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1. HEJIb OCBOEHUSA JUCHUITJINHBI

Hucrummmaa  «Artificial Neural Networks (Deep Learning) / VckyccTBeHHbIE HEHPOHHBIE CETH
(I'myGokoe oOydeHwme)» BXOIUT B MIPOrpaMMmy MarucTparypbl «VCKyCCTBEHHBIM WHTEUIEKT, MAIIMHHOE
o0ydeHHe U KOCMHUYECKHE HayKu» 1o HamparieHuio 27.04.04 «YmpaBieHHe B TEXHUYECKHX CHUCTEMax» H
u3zydaercs B 3 cemectpe 2 kypca. Juctummnay peanusyer Kadeapa MexaHUKH U MPOIIECCOB YIPABICHUS.
JuctunnuHa cocTouT w3 6 pa3aenoB M 15 TeM u HampaBieHa Ha m3ydeHue methods for constructing
automatic control systems based on artificial neural networks, mastering methods for solving basic control
problems using neural networks.

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

2. TPEBOBAHMUS K PE3YJIBTATAM OCBOEHMUA JHCIHUIIJIMHBI

OcBoenue muctuminabl «Artificial Neural Networks (Deep Learning) / MickyccTBeHHBIE HEHPOHHBIS
cetu (I'mybokoe oOyueHune)» HarpaBaeHO Ha POPMUPOBAHHUE Y OO0YyJAFOIIMXCS CICAYIOMNUX KOMITETCHITHMA
(4acTv KOMIETECHITHH):

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

Inep KoMmeTenmuust HNuaukatopsl AROCTHKEHHS KOMIETEHIHH
(B paMKax JaHHOH JUCHMILIMHBI)
CniocobeH (hopMynHpoBaTh 1IN, 3a0a9H ITK-1.1 3HaeT METONBI M CPENICTBA PEIICHUS 3319
HAayYHBIX HCCIICOBAHUHN B 00IaCTH HayYHBIX UCCIICIOBAHUH B 00IaCTH CHCTEM
YIpaBIICHHUS a9POKOCMHYECKUMH CHCTEMaMH, HCKYCCTBEHHOTO MHTEIJICKTa U POOOTOTEXHIMYECKUX
BBIOMpPATh METOJIBI M CPEICTBA PEIICHUS CHUCTEM;;
K-1 podhecCHOHATBHBIX 3a1a4 TTIK-1.2 YmeeT GpopmynupoBarh eIb U 33J1a91 HAyIHBIX
WCCIIeIOBAaHNH B IPO(ECCHOHANTLHOM 001acTH;;
[TK-1.3 Bnageer npueMamu ajist GOPMYITHPOBKH TISITH U
3a/1a4 Hay9YHBIX HCCIICIOBAaHUN, yMEeT BHIOMpaTh
METOIIBI ¥ CPEJICTBA PEIICHNUS 3a1a4
podeCCHOHATIBFHOH IeATETHHOCTH;
CriocobeH pUMEHSTh COBpEMEHHBIE [TIK-2.1 3HaeT coBpeMeHHbIE TEOPETHUECKHUE U
TEOPETUIECKHE U SKCIICPUMEHTAIbHBIC 9KCTIEPIMEHTAIEHBIE METOBI, TPUMEHICMBIC IS
METOJIBI Pa3paboTKH MaTeMaTHIeCKUX Pa3pabOTKH MaTeMaTHIEeCKUX MOJIENICH HCCIIeayeMbIX
MOJIEJIeH NCCIIeyeMbIX 00BEKTOB U 00BEKTOB U TPOIIECCOB MPOodhecCHOHATBHOM
MIPOIIECCOB B OOIACTH yIIPaBICHUS TIESITETTFHOCTH;;
a9POKOCMHYECKUMHU CUCTEMaMHU [TK-2.2 Ymeet onpenensats 3PPeKTHBHOCTD
K-> MIPUMEHIEMBIX METOOB IS pa3paboTKH
MaTeMaTHIeCKUX MOJEIeH HCCIIeTyeMbIX OOBEKTOB
MIPOIIECCOB;;
TTIK-2.3 Bnageet coBpeMEHHBIMU TEOPETHUECKUMH U
SKCHEPUMEHTAIEHBIMI METOAAMH JUTSL Pa3paboOTKH
MaTeMaTH9IeCKUX MojieNieii 0OBEKTOB M IPOILIECCOB
poheCCHOHATBHOMN IESTETHFHOCTH 0 HAIPABICHHUIO
TIOATOTOBKH;

3. MECTO JUCHUMIIJIMHBI B CTPYKTYPE OII BO

HucuumnuHa «Artificial Neural Networks (Deep Learning)» oTHOocuTCs K 4acTtw, (hopMUpyeMOU
y4acTHUKaMU 00pa3oBaTelbHBIX OTHOIIeHWH Onoka 1 «Jlucrummueel (MOmynn)» 00pa3oBaTebHOM
MPOrPaMMBI BBICIIIETO 00pa30BaHUS.

B pamkax oOpa3oBaTenbHON NpOrpaMMbl BBICIIETO 00pa3oBaHUs 00ydaroImuecs TaKKe OCBAaMBAIOT
Jpyrue IUCLUUIUIMHBI W/MIU MPAKTUKH, CIIOCOOCTBYIOIIME JOCTH)KEHHUIO 3aINIAHMPOBAHHBIX PE3YNIbTaTOB
ocoenus nuctuiuinHbl «Artificial Neural Networks (Deep Learning)».




Tabnuya 3.1. Ilepeyenv komnonenmos OII BO, cnocob6cmeyowux 00CmudiceHuro 3an1aHupoB8aHHbIX
Pe3yIbmamos 0C80enUs OUCYUNTUNBI

HanveHoBAHE IIpenmecTByomue Mocaenyromue
HIudp AMCLIMIIIMHBI/ MOYJIH, JAUCLIMIIMHBI/ MOIYJIH,
KOMIeTeHIH - .
NPAKTHKH MPAKTHKH
CriocobeH (popMyarpoBaTh Research work / Undergraduate practice /
LeTIH, 3a/1a9K HAaYYHBIX Hayuno-uccnenoBarenbckas [IpenauruioMHas npaxkTuKa;
nccIen0BaHuil B 001acTH pabora (1ony4eHue IepBUYHBIX
K-1 yIpaBICHUS HaBBIKOB
i A3POKOCMHUYECKUMH Hay4YHO-NCCJIEA0BATEIbCKON
CHCTEMaMH, BEIOUPATh METOJIbI paboThl);
U CPEJICTBA PELICHUS Introduction to Natural Language
npodeccHoHaNbHBIX 3a/1a4 Processing;
CnocoOeH pUMEeHSTh Mathematics for Spatial Sciences; Undergraduate practice /
COBPEMEHHBIC TEOPETHYECKHE Operations Research and [IpenaurioMHas npaxkTuKa;
U 3KCIEPUMEHTAIbHbIE Optimization Techniques;
METOAbI Pa3pabOTKH Research work /
K2 MaTeMaTH4eCcKUX Mojesen Hayuno-uccnenoBarenbckas

UCCIIEyEMBIX OOBCKTOB H
MIPOIIECCOB B 00IaCTH
YIpaBICHUS
A’POKOCMHYCCKUMHU
CHUCTEMaMHU

pabora (1ony4eHue IepBUYHBIX
HaBbIKOB
Hay4YHO-NCCJIEA0BATEIbCKON
paboThl);

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




4. OFBbEM JUCHUILIMHBI 1 BUJIbl YYEEHOM PABOTBI

O6mas Tpynoemkocts aucuuiuinHbl «Artificial Neural Networks (Deep Learning) / MickycctBenHble HeliponHble cetu (Iiybokoe o0ydenue)» cocTaBiseT

«3» 3a4eTHBIE €MUHUILIBL.

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

Cemectp(-b1)

Bupg yueoHoli padoThI BCETO, ak.u. 3

Koumaxmmuas paboma, ax.u 34 34
Jlexmmn (JIK) 17 17
Jlaboparopusie pabotsi (JIP) 17 17

ITpaxTuueckue/cemunapekue 3ansatus (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 .
HaunmeHoBaHue TeMbI Conepixanune TeMbl y4ueoHOMI
pa3nena JAUCHHUTITAHBI "
padoThI
Artificial intelligence as a field of science concerned with creating systems capable of
Definitions, history of performing tasks requiring human intelligence. History of development: emergence in the
1.1 development and main trends |1950s, periods of Al winter, revival with the advent of machine learning methods. Main JIK, JIP
of artificial intelligence. trends: deep learning, large language models, generative neural networks, explainable
artificial intelligence.
BlologlcaI. neuron and its Biological neuron as a cell that receives and transmits electrical signals through dendrites,
mathematical model. Types . . . . .
. . cell body, and axon. Mathematical model of a neuron: summation of weighted input signals,
. of activation functions. .\ . . . R . .. .
Basic concepts. Typology of . addition of bias, application of a non-linear activation function. Types of activation functions:
. 1.2 Neural networks and their . . . . . . . . JIK, JIP
problems solved by machine . . . threshold, sigmoid, hyperbolic tangent, rectified linear unit. Classification of neural
Pazgen 1 . ) classification. Mathematical . . .
learning methods. Multilayer - networks: by architecture feedforward and recurrent, by learning method supervised and
models of specialized .
perceptron unsupervised.
neurons.
Multilayer neural networks.
Representation of regression, |Representation of regression, approximation, identification, control, and data compression
approximation, identification, |tasks in a neural network logical basis. Multilayer perceptron as a neural network with one or
1.3 control, data compression more hidden layers between input and output layers. Capability of the multilayer perceptron JIK, JIP
problems in a neural network |to approximate any continuous function. Applications for classification, regression, and
logical basis. Multilayer forecasting.
perceptron.
Backpropagation algorithm as the primary learning method for multilayer perceptrons.
. . Algorithm stages: forward pass to compute network outputs, error calculation at the output
Backpropagation algorithm . . . .
2.1 and its modifications layer, backward pass to propagate error to previous layers, weight adjustment using the JIK, JIP
’ gradient of the error function. Modifications of the algorithm: momentum method for
. . accelerating convergence, adaptive learning rate methods, methods using second derivatives.
Pazmen 2 |Evolutionary Teaching Methods £ - £ d £ - £ -
Problem of selecting the number of layers and the number of neurons in each layer. Selection
Selecting optimal network of learning rate, momentum, and number of training epochs. Overfitting problem: when the
2.2 arame tfrsp network memorizes training examples but loses generalization ability. Methods for JIK, JIP
P combating overfitting: regularization, early stopping, dropout, increasing training data size.
Cross-validation for evaluating network generalization ability.
General regression neural network as a network designed for function approximation and
31 Neural network with general [regression analysis. Principle of operation: using radial basis functions to approximate the TIK. JIP
’ regression. target function. Network structure: input layer, radial layer, summation layer. Fast training ’
but large memory requirements for storing training examples.
Probabilistic neural network as a network for classification tasks based on probability density
Paznen 3  |Types of neural networks estimation. Principle of operation: using kernel density estimates for each class. Network
32 Probabilistic neural network. |structure: input layer, summation layer for each class, output layer selecting the class with JIK, JIP
maximum probability. Advantages: fast training, robustness to outliers, ability to obtain
posterior probabilities.
33 Neural networks with radial |Radial basis function networks as networks using radial functions in the hidden layer that K. TIP

basis functions.

depend on the distance between the input vector and the function center. Network structure:




Bun

Homep HaumenoBanmue pa3gena "
HaumeHnoBaHue TeMbl Conep:xanue TeMbl yueOHoit
pasnena AMCIMIIINHBI *
padoThI

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.

Self-organizing maps as unsupervised neural networks designed for visualizing

multidimensional data in a low-dimensional space. Principle of operation: competitive

Neural network and Kohonen . - . . . i . .
34 L learning where the winning neuron adjusts its weights and the weights of neighboring JIK, JIP
self-organizing maps . N .
neurons. Map topology: rectangular or hexagonal grid. Applications for clustering,
dimensionality reduction, and data visualization.
. . Backpropagation algorithm as a gradient-based learning method. Problem of initial weight
Backpropagation algorithm .o oo . .
. . . selection: importance of proper initialization for convergence. Modifications of the
and its modifications. . . . . .
. . . algorithm: conjugate gradient method, Levenberg-Marquardt method, adaptive learning rate
Paznen4 [Evolutionary teaching methods (4.1 Multilayer perceptrons. . . . JIK, JIP
. . algorithms. Problem of local minima on the error surface. Methods for escaping local
Selection of optimal network | <. . . . . . .
arameters minima: adding noise to the gradient, random restart training, stochastic gradient descent.
P Network architecture selection as a separate optimization task.
Hopfield neural networks. Hopfield network as a recurrent network with feedback connections where each neuron is
Neural network methods for [connected to all others. Energy function property: the network evolves toward an energy
solving minimum, corresponding to pattern retrieval. Application for associative memory:

5.1 optimization-combinatorial ~|noise-corrupted pattern restoration. Solving optimization-combinatorial problems using the JIK, JIP
problems. Hamming neural |traveling salesman problem as an example. Hamming network as a network that computes the
networks. Pattern recognition [Hamming distance between the input vector and reference patterns. Pattern recognition using

Pazmen 5 |Feedback neural networks . . . .
using distances. distance metrics.
S - Bidirectional associative neural networks as networks that perform mapping between two sets
Bidirectional Associative . ..
of vectors in both forward and backward directions. Network structure: two layers of neurons
Neural Networks. e . .. .y .

52 connected by bidirectional connections. Application for associative memory of pattern pairs: | JIK, JIP
Perceptron-Based Feedback . . .

Neural Networks retrieving the associated pair from one pattern. Recurrent neural networks based on
perceptrons: recurrent versions of multilayer perceptrons.
Deep neural networks as networks with many hidden layers capable of extracting hierarchical
data representations. Vanishing gradient problem in training deep networks. Methods for

6.1 Deep neural networks. overcoming this: unsupervised layer-wise pre-training, rectified linear unit activation JIK, JIP

functions, batch normalization, skip connections. Applications of deep networks in computer
vision, natural language processing, and speech recognition.
Convolutional neural networks as networks specifically designed for processing
grid-structured data such as images. Key operations: convolution with filters for feature
i Convolutional neural xtraction ling for dimensionality r tion, channel concatenation. Layer t :
Paznen 6  [Specialized neural networks 6.2 extraction, pootmg 1o d 1ensio y reduction, ¢ ¢’ concatenatio yer types JIK, JIP
networks. 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.
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
6.3 Recurrent networks. and gradient vanishing. Architectures with long short-term memory and gated recurrent units | JIK, JIP

that solve the vanishing gradient problem through special gating mechanisms. Applications
for machine translation, time series analysis, text generation, and speech recognition.

* - zamonHsiercst Tonbko o OYHOU dopme o6yuenus: JIK — nexum; JIP — maboparopusie padotsl; C3 — npakTHUecKre/CEMUHAPCKHE 3aHATHUSL.




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

Ocnosnas numepamypa:
1. C.XaiikuH. HelipoHHbIE CE€TH: MONHBIN Kypc. 2-¢ u3a. M., "Bunbsamc", 2006.

2. A.H.Bacunses, [I.A.Tapxos. HelipocteBoe monenupoBanue. [Ipunnunsl. Anroputmsl. [Ipunoxenns.
CII0.: U3n-Bo ITonurexu. Yu-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. Heliponnsie cetu. Monenu u anroputmsl. M., Pagnorexnuka, 2005. (Hayunas cepust
"HetlipokoMibrotreps! U ux npuMmenenue"”, pen. A.M.I'anymkus. Ku.18.)

5. C.C.Aggarwal. Neural Networks and Deep Learning. A Textbook. Springer International Publishing
Hononnumenvhas itumepamypa:

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. AI 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.

Pecprbl qu)OpMCZL;UOHHO-meﬂeKOMMyHMKaL}LlOHHOIZ cemu «HHmepHem»:

1. ObC PY/IH u croponnune ObC, kK KOTOPbIM CTyAEHTbl YHUBEPCUTETA UMEIOT AOCTYN Ha OCHOBAaHUU
3aKJIFOUYEHHBIX IOTOBOPOB

- OnexrponHo-ombauoreunas cucremMa PYJIH — ObC PY/IH https://mega.rudn.ru/MegaPro/Web
- OBC «YHuBepcurerckas oubmuoreka onnaitH» http://www.biblioclub.ru
- OBC KOpaiit http://www.biblio-online.ru
- OBC «Koncynbranr crynenray www.studentlibrary.ru
- OBC «3nannym» https://znanium.ru/
2. ba3bl TaHHBIX U IOMCKOBBIE CHCTEMBI
- Sage https://journals.sagepub.com/
- Springer Nature Link https://link.springer.com/
- Wiley Journal Database https://onlinelibrary.wiley.com/




- Haykomerpuueckas 6a3a nanasix Lens.org https://www.lens.org

Yuebno-memoouueckue mamepuanst 0jisi CAMOCMOAMENbHOU pabomsl 00YUAOWUXCSA NPU OCBOCHUU
OUCYUNTUHBL/ MO0V *:

1. Kypc nexuuii no quctumuae «Artificial Neural Networks (Deep Learning)y.

* - Bce yueOHO-METOANYECKHE MaTepHaIbl ISl CAMOCTOSITENBEHOM paboThl 00yJaIoIMXCs pa3MeIaloTcsl B COOTBETCTBUH C JEHCTBYIOIIIM
MOPSAAKOM Ha cTpanune auciuiuinael B TYUC!



PASPABOTUYHUKH
JlomeHT

CanreikoBa O.A.

JlomkHOCTH

PYKOBO/UTEJIb BYII
3aBeayrommii kKadeapoi

Damumus 1.0

Pazymusriii FO.H.

JlomKkHOCTD

PYKOBOJIMUTEJIb OI1 BO
IIpodeccop

damumus 1.0

Paszymnsiii FO.H.

JlomkHOCTH

Damumus 1.0



