N214 Ospic. Ken areHTTi HbIKTOJ1IOHObbIPbIMN

OKbITY
Hapickep: OapukeH60aeB O.K. PhD, kaybiMOACTbIObI1FOH
npodoeccop



Ken dreHTTI HbiKTa1IaHObIpYMeH
OKbITY NKyesepiHiH Heriari
VFbIMOAPbIH KAPACTbIRY

Ken areHTTi HbIKTanaHAbIpyMeH OKbITY XynenepiHiH (Multi-Agent Reinforcement Learning, MARL) Heri3ri
VFbIMOaPblH, ON1apAblH epeKLLeniKTepiH, 63apa sapeKeTTecy MeXaHU3MAEPiH XaHe KoNgaHy cananapbiH
KapacTbipy. AreHTTepAiH 6ip-6ipiMeH bIHTbIMaKTaca Hemece HbaceKkenece OTbIPbIN YUPEHY NPOLECiH

TYCIHAIPY.



KinT ce3pnep

Ken areHTTi Xkymne OpTa NKoHe areHT
HbiKTanaHabipyMeH OKbITY Cascar (policy)
bIHTbIMAKTACTbIK KoopomnHauna
bacekenecTik MARL

OpTaHbIH ANHAMMKACbI, KOMAHAAMbIK OKbITY.
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Kipicne

— bipHewwe
MHTENNIeKTYyanabl areHTTepiH opTaga e3apa speKeTTecy
apKblNbl ToXKipnbe XMHar, MiHe3-KyJ/blk CTpaTernsnapbiH YUpeHy
npoueci.

Opbip areHT opTagaH aknapart anbin, WewiMm Kabblnganabl aHe
COHbIH Heri3iHge MapanaT Hemece a3a anagbl. MyHgan xynenep
6ip areHTTi HbIKTalaHAbIPYMEH OKbITYAAH an4ekanga Kypaeni,
cebebi ap areHTTiH dpeKeTi opTa AMHAMUKACbIHA FaHa eMeC,
6acka areHTTepAiH WewimaepiHe ge Tayengi.

Byn »argan [en atanaTbiH KyObIIbICTbI
TyAblpagbl, SFHM 9P areHTTiH OKy NpoLleci 6acka areHTTepaiH,
MiHe3-Ky/IKbIHa 6alinaHbICTbl ©3repin OTbipagbl.




Kemn areHTTi HbIKTAJIOHObIPYMEH OKbITVFO
Kipicrne

MARL xynenepiHge areHTTep 6ip yakbiTTa opTaga Ken areHTTi ymnenep Taburn optagarbl KentereH
SpeEKeT eTefi. OpKANCbICbIHbIH 63 MaKcaTbl MEH npouecTepre ykcanabl: agamaap apacbiHAarbl
cTpaTerusicbl 6onagsi. 9/IeyMEeTTiK KaTblHacTap, XaHyapnap TOObIHbIH

AreHTTeppaiH bipneckeH apeKeTi Kege opTak MaKcaTKa XeTyai MIHES-IQY/TKbI, HAPBIKTBIK SKOHOMMKATBIK

KeHiNAeTCe, Keiiae KepicCiHwe — 63CeKenecTiK Tyablpagb. areHTTepAiH WwewiMaepi )XaHe aBTOHOMb!
KeniKTepaiH KO3FanbICblH YUNECTIpY CUSKTbI

KYpAeni cueHapumunepai mogenbgeyre MyMKiHAIK
bepegi.



Bip AareHTTI NKeHe Kemn AareHTTi OKbITYAbIH,

\Y4
AVibiPMdALUbIJbIfbl
Bip areHTTI XXyne
AreHT TeK OpTaMeH apeKeTTeCei XXaHe opTa MiHe3-KyJ/IKbl
.TypakTbl 60/1bIN CaHanagbl
MARL »xxymneci

OpTa anHaMmKacbl 6acka areHTTepaiH sapeKkeTTepiHe
6anaHbICTbl ©3repin oTbipagbl.

Byn okbITyabl ongekanaa Kypaeni eteqi, cebebi areHTKe TEK OpTa eMec, 83re areHTTepAiH MiHe3-KY/KbIH Aa
6onxayra Typa Kenep,.



MARL XynecCiHiH Herisri KOMrnoHeHTTepI

Ken areHTTi HbiIKTanaHObIPyMEH OKbITY XYMECi Keneci KOMMNOHEHTTepPAEH Typaabl:

AreHtTtep (Agents) OpTa (Environment) Kynnep (States)

©3 6eTimMeH weLlim KabbinaanTbIH AreHTTEpAiH apeKeT eTeTiH KeH,CTIrl. OpTa MeH areHTTepAiH, aFbIMaarbl
Gipniktep. Kargaubl.

opeKxeTTep (Actions) MapanaT (Reward)

AreHTTeppaiH Kabblngan anaTblH OpP areHTTiH dPEeKEeTIHIH TUiMAiNiriH

Wwewimaepi. 6arananTbiH CUTHA.



AreHTTepaiH 63dpa speKeTTecy TypJiepi

AreHTTep apacbiHAaFbl ©3apa apeKeTTecy VL Heri3ri Typre 6eniHepa;:

1

Op areHT e3 nangacbiH 6apblHLLIA apTTbIpyFa ThipblCabl.
2 ;

Bapnblk areHTTep opTak MakKcaTKa XXyMbIC iCTeUA,.

Kelbip areHTTep bipirin apekeT eTepi, an backanapbl 63 MyaAeciH ke3aengi.

Mblcanbl, WaxmaTt Hemece yTb0oN OMbIHbIHAA areHTTep b6acekeneceqi, an poboTTap To6bl H6ip XKYKTEMEHI
KeTepy YLUiH bIHTbIMAKTaca dpeKeT eTefi.



P

O

bIHTbIMOKTACTbIK
NKoHe B6aceKerecTiK
cueHapuumnnep

bIHTBIMOKTACTbIK NKyenep

AreHTTep opTak MapanaT anagbl, SFHN 6ap/bIFbIHbIH,
TabbICbl XXannbl HATWXKere 6anaHbICTbl. MyHAa
yunecTipy (KoopauHaLums) MaHbi3abl pen aTkapagbl.

BaceKkernecTik Xxymnenep

AreHTTepAiH MakcaTbl KapaMa-KanLubl, SFHK 6ip
AreHTTiH YTbICbl €KIHLWICiHiH, YTbI/1ybl apKbl/ibl
aHblKTanagbl. MyHaanm xargannapaa areHT
KapCblNaCbIHbIH, CTpaTernsacbiH 6o/mKayFa ynpeHnyi Tuic.



Ken areHTTI OKbITY aaiCcTepi NKaHe KOJNIO0HY

casianadpbl

MARL apgicTepi Heri3iHeH eki 6baFbiTka beniHeai:

o OpTanbiKTaHAbIPbINFAH OKbITY (Centralized Training): 6apiblk,
areHTTepAiH aknapaTtTapbl 6ipikTipinin, xannel cascat
ynpeTinegi.

o [leueHTpanusgeHreH okbiTy (Decentralized Learning): sp
areHT e3 TaXipunbeci HerisiHae ynpeHeai.

Kenbip 3amaHayu agictep 6yn Tacingepai 6ipiktipeai, aFHM
OKbITYy OPTaNbIKTAHAbIPbIIFAH TYPAE XKYPri3inin, an kongaHy
(policy execution) geLeHTpanu3geHreH Typae icKke acagpbl.

Ken areHTTi HbiIKTanaHAbIPyMEH OKbITY KEMTEreH HaKTbl

cananappa KeHiHeH kongaHblnagbi:

PoboToTeXHUKa: bipHelle poboTTbIH yiecTipinreH
KO3Fa/bICbIH Backapy.

JHepreTUKa: 3/1eKTpP XKeNiCiH OHTanNaHAbIPY XaHe
XXYKTeMeHi beny.

TpaHCNOPT: aBTOHOM[bI KOJIKTEPAiH KO3FabICbIH
yunecTipy.
JKOHOMMKA XdHe HapbIKTbIK, MOAENbAeY: areHTTepaiH,

MiHe3-Ky/KbIH 6osmKay.

KoMnbloTepnik oMbliHAAP: K&N OMbIHLWbI KAaTbICATbIH
cTpaTernsnapgbl SambITy.



KbIHObIKTAPbI MeH 60/10LLAFbI

KmblHObIKTARbI BonaLucrbl
o OpTa TypakCcbI3ablFbl (9P areHTTiH yiipeHyi backa areHTKe acep eTegi). o HakTbl eMipnik xynenepgi 6ackapyga MARL MaHbi3fbl KypasFa alHanyaa.
o EcenTey KMbIHAbIFbI (K MEH SPEKET KEHICTIri 8Te YIKEH). e BonalakTa Ken areHTTi Xylienep MHTeNEeKTyanabl Kananapaa, aCKepu cTpaterusiapaa,

e bIHTbIMaKTaCTbIKTaFbl cTpaTteruanapgpl YﬁHECTipyHiH KMbIHAbIFbI. NOTNCTUKada XXoHe aBTOHOMAbI KeJIIKTep XeniCiHAe KeHIHEH KONgaHblIMaK.

KopbITbiIHObI

Ken areHTTi HbIKTanaHAbIPYMEH OKbITY —XacaHAbl MHTENNEKTTIH eH Kypaeni api 6onawarbl 30p 6aFbITTapblHbIH 6ipi. Byn agic 6ip-6ipimeH e3apa spekeTTeceTiH
bipHelle areHTTiH opTaja YMpeHy npoueciH Mogenbaensi. bIHTbIMakTacTbIK NeH 63ceKenecTik CUSIKTbI KYPAEei MiHe3-KyNbIk yArinepiH yipeTy apkblibl MARL
Xyrenepi WblHaWbl eMipAeri KeNKOMMOHEHTTI NpouecTepai TMiMai backapyra MyMKiHAik 6epegi.

Bakblriay CypakTApbl:

1. Ken areHTTi HbIKTanaHAbIPyMeH OKbITY 6ip areHTTi RL-geH HeciMeH epeKiueneHesi?
AreHTTepAiH ©3apa apeKeTTecy TYpAepiH aTaHbl3.
bIHTbIMaKTaCTbIK XaHe 6aceKenecTik cLieHapuiinepaiH ablpMallbliblFbl Hege?

MARL »XyienepiHiH Heri3ri KMbIHAbIKTapbl KaHAa?

voa W

MARL ka1 cananapga TMimgi kongaHblnagbl?
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