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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

Ko u HauMeHOBaHHE UHIUKATOPA TOCTHKECHHUS KOMIIC-
TEHLIUI

OIIK-1. CnocobeH npuMEHATH
CCTCCTBCHHOHAYYHbIC H
OOLIeHH)KEHepHbIE  3HAHUS,
METO 1Bl MaTeMaTHYeCKOro
aHaM3a M MOJCIHPOBAHUS,
TEOPETHYECKOr0 U JKC-
MEePUMEHTAJILHOTO HCCIIeI0Ba-
HUS B npodeccHOHANBHOMN Jie-
ATCIBHOCTH

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-
HOU JeATEIBHOCTH.

OIIK-2. CnocobeH MOHUMATH
NPUHIMIBI pabOThl COBpPEMEH-
HBIX MH(OPMAIMOHHBIX TeX-
HOJIOTUH M MIPOrpaMMHBIX
CPEJICTB, B TOM YHCIIE OTeye-
CTBEHHOIO0 TIPOM3BOJACTBA, |
WCIIONIB30BaTh MX TIPH pele-
HUHU 33]1a4 NMpodecCuoHanbHON
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

OITK-2.2. Vmeer BbIOMpaTh COBpPEeMEHHBIE HH(POPMAIMOH-
HbIE TEXHOJIOTMM W TPOTPaMMHBIE CPEICTBA, B TOM 4YHCIE
OTEYECTBECHHOTO MTPOM3BO/ICTBA MPH PEIICHUH 3a7a4 npodec-
CHOHAJIIBHOM AeITEILHOCTH

OIIK-2.3. Buameer HaBbIKaMH INPUMEHEHHUS] COBPEMEHHBIX
MH(POPMALMOHHBIX TEXHOJIOTUH M TPOTPAMMHBIX CPEJICTB, B
TOM YHCJIE OTEYECTBEHHOTO MPOM3BOJCTBA, MPH PEIICHUH
3a1a4 npodeccuoHanbHON AeATeIbHOCTH

OIIK-7 Cnocoben pa3pabatsi-
BAThb AJIT'OPUTMBI H
MpOrpaMMbl, MPUTOJHBIE IS
MPaKTUYECKOTrO PUMEHEHHSI

OIIK-7.1. 3HaeT OCHOBHBIEC A3BIKH MIPOTPAMMHUPOBAHHS M pa-
60ThI ¢ 6Oa3amMu JaHHBIX, OTIEPALIMOHHBIC CUCTEMBI H 000104~
KH, COBPEMEHHbIC IIPOrpaMMHbBIC Cpedbl  pa3paboTku
MH(POPMALIMOHHBIX CHCTEM U TeXHOJOI M

OIIK-7.2. YMeeT NpUMEHATh A3bIKH MPOrPaMMHPOBAHUS U
paboTel ¢ 0a3aMu JaHHBIX, COBPEMEHHBIC IPOrPAMMHBIC
cpeibl pazpadoTKu MHPOPMAIIMOHHBIX CUCTEM M TEXHOJIOTHMA
JUIsS aBTOMATU3allMd OM3HEC-IIPOIIECCOB, PEIIeHHs MTPUKIIa-
HBIX 3a/1a4 Pa3AMYHBIX KJIACCOB, BCJCHMA 0a3 NaHHBIX H
MH()OPMALIMOHHBIX XPaHWIIAII

OIIK-7.3. Biajeer HaBbIKaMu TPOTrPAMMUPOBAHUS, OTIAIKU
M TECTHMPOBAHMS IPOTOTHIIOB IPOrPAMMHO-TEXHUYECKUX
KOMILIEKCOB 3a1a4

Ko
Ne A HanmeHoBanue .
KOMIIE- . Oranbl GopMHPOBAHHS KOMITETCHIIUH
/1 KOMIIETEHIIH
TCHIIUA
1. OIIK-1 Cnocoben mpumensts | [ Oman — 3uamo:

3HaHUS,

ecrecrBeHHOHayuyHbie | OIIK-1.1. OcHoBbl MaremMaTtuku, (HU3MUKH,
M OOLIeUH)KEHEPHbIE | OCHOBBI BBIYMCIMTEIBHON TEXHUKH, OCHOBBI
METOJIbI | MPOrpaMMHPOBAHHS

2 Dman — Ymems:
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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

= Kpurepuu onieHuBanus
Ne = Hammerosa- KOMIETCHIINH IIxana
H o HHE KOMIIE-
n/m § E — Ha pa3JIMYHBIX dTanax OLICHUBAaHHUA
= (hopmupoBanus
g
1 OIIK-1 | Cnocoben I Dman — 3uame: «OTJIMYHO»
IPUMEHSTh OIIK-1.1. OcHoBel | 1. I'nybokoe u  mpouHoe
€CTECTBEHHO- | MAaTEMAaTHKH, (bu3KKH, | YCBOCHHE [IPOrpaMMHOI0
Hay4YHbIe M | OCHOBBI BBIYMCIIHTEIBHON | MaTepuaa.
00IIeHHKE- TEXHHKH, OCHOBHI | 2. 3Hanue MaKeToOB
HEPHBIC  3HA- | IPOrpaMMHUPOBAHUS MPUKJIAAHBIX TPOTPAMM
HUS, METOJbI | 2 Dman — Yuems: 3. 3Hanue OCHOBHBIX
MareMaruye- OIIK-1.2. Pemarp | NpUHIMIIOB TOCTPOECHUS
CKOTO aHallu3a | CTaHJapTHBIE TPodeccro- | MaKeToB NPUKJIAIHBIX
U MOJEIIMPOBA- | HAJBHBIC 3a7a4H C MPUME- | IIPOrPAMM.
HHS, TEOPETU- | HEHUEM eCTeCTBeHHOHayu- | 4. 3HaHME OCHOBHBIX 3ajay
YECKOI'0 M DKC- | HBIX M OOIIEHHKEHEPHBIX | NPHUKIIAIHBIX IPOTrPaMM.
NEPUMEHTaNb- | 3HaHMH, pemars npodec- | 5. CBoboaHOE BIIaJICHHE
HOTO HWCCHENO0- | CHOHAJNBHBIE  3a7ayd ¢ | MaKeTaMH MIPUKJIATHBIX
BaHUS B IIPO- | HOMOIIbIO METOJIOB | IPOrPaMM.
(deccuonab- MareMaTHdeckoro aHaiausa | 6. TodHocTh H
HOW  JeATeNb- | M MOJEIMPOBAHHS 000CHOBAaHHOCTH BBIBOJIOB.
HOCTH 3 Oman — Brnadems: 7. Beszommbounoe
OIIK-1.3. HaBbikamu Teo- | BBIIIOJIHEHHE  MPAKTHYECKOIO
PETHYECKOI0 H 3KC- | 3aJIaHus.
MIEPUMEHTAJIBHOrO Hccie- | 8. TouHsle, TTOJTHBIE "
TOBaHUMA 00BEKTOB mnpo- JIOTHYHBIC OTBECTHBI Ha
(peccHOHANILHON  eATeNb- | AOTIOJHUTENbHBIE BOIPOCHI.
HOCTH
2 | OIIK-2 | Cnocoben 1 Dman - 3nams: «XOPOILO»
IOHUMAaTh OIK-2.1. Mpunmumer pa- | |- Xopouee SHAHHC

NPUHLHUIIBL pa-
00THI
COBpPEMEHHBIX
uHpOpMaIH-
OHHBIX TEXHO-
JIOTH# U
pOrpaMMHBIX
CpEeICTB, B TOM
qHCIIEe
CTBEHHOT'O

oTgye-

I[MPpOU3BOACTBA,

00T COBPEMEHHBIX
MH()OPMALIMOHHBIX TEXHO-
JOTHH M MPOrpaMMHBIX
CpPe/CTB, B TOM YHCIIE OTe-
YECTBEHHOTO  MPOU3BOJI-
CTBa NMpHU pelleHHH 3a7a4y
npodeccuoHanbHON  jes-
TEJIbHOCTH;

2 Oman - Ymemo:

OIIK-2.2. Brioupats
COBpPEMEHHBIC ~ MH(pOpMAa-
[IUOHHBIE TEXHOIOIMU U
IPOrpaMMHBIE CPEJICTBA, B

IIPOrpaMMHOI0 MaTepHalia.

2. HenocrarouHo TOJIHOE
W3JI0KEHHE  TEOPETUYECKOTO
BOIIPOCA  DK3aMEHAIMOHHOTO
ouera.

3. Hannuue He3HAYUTEIBHBIX
HETOYHOCTEH B ymoTpeOIeHHH
TEPMUHOB, KJacCU(pUKAIU.

4, 3HaHHEe OCHOBHBIX I1AKETOB
NIPUKJIAAHBIX TTPOrpaMM

5. Hemonuota

ﬂpC}]CTaBHCHHOPO
muuoc'rpa'msuoro Ma'repnaua.
6. ToyHOCTH H
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M HCIOJb30-
BaTb HX IIpH
peleHnn  3a-
nad npodeccu-

OHAIBHOH nesd-

TOM 4YHUCJIE OTEYECTBEH-
HOTO MPOM3BOJACTBA TpH
pemieHun 3amad  npodec-
CHOHAJILHOMH OeATe/IbHO-
CTH;

3 Oman - Braoemy:

OIIK-2.3. HaBbikaMu mpu-
MEHEHHS  COBPEMEHHBIX
MH(pOPMALIMOHHBIX TEXHO-
JOTHH M MPOrpaMMHBIX
CpeICTB, B TOM YHCIIE OTe-
YECTBEHHOTO  I[IPOU3BOJI-
CTBa, IIPH peLICHUH 3ajad

TEJIBHOCTH; HpO(beCCHOHEUIBHOI‘/‘I nea-
TEIILHOCTH.

OIIK-7 | CnocobeHn pa3s- | I Oman — 3nams.
padaThIBaThH OIIK-7.1. OcHoBHBIE
AITOPUTMBI M | S3BIKM  IIPOrPaMMHPOBa-
pOrpaMMBl, HHsA, OCHOBBI paboTHI ¢ Oa-
IPUTOTHBIE 3aMH JJaHHBIX, ONECPAIMOH-

11 IIpaKTHYE-
CKOTO IIpHMEC-
HCHHA

Hble CUCTEMBI U 000JIOUKH,
COBPEMEHHBIE TIPOrpaMM-
HBle Cpelbl  pa3paboTKH
MH(OPMALMOHHBIX CHCTEM
U TeXHOJIOTHH

2 Oman — Yuems:

OIIK-7.2. [TpumeHsTH
A3BIKH  TIPOTrpaMMHpPOBa-
HUSl, TPUMEHSTb TEXHO-
noruu paborel ¢ Oazamu

JIAaHHBIX, NPUMCHSTh
COBPEMEHHBIC TIPOTPAMM-
HbIE Cpelbl  pa3padoTKu

UH(POPMAIMOHHBIX CHCTEM
A TEXHOJIOTHH U1 aBTOMa-
THU3aluKl  OWU3HEC-TIpoIec-
COB, peUICHUs MPUKIAL-
HbIX 3aj7a4  PazJIMYHbIX
KJIaCCOB, TPUMEHATH TEX-
HOJIOTHH BeacHus 0a3 qaf-
HbIX U MHGPOPMALIMOHHBIX
XpaHUJIHII

3 Dman — Brademo:
OIIK-7.3. Haseikamnu
IpOrpaMMHpPOBaHUsA,  OT-
JaJKH W TECTHPOBAHHSA
IPOTOTHIIOB TIPOTPaMMHO-
TEXHUUYECKUX KOMIIJIEKCOB
3a/1a4

000CHOBaHHOCTH BHIBOJIOB.

7. Jlormunoe H3JI0KCHHE
BOTIPOCA, COOTBETCTBUE
U3JI0KEHUS] HAYYHOMY CTHITIO.
8. Herpybas ommbka mnpu

BBITIOJITHCHUHM  TIPAKTHYECKOTO
3a/1aHusl.

9. IlpaBuiibHbIE OTBETHl Ha
JOTIOJIHUTENbHBIE BOIPOCHI.

«YJIOBJIETBOPUTEJIBHO»

1. TloBepxHOCTHOE YCBOECHHUE
IIPOrpaMMHOI0 MaTepHasa.

2. HenocrarouHo MOJIHOE
W3JI0KCHHUE  TCOPCTHYECKOTO
BOIIPOCA  HK3aMEHALIMOHHOTO
ouera.

3. 3arpyaHeHune B
MIPUBCICHUH NIPUMEPOB,
IIOATBEPKIAOLINX

'1‘e0pe'1‘uqecxne MMOJOMKCHHA.
4, Hanmuuue HETOYHOCTEH B

ynoTpeOIeHUH TEPMHHOB,
KiaccuduKaimi.
5. Heymenue 4ETKO

COpMYIHPOBATH BBIBOJIBI.

6. OtcyrcTBHE HaBBIKOB
HAYYHOI'O CTHJISA U3JI0KCHUS,

7. I'pybas omuoka B
NPaKTHYCCKOM 3aJJaHHH.

8. Herounble  oTBeThI  Ha
JIOTIOJIHUTEIIbHBIE BOIIPOCHI.

«HEYJIOBJIETBO-
PUTEJIbHO»

3HAYHUTCIILHOM
MPOrpaMMHOI0

1. He3nanue
4acTu
marepuana.
2. HecriocoOHOCTb TIPUBECTH
IPUMEPHI [IaKeTOB
NPUKJIAJIHBIX IPOrpaMm

3. Heymenue BBIJICIIUTH
ITIABHOE, CJIeNaTh BBIBOABI U
0000111eHuS.
4. I'pyOnie
BBITIOJTHEHUH
3aJlaHusl.

5. HenpaBunbHBIC OTBETHI Ha
JOTIOJIHUTENbHBIE BOIPOCHI.

OIMOKU  TMpH
IPAKTHYECKOT 0




3. THUIIOBBIE KOHTPOJIBHBIE 3AJIAHV S NI UHBIE MATEPUAJIBI,

HEOBXO/IMMBIE JIJISI OLIEHKH 3HAHMI, YMEHU, HABBIKOB U (MJIN) OITBITA

JIESITEJIBHO XAPAKTEPU3YIOIIMX DTAIBI ®OPMUPOBAHM ST KOMITETEHIIUI

B ITPOLIECCE OCBOEHMU I OBPA3OBATEJIBHOM [TPOI'PAMMBI

13TAII -3HATH

bbbl S

Fal i s

L=

TeMbl ISl NOATOTOBKH K YCTHOMY ONPOCY:

Tema 1. OcHOBHbBIE 3Talbl U HAIIPABJICHUS UCCIIEA0BAHUM B 00J1IaCTH CUCTEM UCKYC-
CTBEHHOT'O MHTEJIJICKTA
OTtarnsl pa3BUTHs CUCTEM UCKYCCTBEHHOTO HHTemiekTa (MH).
OCHOBHBIE HanpaBJIeHUS Pa3BUTHS HCCIIEIOBAHUIN B 00JACTH CHCTEM HCKYCCTBEHHOTO WH-
TEIIeKTA.
Big Data. OcobennocTtr paboThl ¢ OOJIBIIMMH JaHHBIMH.
N3Bneuenne 3Hanuii. MaTerpauus 3uanuii. basel 3Hanmii. [Tpumepsr.

Tema 2. OcHOBBI MAIIMHHOTO 00YYEHHUS M aHAJIN3a JaHHBIX
OCHOBBI TPOrPaMMHUPOBAHUS JUTS 3a/1a4 aHAIHM3a JaHHbIX.
bubnuorexku Python nis ananusa naHHbIX.
N3yuyeHue oT/eIbHBIX HANIPABIEHUH aHanu3a AaHHbIX. OOyueHHe «c yuuTenem», «be3 yun-
TEIS», «C MOIKPETIICHUEM.
Pewenne 3amau knaccudukanim, KIacTepU3aLuH, PErPeCcCHH.

Tema 3. HelipoHHble ceTu
[IpuHtmn paboTel Mo3ra. icTopHs OTKPBITHS HEHPOHOB M HEHPOHHBIX CETEH.
HMckyccTBeHHBIC HelipoceTH. CXEeMBbl M TPUHIIMIT PaOOTBHI.
[TonHOCBA3HBIE HelipoHHBIE ceTH. OJIHOCIIONHBIN 1 MHOTOCIONHBIH MEPCENTPOH.
['my6okoe oOydeHme.
PaznuyHbie apXUTEKTYpbl HEHPOCETEH.

Tema 4. OOpaboTKa €CTECTBEHHOTO A3BIKA
H3Bneuenne nadopmanmu. MudopmatmoHHelii mouck.
Amnanu3 BbICKa3bIBaHUH. AHAIN3 TOHAIBHOCTH TEKCTA.
BomnpocHo-oTBeTHBIE cucTeMbl. [ eHepHpOBaHUE TEKCTA.
EcTtecTBeHHO-A3bIKOBOI HHTEP]ETC.

Tema 5. KomnbloTepHoe 3peHue
BBenenue B KOMIbIOTEPHOE 3pEHHE.
Pacno3naBanue nzodpaxkenuii g1o1bMu. [IpusHaku it Kareropusanun u300paeHuii.
Bosmoxkuoctu 0ubnuorekun OpenCV. Mamunnoe odyuenue B OpenCV.
ApXUTEKTYpbl HEMpOCceTeil 11 pacrno3HaBaHus U300paKeHui.

2 OTAIl - YMETbH

KommiekT npakTudeckux pador

[IpakTrueckue paboTbl U CEMHMHApPBI CITyKaT Ul pabOThbl CTYACHTOB HaJ y4eOHBIMH 3a-

JadyaMH ¢ LHEJIbHO Bb[pﬁﬁOTKlfI H 3dKPCILICHHA MMPAKTHYCCKUX HABbLIKOB.
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Tema 1. OcHOBHEBIE 3Talbl U HaIlpaBJICHHA WCCIIeIOBaHMI B 00JACTH CHCTEM HCKYC-
CTBCHHOTI'O HHTCIIJICKTA.

3anaHue: u3ydyeHue OCHOBHBIX CIIOCOOOB MPEICTaBICHUS JaHHBIX: POJKIIMOHHbBIE MOJIe-
M, CEMAaHTUYECKHUE CETH, (PpeiiMBbl.

Mcnonb3ysi COOTBETCTBYIOLIME IyTH TIOCTPOUTH CEMAHTHUYECKYIO CETh (IO BapuaHTam):
1. 'eorpaduu peruona. Jlyru: rocyaapcTBo, CTpaHa, KOHTUHEHT, IIUPOTA.
2. IIpouenypsl noKMcka MoJae3HbIX HCKomaeMbiX. Jlyri: HaMMeHOBaHUE UCKOIIaeMOro, pacro-
JIOKEHHE MECTOPOKIACHHUS, TITyOMHA 3aeTaHnsl, METO/IbI JOOBIYH.
3. PacnipenieneHus mpoayKToB 1o marasuHaMm. Jlyri: HCTOUHHUK CHaOKeHHs, HAUMEHOBAHHE
NPOIYKTa, COCOO TPAHCIIOPTUPOBKU, KOHEUHBIH MYHKT TPAHCIOPTUPOBKH.
4. OnpesieneHue NPUHAAIEKHOCTH JKUBOTHOTO K OMPEEIEHHOMY BUIY, THITY, ceMeICTBY. Jyru:
MECTO 00MTaHUs, CTPOCHNE, OCOOCHHOCTH MOBEJACHHUS, BHJI TUTAHHSL.
5. Knaccuduxarnuy numieBsix npoaykToB. Jyru: HanMeHOBaHHE MPOAYKTA, COCTABIAIONINE
4aCTH, CIIOCO0 MPUTOTOBJICHUS, CPOK XPAHEHHUSI.
6. PacrniozHaBaHue TUIa KomribioTepa. Jlyru: cTpaHa H3roTOBHTE b, CTaHIapTHAsE KOH(PUTYpa-
1ust, 001acTh MPUMEHEHUS, HCTIOIb3yEMOE MPOrpaMMHOE obecrieueHue.
7. Uepapxuueckoi ctpykTypsl bJ1. [lyru: cuctema, cocTosiHne, Ha3HaYCHUE, B3aUMO/ICHCTBUE
COCTAaBIISIOLINX.

Tema 2. OCHOBBI MAIIMHHOIO 00yYeHHS U AHAJIM3A JAHHBIX
. 3apmanHue: U3y4uTh OCHOBHI MporpammupoBanus Ha Python. OcHoBHbIC OMOIMOTEKN MalIHH-
HOro 00y4eHHsl.

Beimonnenne 3a1anus Ha teMy «JInHeinas perpeccusn»y
[TocranoBka 3anauny
Heobxoaumo npeackaspiBaTh J0X01 OT MPOJAKH MOPOKEHOTO B 3aBUCUMOCTH OT TEMIIEpaTyphbl
BO3/yxa. Mbl nipejironaraemM, 4YTo JUHENHHas perpeccus Mo3BOJUT PELUTh Ty 3a7a4y.
[ar #1: ummopt 6ndaHoTeKy
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

[Ilar #2: umnopr naraceray

zarpyxaeM B Colab ¢ mmcka IIK.

from google.colab import files
files.upload()

coznaeMm oOwexkT - maTadperu - nna Colab
IceCream = pd.read csv("IceCreamData.csv")
# cuutbiBaeM nepseie 10 3HaYEHUN
IceCream.head(10)
Oout[5]:
TemperaturefRevenue
Dje4.566884 |534.799028
1[26.005191 |625.190122
Pl27.790554 [660.632289
B3[20.595335 [487.706960
4[11.503498 [316.240194
5[14.352514 |367.940744
6
7
8
e]

3= H M I

13.707780 |308.894518
30.833985 [696.716640
0.976870 55.390338
31.669465 |[737.800824

In [6]:
# cumrTeiBaeM nocnenhme 10 SHadyeHMUHM
IceCream.tail (10)



TemperatureRevenue

490[23.824922 [584.399945
491134.472169 [809.352520
492123.056214 [|552.819351
493)14.931506 [377.430928
M94125.112066 [571.434257
M95122.274899 [524.746364
196|32.893092 |[[755.818399
M9712.588157 |[306.090719
498[22.362402 [566.217304
499128.957736 [655.660388

# OCHOBHBIE CBEIEHMA ONMCATEeJIbHOM CTaTMCTMKM: KOJI-BO, CpejHee, CpelHeKBalpaTh-—
UeCKoe COTEIIOHeHMe,

# MMHMMANLHOE SHauYeHMe
IceCream.describe ()
TemperatureRevenue
countf500.000000 [500.000000
mean |22.232225 |[521.570777
std [8.096388 175.404751

min [0.000000 10.000000
L5% J17.122258 [405.558681
50% [22.392791 [529.368565
75% [27.740674 |ed42.257922
max |[45.000000 |J1000.000000
# TO e, HO O OTIEJIBHOMY CTOJOLY
IceCream['Temperature'] .describe ()

Oout[8]:

count 500.000000
mean 22.232225
std §.096388
min 0.000000
25% 17.122258
50% 22.392791
75% 27.740674
max 45.000000
Name: Temperature, dtype: floatéd
In [9]:

# nonydaem KpaTKMe CBeleHMA O OaHHBIX
IceCream.info ()

RangelIndex: 500 entries, 0 to 499

Data columns (total 2 columns):

Temperature 500 non-null float64d

Revenue 500 non-null float64

dtypes: floatéd(2)

memory usage: 7.9 KB

llar#3: Busyanms3aumsa nartaceral
https://coincase.ru/blog/47592/9

# cTpouM THMOPMIOHEII OBEYMEPHEM Tpadnk
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 ofydawuynw 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 6ubnuoTtek 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

[lar #2: Buzyanusauus naracera¥|

# 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 %
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# 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: Co3manue TeCTOBOH U 00y4arorieil BEIOOpKHY
[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 3apage

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: oby4yeHre MOIeIH Ha BceM JaTacere’|
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-
Hecet knaccudukarop Haunblii baiiec

[Iar #4: Tenum naHHble HA 00YyYarOUIYIO U TECTOBYIO BBIOOPKY mnepell o0ydeHuem moaenuy
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: ynyumenne moaeuy

# 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



o - B.7e+02
- 750
-0 18
- 450
- 300
- 150

- . ' -0

0 1

accuracy 1.00 4582
macro avg 099 1.00 099 4582
weighted avg .00 1.00 1.00 4582
# [locTponm MaTpuily OomMOOK MPH MPOBEPKE MOJICIIN 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 Oxcc83548>

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

0 1.00 099 099 879
1 096 1.00 098 267
accuracy 0.99 1146
macro avg 098 099 099 1146
weightedavg 099 099 099 1146

Tema 5. KomnbloTepHoe 3penue

DopmMyIMpOBKa 3a1a4n

B nanHo# nabopatopHoit paboTe Mbl TO3HAKOMUMCS C aPXUTEKTYPOH CBEPTOUHBIX HEHpoceTen

LeNet.

Llenb naboparoproii paboThl: 00YUUTh HEHpPOCETH JJIsl peIIeH s 3a/1a4 KJlacCH(DUKaluu JI0poK-

HBIX 3HAKOB.

Jlannas 3ayaya HeoOXxoauMa 1t paboThl OECIMIOTHBIX aBTOMOOMIICH, TIPUYEM pacro3HaBaHUE
3HAKOB JIOJIPKHO MPOBOJAUTHLCA MPAKTUYECKU MrHOBeHHO. Habop nanubix copepkut 43 pasnuy-

HBIX KJIacca W300paskeHHIA.

Knaccel nepeunciieHel HUxKe:

0 - Orpannyenue ckopoctu (20 xkm / 4)

1 - Orpanunuenue ckopoctu (30 kM / 4)

2 - Orpanunyenue ckopocTH (50 km / u)

3 - Orpanunyenue ckopocTH (60 kM / 1)

4 - Orpannyenue ckopoctu (70 xkm / 4)

5 - Orpannuenue ckopoctu (80 kv / 1)

6 - Konerr orpanndenus ckopocTH (80 kM / 4)
7 - Orpannuenue ckopoctu (100 km / 9)

8 - Orpanuucnue ckopoctu (120 km / 1)

9 - O0rou 3anpeuieH

10 - 3anperaercs npoes/1 Uil TPAHCIIOPTHBIX cpelcTs doiee 3,5 T
11 - IIpoe3n Ha cieyroleM nepeKkpecTke

12 - I'maBHas nopora

13 - Yerynu nopory
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14 - Cton

15 - 3anpeieH nmpoe3 TPaHCIOPTHBIX CPEICTB
16 - 3anpelieH Bbe3/ TPAHCIIOPTHBIX CpeacTB Oonee 3,5 T
17 - Bbe3n 3anperier

18 - Buumanue

19 - KpyToii moBopoT HaneBo

20 - KpyToii moBopOT HarpaBo

21 - JIBOiiHOIi MOBOPOT

22 - Yxabbl

23 - Ckonb3kas 1opora

24 - CykeHue cripaBa

25 - JloposkHble paboThI

26 - Cetodop

27 - Ilemexomasl

28 - letu

29 - [lepecedenue ¢ BEJIOCUIIEIHOM 1OPOTOi
30 - OcreperaiitTech Jpaa / cHera

31 - JIukue KUBOTHBIC

32 - KoHell Bcex OrpaHU4eHU

33 - [ToBopoT HampaBo

34 - TToBOpOT HalEBO

35 - [Ipoe3a TomBKO MpsiMO

36 - ITpoe3n npsiMoO UM HAMPABO

37 - [Ipoesa npsiMo WIIM HAJIEBO

38 - [IpuaepxuBaiiTech MpaBoil CTOPOHBI

39 - IlpunepxkuBaiiTech I€BOH CTOPOHBI

40 - KpyroBoe nBuxeHue

41 - KonHen 30HbI OrpaHUYEHUs Mpoe3aa

42 Konen 3anpera npoe311a TPaHCIIOPTHBIX CpelacTB Oomee 3,5 T

# nonxomqaem Google puck

from google.colab import drive
drive.mount ('/content/drive')
Mounted at /content/drive

Mar #0: Munopr 6Gubnmorex]

import tensorflow

import matplotlib.pyplot as plt
import numpy as np

fimport os

fimport PIL

from tensorflow.keras import layers
import pandas as pd

import seaborn as sns

import pickle

llar #1: Munmopr m HOpMaym3aumus nartacerad



20

damnn ¢ pacumpeHueMm .p npencrasiser cobom odamnn pickle, momyns Python,
UCIOJIb3YeMEl nna npecbpasoBaHus oBeekToB Python B noclienoBaTesIbHOCTE
BalnToR IJid XpaHeHMd Ha OMCKe MM Inepenauu rno certu. OH NO3BONAET YIOOHO
XPaHUTE WM MNepelaBaTb OOBeKTH 6e3 NpelBapUTelIbHOTO MNpeofpazcBaHmud
IaHHHX B IOpYyTOoM QopMarT.

! Mcnonb30BaHMe KIOUYEBOT'O cJioBa with npmu patore ¢ dannoBeMM OOBEEKTaMMU
MO3BOJISET NPaBMUJILHO 3aKpHThH 0OBEeKT nocjie 3apepumeHus paboTu ¢ HuM. 'rt'!
- aTpubyT, =Bamanumi QopMaT UTEHUS B TEKCTOBOM PEXMM.
! dyuxkumsa pickle.loads () BO32BpamaeT BOCCTAHOBIEHHYD MepapxXuio OOLEKTOB
M3 CTPOKOEOI'O NNPEeNCTAaBJIEHUS IaHHEX.
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)
# oBoszsHauaem obyyanmme, TECTOBHE M MPOBEPOYHHE MOaHHEE OaTadeTa
X train, y train = train['features'], train['labels']
X validation, y validation = valid['features'], valid['labels']
X test, y test = test|['features'], test['labels']
# oueHuBaeM pasz3mepHocTs - 34800 =anuceit, muzocbpaxeHue 35*32 nukcensd,
useTHoe (3 - 3HauuT TeHz0p RGB)
X train.shape
(34799, 32, 32, 3)
y_train.shape

(34799,)
llar #2: Busyammzauma maTaceraq
# momcraBngem 1 = ciaydarHoe umcyo. OyHrumMo matplotlib imshow oToBbpaxa-

er rpadmMxM Ha ocHoBe 2-D MaccupoB (u/6 uzobpaxeHue

# mnm 3-D maccuBob (UBeTHoe) . BaxHo! KaxkIeli >JIeMeHT B MacCHMBe OeMCTBY-—
erT Kak MNMKCEeIb.

i = 3100

plt.imshow (X train[il])

y trainf[i]

1

n

5
m
5
E
S
=

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

=

]

5

10

15
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i = 2100
plt.imshow (X test[i])
y test[i]

20 pa 30
llar #3: I[oIroToBKa IaHHBEX]
# sklearn.utils.shuffle() ucnonme3yeTcda IJA NepeMellMBAHMA MACCUBOB CIIy-—

darHeM 06pa3oM, dWTOOH OBJIa BO3MOXHOCTE NOJIy4aThk pasHele M300paxeHMAd
KaxIelM pas, KOTOa ME NPOBOOMM OOydYeHMe, YWTOOH MBI HE TPEeHMPOBaNMCE Ha
OOHMX M Tex Xxe M30OpaxeHMax.
from sklearn.utils import shuffle
X train, y train = shuffle(X train, y train)
Janee HYXHO HOPMajM30BaThb HAOOp IaHHHX, [IOCKOJBKY OSHOPMAaJIM3O0BAaAHHEHE
OaHHHEe yXyIuWalT KadecTBO paclos3HaBaHMe. g 3Toro npeobpasyem M200-
paxeHue B 4/6 dopMarT. OTTEHKM CEpOro [OJYYMM KakK CyMMmMy 3HadeHurn RGB
CJIOEB, IeJIeHHYI 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 wvalidation gray = np.sum(X validation/3, axis = 3, keepdims = True)
# npoBepseM pasMepHOCTH - IOCJIellHee 3HadeHue = 1.
X train gray.shape

(34799, 32, 32, 1)
X validation gray.shape

(4410, 32, 32, 1)
[locmMoTpMM Ha u300paxeHMe B OTTEHKax Ceporo M MCXoOHoe m3obpaxeHue. I[lo-
CKOJIbKY MB YMEHBIMIM Pa3MEpPHOCTH M30D0paxkeHMM, Yy MacCHMBa OKas3aJioChk
fomnplie M3MEPEHMM, YeM MCIOJB3YeTCd, [NO3TOMYy PMMEHSKT nNp.sgueeze 4
YMEeHBUIEHMA HEeHYXHEIX pasMepob. PyHKUMA squeeze () ymandeT OCHM C OOHMM

3JIeMeHTOM (OJIMHHOM 1), HO He caMM 3JIEMEeHTH MaCcCHBAa.
i=620

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

plt.imshow (X train[i])
<matplotlib.image.hAxesImage at 0x7f269a69ea%0>
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o ]

o 5 10 15 20 5 30

[IocKOJNIEKY 2T0 M300pa)eHMe B Ipalaluax Ceporo, Mel MPOINOJIKMM HOPMAaJiM3a-—
UMK ero, BeYMTaa 128, a z3aTeM paz3ngelsiMe 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 1,

[[-0.82552083],
[-0.828125 1,
[-0.82291667],

LI |
[-0.765625 1,
[-0.78125 1,
[-0.807291671111)
[IOCMOTPUM Pa3HBEE BAPMAHTH MU300paxeHMUn
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 0x7f269a543d90>
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i = 610

plt.imshow (X test grayl[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%a423110>



i = 500

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

plt.imshow (X validation[i])

plt.figure ()

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

<matplotlib.image.AxesImage at 0x7£f269%9a2f5210>

llar#4: ObByueHue Momenmu]

Momesb coOepXuT clelyiolue CIIOM:

llaT 1: TNepBHM CBEePTOUHBI CJOM #1

Input = 32x32x1

OQutput = 28x28x6

Output = (Input-filter+l)/Stride* => (32-5+1)/1=28
Mcnonesyem 5x5 duneTp, maydmMHa 3, KOJIMUYESCTBO 6
Mcnonezyem RELU QyHKUMI aKTMBALMM Ha BHXOIE
pooling cnom, Input = 28x28x6, Output = 14x14x6

* Stride =1.

llar 2: BTOpPOM CBEPTOYHEIL CJION #2

Input = 14x14x6

Output = 10x10x16

Output = (Input-filter+l)/strides => 10 = 14-5+1/1
[lpumensem RELU axTuMBalLMD Ha BEXOIOE

Pooling cmor, Input 10x10x16, Output = 5x5x16

llar 3: Pa3popauMBaeM HeMpoCceThb

5x5x16 paszepopaumMeaeTca B Output = 400

llar 4: 1-11 DOJHOCBSA3HEM CJIOM

1-11 cmoM: NOJHOCBAS3HHM cJjod, Input = 400, Output = 120
npuMmeHdgeMm RELU QyHKUMIO akKTMBALMM Ha BHXOIE

llar 5: 2-31 NOJNHOCBASHEI CJIOM

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

npuMmeHdgeMm RELU QyHKUMIO axkTMBALMM Ha BHXOIE

lar 6: 3-11 MOJIHOCBSASHEIM CJIOM

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

In [21]:

from tensorflow.keras import datasets, layers, models
LeNet = models.Sequential ()

LeNet.add (layers.Conv2ZD(6, (5,5), activation = 'relu', input shape =
(32,32,1)))

LeNet.add(layers.AveragePooling2D () )

LeNet.add (layers.Conv2D(16, (5,5), activation = 'relu'))

LeNet.add (layers.AveragePooling2D())
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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 #
convZzd (Conv2D) (None, 28, 28, 6) 156
average poolingZ2d (AveragePo (None, 14, 14, 6) 0
conv2d 1 (Conv2D) (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 ! [IpoBepbTe COOTBETCTEME IIOJIYUEeHHHX Pas3MepHOCTEelM ONMCaHHEM

Brle pazmepHocTaMm! ]

- 16s 212ms/step - loss:
.7206 - val accuracy: 0.3034

- 15s 210ms/step - loss:

ss: 1.5453 - val accuracy: 0.5508

history = LeNet.fit (X train gray norm,
y train,
batch size = 500,
epochs = 50,
verbose = 1,
validation data =
tion))
Epoch 1/50
70/70 [= = = = = ==]
- accuracy: 0.1737 - val loss: 2
Epoch 2/50
70/70 [= = = = = ==]
- accuracy: 0.5103 - wval 1o
Epoch 3/50
Epoch 50/50
70/70 [= m====s=ss—s——————ao
- accuracy: 0.9918 - val loss: 1
llar#5: OueHmeaHMe momesmq

# oleHMBaeM TOUYHOCTH HeﬁpOCETM

SCore =

print ('Test Accuracy:

395/395
- accuracy:

Test Accuracy:

[===

0.8343
0.8342834711074829

- 15s 213ms/step - loss:
.1957 - val accuracy: 0.8433

LeNet.evaluate (X test gray norm,
{}'".format (score[l]))

]

y test)

- 3s Bms/step - loss:

(X validation gray norm, y valida-

3.1909

1.7574

0.0304

1.6408
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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']

BI/IBVaJ’[MBMPYEM MTepalMM IOaHHBEIX OGyT-IEHMH M TIpOoBepPKM II10 2IMN0X4aM. Mel Habmo—
IoaeM, YTO TOYHOCTE YVBeJIMdMEBAeTCH OO 70% 3a HEeCKOJIBKO IMN0X, 4a 3aTeM Ie-—
peXoIMT Ha [NOJIOTHHA 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 0x7f2693337b10>

Training and Validation Accuracy
14 -

..pi"

..
0.8 4 .

0.6

044

®  Taining Accuracy
024 o —— Validation Accuracy

T
0 10 20 30 40 50

OrobBpaxaeM MOTEPM NPU NPOBEepKe M 00y4YeHMM B 2aBMCHMMOCTH OT KOJIMYEeCTBa
310X M Habaopmaewm, 4YTo 006a 3TMx rpadmMka MMenT O0OpaTHY® 3aBMCHMMOCTE. Mu
BUMIOMM, YTO MPOLEHT norepes nazaer no 50% za 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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predicted classes=LeNet.predict (X test gray norm)

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

CrpovM 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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HasnauuMm y true nOsa BeIBOJA MNAHHBIX TECTUMPOBAHMA M MOJYUUM IIpPelCKa3aHHHE
3HaueHMs M3 Hauwey Momenm ¢ nomoumsion byHkumm LeNet.predict (), xoTopas
npuHmuMaeT X test gray norm B KaueCTBEe BXOIOHHX HaHHHX. TakuM oOpasoM M
MOXEM CPaBHUTL [NPOIHO3L HallMX MOLeJlel C MCTMHHEM 3HAYeHMUEM.

#y true = y test

#np.argmax (predicted_classes, axis=1)

-0

L =7

W =17

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[1i], y test[i]))

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

Prediction = 16  Prediction = 1 Prediction = 38 Prediction = 33 Prediction = 11 Prediction = 38 Prediction = 18
True = 16 True =1 True = 38 True = 33 True =11 True = 38 True = 18
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True = 33 True =9 True =3 = True = 11 je = True = 10

@] ot
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Prediction = 18 Prediction = 12 Prediction = 20 Prediction = 33 Prediction = 3 Prediction = 10 Prediction = 40
True = 18 True = 12 True = 24 True = 25 True =3 True = 10 True = 18

3aianue ISl CAMOCTOSITEIbHOM padoThl: YBEIUYUTH TOYHOCTH paboThl. ODOCHOBATH, TOYEMY
NPEaNPHHSTHIE MEPBI YBETHUUIH TOYHOCTh. YTO MOKHO U3MEHHUTH!
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@DYHKIIMHM aKTHBALHH.

Jlo0aBUTH CBEPTOYHBIN M MYJITMHT-CIIOHN (CIIOH).

N3meHuTh average MmyJIJIMHT HA Max IYJUIMHT.

J1o06aBUTH CIOI/CITON MOJIHOCBA3HON HEHPOCETH.

N3MeHuTh QYHKIMIO aKTUBAIIMH MTOJTHOCBS3HOM HElpoceTH.

O0ocHyiiTe BEICOKHE 3HAUYEHHs B MAaTpUlle OIMOOK, HanpuMep, Ha nepeceyeHnn 18-ro
cTo0ma u 26-i CTpOKH.

SN e

3 OTAII - BJIAJIETH

Bonpocs! ais 3x3amMena
1.3amaun 06paboTKM ecrecTBeHHOTO sA3bIKa (NLP).
2.B03MOXHOCTH METOA0B MAIIMHHOTO 00y4eHus B 00paboTKe €CTECTBEHHOTO sA3bIKA.
3.Monens Bag-of-Words.
4.BektopHoe npeacrasienue (text embeddings)
5.Mopaens Word2Vec
6.PekyppeHTHBIC HEHPOHHBIC CETH.
7.ApxutekTypa u ocHoBHas unaes LSTM-cetei.
8.MaluuHHBIH MepeBo.
9.0OcHOBHBIE 3a7]a4l KOMIIBIOTEPHOTO 3PEHHSI.

10. CBepTOuHBIE HEHPOHHBIEC CETH.
11. JerextupoBanue 0OBLEKTOB.
12. bubmuioreka OpenCV.

TecT 17191 CAMOKOHTPO.1s1 (MPHMEPHBIE BONMPOCHI HTOTOBOI0 TECTHPOBAHMS)
l. Mertona, no3BONAOLIMIT TPEICKA3bIBaTh 3HAYEHUS TON UM UHOW HEMPEPLIBHON YHUCIOBOH

BEJIMYHMHBI ISl BXOJHBIX JJAHHBIX HAa3BIBACTCS:

Knacrepusanus

Knaccnduxarms

Perpeccus

MeToa ONOpHBIX BEKTOPOB

2. Kakoit 13 BH10B MalIMHHOTO O0YUYCHHUS OCHOBBIBACTCS HA B3aUMOACHCTBHH 00ydaeMoit
CHCTEMBI CO Cpej10ii?

C yuureiiem

bes yuurens

C noakpemienuem
['nyGunnoe

3. B kakue urpel HEMPOCETH €I1le HE HAy4YMIach OOBITPLIBATH YeJIOBEKa?
I'o

bpuax

[Taxmatbr

"Mapuo"

4 Mertoz, MO3BONAIOIMEI ITPOTHO3UPOBATh BBIXO/BI C JIBYMS BO3MOKHBIMU 3HAYCHUSAMH,
OMEUeHHBIMHU Kak «0» min «1», Ha3pIBaeTCs:
Jlorucruyeckas perpeccust
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MeTo/1 OTIOPHBIX BEKTOPOB
Merton k-Ommxaiinmx coceaei
Heiipocerb

5. Oumobky 1-ro poaa MHOTIa Ha3bIBAIOT:
TouHOCTh MOJIETH

JloxkHas TpeBora

BepostHoCcTh OTKa3a

[Tponyck wesnu

6. OumbKy 2-ro poja HHOT[a Ha3bIBAKOT:

I[Mponyck wean

JloskHast TpeBora

BepositHocTh 0TKa3a

TounocTh MOJIETIH

7. JloJis 00BEKTOB, HA3BAHHBIX IT0JIOKHTEBLHBIMHU U SBJISIOIIHECS [10JIOKHTEIBHBIM, OT-
paskaeT MeTpuKa:

Recall

Precision

Accuracy

Exactly

8. Jloiis 00BbeKTOB MOIOKHUTEILHOIO KJIAcca U3 BCEX 00BEKTOB MOJI0KHUTEILHOI0 Kilacca
OIPEENSAeTCS METPUKON

Owmudka 1-ro poaa

Owubdka 2-ro poja

Omubdka 3-ro pona

Omubka 4-ro poja

9. "IMponyck" yxomasiero aboHeHTa U OIIMO0YHOE NPUHSATUE HYJICBOM 'MIIOTE3bl HA3bIBACT-
csi:

Pazpensromme

Onopusble

Pemaromiue

['unepsexropa

10. [Ton «cocensammu» B mertoae k-NN nonumarorcs:
[lapameTps! MOZIEIH, JIyHIIIe BCErO ONMUCHIBAIOIINE 00BEKT

Pamgom Haxoaamuecs 00bEKTEI

O0BeKThI, 0JIM3KHE K HCCIeYeMOMY B TOM HJIM HHOM CMBbIC/Ie
OOBEKThI, HAXOAIIMECT HATPOTHB UCCIIECYEMOTo 00BEKTA

11. Knactepuszanusa OTHOCHTCSA K METOY O0yUeHHS:
C yuntenem

be3 yuurens

C noakpeniaeHueM

C npexackazaHueM
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12. Krnaccugukanus oTHOCHTCS K METOAY 00yUeHHs:
C yunrenem

be3 yuurens

C noakpernieHreM

C npejcka3anuem

13. B kakoM rojy ObLIT orpe/iesieH TEPMHUH "UCKYCCTBEHHBINH HHTE/TeKT"?
1945
1956
1981
1990

14. B 4em 3akirovaercs 1ellb MalIMHHOTO 00ydeHus?
[Tpescka3ath BXOAHbIE IaHHBIE 110 PE3YJIbTATY
[Ipencka3zare pe3yabTaT N0 BXOAHBIM JaHHBIM
OOy4uTh MaLIMHY €3UTh 0e3 BOAUTENS

[TpoBouTh apudMeTHUECKUE BHIYUCICHUS

15 OOy4eHue, OCHOBAHHOE Ha MAPKUPOBAHHBIX 00YYAIOIUX JAHHBIX, HA3bIBACTCS:
O0y4yeHnue ¢ yuurejieM

OOyueHue 0e3 yuurens

OOyyeHue ¢ MoJAKperuieHUEM

Maiunnoe oOy4yeHue

16. YKakuTe nNpaBUIbHOE COOTBETCTBUE 1IM(P HA PUCYHKE U TEPMUHAM

| - He#ipoceTH, 2- MamKH. 00y4eHue, 3-UCKYyCCTBEHHBIN MHTEIICKT, 4 - MO3T

| - craTucTHKA, 2- MallIMH. 00yYeHue, 3-MaTeMaThKa, 4 - Hayka

| - rmybokoe oOydeHune, 2- ICKYyCCTBEHHBIH MHTEIUICKT, 3 - HeillpoceTH, 4 - MOJeIH
1 - rny0okoe o0yuenue, 2-HelHpoceTH, 3- MAIIHH. 00y4YeHHe, 4-HCK. HHTEJJIEKT
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17. Yo Ha3bpIBaeTcs 0OydeHHEM HEHPOHHOI ceTu?

Npouecc HACTPOHKH CHHATITHYECKHX BECOB
nporiecce NMoJdy4YeHus pe3ynbraTa apupMeTnueckux necTBuit
nporiecc NPUCBOCHUS HEHPOHAM MapKePOB BBITIOJHEHUS
nporecc NporpaMMUpPOBaHHs HCKYCCTBEHHOTO HHTEJIEKTa

18.  Yrto 10/KHO OBITH HANMCaHO B cXeMe 00y4YeHHs HeHPOHHOM CeTH METOJ0M 0OpaTHOTO
pacrpocTpaneHus olnoKu BMecTo udpsl 17?

Npouecc 06yyeHns
HeiipoceTn

baza
AaHHbIX

PacnpocTpaHeHne

CMrHana no Heiipocetu
Cetb 0byyena

—
- OTBer 1 L %

et
= Pacyer
| ' ownbKu
Owwnbka
Hacrpolika Benuka

cetn

BbIOOP MpHMepa
oIMoKa mMana
OIIMOKa BeIUKa
OIITMOKH HET

19.  Yro 10/5KHO ObITH HAIKMCAHO B cXeMe 00y4YeHHs HEHPOHHOM CeTH METOI0M 00OpaTHOIO
pacrpocTpaHeHus omrOku BMecTo udpbi 2?7

Mpouecc o6yyeHus
baza Henpocetmn
AaHHbIX
PacnpocTpaHeHmne
CUrHana no HeidpoceTn
Cetb 06y4eHa
—
s Oorger t L 2

ceTtu
i Pacyer
I ' OwnG K
Ownbka
Hactpoiika 4 BenuKa

ceTn

BbIOOp npuMepa
ommdKa Mmajia
OIMOKa BEJIMKA
OIIOKH HET
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20.  bubnuoreka s3pika Python, no6apnsroias o aepKKy O0JBIINX MHOTOMEPHBIX MacCH-
BOB M MaTpHIl, BMeCTE ¢ 00JIbII0H OMOIHOTEKOH BHICOKOYPOBHEBBIX (M 0YCHb OBICTPBIX )
MaTeMaTHYeCKuX (DyHKIMI A1 oniepaluii ¢ STUMU MacCHBaMH, Ha3bIBAETCH:

pandas

numpy

matplotlib

sklearn

21.  bubnuoreka Python, no3sossitoiiasi CTpOMTh CBOJIHbIE TAOJUIIbI, BBITOIHATH IPYIITHPOB-
KH, TIPEIOCTABISET yI00HBIH JOCTYI K TaOJIMYHBIM JJAHHBIM, HAa3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22. Bbubmmoreka Python, koTopas npeaocTaBisieT MHOKECTBO BO3MOKHOCTEH , TAKUX KaK
Ml[O[’OCTylle[llla'[‘blﬁ AHAJIH3, PETPECCHA U aJITOPHTMbI KJIIACTEPH3ALlMH, HA3bIBACTCA!

pandas

numpy

matplotlib

sklearn

23. bubnuoreka Python, npennaznauenHas i BU3yaau3aluy JaHHbIX, HA3bIBAETCS
pandas

numpy

matplotlib

sklearn

24. Mertom, KOTOPBI 3a/1a€T HA4YaJIbHBIE YCIOBUS /I T€HEPATOpa CIAy4YailHbIX YHUCEIl, Ha3bl-
BaETCS:

random.seed()

np.median()

np.median()

np.arange()

25.  "Hagnctpoiika» Han Matplotlib, koTopas npenoctaBnseT nydnryio rpaguky u 6ossiiee
KOJIMYECTBO BO3MOXKHOCTEH €€ HaCTPOIKH, Ha3bIBaCTCS

plot

graphic

seaborn

diagrams

26.  OtkpeITasg nporpaMMHas OMOIMOTEKa Ui MAIIMHHOTO 00yueHus, pa3paboTaHHas
xomnanueit Google 11 pemenus 3aaa4 MoCTPOCHUSA U TPEHUPOBKU HEHPOHHOMN CETH, Ha3bIBACT-
cs:
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NeiroNet
NeiroLib
TensorFlow
FlowKeras

27. B kakoM OTHOIICHHH OOLYHO JalIAT BEIOOPKY Ha 00yUJaIOIIyI0 H TECTOYIO:
20:80

80:20

50:50

90:10

28.  Yro HaszbiBaroT "3moxoii" B HeMpoceTsx?
[Tokonenue co3gaHusi ICKYCCTBEHHOU HEHpoOceTH
OnHa uTepauus B npouecce 00y4eHusi HelipoceTH
CoOblTHeE, IMOBIMUSIBIIEE HA PAa3BUTHE HEHPOCETH
[Tpouecc pacuera ommuOKK HeHpoCceTH

29.  Yro rakoe "nepeoOyyenue" moaenu?

Mopenb coaepKUT Ype3MEPHO OOJIBIIOE YUCIIO TEPEMEHHBIX

Mopenb CIMIKOM 4YacTo y4acTBOBaJla B 00y4EHUH

Mopenb U3/IMIIHE TOYHO COOTBETCTBYET CeTH KOHKPEeTHOMY HA0OpY 00y4alomHX NpuMe-
POB H TepsieT CHOCOOHOCTH K 0000 1LeHH 0.

30.  Jlus pemieHus Kakux 3aja4 co3jaHa CBEPTOYHAS HEHPOHHAS CETh?
Peuienue cnoxHbiX apupmeTHyecKux 3aaa4d

[TpenckazaHue BpeMEHHBIX PsiIOB

PacnoznaBanue odpa3oB

ApxuBUpoOBaHUE OOJIBIIMX JTAHHBIX

31. Kakoro ciiost HET B apXUTEKType CBEPTOUHON HelpoceTH?
CBepToUYHOTrO

[TonHoces3HOTO

Brixoanoro

IIpomexyTounoro

32.  Cpena nporpammupoBanus Python, Bkmtouatomas Habop cBoOO HBIX OMOTMOTEK MaIMH-
HOTO 00y4YCHHS, HA3bIBACTCS:

Cobra

Anaconda
MachineLearning
PythonMLLybrary

33.  HHcTpyMeHT i pa3paboTKu U MpeacTaBieHus mpoekTos Data Science B MHTEpaKTHB-
HOM BH/IE, 00BEAMHSAIOIINIT KOJI, TEKCT, MATEMATHYECKUE YPABHEHHS W BH3YyaIn3alli, Ha3bIBacT-
cs:
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Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34, JlaTacert - 310

Cer 1aHHBIX

O0OpadoTraHHasi M CTPYKTYPHPOBAaHHAsi HHPOPMAIHA B TAOJIMYHOM BH/E
YcepennenHas BoIOOpKa JaHHBIX 110 CTPOKAM

VYcepeaHenHas BoIOOpKa JaHHBIX 110 CTOJIOIAM

35. Kak HaspiBaercs OecruiatHas cpena Google s co3nanus HoyTOykoB Jupyter, kotopas
MOJTHOCTBIO paboTraer B o0nake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kakoii Tun siyeex B HoyTOykax Jupyter ripeiHazHayeH Jij1sl BBOja TEKCTA U M300pake-
Hui?

Code

Markdown

Memo

Image

37. Kakoii Tun siueex B HoyTOykax Jupyter rnpeiHazHaueH Jij1sl BBO/Ia MPOrpaMMHOTro Koja?
Markdown

Memo

Image

Code

38.  C nomoIpio Kakux CHMBOJIOB B Jupyter HOyTOYK MOKHO CO3/1aBaTh 3ar0J0OBKU MEPBOTO
ypoBHs?

C nomomso cuMBoJIa # n npodea

C nomoneio cuMBoOIa #

C nomomsio cuMBona % u mpodena

C nomompro cumsona %

39.  C nomouipo KaKMX CHMBOJIOB B Jupyter HOyTOyK MOKHO CO3/1aBaTh LIPU(T KypcHB?
€ MOMOIIbIO CHMBOJIOB * € /IBYX CTOPOH TEKCTa

C IOMOIIbIO0 CHMBOJIOB # C JIByX CTOPOH TEKCTa

C MOMOIIBI0 CUMBOJIOB «K» ¢ IBYyX CTOPOH TeKcTa

C TIOMOUIBIO CUMBOJIOB «/ *» 1 «*/» ¢ IByX CTOPOH TeKcTa

40.  Kaxkoe coyeTaHue KJIaBuIl 3aIycKaeT Koj B Jupyter HOyTOyK Ha BBIIOJIHCHHUE?
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Enter
Shift+Enter
Ctrl+Shift
Alt+Shift

41. AKCOH — 3TO OTPOCTOK HElpOHa:

Bxonnon
BbixoaHo#
[TpomexyTOUHBIN

[TpeoOpasyromuit

42.  Yro B OnosornyeckoM HeilpoHe umeet 0ONbIIYIO AJTUHY:
Heunpur

AKCOH

Cumnaric

Teno neiipona

43.  JlaHO: HEMpPOHHAS CETb C OJHUM CKPBITBIM cjioeM. Y ceTu | BXoj, 3 HeHpoHa B CKPBITOM
CJ10€ ¥ OJIMH BbIX0/1. UTO OyAeT Ha BBIXOJI€ CETH B CIy4dae, €c/ii Ha Bxoje 1, Bce Beca panbl 17

” y
(1—(2)—(1D

| (3)

1

3

1/3

0,3

44, KTo co3nan nepByro Mozelb HCKYCCTBEHHBIX HEHPOHHBIX CeTeit?
Max-Kamnaok u IIurre

Hoeeuna U. Pymensxapr, [Ix. E. Xunton u Poransa JIx. Bunesamc
®pouk Pozenbnarr

Su Jlekyn

45. Kakoii TiI1 HICKyCCTBEHHOW HEMPOHHOW CeTH NPEJCTaBJIeH Ha KapTUHKE?
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PexyppenTHas HellpoHHas CeTh
Hefiponnas cets Jlxopaana
MaTtpuuHas HelipOoHHasA CeTh
CaeprovHasi HelipOHHAsA CeTh

46.  Jlnsa pacnpeaencHHOro rirybokoro mammuHoro odyuenus (Deep Learning) Gombie nos-
XOUT (ppeMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. Bonsmme naHHble — 3TO:

JlanHbpie o0beMoM Oonee 1TO

Jlanubeie o0bemoM Oostee 10TO

Jlanneie o0bemomM Oostee 100TO

Het orpannyennii HAa MUHHMAJIBHBIH 00beM

48.  Cpennss abcomotHas ommoka (MAE) nmomydaercs myrem:

BbIYHCJIEHHS A0COTIOTHOI Pa3HUIIBI MeKIY MPOrHO3aMH MO/IeJIH H HCTHHHBIMH (paKkTHYe-
CKHMH) 3HAYEHUSIMH.

BBIUMCIICHUS] OTHOCHTEIBHOM Pa3HUIIBI MEXJy NMPOrHO3aMH MOJEIH W MCTHHHBIMU ((dakThue-
CKUMH) 3HAYCHHUSIMHU.

BBIUMCIICHUS KBaJIpaTa pasHMIbI MEXIy NMPOrHO3aMH MOJEIH U 00y4aroluM HabOpOM JaHHBIX
(MCTUHHBIEC 3HAYEHHUS ).

BBIUMCIICHUS KBAJIpaTa Pa3sHUIbI MEXIy NMPOrHO3aMH MOJEIH U 00y4aroluM HabOpOM JaHHBIX
(MCTUHHbBIE 3HAYSHHUS) U MIPEIICTABJICHUS pe3ybTaTa B MPOLEHTHOM Gopmare.
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49.  CpennexBaapaTuyHas ommnodka (MSE) monyyaercs myTem:

BBIUMCIICHUS a0CONMIOTHOM pa3HUIIBI MEXK 1Y MPOTHO3aMH MOJIEITH U UCTUHHBIMU ((paKTHUYECKIMMU)
3HAYCHUSMH.

BBIYHCJICHHA CYMMbI KBAJIPATOB Pa3HUILI MEKAY MPOrHO3aMH MOEJH U 00Y4YaOIIHM Ha-
00poM JaHHBIX (MCTHHHbIE 3HAYEHHSI).

BBIUMCIICHUS] OTHOCHTEIBHOM pa3HUIIBI MEXIy NMPOrHO3aMH MOJEIH W HUCTHHHBIMHU ((dakThde-
CKUMH) 3HAYCHHUSIMHU.

BBIUMCIICHUS KBaJIpaTa pa3sHUIbl MEXIy NMPOrHO3aMH MOJEIH U 00y4arolnuM HabOpOM JaHHBIX
(MCTUHHbBIE 3HAYCHMS) U NIPEJICTABIICHHS Pe3yJibTara B MPOLIEHTHOM Gopmare.

50. Cpennsist abcoorHas nporeHTHas ommoka (MAPE) mosrygaercst mytem:

BbIYHC/IEHHS] CYMMbI KBaJIpaTOB Pa3sHULbI MeKAY NPOrHO3aMH MOJe/JIH H 00y4YalomuM Ha-
0opoM [JaHHBIX (MCTHHHBbIE 3HAYeHHH) W TNpPeACTABJIEHHS pe3yJbTaTa B MNPOLEHTHOM
¢opmare.

BBIYMCJIEHHUS CYMMbI KBaJ[PaTOB Pa3HULbI MEK/Y IIPOrHO3aMU MOJIENU U 00y4aromuM Habopom
JaHHBIX (UICTHHHbIE 3HAYCHUS ).

BbIYUCIIEHHS a0COIIOTHOM pa3HUILILI MEKIY NPOrHO3aAMH MOJIENTH U MCTUHHBIMU ((haKTUYECKUMHU )
3HAYEHUSIMH.

BBIYUCIIEHUS] OTHOCUTEIBHOU PA3HUIIBI MEXKIY MPOTrHO3aMU MOJEIH U UCTHHHbIMU ((akThue-
CKUMH) 3HAYEHUSIMMU.

4. METOJIMMECKWUE MATEPHAJIbL, OTIPEJIEJISIFOLLUE TTPOLIEYPbl OLIEHUBAHUA
3HAHUM, YMEHUI, HABBIKOB U (MJIN) OIIBITA JESTEJILHOCTH,
XAPAKTEPU3YIOIMX DTAIBl ®OPMUPOBAHM ST KOMIIETEHLIMIA B [TPOLIECCE
OCBOEHUS OBPA30BATEJILHOI ITPOT'PAMMBI

1 DTAII - 3BHATH

KpHTepHH OII€HKH YCTHBIX OTBETOB CTYACHTOB

Ouenka [TpaBuIbHOCTD (OLTMOOYHOCTH) BBIMOIHEHHS 3a/1aHHS]
KOTIIHYHO» MIOJIHO ¥ a@pTYMEHTHUPOBAHO OTBEYACT MO COACPKAHUIO 3aaHus;
HOHUMAET MaTepua, 000CHOBBIBAET CBOU CYIK/ICHUS,
HNPUMEHSET 3HAHMS HA MPAKTUKE, WIUTIOCTPUPYET OTBET IpUMe-
pamMH He TOJILKO IO MPeIJIOKEHHON JTUTepaType;

U3J1aracT MaTepyall IociIe/I0BaTeIbHO U IMPAaBUIILHO.

«XOpOIIO» MOJHO M apTYMEHTHPOBAHO OTBEYAET I10 COJAEPIKAHUIO 3a/1aHHS;
MNOHUMAET MaTepuas, 000CHOBBIBAET CBOU CY3KICHHUS,
NPUMEHSAET 3HaHHS Ha MPAKTUKe, WUTIOCTPUPYET OTBET MpUMe-
pamMH HE TOJILKO IO MPEII0KEHHON JTUTEepaType;

U3j1araeT MaTepua MOC/IeOBaTeIbHO ¥ MPAaBUIBHO, HO JOIYC-
Kaet 1-2 ommnbKU, KOTOPBIE UCIIPABIISIET CaM.
«yI0BJIETBOPUTEIILHOY 3HAET U MIOHUMAET OCHOBHBIE IOJIOKEHUS 10 COJICPKAHUIO 3a/a-
HUS;
M3J1araeT MaTepuan HEMOIHO, HO JIOMYCKAeT HETOYHOCTH B OIpe-
JIEJICHUH TIOHSATUIA UK (POPMYJIUPOBKE MPABUIL;

HE JIOCTaTOYHO TITyOOKO W JIoKa3aTelbHO 000CHOBATh CBOM CYXK-
JICHUS WLTIOCTPUPYET OTBET MPUMEPAMHM TOJIBKO MO TPEI0KEH-
HOM JINTEPAType;
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H3JIaracT MaTCpHajl HCIIOCIEA0BAaTCJIbHO H JOITYCKACT 3-4 ommb-
KH.

«HEYJIOBJIETBOPUTENLHO» | JIOMYCKAET CYIIECTBEHHbIE OMIMOKM B (JOPMYIMPOBKE Omnpejere-

HUI U [IPaBUJI, HCKAKAIOUIUE UX CMBICIT;

U3JIaraeT Marepuall HerocjlIel0BaTeIbHO, HEYBEPEHHO H HE IO
CYIICCTBY 3a/IaHUs;

JIOMYCKAeT CYIIECTBEHHbIE OMIMOKH, HE MO3BOJIAIONINE PACKPHITh
CMBICIT 3aJlaHusl, SBISIOLIUECS CEPLE3HBIM IPEMATCTBHEM K
YCIIEIIHOMY OBJIAJICHHIO CJIEIYIOIIMM MaTepUaIOM.

2J0TAIl - YMETb

Kpurepuu oueHHBaHUs BBINOJIHEHHS NMPAKTHYECKUX 3aIaHHI U 3aJaHUH /151 CAaMOCTOs-

TeJIbHOM padoThl

Ouenka Kpurepuu

«OTIITHYIHO» paﬁoTa BBIIMMOJTHCHA MOITHOCTBH),

B JIOTMYECKHUX PACCYXKIECHUSAX U O0OCHOBAHUU PEILEHUSl HET IPO-
OeJI0B M OIIHOO0K;

B pPEUICHUH HeT OIIMOOK (BO3MOJKHBI HEKOTOpPHIE HETOYHOCTH,
OMHMCKH, KOTOpasi HE SBISCTCS CIICACTBHEM HE3HAHMS WIH HeE-
NMOHMMaHMs y4eOHOro matepuana).

«XOpOoLIo» pa60Ta BBIITOJIHEHA IMOJHOCTBIO, HO 000CHOBaHHS IIAroB pPEeIICHHUA

HEJIOCTAaTOYHBI (€CIM YMEHHE 0OOCHOBBIBATh PACCYKIACHUSA HE SB-
JSUIOCH CTIELMATIBHBIM 00BEKTOM MPOBEPKH);

JOMYILEHBI OJIHA OIIMOKa, UK €CTh JIBa — TPU HEN0UETa (€CIu ITU
BHJIbI pabOT He SIBJISUIMCH CIELHATbHLIM 00BEKTOM IPOBEPKH).

«YJIOBJIETBOPUTEIBHOY» | JIOMYIIEHO He Oonee IBYX omMOOK WM Oosee ABYX — TpeX Hemo-

4eTOB, HO oOy4aromuiicsa 061aaaeT 00s13aTCIbHBIMH YMCHUSAMH TI0
IIPOBEPSEMOH TEME

«HEYAOBJICTBOPHTEC/IbHO» | IOIYIIEHbI CYHIECTBCHHLIC OI_L[H6KH, [MoKasaBIlIHE, 4YTO 06}/-

qaromuiics He oOsiazaer 00s3aTeIbHBIMA YMEHUSAMHU 10 JIaHHON
TE€ME B ITIOJIHOM Mepe.

Kpurepuu onenuBanus peepara

Ouenka

[IpaBuabHOCTB (OLTMOOYHOCTH) BBIIOJHEHHS 3aaHH

«3a4TCHO»

Coneprkanue peepaTa COOTBETCTBYET TEME;

[TpaBuiibHOE UCIIOJIB30BAHUS UCTOYHUKOB JIMTEPATYPBIL;

CoorsercrBue oopmiienus pedepara craniaprom;

3HaHHMe yyaluMcs W3JI0KEHHOT0 B pedepaTe MaTepuaa (A1 OTBETa Ha YCT-
HBIE BOITPOCHI);

YMeHue rpaMOTHO ¥ apryMEHTUPOBAHO UBJIOKUTh CYTh HPOOJIEMBI B TEKCTE U
YCTHO;

Te3uchl ¥ NPEANoNIOKEHUS apryMEHTHPOBAHBI, CAETaHbl BBIBOABI M yYMO3a-
KITIOYCHHS;

B Tekcre orpaxkeHO ymeHHE aHAIU3UPOBaTh (DAKTUHECKUH MaTepual U UCTO-
pUYECKHE U KYJIbTYPHbIE (DAKThI.

«HEC 3a4YTCHO»

Tema pedepara packpbiTa HEIOCTATOUHO TOJIHO;

OtcyrcTByeT Oubanorpaguueckmii CucoK;

Te3ucsl ¥ NpPeAnoIOKEHHUsT HE apryMEHTHPOBAHbI, HE C/EIaHbl BBIBOIbI U
YMO3aKJIIOUEHHS;

B TekcTe oTcyTCTBYET (DaKTONOTHYECK I aHaIN3;
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OTBETHI Ha YCTHBIC BOMPOCHI HE OTpaKarOT yMEHUE TPAaMOTHO U apryMEHTHPO-
BaHO M3JIOXKMTB CYTh pedepara.
Co3nanue npe3eHTaluii HA 32IaHHYI0 TEMY

Kpumepuu OYEHUBANHUA npesenmauuﬁ

Ne | [TapameTpbl OLleHHBAHMS MPE3eHTALMH BoicraB/isiemas oneHka (0asun)
orlpno3

CoOTBeTCTBHE COICpIKAHHS TPE3CHTAINU
BBIOpaHHOH TeMe.

1
2 | Jloruka nojauu MH(MOpPMALIUH

3 | OpurnHasJbHOCTE M HOBH3HA HH(OPMALIHH.
4 | I'paduueckas undbopmanus (UILTIOCTPALUH,
rpaduKu, TabIUIIbI, THArPAMMBI U T.J)

5 | 3akmroueHue mpe3eHTaluuy (BbIBO/IbI)

HUroro 0a/i10B:

Ha kax1blii peicTaBIeHHbIN ITapaMeTp 3aroJHsIeTCs TabIula OLEHUBAHHS, TIE 110 KaxkK-
JIOMY M3 KPUTEPHEB NPHCBaMBAIOTCA 0a/LIbl OT 1 110 3, 4TO COOTBETCTBYET ONpE/ICIEHHBIM YPOB-
HSIM Pa3BUTUSl KOMIIETEHTHOCTH: | Oamn — 3TO HHM3KHII ypoBeHb, 2 Oamna — 3TO CpeaHui
YpOBeHb; 3 Dajuia — BeICOKUIH ypoBeHb. OnpeiesieHUe YPOBHSI KOMIIETEHTHOCTH:

KosmmyecTB0o HadpaHHBIX 0AJJIOB 32 YpoBHu Ouenka
NPeACTABJACHHYI0 MPE3eHTALHIO
or 12 no 15 Bricokuii ypoBeHb OTJIMYHO
or8 o 11 CpenHuii ypoBeHb XOpOoIIo
or 5 1o 8 Huskuil ypoBeHb YVJOBJIETBOPUTEIBLHO
o 5 - HEYJO0BJIETBOPUTEIBHO

3 OTAII - BJIAJIETH

KpuTepun oneHMBaHHUA 3HAHUIT HA IK3aMeHe
Onenka «OTJIMYHO»:

1.I'nybokoe 1 nNpovyHOe YCBOEHUE MPOrPAMMHOI0 MaTepHaa.

2.3HaHue MaKeTOB MPUKJIAAHBIX ITPOrpaMMm

3.3HaHHe OCHOBHBIX MPHHLHUIIOB MOCTPOCHHUS MTAKETOB MPHKJIAIHBIX TPOTPaMM.
4.3HaHne OCHOBHBIX 3a7au IMIPHUKJIAIHBIX TIPOTPaMM.

5.CB0oOOAHOE BIAJICHUE MMAKETAMH MPUKJIAIHBIX IPOTPAMM.

6.ToyHOCTH H 000CHOBAHHOCTH BHIBOJIOB.

7.be3ommb04HOe BBIMOJIHEHHE TIPAaKTHYECKOTO 3aMaHHs.

8.TouHbIe, MOIHBIC U JOTHYHBIC OTBETHI HA IOMOJHUTEIBHBIC BOIIPOCHL.

Ouenka «XOPOIIO»:

1. Xopolee 3HaHNE MPOrPaMMHOI0 MaTepUaa.

2. HemoctaToyHO T1OJIHOE W3JI0KEHHWE TEOPETHYECKOT0 BOIMPOCAa 3K3aMEHAIMOHHOIO
ounera.

3. Hanuuue  HE3HAYUTEIBHBIX  HETOYHOCTEH B ynoTpedJEHHMHM  TEPMHUHOB,
KJ1acCUu(HUKaLHA.

4. 3HaHMe OCHOBHBIX MMAKETOB MPHUKIAAHBIX POTPAMM

5. HemonHoTa npeACTaBICHHOTO WUTKOCTPATUBHOTO MaTepHaa.

6. TouHOCTE U 00OCHOBAHHOCTE BLIBOJIOB.
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7. JlornyHoe U310KE€HHE BOTIPOCA, COOTBETCTBHE U3JI0KEHHUS HAYUHOMY CTHIIIO.
8. Herpy0as ommbxa npu BEIMOJTHEHHN NPAKTHUECKOTO 3aJaHHS.
9. IlpaBuibHBIE OTBETHI HA JOMOIHUTENbHBIE BOIIPOCHL.

Onenka «YJIOBJIETBOPUTEJIBHO»:

1. TloBepXHOCTHOE YCBOEHHE NMPOTPAMMHOI0 MaTepuana.

2. HemocTaTOYHO TMOJIHOE M3/I0KEHHUE TEOPETHYECKOTO BOIPOCA IK3aMEHALIMOHHOTO
Ounera.

3. 3arpyiHeHne B NOPHUBEJCHUUM NPHUMEPOB, MOATBEPKAAIOIIUX TEOPETUYECKUE
N0JIO’KEHUSL.

4. Hanuuue HETOYHOCTEH B ynOTPEeONICHUN TEPMUHOB, KITaCCU(PHUKALIUH.
Heymenue yeTko chopMyaupoBaTh BLIBOIbI.
OTcyTCcTBUE HABBIKOB HAYYHOT'O CTHIISI H3IOKEHHSI.
['py0Oas ommbka B MpakTHYECKOM 3a1aHUH.
HerouHble OTBETHI HA AOMOJHUTEIBHBIC BOIIPOCHL.

Onenka «HEYJIOBJIETBOPUTEJIbBHO»:

1. He3HaHue 3HaYMTENBHOM YacTH MPOrPaMMHOI0 MaTepuana.

2. HecriocoGHOCTh MPUBECTH NMPHUMEPHI MMAKETOB MPUKIATHBIX TPOrpaMM
3. HeymeHMe BBIICTUTH IIaBHOE, CAEIATh BBIBOABI M 0000IICHHS.

4. I'pyObie O1IMOKYU MPU BBITOJHEHUH NPAKTUYECKOTO 3aaHuUs.

5. HenpaBuiibHbIe OTBETHI HA JIOMOJHUTEIBHBIE BOIIPOCHL.

@ N

TecT I8 CAMOKOHTPOJISA (NMPHMEPHBIE BONPOCHI HTOIOBOI0 TECTHPOBAHMSA)

Kpumepuu oyenueanusi mecma

[MTonHasi BEpCUsi TECTOBBIX BOIPOCOB COJEPKHUTCS B DIIEKTPOHHO-MH(POPMAIMOHHON CHU-
creme By3a. CTyICHTBI IPOXOAT TCCTHPOBAHUE B KOMITBIOTEPHOM KJilacce.
[Ipu pa3zpaboTke TECTOBBIX 3a/JaHHH UCTIONB30BAINCH CICAYIOUIME (DOPMBI 3aaHU:
— 3a71aHus ¢ BLIOOPOM 0IHOTO U3 3-4 OTBETOB.
Bpems tectupoBanus cocrasisier 30 MUHYT, BpeMsi OTBETAa HAa OJHO TECTOBOE 3aJilaHue —1 MuHy-
Ta.
Kpurepuii orieHMBaHUs yCTAaHOBJICH B 000JIOUKE TECTa.
Kputepuu onenku:
Onenka «5» - 90% u Gosee NpPaBUIBLHBIX OTBETOB;
Onenka «4» - 70% u 6osiee npaBUIbHBIX OTBETOB;
Ouenka «3» - 50% u Gose nNpaBUIBHBIX OTBETOB;
Ouenka «2» - menee 50% npaBuIbLHBIX OTBETOB.



