYBaHHS.

JleTIoMeHT BKITIOUA€E BpaxXyBaHHs HACTYITHUX aCIEKTIB.

[TnarpopMu nemIodMeHTy: BUKOpUCTAHHS IIaTdhopM abo ¢GperdMBOpPKIB, SKI
CHPUSAIOTh PO3TOPTAHHIO MOJENI, TAKUX SK XMapHi pillieHHs abo cepBepH Ha BIACHIN
TEPUTOPIi.

KoHTpoaps Bepciii: ynpaBiiHHS PI3HUMH BEPCISIMH MOJENI I 3a0e3nedeHHs
BIJITBOPIOBAHOCTI Ta B1JICTEKYBaHOCTI.

MacmtaboBaHiCTh: 3a0e3MeUeHHsI TOro, IO PIMICHHS PO3rOPTaHHS MOXKeE
00poOATH 301IbIIEHHS OOCATIB JAHUX Ta KOPUCTYBALbKUX 3aIHTIB.

MOHITOpPUHT Ta 00CIIyTOBYBaHHS: TOCTIMHUM MOHITOPUHT PO3TOPHYTOI MOJIETI Ta
BUKOHAHHS  HEOOXITHOrO  OOCIYyroByBaHHS Uil  3a0e3NeyeHHS  ONTHUMAaJIbHOI

IPOJTYKTUBHOCTI.

1.1.8 BucHOBKH

VY tabnuii 1.1 HaBeleHO BIIHOCHY BaXJIMBICTh Ta BIUIUB KOKHOTO KOMIIOHEHTA Y
AutoML naiinnaliti, a TaKoX piBEHb JOCSKHOT aBToMaTu3allii. O4eBUIHO, 110 KOKHUM
KOMITOHEHT B1JIiIrpa€e BaXJIMBY POJib y 3a0e3MeueHH1 ycrixy nporecy AutoML, Bucokuit
piBeHb aBTOMATHU3allli CIPHUSE€ MIBUAKOMY Ta €(PEKTUBHOMY JCTUIONMEHTY MOjelen

MAalllMHHOT'O HaBYaHH:I.

Tabmums 1.1 — BaxauBicTh Ta BIUIMB KOXHOTO KoMIoHeHTa y AutoML
ManIuIaigl
CkJitamoBa Baxxnuicts | BB Ha sikicTh MeTpuK | PiBeHb aBTOMaTH3AITI

IIpenmpouecunr nanux | Bucoxkui Bucoxknit Bucoxknit
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Kineup Tabmuii 1.1 — BaxauBicTh Ta BIJIMB KOXKHOTO KoMrmoHeHTa y AutoML

nanTIanHi
Feature Engineering Bucoxwii Bucoxwii Bucoxwii
Bub6ip monemni Bucoxkwnit Bucoxkwnii Bucoxkwnii
TroHiHr rinepnapamMerpis | Bing cepennboro 10 BUCOKOro | 3HayHUM Bucoxwnii
Bizyanizamist nanux [MomipHuit [Momipuuii | IlomipHwuii
MOHITOPUHT METPHUK Bucoxui Bucoxui Bucoxknit
JlenoiiMeHT MoAeIi Bucoxnii BincyTHii Bucoxnii

Bizyanizauis gaHux, xo4da i MOMIpHO aBTOMAaTH30BaHa, 3HAYHO CIIPHSIE KPalioMy
PO3YMIHHIO JIaHUX Ta MPOAYKTUBHOCTI MoAedi. 3 1HIMIOro OOKy, MOHITOPHUHT
IPOAYKTUBHOCTI Ta JEIUIOMMEHT MOJEJ BUCOKO aBTOMAaTH30BaH1 Ta )KUTTEBO BaXKIJIUBI
JUIsL YCHIIIHOI OmepariioHami3amii MOJeleil MAIIMHHOTO HaBYaHHS Y peallbHUX

CLIEHapisX.

1.2 Ornsxg HayKOBHX MyOJNIKamiil y Traimy3i XMapHHUX CHCTEM MAaIIMHHOTO

HaBYaHHS IS TalTy31 010Texy

HaBenemMo orisin  HU3BKM —CTaTTed, SIKI OMNUCYIOTh peali3ailil0  CUCTEM
BUKOPUCTAHHS MAIIMHHOTO HABYAHHS y BIAKPUTTI Ta po3poOi1ii JIKiB.

VY [1] aBTOpU pO3pOOMIIM MOBHY CTEK-apXiTeKTypy xMmapu Bia laaS nmo SaaS,
3aCHOBAaHY Ha BIJIKPUTHUX TEXHOJIOTISIX, BKIIFOYAIOYH 1HTETPAIli0 BUCOKOMPOTYKTUBHHUX
nepepad AaHUX y Bcl THOM cepBiciB. OCOOIMBICTIO € CTpaTeris JUHAMIYHOTO
MacmtabyBanHss PaaS s cTBOpeHHS Ta BHUKOHAaHHS O101HGOPMATUYHUX Ta
O0loMeanMuHUX poOOUYMX MOTOKIB 13 BuKopucTaHHsaM Galaxy. lle nemMoHCTpye 3AaTHICTD

miaTpopMu A0 HIBUIAKOIO MaclITaOyBaHHS pecypciB Ta ii NPUAATHICTb ISl JIBOX
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BU3HAUCHUX BUMAJKIB BUKOPUCTaHHSI y OloiHQopMarumi Ta  OlOMEIUYHUX
JOCTIKEHHSX.

ABTOpH [2] pO3IIIAIal0Th BUKOPUCTAHHS XMapHUX OOYHMCIEHb Y KOMIUIEKCHOMY
aHaji3l MYyJbTH-OMIYHMX JIaHMX, OCOOJIMBO 30CEPE/KYIOUUCh Ha BHUKOPHCTaHHI
KOHIIEMI[M BipTyamizamii Ta KoHTeWHepu3aimii. BoHu moOKa3yioTh, SK XMapHi
OOYHUCJICHHSI MOXYTh CIPUATU JETKOMY MaclITaOyBaHHIO Ta CTBOPEHHIO HE3aJIEHKHUX
aHAMITUYHUX TMaWIUIalHIB JUIsi OMIYHMX JaHMX, a TaK0oX PO3KPUBAIOTH MEPEBIPEHY
KOHIIENTYaIbHy MOJIENIb YHIBEPCaJIbHOI'O PIIIEHHS Ha MPHUKIAAl MPOTPaMHOrO MaKeTy
Bioconductor.

Mix iHmwmM y [3] OOroBOpIOIOTH IHBECTHIli HAYyKOBOI CIIUJIBHOTM B XMAapHI
OloMennyH1 MIaTGOPMHU, BKA3YIOUM Ha HEOOXITHICTh 30CEPEIHKEHHS Ha MIKpocepBicax
s miarpuMkd  FAIR-npunHnmmnie. BoHuM mpomoHYrOTh BUTINTH Big caMOJOCTaTHIX
m1aTpopM 1 PEno3uTOpIiB JAHMX HAa KOPUCThH 1HTEporepadenbHuX MikpocepBiciB. Lle
MIIX0J Ma€ Ha METl TONIMNIIMTH I1HTErparilo Ta JIOCTyH JO MOJYJbHHUX JIaHHX,
CHPHSIOYM CTBOPEHHIO €(EKTHBHIIIOIO €KOCHUCTEMHU BEO-CEpBICIB I O10MEIUYHOTO
aHai3y Ta OTPUMaHHS JaHUX.

VY [4] AIDDISON npornonye 3pyuny, 6e3reuny BeO-maThopMy sl BIAKPUTTS
JIKIB, 1HTErpylOYM T€HEpaTHBHI MOAEINI, MPOTrHO3yBaHHS BiactuBoctei ADMET,
MOIIYKA B IIMPOKUX XIMIYHUX MPOCTOpax Ta MOJIEKyJsipHe AOKiHT. Lle 3a0e3meuye
noctyn 1o nepeBar AI/ML y BiIKpHUTTI JKiB JIJI1 HAYKOBIIIB, K1 HE € KOMI'TOTEPHUMU
eKCIepTaMu, JIEMOHCTPYIOUM 1€ Ha MPUKIaAl 1eHTU(]IKalli IIHHUX MOJEKYN IS
orrrumi3aii nigiB. AIDDISON - nie mnatdopma Bix gapm riranta Merck, no cyTi, imie B
MpoIiecl IXHBOI PO3pOOKH, siIka pOOUTH aKIIEHT HA MITYYHO 3Tr€HEPOBaHI MOJIEKYJIHU 1 B
3arajJibHOMy BIATBOpPIOo€ Bopkdioy, skuii O0yB peanizoBanuii y RECEPTOR.AI B toii
MOMEHT, KoJiu Merck TiTbKM MOYHMHAB PO3pOOKY CBOET muiatopmu.

VY [5] crarti oOroBOpOETHCS, SK XMapHI OOYMCIEHHS MOXYTh JOMNOMOTITH
KUTTEBOMY KTy ML y BIZKpUTTI JiKiB. ABTOpPH pPO3TISIAIOTH MOKIUBOCTI
KOHTeHHepu3allii, HAayKOBUX POOOYMX IMOTOKIB Ta BIpoBaKeHHs KoHIeniii MLOps
JU1s1 3a0€3MEeUeHHST BIITBOPIOBAHOCTI Ta HaJIMHOCTI mMozentoBaHHs ML. Bonu Takox

00OroBOPIOIOTH 3acTocyBaHHs ML Ha MpUBaTHHUX, YYTIMBUX 1 PETyJIbOBAaHUX IAHUX, a
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XMapHi o0OuYMClIeHHS Ta ¢eaepaTuBHE HaBYaHHS MOXYTh CIPHUSTH CIHIBIOpall Yy
BIJIKPUTTI JIKiB.

Y crarTi [6] po3rIsAmarOThCA 1HHOBAIl B OOYHCIIOBAJIBPHUX TEXHOJIOTISX Ta
M1JIX0/1aX, 30KpeMa B XMapHUX OOYHUCIICHHSX, SIKI MIPONOHYIOThH OO0IIsI0Ue, HEAOPOre Ta
THy4YKe pilieHHs y ramy3i OioiHdopmatuku. Po3risgaroThecsi mepeBarn XMapHHUX
0o0YHCIIEHh B MOJICKYJISIPHOMY MOJICTIIOBAHHI, aHANITHII OMIYHUX JaHUX Ta 1HTErparii,

aHaji31 Ta iHTepnpeTaii GeHOTUNMIYHUX JaHUX.

1.3 3actocyBaHHs mallmiaiiHy Ui TPEHYBaHHA MOJIEJel  MalIMHHOTO

HaBYaHHS Ha O010JIOTTYHUX JAaHUX

[IpeacraBneHHss MoJeKyn y popMarti, KU 3pydHUI 1Ji1 0OpOOKH alropuTMaMu
MaITMHHOTO HABYaHHS, € KJIIOYOBUM €TallOM y TaKUX OO0JacTIX, SIK MEIWYHA XiMisd,
po3poOka JikiB Ta OioiHpopmaTuka. IcHye Kigbka OCHOBHUX THIIIB MPECTaBICHHS
MOJIEKYJI, KOJKEH 3 SKHX Ma€ CBOI mepeBaru Ta ooMexkeHHs. OCHOBHI THUITH BKJITIOYAIOTh:
SMILES, Graph-Based Representations, Fingerprints, Ta 3D Structure Representations.
Ha pucynky 1.1 300pakeHO OCHOBH1 BapiaHTH penpe3aHTailii MOJeKyl.

SMILES — me cmoci6 omucy CTPYKTYpH MOJIGKYJH 3a JOIOMOTOI0 KOPOTKO1
ASCII psaka.

[TepeBaru SMILES:

— KOMITaKTHICTh Ta MPOCTOTA 30€piraHHs;

- HIMPOKA MIITPUMKA B XIMIHPOPMATUYHUX IHCTPYMEHTAX.

Hemnoniku SMILES:

— BTpaTa JACSKUX MPOCTOPOBUX XapaKTEPUCTUK MOJICKYIIH;

- MO>KJIMBA HEOJHO3HAYHICTh y MPECTaBICHHI.

[Hme mommpeHe mpeacTaBiieHHs — TpadoBe, 1€ MOJEKYJIU NPEACTaBICHI y BUIJISAI
rpadiB, e aTOMU € BEpIIMHAMH, a 3B'SI3KHU - peOpaMH.

[TepeBaru rpadoBoro NMpeACTaBICHHS:

- 30epiratoTh MPOCTOPOBY CTPYKTYPY MOJIEKYJIH;

- HIATPUMYIOTHCS aITOpUTMaMH TpadOBUX HEMPOHHUX MEPEK.
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Henomniku rpadoBoro npeacraBieHHs,:

- OLIIBIIIA CKJIAIHICTH OOYHCIICHD,

BUMarae OUIbIIe PecypciB JuIsl 30epiranHs Ta 00poOKH.

3D Grid Encoder
P
i
™
.‘:':,'w . } CIEm !
Fr i

Voxel-based features

l LIGANDS NG S 3D Surface Encoder

L J
H - ’
T o S I Mesh-based features
\ ® .,

3D Graph Encoder

nrm

Node-based features

Pucynox 1.1 — OcHOBHI BapiaHTH perpe3eHTaliil MoKy /i O1IKiB 1 jtiranais [19]

BinOutku — 11e 6iHapHi a00 YKCIIOBI BEKTOPH, SIKI BiI0OpaXKatoTh HASIBHICTH 200

BIJICYTHICTh IEBHUX XIMIYHHUX CTPYKTYpP Y MOJIEKYJIL.

[TepeBaru BiTOUTKIB:
— KOMIAKTHICTh MPECTABICHHS;

JIETKICTh TIOPIBHSHHS MOJICKYT,

Henomniku BiTOUTKIB:

BTpaTa iH(dopmallii Ipo TPOCTOPOBY CTPYKTYPY;
MO>KJIMBICTH "KOJ31i1" 1pH 301y B1IOUTKIB P13HUX MOJIEKYI.

Takox MOXJIMBUM € TPUBHMIPHE TPEACTABJICHHS MOJEKYN, 1€ BKa3aHl TOYHI

KOOPJIMHATU aTOMIB y MPOCTOPI.

[lepeBaru TpUBUMIPHOTO MPEICTABICHHS:



- HaNHOUIBII TOYHE MPECTABIECHHS IPOCTOPOBOI CTPYKTYPHU MOJIEKYJIH;

— BAXJIUBE ISl PO3YMIHHSI MOJICKYJISIPHOT B3a€MOJII.

Henomniku TpuBUMIpHOTO MPEACTABICHHS:

- BHCOKa 00YHCITIOBAJIbHA CKJIaI[HiCTB;

— BEJIMKUI 00'eM aHuX Jist 30epiraHHs.

VY tabauni 1.2 HaBeIeHO OCHOBHI TUITH MPEICTABICHHS MOJIEKYI.

Tabmuis 1.2 — OCHOBHI TUIIM MPEACTABICHHS MOJIEKYJI

19

Kpurepiii / ['padoni
BinOutku 3D CrpykrypHi
Tun SMILES | IlpencraBnenn _ _
(Fingerprints) [TpencraBicHHS
pEICTaBICHHS s
binapHi/uncino
ASCII Monekyna y .
. Bl BEKTOPH, 110 . o
pAIOK, IO | BUIJIAAL rpada, | TouHi TpUBUMIpHI
B1100pakaroTh .
Omnuc OIIUCYE aTOMH - _ KOOPJIMHATH aTOMIB
HasSIBHICTh
CTPYKTYPY BEPIINHH, o MOJIEKYJIN
XIMIYHUX
MOJIEKYJIU | 3B'SI3KH - pedpa
CTPYKTYD
[IpoctopoBa | OOMexeH
_ _ Bucoka Ob6mexeHna Bucoka
iH(bOopMarris a
O6uuncIoBaIb Cepennsi/Buco
. Husbka Husbka Bucoxka
Ha CKJIJIHICTh Ka
' o . [Mupoxa CreuianizoBaHi
[linTpumka Chemniaii3oBani
(0cobmmBO mJist ANTOPUTMH,
ML- [upoka ANTrOPUTMH
. KJacudikaniiya noTpedyIoTh
aJTOPUTMIB (mamp., GNN)

WX 3aj]1a4)

BEJIMKMUX OOYHCIICHD
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Kinenp tabnuii 1.2 — OCHOBHI TUIIH NMPEICTABICHHS MOJIEKYIT

TounicTh
Cepenus Bucoka Cepenns Bucoka
MIPEJCTaBIICHHS
[IBuaxui JletanpHuM JlocmmKeHAS
_ . [IBnake
Cdepa CKpUHIHT, aHaji3 ' MIPOCTOPOBUX
' MOPIBHSHHS Ta .
3aCTOCYBaHHS 0a30Bi CTPYKTYpH Ta o B3a€EMO/IIM Ta
_ . B101p .
aHaJi3u | BJIACTUBOCTEH JTUHAMIKA
Brpara
MoxnuBa | MiHiMalbHa MosxiiBa MinimaasHa
1H(popmarii

Bubip mnpencraBieHHs MOJIEKYJIW [JIi MAIIMHHOTO HAaBYaHHS 3aJeKHUTh BiJl
KOHKPETHUX Il IociijpkeHHs Ta BuMor a0 TouyHocti. SMILES Ta BinOuTtku €
e(EeKTUBHUMU JJI MIBUIKOTO CKPUHIHTY Ta MOPIBHSIHHS BEJIMKOI KUIBKOCTI MOJIEKY,
ajie BOHM MOXYTh HE BpPAaXOBYBaTH BCl HIOAHCH MPOCTOPOBOi CTPYKTypu. ['padosi
MPECTABJICHHS] HaWKpalie MIIXOASITh Ui 3aBlaHb, JI€ BaXKJIUB1 JeTall 3B'A3KIB Ta
CTpYKTypu MoJiekyd. 3D CTpyKTypHI MpeACTaBiCHHS 3a0e3MeuyloTh HaOUIbIITY
TOYHICTh 1 Ba&XJIWBI I PO3YMIHHS NPOCTOPOBHUX B3AaEMOJIN, Hampukiag, ¥y
JIOCITIJIKEHH1 3B's3yBaHHS OUIKIB. Y KIHIIEBOMY PaxyHKY, BUOIp METOIy 3aJeKHUTh BiJl
cnenu@iky 3a7a4i, TOCTYITHUX JaHUX Ta 00UUCITIOBAILHUX PECYPCIB.

VY KOHTEKCTI MOJICKYJISIpHUX AaHuX, AutoML naiimiaifH Moke 3Ha4HO CIIPOCTUTHU
Ta MIPUCKOPUTH MPOIIEC BIIKPUTTS HOBUX JIIKIB, IPOTHO3YBAHHS BJIACTUBOCTEH MOJIEKYJI
Ta HIIKUX O101H(POpMAaTUUHKX TOCHiKeHb. Hanpukan:

— MPOTHO3YBaHHS OI10JOTIYHOI AaKTUBHOCTI — aBTOMATH3allisl MPOIIECY
BUSIBJICHHS MOJICKYJ, SKI MOXYThb OyTH TOTEHI[IHHO aKTMBHUMH TMPOTH TIEBHUX
O10JIOTTYHUX MIIIEHEH,

- OmTHUMI3allisl  JIKapChbKUX 3ac00iB  — aHali3 Ta MPOTHO3YBAHHS
BJIACTUBOCTEH  JIIKApCBKUX  3aco0iB, TaKWX SK PO3YMHHICTh, TOKCHYHICTD,

010/10CTYITHICT,
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- BUBUYEHHSI MOJIEKYJIIPHUX B3a€EMOIN — po3poOka Mojeneil J1jisi BUBYEHHS

B3a€MOJIIM MIXK PI3HUMH MOJICKYJIaMU Ta OlIKaMHu.

1.4 TlocranoBka 3aja4i Ta BUOIp TEXHOJOTIH JIJIs peanizamii

Y paMmkax JgaHOI MaricTepchbkKoi pPOOOTH CTaBUTHhCS 3aBJAHHS CTBOPECHHS
YHIBEpPCAIbHOI CUCTEMH aBTOMATHU30BAHOI'O TPEHYBAaHHS Ta MOHITOPUHTY Mojeei
MaIIMHHOTO HaBuaHHsA a1 SAAS mnatdopmu in silico po3poOku jikiB. OCHOBHa MeTa
noJyisirae 'y po3poOlli aBTOMAaTU30BAaHOTO MaiIuiaiiHy, sSKui Oyae CchpsMOBaHUM Ha
poOoTy 3  OIOJOTIYHMMH  JAaHUMH, 3a0€3Me4yloud  MOMAYJIBbHICTh, JI€TajbHE
HaJallITyBaHHs, Mapajieli3aliio, IBUIKE MACIITa0yBaHHSA Ta THYYKHHA JEIJIOMMEHT y
nBox pexkumax - On-Cloud ta On-Premise. Ile#t maiinnaitn Mmae OyTH 1HTETPOBAHUI B
AKOCTI cepBicy B icHytouy SAAS mnatdopmy, cnemnianizoBany Ha in silico po3poOiii
JIKIB.

On-Cloud posropranas Tta Kubernetes. Bukopuctands Kubernetes ms
OpKecTpalli  KOHTEHHEpiB  J03BOJIS€  3a0€3MEUUTH  BUCOKY  JOCTYIHICTD,
MaciTaboBaHICTh Ta €EeKTUBHE ympaBiiHHS pecypcamu. Kubernetes € onTumaibHUM
pimenHsM st On-Cloud nensioiiMeHTy, OCKUIBKM BIH MIATPUMYETHCS OUIBIIICTIO
xMmapHux mnpoBaiaepiB (takux sk AWS 1 GCP, ski maioTh BiacHI cepBicH IS
posropTanHsi cepenoBuiia Kubernetes), € THydkuM 1 MOTY)>KHHUM IHCTPYMEHTOM Ta
JIO3BOJISIE€ MMPOCTO MacIITa0yBaTUCS MPU MOTPeOi.

ABTOMAaTH30BaH1 MaWIJIalfHU MAIIMHHOTO HaB4aHHs: BukopuctanHs Kubeflow,
JUIsl CTBOPEHHS THYYKHMX MaWIJIaliHIB 3 JIeTadbHOIO KOH(irypamieto. Lleil iHCTpyMeHT
JI03BOJISIE AaBTOMATH3YBAaTH MPOIIECH TPEHYBAaHHSA, OI[IHKM Ta PO3TOPTaHHS MoOjejei
MalmuHHOTO HaBuaHHsa. AutoML [Iladnnaiin mae ckiagaTHCs 3 KOMIIOHEHT, SIKI
BIIMOBIAAIOTh 3a HACTYMHI 3ajadi: MoIepeaHt0 oOpoOKy IaHUX, 1HXKEHEPII O3HaK,
BUOIp MOJIETI Ta HAJIAIITYBaHHS TileprapaMeTpiB.

BuOip TexHiuoro ctexy AJis MAIIMHHOTO HaBYaHHS: MPEACTABICHHS MOJEKYJT y
dbopmati BinOuTKiB (Fingerprints) pa3oM 13 BUKOPUCTAHHSIM MOJEJICH KJIACHUYHOTO

Marmmunnoro HaBuanHs - € onTuMaibHUM pitneHHsM it AutoML maiinaiiny 3 orysy
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Ha THUIIOBI PO3MIPHM HaBYaJbHUX BHOIPOK Ta MPAKTUYHICTh aBTOMATH3allli IiI00py
HAWKpaIoro aaropuTMy. ToMy IOIIJIPHUM € BUKOPUCTaHHS MOBH IIPOTPaMyBaHHS
Python Ta 6i6mioTeku scikit-learn.

Iaterpamis 3 SAAS mnardopmoro: po3podka API Ta cepBiciB [isi iHTerparii
po3pobieHoro maimiaiiHy 3 icHyrodoro SAAS mmatdopmoro. Ile  m03BOIMTH
3a0e3reunTd €(OEKTUBHUN OOMIH JaHUMHM Ta pe3yjbTaTaMH MK IaWIUIaifHOM Ta
matopmoro. Takoxk HeoOXimHO Oyne peamizyBaTH cCremiadbHUN iHTepdeic, SKui
JIOB30JIUTh KOPUCTYBATUCS HATPEHOBAHUMHU MOJCIISIMH BCEPEIMHI TIIATHOPMH.

Jlnst 0OpoOKyM G10JIOTIYHUX JTaHUX OyJle BUKOPHCTaHa CreliaiizoBaHa 010110TeKa
s Python - RDKit.

Konrelinepuzauis 3 Docker: Docker € ki1ro4oBUM KOMIIOHEHTOM Y CTBOPEHHI
e(eKTUBHOTO MalIIaiiHy MAlIMHHOTO HaBYaHHA. BiH 103BOJIsiE€ MaKyBaTH JOJATKHU Ta
iX 3aJeXKHOCTI Yy CTaHJApTU30BaHI KOHTEWHEpPH, IO CIPOIIYE JCTUIOWMEHT,
MaciTabyBaHHs Ta yIpaBIiHHS.

[3omsmist  Ta  BigTBOproBaHICcTh: Docker 3abesneuye 13071110 10JATKIB,
TrapaHTylOuYd, IO BOHM TIPAIIOBATUMYTh OJHAKOBO B pI3HUX cepemoBumax. ILle
OCOOJIMBO BAXKJIMBO [JIsi HAYKOBHX OOYHCIICHb Ta EKCIIEPUMEHTIB y MAIIMHHOMY
HABYaHHI, J€ BIATBOPIOBAHICTh PE3YJIbTATIB € KPUTHUYHOIO.

CywmicHicts 3 Kubernetes: Docker koHTeitHEpH MOXKYTh JIETKO OPKECTPYBATHCS 32
nornoMoror Kubernetes, 1110 103BoJIsie aBTOMATH3yBaTH PO3TOPTAaHHS, MAaCIITA0yBaHHS
Ta yMpaBIIiHHS TOAaTKAMHU.

Cranpmaptu3zanis poOoumx mporeciB: BukopuctanHs Docker momomarae
CTaHJApPTU3YBaTH poOOYl TMPOIECH, 3HIKYIOUM PHU3UK '"II€ TMpalie HAa MOEMY
koMmm'totrepi" mpoOieMatuku. lle BaXXJIMBO NJi BEJIMKWUX KOMaHJ, K1 MPaIlOlOTh HaJl
CKJIQJHUMU TIPOEKTaMH in silico po3poOKH JIiKiB.

besneka Tta 13oss11ist pecypciB: Docker 103Bosisie epeKTUBHO pO3AUISITH pecypcu
Ta 130JIFOBATH MPOIECH, 3a0e3Meuyloud BHCOKUN PIBEHb OE3IMEKH, 10 € KPUTHIHO

BOKJIMBUM JIs1 OOpOOKH KOH(IACHITIHHUX 01070TIYHUX JaHUX.
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1.5 BucHOBKH

Y mpomy posmimi Oysio mpoaHaTi30BaHO OCHOBHI KOMIIOHEHTH, SIKI TTOBHWHEH
MicTUTH AutoML madnmaitn. Byno HaBeneHO [eTalbHMM aHaji3 Ta TMOPIBHIHHS
TEXHOJIOT1H, 3aBAsIKM SKUM MOXKHA pealli3yBaTh KOXEH 3 KOMIIOHEHTIB. Takox Oyio
OMHMCAHO, SIKI ICHYIOTh CIIOCOOM TpEACTaBICHHSA OIOJOTIYHMX JaHUX JUIT  iX
BUKOPUCTAHHSA Yy QJIrOpUTMax MAIIMHHOTO HaBYaHHS. 3aBEPIIYETHCS I1IEH pPO3ALI

MIOCTAHOBKOIO 33J1a4i 1 0OrpyHTOBAaHUM BUOOPOM BIAMOBITHUX TEXHOJIOT1H.
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2 MATEMATHUYHA MOJAEJb KOMIIOHEHTIB CHUCTEMH
ABTOMATHU30BAHOI'O TPEHYBAHHSI TA MOHITOPUHI'Y MOJEJEA
MAHNIMHHOT'O HABYAHHA

2.1 MarematuyHa MOJIeJIb AITOPUTMY BUOOPY HAWKpaIUX O3HAK

Bub6ip naiikpamumx o3Hak (feature selection) B MalmmHHOMY HaBYaHHI - 1€ TIPOIIEC
BU3HAUCHHs Ta BHOOpPY THX O3HaK 3 HAOOpy AaHUX, SKI HaWKpalie BiI0OpakaroTh
3aBJIaHHs, 1110 BUPINIYeThCA. [CHye KiJlbka OCHOBHHUX METOIB BiAOOpY O3HAK, KOXKEH 3
SKMX Ma€ CBOi OCOOJIMBOCTI, epeBaru Ta Hepomiku. Ha pucynky 2.1 300paxeHo mporiec

BU3HAYCHHS Ta BII0OOPY KJIIOYOBUX O3HAK.

Yci o3Hakm

Bu6ip o3HaK

>

®diHanbHi 03HaKM

Pucynok 2.1 — Ilponec Bu3HaueHHs Ta Bi10OPY KIFOUOBUX O3HAK

2.1.1 ®inpTpariitai MmeTon

Cytbh: BHOIp O3HaK Ha OCHOBI iX CTaTUCTUYHUX XapakrtepucTuk. llepeBaru:
npocToTa OOYHMCIIEHb, HE BUMAara€e TpeHyBaHHsA Mozeneil. Hemomiku: He BpaxoBye
B3a€MO/III0 MK O3HAKaMHU.

[Tpuknagu GiabTpaitHUX METOIB:

— kopesis [lipcona — mipa JHIHHOT 3aJIe)KHOCTI MK IBOMa 3MiHHUMH,
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- xi-kBagpaT  (Chi-squared) TecT — OLIHIOE  HE3AICKHICTH  MIX
KaTeropiaIbHUMH 3MIHHUMH;

— B3aeMHa iH(opmMaris (mutual information) — mipa B3aeMHOI 3aJIeKHOCTI
MDK JIBOMa 3MIHHUMH; BUMIPIOE CKUJIbKH 1H(PopMaIlii oJiHa 3MiHHA MICTUTh PO 1HIIY;

— aHani3 TojoBHUX KOMIOHEHT (PCA) — 3MmeHIIye pO3MIpHICTh JaHUX,
30epirarouu Npu [bOMY MaKCUMaJlbHy BaplaTUBHICTD;

- ANOVA F-TecT — BUKOPHUCTOBYETHCS IS BUSHAYCHHS, YU € CTATUCTUYHO
3HAYYI Pi3HUII MK CEPEeTHIMU 3HAYCHHSIMHU OUTbIIIE ABOX TPYIL.

OigpTpalliiHl METOAU € TOTY>KHHM 1HCTPYMEHTOM JUIS TEPBUHHOTO aHaji3y
JaHUX Ta BiMOOpY O3HAK. BOHW J0O3BOJSIOTH 3HAYHO 3MEHIIUTH PO3MIPHICThH JAHUX,
npy UpOMY 30epiraroun BaxJMBy iHGopmaiito. OJHaK III METOAM HE BPaXOBYIOTh
B3a€EMOJIII0 MIDK O3HAaKaMM Ta MOJIeJIb MAIIMHHOTO HAaBYaHHS, TOMY BOHH YacTO
BUKOPUCTOBYIOTHCA y MO€EJHAHHI 3 THIIMMU METOJIaMU B11I00pY O3HAK Uil JOCSTHEHHS

OIITUMAJIBHOT'O PC3YJIbTATY.

2.1.2 OOropTkoBi METOIU

Omnuc: BUKOPUCTAHHS aJIrOPUTMIB MAIIMHHOTO HABUAHHS IS OI[IHKUA BaXKJIMBOCTI
O3HaK.

Marematnune GOpMyTIOBaHHS: OJWH 3 MIPUKIIAIIB — METOJI BUMAIKOBOTO JIiCY, €
BAXKJIMBICTh O3HaKW | Moxe OyTH OLIHEHa 4Yepe3 3HWKEHHS TOYHOCTI MOJENl MpHU
BUIAJIEHHI [11€] O3HAKH.

[lepeBaru: BpaxoBye B3a€MO/III0 M’k O3HAKaMU; 4acTO Ja€ Kpallll pe3yiabTaTH.

Henomniku: BUcoka 00uMcCIIOBaIbHA CKIIA/IHICTh; PU3HK NIEPEHABYAHHS.

2.1.3 BOynoBani Meroau

Omnuc: iHTerparis mporecy BiIOOPY O3HAK Oe3mocepeHbO Yy MPOIeC HAaBYAHHS

MOJENI.
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Marematnune GOpMYITIOBAaHHS: HANpHUKIA[, BUKOPUCTAHHS pEryJsipu3arii
LASSO, ne uinpoBa pyHKIISI MO/IET BKITIOYAE MTPad 3a BETUUUHY KOSPIIIEHTIB.

[lepeBarn: edekTHBHE BHU3HAYCHHS BaXJIMBUX O3HAK, 3HIDKCHHS PU3UKY
nepeHaBYaHHS.

Heponiku: 3amexHicTh Bin BUOOpY MOAENi; MOXe OYTH CKIQAHUM Y

HaJalTyBaHHI.

2.1.4 BucHoOBKH

Ha pucynky 2.2 300paxkeHO MeTo/M BUOOpY Haikpamux o3Hak. KokeH 13 1ux
METO/IB BiI0OpY O3HAK Ma€ CBOi YHIKaJIbHI MepeBard Ta o00JacTi 3aCTOCYBaHHS.
OinpTpaniiiHi METOU € MPOCTUMHU Ta MIBUIKUMH, aj€ MOXYTh MPOMYCKATH BaXKJIMBI
B3a€MO/IIi MK 03HakaMu. OOropTKOBI MeTOIU 3a0€3MeUyI0Th OUTBIIT TOUYHUHN BIIOIp, aje
BUMAaralTh 3HAYHUX OOYMCIIOBAIBHUX pecypciB. BOynoBaHi MeTOAW I1HTETPYIOTh
B1/101p 03HaK 0€3MOCEPEIHBO Y MPOIEC HABYaHHS, MPONOHYIOYHN 30aJIaHCOBAaHUM IM1IXI/I.
Bubip Metony 3aiexuTh BiJT KOHKPETHOTO 3aBJIlaHHA, JOCTYIMHHUX JaHUX, Ta

00YHMCITIOBAJIBHUX MOXKJIUBOCTEH.

2.2 MarematnyHa MOZEIH AITOPUTMIB MAIIIMHHOTO HABYAHHS

ANTOpUTMM MalIMHHOIO HAaBYaHHS 3a3BHYail MOXXHA OIKCATH 3a JIOIOMOTOIO
TPHOX OCHOBHUX KOMIIOHEHTIB: allpOKCUMYI040i (PyHKIII1, PyHKIIIT BTpAT Ta aJirOpUuTMy
OINTUMI3aLlli.

ArnipokcuMytoya (GyHKIliS, YaCTO Ha3UBaHa MPOCTO "MOJEIII0", 1Ie MaTeMaTHYHa
KOHCTPYKIIisl, IKa HAMaraeThCsl alpOKCUMYBATH 3aJIEKHOCTI MIXK BXOJIaMU Ta BUXOJaMU

B HaBUaJIbHUX JNaHux. opmanbHO, 11e MOKe OyTH BUPAKEHO SIK:

y=f(x0)#(2.1)

Jie ¥ — IPOTHO30BaHEe BHX1/IHE 3HAYCHHS,
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X — BEKTOp BX1IHUX aTpUOYTIB;
6 — napameTpu Mojieil (HapuKJIIaJl, Bard y HEHPOHHIN Mepexi);

f — cama yHKIIIA anmpoKcUMaIlii.

[ MeToau BUbopy 03HaK ]

[ Supervised anroputmu ] [ Unsupervised anroputmum ]

®inbTpauinHi O6ropTkoBI B6yaoBaHi
BiaKMAAHHSA NOPOXHIl L1, L2 PopeapaHa
3HayeHb perynapu3sadis . cenexkuis

=

HpmuAn i M&ao OTHS MPOroHkKa

TSl HTAHI BaxnueicTb no p p
Random Forest

Xi-kBagpar Tecrt ' PekypcuBHa
cenekuis

KoegiuieHT Dilepa

Pucynok 2.2 — Meroau Bubopy HallKpalux O3HaK

OyHKIIS BTpAT OIIHIOE, HACKUIBKU JI0Ope MojeNib BigoOpakae peaibHl JaHi.
Bona BuMipio€ pO301KHICTH MK HMPOTHO30BAHMMH 3HAYEHHSAMH y* Ta ICTUHHUMH
3HaYCHHSIMHU y. MeToro HaB4aHHs € MiHiMizamis 1iei ¢yHkuii BrpaT. Hampuknan, mns

3a/1a4l perpecii 4acTo BUKOPUCTOBYIOTh CepeAHbOKBaIpaTHUHy noMmiky (MSE):
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1 n
L©O) == G = )% #(22)

ne L(0) — 3HaueHHs KPUTEPIIO SKOCTI;

N — KUJIBKICTB CIIOCTEPEKEHb Y HaBUAJIbHOMY Ha0opi,
¥; — IPOTHO30BaHE 3HAYCHHS JUIA I-TO CIIOCTEPEIKCHHS,
Y; — peayibHe 3HAYEeHHS JJI51 1-TO CIIOCTEPEKEHHS.

AJTOpUTM oONTHMI3allli BUKOPUCTOBYETHCS JIsi 3HAXODKEHHS ONTHUMAJIbHHX
3Ha4YCeHb MapameTpiB Mojeni 0, ski MiHIMIBYIOTh (GyHKIIO BTpar. Ile Moxe Oyrtu
JOCSITHYTO 33 JIOIIOMOTOK  PI3HUX METOMAIB, TaKUX K TpPAJI€EHTHUH CIIYCK,
CTOXaCTUYHUI rpanieHTHUN cnyck (SGD), Meronu Apyroro mMOpsiAKY —TOILIO.
Hanpukian, B CTOXaCTUYHOMY TPAJIEHTHOMY CITYCKY MapaMeTpy MOJIEIi OHOBIIOIOTHCS

Ha KO’KHOMY KPOIIl 3@ HACTYITHUM MPABUIIOM:
Orr1 = 0, —aVyL(6,), #(2.3)

ne 0, — 3Ha4YeHHs mapaMeTpiB Ha KPoIl t;
a — MIBUAKICTh HABYAHHS,
VoL(6;) — TpamieHT KpUTEPIIO AKOCTI 3a MapaMeTpaMH MOJIEI Ha KPOIi t.

3aranpHa MaTeMaTWyHa MOJENb aJITOPUTMY MAIIMHHOIO HABYaHHSA OXOILIIOE
B3aEMOJIII0 MK ampoOKCHUMYIOUOK (yHKI€I0, (YHKIIEI0 BTpaT Ta alrOPUTMOM
onTtuMizalii. [{i KOMIIOHEHTH pa30oM BU3HAYAIOTh, K MOJEIbL Oy/Je HaBUYATHUCS 3 JIAaHUX
Ta aJanTyBaTHCS [JJs BUPILIEHHS KOHKpeTHOI 3ajavi. Bubip KOHKpeTHHX
bopMyITIOBaHb NIl KOXKHOTO 3 ITUX KOMIIOHEHTIB 3aJI€KUTh BiJ 3aBIAaHHS, TUITY JaHUX
Ta KOHKPETHUX I[UUIeH, sIKIi Iepeciiaye AOCHIIHUK abo iHxeHep. Huxkue HaBeneHO

MaTeMaTUYH1 JJI1 HAUTIOMYJISIPHININX aJITOPUTMIB MAIlIMHHOTO HAaBYAHHS.
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2.2.1 Jliniina perpecis

Cdepa 3actocyBaHHA: NPOTHO3YBAaHHS HEMEPEPBHUX 3MIHHUX, HANPHUKIAI,
MIPOTHO3YBAHHS 11H HA UTJIO, IPOTHO3yBaHHS MOMHUTY.

[aTyiTHBHE TIOSICHEHHS: JTiHIAHA peTpecis HaMaraeThCs MO0y IyBaTH NPSIMY JIHITO,
sKa HalKpaIiuM YMHOM BiJIoOpaXkae 3aJekKHICTh MK 3MIHHUMH.

[TpuHIMn poOOTH: MiHIMI3allls CyMH KBaJIpaTiB PI3HUIL MK CIIOCTEPEIKYBAHUMU
Ta IPOTHO30BAaHUMH 3HAYCHHSIMH.

[TepeBaru: mpocToTa IHTEpIIpETAIlii, IBUIKICTE 0OUHUCIICHD.

Henoniku: npunyckae JiHIMHICTD 3JIEKHOCTEH, UyTJIMBA JJO BUKHUIIB.

UyTauBICTh 1O AHOMAJI1ii: BUCOKA.

OOMexeHHS: He TIXOUTh JJI MOJICIIOBAHHS HE JTHIMHUX 3aJIeKHOCTEH.

[IBuakomisa: BUCOKA.

2.2.2 JlorictuuHa perpecis

Cdepa 3actocyBanHsa: OiHapHa Kiacu(ikailisg, HaNpUKIad, BU3HAYCHHS
IMOBIPHOCTI 3aXBOPIOBaHHS, IPOTrHO3yBaHHS BIJITOKY KIIEHTIB.

[HTYyiTHBHE TIOSICHEHHS: JIOTICTUYHA PETpecis OI[IHIOE MMOBIPHOCTI HAJIEKHOCTI
710 OJIHOTO 3 IBOX KJIACIB.

[IpuHuun po6oTH: MiHIMI3aLis JOTICTUYHOI (PYHKIIIT BTpAT.

[lepeBaru: Buga€e MMOBIPHOCTI KJIAciB, MPOCTOTA IHTEPIIPETAIIi].

Henomniku: npunyckae JiHIMHICTD pillIeHHs, 0OMexeHa 10 O1HapHOi Kiacudikairii.

UyTnuBICTh 0 aHOMATIN: cepeTHs.

OOMeXeHHS: HE MIAXOAWTh IJIsd HEMHIMHUX 3aaad, oOMeXeHa 10 OiHapHOi
KkJacudikarii.

[IBuaKomist: BUCOKA.

Ha pucynkax 2.3 1 2.4 300pakeHO TTOPIBHSHHS JiHIAHOT Ta JIOTICTHYHOI Perpecii.
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2.2.3 ]JlepeRo pillieHb

Cdepa 3acTocyBanHs: Kiacudikallis Ta perpecis, Hapukiiaja, BU3HAYCHHS BUIY
POCIIMHH, TPOTHO3YBAHHS BAPTOCTI HEPYXOMOCTI.

[HTYiTUBHE MOSICHEHHS: IE€PEBO PIlIEHb POOUTH PIILICHHS, PyXalOUHUCh BiJl KOPEHS
JI0 JIUCTKIB, BUOMPAIOUH MIISIXH Ha OCHOB1 O3HAK.

[Tpunimn po6OTU: peKypCHUBHE PO3AUICHHS JAHUX 3 BUKOPHCTAHHSAM KPHUTEPIiB
PO3ILJICHHS.

[lepeBaru: nerkictb iHTEpmpeTallii, 3JaTHICTh JO MOJEIIOBAaHHS HE JHIMHUX
3QJIEKHOCTEN.

Henomniku: CXUIBHICTH 10 MEpEHABUYAHHS, BEJMKA YYTIWBICTH JO Baplalii y
JaHUX.

UyTnauBICTh O aHOMAJIi: BUCOKA.

OOMexeHHs: MOKEe CTBOPIOBATH CKJIa/IHI IEpEBA, K1 BAXKKO 1HTEPIPETYBaTH.

[IBuaKO1s: 3a7€XKUTh BiJ TTMOMHU JIepeBa Ta KIJTLKOCT1 O3HAK.

MatemaTnuHa MOJEb: PEKYPCUBHE PO3OUTTS MPOCTOPY O3HAK Ha MIANPOCTOPU
3TITHO 3 KPUTEpPIEM HAMKpalloro po3AUICHHsS (Hampukiazd, 3a 1HaekcoM JDkuHi abo
CHTPOIIIEIO).

[inpoBa (QyHKLIA: MIHIMI3ALIS KPUTEPIIO HEOAHOPIAHOCTI B KOXKHOMY JIUCTKY

TepeBa.

2.2.4 BunaakoBuii jic

Cdepa 3acTocyBanHs: Kiaacudikallisi Ta perpecisi, BAKOPUCTOBYEThCA B 0araThox
chepax, BKIIOYaOUUd 010MeIUINHY, (PIHAHCH Ta €KOJIOTIIO.

[aTYiTUBHE TIOSICHEHHS: aHCAaMOJb PIIAIOYNX JIEPEB, SKI TPEHYIOTHCS HA PI3HUX
niABUOIPKAx JAHMX, a IXHI POTHO3H YCEPEIHIOIOTHCS.

[IpuHuun poOOTH: KOXKHE JAEPEBO TPEHYETHhCS HA BUIAAKOBIA MiABUOIpII O3HAK

Ta MPUKIIAIIB, a MOTIM YC1 IepeBa TOJIOCYIOTh 3a KIHIEBUH MPOTHO3.
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[lepeBaru: 3HWKEHHS PU3MKY MEPEHABYAHHS MOPIBHSHO 3 OJHUM pIIIAIOYUM
JIEPEBOM, BUCOKA TOYHICTh TPOTHO3YBAHHH.

Hepomiku: Benuki BUMOTM 10 OOYMCIIOBAJbHUX  PECYpCiB, BaXKKiCTb
1HTepIpeTaltii.

YyTIuBIiCTh 1O aHOMAJTIN: HU3bKA.

OO6MexeHHS: MOXe OyTH Hee()eKTUBHUHM NPH BEJUKIN KUIBKOCTI IITyMY B TaHUX.

[IBuaKOI1IS: 3a7I€KUTh Bl KUTBKOCTI AEpEB Ta TIMOUHH KOKHOTO JIepeBa.

MaremMatnyHa MOJENb: aHCaMONb pIMIAlOYuX JIepeB, 1€ KOXKHE JEPEBO
TPEHYETHCS Ha BUTIQJKOBIHN MIABUOIPIN JaHUX Ta O3HAK.

[inpoBa (PyHKI[IS: MOKpALIEHHS TOYHOCTI 32 PaXyHOK YCEPEIHEHHs IPOrHO31B

0araTtboXx JIepeB.

2.2.5 OnHomapoBUi MEPIIEHTPOH

Cdepa 3actocyBanHs: O1HapHa kiacu@ikallis, po3mi3HaBaHHs 00pa3iB.

[HTYiTUBHE TOSCHEHHS: HAWMpOCTINIa HEWpPOHHA Mepeka, siKa BHPIIIYE, YU
aKTUBYBATH BUX1Jl HA OCHOBI CYMH BaroBUX BXO/IIB.

[IpuHuun poOOTH: SKII0O CyMAapHUW BXiJ MEPEBUILYE TMEBHHUM MOPIT, HEWPOH
aKTUBYETHCS, 1HAKIIE — HI.

[TepeBaru: mpoctoTa peanizailii Ta TPEHyBaHHS.

Henomniku: Moxke BUpilTyBaTH JUIIE JIHIMHO PO3AUIBHI 3a/1a4i.

UyTauBICTh O aHOMAJIi: BUCOKA.

OOMeXeHHS: HE MIIXOAUTH IS HE JIIHIMHO PO3UILHUX 3a]1ay.

[IBuakomisa; BUCOKA.

2.2.6 bararomaposuii nepuentpon (MLP)

Cdepa 3actocyBaHHS: Kiacudikaiis, perpecis, po3mnizHaBaHHs 00pasiB, 00poOKka

IIPUPOJHOI MOBU.
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[HTYITUBHE MOSICHEHHS: HEHPOHHA MEpEXa 3 OJHUM a00 KUIbKOMA IMPUXOBAHUMHU
H1apamu, 3aTHa MOJICJIOBATH HE JIIHIAHI 3aJI€KHOCTI.

[TpunHimn pobOTH: KOKEH HEWPOH BUXOAMUTH 3 BaroBOi CyMH CBOIX BXOJIB, fKa
MOTIM MPOXOJUTH Uepe3 He JIIHINHY (PYHKIIII0 aKTUBAIIii.

[lepeBaru: 31aTHICTh MOJICIIIOBATH CKIIQJHI HE JIHIIHI 3aJI€KHOCTI.

Henomniku: CXUIBHICTH 10 NEpEeHaBYaHHS, BEJIUKI BUMOTU A0 OOYMCIIIOBAIBHUX
pecypcis.

UyTIuBIiCTh 1O aHOMATI: 3aJIEKHUTH BiJI apXITEKTYPH Ta PeryspHu3aliii.

OOmexeHHs: MOKe OyTH CKJIaJHUM Y HaJalllTyBaHHI Ta TPEHYBaHHI.

IBuaKoais: 3a1€XKUTh Bl KIJIBKOCTI IIapiB Ta HEUPOHIB.

Ha pucynky 2.5 300paxeHo Bizyamizauito mapis MLP apxitektypu.

§8E665688Y

Pucynoxk 2.5 — Bizyauni3zaiiisi 6araTomapoBoro rnepuenTpoHy

2.2.7 TI'padoBa HelipoHHA MEpEkKa
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[Ilo6 noOynyBaTM MaTeMaTU4YHy MOJelb TIpaoBUX HEUPOHHUX MEPEX,
HEOOX1/IHO CMOYaTKy JaTH BU3HaueHHs “rpady”’ Ta Horo BracTHUBOCTEW. PosrisHemo
rpad, SKUW CKJIanaeThCs JUIIE 3 HAOOpYy BepiiMH Oe3 3B'AI3KiB MK HUMHU (pedep).
Hexaif x; € R* — npencrasnse o3Haky BepmmHy i. O0'€AHYIOUH I1i 03HAKU B MAaTPHUIIIO,

MU OTPUMYEMO MATPHIIIO O3HAK BEPIIUH HACTYMHOI PO3MIPHOCTI N x k:
X = (xq, ., )T . #(2.4)

BaxxnuBo 3a3HaunTH, 10 NIEPECTAHOBKA BEPIIUH 3MIHIOE MATPHUII0 O3HAK, TOMY
BHX1Jl HEHPOHHOI MepeX1 MOBUHEH OyTH HE3aJCKHUM BIJ MOPSAIKY BepIIuH. s 11bOT0
MH BBOJMMO IIOHSTTSA iHBAapiaHTHOCTI Ta ekBiBapianTHOCcTi. Dymkiis f(X) €
IHBapiHTHOIO JI0 TEPECTAaHOBOK, SKIIO I OYyab-AKOi MATpHIll TEPECTaHOBOK P,

BHKOHYETBCA

f(PX) = f(X).#(2.5)

[Ipuknan nanoi Mojeni:

FOO =¢( ) ) ), #26)

ne P ta ¢ — ue QyHkIii, 3 mapamMeTpaMu, siKi HAaB4arOThCA, a QYHKIlII CYMU MOXKe OyTH
3aMiHeHa Ha (QYHKIIII0 CEPEHBOTO, MIHIMyMY YU MaKCUMYyMY.
Busnauenns exsiBapianTHocTi aisa ¢yHkuii f(X) nHactynse, sikmo s Bcix P

MaTpHIb IEPECTAHOBOK BUKOHYETChS PIBHICTb:

F(PX) = PF(X). #(2.7)
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[ToGynyeMo ekBiBapiaHTHY (YHKIIIO OOpOOKM O3HAK BEPIIUH HE3aJICKHO BiJl

MOCIIIOBHOCTI 3a3Ha4eHHsI HOA Y rpadi, BAKOPUCTOBYIOUN TaKUW MTPUIOM:

hi = P(x;), #(2.8)
Jie X; — BX1JIH1 IPU3HAKH;
h; — BuXiJiH1 HOB1 IPU3HAKH;
1) — exkBiBapiaHTHA (QYHKIIIS.
JlonaTKOBO BM3HAYAEThCS 1HBapiaHTHA (YHKIIIO, sika 0OpoOsie eKBiBapiaHTHI Ta
nepeBouTh Ipad y TMPOCTIP UYHUCEIBHUX BEKTOPIB (SKI XapaKTEepU3YIOTh ITOBHUM

no4yaTKkoBHi rpad):

FOO = ¢( ) ) ), #29)

Jie Y — eKBiBapiaHTHA QYHKIIIS;
¢ — 1HBapiaHTHA (DYHKIIIS.
Hexaif Maemo rpad, mo ckiaanaeTbCsi 3 MHOKMHU BEPIINH, a TAKOXK I'paHed MIX

Humu, ae E € VxV. Jlng poO0TH 3 HUMU BUKOPUCTOBYIOTh MAaTPHITIO CYMiIKHOCTI:

_(1L,(,)) €eE;
Aij = {0, iHakie. #(2.10)

Ile 306eprirae exBiBapiaHTHICTh Ta 1HBAPIHTHICTH, MPOTE TYT JUIsl TpaHEH BOHU

HaOyIyTh 1HIIOI (popmu.

ExBiBapiaHTHICTS:
f(PX,PAPT) = Pf(X,A),#(2.11)

ne P — MaTpuls NepecTaHOBOK;

A — MaTpHIIs CyMIXKHOCTI;
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X — MaTpuls MpU3HAKIB.

[HBapiaHTHICTB:

f(PX,PAPT) = f(X,A),#(2.12)
ne P — MaTpuns nepecTaHoBOK;
A — MaTpHUIIs CyMiXKHOCTI;
X — MaTpuLs NIpU3HAKIB.
JUis  BpaxoByBaHHSI KOHTEKCTY OTOUYEHHS KOXKHOI BEPIIMHU OTPUMYETHCT
iHbopMarlis 3 11 CyMDKHMX BepIIMH. TakuM YHHOM, CYCIAM TMEPLIIOTO pPIiBHA

ITO3HAYAKTHECA SK:
N, ={i:(i,))€E Vv (j,i) e E}.#(2.13)

Ile mo3BoJIsSIE BBECTH MATPHUITIO O3HAK BCIX CYCIJIHIX BEPILIHH:

Xy, = {{x:) € N} #(2.14)

Jani otpumyemo ¢dynkiito f(X,A), ekBiBapiaHTHY JUIsl MEPECTAHOBOK, uepes

(GYHKLIIO g [0 CYCIJIHIX BEpIIMHAX:

- g(xl’XNl) -
f&x,A) =" g(xz,:XNz) ~|,#(2.15)

- g(xn’XNn) -

ne Xy, — MaTpullsl 0O3HAK CyMDKHUX BEPLINH.

OTxe, nns ekBiBapiaHTHOCTI (YHKIiI f, g TOBHHHA BOJIOJITH BIIACTUBICTIO
HE3aJIE)KHOCTI JI0 EPECTaHOBOK BepunH y Xy.. Tomy g — iHBapianTHa.

Jlana QyHKIISI OHOBIIOE O3HAKM BEPIIMHHM, Oepydd [0 yBaru 1ii CyMiXHI

BepuiHU. lle aHanmoriyHo poOOTI OnHOrO Mmapy B Oyab-akid rpadoBiii HEUpPOHHIN
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Mepexi. 3a JomomMoror (yHKIIT f MOKHA BUPIIIYBAaTH PI3HOMAaHITHI 3aBJaHHS Ha
rpadax, Taki sk nepeadoaueHHs rpaHeil, kiacudikaiis BepuInH Ta rpadis TOIIO.

IcHy€e Tpu OCHOBHMX MMIAXOAM I peaiizalii pyHkIii g:

- rpadoBi 3ropTkoBi HelipoHHi Mepexi (GCN);

— yBakH1 HeliponHi Mepexi (GAT);

- HEUPOHHI MEPEXKi 3 TIepeaaveto MOB1IOMJICHb.

PosrnsHeMo i miIxoau IeTalbHiIIe.

Y rpadoBUX 3rOpTKOBUX HEHPOHHMX MeEpekax O3HAKU CYCiJlIB BEpIIMH

arperyroThCs Yepe3 KOHCTaHTHI Baru C;;:

hi = ¢ Xi,z Cl]l/)(.x]) ,#(216)

leN;

ne ¢ — iHBaplaHTHA (DYHKIIIS;
1) — ekBiBapiaHTHA PYHKIIIS;
N; — cyciau Bepuunu [ 1-oro piBHS.

VY TunoBii cuTyailii 11i Baru BUPaxoBYIOTHCA Ha OCHOBI 3arajbHOTO0 rpada.

Hanuit Tun rpadoBUX HEUPOHHUX MEPEK MA€ CEHC 3aCTOCOBYBATH ISt
roMoiniiHuX TpadiB, € CHPaBIKYETHCS TBEPJKEHHSI, IO CXO0XK1 BEPIIMHU MArOTh
BHUCOKY UMOBIpHICTh OyTH 3'eiHaHUMEU. OJIHIEIO 3 KIIFOYOBHX TEpeBar 1bOoro Miaxoay €
BHUCOKAa €(EeKTUBHICTh OOYMCIIEHb, OCKUIBKM Bard OOYMCIIOIOTHCS JIMILE OJMH pa3 1
3aMuIIaTbess He3MIHHUMH. Cepen HaWmomupeHimux apxitektyp Buminserscss GCN.

OHOBIICHHSI 03HAK KO>KHOT BEPIITMHU 3IIHMCHIOETHCS 32 (OPMYJIOIO:

h, = @r z L x,, #(2.17)

JEN; d]dl

ne OT — pynKuis, SKa TPEHYETHCS;
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—

d, = 1+ Xjen, €j,; — 3BOKECHUHN CTENiHb BEPIIMHH.

OnHi€ero 13 HAUTIOMIMPEHIIUX apXiTEeKTyp 1boro miaxoay € BiacHe GCN, y Ha3Bi
KO sIkpa3 € ciioBo convolutional, To6To 3roptkoBuii. Ll HelipoHHa Mepeka TaKOXK €
OJIHIEIO 13 MepInX y cdepl MooOya0BU rpaoBUX HEHPOHHUX MEPEIK.

I'padoBi yBaxHi HeliponHi Mepexi (GAT) arperyioTe 03HaKH CyCiJliB BEPILUH 3a
JIOTIOMOTOK0 HESIBHO OOYMCIEHMX Bar a;; = a(Xx;,X;). @opmysa s OHOBICHHS O3HAK

BCPIIMHU BUTJIAA€ TAK:

hi = ¢ Xi,z a(xl,x])lp(x]) ,#(218)

leN;

ne ¢ — iHBaplaHTHA (DYHKIIIS;
1) — ekBiBapiaHTHA PYHKIIIS;
N; — cyciau Bepuunu [ 1-oro piBHSL.

Ha Binminy Bim rpadoBuUX 3ropTKOBUX HEHPOHHUX MEPEXK, TaKli MEpPEki BKe
BUKOPHCTOBYIOTh MPU3HAKHU BEPIIUH, POTE BCE I1I€ B HESIBHOMY BUTJISIII.

Taki apXITEKTypu [OLIBHO BUKOPUCTOBYBATH, SIKIIO peOpa HE 0OOB’A3KOBO
MaloTh MPEACTABIATH roModiTito, TOOTO MOAIOHICTh BepUIuH. TakoX Ied MiaxiJ BCE
OJIHO MiJIPAaXOBY€ CKaJSPHI BEJIMYMHU JJISI KOKHOTO pedpa, 0 MO3UTHUBHO BILUIMBAE HA
00UYHCITIOBAIbHY IIIBUIKICTb.

Hetiponni wmepexi 3 mnepenadeto mnoBigomiieHb (Message Passing Neural
Networks, MPNN) (GopMytoTs 03HaKu CyCiAHIX BEPIIMH 3a JIOMOMOTOK TMOB1IOMJICHb

m;; = Y (x;, x;). Popmyiia 1jisk OHOBJIEHHS O3HAK BEPLIMHU BUTIISAIAE TAK:

hy = ¢ xi,Zl[)(xi,xj) #(2.19)

ieN;

ne ¢ — iHBaplaHTHA (DYHKIIIS;
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1) — exBiBapiaHTHA QYHKIIIS;
N; — cyciau BepimuHu i 1-oro piBHS.

Tyt 3anitoeTbes ycs iHpopMallis Ipo HMIIBOBY BEPIIMHY Ta CYMIXKHY, Ha “NbOTY”
00UYHCITIOI0YHN TTOTPIOH] KOeiIlieHTH.

Taxi rpadoBi HelipoHHI Mepeski MOTPeOYIOTh OLIbIIIE Yacy Jisl TPEHYBaHHS depes
JTWHaMi4He oOuYMclIeHHs iH(opMallii s KokHoro pedpa. Lle 3ymMoBiIeHO THUM, IO ITijT
yac tpenyBaHHI GNN 11 KO)kHOTO TpadoBOoro 00’€KTa BUKOHYETHCS arperyBaHHS
iHbopMarlii Bi CyciaiB, MO 301IbIIye OOUNCITIOBAIBHY CKIAIHICT 1 4ac TPEHYBAaHHI.
[Ipote, 1151 0COOMUBICTH € 1 TXHBOIO MEpeBaroro, ockuibku 103BoJsie GNN edexTuBHO
MOJICITIOBATH CKJIQHI B3a€MO3B'SI3KH B Tpadax, Mo poOUTh iX HaA3BHYAHO KOPUCHUMU
I 3amad  y  Olojorii Ta Ximii. Hampukiian, BOHM BHKOPHUCTOBYIOTBCS IS
MPOTHO3YBAHHS B3a€EMOJII MIX MOJIEKyJaMHu, Kiacudikaiii O10JOTIYHUX MEPEeK,

BUSIBJICHHSI BJIACTUBOCTEU XIMIYHUX CIIOJYK:

h =0 x; + z x; |, #(2.20)

JEN;

ne 6 — HelipoHHa Mepexa, Taka sk bararomapoBHid MEPUENTPOH;
N; — cyciau Bepmmnu [ 1-oro piBHSL.

VY GINE o3Haku BepIIMHN OHOBIIOIOTHCS 32 (hOPMYJIIOHO:

hi =0 xX; + z RELU(XJ + ej'i) ,#(221)

JEN;

ne 6 — 3BuuaiiHa HepOHHA MEPEXa,
N; — cyciau Bepiunu [ 1-oro piBHS;

ej; — 11e O3HaKHU pedep.
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Otpumyemo, 1mo GINE e moaudikoBanoro Bepciero GIN, sika BpaxoBye 03HaKH
pebep nomatkoBo 10 o3HaK BepimH. Lle poouts GINE 6ibm agantuBHAM 11 33724,

JIe O3HaKH pedep BIIIrpaloTh BXJIHUBY POJIb.

2.2.8 Texnika MalIH onopHUX BeKTOPiB (SVM)

Cdepa 3actocyBanHs: Kiacudikallis, perpecis, BUIBICHHS aHOMaTIi.

[HTYiTUBHE TIOSICHEHHS: 3HAXOJDKEHHS TIMEPIUIONIMHU, SKa HAWKpAIUM YUHOM
PO3IIUISE JaH1 Ha JIBa KJIACH.

[IpuHuun poOoTu: Makcumizalisd BIACTaHI (MapXi) MiX TINEpPIUIOIIMHOI Ta
HaWOIMKIYMMU TOYKaMH 000X KJ1aciB (ONMMOPHUMHU BEKTOpaMHu).

[lepeBaru: BUCOKa TOUHICTb, 3ATHICTH JI0 T€HEpaIi3allii.

Henomiku: BenMki BUMOTH /10  OOYMCIIOBaJIbHUX  PECYPCIB, BaXKICTh

HaJaITyBaHHs apaMeTPiB.
UyTnuBICTh 0 aHOMATIN: cepe/THs.
OOMexeHHS: He MIIXOAUTH JJIsl BETUKUX HaOOPIB JaHUX.

IBuaKOIIS: 3a7I€KUTh Bl 0OpaHOTO sAIpa Ta PO3MIPY JTaHUX.

2.2.9 Ilincunenns rpagientHoro oyctunry (XGBoost)

Cdepa 3acrocyBaHHs: Kiacudikallisi, perpecis, paHKyBaHHS, BHUSBIICHHA

aHoMaJiil.
[HTYiTUBHE TIOSICHEHHS: TOKpAaIlleHa Bepcis TPaal€eHTHOrO OYCTUHIY, sKa
ONTHUMI3y€ MBUJIKICTh 1 TOYHICTb.

[Tpuniun poOOTH: TOCHIIOBHE JOJABaHHSA JEPEB, KOXKHE 3 SIKUX BHUIPABIIIE

MOMUWJIKY TIOTIEPETHIX.
[TepeBaru: BUCOKa MIBUIKICTh, €PEKTUBHICTh, THYYKICTb.

Henomniku: ckiagHicTh HAMAIITYBAHHS IMTApaMETPiB, PU3UK IMepEHABUYAHHS.

UyTAuBICTh O AHOMAJIIi: HU3BKA.

OOmesxeHHs: MOke OyTH Hee(PeKTUBHUHN TS TyKe MaJTuX HaOOpiB JaHUX.
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HIBuaKOmis: BUCOKA.

MatemaTuHa MoJeb: aHCAMOJIb JIEpeB, /1€ KOXXHE HOBE JIEPEBO HAMAaraeThCs
BUTIPABUTH ITOMUJIKY TTOTICPETHIX.

[linboBa QyHKIIS: MiHIMIZaLmIS cyMd (YHKIII BTpaT Ta peEryJsipu3aIiiiHOro

mrpady 3a CKIATHICTh MOJIEIIL.

2.3 Marematnyna MOJIEITH AITOPUTMY 0aeciBCHKOT onTumizai

rineprapameTpis

baeciBcbka onTumizallis € MOTY>KHUM METOIOM JUIS 3HAXOJDKEHHS ONTUMAIbHUAX
rinepnapaMeTpiB MoOJENl MAIIMHHOTO HaBYaHHA. BoHa BHKOPHUCTOBYE NPUHUUIU
0a€CiBCHKOI CTAaTUCTHKW JJIi MOJICTIOBAHHS HEBIIOMO1 (DYHKIIi BTpaT 1 BHUKOHYE
e(eKTUBHUI MOIIYyK y MPOCTOpi rimeprnapameTpiB. Lleit meTon € akTyaabHUM, KOJIU
3MiHHI, 5Kl TOTPIOHO ONTUMI3YBaTH, € JUCKPETHUMHU ab0 KaTeropiaJbHUMU, a QYHKIIISA
BTpart (11JIboBa PYHKIIIS) € HeAUPEPEHI1HOBAHOIO BIIHOCHO 3MIHHHUX.

Hexait f(x) — HeBimoMa QyHKIIis BTpAT, IKy MU XOUE€MO MIHIMI3yBaTH, JIe X — II€
BEKTOp rinepmapameTpiB. MeToro 6aeciBcbkoi onTUMIi3allli € 3HAXOKEHHS TaKOTO X,
10 MiHIMI3y€ 3HaUeHHS f (X).

[TobynoBa cyporaTHOi MOJIeJi: BUKOPUCTOBYEThCS rayciBchkuit mpouec (GP) mis

mozenmtoBanHs f (x). ['ayciBChbKUi TTpolIeC 3a1a€ThCA SK:
flx)~ GP(m(x), k(x,x’)), #(2.22)

ne m(x) — e QyHKIis cepeIHbOI0 3HAYECHHS
k(x,x") — xoBapiariiina GyHKIis (saepHa QYHKIIIS).

Orminka BupasHocTi (Acquisition Function): BUKOPUCTOBY€EThCS ISl BUSHAUCHHS,
Jie B IPOCTOpI TineprnapaMeTpiB cliiJl 3A1MCHUTH HACTynHUH Kpok. [lonmynsipHi BapiaHTH
BKUTIO4arOTh ovikyBane nodinmmeHHs (EI), Bepxuio mexy moBipu (UCB) Ta iiMOBIpHICTH
nommnmenas (PI). Ontumizamist QyHKIii BUpa3HOCTI: BHOIp HACTYMHOI TOYKH ISt

OLIIHKY IUISIXOM MakcuMi3alli pyHKI[IT BUpa3HOCTI.
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Onrtumizailiss BUPA3HOCTI: BHOIP HACTYITHOTO HAOOpy TineprapaMeTpiB s
OLIIHKH NUTIXOM MakcuMmizanii GpyHKIIi BUpa3HOCTI.

OHOBIIEHHS CypOTaTHOT MOJIEN: MICHs OLIHKK CyporaTHa MOJIeIb OHOBJIIOETHCS 3
HOBUMHU JaHUMHU, 1 IPOIEC TOBTOPIOETHCS.

OHOBJICHHS MOJENI: TICAS OIIIHKA ampOKCHUMAIlS TayCIBCHKOTO MPOIIECY
OHOBITIOETHCS 3 YPAaXyBaHHSIM HOBUX JIAHUX, 1 [IUKJI TOBTOPIOETHCA.

Otxe, OaeciBcbka oNTHMI3AIlA J03BOJIsIE €(EKTUBHO 3HAXOIAUTH OINTHMAaJIbHI
rineprnapamMeTpu, BAKOPUCTOBYIOUH 1H(OPMALIIIO PO MONEPETH] OLIHKU (PYHKIII BTpaT.
Bona 31aTHa 00pOONATH CKIIaIHI 3aJ€KHOCTI Ta HEBU3HAYEHICTh Y (YHKIII BTpart,
poOisisiun 11 i7eanbHOI0 1JIs 3ajad ONTUMI3allli B MAllMHHOMY HaBYaHHI, 1€ MpsSMe
BHUBYEHHS (PYHKIIIi BTPAT MOK€ OyTH BaXKKUM a00 JOPOTHM.

Ha npakTtuii my1s nux mijied 4acTo BUKOPUCTOBYIOTh Python ¢peiimBopk Optuna.
Optuna - me ¢peMBOpPK AJii aBTOMATH30BAHOTO TIOHIHTY TiNeprapamMeTpiB, SKHUN
MIATPpUMYy€ 0A€CIBChKY OINTHUMI3AIIIO cepell IHIIMX METOIiB. baeciBcbka onTuMizallis B
Optuna BUKOPHUCTOBYE TayCIBCbKI MPOLECH [JIsi MOJETIOBaHHS (YHKIIT BTpar Ta
BU3HAYECHHS HACTYITHUX KPOKIB y MPOCTOPI rinepnapaMmeTpiB.

[Ipouec 6aeciBebkoi ontumizaliii B Optuna:

— 1HILIami3a1isl — BU3HAYEHHSI KOPUCTYBAyeM IPOCTOPY TimeprapaMeTpiB 1
byHKIIIi, sIKa TOBEPTa€ METPUKY MPOJYKTUBHOCTI MOJIENI, SIKY MOTPIOHO MIHIMI3yBaTH
a00 MaKCHUMI3yBaTH,

— BUOIp MOYATKOBOI MHOXXHMHM TineprapaMmerpiB (3a3BUyail BUIAJKOBHM
YUHOM);

— noOy1IoBa CypoOTraTHOiI MOJIeNli — BUKOPUCTAHHS TayCIBCHKOIO MPOIECY IS
anmpokcumariii QyHKIIli BTpaT Ha OCHOBI JIOCTYITHUX JaHUX;

- BU3HAYCHHS BUPA3HOCTI — BUKOPHUCTAHHS (PYHKIT BHUPA3HOCTI, TaKOi SK
ouikyBaHe mnoxinmenHs (EI), ang Bu3HaueHHS HAMOUIbII MEPCIEKTHUBHUX TOYOK Y
MIPOCTOPI TireprnapameTpis,;

- po3paxyHok El mms koxkHOi TOYKM — omTUMI3allisi BHPA3HOCTI Ta BHUOIp

HACTYMHOTr0 Ha0Opy TineprnapaMerpis;
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- MakcuMizaiis (QyHKIli BHUpPa3HOCTI il BHOOPY HACTYMHOI TOYKU IS
OIL[IHKHU,

— omiHka (QyHKUii BTpaT: TpeHYBaHHA MOJEIl 3 HOBUM HaboOpoM
rineprnapaMeTpiB Ta OLIHKA il METPHUK MPOTYKTUBHOCTI,

- OHOBJICHHSI CYpOTaTHOi MOJENi: JOJaBaHHS HOBUX JAaHUX O CypOTraTHOl
MOJIEJI1 Ta OHOBJICHHS ii MMapaMeTpiB,;

- MOBTOPEHHS KPOKIB 3-6: Mmpoiiec NpoAOBKYETHCS A0 3aAaHOTO KPHUTEPIIO
3YNUHKW, HAMpHUKIad, 0 JOCATHEHHS MaKCHUMallbHOI KUIBKOCTI iTepamiii abo 10

cTabiizallii pe3ynbTaTiB.

2.4 BucHoBKH

Y upoMy pozauni OyJio MpoaHalli30BaHO OCHOBHI KOMIIOHEHTH, $IKI TOBHHEH
MicTuTH AutoML maimmaitn. Bbyno HaBeneHO JeTalbHMM aHaji3 Ta IOPIBHIHHS
TEXHOJIOT1M, 3aBISKH SIKUM MOJKHA peayli3yBaTH KOXEH 3 KOMIOHEHTIB. Takox Oyio
OMMCAHO, SIKI ICHYIOTh CIIOCOOM TpPEACTaBICHHA OIOJOTIYHUX JaHUX I iX
BUKOPUCTAHHS Yy QJIrOpUTMax MAIIMHHOTO HaBYaHHS. 3aBEPIIYETHCS IIEH PO3ALI

MOCTAaHOBKOIO 33J1a4l 1 00rpyHTOBAaHUM BUOOPOM BIJIMOBITHUX TEXHOJIOTIH.
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3 ON-CLOUD CUCTEMA ABTOMATHU3UBAHOI'O TPEHYBAHHS TA
MOHITOPUHI'Y MOJIEJIEM MAIIIMHHOI'O HABUYAHHSI
3.1 JochimkeHHs 1 BUOIp TEXHOJOTINA I peami3alii KOMIOHEHTIB CHCTEMU

ABTOMATHU30BAHOT'O TPCHYBAHHA Ta MOHiTOpI/IHFy MO,Z[CJIGP'I MAallIMHHOT'O HaBYaHHS

Peasnizaniis maiiriaiiHiB aBTOMATH30BAaHOTO MaIIMHHOTO HaB4yaHHA (AutoML)
BUMAarae BKJIFOUCHHS PI3HOMaHITHUX TEXHOJIOT1M, KOKHA 3 SIKMX BIJIrpa€e KIOYOBY POJIb
y aBTOMAaTHu3allii Pi3HUX aCMEKTIB MPOIECy MalIMHHOrO HaByaHHs. LlinicHa iHTErparis
IIUX TEXHOJOTM crpuse Oe3moBHOMY (GYHKIIIOHYBaHHIO AutoML mnaifmiaiiny,
MOYMHAOYM B1J OTPUMAHHS JAHUX 1 3aKIHYYIOUHM JEIUIOWMEHTOM Ta MOHITOPUHIOM
Mozene. Y 1boMy po3/IiJii HaJa€ThCs OIS HEOOXITHUX TEXHOJIOTIN Ta MOSICHIOETHCS
ix B3aemo/is y ekocuctemi AutoML.

3aranpHa cxema AutoML naiinnaiiHy HacTynmHa: CIIOYaTKy CHCTEMH YIPaBJIIHHS
JTAHUMU TIOJIETIIYIOTh 30€piraHHs Ta OTPUMAaHHS JaHUX, SIKI MOTIM OOpOOJSIOTHCS 3a
JOTIOMOTOK0  IHCTPYMEHTIB  momnepeaHboi  oOpoOku  ganux. llicns  oOpoOku
BUKOPUCTOBYIOTBCA 1HCTPYMEHTH 1HXWHUPHUHTY O3HAaK JJs BUOOpY o3HaK. [loTim
GbpeiiMBOPKM MAIIMHHOTO HABYAHHS BUKOPHUCTOBYIOTHCS JUISI CTBOPEHHS Ta HAaBUYAHHS
MoOJieJied Ha MIATOTOBJIICHHX JAaHMX, a OI0MIOTeKM HaJlalITyBaHHS TileprapameTpiB
JOTIOMararoTh y ontuMizailii 1ux Mmojaesnei. Ilicias onrumizamii Moaesi JerIosaThes 3a
JIOTIOMOTO10 TIATHOPM JIJIst ACTUIONMEHTY MOJIesel, K1 3a0e3MeuyioTh iX JOCTYHHICTh
JUIsl BUKOHaHHS 1H(epeHCy. [HCTpyMEHTH MOHITOPUHTY MPOJYKTUBHOCTI MOCTIHHO
BIICTE)KYIOTh TPOAYKTHUBHICTH MOJIe]II B IPOJAYKTUBHOMY CEPEIIOBHMIINI, TOJI SK
010110TeKM Bi3yami3alii JaHWX HAJal0Th Bi3yallbHI BIJIOMOCTI MPO JlaHl Ta METPUKH

MOJEJII.
3.1.1 basa ganux
OToX, MOYHEMO JOCHIDKEHHS 1 BHOIp TexHoJoTiH 13 0a3 manmx. Cucremu

VOPABIIHHSA JAHUMU € BaXJIMBUMHU IJI1 €(PEKTUBHOTO OOpOOJIEHHS BEIMKUX OOCHTIB

naHux. BoHu HajmaroTh MeXaHi3MuU N5 30epiraHHs, OTPUMAaHHS Ta YIPABIIHHS JaHUMH,
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3a0e3Meuyourd IUNCHICTh Ta JIOCTYNHICTh JaHUX. MOXIMBUMHU BapiaHTaMu €
PostgreSQL, MongoDB Ta Hadoop. Po3risitHemo neranpHIIE KOXKEH 13 HUX.

Haiikpami Bumagku BukopuctanHs PostgreSQL: kopmopaTuBHI 3aCTOCYHKH,
CXOBHIIA JaHUX, (IHAHCOBI 3aCTOCYHKM Ta OyIb-sKi cIeHapii, $SKI BHMAararTh
notpumanas  ACID. [Ilepesaru: pgorpumanas ACID, wHagiiiHICTh, MIATPUMKA
PO3LIMPEHOr0 1HAEKCYBaHHS, TOBHOTEKCTOBUM TONIYK Ta CHJIbHA CIIUIBHOTHA
nigrpumka. Hepomiku: mMoxke OyTH 3aHAATO CKJIAJHUM [JIi TPOCTUX 3aCTOCYHKIB,
BUMarae eKCIepTHUX 3HAHb JJIs1 ONITUMI3AIlii.

Haiikpamn Bumaaku BukopucTtanHs MongoDB: cucrtemn, opieHTOBaHI Ha
JIOKYMEHTH, aHaJITUKa B peajJbHOMY 4aci, 3aCTOCYHKM 3 BequkuM obcsirom CRUD-
oneparliii. IlepeBaru: BIICYTHICTh CXEMH, BUCOKA MAacIITaOOBAaHICTb, TapHE PIIICHHS
JUIsL HECTpYyKTypoBaHUX JaHux. Hemomiku: BigcyTHicTs gotpumanns ACID, ne
MIJXOAUTH JJIS CKIAJHUX TPaH3aKIlH.

Haiikpamii Bumnagku BukopuctanHs Hadoop: anamiTMka BENMKHUX JAHUX,
pPO3MOITIEHI OOYUCIEHHS, apXITEKTypu naHux. llepeBaru: macmTaboBaHICTh, TapHE
pitieHHs a1 0OpoOKH BENMKUX HAOOPIB JAHMX, MIATPUMKA PO3MOAIIECHUX O0UYUCIIEHb.
Henomniku: ckiagHICTh B HAJAIITYBaHHI Ta 0OCIYTOBYBaHHI, HE MIAXOAUTH JIJIsi 00pOOKHU
B pEaJIbHOMY 4aci.

VY Tabnumi 3.1 HaBeIeHO OCHOBHI CUCTEMH YITPaBJIIHHS JaHUMHU.

Tabmuis 3.1 — OCHOBHI CUCTEMH YIPaBIIiHHS JAHUMH

Kpurepiit PostgreSQL MongoDB Hadoop
Tun 6a3u Pensamiinnii NoSQL Posnoainenuii
[Tinrpumka ACID Tak Hi Hi
MacutaboBaHiCTh [TomipHa Bucoka Bucoka
Cxema dikcoBaHa ['Hyuka ['ayuka
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BpaxoByroun cnemudiky nanmnaiiny, Oyno BuOpano PostgreSQL, sk

HallonTUMaNbHIITY 0a3y JaHUX 7S HAIIUX 3a/a4.

3.1.2 IHcTpyMeHT nmonepeaHboi 00OpOOKH JaHUX

Hactynaum ertaroMm € BHOIp IHCTPYMEHTIB IOIEpPEIHbOI OOpOOKHM JaHUX, SKI
aBTOMATHU3YIOTh MPOIECH OYUIICHHS JaHUX Ta iX TpaHcdopMallii, TiArOTOBIIOIOTh JIaHi
Ui moaaneinoro aHamizy. Kanmgmmatamu ans miel 3agadi € Pandas, Scikit-learn ta
DataRobot.

Harikpanni Bunaaku BukopuctanHs Pandas: ouunrieHHs naHux, TpaHcdopmariis ta
aHai3 y HEBEIMKUX Ta cepenHix Habopax manux. [lepeBaru: mpocToTa BUKOPHCTAHHS,
ITUPOKUN CHeKTp (HYHKINN IS MaHIMYyJIIOBaHHS JaHUMHU. HeommiKku: He MiaX0oauTh AJIs
BEJIMKHX HA0OpIB JIAaHUX.

Harikpami Bunaaku BukopucrtanHs Scikit-learn: momepemnns o06poOka s
MalIMHHOTO HaBYaHHsS, BHOIp O3HaK Ta TpaHcpopMmaiis gaHux. llepeBaru: mmpoxuii
Jllana3oH TEXHIK NonepeaHboi 00poOKH, JieTka iHTerpauis 3 IHmuMu 016morekamu ML.
Henoniku: He ONTUMI30BaHO JIJIsi BETUKUX JaHUX.

Haiikpami Bunagku BukopuctanHs DataRobot: aBromartuzoBana monepenHs
oOpoOka B maifruiaifHax MalmMHHOTO HaB4YaHHS. [lepeBaru: aBToMaTH30BaHa MOMEPEIHS
0o0poOKa, rapHe pilIeHHS I HEJOCBIIUEHUX KOpHCTyBadiB. Hemomiku: oOMmexeHa
MOXJIMBICTh HAJIAIITYBaHHS, KOMEPIIHHUN COPT.

VY Tabnuii 3.2 HaBeIeHO OCHOBHI IHCTPYMEHTH MOMNEPEIHbOT 00POOKH TaHUX.

Tabmuis 3.2 — OCHOBHI IHCTPYMEHTH MOMEPETHBOT 00pOOKH TaHUX

Kpurepiit Pandas Scikit-learn DataRobot

JlerkicTh BUKOPUCTAHHS Bucoxa Bucoka [TomipHa

KacTtomizoBaHiCTh Bucoka Bucoka Husbpka
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Kineup tabnuii 3.2 — OCHOBHI IHCTPYMEHTH MONEPEIHBOI OOPOOKHU JaHUX

MacmraboBaHicTh [Tomipua [Tomipua Bucoka

dyHKIIOHA JJIs Tpenpolecunry | Po3mupenuit Po3mmpennit | Po3mmpennit

Takum ywmHOM, &7 TEPBUHHOI OOpPOOKM JaHUX Hailkpamie MmaidIyTh

iHcTpymenTu Pandas.

3.1.3 IacTpyMmeHT BiIOOpYy O3HAKX

HactynHuiéi KpoK - BHU3HAU€HHSA 1HCTPYMEHTIB IHXKEHEpli O3HaK, SKI
aBTOMAaTU3YIOTh MPOIEC OTPUMAHHS HOBUX O3HAK Ta BHOOPY HaiiHGOPMATHUBHIIIUX 3
Hux. Kanaunaramu st Bubopy € Scikit-learn, Featuretools Ta H20.ai. Po3risiHemo ix
JeTaIbHIIIE.

Harikpami Bunaaku BukopucTanHs —Scikit-learn - 1me 3amaui  BuOOpy
HallH(QOpPMATUBHIMIKUX (P14 3 BUKOPUCTAHHSAM QITOPUTMIB KJIACUYHOTO MAIIMHHOTO
HaBuaHHs. [lepeBaru: MOXIIMBICTh CAMOCTIMHO HANMCATH MOBHICTIO MaWIIaiiH BUOOPY
HaWkpamux o3Hak. Hepomiku: BIACYTHIM (QYHKIIOHAN JJjIsi OTPUMaHHA HOBUX iy
HUISIXOM KOMOIHAIII1 ICHYIOUHX.

Haiikpami Bumnagku BukopuctaHHsi Featuretools: aBTomaTm3oBaHa iH)XEHeEpIs
O3HaK sl pendAliiiHux HabopiB ganux. I[lepeBaru: aBTOMAaTH30BaHE T€HEPYBaHHS
O3HaK, TapHO 0O0poOisie pensiiHl nani. Hemomiku: CKIagHICTh HaBYaHHS s
HaJAIITyBaHHS, MOXE TeHEepyBaTH HEaKTyaIbHI O3HAKHU.

Haiikpam Bumagku BukopuctanHs H2O.ai: macmTaOHa 1HXEHepis O3HaK Ta
3aBJaHHS 3 MalIMHHOTO HaB4aHHs. [lepeBaru: wmacmTaboBaHICTh, MIATPUMKA
aBTOMATU30BaHOI 1HXeHepii o3Hak. Hemosiku: xomepuiitHuii codT, MOXe BUMaraTu
TIEBHOT'O JIOCBiy 3 MAIIMHHAM HaBYAHHSM.

VY Tabnuii 3.3 HaBeIEHO OCHOBHI IHCTPYMEHTH 1HKEHEPii O3HaK.
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Ta6muis 3.3 — OCHOBHI IHCTPYMEHTH 1HXKEHEP11 03HAK

Kpurepiii Scikit-learn Featuretools H20.ai
JlerkicTb BUKOpUCTAHHS Bucoxa [Tomipna [Tomipna
KacromizoBaHicTh Bucoka Bucoka [Tomipua
MacmtaboBaHiCTh Cepenns [TomipHa Bucoka
ABTOMaTHYHA T€HEpallisl 03HaK Hi Tax Taxk

Orxe, ayig HaIIOl 3adadi Haiikpamie miaxoauTh Scikit-learn, ockiibku Ham He
NOTPIOHO TeHepyBaTH HOBI (idl 3 ICHYIOUMX (BTpadaeTbesl iX 1HTEPNPETAOENbHICTD,
OCKUIbKU KOKHa (hiua — 11e 01T GIHrepIpuHTY, SKUW BIAMOBIAA€E 32 MPUCYTHICTH MEBHOI

CaOCTPYKTYpH Y MOJIEKYI1).

3.1.4 ®pelMBOpPK ISl MAIIMHHOTO HABYAHHS

Jam HeoOX1THO BHU3HAYMTHCH 13 (PpEeHMBOPKOM MAIIMHHOTO HABYaHHS s
CTBOpPEHHS, HaBUaHHS Ta OI[IHKK Mojeie. OcHOBHMMM KaHaunaTamu € TensorFlow,
PyTorch ta Scikit-learn.

Hatikpami Bumagku BukopuctanHs TensorFlow: 3acToCyHKM TiIMOOKOTO
HaBYaHHsS, MacmTaOH1 3aBgaHHa ML, 3actocynku ML, TOTOBI 10 BUpPOOHMIITBA.
[lepeBarn: MacmTaboOBaHICTh, IIUPOKA MIATPUMKA O10110T€K, TapHa CHIUIBHOTHA
nigTpuMmka.  Hemomiku:  KpyTimmil OUISIX  HaBYaHHS  TOPIBHSHO 3 1HIIMMH
bpeitMBOpKaMHU.

Hatixpamii Bunaaku Bukopuctands PyTorch: mocmimkenHs Ta po3poOka, MBUIKE
CTBOpEHHs npoToTuNiB. IlepeBaru: auHamMiuHU 00UYMCIIOBAIBHUN Tpad, IHTYITUBHUMA
Ta 3pyYHHI JJIs1 KOpHCTyBada. Hemomiku: MeHI 3piii omiii po3ropTaHHs MOPIBHSIHO 3

TensorFlow.
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Harikpamni Bumagku BukopuctanHs —ScCikit-learn: kjmacwuHi  3aBmaHHS 3
MaITMHHOTO HaBYaHHS, HEBEJIHWKI Ta cepemHi Habopu maHux. l[lepeBaru: mpoctoTa
BUKOPUCTAHHS, MIUPOKUH CIIEKTP alrOpuT™MiB. Hemomku: He miaXOAuTh 11 TIIMO0KOTO
HaBYaHHs, HE ONITHMI30BaHO /IS BEJIMKKX HA0OPiB JIAHUX.

VY tabaumi 3.4 HaBeJIleHO OCHOBHI ()PEHMBOPKH MAITUHHOTO HABYaHHS.

Tabmuusg 3.4 — OcHOBHI (PpEHMBOPKY MAITUHHOTO HABYAHHS

Kpurepiii TensorFlow PyTorch Scikit-learn
JlerkicTh BUKOPUCTAHHS [TomipnHa Bucoka Bucoka
KactomizoBaHICTh Bucoxka Bucoxka [TomipnHa
[TinTpMKa KOMBIOHITI [TomipnHa Bucoxa Bucoka

3oomapk MojieJien Po3mmpennit Po3mmpennit OOMexeHmit

Takum yMHOM, HaWKpalIuM pIilIeHHsM JiJIs Hac Oyzae BukopuctaHHs Scikit-learn
JUIsL aJITOPUTMIB KJIACUYHOTO MalIMHHOrO HaBuaHHsA Ta PyTorch g HelipoHHHX

MEpex.

3.1.5 TncTpyMmeHT onTuMizallii rineprnapaMmeTpin

Hactynmaum eranmom € BuOip O107I0TEKM TIOHIHTY TilleprapameTpiB, sKi
aBTOMATHU3YIOTh TMOIIYK HAMONTUMANBHIIINX MmapaMeTpiB Mozeini. Cepen BapiaHTIB, sKi
BapTi JieTaNbHImoro po3risiay, € Optuna, Hyperopt i Scikit-Optimize.

Optuna - me 616i0TeKa 3aralTbHOTO MPU3HAYEHHS ONTUMI3aIlis TimeprapaMeTpiB.
[lepeBaru: miaATpUMKa pi3HUX CTparerid ontuMizanii  (3okpema baecoBcbkoi
onTuMi3aiii), MOXJHMBICTb HAMUCAHHS BJIACHOI OOTOPTKH JJIS TIOHIHTY OyIb-sIKO1

MOJIeNi, TATPUMKA PO3MAapajesieHoOl ONMTUMI3allli MUIIXOM CHHXpOHI3alii mepedopy
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MPOCTOPY TiNeprnapaMeTpiB 4epe3 chulbHy 0asy gaHux. Hepomiku: Moxke OyTu
MOBIJILHOTO IS BACOKOBUMIPHHX MTPOCTOPIB MOIIYKY.

Hatikpami Bumanku BukopuctanHs Hyperopt: baeciBcbka onTumizamis s
HaJalmTyBaHHs TinepnapamerpiB. llepeBaru: miaTpumye baeciBCcbKy onTHUMI3AIlIO,
napanenbHy ontumizaiito. Hegomiku: APl moxxe 6yTr MeHII IHTYITUBHUM TOPIBHSHO 3
IHIIMME 010J110TEeKaMHU.

Haiikpami — Bumamku — BukopuctanHs — ScCiKit-Optimize: — HanmamTyBaHHS
rinepnapametpiB s mopaenei Scikit-learn. Ilepearu: interpamist 3 Scikit-learn,
IpyxHiit 1t kopuctyBada API. Hemomiku: oOmexxeHo moaensimu Scikit-learn, mente
dbyukiii nopisasHo 3 Optuna ta Hyperopt.

VY tabaumi 3.5 HaBeZIeHO OCHOBHI 010J110TEKH TIOHIHTY TilleprapaMeTpiB.

Tabmuis 3.5 — OcHOBHI 0610J110TEKH TIOHIHTY TilleprapaMeTpiB

Kpurepiii Optuna Hyperopt Scikit-Optimize
JlerkicTh BUKOPUCTAHHS Bucoxka [TomipHa Bucoka
MacmtaboBaHiCTh [TomipHa [TomipHa [Tomipna
TexHoJsorii onTuMizaiii Kinbka Kinbka Kinbka
[Tapanenizartis Tak Tak Tak

Takum uynHOM, Haiikpammm BuOOpoM € Optuna, OCKUIBKH J103BOJISIE €PEKTUBHO

BUKOpHUCTAaTH baecoOBChKY ONMTHUMI3AIlIO Y pO3MapaIeICHOMY BapiaHTi.
3.1.6 Cepgicu xmMapHUX TIpoBainepiB 11 moOynoBu ML naiinnaitHiB
KokHa 3 ocHOBHHX IaaTdopM XMapHHX o0uucieHb, sk To AWS, Google Cloud

Ta Azure, MawpTh CHeIliani30BaHl cepBicu il moOymoBu ML maimmaitHiB 1

JNETUIOMMEHTY MOJIEJIEN.
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Bin AWS takum cepBicom € SageMaker, npusHauenuii mis Enterprise-level
XMapHUX pilleHb, large-scale 3acTOCYHKIB 151 MAIIMHHOTO HaBYaHHSI.

Bin Azure Takum anamorom € Azure ML, cTBOpeHMI AJi1 pPO3rOpTaHHS
MaIlIMHHOTO HaBYaHHS Ha MPOJIAKIIIH PiBHI Ta TOPUAHUX XMapHUX KOHQITypaIriil.

Haromictes Google mpomonye Google Cloud AI Platform s end-to-end
pO3ropTaHHs NalTIaiiHy MalllMHHOTO HaBYaHHSI.

Y Ttabmuui 3.6 HaBeAEHO OCHOBHI IUIATPOPMHU XMapHUX OOYHUCICHb Ta

JEITIOMMEHTY MOJENEN.

Tabmums 3.6 — OcHoBHI maTGopMu XMapHUX OOYHUCIEHb Ta JEMJIOWMEHTY

MoJIeIen
Kpurepiii AWS SageMaker | Azure ML Google Cloud Al
Platform
JlerkicTh BUKOPUCTAHHS [TomipnHa [TomipHa [TomipHa
MacmTaboBaHICTh Bucoka Bucoka Bucoka
KacTomizoBaHiCTh Bucoka Bucoka Bucoka
Built-in moneni Tak Taxk Taxk

[lepeBaramu KOXHOTO 3 IIMX CEPBICIB € CIPOIICHUN Mpollec ACTIIOUMEHTY Ta
HaJAIITYBaHHS CEPEIOBUINA, a TAKOXK JYy>KE TICHA IHTErpallisl 3 IHIIUMHU CepBICAMH IUX
K€ XMapHuX mposaiiiepiB. [IpoTe 1€ X € 1 HaWrOJIOBHIIIMM HEIOJIKOM, OCKUIBKH
pO3po0IeHMI MamIaiiH B Mexax OAHIET 3 MmIaTdopM MPUB’A3y€e KOPUCTyBaya 10 HEi 1
HE JIO3BOJIAE€ MIBUAKO MEPEHCTH HOro Ha iHmry miatdopmy 3a motpedu. OkpiM ToroO,
peamizalis MaMIUIaiiHIB BUXOJWUTHh JOCUTH Joporoto. OKpiM TOro, peamizaiis

MalIIaifHIB BUXOIUTh JOCUTH JOPOTOIO.
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Takum uymHOM, OYJ0 NPUHHATO pIlIEHHA YTPUMATUCA BiJl BHUKOPHCTaHHS
CHeIlali30BaHMX CEpPBICIB XMAapHUX NpOBaiepiB i MOOYyJAOBH MalIIaiiHIB

MAalllMHHOI'O HaBYaHH:.

3.1.7 IHCTpyMEHT TpeKiHTY Ta Bi3yaji3allii eKCIIEpUMEHTIB

VY cdepi MamMHHOTO HAaBYaHHS TPEKIHT Ta Bi3yali3allisl EKCIEPUMEHTIB €
KITFOUOBUMH /T €pEKTUBHOTO YIPABIIIHHS TIpoliecaMu po3pooku Ta aHamzy. MLFlow,
Weights & Biases Ta Aim - 1e nepenosi miargopmu, ki HaJAIOTh THCTPYMEHTH ISt
WX 3aBJIaHb. Po3ristHEMO 1X XapaKTEepUCTUKH, TIEpEeBaru Ta HEAOIKH.

MLFlow — ue Bimkputre mnporpamue 3a0esmedeHHs Big Databricks, o
3a0e3mnedye iHTErpamiro 3 OaraThMa MOMYJISPHUMHU O01010T€KaMU MAITMHHOTO
HaBYaHHSI.

OcHoBHi ocobimBocti MLFlow:

— MoayibHicTh — MLFlow Mae wortupu ocHoBHI komnoHeHTH: MLflow
Tracking, MLflow Projects, MLflow Models, MLflow Registry;

- niaTpumka MoB — miarpumye Python, R, Java ta REST API;

— 1HTerpalis 3 1HIIMMHU 1HCTPYMEHTaMH — JIETKO IHTETpyeThcsi 3 Jupyter
Notebook, Apache Spark Toro.

[TepeBaru MLFlow:

— HIMPOKA IHTETpallisl 3 IHIIUMHU IHCTPYMEHTAMH,

- THYYKICTh y BHOOp1 cepenoBuina 30epiranHs gaHuX (JIOKaJbHO, CEpBEp,
AWS, Azure);

- BIJIKDUTUI KOJI.

Henoniku MLFlow:

— BIJIHOCHO CKJIQJIHUH y HAJIAIITYBaHH] Ta BUKOPUCTAHHI1 151 HOBAUKIB;

- oOMekeHa (YHKITIOHAIBHICTh Bi3yali3allii TMOPIBHSHO 3  IHIIMMH
1aThopMamH.

Weights & Biases (W&B) — 1e komepuiiiHui IHCTPYMEHT, SKHH Haaae

JETATBHUIN TPEKIHT eKCIIEPUMEHTIB Ta TIOTY>XKHI THCTPYMEHTH Bi3yasti3allii.
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OcnosHi ocobimBocti Weights & Biases:

— JeTAIbHUN TPEKIHT — aBTOMAaTHYHE JIOTYBaHHS TileprnapaMeTpiB, METPUK,
BUXIJIHUX JTaHUX MOJEJ TOIIIO;

- Bi3yamizaiisi — TOTY)KHI 1HCTPYMEHTH JUIs Bi3yamizailii, BKJIIOYaIOUH
MOPIBHAHHA METPUK MK PI3HUMU 3aITyCKaMH,

- 1HTEerparllis — JErKo 1HTerpyeThesl 3 baraTbMa MoIyIIpHUMHU 010T10TEKaMHu.

[TepeBaru Weights & Biases:

— IHTYITUBHO 3p0O3yMLIHil iHTEpEIiC;

— IIUPOKI MOXKIMBOCTI JUIs Bi3yalli3allii,

— NIATPUMKA KOMaHIHOT pOOOTH Ta CHIJIBHOTO JAOCTYILY.

Hemomixu Weights & Biases:

- BapTICTh BUKOPUCTAHHS JUIsI KOMEPLIMHUX MTPOEKTIB;

— MO>Ke OyTH MEePEBAHTAXKEHHIM JIJIs1 IPOCTUX MPOEKTIB.

Aim - 1e IiHCTpYMEHT BIAKPUTOTO KOJY, 30CEPE/DKCHHI Ha TPEKIHTY Ta
Bi3yasli3allli eKCIIepUMEHTIB.

OcHoBHi ocobimBocTi Aim:

- dokyc Ha Bizyamizaiii — 3a0e3mnedye JeTaibHy Bi3yalli3allilo METPHUK Ta
rineprnapamMeTpis;

- rHyYKa HaJAITyBaHHA — MOXJIMBICTh HAJAITYBaHHS TPEKIHTY Ta
B1IOOpakKeHHS JTaHUX;

— CYMICHICTb — JIETKO 1HTErpyeThcs 3 OararbmMa (ppeiiMBOpKaMu MAaIIMHHOTO
HABYaHHS.

[lepeBaru Aim:

— BHCOKa KacToMi3allisl Bizyanizallii;

— BIIKPUTHUH KOJT Ta OS3KOIITOBHE BUKOPUCTAHHS;

— JIETKICTh Y BCTAHOBJICHHI Ta HAJAIITYBAHHI,

Henmoniku Aim:

- MO’K€ BUMaraTy OUIblIe Yacy Ha HaJallITyBaHHs I crielu(iyHuX MoTpeo;

— OoOMEXXeHl MOMJIMBOCTI IS CHUIBHOTO BUKOPUCTAHHS Ta KOMAaHJIHOI

pobotu nopiBHSIHO 3 W&B.
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VY Tabmumi 3.7 HaBeAeHO OCHOBHI IIaTGOpMU Ui TPEKIHTY Ta Bizyasizarlii
EKCIICPUMEHTIB.

JInis 1iield Haoro MpoeKTy BUPIMIEHO OyJI0 BUKOPUCTATH MPOAYKT 3 BIAKPUTUM
kogoMm, Tomy W&B 0Oyno Biaxuneno. Mixx MIFlow Tta Aim, Oyno BupilieHO HajgaTh
nepeBary MIFlow, depe3 moTeHIiifHI MOMXJIMBOCTI BUKOPUCTaHHS HOTO TOAATKOBUX
CEpBICIB 3 €KOCUCTEMH JJII MAaIIMHHOTO HaB4aHHs. [IpoTe, micis BIpoBamKeHHs, Oyi0
TakoK mpoTtecToBaHO Aim 1 3pemtoro W&B. Tox 1o KIHIEBUX pe3yibTaTax,
HalikpamuM pimeHHssM Oyino O BukopuctanHs W&B, a MIFlow - Haliripmmm
(momaTKoBI cepBicH HE 3HAMOOMIIUCS, a (PYHKITIOHAT JJISI aHATI3Y € 3aHAJATO OOMEKEHUM

1 HETHYYKUM).

Tabmuusg 3.7 — OcHoBHI TWIATGOPMU TSl TPEKIHTY Ta Bizyasi3allii eKCIIepUMEHTIB

Kpurepiit Aim MLFlow W&B
Open-source Taxk Tak Hi
MaciraboBaHiCTh Cepenns Hwu3bka Bucoka
KactomizoBaHicTh Cepenns Husbka Bucoka
Tun 6a3u qaHux Key-value SQL Key-value
[IBuaKICT POOOTH MPHU BETUKIMA [TomipHa [ToBinbHa [IBuaka
KUJIBKOCTI IMPOEKTIB

3.2 JHocmimkenns 1 Bubip Ttexuomorii On-Cloud opxkecTpariii KOMOHEHTIB
CUCTEMHU aBTOMAaTH30BAHOIO TPEHYBAaHHS Ta MOHITOPUHTY MOJENed MalIMHHOIO

HaBYaHHA

Y maHoMy miapo3iial 3AIMCHIOETHCS JCTANbHE TMOPIBHSHHSA JBOX MOMYJISIPHUX
TeXHOJIOT1 st poOoTu 3 Kubernetes kinacrepaMu y KOHTEKCTI MOOYJIOBM MaIIMHHO-

HaBuaJIbHUX MaimiaitHiB: KubeFlow 1 Argo.
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Ili cucremMu € KIIOUYOBUMH IHCTpYMEHTaMu IS e(eKkTuBHOI peanizalii
nairuiaiiHiB y XMapHOMY CEpEOBHINI, KOXHa 3 SKHX Ma€ CBOi OCOOJMBOCTI Ta

nepeBar.

3.2.1 KubeFlow

KubeFlow — 1 Bigkpura miatdopMa, CIOPOEKTOBaHA IS OpKecTparlil
MaIlTMHHO-HABYAJIbHUX TaiTIaitHiB Ha Kubernetes. ["'onoBra meta KubeFlow momnsirae y
CHpOIICHHI TMpPOIECy pO3rOpTaHHA, MaciTaOyBaHHS Ta YIPaBIIHHS MAaIIUHHO-
HAaBYAJbHUMHU MOJENSIMHU, POOJISYM 1€l Tpoiec OUIbII JOCTYIIHUM 1 MEHII
4aco3aTpPaTHUM JJIs1 PO3POOHUKIB 1 HAYKOBIIIB.

KubeFlow Bkitouae Hallp KOMIIOHEHTIB, $IKI TOKPUBAIOTh Pi3HI aCIHEKTH
MaITMHHOTO HAaBYAHHS:

- JupyterHub nns ynpasninns Jupyter Notebooks;

- Pipelines nnst cTBOpeHHST Ta yOpaBIiHHS MAalIMHHO-HABYAIbHUMU
anIuIaHaMu,

— Katib ns ontuMizariii rinepnapameTpis;

- Serving st city>)kO posropraHHs Mojeici 3a gomomororo TensorFlow
Serving, Seldon Core ab0 iHIIMX 1HCTPYMEHTIB.

IIepeBaru:

— IHTerpauiss 3 MIUPOKUM CHEKTPOM I1HCTPYMEHTIB Ui MAIMHHOIO

HaBYaHHS;
- rirboka iHTerpaiis 3 ekocucteMoro Kubernetes;
— HIATPUMKA 0araTOKOPUCTYBAIbKUX CEPEIOBHIL.
Henomniku:

— HaJIAIITYBaHHS Ta YIPABITIHHSI MOKE BUKJIMKATH CKJIQHICTB;
— BEJIMKA KUIbKICTh KOMITOHEHTIB, 110 MOK€ YCKJIQJHUTH BUKOPUCTAHHS IS
HOBUX KOPHCTYBauiB, a TAKOX CIIeIiajli3alisl Ha 3aJladaX MAIIMHHOTO HaBYaHHS, IO

POOUTH TEXHOJIOT1F0 MEHII 3pYYHOIO JIJIs OUIBII 3arajibHUX 3a7ad.
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3.2.2 Argo

Argo — me cucrema IS OpKecTpalllii KOHTeHHEepiB, sSKa MIATPUMYE CKJIaIHI
nmapajenbHi Ta TMOCHioBHI poboui mporecu B Kubernetes. Argo Workflows
BUKOPUCTOBYEThCS JIJII aBTOMarTu3alli, 30kpeMa, B ML mnaiiraiinax, e KOXeH eTan
MOke OyTH BHUKOHAHHMM SIK OKpPEMHUN KOHTEHHEp. Argo CKIAJaeTbcs 3 KUIBKOX
KOMITOHEHTIB:

- Argo Workflows st ynpapitiHHS poOOYHUME POIICCAMH;

- Argo CD nmis 6e3nepepBHOI po3p0oOKH Ta pO3rOpTaHHS;

- Argo Events 114 3B'13Ky Ha OCHOBI MO,

- Argo Rollouts my1s1 kepyBaHHSI TPOrPECUBHUMU PO3TOPTAHHIMHU.

IlepeBaru:

- BHCOKA THYYKICTh Yy OpKeCTpallii 3aB/iaHb;

— MiATPUMKA TTapaIeIbHOTO Ta YMOBHOT'O BUKOHAHHS;

— pOCTOTA 1HTErpauli 3 iHmuMH cepBicamu Kubernetes.

Henomnixu:

— O11bI1 OOMEKEH1 MOKIIUBOCTI i1 3a7a4 ML, nmopiBHsiHO 3 KubeFlow;

— BUMAara€ J0JIaTKOBOI I1HTerpamii 3 I1HCTpyMEHTaMH JUIS TOBHOIIIHHOI
MIITPUMKHU BCHOTO KUTTEBOTO HUKITY ML.

VY tabmumi 3.8 nHaBemeno mnopiBHsHHA Kubeflow ta Argo. Ile mopiBHSHHS
JEMOHCTPYE, 10 OOMABI TEXHOJOTIT MalOTh CBOi MepeBaru Ta o0JacTi 3aCTOCYBaHHS.
Ane ockuibkn KubeFlow “mim kamotom” BukopHcTOBYe (yHKIIOHaN Argo, a Takox
CHEIlaTi3yeThCs Ha 3a]ja4 MAIIMHHOTO HAaBYaHHS, TO OyJI0 MPUUHATO pillleHHS 00patu

came ¥oro mms peamizaiii On-Cloud geroiiMenTy mairuiaiiny.

Tabauis 3.8 — IMopisusauus Kubeflow ta Argo

[Tapametp KubeFlow Argo

Cdoepa CrnernianizoBaHo 1Jis 3arajibHa OpKecTparlliss pooounx

3aCTOCYBaHHS ML POIIECiB
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Kinenp tadymii 3.8 — IMopiBasauas Kubeflow ta Argo

KoMrIuiekcHicTh Bucoka Cepenns

Bucoka B KOHTEKCTI 3arajpbHO1

['Hy4KicTb Bucoka B konTekcti ML
OpKecTpairii
OyHKIioOHANBHICT|  Bucoka nins ML maitruiaiiHis Cepenns niis ML maitrunaiiHis
. I'nn6oxka inTerpamisa 3 ML _ .
InTerpamis [Ipocra interparis 3 Kubernetes

1HCTpyMEHTaMH

3.3 AutoML nmaiiruiailH cHCTEMH aBTOMAaTH30BAaHOTO TPEHYBaHHSA Ta
MOHITOPUHTY MOJeJIel MAaIlMHHOTO HaB4YaHHSA y cepenoBumli Kubernetes 3

opkectpartiero KubeFlow

Y mpomy po3gimi po3risgaeThes peanmizaiis AutoML maitmmaiiHy, a Takox
JIeTalbHO OIMCYETHCS HAJAIITYBaHHS B3a€MO3B’S3KiB KOMIOHEHTIB Kubernetes,
KubeFlow ta AutoML naitmiaitny s iX nis1icHOT poOOTH.

3aranpHa CcXeMa CHUCTEMHM BTOMAaTH30BAaHOTO TPEHYBAaHHS Ta MOHITOPUHTY
MO/IeJIe MAalIMHHOTO HaBYaHHS HaBe[eHa Ha puc. 3.1.

Po30ip mi€i cxemu mOYHEMO 3 OCHOBHUX KOMIOHEHTIB Kubernetes, 110
3a0e31euyoTh Horo (yHKIIIOHYBaHHS BIJIMOBIAHO 0 BUCOKHX CTaHIAPTIB HAIIHHOCTI
Ta MaciTabyBaHHs, Ta OXOIUTIOIOTh €IEMEHTH, 300pakeH1 Ha pUCYHKY 3.1.

kube-apiserver — 1ie KOMIIOHEHT y3J1a YIPaBJIiHHS, KW BUCTYIA€E SIK OCHOBHHIA
iHTepdeiic mna kiacrepa Kubernetes. Bin npuiimae REST 3anuTu, nepesipse ix,
BUKOHY€ O13HEC-JIOTIKY, 1 TOTIM, 3a MOTPEOH, OHOBIIIOE CTaH 00'€KTIB y etcd.

etcd — me BucOkoHamiiiHa 0Oa3za gaHUX, 110 30epirae KIOYOBI 3HAYEHHS, SKa
BUKOPHCTOBYETHCS SIK PEMO3UTOPIA I yCiX KIIACTepHUX NaHWX. BoHa 3a0e3meuye
KOHCHUCTEHTHE 30epiraHHs JaHUX 1 YOPaBIIHHS CHUTBHUMU KOHDIryparisMu s

KJacrepa.
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kube-scheduler — 1eii KOMIIOHEHT crHocTepirae 3a HEMIOJABHO CTBOPEHHUMU
nojaMu 0e3 TMPU3HAYEHOTO BYy3/la 1 BUOMpae BY30J, HAa SKOMY BOHHM TOBHHHI
npairoBatd. [lIaHyBalbHUK BpPaxoBY€ JOCTYIIHI PECypCH, BUMOTH TIOiB, MOJITHKA

oesrneku, crienudikaiii, ahiHITeTHICTh, PO3MIIIEHHS MO/IIB TOIIIO.

v B

A 3 Amazon RDS
mazon
VPC e mmm e S
o f\ % Kubernetes Knacrep
i r\ r\\ \
: om \
: A '
[l ‘ : ’
: : ; IHCTaHC IHCTaHC Incrane
4 «—L -
! "IA : o o s
. Kubeflow :
| : K‘;::;::P ‘:’:I;“n;‘: P cepsep MIFlow
: 1 nainnaiiny nainnaiiny
| | . - e
' ® —® —@
N Manens KouTponio ," —— =i e * Q
v = & proy, ¥ oy, s

Pucynox 3.1 — OcHoBHi komnoHeHTH Kubernetes

kube-controller-manager — el koMIoHeHT BKIItOUae B ceOe HaOip KOHTPOJIEPIB.
Kontponepu Kubernetes — 1e ¢oHOBI mporecu, siki CTeXaTh 3a CTaHOM KiacTepa
yepe3 apiserver 1 BKUBAIOTh HEOOXITHUX 3aXO0AiB, 00 mepelTu A0 0a’KaHOTO CTaHy.
Hanpuknaa, kKoHTposiep BY3JiB BIAMNOBIJA€ 3a pearyBaHHs, KOJU BY3JM CTalOTh
HEJOCTYTTHHUMHU.

Kubelet — 1ie ocHOBHMII KOMIIOHEHT Ha KOXHOMY BY3Ji, SIKUM TapaHTye, IO
KOHTEWHEpH 3amyleHl B IMoJaxX MpalloiTh HaleKHUM unHOM. Bin kepye PodSpecs

(cmenudikariisiMy MOIB), SIK1 BU3HAYAIOTh, SIK TTO/] IOBUHEH MPAIIOBATH.
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kube-proxy — miarpumye MepekeBi mpaBuia Ha Bysnax. Lli MepexeBi mpaBuiia
JI03BOJISIIOTH MEPEKEBOMY CHUIKYBAaHHIO JI0 TIOMIB 3 MEPEKEBUX Ceciii BcepeauHi abo
11032 KJIaCTEPOM.

Container runtime — me mporpamHe 3a0e3leucHHs, BiANMOBIAaJbHE 3a 3aIlyCK
koHTeiHepiB. Kubernetes miaTpumye kimbka panrtaiMmiB: Docker, containerd, CRI-O
TOIIIO.

Web Ul (Dashboard) — 1ie BeO-inTepdeiic kopuctyBaya aias Kubernetes. Bin
JI03BOJISIE  KOpPHCTyBadaM CTBOPIOBAaTH Ta KEpyBaTH pecypcaMH KiacTepa Ta
nepernsiaaTi iHGopMallito Mpo MOMUIIKH.

KubeFlow Pipelines mo3Bomisie kopucTyBauam BH3HA4YaTH, OPKECTPYBaTH Ta
peani3oByBaTH MAalIMHHO-HABYaJbHI mNaimnaiiHu. Ha pucyHky 3.2 300paxkeHo
exocuctemy KubeFlow.

Crneundikamis naimiuaiHy: po3poOHUMKH BUKOpUCTOBYIOTH Python SDK nmms
CTBOpeHHs crenudikaiiii nairuaiiny. BoHu BH3Ha4arOTh pi3HI 3aBaaHHsA (cTafil
naiIaiHy), 10 BKIIOYAIOTh HIATOTOBKY aHMX, TPEHYBAaHHA MOJEINI, ii OIIHKY Ta
PO3ropTaHHs, 1X B3aEMO/I110, TTOCIIIOBHICTh, BX1/IHI TAPAMETPH.

KoMnoHeHTH: KOXHE 3aBJIaHHSI OINHUCYETbCSA SIK KOMIIOHEHT, SIKUH MOXe OyTu
KOHTEHHEpPOM, 110 BUKOHYe MeBHY (QyHKIi0. KoMIOHEHTH crnenu@ikyloThCcsl yepe3
KOHTEHHEPH1 300pakeHHs, BX1JIH1 Ta BUX1IHI JaHI.

Komminsmiss maitrumaiiny: 3 BukopuctanusM KubeFlow SDK, cnenumdikarris
naimiaiiHy koMnutoerbest B opmat YAML, sikuii BukopuctoByetrbest Kubernetes st
PO3rOpTaHHS NaWIUIaiHy.

Posropranns maiimaiiny: KubeFlow Pipelines BukopucroBye Argo Workflows
JUIs1 opKecTpallii podounx nporeciB. KoxHe 3aBaHHs B MaIiaifHi cTae etarnoM B Argo
Workflow.

3amyck maimiaiiHy: KOpPUCTyBadl MOXYTh 3alyckaTd NalIuiaiiHu uepes
KubeFlow Ul a6o nporpamuo uepe3 KubeFlow Pipelines API.

BukoHaHHs1 3aBJaHb: 3aBAaHHS BUKOHYIOTHCSI B 130JIbOBaHUX KOHTEHHepax Ha
worker nodes B Kubernetes. Kubelet Ha k0)kHOMY By3:11 KE€PY€ )KUTTEBUM LIMKIOM LIUX

KOHTEHHEDIB.
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Momitopunr crtany: kube-scheduler posmnojinse koHTelHepu IO By3Jax Ha
OCHOB1 pecypcHUX BHUMOT, a kube-proxy 3a0esmedye MepeKeBE CIOIYUYEHHS MK
KOHTEHHEPAMMU.

Autoscaling: KubeFlow Pipelines MoXyTh BHUKOPHCTOBYBATH MOXJIMBOCTI
Kubernetes HPA (Horizontal Pod Autoscaler) niasi aBTOMaTH4HOTO MaciiTaOyBaHHS
3aB/IaHb MANTUTAHY B 3QJIKHOCTI BiJl TOTOYHOTO HABAaHTA)KCHHHI.

30ip pe3ynbTariB 1 JIoriB: BuBiJl KOKHOTO KOHTEHEpa 30epiraeThes 1 JOCTYHUN
yepe3 Kubernetes logs miis anamizy pe3yiabrariB a00 BUSBIICHHS ITOMUJIOK.

Apxitektypy AutoML mnaiiniaiiny 300pakeHO Ha pPHUCYHKY 3.2., a KOJIOBY

peanizaiito HaBeJleHo B JlogaTky A.

/
PN ’@

“\\
\
" snbip
reHepauis

S HalKkpaLmx ==\ s

Aeckpuntopis ik
E
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\\ AutoML base /f
\ |
/
\\ AutoML base / \+ AutoML meta |,/

Pucynok 3.2 — Apxitektypa AutoML naiirnaiiny

iHiLianizauis
MIFlow
eKCNepUMEHTY

A

OLjiHKa |

CAHXPOHI3 /N
norysaHHs

auia LS

KoMrnoneHnTH mailruiaiiHy B3a€eMOAIIOTH OJIMH 3 OJHUM 4Yepe3 Mepeaady JaHuX 1
napameTpiB, CTBOPIOIOYM THYYKHH 1 MaciITaboBaHU poOOUMil mpolec.

Posrnsinemo neranphime ¢yHkmiro “init mlflow experiment op”. Ommc: 1ei
KPOK BCTAHOBJIIOE T[OYAaTKOBl HaJalITyBaHHS JJsi ekcnepumeHty B MLflow,
3a0e3Meuyroun TPEKIHT 1 30epeKeHHsS Pe3yJIbTaTiB TPEHYBaHHS Ta Baijaiii MoOJeri.
[TapameTpu: BKJIFOYa€ OCHOBHI HaJjlallITyBaHHsS OTOYEHHs (environment variables), Taxi
AK aJpecu cepBepiB, KOHQIrypaiiiiHi mnapamMeTpu JIOCTYMy JI0 PecypciB TOIIO.
Buxonanns: BukopuctoBye oopa3 Docker myst BuKOHaHHS 3a7a4i, 3 KOHDITypalli€ro, 1o

BHU3HauYaeThes AuHaMiuHO yepe3 KubeFlow.
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Posrissaemo JeTaJIbHIIIE reHepario JIECKPUITOPIB. OyHKIIIS:
“generate_descriptors_op”. Omuc: aBTOMAaTH30BaHO I'€HEPYE JECKPUIITOPU (O3HAKH) 3
BXIJIHUX JaHUX, K1 OyyTh BUKOPHUCTaHI AJs TpeHyBaHHA Mojeni. Lle Moxke BKiIrovaTu
nonepeaHo 00OpoOKy Ta HopMajizaliio jJaHux. [lapameTpu: BXoaw 3a0e3MeUyIHOTHCS
gepes cepeioBuIIe, 3 yIpaBiiHHAM Bepcisimu yepe3 KubeFlow i konTeitnepu Docker.

Bubip Haiikpammx peckpunropiB. ®ynkmis: “select descriptors_op”. Ommuc:
BUOIpKa Halle(EKTHUBHIIIMX OIKCIB 3 CreHEpOBaHOro Habopy, 100 ONTHUMI3yBaTH
MPOAYKTUBHICTE MaWOyTHROI  Mojeni. BukoHaHHS: aBTOMaTW30BaHUN  BHOIp
BUKOHYETHCS HA OCHOBI CTaTUCTUYHOTO aHami3y 1 BaXIMBOCTI O3HAK [
MIPOTHO3YBAHHS.

PosrsHemo  geranmpHime ¢yHKIO “automl_op”, ska peali3oBye JIOTIKY
AutoML. Omnmuc: mnpoBeleHHS TpPEHYBaHb PI3HUX MOJENECH MAIIMHHOTO HaBYaHHS,
BUKOPUCTOBYIOYM BHOpaHI ONKWCH Ta HaJalUTyBaHHSA TrIileprnapameTpiB s
3HaXO/pKeHHs onTuManbHoi Mojeni. [lapamerpu: Bkimouae piBeHb (LEVEL), sxuit
JTIO3BOJIS€ HAJIAIITYBATU TPEHYBAHHS MOJIENICH PI3HOTO PIBHSA CKJIQJAHOCTI (31 CTEKIHIOM
4y 0e3).

JloryBanus pesynbraTie 'y MLflow. ®ynkmis: “log_automl_to_mlflow_op”.
Omnuc: 30epexkeHHs pe3ysibTaTiB KOKHOTO TpeHyBaHHs Mojen B MLflow, 1o Bkitouae
METPHUKHU MPOAYKTHBHOCTI, TapaMeTpy MOJIeNl Ta iHie. BUkoHaHHS: JaHl IepeIatoThCs
yepe3 Cepe/OBUINEC BUKOHAHHS Ta 30€piraroThCs 3a JOMOMOTON0 CIEIiali30BaHOTO
KOHTEHUHEDA.

HanamryBannss AutoML maiinnaiiny BigOyBaeTbcs NUISXOM — crienudikaiii

napaMmeTpiB, HaBeaeHUX y Tabmui 3.9.

Tabmuusg 3.9 — [apameTpu HanamTyBanas AutoML nainnainy

[Tapamerp Omnuc

IM'a xopucTyBaua mj1a aBTopu3anii
USERNAME pety _ P Y
CepBicax.

PASSWORD [Tapons aJist aBTOpM3alIii Y cepBicax.




[Tponorxxenns tadaui 3.9 — [lapameTpu HanamryBanHs AutoML naitrmiaitny

DATASETS_BUCKET

Hazssa bucket

EXPERIMENT_NAME

Ha3zga excriepumenty y MLflow.

RUN_NAME

Hasga 3amycky ekcriepuMeHTy.

DATASET_FOLDER

[nsx 10 manku 3 HAOOPOM JIaHUX.

DATASET_FILE

Im'st paitmy Habopy naHUX.

DESCRIPTORS_FILE

Im'st aitiy 3 onucamu.

SELECTED_DESCRIPTORS_FILE

Im'st haiiny 3 BUOpaHUMU ONHUCAMH.

TARGET_FILE

Im'st paiiny HUTHOBUX 3MIHHUX.

PROBLEM_TYPE

Tun 3ama4l MaIMHHOTO HaBYaHHS

OPTIMIZATION_METRIC

MeTtpuka I ONTUMI3aIii MOJCTI.

SCORE_THRESHOLD

[Topir aJist OLIHKKA MOJENI.

TEST_SIZE

Po3mip TectoBO1 BUOIpKH.

DEVICE

[IpucTpiil 11 BUKOHAHHS TPEHYBaHHS

MOJIEN1

BASE_TIMEOUT

Yac BuuepnanHs sl OJHOTO €Taiy.

BASE_MODEL_FAMILIES

Cim'i MmoJteneit 11t BUKOPUCTaHHS.

STRATIFY

[Tapametp ctpaTudikauii 1yt po30UTTS

JTaHUX.

CV_SPLITTER_INSTANCE

[HCcTaHIis A1 pO3AUICHHS JaHUX.

BASE_IMPOSED_TUNING_PARAMS

HanamryBanust mapameTpis

HaJlalOdTyBaHHA.

BASE_IMPOSED_DEFAULT_PARAMS

CranaapTHi napameTpu MOJIEIII.
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Kineup tabnumi 3.9 — [TapameTrpu HanamryBands AutoML naitmiaitany

BASE_TUNING_STRATEGY Crpareris HalalITyBaHHS MOJIEIIL.
BASE_MODEL_SELECTION_CRITERION Kpurepiit Bubopy mozemi.
BEST MODEL_SCORER DyHKIIIA 411 OLIHKYA KpaIioi MOoJIeri.
METRICS _TO_EVALUATE MeTpuku 1St OIIHKH MOJICTI.

3.4  Bubip xMapHOT0 MmpoBaijaepa s JeII0NMEHTY

[Tpu BubGOp1 Mizk AWS (Amazon Web Services) Ta GCP (Google Cloud Platform)
st posropranHs Kubernetes kiacrepy 3 KubeFlow, BaxinBO BpaxoByBaTH KijlbKa
aCIEKTIB, 1[0 CTOCYIOThCA 3JaTHOCTEN 000X XMapHUX IIIAT(HOPM.

JIisi moyaTky po3riIsiHEMO apxiTekTypy Ta iHTerpamiro. AWS: Amazon EKS
(Elastic Kubernetes Service) € BUCOKO IHTETPOBAHUM DIIICHHSIM, SKE TO3BOJSE JIETKO
3amyckati Kubernetes Ha AWS, BUKOPUCTOBYIOUM VYIPABIIHHSA KOHTPOJIBHUMU
mwionmmHaMu Kubernetes, He BuMararouum BiJ KOPUCTYBayiB iX BCTAHOBJICHHS YU
obOcimyropyBanHs. AWS Hajae aBTOMaTU4YHE MaciliTaOyBaHHS Ta HaJAIITOBAHICTH IiJl
KOHKpPETHI BUMOTH, 1 00pe iHTerpyerbes 3 inmmmu cepBicamun AWS. GCP: Google
Kubernetes Engine (GKE) npononye ynpaBiiHHS KOHTEHHEPU30BAHUMHU J0JIaTKAMH 3a
nonomororo Kubernetes, 3a0e3neuyroun aBTOMaTH3allil0 0aratbox 3ajad, BKIOYAIOUU
MOHITOPUHI Ta YyrpaBiiHHsA 310poB'sim kiactepa. GKE Takox 3abe3nedye TianbOoKy
1HTerpauio 3 iHmmmu cepicamu Google, Bkimouaroun BigQuery ta Cloud Storage.

HactynmHuM acnekToM po3riisiHEMO IIHOYTBOpPEHHs Ta 3HWKKU. AWS: Mogenb
HiHOyTBOpeHHs: AWS BKJIIOYae OIUlaTy 3a BUMOIOIO, 3ape3epBOBaHI E€K3EMILIIPH,
CIIOTOBI 1HCTAHCH Ta crieliaibHl XOCTH. AWS TakoX MPOINOHYE IIaHU 30€pEKEHHS, SIKI
JI03BOJISIFOTH OTPUMYBATH 3HW)KKH Ha BukopucTanHs kommn'totuary. GCP: Google Cloud
IPOIMOHYE aBTOMATHYHI 3HIKKM 3a TpPUBAJC BUKOPUCTAHHS Ta 3HA4YHI 3HIDKKH 3a
3000B'13aHHS] BUKOPHUCTOBYBATH TEBHI PECYypCH Ha TpUBAIMM TepMmiH. Takuil miaxif

MO’K€ 3a0X0YYBAaTH €KOHOMIIO KOIIITIB HA TPUBAJIUX MPOEKTAX.
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[IpoayKTUBHICTE Mepexi Ta JIocTynHicTb. AWS: Mae MHUPOKY TJI00aIbHy
1HGpacTPYKTypy 3 JAara-IIeHTpaMu y 0araThOX perioHax, IO 3a0e3leuye HU3BKY
3aTPUMKY Ta BHCOKY MPOIMYCKHY CIPOMOXKHICTh, OCOOJIMBO BaKJIWBY ISl TII00ATBHO
posnoauienux jgoxatkiB. GCP: wae BracHy BHUCOKONPOAYKTHUBHY —IPUBATHY
ONTOBOJIOKOHHY MEPEXy, IO 3abesrneuye MBUAKE Ta cPEKTHBHE 3'€THAHHS MK
perioHaMH.

[Tlintpumka Ta gokymeHTamis. AWS: BBakaeTbCsd OUIBIIT CKIATHUM Y
BUKOPHUCTaHHI, MPOMOHY€E MIUPOKUN CIEKTP JOKYMEHTAIlli Ta pecypciB JJIsl HaBYaHHS.
GCP: OubIII OYEBUIHA B3aEMO/IISI 3 CEpBICaMHU, TAKOX MA€ BUCOKY SIKICTh JIOKYMEHTAITI1
Ta MIATPUMKH, 30Kkpema 3 BuKopucTaHHSIM Google Cloud's operations suite s
MOHITOPUHTY Ta yIPaBIIIHHS.

Orxe, Bubip Mik AWS (Amazon Web Services) ta GCP (Google Cloud
Platform) nns posropranns Kubernetes knactepa 3 KubeFlow B Ou1b1IOCTI BUMAKIB €
pIBHOILIIHHUM. ToMy, BpaxoByHOUM T€, IO B KOMIMAaHIi BXE TMOMNEPeaHRO OYyIIo
BUKOpUCTaHO cepBick AWS, Oylo NpuiHATO pIMIEHHS 3yNUHUTUCS Ha LbOMY

XMapHOMY IIpoBaiiiepi.

3.5 Bubip incranciB Ha AWS mns CPU-bound 3amau i ominka ix ¢iHaHCOBOI

CKJIaJIOBO1

Posransitnemo Tpu ontumanbHi Bapianth EC2 iHcranciB nius CPU-1HTEeHCHMBHUX
3a/1a4, TaKUX SK TPEHYBAHHS KJIACHYHUX MOJEJeH MAaIIMHHOTO HaBYaHHS, Ha
matgpopmi AWS:

— c5.9xlarge — 36 vCPU, 72 Gb RAM, rogunna Bapricte Gimsbko $1.53
(Linux ma Bumory y perioni CIIIA, Cxix), Bucoka npoaykrtuBHicte CPU, ontumanbpHuii
JU1s OOUMCITIOBANILHUX 3a/1a4, TaKUX SIK 00poOKa JaHUX 1 MalllMHHE HaBYaHHS;

- mb5.24xlarge — 96 vCPU, 384 Gb RAM, roaunna Bapticts 6im3bko $4.61
(Linux na Bumory y perioni CIIA, Cxin), BUKOPUCTaHHS 3araJlbHOTO MPHU3HAYCHHS,
1JIea’JbHO MIIXOIUTH JJIA 3ajia4, K1 BUMararTh BEJIMKOI KUILKOCTI IMaM'aTl Ta BUCOKOI

npoayktuBHOCTI CPU;
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- r5.12xlarge — 48 vCPU, 384 Gb RAM, roaunna Bapricts 0mu3bko $3.06
(Linux Ha Bumory y perioni CIIIA, Cxix), onTAMi30BaHO JJIs 337a4, SKi OTPEOYIOThH
O1JIbIIIEe TTaM'ATI, 1IeaIbHO HiAXOANUTH I 0a3 JaHUX, aHATITHKH BEJIMKUX JaHUX.

VY tabaumi 3.10 HaBeaeHO MOPIBHSHHS onTHUManbHUX BapiaHTiB EC2 iHcTaHCIB
mis  CPU-intencuBHux 3amad. Lli iHcTancu BuOpaHi Ha OCHOBI iX 3JaTHOCTI
3a0e31euyBaTl BHCOKY IMPOAYKTHUBHICTh OOYHCIEHb Ta ONTUMAIBHICTh BapTOCTI IS
TpPeHYBaHHS MOJCJIei MAaIlMHHOTO HaBuaHHSA. BuHOIp KOHKPETHOTO THUIy 1HCTAaHCY

3aJIeKUTH BiJl crieru(iky 3a7a9i Ta 00CATIB JaHUX, HEOOX1THUX 7S 11 BUKOHAHHS.

Tabmums 3.10 — IlopiBusanusa ontuMansHuX BapianTiB EC2 incranciB nns CPU-

IHTEHCUBHUX 3a7a4

Tun iHCTaHCY vCPU RAM (GiB) ['oguaHa BapTicTh (USD)
c5.9xlarge 36 72 1.53
mb5.24xlarge 96 384 4.61
r5.12xlarge 48 384 3.06

3.6 Bubip incranciB Ha AWS nns GPU-bound 3amau 1 ominka ix ¢inancoBoi

CKJIQI0BO1

Jlist TpeHyBaHHSI HEMpOHHUX Mepexxk Ha AWS, onTuManbHI BapiaHTH 1HCTAHCIB 3
GPU sximrouarots P3, P4, Ta G4. KokeH 3 1IMX THUMIB 1HCTAHCIB Ma€ CBOI OCOOJIMBOCTI,
K1 pOOJIATH 1X MAXOAAITUMH JIJIs1 PI3HUX CIICHAPiiB BUKOPUCTAHHS.

Amazon EC2 P3 Instances marote g0 8 NVIDIA Tesla V100 GPUs, sxi
MIIXOMATh JJIS BUMOTJIMBUX 3aBAaHb TJIMOOKOTO HAaBYaHHS, TaKMX SK TPCHYBAHHS
CKJIQJIHUX MOJICJICH 3 BEIMKOI KIIbKICTIO JaHuX. P3 € igeansHuM BHOOpPOM HJIs 3a/1ad,
K1 BUMaraloTh 3Ha4HO1 00UHCIIIOBAJILHOI MOTY>KHOCTI.

Amazon EC2 P4 Instances obmamnani 1o 8 NVIDIA Tesla A100 GPUs, P4

1HCTaHCH 3a0e3MeuyloTh 1€ OUIbIIy MOTYXKHICTh JJIsi TPEHYBaHHS MOJENEeH, Mo
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BUMAaraloTh 1HTEHCUBHUX OOYMCIIEHb, 1 € BIAMIHHMM BapiaHTOM JJIsi HAWHOBIIIHUX
JOCTIKEHB B Tally31 IITYYHOTO 1HTENEKTY.

Amazon EC2 G4 Instances marote 10 4 NVIDIA T4 GPUs 1 € Oigpin
OrokeTHUMH TIOpiBHSAHO 3 P3 Ta P4. G4 miaxonsarh mis OUIBII IIMPOKOTO CIIEKTPY
MAIIMHHOTO HaBYaHHA Ta rpadiyHUX 3aBJaHb, /Ie TOTpiOHA MeHIIa noTyx)HicTh GPU.

KoskeH 3 1iux THUIIIB 1HCTAHCIB Ma€ pi3HY BapTIiCTh Ta KOHPIrypalliro, 10 T03BOJISE
aZanTyBaTH OOYMCIIIOBAJIbHI PECYpCH 10 KOHKPETHHUX MOTpeO BaIIoro MpPOEKTy. Y
tabmumi 3.11 HaBeaeHO MOpiBHAHHS onTUMabHUX BapianTiB EC2 inctanciB s GPU-

IHTCHCUBHUX 3aaa4.

Tabmus 3.11 — IlopiBusiHHS onTuManbHUX BapiaHTiB EC2 incranciB mist GPU-

IHTEHCUBHUX 3aJa4

Instance

GPUs Use Case Pros Cons Pricing
Type

Upto8 )
Advanced deep Highest _ _

P3 NVIDIA ] Higher cost | Premium

learning compute power

V100
Upto8 ) )
Cutting-edge Highest ) Most
P4 NVIDIA Very high cost _
Al research performance expensive
A100
Upto4 General ML _ Lower More
G4 _ Cost-effective
NVIDIA T4 | and graphics performance | affordable

i iHcTaHCcH 3a0€3MeuyOTh NOTYKHICTh Ta THYYKICTh JJIi PI3HOMAHITHUX 3aja4
MAaIIMHHOI'O0 HaBYaHHS, BiJ 3arajJbHOr0 MOIEIIOBAHHS 10 IIMOOKoro HaB4aHHs Ta Al
JOCHiKeHb. BuOip BIAMOBIIHOTO TUIY 1HCTAaHCA 3ajieKaTUME BiJ CrielU(IKU 3aBaHb

Ta BUMOT JI0 OOYHMCITIOBAJILHOT MOTY>KHOCTI.
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3.7 BucHoBKH

Y mpomy posmimi Oysio mpoaHaTi30BaHO OCHOBHI KOMIIOHEHTH, SIKI TTOBHHEH
MicTUTH AutoML madnmaitn. Byno HaBeneHO [eTalbHMM aHaji3 Ta TMOPIBHIHHS
TEXHOJIOT1H, 3aBAsIKM SKUM MOXKHA pealli3yBaTh KOXEH 3 KOMIIOHEHTIB. Takox Oyio
OMHMCAHO, SIKI ICHYIOTh CIIOCOOM TpEACTaBICHHSA OIOJOTIYHMX JaHUX JUIT  iX
BUKOPUCTAHHSA Yy QJIrOpUTMax MAIIMHHOTO HaBYaHHS. 3aBEPIIYETHCS I1IEH pPO3ALI

MIOCTAHOBKOIO 33J1a4i 1 0OrpyHTOBAaHUM BUOOPOM BIAMOBITHUX TEXHOJIOT1H.
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4 CTBOPEHHSI CKOPUHI'OBUX ®YHKUIN JJI51 ETATY BUBOPY
HAWKPAIIIOI MOJEJII

4.1 Onwuc npobiemu

ABTOMaTH3aIlisl TpeHyBaHHS Mojeneil mammHHOTO HaB4yaHHs (ML) 3namenye
co0010 MPUHIIMIOBY 3MiHY Yy cdepi in silico BIAKpUTTS JiKiB. OCHOBHOIO METOIO 1IbOTO
MPOLIECY € MIIBUIIEHHS] TOYHOCTI MPOTHO3YBaHHS Ta €(EKTUBHOCTI, IO JTOCATAETHCS 3a
JIOTIOMOTOI0 ~ CKJIAJJHUX ~QJITOPUTMIB, $KI MOXYTh AaBTOHOMHO HaJIallITOBYBaTU
rineprmapaMeTpu Ta BHOUpATH ONTUMAIbHY MOJeib. KIIOUOBUM  €JI€MEHTOM
aBTOMAaTUYHOTO BUOOPY € WOro 3AaTHICTh aJ€KBATHO OIIIHIOBATH Ta 3HM)KYBAaTH PU3HK
NIEpEeHaBYaHHS, TAPAHTYIOUYH MPUAATHICTH MOJIENEH A0 HOBHX JaHUX. Y I[bOMY pO3AILIi
aHaM3yeThCcsl €(PEKTUBHICTh BUKOPUCTAaHHS MOKa3HUKIB Kpoc-Bamijamii (CV) s
BUOOPY MoJieNiel Ta MOAAIbIIOI OLIHKY iX y3arajibHIOBAHOCTI 3a JIOMIOMOTOK0 OKPEMHUX
TECTOBUX HaOOpiB naHux. JlochimpkyeTbcs po30ixkHOCTI MK Merpukamu CV Ta
TECTOBUMH METPUKAMHU K 1HJAWNKATOPU MEPEHABYAHHS Ta BUBUYAIOTHCS MPOAYKTHBHICTH
Ta CTAaOUIBHICTh pi3HUX ciMmeiicTB ML Mojeneil, 3aCTOCOBaHMX 1O MOJEKYJSIPHUX
HaOOpIB JIaHUX.

Po3pobnena aBTOMaTHM30BaHa cHCTeMa BHUOOpPY MOJEJEH Mpalmroe 3a JABOMA
OCHOBHMMH HaIlpSIMKaMU: HaJIAIITyBaHHS TineprapamMeTpiB 1 BUOIp MOJENl Ha OCHOBI
metpuk CV. HanamryBanHs rineprmapaMeTpiB — 1€ IT€paTUBHUM MPOIIEC, KU Mae Ha
METl 3HAWUTH ONTUMaJbHY KOHQIrypamio uisi JaHOi MOJeNl, MOKpPAIyr4n il
MPOAYKTUBHICTh HA TPEHYBAJIbHUX JaHWX. Bubip Halikpamoi wMomemni, BTIM,
IPYHTYETbCSI Ha 1i MPOJYKTUBHOCTI 3a JAeKiIbkoMa itepamisMu CV, METO SKHX €
rapaHTyBaHHs, 10 €(PEKTUBHICTh MOJIEI1 HE € MPOCTUM HACHIJAKOM MEepeHaBYaHHS Ha
TPEHYBAIbHUX JTAHUX.

JI71s1 OIIHKKM y3arajbHIOK0YO0i 3JaTHOCTI MOJIEi MPOBOAUTHCS HE3aJICKHA OIlIHKA
Ha 3ape3epBOBaHI TeCTOBIM MmiAMHOXMHI. Po30DkHICTH MK Merpukamu CV Ta
TECTOBUMU METPUKAMH € MIPOIO TIEpEHABYAHHS; OUIbINA PI3HULA CBIIYUTH MPO TE, 1110
MOJIeJTb, X0U 1 TTOKA3y€e XOpOIlli pe3ylbTaTH Ha TpeHyBalbHUX Ta CV NaHuX, MOXe He

OyTu e(peKTUBHOIO Ha HOBUX AaHUX. el acmexT miakpecitoe HeoOXiHICTh CTBOPEHHS
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HAJIIHHOTO aJITOPUTMYy BHOOpPY, SKMH MOXE PO3IMI3HATU Ta YCYHYTH TEHJACHIIO 0
nepeHaBYaHHS.

[IpoBenene mociimkeHHs €GEKTHBHOCTI aBTOMATH30BAaHOTO METOAY BHOODPY
MOJIeJIel BKJIIOYA€ MOPIBHSJIBHUM aHalli3 pi3HUX ciMercTB ML Mojenei: BUIaaKoBU
mic, Extra Trees, CatBoost, XGBoost, miHiifHa Ta JoricTHYHa perpecis (maii JHiiHI
MoJiel) ATl 3aBAaHb perpecii Ta kiacudikaii BiamnosiaHo, SVM (3 miHiiiHuMEU Ta RBF
sapamu), KNN 1 HernmmOoKi KijbKamapoBi neprentporu (3 1 1 2 mapamu, BiJMOBIIHO
no3HaueHi sk MLP1 ta MLP2). Koxne ciMeiicTBO Ma€e CBOi CHIIbHI Ta clIaOKi CTOPOHH,
3YMOBJICHI IXHBOIO CKJIQIHICTIO, XapaKTepOM JIaHUX 1 3IaTHICTIO MOJICJIFOBATH HEJIIHINHI
3B’ SI3KU.

OuiHKa NpOAYKTUBHOCTI HA MOJIEKYJISIPHUX Ha0Opax JaHUX BKIIIOYAE:

- TPEHYBaHHS MOJIJIi — BUKOPHUCTAHHS IITUPOKOTO IMPOCTOPY MapameTpiB i
aIrOpuUTMY MOIIYKY onTumizailii baiteca st 1OCIiKEHHS CITKU;

— Kpoc-Balijamisi —  3actocyBaHHs  S5-kpatHoi CV I OLIHKH
IPOJYKTUBHOCTI MOJIEJII T4 KEPIBHUIITBA IPOLECOM BUOOPY;

— OLIIHKA HA TECTOBUX JIAHUX — aHAJII3 NPOAYKTUBHOCTI MOJIEJ1 HA HEBIIOMUX

JAHUX JUTS OIIIHKH Y3araJlbHIOBaHOCTI.

4.2  1i1pOB1 METPUKH ONTHMI3AI|

V¥ SKOCTI OCHOBHOI METPUKH ONTHUMI3alli JUIsl 337a4 perpecii BAKOPUCTOBYETHCS
cepenns abcomoTHa momuiika (MAE), a st 6iHapHoi knacudikaiii — F1-merpuka.

Cepenns abcontorHa nomuiika (MAE) € mnupoko BUKOPUCTOBYBAHOK METPHUKOIO
y 3aJadax perpecii yepe3 il IHTYITMBHO 3pO3yMiJIe€ TJIIYMau€HHs Ta CTIMKICTH MO
BUkuAiB. MAE o0uuciioe cepelHi0 BETWYMHY MOMHJIOK MK IPOTHO30BAaHUMHU Ta
(bakTUUHUMM 3HAYEHHSMH, He Oepydu 10 yBaru ixHiil Hampsmok. Lle poouts MAE
OCOOJIMBO TIAXOJSIIOI JJIsi 3aCTOCYBaHb, /1€ BAXJIMBIIIE MAcCIITad MOMUIIKH, HIXK i
HaNPSIMOK.

Opna 3 xkmouoBux nepesar MAE — 11 iHTeprnpeToBaHicTh. MeTpuka BUpaxkeHa B

TUX K€ OJIMHHUIISX, 10 ¥ IThOBA 3MIHHA, 110 CIPOILYE PO3YMIHHS CEPEIHBOT TOMUIIKH,
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AKy Mojenb Moxe 3reHepyBatu. KpiMm Toro, MAE MeHm 4yTiauBa A0 BHUKHUIIB
MOPIBHSHO 3 1HITUMH METPUKAMH, TAKUMH K cepeaHbokBagpaTudHa nmomuiaka (MSE).
Y BIIKpUTTI JiKiB, A€ HAOOpPH JAHUX MOXYTh MICTUTH IIyM a00 aHOMaJbHI TOYKU
JnaHux, cTiiikicte MAE 10 BukuiB 3abe3reuye, 0 TPOAYKTUBHICTh MOJIE1 HE OyJie
HAJMIPHO BIUIMBATHUCS €KCTPEMAIbHUMHU 3HAYCHHSIMH.

Fl-meTpyika — 1€ rapMOHIWHE CEpelIHE MDK TOYHICTIO Ta BIJATYKOM, JIBOMa
KpUTHYHHUMHU METpUKaMH Yy OiHapHUX 3ajadax kiacudikaiii. TouHICT BHMIpIOE
MPOMOPIIiF0 ICTUHHO MO3UTUBHUX MPOTHO31B CEPeJl yCiX MO3UTHUBHUX MPOTHO31B, TOAL SIK
BIITYK OIIHIOE MPOMOPII0 ICTUHHO MO3UTUBHMX, MPABUJIBLHO 1ICHTH(IKOBAHUX CEpPell
ycix (akTH4HO no3uTHUBHUX. F1-MeTpuka 30anaHcoBye 11 JIBI METPUKH, poOJISIUd il
BIJIMIHHUM BHOOPOM JiJIsl CLIEHAPIIB, 1€ BAXKJIMBI SIK TOUYHICTh, TaK 1 BIATYK.

VY BIIKpUTTI JIKIB, JIe OiHApHI KiIacudiKaIliiiHl 3aBAaHHS 4acTO MAalOTh CIPaBY 3
He30aJaHCOBaHMMHU HaOOpaMu JaHMX (HANpUKIad, 1ACHTH(IKALIS AKTUBHUX MPOTH
HEaKTUBHUX crnoiyk), Fl-merpuka ocobmuBo kopucHa. Bona 3a0esmeuye, mo npu
OLIHII MOJIEN1 BPaXOBY€EThCS 3AATHICTh MOJIEN] MPABWIBHO 11€HTU(IKYBAaTH O3UTUBHI
BUIAJIKU (BIATYK) 1 MIHIMI3yBaTH KUIbKICTb XMOHONO3UTUBHUX PE3YJIbTaTIB (TOYHICTB).
[le Ba>kIMBO Yy BIJIKPUTTI JIKIB, JIe HeleHTU(DIKAII MOTEHIIIHHO €(PEKTUBHOI CIIOTYKH
(HU3bKUM BIATYK) a00 TMOMMJIKOBE BH3HAYEHHS CIOJYKH SIK e(peKTUBHOT (HM3bKa

TOYHICTh) MOYKE€ MaTH 3HAYH1 HACIIIJIKH.
4.3  OmuiHka BapiaOeNbHOCTI METPHK 1 CTETICHIO NTepeHaBYAHHS

VY nmparsHeHH1 3p0o3yMiTH MPOAYKTHUBHICTh MOJIETIEH Ta CTYIMiHb MEpEHaBUYaHHS MU
MPOMOHYEMO MPOAHAJII3YBATH BIAHOCHI PI3HMIII MK OIiHKamu kpoc-Bamjauii (CV) ta
OIIIHKaMHU T€CTOBUX HAOOPIB MaHWX. AHaII3 Bi3yalli30BaHO Y BUTJIsiI TpadikiB (puc. 4.1
Ta puc. 4.2), 1e BUKOPUCTOBYIOTHCA ABI KIOYOBI METPUKH: BigHOCHA pi3HULs (RD abo
relyirr) Ta BinmHocHa abcomoTHa pisauis (RAD abo rely, . ; f).

Mertpuka BIIHOCHOI PI3HUIIl JO3BOJISE 3pO3YMITH, YA MOJIEJI MEPEBUIIYIOTh a00

HE JIOCSTa0Th TOKA3HHWKIB Ha TECTOBOMY HaOopi mopiBHsHO 3 CV-Habopom. Bona

OOUYHCITIOETHCS K PI3HUIIS MK OIliHKOIO TecTy Ta CV, HopMasizoBaHa CV-0IIHKOIO:
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test — cv
reldiff = T’ #(41)

ne relg;rr — BIIHOCHA PI3HULIS,
test — 3HaYEHHS METPUKU Ha TECTOBIN BUOIPII;

CV — 3HaYEHHS METPUKH Ha KpOC-BaliAaliiHii BUOIpPIII.

Posnopain pi3Huui test-cv ansa F1

Tun pisHuui test-cv=rel_abs_diff Twun pi3Huui test-cv=rel_diff
0.5-
0.3-
0.4- 0.25-
I 0.3- £ 0.2
= =
3 § 0.15-
,§ 0.2~ =
D1 -
s 0.05-
0- 0 ) ) 1 " f _———) . Y y ) " Y )
-0.3 -0.2 -0.1 0 0.1 0.2 0.3 -0.3 -0.2 -0.1 0 0.1 0.2 0.3
3HayeHHs 3Ha4vyeHb pisHuLi test-cv 3HayeHHs 3Ha4yeHb pisHuui test-cv
Pucynok 4.1 — 3aranbauii posnoain relyps .. 1 relgirr s Fl
Posnogin pisHuui test-cv gna MAE
Tun pisHuui test-cv=rel_abs_diff Twun pizHuui test-cv=rel_diff
0.35-
0.2-
0.3-
0.25-
o 0.15-
5 &
F 0.2- =
m 1]
g 0.15- e 01
= =
0.1-
0.05-
0.05-
0- i |~ cm—— - r—
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Pucynox 4.2 — 3aranbHuii po3noain BIAMIHHOCTEN rel gy . fr irely;rr nns MAE
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Mertpuka BigHocHoi AGcontoTHOT Pi3Hulll, y CBOIO 4epry, BioOpakae MarHiTyay
BIIXWJICHHS MIX omiHkamu Tecty Ta CV He3aneXHO BiJ HaNpsSIMKY BiaxwieHHs. BoHa
PO3PaxOBYETHCS K aOCONMIOTHE 3HAYCHHS PI3HUIN MDK TecToBUMU Ta CV oIiHKaMu,

HopMasizoBaHe 3a CV-0IliHKOIO:

|test — cv|

absdiff = I#(42)

rel

ne rel — BIJIHOCHA aOCOJIIOTHA PI3HULIS,

absgirr
test — 3HaUYCHHSA METPUKH HA TECTOBINA BUOIPII;
CV — 3HAYEHHS METPUKHU HA KPOC-BaliIaLiiHII BUOIpLII.

[li MEeTpUKHK € IIHHUMH IHCTPYMEHTaMH JJIsl OILIHKK CTaO1IbHOCTI MOAETl Ta ii
y3arajibHIOBaHOCTI. MeTpuka rely;ry mTOKasye, 4d Ma€ MOJIENb TEHACHLIIO 10
nepeHaBuyaHHs a00 HEJIOHABYAHHS JaHUX, SK 1€ BHUAHO 3 11 MPOAYKTUBHOCTI Ha
HEBIJJOMHUX TE€CTOBHUX AaHUX y mopiBHsAHHI 3 nanumu CV. [lo3uTuBHE 3HAYCHHS reldiff
CBIIUMTH TIPO T€, IO MOJIEIb Kpallle Mpaloe Ha TecToBoMy Habopi, Hixk Ha CV, mo
MOYKE BKa3yBaTH Ha HEJOHABYAHHS, TO1 K HETATUBHE 3HAYEHHS Iely;rr CBIAYUTH IIPO
nepeHaBYaHHS.

Metpuka rel HAJa€ OLIHKY 3arajibHOi BapiaTUBHOCTI MPOAYKTHBHOCTI

absqirr

moaeni Mix CV ta TectoBumu Habopamu. Huxdi 3HaueHHs rel BKa3ylOTh Ha Te€,

absqiff

0 MPOAYKTUBHICT, Mozem mochimoBHa Mixk CV Ta TecToBUMH Habopamu, IO

CBIIUMTH TIPO XOpOIIY Yy3araibHIOBaHicTh. HaBmaku, Bulll 3HA4YeHHS relyp.. f

BKa3ylOTh Ha OUIbIIY BaplaTHBHICTH MPOIYKTUBHOCTI, CUTHAI3YIOUM MPO MOTEHINIHI
npo0JieMH 31 CTAOUTBHICTIO Ta y3arajJbHIOBAHICTIO MOJIEIII.

Amnaniz pucynky 4.1 mokasye, mo Oinbine HbK 82.5% aOCOMIOTHUX PI3HUID Y
kinacugdikanii € MeHmUMU ab6o piBHUMH 7.5%. ToMy pO3yMHO BCTaHOBUTH TOPIT
tosnepanTHOCTI T y mexax 2-7%. Moneni kinacudikariii, sk MpaBUiio, MOKa3ylTh HUXKY1
pe3ynbTaTH Ha TeCTOBOMY HabOopi. Bukuau BianoBigaroTe HabOpam JaHUX HU3BKOI 200

CYMHIBHO{ SIKOCTI.
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Ha pucynky 4.2 BkazaHo, mo Ouibiie HiXK 83% perpeciiiHux aOCONIOTHUX
pi3HHIIF HE TIepeBUIIYIOTh 8%. Tak camo, sK 1 pe3yiabTaTH 3 aHami3y Kiacugikarrii,
PO3yMHO BCTAaHOBHTH MOPIT ToJepaHTHOCTI T y mexax 2-7%. Mogeni perpecii MatoTh
O1bITy WMOBIPHICTh MOKA3aTH Kpallll pe3yJbTaTh Ha TECTOBOMY HaOopi, HIXK MoJeni
kinacudikamii. bimpmicTs BUKHIIIB BiANOBiAa€ HabopaMm AaHMX 3 HE30aTaHCOBAHUMU
PO3IOIITIAMH.

Ha pucynky 4.3 nokaszano posnoai1 RD ta RAD mnsa xnacudikamii (F1) ta

perpecii (MAE) 3anexHo Bix ciMeicTBa MOIETICH.

Posnoain pisHuub test-cv ana knacudikauii (F1) Ta perpecii (MAE) BiAHOCHO ciMelicTBa Moaenen

OnTtumMisauinHa meTpuka=f1 OnTuMisauinHa MeTpuka=mae
0‘4 || T™™N pI3HUUI
o 0.4 o 2 B rel_abs_diff
G G 0.3 » W el diff
g 03 H g
‘D 0.2 ‘o 0.2 3
5 - 2 3
S 0.1 v = 0.1 ! s
0 = i B 0 1= s
0.6 =03 =0.2...=0.1 0 0.1 0.2 0.3 =03 _=02_=0.1 0 0.1 0.2 0.3
a 3Ha4YeHHs a 0.3 3HayYeHHs il
5 04 g 2
a7 - E:
8 s o
s 0.2 = 0.1 =
= I = ®
0 L 0 | -
0.6 =0.3..=0.2..~0.1 0 0.1 0.2 0.3 =0.3 =02 _-0.1 0 0.1 0.2 0.3
I 3HaYeHHA I 3HaYeHHs
C 04 C 04 x
& a o
g : g
s 0.2 g 0.2 2
= = 12
0 1= = 0 u
-0.3 -0.2 -0.1 0 0.1 0.2 0.3 -0.3 -0.2 -0.1 0 0.1 0.2 0.3
3HayYyeHHs 3HaYyeHHs

Pucynok 4.3 — Po3nonut RD ta RAD nna knacudikauii (F1) Ta perpecii (MAE)

3aJIe’KHO Bl cimeiicTBa moaenei. [Tpuknan nist 3 ciMeicTs

VY KOHTEKCTI 3aBJaHb Kjaacudikallii aHami3 nokasye, 1o Taki CiMeiicTBa MOJIeIIeH,
sk SVMKernel, miniitai, MLP1, XGBoost Tta CatBoost, BUABIAIOTE MOMITHY
CTaO1IBHICTh. 30KpeMa, 11l MOJIeJi IEMOHCTPYIOTh IMOBIPHICTH IfoHaiMeHIie 0.6, 110 ix
Bignocna AGcomtotHa Piznung (RAD) € menmor ab6o piBHoro 2.5%. lle Bkaszye Ha
MEHIITy CXUJIbHICTD X CIMEHCTB MOJEIICH /10 TIepeHaBYaHHS Ta O1IbITY MOCTII0BHICTh

ixHbOI TpoyKTUBHOCTI MK CV Ta TectoBumMu Habopamu. OJIHAK CIIOCTEPIraeThesl, 110
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MOJIeNTi, 3arajoM, MarOTh TEHJICHIII0 TIOKa3yBaTU TIpIIl pe3yJbTaTH Ha TECTOBIU
BaJIiaIlii, Mo BKa3ye Ha MOTEHIIIHEe mepeHaByans 10 CV-Habopy.

JIist iHIMUX MoIesiel MaITMHHOTO HaBYaHHS Tpadiku HaBeIeHO Ha puc 4.4.

Po3anogin pisHuub test-cv ana knacudikadii (F1) Ta perpecii (MAE) BigHoCHO cimeilicTea Mogeneii

OnTumMizauiiHa meTpuka=fl OnTumizauiiiHa MeTpuka=mae

- E 0.4 i L TUM planuuy|
W rel_abs_aiff
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Pucynox 4.4 — Po3nonin RD ta RAD ans knacudikaiii (F1) Ta perpecii (MAE)

3JIEKHO Bij ciMelicTBa Mozeneil. ['padiku 1y1s 1HIIUX CIMEUCTB MOeei

JIna  3aBmanp  perpecii  XGBoost 1 RandomForest  BHSABISIOTHCA
HANCTAOIIBHIINMU CIMEHCTBAMHM MoOAEIeH, 3 MakcuMalbHuM RAD wmenme 7.5%.
CatBoost ciimye TiCHO 32 HUMH SIK KOHKYPEHTHA aJIbTepHATHBA, 3 MaKCUMaJlbHUM RAD
menme 10%. He3Baxkaroum Ha Jieski ciMeHCTBa MOJEINEH, 10 MOKa3ylTh I'YyCTI 30HU

OuIsT HyJs, IO BKa3ye€ Ha TapHY MOCIIJIOBHICTh MPOJYKTUBHOCTI, BOHHM TaKOXK
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BUSIBJISIIOTH "TOBcTOXBOCTI" po3nonimu RAD. Ils xapakrepucTuka BKa3zye Ha OKpeMmi

BUITAJKHU 3HAYHOT HECTAO1IBHOCTI.

IlixaBo, 1110 ciMeicTBa MOJIeiel Y 3aBJaHHAX perpecii yacTiile MoKa3ylTh Kpallli
pe3ynpTaTH Ha TECTOBIM Bamigamii, 0[0 CBIAYUTH NPO Te, IO PO3MOILIT
TPEHYBaJbHUX/TECTOBUX JIaHUX IS [IUX 3aBllaHb BUMAarae J0JIaTKOBOTO JOCTiKEHHS
U1 3a0e3MeueH s HaJ1IHOI OIIIHKA MOJEII.

3aranom, alropuT™M BUOOPY HAWKpaIIoi MOET Ha OCHOBI HaWBUIIMX OIIHOK CV
BU3HAYMB cimeicTBa Mozeneir SVM 1 MLP (3 2 1 1 mapamu) sik HallepeKTUBHIII IS
JTaHOTO HA0OPY TaHUX.

Ha pucynky 4.5 300paxeHo Tom-6 cimedcTB Mozenei. Bice X BiAmoBiae

KUJIBKOCT1 HA0OPIB TaHMX, HA SIKUX CIMEHUCTBO Mojieliel Oys10 Halle)EeKTUBHIIIUM.

Ton-6 ciMeicTB Mogenen, aKi nokasanu Hakpalli pe3ynbTatu

K=CTb pa3ie
XGBoost-- _ 'iz_f i

SVMKerneI-I.

=
e
) 20
S
m 15
m
=
i8] 10
Z
5 -

5
CatBoost-

5 10 15 20 25
K-CTb pa3iB ciMeiicTBO Mogenei 6yno Halkpalwum

Pucynox 4.5 — Ton-6 cimeiicTB Moenei

[TonepenHniii aHami3 MICTMB MOPIBHSHHS IIOJA0 OCHOBHHUX METPHUK OINTHUMI3aIlii.
Xo4a KPHTHYHO BAXJIMBO IOCIHIKYBaTH KIJTbKa METPUK JUISl BHUSBICHHS PI3HUX
ACIIEKTIB IIOBEIIHKMA MOJIEIl, OJHOYACHA OITHMI3allld BCIX 3 HHUX € CKJIaJHAM

3aBaaHHIM. OTKe, BHHUKA€E BAXKJIMBE MUTAHHS: HACKUIBKH BapiaOCIbHUMH € JIOITOMIDKHI
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MCTpPUKHU BiI[HOCHO 3HAY€Hb OCHOBHOI MeTpI/IKI/I? I[J'If[ BI/IpiIIICHHH ObOT0 3aBAaHHIA

BUKOPHCTOBYETHCA Bi3yalnbHUH aHali3 rpadikiB, HaBEJACHUX Ha PUCYHKY 4.6.

3anexHicTb BapiabensHOCTi pi3HMUb test-cv 4oAaTKoBUX METpUK Big WinboBoi

ThN pizHudi=rel_abs_diff TUN pizHudi=rel_diff

exudiow
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Pucynox 4.6 — 3anexxHicTh BapiabeIbHOCTI JOMIOMIKHUX METPUK BiJ] PI3HUII METPUKH

OITHUMI3ALIl

TouHICTh: LA METpPUKA MOKa3y€e HaMMEHIy BapiaOesbHICTh Yy BIAMOBIAHOCTI IO
3MiH 'y Fl-omiHimi, 1mo Bka3ye Ha {ii BIJIHOCHY CTaOUIbHICT TPU  PI3HUX

MMPOAYKTUBHOCTAX MOI[CJ'Ii.
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Jlorapudwmiuna BTpaTta: 111 METpUKa YyTiauBa 10 3MiH y F1-o1iHIi, 31 3pocTaHHAM
norapudMivHoi BTpaTu npu 3HmxkeHH] F1. 1l 3aneHicTh TiAKPECTIOe BINIUB TOYHOCTI
MIPOTHO3Y Ha JIOTapU(PMIUHY BTpPATy.

TouHiCTh 1 BIATYK: XO4ua OOMABI METPUKH BHOCATH Bkiaa y Fl-omiHky, aHami3
nokasye, 1o 3MiHu y F1-oImiHIll nepeBakHo JIHINHO 3aexaTh BiJ 3MiH Y BIATYKY, a HE
y To4HOCTI. Lle cBIIUUTh Ipo Te, 10 3MiHU B MIPOJAYKTUBHOCTI MOJIEII, IIIBUIIIE 3a BCE,
MOB'sI3aH1 31 3/IATHICTIO MOJIEJ1 BUSIBJISITA ICTUHHO MO3UTUBHI BUMAAKU (BIATYK) 3aMICTh
ii TouHOCTI y Kiacuikallii HO3UTUBHUX MPOTHO31B (TOYHICTB).

3HauylIe CIOCTEPEKEHHS: KOJIM BIATYK 3HUXKYETbCS HA TECTOBOMY Habopi, a
TOYHICTh 3QJIMIIAETHCS Maibke HE3MIHHOIO, 1€ MOKE BKa3yBaTH Ha Te, IO MOJIEh
NpaBUIBHO KJIACU(IKy€e MOJIEKYJIH TECTOBOTO HAOOPY, CX0K1 HA MTO3UTHUBHI MOJIEKYJIU B
TpeHyBaJlbHOMY Habopi (0TXKe cTabiibHA TOYHICTH), ajie HE BAAETHCS 1eHTU(]IKYBaTH
NO3UTHUBHI MOJIEKYJIM B TECTOBOMY Ha0Opi 3 HOBUMU abO0 HEIOCTaTHBHO
MpEeACTAaBIICHUMHU CTpyKTypamu. llel creHapiii MiAKpecIoe MOTSHIIMHY IIHHICTD
cTpatudikaiii TpeHYBaJIbHUX/TECTOBUX PO3/ILJIIB HA OCHOBI MOJIEKYJISIPHUX KJIACTEPIB 1
[UJIbOBUX 3HAYEHB JIsl TOKPAIEHHS HAIIIOTO PO3YMIHHS MMOBEIIHKA MOJIETII.

ROC AUC: ne cnoctepiraetscs 3anexxknocti Mk ROC AUC 1 Fl1-ominkoro, 1o
CBIIUUTh TPO Te, IO IUIOMIA MiJ] KPUBOIO MpHiiMaya 3aJIMIIAETHCS HE3MIHHOIO
HE3aJIe)KHO BiJ] 3MIH y 0ajaHCl MIXK TOUHICTIO 1 BIZITYKOM.

MAPE (cepensst abCorOTHAa BiJICOTKOBA MOMUIIKA): 11 METPHKA JIEMOHCTPYE
BHCOKY HECTaOUIbHICTh He3asieskHO BiJl 3MiH Y MAE (cepennst abcomtoTHa MOMMIIKA),
10 BKa3ye Ha 11 4yTJIMBICTH J0 3MiH y MPOTYKTUBHOCTI MOJIENI.

MSE (cepennbokBanparnyna nmomuika): MSE nokasye kBagpaTHuHe 3pOCTaHHS 3
nigsumeHHsM MAE, BinoOpakaroun MOCHICHHSI MMOMUJIOK Y METPHUKaX KBaApaTHUIHOI
MTOMUJIKH.

RMSE (xopeneBa cepenHbokBaapaTHuHa nmomMuika): RMSE 3pocTae sik KopiHb 31
301nbIeHHsIM MAE, 3a0e3neuyroun OUIbII TOMIPHY pEakiiilo Ha MOCUJICHHS TOMUIJIOK

nopiBHsiHO 3 MSE.
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R? (Koegiuient JlerepMmiHaiii): Ll METPUKA 3HMKYETbCA KBAJpPATHUYHO 3i
30impmeHHsIM MAE, 1mo BKasye Ha 3HIDKEHHS MOSICHIOBAIbHOI CHJIM MOJAEN 3i

3pOCTaHHAM ITIOMUIIOK.

4.4  3anpomoHOBaHI CiMecTBa CKOPUHTOBUX (DYHKIIIH

SAx mMu Gauymsn B migpo3ainax 4.2 ta 4.3, BuOip HaWKpamoi MojaeNi Ha OCHOBI
orinok Kpoc-Bamigaiii (CV) 4acTo mpu3BOAUTH A0 NEpPEHABUYAaHHS, OCKUIBKHA MOJEN1
MOXYTh e(ekTuBHO mpairoBath Ha CV-HaOopi, ajge MoKa3yBaTH 3HAYHE 3HMKCHHS
MPOAYKTUBHOCTI Ha TECTOBOMY HabOopi. Y Tabmumi 4.1 HaBeIeHO YcepeaHEeHi

CTATUCTUYHI JaHI.

Tabnus 4.1 — YcepeaHeHi CTaTUCTUYHI TaHI.

MeTtpuka onTumizaiii Metpuka Cepenne | CranmapTHe BIIXWICHHS
rel_abs_diff 0.049 0.075
F1
rel_diff -0.039 0.080
rel_abs_diff 0.058 0.058
MAE
rel diff 0.027 0.078

[Ilo6 BupiIMTH MNpoOJiEMy, OMUCAHy BHILE, MU BBOAMUMO TPH HOBI (PYHKIII
OLIIHIOBAHHSI, SIK1 BKJIIOYAIOTh BITHOCHY a0comtoTHY pizHuLio (RAD) Mix ouinkamu CV
Ta TECTOBUMHM OIlIHKaMH, a Takox camy omiaky CV. Ili ¢yHkmii maroTe Ha MeTi
BUHATOPOJUTH MOJIENI 3 HIDKYMM TEpeHaBUaHHSIM Ta IuTpadyBaTd Ti, IO MarOTh
Byt RAD, TuM camum cripusitoun BUOOpY OUIBII y3aradbHIOBAaHUX MOJIEIIEH.

JliniitHa QyHKIIISI OIIHIOBAHHS:
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fiim = CV +CV * M (=R + T), #(4.3)

ne CV — ouinka CV 3a METPUKOIO ONTHMI3AIlil;

R — BigHOCHa abCOJIIOTHA PI3HUIIA MK oIliHKaMu CV Ta TECTOBUMU OIlIHKaMHU;

T — mopir ToJIepaHTHOCTI, IO MPEACTABIISIE MAKCUMAIILHO JIOMTYCTUMY BETUYUHY R;
M —gactka orinku CV, 1110 T01a€Thes SIK OOHYC Y i/IeaIbHOMY BHMAAKY, Koau R = 0.

ExcrnionenttianbHa GyHKIS OIIHIOBAHHS:

fop = CV + CV * M » (—EXP(LN(Z) ' g) 4 2) H(44)

ne CV — oninka CV 3a METPUKOIO ONTHUMI3ALIIT;

R — BigHOCHa abCOJIIOTHA PI3HUIIS MIXK OIliHKaMu CV Ta TECTOBUMU OIlIHKAMU;

T — mopir ToJIepaHTHOCTI, IO MPECTABIISIE MAKCUMAIILHO JIOMTYCTUMY BEJIMYUHY R;
M — yqactka ominku CV, 110 10Ja€TheA SIK OOHYC Y 171eaTbHOMY BUMAKY, Ko R = 0.

KBagparnyHa ekcrioHeHI1adbHa (DYHKIS OLIIHIOBAHHS:

RZ
fexpz = CV +CV + M = (—EXP(LN(Z) £ o)+ 2) , #(4.5)

ne CV — ominka CV 3a METPHUKOIO ONTUMI3aIIiT;

R — BigHOCHa abCOJIIOTHA PI3HMIIA MIXK oIliHKkaMu CV Ta TeCTOBUMH OIlIHKaMHU;

T — mopir ToJIepaHTHOCTI, IO MPEACTABISE MAKCUMAIILHO JIOMTYCTUMY BEJIMYUHY R;

M — gactka orminku CV, Mo 1ogaeThes SIK OOHYC Y 171eaTbHOMY BUITAAKY, Kok R = 0.
Ili ¢ynkmii po3pobiieHi s AoJaBaHHA MoAaTKOBUX OamiB 10 omiHku CV,

320X0UYIOYM MOJIEN1 3 HWKYMM piBHEM mnepeHaBuanHs. Koiau R mopisaioe mopory T,

KiHIleBa oIiHka gopiBHioe oriHl CV. Sxmo R mepeBumiye mopir, oOliHKa

MPOIYKTUBHOCTI MOJENI ITpadyeThcs, OTPUMYIOUM 3HaueHHs Hux4e oriHku CV.

3HauyHO, 10 HEeMiHIAHI (QyHKUID OLIHIOBAHHA WTPAaQyIOTh AarpecuBHINIe, HIXK

BUHATOPOKYIOTh, IO BioOpaXkae 00epeHUM MiX11 IO epeHaBUYaHHS.
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JliniitHa QyHKINS OLIHIOBAHHS MPOMOHYE MPOCTUH MiXid, JIHIMHO KOPUTYIOUU
OLIHKY 3aJeXHO BIJ BIAXWJICHHS B TMOpora ToJiepaHTHOCTI. HartowmicTb,
CKCIIOHEHIIIaIbHA Ta KBaJpaTUYHA EKCIOHEHI[anbHa (yHKLII BBOJATH HETIHINHHIMA
mTpad 3a MepeHaBYaHHS, MNPUYOMY OCTAHHS € AarpecuBHINION Yy IITpadyBaHHI
moaenei, ko RAD 3pocrae. 11 HemiHiiHI (yHKINT 0COOJMBO KOPUCHI y CIICHAPISX, €
NOTPiOEH OUTBIT CYBOPUM KOHTPOJIb HAJl IIEpEHABUAHHSIM.

[I{o6 kparre 3po3yMiTH, sIK TOBOAATH ceOe 3ampornoHOBaH1 (YHKIIT OIlIHIOBAHHS,
JeTalbHIIIe po3rsiHeMO rpadiku Ha pucyHky 4.7, pucyHky 4.8 Ta pucynky 4.9. s
Bcix rpadikiB 3adikcyemo CV = 0.5 1 T = 0.05 ta Bubepemo 0.025, 0.05 1 0.075 sk Tpu
pI3H1 3HAY€HHS MakcUMallbHOiI BUHaropoau M. Toxal rpadiku UTFOCTPYIOTh, SIK pi3HI
(GyHKLIT OI[IHIOBaHHS Ta 3Ha4Y€HHsI M BIUIMBAIOTh Ha KIHIIEBY KOpekuito ouiHku CV Ha

OCHOBI 3HaueHHA R.

JliHIMHa ckopWHroBa th-is

0.5020 4 -
— M=0.025

0.5015 +—— . . — M=0.05
— M=0.075

0.5010

0.5005

0.5000

0.4995

0.4930

0.4985

3Ha4YeHHSa cKopuHroBol d-ii

0.4980

Pucynox 4.7 — JliniiiHa CKOpUHTOBa (PYHKIIS

Jlist BuOopy HalonTHUMaNbHIMIKMX 3HaYeHb napametrpiB M 1 T mMu mounHaemo 3

PO3paxyHKy OIIIHOK JJIsl KOXKHOT MOJIEN 3a JOTIOMOTO0 JIIHINHOI, €KCITIOHEHIIaTbHOT 1
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KBaIpaTUYHOI €KCIOHEHI1aJbHOT (DYHKIIIM, 3 KOHKPETHUMM 3HAYEHHSIMHU [UJISl MOpora
tosiepanTHOCTI (T) Ta wactku BuHaropoau (M). OnTumanibHe 3HAYeHHS M ITyKa€ThCS
7t 30a7aHCyBaHHS BUHArOpOJH 3a XOPOILy MPOAYKTHUBHICTh Ha Habopi CV 1 mrpady
3a mnepeHaBuyaHHs. DyHKIT OIIHIOBAHHS 3aCTOCOBYIOTHCSA /0 HaOOpy AaHUX, IO
MmictuTh omiaku CV Mopeneir Ta ixHi 3HadeHHS RAD, 3 okpeMumu migxogamu st

METPHUK ONTHMI3aIli, TaKuX sIK cepenus adcomtorHa mommika (MAE) Ta orminka F1.

EKcrnoHeHLUinHa cKopuHroea o-is
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Pucynok 4.8 — EkcrioHeHII1iiHa CKOPHUHI0Ba (DYHKIIis

[TpoBonuThCs BceOlYHUI aHali3 MUIIXOM 3MiHU 3Ha4eHb T 1 M 1 criocTepexeHHs
3a BIUIMBOM Ha cTa0uIbHICT, Mozemi. Haiikpama moxpens s KOXKHOI  (PyHKIT
OIIIHIOBAHHS 17IEHTU(DIKYETHCSI Ha OCHOBI 11 MPOAYKTUBHOCTI Yy 3aBJaHHAX KiIacudikaiii
abo perpecii.

Ha pucynky 4.10 300paxeno cepenHe RAD Haja HalkpaluMu MOJETISIMH 3 YCiX
HAOOpIB JaHWX, BAOPAHUMHU PI3HUMH (PYHKITISIMH OI[IHIOBAHHS Ta 1X IMapaMeTpamu.

AHaJti3 BUSIBJISIE 1[1IKaB1 BUCHOBKH 11010 TTOBEIIHKU (DYHKI[IH OIIHFOBAHHSI:
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- JiHIMHA (QYHKIS OIIHIOBAaHHS MAa€ HE3HAYHUW BIUIMB TMOPIBHSHO 3
migxoaoM BHOOpY MakcumanbHOro 3HaueHHS CV, MmO CBIAYUTH Mpo 11 0OMEXeHY
eeKTUBHICTh y mTpadyBaHHI 32 IEpeHABYAHHS,

— I KiaacuikamiiHuX 3aBJaHb C€KCIIOHEHINadbHa (YHKIIS OI[IHIOBAHHS
7a€ HANCTAOLIBHINI MOJENI, TOMAl SIK I 3aBAaHb perpecii OuUIbII e()EeKTHBHOIO
BUSIBJISIETHCS KBaJIpaTUYHA €KCIIOHEHITIaIbHA (PYHKITIS;

— 30UTbIIeHHsT BUHaAropoau (M) 31aeThbCsi KOPUCHHM JUIS 3HAXOJKEHHS
OUThII CTAOUIBHUX MOJENEH, HaBITh KON abCONIOTHE 3HaYeHHS M mepeBHIye mopir

tonepanTHOCTI (T).

EKcrnoHeHLUinHa 3 X~ 2 cKkopuHroBa -is
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3Ha4YeHHSA cCKopuHrosol d-il

Pucynok 4.9 — ExkcrioHeH1iiHa 3 X% CKOPMHroBa (pyHKIIis

OpHak BaXIWBO 3a3HAYNATH, IO 1€l aHaTI3 30CEPEDKCHHUN BHKIIOYHO Ha
BIJIHOCHIH TIPOJYKTUBHOCTI PI3HUX (PYHKI[IH OIIHIOBAHHS 3 TOYKH 30py CTaOIIBHOCTI
Mozeni. BiH He BpaxoBye aOCOJIOTHI 3HAUYEHHS METPUK cami 1o coOi. B pesynbrari,

xoua 30utbimieHHs (M| > T Moske mnpu3BecTH 10 OUIbII CTaOIIBHUX MOJACNEH, Iie
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MOTEHIIIMHO MOXKE€ BECTH J0 BHOOPY MPOCTIINIMX MOJEed 31 CTaOlIbHUMH, alie

noranumu oriHkamMu CV Ta TECTOBUMU pe3yJIbTaTaMH.

CepeaHe RAD ans Havkpawmx Moaenei 3 ycix Habopis AaHuxX, CKOpPUHroBux MyHKUIW Ta ix napameTpis

uinboBa metpuka=fi uinboBa MeTpuka=mae
M 0.05- & - & 0.06 ) A ) r-:pwﬂ»:rnna h-in
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Pucynok 4.10 — Cepeane RAD Haj HallkpamuMu MOACIISIMU 3 YCIX Ha0OPiB JaHUX,

BUOpaHUMU PI3HUMHU (DYHKIIISIMU OL[IHIOBAHHS Ta iX MapaMeTpamu

4.5 OmiHka BIUIMBY CKOPUHIoBUX (yHKIIN Ha BuOip Mozenei B AutoML

HanuIuIanHl

VY nomykax ONTUMaJIbHUX CTpaTerii BUOOpY MoJeeil BBEACHHS HOBHX
CKOPUHTOBUX  (PYHKIIIA  BUSBWIOCS OOHAQAIMJIMBAUM Yy  BHpINICHHI Tpo0ieM
nepeHaB4yaHHs. L{eit po3ain nociimKye BIUTMB IIUX CKOPUHTOBUX (YHKIIIM HAa 4acTOTYy, 3
KOO pI3HI CIMEWCTBa MoOjeNied OOuparoThCsi SK Hallkpanll B Kiacu(ikalmiiHUX Ta
perpeciiHuX 3aBaHHSX.

AHani3 BUKOPUCTOBY€E CTOBIYACTI JiarpaMH JJis MOPIBHSHHS 4YacTOT, 3 SIKUMU
pi3HI ciMeiicTBa Mojeleid BUOMPAIOTHCS SK HAMKpall pi3HUMU aJropuTMamu, 3
0COOJMBHMM aKIIEHTOM Ha 3ajadax Kiacudikalii, onTUMI30BaHUX s OomiHKA F1, Ta
perpeciiHux 3ajadyax, ONTHUMI30BaHUX IS cepenHboi abcomotHoi momuiaku (MAE).

Jliarpamu CcerMeHTOBaHI 3aliekHO Bim mopory TojepanTHocti (T) Ta abcomoTHOI
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BEJIMYMHM YacTKH BUHaropoau (M), 110 A03BOJISI€ NeTaabHO BUBYUTH iXHIM BIUIMB Ha
BUOIp MOzeTeH.
Pucynku 4.11 ta 4.12 BUSBISAIOTP NOMITHY 3MiHY B YINOAOOAHHSIX BHOOPY

MojieJiel TTPU 3aCTOCYBAHHI CKOPUHTOBUX (PYHKITIH.

Knacudikauia | MNopisHAHHA YacToT BMOOpY ciMeincTBa Moaenei aK Hankpali pisaHUMKU anropuTMamum
T=0.025 T=0.05 T=0.075
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Pucynox 4.11 — [TopiBHAHHS 4acTOT, 13 IKUMH CIMEHCTBO MOJIeIeii OOUPAETHCS 5K

HalKpale pi3HUMH aJITOPUTMaMHU JIJIs1 KitacuikaIlii

VY koHTekcTi Kiacudikarii yactora Bubopy MLP2 sk nHaiikpamioi Mojeni 3Ha4HO

3HUXKYETHCS, 3 BIAMOBIIHUM 301bieHHsIM BuOopy CatBoost. Ile cBiguuTh npo Te, 1o
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MLP2 moxe cxuibHa 10 IepeHaBUYaHHS, 110 MPU3BOAUTEL A0 BUCOKOI BapiaTUBHOCTI il
omiHok CV Ta TecToBHX pe3yibTariB, B Tol 4dac sk CatBoost BUABISETHCS OLTBIIT

CTaOUTFHUM 1 Oa)KaHUM BapiaHTOM.

Perpecisa | MNopiBHAHHSA YacToT BUBOPY ciMeilcTBa MoAenen AK HaWKpalli pi3aHUMKM anropuTMamm

T=0.025 T=0.05 T=0.075
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Pucynok 4.12 — [1opiBHSIHHS 4YacTOT, 13 SIKUMU CIMEHCTBO MOJeNiel 00upaeThes K

HalKpalie pi3HUMH aJITOPUTMaMHU JIJIsl perpeciit

AHAJIOTIYHO, Y PErpeciiHUX 3aBIaHHSX CIIOCTEPITa€ThCA TMOMITHE 3HIDKCHHS

BuOopy MLP2, 3 poctom nonynsipHocti XGBoost sik nepeBaxkHoi moaeni. Lle Bkazye Ha
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te, mo XGBoost mnporonye OB MIIHY Ta TMOCTIAOBHY MPOAYKTUBHICTh Y
perpeciiiHiX HaJalTyBaHHAX MOPiBHSAHO 3 MLP2.

AHami3 TakoX HaTSIKae Ha TMOTCHIIMHWIA HEIONIK BHUKOPUCTAHHA YaCTKU
BuHaropoau (|[M|) Ounbimie, Hixk mopir TonepanTHocTi (T). Takuit miaxin, 37a€Thes,
BilJa€ TmepeBary mpocTimmMm MojaensMm, sk-oT KNN Tta miHidHI Momeni, sKi,
HE3BAXKAIOYU Ha 1X CTAOUIBHICTh, MOXYTh HE IEMOHCTPYBATH BUCOKY MPOTYKTHBHICTb.
JIMOBipHO, BOHM MOKa3yBaTHMYTh CXOXKY MOCEPEIHIO IIPOIYKTHBHICTh Kk Ha CV, Tak i
Ha TECTOBHX Ha0opax, IO MNPU3BOAWTH A0 iX 30uIblIeHOI 4YacToTH BuOOpPY. lle
B1IOYBAa€ThCS 32 PaxXyHOK OUIBII CKJIQJAHMX Mojelied, ak-0T SVM, sKi BioMi CBO€IO

MILIHICTIO Ta BUIIOKO MPOAYKTHUBHICTIO.

46 AHam3 CKCIEpUMEHTIB 1 pPEKOMEHJaIli IIoJ0  IapaMeTpu3alii

CKOPUHTOBUX (DYHKIIIH

Leli po3nin 30cepe/KyeTbCs Ha aHalli3l MOPIBHSAHHSA MPOAYKTUBHOCTI MOJENEH,
oOpaHHX Ha OCHOBI OIIHOK Kpoc-Bamifaiii (CV) Ta Mojaenel, BUOpaHUX 3a JOIMOMOTOI0
EKCIIOHEHITIaBbHOT (eXp_score juia kiacu@ikallii) Ta KBaJpaTHYHO! €KCIIOHEHI1aJbHO1
(exp 2 score mus perpecii) ¢ynkiii. OCHOBHa yBara MpHUJIiJieHA PO3YMIHHIO BIUIMBY
pi3HMX 3Ha4YeHb yacTku BuHaropoau (M) Ha BuOip moxeni. s 1mboro Bi3yasi30BaHO
BiIHOCH1 pi3HuIl B MeTpukax CV (mo oci X) 1 Tecty (o oci y) mojenen, oopaHux
PI3HUMH CKOPUHTOBUMH (PYHKUISIMH, Y BUTJIS1 TOYKOBOI Alarpamu, 1€ pi3HI KOJIbOPH
MPEACTaBIAIOTh Pi3HI 3HaueHHS M. Ha pucynky 4.13 300pa’keHO BITHOCHY Pi3HHIIIO
metpuk CV (Bick X) Ta Tecty (Bich y) F1 mns mopeneil, oOpaHuX sk HaWkKpamil
€KCTIIOHEHI[1aJIbHOIO (PYHKIIIEIO OI[IHFOBAHHS.

ToukoBa niarpama BUSIBIISIE€ ACKITbKA KIFOYOBHUX CITOCTEPEIKEHb.

3MeHIIeHHs nepeHaBuannd. OyHkuis exp score, ocoonuBo 3 M=0.025, cxuibHa
BUOWpaATH MOJENi, SKI TOKa3ylTh HE3Ha4yHe 3HIKeHHs oI1iHoK CV, ane 3HauHe
MOKPAIICHHS TECTOBHX OIIHOK. []e miaTBepIKyeThCS IOMUPEHICTIO TOYOK Y PETI0HI, Je
BiiHOCHA pi3HULA oiHOK CV (RD_CV) € HeratuBHOO, a BIIHOCHA PI3HULISI TECTOBUX

omiHok (RD TEST) no3utuBHOIO.
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VY neskux Bumankax, sk-oT y Habopi manux CYP Inh 3A4, nalikpamia mopaens,
oOpaHa Ha ocHOBI o11iHOK CV, mepeBepIiye Moielb, BUOpaHy 3a IOIMOMOTOI0 €Xp_SCore,
gk y CV, tak 1 y TtecroBux oIiHkax. lle BigOyBaeThCcs, KOMM BHHAropojga 3a
nociigoBHicTh (M=0.05) € HaaMIpHO BHCOKOIO, JIO3BOJISIIOYM MOJIENl 3 HIKYUMH
3araJlbHUMU OI[IHKaMH, aje MiHIMaJbHOIO pi3HuIel0 Mk ominkamu CV 1 Tecty,
MIEPEBUIIMTH MOJICNIb 3 BHIIMMH OIliHKaMu. 3MeHIeHHs M g0 0.025 mom'skirye 1o
npobiieMy, Xoda 1 He ycyBae ii moBHICTFOHa TOYKOBIM jiarpamMi MEHIIIE TOYOK
pPO3TaIIOBaHO HWKYE TOPH3OHTAIBbHOI oci mig M=0.025 (cuHI TOYKHM) MOPIBHSHO 3
M=0.05 (uepBOHI TOUYKH), 110 BKA3y€ Ha Te€, 10 3MEHIICHHSI M 3HUXye WMOBIPHICTh

BUOOPY MojieNiel 3 HUKYMMU TECTOBUMHU OI[IHKAMH.

BigHocHa pi3Huusa (cv i test) Hallkpawmx mogenen, 3rigHo ckop. ¢-ii cv i exp_score. T=0.05, M=0.025 (cuHi), M=0.05 (4epBoHi)
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RD_TEST
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@°
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-0.14 -0.12 =0.1 -0.08 -0.06 -0.04 -0.02 0

RD_CV
Pucynok 4.13 — Tun 3anaui kinacudikarii. BiqaocHa pizauis metpuk CV (Bich X) Ta
Tecty (Bich y) F1 mist mozenei, oOpaHux sik Hallkpalll eKCIOHEHIIAIbHOK (QYHKITIEIO

ouintoBanus. T=0.05, M=0.025 (cuniii), M=0.05 (uepBOHHi1)

3arajioM aHaji3 MIIKPECHIoe TMOTeHmian (yHKID exp score y OopoTh0i 3
nepeHaBYaHHsIM Yy KiIacu(ikamiifHUX 3aBJaHHSIX. PeTenbHO peryaodd  YacTKy
BuHaropoan (M), MoxHa 3HAWTHM OalaHC MK BHHAropoJol 3a MOCIIJOBHICTH Ta
3a0€3MEUYCHHsIM  BUCOKOT  TPOAYKTUBHOCTI. Jnga  wiacudikamitHux  mpoOiem
PEKOMEHTyEThCSl BUKOPUCTOBYBATH (PYHKIIIIO €Xp _score 3 moporom tosnepanTtHocTi (T)

0.05 Ta yactkoro BuHaropoau (M) 0.025. Lei miaxig ePEeKTUBHO 3HUKYE CEPEIHIO
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BIJIHOCHY aOCOJIOTHY pi3HHUI0 MiX omiHkamu CV 1 Tecty 3 maibke 5% m0 2.1%,
JIEMOHCTPYIOUYH 3HAYHE MMOKPAIEHHS y3araJbHIOBAHOCT1 MOJIEIIL.

Ha pucynky 4.14 300paxkeHo BigHOcHa pi3HUII0 MeTpuk CV (Bich X) 1 TecTy
(Bick y) MAE mis mojeneii, oOpaHux sk HAWKpallli KBaJpaTHYHO €KCIIOHCHIIATbHOIO

(GYHKITIE€IO OIIHIOBAHHS.

BiaHocHa pizHuuA (cv i test) HaWkpawnx Mmoaenen, 3riaHo ckop. @-ii cv i exp_2_score, Perpecia MAE. T=0.05, M=0.025 (cuHi), M=0.05 (4epeoHi)
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Pucynox 4.14 — Tun 3aBnanns perpecii. Biqnocna pizauiis metpuk CV (Bich X) 1 TecTy
(Bice y) MAE 1t Moeneit, 0OpaHuX sIK HaKpailll KBaJpaTHYHOIO €KCIIOHEHIIAIBHOIO

dbynkiiero ominoBadHs. T=0.05, M=0.025 (cuniit), M=0.05 (uepBoHUit)

[Ilo crocyeThcs perpeciiHUX 3aBlaHb, aHai3 BUSBIAE KiJdbKa BaXXJIUBHUX
MOMEHTIB.

Oynkisgs exp 2 score, ocobmmBo 3 M=0.025, cxwmipHa BUOMpaTH MOACH, SKI
MOKa3yl0Th HEBEJMKE 3HWKEHHS OIiHOK CV, aje mnomMiTHe 30UIBIIEHHS TECTOBUX
OIiHOK. LI TeHJeHIliss UTIOCTPYEThCS MOIIMPEHICTIO TOYOK y PETiOHi, A€ BITHOCHA
pizaung B ouniHkax CV (RD CV) € mo3uTHBHOIO, a BIJHOCHA PI3HUIL B TECTOBHUX
orinkax (RD TEST) neratuBHoO10.

3menmeHHss M g0 0.025 3HMKye 4acTOTy BUMAAKIB, KOJM MOJETh 3 HUKYUMHU
orinkamu CV 1 TecTy 00MpaeThess HaJ MOACIUIIO 3 BUIUMHM OIlIHKAMU BUKJIFOYHO Yepe3
il mocimoBHICTH MiX orlinkamu CV 1 Tecty.

Po3noain TOYOK: Ha TOYKOBIM diarpami CHOCTEPITraeThCs MEHINE TOYOK BHIIE

ropuzoHTanbHOI oci Aist M=0.025 (cuni Touku) nopiBHsHO 3 M=0.05 (4epBOH1 TOUKH),
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10 BKa3ye Ha Te, M0 HWX4Ye 3HauYeHHS M 3HIDKye WMOBIPHICTH BHOOPY Mopenei 3
HUKYAMH TECTOBUMH OITIHKaAMHU.

Ha 3aBepmenns, ¢yHKkIis exp 2 score eeKTHBHA Y OOpOTHO1 3 MepeHaBUAHHSIM.
Perymnroroun wactky Bunaropoau (M) mo 0.025, mpormec BUOOpPY crpusie MOACISAM, SIKi
HE TUTbKU A00pe BUCTymawoTh Ha Habopi CV, ane it 30epiraloTb CBOIO MPOAYKTHUBHICTD
Ha TecToBOMYy HabOopi. JIJisi perpeciiHux 3aBjaHb PajsSTh BUKOPHUCTOBYBATH (PYHKIIIIO
exp_2 score 3 nmoporoM TosiepanTtHOCTi (T) 0.05 Ta yactkoro Bunaropoau (M) 0.025.
Le#t miaxig NpU3BOAUTH 10 3HAYHOTO 3HIKEHHS CEpeIHBOI BIIHOCHOI aOCOIIOTHOT
pi3uul Mixk otiakamu CV 1 Tecty, 3 Maibke 6% 1o 3.3%, 110 BKazye Ha TMOKpaIieHHS

y3arajJbHIOBAHOCT1 MOJIEIIL.

4.7 BucHOBKH

Le mocmikenHs Oyio crpsiMOBaHe Ha po3poOKy Ta OIIHKY maimiaiiny AutoML,
CHeIialIbHO aJalTOBAaHOTO JJIsi HABYaHHS MOJENEed MAIlMHHOTO HaBYaHHSA B 00dacTi
ADME-Tox. byno npoBeneHo BceOCSHKHHMM aHami3 38 pi3HOMaHITHUX HA0OpIB JTAHUX
JUISL OITIHKM €()eKTUBHOCTI MaIiaiyy.

OpHi€o 3 KPpUTUYHUX TPOOJIEM, BUSBICHUX IIJ 4ac UBOTO JOCHIIKEHHs, Oyia
CXWJIbHICTh JI0 TEpEeHaBYaHHS Ha HaOopax maHux kpoc-Bamigamii (CV), mo €
MOIIUPEHOI0 TACTKOIO0 B CTAHJAAPTHUX AJITOPUTMAaX aBTOMATHU30BAHOTO BUOOPY MOJIEII.
BmivB 1poro mnepeHaBuyaHHs OyB pETEIbHO MNpPOAHANI30BaHUW ISl PO3YMIHHS HOTro
HACJIIJIKIB JJIs y3arajabHIOBAHOCTI MOJIEIII.

JlocmimKeHHsT  TaKOX ~ OXONMWJIO  TMPOAYKTHBHICTH  JECATH  IIUPOKO
BUKOPHCTOBYBAHUX aJITOPUTMIB MAITMHHOTO HaBYAHHS, 1 OyJIO BUSBIICHO, 0 MAaITMHU
ormopHux BekTopiB (SVM) mOCHiOBHO BHSBISUIMCS HAMOUIBII MIITHUMU — Ta
MPOTYKTUBHUMH aJTOPUTMaMU JIJII MAJIMX Ta CEPEIHIX MOJICKYIIPHUX HAOOPIB JaHUX.
ANTOPUTMHU Ha OCHOBI JiepeB mijcuiieHHs, Taki sk XGBoost, TakoX poeMOHCTPYBau
HAJIHy TPOAYKTHBHICTE. OJHAK apXiTEKTypu HEUPOHHUX MEpeX, WMOBIPHO dYepes
iXHIO CKJIQJHICTh, BUSBWIMCS OUIbII CXWJIBHUMHU JI0 MEPEHaBYaHHS, IO MiIKPECIIOE

HEOOXITHICTh YBAYKHOTO BUOOPY Ta BaJigaIlli MOIEIII.
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Jlns BUpIilIEHHS BUSBICHUX NpoOjeM OyB BBEICHUN HOBHHM MIIX1T, SKAN
BKJIIOYAB TPHU CKOPUHIOBI (YHKINI: JiHIMHHY, EKCHIOHEHLIWHY Ta KBaJpaTHUHYy
excrioneHiay. i ¢yHkmii Oynmm perenbHO BUIPOOYBaHI IJisi BU3HAYCHHS iXHBOI
e(heKTUBHOCTI Y 3MEHIIIEHH] MIEpeHaBYaHHS Ta MOKpaIleHH1 BUOOPY MOIEIII.

Jlnst 3aBmaHb perpecii KBaJpaTWdHa EKCIIOHCHINIMHA (YHKIlS OIIHIOBaHHS 3
noporom TosiepanTHocTi (T) 0.05 Ta wactkoro Bunaropoau (M) 0.025 Oyna BU3HaueHa
aK onTtuManbHui BUOIp. Llg KoHbIryparlis 3HAYHO 3HHU3UJIA CEPEIHIO BITHOCHY
a0COMIOTHY pi3HHINO MiX orinkamMu CV Ta TeCTOBUMH pe3yJibTaTaMu 3 TpuOIu3HO 6%
10 3.3%, cBig4aun Mpo MOKpalieHHs CTabUIBHOCTI Ta y3arajibHIOBAaHOCTI MOJIEI.

Y KOHTEKCTI 3aBIaHb Kiacu@lKallli EeKCIOHEHLIMHA (QYHKIIA OLIHIOBAHHSA
BUSIBUJIACS HAMKpAIMM BapiaHTOM, 3 TUM CaMHM IIOPOTOM TOJIEPAHTHOCTI Ta YaCTKOIO
BUHArOpOJM, SIK y 3aBaaHHsX perpecii. el minxing epeKTUBHO 3MEHIIUB CEPEIHIO
BIIHOCHY a0COJIIOTHY pI3HUII0O MK ouiHkamMu CV Ta TECTOBUMH pe3yjbTaTaMu 3
Maibke 5% g0 2.1%, 104aTKOBO TIATBEPKYIOUHM KOPUCTh 3alPOIIOHOBAHMX
CKOPUHIOBUX (DYHKIINA y MOKpAIlleHHI BUOOPY Ta MPOIYKTUBHOCTI MOAEIII.

3araqomM 1€ JOCHIPKEHHS BHOCUTH IIHHI 11€i Ta METOJOJIOTil Yy Taly3b
KOMIT'FOTEPHOT'O BIAKPUTTS JIIKiB, IPOTIOHYIOYH MIIIHUM KapKac JUIsl pO3pOOKH HATIHHUX

Ta y3arajJbHIOBaHUX MOJIeJIe MAllIMHHOTO HaBYaHHs 11 Touok ADME-ToxX.
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BUCHOBKHA

Ha ocHOBI mpoBeAeHUX JOCHIIHKEHb OyJ0 po3poOJICHO apXiTeKTypa 1
KOMIIOHEHTH TMPOTPAMHOI0 3a0e3MeueHHs, SKEe IHTErpoBaHO B IcHyrouy SAAS
maThopMy 3 po3pOOKH JTKIB.

[IpakTyHa 3HAYUMICTP OTPUMAHHUX pPE3yJAbTATIB TMOJATAE Yy MOXKIUBOCTI
aBTOMAaTUYHOTO TPEHYBAaHHS MOJEJe MAIIMHHOTO HaBYaHHS Ha MOJEKYJISIPHUX
JaTaceTax 1 MoJayIbIIOro iX BUKOpUCTaHHS Y SAAS miardopmi.

VY nepioMy po3iii MPOBEAEHO aHalli3 ICHYIOYUX pIIIEHb Y Tally31 aBTOMAaTH3aIlli
NaiIIaiiHIB MallMHHOTO HaBYaHHS. PO3IISHYTO OCHOBHI KOMIIOHEHTH NaMIUIaiHIB,
3aCcTOCYBaHHs MNaWIUIaiHy JUIsl TPEHYBAaHHA MOJEJIEW MAIIMHHOTO HAaBYaHHSA Ha
O10JIOTIYHUX JIAaHUX Ta MPOBEJEHO OTJISI JITEPATYPH.

Y npyromy po3Aili ONMHCAaHO MAaTUMAaTHYHY MOJEIb OCHOBHUX KOMIIOHEHTIB
nairuiaiiny. Po3risiHyTO mpuHIUT poOOTH TaKHX alrOPUTMIB KJIACHYHOTO MAITUHHOTO
HaYyaHHS, 5K JIHIMHA perpecis, JOTiICTUYHA PErpecis, BUMAIKOBHIM JIiC, HEHPOHHI MEPEXKI
Tomo. OnucaHo TEeXHIKA BHOOPY HaMKpallMX O3HAaK Ta NPHUHIMIIB ONTUMI3ALll
MOJEEH.

VY TpeThoMy pO3AUIL I€TaTbHO OMHCAHO pealizallito Bepcii manmnainny mis On-
Cloud nemnmoitmenty Ha Kubernetes kmactepax XMapHHX TMpoBaiifepiB. Takox
HABOJIUTHCS TIOPIBHSIHHS PI3HUX TEXHOJIOTIN JIs peaiizailii MOCTaBJICHOI 3ajayi 1
OOTpYHTOBYETHCS (DiHAITBHE PIIICHHS.

VY 4eTBEepTOMY PO3JAUII MICTUTHCS OMKMC CTBOPEHHS CKOPUHTOBHX (DYHKIIN aJis
BUOOpY Halikpamoi MoOJell OTpPUMaHOiI AaBTOMAaTHYHMM HaBYaHHIM. [IpoBemeHO
peTeNnbHe MOPIBHSAHHS 3alpONOHOBAHUX CIMEMCTB CKOPUHTOBUX (PYHKIIN Ay 3a1ay
OiHapHoi kiacu@ikaiii Ta perpecii, Ta 0oOpaHO HaWKpall CKOPUHTOBI (DYHKIIT Ta
3HAUEHHA 1X T[apaMmeTpiB s 3afad perpecii Ta kiacuikamii 1o Kputepii

MaKCHUMaJIbHOI p0OAaCTHOCTI HATPEHOBAHUX MOJICIICH.
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JOJATOK A
(000B’sA3KOBMIN)

JICTHUHI ITPOI'PAMHOTI'O 3ABE3IIEYEHHA

Monyns «Peamizanis naiimnaitny st On-Cloud nerumoiimenty Ha Kubernetes

KJIacTepax XMapHHX MPOBaiiiepiBy.

import kfp

from kfp import dsl

from kubernetes import client as k8s client
from kfp.aws import use aws secret

from kubernetes.client.models import V1EnvVar

def init mlflow experiment op(
EXPERIMENT NAME: str,
RUN NAME: str,
MLFLOW DB URL: str,
MLFLOW BUCKET: str = 'receptor-mlflow-artifacts',

vcpu: str = '4'

op = dsl.ContainerOp (name='init mlflow op',

image='amazonaws.com/pipelines/general blocks/init mlflow experiment
:latest’,
container kwargs={'env': [
V1EnvVar ('"MLFLOW DB URL',
MLFLOW_DB_URL),
V1EnvVar ('MLFLOW BUCKET',
MLFLOW BUCKET),
V1EnvVar ('EXPERIMENT NAME',
EXPERIMENT NAME),
V1EnvVar ('RUN NAME', RUN NAME),
1},

) .apply (use aws secret ('aws—-secret'))
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op.container.set image pull policy('Always')

op.set cpu request (vcpu)

op.set retry(num retries=3)

return op

def generate descriptors op(
EXPERIMENT NAME:
RUN NAME: str,
DATASETS BUCKET:
DATASET FOLDER:
DATASET FILE:
DESCRIPTORS FILE:
DESCRIPTORS TYPES:
MLFLOW DB URL:

vcpu: str =

str,

str,

op = dsl.ContainerOp (name='generate descriptors',

image='amazonaws.com/pipelines/automl/generate descriptors:latest’,

EXPERIMENT NAME) ,

DATASETS BUCKET),

DATASET FOLDER),

DESCRIPTORS FILE),

DESCRIPTORS TYPES),

container kwargs={'env': |

V1EnvVar ('EXPERIMENT NAME',

V1EnvVar ('RUN NAME', RUN NAME),

V1EnvVar ('DATASETS BUCKET',

V1EnvVar ('DATASET FOLDER',

V1EnvVar ('DATASET FILE', DATASET FILE),

V1EnvVar ('DESCRIPTORS FILE',

V1EnvVar ('DESCRIPTORS TYPES',
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V1EnvVar ("MLFLOW DB URL',
MLFLOW_DB_URL)
1},

) .apply (use aws secret ('aws—-secret'))

op.container.set image pull policy('Always')
op.set cpu request (vcpu)

op.set retry(num retries=3)

return op

def select descriptors op(
EXPERIMENT NAME: str,
RUN NAME: str,
DATASETS BUCKET: str,
DATASET FOLDER: str,
DESCRIPTORS FILE: str,
TARGET FILE: str,
SELECTED DESCRIPTORS FILE: str,
MLFLOW DB URL: str,
TEST SIZE: str,

vcpu: str = '4'

op = dsl.ContainerOp (name="'select descriptors',

image='amazonaws.com/pipelines/automl/select descriptors:latest',
container kwargs={'env': |
VlEanar('EXPERIMENT_NAME',
EXPERIMENT NAME) ,
V1EnvVar ('RUN NAME', RUN NAME),
V1EnvVar ('DATASETS BUCKET',
DATASETS BUCKET),
V1EnvVar ('DATASET FOLDER',

DATASET FOLDER),



V1EnvVar ('DESCRIPTORS FILE',
DESCRIPTORS FILE),

V1EnvVar ('TARGET FILE', TARGET FILE),

V1EnvVar (' SELECTED DESCRIPTORS FILE',
SELECTED DESCRIPTORS FILE),

V1EnvVar ('MLFLOW DB URL',
MLFLOW DB _URL),

V1EnvVar ('TEST SIZE', TEST SIZE)

1},

) .apply (use aws secret ('aws—-secret'))

op.container.set image pull policy('Always')
op.set cpu request (vcpu)

op.set retry(num retries=3)

return op

def automl op(
i: int,
EXPERIMENT NAME: str,
RUN NAME: str,
DATASETS BUCKET: str,
DATASET FOLDER: str,
DESCRIPTORS FILE: str,
SELECTED DESCRIPTORS FILE: str,
TARGET FILE: str,
PROBLEM TYPE: str,
MODEL FAMILIES: '[]',
OPTIMIZATION METRIC: str,
SCORE THRESHOLD: str,
TIMEOUT BASE: str,
LEVEL: str,
OPTUNA DB URL: str,
TEST SIZE: str,

101



102

vcpu: str = '4'

op = dsl.ContainerOp (name=f'automl base {i}',

image="'amazonaws.com/pipelines/automl/automl:latest’,
container kwargs={'env': [
V1EnvVar ('EXPERIMENT NAME',
EXPERIMENT NAME) ,
V1EnvVar ('RUN NAME', RUN NAME),
V1EnvVar ('DATASETS BUCKET',
DATASETS BUCKET),
V1EnvVar ('DATASET FOLDER',
DATASET FOLDER),
V1EnvVar ('DESCRIPTORS FILE',
DESCRIPTORS FILE),
V1EnvVar ('SELECTED DESCRIPTORS FILE',
SELECTED DESCRIPTORS FILE),
V1EnvVar ('TARGET FILE', TARGET FILE),
V1EnvVar ('PROBLEM TYPE', PROBLEM TYPE),
V1EnvVar ('MODEL FAMILIES',
MODEL FAMILIES),
V1EnvVar ('OPTIMIZATION METRIC',
OPTIMIZATION METRIC),
VlEanar('SCORE_THRESHOLD',
SCORE_THRESHOLD) ,
VlEanar('TIMEOUT_BASE', TIMEOUT BASE),
VlEanar('TEST_SIZE', TEST SIZE),
V1EnvVar ('LEVEL', LEVEL),
VlEanar('OPTUNA_DB_URL',
OPTUNA DB_URL),
V1EnvVar ('TIMEOUT META', 0"y,
Ity

) .apply (use aws secret ('aws-secret'))

op.container.set image pull policy('Always')



op.
op.

set cpu_ request (vcpu)

set retry(num retries=3)

return op

def log automl to mlflow op (

op

image='amazonaws.com/pipelines/automl/log automl to mlflow:latest’,

EXPERIMENT NAME: str,

RUN NAME: str,

MLFLOW BUCKET: str,
DATASETS BUCKET: str,
DATASET FOLDER: str,
DESCRIPTORS FILE: str,
SELECTED DESCRIPTORS FILE: str,
TARGET FILE: str,

PROBLEM TYPE: str,

MODEL FAMILIES: str,
OPTIMIZATION METRIC: str,
SCORE_THRESHOLD: str,
OPTUNA DB URL: str,
MLFLOW DB URL: str,

TEST SIZE: str,

vcpu: str = '4'

= dsl.ContainerOp (name='log automl to mlflow',

container kwargs={'env': |

EXPERIMENT NAME) ,

MLFLOW BUCKET),

DATASETS BUCKET),

V1EnvVar ('EXPERIMENT NAME',

V1EnvVar ('RUN NAME', RUN NAME),
V1EnvVar ('MLFLOW BUCKET',

V1EnvVar ('DATASETS BUCKET',
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V1EnvVar ('DATASET FOLDER',
DATASET FOLDER),

V1EnvVar ('DESCRIPTORS FILE',
DESCRIPTORS FILE),

V1EnvVar ('SELECTED DESCRIPTORS FILE',
SELECTED DESCRIPTORS FILE),

V1EnvVar ('TARGET FILE', TARGET FILE),

V1EnvVar ('PROBLEM TYPE', PROBLEM TYPE),

V1EnvVar ('MODEL FAMILIES',
MODEI, FAMILIES),

V1EnvVar ('OPTIMIZATION METRIC',
OPTIMIZATION METRIC),

V1EnvVar ('SCORE THRESHOLD',
SCORE_THRESHOLD) ,

V1EnvVar ('OPTUNA DB URL',
OPTUNA DB URL),

V1EnvVar ('MLFLOW DB URL',
MLFLOW DB URL),

V1EnvVar ('TEST SIZE', TEST SIZE)

1},

) .apply (use aws secret ('aws—-secret'))

op.container.set image pull policy('Always')
op.set cpu request (vcpu)

op.set retry(num retries=3)

return op

@dsl.pipeline (
name="'AutoML-pipeline-base-5",
description='AutoML Pipeline with only base level'
)
def AutoML pipeline (
MLFLOW BUCKET: str,



"""A pipeline function describing the orchestration of the

DATASETS BUCKET: str,
EXPERIMENT NAME: str,
RUN NAME: str,

DATASET FOLDER: str,
DATASET FILE: str,
DESCRIPTORS FILE: str,
DESCRIPTORS TYPES: str,
TARGET FILE: str,

SELECTED DESCRIPTORS FILE:

PROBLEM TYPE: str,
MODEL FAMILIES: str,
OPTIMIZATION METRIC: str,
SCORE_THRESHOLD: str,
TIMEOUT BASE: str,

TEST SIZE: str,
MLFLOW DB URL: str,
OPTUNA DB URL: str,

workflow."""

N PARALLEL = 5

vcpu: str = '15'

init mlflow experiment = init mlflow experiment op (

)

generate descriptors = generate descriptors op(

EXPERIMENT NAME=EXPERIMENT NAME,

RUN NAME=RUN NAME,

str,

MLFLOW DB URL=MLFLOW DB URL,

MLFLOW BUCKET=MLFLOW BUCKET,

vcpu=vcpu

EXPERIMENT NAME=EXPERIMENT NAME,

RUN NAME=RUN NAME,

DATASETS BUCKET=DATASETS BUCKET,

DATASET FOLDER=DATASET FOLDER,
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DATASET FILE=DATASET FILE,
DESCRIPTORS FILE=DESCRIPTORS FILE,
DESCRIPTORS TYPES=DESCRIPTORS TYPES,
MLFLOW DB URL=MLFLOW DB URL,
vcpu=vcpu
)
select descriptors = select descriptors op(
EXPERIMENT NAME=EXPERIMENT NAME,
RUN NAME=RUN NAME,
DATASETS BUCKET=DATASETS BUCKET,
DATASET FOLDER=DATASET FOLDER,
DESCRIPTORS FILE=DESCRIPTORS FILE,
TARGET FILE=TARGET FILE,
SELECTED DESCRIPTORS FILE=SELECTED DESCRIPTORS FILE,
TEST SIZE=TEST SIZE,
MLFLOW DB URL=MLFLOW DB URL,
vcpu=vcpu
)
automl blocks = [automl op(i=i,
EXPERIMENT NAME=EXPERIMENT NAME,
RUN NAME=RUN NAME,
DATASETS BUCKET=DATASETS BUCKET,
DATASET FOLDER=DATASET FOLDER,
DESCRIPTORS FILE=DESCRIPTORS FILE,

SELECTED DESCRIPTORS FILE=SELECTED DESCRIPTORS FILE,
TARGET FILE=TARGET FILE,
PROBLEM TYPE=PROBLEM TYPE,
MODEL FAMILIES=MODEL FAMILIES,

OPTIMIZATION METRIC=OPTIMIZATION METRIC,
SCORE_THRESHOLD=SCORE_THRESHOLD,
TIMEOUT BASE=TIMEOUT BASE,
TEST SIZE=TEST SIZE,

LEVEL="base',



OPTUNA DB URL=OPTUNA DB URL,

vCcpu=vcpu)
for 1 in range (N PARALLEL) ]

log automl to mlflow =

log automl to mlflow op (EXPERIMENT NAME=EXPERIMENT NAME,

RUN NAME=RUN NAME,

MLFLOW BUCKET=MLFLOW BUCKET,

DATASETS BUCKET=DATASETS BUCKET,

DATASET FOLDER=DATASET FOLDER,

DESCRIPTORS FILE=DESCRIPTORS FILE,

SELECTED DESCRIPTORS FILE=SELECTED DESCRIPTORS FILE

TARGET FILE=TARGET FILE,

PROBLEM TYPE=PROBLEM TYPE,

MODEL FAMILIES=MODEL FAMILIES,

OPTIMIZATION METRIC=OPTIMIZATION METRIC,

SCORE THRESHOLD=SCORE THRESHOLD,

TEST SIZE=TEST SIZE,

OPTUNA DB _URL=OPTUNA DB URL,

MLFLOW DB URL=MLFLOW DB URL,

’

vCcpu=vcpu)
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generate descriptors.after(init mlflow experiment)
select descriptors.after (generate descriptors)
for automl block in automl blocks:

automl block.after (select descriptors)

log automl to mlflow.after (automl block)

# Call set image pull secrets after get pipeline conf ().

dsl.get pipeline conf () \

.set _image pull secrets([k8s client.V1ObjectReference (name="ecr-

cred")])

kfp.compiler.Compiler () .compile (
pipeline func=AutoML pipeline,
package path='yaml files/AutoML pipeline base 5.yaml"')
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Augmenting a training dataset of the generative
diffusion model for molecular docking with
artificial binding pocketst

Taras Voitsitskyi, 2 ** Volodymyr Bdzhola, (2° Roman Stratiichuk,®® Ihor Koleiev,®d
Zakhar Ostrovsky,® Volodymyr Vozniak,® Ivan Khropachov,® Pavlo Henitsoi,®

Leonid Popryho,? Roman Zhytar.? Sermen Yesylevskyy, 2% Alan Nafiiev®

and Serhii Starosyla®>

This study introduces the PocketCFDM generative diffusion model aimed at improving the prediction of
small molecule poses in the protein binding pockets. The model utilizes a novel data augmentation
technique. involving the creation of numerous artificial binding pockets that mimic the statistical patterns
of nen-bond interactions found in actual protein-ligand complexss. An algorithrmic method was
developed to assess and replicate these interaction patterns in the artificial binding pockets built around
small molecule confarmers. It is shown that the integration of artificial binding pockets into the training
process significantly enhanced the models performance. Motably, PocketCFDM surpassed DiffDock in
terms of non-bond interaction and steric clash numbers, and the inference speed. Future developments
and optimizations of the maodel are discussed. The inference cede and final modal weights of
PocketCFDM are accessible publicly wvia the GitHub repository: https://github.com/vtarasv/pocket-

rsc.lifrsc-advances cfdm.git.

Introduction

Mbolecular docking plays a central role in modern computa-
tional drug discovery. Until recently docking was the only
available method of predicting the poses of small molecules in
the binding pockets of target proteins fast enough to be useful
in large-throughput virtual screening projects. Despite its uld-
mate importance, there is a notable stagnation in improving the
docking versatility, accuracy, computing cost, and predictive
power.** Being based on inevitably simplified empirical
potentials of intermolecular interactions and lacking explicit
solvent, the docking scoring functions have arguably reached
a plateau of practical accuracy. Despite a number of recent
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developments in the field, all of them are incremental
improvements and domain-specific tuning rather than tech-
nological breakthroughs.

However, recent advancements in deep learning methodol-
ogies for predicting ligand poses in the protein hinding pockets
provide a promising alternative to docking algorithms. These
techniques can be categorized into two primary groups.

The models from the first group utilize a one-shot inference
regression-based approach. They are developed with the aim
of very fast inference, which is superior to traditional docking
simulations. The geometric vector perceptrons (GVP) and
equivariant graph neural networks (EGNN) are the most
popular architectures for those types of models.™ Such tech-
niques as EquiBind® and TANKBind® demonstrated efficacy in
predicting  protein-ligand binding strueture without prior
knowledge about the binding pocket (also known as blind
docking) while being faster than traditional docking techniques
by several orders of magnitude. However, they still suffer from
unrealistic ligand conformations and numerous sterical clashes
in predicted complexes, which puts them behind the docking
approaches in terms of strueture quality and reliability. A
pussible reason for this is & mismatch between the objectives of
molecular docking and the regression paradigm. Particularly,
the accuracy metries in molecular docking are based on strue-
tural similarity, rather than a regression loss.

The second and currently state-of-the-art approach uses
generative Al models, which aim to be on par or better than

RSC Adv, 2024, 14, 1241-1352 | 1341
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classic docking techniques in terms of accuracy and structure
quality. The DiffDock,® a current leader in the field, demon-
strates superior performance in compatrison to some conven-
tional docking techniques and the previous ML models in the
blind docking scenarios. It produces much less steric clashes
than its rivals and generates realistic ligand conformations.
However, the enhanced precision of DiffDock comes at the cost
of a substantial computational burden, which is on par with
that of traditional docking methods. Since there is a significant
potential for improvement in terms of inference speed, it makes
generative models the most promising in the field at the
moment of writing.

The major bottleneck, which hampers further improvement
of the generative ligand pose prediction models, is the inher-
ently limited amount of the training data. The overall number of
experimentally determined protein-ligand eomplexes resolved
by X-ray, Cryo-EM, or NMR techniques is now below 20 000. The
PDBbind database,™* which is a primary dataset for machine
learning in protein binding site prediction*** and ligand pose
19443 distinct protein-ligand
complexes with the binding activity annotations (version 2020).

prediction,***  contains
Out of this, 2709 entries involve peptide ligands or multiple
molecules in a single binding pocket; 3827 have an insufficient
resolution (2.5 angstroms and more); 3523 contain weak
binders (K4/Ki/ICs, > 10 pM) and 216 lack confident activity
measurements. Thus there are only 10270 high-quality
complexes, which could be used for model training

Another issue of the experimental complexes is ligand data
sparsity. There are 12 815 distinct small molecule ligands in
PDBhind, of which only 1655 appear in two or more entries
(Fig. 1). It indicates that ML-based approaches are mostly pre-
sented with a particular ligand bound to a single protein
without any information about the possible variability of its
binding modes. This might lead to overfitting to a single ligand
pose, which wouldn't be the case when warking with more
dense data as was demonstrated for the affinity prediction
models.

— Ligand
—— Protein
20000 4 —— Protein Family
"
£ 15000 1
E
]
]
-E 10000 1
3
=
5000 4
a4
o 2000 4000 6000 EG-DG 10000 12000

Number of unigue entities

Fig. 1 The cumulative sums of entries in the PDBbind database
assigned to a unigue ligand, unigue protein, or unique protein family.
Mote that the count of proteins and families may exceed the total
number of complexes in PDBbind because a single PDB structure may
be assigned to multiple entries.
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In addition, the proteins are represented very unevenly in
available data. The protein data hank (PDB) identifiers of 19 443
protein-ligand complexes are associated with 4749 unique
UniProt** identifiers, but 1.500 most frequently occurring
identifiers accounting for ~80% of the total number of
complexes (Fig. 1). The same is true for the protein families:
a total of 1646 distinct protein families and superfamilies are
present but the top 100 families aceount for almost 60% of
complexes (Fig. 1). Thus, despite a significant overall variety of
proteins, there is an obvicus overrepresentation of some
proteins and protein families, which may lead to model over-
fitting and imbalance.

There is little doubt that an insufficient overall number of
samples, limited ligand diversity, and protein representation
imbalanece in the available data for model training are impair-
ing the accuracy of ML-based approaches to the ligand pose
prediction. These limitations are especially noticeable when
comparing the amount and quality of the training data with
a requirement for the model to operate on arbitrary protein
targets and arbitrary ligands from an immense chemical
space.’

It is clear that the dataset of experimentally resolved struec-
tures will not grow fast enough to satisfy the demands of the
exploding field of ML ligand-protein binding prediction thus
other approaches are needed for overcoming the lack of raining
data.

In this study, we develop an approach of augmenting the
training set of the protein-ligand complexes with artificial data,
which mimies real protein binding pockets in a number of
structural characteristies. The statistical distributions of artifi-
cial pockets' parameters are fitted to the respective distributions
of real protein-ligand structures so that both types of data could
be used together seamlessly.

The idea of our approach is based on the assumption that
the number of favorable interaction geometries between the
protein amino acids and the chemieal groups of the ligands is
finite and is represented sufficiently well in the available
experimental data. What is presumably lacking, is the sampling
of all possible combinations of such interactions within the
binding pocket. In other words, we assume that available
experimental structures provide decent statistics about the
preferable chemical identity of interacting atom pairs, distances
between the atoms, and orientations of the corresponding
chemical groups. However, only a very small fraction of all
possible combinations of such pairs is observed in real
proteins.

If one generates a large number of “artificial binding
puckets”, which follow the same statistical distribution of the
interacting atom pairs as the real ones, but sample a much
larger variety of their combinations, it might be possible to
overcome the undersampling and to train the model on a more
complete set of data.

Although we do not have a strong independent proof of our
hypothesis, we decided ro validate it experimentally by devel-
oping an algorithm for generating artificial pockets, compiling
a dataset consisting of artificial and real pockets, and
measuring the performance of the diffusion generative model,

@ 2024 The Author(s). Published by the Royal Society of Chemistry
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which is inspired by DiffDock, and is trained on such
augmented data — PocketCFDM (Pocket Conformation Fitting
Diffusion Model). We show that PocketCFDM outperforms
DiffDock, which is a recent breakthrough technology in the field
of ML-based docking, in terms of generated ligand poses
correctness (less steric clashes and more favorable non-covalent
interactions). We also discuss future prospects of our method-
ology in terms of improving its predictive power and the speed
of inference.

Methods

Protein and ligand preprocessing

The Python API of the RDKit v. 2021.03 was utilized for loading,
processing, and feature generation of small molecules. A
custom protein processing module was developed to extract
protein data from the PDB files and to generate the necessary
features for model training. This module utilizes the PDB atom
names to obtain atom-level graph features, rather than relying
on a third-party software to infer them. This approach decreases
the exclusion rate for processed proteins due to inevitable
inconsistencies in the PDB files.

In order to assess the protein-ligand interactions, we
employed the SMILES arbitrary target specification (SMARTS)
substructure search to classify the ligand atoms or chemical
groups into the following categories: hydrophobic, aromatic,
amide, donor, acceptor, cation, anion, or halogen. The protein
atom assignment was conducted using a predefined mapping of
the standard PDB atom names (Table S1f).

Prior to the assessment of non-covalent interactions,
proteins and ligands were protonated (including any implicit
hydrogens). The protein protonation was performed in a similar
manner to EquiBind and DiffDock by using the reduce software
in arder to account for hydrogen bonding correctly. Addition-
ally, we considered possible alternative positions of hydrogens,
such as within hydroxyl or amine groups. In this work, we
considered only amino acids as the entities interacting with the
ligands, while the water molecules, ions and metal atoms,
which are present in the experimental structures, are dis-
regarded. This limitation could be addressed in the next
versions of our technique as detailed in the Discussion. The
source code of the preprocessing module is available: https://
github.com/vtarasv/rai-chem.git.

The choice of non-bond interactions

The hydrophobic and electrostatic interactions as well as the
hydrogen bonding (favorable non-bond interactions) were
assessed between the protein and the ligand. We also accounted
for unfavorable interactions, such as donor-donor atom pairs
in close proximity, to improve the overall quality of artificial
binding pockets by omitting such interactions. The summary of
all used non-bond interactions is shown in Table S4.f The
choice of included interactions is based on a compromise
between the multiple approaches in the literature,'™"®
commonly used cheminformatics software?®?* and widely-used
molecular modeling tool BIOVIA Discovery Studio Visualizer.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Ligand-protcin interaction statistics

The protein-ligand complexes with known 3D structures were
taken from the PDBbind dataset.”** Only the entries that satisfy
the following criteria were used: the presence of a single small
molecule ligand, resolution below 2.5 A, and an activity/affinity
less than 10 uM. A total of 10270 protein-ligand complexes
were selected. Among them 1805 ligand files were found to be
unreadable, resulting in a final count of 8465 complexes that
were used in this work.

The following statistical information was extracted:

o The probability of a specific ligand substructure (particular
atom type, aromatic ring, or amide group) to participate in
a protein-ligand interaction.

e The distribution of the number of the binding pocket
substructures that are connected to ligand substructures
through a specific interaction type.

e The distribution of amino acids involved in particular
interaction types.

e The distributions of distances and angles involved in
particular interaction types.

Artificial pockets generation

We utilized the PeptideBuilder package* to produce a collection
of 20 amino acids in the PDB format, as well as 400 dipeptides
representing each possible permutation of two amino acids.
The amino acids and dipeptides were flanked by GLY residues
on both sides and served as the basic building blocks for arti-
ficial pockets. The inclusion of flanking GLY residues helps in
the generation of the correct peptide conformers, which are
restrained by the peptide bonds on each side of the building
blocks.

Artificial pocket generation is an iterative process of placing
the building blocks around a small molecule in order to form
a realistic network of non-covalent interactions. A total of 13
potential interactions, both directed and undirected, were taken
into account during the pocket construction (Table 1).

Table 1 Non-bonded interactions taken into account during artificial
pocket canstruction

#  Pocket feature Ligand feature Interaction type

1 Aromatic ring Aromatic ring Pi stacking

2 Amide group Aromatic ring Amide-pi

3 Aromatic ring Amide group Amide-pi

4 Aromatic ring Cationic atom Cation-pi

5  Hydrogen bond donor  Hydrogen bond Hydrogen hond

accepror

6  Hydrogen bond Hydrogen bond donor  Hydrogen bond
acceptor

7  Hydrogen bond Halogen atom Halogen bond
acceptor

8  Cationic atom Anionic atom Electrostatic

9  Anionic atom Cationic atom Electrostatic

10 Cationic atom Aromatic ring Cation-pi

11 Cor§ atom F atom Hydrophobic

12 Cor S atom Cl, Br or I atom Hydrophobic

13 Cor S atom Cor S atom Hydrophobic

RSC Adv, 2024, 14, 1341-1353 | 1343
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The pocket construction starts from the particular small
molecule conformer (referred as ligand hereafter). For each of
the 13 interactions listed in Table 1, the following steps are
performed:

1. Find all the features of ligand L, which are compatible with
the current interaction type . Bach such feature is denoted as Fy;.

2. Given experimental probability P of finding F; among all
interactions of type ¢ and the random number p, determine
whether the new interaction should be added if p < P.

3. Select the peptide building block B to be placed by taking
all building blocks with the features compatible with 7 and
randomly selecting one of them according to the experimentally
determined probability of the corresponding residue to partic-
ipate in the interaction i.

4. For the chosen building block B, gencrate a random
conformer taking into account the peptide bonds to flanking
GLY residues. Then delete the flanking GLY residues.

5. Randomly sample the distance d between the Fy; and the
matching feature of B from experimentally determined distri-
butions and place the building block at a determined location.

6. Repeat the following steps until no steric clashes or
unfavorable interactions are found between the building block
and the ligand and between the building blocks:

a. Randomly rotate and translate the building block B
preserving the distance d.

b. Determine whether the angular criteria of interaction i are
met, if applicable.

c. If the maximal number of tries (2000 by default) is
reached, the building block is skipped.

Using this algorithm 8465 artificial pockets were generated
(one for each ligand from the PDBbind database). The distri-
butions of the non-bond interactions of the generated pockets
were computed and compared to the experimental distribu-
tions. Due to a good match of the distributions, no further
tuning of the algorithm was required.

The examples of randomly selected artificial pockets can be
found in the ESI (Fig. S1t).

Model training and testing datasets

In order to cover the maximal diversity of the ligands we
employed the ZINC20 database of commercially available
chemicals widely used for virtual screening.”**® The “In-Stock”
category of chemicals was chosen, resulting in a collection of 13
million molecules represented by SMILES. The compounds
were standardized using the ChEMBL Structure Pipeline®®
(https://github.com/chembl/ChEMBI_Structure_Pipeline).
Particularly, we eliminated duplicates, compounds with less
than seven heavy atoms, and large molecules with a molecular
weight exceeding 750 ¢ mol . This resulted in 9041707
compounds. A subset of compounds (size depends on the
model training settings) was randomly selected and used for
artificial pockets generation. The pocket generation was
repeated for each model training epoch.

In addition to the artificial pockets, the real binding pockets
from the PDBbind database were added to the training set.
These were defined as the residues with at least one heavy atom

1344 | RSC Adv, 2024, 14, 1341-1353
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within a 5 A from any heavy atom of the ligand. We compared
the model training results achieved with the artificial pockets
only, experimental pockets only, and a combination of both.

A subset of PDBbind complexes, which had been previously
used in the analysis of DiffDock technique,® was used for model
testing. We additionally removed all complexes containing the
ligands with more than 100 heavy atoms in order to concentrate
on the drug-like molecules.

Model performance metrics

In a manner consistent with the EquiBind,* TANKBind,* and
DiffDock® we used 25th, 50th, and 75th percentiles of symmetry-
corrected” root mean square deviation (RMSD) between ex-
pected and predicted ligand pose, together with the percentage
of predictions below 5 A or 2 A RMSD. The centroid distances
between the expected and predicted positions of the ligands
were tracked using the same metrics.

The following additional metrics of the non-bond interac-
tions were used:

e The fraction of favorable contacts (Fgy) — total number of
favorable interactions normalised by the number of ligand
heavy atoms. The contribution of the hydrophobic interactions
was accounted for with a weight of 1/6 due to their high relative
abundance.

e The fraction of atoms involved in favorable contacts (Fr,,.
aoms) — @ fraction of the heavy ligand atoms participating in at
least one non-bond interaction.

e The fraction of unfavorable contacts (Fyy g, ) - total number
of unfavorable interactions normalised by the number of ligand
heavy atoms.

In order to evaluate the quality of predicted ligand poses, we
determined the frequency of steric clashes between the ligand
and protein atoms. The clash was defined as the distance
between the atoms smaller than 70% of the sum of their
respective van der Waals radii.

Model training and inference

The core architecture utilized in this study was the diffusion
generative score model, which was adapted from DiffDock. This
model is based on SE(3)-equivariant convolutional networks
that operate on point clouds.** The model utilizes pocket and
ligand graph representations and takes into account the spatial
arrangement of the atoms. It produces SE(3)-equivariant vectors
that describe the ligand's translations and rotations, along with
SE(3)-invariant scalars per each compound's rotatable bond.
The input position of a ligand is subsequently altered based on
the model's output resulting in the final conformation of the
molecule within a binding site. The torsion angles of the ligand
are optimized as well as translations and rotations of the whole
molecule. During the training phase, the position of each input
ligand in a complex undergoes modifications caused by trans-
lational, rotational, and torsional noise, which can be referred
to as forward diffusion. The model then learns how to reverse
the diffusion process. This method enables the generation of
numerous alternative ligand poses during the inference
process.”

© 2024 The Author(s). Published by the Royal Society of Chemistry
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We adjust the DiffDock model inputs and architecture as
follows:

e The atomic-level pocket graph is used instead of the
residue-level graph of the whole protein.

o The categorical feature space of the ligand nodes was
decreased significantly by narrowing down the number of atom
types, number of neighbor heavy atoms, and atomic charges to
those expected in the typical screening databases of small
molecules.

The leaming rate was set to 0.0125 based on initial tuning.
During each epoch, the model is trained for 10 000 iterations
with a batch size of 4. In our experimental conditions, the batch
always consists of identical pocket and ligand components,
whereas the level of diffusion noise varies between individual
samples.

The models were trained for 25 epochs. During the training
based on artificial data, 10 000 ligands are randomly sampled
from the preprocessed ZINC dataset at each epoch. After that,
the artificial pockets are created for each ligand. Thus, 250 000
unique artificial complexes were generated for the model
training. Each epoch of training on experimental protein-
ligand complexes is performed with 10 000 randomly sampled
PDBbind entries (out of 16 379 complexes in the train split). The
training on a combined dataset was performed with a 4: 1 ratio
of artificial and experimental data with 200 000 unique artificial
complexes. The final production model was trained for 80
epochs using a combined dataset with 640 000 unique artificial
complexes. The model training, which is a GPU-intensive task,
and pocket generation, which is a CPU-intensive task, were
separated into distinct parallel workflows.

Given the generative nature of the model, it is possible to
produce an infinite number of alternate ligand poses. The real-
world model performance is thus sensitive to the scoring
function, which is used for the pose ranking and selection. The
developers of DiffDock employed a confidence model that takes
into account all protein atoms and produces a confidence score
of the ligand pose. In contrast, we employed a non-covalent
interaction score in the binding pocket, which reduces the
inference cost significantly. Our scoring function § is computed
as follows:

S = Frao + Fravaoms — 2Py — 2Funtav-atoms — 10Daasn

where Fy,nyaoms 15 a fraction of the ligand heavy atoms
participating in at least one unfavorable interaction, Dy, is
a sum of all distances, which are below the steric clashes
threshold. The coefficients of the scoring function were
adjusted empirically by visual inspection of the predicted
protein-ligand complexes.

Results and discussion
Statistics of non-bond interactions in experimental and
artificial protein-ligand complexes

Analysis of the high-quality PDBbind protein-ligand dataset
revealed a total of 343 784 intermolecular nan-covalent inter-
actions. As anticipated, the hydrophobic contacts were the

© 2024 The Author(s). Published by the Royal Society of Chemistry
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hydrophode (C'S-C/S) { 255262 (74 3%)

hy¢rogen tond 52603 (15.3%)

hydroghobe (C/S-ClBrA) 9423 (2.7%)

cabion-anion 8031 (2.3%)

P stacking 5143(18%)

amidegl 862 (17%)

hydrophobe (C5-F) 3089 (0.9%)

cation-pi 2623 (0.8%)

halogen bond * 748 (0.2%)

10 1 10°*

Fig. 2 Probability distribution of the non-bond protein-ligand inter-
actions in the PDBbind complexes. Every bar Is labeled with the total
number of interactions and its fraction. Note the log scale of the X-
axis.

predominant kind of interaction, with a total of 267 774 atom
pairs observed. The overwhelming majority of these interac-
tions oceurred between hydrophobic carbon or sulfur atoms.
The hydrogen bonds were the second most prevalent form of
interaction, occurring around once for every five hydrophobic
pairs. The remaining contacts constituted less than 3% of the
overall count (Fig. 2 and Table S2t).

The total number of non-bond interaction entries in the
artificial pockets involving the same ligands amounted to 453
593. This significantly larger amount, in comparison to the real
ones, is caused by formations of “unintended” interactions
(mainly hydrophobic) during the placement of the pocket
building blocks in the close proximity to the ligand. The pocket
generation algorithm underestimates the solvent exposure
contribution to the experimental interaction statistics because
the ligand-water interactions are not taken into account during
the pocket generation. This is also likely to produce additional
interactions with the protein, which partially substitute the
ligand-solvent interactions.

We compared the distributions of the parameters for cach
type of interaction between real and artificial pockets. For each
interaction type, we also computed the probability of the
involvement of particular amino acids in the binding pocket.

Fig. 3 shows the statistics of hydrophobic interactions in real
and artificial binding pockets.

There is a reasonably good correspondence between the
distributions, but the distributions of distances are systemati-
cally smoother and more monotonous for artificial pockets in
comparison to real ones. This is an artifact caused by the
frequent formation of “unintended” hydrophobic contacts
while generating other types of interactions due to the abun-
dance of hydrophobe atoms in both amino acids and small
molecules. The distributions of interactions among amino
acids are very similar except the notably increased involvement
of PHE and TRP in artificial pockets. This is explained by the
overlap between hydrophobic and pi stacking interactions,
which is not checked in the algorithm for the sake of compu-
tational efficiency.

RSC Adv. 2024.14,1341-1353 | 1345
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Fig.3 Statistics of hydrophobic interactions in the PDBbind and artificial pockets involving (A) C or 5 atoms of the protein and the ligand (B) Br, Cl
or | atoms of the ligand (C) F atoms of the ligand. The distance distributions are shown in the left columns and the pocket residues accurrence

ratio is shown in the right column.

Fig. 4 shows the statistics of pi stacking interactions. There
are two types of these interactions: parallel (true pi stacking)
and T-shaped (aromatic-pi interactions). The distance distri-
butions of both types of interactions are remarkably similar in
real and artificial pockets as well as the involvements of
different aromatic amino acids. However, the theta angle
distributions of parallel interactions for artificial pockets are
shifted toward 90° by 10-15° in comparison to experimental
ones since the generation algorithm only checks if the aromatic
ring has an angle within a given range.
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Fig. 5 shows the statistics of amide-pi interactions, which
could also be classified into parallel and T-shaped.

Similarly to pi stacking interactions, the distance distribu-
tions are very similar between real and artificial pockets, while
the theta angles in artificial pockets are somewhat shifted
towards 90°. The primary residues serving as donors of the
amide group were found to be glycine, which exposes the
peptide bond due to the lack of a side chain, as well as aspar-
agine and glutamine, which possess an amide group at the
terminus of their side chains. The predominant residue bearing

© 2024 The Author(s). Publishec by the Royal Society of Chemistry
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PDBbind and artificial pockets for the ligand aromatic ring — pocket amide contacts (A) and pocket aromatic ring — ligand amide contacts (B).

an aromatic ring in the amide-pi linkages is HIS, which
accounts for the majority of experimentally observed T-shaped
interactions. There are significantly less HIS contacts in artifi-
cial pockets because unfavorable donor-donor contacts
between the nitrogens of the HIS ring and amide group were
omitted during the pocket generation.

The distributions of the hydrogen bonds are shown in Fig. 6.
Hydrogen bonding imposes the biggest challenge in terms of
artificial pocket generation. It is clearly seen there are the
biggest discrepancies between real and artificial pockets in
terms of the hydrogen bonds' parameters, which are especially
visible for the angle distributions. In general, our algorithm
tends to underestimate the D-H-A angles (the significance of
the angle distribution was deliberately reduced to speed up the
algorithm) and doesn't capture the distance peak at 2.8-2.9 A,
which is observed in real pockets, while generating significantly
more long h-bonds (short h-bonds tend to be discarded more
often during the generation as they often lead to steric clashes

© 2024 The Author(s). Published by the Roval Society of Chemistry

between the atoms not participating in the interaction). These
compromises allow us to keep the algorithm fast enough for
routine practical usage. At the same time, the involvement of
different amino acids is reproduced remarkably well in artificial
pockets.

The halogen bonds are the least frequent type of interaction
in real binding pockets. Their distributions are shown in Fig. 7.
Taking into account the small number of observed interactions
of this kind, the experimental and artificial distributions are
sufficiently similar to each other.

The electrostatic interactions were analyzed separately for
the “ligand anion - pocket cation” and “pocket anion - ligand
cation” pairs (Fig. 8).

The experimentally observed involvement of charged amino
acids is reproduced almost ideally in artificial pockets, while the
distance distributions are somewhat different in real and arti-
ficial pockets. Artificial pockets possess more iterating pairs at
larger distances than real ones, which could be explained by the

RSC Adv. 2024.14, 1341-1353 | 1347
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increased complexity of fitting pocket residues in the close
proximity of a small molecule. Such placement often leads to
steric clashes and thus is often discarded by the algorithm.

The last type of interaction is cation-pi pairs (Fig. 9). They
are rather minor and the distributions of their parameters are
very similar in real and artificial pockets without any significant
feature worth commenting on.

Impact of artificial data on model performance

To evaluate the potential influence of data augmentation using
artificial protein-ligand complexes on model performance, we
compared three models. The first model was exclusively trained
on experimental protein-ligand complexes, the second model
was trained on the artificially generated pockets with corre-
sponding small molecules, and the third model was trained on
the combination of both. The metrics are reported for the top-1

1348 | RSC Adlv, 2024, 14, 13411353

predicted complex and the best of the top-5 predicted
complexes based on custom scoring function S (see the
Methods section).

Table 2 illustrates that the inclusion of artificial or combined
data in the training process led to enhancements in both the
RMSD and centroid distance metrics, as compared to the model
trained exclusively on experimental complexes. Unexpectedly,
the training of the artificial dataset is superior to the combined
dataset in certain metrics, particularly when the generation of
40 poses for each pocket was used. We hypothesize that this
might be caused by ignoring the solvent exposure contribution
in the pocket generation algorithm, which results in an exag-
gerated number of the protein-ligand interactions and the
tighter spatial constraints in the final ligand pose. In addition,
we noticed multiple experimental complexes with the steric
clashes (e.g. 1gj4, 5yr6) or even covalent bonds (e.g. 3s3q, 6eyz)

@ 2024 The Author(s). Published by the Royal Society of Chemistry
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between the protein and the ligand. Such artifacts constitute The combined dataset of protein-ligand complexes exhibi-
nearly 5% of the PDBBind training data, which may contribute  ted superior performance compared to the other two datasets in
to confusing the model concerning valid physical distance terms of both favorable and unfavorable non-covalent interac-
constraints. tions, as illustrated in Table 3. Additionally, it was observed that

© 2024 The Author(s). Published by the Royal Scciety of Chemistry R5C Adv, 2024, 14, 1341-1353 | 1349
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Table 2 The symmetry-corrected root mean square deviation (RMSD) and centroid distance metrics between predicted and real ligand posi-
tions in the PDBbind test complexes. The maodels generated either 10 or 40 ligand poses, The best of top 5 poses is picked based on the lowest
RMSD. 1 - means the higher the better; | — means the lower the better

RMSD Centroid distance
Y% Below Y% Below
Percentiles | threshold 1 Percentiles | threshold t

Dataget 25th 50th 75th 5A 24 15th s0th 75th 5A 24
10 samples, top 1

Experimental 4.08 5.51 745 40.93 5.02 1.02 1.75 2.7 494.59 57.92
Artificial 3.69 575 7.39 40.15 5.02 1 1.46 2.19 47.68 60.88
Combined 3.76 5.13 712 45.95 7.34 1.05 1.69 2.33 98.07 63.32
10 samples, top 5

Expcrimr:ntal 2.68 3.72 4.64 52.24 11.2 0.95 1.37 LYF 49.61 75.29
Artificial 2.49 3.47 4.6 B1.08 16.99 0.78 1.24 1.86 98.84 80.31
Combined 24 331 4.55 85.33 17.37 0.81 1.29 1.88 99.23 77.99
40 samples, top 1

f‘b(pl.‘rimEl'lfS] 3.89 554 7.36 40.93 4.63 1.01 1.73 2.48 9614 57.92
Artificial 3.47 3.46 7.25 47.1 7.72 1 1.39 2.09 97.68 72,39
Combined 3.86 52 716 45.95 6,18 1.05 1.57 2.42 97 .68 64.09
40 samples, top 5

E)(perime ntal 237 335 4.6 H1.24 15.06 0.85 1.19 1.69 99.61 H1.08
Artificial 1.99 3.08 1.3 B5.33 251 0.73 1.11 1.609 40.61 81.63
Combined 2.09 3.3 4.6 81.24 23.94 0.8 1.26 1.49 9884 75.29

Table 3 The favorable rate, favorable rate unig, and unfavorable rate
for the predicted PDBbind test complexes. The models generated
either 10 or 40 samples. The best of the top & candidates are picked
based on the lowest RMSD. [ — means the higher the better; | —
means the lower the better

Favorable rate
b

Favorable rate®  unig Unfavorable rate
Percentiles T Percentiles T Percentiles |
Dataset 25th 50th 75th 25th 50th 75th 25th 50th 75th
10 samples, top 1
Experimental 0.27 037 (.51 0.38 053 D67 0 N0y 017
Artificial 0.27 039 053 038 0353 067 0O 0,07 015
Combined 0.27 038 054 041 054 0DAE O o7 015
10 samples, top 5
E(perimental 0.28 038 .52 035 053 066 004 0.1 023
Artificial 0.3 039 (.52 038 .52 068 0.4 DA 0.21
Combined 0.3 04 .56 039 055 067 003 0.09 018
40 samples, top 1
Expl.’l’imc‘l‘lml 0.29 037 0.54 04 54 0,71 0 006 0.14
Artificial 0.29 041 (.58 042 058 071 0 D.04 012
Combined 0.31 043 059 042 058 071 0 005 012
40 samples, top 5
Experimental 0.26 04 (.54 0.39 (.53 0.6 0.03 0.09 018
Artificial .29 041 0.35 0.3% 0534 0.7 0 0,07 014
Combined 0.32 043 055 041 056 071 0 D06 012

@ Total number of favorable interactions normalized by the number of
ligand heavy atoms. * A fraction of the heavy ligand atoms
participating in at least one non-bond interaction. " Total number of
unfavorable interactions normalized by the number of ligand heavy
atoms.
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the integration of the combined data for training purposes led
to a decrease in the proportion of samples exhibiting steric
clashes, as shown in Table 4.

A positive correlation was identified between the amount of
small molecule heavy atoms and the metrics such as RMSD and
steric clashes. Additionally, a negative correlation was found
between the count of atoms and favorable non-bond interaction
rates, as depicted in Fig. §2.7 This indicates that the model
performance decreases with the inerease of ligand size.

The final production PocketCFDM model was trained for 80
epochs using high-quality experimental data (used for the non-
bond interactions statistics retrieval) and artificial samples,
similar to the aforementioned combined dataset settings. A
significant reduction in the occurrence of protein-ligand sterie
clashes was observed, with percentages of 19.31% and 13.90%
for the top-1 and best of top-5 samples, respectively. This is
a nearly 10% decrease compared to the most optimal model
trained for 25 epochs (Table 4). There has been no substantial
improvement in other metries.

Table 4 The percentage of samples within the predicted PDBbind test
complexes exhibiting at least one steric clash. The models generated
40 ligand poses. The best of top-5 candidates ara picked based on the
lowest number of clashes

Steric clashes

Dataset Top 1 Top 5

Experimental 33.34% 30.12%
Artificial 30.50% 26.64%
Combined 28.19% 23.94%

© 2024 The Authoris]. Published by the Roya Society of Chermistry
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Table 5 Comparison between the DiffDock and PocketCFDM on the test PDBbind dataset

Metric PocketCFDM DiffDock
Avg. inference time (s]; 40 samples 19 S0
RMSD; median; 40 samples; top-1 5.14 2.8
RMSD; median; 40 samples; top-5 3.02 217
Centroid distance; median; 40 samples; top-1 14 1.01
Centroid distance; median; 40 samples; top-5 1.08 0.81
Favourable rate; median; 40 samples; top-1 0.43 0.37
Favourable rate; median; 10 samples; top-5 0.42 0.39
Favourable rate unig; median; 40 samples; top-1 0.58 0.47
Favourable rate uniq; median; 40 samples; top-5 0.56 0.5
Unfavourable rate: median; 40 samples; top-1 0.02 0.07
Unfavourable rate; median; 40 samples; top-5 0.07 0.08
Steric clashes; 40 samples; top-1 19.31% 46.51%
Steric clashes; 40 samples; top-5 13.90% 25.97%

Comparison with other methods

We also performed a detailed comparison between Pock-
etCFDM and DiffDock, which is currently considered as the
most accurate Al technique for predicting ligand binding poses
(Table 5).

DiffDock exhibited superior accuracy in terms of RMSD and
centroid distance. In contrast, PocketCFDM exhibited superior
outcomes in terms of favorable and unfavorable non-covalent
interactions, as well as a notably lower incidence of steric
clashes. It was expected due to the divergence in the scoring
algorithms employed to evaluate and rank the generated
samples. The DiffDock approach utilized a confidence model
that was trained to prioritize samples with lower RMSD to the
actual ligand pose. However, in our context, the scoring
approach was more focused on the number of non-covalent
contacts and the absence of steric clashes, without consid-
ering the specific conformation of the ligand pose. Another
notable difference pertaining to the disparity in scoring func-
tions is the diversity observed within anticipated poses. The
median RMSD values between the alternative top-5 samples in
the PocketCFDM and DiffDock methods were 2.59 and 1.29

respectively. Additionally, it was noted that the mean inference
time for the PocketCFDM was approximately 1.8 times quicker.
This is attributed mostly to the reduced size of the protein graph
and the decrease in the graph's node feature space.

PocketCFDM differs from DiffDock in both the scoring
function and the training dataset. DiffDock is trained on the
residue-level full protein graphs, while PocketCFDM utilizes the
atomic-level graphs limited to the binding pockets (real or
artificial, see the “Model training and inference” section above).
The training dataset for PocketCFDM is augmented by artifi-
cially generated pockets, while DiffDock is trained on the
experimentally resolved protein-ligand complexes only. Thus
observed better performance of PocketCFDM originates from
both of these factors,

Additionally, we compared PocketCFDM performance to
conventional molecular docking methods such as Autodock
Vina,” QuickVina-W,* GNINA* SMINA,* and GLIDE.* The
results of traditional docking programs on the PDBbind dataset
were reported by the DiffDock authors.” According to Table 6,
PocketCFDM performs comparably to the conventional docking
methods. It is worth mentioning that the ML-based methods
don't guarantee the absence of inter-/intramolecular clashes in

Table 6 Comparison between the PocketCFDM, DiffDock. and conventional cocking techniques on the test PDBbind dataset. The ML-based
method results are reported for the best of the top 5 pose candidates among 40 predicted samples. T — means the higher the better; | - means

the lower the better

RMSD Centroid distance
% Below % Below

Percentiles | threshold 1 Percentiles | threshold 1
Method 25th 50th 75th 54 24 25th 50th 75th 5A 24
Auatodock Vina (top-1) 57 10.7 21.4 21.2 5.5 1.9 6.2 20.1 471 26.5
Quickvina-w (top-1) 2.5 7T 23.7 10.2 20.9 0.9 3.7 22.9 54.6 41
GNINA (top-1) 2.4 7.7 17.9 10.8 22.9 0.8 3.7 23.1 53.6 0.2
SMINA (top-1) 34 71 17.9 38 18.7 1 2.6 16.1 59.8 41.6
GLIDE (top-1) 26 9.3 28.1 33.6 21.8 0.8 5.6 26.9 48.7 36.1
GNINA (top-5) 1.6 4.5 11.8 52.8 29.3 0.6 2 8.2 66.8 19.7
SMINA (top-5) 1.7 46 9.7 53.1 29.3 0.6 1.85 6.2 72.9 50.8
DiffDock 1.2 24 5 75.5 44.7 0.4 0.9 1.9 88 76.7
PocketCFDM 21 33 4.6 82.2 23.9 0.8 1.3 2.0 98.8 75.3

@© 2024 The Author(s) Published by the Royal Society of Chemistry
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the docked complexes while the traditional approaches mostly
provide physically valid poses.

Limitations and perspectives

The primary area of enhancement of the PocketCFDM madel
lies in inference time, which is currently still too large for effi-
cient practical deployment. The mean time required to predict
40 ligand poses is around ~50 seconds at 24 GB NVIDIA L4 GPU.
The inference time could be improved significantly by replacing
computationally intensive EGNN blocks with more efficient
alternatives like GVP. The inclusion of the artificial pockets into
the training of even simpler regression-based techniques, such
as EquiBind and TANKBind, could also be beneficial since these
architectures are generally more sensitive to the number of
distinct training samples. It is possible to explore the usage of
multiple augmentations of the same input instead of directly
including specific symmetries and equivariances into graph
neural network (GNN) designs. The utilization of such
augmentation is popular in convolutional neural networks
(CNNs). Moreover, it demonstrated promising outcomes in the
domain of geometric graph learning.* This strategy may
potentially increase the model training time while resulting in
reduced inference time.

Another notable drawback of the present proof-of-the-
principle implementation is the possibility of ligand self-
intersections (intramolecular clashes), which have to be
filtered out during the post-processing steps. Incorporating
intramolecular and intermolecular clashes into the loss func-
tion during the training process could potentially address this
problem.

Also, we believe that incorporating larger ligands into the
training process will address the challenges encountered with
relatively large compounds. The ZINC20 dataset, which was
utilized in this work, has only 2.5% of molecules larger than 40
heavy atoms, which makes them underrepresented during the
model training. Although the median size of the ligands in this
dataset is 25 heavy atoms, which is quite common for the
datascts of drug-like molecules, a higher percentage of large
ligands may enhance the inference capabilities for larger
compounds while maintaining the same level of performance
for smaller molecules.

It should be pointed out that the current iteration of the
pocket generation algorithm doesn’t consider water molecules,
iong, and metal atoms, which are known to be important
mediators of interactions in a significant amount of protein-
ligand complexes. Thus currently our technique should be used
with caution in the cases when the involvement of water, ions,
and the metal atoms in the ligand binding is anticipated. We
assume that the inclusion of these components into the artifi-
cial pockets in the next iterations of our technique should
further improve the model performance and universality.

Another shortcoming of the current pocket generation
algorithm is the frequent formation of “unintended” contacts
(mainly hydrophobic) while generating other types of interac-
tions, which is evident from the disbalance between the number
of non-bond interactions found in the experimental and

1352 | RSC Adv, 2024, 14, 1341-1353
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artificial pockets. When the pocket building block is added,
additional interactions could be formed accidently apart from
the intended contact pair. Additional checks could be added in
future versions of the algorithm to minimize the amount of
such unwanted random interactions.

Although the present work concentrates on predicting the
ligand poses, it is necessary to note that the pose prediction is
only a part of the accurate prediction of the protein-ligand
binding. Two other important components are the accurate
scoring of the binding poses in terms of affinity or activity and
the accounting for protein flexibility and dynamies. The former
is currently being addressed not only by traditional docking
force fields but also by ML-based pose rescoring techniques.*®
The latter problem could be tackled by multiple approaches
including flexible and ensemble docking. Accounting for the
protein flexibility and the ensembles of protein conformations
are among the future directions of improvement for our data
augmentation technique.

Conclusions

In this work, we introduced the PocketCFDM generative diffu-
sion model for predicting the poses of small molecules in the
protein binding pockets. The model is trained using an inno-
vative approach of data augmentation, which involves the
construction of a large number of artificial binding pockets that
follow the same statistical patterns of non-bond interactions as
the real ones. In order to construct such artificial pockets we
thoroughly evaluated the statistical characteristics of non-bond
interactions in the real protein-ligand complexes and designed
an algorithmic approach that reproduces them in artificial
pockets, which are built around given small molecule
conformers. The performance of the models trained on exper-
imental data only, artificial data only, and a combination of
both was evaluated and compared to the currently most prom-
ising ML model for binding pose prediction DiffDock. It is
shown that the inclusion of artificial binding pockets into the
model training resulted in a significant increase of model
performance. Particularly, PocketCFDM outperforms DiffDock
in terms of the non-bond interaction counts, the number of
steric clashes, and the inference speed. The prospects of further
improvements of PocketCFDM are discussed. The inference
code, final model weights, and model prediction examples are
publicly available in the GitHub repository (https://github.com/
vtarasv/pocket-cfdm.git).
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JTOJATOK B

(000B’sA3KOBMIN)

HPE3EHTAIUA 10 ITIOACHIOBAJIBHOI 3AIIMCKH

KeBanidikauinHa podoTta marictpa

YHiBepcanbHa cucTeMa aBToMaTU30BaHOro TPEHYBAHHS Ta MOHITOPUHTY
mopenen MawwuHHoro HaeuanHs ans SAAS nnatdopmu in silico po3podku nikis.
On-Cloud gennonmeHT Ha Kubernetes knactepax xmapHux nposangepis

CneujanbHicte: 123 — kOMN'IOTEPHA IHXEHEPIa

Marictp: OcTposcbkui 3axap HOpinosuy

\\/Uu HaykoBuit kepiBHuk: A.¢., ct.eukn.kad. KIC MNasnosa 0.0.
@ RECEPTOR.AI

A

3apadi gocnimkeHHs

1. Po3po6utu apxitTekTypy nNOBHICTIO aBTOMATM30BAHOro nannnamnky AN TPEeHYBaHHA
Mogenen MalmMHHOro HaB4YaHHS Ha GioNOriYHUX AaHUX.

2. Po3pobutu ckopuHrosi GyHKUIl Ang BuGopy Hankpauwol ¢iHansHOl Moaeni Ta nposecTu
[etancHui aHanis Ix pesynbTatuBHocTi

3. IuTerpysatu po3pobneHuin nannnanH B SKOCTI cepeicy B icHytouy SAAS nnatdopmy in

silico po3poOku nikis.

RECEPTOR Al

Merta, npegmeT Ta 06’€KT AOCIAXKEHHSA

Merta: CTBOPEHHA ABTOMATU30BaHOrC nainnaitHy TPEeHyBaHHA MOAENeN MAWWHHOIC HAaBYaHHA Ha
GIONOriYHMX AAHUX, AKWIA BONOAIE BNACTUROCTAMU MOAYNLHOCTI, AETaNBHOIC HANALITYBaHHA KOHGIrypauil,

napanenisauil, WB®AKOro MacwTabyBaHHA Ta QeNNONMEeHTy ¥ A8ox cueHapiax — On-Cloud.

Mpeamer AOCNIKEeHHA: aBTOMATU30BaHI NaWNNaiHW MAWMWHHOrC HaB4akHA ans GionorivkvMx 3agad 3

po3pobxu Hosux nikie ana On-Cloud ikdpacTpy<Typ.

OO6’exT ROCNifpKEeHHA: aBTOMATU30BaHI NANNNEAHU MLUMHHOTO HABYAHHS.

RECEPTOR.AI

HaykoBa HOBU3Ha

1. Pospobneno On-Cloud Bepcilo MOBHICTIO aBTOMATU30BaHOMO NannnanHy ans
TPEHYBaHHA MOAENen MalLMHHOIO HaBYaHHA Ha GIONOMIYHUX JaHMX;

2. Pozpobnennii naitnnarH Bnposagxero 8 SAAS nnatdopmy ans in silico
PO3pPoBKU NiKiB;

3. Po3pobneHo 3 cimeinctaa CKOPUHroBux GyHKUIR ans subopy Hankpalol

$iHanbHOT MOAeNi Ta NPoBEeASHO AeTanbHUI aHani3 X pesynsLTaTMBHOCTI.
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lMpakTu4Ha UiHHICTb

MpakTUUHA  3HAYUMICTL  OTPUMAHUX

pe3ynkTaTiB  nonarae  y MOX/IUBOCTI

ABTOMATUYHOIO TPEHYBaHHA MoAeNnel MAWMHHOrO HAaBYaHHA Ha MONIEKYNADHUX
AaTaceTax i NoAansLoro X BukopucraHia y SAAS nnatdopmi.

RECEPTCR Al

Pozgain 1. Ornag icHylouux pileHb

AIDDISON

Mepesaru:

® AaBTOMATU30BaHWW NannnawnH ansa
TpeHyBaHHg ADME-Tox moaenei;

® [HY4YKICTb HANalWTyBaHHSA
napamerpie TpeHyBaHHS.

Heponiku:

®  BiACYTHICTL dyHKUIoHaNy AnA
aHanisy pesynbrartie HaTpeHoBaHuX
Mogenen.

Bioconductor

MNepeearu:

® BUKOPUCTAHHS ONTUMaENbHUX
XMapHUx n@Um_m,w ONgG TpeHyBaHHA
mMopenen,

e Bi3yani3auis pesynbsraris.

Hegnoniku:

® CKNaaHIiCTL BUKOPKWCTAK

RECEPTOR A

Cy4acHWA C8iT AaHUX Ta TexXHONnorim  nocCTinHO
POSBMBAETBCY, NPONORYYA Ble HOBI BUK/IAKN Ta
MOXNUBEOCT ¥ nmvﬂcm MALUMHHOIO HaBYaHHR T3 LUTYNHDIO
IHTeNnexTy. B KOHTEKCTI CTRIMKOrQ nporpecy, Bax/imBICTb
me.ﬁ:erﬂO Ta WBUOKOTC BAPCBAAXEHHN MAWMHHOro
HABYaHHS Y PISHOMAaHITHI NPOMUCNOBI 1@ ACCAIAHULLKI
npouecy He Moxe ByTn nepeoyHeHa.

OcobnuBa ysara y UbOMY KOHTEKCTI NPAAINAETLCS
Nigxoaam aBTOMaTU3auil MalLMHHONO HEBYaHHA, SKi sigomi

nia 3aranbHol Kaleow AutoML

Pozpain 1. OcHOBHI cknagoBi NnannnanHy aBToMaTUYHOIO
TPeHyBaHHA Mofeneil MalUMHHOIo HaBYaHHA

ToHm
Bisyanizaus Bu6ip ML e Biayanizauyis
X rinep-napawver i
Aannx (EDA) mogen i AdHUX
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Pozgin 2. MatemaTtuuHe GopMyrntoBaHHA anroputmie
MalMNHHOIrO HaBYaHHA

y = f(x9),
Jie Y — IPOTHO30BAHE BHXI/IHE 3HAYEHHS,;
X — BEKTOD BX1/IHMX arpuOyTis;

6 — mapameTpu MozierTi (HANPHKIIAJL, BarH y HEHPOHHIi Mepeki);
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Pozgin 3. JocnigxeHHs i Bu6ip texHonorii On-Cloud
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Pozgin 4. CTBOpeHHS CKOpMHroBux GyHKUiM ana etany

BMOOpPY Harkpalloi moaeni

rel

St~ 2
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cv »oue:

e rel ™ BINHOCHA PI3HKUA;

rel, - BIAHOCKA AGCOMOTHA PI3HULS;
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Po3pain 4. 3anponoHoOBaHi CiMECTBa CKOPUHIOBUX
dyHKUiN
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MJHICTEPCT@O OCBITH | HAYKU YKPAIHU
XMEJIbHHULIBKMHA HALIIOHAJIBHHIM YHIBEPCUTET

PELIEH3IS] HA KBAJII®IKALIIMHY POBOTY

Jumnomunk: Octposebkuii 3axap IOpiiiosiy

Tema: VniBepcanbha cHcTeMa aBTOMATH30BAHOIO TPEHYBaHHA Ta MOHITOPHHTY
moaenel Mamwnnoro Hasuanns s SAAS miardopmu in silico po3poGiu Jiikis.
On-Cloud nennoiiment Ha Kubernetes knacrepax XMapHux NPOBaMIEPIB.

Coeuianbuicrs: 123 «Komn’torepua imkenepisy

O6¢sr gunuomuoi poboTu:

Kimskicrs cropinok 3amuexkn QY c.

1. Koporkwuii 3mict poGotn Ta npuilHSTHX pileHs: CTBOPEHO aBTOMATH30BaHMI
Nairiaiil TPeHyBaHHS MOJeNell MAMHHOrO HABYAHHS HA GIONOIIYHMX JAHHX, SKHii
BOJIOJII€  BJACTHBOCTAMH MOJYJBHOCTI, JETAIBHOrO HaNamTyBaHHA KOHQIrypauii,
napanesisamii, mBMAKOro MacmrabyBaHHS Ta JCIJIONMENTY y JBOX creHapisx - On-
Cloud Ta On-Premise. Po3poGuennit naiinnaitn Gys IHTErpoBaHMii B SKOCTI CEpBiCy B
icHytoay SAAS margopmy in silico po3poGku Jikis.

2. BucHOBOK Npo BiAMOBiIHICT PoGOTH AMIIOMHOMY 3aBjanHio: Po6oTa MOBHICTIO
BI/INIOBIIA€ I0CTABJIEHOMY 3aB/IAHHIO.

3. XapakTepucTHKa BUKOHAHHS KOKHOTO PO3JIiy, CTYMiHb BUKOPUCTAHHS OCTAHHIX
JIOCATHEHb HAYKW | TEXHIKM i NepefoBEX MeTo/iB poborm: Y HEpIIOMY  PO3Jiii
NPOAHANI30BAHO ICHYIOMI DillleHHs y ranysi asromarusamii naiimiaiiuip MammEHOrO
HaBYAHHS. Y IPyroMy po3ijii noby/I0BaHO MATEeMaTHIHY MOJIETh OCHOBHUX KOMITOHEHT
nainiaiHy JUlS  aBTOMarM4HOrO0 TPEHYBAHHS Mojenel MAIIMHHOTO Hapuanns. Y
TPETHOMY PO3/INI PO3LISHYTO METOMH peanmiauii Bepcii naiiruaiiny s On-Cloud
Aennoiiventy Ha Kubernetes knactepax xmapmux nposaiinepis. V YETBEPTOMY pO3Iini
Iurerpauis nafinaliny B SAAS nnardopmy anm pospobiu mixis. Haykosa noBm3na
OTPHMAHHX PE3yJIbTATiB MOJArac y TOMy, 1O Briepme pozpoGiero On-Cloud BEpCIIO
MOBHICTIO ABTOMATH30BAHOrO MalfiaifHy /Uil TpeHyBaHHA Mojeiell MaIMHHOrO
HaBYaHHs Ha OionoriyHuX Aanux; pospoGienuii naliniaiin BnposamkeHo B SAAS

miaropmy i in silico po3poGku JKiB; 3a AOMOMIOI0 CTBOPEHOro nainnaiiny




narpeHosano mozxeni Juisi nepeabadenns ADME-Tox mapamerpis  monmekyn Ta
inrerpoBano iXx y SAAS nnardopmy.

4. I1o3uTHBHI CTOPOHH POOOTH: OTPUMAHHS TPHOX MYHKTIiB HAYKOBOI HOBH3HH

5. HeratuHi croponu po6oTH:

6.0minka rpaiusoro oopmieHHs Ta NOACHIOBATBHOI  3alHMCKH  POGOTH:
TosicHroBabHa 3amicka oopMICHa KOPEKTHO, 3riHO JiI0YMX CTAHAAPTIB 0(OPMICHHS
AOKYMEHTALLT,

7. Bimyk mpo poGory B wizomy: PoGora BuKOHaHa Ha BHMCOKOMY HAyKOBO-
TEXHIYHOMY PIBHi.

8. IHui 3ayBakeHHs:

9. OniHka IUIIOMHOT poGOTH: BiZIMIHHO.

Peuensent (npi3sume, iM’s, 1o 6aTbkoBi, nocana, Micue podoTH)
Bc:,/mc\/( Duticeupp Bowopuiuiypeone, (T U, NI ecL)), 46 5}11/4/_5&66
LRe uLun'zcme/zzmA nayk XHY
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3asinysauy xadeapu KIIC
A-p.TeXH.Hayk, npod. ToBopymenko T. O.

Ocrpogcebkoro 3axapa IOpiiiosrua
15 3106yaaya witiol ocaimi

®IT, 2 xypey, rpynu KI12m-22-2

3ASBA

3 npasunamu umHHOTO TTONONKEHHSA «IIpo cucremy 3abesnedcHHs akafeMiuHOi
AobpoyecroCTi y XMensummsKomy HallioHaNsHOMY yHiBepcuTeti» Bim 01.07.2022, 3rigso 3
SIKHM BHABJICHHS MUIATIaTy € MiACTAaBOIO /UIS BiIMOBH B JOMYCKY kBasiikaniitHoi pobotn 10
3aXMCTYy Ta 3aCTOCYBAaHHS 3aXONiB JMCUMIUTIHADHOI Ta aKajeMiuHoi BLITIOBIIANBHOCTI,
o3Haiiomienwii (a). Tlpo BHKOpHCTaHHS NPOrpaMHO-TEXHIYHMX 3aCOBIB A  meperipku
kBastidikauiinux pobir 3106yBavis BUIMOI OCBITH Ha muariar OTORIiIIEHHMIiI(2) Ta HANAIO CBOIO
3rofty Ha o6pobKy Ta 36epexeHHs yHIBEPCHTETOM MOET po6oTH B IHCTATYLIHHOMY penosuTapii
YHIBEPCHTETY,

Takox wanawo ywisepcurery mpao na nepefaty Moei pofGotu Juis obpodkH Ta
30epeskenns B 6a3ax AaHWX NPOTPaMHO-TEXHIYHHX 3acOBiB (Unicheck Ta Anti-Plagiarism) ta
BHKOPHCTaHHA pobOTH IS BHABIEHHS miariary B imummx poGorax, saxi NEePeBipAIOTLCS
MPOTPaMHO-TEXHIYHUMH  3ac06aMH  Ta  KODHCTYBAYAMH, 10  MAlOTh JOCTYn 70 muX
MPOrpaMHO-TEXHIYHHX 3acODIB, BHKMIOUHO B OOMEXKEHHX WiNAX /LIS BHSRISHHS niariaty B
TEKCTax pooiT.

Pobota ansa mepeBipks yHiBepcHTeTOM HazacTLes B APYKOBAHOMY Ta ENEKTPOHHOMY
BapianTi. Enickrponna Bepcia Moci poGoth 36iraeTsea (inenTnyna) 3 JIPYKOBaHOIO.

23 tpasns 2024 poky




PIIIEHHS EKCITEPTHOI KOMICIT
KA®EJIPW KOMITIOTEPHOI IHKEHEPIT TA IHOOMALIIHHUX CHCTEM
TIPO JIOTTYCK KBAJIIGIKAIIIITHOT POBOTH JI0 3AXUCTY

ITinTBEpAKYEMO O3HANOMICHHS 3  PE3YIbTaToOM 3BiTYy NOMIOHOCTI 1LOA0 poboTH,
FEHEPOBAHOIO CHCTEMOIO BHABJICHHS TEKCTOBHX 36iriB/ileHTHIHOCTI/CXOKOCTI:

Haasa: VYHigepcanbHa CUCTEMA _3aBTOMAaTU30BaHOIO TpeHYBaHHA T3 MOHITOPUHIY
moaenei M yaHHA ana SAAS nna in sili 0BKU NiKi -Cloud genno¥meH
Ha Kubernetes kiactepax xmapHWX npoBaiaepis

Aprop:_____ OcTposchkuit 3axap HOpiioauy
CrieuianbicTb:___ 123 — Komn'iotepHa iHweHepia
OcBiTHS IPOrpaMa:___ 0CBITHbO-HaYKOBa

Haykosuii kepiBHHK: a.¢., crapwwuii euknagay Masnosa 0.0.
TTicns aHanizy 38iTy noxibHoCTi 3po6IEHO TAKHI BUCHOBOK:
Ne BuchHosok [To3nauka npo
BiAMOBIIHICTD
1 3&[1(:3]4‘&&11!, BHABICHI B pOGOTI, € 3aKOHHHMM 1 HE € ILIAIIATOM. PoGoTa BizmoBizac
NPHHMAETHCH 10 3aXHCTY.
2 BuspieHi 3ano3uyeHns He € TUAriaToM, posMimlieHi B po3inax, fKi He OMHCYIOThH

Ge3nocepeanbo aBTOPChKE AOCHIKEHNS, le KUThKICTh UATAT HCPEBHLIYE obcesr,
BUMPABIAHNH [TOCTABICHOIO MeTOI0 podoti PoGoTa mpHilMAEThes 10 3aXHCTY, a1e
Mae GyTi BiKopHrosana. Bikopurosanuii sapiant mae GyTi noanwii na kadeapy
3a 2 JIHi JI0 33XHMCTY, PA30M 13 3a4BOK WIOAO CAMOCTIHHOCTI BHKOHAHHS 1IHCHMOBOL
poBOTH Ta iICHTHYHOCTI JIPYKOBAHOI Ta eNICKTPOHHOT Bepcii poboTi

3 BHABICHI 3aN03W4EHHS HE € TUIAriaToM, aqe YacTKOBO PO3MilICHi B posainax, ski
ONHCYIOTH OE3MOCEPEAHBO ABTOPChKE HOCIIDKEHHS, @ KUIbKICTS LWHTAT EPeBHLLYE
o6CAT, BHIPABAAHUI TIOCTABICHOIO METOI0 POGOTH. B 38’A3KY 3 MM MCTa poDOTH
Ta MOCTARMCHI 3aBfaHMHA He Oyau gocsrheni. PobGora moxe GytH fomyiieHa 7o
3axHcTy (HACTYITHOTO POKY) Micas TOro Ak 6yle BIAKOPHIOBAHA Ta JONPaIBOBAHA i
VCIIIHO NPOHIe MOBTOPHY NEPCRIPKY HA AKANCMIYHMI Mariat.
4 Po60Ta MiCTHTL HABMHCHI TEKCTOBI CHIOTBOpeHHs, nepenbauysani cpobu YKpHTTS
3ano3nueHs abo iHI NpoABH akajeMiyHoro uariary. Pofora MicTHTh dabpHKaLliio
ab0 hamscrbikaniio nannx. PofoTa He JOMYCKACThES J10 3aXHCTY.
TTiaTBEpAKEHHS:
3ar03HueH s, BUsIBICH] B po6OTi, € 3AKOHHHMH | HE € TUIATiaTOM, OCKLUILKH:
1) yei 3ano3udents ¢pparmenTapii, a60 MAlOTh HAICKHAM YHHOM OPOPMICHHT TIOCHIAHHS,
2) okpemi BusBieHi 36irm € 3aranbHOBKMBAHMMM (pasamu abo BMpasaMH, NPO WO CBIAMNTH
MOCHJIAHHS CHCTeMH Ha 36ir 3 JuKkepeiaMu Ha OMH (ParMeHT peHeH s

3) Bei 3aiKCOBaHi CHCTEMOIO O3HAKH MOAMGIKALLT TEKCTY BIIHOCATECSA /10 KOMOIHYBAHHS JATHHCBKHX
CHMBONIB 3i YKDATHOMOBHMMH CKOPOUEHHAMH iHJEKCIB B (opmynax, wo He € moandikaiie
TEKCTY.

Cymapnuii 06Car BCIX 3a103HICHb, BH3IHAUCHHUH CHCTEMOIO BHABICHHSA 30IriB/ IIeHTHYHOCTI/CXO)OCT
Unicheck, cknanae 1.62% i axpecyetses o 128 nepmopkepen; Ta cuctemoio Anti-Plagiarism cinanae
7%, 10, 3 YPaXyBaHHIM HABEICHUX OOTPYHTYBAHb, Bi/IMOBizIAC ) <TEPY HAYKOBOTO MOCHIJPKEHHS 1
CBI/IMTH HA KOPHCTH KBajTi(ikauiiinol poboTH.

KepiBaux podoTH 0. O. IaBnosa
Tapaut OIl V /_—~—  0.C.Casenko

3asigysau kadenpu KIIC % T. O. Toropymienko




