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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

KOII 1 HAMMCHOBAHHC I/IHILI/IKaTOPa JOCTHXCHUA
KOMIETEHINI

OIIK-1 CnocoGeH mpuMeHSITh
€CTeCTBEHHOHAaYy4YHbIE U 00II1e-
WH)XCHEpPHbIE 3HAHUS, METO]IbI
MaTEMaTHYECKOTO aHamu3a |
MOJIEJIMPOBaHUS, TEOpeTHYe-
CKOTO M JKCIIEPUMEHTAIBLHOTO
HCCIIE0OBaHUS B Mpodeccuo-
HAJIBLHOM JIESITETbHOCTH

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 JCSATEIHHOCTH

OIIK-2 CnocobeH NOHMMAThH
HNPUHIUIB PaOOThl COBPEMEH-
HBIX MH()OPMAIIMOHHBIX TeEX-
HOJIOTMH ©  MPOrpaMMHBIX
CpE/ACTB, B TOM 4YHCJE OTede-
CTBEHHOTO TIPOM3BOJCTBA, U
UCTIONB30BaTh MX HpHU pere-
HUHM 3a/1a4 TPOo(hecCHOHATEHON
JeATEIIbHOCTH;

OIIK-2.1. 3naer TpUHIUIBI pabOTBl  COBPEMEHHBIX
MH(POPMALIMOHHBIX TEXHOJOTHH U MPOTPAMMHBIX CPEACTB, B
TOM YHCJI€ OT€YECTBEHHOTO MTPOU3BOJICTBA NP PEILIEHUH 3a-
na4 npo(ecCuOHANBHOMN NesITeTbHOCTH

OIIK-2.2. Ymeer BbIOMpaTh COBPEMEHHbIE HH(POPMAIMOH-
HbIE TEXHOJIOTMHM M IPOrpPaMMHBIE CPEACTBAa, B TOM YHCIIE
OTE4ECTBEHHOT'O IIPOU3BO/ICTBA IIPU PELICHUHU 3a7ad Ipodec-
CHOHAJIbHOM JESITEIbHOCTU

OIIK-2.3. Bnageer HaBbIKAMU TNPUMEHEHHS] COBPEMEHHBIX
MH(POPMALIMOHHBIX TEXHOJOTMH W MPOTPaMMHBIX CPEACTB, B
TOM YHCJIE€ OTEYECTBEHHOI'O IPOU3BOJCTBA, MPHU PELICHUU
3a71a4 NpoQecCuOHANbHOM NesTeTbHOCTH

OIIK-7 Crniocoben pa3pabathbi-
BaTh AJIITOPUTMBI u
[IPOTPaMMBbl, IMPUTOAHBIE IS
MPAKTHYECKOTO IPUMEHEHUS

OIIK-7.1. 3HaeT OCHOBHBIE A3BIKH POrPaMMUPOBAHUS U pa-
00THI ¢ 6a3aMM JTaHHBIX, OTMIEpAIIMOHHBIE CHCTEMBI U 000JI0U-
KA, COBpPEMEHHBIC TIPOTPaMMHBIE CpeAbl  pa3paboTKU
MH(POPMALIMOHHBIX CUCTEM U TEXHOJIOT M

OIIK-7.2. YMmeeT npuMeHSTh S3bIKU NMPOTPAMMUPOBAHUS U
paboThl ¢ 0a3amMM JIaHHBIX, COBPEMEHHBIC IPOrpaMMHBbIE
cpeapl pa3paboTKH HH(POPMAITMOHHBIX CHCTEM M TEXHOJIOTHUI
JUIs. aBTOMATU3alM1 OU3HEC-TPOLIECCOB, PELICHUs MPHUKIa-
HBIX 3aJad pa3IMYHBIX KJIacCOB, BeIEHUS 0a3 IaHHBIX WU
MH(POPMALMOHHBIX XPaHUJIIHIIL]

OIIK-7.3. Brnageetr HaBbIKaMU NPOTrPaMMUPOBAHUS, OTIAAKU
U TECTHPOBAHUS MPOTOTUIIOB MPOTrPAMMHO-TEXHHUUECKUX
KOMIUIEKCOB 33J1a4

Konx

3HAHHUS,

No HaumenoBanme .
KOMIIE- N Oransl GopMUPOBAHUS KOMIIETEHIIUH
n/a KOMIIETEHIINIA
TEHINH
1. OIIK-1 CriocobeH mnpumeHsTs | [ Iman — 3nams:

ecrectBeHHoHay4Hble | OIIK-1.1. OcHOBBI MaTtemaTuku, (U3HKH,
U OOIICHH)KEHEPHBIE | OCHOBBI BBIYUCIUTEIHHON TEXHHKH, OCHOBBI
METO/BI | MPOTPAMMUPOBAHUS

2 Oman — Ymems:
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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

Kputepuu onenuBanus

|
Ne | X = E HaumeHnoBanue KOMIIETEHITU A Tkana
n/m | § QE KOMITETCHITH Ha Pa3JIMYHBIX dTarax OIICHUBAHUS
(hopMupoBaHHS
1 | OIIK-1 | Cnocoben mpu- | I Oman — 3uams. «OTJIIMYHO»
MEHSITh OIIK-1.1. OcHoBsl | 1. IT'mybokoe 1 mpouyHOE
€CTECTBCHHOHA- | MAaTEMaTHKH, (bu3ukH, | yCBOCHHE MIPOTrPaMMHOTO
y4HbIe U OOIIe- | OCHOBBI BBIYHCIUTEILHON | MaTepuaia.
HWH)XEHEPHBIC TEXHUKH, OCHOBBI | 2. 3HaHHUE MaKEeTOB
3HAHUS, METOJIBI | IPOrpaMMHUPOBAHUS MPHUKJIATHBIX TPOTPaMM
MareMaTuye- 2 Dman — Ymemo: 3. 3HaHue OCHOBHBIX
ckoro anaim3a u | OIK-1.2. PemaTtes | OpUHIMUIIOB MIOCTPOEHUSA
MOJICIUPOBA- CTaHJApTHBIC MPOdeccHo- | MaKETOB MIPUKJIATHBIX
HUS, TEOPETUYE- | HATBHBIC 33/1a4Ml C TPUMeE- | IPOrpaMM.
CKOTO M JKC- | HCHUEM €CTECTBCHHOHayu- | 4. 3HaHME OCHOBHBIX 3aJay
MIePUMCHTAITb- HBIX W OOIICHH)XCHEPHBIX | IPUKJIAIHBIX IPOrPaMM.
HOro Hccielo- | 3HaHwii, perrate mpodec- | 5. CBoOonHOE BIIAJICHUE
BaHUsA B IIPO- | CHOHAJbHBIC 3aJa4M  C | [IaKeTaMH MIPHUKJIATHBIX
(hecCHOHATBLHOM | ITOMOIIBIO METOZOB | IPOrpPaMM.
JEATECIbHOCTH MaTeMaTHYeCKoro anaiausa | 6. TouHOCTb u
1 MOJICJTMPOBAHUS 000CHOBAaHHOCTH BBIBOJIOB.
3 Oman — Bradems: 7. bezommbounoe
OIIK-1.3. HaBblkamMu TeO- | BBIIIOJIHEHUE MPAKTUYECKOTO
PETHYECKOTO U DKC- | 3a/aHHus.
nepuMeHTaabHOro mccie- | 8. Toumnsie, IOJIHBIC u
JIOBaHWsSI OOBEKTOB TIPO- | JIOTUYHBIC OTBETHI Ha
(eccHoHanbHOM  JieaTeNb- | JOMOJIHUTEIBHBIE BOIPOCHL.
HOCTH
2 | OIIK-2 | Cnocoben 1 Dman - 3namo: «XOPOHIO»
MOHUMATh OINK-2.1. Ilpuauunsr pa- | |- Xopomee SHaHMC
MPUHIMIIEL  pa- | 0OTHI COBPEMEHHBIX TpOrpaMMHOTO MaTepHara.
2. Henocrarouno MOJHOE
00TBI COBpeMEH- | MH(OOPMAIIMOHHBIX TEXHO-
- U3JIOKEHUE  TEOPETHYECKOTO
HBIX WH(OpPMa- | TOTUH U MPOTPAMMHBIX BOTPOCA  AK3AMEHALMOHHOTO
IIMOHHBIX ~ TEX- | CPEACTB, B TOM YHCIIC OTE- | GuieTa.
HOJIOTUI U | YECTBEHHOTO  Tpou3BOA- | 3. Hanmuume HE3HAYUTETHHBIX
MPOTPaMMHBIX CTBa MPHU PEIIECHUU 3a1a4 HETOYHOCTEH B yNOTpeOIeHUH

CPEICTB, B TOM
quciae  oTede-
CTBCHHOT'O
MIPOU3BO/ICTBA,
1 HCIIOJIB30BaATh
UX TIpU pelle-
HUUW 3aJad Ipo-
(dheccroHaabHOM

npoecCHOHALHOU  JIesI-

TEJIHHOCTH;

2 Oman - Ymemn:

OIIK-2.2. BriOupats
COBpeMEHHbIe HMH(pOpMa-
LUOHHBIE TEXHOJIOTUU U
POTPaMMHBIE CPEJCTBA, B
TOM YHUCJIE OTEYECTBEH-
HOTO TIPOW3BOJICTBA TIPHU

TEPMUHOB, KIaCCUPUKAIIHIA.

4. 3HaHNEe OCHOBHBIX ITAKETOB
MPUKIAAHBIX TPOrPAMM

5. HemonmmHoTa

MIPEICTABICHHOTO
WJUTIOCTPATHBHOI'O MaTepHasa.
6. ToyHocThb u

000CHOBAHHOCTDH BBIBOIOB.
7. Jlornunoe HU3JIOKEHUE
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Kpurepun onieHnBanus

.
Ne | & = E Haumenosanue KOMIIETEHIIMH [Ixana
n/m | é 5| xoMmmeTeHnuM Ha Pa3JIMYHbIX Tarax OLICHUBAHUS
i hopmMupoBaHHs
pemieHnH 3agad mpodec- | Bompoca, COOTBETCTBUE
CHOHAJILHOM  JIESTENIbHO- | U3JI0)KEHUS HAyYHOMY CTHIIIO.
CTH; 8. HerpybGass ommbka mpu
3 Oman - Braoems: BBIIIOJIHEHUU  ITPAKTHYECKOTO
OIIK-2.3. HaBbikamu npu- | 3aAaHUA.
MEHEHHS  COBpeMeHHbIX | J- 1IpaBHIIbHBIC ~OTBETHI Ha
.| HGOPMAIIMOHHEIX TexHO- | AOHMOIHHTEIBHBIC BOIPOCHL.
JESITENIbHOCTH; .
Jorn 1 MPOTPaMMHBIX |V JJOBJIETBOPUTEJIbHO»
CPEIICTB, B TOM YHUCJIE OTe-
YECTBEHHOTO  MPOM3BOJ- 1. IloBepxHOCTHOE yCBOCHHE
CTBA, MpH pelienuu 3ajay | IPOTPAMMHOTO MaTepHaa.
npodeccHonanbHOl  nes- 2. Henocrarouno MOJHOE
TeIBHOCTH. U3JI0)KEHUE  TEOPETHYECKOIo
3 | OIIK-7 | Ciocoben pas- | I Dman — 3uameo: BOLpOCa  SK3aMCHALHOHHOTO
pabaTbIBaTh OIIK-7.1. OcHOBHbIE Ounrera.
QITOPUTMBI  H | SI3BIKK  TIPOTPAMMHUPOBa- 3. 3atpynuenne B
MPOrPaMMBl, HYSI, OCHOBBI paboThI ¢ Ga- | PUBCACHAH TIPUMCpOB,
IIPUTOJHEIE IS | 3aMH JaHHBIX, omeparuon- | 1OATBCPKIAOIIHIX
TIPaKTUYECKOTO | HbIE CHCTEMBI U 060m0uKy, | LCOPCTHICCKHC MOTOMKCHIA.
MIPUMEHEHUS COBPEMEHHBIE TPOTpaMM- 4. Hamtune  nerounocredl B

HBIE Cpelnbl pa3paboTKu
WH()OPMAITMOHHBIX CUCTEM
U TEXHOJIOTUH

2 Oman — Ymemu:

OIIK-7.2. ITpumeHsTH
S3BIKK  TIPOTPaMMHPOBa-
HUS, TPHUMEHATh TEXHO-
gorun paboTel ¢ Oazamu

JTAHHBIX, IPUMEHSTh
COBPEMEHHBIE TPOTPaMM-
Hble cCpeabl pa3paboTKu

WH(POPMAITMOHHBIX CHCTEM
Y TEXHOJIOTHUH JIJIsT aBTOMa-
TH3aIuu  OW3HEC-TIpoIec-
COB, pCIICHUS TPUKIAI-
HBIX 3a7a4  Pa3IMYHBIX
KJIACCOB, TPUMEHSTh TeX-
HOJIOTUH BeJeHUs 0a3 maH-
HBIX U WHGOPMAIMOHHBIX

XPaHHUITHUIIL
3 Oman — Bnaoemn:

OIIK-7.3. Haprikamu
pOrpaMMUPOBaHUs,  OT-

JagKAd W TECTUPOBAHMS
IIPOTOTUIIOB IIPOTrPaMMHO-
TEXHUYECKUX KOMILIEKCOB
3a1a4

ynotpeOaeHuu TEPMHUHOB,
KJIacCU(UKAIUH.
5. Heymenue YETKO

c(hopMyIHPOBATH BHIBOJIBI.

6. OTcyTcTBHE HaBBIKOB
HAYYHOT'O CTUJISI U3JI0KECHHUSI.
7. I'py0as omuoKa B
MPaKTUYECKOM 3a/IaHUH.

8. Herounble = oTBeThl  Ha
JIOTIOJTHUTEIbHBIE BOTPOCHI.

«HEYIOBJIETBO-
PUTEJIBHO»

1. He3nanune
4acTu
Marepuana.
2. HecriocoOHOCTh  MPHUBECTH
IPUMEPHI MMaKeTOB
MPUKJIATHBIX TPOTPaMM

3. Heymenue BBIJICJIUTE
IJaBHOE, CACIATh BBIBOJLI U
0000111eHAS.

4. I'pyOble  omumOKu  TIpH
BBITIOJIHCHHH  MPAKTHYECKOTO
3aJIaHUs.

5. HenpaBuwibHbIE OTBETHI Ha
JIOTIOJTHUTEIbHBIE BOTPOCHI.

3HAYUTEILHOU
IPOTrPaMMHOTO




3. THUIIOBBLIE KOHTPOJIbHBIE 3ATAHW A NJIM MHBIE MATEPHUAJIBI,

HEOBXOJIMMBIE JIJIS1 OL{IEHKY 3HAHWM, YMEHUI, HABBIKOB U (WJIN) OIIBITA
JEATEJIBHO XAPAKTEPU3VIOIUX OTAIIbI @OPMHWPOBAHMA KOMIIETEHIIA

B ITPOILIECCE OCBOEHVS OBPA30BATEJIbHOM ITPOI'PAMMBI

1 9TAIl - 3BHATDH

Nk =

b=

b=

TeMbl 17151 IOATOTOBKM K YCTHOMY OIIPOCY:

Tema 1. OcHOBHBIE 3Tarnbl U HAITPABJICHUS UCCIICIOBAHMUI B 00IaCTH CHCTEM HCKYC-
CTBEHHOI'O MHTEJUICKTA
DTarbl pa3BUTHS CHCTEM MCKYCCTBEHHOTO MHTEeuekTa (M),
OcHOBHbIE HaNpaBJICHUS Pa3BUTHS UCCIIEIOBAaHUI B 00JIaCTU CHCTEM MCKYCCTBEHHOT'O WH-
TEJUIEKTA.
Big Data. Oco6eHHOCTH pabOThI ¢ OOJIBIIUMU JAHHBIMHU.
N3Bneuenue 3Hanuil. arerpanus sHanui. basel 3Hanuit. [Ipumepsr.

Tema 2. OcHOBBI MAIMHHOTO OOYYEHUS U aHAJIM3a JaHHbBIX
OcHOBBI IPOrpaMMUPOBaHUs IJIs 33]1a4 aHAIN3a JaHHBIX.
bubnuorexu Python nys ananu3a naHHBIX.
W3ydenune oTAenbHBIX HANpaBleHUH aHanu3a AaHHbIX. O0yueHHne «C yuutenem», «0e3 yuu-
TEJA», «C NOAKPETUIEHHEM.
Pemenue 3aau knaccuukanuy, KiacTepu3aluy, perpeccuu.

Tema 3. Heliponnslie cetu
[punuun padots! Mo3ra. cTopust OTKpBITHS HEHPOHOB M HEUPOHHBIX CETEH.
HckycctBennbie HeipoceTH. CXeMBbI U IPUHITUTT PAOOTHI.
[TonHOCBSI3HBIE HEMpoHHBIE ceTH. OTHOCIOWHBIA U MHOTOCJIOMHBIN EPCENTPOH.
I'my6okoe oOyueHue.
PaznuuHble apXUTEKTYphl HeipoceTel.

Tema 4. O6paboTKa €CTECTBEHHOTO SI3bIKA
W3pneuenune nnpopmanuu. MHGopMamoHHbIH MOUCK.
AHanus BpICKa3bIBaHUNM. AHAJIN3 TOHAIBHOCTH TEKCTA.
BonpocHo-oTBeTHBIE cUCTEMBIL. ['eHEpUpOBaHKE TEKCTA.
EcTectBeHHO-513b1KOBOM HHTEpDETiC.

Tema 5. KomnbsroTepHOE 3peHUE
BBeneHne B KOMIBIOTEPHOE 3PEHUE.
PacnioznaBanue nzoOpaxxenuit nmoapMu. [IpusHaku s kareropusanuu U300pakeHui.
Bosmoxknoctu 6mbmmorexkn OpenCV. Mamunnoe o0ydenne B OpenCV.
ApXUTEKTYpbI HepoceTel AJis paclo3HaBaHUs N300paXKeHHH.

293TAIl - YMETH

KomniekT npakTnyeckux pador
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HpaKTI/I‘-IQCKI/Ie pa6OTBI U CCMHUHAPHBI CIIy7KaT JJI pa60TBI CTYACHTOB Hal y‘-Ie6HBIMI/I 3a-
JadyaMi C IICJIbIO BI)Ipa6OTKI/I H 3aKPCILUICHUA MPAKTUYCCKHUX HABBIKOB.

Tema 1. OcHOBHBIC JTambl W HAIMpaBJICHUS HCCICIOBAHUNA B OOJACTH CHUCTEM HCKYC-
CTBEHHOI'O MHTEJIJIEKTA.

3agaHue: n3y4eHHue OCHOBHBIX CIIOCOOOB MPEACTaBICHUS JAHHBIX: MPOJIKIIMOHHbBIE MOJIE-
JIM, CEMAHTHYECKHE CETH, PperMBbl.

Hcnomnp3ys COOTBETCTBYIOIIUE JIyTH IIOCTPOUTH CEMAaHTHUYECKYIO CeTh (II0 BapHaHTaM):
1. 'eorpaduu peruona. Jlyru: rocyaapcTBo, cTpaHa, KOHTHHEHT, IIHPOTA.
2. IIpouenypsl oMCKa MOJIE3HBIX UCKOMAEMbIX. Jlyri: HAUMEHOBAaHUE UCKOIIaEMOT0, pacIo-
JI0’)KEHUE MECTOPOXKICHNUS, TTTyOrHa 3aeTaHusl, METObI T00BIYH.
3. Pacnipenienenus npoayKToB MO Mara3uHaMm. Jlyru: HCTOUHUK CHaOKEeHUs, HAUMEHOBaHHE
MPOAYKTa, CIOCOO TPAHCTIOPTUPOBKHU, KOHEUHBIM MMyHKT TPAHCIOPTUPOBKH.
4. OnpeneneHue NpUHAIIEKHOCTH JKUBOTHOTO K OIIPEJIEIIEHHOMY BUY, TUILY, CEMENCTBY. Jlyru:
MeCTO 0OUTaHusl, CTPOCHHE, OCOOCHHOCTH MOBECHHUS, BUJT TUTAHUS.
5. Knnaccugukaiuy nuieBsIx NpoayKToB. [lyri: HauMeHOBaHHE MTPOAYKTa, COCTABIISIONINE
YacTH, CIOCOO MPUTOTOBIIEHUS, CPOK XPaHEHHUSL.
6. PacrioznaBanue Tuna komnplorepa. Jlyru: cTpaHa n3roTroBUTeNb, CTAaHJapTHast KOHPUTYpa-
1usi, 00J1acTh IPUMEHEHUS, UCIO0Ib3yeMOEe IPOrpaMMHOE 00ecIIeUeHHE.
7. Uepapxuueckoit ctpyktypsl b/1. Jlyru: cucrema, CoCTosiHUE, HA3HAYECHHE, B3aUMOJECHCTBUE
COCTaBJISIOIINX.

Tema 2. OCHOBbI MAIIMHHOIO 00y4YeHHS U AHAJIM3A JaHHBIX
1. 3apmanue: U3y4UTh OCHOBHI porpammupoBanus Ha Python. OcHoBHBIE OMOITMOTEKN MAITHH-
HOTO O0y4YeHHUSI.

Beinonuenue 3aganus Ha Temy «JIunennas perpeccus»q
[TocranoBka 3agaun|
Heo6xonnmo mpeacka3plBaTh J0X0A OT MPOAaXH MOPOKEHOI'O B 3aBUCMOCTH OT TEMIIEPATyPhI
BO3Jyxa. MBI IipearonaraeM, 4YTo JUHEHHas: PErpeccrs MO3BOJIUT PEIINUTH JTY 3a1ady.
[ar #1: ummnopt 6udIuoTEKy
import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

[Iar #2: ummopT naraceray

3arpyxaeM B Colab c¢ mmcka IIK.

from google.colab import files
files.upload()

cozzmaeM oOBekT - maTadperm - nnsa Colab

# IceCream = pd.read csv("IceCreamData.csv")

# cuutbiBaeM nepsble 10 3HaUeHMI
IceCream.head (10)
Oout[5]:
TemperatureRevenue
24.566884 [534.799028
26.005191 [625.190122
27.790554 [660.632289
20.595335 [487.706960
11.503498 [316.240194
14.352514 [367.940744
13.707780 [308.894518
30.833985 [696.716640
0.976870 55.390338
31.669465 |[737.800824
n [6]:

H= o H
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# cuuTEHBaeM nocjenuve 10 3HaUeHUN
IceCream.tail (10)
TemperatureRevenue
490023.824922 [584.399945
491[34.472169 |[809.352520
49223.056214 |[552.819351
493[14.931506 [377.430928
49425.112066 [571.434257
495(2.274899 |[524.746364
496[32.893092 [755.818399
497[12.588157 [306.090719
498[22.362402 |[566.217304
499[28.957736 [655.660388
# OCHOBHBEIE CBeIEeHUsS ONMCATEJIbHOM CTATUCTUKM: KOJ-BO, CpenOHee, CpeldHeKBampaTu-—
yeckKoe OTKJIOHEeHUe,

# MMHMMAJIbHOE BHauyeHue
IceCream.describe ()

TemperatureRevenue
countf500.000000 [500.000000
mean [22.232225 |[521.570777
std [8.096388 175.404751
min [0.000000 10.000000
5% [17.122258 [405.558681
50% [22.392791 [529.368565
75% |27.740674 |642.257922
max [45.000000 [1000.000000

# TO Xe, HO [O OTHEJILHOMY CTOJIOLY
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: floaté64d
In [9]:

# noyyuaeM KpaTKye CBEIOEeHMs O IaHHBIX
IceCream.info ()

RangeIndex: 500 entries, 0 to 499

Data columns (total 2 columns):

Temperature 500 non-null floato64

Revenue 500 non-null float64

dtypes: float64 (2)

memory usage: 7.9 KB

Mlar#3: Busyanmszauusa pnaracera]
coincase.ru/blog/47592/9

# cTpouM TMOPUIHLEIT OBYMEPHHM I'paduk
sns.jointplot (x='Temperature', y='Revenue', data = IceCream, color = 'gray')

Out[1l0]:

<seaborn.axisgrid.JointGrid at 0x19761326ef0>
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] 10 0 0 L
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) ')
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Revenue Generated vs. Temperature @lce Cream Stand(Training dataset)
1000

800

600

Revenue [dollars]

400

0 10 20 0 0
Temperature [degC)

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 naraceray

# 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 %

# Busyanusupyem pe3ynbraT

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

[Iar #3: Co3ganue TecTOoBOM 1 00y4aromiel BEIOOpKHY
[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 3anaqey

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 JaTacerey

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
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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)

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

[IIar #4: [lenum manHble 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)

[Har #5: yny4menue moaenny

# [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 MaTpHIly OMMOOK MPU IPOBEPKE MOJIECTH HA TECTOBOM BBEIOOPKE
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>

B7e+02

- 750
- 600
-450
- 300

- 150

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

0 1.0 0.99 0.99 879
1 096 1.00 098 267
accuracy 0.99 1146
macroavg 098 099 099 1146
weightedavg 099 099 099 1146

Tema 5. KoMnboTepHoe 3peHue
dopmyJIMpOBKa 3a4a41

B nanHo# mabopatopHOi# paboTe MBI TO3HAKOMHMCS C apXUTEKTYPOH CBEPTOYHBIX HEHpOceTen
LeNet.

[enb mabopaTtopHOit paboThl: 00YYUTH HEUPOCETH AJIs PELICHUS 3a7au KIaCCU(PUKAIIUU T0POXK-
HBIX 3HAKOB.
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Jannas 3a1a4a HeoOXoauMa J1j1si paboThl OECIIMIOTHBIX aBTOMOOMIICH, IpUYeM pacro3HaBaHUE
3HAKOB JIOJKHO IIPOBOAMUTHCS MPaKTUUECKH MTHOBEHHO. Ha®op naHHbIX copepkuT 43 pa3nuy-
HBIX KJIacca U300pakeHui.

Kitaccel nepeunciensl HUxKe:

0 - Orpannuenue ckopoctu (20 kM / 1)

1 - Orpanunuenue ckopoctu (30 kM / 1)

2 - Orpanuuenue ckopoctu (50 km / 1)

3 - Orpanuuenue ckopoctu (60 kM / 1)

4 - Orpanuuenue ckopocTH (70 kM / 9)

5 - Orpanuuenue ckopoctu (80 kM / 1)

6 - Konen orpannuenus ckopoctH (80 km / 1)

7 - Orpanuuenue ckopoctd (100 kM / 1)

8 - Orpannuenue ckopoctu (120 km / 9)

9 - OOroH 3amnpenieH

10 - 3anperraercs mpoe3a A TPAHCIIOPTHBIX CPeaCTB bonee 3,5 T
11 - [Ipoe3n Ha ciienyromeM MepeKpecTKe

12 - I'naBHas nopora

13 - Yerynu nopory

14 - Cron

15 - 3anpenieH npoe3n TPaHCIOPTHBIX CPEACTB

16 - 3ampereH Bbe3/] TPAHCIIOPTHBIX CpecTB Ooree 3,5 T
17 - Boesn 3anpenieH

18 - Buumanue

19 - KpyToii moOBOpOT HaJlIEeBO

20 - KpyToii moBOpOT HanpaBo

21 - /IBOWHOI MOBOPOT

22 - Yxabbl

23 - Cxonb3Kas jopora

24 - CyxeHue cripaBa

25 - ToposxHble pabOThI

26 - Cetodop

27 - Ilemexoabl

28 - lletn

29 - [lepecedenue ¢ BEJIOCUTIETHON T1OPOTOM

30 - OcreperaiiTech abaa / cCHETa

31 - Jlukue KUBOTHBIC

32 - KoHer Bcex orpaHU4eHUN

33 - IToBopoT HampaBo

34 - IloBopoT HaneBO

35 - [Ipoe3n TOABKO MPSMO

36 - [Ipoe3n npsiMO WIJIM HAIIPaBoO

37 - [Ipoe3n npsMo WIIK HAJIEBO

38 - [Ipunep>xuBaiiTech MpaBoii CTOPOHBI

39 - [Ipuaepx’uBaiiTeCh J€BOM CTOPOHBI

40 - KpyroBoe nBuxeHue

41 - Konen 30HbI OTpaHUYEHUS TPOE31a

42 - Koner 3ampera npoesjia TpaHCIIOPTHBIX CpeacTB 6osee 3,5 T



from google.colab import drive

drive.mount ('/content/drive")

Mounted at /content/drive

llar #0: Munopt 6mbmauorexd

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: MMoopT u HOopManusauua daTacerad

®any1 Cc pacumpeHmeM .p npemcrariasgeTr cobom damn pickle, momyns Python,
MCIIOJIb3YEMEIM IJig peobpasoBaHMsa 00BekTOB Python B mocienoBaTeJIbHOCTHb
0anMToB IJig XPaHeHMd Ha IMUCKe WM INepemaum o ceTm. OH HO3BOJNSEeT yHOOOHO
XPaHUTb WM [IepenabaTb OOBEKTEH 0e3 MNPpelBapUTEeJIbHOI'O Npeofpas30oBaHMA
IOAHHEIX B IOpyrou dopmar.

! JlcnoJsib30BaHMe KJIIOUYeBOT'O cjioBa with npm pabore c dalioBeMM OOBeKTaMM

[IO3BOJISET MNPaBUJILHO SBaKpPHITh OOBEKT II0CJe 3aBeplleHus paboTel ¢ HuM. 'rt'
- aTpudbyT, 3apapoumy QopMaT UTEHMS B TEKCTOBOM PEXUM.
! dyukumsa pickle.loads () BO3BpallaeT BOCCTAHOBJIEHHYID Mepapxuio OOBLEKTOB

U3 CTPOKOBOTO MNPEICTAaBJIEHMS INaHHBIX .
with open('/content/drive/My Drive/Colab Notebooks/Sign Images/
train.p', mode='rb') as training data:

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

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

test = pickle.load(testing data)
# ofosHauaeM oOyuamuue, TECTOBHE M [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']
# ouenmBaem pasmepHocTb - 34800 zanucen, mzobpaxenHme 35*32 nukcens,
uBeTHoe (3 - 3HaAuUMT TeH30pP RGB)
X train.shape
(34799, 32, 32, 3)
y _train.shape

(34799,)

llar #2: Busyanmusaumsa naTaceTad
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# momcTaBjygeMm 1 = cayuanHoe umcio. dyHkumio matplotlib imshow oToBpaxa-
er rpabukm Ha ocHOBe 2-D mMaccuBOoB (u/06 mzobpaxeHue

# mam 3-D mMaccuBOB (UBeTHoOe) . BaxxHo! Kaxmpli sJjeMeHT B MacCuBe OeMCTBY-—
eT KakK IIMKCEJb.

i = 3100

plt.imshow (X train[i])
y trainf[i]
1

. ir"""

. Kl
o

3

El
0 5 1w 1 2 3 B

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

7

0 =

5

o 5 10 15 20 5 30
i = 2100
plt.imshow (X test[i])
y _test[i]

30

ar #3: HomroTobka HaHHEX{

# sklearn.utils.shuffle() wucnonb3yeTcsa njd IepeMemrBaHUA MACCUBOB CJIY-—
YaMHEIM OOpas30M, dYTOOBl ObLJIa BO3MOXHOCTE IIOJIydaThb pPa3HEE M300paXeHUd
KaxIplM pas3, KorJa Me [NPOBOOMM OOydeHMe, UTOOB MBI HE TPEHMPOBAJMCH Ha
OOHUX U TexX Xe U30D0paxXeHUIX.

from sklearn.utils import shuffle

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

Iajlee HYXHO HOPMaliM30BaTh HAOOP HOAHHHIX, I[IOCKOJIBKY IeHOPMAaJM30BaHHBIE
IOaHHBE YyXYOWAKT KadecTBO paclos3HaBaHMme. g s5TOro npeobpal3yeM M300-
paxeHve B u/6 dopMarT. OTTEHKM CEpPOTOo IMOJyUMM KakK CyMMYy 3HaueHur RGB
CJIOEB, IeJIEHHYI Ha 3.

X train gray = np.sum(X train/3, axis = 3, keepdims = True)

X test gray = np.sum(X test/3, axis = 3, keepdims = True)

X validation gray = np.sum(X validation/3, axis = 3, keepdims = True)
# mpoBepsgeM pPas3MEepHOCTL — I[OCJiefHee 3HaueHue = 1.

X train gray.shape
(34799, 32, 32, 1)
X validation gray.shape
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(4410, 32, 32, 1)
[locMOTPMM Ha MB00paxeHMe B OTTEHKAX Ceporo M MCXOIHOe m3oOpaxeHme. I[lo-
CKOJIBKY MBI YMEHBIIMJIM PABMEPHOCTHL MB00paxeHul, y MacCHMBa 0OKa3ajloCh
BoJsblle M3MEPEHUYV, UYeM MCIOJIb3YeTCs, [IORTOMY IIPUMEHSKT np.squeeze s
YMEHBbUIEeHMS HEeHYXHBIX pas3MepoB. OYyHKIUMA squeeze () ynajlgeT OCU C OLOHUM
3JIEMEHTOM (OJIMHHOM 1), HO He caMM DBJIEMEHTH MacCCHUBA.
1i=620
plt.imshow (X train grayl[i].squeeze(),cmap="gray')
plt.figure ()
plt.imshow (X trainf[i])
<matplotlib.image.AxesImage at 0x7£269a69ea90>
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[IoOCKOJIbKY 2TO M300paxeHMe B I'paZalMax CEpoIro, Mbl NPONOJIXMM HOPMans3a-—
Mo ero, BHUMTasa 128, a 3aTeMm pal3nequB 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,

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

ce ey
[-0.765625 1,
[-0.78125 1,
[-0.807291671111)
[locMOTPMM pasHBE BapPMAHTHE M300paxeHUM
i =60
plt.imshow (
plt.figure(
plt.imshow (
plt.figure(
plt.imshow (X train gray norm[i].squeeze(), cmap = 'gray')
<matplotlib.image.AxesImage at 0x7£269a543d90>

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

X_
)
X train[i])
)



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>

o

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%9a2f£5210>

0 0

Mar#4: OBOyuenHme momesmd

Momesib COOEPXUT CJenyolye CJIONU:

lar 1: mepBHIT CBEPTOUYHHIL CJioM #1

Input = 32x32x1

Output = 28x28x6

Output = (Input-filter+1l)/Stride* => (32-5+1)/1=28
VcnonpsyeM 5x5 ounbTp, rayOmHa 3, KOJIMUECTBO 6
McnonesyeM RELU QyHKUMIO akKTMBALMM Ha BHXOIE
pooling ciyoi, Input = 28x28x6, Output = 14x14x6

* Stride =1.

0 5 10 15 20 5 30 o 5

Mar 2: BTOPOM CBEPTOYHEIM CJION #2

Input = 14x14x6

Output = 10x10x16

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

Pooling cmor, Input 10x10x16, Output = 5x5x16
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llar 3: PaspopauMBaeM HENWPOCETH

5x5x16 paszsBopaumBaeTcsa B Output = 400

Mlar 4: 1- IOJIHOCBSABHEI CJIOM

1-7 cyo¥: HOOJIHOCBASBHEN cJjoi, Input = 400, Output = 120
npuMeHsaeM RELU QyHKUMIO aKTMBALMM HA BEXOIE

Mlar 5: 2-1 NOJIHOCBS3HBIM CJION

2-n cmon: Input = 120, Output = 84

npuMeHseM RELU GyHKUIMIO akTMBALMM Ha BEIXOLE

IMlar 6: 3-¥ TIOJIHOCBSA3HEIM CJIOU

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

In [217]:

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())
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, 6) 0
convzd 1 (Conv2D) (None, 10, 10, 106) 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'])
Bummanme ! [IpoBepbTe COOTBETCTBME I[IOJIyYEHHEIX Pa3MEPHOCTEN ONMCAHHBM
BeIIe pasMepHocTaAM!(
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 [==============================] - 165 212ms/step - loss: 3.1909
- accuracy: 0.1737 - val loss: 2.7206 - val accuracy: 0.3034

Epoch 2/50

70/70 [==============================] - 155 210ms/step - loss: 1.7574

- accuracy: 0.5103 - val loss: 1.5453 - val accuracy: 0.5508
Epoch 3/50

Epoch 50/50

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

Mar#5: OuenmBaHue momesuq

# oLeHMBaeM TOUHOCTL HEMpOCeTH

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
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 uUTepaLuuM OAaHHBIX OOydYeHMS UM [NPOBEPKM IO 3noxam. Mel HabJmo-—
IOaeM, UYTO TOUHOCTEL yBeJmumBaeTcsa o /0% B3a HECKOJLKO BI0X, a 3aTeM Ie-
PexonouT Ha NOJIOTUNM 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 0x7£2693337b1l0>

Training and Validation Accuracy

10

.“."

..
08 -

0.6
0.4

®  Taining Accuracy
02 . — Validation Accuracy

o 10 20 30 40 50
OrTobpaxaeM IIOTEPM [IPM NPOBEPKE M OOYyUYEHMM B 3aBMCHMMOCTM OT KOJIMUECTBA
300X M HabmowmaeM, 4TO o0a »Tux rpadmka mMMeoT O0O0paTHYKH 3aBUCUMMOCTL. M
BUIMM, YTO IPOLEHT NoTepb nazaeT mo 50% za 5 snox.
plt.plot (epochs, loss, 'ro', label='Training loss')
plt.plot(epochs, val loss, 'r', label='Validation loss')
plt.title('Training and Validation loss')
plt.legend()
<matplotlib.legend.Legend at 0x7£26932fbcl0>
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Training and Validation loss

® Taining loss

0 —— Validation loss

25
20
15
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05 ..N*‘_

0.0

il

0 10 0 30 40 50
predicted classes=LeNet.predict (X test gray norm)
classes x=np.argmax (predicted classes,axis=1)
CrpomM MaTpully 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£2693f42f£50>
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HaszHaumMm y true mjis BHBOOA HOAHHBIX TECTHMPOBAHUA U IOJYUMM NPEeNCKa3aHHHE
3HAUEHUS U3 Halley MoJesiu C nomombio dyHkumm LeNet.predict (), kxoropasa
npuHuMMaeT X test gray norm B KadeCcTBe BXOOHHIX HaHHHEX. TakuMm 0OpasoM MEl
MOXEM CPAaBHUTHL MNPOTHOSBE HAUIMX MOIEJIeM C MCTUHHBEM SHAUEeHUEM.

#y true = y test

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

L =7

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[1].set title('Prediction = {}\n True =
{}'.format (classes x[1], y test[i]))
axes[i].axis('off'")
plt.subplots adjust (wspace = 1)
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Prediction = 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

Prediction = 12 Prediction = 25 Prediction = 35 Prediction = 12 Prediction = 7 Prediction = 23 Prediction = 8
True = 12 True = 25 True = 35 True = 12 True = 23 True =7
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3aganue AJ19 CaMOCTOSITEIbHOI paGoThI: YBEITUIUTH TOYHOCTH paboThl. OOOCHOBATH, TOUEMY

HPENPUHATHIE MEPbI YBEIMYMIN TOYHOCTb. UTO MOXKHO U3MEHUTH!
1. ®yHkuuM aKTUBALMU.

J100aBUTH CBEPTOYHBIN U ITYJUTUHT-CIIOHN (CIIOH).

W3menuTs average myJJIMHT HA Max IyJIUIUHT.

Jlo6aBHTH CII0¥1/CTIOM TIOTHOCBSI3HOW HEUPOCETH.

W3MeHNTh ()yHKIMIO aKTUBAIUH MTOJTHOCBA3HON HEHPOCETH.

A

cTonbua u 26-it cTpoku.

3 OTAIl - BJIAJIETH

Bomnpocs! a5 3xk3aMeHa
1.3amaun 0OpaboTku ecTecTBeHHOTrO si3bika (NLP).

OO6ocHyiiTe BHICOKHME 3HAUEHUSI B MaTpHUlle OLIMOOK, HalpUMep, Ha nepeceyeHuu 18-ro

2.Bo3MoxxkHOCTH METOJ0B MAIlIMHHOT'O O6y‘lCHI/I$I B 06pa60TKe €CTCCTBCHHOI'O sA3bIKA.

3.Monens Bag-of-Words.

4.BekropHoe npeacraieHue (text embeddings)
5.Monens Word2Vec

6.PexyppeHTHbIE HEHPOHHBIE CETH.
7.Apxutextypa u ocHoBHas unes LSTM-cereil.
8.MamuHHbINA epeBo.

9.0cHOBHBIE 337]a4l KOMIIBIOTEPHOT'O 3PEHHUSL.
10. CepTO4HbBIE HEMPOHHBIE CETH.

11. JlerextupoBanue oOBbEKTOB.

12. bubnuoreka OpenCV.

TecT pJ1s1 CAMOKOHTPOJIs1 (IPUMMEPHBbIE BONPOCHI HTOTOBOI0 TECTHPOBAHUS)

1. Merto/1, TO3BOJISIFOLINN MPEICKAa3bIBATh 3HAYEHWS TOW WJIM HHOW HEMPEPBHIBHON YHCIOBOM

BCJIIMYHNHBI 1J1S1 BXOAHBIX TAHHBIX HA3bIBACTCA:
Knacrepuzamus

Knaccudukanus

Perpeccust



28

Meton OIIOPHBIX BEKTOPOB

2. Kakoii n3 BUI0OB MaIlIMHHOTO O0YYEeHHsI OCHOBBIBAETCSI HA B3aUMOJICHCTBUU 00ydaeMoid
CHUCTEMBI CO cpeion?

C yuurenem

be3 yuurens

C nmoakpenjienneM
['myGunHOE

3. B kakue urpsl HEUPOCETH €I1Ie He Hay4HJIach OOBITPHIBATh YeIOBEKa?
I'o

bpumx

I[HTaxmatsl

"Mapuo"

4. MeTto[, MO3BOJSAIOUINI IPOTHO3UPOBATh BBIXOBI C IBYMSI BO3MOKHBIMH 3HAUEHUSIMU,
noMe4eHHbIMH Kak «0» uiam «1», Ha3bIBaeTCs:

Jlorucruuyeckasi perpeccust

Meron OnOpHBIX BEKTOPOB

Merton k-6mmxaimmx coceneit

Helipocetn

5. Ommoky 1-ro poga MHOT 1A Ha3bIBAIOT:
TouHOCTE MOZIEN

Jlo:knas TpeBora

BeposTHOCTB OTKa3a

[Ipomyck nenu

6. OmmbKy 2-T0 po/ia MHOT/Ia Ha3bIBAIOT:
IMponyck mean

JloxHas TpeBora

BepositHOCT OTKa3a

TounoOCTH MOIETN

7. Jlonst 00bEKTOB, HA3BAHHBIX MOJIOKUTEIBHBIMU U SIBJISIONINECS MMOJIOXHUTEIbHBIM, OT-
pakaeT MeTpHUKa:

Recall

Precision

Accuracy

Exactly

8. Jlo1s1 00BEKTOB MOJ0KUTEILHOIO KJIacca U3 BCeX 00BEKTOB MOJIOKUTEIBHOI0 Kacca
OIIPENEIAETC METPUKOU

Ommudka 1-ro pona

Ommbka 2-ro poga
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Ommbka 3-ro poga
Ommbka 4-ro poaa

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

Pasznensrommue

OmnopHble

Pemaromue

I'unepsexkropa

10. ITox «cocemssmm» B metone k-NN mmoHMMaroTCs:
[TapameTpsl MOJI€NH, JTy4YIlIe BCETO OMHUCHIBAIOIINE OOBEKT

Psimom Haxozgsmuecst 0ObEKTEI

O0beKTHI, 0JIM3KHE K HCCIeyeMOMY B TOM MJIM HHOM CMbICJIe
OObeKThI, HAXOIALINECS] HATPOTUB HUCCIIEyeMOro 00beKTa

1. Kiacrepuzanus OTHOCUTCS K METOTy OOy4YCHHUS
C yuurenem

be3 yunteas

C noaxpenyieHruemM

C npeackazaHuem

12. Knaccudukanus 0THOCUTCS K METOAY O0y4YeHUSI:
C yuurenem

be3 yuurens

C noaxperieHuemM

C npexackazanuem

13. B kakom roxy ObUT onpeiesieH TEPMUH "UCKYCCTBEHHBIN HHTEIIEKT"?
1945
1956
1981
1990

14. B uem 3akmouaeTcs 11e1p MaIIMHHOTO 00y4YeHUs ?
[Tpencka3aTh BXOJHBIE TAHHBIC IO PE3YJIBTATY
IIpencka3zarh pe3yabTaT M0 BXOAHBIM JaHHBIM
OOyuuTh MalIuHy €31UTh 0€3 BOAUTEIIS

[TpoBoauTh apupMeTHUECKHE BHIYUCICHUS

15.  OOyveHue, OCHOBaHHOE HA MAPKUPOBAHHBIX O0YUAIOIINX JTAHHBIX, HA3BIBACTCS:
OO0y4eHnmne ¢ yunrtejiem

OOyueHue 0e3 yuuTens

OOyyenue ¢ NOJKPEIUICHUEM

MarmuHHOe 00y4eHue



30

16.  VYkaxwure npaBWIbHOE COOTBETCTBUE LIU(P HA PUCYHKE U TEPMHUHAM

1 - HelipoceTH, 2- MalIMH. 00y4eHue, 3-UCKYCCTBEHHBIH MHTEIIEKT, 4 - MO3T

1 - craructuka, 2- MalmuH. o0y4eHue, 3-MaTeMaruka, 4 - Hayka

1 - rmy6okoe oOyueHue, 2- HICKYCCTBEHHBIH HHTEIUIEKT, 3 - HelipoceTH, 4 - MoJenu
1 - rmy0oxoe o0yuyenue, 2-HeiipoceTH, 3- MalIMH. 00y4yeHHe, 4-MCK. HHTELJIEKT

17.  Yro Ha3piBaeTCs 00y4eHHEM HEHPOHHOH ceTH?
MpoLecC HACTPOMKH CHHANITHYECKUX BECOB

MIPOIIECC TOTYUYCHUS pe3ysibTaTta apu(pMEeTHIeCKUX JeHCTBUI
IIpoLIeCC NMPUCBOEHUS HEUPOHAM MapKEPOB BBIIIOJHEHNUS
IIpoLecC MPOrPaMMHUPOBAHUS HCKYCCTBEHHOIO MHTEIIEKTA

18. Uto 10/mKHO OBITH HAITMCAHO B CXeMe O0yYEeHHsI HEHPOHHOM CETH METOJIOM 00paTHOTO
pacrpocTpaHeHus OMMOKU BMeCcTO ITUGphI 17

ﬂpoueccoﬁyqeuuﬂ Y .-
ba3a HelpoceTy
NaHHbIX —>;
PacnpocTpaHeHue T e
CHrHana no HeipoceTtn c
eTb 06yyeHa

1 TN
oTBer f 2

cetu
Pacyet
l ' OB KK
Owwnbka
Hactpoiika BenuKa

cetn

BBIOOp mpuMepa
omnOka Mana
OIIMOKa BeJIHKa
OIIIMOKU HET
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19.  Yro nomKHO OBITH HAITUCAHO B cXeMe 00yUYeHHs HEHPOHHOM CeTH METOJJOM 0OpaTHOTO
pacTipocTpaHeHHs OIIHOKH BMECTO HU(PHI 27

Mpouecc 0byyeHus Y -
basa HelpoceTu
AaHHbIX —>
PacnpocTpaHexue T
CUTHANa no HeilpoceTy Cove ofynena
1 e 4
s Orser f 2
cetu
- Pacuer
l ’ OLINBKM
Ownbka
Hactpoiika BenuKa
ceTH
BbIOOp MpuMepa
omudka mana
omnOKa BelIuKa
OLINOKH HET
20.  bubGmumoreka si3pika Python, mo6aBmnstomas noaaepxky OOJBIINX MHOTOMEPHBIX MacCH-

BOB M MaTpHII, BMECTe ¢ O0JIBIION OMOIMOTEKOM BEICOKOYPOBHEBBIX (M OYEHD OBICTPBIX )
MaTeMaTHYeCKUX (DYHKIMIA JJIs ONIEpaIiiii ¢ STUMU MacCUBaMHU, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

21. bubnuoteka Python, mo3Bosstomnias CTpOUTh CBOJIHBIE TaOIHUIIbI, BHIOIHATH TPYIITUPOB-
KU, IPEIOCTABIISAET YAOOHBIM JOCTYN K TaOJMYHBIM JaHHBIM, HA3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22.  bubnuorteka Python, koTopas npenocTaisieT MHOXKECTBO BOBMOKHOCTEH , TAKUX KaK
MHOT'OCTYIIEHUAThIN aHaJIN3, PErPeCcCUs U aITOPUTMBbI KJIaCTepU3aLMH, Ha3bIBACTCSL:

pandas

numpy

matplotlib

sklearn

23. bubnmoreka Python, mpennasHaueHHast 1Sl BU3yalln3alliy JAHHBIX, HA3BIBACTCS
pandas
numpy
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matplotlib
sklearn

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

random.seed()

np.median()

np.median()

np.arange()

25. "Hanctpoiika» Hax Matplotlib, koTopast mpenocTaBisier ayulnyto rpaduky u 0osbiinee
KOJIMYECTBO BO3MOXHOCTEH €€ HACTPOHKH, Ha3bIBACTCS

plot

graphic

seaborn

diagrams

26. OTkpbITas IporpaMMHasi OMOIMOTEKA JJI MAIIMHHOTO O0ydYeHus, pa3paboTaHHas
kommanueit Google /uis penieHus 3aa4 MOCTPOCHUS M TPEHUPOBKU HEMPOHHOW CETH, Ha3bIBACT-
co:

NeiroNet

NeiroLib

TensorFlow

FlowKeras

27. B KakoM OTHOIICHHH OOIYHO JANIAT BEIOOPKY Ha 00YYaIOIIyI0 B TECTOYIO:
20:80
80:20
50:50
90:10

28.  Yro Ha3bIBalOT "3110X0i" B HelpoceTsax?
IToxonenue co3nanus HCKyCCTBEHHON HEHPOCETH
Opana utepanus B npouecce o0y4eHusi HeiipoceTH
CoObITHE, MOBNUSBILEE HA Pa3BUTHE HEHPOCETU
[Ipomecc pacuera ommOKr HEUPOCETH

29.  UYro Takoe "nepeoOyuenue" moaenu?

Monenb coaepKUT Ype3MepHO OO0JIBIIOE YUCIIO TEPEMEHHBIX

Moienb CIUIIKOM YacToO y4yacTBOBaJla B 00y4YeHUHN

Moaenb U3JIUIIIHE TOYHO COOTBETCTBYET CeTH KOHKPETHOMY HA00py 00y4aommx npume-
POB M TepsieT CMOCOOHOCTH K 0000 1IEHH 0.

30.  Jlns perieHus Kakux 3a/1a4 coszjaHa cBEPTOUHAs HEHpOHHAs ceTh?
Pemmenune caox)HBIX apuMETHIECKUX 3324
[Ipencka3anue BpeMEHHBIX PSIOB
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Pacno3naBanue o0pa3on
ApXuBUpOBaHHE OOJBIINX JAHHBIX

31.  Kakoro ciiost HET B apXUTEKType CBEPTOUHOMN HEMpoceTn?
CBepTo4HOTO

ITonHOCBSI3HOTO

BsIxomHOTO

IIpome:xxyToyHOrO

32.  Cpena mporpammupoBanusi Python, Bkitouaroriast Habop cBOOOAHBIX OMOTUOTEK MAITHH-
HOT'O O6y‘-I€HI/I$[, Ha3bIBACTCA:

Cobra
Anaconda

MachineLearning
PythonMLLybrary

33. HNucTpymeHT miis pa3pabOTKH U MpeicTaBlIeHus MpoekToB Data Science B MHTEpaKTHB-
HOM BHJI€, O0BEIMHSIONINHN KOJI, TEKCT, MaTeMaTU4YECKHIe YPAaBHEHHS U BU3YyaIH3ali, Ha3bIBaeT-
csi:

Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34, JlaTacer - 310

Cer naHHBIX

O0paGoTanHasi U CTPYKTYPHPOBaHHAsA HH(GoOpManus B TaOJMYHOM BH/e
YcpenHeHnHas BHIOOpKa JaHHBIX IO CTPOKaM

YcpeaneHnHasi BHIOOpKa JaHHBIX TI0 CTOJIOIAM

35.  Kak Ha3biBaetcs OecrutatHas cpena Google muist coznanust HOyTOykoB Jupyter, koTopast
MOJIHOCTBIO paboTaeT B o0ake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kakoit Tum sitaeek B HOyTOYyKax Jupyter mpenHa3HaveH JjIs BBOJA TEKCTa U U300pake-
HUA?

Code

Markdown

Memo

Image
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37. Kakoii Tun siueek B HOyTOyKax Jupyter mpeaHa3zHa4YeH Ui BBOJA IPOTPaMMHOTO Koja?
Markdown

Memo

Image

Code

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

C noMoub10 cMMBoJIa # U IpodeJia

C nomouibto cumBoJia #

C nomomipio cuMBoIa % u mpodena

C nomomipto cuMBoa %

39. C nmoMomipo KakuX CUMBOJIOB B Jupyter HOyTOYK MOKHO CO37aBaTh MPUQPT KypCcHB?
C MOMOIIbI0 CHMBOJIOB * ¢ IBYX CTOPOH TeKCTa

C TIOMOIIIBIO CHMBOJIOB # C JIBYX CTOPOH TEKCTa

C TIOMOIIBIO CHMBOJIOB «K» ¢ IBYX CTOPOH TEKCTa

C TIOMOIIIBIO CUMBOJIOB «/ *» U «*/» ¢ IBYX CTOPOH TEKCTa

40. Kakoe coueranue kinaBwuill 3ammyckaeT Kol B Jupyter HOyTOyK Ha BBITTOJIHEHUE?
Enter

Shift+Enter

Ctrl+Shift

Alt+Shift

41.  AKCOH — 3TO OTPOCTOK HEMpOHA:

Bxonnoi
Brixoanoii
[TpoMexyTOUHBII

[Tpeobpazyromuit

42.  Yto B Ononoruveckom HeiipoHne nmeet 0OIbIIYIO ITUHY:
Hennpur

AKCOH

Cunarnc

Teno Helipona

43.  JlaHo: HEHpOHHAsI CETh C OJHUM CKPBITHIM CclloeM. Y ceTH 1 BXoJl, 3 HelipoHa B CKPBITOM
cjloe U oJ1H BbIXo1. UTo OynieT Ha BBIXOJIE CETH B CiIydae, e€ci Ha Bxoje 1, Bce Beca paHsbl 17
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1
3
1/3
0,3

44.  Kro co3zan nepByro MOJENIb NCKYCCTBEHHBIX HEMPOHHBIX CETEH?
Mak-Kaniaok u Ilurre

JaBun U. Pymensxapr, k. E. Xunaton u Ponanen JIx. Bunbsmc
®pouK Po3enbnatrt

Su Jlexyn

45.  Kako#i THIl HICKYCCTBEHHOM HEHPOHHOM CETH NPECTaBIEH HAa KAPTUHKE?
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input 5]

PexyppeHnTHas HeMpOHHAs CETh
Heiiponnas cetsb /[>xopaana
MarpuuHas HEHpOHHAs CETh
CaeproyHasi HeHPOHHAA CeTh

46.  Jlna pacmpeneneHHOro riyookoro MammaHoro odyuenus (Deep Learning) Gomnbiie no-
X0auT (ppeMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. Bonbenme nanaeie — 3T0:
Janubie o0bemom 6omee 1T6
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Jlanubie oobeMom 6osee 10TO
Jlannbie oobemom 6osee 100TO
Her orpannyennii Ha MUHMMAJIbHBINA 00beM

48.  Cpennsis abcomoTtHas omunoka (MAE) nmomydaercs myrem:

BBIYMCJIEHHs A0COTIOTHOI Pa3HUIbI MKy MPOrHO3aMU MO/IeJIH U HCTHHHBIMH ((pakTHYe-
CKHMM) 3HAYEHUSAMH.

BBIYUCIICHHSI OTHOCHTEIBHON Pa3HUIBI MEXIy MPOTHO3aMH MOJETH W MCTUHHBIMHU ((hakThde-
CKMMH) 3HAYEHUSIMH.

BBIUMCIICHHS KBaJjpaTa pa3sHULbI MEXy MPOTHO3aMHU MOJIENH U 00y4aroIUM HaOOpOM JaHHBIX
(MCTUHHBIE 3HAUEHUS).

BBIUMCJICHHSI KBaJ[paTa pa3sHULbI MEXy MPOTHO3aMU MOJIENH U 00y4aroIuM HaOOpOM JaHHBIX
(MCTHHHBIEC 3HAUEHUS) U MIPE/ICTABICHUSI pe3ysibTaTa B IPOLEHTHOM (dopMarTe.

49.  CpennexBanpatuunas ommoka (MSE) momydaercs mytem:

BBIYHMCIICHHS a0COTIOTHOM pa3HUIIBI MEXTy TPOTHO3aMU MOJICIIM U UCTUHHBIMU ((haKTHIECKUMU)
3HAYCHUSIMH.

BBIYHCJIEHUS] CYMMbI KBA/IPAaTOB Pa3HUIbI Me:K1Y MPOTrHO3aMHU MOJIeJIM M 00y4alouM Ha-
0OpoM TaHHBIX (MCTUHHbIE 3HAYEHMST).

BBIUHCIICHHUS] OTHOCUTEIBHON PAa3HUIBI MEX]y MPOTHO3aMU MOJEIHU U UCTHHHBIMU ((akThue-
CKHMH) 3HAYCHHUSIMH.

BBIUMCIICHHSI KBaJpaTa pa3sHUIBI MEXIy MPOTHO3aMHU MOJIEIH U 00yYaroIKUM HAaOOPOM JaHHBIX
(MCTUHHBIC 3HAUEHUS) U MIPE/ICTABIICHHSI pe3yJIbTaTa B IPOIIEHTHOM dopMaTe.

50.  Cpenusis abcomoTHas nporeHTHas ommbka (MAPE) nonygaercs mytem:

BBIYMCJIEHHS] CYMMbI KBA/IPAaTOB Pa3HULBI MKy NPOrHO3aMHM MOJIeJIM U 00y4YarolUM Ha-
00poM [aHHBIX (MCTHHHbIE 3HAYeHUs])) W TPEACTABJIEHHMS pe3yJbTaTa B MPOLUEHTHOM
¢popmare.

BBIYUCIICHHUSI CYMMBI KBaJIPaTOB PAa3HUIIBI MEXTy MPOTHO3aMH MOJIEIH M 00y4aromuM HabopoM
JIAHHBIX (MCTUHHBIE 3HAYEHUS).

BBIUHCIIEHHSI a0COJIIOTHOM pa3HULIbI MEXKAY IPOrHO3AMH MOJIETN U UCTUHHBIMHU ((PaKTHUYECKUMMU)
3HAYCHUSMHU.

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

4. METOIMYECKHNE MATEPHAJIbI, OIIPEAEJIATOUINE ITPOLIEYPBI OLIEHMBAHNW A
3HAHUI, YMEHHWM, HABBIKOB U (MJIN) OITbITA JESATEJIBHOCTH,
XAPAKTEPU3YIOILINX 3TAIBI ®OPMUPOBAHMA KOMITETEHIIUH B ITPOIIECCE
OCBOEHMU ST OBPA3OBATEJIbHOM ITPOI'PAMMBI

13TAIl - 3BHATH

KpuTtepun o11eHKH YCTHBIX OTBETOB CTYJ1€HTOB
Ouenka [TpaBUILHOCTH (OMIMOOYHOCTH) BBIMOJIHEHHUS 33 JaHUS
«OTJIIMYHO» MOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJAEPKAHUIO 3aJaHUS;
MMOHUMAET MaTepuai, 000CHOBBIBAET CBOU CYyKICHUS,
MPUMEHSET 3HAHUSl Ha MPAKTHUKE, WUIIOCTPUPYET OTBET MpHUME-
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paMu He TOJIbKO IO MPEANI0KEHHOU JTUTEPATYPE;
u3JIaraeT MaTepual Mocjie0BaTesbHO U MIPABUIIBHO.

«Xopouo»

IIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJAEPKAHUIO 3aJaHUS;
MOHMMAET MaTepuai, 000CHOBBIBAET CBOU CYKCHUS,

MPUMEHSIET 3HAaHUS HA MPAKTUKE, WLIIOCTPUPYET OTBET MpUME-
paMH HE TOJIbKO IO MPEAI0KEHHOM JTUTepaType;

u3JIaraeT Marepuall MocCjIe0BaTeIbHO U MPABUIbHO, HO JOILyC-
kaeT 1-2 omnOKH, KOTOPBIE UCIIPABJIAET CaM.

«YIOBJIETBOPUTEIILHO

3HAET W TIOHUMAET OCHOBHBIC TIOJIOKEHUS 110 COJICPIKAHUIO 3a]1a-
HUSL;

M3JIaraeT MaTepual HEMOJIHO, HO JIOMYCKaeT HETOYHOCTH B OTIpe-
JIeJICHUU TIOHATHH W (POPMYJIMPOBKE MPABHIT;

HE JIOCTaTOYHO TITyOOKO M JIOKa3aTeIbHO 00OCHOBATh CBOU CYX-
JICHUS WILTIOCTPUPYET OTBET MPUMEPAMHU TOJIBKO IO MPEIIOKEH-
HOM JInTEepaType;

M3JIaraeT MaTepuas HEMmocJieI0BaTeIbHO U JomycKaeT 3-4 ommo-
KH.

«HCYAOBJICTBOPUTCIILHO»

JIOITyCKAeT CYIIEeCTBEHHbIE OIIMOKHM B (OPMYJIMPOBKE OIpeelie-
HUH U IPaBUJI, HCKAXKAIOIINE UX CMBICII;

u3jaraeT Marepuan HenocjeloBaTelbHO, HEYBEPEHHO U He IO
CYLLECTBY 3aJlaHUS;

JIOITyCKAeT CYIIECTBEHHBIE OIINOKH, HE TO3BOJIAIOLINE PACKPHITH
CMBICT 3a/laHusl, SIBJIFIOIIMECS CEPbE3HBIM MPENSATCTBUEM K
YCIIEUTHOMY OBJIa/ICHUIO CJIEAYIOIIUM MaTepHajIoM.

2J3TAIl - YMETH

KpuTeplm OLCHUBAHHUS BBINIOJHCHUSA MMPAKTHYCCKUX 3aJaHMH U 3aJaHU )11 CaMOCTOA-

TEeJIbHOH PadoThI

OneHka Kpurepun

COTJIIMYHO» paboTa BBINOJIHEHA TTOJTHOCTHIO;
B JIOTUYECKUX PACCYKICHHUSIX U 0OOCHOBAaHUM pPELICHHs] HET Mpo-
0CJI0B U OIIMOOK;
B pEIlEHUWU HeT OIMOOK (BO3MOXHBI HEKOTOPbIE HETOYHOCTH,
OIMHCKH, KOTOpasi HE SIBJISCTCS CIIEJCTBUEM HE3HAHUs WU He-
TMOHUMaHUS Y4eOHOTO MaTepuaa).

«XOPOIIIO» paboTa BBITIOJHEHA MTOJIHOCTHhIO, HO 0OOCHOBAHUS IIATOB PEIICHHUS

HEJI0CTaTOYHBI (€CIM yMEHHE 00OCHOBBIBATH PACCYKICHUS HE SIB-
JSUTOCH CTICIIMATBLHBIM 00BEKTOM MPOBEPKH );

JIOTYIIIEHBI OJTHA OITHOKA, WU €CTh JIBa — TPU HEI04ETa (€CIu ITH
BHJIBI pPa0OT HE SIBJISUIMCH CICIIUATBHBIM 00OBEKTOM IPOBEPKH ).

«YAOBJICTBOPUTCIIBHO»

JOIYIICHO He 0oJiee MBYX OMIMOOK WM OoJiee ABYX — TPEX HEIO-
4eTOB, HO 0OyUarommiicss 001amaeT 00s13aTeIbHBIMI YMEHUSMH T10
IPOBEPsICMON TeMe

«HCYOOBJICTBOPUTECIBHO»

JOTTYIICHBI CYIIECTBEHHBIC ONIMOKHM, TIOKa3aBIINe, dYTO 00Y-
yaromuiicas He oOianaeT 00s3aTeNbHBIMH YMEHHUSIMH 1O JaHHOM
TE€ME B ITOJIHOM Mepe.

Kputepun onennBanus pedepara

OneHka

[TpaBUIBLHOCTH (OTMOOYHOCTH) BHITIOJTHEHUS 3 TaHUSI

«3auteno» | Coxmeprkanue pedepara COOTBETCTBYET TEME;
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HpaBI/IHBHOG HCIOJIb30BaHUA UCTOYHUKOB JIMTCPATYPHI,

CooTtBercTBUe 0dopmileHHs pedepara CTaHIAPTOM;

3HaHHE yJaluMcsl U3JI0)KEHHOTO B pedepare mMaTepuana (IUisl OTBETa Ha yCT-
HBIE BOTIPOCHI);

VYMmenune TpaMOTHO U AapTYMCHTUPOBAHO HU3JIOXKUTH CYTh HpOGJ’IGMLI B TEKCTC U
YCTHO;

Tesucel u MMPEATIOJIOKCHUA apryMCHTHUPOBAHLI, CACIIaHbI BBIBOABI U YMO3AKIIIO-
YCHUS;

B Tekcte oTpaxeHo yMeHHE aHATN3UPOBaTh (DaKTHUECKUN MaTepual i HCTOPHU-
YEeCKHE U KYJIbTYPHBIC (DaKTHI.

«He 3auTeHo» | Tema pedepara pacKkpbiTa HEIOCTATOYHO TOTHO;

OtcyTcTBYeT OMOIHOrpaduIECKUid CITUCOK;

Te3ucel ¥ TPENINONIOKEHUS HE apryMEHTUPOBAHBI, HE CJCJIaHbl BBIBOJBI U
YMO3aKJITFOUYCHUS;

B tekcre oTcyTCTBYET (haKTOIOTHYECKUI aHAN3;

OTBeTHI Ha YCTHBIC BOMIPOCHI HE OTPAYKAIOT YMEHUE TPAMOTHO U apTyMEHTHUPO-
BaHO M3JIOXKHUTh CYTh pedepara.

Co3nanne npeseHTANMIl HA 32IAHHYI0 TEMY
Kpumepuu oyenusanusn npezenmayuil
Ne | [TapameTphl OLlCHUBAHUSA NPE3EHTALMHU BoicTaBasiemasi onenka (6aJur)
orlnmo3

CooTBeTCTBHE CO/IEPIKAaHUS  IIPE3CHTAINH
BbIOpPaHHOM TeMe.

1
2 | Jloruka nojgauu MHGopMauu

3 | OpuruHaiIbHOCTh M HOBU3HA HH(OpMALIUK.
4 | I'paduueckas nnpopmanys (MWUTIOCTpALIUY,
rpaduku, TabJIULbI, JUarpaMmbl U T.1)

5 | 3akiroueHue Npe3eHTALNH (BBIBOIbI)

HToro 6a110B:

Ha kaxxapiii mpescTaBieHHbIN apaMeTp 3anoaHsAeTCs Ta0IuIa OEHUBAHUS, TJI€ 0 KaX-
JIOMY M3 KPUTEpUEB MIPUCBAUBAIOTCS Oabl OT 1 10 3, YTO COOTBETCTBYET OIpEIEIEHHBIM YpPOB-
HSM pa3BUTUS KOMIIETEHTHOCTH: | Oamin — 3TO HU3KHM YypOBEHb; 2 Oajja — 3TO CpeAaHMi
ypOBeHb; 3 Gajiia — BBICOKUN ypoBeHb. Ompe/iesieHue YpOBHS KOMIETEHTHOCTH:

Konn4yectBo HaOpaHHBIX 0a/1710B 32 YpoBuu Ounenka
NpeACTABJICHHYIO NIPe3eHTALMIO
ot 12 o 15 Bricokuii ypoBeHb OTJIMYHO
or8 o 11 CpenHuil ypoBeHb XOpOIIO
ot 5 110 8 Husknii ypoBeHb YAOBJIETBOPUTEIBHO
10 5 - HEYJIOBJIETBOPUTENIHHO

3 OTAII - BJIAJIETDH

Kputepunu oneHuBanus 3HAHUI HA IK3aMeHe
Onenka «OTJIMUHOy:

1.I'my6okoe u nmpoyHOe YCBOCHHE MPOTrPaMMHOI0 MaTepHasa.
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2.3HaHMe MaKeTOB MPUKJIAJHBIX IPOrpaMM

3.3HaHuE OCHOBHBIX MPUHIUIIOB MOCTPOCHUSI MAKETOB MPUKIIATHBIX IPOTPaMM.
4.3HaHNe OCHOBHBIX 3a]1a4 MIPUKJIIAJHBIX POTPAMM.

5.CBobOoaHOE BiIa/ieHNe MaKeTaMH MPUKIaJIHBIX TPOrPaMM.

6.TouHOCTE 1 OOOCHOBAHHOCTE BEIBOJIOB.

7.be3omnb0uHOe BHINOTHEHUE MPAKTUYECKOTO 3a/1aHuUS.

8.TouHbI€, ITOJIHBIE U JTIOTUYHBIE OTBETHI HA JIONIOJHUTEIBHBIE BOIIPOCHI.

Onenka «XOPOIIOy:

1. Xopolee 3HaHNE IPOTPAaMMHOTO MaTepHala.

2. HegoctaToyHO TMOJIHOE W3JIOKEHHWE TEOPETUYECKOro BOIPOCa 3K3aMEHAI[MOHHOTO
ounera.

3. Hanuuue  He3HAUMTENbHBIX  HETOYHOCTEH B yHOTpeOJEHHUM  TEPMHUHOB,
KJaccuuKaruii.

4. 3HaHMe OCHOBHBIX ITAKETOB MPUKIIATHBIX IPOTpaMm

5. HenonHoTa npeacTaBI€HHOTO WIIOCTPATUBHOTO MaTepHuaia.

6. TouyHOCTH U1 OOOCHOBAHHOCTH BHIBOJIOB.

7. JlornuHO€E M3JI05KEHNE BONPOCA, COOTBETCTBUE U3JI0KEHHSI HAYYHOMY CTHUIIIO.

8. Herpy0as ommbka npu BBIMOTHEHUN TPAKTHUECKOTO 3aJaHusl.

9. IlpaBuiIbHBIE OTBETHI HA JTONOJHUTENIBHBIE BOIIPOCHI.

Onenka «YJIOBJIETBOPUTEJIBHO»:

1. IToBepXHOCTHOE YCBOEHHUE MPOTPaMMHOIO MaTepHala.

2. HenocTtaTo4yHO TOJHOE W3JI0KEHHE TEOPETHYECKOr0 BOIPOCA 3K3aMEHAIMOHHOIO
ounera.

3. 3aTpyaHeHMe B NPHUBEACHUM IPUMEPOB, MOATBEPKAAIONIUX  TEOPETUUYECKHE
IOJIOKEHUS.

4. Hanuuue HeTOYHOCTEN B yNIOTPeOICHUN TEPMUHOB, KiIaccuUKaIIHii.
Heymenune 4eTko copMyInpoBaTh BHIBOIBI.
OTcyTCTBHE HAaBBIKOB HAYYHOT'O CTHJIS M3JI0KEHUS.
['py6ast ommbOKa B MPaKTUYECKOM 3a/1aHUH.
Herounble OTBETHI Ha TOMIOJHUTEIBHBIE BOIIPOCHI.

Ouenka «HEYJIOBJIETBOPUTEJIBHO»:

1. He3nanue 3HaYMTEILHON YaCTH MPOTPAMMHOIO MaTepuaa.

2. HecriocoOHOCTH PUBECTH IPUMEPHI TAKETOB MPUKIAIHBIX IPOTPAMM
3. HeyMeHue BBIICHTH TJIaBHOE, C/IETIATh BEIBOABI U 000OIICHHS.

4. 'pyOble oImMOKY MPU BBIMOJHEHUN PAKTHYECKOTO 3aJaHMsL.

5. HeraBI/IJIBHLIe OTBCTHI HA JOIMMOJTHUTCIIbHBIC BOIIPOCHI.

PN

TecT 111 CAMOKOHTPOJISA (IPUMEPHbIE BONIPOCHI HTOTOBOI'0 TECTUPOBAHMS)

Kpumepuu oyenusanus mecma

[TomHast BepcUsi TECTOBBIX BOIPOCOB COIEPKUTCS B AJNEKTPOHHO-UH(POPMALMOHHOW CH-
creme By3a. CTyZ€HTHI IPOXOAAT TECTUPOBAHUE B KOMIIBIOTEPHOM KJIacCe.
[Tpu pa3paboTKe TECTOBBIX 33JaHUI HCIIOIB30BAIUCH CIEIYIOIINe (POPMBI 3aTaHHIA:
— 3a/1aHUs ¢ BBIOOPOM OJTHOTO U3 3-4 OTBETOB.
Bpewms tectupoBanus cocrapiser 30 MUHYT, BpeMsi OTBETa Ha OJHO TECTOBOE 3aJlaHue —1 MuHy-
Ta.
Kpurepwii onieHuBaHMs yCTaHOBIIEH B 000JIOUKE TeCTa.
Kpurepun oueHku:
Onenka «Otarnano» - 90% u Gojee MpaBUIBHBIX OTBETOB;
Onenka «Xopoio» - 70% u Gosee MpaBUIbHBIX OTBETOB;
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Omnenka «Y noBrneTBoputenbHO» - 50% u 601 MPaBUIBHBIX OTBETOB;
Onenka «HeynosnerBoputensHo» - MeHee 50% MpaBUIBHBIX OTBETOB.
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