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1 Hesn 1 3a0a4u M3yYeHHUs TUCHUILIMHBI (MOAYJIs1)

1.1 Ileab ocBOEHHS JUCHUILIHHDBI
Lenp pmucturuivHbl - M3ydeHWe NPUHIMIOB 00pabOTKM OOJNBIIMX JaHHBIX, TEXHOJOTHI
pacmpeeIeHHbIX BRIYMCICHHA, 00Ia9HbIX TUIAT(HOPM M HHCTPYMEHTOB aHAIH3a JIAHHBIX.

1.2 3agauyu TUCUMILIMHBI
- M3ydenme apXuTeKTYpHBIX pelieHui s padbotsl ¢ Big Data.
- OcBoeHHe MeTO/I0B 00pabOTKH CTPYKTYPHPOBAHHBIX M HECTPYKTYPUPOBAHHBIX JTAHHBIX.
- Ilpumenenue pacnpenenenubix Beruucienuit (Hadoop, Spark).
- Pa3paboTka anropuTMOB aHaNM3a TaHHBIX B PACIIPECNICHHBIX Cpeaax.

- Hcnonw3zoBanue 06auyHbIX maTdopm st 00paboTKu OOIBIINX JAHHBIX.

TpeGoBanusi K 3HAHUSIM M HABBIKAM:
- YmeHnue paboTtath ¢ pacnpeaeneHHbiMu cuctemamu (Hadoop, Spark).
- OmprT 00paboTku naHHBIX B 001a4HbIX cpenax (Yandex Cloud).
- HaBbiku ananu3a qaHHbIX ¢ iomolnkio Python (Pandas, PySpark, Dask).

- Ilonumanue apxutextypsl Big Data-penienuit.

1.3 MecTo qucuunMHbI (MOAYJisl) B CTPYKTYpe 00pa3oBaTeibHOI MPOrpaMMbl

HMuctunnmuna  «TexHonorun 00paOOTKM OOJBIIMX JaHHBIX» OTHOCUTCA K biok 1
JIMcuMIIMHBL, 4acTh, (opMupyemasi ydacCTHUKaMH 00pa30BaTeIbHOTO Mpolecca.

JluctunnuHa u3ydaercs B 7-M cemectpe. s ycremHoro ocBOeHUs HEOOXOAMMbI 3HAHUS,
MOJTy4YCHHBIC B TUCIUIUINHAX: « AnreOpa v BBEJCHUE B TCH30PHBIN aHAMH3», « Teopus BEpOSTHOCTEH
U MaTeMmaThuyeckas cTaTucTka», «[loAroroBka MaHHBIX MalIMHHOTO OOyudeHus», «TexHomoruu
yrpaBiieHus: JaHHbIMM NoSQL», «MHOroMepHbI CTaTUCTUYECKUH aHau3», U «MamuHHoe
oOyuenuey, «IIporpammupoBaHuey.

[IpenogaBanue BeneTcss B BUJAE JIEKIMM U 71a00pAaTOPHBIX 3aHATHI C HCIOJIb30BaHHUEM
MHTEPAaKTUBHBIX MeToJoB. JlabopaTtopHble pabOThl HaIlpaBlieHbl HA MPAKTUYECKOE OCBOCHHE
METO/I0OB M HHCTPYMEHTOB KJaccu(UKaIMK Ha PeabHbIX TaHHBIX.

Hucuumnnuua ¢GopMUpyeT KOMIETEHLUH, HEOOXOAMMBbIE MJisi BBIMOJIHEHUS BBITYCKHON
KBTU(UKAIIMOHHOW paboThl U MPOQPECCUOHANBHON NEATENHHOCTH B OONACTH BBIYHCIUTEIBHBIX
TEXHOJIOTHH.

1.4 IIpodeccuonanbHbIE POJIM B CTPYKTYpPe 00pa3oBaTeIbHOM NPOrpaMMbl

Pons 1: Data Engineer (MHkenep 1mo 1aHHbIM)
3agauu:

IIpoextuposanue u nocrpoenue ETL-nponeccos

Co31aHue ¥ ONTUMU3AIMS XPAaHWINIL JAaHHBIX

ObecnieueHne kayecTBa M JOCTYITHOCTH JAHHBIX

Hacrpoiika nnppactpykTypsl uis 06pab0TKH OOJBIINX JaHHBIX

WuTerpanus pa3po3HEHHBIX HCTOYHUKOB JJAHHBIX

PaboTa ¢ JaHHBIMU B 00JIACTH TPUPOIOIIOIB30BAHUS, METUIIMHBI, CBSA3U U T€JICKOMMYHUKAIIHHA
POJ‘IL 2: ML Engineer (Un:xxenep MO)

ouakrwbdE

Bagaun:



Peanusanus ML-monenei B IpOLyKTUBHBIX CUCTEMAX
OnTuMu3anus MPOU3BOJUTEIBHOCTH U MACIITAOMPOBAHUE MOJIETICH
PazpaboTtka ML-naiituiaiiHOB 1 aBTOMaTH3aLUs IPOLIECCOB
MOHUTOPHHI KauecTBa MOJIENIEN B IIPOLYKTUBE

Wuterpauus ML-pemienuii ¢ 6u3Hec-TIPUI0KESHUIMHI

il il

Ponp 3: MLOps (Cnenuanauct no sxcruryaranuu UN)
3amauu:

1  ABromaru3aius npoueccoB 0OydyeHHUs U pa3BEepPThIBAaHUS MOJENIEH
MonuTtopuHr npoussoautesnbHoct ML-cucrem

VYrpaBneHue BepCUsIMHA MOJIENIEN U TAHHBIX

Ob6ecneuenne CI/CD nns ML-nipoekToB

OnTuMu3anus BEIYMCIUTEIBHBIX PECYPCOB

el

1.5 IlepevyeHb nJaHHpPyeMbIX pe3yJbTATOB O0y4YeHHMs IO IMCUHHILIMHE (MOIYJIIO),
COOTHECEHHBIX € IVIAHUPYEMBbIMH Pe3yJbTATAMH OCBOCHHS 00Pa30BaTeJbHOM NPOrpaMMbl

N3yuenne nanHON y4eOHOW MUCIUIIIMHBI HANPaBICHO Ha (OpMUpOBAHUE Y OOYJArOIIUXCS
CHEAYIONIUX KOMIETEHIINM:

BD-3 Cnoco0eH OpraHu3oBbIBATH XPaHEHHS JAHHBIX, BbIONpAasi ajeKBaTHbIE
TeXHOJIOTHYeCKHe peleHust
BD-3.1 Pa3pabartbiBaeT, OTIaKHUBAET U TECTUPYET MPUKIIAJIHBIE PELICHUS C

anemenTamu MM ¢ npuMeHeHneM pa3andHbIX TEXHOJIOTUN XpaHEHUs
CTPYKTYPUPOBAHHBIX JaHHBIX, OLICHUBAET KAYECTBO.

[Inmrer aHanUTHYECKUE 3aMPOCHI K TaHHBIM U aHAIM3UPYET IUIaH 3apoca.
YMeeT co3naBath NpeCTaBICHUS], XpaHUMBIE TPOLEAYPHI, PYHKIIUU U
TPUITEPHI.

3nanue TunoB CYB/I: pensauronnsie, NoSQL, KoloHOUYHBIE, TOKYMEHTHBIE -
ApXUTEKTypa pacnpenesneHHbIX cuctem xpaneHus - [Ipunuunsr ACID, CAP-
Teopema - MeTopl MHAEKCAUK U MAPTUHHUOHUPOBAHMS - [ [pruHIMIIBI
TPaH3aKIMOHHOCTH

YMmetb: Bweioupats Tunn CYB/I o 3amaun MU - IIpoekTrupoBaTh cXeMbl
JaHHBIX Uit ML-Moneneit - AHaIM3UpoBaTh U ONITUMU3UPOBATH IJIAHBI
3anpocoB - PazpabaTeiBaTh CIOKHBIE aHATUTUYECKUE 3anpockl - Co3naBarh
database objects (views, procedures, functions)

Bnanenue SQL (oxonnsie pynkiuuu, CTE, cnoxxubie mxoiiHbl) - HaBbik
yrenus explain plan - OntuMuzanus 3anpocoB yepe3 uHAeKchl - Coznanue
xpaHuMsbIx npouenyp it ETL - Pabota ¢ Tpurrepamu [uis moaaep:kaHus
LIEJIOCTHOCTH

BD-4 Cnoco0eH NpUMEeHATh Pa3JIuvYHbIe MOJeJH U (MJIN) TeXHOJIOTHH
00padOTKM JAHHBIX

BD-4.1 OcymecTBisieT BEIOOP TEXHOIOTUN 00pabOTKU OOJBIINX JTaHHBIX,
MPUEMJIIEMBIX JUISl CO3AaHMs NpUKIaIHON cucteMbl MU ¢ 3anaHHbIMEI
TpeOOBaHUSMU

Crioco0OeH OpraHrM30BBIBaTh pacmlpeAesieHHOE XPaHWIIHINE U MapaIeIbHYIO
00paboTky Ha 6aze coBpeMeHHbIX TexHoNorui (Hadoop, Spark) Gonpinx
JAHHBIX:

3nate: Apxutektypy Hadoop ecosystem (HDFS, YARN) - Moaenu
Bbruucnenuii: MapReduce, DAG - [Ipunuunst RDD u DataFrame B Spark —
npuHuunsl CTpuMUHroBoi 00paboTku vs batch processing - [TaTTepHbl
Lambda/Kappa apxurekryp




VYmets: Beibupate cTek Texnosoruit mox 3agauu MU - IlpoektupoBats
pacnpenenennsle ETL-naiinnaiins! - OnTuMu3upoBaTh NPOU3BOAUTEIBHOCTD
Spark-npunoxenuii - OpraHu30BBIBaTh MIAPIUPOBAHUE U PEILTUKAIIIO
JAHHBIX

Brnaners PySpark API - Hacrpoiika u agmunuctpupoBanue Hadoop/Spark
KJ1acTepoB - OnTuMU3anus yepes3 NapTUIMOHUPOBAaHUE, KIIIMPOBAHUE -
MOHUTOPHUHT TPOU3BOAUTEIBHOCTH PACTIPEICIEHHBIX CUCTEM

BD-5

Cnoco0eH NpUMeHATH TEXHOJIOTHH Opranusanuu nH@ppacTtpykrypst bJ{

BD-5.1

OcymecTBiseT BEIOOp HAMIPABICHHUS BCIOMOTATEILHBIX TEXHOJIOTHIECKIX
pereHuit st GopMUPOBAHUS €ANHOTO CTeKa paboThl ¢ OONBITUMH JAHHBIMA
JUIS pellieHns OCTaBIEHHOM 3a/1aun. PyKoBOIUT poeKTaMu MO OpraHu3aliu
uHppactpykrypst b/I:

3HaTh: NpUHIMUIIEI TocTpoeHus data lake, data warehouse - MeTob
opkectpaiuu naimiaiiHoB (Airflow, Prefect) - CI/CD mns data projects -
MounutopuHr u observability B data-cucremax - MeTo070Tuu ynpaBieHus
data projects.

YmeTs: DopMUPOBATH €AMHBIN TEXHOJIOTUYECKHUI CTEK - Y IPABIATh
YKU3HEHHBIM LUKIIOM data infrastructure - Beibupars HHCTpYMEHTHI
MOHHUTOPHHTa U opkecTpauuu - OuenuBatb TCO nHGpacTpyKTYPHBIX
penieHui.

Brnanets HaBbIKaMu MPOEKTHOTO ympasiieHus B data-npoekrax - CocraBieHue
T3 na undpactpykrypy - Benenne texundeckoit fokymentanuu - OreHka
pUCKOB HHOPACTPYKTYPHBIX PEIICHUH.

ML-1

Cnoco0eH npuMeHATH 3HAHUSA 00 UCTOPUM Pa3BUTHS M TPEHIAX
coppemenHoro U niist popmyimpoBaHusi KOPPEKTHBIX NOCTAHOBOK
3a/1a4 M MOUCKA MePCNEeKTHUBHBIX CMIOCO00B pelieHus mpoodjaem ¢
nomous MU

ML-1.2

Onpenenser TEHAECHIUN Pa3BUTHS, OLICHUBACT HOBU3HY U IPAKTHYECKYIO
3HAYMMOCTh CBOMX PELICHUM C TOUKH 3PEHUSI COBPEMEHHOI'O NCKYCCTBEHHOTO
nHTeIUIeKTa. [IpoekTupyeT 1 BHEAPSIET KOMIUIEKCHBIE MalTUIaiiHbI
MIpeIBApUTENIbHON 00pabOTKH TaHHBIX C UCIIOJIb30BAHUEM COBPEMEHHBIX
merton0B MU, apromaTu3zanuu u feature engineering B pa3inuyHbIX
MPEAMETHBIX 00JIaCTSAX. 3HATh: COBPEMEHHbIE apXUTEKTYpbl ML-Moneneit
(tpancdopmepsr, GAN, RL) - Meroas! feature engineering u feature selection
- MLOps npunnuns! u best practices - CoBpeMeHHbIe (pEeiHMBOPKH
aBTomaruueckoro ML - Tpenas! B o6mactu MU (LLM, MynbsTUMOAaNbHBIE
MO/IEIIH )

Ymets: Ilpoektuposats end-to-end ML naiinaiinsl - [IpumeHsaTh
aBTOMaTU3UpPOBaHHBIN feature engineering - OuieHNBaTH OM3HEC-IIECHHOCTh
ML-pemennii - AqanTupoBaTh state-0f-the-art moaxo1p! o 3ama4un

- Bnaneane MLflow, Kubeflow - Coznanue Bocripon3Boaumbix ML-
OKCIIEPUMEHTOB - ABTOMAaTH3AIIUs MalTUIaifHOB mpe1oopadboTku - A/B
tectupoBanue ML-monenen

PL-1

Crnoco0eH NpuMeHATH sA3bIK NporpammupoBanust Python nus pemenus
3aga4 B ooJgactu U

PL-1.3

PazpabaTbIBaeT 1 MOIEPKUBACT CUCTEMbI 00paOOTKH OOJIBIINX JAHHBIX
pa3IUYHOM CTENeHH CI0KHOCTU. COCOOEH CTPOUTh APXUTEKTYPY
BBIUMCIIEHUH ¢ ucronb30BaHueM cloud-native HHCTpYMEHTOB, B TOM YHCJIE
6eccepBepubix pemienuit (Yandex Cloud Functions): 3HaeT: apXuTeKTypHBIE
nartepHsbl big data cuctem - [Tpunimnst serverless computing - Cloud-native
noxo ! (KoHTelHepu3anus, orchestration) - ACHHXpOHHOE
nporpammupoBanue B Python - MoHUTOpHHT M 0TJIa/IKa pacpeeIeHHbIX




cucreM. YMmeet: [IpoektupoBars Macmtabupyemblie data-mpuinoskeHus -
Hcnons3oBate 6eccepBepubie apxutekTypsl g ETL - OntumusupoBats
pou3BoAUTENBHOCTE Python-koza - HTerpupoBars pasnnynsie cloud-
cepBuchl. Bianeer — naBbikamu pa3pabotku Ha PySpark, Dask, Ray -
Co3znanuem u nemem cloud functions - Konrelinepuzamueit npunoxeHni
(Docker) - Hactpoiikoii aBToMaTHYECKOT0 MaciTabupoBanus - OnTuMu3arus
costs B cloud-cpene.

2. CTpyKTYypa M coaepKaHHe TUCHHUIINHBI

2.1 Pacnipenesienue TPyA0EMKOCTH AMCIHILUIMHBI 10 BUAAM padoT

OO6mas Tpy10EMKOCTh JUCHUILIMHBI cocTaBiseT 4 3au. en. (144 yacoB), ux pacnpenencHue
110 BHJIaM paboT MPEICTAaBICHO B TaOJIHIIe

Bceer
Buner pabor 0 Popma
0o0y4yeHHs OYHAs
4acoB
7 cemectp
(uacer)
KonTakTHasi pa6oTa, B TOM YHCIe: 70.3 70.3
AyauTopHBIe 3aHATHS (BCEro): 68 68
3aHATHSI JIEKIIMOHHOTO THIA 34 34
J1a00pATOPHBIC 3aHATHUS 34 34
MPaKTUICCKUEC 3aHATHSA - -
CEeMHUHAPCKUE 3aHATHSI - -
HMHasi KOHTAKTHas1 padoTa: 4,3 4,3
Kontpois camocrosgrenshoii padotsl (KCP) 4 4
[Tpomexyrounas arrecraims (MKP) 0,3 0,3
CaMocTosiTeIbHAsi padoTa, B TOM YHCJIE: 36 36
Kypcogast pabora/mpoekt (KP/KII) (noaroroska) - -
KontponbHas padbora - -
Pacu€rno-rpaduueckas padora (PT'P) (moaroroBka) 12 12
BeinosHeHre UHIMBUAYaIbHBIX 33/IaHUH 10 TIOATOTOBKE pedepaToB, COOOIICHHH, 8 8
npe3eHTaImi
CamocrosTenpHas IpopaboTKa U MaTepraia yieOHUKOB U yU4eOHbIX OCOOUH, 10 10
MOATOTOBKA K JIAOOPATOPHBIM 3aHSTHSIM
[ToAroToBKa K TEKyIIeMy KOHTPOIIO 6 6
KoHTpoJib:
[ToaroToBka K 3K3aMeHy 35.7 35.7
Oomas qgac. 144 144
TPYA0EMKOCTH B TOM YHCJI€ KOHTAKTHasi pa6oTa 70.3 70.3
3a4. e 4 4
2.2 CTpyKTypa AUCHHUILIMHBI
KoaunuyecTBo yacos
A Bueayaur
Ne HaumenoBaHnue pa3jeJioB (Tem) YAHTOpHaAs OpHas
Bcero padora
padora
JI JIP CPC
1 |2 3 4 6 7
. | BBenenue B Big Data. I[Ipo6nemaruka u 6a3oBble ’ ) )
" | KOHLICIIIMH. 6
5 Pacnpenenennas @aiinosas cucrema HDFS u 5 5 5
" | oobekTHOE XpaHenue. Hadoop u sxocucrema 6
3 Mopenu  Bbruucnenuiti. MapReduce wu  ero 9 9 9
" | DBOJIIOLHSL. 6




KoaunuecTBo yacoB
AyauTopHasi Bueaynur
Ne HaumeHnoBanue pa3jesioB (Tem) yaTop opHast
Bcero padora
pabota
J JIP CPC
1 2 3 4 6 7
4. | Beenenne B Apache Spark. Apxurekrypa u RDD. 6 2 2 2
5. | Spark SQL u DataFrames. 6 2 2 2
6. | Onrtumusanus B Spark. 6 2 2 2
7. | Pabota ¢ Spark B o0nake u KIIacCTEpHOM PEKHUME. 12 4 4 4
[TotoxoBast oOpaboTka maHHBIX co Structured
8. . 2 2 4
Streaming. 8
9. | ETL-naimnansl Ha Spark. Best Practices.. 6 2 2 2
10. | OLAP vs OLTP. KosoHouHbIEe 0235l JaHHBIX. 6 2 2 2
1 I'nmyboxoe morpyxenue B ClickHouse. [[Bmkku ’ ’ ’
' | TabJIMIl ¥ MAPTUIIHOHUPOBAHUE. 6
12. | Onrummzanus 3anpocoB B ClickHouse. 6 2 2 2
13. | Unrerpanus Spark u ClickHouse. 6 2 2 2
14 MHcTpyMeHThI  OpKecTpanuu JaHHbiX. Apache 5 5 5
" | Airflow. 6
15 Apxutektypa Big Data-pemienuii Ha HpakTHKe: 4 4 4
KEHCHI HHIYCTPHAIBHBIX TAPTHEPOB 12
HUTOI'O no pa3nenam JHCHHMILIMHBI 104 34 34 36
KonTpons camoctosTensHoil pabots! (KCP) 4
[Tpomexxyrounas arrectanms (MIKP) 0,3
IToaroroBka K TeKyuiemMy KOHTPOIIO 35.7
Oo0mas Tpy10eMKOCTh M0 JUCIUTIIHHE 144
2.3 Conepxanue pa3iesioB (TeM) QU CHUATIAHbBI
2.3.1 3ausaTHAa JEeKINOHHOI0 THIIA
CootBeTc
®opma
TBHE
TeKyl|
HaumeHnoBaHue HHIUKATO
Ne Conep:xaHue pa3aeiia (TeMbl) ero
pa3aena (TemMbl) pam
KOHTP
KOMIIETCH
oJidA .
U
1 2 3
IMousitue 6ompiux manabix (Volume, Velocity,
Variety, Veracity, Value). O6nactu npuMeHeHUs |
IpUMEPHI UCIIOIB30BaHus (coluanbHbie ceTH, 10T,
¢buHaHCBI, MeAUIIMHA). Paznuuus Mexmy
T b Big Data- .
Beeerue B pamuuumonHeiMu CYB/] u Big Da 5.1 pelIeHUsIMHU
Big Data DBOJIIOIMS TI01X010B K 00padoTke: or RDBMS k
' acIpe/IeJICHHBIM CUCTEMAaM.
1. | Mpo6remarux | P JIP ML-1.2
P 0630p sxocuctemsl Hadoop (HDFS, YARN,
a u 0a30BbIe .
MapReduce) u coBpemeHHbIX (ppeiimBopkoB (Spark,
KOHLETILINH. .
Flink).
Kuznennslit nukn qanasix: coop, ETL, xpanenue,
aHaIu3, BU3yaau3alusl.
Oo6naunsle atdopmsl s Big Data (Yandex Cloud,
AWS, GCP) — 0630p cepBHUCOB.
Pacnpenenenn | [IpuHIuIeI pacnpeaesieHHbIX BRIUUCIEHUI. Moaenu JIP
, | ¢aitnoBas pacnpenenenHbix Beranciaenuit. Hadoop, Spark, Kafka BD-4.1,
" | cucrema Apxutektypa HDFS: NameNode, DataNode, PL-1.3
HDFS n MIPUHLMIBI PEIUIMKALMU U 0TKa3oycToiunBocTu. Rack




CootBeTc

dopma TBHe
HaumenoBanue ey MHAUKATO
Ne Coaep:xanue pa3jesia (TeMbl) ero
paspaena (TeMbl) KOHT pam
P KOMIIETECH
oJId w
707
1 2 3
00BEKTHOE Awareness. OObekTHBIE Xpanuiuima (S3-
XpaHCHHE. coBmectumbie): Yandex Object Storage, apxurekrypa,
Hadoop u npeumymectsa nepegq HDFS.  Komanner mist paboTsl
IKOCUCTEMA ¢ HDFS u S3.
Apxurekrypa Hadoop (HDFS, YARN). Uuctpymentsr | JIP
Mo e (Hive, Pig, HBase). Moaens Beiuncienuit MapReduce.
A . Ananoru:  Apache  Spark, mnpeumymectBa U
BBIYHCIICHUI. .
HEIOCTaTKH. JeranpHplii  pazbop Moaenu BD-4.1,
3. | MapReduce u . BD-5.1
ero MapReduce: Map, Shuffle & Sort, Reduce. -5.
Orpannuenust u cnoxxknoctu MapReduce. [Touemy
HBOJTIOITHSL.
Spark mpumen na cmeny MapReduce? Bmenenue B
Resilient Distributed Datasets (RDD).
RDD, DataFrame, Dataset. Onrumusanus | JIP
BeiuncieHuit. Spark SQL u onmTumuzamus 3ampocos.
Beenenue B Apxutekrypa Spark: Driver, Executor, Cluster
4 Apache Spark. | Manager  (Standalone,  YARN, Kubernetes). BD-3.1,
" | Apxurektypa | Konnenmus Resilient Distributed Datasets (RDD): BD-4.1
u RDD. cBo¥icTBa, lineage, Tpanchopmariyu, AeHCTBUSL.
JlenuBble BhruuciaeHuss u  1iaHupoBHMK (DAG
Scheduler).
Apache Kafka: apxutexkTypa u mpumMeHeHHe. JIp
Apache Flink / Spark Streaming. O6paboTka coObITHI
B pEAJIbHOM BPEMEHHU. Orpannuennss RDD.
Spark SQL u p P P BD-4.1,
5. DataErames [IpeumymectBa DataFrame API. Konmenmus Catalyst PL-13
' Optimizer u Tungsten Engine. Ctpykrypa DataFrame,
cxema (Schema).
Hcrounuku n npuemuanku ganabix (Data Sources API).
[TapTunOHMpPOBAaHUE JAHHBIX: 3a4€M HYXHO U Kak | JIP
Ontmvusarms | PHACT  Ha  MPOM3BOAHTENLHOCTD. Crpareruun
6. 5 Spark 1 coenunenusi  (Joins).  Broadcast Hash  Join. BD-5.1
park. KsmmmpoBanue 1 mepcucTeHTHOCTh JaHHBIX B MaMATH.
AHasu3 11aHa BBITOJTHEHHS 3arpoca (explain).
Yandex Data Proc, Yandex Object Storage. JIP
Pa6ora ¢ PasBeprteiBanue kiactepa. PasBepteiBanue Spark Ha
Spark B YARN B Yandex Cloud (ucmonn3ys Yandex Data BD-4.1
7. | obnake u Proc). Kuznennsiit uukn Spark-npunosxenus: client vs BD-5 1.
KJIACTEPHOM cluster mode. Ilepemaua  koHdurypauuit u
peXUME. 3aBUCUMOCTEN (Jar Gaiinsl, Python-
nakeTsl). MOHUTOPUHT puiokeHuit yepes Spark Ul
JIP
MoToKoBas Knaccudukanus, knacrepusanus, PeKOMEHATENbHbIE
cuctembl. [IpuHIMIIBI TOTOKOBOK 00pabOTKH.
obpaboTka :
g AHHEIX CO Monaens Structured Streaming: Tabnuna pe3ylnbTaToB, BD-4.1,
' gtructure q WHKpPEMEHTAILHOE BBIMOJIHEHUE. VICTOYHUKHU U ML-1.2
Streaming. ctoku (sinks): Kafka, aiinoBsie cucteMbl, KOHCOJIb.

Oxna (Windows) u Boqsinbie 3Haku (Watermarks).




dopma

CootBeTc

BIX MTAPTHEPOB

obecrnieueHue HaJEKHOCTH BCEU CHCTEMEI.

TBHE
HaumeHoBanue TeKym MHAUKATO
Ne Coaep:xanue pa3jeiia (TeMbl) ero
paspaena (TeMbl) KOHT pam
P KOMIIETECH
oJId w
707
1 2 3
ETL- [Ipoextuposanue Hanexxubix ETL-mporieccos. JIp
. O6paboTka OmMKOOK, TOBTOPHBIE MTOTIBITKH.
IMauIJIaflel HA BD-4.1,
9. Hurerpanus ¢ cuctemamu opkectpanuu (Apache
Spark. Best . ML-1.2
. Airflow). ITarrepns! ucnons3oBanus: Lambda/ Kappa
Practices. .
Architecture.
Pazmuans mexxny OLTP u OLAP cucremamu. JIp
OLAP vs [Ipunnunsr pabotel kojoHouHblx CYBJ[ (xpanenue,
10. OLTP. c)KaTue, BEKTOpU3alts). ML-1.21
Kononouneie
0a3bl JTaHHBIX. 0O0630p peraka: ClickHouse, Apache Druid, Amazon
Redshift, Google BigQuery.
I'my6oxoe . JIp
Apxutekrypa ClickHouse: cronOiel, cxatue,
MOTPYKCHHE B .
ClickHouse WHJIEKCHI (3ampockl primary key).
1. | TTswicxu ' JBmxku Tabmuir: cemeiictBo MergeTree — ocHOBa BD-4.1,
' A MIPOU3BOIUTENBHOCTH. [lapTHIIHOHUpOBAHUE H BD-5.1
5 COPTHUPOBKA JTaHHBIX. 3epKATMPOBAHUE U
TTapTHHHOHHP mapaupoBanue (ReplicatedMergeTree)
OBAaHME. )
Kax pa6orator nanekcsl B ClickHouse (3ampochr JIp
Onrumuzanus | primary key).
12. | 3anpocosB B BekTopru3oBaHHOE BBINIOJIHEHUE 3aITPOCOB. BD-5.1
ClickHouse. Marepuaan3oBaHHbIE IPEACTABICHUS U MPOCKIIHH.
MOHHUTOPHHT U TPOPHINPOBAHKE 3aIIPOCOB.
[Tarrepusl B3aumoerictus: Spark -> ClickHouse u JIp
ClickHouse -> Spark.
Hurerparus
13. | Spark u HcnonwszoBanue odunuanbaoro JDBC-koHHEKTOpA. BD-4.1,
' . Hcnonb3oBanue cnenuain3upoBaHHBIX KOHHEKTOPOB ML-1.2
ClickHouse. . )
(clickhouse-spark-connector). Best Practices o
BCTaBKE JaHHBIX (0aT4h, ACHHXPOHHOCTH).
WNuctpymeHTs . JIp
R Keciyﬁ - [IpoGnema ynpasnenus ETL-nalimianamu.
p patl Ocnosnele koHnenuu Airflow: DAG, Operator, Task,
14. | naHHBIX. ML-1.2
Scheduler.
Apache Cosznanue ¥ MiIaHUpOBaHUE MMANUIIIAHOB
Airflow. 8 P '
ApxXuTekTypa PI'P
P P Cbopka xiaccuueckux apxurekryp: Lambda, Kappa.
Big Data-
elIoHH Ha Pons xaxxmoro kommnoneHTa B ctake (Kafka, Spark,
p ClickHouse, Airflow).
15. | mpakTHKe: o
KOHChL Kputepun Be160pa TEXHOJIOTHI 1O KOHKPETHYIO
OousHec-3a1a4y. MOHUTOPHHT, TIOTUPOBAHUE U
WHIYCTpUATBH

2.3.2 JIaGopaTopHbIe 3aHATHS




dopma

HaumenoBanue
No Tematuka J1abopaTOPHBIX padboT TEKYIIIETO
paznena (Tembl)
KOHTPOJIS
1 Hacrpoiika okpy:keHus u nepsoe 3HakoMcTBO ¢ Yandex |Onpoc mo
._|Cloud. TEOPETUYECKOM
Bsenenue B Big
Data. e Co3zmanue akkaynta B Yandex Cloud. }(’)MaTepHaﬂy'
. TUCT 110
[Ipo6nemaruka (e 3HakomcTBO ¢ nHTEpdericom Yandex Cloud Console. na6opaTopHoii
1 6a3oBbIC e Cosnanue BupryanbHoii Mammnsl (Yandex Compute paGore.
KOHICIINH. Cloud) ¢ mpexycranosnennsimu Docker u JDK/Python.
e Iloaxmouenue k BM nmo SSH, 6a3oBsie koMaHab! Linux.
2. Pabora ¢ cucremamu xpanenus B Yandex Cloud. Ompoc 1o
Pacripenenenna |  Cospanue 6akera B Yandex Object Storage. TCOPETHHICCKOM
A aidnosas 3arpy3ka, CKauMBaHUE U YIIPABJICHUE JAHHBIMU Yepe3 y MaTepHaiy-
cucrema HDFS Corll)s}(])gle I:I CLI ynip A p Otuer mo
1 00BbEKTHOE ' 71abopaTOpHOIA
XpaHEHHe. e PasseprriBanue HDFS B Docker-konreiinepe (MCmonb3ys |pagore.
Hadoop u docker-compose).
JKOCHUCTEMA e [Ilpaktuka 6a3zoBsix komaung HDFS (hdfs dfs -put, -get, -
Is).
3. Peasmsanus aaropurma WordCount na MapReduce Omnpoc o
(Java). TEOPETHIECKOM
Monenn e Hanmcanue Mapper u Reducer xnaccos Ha Java. y Matepuay.
BEIHCIICHHH. CO6opka mpoekrta ¢ moMoIibio Maven Orier 1o
MapReduce u pKa Tp m ’ 71abopaToOpHOI
ero ssomonus. |® SAIYCK DKOOBI Ha JIOKAIBHO Pa3BEPHYTOM pa6ore.
Hadoop/YARN xnactepe (B Docker).
e AHaiM3 JIOTOB U BBIXOJHBIX JAHHBIX.
4. OcHnoBbl padotsl ¢ RDD B PySpark. KonTponsHast
e 3amyck Spark Shell (PySpark) B JOKaJIbHOM pEXHME. pabora Ne2
BBenenue B . ITpoBepka
Coznanrie RDD u3 xosueknuu u u3 ¢aiina B
Apache Spark. . BBINOJTHEHHS
HDFS/Object Storage.
ApXxuTeKTypa u JOMAITHAX
RDD. e [IpumeHeHue OCHOBHBIX TpaHcopManuii (map, filter, pabor.
flatMap) u nefictBuii (count, collect, take).
e Peamuzamnus WordCount ¢ ucnons3osanueM RDD API.
5. O0padoTKa CTPYKTYPUPOBAHHBIX JaHHBIX ¢ MOMOIIbI  |Onpoc o
Spark SQL. TEOPETHUYECKOM
o Cosnmanue SparkSession. éMaTepHany.
TUYCT 110
Spark SQLu |e 3arpy3ka CSV/JSON nannsix B DataFrame. naBopaTopHoii
DataFrames. ¢ Brmosnnenune 3anpocos ¢ ucnons3oBanneM DataFrame  |paGore.
API (select, filter, groupBYy, agg).
e Ucnonb3oBanue Spark SQL st Beimonnenus SQL-
10TI00HBIX 3aMPOCOB.
6. OnTumusanus Spark-npuioxeHuit. Ormpoc 1o
e AHaNW3 [UIaHa BBITIOJHEHHUS CIIO)KHOTO 3aIpoca. TeopeTiieckoM
.. y MaTepuainy.
Onrumusanys Ble  M3MeHeHMe CTpaTeruu NapTULMOHUPOBaHHUs (repartition, Oruer 1o
Spark. coalesce). y
nabopaTopHOH
e [IpumeHeHHe KIIUPOBAHUS I UTEPATUBHBIX pabore.

OIEepaLlUi.




CpaBHeHUE BpEMEHH BBIIIOJIHEHUS] JI0 U 110CIIE
ONTUMU3ALNH.

1. 3anyck Spark-3agaum Ha kiaacrepe Yandex Data Proc.  |Ompoc o
PaGora ¢ Spark [* Cosnanne kiacrepa Data Proc. TeopeTHieckoM
y Martepuaiy.
B o0nake u e [loaroroBka ckpunra Ha PySpark u 3arpyska ero B Oruer o
KJIaCTEPHOM Object Storage. na6opaTopHoii
PEKUME. e 3amyck 3agaun ¢ nomompio Yandex Data Proc Ul CLI. |pagore.
e MOHHTOPHHT BBINIOJHEHUS 3a1aun yepe3 Spark Ul
8. O6pab6oTka nmoroka nanubix ¢ Kafka u Spark Structured |Ompoc o
Streaming. TEOPETHYECKOM
MoTokoBas e PasseprriBanue Kafka B Docker. éMaTepHaﬂy'
TUCT 110
0obpaboTka e Co3nmanue mpoirocepa, TeHEPUPYIOIIETO TECTOBBIC naGopaTopHoii
JTAHHBIX CO TTAHHBIE. pabore
Structured e Hanucanue Spark-npuioxenns, KOTOPOE YMTAET TAHHBIE
Streaming. n3 Kafka, arperupyer ux B CKOJIb35111€M OKHE U BBIBOJIUT
pe3yJbTarT.
e (OmmmonanbHo) 3ammchk pe3ynbTatoB B ClickHouse.
9. IMocrpoenue ckBo3uoro ETL-naiinniana. -1l-
e Hanucanue PySpark-ckpunra, KOTOpBIii:
1. Ywuraer "ceipsie" JSON-nannbie u3 Object Storage.
ETL-naiiruianst 2. TIpoBomHT OYHCTKY M BaTMAAIMIO (06paboTKa
Ha Spark. Best TIPOITYCKOB, TIPHBEICHHE THIIOB).
Practices. 3. BrimonnseT oboramenrue JaHHBIX (IPKOHH CO
CIIPAaBOYHHKOM).
4. 3anuceiBaeT 00paOOTaHHBIC JaHHBIC B KOJOHHBIH
dopwmart (Parquet) B npyryro nanky Object Storage.
10. Ycranoska u Hacrpoiika ClickHouse. -1l-
8t_’|6_‘PP Vs e PaszpepreiBanue ClickHouse B Docker.
KOJ‘IOH-OLIHLIG e 3nakomctBo ¢ CLI-knmuenTom clickhouse-client.
0a3pl nannbix. |® CoznaHue nepBoil 6a3bl JaHHBIX U TaOnuuel. M3ydenue
OCHOBHBIX THUIIOB JIAHHBIX
11. Co3ganune ontumusupoBanubix Ta0aun B ClickHouse. -11-
F'nyboxoe o Cosnanue Tabnunpl ¢ aerxkkom MergeTree, ykazanue
g‘l’_rllj(yl_)'KeHHe B KJIF0Ya MapTHIIMOHUPOBAHUS M IEPBUYHOIO KIIFOYA.
ICKRouse. o
JBMoKKH TabHIL e 3arpy3ka nanueix u3 CSV-gaiina.
- e (CpaBHeHHE IPOU3BOJUTEIHLHOCTH 3alIPOCOB K OJIHOM U
A THLHOHUPOB TOM ke TabauIle ¢ pa3HbIMU MEPBUYHBIMH KIIIOUaAMHU.
aHue. e Co3znanue perTuiIupyeMoi TabIuIIbI
(ReplicatedMergeTree).
12. Ananu3 u ontumusanus 3anpocos B ClickHouse. -1l-
e Hamucanue cnoxHbIX aHATUTUYECKUX 3aIIPOCOB
o (oxonnsie pynkiuu, GROUP BY ¢ moaudukatopamu
HTAMHSAIT WITH TOTALS).
3aMmpocoB B
ClickHouse e lcnonb3oBanue EXPLAIN u EXPLAIN PIPELINE nns

daHaJIN3a IJIaHa 3a1poca.

CO3,Z[aHI/Ie MaTCprUaJIM30BAHHOT'O IPCACTABIICHUS T
YCKOPCHUSA 9aCTO UCIIOJIb3YCMBIX arperaunﬁ.




13. 3arpy3ka nannbix u3 Spark B ClickHouse. -1/-

e Hamnucanue PySpark-ckpunTa, KOTOpBI YUTAaET JaHHBIC

WnTerpars u3 Parquet-¢aiinos B Object Storage.
Sp_ark u e IIpeoOpa3oBanue TaHHBIX U 3arpy3Ka UX B TAOJIHILY
ClickHouse. ClickHouse ¢ ncnons3osanrem JDBC-koHHEKTODA.

e Peammzanus crparerun "upsert" yepes3 UCHOIb30BaHUE

IBUXKA ReplacingMergeTree.
14. Co3znanue DAG B Apache Airflow. -Il-

Wuctpymentsl |e  PasseprteiBanue Airflow B Docker.

OpKECTpalimk |9  Hamucanue npoctoro DAG, KOTOpBIii:

AQHHBIX. 1. 3amyckaer Spark-3amauy Ha Data Proc.
Apache 2. OKuJaeT ee yCHeIHOro 3aBepLICHHUS.
Airflow. 3. OrmpaBnseT yBenomiieHne (B KOHCOMb MM JIOTH) O
pesybTare.
15. ®OuHanbHbIH npoekT. CKBO3HOI naiiniaiin oopadoTrkn  |[3ammura
JAHHBIX. (MHAIBHOTO

e Ilean: Peanu3oBaTh MUHHATIOPHYIO, HO HOJIHOIEHHYR0 ~ |TPOCKTa

Big Data-cucremy B Yandex Cloud.

e 3anaua:
1. UcTounuk aaHHbIx: MuTamsa noTtoka COOBITHI
(KIHMKH, TPOCMOTPHI) C TOMOIIBIO CKPUITA, TUIIYILIETO
B Kafka/Yandex Message Queue.
2. TlorokoBas o6padorka: Spark Structured Streaming

ApXuTekTypa npuioxxenue (Ha Data Proc) uuraer u3 Kafka,

Big Data- arperupyeT JaHHbBIC B peaJbHOM BpeMeHH (HanpuMmep,
peleHuit Ha M0 5-MUHYTHBIM OKHaM) U MUILIET ChIPbIE U

ITPaKTHKE: arperupoBaHHble 1aHHbIe B Object Storage (Parquet).
KCHCBI 3. ETL u 3arpy3ka B OLAP: OtnensHoe Spark-
HHAYCTPUAIBHBI IPUJIOKEHHUE (3aIlyCKaeMoe 10 PACIIUCAaHUIO Yepes

X IapTHEPOB Airflow) uuTtaet coipbie qaHHble U3 Parquet, mpoBoauT

JIOTIOJTHUTEIIbHYIO OYMCTKY U 00OTaIleHue, U
3arpyxkaet pe3ynbTaT B ClickHouse.

4. AnanuTuka: Hanrcanue CI0)KHBIX aHATUTUYCCKUX
3anpocoB B ClickHouse ai1s1 mosyuenus 6u3Hec-MeTpuK
(DAU, LTV, Ton ToBapoB u T.1.).

e PesyabraT: OTYeT C KOJIOM, CKPUHIIIOTAMU
paboTtatomux cucreM (Spark Ul Airflow DAGs,
pe3ynbsTaThl 3anpocoB B ClickHouse) u onucanuem
APXHUTEKTYPBHI.

2.3.4 IlpumepHasi TEeMATHKA KYPCOBBIX PadoT (IIPOEKTOB)
He npenycMoTpeHb! yueOHBIM IIIaHOM

2.4 IlepedyeHb y4eOHO-METOAMYECKOr0 OOecmeYeHHsl I CaMOCTOSITEIbHOH PadoThI
o0yyamuxcsi Mo JUCHUILINHE (MOIYJIIO)

e Bux CPC [Tepeuens yueOHO-METOINYECKOTO 0OECTICUSHHSI TUCITUTLIAHEI
} 0 BBITIOJIHEHUIO CAMOCTOSITENILHOM paboThI

1 2 3




[TpopaboTka u TOBTOpEHHE
JEKIIMOHHOTO MaTepHara,
MaTepuaia yueOHO! 1
HAay4HOU JIMTEPaTypBhl,
MOJI'OTOBKA K CEMUHAPCKHM

Meroaudeckue ykazaHus 110 BBIITOJIHEHUIO CAMOCTOSITEIIBHON
paboThI, YTBEp)KICHHbIE HA 3acelaHIH Kadeapsl
BBIUMCIIUTENILHBIX TEXHOJIOTHH (PaKylIbTeTa KOMIBIOTEPHBIX
TEXHOJIOrui U npukiagHoi Marematuku ®I'6OY BO
«Ky6I'Y», mporokon Ne7 ot 07.05.2025 1.

3aHATUAM

MeTtonndeckue yka3aHus 110 BBIIOJIHEHUIO CAMOCTOATEIbHON
paboThl, yTBEPKIECHHbIE HA 3aceJaHUH Kadeapsl
BBIYHCIIUTENbHBIX TEXHOJIOTUHN (paKyJIbTeTa KOMIIBIOTEPHBIX
TEXHOJIOruil U npuknagHoi marematuku ®I'6OY BO
«Ky6I'Y», npotokon Ne7 ot 07.05.2025 1.

2 [ToaroToBka k
1a0b0pPaTOPHBIM 3aHATHSIM

MeTtonyeckue yka3aHus 10 BBIIOJIHEHUIO CAMOCTOATEIbHON
paboThl, yTBEPKAECHHbIE HA 3aceJaHIH Kadeapsl
BBIUHMCIUTENBHBIX TEXHOJIOTUH (paKyJIbTeTa KOMIIBIOTEPHBIX
TeXHOJIOruil U npukiaaHoi Marematuku ®I'6OY BO
«Ky0I'Y», mpotoxos Ne7 ot 07.05.2025 .

[ToaroToBka Kk pemieHuo
3a/1a49 M TECTOB

Meroanueckue ykazaHus 110 BBIITOJIHEHUIO CAMOCTOSITEIbHON
paboThl, yTBEPKAECHHbIE HA 3aceJaHUH Kadeaphbl
BBIYHUCIUTENbHBIX TEXHOJIOTUH (haKylIbTeTa KOMIIBIOTEPHBIX
TEXHOJIOTMH U npukiagHon matematukn @I'6OY BO
«Ky0I'Y», mpotoxos Ne7 ot 07.05.2025 .

[ToaroToBka kK TeKymemy
KOHTPOJIIO

Y4eOHO-METOAMYECKUE MAaTepUATIBI JJISI CAMOCTOSITEIIbHON paboThl 00yUaIONMUXCsl U3 Yncia
WHBAJIUIOB U JIUI C OTpaHUYEHHBIMH BO3MOKHOCTSIMU 3710poBbs (OB3) npenocrasisitoTcs B popmax,
aIalITUPOBAHHBIX K OTPaHUYEHUSIM UX 370POBbsI U BOCIPUATHS HH(OPMaLIUK:

JIis U1 ¢ HapyIIEHUSIMH 3pEHUS:

— B ITIeYaTHOU (popMe yBEIIMUECHHBIM MIPUPTOM,

— B (hopMe PIIEKTPOHHOTO JOKYMEHTA,

— B opme aynuodaiina,

— B ITIe4aTHOM opMe Ha si3bike bpaiins.

Jljig 11 ¢ HapyIICHUSAMH CIyXa:

— B IIeUaTHOU opme,

— B (hopMe 3JIEKTPOHHOTO JOKYMEHTA.

Jljig 11 ¢ HapyIIeHUSMH OTIOPHO-JBUTATENILHOTO anmnapara:

— B [IeYaTHOM opme,

— B (hopMe PIIEKTPOHHOTO JOKYMEHTA,

— B (hopMme ayauodaiina.

JlaHHBI TIepeueHb MOKET OBITh KOHKPETH3UPOBAH B 3aBHUCUMOCTH OT KOHTHUHIEHTA
oOyuaromuxcs.

3. OoOpa3oBaTesibHble TEXHOJOTHHM, TNPHMEHsieMble IPU OCBOCHUM JUCIHHILIMHBI
(MoxyJis)

B cootBerctBuu ¢ TpeboBanusmMu PI'OC B mporpaMma AUCHUIUIMHBI TPeIyCMaTpPUBAET
MCIOJIb30BaHKE B Y4eOHOM MpoIlecce CIEIYIONUX 00pa3oBaTelbHbIE TEXHOJIOTHUHU: YTEHUE JISKIIUN C
WCIOJIb30BaHUEM MYJIbTUMEIUITHBIX TEXHOIOTHIT; METOT MaJIbIX TPYIII, pa300p MPaKTUYECKUX 33124
U KEMCoB.

HpI/I O6yquI/II/I HCIOJIB3YIOTCA CICAYIOIINC O6pa3OBaTeJ'ILHLIC TCXHOJIOTHUH

1. Texuonorus KOMMYHUKAaTUBHOT'O o6yquI/151 - HalrpaBJICHA Ha q)OpMI/IpOBaHI/IC
KOMMyHHKaTHBHOﬁ KOMIICTCHTHOCTU CTYACHTOB, KOTOpas ABJIACTCA 6a3OBOI71, HCO6XO,[[I/IMOI>'I JJIsL
azanral K COBpEMCHHBIM YCIIOBHUAM Me)KKYHLTypHOﬁ KOMMYHUKaAIHUH.



2. Texuomorusi pa3HOypoBHEBOro (muddepeHIpoBaHHOTO) OOy4YeHHs — TpEAroJiaraer
OCYILIECTBJICHUE I103HABATEIbHON [JESATENIBHOCTH CTYAEHTOB C YYETOM HMX WHIMBUIYAIbHBIX
CIOCOOHOCTEH, BO3MOXKHOCTEH M HWHTEPECOB, MOOUIPSsS WX PEaTH30BBIBATH CBOM TBOPUYECKHIA
noteHuuan. Co3laHuE U UCNOJIb30BaHUE JUATHOCTUYECKUX TECTOB SIBJISETCSI HEOTHEMIIEMOM YacCThbIO
JAHHOM TEXHOJIOTUHU.

3. TexHosorusi MOJIYIHHOTO O0YYEHUS — IIPEAYCMaTPUBACT JICIICHUE COJIEPKAHUS JUCIUTIINHBI Ha
JI0OCTaTOYHO aBTOHOMHBIE pa3ienbl (MOIYJIN), UHTETPUPOBAaHHBIE B OOIIMIT KypC.

4. WNudopmanmmoHHO-KOMMYHHKannoHHbIe — TexHosorun  (MKT) -  pacmmpsior  paMku
00pa30BaTEeNLHOTO TPOIIECCa, MOBBIMIAS €ro TMPAKTHYECKYI0 HaIpaBICHHOCTb, CIIOCOOCTBYIOT
MHTCHCU(UKAIIMN CaMOCTOSITETIbHOW Pa0OThl  y4dalluXCs W TOBBIIMICHUIO TIO3HABATEILHOU
aktuBHOCTH. B pamkax UKT Beiaensdtorcs 2 Buaa TEXHOIOTH:

5. TexHonorus Ucroib30BaHUsI KOMIBIOTEPHBIX MPOTPaMM — MO3BOJISET IPPEKTUBHO TOTOTHUTH
nporuecc 0Oy4eHHs SI3bIKY Ha BCEX YPOBHSX.

6. HHTepHET-TeXHOJIOTUN — MPENOCTABISAIOT MMPOKHE BO3MOXKHOCTH ISl TIOMCKAa WH(OPMAIIHH,
pa3paboTKN HAyYHBIX IPOEKTOB, BEJICHUSI HAYYHBIX UCCIIEIOBAaHUI.

7. TexHonorus UWHAMBUAyaJU3alUd OOyYEHHUS — TIOMOTaeT peaJn30BbIBaTh JIMYHOCTHO-
OPUEHTUPOBAHHBIN MOJIX0/l, YUIUTHIBAs UHAUBHUAYaJIbHbIE 0COOEHHOCTU U MOTPEOHOCTH y4YalluXCs.

8. IIpoekTHas TEXHOJOTHS — OPUEHTHPOBAHA HA MOJEIMPOBAHUE COIMATHHOTO B3aMMOICHCTBUS
yUaluxcs € UENbI0 pelIeHMs] 3aJayd, KOoTopas OIpeneisercs B paMKax Npo¢ecCHOHaIbHON
MOATOTOBKH, BBIIEISS TY WM UHYIO IPEAMETHYIO 00J1acTh.

9. Texuomorusi 0Oy4eHHS] B COTPYIHHYECTBE — peaU3yeT WA B3aUMHOTO OOyYeHHs,
OCYILIECTBJISISL KaK UHIUBUIYAIbHYIO, TaK M KOJIJIEKTUBHYIO OTBETCTBEHHOCTD 3a pellleHre Y4eOHbIX
3ajad.

10. UrpoBass TEXHOIOTHS — IO3BOJSET DPAa3BUBATH HABBIKM DPACCMOTPEHUS psiia BO3MOKHBIX
croco0OB pelieHus: NpoOseM, aKTUBU3UPYsS MBIIIJICHUE CTYJICHTOB U PACKPBIBAs JMYHOCTHBIN
MOTEHIMAJ KaKJI0T0 y4aIlerocs.

11. TexHonorus pa3BUTHUA KPUTHUYECKOTO MBIIUICHHS — CIHOCOOCTBYET (HOPMHUPOBAHHIO
Pa3sHOCTOPOHHEH JIMYHOCTH, CIOCOOHOM KPUTHYECKH OTHOCUTHCS K MH(OPMAIMK, yMEHUIO OTOUPATh
MHGOPMALHIO [Vl PELICHUs IOCTaBJICHHOM 3a/1auH.

12. KoMIUIEeKCHOE HCIIOJIb30BaHME B YYEOHOM IIpPOLECCE€ BCEX BbIIIEHA3BAHHBIX TEXHOJOIHM
CTUMYJHUPYIOT JINYHOCTHYIO, HHTEUIEKTYalbHYI0 aKTUBHOCTb, Pa3BUBAIOT I103HABaTEJIbHbIC
IIPOLIECCHI, CLIOCOOCTBYIOT (POPMHUPOBAHUIO KOMIIETEHLIUH, KOTOPBIMHU JOJDKEH 00J1aaTh Oy yliuii
CIELIUAIIUCT.

OcCHOBHBIE BU/Ibl HHTEPAKTUBHBIX 00pPa30BaTEJIbHBIX TEXHOJIOTUI BKIIOUAIOT B CEOSI:

13. paGota B ManbIX rpymnmnax (KOMaH/ie) - COBMECTHas AEATEIbHOCTb CTYJICHTOB B I'PYIIIE M0
PYKOBOJICTBOM JIMJepa, HAIIpaBJICHHAsl Ha pelieHue oOmiel 3a1auu myTéM TBOPYECKOTO CI0XKEHUs
pe3yiabTaTOB HMHIMBUAYaIbHOH pabOThl UYJCHOB KOMAHIbl C JEJNCHHEM IOJHOMOYUN U
OTBETCTBEHHOCTH;

14. npoexTHast TEXHOJIOTUS - WHAMBUIyaJlbHAasl WM KOJUIEKTUBHAs JIESATEIBHOCTh 10 OTOOpY,
pacnpenesIeHuI0 U CUCTEMATU3allud MaTepuala IO OINPEAEICHHOW TeMe, B pe3yibTaTe KOTOpPOU
COCTaBJISICTCS IIPOEKT;

15. aHanu3 KOHKPETHBIX CUTYallUi - aHAJIU3 PeaTbHBIX MPOOIEMHBIX CUTYallUH, IMEBIINX MECTO
B COOTBETCTBYIOLIEH 001acTH NpodeccHoHaTbHON AEATENIbHOCTH, W MOMCK BAapHAHTOB JIYUYIIMX
peLieHui;

16. pa3BUTHE KPUTHUYECKOTO MBIIUIEHUS — 0Opa3oBaTeNbHas JeATelIbHOCTb, HANPAaBICHHAs Ha
pa3BUTHE Yy CTYIEHTOB pPa3yMHOTro, Pe(IEeKCUBHOTO MBIIUIEHUS, CIIOCOOHOTO BBIIBHHYTH HOBBIE
UJIEU U YBUJIETh HOBBIE BO3MOYKHOCTH.

ITonxoxa pa3dopa KOHKPETHBIX 33a7a4 ¥ CUTYaIMi ITMPOKO UCTOJIb3YeTCsl KaK MperoaaBaTesieM, Tak
U CTyJIEHTaMHU BO BpeMsI JIEKIIUi, TaOOpaTOPHBIX 3aHATUN U aHAIN3a PE3YJIbTaTOB
CaMOCTOSATENILHON PabOThL. TO 0OYCIOBICHO TEM, YTO IIPU MCCIIEIOBAHUN M PEILICHUH KaxX 101



KOHKPETHOM 3a71auy UMeeTCs, KaK IIPaBUII0, HECKOJIBKO METOO0B, a 3TO TpeOyeT pa30opa U OLEHKH
L[EJI0M COBOKYITHOCTH KOHKPETHBIX CUTYaLUH.

[Ipu mpoBeneHnn 1aOOPATOPHBIX 3aHATUN YUACTHUKH 3aKPEIUISIIOT MPONHACHHBIA MaTeprai
myTeM OOCYKICHHUS BOIIPOCOB, TPEOYIOIIMX OCOOOr0 BHMMAaHHS W TOHMMAHHUS, OTBEYAIOT Ha
BOIIPOCHI IIpenoaBaTesis U JIpyrux ClyllaTeseld, OCYILECTBISIOT PELIEHUS! TECTOB, HAllPaBIEHHbIX
Ha MOBTOpPEHUE JIEKIIMOHHOTO MaTepuajia U HOPMATUBHBIX JOKYMEHTOB IO M3y4aeMOW TEMAaTHUKeE,
BBINIOJIHAIOT PELLIEHUE 33/1a4, KOTOPbIE CIIOCOOCTBYIOT Pa3BUTHIO MPAKTUYECKUX HABBIKOB B 001acTH
W3y4aeMOM JUCUUILINHBI.

B uucno BugoB paboThl, BBIIOIHIEMOHN CIyIIATENISIMU CAMOCTOSATEIBHO, BXOIT:

1) mouck u U3y4eHue JUTEPATyphl 110 pacCMaTpUBAEMON TEME;

2) MOUCK M aHaJIu3 HAay4YHbIX cTaTell, MOHOTpaduii o paccMaTpUBaeMON TEME.

WHTepakTuBHBIE 00pa30BaTEIbHbIE TEXHOJIOTUH, UCIIOJIb3yEMbIE B ayJTUTOPHBIX 3aHATHIX:
IpU peaju3aliy pa3IMYHBIX BHUJIOB Yy4eOHONH pabOThl (JEKUUH W MPaKTUUYECKUX 3aHATHI)
UCIOJIB3YIOTCS  Cleaylomue  oOpa3oBaTelibHblE  TEXHOJOTMH:  JIMCKYCCHM,  Ipe3eHTalluH,
KoH(pepeHnHu. B couetanuu ¢ BHeayIUTOPHON pabOTON OHM CO3JAIOT JOTMOJHUTEIbHBIE YCIOBHS
dbopMupOBaHUS M Pa3BUTUA TPEOYEMBIX KOMIIETCHIIMH OOYYaOIIUXCS, TMOCKOJBKY TO3BOJISIOT
o0ecneynTh aKTUBHOE B3aMMOJIEHCTBHE BCEX YYACTHUKOB. DTH METObI CIIOCOOCTBYIOT JIMYHOCTHO-
OPUEHTHUPOBAHHOMY MOJXOY.

Bce nepeuricnennbie Bubl 1 GopMbl yueOHON pabOThI U TEKYILIET0 KOHTPOJISI HAapaBieHbl Ha
dbopMupoBaHre y 0OydYarImUXCs MNPOPECCUOHANbHBIX KOMIIETEHIUH, MPEIyCMOTPEHHBIX IPHU
IUIAHUPOBAHUM PE3yJIbTaTOB OOyYeHUS MO JUCLUUIIIMHE W COOTHECEHHBIX C IUJIaHUPYEMbIMHU
pe3yibTaTaMi OCBOEHUS! 00pa30BaTeIbHON MPOrPAMMBI.

JUid JIMIl ¢ OrpaHWYEHHBIMH BO3MOJKHOCTSMH 3I0POBbSl IIPEIyCMOTPEHA OpPraHU3anus
KOHCYJIbTAllUil C MCIOJb30BAHUEM HIIEKTPOHHOM MOUTHl M YCTAHABJIMBAETCA OCOOBIH MOPAIOK
OCBOCHMs YKa3aHHOM AMCUUIUIMHBL. B 00pa3zoBaTeabHOM Npolecce HCIOJIB3YHOTCA COLMAIBHO-
aKTHBHBIE U pe(IIEKCUBHBIE METO/Ibl 0OYUCHHMSI, TEXHOJIOTMH COLIMATIbHO-KYIbTYPHOHN peaduInuTanuu
C ILEJIBI0 OKa3aHHA IOMOLIM B YCTAHOBJICHMM ITOJIHOLICHHBIX MEXJIMYHOCTHBIX OTHOIIEHWM ¢
IPYrUMHM CTYJEHTaMH, CO3JAHUU KOM(OPTHOTO ICUXOJIOTHYECKOTO KIMMaTa B CTYAEHYECKOH
rpymIe.

Belieo3sHaueHHble  00pa3oBaTesIbHbIE TEXHOJIOTMH AT  Haubosiee  3PQPEeKTUBHbIC
pe3yJabTaThl OCBOCHMS IJUCLMIUIMHBI C NO3MLMHA aKTyaJM3allUd COJNEP)KAHHUA TEMBl 3aHATHSA,
BBIPAOOTKU MPOJYKTUBHOTO MBIIUIEHUS,, TEPMUHOJIOIMUECKOM I'PaMOTHOCTH U KOMIIETEHTHOCTHU
00y4yaeMoro B acHeKTe COLMAIBLHO HalpaBJIEHHON MO3UIMK Oyaylero OakanaBpa, U MOTHBALUU K
MHUIMATUBHOMY U TBOPYECKOMY OCBOEHHUIO y4eOHOT0 MaTepuaia.

4. OIIeHO‘-IHI)Ie U MECTOAUYECCKUC MaTepna.m)I
4.1 OueHo4HbIe CPeACTBA /ISl TEKYIIEro KOHTPOJISI yCIIeBAeMOCTH M MPOMEKYTOYHOM
aTTrecTaluu

OneHouHble CpEACTBA NpPEJHA3HAYEHbl JUISI KOHTPOJIA M OLEHKM 00pa3oBaTelbHBIX
JIOCTIDKEHUM  0Oydaromuxcsi, OCBOMBIIMX IpOrpamMMmy Y4eOHOM JUCHMIUIMHBI —«HA3BaHUE
JMCLUTUTUHBD.

OneHouHble CPENCTBA BKJIIOYAET KOHTPOJIBHBIE MaTepHalbl Ul IIPOBEIEHUS TEKYILIero
KOHTPOJIs B popMe OTUETOB 110 JaOOPaTOPHBIM paboTaM 1 MPOMEKYTOYHOI aTTecTanuu B popme
BOIIPOCOB U 3a/IaHUM K DK3aMEHY.

OneHouHble CpeACTBa ISl MHBAIUIOB U JIML C OTPAHUYEHHBIMU BO3MOKHOCTSIMH 3/I0POBBS
BBIOMPAIOTCS C YUETOM UX UHAMBUIYATbHBIX ICUXO0(U3NIECKUX 0COOCHHOCTEH.

— Np¥ He0OXOAMMOCTH MHBAJIHMIAM U JIMLAM C OTPaHUYEHHBIMU BO3MOKHOCTSAMH 3/10POBBS
IIPEIOCTABIISIETCS JOMIOJHUTENBHOE BPEMs JI71s IOATOTOBKHM OTBETA HA DK3aMEHE;



— NP MPOBEJCHUU TPOLEAYPbl OLEHUBAHUS PE3yJIbTaTOB OOY4YECHHs WHBAIUIOB M JIHIl C
OTPaHUYECHHBIMH BO3MOXKHOCTSIMU 30POBBSI IMPEIYyCMATPUBACTCS HCIOIb30BAHUE TEXHUYECKUX
CpeACTB, HEOOXOIUMBIX UM B CBSI3M C UX MHAMBUAYAIbHBIMU 0COOCHHOCTSIMU;

— MIPU HEOOXOAUMOCTH I O0YYAIOUINXCSl C OTPAHUYEHHBIMU BO3MOKHOCTSIMU 3/I0POBbS U
WMHBAJINJIOB MIPOIEIypa OLIEHUBAHUS PE3YIHTaTOB O0OYUYEHUS MO TUCHUIUIMHE MOXET IMPOBOJAUTHCS B
HECKOJIBKO 3TarloB.

[Iponiemypa oOIEHHMBAaHUS PE3yNbTATOB OOYYECHHS HHBAJIHMIOB W JIMIl C OrPaHUYCHHBIMU
BO3MOJKHOCTSIMH  37I0pPOBBSl 110 JUCHUIUIMHE (MOIYIIO) TMpeIycCMaTpUBAeT IPEIOCTaBICHHUE
nHbopmanmi B (opmMax, aganTUPOBAHHBIX K OrPAaHUYEHHUSM WX 3J0POBbS M BOCIPHATHS
UHGOpMAITHH:

JUig U1 ¢ HapyIIEHUSIMH 3pEHUS:
— B IIeYaTHOU opme yBeTMYeHHBIM HIpUdTOM,
— B (JopMe AIIEKTPOHHOTO JOKYMEHTA.

JInst AL ¢ HapylmeHUs MM CITyXa:

— B IIe4aTHOU opme,

— B (JopMe DIIEKTPOHHOTO TOKYMEHTA.
JLnst in ¢ HapylmeHus MU ONIOPHO-JBUTaTEIbHOTO anmapara:

— B IIeUaTHOU opme,

— B (JOpMe PIIEKTPOHHOTO JTOKYMEHTA.

HaHHBIfI NEPECUYCHbL MOXKET OBITh KOHKPETU3HUPOBAH B 3aBUCHUMOCTH OT KOHTHUHI'CHTA

00yJaronuxcs.

CTpyKTYypa OlIEHOYHBIX CPECTB IS TeKYlIel U MPOMEKYTOYHOM aTTecTaluu

Kon HaumenoBanue
Ne T R —— KOHTPOJIIpyeM OIICHOYHOTO CPEJICTBA
1/ " on . [TpomexxyTouHas
(TeMBI) TUCITUTIITMHBI Texymmit
1| KOMIICTCHITHH aTTecTanus
KOHTPOJITh
(nnm ee 4yacTH)
Brenenue B Big Data. BD-3, BD-4 | JlabopamopHas
Bonpocubt k
[Ipo6nemaruka u 6a30BbIC paboma Nel
IK3AMEHY
KOHIICTIIU Y.
Pacnipenenennas ¢aiinosas BD-3, BD-4, | Jlabopamopras | Bonpocwi k
cuctema HDFS u o6bekTHOE BD-5 paboma Ne2 oK3aAMEHY
xpanenue. Hadoop n
IKOCHCTEMA
. BD-3, BD-4, | Jlabopamopuas | Bonpocwi k
Mojienu BBIYHCIICHUN. BD-5 PL-1 Goma N3
MapReduce u ero sBosntonus. ' p ) drsamerty
Benenue B Apache Spark. BD-3, BD-4, | Jlabopamopnas | Bonpocwi k
Apxurektypa u RDD. BD-5, PL-1 | paboma Ned IK3aMeEHY
BD-3, BD-4, | Jlabopamopuas | Bonpocwi k
Spark SQL u DataFrames. BD-5, PL-1 | paboma Ne5 IK3AMEHY
BD-3, BD-4, | Jlabopamopuas | Bonpocwi k
Ontumuzanus B Spark. BD-5, PL-1 | paboma Ne6 IK3AMEHY
PaGora ¢ Spark B o6maxe u BD-3, BD-4, | Jlabopamopuas | Bonpocwi k
KJIACTEPHOM PEXHUME. BD-5, PL-1 | paboma Ne7 9K3AMEHY
[ToTokoBast 06paboTKa BD-3, BD-4, Jlabopamopnas | Bonpocwl k
NaHHBIX co Structured BD-5, PL-1 paboma Ne§ OK3aAMEHY
Streaming.




9 ETL-naitruianst Ha Spark. BBIB'?%’ BPIID_-L_}L, /labopamopnan | Bonpocul k
Best Practices. -5, PL-1 | paboma Ne9 OK3AMEHY
BD-3, BD-4, | Jlabopamopuas | Bonpocwt k
10 OLAP vs OLTP. KosmoHouHbIE BD-5, PL-1, | paboma Nel( oK3aAMEHY
0a3bl JaHHBIX. ML-1
I'myGokoe norpyxeHnue B BD-3, BD-4, | Jlabopamopnasa | Bonpocul k
11 | ClickHouse. /IBrxku TaOui BD-5, PL-1, | paboma Nell oK3aAMEHY
Y NApTULMOHUPOBAHHUE. ML-1
ONTUMH3aII 3aTPOCOB B BD-3, BD-4, | Jlabopamopuas | Bonpocwt k
12 C"CkHOUSB BD-5, PL-l, pa6oma MNo]2 IK3AMEHY
' ML-1
Vnrerpauus Spark u BD-3, BD-4, | Jlabopamopuasi | Bonpocwi k
13 ClickHouse BD-5, PL-1, | paboma Nel3 9IK3AMEHY
' ML-1
FIHCTPYMEHTI OpKECTpaLiH BD-3, BD-4, | Jlabopamopuasi | Bonpocwi k
14 naHHbIX. Apache Airflow. BD-5, PL-1, | paboma Nel4 OK3aAMEHY
ML-1
Apxurexrypa Big Data- BD-3, BD-4, | Jlabopamopuasi | Bonpocwi k
15 | pemeHuit Ha IPAKTUKE: KEHCHI BD-5, PL-1, | paboma Ael5- .| FKsameny
WHYCTPHATHHBIX TTAPTHEPOB ML-1 16 ~unanpuoii
npoexm
IToka3aTeu, KpUTEPHH M MIKAJIA OLEHKH C(POPMUPOBAHHBIX KOMIIETEH NI
BD-3 Crnoco0eH OpraHn30BbIBATH XPAHEHNsI JaAHHBIX, BHIOMPAasi aleKBaTHbIE
TeXHOJOTHYeCKHe peleHusl
BD-3.1 Pa3zpabatbiBaer, OTJIAKMBACT U TECTUPYET NMPUKIIATHBIC PEIICHUS C
aneMenTamu MU ¢ npuMeHeHneM pa3IMuHbIX TEXHOJIOTHUI XpaHEHUS
CTPYKTYPUPOBAHHBIX JAHHBIX, OIICHUBAET KaYeCTBO.
[Mumer ananUTUYECKUE 3alIPOCHI K TAHHBIM U aHAJIM3UPYET IUIaH 3arpoca.
YMeeT co3naBath NpeCTaBICHUS, XpaHUMbIE IPOLIEAYPHI, PYHKIIUU U
TPUTTEPHI.
3nanue TunoB CYB/I: pensuuronnsie, NoSQL, KoJIOHOYHBIE, TOKYMEHTHBIE -
ApXUTEKTypa pacnpeeseHHbIX cucteM xpaneHus - [Ipunuunsr ACID, CAP-
TeopeMa - MeTo/ibl MHJIEKCAIIUU U MAPTUIIHOHUPOBaHus - [[prHIHUIIBI
TPaH3aKIMOHHOCTHU
Ymets: Boibupars tun CYB/] noa 3agaun U - [IpoekTupoBaTh CXEMBI
naHHbIX U1t ML-Moneneit - AHanu3upoBaTh U ONTHMHU3UPOBATH TLIAHbI
3anpocoB - PazpabaTeiBaTh CIOKHBIE aHATUTUYECKUE 3anpockl - Co3/1aBaTh
database objects (views, procedures, functions)
Bnanenue SQL (oxonnsie pynkiuu, CTE, cioxHble mKkoitHbI) - HaBbik
yreHus explain plan - Ontumusanus 3armpocoB yepe3 uHaeKcsl - Co3nanue
xpaHuMbIx nporueayp it ETL - Pabota ¢ Tpurrepamu [uist moaaep:kaHus
LIETTIOCTHOCTH
BD-4 Crnoco0eH NpUMEHATH PA3JIMYHbIC MOAEIN U (WJIM) TEXHOJIOTHH
00paldOTKH JaHHBIX
BD-4.1 OcymecTBiseT BEIOOp TEXHOIOTUN 00pabOTKU OOIBIINX TaHHBIX,
MPUEMIIEMBIX JJIs1 CO3AaHUs MPHUKIaIHON cucTteMbl U ¢ 3agaHHBIMU
TpeOOBaHUSIMU




CrniocobeH OpraHu30BBIBAaTh PACHPEACICHHOE XPAaHWIUIIE U MTapaJuICIbHYIO
00paboTky Ha 6aze coBpemenHbIX TexHonoruii (Hadoop, Spark) 6ompmmmx
JTAHHBIX:

3uare: Apxutektypy Hadoop ecosystem (HDFS, YARN) - Moaenu
Bbraucienuii: MapReduce, DAG - [Ipunuunst RDD u DataFrame B Spark —
npuHIunsl CTpuMUHTOBOM 00paboTku vs batch processing - [TaTTepHbl
Lambda/Kappa apxurextyp

VYmets: Beibupats ctek Texnonoruii mox 3agaun MU - [lpoextupoBats
pacnpenenennsle ETL-naiinnaiins! - OnTuMU3HpoBaTh NPOU3BOAUTEIBHOCTD
Spark-npunoxenuit - OpraHu30BBIBaTh MIAPUPOBAHUE U PEILTUKAIIIO
TAHHBIX

Bnaners PySpark API - Hactpoiika u anmunuctpupoanue Hadoop/Spark
KjactepoB - OnTuMu3anus 4epes3 mapTHINOHUPOBAaHHUE, KIIIUPOBAHUE -
MOHHUTOPHHT MPOU3BOJUTEIHHOCTH PACTPEICIICHHBIX CHCTEM

BD-5

Cnoco0eH NpUMeHATH TEXHOJIOTHH OpraHu3anuu nH@ppacTtpykrypsl bJ{

BD-5.1

OcymecTBiseT BEIOOp HAMIPABICHHUS BCIOMOTATEIFHBIX TEXHOJIOTUIECKUX
pereHuit st GOPMUPOBAHUS €MHOTO CTEKa PAOOTHI ¢ OOJIBITUMHU TAHHBIMHU
JUTSL pEIIeHNs] IOCTaBJICHHOW 3a7a4i. PyKOBOAUT MPOEKTaMK IO OpraHU3aIiH
uHppactpykrypst b/I:

3HaTh: mpuHIUIIEI TocTpoeHus data lake, data warehouse - Meto b
opkectpanuu naimiaitHoB (Airflow, Prefect) - CI/CD nna data projects -
MounutopuHr u observability B data-cucremax - MeTo070Tuu ynpaBieHus
data projects.

YmeTs: DopMUpPOBATH €AMHBIN TEXHOJIOTUYECKUH CTEK - YTIPaBIATh
YKU3HEHHBIM UKJIOM data infrastructure - BeiOupats HHCTpYMEHTHI
MOHUTOpPHHTA U opkecTpanuu - OuennBath TCO nHOpacTpyKTYpHBIX
[S11(S517178

Brnagets HaBbIKaMu MPOEKTHOTO ypasiieHus B data-npoekTax - CocraBieHue
T3 Ha uadpacTpykTypy - Beaenue texandeckoit nokymentanuu - OneHka
PUCKOB HHGPACTPYKTYPHBIX PEIICHUH.

ML-1

Cnoco0eH npuMeHATH 3HAHUA 00 MCTOPUM PA3BUTHUS U TPEHAAX
coppemennoro UM niist popmyimpoBaHusi KOPPEKTHBIX NOCTAHOBOK
3a/1a4 ¥ MOUCKA MePCNEeKTHBHBIX CMIOCO00B pelieHust mpoodjaemM ¢
nomous MU

ML-1.2

Onpenensier TEHACHIMU Pa3BUTHS, OLICHUBACT HOBU3HY U MPAKTUYECKYIO
3HAYMMOCTb CBOUX PELICHUM C TOUKHU 3PEHUSI COBPEMEHHOI'O UCKYCCTBEHHOI'O
nHTeueKTa. [IpoekTupyeT u BHEAPSIET KOMIUIEKCHbIE aNIIaiHbI
MpeABaAPUTEIIBHON 00paOOTKH JaHHBIX C UCIIOJIb30BAaHUEM COBPEMEHHBIX
Meton0oB MU, aBromaTtu3zanuu u feature engineering B pa3inuyHbIX
MpeIMETHBIX 001acTAX. 3HATh: COBpEMEHHbIE apXUTEKTYpbl ML-Monenei
(rpancdopmepsr, GAN, RL) - Metozs! feature engineering u feature selection
- MLOps npunnuis! 1 best practices - CoBpeMeHHbIe PpeiiMBOPKHI
aBTomaruueckoro ML - Tpenas! B o6mactu MU (LLM, MynsTUMOAaNbHBIE
MO/IEITH )

VYmers: IlpoextupoBats end-to-end ML naiiruiaiinel - [lpumensts
aBTOMAaTU3UpPOBaHHBIN feature engineering - OuieHNBaTh OM3HEC-IIECHHOCTh
ML-pemeHI/Iﬁ - AjantupoBathb state-of-the-art moaxopl oz 3amauu

- Bmanenune MLflow, Kubeflow - Coznanue Bocripon3Bogumbix ML-
AKCTIIEPUMEHTOB - ABTOMATH3AIKs MalTUIaiiHOB TipeoOpaboTku - A/B
tectupoBanue ML-monenen

PL-1

Cnoco0eH NpuMeHATH SI3bIK MporpaMmMupoBanus Python s pemenus
3aaa4 B ooJgactu U




PL-1.3 Pa3pabarbpiBaeT U moiepKUBACT CUCTEMBI 00PaOOTKH OOJBIINX TaHHBIX
Pa3IMYHOM CTENEHH CI0KHOCTH. CIOCOOEH CTPOUTH APXUTEKTYPY
BBIUMCIIEHUH ¢ ucnonb3oBanueM cloud-native HHCTpYMEHTOB, B TOM YHCJIE
6eccepBepubix pemennii (Yandex Cloud Functions): 3HaeT: apXuTeKTypHbIC
narrepHbl big data cucrem - [Tpunimmnet serverless computing - Cloud-native
moaxo 16l (KOHTEHepu3anus, orchestration) - ACHHXpOHHOE
nporpammupoBanue B Python - MoHuTOpHHT M 0THIa/1Ka pacpeaeIeHHBIX
cucreM. YMmeet: [IpoektupoBars Macitabupyemblie data-mpuiroskeHus -
Hcnons3oBate 6eccepBepubie apxutekTypsl it ETL - Ontumusuposats
pou3BOAUTENBHOCTE Python-koza - MaTerpupoBars pasnugnsie cloud-
cepBuchl. Bianeer — HaBbikamu pa3padboTku Ha PySpark, Dask, Ray -
Coznanuem u nemieM cloud functions - Konrelinepuzanuei npuioxeHnit
(Docker) - HacTpoiikoii aBTOMaTHYeCKOT0 MaciTabupoBanus - OnTHMU3aIsI
costs B cloud-cpene.

THnoBble KOHTPOJIbLHBIC 3aJaHUs MM HHbIe MaTepHa/bl, HEOOXOAUMBbIE /ISl OLEHKH
3HAHMH, YMEHHMH, HABBIKOB M (WJIM) ONBITA [EATEJbHOCTH, XAPAKTEPU3YKLIMX 3TAlbI
(popMupoBaHNs KOMIIETEHIUI B IIpoLiecce 0CBOEHHs 00pa30BaTeIbHOM POrPaMMBbI

4.1.2.11pumepsl J1a0OpPaTOPHBIX Pa00T M KOHTPOJIbHBIX 3aaHUI 110 pa3aejaM y4eOHo#
AUCHUITHHBI

Ilpumepwt nabopamopnix pabom

JlaGoparopHas padora: OnrumMu3anus aHAJIUTHYECKUX 3alIPOCOB B KOJIOHOYHO CYB/]
Hean: OcBouts techniques onTUMHU3AIMN CIOXKHBIX aHATUTHYEeCKUX 3anmpocoB B ClickHouse,
aHaJIN3 IJIAHOB BBIMIOJIHEHUS M CO3/IAHUE ONTUMHU3UPOBAHHBIX CTPYKTYP XPaHEHHUS.

Komnerennuu: BD-3.1, BD-5.1, PL-1.3

Teopernueckas 4acTh
3anaua: KoMmmanusi coOupaeT naHHbBIE O KJIMKaX rmojbs3oBareneit (10+ muH 3anmceit). Heooxoammo
ONTHUMHU3HUPOBATH 3aMPOCHI JISl aHATMUTUKU B PEAIbBHOM BPEMECHH.

I/ICXOI[Haﬂ HCOIITUHMHU3HUPOBAHHAA Taﬁ.]II/II[aZ
sql

CREATE TABLE default.clicks (
user_id UInt32,
session_id String,
page_url String,
click_element String,
event_time DateTime,
device_type String,
country String,
region String,
duration_sec UInt32
) ENGINE = MergeTree()
ORDER BY (user_id, event_time);



Oran 1: AHanu3 npo6iaemM Ipou3BOAUTEILHOCTU
3apanue 1.1:

- 3arpy3ute TecToBble naHHble (10 MiH 3anuceit)
- BoimonnwuTe 3anpoc, 3aMepbTe BpeMsl BHITOTHEHUS

- Ilpoananusupyiite EXPLAIN PIPELINE, onpenenute y3kue mecra
Oran 2: Penu3zaiin CTpyKTYpbl JaHHBIX
Oran 3: PySpark o6pabotka na Data Proc
Oran 4: Opkectpanus yepe3 Yandex Data Proc

Kpurepuu onenkmn:

- End-to-end paboTocnocoOHOCTh maiimaiina
- O0paboTka OMMOOK 1 BAIMIAIIUS TAHHBIX
- DddexTuBHOE HCTIOIB30BaHUE pecypcoB cloud

- MOHUTOPHHT U JIOTUPOBAHHUE BCEX ITANIOB

JlabopaTopHas padora: OcHoBbl padotsl ¢ RDD B PySpark

Heanb:OcBouth 6azoBbie onepanuu ¢ Resilient Distributed Datasets (RDD) - ¢yHaaMeHTa bpHO#M
cTpykTypoit maHHbIX B Apache Spark. Hayuutbcsi co3zgaBate RDD u3 pa3nuuHbIX MCTOYHHUKOB H
MIPUMEHSATHh OCHOBHBIE TpaHC(POPMAIIMU U ACHUCTBUS sl 00paOOTKH TaHHBIX.

TeopeTnueckas crpaBka

RDD (Resilient Distributed Dataset) - nem3meHsemast pacrpeeiieHHass KOJUICKIMS 0OBEKTOB,
sIBIISTIOIasicss ocHOoBO# Spark. KimtoueBbie XxapakTepucTuKH:

PacnpenesieHHOCTD: JaHHbBIE pa3/ieieHbl Ha MAPTUIIMK U paclpeAesieHbl M0 KI1acTepy
Orka3oycroitunBocTh: lineage (poA0CI0BHAs) MO3BOJISIET BOCCTAHABIMBATH OTEPSIHHBIE MAPTULIUN
JleHuBbIe BhIYMCAEHHUS: TpaHC(HOPMALIMK BBITIOJIHIIOTCS TOJIBKO MPHU BBI30BE NEHCTBUI

Samanus

Yacte 1: Hactpoiika okpyxeHust u coznanre RDD

3ananme 1.1: 3anyck PySpark B mokanpHOM pexxume

python
# 3amyctute PySpark shell
pyspark --master local[2]

# Wnu coszpaiite SparkContext B Python ckpunre
from pyspark import SparkContext, SparkConf

conf = SparkConf().setAppName("RDD_Basics").setMaster("local[2]")
sc = SparkContext(conf=conf)

3amanme 1.2: Co3zganue RDD u3 xomiexiuu

python

# Cosnarite RDD u3 cnincka uucen
numbers =11, 2, 3,4, 5,6, 7, 8,9, 10]
numbers_rdd = sc.parallelize(numbers)

# Cospaiite RDD u3 cnincka ctpok



text_data = ["Hello World", "Apache Spark", "Big Data Processing", "Python Programming"]
text_rdd = sc.parallelize(text_data)

3aganue 1.3: Coznanne RDD u3 daitna

python

# Co3paiite TeKCTOBBIN (haiin u1st pabOTHhI

# sample_text.txt comepumoe:

# Apache Spark is a unified analytics engine

# for large-scale data processing

# It provides high-level APIs in Java Scala Python and R

file_rdd = sc.textFile("sample_text.txt")

Yacrs 2: Tpancpopmanuu (Transformations)
3aganue 2.1: Onepanusi map

python

# VYBenuubTe KaXk10€ YUCIO B 2 pasza

doubled_numbers = numbers_rdd.map(lambda x: x * 2)

# IlpeoOpa3yiiTe CTPOKH B BEPXHUM perucTp
uppercase_text = text_rdd.map(lambda x: x.upper())

3ananme 2.2: Oneparus filter

python

# OTdunpTpyiTe YCTHBIC YHCTIA

even_numbers = numbers_rdd.filter(lambda x: x % 2 == 0)

# OTdunpTpyiTe CTPOKH, Conepkammue ciaoBo "Spark"
spark_lines = text_rdd.filter(lambda x: "Spark™ in x)

3ananme 2.3: Onepanus flatMap

python

# Paz0eiiTe CTpOKM Ha OT/IEIBHBIE CIIOBA

words_rdd = text_rdd.flatMap(lambda x: x.split(" "))

# Jlns daiina: pa3oeiite KaKayl0 CTPOKY Ha CJIOBa U MPeoOpa3yiTe B HIKHUN PETUCTP
file_words = file_rdd.flatMap(lambda line: line.lower().split(" "))

Yacrse 3: deiictBus (Actions)

3amanmue 3.1: ba3zoBrie nelicTBUSA
python

# IloxocueTr 3N1EMEHTOB

total_numbers = numbers_rdd.count()
total _words = words_rdd.count()

# Ilomy4yeHue Bcex 3J€MEHTOB (OCTOPOKHO ¢ OOJBITUMU TaHHBIMHU!)
all_numbers = numbers_rdd.collect()
first_three = words_rdd.take(3)

# HOle‘{eHI/Ie MEPBLIX N 3JICMCHTOB
first_five_words = words_rdd.take(5)



3ananue 3.2: JlonoJTHUTEIbHBIE JECHCTBUS

python

# Iloacuer o KaKJ0My 3JIEMEHTY
word_counts = words_rdd.countByValue()

# Cymma Bcex 4ucen
total_sum = numbers_rdd.reduce(lambda a, b: a + b)

# MakcuManbHOE 3HAUCHHE
max_number = numbers_rdd.reduce(lambda a, b: a ifa > b else b)

Yactb 4: Peaausauusa WordCount

3aganue 4.1: Kimaccuueckuiit WordCount

python

# Peanusyiite WordCount st daitna

word_count = (file_rdd
.flatMap(lambda line: line.lower().split(" ™))
.map(lambda word: (word, 1))
.reduceByKey(lambda a, b: a + b))

# OTcopTupyiiTe Mo YOBIBAHHIO YaCTOTHI
sorted_word_count = word_count.sortBy(lambda x: x[1], ascending=False)

Ilpumep 3a0anusa u npoeepaemvie UHOUKAMOPbL

3aoanue:

- 3arpysutb rpad commanbHOM certn (Hampumep, naHHele W3 VK APl wmnm nmaracera
LiveJournal).

- Haiitu Bcex mpyseit monb3oBatens (1 ypoBeHb CBsI3ei).
- IIpumenuts PageRank nis onpeneneHus BAUATEIbHBIX Y3JI0B.

- Busyammsuposats rpad (Hanpumep, ¢ momotbio NetworkX wim Gephi).

IIposepsiemvie unoukamopwi:
- BD 4.1 (pab6ota ¢ GraphX).
- BD 5.1 (Ontumu3anus 3anpocoB, pa3BepThIBaHUE KIACTEPOB).
Bwi6oo
3anaHue «AHaJIN3 COIMAIBHOTO rpada» B MEPBYIO OUYepeib IPOBEPSET:
- BD 4.1 (pabora c pacnipenenéunsiMu rpadamu B Spark).

Hononnumenvro Moryt 3arparuBatbes BD 5.1 (uHdpacTpykTypa, HecTaHIapTHbIE JaHHBIE).

Jlisi MakcuMaJIbHOTO Oallia CTYJeHT JIOJKEH MOKa3aTh HE TOJBKO TEXHUYECKOE BBIMOJIHEHHUE, HO
U MHTEPIPETAMIO Pe3ylbTaTOB (HApUMeEp, KaK BBISBICHHBIE CBS3M MOXKHO HCIOJIb30BaTh B
PEKOMEHIATENBHON CUCTEME).

JIK3aMeHALMOHHbIC MATEPHAJIBI /IS IPOMEKYTOYHOM aTTecTanuy (3K3aMeH)



BOHPOCLI AJISI MOATOTOBKHU K 9K3aMEHY

1. Yro Takoe Big Data? OcHoBHble xapakTepuctuku (3V).
2. CpaBuenue Hadoop u Spark.
3. [punmumnst padotsr HDFS.
4. Apxurektypa MapReduce.
5. Spark RDD vs DataFrame.
6. Kakue cymecTByroT MeTopl onTUMU3anuu B Spark?
7. OcoOeHHOCTH TTOTOKOBOM 00pabOTKH TaHHBIX.
8. Pasnuma mexxmy Kafka u RabbitMQ.
9. Tunet NoSQL 06a3 naHHBIX.
10. Ocobennoctu kosoHouHbIXx CYBJ] (Cassandra).
11. Kak paGoTaeT mapauHr B pacnpeaeneHHbix b1?
12. O6naunsie pemenus s Big Data (AWS, GCP).
13. Metoap! MalIMHHOTO O0y4YeHHUsI ISl OONBIINX JaHHBIX.
14. Kak paboTaeT pekoMeHaTenbHasi CucTeMa Ha OCHOBE KOJJIaOOpaTUBHON (puiIbTpaun?
15. UHCTpyMEHTHI BU3yalu3aluy OOJIbIINX TaHHBIX.
16. Metop1 obecrieuenus 6e3onacHocTu B Big Data.
17. Yto takoe GDPR u kak oH BiinseT Ha 00pabOTKY TaHHBIX?
18. Ilpumenenue Big Data B ¢punancax.
19. Kak paboraer anroputm PageRank?
20. [Tpo6ieMbl 3TUKHU ITpU paboTe C MEPCOHATBHBIMU JAHHBIMHU.
21. Pazuuna mexay Lambda u Kappa apxutexktypamu.
22. Kaxk pa6oraer Elasticsearch?
23. Metoap! 6OpbOBI C TIEpeKOCcoM JaHHBIX (skewness).
24. Yro Ttakoe Data Lake?
25. Kaxk ycrpoena rpadosas b1 (Neo4j)?

IIpumepHble NpakTHYecKHe 3aJaHuA (K IK3aMeHYy)

1. Hamucats MapReduce-niporpammy ju1st mojicueTa CJioB.
2. Coznate DataFrame B Spark v BBITIOJTHUTH arperaruio.
3. Hactpouts Kafka producer u consumer.

4. Hanmucats SQL-3anpoc B Hive.

5. [locTpouth rucTorpamMmy pacrpeaeacHus JaHHbIX.

6. O0yunth Mojenp kinaccudukanuu B MLIib.

7. 3arpy3uts qansele B Google BigQuery.

8. OntumusupoBats Spark-3ampoc.

9. lloctpouts rpad B Neo4;.

10. Hactpouts MoHutopuHr jioroB B Kibana.

Ilepeuens komnemenyuii (wvacmu KomMnemeHyuu), NPOGEPAEMbIX OUEHOUHBIM CPEOCH 8OM
BD-3.1, BD-4.1, BD-5.1, ML-1.2, PL-1.3 (cm. Tabnuna CTpPyYKTypa OLEHOYHBIX CPEACTB IJIf
TEKyIeil H MPOMeKYTOYHOI aTTeCTAlUH).

4.2 Mertoan4yecKkne MaTepHajbl, ONpeAe/some Npouelypbl OLCHUBAHUS 3HAHWUH,
YMEHHH, HABBIKOB U (MJIM) ONBITA AeSATEIbHOCTH, XapAKTEPU3YIOLIUX JTanbl GOpMHUPOBAHNUSA
KOMIIeTEeHI U

Meroanyeckue  peKOMEHJALMHM,  ONpeAe/siiolIMe  NPOUEAYPbl  OLECHMBAHUS
J1abopaTopHoii padoTHhI.

Texywian ammecmayusa npo6ooumcsa no 1ad6opamopHslm padomam, i MOKET IPUHECTH B
KonwiKy MakcuMyM 40 6as110B. B cooTBEeTCTBHE C KpUTEPUSAMHU OLIEHKH BBIIIOJIHEHUS JIA00PATOPHBIX



pabot Iloporoseiii ypoBens 10 Gamnos, 6a30Bbiii 20 6amioB, MpoABHHYTHIA ypoBeHb 40 GayioB.
Texymuit 6an omnpenensercs ycpeaHeHrueM OayioB mo BceM (16) mabopaTopHbIM paboTaM M Kak
pe3ynbTaT OyAeT nmpuHaIekaTs oTpesky ot 0 1o 40 6amwios.

[IpomexyTouHo# aTTecTanuel no nucuumimuae « Texnoaoruu o0padoTKH OOJIBIINX JAHHBIX)
ABIISICTCS 3K3aMeH. MakcuMalbHast OL[EHKa, KOTOPYIO MO>KHO TIOJTYYUTh B KAUECTBE OI[CHKH dK3aMEHa
60 6amoB.

MeTtoanyecKkue peKOMeHIalHH, ONpe/Iessoue NPoueaypbl OlleHUBAHUS HA JK3aMeHe.

B sKk3aMeHaniMoOHHOM OWJIETE JjBa TEOPETHYECKHX BOMPOCA M OJHO NMPAKTHUECKOE 3aJaHue.
Kaxnplii paszaen ounera ouenusaercs B 20 0aos.

[Tpumep: B OGmiiere Bompoc No2 u3 crmcKa 3K3aMEHAIMOHHBIX BOIPOCOB. DTOMY BOTIPOCY
COOTBETCTBYET JiBa MHMKaTtopa komrerenuuii BD 3.1 u BD 4.1, npeanosioxum, 4To 1o HHAUKATOPY
BD 3.1 nocrurnyr mnoporosblii ypoBeHb (10 OamioB), mo wunaukatopy BD 4.1 nocturnyr
MIPOJIBUHYTHIN ypoBeHb (20 6aiioB), TOrAa OTBET JaHHOTO Bompoca B Ouiere Oyaer oleHeH B 15
0asyI0B. AHAJIOTUYHO BTOPOM BOTIPOC.

[lo TeopermyeckoMy MaTepuaiy Oasl ONMpPENeNseTCs] YCPEIHEHHEM YpPOBHS YCBOSHHS
KOMIIETEHIINH M0 WHAWKATOPaM COOTBETCTBYIOIIETO pa3Jiena.

[IpakTHdeckoe 3aaHue OIEHUBACTCS CIIEIYIONIIM 00pa3oM:

- 18-20 6amroB: Kox pabotaeT KOPpEeKTHO, MCIIOIB30BAHBI ONTHMAIBHBIE METOJIBI, PEIICHUE
3¢ deKTUBHO.

- 11-17 6annoB: Kox paboraer, HO €CTh HEAOUETHI B ONITUMH3AITUH.
- 1-10 6anmna: Kox tpeGyet mopaboOTOK, HO JIOTHKA BEPHA.

- 0: Kox Hepabouwii nim perieHne HeBEpHOe.

DK3aMeHaIlMOHHAas OlleHKa B Oaiiax (opMUpYeTCsl MPOCTHIM CYMMHPOBAHHEM OLIEHOK
(6amnoB) 3a paszenbl SK3aMEHa M OIEHKH (0asyuibl) TEKYIIEeW aTTecTaluy 3a paboTy B CEMECTpe
(;raboparopHbIe pabOTHI).

B crammaptHOil Qopme SK3aMeHAllMOHHAs OLIEHKA  OMPENeNseTcs  CIETYIOIUM
COOTBETCTBUEM:

0 — 49 GanoB «HEYIOBIETBOPUTEIILHOY;

50 — 70 6anmnoB «yAOBJIETBOPUTEIHHOY;

71 — 85 GaI0B «XOPOIIOY;

86 — 100 6a/mIoB «OTIIMYHO.

OneHouHble CPEACTBA ISl MHBAIHUIOB U JIMIl C OTPAHUYEHHBIMU BO3MOKHOCTSIMH 3JI0POBBS
BBIOMPAIOTCS C YUETOM UX MHIUBUAYATIbHBIX ICUXO(PU3NIECKHX OCOOCHHOCTEI.

— IpU HEOOXOJUMOCTH MHBAIUJAM U JIUIAM C OTPAHUYEHHBIMU BO3MOKHOCTSIMH 3/10POBbS
MIPEIOCTABIISIETCS JOMOJIHUTENbHOE BpeMsl IJ1s IOATOTOBKH OTBETa Ha SK3aMEHE;

— IpU TPOBEICHUH MPOLEAYPhl OLEHUBAHUS PE3yJNbTATOB OOYYCHHS MHBAIMIOB WM JIHII C
OTPAaHUYEHHBIMU BO3MOXKHOCTSIMU 3J0POBbS MPEIyCMAaTPUBACTCS HCIIOIb30BAHUE TEXHUYECKUX
CPEICTB, HEOOXOAUMBIX UM B CBSI3H C UX UHIUBUAYAIbHBIMU OCOOCHHOCTSIMU;

— IpU HEOOXOAUMOCTH ISl 0OyUaIOUIUXCS C OTPAaHUYCHHBIMU BO3MOXHOCTSAMU 37I0POBBS U
WHBATUIOB MPOLIEypa OLIEHUBAHUS PE3yAbTATOB O0YUYEHHS IO TUCIUIUIMHE MOKET MPOBOJAUTHCS B
HECKOJIBKO JTaroB.

[Ipouenypa orneHUBaHUS pe3yabTaTOB OOYUEHHsS WHBAIHMIOB M JIUI C OTPAaHUYCHHBIMU
BO3MOHOCTSIMU 37I0POBbSI 10 JUCHUIUIMHE TMPeIyCMaTpUBAeT MpeAocTaBieHue WHGOpMaluu B
dbopmMax, aTanTHPOBAHHBIX K OTPAHUYEHUSAM UX 3J0POBbS M BOCIIPUATHS WH(OPMALINU:

Jl5is U1 ¢ HapyIIeHUSIMH 3PEHUS

— B IIe4aTHOU opme yBeTUYeHHBIM MIpUdTOM,

— B (hopMe PIEKTPOHHOTO JOKYMEHTA.

JJis U1 ¢ HApYIICHUSAMHU CTyXa:

— B re4atHoi ¢opme,

— B (hopMe PIIEKTPOHHOTO JOKYMEHTA.



JList 1AL ¢ HapyleHussMUM OIIOPHO-BUIaTEIbHOTO alIapara:

— B miedaTHou (opme,

— B (hopMe AIIEKTPOHHOTO IOKYMEHTA.

I[aHHBIﬁ MNEpCUYCHb MOXKET OBITH KOHKPCTHU3UPOBAH B 3aBUCHUMOCTH OT KOHTHUHICHTA
00yJaromuxcs.

4.3 MeToauyeckne yKa3aHusi 0 OPraHu3aluM JadopaTOpPHBIX padoT Mo JMCHHUILIMHE
"TexHoJsiorun 00padoTKu 60JbLIIMX JAHHBIX"

1. O0mue cBereHust

O6pazoBarenbHas porpamMma: «CoBpeMEHHBIE METO/II MAIIMHHOTO OOYYEHHUSI 1 KOMITBIOTEPHOTO
3penus», Jucuumiuna "TexHonornu o0paboTKH OOIBIINX TaHHBIX' .

Bun o6ecneuenus: [IpoBeaenue 1adbopaTopHBIX padoT.

VYcnoBus IpUMEHEHUS:

JIy1s1 yCrienTHoro BHITIOJIHEHUSI JTA0OPAaTOPHBIX paboT TpedyeTcs:

Ilpocpammmnoe odecneuenue:
Python (PySpark, Pandas, Dash/Plotly, MLIib, Kafka, GraphX)
Jupyter Notebook / Google Colab
Apache Spark, Hadoop (Yandex Data Proc)
MongoDB, Kafka
Yandex Cloud CLI u SDK
Annapammuoe obecneyenue:
Hoctyn k o6maunbim pecypcam (Yandex Cloud)
,HOCT ATOYHBIC BBIYMCINTECIIBHBIEC MOIITHOCTHU JIA 06pa60T1<n JaHHBIX (BI/IpTyaJ'IBHBIe MAalInHHI,
KJIaCTEPHI)
O6maunas uHPpPaCTPyKTypa:
Yandex Cloud (Compute Cloud, Object Storage, Managed MongoDB, Yandex Data Proc, Yandex
Metrica API, SpeechKit)
Hoctyn k S3-COBMECTUMOMY XpaHUJIUIILY.

2. lean, 321241 U 0KHIaeMble Pe3yJIbTaThl
Hean:

- 3aerHI/ITI) TCOPCTUUCCKHUE 3HAHMUS HaA ITPAKTUKE.

- OtpaboTaTh HaBBIKU PaOOTHI C COBPEMEHHBIMH MHCTPYMEHTaMH 00paOOTKH OOJBIINX JaHHBIX
(Spark, NoSQL, norokoBas o6pabotka, ML).

- O0ecneunTh MOHUMaHKE 00JaYHBIX TEXHOJIOTHH 1 PacpCaCIICHHBIX BBIYHCIICHUH.

- IloAroTtoBUTh CTYJEHTOB K peEIIEHHIO pealbHbIX 3agady B uHayctpuu (ETL, ananutuka,

BHU3YyaJIU3aIIHs).

3amaun:
1. Opeanusayus ungpacmpyxmypoi:

Hacrpoiika o6naunoro okpyxenus (Yandex Cloud, Colab).

Pabora ¢ BUpTyanpHBIMU MalIMHaMu, kiactepamu (Data Proc).
2. Obpabomka OaHHbIX:

Ocsoenue PySpark (RDD, DataFrame).

Pa6ora ¢ NoSQL (MongoDB).

IToToxoBas o6pabotka (Kaftka + Spark Streaming).
3. Ananumuxa u ML:

[Tpumenenne MLIib nisa knaccudukaum.

[Iporuo3upoBanue BpeMeHHBIX psiioB (ARIMA).



4. Busyanuzayus u uHmezpayus:
[Toctpoenne mambopaos (Dash/Plotly).
Pabota ¢ API (Yandex Metrica, SpeechKit).

5. Onmmumuzayus u macumaobuposanue:
KsmmpoBanue, naprunimonupoBanue B Spark.
Pa3BepreiBanue kinacrepa (Yandex Data Proc).

O:xuaaemble pe3y/ibTaThl:
[Tocne BbINOIHEHMS TAOOPATOPHBIX PAOOT CTYAEHTHI CMOT'YT:

CamocTosTeTbHO HACTPauBaTh 00JIAYHYI0 HHGPACTPYKTYPY A1l 00padOTKU JAHHBIX.
[Ipumensts Spark qs ETL, arperatmu u aHannza 60JbIIMX TaHHBIX.

Pa6orats ¢ NoSQL u MOTOKOBBIMU JTAaHHBIMH.

Crpouts ML-Moz€nu ¥ BU3yaTU3UpOBaTh PE3yabTaThl.

OnTUMU3MPOBATH 3aMPOCH] U Pa3BEPTHIBATH PacIpeIEICHHbIE CUCTEMBI.
Nurterpuposarscs ¢ BHemHUME API (Yandex Cloud, SpeechKit).

5. IlepeyeHb OCHOBHOW H [ONOJHHMTEJIbHON Y4YeOHOH JHMTEpPaTyphl,
HEe00X0AUMOI1 1151 OCBOEHM S TNCIUIIMHBI (MOIYJIs1)

5.1 OcHoBHas auTeparypa:

. byrakos, H. A. O6paboTtka 6ombmux maHHbiXx ¢ Apache Spark : yueObHO-MeToMUECKOE TTOCOOHE :
[16+] / H. A. byrakos, M. B. Ilerpos, JI. Haconos. — Cankr-IlerepOypr : Yuusepcurer UTMO,
2019. - 52 c. : WL — Pexum  goctyna: o MO IITHCKE. - URL:
https://biblioclub.ru/index.php?page=book&id=566771 (mata obpamenus: 02.11.2025). — bubmuorp.
B KH. — TE€KCT : AJIEKTPOHHBIM.

. IlapackeBoB, A. B. bonbmue nmannbeie : yaeOnuk : [12+] / A. B. IlapackeBoB, A. 3. CepreeB. —
Mocksa ; Bonorna : Uadpa-Unxenepus, 2024. — 148 c. — Pexxum pgocryna: mo nmoanucke. — URL:
https://biblioclub.ru/index.php?page=book&id=725632 (nara oopamenus: 02.11.2025). — bubdauorp.
B KH. — ISBN 978-5-9729-2120-1. — TekcT : 2JIeKTpOHHBIH.

[konuna, T. A. CratucTideckuii aHaiau3 JaHHbIX B Python : maGopaTopHbIil mpakTHKyM : yaeOHOE
nocobue nns HanpaieHus 01.03.05 «Craructuka» : yaednoe mocodue : [16+] / T. A. lllkoauHa,
C. M. lllepbakoB ; PoctoBckuii rocymapcTBeHHbIM skoHOMuueckuit yHuepcuteT (PUHX). —
PocroB-na-Jlony : M3narenscko-nonurpadpudeckuii kommieke PI'DY (PUHX), 2024. — 104 c. : ui.,
TalJI. — Pexum JOCTYyTA! o IO AU CKE. — URL:
https://biblioclub.ru/index.php?page=book&id=718683 (mata oOpamenus: 02.11.2025). -
bubmuorp.: ¢. 100. — ISBN 978-5-7972-3232-2. — TekcT : 31eKTPOHHBIH.

. MamunHoe oOy4enue : yueOHuK : [16+] / E. FO. Byteipckuii, B. B. Llexanosckuii, H. A. )Kykosa [u
ap.]. — Mocksa : lupekr-Menua, 2023. — 368 c. : ui., Tadn., cxeM., rpad. — Pexxum moctyna: no
noanucke. — URL: https://biblioclub.ru/index.php?page=book&id=701807 (mata oOpamicHHS:
02.11.2025). — bubauorp. B kH. — ISBN 978-5-4499-3778-0. — DOI 10.23681/701807. — Tekcr :
JJIEKTPOHHBIN.

. Kpesenxuii, A. B. OcHOBBI TEXHOJIOTHII HCKYCCTBEHHOTO MHTEJUIEKTa : ydeOHoe nocobue : [16+] /
A. B. Kpesenkuit, FO. A. Unaros, H. U. Poxxennoa ; mox o6m. pea. A. B. Kpeseukoro ;
[ToBOJKCKMIA TOCYNapCTBEHHBIA TEXHOJOTUYECKUNA YHUBEPCUTET. — ﬁomxap-Ona : TloBoskckuii
rOCyIapCTBEHHBIN TeXHOJOTUYeCKui yHuBepcurtet, 2023. — 272 c. : un., Tabn., cxeMm. — Pexum
noctyna: mo mnoxmucke. — URL: https:/biblioclub.ru/index.php?page=book&id=714624 (nara
oOpamenus: 02.11.2025). — bubnuorp.: c. 264-267. — ISBN 978-5-8158-2358-7. — Tekcr :
JJIEKTPOHHBIN.
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17.

Ypxymos, JI. B. Cucremsr pacrio3naBanusi 00pazoB. KoMmbsloTepHoe 3peHUe : PakTUKyM : [16+] /
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5.2 lonoiHuTeIbHAS JIUTEPATypa:
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Yandex Cloud — pykoBoactsa no Data Proc.

XappucoH /[I. — "Python u ananu3 gaHHbIxX".
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19.

20.

CeMmb 0a3 maHHBIX 3a CEMb HeZlelb. BBeneHne B coBpeMeHHbIe 0a3bl JaHHBIX U ueosioruto NoSQL
| Yuncon [xum P., Peamonn Opuk, IMK Ilpecc, 2018.

Mapun U., Hlykna A., BK C. Big Data Analysis with Python: Combine Spark and Python to unlock
the powers of parallel computing and machine learning. — Packt Publishing, 2019. — 276 ¢. —
ISBN 978-1789955286

Mrosuiep A., I'Bugo C. Beesenue B MammaHOE 00ydeHue ¢ nomomisio Python. — M.: JIMK, 2019.
— 480 c¢. — ISBN 978-5-97060-660-5

5.3. llepuoauyeckue u3ianus u KoHgepenunu (A*):

IEEE Transactions on Big Data — HayuHble cTaThu 110 00pabOTKe OOJIBIINX JTAHHBIX.

Journal of Big Data (SpringerOpen) — oTKpbITHIi ) ypHAI ¢ UcCleoBaHusIMK B oOacTu Big Data.
Big Data Research (Elsevier) — myOnukaruu no aHanu3y, yrpaBieHUIO U BU3yalTU3allMU JTaHHbIX.
Data Science Journal (CODATA) — MeXAUCIUITIMHAPHBIC HCCIICTOBAHMUS TAHHBIX.

ACM Transactions on Knowledge Discovery from Data (TKDD) — meTo/1p! n3BJ€4YeHUs 3HAHU 13
OOJIBIIIUX JTAHHBIX.

https://openreview.net/forum?id=FMMF1a9ifL
https://openreview.net/forum?id=EIUrNM9U8c#discussion
https://openreview.net/forum?id=JoO6mtCLHD

https://aclanthology.org/2024.findings-emnlp.760/

. https://aclanthology.org/2020.coling-main.588/

. https://link.springer.com/chapter/10.1007/978-3-030-72113-8_30
. https://link.springer.com/chapter/10.1007/978-3-031-42448-9 10
. https://aclanthology.org/2024.findings-naacl.288/

. UHTepHeT-pecypchbl, B TOM YK cJie COBPeMeHHbIe MPo¢ecCHOHAIbHBbIE 0a3bl JaAHHBIX U

nH(OPMAIHOHHBbIE CIPABOYHBIE CHCTEMbI
ba3vl oannvix u ananrumuueckue naamgopmol
Google BigQuery — obnaunas aHaaMTHKA OOJIBIINX JAHHBIX.
Apache Hadoop & Spark — odunmansHas JOKyMeHTAIHsI K PECYPCHI.
Kaggle — natacetbl, copeBHOBaHHUS 1 yIeOHbIC MAaTEPHUAIIBI.
Cloudera — mmatdopma s pabotsl ¢ Big Data.
. Databricks — pemrenus na ocaoBe Apache Spark.
Cnpaeounvie cucmemnl u 6102u

G wN e

1. Towards Data Science (Medium) — crareu o Data Science u Big Data.

2. KDnuggets — HoBocTH, 00yJaromire MaTepraibl 1 0030pbl HHCTPYMEHTOB.

3. O’Reilly Data & Al — xuuru u crathu 1o Big Data u mammHHOMY 00y4eHUIO.
4. IBM Big Data Hub — keticbl 1 pykoBocTBa o Big Data.

Pecypcovl c60600n020 docmyna

1. Apache Spark Documentation

2. Yandex Cloud Big Data

3. Kaggle Datasets

Cobcmeennbvie anekmponnsle oopazosamenvhuvie u uHpopmayuonnsvie pecypcol Kyol'y

1. DnextpoHHbIH Katanor Hayunoit 6ubnuorexku Kyol'y
http://megapro.kubsu.ru/MegaPro/Web

2. DnexTpoHHas 6ubianoTeka TpyaoB yueHbix Kyol'y
http://megapro.kubsu.ru/MegaPro/UserEntry?Action=ToDb&idb=6

3. Cpena moayabHOTO AMHaAMU4eckoro ooyuenus http://moodle.kubsu.ru



https://spark.apache.org/docs/latest/
https://cloud.yandex.ru/services/data-proc
https://www.kaggle.com/datasets
http://megapro.kubsu.ru/MegaPro/Web
http://megapro.kubsu.ru/MegaPro/UserEntry?Action=ToDb&idb=6
http://moodle.kubsu.ru/

4. ba3a yueOHBIX IUIAHOB, YUCOHO-METOANYECKUX KOMITJIEKCOB, IyOIHKAUN U
koHdpepennwmii http://infoneeds.kubsu.ru/

5. bubanorexa nHopMaIMOHHBIX pecypcoB Kadeapbl HHGOPMAITOHHBIX
oOpasoBatenbHBIX TexHosorui http://mschool.kubsu.ru;

6. DnekrpoHHbIil apxuB nokymentoB KyoI'Y _http://docspace.kubsu.ru/

7. DnexTpoHHBIE 00pa3oBaTelbHBIE pecypchl Kadeapbl HWH(MOPMAIMOHHBIX  CHUCTEM H
TexHoJsioruii B obpazoBanuu Kyol'Y u nayuno-meromumdeckoro xypHana "LIIKOJIBHBIE I"OJIbI"
http://icdau.kubsu.ru/

6. MeTonnueckue yKa3aHus JJ1s 00y4AIOUIUXCH 110 OCBOCHHU IO AU CIIUTLIUHBI
(MoayJin)

B ocBoenun JUCHUIUIMHBI WHBAJIWJAMH W JIULOAMU C OIpaHUYCHHBIMU BO3MOXXHOCTAMMU
310pOBbsl 0OJBIIOE 3HAYEHHE HMEET WHIUBUAyaJbHas Yy4yeOHas palOoTa (KOHCYNbTAallUK) —
JIOTIOJTHUTEIFHOE Pa3bsICHEHNE YUeOHOTO MaTepHana.

I/IHILI/IBI/II[yaJ'II)HBIC KOHCYJIbTAlluH 1o npeaMEeTy  ABJIAKOTCA Ba’XHbIM (1) AKTOPOM,
CHOCO6CTBYIOHII/IM HHIUWBUAYyAJIU3allun O6y‘leHI/I$I U YCTAHOBJICHHIO BOCIHHUTATCIBHOI'O KOHTAKTa
MCXKIAY MNOp€rnoagaBarciicM U 06yqa}oanC${ HWHBaAJILIOM WK JHAOOM C OrpaHUYCHHBIMHA
BO3MOXHOCTAMHM 3J0POBbSL.

IIo xypcy mnpenycMOTpeHO MpOBEACHUE JIEKIUOHHBIX 3aHATHUH, HAa KOTOPBIX JAeTCs
CHUCTEMAaTHU3UPOBAHHBIA MaTEepPHaN M0 TEXHOJIOTHUAM 00pabOTKM OONBITUX JAaHHBIX. B xome nexiumii
paccMaTpUBarOTCS KITIOYEBBIE KOHIIEMIUH.

JlaGopaTopHble 3aHATHS Kypca TMOCBSIIEHB MPAKTUUYECKOMY OCBOCHHMIO TEXHOJIOTHSM
00pabOTKH OOJIBIITUX TAHHBIX

[Ipu camocTosATENFHOW paboTe CTyJeHTaM HEOOXOIUMO U3y4aTh PEKOMEHIOBAHHYIO
JTUTEpaTypy B BUAC O(UIIMAIBLHOW JOKYMEHTAIlMW K HCHOJIB3YEMBIM OTKPBITBIM IPOTPaMMHBIM
MPOAYKTaM, 00JIaYHBIM TUTaTPOpPMaM.

BaxxHelWmM KOMITOHEHTOM Kypca SIBJISIETCSI CAaMOCTOSTENbHAs MPOEKTHasi padoTa, B X0/
KOTOPOM CTYIEHT pa3padaThiBacT 3aKOHYCHHOE pEIICHUE I pelieHus 3anad  (KeHcoB)
WHIYCTPHAIBHBIX ApTHEPOB. J[omycKkaeTcsi BHIOJHEHUE IPOCKTOB B KOMaH/IaX.

[Toxxon, onpenenstomuii ycraHoBieHne cooTBeTcTBus keiicoB UIT u YI'T (5-7), mo3BossieT
YETKO COOTHOCHTH ATaIlbl PA3BUTHS TEXHOJIOTMH C BOBJICYCHHOCTHIO MAPTHEPA M CHUYKATh PUCKH MTPH
Mepexoie OT JJaOOPAaTOPHBIX UCTIBITAHUN K MPOMBIIIJICHHOMY BHEIPEHUIO.

KiroueBble acrekThl B3aHMOHeﬁCTBHH C UHAYCTPpUAJIbHBIMU IApTHCPAMU:

- Jua YI'T 5 — HII nomoraer onpeaenuTb pealTuCTUYHbIE YCIOBUS TECTUPOBAHUs, HO HE
PHUCKYET CBOEH UHPPACTPYKTYpOH.

- Hna YI'T 6 — UII npenocraBusier "necoyHuy" Ui U30JIMPOBAHHYIO CPENY, A€ MOKHO
BBISIBUTH CKPBITBIC TTPOOIICMBI.

- Jnsa YI'T 7 — UI1 craHOBUTCS COpa3pabOTYMKOM, TaK KaK TEXHOJIOTUS alalTUPYyETCs MO
€ro KOHKPETHBIE ITPOLIECCHI.

A. IlpuMeHeHMe TeXHOJIOTMA 00padoTKH 00 IbIINX JaHHBIX B Kelicax ITAO
«Coep0anK»

1. Ilporno3unpoBanne oTToka Ka1ueHTOB (Churn Prediction)
Onucanue:

AnHanu3 noBeIeHUs KJIMEHTOB IS BBISIBJIEHUSI TE€X, KTO C BBICOKOM BEPOSITHOCTBIO MOKET
YUTH K KOHKYPEHTaM.

Henb: CHU3UTE OTTOK KIMEHTOB Ha 15-20% 3a cueT nepcoHalIbHbIX IPEIOKEHHUN.
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TexHosornu:
- Spark MLIib (CatBoost, XGBoost)
- Hadoop HDFS (xpanenue uctopun TpaH3aKIuii)

- Tableau (Busyanusanus pe3yabTaToB)

Peanu3aumus:

a) CO0p MaHHBIX: HCTOPHSI TPAH3AKIIMI, AKTHBHOCTD B ITPHUJIOKEHHH, OOpAIlECHNS B
IO UIEPXKKY.

b) OOyueHre MOJIe I Ha MPU3HAKAX:

- CHuXeHHe aKTUBHOCTHU
- YMEHbIIECHHE KOJMYECTBA ONEPaLAN

- JKanoOs! B yare nognepxku (NLP-ananmu3)
C) Hurerpamus ¢ CRM-cuctemoit i1t aBTOMaTHYECKUX TIPEITI0KESHHUH.
Pesyabrar:

- Tounocth MOnienu: HE MeHee 87%
- Cumxenue orroka: 18%0 3a 6 Mecsnes

- ABTOMAaTH3MpOBaHHbBIE TPUTTEPHI AJIs1 MapKeTHHra (Harpumep, cashback s "rpymnms
pucka").
2. Real-time Anti-Fraud s naarexei
Onucanue: Cucrema 111 MTHOBEHHOTO BBISIBIIEHUSI MOILIEHHUYECKHUX OTIepaluil.
Heab: Cauzuth yepd ot MomeHHnvecta Ha 30%.
Texnonornu:

- Apache Kafka (motok tpaH3akiimii)
- Spark Streaming (aHanu3 B peaJbHOM BPEMEHH)

- GraphX (mouck cBsi3eit Mex/1y CueTaMH)
Peanu3zanus:
a) Hacrpoiika Kafka-Tonuka aus tpansakiuii (100K+ coObITuii/cek).
b) Anaroputmel 0OHApPYKEHHS aHOMAJIHIA:

-  HeoObluHble cyMMBbI/MecCTa ONepanuii

- IoBTOpsirommecs nepeBoabl HA HOBbIE CYETA
C) ABTOMaTHuecKas OJOKUPOBKA MOIO3PUTEIBHBIX ONEPAIlHIA.
PesyabTar:

- Ckopoctb o0padoTku: <100 Mc Ha onepanuio
- CHuzkenme ¢ppoaa: 35%
- HWNurerpauus ¢ b P® qus otueTHOCTH.

3. Ilepconanu3anms NpeaI0KeHuii B MOOMILHOM NMPHJI0KEHUH
Onucanne: MM-cucrema /i pekoMeH 1AM (PMHAHCOBBIX MTPOTYKTOB.
Henb: YBenuuuTs KOHBEPCHIO B Mpoaaxax Ha 25%.

TexHoJsiornu:

- Apache Spark (anayiu3 noBeaeHust)
- Redis (kemmpoBanmne peKoMeHIaIMii)

- A/B-tecrupoBaHue (ONTUMH3AIHS AJITOPUTMOB)
Peanmsauus:
a) CO60p aHHBIX:

- Hcropus nmokynok



T'eostoxanus

Bpemsi akTuBHOCTH

b) Komnaboparusuas ¢uastparus + CatBoost.
) Junamuueckuii uHTEpdEiic B IPUIOKCHUU.
Pesyabrar:

PocT nponax kpeauTHbIX Kapt: 28%

YBeanuenue cpeanero yeka: 15%

4. Onrumusanus padorsl KoLI-ueHTpa ¢ NLP

Onucanme: ApromaTtuszanus oOpabOTKH 00paleHU KINEHTOB.

Hean: Cokpatuth Harpy3Ky Ha orepatopoB Ha 40%.
TexHosornu:

BERT/GPT-3 (knaccuduxaiusi 3anpocoB)
Kafka (morok ayano/Texcra)

Yandex SpeechKit (STT/TTS)
Peanuzanus:

TpaHCKPUIOIIKNA 3BOHKOB — TEKCT.

Knaccudukanus nuHTEHTOB (kas100bl, BOIPOCHI IO KapTam | T.1.).

ABTOOTBETHI Uepe3 yaT-00Ta.
Pesyabrar:

60% oOparenwuii pemaercst 6e3 oneparopa

CHmxeHne BpeMeHH oTBeTa: ¢ 5 muH 110 30 cek

5. OnTuMu3anus ceTd 0AHKOMAaTOB C Fre0AHAJTUTHKOMI

Onucanue: AHaIM3 PACIIOIOKEHUS U 3arpy3Kd 0AHKOMAaTOB.

Hean: Cokpatuts 3aTpaThl Ha MHKaccauuto Ha 20%.
TexHoJsiornu:

GeoSpark (06paboTka reo1aHHbIX)
H3 Uber Hexagons (kiaacrepu3ariys)

Kepler.gl (Busyanuzamms)
Peanu3zanus:
a) COop JaHHBIX:

TpaHSaKHI/II/I 10 KOOpAuHaTam

I'paduk nHKaccaruu

b) ITouck "MepTBHIX" GAHKOMATOB.
c) OnTumu3aIEs MapIIpyToB.
PesyabTar:

Coxkpamenue 6ankomartoB: 12%

OkoHomust: 200 mitH py0./rox
Hrorosast Tabanna 3¢ppeKTHBHOCTH

Keiic TexHnosiornu IKoHOMHUYecKuH I PexT
[Tporuo3upoBaHue OTTOKA Spark ML, Hadoop +18% ynepxanue
Anti-Fraud Kafka, GraphX -35% dpon
[Mepconanu3zarms Spark, Redis +28% mpogaxu




NLP-kost-1ieHTp BERT, SpeechKit -60% Harpyska

Ontumuzanus ATM GeoSpark, H3 200 miH py0./ToI

BeiBoa: COepOank ncnosb3yet «TexHonoruu o0padoTku OOJIBIIMX JaHHBIX)» JUIS:
- Puck-menemxmenta (hpos, CKOpUHT)
- Mapxkerunra (mepcoHann3anus)

- Ontumu3anuu (JIOTUCTUKA, aBTOMATH3AIIHS )

JlabopaTopHbie pabOThI MOKHO aJalTUPOBATh MO/ 3TH Keichl, ncnoin3ys PySpark, Kafka
u ML-0u6aunoreku.

b. Ilpumenenune TexHosoruit 00pabOTKM OOIBIINX JaHHBIX B Keiicax komnaHnun AVA LAB

1. O0Hapy:keHHe MOLIECHHUYECKUX TPAH3aKI Uil B peajlbHOM BpeMeHH

Onucanue: Pa3paboTka cucTteMsl JUIsl BBISBICHUS [TOA03PUTENBHBIX IUIaTeXel B PUHTEX-
MIPUIIOKEHUSIX.

Henab: Cauzutsk yep6 ot momenHuvectsa Ha 40% c 3aaepxkoit 06padoTku <100 mc.

TexHoJsiornu:

- Apache Kafka (moToxoBas mepeaaua TpaH3aKIHii)
- Spark Structured Streaming (aHanu3 B peaJbHOM BPEMEHH )
- GraphX (BbIsgBIICHHE CBA3aHHBIX AKKAYHTOB)

- CatBoost (ML-momens it aHOMAaJTHiA )
Peanu3zanus:
a) Hacrpoiika Kafka-Tonuka s mpuema tpansakuuii (10 SOK coObIThii/cex).
b) OGyueHre MoeNM HAa HCTOPHUCCKUX JaHHBIX C METKAMH ""MOIIIEHHUYECTBO/ICTUTHMHO".
) PasBeproiBanme Spark-mxo0bI It HOTOKOBO# 00pabOTKH.
d) Unrerpamus ¢ rpadosoii BJ] (Neo4j) s BU3yaaIu3aliu CBI3EH.
Pe3yabTar:

- Tounocts nerexumu: 92%
- Cumxenne ppona: 45%
- Ckopoctb 00paboTku: 80 Mc

2. OnTuMu3aNnus KpeaIuTHOro ckopuHra miss MO®O

Onucanue: CKOPUHTOBasi CHCTEMa Ha OCHOBE aJIbTEPHATHBHBIX JaHHBIX (IIU(POBOM clies,
COIICETH).

ean: YBenuuuTh 0I00pEHUE KPEIUTOB HAJC)KHBIM 3aeMITuKaM Ha 25%.

TexHoJorum:

- PySpark ML (Feature Engineering)
- HDFS (xpaneHue ChIpbIX JaHHBIX)

- SHAP (unTeprpeTupyeMocTb MOJAEIH)
Peanusanus:
a) COop JAaHHBIX: UCTOPHs Opay3UHTa, Ie0JIOKALHS, AKTHBHOCTh B COIICETSX (C COTIACcHs).
b) O6y4enne Gradient Boosting-mMoe/u ¢ y4eToM peryssipr3aiiim.
c) Pa3zpabotka mambopna B SUperset s ananmusa perieHuil.
Pesyabrar:

- YBenuuenue approval rate: +28%

- CHmxenue aedonros: 15%



- ABTOMaTH3MpoBaHHOE NpUHATHE pereHuit s 80% 3asBOK.
3. NLP-ananu3 ro;10coBbIX o0pamenuii B KOJLI-IEHTP
Onucanne: ABromaru3zaiys 00paboTKH kajnod KIMEHTOB yepe3 speech-to-text u
KIIACCHU(PUKAIUIO HHTEHTOB.
Hean: Cokpatuth 3aTpaThl HA KOJUI-LIEHTP Ha 35%.
TexHoJsioruu:

- Yandex SpeechKit (pacmudpoBka ayro)

- BERT (xnaccudukanms Texcra)

- Airflow (opkectpanus pipeline)
Peanuszaumus:
a) TpaHCKpUMIIHS 3BOHKOB B TEKCT (PYCCKHI A3bIK + JUAICKTHI).
b) O6yuenne BERT-moenu Ha pasMedeHHbIX AaHHbBIX (15 kareropuii: "xanoba", "3ampoc

uHpopmauuu" u T.1.).

¢) Murerpamnust ¢ CRM st aBTOMaTHYECKUX OTBETOB.
Pe3yabrar:

- Tounocts xnaccudurarmm: 89%

- Coxkpamenue pydnoit oopadotku: 60%

- Cpennee Bpems otBeta: 20 cex (ObLIO 5 MUH).

4. AML-ananuTuka Ui KpUNTOOMPIK

Onucanue: BrisiBieHue cxeM OTMBIBAHUS JICHET Ye€pe3 aHau3 [EeT0YEeK TPaH3aKIui B
OmokyeiiHe.

Heab: OOHapyxuBath 95% MOA03pUTENBHBIX ONIEpAIUH.

TexHoJsiornu:

- Spark GraphFrames (ananu3 rpada TpaH3aKIuii)
- Temporal Graph Networks (yuer BpeMEHHBIX METOK)

- Elasticsearch (GbICTpBIif TOUCK TATTEPHOB)
Peanuzanus:
a) ITapcunr blockchain-gannsix (Bitcoin/Ethereum) B rpad)oByio CTpyKTypYy.
b) TTouck HMKINYHBIX TIEPEBOIOB U "MYCOPHBIX" KOIIEIHKOB.
C) Busyanu3zarus cxem B Gephi.
Pe3yabTar:

- O6napyxeno 1200+ moao3puTenbHBIX KIACTEPOB

- Hurerpauus c perynastopamu (LIb, FATF)

5. Illepconanu3anus fintech-npusoskenuii
Onucanne: PekomeHgarenbHas cucreMa st QUHAHCOBBIX MPOJJIYKTOB HA OCHOBE
MIOBEJICHUSI [10JIb30BaTEICH.
Henb: YBennuuts KOHBEPCHUIO B OKYIKY NMPOAYKTOB Ha 30%.
TexHoJsiornu:
- Apache Flink (o6paboTka coObITHI B peabHOM BPEMEHH)
- Redis (kemipoBanue peKOMEHIaIl i)

- Bandit-anroputmsr (A/B-TectipoBanue)

Peanmsauus:

a) CO0p aHHBIX: KJIMKH, BPeMsI B IPUIIOKECHUH, IeMOTpadusl.

b) Oo0yuenue hybrid-monenu (kosmadopatuBHas ¢uibTpanus + content-based).
C) JluHaMu4ecKoe OOHOBJICHUE PEKOMEHIAINI KaK/Ible 5 MUH.

Pesyabrar:



Poct mponax: 32%

VBenudenue cpeanero ueka: 18%

CBopnas Tabnuia pe3yabTaToB

Keiic KitroueBbie TEXHOIOTHH S dheKTHBHOCTD
-4509, 0
Anti-Fraud Kafka, Spark, GraphX 45% dpox, 92%
TOYHOCTDb

KpenuTHsbiil ckopuHT

PySpark, SHAP

+28% onoOpenuii

NLP-komi-1ieHTp

BERT, SpeechKit

-60% 3arpar, 89%
accuracy

AML nns kpunTel

GraphFrames, Gephi

1200+ cxem oOHapy»)eHO

[Tepconanu3zanms

Flink, Redis

+32% xoHBepcus

BeiBoa: AVA LAB ucnonssyer «TexHosnorun o0paboTKu OONBIINX JaHHBIX» JJIS:
besonacuoctu (Anti-Fraud, AML)

OUHAHCOBOI aHATUTHKYU (CKOPUHT, PEKOMEHIAINN )

Astomaru3zanuu (NLP, morokoBas oOpaboTka)

st 1abopaTopHbIX padoT:

1. Peanu3oBarhk JETEKTOp aHOMAINUN HA CHHTETUYECKUX TPaH3aKIUIX.
2. Tloctpouts rpad cszeit nist AML-ananu3a.

3. O6yunts BERT-monens s kiaccuukalnuy TEKCTOB.

Wuctpymentsr: Spark, Kafka, Python (PySpark), JupyterHub.

7. MaTtepuajibHO-TeXHUYECKOe o0ecnevyeHne no JUCuuiInue (MoayJik)

7.1 Ilepeyenb MHPOPMAITMOHHO-KOMMYHHUKAIUOHHBIX TEXHOJIOTH A
* OGmaunsie atpopmsl (Google Cloud, AWS, Microsoft Azure, Yandex Cloud)

» Pacnpenenénnpie cuctembl xpaHeHuss W oOpabotkm manHbix (HDFS, S3, HBase,

Cassandra)

* TexHosornn MOTOKOBOW 00paboTku nmaHHbIX (Apache Kafka, Apache Flink, Apache

Storm)

Cucmemul ynpasnenusa oazamu oannvix (CYBE/])

Pensiunonnsle (PostgreSQL, MySQL)

e NoSQL (MongoDB, Redis, Elasticsearch)

o OpeiimBopku T pacnpenenéHubix Beranciaenuit (Apache Hadoop, Apache Spark)

e UuctpymenTsl Buzyanuzanuu aanHelx (Tableau, Power BI, Apache Superset, Grafana)

e Konteiinepuzanus u opkectpanus (Docker, Kubernetes)

e CpencTBa MOHMTOpPUHra M ymnpasieHus MHPpacTpykrypoil (Prometheus, Grafana, ELK

Stack)

e API u BeG-cepsucsl (REST, GraphQL, gRPC)

7.2 IlepedyeHb JIMIEH3NOHHOIO M CBOOOJHO PpACHPOCTPAHSIEMOI0 NPOrPAMMHOIO

odecrevyeHust
Jluyenzuonnoe I10:

Humeepuposannvie cpeovt paspabomxu (IDE):

JetBrains IntelliJ IDEA (c mognepxxkoit Scala, Python, Java)




PyCharm Professional (s Python-paspabotku)
Microsoft Visual Studio (¢ uacrpymenramu ais Big Data)
Kopnopamusnvie pewenus ons Big Data:

Cloudera Data Platform (CDP)

Microsoft SQL Server (¢ nogaepxkoit Big Data)
Obnaunvle cepgucol (niamHvle NOONUCKU)!

Google BigQuery
AWS EMR (Elastic MapReduce)

Azure HDInsight
Ce0000n0 pacnpocmpanaemoe (open-source) I10:
Obpabomka u ananu3 OaGHHLIX.
Apache Hadoop (HDFS, MapReduce, YARN)
Apache Spark (s 6bicTpoit 00pabOTKH TAaHHBIX)
Apache Flink (motokoBast 00paboTka)
Apache Kafka (pacnpenenénnblii moTOKOBbIN Opokep)
Basvi 0annvix u xpanunuwa:
PostgreSQL (+ pacmmpenne TimescaleDB 11t BpeMEeHHBIX psIOB)
MongoDB (noxymentoopuentupoBanHas NoSQL)
Apache Cassandra (BeicokoMacmTabupyemas NoSQL)
Redis (k1rou-3HaueHue, KIMTUPOBAHHUE)
Elasticsearch (mouck u ananuTuka)
Buzyanusayus u Bl-uncmpymenmur:
Apache Superset (anprepratusa Tableau)
Grafana (MoHHUTOPHHT U TaIOOPIBI)
Metabase (open-source BI)
Paspabomxa u ynpasnenue ungpacmpyxmypoti:
Jupyter Notebook / JupyterLab (nHTepakTHBHAsI aHAIUTHKA)
Docker (konTeitHepu3arus)
Kubernetes (opkectpariys KOHTEHHEPOB)
Apache Airflow (opkectparus ETL-mporieccoB)
A3vlku npocpammuposanus u OubIuomexu.
o Python (Pandas, NumPy, SciPy, Scikit-learn, PySpark)

o R (s cTaTUCTHYECKOTO aHAJIM3a)
o Scala (pa6ora ¢ Apache Spark)
o SQL (s paboThl ¢ 6a3aMu TaHHBIX)

Jlonoanumenvuuie uncmpymennol

e Git (cucrema xourposs Bepewuii, GitHub/GitLab/Bitbucket)
e Apache Zeppelin (ananutuka u Bu3yanusaius B Opaysepe)
e MLflow (ympaBieHue MamHHBIM 00y4IEeHHEM)

e Apache NiFi (aBTomatu3aius MOTOKOB JaHHbBIX)

Bupryanenbsle Mammsel, kinactep Managed Kubernetes u pecypecst GPU B obGnake
npenocTaBisgercss HHAycTpuanbHbIM naptHepoM [TAO «Coepbank».

Komn-
Ne [Ipoxykr [Tapamerpsl nponykTa Kon-Bo Bo | Ex. m3m.
KOH(HU




rypam
ui
0
1 Bnﬁzz?i;:aﬂ sélgayingf& mamuHa 10% vCPU 2 1 60 It
OC Ubuntu 22.04 1 It
CucreMmnbli quck SSD 1 It
10 o
Apenna nyonuunoro [P 1 It
BupryambHas Buptyansnaas mammnaa ¢ GPU NVIDIA®
2 vammina ¢ GPU Tesla® V100 2 GPU 8 vCPU 128 IT'b 1 1 T
RAM
OC Ubuntu_24.04 1 It
CucreMHbii guck SSD 1 T
2000 e
Huck SSD 2 1160
4096 e
Apenna nyoauunoro [P 1 It
3 K8S Master node 8 vCPU 16 RAM 1 1 It
Worker node 10% nons 4 vCPU 32 5 It
RAM
Worker node SSD-NVME 64 I'6
Apennma myomugaaoro IP 1 It
4 Ins![\;lrliztlen'lt?/r;:(gPU Bpems paGoTsl B MecsI] 40 1 q
Hucranc 8 x NVIDIA® H100 NVLink 1 e
PCle 160 vCPU 1520 GB RAM
Konuuectpo 3anpocos k ML-monensim 1 Mun. T
Ko ML-mozeneit 160 o
5 LLM Tokensr GigaChat 2 Max 50 Mus. Ul
Toxens Embeddings 400 Musa. Ut

[[OHOJ'IHI/ITCJ'ILHLIC O6J'Ia‘leIe pecypcsl Hpe,I[OCTaBJ'IHIOTC}I TCXHOJOTNYCCKUM HapTHepOM
Yandex Cloud.

HanmeHnoBanue yqe6H0171 ayaAuTOpHuHn, €€ OCHAICHHOCTDb

No Bun pa6or
000py/I0BaHNEM U TEXHUYECKHUMH CPEACTBAMH 00yUeHUs
1. JleKIIMOHHBIE 3aHATHS Aynutopus, YKOMILJIEKTOBaHHAs CHeIHaTU3UPOBAHHON
MeOEIBI0 U TEXHUYECKUMU CPEJICTBAMH 00YUIEeHHUS
2. JlabopatopHble 3aHATHS | AyAUTOPHS, YKOMILJIEKTOBaHHAas CHeIHaTU3UPOBAHHON

MeOeIbI0 n TCXHUYCCKHUMHU cpeacTBaMu 06y‘ICHI/I}I,
KOMIIBIOTCPAMH, ITPOCKTOPOM, ITPOI'paMMHBIM obecreueHuEeM
3. HpaKTI/I‘-IeCKI/Ie 3aHATUA AYILI/ITOpI/IH, YKOMIUIICKTOBAHHAA CHCHHaJII/ISI/IpOBaHHOﬁ
MeOeIbI0 U TEXHUYSCKUMU CpCACTBAMHU 06y‘-ICHI/I}I




I'pynnossie

Aynuropus, YKOMIIJIEKTOBAHHAs CIIEHMAIU3UPOBAHHOMN

(MHIMBUTyaIbHbIE) MeOenpl0 M TEXHHYECKUMH  CpEICTBaMH  OOy4eHus,
KOHCYJIbTAllUU KOMIIBIOTEpPaMM, ITPOrPAMMHBIM 00ECIIEUEHUEM

Texkymuii ~ KOHTpoOJb, | AynuTopus, YKOMIUIEKTOBAHHAas CIIEHMAIU3UPOBAHHOMN
MIPOMEKYTOYHAS MeOenpl0 U TEXHUYECKUMH  CpEeACTBAMH  OOy4eHMs,
aTTecTanus KOMIIBIOTEpaMH, ITPOrPaMMHBIM 00€CIIE€YEeHHEM

CamocrostenbHas Kabuner g camocrositenibHON  pabOThl, OCHAILEHHBIH
pabora KOMIIBIOTEPHOW TEXHUKOW C BO3MOKHOCTBIO TOJKJIIOUYEHHS K

cetu «VHTEepHET», IPOrpaMMON 3KPAaHHOIO YBEJIWYEHHS H
00eCTIeYeHHBII JOCTYIIOM B 3JIEKTPOHHYIO HH(OPMAIMOHHO-
00pa30BaTEIIbHYIO CPEAly YHUBEPCUTETA.

[Ipumeuanue: Konkperuszanus ayauropuii u ux ocHauenue onpeaensercs OIIOIL.
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