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AHHOTAIMA

paboueii mporpaMmmbl y4eOHOM JUCHUIINHbI
b1.B./IB.07.01 «IlocTpoeHue, o0yuyeHre ¥ ONTUMHU3ALUA MO/eJIeil MAIINHHOTO
00yueHHs] HA HHOCTPAHHOM SI3bIKE)»

JJIs1 MOATOTOBKH 0akanaBpoB no HanpaJeHuio 09.03.02 «MupopmanuoHHbIe
CHCTEMbI U TEXHOJOTMI> 10 HANPABJICHHOCTH bosiblIKe 1aHHBICE 1 MALIMHHOE
o0yuyenmne (Machine Learning & Big Data) u

Heanb ocBoenusi nucuumiaunbl: llensio nucnmmimnasl «[loctpoeHue, obyue-
HUE€ W ONITUMU3AIMS MOJIEJIEH MAIIMHHOTO OOYYeHUsT HA MHOCTPAHHOM SI3BIKE) SIBIISI-
€TCSl OCBOCHHME CTYACHTAMM TECOPETHUECKUX W MPAKTUUYECKUX 3HAHUW U mpuodpere-
HUE YMEHUW U HABBIKOB B OOJIACTH TMPOBEJACHUS AHATUTUYECKOTO HCCIEOBAHUS C
MPUMEHEHHEM MAIIMHHOTO 00YUYeHHUsI, a TaK)KE OCYIIECTBISATH JAEIOBYH0 KOMMYHHUKA-
IIMIO0 B YCTHOW M MUCbMEHHOM (hopmax Ha rocyaapcTBeHHOM si3bike Poccuiickoit de-
Jiepaluy 1 MHOCTpaHHOM (BIX) sI3bIKE(aX).

MecTo AUCHMIUVIMHBI B Y4eOHOM IIaHe: BKJIIOYCHA B 4acTh, (POPMHUPYEMYIO
y4acTHUKaMHU O00pa30BaTENIbHBIX OTHOIICHWH (AMCIUIUIMHA IO BBIOOPY) y4eOHOTO
TU1aHa no HampasieHuto noarotoku 09.03.02 «MupopManoHHbIE CUCTEMBI U TEX-
HOJIOTHUI».

TpeboBanusi K pe3yaibTaTaM OCBOCHHMS AUCHUIUVIMHBI: B pE3yJIbTATE OCBOE-
HUS JUCHUIUIMHBI (POPMUPYIOTCS CIEAYIONHME KOMIIETCHIIMU (MHAUKAaTOphl): YK-4
(YK-4.2, YK-4.3), [TKoc-9 (ITKoc-9.1, TTKoc-9.2, TTKoc-9.3).

KpaTtkoe conep:kanue 1ucuMiuinHbl: Bunbr o0ydyeHus: ¢ yuureneMm, 0e3 yuu-
Tesl, ¢ mojikpersienueM. OCHOBHBIE THIIBI 33/1a4: 3a/1aya Kiaccudukaiumu, 3aiaya pe-
rpeccuy, 3aada KiacTepU3allly, 3ajladya MPOTHO3UPOBAHUs, 3aJa4a PaHKUPOBAHMUS.
OcHoBHBIE TPOOJIEMBbI MAIIMHHOIO OOYYEHHMS: HEIOCTAaTOYHBIN 00BeM 00yuarolen
BBIOOPKH, TIPONMYCKHW B JaHHBIX, nepeoOydeHne. O0630p OCHOBHBIX HEOOXOJIMMBIX
oubmmorek s3pika Python. buGnmorexka TensorFlow. 3nakomMcTBO ¢ OMOIMOTEKON
MamHHOTo 00yueHmsi Keras. OOyuenue ¢ moakperieHneM. YactuuHoe oOydeHHe.
3aaun ONTUMU3AIMHN B MAIIMHHOM 00y4yeHuu. OnTuMu3aius B OOy4eHUH C y4HUTe-
neM. baliecoBckas ontumuzaiis. baliecoBckas ontuManbHas Kinaccudukanms. baiie-
COBCKas ONTHUMU3AIIMsI MOCPEACTBOM OMHApHOW Kkinaccudukanuu. ONTUMaIbHBIN OT-
O0op mpuszHaKoB. BeineneHne mpu3HAKOB uepe3 Tpajalyio OTHOUIEHUH. Brinenenue
MPU3HAKOB Yepe3 oTceueHne ancamOmuei. MeTpuku paHKupoBaHHs BEKTOpoB. Moje-
TU TIMHEWHOM/ToTUCTUYeCKO# perpeccun ¢ perymspusamusmu L1 u L1/L2. Tlonstue
cyOrpaauenTa BBIMYKION (DYHKIMH, €ro CBS3b C MPOU3BOIHON MO HANIPABJICHUIO, HE-
00XOJIMMOE M JOCTATOYHOE YCIOBHE DKCTPEMyMa JJISl BBIMYKIBIX HETJAJKUX 3a7au
0e3ycloBHON onTuMHU3anuu. MeToj HauCKOpeWImero cyOrpagueHTHOTO CITyCKa.
[IpoxcumanbHbiil MeToA. MeToa MOKOOPJAMHATHOTO CIyCKa M OJIOYHOW MOKOOPAH-
HAaTHOM ONTUMM3AaIMUA. MeToabl BHYTPEHHEN TOYKH U OTCEKAIOIINUX IUIOCKOCTEn. Me-
TOABl BHYTPEHHEN TOUKU. MeToJbl oTceKaromux miockocTeil. CtoxacThuueckas OIl-
TUMH3ALMA. MeToJIbl ONTHUMU3AIMKU C UCIOJIb30BAHUEM TIIO0AIbHBIX BEPXHUX Olle-
HOK, 3aBUCAIIMX OT napamerpa. CToxacTudecKasi ONTUMH3ALIUSL.

Types of training: with a teacher, without a teacher, with reinforcement. Main
types of tasks: classification task, regression task, clustering task, forecasting task,

4



ranking task. The main problems of machine learning are: insufficient size of the
training sample, gaps in the data, overfitting. An overview of the main required li-
braries of the Python language. Tensorflow library. Introduction to the Keras machine
learning library. Reinforcement learning. Partial training. Optimization problems in
machine learning. Optimization in supervised learning. Bayesian optimization.
Bayesian optimal classification. Bayesian optimization through binary classification.
Optimal feature selection. Identification of features through the gradation of relations.
Feature extraction through cutting ensembles. Vector ranking metrics. Linear/logistic
regression models with L1 and L1/L2 regularizations. The concept of a subgradient
of a convex function, its connection with the directional derivative, a necessary and
sufficient condition for an extremum for convex nonsmooth problems of uncon-
strained optimization. Method of steepest subgradient descent. proximal method.
Method of coordinate descent and block coordinate optimization. Methods of internal
point and cutting planes. Interior point methods. Cutting plane methods. Stochastic
optimization. Optimization Methods Using Global Upper Bounds Depending on a Pa-
rameter. Stochastic optimization.

O0masi Tpya0eMKOCTh AUCUMILUIMHBI COCTABJIfAAET. 3 3aUETHBHIC CIIUHHIIBI
(108 gacos).

IIpoMeKyTOYHBIN KOHTPOJIb: JK3aMEH.



1. lleab ocBOeHHUSI JUCHUILIHHBI

Henpro nucuumiaunel «IloctpoeHue, oO0ydeHrne W onTUMU3AIUS MOJEIECH Ma-
IIMHHOTO O0yYEHUsSI Ha MHOCTPAHHOM SI3BIKE» SIBJISIETCSI OCBOEHUE CTYACHTAMU TEO-
PETUYECKUX U MPAKTUYECKUX 3HAHUHN U MPUOOPETCHUE YMEHUN U HaBBIKOB B 00JIaCTU
MIPOBEJICHUS aHATUTUYECKOTO UCCIEAOBAHUS C MPUMEHEHUEM MAIIMHHOTO 00y4YeHuUs,
a TaKXKe OCYIIECTBISTH JIEIOBYI0O KOMMYHUKAIIMIO B YCTHOW U MUCHMEHHOU (popmax
Ha TOCyJapCTBEHHOM si3blke Poccuiickoit denepanyii 1 UHOCTPAaHHOM(BIX) S3bI-
Ke(ax).

2. MecTo TMCUMILUIMHBI B Y4eOHOM mpouecce

HNucnumnunaa «Iloctpoenne, o0yueHre W ONTUMU3AIMUS MOJENICH MAalluHHOTO
o0y4eHHsT Ha UHOCTPAHHOM SI3bIKE)» BKJIFOUEHA B 4acTh, POPMHUPYEMYIO yHaCTHHUKA-
MH 00pa30BaTEIIbHBIX OTHOIICHHUH (IMCHHUILUIMHA MO BBIOOPY) ydyeOHOro miaHa. [uc-
muruHa «[loctpoenue, oOydeHre U ONTUMM3ALUS MOJENIeH MalllMHHOTO O0y4YeHUs
Ha MHOCTPAHHOM SI3bIKE» peanu3yercs B cooTBeTcTBUM ¢ TpeboBanusmu OI'OC BO,
npodeccuonanpaoro cranaapra, OIIOIl BO u YyeOGHoro miaHa 1o HampapJiICHUIO
09.03.02 «MudopmaliMoHHbIE CUCTEMBI U TEXHOJIOTHUN.

[IpenmecTByomuUMu KypcamMu, Ha KOTOPBIX HEMOCPEICTBEHHO Oa3zupyercs
muctuiinaa «[loctpoeHue, oOydeHre M ONTUMH3ALIMS MOJIeNIed MAaIIMHHOTO O0y4e-
HUST Ha MHOCTPAHHOM SI3bIKE» ABISIOTCA «BBeJeHHE B KOMIBIOTEPHBIE HAyKH Ha
MHOCTPAHHOM $I3bIKE», «MaTeMaTndecKkuii aHainu3», «MaTeMmaTnuecKkasi CTATUCTUKA,
«Teopust BeposITHOCTEN», «AJITOPUTMU3ALUSA W NPOrpaMMHpPOBaHHE», «OCHOBBI
Hayku o AaHHbIX (Data Science)», « AHaIM3 YKOHOMHYECKUX JAHHBIX C MCIOJIb30Ba-
HUEM COBPEMEHHBIX MH(POPMAIMOHHBIX TEXHOJIOTUN HAa MHOCTPAHHOM SI3bIKE», AHa-
T3 SKOHOMHUYECKUX JTaHHBIX C HCIOJIb30BAHMEM COBPEMEHHBIX MH(GOPMAIIMOHHBIX
TEXHOJIOTUI», «XpaHWINIIA U CUCTEMbl MHTEJUIEKTYyaJIbHOTO aHaju3a JaHHBIX Ha
MHOCTPAHHOM SI3bIKE», «XPAHWIHILA U CUCTEMbl MHTEJUIEKTYaJbHOI'O aHalu3a J1aH-
HBIX).

PaGouas mporpamma nucuuminunbl «llocTpoenue, o0yueHre U ONTUMU3AIMS
MojieNiell MallIMHHOTO OOYYEeHHsI Ha WHOCTPAHHOM SI3BIKE» JJI MHBAIHUIOB M JIUIL C
OTPaHUYECHHBIMU BO3MOKHOCTSIMU 3JI0POBbsI pa3palbaThIBae€TCs WHIWBUIYAIBHO C
Y4E€TOM OCOOEHHOCTEH MCUXO(DU3NYECKOTO PA3BUTHS, UHANBUAYAITBHBIX BO3MOXKHO-
CTEH M COCTOSIHUS 3/TOPOBbS TAKUX 00yUYaIOIIUXCS.

3. [lepeyeHb MJIAHNPYEMBIX Pe3yJIbTATOB 00YUYeHUsI 1O TUCIUIIIMHE,
COOTHECEHHBIX C MJIAHUPYEMBbIMH Pe3yJIbTATAMH OCBOEHHMS 00pa30BaTe1bHOI
NPOrpaMMbl

OO6pa3oBarenbHBIC PE3yJbTaThl OCBOCHUS JUCIHUIUIMHBI 00YyYarOIIuMCs, TIpeI-
cTaBiieHbl B Tabauie 1.

4. CTpyKTYpAa U coiepKaHue TUCIUIIHHBI



4.1 Pacnpenesienne TPy10éMKOCTH IMCHMILIMHBI 10 BUIaM padoT
110 ceMecTpam

O6mast TpyI0EMKOCTh AMCHUILIMHBI cocTaBisier 3 3ad.en. (108 wacoB), ux
pacmpezieieHue o BujaM paboT ceMecTpaM MpeACTaBIeHO B TabmuIe 2.



TpeOoBaHus K pe3yJibTaTaM OCBOCHUS YUeOHOM IMCIUTIUHBI

Tabnuua 1

JaCTh aHAIN3a, THITbI OOJIBIINX
JTAHHBIX, HICTOYHUKH U METOJIbI U3~
BJICUCHHS UH(OPMAIIUHU, TEOPETH-
YEeCKHE U MPUKITATHBIE OCHOBBI
aHaJn3a, TeXHOJIOTUU XPaHCHHUS U
00paboTKH, COBPEMEHHBIE METO/IBI
Y MHCTPYMEHTAJIbHBIC CPEIICTBA
aHayn3a OOJIBIIKNX JTAHHBIX

TOYHUKHU ¥ METO/IbI
aBTOMaTHYECKOTO
W3BJICYCHUS HH-
dopmanmu, TEXHO-
JIOTUU XpaHEHUs U
00paboTku, coBpe-
MEHHBIE METO/IbI 1
WHCTPYMEHTAJIbHBIC

No Kon Conepxxanue B pesynbrare n3ydeHus yaeOHON JUCIMILINHBI 00yJaroNuecs JODKHBL:
~ | KoMIe- | KOMIETEHIUH (Hin e WNHauKkaTophl KOMITIETEHITUH
n/m 3HATh yMETh BJIAJIETh
TEHIIUU YacTH)
1. VK-4.2 VYwmerb: TUpUMEHSTH Ha IIPUMEHATH HA ITPAKTUKE
MPaKTUKE JIETIOBYI0 KOMMYHHKa- JICTIOBYI0 KOMMYHHUKAIIUIO
LU0 B YCTHOM W THCbMEHHOU B LEIAX MOCTPOEHUS,
(dbopmax, MEeTOABl U HABBIKU JIEJI0- 00y4YeHHS U ONITUMU3AIIUN
BOTrO OOIIEHHUSI HA PYCCKOM M MHO- MOJIEJIe MAaIlIMHHOTO
CTPAHHOM SI3bIKaX 00y4YeHHUs] B YCTHOU H
nucbMeHHOM popmax Ha
PYCCKOM ¥ MHOCTPAHHOM
A3bIKaX
2. VK-4.3 Bnanmerb: HaBBIKAMUA YTe- HaBBIKAMHU JIEJIOBBIX
HUS U TIepeBOJia TEKCTOB HA WHO- KOMMYHHUKAIHH B 061a-
CTpaHHOM si3BIKE B TIpodeccro- CTH TIOCTPOCHUSI, 00y1e-
HAJIbHOM OOLICHUH; HaBBIKAMH Jie- HUS U ONITUMU3ALIUU MO-
JIOBBIX KOMMYHHKAIIMl B YCTHOU U JIeie MalmHHOTO 00Y-
NUCHbMEHHOM (popme Ha PYCCKOM U YeHUsI B YCTHOM U
MHOCTPAHHOM f3bIKaX; METOJIUKOU nUCbMEHHOM popme Ha
COCTaBIICHUSI CYXKJCHUA B MEX- PYCCKOM U UHOCTPAaHHOM
JMYHOCTHOM JIEJIOBOM OOIIEHUU Ha A3BIKAX
PYCCKOM M MHOCTPAHHOM SI3bIKaX
5. [TIKoc-9.1 3HaTe: npeaMeTHyIo 00- | TUIIBI IaHHBIX, HC-




CpeJCTBa IOCTPOE-
HUs, 00y4eHUs U
ONTUMM3ALMU MO-
JieJied MalllMHHOTO
00y4eHus

[TKoc-9.2 YMmeTh: OLleHuBaTh COOT-
BETCTBHE HAOOPOB JTAHHBIX 3a/1a-
yaM aHaJIn3a OOJIBIINX JAHHBIX;
WCI0JIb30BaTh HHCTPYMCHTAIbHBIC
CpeICTBA JIJIS U3BJICUCHHUS, TIPEOO-
pazoBaHUs, XpaHEHUsI 1 00padOTKH
JAHHBIX U3 PA3HOPOIHBIX HCTOY-
HUKOB; pa3pabaThIBaTh U OIICHH-
BaTh MOJIETU OOJIBIINX JJAHHBIX;
aBTOMAaTHU3UPOBATH MPOIIECC aHa-
nu3a OOJIBIINX JAHHBIX; BU3YyaTH-
3UPOBATh PE3YJIHTATHl aHATU3A
OOJIBIINX TAaHHBIX

pa3pabaThIBaTh U OLICHU-
BaTh MOJIEIN OOJIBIINX
JaHHBIX

[TKoc-9.3 ImeTs HaBbIKU: BBIOOPA
VCTOYHUKOB JIaHHBIX, OIICHKHU CO-
OTBETCTBUS HaOOpa JaHHBIX MPEJ-
METHO# 00J1acTH ¥ 3a/1a4aM aHaJu-
TUYECKUX Pa0OT; TOTYICHUS U
(GWIbTpaluu, U3BJICYCHUS, TIPO-
BEPKH, OUUCTKH, arperaiiu u pas-
pabOTKH IpeICTaBICHUS OOJIBIIUX
00BEMOB JIaHHBIX U3 TETEPOTCHHBIX
UCTOYHUKOB

MoJIydyeHus: U GuiIbTpa-
[[UU, U3BJICUCHUS, IPO-
BEPKHU, OUUCTKH, arpera-
UMY U pa3pabOTKu Mpe-
CTaBJIeHHsI OOJIBIITNX
00BEMOB JIaHHBIX U3 Te-
TEPOreHHBIX HCTOYHUKOB




TabOnuia 2

Pacnpenesienne Tpy10éMKOCTH IMCHUILNIMHBI 10 BUIaM padoT Mo ceMecTpam

TpyroémMkocTs,
8 cemecTp
. yac.

Bua yueOHo# paGoThl Beero/*
OO6mas TPyA0EMKOCTD JUCIUTIIMHBI TI0 Y4eOHOMY TUIaHY 108
1. KontakTHas padora: 50,4
AynuTopHasi padora 50,4
8 MOoM yuciue:
aekyuu (J) 24
npaxkmuyeckue 3auamus (113) 24/4
KOHCYIbmayuu nepeo dK3amMeHoM 2
KOHMAaxmuas paboma Ha npomexcymoynom konmpoie (KPA) 0,4
2. CamocrositesqibHasi pabora (CPC) 57,6
camocmosmenvHoe usyyeHue pazoenos, CAmMonoo02omosKa (npo- 33
pabomka u nogmopeHue 1eKYuoOHH020 Mamepuala u Mamepuaid
VUEOHUKO8 U YUeOHbIX NOCOOUll, NO020MOBKA K NPAKMUYECKUM
3AHAMUAM U M.0.)
Iloozomoska Kk sK3ameny (KOHmpob) 24,6
Byt mpoMexXyTOYHOT0 KOHTPOJIS: DK3aMEH

* B TOM YHCIIE IMPAaKTUYCCKasa MOATOTOBKA.

4.2 Conep:kaHue IMCHUNIMHBI

Tabmuna 3
TemaTnuecknii MUIaH y4e0HOM JUCHUIINHBI
AynuTopHasi
HaumeHnoBaHue pa3/iesioB U TeM IHCHUILIUH padora Breayauro
e Bcero J n3 | 1Kp pHast
(YKPYHHCHO) BCEero paﬁoTa CP
/*
Tewma 1 IToctpoeHue u oOyueHrne MOJIEIECH MallInH-
HOTO O0Yy4CHUS
Theme 1 Building and training machine learning 32/4 4 /4 20
models
Tema 2 OnTuMH3aust MoaelIed MalllHHHOTO
oOyueHus 73,6 20 16 37,6
Theme 2 Optimizing Machine Learning Models
Koncynbranmm nepen sk3aMeHOM 2 2
KonTakTHas paboTa Ha IPOMEKYTOYHOM KOHTPOJIE 04 04
(KPA) ’ '
Bcero 3a 6 cemecTp 108/4 24 | 24/4 2,4 57,6
Hroro mo gucuumjiInHe 108/4 24 | 24/4 2,4 57,6

* B TOM 4HCIIC MMPpAaKTUYCCKasd MMOATOTOBKA

Tema 1 IlocTpoeHue u o0yueHne Mojaesieil MAIIMHHOTO 00y4YeHUs
Buaer oOydenus: ¢ yuutenem, 6e€3 yuuTess, ¢ nojakpersieaieM. OCHOBHBIC THIIBI 3a-
Jad: 3amada Kiaccuukaiyu, 3ajada perpeccuu, 3ajada KiacTepu3alldd, 3ajada
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MIPOTHO3UPOBAHMS, 3a/1a4a paHkupoBaHus. OCHOBHbBIE MPOOJIEMbl MAIIMHHOTO 00Y-
YEeHMs: HEJOCTaTOUYHbIH 00beM OOywarolel BBIOOPKH, MPOMYCKH B JaHHBIX, Iepe-
oOydenue. O630p OCHOBHBIX HEOOXOIUMBIX OMOIMOTEK si3bika Python. buGnamoteka
TensorFlow. 3nakomMcTBO ¢ OubOIMOTEKOM MaluHHOro o0ydyeHus Keras. OOyuenue ¢
nojakpemieHneM. YactuuHoe o0ydeHue.

Theme 1 Building and training machine learning models

Types of training: with a teacher, without a teacher, with reinforcement. Main types
of tasks: classification task, regression task, clustering task, forecasting task, ranking
task. The main problems of machine learning are: insufficient size of the training
sample, gaps in the data, overfitting. An overview of the main required libraries of
the Python language. Tensorflow library. Introduction to the Keras machine learning
library. Reinforcement learning. Partial training.

Tema 2 OnTuMu3anus Mojae el MAIIHHHOTO 00y4YeHUs!

3a11aq1/1 OIITUMHU3AlI1 B MAallIMHHOM O6yq€HI/II/I. OHTI/IMI/ISaI_II/ISI B 06yquI/II/I C yuutTce-
neM. baliecoBckas ontumuzanus. baliecoBckas ontuMalnbHas kinaccudukanus. baiie-
COBCKasA ONITHUMHU3AlUA IMOCPCACTBOM 6I/IHapH0ﬁ KJIaCCI/I(I)I/IKaIII/II/I. OnTuManbHBIA OT-
60p IMPU3HAKOB. BI)IJIGJICHI/IC IMPU3HAKOB YCPC3 Irpadalluto OTHOIIIEHUH. BBI)ICJ'IGHI/IG
IIPU3HAKOB Uepe3 OTCeUeHUE aHcamoiel. MeTpuku paHXupoBaHus BEKTOpoB. Mojie-
JU JIMHEWHOM/IorucTudeckoi perpeccun ¢ perynspusamusmu L1 u L1/L2. Tlonsrue
cy6rpazmeHTa BBIHYKHOfI q)yHKIII/II/I, €Ir0 CBA3b C HpOHBBOJIHOﬁ 10 HAIIpaBJICHUIO, HC-
O6XO}II/IMOG N A0CTATOYHOC YCJIIOBHC J3KCTPpEMYyMa JI BBIITYKJIBIX HCTJIAAKHX 3ada4
0e3yCIOBHOM ONTUMM3AIMK. MeEToJ HauCKOpeHIero cyorpagdeHTHOro CITyCKa.
[TpoxcumanbHBI MeTOA. MeToa MOKOOPIMHATHOTO CIyCKa M OJIOYHOW IMOKOOPIHU-
HATHOM ONTUMHU3alUU. MeToIbl BHYTPEHHEW TOYKH U OTCEKAIOIINX IIJI0OCKOCTE. Me-
TOObI BHYTpeHHeﬁ TOYKH. MCTOILBI OTCECKAKIMNX iockocTer. CtoxacTuueckast Oll-
THUMU3aI . MGTOILBI OIITUMH3alIU C HUCIIOJIB30BAHHUEM ri100aJIbHbBIX BCPXHHUX OIIC-
HOK, 3aBHUCAIIUX OT IIapaMcCTpa. CroxacTuueckas onTuMmH3anus.

Theme 2 Optimizing Machine Learning Models

Optimization problems in machine learning. Optimization in teaching with a teacher.
Bayesian optimization. Bayesian optimal classification. Bayesian optimization
through binary classification. Optimal selection of features. Identification of features
through the gradation of relationships. Feature extraction through cutting ensembles.
Vector ranking metrics. Linear/logistic regression models with L1 and L1/L2 regular-
izations. The concept of a subgradient of a convex function, its connection with the
directional derivative, a necessary and sufficient condition for an extremum for con-
vex nonsmooth problems of unconstrained optimization. Method of steepest subgra-
dient descent. proximal method. Method of coordinate descent and block coordinate-
wise optimization. Interior point and cutting plane methods. Internal point methods.
Cutting plane methods. Stochastic optimization. Optimization Methods Using Param-
eter-Dependent Global Upper Bounds. Stochastic optimization.

4.3 Jleknum /mpaKkTHYeCKUE 3aHATHS

Tabnuna 4
Conep:xaHue JJeKIUM /MTPAKTUYECKHE 3aHATHS U KOHTPOJIbHbIE MEPONIPUSITUS
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®opmMupyeM Koa-
ble BO
KOMIIETEeHIH Bux Ya-
Ne Ne Ne y Ha3BaHHe MPAKTHYECKUX " COB/ m3
o/ ° pazziesa SAnSTHi (AmKaTOp KOHTPOJILHOIO -t
MEPONPHSATAS | pnacry-
])I) qyeckasi
moAro-
TOBKA
Jlexuus 1. I[Moctpoenne n 00y- | [TKoc-9.1 4
YeHUEe MOJIeNIe MallTMHHOTO YK-4.2
00y4eHus
Lecture 1. Building and train-
ing machine learning models
[Ipaktuyeckas padora No 1. [TKoc-9.2 412
[Toctpoenue u o0yuenue mo- | [TKoc-9.3
neneit MamuHHOTO 00y4yeHus ¢ | YK-4.2
ucnosib3zoBanneM TensorFlow | YK-4.2
Practical work Ne 1.: Building
and training machine learning
models using TensorFlow
[MpakTtudeckas padora Ne 2. [TKoc-9.2 412
[Moctpoenue n o0yuenue mo- | [TKoc-9.3
neneit MarmuHHOTO 00y4YeHus ¢ | YK-4.2
ncnoas3oBanueM Keras YK-4.2
Practical work Ne 2. Building
and training machine learning
models using Keras
Jlexums 2. 3amaum onTUMH3a- [MTKoc-9.1 6
MY B MAIIIMHHOM OOY4YCHUH VYK-4.2
Lecture 2. Optimization prob-
lems in machine learning
Jlexuus 3. MeTobl BHYTPECH- [MTKoc-9.1 6
HEHN TOYKHU U OTCEKAFOIINX VYK-4.2
IJIOCKOCTEMN
Lecture 3. Methods of interior
point and cutting planes
Jlexkuug 4. Croxactudeckas ITKoc-9.1 8
ONTUMM3ALIIS VK-4.2
Lecture 4. Stochastic
optimization
[IpakTuueckas pabora Ne 3. [TKoc-9.2 3amura paboThl 2
Onrumuzanronnsii nogxona 8 | [1Koc-9.3
MaIIMHHOM OOy4YeHHUH YK-4.2
Practical work Ne. 3. Optimiza- | YK-4.3
tion approach in machine
learning
[IpakTuyeckas padora Ne 4. [TKoc-9.2 3ammTa paboThI 2
Pa3zpexxenHble MeTOIbI Ma- [TKoc-9.3
IIMHHOTO 00y4YeHUS YK-4.2
Practical work Ne. 4. Sparse YK-4.3
Machine Learning Methods
[IpakTuyeckas pabora Ne 5. [TKoc-9.2 3ammTa paboThl 2
MeTo1bl BHYTPEHHEN TOUKH [TKoc-9.3
Practical work Ne. 5. Interior YK-4.2
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®opmMupyeM Koa-
ble BO
KOMIIETEeHIH Bux Ya-
Ne Ne y Ha3BaHHe MPAKTHYECKUX u cOB/ u3
u/n Ne paznena SAHSTHI P— KOHTPOJILHOI'0 o
MepONPHUATHS | ;pacry-
])I) qyeckasi
moaro-
TOBKA
point methods YK-4.3
[IpakTnueckas padora Ne 6. [TKoc-9.2 3amura paboTsl 2
Mertobt oTcekaronux miocko- | [TKoc-9.3
cTei VK-4.2
Practical work Ne 6. Methods | YK-4.3
of cutting planes
[Tpaktuueckas padota Ne 7. [TKoc-9.2 3amiuTa paboTsl 4
MeToapl ONTUMHU3AIIMH C HC- [MKoc-9.3
MOJIb30BAHUEM TJI00ATBHBIX VK-4.2
BEPXHUX OLIEHOK, 3aBUCALINAX YK-4.3
OT MapaMmeTpa
Practical work Ne 7. Optimiza-
tion methods using global up-
per bounds depending on the
parameter
[TpakTudeckas padorta Ne 8. [TKoc-9.2 3ammTa paboThl 4
Croxactuueckas ontumuzanus | [1Koc-9.3
Practical work Ne 8. Stochastic | YK-4.2
optimization YK-4.3
Tabmuna 5
Hepequb BOIPOCOB IJIsl CAMOCTOATC/ILHOI0 U3YICHUA TUCIHTUIIJIMHBI
Ne ) T T TR Ilepeyenb paccmaTpuBaeMbIX BOIIPOCOB ISt
n/n CaAaMOCTOSITEJIbHOT0 U3Y4YeHMSI
1. | Tema 1 IloctpoeHue u OcHoOBHBIE TPOOJIEMBI MAITMHHOTO OOYYECHHS: HEJOCTATOYHBIN

o0y4eHune Moaenei Ma-
HIIMHHOI'O O6yLIeHI/I}I
Theme 1 Building and
training machine learning
models

00beM oOyyaroield BBIOOPKH, MPOITYCKH B TAHHBIX, ITepeoOyde-
uue. The main problems of machine learning are: insufficient
size of the training sample, gaps in the data, overfitting. (YK-4.2,
VK-4.3, I[TIKoc-9.1, [IKoc-9.2)

Tema 2 OnTumuzanus
Moneneﬁ MAalIuHHOT' O
oOyueHus

Theme 2 Optimizing Ma-
chine Learning Models

BBI,Z[eJ'IeHI/Ie IIPU3HAKOB YCPEC3 I'padaliiro OTHOILICHUH. BLI,Z[GJ'IC—
HUE TTPU3HAKOB Yepe3 OTCEUCHUE aHcamMOIIel. MeTpuKy paHKu-
poanus BekTopos. ldentification of features through the grada-
tion of relationships. Identification of features through the cut-off
of ensembles. Vector ranking metrics. (YK-4.2, YK-4.3, TITKoc-
9.1, TTKoc-9.2, ITKoc-9.3)

5. O0pa3oBaTesibHbIE TEXHOJOTHH

Tabaua 6

le/lMeHeHI/Ie AKTUBHBIX U HHTCPAKTUBHBIX Oﬁpa30BaTeJILHLIX TEeXHOJIOT Uil
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Ne HanmMeHnoBaHMe HCI0/Ib3yeMbIX AKTUBHBIX H HH-
Tema u ¢popma 3anaTHSA .
TePpaKTHBHBIX 00pa30BaTeJbHbIX TEXHOJIOT Wil
1 Jlexmus 2. 3amauu J1 Jlexums-Buzyanuzanus
OIITUMHU3AIINU B
MaIIuHHOM 00yue-
HUHN
Lecture 2. Optimiza-
tion problems in ma-
chine learning
2 ITpaxTuueckas pabora | I13 [enosas urpa
Ne 1. TTocTtpoenue u
o0ydeHue moaenen
MAaIlIMHHOTO 00Yy4e-
HUSI C UCTIOJIh30Ba-
Huem TensorFlow
Practical work Ne 1.
Building and training
machine learning
models using Tensor-
Flow

6. Tekyumuii KOHTPOJIb YCIIEBAEMOCTH M NMPOMEKYTOUHAS ATTECTAIUSA 1O
HUTOraM OCBOCHUS IMCHUILIMHBI

6.1. TunoBble KOHTPOJIbHBbIE 3aJaHKsI MM UHbIE MAaTEPHAJIbl, HEO0X0IMMBbIE
JJI51 OLIEeHKH 3HAHUI, yMEHHU M HABBIKOB U (MJIH) ONBITA e SITEIbHOCTH

Bompocs! k sk3ameny

1. Goals and objectives of machine learning. Basic concepts.

2. Building a model and reducing learning to an optimization problem.

3. Methods for assessing the quality of machine learning algorithms.

4. The problem of retraining.

5. Implementation of the machine learning algorithm in operation.

6. Gradient and Hessian functions of several variables, their properties, necessary and
sufficient conditions for an unconditional extremum;

7. Matrix expansions, their use for solving SLAE;

8. The structure of the iterative process in optimization, the concept of an oracle,
stopping criteria;

9. Global and local optimization, convergence rates of iterative optimization process-
es;

10. Examples of oracles and machine learning problems with “complex” optimiza-
tion. One-dimensional optimization methods

11. Minimization of a function without a derivative: the golden section method, the
parabola method;

12. Hybrid Brent minimization method,
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13. Methods for solving the equation: the method of dividing the segment in half, the
secant method;

14. Minimization of a function with a known derivative: cubic approximation and
modified Brent method,

15. Finding the limiting segment;

16. Armijo-Goldstein-Wolf conditions for inexact solution of one-dimensional opti-
mization problem;

17. Inexact methods of one-dimensional optimization, backtracking.

18. Methods of multidimensional optimization.

19. Methods of linear search and trust area;

20. Gradient descent method: steepest descent, descent with inaccurate one-
dimensional optimization, rate of convergence of the method for strongly convex
functions with Lipschitz gradient, dependence on the feature measurement scale;

21. Convergence of the general linear search method with inaccurate one-dimensional
minimization;

22. Newton's method: scheme of the method, rate of convergence for convex func-
tions with Lipschitz Hessian, selection of step length, methods for correcting the Hes-
sian to a positive-definite matrix;

23. The method of conjugate gradients for solving systems of linear equations, the
rate of convergence of the method, preconditioning;

24. Conjugate gradient method for optimizing non-quadratic functions, restart strate-
gies, dependence on exact one-dimensional optimization;

25. Inaccurate (non-Hessian) Newton's method: scheme of the method, methods for
estimating the product of the Hessian by the vector through the calculation of the
gradient;

26. Application of inaccurate Newton method for training a linear classifier and non-
linear regression, Gauss-Newton approximation and Levenberg-Marquardt adaptive
strategy

27. Quasi-Newtonian optimization methods: DFP, BFGS and L-BFGS; Topic 4. Op-
timization methods using global upper bounds depending on a parameter

28. Probabilistic model of linear regression with various regularizations: quadratic,
L1, Student;

29. The idea of an optimization method based on the use of global estimates, conver-
gence;

30. An example of the application of the method for teaching LASSO;

31. Construction of global estimates using Jensen's inequality, EM-algorithm, its ap-
plication to probabilistic linear regression models;

32. Construction of estimates using tangents and change of variable;

33. Jaakkola-Jordan estimate for the logistic function, estimates for the Laplace and
Student distributions;

34. Application of estimates for training probabilistic linear regression models;

35. Convex-concave procedure, examples of use. Topic 5. Interior point methods.

36. Necessary and sufficient optimality conditions in conditional optimization prob-
lems, Kuhn-Tucker conditions and John conditions, the relationship between them;
37. Convex conditional optimization problems, dual Lagrange function, dual optimi-
zation problem;
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38. Solving problems of conditional optimization with linear constraints of the form
equality, Newton's method;

39. Newton's primal-dual method, an inexact version of the method;

40. Method of logarithmic barrier functions;

41. Methods of the first phase;

42. Direct-dual method of interior point;

43. Using interior point methods for SVM training.

44. Sparse Machine Learning Methods

45. Method of steepest subgradient descent;

46. Proximal method

47. Methods of cutting planes.

48. The concept of a separating oracle, the basic method of cutting planes (cutting
plane);

49. Overgraph form of the method of cutting planes;

50. Bundle-version of the method of cutting planes, dependence on adjustable param-
eters;

51. Application of the bundle-method for the task of learning SVM,;

52. Addition of an efficient one-dimensional search procedure;

53. Implementation of the method using parallel computing and under memory con-
straints.

54. Stochastic optimization

55. General formulation of the problem of stochastic optimization, an example of use;
56. Problems of minimizing the average and empirical risk;

57. Method of stochastic gradient descent, two phases of iterative process, use of av-
eraging and inertia;

58. Stochastic gradient descent as an optimization method and as a learning method,;
59. SAG method;

60. Application of stochastic gradient descent for SVM (PEGASQOS algorithm).

IpakTuyeckas padora Ne 1. IlocTpoenue u 00yyeHue Mojaesieil MAIIMHHOTO
0o0yueHus ¢ ucnojb3zoBanueM TensorFlow

3arpy3uTh UCXOMHBIC JAHHBIC M C IMOMOIILI0 OubanoTekn TensorFlow mocrpouts u
00y4uTh MOJICNIM MAITMHHOTO OOydYeHHS ¢ yuutenaeM u 0e3. OIeHUTh KauyecTBO IMO-
CTPOEHHBIX MoJesnen. [IoAroToBUTE OTYET ¢ BBIBOJAAMH.

Practical work Ne 1. Building and training machine learning models using Ten-

sorFlow

Load the source data and use the TensorFlow library to build and train supervised and
unsupervised machine learning models. Assess the quality of built models. Prepare a
report with findings.

IIpakTuueckas pad6ora Ne 2. [loctpoenue u o0yueHue Mojesieil MAIIMHHOIO
o0yueHus ¢ ucnoan3oBanuem Keras
3arpy3uTh UCXOJHBIC JAaHHBICE U C TIOMOIIbI0 Oubmorekn Keras moctpouts u o0y-
YUTh MOJEIN MAIIMHHOIO 00yuYeHus ¢ yuuteneM u 0e3. OUeHUTh KaueCcTBO MOCTPO-
€HHBIX MoJieiel. [1oATOTOBUTE OTYET C BBIBOJAMH.
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Practical work Ne 2. Building and training machine learning models using
Keras
Download the source data and use the Keras library to build and train supervised and
unsupervised machine learning models. Assess the quality of the built models. Pre-
pare a report with findings.

IpakTuyeckas padora Ne 3. OnTUMHU3aLMOHHBIN MMOAX0/] B MAILIMHHOM 00y4e-
HUU
PeanuzoBath 3ajady ONTHUMH3aLMU MO PE3yJIbTaTaM MOCTPOCHHBIX MOJIEJEH.
PeanuzoBath baliecOBCKYI0 ONTUMU3ALIMIO MIOCPEACTBOM OMHAPHOMN KiIacCU(PUKALUU.
Beiienuts npuszHaku 4depes rpajanuro OTHOLIEHUN. BrinenuTs npu3HaKu 4depes OT-
ceueHue ancaMoOeil. [IoaroToBUTEL OTYET ¢ BHIBOJTAMMU.

Practical work Ne 3. Optimization approach in machine learning
Implement the optimization problem based on the results of the constructed models.
Implement Bayesian optimization through binary classification. Highlight signs
through the gradation of relationships. Select features through the cut-off of ensem-
bles. Prepare a report with findings.

IIpakTuyeckas padora Ne 4. Pa3peskeHHbIe MeTOAbI MAIIMHHOTO 00y4YeHMSI

[TocTpouTs MOJEIN JTUHEHHOW/TOTUCTUYECKONW PETPECCUH C PETYISpU3aALUIMU
L1 u L1/L2. [IpoBeputh HEOOXOUMOE U IOCTATOYHOE YCIOBHE AKCTpEMyMa ISl Bbl-
IMYKJBbIX HCTJIAAKUX 3aJ1a4 663yCHOBHOﬁ OIITUMHU3AIINHN. PeannzoBath METOAd HAUCKO-
peﬁmero Cy6Fpa,Z[I/ICHTHOPO CITyCKa, HpOKCI/IMaJIBHblf/'I MCTOOA U MCTO ITOKOOPAWHAT-
HOT'O CIIYyCKa U OJIOUYHOH HOKOOp,Z[HHaTHOﬁ OIITUMMUH3alUU. HOI[FOTOBI/ITB OTYET C BBI-
BOJaMH.

Practical work Ne 4. Sparse Machine Learning Methods

Build linear/logistic regression models with L1 and L1/L2 regularizations.
Check the necessary and sufficient extremum condition for convex nonsmooth un-
constrained optimization problems. Implement the steepest subgradient descent
method, the proximal method and the method of coordinate descent and block coor-
dinate optimization. Prepare a report with conclusions.

IIpakTuyeckasi padora Ne 5. MeTtoabl BHyTPeHHEe TOYKHU
IIpoBeputs ycnoBus Kyna-Takkepa u yciioBus /[’)KOHa U COOTHOLIEHHE MEXIY HHU-
mMu. Pemuts 3aJgaqy yCHOBHOﬁ OonnTuMmn3aluu C JIMHEUHBIMH OI'paHNYCHHUAMHU BHOA
paBeHCcTBO, MeToll HproToHa. Peann3zoBaTh npsiMoO-IBOMCTBEHHBIM MeTOJ HbroTOHA,
HETOYHBIN BapHaHT MCTOIA. Hcmionp3oBaTh METOAbI BHYTpeHHeﬁ TOYKHU OJIA 06yqe-
Hust SVM. I1oaAroToBUTH OTYET C BHIBOJAMHU.
Practical work Ne 5. Interior point methods

Check the Kuhn-Tucker conditions and the John conditions and the relation between
them. Solve the problem of conditional optimization with linear constraints of the
form equality, Newton's method. Implement the primal-dual Newton method, a non-
exact version of the method. Use interior point methods for SVM training. Prepare a
report with findings.

IIpakTuyeckast padora Ne 6. MeToabl 0TCEKAIIUX MJI0CKOCTEH
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PeanuzoBaTh 0a30BbI METOJ OTCEKAIOIIUX IIOCKOcTer (cutting plane). IlpuMeHuTsb
bundle-merona mnst 3amaun oO0ydenuss SVM. Jlo06aButTh 3pPeKTHBHBIC MPOLEAYPHI
OOAHOMCPHOI'O ITOHCKA. Peanu3zoBath MCTOJ € HCIIOJIL30BAHUCM IapalJICIIbHBIX BbI-
YHCJICHUU U B YCIOBHAX OFpaHI/I‘IGHI/Iﬁ 10 MaMsTH. HOI[FOTOBI/ITB OTYECT C BBIBOJAMMU.
Practical work Ne 6. Methods of cutting planes

Implement the basic cutting plane method. Apply the bundle method to the SVM
training task. Add efficient one-dimensional search procedures. Implement the meth-
od using parallel computing and under memory constraints. Prepare a report with
findings.

IIpakTuuyeckas padora Ne 7. MeToabpl ONTUMHU3ALMH C HCIOJIb30BAHUEM IJI10-
0aJIBbHBIX BEPXHHUX OLCHOK, 3aBUCAIINUX OT IMMapaMeTpa
ITocTpouTh BEPOSITHOCTHYIO MOZEND JIMHEMHOW PErpeCcCUU C Pa3IMUHBbIMU PETYISAPHU-
3auuamu: kBaapatuyHou, L1, Crteroaenta. IlpuMeHuts MeTon s 06yquH${
LASSO. ITocTpouTs r106anbHble OLEHKH ¢ MOMOIIbI0 HepaBeHcTBa Mencena, EM-
AJTOPUTM, MMPUMCHUTL OJIA BCPOATHOCTHBIX MOI[eHefI JIMHEHMHOM perpeCcCuu. HOI[I‘O-
TOBUTH OTUCT C BBIBOAAMMU.
Practical work Ne 7. Optimization methods using global upper bounds depend-
ing on the parameter

Build a probabilistic linear regression model with various regularizations: quadratic,
L1, Student. Apply the method for learning LASSO. Build global estimates using
Jensen's inequality, EM-algorithm, apply to probabilistic linear regression models.
Prepare a report with findings.

IpakTuyeckas padora Ne 8. CroxacTuyeckass ONTUMHU3 AU
Peanu3zoBath 3aa9y MUHUMU3AIIUH CPCAHCTO U OMIITMPUICCKOT'O PUCKA. Peanmu3oBath
MCTO CTOXACTHUYCCKOTO I'PaAUCHTHOI'O CITYCKa, ABC (1)&351 HUTCPAIIMOHHOI'O IIpoIecca,
VCMOJIb30BAHUE YCPEHEHUS U UHEpLUU. [[pUMEHUTh CTOXaCTUYECKUN TPaIMEHTHBIN
cinyck 111 SVM (anroputm PEGASOS). I1oaroToBUTh OTYET C BBIBOJAMM.

Practical work Ne 8. Stochastic optimization
Implement the task of minimizing the average and empirical risk. Implement the
method of stochastic gradient descent, two phases of the iterative process, the use of
averaging and inertia. Apply stochastic gradient descent for SVM (PEGASOS algo-
rithm). Prepare a report with findings.

6.2. Onucanue noka3arteJieil U KpUTepPHeB KOHTPOJIA YCIIeBAeMOCTH, ONMCAHHE
IIKAJ OLleHUBAHUS

Texymmuii KOHTPOIb 3HAHWUW, YMEHHUI W HABBIKOB MPOBOJUTCS B hOpME TECTH-
pPOBaHUS U TeopeTUdecKuMU Bompocamu. OrieHKa paboT MPOBOJUTCS MO CTOOAIITh-
HOU mKane. HauBuayanbHble 3a/1a4M, BBIIOJHSAEMbIE KaXKIbIM CTYJCHTOM Ha Mpak-
THUKE OLICHMBAIOTCS MO MTOTaM 3allWTHl MO aHAJIOTMYHOW IIKane. JInkBumanus cry-
JICHTaMU TEKYIINX 3310JKEHHOCTEH MPON3BOIUTCS TAaKKe B (hOpME BBHITIOJTHEHUS WH-
JTUBUIYaJIbHOW 3aJa4d IO COOTBETCTBYIOIIEH TEME M JAJIbHEUINEH €€ 3alluThl mpe-
nojaBatento kadeapsl ¢ OLIEHKOM M0 CTOOAJTLHOM IIKAJIe.
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Jlist monydeHust sk3aMeHa HeoOxoauMo HaOpaTh O6osiee 60%. Bua nmpomexy-
TOYHOT'O KOHTPOJIS TI0 JAHHOMY HAIPaBICHUIO — IK3aMEH.

I'pamamusa oneHok:

0 — 60% - «HEeyHOBIETBOPUTENHHOY;

60 — 75 — «yZIOBJIETBOPUTEIBHOY;

75 — 85 — «xopomuioy;

85 — 100 — «oTIM4HO»

@DopMBI KOHTPOJIS: TECTOBBIM KOHTPOJIb, WHAMBUAYAIbHOE cOOeceloBaHHUE,
3alUTa BBIOJIHEHUS MPAKTHYECKOTO 3a/aHus MO0 WHAWBHIyaJbHOMY BapHaHTy. B
UTOTOBYIO CyMMY OaJIJIOB BXOJSAT PE3yNbTaThl BCEX KOHTPOIUPYEMBIX BUIOB Ballei
AESITeTFHOCTH — TOCEIICHNE 3aHATHIA, BBITIOJHEHHUE 3a/IaHUN, IPOXOKIACHHUE TECTOB,
aKTUBHOCTP Ha JIA0OPATOPHBIX 3aHATHUSIX U T.II.

B wutoroBsiii peitunr BXoaut: 30% - pe3ynabTaT BBITOJHEHUS KOHTPOJIBHBIX
MEepONpUITHH (TECT, CAaMOCTOSITENIbHBIC pabOTHI U Jp.), 60% - OGayIbl 32 CAAHHBIE WH-
IuBUAyanbHble paboThl U 10% - mocenieHne 3aHATUH.

[Tpu M3y4eHUN KaXkI0To pasjena AUCHUTIIMHBI TPOBOJAUTCS MPOMEKYTOYHBIN
KOHTPOJIb 3HAHUH C LEJIbI0 TPOBEPKH M KOPPEKIIUU XOJa OCBOCHUS TEOPETHUECKOTO
MaTepuaia U IPaKTHYECKUX YMEHUIN 1 HaBBIKOB.

7. YueOHO-MeTOAUYeCKOEe M HH(POPMALIMOHHOE o0ecTieYyeHHe TUCIH MJINHbI
7.1 OcHOoBHAas JMTEpaTypa

1. Boponuna, B. B. Teopus u npakTtika MammmHHOTO 00y4YeHus : yaeOHOe Io-
cooue / B. B. Boporuuna. — YnuesHoBck : Yal'TY, 2017. — 290 c. — ISBN 978-5-
9795-1712-4. — Tekcr : 25IeKTpOHHBIN // JIaHb : 2JIEKTPOHHO-OMOIMOTEUHAS CHUCTe-
ma. — URL.: https://e.lanbook.com/book/165053

2. Kynapssues, H. I'. [IpakThka npuMEHEHUsS KOMIIBIOTEPHOTO 3PEHUS U BJie-
MEHTOB MAIlIMHHOTO O0y4eHHs B yUeOHBIX MpoeKTax : yueoHoe mocodbue / H. I'. Kyn-
psasueB, . H. ®ponos. — I'opHo-AnTatick : [AI'Y, 2022. — 180 c. — Tekcr : anek-

TpoHHBINM //  Jlamb  :  2JeKTpoHHO-OMOmuoTewyHass  cuctema. —  URL:
https://e.lanbook.com/book/271100
3. benmukos, B. B. IlpumeHeHne MeTO 0B MAIIMHHOTO OOYYCHHS U TCOPUHU

UTp MPH PEUICHUU 3a]a4 B 00JacTH MHPOPMAIMOHHOM 0e30macHOCTH: IIpakTUKyM :
yaebHoe mocooue / B. B. benukos, C. B. KonecaukoB. — Mocksa : PTY MUPDA,

2022. — 30 c. — TexkcT : anexTpoHHbIH // JIaHb : 3MEKTPOHHO-OMOIMOTEYHAs CUCTE-
ma. — URL.: https://e.lanbook.com/book/240047
4. Octpoyx, A. B. CucreMbl HCKYCCTBEHHOTO MHTEIJIEKTa : MOHOTpadus / A.

B. Octpoyx, H. E. CypkoBa. — 2-e¢ m3n., crep. — Cankr-IlerepOypr : Jlans, 2021.
— 228 ¢. — ISBN 978-5-8114-8519-2. — Tekcr : aneKkTpoHHBIN // JIaHb : 2IEKTPOH-
Ho-OmbOmmoreyHas cucrema. — URL: https://e.lanbook.com/book/176662

5. Data Science / Francesco Palumbo, Angela Montanari, Maurizio Vichi.
Springer International Publishing AG, 2017 — Texkcr : amekTpoHHSBIH // Springer:
AIEKTPOHHO-OMOIMOTeUHAS cuUcTeMa. URL:
https://link.springer.com/book/10.1007/978-3-319-55723-6#editorsandaffiliations
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https://link.springer.com/book/10.1007/978-3-319-55723-6#editorsandaffiliations

7.2 JlonoJIHUTeIbHAS JINTEPaTypa

1. beccmepthbiif, . A. MHTENneKTyallbHbIE CUCTEMBI | YYEOHUK U MPAKTUKYM
st By3oB/ U. A. beccmepthsiid, A. b. Hyrymanosa, A. B. IlnatronoB. — Mocksa :
NznarensctBo Opaiit, 2022. — 243 c. — (Boiciiee oOpazoBanue). — ISBN 978-5-
534-01042-8. — TekcT : anektpoHHbI // OOpa3zoBarenbHas miatdopma FOpaiT
[caiiT]. — URL.: https://urait.ru/bcode/490020 (nata ob6pamenus: 27.11.2022).

2. New Advances in Statistics and Data Science / Ding-Geng, Chen
Zhezhen, Jin Gang, Li Yi, Li Aiyi, Liu Yichuan, Zhao. Springer International Pub-
lishing AG, 2017 — TekcT : 3JeKTpOHHBIH // Springer: 3JIeKTPOHHO-OMOIMOTESYHAS

CHUCTEMA. URL: https://link.springer.com/book/10.1007/978-3-319-69416-
O#editorsandaffiliations (mara obparuenus: 27.11.2022).
3. Anekcees, JI. C. TeXxHOMOTUHM HMHTEIIEKTYQJIBHOTO aHalu3a JaHHBIX : y4eO-

Huk g By30B / JI. C. Anekcees, O. B. Illekounxun. — Cankr-IletepOypr : Jlans,
2022. — 176 ¢. — ISBN 978-5-8114-8299-3. — TekcT : anekTpoHHbIl // JlaHb :
3JIEKTpOHHO-OMOMoTeunas cuctema. — URL: https://e.lanbook.com/book/187559

4. MakmianoB, A. B. TexHOJIOruu MHTEIIEKTYalbHOTO aHaIu3a JIaHHBIX : y4eo-
Hoe mocobue / A. B. MaxkmanoB, A. E. XKypasneB. — 2-¢ uzna., crep. — CaHKT-
[TerepOypr : Jlanb, 2022. — 212 ¢. — ISBN 978-5-8114-4493-9. — TexkcT : snek-
TpoHHBIN /  Jlamb  :  SnmeKkTpoHHO-OMOMuMoTewyHass  cuctema. —  URL:

https://e.lanbook.com/book/206711

7.3 MeToguyeckne yKa3aHus, PpeKOMEHIAINH U IPyrue MaTepUuaJbl K
3aHATHAM

1. XapuronoBa, A.E. Iloctpoenue, oOydeHrne W ONTHUMHU3AIMUS MOJENICH Ma-
IIMHHOTO OOY4YEeHHs] Ha MHOCTPAHHOM sI3bIKe: MeTonuyeckue ykazanus / A.E. Xapu-
ToHOBa. — M.: PTAY-MCXA um. K.A. Tumupsizena, 2016. — 25 c.

8. Ilepeuennb pecypcoB HHGOPMANUOHHO-TEJIEKOMMYHUKAIIMOHHOM ceTH
«/HTEepHeT?», HeOOXOAUMBIX JISI OCBOCHHS U CHHUILIHHbI

1. The R Project for Statistical Computing https://www.r-project.org/(oTkpsIThIit 10-
CTYyII)

2. The R Project for Statistical Computing https://www.r-project.org/ (oTKpbITbIi
JOCTYII)

3. Amakonma. URL: https://www.anaconda.com/distribution/(oTkpsIThIii OCTYII)

4. Odunmansbiii caiit Pocctata. URL: https://rosstat.gov.ru/ (oTKpBITBINA AOCTYTI)

5. Odunmaneubiii caiit Llentpansrnoro banka Poccnn. URL: http://www.cbr.ru (ot-
KPBITBII AOCTYII)

6. Bureau of Economic Analysis. URL:  http://www.bea.goVv (oTKpBITBIi TOCTYTI)
7. MocKOBCKasi MEXIyHApOJIHAsl BalfOTHas Oupska. http://www.micex.ru (oTKpsI-
TBIM 10CTYI)

8. Odummanpubiii caiit BcemupHoro 6anka . URL: http:// www.worldbank.org
(OTKPBITBIN JOCTYI)

9. OdurnmanbHbIN caiT MunucTtepcTBa ¢dbuHaHCOB PO. URL:
http://www.minfin.gov.ru (OTKpBITHIA JOCTYT)
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https://urait.ru/bcode/490020
https://link.springer.com/book/10.1007/978-3-319-69416-0#editorsandaffiliations
https://link.springer.com/book/10.1007/978-3-319-69416-0#editorsandaffiliations
https://www.r-project.org/
http://www.cbr.ru/
http://www.bea.gov/
http://www.micex.ru/
http://www.worldbank.org/
http://www.minfin.gov.ru/

10.O¢uumaneupii  caiit HanumoHanpHOro OOpPO 3KOHOMHMUYECKHX HCCIEIOBaHUMN
CIIOA. URL: http:// www.nber.org (OTKpBITBIi TOCTYII)

9. IlepeyeHb NPOrpaMMHOro odecnedeHus 1 MHGPOPMAIMOHHBIX CIIPABOYHBIX
cucTeM

Tabmnura 9
IlepeyeHb MPOrpaMMHOro obeceYeHus!

HaumeHnoBanue HaunmeHo- To
No Tun A

n/n NPOrpamMMbl
AUCHUILINHBI TPaMMBbl KH

Tema 1 IlocTtpoenue u oOydyeHue
MOJIEJIeH MAITMHHOTO 00yUYeHUS
Tema 2 Onrtumuzanus Mojeiaer ma-
HIUHHOTI'O O6yquI/I$I

Theme 1 Building and training ma-
chine learning models

Theme 2 Optimization of machine
learning models

R pacuétHas | r-project 2022

Tema 1 IlocTtpoenue u oOydeHue
MOJIEJIeH MAIlTMHHOTO 00yUYeHUS
Tema 2 OnrtuMusanusg MoOJIEe Ma-
HIMHHOTI'O 06yI{€HI/I$I

Theme 1 Building and training ma-
chine learning models

Theme 2 Optimization of machine
learning models

RStudio pacuétHas | r-project 2022

Tema 1 IlocTtpoenwe u oOyueHue
MOIIGHGﬁ MAaIIrMHHOTO 06yLICHI/IH
Tema 2 OnruMuszanus MoOJIEe Ma-
IITMHHOTO 00YyUYCHHUSI

Theme 1 Building and training ma-
chine learning models

Theme 2 Optimization of machine
learning models

Anaconda | pacuérHas Anaco n.d a 2022
Enterprise

10. OnucaHue MaTepuaIbLHO-TeXHHYECKOH 0a3bl, HEOOX0UMOM /1J1A
oCylleCTBJIeHHsI 00Pa30BaTEJIBLHOI0 MPoLecca Mo AUCIUIINHE

Tabmuna 10
CaeneHus 00 00ecne4eHHOCTH CNIENHAJTU3MPOBAHHBIMY Ay 1M TOPUSIMH,
KaOuMHeTAMHU, JTJa00paATOPUAMH

HanmeHnoBaHue cienuaJbHBIX MOMeIIe-
HHUH M NOMeNIeHUH AJI8 CaMOCTOATEIb-
HOM padoTsl (Ne yueOHOro Kopmyca, Ne

OcHaleHHOCTH CIeHAIbHBIX IOMELICHHUI H 110-
MeleHHI VIl CAMOCTOSITeIbHOI PadoThl
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http://www.nber.org/

ayAuTOpHN)

1

2

yuebHas ayoumopust 0k NPOGeOeHUsl 3aHAMULL JIeK-
YUOHHO20 MUna, y4eonas ayoumopusi 01s nposgeoe-
HUSL 3AHAMULL CEMUHAPCKO20 MUNQ, Y4eOHast ayou-
mopusi OJis1 2DYNNOSHIX U UHOUBUOYATBHBIX KOHCYIb-
mayutl, y4eonas ayoumopust O meKyue2o KoH-
MPOJIsL U RPOMENCYMOUHOU Ammecmayuu

=

Okpan c anekrponpuBogoM 1 mr. (MuB. Ne558771/2)

2. TIpoekrop 1 mrt. (6e3 nHB. No) — mprobpeTascs He 3a cHeT
CpEICTB BYy3a

Bannanoycroitauseiii mkag 1 mr. (MuB.Ne558850/7)
CucteMHsIi 06510k ¢ MoHUTOpOM 1 1T, (MHB. Ne558777/9)
Crenp «CepreeB Cepreit CrenanoBud 1910-1999» 1 .
(MuB.Ne591013/25)

Ornerymmrens mopomkoBbiit 1 mr. (HaB. Ne559527)
[onsecHoe kpemenue k oraerymmreno 1 mr. (MuB. No
559528)

8. Kamrozu 2mr. (MuB. Ne1107-221225, UuB. Ne1107-221225)
9. JlaBka 20 mir.

10. Cron aynutopHslit 20 1mT.

11. Cron pnst npenogasaTens 1 wir.

12. Cryn 2 wir.

13. ocka mapkepHas 1 mmir.

14. TpuOyHa HanonbHas 1 wT. (0e3 uHB. Ne)

aprow

No

yuebnas ayoumopust 0 Bpo8edeHUs: 3aHAMulL ce-
MUHAPCKO20 MUnda, y4eOnds ayoumopust 0is 2pyn-
NOBBLIX U UHOUBUOYATILHBIX KOHCYIbMAayull, y4eOHas
ayoumopust Oisk MeKyue20 KOHMpPOJisi U RPOMENCY-
MOYHOU ammecmayuu, noMeujerue 0 CAMOCmost-
menbHOU pabomol

1. Cucremnsiii 6ok Intel Core Intel Core i3-
2100/4096Mb/500Gh/DVD-RW 10 wt. (MuB.Ne601997,
NuB.Ne601998, 1MuB.Ne601999, NuB.Ne602000,
NuB.Ne602001, MuB.Ne602002, NuB.Ne602003,
NuB.Ne602004, 1uB.Ne602005, NuB.Ne602006)

2. MonuTop 10 mr. (0e3 unB. Ne) - mproOpeTauch HE 3a CUeT

CpEJICTB BYy3a

HIkad 2 mr. (MuB.Ne594166, MHB.Ne594167)

Tymb6a 1 mt. (MaB.Ne594168)

ITonsecnoe kperenne k oraerymutemnto 1 mr. (MuB. Ne

559528)

Oruerymutens nopomkoBeiid 1 mr. (MuB. Ne559527)

Kamrozu 1 mr. (MuB.Ne551557)

Jocka MmarHUTHO-MapKepHas 1 mrT.

. Cton 5 mrt.

10. Ctost koMIbIOTEpHBIN 12 TIT.

11. Ctyn odwucHsiit 21 wir.

12. Ceiid 1 mur. (6e3 MuB.Ne).

ok ow

©oNo

yuebHas ayoumopusi 0 BPO8eOeHUs: 3aHAMULL 1eK-
YUOHHO20 MUNa, y4eOHas ayoumopus 0is nposede-
HUSL 3aHAMULL CEMUHAPCKO20 MUNA, y4ebHas ayou-
mopusi OJisk 2PYNNOSbIX U UHOUBUOYAIBHBIX KOHCY/Ib-
mayuii, y4eOHas ayoumopust 0isk MeKyule20 Kom-
MPOJISL U NPOMENCYMOUHOU ammecmayuy, nomeuje-
HUe 01 CamoCmosmenbHoU pabomaol

1. TpuOGyna namonsHas 1 mT. (MHB.Ne 599205)

2. Wkad mns nokymentos 3 mr. (MuB.Ne593633,
MuB.Ne593634,111B.Ne559548/18)

3. Bemanka HamonsHas 2 mr. (Mue.Nel107-333144,

WuB.Ne1107-333144)

Kamrozu 1 mr. (MaB.Ne591110)

Jlocka MarHUTHO-MapkepHast 1 1mT.

Croi 15 mr.

Ckametika 14 mr.

Cron spro 1 mr.

. Cryn 2 mr.

N oM

Lenmpanvnas nayynas OubIUOMeEKA UMEHU
H.U. Keneznosa

YuranpHbele 3216 ONOINOTEKH

Cmydenueckoe obwexrcumue

Komnuara JJIA CaMOIIOAT OTOBKH

11. MeToanuyeckue peKOMEHIAIUU 00Yy4AIOIIMMCSI IO OCBOEHUIO M CITUIIIUHBI

Bce Bumbl yueOHBIX pabOT JOKHBI OBITH BBITOJHEHBI TOYHO B CPOKH, TIPEIY-
CMOTpPEHHBIE IporpaMMoi oOydenusi. Eciu CTylAeHT He BBINOJHHI KaKoe-Tubo u3
y4eOHBIX 3aJJaHUM [0 HEYBAXUTEIbHONW NMPUYMHE (IIPOMYCTHJI TECTOBBIA KOHTPOJIb,
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11. MeTroanueckne pekoMeHIaUHH 00y4al0IMMCS 110 OCBOEHHIO THCUHILIHHBI

Bce Buabl yue6HBIX paboT HOKHBI OBITH BBITOJHEHBI TOYHO B CPOKH, TMPEIY-
CMOTpeHHbIe Iporpammoii obydyeHus. Eciau cTyaeHT He BBIIOJHHUI KaKoe-TM00 U3
y4e6HBIX 3aJaHHUH [0 HEeyBaXKUTENHHON MpUYMHE (IIPOMYCTHJ TECTOBBIH KOHTDPOIIB,
He BBIIOJIHKJIM JOMAILHErO 3aJlaHusl, BHITIOJHUI pabOTy HE MO CBOEMY BapHaHTy H
T.IL.), TO 3a JAHHBINA BUJ yuyeOHOM paboThl Oaibl pedTHHIa HE HAYUCIIAIOTCA, d oA
rOTOBJIEHHBIE TI03)Ke MOJOXKEHHOro Cpoka pabOThl OLEHHUBAKOTCS C IMOHMKAIOUIMM
koddduupenToM. Eciu ke HEBBINONHEHHE YYeOHBIX pabOT MPOU3OIIIO MO yBaXU-
TeJILHON NMPUYHHE, TO CIeAyeT NpPeCcTaBUTh MPernoiaBaTesio MO TBEPXKIAIOLIHUHA [10-
KyMEHT, M 3allMTHTh NPOIYIIEHHbIE 3aHATHS B Yachl, OTBEJCHHBIC [V EXEHENCTIB-

HBIX KOHCYJIbTalluH.

Buabl B GopMbI 0TPAGOTKH NPONYIIEHHbIX 3AHATHH

CTyIeHT, POIyCTHBLINH 3aHATHs 0053aH BBIIIOJHHATE CcaMOCTOATEIbHO WHIHU-
BUIyalJbHYIO paboTy, BBITIONHAEMYIO Ha 3aHATUAX 10 CBOEMY BapHaHTy.

12. MeToauyecKkHe peKOMEHAALHH NpenoaaBaTeasm 1o OpraHu3aluH o0y4yeHHUs
o AMCHHIJIMHE

Kypc HOMKeH naBaTh He aGCTpakTHO-(OpManbHbIe, @ MPUKJIAIHBIE SHAHHA.
JlagHas Leb MOXET OBITh peajl30BaHa TOJBKO IPH yCIOBHH cobmoneHus B y4eb-
HBIX TLTaHAX IPEeMCTBEHHOCTH Y4eOHbIX AUCLUILTUH. basoBble 3HAHMA [UIS U3y CHHA
NMUCIUILTAHG! [aloT TaKue IpeaMeThl, KaK 9KOHOMHUYECKast TCOpHA, UH(pOPMaTHKA.

[IpenogaBaTels AOJDKEH yKasblBaTh, B KaKOH MOCIEAOBATEIBHOCTH CICAYCT
¥3y4aTh MaTephall QUCLHUILIMHBI, 00pamaTe BHAMaHHE Ha O0COOEHHOCTH H3YYEHUS
OTIEThHBIX TEM H Pa3JelIoB, IOMOraTh OTOUpaTh HanboIee BAXHBIE 1 HeoOXoJUMEbIE
cBeleHHs U3 yIeOHBIX TIOCOOHH, a TakKe JaBaTh 00BACHEHHS BONPOCAM IPOrpaMMbl
Kypca, KOTOpbIe OOBIYHO BBI3BIBAIOT 3aTPyAHCHHA. [Tpu 5TOM IpernoiaBaTelo Heob-
XOIMMO y4YHUTHIBATh CIEIYIOIIHE MOMEHTRL:

1. He crexyer meperpyXarhb CTyAEHTOB TBOPIECKUMHU 3aJaHUAMH.
2. UepenopaTh TBOPYECKYIO PabOTy Ha 3aHATHAX € 3aJaHHAMI BO BHEAYIUTOPHOE

BpeMA.

3. JlaBaTh CTy€HTaM YETKHH MHCTPYKTaX IIO BBIMOIHCHHIO CaMOCTOSATENBHBIX
3aaHuil; 1esb 3aJjaHusi; yCIOBHS BBIIOTHCHHS; 00BeM; CpoKH; TpeOOBaHUS K
oOpMIIEHHIO.

4. OcyuleCTBIATH TEKYLIMH y4ET ¥ KOHTPOJIb 38 CaMOCTOSTENILHON pabOTOH.

5. JlapaTh OLEHKY 00001iarh ypOBEeHb YCBOCHHS HABBIKOB CaMOCTOSITE/IBHOM,

TBOpYECKOH paboThl.

Iporpammy paszpabora (u): .
Xaputonosa A.E., X.9.H., 10LeHT //
(IFIOIIITHCL)

U
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PELHEH3UA
Ha padouyo nporpammy aucuunauHbl 51.B.JIB.07.01 «IlocTpoenne, o0yuyeHne 1 oNnTUMH3A-
IMs MoJieJieil MAIIMHHOIO 00yYeHHs] HA HHOCTPAHHOM SI3bIKe»

OIIOII BO no nanpasjenuio 09.03.02 «MHpopmManmoHHbIe CHCTEMbI U TEXHOJIOTHI,
HanpasJieHHOCTh «boJbmme nannbie 1 MammHHoe o0yyenue (Machine Learning & Big
Data)»

(kBaniuukanus BHINTYCKHHUKA — 0aKaiaBp)

KonomeeBa Enena CepreeBHa, moueHT kadenpsl ¢unancoB ®I'BOY BO 1. Mockssl
«PTAY-MCXA umenu K. A. TumupszeBa», KaHAMJaTOM SKOHOMUYECKUX HAyK (Hajiee Mo TEKCTY
PEILIEH3EHT), MpOBe/ieHa peleH3usi padoueil mporpammel aucHuILInHbl «llocTtpoenue, oOydeHue u
ONTUMM3ALMS MOJIEJIeld MallMHHOTO 00y4eHusi Ha nHocTpaHHoM s3bike» OITOIT BO no nanpasie-
Huto 09.03.02 «HUnupopmayuonnvle cucmemvl U mexHoao2uuy, HapaBICHHOCTh «boJbllive 1aHHbIC
u mamuaHOoe oOyuenue (Machine Learning & Big Data)» (GakamaBpuar) pa3paboTaHHO# B
OI'BOY BO «Poccuiickuii rocynapctBeHHbI arpapHblii yaHuBepcuteT — MCXA umenu K.A. Tu-
MUpsI3eBa», Ha Kadeape CTaTUCTUKU U KuOepHeTukH (pazpaboTunk — XaputoHoBa AHHA EBreHbes-
Ha, KAaHUIaT SKOHOMUYECKUX HAyK, JOIEHT Kadeaphl CTATUCTUKU U KHOSPHETHKH).

PaccMoTpeB mpezcTaBieHHbIE Ha PELEH3UPOBAHUE MaTE€pUaJIbl, PELIEH3EHT MpPHILIET K clie-
JYFOIITAM BBIBOJIAM:

1. [IpenbsiBnenHass pabodas mnporpamma aucuuiuinHbl «lloctpoenue, oOydeHue U
ONTUMM3ALMS MOJeJIed MAIIMHHOTO OOy4eHHMs] Ha HMHOCTPAHHOM SI3bIKE» (Jlajiee IO TEKCTY
[Mporpamma) coomeemcmeyem TpeboBanmsiv DPI'OC BO mno Hanpasnenuto 09.03.02
«HMugpopmayuonnvie cucmemsvr u mexuonocuuy. Ilporpamma codepowcum Bce OCHOBHBIE Pa3/eibl,
coomeemcmayem TpeOOBaHUAM K HOPMaTHBHO-METOAMUECKUM JOKYMEHTAM.

2. IlpencraBnennas B [Iporpamme akmyansnocmey yaeOHON NUCIUTUIMHBI B PAMKaX pean-
3armuu OITOIT BO me nodnexxcum commenuro — MTUCIUATIMHA OTHOCUTCS K JTUCITUTUTMHAM IO BEIOOPY
4acTH, GOPMHUPYEMON yIaCTHHKaMU 00pa30BaTeIbHBIX OTHOMICHUH yaeOHoro nukina — b1.B./IB.

3. Ilpencrasnennsie B I[Iporpamme uenu AUCUMILTUHBI coomeemcmgyom TPeOOBaHUSIM
®I'OC BO nanpasnenus 09.03.02 «Unpopmayuonusie cucmemvl u mexHoI02UU .

4. B cootBerctBuH ¢ [Iporpammoii 3a nucuurinHoi «Iloctpoenue, o0ydeHue U oNTUMHU3a-
1Us MOJeNied MAIIMHHOTO OOYy4eHHUsT Ha MHOCTPAHHOM SI3BIKE» 3aKpeIyieHO 2 Kkomnemenuyuu (5
unoukamopog). Jlucuumnuna «IloctpoeHue, 00ydeHre ¥ ONTHMHU3AIUS MOJICIICH MAITHHHOTO 00 Y-
YeHHs] Ha MHOCTPAHHOM SI3bIKe» M MpejcTaBieHHas [Iporpamma cnocobua peanuzosams ux B 00b-
SIBJICHHBIX TPEOOBaHUSIX.

5. Ob6mas TpynoéMkocts quciumuiniel «lloctpoenne, obyueHue U onTUMH3ALMS MOJEIeH
MAIlIMHHOTO OOYYeHHs Ha MHOCTPAHHOM S3bIKE» cocTaBiisgeT 3 3a4€THhIX eauHuIlbl (108 yacos/u3
HUX MpaKTHYECKas MOJAroToBka 4 4.).

6. Mudopmaius o B3aMMOCBS3H U3Y4aeMBbIX JUCUUIUIMH U BOIPOCAM HUCKIIOUYEHUS TyONH-
pOBaHMS B COACPKAHUH AUCHUIUINH coomseemcmayem nerdcTBuTenbHocTd. ucnumnuna «lloctpo-
eHue, 00ydyeHrue U ONTUMHU3AIMS MOJAENeH MAallMHHOTO O0Y4YeHHs Ha WHOCTPAHHOM SI3BIKE) B3au-
MocBsizana ¢ apyrumu gucuuminHamMu OIMOIT BO u Yyebnoro mnana mo nHanpasnenuto 09.03.02
«HMughopmayuonnvie cucmemovl u mexHonro2uu» M BO3MOXKHOCTb TyOIMPOBAHUS B COJIEPKAHUU OT-
CYTCTBYET.

7. IlpencraBnennas IIporpamma mpenamnosiaraeT MUCHOJIb30BAaHUE COBPEMEHHBIX 00Opa3oBa-
TEJIbHBIX TEXHOJIOTHUH, UCIIOJIb3yEeMbIe MPHU PealIM3allii Pa3InYHbIX BUAOB yueOHOI paboThl. Dop-
MBI 00pa30BaTeIbHBIX TEXHOJOTHI_coomeemcmeyom cieliu(PUKe TUCIUTIITNHBIL.

8. IIporpamma muctumauasl «IlocTpoenue, oOydeHHe U ONTUMHU3ALIMS MOIeIe MalllMHHO-
ro oOyueHuss Ha MHOCTPAHHOM SI3bIKE) MPEIoIaraeT 3aHsITH B MHTEPaKTUBHOU opme.

9. Buapl, comepxaHue u TPYyAOEMKOCTb CAMOCTOSITEIbHON PabOThl CTYIAEHTOB, MPEACTaB-
nenHsle B [Iporpamme, coomeemcmsyrom TpeOOBaHHSIM K MOATOTOBKE BBIMTYCKHHUKOB, COIEpXkKa-
mmmMes Bo @I'OC BO nanpasnenus 09.03.02 «Anghopmayuonnvie cucmemuvl u mexHoro2um .
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T cblo%wgpsgs;;?e?;ﬂme 1 onucanuele B [Iporpamme hopMbl mexyujeid OUCHKA 3HaHui (01poc,
‘ OTICTIBHBIX BONPOCOB, TaK M y4acTHe B AEJOBBIX HIPax), coomeemcm:
gyiom crietiUKe TMCUHIUTHHE] B TPeGOBAHHMIM K BBITYCKHUKAM.

QopMa [POMEXYTOYHOTO KOHTPOIS 3HAHHIL CTY/IeHTOB, NpeaycMoTpeHHas [IporpamMMox,
OCYIIECTBJISETCS B (bopMe 9K3aMeHa, 4TO coomeemcmayem CTaTyCy NMCHMILIMHBI, KaK TACHHILIA-
HBI 110 BBIOOPY 9acTH, pOpPMHpyeMoii yyacTHHKaMu 06pa30BaTEIbHBIX OTHOIIEHHH y4eOHOIO LHK-
na—b1.B.JIB ®I'OC BO nanpasnenus 09.03.02 «Hugpopmayuonnsie cucmembl t mexHoL02UU.

®opMbl OLEHKH 3HaHMIi, NIpeJCTaBIeHHBIE B [IporpamMme, coomeemcmeyiom —Creludure
IMCIHIUTHHBI H TPeOOBAHHSIM K BBIITYCKHHKAM.

11. VY4eGHO-MeTomiuecKoe 0GecreyeH e MUCIUIUTMHBI PEICTABIEHO: OCHOBHOM JUTe-
paTypoii — 5 HCTOYHHKOB (6a30BbIH y4eOHHK), JOMOJHHTEIBHOM JAUTEpaTypoil — 4 HaMMEHOBAHUS,
UntepueT-pecypchl — 10 MCTOUHUKOB M coomegemcmegyen TpeOOBaHUIM ®I'OC BO HampaBieHHs
09.03.02 « UngpopmayuoHnvle cucmemol u mexHOL0ZUU.

12. MarepuaibHO-TeXHHYECKOe oOecIeueHue AUCHUIUIMHBI COOTBETCTBYET crienuuke
auctumuHHE «[locTpoenne, 00yveHne W ONTHMHU3ALUS MOJIENeH MaIlHHHOTO oOy4yeHHsi Ha HHO-
CTPAHHOM SI3BIKE» M 0OECTICUMBAET MCTIONB30BAHUE COBPEMEHHBIX 00pa30BaTe/IBHBIX, B TOM qucie
HHTEPaKTUBHBIX METOJ0B 00Y4YEHHS.

13. MeTomuueckHe DEKOMEHJAMH  CTy/eHTaM M  METOJAMYECKHE  PEKOMCHIALHH
[PEnoJaBaTeNIsIM 10 OpPraHu3anuu oOydeHHs IO TUCUHUIUIMHE Jar0T NIpeACTABICHHUE O crenuuxe
obyuenns mo mucuumumHe «IlocTpoeHue, oOyvyeHHe H ONTHMH3ALMA Mozenel MallHHHOTrO
o0y4eHHsT Ha HHOCTPAHHOM SI3BIKEY.

OBIIHUE BBIBO/IbI

Ha 0CHOBAaHHH [IPOBENEHHOTO PELEH3HPOBAHHS MOXKHO CEIaTh 3aKII0UEHHE, UTO XapaKTep,
CTPYKTYpa H CoAepXaHue paGoueil mporpamMms! JucHHILIHHEL «IJocTpoenue, oby4eHHe ¥ ONTHMH-
3amus Mojenell MAIIMHHOTO o0ydeHHs Ha mHocTpaHHOM s3bike» OIIOIl BO 1o HarpaBiCHHIO
09.03.02 «HHgopmayuoHHble cucmemsl U mMexHONLO2UUY, HAIIPaBICHHOCTD «Boabpmue JaHHbIE H
mamuHHOe o6ydenne (Machine Learning & Big Data)» (xBanudukanus BbIIyCKHHKA — baka-
naBp), paspaboTaHHas XapuToHOBOH A. E., K.9.H., IOLEHTOM Kadeapsl CTATHCTHKH M KHOCpHETH-
x#, cootBeTcTBYeT Tpebopanusm ®I'OC BO, coBpeMeHHbIM TpeOOBaHUAIM SKOHOMHUKH, PHIHKA TPY-
/1@ ¥ TIO3BOJIAT IIPH €& peaM3aliy YCIEIHO 00eCeauTs POPMIPOBAHHE 3ASBICHHBIX KOMIICTCH-

k)

OuH.

bl purancoB ®I'BOY BO «Poccuiickuii rocyiapcr-
umenn K.A. TumupsiseBay, KaHAUAAT SIKOHOMUYECKHX

« 26 » 01 202Z F,

Penenzent: Konmomeesa E.C., TOICHT Ka
BEHHBIH arpapHblil YHUBEPCHTE
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