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Hayka o pgaHHbIx (Data Science)

 Hayka o pgaHHbIX (Data Science) — paspen
MHPOPMATUKU, CBA3AHHbIN C Npobaemamm
aHanun3sa, o6paboTKkn n npeacrasneHUa AaHHbIX
C Lle/1Iblo U3BNEeYeHUA 3SHAHUN U
NPOrHO3MpPoOBaHMUA.

Ob6veaunHAET CTaTUCTUYECKUE METOAbl, MeTOAbl
N NPUNOXKEHUA MALLUMHHOIO 0byuyeHUa u
MCKYCCTBEHHOIO UHTE/IZIEKTA, a TaKXXe metoabl
06paboTKn 60nbLUMX MaccUBOB AAaHHbIX HA
oCcHoBe UHPOPMALMOHHbIX TEXHONOTUM
pacnpeaeneHHbiX U 06/1a4HbIX BbIYUC/IEHUMN.




Y10 AOoNnKeH 3HaTb U YMeTb
cneuuanimucTt No AaHHbIM?

e 3HaTb meToAabl mawmnHHoro obyyeHua (Machine
Learning), BbIMUCIUTENBHOIO MHTENNIEKTA
(Computational Intelligence) n markmnx
BbluncneHui (Soft Computing)

* YMeTb OCyLLecTBAATb MHPOPMALMOHHbIA NOUCK U
usssiedeHune 3HaHui (Data Mining)

O6nagatb HaBblKaMu Pa3paboTKM n skcnayataumm
nporpamMmmHbIX cpeacTtB 06paboTkmn cBepxbonbLumnx
maccuBoB AaHHbIX (Big Data), tTexHonormamm
o6nauHbIx BbluncneHuni (Cloud Computing).




«bonblwiue gaHHble» (Big Data)

 bonblwue pgaHHble (Big Data) COBOKYNHOCTb
noAaxon0B, MHCTPYMEHTOB U METOA,08B
06paboTKN HECTPYKTYPUPOBAHHbIX
AAHHbIX OFTPOMHbIX 06 bEMOB 1 3HAUNTENIBHOIO
MHOroobpasuna ana nonyyeHus
BOCMPUHUMAEMbIX YE1I0BEKOM pe3y/1bTaTos.

«Tpu V»: 06bEMm (volume), ckopoctb (velocity ),
MHoroobpasue (variety).

basoBble TexHonorun: NoSQL, MapReduce,
Hadoop
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Mopaenu coumanbHbIX ceTeun

CeTb nonb3oBaTteneun
Facebook

CTpyKtypa npodeccuoHaibHOMU
coumanbHou cetu Likendin



Busyanusauma v aHanus rpadosbix
moaenen WEB - npocTpaHcTBa

CTpyKTypa cBA3eU
Mexay cantamu




MocTpoeHue ceTeBOU moaenu
CTPYKTYPbI TEKCTA

Pairwise Kernel-Based Preference Learning for
Multiple Criteria Decision Making

Leonid Lyubchyk, Galina Grinberg

National Technical University
“Kharkiv Polytechnic Institute™
Kharkiv, Ukraine
lvubchik leonid@gmail com, gingri

Abstract—The problem of preference functions model
development for multiple criteria decision-making is considered
based on machine-learning approach. It is assumed that the
training sample for a plurality of objects, for which decisions are
made, is formed from a set of measured features or the particular
criteria and the matrix of pairwise comparisons. The problem of
constructing a linear preference function model is reduced to
weighting coefficients estimation for features or particular
criteria and is solved on basis of corresponding optimization
problem with constraints. The problem of constructing a non-
linear model is solved on the basis of kernel-based learning
approach that allows approximating the preference function of
complex structure on small training samples. For the
regularization of nonlinear model preference learning procedure
the proposed method of optimal model concordance is used, with
estimation criteria weights are used as a priori information.

Keywords—decision making; estimation; kernel method; model
concordance; multiple criteria; pairwise comparisons; machine

learning; preference function; regularization prefe ren ce

L INTRODUCTION it <

One of the main problems in the theory and practice of
decision-making is to construct a complex generalized index, i ®
combining the set of particular cntena [1, 2]. This problem ?demify

occurs in the problems of multi-criteria optimizationbasedon  informati
different ways of aggregating the particular cntena [3], in

optimal ordenng or‘rankg o‘f objects based on their features 3 . approaCh mwe'



Kadegpa HTY «XIMAN»
"KOMNbOTEPHAA MATEMATUKA

U AHATN3 AAHHbIX"

Kadeapa obecneynmBaetr noAarotoBky 6akanaBposB u
MarmcTtpos no cneunanbHoctn 113 - «[llpuKnagHaAa
MaTeMaTUKa» co crneunanmsaymnemn B obnactu
MaTeMaTUYEeCKNUX MeToA0B aHa/1M3a AAHHbIX.

BbiNnyCKHMKKM Kadeapbl, BAageroline COBPEMEHHbIMMU
METOAAaMUN TMPUKAAAHON MATEMATUKM U  KOMMbIOTEPHbIX
HayK, [OTOBATCA ANA HayyHOM WM NPOU3BOACTBEHHOM
NeATenbHOCTM B 06nactu pa3paboTKM M NPUMEHEHUS
MaTeMaTUYECKMX moaenen, MHPOPMALMOHHbIX TEXHONOTNN
M NPOrpaMmMHOro obecneyeHuss ANA aHaNM3a AaHHbIX,
N3BJI€YEHUNA 3HAHUNIN, YNPABIEHUA U NPUHATUA PELLEHUN.



CneunanbHoOCTb
"MpuknagHaa maremaTtuka“

¢ OKycom B aHa/IU3 AaHHbIX

e (dyHOAMEHTA/IbHOE MaTeEMATMYecKoe obpa3oBaHne —
NPOYHas OCHOBaQ byayLien Hay4YHOM 7
NPOM3BOACTBEHHOMN Kapbepbl

* npodeccuoHaNbHas KOMMbIOTEPHAA MNOArOTOBKA —
rapaHTMA TPYAOYCTPOUCTBA B YKpanHe 1 3a pyberkom

°* crneumanbHaa MNPUKAaAHasA  MaTemaTuyeckaa u
KOMMNbIOTEPHAsA MOArotoBka B 06/1aCTM  MEeToAoB M
TEXHONOTMMN  MOAENNPOBAHUA, NPUHATUA pPEeLleHUn W
aHanmM3a pJdaHHbiX — 6a3a ana pabotbl B cdepe
nccnegoBaHum un paspabotok (R&D)



ebHbIN NNaH cneunasnbHOCTH

Ha Kadepgpe KMA
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O6pa3osaTtenbHasa nporpamma (cneuuanusauus)
«MHTEeNnNneKTyanbHbIA aHaNM3 AaHHbIX» Ha Kadeape

«KomnbloTepHOi maTeMaTUKU U aHa/IU3a AaHHbIX»

« Obpa3oBaTesbHaA nporpamma HanpaBaeHa Ha
NOAroTOBKY CNEUMaNIUCTOB, BNAAEKOLWMX COBPEMEHHbIMMU
MAaTEMATUYECKMMMN  MeTodamMun U UHPOPMALUNOHHbIMMU
TEXHO/IOTUAMMN  UHTENIEKTYa/IbHOrO  MOWCKa, aHaAu3a,
06paboTKM N BU3yanmn3aUUM AQHHbIX C LENbO U3BEYEHUS
3HAHMN U NPOTHO3UPOBAHMUA.

e LUenb noarotoBknm no o06pa3oBaTe/IbHOM NPOrpamMmme
3aK/loyaeTcA B OBJIAJEHUM  MeToaaMM  MaLIMHHOIO
obyyeHna, MATKNX BbIMUCAEHUA W  BbIYUCAUTENBHOIO
NHTENNEKTA, YMEHUSMWU W HaBblKaMW pPa3paboTkn w
3KCn/IyaTauum NPOrpamMmHbIX cCpeacTs 06paboTKu
cBepxbonbLLIMX MaCCUMBOB AaHHbLIX Ha OCHOBE TEXHOJ/I0TMU
pacnpeaeneHHbIX 1 061a4HbIX BbIMUCAEHUN.



O6bpa3soBatenbHasa nporpamma (cneuuanusauusa)

«HTenneKkTyasnbHblA aHaNU3 AAHHbIX» Ha Kadeape
«KomnbloTepHOU maTeMmaTUKU U aHaNn3a AaHHbIX

NMpodeccrnoHanbHasa AeATENbHOCTb BblIMYCKHUKOB CBSI3aHa

- C pa3paboTKoM anroputmoB KM nporpamm o06paboTku
HeonpeaeneHHbIX WU HEeCTPYKTYPUPOBAHHbIX  AdHHbIX
NPUMEHUTENbHO K 33Jj@a4aM aHanmM3a TEKCTOB, CUTHA/I0B WU
n3obpaxKeHn, NOUCKa U N3BNEYEHUSA 3HAHUN;

- C y4yactmem B pa3paboTKe MNpPOEeKTOB, CBA3aHHbIX C
Knaccupukaumen un  paHxmpoBaHnem  Web-ob6beKToB
(KnnMeHTOB, NOJSb30OBaTENENM M CANTOB), MOAENNPOBAHUEM
MOUCKOBbLIX CUCTEM, MPOTrHO3NPOBaHMEM TpadUKa, aHA/IU30M
N MOAENNPOBAHNEM B3aMMOAENCTBUA KINEHTOB N CEPBUCOB,
BblAB/IEHNEM U UAEHTUPUKALMEN AHOMANNN N YTPO3.



CTpyKTypa NoAroToBKMU No cnewuanusaumm

"UHTenneKkTyanbHbIi aHANU3 AaHHbIX"
Ha KBaIMPUKaUUOHHOM ypoBHe «baKanaBp»

METOAbl MalLMHHOTO 0by4yeHus,

METOAbl U3BJIEYEHUA U NPEACTABNEHUSA 3HAHUN,
0bpaboTKa cMrHanoB 1 N306parKeHunw,
BM3ya/In3aUmMA AAHHbIX,

MEeTOAbl 3aLLUTbl MHGOPMaL NN,
MaTeEMATUYECKAA NMHTBUCTUKA,

KOMMNbIOTEPHbIN aHaNM3 n 06paboTKa TEKCTOB,

MHPOPMALMOHHbIN NMOUCK, cemaHTnyeckmm WEB.



CTpyKTypa NoAroToBKU No cneuuanmsauum

"UHTenneKktyanbHbIXN aHANN3 AAHHDbIXK Ha
KBaAnnduKaunoHHOM ypoBHe «Marmncrtp»

pacrnpeanenieHHble n KOPNOopPpaTUBHbIE
VIH(IJOpMaLI,VIOHHbIe CUCTEMDI,

NnapajanesibHblie BbIHNUCIEHNA U ob/1a4HbIE
TEXHOJZIOTUMU,

He4yeTkme moaesim u metTodbl, MArkKne BblvinNC/1eHNA,
HEI\/JIpOCETEBbIe TeXHONOITnMnN, OCHOBDbI
BbIHNC/TUTE/ZIBHOTO MHTENNINTIEKTQ,

9KCNepTHble cucTembl M 6a3bl 3HAHUN;

MHTENNEKTYa/IbHbIN MOUCK U aHANIU3 AAHHbIX B
NHTepHeTe.
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Pa3paboTKa anroputmoB n nporpammHoro obecneyeHums

ANA Knaccmpukauum obvekTos B UHTEpHeTe
3aka3uukK «Samsung Electronics Ukraine Company» LTD
(SEUC)

o 3aka3y SEUC Kadbenpon Nno KOHTPaKTy
6biNn BbINONHEHbI ABE NpuUKnagHbie HUP:

 "ABTOMATU3MPOBAHHAA
(nonyaBTOMaTMYECKasn) Knactepmusauusa
6onblOro KonmM4yecTsa 06 bLEKTOB MO
OrpaHNYeHHbIM TEKCTOBbIM onucaHnem" /
"Semi-supervised clusterization of large
corpora of short texts".

e "ANropuUTMbl YaCTUYHOIO MALLUMHHOFO
obyueHna» / "Semi-supervised machine ﬂ '
learning algorithms “. WIEE, . e
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Knacrepusaumua TeKctoBbiX 06 beKTOB




Pa3paboTKa aganTuBHbIX moaeneu paHXupoBaHUs

CanTOB B MOUCKOBbIX CUCTEMAX Ha OCHOBE METoA08B
«Ranking Learning»
3aKa3uuK “Noosphere Ventures” & TrafficDNA.com

Pa3paboTtaHa meToamKa,
aNropPUTMbl M MPOTrPaMMHOe
obecneyeHune ans
nocTpoeHmna oby4yatoLmxcsa
Mmoaenem CUcTem
PAaHXWNPOBAaHUA CaUTOB Ha
OCHOBE ANMHAMMYECKOM e e
Knacrtepulauum



POEHUE OBYYAIOLWLENCA MOOENU PAHXUPOE
CAUTOB HA OCHOBE KNACTEPU3ALUU

0 150 350
0 150 350

=
o
c
T
3
=
£
[

Frequency
Frequency

10 25
j!
Frequency
010 25
r
Frequency
05 15

35

F requency
1

F requency
F requency
0 06

=
00 08

f
F requency
00 15 30
1

|

F requency
00 15 3.0
L
F requency
0 15 35

Fragueancy
Fraguancy




Pa3paboTtka anropntmoB U nporpammHoro obecneueHus
ANA CTaTUCTUYECKOro aHa/im3a U NPorHo3upoBaHUA

¢dMHAHCOBbIX PbIHKOB
3aKa3umkm Math+.com & Tradespoon.com, USA

PaspaboTtaHbl meToAabl W  NPOrpaMmHoe
obecneyeHne gna aHanunsa M nNRE
OUHAHCOBbIX PbIHKOB |

Co3aaHa WEB'I i
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HHbBIE ON-LINE MOHUTOPUHIA SNEKTPOHHbIX TOPIC
HA ®PUHAHCOBOM PbIHKE
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CTATUCTUYECKMNN AHANN3 OAHHBbIX
®UNHAHCOBbIX PbIHKOB

The §* [EEE Internationa] Confarence oa Intalligest Data Acquisition aad Advanced Compting Systesms: Techmology and Applications
Peand

24-26 Sepmmber 2015, Warsaw.

Nonlinear Signal Reconstruction Based on
Recursive Moving Window Kernel Method

Leonid Lyubchyk’, Vladislav Kolbasin', Roman Shafeyev’
! National Techmical University “Kharkiv Polytechnic Institute”,
Frunze str. 21, Kharkov, 61002, Ukraine;
lyubchyk/@kpi kharkiv.edu

Abstract— Reconstruction problem for signals generated
by discrete nonlinear dymamic system is comsidered via
unified approach to recurremt kermel-based dymamic
systems. In order to prevent the model complexity
increasing under om-line identification, the reduced order
model kernel method is proposed and proper recurreat
Least-Square identification algorithms are designed along
with comventional regularization techmique. The recurrent
version of Moving Window Kernel Method is ako
considered and sumitable identification algorithm is
developed, which has tracking properties and may be
successfully used for on-line identification of nonlinear and
momstationary signal reconstruction.

Keywords— kermel methods, machine learming,
nonlinear signal recomstruction, system identification,
support vector machine, recurrent least-squares.

I INTRODUCTION

The problems of signal reconstruction from discrete
samples are of a great importance 1n different applhications,
such as signal processing, automatic control, econometnics
etc [1]. At that recovered signal 15 usually treated as an
output of the discrete dynamical system with unknown
mappmg function that allows reducing the sigmal
reconstruction to an equivalent system identfication
problem using the signal measurements. The most
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approaches, which produce nonlinear and nonparametnc
versions of conventional identification algonthms.

Kernel identfication methods, based on the idea of
wput data mplicit nonhnear transformation mnto hugh-
dimensional (theoretically nfinute) feature space, enswre
the possibility of nonlinear model approximation. Using
the Mercer's theorem, the feature vectors are chosen so
that its scalar products in feature space are the positive
definite kernel functions. At that the identified model may
be represented m 2 nonparamemc form as lhnear
combmation of kermel function, though the weighting
coeffictents (auxihary vanables) may be computed
without making diwect reference to feature vectors [7]
Such an 1dea 15 proved to be very effective for nonlimear
system identification [8].

In the mutial version of KM the dimension of auxihary
vanables vector as well as estmated model complexaty
increases proportionally to the measurements sample
length, which make such approach unswitable for on-line
signal processing. In order the model complexaty
restnction, it 15 deswable to use the awxihary vector of
fixed dimension along with recwrent version of
wdentification algonthm [9]

In [10] the SVM approach to Recursive Least-Square
Kemel Method (RLSKM) has been considered, which
seems to be very effective for nonstationary generatin
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KOMMEPYECKUU NMPOOYKT

B-BA3UPOBAHHASA CUCTEMA NOOOEPXKU MPUHAT
{MA NPU TOPIrAX HA 3NEKTPOHHOU ®UHAHCOBOMN E

30.01.2017, 12:44:43
Predict stock price or index movement
with the highest accuracy on the market!

Stock- @ _
Forecasting . (Il NICLL
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Test Previous Close Bull or Bear Markets, Make Profit Daily by
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REALTIM The "Next Business Day" real-time test of the SF software
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Get it now Close: real (113.3)  hist prediction (113.15)
MORE FREE TESTING... for free chart by amCharts.com

CSCO 30.98 30.70 99.08%
MSFT

65.78 58.72 89.27%

prediciion () Dec 12,2016

.

ot

Sign Up Now

26 149 100



AeHTbl Kadeapbl KMA/L aBaXXAabl BbIXoAUAU B DU
YemnuoHaTta mupa no nporpamMmmmnpoBaHUIO
(International Programming Contest ACM-ICPC).
Xap6buH, Kutam

¢ Certificate of Achievement

awarded to

National Technical University

@ gj Kharkiv Polytechnic Institute

Daniil Bondarev
< ; ACIMN Fiogimning Contoat” Stanislav Cherviakov
40 T Dmytro Dzhulgakov

@ . National Techrical Universtty \le ‘ . Leonid Lyubchyk, Coach
"Kharkiv Polytechnic \nstitute' | 1 Henorabis Hebas

The 34" Annual ACM-ICPC

from among 103 teams chosen fr¢ field of 7,319 ts fre 1,931
WorId Finals o aiiar 103 leatos chionan foin e Bl 6 7,310 vaersia o
roin

5 February 2010

William B. Poucher, Ph. D. sehfYang, .:ifi:m President
arbin'Eng

P
ICPG Executive Director ngineering Univirsity

%&J&/on [ %:ééélan

Honor Sociy forthe Computing & [nformation Discplines
recognition of your team’s participation at the

The 2010 ACM I ional Collegiate Progr ing Contest
Sponsored by IBM

this

CERTIFICATE OF ACHIEVEMENT

is presented to

National Technical University "Kharkiv Polytechnic Institute"

Team Members

Daniil Bondarev, Stnislay Cherviakov &D o Dzhulgakov
Leonid Lyubehyk,

Harbin, China

0
T | mum Nanonal Techmcal University |
‘ s Kharkw Polytechmc Institute"




PuHan YemnmoHata mmpa No NPOrpaMmmmMpoOBaHUIO
(International Programming Contest ACM-ICPC),
Bapwasa, lMoabLua.




aem Bac Ha Kadegpe KMAA HTY «XIMA




Jlyuwine BbINYCKHUKU Kadeapbl

 Jxynrakos Amutpun — Software Engineer in Facebook,
starting 2012.

* MonocyxuH Unbsa — Software developer and Data Scientist in
Salford Systems , 2008 — 2014, Software Engineer in Google,
starting 2014 .

 BuuypuH AHppem - Software Engineer Intern in Google, 2013,
Research Engineer in Samsung, 2013-2014, Software Engineer in
Google, starting 2015

* JlncmukuH Bnagucnas — Software Engineer Intern in Google,
2015, Research Engineer in Samsung, 2013 — 2014, Software
Engineer in Google starting 2015.

 BoHpapeB [aHuun - SDE2 (Software Developer Engineer) in
Amazon Web Services

* HukynbueHKo Aptem — ctaxkuposanca B IBM Zurich Research
Lab, ceituac 3amectutennp aupekropa Cloud Works
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