Big Data for
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. KopoTKo 0 60nbLUNX AaHHbIX

/. TaK 4YTO e TaKoe MCKYCCTBEHHbIN
MHTennekt! [Ha npumepax]

3. Bonbliune aaHHble B KOHTeKcTe UPT



KopoTKo 0 60nbLUMX AaHHbIX

«BoNbLIMMM AaHHBIMU» 0ObIYHO Ha3bIBAOT KPYMNHbIE 0OBEMbI Pa3HbIX
BM/AOB JAaHHbIX, KOTOPbIE FTEHEPUPYHOTCA C BbICOKOM CKOPOCTbIO
60/1bLIMM KONMYECTBOM Pa3HOODOPa3HbIX MCTOYHUKOB.
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Mopaenb 60nbLlUMX JaHHbIX HA OCHOBE YEeTbIPEX «V»

VOLUME VELOCITY VARIETY VERACITY
DATA SIZE SPEED OF CHANGE DIFFERENT FORMS UNCERTAINTY OF
OF DATA SOURCES DATA



Konn4yecTtBo AaHHbIX ObICTPO pacTeT
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He npocTo « MHOIo AaHHbIX»

Click stream

Active/passive sensor

Log

Event

Printed corpus
Speech

Social media
Traditional

Speed of
generation

Rate of analysis

Volume

Big

Variety

data

Velocity

Veracity

The four Vs

Unstructured
Semi-structured
Structured

Untrusted
Uncleansed



bonbLine oaHHbIE

becnonesHbl be3

«NCKYCCTBEHHOIO
MHTEenneKkTa», KOTopbIn
N3BNeKaeT U3 HUX 3HaHUA.



MICKyCCTBEHHbIN UHTENNEKT — NepeMeHa orpeaerieHmnn

XayrenaHp (1985)

HoBas Bon HyloLaa nonbiTKa

Puy n Hant (1991)

Hay4UTb KOMMbIOTEPLI AyMaThb PaboTa Hapg Tem, 4TOObI
... MaWuHbl, obnadaroujue Hay41Tb KOMNbOTEPbI AenaTtb

YMOM, B MOSTHOM 1
OyKBanbLHOM CMbICNE

TO, C YEeM MoAM MoKa eLLlé

cnpasliAaloTCA nyywie

Wankodd (1990) EC — UM ans Esponesl (2018)

O6nacTb n3y4yeHusi, Kotopas Cucrtembl, 4EMOHCTpUpYOLME
nbiTaeTcsa 0ObACHUTb U pa3ymMHoe nosegeHue, bnarogapsi
CbIMUTMPOBATb pa3yMHOEe aHanmay OKpY>XeHUs1 N OCYLLECTBEHNIO
noBeLeHNe C TOYKN 3peHns AencTBumn (C onpeaenéHHon mepom
BbIYMCIIUTENbHbIX MPOLECCOB CaMOCTOATENbHOCTU) ANA OOCTUXKEHMS

KOHKPEeTHbIX Lenen



. mexgucumnnnmHapHbIU noaxoa
bonblune gaHHble: Tonnuso N

MawunHHoe
odby4yeHue

Ba3a
NaHHbIX



[1Ba makpo-Buaa VI

CcrnocobeH BbINOMHATL OTAENbHbIE
3agaym (urpatb B LWIaxmaTtbl, PEKOMEHOOoBaTb TOBaphl,
cCoCTaBnATb MNpPoOrHo3bl M T.n.). KoHTekcT wn  3apaun
onpeaenets.bi.

crnocobeH paenaTb BbIBOAbI,
NpUHUMaTb CaMOCTOSTENbHbLIE PELUEHM W BbINOSHATb
HeonpeaeneHHoe KONMMYecTBO 3adad, Kak yenoBek. KOHTeKCT
N 3aga4n He ornpenerexbl (pearbHOCTb).



byneT nokasaHo BMaeo
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MawmnHHoe oby4yeHne

llpoepamma, komopasi yyumcs
8bIMNOJIHSIMb OrpeoesIEHHYI0 3adayy,
ucrnosib3ysi cobcmeeHHbIlU ornbim,
meM cambIM obo2auwasi e2o U co
epemMeHeM yriyduiasi cnocobHocmeb
8bINOJIHSIMb 3adayy, 0J1s1 Komopou
OHa b6bIn1a co30aHa.



MawunHHoe oby4eHne: aBe KaTeropmm

be3 yuuTtens

C yuutenem



Oby4yeHune 6e3 yuntens




Oby4yeHune 6e3 yunrtensa




MawunHHoe oby4eHune: ABe KaTeropum

Cuctema knaccmdpuumpyet obbekTbl, 0bnagaroLlmne CxXoxXumm
n o0WKMMK XapakTepuctukamm (4eptamu), wucCxogsd U3
Kputepus cxoncrtea. Pesynbratel MOrytT oTnmyatbCd B
3aBUCUMOCTU OT KpUTepus Kraccudpukaumm



Oby4yeHune ¢ yuntenem (dasa oby4eHuns)

BArsdapnmna
O6yualowum ‘i
Habop Anroputm
(uem 60nbLue, MaLUNHHOTO

Tem nyuiue) obyuyeHus



Oby4eHune ¢ yuntenem (dpasa oLeHKN)

bendfvakyfa (V)

s
OLI,EHKa: TecToBbIN

Habop Anroputm
0
TOYHOCTb 92 % MaLMHHOrO

obyueHusn




Oby4yeHne 6e3 yunTtend (B akcnnyaraumn)

AKkyna vnm knt?

' /N\_Y

Anroputm
MaLUMHHOTO
obyueHusn




MalmnHHOe oby4yeHmne: ABe KaTeropum

Cuctema Knaccuouumpyet obObeKTbl, 061aJatolme  CXOXMMU
YepTaMM Ha OCHOBE XapaKTePUCTUK, OOHApPYXEHHbIX Ha 3Tane
obyuyeHnss. @dasa TecTMpPoOBaHMA MPOCTO MO3BOAAET  Y3HaThb,
HAaCKO/IbKO XOpOLWO cucTema npotna a3y obyvyeHusa. Y3HaTh,
HAaCKOJIbKO XOPOLIO CMUCTEMA MPOSABUT cebs Ha 3Tane aKcnayaTaLmnm
(T.e. paboTada c HOBbIMM, HE3HAKOMbIMM OObEKTAMM), HE/b3A



Oby4yeHue ¢ yuyntenem: npobnema

Habop AaHHbIX AOMMKEH ObITb:

, MPOCTaB/IeHHble 3KCnepTamn B NpeamMeTHOM 0b61acTu
(KOHTPONbHbLIN HAOOP AaHHbIX)

[11t0Cbl U MUHYCb

* MO roamntca gna BbiNoJIHEHMA 334a4, HE nmetoLWwmnx KpUTUYeCcKoro
3Ha4YeHUA, MOCKOIbKY NPOrpaMmbl HE MOTYT AaTb YeJIOBEKY
obocHOBaHMe cBoero noseaeHusa... o6vACHUMBbIN U



Adversarial Noise
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Adversarial Rotation
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Ob6bsAcHMBIN /N 0OBACHSET CBOW peLLleHNS

Today
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= Why did you do that?

= Why not something else?
= When do you succeed?

= When do you fail?

* When can | trust you?

= How do | correct an error?

User with
a Task
* | understand why
* | understand why not
+ | know when you'll succeed
* | know when you'll fail
+ | know when to trust you
+ | know why you erred
User with

a Task
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Figure 1. Hype Cycle for Big Data, 2012
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Figure 1. Hype Cycle for Artificial Intelligence, 2017
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Kak bonbwiune aaHHbie n N
B3aMMOAEUCTBYIOT, YTOObI
M3Bf1eYb HOBble 3HAHUA U3

NaHHbIX?

...«Hayka o gaHHbIX»



nonesHas ycnyra

$

(cnenyet HageaTbes)

npeobpasoBaHne aHann3 nosegeHus
cBeeHun B nosib3oBaTeneun Ang
nencTeume nosy4yeHns ceeaeHnn

pe3ynbraThbl HayKa O AaHHbIX
00paboTKM AaHHbIX




[10 BonbLWKMX AAaHHbIX

=[TWW| MOMITORING AND TELEMETRY
[V Y]

O =3

DATA SOURCES

x E Bl AND ANALYTCIS
Emailed,

centrally . .

stored Excel .,\..
reports and u

dashboards

Star schemas,
WIEWS

other read-
optimized
structures

=
[T Hﬂjj

COLTR ERP CRM LOB

Well manicured, often relational _ . . : : : nulti-dimensions:
_ _ ! LE‘-FT'Ip|E::-:, rigid transformations : r11u|[| dimensional
sources = ac to historical data

Required extensive monitoring _ . :
Many reports, multiple versions of

the truth

Known and expected data volume
and formats

Transformed historical into read

) structures
Little to no change Sltictre 24 to 48h delay




[ ToHUMN HMCXoQALEro aHann3a

Underst Gather Implement Data Warehouse

‘;C'T"DDFEJ[E REQUiFEI’ﬂE‘ﬂtS Reporting & Bl and analytic

Strategy Reporting & o r
— Analytics Design Analytics @

Business DEVE"UP”"IEN Dashboards Reporting
Requirements
Data warehouse

Dimension Modelling Physical Design

o ETL iy
ETL Design <
Technical Development ﬁ @ EI
Requirements

Data sources

Setup Infrastructure Install and Tune m m | m

OLTP ERFP CRM LOB




[locne 0onbwnx aaHHbIX

sels and alher
resarts

DATA SCURCES

() 0

= DATA REFINERY PROCESS
[ W [TRANSF ORM OM READ)
10
CLTP  ERP  CAM  LOE i,z Transferm
¢ relevant data

9 @ @ l inte (..1:-:I..'-| sets
LLL

EXTRACT AMD LOAD

FUTURE DATA
MOM-RELATIOMAL DATA SOLRCES
All data sources are considered Refineries transform data on read

Leverages the power of on-prem F:'r:u"iur': rufaha-d ( at=| e
technologies and the cloud for

storage and capture

Mative formats, streaming data, big




[ lpnHUMN BOCcXoasLLlero aHanmaa

Ingest all data Store all data Do analysis

regardless of requirements in native format without Using analyticengines
schema definition like Hadoop

Batch queries

Interactive queries

Machine Learning

Data warehouse




Kak cBecTun BCce 3TN AaHHbIe?

OT0 «03epo» JaHHbIX, rae:

o Bxogawine NoTokM — 3TO BXOAHbIe AaHHbIe,
KOTOpble MOryT obnagatb pa3Hom oopMon U
CTPYKTYPOW

o Micxoasiwme noToku — 9TO BbIXOAHbIe OaHHbIE, T.e.
npoaHanu3npoBaHHbIE



UTO Takoe 03epo AaHHbIX?
HOW DO DATA LAKES WORK? ——

The concept can be compared to a water body, a lake, where water flows in, filling up a reservoir and flows out.

The incoming flow represents
multiple raw data archives ranging
from emails, spreadsheets, ﬂ fﬂj , f

STRUCTURED DATA social media content, etc.

1. Information in rows and columns o~ = n
2. Easily ordered and processed [ _ M ‘ g = ‘

with data mining tools
UNSTRUCTURED DATA

Raw, unorganized data

. Emails

. PDF files

. Images, video and audio
Sodal media tools

Ll LT

The reservoir of water is a dataset,
where you run analytics on all the data.

o The outflow of water is the analyzed data.

Through this process, you are
able to “sift® through all the
data quickly to gain key
business insights.




Kak caoenaTb Tak, YToObl
MaLLUMHblI MOTNK
obpabaTbiBaTb Takme o0bLEMDI
OAaHHbIX 0e3 yulepba ans
NPoOn3BOAUTENBHOCTN?



YBennyeHme maclitabda

O o
?ii"':"”’;g S




[ Opn3oHTanNbHOEe MacLuTabnpoBaHue
(paclumpeHue)




Kak 6onblume AaHHble U3MEHWUIN aHANUTUKY
PbIHKa Tpyaa?

Top-Down
Deductive

j Hypothesis

’ Hypothesis ’ Observation

’ Observation

Bottom-Up
Inductive




Kakoe oTHolleHne bonbLlumne
OaHHble U I nmeloT K pbIHKY
Tpyna“
AHanuTUKa pbIHKa Tpyaa
APT



KopoTtko 06 APT

* AHanutuka pblHka Tpyaa (APT, anrn. Labour Market
Inelligence/LMI) — TepMmuH, Bxogdawmm B 0OMXOO BO
BCEM coOOOLleCcTBe creunannuctoB, paboTalouwmx B
obnactn pblHKa Tpyda, ocobeHHO B EBponenckom
Colo3e.

*  YHudounumpoBaHHoro onpegeneHuna noHAtna APT He
cywecteyeT. OHO MOXeT KacaTbCA Au3auHa M
ucnonb3oBaHna anroputmoB U cucrem U pgnsa
aHanusa gaHHbIX, CBA3aHHbIX C PbIHKOM TpyAa (T.e.
uHpopmaumm pbiHKa Tpyaa), B uUensAX nomMowum B
cbopmMmmnpoBaHMU NOSINTUKN N MPUHATUN PELLUEHUMN.



[TOoTpebHOCTU: HOBbIE NHCTPYMEHTD
nna APT

« 3HameHuToe uccnenosaHne ®pesa n OcoéopHa (THE
FUTURE OF EMPLOYMENT - byayuiee cepsl
3aHaTocTun, Okcdopa)

* 47 % npodheccun ucyesHyT B TeueHne dnmxKanLumnx
25 ner.

* 65 % peten, koTopble cerogHsa (2017) nayT B Ha4anbHyto
LLKONY, OyayT 3aHMMaTbCHA COBEPLUEHHO HOBbLIMY BUAAMY
PaboT, KOTOPbIX B HACTOsILLIEE BPEMSA ELLE HE CYLLECTBYET.

* OrpomMHble NOCNeACTBUA C TOUKM 3peHUd TpeboBaHUN K
npodoeccruoHanbHbIM YMEHUSM.

* [lyratowme undpbl, HO HACKOSBLKO OHM COOTBETCTBYIOT
OEeNCTBUTESTbHOCTN?

« Ham HY>KHO NMPUMEHUTb HECKOJIbKO AOMNOJTHUTESIbHbIX
MHCTPYMEHTOB, 4YTOObI rny6>|<e N3y4nNTb 3TN USMEHEHUA.



[Touemy ana APT cneayet ncnonb3oBaTthb
bonbwune gaHHbIe?

NeduuunTt gaHHbIX 0 NOTPeOHOCTAX paboTtogartenen B npodeccmoHanbHbIX
YMEeHUAX
TpagnUuNOHHbIE METOARbI:

. goporue,

° YypeBaTbl OTCTaBaHNEM BO BPEMEHMN,

. KOHLIEHTPUPYHOTCA Ha KOHKPETHbIX BUAAX YMEHUN,

. nccrnegoBaHus Hermbkne n TpebyloT BpeMeEHM.
MHCprMeﬂTbI NPOrHO3NPOBaHUS AN onpeaeneHna Hanbonee peneBaHTHbIX
TeHOeHUnn

° Ho MHCTPYMEHTbI NMPOrHo3npoBaHnA Bcerga HeaoCTato4HO TOYHbI B OTHOLLEHUN

TpebyeMbIx NpodeccnoHanbHbIX YMEHUI N XapakKTepPUCTUK Npodreccuin byayLuero.

[MporHo3mnpoBaHue noTpedbHocTen B NpodeccnoHarbHbIX YMEHUSX

[TonesHo:
. ANa NOHUMaHNA pearbHbIX NOTPebHOCTEN PhIHKA

. NS OCO3HAHHbIX peLIEeHNin B OTHOLLEHUM KapbepHOM MOBUnbHOCTH 1 Bblbopa
HanpasneHnsa oby4yeHns

. AOJ151 TOYHOW NOACTPOMKM NpeanoXxeHnn B cdepe obyyeHus



5 «V» 6onblmnX AaHHbIX B KOHTEKcTe APT

Data
Availability

Growing of
Computational
power

Advances in Al

The Rise of Big Data

VELOCITY

VOLUME

« Num of Records
« Num of Sources
« Num of Countries

Real/Near - time by:
- Crawling
- Scraping
- APl access

5Vs
Big Data
for LMI

« Structured
« Semi-Structured
« Unstructured

Understand LM
dynamics for decision
making according
to Stakeholder needs

Data Quality:

Consistency
Deduplication
Availability

Credibility



Kak 6onblume AaHHble U3MEHWUIN aHANUTUKY
PbIHKa Tpyaa?

Top-Down
Deductive

j Hypothesis

’ Hypothesis ’ Observation

’ Observation

Bottom-Up
Inductive




3HaMEHYIT nu bonbLume
OaHHble NPOPbLIB B cpepe
PbIHKA Tpyaa~?



AHaNUTHKe PbIHKa TPy

MOTIYT COAEeNCTBOBATb TPW MMaBHbIX
MCTOYHMKA AaHHBbIX:

(1) cTaTUCTUYECKME NCTOYHUKM
(2) aAMUHUCTPATMBHbIE UCTOUYHUKM



K yemy udem pbiHOK mpyoa?

1. Ssonoums NpodpeccuoHaNbHbIX YyMEHUMN
Bb'ingl 2. HosBble HapoXaatolmecs npodeccum
3. AsTomaTmsaums paboTbl U 3aMeHa YeNoBeKa
4. MobunbHOCTb
1. O6HoBneHne nHPopMaLUMM (NOYTM B peasbHOM
NoTpe6HoCTM BpemeHm)
PT 2. PeleHuna Ha ocHOBe AaHHbIX (MYCTb rOBOPAT AaHHbIE)

3. B0O3MOXHOCTb NpeayragbisaTe TEHAEHLNN

3HaHMA I'Ipl/IO6peTafOT KPUTNYHECKOE 3Ha4YeHne ANA Pa3HbIX MTPOKOB U pa3pa6OTHVIKOB
NOTNTUKN PbIHKA Tpyada, AaBdA BO3SMOKHOCTb MOHMMATb €ro AMHaMnKy n TeHAeHUNN



Web Labour Market
Scenario

Job Vacancies
frequently posted on
specialised Web
sources

Hidden informative
power about labour
market dynamics

Heterogeneous
sources and different
lexicons used in job
vacancy texts

Info about skills,
industry sectors,
territory, etc
expressed as raw text
within vacancies

Stakeholder Needs
Identified

Near real-time

»  labour market
‘ analysis

~ Labour Market

Trend Monitoring

~ Evaluate/compare

- International LM for

> fact-based decision

making

Analyse LM

> according to the
“identified dimensions

Proposed Research
Actions

> Data scraping from

selected sources

» classification via

»  Occupations/Skills

machine-learning

Multi Language

> support through the
use of Standard
Taxonomies




Table 1 Main characteristics for LM Data Sources

. Data .
LMTSOZME Data Type? Ger;e;;ﬂon Model Quality Coverage g;zﬂ_m; Believability Value
yp Paradigm g
Top
Owner's Owner's Down & Owner's
isti Structured Periodicall Relational intrinsic
Satistical y responsibility  responsibility Model responsibility
Based
Structured or Ownelrs” Top C}wnelrs...
. ) . o . Owner's responsibilty = Down &  responsibility . , .
Administrative Semi- Periodically Relational . intrinsic
structured responsibility & User's Model & User's
responsibility Based responsibility
Structured, Relational Bottom
i Near-real- , , ,
Web Semi- fime or and Non User's User's up & User's extrinsic
€ structured or real-ime Relational responsibility responsibility Data responsibility
Unstructured (NoSQL) Driven




Table 2 Most significant limitations of Big Data architectures

Caused by

Conceptual Blocks of
Big Data Architectures

Issue (most significant)

Schema-free data are out: only structured data sources
can be manipulated. Roughly, this means that only
data that obey a rigid, well-defined data model can be
handled, to the exclusion of all “unstructured” data,
such as free text, comments and Web content in
general.

Variety

Data ingestion;
NoSQL models;

No adaptability to change: the addition of a new source

requires the whole process to change, and this makes

it difficult to scale the architecture over multiple (albeit
structured) sources.

Variety, Velocity

Data lake

Schema free; data-
driven approach

Rigid ETL: the procedures that transform content from

source formats to target formats have to be precisely

written to fit the desired data structure (e.g., data
warehouse).

Variety

(bottom-up rather
than top-down)

Time consuming: the larger the volume of data to be
processed, the greater the time needed to complete the

process. ETL procedures are usually high time and

memory consumers, as they need to “scan” all the data
sources at any time to transform source data.

Volume, Variety,
Velocity

Scale-out rather than
scale-up
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