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1. llesu u 3212494 AU CIUILIHHBI

CdopmupoBars y CTyI€HTOB TEOPETUUECKUE 3HAHUS U MPAKTUIECKUE HABBIKH 110
OPUMEHEHUIO METOJIOB MAILIMHHOTO OOY4YEHHS B YCIOBUSAX HECTAHJAPTHBIX TaHHBIX:
MaJibIX BBIOOPOK, HECOAIAHCUPOBAHHBIX pacnpeaeiaeHui, Oonbnx 00bEMOB, CIBUTA
naHHbIX (drift) u BeicOkOro ypoBHs mryMa. CTyAeHTbl OCBOSIT COBPEMEHHBIE TTOJXO/IbI K
MOBBIIIEHUIO 0000IIaEMOCTH, YCTOMUUBOCTHU U A(()EKTUBHOCTU MOJIEIIeH, BKItodas few-
shot learning, domain adaptation, denepatuBHOe 00ydeHre, poOACTHBIE METOABI U METOIBI
CHUXEeHHs pazmepHocTU. Ocoboe BHUMaHHE yiesieTcss 000CHOBaHUIO BIOOpa
aNropuTMOB, aHanu3y trade-oft Mexay Ipon3BOAUTENBHOCTHIO, OE30MMACHOCTHIO U
BBIUMCIIMTEIbHON CTOUMOCTBIO. 3a/1aua Kypca — MOATOTOBUTH CTYAEHTOB K PELICHUIO
IPUKJIAJHBIX 337a4 B YCIOBUAX OTPAHUYEHHBIX, HEOJHOPOIHBIX UIIM PACIIPEACIEHHBIX
JAHHBIX C UCIIOJIb30BAaHUEM COBPEMEHHBIX HHCTPYMEHTOB MAIIMHHOTO O0Yy4EHUS.

Kpartkoe conepxxanne TUCHUILTHHBI

B paMkax AUCIUIUIMHBI U3yYarOTCsl TUIBI HECTAHAAPTHBIX JAHHBIX U BBI30BBI, C KOTOPHIMU
CTAJIKMBAIOTCS KJIACCUYECKHUE METOJIbI MAIIMHHOTO 00yueHus. PaccmarpuBaroTcst METOIbI
paboThI ¢ HecOalaHCUPOBAaHHBIMU JIaHHBIMU (oversampling, undersampling), oOy4yeHue Ha
Manbix BeIOOpKax (few-shot, MmeTaoOydueHue, OalieCOBCKHE METOBI), POOACTHBIC MTOIXOIbI
(RANSAC), macmirabupoBanue Ha Oonbine qaHHbie (mini-batch, online, federated
learning), a Takke MeTO/IbI MOBBITIIEHUST 00001TaemMoctr (domain adaptation, transfer
learning, perynsipuzanus). OTaenbHOE BHUMAHUE YAEICHO CPAaBHUTEILHOMY aHATU3Y
mojeneit o 3¢ (HeKTUBHOCTH, YCTOWIMBOCTH U Oe3omacHOCTH. [IpakTuueckue 3aHATHS
OpPUEHTHPOBAHBI Ha pean3alyio U aIanTaIiIo aITOPUTMOB ¢ UCTIoib30BaHueM Python,
Scikit-learn, PyTorch u cnenpann3upoBaHHbIx OUOIHOTEK.

2. Komnerenun odyuawierocsi, opmMupyembie B pe3yJibTaTe 0CBOCHUS
AUCIHUNIUHBI

[Inanupyemsblie pe3yabTaTbl OCBOEHUS [Inanupyemsblie pe3yabTaThbl
OIT BO (xommnieTeH1un) 0o0Oy4YeHHUs 10 AUCITUTUTHHE

3naet: - [U-1, ITY] ocHOBHBIE TUIBI HECTAHIAPTHBIX
MaHHBIX (Majbie BEIOOPKH, HecOaTaHCUPOBAHHBIC
aHHbIE, O0JIbIINE 00BEMBI); 0a30BbIE AJITOPUTMOB
(narmpumep, oversampling, undersampling, mini-
batch learning) /11 THTIOBBIX 3a/1a4; OTPAHUICHHUS
CTaHJApPTHBIX METOJIOB MPHU paboTe C TAKUMU
TaHHBIMU
Ymeer: - [U-1, ITY] 060cHOBBIBaTH BEIOOP METOIOB
noBbIeHYS ) PexTHBHOCTH U 0000IaeMocTH (
ITK-13 [ML-8] CrtocobeH MpUMEHSATh allTOPUTMBI  [PETYJISpU3aINs, YMEHBIIICHUE Pa3MEPHOCTH MOJICIIH,
o0y4eHus1 Ha HECTaHIapTHBIX 0O0beMax NaHHbIX  |[domain adaptation, HCTIONB30BaTh PA3HOCTHBIX
METOZIOB TUIIA CHaMCKuX cetel, few-shot learning,
OaitecoBckue metonnl) [1-2, BY | npoBoauTh
CpaBHUTENBHBIN aHATH3 MOZeNeH 1o
A HEKTUBHOCTH, YCTOWIMBOCTH U 0€30MIaCHOCTH,
YIUTBIBaTh NepeoOyuenue, drift m computational
cost
Nmeet npaktudeckuit onsitT: - [M-1, [1V]
aJICKBAaTHOTO BBIOOpA M aJIaNTaIlK aJITOPUTMOB
(transfer learning, few-shot learning, federated




learning) ¢ yyeToM cenn(UKHU HECTaHJAPTHBIX

00BEMOB JJaHHBIX U TPEOOBAHMI K 3a1aue

3. Mecro nucuuninubl B ctpykrype OII BO

[lepedens mpeAnIeCTBYIOMUX TUCIIATUIHH,
BUJIOB paboT yueOHOro MiaHa

[TepeueHb MOCIEMYIONIMX AUCITATLINH,
BUJIOB paboT

[ myOokue HeHpOHHBIE CEeTH

He npenycmoTpenst

TpC6OBaHI/ISI K «BXOJAHBIM» 3HAHUAM, YMCHUAM, HABbIKaM CTYJICHTA, HCO6XOI[I/IMBIM
ITpHU OCBOCHHUU I[aHHOI\/'I AUCHUITIINHBI 1 HpI/IO6peTeHHBIM B PC3YJIbTATC OCBOCHUA

MPEAIIECTBYOIINUX TUCIUTIINAH:

HAucuunnmna

TpeboBanus

[ 1ybokue HelpOHHBIE CETH

3naer: -[M1-2, [1Y] crannapTHble METPUKU OLICHKU
kadecTBa (accuracy, F1, ROC-AUC), -[U-1, ITY]
TD-meronst u MmeToasl MouTe-Kapno ans oOyueHus
arenTta, -[M-1, ITY] npuHuuMn u alropuTmsl
rpagueHTHOro cycka Ymeet: -[M-1, BY ] npoBoauts
AnMpOKCUMAIMIO PYHKIIUY HEHHOCTH areHTa ¢
MOMOIIBbIO ITyOOKHX HEWPOHHBIX CETei;
[pean30BOBATh ITOUCK M0 IepeBY METOAOM MOHTe-
Kapino, -[1-2, ITY] nucnonp3oBarh craHgapTHbIE
METPHUKH OIEHKH KadecTBa (accuracy, F1, ROC-
AUC) 1 conocTaBisTh 0a30BbIe MOIETH MEKIY
coboii, -[U-1, I1Y] 3agaBaTh 11e1b areHra ¢
[IOMOILIBIO ITOJIHOTO BO3HATPAKIECHMUS,
BO3HArpakJICHUsI ¢ 00eCIieHeHueM, JIIMO/1a-10X07a,
-[1-1, [1Y] npuMeHsTh peryisapu3anuio u
pOpeKrBaHue; BEIOWpATh pa3Mep Makera JJis
CTOXaCTUYECKOIr0 ITpaAueHTHOro cirycka[l1-2, bBY ]
[PUMEHSATHh OCHOBHbBIE apXUTEKTYPbI IITyOOKOTO
o0yuenus (VGG, ResNet) meeT npaktudeckuii
onbIT: -[-2, BY| co3manust areHTHOM CUCTEMEI C
OMOIIbIO ITyOOKUX HEHPOHHBIX CETei Ha OCHOBE
00ydeHwus ¢ moakperuieauem , -[U-1, [1Y]
vcnonp3oBanusa TD-meTonoB u MeTog0B MoHTE-
Kapno mist o0yuenus arenra, -[U-1, [1Y] Bei6opa u
3aaHKsI CKOPOCTH 00yueHUs U (PYHKLUH NOTEPh B
3aBHCHMOCTH OT 3aJ]a4yil U Habopa TaHHBIX

4. O0bém 1 BUABI YUeOHOI PadOTHI

OO6mmas TpyaI0eMKOCTh JUCHUILUIMHBI cocTaBiseT 3 3.¢., 108 4., 54,5 4. KOHTaKTHOM

paboTHI

Bun yue6HO# paboTh

Pacnipenenenue
Bcero | To cemecTpaM B yacax

4acoB Homep cemectpa
7
OO6mmas Tpy10EMKOCTh TUCIIUTUTHHBI 108 108
AyoumopHhvie 3auamusi: 48 48




Jlexuuu (JI) 16 16
[IpakTudeckue 3aHATUS, CEMHUHAPHI U (HIIN) IPYTHE BHUIBI 0 0
aynuTopHbIX 3aHsaTHi (I13)
Jlabopatopusie pabotsl (JIP) 32 32
Camocmosmenvuas paboma (CPC) 53,5 53,5
Nzydenne marepuana B mocobuu "AyrMeHTanus JaHHBIX TS
perieHus mpooIeMbl 00yYESHHS Ha MaJIBIX IAHHBIX B TEXHUYECKON 5 5
nuarfoctuke"
IlonroroBka k 3a4eTy 13,5 13.5
Nzyuenue u ananus crareit ypoBus 1 benoro crimcka (ctatbu B 35 35
CBOOOTHOM JIOCTYTIE)
KoHcynpranyy u npoMeKyTo4Hast aTTeCTalus 6,5 6,5
By koHTpOs (3a4eT, qud).3a4eT, IK3aMeH) - nud.3ader

5. Conep:xkan

He TUCHUIIINHBI

O0beM ayTUTOPHBIX 3aHITHIA O
paizgena HanmeHnoBanue pa3nenoB AUCHUTUTHHBI BUlaM B Hacax
Bcero JI I13 JIP
1 Tumonorust HeCTaHJAPTHBIX JAHHBIX U 0A30BBIE METOJIBI 12 4 0 3
KOpPEKIIUU
2 |Metonbl 00y4eHHs Ha MaJIbIX U 3aUTyMJIEHHBIX BHIOOpPKaX 14 4 0 10
3 [MacmrabupoBaHue U pacnpeesi€HHOe 00yUeHHe 10 4 0 6
4 [ToBbIIIEHTIE 06vo6111aeMOCTH, YCTOMYUBOCTH U 12 4 0 ]
CpPaBHUTENBHBIN aHATH3
5.1. Jlekuumu
Ne Ne Koz-
rexuuulpasena HaumeHoBaHue WM KpaTKoe CoJepKaHue JTEKIIMOHHOTO 3aHSATHUS BO
4acoB
1 1 BBenenue B HeCTaHIaPTHBIC IAHHBIC: MaJIbIe BEIOOPKH, HeCOATaHCUPOBAHHBIC 5
naHHbIe, Oonbiue 00bEMBI. OrpaHUYSHHSI KIIACCUYECKUX METOJIOB.
5 1 MeTobI 6aJ:IaHCI/IpOBKI/I nauHbIX: oversampling (SMOTE, ADASYN), )
undersampling. MeTpuku kauecTBa Jisl HecOaTaHCUPOBAHHBIX 3a/1a4.
3 ) OOydeHue Ha MalbIX BeIOOpKax: few-shot learning, meraoOyuernne (MAML), )
cuamckue ceTu. baliecoBCKME OIXO0bI K PETYIISIPU3AIUH.
4 ) PoOacTHbIie METOABI: RANSAC, Huber-perpeccus, yctoitunBocTh K BbIOpocam u )
caBuraMm pacnpeaenenuii (drift).
5 3 OOydenue Ha OonbIINX JaHHBIX: mini-batch, online learning, meTomb! )
onrruMu3anui. OTrpaHUYCHUS U IIIYMHOCTD OIICHOK.
6 3 CDeaepaTHBng oOyueHue: apXUTeKTypa, MeTob! cornacoanus (FedAvg, )
FedProx), privacy, pa6ota ¢ non-1ID nanabIMHE.
7 4 MeTons! oBBITIIEHUST 00001IaemMoctH: transfer learning, domain adaptation )
(MMD, DANN), perynsipu3zanus, CHUKEHUE Pa3MEPHOCTH.
2 4 CpaBHUTENBHBIN aHATTU3 MOJIEIICH: 3(1)(1)61'(TI/IBHOCTB, YCTOI\/’I‘{I/.IBOCTL, )
6e3omacHocTh. [lepeoOyuenue, computational cost, adversarial robustness.

5.2. llpakTyeckue 3aHATHS, CEMHUHAPDbI

He mpenycmoTtpenbt




5.3. JIaboparopHbie padoThI

Ne Ne Koa-
HaumeHoBaHue win KpaTKoe CofepKaHue 1adopaTopHOil paboThI BO
3aHATUA[pa3IeNa]
4acoB
AHaJTN3 ¥ BU3yadu3alus CTPYKTYPhl HECTaHIAPTHBIX JTAHHBIX: BBISBICHHC
1 1 |mucbanaHca Ki1accoB, MaJbIX BEHIOOPOK U HAJTHUHUS BEIOPOCOB B PEAIbHBIX U 4
CHHTETHYECKHX JIaTaceTax
[IpumeHeHne MeTo10B GalaHCHPOBKHU HecOanancupoBanHbIX naHHBIX (SMOTE,
2 1  |RandomUnderSampler) u olieHka kauecTBa MOJieJei ¢ UCIIOIb30BAaHUEM METPUK 4
F1, AUC-PR u balanced accuracy
Peanu3anus 1 TeCTUpOBaHKUE CHAMCKOW HepoHHoOM ceTn 1is few-shot
3 2 [knaccudukaruu Ha natacere Omniglot ¢ UCTIOIB30BaHUEM METPUUYECKOTO 6
00y4eHUs ¥ TAPHOTO CPABHEHUS N300parkeHUit
[Ipumenenne pobacTHBIX MeTO10B JMHEeHHOM perpeccun (RANSAC, Huber-
4 2 |perpeccus) Ha 3alTyMJIEHHBIX IaHHBIX U CPABHEHHE X YCTOWYUBOCTH C 4
kiaccuueckoir OLS-perpeccueit
Cumynsiius ¢penepaTuBHOTO OOy4eHHS ISl TUATHOCTUKU aCHHXPOHHOTO
5 3 |aBuUraress Mo TOKy CTaTopa B YCJIOBUAX pacIpelei€HHbIX U HEOAHOPOAHBIX (non- [ 6
[ID) nannpIx (keic OT mapTHEpa)
Peanu3zanus metona domain adaptation 1715 MOBBIIIEHUS YCTOMYUBOCTH MOZEIN
6 4  |TMarHOCTUKH MOIIMITHUKOB IMPU U3MEHEHUH HATPy3KH U CKOPOCTH BPAIICHUS 4
(CWRU) (keiic ot mapTHepa)
KoMaHHBI MUHHU-TIPOEKT: KOMIUIEKCHOE pElIeHHE 3a/1a4ul Ha HECTaHIapPTHBIX
7 4  |maHHBIX C BRIOOPOM, aanTanueil 1 000CHOBaHHEM anropuT™MoB (few-shot, 4
federated, domain adaptation) u 3amuToii pemenus (keic oT napTHepa)
5.4. CamocrosiTesqibHasi padoTa CTyIeHTa
Brimonaenne CPC
Crincok nureparypsl (¢ yKa3aHUEM Koz-
[Monsun CPC pas3zenos, mas, cTpaHul) / ccbika Ha  (CemecTp| BO
pecypc JacoB
3yueHue matepuaia B nocooun
n
AYTMCHTAIUS JAHKEIX 113 PEIICHH [IpuoskeHHOE MeToAMYECKOe Tocodue 7 5
poOsIeMbl 00yYeHHUsT Ha MAJIbIX JAHHBIX B
TEXHUYECKOU TUarHocTuke"
[ToaroroBka K 3a4eTy Bcst ocHOBHas nuTeparypa. 7 13,5
[Ipumepsl crateil (k Haualy Kypca CIIMCOK
Oyzner 0OHOBIIEH Ha 6o0jiee COBPEMEHHBIE U
aktyanbHble cTathi) 1. Yu, F.; Xiu, X.; Li, Y.
A Survey on Deep Transfer Learning and
Beyond. Mathematics 2022, 10, 3619.
https://doi.org/10.3390/math10193619
. (cTarbs CONEPIKUT COBPEMEHHBIN 0030p 110
M3yueHue u aHaius crateil ypoBHs | . )
MeTonam transfer learning) 2. Abreha, H.G.;
benoro crimcka (cTaTbi B CBOOOTHOM 7 35

TOCTYTIC)

Hayajneh, M.; Serhani, M.A. Federated
Learning in Edge Computing: A Systematic
Survey. Sensors 2022, 22, 450.
https://doi.org/10.3390/522020450 (cTarbs
MOCBSIIIIEHA HHTETPaluH (peepaTuBHOTO
oOyuenwus ¢ edge computin) 3. Martinez-
Otzeta, J.M.; Rodriguez-Moreno, 1.;
Mendialdua, I.; Sierra, B. RANSAC for




Robotic Applications: A Survey. Sensors
2023, 23, 327.
https://doi.org/10.3390/s23010327 (craThs
npeacraBisieT 0030p metonoB RANSAC u
X MOJM(UKAINN, OPUSHTUPOBAHHBIX HA
POOACTHYIO OIICHKY ITapaMeTPOB B YCIOBHUSX
O0JIBIIOrO KOJTMUECcTBa BHIOPOCOB.) 4. Ren,
J.; Li, C.; An, Y.; Zhang, W.; Sun, C. Few-
Shot Fine-Grained Image Classification: A
Comprehensive Review. Al 2024, 5, 405-
425. https://doi.org/10.3390/215010020
(cTarbs pokycupyeTcs Ha 3amadax few-shot
fine-grained knaccuukay n300paskeHHiA. )
5. Walsh, R.; Tardy, M. A Comparison of
Techniques for Class Imbalance in Deep
Learning Classification of Breast Cancer.
Diagnostics 2023, 13, 67.
https://doi.org/10.3390/diagnostics 13010067
(cTaThs MPEACTaBISIET YMIUPUIECKOE
HCCIIeIOBaHUE METOIOB OOPHOBI C
mrcOaaHcoM KJIaccoB B 3a/1aue

MAarHOCTUKY paKa MOJIOYHOH JKeJIe3Hl,
BKJTIOUas oversampling, undersampling u
CUHTETHYECKYIO TEHEPAITHIO)

6. @OoH/1 OLIEHOYHBIX CPEICTB /ISl IPOBeIeHNsI TEKYIEro KOHTPOJIsl YCIIeBAeMOCTH,
NMPOMEKYTOYHOM aTTeCTallMu

Kontponp kauecTBa ocBoeHUs1 00pa30oBaTeIbHON IPOrpaMMBbl OCYIIECTBISETCS B
cootBercTBHH ¢ [Tonokennem 0 6aTbHO-PEUTUHTOBON CUCTEME OTICHUBAHUS PE3YIbTATOB
y4eOHOH AESITENIbHOCTH 00yYarOIINXCS.

6.1. KouTpoabubie meponpusitusa (KM)

Ne | Ce-
KMmecTp

Bun
KOHTPOJISI

HazBaumue
KOHTPOJIBHOTO
MEPONPUATHUS

Bec

Makc.
Oam

HOp}IIlOK Ha4YHUCJICHUs 0allJIoB

Yuu-
THIBA-
ercd B [TA

Texyuui
KOHTPOJIb

JlaGopaTtopHas
pabora 1

10

10

3arpy3ka v IepBUYHBIN aHATTN3
nanHbIX (info, describe) — 1
Oamn

[TocTpoeHue THCTOrpamMm U
boxplot — 2 6ama
KosnnuecTBeHHAs OlIEHKA
mrcOanaHca KiraccoB — 2 Oaia
BrisiBienne Beiopocos (IQR
wim Z-score) — 2 Oania
BriBog o0 Thmax
HECTaHIAPTHOCTH U
BO3MOXKHBIX METOJIaX — 3
Oaia

nudpepeHIpoBaHHbII
3a4eT

Texymmii
KOHTPOJIb

JlabGoparopHas
pabora 2

10

10

KoppektHoe pazaeneHue
maHHBIX — 1 Oayut
[IpuMeHeHue
RandomUnderSampler — 2
Oasia

¢ depeHIINPOBAHHBIH]
3a4eT




[Ipumenenne SMOTE — 2
Oana

OOyueHne MOAETH U PacuéT
BCEX METpUK — 3 Oayia
CpaBHeHue 1 000CHOBaHHBIN
BBIBO — 2 Oajuia

Texymui
KOHTPOJIb

JlaGopaTopHas
pabota 3

15

15

[TonroroBka mnap n300pa>keHui
— 3 Oaiia

KoppekTHas apxuTekrypa ceTu
(shared weights) — 4 6amna
Peanmm3arnus contrastive loss u
oOyuenune — 4 Gamna
TectupoBanue n accuracy >
70% — 2 Gamna

BriBox u ananns — 2 Oaiia

nudpepeHIpoBaHHbII
3a4eT

Texymnmii
KOHTPOJIb

JlaGoparopHas
pabora 4

10

10

[enepanus 1aHHBIX C
BbIOpOCcaMu — 2 Gaa
OO0yueHue Bcex TpEX Mojenei
(;muneiinas perpeccus (OLS),
RANSACRegressor,
HuberRegressor) — 3 6anna
Busyanuzanus muHUi
perpeccuu — 2 6anna
CpaBHeHue MeTpuK (Tabauia)
— 2 Oana

Ob6ocHOBaHME BbIOOpA
pobacTtHOrO MeToxa — 1 Gamn

i pepeHIMPOBaHHBIN
3ager

Texymmii
KOHTPOJIb

JlabGoparopHas
pabora 5

15

15

KauecTBennas npenodpadboTka
CUTHAJIa ¥ U3BIICUCHUE
npu3HakoB — 3 Oasuia
KoppektHoe co3nanue non-I1D
KIIMEHTOB (pa3/iejeHue 1o
Harpyske) — 2 Oana
Peanuzanus FedAvg (unu
ncnoas3oBanue Flower) — 5
OaioB

[paduk cxogumocTu u
CpaBHEHHUE C
[[EHTPAIM30BAaHHBIM 00yUeHUEM
— 3 Oamta

Ananu3 BiustHUS non-11D u
YCTOMYUBOCTH — 2 Oaia

nudpepeHIMpOBaHHBIH]
3a4er

Texymnmii
KOHTPOJIb

JlaGoparopHas
pabora 6

10

10

[lonroroBka maHHBIX — 2 Oajuia
Oo6yuenue source-only Moaenu
1 TECTUPOBAHUE Ha IICJIEBBIX
MaHHBIX — 2 Oaita

Peammzamus DANN mwm MMD
— 4 Oaia

CpaBHeHME pe3yabTaToOB U
000CHOBAHHBLII BEIBOJ — 2
Oajia

i pepeHIIMPOBaHHBIN
3ager

Texymumii
KOHTPOJIb

Koman et
MUHHU-TTPOCKT

20

20

Komanma (2—3 gein.) BeiOupaer
3a/auy U3 MpeasioKEHHOTO
CTIMCKa WM TIPE/IIaraeT CBOO,

COITIACOBAHHYIO C

Qg pepeHIIMPOBaHHBIN
3ager




npenogasarenem. [Iposonur
aHaJIU3 TAHHBIX: BBISIBIISET THI
HECTaHAAPTHOCTH (MaJble
BBHIOOPKH,

nucbanauc, mym, drift, non-I1ID
u 1p.). Beioupaer u agantupyet
OJIMH MJTU HECKOJIBKO METO/IOB
(few-shot learning, domain
adaptation, federated learning,
perymsipusaiusi, 6aiieCoOBCKHe
moaxoAsl u Ap.). Peanuzyet
pelIeHne, OLIEHUBAET ero

A (HEeKTUBHOCTh, YCTOMYNBOCTH
1 BBIYUCIIUTEIBHYIO CTOUMOCTb.
[ToaroraBnuBaeT oTuét (5—7
CTp.) ¥ TIpe3eHTaruto (5—7
CJIaliI0B). 3alllMIIAET TPOEKT.
[lopsnox HauKcieHus: 6aIoB
(maxc. 20):

AKTyaJIbHOCTb U CJIOKHOCTb
3amaun — 3 Gaya

KauecTBo aHanM3a 1aHHBIX U
BEISIBJICHUSI HECTAHJAPTHOCTH
— 3 Oasuta

O60CcHOBaHHOCTH BBIOOpA U
ajanTaliyd METOIOB — 5
0aJoB

KauecTBo peanuzaiuu u
pe3yasTatoB — 5 Oaria
KauyecTBo oTuéTa n
[pe3eHTauun — 2 6amia
3amuTa 1 OTBETHI HA BONIPOCHI
— 2 Oata

IIpome-
JKyTOYHast
aTTecTanus

3aueTHasa
pabora

100

CryneHT nonayvaeT 3a4€THBIN
OWJIeT, comep KaIIuii 1Ba
TEOPETUUECKUX BONPOCA U OAHY
[MpaKTUYECKYIo 3a1a4dy. Ha
[OArOTOBKY OoTBOAMTCS 60
MUHYT.

Orenka BoicTaBisgercs mo 100-
OayIbHOM MIKaJle C YYETOM
[MOJIHOTHI U IPAaBUILHOCTHU
OTBETOB

Ha TEOPETUUECKUE BOITPOCHI
(makcumym 30 6aioB),
KayecTBa aHaU3a
MPaKTUYECKON 3aa4u —
BBHISIBJICHUS TUTIOB
HeCTaHIapTHBIX JaHHBIX (10
0ayToB), 000CHOBAaHHOCTH
BBHIOOpA U aJanTaIuu
MeTOJI0B (25 6atoB), OLICHKH
bddexTuBHOCTH U
ycTounBocTy Mozenu (15
0aJIoB), a TaKXKe

SICHOCTH M3JI0KEHMUS,

nudpepeHITpoBaHHbII
3a4eT




CTPYKTYpUPOBAaHHOCTH OTBETA U
TPaMOTHOTO HCITOJTb30BAHUS
tepmuHONOTHH (10 6amioB).
JIOTIOJTHUTEITEHO HAYUCIISETCS
1o 10 6ayioB 3a OTBETHI HA
YTOUHSIOIINE BOIIPOCHI
(mpunaratorcs).

6.2. Ilpouenypa npoBeaeHusi, KpUTEPHUH OLlEeHMBAHUSA

Bun npomexxyTouHon Kpurepun
[Ipouenypa npoBeneHus
arTecTaluu OLICHUBAHUS
CryneHT noiydaet 3a4€THBIN OUJIET, COAEpIKaIUi IBa

TEOPETHUECKUX BOMPOCA U OJIHY IPAKTUYECKYIO 3a1a4dy. Ha

NOATrOTOBKY O0TBOAUTCS 60 MUHYT. OLieHKa BBICTABIISIETCS 110
100-6amapHO#M mKaie ¢ y4ETOM TOJTHOTHI U IPABUIBHOCTH

OTBETOB Ha TEOPETHUYECKUE BOMPOCHI (MakcumyM 30 Gaiios),

., [KauecTBa aHaIM3a MPAKTUYECKOW 3a/1a4l — BBISIBJIEHUS TUIIOB|B cOOTBETCTBUU
g depeHIIMPOBaHHbBIN
sauer HecTaHIapTHBIX JaHHbIX (10 6amioB), obocHOBaHHOCTH | mil. 2.5, 2.6

3P PEKTUBHOCTH U YCTOWIMBOCTH Mojenu (15 6amnoB), a
TaKXKe SICHOCTH U3JIOKEHUS, CTPYKTYPUPOBAHHOCTH OTBETA U
IPaMOTHOTO MCTOIb30BaHus TepMuHosioruu (10 6amios).
JononauTtenbHO Hauucisiercs 10 10 6aymioB 3a OTBETHI Ha
YTOYHSIOIIIUE BOMIPOCHI (ITPUIIATatOTCs).

BBIOOpA W aJianTaIiii METoA0B (25 0aJIoB), OIEHKH [Tonoxenus

6.3. ITaciopTt ¢goHIa OLIEHOYHBIX CPEACTB

KommereHn

Pesynbrarel 00yueHus

Ne KM

[1K-13

3HaeT: - [U-1, IIY] ocHOBHBIE THIIBI HECTAaHAAPTHBIX JTAHHBIX (MajIbie
BbIOOPKH, HecOaJaHCUPOBaHHbBIE JaHHBIE, 0OJIbIINE 00BEMBI); OA30BbIE

anropuTMoB (Hampumep, oversampling, undersampling, mini-batch learning)

JJI1 TUIIOBBIX 3a/1a4; OTpaHUYCHUA CTAHAAPTHBIX METOJ0B IIPpH pa60Te C
TaKMMH JaHHBIMH

+
_|_

[1K-13

YMmeer: - [U-1, [TY] 060cHOBBIBaTH BEIOOP METOAOB IMOBBIIICHUS
APPEKTUBHOCTH U 000011aeMOCTH ( peTyisapHu3alys, yMEHbIICHHE
pasmepHocTH Mozenu, domain adaptation, HCTIOB30BaTh PA3HOCTHBIX
METOJIOB TUIIA CHAMCKuX ceTeid, few-shot learning, 6aiiecoBckue MeTObI)
[U-2, BY] npoBoauTh CpaBHUTEIBHBIM aHAINU3 MOJIeNel mo 3 (HEeKTUBHOCTH,
YCTOMYMBOCTH M 0€30MaCHOCTH; YUUTHIBATh nepeodydenue, drift u
computational cost

[1K-13

Nmeet npaktuueckuit onbIT: - [M-1, ITY] anexBaTHOTO BRIOOpA M amanTanuu
anroputMoB (transfer learning, few-shot learning, federated learning) c
Y4eTOM crielu(UKH HECTaHJapPTHRIX 00bEMOB JAHHBIX U TPEOOBaHMI K
3ajgaue

Tumnossie KOHTPOJIBHBIC 3aaHUs 110 KAXKAOMY MEPOIIPHUATHIO HAXOAATCS B
I[MPUIIOKCHUAX.

7. YueOHO-MeToAMYeCKOEe 1 HH(OPMAIIMOHHOE OOecriedeHue TUCIMIITIMHBI

IleuaTHasn y‘leﬁHO-MeTOHI/IquKaﬂ AOKYMCHTAIlUA

@) 0CHOBHas

aumepamypa:
He npenycmorpena




0) OononHumMenbHaAsL IUMmepamypa:
1. Hemunos A. K. ®yHKIHOHAJIBHOE U JIOTUYECKOE TPOrPAMMUPOBAHUE :
VY4eb. mocodue / A. K. Ilemunos; KOx.-Ypain. roc. ya-1, Kad. [lpuxman.
matematuka; FOYpI'Y. - Uensounck : MznarensctBo FOVYpI'Y, 2000. - 58,[1] c.

8) omeuecmeenHble U 3apyoediCHble HCYPHANbL N0 OUCYUNTUHE, UMelowjuecs 6 bubnuomexe.
He npenycmorpenst

2) MemoouuecKue yKazaHus 0 Cmy0eHmos8 no 0C80EHUI0 OUCYUNTUHDL:
1.  AyrmeHTtamus JaHHBIX IS PEIICHHS MPOOJIeMbl 00yUEHUS Ha MaJIbIX
JTAHHBIX B TEXHHYECKOW JUATHOCTHUKE

U3 HUX: y4eOHO-Memoouyeckoe obecneyerue camocmosmenvpHotl pabomsl CmyoeHma:
1.  AyrMeHramus JaHHBIX JJIS pelieHus mpoOiIeMbl 00yUeHHs Ha MaJIbIX

JaHHBIX B TEXHUYECKOU AUAarHOCTHKC

DJIeKTPOHHAs Y4eOHO-MeTOANYeCKAas I0OKYMEeHTaIl U

Hanmenosanne
Bn ecypca B
Ne A peeyp . bubnuorpagpudeckoe onrcanme
JUTEPATypHl |  ANEKTPOHHON
bopme

BBenenue B cratuctuiyeckoe ooyueHue ¢ npumepamu Ha Python :
pyxoBozactBo / I. JIxkeitmc, 1. Yurrton, T. Xactu, P. Tubmmupanu ;
nepeBos ¢ anruiickoro A. FO. T'masko. — Mockasa : JIMK Ilpecc,
2024. — 846 c. — ISBN 978-5-93700-217-4. — TexcT :
HIIEKTPOHHBIH // JIaHb : >eKTPOHHO-OMOIMOTEeYHAs cCcTeMa. —
URL.: https://e.lanbook.com/book/464258 (mara obpaieHus:
21.08.2025). — Pexxum nocrtyna: Juist aBTOpU3. OJIb30BaTENEH.

OcuoBHas |9bC usnarenbpcTBa
nureparypa |JlaHb

['yadennoy, 5. [mybokoe obyuenue / . I'yndennoy, U. benmkuo, A.
KypBuis ; nepeBon ¢ anruiickoro A. A. ClIMHKHHA. — 2-€ U311, —
Mocksa : JIMK Ilpecc, 2018. — 652 c. — ISBN 978-5-97060-618-
6. — Tekcrt : anexkTpoHHbIH // JIaHb : 271eKTpOHHO-OMOIHOTEeUHAs
cuctema. — URL: https://e.lanbook.com/book/107901 (nara
oOpatenusi: 21.08.2025). — Pexum noctyna: /uist aBTOpU3.
[I0JIb30BATEIICH.

OcuoBHass |9bC usnarenbcTBa
nureparypa |/Ianb

®dnax, [1. MammaHoe oOyuenue. Hayka u HICKyCCTBO IMTOCTPOCHUS
QITOPUTMOB, KOTOPBIE M3BIIEKAIOT 3HaHUS U3 HaHHBIX / [1. dmax. —
Mockga : JIMK IIpecc, 2015. — 400 c. — ISBN 978-5-97060-273-
7. — Texcrt : aneKTpoHHbIH // JIaHb : 21eKTPOHHO-OMOIMOTEUHAs
cuctema. — URL: https://e.lanbook.com/book/69955 (mara
oOpatuenusi: 21.08.2025). — Pexum noctymna: juis aBTOpU3.
M0JIb30BaTEIEeH.

OcaoBHast  [OBC m3marennpcTBa
nuteparypa |[Jlanb

[TepedeHb UCTIONB3YyEMOTO TTPOTPAMMHOTO OOCCIICUCHHS:
1. -Python(6eccpouHo)

[lepedenb ucnonb3yeMbIx NpodhecCHOHANBbHBIX 0a3 TaHHBIX U HH()OPMAIIMOHHBIX
CIIPABOYHBIX CUCTEM:




Her

8. MarepuajibHO-TeXHHYECKOE o0ecriedeHne I CIUTIITHHBI

No OcHoBHOE 000pY/IOBaHUE, CTEH/IbI, MAKEThI, KOMIIBIOTEpHAas TEXHUKA,
Bup 3ansaruit . I_l IpeAyCTaHOBJICHHOE IPOTPaMMHOE 00ecTieueHHe, UCTIONb3yEeMOe IS
YA pa3IMYHBIX BUAOB 3aHATHUIA
Juddepenuupopannsiii (333
KoMITIBIOTEPBI, IPOEKTOP, TOCKA
3auer (36) Pbl, IPOCKTOP, A
T 336 K
EKIUH (36) OMIIBIOTEP, IPOEKTOP, JOCKA
333
JlaGopatopHbIe 3aHATHS (36) KoMmbroTepsl, MPOEKTOP, TOCKA




