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Cmopooin A.B. Metoan HaBYaHHSI HEHPOHHUX MEPEK HA OCHOBI HEJIHIMHOI AH-
HaMmiku. - KBamidikariiiina HaykoBa Ipalisi Ha IpaBax pyKOITHCY.

Jucepraiiisi Ha 3100y TTsI HAYKOBOTO CTYMEHs IOKTOpa (hiiocodii 3a creriaabHi-
ctio 122 — Komn’torepHi Hayku. — Jlep:kaBHuil yHiBepcuTeT «Oaechka MOMITEXHIKA»
MOH Vxkpainu, Ogneca, 2021.

Y BeTymi 00IpyHTOBAHO aKTyalbHICTh YOCKOHAJICHHS METOJIB HABYAHHS HEH-
POHHHUX MEPEXK MPHU BUPIIICHHI 3a7a4 Kiaacudikariii Ta cermenTarii 00’ exTiB. [lokazaHo
MOYKJIMBICTh CKOPOYCHHS 4acy HaBYaHHS HEUPOHHHX MEPEX Ha OCHOBI 3aCTOCYBAaHHS
MOJIOKEHb HENHIMHOT IMHAMIKY NPU HABYAHH1 3 BUKOPUCTAHHSM aJITOPUTMIB Tpali€H-
THOTO CITyCKYy. Bu3HaueHo 00’ €KT, MpeaMeT, 3a7a4dl 1 METOAM JIOCIIIIKCHHS; TTOKa3aHO
3B’SI30K 3 HAYKOBHUMU MpOTpaMaMu Ta TJIaHAMU; HABEJIEHO HAyKOBY HOBU3HY Ta Ipa-
KTUYHE 3HAYEHHS OJIEP’KaHUX Pe3yJIbTaTiB; BUCBITICHO 0COOUCTUI BHECOK 3/100yBaya.

B nepmomy po3aini gucepraniitHoi poOOTH IPOBEAECHO aHali3 3a/1ad CerMeHTa-
1ii Ta kiacu@ikailii 00’ €KTIB Ha 300paKEHHSX 13 3aCTOCYBaHHAM HEHPOHHUX MEPEK.
[TokazaHo, 110, He3BaXarouu Ha €()EKTUBHICTh ICHYIOUUX MIIXOJIB iX BUPIIICHHS, K
MpaBWJIO, TTOOYIOBaHUX Ha IMMHOOKMX HeHpoHHUX Mepexkax (ITHM) cknagHoi apxiTe-
KTYpH, ICHYI0U1 TEHCHIIIT BEIMKHUX JIaHUX (BEJIUKI 00CATH, PI3HOPIIHICTh, MIHJIUBICTb)
PU3BOAATH /10 3aKOHOMIPHOT TPo0IeMHU — 301JIbIIICHHS] 00YUCTIOBAIBHUX PECYPCIB, SIKi
BUTPAYaIOTHCS HA X HaBYAHHS Ta MepeHaB4YaHHs. 3a octaHHi 10 pokiB, 3a BiIOMOCTSI-
mu kommanii OpenAl croctepiraetsest 3011bi1eHHs B 300 TUC. pa3iB BUTpaueHUX Ha
HapuaHHs [ HM oGunciroBaibHUX pecypciB. AHaji3 mokas3as, 1mo dyac HapdanHs [ HM
3HAYHOIO MIPOI0 BU3HAYAETHCS ONTUMIZALIMHUME METOJaMH, SIKi BUKOPHCTOBYIOTHCS.
Tomy, BaXKIMBOIO HayKOBO-TIPAKTUYHOIO 33/1a4€I0, KA BUPILIIYEThCA y AUCEPTALliHIMI
po0O0TI, € CKOPOUEHHS YaCy HaBYaHHSI HEUPOHHUX MEPEK ITPH BUPIIIICHHI 3a]1a4 CETMCH-

TaIlii Ta Kiacudikaiii 00’ €KTiB NUISTXOM yIOCKOHAJICHHS! ONTUMI3aI[IHHUX METOMIB, K1



JUTS IIbOTO BUKOPHUCTOBYIOTBHCS.

Ha ocHoBi ananmi3y icHyrounx MetoniB HaB4aHHs ['HM, siki BXOIATh B CydacHi
016;110TeKH pO3pOOKH HEHPOHHUX MEPEXK, BUSABICHO, IO OIIBIIICTD 13 HUX 3aCHOBaHI
Ha METO1 T'PAJIEHTHOIO CITyCKY, SKUH B MiHI-TAKETHOMY pEXUMi HaBYaHHS (OpMaIbLHO

BUITII A€ HACTYITHUM YHMHOM:

B
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O11 =0y — EVV@ 121: L (f(Zi;04), i) (1)

ne ©; — mapamMeTpu HEHPOHHOI Mepeki Ha MOMEHT 4acy ¢; B — KUIbKICTh €JICMECHTIB B
OIHOMY MiHi-naKeTi TpeHyBaibHuX aAauux; L (f(Z;;0O;), 4;:) — QyHKIs BTpAT, M0 Bif-
oOpakae MoXHOKy MiXK repe10aueHUMHU 3HAYCHHIMH [ (T;; ©;) Ta O4iKyBaHUMH PE3Y.Ib-
taramu ¥;; f(Z;; ©¢) — QyHKIIs, II0 TO3HAYAE BiAMOBIIHI IEPETBOPCHHS, SKi BUKOHY-
I0THCSI HEHPOHHOIO MEPEKEI0 3 BHYTPIIIHIMU MapameTpamMu O; Ta BXiTHUMH Mapame-
TpaMu Z;; 7 — KOe(II€EHT HAaBYaHHSI.

Sx1o BBeCTH 10AaTKOBY (YHKIIIO BiJl apamerpa J:
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G(V) =9 — EVW? ; L(f(%;9),9i),

TO BUpa3 (1) MOKHA TIPEACTABUTH Y BUIIISI KITACUYHO1 TUCKPETHOI TMHAMIYHO1 CUCTE-

mu (JJIC).
@t+1 = G(@t)- (2)

Taxum ynHOM, BHpa3 (2) 703BOJISAE MPEACTABUTH METOJ I'PAJIEHTHOTO CIIYCKY Y
sunrsiai JIJIC, 1o skoi MOKHA 3aCTOCYBaTH MOJIOKEHHS HEMIHIMHOT TuHaMiKu. [Toka3a-
HO, 1110 Take MPeJCTaBICHHS 103BoJIsie po3pobisitu moaudikarii JIJIC (2) 3 ypaxyBaH-
HSIM 3BOPOTHOTO 3B’SI3KY 3 3aMi3HEHHSM Ta MPOrHO3YI0YOTO 3BOPOTHOTO 3B SI3KY.

3 ypaxyBanHsaM (1) Ta (2) 3anponoHOBaHO MOAUPIKALIII METOLY IPaJi€HTHOTO



CIIyCKY 3 YpaxXyBaHHSIM 3BOPOTHOTIO 3B’s3Ky 3 3ami3HeHHsM B J[/IC:

N
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O =(1-NG Z aiOr_jrir | + A Z 0;Or_jri1. (3)
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Y (3) mapameTpu a; Ta b; IOBMHHI 3a/I0BOJBHATH yMoBaM ), a; = » ;b = 1,VA € K.
Jl1s1 iX obuncneHHs HeoOX1Ha po3poOKa BIAMOBIIHOTO MaTEeMaTHYHOTO arapary.
3 ypaxyBanusaMm (1) i (2) 3anponoHoBaHO MoAU(DiKaIil0 METOAY TPaJi€HTHOTO

CIIyCKY 3 ypaxyBaHHSM IIPOTHO3YI0YOro 3BOPOTHOTO 3B 513Ky B [JJIC:
Orr1 = G(Oy) + uy, 4)

N .
Jle TIPOTHO3yIouHit 3B0POTHIM 38’130k u; = (a; — 1)G(O;) + Y a;GU=VTH (@),
j=2

N
G (O) = G(0), W) =GN (e)), 3 aj =1,k e N.
j=1
Taxum 4MHOM, YTOCKOHAJIEHO METOJI TPAJIEHTHOTO CITYCKY HAa OCHOBI MOJ0XKEHb
HETIHIWHOT AMHAMIKH (MePIINH MyHKT HOBU3HU HAYKOBOIO JOCJiI:KeHHs ), 110 J0-
3BOJIMJIO PO3POOUTH MoaU(piKkalii MeToy 3 ypaxyBaHHSIM 3BOPOTHOTO 3B S3Ky 3 3alli-
3HEHHSIM Ta MIPOTHO3YI0YOro 3B0poTHOrO 3B’sA3Ky B JIJIC Ta 3acTocyBaru HOro siK Ipu
HaBYaHHI HEUPOHHUX MEPEK 3 METOIO 3MEHIIICHHS Yacy HaBYaHHS TaK 1 JIJIs1 BUPIIICHHS
IHIIUX ONTUMI3AI[IMHNAX 3a0a4.
B apyromy po3niii po3po6ieHo MeTo MOIIyKYy HapaMeTpiB AJisl 3alpOOHOBA-
HUX MoJU(DiKalliil METOAY IPaJlEHTHOTO CITYCKY 3 YpaxyBaHHSIM 3BOPOTHOTO 3B SA3KY 3
3aMi3HEHHSIM Ta IPOTHO3Y040ro 3B0poTHOTO 3B 43Ky B JIJIC.
3anponoHOBaHUN METOA MONIYKY IMapaMeTpiB peanizyeTbCsi HACTYTHO MOCi-
JIOBHICTIO:

Eram 1. PitueHHs onrruMizaiiHol 3a1a4i Ha KJ1acl KOMIUIEKCHUX ITOJIIHOMIB.

[Ipu BupimeHH] ONTUMI3aIIMHOT 3a/1a41 MapaMeTpy KOMILJICKCHUX ITOJIIHOMIB He-



00xiziHO BUGHpaTH TakuM unHOM, o6 MuoxkuHa (C \ ®(D))” Ha koMILIeKcHiH mIowmu-
Hi Oyna HaOIBII PO3TATHYTOIO B MOTPIOHOMY HamNpsIMKY, HAlPUKIIAJ, Y Bl €EMHOMY
HaMNpAMKY JiicHOI oci. Taka 3amaya po3misiIaeThes Ha Kiaci OMHONMMCTHUX (PYHKIIIH Ta
TUMOBO-iiicHUX (yHKIiH 10 Porosuncekomy. 3actocosani o3nauenns: C — posmupe-
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Ha KOMIJIEKCHA IUIONIKHA, [) — 3aMKHYTHI [IEHTPAJbHUN OJUHUYHHUN KPYT, 31POYKOI0
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PimmenHs 3BOAUTHCS 10 PO3B’S3aHHS €KCTPEMAIBHUX 3ajad, IS SKUX 3HAXOJIs-

nosHadeHa onepauis iBepeii (z)* = 1, a pynxuis ¢(z) = (1 — A)T

ThCSl EKCTPEMaIbHI 3HAYEHHS, Ta EKCTPEMa3epHu.
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€ €IUHAM Ta OgHOJIMCTHUM, U ](:U) - nosriHoMu YeOuIoBa Ipyroro pomy.

2. V¥ knaci Ty ycix TUIOBO JIMCHUX TONIIHOMIB cTynieHto N schlicht HopmyBaHHAM

a; = 1 3uaiitu Benmuuuny Jy = max sup {|F,(2)|}. Exkcrpemanbhe 3Ha4eHHS
p(2)€TN zeD
4Sin21 , N — Hemnapse
BU3HAYEHO K Jy = 2(N+2) , A€ ¥} MIHIMAJIbHUH TTO3UTHB-

1
m, N — ImapHe

Huit kopinb piBHAHHSA (N +3) cos(N +1)0+ (N +1) cos(IN+3)v = 0. HaBeneno

aJrOpuUTM OOUUCIICHHS KOe]IIIEHTIB eKCTpemMamnsepa.
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Koediuientu ekcTpemaiizepis, siki eKCTpeMaIbHO PO3TATYIOTh 200 CTUCKAIOTh LIEH-
TpajdbHUN ONUHUYHUM KPYT HA KOMIUIEKCHIH MIJIONIUHI, BAKOPUCTOBYIOTHCS JIJISl YUCEIb-
HOTO MOJICTIIOBAHHS 3 METOIO BU3HAYEHHS JOIMYCTUMHUX MapaMeTpiB.

Etan 2. [IpoBeneHHs uncenbHOTO MOICTIOBAHHS 3 BUKOPUCTAaHHSIM Bapiarliii 101y-
CTUMHMX ITapaMEeTPIB, 3 METOKO BU3HAYECHHS IIAPAMETPIB ¢, b; Ta A yIIOCKOHAJIEHOIO Me-
TOJy TPaJlEHTHOTO cIycky (3), (4).

Etan 3. ExciepuMeHTanabHa nepeBipKa 3HAMIEHUX TapaMeTpiB AJis pI3HUX 3aB-
TIaHb.

Po3pobnienuii MeToz MONIyKy mapaMeTpiB Jig 3alpONOHOBAaHUX MOIUDiKaIii
METOJly TPaJIEHTHOTO CITYCKY 3 YpaxyBaHHSIM 3BOPOTHOTO 3B 3Ky 3 3aIlI3HEHHSM Ta
MIPOTHO3YOYOro 3B0OpoTHOrO 3B’s13Ky B JIJIC Ha OCHOBI PO3B’si3aHHS ONTUMI3ALIMHUX
3a/1a4 Ha KJ1acl KOMIUIEKCHHUX TOJIIHOMIB, SIKHUM JTO3BOJISE 3a0€3MEUNTH iX peati3alliro
JUTsI IIIMPOKOTO KOJia ONTUMI3alliHUX 3aa4, € APYruM MYHKTOM HAyKOBOI HOBU3HH.

Y Tperbomy po3aiai HaOyIH MOAATBIIOT0 PO3BUTKY METOAM HaBYAHHS HEHPOH-
HUX MEPEX IIJISTXOM 3alIPONOHOBaHUX MO (IKaIIi MeTony TpadieHTHOro ciycky. I1po-
BEJICHO X JOCIKEHHS I PI3HUX apXITEKTYp HEUPOHHUX MEPEK.

Po3po0neno Ha ocHOBI (3) MeTO/1 HAaBYaHHSI HEMPOHHUX MEPEK IIIIXOM MOaU(Di-
Kallli METOy I'paJiEHTHOIO CIYCKY 3 ypaxyBaHHSM 3BOPOTHOTO 3B’SI3KY 3 3alI3HEHHSIM

B JIJIC nipu 3ananux napamerpax 7' =1, N = 2:



O1 = (1= Na+Ab)O; + (1 — (1 — N)a+ Ab))O,_y

B
—(1- A)%’YV@ Z L(f(zi;a0: + (1 — a)O¢-1), 7i), (5)
1=1

Jie TIapaMeTpH a, b 1 \ BU3HAYAIOTHCS y BIAMOBIAHOCTI 3 HABEICHUM BHIIE METOIOM
MOIITYKY TTapaMeTpiB.

Po3po6iieno Ha 0cHOBI (4) MeTOT HABYaHHS! HEUPOHHUX MEPEXK HUISIXOM MOAUI-
KaIlii MeToAy rpaJilEHTHOTO CIIYCKY 3 YpaxXyBaHHSM IIPOTHO3YHOUOT0 3BOPOTHOTO 3B’ SI3KY

B JIJIC nipu 3amanux napamerpax ' =1, N = 2:

Yt = G(@t)
(6)
v = Gla+ (1 —a)y)
abo
yr = G(Oy)
(7)

Ti11 = aG(Oy) + (1 — a)G(y)

[{i cxemu Oyn0 MOKJIAIEHO B OCHOBY CTBOPEHHSI HU3KM HOBUX CXEM peaizallii

METOAY TpaJieHTHOTO cirycKy. [IpoBeneHo iX TecTyBaHHS Ha MpUKIIagax.

1. Po3s’s3ama onmimisaniiina safiada min max [@(z, y)] wus Gymxuii ®(x, y) = 20+
x yc
y? + day + %yQ — iy4, JUTSL SIKMX B1IOM1 3 KPUTHYHI TOUKH (TOYKA 21 - TOUKA JIO-

KaJIbHOTO MIiHIMyMY, & TOUYKH 2( U 2o - CLIJIOBI TOUKK) B skux VO (z,y) = 0, a
came 25 = (0,0); 21 = (=2 — V2,2 +V2); 20 = (—2 4+ V2,2 — V/2).

[IpoBeeHO EKCIIEpUMEHTH 3 TOOYI0BU 0ACEIHIB TSKIHHS 10 €KCTPEMaIbHHUX TO-

qok. OOUYUCICHHS TTPOBOIUIINCS JJISI HEBEIMKUX OOIacTell JIoKasi3allii eKkcTpe-



MaJbHUX TOYOK 3 HAKJIAJEHOI Ha HUX JIPIOHOIO CITKOIO 3a JOIOMOTOIO PO3PO-
OneHoi Ha MOBI1 nporpamyBaHHsi GoLang 6araTonoTokoBoi porpamu. Pesynbra-
TH aHATI3y TTOKa3aH, o Moaudikaitii (6) i (7) mpu3BoaATH 10 301KHOCTI /10 BCiX
TPHOX TOYOK, BKJIFOUAIOUH C1IUI0BI (puc. 1), Ta OTpeOyI0Th MEHII OOUHCIIOBAIIb-
HUX PECypcCiB, HI’)K METOJM ONTHUMI3allil, sIKI BUMaraioTh oduncieHns ['ecciany.
3naTHICTh 301KHOCTI IO CIJJIOBUX TOYOK € KJIFOUOBOIO MEPEBArol0, 3aBIsIKU Y0-

My MOXJIMBO 3Ha4HO noinmuTy HaBdyaHHs GAN mepex (generative adversarial

networks).
Norm of Gradient ||V f(z,y)||
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Pucynoxk 1: Koutyphuii rpadik ||®(x,y)|| (OnakutHEM KOIHOPOM TMO3HAYEHO OaceitH
TSDKIHHS IO TOYKH 21, )KOBTUM JI0 Z, IIYPITyPHUM JI0 2

2. Po3p’s3ana onTuMi3zailiiiHa 3aja4a JUisl TUTIOBUX TECTOBUX (DYHKIIIHA, OJHIEIO 3
: _ 2 2\2
sikux € QyHkuis Posenopoka f(x,y) = (1 — x)” + 100(y — z°)*, sixa Mae mo-

OanpHHUA MiHIMYyM y Touwi (z,y) = (1,1).

[IpoBeneHO NOPIBHSIBHUMN aHAII3 PE3YJIBTATIB MOLIYKY eKCTpeMyMy QyHKI1i Po-



values of loss

3eHOpoOKa, sKy OyJIo HaJaHO y BUIJIAJI HEUPOHHOT MEPEXi, TOCTIHKYBaHUM Ta
HaUMOMYJISPHIIIUMHA METOIaMHU JIJIsl HABYaHHS TTTMO0KKNX HeMpoHHUX Mepex (SGD
(Stochastic Gradient Decent) anroputMoM 3 MOMEHTOM Ta MeTo1I0M Hectepona,
anroputMoM Adam) 3 BukopuctanusaMm 616miorexu PyTorch komnanii Facebook,
110 MICTUTb TPAAIEHTHI AJITOPUTMH ONTUMI3aIlii. YUCIIeHH] eKCIIepUMEHTH TTOKa-
3anmu mepeBary po3pobieHoro meroay (New SGD algorithm with control) sik y

IIBUIKOCTI 301’KHOCTI, Tak 1 B OUIBII TUTaBH1M TOBEAIHIN (YHKIIIT BTpaT (puc. 2).

loss and distances measure during the training over the epochs

14000 4
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8000 4
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—— Original SGD+momentu+Nesterov
New SGD algorithm with control
—— Adam
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Pucynok 2: I'padik QpyHKIIi BTpaT NpH MOUIYKY €KCTpEMyMY (PyHKIIIT

. HaBuanus GararomapoBoro rnepcentpoHa AJist po3mi3HaBaHHs PYKOIMTUCHUX ITUGDP.

B sikocTi HaBYaILHOTO Ta TECTOBOTO HAOOPIB AaHUX OyB Bukopuctanuit MNIST
(60,000 300pakeHb MOMIYEHUX BpYy4HY). AHaMI3 (PyHKII{ TOMUIKYA HaBYaHHS Oa-
raToniapoBOro NeplenTpoHa Npu po3MizHaBaHH1 pyKOMMMCHUX (P MOKa3aB, 1110
po3pobieHuit MeTon 3a0e3euye CKOPOUSHHS Yacy HaB4aHHS (0 TPHhOX Pa3iB)

IpY MEHILIOMY PiBHI OMUJIKHU (puc. 3).



loss and distances measure during the training over the epochs

0.40
——— SGD (PyTorch)

New SGD with control. gamma =-068,a=1.2,b=05,L=001
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Pucynok 3: I'padik ¢pyHKIIT MOMUIKY HaBYaHHS PO3Mi3HABAHHS PYKOMMMCHUX IUQP

Taxum ynHOM, HAOY/TH TTOJATBIIIOTO PO3BUTKY METO/IM HABUAHHS HEHPOHHUX Me-
peX Ha OCHOBI1 3alPOINOHOBAHUX MOAU(DIKAIIA METOMY TPAIIEHTHOTO CITYCKY, IO JO-
3BOJIMJIO 3MEHIIIMTH YaC HaBYaHHS HEMPOHHUX MEPEXK PI3HUX apXITEKTYp IPHU BUPIIIEH-
Hi 3a71a4 cerMeHTaIlii Ta kiuacudikaiii 00’ekTiB (TpeTiii MyHKT HOBU3HU HAyKOBOI0
AOCJITIKEHHST ).

VY 4yeTBepTOMY pO31iJi po3poliieHa MporpamMHa peaizailis 3alporoHOBAHUX Me-
TOJ[IB HABYAHHSI HEMPOHHUX MEPEK HA OCHOBI HEIIHINHOI AUHAMIKU Ta MPOBEICHO iX
anpo0ailiro npu moOymoBi MiICHCTEMH CerMeHTallli Ta Kjaacudikallli opTomaHTOMOIpam
JUISl CTOMATOJIOT1YHOT 1HTEIEKTYalbHO1 1H()OPMaIIiitHOT CUCTEMHU.

[Tpu moOynoBi miicucTeMu BUPIilIyBajach 3a/laya MepeTBOPEHHSI OPTOIIaHTOMO-
rpaM B 000HmMozpamu, siKi € Creliai30BaHor GopMoro IpeacTaBIeHHS 1H(OpMaIIii Jii-
Kapro Mpo CTaH KOXKHOTO 3y0a MaIieHTa, 3 3aCTOCYBaHHSM 3TOPTKOBOT HEUPOHHOI Me-
pexi.

Ha nepmomy erani BinOyBanoch (GopMyBaHHSI HaBUalbHOI BHOIpKU. OCKIIbKU
CTBOPEHHSI HEOOX1JHOI HaBYaIbHOI BUOIPKU € HEMOXJIMBUM Y 3B 513Ky 3 BUCOKOIO Ii-

HOIO OTPUMAaHHS AaHOPAMHUX 300paxeHb, HEOOX1HICTIO iX (1IbTpalli Bil CTOPOHHIX
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IIYMIB 1 CKJIQJIHICTIO TPOBEICHHS MOYaTKOBOI PyYHOI CerMEHTallil CTOMaToJI0TaMu, BH-
KOPUCTAHO METOJ ayrMeHTallli HaBYaJlbHOI BUOIPKH 3 BUKOPUCTAHHSM SIK T€OMETPHU-
YHUX, TaK 1 MKCEIbHUX TiepeTBOpeHb. L{e mo3Bonuino chopmysaru 300 THC. 300pakeHb
Ha OCHOBI OYATKOBOTO HAO00OPY 3 53 300pakeHsb 1 32 6iHapHUX MacoK. Bci 300paxkeHHs
Oynu 30epexeHi sk 6araroBuMipauil TeH30p PyTorch B cnemianbHOMy BHYTPIIITHEOMY
dbopmari.

J1y1st BUpIIlIeHHsI 3a/1a4i CETMEHTAIlli 00paHO apXiTeKTypy TOPHUIHOI 3rOPTKOBOI
HEHPOHHOI MepeXki Ha OCHOBI ONEPETHHO HABUEHOTO MepexxkeBoro kojaepa ResNet-18 1
nexozaepa 3 mepexi U-Net. Hapuanns miei mepesxi nependayae HalamTyBaHHs OJU3bKO
18 minpiioHIB mapameTpiB. B sikocTi QyHKINT TOMUIKHA 3aIpOITOHOBAHO BUKOPHCTOBY-
BaTH JIIHIHY KOMOIHAIII0 KpOC-eHTpoIIii 1 KoedimieHTa [aiica, o qo0pe 3apekomMeH-
IyBasia ce0e IpHU HaBYaHHI 3TOPTKOBUX HEUPOHHUX Mepex. HaBuanHs npoBogumiiocs 3
BUKOpUCTaHHAM 010710Teku PyTorch 3 pisHumu monudikaiisMu METOIy ITpaJiEHTHOTO
crirycky. JlocnimkeHo BuKopucTaHHs onepatuBHoi mam’siti GPU, MiHiManbHe 3HAYCHHS
¢yukuii Brparu (Munumym) 1 3HadeHHs ¢yHkuii Brpatu (Tect) Ha TectoBoMy Habopi
naHux (Tadmuus 1).

TaGmuus 1: [opiBHsUIbHUI aHATI3 aJTOPUTMIB HABYAHHS

Ha3sBa GPU nam’sars (MiB) | Munaumym | Tect
RMSProps 3503 1.3766 0.5385
Adagrad 3571 0.0502 0.5269
Adadellta 3459 0.5520 0.5560
Adam 3459 0.0474 1.189
SGD 3450 0.2197 0.5365
New method (3) 3471 0.2673 0.2049

AHaJi3 mokasas, 10 3apONOHOBAaHUN METOJI, 33 TOMIJIKOIO HABYAHHS Ma€ aHa-
JOT14H1 pe3y/bTaTu Ha HaBYAJIbHIM BUOOPIIl, a HA TECTOBIM CIIOCTEPIraeThes il 3MEHIIIe-
HHs. Kpim Toro npu onHakoBux BuTpaTax orneparuHoi mam’s1ti GPU s po3pobnennx

MeTO/AIB (PYHKIIISI BTpaTH B JiBa pa3u MEHIIIE Ha TECTOBUX JIaHUX B TTOpiBHsIHHI 3 SGD 1
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Maiike B 7 pa3iB B mopiBHsIHHI 3 anroputMoMm Adam ([18]).
I'padikm GyHKIIIT BTpaTH Mij 4ac HaBYaHHSA HEUPOHHOT Mepexi (puc. 4), mokasa-
mu, mo New method (3) maiixke BABIUl MIBUIIE MiHIMI3y€e (YHKI[IFO BTpAaTH B MOPIB-

msaaHl 3 SGD.

—— SGD, without momentum an d Nesterov
—— Algorithm (3)

07

06

05

04

03

02

Pucynok 4: I'padik mopiBHSHHS MIBUAKOCTI MiHiMi3alii (yHKIT BTpaTh aJroOpuTMiB
SGD (cuniit) Ta meToay (3) (3eeHuit) Bijl yacy HaBYaHHS

Y BHCHOBKAX c(hOpMYILOBAHO OTPUMAaHI1 B X011 pOOOTH HAJT JUCEPTALII€I0 HAYKOBO-
MPaKTUYHI PE3yabTaTH.
Ku1r04oBi ¢j10Ba: MeTOIM HAaBYaHHSI HEUPOHHUX MEPEXK, ONTUMI3Allis, 3TOPTKOBI

HEHUPOHHI MEpEexKi, CErMEeHTaIlis, KIacu(ikarris.
CIUCOK ITYBJIIKAIIN 3/J0BYBAUA

OcHOBHI MaTepianu AUCEPTaLiiHOT POOOTH 1 TOJIOBHI PE3yJAbTaTH MPOBEICHUX
JOCIIKEHb Oyau OMmyOJIIKOBaHI B CbOMHU HayKOBUX poOoTax (4 cTarTi — y HayKOBO-
MeTpuyHuX 0a3ax Scopus, 3 nepuioro kBaptuiis Q1; 3 —y daxoBux 30ipHUKax, 3 6e3

CIIBaBTOPIB), @ TAKOXK y OAMHAIIATI ampoOaIlifHuX MaTepianiax.
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ABSTRACT

Smorodin A.V. Methods of neural networks training on the basis of nonlinear dy-
namics. — Qualification scientific work on the rights of the manuscript.

PhD degree dissertation — Doctor of Philosophy in specialty 122 — Computer
Science.— Odessa Polytechnic State University Ministry of Education and Science of
Ukraine of Ukraine, Odessa, 2021.

In the introduction the relevance of improving the methods of neural networks
training to solve the problems of classification and segmentation is proved. The possi-
bility of reducing the training time of neural networks is shown based on the application
of provisions of nonlinear dynamics when using gradient descent algorithms. Object,
subject, tasks and methods of research are determined; the connection with scientific
programs and plans is shown; scientific novelty and practical significance of the ob-
tained results are given; the applicant’s personal contribution is highlighted.

The first section of the dissertation analyzes the problems of segmentation and
classification of objects in images using neural networks. It is shown that despite the
effectiveness of existing approaches to their solution usually based on deep neural net-
works (DNN) of complex architecture, existing trends of big data (large volumes, diver-
sity, variability) lead to a natural problem — an increase in computing resources spent
on their training and retraining (over the past 10 years OpenAl has seen a 300,000-fold
increase in computing resources spent on DNN training). The analysis showed that the
training time of DNN is largely determined by the optimization methods used. There-
fore, the important scientific and practical task, which is solved in this dissertation, is
to reduce the training time of neural networks in solving the problems of segmentation
and classification by improving the optimization methods used for this purpose.

Based on the analysis of existing methods of training DNN which are included

in modern libraries of neural networks development, it was found that most of them are



16

based on the method of gradient descent, which in the mini-batch learning mode looks

like this:

Op1 = Oy — évv(a Z L(f(Zi;04),9s) (1)

where ©; — neural network parameters at the time ¢, B — number of items in one mini
training data package, L (f(Z;; ©;), ;) — loss function, which reflects the error between
the predicted values f(7;; ©;) and expected results g;, f(7;; ©;) — function that denotes
the corresponding transformations performed by the neural network with internal pa-
rameters O; and input parameters learning z;; v — learning rate.

If one enters an additional function from the parameter v:

G() =0 — —yw Z L(f(z9
then expression (1) can be represented as the classic discrete dynamic system (DDS).
Or1 = G(Oy). 2)

Thus, the expression (2) allows to represent a method of gradient descent in the
form of the DDS, to which the position of nonlinear dynamics can be applied. It is shown
that such presentation allows to develop modifications of the DDS (2) considering the
delayed and predictive feedback.

Taking into account (1) and (2), a modification of the gradient descent method is

proposed considering the delayed feedback in the DDS:

N N
Or1 = (1 - NG (Z aj@th+T> + AZ b;iO¢_jT41. (3)

J=1 J=1
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In (3) parameters a; and b; must meet the conditions ) | ja; = > ;b =1LVAeR
To calculate them, it is necessary to develop a suitable mathematical apparatus.
Taking into account (1) and (2), a modification of the gradient descent method is

proposed considering the predictive feedback in the DDS:
Ori1 = G(64) + uy, 4)

N
where the predictive feedback u; = (a; — 1)G(6;) + 3. a;GU=VTHV(0,), G (O) =
j=2

G(6), GM(O) = GG (©)); Ta; =1,k e N

Thus, the method of gradiez;t1 descent based on nonlinear dynamics (the first
point of novelty of the scientific research) was improved which allowed to develop
modifications of the method considering the delayed and predictive feedback in the
DDS and apply it in neural networks training in order to reduce the training time and to
solve other optimization problems.

In the second section the method of search of parameters for the offered modifi-
cations of the gradient descent method considering the delayed and predictive feedback
in the DDS is developed.

The proposed method of searching for parameters is implemented in the following
sequence:

Stage 1. Solution of the optimization problem on the class of complex polyno-
mials.

When solving the optimization problem, the parameters of complex polynomi-
als must be selected so that the set (((_3 \ CID(]D)Yk on the complex plane was the most
stretched in the desired direction, for example, in the negative direction of the real
axis. Such problem is considered in the class of univalent and typically-real Rogozin-

ski functions. Applied definitions: C - extended complex plane, D - closed central
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unit circle, an asterisk indicates an inversion operation (z)* = %, and the function

z(l/\fg:ajzj>
d(z)=(1-NT J_N T
1-X Z: bj2j>

j=1

The solution comes down to solving optimization problems for which extreme

values and extremizers were found.

N .
1. For polynomial F'(z) = ) a;2z’ with valid coefficients and schlicht-rationing
j=1

zeD

a; = 1. Find sup <1nf{§R(F(z)) :S(F(z) = O})

™

N+2°

The extreme value is —i sec? and the corresponding extremizer

N
1 / 7T 7r -
F(z) = E Uy . — U, J
(2) Uy (cos 17 ) N=g+l (COS N + 2) 7 (COS N + 2) N

N+2/ j=1

is single and univalent, U;(x) - Chebyshev polynomial of the second kind.

2. In class Ty 1l typically valid polynomials of degree N with schlicht-rationing

a; = 1 find value Jy = max sup{|F,(z)|}. Extreme value is defined as Jy =

p(2)€TN zeD
1
4sin2L’N_0dd .. ... .
2N+) , where ¥} minimum positive root of the equation (/N +
1
Tsin?d? N — even

3)cos(N + 1) + (N + 1)cos(N + 3)Y = 0. The algorithm for calculating

extremizer coefficients is given.

3. In the class of univalent 7'-fold symmetry polynomials F](VT) =

N .
=z (1 + > ajz(fl)T> find an asymptotic estimate of the value
=2

1 2/T
22/TCTN 9

max | F](\[T)(z)| Extreme asymptotic value at N — oo, max | FJ(VT)’ N
zeD na
1

where ¢p = w72 (7 +3), T'(§) - gamma-function.

N
Extremizer F(O)(2) = z + 3 a§0)zT(j_1)+1, is

j=2



19

1 gjp T2+T(G-1))

—- 1T -
ag.o):<1— J ) ZTWND 9 N
1+ n-—7rLi
k=1 SN

The extremizer coefficients that extremely stretch or compress the central unit cir-
cle on the complex plane are used for numerical simulations to determine the allowable
parameters.

Stage 2. Carrying out of numerical simulations using variations of the allowable
parameters to determine the parameters a;, b; and A of the improved gradient descent
method (3), (4).

Stage 3. Experimental verification of the parameters found for various problems.

The method of searching for parameters for the proposed modifications of the
gradient descent method considering the delays and predictive feedback in the DDS
based on the solution of optimization problems in the class of complex polynomials,
which allows their implementation for a wide range of optimization problems, is the
second point of scientific novelty.

In the third section methods of neural network training were further developed
based on the proposed modifications of the gradient descent method. The research for
different architectures of neural networks was carried out.

The method of neural networks training based on the modification of the gradient
descent method considering the delayed feedback in the DDS is developed on the basis

of (3) at the specified parameters ' = 1, N = 2:

Oi1 = (1 = N)a+Ab)O; + (1 — (1 = Na+ \b))O,_;

1

B
_fyv@ Z L(f(jlv CL@t + (1 - a)@t—1)7 gl)a (5)

~ (1=

where parameters a, b and A\ are determined in accordance with the above method of
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searching for parameters.
The method of neural networks training based on the modification of the gradient
descent method considering the predictive feedback in the DDS is developed on the

basis of (4) at the specified parameters 7' = 1, N = 2:

Yt = G(@t)
(6)
T = Gla+ (1 —a)y)
or
Yt = G(@t)
(7)

Tyl = CLG(@t) + (1 - a)G(yt)

These schemes were the basis for the creation of a number of new schemes for the

implementation of the gradient method descent. They were tested on examples.

1. The optimization problem miﬂrg max [®(z,y)] for function ®(z,y) = 22° + 3> +
relR ye
dxy + %yz — %y‘l, for which 3 critical points are known (point z; - point of the

local minimum, and the points z; and 25 - saddle points) in which V& (z, y) = 0,
namely zp = (0,0); 21 = (—2 = V2,2 + V2); o = (-2 + V2,2 — V/2).

Experiments were carried out to build pools of attraction to extreme points. The
calculations were performed for small areas of localization of extreme points with
a fine grid superimposed on them using a multi-threaded program developed in
the GoLang programming language. The results of the analysis showed that mod-
ifications (6) and (7) lead to convergence to all three points, including saddles
(Fig. 1), and require less computational resources than optimization methods that
require the calculation of Hessian. The ability to convergence to saddle points is
the key advantage making it possible to significantly improve the training of GAN

networks (generative adversarial networks).
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Norm of Gradient ||V f(z,y)||

w
b3
=
—
~~

L

.....
xxxxxxxx
41

Figure 1: Contour graph ||®(z, y)|| (blue indicates the pool of attraction to the point z,
yellow to 2o, purple to z

2. The optimization problem for typical test functions, one of which is the Rosen-
brock function f(z,y) = (1 — x)* + 100(y — x*)?, which has a global minimum

at the point of (x,y) = (1,1) is solved.

A comparative analysis of the results of the search for the extreme of the Rosen-
brock function, which was provided as a neural network, researched and the most
popular methods for deep neural networks training (StoGD (Stochastic Gradient
Decent) algorithm with momentum? and the Nesterov method, the Adam algo-
rithm), using Facebook’s PyTorch library, which contains all gradient optimiza-
tion algorithms was performed. Numerous experiments showed the advantage
of the developed method (New SGD algorithm with control) both in the rate of

convergence and in the smoother behavior of the loss function (Fig. 2).
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loss and distances measure during the training over the epochs
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Figure 2: Graph of loss function when searching for an extreme function

Training multilayer perceptron for handwriting recognition.

MNIST (60,000 manually marked images) was used as a training and test dataset.

Analysis of the multilayer perceptron learning error function in handwriting recog-
nition showed that the developed method reduces the training time (up to three

times) at a lower error rate (Fig. 3).

loss and distances measure during the training over the epochs

040

- SGD (PyTorch)

New SGD with control. gamma = -0.68,a=1.2,b=05,L=001
0.35

0.30

0 10 20 30 a0 50 &0 70
epochs

Figure 3: Graph of handwriting recognition learning error function

Thus, the methods of neural networks training were further developed based on
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the proposed modifications of the gradient descent method, which reduced the training
time of neural networks of different architectures in solving problems of segmentation
and classification of objects (the third point of novelty of the scientific research).

In the fourth section the software realization of the offered methods of neural
networks training on the basis of nonlinear dynamics was developed and their appro-
bation was carried out to build the subsystem of segmentation and classification of or-
thopantomograms for the dental intelligent information system.

When building the subsystem, the problem of converting orthopantomograms
into odontograms, which are a specialized form of presenting information to a doctor
about the condition of each patient’s tooth, using a convolutional neural network, was
solved.

At the first stage the training sample was formed. Since obtaining the necessary
training sample is impossible due to the high cost of acquiring panoramic images, the
need to clean them of extraneous noise and the difficulty of the initial manual segmen-
tation by dentists, a method of training sample augmentation was developed using both
geometric and pixel transformations. This allowed creation of 300,000 images based
on the initial set of 53 images and 32 binary masks. All images were saved as a multi-
dimensional PyTorch tensor in a special internal format.

To solve the segmentation problem the architecture of the hybrid convolutional
neural network was chosen based on the previously trained ResNet-18 network encoder
and the decoder from the U-Net network. Training of this network involves the con-
figuration of about 18 million parameters. As an error function, it is proposed to use a
linear combination of cross-entropy and the Dice coefficient, which proved itself well
in the training of convolutional neural networks. The training was conducted using the
PyTorch library with various modifications of the gradient descent method. The use of

GPU RAM, the minimum value of the loss function (Minimum) and the value of the
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loss function on the test dataset (Test) were studied (Table 1).

Table 1: Comparative analysis

Name GPU memory (MiB) | Minimum | Test
RMSProps 3503 1.3766 | 0.5385
Adagrad 3571 0.0502 | 0.5269
Adadellta 3459 0.5520 | 0.5560
Adam 3459 0.0474 1.189
SGD 3450 0.2197 | 0.5365
New Method (3) 3471 0.2673 | 0.2049

The analysis showed that the proposed method, according to the learning error,
has similar results in the training sample, and there is a decrease in the test. In addition,
at the same cost of GPU RAM for the developed methods, the loss function is twice

less on the test data compared to SGD and almost 7 times less compared to the Adam

algorithm ([18]).

The graphs of the loss function during the neural network training (Fig 4) showed

that the new method (3) minimizes the loss function relative to the SGD almost twice

as fast.

0.6

0.4

—— SGD, without momentum and Nesterov

—— Algorithm (3)

Figure 4: Graph comparing the minimization rate of the loss function of SGD algorithms

(blue) and the New Method (3) (green) from the time of training
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The conclusions formulate the scientific and practical results obtained during the
work on the dissertation.
Keywords: methods of neural networks training, optimization, convolutional

neural networks, segmentation, classification.
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