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1. TIEPEYEHb KOMITIETEHIMM C YKA3AHUEM OTAIIOB UX POPMUPOBAHNSI
B ITPOLIECCE OCBOEHHM A OBPA30BATEJIbBHOU ITPOI'PAMMBI

[Tpouecc uzyuenuss aucuumuinibl «OOpabOTKAa €CTECTBEHHOrO S3blKa M KOMIIBIOTEPHOE
3peHue» HampasjieH Ha GOPMHUPOBAHUE CIIEIYIOINX KOMITETEHIHIA:

Kon v HaumMeHoBaHHE
KOMIICTCHIIH I BBITTYCKHHKA

Kox 1 HauMeHOBaHUE HHIMKATOPA JOCTHUKEHHUS
KOMIICTCHITUH

OIIK-1 CnocoOeH npUMEHATH
€CTECTBEHHOHAY4YHbIE U 001Ie-
WHKEHEPHbIC 3HAHHS, METOJIbI
MaTeMaTHYeCKOro aHaju3a |
MOJICIIMPOBAHHS, TEOpeTHYe-
CKOr0 M IKCIEPUMEHTATBHOIO
WCCIIeJIOBaHUS B TMPOQecCcHo-
HaJIbHOM JIeITEIbHOCTH

OIIK-1.1. 3HaeT OCHOBBI MaTeMaTHKH, (DU3HUKH, BBIYUCIIH-
TEJIbHOM TEXHUKHU M MPOrpaMMHUPOBAHUS

OITK-1.2. Ymeer pemiath cTaHgapTHbIE MPOoQecCHOHATbHBIE
3a7a4M ¢ IPUMEHEHHEM €CTeCTBEHHOHAYYHBIX M OOIICHH Ke-
HEPHBIX 3HAHMH, METOJ0B MaTEMaTHUECKOro aHaiu3a |
MOJETUPOBAHUS

OIIK-1.3. Bnageer HaBbIKAMH TEOPETUYECKOTO U IKC-
MePUMEHTAIBHOTO UCCIIeIOBaHHA 00BEKTOB MpodeccHOHaATb-
HOH 1eATEeILHOCTH

OIIK-2 CnocobeH noHUMarhb
NPUHIMIBI pabOThl COBpPEMEH-
HBIX MH(OPMAIMOHHBIX TeX-
HOJIOTUH M MIPOrpaMMHBIX
CPEJICTB, B TOM YHCIIE OTeye-
CTBEHHOIO0 TIPOM3BOJACTBA, |
WCIIONIB30BaTh MX TIPH pele-
HUHU 337124 NMpodeccCuoHanbHON
AesITeIbHOCTH;

OIIK-2.1. 3uaer npuHUMIBI padOTBl  COBPEMEHHBIX
MH(POPMALMOHHBIX TEXHOJIOTUH M TPOTrPaMMHBIX CPEJICTB, B
TOM YHCJIC OTEYECTBEHHOIO MPOU3BO/ICTBA MPU PEILLICHUH 3a-
J1a4d npoheCCHOHATBHOM AESTEIbHOCTH

OIIK-2.2. VYmeer BbIOMpaTh COBPEMEHHBIC HMH(POPMAIHOH-
HbIC TEXHOJIOI'MU U I[IPOrPaMMHBIC CPEJCTBA, B TOM 4YUCIE
OTEYECTBEHHOI'0 IPOU3BOJICTBA IPU PELICHHUH 3a/1a4 1podec-
CHOHAJIbHOM JIEATEILHOCTH

OIIK-2.3. Bnageer HaBbIKAMH TMPHUMEHEHHS COBPEMEHHBIX
MH(POPMALIMOHHBIX TEXHOJIOTMH U IIPOrPAaMMHBIX CPEICTB, B
TOM 4YHCJE OTEYECTBEHHOIO IIPOM3BOJICTBA, NPU PEIICHUH
3a]1a4 Npo(heCCHOHATBHOM AesTeTBHOCTH

OIIK-7 Cnocoben pa3pabarsl-
BaThb AJIrOPUTMbI H
MPOIrpaMMBbl, NPHIOAHBIC IJIs
MPaKTHYECKOTO MPUMEHEHHS

OIIK-7.1. 3HaeT OCHOBHBIC SI3BIKH MPOTPAMMHPOBAHHS U pa-
00ThI ¢ Da3amMu JIaHHBIX, ONEPAIMOHHBLIE CUCTEMBI U 000J104-
KU, COBPEMEHHbIE TIpPOrpaMMHbIE Cpelbl  pa3paboTKu
HH(POPMAIMOHHBIX CHCTEM H TEXHOJIOTHI

OIIK-7.2. YMmeeT NpHUMEHATb A3BIKH MPOrPaMMHPOBAHUS U
pabotbl ¢ 0a3zamMu JIaHHBIX, COBPEMEHHBIE NPOrpaMMHbIC
cpeibl pa3paboTky HHMOPMAIMOHHBIX CHCTEM M TEXHOJIOTHI
JUIST aBTOMATH3allMH OH3HEC-TIPOLICCCOB, PEUICHUS TPUKJIAI-
HBIX 3a7a4 pPa3lIM4HbIX KJIACCOB, BEJACHHsA 0a3 JaHHBIX M
UH(POPMAIMOHHBIX XPAHUIIMIIL

OIIK-7.3. Biajeer HaBbIKaMu IIPOrpaMMHUPOBAHUS, OTIAAKH
U TECTUPOBAaHHA TPOTOTHIIOB MPOrPaMMHO-TEXHHUECKHX
KOMILIEKCOB 3aJ1a4

Kon
Ne HaumenoBanue .
KOMIIEe- . Ortanel GOPMUPOBAHUS KOMICTCHIMN
/i KOMIIETEHIIH
TEHIIMH
1. OIIK-1 Cnocoben npumensits | 1 Oman — 3nams:

3HAHHSA,

ecrecrBenHoHay4dHble | OIIK-1.1. OcHOBBI MaTeMaTHKH, (U3HKH,
M OOLIEMH)XEHEPHBIE | OCHOBBI BBIYMCIHMTEIBHON TEXHHKH, OCHOBBHI
METO/IbI | IPOIPAMMHUPOBAHHS

2 Oman — Vmemn:
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MaTeMaTH4YEeCKOro aHa-
JH3a W MOICIHpOBa-
HHUA, TCOPCTHUYCCKOrO
H SKCIICPUMECHTAJIb-
HOI'o HCCJIICJOBAHHS B

OI1K-1.2. Pemiate cranpapTHbie mpodeccuo-
HaJIbHBIC 3a/la4d C NPUMCHCHHEM CCTCCTBCH-
HOHAYYHBIX M OOILIEMH)KEHEPHBIX 3HAHUM,
pewath npodeccHoHabHbIE 3a7a4l C MOMO-
B0 METOJ0B MAaTEeMaTU4YECKOI0 aHaiuu3a U

npo¢ecCHOHATBHON MOJICIIHPOBAHUS

IEATEILHOCTH 3 Dman — Brademn:
OIIK-1.3. HaBblkamu TEOPETHYECKOI0 U IKC-
MEePUMEHTAIILHOTO MCCIIEIOBAHUS 00BEKTOB
npoheCCHOHATBHON ACATEITbHOCTH

OIIK-2 Cnocoben mouumars | [ Oman - 3Hamop:

IPUHLUIIB] pabotel | OIIK-2.1. Ilpunnunel paboTel COBPEMEHHBIX

COBPEMEHHBIX HH(OPMAITHOHHBIX TEXHOJIOTHH M MPOrpaMM-

MH()OPMAITMOHHBIX HBIX CPEJICTB, B TOM YHCJIE OTCYECTBEHHOTO

TEXHOJIOTH U | IPOM3BOJCTBA NpPHU PEIICHHH 3anad mpodec-

IPOrpaMMHBIX CHOHAJILHOM JCATEIIbHOCTH;

CPEACTB, B TOM 4ucne | 2 Dman - Yumemn:

OTEYECTBEHHOTO OIIK-2.2. BeiOupatb coBpeMeHHbIe HH(pOpMa-

MPOU3BOJICTBA, H HC- HHOHHBIC TCXHOJOI'MH H IpOorpaMMHBIC CpEa-

Nonb30BaTh WX mpw | CTBA, B TOM YHCIIE OTEUECTBEHHOTO NPOU3BOAL-

pemennu 3azau mpo- | CTBA TPH PCLICHMH 33/1a4 npo¢eCCHOHATBHON

. JEeSITeJIbHOCTH;

qJCCC“OHaH‘BHO" %13 Dman - Braoems:

TCILHOCTH, OIIK-2.3. HaBblkamu NpUMEHEHHUSI COBPEMEH-
HbIX  MHGMOPMAIIMOHHBIX  TEXHOJOTMHA |
MpOTPaMMHBIX CpPEICTB, B TOM YHCJIE OTeue-
CTBEHHOT'O TPOU3BOJICTBA, MPHU PELICHUH 3a-
J1a4 npodeCCUOHANIBHOM JIESITEJIbHOCTH.

OIIK-7 Crnocoben paspabarel- | [ Oman — 3nams:

BaTh  QIrOPUTMBI H
NporpamMmel, TPUTrOA-
Hbl€ JUId IpaKThye-
CKOT'O MPUMEHEHHSI

OIIK-7.1. OcHOBHBIE fA3BIKH TPOrPaMMHUPOBA-
HUSI, OCHOBBI paboThI ¢ OazaMy JaHHBIX, OIe-
PALMOHHBIE CUCTEMbI 1 00O0JIOUYKH, COBPEMEH-
Hble TIporpaMMHBIE  cpeiibl  pa3paboTKu
MH(OPMAIIMOHHBIX CHCTEM M TEXHOJIOT Ui

2 DOman — Ymems:

OIIK-7.2. TlpumeHsTh S3bIKH NPOTrPAMMHUPO-
BaHUS, IPUMEHSATh TEXHOJIOIHH paboThl ¢ Oa-
3aMH  JIaHHBIX, TPUMCHATH COBPEMCHHBIC
nporpaMMHBIC cpeibl pa3paboTku mH(pOpMA-
IIMOHHBIX CUCTEM M TEXHOJIOTUH JUisi aBTOMa-
TH3AIMK OM3HEC-TIPOIECCOB, PEIICHUS MpPU-
KJIaJHBIX 3aa4 pa3jMYHBIX KJIaccOB, MpHMeE-
HATb TEXHOJOTMHM BEACHUS 0a3 JaHHBIX U
MH(POPMAITMOHHBIX XPAHUJIMII]

3 Dman — Bradems:

OIIK-7.3. HaBblkaMH TpOrpaMMHPOBaHHA,
OTIMaaKH H  TECTHPOBaHHS  MPOTOTHUIIOB
[IPOrpaMMHO-TEXHHYESCKHX KOMILICKCOB 3a/1a4




2. TIOKA3ATEJIM Y KPUTEPMH OLIEHMBAHM ST KOMITIETEHLIWI HA PA3JIMYHBIX
OTAITAX UX ®OPMUPOBAHNA, OIIMCAHUE [IIKAJI OHEHHBAHUMS

Kpurepun onieHnBanus

1
Ne | 2 2 E HaumenoBanue KOMIIETEHIIMI [Ixana
n/m | § E KOMITETEHIIUN Ha pa3/IMYHbIX dTarax OLICHUBAHUS
(hopMHpOBaHHSA
1 | OIIK-1 | Cnocoben mpm- | I Dman — 3uame: «OTJIMYHO»
MEHSTh OIIK-1.1. OcHoBel | . I'nybokoe u  mpouHoe
€CTeCTBEHHOHA- | MaTEMAaTHUKH, bu3ukH, | ycBOeHHE POIrPaMMHOIO
yuHbIE M OOIIle- | OCHOBBI BBIYMCIMTEIBHOM | MaTepuaa.
WHKCHEPHBIC TEXHUKH, OCHOBBI | 2. 3HaHMe MIaKeTOB
3HAHUS, METOJbI | IPOrPAMMHUPOBAHMUSI NPUKJIAIHBIX TIPOTrPaMM
mareMaThye- 2 Dman — Ymemo: 3. 3uanue OCHOBHBIX
ckoro ananusa u | OIIK-1.2. Pemarp | NpUHIMIIOB TOCTPOEHUS
MOJICJINPOBa- CTaHJapTHBIE Tpodeccro- | MaKeToB NPUKJIAIHBIX
HHsI, TEOPETUYC- | HATBHBIC 3aa4H C MPUME- | IIPOTPAMM.
CKOI0 M OKC- | HCHHEM eCTeCTBeHHOHay4- | 4. 3HaHUE OCHOBHBIX 3ajay
TIepUMEHTaIb- HBIX M OOIIEHHKCHEPHBIX | IPHKIIAIHBIX IIPOrpamMM.
HOTO  HMCCJICNO- | 3HaHHWH, pemarb npodec- | 5. Croboanoe BIIaJICHHE
BaHHs B IPO- | CHOHAJNbHBIE 3afadd ¢ | aKeTaMu NPUKJIATHBIX
(beccHOHAILHON | IIOMOLIBIO METOIOB | IPOIPAMM.
JeSITeTbHOCTH MaTemaTudeckoro anammusa | 6. TouHoCTb 17}
¥ MOJICTTUPOBAHUS 000CHOBaHHOCTb BBIBO/IOB.
3 Oman — Bradems: 7. besommbounoe
OIIK-1.3. HaBbikamu Teo- | BBIIOJIHEHHE  MPAKTHYECKOIO
peTHYEeCKOro W JKC- | 3aJaHHS.
MIEPUMEHTAJIBHOrO Hccie- | 8. TouHsle, TIOJTHBIE "
TOBaHUMA 00BEKTOB mnpo- JIOTUYHbBIC OTBETHBI Ha
(eccuoHanbHOM  JedTeNb- | AONOJIHHTENbHBIE BOIPOCHL.
HOCTH
2 | OIK-2 | Criocoben I Dman - 3nameo: «XOPOLIO»
IIOHUMATh OIK-2.1. Mpunmumer pa- | 1- Xopouiee SHAHHC
NPUHIMIBL  pa- | OOTHI coBpeMeHHbix | PO PAMMHIOrO MatepHaia.
2. HenmocraTrouHo 110JIHOE
00TBl COBpeMeH- | HH(POPMAIIMOHHBIX TEXHO-
! W3JI0KEHHE  TEOPETUYECKOTO
HbIX HMH(OpMa- | JOTMd ¥  MPOrpaMMHbBIX BONPOCA  HK3AMEHAIMOHHOTO
IIMOHHBIX  TeX- | CPEJICTB, B TOM YHCJIE OTE- | Guiiera.
HOJIOTHi M | YECTBEHHOTO0  TpOoM3BOJ- | 3. Hamuuue He3HaYMTEIbHbBIX
IIPOTrpaMMHBIX CTBA TIPH peIICHHH 3ajay | HETOYHOCTEH B ynoTpedieHnn
CpeicTs, B ToM | mpodeccronanbHol  ses- | TEPMHUHOB, Kiaccnukauuii.
- oTede- | TenbHOCTI 4. 3HaHue OCHOBHBIX MAKETOB
NPUKJIAJIHBIX TIPOrpaMM
CTBEHHOT'0 2 Dman - Ymems: 5. HemomHora
IIPOU3BOJICTBA, OI1K-2.2. Beibupathb [IPE/ICTABICHHOTO
M HCIIONb30BATh | COBPEMCHHBIC — MH(pOpMa- WUTIOCTPATUBHOIO MaTepuasa.
MX TpH pelue- | UMOHHBIC TEXHONOIMH H | 6. TOYHOCTH "

HUW 3a1a4 Ipo-
(heccruoHanbHOM

[porpaMMHbIC CPEICTBA, B
TOM YHCJIE OTCHCCTBCH-
HOTO TIPOM3BOACTBA IIpH

000CHOBAHHOCTE BBIBO/JIOB.
7. Jlornunoe H3J10KEHUE
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Kpurepuu onieHMBaHUs

.
Ne | = E Hanmenosanue KOMIICTCHIIMH [lIxana
n/m | 5 5| KxommereHuuM Ha Pa3IUYHbIX dTarax OLICHUBAHUS
i (dhopMHpOBaHHS
pemieHHH 3anad npodec- | Bompoca, COOTBETCTBUE
CHOHAQJILHOH  JIEATENIbHO- | M3JI0KEHHUS HayYHOMY CTHIIIO.
CTH; 8. Herpybass ommbka t1ipu
3 DOman - Bradems: BBIITOJIHEHHH  IIPAKTHYECKOIO
OIIK-2.3. HaBbikamu npu- | 3aAaHHA.
MEHEHHS COBPEMEHHBIX 9. npaBHHBHBIC OTBCTBI Ha
— HHd)OUpMaLIHOHHBIX TexHO- | AOTIOIHUTENBHBIE BOTIPOCHI.
Jorun - U MPOTPAMMHBIX |V JIOBJIETBOPUTEJIBHO»
CpPE/CTB, B TOM YHCIIE OTe-
4ECTBEHHOrO  MPOM3BO- 1. IToBepXxHOCTHOE YCBOEHHE
CTBa, MpH pemeHHn 3axay | TPOTPAMMHOTO MatepHana.
npoeccHoHanbHOl et 2. HenocraTouHo MIOJIHOE
Te/TBHOCTHL U3JI0KEHHE  TEOPETUYECKOIo
3 | OIK-7 | Criocoben pas- | 1 Dman — 3name.: BOIpOCa — SK3aMCHALMOHHOTO
pabaThIBaTh OITK-7.1. OcrosHpie | OMUIETA.
ANTOPHTMEL W | A3BIKM  TIpOTpamMmmpoBa- | > SATPyAHeHue B
MPOIrPaMMBbl, HUs, OCHOBBI paboThI ¢ Oa- TIpUBCICHIH [IPUMEPOB,
TIPUTOMHBIE JUIS | 3aMHU JAHHBIX, oneparmon- | [[OATBEPAAAIOMIHX
MPaKTHYECKOTO | HbIE CHCTEMBI H 0607104KH, | | COPCTHACCKHC TOTOACHIA.
IIPUMEHCHHS coBpemennbie mporpamm- | 4+ HAIIUHE  HETOUHOCTEH B
Hble Cpesl  Pa3paboTKH yuo'rpeﬁnemm” TEPMUHOB,
uH(opMAaIOHHBIX cuctem | KTACCHPHKAIMIL.
¥ TEXHOJIOTHH 5. Heymenue YETKO

2 Oman — Ymems:
OIIK-7.2. [TpumeHsThL
A3BIKH  TPOrpaMMHpOBa-
HHUSA, TPHUMEHATH TEXHO-
noruu pabotel ¢ Oazamu
JIAHHBIX, NPUMEHSTh
COBpEMEHHBIC IPOrpaMM-
HBIe Cpeabl  pa3paboTKu
HH(GOPMAIIMOHHBIX CHCTEM
Y TEXHOJIOTHUH 11 aBTOMa-
TH3alUKU  OU3HEec-Tpolec-
COB, peILEHHS MNPHUKIaI-
HBIX 3aJa4  Pa3IUYHBIX
KJIACCOB, MPUMEHSITL TeX-
HOJIOTHH BeJleHHs 0a3 JnaH-
HBIX ¥ HHPOPMAIMOHHBIX
XPaHHIIHII]

3 Oman — Brnadems:
OIIK-7.3. HaBrixkamu
IpOrpaMMHUpOBaHHusA,  OT-
JagKH M TCCTHUPOBAHMS
MPOTOTUIIOB MTPOrPaMMHO-
TEXHUYECKHX KOMILIEKCOB
3a1a4

c(hOpMyIIMPOBATH BHIBOJIBI.

6. OrcyrcrBHe HaBBIKOB
HAy4YHOTO CTUJISI H3JI0KECHHS.

7. I'pyGas omubKa B
NPAKTHYECKOM 3aTaHHH.

8. Herounble  oTBeTHI  Ha
JOTIOJIHUTENBHBIE BOIPOCHI.

«HEYIOBJIETBO-
PUTEJIBHO»

3HAYUTEIIBHOH
NIPOTrPaMMHOTO

1. He3nanue
4acTu
MaTepuana.
2. HecriocoOHOCTL TmIpUBECTH
IPUMEpBI [aKeTOB
NPUKIIAJHBIX TPOrpaMm

3. Heymenwue BBIJICTIUTH
INIABHOE, CJIeaTh BBIBOABI U
00001EeHHSL.

4, I'pybble  ommOKu  TpH
BBITIOJITHCHUHM  TIPAKTHYECKOTO
3a/1aHusl.

5. HenpaBuibHble OTBETHI Ha
JOTIOJIHUTENBHBIE BOIPOCHI.




3. THUIIOBBIE KOHTPOJIBHBIE 3AJTAHU S UM MHBIE MATEPUAJIBI,

HEOBXO/IMMBIE JIJII OLIEHKHM 3HAHMI, YMEHU, HABBIKOB U (MJIN) OTTBITA

JIESTEJIbHO XAPAKTEPU3VIOIIUX DTAITbI ®OPMUPOBAHMS KOMIIETEHI{HI

B ITPOLIECCE OCBOEHMS OBPA30BATEJIbHOM [TPOI'PAMMBI

1 OTAII - 3HATH

A S

Ranlioa il S

=

Tembl 1J151 NOATOTOBKH K YCTHOMY ONPOCY:

Tema 1. OcHOBHBIE TaNbI U HATIPABJICHHS UCCIIE0BAHHIA B 00JIACTH CHCTEM HCKYC-
CTBEHHOT'O MHTEJIJICKTA
DTansl pa3BUTHA CHCTEM MCKyccTBeHHOTO nHTemnekra (MH).
OCHOBHBIC HaNpPaBJICHUS Pa3BUTHS UCCIICIOBAHUN B 00IaCTH CUCTEM HCKYCCTBCHHOTO MH-
TEIICKTA.
Big Data. Oco6eHHOCTH paboThI C OOIBIIMMH JAHHBIMH.
N3Bneuenue 3Hanuii. aTerpanusa suanuii. baser 3nanmii. [Ipumepsr.

Tema 2. OcHOBBI MalIMHHOTO OOYYCHHUS U aHAJIN3a JaHHBIX
OCHOBBI TPOrpaMMHUPOBAHUS JIJIS 3314 aHAJIM3A JIAHHBIX.
bubnuorexku Python juis ananu3a JaHHBIX.
W3ydeHne oTACIbHBIX HalpaBJIeHUH aHamu3a JaHHbIX. O0ydeHHe «c yauTenem», «oe3 yuu-
TEJSD, «C MOJKPEIUICHHEM,
Pemenue 3anau knaccudukaimu, Kiacrepusalum, perpecCuu.

Tema 3. HeiipoHHbIE ceTH
[Ipuntmn pabotel Mo3ra. McTopust OTKpBITHS HEHPOHOB M HEHPOHHBIX CETEH.

HMckyccTBeHnble HelipoceTH. CXEMBbl M TPUHIIMIT PaOOTHI.

[TonHOCBA3HBIC HEMPOHHBIC ceTH. OHOCTONHBII U MHOTOCIIOHHBIN TEPCEHTPOH.
['nybokoe obyuenue.

PasznuyHbie apXUTEKTYpBl HEHPOCETEH.

Tema 4. O6paboTka eCTECTBEHHOTO A3bIKA
H3Bneuenne nudopmanmu. MudopmaimoHHelii ouck.
AHanu3 BeICKa3bIBaHUNH. AHAIN3 TOHAILHOCTU TEKCTA.
BonpocHo-oTBeTHBIE cUCTEMBI. [ €eHEpUpOBaHUE TEKCTA.
EcTtecTBeHHO-53bIKOBOM HHTEp(dEIiC.

Tema 5. KomnbloTepHoe 3peHue
BBeneHnne B KOMIIBIOTEPHOE 3pEHHE.
PacnioznaBanue u3obpaskeHuii moabMu. [Tpr3Haky U1 KaTeropu3anu H300paskeHHi.
BosmosxknocTr 6udnuoreku OpenCV. Mamunnoe odydenue B OpenCV.
ApXUTEKTYpbl HEMpOceTei 11 pacro3HaBaHus U300paKeHH .

2OTAIl - YMETbD

KommiekT npakruyeckux pador
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[IpakTHyeckue pabOThl U CEMUHAPHI CIY:KaT sl pabOThI CTYIEHTOB Hal Y4eOHBIMHU 3a-
JadaM#y C LCIBHO BBIpaﬁOTKH H 3aKPCIINICHHUSA IPAKTHYCCKHUX HABBIKOB.

Tema 1. OcHOBHBIEC DTamnbl W HANpaBICHHUSA WCCICIOBAHUI B OOIACTH CHCTEM HCKYC-
CTBEHHOI'O MHTEJLIEKTA.

3anaHue: “3yueHHe OCHOBHBIX CIIOCOOOB MpeICTaBIECHUS AaHHBIX: POJKIIMOHHBIE MOJIE-
M, CEMaHTHYECKHE CETH, (PpeiimBl.

Hcnonb3ys COOTBETCTBYIONIUE IYTH MOCTPOUTH CEMAHTHUYECKYIO CETh (110 BapUAHTAM):
1. T'eorpadun peruona. Jlyru: rocyiapctBo, CTpaHa, KOHTHHEHT, IIMPOTA.
2. [Ipouenypsl noMcka Mojae3HbIX HCKOMaeMbIX. Jlyri: HAaMMEHOBaHME UCKOMIAeMOr0, pacro-
J0KEHHE MECTOPOKACHUS, IITyOHHA 3a/IeraHus, METOIbI TOOBIYH.
3. Pacnpenenenus npoayKToB 1o MarasuHam. Jlyru: HCTOYHUK cHAOKEHUs, HAMMEHOBAHUE
NPOJIYKTA, CIIOCO0 TPAHCIIOPTUPOBKU, KOHEYHBIH MyHKT TPAHCIIOPTUPOBKH.
4. OnpeneneHue NpUHAICKHOCTH JKUBOTHOTO K ONPEETICHHOMY BHY, THITY, ceMeicTBy. Jlyru:
MecTo 00HTaHus, CTPOCHHUE, 0COOCHHOCTH TTOBEACHMS, BU TTHTAHHUSI.
5. Kinaccudukanum numeBsix NpoaykToB. Jlyru: HauMeHOBaHUE MMPOIYKTA, COCTABIISIONINE
4acTH, COoco0 MPUTOTOBIEHHS, CPOK XPAHEHHUS.
6. PaciozHaBaHue THMa KoMIbioTepa. Jlyru: cTpaHa H3roTOBHTENb, CTaHIapTHas KOH(PUTYpa-
1ust, 001aCTh MPUMEHEHUS, HCIIOIb3yEMOE MPOrpaMMHOE 0becreueHHe.
7. Uepapxuueckoit ctpyktypsl BJ1. Jlyru: cucrema, coctosiHue, Ha3HAYEHUE, B3aUMOICHCTBHE
COCTaBIIAIOIINX.

Tema 2. OcHOBBI MAIIHHHOTO 00YYeHHST H AHAJM3A JAHHbIX
1. 3apanue: U3y4HTh OCHOBBI IporpaMmupoBanus Ha Python. OcHoBHBIE OMOIMOTEKU MAIIMH-
HOTO O0YUYEHHMSI.

Brinonuenue 3ananus Ha remy «JIuneiinas perpeccus»|
[TocranoBka 3anaun|
Heobxoaumo npeackassiBaTh 10X0/1 OT MPOAAXKU MOPOKEHOI0 B 3aBUCUMOCTH OT TEMITEPATYPhI
BO3ayxa. MBI mpeamnonaraeM, 4To JUHEHHAA perpeccus MO3BOIUT PELIMTh 3Ty 3a1a4y.
[lar #1: umnopt OubaHoTEKY
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
[IIar #2: umnopr naraceray
zarpyxaem B Colab c gucka IIK.
from google.colab import files
files.upload()
coznaem obbexkT - naradperm - nns Colab
IceCream = pd.read csv("IceCreamData.csv")
# cuutbiBaeM repsbie 10 3HaYeHUIA

IceCream.head (10)
out[5]:

H= Sk R 3 3

TemperaturefRevenue

24.566884 [534.795028

26.005191 [625.190122

27.790554 [660.632289

20.595335 [487.706960

11.503498 |316.240194

14.352514 |367.940744

13.707780 |[308.894518

530.833985 [696.716640

0.976870 55.390338

31.669465 |[737.800824

e e e S S e Ll =)

n [6]:



# cumTeBaeMm nocrnegHMe 10 3HayeHMA
IceCream.tail (10)

TemperatureRevenue

190123.824922 [584.399845

191134.472169 [809.352520

492123.056214 [552.819351

493(14.931506 [377.430928

494125.112066 [571.434257

495[22.274895 524 .746364

496|32.893092 |755.818399

497112.588157 |[306.09071%

198|22.362402 [566.217304

199128.957736 [655.660388

# OCHOBHEIS CBeI2HMA OINMCATEeJNIEHOM CTATHMCTURKM : KOJI-BO, cpem-lee, CPE,H,HeKBa,H,paTM-
yeckoe OTKJIOHeHUe,

# MMHMMAJIEHOE ZIZIH4AYeHMEe

IceCream.describe ()

lemperatureRevenue

count|500.000000 [500.000000

mean [22.232225 [521.570777

std [8.096388 175.404751

min [0.000000 10.000000

5% J17.122258 [405.558681

50% [22.392791 [529.368565

75% [27.740674 |[642.257922

max [45.000000 {1000.000000

# To xe, HO IO OTIEJIEHOMY CTOJOLY

IceCream| 'Temperature'] .describe ()
Out[8]:

count 500.000000

mean 22.232225

std 8.096388

min 0.000000

25% 17.122258

50% 22.392791

75% 27.740674

max 45.000000

Name: Temperature, dtype: floatéd
In [9]:

¥ nmomydaeM KpaTKMe CBEeOeHMA O IaHHHX
IceCream.info ()

RangeIndex: 500 entries, 0 to 499

Data columns (total 2 columns):

Temperature 500 non-null floated

Revenue 500 non-null float64d

dtypes: float64(2)

memory usage: 7.9 KB

lar#3: Buszyanmuszaumsa maTtaceraq
coincase.ru/blog/47592/9

# CTpOMM TMOPMIOHBIA OBYMEpHEI I'paduk

sns.jointplot (x="Temperature', y='Revenue', data = IceCream, color = 'gray')

Out[10]:

<seaborn.axisgrid.JointGrid at 0x19761326ef0>
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0 0 E) a0

semperstre
# Bropoit cnocob

sns.pairplot (IceCream)

# IoMarpaMMa pPacCesHMS C IONOJHUTENBEHOM HAaJIOXEeHHON JIMHUEN perpeccuUn
sns.lmplot (x='Temperature', y='Revenue',K data=IceCream)

&

'*‘;a
/

S
Fy

Temperature
o E H m &

- B8 8 EE

I :
#
#*

i

[] » © 3 00 1000
Temperane Revenue

llar #4: pa=zbueHue paTaceTa Ha ofydawuwynw M TecToByl BHOOpky(
In [13]:
y = IceCream['Revenue']

In [14]:

X = IceCream|[['Temperature']]

In [15]:

X

Out[15]:
Temperature

0 [24.566884

1 [26.005191

poo127.790554

3 [20.595335

4 111.503498

5 [14.352514

M98[22.362402

499128.957736

500 rows x 1 columns

In [16]:

# uvnoprupyeM ¢yHrkuM train test split

from sklearn.model selection import train test split

In [17]:

# oyuxuma train test split npuHMMaeT aprymedTH X _train, X test, y train,
y test

# BHYTPM =2allaeM MNPOLEHT TeCTOBOWM BHOOpPKM (0OwuHOo 25% wmnm 20%)

X train, X test, y train, y test = train test split(X, y, test size=0.25)
In [18]:

¥ train

OQut[187]:

Temperature

462)12.123014

489126.964217

210j22.387604

4B87132.632858

17 |42.515280

MO6|L7.997015

M17127.516646
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375 rows x 1 columns

lar #5: oByuenue mMomenm]

In [19]:

# npoeepuM pasMepHOCTHb

¥ train.shape

Out[19]:

(375, 1)

In [20]:

¥ MMIopT MeToma JIMHENMHOM perpeccum

from sklearn.linear model import LinearRegression

In [21]:

¥ Crnenywomas onepaurs Ccos3maéT nepeMeHHynw model B KadecTBe 3KseMniapa Linear-—
Regression.

# OnumMoHaNBHEE NapaMeTphl kiacca LinearRegression:

# fit intercept - mormueckmit (True no yMON4aHMKO) NapaMeTp, KOTODHM pemaer,
# BEIUMCIATE OTPe30K bp — or (0 IO peaNbHEX HadalbHHX SHadeHud (True) wmnm
pPacCMATPMEATE eI'0 Kak pPabBHHN HYyIKL (False).

¥ normalize - normueckmit (False no yMon4daHmo) IapaMeTp, KOTOPHM pemaert,
HOPMAaJIM30BATE BXOJHEE lepeMeHHee (True)

4 ymm mer (False).

regressor = LinearRegression(fit intercept = True)

In [22]:

# obByueHMe MOIeNnM - BHUMCIIEHMEe KO2hOMUMEeHTORB
regressor.fit (X train,y train)

out[22]:

LinearRegression(copy X=True, fit intercept=True, n_Jjobs=None,
normalize=False)

In [23]:

# neuvares kozbbdMUMEeHTOB

print ('Linear Model Coefficient (m): ', regressor.coef )
print ('Linear Model Coefficient (b): ', regressor.intercept )
Linear Model Coefficient (m): [21.42821956]

Linear Model Coefficient (b): 44.69044402743077
llar #6: TecTtuporauue momenu]

In [24]:

y_predict = regressor.predict( X test)

y_predict

Qut[24]:

array([441.29165419, 797.2527597 , .., 654.03543779,
732.6880014 1)

In [25]:

y test

Qut[25]:

164 726.233771

96 474,749392

108 643.788331
169 773.924755
Name: Revenue, Length: 125, dtype: float64d

In [26]:
plt.scatter (X train, y train, color = 'gray')
plt.plot (X train, regressor.predict(X train), color = 'red')

plt.ylabel ('Revenue [dollars]')

plt.xlabel ('Temperature [degC]')

plt.title('Revenue Generated vs. Temperature @Ice Cream Stand(Training
dataset) ')

out[26]:

Text (0.5, 1.0, 'Revenue Generated vs. Temperature @Ice Cream Stand(Training
dataset) ')
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Revenue Generated vs. Temperature @Ice Cream Stand(Training dataset)
1000 1

800 4
600 1

a00 {

Revenue [dollars]

2001

o

o E ]
Temperature [degC]

CamocrosiTeibHasi pabora no teme "JIuneiinas perpeccus'
Yciaosue 3a1anne:
Bel sBIAETECH KOHCYIBTAHTOM KPYITHOTO MPOM3BOANTENS aBTOMOOMIeH. Bam Obino mopyueHo
pa3paboTaTh MOJICNb /Ul POrHO3UPOBAHMS BIUSHUS YBEIMYCHUS MOILTHOCTH aBTOMOOMIA (J1.C.)
Ha YKOHOMHIO ToruBa (rmpoder Muib Ha raion (MPQ)).
Bel cobpanu nanHebe:
He3aBucumas nepemeHHas X: MOIIHOCTh TPaHCIIOPTHOTO CPE/ICTBA B JIOMIAAMHBIX CHJIAX.
3aBucumas nepemerHas Y: [IpoGer muns Ha rammon (MPG).
3ananue:
N0 aHaJoTUM ¢ 1a0opaTOpHO# paboToM, B KOTOPOH PacCUMTHIBAIACh NPUOBLIL OT MPOAAXKH MO-
PO’KCHOTO B 3aBHCUMOCTH OT TEMIICpaTyphl BO3/yXa, NPOAHAIU3UPYHTE MOJIYYCHHBIC TaHHBIC,
BU3YAJIM3UPYITE UX U TIOCTPOITE MOJENb JINHEHHOI perpeccun. Mcnonb3yiite 1atacer u3 gaiina
FuelEconomy.csv.

Tema 3.

Hanucanue pedepara sapisiercs o0s3aTellbHbIM JIEMEHTOM padOThl CTYAEHTOB B paMKax
OCBOCHMS IUCHHUILTHHBI «O0paboTKa eCTECTBEHHOTO sI3bIKa U KOMIIBIOTEpHOE 3peHue». Pedepar
(ot nat. «refero» - moknaneEIBar0, COOOIIAK0) - 3TO CAMOCTOATEIbHAS HCCIeA0BaTENbCKas paboTa,
B KOTOPOii aBTOP PAaCKpBIBAET CYTh MUCCIEAYEMOM MPOOIEMBl; MPUBOIUT PAa3JINYHbIE TOYKH 3pe-
HUS, a TakKe coOcTBeHHbIE B3rUisIbl He Hee. Conepkanue pedepara 10KHO ObITh JIOTUYHBIM;
W3II0’)KEHUE MaTepualia HOCHT IPOOJIEMHO-TEMAaTHYECKUI XapakTep.

Temp1 115 pedpepaToB:

Knaccngukarnus v Buas HeHpPOHHBIX CETEH.

Merto/ibl yeckopeHust 00y4eHus HEPOHHOM CEeTH.

MHorocinoiiHble OJTHOCBA3HbIE HEHPOHHBIE CETH.

HeiliponHble ceTu 1711 0OHapyKEeHU BPEOHOCHOTO MPOTPaMMHOTO 00ecreueHus.
HeiiponHsle cetu 11 aHamM3a (UHAHCOBOTO PhIHKA.

Heiiponnbie cetu it pacrno3HaBaHus TEKCTOB U rojioca.

CeprouHnsie HelipoHHbIe ceTy. HasHaueHue 1 ucTopus CO3qaHMs.

PekkypeHTHbIC HelipoHHBIC ceTH. Ha3zHaueHne U HCTOpHS CO3aHMs.

9. HeiipoHHble ceTH /Ui pacro3HaBaHus 00pa3oB.
10. IlpyMeHEeHnE HEMPOHHBIX CETEH B IKOHOMUKE U Ou3HECe.
11. I[TpumeHeHUE HEUPOHHBIX CETEH B MEULIUHE.
12. TIpumeHeHne HEMPOHHBIX CETEH B aBTOMATH3ALMU H POOOTOTEXHHKE.
13. IlpuMeHeHHe HEHPOHHBIX CETEH B cMcTeMax 0€30MacHOCTH M OXPaHHBIX CHCTEMax.
14. IIpyMeHEHNE HEMPOHHBIX CETEH B KOMITBIOTEPHBIX UIPax.
Cmpyxkmypa pegpepama:

1) Kiurouesslie ciiosa.

2) AmnHOTanus cojepkanus (2-3 mpeaioKeHus ).

3) Beenenue (ue Gonee 2 crpanun). Bo BBeneHun HeoOX0auMO 0OOCHOBATH aKTyallb-
HOCTb TE€MbI, OUEPTUTH 00JIACTbh UCCIIEI0BAHNUS, O0BEKT HCCIe0BaHUS, OCHOBHBIC LIEIU U 33/J1a4U
ucclieIoBaHus, CHOPMYIIMPOBAThH BBIIBUTIAEMbIE THIIOTE3bI.

4) OcHOBHas 4acTb COCTOUT M3 2-3 pa3jienoB. B HUX pacKpbIBacTcs CyTh MCCICAyEeMOIt

PN RN =
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npo0aeMbl, MPOBOAUTCS 0030p MH(OPMAITHH 1O MpeaAMETY ucchenoBanus. M3noxeHne marepua-
Ja HE JOJDKHO OTPAaHUYMBATHCA JIMILB OMHCATENBHBIM TMOAXOAOM K PacKpBITHIO BBIOpaHHOI
TeMbl. OHO TaKke JOJIKHO COAEPKaTh COOCTBEHHOE BUJIEHUE PACCMATPUBAEMON MTPOOJIEMBbI.

5) 3akmodenue (1-2 crpanuipl). B 3aKii04eHUH KpaTKO M3JIaratoTcs BbIBOJbI, @ TaKKe
npejrnojaaracMble HaydHble pe3yabTaThl U IPOTHO3EI.

6) bubmuorpaduuecknii cnucok (ot 5 a0 10 nctoyHukoB) B andaBuTHOM mopsake. B
JAHHBIM CIIUCOK PEKOMEHIYETCSl BKIKOYATh padOThl OTEUECTBEHHBIX U 3apyOe’KHBIX aBTOPOB
bubnuorpaduyeckuii CIUCOK COAEPKUT TOJIBKO T€ MPOHM3BEICHUsS, HA KOTOPbIE €CTh CHOCKH B
TEKCTe.

7) Ilpunoxenune (mpu HEOOXOAUMOCTH).

Co3aanne npe3eHTALMH 110 32JaHHOI Teme

MynbTUMeIuHHbIE TIPE3EHTAIUU UCIIOJIL3YIOTCS Il TOTO, 4TOOBI 00YYaIOMIUIAC CMOT HATJISLTHO
NPOIEMOHCTPUPOBATH BH3YyalbHbIE (ayHO, BUJICO, Tpaduueckie) MaTepHalbl, OCBOCHHBIE B
XOJIE€ CAMOCTOATEIBHON U TPAKTHYECKOI pabOTHI 1O MPEAMETY.

OO0mme TpedbOBaAHMS K NPe3eHTAMH:

[Tpe3eHTanusa He HoKHA OBITH MeHbIIEe 10 craiiaoB.

[lepBolii craiiy — TUTYJIBHBIH JHMCT, HA KOTOPOM 0053aTE/IbHO JIOJKHBI OBITH NMPEACTABICHBI:
Tema; haMuiIus, MM, aBTopa, HOMEp y4eOHOU IpyIIIbL;

Bropoii cnaiin — cojepskanue, e MpejcTaBIeHbl OCHOBHBIE BOIIPOCH pa300paHHbIe B X0
U3yueHHs Tembl. JKenaTenbHo, 4TOOBI U3 COJAEP/KAaHUs MO THIIEPCChIIKE MOKHO MEPEeNHTH Ha He-
00X0IMMYI0 CTPaHHILY U BEPHYTHCSI BHOBb Ha COJIEP/KaHNUE.

B crpykType npeseHTanuuu HEoOXOOUMO MCHOJb30BaTh: I'pa)UUECKYyI0) MU AHUMAILMOHHYIO
UH(OPMALIAIO: BHUJIEO U ayaHO (pparMeHThl, TaOIUIbI, IHarpaMMbl, HHGOTpaduKy U T.11.

[Tocnenuuii cnaiii AEMOHCTPUPYET CIHUCOK CCHUJIOK Ha, UCMOJb3yeMble HH(pOpMAIlMOHHbIE

peCypCBl.

Tema 4. O0padoTKa eCTeCTBEHHOI0 SI3bIKA
[MpakTnyeckasi padora «/lerekTupoBanue cnama

Konnexumsa SMS nnnm emeil cnama - 310 Habop coobiieHuit ¢ Teramm, KOTopble ObliiM cOOpaHsl
st uceaenoBanus SMS-cnama. OH conepxkut Habop SMS-coo01IeHN Ha AHTTTHHCKOM SI3BIKE,
cocrosiuii u3 5 574 cooOieHmii, TOMeYeHHBIX KaK ham - «3aKOHHBII» WK Spam - «Cram.

®@aiinbl cogepkar oqHO cooliieHue B cTtpoke. Kaxknas cTpoka COCTOMT U3 JIBYX CTOJOIOB: V1
BKitoyaeT MeTky (ham wiu spam), a v2 coepskut HeoOpabOTaHHBIN TEKCT.

3anava: co3aaTh MOJIEIb, MO3BOJISIIONIYIO OMPEACISITh HA OCHOBE aHAJIM3a TEKCTa, OTHOCHTCS OHO
K CIIaMy MJIM He COIEPIKUT MOJ03PUTEIbHBIX KOHCTPYKIIUIA.
[ar #1: Ummopt 6ubnuorek u nataceray

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

%matplotlib inline

spam df = pd.read csv("emails.csv")

# CMOTpUM Ha4yaJlo U OKOHYAHHE JlaTaceTa
spam_df.head(10)

text spam|

Subject: naturally irresistible your corporate... 1

Subject: the stock trading gunslinger fanny i...

Subject: unbelievable new homes made easy im ...

LI = 1=
— | — || —

Subject: 4 color printing special request add...
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lext kpam
dlSubject: do not have money , get software cds ... |1
5|Subject: great nnews hello , welcome to medzo... |1
spam_df.tail(5)

text spam|
5723|Subject: re : research and development charges...
5724Subject: re : receipts from visit jim , than...
5725Subject: re : enron case study update wow ! a...
5726[Subject: re : interest david , please , call...
5727Subject: news : aurora 5 . 2 update aurora ve... |0
#IlocMOTpUM OmnHcaHHe BHIOOPKH: 001ee KOJTMUECTBO 3HAYSHUH W KOIMYECTBO HEHYJIEBBIX 3HA-
YEHUH

spam_df.info()

<class 'pandas.core.frame.DataFrame'

Rangelndex: 5728 entries, 0 to 5727

Data columns (total 2 columns):

text 5728 non-null object

spam 5728 non-null int64

dtypes: int64(1), object(1)

memory usage: 89.6+ KB

[Ilar #2: Buzyanusanus naracera¥y

# ham -3T0 He cnam. CloBO UCHONb3YeTCs sl Oosiee ObICTPOro NMPOU3HECEHUs U HANUCAHUs
"no-spam"

ham = spam_df[spam_df['spam']==0]

spam = spam_df[spam df['spam']==1]

# BbIBOIMM COOOIIIEHHSI, TOMEYEHHBIE KaK HE criamM

ham

0
0
0
0

text spam|
1368Subject: hello guys ,i'm " buggingyou"f.. [
1369Subject: sacramento weather station fyi--... |0
1370Subject: from the enron india newsdesk - jan 1...0
0
0

1371]Subject: re : powerisk 2001 - your invitation ...
1372[Subject: re : resco database and customer capt...

5727Subject: news : aurora 5 . 2 update aurora ve... |0
4360 rows x 2 columns
# BoiBogum coOOILIEHHS, TOMEUEHHBIE KAK CIaM

spam

kext spam)|
0  [Subject: naturally irresistible your corporate... 1
1 [Subject: the stock trading gunslinger fanny i... 1

2 [Subject: unbelievable new homes made easy im .. [l

1363Subject: are you ready to get it ? hello ! v... 1
1368 rows x 2 columns

# BbIumcisieM TPOIICHT MHCEM, COAEPIKAINX CIIaM
print( 'Spam percentage =', (len(spam) / len(spam_df) )*100,"%")
Spam percentage = 23.88268156424581 %




15

# Bpruncnsem npouent nuceM, HE comepxxammx cnam. CaMOCTOATENBHO: BBIYMCIMTE APYTUM
croco0oM.

print( 'Ham percentage =', (len(ham) / len(spam_df) )*100,"%")

Ham percentage = 76.11731843575419 %

# Busyanusupyem pe3ynbrar

sns.countplot(spam_df['spam'], label = "Count")

<matplotlib.axes. subplots.AxesSubplot at 0xd06c448>

4000 4

3000 A

count

2000 1

10040 4

0 1
spam

[ar #3: Co3mxanue TeCTOBOH U 00y4aroriei BEIOOpKUY
[Tpumep mnpuMeHeHHUs crmocoba H3BICYEHHMA M KOOUpOBaHHsA TeKCTOBbIX gaHHbIX COUNT
VECTORIZERY
# CountVectorizer npeobpa3oBbIBa€T BXOIHONH TEKCT B MATPULLY, 3HAUEHHAMU KOTOPOIi
# SIBIISIFOTCS KOJIMYECTBA BXOXKJICHHS JAHHOTO KJII0Ya(CI0Ba) B TEKCT.
# IlpuBenem npoctoii mpumep. Jlomyctum ecth MaccuB sample data TEKCTOBBIX 3HAUEHUI:
# ['This is the first document.','This document is the second document.',
# 'And this 1s the third one.")'Is this the first document?']
# Hwke 3Ha4yeHus 1s y100CcTBa HAIMCAHbI B CTOJIOEIL.
from sklearn.feature extraction.text import CountVectorizer
sample data = ['This is the first document.',
'"This document 1s the second document.',
'And this is the third one.',
'Is this the first document?']

vectorizer = CountVectorizer()

X = vectorizer.fit_transform(sample data)

# B mepByro ouepens CountVectorizer coOupaeT yHUKaJIbHBIE KIIIOUH (CIIOBa) U3 BCEX 3aIUCeil, B
HalleM MpumMepe 31o Oyaer:

# ['and', 'document’, 'first', 'is', 'one', 'second', 'the', 'third', 'this']. CoptupoBka no andasury.
print(vectorizer.get feature names())

['and', 'document', 'first', 'is', 'one', 'second’, 'the’, 'third', 'this']

# JlinHa cnMcKa M3 YHHKaJbHBIX KIIOUeH (Ci0B) M OyJAeT JIMHON HAIIEro 3aKOAHpPOBAHHOTO
TeKcTa

# (B HameM ciydae 310 4). A HOMepa DJIEeMEHTOB OYIyT COOTBETCTBOBATh, KOJIWYECTBY pa3
BCTPEUH JAHHOTO KITH0Ya

# ¢ maHHBIM HOMEpPOM B cTpoke. COOTBETCTBEHHO MOCIIE KOJAMPOBKH M MPHUMEHEHHUS JAHHOTO Me-
TOOA MBI MOJYYHM!

print(X.toarray())

[[01T1T10010T1]

020101101]

[LO0O110111]

(011100101]]
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[Tpumenum COUNT VECTORIZER x nameii 3apaqey

from sklearn.feature_extraction.text import CountVectorizer

vectorizer = CountVectorizer()

spamham_countvectorizer = vectorizer.fit_transform(spam_df]'text'])

In [58]:

# BBIBOANM YHUKAJIBHBIC KITIOYH

print(vectorizer.get feature names())

['00, '000', '0000', '000000', '00000000', '0000000000', '000000000003619', '000000000003991",
'000000000003997, ,... 'duenner’, 'dues’, 'duet’, 'duffee’, 'duffer', 'duffie', 'dugout’, 'duhon’, 'duit’,
'duke’, 'dull', 'duluth’, ...ky', 'kollaros', 'kolle', ...signers', 'signifiantly’, 'significance', ... 'zzn’,
'zzncacst', 'zzzz']

# IleyaTaem MaTpuIly TEKCTa

print(spamham_countvectorizer.toarray())

[[000..000]
[000..000]
[000..000]
[400..000]
[000..000]
[000..000]]

# CMOTpHUM pa3MepHOCTh MaTpuubl: 5728 cTpok, 37303 cTond1oB (= YHCITy YHHKAJIbHBIX 3HAaUE-
HUI)

spamham countvectorizer.shape

(5728, 37303)
[ar #4: obyueHne MoeIH Ha BceM jaTacerey
from sklearn.naive _bayes import MultinomialNB
NB _classifier = MultinomialNB()
# HyxHO 3amaTh napamMeTrp - KJIAcchl, K KOTOPHIM OyJieM OTHOCHTH (KIacCH(HUIIMPOBATH)
pe3ynbrart. Llenepoii knacc ykaszan B crounbdue Crnam

label = spam_df]'spam'].values
NB classifier.fit(spamham countvectorizer, label)
MultinomialNB(alpha=1.0, class_prior=None, fit prior=True)
# 3agaeM TECTOBBIH MPHUMEP U CTPOUM MaTPHUILy KIIOYeH:
testing_sample = ['Free money!!!", "Hi Kim, Please let me know if you need any further informa-
tion. Thanks"]
testing_sample countvectorizer = vectorizer.transform(testing_sample)

print(testing_sample countvectorizer.toarray())

[[000..000]

[000..0007]

#crnonb3yeM Hally HATPEHUPOBAHHYIO MOJIENb U MOJCTABIIAEM B HEE MOIYYEHHYIO TECTOBYIO
MaTpHILy

# Pesynbrat: 1-e BeIpaskeHue cram, Bropoe - He cnaM. (1 u 0)

test predict = NB classifier.predict(testing sample countvectorizer)

test_predict

array([1, 0], dtype=int64)

# TecTupyeMm pa3Hble BapHAHTHI - HE CIIaM

testing sample = ['Hello, I am Ryan, I would like to book a hotel']

testing_sample countvectorizer = vectorizer.transform(testing_sample)

test_predict = NB_ classifier.predict(testing_sample countvectorizer)

test predict

array([0], dtype=int64)

# ITpoBepsieM BapuaHT 2 - 00a BbIpaKEHUS CriaM
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testing_sample = ['Hello, do you want to buy coffee?', 'free massage']
testing_sample_countvectorizer = vectorizer.transform(testing_sample)
test predict = NB classifier.predict(testing sample countvectorizer)
test_predict

array([1, 1], dtype=int64)

CaMOCTOSTENBHO: BBEJUTE HECKOIBKO CBOMX BBIPAKEHHH U MPOBEPHTE, K KAKOMY KJIACCy MX OT-
Hecer knaccudukarop Haunblii baiiecy

[Iar #4: Tenum naHHble HA 00yYarOUIYIO U TECTOBYIO BBIOOPKY mnepel o0ydeHuem moaenny
X =spamham_countvectorizer

y = label

In [93]:

X.shape

(5728, 37303)

y.shape

(5728,)

# O0yuenue odyyaronieii U rectoBoi Beidopku 80:20

from sklearn.model selection import train_test_split

X train, X_test, y train, y_test = train_test_split(X, y, test_size=0.2)
from sklearn.naive bayes import MultinomialNB

NB_classifier = MultinomialNB()

NB_classifier.fit(X_train, y_train)

MultinomialNB(alpha=1.0, class_prior=None, fit_prior=True)

# from sklearn.naive bayes import GaussianNB

# NB_classifier = GaussianNB()

# NB_classifier.fit(X _train, y_train)

[lar #5: ynyumenue moaenuy

# ITocTpoum MaTpuily ommOOK MpU MPOBEPKE MOJIENIM Ha 00yyYaroliei Bbidopke
from sklearn.metrics import classification_report, confusion matrix
y_predict train = NB_classifier.predict(X _train)

y_predict_train

array([0, 0, 0, ..., 0, 0, 0], dtype=int64)

# IlpekpacHblii pe3yybTaT

cm = confusion_matrix(y_train, y_predict_train)

sns.heatmap(cm, annot=True)

<matplotlib.axes. subplots.AxesSubplot at Oxcc2fe48>

(=3 3.5e+03
- 3000
- 2400
- 1500
- 1200
- 600
- 0 1

print(classification_report(y_train, y_predict_train))
precision recall fl-score support

0 1.00 1.00 1.00 3481
1 099 1.00 099 1101
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accuracy 1.00 4582
macroavg  0.99 1.00 0.99 4582
weighted avg 1.00  1.00 1.00 4582
# IlocTpoum MaTpuily OmMOOK NPU MPOBEPKE MOJIENIN Ha TECTOBOW BbIOOpKE
y_predict test = NB_classifier.predict(X _test)
cm = confusion matrix(y test, y predict test)
sns.heatmap(cm, annot=True)
<matplotlib.axes. subplots.AxesSubplot at 0xcc83548>

B.7e+02

- 600

- 450

- 150

In [108]:
print(classification_report(y_test, y_predict_test))
precision recall fl-score support

0 1.00 0.99 099 879
1 0.96 1.00 0.98 267
accuracy 0.99 1146
macro avg 098 099 099 1146
weightedavg 099 099 099 1146

Tema 5. KomnbroTepHoe 3peHue
DopMyIupoOBKa 3a/1a4H

B nannoii taboparopHoit padore Mbl 103HAKOMUMCS C APXUTEKTYPOM CBEPTOYHBIX HelpoceTel
LeNet.

Llens nabopaTopHoii paboTel: 00yUUTH HEHPOCETH IS PELICHUS 3a/1a4 KJIaCCH(DUKAIIMH JJOPOIK-
HBIX 3HAKOB.
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JlanHas 3a1a4a HeoOXxoauMa Jiist paboThl OECTTMIOTHBIX aBTOMOOMIICH, IPUYEM pacro3HaBaHUE
3HAKOB JOJI’KHO MPOBOAUTHCA MPAKTHUYECKH MIHOBEHHO. Habop maHHBIX copep:kut 43 pasnny-
HBIX KJ1acca U300pakeHHU.

Kraccel nepeynciieHbl HUKe:

0 - Orpannyenue ckopocTH (20 kM / u)

| - Orpanngenne ckopocth (30 kM / 4)

2 - Orpanuyenue ckopoctu (50 kM / 1)

3 - Orpanuyenue ckopocTH (60 kM / 1)

4 - Orpanudenue ckopocTH (70 kM / 1)

5 - Orpannuenue ckopoctu (80 kM / 1)

6 - Konen orpannyenus ckopoctu (80 km / 4)

7 - Orpanndenue ckopoctd (100 km / v)

8 - Orpannuenue ckopoct (120 kM / 9)

9 - O6roH 3anpereH

10 - 3anperaercs rnpoesa A1 TPAHCIOPTHBIX CPeACTB Oonee 3,5 T
11 - IIpoe3n Ha cienyromem nepeKkpecTke

12 - I'maBHas nopora

13 - Yerynm nopory

14 - Cton

15 - 3anpenieH npoe31 TPAaHCIIOPTHBIX CPECTB

16 - 3anperieH Bbe31 TPaHCIIOPTHBIX CpeacTB Oosee 3,5 T
17 - Bwesn 3anpereH

18 - Buumanue

19 - KpyToii moBOpOT HaJIEBO

20 - KpyToii MoBOpOT Hanpaso

21 - JIBoitHO# mOBOPOT

22 - Yxa0bl

23 - Ckonb3Kas gopora

24 - CyxeHue crpaBa

25 - Jlopoxkuble pabOThI

26 - Cerodop

27 - Ilemexomsl

28 - Jletn

29 - Ilepeceuenue ¢ BEIOCUTIEAHOM 1OPOTOM

30 - Ocreperaiitech Jibaa / cHera

31 - JIukue >KUBOTHbBIE

32 - Konen Bcex orpaHUYeHUM

33 - IToBopoT Hampaso

34 - IToBopoT HalleBO

35 - [Ipoe3a ToabKO NpsiMO

36 - [Ipoesa npssMo WIIM HarrpaBo

37 - Ilpoe3a mpsiMO WIJIK HAJIEBO

38 - [IpuaepxkuBaiTech MpaBoil CTOPOHBI

39 - [IpunepkuBaiTech JIEBOM CTOPOHbI

40 - Kpyrosoe nBu:xeHue

41 - KoHen 30HBI OTpaHUUYCHHUS Mpoe3Ia

42 - Konen 3anpera npoesia TpaHCIOPTHLIX CpeicTB Oonee 3,5 T



from google.colab import drive

drive.mount ('/content/drive')

Mounted at /content/drive

llar #0: Mmnopt 6ubmmorexd

import tensorflow

import matplotlib.pyplot as plt

import numpy as np

#import os

#import PIL

from tensorflow.keras import layers

import pandas as pd

import seaborn as sns

import pickle

llar #1: JVumnopT M HopManmu3aumMA gaTaceTad

®arn Cc pacmMpeHMeM .p npencraBnaeT coboir darn pickle, monmymes Python,
MCIIOJNIb3yeMslM niisa npeobpazoBaHmsa o0BwekTOB Python B mociemoBaTelbHOCTHB
BanToB IOA XPaHeHMA Ha IOMCKe WM Iepenadm no ceTm. OH NO3BONAeT YyOOOHO
XPAHMUTE WM [HepelaeaThk OOBeKTH 6e3 NpeldBapUTEesIbHOTO npeobpas3oBaHMA
OaHHEX B OgpyTrou Qopmar.

! Jcnonb30BaHMe KIKOUYEBOTO cloBa with npu paBore ¢ QalinoBeMM OOBEKTaMMU

[I03BONSEeT MNPaBMUIILHO 3aKPHThL 0DOBLEeKT [noclne 3abeplieHuMsa paboTe ¢ HuM. 'rt'
- atpubyT, 2amapmmi QopMaT UTEHMA B TEKCTOBOM PEeXMM.
! &oyHrxuma pickle.loads () Bo3BpamaeT BOCCTAHOBIIEHHYD Mepapxuin OOBLEKTOB

M3 CTPOKOBOTO MNpPedCTaBIEeHMA IaHHHX .
with open('/content/drive/My Drive/Colab Notebooks/Sign Images/
train.p', mode='rb') as training data:

train = pickle.load(training data)
with open("/content/drive/My Drive/Colab Notebooks/Sign Images/
valid.p", mode='rb') as validation data:

valid = pickle.load(validation data)
with open("/content/drive/My Drive/Colab Notebooks/Sign Images/
test.p", mode='rb') as testing data:

test = pickle.load(testing data)
# obozHauaem obyuawume, TeCTOBHE M NPOBEpPOYHEHE NaHHEE IaTadeTa
X _train, y_train = train['features'], train['labels']
X validation, y validation = wvalid['features'], valid['labels']
X test, y test = test['features'], test['labels']
# oueHmBaem pasmepHocTbs — 34800 z3anmceit, mzobpaxeHme 35*32 nukcens,
useTHoe (3 - 3HaAuMT TeH30p RGB)
X train.shape
(34799, 32, 32, 3)
y train.shape

(34799,)

llar #2: Busyanusaumsa naraceral
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# nonmcrapyiseM 1 = cinydanHoe umcyio. OyHkUmio matplotlib imshow orobpaxa-
er rpabuxm Ha ocHOBe 2-D maccueoB (u/6 uzobpaxeHue

# unu 3-D MaccueoB (LUBeTHoe) . BaxHo! KaxOull 3JIeMeHT B MAacCHMBe OeMCTBY-—
eT Kak NMKCeJlb.

i = 3100

plt.imshow (X train[i])

y trainf[i]

1

1

u
w
=
£
~

i = 3001
plt.imshow (X validation[i])
y validation([i]

5 10
i = 2100
plt.imshow (X test[i])
y test[i]
29

llar #3: Monroroexka nNaHHEXT
# sklearn.utils.shuffle() ucnomnezyeTcsa mnda nepeMellMBaAHUSA MACCHUBOB CIIy—
YarHeM oBpa3oM, UTOOH ObBJIa BO3MOXHOCTE MNOJIYyYaTh pasHee M30bpaxeHMA
KaxIOeM pas, KoTrIda M NPOBOOMM OOydYeHMe, YTOOH MBI He TPeHMpOBaMChL Ha
OOHMX M Tex Xe M30OpaxeHMAxX.
from sklearn.utils import shuffle
X train, y train = shuffle(X train, y train)
Hanee HYXHO HOPMalM30BaTh HaAOOpP IaHHHX, NOCKOIbBKY OeHOPMAaJM30BaHHEE
IaHHBEE YyXyIOWaKnT KadeCcTBO pacrnosHaeaHme. [na sToro npeobpasyem mM3006-
paxenme B 4/6 dopmaT. OTTEHKM CEpPOrO MOJNYYMM KaK CyMMy 3HadeHmr RGB
cJIo€B, MHOeJIeHHYH Ha 3.
X train gray = np.sum(X train/3, axis = 3, keepdims = True)
X test gray = np.sum(X test/3, axis = 3, keepdims = True)
X validation gray = np.sum(X validation/3, axis = 3, keepdims = True)
# npoBepseM pasMEepHOCTL - IOCJenHee 3HaueHue = 1.
X train gray.shape

(34799, 32, 32, 1)
X validation gray.shape
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(4410, 32, 32, 1)
[TocMOTpMM Ha MUB0DOpaxeHMe B OTTEHKaxX Ceporo M MCcxoOHoe u3obpaxeHue. Ilo-—
CKOJIbKY MH YMEHBIIMIIM Pa3MEepHOCThL M30DpaxeHuM, Yy MacCHUBa OKaszalloCh
fonblle M3MEPEeHMM, YeM MKCIOJNL3YyeTCd, [I03TOoMYy INPMMeHST np.squeeze OJdg
YMEHBIIeHUA HEeHYXHHX pas3sMepok. OYHKIMA squeeze () yIandeT OCHM C OIOHMM
3JeMeHTOoM (ONMHHOM 1), HO He CcaMM 3JIeMeHTH MacCcHMBa.
i=620
plt.imshow (X train gray[i].squeeze(),cmap='gray')
plt.figure ()
plt.imshow (X trainf[il])
<matplotlib.image.AxesImage at 0x7f26%9a6%eal0>

o 5 10 15 20 5 30

[IOCKOJEKY 2TO0 uszobpaxeHMe B IpalalMax Ceporo, Mel NPONOJIKMM HOpMalMs3a-—
UM ero, BHUMTada 128, a z3aTeMm pas3nelmMe Ha 128.

X train gray norm = (X train gray - 128)/128
X test gray norm = (X test gray - 128)/128
X validation gray norm = (X validation gray - 128)/128
X train gray norm
array ([[[[ 0.25260417],
[ 0.24739583],
[ 0.25 I

[[-0.82552083],
[-0.828125 1,
[-0.82291667],
[-0.765625 1,
[-0.78125 1,
[-0.807291671111)
[IOCMOTPUM pPas3HBEE BapMaHTH MU300paxeHM MR
i = 60
plt.imshow (X train gray[i].squeeze(), cmap = 'gray')
plt.figure ()
plt.imshow (X trainf[il])
plt.figure ()
plt.imshow (X train gray norm[i].squeeze(), cmap = 'gray')
<matplotlib.image.AxesImage at 0x7£f26%9a543d%0>



i = 610

plt.imshow (X test gray[i].squeeze(), cmap = 'gray')
plt.figure ()

plt.imshow (X test[i])

plt.figure ()

plt.imshow (X test gray norm[i].squeeze(), cmap = 'gray')

<matplotlib.image.AxesImage at 0x7£269%9a423110>
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i = 500

plt.imshow (X validation grayl[i].squeeze(), cmap =
plt.figure ()

plt.imshow (X validation[i])

plt.figure ()

plt.imshow (X validation gray norm[i].squeeze(), cmap

<matplotlib.image.AxesImage at 0x7f26%9a2f£5210>
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llar#4: OBydeHume momesmi

Momene comepXMT CcledynlMe CJIOM:

llar 1: nepBRM CBEPTOYHEIA CJOM #1

Input = 32x32x1

Output = 28x28x6

Output = (Input-filter+l)/Stride* => (32-5+1)/1=28
Vcnonp3yeMm 5x5 ¢unerp, rnyduHa 3, KOJIMYECTEBO 6
Mcnone3yeMm RELU QYHKLMIO akTMBaLMM Ha BHXOIE
pooling cinoin, Input = 28x28x6, Output = 14x14x6

* Stride =1.

llar 2: BTOpOM CBEPTOUHHI CJIOM #2

Input = 14x14x6

OQutput = 10x10x16

Output = (Input-filter+l)/strides => 10 = 14-5+1/1
[lpumengem RELU axTMBaALMIO Ha BEXOOE

Pooling cmom, Input 10x10x16, Output = 5x5x16
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Ilar 3: Pa3epopaudMBaeM HeMpoceThb

5x5x16 pasBopaumBaeTcsa B Qutput = 400

ODlar 4: 1-¥1 NOJMHOCBSASZHELL CJIOM

1-31 cJoM: MNONHOCBABHEM cyoi, Input = 400, Output = 120
npuMeHseMm RELU QYHKUMIO aKTUMBalLMM Ha BHXOIE

llar 5: 2-31 NONHOCBASRHEI CJIOHN

2-11 crnoit: Input = 120, Output = 84

npuMeHdgeMm RELU QyHKUMIO akKTMBaALMM Ha BHXOIE

llar 6: 3-¥ NDOJHOCBAZHHEM CJOM

3-1 cmom: Input = 84, Output = 43

In [21]:

from tensorflow.keras import datasets, layers, models

LeNet = models.Sequential ()

LeNet.add (layers.Conv2D(6, (5,5), activation = 'relu', input shape =
(32,32,1)))

LeNet.add(layers.AveragePooling2D())
LeNet.add(layers.Conv2D(1l6, (5,5), activation = 'relu'))
LeNet.add(layers.AveragePooling2D())

LeNet.add (layers.Flatten())

LeNet.add (layers.Dense (120, activation = 'relu'))

LeNet.add (layers.Dense (84, activation = 'relu'))

LeNet.add (layers.Dense (43, activation = 'softmax'))
LeNet.summary ()

Model: "sequential"

Layer (type) Output Shape Param #
convzZzd (Conv2D) (None, 28, 28, 6) 156
average poolingZ2d (AveragePo (None, 14, 14, 6) 0
convzd 1 (ConvZD) (None, 10, 10, 16) 2416
average poolingZ2d 1 (Average (None, 5, 5, 16) 0
flatten (Flatten) (None, 400) 0
dense (Dense) (None, 120) 48120
dense 1 (Dense) (None, 84) 10164
dense 2 (Dense) (None, 43) 3655
Total params: 64,511

Trainable params: 64,511

Non-trainable params: 0

LeNet.compile (optimizer = 'Adam', loss = 'sparse categorical crossen-
tropy', metrics = ['accuracy'])

BuumaHue ! [IpoBepbTEe COOTBETCTBME [IOJIYYEeHHEX pPasMepHOCTEel ONMCaHHEM
Belle pasMmepHocTAM! I

history = LeNet.fit(X train gray norm,

tion))

y train,

batch size = 500,
epochs = 50,
verbose = 1,

validation data

(X validation

gray norm, y valida-
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Epoch 1/50

70/70 [= E E E = = = ==] - 16s 212ms/step - loss: 3.1909
- accuracy: 0.1737 - val loss: 2.7206 - val accuracy: 0.3034

Epoch 2/50

70/70 [==============================] - 155 210ms/step - loss: 1.7574
- accuracy: 0.5103 - val loss: 1.5453 - val accuracy: 0.5508

Epoch 3/50

Epoch 50/50

70/70 [= = = = = = ==] - 15s 213ms/step - loss: 0.0304
- accuracy: 0.9918 - val loss: 1.1957 - val accuracy: 0.8433

llar#5: Ouenmeanme momenud

# OLEeHMBaAEeM TOYHOCTHL HEMpOCeTH

score = LeNet.evaluate (X test gray norm, y test)

print ('Test Accuracy: {}'.format(scorell]))

395/395 [============================== ] - 3s 8ms/step - loss: 1.6408
- accuracy: 0.8343

Test Accuracy: 0.8342834711074829

history.history.keys ()

out[25]:

dict keys(['loss', 'accuracy', 'val loss', 'val accuracy'l])
accuracy = history.history['accuracy']

val accuracy = history.history['val accuracy']

loss = history.history['loss']

val loss = history.history['val loss']

BusyanusmpyeMm uUTepauMy OaHHBEIX OOYYeHMA M NPOBEepKM N0 3noxam. Mel Habso-
IaeM, 4YTO TOUHOCTL yBenmuuBaeTcda o /0% 3a HECKOJNBKO 30X, a 3aTeM Ie-
peXolMT Ha [IOJIOT UM YHaCTOK.

epochs = range (len(accuracy))

plt.plot (epochs, accuracy, 'bo', label='Training Accuracy')

plt.plot (epochs, wval accuracy, 'b', label='Validation Accuracy')
plt.title('Training and Validation Accuracy')

plt.legend()

<matplotlib.legend.Legend at 0x7f2693337bl0>

Training amd Validation Accuracy

149
o...’."
08 -*
0.6 1
0.4 4
®  Taining Accuracy
0.2 4 * — Validation Accuracy
T T T T T T
] 10 20 El] 40 =]

OrobpaxaeM NOTepM NpPpM NPOBepKe M O00YyHeHMM B 3aBMCHUMOCTM OT KOJMYeCTEa
310X ¥ Habawopmaewm, 4YTo 006a 3TMX rpabmMka MMenT oOpaTHY® 3aBMCHMMOCTE. Mu
BUMIOMM, YTO IPOLEHT noreps nazaetr no 50% =2a 5 snox.

plt.plot (epochs, loss, 'ro', label='Training loss')

plt.plot (epochs, val loss, 'r', label='Validation loss')
plt.title('Training and Validation loss')

plt.legend()

<matplotlib.legend.Legend at 0x7f26932fbcl0>
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Training and Validation less

. ® Taining loss

307 —— Validation loss
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predicted classes=LeNet.predict (X test gray norm)

classes x=np.argmax (predicted classes,axis=1)

CrpomM MaTpMuy OWMOOK

from sklearn.metrics import confusion matrix

cm = confusion matrix(y test, classes x)
plt.figure(figsize = (14,10))

sns.heatmap (cm, annot=True)

<matplotlib.axes. subplots.AxesSubplot at 0x7f2693f42f50>
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MIBIHITHID A4 A2
Hasnauum y true nOs4 BeIBOOA MNAHHBIX TECTUMPOBAHMA M MOJYUUM MIPelCKa3aHHHE
3HaueHMs M3 Hauwey Momenm ¢ nomoumsion byHkumm LeNet.predict (), xoTopas
npuHmuMaeT X test gray norm B KaueCTBEe BXOIOHHIX HAaHHHX. TakuM oOpasoM Mk
MOXEM CPAaBHMTL NPOTHOS3E HallMX MOIesiel C MCTMHHEM SHaueHMEM.

#y true = y test

#np.argmax (predicted classes, axis=l)

-0

L =7

W =7

fig, axes = plt.subplots(L, W, figsize = (12, 12))
axes = axes.ravel ()

for i in np.arange (0, L*W):

axes[i].imshow (X test[i])

axes[i].set title('Prediction = {}\n True =
{}'.format (classes x[i], y test[i]))

axes[1i] .axis('off")
plt.subplots adjust (wspace = 1)
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A B B B

3ananue 19 caMOCTOATEbHOM PadoThl: yBEIMYUTh TOYHOCTE PaboThl. OOOCHOBATE, MOYEMY
MPEANPUHATBIE MEPBI YBEITUIHIH TOYHOCTh. YTO MOKHO N3MECHHUTB:

1.

2 A S D7 ko

@OyHKIMU aKTUBALIHN.

Jlob6aBuUTh CBEPTOYHBIM M MYJJIUHT-CJI0MH (CJION).

H3meHnTs average myJUIMHT Ha Max ITyJIJIHHT.

Jlo6aBUTh CII0M/CIION MOHOCBA3HONW HEHPOCETH.

M3MeHuTh PYHKIMIO AKTHBALMH TTOJTHOCBA3HON HEHPOCETH.

O0ocHy#TE BBICOKHME 3HAUCHMS B MAaTPUIIE OIIMOOK, HAIPUMEp, Ha nepeceucHnu 18-ro
cTosbua u 26-i CTPOKH.

3 OTAII - BJIAJIETH

BOl'lpOCbl AJI IK3aMeEHa

1.

1.3amaun 06paboTku ectecTBeHHOTO A3BIKa (NLP).
2.B03MOKHOCTH METO/1I0B MATMHHOTO 00y4YeHHUs B 00padOTKe €CTECTBEHHOTI'O S3bIKA.
3.Monens Bag-of-Words.

4.BektopHoe npeacrabineHue (text embeddings)
5.Mopens Word2Vec

6.PexyppeHTHbIE HEHPOHHBIE CETH.
7.Apxurexktypa v ocHoBHas uiaes LSTM-cereii.

8. MamHHBIN MepeBoI.

9.0OcHOBHBIE 3a/1a41 KOMIIBIOTEPHOTO 3PCHHS.

10. CeproyHbie HEHPOHHBIE CETH.

11. derektupoBaHue 0OBEKTOB.

12. bubamnoreka OpenCV.

TecT 1151 CAMOKOHTPOJIsI (IPUMEPHbIE€ BONPOCHI HTOIOBOI0 TECTHPOBAHMS)
Merto, mo3BOJISIOIIMIA IPeICKa3bIBaTh 3HAYEHUs TOW MJIM MHOU HENPEPBbIBHOM YHCIIOBOM

BEJTMYUHBI ISl BXOJAHBIX JTAHHBIX HAa3bIBAETCH:
Kiacrepuzanus

Knaccudukarms

Perpeccus
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Meton OINIOPHBIX BEKTOPOB

2. Kako#i u3 BUJI0OB MalIMHHOTO 00YYEHHsSI OCHOBBIBAETCS HA B3aUMOJCHCTBUU 00ydaeMoii
CHCTEMBI CO cpeioi?

C yuutenem

bes yuurens

C noakpenjieHHeM
['mybunnoe

3. B kakue urpel HEHPOCETH €IlIe He Hay4YHJIach OOBITPHIBATh YeOBeKa?
I'o

bpuxx

[ITaxmaThl

"Mapuo"

4. MeTton, no3BOJIAIONIMI POrHO3UPOBATH BBIXO/IBI C ABYMS BO3MOKHBIMUA 3HAYCHUSAMH,
noMedYeHHBIMH Kak «0» uin «1», Ha3pIBaeTCs:

Jlorucruyeckasi perpeccus

MeTo1 OnOpHBIX BEKTOPOB

Merton k-Ommwxkaimmx cocejiei

Heiipocers

5. Oumobky 1-ro poaa WHOTIa Ha3bIBAIOT:
TouHOCTH MOJIETH

JloxkHas TpeBora

BepostHocTh 0TKa3a

[Tponyck mesnu

6. OwuOKy 2-ro poja MHOTI /1A Ha3bIBAIOT:
[Mponyck nean

Jlosknast TpeBora

BepositHocTh 0TKa3a

TouHnocTh MOJIETIH

7. JloJis 00BEKTOB, HA3BAHHBIX IOJIOKHTEIBLHBIMHU U SBJISIOIIHECS [10JIOKHTEIBHBIM, OT-
paskaeT MeTpUKa:

Recall

Precision

Accuracy

Exactly

8. Jlonsg 00BbeKTOB MOIOKUTENLHOTO KJIACCa U3 BCeX 00BEKTOB MOJI0KHTEILHOI0 Kiacca
OIPEAENACTCS METPUKON

Oumudka 1-ro poaa

Omumbka 2-ro poja
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Oumbka 3-ro poxa
Oumbka 4-ro pona

9. "TTponyck" yxomsiiero aboHeHTa 1 OIMO0YHOE MPHUHATHE HYJICBOH THIIOTE3bI HAa3HIBACT-
cs:

Paspesnsromue

OnopHeblie

Pemaromue

['unepsekropa

10. [Tox «cocemsimu» B MeTojie k-NN nmoHuMaroTcs:
[TapameTpsl MOJIEIIH, JIyUIlle BCEIO OIMMCHIBAIOIINE O0BEKT

PsimoM Haxopsmuecs 00BbEKTHI

O0beKTbl, 0JIH3KHE K HCCJIeyeMOMY B TOM HJIM HHOM CMbICJ1e
OObEKTHI, HAXOIALIMECS HAIIPOTHB UCCJISlyeMOTr0o 00beKTa

11. Kiacrepuszaiiust OTHOCUTCS K METOYy 00y4YeHUs:
C yuureiiem

be3 yunrens

C nojakpenjeHuem

C npejackazanuem

12. Knaccuduxaius oTHOCUTCSE K METOALY O0y4YEeHUS:
C yunrejem

bes yuurens

C noakpenjeHuem

C npejackazanuem

13. B kakom rojty Obu1 onpeiesieH TepMUH "MCKYCCTBEHHBIM MHTEIUIEKT'"?
1945
1956
1981
1990

14. B uem 3axmouaercs 1e/Tb MAITHHHOTO 00y4eHus?
[Ipencka3are BXOJHBIC JaHHBIE 110 PE3YIIbTATy
[peacka3aTh pe3yJbTAT M0 BXOAHBIM JAHHBIM
OOy4nTh MalIMHY €3AUTh 0€3 BOANTENs

[IpoBOMTE apUPMETHUCCKHE BBIYHCIICHHS

15.  OOydeHue, OCHOBaHHOEC Ha MAaPKHPOBAHHBIX OOYUYAIOMNX JaHHBIX, HA3BIBACTCS:
O0yueHue ¢ yuuresem

OO6y4enue 6e3 yuutens

O0y4enne ¢ mogKpernIeHueM

MarmmnHoe oOyueHue
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16.  YKaxkuTe MpaBHJIbHOE COOTBETCTBHE LU HA PUCYHKE U TEPMUHAM

| - Helipocety, 2- MalIUH. 00yueHue, 3-UCKYCCTBEHHBIN HHTEIEKT, 4 - MO3T

| - crarucTtuka, 2- MmamuH. o0ydeHue, 3-maTeMaTuka, 4 - HayKa

1 - rmy6okoe 00yueHHe, 2- UCKYCCTBEHHBIH MHTEILIEKT, 3 - HEHPOCETH, 4 - MOACITH
1 - rinydokoe o0yuenue, 2-neiipoceru, 3- MamiuH. 00y4eHnue, 4-MCK. HHTE/LICKT

17. Yro Ha3biBaeTcst 00yueHHEM HEHPOHHOM ceTH?
npouece HACTPOHKH CHHANITHYECKHX BECOB

NPOLIECC TOMYYCHHS pe3ynbTaTta apuMeTHIECKUX TCHCTBUI
NPOLECC NPUCBOCHMS HEHPOHAM MAPKEPOB BBINOJTHEHUS
NpoIecC MPOrpaMMHUPOBAHHS HCKYCCTBEHHOTO HHTEJICKTA

18.  YT0 10/mKHO OBITH HANTMCAHO B CXEME 00Yy4EHHs HEMPOHHOH CETH METO/I0M 0OpaTHOTO

pacrpocTpaHeHHs OIIMOKH BMeCTO UppsI 17

Mpouecc Oﬁy'-IEHIv‘ISI -
baza HeupoceTn
OaHHbIX
PacnpocTpaHexune T
CMrHana no Heitpocetu
CeTb 06yYeHa

OTBeT * 2

cetn
o< Pacuyer
’ ' OWHBKM
I Ownbka
Hacrpoiika Benuka

cetun

BbIOOpP NpHUMepa
omubka Maia
omMOKa BeJIuKa
oMKMOKU HET
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19.  Yro momkHO OBITH HAMMCAHO B cXeMe 00yUYCHHUS HEHPOHHON CeTH METOIOM 0OpaTHOTO
pacrpocTpaHeHHs OIMOKH BMeCTO [HU(PbI 27

Npouecc 06yyeHus o
Eisa HelipoceTu
AaHHbIX
PacnpocTpaHeHue T
CWrHana no HEFEPDCETH
CeTb 06yyeHa

B — -
Orper * [ R

Cemu
s Pacuet
r ownbKn
Owwubka
HacTpoiika BenuKa

ceThn

BBIOOp NpHMepa
omMoKa MaJia
OIIIMOKa BEJIMKA
OIITMOKH HET

20.  bubnmoreka s3p1ka Python, noGasisronas noaaepKKy O0JbIINX MHOTOMEPHBIX MacCH-
BOB M MaTpHIl, BMeCTe ¢ O0JIBIIOH OHOIHOTEKOH BHICOKOYPOBHEBBIX (H 0YeHb OBICTPBIX )
MaTeMaTHIeCKUX (QYHKIHH IS OTepalfii ¢ STHMH MaCCHBaMH, Ha3bIBaCTCS:

pandas

numpy

matplotlib

sklearn

21.  bubnuoreka Python, no3sossitomiasi CTpOMTh CBOJIHBIE TAOJIUIIbI, BBITOIHATH I'PYIITHPOB-
KH, TMPEJIOCTABISET Y I00HBIH JOCTYI K Ta0JIMYHBIM JJAHHBIM, HA3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22, bubnuoreka Python, koTopas npeaocTaBisieT MHOKECTBO BO3MOKHOCTEH , TAKHX KaK
MHOIOCTYIIEHYATBIH aHAJIN3, PErPECCUsi U aJITOPUTMbI KJIACTEPU3aLIUU, HA3bIBACTCS:

pandas

numpy

matplotlib

sklearn

23. bubnuoteka Python, npennaznauennas 1uisi BU3yaan3allly JaHHbBIX, HA3bIBACTCS
pandas
numpy



32

matplotlib
sklearn

24.  Metoa, KOTOPBI 3a/1aeT Ha4YaIbHbIC YCIOBHS sl TeHEpaTopa Clay4aiHbIX YuCell, Ha3bl-
BaeTCs:

random.seed()

np.median()

np.median()

np.arange()

25.  "Hancrpoiika» Han Matplotlib, koTopas nipeocTaBisieT Iyquryro rpaguky u 0oJibiiee
KOJIMYECTBO BO3MOKHOCTEH €€ HaCTPOMKM, HAa3bIBACTCsl

plot

graphic

seaborn

diagrams

26. OrtkpbiTas nporpaMmHias OubaMoTeKa /i MallMHHOIO 00y4eHus, pa3padoTaHHas
kommanueit Google st perieHus 3a71a4 NOCTPOSHUS U TPEHUPOBKH HEWPOHHOI CeTH, Ha3bIBaCT-
csi:

NeiroNet

NeiroLib

TensorFlow

FlowKeras

27. B kakom oTHOIIEHHH 00IYHO JaIAT BIOOPKY HA 00y4alouylo U TECTOYIO:
20:80
80:20
50:50
90:10

28.  Yro HasbIBalOT "2moxoi" B HeHpoceTax?
[Toxonenue co3ianns NCKYCCTBEHHOM HEHPOCETH
Onna urepanus B npouecce o0y4yeHus HeilipoceTn
CoOpITHE, MOBIUABILEE HA PA3BUTUE HEHPOCETH
[Iponecc pacuera ommOKM HEHpOCETH

29.  Yro Takoe "nepeobyueHue" moaenn?

Monenb coiepKuUT dpe3MepHO OOJBIIOE YHCIO TIEPEMCHHBIX

Monenb CIUIIKOM 9acToO yyacTBOBaIa B 00yUCHHH

Mojeib H3JHIIHE TOYHO COOTBETCTBYET CETH KOHKPETHOMY HaGopy 00y4almux npume-
POB H TepsieT CNOCOOHOCThL K 00001EHHIO.

30. JInst penieHns Kakux 3aaad co3gaHa cBEpTOUHAsA HEHpOHHAsS ceTh?
Pemienne clioskHbIX apupMETHUCCKUX 3aa4
[Ipenckazanue BpEMEHHBIX PSAI0OB
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Pacno3snaBanue odpaszos
ApXHUBHpOBaHHE OOJIBIINX JaHHBIX

31. Kakoro ciios HeT B apXMTEKType CBEpPTOUYHOM HelpoceTH?
CBepTo4HOro

[TonHoCBs3HOTO

Beixonnoro

I[IpomexyTouHoro

32. Cpena nporpamMuposanus Python, Bkirodaromas Habop cBOOOHBIX OHOIMOTEK MaIlIUH-
HOro 00y4YeHHsI, Ha3bIBAETCS:

Cobra
Anaconda

MachineLearning
PythonMLLybrary

33. HNuctpyMeHT miig pa3paboTKu U npeacraBiieHus npoekToB Data Science B MHTEpaKTUB-
HOM BH/JI€, 00bEIUHAIOINI KO/I, TEKCT, MATEMaTUYEeCKHE YPABHEHUS U BU3YyaTH3ald, Ha3bIBACT-
csi:

Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34. JlaTacer - 310

CeT naHHEBIX

OOpaboranHasi U CTPYKTYPUPOBaHHAsI UHGOPMALUA B TAOJIMYHOM BH/IE
Ycepennennas BbIOOpKa JAHHBIX 110 CTPOKaM

VYcepennenHas BeIOOpKa JaHHBIX 10 CTOI0IAM

35.  Kak nasbiBaetcs Gecruiathas cpesa Google st coznanus HOyTOykoB Jupyter, KoTopast
MOJIHOCTRIO paboTraer B obnake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kakoit Tun sigeek B HOyTOyKax Jupyter mpeiHa3Ha4yeH ISl BBOJIa TCKCTa U H300paxe-
HA?

Code

Markdown

Memo

Image
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37. Kakoii Tun sueek B HOyTOykax Jupyter npeaHa3HaueH A/ BBOAA MPOrpaMMHOro koaa?
Markdown

Memo

Image

Code

38.  C moMoIbpo KaKUX CUMBOIIOB B Jupyter HOyTOYK MOKHO cO3/[aBaTh 3ar0JI0BKH IIEPBOTO
YpOBH:?

C nomoms10 cumMBoJIa # U podena

C nomoiubo cumBoa #

C nomorsro cumBona % u rpodena

C nomorbro cumBonia %

30. C moMoIIbI0 KaKHX CHMBOJIOB B Jupyter HOyTOYK MOKHO CO3/1aBaTh PUPT KypcHB?
€ MOMOIIbI0 CHMBOJIOB * € IBYX CTOPOH TeKCTA

C TIOMOIIIbIO CHMBOJIOB # C JIByX CTOPOH TEKCTa

¢ TIOMOIIIbI0 cCUMBOJIOB «K» ¢ IBYX CTOpPOH TeKcTa

C TIOMOIIBIO CUMBOJIOB «/ *» U «*/» C JIByX CTOPOH TEKCTa

40. Kakoe couyeranue ki1aBuill 3anyckaeT Koj B Jupyter HOyTOyK Ha BbIIOJHEHHE?
Enter

Shift+Enter

Ctrl+Shift

Alt+Shift

41. AKCOH — 9TO OTPOCTOK HEHpOHA:
BxomgHoi

Breixoanoi

[TIpomexkyTo4HbIIi

[IpeobGpa3zyromimit

42.  Yro B 6uonornyeckoM HelpoHe uMeeT 0ONBIIYIO JTUHY:
Henapur

AKCOH

Cunarc

Teno nelipona

43.  JlaHo: HEeHpOHHAs CETh C OJIHMM CKPBITBIM ciloeM. Y ceTH | BXoa, 3 HeHpoHa B CKPBITOM
cioe 1 oJuH BbIxoJ1. YTo OyieT Ha BBIXO/IE CETH B CiIydae, €Clii Ha BxoJe 1, Bce Beca paHbl 17
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|
3
1/3
0,3

44. KTto co3nan nepByto Mo/1e/1b UCKYCCTBEHHBIX HEHPOHHBIX CETEi?
Maxk-Kanaok u ITurre

JpBun U. Pymensxapr, /. E. Xunton u Ponansa k. Bunssamc
®pouk Po3enbnarr

Su Jlexyn

45.  Kakoll Tun UCKYCCTBEHHOI HEHPOHHOM CETH MPEICTABIEH HAa KaPTUHKE?

Ollfplll'

/

S
3)
3]
N

IFFNFN 4

s
\\\\.
\\
\\\
\\
\\
B 1]

P
T
P
I~
[
‘\
ke S

B
™~
I~
™~
B
™~
2t

[/ /[ /]]

T -
I~J@A=JI~]

s

input 9

PexyppenTHas HelipoHHas ceThb
Heiiponnas cets [>xopaana
MarpuuHas HelipoHHas CETh
CpeprouHasi HelipOHHAA ceTh

46.  Jlna pacnipenencHHoro riybokoro mammuHoro ooydenus (Deep Learning) 6obine moj-
XOIUT PpeiiMBOpPK

PyTorch

TensorFlow

Flask

Scikit-learn

47, Bolbniue naHHbie — 3TO:
Jlannbie o0beMoM Oosiee 1TO



36

Jlanubeie o0bemoM Oostee 10TO
Jlanueie o0bemoM Oostee 100TO
Her orpannyennii HA MUHHMAJIBbHBIH 00beM

48.  Cpennss adcomotHas ommoka (MAE) nmomydaercs myrem:

BbIYHCJIEHHS] A0COTIOTHOI Pa3HUIBI MeKIY MPOrHO3aMH MO/IeJIM H HCTHHHBIMH (paKkTHYe-
CKHMH) 3HAYeHUsIMH.

BBIUMCIICHUS] OTHOCHTEIBHOM pa3HUIIBI MEXJIy NMPOrHO3aMH MOJEIH W MCTUHHBIMU ((dakThde-
CKUMH) 3HAYCHHUSIMHU.

BBIUMCIICHUS KBaJIpaTa pa3sHMIbl MEXIy NPOIHO3aMH MOJEIH U 00y4aroluM HabOpOM JaHHBIX
(MCTUHHBIEC 3HAYEHHUS ).

BBIUMCIICHUS KBaJIpaTa PasHUIbI MEXIy IPOrHO3aMH MOJEIH U 00yYaroluM HabOpOM JaHHBIX
(MCTUHHbBIE 3HAYSHHS) U MIPEIICTABJICHUS Pe3ybTaTa B MPOLEHTHOM Gopmare.

49. CpennexBaaparuynas ommbdka (MSE) nonyyaercs myrem:

BBIYMCIICHUS AOCOIIOTHOM Pa3HUIIbI MEXK/1Y IPOTrHO3aMHU MOJIEIM U UCTUHHBIMU ((pakTHUYECKIUMM)
3HAYECHUSIMHU.

BbIYHMCJICHUS] CYMMbI KBaJAPATOB Pa3sHUIbI MeKAYy NPOrH03aMH MoJe/IH H 00y4YalouHuM Ha-
00pOM JTaHHBIX (MCTHHHbIE 3HAYEHHSI).

BBIYMCIICHUS] OTHOCUTEILHOM pa3HUIbl MEXKIY MPOrHO3aMU MOJIEIU U UCTUHHBIMU ((akTuye-
CKMMH) 3HAYEHUSIMHU.

BBLIYMCIICHHUS KBAJIpaTa pa3HULIbI MEX1Y NPOrHO3aMHM MOJEIH M 00ydaromum HaAOOpOM JaHHBIX
(MCTUHHBIEC 3HAYEHMS) U TTPEACTABICHUS PE3YJIbTaTa B MPOLEHTHOM dhopmare.

50. Cpennsist abcomorHas npoieHTHas omubdka (MAPE) nonyvaercs nyrem:

BBIYHC/IEHUS CYMMbI KBA/IPATOB Pa3HUIbI MEK/IY NPOrHO3aMH MO/eJIH U 00y4alOUHM HAa-
0opoM [JAaHHBIX (MCTHHHBLIE 3HAYEHMH) W IMPeACTABJIEHHS pe3yJibTATA B HPOLEHTHOM
t¢opmare.

BBIYUCJIEHHUS CYMMbI KBAJIPATOB Pa3HULbI MEKY MPOTHO3aMU MOJIENU U 00y4aronuM Habopom
JAHHBIX (MICTUHHbBIC 3HAYCHHUS ).

BBIYMCIICHUS a0COMIOTHON Pa3HUIIBI MEXKTY MPOTHO3aMHU MOJIECIH U UCTUHHBIMU ((haKkTHUECKHUMHU)
3HAYCHUSIMH.

BBIUHCIICHUSI OTHOCHUTEIBHON Pa3sHUIIBI MEXKIY MPOTHO3aMHU MOJECIM W UCTHHHBIMH ((axTHue-
CKHMH) 3HAYECHUSIMH.

4. METOJUYECKHE MATEPHAJIbLI, OITPEAEJIAIOUIUE ITPOLIEIYPBI OLLIEHUBAHUW A
3HAHUI, YMEHHWM, HABBIKOB U (MJIN) OITBITA JEATEJIBHOCTH,
XAPAKTEPU3VIOIIMX DTAITBI ®OPMUPOBAHN S KOMIIETEHIIUI B ITPOIIECCE
OCBOEHMU ST OBPA3OBATEJIbHOM [TPOI'PAMMBI

1 9TAIl -3HATH

KpuTepuu 011eHKH YCTHBIX OTBETOB CTY/IEHTOB

Ornenka [TpaBmibHOCTB (0IMOOYHOCTD) BBIMOJHEHUS 33 1aHUS
«OTIIMYHOY [OJIHO Y aprYMEHTHUPOBAHO OTBEYAET I10 COACPIKAHUIO 3aJaHMUs;
MOHUMAeT MaTepHal, 0O0OCHOBBIBAET CBOU CYKIICHHS,
NPUMCHACT 3HAHHS Ha NMPAKTUKE, WUIOCTPUPYET OTBET NMPHUME-
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paMM He TOJILKO 110 MPEJJI0KEHHOM JTUTepaType;
M3J1aracT MaTepHal MocieA0BaTEe/IbHO U MPaBHIIBHO.

«XOpOoLIo»

MOJIHO U APTYMEHTUPOBAHO OTBEYAET [0 COAEPIKAHUIO 3aTaHMUS;
HOHUMaET MaTepuas, 000CHOBBIBAET CBOU CY3KJICHUS,
NPUMEHSAET 3HaHHS Ha MPAKTUKe, WUTIOCTPUPYET OTBET NpUMe-
pamMH HE TOJILKO IO MPEJITIOKEHHON JTUTEpaType;

M3JIaraeT MaTepHall MOCJIeI0BATe/IbHO U MPABUILHO, HO JOIYC-
Kaet 1-2 ommnOKH, KOTOPBIE UCIIPABIISIET CaM.

«YHOOBJIICTBOPHTCIBHO»

3HAeT ¥ NMOHUMAET OCHOBHBIE MOJIOKEHHUS M0 COJICPKAHUIO 3a]1a-
HUS;
U37IaracT MaTepHal HEMOHO, HO JIOMYCKAET HETOYHOCTH B OMpe-
JIeJICHUH TIOHSATUIA WU (POPMYIIUPOBKE MPABUIL;

HE JOCTAaTOYHO TNIyOOKO M JI0Ka3aTelbHO 000CHOBATH CBOM CYXK-
JICHUS WLTIOCTPHUPYET OTBET MPUMEPAMH TOIBKO MO TPeI0KEH-
HOM IUTEpaType;

U3JIaraeT MaTepuall Herocie10BaTebHO U JoIycKaeT 3-4 omuod-
KH.

(HCYIOBJICTBOPHTCIBHO»

JIOMYCKAeT CYIIECTBEHHbIC OIIMOKHM B (POPMYJIIMPOBKE OIpe/ieIie-
HUI 1 IPaBWII, HCKaXkKAIOIIHE X CMBICIT;

U3J1araeT MaTepuas HEenocjiael0BaTe/IbHO, HEYBEPEHHO M HE 10
CYLUECTBY 3a/1aHUA;

JIOMYCKAeT CYIIECTBCHHBIC OMIMOKH, HE MO3BOJIAIOIINE PACKPBITh
CMBICIT 3a[1aHMsA, SBIIAIOIIMECSH CEPbE3HBIM IPEHATCTBHEM K
YCIIELIHOMY OBJIAJICHHIO CJIEAYIOIUM MATEPUAIIOM.

2 OTAIl - YMETb

KpHTepm{ OHCHHUBAHHSA BBINMOJTHCHHH NMPAKTHYCCKHX 3aJJaHHHA H 3aJaHHI JJIA caMOCTOS -

TeJbHOH padoThl

Ouenka Kpurepuu

«OTIIMYHO» paboTa BBINIOJHEHA MOJIHOCTbIO;
B JIOTHUECKHUX PACCYXKICHUAX M OOOCHOBAHHHU PCIICHHS HET IIPO-
Oes10B U omuooK;
B pElIeHUMH HEeT OMOOK (BO3MOXKHBI HEKOTOpPbIE HETOYHOCTH,
OMKMCKHM, KOTOpasi HE SBISCTCS CIEJICTBUEM HE3HAHMS WIH He-
MOHHMaHHUs Y4eOHOro MaTepuana).

«XOPOILIO» paboTa BBITIOJIHEHA MMOJHOCTBIO, HO 00OCHOBAHUS IIATOB PELLICHUS

HEJIOCTATOYHBI (€CIM yMeHHe 000CHOBBIBATH PACCYKIEHUS HE sIB-
JSIIOCH CHeMaTbHbIM 00BEKTOM IIPOBEPKH);

JIOTIYIIIEHBI O/{HA OIINOKa, WIIA €CTh JIBa — TPH HEAO0UYETA (€CITH 3TH
BU/IbI pA0OT HE SIBJISJIUCH CIEIUAJIBHBIM 00BEKTOM MPOBEPKH).

«YJIOBJIETBOPUTEIILHOY

JIONyIIeHo He OoJiee IBYX OMIMOOK WM OoJiee IBYX — TpeX Helo-
4eTOoB, HO oOy4aromuiica odnamxaer 00sA3aTeILHBIMU YMEHHSAMH TI0
NpOBEPIEMON TEME

«HCYHAOBJICTBOPHTCIIBHO»

JOTYIICHBI CYIICCTBEHHBIE OMMOKH, MOKa3aBmIMe, 4YTO 00y-
yaromuiics He oOsagaer 0043aTe/bHbIMM YMEHHUSMU 110 JIAHHOM
TEME B IOJIHOW Mepe.

Kpurepun ouenuBanus pedepara

OuneHka

[TpaBHJIbHOCTH (OIIMOOYHOCTH) BBITIOJHEHHUS 33 1aHHS

«3auteno» | Cozmepskanue pedepara COOTBETCTBYET TEME;
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[TpaBHIbHOE UCTIOJIB30BAHMUS UCTOYHUKOB JTUTEPATYPBI;

CootsercTBHe ohopmiieHus pedeparta CTaHIaPTOM;

3HaHUE y4allMMCsl U3J105KEHHOTo B pedepare marepuana (/11 OTBETa Ha YCT-
HbIE BOIPOCHI);

YMeHHe rPaMOTHO U apryMEHTHPOBAHO M3JI0KUTh CYTh MPOOJEMBbI B TEKCTE U
YCTHO;

Te3ucel ¥ NPEANOIOKEHUS APTYMEHTUPOBAHDI, CAEIIaHbl BBIBOAbI U YMO3AKIIIO-
YEHUS;

B TekcTe oTpakeHo yMEHUE aHATM3UpOBaTh (PAKTHYECKHUIA MaTepral U UCTOPH-
YECKHUC M KYJIBTYpPHBIC (DaKTHI.

«He 3auteHo» | Tema pedepara packpbiTa HEIOCTATOUHO TOJTHO;

OtrcyrcTByeT OMOIIMOrpaduuecKuii CrucoK;

Te3ucel ¥ NpearoyioKeHUss He apryMEHTHPOBAHBI, HE CJENaHbl BHIBOJBI U
YMO3aKI/TIOUCHHUS;

B tekcre orcyTcTBYET (haKTOIOTHYECKHIT aHATN3;

OTBeTbl HA YCTHBIE BOIPOCH HE OTPAKAIOT YMEHUE I'PAMOTHO U apryMEHTUPO-
BAHO M3JI0KMTh CYTh pedepara.

Co3nanue nmpe3eHTalMi HA 321aHHYI0 TeMY
Kpumepuu oyenusanua npezenmayuii
Ne | [TapameTpbl OLleHHBAHMS MPe3eHTALMH BoicraBiisiemas oneHka (0asn)
orlpno3

CootBeTcTBHE COIEPKAHHMA IPE3EHTALUH
BBIOpPAaHHOI TeMe.

1
2 | Jloruka nojauu MH(MOPMALIUH

3 | OpurnHaibHOCTE ¥ HOBH3HA HH(OPMALIUH.
4 | I'paduueckas undbopmanus (UILIIOCTPALUH,
rpaduKu, TabIUIIbI, THArPAMMBbI U T.J1)

5 | 3akiroueHue Tpe3eHTalnH (BBIBOIBI)

HUroro 0a,L10B:

Ha xaxzplii pe/icTaBlIeHHBIH apaMeTp 3anoJHAeTcs Tabauia OLEeHUBaHU, TI€ 110 Kak-
JIOMY M3 KPUTEPHEB MPHUCBAMBAIOTCS Oa/uibl OT 1 10 3, YTO COOTBETCTBYET ONpEICIEHHBIM YPOB-
HSIM Pa3BUTUSl KOMIIETEHTHOCTH: | Oamin — 3TO HHM3KHII ypoBeHb;, 2 Oaina — 3TO CpeaHuit
ypOBeHb; 3 Dajuia — BbICOKUIH ypoBeHb. Ornpejie/ieHUe YPOBHS KOMIIETEHTHOCTH:

Kosm4yecTBo HadpaHHBIX 0A/IOB 32 YposHn Onenka
NpeACTABJACHHYI0 NPe3eHTALMIO
or 12 no 15 Bricokuii ypoBeHb OTJIMYHO
or8 o 11 CpenHuii ypoBeHb XOpOIIO
oT 5 1o 8 Huskuil ypoBeHb VI0BJIETBOPUTEIBLHO
o 5 - HCY/IOBJICTBOPUTEIIBHO

3 OTAII - BJIAJIETH

Kpurepun oneHMBaHusl 3HAHHI HA JK3aMeHe
Onenka «OTJIMYHO»:

1.I'nybokoe 1 1npo4yHoe YCBOEHUE MPOrPaMMHOI0 MaTepuasa.
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2.3HaHKe MaKeTOB MPUKJIAJHBIX MPOrpaMM

3.3HaHKNE OCHOBHBIX MPHUHIMIIOB MOCTPOCHUS MAKETOB MPUKIIAIHBIX TPOTPAMM.
4.3HaHKe OCHOBHBIX 3aJa4 MPUKJIAIHBIX TPOTrPaAMM.

5.CBoOOIHOE BIIaJIeHHE MAKETaAMU MPUKIIaJHBIX POTPAMM.

6.TouHOCTh M1 0OOCHOBAHHOCTH BHIBOJIOB.

7.be30mnb0YHOE BBIMOTHEHHE MPAKTHYECKOTO 3aJaHusl.

8.TouHble, MMOJIHBIE U JTOTMYHbIE OTBEThI HA JIOMOJIHUTEILHBIE BOIIPOCHL.

Onenka «XOPOLIO»:

1. Xopoliuee 3HaHME MPOTPaMMHOI0 MaTepuarna.

2. HemoctaTouyHO TIOJIHOE HW3JIOKEHHE TEOPETHUYECKOTO BOIMPOCa IK3aMEHAIMOHHOTO
ounera.

3. Hanuuue He3HAYMTEIBHBIX HETOYHOCTEH B yIoTpeOdJeHnH TEPMUHOB,
KnaccupHuKaluii.

4. 3HaHWe OCHOBHBIX MTAKETOB MPUKIAAHBIX TPOrPaMM

5. HenonHoTta npeAcTaBI€HHOr0 WUIKOCTPATUBHOIO Marepuaia.

6. ToyHocTh 1 OOOCHOBAHHOCTEL BLIBOJIOB.

7. JlornuHo€ M30KEHHE BOTIPOCA, COOTBETCTBUE U3JIOKEHUSA HAYYHOMY CTHIIIO.

8. Herpy0as ommbxa npu BEIMOJTHEHHN NPAKTHUECKOTO 3aJaHHs.

9. TlpaBu/ibHBIE OTBEThI HA JOMOJHUTEILHBIC BOIPOCHI.

Onenka «YJIOBJIETBOPUTEJIBHO»:

1. TloBepXHOCTHOE YCBOEHHE IMPOTPAMMHOI0 MaTepuana.

2. HemocTaTOYHO TMOJIHOE M3/I0KEHHUE TEOPETHYECKOrO BOIPOCAa IK3aMEHALIMOHHOTO
Ounera.

3. 3arpyaHeHue B OPHUBEJCHUUM NPHUMEPOB, MOATBEPKAAIOIIUX  TEOPETUYECKUE
TNI0JIO’KEHUSL.

4. Hanuuue HETOYHOCTEH B ynOTPEONCHUN TEPMUHOB, KITaCCU(PUKALIUH.
Heymenue yeTko chopMyaupoBaTh BbIBOIbI.
OTcyTCcTBHE HABBIKOB HAYYHOT'O CTHIISI H3JIOKEHHSI.
['pybas ommbka B MpakTHYECKOM 3a1aHUH.
HerouHble OTBETHI HA AOMOIHUTEIBHBIC BOIIPOCHL.

Onenka «HEYJIOBJIETBOPUTEJIbBHO»:

1. He3HaHue 3HaYMTENBHOI YacTH MPOrPaMMHOI0 MaTepuaa.

2. HecriocoOHOCTh MPUBECTH NMPUMEPHI MAKETOB MPUKIATHBIX TPOrpaMM
3. HeymeHMe BBIICTUTH IIaBHOE, CAEIATh BBIBOABI M 0000IICHHS.

4. I'pyObie O1IMOKYU MPHU BBITTOJHEHUH NPAKTUYECKOTO 3aaHuUs.

5. HenpaBuiibHbIe OTBETHI HA JIOMOJHUTEILHBIE BOIIPOCHL.

Ny

TeeT 171 CAMOKOHTPO.IA (IPUMEPHbIE BONPOChI HTOTOBOI0 TECTHPOBAHMUS)

Kpumepuu oyenueanusi mecma

[MonHasi BEpCUsi TECTOBBIX BOIPOCOB COJAEPKHUTCS B DIIEKTPOHHO-MH(POPMAIMOHHON CHU-
cteme By3a. CTYACHTHI MPOXOAAT TECTHPOBAHUE B KOMITBIOTCPHOM KJlacce.
[Ipu pa3paboTke TECTOBBIX 3aAaHUH UCIIOIB30BAIHUCH CICAYIONIHE (OPMBI 3aJaHUI:
— 3a71aHus ¢ BLIOOPOM 0IHOTO U3 3-4 OTBETOB.
Bpems tectupoBanus cocrasisier 30 MUHYT, BpeMsi OTBETa HAa OJHO TECTOBOE 3aJlaHue —1 MuHy-
Ta.
Kputepuii orieHMBaHUs yCTAaHOBJICH B 000JIOUKE TECTA.
Kputepuu onenku:
Ouenka «OTiMuHo» - 90% 1 OoJ1ee npaBUIIbHBIX OTBETOB;
Onenka «Xopomo» - 70% u 6onee npaBUIbHBIX OTBETOB;
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Onenka «Y noBineTBOpuTenbHO» - 50% 1 Gone MpaBUIbHBIX OTBETOB;
Ouenka «HeynoBnetBoputensHo» - MeHee 50% MpaBUIBHBIX OTBETOB.



