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

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

Koza u nvanmenoBaume
KOMITETCHIINI BBIITYCKHHKA

Kon n HaumeHnoBanue MHIUKATOPA TOCTUKEHUST KOMIIE-
TECHIINHN

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

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

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

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

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

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

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

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

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

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

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

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

3HAHHUS,

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

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

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

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

npodeccuoHaIbHOM MOJIETTUPOBaHUS

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

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

IIPUHIUIIBI pab6otsl | OIIK-2.1. IlpuHuunel paOoTbl COBPEMEHHBIX

COBPEMEHHBIX MH(POPMAIIMOHHBIX TEXHOJOTUNH U TPOTPaMM-

WH(POPMAITMOHHBIX HBIX CPEJICTB, B TOM YHUCJIE OTECYECTBEHHOTO

TEXHOJIOTUIA Y | MPOU3BOJICTBA TIPH PEIICHUH 3aaad npodec-

MIPOTPaMMHBIX CHOHAJIBHOU JESTEHHOCTH,

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

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

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

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

pemennn 3amau mpo- | CTB2 TPH PELICHHH 33124 npodeccnoHanbHOM

. JeSITeIbHOCTH;

(beCCHOHaH.BHOH A% 13 Dman - Braoeme:

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

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

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

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

2 Oman — Ymems:

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

3 Oman — Bnaoemy:

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




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

|
= Kputepuu onienuBanus
Ne = E) HaunmenoBanue KOMIIETEHLINI [Ixana
n/m ~ 2 KOMIIETCHIINH Ha Pa3IMYHbIX dTanax OLICHUBAHUS
é ¢dbopmupoBaHus
1 OIIK-1 | Crocoben 1 Oman — 3namo: «OTJIMYHO»
MIPUMEHSITh OIIK-1.1. OcHoBhlI | 1. 'myGokoe u  mpouyHOE
€CTECTBEHHO- | MaTeMAaTHKH, (u3uKY, | yCBOCHHE MPOrPaMMHOTO
Hay4HbIE U | OCHOBBI BBIUYMCIMTEIHHON | MaTepHana.
OOIIIENHKE- TEXHUKH, OCHOBBHI | 2. 3HaHue MMaKeTOB
HEpHbIE  3Ha- | IPOrPaMMHUPOBAHUS MPUKIATHBIX TPOTpaMM
HUSI, METOJEI | 2 Dman — Ymems: 3. 3Hanue OCHOBHBIX
MaremaTuye- OIIK-1.2. Pematp | NpUHIUIIOB MOCTPOEHUS
CKOI'O aHa/lM3a | CTaHJapTHBIE TPOQeccHo- | NaKEeTOB MIPHUKJIATHBIX
U MOJENHMPOBA- | HAJbHBIC 3aJja4l C MIPUME- | IPOrPaMM.
HUs, TEOPETU- | HCHHEM eCTeCTBEHHOHAy4- | 4. 3HaHUE OCHOBHBIX 33134
YECKOI'0 M JKC- | HBIX M OOIIEUHXEHEPHBIX | IPUKIIAIHBIX IPOrpaMM.
TIepUMEHTalb- | 3HaHUH, pemath npodec- | 5. CBoboaHOE BJIJICHUE
HOTO HCCIENO- | CHOHAJIbHBIE 3aJauyd  C | TaKeTaMu MIPUKJIIATHBIX
BaHUS B IIPO- | IIOMOIIBIO METOOB | IPOrpPaMM.
beccroHab- MaremaThdeckoro anaiamsa | 6. TouHOCTh 51
HOW  JesTeNb- | 1 MOJACIUPOBAHMS 000CHOBaHHOCTH BBIBOJIOB.
HOCTHU 3 Oman — Brademw: 7. be3ommbouHOe
OIIK-1.3. HaBblkamMu Teo- | BBIIIOJIHEHUE  IPAKTUYECKOIO
pPEeTHUECKOro M DJKC- | 3aJaHHS.
nepuMeHTanbHoro wuccie- | 8. Tounsre, HOJIHBIE u
JIOBaHUsI OOBEKTOB TpO- | JIOTUYHBIC OTBETHI Ha
(beccHoHaTbHON  JIesATelNb- | JOTOJIHUTEIILHBIC BOIIPOCHIL.
HOCTHU
2 | OIIK-2 | CnocobGen 1 Dman - 3namo: «XOPOLO»
OHUMATh OIIK-2.1. Mpunuuner pa- | 1- Xopomee SHAaHHC

MIPHUHIIAIIBI  pa-
0O0TEI
COBPEMEHHBIX
uHdopmau-
OHHBIX TEXHO-
JIOTHI Hu
MIPOTrPaMMHBIX
CPE/CTB, B TOM
Yucle  oTeye-
CTBEHHOI'O

MMPONU3BOACTBA,

00ThI COBPEMEHHBIX
MH(GOPMAIMOHHBIX TEXHO-
JOTMA W TPOTPaMMHBIX
CPEICTB, B TOM YHCJE OTE-
YECTBEHHOTO  IPOU3BOJ-
CTBa IpU PELICHUH 3ajad
npoeCCUOHATIBHON  Jiesl-

TCIBHOCTH,

2 Oman - Ymemn:

OIIK-2.2. Bribupats
COBpEMEHHbIE  MH(pOpMa-
LIAOHHBIE TEXHOJOTHH U
IPOrpaMMHBIE CPEJICTBA, B

MIPOrPaMMHOTO MaTepHaa.

2. HenocraTouno IIOJIHOE
U3JI0)KEHUE  TEOPETHUECKOTO
BOIIPOCAa  DK3aMEHAIMOHHOTO
ouiera.

3. Hanguume He3HAYHTEIIBHBIX
HETOYHOCTEH B yNMOTpeOJIeHUN
TEPMHUHOB, KJIaCCU(DHUKAITUH.

4. 3HaHUWE OCHOBHBIX ITAKETOB
MPUKJIAIHBIX TTPOTPAMM

5. Hemonnora

MIPEICTABICHHOTO
HIIIIOCTPATUBHOIO MaTepuaa.
6. ToyHOCTD u
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U HCIIOJb30-
BaTb WX TMpH
perieHun
nad npodeccu-
OHAJILHOUN 1es-

3a-

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

3 Oman - Bradems.:

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

TENbHOCTH; npoecCHOHANBHOU  Jes-
TEJIbHOCTH.

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

JUIs TIpaKkTUye-
CKOro Ipume-
HEHUS

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

2 Oman — Ymemu:

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

JTAaHHBIX, IPUMEHSTh
COBPEMEHHBIE TPOTrpaMM-
Hble cpeabl pa3paboTKu

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

XPaHHITHUIIL

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

JAIKA ©  TECTUPOBAHHS
MPOTOTUIIOB MPOTPaMMHO-
TEXHUYECKUX KOMIIJIEKCOB
3a1a4

000CHOBAaHHOCTH BBIBOOB.

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

BBIMIOJTHEHUH  MTPAKTHYECKOTO
3aaHus.

9. IlpaBunbHBIE OTBETHI HA
JOIMOJIHUTCIIbHBIC BOIIPOCHI.

«YOBJIETBOPUTEJIBHO»

1. IToBEpXHOCTHOE yCBOEHHE
IPOTrpaMMHOr0 MaTepuaia.

2. HepocrarouHo MTOJIHOE
U3JIOKEHUE  TEOPETHUIECKOTO
BOIIPOCa  DK3aMEHAIMOHHOTO
oumera.

3. 3aTpyaHeHue B
MIPUBEICHUN MIPUMEPOB,
[MOATBEPKAAOLINX

TEOPETHUECKHUE TIOJIOKCHHUS.
4. Hanmnune HETOYHOCTEH B

ynoTpeOaeHun TEPMUHOB,
KJIaccu(uKaIuii.
5. Heymenue YETKO

c(hOopMyIHPOBATH BHIBOJIBI.

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

8. Hetounble = OTBeTHl  Ha
JOIMOJIHUTCIIbHBIC BOITPOCHI.

«HEYIOBJIETBO-
PUTEJIBHO»

1. He3nanue
qacTu
MaTepuaa.
2. HecriocoOHOCTh  MPHUBECTH
MIPUMEPBI MaKeTOB
MPUKIIATHBIX TPOTPaMM

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

4. T'pyOble  omumOKu  TpH
BBIMIOJTHEHUH  MTPAKTHYECKOTO
3a/1aHusl.

5. HenpaBuiibHbIE OTBETHI HA
JIOTIOTHUTEIHHBIE BOTIPOCHI.

3HAYUTEILHOU
IPOrpaMMHOTO




3. TUIIOBBIE KOHTPOJILHBIE 3AJAHUS WU UHBIE MATEPUAJIB,
HEOBXOJIMMBIE JIUIS1 OLIEHKU 3HAHUI, YMEHWIA, HABBIKOB 1 (WJIN) OTTBITA
JIESITEJIbBHO XAPAKTEPU3VIOIIUX DTAIBI ®OPMUPOBAHUS KOMITETEHIUN

B [TIPOLIECCE OCBOEHUSI OBPA30BATEJILHOM [IPOIPAMMBI

13TAIl - 3HATDH
Tembl 1151 NOATOTOBKHM K YCTHOMY OIPOCY:

Tema 1. OcHOBHBIE ATalbl U HAIIPaBJICHUS UCCIIEI0OBAaHUI B 00JIaCTH CUCTEM UCKYC-
CTBEHHOI'O MHTEJIJIEKTA
1. Dransl pa3BUTHS CUCTEM UCKyCCTBEHHOro nHTesekra (M1).
2. OcHOBHbIE HaNpaBJICHUs Pa3BUTUS UCCIIEIOBAaHUI B 00JIaCTH CHCTEM UCKYCCTBEHHOI'O MH-
TEJJIEKTA.
3. Big Data. Oco6enHoCcTH pabOTHI C OOJTBITUMU JAHHBIMH.
4. W3sBneuenue 3HaHui. UHTEerpanus 3nanui. ba3el 3Hanuit. [Ipumepsl.

Tema 2. OcHOBBI MalIMHHOT'O OOYUYEHUS U aHAJIM3a JaHHbBIX
1. OcHOBBI IpOrpaMMHpOBaHUS IS 3a7a4 aHAJIN3A JaHHBIX.
bubmmorexku Python nist ananusa qaHHBIX.
3. H3ydeHue oTIeNnbHBIX HANpaBlIEeHUH aHanu3a AaHHbIX. O0yueHHue «C yuutenem», «0e3 yuu-
TEJSDY, «C MOJKPEIUIEHUEM.
4. Pemenue 3aaa4 KIacCUPHUKALNU, KIACTEPU3ALUH, PETPECCHH.

Tema 3. HelipoHHble ceTu
[Ipunuun padots! Mo3ra. icTopusi OTKpBITHS HEHPOHOB U HEUPOHHBIX CETEH.
HckyccTBennsbie HelipoceTH. CXeMbl ¥ TPUHLIUI PAOOTHI.
[TonHOCBsI3HBIE HEHpOHHBIE ceTH. OAHOCTONHBIM U MHOTOCIIOMHBIN MEPCENTPOH.
I'my6okoe oOyuenue.
PaznuyHble apXUTEKTYphl HEHPOCETEN.

Nk wN =

Tema 4. O6paboTKa €CTECTBEHHOTO SI3bIKA
N3Bneuenne napopmanmu. MHGOpMAIIMOHHBIN TTOKCK.
AHanu3 BbICKa3bIBaHUN. AHAIN3 TOHAIBHOCTH TEKCTA.
BonpocHo-oTBeTHBIE cucTeMBI. ['eHeprpoBaHHEe TEKCTA.
EctectBeHHO-513bIKOBOM HHTEpDETic.

b=

Tema 5. KomnbsroTepHOE 3peHUE
BBenenue B KOMIIBIOTEPHOE 3pEHUE.
Pacnio3naBanue n3obpaxxkeHnuit moapmu. [Ipu3Haky 11t KaTeropus3aluuy H300paxeHni.
Bosmoxnoctu 6ubnmmorexku OpenCV. Mammnnoe ooyderne B OpenCV.
ApXUTEKTypbl HEMpoceTel AJis Paclio3HaBaHUs N300paXKEHUM.

b=

2 J0TAIl - YMETH

KommiekT npakTu4yeckux pador

HpaKTI/I‘IeCKI/IC pa6OTBI U CCMHUHAPHBI CIIyKaT IJI pa6OTH CTYACHTOB Hal y‘le6HHMI/I 3a-
JadyaMu C IICJIbIO BI)Ipa6OTKI/I H 3aKPCIUICHUA MPAKTUYCCKNUX HABBIKOB.
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Tema 1. OcHOBHBIC 3TaIlbl U HaIpaBJICHUA HCCIeIOBaHUM B 00JIaCTH CHCTEM HCKYC-
CTBECHHOI'O HHTCJIJICKTA.

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

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

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

Brinonnenue 3aianus Ha TeMmy «JIunelinas perpeccus»q
ITocranoBka 3anaunq|
Heo0Oxoaumo mpeicka3siBaTh JOXO0 OT MPOJAKH MOPOKEHOTO B 3aBUCHUMOCTH OT TeMITePaTyPhl
BO3/1yxa. MBI IipeainonaraeM, 4YTo JUHEHHas: pErpeccus MO3BOJIUT PEIIUTh ATy 3a7ady.
[ar #1: ummopt 6ubmmoTexy|
import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

[Har #2: umnopt nataceral

3arpyxaeMm B Colab c¢ mmcka IIK.

from google.colab import files
files.upload()

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

R IR

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

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




TemperatureRevenue

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

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

# MMHMMaJIbHOE BHaudeHue

IceCream.describe ()

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

# TO Xe, HO IO OTIEJILHOMY CTOJIOIY
IceCream|['Temperature'] .describe ()

out[8]:

count 500.000000
mean 22.232225
std 8.096388
min 0.000000
25% 17.122258
50% 22.392791
75% 27.740674
max 45.000000
Name: Temperature, dtype: floaté64
In [9]:

# noyyuaeMm kpaTKye CBeIeHMs O IaHHBIX
IceCream.info ()

RangeIndex: 500 entries, 0 to 499

Data columns (total 2 columns):

Temperature 500 non-null float64

Revenue 500 non-null floatoc4

dtypes: float64(2)

memory usage: 7.9 KB

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

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

Out[10]:

<seaborn.axisgrid.JointGrid at 0x19761326ef0>
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] 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. HeliponHnsle ceTu

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).

Co3anue npe3eHTALMH 110 33JaHHOH Teme
MynbTUMeAUHHBIE TIPE3EHTALUN HCTIONIB3YIOTCS UIS TOTO, YTOOBI 00YYarOIUHAC CMOT HATJIsSTHO
MIPOJEMOHCTPUPOBATh BU3yallbHbIE (ay/1M0, BUJIEO, TpaduyecKue) MaTepHralibl, OCBOCHHBIE B
XO0/I€ CAMOCTOSITEIIbHOM U MPAKTHUECKOM pabOoThI IO MpEIMETY.
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 — coaepxanue, T MPeaCTaBICHb OCHOBHBIE BOIIPOCH pa300paHHBIC 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
nHGOpPMaIIMIO: BUJIEO U ayIMO (PparMeHThl, TaOJIULIbI, TUarpaMmbl, THOrpaQuKy U T.J.

[Tocnennuil crnaiii 1EMOHCTPUPYET CIHMCOK CCBUIOK HA, HUCHOJb3yeMble MH(OpMAIOHHBIE
PECYPCBL.

Tema 4. O0padoTKa ecTeCTBEHHOI0 SA3bIKA
IIpakTnyeckas padora «/lerekTHpOBaHUe ClIaMa)

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 ...
3

—_— | —

==Y

==Y

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

=

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

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

spam_df.info()

<class 'pandas.core.frame.DataFrame'™

Rangelndex: 5728 entries, 0 to 5727

Data columns (total 2 columns):

text 5728 non-null object

spam 5728 non-null int64

dtypes: int64(1), object(1)

memory usage: 89.6+ KB

[Tar #2: Buzyanu3zauus naracera¥|

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

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

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

# BpIBOoOUM COOOILEHHS, IOMEYEHHBIE KaK HE CIIaM

ham

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

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

5727Subject: news : aurora 5 . 2 update aurora ve... |0

4360 rows x 2 columns
# BrIBOIMM COOOIIEHHNS, IOMEUYEHHBIE KAK CIIaM

spam

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

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

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

# BpiuuciisieM MpOLEHT MUCEM, COJIEPKaIINX CIaM

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

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

Ham percentage = 76.11731843575419 %

# 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

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

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

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

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

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

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

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

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

[[011100101]

[020101101]

[T00110111]

[011100101]]
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ITpumennm COUNT VECTORIZER k Hamieit 3anaqe

from sklearn.feature extraction.text import CountVectorizer

vectorizer = CountVectorizer()

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

In [58]:

# BBIBOTMM YHUKAQIIBHBIC KITFOUX

print(vectorizer.get feature names())

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

# IleyaTaem MaTpHIly TEKCTa

print(spamham_countvectorizer.toarray())

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

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

spamham_countvectorizer.shape

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

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

label = spam_df['spam'].values
NB_classifier.fit(spamham_countvectorizer, label)
MultinomialNB(alpha=1.0, class_prior=None, fit_prior=True)
# 3aaeM TECTOBBINM IPUMEP U CTPOUM MATPHILY KITIOUEH:
testing_sample = ['Free money!!!", "Hi Kim, Please let me know if you need any further informa-
tion. Thanks"]
testing_sample countvectorizer = vectorizer.transform(testing_sample)
print(testing_sample countvectorizer.toarray())

[[000...000]

[000..000]]

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

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

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

# TectupyeM pa3HbIe BapUaHTHI - HE CIIaM
testing_sample = ['Hello, I am Ryan, I would like to book a hotel']
testing_sample countvectorizer = vectorizer.transform(testing_sample)
test_predict = NB_ classifier.predict(testing_sample countvectorizer)
test predict

array([0], dtype=int64)

# IlpoBepsiem BapuaHT 2 - 00a BBIpAKEHUS CIIaM
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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 baitec|

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

y = label

In [93]:

X.shape

(5728, 37303)

y.shape

(5728,)

# OOyuenue oOyyJaroreit 1 TectoBoi BeIOopku 80:20

from sklearn.model selection import train_test split

X train, X test, y train, y test = train_test split(X, y, test size=0.2)
from sklearn.naive bayes import MultinomialNB

NB_classifier = MultinomialNB()

NB_classifier.fit(X_train, y_train)

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

# from sklearn.naive bayes import GaussianNB

# NB_ classifier = GaussianNB()

# NB_classifier.fit(X train, y train)

[ar #5: ynyumenue moaenuy

# [locTpouM MaTpHuIly OIMOOK MPU MPOBEpKE MOJIeNIN Ha o0yyaroIiel BhIOOpKe
from sklearn.metrics import classification report, confusion matrix
y_predict_train = NB_classifier.predict(X _train)

y_predict_train

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

# IlpexpacHblil pe3yJabTaT

cm = confusion_matrix(y_train, y predict train)

sns.heatmap(cm, annot=True)

<matplotlib.axes. subplots.AxesSubplot at Oxcc2fe48>

= - 35e+403
- 3000
- 2400
- 1300
- 1200
- 500

— ]

0 1

print(classification report(y_train, y_predict train))
precision recall fl-score support

0 1.00 1.00 1.00 3481
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1 099 1.00 099 1101

accuracy 1.00 4582
macro avg 099 1.00 0.99 4582
weightedavg  1.00 1.00 1.00 4582
# IlocTponm MaTpuIly OmMOOK MPU IPOBEPKE MOJIECTH HA TECTOBOM BBHIOOPKE
y_predict_test = NB_classifier.predict(X _test)
cm = confusion_matrix(y_test, y predict test)
sns.heatmap(cm, annot=True)
<matplotlib.axes. subplots.AxesSubplot at 0xcc83548>

o - 8.7e+02
- 750
- 600
-450
-300
-150

— . ' -0

0 1

In [108]:

print(classification_report(y_test, y_predict_test))
precision recall fl-score support

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

Tema 5. KoMnboTepHoe 3peHue
®opmyJIMpOBKA 334241

B nannoit mabopatopHoii paboTe MBI TO3HAKOMHUMCS C apXUTEKTYPOU CBEPTOYHBIX HEHpOceTen
LeNet.

Iens mabopaTopHOil pabOTHI: 00YYUTH HEHPOCETH JIJIS PEIICHUS 3a4a4 KJIaCCU(PUKAIIMH TOPOXK-
HBIX 3HAKOB.

JlanHas 3aaua HeoOxoaumMa J1j1st paboThl OECITUIIOTHBIX aBTOMOOUIIEH, pUYEM pacrio3HABaHHE
3HAKOB JIOJI’KHO MIPOBOJUTHCS MPAKTUYECKH MTHOBEHHO. Habop maHHBIX copepkuT 43 pa3nnd-
HBIX KJIacca U300pakeHH.

Knaccel nepeunciensl HUxe:

0 - Orpaanuenue ckopocTH (20 kM / 1)

1 - Orpanuuenue ckopoctu (30 kM / 1)

2 - Orpanndenue ckopoctu (50 kM / 9)

3 - Orpannuenue ckopoctu (60 kM / 1)

4 - Orpannvenue ckopoctu (70 kM / 9)
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5 - Orpannuenue ckopoctu (80 kM / 1)

6 - Konen orpannuenust ckopoctH (80 kM / 1)
7 - Orpannuenue ckopocta (100 kM / 1)

8 - Orpannuenue ckopoctu (120 km / )

9 - O6roH 3amnpenieH

10 - 3anmpernaeTcst mpoe3 I TPAHCIIOPTHBIX CpeacTB Oonee 3,5 T
11 - IIpoe3n Ha claeAyroIIeM MepeKpecTKe

12 - 'maBHas nopora

13 - Yerynu nopory

14 - Cton

15 - 3anpenieH npoes3a TPaHCIIOPTHBIX CPENICTB
16 - 3anpernieH Bbe3 TPAHCIIOPTHBIX CpescTB Ooiee 3,5 T
17 - Bwesn 3anpenieH

18 - Buumanue

19 - KpyToii noBOpOT HaJIEBO

20 - KpyToii MOBOPOT HanpaBo

21 - JIBoifHOM MOBOPOT

22 - Yxabb1

23 - Ckounbp3Kas gopora

24 - CyxeHnue cupasa

25 - Jlopo>xHbIEe pabOTHI

26 - Csetodop

27 - Iemexosl

28 - [letn

29 - IlepeceueHue ¢ BEJIOCUIIEIHON TOPOroit
30 - OcTteperaiiTech Jabaa / CHera

31 - JIukue ;KUBOTHEIC

32 - Konen Bcex OrpaHuYeHuin

33 - [loBopoOT HampaBo

34 - [ToBOpOT HaIEBO

35 - IIpoe3n ToNbKO NpsMO

36 - [Ipoe3n npsAMo WK HapaBo

37 - IIpoe3n nmpsiMO WIJIM HAJIEBO

38 - [IpunepkuBanTeCh MPaBOM CTOPOHBI

39 - IlpunepxkuBaiiTeCh J€BOM CTOPOHBI

40 - KpyroBoe qBueHue

41 - Konell 30HbI OTpaHUYEHUS IPOE3a

42 Konen 3anpera npoes/ia TpaHCHOpTHHX cpencts Oomee 3,5 T

# nonKoroqaeM Google nuck

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

lMlar #0: Mmnopt OBubamorex]
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import tensorflow

import matplotlib.pyplot as plt

import numpy as np

#import os

#import PIL

from tensorflow.keras import layers

import pandas as pd

import seaborn as sns

import pickle

Mar #1: VMoopT M HopManmsauus natacerad

dany C pacumMpeHmMeM .p npexncrasiseT cobom damn pickle, momyss Python,
MCIIOJIb3YEMEI IJia NpeobpasoBaHMsa OO0BeKTOB Python B nocjienoBaTeJIbHOCTH
OanToB IJid XPaHeHudA Ha IUCKe UM Iepenaduu o ceTu. OH [DO3BOJIAeT YyHOOOHO
XPaHUTh MIM IepelaBaTb OOBEKTH 0e3 NpelBapUTEeJIbHOTO IpeobpasoBaHUA
IDaHHEIX B Ipyrou dopMart.

! JlcmoJsib30BaHMe KJIOUEBOTO CJioBa with npm padore ¢ banioBeMM OOBEKTaAMM

IIO3BOJISET NPaBUIILHO 3aKpPHTh ODOBEKT IIOCJIe 3aBeplieHus pa®oTel ¢ HUM. 'rt'
- aTpudbyT, 3amaoumy QopMaT UTEHMS B TEKCTOBOM PEXMM.
! dyHkumsa pickle.loads () BO3BpamaeT BOCCTAHOBJIEHHYK MEepapxmin OOBEKTOB

M3 CTPOKOBOTI'O IIpelCTaBJIEHMA IOAaHHBIX.
with open('/content/drive/My Drive/Colab Notebooks/Sign Images/
train.p', mode='rb') as training data:

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

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

test = pickle.load(testing data)
# oBozHauaem obOyuawnuMe, TECTOBHE UM IPOBEPOUHHE IaHHEHE 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 pas3MepHOoCTb - 34800 zanwucer, msobpaxeHme 35*32 nukcensd,
uBeTHoe (3 - 3HauuT TeH30p RGB)
X train.shape
(34799, 32, 32, 3)
y train.shape

(34799,)
llar #2: Busyammsauuda paraceraf
# nmomcTamBngeM 1 = cayuarHoe umcjo. OyHxkumio matplotlib imshow oToBpaxa-
eT rpaduxm Ha ocHoBe 2-D maccuBoB (u/6 msobpaxeHue
# mam 3-D mMaccuBOB (UBeTHOe) . BaxHo! Kaxmeni sJjeMeHT B MacCuBe OeMCTBY-—
eT KakK I[IMKCEJIb.
i = 3100

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

I|".

T
S

n

=
0 & 1 B 2 x B

i = 3001

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

25 30
Mar #3: [NomroroBka IaHHBIX]
# sklearn.utils.shuffle() wmucnonbl’yeTcsa njsa IepeMemyBaHUSA MACCUBOB CJIY-—

YayHeEIM 00pa30M, UTOOH OblJIa BO3MOXHOCTB IIOJIyUYaThb PasHBE M300paXeHUSd
KaxOeHM pas3, Korama Me NPOBOIMM oOOyueHMe, UTOOB MBI HE TPEHUPOBAJIMCH Ha
OOHUX U TeX Xe U30D0paXeHUIX.

from sklearn.utils import shuffle

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

Iajiee HYXHO HOPMaliM30BaTh HADOOP HOAHHHIX, [IOCKOJIbBKY IOeHOPMAaJM30BaHHBIE
OaHHBE yXyIONAalT KadeCTBO pacClio3HaBaHMe. g 3TOrO HpeobpaszyeM u300-
paxeHve B u/6 dopmMarT. OTTEHKM CEpOTOo IMOJIyuMM KakK CyMMy 3HaueHur RGB
CJIOEB, IIeJIEHHYIO 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)
# nDpoBepseM pPasMEpPHOCTL — I[OCJIeIHEee 3HaueHue = 1.

X train gray.shape

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

(4410, 32, 32, 1)
[locMOTPMM Ha M300paxeHye B OTTEHKAX CEPOTO0 M MCXOOHOe m3obpaxeHue. Ilo-—
CKOJIbKY MBI YMEHBUIMIIM Pa3MEPHOCTb M300paxeHMuM, y MaCCHBa OKa3aJioChb
Bosnbplle M3MEPEHUM, UYEeM MCIOJL3YEeTCs, IODTOMY IMIIPMMEHSKT np.squeeze nis
YMEHBUIEHMS HEHYXHBIX pas3MepoB. OyHKUMS squeeze () yoajlsgeT OCUM C OIOHMM
2JIeMeHTOM (OJIMHHOM 1), HO He caMmM DJIEeMEeHTHE MacCCUBa.
i=620
plt.imshow (X train grayl[i].squeeze(),cmap="gray')
plt.figure ()
plt.imshow (X train[i])
<matplotlib.image.AxesImage at 0x7f269a69ea90>
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] 5 10 15 20 25 30

[IOCKOJNIbKY 2TO M300paxeHMe B Tpalalusax Ceporo, M NPOOOJIXMM HOPMAaJM3a-—
UM ero, BeuMTas 128, a 3aTeM pasnesuB 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],

[-0.765625 ],

[-0.78125 1,

[-0.807291671111)
[JocMOTPMM pasHHE BAPMAHTH M300paXEHUN
i =60
plt.imshow (X train grayl[i].squeeze(), cmap = 'gray')
plt.figure(
plt.imshow (
plt.figure (
plt.imshow (X train gray norm[i].squeeze(), cmap = 'gray')
<matplotlib.image.AxesImage at 0x7£269a543d90>

o

X_

)

X train[il])
)

5

10

15
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plt.imshow (X test gray[i].squeeze(), cmap = 'gray')
plt.figure ()

plt.imshow (X test[i])

plt.figure ()

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

<matplotlib.image.AxesImage at 0x7f269a423110>

o

i = 500

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

plt.imshow (X validation[i])

plt.figure ()

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

<matplotlib.image.AxesImage at 0x7£269%9a2f£5210>

0 5 W 15 2 3% 3

Mar#4: O6yuenme Momesm{
MomeJsb COIEPXMUT cjenyiuye CJIOU:

Mar 1: mepBelM CBEPTOUHHM CJyou #1

Input = 32x32x1

Output = 28x28x6

Output = (Input-filter+1)/Stride* => (32-5+1)/1=28
VcnonbpsyeM 5x5 ¢unbTp, rayOmHa 3, KOJIMUUECTBO 6
NcnomnesyeMm RELU QyHKUMIO aKTMBALMM Ha BHXOIE
pooling ciyoit, Input = 28x28x6, Output = 14x14x6

* Stride =1.

o 5

llar 2: BTOPOM CBEPTOUHHI CJiON #2

Input = 14x14x6

Output = 10x10x16

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

Pooling ciyor, Input 10x10x16, Output = 5x5x16

lar 3: PasBopauMBaeM HENPOCETH

5x5x16 pasBopauuBaeTcsa B Output = 400

Mlar 4: 1-71 NOJIHOCBS3HBIM CJION

1-11 cJjio¥: MOJIHOCBA3HEM cjior, Input = 400, Output = 120
npuMeHseM RELU GyHKUMIO akTMBALMM Ha BEIXOIE

Mlar 5: 2-¥ IIOJIHOCBSA3HEIM CJIOU

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

npuMeHseM RELU QyHKUMIO akTMBALMM Ha BEIXOLE

Mlar 6: 3-I1 IOJIHOCBS3HBIL CJIOM

3-11 cmom: Input = 84, Output = 43

In [21]:

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

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

LeNet.add (layers.AveragePooling2D())

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

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

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

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

Model: "sequential"

Layer (type) Output Shape Param #
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 crossen-—

tropy

BummMmaHue !

', metrics

['accuracy'])

BHIle pazMepHocTam! ]

history = LeNet.fit (X train gray norm,

tion))

Epoch
70/70

- accuracy:

Epoch
70/70

- accuracy:

Epoch

Epoch
70/70

- accuracy:

Mar#5

1/50

2/50

3/50

50/50

y train,

batch size

= 500,

epochs = 50,

verbose =

validation data =

0.9918 - val loss:
OueHmBaHmue Momesimq

1,

(X _validation gray norm,

- 16s 212ms/step - loss:
2.7206 - val accuracy:

0.3034

- 15s 210ms/step - loss:
1.5453 - val accuracy:

0.5508

- 15s 213ms/step - loss:
1.1957 - val accuracy:

0.8433

[lpoBepbTE COOTBETCTBME IIOJIYUEHHEIX paBMepHOCTeﬁ OIIVMCaHHEBEIM

y _valida-

3.1909

1.7574

0.0304
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# olleHMBaeM TOUHOCTHL HEMPOCETHU

score = LeNet.evaluate (X test gray norm, y test)
print ('Test Accuracy: {}'.format (score[l]))
395/395 [==============================] - 3s 8ms/step - loss: 1.6408

- accuracy: 0.8343

Test Accuracy: 0.8342834711074829

history.history.keys()

out[25]:

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

accuracy = history.history['accuracy']

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

loss = history.history['loss']

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

BusyanusupyeM MUTepaluy IOaHHEX OOYUEeHMUs UM MNPOBEPKU IO 3H0xaM. Mel HabGJmo-—
naeM, 4YTO TOYHOCTH yBeJduumBaeTcs 1o 70% 3a HEeCKOJIbKO 30X, a 3aTeM Ie-—
PexomuT Ha I[OJIOTUM yYaCTOK.

epochs = range (len(accuracy))

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

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

plt.legend()

<matplotlib.legend.Legend at 0x7f2693337b10>

Training and Validation Accuracy

10

.“."

..
08 ™

0.6
0.4

®  Taining Accuracy
02 . — \alidation Accuracy

o 10 20 30 40 50
OTobpaxaeM MOTEepM IpK NPOBepke ¥ OOyUYeHUM B 3aBUCUMOCTM OT KOJIMUECTBA
BNIOX M HabjwowmaeMm, 4YTO o0b0a 3TUX Ipabduka MMeonT OoOpaTHYH 3aBUCHMMOCTL. Me
BMUIOMM, YTO MNPOLEHT NoTepb nazaet mo 50% 3a 5 snox.
plt.plot (epochs, loss, 'ro', label='Training loss')
plt.plot(epochs, val loss, 'r', label='Validation loss')
plt.title('Training and Validation loss')
plt.legend()
<matplotlib.legend.Legend at 0x7f26932fbcl0>

Training and Validation loss

@ Taining loss

0 —— VWalidation loss

25
20
15

10

05 .....“.‘-

0o

Y

0 10 20 10 a0 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
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cm = confusion matrix(y test, classes x)
plt.figure(figsize = (14,10))

sns.heatmap (cm, annot=True)

<matplotlib.axes. subplots.AxesSubplot at 0x7f£2693f42£50>

1
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HasnaumMm y true njd BeBOIA HOAHHEIX TECTUPOBAHMA M MOJIyUMM NPEeNCKa3aHHBE
3HAUYeHUs M3 Halley Momesu C nomombio byHkumm LeNet.predict (), xoTopas
npuHrMaeT X test gray norm B KauyeCTBe BXOIHHX HAHHHX. Takum oOpas3oM Mkl
MOXEM CPAaBHUTHL MIPOTHOBBE HAWIMX MOIEJIeM C MCTUHHEM 3HAUEHUEM.
#y true = y test
#np.argmax (predicted classes, axis=l)

L =7

W=7

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

for i in np.arange (0, L*W):
axes[i].imshow (X test[i])
axes[i].set title('Prediction = {}\n True =
{}'.format (classes x[1], y test[i]))
axes[i].axis('off'")
plt.subplots adjust (wspace = 1)
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3aganue 119 caMOCTOSITeIbHOI paGoThl: YBETUYUTh TOYHOCTh paboThl. OOOCHOBATH, TOUEMY
IIPEIIPUHSTHIE MEPBI YBEIMUNUIN TOYHOCTh. YTO MOXKHO U3MEHHUTH!
1. @yHKINK aKTHBaLUU.

J106aBUTH CBEPTOUYHBIN U MYJUTHHT-CIIOU (CIION).

V3MeHnTh average My UTMHT Ha Max IyJUTHHT.

J106aBUTH CIIOH/CIION MTOJTHOCBS3HOW HEHPOCETH.

V3MeHUTh (hyHKIMIO aKTUBAIIUH MTOJTHOCBS3HON HEHPOCETH.

AR

OO0ocHylTe BRICOKHE 3HAUYCHUS B MaTPHUIIE OITMOOK, HapuMep, Ha nepecedeHnu 18-ro
croJiona u 26-i CTPOKH.

3 OTAII - BJIAJIETDH

Bonpocsl 1151 3k3aMeHa
1.3amaun 06paboTku ecTecTBeHHOTO si3bika (NLP).
2.B03MOXHOCTH METOJOB MAITUHHOTO 00Y4EHHUsI B 00paOOTKE €CTECTBEHHOTO SI3bIKA.
3.Mogens Bag-of-Words.
4.BekTopHoe nipencraBieHue (text embeddings)
5.Mozens Word2Vec
6.PexkyppeHTHBIC HEHPOHHBIE CETH.
7.Apxurektypa u ocHoBHas unest LSTM-cereid.

8. MamuHHbBIN TepEeBO.

9.0cHOBHBIE 337]a41 KOMIIBIOTEPHOTO 3PEHHSL.
10. CepTouHbIE HEMPOHHBIE CETH.

11. JlerektupoBaHuEe OOBEKTOB.

12. bubnuotexa OpenCV.

TecT 1151 CAMOKOHTPOJISA (IPUMEPHbIE BONPOCHI UTOTOBOI0 TECTUPOBAHMS)
1. Merto, MO3BOJISIONIMKA MMPECKa3bIBaTh 3HAUCHUS TON WJIM MHOW HENPEPHIBHON YHCIIOBOH

BEJIMYMHBI IS BXOAHBIX TaHHBIX HA3bIBACTCH:

Knacrepuzanus

Knaccudukarnus

Perpeccus

Metoa onopHBIX BEKTOPOB

2. Kakoii n3 BUI0B MaIMHHOTO OOYYEeHHsI OCHOBBIBAETCSI HA B3aUMOJICHCTBUU 00ydaeMoii
CHUCTEMBI CO cpeaon?

C yuutenem

be3 yuurens

C nmoakpeniennemM
['my6unHOE

3. B kakue urpsl HEUPOCETH €I1Ie HEe Hay4YHJIach OOBITPHIBATh YeJIOBEKA?
I'o

bpumx

[TaxmaTer

"Mapuo"
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4. Mertoa, MO3BOJISIOMINM MPOTHO3UPOBATH BBIXOJIBI C IBYMsI BO3MOKHBIMU 3HAYEHUSIMH,
MOMEYEHHBIMH Kak «0» uin «1», Ha3bIBaeTCs:

Jlorucruuyeckasi perpeccust
Meron OnOpHBIX BEKTOPOB
Merton k-6nmmxaimmx coceneit
HelipoceTs

5. OmmbKy 1-ro posa WHOTIa HAa3BIBAIOT:
TouHOCTH MOAETHN

Jlo:xknas TpeBora

BeposiTHOCTB OTKa3a

[Ipomyck nenu

6. OmmbKy 2-r0 po/ia MHOT1a HAa3bIBAIOT:
IMponyck mean

JloxHnas TpeBora

BeposiTHOCTh OTKa3a

TouHoCTH MOACTH

7. Jlonst 00BbEKTOB, HA3BAHHBIX MOJIOKUTEIBHBIMU U SIBISIONINECS MMOJIOXHUTEIbHBIM, OT-
pakaeT MeTpHUKa:

Recall

Precision

Accuracy

Exactly

8. Jlonst 00BEKTOB MOTOKUTEIHLHOTO KJIacca U3 BCEX 0OBEKTOB MOJIOKHUTEIHLHOTO Kilacca
OIIpEIEIAETC METPUKOU

Ommubka 1-ro pona

Ommbka 2-ro poaa

Ommbka 3-ro pona

Ommbka 4-ro poaa

0. "TIpomyck" yxopsiiero abOHeHTa U OIIMOOYHOE MPUHATHE HYJICBOM TMITOTE3bl HA3bIBACT-
csi:

Paznensionine

OmnopHble

Pemraromue

['mnepsexropa

10. ITox «cocemssmm» B metone k-NN mmoHMMaroTcs:
[TapameTpsl MOCIH, JTyUIIIe BCETO OMUCHIBAIONINE OOBEKT

PsimoM Haxomsimecs: 00bEKThI

O0BeKTbI, 0JM3KHE K HCCIEeAYeMOMY B TOM MM HHOM CMBbICJIE
OOBeKThI, HAXOISAINECS] HATPOTUB HUCCIIEyeMOro 00beKTa
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1. Krnacrtepuzanusi OTHOCUTCS K METOy OOYUYCHHS:
C yuurenem

be3 yunrensn

C noaxperieHruemM

C npezackazanuem

12. Kinaccudukanmst OTHOCUTCSI K METOy OOyUYCHUS:
C yuurejem

be3 yunrens

C noaxperuieHuemM

C npeznckazanuem

13. B xakoM rofgy ObL OnpeieneH TEpMHUH "UCKYyCCTBEHHbBIN HHTEIUIEKT"?
1945
1956
1981
1990

14. B gem 3akmrouaeTcs 11e1b MaIIMHHOTO 00y4YeHUS?
[Ipencka3aTh BXOAHBIE TaHHBIE MO PE3YJIbTATY
IIpencka3arh pe3yabTaT 0 BXOJAHBIM JaHHBIM
OOy4uTh MalIMHY €3UTH 0€3 BOAUTENS

[TpoBoauTh apupMeTHUECKHE BHIYUCICHUS

15. OOydeHue, OCHOBaHHOE Ha MapKUPOBAHHBIX OOYYAIOIINX JAHHBIX, HA3BIBACTCS:
OO0y4eHue ¢ yuurenaem

OOyuenue 6e3 yuurens

OOyueHnue ¢ NOJAKpeIIeHuEM

MammHHOe 00y4YeHHe

16.  Ykaxwure mpaBWIbHOE COOTBETCTBUE NU(P HA pUCYHKE U TEPMHUHAM
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1 - HelipoceTH, 2- MalIMH. 00y4YeHue, 3-UCKYCCTBEHHBIH HUHTEIIEKT, 4 - MO3T

1 - craructuka, 2- MaluH. o0y4eHue, 3-MaTeMarTuka, 4 - Hayka

1 - rmy6okoe oOyueHue, 2- HICKYCCTBEHHBIH HHTEIUIEKT, 3 - HeilpoceTH, 4 - MoJenu
1 - rny0oxoe o0y4yenue, 2-HeiipoceTH, 3- MalIMH. 00y4eHHe, 4-MCK. HHTELJIEKT

17.  Yro Ha3piBaeTCs 00y4eHHEM HEHPOHHOH ceTu?

NMPOLECC HACTPOMKHM CHHANITHYECKHUX BECOB

MIPOIIECC TOTYUYCHUS pe3ysibTaTta apupMeTHIeCKuX IeHCTBUI
MPOLECC MPUCBOEHUS HEMPOHAM MapKEPOB BBITIOJIHEHUS
IIpoLIecC IIPOrPaMMHUPOBAHNSA UCKYCCTBEHHOI'O NHTEIIIEKTA

18. Uto m0/mKHO OBITH HANMCAHO B CXeME 00yUEHUS HEMPOHHOUW CETH METOJI0OM OOPaTHOTO

pacrpocTpaHeHus OMHMOKU BMecTO IUGpsI 1?7

ﬂpOI.l.ECC oﬁyqemm Y .-
ba3a HelpoceTy
NaHHbIX —
PacnpocTpaHeHue T e
CHrHana no HeipoceTtn
CeThb 06yyeHa

1 @
- orBer f 2

et
— Pacuer
l ' OLWKMBKM
OwnobKa
Hactpoiika BeNMKa
cetun
BBIOOp mpuMepa
oImIMOKa Maa
OIIIMOKA BEJIMKA
OIIIMOKU HET
19. UTo 10KHO OBITh HANTUCAHO B CXeMe 00Yy4YCeHHS HEHPOHHOUW CeTH METOJI0M 00OpaTHOTO

pacipocTpaHeHHs OIMIHOKH BMECTO HUQPPHI 27
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Mpouecc 0byyeHus Y -
basa HelpoceTu
AaHHbIX
PacnpocTpaHeHue T
CUTHana no HeilpoceTy Car oliyeons
I TN
- orser f 2
cetu
" Pacyer
l ' OLNGKM
Ownbka
HacTpoiika BeHKa
cetn
BbIOOp MpuMepa
omudka Mmana
omnOKa BelIuKa
OLINOKH HET
20.  bubGnuoreka si3pika Python, no6aBmstomas noaaepxky OOJBIINX MHOTOMEPHBIX MacCH-

BOB U MaTpHII, BMECTE C OOJIBIION ONOIMOTEKOI BEICOKOYPOBHEBBIX (M OYCHB OBICTPHIX )
MaTeMaTHYECKUX (DYHKIIHMIA JJIs1 ONepaliiii ¢ STUMH MacCHBaMH, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

21.  bubGmmoreka Python, mo3Bossitoiast CTpPOUTH CBOJIHBIE TAOJIUIIBI, BBITIOIHATH TPYIIITAPOB-
KU, IPEIOCTABIISAET YIOOHBIM JOCTYH K TAOJIMYHBIM JaHHBIM, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22.  bubnuoteka Python, koTopas mpegocTaBisieT MHOKECTBO BO3MOXKHOCTEH , TAKMX KaK
MHOT'OCTYIIEHYATBIM aHAJIN3, PErpPecCus U AITOPUTMBI KIaCTEPU3aLluH, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

23.  bubnuoteka Python, npenHazHadeHHast sl BU3yalln3allik JaHHBIX, HA3bIBACTCS
pandas

numpy

matplotlib

sklearn
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24.  Metox, KOTOPBIi 3aJaeT HaYaJIbHBIC YCIOBHS JJIsl TEHEPATOpa CIIyYaiHBIX YHCEI, Ha3bl-
BaeTCs:

random.seed()

np.median()

np.median()

np.arange()

25.  "Hanctpoiika» Hag Matplotlib, koTopast mpe1ocTaBiseT JIyqIyro rpaduKy u 0oJbInee
KOJIMYECTBO BO3MOKHOCTEH €€ HaCTPOMKH, Ha3bIBACTCS

plot

graphic

seaborn

diagrams

26.  OtkpsITasg nporpaMMHasi OMOIHOTEKa IJIsi MATUHHOTO O0y4YeHUs, pa3paboTaHHas
koMrmanuet Google nyist peneHus 3aa4 MOCTPOCHUSI M TPEHUPOBKYA HEUPOHHOM CETH, HA3hIBACT-
csi:

NeiroNet

NeiroLib

TensorFlow

FlowKeras

27. B KakoM OTHOIIEHHH OOLYHO JANAT BEIOOPKY Ha O0YUaIOIyI0 H TECTOYIO:
20:80
80:20
50:50
90:10

28.  Yro Ha3bIBarOT "3110X01" B HeMpoceTax?
IToxonenue co3nanus ICKyCCTBEHHON HEHPOCETH
OpaHa utepanus B npouecce o0y4eHusi HeiipoceTu
CoOpbITHE, TOBIIMSBIIEE HA Pa3BUTHE HEHPOCETH
[Tpomecc pacdera ommOKN HEHPOCETH

29.  UYro Takoe "nepeoOyuenue" moaenu?

Monenb coaepKHUT Ype3MEPHO OO0JIBIIOE YUCIIO TEPEMEHHBIX

Mojienb CIUIIKOM YacTo yyacTBOBaJla B 00y4YeHUHU

Mopaenb U3JIUIIHE TOYHO COOTBETCTBYET CeTH KOHKPETHOMY HA00py 00y4arommx npume-
POB M TepsieT CMOCOOHOCTH K 0000 1LIEHH 0.

30. Jns perieHrs Kakux 3a71a4y co3/laHa CBEPTOUYHASI HEUPOHHAsSI CETh?
Pemenue caoxkHBIX apuMETHIECKUX 3324

[IpenckazaHue BpeMEHHBIX PSIOB

Pacno3znaBanue o0pa3oB

ApxuBHpOBaHUE OONBIINX JAHHBIX
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31.  Kakoro ciiost HET B apXUTEKType CBEPTOUHON HEMpoceTn?
CepTouHOrO

IToyIHOCBA3HOTO

BsIxonHOTO

IIpome:xxyTOo4HOrO

32.  Cpena nporpammupoBanus Python, Bkirrouatomas Habop cBOOOIHBIX OMOIMOTEK MAIIIUH-
HOT'O O6y‘-IeHI/I$I, Ha3bIBACTCA:

Cobra

Anaconda
MachineLearning
PythonMLLybrary

33. HNucTtpymeHT miis pa3pabOTKH U MpeicTaBlIeHus MpoekToB Data Science B UHTEpaKTHB-
HOM BHJI€, O0BbEIUHSIONINHN KOJI, TEKCT, MaTeMaTH4YECKe YPaBHEHUS U BU3YyalU3ali, Ha3bIBaeT-
csi:

Mars Notebook
Jupyter Notebook
Venera Notebook
Pluton Notebook

34, JlaTacer - 310

Cet naHHBIX

O0paGoTanHasi U CTPYKTYPHPOBaHHAsA HHGOpManHs B TA0JMYHOM BH/E
VYcpeaHeHnHas BHIOOpKa JaHHBIX IO CTPOKaM

VYcpennenHast BBIOOpKa JaHHBIX IO CTOIOIaM

35.  Kak naseiBaercs OecrumatHas cpena Google st cozmanust HoyTOykoB Jupyter, KoTopast
MOJIHOCTBIO paboTaeT B o0nake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kaxkoit Tun siueex B HOyTOyKax Jupyter mpeaHa3zHayeH /I BBOJIa TEKCTa U U300paxke-
HU?

Code

Markdown

Memo

Image

37. Kakoii Tun siueek B HOyTOyKax Jupyter mpeHa3zHavyeH Juis BBOJA MPOTrpaMMHOI0 Koja?
Markdown
Memo
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Image
Code

38.  C nmoMmormIpio Kakux CUMBOJIOB B Jupyter HOyTOyK MO>KHO CO3aBaTh 3ar0JIOBKU IIEPBOTO
ypoBH:?

C noMomb10 cMMBoJIa # U IpodeJia

C nomouipto cumBoa #

C nomorpio cuMBoa % u npobena

C nomomrpio cumBoiia %

39.  C noMolpo Kakux CUMBOJIOB B Jupyter HOyTOyK MOKHO cO3/1aBaTh MPUPT KypcuB?
¢ IOMOIIbI0 CHMBOJIOB * € IBYX CTOPOH TeKCTAa

C TIOMOIIIbIO CUMBOJIOB # C JIByX CTOPOH TE€KCTa

C MOMOUIbIO CUMBOJIOB «K» € IByX CTOpPOH TekcTa

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

40. Kaxkoe coueranue KiaBHIIl 3ammycKaeT Ko B Jupyter HOyTOYK Ha BBIMOJHEHHE?
Enter

Shift+Enter

Ctrl+Shift

Alt+Shift

41.  AKCOH — 3TO OTPOCTOK HEMpOHA:

Bxoagnon
BoixoaHoii
[TpomexxyTOUHBIN

[Tpeobpasyromuit

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

AKCOH

Cunarnc

Teno Helipona

43. JlaHO: HeMpOHHAs CETh C OJJHUM CKPBITBIM ciioeM. Y ceTu | Bxoj, 3 HEepOHa B CKPHITOM
cJioe ¥ oAuH BbIX0J. UTo OyAeT Ha BhIXOJIe CETH B clyyae, €Cli Ha BxoJie 1, Bce Beca paHsbl 1?

X

(—@— D~
3

W —
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1/3
0,3

44.  Kro co3pas nepByr0 MOJENb HCKYCCTBEHHBIX HEUPOHHBIX CETEN?
Maxk-Kamiok u Ilntre

Jpeua U. Pymensxapt, k. E. Xunton u Ponanea JIx. Bunbsmc
®posK Po3enOmart

Au Jlekyn
45. Kaxko# TMn MICKyCCTBEHHON HEHPOHHOM CETH NPEICTABIICH Ha KapTUHKE?
e output
\\ F
\\
Q NN
_, EEQ E\\ -
7N N
/ 7\{ QI% SN
RE ‘{\ﬁ\‘\ o i Y ™~
RITRIS ANGW
NESR 1.4 ~
MANH 0-6 ~
S TSNS 6
IR TSR -1
\G\\:\ IS
{\L\ o X -
3 [Ig
S
N + )+ 4
input 0

PexyppenTHas HeiipoHHAs CETh
Heiiponnas cetpb [[>xopaana
MartpuuHas HEHpOHHas CETh
CBeproyHasi HelipOHHAs CeTh

46.  Jlnsa pacnpeneneHHOTO TITyOoKoro mammHHOT0 00yueHus (Deep Learning) Gosbire mo-
X0IUT (ppeiMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. Bbonbuive nansbie — 3T0:
Jlanubie oobeMom Oosee 1T6
Jlanubie oobemom 6osee 10TO
Jlannbie oobemom 6osee 100TO

Her orpannyennii Ha MUHMMAJIbHBINA 00beM

48.  Cpennsas abcomotHas ommbka (MAE) nomydaercs myTem:
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BbIYHCJICHUS A0COJIOTHON Pa3HUIIBI MEK1Y MPOTrHO3aMH MO/eJIM U HCTUHHBIMHU (pakTH4e-
CKMMM) 3HAYEHUSIMHU.

BBIYHCIICHHSI OTHOCUTEIHHON PAa3HUIIBI MEX]y MPOTHO3aMU MOJEIH W UCTHHHBIMU ((akThde-
CKHMH) 3HAYCHUSIMU.

BBIYHCIICHHSI KBaJpaTa pPa3sHUIIBl MEXy MPOTHO3aMHU MOJIEIH U O0YyYarOIUM HAOOPOM JaHHBIX
(MCTHUHHBIEC 3HAUYCHHUS ).

BBIYHCIICHHSI KBaJpaTa Pa3sHUIIBI MEXy MPOTHO3aMHU MOJICIH U O0YYarOIIUM HAOOPOM JaHHBIX
(MCTHUHHBIC 3HAUCHHMS) U TIPEJCTABICHUS PE3YJIbTaTa B MPOIIEHTHOM (opmMare.

49.  CpennekBaapatuuHas omunoka (MSE) nomyuaercs myrem:

BBIUHCIICHHSI a0COJIIOTHOM pa3HULIbI MEXKAY IPOrHO3AMU MOJIETTH U UCTUHHBIMU ((PaKTHUYECKUMHU )
3HAYEHUSIMH.

BBIYHCJEHUS CYMMbI KBA/IPaTOB Pa3HUIbI MeK1Y MPOTrHO3aMHU MO/IeJIM M 00y4alouM Ha-
0OpoM JaHHBIX (MCTUHHbIE 3HAYEHMS).

BBIUUCIICHUS] OTHOCUTEIBHON pa3HUILIBI MEX1y NMPOrHO3aMU MOJAEIM U MCTUHHBIMHU ((akTuye-
CKMMH) 3HAYCHUSIMU.

BBIUMCIICHUsI KBaJipaTa pPa3HULBl MEXY IIPOrHO3aMH MOJEIH U 00y4aroluM HabOpOM JaHHBIX
(MCTUHHBIE 3HaYeHUs) U IPECTABICHUS pe3yibTaTa B IPOLEHTHOM (hopMmaTe.

50.  Cpenuss abconroTHas npoueHntHas ommnoka (MAPE) nonyuaetcs mytem:

BBIYHMCJEHUS] CYMMbI KBQ/IPATOB Pa3HUIbI MKy MPOrHO3aMU MOJIeJIM U 00y4alomuM Ha-
00poM NaHHBIX (MCTHHHBbIE 3HAYeHHsI) M MPeICTABJEHHS pe3yJibTaTa B MPOLEHTHOM
¢opmare.

BBIUMCJICHHUSI CYMMBI KBaJIpaTOB Pa3HUIIBI MEXTy MTPOTHO3AMH MOJIENIH U 00y4YaronuM HabopoM
JAaHHBIX (UCTUHHBIC 3HAYCHUS).

BBIYHCIICHHSI a0COIOTHOM Pa3HUIIBI MEKAY MPOTHO3AMH MOJICTH M UCTUHHBIMHU ((haKTUIECKUMHU )
3HAYCHUSIMHU.

BBIYHCIICHHSI OTHOCUTEIHHON PA3HUIIBI MEX]y MPOTHO3aMU MOJEIH W UCTHHHBIMU ((akThde-
CKHMH) 3HAYCHUSIMHU.

4. METOINYECKHNE MATEPHAJIbI, OITPEAEJIAIOUINE ITPOLIELYPBI OUEHMBAHNW A
3HAHUI, YMEHHWM, HABBIKOB U (MJIN) OITbITA JESATEJILHOCTH,
XAPAKTEPU3VYIOIINX DTAIBI ®OPMHUPOBAHUA KOMITETEHIIUN B ITPOLIECCE
OCBOEHU S OBPA3OBATEJIbHOU ITPOI'PAMMEBI

13TAIl - 3BHATH

KpuTepun o11eHKH YCTHBIX OTBETOB CTY/I€HTOB

Onenka [TpaBuiIbHOCTD (OIMOOYHOCTH) BBIMOJIHEHHS 3aIaHHSI
«OTJIIMYHO» MIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJAEPKAHUIO 3aJaHUS;
MIOHUMAaeT MaTepHrall, 000CHOBBIBAET CBOU CYKJICHHUS,
MPUMEHSET 3HAHUS Ha MPAKTUKE, WIIOCTPUPYET OTBET MpUME-
paMH He TOJIBKO IO IIPEAJIOKEHHON JIUTEpaTypeE;
u3JlaraeT MaTepual ocjie0BaTebHO U IPABUIIBHO.
«XOPpOILIO» IIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COAEPKAHUIO 3aJaHUS;
MOHMMAET MaTepuai, 000CHOBBIBAET CBOU CYKJCHUS,
IIPUMEHSET 3HAHUS Ha MPAKTHUKE, WIIOCTPUPYET OTBET NpUME-
paMH He TOJIBKO IO MPeI0KEHHOM JTUTEepaType;
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H3jiaract MaTrepuaa nocjacaoBaTCJIbHO U MPaBHUIILHO, HO HOIIyC-
KaeT 1-2 ommOKu, KOTOPBIE HCTIPABIISIET CaM.

«YIIOBJIETBOPUTEIILHO

3HAET ¥ MOHUMAET OCHOBHBIC MOJIOKEHUS 10 COJICPIKAHHUIO 3a/1a-
HUS;

u3jIaracT MaTepua HEMOJIHO, HO J0MYCKaeT HETOYHOCTH B OTpe-
JICTICHUN TIOHATHH WA (DOPMYITHPOBKE TIPABHIT;

HE JIOCTaTOYHO IIyOOKO M JI0Ka3aTelbHO 000CHOBATh CBOM CYXK-
JICHUS WUTIOCTPUPYET OTBET MPUMEPAMH TOJIBKO IO MPEIOKEH-
HOMH JInTEepaType;

M3JlaraeT MaTepHrall HermocCae0BaTeIbHO U JIOMyCcKaeT 3-4 ommmo-
KH.

«HCYHOOBJICTBOPUTCIIBHO»

JIOTTYCKaeT CYIIECTBEHHbIE OMMOKU B (OPMYIUPOBKE OMpe/ese-
HUW U TIPaBUJI, UCKAXKAIOIUE UX CMBICIT;

u3NaraeT Marepuall Hermocle[0BaTeIbHO, HEYBEPEHHO U HE IO
CYLLECTBY 3aJIaHUS;

JIOTTYCKaeT CYIIEeCTBEHHBIE OLINOKH, HE TTO3BOJISIONINE PACKPHITH
CMBIC]T 3aJlaHUs, SIBJISIONIMECS CEPbE3HBIM TMPEMATCTBHEM K
YCHEIIHOMY OBJIAJICHUIO CJIECIYIOIIUM MaTepUaJIOM.

2J0TAIl - YMETH

KpuTepml OLCHUBAHUS BBINIOJJHCHUSA MMPAKTHYCCKHUX 3aJaHUH U 3aJaHUl 111 CaMOCTOA-

TeJIbHOH PadoThI

Onenka Kputepuu

COTIIUIHO paboTa BBIMOJIHEHA MOTHOCTHIO;
B JIOTHYCCKUX PACCYKICHHUSIX U OOOCHOBAaHWM PEHICHHS HET MPO-
0CJI0B U OIIMOOK;
B PEIICHHH HET OMIMOOK (BO3MOYHBI HEKOTOPBIE HETOYHOCTH,
OINMCKHU, KOTOpas HE SBJIACTCS CJICJCTBHEM HE3HAHUS WIH He-
TMOHUMaHUS YIeOHOTO MaTepuaa).

«XOPOIIIO» paboTa BBITIOHEHA MTOJIHOCTHIO, HO OOOCHOBAHUS MIATOB PEIICHHS

HEJ0CTATOYHBI (€CIIM YMEHHUE 00OCHOBBIBATh PACCYXKIACHHS HE SIB-
JSUTOCH CTIEIMATBHBIM 00BEKTOM MPOBEPKH );

JIOITYIIICHBI OJTHA OIINOKA, WIH €CTh JIBA — TPU HEJ0UYETA (€CIH ITH
BHJIBI pa0OT HE SIBJISUTMCH CICITUAIBHBIM 0OBEKTOM IPOBEPKH ).

«YyAOBJICTBOPUTECIIBHO»

JOMYIIEHO He Ooyiee MBYX OMMOOK WM 00Jiee BYX — TpPeX HeIo-
4eTOB, HO OOyuaromumiicss 001amaeT 00s3aTeIbHBIMI YMEHUSIMH 110
MIPOBEPAEMON TEME

«HCYOOBJICTBOPUTCIBHO»

JIOTTYIICHBI CYIIECTBEHHBIC OIIMOKHM, TIOKa3aBIINe, dYTO O00y-
yaromuiica He oOianaeT 00s3aTeNIbHBIMM YMEHUSIMH MO JTaHHOM
TEME B ITOJIHOM MEpE.

Kputepumn onennBanus pedepara

OueHka

[TpaBUJIbHOCTH (OMIMOOYHOCTH) BBIMOJIHEHHUS 33 JaHUS

YCTHO;

«3aureHo» | Conepxanue pedepara COOTBETCTBYET TEME;

[IpaBuibHOE UCIIONB30BaHUS UCTOYHUKOB JINTEPATYPhI;

CootBercTBHE 0QOpMIIEHHUS pedepaTa CTaHIAPTOM;

3HaHUe yyalluMcs U3JI0KEHHOTo B pedepare MaTepuana (s OTBETa Ha YCT-
HbIE€ BOIIPOCHI);

YMeHue rpaMOTHO U apryMEHTHPOBAHO U3JI0KUTh CYTh MPOOJIEMBI B TEKCTE U

Te3ucel u NpCAITIOJ0XKCHUA apryYMCHTHPOBAHBI, CJACJIAHbI BBIBOJAbLI M YMO3d-
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KJIIOUCHMSI,

PUYECKHE U KYJIbTYPHBIC (DAKTHL

B Tekcre orpakeHO yMeHUE aHATU3UPOBATh (PAKTHUECKUN MaTepuai U UCTO-

YMO3aK/II04YEHHUS;

BaHO M3JIOXKHTD CYTh pedepara.

«He 3auteHo» | Tema pedeparta packpbITa HEJOCTATOYHO MOJTHO;
OtcyTcTByeT OMOIHOTpagUUecKuii CIUCOK;
Te3ucsl u MpennongoKeHuss He apryMEHTHPOBAHBI, HE C/EIaHbl BBIBOJBI U

B tekcte orcyTcTBYET (haKTOIOTMYECKUI aHAU3;
OTBeTHI HA YCTHBIE BOIPOCHI HE OTPAXKAIOT YMEHUE TPAMOTHO U apTyMEHTUPO-

Co3nanue npe3eHTAlUi HA 32/IaHHYI0 TeMy

Kpumepuu oyenusanusa npezenmayuii

Ne | [TapameTpsbl OlleHUBAHMS NPe3eHTANMHI

BricraBiasiemas onenka (0as)
or 1103

CooTBeTCcTBHE COJEPKaHUSI TPE3CHTAIUU
BBIOpPAHHOM TEME.

Jloruka nojgauu nHGoOpMaLuu

1

2

3 | OpurvHanbHOCTh M HOBU3HA HH(OPMAIIHH.
4 | I'padmnueckas nHGopMaIus (MILTIOCTPAIINH,
rpad UKy, TaOJUIBl, TUarpaMMBbI U T.J1)

5 | 3akiroueHue npe3eHTanuu (BHIBOIbI)

HToro 6aJ10B:

Ha xax1p1ii mpeIcTaBIeHHBIN apaMeTp 3aroHsAeTcs Tabaua OLeHUBAHUS, I71€ TI0 KaXK -
JIOMY M3 KPUTEpHUEB MTPUCBANUBAIOTCS Oamibl OT 1 10 3, 9YTO COOTBETCTBYET OINPEEIEHHBIM YPOB-
HSM Pa3BUTUS KOMIIETEHTHOCTH: | Oamim — 3TO HU3KMH YpoBeHb; 2 Oajuia — 3TO CpenHuit

YpOBEHb; 3 0ajuia — BEICOKUH ypoBeHb. OmpesieieHre YpoBHS KOMITIETEHTHOCTH:

KosmyecTBO HAOpaHHBIX 0AJIJIOB 3a YpoBHuU Ounenka
NpeACTABJICHHYIO NPe3eHTALMIO
oT 12 no 15 Bricokuii ypoBeHb OTJIMYHO
or 8§ o 11 CpenHuii ypoBeHb XOpOILIO
ot 5 10 8 Hwuskuii ypoBeHb YIOBJIETBOPUTEIHHO
70 5 - HEYJIOBJIETBOPUTEIIHHO

3 OTAII - BJIAJETD

Kpurepun oueHuBaHus 3HAHUI HA IK3aMeHe

Onenka «OTJIMUHO»:

1.I'my6okoe 1 MpoYHOE YCBOCHHE MPOTPAMMHOI0 MaTepHraa.

2.3HaHue NaKeTOB MPUKJIAJHBIX IPOrpaMM

3.3HaHKMEe OCHOBHBIX IPUHIIUIIOB OCTPOEHUS MAKETOB MPUKIAIHBIX IPOrPaMM.
4.3HaHNE OCHOBHBIX 33Ja4 MTPUKJIAIHBIX IPOrPaMM.

5.CBo0o1HOE BIaJIcHUE TTAaKETaMH MPUKIIATHBIX ITPOTPaMM.

6.TouHOCTE 1 OOOCHOBAHHOCTE BEIBOJIOB.

7.be30mmnb09HOe BBITIOJHEHNUE MTPAKTUYECKOTO 3aJaHHUS.

8.T0‘-IHBI€, TOJIHBIC U JIOTUYHBIC OTBECTHI HAa JOTIOJHUTCIIBHBIC BOIIPOCHL.

Onenka «XOPOLIOy:

1. Xopoiee 3HaHNE IPOTPAaMMHOTO MaTepHala.
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2. HegocTtaTouyHO MOJHOE W3JI0KEHUE TEOPETUYECKOTO0 BOIIPOCA 3K3aMEHAI[MOHHOTO
ounera.

3. Hanuune  HE3HAUWTENBHBIX  HETOYHOCTEH B yHOTpPeOICHUM  TEPMUHOB,
KJ1acCU(pUKaIuil.

4. 3HaHMe OCHOBHBIX MMAKETOB MPUKIIAIHBIX POTPAMM

5. HenonHoTa npeacTaBI€HHOT0 WIUTFOCTPATUBHOTO MaTepHala.

6. TouHOCTH 1 OOOCHOBAHHOCTH BBIBOJIOB.

7. JlornuHO€ M3J10KEHNE BOIIPOCA, COOTBETCTBUE U3JI0KEHUS HAYYHOMY CTHIIIO.

8. Herpy0as ommbOka mpu BHIMIOTHEHUH MTPAKTUYECKOTO 3aJaHUSI.

9. IlpaBuiibHbBIE OTBETHI HA IOMOJHUTENIbHBIE BOIIPOCHI.

Ouenka «Y/IOBJIETBOPUTEJIBHOx:

1.
2.

omera.

3.

[ToBepxHOCTHOE YCBOGHHE MTPOIPAMMHOT0 MaTepHaia.
HenoctatouHo mMoiaHOE H3JI0XKEHUE TEOPETUUYECKOrO0 BOIPOCA SK3aMEHAIMOHHOTO

33.TPYI[H€HI/IG B TOPHUBCACHHUU IPUMCPOB, IMOATBCPKAAOINUX  TCOPCTHYCCKUC

ITOJIOKCHUA.

4.

PN

Hannune HeTouHOCTEH B yHOTpeOIeHUN TEPMUHOB, KIacCu(UKAIUA.
Heymenue yetko chopMynupoBaTh BHIBOBI.

OTtcyTcTBHE HABBIKOB HAYYHOT'O CTHJISL M3JI0KEHUS.

['py0as ommbKa B IpaKTUYECKOM 3aJaHHH.

HeTouHble OTBETHI Ha JONOJIHUTEIBHBIE BOIPOCHI.

Onenka «HEY JIOBJIETBOPUTEJIbHO»:

1. He3HaHne 3HaYMTENBHONM YaCTH IPOrPaMMHOI0 MaTepHaIa.

2. HecriocoGHOCT pUBECTH IPUMEPHI TAKETOB MPUKIIAIHBIX TPOTPAMM
3. HeymeHue BBIJICINTH IIIaBHOE, CAETIATh BBIBOJBI M 0000IICHHUS.

4. 'pyOble oMOKY NMPH BBIMOJIHEHUN PAKTUYECKOTO 3aJaHMsl.

5. HenpaBuiibHbIE OTBETHI Ha IONIOJHUTEIBHBIE BOIIPOCHI.

Tect puna CAMOKOHTPOJIA (l'[pI/IMepHLIe BOIIPOCHLI UTOTOBOI'0 TeCTI/IPOBaHI/Iﬂ)

Kpumepuu OYyeHuearus mecma

[TomHast BepcUsi TECTOBBIX BOIPOCOB COJIEPIKUTCS B AJIEKTPOHHO-UH(POPMALIMOHHOMW CH-
creme By3a. CTyZCHTHI POXOAIT TECTUPOBAHUE B KOMITBIOTEPHOM KJTacce.
[Tpu pa3paboTKe TECTOBBIX 3aJaHUI HCIIOIB30BAIUCH CICIYIOIIUE (POPMBI 3aIaHHIA:
— 3aJlaHus ¢ BBIOOPOM OJTHOTO U3 3-4 OTBETOB.
Bpewmst rectupoBanus coctaniser 30 MUHYT, BpeMsi OTBETa Ha OJIHO TECTOBOE 3a/1aHue —1 MHHY-

Ta.

KpuTtepuii olieHHBaHUS yCTaHOBJIEH B 000JI0YKE TecTa.
Kpurepuu onenku:

Omnenka «5» - 90% u Gonee MpaBUIBHBIX OTBETOB;
Onenka «4» - 70% u 6oiee MPaBUIIBHBIX OTBETOB;
Omnenka «3» - 50% u 6oJie MPaBUIBHBIX OTBETOB;
Onenka «2» - meHee 50% npaBUIbLHBIX OTBETOB.
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