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1. IEPEYEHb KOMIIETEHLIMI C YKA3SAHUEM OTAIIOB UX POPMHNPOBAHI
B [NIPOLIECCE OCBOEHU A OBPA30OBATEJIbBHOU ITPOI'PAMMEBI

[Ipouiecc m3yueHus: nucHUIUIMHBI «OO0pabOTKa €CTECTBEHHOTO SI3bIKAa U KOMIBIOTEPHOE
3peHue» HalpaBiieH Ha (OPMHUPOBAHUE CIAEAYIOIIUX KOMIIETEHIIHI:

Koza u nvanmenoBaume
KOMITETCHIINI BBIITYCKHHKA

Kon n HaumeHnoBanue MHIUKATOPA TOCTUKEHUST KOMIIE-
TECHIINHN

OIIK-1. CrtocobeH mpuMeHSITh
€CTECTBCHHOHAYYHbIE u
00IIIeNH)KEHEPHBIC 3HaAHUS,
METO/IBI MaTeMaTH4eCKOTo
aHanM3a ¥ MOJCIHPOBAHUS,
TEOPETUYECKOT O u JKC-
MEPUMEHTAIBHOTO HCCIIeI0BaA-
HUS B MpOo¢ecCHOHAIBHON Jie-
SATEIBHOCTH

OIIK-1.1. 3HaeT OCHOBBI MaTeMaTHKH, (PU3UKHU, BBHIYUCIIH-
TEJIbHON TEXHUKHU U MPOTPaMMHUPOBAHUS

OIIK-1.2. Ymeer pemarh cTaHAapTHBIE MPOGECCHOHATBHBIC
3a/la4¥ ¢ MPUMEHEHHEM €CTECTBCHHOHAYYHBIX U OOIIEHHKE-
HEpPHBIX 3HAHWUW, METOJOB MAaTEMaTHUYECKOrOo aHaiu3a Hu
MOJEJIMPOBAHUS

OIIK-1.3. Bnageer HaBbIKAMH TEOPETUYECKOTO U IKC-
NEPUMEHTATIBHOTO HCCIeI0BaHUs 00BEKTOB PO ECCHOHATb-
HOM eSATEIHHOCTH.

OIIK-2. Cnoco0eH moHMMAaTh
HNPUHIUIB PaOOThl COBPEMEH-
HBIX MH()OPMAIMOHHBIX TeEX-
HOJIOTMH ©  MPOrpaMMHBIX
CpEZACTB, B TOM 4YHCJIE OTede-
CTBEHHOTO TIPOM3BOJCTBA, U
UCTIONB30BaTh MX HpHU pere-
HUHM 3a/1a4 TPOo(hecCHOHATEHON
JeATEIIbHOCTH;

OIIK-2.1. 3naer TpUHIUIBI pabOTBl  COBPEMEHHBIX
MH(GOPMAIIMOHHBIX TEXHOJOTUH U MPOTPAMMHBIX CPEICTB, B
TOM YHCJI€ OT€YECTBEHHOTO MTPOU3BOJICTBA NP PEILIEHUH 3a-
na4d npohecCHOHANBLHOM NesTeIbHOCTH

OIIK-2.2. Ymeer BbIOMpaTh COBpPEMEHHBIC WH(OPMAIMOH-
HbIE TEXHOJIOTMM W NPOrpaMMHBIE CPEICTBA, B TOM YHCIIE
OTEYECTBEHHOI'O ITPOM3BO/ICTBA MPHU PEIIeHUH 3aj1a4 rpodec-
CHUOHAJIbHOU JEATEIIbHOCTH

OIIK-2.3. Brnaneer HaBbIKaMM NPUMEHEHHUSI COBPEMEHHBIX
MH(GOPMAIIMOHHBIX TEXHOJOTUH U MPOTPAMMHBIX CPEICTB, B
TOM YHCJIE OTEYECTBEHHOI'O IPOU3BOJICTBA, MPHU PELICHUU
3a/1a4 npodeccuOHAIBHON 1eATeThHOCTH

OIIK-7 CrniocobeH pa3pabatsl-
BaTh AIITOPUTMBI u
NPOTPaMMBbI, MPUTOAHBIC IS
NPAKTHYECKOTO TPUMCHEHHS

OIIK-7.1. 3HaeT OCHOBHBIE A3BIKM IPOIPAaMMUPOBAHUS U pa-
00THI ¢ 0a3aMu aHHBIX, ONEPAIIMOHHBIE CUCTEMBI U 000JI0U-
KM, COBpPEMEHHbIE IpPOTrpaMMHBIE Cpeabl  pa3paboTKU
MH(OPMALIMOHHBIX CUCTEM M TEXHOJIOT Ul

OIIK-7.2. YMmeeT NpuUMEHATH S3bIKM NPOTrPaMMHPOBAHUS U
paboTel ¢ 0a3aMu JIaHHBIX, COBPEMEHHBIE MPOrpPaMMHBIE
cpeabl pa3paboTKH MH(POPMAITMOHHBIX CUCTEM M TEXHOJIOTUI
JUI aBTOMaTU3alluid OM3HEC-IPOLECCOB, PEIICHUs MpPUKIIa-
HBIX 3aJ]au pa3IM4YHbIX KJIaccoB, BeleHUs 0a3 IaHHBIX U
MH(OPMALMOHHBIX XPAHUIIHIILL

OIIK-7.3. Brageetr HaBbIKaMyu NIPOTrpaMMHUPOBAHMS, OTIAAKU
U TECTUPOBAHHUA NPOTOTUIIOB IPOTrPAMMHO-TEXHUUECKUX
KOMIUIEKCOB 3a/1a4

3HAHHUS,

Ko
Ne A HanmenoBanue .
KOMIIe- . Oransl GOopMHPOBAHUS KOMITETCHITUH
n/m KOMITETEHIIUH
TEHIUU
1. OIIK-1 Cnocoben mnpuMeHsTs | [ Oman — 3uams.

ectectBeHHOHayuyHble | OIIK-1.1. OcHOBBl MaTeMaTuku, (QHUIUKH,
U OOIIEUH)KXEHEPHBIC | OCHOBBI BBIYUCIUTEILHON TEXHUKH, OCHOBBI
METO/IbI | MPOTPAMMHUPOBAHUS

2 Oman — Ymemes:
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MaTEMaTHYECKOIO aHa-
au3a U MOJAEIHpOBa-
HUS, TEOPETUYECKOTO
U DKCIEpUMEHTaJlb-
HOTO MCCIIEJOBAaHUS B

OIIK-1.2. Pemare crangapTHble Tpogeccuo-
HAJIBHBIC 33/1a4d C MPUMEHEHHEM ECTEeCTBEH-
HOHAY4YHBIX H OGH_ICI/IH)KGHCPHLIX 3HaHHﬁ,
pemiath MpodecCHOHANbHBIE 3a1a4d C MTOMO-
IIBI0 METOJIOB MaTeMaTHYECKOrO aHaju3a |

npodeccuoHaIbHOM MOJIETTUPOBaHUS

JeATeTbHOCTH 3 Oman — Brademy:
OIIK-1.3. HaBplkaMl TEOPETUYECKOTO U IKC-
MEPUMEHTAIBLHOTO HWCCIEAOBAaHUS OOBEKTOB
podecCHOHAIbHOM e TENbHOCTH

OIIK-2 Cnocoben mnoHumars | 1 Iman - 3uams.

IIPUHIUIIBI pab6otsl | OIIK-2.1. IlpuHuunel paOoTbl COBPEMEHHBIX

COBPEMEHHBIX MH(POPMAIIMOHHBIX TEXHOJOTUNH U TPOTPaMM-

WH(POPMAITMOHHBIX HBIX CPEJICTB, B TOM YHUCJIE OTECYECTBEHHOTO

TEXHOJIOTUIA Y | MPOU3BOJICTBA TIPH PEIICHUH 3aaad npodec-

MIPOTPaMMHBIX CHOHAJIBHOU JESTEHHOCTH,

CpEICTB, B TOM 4YHCIE | 2 Dman - Ymems:

OTEYECTBEHHOI' O OIIK-2.2. Beibupath coBpeMeHHbIe HH(DOpMA-

IPOM3BOJCTBA, M HC- | IMOHHBIE TEXHOJIOTUM U IIPOrPAMMHBIC CPEJI-

nmomp3oBaTh WX mpw | CTBA, B TOM YHCIE OTEYECTBEHHOTO HPOU3BO/-

pemennn 3amau mpo- | CTB2 TPH PELICHHH 33124 npodeccnoHanbHOM

. JeSITeIbHOCTH;

(beCCHOHaH.BHOH A% 13 Dman - Braoeme:

TEBHOCTH, OIIK-2.3. HaBblkamMy PUMEHEHHS] COBPEMEH-
HbIX WHQPOPMAIMOHHBIX  TEXHOJOTHH W
MPOrPaMMHBIX CPEJICTB, B TOM YHCJE OTeYe-
CTBEHHOT'O TPOU3BOJCTBA, MPHU PELICHUU 3a-
Ja4d mpodecCuOHaNbHOM NesTEIbHOCTH.

OIIK-7 Cnocoben paszpabarel- | [ Oman — 3uams.

BaTb  QJITOPUTMBI U
IIPOrpamMMbl, IPUTOJ-
HbIC€ JUIA IIpaKTU4e-
CKOI'0 IIPUMEHEHHUS

OIIK-7.1. OcHOBHBIE $3BIKH MNPOrPAMMHPOBA-
HUS, OCHOBBI pabOThI ¢ 0a3aMu JaHHBIX, OTe-
paIOHHBIE CUCTEMBI U 000JOYKH, COBPEMEH-
HbIE TPOrpaMMHBIE  Cpelbl  pa3pabOTKu
MHGOPMALIMOHHBIX CUCTEM M TEXHOJIOTHil

2 Oman — Ymems:

OIIK-7.2. IlpumMeHATh A3BIKM MPOrPaMMHUPO-
BaHUs, IPUMEHSTh TEXHOJOTUU padoThl ¢ Oa-
3aMU  JJaHHBIX, TPHUMEHATh COBPEMECHHBIC
MIpOrpaMMHBIE cpenibl pa3paboTKu HH(OpMa-
LIUOHHBIX CUCTEM M TEXHOJIOTUH JAJs aBTOMa-
TU3allUUd OU3HEC-TPOIIECCOB, PEIIECHUs MpH-
KJIaJIHBIX 3a/1a4 Pa3JInYHbIX KJIacCOB, MpUMe-
HATh TEXHOJIOTUM BeJeHHs 0a3 JaHHBIX U
MH(POPMALMOHHBIX XPaHHUJIIHIIL

3 Oman — Bnaoemy:

OIIK-7.3. HaBplkamMu NIPOrpaMMHUPOBAHHA,
OTJaJAKH U  TECTHUPOBAHUS  IMPOTOTHUIIOB
IIPOrPaMMHO-TEXHUYECKHX KOMIUIEKCOB 33]a4




2. IOKA3ATEJIA U KPUTEPUM OLIEHVBAHMS KOMIIETEHLIWI HA PA3JIMYHBIX
OTAITAX X ®OPMUPOBAHN A, OIIMCAHUE IIKAJI OUEHUBAHUA

E HanMeHoBa- Kpurepun OLICHHBAHNA
Ne o KOMIIETEHITU I Tkana
X o HUE KOMIIE-
/11 § E TeHIH HAa Pa3JINYHBIX dTANax OIlEHUBAHUA
S ¢dbopmupoBaHus
2
1 OIIK-1 | Crmocoben 1 Dman — 3name: «OTJIMYHO»
MPUMEHSTD OIIK-1.1. OcHoBsl | 1. I'mybokoe 1 mpouyHOE
€CTECTBCHHO- | MaTeMaTHKH, (bu3ukH, | yCBOCHHE MIPOrPaMMHOTO
HAyYHBIC U | OCHOBBI BBIUMCIIMTEIHLHON | MaTepuara.
oO1enHxke- TEXHUKH, OCHOBBI | 2. 3HaHHUE MaKeTOB
HEpHBIE  3Ha- | IPOTPAMMUPOBAHUS MPHUKJIATHBIX TPOTPaMM
HUSI, METOoAbI | 2 Dman — Ymemns: 3. 3naHue OCHOBHBIX
MaremaTuye- OIIK-1.2. PemaTtes | NpUHIMUIIOB [MOCTPOEHUSA
CKOr0 aHaJlM3a | cTaHJapTHBIC NpodeccHo- | MaKeTOB MIPUKJIATHBIX
U MOJEIUPOBA- | HATBHBIC 33Ja4d C TPHUME- | IPOrPaMM.
HHs, TEOPETHU- | HCHHEM eCTECTBEHHOHAy4- | 4. 3HaHHUE OCHOBHBIX 3a1a4
YECKOI'0 U 3KC- | HBIX M OOIIEHHKCHEPHBIX | MIPUKIIAIHBIX IIPOIPaMM.
IIEpUMEHTab- | 3HaHWH, pemath npodec- | 5. CBoboxHOE BJIaJICHUE
HOTO HCCIENO- | CHOHAJIbHBIC  3aJaud  C | TAKeTaMHu TIPHUKJIATHBIX
BaHMUS B IPO- | MOMOIIBIO METOZOB | IPOrpaMM.
deccuoHanb- MaTeMaTHYeCKoro anaausa | 6. TouHOCTb u
HOW  JEsTelNb- | U MOJCIIUPOBAHHUS 000CHOBaHHOCTH BBIBOJIOB.
HOCTH 3 Dman — Braoems.: 7. bezommbounoe
OIIK-1.3. HaBblkamMu TeO- | BBIIIOJIHEHUE MIPAKTUYECKOTO
PETHYECKOTO H  DKC- | 3a/IaHHus.
nepuMeHTaabHOro mccie- | 8. Touwsle, IOJIHBIC u
JIOBaHMsI OOBEKTOB TIPO- | JIOTUYHBIC OTBETHI Ha
(eccHoHanbHOM  JiesTeNb- | JOMOJIHUTEIBHBIE BOIPOCHL.
HOCTH
2 | OIIK-2 | CnocobGen 1 Dman - 3namo: «XOPOHLIO»
HOHUMATh OINIK-2.1. Ilpuauunsr pa- | |- Xopomee SHAaHMC
MPUHILIUIBL pa- | 60THI COBPEMEHHBIX TpOrpaMMHOTO MaTepuara.
2. HenocraTouHo MOJIHOE
00TbI MH(POPMALIMOHHBIX TEXHO-
- U3JIOKEHUE  TEOPETHYECKOTO
COBPEMEHHBIX | JIOTUH M NPOrPAMMHBIX | pornoca  3K3aMEHAMOHHOTO
uHpOopMaIu- CPEIICTB, B TOM YHCJIE OT€- | Guiera.
OHHBIX TEXHO- | YeCTBEHHOTO  Mpom3Boj- | 3. Hanwune He3HAYUTEIbHBIX
JIoTHuit U | CTBA MpHU PEUIEHUU 3aJad HETOYHOCTEH B yNoTpeOieHuu
MPOTpaMMHEIX | podeccuonanbhoii  fes- | TEPMHUHOB, KiacchduKaImii.
CPEIICTB, B TOM | TelBHOCTH; 4. 3HaHrE OCHOBHBIX IIaKETOB
MPHUKJIATHBIX TPOTPaAMM
4uciIe  oTede- | 2 Dman - Ymemn: 5 HemomHoTa
CTBEHHOI'O OIIK-2.2. Bri6upath IPEICTABICHHOTO
MPOM3BOJCTBA, | COBPEMEHHEIC  MH(QOPMA- | yypi0cTpaTHBHOTO MaTepHalIa.
IIUOHHBIE TEXHOJIOTUU U | 6. ToYHOCTE 1

IIPOrpaMMHBIE CPE/ICTBA, B
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U HCIIOJb30-
BaTb WX TMpH
perieHun
nad npodeccu-
OHAJILHOUN 1es-

3a-

TOM 4YHCIIE OTCUECTBCH-
HOTO TPOU3BOJICTBA TIPH
pemieHnn 3amad  mpodec-
CHUOHAIBbHOH  JeATEILHO-
CTH;

3 Oman - Bradems.:

OIIK-2.3. HaBbikamu mipu-
MEHEHUSI  COBPEMEHHBIX
MH(POPMALIMOHHBIX TEXHO-
JOTMA W TNPOrPaMMHBIX
CPEICTB, B TOM YHCJIE OTE-
YECTBEHHOI'O  NPOU3BOJ-
CTBa, IIPH PEIICHUN 3a7a4

TENbHOCTH; npoecCHOHANBHOU  Jes-
TEJIbHOCTH.

OIIK-7 | Cnocoben pas- | I Oman — 3uamo:
pabaTbIBaTh OIIK-7.1. OcHOBHbIE
QITOPUTMBI ¥ | SI3BIKK  TIPOTPaMMHUPOBa-
MPOrPaMMBl, HUS, OCHOBHI paboThI ¢ Oa-
MIPHUTOTHBIC 3aMH JIaHHBIX, OTICPAIlHOH-

JUIs TIpaKkTUye-
CKOro Ipume-
HEHUS

HBIE CUCTEMBI H 000I0YKH,
COBpPEMEHHBIE IPOrpaMM-
HbIE Cpelnbl pa3paboTKu
WH(POPMAITMOHHBIX CHCTEM
M TEXHOJIOTHI

2 Oman — Ymemu:

OIIK-7.2. [TpumensTH
S3BIKK  TIPOTPAaMMHPOBa-
HUS, TPHUMEHATh TEXHO-
gorud paboTel ¢ Oazamu

JTAaHHBIX, IPUMEHSTh
COBPEMEHHBIE TPOTrpaMM-
Hble cpeabl pa3paboTKu

WH(POPMAITMOHHBIX CHCTEM
Y TEXHOJIOTHUH JIJIsT aBTOMa-
TH3aIuu  OU3HEC-TIpoIec-
COB, pCIIeHUs TMPUKIAI-
HBIX 3a7a4  Pa3JIMYHBIX
KJIACCOB, TPUMEHSTh TeX-
HOJIOTUH BeneHus 0a3 JaH-
HBIX U WHGOPMAIMOHHBIX

XPaHHITHUIIL

3 Oman — Bnaoemns:
OIIK-7.3. Hasrikamu
NpOrpaMMUPOBAHUS,  OT-

JAIKA ©  TECTUPOBAHHS
MPOTOTUIIOB MPOTPaMMHO-
TEXHUYECKUX KOMIIJIEKCOB
3a1a4

000CHOBAaHHOCTbH BBIBOOB.

7. Jlormanoe H3JI0KEHHE
BOIIPOCA, COOTBETCTBHE
W3JI0KEHHST HAYyYHOMY CTHITIO.
8. Herpybass ommOka mpu

BBIMIOJTHEHUH  MPAKTHYECKOTO
3a/1aHusl.

9. IlpaBunbHBIE OTBETHl HA
JOIMOJIHUTCIIbHBIC BOITPOCHI.

«YJOBJIETBOPUTEJIBHO»

1. IToBEpXHOCTHOE yCBOEHHE
IPOTrpaMMHOr0 MaTepuaia.

2. HepocrarouHo IMOJIHOE
U3JIOKEHUE  TEOPETHIECKOTO
BONIPOCa  DK3aMEHAIMOHHOTO
ounera.

3. 3aTpyaHeHue B
MIPUBEICHUN MIPUMEPOB,
[MOATBEPKAAOLINX

TEOPETHUECKHUE TIOJIOKCHHUS.
4. Hanmuune HETOYHOCTEH B

ynoTpeOaeHun TEPMHUHOB,
KJIaccu(uKaIuii.
5. Heymenue YETKO

c(hopMyIHPOBATH BHIBOJIBI.

6. OTcyTcTBHE HaBBIKOB
HAay4YHOTI'O CTHJIS U3JIOKCHUS.
7. I'py0as omuoOKa B
MPaKTUYECKOM 3a/IaHUH.

8. Hetounble = OTBETHI  Ha
JAOIMOJIHUTCIIbHBIC BOITPOCHI.

«HEYIOBJIETBO-
PUTEJIBHO»

1. He3nanue
qacTu
MaTepuaia.
2. HecriocoOHOCTh  MPHUBECTH
MIPUMEPBI MaKeTOB
MPUKJIATHBIX TPOTPaMM

3. Heymenue BBIIEIIUTE
[JIaBHOE, CJeNaTh BBIBOJBI H
000011IeHAS.

4. T'pyOble  omumOKu  TIpH
BBIMIOJTHEHUH  MPAKTHYECKOTO
3a/1aHusl.

5. HempaBuiibHbIE OTBETHI HA
JOTIOTHUTEIHHBIE BOTIPOCHI.

3HAYUTEILHOU
MpOrpaMMHOI0




3. THUIIOBBLIE KOHTPOJIBHBIE 3ATAHW A NJIM MHBIE MATEPUAJIBI,
HEOBXOJIMMBIE JIJIA OLIEHKH 3HAHMI, YMEHU, HABBIKOB U (MJIM) OITBITA
JIEATEJIBHO XAPAKTEPU3YIOIUX STAIIbI ®OPMHUPOBAHU S KOMITETEHIIMIA

B ITPOIIECCE OCBOEHN OBPA30BATEJIbHOM ITPOI'PAMMEBI

1 OTAII - 3HATbH
Tembl 1J1s1 NOATOTOBKH K YCTHOMY OIIpoOCY:

Tema 1. OcHOBHBIE 3Talnbl U HaNpaBJIEHUS HCCIEOBAHUIN B 00J1aCTH CUCTEM HCKYC-
CTBEHHOI'O MHTEJUIEKTA
1. Drambl pa3BUTHS CHCTEM MCKYCCTBEHHOro nnTeiiekra (MN).
2. OcHOBHbIEC HaIIPaBJICHUS PA3BUTUS UCCIICTOBAaHUN B 00JIACTH CUCTEM MCKYCCTBEHHOI'O MH-
TEJUIEKTA.
3. Big Data. Ocobennoctu paboThl C OOJIBIIUMH TAHHBIMH.
4. WzBneuenue 3HaHuil. IHTerpauus 3Hanuid. bassl 3Hanuil. [Ipumepsl.

Tema 2. OcHOBBI MAIIMHHOTO O0YYEHUS M aHAJIN3a JAHHBIX
1. OcHOBBI IpOrpaMMHUPOBAHUS JIS 334 aHAJIN3a JaHHBIX.
bubnuorexku Python nist ananusa qaHHBIX.
3. H3yueHue OTHEIbHBIX HANpaBlIeHUN aHanu3a AaHHbIX. OOydeHue «C yuynuTenem», «0e3 yuu-
TEJIS», «C MOJKPETIIICHUEM.
4. Pemenue 3a1a4 KIacCU(PUKAILINY, KIACTEPU3ALIUH, PETPECCHUH.

Tema 3. Heliponnsie cetu
[Ipunatmn paboTsl Mo3ra. MicTopusi OTKpBITHS HEHPOHOB M HEUPOHHBIX CETEH.
HckyccTBennsie HelipoceTH. CXeMbl U TPUHLIUT PAOOTHI.
[TonHocBs3HBIE HEHPOHHBIE ceTU. OAHOCIONHBIM U MHOTOCIIOMHBIN EPCENTPOH.
I'my6Gokoe oOyueHue.
PasnuuHble apXUTEKTYpbl HEUPOCETEN.

MRS

Tema 4. O6paboTKa €CTECTBEHHOTO S3bIKA
W3Bneuenune nnpopmanuu. MaGopManmoHHbIH MOUCK.
AHanu3 BeICKa3bIBaHUM. AHAN3 TOHATLHOCTH TEKCTA.
BonpocHo-0TBETHBIE CUCTEMBI. [ €HEpUPOBAaHUE TEKCTA.
EcrecTBeHHO-513bIKOBOM UHTEPDEIAC.

b=

Tema 5. KomnbroTepHoe 3peHue
BBenenne B KOMIBIOTEPHOE 3pEHUE.

PacnioznaBanue nzo0pakenuii moapmu. [Ipu3Haku uisi KaTeropu3aui H300paKeHUH.
Bo3moxxknoctu 6mbmortexkn OpenCV. Mamunnoe o0ydenue B OpenCV.
ApPXHUTEKTYpBl HEHPOCETEH IS pacIio3HABAHUS U300paKCHHH.

Eall o

2 9TAIl - YMETH

KoMmmiiekT NMPAKTUYICCKHUX paﬁoT

[IpakTnueckue pabOTHl U CEMUHApBI CIY’KaT A pabOThl CTYACHTOB HaJ y4eOHBIMHU 3a-
JlauaMH C 1eJIbI0 BBIPAOOTKH U 3aKpeTICHUs MPAKTUYECKUX HAaBBIKOB.
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Tema 1. OcHOBHBIC 3TaIlbl U HaIpaBJICHUA HCCIeIOBaHUM B 00JIaCTH CHCTEM HCKYC-
CTBECHHOI'O HHTCJIJICKTA.

3aaHue: U3y4eHHe OCHOBHBIX CIIOCOOOB MPE/ICTABICHUSI TaHHBIX: MPOJKIIMOHHBIE MOJIE-
JIM, CEMaHTHUYECKUE CEeTH, (ppeiiMbl.

Hcnonb3yst COOTBETCTBYIONINE AYTH MOCTPOUTH CEMAaHTHYECKYIO CETh (110 BapHaHTaM):
1. l'eorpaduu peruona. Jlyru: rocyaapctBo, CTpaHa, KOHTHHEHT, IIUPOTA.
2. Ilpouenypsl MoncKa NOJIE3HBIX UCKONAeMbIX. Jlyru: HAMMEHOBAaHHME HCKOMAEMOr0, pacIo-
JIO’KEHHUE MECTOPOKACHUS, IITyOUHA 3aJIeTaHusl, METOJIbI JJOOBIYH.
3. Pacnipenenenus mpoayKToB 1o Mara3uHaMm. J{yru: ICTOYHUK CHaOKEHHW s, HANMECHOBAaHHE
MPOIYKTa, CIOCOO TPAHCTIOPTHPOBKHU, KOHEUHBIH MMyHKT TPAHCIOPTUPOBKH.
4. OnpeneneHue MpUHAIICKHOCTH )KUBOTHOTO K OMPEICIECHHOMY BUY, THILY, ceMeicTBy. Jlyru:
MECTO OOMTaHUsI, CTPOCHHE, OCOOCHHOCTH TIOBEJICHUS, BUJI TUTAHUSI.
5. Knaccudukanuy nuieBbix NpoAyKToB. Jlyru: HauMeHOBaHHE MPOIYKTa, COCTABIIAIONINE
YacTH, CIOCOO MPUTOTOBJICHUS, CPOK XPAHEHHUS.
6. Pacmo3naBanue tumna KoMmmberoTepa. [lyru: crpana u3roToBUTElNb, CTaHAAPTHAS KOHGUTYpa-
1usi, 001aCcTh MPUMEHEHUS, HCIIOIb3yEeMOe MTPOrpaMMHOE 0OecrieueHue.
7. Uepapxuueckoit cTpykTypsl BJ1. Jlyru: cucrema, cocTosiHue, HAa3Ha4YE€HHE, B3aUMOJICHCTBUE
COCTaBJISOIIHUX.

Tema 2. OCHOBbI MAIIMHHOTO O0y4YeHHS U AHAJIN3A JAHHBIX
1. 3amanme: U3y4uTh OCHOBHI porpamMmupoBanus Ha Python. OcHoBHBIE OMOIMOTEKHM MAIIIH-
HOTO 00yYeHUSI.

Brinonnenue 3aianus Ha TeMmy «JIuneliHas perpeccus»q|
ITocranoBka 3agauny|
Heo0Oxoaumo mpeicka3siBaTh JOXO0 OT MPOJAKH MOPOKEHOTO B 3aBUCHUMOCTH OT TeMITePaTyPhl
BO3/1yxa. MBI IipeainonaraeM, 4YTo JUHEHHas: pErpeccus MO3BOJIUT PEIIUTh ATy 3a7ady.
[ar #1: ummopt OubIHOTEKY
import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

[ar #2: umnopt nataceral

3arpyxaeMm B Colab c¢ mmcka IIK.

from google.colab import files
files.upload()

co3maeM OOBeKT - maTadpernm - pna Colab
IceCream = pd.read csv("IceCreamData.csv")
# cuntbiBaeM nepsble 10 3HaYEHMI
IceCream.head (10)
out[5]:
TemperatureRevenue
Ok4.566884 [534.799028
16.005191 [625.190122
PR7.790554 [660.632289
B3R0.595335 [487.706960
4111.503498 [316.240194
5lL4.352514 [367.940744
6
7
3
o

R IR

13.707780 [308.894518
30.833985 [696.716640
0.976870 55.390338
31.669465 [737.800824
In [6]:

# cuuTeBaeM nocjenuve 10 3HaueHUN
IceCream.tail (10)



../../../../Y:/%D0%9E%D0%B2%D1%81%D1%8F%D0%BD%D0%B8%D1%86%D0%BA%D0%B0%D1%8F%20%D0%9B.%D0%AE/%D0%A2%D0%B5%D1%85%D0%BD%D0%BE%D0%BB%D0%BE%D0%B3%D0%B8%D0%B8%20%D0%BC%D0%B0%D1%88%D0%B8%D0%BD%D0%BD%D0%BE%D0%B3%D0%BE%20%D0%BE%D0%B1%D1%83%D1%87%D0%B5%D0%BD%D0%B8%D1%8F%20%D0%B8%20%D0%B0%D0%BD%D0%B0%D0%BB%D0%B8%D0%B7%D0%B0%20%D0%B4%D0%B0%D0%BD%D0%BD%D1%8B%D1%85/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0%202%20%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0_%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F.html#%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F-%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F
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TemperatureRevenue

490[23.824922 [584.399945
491134.472169 [809.352520
49223.056214 [552.819351
493[14.931506 [377.430928
49425.112066 [571.434257
495[22.274899 [524.746364
496[32.893092 [755.818399
497012 .588157 [306.090719
498[22.362402 [566.217304
49928.957736 [655.660388

# OCHOBHEIE CBeIEeHMS ONMCATEJIbHOM CTAaTUCTUKM: KOJI-BO, CpenHee, CpelHeKBaIpaTu-—
yecKoe OTKJIOHEeHUE,

# MMHMMaJIbHOE BHaudeHue

IceCream.describe ()

TemperatureRevenue
count|500.000000 500.000000
mean [22.232225 |[521.570777
std [8.096388 175.404751
min [0.000000 10.000000
25% |17.122258 [405.558681
50% [22.392791 [529.368565
75% [27.740674 [642.257922
max [45.000000 [1000.000000

# TO Xe, HO IO OTIEJILHOMY CTOJIOIY
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: floaté64
In [9]:

# monyyaeM KpaTKMe CBEeIeHMs O IaHHHX
IceCream.info ()

RangeIndex: 500 entries, 0 to 499

Data columns (total 2 columns):

Temperature 500 non-null float64

Revenue 500 non-null floatoc4

dtypes: float64(2)

memory usage: 7.9 KB

Mlar#3: Buayanmmuzauusa naracera]
https://coincase.ru/blog/47592/9

# cTpouM TUOPUIOHE OBYMEPHEI I'padmk
sns.jointplot (x='Temperature', y='Revenue', data = IceCream, color = 'gray')
Out[10]:

<seaborn.axisgrid.JointGrid at 0x19761326ef0>
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https://coincase.ru/blog/47592/
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Temperature

# Bropoit crocof

sns.pairplot (IceCream)

# ImarpamMma paccesdHUs C IOINOJIHMTEJIbHOM HAaJIOKEHHOM JIMHMEN perpeccun
sns.lmplot (x="'Temperature', y='Revenue',K data=IceCream)

o 0 o ° 00 1000
Revenue

llar #4: pasbueHue maTaceTa Ha OOyUaKIyld M TECTOBYW BEHOOPKYT
In [13]:

y = IceCream| 'Revenue']

In [14]:

X = IceCream|['Temperature']]

In [15]:

X

Out[1l5]:
Temperature

0 [24.566884

1 [6.005191

P [27.790554

3 [20.595335

4 111.503498

5 [14.352514

498122 .362402

499[28.957736

500 rows x 1 columns

In [16]:

# mvnopTupyeMm dyHkumMo train test split

from sklearn.model selection import train test split

In [17]:

# oymxuma train test split npmHmmMaer aprymenTel X train, X test, y train,
y test

# BHYTpM 3azaeM IPOLEHT TeCTOBOM BHOOPkM (0oObuHO 25% mnm 20%)

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

X train
Out[18]:
Temperature
462(12.123014
48926.964217
P10[R2.387604
487I32.632858
17 [42.515280
406[17.997015
417R7.516646
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375 rows x 1 columns

llar #5: oByuenme Mmomesm{

In [19]:

# npoBepuM pPas3MEpPHOCTH

X train.shape

Out[19]:

(375, 1)

In [20]:

# vMIopT MeToma JIMHEMHOM perpecCcum

from sklearn.linear model import LinearRegression

In [21]:

# Crmemymoumasa omnepaums co3maéT nepemMeHHyio model B kauecTBe skzeMmisgpa Linear-
Regression.

# OnumoHaJIbHBIE IIapaMeTpH Kjacca LinearRegression:

# fit intercept - sjormueckuit (True Ho yMOJYaHMIO) [apaMeTp, KOTOPENI pemaer,
# BLIUMCIIATL OTPEe30K be - or 0 OO peasibHEIX HAUaJIbHHEX 3Haueuwmi (True) wuim
paccMaTpMBaTh €0 Kak paBHEM HyJwo (False).

# normalize - Jjormueckwuit (False mo yMOJUaHMIO) I[HapaMeTpP, KOTOPHII pelaeT,
HOPMaJIM30BaTh BXOIHEIE IepeMeHHHEe (True)

# mnm HeT (False).

regressor = LinearRegression(fit intercept = True)
In [22]:

# ofOyueHMe MOIEJIM — BHUMCIIeHME KO2OOUIIMEHTOB
regressor.fit (X train,y train)

Oout[22]:

LinearRegression (copy X=True, fit intercept=True, n_jobs=None,

normalize=False)

In [23]:

# neuvarh KO30OULMEHTOB

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: TecTtupoBaunue Momesu]

In [24]:

y_predict = regressor.predict( X test)

y_predict

Oout[24]:

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

In [25]:

y test

out[25]:

164 726.233771

96 474.749392

108 643.788331
169 773.924755
Name: Revenue, Length: 125, dtype: float64

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) ')


../../../../Y:/%D0%9E%D0%B2%D1%81%D1%8F%D0%BD%D0%B8%D1%86%D0%BA%D0%B0%D1%8F%20%D0%9B.%D0%AE/%D0%A2%D0%B5%D1%85%D0%BD%D0%BE%D0%BB%D0%BE%D0%B3%D0%B8%D0%B8%20%D0%BC%D0%B0%D1%88%D0%B8%D0%BD%D0%BD%D0%BE%D0%B3%D0%BE%20%D0%BE%D0%B1%D1%83%D1%87%D0%B5%D0%BD%D0%B8%D1%8F%20%D0%B8%20%D0%B0%D0%BD%D0%B0%D0%BB%D0%B8%D0%B7%D0%B0%20%D0%B4%D0%B0%D0%BD%D0%BD%D1%8B%D1%85/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0%202%20%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0_%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F.html#%D0%A8%D0%B0%D0%B3-%235:-%D0%BE%D0%B1%D1%83%D1%87%D0%B5%D0%BD%D0%B8%D0%B5-%D0%BC%D0%BE%D0%B4%D0%B5%D0%BB%D0%B8
../../../../Y:/%D0%9E%D0%B2%D1%81%D1%8F%D0%BD%D0%B8%D1%86%D0%BA%D0%B0%D1%8F%20%D0%9B.%D0%AE/%D0%A2%D0%B5%D1%85%D0%BD%D0%BE%D0%BB%D0%BE%D0%B3%D0%B8%D0%B8%20%D0%BC%D0%B0%D1%88%D0%B8%D0%BD%D0%BD%D0%BE%D0%B3%D0%BE%20%D0%BE%D0%B1%D1%83%D1%87%D0%B5%D0%BD%D0%B8%D1%8F%20%D0%B8%20%D0%B0%D0%BD%D0%B0%D0%BB%D0%B8%D0%B7%D0%B0%20%D0%B4%D0%B0%D0%BD%D0%BD%D1%8B%D1%85/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0%202%20%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F/%D0%9B%D0%B0%D0%B1%D0%BE%D1%80%D0%B0%D1%82%D0%BE%D1%80%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B0%D0%B1%D0%BE%D1%82%D0%B0_%D0%9B%D0%B8%D0%BD%D0%B5%D0%B9%D0%BD%D0%B0%D1%8F%20%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%81%D0%B8%D1%8F.html#%D0%A8%D0%B0%D0%B3-%236:-%D0%A2%D0%B5%D1%81%D1%82%D0%B8%D1%80%D0%BE%D0%B2%D0%B0%D0%BD%D0%B8%D0%B5-%D0%BC%D0%BE%D0%B4%D0%B5%D0%BB%D0%B8
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Revenue Generated vs. Temperature @lce Cream Stand(Training dataset)
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CamocrosiTesibHas padora no Teme "JIuHeiinas perpeccus'
Ycaosue 3aganue:
Bl sBisieTech KOHCYJIBTAaHTOM KPYITHOTO MPOU3BOJUTENS aBToMoOuieil. Bam Obuto mopyudeHo
paszpaboTath MOJIEh JUIsl IPOTHO3UPOBAHUS BIUSHUS YBEJIMUEHUS MOITHOCTH aBTOMOOMIIA (J1.C.)
Ha YKOHOMHUIO TOTuTHBA (Mmpober Muiib Ha TaiioH (MPQG)).
Bbl cobpanu nanHbIe:
HezaBucumas nepemenHas X: MOIIIHOCTh TPAHCTIOPTHOTO CPEJCTBA B JIOIIATUHBIX CHIIAX.
3aBucuMmas nepeMmenHas Y : [IpoGer mwib Ha rawion (MPG).
3aganue:
M0 aHAJIOTHH C TaOOpaTOpHON paboTOoi, B KOTOPOW pacCUUTHIBAIach MPHUOBLIL OT MPOAAKU MO-
POXEHOTO B 3aBHCHMOCTH OT T€MIEpaTyphl BO3/yXa, MPOAHAIN3UPYHTE MOIy4YEeHHbIE JaHHBIE,
BU3YaAJIM3UPYHTE UX U TIOCTPOHTE MOJEIb IMHEHHOM perpeccun. Micnonb3yiiTe natacer u3 Qaiina
FuelEconomy.csv.

Tema 3.

Hanucanue pedepara sBrsercs o0s3aTeNbHBIM 3JEMEHTOM pPAaOOTHI CTYICHTOB B paMKax
OCBOCHUS TUCHUTUTHHBI «O0paboTKa eCTeCTBEHHOTO S3bIKa U KOMITBIOTEpHOE 3peHue». Pedepar
(ot nart. «refero» - qoKIIaaBIBaO, COOOIIAI0) - 3TO CAMOCTOSATEIbHAS HCCIIEI0BaTEIbCKas padoTa,
B KOTOPOW aBTOp pacKphIBA€T CyTh UCCIEIYyEeMOM MPOOIeMbl; IPUBOJUT pa3IMuHbIE TOUKU 3pe-
HUS, a TakKe coOCTBeHHBbIE B3MIsibl HEe Hee. Conepkanue pedepara JOMKHO ObITh JIOTUYHBIM;
M3JI0KEHNE MaTepraia HOCUT MPOOIEMHO-TEMAaTHIECKUN XapaKTep.

Tembl 1151 pedpepaToB:

Knaccugukarus u Buapl HSHPOHHBIX CETEH.

MeTtob1 ycKkopeHus: 00ydeHus: HEHpOHHOU CETH.

MHOrOoCI0MHBIE TOJIHOCBSI3HBIE HEUPOHHBIE CETH.

Heiiponnsie cetu nms oOHapyXKeHHUS BPEIOHOCHOTO MTPOrPaMMHOT0 00ecTieueHusl.
Hetiponnsie cetu s ananu3a (PMHAHCOBOTO PHIHKA.

Heliponnsle cetu Juist pacrio3HaBaHUsl TEKCTOB U roJioca.

CepTouHble HelipoHHbIe ceTH. Ha3zHaueHue u ucropus co3gaHus.

PekkypenTHbIe HelipoHHbIE ceTu. HazHaueHne u ucTopusi CO31aHMUs.

9. HeiiponHnsle ceTu A pacro3HaBaHus 00pa3oB.
10. IlpumeHeHne HEMPOHHBIX CETE B 3KOHOMUKE U OM3HECE.
11. [IpumeHeHne HEHPOHHBIX CETE B MEAMIIMHE.
12. [IpumeHeHre HEHPOHHBIX CeTel B aBTOMATU3AIIUN U POOOTOTEXHUKE.
13. IlpuMeHeHue HEMPOHHBIX CETEH B cucTeMax 0€30MacHOCTH M OXPaHHBIX CHCTEMaX.
14. IlpumeHeHne HEUPOHHBIX CETEl B KOMIbIOTEPHBIX UTPax.
Cmpyxmypa pegpepama:

1) Kurouessle ciioBa.

2) Amnnotanus conaepkanus (2-3 mpenaoKeHus).

3) Bsenenwue (He Oosee 2 crpanwi). Bo BBegeHHH HE0OXOIUMO OOOCHOBATH AKTyallb-
HOCTb T€MBI, OUEPTUTH 00JACTh HCCIEN0BAHUS, OOBEKT HCCIEAOBAaHNUS, OCHOBHBIC LM U 33/1a4H
Uccle0BaHusl, cHOpMYIMPOBATh BBIIBUTAEMbIE THIIOTE3BI.

4) OcHOBHas 4acCTh COCTOMUT U3 2-3 pa3fenoB. B HUX pacKpblBaeTcs CyTh HCCIENyeMOU

NN R WD =
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po0JeMbl, TPOBOAUTCS 0030p MH(OPMAINH 10 TTpeIMETY UccienoBanus. M3noxenne marepua-
Ja HE JOJKHO OrpaHMYMBATHCS JIUIIb OMHCATEIbHBIM MOIXOJOM K PACKPHITHIO BBIOpaHHOMN
TemMbl. OHO TaKXe JTOJDKHO CO/IepKaTh COOCTBEHHOE BUJICHHE PaccCMaTpUBaeMOM POOIIEMBI.

5) 3axmouenue (1-2 crpanubl). B 3akimioueHnn KpaTKO W3JIAraloTCsS BBIBOJBI, & TAKXKe
IIpeIoiaracMble HayqHbI€ PE3yJIbTaThl U IPOTHO3BI.

6) bubnuorpadpuueckuii crucok (ot 5 1o 10 mcrouynukoB) B andaBUTHOM mopsake. B
JAHHBIM CIIMCOK PEKOMEHAYeTCs BKIIOYaTh PabOThl OTEUYECTBEHHBIX M 3apyOekHBIX aBTOPOB
bubnuorpaduyeckuil CIUCOK COJIEPKUT TOJBKO T€ MPOU3BENEHHUS, Ha KOTOPhIE €CTh CHOCKU B
TEKCTE.

7) Ilpunoxenue (mpu HEOOXOTUMOCTH).

Co3nanne npe3eHTAMH N0 32JaHHOM Teme

MynbTUMeANHbIE TPE3EHTAUN UCTIONB3YIOTCS ISl TOTO, YTOOBI 00yYaromuiics CMOT HaTJIsIHO
IPOIEMOHCTPUPOBAThH BU3YyalbHbIE (ayJHO0, BUJIEO, TpapuuecKie) MaTepHalbl, OCBOCHHBIC B
X0JIe CAMOCTOSITENTbHOM U MIPAKTHUUECKON pabOoThI 10 IPEIMETY.

OO0mue TpedOBaHMS K IPE3EHTALUN:

[Tpe3enTanus He 10/kHA OBITH MeHbIIe 10 crnaiinos.

[lepBrIii cnaiiq — TUTYJIbHBIN JIUCT, HA KOTOPOM 00S3aTENIbHO JOJIKHBI OBITh MPEACTABIICHBI:
Tema; (paMunus, UM, aBTOpa, HOMEp y4eOHOM rpymnIbI;

Bropoii cnaiin — coaepxkaHue, TJe MpeacTaBIeHbl OCHOBHBIE BOIPOCH pa300paHHBIE B X0JI€
u3yudeHus TeMbl. JKenaTenbHo, 4TOOBI U3 COAEPIKAHUS M0 THIIEPCCHUTKE MOXKHO MEPEeHTH Ha He-
00X0IMMYIO CTPAHUILY U BEPHYThHCS BHOBb Ha COJIEPIKAHHUE.

B cTpykType mpe3eHTanuu HEO0OXOAMMO HCIOJb30BaTh: IpadUuecKyl0 M aHUMAIMOHHYIO
nHGOpMaIMIO: BUJEO U ay U0 (pparMeHThl, TaOIUIIbI, JUarpaMmbl, THPOrpaduky u T.1.

[Tocnennuil cnaifyy IEMOHCTPUPYET CHHMCOK CCHUIOK HA, MCIOJb3yeMble HH()OpPMaIMOHHBIE
PECYPCBL.

Tema 4. O0padoTKa ecTeCTBEHHOI0 SA3bIKA
IIpakTHyeckas padora «/lerekTMpoBanue cnama»

Komnexuusa SMS unu emeil cnama - 310 Habop coobiieHui ¢ TeraMu, KOTopble ObLIIM cOOpaHbl
Uit uccnenoBanuss SMS-ciama. On copepxut Habop SMS-coo0IIeHni Ha aHTJIMKACKOM SI3BIKE,
cocTosmuid u3 5 574 cooOreHn#, MOMEUEHHBIX Kak ham - «3aKOHHBIN» WIIM Spam - «CIIam.

daiinbl cozepkar 0JIHO coolIeHne B cTpoke. Kaxas cTpoka cOCTOMT M3 JIByX CTOJOLOB: VI
BKIItouaeT MeTKy (ham unu spam), a v2 conepXut HeoOpaOOTaHHBIN TEKCT.

3amaya: co3aTh MOJIEINb, TIO3BOJISIONLYIO ONPEAETATh HA OCHOBE aHaJIN3a TEKCTa, OTHOCUTCS OHO
K CIIaMy HJTH HE COJEPIKHT TIOJ03PUTEIHHBIX KOHCTPYKIINH.

[ar #1: Umnopt 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 Havasio 1 OKOHYaHHUE JaTaceTa
spam_df.head(10)

text Spam|
OfSubject: naturally irresistible your corporate...
1[Subject: the stock trading gunslinger fanny i...
2iSubject: unbelievable new homes made easy im ...
3iSubject: 4 color printing special request add...

—_— | —

==Y

==Y
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text spam|
Subject: do not have money , get software cds ... |l
SiSubject: great nnews hello , welcome to medzo... |1
spam_df.tail(5)

=

text spam
5723|Subject: re : research and development charges...[0
5724Subject: re : receipts from visit jim , than... 0
5725|Subject: re : enron case study update wow ! a... [0
5726Subject: re : interest david , please , call... 0
5727|Subject: news : aurora 5 . 2 update aurora ve... [0

#IlocMOTpUM OmHCaHHE BBIOOPKU: 00IIee KOJMYECTBO 3HAYCHHUIM M KOJIMYECTBO HEHYJICBBIX 3HA-
YEHUI

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

[Tar #2: Buzyanu3zauus naracera¥|

# ham -3T0 He cmmam. CiOBO HCMONB3yeTCs At 60see OBICTPOro MPOWM3HECEHUS] M HAINMCAHUS
"no-spam”

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

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

# BpIBOoOUM COOOILEHHS, IOMEYEHHBIE KaK HE CIIaM

ham

text Spam|
1368[Subject: hello guys ,i' m " buggingyou"f... [
1369Subject: sacramento weather station fyi--... |0
1370[Subject: 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
# BrIBOIMM COOOIIEHHNS, IOMEUYEHHBIE KAK CIIaM

spam

text Spam
0  [Subject: naturally irresistible your corporate... 1
1  [Subject: the stock trading gunslinger fanny 1i... 1

2 Subject: unbelievable new homes made easy im ...|1

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

# BpiuuciisieM MpOLEHT MUCEM, COJIEPKaIINX CIaM

print( 'Spam percentage =', (len(spam) / len(spam_df) )*100,"%")
Spam percentage = 23.88268156424581 %
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# Beruncnsiem nporeHt nuceM, HE cogepxaniux cnam. CaMOCTOSATENILHO: BBIYHCIUTE JIPYTUM
Croco60oM.

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

Ham percentage = 76.11731843575419 %

# Buzyanuszupyem pe3ysibraT

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

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

4000 1

3000 1

count

2000 1

1000 1

1] 1
spam

[IIar #3: Co3nanue TecToBOM 1 0OydJaromiei BEIOOpKUY|
[Ipumep mnpumeHeHHsT croco0a H3BJICUEHUS U KOIUPOBaHUs TEKCTOBBIX naHHBIX COUNT
VECTORIZERY|
# CountVectorizer mpeoOpa30BhIBAET BXOAHON TEKCT B MATPUILY, 3HAYCHUSIMH KOTOPOI
# SIBJISIOTCS KOJIMYECTBA BXOXKJICHHSI IAHHOTO KITFOYa(CI0Ba) B TEKCT.
# IlpuBenem npoctoii mpumep. Jlomyctum ecTh MaccuB sample data TeKCTOBBIX 3HAUCHUH:
# ['This is the first document.','This document is the second document.',
# 'And this is the third one.','Is this the first document?']
# Hwoke 3HaueHUS 171 yA00CTBA HAIUCAHBI B CTOJIOEII.
from sklearn.feature extraction.text import CountVectorizer
sample data = ['This is the first document.',
'This document is the second document.',
'And this is the third one.',
'Is this the first document?']

vectorizer = CountVectorizer()
X = vectorizer.fit_transform(sample data)

# B nepByto ouepens CountVectorizer coOupaeT yHUKaIbHBIE KIIIOUH (CIIOBA) U3 BCEX 3aIUCel, B
HalieM npumepe 3To OyaeT:

# ['and', 'document', 'first', 'is', 'one', 'second’, 'the', 'third', 'this']. CopTupoBka mo andasury.
print(vectorizer.get feature names())

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

# JlnmHa crnMcka M3 YHUKAIBHBIX KIIFOYEH (CI0B) W OyJeT JUIMHOW HAIIero 3aKOIUPOBAHHOTO
TeKCTa

# (B HameM ciiydae 3To 4). A HOMeEpa 3JEMEHTOB OyAyT COOTBETCTBOBATh, KOJMYECTBY pa3
BCTPEUH JAHHOTO KITF0Ya

# ¢ maHHBIM HOMEPOM B cTpoke. COOTBETCTBEHHO NOCIIE KOAUPOBKH U IPUMEHEHHUS JAHHOTO Me-
TOJIa MBI MTOJTY4IHM:
print(X.toarray())

[[011100101]

[020101101]

[T00110111]

[011100101]]
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ITpumennm COUNT VECTORIZER k Hamieit 3anaqe

from sklearn.feature extraction.text import CountVectorizer

vectorizer = CountVectorizer()

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

In [58]:

# BBIBOTMM YHUKAQIIBHBIC KITFOUX

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 MaTpHIly TEKCTa

print(spamham_countvectorizer.toarray())

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

# CMOTpUM pa3MepHOCTh MaTpuIlbl: 5728 cTpok, 37303 cTonO1OB (= YUCITy YHUKAIBHBIX 3HAUYE-
HUM)

spamham_countvectorizer.shape

(5728, 37303)
[ar #4: o6y4yeHue Mojienu Ha BceM aTtacerey

from sklearn.naive bayes import MultinomialNB
NB_classifier = MultinomialNB()
# HyxHo 3amaTh mapameTp - KJIAcChl, K KOTOpPHIM OyJieM OTHOCHUTH (KJIaCCHU(PUIMPOBATH)
pesyabTar. LleneBoit knacc ykaszan B cronbie Criam

label = spam_df['spam'].values
NB_classifier.fit(spamham_countvectorizer, label)
MultinomialNB(alpha=1.0, class_prior=None, fit_prior=True)
# 3aaeM TECTOBBINM IPUMEP U CTPOUM MATPHILY KITIOUEH:
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..000]]

#lcrionp3yeM Hally HATPEHUPOBAHHYIO MOJIETH M IMOJICTABIISIEM B HEE MONYYEHHYIO TECTOBYIO
MaTpHILy

# PesynbTat: 1-e BeIpaskeHue cnam, BTopoe - He ciaMm. (1 u 0)
test_predict = NB_ classifier.predict(testing_sample countvectorizer)
test predict

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

# TectupyeM pa3HbIe BapUaHTHI - 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)

# IlpoBepsiem BapuaHT 2 - 00a BBIpAKEHUS CIIaM



17

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)

CaMOCTOATENBHO: BBEANTE HECKOIBKO CBOMX BBIPAXKEHUH M MPOBEPHTE, K KAKOMY KJIACCY UX OT-
HeceT kinaccugukatop HauBueiii baitec|

[IIar #4: [lenum manHbIe HA 00YYAIONIYIO M TECTOBYIO BRIOOPKY mepe oOydeHruemM moaenuy|
X = spamham_countvectorizer

y = label

In [93]:

X.shape

(5728, 37303)

y.shape

(5728,)

# OOyuenue oOyyJaroreit 1 TectoBoi BeIOopku 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)

[ar #5: ynyumenue moaenuy

# [locTpouM MaTpHuIly OIMOOK MPU MPOBEpKE MOJIeNIN Ha o0yyaroIiel BhIOOpKe
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)

# IlpexpacHblil pe3yJabTaT

cm = confusion_matrix(y_train, y predict train)

sns.heatmap(cm, annot=True)

<matplotlib.axes. subplots.AxesSubplot at Oxcc2fe48>

o - 3.5e+03
- 3000
- 2400
- 1800
- 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
macro avg 099 1.00 0.99 4582
weightedavg  1.00 1.00 1.00 4582
# IlocTponm MaTpuIly OmMOOK MPU TIPOBEPKE MOJICTH HA TECTOBOM BBHIOOPKE
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>

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
macroavg 098 099 099 1146
weightedavg 099 099 099 1146

Tema 5. KomnbroTepHoe 3peHue

@opmyJIMpOBKa 3a4a41

B nanHoii 1abopaTtopHOi paboTe MBI TTO3HAKOMHMCS C aPXUTEKTYPOH CBEPTOYHBIX HEHpoceTen

LeNet.

[{enb mabopaTopHO# pabOThI: 00YYUTH HEUPOCETH JJIS PEIICHUS 3371249 KIACCU(PUKAIIUU JTOPOXK-

HBbIX 3HAKOB.

[annast 3a1aua HeoOXxoaUMa U1 paboThl OECTIUIIOTHBIX aBTOMOOMIIEH, MPUYEM paclio3HaBaHHUE
3HAKOB JOJDKHO MTPOBOJMTHCS MPAKTUUECKH MITHOBEHHO. Habop naHHBIX comepxut 43 pasimmd-

HBIX KJIacca U300pakeHH.

Kiaccel mepeunciensl HIKe:

0 - Orpanmnuenue ckopoctu (20 kM / 1)

1 - Orpanunuenue ckopoctu (30 km / 1)

2 - Orpanuuenue ckopocta (50 km / 1)

3 - Orpanunuenue ckopoctu (60 kM / 1)

4 - Orpannuenue ckopocta (70 km / 1)

5 - Orpanunuenue ckopoct (80 kM / 1)

6 - Konern orpaanyenns ckopoctu (80 kM / 1)
7 - Orpanunuenue ckopoctu (100 kM / v)

8 - Orpanmnuenue ckopoctu (120 kM / 1)

9 - OOroH 3amnperiexH

10 - 3anpernraeTcst mpoe3a s TPAaHCIIOPTHBIX CpencTs Oosee 3,5 T
11 - TIpoe3x Ha cieayromeM nepeKpecTKe

12 - I'maBHas nqopora

13 - Yerynu nopory
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14 - Cron

15 - 3amperen npoe3a TPaHCIIOPTHBIX CPEICTB
16 - 3ampelieH Bbe3]] TPAaHCIIOPTHBIX CpeCTB Oosee 3,5 T
17 - Boesn 3anpenieH

18 - Buumanue

19 - KpyToii mOBOpOT HaJlIeBO

20 - KpyToii moBOpOT HanpaBo

21 - /IBOWHOI MOBOPOT

22 - Yxabbl

23 - Cxonb3Kas jopora

24 - CyxeHue cripaBa

25 - loposxHble pabOTHhI

26 - Cetodop

27 - Ilemexoabl

28 - lletn

29 - [lepecedenue ¢ BEJIOCUTIEAHON T1O0POTOM
30 - OcreperaiiTech nbaa / cHETa

31 - Jlukue )KUBOTHBIC

32 - KoHen Bcex orpaHU4eHU

33 - IToBopoT HampaBo

34 - IloBopoT HaneBO

35 - [Ipoe3n TOABKO MPSMO

36 - [Ipoe3n npsiMO WIJIM HAIIPaBoO

37 - [Ipoe3n npsMo WIIK HAJIEBO

38 - [Ipunep>xuBaiiTech MpaBoil CTOPOHBI

39 - [Ipuaepx’uBaiiTeCh J€BOM CTOPOHBI

40 - Kpyrosoe 1BuxeHue

41 - Konern 30HbI OrpaHUYEHUS Npoe3aa

42 - Koner 3arpera npoesia TpaHCIIOPTHBIX cpencTB Oonee 3,5 T

2 @

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

Mar #0: MmnoptT OBubimorex]

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

Mar #1: VMoopT ¥ HopManmsauus nartacerad
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dany1 Cc pacumMpeHmMeM .p npemncrariaseTr cobom damn pickle, momyns Python,
MCIIOJIb3YEMEIM IJig IpeobpasoBaHMsa 00BekKTOB Python B mocjienoBaTeJIbHOCTDb
OamToB IJig XPaHeHMUd Ha IUCKe UM Inepemauu no ceTm. OH HO3BOJISAEeT yHOOOHO
XPaHUTb MM [epelabaTb OOBEKTHE 0e3 NpelBapMTEJIbHOTO NpeofpasoBaHMA
OaHHEIX B IOpyroy dopMmar.

! JicnoJsip30BaHMEe KIIOUYEeBOTO cjioBa with npm pabore c QalioBeMM OOBEKTaMM
[IO3BOJIAET NPaBUIIBHO 3aKPBITh OOBEKT I[IOCJIe 3aBeplleHMsa paboTel C HuMM. 'rt'
- aTpudbyT, BamanmmMi @QopMaT UTEHMS B TEKCTOBOM PEXUM.
! dyHkumsa pickle.loads () BO3BpamaeT BOCCTAHOBJIEHHYK Mepapxuin OOBLEKTOB
M3 CTPOKOBOT'O IpenCTabBJIEHMA IOAHHBIX.
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.locad(validation data)
with open ("/content/drive/My Drive/Colab Notebooks/Sign Images/
test.p", mode='rb') as testing data:

test = pickle.load(testing data)
# ofos3HauaeM oOyuamuue, TECTOBHE M I[IPOBEPOUHEIE IAHHEE IaTadeTa
X train, y train = train['features'], train['labels']
X validation, y validation = valid['features'], valid['labels']
X test, y test = test['features'], test['labels']
# oueHmBaeMm pas3MepHOCTb - 34800 szamnwmcert, mnsobpaxeHme 35*32 nukcensd,
uBeTHoe (3 - 3HauMT TeH30p RGB)
X train.shape
(34799, 32, 32, 3)
y_train.shape

(34799,)
llar #2: Busyanmuzaumsa maraceraq
# nomcraBngem 1 = cayuanHoe umcio. OyHkumio matplotlib imshow oTobpaxa-
eT rpaduxy Ha ocHoBe 2-D MmaccupoB (u/6 musobpaxeHue
# mvam 3-D mMaccuBOB (LBeTHoe) . BaxxHo! Kaxoeli sJjJeMeHT B MacCuBe OelCTBYy-—
eT Kak MKCeJb.
i = 3100

plt.imshow (X trainf[i])
y_trainfi]

-

.'-i-l-l

EY

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

7

0

5

10

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

1= 20 25 30
Mlar #3: [omroToBKa HaHHHEX]
# sklearn.utils.shuffle() wucnonp3yercd mid IepeMeNMBAHMA MACCUBOB CJIy-—
YaMHBEIM O0Opaz3oM, UYTOOB OblJIa BO3MOXHOCTBL IIOJIydaThb pPa3HBEE M300paxeHUs
KaxOeM pa3, Korga Me IPOBOIMM OOyuyeHMe, UTOOB MEl HE TPEHUPORBAJMUCH HAa
OOHUX U TeX Xe MU30DpaAXeHUIX.
from sklearn.utils import shuffle
X train, y train = shuffle(X train, y train)
Iajiee HYXHO HOPMaJiM30BaTh HAOOP HOAHHHBIX, [IOCKOJIBKY IEeHOPMaJM30BaHHBIE
IOaHHBlEe YXYOWAKT KadeCcTBO paclo3HarBaHMe. g 3TOro npeobpalyeM u300-—
paxeHre B u/6 dopmaT. OTTEHKM CEpPOTO MOJIyuMM KakK CyMMy 3HaueHmult RGB
CJIOEB, @»eJIeHHYI 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 pasMEpPHOCTL — I[OCJIeIHee 3HaueHue = 1.

X train gray.shape

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

(4410, 32, 32, 1)
[locMOoTPpMM Ha mM300paxeHre B OTTEHKAX CEepOoro M MCXOOHOe m3obpaxeHue. Ilo-—
CKOJIbKY MBI YMEHBUIMIIM Pa3MEPHOCTb M300paxeHMuy, y MacCHBa 0Ka3aJioChb
foJiblle M3MEPEeHUM, UYeM MCIOJIb3YyeTCs, I[O3TOMY IIPUMEHST Np.sdJqueeze Oy
YMeHbIIeHMs HEeHYXHHX pas3MepoB. OyHKUUA squeeze () yHajsgeT OCM C OIHUM
B3JIEMEHTOM (IOJMHHOM 1), HO He caMyM B3JIEMeHTH MacCHuBa.
i=620
plt.imshow (X train gray[i].squeeze(),cmap='gray')
plt.figure ()
plt.imshow (X train[i])
<matplotlib.image.AxesImage at 0x7£269a69ea90>
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] 5 10 15 20 25 30

[IOCKOJNIbKY 5TO M30OpaxeHre B Tpalalusax Ceporo, MH NPOOOJIXMM HOPMAaJM3a-—
oMo ero, BeuUMTas 128, a 3aTeM pasnenuB 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 ([[[[ 0.252604177,
[ 0.24739583],
[ 0.25 1,

ceey
[[-0.82552083],
[-0.828125 1,
[-0.82291667],
[-0.765625 ],
[-0.78125 1,
[-0.807291671111)
[IocMOTPMM pasHHE BAPMAHTH M300pPaXEHUN
i =60
plt.imshow (X
plt.figure()
plt.imshow (X train[i])
plt.figure ()
plt.imshow (X train gray norm[i].squeeze(), cmap = 'gray')
<matplotlib.image.AxesImage at 0x7£269a543d90>

]

train grayl[i].squeeze(), cmap = 'gray')

5

10

15

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 0x7f269a423110>



i = 500

plt.imshow (X validation grayl[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£269%9a2£5210>

Mar#4: O6byuenme Momesm{

Monmesib COOEPXUT CJelyouye CJIOU:

llar 1: NepBHM CBEPTOUHHIM CJIOM #1

Input = 32x32x1

Output = 28x28x6

Output = (Input-filter+1l)/Stride* => (32-5+1)/1=28
VcnonbsyeMm 5x5 ounbpTp, raydbmHa 3, KOJIMUECTBO 6
VcnonpsyeM RELU QYHKLUMIO aKTUBaLUM Ha BHXOIE
pooling cxyoi, Input = 28x28x6, Output = 14x14x6

* Stride =1.

0 5 1 15 2 25 3 0 5

Mlar 2: BTOpPOM CBEPTOYHEIM CJIOM #2

Input = 14x14x6

Output = 10x10x16

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

Pooling cmoy, Input 10x10x16, Output = 5x5x16

Ilar 3: PaszsBopauMBaeM HeVpPOCeTb

5x5x16 pasBopaumpBaeTcsa B Output = 400

Mlar 4: 1-71 NOJIHOCBS3HBIM CJION

1-11 cJjio¥: NOJIHOCBA3HEM cjior, Input = 400, Output = 120
npuMeHsaeM RELU QyHKLMIO akTUBALMM HAa BHEXOIE

Mlar 5: 2-11 NOJIHOCBS3HEIM CJION

2-1 cnom: Input = 120, Output = 84

npuMeHseM RELU QyHKUMIO akKTMBALMM HA BEXOIE

Ilar 6: 3-1 IOJIHOCBS3HBIM CJION

3-1 cjyom: 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 (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 #
conv2d (Conv2D) (None, 28, 28, 06) 156
average pooling2d (AveragePo (None, 14, 14, 06) 0
conv2d 1 (Conv2D) (None, 10, 10, 16) 2416
average pooling2d 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'])
BuymMmaHue ! [IpoBepbTEe COOTBETCTBME I[IOJIYUEHHBX Pa3MepPHOCTEM ONMCAaHHBIM
BeIe pas3MepHOCTAM! ]
history = LeNet.fit (X train gray norm,

y train,

batch size = 500,

epochs = 50,

verbose = 1,

validation data = (X validation gray norm, y valida-
tion))
Epoch 1/50
70/70 [==============================] - 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 [==============================] - 155 213ms/step - loss: 0.0304
- accuracy: 0.9918 - val loss: 1.1957 - val accuracy: 0.8433

Mar#5: OuenmBanme Momesmq

# olleHMBaeM TOUHOCTHL HEVPOCEeTHU

score = LeNet.evaluate (X test gray norm, y test)
print ('Test Accuracy: {}'.format (score[l]))
395/395 [==============================] - 35 8ms/step - loss: 1.6408

- accuracy: 0.8343
Test Accuracy: 0.8342834711074829
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history.history.keys ()

Oout[25]:

dict keys(['loss', 'accuracy', 'val loss', 'val accuracy'])

accuracy = history.history['accuracy']

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

loss = history.history['loss']

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

BusyanusupyeM MTepaluy OaHHHEX OOyUeHMs M MNPOBEPKM IO 3rnoxaM. Mel Habmo-—
oaeM, UYTO TOUHOCTBL yBemumBaeTcs no /0% 3a HEeCKOJIbKO BI0X, a 3aTeM Ie-
PeEXOIUT Ha IOJIOTUM ydaCTOK.

epochs = range (len(accuracy))

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

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

plt.legend()

<matplotlib.legend.Legend at 0x7f2693337b10>

Training and Validation Accuracy
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®  Taining Accuracy
02 . = \alidation Accuracy

o 10 20 30 40 50
OrTobpaxaeM MNOTEPM IPM HNPOBEPKE M OOYUYEHMM B 3aABMCHMMOCTM OT KOJIMYUECTRBA
BNIOX M HabmwmaeMm, 4TO O0b0a 3TUX Ipadmka MMenT oOpaTHYH BaBUCHMMOCTL. Me
BUIMM, YTO IPOLEHT [IoTepb nazmaetr mo 50% za 5 =nox.
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>

Training and Validation loss

® Taining loss

30 —— Validation loss
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predicted classes=LeNet.predict (X test gray norm)
classes x=np.argmax (predicted classes,axis=1)
CrpouM MaTpully ommbOOK
from sklearn.metrics import confusion matrix
cm = confusion matrix(y test, classes Xx)
plt.figure(figsize = (14,10))
sns.heatmap (cm, annot=True)
<matplotlib.axes. subplots.AxesSubplot at 0x7£2693f42f£50>
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HasunaummMm y_true IJId BEIBOLA IOAHHBEIX TEeCTUMPOBAHMA M IIOJIYUMM IIPpelCKa3aHHEBIE
3HAUYeHUd M3 Halley Momesu c nomombio oyHkumm LeNet.predict (), xoropas
npuHMMaeT X test gray norm B KadecTBe BXOOHHIX HaHHEX. TakuMm oOpasoM MEl
MOXEM CPaBHUTL MNPOTHOSBE HAUIMX MOIEJIeM C MCTUHHEM S3HAUEeHUEM.
#y true = y test
#np.argmax (predicted classes, axis=1)

L =17

W =7

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

for 1 in np.arange (0, L*W):

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

axes[i].set title('Prediction = {}\n True =
{}'.format (classes x[1], y test[i]))

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

3aganue 118 caMOCTOSITeIbHOI padoThl: YBEITUYUTH TOYHOCTH PaboThl. OOOCHOBATH, TOYEMY
MPEANPUHSTHIC MEPBI YBETUYIIIA TOYHOCTh. UTO MOKHO U3MEHHTD:
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@DyHKIMH aKTHBALINN.

Jl06aBUTH CBEPTOYHBIN U MYJUITMHT-CIIOH (CIIOH).

W3MeHnTh average MyJIJIMHT HA Max ITyJUINHT.

Jlo6aBHTH CII0i1/CTIOM TIOTHOCBS3HONW HEHMpPOCETH.

W3MeHnTh (D)yHKIMIO aKTUBAIIMH [TOJTHOCBSA3HOM HEHpOCeTH.

AN e o e

OO6ocHyiiTe BEICOKHE 3HAYCHHS B MaTPHUIIE OIIMOOK, HAPUMEp, Ha MepecedeHnu 18-ro
cTonbua u 26-i cTpoku.

3 OTAII - BJIAJIETD

Bomnpocsl 1uist 3k3aMeHa
1.3amaun 06paboTku ectecTBeHHOTO si3biKa (NLP).
2.B03MOKHOCTH METO/I0B MAIIIMHHOTO 00y4YeHUsI B 00pabOTKE €CTECTBEHHOTO SI3bIKA.
3.Mogens Bag-of-Words.
4.BexTopHoe npencTtaBienue (text embeddings)
5.Mogens Word2Vec
6.PexkyppeHTHbIE HEHPOHHBIE CETH.
7.ApxutekTypa u ocHoBHas unes LSTM-cereit.
8.MalMHHbIN ePEeBOI.
9.0cHOBHBIE 337]a4l KOMIIBIOTEPHOI'O 3PEHMSL.

10. CBepTouyHBIE HEUPOHHBIE CETH.
11. HderexktupoBaHne 0OBEKTOB.
12. bubnuoreka OpenCV.

Tect pJ1st CAMOKOHTPOJIsI (IPUMEPHBIE BONPOCHI HTOTOBOI0 TECTHPOBAHUS)
1. Meron, MO3BOJIAIOINM ITPEACKA3BIBATh 3HAYCHUS TON WIX HHON HENIPEPHIBHON YUCIOBOM

BEJTMYUHBI JIJIs1 BXOJIHBIX TAHHBIX HAa3bIBACTCS:

Knacrepuzamus

Knaccudukanus

Perpeccust

Meton OnOpHBIX BEKTOPOB

2. Kaxkoit u3 BH10B MallimHHOTO 00yYEHUsI OCHOBBIBACTCS HA B3aMMOJICHCTBHH 00ydaeMoin
CHUCTEMBI CO cpesion?

C yuurenem

be3 yuurens

C noakpenieHuemM
['my6unHOE

3. B kakue urpsl HelpoceTh elle HE HayunIach OOBITPHIBATh Y€JIOBEKa?
I'o

bpux

[ITaxmatel

"Mapuo"

4. MCTOI[, HOSBOJ’IS{IOHII/Iﬁ IMPOrHO3UPOBATH BBIXOAbI C IBYMS BO3MOXHBIMU 3HAYCHUSMU,
noMe4eHHbIMU Kak «0» mim «1», Ha3pIBaeTcCs:
Jlorncrnuyeckas perpeccust
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MeTo/1 OTIOPHBIX BEKTOPOB
Meron k-Ommkanmux cocenei
HelipoceTs

5. OmmbKy 1-ro posia MHOTIa HAa3bIBAIOT:
TouHOCTH MOAETHN

Jlo:xknas TpeBora

BeposiTHOCTB OTKa3a

[Tpomyck nenu

6. OmmbKy 2-r0 po/ia MHOTIa HAa3bIBAIOT:

IMponyck wean

JloxxHas TpeBora

BepositHOCT OTKa3a

TouHOCTH MOIETN

7. Jlonst 00bEKTOB, Ha3BAaHHBIX MOJIOKUTEIBLHBIMU U SIBJSIONINECS MOJIOKUTEIbHBIM, OT-
pakaeT MeTpHUKa:

Recall

Precision

Accuracy

Exactly

8. J107151 00BEKTOB MOJIOKUTEIBHOIO KJ1acca U3 BCeX 0OBEKTOB MOJIOKUTEIBHOIO Ki1acca
OIIPENENACTC METPUKOU

Ommudka 1-ro pona

Omumbka 2-ro poga

Omubka 3-ro poga

Ommbka 4-ro poaa

9. "TIpomyck" yxopsiero abOHEeHTa ¥ OIIMO0YHOE MPUHATHE HYJICBOW THITOTE3bI HA3bIBACT-
csi:

Pasznensrommue

OmnopHele

Pemraromue

I'unepsexropa

10. Ilox «cocemamu» B MeToze k-NN moHUMAarOTC:
[TapameTpsl MOsIENH, JTy4UIlI€ BCETO OMUCHIBAIOIIUE OOBEKT

Psanom Haxonsmuecss 00beKThI

O0beKThI, 0JIM3KHE K HCCIeyeMOMY B TOM MJIM HHOM CMbICJIE
OObeKThI, HaXOIAINECS] HATPOTUB UCCIIETyeMOro o0beKTa

1. Kiacrepuzanus OTHOCUTCS K METOy OOyUCHHUS:
C yuurenem

be3 yunrensn

C nonkperieHrueM

C npeackazaHuem
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12.  Knaccugukaius OTHOCUTCA K METOAY OOYUYEHHS:
C yuurenem

be3 yuurens

C noaxperuieHruemM

C npexackazanuem

13. B xakoM rojgy ObL1 OIpe/ieieH TEPMHUH "UCKYCCTBEHHbBIN UHTEIUIEKT"?
1945
1956
1981
1990

14. B uem 3akmouaeTcs 11e1b MaIIMHHOTO 00y4YeHUs?
[Ipencka3aTbh BXOJHBIE TaHHBIE MO PE3YJIbTATY
IIpencka3ath pe3yabTaT 0 BXOJAHBIM JAHHBIM
OOy4uTh MalIMHY €30UTh 0€3 BOAUTENS

[TpoBoauTh apudpmMeTHUECKHE BHIYUCICHUS

15. OOydenue, OCHOBaHHOE Ha MaPKUPOBAHHBIX OOYYAIOIINX JAHHBIX, HA3BIBACTCS:
O0y4eHnue ¢ yuurenem

OOyuenue 6e3 yuurens

OOyueHnue ¢ NoJKperIeHueM

MarmmHHOe 00y4YeHue

16.  VYkaxwure mpaBUIbHOE COOTBETCTBUE LU(P HA PUCYHKE U TEPMHUHAM

1 - HelipoceTH, 2- MalIMH. 00y4eHue, 3-UCKyCCTBEHHBIH UHTEIIEKT, 4 - MO3T

1 - craructuka, 2- MmamuH. o0ydeHue, 3-MaTeMaTuka, 4 - Hayka

1 - rmy6okoe oOyueHue, 2- HICKYCCTBEHHBIH HHTEIUIEKT, 3 - HellpoceTH, 4 - MoJenu
1 - riryOokoe o0y4enue, 2-HeiipoceTH, 3- MAIIMH. 00y4eHHue, 4-UCK. HHTEeJIEKT
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17.  Yro Ha3pIBaeTCsl 00yUeHUEM HEHPOHHOM ceTu?

MPOLEeCC HACTPOMKH CHHANITHYECKUX BECOB
MPOIIECC MOTYUYCHUS pe3yibTaTta apupMeTHIecKux IeHCTBUI
MPOLECC MPUCBOEHUS HEMPOHAM MapKEPOB BBINIOJIHEHUS
IIpoLecC IPOrpaMMUPOBAHNS UCKYCCTBEHHOI'O NHTEIIIEKTA

18. Urto T0DKHO OBITh HAITUCAHO B CXeMe 00YYCHHS HEHPOHHOUW CETH METOJOM 0OpaTHOTO

pacnpocTpaHeHUs OMUOKU BMECTO UG pbI 17

Mpouecc obyyenus
HelpoceTH

basa
AaHHbIX

PacnpocTpaHeHue

CMrHana no Heiipocetk
CeTb 0OyyeHa

—_— —— | |
| 2 |
OrBer * I

cetu
i Pacyert
l ' OWHBKK
Owwmbka
HacTpoiika BeNuKa
ceTu

BbIOOp MpuMepa
omuOKa Mana
omuOKa BeJuKa
OIMOKU HET

19.  Urto nomxkHO OBITH HAIMCAHO B CXeME 00yUYEHHUS HEMPOHHOW CETH METOJIOM OOPaTHOTO
pacrpocTpaHeHHUs OMIMOKU BMeCTO ITUPHI 27

Mpouecc obyyenus
HelpoceTH

basa
AaHHbIX

PacnpocTpaHeHue
CMrHana no HERPDCETH

Cetb 06yyena

cetu
Pacuer
l ' OWHOKK
Owwbka
Hactpoiika BenuKa

CeTn

BbIOOp MpuMepa
omuoOKa MaJja
omuOKa BeJIuKa
OIINOKHU HET
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20.  bubGmuoreka si3pika Python, no6aBmnstomas noaaepxky OOJbIINX MHOTOMEPHBIX MacCH-
BOB M MaTpHII, BMECTe ¢ O0JIBIION OMOIMOTEKOM BEICOKOYPOBHEBBIX (M OYEHD OBICTPHIX )
MaTeMaTHYeCKuX (DYHKIMHA JJIs ONIepaIiii ¢ ’TUMU MacCUBaMH, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

21.  bubmumoteka Python, mo3BosnsitonIas CTpOUTH CBOHBIE TAOIHUIIBI, BBITOIHSITH TPYIIITAPOB-
KU, TIPEIOCTABIISET yIOOHBIN JOCTYH K TaOJIMYHBIM JAHHBIM, HAa3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22. bubnuoreka Python, koTopas mpeaocTaBIseT MHOXECTBO BO3MOKHOCTEH , TAKMX KaK
MHOT'OCTYIIEHYAThIld aHAJIN3, PETPECCUS U AJITOPUTMBbI KJIIACTEPU3ALIH, HA3bIBACTCH:

pandas

numpy

matplotlib

sklearn

23.  bubnuoteka Python, npennaznadeHHas 1y BU3yaln3alluy JaHHbBIX, HA3bIBACTCA
pandas

numpy

matplotlib

sklearn

24. Meron, KOTOPBIN 3a1a€T HaYaIbHbIE YCIOBUS JJI1 FEHEpPATOpa CIIy4YalHbIX YUCEIl, Ha3bl-
BaeTCA:

random.seed()

np.median()

np.median()

np.arange()

25. "Hanctpoiika» vax Matplotlib, koTopast mpenocTaBisieT ayuInyro rpaduky u 0osbiiee
KOJIMYECTBO BO3MOXKHOCTEH €€ HACTPOHKH, Ha3bIBACTCS

plot

graphic

seaborn

diagrams

26.  OtkpblTas mporpaMMHas OMOIMOTEKA Ui MAIIMHHOTO 00y4eHus1, pa3paboTaHHas
kommnanueit Google 1uis pereHus 3aa4 MOCTPOESHUS U TPEHUPOBKU HEMPOHHOMN CeTH, Ha3bIBACT-
csl:
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NeiroNet
NeiroLib
TensorFlow
FlowKeras

27. B KakoM OTHONICHHH OOIYHO JAJIAT BEIOOPKY Ha 00YYAIOIIYI0 B TECTOYIO:
20:80
80:20
50:50
90:10

28.  Yro HazbIBaroT "31oxoil" B HelpoceTsax?
IToxonenue co3gaHus HCKyCCTBEHHON HEHPOCETH
OnHa urepauus B mpouecce 00y4eHusi HelpoceTH
CoObITHE, TOBIUSBINEE HA PA3BUTHE HEUPOCETH
[Ipomecc pacueTra ommOKH HEUPOCETH

29. Yro Takoe "mepeoOyuenue" Momenu?

Mogenb coaepKHUT Ype3MEpHO OO0JIBIIIOE YUCIIO MTEPEMEHHBIX

Mogenb CIUIIKOM YacTO y4acTBOBaJia B 00yUeHUU

Mopaenb U3JIMIIIHE TOYHO COOTBETCTBYET CeTH KOHKPETHOMY HA00py 00y4arouux npume-
POB H TepsieT CIOCOOHOCTH K 0000111eHHIO.

30.  Jlng pemieHMs Kakux 3a/1ad co3aHa CBEPTOYHAsl HEMpOHHAs CETh?
Permienue cioxHbIX apuMETHUECKUX 3aa4

IIpencka3anue BpeMEHHBIX PsAI0B

Pacno3naBanue o06pa3on

ApxuBHpoBaHUE OOJIBIINX JaHHBIX

31.  Kakoro cios HET B apXUTEKType CBEPTOYHOU HEUPOCETH?
CBepTouyHOTO

ITonHOCBS3HOTO

Brerxognoro

IIpome:xxyToyHOrO

32.  Cpena mporpammupoBanusi Python, Bkimtodarorniast Habop cBOOOAHBIX OMOIUOTEK MaITHH-
HOTO O6y‘IeHI/I$[, HA3bIBACTCA:

Cobra

Anaconda
MachineLearning
PythonMLLybrary

33.  HHcTpyMmeHT A pa3pabOTKH U MpeacTaBieHus mpoekToB Data Science B MUHTEpaKTHB-
HOM BH/JIe, O0BEIUHSIONINHN KO/, TEKCT, MaTeMaTU4YEeCKHe YPAaBHEHUS U BU3YyalH3ali, Ha3bIBaeT-
cs:
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Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34, Jaracer - 310

Cet naHHBIX

OoOpaboTaHHasi M CTPYKTYpUpPOBaHHAasi ”HGoOpPManus B TAOJMYHOM BH]IE
YcpenneHHast BBIOOpKa JaHHBIX 110 CTPOKaM

YcpennenHnast BBIOOpKa JaHHBIX 110 CTOJIOIAM

35.  Kak Ha3biBaetcs OecrutatHas cpena Google mist coznanust HOyTOykoB Jupyter, KoTopas
MOJTHOCTBIO paboTaeT B o0ake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kakoii Tun siueek B HOyTOykax Jupyter mpeaHa3HaueH 1Jisd BBOJa TEKCTa U H300paxe-
HHI?

Code

Markdown

Memo

Image

37.  Kakoii Tun stueex B HOyTOyKax Jupyter mpeaHazHaueH JUIst BBOAA MPOTPaMMHOT0 Koza?
Markdown

Memo

Image

Code

38.  C noMoIpo Kakux CUMBOJIOB B Jupyter HOyTOyK MOKHO CO3/1aBaTh 3ar0JI0OBKU IIEPBOTO
ypoBHs?

C noMoub10 cMMBoJIa # U podeJia

C nomomuibio cumBoia #

C nomomipio cuMBoIa % u mpobena

C nomombro cumMBona %

39. C nmoMomip0 KaKuX CHMBOJIOB B Jupyter HOyTOYK MOKHO CO37aBaTh MIPUQPT KypCcHB?
C MOMOIIbI0 CHMBOJIOB * ¢ IBYX CTOPOH TeKCTa

C TIOMOIIIBIO CHMBOJIOB # C JIByX CTOPOH TEKCTa

C TIOMOIIIBIO CUMBOJIOB «K» ¢ JIBYX CTOPOH TEKCTa

C TIOMOIIIBIO CUMBOJIOB «/ *» M «*/» C IByX CTOPOH TE€KCTa

40.  Kakoe coderaHue KJIaBHII 3aIlycKaeT KoJ B Jupyter HOyTOyK Ha BbINOJIHEHUE?



34

Enter
Shift+Enter
Ctrl+Shift
Alt+Shift

41. AKCOH — 3TO OTPOCTOK HEWpOHa:

Bxonnoin
Boixoanoii
[TpoMexkyTOUHBII

[Tpeobpazyromuit

42. Yro B OGuosornueckoM HerpoHe umeeT OOIBIIYIO JTHHY
Jenaput

AKCOH

Cunarmc

Teno Helipona

43.  JlaHO: HEMPOHHAS CETh C OJHUM CKPBITBIM clIoeM. Y ceTH 1 BX0J, 3 HEMpOHA B CKPBITOM
ciioe U oJuH BbIxo. Uto OyneT Ha BBIXOJE CETH B CiIydae, eci Ha Bxoze 1, Bce Beca paHbl 17

i y

1

3

1/3

0,3

44.  Kro co3nan nepByro MOJENb UCKYCCTBEHHBIX HEHPOHHBIX CETEH?

Mak-Kaasok u IIurte

JseBun 1. Pymensxapt, k. E. Xunton u Ponanea JIx. Buibsmc
®psuKk Po3enbmaTT

Su Jlexyn

45. Kaxoii Tun ucKyccTBEHHON HEHPOHHOM CETH NPECTaBIEeH HAa KApTUHKE?
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CBeproyHasi HelipOHHAs CeTh

46.  Jlnsa pacnpeneneHHOTO TITyooKoro mammHHOT0 00yueHus (Deep Learning) Gosbire mo-
XOIUT (hpEHMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. bonbnimne ganHvie — 3TO:

Jlannbie oobeMom 6osee 1T6

Jlanubie oobemom 6osee 10TO

Jannbie oobemom 6osee 100TO

Her orpannyennii Ha MUHMMAJIbHBINA 00beM

48.  Cpennsas abcomotHas onmbka (MAE) nomydaercs myTem:

BBIYMCJIEHHs A0COTIOTHOI pa3HUIbI MKy MPOrHO3aMU MO/IeJIH U MCTHHHBIMH ((pakTHYe-
CKHMM) 3HAYEHUSAMH.

BBIYUCIICHHUS] OTHOCHTEIBHON Pa3HUIIBI MEXIy MPOTHO3aMH MOJETH W MCTUHHBIMHU ((hakThde-
CKMMH) 3HAYEHUSIMH.

BBIUUCIICHHSI KBaJIpaTa Pa3sHUIBI MEXy MPOTHO3aMH MOJIEIH U 00YYaroIuM HaOOpPOM JTaHHBIX
(MCTUHHBIE 3HAUEHU).

BBIUUCIICHHSI KBaJIpaTa Pa3sHUIBI MEXy MPOTHO3aMH MOJIEITH U O00YYaroIuM HaOOpPOM JTaHHBIX
(MCTUHHBIC 3HAYCHHMS) U TIPECTABICHUS PEe3yJIbTaTa B MPOIIEHTHOM (opMare.
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49. CpennexBaapatuunas omubka (MSE) nomyudaercs myTem:

BBIYHCIICHHSI a0COIOTHOM Pa3HUIIBI MEKAY MPOTHO3AMH MOJICTH M UCTUHHBIMHU ((DaKTUIECKUMHU )
3HAaYECHUSMMU.

BbIYMCJICHUS] CYMMbI KBaJIPATOB PA3HUIbI MEKIYy NPOTrHO3aMM MO/IeJId U 00y4alouIuM Ha-
00pOM JTaHHBIX (MCTUHHbIE 3HAYEHUA).

BBIYHCIICHHSI OTHOCHUTEIHHON PAa3HUIIBI MEX]y MPOTHO3aMHU MOJEIH W UCTHHHBIMU ((akThde-
CKMMH) 3HAYEHUSIMH.

BBIUMCIICHHSI KBaJIpaTa Pa3sHUIBI MEXIY MPOTHO3aMH MOJEIH U 00YYaroIluM Ha0OpPOM JTaHHBIX
(MCTHHHBIE 3HAUEHUS) U MIPEICTAaBICHMSI pe3ysibTaTa B IPOLEHTHOM (opMarTe.

50.  Cpenuss abcontotHas npouentHas omunoka (MAPE) nonyuaercs mytem:

BBIYMCJIEHHS] CyMMbI KBA/IpATOB Pa3HUIIBI MKy MPOTHO3aMH MO/ U 00y4Yal0lUM Ha-
0opoM TaHHBIX (MCTHHHbIE 3HAYeHHUs])) W NPEACTABJIEHHS Pe3yJbTaTa B MPOUEHTHOM
dopmare.

BBIUMCJICHHUS] CYMMBI KBaJIpaTOB Pa3HUIIBI MEX/1y MTPOrHO3aMH MOJIENIN U 00y4YarouM HabopoM
JIAHHBIX (MCTUHHBIE 3HAYEHUS).

BBIYHCIICHHS a0COIIOTHOM pa3HHULIBI MEXKAY MPOrHO3aMH MOJIETTH U UCTUHHBIMHU ((haKTHUYECKUMHU )
3HAYEHUSIMH.

BBIUHCIICHHS] OTHOCUTEIBHON PAa3HUIIBI MEX]y MPOTHO3aMU MOJEIHU U UCTHHHBIMU ((axThue-
CKMMH) 3HAYCHUSIMH.

4. METOAUYECKHWE MATEPHAJIbI, ONIPEAEJIAIOUNIUE ITPOLIEAYPBI OLIEHMBAHUW A
3HAHUI, YMEHUM, HABBIKOB U (MJIN) OITBITA JESATEJIBHOCTH,
XAPAKTEPU3YIOILINX STAIBI ®OPMUPOBAHIM I KOMITETEHII B ITPOIIECCE
OCBOEHHU S OBPA3OBATEJIbHOU ITPOI'PAMMBI

1 J3TAIl - 3HATH

Kputepun olileHKM YCTHBIX OTBETOB CTY/I€HTOB

Ouenka [TpaBUIBHOCTH (OMIMOOYHOCTH) BBIMIOJHEHUS 33 JaHUS
«OTJIIMYHO» MIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJAEP>KAHUIO 3aJaHUS;
MMOHUMAET MaTepuai, 000CHOBBIBAET CBOH CYKJICHUS,
MPUMEHSET 3HAHUS Ha MPAKTUKE, WIIIOCTPUPYET OTBET MpUME-
paMu He TOJIBKO IO MPEAJI0KEHHOU JIUTEPATYPE;
u3JIaraeT MaTepual Mocjie0BaTesIbHO U IPABUIIBHO.
«XOPOIIIO» MOJIHO U apTYMEHTHUPOBAHO OTBEUYAET MO COJEPKAHUIO 3a]IaHNs;
MOHMMAET MaTepuai, 000CHOBBIBAET CBOU CYKJICHUS,
MPUMEHSICT 3HAHUS Ha TPAKTHUKE, WLTIOCTPUPYET OTBET MPUME-
pamMu He TOJIbKO MO MPEAI0KEHHOM JTUTepaType;
W3JlaraeT Marepuai Mocjae0BaTeNIbHO U MPaBUIBLHO, HO JIOMYC-
kaeT 1-2 omuOKH, KOTOpPBIE UCIIPABIIAET CaM.
«YJIOBJICTBOPUTEILHO» | 3HACT W MOHUMAET OCHOBHBIE TMOJOKEHHSI TT0 COACPKAHUIO 3a/1a-
HUS;
M3JIaraeT MaTepua HeMmoJHO, HO JIOMyCKAaeT HETOYHOCTH B OIpe-
JIeNIeHUH TIOHATUH WK (OPMYIUPOBKE TPABUIT;
HE JIOCTaTOYHO TITyOOKO M JTOKa3aTeIbHO 0O0OCHOBATh CBOM CYXK-
JICHHSI WILTIOCTPUPYET OTBET MPUMEPAMHU TOJIBKO O MPEATOKEH-
HOMU JINTEepaType;
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u3JaraeT MaTepual HermocjaeI0BaTeIbHO U AomycKaeT 3-4 omuo-
KU.

«HEYJOBICTBOPUTEIILHO» | JOMYCKAET CYIIECTBEHHBIE OMIMOKHA B (POPMYIUPOBKE ONpeeIie-

HUH U IMpaBUJI, HICKAXKAOINUE UX CMBICII;

H3j1aract Marcepuajl HCEMOCJICI0BATCIIbLHO, HCYBCPCHHO W HC IIO
CYLICCTBY 3alaHUA;

JOITYCKACT CYHICCTBCHHBIC OH_II/I6KI/I, HC MMO3BOJIAIOIIUEC PACKPLITH
CMBICJI 3aJdaHus, SABJIAIOIIUECA CEPLBE3HBIM IIPCIITCTBUEM K
YCHCHIHOMY OBJAACHHIO CIICAYIOIKUM MATCPHUAJIOM.

293TAIl - YMETH

KpnTepnn OLlCHUBAHHUSA BBINOJHCHUA NMPAKTHYCCKHUX 3a11a1mi?1 H 33IlaHI/lI7[ aJi CaMOCTOA-

TeJIbHOI padoThI

OueHka Kpurepun

«OTIIUYHO» pa60Ta BBITIOJIHEHA ITOJIHOCTBIO,

B JIOTUYECKUX PACCYKICHHUSIX U OOOCHOBAHUM PELICHHs HET MpO-
0€JI0B U OIINOOK;

B pEIIEHUWU HET OIMMUOOK (BO3MOXKHBI HEKOTOPHIE HETOYHOCTH,
OITNCKHU, KOTOpaSI HC ABJIKICTCA CIICACTBUEM HC3HAHUSA WIIM HC-
MMOHUMAaHHUs Y4eOHOT0 MaTepuaa).

«XOopouio» pa60Ta BBITIOJIHEHA ITOJIHOCTBIO, HO 00OCHOBAHMS IIAar0OB PEIICHUA

HEI0CTaTOYHBI (€CIM yMeHHe 000CHOBBIBATh PacCyXKJICHHs HE SB-
JISUIOCH CHEIMATIbHBIM 00BEKTOM MPOBEPKH );

JIOMYIIEHBI OJ{HAa OMIMOKA, UJIM €CTh JIBa — TPHU HEJ04ETa (€CIu 3TH
BHJIBI pa0OT HE SIBJISUTHCH CHICITUATBHBIM OOBEKTOM MPOBEPKH).

«y/IOBJIETBOPUTEIHHO» | JIOMYIIEHO He OoJyiee IBYX OMIMOOK MM Oosee ABYX — TpeX Helo-

YeTOB, HO OOyyJaronuiicss o0amnaer 00sA3aTeIbHBPIMA YMEHHUSIMH T10
MIPOBEPAEMOM TEME

CHEYOOBJIECTBOPHUTECIIBHO» | JOMYIICHBI CYIICCTBEHHBIC OH_II/I6KI/I, IIOKa3aBIIHUEC, 4YTO O6y-

qaromuiics He o0janaeT 00s3aTeNIbHBIMU YMEHHUSMH TI0 JTaHHOM
TE€ME B ITOJIHOM Mepe.

Kpurepun ouenuBanusi pepepara

OueHka

[TpaBUIbHOCTH (OMIMOOYHOCTH) BBIMOJIHEHHUS 33 JaHUS

«3a4YTCHO»

Conepxanne pedepaTa COOTBETCTBYET TEME;

[IpaBunbHOE HCTIONB30BAHUS HCTOYHUKOB JTUTEPATYPHI;

CootBercTBHe odopmiieHHs pedepara CTaHIAPTOM;

3HaHHe y4alluMCcs U3J0KEHHOro B pedepare mMaTepuana (Aas OTBETa Ha YCT-
HBIE€ BOIIPOCHI);

YMeHue rpaMOoTHO U apryMEHTHPOBAHO U3JI0KHUTH CYTh MIPOOJIEMBI B TEKCTE U
YCTHO;

Te3ucesl ¥ MPEANONOKEHUSI apryMEHTHPOBAHbBI, CACNaHbl BBIBOJBI M YMO3a-
KITIOUCHHS,

B Tekcte oTpakeHO yMeHHE aHATU3UPOBaTh (PAKTHUECKUN MaTepual U UCTO-
pUYECKHE U KYJIbTYPHBIC (DaKTHI.

«HE 3a4YTCHO»

Tema pedepara packpbITa HEIOCTATOYHO MOJTHO;

OtcyTtcTBYyeT 6ubIMorpapuuecKkuii CrucoK;

Te3ucel M NPEaNoOKEHUsT HE apryMEHTHPOBAHBI, HE CIEIAaHbl BBIBOABI U
YMO3aKIIFOUEHUS;

B TekcTe oTcyTCTBYET (DaKTOJIOTHUECKUI aHaAIN3;
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OTBeTHI HA YCTHBIC BOIIPOCHI HC OTPAKAIOT YMCHUC TPAMOTHO U apIryMCHTHUPO-
BaHO U3JIOXKHUTH CYTh pedepara.
Co3nanue mpe3eHTAlMii HA 32JaHHYI0 TEMY

Kpumepuu oyenusanusa npezenmayuii

Ne | [TapameTpbl OLICHUBAHUSA NPE3EHTALMHU BobicTaBasiemasi ouenka (6as11)
orlpgo3

CoOTBETCTBHE COJICpPIKAaHUS  TMPE3CHTAINH
BBIOpPaHHOM TeMe.

1
2 | Jloruka nojgauu MHGopMauu

3 | OpuruHanbHOCTh M HOBU3HA HH(OpMALIUK.
4 | I'paduueckas unpopmanus (WUTIOCTPALIUY,
rpaduku, TAOIHIIBI, AMATPAMMBI U T.]T)

5 | 3akiroueHne NMpe3eHTAH (BHIBOIbI)

HToro 6a110B:

Ha xaxpIii mpecTaBIeHHbIN MapaMeTp 3arnoiHsIeTcs Tabinia OlleHUBaHUsl, T/1€ 10 Kax-
JIOMY M3 KPUTEpUEB MPUCBAUBAIOTCS Oaibl OT 1 10 3, YTO COOTBETCTBYET OIpEICIEHHBIM YpPOB-
HSM pa3BUTHUS KOMIIETEHTHOCTH: | Oamil — 3TO HU3KHM YpOBEHb; 2 Oaija — 3TO CpeAaHMi
yYpOBeHb; 3 Gaiia — BHICOKUN ypoBeHb. Ompe/iesieHue YpOBHS KOMIETEHTHOCTH:

Kosnn4yecTBo HaOpaHHBIX 0a/1710B 3a YpoBHu Onenka
NPeACTABJCHHYIO NPe3eHTALUIO
ot 12 o 15 Bricokuii ypoBEHb OTJIMYHO
or8 o 11 CpenHuii ypoBeHb XOpOUIO
ot 5 110 8 Husknii ypoBeHb YAOBJIETBOPUTEIHHO
1o 5 - HEYJIOBJIETBOPUTEIBHO

3 OTAII - BJIAJIETDH

Kpurtepun oueHnBaHus 3HAaHUI Ha IK3aMeHe
Onenka «OTJIMUYHO»:

1.I'my6okoe u mpoyHOe YCBOCHHE MPOTrPaMMHOI0 MaTepHara.

2.3HaHue aKeTOB NMPUKJIAJHBIX IPOrpaMM

3.3HaHuE OCHOBHBIX MPUHIUIIOB IOCTPOEHMSI TAKETOB MIPUKJIAIHBIX IIPOTPaMM.
4.3HaHue OCHOBHBIX 3aJ1a4 MPUKJIAIHBIX IPOTPAMM.

5.CBo00HOE BiIaJIeHHE TTAKeTaMU MPUKIATHBIX TPOrPaMM.

6.TouHocTs 1 000OCHOBAHHOCTE BEIBOJIOB.

7.be3omr00yHOe BBIMTOJHEHUE MTPAKTUYECKOTO 3a/1aHUs..

8.TouHble, MONHbBIE U JOTUYHBIE OTBETHI HA JOMOJHUTEIBHBIE BOTIPOCHI.

Onenka «XOPOLIOy:

1. Xopouiee 3HaHHUE MPOTrPAMMHOIO MaTepHUaa.

2. HenoctaTouHO TOJHOE W3JI0KEHUE TEOPETHUUECKOTO0 BOIPOCA 3K3aMEHAIIMOHHOTO
owera.

3. Hanuuue  HE3HAUWTENBHBIX  HETOYHOCTEH B yHNOTpPeOICHUH  TEPMHUHOB,
KJ1acCU(pUKaIui.

4. 3HaHMe OCHOBHBIX MMAKETOB MPUKIIAIHBIX POTPAMM

5. HenonHoTa npeacTaBI€HHOT0 WILTFOCTPATUBHOTO MaTepHaa.

6. TouHOCTH 1 OOOCHOBAHHOCTH BBIBOJIOB.
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7. JlornuHO€E U3JI0KEHNUE BOIPOCA, COOTBETCTBUE U3JI0KEHUS HAYYHOMY CTHUIIIO.
8. Herpy0as ommOka mpy BBITIOJIHEHUH MPAKTHYECKOTO 3aaHusI.
9. IlpaBuiibHBIE OTBETHI HA JOTIOJHUTEIBHBIE BOIIPOCHI.

Onenka «YJIOBJIETBOPUTEJIBHO»:

1. IToBepXHOCTHOE YCBOEHHUE MPOTPaMMHOIO MaTepHara.

2. HenocTtaTo4HO TOJHOE W3JI0KEHHE TEOPETHYECKOr0 BOIpPOCA 3K3aMEHAIMOHHOIO
ounera.

3. 3aTpyaHeHMe B TPHUBEACHUM IPUMEPOB, MOATBEPKAAOLIUX TEOPETUUYECKHE
IIOJIOXKEHUS.

4. Hanuuue HeTOYHOCTEN B yNIOTPeOICHUN TEPMUHOB, KiIacCuUKaIIHii.
Heymenue 4eTko copMyInpoBaTh BHIBOIBL.
OTcyTCTBME HAaBBIKOB HAYYHOT'O CTHJISL H3JI0KEHUS.
['py6ast ommbKa B MPaKTUYECKOM 3a/1aHUH.
Herounsle OTBETHI Ha TOMOJHUTEIBHBIE BOIIPOCHI.

Ouenka «HEYJIOBJIETBOPUTEJIBHO»:

1. He3nanue 3HaYMTEILHON YaCTH MPOTPAMMHOIO MaTepuaa.

2. HecriocoOHOCTH PUBECTH IPUMEPHI TAKETOB MPUKIATHBIX IPOTPAMM
3. HeyMeHue BBIICHUTH TIIaBHOE, CIETIATh BEIBOABI 1 000OIICHMS.

4. 'pyOble oImMOKY MPU BBIMOJHEHUN PAKTHYECKOTO 3aJaHMs.

5. HeraBI/IJ'IBHI)IG OTBCTHI HA JOIMMOJIHUTCIIBHBIC BOIIPOCHI.

PN

TecT 111 CAMOKOHTPOJISA (IPUMEPHbIE BONIPOCHI HTOTOBOI'0 TECTUPOBAHMS)

Kpumepuu oyenusanua mecma

[TomHast BepcUsi TECTOBBIX BOIPOCOB COJIEPKUTCS B ANEKTPOHHO-UH(POPMALMOHHOW CH-
cteMe By3a. CTyIeHTbI IPOXOJAT TECTUPOBAHUE B KOMIIBIOTEPHOM KJ1acce.
[Tpu pa3paboTKe TECTOBBIX 33JaHUI HCIIOIB30BAUCH CIEIYIOIINe (POPMBI 3aTaHHIA:
— 3a/1aHUs ¢ BBIOOPOM OJTHOTO U3 3-4 OTBETOB.
Bpewms tectupoBanus cocrasiser 30 MUHYT, BpeMsi OTBETa Ha OJHO TECTOBOE 3aJlaHue —1 MuHy-
Ta.
Kpwurepwii onieHuBaHMs yCTaHOBIIEH B 000JIOUKE TeCTa.
Kpurepuu oueHku:
Onenka «5» - 90% u Oosiee NpaBUIbHBIX OTBETOB;
Omnenka «4» - 70% u Gonee MpaBUIBHBIX OTBETOB;
Onenka «3» - 50% u 0oJie TpaBUIBHBIX OTBETOB;
Ouenka «2» - menee 50% npaBUIbHBIX OTBETOB.
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