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Po3mimenns kypcy

Kamnyc

IIporpama HaBYAJIbHOI AUCHUILTIHA

1. Onuc HABYAJBLHOI JMCUMILIiHY, 1i MeTa, MpeAMeT BUBUAHHS Ta Pe3yJIbTATH HABYAHHS

Metow aucuumiainu “O0po0/ieHHs] HAJABEJMKHUX MAacHBIiB JaHuUX” € HaOyTTs 3HaHb Ta

NPAaKTUYHUX HABHYOK BUKOPUCTAHHS METOMIB Ta aJTOPUTMIB OOPOOKH BETUKMX NAHHUX Ui BUPIIICHHS
KOMIIJIEKCHHX 33J1a4 aHali3y Ha/IBEJTMKUX MacHUBIB JJaHHX.

IIpenmerom aucoumIiHA “O0podka HAABEJIMKHX MACHUBIB JaHMX” € cepis MiAXOIiB,
IHCTPYMEHTIB 1 METOAIB 0OPOOKM CTPYKTYpOBAHUX 1 HECTPYKTYPOBAHUX PIZHOMAHITHHUX AHUX BEITUKUX
PO3MIpIB JIJIsl OTPUMAHHS PE3yJIbTaTIB, SIK1 JIETKO CIPUNMAIOTHCS JHOAUHOIO.

OcHOBHI 3aBJJaHHS KPeJIUTHOI'0 MOYJIA.

3riiHO 3 BUMOTaMH TMPOTpaMH HAaBYAIBHOI JUCHIWIUTIHU CTYACHTH TICIS 3aCBOEHHS KPEIUTHOTO
MOJTYJISl MAIOTh TIPOJIEMOHCTPYBATH TaKi pe3yJIbTaTh HaBYAHHS:

3arajbHi KOMIIeTeHuii:

- 31aTHICTh POBOJIUTH JOCIIKEHHS Ha BianoBigHoMy piBHi (3K 3);

- 3JIaTHICTh TeHEepyBaTH HOBI i1ei (kpeaTuBHicTh) (3K 5).

daxoBi KOMIIETEHTHOCTI:

- 3JaTHICTb MPOEKTYBATU Ta PO3POOJATH NPOTPaMHY CHCTEMY 3 BHUKOPHUCTAHHSIM METO/IB
1HTeNneKTyabHOTO anaiizy nanux (OK-11);

- 3[IaTHICTh MPOEKTYBATH Ta PO3POOIISITU MpOrpaMHe 3abe3nedeHHs st poooTu B xmapi (OK-14).

- 3laTHICTh IPOEKTYBATH Ta MPOTrPAMHO PEaIi30ByBaTH METOJ KOMII FOTEpHOI 0OPOOKH HaJBEIUKUX
3a 00CArOM JaHuX B 1H(QOPMALIHHUX CEPeOBUIIAX PI3HOMAHITHOTO NMPHU3HAYEHHS, CUCTEM YIPABIiHHSA
Intepuery peueif, CepeIOBUILl Ta CUCTEM

Oi3Hec-TpoIecamH, CEPBIC-OPIEHTOBAHUX

BHUCOKOIIPOAYKTUBHUX KIIACTCPHUX O6‘-II/ICJ'ICHB;
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- 3/IaTHICTb BHpINIyBaTH MAacCIITaOHI OOYMCIIOBAJBbHI 3a/a4 Yy PO3MOMAIICHUX I1HTEIEKTYyaIbHUX
Cepe/IoBUIAX Ta KOHTPOJIOBATH XiJ OOYMCIIEHb 32 JOMOMOTOI0 CIIELiali30BaHOTO IPOrPaMHOTO
3a0€e3ICUCHHS;

- 3IaTHICTh OOMPATH aJ€KBAaTHUX METOJM MAIIMHHOTO HABYAHHS, BKIIOYAIOUM METOIU TIMOOKOTrO
HaBYaHHS, Ta BUKOPUCTOBYBATHU iX U HAJIAIITYBAaHHS HEHPOHHUX MEPEXK ISl BUPIIICHHS KOHKPETHHX
3a]1a4 MPOTHO3YBAHHS, KEPYBaHHsI, KJIAaCHU(IKAIlil Ta IHTEIICKTYAIBHOTO aHATI3Y JaHUX.

3rinno 3 Bumoramu OIIII/OHII Inmxenepis mnporpamHOro 3a0e3Me4YeHHs I1HTENEKTyalbHUX
KiOep-(Qi3MYHUX CHUCTEM B €HEPreTHIll, CTYIEHTH IICIIi 3aCBOEHHS HABYAJIBHOI JMCIUIUIIHU MAalOTh
IPOIEMOHCTPYBATH TaKi pe3yJIbTaTH HaBYaHHS.

[TporpamHi pe3ybTaTH HABYAHHS:

- 30upaTty, aHaIi3yBaTH, OIIHIOBATH HEOOXIAHY JUIsl PO3B’s3aHHS HAYKOBUX 1 MPHUKIAIHUX 3a]1a4
iH(pOpMaIlit0, BUKOPUCTOBYIOUHM HayKOBO-TEXHIUHY JIITEPATypy, 0a3u naHux Ta iHmi mxepena (ITPH 17);

- BMITH TpPOEKTYyBaTH Ta pO3pOOJIATH MpPOrpamMHI CHCTEMHM 3 BHUKOPHUCTaHHSAM METOJIB
iHTeNnekTyanbHoro ananizy nanux (ITPH 19);

- BMITH MIPOEKTYBATH Ta po3poOIIsATH mporpamHue 3abe3nedenHs s podotu B xmapi (ITPH 22).

- BUKOPHUCTOBYBaTH Cy4yacCHlI TEXHOJIOTiH OOpOOKM Ha/JBEIMKMX MAacHBIB JaHMX 3a JIOIOMOIOIO
1HppacTpyKTypH IporpaMHux pimens Spark;

- BUKOPUCTOBYBATH METO/M MAIIMHHOT'O HAaBYAHHS JUIsl BUPIIIEHHS MPAKTUYHMX 3a/1a4.

2. IlpepekBi3uTH Ta NOCTPEKBI3UTH JMCHHUILIIHA (Mice B CTPYKTYPHO-JIOTIYHIN cxeMi
HABYAHHS 32 BilIOBIIHOI OCBITHBOI MPOIrPaMoI0)

Jucuumutina MICTUTh YOTUPH KPEIUTH.

BuBueHHS IOUCHMIUTIHM CHHPAaeThbCcs Ha 3HAHHSA, OTPUMaHI 3a TPOrpamol0 IONEpEeIHIX POKIB
HaBYaHHA 3a crnenianbHicTiO 121 Imkenepis mporpamHoro 3abesneueHHs. CTyAeHTH MalThb JOCBIJ Y
IMIIepaTUBHOMY, 00’ €KTHO-OPIEHTOBAHOMY 1 (PYHKIIOHATbHOMY IPOrpaMyBaHHI.

Buxianenuii Matepian mMoxe OyTH 1HCTPYMEHTAJIbHOIO OCHOBOIO IS MiATOTOBKH MaricTepPChbKUX
JCepTaIliil.

MiXIUCIUIUTIHAPHI 3B’SI3KM  3a0€3MeUyI0ThCs JUCHUTUTIHAMA: «AHAIITHKA OOpOOKH JaHWX B
CEeHCOpHUX Mepexkax», «BigData B enepretuni» «MaTeMaTu4Hi METOIM MOJEIIOBAHHSA CHUCTEM 3
po3noaiieHuMu Tlapametrpamm», «Po3poOka 3acToCyHKIB IHTEpHETy pedeil Ta CEHCOPHHX MEpPEexX B
SHEePTEeTHIII.

3MicT HABYAJBHOI AUCHUILIIHHA

Po3nin. Konmenmis “Besumknx ganux”. OcCHOBHI KoHuemuii mnporpamMHoi miaatgopmu
po3noaisiennx nanux Spark. MamvHHe HABYaHHS 3 BUKOPpUCTAaHHAM 0i0aioTekn Spark MLIib

Tema 1. IloHATTS “BeNMKUX NaHUX .

OCHOBHI acCmeKTH Ta CKJIaJ0Bl €JIEeMEHTH TpakTyBaHHS MOHATTA “Bemuki npani”. Cdepu
3aCTOCYBaHHS HAJBEJIMKHX MAacHBIB JaHMX. XapaKTepUCTUKU “‘Benukux gaHux’. [Ipobimema
MmaciuTaOyBaHHs. ba30Bi KOMIIOHEHTH aHaIlI3y JaHUX.

Tema 2. bazoBi nmporpamMHi 3aco0u poOOTH 3 HAJBEIMKUMHU MACUBAMH JIAaHHX.

[TonsarTst po3mnoxineHoi ¢ainoBoi cuctemu. Ilporpamui monem “Benukux ganux’. Hadoop
exocucrteMa. Konmnemis MapReduce. [1labnonu nmpoektyBanHs 3 miaxomaom MapReduce.

Tema 3. [Iporpamua matdopma posnoaiieHux qanux Spark.

OcHoBHi koHIeNIi1 Ta apxitektypa Spark. [IporpamyBanns 3 RDD. Bukopucranas RDD 3 mapamu
KITI0Y / 3HaYeHHs. 3aBaHTaxeHHs 1 30epexkenHs nanux. Spark SQL, DataFrames, Datasets.

Tema 4. OCHOBY MallIMHHOTO HABYAHHS.

MamuHHe HaBYaHHS, HOTO ICTOPMYHMN PO3BUTOK 1 cydacHMid cTaH. [Ipobimema HaB4aHHS.
[Mpuknagn TpUKIATHUX 3a4a4, SKi BHUKOPUCTOBYIOTH METOIM MANIMHHOTO HaB4aHHS. Orisig
MokIuBOCTel Oibmiorekn Spark Mllib.



Tema 5. IlepcrieKTHBHI HANPSIMKK PO3BUTKY MPOTPAMHHX 3ac00iB 0OpOOKM HAIBEIUKUX JAHHX i
MAaIIMHHOTO HAaBYAHHS.

MOXIMBOCTI MIMOMHHOTO HaBYaHHS 3 jJonomororo Spark. Iaterpamist 3 Tensorflow. IIprpamui
pimeHHsT Ta cepBicM il 0OpoOKM HaJIBENMKHMX J@HMX B raiy3l MammHHOro HaBuaHHS Binm Google,
Amazon, Facebook Ta iHIImMX JigepiB pUHKY.

3.

HaBuaabHi MaTepiaiu Ta pecypcu
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Optimizing Apache Spark : O'Reilly Media, 2017, 358 p.
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Holmes, Alex. Hadoop in Practice. Shelter Island, NY: Manning, 2012.
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Mohri, Mehryar, Afshin Rostamizadeh, and Ameet Talwalkar. Foundations of Machine Learning.
Cambridge, MA: MIT Press, 2012.

Shalev-Shwartz, Shai, and Shai Ben-David. Understanding Machine Learning: From Theory to
Algorithms., 2014.

11. Tom White Hadoop: The Definitive Guide, 4th Edition O’Reilly Media. 2015 —756p.
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13.

Witten, I H, and Eibe Frank. Data Mining: Practical Machine Learning Tools and Techniques.

Amsterdam: Morgan Kaufman, 2005.
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Hoboken, N.J: IEEE Press, 2007.

14. Marsland, Stephen. Machine Learning: An Algorithmic Perspective. Boca Raton: CRC Press,

2009. Print.
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HaBuyajgbHUA KOHTEHT

4. Meroauka onaHyBaHHSI HABYAJIbHOI IMCHUILIIHA (OCBITHHOI0 KOMIIOHEHTA)

Jlekuiiini 3aHATTA

Ne Ha3zBa Temu nek1ii Ta nepeik OCHOBHUX NMUTaHb

3/m

1 [TonsarTs Benukux ganux. [Iporpamunii 3aci6 Hadoop
OCHOBHI aCIeKTH Ta CKJIaJI0B1 €JIEMEHTH TpakTyBaHHs NOHATTS “Benuki nani”. Chepu
3aCTOCYBaHHS HA/IBEJIMKHX MACHUBIB JaHUX. XapaKTEPUCTUKHU ‘BEIMKUX JaHUX .
[Ipo6nema macmtabyBanHs. ba3oBi KOMIOHEHTH aHaNi3y naHuX. [IoHATTS po3noaiieHol
daitnoBoi cucremu. [Iporpamui monerni “Benukux nanux”’. Hadoop ekocucrema.
Konnermiist MapReduce.

2 [ITa6oum mpoektyBanHs MapReduce
[ITa6oHm miacymMoByBaHHA (summarization). [1la6monu dinerparii (filtering). [llaGiaonn
opranizamii gaaux. [[labnonu 06’enHanb (join). Mertama6nonu. [1a6ionn
BBO/1y/BUBE/ICHHS.

3 OcHoBu Spark




[TepenymoBu ctBopenHs. OcHOBHI KoHIenmii Ta apxitektypa Spark. ITpusnadenns ta
BukopucranHsa SparkContext. IIporpamysanns 3 RDD. Buxopuctanus RDD 3 napamu
KJTI0Y / 3HA4UeHHs. 3aBaHTaXeHHs Ta 30epexeHHs Aanux. Partitioning ta Shuffling.

4 Spark SQL. DataFrames. DataSet.

CrpykrypoBaHi Ta HecTpykTypoBaHi gaHi. Orusn Spark SQL. bi6mioreku Spark SQL.

3anut 13 Bukopuctanusim Spark SQL. JlonaBanns cxemu 10 RDDs. RDDs sik Relations.
Buxopucrannas Spark SQL st ananizy nanux.

5 OcHoBu MammHHOro HaB4aHHsA. Spark Mllib

MaruHHe HaBYaHHs, HOTO ICTOPUYHUN PO3BUTOK 1 cydacHH# cTaH. [lizxoau no
BU3HAYEHHS IMOHATTS MAIIMHHOIO HaBYaHHs. THUIH MalIMHHOro HaB4aHHsI. OCHOBHI
kyacu 3a1a4. OrJist aaropuTMiB MallIMHHOTO HaBYaHHs. [Ipukiaam npukiIa HuX 3a/1ad,
SIKi BUKOPHUCTOBYIOTh METO/IM MAllTMHHOTO HaB4YaHHA. ETamu po3poOku moeni
MamrHHOTO HaB4yaHHA. Ornsn 6i0morexku Spark Mllib.

JlaGopaTopHi 3aHATTA

OCHOBHI 3aBJIaHHS LMKy Ja0OpaTOpPHUX 3aHATh MOJATalOTh y HAOYTTI CTyJEHTaMU MPaKTHYHUX
HaBUYOK 3 BUKOPHCTaHHS CIEIiai30BaHOTO MPOrpaMHOro 3abe3nevyeHHs: 00poOKH Ha/BEIHKHX MACHBIB
JAHMX Ta peaizalii aaropuTMiB MAIIMHHOTO HaBYaHHS
Ne
3/m

HazBa Temu 3aHaTTSa

Buxopucranns mrabnoniB mpoektyBanHs MapReduce.

1
2 | 3arocyBannsa SparkSQL, po0Gota 3 manumu 3 BukopuctanasiMm Dataframes Ta DataSet.
3 | O6pobka TekcToBOi iIH(POpMaIIli Ta MPOSKTYBaHHs 03HAK 3acobamu Spark.

5. Cawmocriiina po0oTa cTyaeHTa/acmipaHTa

Ne | Ha3Bu TeM i nuTaHb, 110 BHHOCHTHCS HA CAMOCTINHE OTPAIIOBAHHS Ta TIOCUIAHHS Ha
3/1 HaBYaJIbHY JIITEPATypy

1 | IloHATTS “BEIUKUX HAHUX

TexHomOTIi BEMMKUX TaHUX Ha cydacHe nporpamue 3ade3nedenss [11]. [Iporpamua
peatizairisi madyIoHiB mpoekTyBaHHs Mapreduce [1].

2 | bazoBi mporpamHi 3acobu poOOTH 3 HAIBETUKMMH MAaCUBAMHU JITAHUX.

ITporpamua exocuctema Hadoop. [Ipaktuune 3actocyBanns Hadoop B 3amauax Data
Science. Ornsn HiveQL, Pig, Yarn, Hbase. Ananituka nanux 3 BUKOpUCTaHHSAM Spark.
[2,4,5,7].

3 | Ilporpamua matdopma po3noaiaeHuX nanux Spark

Monens mapanensHux oduuciens Spark. Spark Job Scheduling. DataFrame API.
[IpencraBnenns nanux B DataFrames and Datasets. Core Spark Joins. EdexruBni
tparcdopmartii [5].

4 | OCHOBM MalIMHHOTO HaBYaHHS

Teopernuni 3acanu MamuHHOTO HaBYaHHs [9]. KomgyBanus ta minroroska qanux Mllib.
MacmrabyBanns ta BubOip xapakrepuctuk. MLIib Model Training. Ouinka Mmozeni
MAaIIMHHOTO HaBYaHHA [5].

5 | HaBuanns 3 yuureneM (Supervised Learning).

Merton croxactuanoro rpagienta SG. Jlorictiuuna perpecis. [Tpunimn Makcumymy
paBAoONoIIOHOCTI 1 JorapudMidHa QyHKIisI BTpaT. MeToa CTOXaCTUYHOTO Tpali€eHTa s
norapudmigHorO QYHKIT BTpaT. MaTeMaTndHi OCHOBH METO/IY OIIOPHHUX BEKTOPIB.
3aBAaHHA KBaJApaTHUHOTO MpOTrpaMyBaHHS 1 JBoicTa 3a1ava. [lobynoBa saep s MeTory
oropHUX BekTopiB. Kputepii sikocTi kinacudikamii: 9y TmBicTs 1 cnenudivnicts, ROC-
kpuBa i AUC, Tounictb i moBHoTa, AUC-PR [6, 9, 13, 15].




6 | Hauanns 6e3 Buntens (Unsupervised Learning).

[TocranoBka 3aBaanHs kinactepusaiii. [loctanoBka 3aBaannsa Semisupervised Learning,
MPUKIIAN 3aCTOCyBaHHA. Anroputm k-cepennix i EM-anroputm mns moainy ['aycoBckoi
cymimni. Anroputm Jlanca-Binbsimca Ta fioro okpemi BUMaku. AIrOpuT™M No0y10BU
neHaporpaMu. BuznaueHHs uucina kinactepiB. CHHTYISIpHAN pO3KIIan B 3a/1a4i 3HWKCHHS
po3mipHocTi. Alternating Least Squares 3 Bukopucranusim Spark [6, 9, 13, 14, 15].

7 | PexoMeHgariiHi CUCTEMMU.

3aBnaHHs KoabopaTuBHOI PUIbTpalil, TpaH3aKIiHiHI AaHi 1 MAaTpHULA Cy0'€KTH-00'€KTH.
Collaborative Filtering and Recommendation [5, 3, 9, 13].

8 | IlepcieKTHBHI HAIPSMKU PO3BUTKY MPOTpaMHUX 3ac00iB 0OPOOKH HAJBEIUKUX JaHUX 1
MaIIMHHOTO HaBYAHHS.

Pusuku, moB’s13aHi 3 3aCTOCYBaHHIM HaJBENUKUX AaHuX. [Ipobiema KoH}iAeHIIITHOCTI.
Hatudikaris [11].

[MoniTnka Ta KOHTPOJIb
6. IlosiTMka HABYAJIBbHOI JUCUHUILIIHU (OCBITHHOI0 KOMIIOHEHTA)

3aCcTOCOBYIOTBCS CTpATETii aKTHBHOTO 1 KOJICKTUBHOTO HAaBYAHHS, SIKI BU3HAYAIOTHCS HACTYITHUMU
METOJaMH 1 TEXHOJIOT1SIMU

1) merogu mpoOieMHOr0 HaBYaHHS (TIPOOJIEMHUI BHKIAJ, YaCTKOBO-TIONIYKOBHN (€BPHUCTHUYHA
Oecima) 1 JOCHITHUIIBKUN METO);

2) 0cOOHUCTICHO-OpIEHTOBAH1 (PO3BUBAIOY1) TEXHOJIOT1i, 3aCHOBAaHI HAa aKTUBHUX (opMax 1 MeToaax
HaBYaHHSA ( «MO3KOBHH ITYpM», «aHAJII3 CUTYallli» JUCKYCis, eKkcrpec-KoHpepeHitis);

3) iHdbopMaIiitHO-KOMYHIKAIIAHI TEXHOJOTi, Mo 3a0e3MmedyloTh MPOOIEMHO-IO0CTITHUIIBKAN
XapakTep MpoIlecy HaBYaHHS Ta aKTHUBI3AIII0 CAMOCTIMHOI POOOTH CTYAEHTIB (€JIEKTPOHHI MpE3CHTAIl
VI JIEKIIHHUX 3aHATh, BUKOPUCTAHHS ay/10-, B11€0O-MIATPUMKH HaBUAJIbHHUX 3aHATH).

4) nexmiiiHi Ta JabOpaTOpHI 3aHATTS BIAHOCATHCS JIO ayJWTOPHHMX 3aHATh. BiaBimyBaHHS
ayJTMTOPHUX 3aHATH € 000B’SI3KOBUM;

5) MpaBujia TOBEIIHKKM Ha 3aHATTAX: aKTHUBHICTh, MIiJATOTOBKA KOPOTKUX JOTOBiACH Yu
TEKCTIB, BIIKITIOYCHHS Tele(OHIB, BUKOPUCTAHHS 3aco0iB 3B’S3KYy IS MONIYKY iH(opwmamii Ha Tyri-
JUCKY BHKJIaJla4ya Y¥ B IHTEPHETI TOIIIO;

6) MpaBWJia 3axUCTy JabopaTtopHux poOiT. Ha mabopaTopHHX 3aHATTSAX CTYACHTH i
KEpPIBHUIITBOM BHKJIaJaya BHUBYAIOTH METOJUKY EKCIEPUMEHTAIBHUX JOCTiKeHb. Ha KoxHIH
nabopaTopHii poOOTI CTYACHTH 0()OPMIISIOTH 3BIT Y TUCHMOBOMY BUTIIsAI. J[0 3BITY 3aHOCUTHCS Tiepedir
JOCHiAy, WOro pe3yjbTaTH 1 JAIOThCSA TMOSICHEHHS OTPUMAHUX PE3YJIbTATIB 3 YpPaxXyBaHHIM IMOXHOOK

eKCTIEPUMEHTY.

7) iHmDMBiAyandbHI 3aBAaHHA 3 AWCHUILUNIHM  (pedepaTu, po3paxyHKOBOi, rpadiyHi,
TOIO)  BHUAAIOTHCS CTyAGHTaM B  TEpPMiHHM, TependayeHi  BHUIMUM  HaBYAIbHUM
3aKJIaJIOM. [HnuBiAyabHI 3aBJIaHHS BUKOHYIOThCSI CTYJCHTOM CaMOCTIHHO

IpH  KOHCYJIbTYBaHHI BUKIanadeM. JlOMyCKAlOThCS BHIIAJKA BHKOHAHHS KOMIUIEKCHOI TEMaTHUKH
KUIBKOMa CTYJICHTaMHU.
8) MpaBWJia TMPU3HAYCHHS 3a0X0YYBAJLHUX OalliB: CBOEYaCHE BHKOHAaHHS Ta 37a4a
Ja00paTOPHUX, THAWBITYAIbHUX 3aBAaHb, HECTAHIAPTHUHN MIIX11 10 BUPIIICHHS TICBHOTO 3aB/JIaHHS;
npaBuiIa MpU3HAaYeHHs MTpadHUX OalliB: HECBOEYACHE BUKOHAHHS Ja0OpaTOPHUX Ta
IHIUBITyaIbHUX 3aBJaHb, a TaKOX KOPHUCTYBAHHS JOMOMDKHHUMH 3aco0aMu (HANMpHUKIAJ, MOOUTbHHMA
TenedoH, KOHCTIEKT JISKIIIN) 1M1/ 9ac BUKOHAHHS KOHTPOJIbHOI pOOOTH.

9) MOJTITHKA JIeIJIaliHIB Ta TIEpPEeCKiIalaHbh: HEBYACHO BHUKOHAHI Ta 3/1aHi JJabopaTopHi poOOTH
OLIIHIOIOTHCS HIKYIOIO OIiHKOIO (-10-20% Bix 3aranbHOI MiICYMKOBOI OLIIHKH).
10) MOJITHKA TIOJ0 aKaJeMIYHOI JOOPOYECHOCTI: MMCHMOBI POOOTH MOXKYTh TIEPEBIPATUCS Ha

HasBHICTB IJIariaTy i JOMYCKAIOTHCS J0 3aXUCTY i3 KOPEKTHUMHU TEKCTOBUMH 3allO3UYEHHSIMH He OiIbIne
40%. CriucyBaHHS MiJ Yac KOHTPOJIBHUX POOIT Ta eK3aMeHIB 3a00pPOHEHI.

11) 1HIIII BUMOTH, 110 HE CyNepevyarh 3aKOHOAABCTBY YKpaiHH Ta HOPMAaTHBHHM JOKYMEHTaM
VYHiBepcUTeTy:



® TIOJIITUKA MO0 BiJBIAYBaHHS: BiIBIyBaHHS 3aHATH € 00OB’I3KOBUM KOMITOHEHTOM OIlIHIOBaHHS,
3a sIKe HapaxoBYIOThCS Oanu. 3a 00’ €KTUBHUX MPUYMH (MIATBEPIKEHUX JTOKYMEHTAIBHO) JO3BOJISETHCS
nepecKiIaaHHs MPOMYIICHUX TEM KypCy.

® MONITHKA MIOAO BUKOHAHHS 3aBIaHb: MO3UTHBHO OIIHIOETHCS BiAMOBIAATBHICTh, CTAPAHHICTD,
KpEaTHUBHICTh, PyH/IaMEHTAJIbHICTD.

7. Buau KOHTPOJIIO Ta PeTHHIOBA CHCTeMa OLIHIOBaHHA pe3yJbTaTiB HaB4aHHs (PCO)

1. OuiHka 3 [JWCHMIUTIHM BHCTABISETHCS 3a 0arato0aJbHOI CHUCTEMOIO, 3  MOJAJBIIUM
nepepaxyBaHHsAM y 4-0abHy.
2. MakcuManbHa KinbKicTh 0amiB 3 Aucuuiiiinu aopisHioe 100.
3. HapaxyBanHs OaJtiB Mo OKpeMUX BUIaX POOIT:
PeliTuHT cTyieHTa 3 KpeIUTHOIO MOJYJIsl CKIIaIaeThes 3 OalliB, 110 BiH OTPUMaB 3a:
- BUKOHAHHS NMPaKTUYHHUX POOIT;
- HaAmMCcaHHS KOHTPOJIbHOI poboTu (MKP).
Cucrema peiiTHHIOBUX (Baropmux) 0aJiB Ta KpuTepii ONIHIOBAHHA
1.BUKOHaHHS PAKTUYHUX POOIT
Ouintoetscst 3 pobotu, nependayeHux poOOUor0 Mporpamor. MakcumanbHuil Barosuii 6an rJIP

=60
Cyma BaroBux 0ajiiB MpakTHUYHUX POOIT:
Makcumanb
N . HUH
HasBa npakTuuHoi po6oTH .
p. BAaroBHil
Oan
1 Buxopucranns mrabnoniB mpoektyBanHs MapReduce. 20
) 3actocyBanns SparkSQL, pobGoTta 3 gaHMMHU 3 BHKOPHUCTAHHSIM 20
Dataframes Ta DataSet.
3 O06pobOka TekcToBOi iH(MOpMaIlii Ta MPOEKTYBaHHS O3HAK 3acO0aMH 20
Spark.
Pazom 60

OmiHIOBaHHS J1a00OPaTOPHUX POOIT:

—sKIIO0 poOoTa BHKOHaHAa HeBYacHO 3HIMaeThCcs 10-30% Big MakcMMaabHOI KITBKOCTI OamiB
(KUTBKICTh TPOLIEHTIB 3AJIEXKHUTh BiJ] TEPMiHY 3alli3HEHHS);

—SIKIII0O POOOTa BUKOHAHA HE CaMOCTIHHO Ta MPOCTEXKYETHCS HE 1HAMBIAyalbHE BUKOHAHHS TO
3HiMaeThbes 50% Big MaKCHMMAaIbHOI KUJIBKOCTI OalliB;

—SKII0O B MporpamMi HE BHUTPUMAaHI OCHOBHI IMpaBWJIa CTBOPEHHS MPOTPAMHHUX MPOAYKTIB
(MOIYJIBHICTD, ApYXKHiil iHTepdeiic, HassBHICTb KOMEHTApIB Ta T.I1.) 3HIMA€eThC 5%.

2. MonynbHMIA KOHTPOJIb

Ha ognomy 3 nekuiiHUX 3aHSATH MPOBOJUTHCS MOJYJIbHA KOHTPOJbHAa poboTa: MakcuMmanbHU
Baroswii 6an rMKP = 10.

O1iHIOBaHHS MOAYJIBHOI KOHTPOJIBHOT POOOTH BUKOHYETHCS HACTYITHUM YHHOM:

—SIKIIIO Ha BCI MHUTaHHS JIaHi MMOBHI Ta YiTKO apryMEHTOBaHI BiAMOBiJli, KOHTPOJIbHA BUKOHAHA
OXalHO, 3 JOTPUMAHHS OCHOBHHUX MPABUJI, TO BUCTABISAETHCA 9 - 10 GaniB;

—sIKIII0 METOJWKAa BHUKOHAHHS 3allPOMOHOBAHOTO 3aBJAaHHS PO3po0JeHa BiIpHO, aje JOMyIIeHI
HEMPUHIIUIIOB] TOMUJIKK Yy TEOPETUIHOMY OMHCI a00 po3paxyHKaX, TO BUCTABISAEThCS 6 - § Oais;

—Bim 3 10 5 OaniB HApaxOBYETHCS, SIKIIO METOJWKA BUKOHAHHS 3aBlaHHA po3poljicHa B
OCHOBHOMY BIpHO, aji¢ JOMYyIICHI JesKi 3 HACTYMMHUX MOMMJIOK: TIOMUJIKM Yy TPEACTaBICHI BUXIIHUX
JTaHUX, HE OOTPYHTOBaH1 TEOPETUYHI PILICHHS, TOMUJIKH Y METOJUII pO3pPaXyHKIB;

—HWK4Ye 3 OaliB HAPAXOBYETHCH, SIKIIO 3aBJaHHS HE BUKOHaHE ab0 JOMYyIIeH] Tpy01 MOMMIIKH.

3. Ex3zamen



Ex3amen BinOyBaeTbcsl y MUChbMOBIH popmi. MakcumanbHa oliHKa 3a ek3ameH ckianae rEK = 30

Oais.
YMOBH NMO3UTHBHOI MPOMiKHOI aTecTauii

Jiist OTpUMaHHS ,,3apaxOBaHO” 3 MEPIIOT MPOMIXKHOI aTecTanii CTy/IeHT IIOBUHEH MaTH HE MEHIIIE,
HDK 12 GamiB (32 yMOBH, 110 32 § THXKHIB 3T1HO 3 KAJICHIAPHUM IUIAHOM KOHTPOJIBHUX 3aXOJIB CTYIACHT
MIOBUHEH OTpUMatu 24 Oanu).

s oTpuMaHHs ,,3apaxoBaHo” 3 APYroi MPOMIKHOI aTecTallii CTy/IeHT MOBUHEH MaTH HE MEHIIIE,
HiX 40 GarniB (32 yMOBH, 110 32 14 TIKHIB 3TiIHO 3 KaJCHIAPHUM IUIAHOM KOHTPOJIBHUX 3aXO0JIiB CTYJCHT
MMOBUHEH OTpuMatH 76 6aiiB).

Pospaxynok mkamu (R) peiitunry:
CymMma BaroBux 0ajiB KOHTPOJIBHUX 3aXOJIB MTPOTIATOM CEMECTPY CKIIAJIAE:
R=60 +10+30 = 100 OaiiB

Takum YMHOM, PEUTHHTOBA ITKAJIa 3 KPeIUTHOTO MOayJIs ckiaagae 100 Gamis.

YMOBH AOIMYCKY /10 ICIUTY: 3apaxyBaHHs BCiX JJa0OpaTOPHUX POOIT, a TAKOXK CTAPTOBUM PEUTHHT T
> 40 Oais.

st otpumanHs ctyneHToM BianoBigaux omiHok (ECTS ta TpamuiiiHux) Horo pedTHHTOBa OIIHKA
RD nepeBoauThes 3riHO TaOJIHIII:

Tabmu1s BIAMOBIIHOCTI PEUTHHTOBUX OalliB OI[IHKAM 32 YHIBEPCUTETCHKOIO IIKAIIOKO:

Kinvkicmo 6anie Ouyinka
100-95 BigminHo
94-85 Jyxe nobpe
84-75 Jo6pe
74-65 3a70BIIBHO
64-60 JocTaTHbO
Metmtie 60 He3amoBineHO
He BHKOHAHI YMOBH JOIYCKY He nonyieno

8. Jomarkosa indgopmanisi 3 IMCHUILIIHA (OCBITHLOT0 KOMIIOHEHTA)

MeToanuHi pekoMeHaanii

JInst Kpamoro 3aCBOEHHS MaTepialy AUCIMIUTIHM PEKOMEHIYEThCS BUKOPHCTOBYBATH Ha JIEKIIAX
MYJIBTUMEAIHI 3acO0M HABYaHHS, SIK1 JO3BOJISIOTH IHTEHCU(IKYBaTH HABYAIbHUIN MPOLIEC, CTUMYIIOBATH
PO3BUTOK MHCIJICHHS Ta YSIBH CTYJAEHTIB, 30UIbLIyBaTH OOCAT HABYAJIBHOTO Marepiany IJIsi TBOPUYOTO
3aCBOEHHS 1 BUKOPHCTaHHS HOro CTyJeHTaMH, BUKIMKATU 3alliKaBJIEHICTb Ta IMO3UTHBHE CTaBJIECHHS 10
HaBYaHHSI.

Metoauka moOyoBaHa TaKMM YHHOM, IO Marepiajd Maibke KOXKHOI JIeKI[l 3aKpillIIeThCs
BUKOHAHHAM 3aBJJaHHS KOMIT IOTEPHOTO MPAaKTUKYMYy. 3aB/IaHHsS CTYIEHTH OTPUMYIOTh 3a3Jalieri/ib 1 Ha
ayJUTOPHOMY 3aHATTI MiJ KEPIBHUITBOM BHKJIJada BUIPABISIOTH MOMWIKA B pa3i X HasBHOCTI Ta
BIJINIOBIJJAIOTh HA 3alIMTaHHS 1I0JI0 IPOTrpaMHOi peastizalii Ta TCOPETUYHUX 3acaj poOOoTH.

SkicTh caMOCTIHHOT pOOOTH MEePEBIPSIETHCS HA 3aHATTSIX KOMIT IOTEPHOTO MTPAKTHKYMY.

Ilepenik nuTaHb, IKi BAHOCATHCHA HA CeMECTPOBHA KOHTPOJIb:

1. TlomsarTs Benukux ganux. [Iporpamumuii 3aci6 Hadoop

Meroau 1 TexHIKa aHaITI3y BEJIMKUX JTaHUX

Jatite Bu3HaueHHss MapReduce

Maiite Bu3HaueHHst Apache Spark

ApxiTekTypa posnoaiaeHoro nonatky Spark. Kom’rorepuuit knacrep. Byson
OcnogHi xonuentii Spark. RDD Ta rpa¢ nepetBopeHb

OcHoBHI eTanu 00poOKK JaHUX

3arpy3ka JaHuX 13 30BHIIIHBOTO CXOBHUIIA

XN WD
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41.
. Ha3zBaTu cyTTeBi. XapaKTEpPUCTHKN PEKOMEHAALIHHUX CUCTEM.
43.
44,

42

45.
46.
47.

48.

3MiHa pO3MINICHHS JaHUX Ta KUTBKOCTI MAPTUIIIN
Sk BimOyBaeThCsl 00UMCIICHHS Ha JaHUMH B Spark
PosranyxeHHs Ta iTepaTUBHI 00YHCIEHHS
Shuffle mexanizm
VYrpasninas namarTio B Apache Spark
DataFrame API ta Spark SQL. [latadperimu
Po6ora 3 DataFrame API B pamkax moOyaoBu crieHapiiB 00poOku gaHux Ha Spark
Bukopucranns ¢yskuiit kopuctysauis(UDF)
@yHKI1iT KOpUCTyBauiB arperauii B Spark
CTBOpeHHs, HaNMAIITYBaHHs Ta 3armyck Spark mpoexry. HanamryBaHHsS OTOYEHHS
CTBOpEHHS HOBOTO MPOEKTYy B Spark
OcnoBu mammHHOTO HaB4YaHHsA. Spark Mllib
3aranpHi BIIOMOCTI PO KIACUQIKAIIil0 Ta JOTICTHYHY PETPECito
CtBOpeHHs 101aTKy MamHHOTO HaBuaHHa Apache Spark MLIib. CTBopeHHS BXiTHOTO Kaapy
JaHUX
CTBOpEHHS MOJIEII JIOTICTHYHOI perpecii
HaBuanust Mozeni IoricTHYHOI perpecii
CTBOpEHHS Bi3yalbHOTO MPEACTABICHHS MPOTHO3Y
O06pobka TekcToBOi iHpOopMarii Ta MPOEeKTyBaHHS 03HAK 3acobamu Spark
Jl1st aHaMITUKY BEIUKUX JJAHUX BUKOPUCTOBYIOThCA KOMIIOHEHTH: ® MLLib — MamHHe HaBUaHHS,
® GraphX — pobGora 3 rpadamu, ® Spark-SQL — inTepdeiic, ® SparkStreaming — morokoBa
aHajiTuka. /laliTe BUSHAYCHHS ITUX KOMIIOHCHT
Moga nporpamyBanHs Scala. [IpusnaueHns.
ANTOpUTM “IepeBo pillIeHb .
3acTocyBaHHS BUTIQJKOBUX JIICIB I KiTacH(piKaiii JaHuX
Sk mpamtorots ancam0O:i. Ctekinr. berriar. byctinr
Anroputmu kiactepusalii. 3aava kinacrtepusariii. Tunu MeToiB KiacTepu3altii.
IepapxiuHa kiactepusanis. 3aCTOCYBaHHS METO/IB KJIacTepH3allii.
ANTropuUTMHU 3HM)KEHHS PO3MIpPHOCTI
Kaptu camoopranizanii. OCHOBHI KOHIIETIIi.
KonkypentHe HaBuaHHs. Apxitektypa. Tomosoris. AnroputMm HauaHHs. Iligxomu 1o
BU3HAYEHHS BiJICTaHEH. 3aCTOCYBaHHS.
CTBOpeHHS peKOMeHIaIiiHuX cucteM 3acobamu Spark MLIib
[lepcrieKTHBHI HANpsIMKH PO3BUTKY TPOTPAMHHUX 3ac00iB OOpOOKM HAIBENIWKHUX JaHUX 1
MaIIMHHOTO HaBYaHHS.
CydacHi HampsIMKM B MallMHHOMY HaByaHHI. Automated machine learning. Generative
Adversarial Networks. CrienianizoBade anaparne 3a6e3nedenns. Cloud Object Storage.
[Iporpamui pimeHHsT 00pOOKH HAJBEIMKUX JAaHUX B 3aJladyaX MaIlIMHHOTO HAaBYaHHS BiJ JIiIEpiB
puHKy (Amazon, Google, Facebook). Ilmatdopmu a5 MamMHHOrO HaBYaHHS Ta POOOTH 3
HA/JBEIMKMMU JaHUMH. MaluHHe HaBYaHHS K cepBic. MammHHe HaB4YaHHS Ha AWS. Azure
Machine Learning Packages. Google Cloud ML Engine. IBM Data Science Experience.
FBLearner.
Ha3BaTu OCHOBHI IPUYMHH, 32 SKUMHU CEPBICH 3aCTOCOBYIOTh CUCTEMHU PEKOMEHIAIIIM.

HaBecTtu npukiiaau sBHOTO 1 HEIBHOTO 300pY JaHHUX PO KOPUCTyBaUa.

HaBectn mpukiaau MOMyJSIPHUX PECYPCIB, JIe CIIOCTEPIra€ThCs BILUTUB PEKOMEHIAMIMHOT CHCTEMHU
Ha 3aITUTH KOPUCTYyBaya.

Ha sixi hakTopu crimpaetbes cuctema pekomenaauiid YouTube?

Ha3Batu 11iHHOCTI, SIKi TTOKJIaa€e Ha CBOiX KopucTyBadiB Facebook.

SIki ¢akTopu CyTTE€BO BIUIMBAaIOTh Ha (hopmyBaHHs cTpiukd HOBUH Facebook misi koHkpeTHOTO
KopucTyBaya?

Hazpatu hopmatu B3aeMoii KOpUCTyBaya 3 OTOUEHHSIM Ta iX BaroMICTh JJI PaH>KUPYBaHHS.



49. 3a sixuM prUHIMTIOM Tpaitioe anroputM Facebook mis pekomennantii apy3is?
50. SIki QakTopu CyTTE€BO BILTMBAIOTh Ha (POPMYBaHHS CTPIYKM HOBHH Instagram s KOHKpETHOTO
KopucrtyBaua?

PoGouy nporpamy HaBYaJIbLHOL AUCHUILTIHM (cHJ1a0yc): «O0po0/IeHHs HAABETUKUX MACHBIB JaHUX)»:
Craaneno nipodecopom kadenpu I13E, a.1.1., mor. @enoposoro Hatamiero BomoaumupiBHOIO
YxBajeno kadeaporo III3E (mpotoxon Ne 28 Big 15.05.2023 p.)

Ioromkeno Metoanunoro koMmiciero pakynbrery' (mporokon Ne 9 Bix 26.05.2023 p.)

'MeToanuHO0 pafoio YHIBEPCUTETY — AN1A 3araibHOYHIBEPCUTETCHKUX AVCLMMIIH.



	Реквізити навчальної дисципліни
	Програма навчальної дисципліни
	1. Опис навчальної дисципліни, її мета, предмет вивчання та результати навчання
	2. Пререквізити та постреквізити дисципліни (місце в структурно-логічній схемі навчання за відповідною освітньою програмою)
	Зміст навчальної дисципліни
	3. Навчальні матеріали та ресурси
	Навчальний контент
	4. Методика опанування навчальної дисципліни (освітнього компонента)
	5. Самостійна робота студента/аспіранта
	Політика та контроль
	6. Політика навчальної дисципліни (освітнього компонента)
	7. Види контролю та рейтингова система оцінювання результатів навчання (РСО)
	8. Додаткова інформація з дисципліни (освітнього компонента)
	2. Методи і техніка аналізу великих даних
	21. Загальні відомості про класифікацію та логістичну регресію
	22. Створення додатку машинного навчання Apache Spark MLlib. Створення вхідного кадру даних
	23. Створення моделі логістичної регресії
	24. Навчання моделі логістичної регресії
	25. Створення візуального представлення прогнозу
	31. Як працюють ансамблі. Стекінг. Беггінг. Бустінг


