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1. HEJIX OCBOEHUA

1.1|Jath cucTeMaTHuUeCKHii 0030p COBPEMEHHBIX METOJIOB aHaJM3a HHPOPMAIIUH C UCIIOIb30BAHUS HEHPOCETEBBIX MOJIEIICH,
W3Y4UTh U OCBOUTH ITPUHIIUITBI U COBPEMCHHBIC TEXHOJIOTHH HCTIONIB3yEMbIE JIJIsl IOCTPOCHUS U MCTIOJIb30BAHMS HEHPOHHBIX
cereil, pacCCMOTPETh IIEPCIIEKTUBHBIC HAMIPABJICHHS Pa3BUTHS MOJIEIICH 1 METOIOB.

1.2|TTo pe3ynbTaTaM OCBOCHUSI UCIMILUIMHBI CTYACHTBI HAy4IaThCS AaHATU3UPOBATh MPHKIIATHBIC 33/1a41, BRIOUPATh METOJIBI HX
pelIeHns 1 co3aBaTh NporpaMMHOe 00ecliedeHHe C NCIIOIb30BAaHNEM U3BECTHBIX (GPeHMBOPKOB 1 TEXHOIOTHH

2. MECTO B CTPYKTYPE OBPA30OBATEJILHOM ITPOT'PAMMBbI

Bnox OIT: |B1.0

21 TpeGoBaHus K NpeABAPUTEIbHON MOATOTOBKE 00y4al0UIerocs:

2.2 JucuunmianHbl (MOLYJIM) U MPAKTHKH, VIS KOTOPbIX OCBOEHHE JAHHOI TUCHUILIMHBI (MOIYJIs1) HEOOXOAMMO KaK
npeallecTByIOLIee:

2.2.1 |Anropur™mmsanus ¥ IporpaMMHPOBAHHE

2.2.2 |HckyccTBeHHBII HHTEIUIEKT B 3a]1a4aX PacIio3HaBaHUs 00pa3oB

2.2.3 |Meto/bl MaIIMHHOTO O0yYCHHUS

2.2.4 |Hay4Ho-uccrenoBareibcKas MpaKkTHKA

2.2.5 |IIpousBojcTBeHHas IPAaKTHKA

2.2.6 |bmoxueiiH - TEXHOIOTHH

2.2.7 I/IHTGHHEKTyaHBHLIe ABTOHOMHBIC U MYJbTHAr€HTHBIC CUCTCMBI

2.2.8 |MamunHnoe o0ydenue u Merogosorus DevOps mpu pa3paboTke CHCTEM HCKYCCTBEHHOIO MHTEIUICKTa

2.2.9 |HayuHo-uccnenopaTenbckas paboTa

2.2.10 |CucreMHbIl TOIXO/ U TeHEepalys 3HAHUH B MHHOBAIHSIX

2.2.11 |CoBpeMeHHBIC YCTPOUCTBA LIECHTPOB 00PaOOTKH OOJBIINX JAHHBIX

2.2.12 |OkcnepTHble U pEKOMEHIaTeNbHbIEC, HHHOPMAIIMOHHO-aHAIUTUYECKUE CUCTEMbL

2.2.13 |Merobl HCKYCCTBEHHOTO MHTEIUICKTa B POOOTOTEXHUUECKUX CHCTEMAX

2.2.14 |TloaroroBka K MpoIeype 3allUThI U 3alIUTA BBIMTYCKHONW KBaTH()PUKAITHOHHON paboTh

2.2.15 |I[IpenaumnioMHasi IpaKkTHUKA

2.2.16 |Dunocodus, METOJONOTHS U COBPEMEHHBIE TPEH bl UCKYCCTBEHHOT'O MHTEIJIEKTa KaK HAyKH

3. PE3YJIbTATBI OBYYEHUS 11O JTUCHUIIJIMHE, COOTHECEHHBIE C ®OPMHUPYEMbIMH
KOMIIETEHIIUSIMHA

OIIK-2: CnocoGen pa3padaTeiBaTh H Pa3BUBATh MaTeMaTHYeCKHE METOIbI MOIEJIHPOBAHHS 00 bEKTOB, MPOIECCOB M CHCTEM B
obJ1acTH NPoecCHOHATBbHOI 1eSITEJIbHOCTH, OCYLIECTBIJISITH MO/IEJIMPOBAHME, AHAJIN3 U IKCIEPUMEHTHI B LIEJISX NPOBEAeHHs
JAeTATBHOI0 MCCIeJOBAHMS IJIs1 PeLIeHHs] CI0KHBIX 32124

3HaTh:

OIIK-2-33 MeTozbl rpaJUeHTHOIO CITyCKa U 00paTHOTO paclpoCTpaHEeHHs OMINOKH

OITK-2-32 Ha3zHaueHre OCHOBHBIX CJIOEB, (DYHKIIMU aKTUBAIMH, GYHKIIUH ONTHOOK HEHPOHHBIX CeTeH

OIIK-2-31 OcHOBHBIE apXUTEKTYPhl HEHPOHHBIX CETEH UCTIONBb3YEeMbIe IUTsl PEIICHH 33134 10 00pabOTKe TEKCTOBOMW, BU3YaIbHOH U
Ipyroit uadopmarn

OIIK-1: Cnioco0eH 0000111aTh M KPUTHYECKH OLIEHUBATH OMBIT H Pe3y/JIbTAThl HAYYHBIX HCCIeI0BAHUI B 00/1aCTH NPUKJIATHOM
MaTeMATHKH, HA OCHOBE 3HAHMIi ()YHIAMEHTAJILHBIX HAYK, B MEKIMCIUTIIMHAPHBIX 00J1aCTAX

3HaTh:

OIIK-1-31 3HaTh OCHOBHBIC HCTOYHHKH M METO/IbI MOUCKA HAYYHO!H HH(OPMAIMH 10 HANPaBJICHHIO HEHPOHHBIE CETH

OI1K-1-32 3HaTh OCHOBHOM KpYT Mpo0JieM (3a/1a4), BCTPEUAIOIINXCS B HBHPOHHBIX CETSIX, 1 OCHOBHBIC CIIOCOOBI (METO/IbI, aJITOPUTMBI)
WX pEIIeHUs

OIIK-2: CnocoGen pa3padaTeiBaTh M pa3BUBaTh MaTeMaTHYeCKHe MeTObl MOeJHPOBAHHNA 00bEKTOB, POLECCOB M CHCTEM B
00J1acTH MPodecCHOHAILHOM TeATeIHbHOCTH, OCYIIECTBIATH MO/IEJIMPOBAHNE, AHAJIN3 H IKCIIEPUMEHTHI B IeJIAX MPOBeIeHUs
JI€TAJILHOTO0 UCCIIe0BAHNS /I PEIIEHUs CIJI0KHBIX 3a/1a4

YMeTh:

OI1K-2-Y1 ITonbupatk apXUTEKTYpy HEHPOHHBIX CETei Mo 000 Kiace 3a1a4 (aHaau3 TEKCTOBOM, BU3yalbHOU U Jip. MH()

OIIK-2-Y2 [Tox6upats MeTOABI 00y4eHHs] HSHPOHHBIX ceTel, (DYHKINH aKTHBAIUK M OMIKOOK JUIS TI000T0 KiIacca 3aj1ad




OIIK-1: Cnioco6en 060011aTh 1 KPUTHYECKH OLIEHUBATH ONBIT M Pe3yJIbTAThl HAYYHBIX HCCJIeJ0BAHUI B 00J1aCTH NPUKJIATHOMN
MaTeMaTHKH, HA OCHOBe 3HAHMIi (PyHIaMeHTAJILHBIX HAYK, B MEKIMCIUIIMHAPHBIX 00/1aCTAX

YMeTh:

OI1K-1-Y1 Cobupatb, OTOUpPATh U KCIIOIB30BATH HEOOXOAUMBIC /IJIsl 00yUCHHS HEMPOHHBIX CETEH J1aTaceThl

OIIK-1-Y2 AHaJ’IPI?;PIpOBaTB, CUCTCMATU3NPOBATh, YCBAUBAaTh U OLICHUBATH Hepe[[OBOﬁ OIBIT ITO UCIIOJIb30BaAHUIO HeﬁpOHHLIX cereit
H3JI0KEHHBIN B HayYYHBIX CTAaTbAX

OI1K-1-Y3 Haxoauts Hanbomnee 3¢ GeKTUBHBIC (METO/IbI) PEIICHNSI OCHOBHBIX THUIIOB Ipo0JieM (3a1ad4)

OITK-1-Y4 HaxoauTb B OTKPBITOM JIOCTYIIE MPe100YyUSHHBIC MOJICITH HEHPOHHBIX CETeW U MOHUMATh IPAHHUIIBI UX HCIIOIb30BAHUS U
HNOTEHUHANbHBII 3 dexT

OIIK-2: CnocoGen pa3padaTeiBaTh U pa3BUBaTh MaTeMaTHYeCcKHe MeTOAbI MOAeTUPOBaHUSI 00bEKTOB, IPOLECCOB U CUCTEM B
o0J1acTH PO ecCHOHATbHOM 1esITeJILHOCTH, OCYIIECTBJIATH MOJAeTMPOBAHNE, AHAJIU3 H IKCIIEPUMEHTHI B LIeJISIX NPOBeIeHUs
JMETAJILHOTO UCCIIeOBAHNS IJIs1 PEIIEHUs] CJI0KHBIX 3a/1a4

Baagern:

OIIK-2-B2 CoBpeMeHHbBIME GpeHMBOPKaMH UCIIOIb3YEMBIMHE JIJIsl PA0OTHI ¢ HEHPOHHBIMHU CETSIMH B YaCTH CO3JIAHUS HEHPOHHBIX
ceTel 3a1aHHON apXUTEKTYPHI

OITK-2-B1 CoBpeMeHHBIMU (ppeHMBOPKAMH UCIIOIB3YEMBIMHE JUIs paOOTHI ¢ HEHPOHHBIME CETSIMU B YaCTH MCIIOJIB30BAHUS
npeao0y4eHHbIX MoJielel, HH]epeHca 1 00y4eHUs] HEHPOHHBIX CeTeil

OIIK-1: CniocoGen 06001aTh 1 KPUTHYECKH OLIEHUBATH ONBIT M Pe3yJIbTATHI HAYYHBIX HCC/Ie0BAHMIT B 001aCTH MPUKJIATHOM
MaTeMaTHKH, HA OCHOBE 3HAHMii ()YyHIaMEeHTAJIBLHBIX HAYK, B MEKIMCIUIIIMHAPHBIX 00J1aCTAX

Baagerb:

OI1K-1-B1 NadpopManOHHO-aHATUTHYECKUMU HHCTPYMEHTAMH JJIs TOMCKa HH(OpPMAIIMK OCBEINAIOIICH COBPEMEHHBIC TOCTUXCHUS
B 00J1aCTH HEUPOHHBIX CeTel

OI1K-1-B2 HaBbikamu 10 perHCTPALMK HAa OTKPHITBIX MHTEPHET IUIOMAIKaxX (calTax) Ui MOIydeHHst HHPOPMALUK OTpaskaroleit
TeKyIllee COCTOSHHUE JIeTT B IPeIMETHOH 00J1acTH

4. CTPYKTYPA U COJAEP)KAHHUE

Kon HaunmenoBanue pasaenoB | Cemectp | YacoB | @opmupyemsie [JIuteparypa u| [Ilpumeuyanne | KM | Beimoan
3aHATHSA H TeM /BUJ 3aHATHS/ / Kype HHIUKATOPHI | 3JI. pecypchl sieMble
KOMIEeTEeHIN i padoThI
Pazngen 1. O01ue cBeaeHust
0 HeifipOHHBIX CeTAX
1.1 Beenenune /Jlex/ 1 2 OIIK-1-31 OIIK | JI1.2JI1.3 KM1 P1
-1-32 OIIK-1- J1.4
V2 OIIK-1-B1 21
1.2 Ucropus pazButus 1 1 OIIK-1-31 OIIK | JI1.1JI1.2 KM2 P1
HEeWpOHHBIX cereif /JIex/ -1-32 OIIK-1- J1.3J11.4
V2 OIIK-1-B1 92
OIIK-2-32
1.3  |Mogens nepuentpona /Jlek/ 1 1 OIIK-1-31 OIIK | JI1.1J11.2 KMS5 P2
-2-31 OIIK-2-32| J1.3J11.4
23
1.4 Merton rpagueHTHOTO 1 1 OIIK-2-32 OIIK | JI1.2J11.3 KM3 P3
crnycka /Jlex/ -2-33 1.4
25
15 Merton obpaTHOTO 1 1 OIIK-2-32 OIIK | JI1.2J1I1.3 KM3 P4
pacrpoCcTpaHEeHHUs OMINOKH -2-33 1.4
/JIex/ 25
1.6 Metoas! ontumusanuu /JIex/ 1 1 OITK-2-32 OIIK JI1.2 JI1.3 KM5 P4
-2-33 J11.4
92
1.7 Oynkiyn aktuanuu /Jlex/ 1 1 OITK-2-32 OIIK JI1.2 JI1.3 KM6 P4
-2-33 J11.4
28
1.8 Wunmuanu3amnus Becos, 1 1 OIIK-1-V1 JI1.2 JI1.3 KM6 P5
HOpMaJIHU3auus u OIIK-2-31 OIIK JI1.4
perynsipuzanus /Jlex/ -2-32 25
1.9 AyrmeHranus gaHHbIX /JIex/ 1 2 OIIK-1-V1 JI1.2 JI1.3 KM2 P4
OIIK-1-B1 J1.4
OIIK-2-32 22




1.10 |CpaBHuTenpHas OLCHKA 4 OIIK-1-V1 JI1.2 JI1.3 KM1,KM P6
METOJI0B ONTUMH3ALINI OIIK-1-Y4 J1.4 2
HelpoHHbIX cetelt /Cp/ OIIK-1-B2 24

1.11 |CpaBHuTENIBbHAS OLIEHKA 4 OIIK-1-V1 JI1.2 JI1.3 KM2 KM P2
(hyHKUWH aKTUBAIMA OIIK-1-V3 1.4 4
HelpoHHbIX cereit /Cp/ OIIK-1-V4 35

OIIK-1-B2
OIIK-2-32 OIIK
-2-33 OIIK-2-
v2

1.12 |CpaBHuTENIBHAS OIICHKA 8 OIlK-1-V1 JI1.2 J11.3 KM2,KM P5
METO/IOB MHHIIAATU3AIINH, OIIK-1-V3 J11.4 3
HOpMaJTH3aIUU 1 OIlK-1-Y4 32
perynsipusanuu /Cp/ OIIK-1-B2

OIIK-2-32 OIIK
-2-33 OIIK-2-
v2

1.13 |[daraceTbl UCTIONB3YyEeMBbIE IS 16 OIIK-1-V1 JI1.2 JI1.3 KM5,KM P3
pEIIeHNs Pa3IUIHBIX TUIIOBBIX .4 4, KM7
3amau /Cp/ 32

1.14 |CpaBHuTENIBHAS OLICHKA 8 OIIK-1-31 OIIK| JI1.2J11.3 KM8 KM P8
MOJIXOJIOB K ayrMEHTAIU -1-V1 OIIK-1- J11.4 5
nmanneix  /Cp/ B2 93
Paznean 2. [lonyasipasie
apXUTEKTYPbl HEHPOHHBIX
ceTel

2.1  |KoHBoOIIHOHHBIE 2 OIIK-1-31 OIIK| JI1.2J11.3 Jlureparypa KMI1 P1
HelipoHHbIe ceTH /Jlex/ -1-¥2 OIIK-1- J11.4 IIISI BCEX BUI0B

B1 OIIK-2-Y1 3aHATHI 3TOTO
OIIK-2-B1 paznena
OJIMHAKOBAsI
2.2 |OcHossl Pytorch /TIp/ 2 OIIK-1-31 OIIK| JI1.2J11.3 KM1 Pl
-1-V3 OIIK-2- J1.4
V1 OIIK-2-B1 33

2.3  |Hauwano paGoTsl ¢ ri1yOOKHM 3 OIlK-1-Y1 JJ1.2J11.3 KM2 P2
oboyuenuem ("Getting Started OIlK-1-V3 J1.4
with Deep Learning") /I1p/ OIIK-1-V4 24

OIIK-1-B1
OIIK-1-B2
OIIK-2-33 OITK
-2-V1

2.4 CerH 11 CETMEHTALUHA 2 OIIK-1-V1 JI1.2 JI11.3 KM3 P3
("Getting Started with Image OIIK-1-Y2 1.4
Segmentation") /TIp/ OIIK-1-Y4 25

OIIK-1-B1
OIIK-1-B2
OIlK-2-V1

2.5 |Knaccupuxamus 2 OIIK-1-V1 JI1.2J11.3 KM4 P4
n3o0pakeHui ¢ GpeMBOpKOM OIIK-1-V4 J1.4
DIGITS ("Image Classification OIIK-1-B1 31
with DIGITS") /TIp/ OIlK-2-V1

OIIK-2-Y2
OIIK-2-B1

2.6 |Mcmonw3oBanue dperiMBopka 2 OIlK-1-V1 JJ1.2J11.3 KM1 P1
horovod ("Deep Learning at OIIK-1-Y4 J1.4
Scale with Horovod") /TIp/ OIlK-2-B1 26

2.7  |Onrumwuzanms cereii ¢ 2 OIlK-1-V1 JI1.2 J11.3 KM6 P6
UCIIOJIb30BaHKEM (PpeiiMBOpKa OIIK-1-Y4 J1.4
tensorRT ("Optimization and OIIK-1-B1 37
Deployment of TensorFlow OIIK-2-Y2
Models with TensorRT") /TIp/ OIlK-2-B1

OIIK-2-B2




2.8  |Mcnone3oBaHue KOHTCHHEPOB 2 OIIK-1-V1 J1.2J11.3 KM7 P7
("High-Performance OIIK-1-Y4 28
Computing with Containers') OIIK-1-B1
Mp/ OIIK-2-B2
2.9 |Co3nmanue cucrem 2 OIIK-1-Y1 KMS P8
Buzeoanaautuku ("Al OIlK-1-Y4 29
Workflows for Intelligent OIIK-1-B1
Video Analytics with OIIK-2-Y2
DeepStream") /TIp/ OIIK-2-B1
OIIK-2-B2
2.10 |OcHOBHBIE BO3MOXKHOCTH 8 |OIIK-2-31 OIIK KM1 P4
AWS obnaka 11 peaan3anum -2-32 OIIK-2-33 32
TEXHOJIOTHI HEHPOHHBIX ceTel OIIK-2-V1
/Cp/ OIIK-2-Y2
OIIK-2-B1
OIIK-2-B2
OIIK-1-32 OTIK
-1-31 OIIK-1-
V1 OIIK-1-Y2
OIIK-1-V3
2.11 |Bo3moxHoctH pytorch mis 8 OIIK-1-B2 KM1 P6
00y4eHHs HeHPOHHBIX ceTel OIIK-2-33 OIIK 23
Ha MyJIbTHYPU I1aTdopMax -2-V1 OIIK-2-
/Cp/ \
2.12  |Bo3moxHocTH gstreem s 10 OIIK-1-V4 KM1 P6
pean3aIyy CUCTEM OIIK-1-Y3 29
BU/ICOAHAJIMTUKH U151 pabOThI B OIIK-1-Y2
peansHOM Bpemenu /Cp/ OIlK-1-V1
2.13 |IIomynspHble 300IapKu 12 | OIIK-1-31 OIIK KM7 P2
HEWPOHHBIX CEeTeH IS -1-B2 OIIK-2- 93 24
HCIIOJIb30BaHMS B Vi1
coOcTBeHHBIX anroputmax /Cp/
2.14 |Hactpoiika uHQPaCTPYKTYpEI 6 OIIK-2-31 OIIK KM6 P2
Iutst 00y4eHust HeHPOHHBIX -2-Y1 OIIK-2- 22
cereii /Cp/ B1 OIIK-2-Y2
2.15 [IloxmroroBka K coauM U 3aIluTe 10 |OIIK-2-31 OIIK KM6 P6
npakTu4eckux 3austuid /Cp/ -2-32 OIIK-2-33| 21 32 24 25
OIIK-2-V1 D6 37 38 39
OIIK-1-B1
OIIK-1-B2
OIIK-1-Y4
Pazgen 3. IlepcnekTuBbI
pa3BHUTHSA HelipoCceTeBbIX
MOJX0/10B
3.1 |Apxurekrypa GAN cereif 1 |OIIK-2-31 OIIK| JI1.2J11.3 Jlureparypa KM1 Pl
/Jex/ -2-32 OIIK-2- 1.4 JUISL BCEX BUJIOB
V1 OIIK-1-31 3aHATHH 3TOTO
OIIK-1-32 OIIK pasznena
-1-V3 OJIMHAKOBast
3.2 |Apxutekrypa RNN cereit 1 OIIK-1-31 OIIK KM2 P2
/JTex/ -1-32 OIIK-1-
V2 OIIK-2-31
OIIK-2-33
3.3  [[lepcniekTuBbI pa3BUTHS 2 OIIK-1-31 OIIK KM3 P3
HelpoHHBbIX cereil /JIex/ -1-32 OIIK-1-

V2 OIIK-2-31




3.4  |[Ilepcnexrussl passutus GAN 1 4 OIIK-1-31 OIIK KM4 P4
cereii /Cp/ -1-32 OIIK-1-
VY2 OIIK-2-31
OIIK-2-33
3.5  |IIepcniextussl passutus RNN 1 4 OIIK-1-31 OIIK KM1 P3
cereii /Cp/ -1-32 OIIK-1-
V2 OIIK-2-31
OIIK-2-33
3.6 |CymecrByromue u 1 8 OIIK-1-31 OIIK KMS8 P8
NIEPCHEKTUBHBIE APXUTEKTYPBI -1-32 OIIK-1-
tpanchopmepos /Cp/ v2

5. ®OHJI ONEHOYHbBIX MATEPHUAJIOB

5.1. KonTtpoJibHbie MeponpusTus (KOHTPOJIbHAsI padoTa, TeCcT, KOJUIOKBHUYM, IK3aMeH U T.II), BONPOCHI JJIsl CAMOCTOSITeIbHOI

NMOATr0OTOBKH

Kon
KM

KouTponsaoe
MEpOTIPHUSTHE

IIpoBepsiembie
HUHIUKATOPBI
KOMIICTCHITHI

BOHpOCLI JUIA IIOATOTOBKHU

KM1

Tect Nel "OcHOBBI
Pytorch"

OIIK-2-31;0I1K-2- V1

Yro Takoe PyTorch?

B uem paznuna mexay PyTorch u gpyrumu 610IHOTeKaMH MAIIHHHOTO
o0y4eHus?

YTo U3 mepeurcIeHHOTo He ABIIseTCs 0cobeHHOCThI0 PyTorch?

Kak paboraer aBromarndeckoe muddepenmponanune B PyTorch?
Kakoii momyse PyTorch ucronb3yercs aiis co3nanus rpaguaeckoro
mporeccopa (GPU)?

Kaxkwue Tums! cioes noanepxusatorcs B PyTorch?

Kaxk co3mats mozens B PyTorch mist kmaccudukarmn n300pakeHuii?
Kaxk o6yuuts Mozens B PyTorch ¢ ncrions3zoBanunem GPU?

KM2

Tect Ne2 Hauano
paboOThI ¢ TITYyOOKHUM
obOyyenuem ("Getting
Started with Deep
Learning™)

OIIK-2-33;0I1K-2-
V¥2;0IIK-1-B1

KakoBbI OCHOBHBIE KOMIIOHEHTBI apXUTEKTYPHI INTyOOKOT0 00yueHus?
Kax BBI onpezienseTe ONTUMANBHYIO THIIEPIIapaMeTPhI T MOIEITH
riy6okoro o0y4enus?

B ueM npenMyIecTBa HCIIOIb30BAaHAS CBEPTOYHBIX HEHPOHHBIX CeTeH
(CNN) B 3agauax KOMIBIOTEPHOTO 3peHHUs?

Uro Takoe peryaspu3anys U Kak OHa UCTIONb3YETCs IS
IPEeOTBPAIICHHUS IIepeo0yIeHHs B TITyOOKOM 00ydeHHN?

Onuure pa3nuyHble TUIIB QYHKLIUI aKTHBAIMY, UCIIOTIb3YEMBIX B
r1yOOKOM 00y4YeHHUH, U OOBSICHUTE, KaK OHH pabOTaloT.

UYro Takoe MeTo] 00pPaTHOTO PacHpOCTPaHEHHUS OIIUOKY U KaK OH
UCTIONB3YeTCs AT 00ydIeHNs] HeHPOHHBIX ceTei?

B yem 3akirouaeTcs pa3HUIA MEXy O0OY4eHUEM C y4uTesieM U 0e3
YUIHUTEN B KOHTEKCTE TIyOOKOT0o 00ydeHus?

O6’bﬂCHI/ITe, 4TO TAaKOC MaKCTHas HOpMaJin3alus U IMo4YEeEMYy OHa BaKHa
11t 3 (PEeKTHBHOTO O0YUEHHS TITyOOKHX HEHPOHHBIX CeTeH.

UeM 0TIMYAIOTCS PEKYPPEHTHBIC HEHPOHHBIE CETH OT OOBIYHBIX
MHOTOCIIOHHBIX MEPIENTPOHOB?

Uro takoe TpaHcepHoe 00yueHHE 1 KaK OHO MOXKET OBITh
HCIIONB30BAHO TS YCKOPEHHs pa3padoTKU MOfeINel TryOoKoro
o0y4eHus?




KM3

Tect Ne3 Cetn st
CEerMCcHTAun
("Getting Started with
Image Segmentation™)

OIIK-2-32;0I1K-2-
V¥2;0I1K-1-¥3

Jaiite ompeneneHue 3a1aue CerMEHTaN H300paXKeHHI.

Uro takoe U-Net 1 kakoBbI €r0 OCHOBHBIC XapaKTEPUCTHKH?

Kax BBI MOKeTe HCIIONIB30BaTh cBepTouHbIe HelipoHHble ceT (CNN) s
CEerMeHTaIH U300paKeHUH?

B geM npenMyInecTBo UCHONIB30BaHNUS IIOJTHOCTBIO CBEPTOYHBIX CeTeil
(FCN) must cermenTartm?

Yro Takoe reHepaTHBHO-cocTs3aTenbHble ceTH (GAN) 1 Kak OHH
UCTIONB3YIOTCS JJIsl CETMEHTAIUU H300pakeH i ?

B 4eM oTJIMYMe UCTIONh30BAHUS CEMaHTUIECKON CErMEHTAIHH OT
instance segmentation?

YTo Takoe MPOTOYHAS APXUTEKTYPa M KaK OHA IIPUMEHSETCS IS
CEerMeHTaIK U300paxeHus?

Yro Takoe MHUKCeNTbHAs KIACCU(PUKAIHS 1 KaK OHA CBSI3aHa C
CcerMeHTaIen n300paxeHui?

Kaxk BbI BEIOHpaeTe METPUKY JJIsl OLICHKH KaueCTBA CETMEHTAIHH
n300pakeHusn?

B kakux MPUIOKESHUSIX MOXKET OBITh MOJIE3HA CETMEHTAIIHS
n300paxeHuit?

KM4

Tect Ned
Knaccudukarms
n3o0pakeHuil ¢
(bperiMBOpKOM
DIGITS ("Image
Classification with
DIGITS")

OITK-1-B2;0T1K-1-
Bl

Onuiure apXuTexTypy hpeiiMBopKa 11t KiIaccuUKaLUuK
uzobpaxenuit DIGITS.

KakoBbI OCHOBHBIE 3Tallbl IIpoliecca KiIaccuGuKanuy n3o0pakeHuii ¢
ucronp3oBanuem DIGITS?

Kakue monenn CNN noanepxusatorcst pperimBopkom DIGITS st
KJaccu(HUKAIMN U300parkeHHi?

Kakue ¢yHKIMY JOCTYNHBI Ul IPEBAPUTEIBLHON 00paboTKH
uzobpaxenuit B DIGITS?

Kaxk ocymectnisiercst ontumu3zanus runeprapamerpoB B DIGITS ans
MOBBINICHHUS TOYHOCTH KJIACCH(DUKAIIUHN N300paKeHU?

Kak BbINoIHAETCS OLIEHKA KauecTBa MOAENH KiIacCU(pUKauu
uzobpaxenuit B DIGITS?

Kakue MeTpuKy UCTIONb3YIOTCS I OLIEHKU TOYHOCTH MOJIEIH
KJaccu(HUKAIMN U300paskeHHi?

OnuIiuTe Nporecc COXpaHeHUs U 3arpy3KU MOJIEIH KJIacCUBUKALMU
nu300pakeHui, co3nantoii ¢ nomomipio DIGITS.

Kakue metozp! Busyanuzanuu goctynssl B DIGITS nns ananusa u
MHTEPIPETAIMU PE3YJIbTATOB KJIACCU(PHUKAIIMN N300paKeHMH?

Kaxkue pacmmpenust ¥ JOIOJHUTEIbHbIE BO3MOXHOCTH IPEIOCTABIAET
(dpeiimBopk DIGITS 10 cpaBHEHHIO C TPAMIIHOHHBIM PYYHBIM
KOJIUPOBAaHUEM U HACTPOMKON MOz Kiaccu(puKauuy n3oopaskeHuit?

KM5

Tect Ne5
Hcnonrs3oBanue
¢peiimBopka horovod
("Deep Learning at
Scale with Horovod")

OIIK-2-Y1;0IIK-2-
31;0I1K-1-Y3

Kaxoga nens dpeiimBopka Horovod?

Kakwue 0CHOBHBIC IIPEeUMYIIECTBa UCmoib30Banus Horovod ms
MacTabupoBaHus IIyOOKoro ooyueHus?

Kakue OnbIMOTEKH U TEXHOIOTHH Kcmojb3yetr Horovod?
Omumure apxutektypy Horovod u kak ona paboraer.

KaxoBbI OrpaHH4eHHs HCTI0Ib30BaHMst HOrovod B HEKOTOpBIX
creHapusx?

Kak Horovod o6ecrieunBaet 3¢ (heKTHBHOE HCTTOIb30BAHUE
rpa¢uueckux npoueccopos (GPU) B kiactepe?

Kakyro poss urpaer anropurm AllReduce 8 Horovod?

B ueM 3akmodaroTcs IpenMyIecTBa NCHIOIb30BaHUs OHOIHOTEKH
TensorFlow ¢ Horovod o cpasuenuto ¢ PyTorch?

OmmiimTe poIece pa3BepThIBAHKS MOJIEIH C HCIoIb3oBanrem Horovod
Ha KJacTepe C HECKOJIbKUMH y3JIaMU.

Kak MOXHO ONTUMH3UPOBATH PONU3BOUTEIHLHOCTH MOJICIIH,
o0yueHHoIi ¢ nomoInkio Horovod, ¢ momomnisio runepnapamMeTrpoB U
KoH(pUryparn?




KM6

Tect Ne6
OnTumu3anus ceten ¢
HUCIIOJIb30BaAHHUEM
¢peiimBopka tensorRT
("Optimization and
Deployment of
TensorFlow Models
with TensorRT")

OIIK-1-B2;0IIK-1-
V4;0I1K-1-B1

KaxkxoBa ocHOBHas 1eitb (peimBopka TensorRT?

OnuuMte OCHOBHBIC MPEHMYIIECTBA UCIIONb30BaHus 1enSOrRT st
ONTUMU3ALMN U pa3BepThIBaHus cereir TensorFlow.

CpaBHHUTE MPOU3BOUTEIBHOCTE 1€NSOIRT ¢ apyrumu ppeiimBopkamu
OINTUMU3AIUH MOJIENEi MalllMHHOTO 00y4eHus, Takumu Kak Caffe2 u
ONNX.

Kakas apxutexrypa ucnoib3yercst B TensorRT mis obecnieuenus
BBICOKOW MPOM3BOAMUTENILHOCTH U 3 dexkTuBHOCTH Tipu MHDEpeHce
mozeneit TensorFlow?

Kakwue onTuMu3aiiy mpou3BOJUTEIBHOCTH TOCTYHBI B TENSOIRT n
Kak OHHM BIMSIOT Ha HHepeHc monenei TensorFlow?

Omnuiure mporecc npeobpasoBanust Mogean TensorFlow B gopmar,
nojaepkuBaeMblii TensorRT.

Kakum o6pazom TensorRT obecrieunBaeT onTUManbHOE
HCIIONB30BaHUE TPApUISCKUX IPOLECCOPOB U APYrUX allapaTHBIX
pecypcoB s nHdepeHca moaenei TensorFlow?

Kakue nononnurenbHble pyHKIKYU npepocTasisier 1ensorRT o
cpaBHeHHMIO ¢ 6a30BO#t peanusanueii napepenca TensorFlow?

B yeM cocTosAT orpaHuveHus NCnonb30Banus 1ensorRT B HEKOTOPHIX
CLICHApHsIX pa3BepThIBaHMs Mojeieil TensorFlow, takux xak o0y4deHue
WK OHJIaH-uHpepeHc?

KaxkoB nporiecc pa3BepThIBaHHS ONTHMU3HPOBAHHOM Mosenu TensorRT
HA I[IeJICBOM YCTPOMCTBE MU B 001a4HO# HHPpacTpyKType?

KM7

Tect Ne7
UcnonszoBanue
KOHTEIHEPOB
("HighPerformance
Computing with
Containers")

OIIK-1-B2;0IIK-1-
V4;0IIK-2-B2

Kaxkwue mpenmyIecTBa NpeioCTaBIseT HCIOIb30BaHNE KOHTEHHEPOB
JUTSL Pa3BePTHIBAHMS H MACIITA0OMPOBAHUS MPUIIOKESHUH MAIIMHHOTO
o0y4eHus u riryookoro oOyueHus?

CpaBHHTE U COMOCTABETE PA3INIHBIE CHCTEMBI OPKECTPOBKH
KOHTeWHepoB, Takue kak Docker Swarm, Kubernetes u Mesos, ¢ Touku
3peHusI X QYHKIHOHATBHOCTH, IPOU3BOAUTENHHOCTH M CTOMMOCTH.
OnuinuTe >KU3HEHHBIN UK Pa3pabOTKU 1 pa3BepTHIBAHUSI
MIPUJIOKEHHUS] MAIIIMHHOTO O0YYEHHSI M TITyOOKOTO 00yUYCHHUS C
HCIOJIb30BAHHEM KOHTCIHHEPOB.

KakoBbI HamTy4IIie IPaKTUKH U1l HACTPOMKH M ONITHMHU3ALIUH
NPOU3BOUTEIHHOCTH KOHTCHHEPOB JUTs MPUIIOKEHUH MAITHHHOTO
00y4eHus u TITyOOKOTro 00yueHHs?

B 4eM coCcTOUT poJib CTaHIapPTOB, Takux kKak Docker Hub, s xpanenus
1 oOMeHa 0o0pazaMu KOHTEHHEPOB B DKOCHCTEME Pa3padOTKH
MAaIIMHHOTO 00y4YeHHs U TI1yOOKOTro 00y4eHus ?

KakoBbI HEJOCTATKH UCIIOIB30BAHMUS KOHTEHHEPOB JUTSl pa3BEPTHIBAHU
NPUIOKEHUH MAIIMHHOTO 00Yy4YEeHUs U IIIyOOKOro 00yueHuUs, TAKUE KaK
CJIOXHOCTb YIIPaBIICHHs, CTOMMOCTB W OTPaHHYEHUsI 0€30ITacCHOCTH?
OnuumTe NpoLecc MUIPALHH CYIIECTBYIOLIEr0 HPHIIOKCHHS
MaIIMHHOTO 00YYEHHs MM TITyOOKOTro 00y4eHH s Ha HCIOIb30BaHIe
KOHTEHHEPOB JJIs 00ecneueHns: MaclITaOuPyeMOCTH, TIOBTOPHOTO
WCIIONb30BAHMUS KOJIA U TIEPEHOCHMOCTH.

CpaBHHUTE U COMOCTABLTE MOJXOABI K YIIPABICHHIO PECypCaMH,
IUIAHUPOBAHUIO U OPKECTPALNH Ul KOHTEHHEPOB, HCIIONIb3YEeMBIE B
pa3muuHBIX cucTeMax, Takux kak Kubernetes, Mesos u Docker Swarm.
Kak KoHTeHHephI 00JIeT4al0T pa3BepTHIBAHNE MOEIIEH MAITMHHOTO
o0y4eHus 1 riryOooKoro 00yueHHs B IPOU3BOACTBO?




KM8 Tect Ne® Co3nmanme  |OIIK-2-31;0I1K-2- B 4ém 3akmrouaercs posib CHCTEM BUACOAHAIUTHKN B COBPEMEHHBIX
cucTeM 32;0I1K-2-Y1;0IIK- |npunoxxeHusx u HHPpacTpykTypax?
Buneoanamntuky ("Al |2-33;0I1K-2- Haiite 0630p dpeiiMmBopka DeepStream u onuImmuTe ero OCHOBHBIC
Workflows for V2;0IIK-2-B1 BO3MOYKHOCTH.
Intelligent Video Kaxkwue 3a1a4i KOMIIBIOTEPHOTO 3PCHUSI MOTYT OBITh PEIICHEI C
Analytics with ncnoibp3oBanneM DeepStream?
DeepStream") Cpasrure ¢peiimBopk DeepStream ¢ npyrumu permeHusIMu 171st
BuieoanannTuky, Takumu kak OpenVINO u Darknet.
Kaxkxum obpasom DeepStream nHTerpupyercs ¢ miathpopmMamMu 1
crCTeMaMH BHIeOHaOroeHus, TakuMu Kak INtel® OpenVINO™ u
ONVIF?
Oxapakrepusyiite npoiecc 00pabOTKH BUIEO C UCTIOIb30BaHHEM
DeepStream, Bxirouast 3Tans! 0OHapyKEHUS 0OBEKTOB,
KTacCU(PUKALNN U OTCICKHBAHMUSL.
KaxkoBa poib cBepTounsIx HelipoHHBIX ceTeif (CNN) u riry6okoro
oO0yuenus (DL) B anropuTmax BuacoaHaaIuTHKU Ha O0aze DeepStream?
Kak o6ecneunBaercst MacITabUpyeMOCTh U THOKOCTb CUCTEM
BHUJICOAHATUTHKH C HcHoNb30BaHneM DeepStream B pacnipenieIeHHBIX 1
00mayHbIX HHPPACTPYKTYpax?
KakoBbl npenMyIecTBa ucnons3oBanus DeepStream amst
Ppa3BepTHIBAHUS CHCTEM BHICOAHATUTUKH IO CPABHEHUIO C
TPaJULHOHHBIMH PEIICHUSIMH?
Omnuimre mpoliece BHEAPEHUs 1 uHTerpanun DeepStream B
CYILECTBYIOIINE CUCTEMbI BUICOHAOIIONCHUS U MAIIMHHOTO 3PEHHUS.
5.2. IlepeuyeHb padoT, BeinoJHsIeMbIX 1o aucuuiinHe (Kypcosas padora, Kypcosoii npoext, PI'P, Pedepar, JIP, IIP u 1.11.)
Kox Haspane ITposepsemsle
pabotsi pabots! HHJIMKATOPBI ConeprxaHue paboTh
KOMIICTEHITIH
P1 Beenenue B Pytorch  |OIIK-2-31;0I1K-2-32 [3HakoMCTBO ¢ IpoCTeHIINMY HEHPOHHBIMU CETSIMU U MX pealu3alis Ha
SI3BIKE TIpOrpaMMHUpoBanus Python u 6ubarorexu pytorch
P2 Image Classification [OITK-2-33;0I1K-2- V1 |Ucmonb3oBanne OpetimBopka DIGITS mist 06yuenns HeHpOHHBIX
with DIGITS ceTel B 3a/jaue KJIacCU(PUKaUuK U IeTeKTUPOBAHHS
P3 Getting Started with  [OITK-2-Y2;0IIK-2-  |Mcnons30BaHiE OCHOBHBIX apXUTEKTYp HEHPOHHBIX ceTeil ams
Deep Learning Bl peIIeHNS 3aJa4X PacO3HABAHMUSA 00BEKTa, KITacCH(PUKAIINHN, aHAII3a
TEeKcTa
P4 Getting Started with  [OITK-2-B2;0I1K-1- 31 |Fcnonb30BaHie CerMEHTAMOHHOMN CETH TS aHAIN3a MEIUILIMHCKAX
Image Segmentation MPT CHHUMKOB
PS5 Deep Learning at Scale|OTIK-1-32;0T1K-1- V1 |Mcnonb3oBanue riy0oKHx ceTeil Ha cepBepax ¢ Heckoabkumu GPU
with Horovod
P6 Optimization and OIIK-1-Y2;0IIK-1-  |HccnenoBanne Bo3MOKHOCTE#H (peiiMBopka TensorRT s yckopenwue
Deployment of V3 paboThI HeipoHHOIT ceTH
TensorFlow Models
with TensorRT
P7 High-Performance OIIK-1-Y4;0IIK-1-  [Mcrmonb30BaHue KOHTEHHEPOB Ui BUPTYAIN3alMK PELICHUI
Computing with B1;0IIK-1-B2
Containers
P8 Al Workflows for OIIK-2-31;0I1K-2- O06paboTKa MOTOKOBOT'O BUJICO C UCIOJIB30BAHHEM HEHPOHHBIX CeTer

Intelligent Video
Analytics with

DeepStream

V¥1;0IIK-1-B2;0I1K-
1-B1

5.3. OueHo4yHbIe MaTepHaJIbl, HCIOJIb3YyeMble /I IK3aMeHa (onucanne OMJI1eTOB, TECTOB M T.II.)

JI71st TOATOTOBKY BOTIPOCOB K 3a4€Ty UCIIONBb3YIOTCSI MaTepPHANBI TECTOB (Bcero okoio 150 Bompocos):
Yro takoe PyTorch?
B uem paszuuna mexay PyTorch u gpyrumu GHOIHOTEKaMHE MAIIMHHOTO 00ydYeHw s ?

YT0 M3 MepeUYrcIICHHOTO He sBIsieTest ocodeHHocThio PyTorch?

Kax paboraer aBromarudeckoe auddepenimposanue B PyTorch?

Kakoii momyse PyTorch ucronb3yercst aiist co3manus rpadguaeckoro mporeccopa (GPU)?
Kakue Tumsl cioes noaaepxusarorcs B PyTorch?
Kak co3nate Mozens B PyTorch mist kmaccudukarmm n300paxeHuin?
Kak 06yuuts Mmomens B PyTorch ¢ ucionssosannem GPU?
KakoBbI 0OCHOBHBIE KOMITIOHEHTHI APXUTEKTYPHI IITyOOKOT0 00yueHus?

Kak BbI onpezernsieTe ONTHMaIbHYIO THIEPIapaMeTPhI ATt MOAENIH IIyOOKOro 00ydeHus?

B 4eM mperMyiecTBa HCIOIb30BaHus CBePTOUHbBIX HeHpoHHBIX ceTeil (CNN) B 3a1auaXx KOMIBIOTEPHOTO 3pEeHHs?
Uro Takoe peryaspu3anys ¥ Kak OHa UCTIONB3YeTCs Ui IPEIOTBpaLieH s epeo0ydeHns B ITyO0KoM 00yueHnu?




OnuImTe pa3nuiHble THIBI (YHKIHUH aKTHBAIMHY, UCTIOIb3YEMbIX B TIIYOOKOM 00y4YEeHHH, U OOBSICHUTE, KAK OHH PaOOTaIoT.

Uro Takoe MeTOo 00paTHOTO PacpoCTPaHEHHsI OITUOKH U KaK OH UCTIONIB3YeTCs ISl 00yueHHs HEMPOHHBIX CeTei?

B uem 3akmodaeTcs pasHUIA MEXKAY 00yU4eHHUEM ¢ yuuTeneM U 03 yuuTells B KOHTEKCTe r1yOoKoro ooyueHus?

OOBsCHHUTE, YTO TAKOE MAKETHAS HOPMaJIM3aIlUsl U TI0YeMy OHa BakHa JUIs 3PPEKTUBHOTO 00YUYCHHUS NITyOOKHX HEHUPOHHBIX CETEH.
YeM OTIHYAIOTCS PEKYPPEHTHBIC HEHPOHHBIE CETH OT OOBIYHBIX MHOTOCIIOHHBIX NMEPIENTPOHOB?

Uro Takoe TpaHchepHOe 00yUEHHE U KaK OHO MOXKET OBITh HCIIOJIB30BaHO IS YCKOPEHHS pa3paboTKu MoJieNel r1y0oKoro o0yueHus?
Yro Takoe U-Net 1 kakoBBI €10 OCHOBHBIC XapaKTEPUCTUKU?

Kak BbI MOKeTe UCTIONIB30BaTh cBepTOUYHbIC HelipoHHble ceTi (CNN) s cerMmeHTanuu n3o0paskeHun?

B geM npenMyIecTBo NCIONB30BaHUs OJHOCTBIO cBepTouHEIX cereit (FCN) it cermenranmu?

Uro Takoe reHepaTuBHO-cocTsa3zaTenbHble ceTi (GAN) 1 Kak OHU MCHOJIB3YIOTCS Il CETMEHTAIIMU H300pakeHUit?

B ueM oTIHYHE KCIIOIb30BaHMs CEMAHTHIECKOM cerMeHTaluu ot instance segmentation?

UYro Takoe IPOTOYHAS aPXUTEKTYpa M KaK OHA IPHUMEHSETCS AL CETMEHTAIMU H300pakeH s ?

Yro Takoe MHUKCeNbHas KIACCU(PUKAIMS 1 KaK OHa CBS3aHa C CerMEHTaluel n300paxeHuii?

Kak BbI BEIOMpaeTe METPUKY ISl OLICHKH KayecTBa CETMEHTAIN H300pakeHus1?

B KaKkux MPUIOKESHUSIX MOXKET OBITh MOJE3HA CETMEHTALUS N300paXKeHNUiT?

OnumuTe apxuTeKTypy ppeiiMBopka st knaccupukaiuu uzoodpaxenuit DIGITS.

KaxoBBI OCHOBHBIE 3TallBI IIpoLecca KIacCH(UKAIMU n300paxkeHni ¢ ucnons3oBanneM DIGITS?

Kakue moznern CNN noxnepkuatorcst ppeiimBopkom DIGITS mis kinaccudukanuu n3o0pakeHuin?

Kakue QpyHKIHH JOCTYIHBI UIs PEABApUTENIbHON 00paboTku n3odpaxenuii B DIGITS?

Kaxk ocymectisercs ontumuzanus runeprnapameTpoB B DIGITS ni1a nossimenns TouHOCTH KiaccuUKaLUN H300paskeHU?

Kak BhInmonHsIeTCS OlICHKA KayecTBa MOJICH Kiaccudukanuu u3odpaxenuii B DIGITS?

Kakue MeTpuKy UCTIOIBb3YIOTCS I OLIEHKU TOYHOCTH MOJIENHU KJIacCU(PUKAIIMU U300pakeHUi?

ONUIIUTE TPOLIECC COXPAHCHHUS U 3arPy3KH MOJICIH KIacCU(PHUKAINU H300pakeHHi, co3aanHol ¢ momoinsio DIGITS.

Kakue merons! Bu3yanuzauuu qoctynssl B DIGITS nist ananu3a u MHTEpIIpeTaly pe3ysibTaToB KiIacCH()UKAIIH HU300paKeHUH?
Kakue pacuiipenus u JOTOJIHUTEIbHBIE BO3MOXKHOCTH MpefocTapiser GppeitmBopk DIGITS no cpaBHEHHIO ¢ TpaJAUIIHOHHBIM PYYHBIM
KOJMPOBAaHHUEM U HAaCTPOMKOM Mozenu kiaccudukanuy nuzoodpakeHuii?

Kakosa mens ¢peitmeopka Horovod?

Kakue ocHOBHBIC PEUMYIIIECTBA HCONB30BaHuss Horovod st MacirabupoBaHus Tiy0oKoro ooyueHus?

Kakne 6uOIMOTEKH U TEXHOIOTHH UCTTobp3yeT Horovod?

Omuure apxuTekTypy Horovod u kak oHa paboraer.

KaxoBbl orpanmdeHus ucmosb3oBanus HOrovod B HEKOTOPBIX CLieHAPHSX?

Kak Horovod o6ecnieunBaet 3¢ hekTHBHOE HUCTIONb30BaHUe rpaduueckux mporueccopo (GPU) B kmactepe?

Kaxkyto poins urpaer anropurm AllReduce B Horovod?

B ueM 3akiII04aroTCs IpenMyIecTBa HCoNb30BaHus oubmoreku TensorFlow ¢ Horovod o cpasrenuto ¢ PyTorch?

OmnmiirTe Mporece pa3BepThIBAHUS MOJEIH C UCTIONb30BanneM HOrovod Ha kiacrepe ¢ HECKOIBKUMH y3IIaMH.

Kak MOXHO ONTUMM3UPOBATH MPOU3BOIUTEILHOCTS MOJEH, 00yUeHHOH ¢ moMonbio Horovod, ¢ moMonisio runepnapamMerpoB U
KOH(pUrypauuu?

KakoBa ocHoBHast 11enb (peiiMBopka TensorRT?

OnuImTe OCHOBHBIE TIPEUMYIIECTBA HCIIONB30BaHus TeNSOrRT st onTMMU3anuy 1 pa3BepThIBaHus ceTei TensorFlow.

CpaBHHTE IPOU3BOAUTENLHOCTE 1€NSOIRT ¢ npyruMu ¢gpeiMBopkaMu ONTUMH3ALUK MOJENIEH MAlIMHHOTO 00Y4eHHUs1, TAKUMH KaK
Caffe2 n ONNX.

Kakas apxurtekTypa ucnonbssyercs B TENSOrRT aist obecnieueHus BEICOKOH MPOU3BOAUTENBHOCTH U 3()(YEKTHBHOCTH TIPU HHPEPEHCE
mogeneii TensorFlow?

Kaxkue onTuMH3anny NPOH3BOJUTEIBHOCTH OCTYIHBI B TeNSOrRT u kak oHu BiusiroT Ha HH(pepeHe moaeneit TensorFlow?
OmnwrmTe mporecc mpeobpasosanus moaenu TensorFlow B gpopmar, mommepsknBaemsrit TensorRT.

Kakum o6pazom TensorRT obecneunBaeT onTuManbHOE UCIIOIL30BAHUE IPpaUIECKUX MIPOLECCOPOB U APYTUX allapaTHBIX PECYpCcoB
st nHdeperca moaeneii TensorFlow?

Kakue pomnonauTenspHbie QyHKINH TpemocTaBisteT TensorRT mo cpaBHenuio ¢ 6a30Boii peanusarmeit nudeperca TensorFlow?

B 4eM cocTosIT orpaHHYeHHS HCIOIb30BaHKs TeNSOrRT B HEKOTOPBIX CleHAPHUsIX pa3BepThIBaHus Moaeneil TensorFlow, takux kak
o0yveHre Wi OHJIaifH-HHpepeHc?

KakoB nporiecc pa3BepThIBaHUs ONITUMU3UPOBAHHOM Mojienid TensorRT Ha 1eneBoM ycTpoicTBe MK B 001a4HO HHPpaCTpyKType?
Kakue npenMyniecTBa npeaocTaBisieT UCIIOIb30BaHUE KOHTEHHEPOB ISl pa3BepPThIBAHUS ¥ MACIITAOUPOBAHHMS IIPHIIOKEHUH
MAaIIMHHOTO 00yuYeHHs U NITy00KOro o0y4eHus?

CpaBHHUTE U COMOCTaBbTE PA3IMYHBIC CHCTEMbI OPKECTPOBKH KOHTEHHEPOB, Takue kak Docker Swarm, Kubernetes u Mesos, ¢ Touku
3pCHUA NX (pyHKLII/IOHaJ'IbHOCTI/I, MPOU3BOJUTCIIBHOCTU U CTOUMOCTH.

OnuimnTe )XU3HEHHBIH MK Pa3padOTKH U Pa3BEPTHIBAHMUS MIPHIIOKEHUS MAITMHHOTO 00yYeHHS MK TIIyOOKOTr0o 00y4eHH s C
HCITIOJIb30BAHHUEM KOHTCﬁHepOB.

KakoBbI HaITy4IIFe IPAKTUKY U1l HACTPOMKH M ONTHUMHU3ALUH POU3BOIUTEILHOCTH KOHTEHHEPOB JUIS MPHIIOKEHUH MAITHHOTO
00y4yeHHs ¥ I1yOOKOro 00yueHust?

B uem cocrouT poib craHaapToB, Takux kak Docker Hub, mist xpanenus 1 oOMeHa 00pa3aMu KOHTEHHEPOB B 3KOCHCTEME pa3paboTKu
MAaIIMHHOTO 00y4YeHHs U TITyOOKOro 00y4eHus?

KakoBbI HEJOCTATKH UCIIOIb30BAHUS KOHTEHHEPOB LTSl pa3BePThIBAHUS PHIOKEHHH MAITMHHOTO OOYYESHUSI U TITyOOKOT0 00ydYeHUs,
TaKye Kak CI0KHOCTh YIPaBICHHUs, CTOUMOCTb M OTpaHHYeHUs Oe30macHoCTH?

OmuirTe Nponecc MUTPaiy CYIIECTBYIOMErO IPIIOKEHHUS MAIITHHOTO 00YYeHHs MM TITyOOKOro 00y4eHNUs Ha HCIIOIb30BaHHE
KOHTEHHEPOB JUIs 00eCTeYeH s MacIITaONPYeMOCTH, IIOBTOPHOTO MCIIONb30BaHMUS KOJa U IEPEHOCUMOCTH.

CpaBHHTE U COMOCTaBbTE MOJXOIBI K YIPABICHUIO pECypCcaMH, IIIAHUPOBAHUIO M OPKECTPALIUH JJIsi KOHTEHHEPOB, UCTIOTIb3yeMbIC B
pa3mMYHBIX cHcTeMax, Takux kak Kubernetes, Mesos u Docker Swarm.




Kax koHTeitHeps!I 00JIerdaoT pa3BepThIBaHUE MOJIeIeH MAIMHHOTO 00YUYEHHS B TITyOOKOTO 00y4YEHHs B IIPOM3BOJICTBO?

B uém 3akirogaeTcs poib CHCTEM BHICOAHATUTHKY B COBPEMEHHBIX MPUIIOKEHUSIX U HHPPACTPYKTypax?

Haiite 0630p dpeitmBopka DeepStream u onuIIMTe €ro OCHOBHBIE BO3ZMOXKHOCTH.

Kakue 3a1a4n KOMITBIOTEPHOTO 3pEHUSI MOTYT OBITh PEIICHBI C UCTONb30BaHueM DeepStream?

Cpasuure ¢peiivBopk DeepStream ¢ apyruMu penieHusIME JUlsl BUACOaHATUTHKH, Takumu kKak OpenVINO u Darknet.

Kakum o6pasom DeepStream urrerpupyercs ¢ miaTGopMaMu U CHCTEMaMK BUIeOHa0 o eHns1, TakuMu kak Intel® OpenVINO™ g
ONVIF?

Oxapakrepusyiite npoiecc 00paboTKH BHIEO C UCNOIb30BaHHeM DeepStream, Bkirouas stamnsl OOHApYKEHHsI 00BEKTOB,
KJTacCU(UKALIN U OTCIICIKUBAHUSL.

Kakoga posb cBeprounbix HelipoHHbIX ceTerd (CNN) u rimy6okoro o0y4enus (DL) B anropurmax BuneoaHanuTHku Ha 6a3ze DeepStream?
Kax obecrednBaeTcst MacIITabHPyeMOCTh M THOKOCTh CHCTEM BHJICOAHAINTHKY ¢ UcHons3oBaHneM DeepStream B pacnpeneneHHBIX 1
001a4HbIX HHPpacTpyKTypax?

KaxoBbl npenMymiecTsa ucnois3oBanus DeepStream it pa3sBepThIBaHUSA CHCTEM BUICOAHAIUTHKY IO CPABHCHHUIO C TPaJUIIHOHHBIMH
petmenusMu?

OmmumTe nporece BHeAPeHU U HHTerpauu DeepStream B cymiecTBYIONHE CHCTEMBI BUICOHAONIONCHUS U MAIIMHHOTO 3PCHUSL.

5.4. MeToauka OLleHKH 0CBOCHHS IMCUUILIMHBI (Moay.si, npakTuku. HUP)

OrieHKa 3a JMCIMIUTMHY BBICTABJISETCS HA OCHOBE PE3yJIbTATOB BBIMIOJHEHHUS JICKTPOHHBIX TECTOB. MaKCHUMAIIbHOE KOJIUYECTBO OAIoB
MOJTy9aeMbIX 3a Kax b Tect pasHo 100.

KommnuaecTBo BormpocoB B TecTe 25 1o 4 6ama 3a Bonpoc. TecThl CIalTCs TOJIBKO MOCIE BBHITOIHCHUS IPAKTHYESCKOTO 3aJaHus 1
BBITIOJTHSFOTCS OJIMH Pa3.

Bes nucuurna ouenuBaercs B 1000 6amioB. OueHKaM COOTBETCTBYIOT clieayroiue 0auibl: «otiarnaHo» - 1000 - 901, «xopomo» - 900
- 750, «ymosnetBoputensHO» 749 — 600.

6. YHEBHO-METO/MYECKOE U THO®OPMAIIMOHHOE OBECIIEYEHHE

6.1. Pexomenayemas aurepatypa

6.1.1. OcHoBHast TUTEpPaTYypa

ABTODEI, COCTaBUTEIHN 3arnaBue Bubnmorexa W3narenscTBO, TOI
JI1.1 |bapckuii A. b. Jlornueckue HEHpPOHHBIE CETH: DnekTpoHHas OubnInoTeKa Mocksa: UaTepHeT-
yueOHOe mocobue ‘YHuBepcurer

WudopmanroHHBIX
Texnonorui
(MHTYUT)|bunom.
JlaGopatopus 3Hanuit, 2007

JI1.2 |Ilerposuues E. 1. BBenenue B uCKyCCTBEHHbIE bubanorexa MUCuC M.: Uzn-so MITYVY, 2008

HelipOHHBIE ceTH: yded. mocobue
no aucy. "HelipoTexHonoruu B

yrpaBieHun"

JI1.3 |Tanymkun A. U. Heliponnsie ceTn: 0CHOBBI Bubmmorexa MUCuC M.: T'opsiuast munHMS -
TeopUH: MOHOTpadus Temnexom, 2010

JI1.4 |bapckuii A. b. BBenenue B HeHpOHHBIE CETH: DnekTpoHHas OubNInoTeKa Mocksa: UnTepHer-
IpaKTUIeCcKoe nocodue ‘YHuBepcurer

HudopmanroHHBIX
Texunonoruit (MHTYUT),

6.2. Ilepeuens pecypcoB HHGOPMAIHOHHO-TEJIEKOMMYHHKAIINOHHOM ceTH «AHTepHeT»

51 Image Classification with DIGITS https://courses.nvidia.com/courses/course-v1:DLI+L-FX-01+V1/
about
32 |[AWS for Deep Learning https://aws.amazon.com/ru/console/
[Tnomaaka 11 BBINOJIHEHHUS TPAKTUYCCKUX 3aJaHU i https://colab.research.google.com/
33
google
S Getting Started with Deep Learning https://courses.nvidia.com/courses/course-v1:DLI+S-FX-01+V1/a
bout
55 Getting Started with Image Segmentation https://courses.nvidia.com/courses/course-v1:DLI+L-FX-04+V2/
about
36 Deep Learning at Scale with Horovod https://courses.nvidia.com/courses/course-v1:DLI+L-FX-23+V2/
about
57 Optimization and Deployment of TensorFlow Models with [https://courses.nvidia.com/courses/course-v1:DLI+L-FX-18+V2/
TensorRT about
g High-Performance Computing with Containers https://courses.nvidia.com/courses/course-v1:DLI+L-AC-25+V1/
about




Al Workflows for Intelligent Video Analytics with [https://courses.nvidia.com/courses/course-v1:DLI+L-1V-04+V1/about

99 DeepStream

6.3 Tlepeyensb NPOrpaMMHOro odecnedeHnst

I1.1 |Anaconda

1.2 |Oracle VM VirtualBox

.3 |Python

1.4 [MS Teams

6.4. Ilepeuenb HH(POPMALMOHHBIX CIIPABOYHBIX CHCTEM M MPO¢ecCHOHATBHBIX 023 JAHHBIX
n.1 |https://courses.nvidia.com/

n.2 |https://aws.amazon.com/ru/console/

7. MATEPUAJIBHO-TEXHUYECKOE OBECIIEYEHUE
Ayn. Ha3nauenue OcHanieHue

b-902 VYueOHas aynuropus 12 cranuoHapHbEIX KOMIIBIOTEpOB (2 X core i5-3470 8gb RAM,
10 x ryzen5 2400g 32gb RAM) , maker JIHIEH3MOHHBIX
nporpamm MS  Office, nemoHcTpanonHoe 000pyIOBaHUE:
JOCKa , TPOEKTOp MYyJIbTUMEAUWHBIA, KOMIUICKT y4eOHON
mebenu Ha 19 mect

B-907 VuebHas aynuropus 1 craroHapHbBIH KOMIBIOTED , MAKET JUIIEH3HOHHBIX MPOTPaMM
MS Office, xommekr yuebHOU Mebenn Ha 42 TOCATOYHBIX
MecTa , ICMOHCTPaMOHHOE 000pyJI0BaHKUE: JOCKa , TPOCKTOP
MYJIBTUMEAUUHBIA X 2 , 9KpaH X 2 , KOJIOHKA

Uuraneueiid 3251 Ne3 (B)  |Ayauropusi  1Isl  caMOCTOSATENbHOM [ KkoMIuiekT yuyeOHOW mebenu Ha 44 mecta Ui 00y4aroUIMXcs,
paboTHI M®V Xerox VersaLink B7025 ¢ ¢yHKItHEel MacTabupoBaHuUs
TekcToB 1 u300pakenui, 8 I1K ¢ noctynom k UTC «MHTepHET,
OUOC yHuBepcHTeTa 4epe3 JIMYHBbIA KaOWHET Ha miaatdopme
LMS Canvas, nunensuonsnbie mporpamMel MS Office, MS
Teams, ESET Antivirus.

8. METOAUNYECKHUE YKA3AHUS JJIS1 OBYYAIOIUXCSA

1. Jlekuuu 4uTaOTCA B ayAUTOPUAX U, OMHOBPEMEHHO, TUCTaHIIMOHHO B MS Teams.

2. IlpakTuyeckue 3aHATHS IPOBOIATCS B ayJUTOPHSX Kadeapsl HHkeHepHoU kubepHeTnkr nHCTHTYTa MTKH.

3. JIst caMOCTOSTENbHOM paboThI UCTIONIB3YETCs 3JEKTPOHHAst oOyyaroias cuctema Canvas.

4. KoHCynbTaluu 1Mo Kypcy MpOBOASATCS MPEoaBaTesieM Mo KaJeHIapHOMY IDIaHy TpaduKy B ayAUTOPUsIX Kadeapsl, a Takke ¢
UCTIONIb30BAaHUEM CPEJICTB AUCTAHLIMOHHOTO OOLIEHUsS SJICKTPOHHON oOyuaromieit cucremsl Canvas.

5. Texymuii KOHTPOJb TPOBOJUTCS Kak B AJIEKTPOHHON opMe Ha KOMIBIOTEpax B AUCIUICHHBIX Kilaccax Kadeapsl ¢
UCTIONIb30BaHUEM 3JIEKTPOHHON o0yuaromieit cucteMbl Canvas, a Takoke 3JIeKTPOHHBIX TECTOB, U B OYHON (popMe Ha 3aHATHUSX B
ayauTopusax kadeapsl. st HOATOTOBKH K KOHTPOJIBEHBIM MEPONPUATHSIM CTYJSHTY BBLIACTCS MEPEUeHb TEM, TI0 MaTepHaITy KOTOPBIX
6y£[CT KOHTPOJIBHOC MEPOIIPUATHEC. HO,Z[FOTOBI/ITI) K KOHTPOJIBHBIM T€CTaM CTYACHTA BO3MOKHO IIPHU KOHCYJIbTAllUAX B CUCTEME
cMenraHHOro o0yuennst Canvas 1 KOHCYIbTalUsAX Ha OYHBIX 3aHSTHSIX.

6. OOyuyeHne opraHu3yercsi B COOTBETCTBUH C HacTosllel nporpammoii. CaMmocTosTelbHast paboTa CTyJIEHTOB OpPraHU3yeTCs U
KOHTPOJIMPYETCS C MOMOIIBIO AJIEKTPOHHBIX BEPCU KOHCIEKTA JIEKIIUI U ITOCOOMH C BOIpOCcaMHU Il CAMOTIPOBEPKH, a TAKXKe
WHAUBUAYAJIBHOTO OIIpocCa CTYACHTOB BO BPEMs MMPOBCACHU A NPAKTHICCKUX pa60T.

7. At caMoCTOSITEN,HON pabOTHI CTYIEHTaM MPEAOCTABISIOTCS qUcTUieiiHbIe Kiaccehl onbmmorexkn HUTY MUCHC. B npouecce
CaMOCTOSATENBHON pabOThI CTYAEHTHI UCIIOIB3YIOT AIIEKTPOHHYIO 00yuaronyto cucremy Canvas.




