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1. EJIb OCBOEHMA JUCIIUITJIMHbI

Hucummmuaa «Artificial Neural Networks (Reinforcement Learning) / HckyccTBeHHBIC
HelipoHHble cetd (OOydYeHue C MOIKPEIICHUEM )» BXOAMUT B MPOTPaMMy MarucTpaTypbl «AHaIU3
OONBIIMX JAaHHBIX W TEXHOJOTMW 3aIuThl HHpOpMamuu» 1o HampasineHuo 27.04.04
«YrpaBieHHe B TEXHMYECKHUX CHCTEMax» M u3ydaercsi B 3 cemectpe 2 Kypca. Jucuuniauny
peanmzyet Kadenpa MexaHUKHU U TIPOLIECCOB yIpaBieHUs. JJUCIIUTUTMHA COCTOUT U3 4 pa3ielioB U
10 Tem u HampaBicHa Ha uzyderue methods for constructing automatic control systems based on
artificial neural networks, mastering methods for solving basic control problems using neural
networks, neural network architectures.

Llenpto ocBoeHusi mucuMIUIMHBL siBisercs teaching students methods of constructing
artificial neural networks.

2. TPEBOBAHMUS K PE3YJIIBbTATAM OCBOEHUSA JUCHUIIJIMHBI
OcBoenne muctumnael  «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)
[IK-1.2 Ymeet ¢popMynupoBaTh LENb U 3329 HAYIHBIX
CnocobeH (GopMyIHpoBaTh IENH, |MCCIEI0BAHUN B MPOeCCHOHATBHON 00JI1acTH, TOTOBUTH K
3a7]a4M HAyYHBIX HCCIICAOBAHUH B |ITyOJIMKAaMy Pe3yJIbTaThl HAYYHBIX UCCIEAOBaHUH 1 GOpMUPOBATH
IK-1 obJracTy 3anMThl HHQOPMAIMH, |IOKYMEHTHI [UISl TT0/1a4H 3asBKH Ha M300pETEHHE;;
BEIOMpaTh MeTobl U cpencTBa  |[1K-1.3 Biageer npuemamu aiist OpMyIHPOBKY ST U 33724
pereHus 3aaay HayYHBIX HCCIIEIOBaHUH, yMeeT BRIOMpPATh METOBI M CPEICTBA
peuienust 3a71a4 npogecCHOHANBHOM JIesITeNIbHOCTH.
Criocoben ompenensats yrpo3sl  |[I1K-3.1 YMeer npoBoaANTh aHANIN3 CTPYKTYPBI U COAEPIKAHUSI
6e3omacHoCTH HHPOPMAIUK U |MH(GOPMAIIMOHHBIX IPOIIECCOB U OCOOCHHOCTEH
BO3MOYKHBIE ITyTH €€ 3alUTHl Ha |(YHKIHOHUPOBAHMU HH(OPMAIIMOHHBIX CHCTEM;;
K-3 ocHoBe aHaim3a CTpykTypel 1 |IIK-3.2 YMmeeT hopMynmnpoBaTs pekoOMEHIANH 110
coJiepkaHusi MHPOPMAIIMOHHBIX |COBEPILIEHCTBOBAHNIO HH(OPMAIIMOHHBIX CUCTEM U TEXHOJIOTHI
MIPOLIECCOB U OCOOEHHOCTEH 3aIIUTHI UX 0E€301TaCHOCTHU OT yTPo3;;
(YHKIMOHAPOBAHUS [1K-3.3 Brnageer MeTonaMu penieHus npo(eccHoHaIbHBIX 3a/1a9 B
MH(OPMALMOHHOM CHCTEMBI obsiacTy 3anMThl HHGOPMALMK ¥ HHPOPMAIMOHHBIX CHCTEM.;

3. MECTO JUCIIMIIJIMHBI B CTPYKTYPE OII BO

Hucuumnuna «Artificial Neural Networks (Reinforcement Learning) / MckyccTBeHHBIE

HelipoHHble cetu (OOydeHHE C TOAKPEISIEHUEM )
y4aCTHUKAMHU

00pa3oBaTeIbHBIX

OTHOIIIEHUN

OTHOCHTCS K YacTH,
oimoka 1

dhopmupyemoit
«ucuumiueel  (MOZYIH)»

00pa3zoBaTeNbHON MTPOTPaMMBI BBICIIIETO 00pa30BaHUSI.

B pamkax o0Opa3zoBaTeslbHOM NporpamMmbl BBICIIETO O0pa30BaHUS OOydYarOIIMECs TaKxKe

OCBaMBarOT
3aIlJTaHUPOBAHHBIX

JUCIIUILINHEI
pe3ynbTaToOB

apyrue

A/nnu
OCBOEHUS

CHOCO6CTBYIOH_[I/IC JOCTUXCHHUIO
«Artificial Neural Networks

IMPAaKTHUKHU,
JAUCHUITIIMHBI

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

Tabauya 3.1.

llepeuenv komnonenmoe OII BO,

CROCOOCMBYIOWUX  OOCMUNCEHUIO

3ANIAHUPOBAHRHbLX PE3)1bmamoe OC60€HUA ()ucuunﬂqul




IIpenmecrByromue Hocaenywomue
HIngp Haumenosanne zmcfmnrmnnbl},Molzl:ynu, Ill/lcul/lﬂﬂl/lllll)]:l/;luOZ[yﬂH,
KOMIIeTeHI[UH % «
MPaKTHKH NPaKTUKHU
Hayuno-uccienoBarensckas pabora
Cli0COBEH oMy THPOBATS (ToTyueHue epBUIHBIX HaBBIKOB
HAyYHO-HCCIIEI0BATENBCKOM
L, 33781 HayTHEIX AGOTHI):
HACCIIEI0OBAaHUI B 00J1aCTH p 2’ IIpennumnnomMHas NpaKkTHKa;
[K-1 SAIIATH MEGOPMATIH Hckyccmeennvie netiponnvie cemu
BBIOUPATH METOJTBI U , . .(F.ﬂy boxoe obyenue) ™™,
CpejICTBa pelie 3a7ad Avrtificial Neural_ Networks (Deep
Learning)**;
Hcxycemeennvie netiponnvle cemu
CrniocoOeH onpeaensiTh (I'nybokoe obyuenue)*™>;
yrpo3sl 0€30MacHOCTH Artificial Neural Networks (Deep
HH(POPMAIIHH U BO3MOXKHBIC Learning)**;
ITyTH €€ 3alllUTHl HA OCHOBE TexHOIOTHYECKIE YTPO3H U HayuHo-mccnemoBarenbekas
K-3 aHalM3a CTPYKTYPHI U CHUCTEMBI 00CCTICYCHHUS paborta;

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

KHOepOe30MacHOCTH;
Hayuno-uccnenoBarensckas paboTa
(moTy4YeHue TIePBUYHBIX HABBIKOB
Hay4YHO-HCCIIEI0BATEIbCKOM
paboTs);

Hpe,Z[Z[I/IHJ'IOMHaﬂ IIpaKTHUKa,

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

** - 3JIeKTUBHBIC AUCIMIUINHBI /TIPAKTUKH




4. OFbEM JUCHUILIVNHBI U BUJIbI YYEBHOM PABOTHI

O6mas Tpynoemkocts nucuurmuinibl «Artificial Neural Networks (Reinforcement Learning) / MckycctBennbie HelipoHHble cetn (OOydeHue ¢
MOJIKPETIJICHHEM )» COCTABIISIET «5)» 3a4ETHBIX SAMHHII.

Tabauya 4.1. Buowvl yuebHoli pabomvl no nepuooam 0C80eHUs 00pA308AMENbHOU NPOSPAMMbL 8bICUIE20 00PA306aHUS ONs1 OYHOU GopMbl
00yuenus.

Bun yueOHoii padoThI BCETIO, ak.u. CEMec; p(B)
Konumaxmmnas paboma, ax.u. 36 36
Jlexuuu (JIK) 18 18
Jla6opartopHsie pabotsl (JIP) 18 18
IMpaktuueckue/cemunapckue 3ansatus (C3) 0 0
Camocmosmenvras paboma oby4arowuxcs, ax.u. 126 126
Koumponw (sx3amen/3auem c oyenkou), ax.u. 18 18
OO01mIasi TPYT0EMKOCTh THCIHILTAHBI aK.v. 180 180
3a4.e/l. 5 5




5. COAEPKAHUE JTUCIUIIJIMHbI

Tabauya 5.1. Codepoicanue oucyuniunvl (MoOYas) no 8U0am y4eonol pabomoi

Bun
HaunmeHnoBanue TeMbl Copep:xaHue TeMbl yueOHoit
padoThI*

Homep HaumenoBanmue pazaesna
pasiena AUCHHUTLIUHBI

Reinforcement learning as a machine learning paradigm where an
agent learns through interaction with an environment. Structure of
the algorithm: the agent performs actions, the environment
transitions to a new state and returns a reward. The interaction JIK, JIP
cycle: action, state change, reward reception, policy update.
Difference between reinforcement learning and supervised learning:
absence of correct answers, learning through trial and error.

Structure of the reinforcement learning

11 algorithm.

The agent as a learnable entity that makes decisions and interacts
with the environment. Policy function as a rule or strategy for
selecting actions in each state. Value function as an estimate of the
total expected reward the agent can obtain from a given state or after
Introduction to Reinforcement performing a given action. Difference between state value function
Learning. and action value function.

1.2 |Agent. Policy function. Value function. JIK, JIP

Paznen 1

Environment model as a description of its dynamics, including
transition probabilities between states and reward distributions.
Environment types: deterministic with strictly defined action
Model. Types of reinforcement learning outcomes versus stochastic with random transitions. Full
environments: deterministic, stochastic with information environments where the agent observes the complete
1.3 |complete and incomplete information, discrete |state versus partial information environments with limited JIK, JIP
and continuous, episodic and non-episodic, observability. Discrete environments with a finite set of states
single-agent and multi-agent. versus continuous environments with infinite possibilities. Episodic
environments with natural termination versus continuing
environments without a clear end. Single-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 continuous time or state
Theoretical foundations and 2.1 space. Markov decision process as a formalism for describing JIK, JIP
Pasnen 2 |methods of reinforcement reinforcement learning problems, including states, actions, transition
learning probabilities, reward function, and discount factor. Markov
property: the future does not depend on the past given the present.

Markov chains and Markov processes. Markov
decision process.

State value functions, Q-function. Bellman State value function as the expected sum of discounted rewards

2.2 equation and optimality. Derivation of the when following a given policy from a given state. Q-function as the

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

Bellman equation.

value of taking a specific action in a specific state and then
following the policy. Bellman equation as a recursive relationship
linking the value of the current state to the values of subsequent
states. Optimality in reinforcement learning: achieving the
maximum expected total reward. Derivation of the Bellman
equation by decomposing value into immediate reward and
discounted future value.

2.3

Dynamic programming. Monte Carlo methods
and game theory.

Dynamic programming as an approach to solving Markov decision
processes with a known environment model. Policy iteration with
sequential policy improvement. Value iteration for directly
computing the optimal value function. Monte Carlo methods as a
way to estimate value functions by averaging rewards from multiple
interaction episodes. Application of 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.

JIK, JIP

24

Learning based on temporal differences. TD
forecasting. TD learning.

Temporal difference learning as a combination of Monte Carlo
methods and dynamic programming. Value update after each step
based on the difference between current and next 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 Monte Carlo methods:
ability to learn in continuing episodes and lower estimate variance.

JIK, JIP

25

Q learning. SARSA algorithm. (State-Action-
Reward-State-Action)

Q-learning as a model-free method that updates Q-function based on
the optimal value regardless of the current policy. Off-policy nature
of Q-learning: the agent learns the optimal policy while following
an exploratory policy. SARSA algorithm as a method that updates
Q-function based on the actual actions taken by the agent. On-policy
nature of SARSA: the agent learns the policy it follows.

Comparison of Q-learning and SARSA: Q-learning is more
optimistic, SARSA is safer in risk-sensitive tasks.

JIK, JIP

Pasnen 3

Reinforcement learning
software

3.1

Software packages for implementing neural
networks. Tensor Flow

Software packages for implementing neural networks in
reinforcement learning tasks. TensorFlow as an open-source library
for numerical computation and machine learning. Components of
TensorFlow: tensors as multi-dimensional arrays, computation
graphs for describing operations, automatic differentiation. Using

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

TensorFlow to approximate value functions and policies with deep
neural networks. Alternative libraries: PyTorch, Keras, JAX.

Pasnen 4

Development of artificial
neural networks. Symbolic
regression methods

41

Genetic programming, Cartesian genetic
programming, network operator method,
variational methods of symbolic regression

Genetic programming as an evolutionary method for automatic
creation of computer programs represented as syntax trees. Genetic
programming operations; crossover for swapping subtrees, mutation
for randomly changing nodes. Cartesian genetic programming with
program representation as a directed graph of nodes arranged on a
two-dimensional grid. Compactness and efficiency of Cartesian
representation. Network operator method as a 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.

JIK, JIP

* - 3anonaseTcs Toabko mo OUHOW dopme odyuenus: JIK — nexyuu; JIP — nabopamopnsie pabomul; C3 — npakmuueckue/ceMunHapcKue 3aHamus.




6. MATEPUAJIBHO-TEXHUYECKOE OBECIIEYEHUME JUCHUIIJINHBI

Tabnuya 6.1. MamepuaneHo-mexnuueckoe obecneuerue OUCYUNIUHbL

Cneuunajau3supoBaHHoe
yueOHoe/1adopaTopHoe
obopynoBanme, IO u
MaTepuabl 1J1s1 0CBOCHHSA
AUCHUTLTAHBI
(mpu HE0OXOAUMOCTH)

Tun aynuropun OcHaleHue ayauTopun

Aynuropus JUIs IPOBEICHUS 3aHATUI
JICKIIMOHHOTO THIIa, OCHAIICHHAS
JleximonHast KOMIUICKTOM CIEIUATH3UPOBAHHON MEOeIH;
JIOCKOH (9KpPaHOM) U TEXHHYECKUMU
CpeJICTBAMU MYJIbTHMEIHA MTPE3CHTAIIHIA.

KoMnbroTepHslii K1acc Uisl IPOBENEHUS
3aHSTUN, TPYNIIOBBIX U MHIAWBUIYaJIbHBIX
KOHCYJIbTaIMi, TEKYILEr0 KOHTPOJIS U
KoMIbroTepHBIN | MPOMEKYTOYHON aTTECTALNH, OCHAILICHHAS

KJ1acc NEePCOHATIBHBIMU KOMIIbIOTEPAMH (B
KOJIMYECTBE  IIT.), JOCKOW (3KpaHOM) U
TEXHUYECKUMHU CPEICTBAMHU MYJIbTUMEINA
IIPE3CHTALMM.

AyIuTOpHS JUIS CAMOCTOSITEIILHOU PaOOTHI
oOyJaronuxcs (MOXKET UCIOJIb30BATHCA IS

TSt .
A . | IpOBeIeHUs] CEeMHUHAPCKUX 3aHATHI U
CaMOCTOSITEIIbHON 9
KOHCYJIBTAITNH ), OCHAIIIEHHAS KOMIUIEKTOM
paboTsl

CreLMaNIN3UPOBaHHON MeOenu U
KoMibroTepami ¢ goctynoM B QUOC.

* - ayIUTOPHS JJIsL CAMOCTOSTENbHOM paboThl oOyuaromuxcs ykassiaetcs OBA3ATEJIBHO!

7.  YYEBHO-METOJAMYECKOE W HWH®OPMAIIMOHHOE OBECNEYEHME
JTACHMIUINHBI

Ocnoenas numepamypa:

1. Carron Puuapn C., bapto Ouapro I'. OOyuenue ¢ noakpenienuem = Reinforcement
Learning. — 2-e uzganue. — M.: JIMK npecc, 2020. — 552 ¢. — ISBN 978-5-97060-097-9.

2. Pozen6nart, ®@. [Ipunuuns! HeliponuHamuku: [lepuenTpoHsl 1 Teoprs MEXaHU3MOB
mo3ra = Principles of Neurodynamic: Perceptrons and the Theory of Brain Mechanisms. — M.:
Mup, 1965. — 480 c.3.

3. A.H.Bacuibes, JI.A.TapxoB. HelipocteBoe moaenupoBanue. [IpuHIMnbl. AIropuTMsl.
[Mpunoxenns. CI16.: U3a-Bo [TommrtexH. YH-Ta, 2009. ISBN 978-5-7422-2272-9

4. C.C.Aggarwal. Neural Networks and Deep Learning. A Textbook. Springer
International Publishing

5. A.A.TapxoB. Heliponnsie cetu. Moaenu u anropurmsl. M., Pagnorexnuka, 2005.
(Hayunas cepus "Helipokomnbrorepsl 1 ux npumenenue", pea. A.M.INanymkun. Ku.18.)
Jononnumenvhasn tumepamypa:

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-menekommynuxkayuonro cemu « dnmepremy:

1. ObC PYIH u croponnue ObC, Kk KOTOPBIM CTYI€HThl YHUBEPCUTETA UMEIOT JOCTYII
HAa OCHOBaHUM 3aKJIIOYEHHBIX JOTOBOPOB

- DnekTpoHHO-O6ubMoTeunas cuctema PY/IH — ObC PYIH
https://mega.rudn.ru/MegaPro/Web

- OBC «YHuBepcuterckas Oubianoreka onnaitu» http://www.biblioclub.ru

- OBC IOpaiit http://www.biblio-online.ru

- OBC «KoncynbraHT cryfenta» www.studentlibrary.ru

- OBbC «3nannym» https://znanium.ru/

2. ba3bl TaHHBIX U TIOUCKOBBIE CUCTEMBI

- Sage https://journals.sagepub.com/

- Springer Nature Link https://link.springer.com/

- Wiley Journal Database https://onlinelibrary.wiley.com/

- Haykomerpudeckas 6a3a nanubix Lens.org https://www.lens.org
Yyebno-memoouueckue mamepuansvl 0151 camocmosmenbHol pabomol 00y4aArOWUXC NPU
0CB80EHUU OUCYUNTUHBL/MOOYIS*:

1. Kypc nexnwmii o aucuuruinae «Artificial Neural Networks (Reinforcement Learning) /
HckyccTBeHHbIe HelpoHHBIE ceTH (O0y4YeHUe ¢ OIKPETUICHHEM ).

* - Bce y4eOHO-METOIUYCCKUE MATePUANTBI JJII CAMOCTOSITEIIBHONH PabOThl 00ydJarOIUXCsI
pa3MeIIarTcs B COOTBETCTBUHU C ACHCTBYIOUINM MOpsiAKoM Ha cTpanulle aucuuruinasl B TYUC!



PABPABOTYMUK:

CanteikoBa Onbra

HoueHt AnekcanapoBHa
Jonocnocms, 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.

10



