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1. OBIASA XAPAKTEPUCTUKA MOAYJIA NPUJIOXKEHUA HCKYCCTBEHHOI'O
HUHTEJIVIEKTA

1.1. AHHOTauUMs COAEP:KAHUS MOTYJISA

Monynb COIEpKUT CIAEAYIOIINE TUCHMIUIMHBL: «AHaIu3 BPEMEHHBIX psiioB» U «KommbrorepHoe
3peHue».

Llenbto NUCHUIUIMHBI «AHAJIW3 BPEMEHHBIX DPSIOB» sBisieTcd (OPMHpPOBAHHE YMEHUH 11O
IIPUMEHEHUIO HayYHO-O0OOCHOBAHHON KOMIIJIEKCHOW METOJOJIOIMM aHallu3a W MPOTHO3MPOBAHUS
BPEMEHHBIX pAJOB HAa OCHOBE METOJOB CTaTUCTMUYECKOIO aHajnW3a, MOJEIMPOBAHUS U
MIPOTHO3UPOBAaHUS HMH(OPMALIMK, C YYETOM OTEYECTBEHHOTO U 3apy0eKHOIro OIbITa 10
HCI0JIb30BAHUIO NMOJAO0OHBIX MOJAX0/I0B HAa MPAKTHKE.

B pamkax aucuumnianasl «KoMnbroTepHOE 3peHHEe» CTYACHTHI Y3HAIOT, KaK UCII0JIb30BATh ITyOOKHE
HEUPOHHBIE CETH I KiacCcu(UKAIUU U300pakKeHUH, CerMeHTaIlluu U OOHApyXeHUs OOBEKTOB;
PaccMoTpAaT 0COOBIN THUTT apXUTEKTYpPhl HEUPOHHOM CETH, IPUTOHBIN IS aHATTN3a U300paXeHHi -
CBepToYyHas HeWpoHHas ceTh. OOyyarouMcs NPEIOCTaBIAETCS BO3MOXKHOCTH IOIYYUTh
KOMIIJIEKCHOE BCECTOPOHHEE MPECTABIEHUE O IPEABAPUTEIHHO 00YUEHHBIX HEMPOHHBIX CETAX IS
aHanm3a u300pakeHMi.

1.2.  Crpykrypa u 00beM MOIYJasl

Taomuma 1
N O0beM JUCHMIITUMH MOXYJIS
l'l/-l'l l'[epe'{eﬂb AUCHHUILUIHH MOAYJIfl B MIOCJI€A0BATECJIbHOCTH HX OCBOCHUS H BCEro MoayJs B 3a4€THBIX
C€JIMHHUIAX U Jacax
1. AHann3 BpeMEHHBIX PSIIOB 63../216 u.
2. KomnsrorepHoe 3peHue 63../216 4.
HUTOTO no monayJio: 12 3.e./432 u.

1.3. TIlocienoBaTeIbHOCTH OCBOEHHSI MOYJisl B 00pa3oBaTeIbHOM porpaMmme

IIpepexkBU3NTHI MOAYJIS HET
IMocTpeKBU3UTHI M KOPPEKBU3UTHI HET
MOYJIsl




1.4. Pacnpenesienne koMneTeHUuil M0 AUCUMILIMHAM MOXYJIS, IVIAHMPYEeMble pe3yJibTaThbl
00yueHusi (MHAUKATOPbI) IO MOAYJIIO
Tabmuna 2
Ilepeuenn Kon n HNuaukatopsl
Inannpyemble pe3yabTaThbl
AU CHUTIJIMH HAMMEHOBaHHe JOCTHKEHUSI
00yuyeHus
MOYJIst KOMIETeHIIHH KOMIETEeHII N
1 2 3 4
Ananus OIIK-8. Criocoben OIIK-8.1. [Tpumensier OIIK-8.1. 3-1. 3naer
BPEMEHHBIX pa3pabatbIBaTh HHCTPYMEHTAIbHBIE CPEAbI, | HHCTPYMEHTAIbHBIE CPEIEL,
psiooB aJITOPUTMBI U MIPOrpaMMHO-TEXHUYECKUE |IIPOrpaMMHO-TEXHUYECKHUE
porpaMMHBIE CPEACTBa | TUIATGOPMBIL JUIS PEIICHHs  |MIaT(OPMBI sl pelIeHUs
JUISL pElIeHns 3a7a9 B |3aJ]ia4 B 00J1acTH co3aHus upoecCHOHaIbHBIX 3a/1a4
00JacTH CO3aHus U IIPUMEHEHUS OIIK-8.1. V-1. YMeeT npuMeHATh
IIPUMEHEHUSA HCKYCCTBEHHOT'O HHCTPYMEHTAIbLHBIE CPELEI,
HCKYCCTBEHHOT'O WHTEIJICKTa MPOrpaMMHO-TEXHUIECKUE
MHTEIUIEKTA TIaTGOPMBI JUIS PEIICHHSI
npodecCHOHANBHBIX 33124
ITIK-1. Crocoben IIK-1.1. Uccnenyer u IIK-1.1. 3-1. 3Haer apXUTEKTypHbBIC
HNCCJIICA0BATh U pa3pa6aTLIBaeT IIPUHIIUIIBI TIOCTPOCHUA CUCTEM
paSpa6aTBIBaTB APXUTCKTYPBI CUCTEM HNCKYCCTBCHHOI'O UHTECIIJICKTA,
APXUTCKTYPBI CUCTEM HNCKYCCTBCHHOI'O METOAbI ACKOMITO3UIINHN OCHOBHBIX
HUCKYCCTBCHHOI'O HWHTCIUICKTA JJI pa3JIMYHbIX |ITIOACUCTEM (KOMHOHGHTOB) u
WHTEJUIEKTA JUIs NpEeJIMETHBIX obnacTeit peam3aiyy uX B3aHMOJICHCTBUS
Pa3IMYHBIX Ha OCHOBE METOJ[0JIOTHH
MIpeIMETHBIX o0racTei MPEeIMETHO-OPHUEHTHPOBAHHOTO
Ha OCHOBE KOMILIEKCOB MIPOEKTUPOBAHUS
METOJIOB U IIK-1.1. Y-1. YMeeT BrICTpauBaTh
MHCTPYMEHTaJIbHBIX APXUTEKTYPY CHCTEMBI
CPEICTB CHCTEM MCKYyCCTBEHHOTO WHTEIUIEKTA,
HCKYCCTBEHHOTO OCYIIECTBIIATH IEKOMITO3UITUIO
WHTEIJIeKTa OCHOBHBIX TIOZICHCTEM
(KOMITOHEHTOB) M peaTu3alliy UX
B3aMMOJICHCTBUSI HA OCHOBE
METOJIOJIOTHH TTPEIMETHO-
OpPUEHTHPOBAHHOTO
MTPOEKTHPOBAHUS
Komnsroreproe |OIIK-8. Criocoben OIIK-8.1. [Ipumensier OIIK-8.1. 3-1. 3naer
3peHue paspabaThIBaTh WHCTPYMEHTAaJIbHBIE CPENbI, |HHCTPYMEHTAIHHBIE CPEIIBL,

aJITOPUTMBI U
MIPOrpaMMHBIE CPEICTBA
JUTS PElIeHHs 3a/1a4 B

MPOrPaMMHO-TEXHUIECKUE
12T OPMBI TS PEIICHHUSI
3a1ay4 B 00JIaCTH CO3IaHUsA U

pOrpaMMHO-TEXHHYECKUE
TIaT(HOPMBI IS pEIICHHS
npodeCCHOHATBHBIX 3319

o0yacTu co3maHus 1 MIPUMEHEHUS OIIK-8.1. Y-1. YMeeT npUMEHSTh
MIPUMEHEHUS HCKYCCTBEHHOI'O WHCTPYMEHTAJIbHBIE CPEIbI,
HCKYCCTBEHHOTO MHTEIJIEKTa MPOrpaMMHO-TEXHUUECKHE
HHTEJIIEKTa 1aTOPMBI IS PELIECHHS

npodeccHOHAIBHBIX 3aJa4
OIIK-8.2. OIIK-8.2. 3-1. 3naer OIIK-8.2. Pa3pabaTsiBaer
PaspabatsiBaer NPUHLMIIEL pa3paboTKu OpPUTMHAJILHBIE TPOrPaMMHbBIE
OpUTHHAJIbHbIE OPUTHHATIBHBIX CpeACTBa /ISl pelIeHus 3a1ad B
MIPOrpaMMHBIE CPEICTBA|TPOrPAMMHBIX CPEACTB TSI |00JIaCTH CO3/AaHUS U TPUMEH CHUS
JUIA PELICHUS 3a/1a4 B | pEeIICHUS HCKYCCTBEHHOI'O MHTEIUIEKTA

00J1aCTH CO3JaHUS U
MPUMEHEHUS
HCKYCCTBEHHOTO
HHTEIIEKTa

npodeccHoHaIBHBIX 3aa4
OIIK-8.2. V-1. Ymeer
paspalatbIBaTh
OpUTHHAJIbHbIE

MIpOrpaMMHBIC CPEACTBA AJId




pelieHus 3a1a4 B 00J1acTH
CO3JIaHUS U MPUMCHEHUS
HCKYCCTBEHHOTO
WHTEIUICKTA
T1IK-7. Criocoben IIK-7.1. PykoBoaut [IK-7.1. 3-1. 3HaeT NpUHIUIIBI
PYKOBOAMTB MPOSKTaMH |[IPOCKTaMHU B 00J1aCTH MOCTPOCHUS CHCTEM
0 CO3/IaHUI0, CKBO3HOM 1uppoBoit KOMITBIOTEPHOTO 3pEHUS, METOJIBI U
BHEIPCHUIO U CyOTEXHOJIOrUU MOJIX OBl K TUTAHUPOBAHUIO U
UCIIOJIh30BAHMIO OHOM |«KOMITbIOTEpHOE 3peHUE» | peau3alliy MPOSKTOB 110
WJIH HECKOJIbKUX CO3JIAHUIO CUCTEM UCKYCCTBEHHOIO
CKBO3HBIX ITU(POBBIX WHTEIUICKTa Ha OCHOBE CKBO3HOI
CyOTexHONOT i IU(PPOBOI CyOTEXHOIOTHH
HCKYCCTBEHHOIO «KoMrbroTepHOE 3peHUEY
WHTEJUICKTA B [IK-7.1. Y-1. YMeeT pyKOBOIUTH
MPUKJIAHBIX 001aCTIX MPOEKTaMH I10 CO3J[aHMIO,
BHEAPCHUIO U MOJEPKKE CHCTEM
MCKYCCTBEHHOT'O MHTEIIJICKTa Ha
OCHOBE CKBO3HOM LIU(POBOI
cyoTexHosoruu «KommboTepHoe
3pEHUEY»

1.5. ®opma o0yueHusn
OO0y4eHue no JUCHUILIMHAM MOJYJISI MOXKET OCYIIECTBISATHCS B OUHOU opme

2. COJEPKAHUME M OBECIIEYEHUE PEAJIM3ALIUU JTUCHUITJIMH MOAYJIA



MMPOI'PAMMA MOAYJIA
NPMJIOXEHUWA UCKYCCTBEHHOI'O UHTEJIJIEKTA

PA3AEJ 2. COAEP) KAHUE U OBECIIEYEHUE PEAJIN3ALINU JUCHUITJINH

MOJYJISA

PABOYASA ITPOI'PAMMA JIUCHUIIJINHBI 1
AHAJIN3 BPEMEHHBIX PAJIOB

Paboyas nmporpamMma IUCIUIUIMHBI COCTABJIEHA aBTOPAMU:

Ne davuaua Ums Yuenas cTeneHb, Hoapa3znesnenune
JonxkHoCTH
n/n OTt4ecTBO Y4eHoe 3BaHHe
1 Ponkun Muxann KaHAUAaT Houent Y4eOHO-HayYHBIH LIEHTP
Brnagumuposuu TEXHUYECKUX HAYK “UudopmarmonHas
0e301macHOCTE”,
NPUTPTD, YpdVY

PexomMeH10BaHO y4eOHO-METOAMYECKHMM COBETOM
UH(GOPMANMOHHBIX TEXHOJOTHi - PT®

[TpoTtokos Ne 7 ot 11 oxTs16pst 2021 .

HHCTUTYTA

PaIH03JIeKTPOHUKH

Hu



2. COAJEP) KAHUE U OCOBEHHOCTHU PEAJIM3ALIUU JUCLHUIIJIMHBI 1 AHAJIN3
BPEMEHHBIX PA/10B

2.1. TexHosoruu Oﬁy‘leHHﬂ, HCII0Jb3yE€MbI€C IPU U3YYCHUH JUCHUIIJIUHBI MOAYJIH

- TpaguiuonHas (penpoAyKTUBHAS) TEXHOJIOTHUS;
- CwMmenanHast MoJiesib 00y4EeHMsI ¢ UCII0JIb30BaHUEM OHJIAMH-KYpCa;

- M cKnrounTensHO IEKTPOHHOTO 00y4eHH sl ¢ UCIIOJIb30BAaHUEM OHJIAH-KypCa.

2.2. Conep:xanue TUCHUIIHHBI 1

Tab6mura 1

Kon

pasnena
, TEMBI

Pa3pen, Tema
JTUCIHHUIIINHEBI*

Conep:xanue

OcobGennoctn npeamera
aHaJn3a BPEMEHHBIX PSIJIOB.

Oco0eHHOCTH TIpeIMeTa aHaN3 BPEMEHHBIX PSJIOB;

0O0630p HEKOTOPBIX 3a7a4 aHAIN3a BPEMEHHBIX PSI/IOB;

THIIbI BpEMEHHBIX PSIOB;

Oco0eHHOCTH MOJIENIEl BPEMEHHBIX PSI/IOB;

Tunsr 3aaa4 aHaJin3a BpEMCHHBIX PsAI0B,

Oco0eHHOCTH HCITOB30BAaHUS TTOJX0/I0B aHAIMTHIECKOM
CTaTHCTHKM M MAaIIMHHOTO OOy4deHWs TIpH aHalH3e
BPEMEHHBIX PSIJIOB.

CTaTHCTHYECKHI
BPEMEHHBIX PSJIOB.

aHajiu3

OCHOBHBIE CTaTUCTHYECKHE XapPAKTEPUCTHUKU BPEMEHHBIX
PSIOB.

AHaNIHU3 0CTaTKOB M €ro 0COOEHHOCTH.

TecTbl HA CTALIMOHAPHOCT.

Wcnons3zoBanne (GUIBTpAlMM METOJOM  CKOJB3SIIETO
CpeqHero B MPUMEHEHHUH K aHAJIN3Y BPEMEHHBIX PS/IOB.
JIMHEWHBIN perpecCUOHHBIN aHaI3 BPEMEHHBIX PAJIOB;
00630p ocobeHHOCTEH POOACTHON CTATHCTHKH;
OCcoOCHHOCTH aTalITUBHBIX PETPECCHOHHBIX MOJICIICH.

ABTOpErpecCUOHHbBIN
BPEMEHHBIX PsIIOB

aHajiu3

ABTOpErpecCHOHHasl MOZIENb BPEMEHHOTO Psiza;
Mozenb CKOIB3AIIEro CPpeHero BpeMEHHOI'0 Psia;
Crienuduka UCIIOJIb30BAHUS
aBTOperpeccuu-ckompasmero cpeanero (APCC);
Mopenps unterpupoanHoii APCC u ee ucnonbp3oBaHue B
aHaJIM3€ BPEMEHHBIX PSIIIOB;

Mopens ce3onHoii uHTerpupoBanHoii APCC wu ee
UCIIOJIb30BAHNE B aHAJIN3€ BPEMEHHBIX PSIOB;
Oco6ennoctyu BeiOopa nopsinka mozpeneir APCC u apyrux;
0630p apyrux mozeneit Ha ocHoBe APCC;

[Ipumeps! pemieHus 3a7ad aHajgn3a BPEMEHHBIX PSIJIOB C
ucnons3oBanueM APCC.

MOJIENIA

W3Bneuenue, BBIOOD u
00paboTKa  NPU3HAKOB U3
JaHHBIX B aHaJM3€¢ BPEMEHHBIX
PAOOB.

Oco0eHHOCTH TPU3HAKOB B aHAJIM3€ BPEMEHHBIX PSIJIOB.
[Ipumeps! MpHU3HAKOB.

Oco0eHHOCTH TPOBENICHNE Pa3BEAbIBATEILHOTO aHAIN3a
JAHHBIX;

Hekoropsle  meTonsl
BPEMEHHBIX PAJIOB;
O030p METOAOB M3BJICUCHUS NPU3HAKOB W3 BPEMEHHBIX
PAIOB;

mpeacCTaBJICHUS IIPU3HAKOB




Meronst 00pabOTKH MPU3HAKOB BPEMEHHBIX PSIOB;
Meronst 0TOOpa NpU3HAKOB BPEMEHHBIX PSIOB.

OcoOEeHHOCTH BpEMEHHBIX PSIOB C TOYKH 3PEHUS JaHHBIX
JUIS1 UCTIONb30BAaHUSI METOAOB MAILITHHOTO O0Y4EHMS;
O030p HEKOTOPHIX 3ajJ]ay aHaluu3a BPEMEHHBIX PAJOB C UX
peIICHUAMU METOJaMH MAllIMHHOI'O OGY‘ICHI/DI;
OcobeHHOCTH HCHONB30BaHMs | MEeTpHKH BPEMEHHBIX PSJIOB;

MeTOI0B MammuHHOTO 3peHus | O030p 3a1a4 KiacTepu3aliiid BPEMEHHBIX PSIOB;

MIpU aHAIM3E BPEMEHHBIXPSIOB | MeTozbl IOMCKAa aHOMAIUKM BO BPEMEHHBIX psliax;
OcobeHHocTH 3a7a4 Kiaccu(pUKalui BpEMEHHBIX PSIOB U
METO/IOB MX PELICHUS;

OcoOeHHOCTH 3a/lay perpeccuu sl BPEMEHHBIX PSIIOB U
METOJbI HMX PpPEHICHUA C [MPUMCHCHUEM MAIIMHHOI'O
oOydeHus.

OcoOeHHOCTH METOZIOB ITyOOKOro 00Y4EHUS Cpeu APYTHX
METOJIOB MaIIMHHOTO 00yYeHHSI.

00630p ocobeHHOCTEH 00yueHUs TIIyOOKMX HEHPOHHBIX
cerell B MPUIOKEHHSX K aHAJIN3Y BPEMEHHBIX PSJIOB.
O0630p MepCIeKTHB M TEKYIIEro COCTOSHUS HEKOTOPBIX
OCO0OeHHOCTH HCITIONB30BAHMS | APXUTEKTYP MOJTHOCBI3HBIX HEWPOHHBIX CETEH;

METO/I0B TITyOOKOro oOyueHus B | O030p MEPCHEKTHB M TEKYIIEr0 COCTOSHUS HEKOTOPBIX
MPUMEHEHUH K aHanM3y | apXUTEKTYp PEKYPPEHTHBIX HEWPOHHBIX CeTell M UX
BpPEMEHHBIX PSIJIOB. UCIIOJIb30BAHKE B aHAJIN3E BPEMEHHBIX PSJIOB;
OpnHOMEpHBIE CBEPTOUHBIE HEHPOHHBIE CETH M HUX
HCIIOJIb30BAHUE B AHAJIN3E BPEMEHHBIX PSIOB;

MexaHu3sM  BHUMaHHS U €r0  HCIOJNb30BaHHE B
apXUTEKTOpax HEHPOHHBIX ceTel NpelHAa3HAYEHHBIX IS
aHaJIM3a BPEMEHHBIX PATIOB.

2.3. [Iporpamma JUCHUIUIMHBI pealii3yeTcsl MOJHOCTHIO HA HHOCTPAHHOM SI3bIKE

2.4. YYEBHO-METOJUYECKOE U UTHOOPMAIIMOHHOE OBECIIEYEHHUE
JUCIUIIVIMHBI AHAJIM3 BPEMEHHDBIX PATOB

DJIeKTPOHHBIE pecypchbl (M31aHMS)

1. M.B. Ponkun. Kypc Time Series Analysis. URL:
https://github.com/MVRonkin/Time-Series-Analysis-Lectures-and-Workshops (gara o6pamieHust:
04.10.2021).

2. ITpumeps! ucnoas3oBanus oudmuoreku SKTimes. URL:
https://github.com/sktime/sktime-tutorial-pydata-amsterdam-2020 (nata o6pamenus: 04.10.2021).
3. [IpakTnueckuit AHanu3 BpeMeHHbIX psnos. URL:
https://github.com/nmmarcelnv/PracticalTimeSeries (nara oopamienus: 04.10.2021).

4, Crucok OTKPBITBIX PECYPCOB IO AHAJIN3Y BPEMCHHBIX PSAJA0OB € UCIIOJIb30BAHUEM MECTOIOB
riybokoro o0yuenus Heiiponnsix cereit. URL: https://github.com/Alro10/deep-learning-time-series
(mata obpamenus: 04.10.2021).

S. Crncok OTKPBITBIX PECYPCOB I10 aHAIU3Y BpeMeHHBIX psnoB. URL:
https://github.com/bifeng/ Awesome-time-series (nara oopamenus: 04.10.2021).
6. Cnrcok OMOMMOTEK aHaNM3a BpEMEHHBIX PSI0B JUIA sI3bIKa MporpaMMupoBanus Python.

URL: https://github.com/MaxBenChrist/awesome_time_series_in_python (nata o6paienus:
04.10.2021).



https://github.com/MVRonkin/Time-Series-Analysis-Lectures-and-Workshops
https://github.com/sktime/sktime-tutorial-pydata-amsterdam-2020
https://github.com/nmmarcelnv/PracticalTimeSeries
https://github.com/Alro10/deep-learning-time-series
https://github.com/bifeng/Awesome-time-series
https://github.com/MaxBenChrist/awesome_time_series_in_python

7. Pecypc, nocBsimieHHbI METOIaM U Ha60paM JTAaHHBIX J1JId K.HaCCI/I(I)I/IKaI_II/II/I BPEMEHHBIX
psamoB. URL: http://timeseriesclassification.com/index.php (mxara o6parienus: 04.10.2021).

8. Penosuropuii, cBsizannsiii ¢ kauroit Practical Time Series Analysis. URL:
https://github.com/Practical TimeSeriesAnalysis/BookRepo (nata oopamienus: 04.10.2021).
9. ApxuB HAOOPOB JaHHBIX JUISI aHAIM3a BpeMeHHBIX psitoB. URL:

https://www.cs.ucr.edu/~eamonn/time_series_data_2018/ (nata oopamienus: 04.10.2021).

IIpogeccuonanbHbie 6a3bl JAHHBIX, THPOPMALNOHHO-CIIPABOYHbIE CHCTEMbI

1. Hudposas OubIMOTEKA HAYYHO-TEXHUYECKUX M31aHNi VIHCTUTYTa HH)KEHEPOB IO
aNeKTpoTexHUKe U pamuodniekTponuke (Institute of Electrical and Electronic Engineers (IEEE)) na
aHrIMACKOM si3bike — Nitp://www.ieee.org/ieeexplore

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

3. ApXUB TIPENPHUHTOB € OTKPBITBHIM JOCTyIOM — https://arxiv.org/

Marepuans! nas s ¢ OB3

Becy kontent OBC mnpencraBieH B Bujae (QaiioB cnenuansHOro Qopmara s
BOCITPOM3BE/IEHUSI CUHTE3aTOPOM pEeYM, a TakKe B TECTOBOM BHUJE, MPUTOJHOM JJISi MPOUTEHUS C
HCIIOJIb30BAHUEM SKPAHHOM JIYITBI 1 HACTPOUKON KOHTPACTHOCTH.

Ba3nl JAHHbIX, nﬂ(l)opMalmmmo-cnpaBoqnme U MOUCKOBBIC CUCTEMBI
1. Academic Search Ultimate EBSCO publishing — http://search.ebscohost.com
2. eBook Collections Springer Nature — https://link.springer.com/

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

2.5. MATEPUAJIBHO-TEXHUYECKOE OBECINIEYEHUE JUCHUIIJIMHBI
AHaJIi3 BpEMEHHBIX PSII0B

CaeneHnsi 00 OCHAIIEHHOCTH AU CUMILJIMHBI CIEHATU3UPOBAHHBIM H JIa00PATOPHBIM
000py10BaHUEM M IPOTrPAMMHBIM O0ecredyeHuemM
Ta0mnuua 2

Ne Buapl 3ansaTuii OCHAIIEHHOCTh CNEeNHAJTbHBIX Hepeqeﬂb JIMICH3UOHHOI'0
n/n noMeleHuid ¥ MoMemeHn 11l nporpammHoOro odecneveHms .

CaMOCTOATEJILHOM pa60T1>1 PexBu3UTHI MOATBEPKIAIOIET 0
AOKYMEHTA

1 | Jlekmuu; JlabopaTopHbIe Ayautopusi ¢ IPOEKTOPOM Hcnons3yercs

3aHATHSL OecruiaTHO-pacpoCTpaHsIeMoe
IporpaMMHoOE o0ecrieueHue:

1. Python —

https://www.python.org/
2. PyTorch -

https://pytorch.ora/

3. TensorFlow, Keras -
https://www.tensorflow.org/

4, Sktime -
https://www.sktime.ora/en/v0.4.2/
5. Pandas -
https://pandas.pydata.ora/

6. Anaconda solution -
https://www.anaconda.com/

Beb - cpena pa3paboTku 1 s13bIKa
nporpammupoBanus Python:



http://timeseriesclassification.com/index.php
https://github.com/PracticalTimeSeriesAnalysis/BookRepo
https://www.cs.ucr.edu/~eamonn/time_series_data_2018/
http://www.ieee.org/ieeexplore
http://www.oxfordjournals.org/en/
https://arxiv.org/
http://search.ebscohost.com/
https://link.springer.com/
https://scholar.google.ru/
https://www.python.org/
https://pytorch.org/
https://www.tensorflow.org/
https://www.sktime.org/en/v0.4.2/
https://pandas.pydata.org/
https://www.anaconda.com/

7. google colab -
https://colab.research.google.com/

10



https://colab.research.google.com/

INPOI'PAMMA MO YJIA
[NPMJIOXEHUA UCKYCCTBEHHOI'O UHTEJIJIEKTA

PA3JIEJI 2. COJIEP)KAHUE M OBECIIEYEHUE PEAJTA3ALUA JUCHUILINH
MOJIYJISA

PABOYAS ITPOT'PAMMA JUCHUIIJIUHBI 2
KOMIIBYOTEPHOE 3PEHUE

Paboyas mporpamMma IUCIUIUIMHBI COCTABJICHA aBTOPAMU:

Ne ®amuiusa Umsa Yuyenas creneHb, Hoapa3znesnenne
JonkHOCTH
n/n OTt4ecTBO Y4eHOoe 3BaHue
1 Pouxnua Muxaun KaHIuaaT JOIICHT YueOHO-HAyUHBIHN TIEHTP
Bragumuposuy TEXHUYECKUX HayK, “UndopmanmoHHast
HET 0e301macHOCTh”,
NPUT-PTO®, YpdY
PexoMeH10BaHO y4eOHO-METOAMYECKHM COBETOM MHCTHUTYTA PaaHO03JIEKTPOHUKH

UH(GOPMANMOHHBIX TEXHOJIOTHi - PT®

[TpoTokos Ne 7 ot 11 oxTs16pst 2021 .

Hu
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2. COAEP) KAHUE U OCOBEHHOCTHU PEAJIM3ALINU JUCIIATIJINHBI 2
KOMIIBIOTEPHOE 3PEHUE

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

- TpaguuonHas (penpoAyKTUBHAs) TEXHOJIOTUS;
- CMmenianHoe oOy4yeHHEe ¢ UCII0JIb30BAaHUEM OHJIAIH-KYpCa;

- M cKnrounTensHO IEKTPOHHOE 00yUEHHE C UCIIOIb30BAHUEM OHJIAH-Kypca.

2.2. Conep:kanue TUCHUTIIAHBI

Tabmuma 1
Kon
Pa3pnen, Tema
pasaeda, . — Conep:xanue
TeMbI
CoBpeMeHHbIE TOAXO/IBI K 0O0630p HEKOTOPHIX 3a7a4 KOMITbIOTEPHOT O 3PEHHUS;
pElIeHuIO 3a1a4 Oco0eHHOCTH TIPeJICTaBIeHNST H300paKeHHs B IIH(QPOBOM
1 KOMITBIOTEPHOTI'O 3PEHUSL. BUJIE,;
[Mpunune! nudpoBoit 00pabOTKH H300paKEHHIA;
OcHoBHBIE orepanuu U(GPoBoi 00padbOTKK N300paskeHU I
OcobGennoctu ncnons3oBanus | [Ipeaqmer mammHHOTrO 00yUYeHMS;
METOJIOB MaIlTMHHOTO 00y4eHns | Bumapl mpr3HaKkoB n300pakeHni;
5 B 3a/1a4aX KOMITBIOTEPHOTO 0O0630p HEKOTOPBIX METOMIOB PEIICHHUS 33]1a4 KOMIIBIOTEPHOTO
3peHwus 3pEeHHs C UCMOIB30BaHNEM MAIIMHHOTO O0y4YEHHE;
Oco0eHHOCTH TITyOOKUX HEUPOHHBIX CETEH M UX MECTO Cpenn
METOJIOB PELIeHNS 3a/1a4 KOMITBIOTEPHOTO 3PEHUS
OcobeHHOCTH HEUPOHHBIX Ornrcanue ciiost HEHPOHHOH CceTH;
cereif M MX o0y4YeHHe Ha IIpouenypa npsAMoro npoxoxKaCHHUS;
MIpUMepE MOTHOCBSI3HBIX Mertoz 06paTHOTO pacpoCTpaHEHHs OMINOKH;
HEUPOHHBIX CETEM. CroxacTHdecKuil TpaANEeHTHBIN CITYCK M €r0 BUIBI;
[IpoGmemsbl 00ydeHust METOAOM 00pPaTHOTO PACTIPOCTPAHEHUS
OIIIHOKH;
00630p (hyHKIHI aKTHBAINH;
3 Muaunuyanuzanus BECOBBIX MapaMeTPOB HEUPOHHBIX CETEM;
OcoGennocTH BhIOOpa (PYHKITMI aKTHBAIIMA HEMPOHHBIX
CeTel;
Perynspuzanms oOydeHust HEHPOHHBIX CeTel: 1acco, THxXoHOB,
JporayT, 6aTIHOPM (U Jp. HOPMaJIH3aIlHN );
AyrMeHTanus n300pakeHui;
[IpenoOydeHne HEMPOHHBIX CETEH;
Ilepenoc oOy4eHus;
Mertomp! 1000y4eHNs HEHPOHHBIX CETEH.
Oco0eHHOCTH 3a/1a4u Buer CBEpTOK B CBEPTOYHBIX HEHPOHHBIX CETAX;
KIaccuduKaun n3oopaxennid | Bumbl nepeauckperu3anuy (IyIMHTa U UHTEPTIOISIIHS );
4 C UCNOJIh30BaHUEM CBEPTOUHBIX | O030p apXUTEKTYp CBEPTOYHBIX HEMPOHHBIX CETel s
HEHPOHHBIX ceTeil. peleHns 3aa4un KiaccupuKaimu.
TpeHnp! pa3BUTHS APXUTEKTYP CBEPTOUYHBIX HEHPOHHBIX CETEH.
5 OcobenHoctu 3aga4 3amaya cerMeHTaluu;

CEMaHTHYCCKOM CerM CHTAallU1 1

ApPXUTEKTYpBI CBEPTOUHBIX HEHPOHHBIX CETEH CEMAaHTUUYECKOM
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CBOIAIIMXCA K HUM 3aJa4
KOMIIBIOTCPHOI'O 3pCHUA

CCIrMCHTAIlMU,
TpaHCHOHHpOBaHHaH CBCPTKaA,
Cou NOBEIICHUS pa3pCuICHus,

OcobeHHOCTH 3aa4 IMOKCKa U
BBLIEJIEHUS] 00BEKTOB HA
M300paKCHUSAX U CBOISIIUECS K
HUM 3a/1a491 KOMITBIOTEPHOTO
3pEHUSL.

0030p 0co0eHHOCTEH apXUTEKTYp HEHPOHHBIX CeTel
MHOI'O9TAITHOI'O ITOMCKA U BBIIACICHUS O6BCKTOB Ha
U300pakEeHUSX;

0030p 0coOEHHOCTEN apXUTEKTYP LIS K3EMILISIPHON
CerMEHTAIUH;

0030p 0COOCHHOCTEH aPXUTEKTYP OAHOITAITHOTO IIOMCKA U
BBIJIEJIEHUS OOBEKTOB.

0030p 3a1a4, CBOAIIUXCS K TIOMCKY U BBIICTICHUIO 00BEKTOB
Ha U300paKeHUSX.

O0630p 3a1a4¥ TeHEPUPOBAHUS
M300pakeHUH, ¥ UX
MIPE/ICTABIICHHS, & TAKKE
CBOIAIINXCA K HUM 3a1a4n
KOMIIBIOTEPHOI0 3pEHUS U
MCTO/IbI UX PCIICHUSA IIPU

OcobeHHOCTH 3a]]auu TeHepaIlui N300paKeHNH;
Oco0eHHOCTH aBTOPHKOIEPOB, B TOM UHCIIE BAPUAIIMOHHBIH
aBTOZHKOJIED;

Buipl reHepaTUBHO-COCTA3aTENbHBIX HEHPOHHBIX CETEH;
0O0630p HEKOTOPBIX HECTAHAAPTHBIX 33,124 KOMITBIOTEPHOT O
3pEHHs ¥ METOJIOB UX pelIeHHsI.

TIOMOIIN rny601<1x1x HEUPOHHBIX
ceren

2.3. [Iporpamma JUCHUIUIMHBI pealii3yeTcsl MOJHOCTHIO HA HHOCTPAHHOM SI3bIKE

24. YUYEBHO-METOAMYECKOE U UTH®OPMAIIMOHHOE OBECIIEYHEHUE
JAUCIHUIVIMHBI KOMIIBIOTEPHOE 3PEHHUE

DJIeKTPOHHBbIE pecypchbl (M31aHUsA)
1. Drive into deep learning, Zhang, Aston and Lipton, Zachary C. and Li, Mu and Smola,
Alexander J. 2021. URL.: https://d2l.ai/ (nata ob6paruenus: 04.10.2021).

2. Deep Learning Book. lan Goodfellow and Yoshua Bengio and Aaron Courville, MIT Press,
2016. URL.: https://www.deeplearningbook.org/ (mara o6parenus: 04.10.2021).
3. Omn-naii kypc “HeilpoHHbIE CETH U KOMIIBIOTEPHOE 3peHue”

URL.:https://stepik.org/course/50352/promo (marta oopamenus: 01.10.2021).

4, IbsikoB A. I'mybokoe o0ydyenne. URL: https://github.com/Dyakonov/DL (mata oOpamieHwus:
01.10.2021).

5. M.B. Ponkun KoMibroTepHoe 3peHue.
URL:https://github.com/MVRonkin/Computer-Vision-Course_lec-practice (mara oOpamieHus:
04.10.2021).

6. Deep learning theory lecture notes Matus Telgarsky 2021. URL.:
https://mijt.cs.illinois.edu/dlt/ (mata obpamenus: 04.10.2021).

7. Omnnaitn kypc “TIporpamMmmupoBaHue Iiy0OKHX HeHpoHHbIX ceredd Ha Python”. URL:
https://openedu.ru/course/urfu/PYDNN/ (nata o6pamienus: 05.10.2021).

IIpodeccuonanbHbie 6a3b1 JAHHBIX, HHPOPMALNOHHO-CIIPABOYHbIC CHCTEMbI
1. Hudposas OubIMOTEKA HAYYHO-TEXHUYECKUX M3AaHUN IHCTUTYTa HHKEHEPOB IO

anekTpoTexHuKe u paauoiekrponuke (Institute of Electrical and Electronic Engineers (IEEE)) na
aHrMiickoM si3bike — http://www.ieee.org/ieeexplore
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https://d2l.ai/
https://www.deeplearningbook.org/
https://stepik.org/course/50352/promo
https://github.com/Dyakonov/DL
https://github.com/MVRonkin/Computer-Vision-Course_lec-practice
https://mjt.cs.illinois.edu/dlt/
http://www.ieee.org/ieeexplore

2. Oxford University Press — http://www.oxfordjournals.org/en/
3. ApXUB IIPENPHUHTOB C OTKPBITHIM J0cTyroM — https://arxiv.org/

MarepuaJis! nias s ¢ OB3

Bece xontentr DOBC mpexacraBneH B Buae (aiioB crnenmaibHOro Qopmara s
BOCIIPOM3BE/ICHUSI CUHTE3aTOPOM PEUH, a TAKKE€ B TECTOBOM BHUJE, NPUTOJAHOM JUIsl IPOUYTEHUS C
HCIIOJIb30BAHUEM DKPAHHOM JIYIIBI 1 HACTPOUKOW KOHTPACTHOCTH.

ba3snl JaHHbIX, I/IH(l)OpMaIII/IOHHO-Cl'lpaBO‘{Hble H IMTOUCKOBbIC CUCTEMbI

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

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

DneKkTpOHHBIN HaydHbIH apxuB YpdYV https://elar.urfu.ru/

3oHanbHas HaydHas oubnuoreka (YpdV) - http:/lib.urfu.ru/

[MopTan uHbopMaIMOHHO-00pa3oBaTeIbHBIX pecypcoB YpdV hittps://study.urfu.ru/
DrekTpoHHO-0MOMMOTeUHas cucTeMa «Jlanby — https://e.lanbook.com/
VYuusepcuterckas oudmrnorexka ONLINE — https://biblioclub.ru/
DnekTpoHHO-O0nbMoTeuHast cucteMa ""bubnuokomiuiekrarop” (IPRbooks)

httQ [lwww.bibliocomplectator.ru/available

10. DneKkTpoHHbIe HH(POpPMAITMOHHBIE Pecypchl Poccuiickoi rocy1apcTBEeHHOM OUOTHMOTEKH
https://www.rsl.ru/

11.  Hayunas snextponHas 6ubnuorexa «KubepJlennnkay https://cyberleninka.ru/

CoNoORWNE

2.5. MATEPHUHAJIBHO-TEXHUYECKOE OBECIHHEYEHHUE JUCHUIIJINHBI
KomnbrorepHoe 3peHue

CaeneHnsi 00 OCHAIIEHHOCTHU AU CUMILIMHBI CIEHATU3UPOBAHHBIM H JIa00PATOPHBIM
000pyI0BaHUEM M IPOTrPAMMHBIM 00ecredyeHuemM

Tao0muua 2
Ne BHZ[])I 3aHATHH OCHa].l[eHHOCTL ClieMaJdbHbIX Hepeqeﬂb JJULHECH3UOHHOI'0
n/n HOMe]].[eHl/Iﬁ )/ | HOMeIl[eHl/Iﬁ aJIs nporpammHoOro o0ecnmeyeHus.
CaMOCTOAITEILHOM paﬁOTLI PexkBU3HTDBI MOATBEPKIAIOIET 0
JOKYMEHTA
Jleknnu; KommnbroTepHsIii Kacc. Ucnonp3yercs
[pakTHueckue MynbTUMeIUITHBIA IPOEKTOP C OecImaTHO-pacIpocTpaHsIeMoe
3aHSATUS; 3KpaHOM; IIporpaMMHOE o0ecrieueHue:
CereBoe 000pyI0BaHuE; 1. Python —
JlokanpHast CEeTh ¢ BEIXOIOM B https://www.python.org/
riobabpHYyIo ceTh HTEepHeT. 2. PyTorch -
https://pytorch.ora/
3. TensorFlow, Keras -

https://www.tensorflow.ora/

4, opencyv - https://opencv.ora/
5. skimage -

https://scikit-image.ora/

6. Anaconda solution -
https://www.anaconda.com/
7. Beb - cpena pazpaborku

JJIA A3bIKa IMPOrpaMMHUpPOBAHU S
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http://www.oxfordjournals.org/en/
https://arxiv.org/
http://search.ebscohost.com/
https://link.springer.com/
https://scholar.google.ru/
https://elar.urfu.ru/
http://lib.urfu.ru/
https://study.urfu.ru/
https://e.lanbook.com/
https://biblioclub.ru/
http://www.bibliocomplectator.ru/available
https://www.rsl.ru/
https://cyberleninka.ru/
https://www.python.org/
https://pytorch.org/
https://www.tensorflow.org/
https://opencv.org/
https://scikit-image.org/
https://www.anaconda.com/

Python: google colab -
https://colab.research.google.com/
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OLHEHOYHBIE MATEPUAJIBI

Kox monyast Monyab
M.1.7 [IpunokeHust HCKYCCTBEHHOTO MHTEJIJIEKTa

ExatepunoOypr, 2021



OL[GHO‘IHHG MaTCepuraibl 10 MOAYJIIO COCTABJICHBI aBTOPAMM:

Ne damuausa, nms, Y4eHnas cTreneHb, Hoapaszaesnenune
JoakHOCTH
n/n 0TYeCTBO Y4YeHoOe 3BaHHe
1 Ponkna Muxaunn KaHAUAaT JIOLEHT YueOHO-HAYUHBIN LIEHTP
Biiagumuposuy TEXHUYECKUX “UndopmanmoHHast
HayK, HET oesonacHocts”, UPUT-PT®,
YpdVY

PexomeHnaoBaHo y4eOHO-MeTOAUYECKHM COBETOM MHCTHTYTAa PaJMO3JIEKTPOHUKH U
HH(OPMALHOHHBIX TEXHOJA0THi - PT®

ITpoTtokon Ne 7 ot 11 oxTsi6pst 2021 r.




1. CTPYKTYPA N1 OBBEM MOAYJIA ITPUIIOXEHWA NCKYCCTBEHHOI'O

HUHTEJIJIEKTA
O0beM TUCHUILIAH ®opMa HTOroBOM
Ne IlepeyeHnsb AMCHUIIIIMH MOAYJISI B OCIEA0BATEIBHOCTH MOJYJISl M BCEro NMPOMEKYTOYHOH aTTecTalMH
n/n HX OCBOCHHUSA MOAYJHA B 3a4Y€THBIX mo TMCHUIIMHAM MOAYJIA U B
eIMHMUIIAX U Yacax 1eJI0M 110 MOAY.J1I0
1. | AHanu3 BpeMEHHBIX PSJIOB 6/216 3auem
2. | KomnbrorepHoe 3peHue 6/216 3auem
HUTOI'O no moay:ro: 12/432

2. OHUEHOYHBIE MATEPHAJIBI 1O MOAYJIIO

He npenycmotpeno




Pa3znen 3. OUEHOYHBIE MATEPHUAJIBI 110 IUCHUIIJIMHE

AHAJIN3 BPEMEHHBIX PAJIOB

Moayas M 1.7 IIpunosxeHuss ICKyCCTBEHHOTO UHTEIIJIEKTA

OneHouHble MaTepUaibl COCTaBICHBI ABTOPOM(aMHt ):

Ne Damuiusa Ums Yuyenas cTeneHb, Hoapa3znenenune
JoakHOCTH
n/n OTtuecTBO Y4eHOe 3BaHHe
1 Ponkun Muxann KaHAUAaT JIOLIEHT Y4eOHO-HayYHBIH LIEHTP
Biagumuposuy TEXHUYECKUX HayK, “UndopmarnimoHHast
HET 0e30MmacHOCTh”,
NPUT-PT®, YpdY

PexomenaoBaHo yueOHO-MeTOAUYECKHUM COBETOM HHCTUTYTA PAIHOIJIEKTPOHUKHU U

HH(OPMALHOHHBIX TEXHOJIO0T Ui - PT®

ITpotokon Ne 7 ot 11 oxTsi6pst 2021 T.




1. IINIAHUPYEMBIE PE3YJIBTATBI OBYYEHUS (MHIUKATOPBI) J100)
JUCHUIIJIMHE MOOYJISA AHAJIM3 BPEMEHHBIX PA/10B
Taomuma 1
KoHTpoabHO-011€HO
Koau P 1
YHbIE CPeACTBA JJIsl
HAaNMEHOBaHHUe
. NuaukaTopsl OLlCHUBAHUA
KOMIIETeHIHH, I[Inanupyemblie
JTOCTHKEHHUSA JOCTHKEHU A
¢popmupyembie pe3yJabTaThbl 00yUeHHust
KOMIIETEHIIMH pe3yJbTara
¢ yyacTuem
00yueHHs 1O
JTUCIHHUIIINHEI
JUCLHMIIINHE
1 2 3 4
OIIK-8. Cnocoben |OIIK-8.1. Ilpumensier OIIK-8.1. 3-1. 3naer Konnoksuywm;
pa3pabaTtbiBaTh MHCTPYMEHTAJIBHBIE CPENbI, |MHCTPYMEHTAIBHBIE CPEBI, JoMalHss padora;
aHI‘Opl/ITMBI n HpOI‘paMMHO-TeXHI/IT-IeCKI/Ie HpOFpaMMHO-TeXHI/IT-IeCKI/Ie BEITTOJIHEHIE
IIpOrpaMMHBIE aTHOPMBI TS pereHust TIATGOPMEI JUIS PEIICHHST MaBOPATOPHEIX

CpeIcTBa IS
pemeHus 3ana4 B
00J1aCTH CO3JaHUSs
nu HpI/IMeHeHI/ISI
HCKYCCTBCHHOFO
AHTEIIEKTA

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

npodecCOHANBHBIX 33124
OIIK-8.1. ¥-1. Ymeer
IIPUMCHSATH
MHCTPYMEHTAJIBHBIE CPENBIL,
IIPOrPaMMHO-TEXHUYECKHUE
TIATGOPMEI JUTS PEIICHHUSI
npodeCCHOHATBHBIX 3a1a

I1K-1. Crocoben
HCCIIEI0BATh U
pa3pabaThIBaTh
APXUTEKTYPbI
CHCTEM
HCKYCCTBEHHOTO
AHTEIIEKTA IS
Pa3IHYHbIX
[IPEIMETHBIX
oOJtacreii Ha
OCHOBE
KOMILIEKCOB
METOJIOB U
HHCTPYMCHTAIBHBI
X CPEJCTB CHCTEM
HCKYCCTBEHHOTO
HHTEIIEKTA

IIK-1.1. Uccnenyer u
paspabaThIBacT apXUTEKTYPHI
CHCTEM HCKYCCTBEHHOTO
WHTEJUIEKTA JUTS PA3ITHIHBIX
MIPEAMETHBIX obacTeit

IIK-1.1. 3-1. 3naer
ApPXUTEKTYPHbIE IPUHITHITHI
MTOCTPOEHUS CHCTEM
MCKyCCTBEHHOTO WHTEIUICKTA,
METOIbI AEKOMIIO3HIIHH
OCHOBHBIX TIOZICHCTEM
(KOMIIOHEHTOB) M peaTu3aliH
UX B3aUMOJCUCTBUS Ha
OCHOBE METO/IOJIOTHH
MPEIMETHO-
OpPUEHTHPOBAHHOTO
MIPOEKTHUPOBAHUS

IIK-1.1. V-1. Ymeer
BEICTPaUBATh APXUTEKTYPY
CUCTEMBI HCKYCCTBEHHOTO
WHTEIUIEKTa, OCYIIECTBIIATh
JIEKOMITO3UITIIO OCHOBHBIX
moacrucTeM (KOMIIOHEHTOB) U
peanuzanuu ux
B3aMMOJICHCTBUS HA OCHOBE
METOJIOJIOTHH TPEIMETHO-
OpPUEHTHPOBAHHOTO
MTPOEKTUPOBAHUS

paboT; 3auéT




2. BAJBI CAMOCTOSTEJIbHOM PABOTHI CTYIEHTOB, BKJTIOYASI MEPOITPUATHS TEKYIIEN ATTECTAIIUA

2.1. Pacnpeneienne 00beMa BpeMeHH M0 BHIaM y4eOHOi padoThl

Tabmuna 2
O0beM BpeMeHH, OTBe/ICHHBIH HAa 0CBOCHUE TUCIMIITTHHBLI MOLY 15
Bcero mo
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. | AHanu3 BpeMeHHBIX 18 0 18 36 3auer 4165 174.35 216 6
psnoB




2.2.Buabl CPC, koJM4ecTBO M 00beM BpPeMEHH HA KOHTPOJIbHO-OLIEHOYHbIE
Meponpustusi CPC no gucuunimmue

KonTtponbsHo-ouenounsie meponpuarus CPC BKIIOYalOT CaMOCTOSITENILHOE H3Y4YEHHE
Marepuana, HOArOTOBKY K AyAWTOPHBIM 3aHATHSAM M MEPOIPHUATHAM TEKYLIEro KOHTPOJI,
BBITIOJTHEHHE ¥ 0(OpMIICHHE BHEAYIUTOPHBIX MEPOTIPUATHIA TEKYIIEr0 KOHTPOJIS U IOArOTOBKY K
MEPOIPUATUAM ITPOMEKYTOUYHOIO KOHTPOJIA.

Tabauna 3
KoanuecTBo Oobem
. KOHTPOJIbHO-01l€ | KOHTPOJIbHO-0LIeH
Ne | Bua camocTosiTe/ibHOI padoThl CTyAeHTa
HOYHBIX OYHDIX
n/n 10 JUCHHUNJIHHE MOTYJIs . .
MeponpusTHI MeponpusTH
CPC CPC (uac.)
1. [ToaroToBka K JEKIIMOHHBIM, IPAKTUYECKUM 27 uac.
3aHSATUAM
2. Brinonnenue u opopmiieHrne MeponpusTuil
TEKYIIETO KOHTPOJIS:
3. | lomammssis paGora 1 5 yac.
4, KOHHOKBI/IYM 2 10 yac.
S. [ToArOTOBKA K 3aUeTy 3aueT 12 ac.
6. CaMocTosTeNbHOE N3ydeHHE MaTepHaa 120,35 vac.
JJ18 HOATOTOBKH K BEIITOJIHEHUIO
KOHTPOJIBHBIX MEPOTIPUATHN
Hroro va CPC no nucuuniuHe: 174,35 ygac.

3. POLIEAYPHI KOHTPOJISI U OLIEHUBAHUSI PE3YJIbTATOB OBYYEHHS B
PAMKAX TEKYIIEM M TPOMEXYTOUHOM ATTECTAIIUM IO
JUCLHUMILIMHE MOAYJSA B BAJIBHO-PEUTUHIOBOM CHCTEME
(TEXHOJIOTUYECKAS KAPTA BPC)

3.1. Ipoueaypsl TeKyleil U MPOMEKYTOUHOI aTTeCTANMHU M0 JUCIUIIIHHE

1.JIekuun: Ko3(ppUIHMEeHT 3HAYUMOCTH COBOKYIHBIX Pe3y/JIbTATOB JeKIMOHHBIX 3ausiTuii — 0,4

Texkymas arrecranus HAa JEKIHAX Cpoku — | Makcumaib
ceMecTp, | Hasli OLleHKA
yueOnast | B 6asuiax
Heaeas

Konnoxeuym Nel 2 cem. 50
Konnoxeuym Ne2 2 cem. 50




BecoBoii k03¢ GUIIHEHT 3HAYMMOCTH Pe3yJIbTATOB TEKYIleH aTTecTalluM Mo JeKuusam — 1

HpOMe)KyTO‘lHaH aTTeCcTalus 10 JeKIUAM — HE IPEAYCMOTPEHA

BecoBoii KO3(1)(1)I/IIII/I6HT SHAYUMOCTH pe3yjabTaTOB HpOMe)RYTO‘IHOﬁ aTTeCTallui 110 JEKIUAM

-1

2. .JIaﬁopaTopHLIe 3aHATHA: KO3(1)(1)I/IIII/ICHT SHAYUMOCTHU COBOKYIIHBIX PE€3YJ/IbTATOB

JeKIMOHHBIX 3auaTuii — 0,6

Texkymas arTecTanus Ha MPAKTUYECKUX/CEMUHAPCKUX Cpokn — | Makcumaib

3AHATHAX cemecTp, Haf OIEHKA
yueOHasi B OaJj1ax
Hexeas

Omuemul no pesynoemamam pabom 2 cem. 40

Jomawnss paboma 2 cem. 60

BecoBoii k03QGuIHEeHT 3HAYMMOCTH Pe3yJIbTATOB TeKYLIeil aTTeCTALMHU 110

NpaKTH4YecKuM/ceMuHapckuM 3ansatusam—0,4

IIpomexyTouHas aTrecTanus N0 NPAKTHYECKUM/CEMHUHAPCKUM 3aHATUSIM— 3a4eT
BecoBoii k03¢ punueHT 3HAYUMOCTH Pe3yIbTATOB IPOMEKYTOYHON ATTECTALMH 110

NPaKTHYeCKUM/ceMUHAPCKUM 3aHsaTuamM—0,6

4. KPUTEPUN U YPOBHHU OILIEHUBAHUSA PE3VJIBTATOB OBYYEHHUA 11O

TACIHATIIAHE MOIYJIS

4.1.B pamkax BPC npumensitorcst yrBepKJaeHHbIE Ha Kadeape/MHCTUTYTe KpUTepUn (TIPU3HAKH )
OLICHUBAHUS JOCTM)KEHHH CTYJICHTOB MO IUCIUIUIMHE MOayis (Tabia. 4) B pamkax
KOHTPOJILHO-OIIEHOYHBIX MEPOTIPUATHI Ha COOTBETCTBHE YKa3aHHBIM B TaO.l pe3ynbraTam

00y4eHHS (MHINKATOPAM).

Tabnuua 4

Kpurepun onneHuBaHus y4eOHbIX JOCTHKEHUI 00y4al0IIMXCH

Pe3yabTarthl Kpurepun oneHuBaHus y4eOHBIX JOCTHKEHHH, 00y4alOIIUXCsl HA

00y4eHust COOTBETCTBHE Pe3yJbTAaTaM 00y4eHUs1/UHAUKATOPaAM

3HaHus CTyneHT AeMOHCTpHUpYeT 3HAHUSA W MOHHMaHUE B 00JaCTH M3yYCHHS
HAa YpPOBHE YyKa3aHHBIX HMHAWKATOPOB M HEOOXOAWUMBIE st
NPOJOHKEHUS 00yUYEeHHsI /WM BBINIOJIHEHUSI TPYIOBBIX (DYHKIHMH U
JEMCTBHIL, CBSI3aHHBIX C MPOECCHOHATBHON JEeSITebHOCTHIO.

YMenus CTyneHT MOXeT IPUMEHSATh CBOU 3HAHUS U MOHMMAaHHE B KOHTEKCTaX,

NPEICTAaBICHHBIX B OLEHOYHBIX 3aJaHUAX, AEMOHCTPUPYET OCBOECHUE
YMEHUH Ha YpOBHE YKa3aHHBIX WHIMKATOPOB W HEOOXOJIUMBIX [UIs
pOAOJKEHNUs OOy4eHHs W/WIN BBINOJHEHUS TPYAOBBIX (DYHKIMHA U
JeWCTBUH, CBA3aHHBIX C MPO(ECCHOHAIBHON AESTEIbHOCTBIO.

O11bIT /BlIafIEHUAE

CTy,Z[eHT ACMOHCTPUPYET OIIBIT B obOmactu HU3Yy4YCHHS Ha YPOBHC
YKa3aHHBIX UHAWUKATOPOB.

JImunocTHEIE
KauecTBa

CTy,Z[eHT ACMOHCTPUPYET OTBCTCTBCHHOCTHL B OCBOCHUHN PE3YJILTATOB
O6y‘-ICHI/ISI Ha YPOBHC 3aIlJITaHUPOBAHHBIX UHAUKATOPOB.

CryneHT cmocoOeH BBIHOCUTH CYXKJCHHUSA, JelaTh OLEHKH U
(hopMynHupOBaTh BEIBOIBI B 00JIACTH H3yUCHHS.




CTyaeHT MOeT coo0IIaTh MPENoAaBaTeNIo U KOJUIETaM CBOEro YpOBHS
COOCTBEHHOE MOHUMAHKE U YMEHHS B 00JIaCTH U3Y4YEHHUSI.

4.2 ]ns ouleHMBaHMUS YPOBHS BBITIOJHEHHS KpUTEPHUEB (YPOBHS JOCTHKEHUN 0OyUaIOMIUXCS TPU
IIPOBEJIEHUU KOHTPOJIbHO-OLIEHOUYHBIX MEPOIIPUATUN 110 AUCLUIIIIMHE MOIYJISI) UCTIOIb3YETCs

yHHUBepcaibHasl 1Kana (tadm. 5).

Ta0muma 5

I xaJyia oueHNBaHUS JOCTHKEHUS Pe3y/JIbTATOB 00yUeHHsl (MHAMKATOPOB) N0 YPOBHAM

XapakTepucTHKAa yPOBHeil JOCTHKEHUS Pe3y/JIbTAaTOB 00y4eHusi (MHANKATOPOB)

Ne CoaepixkaHue ypoBHS IIIkana oueHUBaHUsA
n/n BBINOJTHEHHUSI KpUTEpHus Tpanuuuonnas KauvecTBeHHasn
OlIEHMBAHUSI Pe3yJbTAaTOB XapaKTePUCTUKA YPOBHS XapaKTepucTHKA
o0ydeHus YPOBHS
(BBINMOJIHEHHOE OLIEHOYHOe
3aj1aHue)

1. Pesynbrarel 00yueHus OTan4HO 3auTeHo Bricokuii (B)
(MHIIKATOPBI) JOCTUTHYTHI B (80-100 6asoB)

IOJJHOM 00beMe, 3aMEUaHHuI HET

2. Pe3ynbrarer oOydeHust Xopor1o Cpennuii (C)
(MHIMKATOPHI) B IIETIOM (60-79 6a1oB)

JNOCTUTHYTBI, UMEIOTCSI 3aMeuaHus,
KOTOpPBIEC HE TPEOYIOT
00513aTeILHOTO YCTPAHCHHS

3. Pe3ynbrarel o0yueHus Y noBNeTBOPUTETTHH [Toporossrii (I1)
(MHIMKATOPHI) TOCTUTHYTHI HE B 0
MOJTHOM Mepe, €CTh 3aMeUaHus (40-59 6amnoB)

4. OcBoeHHE Pe3yNIbTaTOB 00yUEHUS HeynosnerBopuren He Henocrarounsiii
HE COOTBETCTBYET MHAUKATOPAM, BHO 3aYTEHO (H)
HUMEIOTCS CyIecTBeHHbIe ook U | (MeHee 40 6asioB)
3amMevaHus, Tpedyercs qopaboTka

5. Pesynbrar oOyueHus He nocTurHyT, | HemocrtaTo4Ho cBUIIETENHCTB Hert pesynbraTa

3aJaHHNC HE BBIIIOJIHCHO

JJIA OLICHHUBAHUA

5. COAEPKXAHUE KOHTPOJIbBHO-OHEHOYHBIX

JTUCHUIJIMHE MOIYJISI

3aI[aHI/I$I 0  KOHTPOJIbHO-OLICHOYHBIM  MCPOIPHUATUAM

YPOBHE.

MEPOIIPUSTUMA 11O

B paMKax TeKymed wu
MIPOMEXYTOUHOM aTTecTalui JIOJKHBI O0ecleurBaTh OCBOCHHME U JOCTHKEHHME PE3YJIbTaTOB
oOy4yeHHs (MHAMKATOPOB) W MPEIMETHOTO COAEP’KaHHs AUCLMILIMHBI Ha COOTBETCTBYIOIEM

5.1. OnucaHue KOHTPOJbHO-OLEHOYHBIX MEPONIPUATHI M CPEACTB TEKYLIEro

KOHTPOJIA IO TUCHUIVIMHE MOAYJIsA

5.1.1. llpakTHYecKHe 3aHATUS
He npedycmompeno
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5.1.2. JlaGopaTopHble 3aHATUS

Homep IIpuMepHBbIil nepedYeHb TeM NPAKTHYECKHUX 3aHATHH
3aHATUA

1 Exploratory Data Analysis. Meet with Pandas and its methods for working with
time series; meet with Seaborn and its methods for time series visualization.

2 Time Series Modeling. Deterministic models, main trend types, season models,
regular and non-regular events, white Gauss Noises, non-stationary noisy system,
random-walker behavior of the model.

3 Non-Parametric time series analysis. Meet with statsmodels.tsa. Time series
decomposition (trend, season, residual), non-parametric time series prediction,
moving average methods.

4 Machine learning based methods for time series. Meet with sktime. Time series
transformations, time series prediction with sktime.

5 ARMA Models. Specify of work with ARIMA using sktime, statsmodels,
pmdarima; the model order selection techniques; residual analysis; automatic
methods of order selection; specificity of SARIMA models; exogeneous factors in
SARIMAX model.

6 Classification of the univariate time series. Specificity of sklearn and sktime;
conventional machine learning methods in sklearn; special methods of sktime,
DTW distance, rocket classifier; dictionary-based classifiers.

7 Classification and forecasting of the multivariate time series. Specificity of
working with multivariate data; classification with WEASEL methods; vector
autoregression methods.

8 Deep-Learning based methods in Time series analysis. Investigation of 1-D CNN
in classification and forecasting tasks.

5.1.3. KypcoBas pa6ora / KypcoBoii npoext
He npeoycmompeno

5.1.4. KonTpouabHasi paéora
He npeoycmompeno

5.1.5. lomamnsis padora

IIpuMepHasi TeMaTHKA JOMAIIHUX paboT:

1. Statistical analysis of time series.
2. Autoregressive analysis of time series
3. Extraction, selection and processing of features from data in time series analysis.
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4. Features of using machine vision methods in time series analysis
5. Features of using deep learning methods in application to time series analysis.

IIpumepHbIe 3a1aHNs B COCTaBE JOMAIIHUX padoT:

1. Select some time series analysis problem, for instance some of them can be find by the
following link: https://www.kaggle.com/datasets?search=time+series. For instance, the dataset
with Air Quality parameters https://www.kagale.com/wiseair/air-quality-in-milan-summer-2020.
2. Understand the code materials provided outline for the relevant dataset.

3. Propose your own solution for the selected problem.

4. Home work can be done by 2-4 students.

5.1.6. PacuerHasi padora / PacueTHo-rpadguueckas paéora
He npeoycmompeno

5.1.7. Pedpepar / acce / TBOpUeckas padoTa
He npedycmompeno

5.1.8. IIpoexTHas padoTa
He npedycmompeno

5.1.9. lenosas (poJieBasi) urpa / Jledarsi / Iuckyccusi / Kpyrablii croa
He npedycmompeno

5.1.10. Keiic-anaau3s
He npeoycmompeno

5.1.11. KosLnokBHYM
KoHTpoabHbIe BOMPOCHI 1151 KOJUIOKBHYMOB:
Part 1

1.Define the time series;

2. Examples of tasks that reduce to time series analysis;

3. Tell us about the types of time series, what methods of reducing a time series to an
additive model can you name;

4. Tell us what are the components in the time series, how can you distinguish seasonality
from the cyclical part;

5.Give a definition of noise, what types of noise can be, why noise i.i.d. is of particular
importance;

6. Define deterministic and stochastic time series, give examples;

7. Give definitions of stationarity, give examples of stationary problems in a narrow and
broad sense, as well as an example of a non-stationary time series analysis problem;

8. Give examples of time series tests for stationarity, why they are needed.

9.Give examples of multiparametric time series, what is the difference between
exogenous factors and multiparametric factors;

10. Tell us about the main statistical characteristics of time series;

11.Tell us about the methods of analyzing the residual part of the time series;
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12. Tell us about the moving average methods, what types there are and why they are
needed.

13. Name the features of autoregression models-the moving average.

14. Name the conditions for the use of simple and seasonal differentiation in the ARSS
models.

15. Tell us about the difference between ARMA, ARIMA, SARIMA, SARIMAX models.

16.Name the meaning of the orders of the model SARIM (p,d,q)(P,D,Q)s.

17. Tell us how to choose the orders of the ARSS models.

18.Name the difference between: AIC, BIC and RSS.

19.Give examples of multidimensional time series and series with exogenous factors.
What ARSS models can be used for them?

20. Tell us what a generalized adaptive model is.

Part 2.

1. Tell us what signs time series have. Give examples.

2. Answer the question why and when should we consider individual signs of time series
and when the time series themselves.

3. Name the purposes of using intelligence data analysis.

4. Name some methods of distinguishing features in time series. Give examples.

5. Name some methods of feature selection in time series. Give examples.

6. Name the difference between the frequency and time representation of time series.

7. Compare the goals and features of using classical statistical methods and machine
learning methods in time series applications.

8. Name the tasks and methods of clustering time series. Give examples.

9. Name the methods for calculating distances and time series metrics. Give examples of
usage.

10. Name the methods of searching for anomalies in time series. Give examples.

11. What are the features of using deep learning in time series applications.

12. Give examples of architectures of fully connected neural networks for time series
analysis.

13. Give examples of convolutional neural network architectures for time series analysis.

14. Give examples of recurrent neural network architectures for time series analysis.

15. Give examples of neural network architectures using layers of attention for time
series analysis.

16. Explain the importance and meaning of extended convolution in time series analysis.

17. Explain the importance and meaning of using attention layers in time series analysis.

18. Compare different approaches to deep learning of neural networks in applications to
time series analysis. Give examples.

5.2. OnucaHue KOHTPOJIbHO-OLEHOYHBIX MEPONPUSITHI POMEKYTOYHOI0 KOHTPOJIS
10 JUCHMIJIMHE MOAYJIS

5.2.1. 3ayert B (popMe He3aBHUCHUMOI0 TecTOBOro KoHTpoJs (HTK)
HTK no nucuunianHe MOIyls He TPOBOAUTCSL.

151 npoBeeHNs MPOMEKYTOYHOM aTTecTallii HCIOJIb3YyeTCs
He npedycmompeno

Cnemndukanus tecra B cucreme CMY/IC Yp®@Y / ®II10 /MHTEepHET-TPEHAKEPA:
He npedycmompeno
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5.2.2. 3auer B TPaAUNIMOHHOH (popme (TECTHPOBAHHE)

[IpuMepHBIil BapuaHT UTOIOBOT'O TECTA:

1. Select the definition of trend in Time Series:

o part of any time series with almost monotonic (or locally monotonic) behavior,
and frequently high intensity.
o part of any time series with relatively high frequency of repeating.
o stochastic part of any time series, could be stationary or non-stationary.
Select wrong statement for Time Series Models:
o rare but regular events need to be considered as cyclic part.
o rare and irregular events can be excluded or processed as anomalies, like novelty,
faulty and e.t.c.
o cyclic can be included into trend one.
Select the expression for random walk trend:
o 0(D)=0/(1+000(-0(—0))).
o 0O_0O=0_(0-1)+0_0.
o [0(0)=0-1+0.
Select the definition of non-stationary time series:
o Time series for which different parts are differ.
o Time series with constant mean and variance for each of its segments.
o Time series for which each parts are the same with no matter in which moment
the part is taken.
Select the expression of auto-correlation function:

N-1
o 1Y y.
N i=0 ‘
N-1 )
© Y (v — ev):
#3 (,- e
N-1
¥ (yk—ev) (yiik—ev)
O _1 _=o
N var(y) '

6. Select the expression of SMAE measure:

n

3 (v5)

o — .
e
;N .

n n
© n2=:0 y +|y|'
n n
a5l

o —
n L T Y

n=0

7. Select the expression of Single Exponential Moving Average:

14



'1;.1'. = Ci'vr'. B (l o ﬁ}vr—l

!
=1 ; |
_'L’”: a [H:I m E W :__1,?

i=n—m

n i i
i=0
A p q
oy =XYay + X Be
Ty M i=0
O A 1 n
Yy = X WY,
i=n—-m

15



10.

11.

12.

13.

14.

15.

16.

Select the reasons for using ARIMA instead of ARMA in forecasting of time series:

o Select ARIMA If you obtain too big order of AR or MA parts for ARMA.

o Select ARIMA If you have too noisy data (high noises influence).

o Select ARIMA If you have non-stationary trend behavior of time series.

Select the reasons for using SARIMA instead of ARMA an ARIMA in forecasting of
time series:

o Select SARIMA If you have high season influence and/or non-stationary season
part.

o Select SARIMA If you have random-walk-like series behavior.

o Select SARIMA If you have non-stationary trend behavior of time series.

Select wrong statement about the feature engineering of Time Series:

o Exploratory Data Analysis allowing obtain for initial guesses of data behavior.

o Feature selection can as supervised as unsupervised.

o [Feature extraction is the task of data representation for its fitting for any particular
method.

Select the distance function for Time Series(or its segments) clustering for the case if you
have no requirements of similar in time behavior,

o Euclidean Distance.

o Cosine-Similarity (correlation distance).

o Dynamic-Time-Wrapping distance.

Select wrong strategy for anomaly detection:

o use isolated forest for supervised task.

o use auto-encoder for semi-supervised task.

o use one-class-support-vector-machine for unsupervised task.

Select wrong statement for time series classification:

o shapelet is a part of a time series segment that in the most represent its class.

o ensemble-based time-series classifiers (such as RISE and TSF) are combination
of specific point-wise feature extraction methods and random forest classifier based
on those features.

o The Hierarchical Vote Collective of Transformation-based Ensembles (HIVE-
COTE) can-not out-outperform dictionary based classifiers such as BOSS.

Select wrong statement about the Time Series Forecasting:

o classical machine-learning (data driven) algorithms allow to obtain best accuracy

for any data but with low computational cost.

o SARIMXA (in particular ARIMA) can not provide high performance on the large
multivariate datasets.

o Non-parametric-stochastic-models-based approach (like Holt-Winter) allow one
to obtain the best accuracy for the small amount of univariate data.

Select wrong statement about Deep-Learning in Time Series Analysis (DL in TSA):

o 1-Dimensional Dialed Convolution Neural Network is the most popular among
other DL in TSA due to relatively low probability of overfitting and high receptive
field.

o RNN are not the state-of-the-art of DL in TSA due to high complexity of training
too deep network.

o Non-linear Autoregressive Network (NAR, NARX) are the best in accuracy of
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forecasting in typical applications of DL in TSA.
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Pa3znen 3. OUEHOYHBIE MATEPHUAJIBI 110 IUCHUIIJIMHE

KOMIIBYOTEPHOE 3PEHUE

Mopyas M.1.7 [lpunoxxeHus HCKyCCTBEHHOTO UHTEIIIEKTa

OneHouHble MaTepUaibl COCTaBIECHBI ABTOPOM(aMH ):

Ne damuaua Uma Yuenas cTeneHb, Honpa3znenenune
JonxkHOCTH
n/n OTtuecTBO Y4eHOoe 3BaHue
1 Ponknn Muxann KaHIUAT TEXHUUYECKUX JOILIEHT YuebHO-HAyYHBIHN IIEHTP
Biragumuposuy HayK, HET “NudopmarrionHas
6e3onacuocts”’, UPUT-PTO,
YpdY

PexomeHnaoBaHO y4eOHO-MeTOAUYECKHM COBETOM MHCTHTYTA pPaJMO3JIEKTPOHUKH U
HH(OPMALHOHHBIX TEXHOJIO0T Ui - PT®

ITpotokon Ne 7 ot 11 oxTsi6pst 2021 T.
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1. NJIAHUPYEMBIE PE3YJbTATBI OBYYEHUA (MHIAUKATOPBI) 11O
JAUCHUIIVIMHE MOJY JISA KomnbiorepHoe 3peHue
Tabmuma 1
KonTpoabHo-oneHO4
Koan P
HbIE CpeaCcTBA /s
HAHMMEHOBaHH e
. HNuaukaTopsl OlleHUBAHMS
KOMIIeTeHIHii, I[Inanupyembie
AOCTHKEHUS AOCTHKEHUS
¢popmupyembie pe3yJabTaThbl 00yUeHust
KOMIIeTEeHINH pe3yjabTarta
€ y4acTuem
00yueHHs 1O
AUCHMILINHBI
AUCIHHUILINHE
1 2 3 4
OIIK-8. Criocoben |OTIK-8.1. Ilpumensier OIIK-8.1. 3-1. 3naer KonTposnbHas pabora,
pa3pabaTtbiBaTh MHCTPYMEHTAIBHBIE CPENbI, |MHCTPYMEHTAIBHBIE CPEBI, JOMaIrHss pabora,
aJIT'OPUTMBI U IIPOrPaMMHO-TEXHUYECKUE  [IIPOrPAMMHO-TEXHUYECKHUE KOJJIOKBUYM,
IIpOrpaMMHBIE aTGOPMBI TS perIeHust TIAT(OPMEI JUIS PEIICHHST BEITIOJTHEHIE
cpeacTna Juist 3a/1a4 B 00J1aCTH Co3/aHus U |PpoheCcCHOHAIbHBIX 3a/1a 136 OPATOPHBIX P 260T

pemeHus 3ana4 B
00J1aCTH CO3JaHUSs
nu HpI/IMeHeHI/ISI

NPUMEHCHUA NUCKYCCTBCHHOT'O
HWHTCIIJICKTa

OIIK-8.1. V-1. YMmeer
HpI/IMeHSITI)
HHCTPYMEHTAJIBLHBIE CPENBI,

HCKYCCTBEHHOTO MIPOTPaMMHO-TEXHUIECKUE
HAHTEIJIEKTA TIAT(OPMEI JUIS PEIICHHST
podeCCHOHATBHBIX 3a1a
OIIK-8.2. OIIK-8.2. 3-1. 3naer OIIK-8.2. Pa3pabarbiBaer
PazpabatriBaer MPUHIIUTIBI Pa3paboTKu OpUTHHAIIBHBIC TIPOrPAMMHBIC
OpUTHHAIIbHBIC OPUTHHAIBHBIX MPOTPAMMHBIX|CPECTBA IS PEIICHUS 3324
porpaMMHBIE CPEICTB /ISl PEIICHUS B 00J1aCTH CO3IaHUsI U

CpeacTBa IS
pelIeHus 3a1a4 B
00J1aCTH CO3IaHMs
U IPUMEHCHHUS
HCKYCCTBEHHOTO
HHTEIIEKTA

npodecCHOHANBHBIX 3a1a4
OIIK-8.2. Y-1. YMmeer
pa3pabaTrIBaTh
OpHUTHUHATIBHBIC TPOrPAMMHbBIE
CpEJICTBA JUTS PEIICHUS 3a/1a9
B 00JIacTH CO3TaHUS U
MPUMEHEHUS HCKYCCTBEHHOTO
MHTEJIICKTA

IMPUMCEHCHUA UCKYCCTBCHHOI'O
HHTCIIICKTA

IIK-7. Cnocoben
PYKOBOIUTH
MPOEKTaMH T10
CO3/IaHHIO,
BHEJIPEHHUIO U
UCIIOJIb30BAHUIO
OJHOW MIH
HECKOJIBKHX
CKBO3HBIX

1 (poBHIX
CyOTEeXHOIOT it
HCKYCCTBEHHOT'O
MHTEIUIEKTA B
MPUKIIAIHBIX
obnactsax

[IK-7.1. PykoBoaut
IIPOEKTaMH B 00JIACTH
CKBO3HOH H(POBOI
CyOTEXHOIOT I
«KoMIbIOTEPHOE 3pEHUEY

[IK-7.1. 3-1. 3naer
MPUHLMIIBI TOCTPOSHHS
CHCTEM KOMITbIOTEPHOr'O
3pEeHHs1, METOBI U TTOIXO/BI K
IUTAHUPOBAHUIO U PeasIn3alin
IIPOEKTOB I10 CO3IaHUIO
CHCTEM HUCKYCCTBEHHOTO
MHTEIJIEKTa Ha OCHOBE
CKBO3HOM mu(poBOit
CyOTEeXHOIOTHHI
«KommbrorepHoe 3penue»
[IK-7.1. ¥-1. VYmeer
PYKOBOAMTH MPOEKTaMH I10
CO3/IaHHUIO, BHEIPEHUIO U
MOJAEPIKKE CUCTEM
MCKYCCTBEHHOT'O MHTEJUIEKTA
Ha OCHOBE CKBO3HOM
U(pPOBOI CyOTEXHONOTHH
«KoMnproTepHOE 3peHue)
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2. BUJIbl CAMOCTOSITEJIbHOM PABOTHI CTYJEHTOB, BKIIIOYASI MEPOITPUATHSA TEKYIIEN ATTECTAIIUA
2.1 Pacnipesesienne 00beMa BpeMeHH 110 BHAaM y4eOHOii padoThI

Tabmuma 2
O0beM BpeMeHH, 0TBeIeHHBIH HA 0CBOeHHUE TUCIHILTHHBI MOTYJIsI
Bcero mo
AyAWTOpHBIE 3aHSATHS, Yac.
AUCHUTIJIHHE
Ne
/ HaunmeHnoBanue CamMmocTosiTesIbHAs
" JHMCUUIINHBI MOTYJISA 3ansaTus IIpomexyTouHast pabota 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
1 | KomnbroTepHOe 3peHie 18 0 36 54 3ager 62,35 153,65 216 6
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2.2 Buasl CPC, ko1n4ecTBO 1 00beM BpeMeHU HA KOHTPOJILHO-OLIEHOYHbIE MEPOTIPUSITHS
CPC no aucuunjanHe

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.

Tabmuma 3
KoauuectBo Oo6bem
. KOHTPOJIbHO-0II€ | KOHTPOJIbHO-0LIEH
Ne | Bua camocTosiTe/IbHOW PadoThI CTY/IEHTA
HOYHBIX OYHBIX
n/n MO JUCIUIJIAHE MOTYJISI . N
MeponpusTHl MeponpusTH
CPC CPC (uac.)
1. [ToaroToBKA K ayAUTOPHBIM 3aHATUSAM U
MEPOTIPUATHSAM TEKYIIIETO KOHTPOJIS: 27 qac
JIEKITMOHHBIM, JTA00PATOPHBIM 3aHSTHSIM. ’
2. KomnoxBuym Ne 1 1 5 yac.
3. KommoxBuym Ne 2 1 5 yac.
4, Jomanrass paboTa 1 5 gac.
5. KonTtponsHas padota 2 10 ygac.
5. [ToaroroBka k 3a4eTy 3a4er 12 4ac.
6. CamocTosITeNIbHOE U3yYEHHE MaTepuaia 89,65 yac.
Hroro va CPC no nucuuniuHe: 153,65 ygac.

3. MPOLEAYPBI KOHTPOJISI U OLIEHUBAHHUS PE3VJIbTATOB OBYUEHHUS B
PAMKAX TEKYIIEN U MIPOMEXYTOUYHOW ATTECTALIMM IO JUCLHUIIIAHE
MOJYJISI B BAJUIBHO-PEATMHITOBOW CHUCTEME (TEXHOJIOTUYECKAS
KAPTA BPC)

IIpouenypsbl Tekyleid U MPOMeKYTOUHOI aTTECTALMHU MO JUCHUILIHHE

1.JIexknun: k03¢GGpUIHEHT 3HAYUMOCTH COBOKYITHBIX Pe3y/1bTATOB JTCKIMOHHBIX 3AHATHH —

0.5

Texkymas arrecranus HAa JeKIHAX Cpoku — |MaxkcumaJjbHa
cemMecTp, | OLEHKAa B
yueOHast 0aJjuax
He/ el

Konnoxeuym Nel 2 cem. 25
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Konnoxeuym Ne2 2 cem.. 25

Koumponvnas paboma Ne 1 2 cem. 25

Koumponvnas paboma Ne 2 2 cem. 25

BecoBoii KO3(l)(l)HllHeHT SHAYUMOCTH peE3yJabTaToB TeKleIeﬁ aTrrecral 1o JEeKINUudAM —
0,5

IIpomexyTouHAsi ATTECTAMSA MO JEKIUIM — 3auent.
BecoBoii k03 GUIIHEHT 3HAYUMOCTH Pe3yJIbTATOB MPOMEKYTOYHOIH aTTecTAllUH MO
JgekausaMm — 0.5

2. JJabopaTopHbIe 3aHATHSA: KOI(PPUIMEHT 3HAYHMOCTH COBOKYNHBIX pPe3y/bTaTOB
NpaKTHYeCKUX/ceMuHapCcKuX 3anaTuid — 0.5

Texyasi aTrecTanus Ha Ja00PaTOPHBIX 3aHATHAX Cpoku — |MakcumajbHa
ceMecTp, |1 OLEHKa B
yueOHast oaJsu1ax
Hej1eJIst

IIposepra omuemos no nabopamopnwvim pabomam 2 cem. 50

Jlomawnss paboma Nel 2 cem. 50

BecoBoii k03¢ puUUMEHT 3HAYUMOCTH Pe3yJbTAaTOB TeKylllell aTrecTalud 10
J1a00opaTOPHBIM 3aHATUAM — 0

IIpomexyTouHasi aTTecTAl U N0 JIA0OPATOPHBIM 3aHATHAM — HET.
BecoBoii k03 PuuMeHT 3HAYUMOCTH Pe3yJIbTATOB MPOMEXKYTOYHOH ATTEeCTALMHU IO
JadopaTopHbIM 3aHATHAM — 0

3. [IpakTHYecKkne/ceMUHAPCKHE 3aHATHS: He NPeIyCMOTPEHbI.
K03 (PUIIHEHT 3HAYUMOCTH COBOKYIHBIX Pe3y/IbTATOB NPAKTHYECKUX 3aHATHII — 0

4. KPUTEPUM U YPOBHM OLEHWBAHMSI PE3VJLTATOB OBYUYEHMS IO
JTUCHUIJIMHE MOJYJISI

4.1 B pamkax bPC nmpumeHstoTcsi yTBepKACHHbIE Ha Kadeape/MHCTUTYTe KpUTepuu (MIPU3HAKU)
OLICHUBAHUS JOCTHKECHHI CTYICHTOB IO JUCHUIUIMHE MOy (Tabi. 4) B paMKax KOHTPOJIbHO-
OIICHOYHBIX MEPOIPHUITUH Ha COOTBETCTBHE YKa3aHHbIM B TaOi.l pe3ynbratam oOy4YeHHs
(MHAMKAaTOpaM).

Tabmumna 4
Kpurepun oneHuBanns y4eOHbIX J0CTHKEHHI 00y4arouxcs
Pesyabrarsl Kpurtepun oneHuBanus y4eOHBIX JOCTHKCHHH, 00y4arommxcss HA
o0y4eHus COOTBETCTBHE pe3yabTaTamM 00y4eHHs1/HHANKATOpaM
3HaHUsA CTyneHT NeMOHCTPUpPYET 3HAHHUS W NOHUMaHHWE B OOJNACTH M3y4YEHUS

Ha YpOBHE YKa3aHHBIX MHIUKAaTOPOB U HEOOXOOUMBIE IS
MIPOJIOJDKEHHSI 00YYEHUS W/WIIN BBIMOJHEHUS TPYIOBBIX (YHKIUH U
JIEWCTBUH, CBSI3aHHBIX C MPO(ECCHOHATBHOM IS TETbHOCTBIO.

21



YmMmenusa

CTyneHT MOXET MPUMEHATh CBOM 3HAaHUS U MOHUMaHHE B KOHTEKCTAaX,
MPEICTAaBICHHBIX B OLEHOYHBIX 33JaHUAX, JEMOHCTPHPYET OCBOCHHE
YMEHUH Ha YpOBHE YKa3aHHBIX WHIMKATOPOB W HEOOXOIUMBIX IS
MPOJOJDKEHHUsST OOYyYSHHSI W/WIM BBINIOJHEHUS TPYHAOBBIX (YHKIUH U

JICViCTBUH, CBSA3aHHBIX C MPO()ECCHOHAIBHON AEATEIBHOCTHIO.

O1bIT /BlIaZICHUE

CTyzneHT NeMOHCTPUPYET OMBIT B 00JacCTU M3y4y€HHUs HAa YpOBHE
YKa3aHHBIX WHJIUKATOPOB.

JInyHOCTHEIE
KauecTBa

Crynent

crocooen

BBIHOCHUTH

CTyneHT JeMOHCTPUPYET OTBETCTBEHHOCTh B OCBOCHUHU PE3YyJIbTAaTOB
00y4eHHs HAa YPOBHE 3aIlUIAHUPOBAHHBIX HHIUKATOPOB.

CYXICHUS,
(hopmMyTUpOBaTh BBIBOBI B 00JIACTH W3YUYCHHUS.
CryzneHT MOKeT coo0IIaTh NPEeno1aBaTeNio U KOJUIEraM CBOEro YpOBHS
COOCTBEHHOE TIOHMMAHHUE W YMEHUS B 00JIaCTH U3YUCHHUSI.

J€J1aTh

OOCHKHN U

4.2 Jlnst olleHWBaHUS YPOBHS BBITIOJTHEHUS! KPUTEPHEB (YPOBHSI JOCTIKEHUN 00yJarOmuXcs MpH
MMPOBCACHUHU KOHTPOJIBbHO-OLICHOYHBIX MBpOHpHHTHﬁ 10 AUCIUIIIINHE MOHynﬂ) HCITOJIB3YCTCA
yHHUBepcajbHas 1mkana (tadm. 5).

Taomuma 5

Ikana oueHUBaHUS JOCTUKEHUS Pe3yJIbTATOB 00y4eHHsl (MHAMKATOPOB) 110 YPOBHAM

XapakTepucTHKA YPOBHEH TOCTHKEHUS Pe3yJIbTaTOB 00yueHusl (MHIMKATOPOB)

Ne Coaep:xkanue ypoBHs IlIkana oueHnBaHUs
n/n BbINOJIHEHUS] KPUTEPUs TpaguuuoHHas KauecTBennas
OIIeHMBAHUSI Pe3yJIbTATOB XapaKTepHCTHKA YPOBHSA XapaKTepPUCTHKA
o0y4eHust YPOBHS
(BBINIOJIHEHHOE OILIEHOYHOE
3ajlaHue)

1. Pe3ynbrarel o0yueHus OTan4HO 3auTeHo Bricokuii (B)
(MHIMKATOPHI) JOCTUTHYTHI B (80-100 6aoB)

MIOJIHOM 00BEME, 3aMEUaHUI HET

2. Pe3ynbrarel oOydeHust Xopor1o Cpennuii (C)
(MHIMKATOPBI) B IIETIOM (60-79 6asoB)

JOCTUTHYTBI, HMEIOTCSI 3aMeUaHusl,
KOTOpbIE HE TPeOYIOT
0053aTeNLHOTO YCTPAHEHUS

3. Pe3ynbrarel o0yueHus Y 10BIETBOPUTEIHH [Toporogsrii (IT)
(MHAMKATOPBI) JOCTUTHYTHI HE B 0
MOJIHOW Mepe, €CTh 3aMEUYaHus (40-59 6amoB)

4, OcBoeHue pe3yabTaToB 00yUYEeHHUS Heynosnersopuren He Henocrarounslii
HE COOTBETCTBYET MHAUKATOPAM, BHO 3aYTEHO (H)
UMEIOTCS CYLIECTBEHHbIE OMINOKU M | (meHee 40 6amioB)
3aMevaHus, Tpedyercst JopaboTka

5. Pe3ynbrar 00yueHust He TOCTUTHYT, HenocraTouno cBuaeTenbCTB Hert pesynbTaTa
3aJlaHUE HE BBITIOJHEHO JUIS OIICHUBAHUS
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5. COJEPKAHUE KOHTPOJIbHO-OLLEHOYHBIX MEPONPUSITUI TIO
JUCHUILIMHE MOJIY.JISI

3ajaHuss 1O KOHTPOJIbHO-OLIEHOYHBIM MEpPONPUATHAM B paMKax TeKylled H
IIPOMEXYTOUYHOM aTTeCTalluu JOJDKHBI OOECHeurBaTh OCBOCHHE M JIOCTHKEHUE pE3YJbTaToOB
oOy4yeHus (MHAMKATOPOB) W MPEIMETHOTO COACP)KAHHS JWCHMILIMHBI Ha COOTBETCTBYIOIIEM

YpOBHE.

5.1. Onucanue KOHTPOJBbHO-OICHOYHBIX Mep()l'lpI/IﬂTl/lﬁ U CPEACTB TEKYHIEro
KOHTPOJIA M0 JTUCHUIIJIMHE MOAY IS

5.1.1. IlpakTUYecKue 3aHATHUS
He npedycmompeno

5.1.2. JIaGopaTopHble 3aHATUS

Homep
3aHATHUSA

IIpumepHBbIii NepedyeHb TeM J1a00paTOPHbIX 3aHATHI

The study of image representations and classical methods of their processing.
Introduction to the opencv or skimage library. Image representation, image
generation. Adding noise to the image. A histogram of the brightness of the image.
Methods of working with the brightness histogram. Methods of working with
image filters.

Study of the features of classical methods for solving computer vision problems.
Methods of HOG, DAISY, watershed, angle detection, correlation and others.

Studying the features of the pytorch library. Data representation, methods of
working with data, image representation and their preprocessing. The study of a
fully connected autoencoder for the MNIST dataset.

Studying the features of image classification using a convolutional neural network
in the pytoch library. The CIFAR10 dataset. Architecture of convolutional
networks, features of network training for classification tasks. Transfer of training.

Segmentation models in computer vision problems. Studying the U-net model.
Retraining of the model. Features of learning transfer for semantic segmentation
tasks. The study of image augmentation in semantic segmentation problems.

Tasks of searching and localization of objects in images. Features of the
Detectron2 library. The COCO dataset. The study of neural networks Faster-
RCNN (object detection), Mask-RCNN (instance segmentation) and FPN
(Panoptic Segmentation).

Tasks of one-stage search and localization. Studying the features of the YOLO
architecture.
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8 The task of generating images. Training the generation network for the Fashion
MNIST dataset. Learning InfoGAN. Studying CycleGAN.

5.1.3. KypcoBas pa6ora / KypcoBoii mpoekT
He npedycmompeno
5.1.4. KourpoJbHasi padota
1. Advantages and Disadvantages of Using Deep Learning in Image Processing (Computer
Vision).
2. Advantages and Disadvantages of Alternative approach to Using Deep Learning in Image
Processing (Computer Vision).
3. Advantages of using Convolution Neural Network (CNN) in Image Processing and Analysis
(Computer Vision).
4. Structure of Convolution Neural Network (meaning of feature extractor (backbone) and
types of head layers).
5. Meaning of an Receptive Field in CNN
6. Explaining how 2d-convolution layer work (Multiple Channel Multiple Kernel)
7. Meaning of extending the 2d-convolution operation (padding, stride, dialed rate)
8. Types of Convolution and their aims:
- Conventional (square) Convolution,
- Cascade Convolution,
- Grouped Convolution,
- Spatially Separable Convolution,
- Pointwise Convolution,
- Deepwise-Convolution (and Deepwise-Separable Convolution),
- Pixel-shuffle (High Resolution) Convolution,
- Transposed Convolution.
9. Meaning of the Local Pooling Operation in CNN (for instance max-pooling).
10. Types of Local Pooling operations and their aims: max-pooling, average-pooling,
11. Advantages of the Global Average Pooling in CNN in comparison with flatten operation.
12. Types of Upsampling Layers
13. Meaning of the Activation Function in Neural Networks
14. Why we use Sigmoid and SoftMax in Last Layers for Classification tasks (Advantages and
Disadvantages of Sigmoid Activation function).
15. Advantages of Reflected Linear Unit (ReLU) in hidden layers of CNN.
16. Types of ReLU: ReL U6, Leaky ReL U, Parametric ReLU, ELU, SELU, GELU, Swish, Mish
and how do you think why they all need (Disadvantages of Conventional ReLU).
17. Meaning of Weights initialization.
18. Difference between Binary Classification, Multi-Class Classification and Multi-Label
Classification,
19. Types of Loss Function for Classification:Binary Cross-Entropy, One-Hot Categorical
Cross-Entropy, Sparse Categorical Cross-Entropy, Imbalance cases.
20. Reasons of using Cross-Entropy with Logits (Binary Cross-Entropy with Logits and
Categorical Cross-Entropy with Logits).
21. Types of Regression Loss: L2, L1, L1smooth (Huber Loss)
22. Specificity of Loss function in Semantic Segmentation.
23. Method of Neural Network Regularization: L2, data augmentation, 2d Dropout (spatial
Dropout), Batch Normalization.
24. Advantages and Disadvantages of Batch Normalization and why some times we need to use
Layer Norm or Group Norm.
25. Meaning of Cross Validation.
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26. Meaning of Learning rate choosing and scheduling.

27. Types of Stochastic Gradient Descent (SGD): SGD with Momentum (Nesterov), RMS prop,
ADAM - why they need to use.

28. The main tendencies in the modern state of CNN Architectures.

29. The main idea of Network In Net (and inception layer).

5.1.5. lomamnuss padora

IIpumepHas TeMaTHKa JOMAIIHUX paboT:

1. Modern approaches to solving computer vision problems.

2. Features of using machine learning methods in computer vision tasks

3. Features of neural networks and their training on the example of fully connected neural
networks.

4. Features of the problem of image classification using convolutional neural networks.

5. Features of semantic segmentation tasks and computer vision tasks that reduce to them

6. Features of the tasks of searching and selecting objects in images and computer vision
tasks.

IIpumepHbIe 3a1aHUs B COCTaBe JOMAIIHUX padoT:

1. Choosing a computer vision task and the corresponding data set, for example, on a
website https://www.kaggle.com/datasets ?tags=13207-Computer+Vision, for example, a
dataset https://www.kaggle.com/rhammell/full-vs-flat-tire-images corresponding to the
task of classifying flat tires by their photos.

2. Understand the outline of solutions presented for the corresponding data set.

Offer your own solution to the chosen task.
4. Homework can be done by a team of 2-4 students.

w

5.1.6. Pacuernasi padora / Pacuerno-rpaduueckas padora [ocmasums nyoicroe].
He npedycmompeno

5.1.7. Pedepar / 3cce / TBOpUeckasi padora [ocmasums Hydcroe]
He npedycmompeno

5.1.8. [IpoekTHas padora
He npedycmompeno

5.1.9. JlenoBas (poJieBasi) urpa / Jle6atnl / Juckyccusi / Kpyriubiii cros
He npedycmompeno

5.1.10. Keiic-anaau3s
He npeoycmompeno

5.1.10. Ko/u10kBHYM

IIpuMepHas TeMAaTHKH KOJUIOKBUYMA'!
Colloquium No. 1:
1. Modern approaches to solving computer vision problems.
2. Features of using machine learning methods in computer vision tasks.
3. Features of neural networks and their training on the example of fully connected neural
networks.
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Colloquium No. 2:

1.
2.
3.

4.

Features of the problem of image classification using convolutional neural networks.
Features of semantic segmentation tasks and computer vision tasks reduced to them.
Features of the tasks of searching and selecting objects in images and computer vision tasks
that reduce to them.

An overview of the problem of generating images, and their representation, as well as
computer vision problems that reduce to them and methods for solving them using deep
neural networks.

HpI/IMeprle 3alaHUsA [1JI KOJUIOKBUYMaA:
Colloquium No. 1:

1.

2
3.
4

o

o N>

10.
. Differences between machine learning methods and other statistical methods.
12.
13.
14.
15.

16.
17.

18.
19.
20.

21.

22.

23.
24,

25.

26.

Methods of digital representation of images.

. Typical image processing tasks.

Current trends in solving computer vision problems and approaches to solving them.

. To give examples of computer vision problems when neural networks have advantages

over classical methods, to justify the answer.

What types of neural networks are currently popular in computer vision systems, what
tasks do they solve?

Classification of computer vision systems, areas of their application.

Methods of solving computer vision problems.

Features of the convolution operation.

The purpose of using the convolution operation.

What is machine learning?

Differences between neural networks and deep neural networks.

Advantages of using deep neural networks in computer vision applications.

Types of neural networks for solving computer vision problems.

Features of convolutional neural networks among other approaches to solving computer
vision problems.

Explain the purpose of using mini-batches in gradient descent.

Explain what problems conventional gradient descent has, why more complex methods
such as adaptive and second-order methods are needed.

Explain how the reverse propagation of the error works for a multilayer perceptron with
one outpult.

Name and comment on the problem of over-training /under-training of neural networks,
how to reduce the likelihood of over-training.

Explain how the features of data preparation affect the conditionality of the formed sample,
why training, test and validation samples are needed.

What do you think, why do we need different options for initializing neural network
weights, how do you think the pre-training of neural networks affects the learning result,
whether it is possible to retrain trained neural networks and how.

What results in the absence of an activation function (linear activation) in the hidden layers
of the neural network.

Name the main types of activation functions.

Why do you think the ReLU function is often used on the internal layers of the network,
why do you need the rest of the activation functions,

How do you think drop-out methods help in regularization of neural network training,
explain the operation of drop-out.

Why do you think normalization methods (including butch normalization) have gained
wide popularity, what are their advantages and disadvantages?
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27.
28.

Name the regularization methods in neural networks and the purpose of their use.
What do you think are the advantages and disadvantages of convolutional networks
compared to such networks as fully connected.

Colloquium No. 2:

N

o

11.
12.

13.

14.

15.
16.

17.

18.

19.

20.

Advantages of using deep convolutional neural networks in computer vision applications.
Explain the architecture of LeNet and the purpose of using each type of network layer.
Why do you think it is necessary to replace a simple convolution operation with more
advanced analogues, give examples.

Name the main types of convolutional layers in neural networks and their applications.
What do you think, why do you need a 1x1 convolution (point convolution), what types
of convolutions with the use of a 1x1 convolution you can bring.

Why do you think deep convolution is needed, name several types of convolutional
neural network architectures where it is used.

Give examples of modern convolutional network architectures and tell about them, what
is their trend.

What do you think makes it possible to move from the classification task to the
segmentation task, how it is implemented in practice, give examples.

To give variants of convolutions in decoders of segmentation neural networks,

. Briefly explain the features of bilinear interpolation, reverse convolution, convolution

with increased resolution, tell where these operations are used.

Briefly explain the features of the localization networks of objects in images.

Briefly explain the features of the operation of networks of a multi-stage (regional)
approach to the detection and selection of objects in images.

Briefly explain the features of the work of networks of one-stage approaches to the
detection and selection of objects in images.

Briefly explain what tasks can be solved with the help of networks for detecting and
highlighting objects in images.

Briefly describe the tasks of instance segmentation and panoptic segmentation.

What are the differences between the generative approach and the traditional discriminant
approach that you can name, and what principles of generative networks are used today.
What do you think, why exactly generative - adversarial networks (GANS) have become
widespread, what are their features and differences from other types of generative
networks.

What kind of training do you think auto-coding networks belong to? Give examples of
solving problems using auto-coding networks, how does an auto-coding network differ
from a trivial repeater.

What are the main trends in the development of deep learning methods of neural networks
in computer vision applications.

Name the features of transformer networks in comparison with convolutional networks.

5.2. Onucanue KOHTPOJIbHO-O0LEHOYHBIX MEPONPUATHI TPOMEKYTOYHOI0 KOHTPOJIS
10 JUCHMIIJIMHE MOAYJIS

5.2.1. 3a4yet B ¢popme He3aBUCUMOI0 TecTOBOro KoHTpoJs (HTK)

HTK no AUCHUIUIMHE MOYJIA HC ITPOBOAUTCA.
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5.2.2. 3a4et B TPaAMUHOHHOIi (popMe (YCTHBIC /TUCHMEHHBIE OTBETHI HA BOTIPOCHI):

1. Select the wrong statement about the reasons of popularity of Convolution Neural Network in
the Image Processing and Analysis:
1. Automatically feature extraction (without manually formal description of
features).
2. High degree of weights reusing (Memory Effect).
3. Reduce the number parameters in comparison with full-connected
networks.
2. Select the correct statement about the 2D-Convolution (conventional with the square
kernel):

1. Input for convolution usually have 2 dimensions.

2. Each kernel has 3 dimensions and produce one value through each step (or
its sliding).

3. Each kernel can produce any required number of feature map.

. Select the correct statement about the specific types 2D-Convolution:

1. Cascade Convolution it is the sequential horizon and vertical rectangular
convolutions.

2. Group Convolution allows one to increase the receptive field.

3. Dialed Convolution allows one to reduce the overall number of
parameters.

4. Select the wrong statement about the specific types 2D-Convolution:

1. Point-Wise convolution often applied for reducing/increasing number of
feature maps.

2. Deep-Wise convolution allow to reduce overall number of parameters.

3. Spatially-Separable convolution using to replace one square large-size
kernel with several small-size square kernels, like 7x7 is equal to 3 3x3
kernels.

. Select the correct statement about the Global Pooling:

1. Global Max Pooling is the most popular in this area.

2. Global Pooling allow one to overcome the problem of additionalfull-
connected layers (in comparison with flatten layer).

3. Global Pooling allows one to reduction in the number of channels.

. Select the wrong statement about the conventional ReLU drawbacks:

1. ReLU has problem of vanishing when a lot of the weights are become
zZeros.

2. ReLU has a problem with lack of saturation above zero.

3. ReLU has saturation of its gradient.

7. Select the correct statement about the Weights Initialization:
1. Better to initialize weights with small uniformly distributed values.
2. Better to initialize weights with random values that have distribution with
dispersion inversely proportional to number of parameters values.
3. Better to initialize all weights with the same variance.
8. Select the correct statement about the Weights Initialization:

1. Better to initialize weights with small uniformly distributed values.

2. Better to initialize weights with random values that have distribution with
dispersion inversely proportional to number of parameters values.

3. Better to initialize all weights with the same variance.

. Select the correct definition of Loss Function:

1. Loss function is a method of evaluating how well your models suit for

your task and for your data.
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2. Loss function show the accuracy of the model in your task.
3. Loss function allow to estimate average error among the all dataset (or its
batch).
10. Select the wrong choose of Loss Function for Semantic Segmentation task:
1. Mean Square Error in each pixel for determine how well we suit the shape
of object.
2. Categorical Cross Entropy in each pixel for its class classification.
3. Dice loss for determine how well we highlight an target area.
11. Select the correct reason to introduce the regularization for Neural Network:
1. Reducing of the overfitting problem.
2. Reducing of the training time.
3. Increasing the accuracy on the training data.
12. Select the correct reason to use DropOut regularization :
1. Reduce the probability of the co-adaptation problem.
2. Reducing the requirement for learning rate and other hyper parameters.
3. Reduce the probability of the gradient explosion problem.
13. Select the correct reason of using BatchNorm regularization :
1. Reduce the probability of the co-adaptation problem.
2. Reduce the influence of the Internal Co-variate shift problem between the
batches.
3. Increase the accuracy in the case of independent data.
14. Select the correct Drawback of Simple BatchNorm regularization :
1. Reducing the accuracy in the case of the small or different batch size.
2. Require to decrease the learning rate due to the change of loss function
behavior.
3. Increase the gradient vanishing probability.
15. Select the correct Drawback of Simple BatchNorm regularization :
1. Reducing the accuracy in the case of the small or different batch size.
2. Require to decrease the learning rate due to the change of loss function
behavior.
3. Increase the gradient vanishing probability.
16. Select the wrong specificity of other Normalization techniques in comparison with
BatchNorm:

1. LayerNorm work similar as in evaluation as in training stages.
2. GroupNorm work well only for large batch size.
3. In the case of small batch size you may also use weigh normalization (or
standardization).
17. Select the wrong statement about the Cross-Validation:
1. Hold-Out Cross-Validation is the most common choice.
2. K-Fold cross validation can be applied to best model selection.
3. Use Hold-Out Cross-Validation for Imbalance data.
18. Select the correct statement about the Stochastic Gradient Descent, SGD:
1. Use SGD with momentum especially for small batch size.
2. Split you data on batches before training.
3. Use learning rate scheduler only for simple SGD.
19. Select the correct statement about the Adaptive Stochastic Gradient Descent, SGD:
1. RMSProp do not require to use momentum.
2. Do not Use learning rate scheduler.
3. Adam allow to take momentum into account automatically.
20. Select the correct statement about the VGG Net:
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1. VGG use cascade convolution, which allowed increase the depth up to 19
layers.
2. VGG smaller than AlexNet (have less parameters).
3. VGG has similar structure with LeNet.
21.Select the wrong statement about the Network in Network, NiN:
1. InceptionNet (GoogLeNet) is the extension of the NiN idea.
2. NiN is supposed to learn ensemble of networks and one after all of them.
3. Different paths of the gradient in NiN are supposed to learn different
features.
22. Select the wrong statement about the reason why Resnet work:
1. Skip connection reduce the requirement of dataset size because working as
regularization.
2. Skip connection allows one to avoid the layer overfitting by its correction
or by turning its off.
3. Skip connection allows one to make almost infinity depth of network by
making some of the identity.
23. Select the wrong statement about the specificity of Resnet work:
1. use the same channel size in the input and output of the resnet block.
2. if the number of channels in the input and output of resnet bock different
use pointwise convolution.
3. do not use dropout in the resnet block.
24. Select the wrong statement about the DenceNet:
1. DenseNet allows one to take into account low-level information by several
skip-connection ways.
2. DenseNet increase the number of parameters in comparison with ResNet.
3. DenseNet do not require to have the same number of channels in the
skip-connections due to concatenation.
25. Select the wrong statement about the MobileNetwork (V2):
1. MobileNet use block with expansion as hyperparameter and projection.
2. MobileNet use DeepWise-Separable convolution.
3. MobileNet do not use Residual Connections due to small size requirement.
26. Select the wrong statement about the Squeeze-and-Excitation block, (SE block):
1. SE block allow to highlight the most important features.
2. SE block make squeeze through each channel dimensions (width and
height).
3. SE block have excitation intensity as hyperparameter.
27. Select the wrong statement about the Efficient Net:
1. Efficient Net architecture was obtained by the automatic architecture
search mechanism.
2. Efficient Net uses Mobilenet-based blocks.
3. Efficient Net is intended to be used on small devices (like Mobile Phone).

30



	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ
	1. ОБЩАЯ ХАРАКТЕРИСТИКА МОДУЛЯ ПРИЛОЖЕНИЯ ИСКУССТВЕННОГО ИНТЕЛЛЕКТА
	1.2. Структура и объем модуля
	1.3. Последовательность освоения модуля в образовательной программе
	1.5. Форма обучения
	2. СОДЕРЖАНИЕ И ОБЕСПЕЧЕНИЕ РЕАЛИЗАЦИИ ДИСЦИПЛИН МОДУЛЯ
	РАЗДЕЛ 2. СОДЕРЖАНИЕ И ОБЕСПЕЧЕНИЕ РЕАЛИЗАЦИИ ДИСЦИПЛИН МОДУЛЯ
	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ (1)
	2. СОДЕРЖАНИЕ И ОСОБЕННОСТИ РЕАЛИЗАЦИИ ДИСЦИПЛИНЫ 1 АНАЛИЗ ВРЕМЕННЫХ РЯДОВ
	2.2. Содержание дисциплины 1
	2.4. УЧЕБНО-МЕТОДИЧЕСКОЕ И ИНФОРМАЦИОННОЕ ОБЕСПЕЧЕНИЕ ДИСЦИПЛИНЫ АНАЛИЗ ВРЕМЕННЫХ РЯДОВ
	Профессиональные базы данных, информационно-справочные системы
	Материалы для лиц с ОВЗ
	Базы данных, информационно-справочные и поисковые системы
	2.5. МАТЕРИАЛЬНО-ТЕХНИЧЕСКОЕ ОБЕСПЕЧЕНИЕ ДИСЦИПЛИНЫ
	Сведения об оснащенности дисциплины специализированным и лабораторным оборудованием и программным обеспечением
	ПРОГРАММА МОДУЛЯ
	РАЗДЕЛ 2. СОДЕРЖАНИЕ И ОБЕСПЕЧЕНИЕ РЕАЛИЗАЦИИ ДИСЦИПЛИН МОДУЛЯ (1)
	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ (2)
	2. СОДЕРЖАНИЕ И ОСОБЕННОСТИ РЕАЛИЗАЦИИ ДИСЦИПЛИНЫ 2 КОМПЬЮТЕРНОЕ ЗРЕНИЕ
	2.2. Содержание дисциплины
	2.4. УЧЕБНО-МЕТОДИЧЕСКОЕ И ИНФОРМАЦИОННОЕ ОБЕСПЕЧЕНИЕ ДИСЦИПЛИНЫ КОМПЬЮТЕРНОЕ ЗРЕНИЕ
	Профессиональные базы данных, информационно-справочные системы (1)
	Материалы для лиц с ОВЗ (1)
	Базы данных, информационно-справочные и поисковые системы (1)
	2.5. МАТЕРИАЛЬНО-ТЕХНИЧЕСКОЕ ОБЕСПЕЧЕНИЕ ДИСЦИПЛИНЫ Компьютерное зрение
	ОЦЕНОЧНЫЕ МАТЕРИАЛЫ
	Код модуля Модуль
	Екатеринбург, 2021
	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ
	2. ОЦЕНОЧНЫЕ МАТЕРИАЛЫ ПО МОДУЛЮ

	Раздел 3. ОЦЕНОЧНЫЕ МАТЕРИАЛЫ ПО ДИСЦИПЛИНЕ
	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ
	2. ВИДЫ САМОСТОЯТЕЛЬНОЙ РАБОТЫ СТУДЕНТОВ, ВКЛЮЧАЯ МЕРОПРИЯТИЯ ТЕКУЩЕЙ АТТЕСТАЦИИ
	2.2. Виды СРС, количество и объем времени на контрольно-оценочные мероприятия СРС по дисциплине
	3. ПРОЦЕДУРЫ КОНТРОЛЯ И ОЦЕНИВАНИЯ РЕЗУЛЬТАТОВ ОБУЧЕНИЯ В РАМКАХ ТЕКУЩЕЙ И ПРОМЕЖУТОЧНОЙ АТТЕСТАЦИИ ПО ДИСЦИПЛИНЕ МОДУЛЯ В БАЛЛЬНО-РЕЙТИНГОВОЙ СИСТЕМЕ (ТЕХНОЛОГИЧЕСКАЯ КАРТА БРС)
	4. КРИТЕРИИ И УРОВНИ ОЦЕНИВАНИЯ РЕЗУЛЬТАТОВ ОБУЧЕНИЯ ПО ДИСЦИПЛИНЕ МОДУЛЯ
	Критерии оценивания учебных достижений обучающихся
	Шкала оценивания достижения результатов обучения (индикаторов) по уровням
	5.1. Описание контрольно-оценочных мероприятий и средств текущего контроля по дисциплине модуля
	5.1.2. Лабораторные занятия
	5.1.4. Контрольная работа
	5.1.6. Расчетная работа / Расчетно-графическая работа
	5.1.7. Реферат / эссе / творческая работа
	5.1.8. Проектная работа
	5.1.9. Деловая (ролевая) игра / Дебаты / Дискуссия / Круглый стол
	5.1.10. Кейс-анализ
	5.1.11. Коллоквиум
	Part 2.
	5.2. Описание контрольно-оценочных мероприятий промежуточного контроля по дисциплине модуля
	Для проведения промежуточной аттестации используется
	Спецификация теста в системе СМУДС УрФУ / ФЭПО /Интернет-тренажера:

	Раздел 3. ОЦЕНОЧНЫЕ МАТЕРИАЛЫ ПО ДИСЦИПЛИНЕ (1)
	Рекомендовано учебно-методическим советом института радиоэлектроники и информационных технологий - РтФ
	2. ВИДЫ САМОСТОЯТЕЛЬНОЙ РАБОТЫ СТУДЕНТОВ, ВКЛЮЧАЯ МЕРОПРИЯТИЯ ТЕКУЩЕЙ АТТЕСТАЦИИ
	2.2 Виды СРС, количество и объем времени на контрольно-оценочные мероприятия СРС по дисциплине
	3. ПРОЦЕДУРЫ КОНТРОЛЯ И ОЦЕНИВАНИЯ РЕЗУЛЬТАТОВ ОБУЧЕНИЯ В РАМКАХ ТЕКУЩЕЙ И ПРОМЕЖУТОЧНОЙ АТТЕСТАЦИИ ПО ДИСЦИПЛИНЕ МОДУЛЯ В БАЛЛЬНО-РЕЙТИНГОВОЙ СИСТЕМЕ (ТЕХНОЛОГИЧЕСКАЯ КАРТА БРС)
	4. КРИТЕРИИ И УРОВНИ ОЦЕНИВАНИЯ РЕЗУЛЬТАТОВ ОБУЧЕНИЯ ПО ДИСЦИПЛИНЕ МОДУЛЯ
	Критерии оценивания учебных достижений обучающихся
	Шкала оценивания достижения результатов обучения (индикаторов) по уровням
	5.1. Описание контрольно-оценочных мероприятий и средств текущего контроля по дисциплине модуля
	5.1.2. Лабораторные занятия
	5.1.4. Контрольная работа
	5.1.8. Проектная работа
	5.1.9. Деловая (ролевая) игра / Дебаты / Дискуссия / Круглый стол
	5.1.10. Кейс-анализ
	5.2. Описание контрольно-оценочных мероприятий промежуточного контроля по дисциплине модуля


