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1. EJIb OCBOEHMA JUCIIUITJIMHbI

Hucuummuna «Artificial Neural Networks (Deep Learning) / VIckyccTBeHHbIE HEHPOHHBIC
cetu (I'myOokoe 0OydeHue)» BXOAUT B MPOrpPaMMy MarucTpaTypbl «AHaiu3 OOJIBIINX JaHHBIX U
TEXHOJIOTUH 3aIIUThl HH(popMarmmu» 1o HampasieHuio 27.04.04 «YmpaBiieHHE B TEXHUYECKHUX
cucTeMax» U usydaercs Bo 2 cemectpe 1 kypca. Jucnumiuny peanusyer Kadenpa mexanuku u
IIPOLIECCOB ympaBieHus. JucuuiianHa cocTouT u3 6 pa3fernoB U 15 Tem u HampaBieHa Ha
uszyuenre methods for constructing automatic control systems based on artificial neural networks,
mastering methods for solving basic control problems using neural networks.

Ilenpto ocBocHMS AMCHMIUIMHBI siBistercst teaching students methods of constructing
artificial neural networks.

2. TPEBOBAHUS K PE3YJIBTATAM OCBOEHMUS JUCHUIIJIMHBI
Ocoenne nuctuminabl «Artificial Neural Networks (Deep Learning) / MckyccTBeHHBIE
Heliponnsie cetu (I'mybokoe oOydeHwue)» HampaBieHO Ha (opMmupoBaHUE y O00ydYarOIIUXCS

CJIEIYIOIIUX KOMITETEHIIUN (YaCTH KOMIIETEHIINHN):

Tabnuya 2.1. Ilepeuenv komnemenyutl, Gopmupyemvix y 00yYAOWUXCL NPU OCBOCHUU
OUCYUNTIUHBL (Pe3VTbmambvl 0C80EHUS OUCYUNTUHDL)

I/IHZ[I/IKaTOp])I JOCTHIKCHUS KOMIICTCHIUHA

Iudp Komnerennus N
(B paMKax JaHHOUW NHUCUMUTUIMHBI)

I1K-1.1 3HaeT MeTOBI M CpPENICTBA PELICHUS 3a7jad HaAy4YHBIX
uccie0BaHui B 00J1aCTH 3al1UThl HH)OPMALIIH;;

ITK-1.2 YMmeet GhopMynupoBaTh 1EIb U 337a4d HAYIHBIX
WCCIIeIOBaHUH B MpodecCHOHAIBHOM 00J1acTH, TOTOBUTH K
MyOIMKALMK Pe3yJIbTaThl HAYYHBIX HCCIIEI0BaHUI U HOPMHUPOBATH
JIOKYMEHTBI JJIsl [T0Ja4YM 3asiBKM Ha H300peTeHue;;

Crioco0eH GpopMyIupoBaTh LEIH,
3a[jaud HayYHBIX UCCIICOBAaHHUN B
IIK-1 obnacTy 3ammThl HHOOPMALIUH,
BBIOMpATh METOJIBI M CPENICTBA
pemeHus 3a1a4d

CnocobeH NpUMEeHATh METO/BI 1
TEXHOJIOTUH 3aIIUTHI
uHpopmanmu g penienns 3aga4d |[1K-2.1 3HaeT coBpeMeHHBIE TEOPETHUESCKIE U

K-2 YIpaBJIeHUS TPOEKTAMH B 9KCIIEPUMEHTAIILHBIE METO/IbI, TPUMEHsIEMbIE ISl pa3paboTKu
obnactn HHGOPMAITMOHHBIX TEXHOJIOTHH 3aINThl HHPOPMAIUH U TPOLIECCOB
TEXHOJIOTHH B YCIIOBHAX npodeccrnoHANBLHOM NeATeNbHOCTH;;
HEOIIPECIIEHHOCTE! U PUCKOB
nH(OPMALMOHHBIX YIPO3;
CriocobeH ompenensiTh yrpo3bl
6e3omacHOCTH HHPOPMAIUU U
BO3MOJKHBIC IYTH €€ 3alllUThl HA
IIK-3.1 YMmeeT npoBOAUTE aHATIHU3 CTPYKTYPHI U COJEPKAHUS
OCHOBE aHaJIn3a CTPYKTYpPBI U N
IK-3 MHPOPMAIMOHHBIX MPOIIECCOB 1 0COOEHHOCTEH

coJiepkaHus MHPOPMAITMOHHBIX
IIPOLIECCOB U 0COOEHHOCTEH
(YHKIMOHAPOBAHUS
WHQOPMAIMOHHOW CHCTEMBI

(1)yHKL[I/IOHI/IpOBaHI/I$I I/IH(l)OpMaL[I/IOHHLIX CHUCTEM;,

3. MECTO JUCIIMIIJIMHBI B CTPYKTYPE OII BO

Hucuumnuna «Artificial Neural Networks (Deep Learning) / VckyccTBeHHbIE HEHPOHHBIE
cetu (I'mybokoe 0OyueHue)» OTHOCUTCS K YacTH, GOpMUPYEMOM ydyaCTHUKaMU 00pa30BaTeIbHBIX
otHomeHUH Onoka 1 «/lucumnnusasl (Moaynu)» 0O0pa30BaTENbHOW MPOrpaMMbI  BBICIIETO
oOpazoBaHws.

B pamkax o0pa3oBaTenbHOW MPOTpaMMBI BBICIIETO OOpa30BaHUS OOyYaronIuecs TakKkKe
OCBauBaKOT Apyruc JUCHUITIIINHBI I/I/ 501050 IMPAaKTHUKHU, CHOCO6CTBYIOH_II/IG JOCTHUIKECHUIO




3alUIaHMPOBAaHHBIX pe3ynbTaToB ocBoeHus nucuuiuimHbl «Artificial Neural Networks (Deep
Learning) / MckyccTBeHHbIe HelipoHHbIe ceTH (I my0okoe oOydeHwme)».

Tabauya 3.1. Ilepeuenv xomnonenmos QOII BO, cnocobcmsyrouux 00CMUICEHUIO

3AN1AHUPOBAHHbLX pe3)1bmamoe OC60€HUA aI/lCI/[I/H’lJZqul

HanveHoBanme IIpenmecrByromue Iocaenyromue
Hludp KOMITeTeHIHH THCIHIITHHBI/ MOTYJIH, THCIUIITHHBI/ MOTYJIH,
NMPAKTHKH* NMPaAKTHUKH*
HayuHo-uccnenoBarensckas
paboTa (monyucHue
CHHocoBeH opMyTHpoBaTS MEPBHMHBIX HABBIKOB Haquo.-
C/TH, 38/109H HAYTHBIX I/ICCHeI[OBaTeJ'ILCKOI/vaa6OTLI),
. Hckyccmeennvie HeliponHtbie
K-1 WCCIIeIOBaHUHN B 00IacTh comu (O6yuenue ¢
3aIIUTH HHPOPMALIUH, nooKpenienuen)*:
cp:;ﬁ?; a;;?:;;?;iaq Arti_ficial Neural Netvv_orks
(Reinforcement Learning)**;
[IpenoummioMHast MpaKTHUKA;
Hayuno-uccnenoBatenbckas
paboTa (monyueHue
MCPBUYHBIX HABBIKOB HAYYHO-
CHOCOBCH TIPHMEHSTS UCCIIeIOBATENHCKOM paboThI);
METOMb! 1 TEXHOIONHH Hayuno-uccnenoBatensckas
3aIUTH HHYOPMAIHHA IS pHa60Ta, )
peIIeHNs 3a1a4 yIpaBIeHAS Kp CAUTHILIOMHAS MPAKTHI,
HpOeKTaMH B 06IACTH PUIITOJIOTHS U TIPAKTHKA
[K-2 Qg poBaHus;
nrop MALHOHHBIX Humennexmyanvroie
TEXHOJIOTHH B yCIIOBUSAX ungpopmayuonnbie
HEOIpeIeIEHHOCTENH U e
PHUCKOB HH(POPMAIIHOHHBIX cucmemot = -, .
yrpos; Intelllgentnlnformatlon
Systems**;
3amuieHHoe MPOrpaMMHOe
obecrieueHue;
HayuHo-uccnenoBarenbckas
pabota (moyueHue
ClioCOBeH OMpeNIesTS TIEPBIHEIX HABBIKOB HAYHO-
yTPO3b1 6€30MACHOCTH HCCIIeIOBATEIBCKON paboTHI);
HHPOPMALIUU 1 BO3MOKHBIE H:6y(;1 ;(.)-I/ICCJIGZ[OBEITGHLCKEIH
ITyTH €€ 3alllUTHl HA OCHOBE %pem:u:mmMHaﬂ npaKTHKa;
aHaJm3a CTPYKTYPBI U ?
IK-3 coepKanus JmHamuKa 1 yrpaBiieHHe
I/IHCI)OpMaHI/IOHHBIX KOCMHUYCCKUMHU CI/IC"l:eMaMI/I;
MPOLIECCOB 1 0cOBeHHOCTe HckyccmeeHnvie HelponHbie
(O YHKITMOHUPOBAHUS cemu (Oby quue:*_
MHPOPMAIMOHHON CUCTEMBI nO().K.p _enfzeHueM) '
Artificial Neural Networks
(Reinforcement Learning)**;

* - 3aMONHSACTCS B COOTBETCTBUM ¢ MaTpuiei kommnereHnuii u CYII OI1 BO
** - 3NIeKTUBHBIC TUCIMIUIMHEI /TIPAKTHKH




4. OFbEM JUCHUILIVNHBI U BUJIbI YYEBHOM PABOTHI

O6mas TpynoemkocTh auciuiuinabl «Artificial Neural Networks (Deep Learning) / UckycctBeHHbie HelipoHHble ceTH (I my0okoe oOydeHwme)»
COCTAaBJIISIET «S5» 3a4ETHBIX €IUHUIL.

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

Bun yueOHoii padoThI BCETIO, ak.u. CEMeczT 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. 117 117
Koumponw (sx3amen/3auem c oyenkou), ax.u. 27 27
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

Homep
pasiena

HaumenoBanmue pazaesna
AUCHHUTLIUHBI

HaunmeHnoBaHue TeMbI

Copep:xaHue TeMbl

Bun
yueOHoit
padoThI*

Paznen 1

Basic concepts. Typology of
problems solved by machine
learning methods. Multilayer
perceptron

11

Definitions, history of development and main
trends of artificial intelligence.

Artificial intelligence as a field of science concerned with creating
systems capable of performing tasks requiring human intelligence.
History of development: emergence in the 1950s, periods of Al
winter, revival with the advent of machine learning methods. Main
trends: deep learning, large language models, generative neural
networks, explainable artificial intelligence.

JIK, JIP

1.2

Biological neuron and its mathematical model.
Types of activation functions. Neural networks
and their classification. Mathematical models
of specialized neurons.

Biological neuron as a cell that receives and transmits electrical
signals through dendrites, cell body, and axon. Mathematical model
of a neuron: summation of weighted input signals, addition of bias,
application of a non-linear activation function. Types of activation
functions: threshold, sigmoid, hyperbolic tangent, rectified linear
unit. Classification of neural networks: by architecture feedforward
and recurrent, by learning method supervised and unsupervised.

JIK, JIP

1.3

Multilayer neural networks. Representation of
regression, approximation, identification,
control, data compression problems in a neural
network logical basis. Multilayer perceptron.

Representation of regression, approximation, identification, control,
and data compression tasks in a neural network logical basis.
Multilayer perceptron as a neural network with one or more hidden
layers between input and output layers. Capability of the multilayer
perceptron to approximate any continuous function. Applications
for classification, regression, and forecasting.

JIK, JIP

Pazgen 2

Evolutionary Teaching
Methods

21

Backpropagation algorithm and its
modifications.

Backpropagation algorithm as the primary learning method for
multilayer perceptrons. Algorithm stages: forward pass to compute
network outputs, error calculation at the output layer, backward pass
to propagate error to previous layers, weight adjustment using the
gradient of the error function. Modifications of the algorithm:
momentum method for accelerating convergence, adaptive learning
rate methods, methods using second derivatives.

JIK, JIP

2.2

Selecting optimal network parameters

Problem of selecting the number of layers and the number of
neurons in each layer. Selection of learning rate, momentum, and
number of training epochs. Overfitting problem: when the network
memorizes training examples but loses generalization ability.
Methods for combating overfitting: regularization, early stopping,
dropout, increasing training data size. Cross-validation for
evaluating network generalization ability.

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

Pasnen 3

Types of neural networks

3.1

Neural network with general regression.

General regression neural network as a network designed for
function approximation and regression analysis. Principle of
operation: using radial basis functions to approximate the target
function. Network structure: input layer, radial layer, summation
layer. Fast training but large memory requirements for storing
training examples.

JIK, JIP

3.2

Probabilistic neural network.

Probabilistic neural network as a network for classification tasks
based on probability density estimation. Principle of operation:
using kernel density estimates for each class. Network structure:
input layer, summation layer for each class, output layer selecting
the class with maximum probability. Advantages: fast training,
robustness to outliers, ability to obtain posterior probabilities.

JIK, JIP

3.3

Neural networks with radial basis functions.

Radial basis function networks as networks using radial functions in
the hidden layer that depend on the distance between the input
vector and the function center. Network structure: input layer,
hidden layer with radial elements, output linear layer. Methods for
center selection: random selection, clustering, supervised learning.
Applications for function approximation and classification.

JIK, JIP

3.4

Neural network and Kohonen self-organizing
maps

Self-organizing maps as unsupervised neural networks designed for
visualizing multidimensional data in a low-dimensional space.
Principle of operation: competitive learning where the winning
neuron adjusts its weights and the weights of neighboring neurons.
Map topology: rectangular or hexagonal grid. Applications for
clustering, dimensionality reduction, and data visualization.

JIK, JIP

Paznen 4

Evolutionary teaching
methods

4.1

Backpropagation algorithm and its
modifications. Multilayer perceptrons.
Selection of optimal network parameters

Backpropagation algorithm as a gradient-based learning method.
Problem of initial weight selection: importance of proper
initialization for convergence. Modifications of the algorithm:
conjugate gradient method, Levenberg-Marquardt method, adaptive
learning rate algorithms. Problem of local minima on the error
surface. Methods for escaping local minima: adding noise to the
gradient, random restart training, stochastic gradient descent.
Network architecture selection as a separate optimization task.

JIK, JIP

Pazgen 5

Feedback neural networks

51

Hopfield neural networks. Neural network
methods for solving optimization-
combinatorial problems. Hamming neural

networks. Pattern recognition using distances.

Hopfield network as a recurrent network with feedback connections
where each neuron is connected to all others. Energy function
property: the network evolves toward an energy minimum,
corresponding to pattern retrieval. Application for associative

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

memory: noise-corrupted pattern restoration. Solving optimization-
combinatorial problems using the traveling salesman problem as an
example. Hamming network as a network that computes the
Hamming distance between the input vector and reference patterns.
Pattern recognition using distance metrics.

52

Bidirectional Associative Neural Networks.
Perceptron-Based Feedback Neural Networks

Bidirectional associative neural networks as networks that perform
mapping between two sets of vectors in both forward and backward
directions. Network structure: two layers of neurons connected by
bidirectional connections. Application for associative memory of
pattern pairs: retrieving the associated pair from one pattern.
Recurrent neural networks based on perceptrons: recurrent versions
of multilayer perceptrons.

JIK, JIP

Pasnen 6 |Specialized neural networks

6.1

Deep neural networks.

Deep neural networks as networks with many hidden layers capable
of extracting hierarchical data representations. Vanishing gradient
problem in training deep networks. Methods for overcoming this:
unsupervised layer-wise pre-training, rectified linear unit activation
functions, batch normalization, skip connections. Applications of
deep networks in computer vision, natural language processing, and
speech recognition.

JIK, JIP

6.2

Convolutional neural networks.

Convolutional neural networks as networks specifically designed for
processing grid-structured data such as images. Key operations:
convolution with filters for feature extraction, pooling for
dimensionality reduction, channel concatenation. Layer types:
convolutional layers, pooling layers, fully connected layers.
Advantages over fully connected networks: local connectivity,
shared weights, translation invariance. Applications for object
recognition, image segmentation, and edge detection.

JIK, JIP

6.3

Recurrent networks.

Recurrent neural networks as networks with cyclic connections that
maintain an internal state over time. Ability to process variable-
length sequences. Problem of long-term dependencies and gradient
vanishing. Architectures with long short-term memory and gated
recurrent units that solve the vanishing gradient problem through
special gating mechanisms. Applications for machine translation,
time series analysis, text generation, and speech recognition.

JIK, JIP

* - zanmonHseTcs Toabko 1o QUHOM dopme oOyuenus: JIK — nexyuu, JIP — rabopamopnvie pabomut, C3 — npakmuueckue/cemMunapcrue 3ausamusl.




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. C.XaiikuH. HelipoHHble ceTH: MOJIHBIN Kypc. 2-¢ u3a. M., "Bunbsamc", 2006.

2. A .H.Bacunses, /I.A.Tapxos. HelipocteBoe monenuposanue. [IpuHIMnIbI. AIropuT™BI.
[Mpunoxenns. CI16.: U3a-Bo [TommtexH. YH-Ta, 2009. ISBN 978-5-7422-2272-9

3. Mohamad H.Hassoun. Fundamentals of Artificial Neural Networks. MIT Press,
Cambridge, Massachusetts, 1995.

4. 1.A.Tapxos. Heiiponnsle cetu. Mogenu u anroputmsl. M., Pagnorexnuka, 2005.
(Hayunas cepus "Heilipokommbroreps! u ux npumenenue", pen. A.M.INanymkun. Ku.18.)

5. C.C.Aggarwal. Neural Networks and Deep Learning. A Textbook. Springer
International Publishing
Jlononanumenvuasn aumepamypa:

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.
Pecypcovr ungpopmayuonno-menekommynuxayuonuou cemu « Mumepremy»:




1. ObC PY1H u croponnue ObC, Kk KOTOPBIM CTYI€HThl YHUBEPCUTETA UMEIOT JOCTYII
Ha OCHOBaHHH 3aKJIFOYCHHBIX JIOTOBOPOB

- DnekTponHo-6ubmmorTeunas cucrtema PY/IH — ObC PYIH
https://mega.rudn.ru/MegaPro/Web

- OBC «YHuBepcurerckas Oubauorexa onnan» http://www.biblioclub.ru

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

- OBC «KoncynbraHT cryfenra» www.studentlibrary.ru

- OBC «3nannym» https://znanium.ru/

2. basbl TaHHBIX U TIOUCKOBBIE CUCTEMBI

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

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

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

- Haykomerpuueckas 6a3a nanubix Lens.org https://www.lens.org
Yyebno-memoouueckue mamepuanwl 0151 camocmosmenbHol pabomul 00y4arOWUXC NPU
0CB8OEHUU OUCYUNTUHBL/MOOYIS*:

1. Kypc nexnwmii o aucuuiuinae «Artificial Neural Networks (Deep Learning) /
HckyccTBennble HelipoHHble ceTH ([ myOokoe oOydeHue)».

* - Bce y4eOHO-METOIMYCCKUE MATePUANTBI JJII CAMOCTOSITEIIBHONH PabOThl 00ydYarOIUXCsI
pa3MeIIarTcs B COOTBETCTBUHU C ACHCTBYIOUINM MOpsiakoM Ha cTpanuie 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.
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