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Onpepnenerne n cBONCTBa DOMBLLINX JaHHbIX

Boabwmmun AaHHBIMW HA3bIBAKOTCA TAKUE BbI60pKVI,

OJ151 KOTOPbIX CKOPOCTb pocTa 0bbema BbIOOPKM MpeBbILLIaeT
CKOPOCTb POCTa BbIYNCANTENLHbLIX MOLLHOCTEIA.

CeoiicTBa DOMBLLIMX AAHHBIX

O06bem. VeennyeHne MOLHOCTER XpaHEHMSI AaHHbIX, NOSIBAEHNE
HOBBIX TUMOB AaHHbIX, pa3paboTka HOBbLIX CNOCObOB U3BAEUYEHUS
3HAHWA N3 JaHHbIX.

Pa3Hoobpa3une. Hoeble MCTOYHUKN HaHHBIX: COLMANbHBIE MEAUA,
BUAEO N ayAuo KOJNEKLUMN, MODUABHBIE NPUNOXKEHNS, AaHHbIE
MONCKOBbIX CUCTEM, MOHUOPUHI NHTEPHETA BELLEHA.

CkopocTb. Hoeble cnocobbl nepegaqn gaHHbIX: HEMpepbIBHOE
BewaHmne 4K n nepesada pgaHHbIx ¢ nomolbto ceTeii LiFi co
ckopocTtbto go 1 Gb/s.



[MnoTe3a NopoXXAeHNs AaHHbIX

MpocTas BbIbopka — 3TO cay4vaiiHas, OGHOPOAHAsS, HE3aBUCUMAS
Bbibopka (i.i.d.):
> BbIOOpKa 13 reHepasibHOl COBOKYMHOCTW BbIMOJHEHA CAYHalHbIM
obpasom,

> npeueaeHTbl BbIOpaHbl U3 OAHOrO pacnpeaeneHus,

BEPOSITHOCTHAsi Mepa Ha NPOCTPaHCTBe NpeACTaBUMA B BUAE
NpoN3BeAEHNSI BEPOSITHOCTHBIX MEP Ha KOMMOHEHTAX.

MosiBneHue 60nbLINX faHHbIX MPUBENO K PaspyLUeHUD
runoTessl 0 NPOCTOTE BbIOOPKM.



Knaccndprkaumsa naymeHToB B UMMYHOOTY

Oxunpgatue:

IS aHanUTNYeckoli 0bpaboTkn bonblMX JaHHbIX TpebyroTcs
anropuTMbl CybKBaApaTUYHON CIOXKHOCTU OTHOCUTENBHO Obbema
BLIOOPKM.

PeanbHoCTb:
nccnenoBaTeNN NpeasaratoT aaropuTMbl AMHEAHOR n cybanHelHol
CNOXHOCTN.



Model selection for time series forecasting

The Internet of things is the world of networking devices (portables, vehicles, buildings)
embedded with sensors and software.

» Environment and energy monitoring
» Medical and health monitoring
» Consumer support, sales monitoring

» Urban management and manufacturing

The future of Deep Learning

Images Speech Behavior
The Al rocket




Knaccndprkaumsa naymeHToB B UMMYHOOTY

[Ba Tuna nauneHTOB C HapyLUEHNsIMU paboTbl CepAe4HO-COCYANCTON CUCTEMBI:
y € {A1,A3}; kaxpgomy nauymeHTy conocraeneH Habop Bruomapkepos x.
Knaccet —— T[pynnbl na- [lauueHtam npuceoeHbl meTkm Knaccos ‘Al
LNEHTOB (onepuposan) " u "A3 (rpynna pucka)'.
Ob6bektbl — [MaumeHTsl O6cneposanbl 14 naumenTtos B rpynne “Al”
n 17 nauynenTos “A3".
MpusHakn — Mapkepsl 20 6uomapkepos: K, L, K/M, L/M, K/N,
K/O,...

https://en.wikipedia.org/wiki/Blood cell



Tabnnua obbekT—npusHak (nayneHT—mapkep)

| Knacc | ID naymenta | K L K/M L/M
Al coo1 58.3 16.7 0.52 0.00
Al Coo4 40.2 6.0 NaN NaN
Al C005 543 13.1 NaN NaN
Al Coo08 48.7 9.8 0.05 0.02 etc.
A3 023 46.6 21.2 0.40 0.08
A3 026 50.7 26.2 0.12 0.00
A3 027 453 245 0.05 0.02
A3 D037 46.3 131 123 0.13
etc.

Kak nokasaTb, 4To rpynnsl pasnnyumei?




JluneiitHas knaccudpukaums

u/iz

L/T/SA

Pesynbtatamu knaccudpmkaumn (Al npotue A3) sieastotcs
napaMeTpbl MaTEMaTUYECKON MOAENH

9i = f(x;,w) = sign(w"x; — b) = sign([0.35,0.72,0.29] "x; — 34.16).



MHOFOMeprIe AaHHbIE B PA3HbIX BPEMEHHbLIX LUK X

MporHosnposaHue obbeMa NOTPEBAEHNA N LEH HA DNEKTPOIHEPTUIO

> 3ajaHbl BpEMEHHbBIE psabl LeH, NoTpebieHuns, TeMnepaTypy,
BNIAXKHOCTb, NH(OPMaLNIO O BPEMEHU U3MEPEHUS 1

NpasgHUYHbIX OHAX.
> BPEMEHHbIe pAgbl N3MEPATCA B PA3/IMYHbIX WKaJlaxX N UMEKOT

pPa3/IMYHYIO NEepPVOANYHOCTD.

Time series
Forecast

A2 g




MaTpurua aBTOperpeccum
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Heliues P.I"., Katpyua A.M., Ctpuxoe B. Beibop onTumansHoro Habopa npusHakos u3
MynbTUKOPPENnMpYIOLEro MHOXeCTBa B 3ajade nporHosuposarus // 3asopackas nabopatopus. [duarHoctuka
maTtepuasios, 2016.



The one-day forecast: expected error is 3.1% working day, 3.7% week-end
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The model y = f(X,w) could be a linear model, neural network, deep NN, SVN, ...
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Structure of energy consumption

Consumption
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Sunrise bias:

Consumption, normalized

Consumption and daytime, norm

1
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One-hour line, day-by-day during a year: autoregressive analysis
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Design matrix and online rolling validation procedure

Forecast is a mapping from p-dimensional objects space to r-dimensional answers

R A

m ftrain

O test

o) . .
Y validation

space.

T Ui t; t, continuous time
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The model performance criteria and forecast errors

Stability:

» the error does not change significantly following small changes in time series,

> the distribution of the model parameters does not change.

Complexity:

» the number of parameters (elements in superposition) is minimal,

» the minimum description length principle holds the William Ockham'’s rule.

Error: the residue ¢; = y; — y; for

» mean absolute error and (symmetric) mean absolute percent error

r

1 2|gl
MAPE = =y _—— 1
s rj—zl

95+ vl
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Case 2. Sales planning: to forecast the goods consumption

Retailers’ daily routines
> custom inventory

» consumer demand forecasting

» There given historical time series of the volume off-takes: foodstuff
over 60000 items in 5000 groups

> Let the time series be homoscedastic: its variance is time-constant

» Minimize the loss function to forecast the next sample

18/1



Custom inventory

[armrox [IIAIIOBHUKA 1n
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The performance criterion is minimum loss of money

Error functions: quadratic, linear, asymmetric.

Out of stock Over stock
c
K]
k3 Keeping time
S Effective life
(2]
(2]
o
|
Stock
overflow
Money loss ]
Customer fidelity Credits I
N
Historical volume Forecast error
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The time series of residues and its histogram

Volumes
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Loss function

There given historgam
H={Xi &}1
and loss function
L=1L(Z,X).

The optimal forecast is

X = argmin giLl(Z,X;)
Ze{Xy.. Xm} ;

of this convolution.
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Beverage: the week periodicity daily over four weeks

miok RED BULL anep /6 0.251
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Sparkling wine: holidays weekly over three years




Promotional actions

DA
24/1



Forecast the residues to boost performance

~f ~f ~f ~f
: T Lt L1 L2
/ o f o f ! /
,- & o
:. : "f:g Afag
Li—1 Tt Liv1 Livo
NY NY
Et—1 €t g7 Ct+l —g T EtH2 g T -

Model f forecasts n(g) history ends %/, ...,)?tf_n(g)H for one sample.
Compute n(g) residues &¢,...,&r_p(g)4+1 3S Et—k = Xe—k — >A<tf_k.
Function g forecasts residues &, ; ahead max(/) time-ticks.

: of8 _ of A ; of
Combine forecasts £, = X{,; + £+4; computing f for each sample £/, ;.

N =
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Case 3. Forecasting volumes of Russian railways freight transportation

Keep a hierarchical structure of time series without loosing performance

Forecast with hierarchical aggregation of

v

types of freight in

v

stations, regions, and roads,

v

for a day, week, month, and quarter,

v

counting all combinations above.

Satisfy the conditions:

> minimize error,

» incorporate important external factors,

» respect hierarchical structure,

» do not exceed physical bounds of forecast values.

26/1



The railroad map counts ~ 78 regions, ~ 4000 stations, and ~ 100 rail-yards

018709 Komsomolsk-Musmanskiy

014065 The White Sea (exp) (Murmansk region)
Losta

031808 Saint-Petersburg-freight Moskovskiy

831504 Combinatskaya (Omsk region)

Moscow
832808 Kalachinskaya (Omsk region)

700408 Voynoviglzm Omsk-fothern

(Tumen region) . .
850100 Ob' (Novosibirsk region)
831203 Omsk-eastern o
781108 Sysert 850100 Topki 967600 Vanino

(Sverdlovsk region) (Kemerovo region) (Khabarovsk Krai)

\\ 883809 Achinsk-2
830304 Karbyshevo (Krasnoyarsk Krai)
urgan \(Omsk;gion)

830709 Omsk-passangers

835609 Karasuk

687705 Tayncha (Novosibirsk region)\ Khabarovsk
(Kazakhstan)
94906 Yekibazguz 3 (Kazakhstan)

987905 Blukher
717008 Kant (Bishkek, Kyrgyzstan) (Primorsky Krai)
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Independent forecasts might be inconsistent with aggregated ones

Regions
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Time series
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Hierarchical data x, independent forecasts x and reconciliated forecasts @

» Xt =

-1 1 ... 1 o ... 0|0 O 0 0 0 0
-1/ 0 ... O 1 ... 1 10 O 0 0 O 0
o|-1 ... O o ... 0|1 1 1 0 o 0
0 o ... -1 0 ... 0|0 O 0 1 1 1
0 o ... O{-1 ... 0|1 O 0 1 0 0
0 o ... O o ... =110 O 1 0 o 1

There given independent forecasts x € A, X € B to

make reconciliated ¢ s.t.

» consistency $ € A = {x € R? | Sx = 0},

> physical limitations @ € B,

> precision (X741, @) < (X741, %) for any

hierarchical data x+,, € ANB.

(;b = Xproj = arg min /h(Xa )AC)

x€ANB

xe(z, )
xt(n,:)

xt(':., m)
Xt('l.,lm)

xi(n, 1)

Consistency condition Sx, = 0, where the link matrix is (24 n+m) x (1+n+ m+ nm)

top
regions

freights
given regions

given freights

0x106
IWM
-2
-3
-4
PlLe=lxe — @15 — lIxe — X113
% 20 ( 80 100
Control point 29/1




Case4. Internet of things, multiscale dataset for vector forecasting

Energy
Max T.
‘ MinT.
Precipitation
Wind
H midily
\|
Mﬁ ‘ ! |
' U ‘ il ——Energy
| " il ——Solar
| \
LIl T
\\ 1 —> <
\ | T/
-—
; titip th=ir’  ti,

Each real-valued time series s =sq,..., Siyeen, st], si=s(t), 0 < t; < tmax
is a sequence of observations of some real-valued signal s(t) with its own sampling rate 7.
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To boost the forecast quality include external variables
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Models and features

Models:

» Baseline method: §; = s;_1.

v

Multivariate linear regression (MLR) with h-regularization. Regularization coefficient: 2
SVR with multiple output. Kernel type: RBF, p1: 2, po: 0, v: 0.5, \: 4.

Feed-forward ANN with single hidden layer, size: 25

Random forest (RF). Number of trees: 25 , number of variables for each decision split: 48.

v

v

v

Feature combinations:
» History: the standard regression-based forecast with no additional features.
» SSA, Cubic, Conv, Centroids, NW: history + a particular feature.

All: all of the above, with no feature selection.

v

v

PCA and NPCA: all generation strategies with feature selection.
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Feature analysis

0.5

MLR 045

0.4

MSVR 033

0.3

025

RF 0.2

0.15

0.1

ANN 0.05
0

S Y ooew
‘8‘_}0 C @\ V’ QC/ QC/
(e

Test subset MAPE

Ratio of times each combination of model and feature performed best for at least one
of the time series (7) or error functions (6), all (6) data sets (6 x 7 x 6 = 252 cases).
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I\/Io,u,eﬂmposaHme Pa3HOPOAHbBIX OAHHbLIX: CMECb SKCNEPTOB

f(X,’|W1)




Mixture of experts as a model selection procedure

Answers
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Likelihood
o
o
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The likelihood of every expert
given a data sample, the model

f=a(hy(...hx(x)))(w),

where hy are autoencoders and a
is a softmax classifier:

exp(a(x))
> exp(aj(x))’
a(x) = W, tanh(W; hy),
hy(x) = o(Wkx + by),

f(w,x) =

where w minimizes the error

function.
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Heterogeneous model mixture for time series forecasting

erts likelihood
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[MocTpoeHune ceteli rnybokoro oby4eHus

BpemenHbie psagbl akcenepomeTpa
(war n Ger):

4
o
n 0
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= 15f 2
s ]
g 2
g 1;\/\/ S
g g=!
2 0sp <
1]
=1 o
51 <° 0 \A\V/A
S
-1
-05
0 1 2 3 4 s 0 1 2 3 4
Time ¢, s Time ¢, s

Motrenko A., Strijov V. Extracting fundamental periods to segment biomedical signals // Journal Of
Biomedical And Health Informatics, 2016.



CeTb rnybokoro oby4deHnst Kak cynepnosuus Mogeneii

Mogenb knaccucpmkauum — cynepnosuymnsi PyHKL M

f(x,w) = py(pa(. .- i (x)) : R" = [0, 1],

N u1<x> po | 2100 weatem) [y et [ 1

rae py, k€ {1,..., K} — mogenn n3 knacca HelipoHHbIX CeTeili C
T
napametpamu Wy, k € {1,..., K}, w = [wy,...,wg] ,
.
fixw) = [p(yr = 1x;w), ..., p(ym = 1x;w)] .

DyHKUUS OLINOKN

S(w|D) = Z Z[yt = 1] In(fe(x,w)).

x€D £=1



CeTb rnybokoro oby4deHnst Kak cynepnosuus Mogeneii

ABTOKOOUMPOBLLUK — Cynepno3nuuns 6aokos
i =o(gx), k=1,... K
rae Kogupytowumii 6ok
g(x) = o(Wgx + bg).
JByxcnoiinasi HelipoHHas ceTb
T T
a(x,w) = W, tanh(W, x),

w) — exp(a(x,,w))
N(v ) Zn

j=1 exp(aj(x, w))’

rae W), W) — matpuusl Becos nepeoro u BToporo cnoes
HelipoHHOli ceTu.



ABTOMaTUYECKOE NOPOXKAEHNE MOAENENA

AHanus mogeneli C TOYKMN 3PEHUS YCTONHNBOCTI U CAOXKHOCTU
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Monosa M. C., Ctpuxxoe B. B. Bbibop onTumansHoii Mmogenn knaccudukaymm busmnyeckoii akTUBHOCTMN
no nsmepenusim akcenepometpa // WndopmaTtuka n ee npumerenns, 2015.



AHaNn3 nosegeHna Ha I'IpOI/I3BO,£I,CTBe
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Local transformations in superposition with the deep neural network

Feature generation by local transformations

» parameters of Singular Structure Analysis approximation of time series s,
» Fast Fourier Transformation of s,

» parameters of polynomial/spline approximation of s
could reduce complexity this model down to complexity of logistic regression.

To generate the features x
1. Optimize transformation parameters b given model parameters w
b = argmin Q(g(b,x)).
2. Include the vector b the feature space to solve the main problem

W = arg min 5(w]f(w, ¢),y), where (j)(lA),s) C x.
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Human gate detection with time series segmentation

Find dissection of the trajectory of principal components y; = Hv;, where H is the
Hankel matrix and v; are its eigenvectors:

1 T T .
GHH=VAV' A=diag(Ar,.... o).
0.06 o if
A 0.05
= 004 ) * i
;
£ 002 —
T o
2o -
& om
~0.04 —0.05

200 400 600 800

. 400 ) 004 -002 0 002 004 006
Time index i

40/1



Parameters of the local models: SSA

8
For time series s construct the Hankel matrix with .
a period k and shift p, so that for s = [sq, ..., s7] <,
. [
the matrix 2 o
g
3 0
ST | ST-1 .-+ ST—k+1 =
< -2
. &
H* = g4
Sk+2 | Sk+1 .- So A -6
Sk Sk—1 ... S1

0 5
Principal component, y;

Reconstruct the regression to the first column of the matrix H* = [h, H] and denote its
least square parameters as the feature vector

$(s) = arg min [|h — Ho|3.
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Performance of the human physical activities classification model

= — DO
[aw] ot [a]

Objects number

t

Mean Accuracy: 0.9823

99.5% L8 g 7op 98.8% 97.5% 100.0% g9 49 93.4% 9IT.0% 99.9% 994% 97.2%

6 7
Class labels

8

9

10 11 12

walk forward
walk left
walk right

go upstairs
go downstairs
run forward
jump up and down
sit and fidget
stand

sleep

elevator up

elevator down
[} =5 =

D
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[MopoxxaeHue n BbIODOP METPUYECKOrO NPOCTPaAHCTBA

Feature 6

Feature 2

FoHuapos A. B., Monosa M. C., Ctpuxos B. B. MeTpunueckaa knaccudunkaumns BpeMeHHbIX psifjoB €
BblpaBHUBaHNEM OTHOCUTENbHO LieHTpouaos knaccoe // Cuctembl n cpeactsa uHdopmatukmu, 2015.



ObyueHne MHoroobpasuii

ObHapy>keHue 3aMMCTBOBaHWUI B TEKCTE

F:XeRP 5 ZeRr?, d< D.
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Monub6or . O., Motpenko A. . MeToabl cHu>xeHns pasmepHoOCcTU B 3apaqe obHapy>XeHUsi BHYTPeHHEro
nnarunarta, 2016.



TemaTuyeckoe MOAENNPOBAHNE N MATPUHHOE PA3JIOXKEHNE

rei) — FEEEEDDDDO0000000000
Oo |

PWIO: {0028 e (0014 6asuc 0018 pacnossasarme
0.016 rexom 0.009 cnextp 0.013 cxoacteo

0.009 Hyxneotua 0.006 opToroHansHii 0.011 narepn

Wi sV /

Pa3pa6oTaH CnekTpasnbHO-aHaNUTUYECKNIA NOAXOA K BbISIBNIEHWNIO Pa3MbITbIX NPOTAXKEHHBIX TOBTOPOB
B FEHOMHbIX NOc/eA0BaTeNbHOCTAX. MeTOA OCHOBaH Ha( pa3HOMaclWTabHOM OLEeHNMBaHMM CXOACTBA
HYKN€OTUAHBIX NOCNEeA0BaTeNbHOCTEN B NPOCTPaHCTBE KO3(MUUMEHTOB pa3noxeHns parMeHTos
kpuBbix GC- n GA-coaepxaHusa no KNacCMYeckuM opToroHanbHeIiM 6a3ucam. HaiiaeHsl ycnosus
ONTUManbHOM annNpoKCcMMaLuK, obecneymnBaiole aBToMaTMYeCkoe pacno3HaBaHue NoBTOPOB
Pa3nuyHbIX BUAOB (NPSAMBIX U MHBEPTUPOBAHHBIX, @ TakXe TaHAEMHbIX) Ha CNeKTpanbHOIi MaTpule
cxoAcTBa. MeToA 0AMHAKOBO XOpOLWO paboTaeT Ha pa3Hbix MacwTabax AaHHbIX. OH No3BonsieT
BbISIB/ISITb CNIE/ibl CETMEHTHBIX AYNAMKaLMIA U MEeracaTenIMTHbIE y4acTKu B reHOME, PaioHbl CUHTEHUM
npu CpaBHEHMU Napbl reHOMOB. Ero MoxHO ucnonb3oBaTtb AN AETaNbHOIMO nsyyeHus cbparMeHToa
XPOMOCOM (MOUCKa pa3MbITbiX YHACTKOB C YMEPEHHOW ANIMHOI NOBTOPSIOWErocs naTrepHa).

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive Regularization of Topic Models for Topic
Selection and Sparse Factorization // International Symposium On Learning And Data Sciences 2015.



PasnoxxeHne paspexeHHbIXx MaTpuly

X = 0O

dxw dxt txXw

documents, words, topics

Vorontsov K. et al. BigARTM: Open Source Library for Regularized Multimodal Topic Modeling of
Large Collections // Analysis of Images, Social Networks and Texts, 2015.



Hierarchical tree building

@ Nodes: documents, topics, root.

o Extracting tree from matrix:
Topic(d) = arg max Otd

MultiTopic(d) = arg max Org U{t|Orqg > ¢}

NEESEE EEEEEEEE

Dmitriy S. Fedoriaka (MIPT) Hierarchic Topic Models Visualization November 30, 2016 4/1



Grid visualization
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Dmitriy S. Fedoriaka (MIPT) Hierarchic Topic Models Visualization November 30, 2016 7/1



KnactepHble CTpyKTypbl OONbLINX AAHHbIX

2Kapukos U. H., Nwkuna L. X., Boporuoe K.B. Knactepusauns mHoxecTsa cocTosiHuii Yenoseka B
nHdopMaLMOHHOM aHasnse anekTpokapamnocurianos // MawnHHoe obyqeHne n aHanus gaHHbix, 2016.



Ananus CNYTHNKOBbIX CHUMKOB

-50
mm/year
Ckopocme 08udiceHUs 600Nb HANPAGTEHUA HAONIOOEHUA Ilozpewrocmy 6 gvicome

Pynakos K.B., Agyernko A.A., Peiiep N.A., Bacuneiickuii A.C., Kapenos A.., Ctpuxos B.B.
AnropuTMmbl BbijeNeHUSI N COBMELLLEHUS YCTORYMBBIX OTparkaTesneil Ha CNyTHUKOBbIX CHUMKax //
KomnbtloTepHas onTtuka, 2015.
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CTpykTypHOE 0Dy4YeHue

CornacoeaHHoe nocTpoeHune mogeseii 61010rMYeckoin akTBHOCTH
AAEPHBIX PELENTOPOB

QSAR proteochemometrics
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Popova M. S., Isaev A.O., Strijov V.V. Feature selection and multi-task prediction of biological activity
for nuclear receptors // Machine Learning and Data Analysis, 2016.



Ananus MPOCTPAHCTBEHHO-BPEMEHHbIX AdHHbIX

[MporHo3mpoBaHme ABMKEHUI KOHEYHOCTE No
sanektpokoptukorpammam (ECoG) ¢ yuetom perxenuii rnas
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Makapuyk . U., 3apgasn4ayk A. U., Crpuxos B. B. MNpeobp ] X psAoB Ans
AekopvpoBaHus aBuxeHust pyku ¢ nomouwbto ECoG curnanos (electrocortlcographlc signals) y
obesbsin // MawunrHoe obyueHne n aHanus gaHHbix, 2016.




Source signals and scalogram of ECoG
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Case 6. How many parameters must be used? Relations of 24 hourly models
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Selection of a stable set of features of restricted size

The sample contains multicollinear x;, X, and noisy X, X features, columns of the design

matrix X. We want to select two features from six.

Lo

)],g' )(1

Stability and accuracy for a fixed complexity
The solution: X3, X4is an orthogonal set of features minimizing the error function.
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Multicollinear features and the forecast: possible configurations

v

Adequate and redundant Adequate and correlated
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Model parameter values with regularization

Vector-function f = f(w, X) = [f(w,x1), ..., f(w,x,)]" € Y™.
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— _ 2 2 2 '
S(w) = [[f(w, X) — y[|I* + 77w S(w) = [|f(w, X) — YH2v T(w)< 7
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CnoxxHocTb Mopenun: 3adem?
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Empirical distribution of model parameters

There given a sample {wy,...,wg} of realizations of the m.r.v. w and an error
function S(w|D,f). Consider the set of points {sx = exp(—S(wk|D,f))|k =1,...,K}.
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Minimize number of similar and maximize number of relevant features

Introduce a feature selection method QP(Sim, Rel) to solve the optimization problem

. T T
a*=argmina Qa—b a,
achn

where matrix Q € R™" of pairwise similarities of features x; and x; is

Cov(x;s Xj)
\/ Var(x;)Var(x;)

Q = [g5] = Sim(x;, x;) =

and vector b € R” of feature relevances to the target is
b= [b] = Rel(x,),

where elements b; equal absolute values of the sample correlation coefficient between
feature x; and the target vector y.

Number of correlated features Sim — min, number of correlated to the target Rel — max.
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Evaluation criteria for the diesel NIR spectra data set

Method Cp RSS In 3+ SVD VIF BIC

QP (p, p) (1 =1079) —110 1.37-10°%® | 257 [ 6.43.10° | 548.38

Genetic —110.88 | 7.68-1030 —24 8.13-10° | 534.19

LARS 3.22-10%1 | 2.07-107 —28.3 7.94.107 | 529.47

Lasso 2.5-10%8 1.61 —27.72 | 1.03-10%1 | 1712.92
ElasticNet 2.51-10% 1.61 —27.72 | 1.03-10°% | 1712.92
Stepwise 3.66 - 10%° 23.56 —36.78 | 1.94-10%° | 1919.23
Ridge 1.59 - 1078 1.02 —36.22 | 1.07-10% | 1.79-103

Error, [ly - X_ewl}

50 100 150 200 250 300 350
Number of selected features, |.A*|

Dependence of residual norm on the number of
selected features QP(Sim, Rel).

Katrutsa A. and StrijovV. Comprehensive study of feature
selection methods to solve multicollinearity problem according
to evaluation criteria // Expert Systems with Applications,
2017.
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NHcTpymeHTbI aHanm3a boNbNX AaHHbIX

$13bIk1M NporpaMmupoBaHus
» Matlab, Python
BubnanoTtekn rnybokoro ody4veHus
» Caffe, Theano, Lasagne
Monb30BaTenbCckme cucrembl aHaam3a 6osbWNX gaHHbIX
» IBM Watson, Google TensorFlow
Yckoputenu rnybokoro odbyueHus
» Titan DIGITS DevBox, CUDA
CepBepa pacnpegeneHHbiXx 001a4HbIX BblYUCEHWA

» Amazon Web Services, Microsoft Azure



Pestome

PaspyleHne runotessl 0 NnpocToTe BIBOPKM NMPUBENO K MOSIBNEHUIO
METO40B

> MyTbTUMOAEANPOBAHNSA,
> oHnaiiHoBoro obyuveHus,

> MyibTM3a4a4HOro oby4yeHus,
> raybokoro obyueHus,

> CTPYKTYpHOro obydeHus.



[Mpobnembl n NporHossbl

Mpobnembl pasBnTUs MeTOAOB aHanM3a DOMbLINX JaHHbIX:

>

>

HEeLOCTAaTOYHO BbICOKAsi CKOPOCTb BO3HWKHOBEHUS OTKPbITbIX
KONNEKUWNiA,

OTHOCUTENBHO BbICOKAs CTOMMOCTb Pa3sMeTKU AAHHbIX
(assessment, mecturk, captcha),

CJIOXHOCTU C OpraHusaumeli obmeHa undopmaumeii, . ..

NOCTENEHHO pPeLIarOTCA.

O)KI/I,EI,aeTCFI noaeBneHne MeETOAOB

>

>

NPOrHO3MPOBAHMA CAOXKHBIX 1 YHUKANbHbLIX CTPYKTYP,
NPOrHO3MPOBAaHMA NPOrHOCTUYECKNX MOZENEN,
aBTOMaTUYECKOro NEPEHOCa ONbITa MOAENMPOBAHUSA U3 OAHOA
npegmeTHoli obnactu B gpyryto,

AaBTOMAaTMYECKOrO CO34aHNS ONTUMANbHBIX CeTeli raybokoro
obyueHns.



