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Hapickep: OapukeH60aeB O.K. PhD, kaybiMOACTbIObIJ1FOH
npodoeccop



By OspICTIiH MOKCOTbI —
HbIFONTbIJ1FOH OKbITYOOFbI
(reinforcement learning) Heriari
vFbIMO A ObIH Oipi 60,1bin
COHAIATbIH

NKOHeEe

TYCIHIKTEPIH KeHIHeH KAPACTbIPY.

CTypeHTTEp 6yn yFbIMAAPAbIH MaHbI3biH, ONTAPAbIH, areHTTIH, MiHe3-Ky/KkblH 6ackapygarbl peniH, COHbIMEH KaTap
Wwewim Kabblngay cTpaTernsnapbiH KYpPYAarbl OPHbIH TYCiHYi THiC.



KinT ce3nep

HbikTOaHObIPYMEH OKbITY AreHT

OpTa Kym (state)

opeKerT (action) Cbinakbl (reward) Ky MaHi (value function)
opeKeT MaHi (action-value Cagqacar (policy) YNpeHy cTpaTermdachl

function)



Iapic XKocnapbl

o1

HbikTOIaHObIPYMEH OkbITyOd Ky
MeH 3ppeKeTTIH peni

O3

opeKeT MaHIiHIH OHbIKTOAMOCbDI NKaHe
epeKkLuernikTepi

Ob5

KoJiodHblJ1y casfiasfidapbl MeH
MNPAKTUKAIbIK MblCcaJ10d

o2

Ky MaHIiHiH TYCIHIr NKoHe OHbIH,
MOHbI3blI

o4

Ky MaHi MeH speKeT MaHi
dpacbiHOOFbI OANITOHDbIC

O6

KoOpbITbiIHODbI



1. Kipicne

HbikTanaHgbipymeH okbiTy (RL — Reinforcement Learning) —
XKacaHAbl MHTENNEKTiHIH MaHbl3abl CananapbiHbiH 6ipi. byn
TOCiNe areHT KopllaraH OpTaMeH ©3apa apeKeTTECIM, Taxipnbe
apKblnbl yupeHeqi. 9pbip Kyn MEH SpeKeT HaTMXKeCIHAE areHT
CbIakbl (reward) anagbl XXoHe OCbl aknapaT HerisiHge 6onalakTa
TuimMai Wewim Kabbingayra ynpeHegi.

RL-giH 6acTbl MaKCaTbl — YaKbIT ©TE Kefle eH XOFapbl XUbIHTbIK,
CblMiakbl alyFa MyMKIHAIK 6epeTiH MiHe3-Ky/blK CTPATErMACbIH
(policy) yipeHy. Byn cTpaTerusiHbl KanbiNTacTbipyAa eKi MaHbi3Abl
VFbIM — XKoHe

epekKLLe OpbIH anagpbl.

Ky MaHi MeH SpeKeT MaHi — areHTTiH, WeLliM Kabblingay npoLueciH
CaHAblk TYpFblga baFanayra apHanfaH kypangap. Onap apkpibl
areHT apbip xarganablH HeMece apeKeTTiH KaHLWabIKThl
nanpansl ekeHiH 6omkan anagbl. Ocbinanwa areHT UHTYUTUBTI
TYPAE «OKAKCbI» XIHE «OKaMaH» TaHgayapAabl axbipaTa
6acTanbl.



1. Ky MeH speKeTTiH peri

HblKTanaHAbIPyMEH OKbITY XXYNECiHOE areHT
6enrini 6ip kynpe (state) 6onagbl XXaHe on Kyure
6annaHbICTbl 9peKeT (action) TaHAangbl. OpTa con
SpPEKETKe Xayan peTiHAe areHTKe Cbinakbl (reward)
6epefi XaHe OHbI XXaHa Kynre ayblCTbipagpbl.

Byn yaepic kanTanaHbin OTbIpagbl, XKOHE areHT
YakbIT 6Te Kene apbip Ky MEH SpEKeTTIH y3ak,
Mep3imai HaTMxeciH 6aranayfa Teipbicagbl. Ocbl
6aranay NnpoueciHge KyM MaHi MEH 9PEKET MaHi
YFbIMOapbl KONAAHbIAAbI.



1. Ky moHi (State
Value)

Ky® MaHi — 6yn areHTTiH 6enrini 6ip kynae 6onFaHpa
KaHLWabIKTbl XXaKCbl XarFganaa TypraHblH KOPCETETiH KepCeTKiLl.
SIFHW, erep areHT oCbl KynaeH 6actan 6onalakTa eH, Xakcbl
wewimaep kabblnganTbiH 60/ca, OHAA 0N KAHLWANbIKTbI Y/IKEH
Cbliakbl anagbl AereH cypakka xayan bepeg,.

[0 bBackawa antkaHga, Kym MaHi — 6yn
nereH
e/iLem.

Mbicanbl, erep WwaxmaTt olblHbIHAA areHTTiH dhurypanapsi
KapcblnacblHa KapafaHaa TMiMai opHanackaH 6onca, on1 Kynain,
M3Hi XKOFapbl 60naabl. An KepiciHLe XaFaanaa Kym MaHi
TeMeHaena,.

Ky MaHiH 6iny areHTKe ap Typ/iXargannapaa eH Tmimgi
SpeKeTTi TaHAayFa MyMKiHAiK 6epegai. Byn y3ak Mep3imai
cTpaTerus Kypyga MaHbi3abl pen atkapagsbl.



1. opekeT MaHi (Action Value)

OpeKeT MaHi HeMece Q-MaHi (action-value) — 6yn areHTTiH 6enrini 6ip Kynae HakTbl 6ip SpeKeT )acaraHAA KaHLWaNbIKTbl TUIMA)
HOTWMXXe anaTblHbIH CUNATTauAbl. AFHN, erep areHT HakTbl 6ip Kymnae Typ XaHe 6enrini 6ip sapekeT Xacaca, Con apeKeTTeH KeNiH
KYTiNeTiH XXannbl Cbinakbl KaHAAM 6onagbl AereH cypakka xayan 6epeg,.

Kyn MaHi TeK KyngiH canacbiH 6aFanaca, speker
M3Hi — Ky MEH apeKeTTi bipre kapacTbipagbl. byn
areHTKe HaKTbl Wewim kabblngayra KemekTeceq,.

Mbicanbl, pob0oT X0/ anblpbiFbiHAa TYP Aenik. On conra bypbliybl HEMece OHFa BypbIaybl MyMKiH. Ky MaHi 6y XaFganabiH xanmnbl
TUIMAINITIH cMNaTTanabl, an 9PEKET MaHi 9p BAFbITTbIH bIKTUMAN HITUXECIH canblCTbipagbl. OCblNanilua areHT eH TUiMAi 6aFbITThI
TaHganabl.



1. Ky MaHI MeH speKeT MaHI dpdcbiHOOfbI

OdJ1CHDbIC

Dt

B3adpda TbiIFbl3 6ANIIOHbIC

Ky MaHi MeH apeKeT MaHi e3apa Tbifbl3
6alNaHbICTbl. DPEKET MIHI apKbl/ibl Ky
MOHiH aHblKTayFa 6onagbl XaHe
KepiciHLwe.

f
dx

Ky MaHiHIH ecenTenyi

Kyn MaHi — 6yn 6enrini 6ip kyngeri
6apnblk, MyMKiH apeKkeTTepaiH
MIHAEPiHIH OpTalla HeEMeCe eH, XXaKCbl
MEETR

@

opeKeT MaHiHiH MOfFbIHOCHI

An sapekeT MaHi — 6yn 6enrini 6ip kynge
HaKTbl 9PEKeTTi OpblHAAFaHAA
anblHATbIH HOTWXXEHi baFanay.

Byn 6annaHbIC areHTKe YMPEeHY NPOLECiH XeHingeTteqi. Mbicasnbl, areHT apeKeT MaHAEPiIH YUPEHY apKblbl

aBTOMATTbI TYPAE Ky MOHAEPIH Ae XakcapTafpbl.



1. KonadHbiy cananadpbl MeH Mmbicangdp

Ky¥i »xaHe apeKeT MaHAaepi TypAi cananapaa KoagaHbliagbl:

Po6oTtoTexHnkaga Kapx«kbloo

pPo60T 63 KMMbINAAPbIHbIH HITMXKECIH BaFanangpbl. areHT MHBECTULMSNbIK LWeLliMAepAiH TUIMAINITiH ypeHeai.
OWbIH NHOYCTPUACbIHOA ToAHCMOPTTbIK XKynesnepae

areHT XeHiCKe XEeTY bIKTUMaNAbIFbIH apTTblipazbl. areHT KO3FasblC 6aFbITbIH HEMECEe yaKbITblH OHTANNAHAbIPAAbI.

aBTOMUOT XKYMeECi XKONAarbl Xarganra (Kynre) kapan, eH, TMiMai bypblibiC HEMECE XblngaMablk,
(opekeT) TaHaanapbl.



1. KopbITbiHObI

Ky" MaHi MEH SpEeKET MaHi — HbIFANTbINIFAH OKbITY TEOPUSICbIHbIH, HETi3iH KYPANTbIH MaHbI3Abl VFbIMAAP.

Onap areHTTiH Wwewim Kabblngay KabineTiH KanbiNTacTblpafbl XXaHe y3aK Mep3iMAi MakcaTTapFa XeTY YLUiH
CcTpaTerus Kypyra KeMeKTecefi.

6enrini 6ip »argangbiH, Xannbl TMiMAiNiriH 6aranaca HAKTbl KaJlAMHbIH HOTUMXXECiH 6omxanapbl

Ocbl eKi YHKUMUSIHBI AypbIC TYCIHIN KONAAHY apKblbl Kypaeni xyrenepai 6ackapy, pecypcrapabl OHTalnaHAbIpy XKaHe
WHTENNIeKTyangabl Wewim Kabblngay npouecTepiH aBToMaTTaHAbIpyFa 6onagbl.

HblFanTbINFaH OKbITYAbIH AAaMYbIMEH KYI XXoHE SpeKeT MaHAepiH ecenTey MeH XakcapTy a4icTepi ae xeTinin kenepqi. byn 6onawakTa
XKacaHAbl MHTENNEKTTIH OfaH api MHTeNNEKTYyaNAaHyblHa XaHe aepbec Wwewim Kabblngay MyMKiHAIKTEPiHIH KEHEIHEe X0 awagpbl.



BakblJiay CypakTAbI

1. HoikTaIOHObIPYMEH OKbITY 2. AreHT rneH opTa apdacbiHOOFbI 634 3. Kym (state) yrbimbl HeHiI 6ingipeni?
(reinforcement learning) gereHimis He? SpEeKeT KaNam Xypeni?
4. opekKeT (action) gereHimia He XKoHe OJ1 AreHTTiH, LLUeLliM 5. Ky MaHi (state value) pereHimia He?

KOOb1OOYbIHOCA KOAHOAW peJ1 aTKApaabl?

6. Ky MaHIi HenikTeH MAHbI3Obl NKoHEe 7. 9peKeT MaHi (action value Hemece Q- 8. Ky MaHi MeH speKeT MaHi
OJ1 dreHTKe KaHOAM aKNApaAT 6epeni? value) pereHimisa He? dpaACbIHOOFbI ANbIPMALUbINbIK HeOe?
9. Ky MaHi MeH speKeT MaHi kariai e3dpd 6ANSIOHbICTbI? 10. AreHTTiH casacaT (policy) yrbiMbl HEHI 6ingipeni XxaHe on

Ky MEeH speKeT MaHiHe KaJ1an acep eTeni?

11. Ky1 MaHi MeH speKeT MaHi KariamLia 12. Q-MaHre HerisgesnreH sgictep Kam 13. KyM XkoHe sperkeT MaHOepiH ecenTey
COreHTTiH YNPEeHY MNpoLEeCiH casianapnd KoJsgaHb1ogobl? KOHAO APTbIKLUbINbIKTAP 6epen,i?
6ackapanbl?

14. Kyl MaHi MeH speKeT MaHi TYCiHIKTepPIH KONaaHy AdpKbisibl 15. By yrbiIMAOAP HAKTbI eMipgeri kaHOAM Mmbicangapad
OreHTTiH MiHe3-KyJIKbIH KOO XKeTingipyre 6onagbi? (Mbicasibl, ONbIHOAP, POBGOTTAP, KAPNKbI NKYECI, Kerlik
KO3FaJ1bIiCbl) KepiHic Taoanbl?
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