Hamounansanii vHIBepcuTeT «lloarasceka nosirexuika iMeHi FOpisg Kounpartrokay

(oBHE HallMEHYBaHHS 3aKJajy BUILOI OCBITH)

HaBuanpHO-HAVKOBUH 1HCTUTYT 1HGOPMAIIWHNUX TEXHOJIOTTH 1 POOOTOTEXHIKH

(moBHe HaifiMEHYBaHHS IHCTUTYTY, Ha3Ba (aKyJIbTeTy (BiIIiICHHS))

Kadenpa aBToMaTUK, EIEKTPOHIKM TA TEJIEKOMYHIKAII

(moBHa Ha3Ba KadeapH (IpeaIMeTHOI, IUKJIOBOI KOMICii))

IHosicHIOBAJIBHA 3aIIHCKA

10 KBamidikaiiiHoi poooTH

MaricTp

(cTymiHb BHIIOT OCBITH)

Hatemy PO3POBJIEHHA ITPOT'PAMHOI'O SABE3INEYEHHA TA
JOCJLIXKEHHS METOJIIB OGPOBKN TAHUX HA OCHOBI HEMPOHHUMX
MEPEXK

Bukonas: ctyaeHnt 6 kypcey, rpynu 601-TT
crnemanpHocTl 172 «TemekomyHIKali Ta

(mm¢p 1 Ha3Ba HANPSIMY MiATOTOBKH, CHEL[iaTbHOCTI)

paglOTEXHIKA

denbko B.B.

(mpi3BuILe Ta iHIIiaIM)

Kepiank Kocenko B.B.

(mpi3BuLIe Ta iHiLiaIN)

Pentensent lledep O.B.

(mpi3BuILe Ta iHIIiaIN)

[TontaBa — 2022 pik



Hamonanpauit yHiBepcuret «IlontaBchka nomitexuika imeHi FOpis KonapaTiokay
Iucturyr  HaByaibHO-HAYKOBUM 1IHCTUTYT 1HQOPMAILIHHUX TEXHOJIOTIH 1
POOOTOTEXHIKU

Kademapa ABTOMATHKH, €JIEKTPOHIKH Ta TEICKOMYHIKAIlIM

Cryninb BuIoi ocBiTd  Marictp

CnemianbHicTh_172 «TemexoMyHIKaIIlil Ta pagloTEXHIKa»

3ATBEP/I’KYIO

3aBimyBau Kadeapu aBTOMATHKH,
CJICKTPOHIKH Ta TEJICKOMYHIKaIll i

O.B. lledep
“ ” 2022 p.

3ABIAHHEH
HA MATICTEPCBKY POBOTY CTYJIEHTY

denbky BasienTuny BoJsioaumuposuuy

1. Tema mpoexty (po6otu) «P0o3p0o0JeHHsI POrPaMHOr0 3ade3NeYeHHsl Ta JAOCTiIKeHHs
METO/IiB 00POOKH JIAHMX HA OCHOBI HEIPOHHUX MEPesk)

KepiBHMK npoekTy (podotn) Kocenko BikTop BacniboBuY, 1.T.H., Ipogdecop
3aTBEep/KE€HA HAKa30M BHIIOTO HABYAILHOTO 3aKmany Big “12 ” 08 2022 poky Ne 544 da

2. CTpok mojaHHs CTyA€HTOM NpoekTy (podotu) 21.11.2022 p.

3. Buxigui gani mo mpoekty (pobotu) MoBa mporpamyBanHs C#, MyJabTUMEniHa
mwiardhopma Unity, IlpuHuMnm GVYHKINOHYBAHHS HEWPOHHUX MEPEX IPSIMOro
noImmpeHHss, MeToan HaBYaHHS HEUPOHHUX MEPEK.

4. 3MICT pO3pPaxyHKOBO-TIOSICHIOBAJILHO1 3aMUCKH (MEPeJliK MUTaHb, K1 MOTPIOHO PO3POOUTH)
[IpuHnunu  ¢GyHKIIOHYBAHHSA, MOOYJIOBHM Ta OCOOJHMBOCTI INTYYHHX HEHMPOHHUX MEPEK.
JlocaipkeHHS MeTOaiB 00poOku 1HdopMariii Ha OCHOBI HEHMPOHHUX Mepex. Po3poOieHHs
IIporpaMHoro 3adesneueHHs. Bubip apxiTekTypy, HAaBUaHHS Ta JOCIIDKEHHSI MEPEXK] V 3aa4ax
CTHCHEHHS 300paKeHb.

5. Ilepenik rpadiyHoro marepiany (3 TOYHUM 3a3HaYCHHSIM 00OB'SI3KOBUX IIJIaKaTIB):
1) Ilpormec cTBOpeHHS MOJIell HEUPOHHOT MEepexKi
2) HanamryBanus nmapaMeTpiB Mepexi
3) KepyBanHs HaBYaHHSM MOJIEI1
4) CrarucThKa HaBYaHHS
5) Bizyamizaris poOoTH Mepexi
6) Kiacudikaiiis Ta CTHCHEHHS 300paKCHb
7) Bottle Neck apxitektypa



8)

Mopens Mepexi CTUCHEHHS 300pakeHb

6. [lata Bunaui 3aBganns  01.09.2022 p.

KAJEHJAPHUM IIVIAH
ITop. . . . Tepwmin BukoHanHs |IIpumiTka
Ha3Ba etaniB Marictepcbkoi poOoTH )

No eTariB poOoTH | (T1akaTH)
AHani3 npuHLUIIB (PyHKIIOHYBaHHS

| [HEHPOHHMX MEpex, ix 0Cco0IMBOCTEM, BUOID 13.09.22 15% o 1
HANPSMKY JOCIIIKEHHS.
JlocmiKkeHHs: IPUHLUIIB (PYHKII1OHYBaHHS

2 [3roptkoBux HeripoHHHX Mepex (CNN) Ta ii 27.09.221 T | 30% In. 2
OCHOBHHMX KOMITOHEHTIB.

3 | JlochimkeHHs] HAaBYaHHS HEUPOHHUX MEPEK 10.10.22 40% Il 3

4 |Bubip MeToiB Ta moYaToK po3pobsenns 13 17.10.22 S0% | 1m. 4

5 |Po3po6ieHHs: NporpaMHOro 3abe3neyeHHs 25.10221 11 | 60% Il 5

6 Hapuanns mepexi 3a nonomoroto 13 ta 30ip 07.11.22 70% | T 6-8
CTaTHCTUKH

7 |Odopmenns MaricTepcbkoi poGoTH 07.12.22 /111 | 100%

MaricTpanT ®enbko B.B.
( migrmwc ) (npi3Buiie Ta iHinianm)
KepiBHuk podoTu Kocenko B.B.

( mipmnmc )

(npi3BHIIE Ta iHIiIiIiANN)



[MEPEJIIK YMOBHUX TTO3HAUEHD........cccciiiiiiieieeieeeeeeeee e 5
B T VIt sttt e et e e bt eesateesab e e nseaenbeesnseesnneas 6
1 HPUHITATIIN @YHKIIOHYBAHHS, IIOBY JOBU TA OCOBJIMBOCTI
IITYUYHUX HEMPOHHUX MEPEXK .......oooiiiiiiiiieeeee et 8
1.1 CtpykTypa Ta IPUHIUI POOOTH HEUPOHHUX MEPEIK ..eevvernreenrreererurennrenreenueeseenneens 8
1.1.1 PedepercHa Moieab MOOYTOBH HEUPOHHUX MEPEIK ..eevveerrreeerreennrreennreessveesseens 8
1.1.2 MaTeMaTU4HUI OMUC TYYHUX HEUPOHHUX MEPECHK ..evvvrererrerernrreernreeennnveeennnns 10
1.2. AHani3 cTaHy PO3BUTKY HEUPOHHUX MEPEIK ...vveerrreerreerireennreensreeseeeneeessuessnsesanns 12
1.2.1 OCHOBHI HATIPSMKH JOCTITIKCHHS ....eevveeeereeenreeerreeereensseensseesseessseesssessssesenses 12
1.2.2 CraHOBIECHHS MTYYHUX HEHPOHHUX MEPEK, IK OKPEMOT TATY31 ....vvveeeereennne. 13
1.2.3 TIpoOsieMH IITYIHUX HEHPOHHUX MEPEIK .eeeruvrreeeereeeerreeeanreeesreeessseeessssesennens 15
1.3 Oco6auBOCTI PYHKITIOHYBAHHS HEUPOHHUX MEPEIK ..evveeenerrrernrrreeanereeererreesssreeennns 16
1.3.1 JIOCTOBIpHICTB PE3yJAbTATY POOOTH IITYUHOTO THTEICKTY ..veeeeevveeeeveeenneveeennnes 16
1.3.2 OCHOBHI BJACTUBOCTI TA TIEPEBATH. .....ccuvreeererreerereeearreeesnseeesseeeesssseesssseesnsens 17
1.4 Knacudikariist ITYYHUX HEHPOHHUX MEPEIK. ..eceerrrrrererreeerreeenisreeeasresessseessseeesnnns 19
1.4.1 HeiipoHH1 MEPEXi MPSIMOTO TTOTITHPEHHS ......vvveervreeereennreenreessseesseeeseessseeensees 20
1.4.2 HelipoHH1 MEPEXKi 13 3BOPOTHIM 3B’ SIBKOM .....veerrereerrreenrreenrveennreensseesseessseesnnnes 21
1.5 Crioco6u 3aCTOCYBAHHS HEUPOHHUX MEPEIK ...vvveervreeeveerreeereeesseeesseeenseeensseenseennns 21
12370035 (0):3:97 001 (oI o103 1 720 OO TP 23
2 METO/II OBPOBKU IHOGOPMALIII HA OCHOBI HEMPOHHUX MEPEX ......... 24
2.1 Mamunanaui 3ip. CTUCHEHHS TPAPITIHUX 00PA3IB. ...eecevieerieerieeiieeiieeereeeveeeevee e 24
2.1.1 BOttIeneck apXITEKTYPA . ccccvereiriieeeiiieeeiiieesieeeesreeeesiteeeesareeesseeeesssseeessssaeeennns 25
2.1.2 TlepeBarn CNN Mepex y 3a/1a4axX KOMIT FOTEPHOTO 30PY .vvvveeeeruvvrreeennnvreeeennns 27
2.2 IpuHIUI POOOTH 3TOPTKOBUX HEUPOHHHUX MEPEK .eeeererreeerrreeaereeeasureeessseeassseeeans 28
2.2.1. OTICPALIS BTOPTKH ..eeevvveeeeuereeeierreeessreeessreeassssesassseeessssseessssssessssessssssssssssssennns 28
2.2.2. CYOIUCKPETHBALIIM .eeuvvveeeereeeeerreeessreeessseeesssseessssseesssseesesssessssssessssssessnsssesnnns 30
2.3. HaBuaHHs 3ropTKOBHUX HEMPOHHUX MEPEX 3a TOMOMOroo anroputmy Back
PrOPAGALION ... ..eiiiiiiie et e et e e e e et e e e bt e e e b e e e eataeeenaaeeeenraeeans 32
2.3.1. ®yHKuii BTpaT y 3aa4ax KIaCHU(PIKAIIT Ta PETPECT.ccuvrrreerreeriieniiiriririeenieenn 32
2.3.2 METO TPATIEHTHOTO CITYCKY ...ccuveeerrrererreesreensreessseessseessseesssesessessnsseesssesnsseennns 35
2.3.3 PO3NOBCIO/IKEHHS TPAIIEHTY MEPEKEIO Y 3BOPOTHOMY HATPSIMKY ................. 36
2.3.4 Metoau ontumizanii GpyHKII{ BTpaT Ha OCHOBI IPAIIEHTHOTO CIYCKY ........... 43
BUCHOBKH JIO PO3BIIIITY 2...ccuviieieiieiiieeiieeiieeiteesiveesreesteeesveessseessseeensseensseensseesssesssseennns 46

3 PO3POBJIEHHA ITPOI'PAMHOTI'O 3ABE3ITEYEHHSA ... 48



3.1 Bubip METO/IIB Ta TEXHOJOTTH POBPOOKH ....eeeevvrreerreeerreeerereeeeereeerssreesnsneeeennns 48

3.2 BnpoBapKeHHS 00PAHUX MPOEKTHUX PIIICHD ...veeeevvieeereeeeereeeeereeesssreeesnneeesnnns 54
3.2.1 IaTepderic HamamTyBaHHSI MOACIT HEHPOHHOT MEPEKI ....vvveeeereeeeereeeeereeenne 54
3.2.2 KepyBaHHS HABUaHHSAM MOJIET HEUPOHHOT MEPEKI....vvvrereereeererreerrereeeerereeannns 56
3.2.3 CratucTuka HaBYaAHHS. BI3YATIBAIIIS .....vveeeeeeiiieeiieeeeiiieeeciee e e 60
3.2.4 3araibHi HAMAIITYBAHHS MOJIEII ..cuvvveeesereeeeeieeeessreeeseseeessseeessseessssesssssseeennnns 62

3.3 TecTyBaHHS MPOTPAMHOTO 3a0C3UCHHS ......cvveeuvreerereerireennreennrreenseeessneessseessseennns 64

3.4 Po3poOka MoJiesTi CTUCKAHHS TPAPTIHUX O0PA3BIB....cvveererieeerieeirieeiieeireeneveennneeenns 66

12371632 (0):3:97 001 (0 I8 0103 1 720 T O USSP 67

BUICHOBK......cooiiiiiiiti ettt st sttt et e s ste e s sbeeeaaeens 69
CIIMCOK BUKOPUCTAHUX JKEPEJL.....cc.coiiiiiiiiiiieeeee e 70
JIOZIATOK A .ottt ettt ettt ettt st e sabe e sateesbeeesbeeesaneens 75
JIOIATOK Bttt e ete e e e s beesteeesbeeesaeeens 89
JIOLATOK B ...ttt sttt ettt st e st e s e eaeas 100

TIOTTATOK T oo s e s e e s e e es e 105



IEPEJIIK YMOBHUX IIO3HAYEHb

ANN (anrm. artifitial meural metwork) — mtyuna HeliponHa Mepexa.

CNN (anri. convolutional meural metwork) — 3ropTkoBa HelipoHHa Mepexa.
ReLU (anr. rectified linear unit) — ocHoBHa ¢yHkiis aktuBarii CNN.

FCL (anrmn. fully connected layer) — moBHO3B’ si3HMIA TH1ap.

MLP (anrn.multilayer perseptron) — 6araromapoBuii mepIEHTPOH.

FCL (anrxn. fully connected layer) — moBHO3B’ si3HMiIA T11ap.

CPU (anr. central processor unit) — IieHTpaIbHUI MPOIIECOP.

GPU (anrm. graphic processor unit) — rpagigauii mporecop.

DCT (anrmn. discrete cosine transform) — nUCKpeTHE KOCHHYCHE TTePETBOPEHHS
BP (anr. back propagation) — 3BOpoTHE pPO3MOBCIOIKECHHSI.

BN (anrm. batch normalization) — nakeTHa HopmaJizartisi.

CE (anrn. Cross Entropy) — kpoc eHTporisi.



BCTYII

Po3BuTOK y Tamy3i HOCHTIKEHHS HOBHX METOJIB 0OpoOku iH(opMallii Ha OCHOBI
HEHPOHHMUX MEpeXK MOB’ I3aHUH 13 30UTBIIICHHSAM KUIbKICHUX XapaKTEPUCTUK JTOCIIIKYBAaHUX
MEpEeX, a TAKOXK 13 MOTIMIIICHHSIM TT1XO/I1B 1010 OpraHi3allii 3B’ A3K1B HEHPOHHOT MEPEKi st
pizHoro Tumy 3amad. CroyaTKy HEUpPOHHI MEpexXl PO3IIsgaiucs 3Ae01IbIIOr0 y SKOCTI
piIeHHS 715 33/1a4, Jie 3BUYaiiH1 allTOPUTMH HE JaBAJIA MPUHHATHOTO PE3yIbTaTy (MAIIUHHIN
3ip, 3a1a4il Kiacudikailii, IpOrHO3yBaHHs JaHUX, T€Hepallisi HOBOIO KOHTEHTY TOIIO), ajie 3
4acoM 3’ SIBUJIMCSI TOCII/DKEHHS B 01K BUKOPUCTAHHS IITYYHOTO 1HTENEKTY JJI BUPIIICHHS
OUTBINI TPUBIAILHUX 3a]1a4.

OpHi€ro 13 TAKUM 337124 € 3a/1a4a CTUCKaHHs TpadigyHuX 00pa3iB. 3JaTHICTh 3TOPTKOBUX
HEHPOHHMUX MepeX KIacu(piKyBaTH 300paKeHHS OB’ 3aHa 13 TUM, 110 BOHU BUOKPEMITIOIOTh
03HAKH, 10 TIOBTOPIOIOTHCS JJIS PI3HUX 300pakeHb (MaTepHU ), a IMOTIM Ha iX OCHOBI POOJISATH
HMOBIPHICHY OIIIHKY HAJIEKHOCTI 300pa)XeHHSI 10 TOTO YU 1HIIOTO KJacy. 3 MiABUIICHHSIM
CKJIQIHOCTI HEHPOHHHUX MEPEeXk BUSIBIIIOCS, 10 JAHUN TAX11 MOKe OYTH BUKOPUCTAHUN ISt
TOTO, 1100 3a IEIKUMH O3HAKaMH BIITBOPUTH BUX1THE 300pakeHHs. CTHCKaHHS, MIPU 1IOMY,
BiIOYBa€ThCS 3a paXyHOK TOTO, IO KiTbKICHA XapaKTEPUCTUKA O3HAK (00CsT 3aiiMaHOi HUMU
mam’siTl) MEHIIIE 3a BUX1JHE 300pasKeHHS.

[Ipu po3p’si3aHHI Oyab-AKOi 3a7adl 3a JOMOMOTOI0 HEWPOHHUX MEPEeX 3a3/ajeriab
HEBIJIOM1 BHUXIJIHI TTapaMeTpu Mepeka (TOMOJIOTIs, ONTUMANbHI (PYHKIII aKTHUBaIlli, METO
HaB4YaHHSA 1 T.1). Takum yuHOM, PO3B’A3aHHS MOAIOHOI 3a7a4i 3BOAUTHCS O EMIIPUUYHOTO
JOCIIHKEHHS] BUOOPY apXITEKTypH Mepeki Ta mapaMmeTpiB JIsl il HaBUYaHHS.

Po3poOka mporpamHoro 3a0e3meueHHs, M0 [03BOJSIE BHUBOJIUTH  BI3yalbHY
iH(pOpMaIliI0 MO0 HABYAHHS MEpEkXi (CTaTUCTHKA, MOBEIIHKA OKPEMHUX IUISTHOK MEpexi
TOINO) CHPOIIy€e MiAOIp MapameTpiB MEPeXkl IS ONTUMAIBLHOTO BUPIMICHHS MMOCTaBICHOI
3a/ayi.

Tema maHOi MaricTepcbkoi poOOTH € aKTyallbHOIO, aJKe€ IOCIHIPKEHHS IITYyYHUX
HEHPOHHMX MepeX 3apa3 HaOyBa€ aKTUBHOTO PO3BUTKY Yy 3B’3KYy 13 MiJBUIICHHSIM

PO3PAXyHKOBUX MOXKIIMBOCTEH CydacHMX KOMIT toTepiB. PoboTa Takok € 1HHOBAIIMHOIO,
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aJKe TporpamMHoro 3ade3neyeHHs i3 rpadiyHuM iHTepdeiicoM B SKOMY MOKHA CTBOPIOBATH
Ta HaBYaTH HEUPOHHI Mepeki HebaraTo abo BOHO Ma€ 3HAYHI 0OMEKECHHSI Y QYHKITIOHAJTI.
Mertoro pobOoTH € po3poOKa MpOrpaMHOTo 3ade3reueHHs i3 rpadiyHuM iHTepdercoMm,
IO JI03BOJISIE 3MIMCHIOBATH HABUYaHHS HEHPOHHHX MEPEeX MPSIMOTO PO3MOBCIOLKEHHS
(3rOPKOBHX Ta IOBHO3B S3HUX) JJIsi POOOTH 13 300pakKEHHSIMH, a TaKOX JOCIHIHKCHHS
HaBYAaHHS MEPEX1 CTUCHEHHS TaHUX.
[TocTaBneHy 3ama4i MOKHA PO3UTMTH HA HACTYITHI €TaIH:
1) Po3poOnenHss cuctemu BBOJY/BHBOAY IporpamHoro 3abesneuyenns. Croau
BXOJIUTH Oe3mocepeHbo rpadiunuii iHTepdeic (peaaryBatnHs TOMOIOTIT MEPEXI,
KepyBaHHS HaBUaHHSM, BWBIJ CTaTHUCTHKH), a Takox (aiijioBa cucTema
3aCTOCYHKY (3aBaHTa)KEHHS Ta 30epiraHHs HaJallTyBaHh HEMPOHHOT MEpexi, a
TaKoX pobOoTa 13 JaTaceTaMu).
2) IlporpamHua peasnizaiiisi OCHOBHUX KOMIIOHEHTIB 3TOPTKOBUX HEUPOHHHX MEPEXK
JUTSI BUPIIIICHHS 3a/1a4 Kiracu]ikaliii Ta CTUCKaHHS 300paXKeHb 3 MOXKIIMBICTIO iX
HABYAHHS 32 JJOMIOMOTOI0 AJITOPUTMY 3BOPOTHOTO PO3MOBCIOIKEHHSI TOMILTKH.
3) Bubip Tomosorii, HaB4aHHS Ta AOCTIPKEHHS XapaKTePUCTUK MEpexki y 3amadax

CTUCKaHHA 300pa’KEHb.



1 IPUHIUIIN ® YHKIIOHYBAHHSA, IOBYJIOBU TA OCOBJIMBOCTI
ITYYHUX HEMPOHHUX MEPEX
1.1 CTpykTypa Ta NpUHIMII POOOTH HEHPOHHMX Mepe:K
1.1.1 PedepencHa moaesib Mo0OyA0BY HEHPOHHUX MeEpPex

JlromcTBO, 30KpeMa raiy3b IHXKEHepii, JOCUTh YacTO TOCITYTOBYETHCS
JOCSITHEHHSIMU TIPUPOJIN I CTBOPEHHS HOBUX TEXHIYHHMX DIllIEeHh Ha 1X OCHOBI.
[lITygHni HEHpPOHHI MEpPEXI HE € BHUKIOYEHHSM - JOCHIHKEHHS MPUHIIUIIIB
(byHKITIOHYBaHHsI 010JIOTTYHUX HEHPOHHUX MEPEXK (BJIaCHE, MO3KY JIFO/ICH Ta TBAPHH)
JI03BOJIMJIO OMHCAaTH MAaTEeMATUYHY MOJEIb fKa CTajla OCHOBOIO Y CTBOPEHHI HOBHUX
HaIPSIMKIB KOMIT FOTE€PHOT'O 1HTEJIEKTY.

CTBOpeHHs IUTYYHMX HEHPOHHMX MeEpeX B 3HAuHIA Mipi 3000B’s3aHO
JOCTIDKEHHAM y Taly3l HelpoOloJorii, a B OKPEMHUX BHIIaJKaX poOOTa IITYYHOI
HEHWPOHHOI MepeX1 MOYKE€ HaraayBaTH B JIE€SIKIM Mipi poOOTy MO3Ky. IIpoTe myxe
YyacTe MOPIBHSHHS MPOLIECIB AKI BiIOYBAETHCS Y MO3KY Ta MPHUHIIUITY 3aKJIaJICHOTO Y
MTY4YHI MEPeXi € HEAOUUIbHUM, aPKe pPETbHHM 3B’S30K MDK O10JIOTIEI0 Ta
KOMIT FOTEPHUM 1HTEJICKTOM AYXKE CIaOKHiA, 1 4aCTO BUKJIMKAE P HETIOPO3YMIHb.
Kpim Toro, Haii 3HaHHS NpO NPUHIMIM (PYHKIIOHYBAHHS O10JI0TTYHOTO MO3KY HE €
(dbyHIaMeHTaIbHUMHU, 10 CBITYUTH MPO HEMOMIIUBICTH BIATBOPEHHS 3aKIAJCHUX Y
MO30K IPOIIECIB Y SIKOCTI 3pO3yM1I0T MAaTEMaTUYHOI MOJIEI.

HaBiTh 3 ormsaay Ha BUIIECKa3aHE € KOPUCHUM 3HATH JESIKi OCHOBHI
MOJIOXKEHHS 11010 MPUHIIUITIB pOOOTH 01070TTYHOT HEPBOBOI CUCTEMHU, aJKE IITY4HI
HEHUPOHHI MepeXi HaMaraloThCs HAOMM3UTHCSA TO €(PEeKTUBHOCTI 0 O10JOTTYHUX
Mepex MpH PIIeHHS 3a71a4, K1 6€3 mpo0ieM BUPIIIYIOTh JIFOIU Ta TBapUHU [1].

JlocimpKeHHs ITYyYHUX HEHPOHHUX MEPEXK, B 3aralbHOMY BHITAJIKY, TTOB’sI3aH1
13 TUM, 110 c1riocid 0OpoOku 1H(OpMaITi HEPBOBOIO CUCTEMOIO JIIOUHN a00 TBApUHU
B 3HAYHIM MIpl BIJAPI3HIETHCS BIJ TOro, sSIK I poOJATh 3BUYANHI HU(POBI
KOMIT IOTEPH.

J103BOJISIFOUM CTIPOILIEHHSI, MO30K MO>KHA YSIBUTH SIK AYXKE CKIIa/IHY, HENIHIHHY

CTPYKTYpPY, OCHOBHUMH KOMIIOHCHTaMH SIKOi € HEHpPOHH, IO MArOTh BJIACTHUBICTH
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camMooOpraHizaiiii, sKka B CBOIO YepTy J03BOJISE BUKOHYBATH CKIIAIHI NIl 3BUYAHOT
00UMCTIOBAIbHOT TeXHIKM 3adaul. [IpukimagamMu MoxyTh OyTH  Kiacudikaris
(po3mizHaBaHHs 00pa3iB, 3BYKiB, 3aMaxiB Ta T.1.), MOTOPHI (PYHKIIIT (3BUYaiTHA 1J1s1 HAC
Jisl, HAMIPUKJIIAJ X0Jb0a — 1€ 3a/ITHHS BEJIMYE3HO1 KUTBKOCTI M’SI31B Y MPaBWIbHIM
MOCJTIJIOBHOCTI, YAM BJIACHE 1 3alMAaEThCs MO30K), 0OpoOKa CHrHajiB (CBITJIOBUX,
3BYKOBHX 1T.1) [2].

HepBoBa cucrtemMa IOIUHM HAA3BUYaHO CckiIaaHa. [lo pi3HUM OIliHKaM
TOJIOBHUI MO30K JIFOJIMHU B CEPEIHBOMY HAIIYYy€ JECSTKH, a 1HOAl MUIIYTh 1 MPO
COTHI MUIbSIp/IIB HEMPOHIB Ta HA MOPAIKUA BUII 3HAYEHHS KUIBKOCTI 3B’SI3KIB MIXK
HUMHU. YHIKaJIbHa OCOOJMBICTh HEHPOHY TMOJSAra€ B TOMY, IO BIH Ma€ 3MOTY
nepeaaBaTy, MpUMaTH Ta OOpOOJISATH €NEeKTPOXIMIUHI CUTHATH, 10 NepeaaroThCs
HEpBOBMMH 3B’si3kamu. CyKyIHICTh HEWPOHIB Ta iX 3B’S3KIB YTBOPIOIOTH CHCTEMY

KOMYHIKaIlli TOJIOBHOTO MO3KY JIFOJMHHU.

Tino KNiTMHu

?////ﬂeHApMTM
/7

SN

AKCOH

CunHanc

Pucynok 1.1 — CtpykTypa 610J0T14HOTO HEiipoHa

Ha pucynky 1.1 3006pakeHa cTpyktypa 13 ABOX 010JI0TIYHUX HEHPOHIB. Y naHii
cucteMi 0OpOOKOIO NaHMX 3aliMaeThes Oe3nocepenHbo KiiTHHA. CUrHam Big Tina
HepoHa PO3MOBCIOKYETHCS 0 aKCOHAM Ta JACHAPHUTAM, a MOTIM 4epe3 CHHAIICH
(MICTKI MDK JBOMa HEWpOHaMH) 10 IHIIMX HeWpoHiB. [Ipu 1bOMy, BaKIMBO

3a3Ha4YNTH, IO CHI'HAJI SIKUM NEPCHAAECTbCA YCPC3 CHHAIIC MOXKC 3MIHIOBaTHCS
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(amrurityna, dactora). OOpoOKka naHuUX TUIOM HEHpOHa B CHpPOIIEHOMY OadeHH1
npeAcTaBisie 13 cebe cyMaTop BXITHUX CUTHANIB (BiJ 1HIIMX HEWpoHiB). Ha ocHOBI
IHTEHCUBHOCTI BXIJIHOTO CHTHAJIy TiJI0O HEHMpOHA MpHUIIMAE PIMIEHHS MPO Tepeaady
CUTHAITY JaJIi, PH [bOMY CUTHAIH, 110 HAJXOAATh MOXYTh SIK CIIPUATH 30y HKCHHIO
KIITHHA TaK 1 TEepemKo/pKaTé Homy. besmocepennpo mepemaya curHaly ai
BIIOY€EThCS SKUIO CyMapHe 30yMKEHHSA y Tl HeWpoHa Ouiblle 3a AESAKUNA MOPIr.
3BICHO, IO 1€ JTy>X€ CIPOIIeHEe OaueHHS CTPYKTYpH O10J0TIYHOTO HEHPOHY, MPOTE
OUTBIIICTh IITYYHUX HEHPOHHUX MEPEX MOCIYrOBYETHCS CaM€ LUMH, MPOCTUMHU

BJIACTUBOCTSIMH [1].

1.1.2 MaTteMaTH4YHHUI1 ONUC IITYYHUX HEHPOHHUX MepPex

Ityyna HeWpoHHa Mepeka B HaWNPOCTIIIOMY BHIMAJKy CKIAJA€ThCS 13
BX1IHOTO IIapy HEMPOHIB, MPUXOBAaHUX IapiB (X MOke OyTH CKUIbKU 3aBrOJTHO 200
He OyTH B3araji; iX KUIbKICTh BIUIMBA€ Ha CKJIATHICTh MEPEXKi) Ta BUXIIHOTO IIapy
HEHPOHIB.

Bxianuii miap HEMpOHIB MO aHAJIOT1i MOYKHA MIPEICTABUTH Y SIKOCT1 CEHCOPIB 200
JATYMKIB, K1l IPUMUMaIOTh SKyCh 1H(popMallito. [IprxoBaHi 1mapu BUKOHYIOTh ACsKi
NEPETBOPEHHS 13 BXIAHUMH JAHUMH, a BUXITHHM [Iap HEHPOHIB — 1€ MO CYTI
pe3ynbTar podoTH MEpexi. 3HOBY K TaKd MO AHAJIOTIT y HAaC € JNESKUN MOAPA3HUK
(BX17H1 JaHi) 1 MM XOUEMO OTPUMATH JIeSIKy peakilito (BuxiaHi naui). Taka anasnoris €
JIOCHUTD JOPEYHOIO TIPH BUPIIICHH] JISSKHUX 3a7a4 Ha OCHOBI HEHPOHHHUX MEPEK.

THUIOBOIO apXITEKTYpOI0 HEUPOHHOI MEPEXi, Ky YacTo 300paXyloTh MpH ii
OIJIAJIl € MOBHO3B A3HAa Mepexa npsiMoro nommpeHHs. Lle o3nauae, mo Oynp siki
CUTHAJIM BiJ] BX1JIHOTO APy MOUIUPIOIOTHCS TUIBKK B OJJHOMY HAMPSAMKY (JI0 BUXOI1
MEpEeKi), IpU 1IbOMY KOKE€H HEWPOH HACTYMHOTO LIapy MOB’si3aHUM 13 HeWpoHaMU
nornepenHboro 1 Tak gam. CTpykTypa Takoi Mepexi 300pa)keHa Ha pUCYHKY 1.2.
Sxmo onuH abo JeKuIbKa 3B’S3KIB MOBHO3 SI3HOI MEPEXI MPSMOTO IMOUTUPEHHS

BIZICYTHI Taka Mepexa Ha3UBa€ThCs YaCTKOBO 3B’ s3HOIO (partitially connected).
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BxiaHui wap MpuxosaHwuii wap BuxigHuit wap

Pucynoxk 1.2 — CrpykTypa MOBHO3B’S3HOT HEHPOHHOI Mepexi MpsMOTo

IMOIIMNPCHHA

Jle X — 1e BXOAU MEpexi, Wij — 11e Bara 3B’s3Ky 1-r0 Ta j-ro HEHpOHIB, y —
BUx0au Mepexi. KoxkeHn HelipoH BUKOHYe (DyHKIIII0 cymaTopa (1o aHajlorii 13 TijIoM
KIITHHA y OlOJIOTIYHUX Mepekax). MaTeMaTH4yHUi OMHMC BU3HAUYEHHS BUXIIHOTO

CUTHATy HEUpOHY npeacTasieHuit y gpopmymi 1.1 [1].

3Ha4yeHHS HEHpOHIB  MONEPENHBbOTO IIAPY X;j MHOXKATbCS Ha Barosi
KOeiIieHTH Wi,j Ta cKiagaroThes. OTpuMaHe 3HAUYEHHS HA3MBAETHCS 3BAXKEHOIO
CyMOI0. 3HaUCHHS BaroBUx Koe(MIimieHTIB 411 KOKHOTO 3B’ 13Ky pi3HI. 3BakKeHa cyMa
€ He HOpMaJTi3oBaHot0. J[71s 11 Hopmatizarlii oOupaeThest GyHKITIS aKTUBAIll G (Sum).
DyHKITiS aKTUBAIIIT SIKa 3ray€e€ThCsl HAWYACTIIIe MPU OIS HEHPOHHUX MEPEXK — 11e
jorictuana GyHKIs (60 curmoin, popmyna 1.2 [1]). Takoxk, 4acTo MOKHA 3yCTPITH
rinepOoiunmii TanreHc f(x) = th(x). Meta dyHkIiii akTuBaIlii — NPUBECTH BUXIJIHI
3HAYEHHS HEWPOHIB y Jlama3oH, MPUUHATHUI Ui mepenadi Aaii 1Mo HEHpOHHIN
Mepexi (sSK mpaBuio 1€ 3HadueHHs Bia -1 1o 1 a6o Bix 0 go 1). 3a aHanoriero a0
CJICKPOHHUX CHUCTEM aKTUBAIiHYy QYHKIII MOXHA BBaXaTH HETHIMHUM

[T JICWJTFOBAYEM.
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f(x) =

1+ exp(—x) (12)

dyHKIIOHATRHA cxeMma (1moOyaoBaHa Ha ocHOBI Gopmynu 1.1) Oyab-sikoro

HEHpPOHY MOBHO3B’SI3HOI MEPEXi MPSAMOT0 MOIIMPEHHS MPEACTaBICHa Ha PUCYHKY
1.3.

— X,W, \

X
o XWy [—— Z L) f(o) __y,

S

f(o) - dyHKuUin akTUBALi

% ses

Pucynok 1.3 — ®yHkIioHaIbHA CXE€Ma IITYYHOTO HEHPOHY

dakTU4YHO, BCS HEMPOHHA Mepeka MOXKe OYTH TpeICTaBJICHA K Ty)Ke CKJIaTHa
GbyHKITIS 13 KOMIUIEKCHIMH BXOJI0OM Ta Buxoaamu. Lle Hamae it 3Mory anpoKcuMyBaTu
OyAb-sKy 1HIIY (YHKIIIO 13 TOYHICTIO, 1110 BU3HAYAETHCS 11 CTpyKTyporto. [Ipu npomy
BXOJM Ta BUXOAM MEPEXI MOXYTh OyTH 3aKO[0BaHI OyIb-SKMMH JIBIHKOBUMH
JaHUMU (TEKCT, KOJbOPH MIKCENIB 300pakeHHs1, 3HaYeHHS JaTYMKIB 1 T.1 1 T.I), IO

HaJlae qy>Ke MMUPOKUI CIEKTp 11 3acTocyBaHHs [3,4].

1.2. AHaJi3 cTaHy PO3BHTKY HElipOHHHUX MepexK
1.2.1 OcHOBHI HAPAMKH TOCTiIKEHHSA

JlocmipkeHHs TPUHLUIIB (PYHKIIOHYBaHHS MO3KY HAQJUXHYJIO HAyKOBIIB
PO3pOOUTH MaTeMaTHUHY MO/JIEINb sika O TOBTOpIoBaja AaHi npuHuumnu. [Ipote, B xomi

3arJauOJICHHs y JaHe MUTAaHHS BUHUKIM 1HII TPOOJEMU sK1 MMOB’s3aH1 13 TUM, 110
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MO30K, 30KpeMa JIOJMHU € HaJA3BHYaiHO CKJIAJHOI0 CTPYKTYpPOIO, SKY CKJIaJHO
omucatd MareMmatuyHo. I[Ipore kpaiie po3yMiHHA (YHKIIOHYBAaHHS HEHPOHIB
JI03BOJIMJIO CTBOPUTH Pi13H1 MOJIENI [T TIEPEBIPKH CBOIX TOCIIKEeHb. MoemOBaHHS,
HaBiTh y OararokpaTHO CIIPOIIEHOMY BHUIJISAI JO3BOJIMJIA OTPUMATH  IIiKaBi
pe3yabTaTu. BiaacTMBOCTI Takux Mojesield He TUIbKHM YacTKOBO IMITYIOTh (DYHKITIT
MO3KY, aJie i MarOTh 1HII 0co0IMBOCTI. Ha mijacTaBi 1is0ro mogaibiie J0CTiIKEHHS
HEHPOHHUX MEPEK MOXKHA YMOBHO IMOJIIJIUTH Ha JIBA HAMIPSIMKH, & CaMe:

1. 3p0o3yMiTH, SIK BCE K TaKH MPALIOE JTIOACHKHI MO30K Ha (I3UYHOMY Ta
NICUXOJIOTIYHOMY PiBHI. 3pO3YMITH CBIIOMICTb 1 T.1.

2. Ha ocHoBI 3p0o3ymisioi Mojiesli pO3pOOUTH HOB1 PO3PaxyHKOBI CUCTEMH
(ITy4H1 HEHPOHHI MEPEXKi), 10 JO3BOJSIOTH BUPIIIYBAaTH MPHUKIATHI 3a/1a4il, Kl €
HA/ICKJIA/THI JJIs1 3BUYafHUX alTOPUTMIB.

Brnache, po3rasaaroun mTy4dHi HEHPOHHI MEpexi, MOBa ijie came Tpo ApyTui
HATIPSIMOK JTOCIipKeHHS [1].

[IITygH1 HEMPOHHI MEPEXI € aKTyaJbHOK TEMOKO JTOCHIKEHHS MPUOIN3HO 3
1980-x poKiB 1 10 CbOroAieHHA. MU BUKOPUCTOBYEMO JIUIIIE BIACTUBOCTI MO3KY IIOA0
00poOKku 1H(pOpMaIlii, croci0 y KUl BiH X MPOBOJUTH 1 aOCTparyeMocs BiJl MO3KY

BLIIOMY.

1.2.2 CTaHOBJIEHHS IITYYHUX HEHPOHHUX MEPEXK, IK OKPeMOi raysi

BuBueHHs1 HEHPOHHUX MEpPEX Mmoyanock me B 1940-x pokax. AMepUKaHCHKUN
ncuxosor Boppen Makkanox ta marematuk Boarep [liTTc 3anpononyBanu nepiny B
CBITI MOzieTTb HEHpOHHOI Mepexi M-P. Bona € gyxe mpocToro, ajie BaKIMBOIO IS
HOJIAJIBLIOTO PO3BUTKY. Y MOJIEINI aJTOPUTM PEali30BaHO IIJISIXOM PO3IJIsAy HEHpOHa
K (PYHKLIOHAJBHOTO JIOT1YHOTO MPHUCTPOIO, TAaKMM YHHOM, PO3MOYHHAETHCS
TEOpPETUYHE JOCTIIKEHHS MOJIEN ITYYHOT HEHPOHHOI MEPEexi.

Ha npoMy erami AOCHIKEHHS 3’MBUJIOCA IyXKE€ CKJIAJHE MUTAHHS 100
HaBYaHHS HEMpPOHHOI Mepexi. Sk OyJo 3a3Ha4yeHo paHille, HEMPOHHY MEpExKYy,
MOKHA TPEJICTABUTU K AYXE€ CKIaaHy (PyHKIi0. SIKI0 MpaBWiIbHO MiaiOparu ii

napameTpu (BaroBli KOE(III€EHTH s KOXKHOTO 13 3B’S3KIB) BOHA 37aTHA
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anpOKCUMYBaTH 1HITY (YHKIIIO, HABITh MyXe CKIagHy (II€ € eMIIpUYHuM
CIIOCTEPEKEHHSM, aJjie 0yJI0 BUSABJICHO BKe Mi3HIiIIE). SIK HEe CKIaJHO 3/10TaaTHCs —
nia0upaTu AaHi apaMeTpi BpyUHY sl HEBETUKUX CTPYKTYP CKIIAHO, a JUIs BEJTUKUX
HEWPOHHUX MEPEX (CydacHl HaIIYyIOTh IIOHANMMEHIE THUCSAYl 3B’S3KIB) B3araii
HEMOXUTMBO. ToMy HEOOXimHMIA OyB aIrOpUTM SKHA T03BOJIUTH HABYATH HEUPOHHY
mepexy. [lepiia mogens HaBuaHHs OyJa 3anpornoHoBaHa Jlonansaom ['e66om y 1949
porii. BiH BUCYHYB TinoTe3y, 110 Ipoliec HaB4aHHS BiI0YBAETHCS HA CHHANITHYHOMY
iHTepdeiici MK HeHpOHAMH, a IHTEHCHBHICTh CHHANTHYHUX 3B S3KIB 3MIHIOETHCS
3aJI€’KHO Bl aKTUBHOCT1 HEMPOHIB 0 1 MicIs CUHANCY. JlaHui IPUHIUT HA3UBAETHCA
npaBuiioM ['e606a, 10 BUKOPUCTOBYETHCS U CHOTOJHI MPU HABUYAHHI HEWPOHHUX
MEPEX Yy TOMOBHEHOMY BUTJISII.

[TizHime, Po3enOnar 3anmpornoHyBaB MOJENbh TaK 3BAHOTO «IEPIENITPOHA» Ha
OCHOBI mepBUHHOI Mozeni M-P (ue QyHKLIOHaTBHA CXeMa IITYYHOTO HEMpOHY,
po3rnsHyTa panime). B many Momens 3aknazeHi 0a30BI MPUHIMIL HA SKUX
TPUMAETHCS CyYacHE JOCIHIPKSHHS IITYYHUX HEUPOHHUX MEPEXkK, HEe 3aJIeKHO Bif iX
ckiaagHocti. Lle Monmenb HEMpoOHHOT Mepexki 13 Oe3MepepBHUM PETYIIOBAHHAM
BaroBux koedimieHTiB. [liciss HaBUaHHS BIH MOXXE JOCSITTH METH Kiacudikalii Ta
PO3Mi3HaBaHHS MIEBHOTO PEXKUMY BXiTHOTO BEKTOpa. X04ya BOHA BiTHOCHO MPOCTa, 11e
nepia CrpaBXxHs HEHpoHHa Mepeka. Po3eHOmaTT JOBiB, IO JBOIIAPOBI MEPEXKi
MOXYTh Kiacu(iKyBaTh BX1JIHI JIaHI, a TAKOX 3alpPOINOHYBAaB BaKJIMBUN HAIPSMOK
JOCTIJKEHHS JJ1s1 0araTomapoBUX MEpeX 13 MOXKJIMBICTIO HaBYaHHS MPHUXOBAHUX
(MPOMDKHHX) IIAPIB MEPEXi ISl MOMJIMBOCTI BUPILIYBAaTH OUTBII CKJIAIHI 3a[ayi.
OnmHak, HaBITh Taka MpOCTa 3a CTPYKTYpPOI HEHpOHHA Mepexa I03BOJIsiia
BUpINIYBAaTH 3a7avi Tepea0adeHHs] TIOTOM, aHaji3y eJeKTpoKapaiorpaM Ta
HITY9HOTO 30DY.

Lle crano myxe Ba)KJIMBUM KPOKOM Y PO3BUTKY IITYYHOTO 1HTENEKTY, aJl’Ke B
XOJll JAHOTO JOCIIDKeHHS OyJio JOBEICHO, IO INTy4yHa HEWpOHHA Mepexa,
CTPYKTypa sKOi BIAMOBIAA€ B ACSAKIM Mipi HeMpo@izioyorii 37aTHA HaBUATHCA 1

BUpILIYBaTH 3a7aui [5].
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1.2.3 IIpo0JjieMu IITY4YHUX HEHIPOHHUX MepexK

[Ticns mepmmx MOCSATHEHb NPUKIATHOTO XapaKTepy y HaBUaHHI IMITYYHUX
HEHPOHHUX MEPEX, BUCHI NESIKUN 4Yac BBAXAIH, IO IS JOCATHEHHS INITYYHUMU
HEUPOHHUMHU MepekKaMHu IHTEJEKTY OJM3bKOr0 10 JIOJCHKOTO HEOOXITHO JIMIIE
MABUIIUTH KUTBKICHI XapaKTePUCTUKUA MepexKi (30UIBIIUTH KUIBKICTh HEHpPOHIB Ta
MPUXOBAHMUX IIapiB Mepexi). JIoCUTh MIBUIKO CTAJIO 3pO3yMUIO, IO IBOTO aX HisK
HE IOCTaTHbO.

OxHl 13 3aCHOBHMKIB IITY4YHOTroO iHTenekTy MiHcekuil Ta Ilemept mpoenu
MaTeMaTH4He JOCIIIKeHHs (ByHKIiH Ta 00MeKeHb mepLentpony. oMy He Baamocs
BUPIMIUTH MpoOiieMy KiacH(ikaiii ABOX THUMIB JIHIHHUX HEPO3AUIBHUX 3pa3KiB.
[IpuknagoM MoOXe CIyryBaTh NPOCTUN JIHIMHUN NaTYWK, KU HE Mae 3MOTHU
BUKOHATH JioriuHe criBBiHomeHHS XOR («BukiO4HOro abo»). JlaHi BUCHOBKH,
NEPEeKOHJIMBA apryMEHTalllsl aBTOpa Ta BpaxyBaHHS MOIMEPEIHIX po3uapyBaHb Y
HITYYHUX HEUPOHHUX MEPEKax 3HAYHO CIOBUILHUIIM PO3BUTOK IITYYHUX HEHPOHHUX
MEpEeX Ha JIECATKU POKIB.

[ToBepTarounch 10 CHOTOJCHHS, BAKIMBO 3a3HAYMTH, IO OUIBIICTH 13
omnucaHuX Mpo0seM (PaKTUIHO HIKYIU HE 3HUKIIU, a JIUIIE 3pOOHIIH SKICHUN CTPUOOK.
CtpykTypa HEMPOHHOI MepexXi Ta Crocid i HaBYaHHS 3aJUIIAIOTHCS aKTyaJIbHUMU
npobsiieMaMu. AJTOPUTM 3BOPOTHOTO MOIIMPEHHS TOMUJIKK BUKOPUCTOBYETHCS [Ty Ke
4acTo MpH HaBYaHHI HEMPOHHUX Mepex. ns poOoTu oMy moTpiOHa HaBYajbHA
BUOIpKa, mapa Bxig — Buxig. Ha 11 ocHOBI BaroBi koe(ill€eHTH HEHPOHHOI MEpexi
KOPEryroThCSl TaKUM YUHOM, 1100 OTpUMATH NPUUHATHUM pe3ynbTaT. [Ipobrema
MOJISITa€e y TOMY, IO HEMOXKJIMBO BIIEBHEHO CKa3aTH UM 3MOXKE Mepeka HaBUUTHUCS 32
KIHIIEBUH Yac Ta Ky CTPYKTYpY Mepexi moTpiOHO oOpaTH 11 1boro. KpiM Toro Bke
HAaBYEHA MeEpeka MOXKE BHSBUTHCS HE ONTUMAIBHOIO aK€ B OCHOBI JaHOTO
AJITOPUTMY JIEKUTh METOJ] TPAAIEHTHOTO CITyCKY, 1110 MO>KE€ MMPU3BECTH 10 YTBOPEHHS
JIOKaJbHUX MIHIMYMIB. [HakiIe Kaxyuu, KOH]Irypariiss Mepexi (3HaUeHHSI BaroBUX

KOe(III€HTIB) MOXE BUSBUTHUCS HE CAMUM ONITUMAJILHUM.
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He 3Bakaroun Ha BeIMKI JOCSATHEHHS y Taly31 MAIIMHHOTO HABYaHHS 33 OCTaHH1
JeCATUpIYYS, KOIHA 13 IITYYHUX HEHPOHHHX MEpeXk, HI0 BHKOPUCTOBYETHCS
CHOTOJIHI HE € YHiBepcanbHOW. KoXXHa 3 HUX Ma€ HU3KY HEJIOMIKIB Ta OOMEXKEHb SIK1

J03BOJISIIOTH iX BUKOPHUCTOBYBATH TUTBKH JUISI KOHKPETHUX 3a1a4 [1,5].

1.3 Ocob61uBOCTi PYHKIIOHYBAHHSI HEIPOHHUX MEpeK
1.3.1 locToBipHiCTH pe3yJbTaTy POOOTH IITYYHOI'0 iHTEJEKTY

BaxnuBuM NUTaHHSAM Ta XapaKTEPUCTUKOIO IITYYHUX HEUPOHHUX MEPEeX € iX
HaAiiHICTh. Hampukaz, MoAChKuil MO30K B OKPEMUX BHUIIAIKaX MOKa3ye HEMMOBIPHI
MOKAa3HUKU CTPYKTYPHOIO HaQJIMHOCTI 1 37I0HOCTI JO caMoopraHizaimis Ta
nepeOymoBu. Ane MoBa ¥jae HE Tpo Iie, ake B IUGPOBOMY YSIBICHI HEHMPOHHA
Mepeka JIMIIe TOTIK OalT He Marouuid CTpyKTypl. MoBa e came mpo pe3yJbTatr
po0OOTH MepeXi Y KOHKPETHHX 3ajlayax.

Y poboti maiike Oynp-sSKOi HEWPOHHOI Mepeki MOTPIOHO PO3YMITH JAEAKY
0COOJIUBICTD. [[71s1 TpUKIIaay Bi3bMEMO MOBHO3 SI3HY MEPEKY MPSMOTO MOIIKMPEHHS 13
HETHIMHOIO (YHKITIE€I0 aKTUBAIIIi, III0 HABYAETHCS HA OCHOBI aJITOPUTMY 3BOPOTHOTO
nomupeHHs nommikd. CkaxeMm, JaHa Mepeka BHUPINIye KIACUYHY 3a7auy
pO3Mi3HaBaHHA PYKOMUCHUX HUpp. Ak Oyno 3ragaHo pasiiie, HEMpOHHA Mepexa
MO>KE€ anpOKCUMYBAaTH JESIKYy CKIaaHy (PYHKIIO SKIIO MPaBUJIbHO MiIIOpaTH skl
koediuieHTH. baHambHOIO 3a7auel0 SIKy 4YacTO PO3IMISAAI0Th SIK NPUKIAL €
pO3Mi3HaBaHHS PYKONUCHUX IU(p. B manomy Bumanky ¢yHKIis Ha BXiJ OTPUMYE
300pa)keHHs, @ Ha BUXO/Il IMOBIPHICTH TOTO LIO JaHE 300pa)KeHHS € OJHIE0 3 (P
0 SIKUM Mepexa HaBYaA€ThCs. AJle TaK SIK MU allPOKCUMYEMO OPUTIHAIBHY (QYHKIIIIO
(baxTuunO ii He icHye — 11e Habip map 300pakeHHA-1M(BpPa), TO pe3yabTaT Oymae
HaOmwkeHnM. ToOTO Ha BUXOJ1 HABYaHOI HEUPOHHOI Mepeki MM HIKOJIU HE
orpumMaemo 100% pe3ynbTaT 1o Oyab-skii 13 nudp. Hacripasai 1ie He € npobiemoro,
aJKe BaXJIMBO 00 BUXITHUI HEHPOH, 110 BIAMOBITA€ 32 KOHKPETHY LU(pPy MaB
HaWOUIBITY HMOBIPHICTE cepen ycix. [Ipobimema mosiirae B ToMy, IO HEHPOHHA

Mepexa MOKe MOMHIJISITHCS CaMe Ha €Talll pe3yIbTaTy B poO04HnX yMOBax (KOJH B HEl
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HEMa€ MiJKa3Kh TOro, sSIka KOHKpPETHa mepen Hewo mudpa 1 if moTpiOHO BUAaTu
pe3yabTaT). HeliponHi Mepexi 3apa3 MarTh JyXe HU3bKY WMOBIPHICTh MOMMIIKH
(98% 1 Oumpllie TPaBWIILHUX BiAMoBiAei). Taka HU3bKA HMOBIPHICTh MOMUJIKH €
Ba)KJIMBOIO KOJIM HEWPOHHI MEpEXi MOXKYTb 3aCTOCYBATHUCS TaM, J€ BiJ iX pillIeHHS
MOXe€ 3aJIeKaTU SKUTTS JTIIOUHH.

[Ipobnema HacmpaBal MOXe BHHUKHYTH caMe€ 4epe3 Te, 10 MU POOHMO
JOMYLICHHS HE HECIPOMOXHICTh KOMIT'IOTEpa MOMWIATUCS. SIKIIO IMITydHa
HEpOHHA Mepeka Oye 1HKOJIM JIOIMYyCKAaTH MOMUJIKH, TO MU pOOMMO BUCHOBOK IIPO
il HeHaIWHICTD. AJle y JAEAKHX 3aJauax, Kl paHille BBaKAJIUCS HEBHUPIIIyBaHUMHU

JUISL KOMIT FOTEpa, HEMPOHHI MEpEeXi BXKE MOKA3yIOTh Pe3yJIbTaTH Kpalll 3a JHOAUHY

[1].

1.3.2 OcHOBHI BJIaCTHBOCTI TA NepeBaru

Po3rngnatouu mtydHi HEHPOHHI MEPEKI Ta CIIOCTEPIralOyM 3a pe3ysibTaTaMu iX
poOOTH MOXKHA BIIOKPEMUTH J[BI BAXKJIMB1 OCOOTMBOCTI:

1. Po3paxyHnku, siki HeoOXiaH1 J1s1 QYHKIIIOHYBaHHS HEUPOHHUX MEPEK MOXKYTh
BUKOHYBaTHUCs napanenbHo. KoxkeH map HepoHHOT Mepeski — 11e Habip HeHpOHIB 1Jis
SIKUX HEOOX1THO BUKOHATH OTIepaIlii 3BayKEHO1 CyMU Ta HOpMaTi3allii, ki He 3aJIeXkKaTh
BIJI IHIITUX HEHUPOHIB TOTO XK IIapYy.

2. HeliponHi Mepesxi 31aTHI CaMOHABYATHCS Ta y3arajdbHIOBATU. Y3araJlbHeHHS
(generalization) B JaHOMY BUMAJKY — II€ 3/IaTHICTb J1aBaTH NIPABUJIbHY BiMOBIIL Ha
BXIJHI JaHi, SKi HE 3yCTpiyajucs MiJ 4yac HaBuaHHsA. Hampuknan, mepexa sika
BYMJIACS PO3IMi3HAaBaTH (HaKT HAIBHOCTI HAa 300pa)Xe€HH1 00JINYYs TIOBUHHA BIAMOBICTH
MIPaBUJILHO SIKIIO T HAaJlaTH HEe3HalloMe 300pakeHHS.

BuxopucroByroun maHi 0COOMMBOCTI, HEHPOHHI MEPEXi MalTh 3MOTY
BUPILIYBaTH MaciTabHI 3ajadi, HEBHUPIIIyBaHl, CTAaHAAPTHUMHU alTOPUTMIYHHUMU
3aco0amu. Ha mpakruiii, sik Bke OyJ10 3a3HaYEHO paHiliie, yHIBEpCATbHUX HEUPOHHUX
MEpEeX He icHye. SKIo 3amava 3aHaaTO CKIIaIHA, JOIUILHO ii pO30MTH Ha JIEKITbKA
MPOCTUX 3a7a4 1 HABYUTH PI3HI MEpEeKi BUKOHYBAaTH KOXHY 13 HHX. A0O

BUKOPUCTOBYBaTH KOMOIHAIlT HEHPOHHHX MEpeX Ta 3BUYAMHUX aJTOPUTMIB.



18

BaxnmBo po3ymiTu, 110 HEWPOHHI MEpEXi JaloTh JIuIle HAOIMKEHHUM pe3ysbTar i
CTaHJAPTHI AITOPUTMU MOXKYTh BHSBUTHUCS 3HAYHO €(EKTUBHIIIMMHU y TPUBIATLHUX
3amadax. [lomryk HOBUX 3ajgad /i€ MOXKIIMBE 3aCTOCYBAaHHS HEHPOHHHX MEPEX €
OKPEMHUM JIOCITIIPKEHHSIM.

SIK1110 MOPIBHIOBATH IITYYH1 HEHPOHHI MEPEXKI1 13 CTAHAAPTHUMHU AITOPUTMaMH,
TO il BUKOPUCTAHHS HaJla€ HACTYITHI KOPUCHI BIACTUBOCTI CUCTEMI:

1. Heminiitnicts (nonlinearity). IITy4Hl HEHpOHU MOXYTh MAaTHU SIK JIHIAHUAN
XapakTep TaK 1 HEMHIMHUHN, IO B CBOIO YEpry 3aJeXUTh BiJ (PYHKIII aKTHUBAI].
Heiiponni mepexi, CTpyKTypa SIKUX CKIAQJA€ThCs 13 HENMHIMHMX HEWpOHIB cama
HaOyBa€e BJIACTUBICTh HEMiHIMHOCTI. HenmiHIAHICTh TaKoro BHY JEII0 OCOOJIMBA,
aJpKe B TaKOMY BUTAAKy BoHa posnoauieHa (distributed) mo mepexi. Bmactusicts
HEJIIHIMHOCTI € BKpal Ba)KJIMBOIO, KOJU (DI3UYHUN MeXaHI3M, IO JISKUTh B OCHOBI
BXIJJHOTO CHTHATY TE€X € HEJHIWHUM (JTIOJCTBA MOBA, 300pa)KEHHS, BiJIEO TOIIO).
KpiMm TOrOo, anroputM 3BOPOTHOTO TOMIMPEHHS TIOMHUJIKHA, SIKHH  4acTo
3aCTOCOBYIOThCS NP HAaBYaHHI HEHPOHHUX MEPEkK BHUKOPUCTOBYE MOIM(DIKOBAHUIA
METOJ] CTOXaCTHYHOTO CITyCKY, JJISl IKOTO HEOOX1AHO BU3HAYUTH MOXIAHY (PYHKIIIT
aktuarli. yHKIis akTUBAIlll TOBUHHA OyTH HENIHINHOI HAa pOOOYOMY JI1aIa30Hi.

2. BigoOpakeHHs1 BuxiaHOi 1HGOpMaIlii yepe3 BXiaHY (input-output mapping).
Haguanns 3 Buutenem (supervised learning) nepenbauae HasiBHICTD J€AKO1 BUOIPKH
naHux, npukiaagiB (training samples). Ilpuknag — e mapa 13 BXIJHUX AaHUX Ta
BUX1THHX, IO iM BINOB1Mat0Th. HaBuaHHs nependavae 3MiHy BaroBux Koe(iiieHTiB
TaKUM YMHOM, 1100 Ha BUXO1 MEPEKi OTpUMaTH JOCTOBIpHUM pe3yibraT. HapuanHs
MIPOJIOBXKYETHCS IO THUX MM TTOKW 3MIHA BaroBUX KOe(PiIli€HTIB CTAaHYTh HE3HAYHUMH.

3. ApantuBHicTth (adaptivity). HeliponuuMm mepekaMm nputaMaHHa 3710HICTB
aJanTyBaTH CBOi BaroBi KOE(III€HTH TaKUM YWHaM 1100 BIJMOBIJATH OTOYEHHIO.
Brnacue, HeiipoHHa Meperka HaBYCHA MISTH Y KOHKPETHIN cepesii Moxe 0e3 mpodiem
OyTH aJanToBaHa miJl poOOTy y HOBI cepei, SIKIIO i1 mapaMeTpy BIAPI3HIIOTHCS HE
B 3Ha4Hi# Mipi. Kpim Toro, 17151 poOOTH B HecTallioHapHi# (nonstationary) cepei, sikiit
IpUTaMaHHA 3MiHA CTATUCTUKU 13 4aCOM, MOXKYTb OyTH CTBOPEHI1 HEUPOHH1 MEpexi,

K1 HABYAIOTHCS Y PeaAIbHOMY 4aci.
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4. OueBuanicThb BiAnoBizl (evidential response). Ha nmpuknaai kmacuyHoi 3aaa4i
kiacudikariii 3a BUOIPKOK MOXKHA MOOYIyBaTH HEHPOHHY MEpEeXi TaKUM YHUHOM,
11100 pU HaBYAHHI, HA BUXOJ1 BOHA BpaxoByBaja HE TUIbKH KOHKPETHUH KJlac, a i Te
HACKUIbKK Mepeka YIEeBHEHA y CBOIM BIAMOBIIAX, JJIs IIJIBUIIEHHS JOCTOBIPHOCTI
(confidence) piiieHs, 110 Mepexa npuiMae.

5. KontekctHa indopmariis (contextual information). 3naHHs mpo 00’ €KTH, 1110
MOJAIOThCA Ha BXiJ HEHPOHHOI MEpExi 30epiraloThCsi y BaroBux KoedimieHTax
OKpeMHUX HEUpOHHUX 3B’sA3KiB. [Ipu boMy B 1aHiii mapaaurmi yci HeHpOHU OB’ s3aH1
MK COOOIO 1 JKOJIEH TOBUIbHUI HEHpOH 0e3 KOHTEKCTy HE Hece B cOO1 KOPHUCHOI
iH(bOopMari.

6. BinmoBocrilikicts (fault tolerance). HeiipoHHi mepexi, MpencTaBlieHl y
€JICKTPOHHOMY BUTJISA/I1 OTEHINHO BIIMOBOCTIHKI. BuXiJ 3 1aj1i oKpeMux HEUPOHIB
a0o 11 3B’S3KIB MPU3BOANUTH 10 YCKIATHEHHS OTPUMAaHHS JTOCTOBIpHOI 1H(OpMAaILIii.
[Tpote, BpaxoByrouu cmocid6 30epexxeHHs 1HQOpMaLli y HEHPOHHIN Mepexi
(etieHTpaIiz0BaHUM Ta KOHTEKCTYaIbHUI ) TIJIbKA 3HAUHI MTOIIKO/KEHHS CTPYKTYpHU
HEHPOHHOT MEpexi MOXKYTb HMPU3BECTH 10 1i HE MOXKIMBOCTI BUKOHYBATH CBOIO
pobory.

7. MacmraboBanicte  (Scalability). CtpykTypa HEHWpPOHHOI  Mepexi
IpeCTaBlIeHa MPOCTUMH €JIeMEHTaMH — HeWPOHAMHU Ta 1X 3B’ s13kaMu. MOXKIIUBOCTI 13
MacmTaOyBaHHS ~ HEHPOHHUX  MEpeX  OOMEXKEHI  JIUIIe  MOXJIMBOCTSMU
00YHMCITIOBAIBHOT TEXHIKH Ta aJICKBATHICTIO MIIXO0/Ty JI0 TIOCTaBJICHOI 3a/1aYi.

8. OnmnomaHiTHICTh aHami3y Ta mnpoektyBaHHA (Uniformity of analysis and
design). HeiiponHi Mepexi € yHIBepcaIbHUM IHCTPYMEHTOM 13 00po0ku gaHuXx. OnHe
Il Te caMe MPOEKTHE PILIECHHS MOXE CIYTryBaTH Uil BHUPIIICHHS pi3HuX 3axad. Lle
00YMOBJIEHO THUM, 1110 6a30B1 MPUHIMIMI (PYHKI[IOHYBaHHS PI3HUX TUITIB HEUPOHHUX

MEPEeX OJHAKOBI.

1.4 Knacudikauis lTy4HNX HEHPOHHUX MEPEx

Icnye Ham3BUualiHO Oarato pi3HMX KOHQIrypalii HelpoHHUX Mepex. Ilpore,

OLTBIIICTH 13 HUX MOXHa Ki1acu(iKyBaTH 3a ASSIKUMH 0a30BUMU O3HaKamu. Brache,
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HEHPOHHI MEpEX1 PO3PI3HIIOTH 32 TOMOJIOTIE 3B’ A3KIB MK HEHPOHAMH Ta 3a TUIIOM
IITYYHUX HEHPOHIB, 1110 BUKOPUCTOBYETHCS.

3pyYyHUM € TIPEACTaBICHHS HEHPOHHOI MEpeki Y BHUIVISAL CHPSIMOBAHOTO,
3BakeHOro rpada. B TakoMy ysBIIeHI NPOCITIIKOBYIOTbCS HANpPsIMKH Iepeadi
CUTHAJTy Y HEMPOHHIM Mepesxi, a TAKOXK Bara KO>KHOTO 3B’ SI3KY.

3a cnocoOoM o0y 10BHU 3B’ 513KiB HEHPOHHI MEPEXki MOKHA MOALUTUTH Ha MEPExi
npsMOTo momupeHHs (y sSkux rpad He MaTHUMeE TeTeb) Ta HEHPOHHI Mepexi 13

3BOPOTHUMHU 3B’ A3KamH [6].

1.4.1 HeiipoHHIi Mepe:Ki MPSIMOTo NOIIHAPEHHS

OpHomrapoBuit mepuenTpoH. B Takiid Mojieni HeMpOHHOT Mepexki yCl1 eIeMEeHTH
BX1IHOTO IIapy MOB’S3aH1 13 BUXITHUMU 4epe3 3B SI3KHU. € HaUTIPOCTIIIOI MEPEXEI0
PSIMOTO MOMIUPEHHS. [7].

bararomaposuii neprentpon Po3enbiara. I{e neprientpoH B sIKOMy OpUCYTHIN
xoua 0 onuH TpuxoBaHU# (acomiatuBHWM) mrap. Ha BimMiHy BiJi OJTHOIIAPOBOTO
JAHWW TUT TIEpIENTPOHA 3JaTHUN BUPIIIUTH KiacuuHy 3ajauy XOR.

bararomaposuii nepuentpon Pymenbxapra. Jlanuii Tnm HeHpOHHOI Mepexi €
YaCTKOBUM BUMAJKOM TeprienTpoHy PozenOiara. BigMiHHICTIO € Te, 110 HAaBYAHHS
BIJI0OYBA€THCS 32 JIONOMOT0OI0 METO 1y 3BOPOTHOIO MOIIUPEHHS MOMIIIKH. [Tpu ibomy
HABYAIOTKCS YCI IIapu Mepexi [8].

3ropTkoBl HEHpOHHI Mepexi. JlaHuii TUN HEHPOHHUX MEPEX HaIUuXaBCs
MPUHITUIIAMH 3aKJIaJCHUMU Y JIFOACHKIMN 31p. [Ipu aHamizi 300paxeHHss MU TUBUMOCS
Ha OKpeMi MOro 4YacTHHM 3a JOMOMOroio mAeskux GiunbTpiB. Jana omneparis
HA3MBAETHCS 3rOPTKOI0. BUX0/I0M 1aHOT Mepexi s KapTa O3HaK 300pakeHHA dKa Y
3aavax kiaacudikaiiii, Sk MpaBUIIO TOIAETHCS HA BX1J] 3BUYAHHOTO 0araToniapoBoro
NEPLENTPOHY, KU BXKE BUIAE WMOBIPHICTh HAJIEKHOCTI 300paKEHHS IO OKPEMUX
KJjaciB [9].

Mepexa panianbHuX 0azucHUX (QyHKLINA. SIK mpaBuio, Taka Mepeka BKIHOYae
TPH IIapH: BX1THUHN, BUX1THUH Ta MPUXOBAHUH 11ap HEHPOHIB 13 pajiiajibHO 0a3UCHOIO

aKTUBaIiiHOO (pyHKIiE0. Ha BXi/HI HEHPOHHU AaHOI HEHPOHHOT MEPEXki MOJAETHCS



21

oJlHE U Te came 3HaueHHs. JlaHa Mozenb Mepexi J03BOsi€e €PEeKTUBHO BUKOHYBATH

3a/1a4i arpokcuMalii Qynkiii [10].

1.4.2 HeiipoHHi Mepe:Ki i3 3BOPOTHIM 3B’AI3KOM

Camoopranizaiiitni kaptu Koxonena. OcoOnMBICTIO AaHOTO THUIY MEpEX €
HaBuaHHg Oe3 BuMTens. KpiM Toro, Ha BIIMIHY BiJi BUIPABJICHHS TMTOMMJIOK
BUKOPHUCTOBYETHCSI TIPUHIIMI KOHKYPEHTHOTO HaBuYaHHsS. T00TO, Jaii mepemnaeThes
JIUIIE CUTHAT HaWOLIbIN CXOXKHMM HA BXIIHMM — 1HIII ITHOPYIOThCA. JlaHuil miaxina
JI03BOJISIE MEPEk1 3HAXOAUTH 3aKOHOMIPHOCTI y BX1THUX JIaHUX, T1JCHUITFOI0U1 CXOXKI
o3Haku [11].

['enepaTuBHa 3MaraiibHa Mepexa. [IpukinagoM poOOTH 1aHOTO TUIY MEPEX €
reHeparlis JOAChKUX o0iamub. HacmpaBmi maHa cucTemMa CKIAAeThCs 13 JIBOX
HelpoHHuX Mepex. OTHa HeMpOHHA Mepe)ka HaMaraeThCs 3TCHEPYBATH PEATTICTUIHE
300pakKeHHS JIFOJICBKOTO 00JIMYYs, a 1HIIIa HAMaraeThCs BU3HAUUTH M1IPOOKY. Janumii
THUIT HABYaHHS € HaBYaHHSM Oe3 Buntens [12].

Hetiponna mepesxa [Nondinma. OcobauBiCTIO TaHOTO TUITY HEHPOHHUX MEPEXK €
HasIBHICTb CHMETPUYHOI Marpuili 3B’s3kiB. PoboTa maHOi Mepexi 3BOIUTHCS 10
JIESTKOTO TIOJIOKEHHSI PIBHOBAru (JOKaJIbHUN MiHIMYM). JlaHa CTpyKTypa IO3BOJISIE
BUKOHYBaTH Mepexi (yHKIIIO (PUIBTpa Ta aBTOACOIIATUBHOI MaM’sIT1 BITHOBIIOKOYH

IIOIIIKOJKEHI JIaH1 Ha OCHOBI 3amam’ siToBaHux [13].

1.5 CniocoOu 3acTOCYyBaHHSI HCHPOHHUX MeEpPekK

[IITygHi HEHPOHHI MEpPEXKi 3 MOYATKy aKTUBHOTO MEPIOAy iX JOCHIIKEHHS
3HAXOAATh BCE HOBI cdepu 3acTOCyBaHHS. BiacTUBICT HEHPOHHHX MEpeX [0
anpokcuMarlli CkiIagHuX (QYHKINA J03BOJIAE€ i OMMCYBAaTH CKJIQJIHI HEJIIHINHI
MIPOIIECH.

®i3uyni mpormecu. binbmicTe (I3MYHUX TPOINECIB € CKIaaHuMH. HaBiTh
pO3paxyBaTH TPAEKTOPIIO MOJIBOTY TiJIA 13 ypaXyBaHHIM 0ararbox mapaMeTpiB MOXKe

OyTH ckiagHo. Ane HEHpPOHHI MEpEeXi TapHO AaNpPOKCUMYIOTh CKIAAHI (PYHKIIII.
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3Harouu JesKi mapameTpu atMocepu y pi3HI MOMEHTH 4acy Ta MOTOJHHM CTaH, 110
iM BIJMOBIA€ MOYKHA HABYMTH HEUPOHHY MEpEXI repeadadaTy MorojiHi yMOBI Ha
OCHOBI HOBUX MOKa3HHKIB.

MenunyHa. 37aTHICTP HEWPOHHUX MEpEeX 10 CaMOOpraHizaiii T03BOJISIE
BUSIBJSITU 3aKOHOMIPHOCTI MK XBOopoOamH Ta malieHTaMHu (iX MOKa3HUKaMu).
Haguena Meperka Moxe 11arHOCTYBaTH XBOpOOy MaIliEHTOBI HA OCHOBI MONIEPETHHOTO
JIOCBITY.

ABTOMATH30BaHI CHUCTEMHU YIPABIiHHSA. YTpPaBIiHHA BHPOOHUIITBOM, a
KOHKPETHIIIE OKPEMHMH BHpPOOHMYMMHU IMporecamu. HelipoHHa Mepexa Moxke
HABYMUTHUCS 3MIHIOBATH MapaMeTpHU CUCTEMH HAa OCHOBI JESKHX BXiTHUX JAHUX PO
CTaH BUPOOHMIITBA ONTUMAILHUM YUHOM.

Knacuuna 3agada posmizHaBaHHs oOpasiB a0o kiacudikarii. [Togatu Ha BXia
Mepexi 300pakeHHs 1 OTPUMATH Ha BUXO/11 IMOBIPHICHY OLIIHKY MEPEsK1 HaJIe)KHOCTI
IbOT0 300paXEHHS [0 TOrOo uW 1HIIOro kiuacy. Croau X BXOIAUTH PO3Mi3HABAHHSA
00pasiB y peanbHOMY 4aci [1,2].

CTtuckaHHs JaHUX 13 BTparaMu. BracTHBICTh HEHPOHHHMX MEpPEeX 3HAXOIUTH
CHUIbHI O3HAKW Y PI3HUX BXIJHUX JaHUX J03BOJISIE BUKOPHUCTOBYBATH 1 JUIs

KOMITAKTHOTO YSIBJICHHSI [TUX CAMUX JaHUX, HAIIPUKJIa]] 300pakeHs [14].
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BucHoBkmu 10 po3aity 1

[lepmmii po3maia MPUCBIYCHO MOCTIKEHHIO TOHATTS HEHUPOHHOI MEpEexi,
aHai3y CTaHy PO3BUTKY JaHOi ramdy3si. 30Kkpema 0yJio:
- PosrnsHyTO 6a30Bi MPHUHLIMII, SK1 3aKJIaJIH] Y pOOOTY HEHPOHHUX MEPEX;
- IIpoananizoBaHo 0cOOIMBOCTI pOOOTH HEMPOHHUX MEPEK;
- PosrnsHyTO mepeBarn Ta HEIOJIKM HEWPOHHUX MEpEX Yy IOPIBHSHHI 13

3BUYATHUMU AJIrOpUTMAaMM,;

[TpoanasizoBaHO CTaH PO3BUTKY HEHPOHHUX MEpPEX Ta MPOOJIEMH 3 SIKUMHU
3ITKaIOCs] MalllMHHE HaBYaHHS BIPOJIOBXK CBOTO PO3BUTKY;
- Po3rnsHyTi OCHOBI BUIM HEHPOHHHUX MEPEX Ta 3a/1aui Ki BOHU BUPIIIYIOTb.
PestoMyroun naHuii po3in 3arajgbHa TEHICHIIiS PO3BUTKY HEHPOHHUX MEpex
noJisirae B TOMy, 110 €(EeKTUBHE BHPIIICHHS KOXXKHOI OKpeMoi 3ajgadi morpelye

CTBOPEHHS HOBOTO MiJX0ay ado Mou(iKallis iICHYI04Oro.
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2 METO/I OFPOBKH! IHOOPMAIIIl HA OCHOBI HEMPOHHHMX
MEPEXK
2.1 Mamunnui 3ip. CTucHeHHs rpagivHux oOpasis.

Knacudikariist 300paxeHs Ta iX KOMIpecis TICHO OB’ si3aHl MK COOO0I0 3a1a4i
3a BUKOPHUCTaHHS MamuHHOTO 30py. Kmacudikaris 300pakenb Ha ocHOBI ANN
Mepex - 1€ 3a7a4a BU3HAYEHHs WMOBIPHOCTI HAJICKHOCTI 300payKEHHS /10 TOTO UM
iHmoro kmacy. HaiiGinpiry edekTUBHICTh MpH BUPILICHHI 337ad MallMHHA 30pY
JIar0Th 3rOPTKOB1 HEMPOHHI Mepexi, Ta iX Mmoaudikarii. [Ipu HaBuaHHI Takoi Mepexi
bopMyIOThCSl AesKI (PUIBTPI, IO 3aCTOCOBYIOTHCS 10 BUXITHOTO 300pa’keHHs. Sk
NpaBUJIO, JaHa OIepallis MOBTOPIOETbCA Oarato pasiB A (HOpMyBaHHS OLIbII
ckiagaux GuibTpi. JaHuit miaxig Moxxe OyTH BUKOPUCTaAHUH JIJ1s1 CTUCKAHHS B TOMY
YUCI, a/Ke 300paKeHHS] MOKHA PO3KJIACTH Ha JIESKi CKJIAIOB1 (03HAKH, TATEPHU).
Ha pucynky 2.1.a [15] 300pakeni MoxxsmBi (pimsTpu st 3ropTkoBoro mapy CNN

Mepexi [16].
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Pucynoxk 2.1 — ®@inbrpu 3roprkoBoro mapy CNN mepexi (a), madbmonn DCT

6).

[loniGHMiT  MiAX1y BHUKOPUCTOBYETHCS Y JUCKPETHOMY KOCHHOCHOMY
MEePETBOPEHHI (YacTHHA aJIrOPUTMY CTHUCKaHHS 300pakeHH1 y (opmarti jpeg). s

DCT Buznaueno 64 mabnonu (pucyHok 2.1.6 [17]), mo mpeacTapisitoTh COO00 pi3Hi
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Maru sCKpaBocTi po3mipom 8x8. KombOinyroun gaHi mabaoHu MK COOOI0 3 IESKUM
Koe(iIlieHTOM MO’KHa OTpPUMAaTH KapTy SCKPaBOCTI JUIsl YaCTUHH OY/Ib-SKOTO
300pakeHHsl. TakuM YUHOM JJIs1 TOrO, 100 OTPUMATH KapTy SICKPABOCTI JESIKOTO
300pakeHHsl JIOCTATHHO JIMINE 3HATH KOEQILIEHTH IS BIAMOBIIHUX I1a0JIOHIB.
Komnpecis BigOyBaeTbcsl Ha €Tami BUKJIFOYEHHS 13 KIHIIEBOI MaTpuIll KOS(IIi€HTIB
JUISE OKpEMHUX IA0JIOHIB THUX CKJIAQJOBHX, IO BIAMOBIIAIOTh OLIBII BHCOKHM
yactotaM. TakuM 4uHOM, 00csT 1H(pOopMaIlii 10 30epiraHHs 3MEHIIYEThCS 32 PaXyHOK
BUKJIIOUEHHS Ti€l 1H(popMaIlii, 0 MEHIIE BIUTUBAE Ha KiHIeBe 300paxkenHs [17].
[Ipote, y HEMPOHHUX MEPEXK B TAHOMY TIIIXO/I1 € 3HAYHA TIepeBara, sika MoJIArae
B TOMY, 1110 MM MOK€MO (pOpMYBaTH O3HAKH O1IBII BUCOKOTO PIBHS JUISI p13HUX KJIACIB

300paKeHb.

2.1.1 Bottleneck apxitekTypa

[Iporiec HaBuaHHS HEHPOHHOI MeEpeXi 1€ 3HAXOMHKCHHS HEBIJOMUX
napaMmeTpiB (QyHKIii ams Toro mo0 Ha AesSKWW BXiJ X BOHA JaBayia BUXIT Y
(ampokcumartisi). [Hakime kakydyd, HaBYaHHS — II€ 3MEHIICHHS TOMMJIKM MK
BUXOZIOM MEpEXI Ta OYIKyBaHHMMH JaHUMHU. 3apa3, AK MPaBHIO AJIS BHUPIIICHHS
CKJIaJHUX 3a7]a4 BUKOPUCTOBYETHCS TTTMOOKE MAllMHHE HaBYaHHA. JaHWil TepMiH
3aCTOCOBYETBCSl /10 HEHPOHHMX MEPEX 3 BEIIMKOI KUIBKICTIO BHYTPIIIHIX IIapiB
(HacmpaBni, Big ABox Ta Ouibiie). o BinOyBaeThcsa Ha MPUXOBAHUX HIApax MEPEKI
31e0uTbIoro HeBioMo. Sk Oyio 3a3HadyeHO padilie, Oyab-IKUWA HEUpoH 0e3
KOHTEKCTY He Hece B co01 Hisikoi iHdopmariii. Tomy Taky MoJiesib Ha3UBalOTh YOPHUM
SITITAKOM.

Apxitektypa Bottleneck B 3aranpHOMY BUTIaJIKy HE BU3HAYAE CTPYKTYPY MEPEKI
niikoButo. Haromicte, BOHa mependayvae HasBHICTh JAESKOTO IApy HEWPOHHOT
Mepexi sSKui Oyae «By3pkuM» ii micueM. ToOTo, KUIbKICTh HEHPOHIB OO IIAPY
(a6o ¢duneTpiB y Bumnanaky 13 CNN, mo maixe Te came) OyJe MeHIa MOPIBHSIHO 13
iHmmMu. Ha mepmmmii mornsig me Mano KOPUCHO, a/pKe 3TITHO 13 KOHIICTIIEI0
HepiBHOCTI 00poOku ganux (Data Processing Inequality, DPI) — xomHa oOGpo0Oka

JAHUX HE MO’KE€ 30LIBIINTH 1X eHTporito. [Hakie kaxxyun oOpoOKa TaHUX HE MOXKeE
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30UIBIIMTH KUIBKICTh 1HGOpMAIli, KpiM TOro JaHUW IHap Mepexi OYEBHIIHO
3MEHIINUTH KIJIBKICTh 1H(pOpMaIllii Ha HOTO BUXO/I1 TOPIBHAHO 13 BX0o10M. [IpoTe, came
TaKud MiAX1 MOXKe OyTH KOPHUCHHM Yy BHpIIICHHI 3a1a4 Kommpecii. Baxmuso
PO3YyMITH, III0 KOJIM MOBa HJEe MPO HEHPOHHI MEpPEekl — 11 3aBXKIAU MPUOIU3HUI
pe3yabTaT, a OTKE 1 CTUCHEHHS 13 BTpaTaMu. € BHHITKU, KOJIM HEHPOHHI Mepexi
JI03BOJISIIOTH CTUCKATW JaHi 0e3 BTpaT, MpOTe W MPHUHLMII POOOTH TaKUX MEPExX

3HAYHO BiJpi3HseThCs. Ha pucynky 2.2 300paxena moaens bottleneck mepexi.

X, H<N Y
X 2 v o \\'/h Y2
X3 "e{“\*}"; Y
R NESL > .
X4 04 SRR Y

Pucynok 2.2 — IIpuxian bottleneck apxitekTypu HEHPOHHOT Mepexi.

JInst 31MCHEeHHSI CTUCKAHHS JJAHUX 3a JOTIOMOT'OK0 Takoi Mepeki HEOOX1aHO B
nepury 4depry ii 1npomy HaBuuMTH. Ha BXig Mepexi MmomaeMm Jesike 300pa’keHHS
(HactipaBi, 1€ MOXYTh OyTH Oynb-siKi JaH1 JJIS SKUX CTUCKAHHS 13 BTpAaTaMu €
MPUIHSATHUM: B1JI€0, 3BYK TOIIIO) 1 Ha BUXO/Il OYIKY€EM T€ came 300pakeHHs. 3a
pPaxyHOK TOTO, IO JESKUNA MPUXOBAaHUM MIap MEPEKl Mae PO3MIPHICTh MEHIIHHA 3a
BXITHUN (1O CyTi PO3MIp 300pakKeHHs), MepeXa IIiJI Yac HaBYaHHS ITOBHHHA
HABUUTHCS PENPE3CHTYBATU BX1/IHI JaHi, aje B CTUCIOMY BUTIIsL. Tol MU MOXKeETe
PO3AUTUTH MEPEKY, 110 HABYMJIACS Ha JB1: Kojep Ta Aexoaep. [Ipu npomy nepenaBatu
KaHAJIOM 3B’S3Ky CJiJI BUXIJTHI 3HaueHHs bottleneck mapy mepexi. Y npuxmnani
bottleneck manoi apxiTekTypu mMepexi 300paxeHi MOBHO3B s13H1 mapu. Hacmpasni,
JaHa apXiTeKTypa He BUKOPHCTOBYETHCS y PEANbHUX 3aj[adax, MPOTe OCHOBHA 111es
TOro, M0 JaHi 3a JOMOMOTOI0 HEWPOHHOI MEpEKi MOXHA PENpEe3eHTYBaTH Y

CTHCIIOMY BHIJISAII 30epiraeThesi y OLIbIll CKIagHuX miaxonax [18,19].
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2.1.2 TlepeBarn CNN Mepex y 3a1a4ax KOMII’FOTEPHOTO 30py

[Ipu po3B’s3aHHI 337a4 KOMIIIOTEPHOTO 30py 3a3BUYail BUKOPHCTOBYIOTH
3rOPTKOBI HEHPOHHI Mepexi. Y TOPIBHSHHI 13 MOBHOB’S3HUMH MeEpeXaMH BOHH
MalOTh MEHILIE TapaMeTPiB, sIK1 HEOOX1IHO KOperyBaTH mija yac HaB4aHHsA. Kpim toro,

BOHM HA0aro Kpare aHaIi3ytoTh 300pakKeHHS, 32 PaXyHOK 3aCTOCYBAaHHS JI0 OKPEMUX

YaCTHH 300paKEHHS OJIHUX 1 TUX CaMHUX HEUPOHIB (HEHPOHIB PUIBTPY).

V 6

yA

O
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Pucynok 2.3 — [Ipuknan HaByaIbHUX JAHUX JUTS PO3IMI3HABAHHA (P

SIKII0 MOBHO3B’sI3Ha MepeXka HaBUMJIACS PO3PI3HATH PYKOIMUCHI IUPpH, SKI
OyJu BiLIGHTPOBaHI Ha BXiAHOMY 300paxeHHi (puc. 2.3.a,0), TO B HEi BUHUKHYTb
npoOJIeMHU SKIO MPU TECTYBaHHI MEPEXi Ha BXiJ MoaaTv 300pakeHHs mudpa Ha
SAKOMYy HE BIALIGHTpOBa, a00 iX B3arajii jaekuibka (puc. 2.3.B), TO Mepexa IacTb
HEeBIpHY BiAMNOBiAb. lle moB’s3aHO 13 TWM, IO HA BXIJHI TIKCEN 300pa’KeHHS
pearyroTh Jullle KOHKPETHI HelipoHu. BiacHe, iboro HemomKy no30aBiieHi 3TOPTKOBI
HEHPOHHI MEPEXKi, aJPKE 3aMICTh LIbOT0, 300pasKEHHS aHATI3YEThCS JTUIIIE IEKITTbKOMA
rpynaMyd HEMpOHIB, 10 Ha3WBalOThCs (GuibTpamMu. [lpu 1bOMy KOXKEH QUIBTP
aHaITi3ye yce 300paxeHHs: GopMyroun BuXif. J[aHui MpUHIUTT JOTUYHUN JIO TOTO SIK
BJIAIITOBAHUH JIOACHKHUI 31p. ONITHYHI HEPBU 3’ €THYIOTHCA HE 3 yciMa HEHpOHAMHU

30pOBOI KOPH, a JIUIIIE 3 0OMEKEHOIO 1X KUTBKICTIO [16].



28

2.2 llpuHMn podOTH 3rOPTKOBUX HEHPOHHUX Mepex

3ropTKOBI HEMPOHHI MEPEXI ONEPYIOTh TAKUMH MOHATTSIMH SIK TEH30p, Mamna
O3HAaK, 3rOPTKOBUH Iap, Iap cyOauckperu3arii (TaKoXK 3yCTPIYAEThCs ITYJIHT,
CEMILTIHT).

Ckasip, BEKTOp Ta MaTpullsl € 4acTKOBUMHU Bumajakamu tenzopa (0,1 ta 2
BUMIipHOTO BiAnmoBiaHO). [Ipu poboTi i3 CNN mepexxamu 3yCTpiuaroThCsl TEH30pH
Bumoro mopsaky [20]. Mama o3Hak mpeacTaBise 13 cebe TEH30p, IO YTBOPEHUN
micas omepartii 3roptku. Illap cyOmuckperuzarii npu3HAYSHUH I 3MIHEHHS

PO3MIPHOCTI TEH30pY Ta BUAUICHHS JOMIHYIOUHX 3HaU€Hb y Marli O3HaK.

2.2.1. Onepaitist 3ropTKu

OcHOBHUMM €JIeMEHTaMU OIlepallii 3SrOPTKHU € BX1IHUM TEH30p (Mara 03HaK abo
300pakeHHs1) Ta 3ropTKoB1 (PiIbTpi. Pe3ynbraToM omepariii 3ropTKy € Malu 03HaK y
KUJIBKOCTI PIBHIM KUIBKOCTI 3ropTKOBUX (inbTpiB. Po3mip 3ropTkoBoro GiabTpy
3a3BUuail oOupaeThcs 3 Ha 3, MpU bOMY TIUOMHA (GIIBTPY BIAMOBIAAE KUIBKOCTI
KaHaJiB BX1IHOTO T€H30py. SIKIII0 Ha BXiJ 3rOPTKOBOTO IIapy MU IMOJAA€MO 3BUYAiTHE
300paXKeHHs, TO aHaNi3yBaTu Horo moTpioHo ¢inbTpoM po3mipom kixkox3, ne 3 —

KUIBbKICTh KaHaJliB 300paxeHnHs (R,G,B).

A0 S oA < () o ey
..13\‘\ {1%1) + (1%0) + (1*1 1

o

'
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Pucynok 2.4 — Bizyaiizariis ornepariii 3ropTku

Takox, iICHye Takuil mapamerp, sk stride (kpok ¢iabTpy). Uum OUIBIINMN KPOK
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(GIbTPY, TUM OUTBIILY YaCTHHY BUXITHOTO 300paskeHHs Oy/1e OXOIUIEHO Ha KO)KHOMY
HACTyIHOMY KpOIll, 1 TUM MeHIIe Oyje pO3MIPHICTh BHXIJHOTO TEH30pYy (Maru
O3HAK).

Ski1o Ha BXiJT MU TIOJIAEMO N Malrl O3HAaK, TO MOTPiOeH (UILTP PO3MIPHICTIO
kixkoxn. @uabTp pPyXaeThCsi MO 300paKEHHIO, 1 €JIEMEHTH TeH30py (GuIbTpa
MHOJKaThCS Ha BIMOBITHI €IE€MEHTH BXITHOTO TEH30pY, IMICIS YOTO CKJIAIal0ThCA.
[Iporiec po3paxyHKy €JIEMEHTY Malld O3HaK 300pakeHui Ha pucyHky 2.4 [21]. o
JaHOI CyMU MOJKe JtomaBatucs bias (3cyB). JlaHuii mapameTp OKpeMuii it KOKHOTO
¢GinbTpy Ta HaBYaeThCsl. OTpUMaHa CyMa € aKTUBALII€I0 €IEMEHTa Mary 03HaK.

OTpumaHi 3HaueHHs aKTUBAIlli HEOOX1HO MoAaTH Ha BX1J (YHKIIIT aKTHBAILIL.
Buxonau Qynkuii aktuBaiiii popMyIoTh BUX11 3rOPTKOBOTO IIapy (Maru O3HAK).

OcHoBHUI KpuTepiii BUOOPY (PYHKINT akTUBAIT — 1€ T eMITIPUYHO JOCIIKEHA
epexTuBHICTh. J[0 0a30BUX KpUTEpIiB HAIEKHUTH ii HEMHIAHICTh (amKe 3a
JIOTIOMOTOI0 JTiHIMHOI (yHKII MOXKHA OmMHMCcaTH JWIIe JiHIMHY (yHKI©0) Ta
nudepeniioBanicte. Hapasi, miuss CNN Mepek BHUKOPHUCTOBYETHCS MEPEBAXKHO
ReLU (pucynok 2.5) Inomi, Bim’eMHy uacTHHY Tpadika MHOXKaTb Ha JCSIKHil
koe(dimient (Leaked ReLU), Takox 1el koedilmieHT Moxke OyTH 3MIHHUM

napamerpoM (Parametrical ReLU) [22].

f(x)=max(0,x)

Qe

X

Pucynok 2.5 — @ynkiis aktuparii ReL.U

Opna 13 nepeBar ReLU — 11e ii mpocToTa 3 TOUKH 30py KUIBKOCTI MaTeMaTHUHHUX
omepariiii HeoOXiTHUX Ha ii 0OYNCIICHHSI.

[TpoxomkenHss GUILTpOM 10 300pakeHHIO (a00 Mari O3HaK) 3MEHIIY€E HOro
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po3mipHicTh. lle He 3aBxkaw 3pydHO 1 OO TOTO, MO0 ILOTO YHUKHYTH
BUKOPUCTOBYIOTh Zero padding (momoBHEHHS HYJsIMH, pucyHOK 2.6 [23]). Takox,
JaHa omeparis Moxe OyTH BHUKOpUCTaHa Ui 30LUIbIIEHHS PO3MIPHOCTI BHUXOIY

MOPIBHSHO 13 BX0JI0M [23].

0Ol of 0] O %

0.3]0.5/0.9|1.0
1.0/1.0{1.0{1.0
0.9/0.9/0.5/0.3
0.2/ 0.0{/0.0|0.0
0Ol 0/ 0] 0] O 3x3

5x5 = Zero Padding , (4x4) 4x4

OI0 |0 |0 |0

O IO |0 0|0 |0

Pucynok 2.6 — JIonoBHEHHS BX1JHOT'O TEH30PY HYJISIMU

KinpkicTe mapaMmeTpiB B 3rOPTKOBOMY IIapi JIOCUTh Majla, IOPIBHSHO 13
noBHO3B si3HUM. Ile ( k; x ko + 1) X n, 1e n — kibkicTh (uibTpiB. [Ipu boMy Ha
BIIMIHY BiJI TOBHO3B’SI3HOIO MEPEXK1 KUTHKICTh MTAPAMETPIB HE 3aJISKUTH BiJ] pO3MIPY

300pakeHHS.

2.2.2. CyOnuckperusanis

Jlana omepaiis HeoOXigHa Uis 3MEHIIEHHS a0o0 30UTBLICHHS PO3MIPHOCTI
BUXIJTHOTO TEH30pY (aJie He HoTo TJIMOWHN).

JUis 3MEHIIEHHsT PO3MIPHOCTI BUXIIHOTO TEH30PY BHKOPHUCTOBYIOTH Max
Pooling.
Sk 1 y BUMaJAKy 13 3rOpPTKOI0 y HAC € Taki mapameTpu K po3mip QiIbTpy Ta KPOK.
[TapameTpiB ganuii map He Mae, TOMy QLUIBTP B JAHOMY BUIIAJIKY — 11€ BIKHO J€SIKOTO
PO3MIpY SIKUM MM MPOXOUMO I10 300pakeHHI0. M1 00upaeMo HalO1IbIIIe 3HAYCHHS
13 KOKHOTO BIKHA 1 3aITUCYEMO MOTO y BUX1THUM Te€H30p. TakuM YMHOM, MU HE TIJIbKU
3MEHIITYEMO CKJIQIHICTh PO3pPaxyHKy, a W BHOKPEMITIOEMO JOMIHAHTHI O3HaKH 13

BUxiHO1 Manu. Il{e BimOyBaeThCs 3a paxyHOK TOTO, 110 CaMe HaMOLIbII 3HAYCHHS
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BIJIMOBITArOTH A€sIKii o3Halll. Omneparrii max pooling 300pakena Ha pucyHky 2.7 [24].

KaHan BxigHoro TeH3opy

11112

l_
5 | 6 [N e . nn

Pucynok 2.7 — Onepaitist Max Pooling

Sx mpaBUI0, 3rOPTKOBUHM IIap, IO CIIAYE IMICIS JAHOTO Ma€ KIJIbKICTh
GinbTpiB MPONOPIIiIHO OBy MOpIBHAHO 13 monepeaHiM. Lle mo3Bossie 36epertu
CKJIaIHICTh PO3paxyHKY KOXXHOT'O HaCTYITHOTO IIapy Ha TOMY 3K PiBH1, KpIM TOTO — 11€
JI03BOJISIE OTPUMYBATH OUIbIIIE 03HAK BUCOKOTO PiBHSI.

Jnist 301IbIIEHHST PO3MIPIB BUXIJHOTO TEH30PY BUKOPHUCTOBYETHCS OIEpallis
Up Sampling. Bona mMosxe 3HaI00MTHCS y 3a/ladyaX CTUCHEHHS 300pakeHb. Tak sk
BUXOJIOM Mepexki € 300pakKeHHsS Ti€l ) PO3MIPHOCTI, JaHa omeparlisi J03BOJIUTH

MOBEPHYTH IMOYATKOBY PO3MIPHICTH 300pasKeHHSI.

1|2
3|4

Bxig 2x2

A\ 4

w Wik |-
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Buxig, 4x4

Pucynok 2.8 — Onepauis Up-Sampling
Tak sK pO3MIPHICTh BHUXIJIHOTO TEH30py Oyje MPOMOpPIIHHO Ouiblle, TO
noTpiOHO YMMOCH JOTIOBHUTH 1H(OpMALi0, SKOT HE BUCTayae. SIK mpaBuiio, mycTi

CJIEMEHTH BUXIJHOTO TEH30pPYy 3alOBHIOETHCS 13 BXIHOTO SIK 1€ 300pa)K€HO Ha
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pUCyHKY 2.8 [25].

2.3. HaBpyaHH$ 3ropTKOBUX HEHPOHHMX MEpPe:K 32 JONMOMOI 00 AJTOPUTMY
Back Propagation
2.3.1. @yukuii BTpaT y 3aga4ax kiaacudikaumii Ta perpecii

@OyHKIIisT BTpAT € BaYXUIMBUM KOMIIOHGHTOM HaBYaHHS HEHPOHHUX MEPEK.
Jana QyHKuig npeacTaBise 13 cede OLIHKY TOr0 HACKUIBKH Mepexka MOMUIUIIACS y
cBoiil Bignosimi. [IpaBmnbHO MOOyAOBaHa (DYyHKINSI BTpAaT — 1€ OCHOBA TOTO, IO
Mepeka HABUMTHCS NPOTHO3YBAaTH TMPaBUJIBHI BIAMNOBIAI HAa TECTOBUX JaHUX.
BigmoBimaro Mepexi SIK MpaBWIO € CKalspHAa BEIWMYWHA M7 3a7ad  perpecii
(KkoopauHATH JIEIKOi 03HAKW Ha 300pa)kKeHH1, KOJIp MiKcens T.1), a00 WMOBIPHICTh
HAJIEXKHOCTI JI0 JIESKOTO Kiacy y 3amadax kinacudikamii [27].

3agaua kaacudikamii. KoxHa 13 3a3HaueHUX THUMIB MEpEX Mae CBOI
0co0IMBOCTI. SIK TpaBmiIO, 3rOpTKOBa HEHPOHHA MepeXka y 3ajadyax Kiacudikarii

3aKIHYY€ThCS TOBHO3B SI3HOI0 MEpExkero (prucyHOK 2.9 [28]).

3ropTKOBUM Wap CybanckpeTtusauis

BaraTolapoBuii nepLenTpoH

BuxigHui
wap

—_— EEEEn —->.

BxigHui wap

Pucynok 2.9 — Ilpuknag CNN mepexi kinacudikarii

KinpkicTh HEMpOHIB OCTAaHHBOTO APy ITOBHO3B’SI3HOT YAaCTHMHH MEPExi
BIJINTOBIJIa€ KIJIBKOCTI KJIACIB sIK1 pO3pi3HsE JaHa Mepexa. [Ipu oMy, 6akaHo 11106
3HAYeHHsS HEHpPOHIB BUXIAHOTO mapy Oymu B mianma3oHi Bifg 0 mo 1 (AMOBIpHICTB

HAJISKHOCTI JI0 JESKOIro KJiacy), a Cyma IMX 3HaueHb Oyja piBHa 1 (amke cymapHa
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nMoBipHicTh moBuHHA Oytu 100%).  Jlmsg [OCSATHEHHS TaKOTO pe3yJbTaTy

BUKOPUCTOBYEThCS GyHKIIIs SoftMax, mo mae Burisn (popmyna 2.1):

Xi

SoftMax(X) = ﬁ .1
]

B sxocti hyHK11i BTpat sk npaBuiio BUkopuctoByeThesi Cross Entropy, 1o mae

Burisig (popmyna 2.2):

CE(Y,T) == ) T;-In (%) 22)

, 1e T — BeKTOp MpaBWIbHKUX BIAMOBIEH, a Y — BUXITHUN BEKTOP OCTAaHHLOTO
mapy HeWpOHHOT Mepexi. SIK mpaBUiIO OocTaHHIN map Mae QyHKITI0 akTuBaii Soft
Max a6o iniry QyHKIiI0 HopMaiizaiis (1 OiHapHoi Kinacugikanii Sigmoid, a Takox
JIesIK1 1HIII).

3agaua perpecii. 3anaui perpecii y MallMHHOMY HaBYaHHI BiJIMOBINAIOThH 3a
HaBUYaHHS MEPEXi, 1110 BMi€ TiepeadayaTi CKasipHi 3HaUYeHHs. Mo)kHa cKa3aiu, 110
3a/1aua Kiacudikarii — 1€ 4YaCTKOBUHM BMITQJIOK 3aja4l perpecii, ajpke WMOBIPHICTh
(a00 HOMEp) MPABWIILHOTO KJIACY TEX € CKAISIPOM, TPOTE IIi IBa THITH 33734 JOCUTh
CUJIBHO BIAPI3HSIOTHCS MIPH MOOYI0B1 MEPEXKI 1 TOMY Oy/Ib-sIKI 3a/1a4l Y MaIlTUHHOMY
HaBYaHHI K TPABWIO 3BOAATHCA N0 3a4a4 Kiacudikaimii abo perpecii (abo ix
KOMOIHAII1 Ha PI3HOMY PiBHI).

PosnoBcromxenoro  QyHKIIEr0  BTpaT I 3adad perpecii €
cepeanbokBanapatuune BiaxwieHHs (MSE, Mean Squared Error). Jlana QyHkiis
MpEACTaBIIIE 13 ce0e cepeTHE MK KBaIpaTaMU Pi13HUIII €JI€MEHTIB BEKTOPY BUX1THUX
3HaYeHb OCTAHHBOTO IMApy MepeXi (MPOTHO30BaHI 3HAYEHHS) Ta EJIEMEHTaMU

BEKTOpY 13 MpaBWJILHUMHU BiANoBiIsAMH (popmymna 2.3)[29].
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N
MSE(Y,T) = %Z(Yi _T)? 2.3)
i=0

Sk BugHO 13 popmynu, yepe3 kBaapar MSE 4uyTnuBuil 40 BETUKUX 3HAUYEHB
JUcIiepcii y BIAMOBIAL. SIKIIIO MaeMO KiJIbKa CIIOCTEPEKEHb 13 MPUOIN3HO OHAKOBUM
BEKTOPOM O3HAaK, ONTHMAJbHUM IPOTHO30M Oyze iX cepeHE LITbOBE 3HAYCHHS.
Takum ymHOM, naHa GYHKIS BTPAT ONTHMAJbHA Y THUX BUITAJKAX KOJU BEKTOPHU
CIIOCTEPE)KEHb MAalTh HOPMAJBHUM PO3MOJLI Ta BIAMIHHICTD Yy MPaBUIBHUX
BIJIMOBI/ISIX Ta BIAMOBIASX MEpEXi MOBUHHA HAKIAMaTH BUCOKWHU mTpad (KBampar
PI3HMITI).

Henonmikom MSE € Te, mo Mu aHami3yeMO JaHi TO OJHOMY €JIEMEHTY.
Hanpuknan, mns 300pakeHHS Takuil miaxig € He nyxe sraauM. [lo mepie
KBaJpaTUYHA MIOMUJIKA Y BUMIAJIKY 13 300paKeHHSIM He OTpiOHA, a/[Ke BIAMIHHICTD Y
KOJIbOpI MIKCENsl MOXKe OyTH JOCUTHh BEIMKOIO, ane (PaKTU4YHO ISl TPUHHSATTA
300paxkeHHs1 Oyzae HopMainbHUM. KpiM Toro B cepenHbOMY 3HAYEHHS KOJBOPY Ha
BUXO/1 MeEpexXi MOXYTh MAaTH BHUCOKHM piBeHb 30DKHOCTI 13 MPaBHILHOIO
BIJIIOBI/ITIO, AJI€ BI3yaJbHO 300paskeHHS OyJIe CIIOTBOPEHO.

TakyM 4yMHOM, BUHHMKAE MOTpeda aHaizyBaTU OKpPEeMi BUXOJ1 Mepexi (Komip
miKCcens) 13 ypaxyBaHHSIM CyCIIHIX 3Ha4eHb. J{J1s BUPILIEHHS JaHOT TPOOJIEMHU MOXKe
OyTu 3amissHUN 1HAEKC CTpYyKTypHOi momiOoHocTi (SSIM, Structure Similarity,
dbopmyna 2.4).

Moro ocoGIMBICTb TONArae y TOMY, 110 3aMiTh HOPIBHSIHHS 3HAYEHb OKPEMHIX
MIKCEJIIB MU IMOPIBHIOEMO 3HAYEHHS MKCEIB rpynaMu (y JeIKOMY BikHi). 3a3BUYaid
PO3Mip JAHOTO BIKHA OOMPAEThCS HEBEIUKUH (Hanmpukiaa 8x8), ajke B IPOTUBHOMY
BUMAJIKY KUIBKICTb JIOJaTKOBUX PpO3PaxyHKIB OyAe 3pocTaTd B T'€OMETPUYHIN
nporpecii, mo Oyjae O0COOJMBO TMOMITHO TPH JOCTaTHRO BEJIUKHX pO3Mipax

300paKeHb.
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2papy + C1 204y + Co
iz v 40y of+o+0Cy

SSIM(p) (2.4)

, 1€ Ci 2 — KOHCTAHTH, [lxy — CEPEAHE BXOAY Ta BUXOAY, Oxy — AUCIIEPCIS BXOLY

Ta BUXOY.

2.3.2 MeToa rpaliecHTHOrO CIIyCKY

HapuanHs Mepexi — 11e mpoliec onTumizamii QyHKIT MTOMUIKH. SIK MpaBuiio —
1€ HaBYaHHSI 13 BUMTENIEM 3a JIOMIOMOTOI0 MPOMAPKOBAHUX JTAaHUX (CIIOCTEPEXKEHB),
10 Ha3WBAIOTHCA JAaTaceToM. Y MAIIMHHOMY HaBYaHHI OCHOBOKO Ui BCiX
ITOPUTMIB ONTUMI3aIli (YHKIII BTPAT € CTOXaCTUYHHUM TPAIIEHTHUH CITyCK, IIO
3aCHOBYIOTBCS Ha  JIAaHIIOTOBOMY TpaBwm  nudepenuitoBanHs.  [Ipukman
3aCTOCYBaHHs JAHOTO IMpaBWJa IO BHU3HAYCHHS MOXITHHUX JUIS BXiIHUX CIIEMCHTIB

OCTaHHBOT'O IIapy HeMpoHHOI Mepexi ((hopmyrna 2.5):

dE dEdy
E = Ea (25)

B nanomy Bumagky dE/dx — 1ie moxigHa BXiIHOTO BEKTOPY MO (PyHKIIIT BTpAT;
dE/dy — moximHa BuxigHOro BeKTOpy mo (yHKIi BTpart; dy/dx — moxijgHa BX1JHOTO
BEKTOPY BITHOCHO BUX1THOTO. /[aHe MpaBUII0 3aCTOCOBYETHCS IS OYIb-SIKOTO IIapy
Mepexi. 3BICHO, ycl (yHKIII MPEACTABICHI y MEpEeXi MOBUHHI MaTH MOXIAHY Y
poboyoMy Jiara3oHi He BpaxoBYHOUM JesiKi BUKIrodeHHs (g pyskiii ReLU(x) =
max(0,x) moxigHa y touri () HeBM3HaudeHa, mpote ii OepyTh piBHOWO omuHuUIl. Ha
pO3paxyHKH Iie HisK He BrtuBae) [30,31].

Po3pi3HsAI0Th EKiIbKa PI3HOBUIIB TPAJIEHTHOTO CIYCKY, SIKI BIAPI3HAIOTHCS
KUJIBKICTIO CIIOCTEPEXKEHb (JaHUX 13 BUOOPKM) sIKI OepyTh y4acTh B OJHOMY KpOIil
rpaJli€HTa:

1. Knacuunwuii rpagienTHHi ciiyck. B qanomy Bunaaky rpaai€HT Jyisi AEIKOro
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napaMmerpa Mepexi Oyzae cepeaHiM apuMETHYHAM 4Yepe3 TPamieHTH IS
KO)KHOTO 13 CIIOCTEepEKEeHb. SIKIO crmocTepekeHb myxe Oarato, TO
IPOAYKTUBHICTH POOOTH TaKOTO MIXO0Y Oye Ay’ e HU3BKOIO.

2. Croxactuunmii rpamienTHui cnyck (SGD, Stochastic Gradient Descent).
['pamieHT poOUTH KPOK JUISI KOXKHOTO CIOCTEpPEXKEHHS. [HIa KpidHICTS,
HEJIOJIIKOM SIKOi € Te, II0 PO3PAaXOBYIOUYH IPAMIEHT JUIsl KOKHOTO OKPEMOTO
CTIIOCTE)KEHHSI MM Ma€eMO BHCOKWH DPIBEHb IIyMy IMPH HaBYaHHI MeEpexki
(K0 HOpMaJBHHMMA PO3MOAUT BXIAHUX JIaHUX Ma€ JOCUTh BEIUKY
JCTIEPCIIO, IO 3yCTPIYAETHCS JOCUTH YacTo).

3. Mini-Batch SGD. TI'pamieHT ycCepemHIOETbCS Il JESIKOl KIJTBKOCTI
cnocrepexenb. JlaHui miaxig € HalOUThIl onTHUMadbHUM. Po3mip MiHi-

Oatuy (MakeTy) € rineprnapamerpom [32].

2.3.3 Po3110BCIOIKEHHS TPAIIEHTY MepeKer0 Y 3BOPOTHOMY HANIPSIMKY

['panienT QyHKIIIi BTpaT B3arajgom Oye 3ajiexkaTu 0e3nocepeIHbo B GyHKII1
BTpaT Ta QYHKKIIT aKTHBALll OCTAaHHBOTO IIAPY MEPEKI.

[Ipote sixmo BukopucroByBatu Soft Max + Cross Entropy a6o MSE Ta niniiiny
dbyHKIIr0 akTUBalli (TOOTO BIACYTHICTh (GyHKIIIT akThBaii f(X) = X) rpaaieHT QPyHKIi

BTpat Oyxe piBaui (popmyina 2.6).

V,E=y—1 (2.6)

, 16 Y — BEKTOp BHXiJHHUX 3HA4€Hb, t — BEKTOp IUIbOBUX 3HAYCHH (MIPABUIHHHUX
BIZIMIOBIICH /T criocTepexerHst) [33].

Po3noBcromxeHHs1 TPaJi€HTY 4Yepe3 MOBHO3B’SI3HI mapu. Po3paxyHku y
CepelMHI HEWPOHHOI MEpeXi 3pPYy4YHO NPEACTABIATH Yy BHUIVIAAl MOCIIIOBHUX
TEH30pHUX OMeparliil (onepariiif HaJ BEKTOpaMMH, MaTPULIIMU Ta TEH30paMH OLTbIION
po3MipHOCTI) sk Tipu npsimomy nommpenHi curHany (Feed Forward ) tak 1 mpu

3BopoTHOMY (Back Propagation).
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Itepartiisi HaBuaHHS Mepeki B OyAb-IKOMY BHUIAJKy MOYMHAETHCS 13 MPSIMOTO
MOIUPEHHST CUTHATY 4Yepe3 MEpPEexy IJIs TOro, mo0 3pOOHUTH OIlIHKY TTOMHJIKH 32
JaHUX TapaMeTpiB. s po3paxyHKy TpaaieHTy HEOOXITHO BH3HAUYUTH YAaCTKOBY
MOX1JIHY BIJHOCHO (YHKIII BTpAT MOCIYTOBYIOUUCH MPaBUIOM Tu(dEpeHIIIFOBaHHS
ckiaaHo1 PyHKIT (aKe QyHKINIS BTpaT € QYHKINE Bl PYHKITIO, 1110 B CBOIO YEPry
€ QYHKIII€O 1HIIOT CKIIaIHOT (PYHKIIII.. 1 T.J] 10 BXOAY MEPEXKi).

Buxoau TOBHO3B’SI3HOTO IHapy TMpH MPsIMOMY TOIMIMPEHHI CHUTHATY

BU3HAYAIOTHCA 32 (hopmyrioro 2.7:

y=f(W-x+b) (2.7)

, 1€ Y — BEKTOp BUXITHUX 3Ha4€Hb, W — MaTpullsd BaroBux KOEQIII€HTIB; X —
BEKTOp BXITHUX 3HaueHb; b — 3cyBu; f — QyHKIIIA akTUBAL] (HEMIHIAHICTD).

Bupa3z a = W-x+b Ha3uBaeTbcs akTHBaili€ro, a W-X — 3BaK€HOI0 CyMOIO.

TakuMm 4MHOM, HEOOX1THO BUSHAYUTH TPAIIEHT BX1THOTO BEKTOPY MO (DYHKIIIIO
BTpaT, A7l TOTO, 1100 mepenaTv Woro aaji (B CTOPOHY BXITHOTO HIapy HEWPOHHOI
Mepexi) Ta Tpaai€eHT HJis TMapaMeTpiB, 10 HaBYAKOThCA (3CYBHM Ta Barosi
Koe(iieHTH), 1st TOro 1100 CKOPEryBaTH iX 3HaUEHHS B 3BOPOTHOMY BIJ] TPAIIEHTY
HANPSAMKY (3MEHIIUTH (HYHKI[IFO TIOMHUIIKY BITHOCHO JAHOTO NapaMeTpy, a OTKe 1 471
MoJei B IijioMy). ['pajlieHT BUX1AHUX 3Ha4YEHb BiJl QYHKIIIT BTpAT BIJOMHUIA V,E (BiH
Mo>ke OyTy OTpUMaHuii 13 GyHKIIIT BTpaT 0e3MmocepeHbO SKILO 1Ie OCTaHH1H map abo
13 1HIIIOTO TITApy MEPEeX1 JIJIsl HOTo TaHWM TpaileHT Oy/1e TPaIi€eHTOM BX1HUX 3HAUYCHb
BIJIHOCHO (DYHKIIIi BTpaT).

B nepury uepry HeoOXiIHO BH3HAUWTH TPAIIE€HT aKTHUBALli BITHOCHO (PyHKIIT
BTpaT. lle € moOyTkoM moximHOT (YHKIi aKkTHUBAIii B TOYI[l & Ta 3HAYEHHSIM

BUX1HOrO rpafuienty V, E (bopmyina 2.8).

V.E = f'(a) - V,E (2.8)

Sk mpaBuio IS TPUXOBAHUX IIAPIB HEHPOHHOI MEpPEeKl BUKOPUCTOBYETHCS
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dynxiis aktuBarii ReLU(x) = max(0,x). [ToxinHa, sk 1 cama (pyHKITIS JOCUTh TPOCTa

(popmymna 2.9):

lifx=>0

0if x<O0 (2.9)

ReLU'(x) = {

['panmienT nus 3cyBiB b nopiBHIOE rpafgienTy aktuBauii (dhopmymna 2.10). Lle
BUILUTUBAE 13 popmyiu 2.7. AKe oXiTHA BEKTOPA 3CYBY Uepe3 aKTHUBAILIIIO IOPIBHIOE

OJIMHUIIL.
Vy,E =V, E (2.10)

HactynmHuM KpOKOM € BHM3HA4€HHS TpaIi€eHTy Ui MAaTpHIll BaroBUX
koedimientiB Vy, E ta mist BxinHoro Bekropy V,E. [{ng BU3HAUEHHS TpaieHTy IS
MaTpUIll BaroBUX Koe(]ili€HTIB HEOOXIIHO BHU3HAYUTH ii TMOXIIHY BITHOCHO

aktuBarli. Sk BuaHo 13 popmynu 2.7 BoHa Oyje piBHA X, BEKTOPY BXIJHUX 3HAUYCHb

(bopmyma 2.11):
VwE =V,E -x (2.11)

B cBoto uepry, noxigaHa st BEKTOPY BX1HUX 3HaU€Hb BITHOCHO aKTHBAIIl1 Oy 1€
JIOPIBHIOBATH BEKTOPY W (e71eMeHTH MaTpulli W, 110 MOB'S3YI0Th BX1HI 3HAYEHHS Ta

BIJINMOBIJIHY aKTHBaIlii0). TakuM yHOM, MaeMo (popmyra 2.12):
V,E=V,E-WT (2.12)

[Tpu upomy, AKIIO IIap HEHPOHHOT Mepexi HAe MepIIMM MiCs BXi1IHOTO, TO
PO3paxyHOK I'paJiiEHTY JJIs BXITHUX 3HAYeHb He moTpioeH [34, 35].
Po3noBcromxeHHss  rpagieHTy  4Yepe3  3roprkoBi mapu. Ilpsame

PO3MOBCIOXKEHHS Uepe3 3rOPTKOBUI 11ap BiAOYBAETHCSA 32 HACTYMHOIO (OPMYJIIO0
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2.13:
Y=f(x*W+4+b) (2.13)

, JIe * - 11e omeparlis 3ropTKH, 110 OyJia npecTaBiIeHa paHillle.

BaximBo, 110 B 1TaHOMY BUIIQAKY Y Ta X — [1€ TEH30PH TPETHOTO NMOPAAKY. BoHM
MaroTh BUCOTY, IIIUPUHY, & TAKOXK TTTMOMHY (TSI X — 1€ KUTbKICTh BX1JHUX KaHAIB, a
it Y - 1e KUIbKICTh 3rOpTKOBUX PuIbTpiB). W € TeH30poMm 4-ro nopsiaky. Bin mae
HIMPUHY BUCOTY (pO3MIpH Sifjpa 3rOPTKH), a TaKOXK HOMEPH BXIJHOrO KaHAly Ta
biabTpa.

B nepiry yepry HeoOXiqHO BU3HAYATH TPpali€HT akTuBamii a = x*W+b. Tak sk
BUXIJTHUN T'PaJliEHT HaM BIJOMUM, HEOOX1THO 3HAWTH MOXIAHY aKTUBAIlll BITHOCHO
BUXOJ1 Mepexi. SIK 1y BUMAKy 13 MOBHO3B SI3HUM IIAPOM IIe Oy/e moxXigHa (pyHKIii

aktuBallli. Takum 4uHOM, TPAIIEHT aKTHBAIIIl BU3HAYAETHCS 32 (hopmyIioro 2.14:
VoE = f'(a) - VyE (2.14)

BinmiaHIiCTE TIONIATaE y TOMYy, IIO OIEparii MpOBOIATHCS HaJA 3-BUMIPHUM
TEH30POM, a HE BEKTOPOM.

3Ha0uYM TPAJIEHT JJIS aKTUBAIlll MOKHA BHU3HAYUTH TPAIEHT IS 3CYBIB. Y
BUTIAJIKY 13 3TOPTKOBHM IIIAPOM MH MAEMO JIMIIIEC OJWH 3CYB I KOKHOTO KaHAIY
bipTpa (mo3HauemMo Homep ¢iIbTpa K n). ToOTO 3CyB YMHUTH BIUIMB Ha YCI
HEHPOHU BUX1THOTO Iapy N-ro KaHaiy. JJis Toro, o0 3HaWTH IPajIieHT 3CyBY, TpeOa

3HAWTH CyMma 3HA4Y€Hb BUXIJHOTO TPAJI€HTy JUIA N-ro KaHamy QuibTpy (popmymna

2.15):

Vb(n)E = z Va(n)E (215)

Takoxk, 3HalOUM IPaIIEHT aKTHBAIlli MOKHA BU3HAUYUTU T'PAJIEHT ISl BAarOBUX
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KOE(QIIIEHTIB 3rOPTKOBUX (PUIBTPIB. 3TOPTKOBI (PUIBTPU MAIOTh ¢ OKPEMHUX KaHaJiB
JUISL KO)KHOTO KaHaTy BXiTHOTO TEH30pa, @ TAKOXK N — KaHAJIIB JJIs1 KOKHOTO KaHAIy
BUX1THOTO TeH30pa. Takum unHOM, 3a hopmysoro 2.13 y po3paxyHKy N-ro KaHaimy
aKTHBaLil MPUEMAaJIM y4acTh YCl KaHAJIM BXiJHOTO TEH30py (a/pKe iX 3BaXkeHa cyma

MOEJIEMEHTHO CKJIajiajacs Iij 4ac 3rOPTKH), a TAKOXK yCl KaHaIU (DUIBTPY 3rOPTKH

(bopmyma 2.16).

VW(n,c)E
dE dE dE dE
X1,1 X111t 5T X1,2 X1,2
da,, day, da,, day,
dE dE (2.16
| aE dE da, M7 qa, T g dE
- dal 2 xl'l + daZ 2 x2,1 dE dE dal 2 12 + daz 1 x2'2 )
’ ’ ——X31+ X2,2 ' ’
da, da,,
dE dE dE dE
- X21 VT X21 T 5 X2 X2
daj, “ da;; day da;,

HacnpaBni, 3Haxo/pKeHHS TpagieHTy JUIs BaroBUX KOe(II€EHTIB MOXKHA
MPECTABUTH SIK OIEpallil0 3ropTKH BXITHOTO TEH30pa 13 IpaJi€HTOM aKTHBAIlll B

sxocTi pinbTpa (hopmyna 2.17):

Ve E = Xc * Vo) E (2.17)

Jlana omepariis nepeadoadae, Mo A0 BXITHOTO TEH30pY OyB 3aCTOCOBAHUU ZEro
padding Ha etami 3ropTku (same padding) BimOBITHO 10 pO3MIpIB PiIbTpA.

OcTaHHIM €TanoM pO3paxyHKy TpaJi€HTy 3rOPTKOBOTO IIApy € PO3PaxyHOK
TpaJil€HTy BX1IHUX 3HAYEHb.

3HavyeHHS BXIJIHOTO TEH30PY IIOB’s3aHI 13 AaKTUBAIIEI0 Yepe3 Barosi
koedirientu. [Ipu po3paxyHKy n-Toro KaHasly KapTH aKTHUBallli BAKOPUCTOBYIOThCS

yC1 KaHaJIM ¢ 3rOPTKOBOT0 (DUIBTPY N JUISI aHAJI3Y BX1THOTO TeH30pY (popmy:a 2.18):



Vx(C)E ==

dE

daqq

dE

da,q
dE

dE
dayq

—— Wiy +

— W3,
daqq

——— Wy +

dE

d a2
dE

da,,
dE

d a2
dE

da,,

- Wy +

W11

- W31 +

W21
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(2.18)

®opmyny 2.17 MOXHa IHTEpIPETYBaTH SK OIEpPaLil0 3TOPTKU TPaai€HTIB
aKTHBAIIii J1e B IKOCTI (PUIbTpa BaroBi KOe(ili€HTH 3TOPTKOBOTO (QIBTPY, aje 3 TUM

3ayBa)KEHHSIM, IO MOPSIJIOK CIIAYBAaHHS 1HIEKCIB IIMPUHU T4 BUCOTH 1HBEPTOBAHUN

(bopmyna 2.19).

Wi1 Wiz Wigs W33 W3, W3,
W=[Wz21 W22 W23 | W =180 (W) =Wz23 W22 W21 | (2.19)
W31 W3 W33 Wiz Wiz Wi

Kpim Toro st 30epexxeHHs1 po3MIpHOCTI HEOOX1THO 10 TEH30PY IPaji€HTIB
akTuBalli 3acrocyBartu omeparito zero padding. Octatrouno dopmyna as

BU3HAYCHHS BX1AHUX I'pajiieHTIB Mae BUTIIA (popmyma 2.20) [36, 37]:

WV, E = Z ZeroPadding(V,E) * W (2.20)

Sk 1y BUMaaKy i3 MOBHO3B’SI3HUM IIIAPOM, SIKIIO 3TOPTKOBUH IIap Wie oapasy
TSI BXITHOTO (B 3a/1a4aX KOMIT FOTEPHOTO 30Dy, BJIaCHE TaK 1 €) TO PO3PaxOBYBaTH
BX1JTHUH TPaJIIEHT HEMAE CEHCY.

B3zaranowm, npeicraBieHi po3paxyHKU € TOCUTh MPOCTUMH SKIIIO PO3TIISIAATH iX
SIK Ha0Ip MOCIIIOBHUX TEH30PHUX OIEparliil.

Po3noBcropxennsi rpaaienty uyepe3 Max Pooling mapu. Sk 1 y Bunaaky 3
JUIS  BHU3HAYCHHSA TPATIEHTY IIIapy

IHIIMMU ~ [IapaMyd  HEWPOHHOI  Mepexi

MakcuMajiabHOro 00’enHaHHs (Takok Max Pooling, Down Sampling) HeoOxigHO
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NpoaHai3yBaTH SIKUM YHHOM CHTHAJ PO3MOBCIOKYETHCS Yepe3 JaHuil Iap B
IpsIMOMY HanpsMKYy. [[71st bOTO MpeAcTaBUMO Olepailito BUOOPY MaKCUMAIbHOIO SIK

JeSTKU BaroBHid KOoe(DiIlieHT, 1m0 He HaBYaeThes (hopmyna 2.21):

1 if x; = max(xq, xy,..,%X,)
;= 2.21
i { 0 otherwise 221)

Toni camy omeparlifo 3ropTKM MOKHA TIPEJACTABUTH, SK JOOYTOK BXITHHX

3Ha4YeHb Ha JaH1 Barosi koedirieHty (popmymna 2.22):

n
y = Z W;X; (2.22)

[Toximua myst BXiTHOTO MIAPy BIJHOCHO aKTHBAIIi (omeparlii MaKCUMaIbHOTO

o0'eHaHs) — 1€ 3HAUEHHS «BAaroBOTO KOE(MILIEHTY» Al KOHKPETHOTO €JIEMEHTY

(popmymna 2.23).

dy 1 ifx; = max(xq, x,,..,%,)
= w = X2 2.23
dx; Wi {0 otherwise (2.23)

[ToxiaHa 11t BXITHOTO Iapy BIACHOCHO BUXO/I1 MEPEXi — I1€ 100YTOK IPaieHTy
aKTUBAIIl{ HA TPallEHT BUXOAY. TakuM YMHOM, TPAAI€HT JUIsl HEHPOHIB BXOIy MOXKHA

BU3HAYMUTH 32 HACTYITHUMHU CIIBBIIHOIIEHHM (opmynia 2.24)

dE. dE dy dE
dx; dy;dx; dy; Wi

(2.24)

[Hake Kaxydw, TPaJieHT PO3MOBCIOMKYETHCS JIMIIE 4Yepe3 TOW EJIeMEeHT
BX1IHOTO TEH30pY SKUH MiCTs oneparii MakCUMalbHOTO 00’ €1HaHHs OyB MepeaaHuii

JaH1 Mepexero. Bizyanizariii qaHoi onepariii npeacrapieHa Ha pucyHky 2.10.
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0/0/00
6 (8 Backpropagation 0 :_5 0 :_5
S I8 <= 1o NG

0|0 ]|0]|&

Pucynok 2.10 — Bizyamizaiis Back Propagation yepe3 Max Pooling mrap mepexi

Ha pucynky dE/dy — 1me moximHa BUXOAy Uil TPYNH €JIEMEHTIB BX1JIHOTO
TeH3opy. Po3Mip rpynu BH3HAuYa€eThes po3MipoM (GUIBTpa Ta KPOKOM (B JaHOMY

BUIAJIKY 2X2 13 KPOKOM 2).

2.3.4 MeTtoau ontumizanii GyHKUIII BTPAT HA OCHOBI I'PAiEHTHOIO CIIYCKY

[Tig yac ormsimy anropurmy Back Propagation Oyo 3a3HadeHo, 1110 BiH MpaLoe
Ha OCHOBI TPaJI€HTHOTO CIYCKY, SIKHH B CBOIO Yepry Mae AEKUIbKa pi3HOBHUIIB,
BIJIMIHHICTh SIKMX TOJISITAE Y KIJIBKOCTI CIIOCTEPEKEHb, SIKI OEPyTh y4acTh B OJHOMY
KPOIIi TPAAIEHTY IS IESIKOTO TapaMeTpy Mepexy. [Ipote, 3arainpHe CIiBBITHOIIICHHS

JUTsl OHOBJICHHS TTapaMeTPiB 3aTUIIAEThCs OJTHAaKOBUM (popMmyia 2.25):

param . =param,, — & VyganE (2.25)

, &6 @ — HMIBUJAKICTb HaBYaHHA; VpgrqmE — 3HAYEHHS IPaji€HTYy IapamMerpy
BITHOCHO (YHKIIIT BTpAT (AJI1 OTHOTO CTIOCTEPEKEHHs, a00 cepeaHe aprupMeTHIHE
JUISL TPYTIN CTIOCTEPEIKEHB ).

SIk mokasye mMpakTUKa TaKUM MIAXiH MOXe OyTH HE 3aBXKIU €PEKTHBHHM.
OHI€I0 3 OYEBUAHUX IPOOIIEM € NIISTHKY, e PyHKIIIS BTpAT U JAHOTO IMapaMmeTpy
BCE II€ JJOCUTh BEJMKA, NMPOTE MOXITHA B KOHKPETHIN TOYIN AyXe Maja (JIOKaJbHI
MiHIMyMy). B Takomy BHmagky KpoK B HampsiIMKy aHTHrpajieHTa Oynae 3aHaJaTo
Majii 1 HaBYaHHS MOJKE 3aCTpSIITU B OJHOMY MiHIMyMi. YacTKOBO JaHa mpoosieM

BUPIIIYETHCSI OLIBII BHCOKOIO IIBHAKICTIO HAaBUYaHHS, MPOTE SKIIO 30UIBIIUTH ii



44

3aHAATO TOMHJIKA MOXKE HE 3IMTHCS 30BCIM (3HAUEHHS IapameTpy HE 3MOXKe
CTaO1TI3yBaTUCA B OJHOMY MIHIMYMI).

OnHuM 13 e(peKTUBHUM CIOCOOIB BUPIIICHHS JaHOI MPOOJIEMH € 3aCTOCYBaHHS
IMITyJTbCy (momentum). Inmes mossrae B ToMy, 100 BpaxOBYBaTH 3HAUYEHHS
MOMNEPEIHIX TPAJIEHTIB Uil Toro, Imo0 imiTyBaTH iHepmito. Ha mpakrtuii
BHUPAXOBYETHCS EKCIIOHCHIIMHE KOB3HE CEPEIHE 3HAUCHHS TPATIEHTy, ajpKe
30epiraTi B MaM’ATi BCIO 1CTOPiIO T'PaJIEHTY Ta MPOBOJIUTH HAJ HEIO MaTeMaTH4HI

omeparlii 0ys0 6 Bkpail HeeheKTUBHUM piteHHM (popmynu 2.26, 2.27):

Ut = Bue—q + (1- .B)VparamE (2.26)

param,, =param,, — @-[, (2.27)

, 1€ f — KOe]iIlieHT MOMEHTY (SIK mpaBuiIo O0epyTh piBHUM 0.9).

Henonixom ycix moaudikaiiiii rpaieHTHOTO CITyCKy Ta momentum € Te, 10
MIBUIKICTh HABUAHHS 3QJIUINIAETHCS MTOCTIMHO0. HacpaBi, 3MEHIITyBaTH MIBUIKICTh
HABYAHHS 3 YacOM € KOPHUCHHUM, aJPKe II€ JIO3BOJISE 3HAXOIUTH Kpallll JOKaJIbHI
MIHIMYMH (DYHKIIT K1 3QJIUIIAIOTHCS HEAOCSHKHUMH Yepe3 BEeJTUKY MIBUAKICTD. JlaHy

npobnemy HamaraeTbest Bupimmutu AdaGrad (popmymnu 2.28-2.30):

. a

= e —Tn (2.28)

sum; = sumy_q + VpgramE? (2.29)

-  VywramE 2.30
param_, =param,, — a% (2.30)

, Ie € —MaJjla KOHCTaHTa JJ1s 3arno0irands quieHHs Ha 0.

Jlaauii onTUMI3aTOP 3MIHIOE IMIBUKICT, HABYAHHS @ U KOKHOTO TapaMeTrpa
Ta Ha KO)KHOMY Kpoiii «t». IlepeBara AdaGrad monsirae B ToMy, II0 BiH yCYyBa€
HEOOXITHICTh HAJAITYBAHHS IIBUIKOCTI HABYAHHS.

Moro ocHOBHMM HEIOIIKOM € HAKOIIMYEHHs KBaApaTiB rpatieHTIB ( VygramE )y
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3HaMeHHUKY. OCKITbKM KOXXEH TaKWil KBajapaT 3aBXKIW € OAATHUM, HAKOITUYCHA
CyMa ITPOIOBIKY€ 3pOCTATH ITiJ] YaC HABYAHHS, CHIPUIHHSIOUN CKOPOUCHHS IIIBUIKOCTI
HABYAHHS Ta CTAIOUYM HECKIHYCHHO MAJIO0, IO HaJajll MPU3BOIUTH O MPOOIEeMHU
3HUKHEHHS TPaJli€eHTa Yepe3 Malli 3HAYE€HHS IOro OHOBIICHHS.

Jany mnpobnemy  Hamaraetbes — BupimmtH — ontumizatop — AdaDelta.

CriBBIAHOIICHHS JIJIs1 TAHOTO ONTUMI3aTOp MatoTh BUTISAA (hopmymnu 2.31-2.34):

sumy = sum_q + VpgramE? (2.31)
Ve =sumg_1p+(1 — p)- vparamE2 (2.32)
a
Axy = —vparamE (2.33)
JUe+ €
param , =param , — Ax; (2.34)

3aMiCTh 3HAXO/DKEHHS CYMH KBaJpaTiB MOKHA OHOBIIIOBATH EKCIIOHEHIIIHE
KOB3HE CepefHe (K I TpaaieHTy y momentum). TakuM 4yuHOM, JlaHA BETUYHHA
OyJle BpaxOBYyBaTH 3MiHY I'pa/IIEHTY.

Icnye Takoxx ontumizatop RMSProp, sikuii maitbke inentuunuii 10 AdaDelta 3a
TUM BHKJIFOUEHHSM, IO BIH paxye€ KOB3HE EKCIIOHEHIIIHE Cepe/ieHE KBapaTiB

IpaJIIEHTIB HE Yepe3 CyMy, a uepe3 3Ha4eHHs Ha KOsKHOMY Kpotli (popmyina 2.35):

Ve =V pt (1 —p)- VparamE2 (2.35)

OmHuM 13 caMHUX PO3MOBCIOKEHUX onTuMizatopiB € Adam. Bin mae raphi
pe3yabTaT 3BEJEHHS NOMWIKH Ta crabuibHOCTI. BiH moegnye y co0i iaei
HAaKOMMMYEHHS IMITyJbcy Momentum Ta BpaxyBaHHS KBaJpaTiB TPAIIEHTIB Y
po3paxynKky RMSProp. Kpim Toro momae agantuBHy IMIBUAKICTH HaBYaHHS, SKa HE
BUKJIMKA€E TIPOOJIEMU 3HUKHEHHSI TPAJIIEHTY O€3M0CepEaHbO.

M(t) Ta V(t) — 116 BeTUYMHU 3HAYEHHS TIEPIIOro Ta APYroro MOMEHTY (10 CyTi
TPagieHT Ta WOro KBagpaT B MOMEHT dacy t). BoHM po3paxoByrOThCS dYepes

EKCITOHEHIIIHE cepenHe KoB3He (popmyinu 2.36, 2.37):
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my =me_4 B + (1 - ﬂl) : VparamE (2.36)
Ve = V1B + (1 — B2)- VparamE 2 (2.37)

, 1e f1, 0> — KoedilieHTH KOBHOT'O EKCIIOHEHIIMHOTO CEPEIHbOrO SKiI SIK
npaBuiio 6epyTthes piBHUMH 0.9 Ta 0,999 BianoBigHO. AMAaNTUBHICTH MIBHIKOCTI
HaBYAaHHS BBOJUTHCA 3@ JOMOMOIOI0 HACTYNHUX CHIBBIOHOIIEHb ((popmynu

2.38,2.39):

~ Iy

i (2.38)
o ___Vt (2.39)
T g

[TapameTp npu 1IbOMY OHOBJIIOETHCS 32 HACTYITHUM 3aKOHOM ((opmyina 2.40):

parampyey = parameq — (2.40)

mg
a—
\/V_t+e

).

Bzaranowm, icHye 6arato pi3HOBHU/IIB ONITUMI3AaTOPIB, K1 MOXKYThb JaBaTh JACSIKUN

, Ie € — HeBEIIMKE 3HAUCHHSI, 110 3aro0irae aiteHHro Ha 0 (32 3aMOBUCHHSIM =

INPUPICT Y KOHKPETHUX 3amadax. [Ipore, sk TpaBWIO HAaBYaHHS IMMOYHHAIOTH 13
MepeBIpEHNX Ta CTaOLILHUX ONTHMI3aTopiB, Hanpukiaaa Adam, SGD, a6o SGD i3

Momentum [40, 41].

BucHoBku 10 po3aisiy 2

MerToto naHoro po3aiay Oysio CpsMyBaTH HAMPSIMOK MOAAJBIINX JTOCITIIHKEHb
a/pKe 3amad sAKl BUPINIye€ MaITUHHUN I1HTEJNEKT ayxke Oarato. Takum dYuHOM,
HANPSMKOM JIOCTKEHb Oysi0 0OpaHO HEWPOHHI MEpeki MPSMOTo MOIIMPEHHS, a
caMe 3ropTKOBI HEHPOHHI MEPEeXKl JUIsl BUPIIICHH 3a7a4 Kiacudikallii Ta CTUCKaHHS

rpagiyHuX 00pa3iB.
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3o0kpema, Oy pO3TISTHYTI HACTYITHI TUTAHHS:

- Ilpunnunu QyHKIIOHYBaHHS MIAPIB, 110 3aJisHI TIPU MTOOYI0BI 3rOPTKOBUX
HEHPOHHUX MEPEXK;

- AnropuT™M HaBuaHHs HeWpoHHUX Mepexxk Back Propagation Ha ocHOBI
I'PaJIIEHTHOTO CITYCKY Ta OCOOJIMBOCTI PO3MOBCIOJKEHHS T'PAJIIEHTY 4Yepes
IIapH 3rOPTKOBOI MEPEKI;

- Metoau ontumizailii PyHKIIIi BTpaT Ha OCHOBI I'PA/IIEHTHOTO CITYCKY.
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3 PO3POBJIEHHA ITPOT'PAMHOI'O 3ABE3ITEYEHHSA

3.1 Bu0ip MeToaiB Ta TeXHOJIOTiH PO3pOOKHU

IcHye GaraTo roToBHUX pillieHb JIJIsl MAITMHHOTO HABYAHHS, ajie 3/1e01UIbLIOro 11e
010mioreku (PpperimBopku, Hampukiang TensorFlow + Keras), a He mporpamu 3
rpadiuaum iHTepdeiicom. B iHImIOMY BUTAKy, SIKIIO 3yCTPIYAIOTHCS, BIIACHE
nporpam, To iX (yHKIIOHAJ CYTTE€BO Mporpae 3a3HaueHuM (ppeitmBopkam. [Ipore,
nporpamMHe 3a0e3reueHHs 3 JOCTaTHIM (PYHKIIIOHAT JJIsi BUPIIIECHHS 3a7a4i, MOXe
3HAYHO CIPOCHUTH POOOTY MO HaBUAHHIO Mepexi (podoTa 13 JaTaceramu, Oy TyBaHHS
TOMOJIOT1i, BUOIp MapaMeTpiB iHiIIai3alii, Oy {yBaHHs TI'padikiB HaBYaHHS TOIIIO).
[Ipuknagom Moxe ciayryBatd matlab 13 HOro okpemMum IUIariHOM, IO J03BOJISE
peasni3oByBaTH HEUPOMEPEKEBl apXiTeKTypu (MpoTe 1€ HE € HWOTr0 OCHOBHHM
NPU3HAYCHHSIM 1 TOMY BCTAaHOBIIOBATH JaHWW TAKeT 3apagdl JHIIE OJHOTO
PO3IIMPEHHSI MOKE BUSBHUTHUCS HEIOIUILHUM Yepe3 BEIMKHA 00CST, 3aliBOTO JIS
BUPIIICHHS KOHKPETHOI 3a/1a4i, (DyHKITIOHAITY ).

Takum yuHOM, 3 OTJISATY Ha ICHYIOUH PIillIeHHS 3 IKUX MO)KHA TIOYaTH PO3POOKY
3a3HaYeHOT0 MPOTrPaMHOT0 3a0e3MnedeHHs O0yno 00paHO MyJIbTUMEIINHY TIaThopMy
Unity 3a BUKOpUCTaHHSIM MOBH TiporpamyBaHHsi C#. Jlanuii BubGip OyB 3po0ieHMi
BPaxOBYIOUYH HACTYITHI MIEpeBaru:

1 [IBumkicte po3pobku (MoBa mporpamyBanHs C# € TOCHTH TPOCTORO,
0co011BO B pamkax matdopmu Unity, sika MICTUTB 1111 COOOI0 MOTYKHUM (pperMopk
KU BXKE€ BKJIIOUAE (PyHKIIOHAJ, MI0 MOXe OyJae BUKOPHCTAaHUN B paMmKax JaHOI
3ayayi. JlokiragHime HIKICr0);

2. Pi3Hi MeToau myig poOOTH 13 300pa)KEHHSMH, TEKCTypaMu, KOJIbOpaMH Ta
MaTpUIIMU. MOXIIHBICTh JTOCTaTHBO MPOCTO pPEai3oByBaTH ACHUHXPOHHUN Ta
napajiesbHui KoJl. MatemaTu4Hi Ta iHIi 010J110TEeKH, 110 € YACTHHOI (GPErMOpKY;

3. Y mnoBHOMy o00cCs31 peami30BaHW KOMITOHETHO-OPIEHTOBAHUN ITiX1]T
noOyIOBH TMPOEKTY, IO € 3pYYHUM JUIi PO3pOOKM 1HTEepdeiicy Ta 1HIIMX YacTHH
porpamu,

5. Habip iHCTpyMEHTIB [ CTBOpPEHHS Ta IporpamyBaHHs iHTepdeticy. Croau
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BXOJISITh €JIEMEHTH 1HTep(eiCy, Ta KOMIIOHEHTH, 5Kl J103BOJIIOTH OyayBaTH JOTIKY
B3a€MO/II1 OKPEMHUX E€JIEMEHTIB.

5. Compute Shaders. Ile mporpamu, mo 3amycKalOThCS 1 BUKOHYIOTHCS Ha
rpadigyHOMy TIporiecopi. 3 OISy Ha Te, 10 OOYMCIICHHS HEHPOHHUX MEPEeX — IIe
Hallp TEH30pHUX ormepamid (ki 100pe po3mapaleroloThCs), TO TAaKUK CIOCIO
PO3paxyHKIB € 3HAUHO €(PEKTUBHIIINM Y MOPIBHSHI 13 3BUYAIHUM MPOLIECOPOM, aJIKe
Ha BIIMIHY BiJl LIEGHTPAJIBHOTO MpoIiecopa, A€ KUIbKICTh MOTOKIB BUPAXOBYETHCS Y
JECATKaX, rpadiuHuil TPOIIECOp Ma€ TUCSYI MPOIIECOPIB, X0U 1 3 MEHIIIO0 YaCTOTOIO
(aye e KOMIEHCYETbCs iXHBOIO KimbKicTIO) Compute Shaders BUKOpHCTOBYIOTH
HLSL moxiOHy MOBY mporpaMyBaHHI 1 JT03BOJISIIOTH BiTHOCHO MPOCTO MPOBOIUTH
po3paxyHKu Ha rpadiuHoMy mnpouecopi. JlaHuil 1HCTpYMEHT AOCTYIHHUM JHIIE Y
pamkax Unity. OCHOBHOIO MOTO TIEpEBAror0 € YHIBepCAbHICTb, aJKe JaHi MPOrpamMu
OyAyTh 3aIyCcKaTUCs Ha MEPEBAXKHIM OUTBIIOCTI rpadiuHUX MPOLIECOPiB, HA BIAMIHY
Bif cnenudiyanx TexHosorii (Hanpukian Cuda, ski mparoBaTUMyTh JIUIIE Ha
rpadiuaux mpouecopax Nvidia) [42];

Po3pobxka nmporpamu A5t HaBUaHHS HEMPOHHUX MEpeX nepeadavae HasiBHICTD
HACTYITHUX MOXIJIMBOCTEH Ta KOMITOHEHTIB:

- Cucrema BBOay/BuBomy. CrOIM BXOIWUTh MOXKIIUBICTh 3aBaHTa)KyBaTH
300pakeHHs1 Jaracery Ta 30epiraTtu/3aBaHTaxyBaTH (Qailm  Mepexi
(HaJIaITyBaHHS MEPEXKi: TOIOJIOTis, MapaMeTpy OKpPEeMHUX IIapiB MEpexi,
TaKUX SK Baru Ta 3CyBH, CTaTHUCTHKA 1 T.1), a TaKOX Oe€3MocepeaHbo
rpadiunuii iHTEpdeiic AKHMI MO03BOJSIE BUKJIMKATH BHINEIIEPEPAXOBAHUN
byHKIIOHAT;

- IIporpamna peanizaiisi anropuTMiB, HEOOXITHUX Ui POOOTH Ta HaBYAHHS
HelipoHHOT Mepexi. CroIu BXOAATh aNrOPUTMH MPSIMOTO Ta 3BOPOTHOTO
PO3MOBCIO/PKEHHSI ~ 3TOPTKOBHUX,  TOBHO3B’S3HMX  IIapiB,  IIapiB
cyOauckpeTH3ailii, HopmMasizalii TOIIO, a TAKOX (PYHKIIIi BTPAT 1 aATOPUTMH
11 omTuMizari.

- MoxnuBicTh 3MiHM TinepnapaMeTpiB Mepexi 3a JONOMOrOK 3pYyYHOTO

iHTepdeiicy (TomoJoris Mepexi, mapaMeTpH iHimiamizaili, po3mip OaTda,
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KUJIBKICTB €110X, BHOIp Ta HaJaIlITYBaHHS ONTUMI3aTOpa TOILIO).

- Biyamizariis naHux npo HaBYaHHS Ta TecTyBaHHS Mozeni. Croau BXOIAUTh:
cratuctuka (rpadix ¢GyHKIIT BTpaTr, TOYHICTh, Yac I KOXKHOI €TOXH),
Bi3yastizallis akTHBAIi 3rOPTKOBUX IAPIB 1] 4Yac HaBYAHHS, MOXKJIUBICTb
3aBaHTAXXyBaTH OKpeMi 300pakeHHs Il TECTy Ta BHUBOJMUTH BIAMOBIIb
Mepexi (CIUCOK WMOBIPHOCTEH [UIsi KOXKHOTO KJacy abo BHXiTHE
300pakeHHS ).

BpaxoByroun BuIienepepaxoBaHi BHMOTH 10 MOMXJIMUBOCTEH MPOrPaMHOTO

3a0e3meueHHsT OyJI0 CTBOPEHO TPOEKTHE pimieHHs rpadiqHoro iHTepdecy, o

300pakeHuil Ha pucyHKy 3.1.

| ) Neural Network Investigation Tool ) *

= Ukrainian {uk
TpeHyBaHHA

- PolGuTi Konii npwu Hag4aHHI

Buaanutu

HenpoHHa Me

3aKpuTH

Pucynok 3.1 — 3oBHimHuMA BUTIsAA rpadiyHOro iHTEpdEHCcy MporpamMu.

JIst 3py4HOCTI yBech (DYHKITIOHAJT pO3OUTHUI HAa OKpeMi BKJIQJIKU HaBiraiis
SAKUMH BiI0OYBa€ThCS 3@ JOMOMOTOI0 aJIbT-TIaHEeNl 3BepXy (TaKoX Ha Hii MPUCYTHS
MOKJIMBICTh 3MIHUTH MOBY 3acTOCyHKY). CiiBa 3HaXOAMThCS 1HTEpdeic s

3aBaHTAXEHHS CTBOPEHHS Ta HaBIraIlii M gainamu. EneMeHT aji1 BUOOpY OTOYHOT
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Mepexi ((aiimy Mepexi) TaKoK BKITIOYAE ii Ha3By Ta MPOTrPec BUKOHAHHS MOTOYHUX
omepamiii (iHimiamszaiii jgaTaceTy, IOTOYHA eroxa, IMOTOYHMM MiHIO0ATd, IO
BUKOHYETHCS TOLLO).

Po3pobka mporpamHoro 3a0esneueHHs BigOyBaiacs 3a jgornomorow Unity

(pucynok 3.2),Visual Studio 2019 ta MoBu nporpamyBanns C#.

) Neural Network Investigation Tool - MainScene - Windows, Mac, Linux - Unity 20213.11f1 Personal <DX11> - a

File Edit Assets GameObject Compenent Jobs Window Help

Editor Anc» T
EIg -2 12 BT T &
ts > Computes

b= B o

MaxPooling MSE

oo e s

RMSProp $GD SoftMaxC

Pucynoxk 3.2 — CepenoBuiiie po3poOKH MporpaMHOTro 3a0e3meueHHs

KoMMnOHEeHTHO-OpI€EHTOBAaHUN MiJXiJ A0 PO3POOKH JIO3BOJIAE IIBHUJIKO
HaportyBatu (ynkmionan. [aTepdeiic moOynoBanuii iepapxiuno. KoxkeH enemeHT
Ma€e KOMIIOHEHTH 4Yepe3 sIKi BiH B3a€MOJIIE 3 IHIIUMH (JIOKaJIi3allisl, Jorika poooTH
eJIeMEeHTY 1HTepdeiicy, moli i T.1).

KepyBanHs MU HaHWMH KOMIIOHEHTaMH Ha PIiBHI MPOTpaMH Ta CTBOPEHHS
HOBHX BigOyBaeTbcs 3a gomomoroto C# ckpuntiB. Jns iX penaryBaHHA
BukopuctoByBaiach IDE Visual Studio 2019. Ha pucynky 3.3 300pakeHa mamka

Assets 3aBaHTa)keHa 11 pobotn y VS.
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4 [md Assets
P @ Computes
i Scripts
B Network
mu

c# CachedValues.cs

c# |BinarySenalizable.cs

c* Main.cs

!
!
!
[ c* Events.cs
[
!
!

 C# Hilities.cs
HiE System.Windows.Forms.dll

Pucynok 3.3 — I1amnka 3 acceTamu IpO€EKTY

VYci ckpuntu po30uTi Ha IEK1IbKa TJI00aTBHUX KaTeTropiii:

Computes. Ile Compute Shaders HeoOXigHI st POOOTH aNTOPUTMIB
MalMHHOTO HaBYaHHs HanvcaHi Ha HLSL - moiOH1i MOBI mporpaMyBaHHs,
Ky BUKOpuCTOBYye Unity;

Scripts. 3aranena nupextopis s ycix C# ckpuntiB (KOMIOHEHTH, JIOTIiKa 1X
B3a€MO/II1, aITOPUTMHU, 1HTEpPEIC 1 T.1);

Network. B naniit qupekropii 3HaxoaaTecs yci C# ckpuntu HEOOXiaHI A7
¢yHKIIOHYBaHHSI HeWpoHHOT Mepexi. Croau BXOASTH:  AITOPUTMHU
MalllMHHOTO HaBuaHHS (y HOBOX ek3eMiupipax. OOuH i 3BUYAHHOTO
nporecopa, iHmUA s rpadiunoro, mo 3amyckae Compute Shaders i
3aBaHTAXXy€ B HUX HEOOXI1/IHI JlaHl), a caMe JIOTika poOOTH OKpEeMHUX IIIapiB
HEWPOHHOI MEpeXi, ONTHMI3aTOpHM Ha OCHOBI mini-batch rpamieHTHOTO
crycky Ta (yHKIIi BTpar mis 3amad kinacudikaiii Ta perpecii (B qaHOMy
BUITAJIKY -11€ CTUCKaHHsI rpadiyHuX 00pasiB);

Ul. KopuctyBaupkuii intepdeiic. B naniit aupexrtopii 30epiratoThest yci
CKpPHUINTH, SKI ONHUCYIOTh JIOTIKY B3aeMojli iHTepdeiicy Ta I1HIIUX
KOMITOHEHTIB Mepexi (Bxiaaku, ciucku, rpadiku, Tadmuiti i1 1.1). [lo cyTi e
€ CHCTeMOIO BBOJY/BHUBOMY JdoAaTKy. Jleska Jorika ToeqHaHa 13
iHTEepdercoM 3 METOK 3MEHIIUTUH 00CAT MporpamMu (IpOrpamMHOro KOIy).

MCYV Tta itomy no116H1 MaTepHU MPOEKTYBAHHS BUKOPUCTOBYBATH JJIS OTIUCY
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HE CKJIAJHOTO 3a CTPYKTYPOIO iHTepdeiicy ado cucTtemMy BBOTY/BUBOIY MOXKE
BUSIBUTHUCS 3aBUM yCKJIAJHEHHSIM TIPOIIECY PO3POOKH.

Cached Values. Cxkpunr sikuii 30epirae B co01 ri100anbpH1 3MiHHI, IO SKAX
3BEPTAIOTHCS 1HII KOMIIOHEHTH, a TAKOXK 3MIHHI sIK1 3a7a€Thes 13 Inspector
(Ile 1aTepdeiic cepenonuiia Unity, 1110 103BOJIsE 3a1aBaTH 3HAUCHHSI TTOJISIM
KJacy 30BH1. HanmamroByeTbest 11 OyIb-SIKMX THUIIIB JAHUX ).

Events. Ckpunr B sskoMy 30epiraroTecs yci riiodanbHi noii. Croju BXOIsTh
BUOIp/3aBaHTaXeHHSI (DaifTy, 3MiHA BKJIAJIKA, OHOBJICHHS CTATUCTHKH 1 T.1.
[BinarySerializible.  Intepdeiic ~ skuit ~ m03BONsE  37liICHIOBATH
cepuaizaliio/aecupianizaiio O1HApHUX JaHUX. [HIIMMH CIOBaMH — II€
Jorika 30epekeHHs napameTpiB Mepexi y ain. Janumit iHTEepdeiic
peai3yoTh yci KOMIIOHEHTH, [0 € YAaCTHHOIO MEPEKI 1 MOBUHHI 30epiraTucs
y (haii 11 MOKIMBOCTI MOBTOPHOTO BUKOPUCTAHHSI.

Main. He Tte came, mo main y kmacuunomy C#. IHimiamizye yci iHmi
KOMIIOHEHTH MEPEeXIi MPH 3aITyCKy 3aCTOCYHKY.

System.Windows.Forms. Cranmaptaa 06i0mioreka Windows. B manomy
BUIAJIKY i1 BUKOPHCTAHHS 3yMOBJICHO BiJicyTHicTIO y Unity cTaHmapTHUX
pileHb AJi CTBOPEHHS J1aJOrOBUX BIKOH JJIs 3aBAaHTAXKEHHSA Ta 30€peKEeHHs
¢aitni/manok./[ns mpocToT ysBIEHHS TOTO SIK TMOBHHHI B3a€EMOMISTH
KOMIIOHEHTH TpOTrpaMH BapTo moOyayBatu Onok-cxemy. Ha pucynky 3.4
300pakeHl OCHOBHI KOMIIOHEHTH MpOrpamMHu Ta ix B3aemonida. B mganomy
BUMA/IKY OJIOK-CXEMa 30CepeIKy€eThCsl HAaBKOJIO (DyHKI[IOHATY HEOOX1THOTO
JUTsl HABYaHHS HEUPOHHOT MepexKi. YBECh IHIIHNKN (PYHKITIOHA TaK UM 1HAKIIIE
MOB’sI3aHUI 13 0a30BUMU KOMIIOHEHTAMH Ta HapOIIyBaBCS 3 METOIO

HOJIIIIUTH 3pY4HICTh KOPUCTYBAHHS IPOrPaMOI0
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Shader Implement (GPU)

C# Implement (CPU)

v
— FeedForward()

BackPropagation()

Visualization

Pucynok 3.4 — OCHOBHI KOMITIOHEHTH MIPOrPaMHOT0 3a0€3MeUYEeHHS

3.2 BnpoBa/:KeHHs1 00paHMX NPOEKTHUX pillieHb
3.2.1 InTepdeiic HANAIITYBAHHSA MO/ eIl HEHPOHHOI Mepexi

Heiiponna mepexa mae Garato mapameTpiB Ajs HaNaIITYyBaHHS, TOMY BOHHU
Oynu po30uTI Ha JACKIIbKa OKpeMuX BKIaJoK. Ha pucynky 3.5 300pakeHuit
30BHIINIHUK BUIISI 1HTEpdEWCy, 10 JO3BOJISAE€ 3AIMCHIOBATH HAIAITYBAHHS
OCHOBHHUX TIapaMEeTPIB MEPEkKi, TAKHUA SIK TOTIOJIOTIS Ta CMOCIO y KU BUKOHYIOTHCS
PO3paxyHKH (3a JI0MOMOT0I0 3BUYAHOTO Mmpoliecopa ado rpadiydoro). Takox, 3miBa
OPECTaBICHUI CIUCOK YCIX JOCTYNHUX IIApiB MEPEXl, IO TEeHepYeETbCs
aBTOMAaTUYHO 13 THX IIapiB, IO MAaloTh MPOrpaMHUN omuC Ta 1HTepdelic
BBOJly/BUBOJly TlapameTpiB. KoxeH mmap, OKpiM BXIJHOTO Ta BHXIJIHOTO MO>KHA
BUJAIATH a00 TIEPMICTUTH 3a JOMOMOTOI0 TpadiuHoro intepdeiicy. B cBoio gyepry
KO)KEH OKpEMHUH IIap Mepeki Mae CBOi TilmeprmapameTp Jis HalallTyBaHHS

BPaxOBYIOUH CIIEU(IKY iX QyHKIIOHYBaHHS.
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o S = i Ukrainian {uk)
®ain HanawTysaHHs T peHyBaHHA

Pexw yHKiB | CPU
InipuL FUIMIPHIL | B
HocTynHi wapw

1 Convolutional Kernel
volutional

BatchNorm 2 Batch Norm

Rel U

Max ling
Fiatten Max Pooling Kernel
Dense

Dropout

UpSampling

Dropout

DyHKLUIA BTPAT Cross Entropy

CKM IYTW NapameTtpiM

Pucynok 3.5 — Bxiagka HanmamTyBaHb MOJIENI MEPExki

[TapameTpu 1m1apiB 110 HANTAIITOBYIOTHCS:

- Input. Po3mip BximHOoro teHzopy Ta MHoro mmbuna. Skmo mne RGB
300pakeHHsT TO TyiMOMHA Oyae Tpu (Ha KOXHY KOJBOPOBY CKIIQJOBY,
MIPO30PICTh HE BHUKOPUCTOBYETHCS), SIKIIO II€ YOPHO-OL€ 300paKeHHS
(manpuxnan pykonucHi mudpu 13 MNIST) To kanan 6yne oauH.

- Convolutional. Kinbkicte 3roptkoBux ¢(iunsTpiB. Po3mip ¢inbTpy 3aBxkau
nopiBHioe 3x3. Hapasi iHmi po3mipi (QynpTpy SK TOpaBWIO HE
BUKOPUCTOBYETHCS);

- Batch Norm. Koncranra 1st 3ano0iranss JUICHHIO HAa HYJb Ta KOe(ilieHT
JUIE KOB3HOTO EKIOHEHIIIMHOTO CEePEeIHBOrO, IO BHUKOPHUCTOBYETHCS IS
pPO3paxyHKy MapamMeTpiB HeOOX1THUH 1] Yac TeCTyBaHHS MEPEXi;

- Max Pooling. Po3amip Ta kpok kKoB3HOTO BikHA. KpOK JOpIBHIOE pO3MIpY;
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- Dense. KinbkicTh HEHPOHIB Y TOBHO3B I3HOMY IIapi;

- Dropout. MIMOBipHicCT TOro, 10 HEHPOH 3ANMIIMTHCS AKTHBOBAHHM Ha
KO>KHOMY KpOIIi;

- UpSampling. MuoxxHHK MaciTa0y. BusHauae y CKUTbKH pa3 BX1THUN TEH30D
Oy/ie 301IbIIICHHUH 0 ITUPHUHI Ta 110 BUCOTI;

- Loss. @yxkuiis Brpat. Soft Max + Cross Entropy ans 3agau knacudikariii
(OcTaHHIM MOBUHEH WTU TOBHO3B’SI3HUM IIap 13 KUIBKICTIO HEWPOHIB, IO
BIJIMIOBITa€ KUTBKOCTI KJIACIB) Ta CE€pPeIHbOKBaIpaThuyHe BimxwmieHHs, MSE
JUTSE 33729 perpecii (OCTaHHIM MOBUHEH WTH IIap BUXOJIOM SIKOTO € TE€H30D,
10 MpeACTaBIISIE 13 ceOe KOJIbOPOBE 300pakeHHs, TOOTO Mae rIIMOuHY 3).

Koxen mapamerp Mae onTUMaibHE 3HAYEHHS 3a 3aMOBUYBAaHHSM, IO B

OUIBIIIOCTI ~ BUMNAJKIB  3QJIMIIAETHCS  HE3MIHHUM 0 MOMEHTY  Basijari
rineprapamertpiB. Lle n03Bosie OOYAYBaTH TOMOJOTIIO JOCUTH MIBUAKO (IIIBUIIIE
HIXK 32 JIOTIOMOTOIO TTPOTPAMHOTO KOJIY ).

Yci anropuTMH MamMHHOTO HaBYaHHSA, 10 BHKOPHUCTOBYIOTHCS TPU POOOTI

[I1apiB HEMPOHHOI MEpeki BUKOPUCTOBYIOTH (DOPMYJIM HaBEJEHI y MONEPEAHbOMY
poszaini (hopmynu 2.1 - 2.40). Jlictuar mporpamHoi peanmi3aiiii Ha ocHoBl Compute

Shaders 11 KO’KHOTO 13 3a3HAUCHHUX IIapiB MEpeXKi HaBeaeHu y Jlomatky b.

3.2.2 KepyBaHHsI HABYAHHAM MO/ieJli HCHPOHHOI MepeKi

Ha pucynky 3.6 300paxeHuii 30BHIIIHIN BUIISLT iHTEpdENcy sl KepyBaHHS
HaBYaHHSAM Mepexi. JlaHa BKJIajKa Hamiuyye HaWOUIbIIY KUIBKICTh (DYHKIIOHATY, 1
MOAUIAETbCS HAa TPU OCHOBHI OJIOKM: HalamTyBaHHs jgataceTy (0ysok  Nel),
HaJamTyBaHHs onTuMizaTtopa (O10k Ne2), ayrmeHTailisi HaBYaIbHUX JaHUX (OJIOK

Neo3), Ta manens 3anmycky HaB4aHHs/iHImiam3aii (0g0k Ned).



[peHyBaHHA

lMapameTpu HaB4YaHHA

oamip 6arya

Tun BuGipKK

HanawTtyBaHHs ONTuMm

Beta B

AyrmeHrauis

3CyB NO WUPUHI, ¢
3ciB No BMUCOTI, °
Macwrab,
Mosopor,
HckpaBicTb, %

KoHTpacrT, %

MNepemiwaru aaHi

TW TPEeHYBaHHA > |

Pucynok 3.6 — Intepdetic kepyBaHHs HAaBYaHHSIM MOJIeJI1 HEHPOHHOI Mepexi

HanamryBanHs nataceTy BKIIFOYA€ HACTYITHI TApaMETPH:

- po3Mmip MiHI-0aT4y, SKHH BIUIMBA€ Ha KUIBKICTh CIOCTEPEKEHb, 5Kl
OpURMAIOTh Y4acTh B OAHIM ITepallii [IUKITy HABYaHHS;

- KUIBKICTh HaYaJbHUX €M0X, TOOTO MPOXO/IB [0 BChOMY JaTaceTy;

- Ttun gatacery («wimacugikaris», ToOTO MPOMapKOBaHI 300pakeHHs, a0o
«300paxkeHHsD», TOOTO HAa BUXO/11 Mepexi Oyze Te came 300paskeHHs, 1110 1 Ha
BXO/II;

- peXHM B sSKOMy OOMparoThcs TectoBi naHi. I[lepenbagae nBa pi3HHX
HaJNAIITyBaHHs: «Separate», TpW SIKOMYy TECTOBI JaHI MarmTh OKpEeMYy
nupekTopito (pucyHok 3.7, a) ta, «From training», npu SIKOMy T€CTOBI JaHi
TeHEPYIOTHCS 13 HABYATBHUX (TIPH IIbOMY 3’ SIBJISIETHCSI IOAATKOBE MOJI€ BBOTY

y SIKOMY MOXHa oOpatu % HaBYAJIbHUX JIaHUX SIKUW OyJle BUKOPUCTAHMIA,
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pucyHOK 3.7, 0);
- BUOIp ITUpPEKTOpii AJs HaBUAJIbHHUX Ta TecToBUX naHux. [IInsx go maracery
MOKHA 3T€HEpyBaTH aBTOMATU4YHO (pUCYHOK 3.7, B), SKIIO JaHl
CTPYKTYpOBaH1, a00 JyIsi KOXKHOTO Kjacy oOpaTd IHUPEKTOpilo B SKIN

30epiraroThCsl HABYAJIbHI/TECTOB1 300paKEHHS.

TecToBi aaHi

Pucynok 3.7 — 3aBaHTa)K€HHS 1aTaceTy: TECTOBI JIaH1 OKpeMo (a), 3reHepoBaHi

3 HaBYaJIbHUX (0), aBTOMaTUYHA TeHEpaIlis 1iaxis (B)

OaHuM 13 BaXJIMBUX €JIEMEHTIB HAaBYaHHS € MPABWIBHHUIA BHOIp alropuTMy
ontuMizamii (yHKIIT BTpaT. IcHye Oarato pi3HUX ONTHMI3aTOPIB Ha OCHOBI
I'PaJIIEHTHOTO CIYCKY (JIEsIK1 3 HUX HaBeeH1 y po3/iii 2). Sk mpaBuiio Jyisl epeBipKu
CXOMMOCTI IIOMUJIKH B TIEPIITY Yepry BUKOPUCTOBYIOTh SGD (came BiH BUCTaBICHUIA
3a 3aMOBUYYBaHHsIM) a00 Adam. [Hiil onTuMizaTopu BUIIPOOOBYIOTH BiJl Yac BaIiAarlii
rineprnapameTpis.

3araJibHUMHU, AJIs1 BCIX ONTUMI3aTOPIB, TapaMeTpaMy HaBUYaHHS MOJIET MEpexi,
IO PETYJIIOIOTHCS €:

- IIBUAKICTH HABYAHHS,

- weight decay (koedilmieHT NPOMOPLIMHOCTI JJIsi 3MEHIICHHS YHCJIOBUX

3HA4Y€Hb MApaMETPIB MEPEK1);

- 3MEHIICHHS IIBUJKOCTI HABUAHHS 32 €KCIIOHEHTOIO (aJanTHBHA IIBUIKICTh

HAaBYaHHS 1HOJI JIOMOMOTA€E JOCATTH KpalllMX pPe3yibTaTiB CXOAUMOCTI
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MIOMUJIKH);

- MIHIMaJBHUN TOPOT IBUAKOCTI HAaBYaHHS (70 SKOTO 3HAYEHHS IIBUJIKICTh
HABYAHHS MOXE 3MEHIITYBaTHUC);

- 1HTepBayM TecTyBaHHs (Basijaiii). [lepeBipka TOYHOCTI MOEII HA TECTOBUX
JAHWX Yepes3 MEeBHUM 1HTepBall (KUIBKICTh €M0X ) HaBYaHHS;

- 3pi3 rpaxaieHTy. [na oOMeXeHHs aMIUNITYJu 3MIHM HapaMeTpiB Mepexi.
VYcyBae edekT «BUOYXY Tpall€HTY», SKIIO 1HII 3acO0U HE JOTIOMOTJIH.

Kpim Toro, mpu BuOOpi onTuMi3aTopa 3’ SBISETHCS HANAIITYBAHHS TapaMeTpiB
KOXKHOTO 3 HUX.

EdbexktuBHUM  criocoOOM — 30UIBIIMTHA ~ BJIACTUBICTH  MOJIETl  MEpEexi
y3araJibHIOBaTH BXIJHI JIaHI € ayrMEHTAIlisl CTIOCTEPEKEeHb naraceTy. Jlanuit miaxina
J03BOJISIE IITYYHO 30UTHIIUTA PO3MIP HaBUAJBLHOI BHOIPKM 3a PaXyHOK T'eHeparlii
HOBHX 300paK€Hb HAa OCHOBI OPUT1HAIBHOTO.

AyrMeHTallis JaHUX BIKJIIOYA€ HACTYITHI MapaMeTpH, 1110 HAJAIITOBYIOThCS:

- Binmsepkanenns 300pakeHHs M0 MIUPHUHI Ta/abo 10 BUCOTI;

- 3cyB mo mwmpuHi Ta/abo mo Bucory. llpu npomy 30epiraerbcs macmrad
OPUTTHAJILHOTO 300payKEeHHSI;

- mMacmraOyBaHHs 300pakKeHHs BITHOCHO LIEHTPY (KpoTIl);

- TIOBOPOT 300pakKe€HHsI Ha AOBUIBHUN KyT (T€HEPY€EThCS J1Ba 300paskeHHS s
JIOJIATHOTO Ta BiJA’€MHOTO 3HAYEHHS KYTIB). 300paXEHHs, TPH ILbOMY
3MEHIIYETbCSA y MaciTabl B 3aJ€XKHOCTI BIA KyTa, A YHUKHEHHS ITyCTHX
oOnacTei, 1110 BUHUKAIOTh MTPH HOTO MOBOPOTI;

- SICKpaBiTh. 3MiHA SCKPABOCTI 300pakeHHS Ha MEBHHUM B1JICOTOK (T€HEPYEThCS
7Ba 300paXeHHsI, 13 30LTBIIICHOIO SICKPABICTIO Ta 13 3MEHITICHOIO);

- KOHTpacT. 3MiHa KOHTPACTy 300paXCHHS Ha TMEBHMI BiJICOTOK (T€HEPYETHCS
JIBa 300paXeHHsI, 13 30UTBIIICHIM KOHTPACTOM Ta 13 3MEHIIICHUM).

[Tpuknan 3acTocyBaHHsI ayrMeHTallli (mapaMeTpu 300paxeHi Ha pucyHky 3.8, a)

710 300pakeHHs HaBeICHUI Ha PUCYHKY 3.8, O.



a)

Pucynok 3.8 — Ayrmenraisi 300pakeHHs 32x32 13 mapameTpamu (a) Ta

Bi3yaizali€io pe3yasraty (0)

BizyanpbHO 3HalTH BIAMIHHOCTI MDK OKpPEMHUMHU 300paK€HHS Ha PHUCYHKY
JOCUTh CKJIaJHO, MPOCTO SKIIO aHali3yBaTH iX TMOMIKCENbHO BOHU MAaTUMYTb
BiIMIHHUH po3noil. Came naHuil eeKT 103BOISE MO MEPEXK] OTPUMYBATH TIPU
HaBYaHHI Kpallll MOXJIMBOCTI 13 y3arajJbHEeHHs, aJ’)K€ BOHA Ma€ 3MOTY aHaJi3yBaTu
ollHE U Te caMe 300pa)KeHHS MiJ PI3HUMH «KyTaMW» 3HAXOAs4l OUTbLI CKJIaIH1
naTepHU IS BIATBOPCHHSL.

[lanens 3amycKy HaBYaHHA HaJa€ MOJXJIMBICTb I[IOYaTH HaBUaHHS,
NPU3YIIMHUTH, BIJIHOBUTH Ta IepepBaTu. [HiIiamizaiis aaraceTi BiOYBAaeThCs Y
BIJIMOBITHOCTI 10 00paHuX mapameTpiB y 0ol gataceTy (po3Mmip 6aTya, AUpEeKTOpii
ne 30epiraroThest 300paskeHHs 1 T.1). JlaHi /y1si HABYaHHS MOYKHA TTepEMIIIaTh (B TOMY

YUCJIl ayrMEHTOBaHI1 JaHi).

3.2.3 CraTucTuka HapuyaHHs. Bizyamizanis

BaxnuBuM eneMeHTOM HaBuYaHHS MOJENl HEHPOHHOI Mepexi € BHUBIJ
cratuctuku. CroJid B Mepiry 4epry BXoAuTh rpadik GyHKIT BTpaT. Takox 11e Moxe
OyTH TOYHICTbH, YAaC BUTPAYCHHI HA OJHY ernoxy Tomio. Ha pucynky 3.9 300pakena
BKJIa/IKa BUBOy CTAaTUCTUKU HaBYaHHS. 3111Ba 3HAXOAUTHCA rpadik PyHKIIIT MOMIIKA

JUTIs1 0OpaHoi eXOomHu.
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Ukrainian {uk}

Pucynoxk 3.9 — ®opma BuBeIeHHS CTATUCTUKHA HaBUYAHHS MOJIENI MEPEXi

CnpaBa rmepesik ernoxX HaBYaHHS Yy BUIVIIAI CIOHCKY-TaOJUIlN, J1€ MOXHa
CIIOCTEPIraTé CyMapHy IMOMHJIKH ISl KOHKPETHOI €MOXH, MAaKCUMaJIbHY MOMUJIKY,
TOHYICTh (y 3adadax kiacudikaili, BU3HAYAETLCSA SK BIIHOIIECHHS IPaBUIBHUX
BIJIMIOBI/ICH 70 3arajibHOT KUTBKOCTI criocTepekeHb. [IpaBuibHa BiAMOBIAL — 1€ TE 1
SKOI eJIeMEHT BEKTOplI WMOBIPHOCTI JJIi TPAaBWIBHOTO Kiacy HaOyBae
MaKCUMaJbHOTO 3Ha4deHHs). Takoxk, MOxkHa oOpaTu OyAb SIKiI €MOoXy 13 CIHCKY, a
TaKOX 3aBAaHTAKUTH KOO0 MEPEXi I JAaHOI €MOXH SKIO BOHA HAsIBHA.

IcHyIOTh TakoX 1HII CIIOCOOM Bi3yani3yBaTH JlaHl, MPW HaBUYaHHI HEHPOHHOI
Mepexi. Ha BiMiHy Bij] MTOBHO3B’ SI3HUX IIAPIB, JIe TPUXOBaHI IIapu HE HECYTh y c001
KOPHCHOI Il IoauHu iH(opmariii (TpaiioroTh 3a MPUHITUIIOM YOPHOTO SIITUKY )
3rOPTKOBI IIapH, a caMe MPHUHIMUII iX pOoOOTH, € IHTYITUBHO 3PO3YMUIUM, TOMY
Bi3yauli3allis aKkTHBAIlli 3rOPTKOBUX MIApiB MOXe OyTH KOPHCHOIO Ui PO3yMIHHS
TOTO, IKUM YHHOM MO/IENIb HABYAEThCS y3arajJbHIOBATH JaHi.

Ha pucynky 3.10 3006pakeHa Bizyaizailis akTUBaIllid 3rOPTKOBUX IIAPiB MEPEKi

kiacugikarii rpadiyarx 00pa3is.
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HanawTtysaHHA IpeHyBaHHA CrartucTuka Biayanizayin TpeHyBaHHA

OHOBWTK

Pucynok 3.10 — Bizyanizaris aktuBaiiiid 3roptkoBux mapis (Feature Maps)
Bizyanizaiiisi HOYMHAETHCS 3 BXIAHOTO LIapy Mepexi. SIK BUIHO 3 PUCYHKY,
MepIIIi mapu Mepeki pearyroTh Ha IPOCTI MATEPHHM, TaKi SIK Mepenaau sCKpaBocTi abo

JiHi{ 1 70Ope OKPECIIOI0TH KOHTYP 00’ €KTa SIKIIO AaHl TAaTePHU SICKPABO BUPAKEHI.

3.2.4 3aranbHi HAJJAIITYBAaHHA MOJAeJi

OxpiM BuIeniepepaxoBaHoro (yHKIIOHATY HasBHA BKJIAJIKA ISl pOOOTH 13

daitnom mepexi (pucyHok 3.11).
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[peHyBaHHA

CANNIT/bin/Neural Network restigation
lool Data/Networks\202212056( 1 0221205023113.nn

. Fobutu Konii Nnpy HaB4aHHI

Buoanuti

ik Name

Pucynok 3.11 — Bknajka HanamryBadb ¢aiiny Mepexi

3a JIOTIOMOT' 010 JAaHO1 BKJIQJIKM MOYKHA:

3a1atu M’ Mepexi (Oyie BioOpakaTHCs Y CITIUCKY MEpex);

- BIOKPHUTH TEKY 13 pO3TalllyBaHHIM (pailimy Mepexi;

- 30eperTy napameTpu MEepexi;

- 30eperty Mojelb y HOBUM (aii;

- BUmanuTH (paiia Mojei;

- poOuTH KOIii MapaMeTpiB MOIe 1] Yac HaBYaHHS (OMI[IOHAILHO, HEOOX1THO-

JUIS. MOYKJIMBOCTI MTOBEPHYTHUCS 10 OUTBII BAAJI01 KOHPIryparii).
OcTaHHBOIO € BKJIAJKa, IO J03BOJISIE MPOBOJAUTH TECTYBaHHA Mojeni (3a

JIOTIOMOT'OFO TECTOBHX JJAHMX, 1[0 BU3HAYAIOTHCS HA BKIIAI HaBYaHHS a00 Ha 1HIINX

JAHUX K1 MOKHA 3aBAaHTAXKUTH OKPEMO).
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lesting

[deer] 0,1

airplane: 0,110855
automobile: 0,C
bird: C

cat: 0.061

roaor: M1

Pucynok 3.12 — Ilapamerpu TecTyBaHHS MOIEII MEpexKi

JI71s1 TecTyBaHHSI CTOPOHHIX JaHUX HEOOX1THO OOpaTH IMarnkKy 13 300paKEHHSIMH.
Hasgiramis mo 3006pakeHHsIM BiJOYBA€THCS 32 JOTIOMOTOIO BIAMOBIAHUX KHOTOK. Y i
300paXCHHSI TIEPETBOPIOIOTHCA Y BHIVIAN TPHIATHHA 11  PO3MOBCIOKEHHS
Mepexero. BinmoBiaps GopMyeThCs B 3aJICIKHOCTI BiJl THITY MEPEXi (CITUCOK KJIaciB Ta
IMOBIPHOCTEH JJIsl KOXKHOTO 13 HUX, SIKIIO IIe Mepexka Kiacudikaii Ta 300pakeHHs

SKIIIO0 BUXOJAOM Mepexi € 300paxeHnHs) [43, 44].

3.3 TectyBaHHSI MPOrPAMHOIO0 3a0€34eHHS

Tak sk yci adropuTMH MaIIMHHOTO HaBYaHHS OyJW peani3oBaHi 3 HYJS
HEOOXI1THO EPEKOHATHUCS Y MPABMIIBHOCTI iX POOOTH. J[J1s 1IOTO MOIIIPHO HABYUTH
MOJIeTTh BUPINIYBATH BITHOCHO CKJIAHY 33a7ady. B skocTi Takoi 3amaqi Oyino oOpaHO
knacudikamiro 300paxens 13 maracery Cifar 10. anuit maracer namuye 60000
KOJIbOPOBUX 300paxkeHb 32x32 mikceni st KOXKHOTO 13 10 mpeacTaBIeHux y HbOMY
KJIaciB.

Jlst po3B’si3aHHSI TaHOI 3a/1a4i OyJia 0OpaHa TOIMOJIOTISE MEPEXi, sIKa BKIHOYAE Y
co01 BC1 HasiBHI CTPYKTYPHI OJIOKK. 3rOpTKOBA YaCTHHA MOIENI CKJIaIa€ThCS 13 OJIOKIB

MPEJCTABICHUX HA PUCYHKY 3.13.
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Convolutional 3x3, N
Batch Normaliztion
Convolutional 3x3, N
Batch Normaliztion
Max Pooling, 2x2, stride 2
Conv Block, N

Pucynok 3.13 — CtpykTypHHil OJI0K 3rOpTKOBOI YACTUHU MEPEXKI

, 16 N — KUIbKICTh 3rOpTKOBUX (DUIBTPIB JJIsi 3TOPTOK JAHOTO OJIOKY, IO
no3Havaetbcsi uepe3 Conv Block, N. 3aranpHa cTpykTypa Mepexi NMpU LbOMY

300paxkeHa Ha pUCYHKY 3.14.

Conv Block, 64
Conv Block, 128
Cross Entropy
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Pucynok 3.13 — Tonosoris Mmepesxi kinacudikaii
Mepeska pocsirjia MakCUMaJbHOI TOYHOCTI Ha BOChMiN emnoci y 77% Ha
TECTOBUX JaHuX (pucyHok 3.14). J[ns qaHoi TOMONOTii Mepexi 1€ € HOPMaJbHUM
noka3HUKOM. J[yist 301IbIIEHHST TOYHOCTI MOJIeT MOXKHA 3acTocyBaTu Dropout s

NEPILIOro MOBHO3B A3HOIO LIAPY aJI€ ISl TECTY LIOIO JOCTATHBO.
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padhik NnoMUNKKX

Pucynok 3.14 — TectyBanusa Mozem Mepexi Ha aparaceri Cifar-10

Takox, B JaHOMY BHITaJIKy CXOJIWMICTh MMOMWJIKM TaK IIBUAKO (HAa BOCHMIM
ernoci) 3ymMoBiieHa BukopuctaHHsMm Batch Normalization ta ayrmeHTariii BXiJHHX
nanux (Oynmm 3acTOCOBaHI yCi JOCTYNHI MapaMeTpu OKpPIM BEpPTUKAJIHLHOTO

BIJI3EpKAJICHHS, 1110 3HAYHO 30UIBIINIIO KIJIBKICTh HABUAJIBHUX JaHUX) [45].

3.4 Po3poOka moaei cruckanus rpagiyaux odpasis

Panimre Oyna 3ragana moaens mepexi Bottle Neck, ocHoBHa i1es1 sikoi monsrae
y TOMY, III0 Ha BUXOJII MEpeXki OUIKYIOThCS Ti caMi JlaHi, 10 1 Ha BXO/I1, TPOTE JesiKa
yacTMHA Mepeki MOBMHHA MAaTH MEHIIY PO3MIPHICTh y TOPIBHSHI 13 BXIJTHUMH
JaHUMH. 3a PaxXyHOK IIbOTO MEPEKy MOKHA PO30OMTH Ha JBI Y4acTUHU (Komep Ta
nekozep). [lepia yactuHa Oy/e 311MCHIOBATH PETIPE3CHTALII0 300paKeHHS y CTUCITIH
¢dopwmi, a npyra yacTUHA BIAHOBIIOBATH HOTO.
€ n1Ba crmocoOM 3MEHIIUTH PO3MIPHICTh TEH30pY: 3MEHIIUTH WOT0 TNIMONHY 3a
JIOTIOMOTOF0 Omeparlii 3ropTKH 13 MEHIIIOK KIIbKICTIO (DUIBTPIB HIK € y HbOMY, Ta
3MEHIINTH IIHPUHY Ta BUCOTY 3a Jomomororo onepaiiro Max Pooling. Kpim toro,
MOTIM HEOOXIJTHO BIJIHOBUTU BUXIJHY PO3MIPHICTH 300pa)kKeHHS, JJII I[bOTO 3HOB
MO>KHA BUKOPUCTOBYBATH 3ropTku Ta onepaiito Up-Sampling. Takum unHoMm, oauH

13 MO>KJIMBUX BapiaHTIB MOOYAOBH TaKOT MEPEX1 3alIPOITOHOBAHUI HA PUCYHKY 3.15.
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Max polling
+ Max Pooling
Max Polling
ReLU + Max Polling
Up-Sampling
Up-Sampling
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Conv 3x3, 32 + BN + RelLU
Conv 3x3, 64 + RelU +
Conv 3x3, 128 + BN +
Conv 3x3, 128 + RelLU +
Conv 3x3, 64 + RelU +
+ BN + Up-Sampling
Conv 3x3, 32 + RelLU +
Conv 3x3, 16 + RelLU +
+ BN + Up-Sampling

Pucynok 3.15 — Tonosorist Mepesxi Jyisl CTUCKaHHS rpadgidyHuX 00pa3iB

Jlns HaBuaHHS JaHOI MOJENI TaKk caMO OyJM BHUKOPUCTaHI 300pa’keHHS 13
natacery Cifar 10. Ha pucynky 3.16 300paskeHuii pe3yabTar poOOTH TaKOi MEPEXKi y
BIDJISIZII JIEKUTBKOX TIap 300pa)eHb. 37iBa OpHTiHAJIbHE 300pa)KeHHs, CIpaBa

PEKOHCTPYHOBAHE.

Pucynok 3.16 — Pe3ynbrar poOOTH MEPEKi CTUCKAHHS 300payKeHb

BucHoBku 10 po3ainy 3

VY nanomy po3aiii OyB ONKUCaHUM MPOLIEC PO3POOKH POrPAMHOTO 3a0€3MEUEHHS
JUIS. CTBOPEHHS MO/JIeNiel HEHPOHHUX Mepex Kiacu(ikaiii Ta CTUCKaHHS TpadiuHux
o0pa3iB. 30kpema OyJio:
- OOpaHO TEXHOJIOT1i Ta METOJU PO3POOKH;

- Po3poGneni mpoekTHi piieHHs st 00paHoi 3a1a4i;
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OmnucaHo MpoIec BIPOBAKEHHS TEXHIYHUX PIIICHB;
[lepeBipeHO MpaBWILHICTH POOOTH OMHCAHUX AJTOPUTMIB MAITUHHOTO
HABYAHHS HA 337141 Kiacugikari,

Po3pobiieno Mojens Mepexi i CTUCKaHHS rpadiuHux oOpasiB.
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BUCHOBKU

B naniit marictepchkiii poOoTy Oyno 37iiicHEHO po3pOOJIeHHS MPOrpaMHOIO

3abe3nedyeHHs 13 rpadiuHuM iHTEpdercom, M0 T03BOJSE 3IIMCHIOBATH HaBUYaHHS

HEHPOHHUX MEpEX MNPSAMOIrO PO3MOBCIOKEHHS (3rOPTKOBUX MEPEXK), a TAKOXK

JOCTIKEHHS HaBYaHHS MEpPEeX1 CTUCHEHHS 300paKeHb.

Po6GoTa BKiIHOUYaIa HACTYITHI OCHOBHI €Tamu:

1.

JlocmikeHHs. TIOHATTSI HEMPOHHOI Mepexi, aHalli3 CTaHy PO3BUTKY JAaHOI
rajiy3i Ha ChOTOJHIIIHIN JIeHb, 0COOJUBOCTI (PYHKIIIOHYBaHHS HEUPOHHUX
Mepex, 11 mepeBary Ta He0JIIKH y TTOPIBHSAHHI 13 3BUYaHUMHU aJITOPUTMAMH.
Bubip HanpsMKy momanbiivx ITOCHTIHKEHb, a CaMe 3TOPTKOBUX HEHPOHHHX
Mepex kimacudikailii Ta ckuckaHHs rpadgiyHux obpasziB. Onuc aaropuTMiB
MAIlIMHHOTO HaBYaHHS HEOOXIMHUX A (PYHKIIOHYBaHHS IaHOTO THUITY
Mepex y pisHuX 3amadax. Croma BXOJSITh alrOpUTMHU (DYHKIIOHYBaHHS
OKpEeMHUX IapiB Mepexi, GyHKIIM BTpaT Ta METOMIB ONTUMIZAIl] (YHKII]
BTpPAaT Ha OCHOBI T'Pa/Il€EHTHOTO CITyCKY.

Po3pobnenHss mporpamMHOro 3a0e3ledyeHHs, IO J03BOJISIE 3iHCHIOBATH
HaBYaHHS MOJeNie HEWPOHHUX Mepex Ui KiIach(ikamii Ta CTHCKaHHA
rpa¢giyHux 00pa3iB: BUOIp METOMAIB Ta TEXHOJIOTIB PO3pOOKH, pO3poOKa Ta
BIIPOBA/PKEHHS ONTHUMAJIBHUX MPOEKTHUX PIIICHB;

[lepeBipka poOOTH aNTOPUTMIB MAIIMHHOTO HABYaHHS y  3amadi
knacudikamii. Jms oOpaHoi Tomoiorii Mepexi 3a BXIJIHUX JaHuUX Oyla
OTpUMaHa TOYHICTh Y 78% Ha TECTOBUX JIaHUX, IO BIJMIOBIAE JaHIH MOJIEI.
CTBOpEHHS Ta HABYAHHS MOJIEI MEPEXi I CTUCKAHHS rpadidHnX 00pasiB.
byna oOpana Tomosiorisi 3rOpTKOBOI HEMPOHHOI MEpeki Ha OCHOBI
apxitektypu Bottle Neck (Komep — Jlexonmep/PexoncTpykTop). Mepexa

YCHIIITHO HaBYMJIacsa CTHCKaTh 300pakeHHs 32x32 (13 garacety Cifarl0).
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JIOJIATOK A

1 PRINCIPLES OF FUNCTIONING, CONSTRUCTION AND
FEATURES OF ARTIFICIAL NEURAL NETWORKS
1.1 The structure and working principles of neural networks

1.1.1 Reference model for building neural networks

Humanity, engineers in particular, quite often take an example from nature to
create new technical solutions based on them. Artificial neural networks are not an
exception - the study of the principles of functioning of biological neural networks
(actually, the brains of people and animals) made it possible to describe a
mathematical model that became the basis for the creation of new areas of computer
intelligence.

The creation of artificial neural networks owes to research in the neurobiology
branch of science, and in some cases, we can find behavior similar to the work of the
human brain in the results of the work of artificial neural networks. However, the very
frequent comparison of the processes occurring in the brain and the principle
embedded in artificial networks is useless, because the real connection between
biology and computer intelligence is very weak, and often causes a number of
misunderstandings. In addition, our knowledge of the principles of the functioning of
the biological brain is not fundamental, which indicates the impossibility of
reproducing the processes embedded in the brain as an understandable mathematical
model.

Even without forgetting the above, it is useful to know the basic principles
involved in the work of the biological nervous system, because artificial neural
networks try to approach biological networks in terms of efficiency when solving
tasks that humans and animals solve without problems [1].

Research on artificial neural networks is mainly related to the fact that the way
a human or animal nervous system processes information is very different from the
way computers do it.

If you simplify, the brain can be imagined as a very complex, non-linear
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structure, the main components of which are neurons, which have the property of self-
organization, which in turn allows you to perform tasks that are difficult for ordinary
computing equipment. Examples can be classification (recognition of images, sounds,
smells, etc.), motor functions (a common action for us, for example, walking is the
use of a huge number of muscles in the correct sequence, which is what the brain
actually does), signal processing ( light, sound, etc.) [2].

The human nervous system is very complex. According to various studies, the
average human brain has tens, and sometimes hundreds of billions of neurons, and the
number of connections between them is orders of magnitude higher. A unique feature
of a neuron is its ability to transmit, receive, and process electrochemical signals
transmitted by nerve connections. Groups of neurons and their connections form the

communication system of the human brain.

Cell body

/ Dendrites

Axon —
&
~J
Synapse

Figure 1.1 — The structure of a biological neuron

Figure 1.1 shows the structure of two biological neurons. In this structure, the
cell body deals with data processing. The signal from the neuron body is propagated
along axons and dendrites, and then through synapses (bridges between two neurons)
to other neurons. It is important that the signal transmitted through the synapse can
change (amplitude, frequency). The neuronal body processes input data by summing
them (data coming from other neurons). Based on the intensities of the incoming

signals, the body of the neuron makes a decision to transmit the signal further, while
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the incoming signals can both contribute to the excitation of the cell and hinder it.
Thus, further signal transmission occurs if the total excitation in the body of the
neuron exceeds some minimum threshold. Of course, it should be understood that this
is a very simplified view of the structure of a biological neuron, but most artificial

neural networks use these simple properties [1].

1.1.2 Mathematical representation of artificial neural networks

An artificial neural network usually consists of an input layer of neurons (which
receives some data), hidden layers (there can be as many or none at all; their number
affects the complexity of the network), and an output layer of neurons.

The input layer of neurons can be thought of as sensors that receive some
information. The hidden layers perform some transformations of the input data, and
the output layer of the neurons is essentially the output of the network. Drawing
analogies with neurobiology, we have some stimulus (input) and we want to get some
reaction (output). Such an analogy is quite successful in solving some problems based
on neural networks.

A typical architecture of a neural network, which is often used in various
educational materials in the form of a graph, 1s a fully connected forward propagation
network. This means that any signals from the input layer propagate in only one
direction (from the input to the output of the network through the hidden layers), with
each neuron of the next layer connected to the neurons of the previous one, and so on.
The structure of such a network is shown in Figure 1.2. If one or more links of a fully
connected direct propagation network are missing, such a network is called partially

connected.
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Input Layer Hider Layer Output Layer

Figure 1.2 — The structure of a fully connected forward propagation neural network

Where x are the inputs of the network, w;;are the connection weights of the i-
th and j-th neurons, and y are the outputs of the network. Each neuron performs the
summation of incoming signals (by analogy with the cell body in biological
networks). The mathematical description of determining the output signal of a neuron

is presented in formula 1.1 [1].

N
j=1

The values of the neurons of the previous layer x1,j are multiplied by the weight
coefficients wi,j and summed. The resulting value is called the weighted sum. The
values of the weighting coefficients for each connection are different. The weighted
sum is not normalized. For its normalization, the activation function ¢ (sum) is
selected. The activation function that is mentioned most often when reviewing neural
networks is the logistic function (or sigmoid, formula 1.2 [1]). Also, the hyperbolic
tangent f(x) = th(x) can often be found. The task of the activation function is to bring
the output values of the neurons into a range that can be used for transmission further
along the neural network (usually this value is from -1 to 1 or from 0 to 1). By analogy

with electronic systems, the activation function can be considered a nonlinear



79

amplifier.

f(x) = (1.2)

1+ exp(—x)

The functional scheme (built using formula 1.1) of any neuron of a fully

connected forward propagation network is presented in Figure 1.3.
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Figure 1.3 — Functional diagram of an artificial neuron

Thus, a neural network can be thought of as a very complex nonlinear function
with complex inputs and outputs. This allows it to approximate any other function
with an accuracy determined by its structure. At the same time, the inputs and outputs
of the network can be encoded with any binary data (text, image pixel colors, sensor

values, etc., etc.), which provides a very wide range of its application [3,4].
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1.2. Analysis of the state of development of neural networks

1.2.1 Main areas of research

Research into the workings of the human brain inspired scientists to develop a
mathematical model that would replicate its properties. However, in the course of
solving this problem, other problems arose, which are related to the fact that the brain,
in particular of a person, is a very complex structure that is difficult to describe
mathematically. However, a better understanding of the functioning of neurons has
made it possible to create different models to test their research. Modeling, even in a
simplified form, made it possible to obtain interesting results. Properties of such
models not only imitate some functions of the brain, but also have other features.
Based on this, further research of neural networks can be divided into two directions,
namely:

1. To understand how the human brain actually works on a physical and
psychological level. To understand consciousness, etc.

2. On the basis of a clear model, develop new computer systems (artificial neural
networks) that allow solving applied problems that are too complicated for traditional
algorithms.

Actually, considering artificial neural networks, we are talking about the second
direction of research [1].

Artificial neural networks have been a hot topic of research since around the 1980s to
the present. We use only the properties of the brain in terms of information processing,

the way in which it conducts them and abstract from the brain as a whole.

1.2.2 The formation of artificial neural networks as a separate branch of
science
The study of neural networks began in the 1940s. American psychologist Warren
McCulloch and mathematician Walter Pitts proposed the world's first M-P neural
network model. It is very simple, but important for further development. In this model,

the algorithm is implemented by considering the neuron as a functional logic device,
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thus, a theoretical study of the artificial neural network model begins.

At this stage of the research, a problem arose with how to train this model. As
mentioned earlier, a neural network can be represented as a very complex function. If
its parameters (weighting coefficients for each of the connections) are chosen
correctly, it is able to approximate another function, even a very complex one (this is
an empirical observation, but it was discovered later). It is obvious that it is difficult
to select these parameters manually for small structures, and for large neural networks
(modern ones have at least thousands of connections) it is impossible at all. Therefore,
an algorithm was needed that would allow training a neural network. The first learning
model was proposed by Donald Gabb in 1949. He hypothesized that the learning
process occurs at the synaptic interface between neurons, and the intensity of synaptic
connections varies depending on the activity of neurons before and after the synapse.
This principle is called Gebb's rule, which is still used today in the training of neural
networks in an expanded form.

Later, Rosenblatt proposed a model called a "perceptron" based on the original
M-P model (this is the functional diagram of the artificial neuron discussed earlier).
This model includes the basic principles on which modern research on artificial neural
networks is based, regardless of their complexity. This is a model of a neural network
with continuous adjustment of weight coefficients. After training, it can achieve the
goal of classifying and recognizing a certain mode of the input vector. Although it is
relatively simple, it is the first true neural network. Rosenblatt proved that two-layer
networks can classify input data and also suggested an important research direction
for multilayer networks with the ability to train hidden (intermediate) layers of the
network to be able to solve more complex problems. However, even such a simple
neural network made it possible to solve the problems of weather prediction, analysis
of electrocardiograms and artificial vision.

This became a very important step in the development of artificial intelligence,
because during this study it was found that an artificial neural network, the structure
of which corresponds to some extent to neurophysiology, is capable of learning and

solving problems [5].
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1.2.3 Problems of artificial neural networks

After the first significant results in the training of artificial neural networks,
scientists believed for some time that it is enough to increase the complexity of the
network (the number of neurons and hidden layers of the network) and artificial
intelligence will be able to approach human intelligence. It quickly became clear that
this was not enough.

Minsky and Papert, one of the founders of artificial intelligence, conducted a
mathematical study of the functions and limitations of the perceptron. He failed to
solve the problem of classification of two types of linear inseparable samples. An
example is a simple linear sensor that cannot perform XOR ("exclusive or"). These
conclusions, the author's persuasive arguments and taking into account previous
disappointments in artificial neural networks significantly slowed down the
development of artificial neural networks for tens of years.

Returning to the present, it is important to note that most of the problems
mentioned have not actually disappeared, but have only become more complicated.
The structure of the neural network and the method of its training remain relevant to
solving the problem. The backpropagation algorithm is used very often in training
neural networks. To work, he needs a training sample, an input-output pair. On its
basis, the weight coefficients of the neural network are adjusted in such a way that the
network error is smaller. The problem is that it is impossible to say with certainty
whether the network will be able to learn in a finite amount of time and what network
structure should be chosen for this. In addition, the already trained network may not
be optimal because the basis of this algorithm is the gradient descent method, which
can lead to the formation of local minima. In other words, the network configuration
(values of weighting coefficients) may not be optimal.

If we look at machine learning today, none of the artificial neural networks in
use today are universal. Each of them has a number of disadvantages and limitations

that allow them to be used only for specific tasks [1,5].
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1.3 Features of the functioning of neural networks
1.3.1 Validity of the result of artificial intelligence

An important characteristic of artificial neural networks is their reliability. For
example, the human brain in some cases shows incredible indicators of structural
reliability and the ability to self-organize and rebuild. But it is not about that, because
in digital, the neural network is only a stream of bytes without a structure. We are
talking about the result of the network in specific tasks.

There is some peculiarity in the work of almost any neural network. For example,
consider a fully connected forward-propagation network with a non-linear activation
function trained using a back-propagation algorithm. For example, this network solves
the classic problem of recognizing handwritten numbers. As mentioned earlier, a
neural network can approximate some complex function if some coefficients are
chosen correctly. A trivial task that is often considered as an example is the
recognition of handwritten digits. In this case, the function receives an image as input,
and the output is the probability that this image is one of the numbers by which the
network is trained. But since we are approximating the original function (actually it
does not exist - it is a set of image-digit pairs), the result will be approximate. That is,
at the output of the trained neural network, we will never get a 100% result for any of
the numbers. In fact, this is not a problem, because it is important that the output
neuron responsible for a specific number has the highest probability among all. The
problem is that the neural network can make a mistake precisely at the stage of the
result in working conditions (when it has no clue as to which particular number is in
front of it and needs to give the result). Neural networks now have a very low error
rate (98% or more correct answers). Such a low probability of error is important when
neural networks can be applied where a person's life may depend on their decision.

The problem may actually arise precisely because we are making assumptions
about the computer's inability to make mistakes. If the artificial neural network will
sometimes make mistakes, then we conclude that it is unreliable. But in some
problems that were previously considered unsolvable for a computer, neural networks

already show results that are better than humans [1].
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1.3.2 Main properties and advantages

Considering artificial neural networks and observing the results of their work,
you can notice two important features:

1. Calculations that are necessary for the functioning of neural networks can be
performed in parallel. Each layer of a neural network is a set of neurons for which it
is necessary to perform weighted sum and normalization operations, which do not
depend on other neurons of the same layer.

2. Neural networks are capable of self-learning and generalization.
Generalization in this case is the ability to give the correct answer to input data that
was not encountered during training. For example, a network that learned to recognize
the presence of a face in an image should respond correctly if it is presented with an
unfamiliar image.

Using these features, neural networks are able to solve large-scale problems that
cannot be solved by standard algorithms. In practice, as mentioned earlier, universal
neural networks do not exist. If the task is too complex, it is advisable to break it down
into several simple tasks and train different networks to perform each of them. Or use
combinations of neural networks and conventional algorithms. It is important to
understand that neural networks give only an approximate result and standard
algorithms can be much more effective in trivial tasks. The search for new problems
where the application of neural networks is possible is a separate study.

If we compare artificial neural networks with standard algorithms, then their use
provides the following useful properties to the system:

1. Nonlinearity. Artificial neurons can be both linear and non-linear, which in
turn determines the activation function. Neural networks, the structure of which
consists of non-linear neurons, acquires the property of non-linearity. Non-linearity
of'this type is somewhat special, because in this case it is distributed over the network.
The property of non-linearity is important when the physical mechanism underlying
the input signal is also non-linear (human language, images, video, etc.). In addition,

the error backpropagation algorithm, which is often used in training neural networks,
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uses a modified stochastic descent method, for which it is necessary to determine the
derivative of the activation function. The activation function must be non-linear over
the operating range.

2. Representation of output information through input (input-output mapping).
Learning with a teacher (supervised learning) involves the presence of some sample
of data, examples (training samples). An example is a pair of inputs and their
corresponding outputs. Learning involves changing the weighting coefficients in such
a way that the correct answer is obtained at the output of the network. Training
continues until changes in weighting coefficients become insignificant.

3. Adaptivity. Neural networks have the ability to adapt their weights in such a
way as to match the environment. Actually, a neural network trained to operate in a
specific environment can easily be adapted to work in a new environment, if its
parameters do not differ significantly. In addition, neural networks that learn in real
time can be created to work in a nonstationary environment in which statistics change
over time.

4. Obviousness of the answer (evidential response). Using the example of a
classic sample classification problem, you can build a neural network in such a way
that during training, at the output, it takes into account not only the specific class, but
also how confident the network is in its answers, to increase the confidence of the
decisions made by the network.

5. Contextual information. Knowledge about the objects submitted to the input
of the neural network is stored in the weighting coefficients of individual neural
connections. At the same time, in this paradigm, all neurons are interconnected and
no arbitrary neuron without context carries useful information.

6. Fault tolerance. Neural networks presented in electronic form are potentially
fault-tolerant. Failure of individual neurons or their connections leads to difficulty in
obtaining reliable information. However, given the way information is stored in the
neural network (decentralized and contextual), only significant damage to the
structure of the neural network can lead to its inability to perform its work.

7. Scalability. The structure of a neural network is represented by simple
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elements - neurons and their connections. The possibilities for scaling neural networks
are limited only by the capabilities of computing technology and the adequacy of the
approach to the given task.

8. Uniformity of analysis and design. Neural networks are a universal tool for
processing data. The same project solution can be used to solve different problems.
This is due to the fact that the basic principles of functioning of different types of

neural networks are the same.

1.4 Classification of artificial neural networks

There are many many different configurations of neural networks. However,
most of them can be classified according to some basic features. Actually, neural
networks can be divided according to the topology of the connections between
neurons and the type of artificial neurons used.

A neural network can be represented as a directed, weighted graph. In this way,
the directions of signal transmission in the neural network and the weighting
coefficients of each connection are traced.

According to the method of building connections, neural networks can be
divided into feed forward propagation (in which the graph will not have loops) and

neural networks with feedback [6].

1.4.1 Forward propagation neural networks

Single layer perceptron. In such a neural network model, all elements of the input
layer are connected to the output layer through connections. It is the simplest network
of direct distribution. [7].

Rosenblatt multilayer perceptron. This is a perceptron in which there is at least
one hidden (associative) layer. Unlike a single-layer, this type of perceptron is able to
solve the classic XOR problem.

Rumelhart multilayer perceptron. This type of neural network is a partial case of
Rosenblatt's perceptron. The difference is that learning occurs using the method of

backpropagation of the error. At the same time, all layers of the network are trained
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Convolutional neural networks. This type of neural network uses the principles
of human vision. When analyzing an image, we look at its individual parts with some
filters. This operation is called convolution. The output of this network is a map of
image features, which in classification tasks fed to the input of a multilayer
perceptron, which already gives the probability of the image belonging to some
classes [9].

Radial basis function network. As a rule, such a network includes three layers:
an input, an output, and a hidden layer of neurons with a radial basis activation
function. The same value is applied to the input neurons of this neural network. This

network model allows you to efficiently perform function approximation tasks [10].

1.4.2 Neural networks with feedback

Kohonen's self-organizing maps. A feature of this type of networks is learning
without a teacher. In addition, the principle of competitive learning is used instead of
loss function optimization. That is, only the signal most similar to the incoming signal
is transmitted - others are ignored. This approach allows the network to find
regularities in input data that reinforce similar features [11].

Generative competitive network. An example of the operation of this type of
network is the generation of human faces. In fact, this system consists of two neural
networks. One neural network tries to generate a realistic image of a human face,
while another tries to identify a fake one. This type of training is training without a
teacher [12].

Hopfield neural network. A feature of this type of neural networks is the presence
of a symmetrical matrix of connections. The operation of this network is reduced to
some local minimum. This structure allows the network to perform the function of a

filter and auto-associative memory, restoring damaged data on the basis of stored data

[13].

1.5 Methods of using neural networks
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Artificial neural networks have been finding new areas of application since the
beginning of the active period of their research. The property of neural networks to
approximate complex functions allows it to describe complex nonlinear processes.

Physical processes. Most physical processes are complex. Even calculating the
flight path of a body taking into account many parameters can be difficult. But neural
networks approximate complex functions well. Knowing some parameters of the
atmosphere at different moments of time and the weather condition that corresponds
to them, you can teach a neural network to predict weather based on new indicators.

Medicine. The ability of neural networks to self-organize makes it possible to
identify patterns between diseases and patients. A trained network can diagnose a
patient's disease based on previous experience.

Automated control systems. Management of production, and more specifically,
individual production processes. A neural network can learn to change the system
parameters based on some inputs about the state of production in an optimal way.

A classic task of pattern recognition or classification. Submit an image to the
input of the network and receive at the output a probabilistic estimate of the network's
belonging to this or that class. This also includes pattern recognition in real time [1,2].

Lossy data compression. The property of neural networks to find common
features in various input data allows it to be used for a compact representation of the

same data, for example, images [14].
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JTIOJATOK B

/[Layer.compute
RWStructuredBuffer<float> Result;
RWStructuredBuffer<float> Deltas;
RWStructuredBuffer<float> inputs;
RWStructuredBuffer<float> outputDeltas;
int batchLength;

//Convolutional.compute

#pragma kernel ZeroPadding;

#pragma kernel FeedForward;

#pragma kernel BiasesDeltas;

#pragma kernel WeightsDeltas;

#pragma kernel InputDeltas;

static const int kernelSize = 3;

static const int padding = kernelSize / 2;

#include "Includes/Layer.compute"

RWStructuredBuffer<float> zpInputs;

RWStructuredBuffer<float> zpActivationsDeltas;

RWStructuredBuffer<float> weights;

RWStructuredBuffer<float> weightsDeltas;

RWStructuredBuffer<float> biases;

RWStructuredBuffer<float> biasesDeltas;

int filters;

int inputSize;

int paddingSize;

int inputChannels;

[numthreads(8, 8, 8)]

void ZeroPadding(int3 id : SV_DispatchThreadID)

{
if (id.z >= inputSize * inputSize || id.y >= inputChannels || id.x >= batchLength) return;
inti=1id.z / inputSize, j = id.z % inputSize;
zplnputs[paddingSize * (paddingSize * (inputChannels * id.x + id.y) + i + padding) + j + padding] =

inputs[inputSize * (inputSize * (inputChannels * id.x +id.y) + 1) +j];

}

[numthreads(8, 8, 8)]

void FeedForward(int3 id : SV_DispatchThreadID)

{
if (id.z >= inputSize * inputSize || id.x >= batchLength || id.y >= filters) return;

inti=1id.z / inputSize, j = id.z % inputSize;
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float activation = biases[id.y];
for (int wl = 0; wl <kernelSize; wl++)
for (int w2 = 0; w2 <kernelSize; w2++)
for (int k = 0; k < inputChannels; k++)
activation += weights[kernelSize * (kernelSize * (inputChannels * id.y + k) + wl) + w2] *
zpInputs[paddingSize * (paddingSize * (inputChannels * id.x + k) + 1+ wl) +j + w2];
Result[inputSize * (inputSize * (filters * id.x + id.y) + 1) + j] = activation;
}
[numthreads(8, 8, 1)]
void BiasesDeltas(int3 id : SV_DispatchThreadID)
{
if (id.x >= batchLength || id.y >= filters) return;
float biasDelta = 0;
for (int i = 0; i < inputSize; i++)
for (int j = 0; j < inputSize; j++)
{
float value = outputDeltas[inputSize * (inputSize * (filters * id.x + id.y) + 1) +]];
zpActivationsDeltas[paddingSize * (paddingSize * (filters * id.x + id.y) + i + padding) + j + padding]
= value;
biasDelta += value;
H
biasesDeltas[id.y] = biasDelta;
}
[numthreads(8, 8, 8)]
void WeightsDeltas(int3 id : SV_DispatchThreadID)
{
if (id.z >= kernelSize * kernelSize || id.y >= filters * inputChannels || id.x >= batchLength) return;
int r = id.y / inputChannels, k = id.y % inputChannels, w1 = id.z / kernelSize, w2 = id.z % kernelSize;
float weightDelta = 0;
for (int i = 0; i < inputSize; i++)
for (int j = 0; j < inputSize; j++)
weightDelta += outputDeltas[inputSize * (inputSize * (filters * id.x + 1) +1) +j] *
zpInputs[paddingSize * (paddingSize * (inputChannels * id.x + k) + 1+ wl) +j + w2];
weightsDeltas[kernelSize * (kernelSize * (inputChannels * (filters * id.x +r) + k) + wl) + w2] = weightDelta;
}
[numthreads(8, 8, 8)]
void InputDeltas(int3 id : SV_DispatchThreadID)
{
if (id.z >= inputSize * inputSize || id.y >= inputChannels || id.x >= batchLength) return;
int i = id.z / inputSize, j = id.z % inputSize;
float inputDelta = 0;

for (int r = 0; r < filters; r++)
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for (int wl = 0; wl <kernelSize; wl++)
for (int w2 = 0; w2 <kernelSize; w2++)
inputDelta += weights[kernelSize * (kernelSize * (inputChannels * r + id.y) + kernelSize - 1 - wl) +
kernelSize - 1 - w2] *
zpActivationsDeltas[paddingSize * (paddingSize * (filters * id.x + 1) +1+wl) +j + w2];

Deltas[inputSize * (inputSize * (inputChannels * id.x + id.y) + i) + j] = inputDelta;

//BatchNorm.compute
#pragma kernel Inference;
#pragma kernel MuSigma;
#pragma kernel FeedForward;
#pragma kernel Momentum;
#pragma kernel ParamDeltas;
#pragma kernel MuSigmaDeltas;
#pragma kernel InputDeltas;
#include "Includes/Layer.compute"
RWStructuredBuffer<float> mu, sigma, mu0, sigma0, muDeltas, sigmaDeltas;
RWStructuredBuffer<float> normalizations, normalizationsDeltas;
RWStructuredBuffer<float> betas, betasDeltas, betasHistory;
RWStructuredBuffer<float> gammas, gammasDeltas, gammasHistory;
int depth, width, height;
float epsilon, momentum;
[numthreads(8, 8, 8)]
void Inference(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth || id.z >= width * height || id.y >= batchLength) return;
float mu = muO[id.x], _sigma = sigma0[id.x], beta = betas[id.x], gamma = gammas[id.x];
int idx = width * (height * (depth * id.y + id.x) + id.z / height) + id.z % height;
float normalize = (inputs[idx] - mu) / sqrt(_sigma + epsilon);
normalizations[idx] = normalize;
Result[idx] = normalize * gamma + beta;
}
[numthreads(8, 1, 1)]
void MuSigma(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth) return;
float mu=0, sigma=0;
for (int i = 0; 1 < width; i++)
for (int j = 0; j <height; j++)
for (int b = 0; b < batchLength; b++)
_mu += inputs[width * (height * (depth * b + id.x) + 1) +]];
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mu[id.x] = (_mu /= (width * height * batchLength));
for (int 1= 0; i <width; i++)
for (int j = 0; j <height; j++)
for (int b = 0; b < batchLength; b++)
_sigma += pow(inputs[width * (height * (depth * b +id.x) + 1) +j] - mu, 2);
sigma[id.x] = (_sigma /= (width * height * batchLength));
}
[numthreads(8, 1, 1)]
void FeedForward(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth || id.z >= width * height || id.y >= batchLength) return;
float mu = mu[id.x], sigma = sigma[id.x], beta = betas[id.x], gamma = gammas[id.x];
int idx = width * (height * (depth * id.y + id.x) + id.z / height) + id.z % height;
float normalize = (inputs[idx] - mu) / sqrt(_sigma + epsilon);
normalizations[idx] = normalize;
Result[idx] = normalize * gamma + beta;
}
[numthreads(8, 1, 1)]
void Momentum(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth) return;
mu0[id.x] = muO[id.x] * momentum + mu[id.x] * (1 - momentum);
sigma0[id.x] = sigma0[id.x] * momentum + sigma[id.x] * (1 - momentum);
}
[numthreads(8, 1, 1)]
void ParamDeltas(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth) return;
float gamma = gammas[id.x], betaDelta = 0, gammaDelta = 0;
for (int i = 0; 1 < width; i++)
for (int j = 0; j < height; j++)
for (int b = 0; b < batchLength; b++)
{
int idx = width * (height * (depth * b + id.x) + 1) + j;
float value = outputDeltas[idx];
normalizationsDeltas[idx] = value * gamma;
gammaDelta += value * normalizations[idx];
betaDelta += value;
H
gammasDeltas[id.x] = (gammaDelta /= (width * height * batchLength));
betasDeltas[id.x] = (betaDelta /= (width * height * batchLength));
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[numthreads(8, 1, 1)]
void MuSigmaDeltas(int3 id : SV_DispatchThreadID)
{
if (id.x >= depth) return;
float mu = mu[id.x], sigma = sigmal[id.x], firstSum = 0, secondSum = 0, thirdSum = 0;
for (int i = 0; 1 < width; i++)
for (int j = 0; j < height; j++)
for (int b = 0; b < batchLength; b++)
{
int idx = width * (height * (depth * b +id.x) + 1) + j;
float norm = normalizationsDeltas[idx], sub = inputs[idx] - mu;
firstSum += norm * sub;
secondSum += norm,;
thirdSum += sub;
}
sigmaDeltas[id.x] = firstSum * -0.5f * pow(_sigma + epsilon, -1.5f);
muDeltas[id.x] = secondSum / -sqrt(_sigma + epsilon) + sigmaDeltas[id.x] * -2 * thirdSum / (width * height *
batchLength);
}
[numthreads(8, 8, 8)]
void InputDeltas(int3 id : SV_DispatchThreadID)
{
if (id.x >=depth || id.z >= width * height || id.y >= batchLength) return;
int idx = width * (height * (depth * id.y + id.x) + id.z / height) + id.z % height;
float mu = mu[id.x], sigma = sigma[id.x];
Deltas[idx] = normalizationsDeltas[idx] / sqrt(_sigma + epsilon) + (sigmaDeltas[id.x] * 2 * (inputs[idx] - mu)
+ muDeltas[id.x]) / (width * height * batchLength);
}

//Dense.compute

#pragma kernel FeedForward

#pragma kernel BiasesDeltas

#pragma kernel InputAndWeightDeltas
#include "Includes/Layer.compute"
RWStructuredBuffer<float> weightsDeltas;
RWStructuredBuffer<float> biasesDeltas;
RWStructuredBuffer<float> weights;
RWStructuredBuffer<float> biases;

int size;

int inputSize;

[numthreads(8, 8, 1)]

void FeedForward(int3 id : SV_DispatchThreadID)



{
if (id.y >= size || id.x >=batchLength) return;
float activation = biases[id.y];
for (int j = 0; j < inputSize; j++)
activation += inputs[id.x * inputSize + j] * weights[id.y * inputSize + j];
Result[id.x * size + id.y] = activation;
}

[numthreads(8, 8, 1)]
void BiasesDeltas(int3 id : SV_DispatchThreadID)
{
if (id.y >= size || id.x >= batchLength) return;
biasesDeltas[id.x * size + id.y] = outputDeltas[id.x * size + id.y];
}
[numthreads(8, 8, 1)]
void InputAndWeightDeltas(int3 id : SV_DispatchThreadID)
{
if (id.y >= inputSize || id.x >= batchLength) return;
float inputDelta = 0, input = inputs[id.x * inputSize + id.y];
for (int 1= 0; i <size; i++)
{
float delta = outputDeltas[id.x * size + i];
inputDelta += weights[i * inputSize + id.y] * delta;
weightsDeltas[inputSize * (size * id.x + 1) + id.y] = input * delta;
}

Deltas[id.x * inputSize + id.y] = inputDelta;

//ReLU.compute

#pragma kernel FeedForward

#pragma kernel BackPropagation

#include "Includes/Layer.compute"

int FanOut;

[numthreads(8, 8, 1)]

void FeedForward(int3 id : SV_DispatchThreadID)

{
if (id.x >= batchLength || id.y >= FanOut) return;
float value = inputs[id.x * FanOut + id.y];
Result[id.x * FanOut + id.y] = value > 0 ? value : 0;
}

[numthreads(8, 8, 1)]
void BackPropagation(int3 id : SV_DispatchThreadID)
{

94
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if (id.x >= batchLength || id.y >= FanOut) return;
Deltas[id.x * FanOut + id.y] = Result[id.x * FanOut + id.y] > 0 ? outputDeltas[id.x * FanOut + id.y] : 0;

//MaxPooling.compute

#pragma kernel FeedForward

#pragma kernel BackPropagation

#include "Includes/Layer.compute"

RWStructuredBuffer<int> cachedldx;

int kernelSize;

int inputSize;

int poolSize;

int inputChannels;
[numthreads(8, 8, 8)]
void FeedForward(int3 id : SV_DispatchThreadID)

{

+w2;

}

if (id.z >= poolSize * poolSize || id.x >= batchLength || id.y >= inputChannels) return;
int1=1d.z / poolSize, j = id.z % poolSize, maxIdx;

float max = 0;

for (int wl = 0; wl <kernelSize; wl++)

for (int w2 = 0; w2 < kernelSize; w2++)

{
int idx = inputSize * (inputSize * (inputChannels * id.x + id.y) + 1 * kernelSize + w1) + j * kernelSize
float tmp = inputs[idx];
if (tmp >= max)
{
maxIdx = idx;
max = tmp;
}
H

int pool_idx = poolSize * (poolSize * (inputChannels * id.x + id.y) + 1) +j;
cachedldx[pool idx] = maxIdx;

Result[pool idx] = max;

[numthreads(8, 8, 8)]
void BackPropagation(int3 id : SV_DispatchThreadID)

{

+;

if (id.z >= poolSize * poolSize || id.x >= batchLength || id.y >= inputChannels) return;

inti=1d.z/ poolSize, j = id.z % poolSize, pool idx = poolSize * (poolSize * (inputChannels * id.x + id.y) + i)

int maxIdx = cachedldx[pool idx];
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float delta = outputDeltas[pool idx];
for (int wl = 0; wl <kernelSize; wl++)

for (int w2 = 0; w2 <kernelSize; w2++)

{
int idx = inputSize * (inputSize * (inputChannels * id.x + id.y) + 1 * kernelSize + w1) +j * kernelSize
+w2;
Deltas[idx] = idx == maxIdx ? delta : 0;
H
}
//UpSampling.compute

#pragma kernel FeedForward
#pragma kernel BackPropagation
#include "Includes/Layer.compute"
int size, inputSize, inputChannels, scale;
[numthreads(8,8,1)]
void FeedForward(uint3 id : SV_DispatchThreadID)
{
if (id.x >= batchLength || id.y >= inputChannels || id.z >= inputSize) return;
for (int j = 0; j < inputSize; j++)
{
float input = inputs[inputSize * (inputSize * (inputChannels * id.x + id.y) +id.z) +j];
for (int wl = 0; wl < scale; wl++)
for (int w2 = 0; w2 < scale; w2++)

Result[size * (size * (inputChannels * id.x + id.y) +id.z * scale + w1) + j * scale + w2] = input;

}
[numthreads(8, 8, 1)]

void BackPropagation(uint3 id : SV_DispatchThreadID)

{
if (id.x >= batchLength || id.y >= inputChannels || id.z >= inputSize) return;
for (int j = 0; j < inputSize; j++) {
float value = 0;
for (int wl = 0; wl < scale; wl++)
for (int w2 = 0; w2 < scale; w2++)
value += outputDeltas[size * (size * (inputChannels * id.x + id.y) + id.z * scale + wl) +j *
scale + w2];
Deltas[inputSize * (inputSize * (inputChannels * id.x + id.y) + id.z) + j] = value;
H
}

//LossFunction.compute
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RWStructuredBuffer<float> outputs;
RWStructuredBuffer<float> targets;
RWStructuredBuffer<float> errors;
RWStructuredBuffer<float> deltas;
int FanOut;

int batchLength;

//SoftMaxCrossEntropy.compute

#pragma kernel Calculate

#include "Includes/LossFunction.compute"
RWStructuredBuffer<float> predictedClasses;
[numthreads(8, 1, 1)]

void Calculate(int3 id : SV_DispatchThreadID)

{
if (id.x >= batchLength) return;
float sum = @, error = 0;
for (int i = @; i < FanOut; i++)
{
float value = exp(outputs[id.x * FanOut + i]);
outputs[id.x * FanOut + i] = value;
sum += value;
}
float targetValue = @, maxValue = 0;
for (int i = @; i < FanOut; i++)
{
float value = outputs[id.x * FanOut + i] / sum, target = targets[id.x * FanOut
+ 1i];
deltas[id.x * FanOut + i] = value - target;
error -= target * log(clamp(value, ©, value) + ©.000000001f);
if (target != @) targetValue = value;
maxValue = max(maxValue, value);
outputs[id.x * FanOut + i] = value;
}
predictedClasses[id.x] = targetValue == maxValue ? 1 : 0;
errors[id.x] = error;
}
//IMSE.compute

#pragma kernel Calculate
#include "Includes/LossFunction.compute"
[numthreads(8, 1, 1)]
void Calculate(int3 id : SV_DispatchThreadID)
{

if (id.x >= batchLength) return;

float error = 0;



for (int i = @; i < FanOut; i++)

{
int idx = id.x * FanOut + i;
float value = outputs[idx] - targets[idx];
error += value * value;
deltas[idx] = value;
}

errors[id.x] = error;

//Optimizer.compute

static const int historySize = 4;

int batchLength, paramLength;
RWStructuredBuffer<float> values;
RWStructuredBuffer<float> deltas;
RWStructuredBuffer<float> history;

float learningRate, gradClip, weightDecay;
float deltasFromBatch(int idx)

{
float delta = 0;
for (int b = 0; b < batchLength; b++)
delta += deltas[b * paramLength + idx];
if (gradClip > 0) delta = clamp(delta, -gradClip, gradClip);
if (weightDecay > 0) delta += weightDecay * values[idx];
return delta / batchLength;
}
//SGD.compute

#pragma kernel Optimize

#include "Includes/Optimizer.compute"

float momentum,;

bool nesterov;

[numthreads(32, 1, 1)]

void Optimize(int3 id : SV_DispatchThreadID)

{
if (id.x >= paramLength) return;
float delta = deltasFromBatch(id.x);
int historyOffset = id.x * historySize;
float first = momentum * history[historyOffset] + delta;
history[historyOffset] = first;

if (nesterov) delta += momentum * first;
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else delta = first;

values[id.x] -= learningRate * delta;

//Adam.compute
#pragma kernel Optimize
#include "Includes/Optimizer.compute"
float epsilon;
float betal;
float beta2;
float expbetal;
float expbeta2;
bool amsgrad,;
[numthreads(32, 1, 1)]
void Optimize(int3 id : SV_DispatchThreadID)
{
if (id.x >= paramLength) return;
float delta = deltasFromBatch(id.x);
int historyOffset = id.x * historySize;
float first = betal * history[historyOffset] + (1 - betal) * delta;
float second = beta2 * history[historyOffset + 1] + (1 - beta2) * delta * delta;
history[historyOffset] = first;
history[historyOffset + 1] = second;
float _first = first / (1 - expbetal);
float _second = second / (1 - expbeta2);
if (amsgrad) {
_second = max(_second, history[historyOffset + 2]);
history[historyOffset + 2] = second;
H

values[id.x] -= learningRate * _first / (sqrt(_second) + epsilon);
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IHOCOPMANIAHO -KEPVYIOUI

CHCTEMH HA B3AJNJIZHHYHOMY TPAHCIOPTI

cimanae 4,89 xs., ma cranmi Yo — 25,34 xB., a Ha cTaHIIi
MocTtucpka-2 — 50,8 XB., TIpH UOMYy A TIOIRNIB 34
Homepami 54/36 Tlepemunrs — Kuis, Opmeca ta 706
(Tatepciti +) [epevmmne — Kuie Bora Gyna MIOAeHHOO.
Taxuif BenmKMil pIBEHR 3aTPHMOK TAKOK BIDIMBAE 1 Ha
POBKITaZ pyXy IHIMX [OI3miB, oCOONMBO LI CTOCYETHCS
noizmie 38 Yxropon — Opeca ta 96 Paxie — Kuip, axi 21
Jleeora o Kuera Ta OnecH NpAMYIOTH SK ABOTPYITHHI
TIOM3M 1 MycATh UeKaTH TOT3m 54/36, Mo 3ami3HIOETHCS
Hacmigxom IH0T0 € He3al0BOICHHS ITacaKipiB Ta BEIHKa
KITBKICTh TIpeTeH3i g0 AKIOHEPHOTO TOBAPHCTRA
«YxpaiHcpka  zamizHmnsg»y.  OCHOBHOIO  TIPHYHHOIO
satpumok (Gamspko 80%) e odopMIECHHS Ta IepeBipKa
JOKYMEHTIB, SIK Ha YKpaiHCHKOMY, TAK 1 Ha INONECHKOMY
KOpIoHL. BepoTo uepes TYHKT TPOTycky MocTHebKa-2
TIPOXOTUTE ITATH Tap MacaiHMPCLKHIX MOIIB, IBL 3 IKNX
MAIOTL KaTeropiio [HTepeiti +. BpaxoByioud Iie, a Takom
TIOKpaIlleHHs JIpY#HIX CTOCYHKIE Mi¥ YKpaiHow 1
IMonpmiero, — aBTopamMm  mganoi  myGmikami  Gymo
3aTIPOTIOHOBAHO  CTBOPEHHA CYMICHOTO MMTHOIO Ta
NPHKOPAOHHOIO — KOHTPOMO MUK — TIONECLKHMH — Ta
YKPATHCHKUMI NPHKOPAOHHIKAMH Ha cTaHmi MoctHebka-
2 3TIIHO 3 CTAHAApTaMM MepeTIsaHyTole  KioTehkoi
Komeemii [2].

ITparkTHka 3acTOCYBaHHS CYMICHIX KOPIOHIB BiKe
JABHO BWKOPHCTOBYETRCS Y  CBITL, HAMpPHKIAM, MK
Himewummoto Ta [lomemelo (70 BETYMy OCTaHHEBOI 70
E€rponeficbkoro Coiozy), CIIA ta Kamamoio ta im [3].
Take piireHHs JO3BOIHTE 3HAYHO 3MEHITHTH 3aTPUMKH Ta
Yac CHOIOYBaHHA TAcayKMPCLKMX IIOI3AIB, MOKPAIIHTH
SIKICTE ~ OOCNYTORYBAaHHA MAcaXKHpIB Ta  30LNLIIHTH
SKOHOMIUHHK edeKT BiJl MIKHAPOAHNX TIACAKHPCHKIX
3AMZHAYHUX TIEPERe3eHb.
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1. ¥ Panbesi OOH zacyamnm pocidichki (GimbTpaltiiini
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PO3POBJIEHHA ITPOITPAMHOTI'O
3ABE3SITEYEHHSA TA JOCJIKEHHA
METOJIIB OBPOBKU THOOPMAITIT HA
OCHOBI HEHPOHHITX MEPEXK

Y cydgacHOMY CRITI JyKe YacTo 3TaayIOThCA Taki
NOHATTS $IK HeHpPOHHI Mepeki, MAllHHHE HABYaAHHA Ta

MAIMHHHIE ~ 3ip. POBHTOK SAKICHIX Ta KUTBKICHMX
XAPAKTEPUCTHK OBUHMCITIOBATLHOL TEXHIKH Ta
YAOCKOHATEHHS ~ METO/IiB  MODYAOBH T4  HABUAHHA

HeHpPOHHMX Mepelk JO3BONAIOTH BHPINTYBATH 3a1adi, fAK1
BBKAIOTLCA HANCKIATHIMH UL 3BHYAfHIX alrOpHTMIB.
SlcKpaBHM NMPHKTANOM € 3aadl MAIIMHHOTO 30Dy, 40 SKIX
BXOAMTE KIacH(piKallid, TOKAN3alis, BHAUIEHHS KOHTYPY
rpadigaIX 00paziB 1 Garato iHmoro. KpiMm Toro, 3apas
TOCTIIKYIOTLCS BHIAAKH KONH BIACTHBOCTL HeHpOHHIX
MEpeX MONHA 3acTOCOBYBATH Ha 3aMiHy 3BHIalHmX
ANTOPWUTMIB, HANPWUKNAZ JUIST CTHCKAHHA —TpadidHux
obpazie [1].

BimpmricTs HeHpOHHMX MEpeX VvV  CBoifl  poboTi
OTIMPAETLCS Ha OfHl i Ti cami Ga30Bl NPHHIAIT, MPOTE
BHGIp  ONTHMANBHHX — TimeprapamMeTpie  (KiTBKICTB,
TIApaMETPH Ta CIOCOGH Opramizalii 3B SI3KIB CTPYKTVPHIX
GmoKiB  Mepewi, (YHKIMI akTHBamii Ta BTPAT, MeETOH
onTHMIzaIli (YHKII BTpaT Ta IHIIE) MOMKE CHILHO
BUIPI3HATHCA B 3aTEKHOCTI BT 387aYi, MO BHPINIYETHCA.
TaxnM unMHOM, pO3B’S3aHHA KOKHOI oOKpemol 3amadi
3BOJAMTHCH /IO EMIIPMYHOIO JOCHIAKEHHS 3  BHOOPY
OTITHMATBHOI apXITeKTYpH Mepeki Ta IHIHX TapaMeTpin
A4 ii eeKTHBHOTO HABYAHHS [2].

Pospobnemiss  MporpaMHOTO  3aGesledueHHT i3
rpadigaEM  iHTepdelicomM, M0 AO03BOIAE BHBOAUTH
CTATHUCTHKY HABYAHHS Mepexi (3HAYeHHS I[apaMeTpiB IpH
HABUAHHA Mepeiki, Bizyamizamia  akTHBamifi BHUXOMIR
3TOPTKOBIX INMAPIE Ta IHIM TApAMETPH, 1O JO03BOIMOTL
BIICTEKYBATH TIOBSAIHKY POGOTH Mepeii), Moke 3HAYHO

CIPOCTHTH BUGIp OITHMAIEHIX MOYATKOBHMX
rineprapaMeTpiB Mepexl A i OAaIbIIoT0 HABYAHHS
OxpiM  BWIleTlepepaxoBaHnx  (yHKIE  jgaHe

nporpaMHe 3a0esredeHHs, [id edeKTHBHOTO HABUAHHS
HeHPOHHMX Mepek ¥ 3a7auax MAITHHHOTO 30pY, TIORMHHO
BEIIOYATH HACTYITHI CTPYKTYPHI GIOKH:

- CrucTemMa BBOMY/BHUBOAY 13 BIATIOBIAHUM TpadiTHUM
inTepdelicoM 14 3dBAHTAKEHHS HABYAIBHUX JIaHHX
(HampwKnaj, NpOMAPKOBAHMX 300pakeHs ISl 3a1ad
Knacudikartii) Ta 30epe keI 3aBaHTaAKSHH
HANMAIITYBAHE  Mepeki Amsa il BHKOPHCTaHHA ¥
TIOZTATBITIOMY;

- MoxnueicTh

dBTOMATHMYHOTO SGEPC}KEHHH
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IHOOPMANIHHO-KEP YIOUI

CHCTEMH HA 3AJI3ZHHYHOMY TPAHCIIOPTI

mapaMeTpiB  Mepewi I Uac HaBRTaHHS (Ha KOMKHii
iTeparii) ANA TOTO MO0 TOBEPHYTHCA A0 ONTHMANBHIX
TIAPaMeTPIB ¥ pasi TOMHIKH,

- Iurepdelic  cTBOpeHHS  TOTOMOTII  Mepewi Ta
HAMAIITYBAHHA [ApaMeTpis I OKpeMIX CIPYKTYPHITS
BIIOKIB.

- [Iporpamua peanizaiiif yeix HeoOXIAHIX s poboTH
Ta HABUAHHA Mepeki alTOpHUTMIB.

3a OCHOBY NI TAKOTO MPOrPAMHOTO 3adesredeHHs
MOWHa OpaTH TOTOBHI queI/IBOpK IS TAHGOKOTO
MAIIMHHOTO HaBuaHHA afo peanizyBaTH VCIO JIOMKY
poBoTH Mepewl CAMOCTIHHO ¥ PaMKaX KOHKPETHOIO
TMpoekTY  (AKmo € HeobXigHicTh). HasBHICTE Takoro
IpOTpaMHOTO  3afeaNeueHHsT vV BIOKPHTOMY  JOCTYII
DO3BOINTL PEHaryBaTH OKpeMl CTPYKTYpHI GNOKH, IO
3abesriedye THyIKICTD.

3aranpHa  ies  po3pobKH  TAKOTO  TPOIPaMHOIO
3a0e3MeTeHHA TIOJIATae B TOMY, IO Ipa(piIIHI/H'r’I iHrepq:'ef/ic
3HAYHO ]TpOCTlLHI/II/I AT CIPHAHATTS 1 3abeanedye KpaH.[l
MOMKIHBOCTL 3 IOBTOPHOTO BIKODHCTAHHA, ke OKpeMi
eTany moGyIOBH Ta HATAIITYBAHHI MOEN] MEpeiki MOKHa
CTIPOCTHTH (CXOBATH 3a iHTepdeiic).

Taxnum urHOM, pozpobleHe IporpamMHe 3abesneueHHs

J03BOTAE  SMEHITATH 4Wac Ha MoOyAoBY Ta  BHOIP
TMApaMETPIB NI HABYAHHS Mofmeni wepewi. Ilomambrmi
OOCTITAHEHHS  CIPAMOBAaHI HAa  BHPINIEHHd — 3amad

MANTMHHOTO 20pY (KTacudikartii, CTHCKAHHI TpadhidHmx
00pasiB) B paMKax JAAHOTO NPOIPAMHOTO 330631 U HHSL.

ClHCcOK BHKOPHCTAHUX JizKepedl
1 Carsten Steger. Machine Vision Algorithms and
Applications / Carsten Steger, Markus Ulrich, Christian
Wiedemann., 2018. — 516 ¢.
2 Guanghui Lan. First-order and Stochastic Optimization
Methods for Machine Leaming / Guanghui Lan., 2020,
-582c.
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Kapnyk B. IO., mazicmpanm (Hoayionanvnuii
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iveni I0pia Konopamoras)

YHK 621.39

PO3POBKA ITPOTOKOJIY TEJIEMETPIT JIJISI
NMACTAHIIITHO-KEPOBAHOI TEXHIKH TA
HOT'O ITPOT'PAMHOT PEAJII3AITI B
YMOBAX € BPOIHTEIPAITIT

Y cydacHOMY CBITI € TONYJISPHUM BHKOPHCTAHHA
THCTAHITIHHO-KepOBAHOl TeXHIKM TakKol AK: oOGmamHaHHA
PO3YMHOTO GYOMHKY UM OE3MIIOTHI JTATLHI AapaTH
(BITJIA). Ina MOMITHBOCTI iX pofOTH HOTPIGHI IIPOTOKOIH
NMPHKTIHOTO DPIBHA, IO 3MOXKYTb OIMCATH TIPABHIA
00MIHY THQOPMAITIEID MK HHMH Ta Mi¥ ITIOAWHOIO, FKa €

ix OIIePaTOPOM. HasmmicTs TaKoi noTpebn
TMATREPAYETECA ICHYBAHHAM TaKMX TPOTOKONIB IS
nucTaHmiHo-keporanol TexHikn Ak ModBus, UAVCan,
UranusLink, MavLink, MQTT, CoAP Tomo [1]. Onmak, i
TIPOTOKONHK MAIOTE HENOIKH, SIKI 38 TIeBHIX YMOB MOXKYTH
TIePEIIKOIKATH  IX  (eslocepeIHBOMY  3ACTOCYBAHHIO,
manpuknag ModBus, UranusLink, MavLink mepenaroTs
JiaHl y BipuTOMY opmaTi ez MOKITHBOCTI MTHQPYBAHHS,
MQTT T1a CoAP He MamOTh MOKIHBOCTI MOTOKOBOI
Hepez[aqi Bineo, MavLink Matoun Garatuit $yHKIIOHAT €
LOBOIIL CKITAMFIM IS HOTO IMILTEMEHTALILT PO3POGHIKOM.

ANBTEPHATHBHAM PIITe HHIM € pospolka ta peamsamﬂ
BIACHOTO TIPOTOKOTY AN TeNeMeTpil Ta JHCTAHITHHOTO
YIOPaBMiHHA, SKHH MOKe TIepefaBaTH MOTOKOBL aymio Ta
BiIeO JaHi, TeTKICTE peamizamii mmst pospobHuka Ta Hamae
JOAAaTKOBY MOMKIHBICTE ITHQPYBAHH Tpadiky.

TTpoTOKOT € IPUKTaIHAM Ta MPH3HAUE HIM IS 00MIHY
JaHUMK MUK KepYKOUMM ONepaTopoM Ta JHCTAHINHHO-
KepoRaHol — TexHikoo.  Ileff  mpoTokom  Moxe
BHKOPHCTOBYBATHCS I BLINANCHOTO  YIIPARIIHHS
MOHITOPHHTY UM HATAIITYRAHH PI3HOT TEXHIKH.

IIporokon mpamoe mOBepX TPAHCIOPTHOIO PIBHA
TOMY BIH 3aliMae wmiciie 7-To PIBHA y Mepe#eBiil Mozmemi
O3Sl ado 4-it npuxnaganti pieeHs y mogeni TCPAP [2]. 3a
PaxyHOK MBOTO BiH MOMe OYTH Tepenanuil mo OvIb-saKomMy
CepeIOBHINY Mepenaul.

OpnHieo 13 TOTOBHMX OCOGNMMBOCTEH € JNETKICTE ioro
peanizari Ta BHKOPHCTAHHSA UL PO3POOHIKE. 3a3HATHMO
OCHOBHI 0COGIMBOCTI TIPOTOKOTY TeneMeTpu

- IPOTOKON MOMKE TepPeaBaTH pPisHI THIH JaHHX:
KOMaHIH KepyBaHHS, TeIeMETPHIHI AAHI, ayJio 1 Bieo
TIOTOKH Ta CTEIHATRHI ¢y #GOB1 TIOBIIOMITEHHS,

- B 3QIeKHOCT] BYI THIY JaHMX, IO TEPearOThCs,
TIPOTOKON MAae Pi3HI MeXaHi3MH TapaHTii iX JOCTABKH Ta
TIePEBIPKY TLTICHOCTI;

-y TpoTokomi ¢  HeoBOB'S3KOBA  MOMIMBICTD
g pyBanHs Tpadiky,
- BIIBIIICTE THIIIB MOBIIOMIIE Hb MAKOTE

NPEACTABNIEHHS ¥ JBIHKOBOMY BHITISL, alleé YacTHHA Mae
TexcToBuit popmat. Takmit minxin 3abesmeuye THYUKICTDH
po3pobEM T4 HEBENHKE BHKOPHCTAHHA HAIHITKOBIX
TaHIX;

- IPOTOKON MOME BM3HAYATH TIPIOPHTET MAKeTam
niepenadl. Taxi makeTH OyayTs 0OpOOIATHCS TIBHIIIIE.

Jns po3poCKH NPOTOKONY TENeMeTpli CTBOPEHO
JeKinbka MOWIMBHX —THINB  TIOBIZIOMIEHB  (pHc. 1),
Kepylounch  3aTalbHOTIPHHHATHMH — PeKOMeH/IaIliIMH
pospobmikie  mpotokomis  [3] Ocobmmey  yBary
NPHAUBIIOCS — 3MEHIISHHIO — pO3MIpy  MakeTy i3
30epexeHHsIM (QYHKIOHATBHOCTI TA THYYKOCTI Po3po0KH
JUTSA TIOANBITOT MOKIHBOT MOZIepHIZaINi.
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