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1. HEJIb OCBOEHUSA JUCHUITJINHBI

HucrunmHa «Artificial Neural Networks (Reinforcement Learning) / ickyccTBeHHbIE HEUPOHHBIE CETH
(OOyueHne c¢ MOAKPEIUIEHHEM)» BXOAUT B MPOrpaMMy MarucTparypbl «VICKyCCTBEHHBIM WHTEIIEKT,
MalImHHOE OOyYeHHE W KOCMHUYECKHE HayKuW» 1o HampasieHuio 27.04.04 «YmpaBieHue B TEXHHUECKUX
cucTeMax» M m3ydaercs B 3 cemectpe 2 Kypca. Qucnuminny peanusyer Kadenpa MexaHUKH B MPOIECCOB
ynpasieHus. JluciumimHa coctouT u3 4 pasmenoB u 10 Tem u HampaBieHa Ha u3ydeHne methods for
constructing automatic control systems based on artificial neural networks, mastering methods for solving
basic control problems using neural networks, neural network architectures.

Ilenpto ocBoeHUs mucHMIUIMHBI sBiseTcs teaching students methods of constructing artificial neural
networks.

2. TPEBOBAHMUS K PE3YJIBTATAM OCBOEHMUA JTUCIHUIIJIMHBI

OcBoenue mucturiuabl «Artificial Neural Networks (Reinforcement Learning) / UckyccTBeHHBIE
HelipoHHbIe ceTh (OOydYeHue C MOAKPEIICHUEM )» HallpaBIeHO Ha (POPMUPOBAHKE Y 00yJAFOIIIHXCS
CJICTYIONINX KOMITETCHIIMH (YaCTH KOMITETCHITHH ):

Tabnuya 2.1. Ilepeyenv komnemenyuii, popmupyemvlix y 00y4aouuxcs npu 0C80eHUuU OUCYUNIUHb]
(pe3ynbmamsi 0C80eHUs OUCYUNTUHDL)

Inep KoMmeTenmuust HNuaukatopsi AROCTHKEHHS KOMIETEHIIHH
(B paMKax JaHHOW JUCHMILIMHBI)
CniocobeH (hopMynHpoBaTh I, 3a0a9H ITK-1.1 3HaeT METONBI M CPENICTBA PEIICHUS 3319
HAayYHBIX HCCIICOBAaHUHN B 001aCTH HayYHBIX UCCIICIOBAHUH B 00IaCTH CHCTEM
YIpaBIICHHUS a9POKOCMHYECKUMH CHCTEMaMH, HCKYCCTBEHHOTO MHTEIJICKTa U POOOTOTEXHIYECKUX
BBIOMpPATh METOJBI M CPEICTBA PEIICHUS CHUCTEM;;
K-1 podecCHOHATBHBIX 3a1a4 TTK-1.2 YmeeT GpopMmynupoBarh eIb U 3aJ1a91 HAyIHBIX
WCCIIeIOBAaHUH B IPO(ECCHOHATLHOM 001acTH;;
[TK-1.3 Bnageer npueMamu aj1st GOPMYITHPOBKH TISITH U
3a/1a4 Hay9YHBIX HCCIICIOBAaHUN, yMEeT BHIONpaTh
METOIIBI ¥ CPEJICTBA PEIICHNUS 3a1a4
podeCCHOHATBFHOM eATeTHHOCTH;
CriocobeH y4acTBOBAaTh B MPOBEICHUN TTK-4.1 3HakoM ¢ OCHOBHBIMH METOJJaMH H TTOIXOJIaMH,
Hay4YHBIX UCCIICIOBAaHUH U pa3paboTke MPUMEHSIEMBIMH IS peIICHNS 3a7a4 B 00JIacTh
MIPOEKTHBIX PEIIeHUH B 00/1acT! OaTUCTHKH, HCKYCCTBEHHOTO MHTEIJICKTa U POOOTOTEXHIMYECKUX
JUHAMUKH ¥ yTIPABICHHUS TOIETaMH CHUCTEM;;
[K-4 KOCMHYECKHX ariaparoB [1K-4.2 Bnageer MeTomaMu pemieHus
nmpodecCHOHABHBIX 337249 B 00JACTH HCKYCCTBEHHOTO
WHTEJUIEKTa U POOOTOTEXHUIECKUX CHCTEM;;
[TIK-4.3 YMmeeT mpuMeHATh MaTeMaTHIeCKHEe METOIBI U
COBpEeMEHHBIE HH()OPMAIIMOHHBIE TEXHOJIOTHH TTPH
MIPOBEICHIH HAyYHBIX UCCIICIOBAHUI;

3. MECTO JUCHUIIJIMHBI B CTPYKTYPE OII BO

HucrummHa «Artificial Neural Networks (Reinforcement Learning)» orHocutes k gactu, hopMupyemoit
yYacCTHHUKaMU OOpa30BaTebHBIX OTHOIICHWH Onoka 1 «Jlucuummabl (Momynn)» 00pa3oBaTeabHOM
IPOTPaMMBI BBICIIIETO 00pa3oBaHusl.

B pamkax oOpa3oBaTenbHONW TPOrpaMMBbl BBICHIETO OOpa3oBaHUs OOydYaroIIMecs Tak)Ke OCBaWBaIOT
Jpyrue TUCUUIUIMHBI W/WIU TPAKTUKH, CIIOCOOCTBYIOIIUE JOCTH)KCHUIO 3aINTAHMPOBAHHBIX PE3YIIBTATOB
ocBoenus nucturiuHbl «Artificial Neural Networks (Reinforcement Learning)y.

Tabnuya 3.1. Ilepeyenv komnonenmos Ol BO, cnocob6cmeyowux 00CmudceHuro 3an1aHupo8aHHbIX
Pe3yIbmamos 0C80enUs OUCYUNTUNBI

IIpenmecTByomue Hocnenyromue
HaumeHnoBaHue per YOI AYTOTH
HIudp JUCHUTITAHBI/ MOTYJIH, JUCIUTLTAHBI/ MOTYJIH,
KOMMETEHIIH NPaKTHKH* NPaKTHKA*




HanveHoBAHE IIpenmecTByomue Mocaenyromue
HIngp AUCHUILINHBI/ MOTYJIH, JUCHUTIIHHBI/MOLYJIH,
KOMMeTeHIH - .
MPaKTUKH NPAKTHKHA
CriocobeH GpopMyarpoBaTh Research work / Undergraduate practice /
LeTIH, 3a/1a9K HAaYYHBIX Hayuno-uccnenoBarenbckas [IpenauruioMHas npaxkTuKa;
nccIen0BaHuil B 001acTH pabora (1ony4eHue IepBUYHBIX
K-1 yIpaBICHUS HaBbIKOB }
A3POKOCMHUYECKUMH Hay4YHO-NCCJIEA0BATEIbCKON
CHCTEMaMH, BEIOUPATh METOJIbI paboThl);
U CPEJICTBA PELICHUS Introduction to Natural Language
npodeccroHaNbHBIX 3a/1a4 Processing;
Crioco0eH y4acTBOBAaTh B Research work / Undergraduate practice /
MIPOBEACHUN Hay4HBIX Hayuno-uccnenoBarenbckas [IpenaurioMHas npaxkTuKa;
UCCIIEI0BaHUM U pa3paboTKe pabora (Tony4eHue IepBUYHBIX
K4 IIPOCKTHBIX PEICHUIT B HaBBIKOB
obnacti OaJUTMCTUKH, Hay4YHO-NCCJIEA0BATEIbCKON
JIUHAMUKH M yIIPABICHUS paboThl);

IoJIETaMHU KOCMHYCCKUX
armaparoB

Artificial Intelligence;

* - 3aMOJTHAETCS B COOTBETCTBHY ¢ Marpuiiet komnerennuit u CYII OIT BO
** - 3JIeKTHBHBIE AUCIUIUIHHBI /TIPAaKTHKU




4. OFBbEM JUCHUILIMHBI 1 BUJIbl YYEEHOM PABOTBI

Oo6mas Tpymoemkocts aucuuriuHbl «Artificial Neural Networks (Reinforcement Learning) / MickyccTBenHble HeliponHble cetu (OOydeHue ¢
MOJIKPETIIEHUEM )» COCTABIISIET «3) 3aU€THBIC €IUHULIBI.

Tabnuya 4.1. Buowl yuebHoti pabomuvl no nepuoodam 0C8oeHUsL 00pPaA308amMenbHOU NPOCPAMMUBL 8bICULIE20 0OPA308aHUSL OISl OYHOU OopMbL 00YUeHUs.

Bun yueoHoii padoTsl BCEIO, ak.u. CeMec:;r P(bD)
Koumaxmmuas paboma, ax.u 34 34
Jlexmmn (JIK) 17 17
Jlaboparopusie pabotsi (JIP) 17 17
[Ipaxtnaeckue/cemmnapckue 3ausatus (C3) 0 0
Camocmosmenvhas paboma obyuauuxcs, ax.y. 47 47
Koumponw (sx3amen/3auem c oyenkou), ax.y. 27 27
ak.u.| 108 108
Oomasi Tpy10eMKOCTb JTHCHUILINHBI aK. Y.
3a4.ef. 3 3




5. COAEP)KAHUE JUCLHUIIJINHBI

Tabnuya 5.1. Coodeporcanue oucyuniutvl (MoOYs) no eudam yuebHou pabomot ™

Homep HaumeHoBaHue pa3iena B .
pastera S HaunmeHoBaHue TeMbI Conepixanune TeMbl y4ueoHOMI
padoThI*
Reinforcement learning as a machine learning paradigm where an agent learns through
Structure of the interaction with an environment. Structure of the algorithm: the agent performs actions, the
1.1 reinforcement learning environment transitions to a new state and returns a reward. The interaction cycle: action, JIK, JIP
algorithm. state change, reward reception, policy update. Difference between reinforcement learning and
supervised learning: absence of correct answers, learning through trial and error.
The agent as a learnable entity that makes decisions and interacts with the environment.
12 Agent. Policy function. Value [Policy function as a rule or strategy for selecting actions in each state. Value function as an K. TIP
. . ) function. estimate of the total expected reward the agent can obtain from a given state or after ’
Introduction to Reinforcement . . . . . . .
Pazmen 1 Learning. performing a given action. Difference between state value function and action value function.
Model. Types of Environment model as a description of its dynamics, including transition probabilities
reinforcement learning between states and reward distributions. Environment types: deterministic with strictly
environments: deterministic, |defined action outcomes versus stochastic with random transitions. Full information
13 stochastic with complete and |environments where the agent observes the complete state versus partial information TIK. TIP
) incomplete information, environments with limited observability. Discrete environments with a finite set of states ’
discrete and continuous, versus continuous environments with infinite possibilities. Episodic environments with
episodic and non-episodic, |natural termination versus continuing environments without a clear end. Single-agent
single-agent and multi-agent. |environments versus multi-agent environments with interacting agents.
Markov chain as a sequence of random states where the probability of the next state depends
. only on the current state. Markov process as a generalization of Markov chains with
Markov chains and Markov . . . . o
.. continuous time or state space. Markov decision process as a formalism for describing
2.1 processes. Markov decision . . . . . .. s JIK, JIP
process. relnfqrcement 1§am1ng problems, including states, actions, transition probabilities, rewafd
function, and discount factor. Markov property: the future does not depend on the past given
the present.
State value function as the expected sum of discounted rewards when following a given
State value functions, policy from a given state. Q-function as the value of taking a specific action in a specific state
29 Q-function. Bellman equation |and then following the policy. Bellman equation as a recursive relationship linking the value TIK. JIP
' and optimality. Derivation of |of the current state to the values of subsequent states. Optimality in reinforcement learning: ’
Theoretical foundations and the Bellman equation. achieving the maximum expected total reward. Derivation of the Bellman equation by
Pazmen 2 |methods of reinforcement decomposing value into immediate reward and discounted future value.
learning Dynamic programming as an approach to solving Markov decision processes with a known
environment model. Policy iteration with sequential policy improvement. Value iteration for
Dynamic programming. directly computing the optimal value function. Monte Carlo methods as a way to estimate
2.3 Monte Carlo methods and value functions by averaging rewards from multiple interaction episodes. Application of JIK, JIP
game theory. Monte Carlo methods when no environment model is available. Game theory in the context
of multi-agent reinforcement learning: Nash equilibrium, cooperative and non-cooperative
games.
. Temporal difference learning as a combination of Monte Carlo methods and dynamic
Learning based on temporal . .
24 differences. TD forecasting. programming. Value update after each step based on the difference between current and next JIK, JIP

TD learning.

estimates. TD prediction as the task of estimating future total reward from each state. TD
error as the difference between new and old value estimates. Advantages of TD methods over




Bun

Homep HaumenoBanmue pa3gena "
HaumeHnoBaHue TeMbl Conep:xanue TeMbl yueOHoit
pasnena AMCIMIIINHBI *
padoThI
Monte Carlo methods: ability to learn in continuing episodes and lower estimate variance.
Q-learning as a model-free method that updates Q-function based on the optimal value
Q learning. SARSA regardless of the current policy. Off-policy nature of Q-learning: the agent learns the optimal
25 algorithm. policy while following an exploratory policy. SARSA algorithm as a method that updates TIK. TP
' (State-Action-Reward-State- |Q-function based on the actual actions taken by the agent. On-policy nature of SARSA: the ’
Action) agent learns the policy it follows. Comparison of Q-learning and SARSA: Q-learning is more
optimistic, SARSA is safer in risk-sensitive tasks.
Software packages for implementing neural networks in reinforcement learning tasks.
Software packages for TensorFlow as an open-source library for numerical computation and machine learning.
Pazmen3 |Reinforcement learning software (3.1 implementing neural Components of TensorFlow: tensors as multi-dimensional arrays, computation graphs for JIK, JIP
networks. Tensor Flow describing operations, automatic differentiation. Using TensorFlow to approximate value
functions and policies with deep neural networks. Alternative libraries: PyTorch, Keras, JAX.
Genetic programming as an evolutionary method for automatic creation of computer
. . programs represented as syntax trees. Genetic programming operations: crossover for
Genetic programming, . . . . . .
. . swapping subtrees, mutation for randomly changing nodes. Cartesian genetic programming
e Cartesian genetic . . . . .
Development of artificial neural oorammine. network with program representation as a directed graph of nodes arranged on a two-dimensional
Paznen4 [networks. Symbolic regression (4.1 prog & grid. Compactness and efficiency of Cartesian representation. Network operator method as a | JIK, JIP

methods

operator method, variational
methods of symbolic
regression

way to encode structures of complex systems as matrices followed by evolutionary
optimization. Variational methods of symbolic regression for finding analytical expressions
describing experimental data. Comparison of symbolic regression methods with neural
network training: interpretability of results versus flexibility and scalability.

* - zamonHsiercst Tonbko o OYHOU dopme obyuenus: JIK — nekum; JIP — maboparopusie padotsl; C3 — npakTHUecKre/CEMUHAPCKHE 3aHATHSL.




6. MATEPUAJIBHO-TEXHUYECKOE OBECIHEYHEHUE JUCIHHUIIVINHBI

Tabnuya 6.1. Mamepuanoho-mexnuyeckoe obecneuerue OUCYUNIUHBL

Crnenuaau3upoBaHHoe
y4yeOHOe/1adopaTopHOe 000pyI0BaHHE,
IO n maTepuaJibl 171 0CBOCHUS
AUCHMIUINHBI (IPH HE00X0IMMOCTH)

Tun ayiuropuu OcHaleHue ayTuTopuu

Aynutopus A71sl IPOBEIEHHS 3aHATHH JTEKIIMOHHOTO
THUIIA, OCHAIIIEHHAs] KOMIUIEKTOM
JlexunonHas CIeLMAIM3UPOBAHHOI MeOeIH; TO0CKOit (3KpaHoM) U
TEXHUYECKUMU CPEICTBAMU MYyIbTUMETNA
Ipe3eHTalHH.

KommnbrotepHbiii Ki1ace uist MpOBEASHUS 3aHATHIA,
TPYIIOBBIX U UHAUBUYAbHBIX KOHCYJIBTAIHM,
TEKYIIEro KOHTPOJISI U IPOMEKYTOUHON arTecTalu,
KommnbrotepHsiii kitacc OCHAaIllEHHAs IEPCOHAILHBIMU KOMITbIOTEpaMH (B

KOJIMYECTBE _ IUT.), JOCKOH (9KpaHOM) U
TEXHUYECKUMHU CPEICTBAMH MYJIbTUMEANA
Ipe3eHTalMH.

Ayauropust JuIsi CaMOCTOSITEbHON paboThI
oOyuaronuxcst (MOXKET UCTIONb30BATHCS IS
NPOBE/ICHUS CEMUHAPCKUX 3aHATHH U KOHCYJIbTaluii),
OCHAILIEHHAsi KOMITJIEKTOM CIIEeLHaIM3UPOBAHHOM
MeOenu u komnbloTepamu ¢ goctyrnom B SUOC.

Jms  caMoCTosITeIbHOM
paboTHI

* - ayquTOpUS ISl CAaMOCTOSITEIFHOM padoTs! oOydaronmxcs ykassiBaetcst OBSI3ATEJIBHO!
7. YHEBHO-METOAUYECKOE U HTHOOPMALIMOHHOE OBECIIEYEHHUE JUCHUITJINHbI

OcHogHas numepamypa:

1. Carron Puuapn C., bapro Duapro I. O6ydenune ¢ noakpemiennem = Reinforcement Learning. — 2-¢
u3nanue. — M.: IMK mpecc, 2020. — 552 c. — ISBN 978-5-97060-097-9.

2. PozenOnart, @. [Tpuniune: HeliponuaaMmuku: [leprienTpoHs! U TeOpUsa MEXaHU3MOB Mo3ra = Principles
of Neurodynamic: Perceptrons and the Theory of Brain Mechanisms. — M.: Mup, 1965. — 480 c.3.

3. A.H.Bacunnes, [[.A.TapxoB. HeitpocteBoe mogenupoBanue. [Ipuniunel. AnroputMmel. [Ipunoxenus.
CIIG.: U3zn-Bo IMonutexH. Yu-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. Heliponnslie cetu. Moznenu u anroput™msl. M., Pannorexnuka, 2005. (Hayunas cepust
"HetlipokoMibrotreps! U ux npuMmenenue"”, pen. A.M.I'anymkus. Ku.18.)

Jlononnumenvuas iumepamypa:

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.

Pecypcwr ungopmayuonno-menexommynukayuonnou cemu « Mumepnemny:

1. 9bC PYIH u croponnue DbC, Kk KOTOPbIM CTYI€HThl YHUBEPCUTETA UMEIOT IOCTYIT HA OCHOBAaHUHU
3aKJIFOYEHHBIX IOTOBOPOB

- DnekrponHo-6ubnuoreunas cucrema PYJ/IH — ObC PY/IH https://mega.rudn.ru/MegaPro/Web
- OBC «YHuBepcuteTckas 6ubmnoTeka onnan» http://www.biblioclub.ru
- OBC HOpaiit http://www.biblio-online.ru
- OBC «KoHcynpranT ctynenray www.studentlibrary.ru
- OBC «3nannym» https://znanium.ru/
2. ba3bl JaHHBIX ¥ IOUCKOBBIE CUCTEMBI
- Sage https://journals.sagepub.com/
- Springer Nature Link https://link.springer.com/




- Wiley Journal Database https://onlinelibrary.wiley.com/
- Hayxomerpuueckas 6a3a nanusix Lens.org https://www.lens.org

Vuebno-memoouueckue mamepuanvl 05t CAMOCMOAMENbHOU Pabomuvl 00YYAWUXCI NPU OCBOEHUU
QUCYUNTUHBL/MOOYIS*:

1. Kypc nexumii mo auctumuinae «Artificial Neural Networks (Reinforcement Learning)y.

* - Bce yueOHO-METOANUECKUE MaTepHaIbl 1711 CaMOCTOATEIbHONH paboThl 00yHaIOIMXCS Pa3MEILAIOTCs B COOTBETCTBHUU C JEHCTBYIOIMM
NopsAAKOM Ha crpanule aucuuuinssl B TYUC!
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