[loKyMeHT NoAnucaH NpocToit 3NeKTPOHHOM NOAMUCHI0
NHbopmaumsa o Bnagenbue:

®NO: YebiHnA Mak a/1epbeBiy
Nomsrocts Pemﬂ%ﬁme o0pa3oBare/ibHOE YUPeKIeHHE BICHIEro 00pa3oBaHusi

Hara noanucarns: 07.07 VI egiéyHapogHbI UHcTUTYT JlN3aiina u CepBuca

YHWUKanbHbI MPOrpaMMHbIN KIKOY:

1498e59e83f65dd7c3ce7bb8a25cbbabb33ebc58 (HOYBO MU 1uC)

Kadpenpa matrematuku u uHhOpMaTUKU

®OH/I

OIIEHOYHBLIX CPEJICTB JIUISI MIPOBEJIEHUS TEKYIIETO
KOHTPOJISI YCIEBAEMOCTH U IPOMEKYTOYHOM
ATTECTAIIMM OBYYAIOUIUXCS MO JUCHUIIJIMHE

OBPABOTKA ECTECTBEHHOTI O A3bIKA U KOMIIBIOTEPHOE
3PEHUE

Hamnpasnenue noarorosku: 09.03.03 [Ipukinangnas nadpopMaTuka
Hamnpasnennocts (nmpoduib): PazpaboTka KOMIBIOTEPHBIX UTP U MIPUIIOKEHUH C
BUPTYAJIBHOM U JIOITIOJTHEHHOU PEabHOCTHIO
KBamudukanus Beinmyckauka: bakanasp

ABtop-coctaButenb: OBcsHuikas JI.FO.



2
COJEPKAHUE

1. IlepedyeHp KOMIETEHIMH C yKa3aHMEM 53TaloB UX (OPMUPOBAHMS B IPOLIECCE OCBOCHUS
00PA30BATEIIEHOM IIPOTPAMMBL. .....c.veeeieurentetentteneenrententeeueeatensesesaeeseestesnessesseeaee s esesaeeueeneensennesaeenes 3

2. Tloka3arenu U KpUTEpPHUH OLIEHWBAHUS KOMIIETEHIIMH Ha pa3IM4YHbIX 3Tanax ux GopmMupoBa-
HUSL, OITMCAHUE LKA OLICHUBAHMS. ....couvvieiiiieiiiieeeiteeeiteeesiteeeeteeesnteessaaeeesaneesnneessnneessaneeesnneenas 5

3. Tumnoswie KOHTPOJIBHBIC 3alaHWs WK UHBIC MaTCpUajbl, HCOGXOI[I/IMBIC JJ11 OLI€HKHN 3HaHI/II71,
YMEHHH, HABBIKOB U (WJIM) OTBITA JESITENbHO XapaKTePU3YIOMIMX 3Tanbl (POPMUPOBAHUS KOMIIE-
TEHIUH B MPOIIECCE OCBOCHUS 00PA30BATEIIEHOMN MPOTPAMMBL. .......vvieereeenrreeereenereenreeeseeennseennsens 7

4. Meronnueckre MaTepHallbl, ONPEAEIAIOMINE IPOLEypbl OLICHUBAHNS 3HAHUM, YMEHUH, Ha-
BBIKOB U (HJIM) OTIBITA JIEATEIBHOCTH, XapaKTePU3YIOLIUX dTANbl (OPMUPOBAHUS KOMIIETCHIII B
MTPOIIECCE OCBOCHUS 00PA30BATEITHHOM MPOTPAMMBL.....ccuvvveeererreeesrreeesreeessreessseeesnsseeesssseesssnseens 36



3

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 — 3nams. «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 3agauny|
Heo6xonnmo mpeacka3plBaTh J0X0A OT MPOAaXH MOPOKEHOI'O B 3aBUCMOCTH OT TEMIIEPATyPhI
BO3Jyxa. MBI IipearonaraeM, 4YTo JUHEHHas: PErpeccrs MO3BOJIUT PEIINUTH JTY 3a1ady.
[ar #1: ummopt 6ubauoTeKy
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]
https://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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https://coincase.ru/blog/47592/
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Temperature

# Bropoit crocof

sns.pairplot (IceCream)

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

o 0 o ° 00 1000
Revenue

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

y = IceCream| 'Revenue']

In [14]:

X = IceCream|['Temperature']]

In [15]:

X

Out[1l5]:
Temperature

0 [24.566884

1 [6.005191

P [27.790554

3 [20.595335

4 111.503498

5 [14.352514

498122 .362402

499[28.957736

500 rows x 1 columns

In [16]:

# mvnopTupyeMm dyHkumMo train test split

from sklearn.model selection import train test split

In [17]:

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

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

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

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

llar #5: oByuenme Mmomesm{

In [19]:

# npoBepuM pPas3MEpPHOCTH

X train.shape

Out[19]:

(375, 1)

In [20]:

# vMIopT MeToma JIMHEMHOM perpecCcum

from sklearn.linear model import LinearRegression

In [21]:

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

# OnumoHaJIbHBIE IIapaMeTpH Kjacca LinearRegression:

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

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

# mnm HeT (False).

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

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

Oout[22]:

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

normalize=False)

In [23]:

# neuvarh KO30OULMEHTOB

print ('Linear Model Coefficient (m): ', regressor.coef )

print ('Linear Model Coefficient (b): ', regressor.intercept )

Linear Model Coefficient (m): [21.42821956]

Linear Model Coefficient (b): 44.69044402743077

llar #6: TecTtupoBaunue Momesu]

In [24]:

y_predict = regressor.predict( X test)

y_predict

Oout[24]:

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

In [25]:

y test

out[25]:

164 726.233771

96 474.749392

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

In [26]:
plt.scatter (X train, y train, color = 'gray')
plt.plot (X train, regressor.predict (X train), color = 'red')

plt.ylabel ('Revenue [dollars]')

plt.xlabel ('Temperature [degC]')

plt.title ('Revenue Generated vs. Temperature @Ice Cream Stand(Training
dataset) ')

Out[26]:

Text (0.5, 1.0, 'Revenue Generated vs. Temperature @Ice Cream Stand(Training
dataset) ')


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

Tema 3.

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

Tembl 1151 pedpepaToB:

Knaccugukarus u Buapl HSHPOHHBIX CETEH.

MeTtob1 ycKkopeHus: 00ydeHus: HEHpOHHOU CETH.

MHOrOoCI0MHBIE TOJIHOCBSI3HBIE HEUPOHHBIE CETH.

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

Heliponnsle cetu Juist pacrio3HaBaHUsl TEKCTOB U roJioca.

CepTouHble HelipoHHbIe ceTH. Ha3zHaueHue u ucropus co3gaHus.

PekkypenTHbIe HelipoHHbIE ceTu. HazHaueHne u ucTopusi CO31aHMUs.

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

1) Kurouessle ciioBa.

2) Amnnotanus conaepkanus (2-3 mpenaoKeHus).

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

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

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

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

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

7) Ilpunoxenue (mpu HEOOXOTUMOCTH).

Co3nanne npe3eHTAMH N0 32JaHHOM Teme

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

OO0mme TpeOOBAHUS K NPE3CHTAIUM:

[IpesenTanus He 1OKHA OBITH MeHBITE 10 CiTaiiIoB.

[epBblii cnaiiy — TUTYIABHBIN JHUCT, HA KOTOPOM 0053aTEJIbHO JIOJKHBI OBITH MPECTABICHBI:
TeMa; paMuIus, UMs, aBTOpa, HOMep y4eOHO! TpyMIIb;

Bropoii cnaiin — conepxkanue, e MpeJcTaBlIeHbl OCHOBHBIE BOIIPOCH pa300paHHbIE B XO€
u3ydeHus Temsl. JKenaTenbHO, YTOOBI U3 COJIEPKaHuUs IO TUIIEPCCHUIKE MOXHO NEPEeNTH Ha He-
00X0MMYIO CTPAHHUILy U BEPHYTHCS BHOBb Ha COJIEpKaHHE.

B crpykType mnpeseHTanuu HEOOXOAMMO HCHOJIb30BaTh: I'padUUecKyr0 M aHUMAalMOHHYIO
MH(POPMALIMIO: BHUJIEO U ayAHO (PparMeHThl, TAOIUIIbI, TUarpaMMbl, HHGOrpaduKy U T.1.

[Tocneanuii cnaiin AEMOHCTPUPYET CHUCOK CCHUIOK Ha, HUCIOJIb3yeMble WH(GOpPMAIMOHHbBIE

pecypcehl.

Tema 4. O0padoTKa eCTECTBEHHOI0 A3bIKA
IIpakTHyeckast padora «/lereKTHpOBaHHMe cClIaMa»

Komnexuus SMS unu emeil cnama - 3To Habop cooOIIeHUH ¢ TeraMu, KOTOpble ObIIIH COOpaHbI
s uccnenoBanus SMS-cmama. OH comepkut Habop SMS-cooOmeHnid Ha aHTIIUHCKOM SI3BIKE,
cocrosAumii u3 5 574 coobueHmi, TOMEUYEeHHBIX Kak ham - «3aKOHHBII» UK spam - «Cram».

daitnpl copepkaT OAHO cooOIeHne B cTpoke. Kaxkmas cTpoka COCTOWT M3 JIBYX CTOJIOIOB: V1
BKIItouaeT MeTky (ham wunu spam), a v2 comepXut HeoOpaObOTaHHBIN TEKCT.

3amava: co3aTh MOJIEINb, TIO3BOJISFOILYO OTIPEICTISTh HA OCHOBE aHali3a TeKCTa, OTHOCHTCS OHO
K CIIaMy WU HE COJICPKHT TTOI03PUTEIBHBIX KOHCTPYKIIHH.

[Iar #1: UmmopT 6ubaunoTek u garaceray

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 Havajo ¥ OKOHYAHHE J1aTaceTa
spam_df.head(10)

text spam|
Subject: naturally irresistible your corporate...
Subject: the stock trading gunslinger fanny 1...
Subject: unbelievable new homes made easy im ...
Subject: 4 color printing special request add...
Subject: do not have money , get software cds ...

510 11— 1O
— =] [—
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text spam|
SiSubject: great nnews hello , welcome to medzo... |1
spam_df.tail(5)

text spam|
5723|Subject: re : research and development charges...
5724Subject: re : receipts from visit jim , than...
5725|Subject: re : enron case study update wow ! a...
5726Subject: re : interest david , please , call...
5727Subject: news : aurora 5 . 2 update aurora ve... [0
#IlocMOTpUM OMHCaHHUE BBIOOPKU: 00IIee KOJMYECTBO 3HAYCHHUI 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 nataceray

# ham -3T0 He cmmam. CiOBO HCMONB3yeTCs At O60see OBICTPOro MPOM3HECEHUS] M HAINMCAHUS
"no-spam"

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

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

# BuIBOOMM cOOOIIEHNS, IOMEYEHHBIE KAK HE CIIaM

ham

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

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

5727Subject: news : aurora 5 . 2 update aurora ve... |0
4360 rows x 2 columns
# BpiBOMM COOOIIIEHHSI, TOMEUYEHHBIE KaK CIIaM

spam
text Spam

0 [Subject: naturally irresistible your corporate... 1

1  [Subject: the stock trading gunslinger fanny i... 1

2 [Subject: unbelievable new homes made easy im .. |l

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

# BpiuuciisieM MpOLEHT MUCEeM, COJIEPKAIINX CIaM
print( 'Spam percentage =', (len(spam) / len(spam_df) )*100,"%")

Spam percentage = 23.88268156424581 %

# Bprauciasem nporieHT nucem, HE comeprkammx craM. CaMOCTOSATEIBHO: BBIYUCIIATE JPYTHM
CrocoooM.
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print( 'Ham percentage =', (len(ham) / len(spam_df) )*100,"%")
Ham percentage = 76.11731843575419 %

# Busyanuzupyem pe3ysibraT

sns.countplot(spam_df['spam'], label = "Count")
<matplotlib.axes. subplots.AxesSubplot at 0xd06c448>

4000 1

3000 1

count

2000 1

1000 1

1] 1
spam

[IIar #3: Co3ganue TecTOBOM 1 00y4Jaromiel BEIOOpKHY
[Ipumep mnpumeHeHHsT croco0a H3BICUEHUS U KOIUPOBaHUs TEKCTOBbIX naHHBIX COUNT
VECTORIZERY
# CountVectorizer mpeoOpa30BhIBAET BXOAHON TEKCT B MATPUILY, 3HAYCHUSIMH KOTOPOI
# SIBJISIOTCS KOJIMYECTBA BXOXKJICHHSI IAHHOTO KITF0Ya(CI0Ba) B TEKCT.
# IlpuBenem npoctoit 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 3HaYeHUS 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 mepByto ouepens CountVectorizer coOupaeT yHUKaIbHBIE KIIIOUH (CIIOBA) U3 BCEX 3aIUCel, B
HaIeM npuMepe 3To OyaeT:

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

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

# JlnmHa cnMcka W3 YHUKAIBHBIX KIIFOYEH (CI0B) W OyJeT JUIMHOW HAIIero 3aKOAUPOBAHHOTO
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 MTOJTY4YHM:

print(X.toarray())

[[011100101]

[020101101]

[T00110111]

[011100101]]

ITpumenum COUNT VECTORIZER k Hamieii 3anaqey

from sklearn.feature extraction.text import CountVectorizer
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vectorizer = CountVectorizer()

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

In [58]:

# BBIBOJIUM YHHUKAJIbHBIE KIFOUN

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 3HAUE-
HUM)

spamham_countvectorizer.shape

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

from sklearn.naive bayes import MultinomialNB
NB_ classifier = MultinomialNB()
# HyxHo 3amaTh mapameTp - KJIAcChl, K KOTOpPhIM OyJieM OTHOCHUTH (KJIaCCHU(PUIMPOBATH)
pesyabTar. LleneBoii 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 TECTOBBIM IPUMEP U CTPOUM MATPHILY KIIIOUECH:
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 IMONYUYEHHYIO TECTOBYIO
MaTpHILy

# PesynbTat: 1-e BeIpaskeHue cnam, BTopoe - He caMm. (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

testing_sample = ['Hello, do you want to buy coffee?', 'free massage']

testing_sample countvectorizer = vectorizer.transform(testing_sample)
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test_predict = NB_ classifier.predict(testing_sample countvectorizer)
test predict

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

CaMOCTOATENBHO: BBEANTE HECKOIBKO CBOMX BBIPAXKECHUH M MPOBEPHTE, K KAKOMY KJIACCY WX OT-
HeceT kiaccugukatop HauBueiii baitecy

[Iar #4: [lenum manHbIe HA 00YYAIONIYIO M TECTOBYIO BRIOOPKY mepe oOydeHruemM moaenny
X = spamham_countvectorizer

y = label

In [93]:

X.shape

(5728, 37303)

y.shape

(5728,)

# OOyuenue oOyyvaroreit 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 PU MPOBEpKe MOJIeNIN Ha o0yuatoiel BEIOOpKe
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)

# IlpexpacHblii pe3yabTaT

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
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~ ]

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

accuracy 1.00 4582
macroavg 099 1.00 0.99 4582
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] 1

weighted avg 1.00  1.00 1.00 4582
# IlocTponm MaTpuIly OMMOOK MPU IPOBEPKE MOJIECTH HA TECTOBOM BHIOOPKE
y_predict_test = NB_classifier.predict(X _test)
cm = confusion_matrix(y_test, y predict test)
sns.heatmap(cm, annot=True)
<matplotlib.axes. subplots.AxesSubplot at 0xcc83548>
In [108]:
print(classification_report(y_test, y predict test))
precision recall fl-score support

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

Tema 5. KomnbroTepHoe 3peHue

@opmyJIMpOBKa 3a4a41

B nanHoii 1abopaTtopHOi paboTe MBI TOZHAKOMHMCS C aPXUTEKTYPOH CBEPTOUYHBIX HEHpoceTen

LeNet.

L{enb mabopaTopHO# pabOThI: O0YYUTH HEUPOCETH JJIS PEIICHUS 337124 KIACCU(PUKAIIUU JTOPOXK-

HBbIX 3HAKOB.

[annast 3a1aua HeoOXxoaUMa 1 paboThl OECTIUIIOTHBIX aBTOMOOMIIEH, MPUYEM paclio3HaBaHHE
3HAKOB JOJDKHO MPOBOJMTHCS MPAKTUUECKH MITHOBEHHO. Habop naHHBIX comepxut 43 pasimud-

HBIX KJIacca U300pakeHH.

Knaccel nepeuncieHs! HUxe:

0 - Orpanmnuenue ckopoctu (20 kM / 1)

1 - Orpanunuenue ckopoctu (30 km / 1)

2 - Orpanuuenue ckopocta (50 km / 1)

3 - Orpanunuenue ckopoctu (60 kM / 1)

4 - Orpannuenue ckopocta (70 km / 1)

5 - Orpanunuenue ckopoct (80 kM / 1)

6 - Konern orpaanyenns ckopoctu (80 kM / 1)

7 - Orpanunuenue ckopoctu (100 kM / u)

8 - Orpannuenue ckopoctu (120 kM / 1)

9 - OOroH 3amnperiexH

10 - 3anpernraeTcst mpoe3a sl TPaHCIIOPTHBIX CpencTs Oosee 3,5 T
11 - IIpoe3n Ha cienyromeM nepeKpecTKe

12 - I'maBHas popora

13 - Yerynu nopory

14 - Cton

15 - 3ampernieH npoe3 TPaHCHOPTHBIX CPEACTB

16 - 3ampenieH Bbe3]] TPAHCIIOPTHBIX CpeAcTB Ooree 3,5 T
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17 - Bwesn 3anpenieH

18 - Buumanue

19 - KpyToii noBOpOT HaJIEBO

20 - KpyToii MOBOPOT HanpaBo

21 - JIBoitHOM MOBOPOT

22 - Yxabbl

23 - Ckounbp3Kas gopora

24 - CyxeHnue cupasa

25 - Jlopo>xkHbIEe pabOTHI

26 - Csetodop

27 - Ilemrexoasl

28 - [letn

29 - IlepeceueHne ¢ 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 - IlpunepxuBaiiTeCh J€BOM CTOPOHBI
40 - Kpyrosoe qBueHue

41 - KoHell 30HbI OTpaHUYEHUS TIPOE3aa
42 Konen 3anpera npoes/ia TpchnopTHHx cpencts Oomee 3,5 T

# nonKomqaeM Google muck

from google.colab import drive

drive.mount ('/content/drive")

Mounted at /content/drive

llar #0: Munopt 6mbmuorexd

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: MMnoopT u HOopManusauua gaTacerad

®any1 Cc pacumpeHmeM .p npemcrariasgeTr cobom damn pickle, momyns Python,
MCIIOJIb3YEMEIM IJig IpeobpasoBaHMsa 00BekTOB Python B mocienoBaTeJIbHOCTHb
OanMToB IJig XPaHeHMd Ha IMCKe WM INepemaum o ceTm. OH HO3BOJNSEeT yHOOOHO



20

XPaHUTh WM [epelabaTb OOBEKTEH 0e3 MNpelBapMUTeJIbHOI'O Npeobpa30BaHMA
IOAaHHEIX B IOpyrou dopmar.

! Jlcnoyib30BaHMe KJIOUEeBOT'O cjioBa with npm pabore c danioBeMu oOBeKTaMM

IIO3BOJIIET NPAaBMUJIBHO SBAKPBITE OOBEKT IIOCJE 3aBeplleHus paboTel ¢ HMM. 'rt'
— arpubyT, 3amanuuM QopMaT UTEHUS B TEKCTOBOM PEXUM.
! odyuxkumsa pickle.loads () Bo3BpamaeT BOCCTAHOBJIEHHYK Mepapxuio OOBEKTOB

Y3 CTPOKOBOTO MNPEenCTaBJIEeHUS OaHHBIX.
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)
# oBosHauvaeMm obyuawniMe, TECTOBHE M IPOBEPOUHHE IaHHLIE 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']
# oueHmMBaeM pasMepHOoCTb - 34800 sBanmcer, mzobpaxeHme 35*32 nuxcensd,
uBeTHOe (3 - 3HauuT TeH30p RGB)
X train.shape
(34799, 32, 32, 3)
y _train.shape

(34799,)
lar #2: Busyanmuszaumsa paTaceTad
# monmcTaBysgem 1 = cayuanHoe uwmcio. dyHkumio matplotlib imshow oToBpaxa-
eT rpadbuxkm Ha ocHoBe 2-D maccuBoB (u/0 usobpaxeHue
# mam 3-D mMaccuBOB (LBeTHoOe) . BaxHo! Kaxieli sJeMeHT B MacCuBe OeMCTBY-—
eT KakK IUKCEeJb.
i = 3100

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

N

0 K|l
. e

E
0 5 W 15 2 3 B

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

7

0

5

g

o 5 10 15 20 5 30

i = 2100
plt.imshow (X test[i])
y _test[i]
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15 20 25 30

lar #3: Homrorobka HaHHEX{

# sklearn.utils.shuffle() wucnonb’yeTcsa mnjd IepeMemyBaHUA MACCUBOB CJIY-—
YaMHEIM OOpa30M, dYTOOBl ObJIa BO3MOXHOCTLE IIOJIydaThb pPa3HEE M300paXeHUd
KaxIplM pas, KorJa Me [NPOBOOMM OOydeHMe, UYTOOB MEl HE TPEHMPOBAJMCH Ha
OOHUX U TexX Xe U30D0paXeHUIX.

from sklearn.utils import shuffle

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

Iajiee HYXHO HOPMaliM30BaTh HAOOP OAHHHIX, [IOCKOJIBKY IeHOPMAaJM30BaHHBIE
IOaHHBlE YyXYOWAKT KadecTBO pacllio3HaBaHMme. g sTOro npeobpal3yeM n300-
paxeHve B u/6 dopmMarT. OTTEHKM CEpPOTOo IMMOJyUMM KakK CyMMy 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)
# npoBepseM pPasMEpPHOCTL — I[OCJIeIHEee 3HaueHue = 1.

X train gray.shape

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

(4410, 32, 32, 1)
[locMOTPMM Ha MB00paxeHMe B OTTEeHKaxX Ceporo M MUCXoIHOoe mu3obpaxeHue. Ilo-
CKOJIbKY MBI YMEHBUMIIM PasMEPHOCTH M300paxeHUlM, y MaccuBa 0OKa3ajloCh
fonblle M3MEPEHMM, UYeM MCIOJIb3YyeTCsd, IIO3TOMYy IPMMEHSKT np.squeeze njis
YMEHBIIEHM S HEeHYXHBIX pasMepoB. OYHKIUMA squeeze () ymansgeT OCM C OIOHUM
2JIeMeHTOM (OJMHHOM 1), HO HEe caMmM DJIEeMEeHTHE MacCCUuBa.
1i=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 5TO M30OpaxeHre B Tpalalusax Ceporo, MH NPOOOJIXMM HOPMAaJM3a-—
oMo ero, BeuUMTas 128, a 3aTeM pasnenuB Ha 128.

X train gray norm = (X train gray - 128)/128
X test gray norm = (X test gray - 128)/128
X validation gray norm = (X validation gray - 128)/128
X train gray norm
array ([[[[ 0.252604177,
[ 0.24739583],
[ 0.25 1,

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

]

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

5

10

15

i =610

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

plt.imshow (X test[i])

plt.figure()

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

<matplotlib.image.AxesImage at 0x7f269a423110>



i = 500

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

plt.imshow (X validation[i])

plt.figure ()

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

<matplotlib.image.AxesImage at 0x7£269%9a2£5210>

llar#4: OByuenHme momesuq

Monmesib COOEPXUT CJelyouye CJIOU:

llar 1: NepBHM CBEPTOUHHIM CJIOM #1

Input = 32x32x1

Output = 28x28x6

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

* Stride =1.

0 5 1 15 2 25 3 0 5

Mlar 2: BTOpPOM CBEPTOYHEIM CJIOM #2

Input = 14x14x6

Output = 10x10x16

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

Pooling cmoy, Input 10x10x16, Output = 5x5x16

Ilar 3: PaszsBopauMBaeM HeVpPOCeTb

5x5x16 pasBopaumpBaeTcsa B Output = 400

Mlar 4: 1-71 NOJIHOCBS3HBIM CJION

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

Mlar 5: 2-11 NOJIHOCBS3HEIM CJION

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

npuMeHseM RELU QyHKUMIO akKTMBALMM HA BEXOIE

Ilar 6: 3-1 IOJIHOCBS3HBIM CJION

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

In [21]:

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

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

LeNet.add (layers.AveragePooling2D())

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

LeNet.add (layers.AveragePooling2D())
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LeNet.add(layers.Flatten())

(
LeNet.add (layers.Dense (120, activation = 'relu'))
LeNet.add (layers.Dense (84, activation = 'relu'))
LeNet.add (layers.Dense (43, activation = 'softmax'))
LeNet.summary ()
Model: "sequential"
Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 28, 28, 06) 156
average pooling2d (AveragePo (None, 14, 14, 06) 0
conv2d 1 (Conv2D) (None, 10, 10, 16) 2416
average pooling2d 1 (Average (None, 5, 5, 16) 0
flatten (Flatten) (None, 400) 0
dense (Dense) (None, 120) 48120
dense 1 (Dense) (None, 84) 10164
dense 2 (Dense) (None, 43) 3655

Total params: 64,511
Trainable params: 64,511
Non-trainable params: 0

LeNet.compile (optimizer = 'Adam', loss = 'sparse categorical crossen-
tropy', metrics = ['accuracy'])
BuymMmaHue ! [IpoBepbTEe COOTBETCTBME I[IOJIYUEHHBX Pa3MepPHOCTEM ONMCAaHHBIM
BRIE pasMepHocTaMm! I
history = LeNet.fit (X train gray norm,

y train,

batch size = 500,

epochs = 50,

verbose = 1,

validation data = (X validation gray norm, y valida-
tion))
Epoch 1/50
70/70 [==============================] - 16s 212ms/step - loss: 3.1909

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

Epoch 2/50

70/70 [==============================] - 155 210ms/step - loss: 1.7574
- accuracy: 0.5103 - val loss: 1.5453 - val accuracy: 0.5508

Epoch 3/50

Epoch 50/50

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

ar#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
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history.history.keys ()

Oout[25]:

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

accuracy = history.history['accuracy']

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

loss = history.history['loss']

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

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

epochs = range (len(accuracy))

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

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

plt.legend()

<matplotlib.legend.Legend at 0x7f2693337b10>

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

o 10 20 30 40 50
OrTobpaxaeM MNOTEPM IPM HNPOBEPKE M OOYUYEHMM B 3aABMCHMMOCTM OT KOJIMYUECTRBA
BNIOX M HabmwmaeMm, 4TO O0b0a 3TUX Ipadmka MMenT oOpaTHYH BaBUCHMMOCTL. Me
BUIMM, YTO IPOLEHT [IoTepb nazmaetr mo 50% za 5 =nox.
plt.plot (epochs, loss, 'ro', label='Training loss')
plt.plot (epochs, val loss, 'r', label='Validation loss')
plt.title('Training and Validation loss')
plt.legend()
<matplotlib.legend.Legend at 0x7f26932fbcl0>

Training and Validation loss

® Taining loss

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

L =17

W =7

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

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

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

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

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

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

Jl06aBUTH CBEPTOYHBIN U MYJUITMHT-CIIOH (CIIOH).

W3MeHnTh average MyJIJIMHT HA Max ITyJUINHT.

Jlo6aBHTH CII0i1/CTIOM TIOTHOCBS3HONW HEHMpPOCETH.

W3MeHnTh (D)yHKIMIO aKTUBAIIMH [TOJTHOCBSA3HOM HEHpOCeTH.

AN e o e

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

3 OTAII - BJIAJIETD

Bonpocsl 1uist 3k3aMeHa
1.3amaun 06paboTku ectecTBeHHOTO si3bIKa (NLP).
2.B03MOKHOCTH METO/I0B MAIIIMHHOTO 00y4YeHUsl B 00pabOTKE €CTECTBEHHOTO SI3bIKA.
3.Mogens Bag-of-Words.
4.BexTopHoe npecTtaBienue (text embeddings)
5.Mogens Word2Vec
6.PexyppeHTHbIC HEHPOHHBIE CETH.
7.ApxutexTypa u ocHoBHas uaes LSTM-cereil.
8.MalMHHbIN ePEeBOI.
9.0cHOBHBbIE 337]a4l KOMIIBIOTEPHOI'O 3PEHMSL.
10. CBepTouyHbIE HEUPOHHBIE CETH.
11. JderexktupoBaHne 00BEKTOB.
12. bubnuoreka OpenCV.

TecT 1151 cCAMOKOHTPOJISA (IPUMEPHbIE BONPOCHI HTOTOBOI0 TECTUPOBAHMS)
1. Meroza, 03BOJISIOIINN IIPEACKA3bIBATh 3HAYEHUS TOM WIX HHON HEIIPEPBIBHON YUCIOBON
BEJIMYUHBI JIUIs1 BXOJHBIX JaHHBIX HAa3bIBACTCS:
Knacrepuzanus
Knaccudukarus
Perpeccus
Meron OnOpHBIX BEKTOPOB

2. Kaxoii n3 BUJ10B MallluHHOTO 00Y4Y€eHMsI OCHOBBIBAETCSl HA B3aUMOJIEHCTBUU 00yUaeMoit
CHUCTEMBI CO cpeon?

C yuurenem

be3 yunrens

C noakpenjienneM
['myOunHOe

3. B kakue urpsl HelpoceTh ellle He Hayduaach OOBITPHIBAThH YeIoBeKa?
I'o

bpux

IITaxmaTtsl

"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

Meron k-Ommkaiimmx cocenei

HelipoceTn

5. OmmbKy 1-ro posia MHOTIa HAa3BIBAIOT:
TouHOCTH MOAETHN

Jlo:knas TpeBora

BeposiTHOCTB OTKa3a

[Tpomyck nenu

6. OmmbKy 2-r0 po/ia MHOT1a Ha3bIBAIOT:
IMponyck mean

JloxuHas TpeBora

BeposTHOCTh OTKa3a

TouyHOCTE MOJETH

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

Recall

Precision

Accuracy

Exactly

8. Jloms1 00BbEKTOB MOJ0KUTEILHOIO KJIacca U3 BCeX 00BEKTOB MOJIOKUTEILHOI0 Kacca
OIIpEIEIAETC METPUKOU

Ommubka 1-ro pona

Ommbka 2-ro poga

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?
MpoLecC HACTPOMKH CHHANITHYECKUX BECOB

MPOIIECC TMOTYUYCHHS pe3ysibTaTta apu(pMEeTHIECKUX JeHCTBUI
IIpoLIeCC MPUCBOEHUS HEUPOHAM MapKEPOB BBIIIOJHEHUS
IIpoLecC MPOrPaMMHUPOBAHNUS HCKYCCTBEHHOI'O MHTEIIEKTA

18.  Uro nomxkHO OBITH HAIIMCAHO B CXeMe 00yueHUs: HEHPOHHON CETU METOJ0M 0OpPaTHOrO
pacrpocTpaHeHHs OIMOKH BMeCTO IudpsI 17
Mpouecc 06yyeHus Y -
basa HeilpoceTn
AaHHbIX =
PacnpocTpaneHme T
CHFHaNa no HeitpoceT T —

1 e .Y
- OrBet f 2

cetu
" Pacver
l ' OWwnbKK
Owubka
Hactpoiika BenuKa
CetTun
BbIOOp MpuMepa
omuOKa Mayia
omuOKa BEJIMKa
OIIMOKH HET
19.  UYrto nomxHO OBITH HATUCAHO B CXeME 00yUEHUS HEUPOHHOM CETH METOJ0OM OOPAaTHOTO

pacrpocTpaHeHus OMMOKU BMeCTO ITUphI 27
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Mpouecc obyyeHus Y -
basa HelpoceTu
AaHHbBIX
PacnpocTpaHeHne T
CMrHana no Heipocetk CeTh obyena
1 B .Y
- oTeer * %
ceTu
i Pacuert
l ' ownbKu
OwKbKa
Hactpoiika BeNnuKa
cetTn
BBIOOp TIpuUMEpa
oIINOKA MaJjia
omunOKa BeJIrnKa
OIINOKHU HET
20. bubnmoreka si3pika Python, noGaBmstomias moaaep XKy OOIBIIMX MHOTOMEPHBIX MacCH-

BOB M MaTpHIl, BMECTe ¢ O0JIbLION OMOIUOTEKOM BEICOKOYPOBHEBBIX (M OYEHb OBICTPBIX)
MaTeMaTHYeCKuX (DYHKIMNA JJIs ONepaluii ¢ STUMU MacCUBaMH, Ha3bIBAETCS:

pandas

numpy

matplotlib

sklearn

21.  bubGmuoteka Python, mo3Bossitomnias CTpOUTh CBOHBIE TAOJIHUIIBI, BBITOIHITH TPYIITAPOB-
KU, TIPEIOCTABIISET yIOOHBIN JOCTYH K TAOJIMYHBIM JJAHHBIM, Ha3bIBACTCS:

pandas

numpy

matplotlib

sklearn

22. bubnuoteka Python, koTopast mpegocTaBisieT MHOKECTBO BOBMOXKHOCTEH , TAKMX KaK
MHOT'OCTYIIEHYAThIM aHaIN3, pErpeccust U allrOPUTMbI KJIacTepU3alluu, Ha3bIBAETCA:

pandas

numpy

matplotlib

sklearn

23.  bubnuoteka Python, npennaznaueHHast Juis BU3yalln3aluy JaHHbBIX, HA3bIBACTCA
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‘-I€HI/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 CTPYKTYPHPOBaHHAs HHGOpMAanKs B TA0JMYHOM BH/e
YcpeaHeHHas BHIOOpKa JaHHBIX IO CTPOKaM

YcpennenHast BBIOOpKa JAaHHBIX TI0 CTOJIOIAM

35.  Kak naseiBaercs OecrumatHas cpena Google st cozmanus HoyTOykoB Jupyter, KoTopast
MOJTHOCTBIO paboTaeT B oOiake?

Laboratory

Googlaboratory

Colaboratory

Neirabolatory

36. Kaxkoit Tun siueex B HOyTOyKax Jupyter mpeaHa3zHayeH i BBOJIa TEKCTAa U U300pake-
HU?

Code

Markdown

Memo

Image

37. Kakoii Tun siueek B HOyTOyKax Jupyter mpegHa3zHavyeH Juis BBOJA MPOTpaMMHOT0 Koja?
Markdown
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Memo
Image
Code

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

C noMomuib10 cMMBoJIa # U IpodeJia

C nomouipto cumBoJia #

C nomorpio cuMBosa % u mpobena

C nomomrpio cumBoa %

39.  C noMolpo Kakux CUMBOJIOB B Jupyter HOyTOyK MOKHO cO3/1aBaTh MpPUPT KypcuB?
¢ MOMOIIbI0 CHMBOJIOB * € IBYX CTOPOH T€KCTa

C TIOMOIIIbIO CUMBOJIOB # C IByX CTOPOH TEKCTa

C TTOMOIIBI0 CUMBOJIOB «K» € IBYX CTOPOH TEKCTa

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

40. Kaxkoe coueranue kiaBHII 3amyckaeT Ko B Jupyter HOyTOyK Ha BBIMOJTHEHHE?
Enter

Shift+Enter

Ctrl+Shift

Alt+Shift

41.  AKCOH — 3TO OTPOCTOK HEMpOHA:

Bxonnoi
BrixoaHoii
[TpomMexyTOUHBII

[Tpeobpazyromuit

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

AKCOH

Cunarnc

Teno Helipona

43. JlaHo: HEMpOHHAas CETh C OJIHUM CKPBITBIM clioeM. Y ceTH 1 Bxoa, 3 HeiipoHa B CKPBITOM
cjoe ¥ oAuH BbIXoJ. UTo OyAeT Ha BBIXOJIE CETH B clydae, €Clii Ha BxoJie 1, Bce Beca paHsbl 1?

X

—@—D-
©
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1
3
1/3
0,3

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

Hpeua U. Pymensxapt, k. E. Xunton u Ponanea JIx. Bunbsmc
®pouK Po3enOmart

Au Jlekyn

45. Kaxko#t T MICKyCCTBEHHON HEHPOHHOM CETH NPEICTABICH Ha KapTUHKE?

.

Olltpllf

o/
/=

STT77777/
7177777/
/777777

&

™
™~
™~
™~
™~
™~
~

[
™~
™~
™~
™~
I~
R

[ [/

Yool
[l
[T

e
=
e

\J |j
~d

5

N
3
3
4
f

input 9

PexyppenTHas HeiipoHHAs CETh
Heliponnas cets [[>xopnana
Marpu4Has HEHpOHHAas CETh
CaepTouHasi HeHPOHHAA CeTh

46.  Jlnsa pacnpeneneHHOro TiIyookoro mammaHOr0 00yuenus (Deep Learning) Gosbire mos-
XOJIUT PperMBOPK

PyTorch

TensorFlow

Flask

Scikit-learn

47. Bonpime nangeie — 3T0:

Jlanabie o0beMoM Oonee 1TO

Jlanasie oobeMoM Oonee 10TO

Jlanabie oobeMoM Oonee 100T6

Her orpannyennii Ha MUHMMAJIbHBINA 00beM

48.  Cpennss abcomotHas ommnOka (MAE) nonyyaercs 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, OIIPEAEJIAIOUIME ITPOLIELYPBI OLUEHMBAHUW A
3HAHUI, YMEHHWM, HABBIKOB U (MJIN) OITbITA JESATEJILHOCTH,
XAPAKTEPU3VYIOIINX DTAIBI ®OPMHUPOBAHUA KOMITETEHIIUN B ITPOLIECCE
OCBOEHHU S OBPA3OBATEJIbHOM ITPOI'PAMMEBI

1 93TAIl - 3BHATH

Kputepun o11eHKH YCTHBIX OTBETOB CTYI€HTOB

Ornenka [TpaBUJILHOCTH (OIIMOOYHOCTH) BBINOJIHEHUS 33 JaHUS
«OTIUIHO» MIOJIHO U apTyMEHTUPOBAHO OTBEYAET 110 COJAEPKAHUIO 3aJJaHUS;
MOHMMAET MaTepuai, 000CHOBBIBAET CBOU CYKICHUS,
MPUMEHSET 3HAaHUS HA TMPAKTUKE, WLIIOCTPUPYET OTBET MpPUME-
paMu He TOJIBKO IO IPEAJI0KEHHOU JTUTEPATYPE;
U3JIaraeT MaTepual Mocjie0BaTebHO U IPABUIIBHO.
«XOPOLIO» MOJIHO U apTyMEHTUPOBAHO OTBEYAET MO COAEPKAHUIO 3aIaHNs;
MMOHUMAET MaTepHrasl, 000CHOBBIBAET CBOM CYKJICHUS,
MPUMEHSET 3HAHUS Ha MPAKTUKE, WILTIOCTPUPYET OTBET MpUME-
pamMH He TOJIbKO IO MPeAI0KEHHON JIUTepaType;
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nu3jaaracrt MaTepI/Ia.H IIOCJICO0BATCIIBHO U HpaBI/IJ'H:HO, HO I[OHYC-
KaeT 1-2 ommOKu, KOTOPBIE HCTIPABIISIET CaM.
«YIOBJICTBOPUTEIILHO 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.

«HEYJIOBIICTBOPUTEIBHO» | JIOMYCKAET CYNIECTBEHHBIC ONIMOKU B (DOPMYIUPOBKE OmNpeese-
HUU U HpaBI/IJI, HCKaXaromue€ uX CMBICII,

u3jaraeT Marepual HeINoCJIelI0BaTeIbHO, HEYBEPEHHO U HE IO
CYIIIECTBY 3aJIaHUS;

JIOITyCKAeT CYIIECTBCHHBIC OMIMOKH, HE TIO3BOJISIONINE PACKPHITH
CMBICJI 3aJdaHuA, SABJIIOIINCCA CepBCSHBIM HpeHSITCTBI/ICM K
YCHEIITHOMY OBJIAJICHUIO CIICTYIOIIUM MAaTCPHUAJIOM.

2J0TAIl - YMETH

Kputepun oneHuBaHNs BHINOJHEHHS MPAKTHYECKHUX 3a/1aHNI U 3aJaHUI JJIsI CAMOCTOS-
TeJIbHOH PadoThI

Onenka Kputepuu
COTIIUIHO paboTa BBIMOJIHEHA MOTHOCTHIO;
B JIOTHYECKUX PACCYKICHHUAX M OOOCHOBAHUH PEIICHUS HET IMPO-
0CJI0B U OIIMOOK;
B PEIICHHH HET OMIMOOK (BO3MOYHBI HEKOTOPBIE HETOYHOCTH,
OINMCKHU, KOTOpas HE SBJIACTCS CJICJCTBHEM HE3HAHUS WIH He-
TMOHUMaHUS YIeOHOTO MaTepuaa).
«XOPOIIOY paboTa BBIMIOJHEHA MMOJIHOCTHIO, HO 0OOCHOBAHUS I1ATOB PEIICHUS
HEIOCTAaTOYHBI (eCh yMeHHe 000CHOBBIBATH PACCY)KICHHS HE SIB-
JSUTOCH CHEIUATbHBIM 00BEKTOM POBEPKH);
JOTYIIEHBI OJTHA ONIMOKA, MJIM €CTh JIBA — TPH HeJ04YETa (€CITu 3TH
BHJIBI pa0OT HE SIBJISUTMCH CICITUAIBHBIM 0OBEKTOM IPOBEPKH ).
«yJIOBJICTBOPUTEIHLHO» | JIOMYIICHO He OoJiee MBYX OMIMOOK Wi Oojiee JABYX — TPeX HeIo-
4eTOB, HO OOyuaromumiicss 001amaeT 00s3aTeIbHBIMI YMEHUSIMH 110
MIPOBEPAEMON TEME
«HEYIOBJICTBOPUTEIBHO» | OMYIICHBI CYNIECTBEHHBIC OINMOKH, TOKa3aBIIKe, YTo 00y-
YarIuiicss He 00JiagaeT 00s3aTeNbHBIMH YMEHHSIMHU I10 JaHHOU
TEME B ITOJIHOM MEpE.

Kputepun onennBanus pedepara

Onenka [TpaBmJIbHOCTH (OIIMOOYHOCTD) BBINOJIHEHUS 3a/IaHUS

«3auteHo» | Copeprkanue pedepaTra COOTBETCTBYET TEME;

[IpaBuIBHOE HCITONB30BAHHS UCTOYHHUKOB JINTEPATYPHI;

CootBetcTBHE 0hopMIiIeHHUs pedepara CTaHAAPTOM;

3HaHUe yJamuMcsl U3JI0KEHHOTO B pedepaTe MaTepuana (I OTBETa Ha YCT-
HBIE BOTIPOCHI);

YMeHne TpaMOTHO M apTYMEHTHPOBAHO H3JIOKHUTH CYTh MPOOJIEMBI B TEKCTE U
YCTHO;
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Te3ucel 1 NpeanoaoKEeHUs apryMEHTUPOBAHbI, CAEIAaHbl BBIBOJBI U YMO3AKIIIO-
YEeHUS;

B TekcTe oTpakeHO yMEHHE aHATTU3UPOBaTh (PAKTUYECKUI MaTepral U UCTOPH -
4EeCKHE U KYJIbTYPHbIE (DAKTBHI.

«HE 3a4TCHO»

Tema pedepara packpbITa HEJOCTATOYHO IOJTHO;

OtcyTcTBYeT OMOIHOrpadUIECKUil CITUCOK;

Te3ucel ¥ TPENIONIOKECHUS HE apryMEHTUPOBAHBI, HE CJCNIaHbl BBIBOJBI U
YMO3aKJTFOUYCHUS;

B tekcre oTcyTCTBYET (haKTOIOTUYECKUI aHAN3;

OTBeTHI Ha YCTHBIC BOIIPOCHI HE OTPAYKAIOT YMEHUE TPAMOTHO U apTyMEHTHUPO-
BaHO M3JIOKHUTh CYTh pedepara.

Co3nanue npe3eHTANMIi HA 32JaHHYI0 TeMy
Kpumepuu oyenusanus npezenmayuii

Ne | [TapamMeTpbl OLICHUBAHUSA MPE3EHTALMU BroicTaBasiemasi oueHka (0aJswn)

orl o3

CootBeTcTBHE COJEp)KaHUS INPE3EHTALUU
BBIOpaHHOM TEME.

Jloruka nmomauu HHGOPMALUU

1
2
3 | OpurvHaibHOCTh M HOBU3HA HH(OPMAIIHH.
4 | I'padpuueckas napopManus (WUTFOCTPALIUY,
rpadukH,

TaOJIMIIBI, AMArPaMMBI U T.]T)

5 | 3akmroueHHe Mpe3eHTAH (BHIBOIBI)

HToro 6a10B:

Ha kaxxapiii mpescTaBiaeHHbIN apaMeTp 3anoaHsAeTCs Ta0IuIa OEHUBAHUS, TJ€ M0 KaX-

JIOMY M3 KPUTEpUEB MIPUCBAUBAIOTCS Oasbl OT 1 10 3, YTO COOTBETCTBYET OIpEIeIEHHBIM YpPOB-
HSM pa3BUTUS KOMIIETEHTHOCTH: | Oamin — 3TO HU3KHM YpOBEHb; 2 Oajjja — 3TO CpeAHMi
ypOBeHb; 3 Gajiia — BHICOKUN ypoBeHb. Ompe/iesieHue YpOBHS KOMIETEHTHOCTH:

Konn4yectBo HaOpaHHBIX 0a/1710B 32 YpoBuu Ounenka
NpeACcTABJICHHYIO NPe3eHTALMIO
ot 12 o 15 Bricokuii ypoBEHb OTJIMYHO
or8 o 11 CpenHuil ypoBeHb XOpOIIO
ot 5 110 8 Huskunii ypoBeHb YAOBJIETBOPUTEIBHO
10 5 - HEYJIOBJIETBOPUTENIHHO

3 OTAII - BJIAJIETDH

Kpurtepnu oneHnBaHus 3HAHUI Ha JK3aMeHe

Onenka «OTJIMUHOy:

1.I'my6okoe u nmpoyHOe YCBOCHHE MPOrPaMMHOI0 MaTepHaa.

2.3HaHue aKeTOB NMPUKJIAJHBIX IPOrpaMM

3.3HaHue OCHOBHBIX MMPUHIUIIOB ITOCTPOCHUS IMAKECTOB IIPUKIIAHBIX ITPOTrPaAMM.

4.3HaHNE OCHOBHBIX 3314 MTPUKJIAIHBIX IPOrPaMM.
5.CBo00gHOE BiIaJIeHHE TAKETaMU MPUKIATHBIX IPOrPaMM.
6.TouHOCTh 1 0O0CHOBAaHHOCTH BHIBOJIOB.
7.be3omn00yHOe BBIMOJHEHUE IPAKTUYECKOTO 3a/1aHusl.
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8. TouHble, MOJNHBIE U JTIOTUYHBIE OTBETHI HA IOMOJHUTEIbHBIE BOTIPOCHI.
Onenka «XOPOIIOy:

1. Xopoiee 3HaHUE IPOTPaMMHOTO MaTepHaa.

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

3. Hanuuue  He3HAUMTENbHBIX  HETOYHOCTEH B yHOTpPeOJEHUHM  TEPMHUHOB,
KJaccuuKauii.

4. 3HaHMe OCHOBHBIX [TAKETOB MPUKIIAJHBIX POTpamMm

5. HenonHoTa npeacTaBI€HHOTO WIIOCTPATUBHOTO MaTepHuaia.

6. TouyHOCTH U1 OOOCHOBAHHOCTH BHIBOJIOB.

7. JlornuHO€E M3JI05)KEHUE BONPOCA, COOTBETCTBUE U3JI0KEHHSI HAYYHOMY CTHUIIIO.

8. Herpy0as ommbka npu BBIMOTHEHUH TPAKTUUECKOTO 3aJaHUsI.

9. IlpaBuiIbHBIE OTBETHI HA JTONOJHUTENIBHBIE BOIIPOCHI.

Onenka «YJIOBJIETBOPUTEJIBHO»:

1. IToBepXHOCTHOE YCBOEHHUE MPOTPaMMHOIO MaTepHala.

2. HenocTtaToyHO TOJHOE W3JI0KEHHE TEOPETHYECKOrO0 BOIPOCA 3K3aMEHAILMOHHOIO
ounera.

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

4. Hannuue HeTOYHOCTEN B yNIOTPEOICHUN TEPMUHOB, KiIaccuUKaIiuii.
Heymenune 4eTko cpopMyInpoBaTh BHIBOIBI.
OTCcyTCTBHE HAaBBIKOB HAYYHOT'O CTHJISL H3JI0KEHUS.
I'py6ast ommbOKa B MPaKTUYECKOM 3a/1aHUH.
Herounble OTBETHI Ha TOMIOJHUTEIBHBIE BOIIPOCHI.

Ouenka «HEYJIOBJIETBOPUTEJIBHO»:

PN

1. He3nanue 3HaYMTEIRHON YaCTH MPOTPAMMHOI0 MaTepuaa.

2. HecriocoOHOCTH IPUBECTH IPUMEPHI TAKETOB MPUKIATHBIX IPOTPAMM
3. HeyMeHue BBIICHUTH TIIaBHOE, C/IETIATh BEIBOABI 1 000OIICHHS.

4. 'pyOble omMOKY MPU BBIMOJHEHUN TPAKTHYECKOTO 3aJaHMsL.

5. HeraBI/IJIBHLIe OTBCTHI HA JOIMMOJTHUTCIIbHBIC BOIIPOCHI.

TecT 111 CAMOKOHTPOJISA (IPUMEPHbIE BONIPOCHI HTOTOBOI'0 TECTUPOBAHMS)

Kpumepuu oyenueanus mecma

[TomHast BepcUsi TECTOBBIX BOIPOCOB COIEPKUTCS B AJNEKTPOHHO-UH(POPMALMOHHOW CH-
creme By3a. CTyZEHTHI IPOXOAAT TECTUPOBAHUE B KOMIIBIOTEPHOM KJIacCe.
[Tpu pa3paboTKe TECTOBBIX 33JaHUI HCIIOIB30BAIUCH CIEIYIOIINe (POPMBI 3aTaHHIA:
— 3a/1aHUs ¢ BBIOOPOM OJTHOTO U3 3-4 OTBETOB.
Bpewms tectupoBanus cocrasiser 30 MUHYT, BpeMsi OTBETa Ha OJHO TECTOBOE 3aJlaHue —1 MuHy-
Ta.
Kpurepwii onieHuBaHMs yCTaHOBIIEH B 000JIOUKE TeCTa.
Kpurepun oueHku:
Onenka «Otarmano» - 90% u 6osee MpaBUIBHBIX OTBETOB;
Onenka «Xopoio» - 70% u Gosiee MpaBUIbHBIX OTBETOB;
Onenka «Y TOBIETBOPUTEIBHO» - 50% 1 00JIe MPaBUIIBHBIX OTBETOB;
Onenka «HeynosnerBoputenbsHo» - MeHee 50% MpaBUIIBHBIX OTBETOB.
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