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1. EJIb OCBOEHMA JUCIIUITJIMHbI

JucuuiuimHa «MammaHoe o0ydeHHe M aHaiuu3 OOJBIIMX JAHHBIX)» BXOIHUT B MPOTPaMMy
MarucCTparypasl «bammcTnyeckoe IMPOCKTUPOBAHNEC KOCMUUYCCKHX KOMIIJICKCOB H CHCTEM) IIO
Hanpasienuto 01.04.02 «IIpuknannas maremMaTrka 1 HHQOpMaTHKa» U u3ydaercs B 1 cemectpe 1
kypca. Jucuummmay peanusyer Kadenpa MexaHWKHM W TpoleccoB ympamieHUs. JlucruruimHa
cocrout u3 5 paszaenos u 20 Tem u HanpapieHa Ha u3ydenue fundamentals of clustering and its
basic techniques, classification and its basic techniques, frequent itemset mining and association
rules, feature selection and dimensionality reduction, outlier detection, recommender systems and
algorithms, ensemble clustering and classification, multimodal relational clustering, artificial
neural methods and stochastic optimization, elements of statistical learning; collection of basic
methods for solving typical problems and familiarization with the area of their application in
professional activities.

Ienbro ocBoenus aucuuiuinabl seisiercs to develop fundamental knowledge and skills in
applying problem solving methods necessary for professional activities, to improve the general
level of students’ literacy in the discipline Machine Learning and Big Data Mining, to familiarize
them with a new rapidly evolving field and provide practical knowledge experience in the analysis
of real world data.

2. TPEBOBAHMUS K PE3YJIBTATAM OCBOEHUSA JUCIHUITJIMHDbI

OcBoeHne TUCHMILIMHBI «MalmHHOe 00y4eHHe U aHajau3 OOJIBLIMX JAHHBIX» HAIPaBICHO
Ha (OPMHUPOBAHKE Yy 00YUAIOIIMXCS CIEAYIOUMX KOMIIETEHIUH (YaCTH KOMIIETEHIIH):

Tabnuya 2.1. Ilepeuenv komnemenyuil, opmupyemvix y 00y4arOWuxcs npu 0ce0eHuu
OUCYUNTIUHBL (Pe3VTbmambvl 0C80eHUS OUCYUNTUHDL)

I/IHI[P[KaTOp])l JOCTHIKCHUS KOMIICTCHIUHN

Iudp Komnerenuus o
(B paMKax JaHHOUW NHUCUUTUINHBI)

VK-1.1 AnamuzupyeT 3a1a4y, BbIAeTss ee 0a30BbIe
COCTaBIISIONINE;;
VK-1.2 OcymecTBisieT MoucK HHPOPMAIUH JIJIST pEIICHHS
Cnoco0eH oCyIIecTBIsATh YK bop P
. MOCTaBJIEHHOH 3a/1a4M M0 PA3IUYHBIM THIIaM 3aIPOCOB, ITpeIaraeT
KpUTHUYECKUI aHaIn3
. BapHaHTHI PEIICHUS 3a/1a41, aHATU3UPYET BO3MOXKHBIE
MPOOJIEMHBIX CHTYyaIllil Ha
YK-1 MOCJIEICTBHS UX UCTIOIE30BAHIS;;
OCHOBE CHCTEMHOT'0 TIOAXO0/a,
VYK-1.3 AHanmu3upyert myTH pelreHus mpodiem
BBIPA0ATHIBATH CTPATETHIO
- MHPOBO33PEHYECKOT0, HPAaBCTBEHHOTO W JINYHOCTHOTO XapakTep Ha
OCHOBE HCIOJIH30BaHUS OCHOBHBIX (procodckux uaei u
KaTeropuii B UX HCTOPHIECKOM Pa3BUTHH U COITUAIIBHO-
KYJIBTYPHOM KOHTEKCTE.;

CriocobeH ucKaTh HyKHBIE
HUCTOYHHUKH HHGOPMAIHH 1
JIaHHbBIE, BOCHPUHUMATB,
aHaJIM3MPOBATh, 3a[IOMUHATH U
nepeaaBaTs HHHOPMAIIHIO C VYK-7.1 OcymiecTBisieT HOMCK HYKHBIX HCTOYHHUKOB HHPOPMALIIT
UCIIONIb30BaHUEM LIU(POBBIX  |U JaHHBIX, BOCIIPUHUMAET, aHAIN3UPYET, 3a[IOMHUHAET U Iepe/iaeT

CPEZCTB, a TAK)KE C IOMOIIBI0  |MH(OPMAIHIO C HCIIOJIB30BaHUEM IIM(PPOBBIX CPEJICTB, & TAKKE C
ITOPUTMOB IIpH paboTe ¢ MOMOIIBIO AJITOPUTMOB TIPH Pa0bOTE C MOTYYEHHBIMU U3 PA3IMYHbBIX

YK-7 MIOJTYYEHHBIMHU U3 PA3IMYHBIX  |MCTOYHHMKOB JAaHHBIMHU C LEJIBI0 3()()EKTHBHOTO HCIIOIB30BAHUS

MCTOYHHMKOB JAHHBIMH C LIEJIBIO | OIy4YeHHOW MH(OPMAIMH /TSl PELIeHHS 33/1a4;;

s¢dextuBHOrO NcTionb3oBaHus | YK-7.2 [IpoBoxut oneHKy MH(pOpPMaIHH, ee JOCTOBEPHOCTS,

MOJTY4YeHHOW MH(OPMALMH ISl | CTPOUT JIOTUYECKHE YMO3AKIIIOUSHNSI HA OCHOBAaHUH MOCTYIAIOIINX
pelieHust 3a71a4; MPOBOANUTD nH(opMaLuK U TAHHBIX.;

OIICHKY WH(pOpMAaIInH, e
JOCTOBEPHOCTH, CTPOUTH
JIOTHYECKHE YyMO3AKIIIOUCHHS Ha
OCHOBaHHH ITOCTYTAONINX




I/IH}II/IKaTOPLI JOCTHIKCHHUSI KOMIIETCHIINHN

Mudp Komnerennus o
(B paMKax JaHHOUW TUCUUTUIMHBI)
nH(popManNN U TaHHBIX
IIK-1.1 O6namaeTt GpyHIaMEHTAIHHBIMY 3HAHUSMH, TIOJTYICHHBIMHU
B 00JTaCTH MaTEeMaTHIECKUX U (WJIN) €CTECTBEHHBIX HAayK,
CrocobeH GpopMymupoBaTh ey, o
., |mporpaMMHupOBaHHS M HHPOPMAINOHHBIX TEXHOJIOTHIL;;
3a7]a4y HAyYHBIX UCCIICAOBAHUH B
N I1K-1.2 ¥Ymeer HaxoauTh, (YOPMYINPOBATH U PEIIATh CTaHJAPTHBIC
001acTH MIPUKIIATHON N "
3aJa4y B COOCTBEHHOH HAayYHO-MCCIIEOBATEIbCKON NESTEIbHOCTH
MaTeMaTUKH 1 HHPOPMATHKH, .
. B 00JaCTH MPUKITATHOW MaTeMAaTHKH U HHPOPMATHKH,
[K-1 BBIYUCIIMTEIIEHON TEXHUKH 1 N .
N BBIYHCIIUTEIHHON TEXHUKU U COBPEMEHHBIX TEXHOJIOTUI
COBPEMEHHBIX TEXHOJIOTUIl
IIPOrpaMMUPOBaHMS;;
IPOrpaMMHPOBaHUs, BEIOUPATh . .
I1K-1.3 NmeeT npakTUueCcKuil ONBIT HAyYHO-UCCIEA0BATEIbCKON
METOJIBI ¥ CPEJCTBA PELICHUS .
sazad JIeSITEIbHOCTH B 00JIaCTH NPHUKJIAHON MAaTEMaTUKU U
nH(OPMATHKY, BEIYUCIUTEIBHON TEXHUKU U COBPEMEHHBIX
TEXHOJIOTHH MpOrpaMMHpPOBaHMSL.;
Cnocob6eH NpUMeHsTh I1K-2.1 3HaeT coBpeMEeHHbIE TEOPETUIECKUE U
COBPEMEHHBIE TEOPETUUECKHE M | IKCIICPUMEHTAIBHBIE METOABI Pa3pabOTKH MaTeMaTHIECKUX
9KCIIEPUMEHTAIbHBIC METOBl  |MOJIENIeH, NHHOBAIMOHHBIE MHCTPYMEHTAIBHBIC CPEACTBA
pa3pabOTKM MAaTEMaTHYECKUX  |[IPOSKTUPOBAHUS U 3JIEMEHTHI apXUTEKTYPHBIX PEIICHUH
MOJIeTIel HCCIIeyeMBIX OOBEKTOB |MH(OPMALIMOHHBIX CHCTEM;;
[K-2 U mporeccoB, oTHocsamuxcsa k- |I[IK-2.2 YMeet pa3pabaTeiBaTh U peai30BBIBATh ATOPHTMEL

po¢heCCHOHATIBHOM
ACATCIBHOCTH 110 HAITPABJICHUIO
IMOATOTOBKH M Y4aCTBOBATh B UX
peannsanuu B BUIE
NIPOTPaMMHBIX IIPOLYKTOB

MaTeMaTHYeCKHX MoJieiel Ha 0a3e SI3bIKOB U MAKETOB MPUKIAIHBIX
IIpOTrpaMM MOJICINPOBAHMUS;;

ITK-2.3 Nmeet npakTHUECKHU ONBIT pa3pabOTKH BapUAHTOB
peanuzanyy HHGOPMALOHHBIX CUCTEM C MCIIOJIb30BaHUEM
MHHOBAIIMOHHBIX HHCTPYMEHTAJIBHBIX CPE/ICTB.;

3. MECTO JUCIIMIIJIMHBI B CTPYKTYPE OII BO

Huctunnuaa «MamHHOe OOy4eHHe W aHalu3 OOJIBIIUX JaHHBIX» OTHOCHUTCS K YacTH,
dbopMupyeMoil yuacTHUKaMU 0Opa30BaTeIbHBIX OTHOIICHHH OMoka 1 «/{ucuumianHbl (MOMYIH)»
o0pa30BaTeNbHOM NMPOrpaMMbl BBICIIETO 0Opa30BaHHUS.

B pamkax o0pa3zoBaTesbHOM NporpamMmbl BBICIIETO OOpa30BaHHS OOYYaIOIIMECS TaKXKe

OCBaMBAKOT

OpYrue  JTUCUUILIUHBI

A/nnu

IMPAaKTHUKHU, CHOCO6CTBYI-OH_II/IG JAOCTHIKCHHIO

3aIlJTAaHUPOBAHHBIX PE3YJIbTATOB OCBOCHHA JHUCHUIIIMHBI «MamuaHOoe O6y‘l€HI/I€ n aHalinu3
OOIBIINX JaHHBIX».

abauya 3.1. epeyeHb KOMNOHEeHMO8 . CcnOCoOOCMBYOWUX  OO0CMUNCEHUIO
Tao. 3.1. Il oIl BO O 0
3aNIAHUPOBAHHBIX Pe3YIbMAaAmo8 0C80eHUS OUCYUNTIUHB]
HanMenoBanme MpenuiecTBywUIHE Mocaenywurue
n HCIMILINHBI/MOYJTH HCHHMILIAHBI/MOLYJIH
bp KOMIIeTeHIIHH et oy, ane M
NPaKTHKH NPaKTHKH
Crioco0eH MCKaTh HyKHEIC . .
HCTOHHKH HEDO MZHHH u Technological Training;
P Pre-Graduation Internship in
JAaHHbIE, BOCIPUHUMATD, Industry'
AHaJIN3UPOBATh, 3alIOMUHATH Practicaly Training and
M NIEPEAIaBaTh HHGOpMaIHio Research in Dynamics and
C HUCIIOJIB30BAHUEM
Control of Space Systems
HHOPOBEIX CPEICTE, @ TakKe (online from RUDN Muission
C IIOMOIIIBIO AJITOPUTMOB
VK-7 - P Control Center) / HayuHo-

pu paboTe ¢ MOTyIeHHBIMH
U3 pa3InuHbIX HCTOYHHUKOB
JIAHHBIMH C LEJIBIO
3¢ PEKTUBHOTO
HCIIONIb30BAHUS TTOTyYEHHON
uHGbOPMALIUH IS PeLICHHS
3aj1a4; NPOBOAUTH OLICHKY
uHdopmanumy, ee

uccienoBaTensckas paboTa;
Advanced Methods of Remote
Sensing and Geoinformation
Systems;

Web Application
Development and Security;




IIpeamecrByonue Mocaenyromue
HIngp Haumenosanne zmcfmnrmnnbl},Molzl:ynu, Ill/lcul/lﬂﬂl/lllll)]:l/;luOZ[yﬂH,
KOMIIETEeHIHH - -
NPAKTHKHU NPAKTHKHU
JIOCTOBEPHOCTB, CTPOUTH
JIOTUYCCKHUEC
YMO3aKIIOYCHUS HA
OCHOBAHHHU IOCTYITAIOIINX
nHGOPMALINN M JAHHBIX
Advanced Methods of Remote
Sensing and Geoinformation
Systems;
Structures & Materials
Modelling;
System Design;
Dynamics and Control of
Space Systems;
Project "Drone Systems
Engineering. Part 1";
CrniocoOeH OCYIIECTBIISITh Practical Training in
KPUTHUYECKHI aHAIN3 Receiving Remote Sensing
VK-1 npoOJIEMHBIX CUTYalnil Ha Data from Satellites and its
OCHOBE CHCTEMHOTO Interpretation (online from
MOJIX0/1a, BEIPa0aThIBATh RUDN Mission Control
CTpaTeruio NeHCTBUH Center) / HUP;
Practical Training and
Research in Dynamics and
Control of Space Systems
(online from RUDN Mission
Control Center) / Hayuro-
HCCJIICA0BATCIIbCKaA pa60Ta;
Technological Training;
Pre-Graduation Internship in
Industry;
Pre-Graduation Internship in
Industry;
Practical Training in
Receiving Remote Sensing
Data from Satellites and its
Interpretation (online from
Crioco6eH GpopMyaupoBaTh RUDN Mission Control
eI, 3a]1a91 Hay9IHBIX Center) / HUP;
HCCIIEIOBAHUN B 00JIaCTH Practical Training and
MPUKIIAHOW MaTEMATHKH U Research in Dynamics and
IK-1 HHDOPMATHKH, Control of Space Systems
BBIYUCITUTEIBHON TEXHUKH U (online from RUDN Muission
COBPEMEHHBIX TEXHOJIOTHIA Control Center) / Hayuno-
NIPOTPaMMHUPOBAHMS, HccleioBaTebcKas padora;
BBIOMPATh METO/BI U Technological Training;
CpEJICTBA PELIECHHS 3a/1a Advanced Methods of Remote
Sensing and Geoinformation
Systems;
System Design;
Dynamics and Control of
Space Systems;
CnocobeH npuMeHsTh Advanced Methods of Remote
COBPEMEHHBIC Sensing and Geoinformation
TEOPETHYECKUE U Systems;
IK-2 DKCIIEPHMEHTAILHBIE System Design;

METOJIbI pa3pabOTKH
MaTeMaTHYCCKUX MOJCICH
HCCIICYEMBIX 00BEKTOB U

Project "Drone Systems
Engineering. Part 1";
Pre-Graduation Internship in




[penmecrByrommue Hocnexyromue
Mudg Haumenosanue HcflﬂI:IHHHbl7M0m JIN ncunnﬂnl:lil/;anou JIN
P KOMIIETeHIIHH e *ﬂy i A . ¥,
NPAKTHKH NPaAKTHKHU
TPOIIECCOB, OTHOCSIITUXCS K Industry;

po¢eCCHOHATBHOM
JesATEeIEHOCTH 10
HaIPaBJICHUIO IOATOTOBKU H
y4acTBOBATh B HX
peanuzalyy B BUIC
MIPOTrPaMMHBIX POJYKTOB

Practical Training in
Receiving Remote Sensing
Data from Satellites and its
Interpretation (online from
RUDN Mission Control
Center) / HUP;

Practical Training and
Research in Dynamics and
Control of Space Systems
(online from RUDN Mission
Control Center) / Hayuro-
HCCICO0BATCIbCKAsA pa60Ta;
Technological Training;

* - 3aMONHSACTCS B COOTBETCTBUH ¢ MaTpuieii kommnerenuii u CYII OI1 BO
** - 3NIeKTUBHBIC TUCIUIUIMHEI /TIPAKTHKH




4. OFbEM JUCHUILIVNHBI U BUJIbI YYEBHOM PABOTHI

OO1m1ast TPYA0EMKOCTh UCHUILTUHBI «MammHHOe 00Y4YeHUE U aHAIIN3 OOJIBIINX JaHHBIX» COCTABISCT «4)» 3aUCTHBIC CIUHHMIIBI.
Tabnuya 4.1. Buowl yuebHOU pabomvl no nepuooam 0cC80eHUsi 00pA308amMenbHOU NPOSPAMMbL 8blCUIC20 00pA308aHUSL Ol OYHOU (HOPMbL
0OyueHusl.

Buja yueOHoii padoThl BCETIO, ak.u. CeMeclT pCED)
Koumaxmmnas paboma, ax.u. 20 20
Jlexrun (JIK) 10 10
Jlabopartopusie pabotsl (JIP) 10 10
IMpaktryeckue/cemunapckue 3ansatus (C3) 0 0
Camocmosmenvras paboma 00y4arOWuxcs, ax.u. 88 88
Koumponw (ax3amen/3auem c oyenkoil), ax.u. 36 36
OO01asi TPYI0E€MKOCTh THCHHILTHHBI aK.4. 144 144
3a4.e/1. 4 4




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

Introduction to Machine
Learning and Data
Processing. Software Tools
for Data Mining and Machine
Learning.

11

Introduction to Machine Learning and Data
Processing. Formulation of Main Problem
Classes in Machine Learning.

Machine learning as a scientific direction studying methods for
constructing algorithms capable of learning from empirical data
without strictly following predefined rules. Main components:
features as independent variables, target variable as dependent
variable, training sample. Classification of machine learning
problems: supervised learning using labeled data, unsupervised
learning in the absence of a target variable, reinforcement learning
for behavior formation based on interaction with the environment.

JIK, JIP

1.2

Regression and Classification; Clustering,
Dimensionality Reduction.

Regression task as prediction of a continuous numerical value.
Classification task as assigning an object to one of discrete
categories. Clustering task as grouping objects based on their
similarity in the absence of class labels. Dimensionality reduction
task as transforming the feature space while preserving essential
information and reducing the number of variables.

JIK, JIP

1.3

Text Processing; Image Processing.

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 classification,
sentiment analysis, entity extraction. Methods for image processing:
representing visual information as pixel matrices. Main tasks of
computer vision: object recognition, image segmentation, edge
detection.

JIK, JIP

Paznen 2

Regression Analysis and Data
Compression.

21

Regression Task. Minimizing the Squared
Deviation. Regression Function: Conditional
Mathematical Expectation.

Regression task as predicting the numerical value of a target
variable based on input features. Minimizing the squared deviation
as a standard approach to assessing regression quality. Regression
function as the conditional mathematical expectation of the target
variable given feature values. Relationship between the quadratic
loss function and conditional mathematical expectation.

JIK, JIP

2.2

Linear Regression and k-Nearest Neighbors
Method. Overfitting and Underfitting.

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 as a non-parametric
regression and classification method predicting based on the nearest
objects in the training sample. Overfitting as excessive adjustment
of the model to training data with loss of generalization ability.

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

Underfitting as excessive simplification of a model unable to
capture patterns in the data.

2.3

Decomposition of Error into Noise, Bias, and
Variance.

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 data, variance as
error due to model sensitivity to small fluctuations in the training
sample. Bias-variance tradeoff: simple models have high bias and
low variance, complex models have the opposite.

JIK, JIP

Pasnen 3

Outlier and Anomaly
Detection. Data Cleaning and
Regularization Technologies.

3.1

Outlier and Anomaly Detection. What Are
Outliers, Types of Outliers.

Outliers as data objects that differ significantly from the main body
of observations. Types of outliers: point outliers with an anomalous
value of one feature, contextual outliers anomalous under specific
conditions, collective outliers as groups of objects deviating from
the overall distribution. Causes of outliers: measurement errors, rare
events, equipment failures.

JIK, JIP

3.2

Outlier Detection Methods. Anomaly Search.

Statistical outlier detection methods based on the three-sigma rule
and interquartile range. Distance-based methods: Mahalanobis
distance, nearest neighbor method. Density-based methods: local
outlier factor. Machine learning for anomaly search: one-class
classification, isolation forest, autoencoders.

JIK, JIP

3.3

Sample Censoring. Outlier Screening, Outlier
Removal.

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. Criteria for outlier
removal: exceeding threshold values, inconsistency with logical
constraints, impossibility of verification. Risks when removing
outliers: loss of useful information when mistakenly discarding rare
but significant events.

JIK, JIP

3.4

Data Cleaning and Regularization
Technologies. Main Types of Regularization.

Data cleaning as a set of measures to identify and correct errors,
omissions, and inconsistencies in data. Regularization as a
technology for combating overfitting by adding a penalty term to
the loss function. Main types of regularization: L1-regularization
lasso leading to sparse solutions, L2-regularization ridge uniformly
reducing weights, Elastic Net as a combination of L1 and L2.

JIK, JIP

35

Dimensionality Reduction Method. Feature
Selection Methods.

Dimensionality reduction as the process of reducing the number of
features while preserving essential information. Feature selection
methods: filter methods evaluating the importance of each feature
independently, wrapper methods searching feature subsets based on

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

model quality, embedded methods with feature selection within the
learning process. Principal component analysis as a linear
transformation of original features into new uncorrelated
components.

Pasnen 4

Clustering and Classification
Technologies. Neural
Networks. Genetic
Algorithms

41

Clustering and Classification Technologies. K-
means. EM Algorithm.

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 centers.
Choosing the number of clusters using the elbow method and
silhouette coefficient. EM algorithm for probabilistic clustering
assuming a mixture of Gaussian distributions. Alternating E-step for
estimating object membership and M-step for recalculating
distribution parameters.

JIK, JIP

4.2

Other Clustering Methods. Classification
Tasks. Bayesian Classifier.

Agglomerative hierarchical clustering with sequential merging of
the nearest objects into clusters. DBSCAN as a density-based
clustering method identifying regions of high density. Classification
as the task of assigning an object to one of predefined classes.
Bayesian classifier based on Bayes' theorem and the assumption of
feature independence naive Bayes classifier.

JIK, JIP

4.3

Linear Methods for Classification. Logistic
Regression, Maximum Likelihood.

Linear classification methods with class separation by a linear
boundary in feature space. Logistic regression as a binary
classification method predicting class membership probability
through a sigmoid function. Maximum likelihood as a learning
criterion for logistic regression instead of minimizing the squared
error. Interpretation of logistic regression coefficients as the
influence of features on the log odds ratio.

JIK, JIP

4.4

Neural Networks: General Architecture.
Multilayer Networks. Backpropagation.

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. Multilayer networks as
universal approximators of any continuous function. Forward pass
for computing network outputs given input data. Backpropagation
as an algorithm for computing gradients of the loss function with
respect to network weights through sequential application of the
chain rule from output layer to input layer.

JIK, JIP

4.5

Stochastic Gradient Descent. Genetic
Algorithms.

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. Advantages of stochastic

JIK, JIP




Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

gradient descent: faster convergence, ability to work with large
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
changes.

Pazgen 5

Feature Detection; Data
Normalization. Fuzzy Sets.
Bayesian Networks

51

Feature Extraction.

Feature extraction as the process of creating new informative
features from raw data. Difference between feature extraction and
feature selection: extraction creates new features, selection chooses
a subset of existing ones. Feature extraction methods for images:
corner and edge detectors, histograms of oriented gradients. Feature
extraction methods for texts: n-grams, topic modeling, word vector
representations.

JIK, JIP

52

Feature Transformations. Data Normalization.
Data Normalization Methods.

Feature transformations as bringing data to a form convenient for
model training. Data normalization as scaling features to a specific
range or distribution. Necessity of normalization for methods
sensitive to feature scale: gradient descent, principal component
analysis, distance-based methods.

JIK, JIP

53

Min-Max Normalization. Z-score
Normalization. Decimal Scaling.

Min-max normalization with linear transformation of features into a
given range, usually from zero to one. Preservation of the original
distribution shape with min-max normalization. Z-score
normalization as centering and scaling to unit variance: subtracting
the mean and dividing by the standard deviation. Transforming
features to a standard normal distribution. Decimal scaling as
dividing all feature values by a power of ten to shift the decimal
point. Simplicity and reversibility of decimal scaling.

JIK, JIP

54

Fuzzy Sets. Bayesian Networks. Bayesian
Inference Tasks. Method for Constructing a
Fuzzy Bayesian Network.

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 variables: high,
medium, low. Bayesian networks as probabilistic graphical models
representing dependencies between variables through directed
acyclic graphs. Bayesian 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

JIK, JIP
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Homep
pasnena

HaumeHnoBaHnue pa3aeia
JUCHUIIINHBI

HaumeHoBaHue TeMBbI

Coaep:xanue TeMbl

Bun
y4eOHoi
padoThr*

|

with incomplete or fuzzy information.

* - 3anonuseTcs Toabko mo OUHOW dopme oOyuenus: JIK — nexyuu; JIP — nabopamopnsie pabomul; C3 — npakmuueckue/ceMuHapcKue 3aHamusl.
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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. 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. BLIOFI/IH, B. B. MaTreMmaTtudeckrne OCHOBBI MAIIlIMHHOT'O 06yquI/151 1 IPpOTHO3UPOBAHUA :
yuebHoe nocobue / B. B. Botornn. — Mocksa : MITHMO, 2014. — 304 c.
Jlonoanumenvuasn aumepamypa:

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 1 TEOpHs BEPOATHOCTEH, yueOHOe mocodue, 99 c., Paitropoackmii, A.
M., 2013
Pecypcor ungpopmayuonno-menekommynuxayuonuou cemu « Mumepremy»:

1. ObC PY1H u croponnne OBC, Kk KOTOPBIM CTYI€HThl YHUBEPCUTETA UMEIOT JOCTYII
Ha OCHOBAHHWH 3aKIIFOYCHHBIX TOT'OBOPOB

- DnekTponHo-6ubmnoreunas cucrtema PY/IH — ObC PYIH

http://lib.rudn.ru/MegaPro/Web
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- OBC «YHuBepcurerckas Oubauorexa onnan» http://www.biblioclub.ru
- OBC IOpaiit http://www.biblio-online.ru
- OBC «KoncynbraHT cTryfentay www.studentlibrary.ru
- OBC «Tpounkuit MOCT»
2. ba3bl JaHHBIX U TOMCKOBBIE CHCTEMBI
- QJIGKTPOHHBIN (POH]I TPABOBOI U HOPMATUBHO-TEXHUYECKOH TOKYMEHTAIIUU
http://docs.cntd.ru/
- mouckoBas cuctema Snnekc https://www.yandex.ru/
- mouckoBas cucreMa Google https://www.google.ru/
- pecdepatuBHas 6a3a nanasix SCOPUS
http://www.elsevierscience.ru/products/scopus/
Yuebno-memoouueckue mamepuanvt 05 camMoCmosmenbHol pabomol 0OYUaAOWUXCS NPU
0CB80EHUU OUCYUNTUHBL/MOOYIS*:
1. Kypc neknuii no pucuuiuinae «MaimHHOE 00y4YeHHE U aHAJIA3 OOJIBIINX JaHHBIX ).

* - Bce yueOHO-METOANYECKHE MaTepHallbl Uil CaMOCTOATENbHOM paboThl 00yJaromuxcs
pa3MenarTcs B COOTBETCTBUHM € JEMCTBYIOLUM NOPsAKOM Ha cTpanule aucuuiuinisl B TYHUC!
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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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