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CTtvoeHTTepal HbiKTAICHObIPbIN
OKbITY VfbIMbIMeH TOHbICTbIPY

CTypeHTTepai HbikTanaHabipbin okbITY (Reinforcement Learning, RL) yFbIMbIMEH, OHbIH, HETi3ri
NPUHLMNTEPIMEH, KOMMNOHEHTTEPIMEH XXaHe KONAaHY caslanapbiMeH TaHbICTbIPY. RL-AiH KNnaccnkanbik
MaLlWHa/bIK OKbITYAAH alblpMalUbl/blFbIH TYCIHAIPY, areHT NeH OPTaHbIH 63apa apeKeTTeCy NPoLEeCiH
cuMnaTtTay, COHAan-akK Heri3ri anropuMTMAep MeH ONapAbiH KONAAHbIYbIH Tanaay.



KinT cespep

Heriari yrbiMOdp Anroputmaoep Mopenbpep
HbiKkTanaHgblpyMeH OKbITY, areHT, Q-learning, SARSA, cascar (policy), Ky# (state), apekeT (action), MapkoB
OpTa, KyTiNeTiH mapanart (reward), KYHAbINbIK PyHKUMAChI (value function) Wwewim npoueci (MDP)

KYLIENTKIW cUrHan



lapic Xkocnapbl
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Hbik TOaHObIPYMEH OKbITY RL »KyMeciHiH Heri3ri MapanaT neH cTparermna
VFbIMbl NKoH€E OHbIH, KOMIMOHEHTTEPI: areHT XkaHe (reward X«aHe policy)
epeKLueniri opTd
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MoapKoB LueLliM rnpoueci Herisri RL anroputMmaepi: Q- KonadHy casicsidpbl:
(MDP) X«oHe kyinnep meH learning, SARSA OMbIHOAP, POBOTOTEXHUNKJ,
sperkeTTep Mmoaeni oackapy Xymenepi
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KopbITbIHObI NKoHe OaMYy NepcrnekKTUBAdpbI



Kipicne

XXI FacblpAblH MaHbl34bl 6aFbITTapbIHbIH 6ipi —
MHTENNEKTyanabl areHTTepai kypy. MyHaam areHTTep 3
SpPEKeTTEPIHEH YMPEHIN, KOpLaFaH OpTaMeH e3apa
SpEeKeTTEeCYy apKbl/ibl MakcaTKa XeTyai ynpeHegi. byn tacin

pern
atanagbl.

MaLumHAIbIk, OKkbITYAObIH YLU HEeri3ri Typi 6dp:

1. BakblnaHaTbliH OKbITY (Supervised learning) — favibiH )xayanTapbl 6ap
AEPEKTEPMEH OKbITY.

2. Bakpbl1aH6aNUTbIH OKbITY (Unsupervised learning) — Kypbl/iibiMbl 6€rici3
AepeKTepAeH 3aHablIbIKTapAbl Taby.

3. HbikTanaHgbipyMeH okbITy (Reinforcement learning) — areHT 63
dpeKeTTepiH OpPTaMeH dpeKeTTeCy apKblbl, MapanaT He Xxa3anay
CUTHANAApPbIH ana OTbIpbIN YpPeHeai.

RL — 6yn ToXxiprbe apKbinbl YPEHY, SFHWU areHT 63 apeKeTTepiHiH cangapbiH
6alikan, eH nanpganbl cTpaTernsiHbl Tabagbl. O HaKTbl «AyPbIC XKayabbl» XOK,
Xarpannapaa kongaHbliagbl: Mbicasbl, OMbIHAAPAA, POOOTTbIH,
KO3FanblCbIHAA HEMECe MHBECTULMANBIK Wellimaep kabbinaayaa.




HbikTOIaHOblipyMeH OKbITyAOblH Heri3ri
KOMIMOHEeHTTEepI

RL )XyMeci Keneci Heri3ri sneMeHTTepAEH Typaabl:

KoMnoHeHT CunaTtTamachl
Lewim KabblNaanTbiH XXoHE 9pEKeT XaCaluTblH MHTENNEKTYaNabl Xyue.
AreHT apeKeT eTeTiH Xyle HEMeCe a/ieMm.
ArbIMaarbl Xarganabl cMnaTTanTbiH aKnapar.
AreHTTiH 6enrini 6ip Kynae xacau anaTblH KagaMbl.
OpEKET HITWMIKECIHAE anblHFAH Kepi baniaHbIC CUrHaNbI.

Kyire 6annaHbICTbl areHTTiH KaHAal apeKeT XacauTbiHbIH aHbIKTAaUTbIH CTpaTerus.



AreHT NeH opTd AdpdCbIHOCFbl 63CPd 3peKeT

AreHT neH opTa apacbliHAAFbl ©3apa speKeT Y34iKCi3 LMK TYPiHAE XYpeai:

[ Makcat — y3ak Mep3iMai XMbIHTbIK MapanaTTbl (cumulative reward) 6apbiHLLA apTTbIpYy.

MapanaTt XKaHe cTpaTterna (Reward & Policy)

AreHTKe OHbIH 9peKeTiHiH, KaHLaNbIKTbl NANAaNbl EKEHIH AreHTTiH cTpaTerusacol. On arbIMAarbl Kynre Kapaun kaHgan
KepceTeTiH curHan. Mbicanbl: ypbIiC 9peKeT — +1, kaTe apeKeT SpeKeT TaHAANTbIHbIH aHbIKTANAbI.
— 1.

RL )XyMeCiHiH Heri3ri MakcaTbl — eH TUiMAi casicaTTbl Taby, AFHU eH YNIKEH XUbIHTbIK MapanaTt 6epeTiH CTpaTervsiHbl aHbiKTay:



MoapukoB LueLdimM rnpoueci (MDP)

HblkTanaHabIpyMeH OKbITY KebiHece HerisiHae
cunartTanagbl.

MDP MmbiHO KOMMNOHEeHTTepaeH Typdabil:

S JAN

KyMNep XKblHbI (states) dpeKeTTep XUblHbI (actions)
P(s'ls,q) R(s,q)

Ky aybICy bIKTUMaNablfbl MapanaTt QyHKUNACHI

AreHT Keneci epexxeMeH apeKeT eTefi: aFbIMAarbl Ky MEH bIKTUMan apeKeTTep HerisiHae 6bonalakTarFbl eH,
XKOFapbl KYTi/IETIH MapanaTTbl KAMTaMachI3 eTETIH 9QPEKETTi TaHOAWAbI.



Heriari anropuvutmoep
Q-learning

Q-learning — MOfeNbCi3 HblKTanaHAbIpy anroputmi. On ap
Ky MEH apeKeT ybblHa Q-MaHiH (value) yupeHegai:



Q-learning xxoHe SARSA

Q-(YHKUNSAHbIH, OHTaNbl MaHIH Q-learning-Ke ykcac, bipak, keneci
YMPEHY X3HEe eH XOFapbl KYTiNeTiH SPEeKeTTi areHTTiH HaKTbl TaH4aFaH
Cblakbl bepeTiH apekeTTepai 9pEeKeTiHe Heri3gen XaHapTaabl:

TaHgay.




KoJ1odHy casiasidapbl

HblkTanaHabIpyMeH OKbITY Ka3ip KenTereH cananapaa TabbiCTbl KOAaHbINYAA:

Po6oTtoTexHnka KomMnbroTepnik KApNAbl NKaHe
. ombIHOAP BKOHOMUMKO
PO6OTTbIH, KO3FabICbIH YUPETY,
KegeprinepaeH anHanbin eTy. AlphaGo, Chess Al — agamHaH NiHBecTnumanbik nopTdenbai
YKOFapbl HOTUXE KOPCETKEH 6ackapy.
Xynenep.
OHepreTnKa NKaHe ABTOHOMAObI KoK
sHAOlpIC ABTONUNOT XYylenepi.

PecypcTapabl oHTannbl 6eny.



HbikTONMIAHObIPYMEH OKbITY MeH 6dckd
TacingepniH AbIPMALLbIIbIFbI

Kputepumu

BakbllaHaTbIH OKbITY
BenrineHreH »ayanTap 6ap
KaTe azaunty

CypeT TaHy

BakblnaH6aNTbIH OKbITY
TeK Kipic pepekTtep
Ynri Taby

Knactepusauyms

HbiKTanaHabIpyMeH OKbITY
OpTaHbIH Kepi 6arinaHbICbI
MapanaTtTbl apTTbIpy

Po6oTTbl 6ackapy



KOpbITbiHODI

HblkTanaHabIpyMeH OKbITY — 6yn agaMHbIH TaXipnbe apKbl/ibl YIPEHY NPOLECiH MOAEeTbAENTIH XacaHAb!
MHTENNEKTTIH KyaTTbl 6aFbiTbl. ON areHT NeH opTaHbiH, 63apa 6annaHbICbl apPKbIabl YPEHYTe MYMKIHAIK
bepepi XaHe wewim Kabblngay, backapy XoHe cTpaTerms Kypy MiHAeTTepiHAE epeKLle TUIMA.

e OMblHAAPAA adaMHaAH MbIKTbI XyKrenep xacayra (AlphaGo, Dota2 Al),
e BHAIPICTIK XaHe pobOoTThIK MpoLEeCcTepPAi aBTOMATTaHAbIPYFa,

e WHTENNIeKTYyanabl Wewim Kabblagay XynenepiH gambiTyFa MyMKiHAiIK 6epin oTbIp.

() BonawakTta RL XacaHabl NHTENNEKTTIH HEri3ri KOMNOHEHTTEPIHIH bipi peTiHae akblngbl, ©3iH-63i
XKETINAIpeTiH XynenepaiH aaMybliHa Heri3 6onagpbl.
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