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l. HOEJIN U 3AJAYU OCBOEHUA JTUCHUITJINHBI

Lean ocBOcHMS JUCIMIUIMHBL TMOHMMAaHHE OCHOBHBIX INPHHLUIIOB M aJITOPHUTMOB MAIIMHHOTO
o0yueHHUs, 3HAKOMCTBO C HEOOXOIMMBIM MAaTEMATHYECKHM allapaTtoM, 3HAKOMCTBO C pa3iIMYHBIMU
MOJICTSIMA MAIIMHHOTO OOY4YEHHsI, OCBOCHUE COBPEMEHHOI'O IPOrPaMMHOI0 00eCreYeHus He00X0AMMOro
JUIsl TIOCTPOCHUSI MOJeNied M aHaluu3a JaHHBIX, IHOJY4YCHHs OmbITa PabdOThl C HCKYCCTBEHHBIMH U
peasbHBIMU HA0OpaMH JJAHHBIX.

3aaum: OCBOCHUE CTAHIAPTHBIX METOJOB U MOJEJICH MAIIMHHOTO OOyYeHHs: METOJ OirKaiimx
cocenell, JIMHEHHAs pErpeccHs, METOJ OIOPHBIX BEKTOPOB, pEIIAlONIMe epeBbs, CIyYalHBIH Jec,
IPaJIMCHTHBIA OYCTUHI, HEHPOHHBIC CETH, AJTOPUTMBI KJIACTEPH3ALUH, OOYYCHHE C IOJAKPCIICHUEM,
IPHOOPETCHNE HABBIKOB IOCTPOCHHUS MOJENEH MallMHHOrO OOydYeHUs: U padOThl C COBPEMEHHBIM
nporpaMMmHbIM obecnieuerueM (Python, 6ubnunoreku scikit-learn, keras).

II. MECTO JUCHUIIVIMHBI B CTPYKTYPE OII BO

2.1. YuebHas aucuuiuinHa «MarmHHOe 00ydYeHHe: MaTeMaTHYeCKHE OCHOBBI» (2 cemectp, 1 Kypc)
OTHOCHTCSL K YacTu OJIOKa JTUCHUIUIMH (Monylnei), ¢GopMupyeMoil ydacTHHKaMH oOpa3oBaTeIbHBIX
OTHOLICHUH, U SABJISIETCS JUCLIUILIMHON 110 BBIOODY.

2.2. Jlna wu3ydeHUs NAHHOW y4eOHOM IUCHMILTUHBI HEOOXOAMMBI 3HAHUSA, YMEHHS W HAaBBIKH,
dbopMupyemMble TPEAMISCTBYIOIMMUA  JUCHMIUIMHAMH: “MeToAbl ONTUMHU3AIMHK  JJIS  MAIIMHHOTO
oOyuenus”, “HM30paHHbIe BOIMPOCHI TEOPUHM BEPOSATHOCTEH M MareMaTrudeckoil cratuctuku’, “Iluton mms
aHanm3a JaHHbIX”, “OCHOBBI HEHPOHHBIX CETEH .

2.3. 3HaHuUs, YyMEHUA M HABBIKM, IOJIYYCHHbIE B XOJ€ HM3yYEHUS NAHHOW TUCIUIUIUHBI OYyAyT
MOJIE3HBI [IPU U3YYEHUHU MOCIENYIOIMNX IUCHUIUIMH “AHallu3 BpeMEHHbIX pssioB”, “I'mybokoe oOyueHue”,
“HeiipoHHble CeTH UIsi MOOWJIBHBIX IpuiiokeHuit”, “O0yueHue C MOAKPEIJICHUEM M MPHIOXKEHUs U
MOTYT HCIIOJIb30BaThCs ISl pelIeHus] MPOo(EeCCHOHANBHBIX 337]ad B HAYYHO-UCCIIEI0BATEIbCKON, HAYIHO-
MIPOU3BOJCTBEHHON M TMPOEKTHOM JEATENIbHOCTH, B YAaCTHOCTH, MPU MOATOTOBKE BBITYCKHOU
KBaJTM(PHKAIIMOHHOMN pabOoTHI.



I1l. TPEBOBAHUSA K PE3YJBTATAM OCBOEHUSA JUCHUIIJINHBI

[Ipouecc n3yueHus: AUCUUILTMHBI HAIIPaBlieH Ha (OPMHUPOBAHUE DJIEMEHTOB CIIEIYIOIINX
komrereHuuit B coorBerctBuu ¢ ®I'OC BO u OIl BO no qanHomy HanpapieHUIO TOJITOTOBKHU:
Ilepeuens MIaHNPYeMbIX Pe3yJIbTATOB 00y4eHHs N0 JUCIUILTHHE,
COOTHECEHHBIX C IVIAHUPYEMbIMH Pe3yJIbTATAMHU 0CBOeHHMS 00pa30BaTeIbHOM MPOrPaMMBbI:

Indp u popmyanposka
KOMIIeTeHIN

(pe3yabTaThl ocBoeHus OIl)

Nuaukaropbl KOMIETEHIH I

DJ1eMeHThI KOMIIeTeHIHH,
(popMupyemblie 1M CHUNINHOK

Ilpogpeccuonanvnvie komnemenuyuu (I1K)

I1K-3. CnocoOeH pa3zpabaTbIiBaTh
U IPUMEHSATh METO/IbI U
QITOPUTMBI MAIIMHHOTO O0yYEHHUS
JUISL peLIeHus 3a1a4

[1K-3.1. CtaBuT 3agauu 1o
pa3paboTKe WK
COBEPUICHCTBOBAHUIO METO/I0B
U QJITOPUTMOB JIJIsI PEIICHUS
KOMIUIEKCA 33724 TPEAMETHON
obnactu

T1IK-3.1. 3-1. 3HaeT Knaccel
METOJIOB U aJITOPUTMOB
MaIIMHHOTO OOYYECHHS

[IK-3.1. V-1. YmeeT cTaBuTh
3a/1auu U pa3padbaTbiBaTh HOBBIC
METO/Ibl U AJITOPUTMBI MAITUHHOTO
oOyueHus

[IK-3.1. H-1. imeet HaBbIKU
paboThI CO CTAaHIAPTHBIMU
METO/IaMHU ¥ MOJICIISIMU
MAIIUHHOTO OOYYCHHUS: METO/
OMmKaNMIUX cocenei, TnHeHas
perpeccusi, MeToJI OTIOPHBIX
BEKTOPOB, PEIIAIOIINE JICPEBbSI,
CIIy4alHbI JIeC, TPaUEeHTHBIN
OYCTHUHT, HEHPOHHBIE CETH,
ITOPUTMaMH KJIacTepH3aIUH.
3HaeT pa3nuyHbIe MOJICIH
o0y4yeHHs: 0OyueHHe C yUUTETIEeM,
oOydeHue 6e3 yuuTessi, OHJIalH
o0ydeHue, o0yueHue ¢
MTOIKPETIIICHUEM.

[1K-3.2. PykoBoaut
UCCIIEN0BATENIBCKON IPYIIION 10
pa3paboTke Win
COBEPUICHCTBOBAHUIO METO/IOB
Y QJITOPUTMOB ISl PELICHHUS
KOMIUIEKCA 3a71a4 TPeAMETHON
obnactu

IIK 3.2. 3-1. 3naet MeTOABI U
KPUTEPUU OLIEHKH KauyecTBa
MoJIeiei MalTMHHOTO 00yUeHus

IIK 3.2. V-1. YMeer onpenensath
KPUTEPUH U METPUKH OLICHKH
PEe3yNbTaTOB MOJEINPOBAHUS IPU
MTOCTPOCHHUH CUCTEM
HCKYCCTBEHHOT'O MHTEJIJIEKTA B
ucciaeayeMon oomacTu

T1IK-3.2. H-1. Umeer HaBBIKA
paboThI ¢ pa3IUIHBIMU
¢dbyHKIIMSAMEU TIOTeph. Brnageer




METOJIaMHU KpPOCC-BaIuAaluU U
pETyISIpU3alnn, TO3BOJISIONUMHU
OILICHUBATh UCTUHHBINA PUCK U
IIPOU3BOJUTH HACTPOUKY
napaMeTpoB mMojieneid. Brageer
METOIaMH MPe100paboTKH
JaHHBIX, TTOHMKEHHS
Pa3MEpHOCTH, KJacTepHU3allvu.
Nmeer HaBBIKK PabOTHI €
ouonuorexamu scikit-learn, keras.
Nmeet ombiT paboThI €
HCKYCCTBEHHBIMHU U PEabHBIMU
HabOpaMHu JaHHBIX.

[1K-4. Crocoben
PYKOBOJIUTH [IpOeKTaMu o
CO3/IaHUI0 KOMIUIEKCHBIX CHCTEM
UCKYCCTBEHHOT'O MHTEJICKTA

[1K-4.1. PykoBoauT
pa3pabOTKON apXUTEKTYPhI
KOMIIIEKCHBIX CHCTEM
MCKYCCTBEHHOT'O MHTEJIJICKTA

TIK-4.1. 3-1. 3HaeT BO3MOKHOCTH
COBPEMEHHBIX HHCTPYMEHTAIBHBIX
CPENICTB M CHCTEM
MPOTrPaMMUPOBAHUS JJIS PEIICHUS
3aJa4 MalTMHHOTO 00yYeHHUs

[IK-4.1. V-1. YMmeeT npoBOAUTH
CpPaBHUTEJBHBIN aHAIIN3 U
OCYIIECTBISITH BEIOOD
MHCTPYMEHTAJIbHBIX CPEJCTB IS
pelIeHus 3a1a4 MalllMHHOTO
oOyueHus

[1IK-4.1. H-1. IIporpammupoBanue
JITOPUTMOB MALLIMHHOTO
o0y4eHnust Ha si3bike Python,
HaBbIKU Pa0OTHI C pa3IMuHbIMU
MOJIENIIMU MAaLLIMHHOTO 00y4eHUs
u3 6ubnmotex scikit-learn, keras.

[1K-4.2. OcymecTtBiser
PYKOBOJCTBO CO3/JaHHEM
KOMIUIEKCHBIX CUCTEM
HCKYCCTBEHHOTI'O MHTEIIJIEKTA C
NPUMEHEHHEM HOBBIX METOJIOB
Y aJITOPUTMOB MAIIMHHOTO
o0yuyeHHs

T1K-4.2. 3-1. 3Haer
(YHKITMOHATTBHOCTh COBPEMEHHBIX
WHCTPYMEHTATBHBIX CPEJICTB U
CUCTEM MPOTPAMMHPOBAHUS B
00J1aCTH CO3aHUsI MOJEIIEH U
METOJIOB MAIIMHHOTO O0YUICHHUS

[1K-4.2. 3-2. 3HaeT npUHIUIBI
MOCTPOEHHUS CUCTEM
HMCKYCCTBEHHOTO MHTEIIEKTA,
METOJIBI ¥ TIOIXOIBI K
TJIAHUPOBAHUIO U PEATH3AIUN
MIPOEKTOB IO CO3/IaHUIO CHCTEM
HMCKYCCTBEHHOTO MHTEJIEKTA

[IK-4.2. V-1. YMmeeT npuMeHsITh




COBPCMCHHBIC UHCTPYMCHTAJIbHLIC
Cpe/CTBa U CUCTEMBbI
MIPOrpaMMHUPOBAHUS [T
pa3paboTKU HOBBIX METOJIOB U
MojIesIell MallIMHHOTO O0yUYeHHS

[1K-4.2. V-2. YMeeT pyKOBOJHUTH
BBIMOJTHEHHEM KOJUIEKTUBHON
MPOEKTHOM JIeATENbHOCTH JIJIs
CO3JIaHUs1, TOJICPKKU U
HCIIOJb30BAHUS CUCTEM
HMCKYCCTBEHHOTO MHTEJIEKTA

11IK-4.2. H-1. IMeeT HaBBIKH
paboThI ¢ Pa3IMYHBIMU
aNropuTMaMH U3 OMOIMOTEKH
scikit-learn. Imeet oneIT ux
IPUMEHEHHUS U CPAaBHUTEIBHOIO
aHaJIM3a MMpHU padoTe C
UCKYCCTBCHHBIMHU U PEATTbHBIMU
aHHBIMH.

[1K-4.2. H-2. YMmeet BIOUpaTh U
HACTPaMBaTh aJTOPUTMBI
MAIIMHHOTO O0y4YeHUSs st
pEIICHHS KOHKPETHBIX 3a/1ay.
HNmeet onbIT paboTHI HAL
MPOCTBIMHU MTPOCKTaMHU
(MHAMBUYaTEHBIMU 32/IAaHUSIMU) B
MUHU TPYIIIax.




IV. COAEPKAHME U CTPYKTYPA JUCHUIIJINHBI

TpyaoeMKOCTh JMCHUIUIMHBI COCTABJISAET S 3aueTHbIX eqnnull, 180 yacos.
N3 Hux 34 yaca 1eKIIMOHHBIX 3aHATHI, 52 Yyaca NPaKTHYECKUX 3aHATHIH, 58 4acoB HA caMOCTOSATEILHYIO Pa00Ty B TeueHHe cemecTpa u 36
4acoB HA MOATOTOBKY K IK3aMeHY.

dopMa 0TUETHOCTH: IK3aMeH (3 cemecTp)

4.1 Coaep:kaHue NTUCHUILIMHBI, CTPYKTYPHPOBAaHHOE MO TeMaM, C yKa3aHHeM BH/JI0B Y4eOHBIX 3aHATHIl U OTBEJEHHOI0 HA HUX KOJHYeCTBA
aKaJeMH4YeCKHX 4YaCcOB

Bunbl yueOHoit paboThI, BKIItOUas
CaMOCTOSITEIILHYIO pa00Ty 00ydaronuxcs u DOpMBI TEKYILETO
TPYAOCMKOCTb KOHTPOJISA
Ne £ (B yacax) yCIIeBaeMOCTH
- Pasnen nucnunivHbl/ TEMBL g 5 = dopma
/o 5 KonraktHas paboTa npernoaBatess = 5 .
O = 3 | IpPOMEXyTOYHOU
¢ o0y4aroumMucs s
5 a aTTeCTaIuu (no
S =
[Ipaktrueckue | JlabopaTopHbie S < cemecmpam)
Jlexunn ] I
3aHATUSA 3aHATUA o -
KoHntponbHas
abota
1 OCHOBBI MAIIUHHOTO 00Y4YeHUsI 2 6 31 P ’
WH/IMBUIYyalIbHBIC
3aJJaHus
11 OO6yueHue ¢ yuuteneM, TOCTAaHOBKA 3a/1a4l U METO/IbI 3 9 10
" | ee aHanu3a
SI3bik Python u ero moxynu. IIpumepbl HCTIONB30BaHUS
1.2 I 3 1 10
oubnmotexw scikit-learn
1.3 | baiiecoBCKMI ONTHMAaJIBHBIIN KJIACCH(PHUKATOP 3 1 3
1.4 | Beimykmast onTuMHU3anus 3 1 4
15 I'pagueHTHBIN CIIyCK, CTOXaCTUYECKUN IPaJlMEHTHBIN 3 1 4
| cnyck
KonTponbHas
2 OcHOBHBIE MOJEJIH 3 2 7 33 pabora,
WHINBUIYyaJIbHbBIE




Bupl yueGHO# paboThI, BKIIFOYAs DOpPMBI TEKYILETO
CaMOCTOSITENILHYIO pad0Ty 00yJaronmxcs u KOHTPOJIS
No 2 TPYLOEMKOCTb YCIIeBaEMOCTH
I /;1 Paszen nucHuIuiMHbl/ TeMBL %’ (B yacax) — dopma }
© KourakTHas pa6oTa mpenojaparens |3 = PPOMENGTORE O
S 03 aTTecTaluu (no
¢ oOyJaronuMucs s % cemecmpan)
3a/laHus
2.1 | Meron Gimkaiimx coceneit 3 1 10
2.2 | Jluneitnas perpeccusi. [ pebueBas perpeccus. Jlacco 3 1 5
2.3 | MeToa OnOpHBIX BEKTOPOB 3 1 10
2.4 | Pemaromue nepesbsi. CirydaifHbIi Jiec 3 1 5
2.5 | I'pagueHTHBINH OYCTHHT 3 1 5
26 Heliponnsie cetn. ABTOMaTnyeckoe 3 2 8
mnddepennupoBanre. O0yyeHe HEUPOHHBIX CeTel
Konrtponbnas
3 Jpyrue Mojes i 00y4eHust 3 6 15 33 padora,
WHIMBUTyaJIbHBIC
3a/laHus
31 HausHbiii OaiiecoBckuii moaxond. JINHEHHbIH 3 3 10
JTUCKPUMHUHAHTHBIN aHanu3. ['ayccoBckue cmecu
39 [Tonmxkenune pazmepHoctd. CHHTYIISIPHOE pasiosKEeHUE. 3 3 10
MeTo/1 TTTaBHBIX KOMIIOHEHT
3.3 | Kimacrepusamms 3 3 5
3.4 | BBenenue B oHIaliH 00y4eHUe 3 3 5
3.5 | Benenue B o0yueHHe ¢ MOAKPEIIIEHUEM 3 3 3
[ToaroroBka K 9K3aMeHy 36
Htoro yacos 10 28 133




4.2 IlnaH BHeayIUTOPHOI CAMOCTOSITEJILHOM PA00ThI 00y4aIOUIUXCS MO TUCHHUIIHHE

CamocTosTenbHas paboTa 00yJaroInXCst

Y4e0HO-METOINYECKOE

OreHouHOE obecrieueHue
. 3arparsl o
Cemectp HazBanue paznena, TeMbl B CAMOCTOSTEIbHOI Cpoxn p CpescTBo CAMOCTOATEILHOM
BpEMCHH a60ThI
paboTHI BBITIOJTHEHHS p
(gac.)
N3ydenue nexuui,
5 y4eOHOH JIUTepaTyphl U 3 15 KonTponbhas
Helean
OCHOBBI MAIlIUHHOT' O O6y‘-IeHI/I$I [IPOrpPaMMHOTO a pa60Ta
o0ecrieyeH s Marepuansl JIEKIHH,
> PEKOMEHIOBAHHAS
N3yuenue nexuuid, 5
. ebHas mreparypa
9 y4eOHOU TUTepaTyphl U » 16 yd patypa,
HeLean
OCHOBBI MallIMHHOT'O O6yquI/I$I [IPOrPaAMMHOT'O I/IHI[I/IBI/II[yaHBHBIe
oOecrieyeHus 3aaHus
N3ydenue nexkuui,
y4eOHOU JTUTEPATYPHI U KonTponbshas
2 o 3 Henenun 15
CHOBHBIC MOICIINA IpOrpaMMHOI0 pabora
oOecrieyeHus
9 N3ydenue nexuu, 4 18 NuauBunyanbHbie
. HeJeNn
OcHoBHBIC MOZEIH yueOHOIl TuTeparypsl 3aJaHus
N3yuenne nexuui, .
. Marepuaiibl JeKIUH,
y4eOHOU TUTepaTyphl U KontponbHas
2 Hpyrue mozenu o0ydeHus 3 Hezenu 17 PEKOMEHI0BaHHAs
MIPOTrpaMMHOTI0 pabota

obecneueHus

yueOHas TuTepaTtypa




CamocrosTenpHas paboTa 00yJIaronuXxcst

Y4eOH0-METOIUIECKOE

OreHouHOE oOecrnieueHue
. 3arparsl o
Cemectp HazBanwue pasznena, TeMbl B CAMOCTOSTEIbHOI Cpoxn p CpescTBo CaMOCTOSTEILHOM
BpPEMEHH A6OTEL
paboTHI BBITIOJTHEHHS p
(gac.)
N3ydenue nexuui,
y4eOHOH JIUTepaTyphl U NuauBunyanbHbie
2 Hpyrue monenu oOydeHus 2 Henenm 16
MIPOrPAMMHOI0 3aJlaHUs
obecrieueHus
. 133
OO61as TpyA0EMKOCTh CAMOCTOATEIHHOM PaboThl O JUCIUILTUHE (Yac)

BromxeT BpeMeHU caMOCTOSTENIbHOM paboThI, PElyCMOTPEHHBIN Y4eOHBIM IIAHOM JIS 133

JAHHOM TUCIUIUIMHBI (Yac)




4.3 ConepixaHue y4ueOHOTro MaTepuasa

1. OcHOBBI MALIMHHOTO 00y4YeHHS

1.1. ITocTaHOBKY 3a7a4 MATMHHOTO 00ydeHus. O0ydyeHue ¢ yuureneM. 3aa4un Kiaccuduranuu
perpeccun. @yHKIUYU NOTEPh. DMIUPUIECKUI U HCTUHHBINA PUCK.

1.2. Henoobyuenue u nepeodyuenue. BpiOop Moaenu, BamuaaIus U KpOCc-BaluIalys.
Perynspuzanus. [Ipeno6paboTka TaHHBIX.

1.3. SI3e1k Python u ero moaymnu: NumPy, Matplotlib, SciPy, Pandas. bubaroreka scikit-learn.

1.4. YcnoBHOE MaTeMaTUUECKOE 0KUIAHKE. Y CIIOBHOE pacIpeiesICHHE.

1.5. BailecoBckuil onTUMaNbHbIN Kiaccudukarop, 6aileCOBCKUI pUCK.

1.6. KommpoMuce Mex1y CMEIIEHHEM U IUCIIEPCHEH.

1.7. Bemyxuiasg ontumusanus. /[[BoiCTBEHHOCTb.

1.8. I'paguentHsiii cmyck. CTOXaCTHYECKUI TPaTUCHTHBIN CITYCK.

2. OcHOBHEIE MOEJIH

2.1. Meton 6mmkaimux coceneil. CXoOauMOCTh B MMPOKJISATHE Pa3MEPHOCTH.

2.2. JIuneitnas perpeccusi. BepositHocTHBIN oaxoa. CBs3b C METOJIOM MaKCHMAJIBHOTO
npasaonoo0us i rayccoBckoit moaenu. baitecoBckuit moaxoa. ['pebueBas perpeccus. Jlacco.

2.3. Jloructuueckas perpeccusi. MeTo MaKCUMAaIBHOTO TpaBaonoaoous. Kpocc-sHTponws.

2.4. IlepuentpoH. MeToJ1 OMOPHBIX BEKTOPOB LIS TMHEHHO pa3aenumMoii Beioopku. Cirydait
Hepas3eIMMON BRIOOPKHU. Y CIIOBHS ONITUMAJIBHOCTH U OTIOPHBIE BEKTOPHI. JIBOMCTBEHHOCTD.

2.5. Tprok ¢ sapom. CBoiicTa simep. ['ayccoBckoe sapo.

2.6. Pemaromnue nepeBbsi. Mepbl HEUHCTOTHI i KiaccupuKaluu u perpeccuu. MHPpopMaIimoHHbIii
Beiurpsiil. [locienoBarensHoe apobiieHne npocTpancTBa. Hactpoiika mapameTpos.

2.7. Byrcrpan u 6arrunr. Ciny4vaiiabiii gec. Out-of-Bag orenku. BaxHOCTh pH3HAKOB.

2.8. I'panguentHsiii OyctuHr. Meton HanMeHbInX KBaaparos, AdaBoost, XGBoost, TreeBoost.

2.9. HeiipoHnnble ceTH. MHOTOCIIOHHBIN MEPLENTPOH.

2.10. ABromarnueckoe nudpepenupoanne. [Ipsmoii 1 0OpaTHBIN MPOXO.

2.11. OGy4yenue HeMpOHHBIX ceTeil. CTOXaCTHYECKHH IPpaMeHTHBIN CITYCK U €r0 BAPUAHTHI.
Nuannnanuzanus. Hopmanuzamusi.

3. Apyrue moaesu o0yyeHust

3.1. HauBHslit GaiiecoBckuit moaxo. JInHeHbIi nMCKpUMUHAHTHBIN aHanu3. CKpBIThIE
nepemenHble u EM anroputwm. ["ayccoBckue cmecu.

3.2. [Tonmxenue pazmepHocTH. CHHTYISIpHOE pa3iokeHne. MeTo/] TTaBHBIX KOMIIOHEHT.

3.3. Knacrepuzanus. Meron -cpennux. ['ayccoBckue cmecn. Mepapxuueckas KiracTepu3aiusi.
3.4. Beenienue B oHIaliH 00ydeHHe. AJTOPUTM SKCITOHEHIIMAILHO B3BEILICHHOT'O CPE/IHETO.
Omnnaiin rpagueHTHbIN ciycK. OHTaliH NepLenTpoH.

3.5. Beenienue B 00ydeHue ¢ MoJKperieHHeM. YTpaBiisieMble MapKOBCKHE MPOLIECCHI. Y paBHEHUE
bennmana. Utepanuu no 3HaueHuto. Mrepanuu no crpaterusm. -o0yueHue.

V. OBPA3OBATEJIBHBIE TEXHOJIOT'UHN

Tpaguiyonnple  nekuuu, OOCYKJEHHE  KOHKPETHBIX  3aJad  NPUKIATHOTO  XapakTepa,
WH/IMBUYyalIbHBIE 3aJJaHNs, TPOEKTHL. JIUCIUIIINHA MOXKET ObITh peaTn30BaHa YaCTUYHO HIIU TOJHOCTBIO €
ucnonszoBanueM OUOC VYuusepcuteta (30 u JIOT). AynuropHble 3aHATHS U Jpyrue (GOpMbl
KOHTAKTHOM paboThl 00y4aromuxcst ¢ MpernoaaBaTeieM MOTyT IPOBOJUTHCS C CIIOJIb30BaHUEM IIaT(hopM
MicrosoftTeams, B TOM uncie, B pe:KUMe OHJIANH-JICKITUN U OHJIAH-CEMHUHAPOB.



VI. OULEHOYHBIE CPEJICTBA JIJISI TEKYIIEIO KOHTPOJISI U TPOMEXYTOYHOM
ATTECTALIUN

Honnvili  Komniekm KOHMPOIbHO-OYEHOUHbIX —Mmamepuanos (DoHO  oyeHouHvblx  Ccpedcms)
ogopmusiemcst 6 sude NPUNOCceHUs. K pabouell npocpamme OUCYUNTIUHDL.

VIil. YYEBHO-METOIUWYECKOE OBECIIEYEHUE JUCHUITJIMHBI

7.1. OcHoBHAasl IMTEpaTypa.

[IponyOonukoB, A. B. Maremarnueckne METOIbI paclio3HaBaHUs 00pa3oB: ydeOHOe mocobue: /
A. B. IlponyonuxoB. — Omck : OMckuil rocynapcTBeHHbli yHUBEpcuTeT uM. @.M. Jlocroesckoro, 2020. —
110 c. : m. https://biblioclub.ru/index.php?page=book&id=614061

7.2. JlonoiHUTeNbHAs JuTepaTypa. Her

7.3. Cniucok aBTOPCKUX MeTOAMYEeCKUX pa3padoTok. Her
7.4. llepuoauyeckue u3ganus (Mpu HeOOXOAUMOCTH)
Machine learning (journal, Springer).

7.5. Ilepeuennb pecypcoB ceTu UHTepHET, HEOOXOAMMBIX /ISl 0CBOEHUS THCHUILINHBI

1. J.Watt and R.Borhani Machine Learning Refined: Notes, Exercises, and Jupyter notebooks
https://github.com/jermwatt/machine learning_refined

2. A.Geron Machine Learning Notebooks

https://github.com/ageron/handson-mi2

3. A.Geron Deep Learning with TensorFlow 2 and Keras — Notebooks
https://github.com/ageron/tf2_course

4. Kypc "Mamunnoe o6ydyenue" Ha ®KH BIID

https://github.com/esokolov/ml-course-hse

76 HporpaMMﬂoe oﬁecneqe}me I/IH(l)OpMaIII/IOHHO-KOMMyHI/IKaHI/IOHHbIX TEeXHOJOTr i
1. Microsift Windows

2. Microsift Office

3. Python (cBo6oanoe I10).

4. MicrosoftTeams

Vill. MATEPHAJIBHO -TEXHUYECKOE OBECIIEYHEHUE JJUCIUIIJINHbI

8.1. YueOHo-1200paTopHOE 000py/10BaHHE

[Tpu npoBeaeHUN AUCIUIIMHBI YYaIIUECs T0JIKHbI ObITh 00€CIICUEHBI:
1. JlekinoHHOM ayiuTOpUEH.
2. AynuTopueil uist 1abOpaTOPHBIX 3aHATUH C aNMapaTHBIMKU U IPOrPaMMHBIMU CPEJICTBAMHU B COOTBETCTBUU C
peanuzyeMoi ydeOHOW TEMaTUKOM.

8.2. IlporpamMHbIe cpeacTBa
1. Onepanuonnas cuctema Microsoft Windows
2. OducHsiit maket Microsoft Office
3. CpencrtBa miist paboThi ¢ si3pikoM Python (Anaconda, Jupyter Notebook).
4. MicrosoftTeams

IX. METOAMYECKHUE YKA3ZAHMS JJIS1 OB YUAIOILIIUXCS IO OCBOEHUIO
JTUCIATITAHBI

MeTOI[I/I‘-ICCKI/Ie YKa3aHus NPpHUBCACHBI B MCTOYHUKAX, YKA3aHHbIX B pa3aciiax 71, 7.5.
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https://github.com/esokolov/ml-course-hse
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Kypc 1, cemectp 2
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NEPEYEHb KOMIETEHIIUM, ®OPMUPYEMbBIX JUCIUILINHON

«MammHHOe 00y4yeHre: MaTeMATHYeCKHUE OCHOBbI»

Kon
KOMITCTEHIIHH DOopMyIHPOBKA KOMIIETCHLIUN
1 2
K MHNPO®ECCHUOHAJIBHBIE KOMIIETEHIIUU
IIK-3 Cnoco0eH pa3zpadaTbIBaTh U NPUMEHSATHh METOAbI U AJTOPUTMbI
MAIIMHHOI0 00y4YeHMs /Il pelleHus 3a1a4
[K-4 Cnoco0eH pyKOBOAUTH NPOEKTAMM O CO3JAHUI0 KOMILUIEKCHBIX CHCTEM
HCKYCCTBEHHOI'0 HHTEJUIEKTA

HACITIOPT ®OHJJA OHEHOYHBIX CPEJACTB 11O IUCHUIIJIMHE

«MalunHHoe oﬁyqe}me: MaTEMATHIC€CKHUE OCHOBBI»

No n/n | Koumpoaupyemoie pazoenvt oucyuniunvl™ | Koo koumpoaupyemoi HanmeHoBaHue
KoMnemeHyuu OUEeHO4YHo20 cpedcmea™™
1. OCHOBBI MAIIMHHOTO O0yYEHUSI I1K-3 KontponbHas pabora,
WHIWBUAYaJIbHbIC 3a/IaHUS
2. OcHoBHbIE MOJIENN IK-3, I1K-4 KoHntponbnas pa0ora,
WHIWBUAYaJIbHbIC 3a/IaHUS
3. Hpyrue monenu o0ydeHust [1K-3, I1K-4 KonTponbHas pabora,
WHIVBUAYAIIbHbIE 3a/1aHUS

* Haumenosanue pazoena ykazvléaemcs 8 COOmMeemcmeauu ¢ pabouet npocpammon OUCYUNIUHbL.
**HaumeHnosanue oyeHoUHO20 CPeOCmea YKa3bl8aemcs 8 COOMEEemcmeaul ¢ y4eoHol Kapmot OUCYUNTUHDL.




MunucTepcTBO HayKu U Beiciero oopasosanus Poccuiickoit deaepanuu
®enepalibHOE rOCYAAPCTBEHHOE OI0KETHOE 00Pa30BATEIBHOE YUPEKIECHUE BBICLIETO

obpazoBanusi «PoCTOBCKMI rocyapCTBEHHBIN SKOHOMHUUYeCcKu yHuBepcuTeT (PUHX)»
(DaKy.]'IBTeT KOMIIBIOTCPHBIX TEXHOJIOTHH U 3alIHThI I/IH(l)OpMaHI/II/I
Kadenpa pyngamenTanbHOM 1 TPUKIIATHOW MATEMATHKU
KOHTpOJIbeIe H MHIAUBUAYAJBbHbIC 3aJaHUA 110 JTUCHUILIMHE
«ManmHHoe 06yqe1me: MaTEeMaTHYECCKHUE OCHOBBI»

Moayab 1. OCHOBBI MAIIMHHOTO 00Yy4eHMsI

Teopemuueckue 3a0anusn

1.1. Haiftu npou3BoaHyIo 10 BekTopy a € R¥:

2
-~ [aTexp(aaT)al,

rze exp(B) — MaTpuuHas 3KCIIOHEHTA.
1.2. ITycte X~N (u, X). Haiitu E(B(X — a), X — a).
1.3. Ilyctb A, B —p X q MmaTpu1bl U X — citydaiiHelii ¢ X 1 BekTop. Jlokaxure, 4To

Cov(Ax,Bx) = A Cov(x)B.
1.4. ITyctb X siBnsieTcs rayCCOBCKUM BEKTOPOM U

EXz(éo), cOv(X)z(i i)

BrimuiiuTte mioTHOCTE X 0€3 MCHOIB30BaHM MAaTpUYHBIX 0003HaYEHHIA.

1.5. Jlns HopManbHOToO ciaydaiinoro Bektopa z~N (i, ¥), kotopsiii umeer Bun z! = (xT,yT), naiitu
YCIIOBHYIO IIOTHOCTH P (x|Y).

1.6. Iycts (X, Y) — nBymepHslii rayccosckuii Bextop ¢ EX = py, Var(X) = o2, EY = puy,
Var(Y) = 0. Ilycts ko3pduiment koppensauuu Mexay X, Y pasen p. Haittu E(Y|X).

1.7. Ilpeanonoxum, 4To METKa Y He 3aBUCUT OT NpHU3HAKOB X. JIOKaXXUTe, YTO B TAKOM CIIy4dae
mucrepcus Y sBisieTcsl HUKHEH OLeHKOM KBaJpaTUYHON OLIMOKY JIF000M Moaemnu.

1.8. ITycts Y = f(X) + €, rne npusHak X paBHOMEPHO pacipeeseH Ha KOHEYHOM MHOXKECTBE
{1,..,K},u e~N(0,0?). HaiiTu cMeleHue aaropurMa

A 1
f(x) = ;Zfﬂ Iiy=x3Yi-

1.9. PaccmotpuM 3afauy kaaccudukaruu Touek X = R2. TIpeanonoskum, 4To HCTUHHAS METKA
TOUKH (X1, X,) coBnazaaet ¢ sign(x) (mns onpenenennocty, sign(0): = 1). [TycTs ToukH pacrpeeseHs!
paBHOMEpHO Ha OKpyxkHOCTH paguyca 1 ¢ nentpom B 0. [1ycTh knaccudukaTop onpenensieTcs: mpsamMoit

xq =rcosf, x, =rsinf, 1 € [0, ).

3nech 3Hauenue 6 € (0,m/2) ¢pukcupoBano u h(x) = 1 B nmonyminockocty, cogepxauiei (1,0) u h(x) =
—1 B monymiockoctH, coaepxameii (—1,0).

Haiitn oxxnmaemoe umcio ommoOok. KakoBa BepOsSTHOCTH TOTO, KIACCU(PUKATOP CHENAET XOTS ObI
OJIHY OIIMOKY Ha BBIOOPKE U3 N1 TOUEK?

1.10. Iycts L(y,y") = e™Y'. Haiitu
argmin EL(y, b|x),
ecmn y € {—1,1}.

1.11. PaccMOTpHM CTaHIapTHYIO FaycCOBCKYyIo Mozieb B RY, rie knaccel 0 1 1 paBHOBEPOSTHEI U
UX YCIIOBHBIE IIJIOTHOCTU UMEIOT BUJ]



N(.UO'I)' N(#LI)» Ho = —H1 = (all ey ad)'
rae (aq, ..., @g) — BEKTOp mapamerpos, || a = 1.
Haiitu ontumanbHelii GaiiecoBckuii kiaccudukarop u ero omuOKy. Haiitu GaiiecoBckyio OmmMOKy st
[ —
MOAIMHOXECTBA NpU3HaKoB X' = (X;,...,X;,,) B TEPMHHaX COOTBETCTBYIOMIMX KOXPDHIMEHTOB ay =
(@i, ai,,), d' < d. Haiitu ontumansubiii Habop d < d' mpu3HaKoB, ecliu KpUTEpHEM 0TOOpa ABIAETCS
OaifecoBckas omuoKa.

1.12. Bynewm pemath 3a1auy TUHEHHON perpeccuu
Q(w) =l Xw —y lI5- min
METO/IOM I'PAJIMEHTHOIO CITyCKa:

We = W1 = NVQ(We—q).
Jnis 3a1aHHOM UTepalii HAiTH JTMHY 1Iara, pu KOTOpoi yMeHbIeHue GpyHKIH OyaeT HanOOoIbIInM:

QWi—y —MVQ(Wi—1)) = rggg-

1.13. IlpuBectu npumep ¢ynkunu Ha R Takoi, 4To /ist 1000r0 MOCTOSIHHOTO mara 17 > 0 Meron
IPaJUEHTHOIO CITyCKa OCIMJLTUPYET OKOJIO TOUYKM MUHUMYMA (M He MPUOIMKaeTCsa K MUHUMYMY Ha
paccTostHUE MEHBIIIE 1) /4) niis HEKOTOPOU HavanbHOM TOUYKH X € R.

1.14. Paccmotpum Gynkuuio f(x,y) = x% + y? /4 v Ipeanonoxum, 94To METOJ IPaUEHTHOTrO
CIycKa ¢ MOCTOSTHHBIM marom ) = 1/4 crapryer ¢ Touku (1,1). Cxoautes au OH K TOYKE MUHUMYMa?
DKCepUMEHTAIbHO HAWIUTE TPAHUILY IS 1], BBILIE KOTOPON HAUMHAIOTCS OCLMIUISIIIMH.

1.15. Ilycts Y umeet nokaszarensHoe pacnpeaenenue u EY = 6. Cuutas, yTo napamerp siBisieTcs
nuHeitHoM ByHKIMeit npusHakoB X € R%, u UCIOIB3ys METOJ MAKCUMAIIBLHOTO IPaBI0Ioa00us,
MPEJIOKUTH MOJIENb 3aBUCUMOCTH Y oT X. [IpeasioxkuTh MpakTHYECKU METO 1 OTpeieNieHuUs
K02 (UIIMEHTOB MOJIETU C UCIIOJIb30BAHUEM METO/1a TPAJMEHTHOTO CITYCKa.

1.16. Haiiti cummerpuunyto Matpunty X, HanOosee 6sin3kyro k marpuiie A no Hopme PpodeHuyca:
iy (= aip)? = [1X = A][3 - min
XT=X

3aoanusn ona npozpammuposanus

1.17. CrenepupoBath 10* Touek, TakuM 06pa3oM, 4TO Kaxaas TOYKa C BEPOSATHOCTBIO 1/2
nonyuaer Metky O u mopoxmaerca pacmpemaermeM N(u, 1), p=(a,..,a) ER% u c Toif *Ke
BEpPOATHOCTHIO MomydaeT MeTky 0 u mopoxaaercs pacnpaeienuem N(w, 1), p = (—a, ..., —a) € R<,

2 . .
[Tonoxute a = 75 1 HalTH ommoOKy OaiiecoBckoro kinaccupukaropa. s k = 3,7,15 oOyuurs k-

NN kiaccudukarop s pazmeprocteit 1 < d < 500 and oreHuTh ero kauecTBo ¢ momoiipio 10 6110k0BOiH
Kpocc-Banmuaanuy, mosropernoi 10 pas. [y kaxxaoro kK moctpouts TrpaduKu CpeaHe 10U OmHO0K Kak
byskmum d.

1.18. Jlns Be16opku (a;, b;) pasmepa n = 100 u3 paBHOMepHOTO pacnpeaenenus Ha [0,1]?
NPUMEHHUTh METOJI CTOXACTUYECKOTO IPAJUEHTHOTO CITyCcKa ¢ maroM 1 = 1/2 k ¢pyHkuuu

fxoy) = % i=1 it y), fixy) = (x—a)?+ (y—b)*

AHaIMTHYECKH HAaWTH TOYKY MUHUMYMa (x*,y*) u BbIaTh pacctosiHue ao Hee s T € {10,100,1000}
utepanmii. CpaBHUTH ¢ pe3yibTaTaMu Juis mara 1, = 1/t.

1.19. Jlnsa ¢pynxmuu f(x) = (x — 5)? nIpoBecTH SKCIIEPUMEHTHI CO CKOPOCTBIO 00YYEHHS METO/a
rpagleHTHOrO crycka. JIist Maoit CKopocTH 00y4eH s CXOAUMOCTD JIOJDKHA ObITh MOHOTOHHOM.
['paJieHTHI | IIard BEJIMKH, KOT/Ia TOYKA JaJieKa OT ONTUMAaIbHON. OHU CTAHOBATCS MEHbIIE, KOTa TOUKa
npuOIMKaeTest K ontTumymy. Jlist 60IbIIoi CKOPOCTH 00yUeHH s BbI JOJDKHBI YBUIETh OCIMILISIIUAN 1
PacxoANMOCTh HpoIIecca.

Peamusyiite meronsr Momentum, Nesterov, Adagrad, RMSProp, Adam methods ucrions3ys Keras:



opt=Kkeras.optimizers.SGD(Ir=0.001, momentum=0.9)
opt=Kkeras.optimizers.SGD(Ir=0.001, momentum=0.9, nesterov=True)
opt=Kkeras.optimizers.Adagrad(learning_rate=0.01)
opt=Kkeras.optimizers.RMSprop(Ir=0.01, rho=0.9)
opt=Kkeras.optimizers.Adam(lr=0.001, beta 1=0.9, beta_2=0.999)
CpaBaute Tpaduxu (t, f (xt)) sl (HEKOTOPBIX M3) 3TUX (PYHKIWH, TAe t - HOMEp WTepaluu, X; -
COOTBETCTBYIOILIECE 3HAYCHUE HE3aBUCUMOM IIEPEMEHHOM.
[IporecTupyiiTe METOIbI TPAAMEHTHOTO CIIyCKa HAa OJTHOM M3 CTAaHIAAPTHBIX TECTOBBIX (PYHKITUN
https://en.wikipedia.org/wiki/Test_functions_for_optimization

«  Beale function

»  Goldstein—Price function

*  Booth function

*  Matyas function

e Lévi function N.13

*  Himmelblau's function

«  Three-hump camel function
. McCormick function

Moayab 2. OcHOBHBIE MO/Ie/IH

Teopemuueckue 3a0anus

2.1. [lyctsb Wy, W, — ONTUMAJIBHBIE PELICHHS CIEIYIONINX 3a1au:
- Ridge-perpeccus: Q(w) = %Zf:l (vi — wx;)? + Aw?;
- LASSO-perpecens: Q(w) =3 X{e; (7 — wx)? + Alw;
Haiitu npenenst

limw limw limw lim w, .
A-0 R A—00 Ry A-0 L A—>00 L

2.2. ]Ins 3apanHoro Habopa ganubiX (X;, Y;) Haliiem onTUManbHbIe TapaMeTpbl TMHEHHON MOIeH
(He mpenmosiarasi, YTO OHAa BEPHA VISl PEATTbHBIX IaHHBIX )
Y, = Bo + B1X;.

Jlokaxure, 94To
1

s 1
e SLCIP A ol R 74
n =1 "1 n =1 “1*

2.2. ]Inst (ByX OMHOMEPHBIX HOpMaJbHBIX pacnpenenenuid p~N (4, d;), q~N(u,, 0,) HaiinuTe
musepreniuio Kyme6aka-Jleiidnepa KL(p||q).

2.3. IlycTs pacupenenenus p, q TakOBBL, YTO
p(x,y) =p1()p2(¥), 4(%,¥) = q1(x)q2(y)-

KL(q|p) = KL(q1|Ip1) + KL(q2||p2)-

Jokaxkurte, 4To

2.4. ITycts p~N(0,1), g~N(u, I) — d-mepHBIe HOpMaNBbHBIE pacnpeneneHus. Jlokaxure, 9To
[
KL(qlp) =~
2.5. IlycTh nanbl BEIOOpKA X, cocTosias u3 8 00BEKTOB, U Kilaccupukarop b(x),
Ipe/ICKa3bIBAIONINN OIIEHKY MTPUHAIICKHOCTH 00BEKTa MOJIOKUTENbHOMY Kiacey. [Ipeackazanus b(x) u
peanbHbIe METKH OOBEKTOB IPUBEACHBI HIKE:
b(x;) =01, y; =1,
b(x,) =08, y,=1,
b(.X3) = 02, y3 = _1,



b(x,) =0.25, y,=-—1,

b(xS) = 09, Vs = 1,

b(xg) =03, ye=1,

b(x;) =06, y,=-1,

b(xg) = 0.95 yg=1.
[Moctpoiite ROC-kpuByto u Bbruuciute AUC-ROC st MHOKecTBa KilacCU()UKATOPOB, MOPOKACHHBIX
b(x), na BeiOopke X.

2.6. IlokaxxuTe, 4T0 PyHKIUH
K(x,x) =cos(x —x), K0,x)=TI%, (1 +x;z), K(x,x")=

ABJISIFOTCA SIApaMU.

1
1+e—xx!

2.7. Tlpenmonoxxum, 4TO JUIsl 3a7a4d OWHApPHOW KIAcCU(PUKAMKU U €CTh TPH airoputMma by (x),
b,(x), b3(x), kaxmplii M3 KOTOPHIX OIIMOAETCS C BEPOSATHOCTHIO P. MBI CTPOUM KOMIIO3HIIUIO
B3BEIICHHBIM TOJIOCOBAaHUEM: aITOPUTMaM MPUCBOCHBI 3HAUUMOCTH Wy, W, U W3. B3BEIICHHBIN alroputM
OTHOCHUTCS K Kiaccy 0, ecinu

Yiz1 Wiltp,(x)=0y < Xi=1 Wilip,(0)=13
U K kimaccy 1 B mpoTuBHOM ciydae. KakoBa BepOSTHOCTh OINMOKH TakOW KOMITO3HIIMU 3THX Tpex
QITOPUTMOB, €CIIHU:
-w; =0.2,w, =0.3,w; =0.2;
-w; = 0.2, w, = 0.5, wy =0.2?

2.8. PaccmoTpum 3amauy 6unHapHoii knaccudukanuu, Y = {0,1}. Bynem cuurars, 4To Bce
ITOPUTMBI U3 0a30BOTO ceMelicTBa ' Bo3BpamaroT 3HadeHus u3 orpeska [0,1], koTopsie MOKHO
UHTEPIPETHPOBATH KaK BEPOSTHOCTH MPUHAISKHOCTH 00beKTa K Kiaccy 1. Beimummre popmyIibl 1uist

norcka 6a30Boro anropurma h; u kod3dduimenta a; B rpaJHeHTHOM OYCTHHTE MTPH UCIIOIH30BaHUHT
OTPULATEIBHOTO JIOTapru(Ma IPaBIONOI00Ms B Ka4eCTBE (hYHKIIUH MOTEPh:

L(y,z) = —=ylnz — (1 —y)In(1 — z).
2.9. Iyctb (%1, Y1), r (X Ym) € X X {—=1,1},
O(u) = {(1 +u)?, u=>-1

0, MHaue.
[TpoBepuTh, uTo QYHKIUS

F(a) = X2 @(=yif (%), f =Xi=1 ache
BbINyKJIa U 1uddepenupyema. BoiBecTu 1 anroputm OycTuHra JUist JaHHOW QyHKIUU.

2.10. PaccMOTpUM MOJTHOCBSA3HYIO HEHPOHHYIO CETh, COCTOSIIYIO U3 (COOTBETCTBEHHO) BXOHOTO
CJIOS X, CKPBITOTO CJIOS X1, CKPBITOTO CJIOS X5, 32 KOTOPBIM CJIEIYET BBIXOJHOM y3ei X3. [Ipeanonoxum,
YTO (QYHKIHMEH aKTUBALlUK ABIsETCS “CTaHaapTHBIN curmoua. I1ycTs Bce Beca nHULMANU3UpoBaHsbl 0, 1
MBI IPUMEHSIEM METO/I CTOXAaCTUYECKOr0 IPaJJUEHTHOIO CIyCcKa (C UCIOIb30BaHUEM 0OpaTHOTO
pacrpocTpaHeHus) ¢ GUKCUPOBAHHON CKOPOCThIO 00yueHus. [Tokaxure, YTO Ha KaXK0M IIare Bce Beca

pebep B citoe paBHBI (BaXKHOCTh CIIyYalHON MHUITMATH3AIINAN ).
3aoanusn ona npozpammuposanus

2.11. CrenepupoBath BeIOOpKY U3 10% Touek u3 paBHOMEPHOTro pacnpeieleHUs Ha TUIIEPKyOe
[0,1]¢ (0603HAUMM TOMyUeHHOE MHOEKCETBO Touek yepes X). s d € {1,2,3,5,10,20,50,100,500} u
EBKJIMI0BA PACCTOSHUS P HAWTH

- min p(x, X): MuauMy™m 1o x, X € X
- p(x,X): cpenaee o x, X € X
- max p(x, X): MakcumMym 1o X, X € X

- dyn1(X): cpenHee paccTosiHUE 0 ONMMXKaifiiero cocena



- maxd yy1 (X): MakCUMaJIbHOE pacCTOsIHHE 70 ObKaiIIero cocena

CoOparb pe3ynbTaTbl B TaOJHUIy M CONOCTaBUTh C TEOPETHUYECKHMMM BBIBOJAMM (IIPOKIISATHE
pa3MepHOCTH).

212. X =RYY =R,

H={xw» h(x) =(w,x) + b},
+ OObIyHas TMHEWHAsS perpeccus

m
1 |
Ls(h) = — > ((w,x;) + b = y)? - min
i=1 ’

+ I'peOHeBas perpeccust

Lg(h) + 2 Il w 13- min
w,b

+ Jlacco
Ls(h)y +Allw i~ milgl
w,

+ DacTiyHas CETh
Ls(th) + A1 lw ||%+ AL llwli= %151

[TycTh BEIOOpKA OMIPENesSeTCS] MHOTOWICHOM 3 TIOPSIKa, BO3MYIICHHBIM T'ayCCOBCKUM IITYMOM:
Vi =xl3 —5X12+3Xl+1+fl, fi ~N(O,1), Xi ~ U(—1,5)
i €{l,..,m}, m=30.
a) TlocTpouTh TpailuK HEBO3MYILCHHOM (QyHKIIUH U rpaduk paccesHust (x;, V;).

O6viynas nuneiinas pezpeccus. PaccMOTpeTh pacIIMpeHHbI Habop MpU3HAKOB: X = (x, x2, ..., x%)
Y COOTBETCTBYIOIIYIO 33/ Kady JIMHEMHOW pPErpecCuu:
m

1
L(h) = — > (W,x5) + b = y)? > min
i=1

Knacc runores
Hy = {x = h(x) = (w,x) + b}

3aBUCHT OT mapamerpa d. Ommuoku o0ydeHHS:

¥(d) = infLs(h)
w,
Cpennue omuOKH Kpocc-BaTUAAIINN:

¥(d) = %Zﬁl Yi(d),  ¥i(d) = inflg\s,(h).

b) Haiitu d ¢ HauMeHbIel onMOKON Kpocc-BaliIAIHH.

C) BrrumciuTh cpeHeKBaApaTHUHy0 OMKUOKY 00y4deHus. CpaBHUTH €€ CO CTaHIaPTHBIM
OTKJIOHEHUEM JaHHbIX. CpaBHUTh KOX(PQHUIMEHTHI JIydIleld MOJEeTH U UCXOAHbIE KOA(PPHUIIUEHTHI.

d) [MocTpouts rpaduku nomydeHHbIXx Mojenel g d = 3 u d = 10 1 HEeBO3MYICHHYIO HCXOIHYIO
GyHKIHIO.

I'pebnesas pecpeccusl.

e) PaccmoTpeTh Kilacc MHOTOWICHOB (PMKCHPOBAHHOM OOJIBIION CTETIEHH U HAalTH Jrydiee (B
HEKOTOPOM JMana3oHe) 3HaUeHHE NapaMeTpa perysspu3aluu «. BelYucanTh COOTBETCTBYIOUIYIO
CpeIHEKBaIpaTHUHyI0 oMOKyY 00ydenus. [loctpouts rpaduk 3aBUCHMOCTH OMIMOOK 00yUeHHs U Kpocc-
BaJIMJIallMU OT MapaMeTpa peryisipu3aui.



f) CpaBuuTh rpaduk ydrneir Moaeau U rpaduK HCXOIHOW HEBO3MYIIEHHON ()yHKIIHH.

Jlacco.

g) ITosTopuTs €) u f).

Dnacmuunas cemo.
1 1
ELS(h) + ar|w|, + Eoc(l —7)|wl|3.

h) [iis pukcupoBaHHOTO OOJIBIIOro d HAWTH JIYUIIyI0 KOMOHWHAIIMIO TAPAMETPOB @ U T UCIIOJIb3YS
GridSearchCV.

) CpaBHuTh TpaduK Tydmieil MoaeIH U rpaduK HCXOJHONH HEBO3MYIIICHHON (PYHKITUH.
J) CpaBuuth k03 duitmenTsl ayumux Moaeneit Lasso u ElasticNet.

2.13. 3arpy3ute Habop naHHbIX «credit-g» ¢ momomrsio ‘fetch openml (“ credit g )’ (
https://www.openml.org/d/31)

a) OHpe,I[eJ'II/ITC, KaKHC IMPHU3HAKHU ABJIAIOTCS HCIIPCPBIBHBIMHU, 4 KAKUC — KaTCrOpuaJIbHbIMH.

b) Busyanusupyiite oqHOMEpHOE pacipeieiCHUE KaXI0ro HEIPEPBIBHOTO MPH3HAKA 1
pacrpejienieHie [eJICBOro MpU3HaKa.

¢) Paznenure nannbie Ha oOydaromuii 1 TecToBbId HabOp. [IpoBenuTe mpeaoOpadoTKy JaHHBIX O3
UCIOJIb30BaHus Pipeline u mpoBeauTe MpeaBapuTeIbHyo olleHKY LogisticRegression.

d) Ucnonssyiite OneHotEncoder u pipeline mis koaupoBaHus KaTeropraabHBIX IEPEMCHHBIX.
O1eHUTE MOIEIH JIOTUCTUIESCKON PErPECCHH, JIMHEWHOTO METO/Ia OTIOPHBIX BEKTOPOB U METO1a
OMKAMIIMX coceiell ¢ MOMOIIBI0 Kpocc-Banuaanuu. Kak BiuseT Ha pe3ysibTaThl MaclITaOUpOBaHUE
HETPEPHIBHBIX IIPU3HAKOB ¢ moMoInbio StandardScaler?

e) Hacrpoiite mapamerpsl ¢ momoinsio GridSearchCV. Yayumarotces iau pe3yibratel? OneHUTe
JIY4IIIyIO MOJIENTb Ha TECTOBOM Habope. Busyanusupyiite OleHKY KauecTBa Kak QyHKIIHIO TApaMETPOB ISt
BCEX TPEX MOJENIEH.

f) 3MenuTe cTpaTeruio nepeKpecTHON MPOBEPKHU ¢ «cTpaTuduiunpoBaHHOM k-KpaTHOM» Ha «K-
KpaTHyIo» ¢ nepememBanuem (Shuffling). Mensitorcs i ontuManbHbIe TapaMeTpbl? MEHSIFOTCS JTH OHH,
€CITM U3MEHUTH 0a3y reHepaliy Py NepeMEITUBaHUH WX TIPU pa30MCHNUH JTaHHBIX Ha 00YJaroIyo U
TECTOBYIO BEIOOPKH?

g) Busyanusupyiite 20 Hanbosee BaxXHbIX KO3()PUIIMEHTOB /715 TOTUCTUYECKON perpeccuu u
METO/1a OITOPHBIX BEKTOPOB.

Monayas 3. /Ipyrue moaeau 00y4eHus

Teopemuueckue 3a0anusn

3.1. PaccMoTpuTe cMech IBYX OJTHOMEPHBIX I'ayCCOBCKUX PaCIpEeIICHUN
p(x) = mN(x|uy, 0f) + moN (x|p, 07).

ITycTh fana BEIOOPKA (X1, ..., X, ). CUUTAs UCTIEPCUH 02, 02 N3BECTHBIMH, BBEJUTE CKPHITHIE TIEPEMEHHbIE
u BeiBeuTe (hopmysel EM-anropuTma s HaCTpOMKHY MapaMeTPOB TTq, o, M1, Ua-

3.2. HabGnromaeTcst BEIOOpKA OMHAPHBIX 3HAYCHUH YV = (Y4, ..., ¥n), Vi € {0,1}. Bce anemeHTHI
BBIOOPKU T€HEPHUPYIOTCSI HE3aBUCUMO, HO U3BECTHO, UTO B HEKOTOPHI MOMEHT Z MEHSETCS TapaMeTp
pacnpenenenus: bepuysnu:

P(y=1)=61, i<Z,
Poi=1D= {0 2125
Ply;=1)=86,, i=>z



BeiBectu ¢opmynsl ans EM-anroputma, rae Z — CKpbiTas nepeMmeHHas, a 6;, 6, — mapamerpbl
pacnpenenennii bepuysim.

3.3. HaliTu cuHTYIsIpHOE pa3ioKeHUE MaTPUIIBI

4=( 10 1)

3.4. 1ns Habopa NaHHBIX, COCTOSIIETO U3 BCEX TOYEK JekapToBa npousBeacHus {1,2,3,4} X {1,2,3}
HAlTH BCe BO3MOXHbBIE PELICHUS allTOPUTMa KilacTtepusanuu K-means (Mcroiib3ysi Bce BO3MOXKHBIE
HavaJibHbIe TOUKM) s K = 2,3,4.

3.5. PaccmoTpeThb ympaBisieMblil MApKOBCKHH C 11eJIeBOM (DYHKIIMEH, COOTBETCTBYIOMIEH
MaKCHMU3AIHIH O0IIET0 OKUAaeMOro goxoja (kodddumment auckontupoBanus paseH 1). [Iycts B kKoHIIE
Ka)KZI0I0 BpEMEHHOI'O 111ara CylIeCTBYeT BEpOsATHOCTh o > 0 octaHOBKH Iporecca. [lokaszare, 4ro 310
PaBHOCHIJIBHO UCHOJIB30BAHUIO JUCKOHTUPOBAHHOTO KPUTEPHsI HA OECKOHEYHOM TOPU30HTE.

3.6. CocraButs ypaBHenue bemnmana uist cnenyromeit 3anaun. Urpok umeer i pyHTOB U XOUeT
yYBEJIMYUTH CBOM Karutai 10 N. Kaxxapiil pa3 oH MOKET MOCTaBUTh JII00O0E 11e710€ KOJTUYECTBO PYHTOB j <
i. C BepOsITHOCTBIO P OH BBIMTPBIBACT U OYAET UMETH i + j pyOsieii, B MPOTUBHOM CiIydae Yy HETO OCTaHEeTCs
[ — j pybneii. Urpa 3akanunBaercs, korja ero kanutan gocturuetr N umu 0. MakcumMu3upoBath
BEPOSITHOCTb TOCTUXEHUS N.

3aoanusn ona npozpammuposanus

3.5. IlycTs kBagpaTHas m X m matpuiia A UMeeT m He3aBUCUMBIX COOCTBEHHBIX BEKTOPOB!
Avi = Aivi, i = 1, e, M.
Torma
AQ =QA, Q = (vyq,..,vy), A=diag(4y, ..., 4p)-
U moxeT pakTopusBaHa CiIeaAyIOIIIM 00pa3oM:
A= QAQL.
a) Cozmare ciydaiinyio n X n (Hamp., n = 4) cummerpuuyunyto matpuily A. Haittu Q, A, ucmomb3ys
‘numpy.linalg.eig‘. TIposeputs, uto A = QAQ L.
b) Cozmares any m X n marpuny (wamp., m = 4,n = 3). Ucnonssys ‘scipy.linalg.svd‘ naiitu U, %, V.
IIposeputs, uto A = UZVT.

c) Co3mare ciydaiiHyr0o m X n marpuily X cTojOIbl KOTOPOH HMMEIOT HyJeBoe cpenHee. Mcmomnp3ys
‘sklearn.decomposition.PCA‘, naiitu C,V, X u 100 00bsACHeHHON auctepcuu (Hamp., m = 4,n = 3,5 =
2).

d) IIpuMeHNUTh METOX TTIABHBIX KOMIIOHEHT K HaOOpy JaHHBIX ‘Cancer ¢ s = 2. Ha mmockoctu (mepBas
IJIaBHAs KOMIIOHEHTa, BTOpas IJIaBHash KOMIIOHEHTA) MOKa3aTh CIPOEKTUPOBAHHBIE TOUKU. SIBiseTcss U
STOT HAOOP NAaHHBIX MPUOIM3MIKEHHO JIMHEHHBIM Pa3/IeIMMbIM YKa3aHHBIX KOOPAWHATAX ?

e) [IpumenuTe Ty ke nporeaypy K Habopy TaHHBIX ‘Wine’.

f) Usyumre npumep Eigenfaces Vanderplas J. Python data science handbook (O’Reilly, 2016)
https://jakevdp.github.io/PythonDataScienceHandbook/05.09-principal-component-analysis.html

g) [Ipumenute Ty *xe nporeaypy k Habopy nanubix ‘MNIST’ dataset.

3.6. Paccmotpets 3amauy Frozen Lake (3amep3miee o3epo).

https://reinforcement-learning4.fun/2019/06/16/gym-tutorial-frozen-lake/
https://www.kaqgagle.com/sarjit07/reinforcement-learning-using-g-table-frozenlake



https://jakevdp.github.io/PythonDataScienceHandbook/05.09-principal-component-analysis.html
https://reinforcement-learning4.fun/2019/06/16/gym-tutorial-frozen-lake/
https://www.kaggle.com/sarjit07/reinforcement-learning-using-q-table-frozenlake

a) PemmTh ee C MOMOMIBIO METOJA JUHAMHYECKOTO MPOIPAMMHPOBAHUS, WCIIONB3YS AlTOPHUTMBI
I/ITepaLII/Iﬁ I10 3BHAYCHHUIO U I10 CTPATCIrUAM.
b) ITpumenuts anropurm Q-o0yueHuUs.

Kpurepum oueHuBanus

MakcuMajbHas OILEHKa 3a 3aJaHus KakIoro Moayis cocrasiaser M = 20 OamroB (orOop 3amaHmuid
OCYIIECTBIsIeTCs IpenoaaBaTesieM). CTyJIEeHTY BBICTABIISICTCS

M 6GamioB, ecny paboTa BBHIMOJHEHA TOJHOCThIO M O(QOpPMIICHA B COOTBETCTBHH C TMPEAbSBICHHBIMU
TpeOOBAHUSIMU.

0.75* M OGamnoB, eciu paboTa BBHINOJHEHA, HO [OIMYIIEHBI HETOYHOCTH WU €€ OQOopMIICHHE HE
COOTBETCTBYET IPEIbSIBICHHBIM TPEOOBAHUSM,

0.5« M OGamioB, eclid HMMEIOTCA CYIIECTBCHHBIC OIIMOKH, HO O0OIas cXema BBITIOJIHEHHUS pPadOThI
MPaBUIIbHA,

0.25+*M 0amnoB, eciyd BBHINOJHCHHE PabOTHI OBLIO HAYaTO, HO OHA BBINOJHEHA JIWIIhL YaCTHUYHO,
CYIIIECTBEHHBIC IIATH HE CICIaHbI,

0 6amnoB, eciu paboTa HE BBIMOJTHEHA.

[Tocne cymmupoBanusi Bcex HaOpaHHBIX 0ajyioB, OKPYTJE€HHUE MPOU3BOIAUTCS A0 ONFDKAMIEro IeJIoro
ymcna. J{ns nomycka K sk3aMeHy HeobxoauMo HaOpath 38 GaioB.



Bomnpocsl Kk 3k3aMeHy
1o JuciumuiHe «MammnHHoe o0yuyeHne: MaTeMaTHYecKue 0CHOBbD)

1. [TocTanoBkHM 3aa4 MaIMHHOTO 00ydeHUs1. OO0ydeHue ¢ yunureneM. 3a1aun Kiaccuukanum
perpeccur. OyHKIMU MOTEPh. DMIUPUUECKUN U UCTUHHBIN PUCK.
2. Henoobyuenue u nepeodyuenue. BeiOop Monemnn, Bamuaanus U Kpocc-Baauaalus.
Perynsapusanusi.
3. Yci10BHOE MaTeMaTH4ECKOE OKUIaHKE. Y CIIOBHOE paclpe/ieliCHuE.
. baliecoBckuii onTUManbHBIN Ki1accuukarop, 6aileCOBCKUI pUCK.
. Komnpomucc Mexy cMeIeHueM U AUCTIEPCUE.

. I'paguenTtHbiii ciyck. CTOXaCTUUECKUNA TPaJUEHTHBIN CITYCK.
. Meron Ommxkaitmmx coceneid. [IpokasaTbe pa3MepHOCTH.
9. Jluneinas perpeccus. BepostHocTHbIN Moax04. CBs3b ¢ METOJIOM MaKCUMAJIbLHOIO

4
5
6. Bemmyknas ontumusanus. [[BOWCTBEHHOCTD.
7
8

MPaBIONOI00US [T TayCCOBCKOM Mozenu. baiiecoBckuit moaxon. ['pedHeBas perpeccus. Jlacco.

10. Jloructuyeckas perpeccus. Metoa MakcuManbHOTO npaBaomnonoous. Kpocc-sarpomnusi.

11. IlepuenTpon. MeToa OMOPHBIX BEKTOPOB JJIsl TUHEHHO Pa3aeIMMOi BHIOOPKH.

12. MeTtox OIOPHBIX BEKTOPOB JJIsl HEpa3AeaIuMOi BBIOOPKH. Y CIIOBUSI ONTHMAIBHOCTH U OMTOPHBIE
BEKTOPBI. /J[BONCTBEHHOCTD.

13. Tprok ¢ sapom. CBoiicTBa siep. 'ayccoBckoe sapo.

14. Pemaromiue nepeBbsi. Mepbl HEUMCTOTHI JUIsl Kilaccudukanuu u perpeccuu. HbopmanoHHbIH
BeIMrphI. [TocnenoBaTensHOE ApoOIeHNE TPOCTPAHCTBA.

15. Byrcrpan u 63rrunr. Ciny4aiinsiid siec. Out-of-Bag ornenku. BaxHOCTh MPHU3HAKOB.

16. I'pagueHTHBIN OyCTHHT. MeTO HANMEHBITNX KBAIPATOB,

17. I'paguentrbiii Oyctunr. AdaBoost.

18. Heiiponnbie cetr. MHOTOCIIOMHBIH MEPLENTPOH.

19. AsromaTrnueckoe nuddepenuuporanue. [Ipsmoit u 0OpaTHBIN TPOXOI.

20. HauBHbII OalieCOBCKMIA MOAXO0. JINHEWHBINH AUCKPUMHUHAHTHBIN aHAJIH3.

21. CkpoiThle nnepemenHble 1 EM anroputm. 'ayccoBckue cmecH.

22. CUHTYJISIpHOE pa3JIoKeHHE.

23. [lonnkeHune pa3sMepHOCTH. MeTo/1 IMTaBHBIX KOMIIOHEHT.

24. Knacrepusanus. Meton -cpeiHux.

25. l'ayccoBckue cmecu. Mepapxudeckas Kiactepusaliusi.

26. Onnaiin o0y4yeHue. AJIropuTM SKCIIOHEHIIMAIBHO B3BELIEHHOTO CPETHETO.

27. OunaiiH TpaueHTHBIN cimycK. OHJaiH nepuenTpoH.

28. YnpasisieMble MapKOBCKHE Ipoliecchl. Y paBHeHHe bennmana. Mtepannu no 3Ha4eHuo.
Hrepanuu o crparerusim.

29. O6Gy4eHue ¢ MoAKpeIUIeHUEeM. -00yUeHue.



dopma IK3aMeHAIHOHHOTO OujIeTa

MunucTepcTBO HayKu U BhIciero oopasosanus Poccuiickoit deaeparuu
denepanbHOE rocy1apCTBEHHOE OOIKETHOE 00pa30BaTeIbHOE YUPEKIEHHE BBICILIETO

oOpa3zoBanus «PocTOBCKHiI rocyapcTBeHHBIN SkoHOMUYeckui yHuBepcuteT (PUHX)»
DaKynbTeT KOMIIBIOTEPHBIX TEXHOJIOTHIA U 3aIUTH HH()OpMAITUH
Kadenpa dpynnamenTaapHO#M ¥ MPUKIIATHON MaTEMaTUKH

DK3AMEHAIIMOHHbBIN BUJIET Ne
[To nucnumnnune «MammHHOE 00ydeHHe: MaTeMaTHYeCKUe OCHOBBI
Hamnpasnenue noarotosku 01.04.02 «IIpuknagnas MareMaTuka U HHGOPMATHKA»

1 . baiiecoBckuii onTUMaJIbHBIN Ki1accu(PuKaTop, OaileCOBCKUMA PUCK.
2. Knacrepuzauus. MeTon -cpeiHuX.

CocraBurenb

3aBenyromuii kageapoit

Kpurepun onenuBanus
40 6annoe — OTBET NOJHBIN U MPABUIIBHBIM; CTYIEHT XOPOIIO IOHUMAET JIOTIOJIHUTENbHbIE BOIIPOCHI,

30 6annoe — B OTBETE JAONYILIEHbI JIBE-TPU OLIMOKH, HCIPABIEHHBIE I10CJIE HABOJSAIIMX BOIPOCOB
IpernoaaBaTes,

22 6banna — CTYAEHT Ha WJAEWHOM YPOBHE INOHMMAET COJIEpP)KaHUWE MaTepuana MOHUMAeT COJEp)KaHHe
Marepuaa, Ho 3aTPy/JHSIETCS] BOCIPOM3BECTH CYIIECTBEHHbBIE TEXHHYECKUE JICTAH,

10 6annos — cTyneHT NOHUMAET CO/IEP KaHNE TTOCTaBICHHOIO B OUJIETE BONPOCA, HO €1a00 OpUEHTHPYETCA
B COJIEp)KaHUM OCHOBHOTO Y4e€OHOro Marepuasna, He MOXKeT MCIPAaBUTh CJENaHHble OLIMOKU MpHU
HABOJSIINX BOIPOCAX TPETIOAaBaATEIS,

0 6an106 — OTBET OTCYTCTBYET.

Jnst yernenmHo# ciauum sK3amMeHa HeoOxoaumo HaOpath 22 6ana.



