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Merta cTaTTi — aHAJi3 0c00JMBOCTeli reHepaTUBHUX 3MarajJbHuX Mepex. O0’eKT a0caiTxeHHs —
npouec ajaropurMmizauii MammMHHOro HapyaHus. Ilpeamer pociaigkeHHs — MaTeMaTHM4HI MeTOIM,
BHKOPHCTOBYBAaHi B reHepanii cCeMAHTHYHO MOB SI3aHOTO TEKCTY. Y CTATTi JOCTIAKeHO apXiTeKTypy Ta
MaTeMaTH4YHe OOIPYHTYBAaHHSI TAKOr0 BHAY TeHepaTHMBHUX Mojesell, sIKk reHepaTHBHi 3MarajbHi
Mepe:ki. I'enepaTuBHi 3MarajbHi Mepexki € MOTY:)KHHM IHCTPYMEHTOM Yy rajiy3i IITYYHOTO iHTeJIeKTY,
SIKUH 3JaTeH CTBOPHOBATH peaslicTU4Hi JaHi, 30kpemMa Taki sik ¢oTo, Bineo, 3Byk Tomo. Apxirekrypa
reHepaTHBHMX 3MarajbHHUX BH3Ha4a€ ii CTPYKTYpy, B3a€MoOJil0 KOMIIOHEHTIB Ta 3arajbHMil omuc
npouecy HaB4YaHHsA. MaTeMaTH4He OOIPYHTYBAHHS OXOILTIOE€ TeOPEeTHMYHMIl aHAJi3 NMPUHIMIIB, aJaro-
pPUTMIB Ta PYHKUIH, 10 € 0OCHOBOIO LIUX MEPe:K.

Y crarti po3risiHyTO 3arajibHy apXiTeKTypy TreHepaTMBHHMX 3MAarajJbHHUX Mepe:K, KO:KeH il
KOMIIOHEHT (a caMe JBi OCHOBHI MojeJi-Mepeki — reHepaTop Ta JUCKpUMiHATOP, iX BXiaHi Ta BUXiTHi
BEKTOPH JIaHUX) TA HOro posib y podoTi asropurmy. Bu3HaueHO TakoK MaTeMaTH4Hi 3acaju reHepa-
THBHHUX 3MAarajibHUX Mepex, i3 30cepelKeHHsIM Ha Teopii irop Ta ontumizauiiiHux meroaax (3oxpema
0c00JIMBY yBary 3BepHEHO Ha 3aJa4i MiHiMaKkcy Ta MaKCHMiHY, TPy i3 HYJ1bOBOIO CYMOIO, CilJIOBi TOYKH,
piBHoBary Hemia), 1o BUKOPHCTOBYIOTH B iX HaBYaHHi. Onucano GyHKIi0 BUTPAT Ta ii BUBEIEHHS 3a
aonomMororo pisHoBaru Hema B rpi 3 HyJIb0BOI0 CyMOI0 /1l TeHEPATHBHUX 3MarajibHUX MepPe:K, a TAKOXK
PO3IJISIHYTO AJTrOPUTM HABYAHHS i3 BHKOPHCTAHHAM METOAY CTOXACTHYHOIO IPAJi€HTHOIO CIYCKY Ta
MiHi-MaKeTHOr0 MiAX0Ay Yy BMIVISAI NceBIOKOAY, Horo irepauii, Bi3yajizoBaHo mnepedir mnpouecy
HABYAHHSA W€l apXiTeKTYpu Mepe:xi.

3peiITol0, OOIPYHTOBAHO BHCHOBOK, 10 TeHepaTHBHiI 3MarajbHi Mepexi — ne egexTHUBHUII
IHCTPYMEHT A/ CTBOPEHHs PeaJiCTHYHMX Ta NPaBAONOAIOHMX 3pa3KiB JaHUX, L0 IPYHTYEThCS Ha
BUKOPHCTAHHI eJIeMeHTIB Teopii irop. 3aBAsiIKM BHCOKill SIKOCTi 3reHepOBAHHMX [JAHUX TeHEPATHBHI
3MarajibHi Mepexi MOKHA BHKOPHCTOBYBATH Yy pi3HuX cdepax, 30kpemMa i Takux, sik Ki0epOe3mneka,
MeIULMHA, TOPTiBJIsl, HAYKa, MUCTELTBO TOLIO.

KurouoBi cjioBa: reHepaTuBHi 3MarajibHi Mepe:ki; reHeparop; AUCKPUMiHATOP; MiHiMaKkc; rpa i3
HYJIbOBOIO CyMO10; piBHOBara Hema.

Beryn
I'eneparuBHi 3maranbHi Mepexi (GAN) — e apxiTekTypa [Uisi HaBYaHHS TeHepaTHBHOI Mojeni (To0To
TaKoOI, [II0 CTBOPIOE HOBI 3pasku JAaHux). CydacHy i/Ier0 Ta OIKC 3araibHol Mozerni mia Ha3Boro GAN BHKIAB y
1990-1i poku FOpren HImiaxyoep y crartsx [13-14]. Y 2014 p. Su I'yadennoy BeiB Tepmin GAN i momysisip-
u3yBaB Ilel THI Mojeni micas omyOmikyBamus crarti Generative Adversarial Nets [6]. Humi GAN Buko-
PUCTOBYIOThCSL Y pi3HHX cdepax 1 3maTHI Ha Taki pedi, SK-OT, HAIIPUKIIAJ, TeHepyBaHHs (oTorpadiil mronei,
SIKUX HAacTIpaB[li HeMae, 9d nepeadadeH s HACTYITHOTO KaJIpy Y BiICOPSIIi.


https://doi.org/10.23939/sisn2024.15.015
mailto:vitaliy.prozur@gmail.com
https://orcid.org/0009-0000-2996-483X

16 B. Ilpo3syp

['enepaTuBHI 3MaranbHi Mepexi — Ie THI TITHOOKOI HEeHpOHHOI Mepexi, sika Jocsria 0araTbox
HalCyJacHILINX Pe3yJIbTaTiB g reHepaTuBHUX 3aBAaHb. GAN 3aMiHIOIOTH CTapi METOIHU B AESKHUX MPOO-
JeMax 1 BCTaHOBIIOIOTh HalcydwacHimi xapaktepuctukd, GAN BinkpuBarOTh HOBI MeXi B mpoOiemax,
SIKUMH paHinie He 3aimanucs; GAN MoxyTs OyTH 3aCTOCOBaHi A0 Pi3HUX MacIiTaliB; BUKOPUCTOBYIOTHCS
B pi3HuX npoOnemMax i tTunax naxux. 3aransoM GAN miaTpumye 26 yHIKanbHUX IOMEHIB IOJATKiB, pOTE
OJIHIEI0 3arajibHOKO MpoOJIeMOr0 y Wi ramy3i HUHI € BiJCYTHICTh BHCOKOSIKICHUX HaOOpiB JaHHX.
OpneprkaBiuu Oinbiie qanux y MaitOyraeomy, GAN MoXe JaTu e Kpalii pe3yabTaTu.

IlocTanoBka mpodaeMu

['enepaTHBHI 3MarajibHi MEpEXi € Pi3HOBUAOM aJITOPUTMY IUTYYHOTO 1HTEJIEKTY, IPU3HAYEHOTO TS
BUpIIIEHHST MPOOJIEMU TEHEPATHMBHOTO MOJCTIOBAaHHSA. | 'eHepaTHMBHI 3MarallbHI Mepexi — e MiaXiJ 10
TeHEPATUBHOIO MOJCIIOBAHHS 13 BHUKOPHCTAHHSM METOJIB IIMOOKOTO HABYaHHS, TaKUX SIK 3TOPTKOBI
HEHPOHHI Mepexi.

['eHepaTrBHE MOJETIOBaHHS — Lie CTBOPEHHS CIPOILIECHOI aOCTPAaKTHOI KOMii pealbHOrO 00’€KTa, CUCTe-
MU 200 SIBHIIA HA ITiICTaBl BUPIIIICHHsI 3aBIAHHS HABYaHHS O3 BUMTENs B MAIIMHHOMY HaBYaHHI, IO Mepe/l-
0auae aBTOMATHYHE BUSBIICHHS Ta BUBYCHHS 3aKOHOMIPHOCTEH y 3aaHMX JaHMX TaK, 1100 MOJENIb MOXKHA
OyJ10 BUKOPUCTOBYBATH 1Sl CTBOPEHHS 200 BUBEACHHS HOBUX IPUKIIA/IIB, B3ATHX 13 BUXiAHOr0 Ha0OpY JaHUX.

Mertoto reHepaTUBHOI MOJIENi € BUBYCHHS KOJICKLI1 HABYAIbHUX MPUKJIAAIB 1 BU3HAUYCHHS PO3NOILTY
nmoBipHOcTel. Toni reHepaTHBHI 3MarajibHi MepeXi MOKYTh T€HEpYBaTH OlNbIIe MPUKIIALIB 13 OLIHEHOTO
po3noiny iiMoBipHOCTe#. ['eHepaTHBHI MOIEi, OCHOBaHI Ha TIIMOOKOMY HaBuaHHI, nomupeHi, ane GAN e
OJTHUMH 3 HaWyCHINIHIIIMX TeHePaTHBHUX Mojesel (0COOIMBO 3 MOy IXHBOI 3AaTHOCTI 'eHepyBaTh
peanicTU4HI 300paKeHHs i3 BHCOKOI pPO3AUIbHOI0 31aTHicTIO). GAN Oynu ychilHO 3acTOCOBaHi s
IIMPOKOT0 CIEKTpa 3aBlaHb (IEPeBaXHO B JOCIIIHUIILKAX YMOBax), aje MpPOJOBXKYIOTh CTBOPIOBATH
VHIKQJIbHI BHUKIMKH Ta JOCHITHHUIBKI MOMKIIMBOCTI, OCKUJIBKM TPYHTYIOTBCS Ha Teopii irop, TOmi sIK
OLIBLIICTD IHIIKMX MIJAXO/IIB 10 TEHEPATUBHOTO MOJICIIOBAHHS — HA ONTHMI3allii.

[IpoTsroM TpUBAIOTrO Yacy OJIHIEI0 3 OCHOBHUX MPOOJIEM aITOPUTMIB MAIIMHHOTO HABYAHHS 3 YUHTEIEM
(amrm. “supervised learning”) € mpobiema maHuMX. 30Kpema, Il HaBYaHHS HEHpOMEpeX 4acTo HeoOXimHi
BUOIPKH 13 MUIBIOHIB €leMEHTIB. SIKIIO pO3MSIHYTH SIK MPHUKIAJ HABYaHHS PO3IMI3HABAHHA 300paXeHb, TO
HEOOXiTHO MUTBHOHU 300paskeHb HaJIGXKHOI SKOCTI, sIKi TIOBUHHI OyTH po3MideHi, o MoTpedye pydHOI mparii
BEJIMKOI KUJIBKOCTI Jitojici. ToMy HempsiMi BUTpaTH Ha HaBYAHHS HEHPOMEPEXkKi 3 PO3Mi3HaBaHHS 300paKeHb
KOJIOCaJTBbHI. BUX010M MIr CTaTH aJIrOpHUTM, 3[IaTHUH 0€3 yJacTi JIIOIMHN TeHEPYBATH TaKi BUOIPKH.

AHaJi3 OCTaHHIX J0CTiTAKeHb Ta MyOdikamii

Po3BUTOK TMIMOOKOTO HABYAHHS IOJIATAE YV BIAKPHUTTI HACHYEHHX iepapxXiunux mojeneit [2], sxi €
PO3MOIiIaMy HMOBIPHOCTEH 3a TUIIAMM JAaHUX, SIKI TPAIUIAIOTHCS Y JI0JIaTKaX IITYYHOI'O 1HTEJIEKTY, TaKHX
SIK TIPUPOJIHI 300paXKeHHs, ayniocurHain. HalOinpin Bpaxae ycnix y riuOOKOMy HaBYaHHI, 3yMOBIICHHUH
JuckpumMiHariianmu monessivmu [7, 10]. Lle moB’si3aHo0 Hacammiepes 3 alrOpUTMaMHU 3BOPOTHOTO TIOLIMPEHHS Ta
BHUKJTIOUCHHSI 3 BAKOPUCTAHHSAM KyCKOBO-JTIHIHHUX OMUHHI [8, 3, 5]. [nbOKi reHepaTBHI MojielTi He HAOYIIH
MOIIMPEHHS Yepe3 TPYAHOILI anpoKcUMallii 0araTboX CKIaIHUX IMOBIPHICHHX OOYHCIICHB, SIKI BUHUKAIOTh I
Yac OLIHIOBaHHS MaKCHMaJbHOI HMOBIPHOCTI Ta y IOB’S3aHHMX CTPATETisX, & TAKOXK Yepe3 TPYAHOLII BUKO-
pUCTaHHS MepeBaru KyCKOBO-JTIHIHHIX OJWHUIIb Y TCHEPATHBHOMY KOHTEKCTI.

OcranHi kinpka pokis myOuikamii 3 GAN Bce yacrilie cTocyloTbc BUKOPUCTAHHS MITOK KJaciB. Y
po6orti [11] 3anpononoBaHO yMOBHHMI BapiaHT reHepaTHBHO-3MarainbHoi Mepeski (conditional-class model),
Jie MITKY KJIacy BHKOPHCTAHO SIK Ha BXOJIi T€HEepaTopa, Tak i Ha BUXOJI JAUCKpUMiHaTtopa. Taky mepexy
3aCTOCOBYIOTb JIJIsl BUPIIICHHS 3aBIaHHs TETYBaHHS 300paKCHb Ta TeHepanii MyJIbTUMOAAIBHUX MPUKIIa-
niB. Iepura myneTHKIacoBa crparerist BuBeaeHHs a1t GAN Oyna pospobuiena B [16], ne kinbkicTh BHXO-
IIiB THCKPUMIHAHTHOTO Kiacu(ikatopa AOPIBHIOE KUTBKOCTI KIJIACiB, a HABYaHHS 3[IHCHIOETHCS SK HA
HEMapKOBaHHUX, TaK 1 Ha YaCTKOBO MapKOBaHMX JaHMX. Taka Mepexa olepiKaja Ha3By KaTeropiaJbHOi
reHepatuBHO-3MaraibHoi Mepexi (CatGAN).
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Buxaan ocHOBHOTO MaTtepiairy

An k. I'yadennoy npencraBuB reHepaTuBHI 3MaranbHi MEpexi SK aJrOpUTM, IIO CKIANA€ThCS 3
JIBOX MOJIENIEH, sIKi IPUIHHATO HA3UBATH FEHEPATOPOM Ta AUCKPHUMiHATOpOM [6].

I'enepaTop — MOJEIIb, IO CTBOPIOE (TEHEPY€E) HOBI 3pa3KH JAaHUX, a AUCKPHUMIHATOP — MOJEIb, SKY
BUKOPHUCTOBYIOTh JUIS OTIOMOTH B HaBYaHHI reHepaTopa, OLIHIOIOYH CIPaBXHICTh 3T€HEPOBAHUX 3pa3KiB
JaHux. Y “kinacuuHiil” apXiTeKTypi TCHEpaTHBHHUX 3MarajbHHX MEpeX MOZETl TreHepaTopa Ta AHuC-
KpUMiHaTOpa OyiM peaii3oBaHi sSIK OaraTOIIapoBi MEPLENTPOHH, MPOTE 3 YACOM MOYaIH IIHUPOKO BHUKO-
PHCTOBYBATH Pi3HI BUAM peaizalii, SK-0T 3rOPTKOBI HEHPOHHI MepesKi Ta 1HILII.

Merta reHepaTUBHHUX 3MarajbHUX MEPEK — HABYUTHUCS CTBOPIOBATH AyOJiKaTH JaHUX, MAaKCUMAaJIbHO
CXO0i Ha BijioMi BXiaHi qaHi. OCHOBHA ifiesl OJIATa€e B TOMY, 11100 B3ATH 1B HEHpOHHI Mepesxi (reHepaTop
Ta JMCKPUMIHATOP) Ta MOCTABUTH M MPOTHJICKHY 1ijb. JlJis reHepaTopa — HaMaraTucsi CTBOPHUTH 1ealbHi
“¢anpuBi” naHi, a A7 JUCKpUMIHATOpa — CIpoOyBaTW 3HAWTH He(EKT y AaHUX, CTBOPEHHUX TeHepa-
TopoM. lle mpuBOANTH [0 TOrO, IO TEHEpaTop MiABHIIYE TOYHICTH i CTBOPIOE BCE Kpallll 3pa3KH JaHHX.
Brnache, Taky cuTyauiro MOKHa 3MOJICNIOBATH B TEOPIi irop sSK MiHIMaKkCHY IpYy.

Becp npouec nodymoBaHuil Ha TOMY, IO T€HEPATOP HAMAraeTbcsi OOAYPUTH TUCKPUMIHATOD, TOII
SIK TUCKPUMIHATOp HaMaraeTbCsi YHUKHYTH oOMaHy. Y Mipy HaBUaHHs MoJesiell oOuaBa METOAH BIOCKO-
HAJTIOIOTBCSI 10 MOMEHTY, KOJIM IITYYHO CTBOPEHI 300pakeHHs HE MOKHA OyJie BIIPI3HUTH Bi CIIPaBXKHIX.
Le i € xinueBa Meta HaB4aHHS. Apxitektypy GAN HaBeneno Ha puc. 1.

D-BuMipHuit

BEKTOP LyMy

I ‘ [eHepaTop — i

Puc. 1. Apximexmypa cenepamusHux smazanbHux mepexic

Icepeno: [15].

lonoBHa izes reHepaTHBHUX 3MarallbHUX MEpeX 30CepellKCHa HaBKOJIO KOH(]IIKTY IBOX KOMIO-
HCHTIB CHCTEMH, caMe TOMY B OOIPYHTYBaHHI POOOTH TEHEPATHBHUX 3MarajlbHUX MEPESK BEIMKY POJb
BUKOHYE TEOPisl irop, OCKUIBKH BOHA BHBYAE€ MaTeMaTHYHI MO JUIsl IPUHHATTS ONTUMAILHUX PIllICHb B
yMOBax KOHQUIIKTYy. BiacHe, yBech mpoliec MOXHa 3MOJICIIIOBATH SK MiHIMAKCHY TPy, IO JeTalbHIllIe
BHCBITJICHO JIaJi.
3aga4i MiHIMaKcy Ta MAKCHMIHY
B irpax 3 nexinpkoMa y4YacHMKaMH KOXEH 13 HUX TparHe MaKCHMi3yBaTH BIIACHY BHTOIy Ta
30UTBIIMTY MIAHCH Ha BUTparl. SKmo Mu po3risnaemo rpy 3 N yuyacHHKamu, TO ONTHUMallbHA CTPATETris i-
T'0 TPaBIIs MOJISTAE B TOMY, OO OTPUMAaTH MaKCHUMaJIbHHUI BUTPAIIl, 32 YMOBH, IO iHIII TPaBIli TPalOTh TaK,
o6 oMy 3aBaguti. CTpateris rpaBus i, 3a sKOi HOro MiHIMAIbHUI BUTpalll € HAWOLIBLIAM 3 YCiX
MOJKJIMBHUX, HE3AJIEKHO BiJ il BCIX iHIMUX TIpaBIliB, HA3UBAETHCSI MAKCUMIHHOIO CTPATETi€l0, a HAHOUTb-
WA 3 MiHIMQJIBHUX BUTPAIIiB — MAKCHMIHHAM 3Ha4eHHSM. SIKIIO rpaBemnp i TOTPUMYETHCS MAaKCUMIHHOL
cTparerii, HOro BUrpaii Oyjie He MEHIINM BiJl MAKCUMIHHOTO 3Ha4eHHs. OTXe, MAKCUMIHHY CTpaTerito Si*
1 MakcuMiHHe 3HaueHHs Li* MoxHa 3anmcaTi sK:
s; = argmax L;(s;, s_;), (1)
L; = maxmin L;(s;, s_;), 2
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MakcuMiHHY CTpaTerilo TpaBU i JIETIIE IHTEPHIPETYBaTH, SKIIO BBaXKATH, IO HOMY BiIOMi XOIHU
NPOTHBHUKA 1 BiH 3HA€E, 110 MPOTUBHUK HaMaraTUMEThCA MiHI3yBaTH HOTO HAaHOIIBIINI BUTpaIll HA KOXKHO-
My XOJi. 3a [[bOTO MPUITYIIICHHS TpaBellb i TOBUHEH POOMTH XiJl, 110 TPUHECE MaKCHUMAIBHUI 3 yCiX MiHi-
MaJIbHUX BHTPAIiB.

BinnoBigHO 10 MiHIMAKCHOT CTpaTerii rpaBelb i MOBHHEH MPHUITYCKATH, 10 HOTo CYNEPHUKH, ITO3HA-
YeHi SIK -7, T03BOJSITUMYTh HOMY OTpUMATH JIMILIE MiHIMANIbHUI BUTpall 3 YCiX MaKCUMaJIbHUX Ha KOXHO-
My XoJi. 3a MiHIMAKCHOT CTpaTeTii BUTpaIll rpaBIis 3aUCyIOTh TaK:

L; = minmax L;(s;,5_;), (3)

Baprto 3a3HaunTH, 1m0 KiHIIEBI BUTpaIIi IpaBIs MOXYTh BiAPI3HATUCS BiJ MiHIMAKCHOTO YH MaKCH-
MiHHOTO 3HAYCHHSI.

I'pa 3 Hy.1bOBOIO CyMOI0, MiHIMAaKC TA CiAJIOBI TOYKH

B Teopii irop rpa 3 HyJb0BOIO CyMOO (ZEro-sum game) — me MaTemMatudHe GOpMyYJTFOBaHHS CHTYya-
1ii, y sSIKiii BUTpalli 4u Iporpaii 0JHOr0 y4aCHHKA AOPiBHIOIOTH MPOrpaliaM 4d BUrpamaM iHmoro. Tomy
JUTSL CHCTEMH 3arajioM YUCTUI BUTPAIl UM TPOTpall il y4aCHHKIB TOPiBHIOE HYJIIO.

s MiHIMakcHUX 3a/1a4 B irpax 3 HyJbOBOIO CYMOIO, 0 SIKUX 3allydeHi Ba rpasui A ta B, Burpam
U(x,y) ms rpaBus A MOKHA 3aITUCATH SIK.

U = minmax U(x,y), (4)
Jie X — XiJ rpaBus A; y — Xin rpaBis B.

KpiM Toro 3Hauenss x i y, mo BixmnosinaoTs U, SBISI0TH CO60I0 PIBHO3BAKEHI CTpATETii TpaBIiB A
tTa B BiamoBigHO, TOOTO TpaBIli HE 3MIHATH XOIH, SKIIO MPOJOBXKATh JOTPUMYBATHUCS MIHIMAKCHOI 4Yd
MaKCHUMIiHHOI cTpaTerii. [y Tpu 3 HyJIBOBOIO CyMOIO i JBOMAa YYacHHKaMHM MiHIMakcHa i MakCHMiHHa
cTparerii OyayTh JaBaTH OJHAKOBI pe3yJbTaTH, a OTXe, I PiBHOBara MpaBWIIbHA, SKIIO TI'PaBIli BUKO-
PHUCTOBYIOTh MiHIMaKCHY YM MaKCHMIHHY cTparterii. | OCKiNbKM MiHIMAaKCHI Ta MaKCUMiHHI 3HA4EHHS
OJTHAKOBI, TO MOPSAAOK BH3HAYEHHS MiHIMAKCHOI UM MakKCHMIHHOI cTpaTerii He Mae 3Ha4eHHS. MoxkHa 3
OJIHAKOBUM YCITIXOM JIO3BOJIUTH IpaBIsiM A Ta B He3anexHo BUOMpPATH CBOT HaMKpaIlli cTpaTerii s KOXK-
HOI cTpaTerii MPOTUBHUKA, i TOAI MU O MOOAYNIIH, IO I TPH 3 HYJHOBOIO CYMOIO OJHA 3 KOMOIHAIii
CTpaTeriii mepekpuBaTHUMEThCs. LI ymMoBa mepekpHBaHHS — HaWKpaia cTpareris Ui 000X TpaBIliB,
iIeHTUYHA MiHIMaKcHi# ctparerii. L{fo yMOBy Takox Ha3uBaloTh piBHOBaroro Hema.

Hexaii mani x — xin rpaBus A, a y — Xig rpasiisi B — HenepepsHi 3minHi, a f(X, y) — dyHkitis Buroau
rpaBus. Ham TpeOa 3HaiiTH TOUKy piBHOBary, sika OyJae MiHIMAKCOM 4 MAaKCUMIHOM (QYHKLIi BUTOIH AJIS
Oyab-skoro rpasiid. OCKUIBKH JJI1 TPH 3 HYJHOBOIO CYMOKO JUIS JBOX YYAaCHHKIB MiHIMaKC 1 MaKCHUMIH
30iratoThCs, TO HOPSIIOK 3HAYEHHS HE Ma€, TOOTO

minmax f(x,y) = maxmin f(x, y), (5)

s HeriepepBHOT (QYHKIIIT 1€ MOXKITBO JIMIIE B TOMY BHIIQJIKY, SIKIIO PO3B’SI30K MOIEPEIHBOT Oyie
cimuroBoro Toukoro. CimjioBa TOYKa — I TOYKA, B sIKi TPAJIi€HT 32 KOXKHOIO 3MIHHOIO JIOPiBHIOE HYJIIO.
[IpoTe BoHa He € JIOKAILHUM MiHIMyMOM 4YM MakKcHMyMoM. HaromicTe BOHa MpEJCTaBISE JOKAIbHUIM
MiHIMyM B OJJHMX HalpSMKax BXiJHOTO BEKTOpa 1 JIOKaJbHUNA MaKCUMYM Y Apyrux. s GaraToBuMipHOi
dyukuii f(x) ¢ Vx € R™1 moxeMo0 BU3HAYUTH CiZIOBY TOUKY 3a JOOMOIOK0 TECTy.

[MinpaxoByemo rpamient f(X) 32 BEKTOPOM x i MPUPIBHIOEMO HOTO 10 HYJIS.

O6unciumo recian V2 f(x) gyunkuii f(X), To6T0 MaTpuIlo MOXiAHUX APYroro MOPSAKY B KOKHii 3
TOYOK, B SIKMX BekTop rpamierta V,f(x) mopiBHioe Hysr0. SIKIIO TeciaH Mae SIK J0JaTHi, Tak 1 Bix eMHi
3HAYEHHS B OLIIHIOBAHIN TOYI, TO I TOYKA — ClUIOBA.

ITosepTarourch 10 (QyHKII Buroau aBox 3miHuHX f(X, y), misa rpaBis A Bu3HauMMoO i, 1100
HaBECTH MPHUKJIAL;

flx,y) = x* = y2. (6)
BiamosigHo ¢yHKIis Buromu ams rpasis B Oyne:
flx,y) = —x*+ y?, (7

[epeBipumo, um 3abe3mnevye s (QYHKIIS BUTOJAM PIBHOBAry, SIKIIO OOHIBA TPaBIli JOTPUMYIOTHCS
MiHIMaKCHOI Y1 MaKCUMIiHHOI CTpaTerii B Ipi 3 HyJIbOBOIO CyMOI0. Y Tpi Oy/Je piBHOBAra, 1mno3a sKoko rpaBIi
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HE 3MOKYTh TOKPAILIUTH CBOI BHIPALlli, OCKLIBKH iXHI cTpaTerii onTumainsHi, skimo ¢pyskuis f(X, ), mae
ClIUTOBY TOUYKY. YMOBa piBHOBAaru — 1ie pisHoBara Hema mist rpu.
[MpupiBHtoroun rpamaient f(X, y) 1o HyIs, OTpUMYy€EMO

af o
Vf(xy) =% 5| = [2x —2y1=0 = (00). ®)
[ligpaxyemo recian mis i€l GyHKLii:
a%f 9%*f 9%f 92
sz(x'y) = axi 6x6fy ayfc ayi] = [2' 0,0, _2]' (9)

Tecian ¢ynkuii nopiBuwoe [2,0,0,—2] mia Oyas sKoro 3HaueHHs (X, V), YpPaxOBYIOUH 3HAUECHHS
(x, ») = (0,0). Ockisbku recian Ma€ sIK JT0/aTHi, Tak i Bix emHi 3HadeHns (2 i —2), Touka (X, y) = (0,0) — cimmosa.
B ymoBax piBHOBaru crparerist Ui TpaBLsl A MOBUHHA MOJSITaTH B TOMY, 1100 BCTAaHOBUTHU 3Ha4yeHHA x = 0, a
st B —y Tomy, o6 BctanoBuTH = 0 B MiHIMaKCHIH 91 MaKCHUMiHHIH TPi 3 HYJILOBOIO CyMOIO.

®@yukuis BapTocTi Ta TpeHyBaHHs Mepexi GAN

B GAN wMepexi reHeparopa i TUCKpUMiHATOpa HaMararoTbCs MEPEMOTTH B MiHIMakcCHii Tpi 3
HYJIBOBOIO CYMOIO. B 1IbOMy BHIIaIKy XOAH — 1€ TTapaMeTpH, siki Bubupae mepexa. Hexait G — nmapamerpu
reaeparopa, a D — mapamerpu auckpuminatopa. PosrisiHemo ¢yHkuii Burogu. Juckpuminarop Oyne
HAMaraTuch SIKOMOTa KOPEKTHilIe Kiacu(ikyBaTH SIK peaybHi, Tak i 3reHepoBaHi JaHi, TOOTO Hama-
raTUMEThCs MAKCUMI3yBaTH (PYHKIIIFO BUTOJIH:

U(D,G) = Ex-p,(x)llog D(x) 1+ E,—p,(5llog (1 —D(G(2)) ], (10)
Jie X — peanbHi gaui, 3 posmoainy P, (x), a Z — 1rym, 3 anpiopHo 3anrymieHnoro posmoziny P, (z).

Kpim TOro, IUCKpUMiHATOp HaMaraeTbCs BUBECTU 1 ISl peasibHOro 3paska maHux x i 0 i jpaHux,
CTBOpEHHX reHepaTopoM. OTKe, AUCKPUMIHATOP X0ue JOTPUMYBATHCS cTparerii, sika Habmmwkae D(X) mo 1.
o 6mmxue D(X) mo 1, To MeHIa BUroja, Ky OTpUMA€e AUCKPUMIHATOP. TOYHO Tak caMo AUCKPHUMIHATOP
xoue pocsartu 0 WMOBIpHOCTI st 3reHepoBanux ganux, To0to D(G(X)) Oyne skuaibmmkae g0 0. Brutus
reHeparopa Ha JHCKPUMIHATOp 0a4MMO B IPYroMy 4ieHi piBHsHHs, ToOTO G(Z), ToMy reHeparop Oyme
HaMaraTuch MiHIMi3yBaTu BUrpam auckpuminaropa. Il{o Ginpmmii BUrpam y AMCKpHMiHATOpa, TO Tipiia
CHTYyAIlis U1 reHepaTopa. ToMy MOKeMO BBa)KaTH, IO TEHEPAaTOp Ma€ Ty caMy (YHKIIIO BUTpPAIy, TiTbKH
3 BiJi’ EMHIM 3HAKOM, III0 TIEPETBOPIOE IIF0 TPy Ha TPy 3 HYJIHOBOKO cyMoro. DYHKIIis BUTpally reHeparopa:

V(D,6) = ~Ey-p,(ollogD (0] — E, - p »[log(1 — D(G(2)] (11)

I'enepatop Oynme HamaraTuch MakcumisyBati cBoro ¢yHkuiro Buromu V(D,G), iHakmie kaxyuw,
HaMaraTUMEThCsl TEHEPYBaTH Taki 3pa3KH JIaHWX, SKi OJYPEHUH JUCKPUMIHATOpP CHpPHUIME 3a CHpaBKHI,
NPU3HAYMBINK IM BHUCOKY iMOBipHicTh. Bucoki 3Hauenus D(G(z)) mpuBeayts mo Toro, mo log(l—
D(G(z))) wmaTuMe Benmke Bin'emHe 3HadeHHs, ToOTO BHpa3 —E, _p »[log(l— D(G(z)))] marume
BEJIMKE JOJIATHE 3HAUCHHS, THM CaMHM 30UIBIIYIOYH BHTpAIl reHeparopa. [ eHepatop He MOXKe BILTMBATH
Ha MEPIIVHA YICH PiBHAHHS, OCKUTBKY BiH MICTUTh TiJIbKH peajbHi JAaHi.

Mogeni rereparopa Ta AWCKPUMIHATOpa TPEHYIOTh, HAJAl0YM IM MOXKIUBICTH JOTPHUMYBATHCS
MiHIMaKCHOI cTpaTerii B Ipi 3 HyJbOBOIO CyMOI0. J[UCKpUMiHATOp HAMaraTUMEThCS MaKCHMIi3yBaTH CBOIO
(DYHKIIIF0 BUTOAM 1 JOCATTH ii MIHIMAKCHOT'O 3HAYCHHS:

u® = minmax Ex~Px(x) [IOg D(x) ] + EZ~PZ(Z) [IOg (1 - D(G (Z)) ]1 (12)
A TeHepaTop JOTPUMYBAaTUMEThCS Ti€l caMol cTpaTerii:
v* = minmax — Ey—p_x)[l0g D(x)] — E, - p 2 [Iog (1 — D(G(z)))], (13)

OcCKinbKH TeHepaTop HisIK He BIUIMBA€E HA MEPIINHA WISH PiBHAHHS, TO:

v* = minmax — E, _p () [Iog (1 - D(G(z)))] ,(14)
Posrismaroun GpopMyITiOBaHHS MiHIMAKCHOI CTpaTerii JUCKPUMIHATOpPA, OTPUMYEMO ISl 3HAYCHHSI
BHUTPAIIy JUCKPUMiHATOpa 3a piBHOBaru Hema:

ut = minEx—p,nllog D(x) 1+ E,—p,(»llog (1 — D(G(2))) ], (15)
max
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3nauenns G Ta D 3a piBHOBaXHOTO 3HAYEHHS U* — ONTHMAIbHE 3HAUEHHS IAapaMeTpiB MIs 000X
MEPEeXK, y pasi 3MiHHU SKHX YKOJHA 13 HUX He 30UIbIINUTh CBiK BUrpami. Kpim Toro, 1e Takox CiijioBa TO4Ka
JUtst QYHKITT BUTOAM JUCKPUMIiHATOPA.

[Tonepeani GpopMysIIOBaHHS TaKOX MOYKHA CHPOCTHUTH, PO3IUIMBIIM ONTUMI3AIlI0 HA JBI YaCTHUHH,
T00TO N03BONIUTH D MakcumizyBaTu CBOIO (YHKIIIFO BUTO/IM 332 CBOIMH mapaMeTpam, a G — MiHIMi3yBaTH
¢yukuito Buroau D 3a cBoiMu nmapameTpamy.

KoskeH 3 HUX, ONTUMI3yI04H BIacHY (PYHKIIIFO BUTO/H, PO3TIISIAE XOU MPOTUBHUKA SIK (iKCOBaHI.
Takuii iTepaTMBHHUH CHOCIO omnTHMI3amii € HE YMM IHIIUM, SK METOJOM TIPaJi€HTHOIO CITYCKY IS
obuncieHHs cifnoBoi ToukH. [ 3pydHocTi poOOTH 3 OIIBIIICTIO MPOTrPaMHKX MAKETIB, SIKi 3aTOYECHI i
MiHiMi3anio (GYHKIIH, BapTO MOMHOXKHUTH LiJIbOBY (QYHKIiIO JUCKpUMiHAaTOpa Ha —1, 1 MiHi3yBartu ii,
3amicTh MakcuMizamii. Hikue HaBenmeHo miceBmokon peamizamii GAN i3 3acToCyBaHHSIM MiHIITAKETHOTO
miaxony:

For N #kinbKicTh emox

For K #kpoku

OtpumaTi M 3pasKiB i3 3aLryMIeHOro po3noainy z ~ F,(z).

Onepskati M 3pa3KiB i3 poO3MOIiTy pealbHuX JaHuX X ~ Py (x).

OHOBUTH MapaMeTpH AUCKPUMIHATOPA, BAKOPHCTOBYIOUH CTOXaCTHYHHUN TPaliEHTHUH cITycK. SIKIno
MO3HAYKMTH MMapaMeTpu TUCKpuMiHaTopa sk 6d, To d oHOBIMIOIOThCS 32 HOPMYIIOLO:

1 . ,
6p = 6p — Oy, [—E(Iog D(x®) ) +log (1 -D (G(z@)))) ] (16)
End
Otpumatu M 3pa3KiB i3 3alIyMICHOTO po3noainy z ~ P,(z).
OHOBUTH I'eHEpPaTOp METOJIOM CTOXaCTHYHOI'O I'PAJIi€HTa:

6 = 06 — Vo, —%i 9 log (1 ) (G(z<i>))) , (17)
i=1

End

Hwxue Ha rpadixy HaBeJeHO NPHUKIAJ, HA IKOMY HAOYHO BHIIHO, SIK IPOXOJAUTh HaBuaHHA. Juckpu-
MiHATOp AOBOJI LIBUIKO BUUTHCS PO3PI3HATH 300pakeHHs, IPOTE NOTIM HOro KpUBa MMOYMHAE KOJTMBATHUCS,
OCKiJ’ILKI/I reHepaTop nNoYruHae CTBOPOBATU 3HAYHO Kpa]l[l 3pa3Ku JaHUX.

B
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BucHoeku
['enepaTHBHI 3MaraibHi MEpeXi € TMOTY)KHAM IHCTPYMEHTOM Y Tally3i IITy4YHOTO IHTENEeKTY, KN
3JIaTCH CTBOPIOBATH PEANICTHYHI JaHi, 30KpeMa Taki sk (oTo, Bijieo, 3ByK TOIIO. ApXiTeKTypa reHepa-
TUBHHX 3MarajibHUX MEPEX BU3HAUa€ 11 CTPYKTYpPY, B3a€MOJII0 KOMIIOHEHTIB Ta 3arallbHUH OMHC MPOIecy
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HaBYaHHA. MaremMaTuuHe OOIPYHTYBaHHS, CBOEIO UEProl0, OXOIUIIOBATH TCOPETHYHUN aHai3 MPUHLMUIIB,
ITOpPUTMIB Ta GYHKLIH, MOKIAJIEHUX B OCHOBY LIMX MEPEXK.

Bimomuit HaOip maHWX € BHXiAHOIO iH(GOpPMAIEO A HABYAHHS JUCKPUMIHATODA. Horo uaBuyanus
nepeadavae HaJaHHA MOMY 3pas3KiB i3 HaOOpy HAaBYAJIBHUX JAHWX AOTH, OKH BiH AOCSITHE NPUHHATHOI
TOYHOCTi. ['eHepaTop TpeHyeTbCs 3aJIeKHO BiA TOTO, YM BIAIOCS OOAYpUTH OUCKpUMIHATOp. 3a3BHUail
TeHepaTop 3alOBHIOIOTH BXIJHMMH PaHIOMI30BaHMMH JaHUMH, SIKi BHOMpAIOThH i3 3a3[alierigb BH3HA-
YEHOT0 MPHXOBAHOTO MPOCTOpPY (HAMpUKIaL, GaraTOBUMipHOIO HOPMaIbHOTrO po3mojiny). Ilicis mporo
KaHAMJATiB, CHHTE30BaHUX T'€HEPATOPOM, OLIHIOE AUCKpUMiHATOpP. Jlo 000X Mepex 3acTOCOBYIOTH He3a-
JIeKHI IPOLIEAYpH 3BOPOTHOT'O MOLIMPEHHS, TaK 10 TeHepaTop pOOUTH SKiCHIIII BUOIPKH, TOI K TUCKPH-
MiHATOp CTa€ AOCBIMYEHIIIMM Yy MapKyBaHHI CHHTETHYHHMX BHOiIpok. Ilim uwac renepaumii 300paskeHHS
reHepaTop 3a3BHYail € JEKOHBOJIIOLIHHOIO HEHPOHHOIO MEPEKEl0, a JUCKPUMIHATOP — KPYTHOIO HEHpo-
HHOIO Mepekero. Mepexxi GAN gacto cTpaxgaroTs Bif “Konarncy pexXumy”, KOJIM BOHM HE MOXYTh Ipa-
BUJIBHO y3araJIbHUTH, IPOIYCKAIOYH L1l PeXKUMH Y BXITHUX JaHUX.

OTxe, TeHepaTHBHI 3MaraibHi Mepexi — 1€ Ji€BUH IHCTPYMEHT AJIsl CTBOPEHHS IMPaBIOIMONIOHUX
3pa3KiB AaHUX, L0 IPYHTYETHCS Ha TMOEIHAHHI HEHPOHHUX MeEpex Ta Teopii irop. 3a paxyHOK BHCOKOL
SIKOCT1 3reHepOBaHMUX JAHUX FeHEPATUBHI 3MarajbHi MEpeXi MOKHAa BUKOPHCTOBYBATH B PI3HHUX Tary3six,
YpaxoBYIOUH HaBiTh HAyKy Ta MUCTELTBO, KibepOe3neKy, MeIUIMHY, TOPTiBIIO.
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The purpose of the work is to analyze the features of generative adversarial networks. The object
of research is the process of machine learning algorithmization. The subject of the research is mathematical
methods used in the generation of semantically related text. This article explores the architecture and
mathematical justification of such a type of generative models as generative adversarial networks.
Generative adversarial networks are a powerful tool in the field of artificial intelligence, capable of
generating realistic data, including photos, videos, sounds, etc. The architecture of generative
competition defines its structure, the interaction of components and a general description of the learning
process. Mathematical justification, in turn, includes a theoretical analysis of the principles, algorithms
and functions underlying these networks.

The article examines the general architecture of generative adversarial networks, examines each
of its components (namely, the two main network models — generator and discriminator, their input and
output data vectors) and its role in the operation of the algorithm. The author also defined the
mathematical principles of generative adversarial networks, focusing on game theory and optimization
methods (in particular, special attention is paid to minimax and maximin problems, zero-sum game,
saddle points, Nash equilibrium) used in their study. The cost function and the process of deriving it
using the Nash equilibrium in a zero-sum game for generative adversarial networks are described, and
the learning algorithm using the method of stochastic gradient descent and the mini-batch approach in
the form of a pseudocode, its iterations, is visualized network architecture.

Finally, the conclusion that generative adversarial networks is an effective tool for creating
realistic and believable data samples based on the use of elements of game theory is substantiated. Due
to the high quality of generated data, generative adversarial networks can be used in various fields,
including: cyber security, medicine, commerce, science, art, etc.

Key words: Generative Adversarial Networks; generator; discriminator; minimax; zero-sum
game; Nash equilibrium.
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