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1. IEPEYEHb KOMITIETEHIIM C YKA3AHUEM OTAIIOB UX POPMUPOBAHIA
B ITPOLIECCE OCBOEHUMA OBPA30BATEJIbBHOU ITPOI'PAMMEBI

IIponiecc usyuenus aucHUIUIMHBI «OOpabOTKa €CTECTBEHHOIO SI3bIKa U KOMIIBIOTEPHOE
3peHHe» HalpaBiieH Ha (OPMHUPOBAHUE CIIETYIOIINX KOMIIETECHIIHIA:

Ko n HaumenoBanue
KOMIIETECHIIMH BBIITYCKHUKA

Kon u HauMeHoBaHue WHIUKATOPA JOCTUKEHUS
KOMIETEHINH

OIIK-1 CnocobeH NpUMEHSTH

OIIK-1.1. 3HaeT OCHOBBI MaTeMaTHUKH, (076370478

€CTECTBEHHOHAYUYHbIE U | BBIYUCIUTEIHHON TEXHUKH U MPOTPAMMUPOBAHUS
00IIIeNH)KEHEPHBIC 3Hanus, | OIIK-1.2. Ymeer pemars craHgapTHbIC NMPOQGECCHOHAIBHBIC
METO/IbI MaTEMaTUYeCKOIo | 3aJadyd  C  [PUMEHEHHUEM  €CTECTBEHHOHAY4YHBIX U
aHamM3a ¥ MOJICNIMPOBAHUS, | OOICHH)KCHEPHBIX ~ 3HAHWH, METOJOB  MAaTeMaTU4eCcKOro
TEOPETUYECKOTO U | aHAJIM3a U MOJICTTUPOBAHUS

JKCIIEPUMEHTAIBHOIO OIIK-1.3. Bnageer  HaBbIKAMH  TEOPETUYECKOTO U
WCCJICIOBAHMUS B | OKCIIEPUMEHTAILHOTO WCCJIETOBAHMUS 00BEKTOB
npoheccuoHaIbHOM poeCCHOHATTBHOMN IeATEIEHOCTH

JESITEIbHOCTH

OIIK-2 Cmnocob6en mnonumate | OIIK-2.1. 3Haer npuHUOUIBI ~ pabOTHl  COBPEMEHHBIX
TIPUHITUTIBI paboTel | HHPOPMAIIMOHHBIX TEXHOJIOTHH W MPOTPAMMHEIX CPEJICTB, B
COBPEMEHHBIX TOM YHCJIE€ OTEYECTBEHHOTO IPOU3BOJCTBA MPU PEIICHUU

MH(OPMALIMOHHBIX TEXHOJIOTUH
U IPOrPaMMHBIX CpPEICTB, B

3a11a4 mpodeCcCHOHATBHOMN IeATeTbHOCTH

OIIK-2.2. Ymeer BBIOMpATh COBPEMEHHBIC WH(POPMAIIMOHHBIE

TOM  4uCI€ OTCHCCTBEHHOIO | TeXHOJOTMM M MPOTpaMMHBIE CpEJCTBA, B TOM YHCIE

HPOU3BOACTBA, U UCIIOJIL30BATh | 0TeyeCTBEHHOIO  NPOW3BOJACTBA IPU  PELIEHUM  3a1ad

ux npu  peIICHHH 33139 | mpodeCCHOHAIBHON JACATEIHbHOCTH

npoQecCHOHATBHOI OIIK-2.3. Bnanmeer HaBbIKaMM IPUMEHEHHUS COBPEMEHHBIX

ACATCTILHOCTH, HH()OPMALIMOHHBIX TEXHOJIOIMH M IMPOrPaMMHBIX CPEJICTB, B
TOM 4HCII€ OTEUYECTBEHHOI'O IPOMU3BOJCTBA, IPHU pPEIICHUU
3aJa4 NpoQecCuoHaNbHOM NesTeTbHOCTH

OIIK-7 Cnocoben | OIIK-7.1. 3HaeT OCHOBHBIE S3bIKM TPOTPAMMHUPOBAHUS U

pa3pabaTbiBaTh ajIrOpUTMBI U
IpPOrpaMMbl, TMPUTOAHBIE IS
IIPAKTUYECKOrO0 IPUMEHEHUS

paboTbl ¢ 0a3aMu JaHHBIX, OINEPAllMOHHBIE CHCTEMBI U
000JI0UYKH, COBPEMEHHBIE MPOTrPAMMHBIE CPEIbl pa3pabOTKH
MH(GOPMAIMOHHBIX CUCTEM U TEXHOJOTHM

OIIK-7.2. YMeeT HNpUMEHSATHh S3BIKM MPOrPaMMHUPOBAHUS U
paboTbl ¢ ©0a3aMu JaHHBIX, COBPEMEHHbIE IPOrpaMMHbIE
cpenbl pa3padoTKH MH(GOPMAIMOHHBIX CUCTEM M TE€XHOJOTHI
TUISt aBTOMATH3aLNH OM3HEC-TIPOIIECCOB, peleHus
MPUKJIaJHBIX 3a/1a4 pa3InYHbIX KJIACCOB, BeJIEHUS 0a3 JTaHHBIX
1 MH()OPMAITMOHHBIX XPaHUIINIIL

OIIK-7.3. Bnageetr HaBbIKaMH MPOTPaMMHUPOBAHHUS, OTJIAIKU U
TECTUPOBAHUS IIPOTOTHUIIOB IIPOrPaMMHO-TEXHUYECKHUX
KOMILIEKCOB 3a/1a4

No Kon Haumenoanue .
N Orambl GOPMUPOBAHUS KOMITETEHIIUNA
/1 | KOMITETCHITUN KOMIIETCHITN I
1. OIIK-1 Cnocoben mpumeHsTh | [ Oman — 3namu:
ectrectBeHHOHayuyHbIe U | OIIK-1.1. OcHoBBl MaTeMaTHKH, (U3HKH,
o0IIenHKEHEPHBIE OCHOBBI BBIUHCIIHTCIIBHON TEXHHKH, OCHOBBI
3HaHU, METO/bl | MPOrPaMMHPOBAHUS
MaTeMaTH4eCKOro 2 Dman — Ymemo:
aHanusa u | OIIK-1.2. Pemarp CTaHIapTHbIE




MOJICTTUPOBAHUS, npodeccCHoHaNbHBIE 3aaud C TPUMEHEHHUEM
TEOPETUYECKOTO U | €CTECTBEHHOHAYYHbIX M  OOIIEMH)KEHEPHBIX
HKCHEPUMEHTAIBHOTO | 3HaHUH, pemarh npodecCuoHaTbHbIC 33aauu C
HCCIIEIOBaHUS B | IOMOIIBI0O METOJJOB MaTeMaTH4YECKOIO aHAJIN3a
npodeccrnoHabHOM Y MOJICTTHPOBAHUS
NEeITEIbHOCTHU 3 Dman — Bradems.:
OIIK-1.3. HaBblkamMM TEOPETHUYECKOIO U
HKCIIEPUMEHTAJILHOTO HCCIIE0BaHUs 0ObEKTOB
po(hecCHOHAITLHOM IS TEIbHOCTH
OIIK-2 Cnocoben  monumarts | I Oman - 3nams:
TIPUHITATIBI pabotsl | OIIK-2.1. Ilpuniumner paboOThl COBPEMEHHBIX
COBpPEMEHHBIX MH(OPMALIMOHHBIX TEXHOJIOT Ui u
MH(OPMAITMOHHBIX OpPOTPaMMHBIX ~ CPEICTB, B TOM  YHCIE
TEXHOJIOTHi U | OTEYECTBEHHOTO IMPOU3BOJCTBA IPH PEUICHUU
MIPOrPaMMHBIX 3a7a4 Mpo(eCcCHOHATBHON NeSITeTbHOCTH;
CpelCcTB, B TOM 4ucie | 2 9man - Ymemn:
OTE€YECTBEHHOTO OIIK-2.2. Bri6upats COBPEMEHHBIE
IPOU3BOJCTBA, u HHq)OpMaHHOHHBIG TEXHOJIOI'HN n
MCIIONb30BaTh MX rpy | MPOTPAMMHBIC  CPEICTBA, B TOM  YHCIIe
peICHHH saay | OTCICCTBEHHOTO NPOU3BOJICTBA TIPH PEILCHHU
. 3aja4 npodeccuoHalbHOM 1eSTENbHOCTH;
npodeccHOHaTBbHON 3 Yman - Biademo-
AICHATCIEHOCTH, OIIK-2.3. Hassikamu IIPUMEHEHUS
COBPEMEHHBIX MH(POPMAIIMOHHBIX TEXHOJIOTUN
U TPOrpaMMHBIX CpPEACTB, B TOM 4YHUCIIC
OTEUYECTBEHHOI'O MPOU3BOJICTBA, MPH PEIICHUU
3a/1a4 Tpo(ecCHOHAIEHON IS TEIbHOCTH.
OIIK-7 Cnocoben 1 Dman — 3namo:
pa3zpabaThiBaTh OIIK-7.1. OcHoBHbIE SI3BIKHA
QITOPUTMBI U | IPOrpaMMHUPOBAHUS, OCHOBBI pabOTHI ¢ 0azaMu
MIPOrPaMMBEI, JTAHHBIX, OTIEPAIIMOHHBIE CUCTEMBI U 000JIOUKH,
MIPUTOIHBIE JUIS | COBPEMEHHbBIE MpPOrpaMMHBIE Cpensl
MIPAKTHYECKOTO pa3paboTKu HMH(POPMAIMOHHBIX CHCTEM H
MIPUMEHEHHUS TEXHOJIOT Ul
2 Oman — Ymemu:
OIIK-7.2. [IpumensTh SA3BIKU
MPOrPaMMHUPOBAHUS, TPUMEHSATh TEXHOJIOTUU
pabotel ¢ 0a3amMM JaHHBIX, MPUMEHSTbH
COBpPEMEHHBIE pOTpaMMHBIE CpeIbI
pa3paboTku HMHQPOPMAIMOHHBIX CHCTEM H
TEXHOJIOTHH ISl  aBTOMAaTW3aluu  OW3Hec-
MPOLIECCOB, peUIeHUS MPUKIAAHBIX 3a7ad

Pa3JIMYHBIX KJIACCOB, MPUMCHATH TCXHOJOTHUHU
BCACHUA 0a3 JaHHBIX H I/IH(I)OpMaI_II/IOHHLIX

XPaHWIHILLL
3 DOman — Bnaoemy:

OIIK-7.3. HaBelkamMu TpOTrpaMMHUpPOBAHHS,
OTJIQAKK M  TECTUPOBAHUSA  IPOTOTHUIIOB

MMPOrpaMMHO-TCXHNUYCCKUX KOMITIJICKCOB 3aaa4




2. TIOKA3ATEJIM U KPUTEPUM OLIEHMBAHU S KOMIIETEHLIMIA HA PA3JIMYHBIX
OTAITAX NUX ®OPMHUPOBAHN, OIIMCAHUE IIKAJI OHEHNUBAHUA

=l Kpurepuu onieHuBanus
Ne X E ~| HammeHoBaHue KOMIIETECHIIN I [IIxana
n/m | E =|  koMmmereHImH Ha Pa3IMYHBIX dTarax OLICHUBAHUA
2 (bopMupoBaHusI
1 | OIIK-1 | Cnocoben 1 Dman — 3uame: «OTJIMYHO»
MIPUMEHSTH OIIK-1.1. OcHoBrl | 1. I'nybokoe ¥ mpodHOE
€CTECTBEHHOHAY | MaTEMaTHKH, (hu3uKH, | YCBOCHHE MIPOTPaMMHOTO
YHBIE U | OCHOBBI BBIYHUCIUTEIBHOMN | MaTepuaa.
OOIIIENH)KEHEPH | TEXHHKH, OCHOBHI | 2. 3HaHue MMaKeTOB
bIC 3HAHHUS, | TPOrPAMMHUPOBAHHUSI MPHUKJIAIHBIX TTPOTPaMM
METOIbI 2 Oman — Ymemo: 3. 3nanune OCHOBHBIX
maremaruuyecko | OINK-1.2. Pemats | IpUHUMIIOB MMOCTPOEHUSA
ro aHajuu3a W | CTaHJapTHBIC ITaKeTOB MIPUKJIATHBIX
MOJEIUPOBaHUA | MPOPECCHOHATBHBIC porpamm.
, 3agauyd ¢ nOpuMeHeHueM | 4. 3HaHUE OCHOBHBIX 33734
TEOPETUYECKOIO | €CTECTBEHHOHAYYHBIX ¥ | IPHUKIIAJHBIX IIPOTPaMM.
u 00IIIEeNH)KEHEPHBIX 5. CBobogHoe BJIAJICHUE
SKCIEPUMEHTANl | 3HAHHA, pemiaTh | akeTaMu TPUKJIATHBIX
BHOTO po¢eCCHOHAIbHBIC Iporpamm.
HCCIICIOBAHUS B | 3a/1a4u c nomotupsio | 6. TouHOCTH 51
po¢eCCHOHANIb | METOI0B 000CHOBAaHHOCTD BEIBOJIOB.
HOM MaTeMaTU4YecKoro ananusa | /. bezommbounoe
IEeITEIbHOCTU 1 MOJICJIMPOBAHUS BBITIOJIHCHHE  MPAKTHYECKOTO
3 Oman — Bnaoemy.: 3aJIaHus.
OIIK-1.3. Hapbikamu | 8. Tounsle, MOJIHbBIC u
TEOPETHYECKOTO U | JOTUYHBIC OTBETEI Ha
IKCIIEPUMEHTAILHOTO JOTIOTHUTEIbHBIE BOMPOCHI.
HUCCIIENOBAHUSA OOBEKTOB
npodeccuoHaNbHOM «XOPOLIO»
NEeATEIILHOCTH 1. Xopormiee 3HAHUE
2 | OIIK-2 | Crocoben 1 Oman - 3namo: IPOTrPaMMHOTO MaTepHaa.
[MOHUMATh OIIK-2.1. [TpuHIATIBL 2. Henocraro4no ITOTTHOC
TIPUHIIMIIBI paboTsI COBpPEMEHHBIX M3JIOKCHHC  TCOPETHHECKOTO
BOIIPOCA  HK3aMEHAIMOHHOTO
paboThl MH(pOpPMaIMOHHBIX a——
COBPEMEHHBIX TEXHOJIOTHI M | 3 Hamuude He3HAYHNTEILHBIX
MH()OPMALMOHH | IPOTPAMMHBIX CPEJICTB, B | HeTOUHOCTEH B yHOTpeOIeHNH

BIX TEXHOJOTHI
Y TIPOrpaMMHBIX
CPEACTB, B TOM
yHclie
OTEYECTBECHHOTO
MPOU3BOCTBA,
M WCIIONIH30BAaTh
nX npu
pelIeHnn  3a7a4

TOM qucle
OTE€4YECTBEHHOTO
MPOU3BOJICTBA
peleHnn

npodeccuoHaNBHOMI

npu
3a1a4

JIeITEIIbHOCTH;

2 Oman - Ymems:
OIIK-2.2.

COBPEMEHHBIE
MH(OpMaLMOHHbIE

Bri6upats

TEPMHUHOB, KJIaCCH(PUKAIUH.

4. 3HaHI/Ie OCHOBHBIX ITAKCTOB
MPUKJIAHBIX TPOTrpamMm

5. Hemnonnora

MIPEJICTAaBICHHOTO
WJUTIOCTPATHBHOTO MaTepHara.
6. ToyHOCTH u

000CHOBAHHOCTH BBIBOJIOB.

7. Jlornynoe H3JI0KEHHE
BOIIpOCa, COOTBETCTBUE
U3JI0’KEHUSI HAYyYHOMY CTHITIO.
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Kpurepuu onieHnBanus

=
5
No 25 = Haumenosanue KOMIETEHINI Ixana
n/m | X E =| kommereHumH Ha Pa3IMIHBIX dTanax OIICHUBAHWSI
S (bopMupoBaHus
npoeccCuoHalb | TEXHOJIOTHH u | 8. Herpybass ommbka mpu
HOI NPOTPaMMHBIC CPE/CTBA, B | BHIMIOJIHEHUH PAKTUYECKOTO
nesrenpHOCTH; | TOM YHCIie | 3a/IaHus.
OTEYECTBEHHOTO 9. IlpaBwibHBIE OTBETHI Ha
MIPOU3BOJICTBA IIPH | JTOTIOJHUTEIIBHBIC BOITPOCHI.
CIICHUH 3aja4
p L AR (VITOBJIETBOPUTEJILHO»
podecCHOHATBLHOM
NeATEIBHOCTH; 1. [loBepXHOCTHOE YCBOEHHE
3 Dman - Brademn. POTPaMMHOTO MaTepHuaia.
OIK-2.3 HaBIKaMu 2. Henocrarouno IIOJIHOE
NpUMeHeHus U3JIOKCHUE  TEOPETUYECKOTO
COBPEMEHHBIX BOIIpOCa  IK3aMEHAIMOHHOTO
MH(POPMALMOHHbIX Ouera.
TEXHOJIOT Ui u | 3 3atpynnenue B
NpOrpaMMHBIX cpescTs, B | IPHBCACHHM [pHUMEpOB,
TOM gpce | NOATBEPIKIAIOIIMX
OTEYECTBEHHOIO TEOPETUYCCKHE TIOJIOKCHHUSI.
NPOM3BOCTBA npu 4. Haiiuune HETOYHOCTEH B
9
peleHn samay YHOTpeOJICHUH TEPMUHOB,
npodeccHOoHANTBHON KIaccHuKanui.
NCSTETBHOCTH 5. Heymenue YEeTKO
3 | OIIK-7 | Criocoben 1 Oman — 3namo: (é@%)MyHHpOBaTI’ BBIBOJIBL.
paspabareiBath | OIIK-7.1. OcHoBHBIe | O° -~ TCYTCTBUC HaBBIKOB
ANFOPUTMBI ¥ | S3BIKH HAYYHOTO CTHJISI U3JI0KCHHUSI.
MIPOrPaMMBlI, pOTPaMMHUPOBAHUS, 7. I'pybas ommmOKa B
MIPUTOJIHBIE ISl | OCHOBBI PaboOTHI ¢ Oa3zaMu gpaKTquCKOM 3aaHum.
MPAKTUYECKOTO | TAHHBIX, OMEpAlMOHHbIE | Herounple  orBeTHl  Ha
MIPUMCHCHHUS cucteMsl H  06omouky, | AOTOTHHTCILHBIC BOIPOCHL.
COBPEMEHHBIE «HEYIOBJIETBO-
IpOrpaMMHBIE cpensl PUTEJIbBHO»
azpaboTku .
pasp 1. Hesnanue  3HAYUTENBHOMN
WH(OPMAITMOHHBIX CHCTEM
. qacTu MIPOrPaMMHOTO
U TEeXHOJIOTUH
MaTepuaa.

2 Oman — Ymems:

OIIK-7.2. [IpumensTsh
SI3BIKA
IpOTrpaMMHUPOBaHUS,
NPUMEHSATh  TEXHOJOTHU

paboTel ¢ 6a3amMu JaHHBIX,
MPUMEHSATH COBPEMEHHBIC

MporpaMMHbIe cpeabl
pa3paboTKu

WH(OPMAIIMOHHBIX CHCTEM
" TEXHOJIOTUH s
aBTOMaTH3allul  Ou3Hec-
MPOLECCOB, peleHus
MPUKIIATHBIX 3amaq
pa3JIMYHBIX KJIaCCOB,

2. HecriocoOHOCTh  TPUBECTH
pUMEpBI MaKETOB
NPUKIIAHBIX IPOTPaMM

3. Heymenue BBIJICTTUTH
IJIaBHOE, CHIENaTh BBIBOJABI H
0000111eHU.

4. I'pyOble  ommOKuH  TpU
BBHIITOJIHEHUH  TIPAKTUYECKOTO
3aaHusl.

5. HempaBwiibHBIE OTBETHI Ha
JIOTIOJTHUTEIIbHBIE BOIIPOCHI.
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= Kpurepuu onieHnBanus
No = % ~ | HaummenoBanue KOMIETEHINI Ixana
n/m | X E =| kommereHumH Ha pa3IMYHbBIX dTanax OIICHUBAHUS
S (bopMupoBaHus

NPUMEHSTh  TEXHOJIOTUU
BeleHUsT 0a3 JaHHBIX H
UH(POPMALMOHHBIX
XPAHUJIUII

3 Oman — Braoemy.:
OIIK-7.3. Hasrikamu
IPOrPaMMHUPOBAHUS,
OTJIQJKH M TECTUPOBAHUS
MPOTOTHUIIOB MPOTPAMMHO-
TEXHUYECKUX KOMIIJIEKCOB
3a1a4

3. THUITIOBBIE KOHTPOJIbHBIE 3ATIAHW A NI UHBIE MATEPUAJIBI,
HEOBXOJIVUMBIE JIJIS OLJIEHKY 3HAHHWM, YMEHMI, HABBIKOB U (MJIN) OITBITA
JIESITEJIBHO XAPAKTEPU3YIOIIUX ATAIIbl ®OPMHUPOBAHU S KOMIIETEHIINIA

B ITPOLIECCE OCBOEHUS OBPA30OBATEJILHOM ITPOT'PAMMGbI

1 3TAIl - 3HATH
Tembl 1151 NOATOTOBKH K YCTHOMY OIPOCY:

Tema 1. OcHOBHBIE ATalbl U HANIPABJICHUSI UCCIIEI0OBAaHUI B 00JIaCTH CUCTEM
HCKYCCTBEHHOT'O MHTEJIEKTa
1. Dramnsl pa3BUTHS cUCTEM UCKycCTBEHHOro uHtemiekta (MN).
2. OCHOBHBIE HalPaBJICHUS PAa3BUTHUS CCIIEIOBAHUN B O0JIACTH CUCTEM HCKYCCTBEHHOTO
UHTEJUIEKTA.
3. Big Data. OcoberHocTH paboThI C OONBIIMMH JTAHHBIMH.
4. W3Bneuenue 3HaHuU. IHTerpanus 3Hanuil. basel 3Hanuil. Ilpumepsi.

Tema 2. OcHOBBI MAaIIMHHOTO OOYYEHUS U aHAJIM3a JaHHbBIX
OcCHOBBI IPOrpaMMHUPOBAHUS I 33]1a4 aHAIN3a IaHHBIX.
bubnunorexku Python /151 ananu3a JaHHBIX.
3. U3ydeHue oOTIeNnbHBIX HampaBlieHUH aHanu3a AaHHbIX. OOyueHHe «C yuuTenem», «0e3
YUUTEIS», «C HOJKPETIICHUEM.
4. Pemenue 3a7a4 KIacCU(PHUKAIMU, KIACTEPU3ALIUH, PETPECCHH.

N

Tema 3. Heliponnsie cetu
[Tpunnun padbotel Mo3ra. cTopust OTKpBITHSI HEHPOHOB M HEUPOHHBIX CETEH.
UckyccTBenHble HeifpoceTr. CXeMbl U IPUHLIUI PAOOTHI.
[TonHOCBsI3HBIE HEMPOHHBIE CETH. OHOCIOMHBIN U MHOTOCIIOMHBIN MEPCENTPOH.
I'myGokoe oOyueHue.
PasnuuHbIe apXUTEKTYpBI HEMpPOCETEN.

agrwdE

Tema 4. O6paboTKa €CTeCTBEHHOTO SI3bIKA
1. WUsBneuenue undopmanuu. MudopmannoHHbIN TOUCK.




8

2. Amnanu3 BbICKa3bIBaHUN. AHANIU3 TOHAJILHOCTU TEKCTA.
BonpocHo-oTBeTHBIE cUCTEMBI. ['eHEpUpOBaHKE TEKCTA.
EcTecTBeHHO-S3BIKOBOI HHTEPEIC.

B w

Tema 5. KomnbsroTepHOE 3peHUE
BBeneHne B KOMIIBIOTEPHOE 3PEHUE.

Pacnio3naBanue n3obpaxxenuit moapmu. [Ipu3znaku ais kKareropusanuu 1300paxeHun.
Bosmoxnoctu 6ubmmorexku OpenCV. Mammunoe o0ydernne B OpenCV.
ApXUTEKTYpBbl HEHpOCETEN I paclo3HaBaHUs U300paKEHUH.

PobhE

2 9TAIl - YMETbH

KoMmmieKkT npakTuyeckux padbor

[IpakTuueckue pabOThl U CEMUHApBI CIyXaT g pabOThl CTYACHTOB HaJa y4eOHBIMU
3a/1a4aMU C 1EJIbI0 BBIPAOOTKHU U 3aKPETUICHUS MPAKTUUECKUX HaBBIKOB.

Tema 1. OcHOBHbIE STanmbl W HANpPaBICHUS WCCIEAOBAHWA B OOJIACTH CHCTEM
UCKYCCTBEHHOT'O MHTEJJIEKTA.

3ajaHue: M3y4yeHHE OCHOBHBIX CIIOCOOOB MPEACTABICHHS JaHHbBIX: MPOAKIHMOHHBIE
MO/JIENIN, CEMAaHTUYECKHE CETH, (PEHMBI.

Vcnonb3ys COOTBETCTBYIOIIUE IyTH MIOCTPOUTh CEMAaHTHUYECKYIO CETh (II0 BapUaHTaM):
1. T'eorpadun pernona. /lyru: rocynapctBo, CTpaHa, KOHTHHEHT, IIHPOTA.
2. IIpouenypsl OMCKa MOJIE3HBIX UCKOMAeMbIX. Jlyru: HaMuMeHOBaHUE UCKOIIAaeMOT0,
pacCIOIOKEHNE MECTOPOKACHUS, TITyOMHA 3aIeTaHusl, METObI TOOBIYH.
3. Pacnipenienenus npoayKToB 0 Mara3uHam. Jlyru: HCTOYHUK CHaOKeHMsl, HAUMEHOBAaHUE
IPOJYKTa, CIOCOO TPAaHCIIOPTUPOBKU, KOHEUHBIM TyHKT TPAHCIIOPTUPOBKH.
4. OnpeneneHre NpUHAICKHOCTH )KUBOTHOTO K ONPE/IEICHHOMY By, THITY, CeMeHCTBY. Jlyru:
MeCTO OOWTaHusl, CTPOCHHE, OCOOEHHOCTH MOBEACHUS, BUJI TUTAHMUSL.
5. Knaccugukanuu numeBbIx NpoyKToB. Jlyru: HamMeHOBaHUE MPOAYKTa, COCTABIISAIOIINE
YacTH, CIIOCOO MPUTOTOBIIEHUS, CPOK XPaHEHHUSI.
6. PacnioznaBanue Tuna komneiorepa. Jlyru: ctpaHa u3roTroBUTeNb, CTaHJapTHAs
KOH(Uryparius, 06JacTh IPUMEHEHUS, UCII0JIb3YyEMOE IPOrpaMMHOE 00ecIIeYeHHE.
7. lepapxuueckoii ctpyktypsl BJI. Jlyru: cucrema, coctosiHue, Ha3HaUeHUE, B3aUMO/IEHCTBHE
COCTABJISIOIIUX.

Tema 2. OcHOBBI MAIIHHHOI'O oﬁyqem/m U aHAJIn3a JaHHbIX
1. 3ananue: U3y4uTh OCHOBBI ITporpamMMupoBanus Ha Python. OcHOBHBIE OMOIHOTEKH
MallIuHHOI'O o6yquI/1;1.
Brinonnenue 3ananus Ha TeMy «JIuHeiHas perpeccus»f
IToctanoBka 32[,[[8.‘-11/111
Heobxoammo npeackassiBaTh JOX01 OT MPOJAAKH MOPOKEHOTO B 3aBUCUMOCTH OT TEMIIEPATyPhI
BO3yXa. Mkgr npeamnojaaracM, 4to JIMHelHas perpeccus MO3BOJJUT PCIIUTD 3TY 3aAavy.
[ar #1: ummopT 6ubaHOTEK
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

[ar #2: ummopt nataceral

3arpyxaeM B Colab c¢ mmucka IIK.

from google.colab import files
files.upload()

cozmaeMm oOBekT - maTadperm - nisg Colab
IceCream = pd.read csv("IceCreamData.csv")

H= oS e e e
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# cuuthiBaeM nepBbie 10 3HaueHMI
IceCream.head (10)
Oout[5]:
TemperatureRevenue
0]24.566884 [534.799028
1126.005191 [625.190122
2[27.790554 1660.632289
3[20.595335 [487.706960
4(11.503498 [316.240194
5
6
-
8
9

14.352514 |367.940744
13.707780 |308.894518
30.833985 [696.716640
0.976870 55.390338
31.669465 [737.800824
In [6]:

# cumTHBaeMm nocyiegHue 10 3HAUYEHUN
IceCream.tail (10)
TemperatureRevenue
490/123.824922 [584.399945
491|134.472169 [809.352520
492|123.056214 [552.819351
493|114.9315006 [377.430928
494|125.1120606 [571.434257
405|122.274899 [524.746364
496|32.893092 [755.818399
497112.588157 [306.090719
4908|122.362402 [566.217304
499|128.957736 [655.660388
# OCHOBHBEIE CBeIeHUs ONMCATEJIbHOM CTATUCTUKM: KOJI-BO, CpeInHee,
cCpenHeKBaImpaTUUYeCckKoe OTKJIOHEHUE,

# MMHMMAJILHOE 3HauyeHUue
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 1529.368565
75% [27.740674 |642.257922
max [45.000000 (1000.000000
# TO Xe, HO IO OTHEJILHOMY CTOJOLY
IceCream|['Temperature'] .describe ()

Out[8]:

count 500.000000
mean 22.232225
std 8.096388
min 0.000000
25% 17.122258
50% 22.392791
75% 27.740674
max 45.000000
Name: Temperature, dtype: float64
In [9]:

# mosiyyaem KpaTKue CBeINeHMS O IaHHBIX
IceCream.info ()

RangeIndex: 500 entries, 0 to 499
Data columns (total 2 columns):
Temperature 500 non-null float64
Revenue 500 non-null floato4
dtypes: float64(2)
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memory usage: 7.9 KB

lMar#3: Bu3yaausaumua nmaracera]

https://coincase.ru/blog/47592/9

# cTpouM THMOPMIOHEI OBYMEPHE I'padmk

sns.jointplot (x='Temperature', y='Revenue', data = IceCream, color
Out[10]:

<seaborn.axisgrid.JointGrid at 0x19761326ef0>

1000

0 10 2 E ] 4
Temperature

# Bropoit crnocof

sns.pairplot (IceCream)

# mmarpaMma paccesHMs C OOINOJIHUTEJIBHOM HAJIOXKEHHOM JIMHUEN perpecCuu
sns.lmplot (x='Temperature', y='Revenue',K data=IceCream)
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llar #4: pazbuenHue maTaceTa Ha OOYyUAKNIY ¥ TeCTOBYWD BHOOPKYT
In [13]:

y = IceCream['Revenue']
In [14]:
X = IceCream|[ ['Temperature']]
In [15]:
X
Out[1l5]:
Temperature
0 |24.566884
1 ([26.005191
2 [27.790554
3 [20.595335
4 111.503498
5 |14.352514
498|122.362402
499[28.957736

500 rows x 1 columns

In [16]:

# mMnopTmpyem QyHKUMDO train test split

from sklearn.model selection import train test split
In [17]:

'gray')

# oymxuma train test split npmeHmMaer aprymenTs X train, X test, y train,

y test
# BHYTPM 3amaeM MPOLEHT TEeCTOBOM BHOOPKM (0BbuHO 25% wmmm 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
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Temperature
489(26.964217
210|122.387604
487(32.632858
17 [42.515280
406[17.997015
417(27.516646
375 rows x 1 columns

Mar #5: obyuenme momenu(

In [19]:

# npoBepMM pPasMEPHOCTHb

X train.shape

Out[1l9]:

(375, 1)

In [20]:

# MMIOOPT MeToHa JIMHEMHOM perpeccuun

from sklearn.linear model import LinearRegression

In [21]:

# Crenymomas onepaumMs Cco3maéT nepeMeHHyio model B kauyecTBe sK3eMijisgpa Line-
arRegression.

# OnumoHalibHEIE NapaMeTphl KJjacca LinearRegression:

# fit intercept - moruueckwuit (True no yMOJUaHMIO) NapaMeTp, KOTOPHM pemaeT,

# BHIUMCJIIATBL OTPEe30K by - oT 0 IO peasyibHEIX HAUaJIbHHX 3HaueHuy (True) wim
paccMaTpuBaTh €TI0 KakK paBHEM HyJo (False).

# normalize - jmormueckurt (False mo yMOoJUaHMO) IapaMeTp, KOTOPEHIM pemaerT,
HOPMaJIM30BaTh BXOIHHE IepeMeHHBe (True)

# mnm "Her (False).

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

# obyueHme MOmeJsiM — BHUMCIIEHME KO3OIULMEHTOB
regressor.fit (X train,y train)

out[22]:

LinearRegression (copy X=True, fit intercept=True, n_ jobs=None, normal-
ize=False)

In [23]:

# meuaTh KOBOOMLUMEHTOB

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

Mar #6: TectupoBaHme momenmq

In [24]:

y _predict = regressor.predict( X test)

y _predict

out[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.ylabelY'Revenue [dollars]")

plt.xlabel ('Temperature [degC]')

plt.title ('Revenue Generated vs. Temperature @Ice Cream Stand(Training da-
taset) ')
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Out[26]:
Text (0.5, 1.0, 'Revenue Generated vs. Temperature @Ice Cream Stand(Training
dataset) ')

Revenue Generated vs. Temperature @ice Cream Stand(Training dataset)
1000

¢ 400

200

10 0 £ “
Temperature [degC]

CamocrosiTesibHasi padora no teme "JIuneiiHas perpeccust'
YcaoBue 3aganue:
BrI siBIsieTech KOHCYJIBTaHTOM KPYIHOTO MPOM3BOAMTENS aBTOMOOMIeH. Bam Obut0 mopyueHo
pa3palboTaTh MOJEIb JUIsl IPOTHO3UPOBAHUS BIMSHUS YBEIMUEHUS MOIIHOCTH aBTOMOOMIIS (J1.C.)
Ha YKOHOMHUIO ToIuIHBa (mpober Muiib Ha Taiiod (MPQG)).
Beb1 coOpanu 1aHHbIE:
HeszaBucumas nepemeHHas X: MOIIHOCTb TPAHCIIOPTHOT'O CPEJCTBA B JIOIIAUHBIX CHIIAX.
3aBucumas nepemennas Y: [IpoGer mumb Ha raon (MPQG).
3aganue:
[0 AaHAJIOTMM C JJAbOpaTOpHOM paboTOM, B KOTOPOM paccUMUThIBANach HNPUOBLIL OT MPOAAKHU
MOpO>KEHOTO B 3aBUCHUMOCTH OT TEMIEpaTypbl BO3]yXa, MPOAHATUZUPYUTE IOTyUEHHbIE
JIAHHBIE, BU3YyAJIM3UPYUTE UX U IIOCTPOMTE MOJENb JUHEHHON perpeccun. Mcnonb3yiite nqatacer
u3 Qaiia FuelEconomy.csv.

Tema 3.

Hanmcanue pedeparta sBisieTcs 00s3aTeNbHBIM 3JIEMEHTOM pabOTHl CTYACHTOB B paMKax
OCBOCHMS AUCHUITNHBI «O0paboTKa eCTECTBEHHOTO sI3bIKa M KOMITBIOTEpPHOE 3peHue». Pedepar
(ot nat. «refero» - gOKIaIBIBaO, COOOINA0) - 3TO CAMOCTOSITENIbHAS UCCIIeIoBaTeNbCcKas padoTa,
B KOTOPOH aBTOP pacKpbIBaeT CyTh HCCIEAyeMON MpoOJeMbl; NPUBOIUT pazIHMUHbIE TOUYKU
3peHusi, a Takke CcoOCTBeHHbIe B3rJsAbl He Hee. ConepkaHue pedepata TOIKHO OBITH
JIOTMYHBIM; M3JI0)KEHUE MaTepualia HOCUT POOJIEMHO-TEMaTHUECKUI XapakTep.

Tembl 115 pepepaToB:

Knaccugukaius u Buasl HEeHPOHHBIX CETEH.

MeTtobl yckopeHus: 00ydeHus HeHpOHHOU CeTH.

MHorocaoiHbI€ MOJIHOCBA3HBIE HEHPOHHBIE CETH.

HetfiponHnsbie cetu anst oOHapyKeHHs BpEJOHOCHOT'O TPOrPaMMHOT0 00ecTieueHusl.
Heiiponnsle cetu a5 aHanu3a (pUHAHCOBOTO PHIHKA.

HeliponHbie ceTn [u1s pacro3HaBaHUs TEKCTOB M IOJIOCA.

CBeprouHble HelpOHHBIE ceTH. HazHaueHue u ucropus co3gaHusl.

PekkypeHTHbIE HelipoHHBIE ceTH. Ha3zHaueHne n ncTopus Co3AaHus.

Hetiponnsie ceTn Jyisi pacrio3HaBaHUs 00pa3oB.
0. IlpumeHeHne HEUPOHHBIX CETEW B IKOHOMMKE U OU3HEcE.
11. [IpumeHeHre HEHPOHHBIX CETel B MEAUIIMHE.
12. IlpumeHeHre HEUPOHHBIX CeTel B aBTOMATH3allMK U pOOOTOTEXHHUKE.
13. [IpumMeHeHHe HEHPOHHBIX CETEH B CUCTeMaX O€30IMTACHOCTH M OXPaHHBIX CHCTEMaX.
14. TlpumeHeHre HEUPOHHBIX CETeH B KOMITbIOTEPHBIX UTPaXx.
Cmpyxkmypa pegpepama:
1) KuroueBsle ciioBa.
2) AnHOTaIWms cojepkanus (2-3 MpeIoKeHNUs).
3) Bsgenmenue (He Oonee 2 crpanui)). Bo BBeneHuM HE00X0AMMO 00OCHOBATh

BOo~NoOA~WNE
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aKTyaJIbHOCTh TEMbI, OUEPTUTh 00JaCTh HCCIIEIOBaHUS, OOBEKT UCCIIEI0BAaHUS, OCHOBHBIE 1IENN
U 33/1a4M UCCIICA0BaHMs, C(HOPMYIHPOBATH BHIIBUTAEMBbIE THIIOTE3HI.

4) OcHOBHas 4acTh COCTOUT M3 2-3 pas3zeioB. B HUX pacKpbIBaeTCs CyTh HCCIIELYEMOM
npoOJIeMbl, TPOBOAUTCA 0030p wuHpOpMaMKM TO MPEAMETy HuccienoBaHus. M3moxxeHue
MaTepuaia He JIOJDKHO OrPaHUYUBATHCS JIMIIb OMUCATENBHBIM IOJXOAOM K PAaCKPBITHIO
BbIOpaHHOW TeMbl. OHO TakXe JOJDKHO COJIEpXKaThb COOCTBEHHOE BUICHHE paccMaTpUBAEMOM
POOJIEMBI.

5) 3axmouenue (1-2 crpanuiipl). B 3aKiI0YeHUH KPaTKO M3JIArarOTCS BBIBOBI, a TAKKe
IpeJinoiaraeMble HayYHbIE Pe3yJIbTaThl U MPOTHO3BI.

6) bubmuorpaduueckuii crrcok (oT 5 10 10 McTouHMKOB) B andaBuTHOM TOpsiake. B
JAHHBIA CIMCOK PEKOMEHIYETCs BKJIIOYaTh PabOThl OTEUYECTBEHHBIX M 3apyOeKHBIX aBTOPOB
bubnuorpaduyecknii CIUCOK COAEPKUT TOJIBKO T€ MPOM3BEACHUS, HA KOTOPBHIE €CTh CHOCKH B
TEKCTe.

7) Tlpunoxenue (Ipu HEOOXOIUMOCTH).

Co3naHue npe3eHTalUN 10 32IaHHOI TeMe

MynbTHMEIUIHBIE TPE3SHTAIIMH UCTIONB3YIOTCS ISl TOTO, YTOOBI 00YYaIOMIMIACS CMOT HATJISTHO
MIPOJIEMOHCTPHUPOBATH BU3yallbHbIE (ayIM0, BUJICO, TpaduuecKue) MaTepHralibl, OCBOCHHEIC B
X0/JI€ CAMOCTOSITETIbHOM U IPAKTUUECKOHN pabOThI 110 IPEAMETY.

OO0mue TpeOOBaHNUS K IPE3EHTALMN:

[TpesenTauus He JOMKHA OBITH MeHbIIe 10 cnaioB.

[lepBbiii crnaiiq — TUTYJIBHBIN JIUCT, HA KOTOPOM OOSI3aTENIBHO JOJKHBI OBITH TPEICTABICHBI:
TeMa; paMuIIMs, UMs, aBTOpa, HOMEP yueOHOU IpyIIbL;

Bropoii cnaiin — coneprkaHue, rie IpecTaBlIeHbl OCHOBHBIE BOIIPOCKHI Pa300OpaHHbIE B X0/
u3ydeHus: Tembl. JKenmateabHO, YTOOBI M3 COAEP)KaHHS MO TUIEPCCHUIKE MOXHO IEpPEeUTH Ha
HEOOXOUMYIO CTPaHUILY U BEPHYTHCS BHOBb Ha COJIEp>KaHUE.

B crpykType mpe3eHTalmu HEOOXOJMMO HCIIONIB30BaTh: IrpaUyecKyl0o W aHMMAIMOHHYIO
uH(pOpMaILIMIO: BUIEO U ayu0 (PparMeHThl, TaOJIULIbI, TUarpaMmbl, UHGOTPaPUKy U T.1.

[Tocneauuii ciaifi AEMOHCTPUPYET CHUCOK CCHUIOK Ha, MCHOJIb3yeMble HH(GOPMAIMOHHbBIE

pecypchl.

Tema 4. O6padoTKa eCTECTBEHHOTI'0 A3bIKA
IIpakTuyeckasi pabora «/leTeKTHpOBaHMe cClIAMAa»

Komnexnust SMS nnm emeil ciama - 310 HaOop cOOOIEHHH ¢ TeraMu, KOTOpble ObUIM COOpaHbI
st uccnenoBanus SMS-cnama. OH conepkut Habop SMS-coo01IeHni Ha aHTJIMICKOM SI3BIKE,
cocToAuMii u3 5 574 coobueHmit, MOMeYeHHBIX KaK ham - «3aKOHHBIN WK spam - «Cramy».

®daiinbl conepkar 0HO coobOIlIeHne B cTpoke. Kaxkmas cTtpoka cOCTOMT W3 ABYX CTOJNOIOB: V1
BKJTIt04YaeT MeTKy (ham unu spam), a v2 cofiepkUT HeoOpaObOTaHHBIH TEKCT.

3az[aqa: co3aaTb MOACIIb, ITO3BOJIAIOIITYO OIMMPEACIIATE HA OCHOBC aHa/IN3a TEKCTA, OTHOCUTCA OHO
K ClIaMy WJIA HC COACPKUT MOAO3PUTCIIbHBIX KOHCTpYKI.IHfI.

[ar #1: UmmopT 6ubanoTek 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")

# CMOTpI/IM Ha4dyaJIO U OKOHYAaHHUEC JaTaceTa
pam_df.head(10)

text spam
Subject: naturally irresistible your corporate... 1

(%2}

o
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text spam
1iSubject: the stock trading gunslinger fanny i... 1
2ISubject: unbelievable new homes made easy im ...]1
3{Subject: 4 color printing special request add... 1
4 1
5 1

Subject: do not have money , get software cds ...
Subject: great nnews hello , welcome to medzo...
spam_df.tail(5)

text spam
5723/Subject: re : research and development charges...
5724|Subject: re : receipts from visit jim , than...
5725|Subject: re : enron case study update wow ! a...
5726|Subject: re : interest david , please , call...
5727|Subject: news : aurora 5 . 2 update aurora ve... |0
#IlocMOTpUM oOTHCAaHHE BBHIOOPKHU: OOIIee KOJWYECTBO 3HAYCHUH M KOJWYECTBO HEHYJIEBBIX
3HAYCHUU

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

[Har #2: Buszyanuzauus nataceraj

# ham -3T0 He cmaM. CioBo HCIIOJIB3YCTCA JIA Oonee 6510Tp0r0 IMPOU3HCCCHUA U HAIIMCAHHA
"no-spam"

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

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

# BBIBOI[I/IM COO6I_I_IeHI/I${, IIOMCUYCHHBIC KaK HE CIIaM

ham

0
0
0
0

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

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

5727|Subject: news : aurora 5 . 2 update aurora ve... [0
4360 rows x 2 columns
# BoiBoauM coOOIIeHHS, TOMEYEHHBIE KaK CIIaM

spam

text 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 ...[1

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

# BriunciaseMm IMPOLCHT MUCEM, COACPIKAIINX CIIaM

print( 'Spam percentage =', (Ilen(spam) / len(spam_df) )*100,"%")
Spam percentage = 23.88268156424581 %
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# Beruncnsiem nporeHt nuceM, HE conepxamux cnam. CaMOCTOSTENBHO: BBIYUCIUTE IPYTUM
CrocoooM.

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

Ham percentage = 76.11731843575419 %

# Busyanuzupyem pe3ynbTaT

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

<matplotlib.axes._subplots.AxesSubplot at Oxd06c448>

4000 1

3000 4

count

2000 1

1000

1] 1
spam

[ar #3: Co3ganue TecTOBOM 1 00y4aromiei BeIOOpku |
[Ipumep npumeneHusi croco0a W3BICUEHHUS M KOIUPOBaHHS TeKCTOBBIX naHHBIX COUNT
VECTORIZERY
# CountVectorizer mpeoOpa30BhIBAET BXOJHOM TEKCT B MAaTPUILy, 3HAYCHUSMH KOTOPOU
# SIBISAIOTCSI KOJIMUECTBA BXOXJICHHA JaHHOT'O KJ'IIO‘Ia(CJIOBa) B TCKCT.
# IlpuBenem npocroii npumep. Jlomyctum ectb MaccuB sample data TEeKCTOBBIX 3HAYCHUI:
# ['This is the first document.’, " This document is the second document.’,
# 'And this is the third one.','Is this the first document?']
# Humxe 3HaueHUs JJIIs1 y,I[O6CTBa HaIlMCaHbI B CTOJ'I6CI_I.
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 cobnpaeT yHUKaJIbHBIC KIIIOUX (CI0BA) U3 BCEX 3aMUCEH, B
HAaIlleM IIpuUMepe 3To OyaeT:

# ['and’, 'document’, "first', 'is', 'one’, 'second', 'the’, 'third', 'this']. CoptupoBka o angasury.
print(vectorizer.get_feature_names())

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

# JlnuHa cnucKa W3 YHUKaJIbHBIX KiIrOuel (CioB) M OyJeT JJIMHOM HaIlero 3aK0JWpOBAHHOTO
TEKCTa

# (B HameMm ciay4yae 3To 4). A HOMepa >JIEMEHTOB OyAyT COOTBETCTBOBATH, KOJIWYECTBY pa3
BCTPCYU AaHHOTO KJIF0Ya

#c JaHHBIM HOMCPOM B CTPOKCE. COOTBETCTBEHHO IIOCIE KOOAUPOBKHU U NMPUMCHCHUSA JAaHHOI'O
METO/J1a MBI IMOJIYYHM!

print(X.toarray())

[[011100101]

[020101101]

[100110111]

[011100101]]
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[Tpumenum COUNT VECTORIZER «k nameii 3agaue]

from sklearn.feature_extraction.text import CountVectorizer

vectorizer = CountVectorizer()

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

In [58]:

# BbIBOAMM YHHUKAJIbHBIC 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']

# Ileuataem maTpuily TeKCTa

print(spamham_countvectorizer.toarray())

[[000..000]

[000..000]

[000..000]

[400..000]

[000..000]

[000..000]]

# CmotpuM pasMepHOCTh Marpuibl. 5728 crtpok, 37303 cT0s0110B (= 4YHCIly YHHKaIbHBIX
3HAYCHHIA)

spamham_countvectorizer.shape

(5728, 37303)

[ar #4: o6yuenue Moaen Ha BceM naracere]

from sklearn.naive_bayes import MultinomialNB

NB_classifier = MultinomialNB()

# HyxHo 3agaTh mapameTp - KJIacChl, K KOTOPbIM OyneM OTHOCUTH (KJIacCH(UIIMPOBATH)
pe3ynbrart. LleneBoii kinacc yka3an B ctosibiue Cram

label = spam_df['spam'].values

NB_classifier.fit(spamham_countvectorizer, label)

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

# 3agaeM TECTOBBIN IPUMEP U CTPOUM MAaTpPUILY KIFOYEH:

testing_sample = ['Free money!!"', "Hi Kim, Please let me know if you need any further infor-
mation. Thanks"]

testing_sample_countvectorizer = vectorizer.transform(testing_sample)
print(testing_sample_countvectorizer.toarray())

[[000..000]

[000..000]]

#lcnonp3yem Hallly HaTPEHUPOBAHHYIO MOJEIb U IMOJCTaBIsEM B HEE MOJyUYEHHYIO TECTOBYIO
MaTpHULLy

# Pesynbrar: 1-e BeipaxkeHue cram, BTopoe - He cram. (1 u 0)

test_predict = NB_classifier.predict(testing_sample_countvectorizer)

test_predict

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

# TectupyeM pa3Hble BapHAHTHI - HE CIIaM

testing_sample = ['Hello, I am Ryan, | 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)

# IIpoBepsiem BapuaHT 2 - 00a BBIpOKEHHSI CIIaM
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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)

CaMoCTOATEIbHO: BBEIUTE HECKOJIBKO CBOMX BBIPAXKEHHM M IPOBEPHTE, K KAKOMY KJIACCY UX
oTHeceT kinaccudukaTop HauBneiii baitec|

[ar #4: Jlenmum nqaHHBIC HA 00YYAIONIYIO U TECTOBYIO BEIOOPKY mepen oOydeHueM Mo iein
X = spamham_countvectorizer

y = label

In [93]:

X.shape

(5728, 37303)

y.shape

(5728,)

# OOyuenue oOydaromieit 1 TecToBoid BEIOOpKHU 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)

[Har #5: ynyumenue moaenuy

# IlocTpouM MaTpHILy OIIMOOK MpPHU MPOBEPKE MOJICTH Ha 00y4Jaronieil BELIOOpKe
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 pe3yabTaT

cm = confusion_matrix(y_train, y_predict_train)

sns.heatmap(cm, annot=True)

<matplotlib.axes._subplots.AxesSubplot at Oxcc2fe48>
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print(classification_report(y_train, y_predict_train))
precision recall fl-score support

0 100 100 1.00 3481
1 099 100 099 1101
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accuracy 1.00 4582

macroavg 099 100 0.99 4582
weightedavg  1.00 1.00 1.00 4582
# IlocTpouM MaTpHIly OMIMOOK MPH MPOBEPKE MOJIENIN Ha TECTOBOM 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

0 100 099 099 879
1 09 100 098 267
accuracy 0.99 1146
macroavg 098 099 0.99 1146
weightedavg 099 0.99 0.99 1146

Tema 5. KomnblorepHoe 3peHue
DopmyIHpPOBKA 3a0a41

B nanHoit 1aboparopHoil paboTe Mbl TO3HAKOMHUMCSI C apXUTEKTYpO CBEPTOUHBIX HElpoceTel
LeNet.

[lens mabopatopHOt paboTHI: 00YUYNTH HEHPOCETH IS peIIeHUs 3a1a4 Kilaccupukanuu
JIOPOXHBIX 3HAKOB.

Jannas 3a1aya HeoO6XxoaMMa Ui paboThl OECTIMIIOTHBIX aBTOMOOMIIEH, TPUYEM paclio3HaBaHUE
3HAKOB JOJKHO MPOBOJUTHCS MPAKTUYECKU MITHOBEeHHO. Habop JaHHBIX comepxut 43
Pa3IUYHBIX KJlacca N300paskeHuH.

Knaccel nepeuncieHs! HUXe:

0 - Orpanuuenue ckopoctu (20 kM / 1)

1 - Orpannuenue ckopoctu (30 kM / 1)

2 - Orpanmnuenue ckopoct (50 km / 1)

3 - Orpanuuenue ckopoctu (60 kM / 1)

4 - Orpanunuenue ckopocTH (70 kM / 1)

5 - Orpannuenue ckopoct (80 kM / 1)

6 - Koner orpaanyenns ckopoctd (80 kM / 1)

7 - Orpannuenue ckopoctu (100 kM / 1)

8 - Orpannuenue ckopoctu (120 kM / 9)

9 - O6roH 3ampernieH

10 - 3amperniaercst mpoe3 T I TPAHCIOPTHBIX CpeACTB Ooee 3,5 T

11 - IIpoe3n Ha ceAyIOIEM TEPEKPECTKE

12 - 'naBHas gopora

13 - Yerynu nopory

14 - Cron
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15 - 3ampenien nmpoe3 1 TPAaHCTIOPTHBIX CPEACTB
16 - 3anperien Bbe31 TPAaHCIOPTHBIX CpeAcTB Ooiee 3,5 T
17 - Bwesn 3anpernieH

18 - Buumanue

19 - KpyToit noBOpOT HaJIEBO

20 - KpyToii moBOpOT HampaBo

21 - JIBoliHOM TTIOBOPOT

22 - YxaObl

23 - CkoJb3Kas 1opora

24 - CyxxeHue cnpaBa

25 - JlopokHbIe pabOTHI

26 - Csetodop

27 - Iemexomst

28 - lletn

29 - IlepeceueHue ¢ BeTOCUTNICAHOM TOPOTOM
30 - OcreperaiiTech baa / cHera

31 - /lukue KUBOTHbBIE

32 - Konen Bcex orpaHu4eHUi

33 - IToBopoT Hamparo

34 - TToBOpOT HANIEBO

35 - IIpoe3a ToabKO mpsAMO

36 - [Ipoe3x mpsMO MK HAIIPaBO

37 - IIpoe3a npsMo WIM HAJIEBO

38 - [IpunepkuBalTECHh MPABON CTOPOHBI

39 - IIpunepkuBaliTeCh JIEBOH CTOPOHBI

40 - KpyroBoe JBIKEHHUE

41 - Konell 30HbI OTpaHHYEHHSI ITPOE3/Ia

# nonmxowouaeM Google nuck

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

lar #0: Munopt 6mbmmorex{

import tensorflow

import matplotlib.pyplot as plt
import numpy as np

#import os

#import PIL

from tensorflow.keras import layers
import pandas as pd

import seaborn as sns

import pickle

llar #1: VMunopT u HopMmasimsaumsa garaceTad
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dany C pacumMpeHMeEM .p npexncrarygeT cobom damn pickle, monmymns Python,
MCIIOJIb3YEeMBlY IJia Npeobpas30BaHMsa o0ObeKTOB Python B nocijiemoBaTeIbHOCTH
OanToOBR IJIA XPpaHeHMA Ha OUCKe MM [Nepenadr no cetu. OH IO3BOJAEeT yHOOHO
XPaHUTb MM [epelaBaThb OOBLEeKTH 0e3 NpelBapUTeJIbHOT'O IpeobpasoBaHUS
IOAHHEIX B IOpyrou dopmar.

! VlcmoJib30BaHME KJIOUEBOTO CJioBa with npm padore ¢ dansioBeMM OOBEKTaAMM

IIO3BOJIAET MNPaBUJIBHO SBaKPHIThH OOBEKT II0CJe 3aBeplleHrsa paboTel ¢ HuM. 'rt'
- aTpudbyT, Bamjanmmi @GopMaT UTEeHMS B TEKCTOBOM PEXMM.
! dyHkumsa pickle.loads () BO3BpamaeT BOCCTAHOBJIEHHYID Mepapxuin OOBLEKTOB

13 CTPOKOBOTO MNPEeICTAaBJIEHMUSA INaHHBIX .
with open ('/content/drive/My Drive/Colab Notebooks/Sign Imag-
es/train.p', mode='rb') as training data:

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

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

test = pickle.load(testing data)
# obosHauaeM obyuamumMe, TECTOBHE ¥ MPOBEPOUYHEIE 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 szamnmcert, mnsobpaxeHme 35*32 nukcend,
uBeTHOe (3 - BHauMT TeH30pP RGB)
X train.shape
(34799, 32, 32, 3)
y _train.shape

(34799,)

llar #2: Busyanmszaumsa paTaceTad
# nonmcramyigeM 1 = ciyuarHoe umcyo. OyHxumo matplotlib imshow
oTobBpaxaeT Tpaduky Ha ocHOBe 2-D maccuBoB (u/0 musobpaxeHue
# mnu 3-D maccuBOB (uBeTHOEe) . Baxuo! Kaxneni sJjieMeHT B MacCCHUBE
IeliCTBYyeT KaK MIUKCEeJb.
i = 3100

plt.imshow (X train[i])
y trainf[i]

i = 3001
plt.imshow (X validation[i])
y validation[i]
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i = 2100
plt.imshow (X test[i])
y _test[i]

15 20 25 30

llar #3: Iomroroeka naHHEX

# sklearn.utils.shuffle() wmucnombsyeTcd g IepeMelMBAHUSA MAaCCUBOB
crydyayiHeM o0pasoM, UYToOOH OBJIa BOBMOXHOCTB I[IOJIyUYaThb PasHble M300paxeHMs
KaxIEM pas, KoI'a Mb NPOBOIMM OOydeHMe, UTOOH MBI HE TPEeHUPOBAJMUCH Ha
OOHMX UM TeX Xe MSOGanGHMHX.

from sklearn.utils import shuffle

X train, y train = shuffle(X train, y train)

IDajiee HYXHO HOPMajiM30BaTh HaAOOP IaHHHEIX, [IOCKOJIBKY INEeHOPMAaJIM30BaHHEE
IDaHHBEE YyXYyIAKnT KadyeCTBO paclol3HaBaHMe. [[Jigd 3TOTO npeobpal3yeMm
nzobpaxenme B u/6 dopmarT. OTTEHKM CEPOTO MNOJYUMM KakK CyMMYy 3HAUEHUMN
RGB cJi0éB, 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 validation gray = np.sum(X_validation/3, axis = 3, keepdims = True)
# npoBepsgeM pPasMEpPHOCTL — I[OCJelHee 3HaueHue = 1.

X train gray.shape

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

(4410, 32, 32, 1)
[locMOTPUM Ha M300pPaxXeHMe B OTTEHKAX CEepOTr0 M MCXOOHOE M300paxeHMe.
[IOCKOJIBKY MH YMEHBIMIM Pa3MEPHOCTL MB300paxeHMi, y MaCCMUBa 0OKaszajioCh
foJiblle M3MEPEeHM, YeM MCIOJL3YEeTCs, IO3TOMYy IIPMMEHSKT nNp.squeeze Injs
YMEHBUIEHMS HEHYXHBIX pasMepoB. OyHKkUMS squeeze () yIajlgeT OCUM C OIOHUM
3JIeMeHTOM (IJMHHOM 1), HO He caMu DBJIeMEeHTE MacCuBa.
i=620
plt.imshow (X train grayl[i].squeeze(),cmap='gray')
plt.figure ()
plt.imshow (X train[i])
<matplotlib.image.AxesImage at 0x7£269a69ea90>
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0 5 10 15 20 25 30

[IockOJbKY 2T0 M300paxeHMe B I'pamalMsax CepoIro, MBl NPOIOJIXUM
HOopManmM3auuo ero, BouUMTas 128, a 3aTeM pas3neus 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 ],
[-0.82291667],

ceey
[-0.765625 1,
[-0.78125 1,
[-0.807291671111)
[locMOTPMUM pasHBE BapMaHTH M300paxeHUM
i = 60
plt.imshow (X train grayl[i].squeeze(), cmap = 'gray')
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>

i =610

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

plt.imshow (X test[i])

plt.figure ()

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

<matplotlib.image.AxesImage at 0x7£269a423110>
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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 0x7f269%9a2f5210>
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Mar#4: OOyueHue momenm]

Momenb COOEpXUT cJjenyouye CJOU:

Mar 1: TEepBHM CBEPTOYHHM CJIOM #1

Input = 32x32x1

Output = 28x28x6

Output = (Input-filter+1l)/Stride* => (32-5+1)/1=28
VcnonbsyeMm 5x5 ounpTp, 1iydmMHa 3, KOJIMYUECTBO 6
VcnonesyeMm RELU QyHKUMIO akKTMBALMM Ha BHEIXOIE
pooling cyoi, Input = 28x28x6, Output = 14x14x6

* Stride =1.

Mar 2: BTOPOM CBEPTOYHEI CJIOM #2

Input = 14x14x6

Output = 10x10x16

Output = (Input-filter+1l)/strides => 10 = 14-5+1/1
[IpmMmensaem RELU axkTMBauUMiO Ha BEXOIE

Pooling ciyoy, Input 10x10x16, Output = 5x5x16

lar 3: PasBopauMBaeM HEWPOCETH

5x5x16 pasBopaumBaeTcsa B Output = 400

Mlar 4: 1-7 DOJIHOCBSA3HEIM CJIOM

1-7 cjovi: HOOJHOCBSASBHEIM cJjod, Input = 400, Output = 120
npuMeHsaeM RELU QyHKLMIO akTUBALMM HAa BHXOIE

Ilar 5: 2-¥ IIOJIHOCBSABHEI CJIOM

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

npuMeHseM RELU QyHKUMIO aKTMBALMM HA BEXOIE

lar 6: 3-¥ MNOJIHOCBSA3HEIM CJIOM

3-1 cmyom: 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, 0) 156
average pooling2d (AveragePo (None, 14, 14, 6) 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 crossentropy', metrics = ['accuracy'])
Buumanme! [IpoBepbTe COOTBETCTBME I[OJIYUYEHHEIX Pa3MEPHOCTEM ONMCaHHBM
Belle pasmepHocTAM!
history = LeNet.fit (X train gray norm,

y train,

batch size = 500,

epochs = 50,

verbose = 1,
validation data = (X validation gray norm,
y validation))
Epoch 1/50
70/70 [==============================] - 165 212ms/step - loss: 3.1909

- accuracy: 0.1737 - val loss: 2.7206 - val accuracy: 0.3034

Epoch 2/50

70/70 [==============================] - 15s 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

ar#5: OuenmsBanme mogmernm{

# olleHMBaeM TOUHOCTL HEMVPOCETH

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

print ('Test Accuracy: {}'.format (score[l]))

395/395 [==============================] - 335 8ms/step - loss: 1.6408
- accuracy: 0.8343

Test Accuracy: 0.8342834711074829
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history.history.keys ()

out[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']

BusyanmsupyeM UTepaluy OAHHHX OOYUeHMs M MNPOBEPKM 10 BHIoXaM. Ml
HabJmoImaeM, 4YTO TOUHOCTHL yBeJumumBaeTrcsa no /0% 3a HeCKOJIBKO DBI0X, a
3aTEeM INEPEXONUT Ha IOJIOTUM ydacCTOK.

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 0x7£2693337b10>

Training and Validation Accuracy
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®  Taining Accuracy
0z . = Validation Accuracy

o 10 20 30 40 50
OrTobpaxaeM IOTEPM IIPM NIPOBEPKE M OOYyUYEHMM B 3aBMCHMMOCTM OT KOJIMUECTBA
3II0X M HabjmowmaeMm, 4TO o0b0a 3TUX I'padrka MMenT OOpaTHYH BaBUCHMMOCTL. Me
BMOMM, UYTO IPOLEHT IoTepb namaetT no 50% 3a 5 mnox.
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 0x7£26932fbcl0>
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@ Taining loss

30 — Validation loss

25
20
15
10

05 ...N“__

0.0 ol
0 10 20 30 40 50

predicted classes=LeNet.predict (X test gray norm)

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

CrpomM MaTpuly 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 0x7£2693f42f50>
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012345 IS % 8 91011121314151617 1819202122 23242526 2726293031 32333435 3637 38304041 42
HaszHaumMm y true Ong BeHBOLA HAHHEIX TECTMPOBAHMA M MOJIyYMM [IpencKas3aHHHE
3HAUYEHUS M3 HameM Momesnm C mnoMolbio byHkumy LeNet.predict (), xoTopasd
npyuHMMaeT X test gray norm B KadeCTBE BXOINHEIX HAHHEIX. TaxyM oOpasoM MEl
MOXEM CPpaBHMTH IIPOI'HO3EI HaAUMX Moneneﬁ C MCTVMHHEIM 3HaUeHMEM.
#y true = y test
#np.argmax (predicted classes, axis=1l)

L =7

W=7

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

for i in np.arange (0, L*W):
axes[1].imshow (X test[i])
axes[i].set title('Prediction = {}\n True =
{}'.format (classes x[1], y test[i]))
axes[i].axis('off'")
plt.subplots adjust (wspace = 1)

Predlctlon = 16 Prediction = 1 Prediction = 38 Prediction = 33 Prediction = 11 Prediction = 38 Prediction = 18
True=1 True = 38 True = 33 True =11 True = 38 True = 18

ol -l

Prediction = 12 Prediction = 25 Prediction = 35 Prediction = 12 Prediction = 7 Prediction = 23 Prediction = 8
True = 12 True = 25 True = 35 True = 12 True =7 = True =7
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&

Prediction = 33 Prediction =9  Prediction =3  Prediction = 2 Prediction = 11 Prediction = 13 Prediction = 10
True = 33 True = 9 True =1 True = 11 = True = 10
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Prediction = 17 Prediction = 3 Prediction = 12 Prediction = 16 Prediction =8 Prediction = 7 Prediction = 30
True = 17 True = 3 True = 12 True = 16 True = 8 True = 7 True = 30

Prediction = 18 Prediction = 12 Prediction = 20 Prediction = 33 Predlctlon Prediction = 10 Prediction = 40
True = 18 True = 12 True = 24 True = 25 True = True = 10 True = 18

AHBEEE B

3aganue 1J19 CAMOCTOSITEJILHON PadoThI: YBEITUUYUTH TOUHOCTH paboThl. O0O0OCHOBATH, TOYEMY
MPEIPUHSTHIE MEPHI YBEIUUMUIN TOYHOCT. UTO MOYKHO U3MEHUTD:
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@DYHKIMY aKTUBALUH.

Jlo6aBUTE CBEPTOUHBIN U MYJJIUHT-CIIOH (CIIOH).

W3MeHnTh average MyJIJIMHT HAa Max IyJUIMHT.

Jlo6aBHTH CII0¥/CIIOM TOTHOCBS3HOM HEUPOCETH.

W3MeHNnTh (QYHKIMIO aKTUBAIMH [TOJTHOCBA3HOM HElpoceTH.

ok wbhE

OO0ocHYy#Te BRICOKHE 3HAUCHHSI B MaTPHIIC OITMOOK, HAIPUMEp, Ha TiepecedyeHun 18-ro
cToJiona u 26-i CTPOKH.

3 OTAIl - BJAIETDH

Bonpocs! 1151 3k3amMeHa

3amaun 006paboTKH ecTecTBeHHOTO s3bika (NLP).
B03MOXHOCTH METOI0B MAllIMHHOTO 00y4eHUs B 00pab0TKe eCTECTBEHHOTO S3bIKA.
Mopuens Bag-of-Words.

BekropHoe mpencrasienue (text embeddings)
Mogxens Word2Vec

PexyppeHTHBIE HEMPOHHBIE CETH.

Apxutektypa u ocHoBHas uaes LSTM-cerei.
MaivHHbIN IEPEBO/I.

OcHoBHBIE 33]]7a41 KOMITBIOTEPHOTO 3PEHUSI.

10 CBepTouHble HEHPOHHBIE CETH.

11. JlerekTupoBaHuE OOBEKTOB.

12. bubmuoreka OpenCV.

CoNO~WNE

TecT 1151 CAMOKOHTPOJIA (IPUMEPHbIE€ BONPOCHI UTOTOBOI'0 TECTUPOBAHUS)
1. Merton, O3BOJISIIOIINN NPEICKa3bIBaTh 3HAYEHUS TOW WJIM MHOW HENPEPBIBHOM YMCIIOBOM

BEJIMYMHBI IJISI BXOAHBIX JAHHBIX HA3bIBACTCH:
Knacrepuzauus

Knaccudukanus

Perpeccus

Mertoz ONOpHBIX BEKTOPOB

2. Kakoii n3 BU10B MallinHHOTO 00Y4YEeHHsI OCHOBBIBAETCSI HA B3aUMOJIEHCTBUU 00ydaeMoit
CHUCTEMBI CO cpeon?

C yuutenem

be3 yuurens

C noakpenJieHuemM
['myOuHHOE

3. B kakue urpsl HelipoceTh elle He Hayuusiach OOBITPHIBAThH YeIoBeKa?
I'o

bpuax

[ITaxmaTsl

"Mapuo"
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MGTOI[, HOSBOJ’IHIOHII/Iﬁ IMPOTrHO3UPOBATH BBIXOJbLI C IBYMSA BO3MOKHBIMU 3HAYCHHUAMU,

oMeueHHBIMH Kak «0» uian «1», Ha3bIBaeTCs:
JlorucTnyeckas perpeccust

Meto1 OITOpPHBIX BEKTOPOB

Meron K-0mmxkaiimmx cocenei

Heiipocetn

5.

OmubKy 1-ro poma WHOTIa Ha3bIBAKOT:

TouHoCTs MOETU
Jlo:xknas TpeBora

BeposTHOCTB OTKa3a

[Iponyck nenu

6.

Ommobky 2-ro poja MHOTIa Ha3bIBAIOT:

IIponyck uean
JloxHast TpeBora
BeposiTHOCTB OTKa3a

TouHoCcTh MOZETHN

7.

I[OJI?I O6’I)GKTOB, Ha3BaHHBIX ITOJIOKHUTCIIbHBIMU U ABJIAIOIIUCCA ITOJIOKHUTCIIbHBIM,

OTpaxacT MCTPUKaA:

Recall

Precision
Accuracy
Exactly

8.

,Z[OJ'I?I 00BEKTOB MOJIOKUTEIBHOTO KJIacca U3 BCeX 00BEKTOB IOJI0KUTEIIFHOIO Kilacca

ONpPENENAETC METPUKON
Omudka 1-ro pona

Omubxka 2-ro poga

Ommbxa 3-ro poga
Ommbka 4-ro pona

9.

"ITponyck" yxoasiero aboHeHTa U OIMOO0YHOE NPUHATHE HYJIEBOH TUIOTE3bI

Ha3bIBACTCA:

Pa3nensaromue

OmnopHsbie

Penraromue

I'unepsekropa

10.

ITox «cocegamm» B MeTone k-NN moHumarorcs:

HapaMCTpBI MOZCIIH, JTy4IIC BCCTO OIMMCBIBAOIIINC 00BEKT

Psimom Haxopmsmmecst 0ObLEKTHI

O0beKThI, 0JIM3KHE K HCCIeAyeMOMY B TOM MJIM HHOM CMbICJIe

OOBbeKThl, HAXOAIIUECS HAPOTUB UCCIIEyeMOro 00bEKTa
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11.  Knacrepuzanusi OTHOCUTCS K METOAY OOYUYEHUS:
C yuurtenem

be3 yuuresas

C noakperieHueM

C npenckazanueM

12.  Knaccudukamusi OTHOCUTCS K METOAY OOYUYEHUS:
C yuurenem

be3 yuurens

C noakperieHueM

C npenckazanueM

13. B xakom rojay ObuI onpesiesieH TePMHH "HCKYCCTBEHHBIH HHTEIUIEKT"'?
1945
1956
1981
1990

14. B uem 3axmtouaeTcs 1e1b MaIIMHHOTO O0y4eHUs?
[Ipenckaszath BXOJHBIC IaHHBIE TIO PE3YIIbTATy
IIpeacka3zath pe3yJbTaT O BXOJHBIM JaHHBIM
OOyuuTh MallIUHY €3IUTh 0€3 BOIUTEIS

[TpoBoauTh apubMeTHIECKHE BHIYUCICHUS

15. OOyueHue, OCHOBaHHOE Ha MapPKHUPOBAHHBIX OOYYAIOIIUX JAaHHBIX, HA3bIBACTCS:
OO0y4eHnue ¢ yunreyaem

OO0yuenue 6e3 yuuTens

OOyueHue ¢ NoKpeIIeHuEM

MaimnHaoe oOy4yeHue

16.  YkaxuTe npaBUIbHOE COOTBETCTBHE (P HA PUCYHKE U TEPMUHAM
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1 - meitpoceTu, 2- MamuH. 00y4eHHE, 3-UCKYCCTBEHHBIM HHTEJUIEKT, 4 - MO3T

1 - cratucTuka, 2- MamuH. 00yueHue, 3-MaTeMaTuka, 4 - Hayka

1 - rmyGokoe o0y4enue, 2- HCKyCCTBEHHBIH MHTEIIEKT, 3 - HelpoceTH, 4 - MoAenn
1 - rny0okoe o0yuenue, 2-HelipoceTH, 3- MalIMH. 00y4eHHe, 4-UCK. HHTELIeKT

17.  UYro Ha3biBaeTcs 00ydeHHEM HEHPOHHOM ceTu?
npouecc HACTPOIKN CHHANITHYECKHX BECOB

IpOLIECC MOTYYEHHs pe3ysibTaTa apu(MEeTHIeCKuX AeHCTBUI
IpOLIECC IPUCBOCHHS HEWPOHAM MAapKEPOB BBIITOITHEHUS
MPOLIECC ITPOrPaMMUPOBAHUS UCKYCCTBEHHOIO HHTEIEKTa

18.  Yt0 10KHO OBITH HAIIMCAHO B CXeME 00YUYEeHUs1 HEMPOHHOW CETH METOAOM 0OpaTHOTIO
pacrpocTpaHeHHs OIIMOKH BMECTO IUQpsI 17

npouecc OGyHEHMﬂ e
LaHHbIX =TTel
PacnpocTpaHenue ey
CHrHana no HelpoceTu
CeTb 06yyeHa

OrBer f 2

cetu

Pacyer
I . OWNGKK

Owwnbka
Hactpoiika Benuka
cetn

BbIOOp MpuMepa
omuoOKa mMana
OIMOKa BEIHKa
OITMOKY HET
19.  UYro momKHO OBITH HAITMCAHO B CXeMe 0O0YUYCHHsI HSUPOHHOM CeTH METOJIOM 0OpaTHOTO

pacrpocTpaHeHus OMTUOKH BMeCTO IudpbI 27
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Mpouecc 06yyeHus | 3
— HellpoceTu
AQHHbIX —
PacnpocTpaHenue B
CMrHana no HeiipoceTu
CeTb 06yyena

1 e .Y
| l - orBer f 2

cetu
== Pacyer
I ’ OWNGKM
OwwnbKa
Hactpoiika BenuKa

cetn

BBIOOp MpuMepa
oImMoOKa MaJjia
olIn0OKa BeJIuKa
OIIMOKHU HET

20. bubnnoreka s3pika Python, noGasistomias moaaepxKy OOIbIINX MHOTOMEPHBIX
MacCHBOB M MaTpHIIl, BMECTE ¢ OOJIBIION OMOIMOTEKOI BHICOKOYPOBHEBBIX (M OUYEHD OBICTPHIX)
MaTeMaTHYECKUX (PYHKIMH JUTsl ONIepannuid ¢ STUMU MaCCHBaMHU, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

21. bubnunoreka Python, mo3Bosnsromas CTpouTh CBOHBIE TAOIUIIBI, BEITIOTHSATH
TPYNIUPOBKH, IPEIOCTABIISET YIOOHBIN TOCTYI K TAOJMYHBIM JIAaHHBIM, HA3bIBACTCSI:
pandas

numpy

matplotlib

sklearn

22. bubnumoreka Python, koTopast mpeocTaBiseT MHOKECTBO BO3MOKHOCTEH , TAKMX Kak
MHOFOCTyrICanTHﬁ aHaJIN3, perpeCCusd U aJITOPUTMBI KIIACTCpU3allUU, HA3bIBACTCA:

pandas

numpy

matplotlib

sklearn

23 BI/I6J’II/IOTCKa PythOI’l, npeaHasHauCHHAas JJIs1 BU3yaln3allii JaHHBIX, HA3bIBACTCA
pandas

numpy

matplotlib

sklearn
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24, Merto/, KOTOPBIN 3a/1a€T HAYAJIbHBIE YCIOBHS JJIsl TEHEpATOpa CIIy4alHbIX YHCEl,
Ha3bIBACTCS:

random.seed()

np.median()

np.median()

np.arange()

25. "Hancrpoiika» Hag Matplotlib, koTopas npegocrasiser aydiryio rpaduky u Oomnbliee
KOJINYECTBO BO3MOKHOCTEH €€ HAaCTPOHKH, Ha3bIBACTCS

plot

graphic

seaborn

diagrams

26. OTkpsiTas mporpaMmMHasi OMOIHOTEKa I MAIIMHHOTO 00y4YeHus, pa3paboTaHHas
komnanueit Google ans pemeHus 3aa4 NOCTPOCHUS U TPEHUPOBKU HEUPOHHOM CETH,
Ha3bIBACTCS:

NeiroNet

NeiroLib

TensorFlow

FlowKeras

27. B xakoM OTHOIICHUHU OOITYHO AAJSAT BHIOOPKY HA 00YYAIOIIYIO U TECTOYIO:
20:80
80:20
50:50
90:10

28.  UYrto HaspBaroT "3moxoi" B HeHpoceTIix?
IToxonenue co3gaHus ICKyCCTBEHHON HEHPOCETH
Opna utepanus B npouecce 00y4eHust HeHpoceTH
CoObITHE, MOBNIMSBILIEE HA PA3BUTHE HEHPOCETH
I[Tpornecc pacuera ommOKN HEHpoceTH

29.  UYro Takoe "mepeodydcHme" Moaeu?

Mogienb coaepKUT Ype3MepHO OO0JIBIIIOE YUCIIO MEPEMEHHBIX

Mojienb CIUIIKOM YacToO yyacTBOBaJsla B 00y4eHUU

Mopenb u3JIMIIIHE TOYHO COOTBETCTBYET CeTH KOHKPETHOMY Ha0opy o0y4aroumux
NPUMEPOB U TepsieT COCOOHOCTh K 00001eHHI0.

30.  Jlns pemieHust Kakux 3ajad co3/laHa CBEPTOUHAS HEWPOHHAs CETh?
Pemenue cnoxHbIX apuMeTHUecKuX 3a1a4

IIpencka3anue BpeMEHHBIX PAIOB

Pacno3naBanue o0pa3oB

ApxuBHpoBaHHE OOJIBIINX JAHHBIX
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31.  Kakoro ciost HET B apXUTEKType CBEPTOYHOM HEepoceTn?
CBepToyHOTO

[TonHOCBSI3HOTO

BrixogHoro

IIpome:xkyTOo4HOrO

32. Cpena nporpammupoBanus Python, Bkirouaroiass Ha0op cBOOOAHBIX OMOINOTEK
MAIIUHHOTO O0YYCHHSI, Ha3bIBACTCS:

Cobra

Anaconda
MachineLearning
PythonMLLybrary

33.  HuctpymeHrt juis pa3paboTKu U npecTaBieHus npoekToB Data Science B
MHTEPAKTUBHOM BUJE, 0OBEIUHSIONINHI KO/, TEKCT, MaTeMaTUYECKUE YPAaBHEHUS U BU3yalIU3allH,
HA3bIBACTCS:

Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34. Jaracer - 310

Cer naHHBIX

OOpaboTaHHas M CTPYKTYpUPOBaHHasi ”HGoOpMAaNus B TAOJMYHOM BH/I€
VYcpennenHas BBIOOpKa JaHHBIX 110 CTPOKaM

VYcepeanennast BBIOOPKA JAHHBIX 11O CTOJIOIaM

35.  Kak HazbiBaercs OecruiatHas cpena Google s co3aanus HOyTOyKoB Jupyter, KoTopast
MOJIHOCTBIO paboTaeT B obnake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kakoii Tun stueek B HOyTOykax Jupyter nmpeaHa3zHaueH 1Jig BBOJa TEKCTa U
n300paskeHunit?

Code

Markdown

Memo

Image

37.  Kakoii Tam saeex B HOyTOyKax Jupyter nmpexHa3HaveH sl BBOJa MPOrPAaMMHOTO KoJa?
Markdown
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Memo
Image
Code

38.  C moMommpio Kakux CUMBOJIOB B Jupyter HOyTOyK MO>KHO CO3aBaTh 3ar0JIOBKU IIEPBOTO
YpOBHS?

C nomomb10 CUMBOJIA # U TIpodesia

C noMomnibto cuMBoJa #

C nomorsio cumBoiia % u npobena

C nmomorsio cumBoia %

39. C moMoIIIpI0 KaKuX CUMBOJIOB B Jupyter HOyTOYK MO>KHO CO3/1aBaTh MpudT Kypcus?
€ MOMOIIBI) CHMBOJIOB * € IBYX CTOPOH TEKCTa

C TMIOMOIIBIO CUMBOJIOB # C JIBYX CTOPOH TEKCTa

C IMOMOIIBIO CUMBOJIOB «K» ¢ IByX CTOpPOH TeKcTa

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

40.  Kakoe coueTaHme KJIABUII 3aITycKaeT KoJ B Jupyter HOyTOYK Ha BBITIOJTHEHHE?
Enter

Shift+Enter

Ctrl+Shift

Alt+Shift

41.  AKCOH — 3TO OTPOCTOK HEHpOHa:
Bxonnou

BeixoaHou
IIpomexyTOUHBIN

[TpeobOpazyromuit

42.  Yro B 6uonorunyeckoM HelpoHe umeeT 6OIBUIYIO ATUHY:
Hennpur

AKCOH

Cunarc

Teno HelipoHa

43. JlaHO: HEMpPOHHAs CETh C OJTHUM CKPBITBIM ClIOoeM. Y ceTH | BXoa, 3 HEHpPOHA B CKPBITOM
cJ10€ 1 OIWH BRIX0. UTO Oy/IeT Ha BBIXOJIE CETH B CiIy4ae, €clid Ha Bxoje 1, Bce Beca paHsbI 1?7

X

(—@—(D~
3
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1
3
1/3
0,3

44, Kro co3zan nepByro MOJENb HCKYCCTBEHHBIX HEMPOHHBIX CETEH?
Maxk-Kaniok u IIntre

Hpeun U. Pymensxapt, k. E. Xunton u Ponansg JIx. Bunbsimc
®posk Pozenbaart

Su Jlekyn

45.  Kakoll TN HCKYCCTBEHHOW HEHPOHHOM CETH MPEACTaBIEH Ha KapTUHKE?
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input [5)

PexyppenTHast HelipoHHAas CETh
Heiiponnas cets [xopaana
MarpuyHast HEHpPOHHAs CETh
CBepToyHasi HCHPOHHAA CETh

46.  Jlns pacnpeaeneHHOro riryookoro MamuuHoro o0yuenus (Deep Learning) 6ombiue
HOJIXOAUT (PpelMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. bonbmme nanubie — 310:

Jlannbie o0beMom Oonee 1TO

Jlannbie oobemom 6osee 10TO

Hanubie oosemom 6omee 100T6

HeT orpannyeHuii Ha MUHUMAJIbHBIH 00bEM

48.  Cpennss abcomoTHas ommoOka (MAE) momydaercs mytem:
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BbIYHMCJICHUSA 2A0COTIOTHON Pa3HHUIbI MEKAY MPOrHO3aMHU MOJEJIM U MCTUHHBIMH
(pakTHYecKUMH) 3HAYCHUAMMU.

BBIUMCJIEHHUS] OTHOCUTEIBHOM pa3HULBI MEXIy [POTHO3aMHU MOJAEIM U  UCTUHHBIMHU
(paxTHyeckMM) 3HAYCHUSIMH.

BBIYUCIICHHS KBaJIpaTa Pa3HULBI MEX]y MPOrHO3aMH MOJEIH U 00ydaromuM HabOpoOM JaHHBIX
(MCTHHHBIC 3HAYCHHS ).

BBIUMCJICHHSI KBaJpaTa pa3sHUIIbl MEXIy MPOTHO3aMU MOJIEIH U 00yYaroluM HabOpOM JTaHHBIX
(MCTUHHBIEC 3HAUEHUS) U MIPE/ICTABICHUS pe3ysbTaTa B IPOILEHTHOM dopMarTe.

49.  CpennexBagparuunas ommoka (MSE) momyuaercs myrem:

BBIYMCIICHHSI a0COIOTHOM Pa3HUIIBI MEKAY MTPOTHO3AMH MOJCIU M HCTUHHBIMHE ((DaKTHUECKUMU )
3HAUCHUSIMHU.

BBIYUCJIEHUSI CYMMBbI KBQJAPAaTOB PAa3HUIBI MEXKIY NMPOTHO3aMH MOJAeIH H 00y4aIIUM
HAa00pPOM JJAHHBIX (MCTUHHBbIE 3HAYEHHUS ).

BBIUUCIICHHUSI OTHOCHTEIBHOH pa3HUIBI MEXIY MNPOrHO3aMH MOJEIM W HUCTUHHBIMHU
(paxkTHUECKMMU) 3HAYCHUSMH.

BBIYUCIICHHSI KBaJIpaTa Pa3sHMIIBI MEX]y MPOTHO3aMH MOJCIH U 00ydaromuM HabOpOM JaHHBIX
(MCTUHHBIC 3HAUCHUS) U IIPEJICTABIICHHS PE3yJIbTaTa B POIICHTHOM (hopMaTe.

50.  Cpennsist abcomoTHas nporentHas ommoka (MAPE) nomywaercst mytem:

BbIYMCJIEHUS] CYMMbI KBaJpPaTOB Pa3HHUIbI MeKAY MPOrHO3aMH MOJeId U 00y4alolHuM
HA00pOM JaHHBIX (MCTHMHHbIE 3HA4YeHUs]) M NPeACTABJIEHHS pe3yJibTATa B MPOLEHTHOM
dopmare.

BBIYHCIICHHS] CYMMBbI KBaJPAaTOB PA3HUIIBI MEXKIY MPOTHO3aMU MOJENIU U 00y4aronuM HabopoM
JAHHBIX (UCTUHHBIC 3HAYCHHUS).

BBIUKCJICHHS a0COMIOTHOM pa3HUIIBI MEKAY MTPOTHO3aMH MOJAENU M UCTUHHBIMHU ((haKTUUECKUMU)
3HAYCHUSIMHU.

BBIUUCIICHHUSI OTHOCHTEIBHOM pa3HUIBI MEXIY NPOTHO3aMH MOJEIH W HUCTHUHHBIMHU
(paxkTHUEeCKMMU) 3HAYCHUSMU.

4. METOIUYECKHNE MATEPUAJIBI, OITPEJAEJIAIOIIUE ITPOLUEAYPBI OHEHVBAHMA
3HAHUI, YMEHMI, HABBIKOB U (MJIN) OIThITA JESATEJILHOCTH,
XAPAKTEPH3YIOIINX 3TAIBI ®OPMUPOBAHNA KOMITETEHIIUI B ITPOIIECCE
OCBOEHMU S OBPA3OBATEJIbHOM ITPOI'PAMMEBI

1 O3TAIl - 3HATH

KpuTepun o11eHKHM YCTHBIX OTBETOB CTY/I€HTOB

Onenka [TpaBUIBHOCTH (OIIMOOYHOCTH) BBITIOJIHEHUS 331aHUS
«OTJIIMYHO» IIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJEPIKAHUIO 3a]IaHUS;
MOHMMAaET MaTepuai, 000CHOBBIBAET CBOU CYKJEHUS,
IPUMEHSET 3HAaHWS Ha [PaKTUKE, WUIIOCTPUPYET OTBET
IIpUMEpPaMH HE TOJBKO IO MPEJI0KEHHOM JIUTEPATyPE;
U3JIaraeT MaTepual NocJIeJ0BaTeIbHO U IPaBUIIBHO.
«XOpOILIO» IIOJIHO M apTyMEHTHPOBAHO OTBEYAET I10 COAECPKAHUIO 3aJaHUS;
MOHMMAEeT MaTepHuall, 000CHOBBIBAET CBOU CYKJICHUS,
IIPUMEHSAECT 3HAHUSA HA NPAKTUKE, WUIIOCTPUPYET OTBET
IIpUMEpPaMU HE TOJIBKO IO MPEIOKEHHOM JINTEPATypeE;
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Hu3jaract Marcpuaa nocCjacAOBATCIbHO W  IPAaBUJIBHO, HO
JonyckaeT 1-2 omuOKku, KOTOPhIE UCITPABIISIET CaM.

«YIIOBJIETBOPUTEIILHO

3HaeT M TIOHUMAET OCHOBHBIC IOJIOKEHHS IO COJCPIKAHUIO
3a/1aHus;

u3jgaracT MaTepuall HEMOJIHO, HO JOMYyCKaeT HETOYHOCTH B
OIpe/ICIICHUU TIOHATUH I (POPMYJITHPOBKE TIPABHII;

HE JIOCTAaTOYHO TIYyOOKO W JOKa3aTelbHO OOOCHOBATH CBOU
CY)KICHHS WUIIOCTPUPYET OTBET NPHUMEpPaMH TOJBKO IO
MPEJI0KEHHOM JIUTEPATYPE;

U3JlaraeT MaTrepual HeMoCJeJ0BaTeIbHO M JIomyckaer 3-4
OIIINOKU.

«HEYOOBJECTBOPUTECIBHO»

JOTyCKaeT  CyIIeCTBEHHble  OmMOKH B  (HOpMYyJIHpPOBKE
OIpEEIICHUH 1 IPaBUJI, UCKAXKAIOLINE UX CMBICII;

u3JlaraeT Marepuall Herocle0BaTeIbHO, HEYBEPEHHO U HE IO
CYLLECTBY 3a/laHuUs;

JIOTTYCKAeT CyIIECTBEHHBIE OIIMOKH, HE TTO3BOJISIONINE PACKPHITH
CMBICT 3a/laHus, SIBISIFOIIMECS CEPbE3HBIM MPENSATCTBUEM K
YCHEIIHOMY OBJIAJICHUIO CIEIYIOIIUM MaTEPUATIOM.

2 9TAIl - YMETH

KpnTeplm OLCHUBAHUSA BBINOJHCHUSA MPAKTHYCCKUX 3aJaHMM U 3aJJaHUi ]9

CaMOCTOSITEJIbHOH PadoThI

Onenka Kpurepuu

COTIIMIHO paboTa BBIMOJIIHEHA MOITHOCTHIO;
B JIOTHYECKUX PACCYKICHHSIX W OOOCHOBAaHMM pEIICHHS HET
poOeJIOB M OMINOOK;
B PEUICHWH HET OMHMOOK (BO3MOKHBI HEKOTOpPBIE HETOYHOCTH,
OMHCKH, KOTOpas HEe SBISETCS CIEACTBHEM HE3HAHUS WU
HETIOHWMaHHUsI Y4eOHOr0 MaTepurana).

«XOPOIIIOH» paboTa BHITIOIHEHA MOJHOCThIO, HO 00OCHOBAHUS IIaTOB PELICHUS

HEJIOCTaTOYHBI (€Cii yMEHHE OOOCHOBBIBATH PACCYXKIACHUS HE
SIBJISTIOCH CIIEIIUATBHBIM OOBEKTOM MPOBEPKH);

JOTYIIEHBI OJTHA OITMOKA, UK €CTh JIBa — TPU HEN0YETA (EClId ITH
BUJIBI paOOT HE ABISIIUCH CTICUATbHBIM 00BEKTOM MPOBEPKH).

«YOOBJICTBOPHUTCIBHO»

JONyIIeHO He Oonee OByX OmMOOK WM Oosee ABYX — Tpex
HEJOYeTOB, HO oOydaromuiics o0nagaer  00s3aTENIbHBIMU
YMEHHSIMU 110 ITPOBEPSIEMOM TEME

«HECYOOBJCTBOPUTCIBHO»

AOIMYUICHBI CYIICCTBECHHBIC OIHI/I6KI/I, IIOKa3aBIINEC, qTo
oOydaromuiics He o0nagaer o0O0s3aTeNbHBIMH YMEHUSMHU TIO
JTAHHOW TeME B MOJHON Mepe.

Kpurepun ouenuBanus pedepara

OneHka

[TpaBUIIbHOCTH (OMIMOOYHOCTH) BHITIOJHEHHUS 3aJaHHS

«3a4TCHO» Coz[epxcaHHe pe(bepaTa COOTBCTCTBYCT TECMC,

YCTHO;

[TpaBuiIbHOE HCITOTB30BAHUS UCTOYHUKOB JINTEPATYPHI;
CootsetctBHE 0hopMiIeHHUs pedepara CTaHAAPTOM;

3HaHWE ydYalmMMCs H3JI0O)KEHHOTOo B pedepare maTepuana (sl OTBETa Ha
YCTHBIE BOTIPOCHI);
YMeHne TpaMOTHO M apTyMEHTHPOBAHO M3JIOKHUTH CYTh MPOOIEMBI B TEKCTE U
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Te3sucel M MNpeANONOKEHUS apryMEHTUPOBAHBI, CHEJIaHbl BBIBOABI U
YMO3aKJIIOYEeHHUS,

B Tekcre oOTpaxeHO yMEHHE aHAIM3UPOBaTh (DAKTUYECKMd Marepuan u
HCTOPUYECKHE U KYJIbTYPHbIE (haKThI.

«HEC 3a4TCHO»

Tema pecdepara packpbITa HEOCTATOYHO MOJTHO;

OtcyTcTBYeT OMOIMOrpaduIECKU CIUCOK;

Te3ucbl ¥ TPEANONOKEHUST HE apryMEHTHPOBAHBI, HE CJENaHbl BBIBOJBI H
YMO3aKJIIOYEeHHUS,

B TekcTe oTcyTCcTBYET (DaKTOIOTHUECKUI aHAIN3;

OTBeThl Ha YCTHBIE BOIPOCHI HE OTPAXalOT yMEHHE TPaMOTHO U
apryMEHTHPOBAHO M3JIOKHTH CYTh pedepara.

Co3naHue npe3eHTalMii HA 3aJAHHYI0 TEMY
Kpumepuu oyenusanus npezenmayuti

Ne | [TapameTpbl OLleHMBAHUSA MPE3eHTAIMA BoicTaBisieman ouneHka (0aJswn)

orl o3

CooTBeTCTBHE COAEP)KAaHUS IPE3EHTALUH
BBIOPAHHOM TEME.

Jloruka noyxauu HHGOPMALUU

1
2
3 | OpuruHanbHOCTh M HOBU3HA HUH(OPMAIIHH.
4 | I'paduueckas naopMarys (WILTIOCTPAIHH,
rpadukH,

TaOJIMITBI, TUArPAMMBI U T.]T)

5 | 3axkiroueHue npe3eHTauuu (BbIBObI)

HToro 6a110B:

Ha kaxnplii mpencTaBieHHBIM MapaMmeTp 3aloJIHSETCS Tabiulia OLEHUBAHMS, TIe IO
KaX/IOMy U3 KPUTEPHEB MPHCBAaUBatOTCs Oamibl oT 1 10 3, 4TO COOTBETCTBYET OINpPEAeIEHHBIM
YPOBHSIM pa3BUTHsI KOMIETEHTHOCTH: | 0ail — 3TO HU3KUH YpPOBEHb; 2 Oayuia — 3TO CpelHUui
ypOBeHb; 3 Gaiia — BHICOKMH ypoBeHb. OmpeieneHue ypoBHS KOMIIETEHTHOCTH:

Kosan4yecTtBo HaOpaHHBIX 0aJ1710B 32 YpoBuu Ounenka
MPEeACTABJICHHYIO NPEe3eHTALUIO
or 12 no 15 BbIcokHii YpPOBEHB OTJINYHO
or8 o 11 Cpennuii ypoBeHb XOpOLIO
ot 5 110 8 Husknii ypoBeHb YAOBJIETBOPUTEIBHO
10 5 - HEYJIOBJIETBOPUTEIBHO

3 OTAIl - BJAIETD

Kpurtepuu oneHnBaHus 3HaAHUI HA JK3aMeHe

Onenka «OTJIMUHO»:

1.T'my0oxoe u mpoyHOe YCBOECHHUE MPOrPaMMHOI0 MaTepHara.

2.3HaHWe MaKeTOB MPUKIIAIHBIX IPOTPaMM

3.3HaHMe OCHOBHBIX MTPUHIIUIIOB OCTPOCHUS TAKETOB MPUKJIIAIHBIX IPOTPAMM.
4.3HaHNe OCHOBHBIX 33]1a4 MPUKJIAIHBIX TPOrpaMM.

5.CBo0O1HOE BiIaJIcHHE TAKETAMU PUKJIAHBIX IIPOTPaMM.

6.TouHOCTH M1 0OOCHOBAaHHOCTH BBHIBOJIOB.

7.be301nb04HO€e BHIMOIHEHUE TPAKTUYECKOTO 3aJaHuUs.
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8.TouHble, MOTHBIC ¥ JIOTHYHBIC OTBETHI HA JOMOJHATEIBHBIC BOIPOCHI.
Ouenka «XOPOLIO»:

1. Xopoiee 3HaHME IPOrPaMMHOI0 MaTepHuaa.

2. HemoctaTOYHO TMOJIHOE M3JI0KEHHE TEOPETHYECKOTO BOIPOCA HK3aMEHAIIMOHHOTO
ouera.

3. Hanmuuue  HE3HAYUTENbHBIX  HETOYHOCTEW B YNOTPEOJCHMH  TEPMHUHOB,
KJ1acCU(PUKAIIHA.

4. 3HaHME OCHOBHBIX ITAKETOB IPUKIIAIHBIX IPOTPaMM
HenonHoTa npeacTaBIeHHOTro MIUTIOCTPATUBHOTO MaTepHala.
To4HOCTH 1 00OCHOBAHHOCTH BBIBOIOB.
JloruuHoe U3/10)KEHUE BOIIPOCA, COOTBETCTBHE U3JI0KEHHUS HAYYHOMY CTHIIIO.
Herpy6ast ommOka npy BEIIOTHEHUU MPAKTHYECKOTO 33 JaHHUS.
[TpaBuibHbBIE OTBETHI HA IOMOJIHUTEIIBHBIE BOIIPOCHI.

Onenka «YJIOBJIETBOPUTEJIBHO»:

© oo

1. IToBepXHOCTHOE YCBOEHHE IPOrPAMMHOIO MaTepHuaa.

2. HemoctaTOYHO TMOJIHOE M3JI0KEHHE TEOPETHYECKOTO BOIPOCA HK3aMEHAIIMOHHOTO
ounera.

3. 3aTrpysHeHHWE B TPUBEICHUU TPUMEPOB, MOATBEPKIAIONIMX TEOPETHUECKHUE
HOJIOKEHHUS.

4. Hanuuue HEeTOYHOCTEHN B YNIOTPEOIEHUN TEPMUHOB, Ki1acCU(UKAIIUA.
Heymenue yetko cpopMysinpoBaTh BHIBOJIBL.
OTcyTcTBHE HAaBBIKOB HAYYHOI'O CTHJISL U3JI0KEHUS.
['py6ast omunbka B IpakKTUYECKOM 33aHUU.
HerouHble 0TBETHI Ha TONOJHUTENBHBIE BOIIPOCHI.

Onenka «HEY JOBJIETBOPUTEJIbHO»:

o~ oo

1. He3nanue 3Ha4uTEILHOM YACTH IPOrPAMMHOTO MaTepHalia.

2. HeciocoOHOCTH MPUBECTH PUMEPHI MTAKETOB MPUKIATHBIX POTPaAMM
3. Heymenwue BBIICTUTE TJIABHOE, CIETIATh BBIBOBI U 000OIICHMS.

4. I'pyOble OMOKY NMPU BBIMOJIHEHUN PAKTHUECKOTO 3aJaHMUs.

5. HenpaBusibHBIE OTBETHI HA JOTIOTHUTEIHHBIE BOIIPOCHI.

TecT pJ1s1 CAMOKOHTPOJISI (MPHMeEpPHbIE BONPOCHI HTOTOBOT0 TECTHPOBAHMA)

Kpumepuu oyenusanua mecma

[lonHass BepcHst TECTOBBIX BOIPOCOB COJEPXKUTCA B DIEKTPOHHO-MH(POPMAIIMOHHOM
cucteme By3a. CTyI€HThI IPOXOAAT TECTUPOBAHUE B KOMIIBIOTEPHOM KJIACCE.
[Tpu pa3zpaboTKke TECTOBBIX 3aJaHUI HUCIIOIB30BAIUCH ClIEAYOIKE (OPMBI 3a1aHUM:
— 3a/1aHUs C BBIOOPOM OJTHOTO U3 3-4 OTBETOB.
Bpemst tectupoBanms coctapnsier 30 MUHYT, BpeMs OTBETa Ha OJHO TECTOBOE 3aJaHHE —
1 munyTa.
Kputepuii onieHHBaHUS yCTaHOBJIEH B 000JI0YKE TeCTa.
Kpurepun oneHku:
Onenka «Otnuyao» - 90% u 6osee MpaBUIbHBIX OTBETOB;
Onenka «Xoporio» - 70% u 6oJiee paBUIIBHBIX OTBETOB,;
Onenka «Y noBneTBopuTelbHO» - 50% 1 60J1€ MPaBUIIBHBIX OTBETOB;
Onenka «HeynosnerBopurenbHo» - MeHee 50% MpaBUIBHBIX OTBETOB.



