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1. | UmxenepHOE [1€710, TEXHOJOTUH U TEXHUUECKHE HAYKH Marucrparypa

ITporpamma MoIyiisl cOCTaB/I€HA ABTOPaMHU:

damuausa Ums YuyeHan cTreneHb,
Ne n/m OT4ecTBO YeHOe 3BAHME Jo/kHOCTH Hoapa3znesnenne
y
1 HonranoB AHTOH KaHauaaT HoueHnt Kadenpa
IOppeBny TEXHUYECKUX HAYK, DPaIHOSIEKTPOHUKH 1
0e3 y4eHOTO 3BaHUs TENEKOMMYHHKAIIHIA,
NPUT-PT®, YpdY
2 Co3blkuH AHapen KaHAuaaT JIOLIEHT Kadenpa nndopmanmonnsix
BrnaguMupoBuy | TEXHMYECKUX HAYK, TEXHOJIOTUH U CUCTEM
HET ynpasinenus, UPUT-PTO,
YpdYy

Pexomen10BaHO y4eOHO-MeTOAUYECKHM COBETOM

UH(GOPMANHOHHBIX TeXHOJIOTHi-PTD
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HHCTUTYTa PaJHO3JIEKTPOHUKH U




1. OBHIASA XAPAKTEPUCTUKA MOAY JISI MammHHOe 00y4eHHe H HCKYCCTBEHHbIH
HHTEJUIEKT

1.1. AHHOTAuUMs COAEP:KAHUS MOTYJISA

Moynb COCTOUT U3 AUCHUIUINH: «MamnaHoe 00yueHne» u «CIOPTUBHBIN aHAIN3 JAHHBIX)
Lenpto OCBOEHHS AMCHUILTUHBI «MalIMHHOE 00y4YEeHHE» SBISIETCS OCBOCHUE CTYICHTAMHU
OCHOBHBIX BOIIPOCOB TEOPHH BEPOSITHOCTH, METOAOB ONTHMHU3ALMU U CTOXaCTUYECKHUX MPOIECCOB
ISl JabHEUIIero MPUMEHEHHS B Pa3paboTKe aJrOpUTMOB MAITUHHOTO O0Y4EHHUSI.

Henp ocBoenust muctmiuinHbl «CHOPTHBHBIA aHAIM3 JAHHBIX» - O3HAKOMHUTH CTYICHTOB C
COBpEMEHHOM 11aThopmMoii i mpoBeneHus copeBHoBanui "Kaggle .com”. CTyneHTHI y3HAIOT, KaK
WCIOJb30BATh PA3JIMYHbIC aJTOPUTMBI M METOJbl aHAIW3a MAHHBIX JUISI PEIICHUS KOHKPETHBIX
MPUKIAJHBIX 3a7ad. Ha mpakThke paccMaTpHUBArOTCS BCE THIBI 337a4 aHaj W3a JAHHBIX: aHAIIN3
TaOJINYHBIX JAHHBIX, aHAJU3 BPEMEHHBIX PsI0B, 00pabOTKa €CTECTBEHHOIO s3blKa, 00paboTKa
n3obpaxeHuil. B kypce paccmarpuBaroTcs METObI aHaIM3a 6a30BbIX O0YUEHHBIX MO/IeNIel, BbIOOpa
Y TIPOBEPKH HOBBIX BO3MOXKHOCTEW, ONTHMAaJIbHBIE METOJIBI TIOWCKA JIYYIIEr0 alrOPUTMa PEHICHUS

3aJa4u.

1.2. Crtpykrypa u 00beM MOIYJIs
Tabmuna 1

O0beM ANCHMILUIMH MOTYJIS H
Nen/n | IlepeyeHb IUCHMILTHH MOJY.Is1 B I0C/1€J0BATEILHOCTH HX OCBOCHHSI | BCEero MoJy.si B 3a4eTHbIX
eIMHUIAX U Yacax

1. MamunaHoe o0y4yeHue 6 3.e., 216 gac.
2. CrnopTUBHBIN aHAJIN3 JAHHBIX 3 3.e., 108 gac.
NTOI'O no moxaymto: 93.e., 324 gac.

1.3. TlocjenoBaTejJbHOCTH OCBOEHHUSI MO/IYJisl B 00pa30oBaTe/ibHOI MporpaMme

IIpepexkBU3NTHI MOAYJIS omcymcmayom
IMocTpeKBU3UTHI M KOPPEKBU3UTHI omcymcmayom
MOYJIsl

1.4. Pacnpenesienne KoMneTeHUMd MO AUCHMILIMHAM MOJYJs, IJIAHUPYeMble pe3yJibTaThbl
o0yueHusi (MHAUKATOPBI) IO MOAYJIIO

Tabmuma 2.1
Ilepeyenn
Kon u HaumeHnoBanue I[Inanupyemble pe3yabTaThbl 00y4eHHUs
JUCHMIITMH
KOMIIETeHLIMH
MOAYJIA
1 2 3
Mammudoe  |OIIK 1. Cioco6en OIIK-1. 3-1. CooTHOCUTH TTPOOIEMHYIO 00JIACTH C
00yueHue ($hopMynTUpOBaTh U peraTh COOTBETCTBYIOIIEH 001aCcThI0 PyHIAMEHTAIBHBIX U
HAy4YHO-HUCCIIEIOBATENbCKUE, |OOIIEHMHKEHEPHBIX HayK
TEXHUYECKUE, OIIK-1. 3-2. IIpuBecTy nprMepbl TEPMHHOJIOTUH,
OpraHU3alMOHHO- IPUHIMIIOB, METOAOJIOTHYECKHX MOIX0/I0B U 3aKOHOB
9KOHOMHYECKHE (yHIaMeHTaIbHBIX M O0IIEHHKEHEPHBIX HAYK,




KOMIUIEKCHBIE 3a/1a4H,
npuMeHsist QyHIaMeHTaIbHbIe
3HAHUA.

NPUMEHUMBIX I (OPMYITUPOBAHHS U PELICHUS 342
npoOieMHOl 06JacTh 3HAHUS.

OIIK-1. ¥Y-1. Ucnonb3oBaTh 1jist GOPMYTUPOBAHUS U
peleHns 3aga4d npodIeMHON 00JIACTH TEPMHHOJIOTHIO,
OCHOBHBIE IPUHIIMITBI, METOJJONIOTHYECKUE TTIOIX OBl 1
3aKOHBI (PYHIaMEHTAIBLHBIX U OOLIEHHKEHEPHBIX HAYK.

OIIK-1. V-2. KpuTuiecku oI1eHUTh BOZMOXKHBIC
CIOCOOBI perieHus 3aa4 NpooJIeMHON 00JIaCTH,
UCTIONB3YSI 3HaHUS PyHIaMEHTAIBHBIX U
OOIIEMH)KEHEPHBIX HAYK.

OIIK-1. II-1. Paboras B komMaHze, pa3padaTbiBaTh
BapuaHThl ((OPMYITHPOBAHUS U PEIICHHS HAYYHO-
UCCIIe/IOBATENECKIX, TEXHUIECKUX, OPraHU3allMOHHO-
9KOHOMUYECKHUX M KOMITJICKCHBIX 3a]1a4, PUMEHSS
3HaHUs (pyHIAMEHTAIBHBIX U OOIIEHH)KEHEPHBIX HAYK.
OIIK-1. [I-1. IIposiBAATH TUAEPCKUE Ka4ecTBa U
YMEHUS] KOMaHTHOH paOoThI.

Tabnmma 2.2
Ilepevyennb Koa n Numukatopsbl
ILnanupyemble pe3yabTaThl
JM CITUILTHH HauMeHOBaHHUe JOCTHKEHHUS
00yueHust
MOAYJIs KOMIIETEHI[UH KOMIIETEHI[UH
1 2 3 4
MammuHoe |OIIK-8. Cocoben OIIK-8.1. [Ipumenser OIIK-8.1. 3-1. 3naer
o0yuenune  |paspabaTbiBaTh WHCTPYMEHTAJIbHBIE CPEMbl, [MHCTPYMEHTAJIbHbBIE CPEBI,

aJrOPUTMBI U
MIPOrpaMMHBIE CPEICTBA
VIS PEIIICHHS 3a/1a4 B

MIPOrPaMMHO-TEXHUUECKH E
m1aTHOPMBI TSI pEIICHHUS
3a1a4 B 00JIaCTH CO3MaHUSA U

obnactu CO3aaHusA U IIPUMCHCHU A
NIPUMEHCHUA HNCKYCCTBCHHOI'O
HNCKYCCTBEHHOI'O HWHTCIIIICKTA
HUHTCIIIICKTA

MPOrpaMMHO-TEXHUIECKUE
TTAT(OPMBI JUTS PEIICHHSI
podeCCHOHAIBHBIX 3a1aU
OIIK-8.1. Y-1. YMeeT npuUMEHSTh
WHCTPYMEHTAIBHBIC CPEIbl,
MPOrpaMMHO-TEXHUIECKUE
TTAT(OPMEI JUTS PEIICHUSI
nmpodeccHoHambHBIX 3a/1a4

OIIK-8.2. Pa3pabaTtreiBaer
OpUTHHAIIBHBIC
MIPOrpaMMHBIE CPEICTBA IS
perreHus 3a1a49 B 00JI1acTH
CO3aHUsI ¥ TPUMEHECHUS
HCKYCCTBEHHOTO
MHTEIUIEKTa

OIIK-8.2. 3-1. 3HaeT MPUHITUIIBI
pa3pabOTKH OPUTHHAIBHBIX
MPOTrPaMMHBIX CPENICTB IS
peieHus mpodeccHoHaIbHBIX
3a1a4

OIIK-8.2. V-1. YMmeer
pa3pabaThiBaTh OPUTHHAIEHBIC
MPOrpaMMHBIC CPEJICTBA ISt
pelleHus 3aj1a4d B 00J1acTH
CO3JTaHUSI U IPUMEHEHUS
HCKYCCTBEHHOI'O MHTEIICKTA

IK-3. Cnocoben
pa3pabaTbIBaTh U
MPUMEHSTH METOMBI U
QJITOPUTMBI MAIIIMHHOT'O
00y4eHUs I PeIeHUs
3a71a4

T1K-3.1. CtaBuTt 3agauu mo
pa3paboTKe uiu
COBEPILIEHCTBOBAHHIO
METOJIOB U aJITOPUTMOB JJIst
pelIeHusT KOMILIEKca 3a1a4
MIPEIMETHON 00JIaCcTH

T1K-3.1. 3-1. 3Haer Ki1accsl METOOB
I3 aNTOPUTMOB MAIIIMHHOTO
o0yueHus

I1K-3.1. V-1. YMeeT cTaBUTH
Bajiauu v pa3padaThIBaTh HOBBIC
METO/IbI U aJITOPUTMBI MAIITHHHOTO
00ydeHus




[IK-3.2. PykoBoaut
HCCIIEN0BATENBCKON
TPYIIIOH 0 pa3paboTKe W
COBEPIIICHCTBOBAHUIO
METOJIOB U aJITOPUTMOB JJIst
pelIeHUsT KOMILIEKca 3a1a4
MIPEJMETHOM 00IacTH

I[IK 3.2. 3-1. 3naer wmerompl
KPUTEPUH OLICHKHU KayecTBa
MOJIeIIei MAIIMHHOTO 00yYCHHSI

I1K 3.2. V-1. YMmeer onpenenars
KPUTEPUH ¥ METPUKH OLICHKH
PE3yIbTATOB MOJICTHPOBAHHUS TIPH
MOCTPOCHUH CUCTEM
MCKYCCTBEHHOTO MHTEIUICKTA B
McclieyemMoii o0nacTu

CriopTUBHBIN
aHaJN3 JaHHBIX

OIIK-8. Crocoben
pa3pabaThiBaTh
AJIITOPUTMBI U
IPOTpaMMHEIE CPEACTBA
JUTS PEIlieHns 3a/1a4 B
00J1aCTH CO3IaHUs U
HpI/IMeHeHI/IH
I/ICKYCCTBCHHOI‘O
HAHTEIEKTA

OIIK-8.1. [Ipumenser
WHCTPYMEHTAIILHBIE CPEIbI,
POrpaMMHO-TEXHUYECKUE
IaTGOPMBI JUISL PEIICHHS
3a/1a4 B 00JIaCTH CO3/IaHUS H
HPUMEHEHHSI
HCKYCCTBEHHOI'O
WHTEIJICKTa

OIIK-8.1. 3-1. 3naer
WHCTPYMEHTAJILHBIE CPEIbI,
MPOrpaMMHO-TEXHUYECKUE
TIaTGOPMBI JUIST PEIICHHSI
npodeccHoHaNBHBIX 33124
OIIK-8.1. Y-1. YMmeeT npuMeHSThH
WHCTPYMEHTAJILHBIE CPEIbI,
MPOrpaMMHO-TEXHUYECKUE
TIATOPMBI JUIS PEIICHHSI
npodecCHOHAIBHBIX 3a]a4

IIK-7. Criocoben
PYKOBOIUTH IIPOEKTAMU
110 CO3/IaHHMIO,
BHEIPEHUIO U
HUCTOJIb30BAaHUIO OJTHOM
WJTN HECKOJTBKUX
CKBO3HBIX ITU(POBBIX
cyOTexHOomorui
HCKYCCTBEHHOTO
WHTEIJICKTa B
MIPUKIIATHBIX 00JIACTSIX

IIK-7.3. Uccnenyer u
aHAIM3UPYET Pa3BUTHE
HOBBIX HaIlpaBICHUN 1
MEePCIEKTUBHBIX METOIOB U
TEXHOJIOTUH B 00MacTu
HCKYCCTBEHHOTO
WHTEJUIEKTa, yIacTBYET B
HCCIIEZIOBATENIbCKAX
MPOEKTax MO Pa3BUTHIO
MepCIEeKTUBHBIX
HaIpaBJIeHUH B 0071aCTH
HACKYCCTBEHHOTO
HHTEIJIeKTa
(anropuT™MHYECcKas
AMUTAIHS OMOJIOTHUECKUX
CUCTEM TIPUHSTHS PEIIeHN,
aBTOHOMHOE CaMOOOyUeHHE
7 pa3BUTHE A THBHOCTH
aJTOPUTMOB K HOBBIM
3a/1a4aM, aBTOHOMHAS
JIEKOMITO3UIIHUS CIIO’KHBIX
3a/1a4, MIOMCK W CHHTE3
pernreHuin)

IIK-7.3. 3-1. 3naer coBpeMeHHOE
COCTOSIHME U TICPCIICKTHBBI
Ppa3BUTHUA HOBBIX HaHpaBHeHHﬁ,
METOJIOB M TEXHOJIOTHI B 00JIACTH
WUCKYCCTBEHHOTI'O MHTEIICKTa
[IK-7.3. ¥-1. YMeeT mpoBOIUTE
aHaJIM3 HOBBIX HATIPABJICHHH,
METOJIOB M TEXHOJIOTHI B 00JIACTH
WUCKYCCTBEHHOT'O HHTEIUICKTA U
OTIPENENATh Hanboee
MEPCIIEKTUBHBIC JUTS PA3TUIHBIX
obacTeil mpuMeHEHNS

1.5.

®opma o0ydyeHus

O6y‘{eHI/IC 0 JUCHUIINIMHAM MOAYJISI MOZKET OCYIICCTBIIATHCA B OYHOH (I)OpMe.

2.

COJEP)KAHUE N OBECIIEYEHHUE PEAJIM3AIIUU JUCIHUITIJIMH MOAYJIA




INPOI'PAMMA MO YJIA

MamuHHOe oﬁyqelme H HCKyCCTBeHHBIﬁ HHTCJVICKT

PA3AEJ 2. COAEP) KAHUE U OBECITIEYEHUE PEAJIN3ALINN JUCHUITIJINH

MOJIYJISA

PABOYASA ITPOI'PAMMA JIUCHUIIJINHBI 1

Paboyas mporpamMma IUCIUIUIMHBI COCTABJICHA aBTOPAMU:

MarmmunHoe oOyueHue

TEXHUYECKUX HayK,
0e3 y4eHOTO 3BaHUS

Yuyenas creneHb Hoapa3znenenne
Neni/m | @amunusa Umst OTyecTBO > | JloaxKHOCTH P
yueHoe 3BaHHue
1 JonranoB AaTton HOpreBry KaHIUJaT JoneHt Kadenpa

PaINOdIEKTPOHUKH U
TEJIEKOMMYHUKAIUM,
UPUT-PTD, YpdVY

PexoMeH10BaHO Y4eOHO-MeTOIMYECKUM COBETOM MHCTUTYTAa UHCTUTYT paiN03/IEKTPOHUKH U

UH(GOPMANHOHHBIX TeXHOJOTHH-PTD

ITpoTokon Ne 7 01 11.10.2021 .




2. COAEP) KAHUE U OCOBEHHOCTHU PEAJIM3ALIUU JUCLHHUIIJIMHBI 1 MammHHoe

o0yueHue

2.1. TexHosoruu Oﬁy‘leHI/lﬂ, HCIO0Jb3yE€MbI€ IPU U3YYCHUH JUCHUINIJIUHBI MOAYJIH

- TpaguiuonHas (penpoAyKTUBHAS) TEXHOJIOTUS;
- C npumeHeHHeM 3JIeKTPOHHOTO OOy4eHHUs] Ha OCHOBE 3JIEKTPOHHBIX YU€OHBIX KYpCOB,

pa3memeHHbx Ha LMS-mmmardopmax YpdYV.

2.2. Conep:kanue TUCHUILTHHBI 1

Tabmuma 1
Kon Pa3zpnes, Tema Conepxanue
pasaeJa, AUCHHUILINHBI*
TeMBbI
MO _1.1 WcTopus mammHHOTrO Onpenenenue MmammHHOro ooyuenus (MO).
oOyueHus u 6a30BbIe Pa3zButue MO: 0CHOBHbBIE HCTOPUUYECKUE ITAIIBI.
THOHSITHUS Knaccuduxarus 3anaa 8 MO. bazoBbie OHSTHS B
MO.
MO 1.2 Jannbie Tunsl nansbix. [IpeacraBienne qaHHBIX.
[IpenBaputenbHas 00padoTka. bas3pl JaHHBIX
MO 1.3 Meto1bl yMEHBIIIEHUS Marpuia koBapuauu. Meron [ maBHbIX
pa3MepHOCTU Komnonent. CunrymnsipHoe pasnoxenue MaTpuupl.
MO _1.4 Knacrepuzanus Metpuxku paccrosnus. Kiacrepuzanus k-Cpeanux
(k-Means). Mepapxuueckas KiiacTepr3aiusi.
Kinacrepuzanus DBSCAN
MO 1.5 Perpeccus Jluneiinas Perpeccusi. MeTon HauMeHbIINX
KkBaapatoB. [ paguenTHbIl ciiyck. Perynspuzanus.
MeTtpuku MoJienei perpeccum.
MO _1.6 Knaccuduxkanuys Tunel 3a1a4 Kaccudukanuy. Jlorucruaeckas
perpeccusi. Metpuku kinaccudukanuu. MaTtpuia
91115 () 3
MO _1.7 bmwxkaiimue cocenu. Knaccudukarop k-onmmxaiimmx coceneii (K-nearest
neighbors). Perpeccus k-0mmkaiImx cocee.
Neighnorhood Component Analysis.
Busyanu3anus nanasix meroaom t-SNE




MO 1.8

BaiiecoBckue MeTOIbI

Teopema baiieca. HauBnblii baliecoBckuii
KIaccupukaTop. JncCKpuMUHAHTHBIN AHAIH3.
JInnelHbI AMCKpUMUHAHT Puiiepa

MO 1.9

Meto1 OnIOpHBIX BEKTOPOB

Omnopaeie BekTopa. 3a30p (margin). SAapa. Kernel
Trick. [TpumeHeHre METO1a OTIOPHBIX BEKTOPOB B
3aauax Kiaccu(UKaIul U Perpeccui.

MO _1.10

HepeBbs Pemenunit

[IpuMeHeHne epeBbEB PELICHUN I PELICHUS
3aja4 Kinaccupukanuu u perpeccud. OCHOBHBIE
3JIEMEHTHI IEPEBHEB PEIICHUN.

MO 1.11

AHcaMOJIeBBIE METO I

Mertonsl yecpennenus. barrunr. Ciyyaitasiii Jlec
(Random Forest). Meronst byctunra. AdaBoost.
['pagueHTHBIN OyCTHHT

MO 1.12

[Tpumenenne MeTo10B
MalIMHHOTO 00y4YeHUS

[Tonyuenue J{annsix. [IpenBapurensHas
O6paboTtka. OTOOP 3HAUMMBIX TAPAMETPOB
(feature selection). Betoop Moaenu. Orenka
Monenu. Hactpoiika moaenu (fine-tuning).
Ananus Monenn

MO 2.1

OcnoBbl KoMnibroTepHOTO
3peHus

[enu 1 3a7a4M KOMIBIOTEPHOTO 3peHUs. L[BeT u
ero Bocnpusitue. L{BetoBeie moaenu. Perucrpanus
u3o0paxenwuii. bubmnorexa OpenCV/

MO 2.2

KomnsrotepHoe 3penue:
bazoBeie Onepanuu

Koppeknus apredaktoB nuzoopakenuit. OuinbTphl U
Cgeprtka. [IpeobpazoBanune Dypre.

MO 2.3

Brigenenne OObEKTOB

bunapuzanus. I[Touck rpanwmm. Distance Transform.
Cermenrarust. I[Touck 1o 1mrabaony

MO 2.4

Oco0bie Touku Ha
N3o06paxenusx

Omnpenenenue ocoObIX ToueK. J[eTeKTophl U
Heckpunropsl. JletekTop Xappuca.
Scale-Invariant Feature Transform. Speeded-Up
Robust Features. Features from Accelerated
Segment Test. Binary Robust Independent
Elementary Features. Oriented FAST and Rotated
BRIEF

MO 2.5

[Ipumenenre MammHHOTO
oOyuenus B KomnbrorepHoM
3penun

3agaun Mamunaoro oOydenus B KommsrorepHom
3peHun. Memok CnoB. BusyalibHblil clioBapb.
Viola—Jones object detection framework.




MO_2.6 Heiiponnsie Cetu BBenenue B HelipoHHble ceTu. Onrcanue
TensorFlow. TToirocBs3HBIC (Dense) HelipoHHbIe
cetd. @yHKuMH n1oTepb. ONTUMHU3ATOPBHI.
Perynsapuzanus Heiiponnsix ceteit. CBepTOUYHBIE
(Convolutional) metiponnsie cetu. Pooling

MO_2.7 Apxutektypsl Hetiponnbix | LeNet-5. AlexNet. VGG. GoogLeNet. ResNet.

cereit s kiaccupukanuu | MobileNet. EfficientNet. [Tepenoc oOyuenus
N300paKeHMIA (Transfer Learning)
MO_2.8 Apxurextyps! Heitponnbix | Kiaccuduxkamus ¢ nokanmmzanueid. Region Based
Cereii s [Toncka Convolutional Neural Networks. Apxutektypbl
OOBeKTOB cemeticta YOLO. Single Shot MultiBox Detector.
CenterNet.
MO 2.9 ['enepatuBHBIE MOIETN ['eHepaTHBHO-COCTSI3aTENbHBIE CETU. DHKOIEPHI.
Heitponnsix Cereit Hexonepsl. Bapuanmonusie ABTO-DHKOIEPHI.
ITepenoc Cruns.
MO 2.10 Brenenue B 00paboTKy [enm u 3aaun 0OpabOTKH €CTECTBEHHOTO SI3bIKA.
€CTECTBEHHOTO S3bIKa bazosslie nousartus. [IpensapurensHas oOpadoTka
tekcTa. Sentiment Analysis. Bekropasie Moenu.
MO _2.11 BepositHocTHBIe MOoienmu B | ABTOKOPPEKIHS CJIOB. MapKOBCKHE LIETH.
00paboTKe €CTECTBEHHOTO ABto3anonnenue. H-rpammel. f3p1koBbie Moaenu.
SI3BIKA
MO 2.12 [TpuMeHeHEe HERPOHHBIX [MocnenoBarenbHbie Moaenu. Embedding.
cereil 1151 00paboTKU Recurrent Neural Network. Gated Recurrent Units.
€CTECTBEHHOI'O SA3bIKa Long Short-Term Memory. Buumanue (Attention).
Tpanchopmepbt

2.3. HporpaMMa AUCHUIITIMHBI pCAJIN3YCTCA MMOJIHOCTBIO Ha HHOCTPAHHOM A3BIKC.

2.4, YYEBHO-METOANYECKOE U UTH®OPMAIIMOHHOE OBECIIEYEHUE
JAUCHUIIVIMHBI MamvnHoe 00ydeHue

JIEKTPOHHBIE pecypchl (MU31aHNA)
1. Kypc Methods of Machine Learning https://elearn.urfu.ru/enrol/index.php?id=5960 (nata
obpamenus: 05.10.2021).



https://elearn.urfu.ru/enrol/index.php?id=5960

HpO(l)eCCHOHa.J'ILHbIe 0a3bl JaHHbIX, an)opMaunonﬂo-cnpaBoqnme CHUCTEMBI

1. Hudposas 6ubmmoTexka HAyYHO-TEXHUYECKUX W3IaHUi MHCTHTYTa HHKEHEPOB T10
anekTpoTexHuKe u paarotekrponuke (Institute of Electrical and Electronic Engineers (IEEE)) na
aHIIIMICKOM si3bike — Nttp://www.ieee.org/ieeexplore

2. Oxford University Press — http://www.oxfordjournals.org/en/

3. ApXUB IPENPHUHTOB € OTKPBITHIM J0CTyIOM — https://arxiv.org/

Marepuags! nias s ¢ OB3

Becy kontent OBC mnpencraBieH B Bujae (aiioB cmenuanbHOro (Qopmara s
BOCIIPOM3BE/ICHUSI CUHTE3aTOPOM PEUH, a TAKKE€ B TECTOBOM BHUJE, NPUTOJAHOM JUIsl IPOUYTEHUS C
HCIIOJIb30BAHUEM DKPAHHOM JIYIIBI M1 HACTPOUKON KOHTPACTHOCTH.

Ba3bl JaHHBIX, HHPOPMALHOHHO-CIIPABOYHbIE M TOMCKOBbIE CHCTEMbI

1 Academic Search Ultimate EBSCO publishing — http://search.ebscohost.com

2 eBook Collections Springer Nature — https://link.springer.com/

3 I'yrn Akanemus — https://scholar.google.ru/

4 DnekTpoHHBIH HayuHbIl apxuB YpdVY — https://elar.urfu.ru/

5. 3onanpHas HaydHas oudanoreka (Yp®VY) — http:/lib2.urfu.ru/

6. [Mopran napopmarmoHHO-00pa3zoBaTeabHBIX pecypcoB YpdY — study.urfu.ru

7 DekTpoHHO-0MOIMOoTeuHas cucteMa «Jlanby» — e.lanbook.com

8 Yuuepcuterckas oudmuorexka ONLINE — biblioclub.ru

9. DrekTpoHHO-0MOMMOTeUHas cuctema "brubnmokomiuiekratop” (IPRbooks) —
bibliocomplectator.ru/available

10. DneKkTpoHHbIe HH(POPMAITMOHHBIE pecypCchl Pocchiickoi ToCy1apCTBEHHOM OMOIMOTEKH —
www.rsl.ru

11.  Hayunas snextponHas oubnuoreka — http://elibrary.ru/

12. Hayunas snextponHas 6ubaroreka «KubepJlennnkay» — https://cyberleninka.ru/
13.  Web of Science Core Collection — http://apps.webofknowledge.com/

2.5. MATEPUAJ/IBHO-TEXHUYECKOE OBECIIEYEHUE JUCHUIIJIMHBI

MarmunHoe oOyueHue

Caenennst 00 OCHAIEHHOCTH JUCHUILIMHBI CIIEHUATU3MPOBAHHBIM H JIA00PATOPHBIM
000py10BaHMEM U POTPAMMHBIM 00ecneYeHneM

Tabmuua 2
Ne Buanl OCHAIIIEHHOCTD CHENMHUAJBLHBIX IOMEIIeHN | Ilepeuennb
n/n 3aHATHH MOMelleHNH ISl CAMOCTOSITeJIbHOM PadoThI JUIEH3UOHHOI 0
NPOrpaMMHOI0
obecrne4yeHnus.
PexBu3UTHI
MOATBEPKIAAIOLIET 0
JOKYMEHTA
1 |lekuun, Mebesb ayuTopHas ¢ KoIn4ecTBoM pabounx mect B [Bpaysep (Google Chrome,
[PAKTUYECKUE |[COOTBETCTBUU C KOJIMUECTBOM CTYAECHTOB Mozilla Firefox)
3aHATHS
Pabouee MecTo mpenoaasarens
Jlocka aymuTopHast
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https://arxiv.org/
http://search.ebscohost.com/
https://link.springer.com/
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http://lib2.urfu.ru/
http://www.rsl.ru/
http://elibrary.ru/
http://apps.webofknowledge.com/

[lepcoHaTLHBIC KOMITBIOTEPHI 10 KOJTHUYECTBY
00y4aromXxCcs

O0opynoBaHue, COOTBETCTBYIOIIEE TPEOOBAHUSAM
OpraHu3aluy yaeOHOro Ipolecca B COOTBETCTBUU C
CaHUTApPHBIMH IIpaBUJIaMU 1 HOPMaMU

Ilogkintouenue k cetu HTEpHET
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INPOI'PAMMA MO YJIA
MaiunHHOe 00y4eHHEe U UCKYCCTBEHHbIN UHTEIIEKT

PA3JIEJ 2. COJEP)KAHUE M OBECIIEYEHUE PEAJIM3ALIAN JUCLATLIAH
MOJIYJISA
PABOYAS TIPOTPAMMA JIUCHUTLIMHBI 2

CHnopTUBHBIN aHATU3 TAHHBIX

Paboyas nmporpamMma IUCIUIUIMHBI COCTABJIEHA aBTOPAMHU:

YueHnas creneHnb Iloapa3nenenue
Ne n/m | @amunus Umsa OtyecTBO > | JlomkHOCTD AP
Y4eHoe 3BaHue
1 Co3bikiH AHApen KaHauaaT JIOLICHT Kadenpa
Brnagumuposuy TEXHUYECKUX HAYK, WH(pOPMaITMOHHBIX
HET

TEXHOJIOTHUU U
CHCTEM YIIPABJICHUA,
UPUT-PTO, YpdY

PexomMeH10BaHO y4eOHO-MeTOAMYECKHUM

COBETOM MHCTHUTYTa PAJANO0IIEKTPOHUKH H
UH(GOPMANHOHHBIX TeXHOJOTHi-PTD

ITpoTokon Ne 7 ot 11.10.2021 .
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2. COAEP) KAHUE U OCOBEHHOCTHU PEAJIM3AIINU TUCIUTIJIMHBI 2 CiopTHBHBIIi
aHAJIM3 JaHHBIX

2.1. TexHosoruu Oﬁy‘leHI/lﬂ, HCIO0Jb3yE€MbI€ IPU U3YYCHUH JUCHUINIJIUHBI MOAYJIH

- TpaguunonHas (penpoayKTHUBHAsS) TEXHOJIOTHS;

- CwmemanHast MoJIeNIb OOYYEHHMSI C UCTIOJIb30BaHUEM OHJIalH-Kypca YpDY;

- HcxnounTenbHO 3JIEKTPOHHOTO OOYy4YEHHS C MCIOJIb30BaHUEM BHYTPEHHEIro OHJIaliH-Kypca
YpdYy.

2.2. Conep:kanue TUCHUTIIAHBI

Tabmurma 1

Kon
Pa3pnen, Tema
pasaeda, R —— Conep:xanue
TeMbI Aucn
O030p HHCTPYMEHTOB 3HAKOMCTBO ¢ MHCTpyMeHTamu: jupyter notebook, google
1 MIPUMEHSIEMBIX JIJIS aHaJIu3a colaboratory, kaggle kernel. ba3zoBbrit hyHKIOHAT 1
JAHHBIX U MAIIMHHOIO npuemsl padotsl. OcHoBHBIE moHsATHs Data Science u
o0y4eHus Machine Learning
IIpumenenune OnbmMoTeKr NUMPY IS OTepaITvs Hall
TEH30paMU U PEIICHU 3a1a9 TUHEHHON anreOphl 1
2 00630p oubaroTexku Numpy P p . P
TeHepaIiy TeH30POB Pa3IMIHON Pa3MEPHOCTH IO
3aJIaHHBIM ITpaBUJIaM
bubnuoreka s pabOTHI ¢ TAOIMYHBIME TaHHBIMU pandas:
. YTeHHE U 3aIHCh (DalIoB, METOMIBI MPOCMOTPA TAHHBIX
3 PaGora ¢ Gubmiorexoii Pandas WHIEKCAIINS, C CSI)I(b(bI/IJIBT’ artus, ar el:)raum Eco ™ OB,Ka
(Matplotlib, seaborn) » CPEPL, p 4P pTHp .
JAHHBIX, BU3yaJIN3allusl TaHHBIX, pPa3BeNbIBaTeIbHBIN
aHaJN3 JAHHBIX, 0230BBIE CTATHCTUKH.
ITocTanoBka 3amaun kinaccudukanun. 3ydenne
Monenu MammmHAOTO 00y9IEeHUS aJTOPUTMOB KJIACCH(HKAINH B MAIIIMHHOM OOyIEHUH:
4 JUTS PEelIeHus 3a/1a4 JIOTECTAYECKAas PErpecCcusi, MaIlTMHBI OTIOPHBIX BEKTOPOB,
KITaccuuKaum HauBHBIN batiec, K Ommxaifimix coceneid, nepeBbs
pernreHuii, aHcamOIeBbIe MOJIEIN
ITocTanoBka 3anauu perpeccun. 3ydueHne anropuTMoB
erpeccuy B MAIIMHHOM OOy4YeHHH: THHEWHAS PETPeccus
Monenu MammmHHOTO 00y9IEeHUs perp v . perp L
5 MAIIIMHBI ONOPHBIX BEeKTOPOB, K Omrmkaimx coceneit,
IUTS PEIIeHns 3a]1a9 perpeccuu N
JlepeBbs pelIeHn, ancamOeBble Moenu. Perymsapuzamnus
MO/IeNIell MAIITMHHOTO 00yYeHHsI
M3yueHune MeTpUK KauecTBa MOJIENEH MAILIMHHOTO
Merpuku KauecTBa MpH o0y4eHwUs TSI KITACCH(UKAIIH U PErpecCuu.
6 pemieHuu 3aaad PaccMoTpenre CHITBHBIX U CITA0BIX CTOPOH PA3TMYHBIX
KJIACCU(UKAITUH U PETPECCUHU METPHK IS pa3InIHbIX 3a1a4. [I[puMenenne n3ydaeHHbIX
METPUK
[IpenBapurensHas o0padboTKa .
Merozp! TpeaBapUTENbHON 00pa0OTKH: 3aITOTHEHHE
7 JAHHBIX TIPY PEIICHUY 3a1a4
MIPOIYCKOB B JJAHHBIX, 00pa00TKa BEIOPOCOB B JAaHHBIX.
aHaJm3a JaHHBIX
M3MmeHeHne HETTPEPHIBHBIX TUTIOB JTAHHBIX:
[IpeoOpazoBanue u coznanue
norapuMHUpOBaHuUE, TOCTPOECHUE TOJIMHOMOB,
HOBBIX IPU3HAKOB JIJIS
8 JIUCKPETU3aIUs TaHHBIX, CTAHAPTU3AIS U HOPMATH3AIUS
pelIeHus 3a1a9 aHau3a
AHHLIX JaHHBIX. PaznnuHbie MeToIb TpeoOpa3oBaHue
A KaTeropuaabHBIX JaHHBIX.
9 Mertoap! BEIOOpA JIYUIIIHX Merozpl 0TOOpA JTYYIINX ISl PEIISHHs] TOCTABICHHOM
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MPHU3HAKOB JId PCHICHUA 3a1a4
KJ'IaCCI/I(bI/IKaLII/II/I " perpeccuun

3ala4yu IIPU3HAKOB B 3a/1a4ax KJ'IaCCI/I(bI/IKaHI/II/I " perpeCcCuu:
Ha OCHOBC CTAaTUCTHYCCKHUX IIOAXO0A0B 1 MECTOA0B
MalIuHHOI'O 06yquH;1

Merons! BEIOOpa JTy4IIHX
MoJieNiel U aNrOpUTMOB AJIS

[Ipuemsl oTOOpa MydIINX MOAENEH AJIsl peleHus
MOCTaBJICHHBIX 3a7a4. Pa3nu4Hble METOANKU pa3OreHus

10 . N
pEIICHUS MOCTABJICHHBIX 33124 BBIOOPOK JIJ1s1 O0Jiee CTaOMIIBHOM U TIPaBIOIIO100H O
aHaJu3a JAaHHBIX OLIEHKH
Meroap! 10o00pa rurmep .
. HHCTpyMEHTBI IOCTPOEHUS KOHBeHepoB 00paboTku
napamMeTpoB MoJelneit
JAHHBIX B MAIIMHHOM OOy4YeHHU. MEeTO/Ibl U HUHCTPYMEHTBI
MAaIIMHHOTO 00yYeHUs 1 N
11 . aBTOMATHUYECKOr'o MoJ00pa TUIep napamMeTpoB Moielen
MOCTPOEHUST KOHBEHEPOB .
MAaIIMHHOTO 00YYEHHUSI, a TaKKe MoJ0opa caMUuX MOJIeel 1
ABTOMATHU3AIINH PELICHHS 3a/1a4 N
METOJIOB MPEBAPUTEIBHON 00padOTKU
aHasM3a JaHHBIX
[oHsiTHE BPEMEHHOTO Psijia ¥ €r0 COCTABJISIFOIIIE
3JIEMEHTBI. MeTO/Ibl MPOrHO3UPOBAHMUS HA OCHOBE
9KOHOMETPHUECKUX MOIX0/I0B. METOIbI MPOTHO3UPOBAHUS
12 Pabora ¢ BpeMEeHHBIMH PsiIaMu .
Ha OCHOBE PErpEeCcCHOHHOI0 TIOAX0/Ia U MoIeneil
MAaIIMHHOrO 00y4eHus. ['eHepanust HOBBIX BPEMEHHBIX
MIPU3HAKOB JIJISl BpEMEHHOI'O Psijia.
00630p 3amay o0yueHus 0e3 yIUTEeNsI ¥ BX MPUMEHUMOCTb
3amaun o0ydeHns 6e3 yUuTens: P i i P
13 Ha MpakTuKe. MeTo/Ibl MOHKEHUS pa3MEPHOCTH U MX
MTOHWKEHUE Pa3MEPHOCTU
MPAaKTUIECKHE MPUIIOKEHUS
0O0630p METOIOB KJIACTEPU3AINH U UX CPABHUTEITHHBIC
XapaKTepUCTUKHA. MeTo/IbI OI[eHKH ONTUMAIFHOTO YHCIia
3agaun o0y4ueHus 6e3 yIuTeNs:
14 KjactepoB. Kiactepusanus Ajis cerMeHTaluuy U aHaJIU3a.
KJIaCTepU3aIus
Kitacrepuzanus, kak MeTOA C:kaThs HH(pOpManuu 1
CHI)KEHUS Pa3MEPHOCTH.
ITocTaHoBKa 3a/1a4u NOMCKA AHOMAJIUI U BBISIBICHUS
3agaun o0y4ueHus 6e3 yIuTes: N
15 . HOBU3HBI. METO/IbI TOMCKA aHOMAJIMI Ha OCHOBE MOAX00B
ITOMCK aHOMaJTHi
MaITHHHOTO 00 YUEHUS.
O06paboTKa ecTeCTBEHHOTO 3HAKOMCTBO C 3a71adaMHu 00padOTKH €CTECTBEHHOTO S3bIKA. |
16 SI3bIKA: MIPEIBAPUTENbHAS MeTtonbl IEpBUYHOM IPEaBAPUTEILHON 00padbOoTKH
o0paboTka TEKCTOB: OUYMCTKA, TOKEHU3AIHSI, IEMMATH3aIUsl, CTEMMUHT.
[IpeoOpazoBanue TeKcTa B BEKTOPHOE MPOCTPAHCTBO.
CraTucTHyecKrie METO/BI MTOCTPOCHUS BEKTOPHBIX
17 O06paboTKa ecTeCTBEHHOTO mozeneii: memok cioB, OHE, tf-idf. Tematnueckoe
SI3BIKA: BEKTOPHBIE MOJIEITN MOJIeTUpOBaHue: TaTeHTHOE pasmeienue Jupuxie (LDA),
JaTeHTHbIH ceManTrueckuii ananu3 (LSA). HeipocereBbie
mozenn: word2vec, fastText, GloVe.
Paccmotpenne criekTpa 3a1a4 00pabOTKH eCTECTBEHHOTO
O06paboTKa ecTecTBEHHOTO
18 SI3bIKA: MOZIETTUPOBAHUE SA3bIKA, KIIACCH(PUKAIIHSL, TIOUCK
SI3BIKA: TUIIBI PEIIaeMBbIX 337124 N
WMEHOBaHHBIX CYIITHOCTEH, CyMMapH3aIus, TeHepaIusl.
ba3oBrie mOHATHS HEHPOHHBIX CETE: HEMPOH, 00yUeHNE
19 BBeznenue B HEHPOHHBIE CETU HeWpoHa, HeWPOHHAS CETh, 00yUeHNE HEHPOHHOM CETH.
OyHKIUY TOTEPh U METPUKH Ka4eCTBa.
IIpuMeHeHne HEMPOHHBIX CETEH AJIs pelleHus 3aa4
20 Heiiponnslie cetu s pemieHus perpeccuu. Crienududaeckue Ui perpeccuu HyHKITNHA
3a]1a4 perpeccuu AKTUBALMU HEHPOHOB M METPUKH KauecTBa. MeTobl
npeABapUTeNbHON 00pabOTKU TaHHBIX.
21 Heiiponnsle ceTu u1sl peleHus [IpumeHeHne HEMPOHHBIX CEeTeN AN peleHUs 3a1a4

3aaad KJIaCCH(bHKaLIHH

kiaccuukanmu. Crienndruyeckue A KJIaccuu QyHKIUU
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AKTHBAI[UU HEHPOHOB M METPUKHU KadecTBa. MeTo b1
MIPEBAPUTEIBHON 00pabOTKY JaHHBIX.

. 3HaKOMCTBO ¢ 3aJjauaMi 00paboTKU 300paKeHUH.
HeiipoHHbIe ceTu Juis pemeHus

22 . | H3ydeHue cBEpTOUHBIX HEMPOHHBIX ceTel. ITonsTue sapa,
3a1a4 00paboTKK U300pasKeHN |
CBEPTKH 1 OABBIOOPKH.
Heliponnsle cetn Juis penieHus N3ydyeHne cOBpeMEHHBIX apXUTEKTYP HEUPOHHBIX CETEU
23 3a1a4 00paboTKu JUIs perenust 3a1a4 oopadorku n3obpaxenuit: VGG-16,
M300paKeHUil: COBpEMEHHBIC VGG-19, ResNet, Inception, Xception, DenseNet,
APXUTEKTYPHI MobileNet, EfficientNet.
Heliponnsle cetn Juis penieHus ApPXUTEKTYpbl HEHPOHHBIX CETEeH A pelIeHus 3a1a4
24 3a/1a4 00paboTKH 00pabOTKH €CTECTBEHHOIO SI3bIKA; OJJHOMEPHBIC
€CTECTBEHHOT'O SI3bIKa CBEPTOUYHBIE CETH, PEKYPPEHTHBIE HEHPOHHBIE CETH.
HeliponHnsle cetn Juis penieHus N .
0030p coBpeMeHHBIX MOU(UKALIUN HEHPOHHBIX CeTeH s
3a/1a4 00pabOTKH
25 pelieHus 3aa4 00pabOTKU €CTECTBEHHOIO SI3bIKA:
€CTECTBEHHOI'O A3BIKa:
TpaHcdopMepbl, MexaHu3M BHUMaHus1, BERT
COBpPEMEHHBIE apXUTEKTYPbI
. IIpumeHeHre HENPOHHBIX CETEN I pelIeHud 3aauu
Heiiponnsie cetu amns pereHus
MIPOTHO3UPOBAHUS BPEMEHHBIX PAIOB: OJJHOMEPHbIE
26 3a7a4 TpencKa3anus

CBEPTOUYHBIE HEMPOHHBIE CETH, PEKYPPEHTHBIE HEHPOHHBIE

BpPEMEHHBIX PSIJIOB
p P cern. WaveNet 1y mporHo3upoBaHrie BpeMEHHOT0 psifa

2.3. IlporpaMma JUCIUTUIMHBI PEATU3YETCs IOTHOCTHIO HA MHOCTPAHHOM SI3BIKE.

2.4.

YYEBHO-METOAUYECKOE U UTH®OOPMALIMOHHOE OBECIIEYEHHUE

JAUCHUIIIMHBI CiopTvBHBIN aHAJIU3 TAHHBIX

JJIeKTPOHHBbIE pecypchl (M3TaHUsA)

1.

XnuBHEHKO, JI. B. IIpakTnka HelpoCeTeBOro MOICIMPOBAHHKS ;| yaeOHOE TTOCOOME IJI BY30B
/[ J1. B. XnuBHenko, ®. A. IIarakoBuu. — 2-¢ usj., crep. — Cankr-IlerepOypr : Jlaus, 2021,
— 200 c. — ISBN 978-5-8114-8264-1. — TekcT : snekTpoHHbIi // JIaHs :
3IIeKTPOHHO-O0MbmoTeunas cucrema. — URL: https://e.lanbook.com/book/173811 (xara
obpamienns: 05.10.2021).

Kierre, P. KomnbrorepHoe 3penue. Teopus u anroputmsl © yueoHuk / P. Kierre ; mepeBos ¢
anrimiickoro A. A. Cnunkuna. — Mocksa : JIMK IIpecc, 2019. — 506 c. — Texkcr :
ANEKTPOHHBIN // JIaHb : aeKTpoHHO-O0MOMMoTeuHas cucrema. — URL:
https://e.lanbook.com/book/131691 (mara ob6pamienus: 08.10.2021).

Tapacos, U. E. Cratuctudeckuii aHaan3 JaHHBIX B HH()OPMAIIMOHHBIX CHCTEMAX :
y4uebHo-MeTomuueckoe nmocodue / Y. E. TapacoB. — Mockga : PTY MUPDA, 2020. — 96 c.
— Tekcer : anexTpoHHslii // Jlanb : 37ekTpoHHO-0HOMHOTeYHas cuctema. — URL:
https://e.lanbook.com/book/163854 (mata o6pamienus: 06.10.2021).

PocroBues, B. C. UckyccTBeHHble HeiipoHHbIe ceTu | yueOnuk / B. C. PocroBres. —
Cankr-IlerepOypr : Jlans, 2019. — 216 ¢. — ISBN 978-5-8114-3768-9. — TekcrT :
anekTpoHHbIH // JlaHb : anekTpoHHO-0nbaroTeuHas cuctema. — URL:
https://e.lanbook.com/book/122180 (nata oopamienus: 08.10.2021). — Pexxum moctyma: s
aBTOPH3. MOJIb30BATEICH.
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HpO(l)eCCHOHa.]'ILHLIe 0a3bl JaHHbIX, I/IH(l)OpMaIII/IOHHO-CI[paBO‘lHLIe CUCTEMBbI

1. Applied Science & Technology Source. EBSCO publishing http://search.ebscohost.com
2. Wiley Online Library http://onlinelibrary.wiley.com/
3. I'yrn Axagemus https://scholar.google.ru/

MarepuaJgs! aias s ¢ OB3

Becy kontent OBC mnpencraBieH B Bujae (aiioB cnenuansHOro Qgopmara s
BOCIIPOM3BE/ICHUSI CUHTE3aTOPOM PEUH, a TAKKE€ B TECTOBOM BHUJE, NPUTOJAHOM JUIsl IPOUYTEHUS C
HCIIOJIb30BAHUEM SKPAHHOM JIYIIBI 1 HACTPOUKOM KOHTPACTHOCTH.

Ba3bl 1aHHBIX, HHPOPMAIMOHHO-CIIPABOYHbIE M TIOUCKOBbIE CHCTEMBbI

Academic Search Ultimate EBSCO publishing — http://search.ebscohost.com
eBook Collections Springer Nature — https://link.springer.com/

I'yrn Akanemus — https://scholar.google.ru/

DnekTpoHHBIIH HayuHbIl apxuB YpdVY — https://elar.urfu.ru/

3onanpHas HaydHas ouoaroteka (YpdVY) — http://lib2.urfu.ru/

[Moptan nuaGopMaMOHHO-00pa3oBaTeIbHbIX pecypcoB YpdY — study.urfu.ru
DekTpoHHO-0MOIMOoTeuHas cucteMa «Jlanby» — e.lanbook.com
Yuuepcuterckas oudmnorexka ONLINE — biblioclub.ru
DrekTpoHHO-0MOMMOTeuHas cuctema "brubmmokomiuiekratop” (IPRbooks) —
ibliocomplectator.ru/available

10. DneKkTpoHHbIe HH(POPMAITMOHHBIE peCypCchl Pocchiickoi Tocy1apCTBEHHOM OMOIMOTEKH —
www.rsl.ru

11.  Hayunas snextponHas 6ubnuoreka — http://elibrary.ru/

12. Hayunas snextponHas o6ubaroreka «KubepJlennnkay» — https://cyberleninka.ru/
13.  Web of Science Core Collection — http://apps.webofknowledge.com/

1
2
3
4
5.
6.
-
8
9.
b

2.5, MATEPHAJIBHO-TEXHUYECKOE OBECIHEYEHHME JUCIUIIJINHBI 2

CnopTUBHBIN AHAJIU3 JaHHBIX

CaeneHnsi 00 OCHALIEHHOCTH AU CUMILIMHBI CIEIHATU3UPOBAHHBIM H JIa00PATOPHBIM
000py10BaHMEM U POTPAMMHBIM 00ecneYeHneM

Tabmuua 2
Ne | Buapl 3ansiTuii OcHalIEHHOCTD IlepeyeHs JIMIEH3MOHHOTO IPOrPAMMHOI0
n/ CHenHAJILHBIX TOMeEIeHH I o0ecreueHus.
n U NIOMeleHu i 1151 PeKkBU3UTHI MOATBEPKIAOIIET0 JOKYMEHTA
CaMOCTOSITEIbHOM PadoThI
1 Jexmuu; KomnbroTepHblii Kitacc. MS PowerPoint, MS Word, MS Excel. MS
[IpakTuueckue MynbTUMEIUNHBIN Teams
3aHATUSL. MIPOEKTOP C IKPAHOM.; Hcnonb3yetcst GecriaTHO-pacipoCcTpaHIeMoe
CereBoe 000py/IOBaHHE.;  [IPOrpaMMHOE OOECTIeUEHHE:
JIokanbHas CETh € BBIXOJOM 1. Python — https://www.python.org/
B rio0anbpHyto ceTh Internet.
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OLHEHOYHBIE MATEPUAJIBI

Kox monyast Monyab
M.1.5 MamuHHOe 00y4eHne U UICKYCCTBEHHBIN HHTEIICKT

Exartepunoypr, 2021



OI.[CHO‘IHHC MaTepurajibl 10 MOAYJIIO COCTABJICHBI aBTOPAMM:

Ne damunga, ums, YueHas cTeneHb, Hoapaszaesnenune
JoaxkHOCTH
n/n 0T4YeCTBO yueHoe 3BaHHue
1 HonranoB AHTOH KaHIUJaT Houent Kadenpa pagnosnekTpoHUKY 1
IOpbeBuy TEXHUYECKUX TeICKOMMYHHKALHIA,
HayK, 0€3 y4eHOTO UPUT-PT®, YpdY
3BaHUS

PexomeHngoBaHo y4eOHO-MeTOAUYECKHM COBETOM MHCTHTYTAa pPaJMO3JIEKTPOHUKH U
HHG(OPMALHOHHBIX TEXHOJA0T Ui - PTd®

ITpotokon Ne 7 ot 11 oxTsi6pst 2021 r.




1. CTPYKTYPA U OBBEM MOAVYJIA MAUIMHHOE OBYYUEHUE U

WCKYCCTBEHHbBIV UHTEJUIEKT

Ne IlepeyeHnb AUCHMILIMH MOAYJIAl B MOCJI€A0BATEIbHOCTH
n/n HMX OCBOEHHUS

O0beM TUCHHUILINH
MOIYJIsl 1 BCEro
MOIYJISI B 3a4€THBIX
eIMHHMIAX U Yacax

®opma UTOroBoi
NMPOMEKYTOYHOH aTTecTalMH
MO IMCHUIVINHAM MOAYJISl U B

1eJIOM 10 MOAYJII0

1. MarmiHHOE 00y4eHUe 6/216 3auém, sx3amen
2. | ClopTHBHBIH aHAIM3 JaHHBIX 3/108 3auem
HUTOT O no moxayJiio: 9/324

2. OHUEHOYHBIE MATEPHAJIBI 1O MOAYJIIO

He npenycmotpeno




Pa3znen 3. OUEHOYHBIE MATEPHUAJIBI 110 IUCHUIIJIMHE

Marunnoe oOyuenue

Moayas M 1.5 MamnnaHOe 00y4eHHE U UCKYCCTBEHHBIM HHTEIIIEKT

OneHouHble MaTepUaibl COCTaBICHBI ABTOPOM(aMHt ):

Ne Damuiusa Ums Yuyenas cTeneHb, Hoapa3znenenune
JoakHOCTH
n/n OTtuecTBO Y4eHOe 3BaHHe
1 HonranoB AHTOH KaHAUAAT HoueHnt Kadenpa
IOpbeBuy TEXHUYECKUX HAYK, PaINOdIEKTPOHUKH U
0€e3 yueHOTO0 3BaHUs TEeJIEKOMMYHUKAIIHH,

NPUT-PTD, YpdY




1. IINIAHUPYEMBIE PE3YJIBTATBI OBYYEHUS (MHIAUKATOPBI) J100)
JUCHUIITIMHE MOOYJISA MAILIMHHOE OBYUEHUE
Taomuma 1.1
Kon u IliianupyemMbie pe3yJibTaThl KoHTpo/ibHO-01IEHOYHBbIE
o0yueHust cpeacTBa 1Jisl OLeHUBAHMSA
HAaNMeHOBaHHeE
AOCTHKEHHS pe3ybTaTra
KOMHIETCHIIMH 00yuYeHus Mo TUCIHUILINHE
1 2 3
OIIK 1. Criocoben |OIIK-1. 3-1. CootHOCHTH TpodiemMHyto obsacts ¢ [KoHTposbHast paboTa;
(bopMynupoOBaTh U |COOTBETCTBYIOIIEH 00acThIO (PyHIAMEHTAIBHBIX U [[loMalHsist paboTa;
peliaTh HayqHO- OOIIICHHKEHEPHBIX HAYK Bauér;
uccnenoBarenbCkue |OIMK-1. 3-2. [IpuBectr mpuMeEpsl TEPMUHONIOTHH,  [JK3aMeH
, TEXHUYECKHE,

IIPUHIOUIIOB, METOAOJIOTMICCKUX ITOAXOA0B U

OpraHM3allMOHHO-  |3aKOHOB (DyHJAMEHTAJIBHBIX U OOIIEHMHKEHEPHBIX
9KOHOMHYECKUE U  |HayK, IPUMEHUMBIX JUIsl (POPMYITHUPOBAHUS U
KOMILUIEKCHBIE peleHus 3a71a4 MpodJIeMHON 00JIacTH 3HAHHUS.
3azaqy, IpUMeHat | OI1K-1. Y-1. Mcnionb3oBaTh st GOpMYITHPOBAHUS
pyHnamenranbHbIe |y peleHus 3a1a4 MpoOIeMHON 00J1acTH
SHaHHA. TEPMUHOJIOTHAI0, OCHOBHBIE IIPUHIUIIEI,
METOIOJIOTHYECKHE TIOIXO/IbI M 3aKOHBI
(dyHIaMeHTaIbHBIX M OOIIEHHKEHEPHBIX HAYK.
OIIK-1. V-2. KpuTuiecku OreHUTh BO3MOXKHBIC
CIIOCOOBI pPemIeHrs 3a1a49 MPOOJIEMHOM 00JIacTH,
UCIONB3Ys 3HaHUS GYHAAMEHTAIbHBIX U
00IIenHKEHEPHBIX HaYK.
OIIK-1. I1-1. Paboras B komMaH e, pa3padaThiBaTh
BapUaHTh! POPMYIMPOBAHUS U PELIEHUS HAYYHO-
HCCIIEI0BATEIbCKUX, TEXHNIECKUX,
OpraHU3allMOHHO-?)KOHOMUYECKUX U KOMIUIEKCHBIX
3a1a4, IPUMEH 3HaHU (PyHIaMEHTAJIBHBIX U
OOIIIenHXEHEPHBIX HAYK.
OIIK-1. -1. IIposBasaTs muaepckue KadecTBa 1
YMEHUS KOMaHIHOW paboTEHI.
Tabmnuua 1.2
KoHTpobHO-0eHOYHBIE
Kon n HNuaukaropsl cpencTBa s
Ilnanupyembie
HaMMeHOBaHMe AOCTHKEHMS OLIEHMBAHUSI JOCTHKEH U
pe3yJbTaThbl 00y4eHu st
KOMIIeTeHIMH KOMIeTeHIUH pe3yJibTaTa 00yueHuUs Mo
AUCUHMILIMHE
1 2 3 4
OIIK-8. Cniocoben |OIIK-8.1. Ilpumensier |OIIK-8.1. 3-1. 3Haer KonTtponbsHas paboTa;
pa3pabaTbIBaTh UHCTPYMEHTAJIbHBIE  |HHCTPYMEHTAIIbHbIE CPelbl, |[loMariHss paboTa;
AITOPUTMBI U Cpenbl, IPOrPaMMHO-  [IPOrPaMMHO-TEXHUYECKHE  [3auérT;
MporpaMMHBbIE TEXHUYECKHE w1aThOPMBI IS PEIICHUST  [Jx3amMeH
CpenCTBa I 1aThOpPMBI IS npodeccHoHaIBHBIX 3a1a4
penicHus 3a7a4 B [pCIICHUS 3aJ1a4 B OIIK-8.1. V-1. Ymeer
obnacTu co3aHus |00J1aCTH CO3JaHUA M |IPHMMEHSTh
U IPUMEHEHUS MIPUMEHEHUS MHCTPYMEHTAJIbHBIE CPEIbI,
HUCKYCCTBEHHOTO  |HCKYCCTBEHHOIO POrPaMMHO-TEXHUYECKHUE




HMHTCIIJICKTAa

HHTEIUIEKTa TTaT(OPMBI JUTS PEIICHHSI

podecCHOHANBHBIX 3a1aY
OIIK-8.2. OIIK-8.2. 3-1. 3naer KonTponbsHas pabora;
PaspabaTpiBaer TIPUHIIUIBL Pa3padoTKU JlomanHsist paboTa;
OpPUTHHAJIbHBIE OPUTMHAIBHBIX 3auér;
[IpOorpaMMHBIC NPOrpaMMHBIX CPEACTB I [Dx3ameH

Cpe/ICTBA TS PEIICHUS
3a7a4 B obIacTu
CO3JIaHUS U
HpI/IMeHCHI/IH
I/ICKYCCTBCHHOI‘O
HUHTCJIJICKTA

pelieHus MpodheCCUOHATBHBIX
3ajaq

OIIK-8.2. Y-1. YMmeer
pa3padaThIBaTh
OpUTHHAIBHBIE TPOrPAMMHEIE
CPEICTBA JUIsl PEIICHUs 3a1a4
B 00J1aCTH CO3/TaHUS U
MIPUMEHEHUSI HCKYCCTBEHHOTO
HHTEJUICKTa

IIK-3. Criocoben
pa3padaThIBaTh U
MPUMEHSTH METOIBI
M allTOPUTMBI
MAIIHHHOTO
o0ydeHus st
pelenus 3aaay

IIK-3.1. CtaBur
3aJlauu 10 pa3padoTKe
NI
COBEPIIIEHCTBOBAHUIO
METOJIOB ¥ aJITOPUTMOB
JUTSL PEIIeHsI
KOMILJIEKCa 3a/1a4
TIpEIMETHON 001aCTH

IK-3.1. 3-1. 3Haer xmaccel
METOJJOB W  aJTOPUTMOB
MAITMHHOTO 00y4YeHMs
IMK-3.1. Y-1. Ymeer cTaBUTH
3aJla4yM U pa3pabaThIBaTh
HOBBIE METO/IBI U aJITOPUTMBI
MAITMHHOTO 00y4YeHMs

KonTtponbsHas paboTa;
JlomammHss pabora;
3auér;

DK3aMeH

IIK-3.2. PykoBoaut
HCCIIEN0BATENBCKON
TpyIIou 1o
pa3paboTKe WiTH
COBEPILIEHCTBOBAHHIO
METOJIOB M aJITOPUTMOB
JUTS PELIeHUS
KOMILIEKCa 3a/1a9
MIpeIMETHON 001acTH

MK 3.2. 3-1. 3HaeT MeTOabI U
KPUTEPUN OIICHKH KadecTBa
MoIeneH MAaIIMHHOTO
oOyaeHus

K 3.2. V-1. Ymeer
OTIPEIENIATh KPUTEPUU U
METPUKHU OLIEHKH Pe3yIbTaTOB
MOJETUPOBAHUS TIPH
MOCTPOCHUHN CHCTEM
MCKYyCCTBEHHOTO WHTEIIEKTa
B HCCIIEAyeMON 00macTu

KonTpoisHas padora;
JlomammHss pabora;
3auér;

DK3aMeH




2. BAJBI CAMOCTOSTEJIbHOM PABOTHI CTYIEHTOB, BKJTIOYASI MEPOITPUATHS TEKYIIEN ATTECTAIIUA

2.1. PacnpeneJienne 00beMa BpeMeHH N0 BUIaM y4eOHOi padoThl

Tabmuna 2
O0beM BpeMeHH, OTBe/ICHHBIH HAa 0CBOCHUE TUCIMIITTHHBLI MOLY 15
Bcero no
AyAWTOpHBIE 3aHSATHS, Yac.
HaumenoBanmne AUCIUTIJIHHE
Ne AHCIMILTHHBL MOAYI51 CaMocTosiTeILHAS
n/ HMpunoxenus 3aHaTHs ITpomexkyTOUHAasI pabora cryaenra,
n HCKYCCTBEHHOI0 Mpaxtnue | J1adopaTtop
JICKIIHOH arrectauus (popma | KoHTakTHasi | BKJIIOYasi TEKYILYIO 3au.
HHTe/JIEKTA cKHe HbIE Bcero Yac.
HOT'0 UTOTOBOTO pa6ora (vac.) | aTrecTanuio (dac.) el
padoThI padoThI
THHIA KOHTPOJIS)
1 2 3 4 5) 6 7 8 9 10 11
1. | MammHHOe 00y4eHUe 54 54 0 108 3auer, 3K3aMeH 126.78 89 22 216 6




2.2.Buabl CPC, koJM4ecTBO H 00beM BpeMEHH HAa KOHTPOJILHO-OIl€HOYHBbIE
Meponpusitusi CPC no gucuumnimue

KontponsHo-onienounsie meponpustus CPC BKIIOYAIOT CaMOCTOSITENBHOE H3YyYEHHE
Marepuana, IHOAIOTOBKY K AyJAUTOPHBIM 3aHATHSAM M MEPOIPHUATHAM TEKYLIEro KOHTPOJI,
BBITIOJTHEHHE ¥ 0(OpMIICHHE BHEAYIUTOPHBIX MEPOTIPUSATHIA TEKYIIEr0 KOHTPOJIS U IOArOTOBKY K
MEPOIPUATHAM ITPOMEKYTOUHOIO KOHTPOJIA.

Tabnuma 3
Ne Bua camocTosiTeIbHOM KoanuecTBo OobeMm
n/n paboThI CTy/JAeHTA 1O KOHTPOJIbHO-0LIEHOY | KOHTPOJbHO-OLIEH
AUCHMILINHE MOXYJIA HBIX MePONPUATHIA OYHDIX
CPC MeponpusTHI
CPC (uac.)
1. IToaroToBka K JIEKITMOHHEIM, 27 gac.
MPAKTUYECKUM 3aHSITHSIM
2. Brinonnenue u oopmienue
MEpPONPUATUHI TEKYILIETO
KOHTPOJISL:
2.1 KonTtponsHas padota 2 10 ygac.
2.2 Jomanrass paboTa 5 25 ygac.
3. [ToaroroBka k 3a4eTy 1 12 4ac.
4, [ToaroroBka k sK3amMeHy 1 12 4ac.
5. CamoCTOsITEeNIbHOE U3YYCHUE 3,22 yac.
Marepuaia s HOArOTOBKHU K
BBITTOJTHEHUIO KOHTPOJIBHBIX
MEPOTIPUSITUI
Hroro na CPC o guciuIuivge: 89,22 yac.

2. MPOLEIYPBI KOHTPOJISI 1 OLHIEHUBAHUSA PE3YJbLTATOB OBYYEHUS B
PAMKAX TEKYIIEH ¥ TIPOMEXYTOYHOM ATTECTAIIMM IO
JUCIUIIVIMHE MOJYJSA B BANJBHO-PEUTUHIOBOMI CHCTEME
(TEXHOJIOTUYECKAS KAPTA BPC)



3.1. IIpoueaypsl TeKyeidl H NPOMEKYTOYHON aTTECTALMM 1O TUCIHUIIJIHMHE

1 cemecTp

I.JICKIII/IH: KO3(l)(l)HIII/IeHT SHAYUMMOCTHU COBOKYITHBIX PE3YJIbTATOB JIECKIHHOHHBIX 3aHATHIA

-04
Texyiasi aTrecTanus Ha JeKIUAX Cpoku — cemectp, | MakcumaiabHa
yueOHasi HeeJIst sl OLlEHKA B
dasiax
KonTtponsHast pabora 1 I, 15 100

BecoBoii k03¢ GuIIHEeHT 3HAYMMOCTH Pe3yJIbTATOB TeKYIel aTTeCTAIMH 10 JeKIHAM —
1.0

IIpoMe:xxyTOYHAs aTTeCTALUA 110 JIEKIUAM — HET
BecoBoii k03¢ punueHT 3HAYUMOCTH Pe3yIbTATOB IPOMEKYTOYHOM ATTECTALMH 110
aexnusm — 0.0

2. IlpakTHYecKue/ceMUHAPCKHE 3aHATHA: KOI(PPUIIMEHT 3HAYMMOCTH COBOKYMHBIX
pPe3yJbTATOB MPAKTHYECKHX/ceMuHApPCKuX 3ansaTuii — 0.6

Texkyumias arrecranus Ha Cpoku — cemectp, | MakcuMajibHa

NPAKTUYECKUX/CEMUHAPCKUX 3aHATHAX yueOHAasi HexeJIst s1 OLIEHKA B
0aJ1ax

Jomarasis padota 1 1,5 30

Jomarrasist pabota 2 1,10 30

Jomarrnss padota 3 1, 15 40

BecoBoii k03 GUIHEHT 3HAYUMOCTH Pe3yJIbTATOB TeKYIIel aTTeCTAMHU 110
NPaKTUYeCKUM/CeMHHAPCKUM 3aHsaTusAM— 0.5

IIpoMexxyTo4yHast aTTeCTAlUA 10 MPAKTHYECKMM/CEMHUHAPCKUM 3aHATHAM— 3a4€T
BecoBoii k03¢ punueHT 3HAYUMOCTH Pe3y/IbTATOB POMEKYTOYHON ATTECTALMY 110
NpaKTH4YecKUM/ceMuHapckuM 3ansatusaimM— 0.5

2 cemecTp

1.JIexknun: K03(pPUIHEHT 3HAYMMOCTH COBOKYNHBIX Pe3yJIbTATOB JICKIIHOHHBIX 3aHATHI

-04

Texkymas arrecranus HA JeKIHAX Cpoku — | MakcumaibHa
cemecrp, 1l OLlCHKA B
yueOHast 0aJsax
HeJ el

KonTtponsHas padora 2 I, 15 100
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1.0

BecoBoii K0O3()(PULIHEHT 3HAYUMOCTH Pe3yJIbTATOB TEKYIIEeH aTTeCTAlUH 110 JeKIUAM —

HpOMe)KyTO‘lHaH aTTecTanusd 10 JEKIUAM — HET

aexnusaMm — 0.0

BecoBoii K03(l)(l)I/IIII/IeHT SHAYUMOCTH pe3yJabTaToB l'[pOMe)KyTO‘{HOﬁ aTTeCTaluiu 110

pe3yJbTATOB MPaKTHYECKHX/ceMuHApPcKuX 3ansaTuii — 0.6

2. IlpakTHYecKue/ceMUHAPCKHE 3aHATHA: KOI(PPUIIMEHT 3HAYMMOCTH COBOKYMHBIX

Texkymas arTecTanus Ha NPAKTUYECKUX/CEMUHAPCKUX Cpoku — | MakcumajibHa

3aHATHSAX cemMecTp, sl OLlEHKA B
yueOHas dasax
He/esIs

Jomamrusist pabora 4 11, 10 50

JomanrHsist pabora 5 I, 15 50

NpaKTHYecKUM/ceMuHapcKuM 3ansitusam— 0.5

BecoBoii k03 puHeHT 3HAYUMOCTH Pe3y/IbTATOB TEKYLIECH ATTeCTAllUH 110

NPaKTHYeCKUM/CeMHUHAPCKUM 3aHsaTusAM— 0.5

HpOMe)KyTO‘IHaH arrecranus 1mo HpaKTH‘IeCKI/IM/CeMHHapCKHM 3AHATUAM—OK3aMCH
BecoBoii k03 punueHT 3HAYUMOCTH Pe3yJIbTATOB MPOMEKYTOUYHOM aTTECTAIUU 10

3. KPUTEPUU U YPOBHM OLIEHUBAHUSA PE3YJbBTATOB OBYYEHUSA I1O

TACIHATIIAHE MOJIYJIS

4.1.B pamkax BPC npumenstorcs yrBepKJaeHHbIC Ha Kadeape/MHCTUTYTe KpUTepUU (TIPU3HAKH )
OILICHUBAHUS JIOCTH)KEHHH CTYJICHTOB MO TUCIUIUIMHE MOayis (Tabia. 4) B pamkax
KOHTPOJILHO-OIIEHOYHBIX MEPOTIPUSTHI HA COOTBETCTBHE YKa3aHHBIM B TaOi.l pe3yibTaram

00y4eHHS (MHINKATOPAM).

Tabnuua 4

Kpurtepun oueHnBaHus y4eOHbIX JOCTHKEHHH 00y4aAK0IIMXCH

Pesyabrarhl Kpurtepun ouneHnBaHus y4eOHBIX TOCTHKCHHH, 00y4alOIIUXCA HA

o0yuyeHust COOTBETCTBHE pPe3yabTaTaM 00y4eHHs/HHANKATOpPaM

3HaHuA CTyneHT NeMOHCTPUpPYET 3HaHMS W NOHUMaHUE B OOJACTH M3Y4EHUS
Ha YpOBHE YKa3aHHBIX HWHAMKATOPOB U HEOOXOAMMBbIE Ui
NpOAOJKEHHUs OOy4eHHs W/WIN BBINOJHEHUS TPYAOBBIX (DYHKIMHA U
JeWCTBUH, CBA3aHHBIX C MPO(ECCHOHAIBHON AESTEIbHOCTBIO.

YMmenus CryzneHT MOXeT IPUMEHATh CBOU 3HAHUS U MIOHUMAaHHUE B KOHTEKCTaX,

IMPEACTABJICHHBIX B OLUCHOYHBIX 3aJaHUAX, NJCMOHCTPUPYCT OCBOCHUC
YMGHI/Iﬁ Ha YPOBHC YKAa3aHHBIX WHAHUKATOPOB U HCO6XOI[I/IMBIX JJIA

MIPOJIOJDKEHHSI 00YUEHUS W/WIIN BBIMOJHEHUS TPYIOBBIX (YHKIUH U
JIeWCTBUH, CBSI3aHHBIX C MPO(EeCCHOHATBHOM JIESITETbHOCTBIO.
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OmnbIT /BNaicHNE CTyneHT JEeMOHCTPUPYET OMBIT B 00JACTHM M3YUYEHHS HA YPOBHE
yKa3aHHBIX WHIUKATOPOB.

JInynocTHbBIE CTyleHT NeMOHCTPUPYET OTBETCTBEHHOCTH B OCBOCHHH PE3YJIHTATOB
KayecTBa 0o0OydeHus Ha yPOBHE 3aIUIAHUPOBAHHBIX MHIUKATOPOB.

CrymeHT cmocoOeH BBIHOCUTH CYXKJCHHUSA, JelaTh OLEHKH |
(hopMyIIMpOBaTh BEIBOJIBI B 00JIACTH H3yUCHHS.

CTymeHT MOKET COOOIIaTh MPETOJaBATEIII0 U KOJUIETaM CBOETO YPOBHS
coOCTBEHHOC MOHMUMAHKE U YMEHUS B 00JIACTH U3yUCHUSI.

4.2 ]Ins ouleHNBaHUS YPOBHS BBITOJHEHHS KpUTEpHUEB (YPOBHS JOCTIKEHUH 00YJarOIINXCs IPU
MMPOBCACHUH KOHTPOJBbHO-OICHOYHBIX MCpOHpI/ISITI/II\/’I 10 JUCIUIIIINHE MO)IYJ'ISI) HCIIOJIB3YCTCA
yHHUBepcajbHas 1mkana (tadm. 5).

Taomuma 5

Ikana oueHUBaHUS JOCTUKEHUS Pe3yJIbTATOB 00y4eHHsl (MHAMKATOPOB) 110 YPOBHAM

XapakTepucTHKA YPOBHEH J0CTHKEHHUS Pe3yIbTATOB 00y4eHHsl (MHANKATOPOB)

Ne Copep:xaHue ypoBHs Il xana oneHnBaHus
n/n BBINOJTHEHNUSI KpUTEpHs Tpaaguunonnas KavecTBeHHas
OIleHUBAHMUSI Pe3yJILTATOB XapaKTepUCTHKA YPOBHS XapaKTepucTHKA
o0y4eHust YPOBHS
(BBINIOJTHEHHOE OI[EHOYHOE
3ajJlaHue)
1. Pe3ynbrarel o0yueHus OTtan4HO 3auTeHo Bricokuii (B)
(MHIMKATOPHI) TOCTUTHYTHI B (80-100 6aoB)
IOJIHOM 00beMeE, 3aMEUaHUI HET
2. Pe3ynbTaTer 00ydeHUs Xopor1o Cpennuii (C)
(MHIMKATOPHI) B IIEJIOM (60-79 6asoB)

JOCTUTHYTBI, HMEIOTCSI 3aMeUaHus,
KOTOpbIE HE TPEeOYIOT
0053aTeNILHOTO YCTPAHEHUS

3. Pe3ynbrarel oOydeHust Y noBIETBOPUTEIIBH [Toporogsrii (IT)
(MHAMKATOPBI) JOCTUTHYTHI HE B 0
MTOJTHOM Mepe, €CTh 3aMeUaHus (40-59 6amoB)

4, OcBoeHue pe3yabTaToB 00yUCHHUS HeynosnerBopuren He Henocratounsrit
HE COOTBETCTBYET MHAMKATOPAM, BHO 3a4TEHO (H)

UMEIOTCS CyLIECTBEHHbIE OIMOKN U | (Menee 40 GasioB)
3aMmeuaHusi, Tpedyercs JopaboTka

5. Pe3y.]'ILTaT 06yquI/151 HC JOCTUTHYT, Henocrato4Ho CBUIETEILCTB Hert pe3yibTara
3aaHHUC HC BBITIOJTHCHO JJIs1 OLICHUBAHUW A

4. CONEP)KAHUE  KOHTPOJILHO-OIIEHOYHBLIX  MEPONPHUSITHII  TIO
JTUCHUIIJIMHE MOJYJIS

3aqaHus 1O KOHTPOJIbHO-OIICHOYHBIM MEpPONPHUSTHSIM B paMKax TeKyled u
MPOMEXKYTOYHOM aTTeCTallMU JIOJKHBI O0ECIeYnBaTh OCBOCHHE U JIOCTHXKCHHE PE3YJIbTaTOB
oOy4yeHHs: (MHAMKATOPOB) W MPEIMETHOTO COJACP)KAHHS JUCIMILIMHBI Ha COOTBETCTBYIOIIEM
YPOBHE.
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5.1. Onucanue KOHTPOJIbHO-OI€CHOYHBIX Mep()l'[pI/IﬂTI/Iﬁ U CPEACTB TEKYLIETro
KOHTPOJIA 0 JTUCHHUIIJIMHE MOAYJIHA

5.1.1. IlpakTH4ecKue 3aHATHUS

Homep IIpumepHBbIii NepeyeHb TeM NPAKTHYECKUX PadoT
3aHATUA

1.1 Vector and Matrix Operations Using the NumPy Library

1.2 Working with Datasets using the Pandas library

1.3 Decomposition of matrices using principal component method and singular

value decomposition matrix

1.4 Clustering: k-Means, DBSCAN, hierarchical clustering

1.5 Implementation of the linear regression algorithm

1.6 Implementation of the logistic regression algorithm

1.7 Support Vector Machine Classification and Regression

1.8 K-Nearest Neighbors Classification and Regression

1.9 Data visualization using Neighborhood Component Analysis

1.10 T-SNE data visualization

1.11 Data classification using the Naive Bayesian classifier

1.12 Data classification using Discriminant Analysis

1.13 Data visualization using Fisher's Linear Discriminant

1.14 Data Classification and Regression Using Decision Trees

1.15 Data classification and regression using ensemble methods
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2.1 Image preprocessing and artifact removal

2.2 Object detection: binarization, segmentation, template search
2.3 Detectors and Descriptors: SIFT, SURF, ORB

2.4 Bag of Words methods for Image Classification

2.5 Viola—Jones object detection

2.6 Dense Neural Networks in TensorFlow

2.7 Convolutional Neural Networks in TensorFlow

2.8 Transfer Learning in TensorFlow

2.9 Object Detection by Neural Networks in TensorFlow
2.10 Style Transfer in TensorFlow

2.11 Vector Models in Natural Language Processing

2.12 Autocorrection models

2.13 Text generation using Recurrent Neural Networks
2.14 Transfer Learning of Transformes

5.1.2. JlabopaTopHble 3aHATHUS
He npemycMoTpeHo

5.1.3. KypcoBas pagora / KypcoBoii mpoekT
He npeoycmompeno
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5.1.4. KourpoabHasi padora

IIpuMepHasi TeMaTHKA KOHTPOJIBHBIX paldoT:

Homep padotsbl IIpumepHasi TeMaTHKA KOHTPOJIbLHBIX padoT
1.1 History of machine learning and basic concepts
1.2 Data
1.3 Matrix decomposition methods
1.4 Clustering
1.5 Regression
1.6 Classification
1.7 Nearest Neighbors
1.8 Bayesian methods
1.9 support vectors machines
1.10 Decision Trees
1.11 Ensemble methods
1.12 Best practices of machine learning application
2.1 Foundations of Computer Vision
2.2 Basic operations of Computer Vision
2.3 Object Detection




2.4 Key points on the Images

2.5 Application of Machine Learning in Computer Vision Tasks

2.6 Dense Neural Networks

2.7 Convolutional Neural Networks

2.8 Architectures of Neural Networks for Image Classification

2.9 Architectures of Neural Networks for Object Detection

2.10 Generative Neural Networks Models

211 Introduction to Natural Language Processing

2.12 Probability models in Natural Language Processing

2.13 Application of Neural Networks in Natural Language Processing

IIpumepHbIe 3a1aHUsA B COCTaBE KOHTPOJIBHBIX padoT:

1.1.1 Describe the difference between the machine learning approach and traditional
programming

1.1.2 Describe the difference between supervised learning and unsupervised learning

1.2.1 Give couple examples of continuous and discrete data

1.2.2 You have three matrices A, B, C: A has dimensions 5x4, B has dimensions 4x6, C has
dimensions 3x5. Please write all possible matrices which can be multiplied and write dimensions
of the result(-s)

1.3.1 Explain, why it is necessary to perform data standardization before application of the
Principal Components Analysis

1.3.2 In Principle Components Analysis what do eigenvalues and eigenvectors of the covariance
matrix means?

1.3.3 In Singular Value Decomposition what do matrices U, S and VV mean?

1.4.1 What is the relation between Euclidean distance and Minkowski distance?

1.4.2 What hyperparameter you need to set up for the k-means clustering algorithm?

1.4.3 Can silhouette coefficient be equal to negative number? If "yes" - in what cases, if "no" -
why?

1.4.4 Hierarchical Clustering: what is the difference between different linkages?

1.4.5 DBSCAN: what points are considered to be Noise, Border Point, Core Point?
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1.5.1 What are the main differences between Ordinary Least Squares and Gradient Descent for
finding regression coefficients?

1.5.2 In what case Mean Square Logarithmic Error is more suitable metric than Mean Square
Error?

1.5.3 Can Coefficient of Determination (R2 score) be equal to negative number? If "yes" - in
what cases, if "no" - why?

1.5.4 Why L1 regularization can lead to reduction of features (in contrast to L2 regularization)?
1.6.1 What is the main difference between Classification tasks and Regression tasks?

1.6.2 Let's say the test results of the mr. C. came for coronavirus. The test gave a positive answer,
although in fact mr. C. has no coronavirus. What kind of classification mistake did the test make?
1.6.3 Let's say there are two classifiers: the first classifier has Accuracy 95%, Sensitivity 99%,
Specificity 50%; the second classifier has Accuracy 87%, Sensitivity 84%, Specificity 94%. What
can you say about data used for classification? Which of these classifiers is more reliable?

1.6.4 How can one build the Decision surface for the Logistic Regression?

1.7.1 What is the main difference in using k-Nearest Neighbors for Classification and Regression
1.7.2 How can one find optimal value of hyperparameter k for Nearest Neighbors methods?

1.7.3 How can one make dimensionality reduction using Nearest Components Analysis?

1.7.4 What hyperparameter in t-SNE implementation is related to the balance between local and
global aspects of data structure?

1.8.1 What kind of information you need to obtain in order to use Bayes theorem?

1.8.2 What does "Naive" in Naive Bayesian Classifier stand for?

1.8.3 Why Linear Discriminant analysis can be used as a dimensionality reduction technique?
1.8.4 What's the difference between Linear and Quadratic Discriminant Analysis?

1.9.1 What points are considered to be Support Vectors (for Classification and for Regression
tasks)?

1.9.2 What is the difference between the Hard Margin SVM and Soft Margin SVM?

1.9.3 Why does Kernel trick help to improve results of the SVM?

1.10.1 What are the core elements of the Decision Tree?

1.10.2 How the most optimal decision nodes are selected?

1.10.3 What is the difference between using Decision Trees for Classification and Regression?
1.11.1 What is the difference between Boosting methods and Averaging methods?

1.11.2 What is the 'weak estimator' in context of Ensemble methods?

1.11.3 What is the difference in combining trees for Random Forest, Gradient Boosting and
AdaBoost?

1.12.1 What is the core idea behind Filter Methods for feature selection?

1.12.2 What is the main principle behind Wrapper Methods for Feature selection?

1.12.3 What are the necessary Concepts which you need to successfully apply Genetic Algorithm
for the Feature Selection?

2.1.1 What is the fundamental difference between RGB and CMYK color models?

2.1.2 What is the convenience of auxiliary models (HSI, HSV) versus RGB?

2.1.3 In which color model does the OpenCV library (cv2) open images by default?

2.2.1 Which of the filters can be presented as a convolution, and which cannot?

2.2.2 What is the maximum brightness value for a 4-bit image?

2.3.1 Which binarization method should you use to get the original object on a black
background?

2.3.2 How can you get the total gradient of the image using vertical and horizontal filters?

2.3.3 Why does Canny's algorithm uses hysteresis (upper and lower thresholds)?

2.3.4 What is a Distance Transform essentially?

2.3.5 What idea is the Watershed segmentation algorithm based on?

2.4.1 What is the difference between detector and descriptor?
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2.4.2 How can the second derivative of the Gaussian be used to predict scale of the blob?

2.4.3 What features are used as a descriptor in the method of SIFT?

2.4.4 What methods has the ORB method combined? Why can't they be fully used individually?
2.5.1 What computer vision problems can be solved using machine learning methods?

2.5.2 Describe the main steps in applying the Bag of Words method to image classification?
What machine learning tasks are done on different steps?

2.5.3 What are the key points in the Viola Jones algorithm?

2.6.1 What is the main difference between the neural network approach and “classical” machine
learning?

2.6.2 What are the key points of the backpropagation algorithm when training a neural network?
2.6.3 Why it is necessary to use activation functions in neural networks?

2.6.4 Why is it recommended to divide the initial sample into mini-batches when training a
neural network?

2.6.5 What does the feedforward in context of neural networks mean?

2.7.1 What are the key methods used to avoid overfitting in the Neural Networks?

2.7.2 What is the idea behind RMSprop optimization?

2.7.3 What are trainable parameters when using Convolutional layers?

2.7.4 What are Pooling Layers used for?

2.7.5 What is the dimension of the neural network output if the original image was 30x30, it is fed
to a convolutional layer with a 3x3 kernel, pooling with a 2x2 kernel and another 3x3 convolutional
layer?

2.8.1 What does the 1x1 convolution do, and what are the weights that are learned during the
training of the neural network?

2.8.2 What peculiarity of the ResNet architecture allowed to overcome Vanishing Gradient
problem?

2.8.3 How is the amount of weights and operations is saved in the MobileNet architecture?

2.8.4 In which module of the tensorflow library are the ready-made pre-trained neural network
architectures?

2.9.1 What is the peculiarity of the Image Classification with Localization?

2.9.2 What does the 10U (Intersection over Union) parameter show?

2.9.3 How does Non-maximal suppression in YOLO algorithm work?

2.9.4 Why YOLO 9000 was better, faster, stronger?

2.10.1 What is the difference between Generative and Discriminative Models of Machine
Learning?

2.10.2 What is the basic principle of generative adversarial networks (GANSs)?

2.10.3 What are the basic blocks of Auto-Encoders?

2.10.4 What is the peculiarity of Variational Auto-Encoders compared to basic Auto-Encoders?
2.11.1 What is the idea behind using Stemming as a Preprocessing technique?

2.11.2 What is the rationale behind the Naive machine translation using Vector models?

2.11.3 What are the core ideas of the Word2Vec vector space model?

2.12.1 How does the AutoCorrect algorithm balances between Candidate that needs less edits
and Candidate which is more frequent in the Corpus?

2.12.2 What is the difference between the simple Markov Chains and Hidden Markov Chains in
Natural Language processing tasks?

2.12.3 Why increasing N in N-gram models helps to improve quality of the generated text? How
can you measure it?

2.13.1 What does the Embedding layer in Tensorflow libriary is actually doing?

2.13.2 What is the main idea behind the Recurrent Neural Networks?

2.13.3 What are the key improvements in Gated Recurrent Units?

2.13.4 What are key points in Long Short-Term Memory layers?

2.13.5 What are the Key, Values and Query in Attention layers?
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2.13.6 Why Multi-Head attention improves results of the Transformers?

5.1.5. lomamnss padora

IIpumepHasi TeMaTHKA JOMAIIHUX paloT:

1. The basics of linear algebra in Python.
Basic machine learning algorithms.
Algorithms for clustering and data visualization in the sklearn library.
Regression algorithms in sklearn library.
Classification algorithms in sklearn library.
Advanced feature generation methods.

Nooak~wd

Regression and Classification problems.
HpI/IMeprle 3aJaHus B COCTAaBE€ JOMAIIHUX pa60T:
Homework 1:

a. perform text preprocessing

b. perform sentiment analysis of the training corpus by means of classical machine learning

methods

c. apply probabilistic models for typos correction

d. perform sentiment analysis of the training corpus by means of neural networks
e. perform text generation by means of recurrent neural networks

Applying Machine Learning Algorithms to Solve Dimension Reduction, Clustering,

f. apply transfer learning of pre-trained Transformers Networks for Natural Language Processing

Homework 2:
a. perform images classification using dense neural networks
b. perform images classification using convolutional neural networks

c. apply transfer learning of pre-trained convolutional neural networks for images classification

d. apply transfer learning of pre-trained networks for object detection
e. perform transfer of the style for images

Homework 3:

a. perform image preprocessing by different methods

b. perform object detection by means of basic computer vision tools
c. perform key points detection

d. apply machine learning for image classification

Homework 4:

a. cluster the training dataset using the k-Means method

b. cluster the training dataset using the DBSCAN method

c. cluster the training dataset using the hierarchical clustering method
d. visualize the training dataset using Neighnorhood Component Analysis.
e. visualize the training dataset using the t-SNE method

5.1.6. PacueTrnasi padorta
He mpenycmotpeno

5.1.7. Pepepar / 3cce / TBOpUeckas pagora
He mpenycMotpeno

5.1.8. llpoexTHas paGoTa
He npenycmorpeno

5.1.9. lesioBasi (poaesasi) urpa / ledarsi / Iuckyccusi / Kpyrasbrii croa
He npenycmorpeno
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5.1.10. KoasiokBuymM

He npenycmorpeno

5.2. Onucanue KOHTPOJ/IbHO-OICHOYHBIX MePOHpI/IﬂTHﬁ MPOMEKYTOIHOI'0 KOHTPOJIA
Mo TUCHHUIIJIMHE MOAYJISA

5.2.1. 3auet B (popMe He3aBHUCUMOTO TecTOBOro KoHTpoJisi (HTK)
HTK no aucuuruimae Moayiisi HE TPOBOJUTCA.

5.2.2. 3aver B TpaaMIIMOHHOI (opMe (yCTHBIC /MHUCEMEHHBIE OTBETHI HA BOIIPOCHI

9K3aMEHAIIMOHHBIX OUJIETOB)

bunem na zauem cocmoum uz 5 eéonpocoes, no odnomy HA memanmukxy.

Tematuka

Tema

Bompoc

1 Basic Concepts

1.1 Type of machine
learning tasks

1.2 Data Types

1.3 Underfitting and
Overfitting

1.4 Gradient Descent

1.5 Cross-Validation

1.6 Confusion Matrix and
Classification Metrics

1.7 Regression Metrics

1.8 Data Preprocessing

Provide all required
definitions. Give examples
ofuse cases

2 Clustering

2.1 k-means clustering

2.2 Hierarchical clustering

2.3 DBSCAN

List the main stages of the
method application, indicate
its strengths and
weaknesses,opportunities
and troubles

3 Dimensionality
Reduction

3.1 Principal Components
Analysis

3.2 Singular Value
Decomposition

3.3 Neighborhood
Components Analysis

List the main stages of the
method application, indicate
its strengths and
weaknesses,opportunities
and troubles
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3.4 Data Visualization by
t-SNE

3.5 Linear Discriminant
Analysis

4 Regression

4.1 Linear Regression

4.2 Regularization of linear
regression

4.3 Regression by
k-Nearest neighbors

4.4 Regression by Decision
Trees

4.5 Regression by support
vector machines

4.6 Regression by
AdaBoost

4.7 Regression by Gradient
Boosting

4.8 Regression by Random
Forest

List the main stages of the
method application, indicate
its strengths and weaknesses,
opportunities and troubles

5 Classification

5.1 Logistic Regression

5.2 Classification by
k-Nearest neighbors

5.3 Naive Bayes classifier

5.4 Discriminant Analysis
(Fisher’s Interpretation)

5.5 Discriminant Analysis
(Bayesian version)

5.6 Classification by
Decision Trees

5.7 Classification by
support vector machines
(soft and hard margin)

5.8 Classification by
support vector machines
(kernel trick)

List the main stages of the
method application, indicate
its strengths and weaknesses,
opportunities and troubles
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5.9 Classification by
AdaBoost

5.10 Classification by
Gradient Boosting

5.11 Classification by
Random Forest

[Ipumep Ounera

1. Confusion Matrix and Classification Metrics. Provide all required definitions. Give
examples of use cases

2. Hierarchical clustering. List the main stages of the method application, indicate its
strengths and weaknesses, opportunities and troubles

3. Data Visualization by t-SNE. List the main stages of the method application, indicate its
strengths and weaknesses, opportunities and troubles

4. Linear Regression. List the main stages of the method application, indicate its strengths
and weaknesses, opportunities and troubles

5. Classification by AdaBoost. List the main stages of the method application, indicate its
strengths and weaknesses, opportunities and troubles

5.2.3. Ik3aMeH B TPaAUIIUOHHO# opMe (YCTHBIE /TTUCHMEHHBIE OTBETHI HA BOMPOCHI
AK3aMEHAIMOHHBIX OUJIETOB)

buner Ha 5K3aMeH COCTOUT U3 5 BOMIPOCOB, [0 OAHOMY Ha TEMATHUKY.

Tematuka Tema Bomnpoc
1 Core concepts | 1.1 Type of machine Provide all required
learning tasks definitions. Give examples of
] use cases
1.2 Data Preprocessing
1.3 Underfitting and
Overfitting
1.4 Gradient Descent
1.5 Cross-Validation
1.6 Confusion Matrix and
Classification Metrics
1.7 Regression Metrics
2 Classic 2.1 PCAand SVD List the main stages of the
algorithms of _ method application, indicate
machine learning | 2.2 k-means clustering its strengths and weaknesses
opportunities and troubles
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2.3 Affinity Propagation

2.4 Hierarchical clustering

2.5 DBSCAN

2.6 Linear Regression

2.7 Logistic regression

2.8 k-Nearest Neighbors

2.9t-SNE

2.10 Neighborhood
Component Analysis

2.11 Naive Bayes

2.12 Discriminant Analysis

2.13 Decision Trees

2.14 Support Vector
Machines

2.15 AdaBoost

2.16 Gradient Boosting

2.17 Random Forest

3 Computer
Vision

3.1. Color models

3.2. Registration of images

3.3. Correction of image
artifacts

3.4. Applying filters for
image processing

3.5. Template matching

3.6. Edge detection in the
image

3.7. Image segmentation

List the main stages of the
method application, indicate
its strengths and weaknesses,
opportunities and troubles
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3.8. Feature points in the
image and the Harris
detector

3.9. SIFT detector and
descriptor

3.10. SURF detector and
descriptor

3.11. BRIEF detector and
descriptor

3.12. Visual dictionary and
Bag of Words Method

3.13. Viola-Jones algorithm
for faces detection

4 Neural
Networks

4.1 Basic elements of dense
neural networks: neurons,
activation functions,
weights and biases

4.2 Basic elements of
convolutional neural
networks: convolutions,
padding, stride, pooling

4.3 Optimizers of neural
networks: gradient descent,
stochastic gradient descent,
exponentially weighted
averages, RMSProp, Adam

4.4 Peculiarities of neural
network architectures for
image classification

4.5 1x1 convolution and
Google Inception neural
network architecture for
image classification

4.6 Residual blocks and
ResNet neural network
architecture for image
classification

List the main stages of the
method application, indicate
its strengths and weaknesses,
opportunities and troubles
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4.7 Depthwise Separable
Convolution and MobileNet
neural network architecture
for image classification

4.8 Image classification
with localization

4.9 Evolution of YOLO
architectures for object
detection

4.10 R-CNN Networks for
object detection

4.11 Generative-Adversarial
Networks

4.12 Auto-Encoders and
Variational Auto-Encoders

4.13 Style transfer using
neural networks

5 Natural
Language
Processing

5.1 Preprocessing of the text
in Python

5.2 Sentiment analysis by
machine learning

5.3 Vector Space Model

5.4 Naive Machine
Translation

5.5 Autocorrect and edit
distance

5.6 Part of speech tagging
by Markov models

5.7 Autocomplete and
N-Gram Language Models

5.8 Recurrent neural
networks

5.9 Gated Recurrent Units
and Long Short-Term
Memory

List the main stages of the
method application, indicate
its strengths and weaknesses,
opportunities and troubles
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5.10 Transformers:
attention, multi-head
attention, Encoders and
Decoders

5.11 Transfer Learning in
NLP and Language Models

IIpumep O6maera

1. Confusion Matrix and Classification Metrics. Provide all required definitions. Give
examples of use cases

2. Gradient Boosting. List the main stages of the method application, indicate its strengths
and weaknesses, opportunities and troubles

3. SIFT detector and descriptor. List the main stages of the method application, indicate its
strengths and weaknesses, opportunities and troubles

4. Residual blocks and ResNet neural network architecture for image classification. List the
main stages of the method application, indicate its strengths and weaknesses, opportunities and
troubles

5. Naive Machine Translation. List the main stages of the method application, indicate its
strengths and weaknesses, opportunities and troubles
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Pa3znen 3. OUEHOYHBIE MATEPHUAJIBI 110 IUCHUIIJIMHE

CHOPTHBHBIN AHAJIN3 JIAHHBIX

Moayabs M.1.5 MamnaHoe 00y4eHne U UICKYCCTBEHHBIN HHTEIIEKT

OneHouHble MaTepUaibl COCTaBIECHBI ABTOPOM(aMH ):

Ne davuaua Ums Yuenas cTeneHb, Hoapasnenenune
JonxkHOCTH
n/n OTtuecTBO Y4eHOoe 3BaHue
1 .
Co3bikuH AHApei KaHauaaT JOLICHT Kadenpa
BrnagumupoBuy TEXHUYECKUX HAYK, UH(pOPMAITMOHHBIX
HEeT TEXHOJIOTHUH M CUCTEM

ynpasinenusi, UPUT-PTO,
YpdVy
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1. IINIAHUPYEMBIE PE3YJIBTATBI OBYYEHUA (MHIAUKATOPBLI) 11O
JAAUCHUIIVIMHE MOJYJISl CiopTHBHBII aHAJIN3 JAHHBIX
Tabmuma 1
KonTpoabHo-oneHO4
Ko u P "
HbIe CpeaCcTBA /s
HAHMMEHOBaHHe
. NuaukaTopsl OlleHUBAHMS
KOMIIeTeHIHi, I[Inanupyemblie
AOCTHKEHUS AOCTHKEHU S
¢popmupyembie pe3yJabTaThbl 00yUeHHust
KOMIIeTEeHINH pe3yjabTarta
€ y4acTuem
00yueHHs 1O
AUCHMILINHBI
AUCIHUILINHE
1 2 3 4
OIIK-8. Criocoben |OI1K-8.1. [Tpumensier OIIK-8.1. 3-1. 3naer KontponbsHas pabora;
pa3pabaTtbIBaTh MHCTPYMEHTAJIbHBIC CPE/IbI, |HHCTPYMEHTAIIbHBIE Cpebl, | AOMallHsg paboTa; 3a4€T
AJITOPUTMBL U IpOrpaMMHO-TEXHUYCCKUE IIPOrpaMMHO-TEXHUYECKHUE
IIPOrpaMMHBIE aTGOPMBI TS perIeHust TIAT(GOPMBI JUIST PEIICHHUST

CpeIcTBa IS
peleHus 3ana4 B
00J1aCTH CO3JaHUs
nu HpI/IMeHeHI/ISI
HCKYCCTBCHHOFO
HHTEIIIEKTA

3a7a4 B 00JIaCTH CO3MAaHUS U
HpI/IMeHeHI/IH I/ICKYCCTBCHHOFO
UHTEIUIEKTA

npodecCHOHANBHBIX 33124
OIIK-8.1. ¥-1. Ymeer
IIPUMCHSATH
MHCTPYMEHTAJIBHBIE CPENBIL,
IIPOrPaMMHO-TEXHUYECKUE
TIAT(OPMEI JUTS PEIICHHSI
npodeCCHOHATBHBIX 3aa

ITIK-7. Crocoben
PYKOBOIUTD
MIPOCKTaMH 10
CO3JIaHHIO,
BHEIPEHUIO U
HCIOJIb30BaHHIO
OJHOHN TN
HECKOIIBKUX
CKBO3HBIX

(P POBBIX
CyOTEeXHOIOT it
HCKYCCTBEHHOTO
HHTCIIEKTa B
TIPUKITATHBIX
o0acTIx

IIK-7.3. Uccnenyer u
aHAMM3UPYET PA3BUTHE HOBBIX
HanpaBJIeHUN 1
IIEPCIEKTUBHBIX METOIOB U
TEXHOJIOTUH B 00IacTH
HCKYCCTBEHHOTO WHTEIUIEKTA,
YYacTBYeT B
HCCIIEIOBATENBCKUX TIPOEKTaxX
10 Pa3BUTHIO IEPCIEKTHBHBIX
HaIpaBJICHUH B 001aCTH
HCKYCCTBEHHOTO WHTEIIEKTa
(amropuT™MHUYeCcKast HMHATAITHS
OHMOJIOTMYECKIX CUCTEM
MPUHSATUSA PELLIECHUN,
ABTOHOMHOE CaMOOOyUYEeHHE U
pa3BUTHE aIallTHBHOCTH
AJITOPUTMOB K HOBBIM
3a/1a4yaM, aBTOHOMHAS
JIEKOMITO3UITHUS CIIOKHBIX
3a/1a4, OMCK W CUHTE3
pelnieHuit)

IIK-7.3. 3-1. 3naer
COBPEMEHHOE COCTOSHUE U
TIEPCIEKTUBBI PA3BUTHUS
HOBBIX HallpaBJICHUH,
METO/IOB U TEXHOJIOTHI B
00JT1aCTH UCKYCCTBEHHOTO
WHTEIUIEKTa

[IK-7.3. V-1. Ymeer
MIPOBOJIUTH aHAJIN3 HOBBIX
HaIpaBJICHUH, METOJIOB U
TEXHOJIOTUH B 00IacTn
MCKYCCTBEHHOTO WHTEIIEKTa
Y OIIpeeNATh Hanoboee
TIEPCIIEKTUBHBIC IS
pa3IMYHBIX obnacTei
TIPUMEHEHUS

KonTtponsHast padora;
JIOManrHss padoTta; 3auér
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2. BAJBI CAMOCTOSTEJIbHOM PABOTHI CTYIEHTOB, BKJTIOYASI MEPOITPUATHS TEKYIIEN ATTECTAIIUA
2.1. PacnpeneJienne 00beMa BpeMeHH N0 BUIaM y4eOHOi padoThl

Tabmuma 2
O0beM BpeMeHH, 0TBeIeHHBIH HA 0CBOeHHUE TUCIHILTHHBI MOTYJIsI
Bcero mo
AyAWTOpHBIE 3aHSATHS, Yac.
AUCHUTIJIHHE
Ne
/ HaunmeHnoBanue CamMmocTosiTesIbHAs
" JHMCUUIINHBI MOTYJISA 3ansaTus IIpomexyTouHast paborta cTyaeHTa,
n Mpakruye | Jladoparop
JICKIIHOH arrectauus (popma | KoHTakTHasi | BKJIIOYasi TEKYILYIO 3au.
cKHe HbIE Bcero Yac.
HOT'0 UTOTOBOTO pa6ora (vac.) | aTrecTanuio (4ac.) el.
padoThI padoThI
THIA KOHTPOJIS)
1 2 3 4 5) 6 7 8 9 10 11
3. | CriopTuBHBIif aHAIH3 0 36 0 36 3auer 41.65 66.35 108 3
JAHHBIX
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3.1. Buasl CPC, ko/inuecTBO 1 00beM BpPeMEHH HA KOHTPOJIbHO-OLEHOYHbIE
Meponpusitusi CPC no gucuumnimue

KontponsHo-onienounsie meponpustus CPC BKIIOYAIOT CaMOCTOSITENBHOE H3YyYEHHE
Marepuana, IHOAIOTOBKY K AyJAUTOPHBIM 3aHATHSAM M MEPOIPHUATHAM TEKYLIEro KOHTPOJI,
BBITIOJTHEHHE ¥ 0(OpMIICHHE BHEAYIUTOPHBIX MEPOTIPUSATHIA TEKYIIEr0 KOHTPOJIS U IOArOTOBKY K
MEPOIPUATHAM ITPOMEKYTOUHOIO KOHTPOJIA.

Tabnuma 3
KoauuectBo Oo6bem
. KOHTPOJIbHO-01l€ | KOHTPOJIbHO-0LIeH
Ne | Bua camocTosiTe/ibHOI padoThl CTyAeHTa
HOYHBIX OYHBIX
n/n 10 JUCHHUNJIHHE MOTYJIs . .
MeponpusTHl MeponpusTH
CPC CPC (uac.)
1. [ToAroTOBKA K Ay IUTOPHBIM 3aHATHIM U
MEPOTIPUATHSAM TEKYIIIETO KOHTPOJIS:
porp Y |% 13,5 yac.
MPAKTUICCKUM 3aHSATHSM.
2. Brinonnenue u opopmiieHrne MeponpusTuil
TEKYIIETO KOHTPOJIS:
2.1 | KonrponbHas pabota 1 5 gac.
2.2 | Nomamass pabota Nel 1 5 gac.
2.3 | Homamrass pabota No2 1 5 gac.
2.4 | HomamrHss pabota Ne3 1 5 gac.
2.5 | Homamrnss pabota Ned 1 5 gac.
8. [Toaroroska k 3a4eTy 1 12 4ac.
9. CamocTosiTeNIbHOE U3yYEeHHE MaTepuaia 15,85 yac.
Hroro va CPC no nucuuniuHe: 66,35 ygac.

3. NPOLEAYPbI KOHTPOJISI U OLIEHUBAHUS PE3YJbTATOB OBYYEHUS B
PAMKAX TEKYIIEM M TPOMEXYTOUHOM ATTECTAIIUM IO
JUCLHUILIMHE MOAYJSA B BAJJIBHO-PEUTUHIOBOM CHCTEME
(TEXHOJIOTUYECKAS KAPTA BPC)

3.1. IIpouenypsl TeKyuiei H MPOMeKYTOUHOMH aTTeCTALMM 10 JHCHHUIIJIMHE

1. Jlekuuu: He MpexyCMOTpPEHbI

2. JlabopaTopHble 3aHATHUSI: He MPETYCMOTPEHbI
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3. ITIpakTHyeckue/ceMUHAPCKHE 3aHATHA: KOI(P(PUUHEHT 3HAYUMOCTH COBOKYIHBIX
pPe3yJabTaTOB JIA00pPaTOPHBIX 3aHsATHil —1.0
Texkymas aTrecTanus HA NPAKTHYECKUX/CEMHHAPCKHUX Cpoxku — MaxkcumasibHasi
3aHATHAX cemecTp, olleHKAa B 0aj1ax
yuyeOHas
Hees
lomawnss paboma Nel 3 ceMm., 3 HepL. 10
lomawnss paboma No2 3 ceM., 6 HepL. 10
omawmnsas paboma Ne3 3 ceMm., 9 Hex. 10
omawmnss paboma Ne4 3 cem., 12 Hen. 10
Koumponvhas paboma 3 cem., 15 Hen. 20
Buvinonnenue u ogpopmienue npaxmudeckux pabom 3 cem. 20
CamocmosmenvHoe uzyuenue mamepuana 3 cem. 20
BecoBoit k03pGUUHMEHT 3HAYMMOCTH Pe3yJbTATOB | TEKYLIeH |aTTecTalMu | 1O
NPaKTHYeCKUM/CEMUHAPCKUM 3aHsaTusaM - 0,5
IIpomexyTouHas aTTecTALMSA O NPAKTUYECKHM/CEMUHAPCKUM 3aHATHAM — 3a4eT.
BecoBoii k03 puuMeHT 3HAYUMOCTH Pe3yJIbTATOB MPOMEKYTOYHON aTTecTaluu 1Mo
NPaKTHYeCKUM/CeMHUHAPCKUM 3aHsTusaM — 0,5

4. KPUTEPUA W YPOBHM OIIEHUBAHMSI PE3YJIBTATOB OBYUYEHHMS MO
TACIHATITAHE MOJIYJIS

4.2.B pamkax BPC npumensitorcs yrBepKJIeHHbIC Ha Kadeape/MHCTUTYTe KpUTepUU (TIPU3HAKH )
OILICHUBAHUS JOCTH)KEHHH CTYJICHTOB MO TUCIUIUIMHE MOayis (Tabia. 4) B pamkax
KOHTPOJILHO-OLIEHOYHBIX MEPOTIPUATHI Ha COOTBETCTBUE YKa3aHHBIM B TaO.l pe3ynbraTtam
oOyueHus (MHAUKATOPAM).

Tabmnuua 4
Kpurtepun oueHnBaHus y4eOHbIX JOCTHKEHHH 00y4AK0IIMXCH
Pesyabrarsl Kpurepun oneHuBanus y4eOHBIX JOCTHKCHHH, 00y4alommxcss Ha
o0y4eHus COOTBETCTBHE pe3yabTaTaM 00y4eHHs/HHANKATOpaM
3HaHusA CTyneHT NeMOHCTpUpYeT 3HaHWA M NMOHMMaHHE B 00JacTH METOJ0B

pelIeHus 3aJa4 KOMITbIOTEPHOTO 3pEHHMs], B T.4. IOHUMaHUE IPUHILIUIIOB
MOJIydeHUsT U 00pabOTKH IMQPPOBBIX H300paKEHUH, KIACCHUYECKUX
METOJIOB peIlIeHHs 3a7ay KOMIIbIOTEPHOTO 3pEHMs, TOHUMaHHE OCHOB
rJIyOOKOro OO0y4eHUs HEHPOHHBIX CeTell W 3HAaHUSA AaApPXUTEKTYP
COBPEMEHHBIX HEHPOHHBIX CeTel B 00JIaCTH KOMITBIOTEPHOTO 3PEHHUSL.
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YmMmenusa

CTyaeHT MOKET MPUMEHSTh CBOM 3HAHUS U MIOHUMAHHUE B KOHTEKCTaXx,
MPEACTABICHHBIX B 33/IaHUSX MPEJACTABICHHBIX B PAMKaX MPAKTUYECKUX
pabot, a Taxke B JomamHed pabore. B T.4. CTymeHT MOKa3bIBaeT
YMEHHE HCIIOIB30BAHMS HM3y9aeMbIX OHOIMOTEK B paMKax s3bIKa

N300paKEHUSIMU,

IPOrpaMMHUPOBAHHUS
yMEHHE paboThI
00yueHUs1 HEHPOHHBIX CETEH.

Python, ymenue

paboThI
C apXUTEKTypaMu TIyOOKOTO

uupoBbIMU

O1bIT /BlIafICHUE

CryzneHT AeMOHCTPUPYET ONBIT B 00JaCTU U3YUYEHHUS, AOCTATOYHBIN
JUIs OTBETOB HA BOIPOCHI KOHTPOJIBHBIX Pa0OTHI U BOIIPOCHI 110
pe3ynbTaTaM 3aJaHui IPAKTUUECKUX U JOMalIHe paboThl.

JInyHOCTHERIE
KauecTBa

CryneHt

crocoOeH

BBIHOCUTH

CTyneHT NeMOHCTPUPYET OTBETCTBEHHOCTh B OCBOCHHMU PE3YJIbTaTOB
o0yueHuss B T.4. B BBIIIOJIHEHUU KOHTPOJIbHBIX padoOT, 3a/JaHUil Ha
MPaKTUKaX U B BBIIIOJHEHUH JIOMAIIHENW PaOOTHI.
CYXICHUS,
(dhopMynupoBaTh BHIBOJBI B 00JIACTH KOMITBIOTEPHOTO 3PEHUS.

CryzneHT MOXeT cooOLIaTh MPEeroaBaTeto U KOJJIEraM CBOETO YPOBHS
coOCTBEHHOE IOHUMAaHUE U YMEHUS B 00J1aCTH KOMIIBIOTEPHOT'O 3PEHHUS.

J€J1aTh

O€HKN U

4.3.]11s1 o11eHUBaHKS YPOBHSI BBITIOJIHEHUsI KpUTEPHUEB (YPOBHS TOCTHKEHUIN 00YJaronIuXxcst Ipu
MIPOBEACHUN KOHTPOJIBHO-OIEHOYHBIX MEPOTIPUATHAN 1O JUCIUTUTHHE MOYJISI) UCTIOIB3YETCS
YHUBEpCabHas 1kana (tabm. 5).

Tao0muma 5

Il kaJia oneHUBAHUS TOCTUHKEHHSI Pe3YJIbTATOB 00yueHH s (MHAUKATOPOB) 10 YPOBHAM

XapakTepucTHKA YPOBHEH TOCTHKEHUS Pe3yJIbTATOB 00yuyeHus (MHIMKATOPOB)

Ne Conepxanue ypoBHs IIxaJia oeHUBAHUA
n/n BbINOJIHEHNSI KPUTEPUs TpaguunoHHas KauyecTBennas
OlleHUBAHUSI Pe3yJILTATOB XapaKTepHCTUKA YPOBHS XapaKTepuCcTHKA
o0yueHust YPOBHS
(BBINIOJITHEHHOE OIL[EHOYHOE
3aJaHue)
1. Pe3synbratel 00yueHust OtnnuHO 3auTeHo Bricokuii (B)
(MHAMKATOPbI) TOCTUTHYTHI B (80-100 6aoB)
MOJIHOM 00BEME, 3aMEUaHU HET
2. PesynbTaThl 00yueHUs Xopouio Cpennuii (C)
(MHAMKATOPHI) B IIEJIOM (60-79 6amoB)
JOCTUTHYTBI, UMEIOTCS 3aMEYaHus,
KOTOpBIE HE TPEOYIOT
00513aTeJIbHOTO YCTPaHEHHUsI
3. Pe3ynbpTratsl 00ydeHus Y 10BIETBOPUTENBH [Toporossrii (IT)
(MHIUKATOPBI) JOCTUTHYTHI HE B 0
MOJIHOW Mepe, €CTh 3aMeUaHus (40-59 6annoB)
4. OcBoeHue pe3yabTaToB 00yYeHUS HeynosnerBopuren He Henocrarounslii
HE COOTBETCTBYET MHIMKATOPAM, BHO 3a4TeHO (H)
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UMEIOTCS CyLIECTBEHHBIE OIMOKU U | (MeHee 40 6asuioB)
3aMmeuaHusi, Tpedyercs qopaboTka

5. Pesynbrar 00yueHust He TOCTUTHYT, HenocraTouno cBUIETENBLCTB Her pe3ynbraTa

3aaHHUC HC BBITIOJIHCHO JJIA OLICHUBAaHUA

5. COAEPXXAHMUE KOHTPOJIBHO-OLHEHOYHbIX MEPOIIPUATHIA

JUCHUILIMHE MOAY.JISI

3ajaHusi 1O KOHTPOJIbHO-OLICHOYHBIM MEPONPUATHUAM B paMKax TeKyllen

o

u

IIPOMEXYTOUYHOM aTTecTalluu JOJDKHBI OOECHeurBaTh OCBOCHHE M JIOCTHKEHHUE pE3YJIbTaToOB
oOyueHus: (MHAMKATOPOB) U MPEIMETHOTO COJEp’KaHUs UCUUIUIMHBI Ha COOTBETCTBYIOIIEM

YpOBHE.

5.1. Onucanue KOHTPOJBbHO-OICHOYHBIX MeponpnﬂTni?l U CPEACTB TEKYHIEro

KOHTPOJIA MO JTUCHHUIIJIMHE MOAY IS

5.1.1. IlpakTUYecKue 3aHATHUS

Homep . .
IIpumepHBbIii NepedYeHb TeM MPAKTHYECKUX 3aHATHH
3aHATUA
Overview of the tools used for data analysis and machine learning.
1 Numpy library overview.
Working with the Pandas library (matplotlib, seaborn)
2 Machine learning models for solving classification problems
3 Machine learning models for solving regression problems
4 Quality metrics in solving classification and regression problems
Data preprocessing when solving data analysis tasks.
5 Transformation and creation of new features for solving data analysis
problems
6 Methods for selecting the best features for solving classification and
regression problems
7 Methods for selecting hyper parameters of machine learning models and
building automation pipelines for solving data analysis problems
8 Working with time series
9 Tasks of teaching without a teacher: reducing the dimension
Tasks of teaching without a teacher: finding anomalies
10 Natural Language Processing: preprocessing
11 Natural Language Processing: Vector models
12 Introduction to neural networks.
Neural networks for solving regression problems
13 Neural networks for solving classification problems
14 Neural networks for solving image processing problems
15 Neural networks for solving image processing problems: modern architectures
16 Neural networks for solving natural language processing problems
17 Neural networks for solving natural language processing problems: modern
architectures
18 Neural networks for solving time series prediction problems

33




5.1.2. JIaGopaTopHble 3aHATUS
He npedycmompeno

5.1.3. KypcoBas pa6ora / KypcoBoii mpoekT
He npedycmompeno

5.1.4. KoutpoJabHasi pabora

IIpumepHasi TeMATHKa KOHTPOJIbHBIX padoT:

Konmponvnas paboma Nel

Join the competition on the platform Kaggle.com, conduct a primary analysis of the competition
data, perform preliminary data processing and, using various machine learning models, achieve

the quality of the solution specified in the task condition. The problem of object classification is
solved.

IIpuMepHBbIe 3a1aHNUs B COCTaBe KOHTPOJIBHBIX padoT:

Follow the link https://www.kaggle.com/t/993ac81ad69a477580bd8cflbecada32

There you will see a competition on the platform kaggle.com

On the "Overview" tab, you will see a description of the task.

The "Data" tab contains all the necessary data that will be used in the competition.

On the "Notebooks" tab in the "Public™ section there is a basic solution with a sample code
"baseline_1 5".

By copying the basic solution and running it at home, you will be able to achieve an accuracy of
about 0.83.

Your task is to achieve the highest quality of the model by changing any parameters of the neural
network architecture or neural network training parameters.

You can observe the result of your experiments on the "Leaderboard™ tab immediately after
uploading the response in the "My Submissions™ tab.

Your goal is to achieve the quality of the model on test data 0.9 and higher. Then you pass the
task

When using LeaderBoard, make sure that the result suits you, download the file of your solution,
which you can see by opening your work notebook in viewing mode (but not editing) and going
to the "Output™ tab on the right.

Download the downloaded file in the ".csv" format here, on the course platform.

5.1.5. lomamnsisi padora

Jlomawnsis paboma Nel :
You are given a coollaboratory notebook with tasks for the numpy library. Complete all tasks and
send a link to your solution to google forms
Ilpumepnvie mexcmul 3a0anuii:
1. Create a one-dimensional numpy array of 10 elements filled with the number 1.5
2. Create a two dimensional numpy array of 25 elements filled with the number 0
3. Create a vector of length 15 with random integers ranging from -10 to 10. Reverse the
vector
4. Create a 5 by 5 matrix with random integers ranging from -15 to 15. Replace the negative
elements with their squares
5. Two matrices are given. Make sure they can be multiplied. Perform the matrix
multiplication operation if possible, otherwise output an error
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6. Given a vector, check if there is a Nan in it. Check if there is an infinity sign in it. Fill
them with zeros

Homawmnsa paboma Ne2:

You are given a coollaboratory notebook with tasks for the pandas library. Complete all tasks and

send a link to your solution to google forms

Ilpumepnovie mexcmol 3a0aHUIL:

A data set with demographic information about people receiving more than 50 thousand dollars a

year or less is given. Analyze the set and answer the questions using the pandas library.

How many men and women (sex attribute) are represented in this dataset?

What is the average age (age attribute) of women?

What is the proportion of German citizens (a sign of native-country)? Is it

true that people who receive more than 50k have at least a higher education? (attribute of

education - Bachelors, Prof-school, Assoc-acdm, Assoc-voc, Masters or Doctorate)

5. Among whom is the share of earning a lot more (>50K): among married or single men (a
sign of marital-status)? We consider married those whose marital-status begins with
Married (Married-civ-spouse, Married-spouse-absent or Married-AF-spouse), the rest are
considered single.

6. What is the maximum number of hours a person works per week (the hours-per-week
attribute)? How many people work such a number of hours and what is the percentage of
them earning a lot?

bR

Jlomawnss paboma Ne3:
You are given a coollaboratory notebook with tasks for the pandas, matplotlib, seaborn libraries.
Complete all tasks and send a link to your solution to google forms
Ilpumepnwvie mexcmot 3a0aHuil.
A data set with information about the Olympic Games for different years is given. Perform an
initial visual analysis.
1. Plot graphs: linear, columnar, circular, histograms, boxes with whiskers - for each column
of data,
2. Plot dot graphs reflecting the relationship between various features
3. Perform a correlation analysis and visualize it using a heat map
4. Make a brief description for each graph that reflects the information you saw on the
visualization.

Jlomawnsis paboma Ne4.:
You are given a coollaboratory notebook with tasks on sklearn libraries. Complete all tasks and
send a link to your solution to google forms
Ilpumepnovie mexcmot 3a0aHuil.
A data set with information about the values of apartments, depending on their parameters, is
given. Complete the following tasks.
1. Conduct a primary analysis: statistical and visual and present it.
2. Perform preliminary data processing: filling in gaps, processing outliers, generating new
features.
3. Apply various machine learning models and achieve the quality of the model specified in
the task according to the specified metric.

5.1.6. PacueTnas pa6ora / PacueTHo-rpaduyeckas pagora
He npedycmompeno
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5.1.7. Pedepar / 3cce / TBOpueckasi padora

He npedycmompeno

5.1.8. llpoexTHas paGoTa

He npedycmompeno

5.1.9. esoBasi (poaeBasi) urpa / Jledarsi / Iuckyccusi / Kpyrablii ctoa

He npedycmompeno

5.1.10. Keiic-anaju3s

He npedycmompeno

5.2. Onucanue KOHTPOJ/IbHO-OCHOYHBIX MeponpuﬂTnif[ MPOMEKYTOIHOI'0 KOHTPOJIA
Mo TUCHUIIIMHE MOAYJIsd

5.2.1. 3auet B popMe He3aBUCUMOTO TecTOBOro KoHTpoJisi (HTK)

HTK no aucuuruimae Moaysisi He TPOBOJUTCA.

5.2.2. 3a4eTr B TpaAMIIHOHHOI hopMe (YCTHBIE /TTUCEMEHHBIE OTBETHI Ha BOITPOCHI):

Crnncox npuMepHbIX BONPOC /I 3a4eTa (3 cemecTp):

=

w

11.
12.

13.

14.
15.

16.

17.

Name the key data types that can be used in data mining tasks.

Name the tasks that can be solved when teaching machine learning models with a teacher.
Give examples of such tasks.

Name the main stages of solving the problem of data mining.

Describe what kind of pre-processing and preparation of data needs to be carried out
when working with tasks on images.

What tools and models are suitable for working with images?

Describe what kind of preliminary processing and preparation of data should be carried
out when working with tasks on text data.

What tools and models are suitable for working with text data?

Describe what kind of preliminary processing and preparation of data needs to be carried
out when working with tasks on tabular data.

What tools and models are suitable for working with tabular data?

. What are time series and what is the peculiarity of working with time series prediction

tasks?

What machine learning models are used to solve time series prediction problems?

What is a vector representation of text? Why is it needed? What vector models do you
know?

What are the approaches to processing data gaps? What methods of filling in the gaps do
you know? What are their features

What is data normalization and scaling? Why are they needed in data analysis tasks?
What approaches to coding categorical features do you know? Give examples when it is
acceptable to use each of the approaches.

What features for machine learning model learning can be extracted from the data types
"timestamp™ and "datetime"?

What features can be extracted from a time series to be able to solve the problem of a
time series using a linear model?
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18.

19.

20.

21.

22.

23.
24,
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.

37.
38.
39.
40.
41.
42.
43.
44,
45.
46.
47.
48.
49.
50.

51.

What are the methods of increasing the training sample in the case of solving the problem
of analyzing data on images.

Describe the key metrics of the quality of machine learning models in solving the
classification problem. Which ones are not sensitive to unbalanced data?

Describe the key metrics of the quality of machine learning models in solving theregression
problem

Describe the process of selecting features that positively affect the quality of the final
machine learning model.

What is the purpose of evaluating the quality of the model. What approaches to model
quality control do you know? What are the advantages and disadvantages of the main
approaches.

Name the types of ensemble machine learning models.

Tell us the features of working with the XGBoost framework

Tell us the features of working with the LightGBM framework

Tell us the features of working with the CatBoost framework

Describe the structure of the time series.

28. What time series forecasting tools do you know?

29. Describe the process of preprocessing text information.

30. Tell us what tf-idf is.

Describe the device of an artificial neuron

Describe the learning process of an artificial neuron

Describe the activation functions that you know. Conduct a comparative analysis of them
Describe the device of a fully connected neural network.

What tasks can a neural network solve? How does the output layer and the activation
function on the output layer change depending on the task being solved?

Describe the learning process of a neural network. What is the method of error back
propagation based on?

Tell us about the quality metrics of neural networks for solving various tasks. Conduct a
comparative analysis

Tell us about the loss functions of neural networks for solving various problems. Conduct
a comparative analysis

What is neural network retraining? What methods of combating retraining do you know?
How can the fact of retraining be revealed?

What hyper parameters of the neural network do you know? What do they affect? How
does the process of selecting hyper parameters work?

What is gradient descent? Describe how gradient descent and stochastic gradient descent
work.

Describe the necessary properties of error functions for which gradient descent can be
applied.

What modifications of gradient descent do you know? Conduct a comparative analysis of
gradient descent modifications

Describe the disadvantages of fully connected neural networks for solving image
processing problems.

Describe the device of a convolutional neural network.

Describe how the convolutional layer works.

What are the kernels in the convolutional layer for? How are they selected?

How is the process of transferring learning in convolutional neural networks?

What modern neural network architectures for solving image processing problems do you
know? Make a brief comparative analysis.

Describe the principle of operation of a neural network with ResNet architecture
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52.
53.
54.
55.

56.
57.
58.

59.
60.
61.
62.

Describe the principle of operation of a neural network with the Inception architecture
Describe the principle of operation of a neural network with the Xception architecture
Describe the principle of operation of a neural network with the VGG-16/19 architecture
Describe the principle of operation of recurrent neural networks? What tasks do they
solve?

Describe the principle of operation of the LSTM block in a neural network.

Describe the principle of operation of the GRU block in a neural network.

Describe the principle of operation of bidirectional recurrent neural networks. What are
they used for?

What tasks do neural networks solve when working with images?

What tasks do neural networks solve when working with text information?

What vector models of texts do you know? Conduct a comparative analysis of them
What is word2vec? Describe the process of its training and application features.
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