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1. EJIb OCBOEHMA JUCIIUITJIMHbI

Jucnumumna «Artificial Neural Networks (Reinforcement Learning)» BXxoauTt B mporpamMmy
MarucTparypsl «AHanu3 OOJBIIMX JAaHHBIX M TEXHOJOTMHM 3alUThl HHGOpMalUUU» IO
HanpasiieHuto 27.04.04 «YnpasieHue B TEXHUYECKUX CHCTEMax» M MU3y4aercs B 3 cemecTpe 2
kypca. Hucuumnuny peanusyer Kadenpa mexaHukd u mporeccoB ympasieHus. JucuuruinHa
coctouT u3 4 pasgenoB u 10 TeM M HampaBlieHa Ha W3YYEHHUE METOJOB IOCTPOEHMSI CUCTEM
aBTOMATUYECKOTO YIPABIECHUS Ha OCHOBE MCKYCCTBEHHBIX HEHPOHHBIX CETEH, OCBOCHHE METO/I0B
pElIeHNs OCHOBHBIX 3a/ay YIpPaBICHMUsS] C MCIOJNb30BAaHUEM HEUPOHHBIX CETEH, apXUTEKTYp
HEUPOHHBIX CeTeH

Ilenpt0 OCBOEHUSI TUCHMIUIMHBI SBJISETCS OOyYEHHE CTYACHTOB METOAAaM IOCTPOCHUS
HMCKYCCTBEHHBIX HEPOHHBIX CETEH.

2. TPEBOBAHMUSI K PE3YJBTATAM OCBOEHUS JUCHUIIJINHDBI
OcBoenne mucrumnabl  «Artificial Neural Networks (Reinforcement Learning) /
UckyccrBennsie  HeiipoHHble cetu  (OOydeHMe C  TOJIKPEIUICHHEM))»  HalpaBlIeHO Ha

(dbopMupoBaHHEe y 00YYAIOIINXCS CICTYIOMNX KOMIIETEHIIUH (4aCTH KOMIIETEHIUH):

Tabnuya 2.1. Ilepeuenv komnemenyuil, Gopmupyemvix y 00yHarOWuxcs npu 0C80eHuu
OUCYUNTUHDBL (Pe3YIbMaAmbl 0C80EHUS OUCYUNTUHDL)

Indp Kommerenmuust HNuauxaropsl AOCTHIKEHHUs KOMIETeH NN
(B pamMKax JaHHOW IHUCIUILIIHEI)
[TK-1.2 Ymeet ¢popMynupoBaTh HENb U 331a9H HAYIHBIX
CnocobeH (GopMyIHpoBaTh IENH, |MCCIEI0BAHUN B MPOeCCHOHATBHON 00JI1acTH, TOTOBUTH K
3a7a4M HAyYHBIX HCCIICOBAHUH B |ITyOIMKAaNK PE3yJIbTaThl HAYYHBIX HCCIICA0BAHUNA 1 (POPMHUPOBATH
IK-1 obJsracTy 3anMTHl HHQOPMAIMH, |IOKYMEHTHI IS IT0/1a4H 3asBKH Ha H300pETEHHE;;
BEIOMpaTh MeToasl U cpenctBa  |[1K-1.3 Biageer nmpuemamu aist popMyITHpOBKY IS U 33134
pereHus 3aaay Hay4YHBIX UCCIIEJIOBAaHUH, yMEeT BBIOMPATh METO/IbI M CPEACTBA
peuieHust 3a1a4 NpogecCHOHANIBHOM JIesITeNIbHOCTH.
Criocoben ompenensats yrpo3sl  |[I1K-3.1 YMeeT npoBoaANTh aHAIN3 CTPYKTYPHI U COAEPIKAHUSI
6e3omacHoCTH HHPOPMAIUK U |MH(GOPMAIIMOHHBIX IPOIIECCOB U OCOOCHHOCTEH
BO3MOYKHBIE ITyTH €€ 3alUTHl Ha |(YHKIHOHUPOBAHMU HH(OPMAIIMOHHBIX CHCTEM;;
K-3 ocHoBe aHainm3a CTpykTypel 1 |IIK-3.2 YMmeeT hopMynnpoBaTs pekOMEHIANH 110
coJiepkaHusi MHPOPMAIIMOHHBIX |COBEPILIEHCTBOBAHNIO HH(OPMAIIMOHHBIX CUCTEM U TEXHOJIOTHI
MIPOLIECCOB U OCOOEHHOCTEH 3aIIUTHI UX 0E€301TaCHOCTHU OT yTPo3;;
(YHKIMOHAPOBAHUS [1K-3.3 Brnageer MeTonaMu pemnieHus npo(eccCHoHaIbHBIX 3a/1a9 B
MH(OPMALMOHHOM CHCTEMBI obsiacTy 3anMThl HHGOPMALMK ¥ HHPOPMAIMOHHBIX CHCTEM.;

3. MECTO JUCIIMIIJIMHBI B CTPYKTYPE OII BO

Hucuunnuna «Artificial Neural Networks (Reinforcement Learning) / MckyccTBeHHBIE

HelipoHHble cetu (OOydeHHe ¢ TOAKPEISIEHUEM)»
y4aCTHUKAMHU

o0pa3oBaTenbHbIX

OTHOIIIEHUN

OTHOCUTCS K 4YacTH,
omoka 1

dhopmupyemoit
«ductuunnuuel  (MOZYIH)»

00pa3zoBaTeNbHON MTPOTPaMMBI BBICIIIETO 00pa30BaHUSI.

B pamkax o0Opa3zoBaTeslbHOM NporpamMmbl BBICIIETO O0pa30BaHUS OOydYarOIIMECs TaKxKe

OCBaMBarOT
3aIlJTaHUPOBAHHBIX

Apyruce JUCITHUITIINHBI

pe3yabTaToB

A/nnu
OCBOEHUS

CHOCO6CTBYIOH_[I/IC JOCTUXCHHUIO
«Artificial Neural Networks

IMPAaKTHUKHU,
JAUCHUITIIMHBI

(Reinforcement Learning) / ickyccTBennblie HelipoHHbIe ceTd (OOy4eHHe ¢ TOJKPETUICHUEM ).

Tabauya 3.1.

Ilepeuenv komnonenmoe OII BO,

CROCOOCMBYIOWUX  OOCMUNCEHUIO

3ANIAHUPOBAHRHbLX pe3)1bmamoe OC60E€HUA ()ucuunﬂuybl




[penmecrByrommue Hocnexyromue
Mudp Haumenosanue uncfmiﬂnﬂu},Mol;ynn, Z[l/lC[ll/ll'lJ'll/lllIlil/I:/IHOZ[yﬂH,
KOMIeTeHIIH ! « «
MPaKTHKHU NPaAKTHKH
HayduHo-uccrnenoBarenbsckas paboTa
Cli0COBEH oMy THPOBATS (momy4eHne NepBUYHBIX HaBBIKOB
LM, 334K HayUHbIX HayLIHO-I/ICCJIe,[[OBf.iTeJIbCKOI/I
HCCIIEI0BaHMH B 00J1acTH pa60TH) ’ [IpenaumnnomMHas MpaKkTHKa;
[K-1 SAIIATH MEGOPMATIH Hckyccmeennvie netiponnvie cemu
BBIOMPATh METOABI U ’ . .(F.ﬂy Goxoe oOyueniie) ™™,
CpejICTBa pelie 3a7ad Avrtificial Neural_ Networks (Deep
Learning)**;
HayuHo-uccnenoBarenbsckas paboTa
Cnoco0eH onpenensars (mosy4eHue NepBUYHBIX HAaBBIKOB
yIpo3bl 0€30MaCHOCTH Hay4HO-UCCIIE0BATEILCKON
nHPOPMALIUU ¥ BO3MOKHBIE paboTel);
ITyTH €€ 3aIlUTHl HA OCHOBE | Hckyccmeennvie netipounvie cemu | HaydHo-mccienoBarensckas
K-3 aHalM3a CTPYKTYPHI U (I'nybokoe obyuenue)**, pabora;

COZIepIKAHUS
MHPOPMALMOHHBIX
MPOLIECCOB U 0OCOOCHHOCTEH
(GYHKIIMOHUPOBAHUS
nH(OpPMALMOHHOI CUCTEMBI

Artificial Neural Networks (Deep
Learning)**;
TexHOIOrH4YecKue yrpo3sl 1
CUCTEMBI 00CCIICUCHHUS
K1OepOe30MacHOCTH;

[IpenauioMHas mpakTUKa;

* - 3aMONHACTCS B COOTBETCTBUM ¢ MaTpuuei komnereniuii u CYII OIl BO

** - 3JIeKTUBHBIC AUCIMIUINHBI /TIPAKTUKH




4. OFbEM JUCHUILIVMHBI U BUJIbI YYEBHOM PABOTHI

O6mas Tpynoemkocth nucuumuinHbl «Artificial Neural Networks (Reinforcement Learning)» coctaBisieT «5» 3a4eTHBIX €IUHUII.
Tabnuya 4.1. Buowl yuebHOU pabomuvl no nepuooam 0c80eHUs 0OPA308amMeNIbHOlU NPOSPAMMbL 8blCUe20 00pa308anus Oiisl OYHOU @HopMbl
0OyueHusl.

Buja yueOHoii padoThl BCETIO, ak.u. CeMecBT pCED)
Koumaxmmnas paboma, ax.u. 36 36
Jlexrun (JIK) 18 18
Jlabopartopusie pabotsl (JIP) 18 18
IMpaktryeckue/cemunapckue 3ansatus (C3) 0 0
Camocmosmenvras paboma 00y4arOWuxcs, ax.u. 126 126
Koumponw (ax3amen/3auem c oyenkoil), ax.u. 18 18
OO01asi TPYI0E€MKOCTh THCHHILTHHBI aK.4. 180 180
3a4.e/1. 5 5




5. COAEPKAHUE JUCIUITVINHBI

Tabauya 5. 1. Cooepoicanue oucyuniunsvt (MOOYis) no 8udam y4ebHou pabomol

Bun
Homep | HammeHnoBaHue pasnena .
Conep:xanue pasaesa (TeMbl) yueOHOM
pasaena AACHHILTAHBI %
padoThI
CrpykTypa aaropurmMa oOydeHHUs C
1.1 PYKTYp P y JIK, JIP
TOIKPETIIICHUEM.
1.2 Arent. OyHKIMS TOTUTUKU. DYHKIUS [IGHHOCTH. JIK, JIP
Monens. Tumbsl cpen 00yueHHs €
Beenenue B 00yueHue ¢ A peL oy
Paznmen 1 MOAKPEIICHUEM : IeTEPMUHUPOBAHHAS,
MOJKPETIICHUEM. . M
13 CTOXACTHUYECKasl C IOJTHOW U HEMOJIHOU JIK. TIP
' uHpopManuel, TUCKPETHAS M HEIIPpephIBHAS, ’
SMHU30MYECKas ¥ He SIU30IUIECKasi, OJHOATCHTHAS
¥ MHOTOAreHTHasl.
21 MapxkoBckue nenu 1 MapkoBCKUE IPOLIECCHI. TIK. JIP
' MapkoBCKu# npoliecc NPUHITHI pEIICHUH. ’
OYHKITNH IEHHOCTH COCTOSHUSA, Q- yHKIIHS.
2.2 VpaBuenue bennmana v onTuManbHOCTh. BeIBOK JIK, JIP
ypaBHeHHs bennmmana.
Teoperueckue 0CHOBEI 1 JuHamMugeckoe mporpaMMrApoBaHme. MeTo sl
Paznen 2 |meTomsr 00ydeHHs C 2.3 porp P ’ JIK, JIP
Mounte-Kapno u Teopust urp.
MOIKpeTIICHHEM =
OOyueHHe Ha OCHOBE BPEMCHHBIX pa3IHuuit
24 (Temporary Differences). TD npornosupoBanue. JIK, JIP
TD obyuenue.
obyuenune. Anroputm SARSA. (State-Action-
2.5 Q ooy P ( JIK, JIP
Reward-State-Action)
Tporpavroe ITakeTs! porpamMm Ais peanu3aluuu HEHPOHHBIX
Pasnen 3 |obOecrnieucHue 00ydeHHUS C 3.1 TPI IIPOTD p p JIK, JIP
cereil. Tensor Flow
MIOIKpETIJICHHEM
Pa3BuTHE UCKYCCTBEHHBIX I'eneTnyeckoro nporpaMMupoOBaHUE, JEKAPTOBO
HEHPOHHBIX ceTei. TEHETUYECKOE MPOTPaMMUPOBAHHE, METO]I CETEBOTO
Pasnen 4 Lo P 4.1 POTpAMMED A JIK, JIP

MeToabl CHMBOIBHONU
perpeccuu

orepaTopa, BapuanuoHHbIE METO/(bI CHMBOJIBHON
perpeccuu

npaKmuquKue/ceMuHapCKue 3AHAMUAL.

6. MATEPUAJIBHO-TEXHUYECKOE OBECIIEYEHHME JUCHUIIJINHBI

* - 3anonmstercst Toabko 1o QUHOM dopme obyuenus: JIK — nexyuu; JIP — nabopamopuvie pabomul; C3 —

Tabnuya 6.1. Mamepuanvho-mexnuueckoe obecneuenue OUCYUNIUHBL

Tun aynuropuu

OcHaleHue ayIuToOpuu

Crnenunanu3upoBaHHoOe
yueOHOe/1adopaTopHoe
odopynoBanue, [10 u
MaTepuabl 1J1s1 0CBOECHHS
AUCHUTLTAHBI
(mpu He0OXOAMMOCTH)

JlexumnonHuas

Aynuropus ISl IPOBEICHUS 3aHATUI
JIEKIIMOHHOTO TUIIA, OCHAIIIEHHAs
KOMILIEKTOM CIICIIHAIM3UPOBAHHON MeOeH;
JOCKOU (3KpPaHOM) U TEXHUUYECKUMU
CpeICTBaMU MYJbTUMEINA MPE3CHTAIIHH.

KomnerorepHslit
KJ1acc

KomnbroTepHslit Ki1acc it MpOBeACHUs
3aHATUH, TPYNIOBBIX U UHANBUAYAIBHBIX
KOHCYJIbTAIMH, TEKYIIIETO KOHTPOJIS U
MPOMEKYTOYHOM aTTECTallMK, OCHAIIICHHAS
MEPCOHATBHBIMU KOMIIbIOTEpaMH (B
koiunuectse [[lapamerp] mt.), tockoit




(?3KpaHOM) U TEXHUYECKUMHU CPEACTBAMU
MyJIbTUMEMA IPE3ECHTALUN.

Aynuropus Ui CaMOCTOSITEIbHON pabOThI
oOyuaromuxcsi (MOKET UCTIONB30BAThCS IS

st .
A .. | IpOBEIEHUS] CEMUHAPCKUX 3aHATHH U
CaMOCTOSITEIIbHOM .
KOHCYJIbTAINi ), OCHAIIIEHHAS KOMILIEKTOM
paboThI

CTIeUaTM3UPOBAHHON MeOenu u
KoMibroTepami ¢ gocrynoM B JUOC.

* - ayIUTOpHS AJISl CAMOCTOSTENIbHOI padoThl 00yyaroniuxcs ykaspiaercs OBA3ATEJIDBHO!

7. YAEBHO-METO/MYECKOE 1 THO®OPMAIIMOHHOE OBECIIEYEHHUE JUCIHUILIJINHBI

Ocnoenas numepamypa:
1. Carron Puuapn C., bapro Ouapro I'. O6yuenue ¢ noakpermneHrnem = Reinforcement
Learning. — 2-¢ u3nanue. — M.: JIMK npecc, 2020. — 552 ¢. — ISBN 978-5-97060-097-9.
2. PozenOnart, @. [Ipuauuns! HeiiponuHamuku: [leprienTpoHbl U TeOpHUs MEXaHU3MOB
mo3ra = Principles of Neurodynamic: Perceptrons and the Theory of Brain Mechanisms. — M.:
Mup, 1965. — 480 c.3.
3. A.H.Bacunses, [[.A.TapxoB. HeiipocteBoe moaenupoBanue. [I[puHIUIIBI. AITOPUTMBI.
[Mpunoxenus. CI16.: U3a-Bo [TomurexH. YH-Ta, 2009. ISBN 978-5-7422-2272-9
4. C.C.Aggarwal. Neural Networks and Deep Learning. A Textbook. Springer
International Publishing
5. I.A. TapxoB. Heliponnsle cetu. Mojnienu u anroputmsel. M., Paguotexnuka, 2005.
(Hayunas cepus "Helipokomnbrorepsl 1 ux npumenenue", pea. A.M.INanymkun. Ku.18.)
HononnumenvHas numepamypa:
1. D.E.Rumelhardt, G.E.Hinton, R.J.Williams. Learning representations by back-
propagating errors. Nature, 1986, V.323, pp.533-536.
2. Caudill, M. The Kohonen Model. Neural Network Primer. Al Expert, 1990, 25-31.
3. J.J.Hopfield. Neural networks and physical systems with emergent collective
computational abilities. Proceedings of National Academy of Sciences of USA, 1982, V.79,
No.8, pp.2554-2558.
Pecypcuvl ungpopmayuonno-menekommynuxkayuonnou cemu « nmepnemy:
1. ObC PY1H u croponnne ObC, Kk KOTOPBIM CTYIE€HThl YHUBEPCUTETA UMEIOT JOCTYII
Ha OCHOBaHUH 3aKJIIOYEHHBIX JOTOBOPOB
- DnexkTpoHHO-6ubmoTeunas cuctema PY/IH — 9bC PYIH
http://lib.rudn.ru/MegaPro/Web
- OBC «YHuBepcuTeTckas Oudbanoreka onnaita» http://www.biblioclub.ru
- OBC Opaiit http://www.biblio-online.ru
- ObC «KoHcynbpTaHT cTyeHTay www.studentlibrary.ru
- OBC «Tpounkuit MmocT»
2. ba3pl JaHHBIX U TOMCKOBBIE CCTEMBbI
- JJIEKTPOHHBIN (POH]] TPABOBOM U HOPMATUBHO-TEXHUYECKOM TOKYMEHTALUU
http://docs.cntd.ru/
- mouckoBas cucreMa Suaekc https://www.yandex.ru/
- mouckoBas cuctema Google https://www.google.ru/
- pedeparuBHas 6a3a nanueix SCOPUS
http://www.elsevierscience.ru/products/scopus/
Yuebno-memoouueckue mamepuansvt 0151 cCamocmosmenbHol pabomol 00y4arOWUXC NPU
0CBOCHUU OUCYUNTUHBL/MOOYAA ™!
1. Kypc nexmuit mo muctmmmne «Artificial Neural Networks (Reinforcement Learning) /
HckyccTBeHHble HelipoHHbIe ceTh (OOyUeHHe ¢ MOIKPEIUICHHEM ).




* - Bce yueOHO-METOAMYECKHE MaTepHallbl I CaMOCTOATENbHON paboThl 00yJaromuxcs
pa3MeIalTCs B COOTBETCTBUU C ICUCTBYIOIIMM MOPsIKOM Ha cTpaHulle quciuruimasl B TYUC!



PABPABOTYMUK:

CanteikoBa Onbra

HoueHt AnekcanapoBHa
Jonoxcnocms, BYIT Tloonuce Damunus 1. 0.
PYKOBOJUTEJIb BYII:
Paszymusrii FOpuit
3aBenyromuii kadeapoit Hukonaeuu
Jonoscnocmo BYIT Tloonuce Damunus U.0.
PYKOBO/JUTEJIb OII BO:
Pazymusiii FOpuit
ITpodeccop Hukonaesnu
Honxcnocmo, BYITT Ioonuce Damunus U.0.



