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1. HEJIb OCBOEHUSA JUCHUITJINHBI

JucuunnuHa «MamHHoe 0o0yueHue U aHalu3 OONbIINX JAHHBIX» BXOJUT B MPOrpaMMy MarucTparypbl
«VcKyCCTBEHHBIN MHTEIJICKT, MAIIMHHOE OOyYeHHWE M KOCMHUYECKHE HayKuW» 10 HampasieHuto 27.04.04
«YmpaBlieHHE B TEXHUYECKHUX CHCTEMax» M u3zywaercs B 1 cemectpe 1 kypca. JlucuummuimHy peanusyer
Kadenpa mexanukm u mporieccoB ympasieHus. [ucuurmiaumHa coctouT u3 5 pasgenoB u 20 Tem u
HafpapjeHa Ha U3yYe€HHUE OCHOB COBPEMEHHOM TEXHOTEHHOW NMBMIM3AaLMU U T00AJbHBIX TEHACHLHUAX
CMEHBbl HAay4YHON KapTUHBI MHUpPA, THUMaX HAy4YHOH palMOHAJbHOCTH, CHUCTEMax ILIEHHOCTEH, Ha KOTOphIE
OpUEHTHUPYIOTCSl y4Y€Hble, aHalli3 OCHOBHBIX MHPOBO33PEHUYECKUX M METOAOJOTHYECKUX Mpobiem,
BO3HUKAIOIMX B HAyKEe HA COBPEMEHHOM JTarle €e pa3BUTHs; pa300p OCHOBHBIX METOJIOB PEIICHHS TUITOBBIX
3a]1a4 ¥ 3HAKOMCTBO € 00J1aCcThIO UX MPUMEHEHUS B PO ECCHOHATBHOM IEATENbHOCTH.

[lenpto OCBOEHHUS ITUCHUIUIMHBL sBIsieTcsl (opMUpoBaHHE (PyHAAMEHTAIbHBIX 3HAHUM M HABBIKOB
IMPUMEHEHHUS METOJIOB PEIIeHUs 3a7a4, HEOOXOAUMBIX JJisi MPO(PEeCCHOHATBHON 1eATEIbHOCTH, TOBBIILICHUE
o011ero ypoBHs IPaMOTHOCTHU CTYACHTOB IO JUCILUILIMHE UCTOPUUS U METOJIOJIOTUS HayKH, C(HOPMUPOBAThH
MPEICTaBICHUS O TEHJCHIMSIX MCTOPHUYECKOTO Pa3BUTHS HAyKH, a TaKKE€ COBPEMEHHOE MpeACTaBlIeHUuE 00
OpraHMU3ali HayYHO-UCCIIE0BATENbCKOM 1eATEeIbHOCTH B BEIOpAaHHON 001acTH.

2. TPEBOBAHMUS K PE3YJIBTATAM OCBOEHMUA JHCIHUIIJIMHBI

OcBoeHre TUCIUILTMHBI « MamHHOEe 00ydYeHHe U aHau3 OOJBIINX TaHHBIX)» HAIIPABIICHO HA
dbopmupoBanue y 00y4Jaronuxcs CISAYIOMUX KOMIIETCHIIUH (4aCTH KOMIIETCHITUN )

Tabnuya 2.1. Ilepeuenv komnemenyuii, popmupyemvlix y 00y4aouuxcs npu 0C80eHul OUCYUNIUHb
(pe3ynbmamul 0C80eHUsS OUCYUNTUHDL)

Indp KoMmeTenmust HNupuxaropsl lIOCTI/I)KSHI/lH KOMIIeTEHITUHN
(B paMKax JaHHOU TUCHMIIINHBI)
CriocoOeH npOBOIUTH MATCHTHEIC OIIK-5.1 3naeT MeTonbl ¥ MOAXOABI K TPOBEACHUIO
HCCIICIOBAHUS, OTIPEIENIATh (POPMBI U METOABI | IMATEHTHBIX UCCICOBAHUIA, ()OPMBI U METOIBI IIPABOBOM
[IPaBOBOM OXpaHbI U 3alIUTHI IPaB Ha OXpPAaHbI U 3alUTHI IPAaB Ha PE3YJIbTAThI
pe3yabTaThl MHTEIUIEKTYaIbHOM HHTEJUJIEKTYaJIbHOU AESITETbHOCTH;;
JIeSTENbHOCTY, PACIOPSDKATHCS IIPaBaMU Ha OIIK-5.2 YMmeeT pacniopsikaThCs IpaBaMH Ha
OIK-5 HUX JUIsl pELICHUs 3a]a4 B Pa3BUTHUS HAYKH, Pe3yAbTaThl HHTEIJIEKTYAIbHON AEATEIbHOCTH IS
i TEXHUKHU U TEXHOJIOTUU pelIeHus 33124 B 00IaCTH Pa3BUTHS HAYKH, TEXHUKU U
TEXHOJIOTHIA;;
OIIK-5.3 BrnageeT MeTogamMu U OIXOIaMU K
MPOBEACHUIO MATEHTHBIX UCCIIEOBAHUMN, 3HAET METOIbI
MPaBOBOI OXpaHbl U 3aIIUTHI IIPaB Ha PE3YIbTATHI
WHTEIJIEKTYalbHON JAEATEIbHOCTH. ;
CriocoOeH oCcymecTBIsATh COOP U IPOBOTUTH OIIK-6.1 3HaeT OCHOBHBIC METOBI cOOpa U
aHaIIu3 HAyYHO-TEXHUYeCKoU nH(popMmarumy, MIPOBEACHUS aHATN3a HAYYHO-TEXHUYECKON
0000111aTh OTEYECTBCHHBIN U 3apyOCIKHBII HHPOPMAITHH;;
OIIBIT B 00JIACTH CPENICTB aBTOMATHU3AIMA U OIIK-6.2 YMmeeT aHaIM3UPOBaTh U 0000IIATh
OIK-6 YIpaBICHUS OTCUCCTBCHHBIN U 3apyOCKHBII ONBIT B 00JIACTH
i CpEeJlICTB aBTOMATU3aLMU U YIIPABIEHUS;;
OIIK-6.3 Biageer metogamu cb6opa 1 IpOBEICHUS
aHallM3a HayYHO-TEXHUYCCKON HH(OpMAIInK, a TaKKe
MOXeET 0000IIaTh OTEUYECTBCHHBIN U 3apYOCKHBIH OIBIT
B PO(eCCUOHATBHOI OTpacIi.;

3. MECTO JUCHUMIIJIMHBI B CTPYKTYPE OII BO

Hucrunmmaa «Machine Learning and Big Data Mining» oTHocuTcsi K 00s3aTenbHON yacTu Oioka 1
«JIncummmmHbl (MOIYyIH )» 00pa30BaTeILHON MPOTPaMMBI BBICIIIETO 00pa30BaHUSI.

B pamkax oOpa3oBaTenbHONW TPOrpaMMBbl BBICIIETO OOpa3oBaHUs OOydaroIIMecs Tak)Ke OCBAaWBAIOT
Jpyrue TUCHUIUIMHBI W/WIU TPAKTUKH, CIIOCOOCTBYIOIIUE OCTH)KCHUIO 3aINTAHMPOBAHHBIX PE3YIIBTATOB
ocBoeHus nucturiuHbl «Machine Learning and Big Data Mining».




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

HanveHoBAHE IIpenmecTByomue Mocaenyromue
HIudp AMCLIMIIIMHBI/ MOYJIH, JAUCLIMIIMHBI/ MOIYJIH,
KOMIeTeHIH - .
NPAKTHKH MPAKTHKH
CriocoOeH ocymecTBIsATh COOp Research work /
Y ITPOBOJIUTD aHAIIN3 Hayuno-uccnenoBarenbckas
Hay4YHO-TEXHUYECKOH pabora;
OTIK-6 unpopmanun, 006001maTs Undergraduate Training;
i OTEUECTBEHHBIN U Advanced Methods of Earth
3apyOCKHBII OIBIT B 00JIACTH Remote Sensing;
CPEJIICTB aBTOMATH3aluH U
yIIpaBJIeHUs
CriocoOeH poBOTUTH Research work /
NIaTEeHTHBIE UCCIIEI0BAHMS, Hayuno-uccnenoBarenbckas
orpeaesiaTs GopMbI U METOJIBI pabora;
IIPaBOBOM OXPAHBI U 3AILUTHI Undergraduate Training;
IIPaB Ha PE3YNIbTATHI Dynamics and Control of Space
OIIK-5 UHTEJUIEKTYalbHOU Systems;
JIeSITEIIbHOCTH,

pacropsKaTbCs MpaBaMu Ha
HUX JJIA peIICHUA 3a1a4 B
Ppa3BUTHA HAYKU, TCXHUKU U
TCXHOJIOI'MH

* - 3aMOJHAETCS B COOTBETCTBHY ¢ Marpuiiet komnerennuit u CYII OIT BO
** - 3JIeKTHBHBIC AUCIUIUIHHBI /TIPAaKTHKU




4. OFBbEM JUCHUILIMHBI 1 BUJIbl YYEEHOM PABOTBI

OO01mas TpyI0eMKOCTh AUCIUILTHHBI «MammmHHOe 00yUeHUe 1 aHaTN3 OONBIINX TAHHBIX» COCTABISIET «5)» 3aUETHBIX STUHUIIL,
Tabnuya 4.1. Buowl yuebHot pabomuvl no nepuooam 0C8oeHUsl 00pa308amMenbHOU NPOCPAMMDBL 8biCULE20 0OPA308aHUSL OISl OYHOU OopMbL 00YUeHUS.

Bun yueoHoii padoTsl BCEIO, ak.u. CeMeclTp(-M)
Koumaxmmuas paboma, ax.u 34 34
Jlexmmn (JIK) 17 17
Jlaboparopusie pabotsi (JIP) 17 17
[Ipaxtnueckue/cemmnapckue 3ausatus (C3) 0 0
Camocmosmenvhas paboma obyuaouuxcs, ax.y. 110 110
Koumponw (sx3amen/3auem c oyenkou), ax.y. 36 36
ak.u.| 180 180
Oo0masi Tpy10eMKOCTb JHCHUILINHBI aK. Y.
3a4.ell. 5 5




5. COAEP)KAHUE JUCLHUIIJINHBI

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

Homep HaumeHoBaHue pa3iena B .
HaunmeHoBaHue TeMbI Conepixanune TeMbl y4ueoHOMI
pa3nena JTUACHHILTAHBI "
padoThI
. . Machine learning as a scientific direction studying methods for constructing algorithms
Introduction to Machine ) . . . . .
Learnine and Data capable of learning from empirical data without strictly following predefined rules. Main
& . components: features as independent variables, target variable as dependent variable, training
1.1 Processing. Formulation of . . . . . . . JIK, JIP
. . sample. Classification of machine learning problems: supervised learning using labeled data,
Main Problem Classes in . L . . . .
. . unsupervised learning in the absence of a target variable, reinforcement learning for behavior
Machine Learning. . . . . .
formation based on interaction with the environment.
Introduction to Machine Regression task as prediction of a continuous numerical value. Classification task as
Pasren | Learning and Data Processing. Regression and assigning an object to one of discrete categories. Clustering task as grouping objects based on
A Software Tools for Data Mining |1.2 Classification; Clustering, their similarity in the absence of class labels. Dimensionality reduction task as transforming JIK, JIP
and Machine Learning. Dimensionality Reduction.  |the feature space while preserving essential information and reducing the number of
variables.
Methods for processing textual data: representing textual information numerically through the
. bag-of-words model and TF-IDF method. Main tasks of text analysis: document
Text Processing; Image . . . . . . . .
1.3 Processin classification, sentiment analysis, entity extraction. Methods for image processing: JIK, JIP
& representing visual information as pixel matrices. Main tasks of computer vision: object
recognition, image segmentation, edge detection.
Regression Task. Minimizing |Regression task as predicting the numerical value of a target variable based on input features.
the Squared Deviation. Minimizing the squared deviation as a standard approach to assessing regression quality.
2.1 Regression Function: Regression function as the conditional mathematical expectation of the target variable given | JIK, JIP
Conditional Mathematical feature values. Relationship between the quadratic loss function and conditional
Expectation. mathematical expectation.
Linear regression as a model assuming a linear relationship between features and the target
. . variable, finding coefficients by minimizing mean squared error. k-nearest neighbors method
. . Linear Regression and . . . . o
Regression Analysis and Data . as a non-parametric regression and classification method predicting based on the nearest
Paznmen 2 . 2.2 k-Nearest Neighbors Method. | . . . . . . . . JIK, JIP
Compression. . . objects in the training sample. Overfitting as excessive adjustment of the model to training
Overfitting and Underfitting. . . . . . .
data with loss of generalization ability. Underfitting as excessive simplification of a model
unable to capture patterns in the data.
Decomposition of total prediction error into three components: noise as irreducible error due
.. . to data randomness, bias as systematic error due to incorrect model assumptions about the
Decomposition of Error into . . . . ..
2.3 . . . data, variance as error due to model sensitivity to small fluctuations in the training sample. JIK, JIP
Noise, Bias, and Variance. . . . : . .
Bias-variance tradeoff: simple models have high bias and low variance, complex models have
the opposite.
. Outliers as data objects that differ significantly from the main body of observations. Types of
Outlier and Anomaly . . : . .
. outliers: point outliers with an anomalous value of one feature, contextual outliers anomalous
3.1 Detection. What Are . " . . . .. JIK, JIP
. . . . under specific conditions, collective outliers as groups of objects deviating from the overall
Outlier and Anomaly Detection. Outliers, Types of Outliers. R o . .
. distribution. Causes of outliers: measurement errors, rare events, equipment failures.
Pazmen 3 |Data Cleaning and — - - - ; -
Regularization Technologies Statistical outlier detection methods based on the three-sigma rule and interquartile range.
’ 32 Outlier Detection Methods. |Distance-based methods: Mahalanobis distance, nearest neighbor method. Density-based K. TIP

Anomaly Search.

methods: local outlier factor. Machine learning for anomaly search: one-class classification,
isolation forest, autoencoders.




Bun

Homep HaumenoBanmue pa3gena "
HaumeHnoBaHue TeMbl Conep:xanue TeMbl yueOHoit
pasnena AMCIMIIINHBI *
padoThI
Sample censoring as the process of limiting extreme values to reduce the influence of
. . outliers. Outlier screening as complete removal of anomalous records from the dataset.
Sample Censoring. Outlier . . . . . . .
33 . . Criteria for outlier removal: exceeding threshold values, inconsistency with logical JIK, JIP
Screening, Outlier Removal. . . oy o . . . . .
constraints, impossibility of verification. Risks when removing outliers: loss of useful
information when mistakenly discarding rare but significant events.
. Data cleaning as a set of measures to identify and correct errors, omissions, and
Data Cleaning and . . > N . . .
o . inconsistencies in data. Regularization as a technology for combating overfitting by adding a
Regularization Technologies. . . N o
3.4 Main Types of penalty term to the loss function. Main types of regularization: L1-regularization lasso JIK, JIP
YPes, leading to sparse solutions, L2-regularization ridge uniformly reducing weights, Elastic Net
Regularization. L
as a combination of L1 and L2.
Dimensionality reduction as the process of reducing the number of features while preserving
. . . . essential information. Feature selection methods: filter methods evaluating the importance of
Dimensionality Reduction . .
. each feature independently, wrapper methods searching feature subsets based on model
3.5 Method. Feature Selection . . . . . L JIK, JIP
Methods quality, embedded methods with feature selection within the learning process. Principal
' component analysis as a linear transformation of original features into new uncorrelated
components.
Clustering as an unsupervised task of grouping objects based on their similarity. K-means
. . . method with iterative assignment of objects to nearest cluster centers and recalculation of
Clustering and Classification . . . )
. centers. Choosing the number of clusters using the elbow method and silhouette coefficient.
4.1 Technologies. K-means. EM . SR . . . . R JIK, JIP
. EM algorithm for probabilistic clustering assuming a mixture of Gaussian distributions.
Algorithm. . L . . . N
Alternating E-step for estimating object membership and M-step for recalculating distribution
parameters.
Agglomerative hierarchical clustering with sequential merging of the nearest objects into
Other Clustering Methods.  |clusters. DBSCAN as a density-based clustering method identifying regions of high density.
4.2 Classification Tasks. Classification as the task of assigning an object to one of predefined classes. Bayesian JIK, JIP
Bayesian Classifier. classifier based on Bayes' theorem and the assumption of feature independence naive Bayes
classifier.
Linear Methods for Llne.ar‘clasmﬁca.tlon methpds with c.lass s.eparanon by a llpegr boundary in featqre space.
. . . . . . Logistic regression as a binary classification method predicting class membership probability
Clustering and Classification Classification. Logistic - . . . o . o o
. 43 . . through a sigmoid function. Maximum likelihood as a learning criterion for logistic JIK, JIP
Paznen4 [Technologies. Neural Networks. Regression, Maximum . o - . .
. . o regression instead of minimizing the squared error. Interpretation of logistic regression
Genetic Algorithms Likelihood. . . )
coefficients as the influence of features on the log odds ratio.
General architecture of a neural network: input layer of features, one or more hidden layers
with non-linear activation functions, output layer with dimensionality matching the task.
Neural Networks: General . . . . .
. . Multilayer networks as universal approximators of any continuous function. Forward pass for
4.4 Architecture. Multilayer . . X . . . JIK, JIP
. computing network outputs given input data. Backpropagation as an algorithm for computing
Networks. Backpropagation. ) . . - : e
gradients of the loss function with respect to network weights through sequential application
of the chain rule from output layer to input layer.
Stochastic gradient descent as an optimization method for training neural networks with
weight updates based on a random mini-batch of examples rather than the entire dataset.
45 Stochastic Gradient Descent. |Advantages of stochastic gradient descent: faster convergence, ability to work with large TIK. TP

Genetic Algorithms.

datasets, escaping local minima. Genetic algorithms as evolutionary optimization methods
simulating natural selection processes. Basic operations of a genetic algorithm: selection of
the best solutions, crossover for exchanging chromosome parts, mutation for random




Bup

Homep HaumenoBanmue pa3gena "
HaumeHnoBaHue TeMbl Conep:xanue TeMbl yueOHoit
paziena AUCHATITUHBI *
padoThI
changes.
Feature extraction as the process of creating new informative features from raw data.
Difference between feature extraction and feature selection: extraction creates new features,
5.1 Feature Extraction. selection chooses a subset of existing ones. Feature extraction methods for images: corner JIK, JIP
and edge detectors, histograms of oriented gradients. Feature extraction methods for texts:
n-grams, topic modeling, word vector representations.
. Feature transformations as bringing data to a form convenient for model training. Data
Feature Transformations. . . . e s .
. normalization as scaling features to a specific range or distribution. Necessity of
5.2 Data Normalization. Data .. .. . .. JIK, JIP
.. normalization for methods sensitive to feature scale: gradient descent, principal component
Normalization Methods. L
analysis, distance-based methods.
Min-max normalization with linear transformation of features into a given range, usually
Feature Detection; Data . . from zero to one. Preservation of the original distribution shape with min-max normalization.
. Min-Max Normalization. . . . . . .
Pasznen 5 [Normalization. Fuzzy Sets. . Z-score normalization as centering and scaling to unit variance: subtracting the mean and
. 5.3 Z-score Normalization. . .. ; .. JIK, JIP
Bayesian Networks . . dividing by the standard deviation. Transforming features to a standard normal distribution.
Decimal Scaling. . . o . . .
Decimal scaling as dividing all feature values by a power of ten to shift the decimal point.
Simplicity and reversibility of decimal scaling.
Fuzzy sets as an extension of classical set theory with element membership specified by a
. continuous function from zero to one. Membership functions for describing linguistic
Fuzzy Sets. Bayesian . . . . o .
. variables: high, medium, low. Bayesian networks as probabilistic graphical models
Networks. Bayesian representing dependencies between variables through directed acyclic graphs. Bayesian
54 Inference Tasks. Method for P & dep & y £raphs. bay JIK, JIP

Constructing a Fuzzy
Bayesian Network.

inference tasks: computing posterior probabilities of variables given observations. Method

for constructing a fuzzy Bayesian network: combining fuzzy logic for working with imprecise
data and Bayesian networks for probabilistic inference. Application in decision support
systems with incomplete or fuzzy information.

* - zamonHsiercst Tonbko o OUYHOU dopme o6yuenus: JIK — nexmum; JIP — maboparopusie padotsl; C3 — npakTHUeCKHe/CEMUHAPCKHE 3aHTHUSL.




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

OcnosHnas tumepamypa:
1. James, G. et al. An introduction to statistical learning. — Springer, 2013. — 426 pp

2. Trevor Hastie, Robert Tibshirani , et al., The Elements of Statistical Learning: Data Mining, Inference,
and Prediction, 2nd edition, 2017

3. Betorun, B. B. Maremaruueckue 0CHOBBI MAIIMHHOTO 00yY€HUs U IPOTHO3UPOBAHUS : yueOHOe
nocobue / B. B. Berorun. — Mocksa : MITHMO, 2014. — 304 c.

Jlononnumenvuas tumepamypa:

1. Bruce, P. C., & Bruce, A. (2017). Practical Statistics for Data Scientists : 50 Essential Concepts (Vol.
First edition). Sebastopol, CA: O’Reilly Media

2. Molnar, C. (2018). iml: An R package for Interpretable Machine Learning

3. Explainable and interpretable models in computer vision and machine learning. (2018)

4. KomOuHaTOprKa ¥ TeOpHUs BEposATHOCTEH, yueOHoe mocodue, 99 c., Paitropoackuii, A. M., 2013
Pecypcul unghopmayuonno-menekommyHukayuouHo cemu « Mnmepnemy:

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

- Dnekrponno-6ubnuoreunas cucrema PYJ/IH — ObC PY]IH http://lib.rudn.ru/MegaPro/Web
- OBC «YHuBepcuteTckas 6ubmmoreka onnan» http://www.biblioclub.ru
- OBC HOpaiit http://www.biblio-online.ru
- OBC «KoHcynbpranT cTynenray www.studentlibrary.ru
- ObC «Tpounkuii MocT»
2. ba3bl JaHHBIX ¥ IOUCKOBBIE CUCTEMBI
- QIIEKTPOHHBIN (POH/I TPABOBOM M HOPMATUBHO-TEXHUYECKOM JoKyMeHTaruu http://docs.cntd.ru/
- mouckoBas cuctema Auaexc https://www.yandex.ru/
- mouckoBas cuctema Google https://www.google.ru/
- pedeparuBnas 6a3a manasix SCOPUS http://www.elsevierscience.ru/products/scopus/

Yuebno-memoouueckue mamepuanst 0jisi CAMOCMOAMENbHOU pabomsl 00YUAIOWUXCSA NPU OCBOECHUU
OUCYUNTUHBL/ MO0V *:




1. Kypc nexunii mo auctumnae «Machine Learning and Big Data Mining.

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