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W O pox1agyukKe

® AneKkcen AHapeeBudy HesHaHOB

® K.T.H., AOUEHT
® YneH IEEE, PAUA n HEM3

® Senior Data Scientist 8 KomnaHuu «LLntombepxe»

® CTapluni HayYHbIN COTPYAHUK MeXAyHapoaHOW nabopaTopuu
MHTENNIEKTYA/IbHbIX CUCTEM U CTPYKTYpHOro aHanmsa ®KH HLAY BLUS
(http://cs.hse.ru/ai/issa)

® KOHCY/NbTaHT «MaNeHbKOro rmaa no 60blWLMM AaHHBIM» Ha
MocTHayKe (http://postnauka.ru/author/a neznanov)

® ABTOp y4yebHMUKa, y4ebHbix nocobun, 11 aBTOpCKUX Kypcos u bonee
65 Hay4HbIX Nybankauum
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http://cs.hse.ru/ai/issa
http://postnauka.ru/author/a_neznanov

W Motivation

® MOHUTOPUHT — 3TO BPEMEHHbIE PAAbl COObITUIA U CEHCOPOB:

® AHann3 NnoAo0bHbIX BPEMEHHbIX PAAO0B — COCTaBAAOLWAA N0ObIX CUCTEM MOHUTOPUHTA
® Pexxmnmbl paboTbl
® [NpeaBecTHUKM cobbiTUi

® [lponyleHHble 3HaYeHMA U UX BOCCTAHOBEHUE
° ..

® Mbl Habnogaem TEKTOHUYECKMIA COBUT B METOaX U MHCTPYMEHTAX
® 3a CYET Yero cTan BO3MOXKHbIM 3TOT CABUT?
® MOXHO N1 HaZeATbCA Ha NPAKTUYHOCTb COBPEMEHHbIX NOAX0A0B U MeTo0B?
® HaCcKONbKO yNpOoCTUNMUCL NOATOTOBKA AAHHbIX U UHTEPNPEeTaLuua pe3ynbtaTos?
® /M yero oXXnaatb B AaNbHeMLeM?

© 2023, A.A. He3HaHoB



W «JlpepexkBusnThHI» M060r0 aHAIM3a JAHHBIX

«Mycop Ha Bxoae — Mmycop Ha Bbixoae»
(“Garbage in — garbage out”)

@ KayecTtBo AadHHbIX onpeagenaeT Ka4eCtBO MHTENINEKTYA/IbHbIX MeTOA0B aHAa/IU3a AdHHbIX
® [V OcobeHHO NpK MCNONb30BaHUN KOMMIEKCHbIX Npoueayp aHanusa 1 MallMHHOro obyyeHusn

® YnpasaneHue AaHHbIMU
® YnpaBneHue mactep-gaHHbiMmun (MDM) v ynpaBneHue KayectBom AaHHbix (DQM)

@ XOTb YyTb-4yTb PabOTbl CO «3HAHNEM»
® basoBasa oHTONOrMA NpeameTHOU 061acTu U MHTepnpeTauusa pe3yabTaToB aHa/IM3a
® CBA3b C Mmactep-AaHHbIMU

® [loaxoabl K rapMOHMU3aUUN AAHHbIX:
® NpeHTndukauma, neaynnanKkaums, OHTONOrM3auma, akTyanmsaunsa, BEPCUOHUPOBAHUE, ...

© 2023, A.A. He3HaHoB



06J1acTH 3HAHUA U KOMIIETEeHIIMHU
QL

Client Requirements

Highlight important criteria

Domain
Knowledge — Easier explanation of technical concepts
Data " Research o
Database Languages (SQL, Hadoop) —— Engineer & Analysis —— Statistical Knowledge
s ~ Data
i govemanes - Science —— Mathematics
Pata Rreprocessing Computer Machine ~ Mathematical -
; A LNy —— Designing Methods
Science Learning & Statistical
Data Validation Aptitude
——— Tuning & Fitting the Model

Data Infrastructure

| Python, R and other languages
Classification and Regression Models

© 2019, data-flair (http://data-flair.training/blogs/what-is-data-science/)
© 2023, A.A. He3HaHoB



https://sqream.com/dead-or-alive-and-kicking-big-data-helps-retail-revive/

W ynpaBJieHHe JaHHbIMU

e DAMA-DMBOK: Data Management Body of Knowledge.
2nd ed. Technics Publications, 2017. 590 p.

e Csop 3HaHuuM (BoK)! lotoBuTCcA TpeTbe UsgaHue

® DAMA International (http://dama.org/content/body-knowledge)

Data
Architecture

Data AR Data Organisation
Quality Development & Culture
Management '\ y
“ A Technology
N\ — Database
H:::elf.f:t ' i o ions Goals &
9 Data Management

. Governance j— Pnnmples

Document & Data Practices &

Deliverables
Techniques

Roles &

Responsibilities

Security
Management Management
Data
Warehousing| Reference & m
I&tB;;smess Master Data - '
ntelligence
Intemattonal
7 Elements

10 Data Management Functions
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http://dama.org/content/body-knowledge

BpemeHHbIe psaabl (BP)

v
v
v
v

Y10 3TO TaKoe?

Y4TO B HUX MHTEpPECHOro?
Kakue 3apaum ctasaTtca?

B 4ém CNoOXHOCTb aHaNU3a?




W ba3oBble HCTOYHHUKH

® The Complete Guide to Time Series Analysis and Forecasting

(http://towardsdatascience.com/the-complete-guide-to-time-series-analysis-and-forecasting-
70d476bfe775)
@ ba3oBble NPUHLUMNbI U UNNKOCTPAL UM

® Time Series Analysis Articles (http://www.quantstart.com/articles/topic/time-series-
analysis/)

® C camoro Ha4ana ao ARIMA n GARCH (Ho ¢uHaHCOBbIE NPUNOKEHUA)

® Hyndman R.J., Athanasopoulos G. Forecasting: Principles and Practice
(http://otexts.com/fpp3/)
e OAuH U3 Ny4Ywnx y4ebHMKOB ¢ npumepamm Ha R

© 2023, A.A. He3HaHoB 8
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% Kak o6n1yno gymaroT o BP

® /cxoaHble AaHHble, NPUBA3aHHbIE
K OTMEeTKaM BpemeHMU

® /IHTepecHble CBOUCTBA
@ CKkonb3Aaulee cpegHee
® CrnaxkuBaHue
® TpeHp
® Ce30HHOCTb
® ABTOKOppenayusa
® [lepuoanyeckne nsmeHeHumA

® 3anas3abiBaHue
o ..

observed

seasonal trend

random

500

300

60 —40 0 40 150 250 350 45000

0 20

-40

Decomposition of additive time series
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W A Kak Ha mpaKTuKe?

® BpemeHHble paabl 0O6bIYHO:
® MHoromepHble
® HeCKONbKO napameTpos
® HeperynapHsble
® [1pon3BONIbHbIE OTMETKU BpeEMEHMU

® C ueH3ypupoBaHHbIMMN AaHHbIMU

® KyCKM U3BECTHbIX BPpEMEHHbLIX PAAOB HE COBMaAat0oT C XKU3HEHHbIM LNK/TOM 0b6beKToB
® [lponycKku

® YacTb AaHHbIX HENU3BECTHA

® HeyeTKkoCTb
o ,l],aHHbIe BBeAEHbl N COXPaHEHbLI C NOrpewHOCTbO

© 2023, A.A. He3aHaHoB 10



W UitocTpanuda neHsypupoBaHuda BP

Objects

A

HeT ueH3ypoBaHwUA

I
I
I
I
------------- : JleBOCTOpOHHee
I
—X MpaBocTOpPOHHee
I
> 2 [lpaBOCTOPOHHEE
I =) I
y—[)( 7 | UHTepBanbHoe
I I
I‘\t ) Ti:ve to event
0 t,
Hauyano OKOHYaHue
HabntogeHnNn HabnoAeHUM

© 2023, A.A. He3HaHoB
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W [IporHocruka

® PHM — Prognostics and Health Management

® Ho ecTtb 1 apyroe nonynapHoe CoKpalleHue:
® PHM — Proportional Hazard Model B aHanu3e BbIXKMBaeMOCTH

e
>

Predictive
Maintenance

Classical

Condition-Based

Maintenance

Corrective/Reactive Maintenance
i &

® OcobeHHOCTH
e ObopypoBaHue [equipment] u ceHcopbl [sensors]
® OcTtaHOBKM [stops] n oTKa3bl [breakdowns]

® [lpuHATUE pelleHUn Ha OCHOBE AaHHbIX
® [laHHble — uctopua pabotbl 060pynoBaHUA

Increased System Safety, Reliability and Availability

® CBeXMM anbMmaHax anAa NOHMMaHUA 0bnacTu:

® Maintenance Management — Current Challenges, New Developments, and Future
Directions, 2023 (http://www.intechopen.com/books/11528)

© 2023, A.A. He3HaHoB 12
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% Muoroo6pasue 3asa4 B NpOrHOCTHKE

e [porHo3upoBaHue BP kKak TakoBoro [forecasting]
e Knaccudbukauua/knacrepusauma BP [classification/clastering]
e ObHapy:xeHue aHomanuu BP [anomaly detection]

e ObHapy)xeHue nuameHeHUU B noseaeHumn BP [change points detection]
e KpynHaa nogobnactb Data Drift

e ObHapy)KeHue npeaBeCcTHUKOB cobbiTuK [precursors]
e OcHoBa «paHHero npeaynpexxaeHua», cMm. Early warning system (EWS)

® BoccraHoBneHue 3HavyeHun BP [imputation]
® OueHKa ropusoHTa NporHo3mnpoBaHua [horizon assessment]
° ..

© 2023, A.A. He3HaHoB
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W [IpuMep KaaccuPUKALUU MOA3a4aY

Operating : : :
_ : I Fault Diagnosis Prognosis
Data Acquisition Data Processing Condition
. Assessment Assessment
Recognition
4 | | N 4 N\ 4 N 4 N
System-leve
y Novelty Anomaly Anomaly
— feature — : — ) — )
: detection detection detection
extraction
\ ) \_ ) \_ ) \ )
a4 N\ 4 N 4 N\ a4 . N\
Component- Degradation
e L. Fault
— |evel feature — Classification — e . — model
: classification )
extraction updating
L _J \ ) \ _J L
a4 . . N\
Remaining
— useful life
N N o - | prediction
© 2021, Calabrese, F.; Regattieri, A.; Bortolini, M.; Gamberi, M.; Pilati, F. Predictive Maintenance: A Novel Framework for a Data-Driven, \ J

Semi-Supervised, and Partially Online Prognostic Health Management Application in Industries. Appl. Sci. 2021, 11, 3380

© 2023, A.A. HesHaHoB 14



W Te3ucnl

® C cepeauHbl 2010-x roaos NPOM30OLLEN TEKTOHUYECKUIN CABUT, NPUYEM HE
TO/IbKO B MaTeMaTUKe, HO U B UHCTPYMEHTAX

® MHorme HoBble METOAbl U UX peann3auumn AOCTOUHbI BHEAPEHUA
e [Ina mHOrnx noasagay — Cn/iowHoe MmawmHHoe obyveHue
@ [lanee packpoem

@ OaHaKo He cToUT 3abbiBaTb 0 KOMMNPOMMUCCAX
e KayecTtBo/CcKOpoOCTb
e KauectBo/cTOoMMOCTb

® TaK)Ke He cTouT 3abblBaTb O KayecTBe AaHHbIX U1 0COOEHHOCTAX XpaHEeHUA
® B ntobom cnyyae HyKHbl agekBaTHble ETL-npouenypbl 1 npenobpaboTtka

© 2023, A.A. He3HaHoB
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MeTOABbI

v
v
v
v

MoaxoAabl

[yTn passutmA

Bexu

UHTepecHble npumepsl




W CoBpeMeHHOe IIpeAcTaB/IeHHe 0 3aJavyax

® Time Traveling with Data Science

® Focusing on Change Point Detection in Time Series Analysis (Part 2)
(http://www.iese.fraunhofer.de/blog/change-point-detection/)

© 2023, A.A. He3HaHoB
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% Muoroo6pasue nosxoA0B M METO0B

@ Tong, LiuJ, Yul, Zhang L, Sun L, Li W, Ning X, Xu J, Qin H, Cai Q. 2022.
Technology investigation on time series classification and prediction. Peer)
Computer Science 8:€982 (http://peerj.com/articles/cs-982/)

© 2023, A.A. HesHaHOB
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% PasBuTue N0AX040B K NIPOrHO3UPOBAHMIO

smoothing trend

ES

Holt smoothing Iseasonality 'I Holt-Winters
method model

]

. short memory exogenous -
Classical >|| ARMA ii input ARIMAX
methods fractionall
_"sum ARIMA } [Bctonaly ARFIMA
vector | ) multiple correlated
1 VAR J time series =i VARMA l
recursion time different ;
RN dependence LSTM time intervals SeriesNet
Neural NN . y
time embeddin
network convolution 9 TeNet
CNN
non extraction UFCNN
Moore-Penrose FCM-MP
Fuzzy —{population—based}_ -
cognitive map FCM  —— wavelet "a“Sf°’m>|J WHFCM |— EWTFCM
4»{ Hebbian-based }
single-source 1= s ELMK
Transfer :
bami TL source domain TLAC
g : active
multi-source MultiSrcTL AcMultiSrcTL

© 2023, A.A. He3HaHoB
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@ PaseutHe N0AX0/0B K K1accuPUKaLUH

speedup [ ) o — b
AWARD algorithm lofglcal :haple oS, hardware Sart
\ /' [speed up ast-shapelets, speed up art's
Rakthanmanons
Supervised shapelets (° ) \ =
1NN-DTW Ye's =
methods L ) . ) N
Line’s, Jon's, ST
shapelets | optimization [ LTS, FLAG,
e \ fransform?| Ultra-fast shapelets, RSLA
NN I Neural network i 9 DFST, COTE )
distance distance
optimization DTV LN optimization DTW-D
Somi cluster method LCLC
: Euclidean+ shapelets SsSL
supervised 1NN cluster method transform
methods SUCCESS
stop criteria
MDL
inimi optimization
TINIMIZS_y) eCcDIRE £ ﬁ' Mori's
( o J’[ ECTS }classnflcatlon length
univariate :
Early rolaxed-ECTS interpretability

ereE » EDSC
classification L ) numeraland | acT |confident earl

VAN
methods ) CSASITS " [ categorical data’| "t classification | CECMR
[multivariate %{ MSD MCFEC
J ‘ unbalanced EPIMTS
data
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% PaGora c HeperyaspabiMu BP

® /10CTayTOHO NOJHbIN, HO YXKe ycTapeBLLIUK 0630p:

® Narayan Shukla, Satya; Marlin, Benjamin M. A Survey on Principles, Models and Methods
for Learning from Irregularly Sampled Time Series. eprint arXiv:2012.00168, 2020
(http://arxiv.org/abs/2012.00168)

® [lpumep NnocnegHUX AOCTUKEHUNA:

® Zhang, Jiawen; Zheng, Shun; Cao, Wei; Bian, Jiang; Li, Jia. Warpformer: A Multi-scale
Modeling Approach for Irregular Clinical Time Series. eprint arXiv:2306.09368, 2023
(https://arxiv.org/abs/2306.09368)

© 2023, A.A. He3HaHoB
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@ Apxurexrtypa Heiipomoaenu Warpformer

HMW pm@ 1)

n A = P Warpformer Layer N % &
TR \ / ,'l‘ ‘,' 7 "\
4 hd i Doubly Self-Attention Module ik Downstream Tasks
Feed Forward > , .
¥ 1] Task Decoder
r fFwarp = Layer Norm - ¥
’ m \
(hies 1) f | e — | (N V(N G P—.
- Transformatdn nter-variate fe -attention PP \ ’ R ’ :
L% :
Matrix a; 1
L(n-1) | oS [ Warpformer I.aye; N] :
t Intra-variate Self-attention ] ¥ :
Warping 5 I :l H®-1) p(n-1) p(n-1) P
Curve 4, \ Layer Norm “1xJ : s
\
t \ AW, [ Input Encoder ]
Non-negative : A
Score Sy r“ Warping Module ,(n) > i = i - J ————— 1
L \ i.@ i
of 8 \ . .* r' : X I
4 Warping Function fWarpP ’Q‘? - I
A VTR O — i 3 3 , 22”21l
AN Y S R Y i S ottt oo
A‘\ 4 ," \\\ ‘II‘ \ I ] .',l:':: . \ JJ i T BHO—6-0—0—0—0> I
NIW ALY i i g®n-1) M@-1) pi-—1) =SSR )
© 2023, A.A. HeaHaHoB 22



¥ «Crangapr» B npeackasaHuu aHOMAIHI

® OT cnyyamHbix necos [RF] 4O ANMHHOM KPAaTKOCPOYHOU NamAaTu [LSTM]
® [lpumep:
e Xu X., Zhao H., Liu H., Sun H. LSTM-GAN-XGBOOST Based Anomaly Detection Algorithm for

Time Series Data. 2020 11th International Conference on Prognostics and System Health
Management (PHM-2020 Jinan), Jinan, 2020, pp. 334-339

© 2023, A.A. He3HaHOB 23



W CBexxue JOCTHXKEHUA B IpeACKa3aHUU aHOMAJIUU

® Precursor-of-Anomaly (PoA) Detection

® Jhin, Sheo Yon ; Lee, Jaehoon ; Park, Noseong. MT)
Precursor-of-Anomaly Detection for Irreqular Time Series.
eprint arXiv:2306.15489, 2023. (http://arxiv.org/abs/2306.15489) ‘ ‘H ‘ ‘ T mm
® Peno3uTopui (http://github.com/sheoyon-jhin/PAD) Neural CDE
® Cyem cpaBHUBaAEM? Wm mm
® [STM, LSTM-VAE, USAD e

® YT1o npepnaraem?
e Neural controlled differential equations (NCDEs) + IR 5
e Multi-task learning (MTL) AT ;3 cee

Interpnlatlon Methods

Lo l 2 T
L1
—e O >
tu tl tg t3 t’T

© 2023, A.A. HesHaHoB 24


https://arxiv.org/abs/2306.15489
https://github.com/sheoyon-jhin/PAD

¥ Cucremarusanusa gocrmxennii UM aia BP

® Al for Time Series (Al4TS) Papers, Tutorials, and Surveys
(http://github.com/gingsongedu/awesome-Al-for-time-series-papers)

® [loabopkKa *KypHanos:

® CACM, PIEEE, TPAMI, TKDE, TNNLS, TITS, TIST, SPM, JMLR, JAIR, CSUR, DMKD, KAIS, IJF, arXiv(selected),
etc.

® [lopbopka maTepmanoB KOHbEPEHLMIA:
® Machine Learning: NeurlPS, ICML, ICLR
® Data Mining: KDD
® Artificial Intelligence: AAAI, JCAI
® Data Management: SIGMQOD, VLDB, ICDE
® Misc (selected): WWW, AISTAT, CIKM, ICDM, WSDM, SIGIR, ICASSP, CVPR, ICCV, etc.

© 2023, A.A. He3HaHoB
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¥ O6napyxenue nsmenenus noseseHns BP

® Truong C., Oudre L., Vayatis N. Selective review of offline change point
detection methods. Signal Processing, 167:107299, 2020.

® ba3oBble bUbAMoTeKM:
® ruptures — a Python library for off-line change point detection
(http://github.com/deepcharles/ruptures/)

e stumpy — a powerful and scalable Python library for time-series segments similarity
analysis (http://github.com/TDAmeritrade/stumpy/)
o ..

© 2023, A.A. He3HaHoB
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W Y10 MmokeT MeHATHhCA B BP (2)

® TpeHa/cpeaHee 3HaYeHUe [mean]

e Casur

e Pasbpoc/aucnepcusn [variance]

@ PasbanaHcUpOBKa

121

101

| W

— Signal

+  Change point

0 500

1000

— Signal
+  Change point

0 500

1000

© 2023, A.A. He3HaHoB
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W Y10 MmokeT MeHATHhCA B BP (1)

e [lepuoaunyHocTb/yactoTa [periodicity]
® Hano/NHeHHOCTb

e LllabnoH [pattern]

e [osTOpAoWMeca/«BblaatoLmeca»
ocobeHHOCTU NoBeAeHUA

1.0

0.51

0.01

—0.91

—1.01

101

—— , Signal
+  Change point

|

0 500 1000
— Signal

i bt — Change in pattern

0 2000 4000

© 2023, A.A. He3HaHoB
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W MaTpu4yHbIie NpoPpuIn

® Matrix Profile (MP) — cumBON OAHOM U3 «NPAKTUYHbIX PEBOTIOLLUIAY
® The UCR Matrix Profile Page (https://www.cs.ucr.edu/~eamonn/MatrixProfile.html)

e 2016 roa

® Matrix Profile I: All Pairs Similarity Joins for Time Series: A Unifying View that Includes
Motifs, Discords and Shapelets. Chin-Chia Michael Yeh, Yan Zhu, Liudmila Ulanova,
Nurjahan Begum, Yifei Ding, Hoang Anh Dau, Diego Furtado Silva, Abdullah Mueen,
Eamonn Keogh. IEEE ICDM 2016.

® HacToAllee BpemA

® Matrix Profile XXVIII: Discovering Multi-Dimensional Time Series Anomalies with K of N
Anomaly Detection.Sadaf Tafazoli and Eamonn Keogh. SIAM SDM 2023

© 2023, A.A. He3HaHOB 29


https://www.cs.ucr.edu/~eamonn/MatrixProfile.html

@ Hau6osee nonynsapHas peanusanusa MP

e Stumpy (http://github.com/TDAmeritrade/stumpy)
® YHuBepcanbHaAa peanmsayua

® Ho He caman addeKTMBHAA ANA YaCTHbIX 3aaau!
e Matrix profile understanding (http://stumpy.readthedocs.io/en/latest/Tutorial The Matrix Profile.html)

Row Time Series or Sequence

© 2023, A.A. He3HaHoB 30


http://github.com/TDAmeritrade/stumpy
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W A Kak HayaThb MCNOJIb30BaThb?

® Xopouee BBeaeHue — Mueen A., Keogh E. Time Series Data Mining Using the
Matrix Profile: A Unifying View of Motif Discovery, Anomaly Detection,
Segmentation, Classification, Clustering and Similarity Joins. 2017
(http://www.cs.ucr.edu/~eamonn/Matrix Profile Tutorial Partl.pdf)

© 2023, A.A. HesHaHOB
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https://www.cs.ucr.edu/~eamonn/Matrix_Profile_Tutorial_Part1.pdf

% lpumep BoruncaeHns npocTeiimero MP

® CxoactBo 4acten BP MOXKHO CHUTATb NO-Pa3HOMY...
® EBKNMA0BO paccToAHME MeXAY OKHAMM KaK NPOCTENLLNA NPUMEP

Euclidean Distance Pairwise Euclidean Distance
0/1/3/2/9 1(14/15|1|2|2|10|7 0/1/3/2/9/1[1415/1(2 /210 7
0(1,2,2,10) 0O|1 32|19 |1(|14/15(1 2|2 ({10|7
&
<<f°<>é‘(§\ D=\/(1—0)2+(2—1)2+(2—3)2+(2—10)2

(0,1,3,2) D= \/a

#Back2School #DistanceProfile
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W BP c nponyckaMu JaHHBIX

® BocctaHoBNeHME NPONYCKOB 1 paboTa Ha AaHHbIX C NPONYCKaMKU — BarkHelLlee
HanpaBaeHue nccnefoBaHUM C TOYKU 3PEHUA NPAKTUYECKHU

® PyPOTS: a Python toolbox for data mining on Partially-Observed Time Series
(http://github.com/WenjieDu/PyPOTS/)

® SAITS: Self-Attention-based Imputation for Time Series, 2023
(http://github.com/WenjieDu/SAITS)

© 2023, A.A. He3HaHoB
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http://github.com/WenjieDu/SAITS

@ Mpoznosuposanue - FEDOT

® FEDOT — poccunckaa bubnmnoteka AutoML npna BP

Ha OCHOBE reHeTu4eCKnxX aJiropmnTMmoB

® FEDOT is an open-source framework for automated modeling

and machine learning (AutoML) problems (https://github.com/aimclub/FEDOT)
® Time series forecasting with FEDOT. Guide

B reoor

(http://github.com/ITMO-NSS-team/fedot-examples/blob/main/notebooks/latest/3 intro ts forecasting.ipynb)

User-defined
input

Dataset
Task

Timeout

Feature Data Models Models
selection preproces selection tuning
sing

:

Automated Composite
design pipeline

)

! Candidates Objective functions

GOLEM graph optimiser

“-‘» Web GUI

q> w fD Modelling
results

© 2023, A.A. He3HaHoB
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W A npuiokeHusa Hanpamylo k PHM?

® Otcraém!
® Ho aKktTuBHO paboTtaem...

® [lpumep y*Ke KNacCMYecKom NONbITKN:

® Ducoffe, M., Haloui, I., Sen Gupta, J. Anomaly Detection on Time Series With Wasserstein Gan Applied to
PHM. IJPHM Special Issue on PHM Applications of Deep Learning & Emerging Analytics, International Journal
of Prognostics and Health Management, 10(4), 2019.

® KaK oueHuUTb pe3ynbraT?

® Yang, C.; Zou, Y.; Liu, J.; Mulligan, K.R. Alert Failure
Predictive model evaluation for PHM. oty }
International Journal of Prognostics and L— Target Alert EF
Health Management, 5(2), 2014 - P " f,
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W boJjiblIM e A3BIKOBBIE MO/ E/IH

® LLM - Large Language Model
® Microsoft + OpenAl (ChatGPT, ...) vs Google + DeepMind (Bard, ...) vs Meta* (LLaMA, ...)

@ XOTA TaM BCe YXKe CMEHUNM NAPTHEPOB U NEepeKynuau Apyr Apyra...
® MHOro4YnucneHHble NONbITKU BHEApeHUA
® [loobyyeHune n nHTerpauyma ¢ KOpnopaTUMBHbIMU MHPOPMALUOHHBIMU CUCTEMAMMU
® Ob6cyKaeHUa «pasyMHOCTUY!

® O6'b€,£l,|/1H€HMe C OHTOJZ1IOTMAMU N NOTUHECKUM BbIBOAOM

* OpraHusaumns, 0eaTenbHOCTb KOTOPOW 3anpelieHa Ha Tepputopun Poccunnckon ®egepaumm
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% CTexcramu 6osee-veHee NOHATHO

® OLIEBI/I,LI,HbIe NPUNOKEHUA B HAaNMCAaHUN, peJaKTUpPOoBaHUNU, CTU/TIU3aLLUN TEKCTOB
® Cmwm. Microsoft Office 365:

w AutoSave ( (=) '9 < D - Documentl - Word h HeanaHos Anekceid AHapeesmny | ) ‘-,f};

File Home Insert Draw Design Layout References Mailings Review View Help 11 Comments &OEditing‘-'\

Spelling and Grammar A D 2 %7 New Comment 4] ﬁ [B] [ ~ Ijl [BE A ]

m Thesaurus Read Check Language 3 l,_—| Show Comments  ~ | Tracking Accept D Compare | Protect Hide Linked
=71 Word Count Aloud | Accessibility v ¥ v v ([ Notes

Editor

Proofing Speech Accessibility Comments Changes Compare Ink OneNote

Editor

Editor Score 8 3 %

A large language model (LLM) is a language model consisting of a neural network with many parameters OEEEEE— O O

(typically billions of weights or more), trained on large quantities of unlabeled text using self-supervised
learning or semi-supervised learning.[1] LLMs |
of tasks. This has shifted the focus of natural I
paradigm of training specialized supervised mc

Vocabulary
More specific adjectives are clearer and add impact Formal writing

copious quantities How formal

1n1 Corrections
Though the term large language model has no| €normous quantities

having a parameter count on the order of billic . » spelling
excel at a wide range of tasks, as opposed to b Massive quantities

analysis, named entity recognition, or mathem

tasks, and the range of tasks at which they are @

resources (data, parameter-size, computing power] devoted to they, in a way that is not dependent on
additional breakthroughs in design.[5]

Grammar

Refinements

Though trained on simple tasks along the lines of predicting the next word in a sentence, neural
language models with sufficient training and parameter counts are found to capture much of the syntax
and semantics of human language. In addition, large language models demonstrate considerable general
knowledge about the world, and are able to "memorize" a great quantity of facts during training.[2]

Page 1of 1 Column 400words [ English (United States)  Text Predictions:On @ 3 Accessibility: Good to go Cg Display Settings [, Focus
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w MYJIBTI/IMO,ZlaJIbeIe MOAEJ/IN U IIPOMThbI

® [MpoMT-UHKUHUPUHT [prompt engineering]
® HoBasa obnactb
@ Cpa3y HeckonbKo npodeccum

Tk Product review santiment
Description classifiar

® Prompt Engineering Guide
(http://www.promptingguide.ai)

-

Product review in the form of
et

Looking for a laptop with good
battery life and comfortable
usage. Can you help?

|

|

|

|

|

|

|

|

I A label indleating i the raview
I Iz positive, negative, or neutral
I towards the product.
|

|

|

|

|

|

|

|

|

|

|

Sure, | can halp! Check out K21
laptop: it has a good battery,

Example Bought laptop, amazing!
- Battary lasts all day, cormfy keyboard, and positive

reviews.

comfartable keyboarnd

Completion

Fing Tuning The Language Model
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W LLM assa anasin3za BP 1 TeMnopaJ/ibHbIX JaHHBIX?

® Large (Language) Models and Foundation Models (LLM, LM, FM) for Time Series
and Spatio-Temporal Data (http://github.com/gingsongedu/awesome-timeseries-
spatiotemporal-lm-Illm)

® ccnenyloTca TaKKe U NPOCTPaHCTBEHHO-BPEMEHHbIE AaHHbIe
® Domain models including spatio-temporal graphs (STG), temporal knowledge graphs (TKG)
® Kpome LLM mnHtepecHbl pre-trained foundation models (PFM)

® He 3Halo HM OAHOrO KOPOTKOro aAeKBaTHOro nepesoga ®
® «ba3oBasa moaenb» — coscem NNOXO...
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http://github.com/qingsongedu/awesome-timeseries-spatiotemporal-lm-llm
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W HWamocTpaTuBHbIEe LLM 1 NX U3BO/JbI

______________________________________________________________________________________________
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W TpakToBKa TeMIopa/ibHbIX JJaHHBIX B LLM

——————————————————————————

——————————————————————————

Time Series Data ( General Purposes X
= &
| in (& :
' Forecasting  Classification |

X o m—

\ : B :
¢ . -l >< : m Anomaly |
Spatio-Temporal Data Training -_ ' Imputation Detection. |

& '\ o0 ,'

G EL Y ~ e s s ,

t t t : 3 Domain-Specific Applications

1 2 3 Repurposing Language & Other ! P ) PP !

{’;:»\ j_‘} : JT»\/: :_;_>\ Foundation Models : Climate™ o
o’/ \&7 \&’ | Modeling Cg';f:' |

ty %) ts : 3 ;
= e

; : Urban Video |

5t Lz L3 ! | Computing Reasoning | |

[y : M - :
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@ Takconommus 601bmMX MOAEIEH

Large Models for
Time Series and

Spatio-Temporal Data

Large Models for

Time Series Data
(Sec. 4)

Large Models for

Spatio-Temporal
Data (Sec. 5)

LLMs for Time
Series Data

PEMs for Time
Series Data

LLMs for Spatio-
Temporal Data

General-Purpose

Forecasting: Time-LLM [50], OFA [49],
PromptCast [58], TEMPO [113], TEST [114],
LLMA4TS [115], LLMTime [116]

Domain-Specific

General-Purpose |

—[Other Tasks: OFA [49], TEST [114]]

—[Transportation: AuxMobLCast [117]}

| |Finance: Yu ef al. [118], Xie et al. [119],
Instruct-FInGPT [120], Lopez-Lira et al. [71]

—[Event Prediction: LAMP [1211]

| [Healthcare: Liu et al. [122], NYUTron [61],
GatorTron [62], Gunjal & Durrett [123], Li et al. [124]

_|Forecasting: MTSMAE [125], STEP [40], PatchTST [126],
TSMixer [127], TS2Vec [128], SiImMTM [39]

rClassiﬁcation: Voice2Series [57], TF-C [38],
CLUDA [129], TS2Vec [128], SimMTM [39]

—[Other Tasks: TS2Vec [128], SiImMTM [39]]

—{Domain-Speciﬁc HEvent Prediction: PromptTPP [130] J

Spatio-Temporal
Graphs

Temporal
Knowledge Graphs

PEMs for Spatio-
Temporal Data

—[Action Recognition: LA-GCN [131] ]

—[Finance: Chen et al. [132]]

—[Completion: PPT [133], Chen et al. [134]]

—[Forecasting: Lee et al. [135]J

—[Captioning: Vid2Seq [136]}

Spatio-Temporal
Graphs

Other Tasks: VideoLLM [137], Valley [54]
Video-LLaMA [138], LAVILA [55]

Climate: DLWP [139], GraphCast [140], FourCastNet [141],
ClimaX [52], FengWu [142], Pangu-Weather [143], W-MAE [144]

Video Data

—[Transportation: CPPBTR [145], TrafficBERT [146], TEM [53] ]

Multimodality: mPLUG-2 [561]
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W [IpakTyHOCTDL LLM

® Ecnaum Bapyr NOAOUAET rOTOBbIM UHCTPYMEHT — 3aMeyaTesIbHO

® A ecnum HeTt?

® ObyyeHue LLM c Hyna o4eHb A0poro

® OueHKka ogHoro nporoHa obyyeHua ChatGPT 8 2023 roay > 50 maH gonnapos, B 2024 roay NnporHO3MpyoT
> 1 Mmnpa gonnapos

® MOXHO B3ATb YyKYI0 MoAenb U A000y4nTb
® OuyeHb NonNynApHOe HanpaB/ieHne Uccieao0BaHUN
® Ho npeacka3atb 3QeKT BHEAPEHUA OYEHDb TAXKENO...

® Ho pake nonpoboBaTb CNIOXKHO — HYXKHa TPaHCAUCUUNAMHAPHAA KOMaHOa
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@ |

DDDM meets PHM

DDDM — Data-driven Decision Management (and Making)
PeweHMn, ocHoBaHHble Ha AaHHbIX (M 3HaHUAX!)
CyTb noaxoaa

AN NN

UHCTPYMEHTbI

© 2023, A.A. He3HaHoB
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@ Data-driven approach B uenom

® [loagxoAa Ha OCHOBE AaHHbIX
@ [lo ppyromy He bbiBaeT! Ho Tenepb y Hac «umndpoBmulaymar...

® Ha camom pene yxe B8 2010 roay 8 CLUA DDDM wcnonb3oBano ~30% nponssoacTs
® Brynjolfsson E., Mcelheran K. The Rapid Adoption of Data-Driven Decision-Making // American Economic
Review, 106(5), 2016, 133-139.

@ Xamn n moaa
® [laHHble y)Ke AaBHO — Ba*KHbl aKTUB OpraHu3auum («HoBaa HedTb»)
® Ho ypoBeHb UCNONb30BaHUA AAHHbIX NPU NPUHATUU PELLEHUN A0 CUX NOP OCTAETCA
HeyA0BNeTBOPUTENIbHbIM

@ [10 pa3/IM4HbIM ONpPOCaM, Tak cHUTaloT okoso 70-80% pykoBoguteneu

® o apyrum onpocam, npumepHo 40% buUsHec-MHULUMATUB NPOBAINBAIOTCA U3-3a N/IOXOr0 KavyecTBa
NAHHbIX NPU NPUHATUM KNHOYEBLIX PELLEHUI

e [losBunca gaxke cneumanbHbi TepMuH “data-driven disaster”!
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@ Data-driven Decision Management (DDDM)

® YnpasneHue nNpuUHATUEM peLLleHUIN Ha OCHOBE AaHHbIX

® Your Quick-Start Guide to Data-Driven Decision Making (http://www.smartsheet.com/data-driven-
decision-making-management)

® Weigert T. Data-Driven Decision Making: An Adoption Framework. MIT, 2017
(http://dspace.mit.edu/handle/1721.1/111450)

® Garofalo J. What Drives Executives to Adopt Data Driven Decision Making? 2017
(http://www.idg.com/blog/what-drives-executives-to-adopt-data-driven-decision-making/)

@ Crosby P. How to Implement Data-Driven Decision Making in Your Organization. 2019
(http://theuncommonleague.com/blog/data-driven-decision-making)
@ Korpa nony4vaetca?
® HopmanbHo paboTtaeT UT-oTtaen (seab Hy>kHO 0b6pabaTbiBaTh AaHHbIE)
® MHoro o6pa3oBaHHbIX COTPYAHUKOB (BeAb HYKHO AyMaTb)
® dunnanbHana ceTb (BO3HUKAET AOMNONAHUTENbHAA NOTPEBHOCTL B arperauun AaHHbIX)
® EcTb KOMy BHeapATb DDD (oueBuaHo)
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% DDDM - Iponecc

e Workflow B 3aBUCMMOCTH OT METOA0N0TUMN
® CtaHaapTHble «Leno4vYku obpaboTkmn» [pipeline]

® Experiment Design (DoE) Kak ocHoBa ntobon metoaonornm
® Cratucrtumkal

® CBA3b Hambonee nNonynAaApHbLIX METOA0NO0TUN C AOCTYNMHbIMU MHCTPYMEHTAMM
e Kakue 6biBalOT C «3aTbIKU»?
® HackoNbKO OHM HEOXKUAAHHDI?
e Kak pelwieHue npobiem BAUANO Ha NOHMMaAHUE/NPUMEHEHME METOA40N0TUN?

® MOHUTOPUHI cTaHOBUTCA YacTbio DDDM!

© 2023, A.A. He3HaHoB
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¥ DDDM - Otpaua

® J/lioboe cuctemHoe BHeapeHme DDDM no3Bonaet NoNYy4UTb KYMYNATUBHbIN

3P DEKT:

@ POCT KavecTBa AaHHbIX

e OnTMMM3auma 3aTpaTt Ha aHaAUTUYECKUE NNATPOPMbl U CEPBUCHI

@ [loBblleHne KavyecTBa onepaTtuBHOIo ynpasaeHumAa

® [lepeBoa 60/1bLLIOIO YUCNA UCTOYHMKOB AAHHbIX U3 «CEPOU» 30HbI B «benyto»
@ YnpouweHna AoCTyna K UCTOPUYECKUM AaHHbIM

® YTOUYHEHME NoNUTUK Be3onacHoCTU

® /lioboe BHeapeHune UckycctBeHHoro UHTennekrta (MN) — ato Ha 50% DDDM!

® B ocHoBHOM 13-3a npuHuMuna “Garbage In — Garbage Out” n HopmanbHbIX YCNOBUU ANA
MaLWMHHOro obyyeHus
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W DDDM - OcHOBHBIE BUAbI OTYETOB

® OnucaTtenbHble (3KCNNOpPaTOPHbIE)
® TeKkywasa cutyauma

® /lnarHoctmnyeckme (MOHUTOPUHIOBbLIE)
e OTcnexnsaHue MaMeHeHU"

® [IpepacKkasbiBatowme (NMpeanuKTUBHbIE) $| 2M

® [lpeackasaHue N3MeHeHUM

® [lpeanucbiBatome (NpeckpUNTUBHbIE) REVENUE

PRESCRIPTIVE

Increase Facebook Ads by 5%
Decrease Google by 3%
Yields 4% increase it Conversions

f 1
i

°3

® BbifiBNEHUE NPUYMH U3SMEHEHN

N UX B3aUMOCBA3U LS Te
® KombuHmnpoBaHHbIE |

NET PROMOTER SCORE (NPS)

DIAGNOSTIC

CONVERSIONS

MONTHS
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@ |

UHPpacTpyKTYypHbI€ HHCTPYMEHThDI
IPOTrHOCTUKH

v XpaHUNULWa AaHHbIX

v KaKk aononHATb/U3meHATb
v AHTerpayma MHCTPYMEHTOB
v' Busyanusauyua
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W [lonyaapHsbie CYb/l ansa BP

® DB-Engines Ranking of Time Series DBMS

(http://db-engines.com/en/ranking/time+series+dbms)

Oct

1.

2.
a4
A 5.
¥ 3.
9.
3 6.
¥ 7.

. A3

10.
¥ 8.

12.
$ 1t
17
A 19.
A 20.
$ 14.
J 16.
$ 18.

Rank
Oct Sep
2023 2023 2022
1. 1.
2. 2.
3. 3.
4, A5,
5. Y4
6. 6.
7. 7.
8. 8.
9. 9
10. 1o0.
11. 412
12, ¥ 11,
13. 13.
14, 14,
15. g 16,
16. A 1s.
17. $ 15.
18. ¥ 17.
19. 19
20. o 21.

J 15.

DBMS

InfluxDB E3
Kdb E3
Prometheus
TimescaleDB
Graphite
DolphinDB
Apache Druid
RRDtool
TDengine (3
QuestDB 3
OpenTSDB
GridDB E3
Fauna

VictoriaMetrics (3

M3DB
Apache IoTDB

Amazon Timestream

eXtremeDB 2
KairosDB
CrateDB 2

Database Model

Time Series, Multi-model g
Multi-model g

Time Series

Time Series, Multi-model @
Time Series

Time Series, Multi-model @
Multi-model g

Time Series

Time Series, Multi-model g
Time Series, Multi-model (g
Time Series

Time Series, Multi-model g
Multi-model g

Time Series

Time Series

Time Series

Time Series

Multi-model @

Time Series

Multi-model @

Score
Oct Sep
2023 2023

29.74 -1.53
8.39 -0.56
7.28 -0.34
5.38 -0.02
5.23 -0.22
3.94 -o0.11
3.10 -o0.10
3.06 -o0.08
2.87 +0.25
2.16 -0.23
2.00 -0.11
1.96 -0.21
1.89 +0.20
1.28 -0.08
1.26 +0.19
1.18 +o0.20
1.14 +o0.02
0.93 -0.09
0.90 -0.04
0.86 +0.05

Oct
2022

+0.16
+0.71
+0.97
+0.19

-1.50
+1.92
+0.56
+0.53
+1.29
+0.41

-0.50
+0.32
+0.19
+0.37
+0.48
+0.53

-0.16
+0.02
+0.05

-0.27
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% AxTya/nbHBIE OTKpBITbIE XPAaHU/IMINA JaHHbIX

® Timescale @ Timescale
® Postgres for time-series data (http://www.timescale.com)

@ InfluxData InfluxDB &

\ PY ®
e Time series data with a single, purpose-built database ‘4; 'anUXd ata
(http://www.influxdata.com)

e OpenTSDB HoH -
st OPEN
@ The Scalable Time Series Database (http://opentsdb.net) T

® Apache Pinot™ ih o
® Realtime distributed OLAP datastore (http://pinot.apache.org) ? pInOf

® Timestamp Index (http://docs.pinot.apache.org/basics/indexing/timestamp-index)
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% MonuTopuHr B peaJibHOM BpeMeHH

® ThirdEye — an integrated tool for realtime monitoring
of time series and interactive root-cause analysis
(http://github.com/startreedata/thirdeye)
® HapctpouKa K Pinot

star+tree
THIRD EYE

>
2
-+
LASRRaRRRaRRIRIRININ

L -- . LR RN

M .

G i L
— - cmmm--

h ve C
Jmy e B ieds  Anomalies reported 9
¢ View all anomalies

February March Apeil May June July August Seplember October November €

w— Activity e Predicted Ancmalies Upper and Lower bound
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@ lJdopa6orka meTos0B aHaM3a BP

® OCHOBHbI€ A3blKM HAYK O AaHHbIX U X BUbAnoTeKku

® NHcTpymeHTapumn Python + SciKit

® Time Series for scikit-learn People (Part 1): Where's the X Matrix?
(http://www.ethanrosenthal.com/2018/01/28/time-series-for-scikit-learn-people-part1/)

® Time Series for scikit-learn People (Part 11): Autoregressive Forecasting Pipelines
(http://www.ethanrosenthal.com/2018/03/22/time-series-for-scikit-learn-people-part2/)
® NHcTpymeHTapun R

® Using R for Time Series Analysis (http://a-little-book-of-r-for-time-
series.readthedocs.io/en/latest/src/timeseries.html)
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@ Manenbkue uau GoabmMe JaHHbIE?

® bonbwwue AdHHblIE NO3BONAKOT NOJZIY4NTb HOBbl€ 3HAHUA U3-3a NOBbLILLEHUA
aAetanusaumnm
® Ho Bcerna nn 310 Hapo?

® Ho MHOrme peanbHble 3a/a4M aHaNM3a cOObITUN NPEKPACHO peLlarTca B
Microsoft Excel /| Power Bl Ha cobcTBEHHOM HOYTOYKe

® AHann3 NONIYMUNNNOHA OT3bIBOB K/IMEHTOB PUHAHCOBLIX OpraHu3auun — Analyzing
half a million consumer complaints (http://chandoo.org/wp/analyzing-consumer-complaints-1/)

® [lpumepbl aHanusa npoaax — Sales Trend Analysis Dashboard
(http://www.musgraveanalytics.com/sales-trend-analysis-dashboard)

® [lo onbiTy, NP OYULLEHHDbLIX AdHHbIX TaKOM OTYET AenaeTca C Hyna npumepHO 3a NonaHA
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@ Npumep: Sales Trend Analysis Dashboard

UK Laptop ["] Accessories Total Revenue: \
k! Musgal;alyv“e

Sales Trend Analysis Clchina [ Teble Parts £740,266,689

Historical Trend Month Day of Week C’
@ Revenue @ Target

o Ao [
v ey - [
£10M a
£2M
£0M sun
2012 2013 2014 2015 2016 2017 December m
Target Quarter Month in Quarter Trend in Month (day)
Below 22% — ” . *
: ¢
o %o .
¥ Above
Sl ;
10 20 30
Microsoft Power Bl g Y
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W [Ipumep ot camou Microsoft (+ obviEnce)

® Sales and Marketing sample for Power Bl: Take a tour
(http://docs.microsoft.com/en-us/power-bi/create-reports/sample-sales-and-marketing)

Sales and Marketing Sample & Share Dashboard

Snme el

YTD Category Trend Analysis

Tatal Volume % Units Marke? Share v % Uniits Market Share Rolling 12 Monthe

g

Muarice® Share

32.86%

Our Totsl Volumse:

16K

Serftiment

CANADA ' Hudsan Bay

X uhiLLLLLLHHH

e
— e~ Sargassa Sea
W — b bing ha. ©2016HERE  ©2016 Microsoft Corporat
.l M —— A% Gulf of ool Gorporston
Market Share YTD Category Se vi
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w I/IHCTPYMEHTBI C OTKPbITbBIM HCXOJHbBIM KOAOM

® Apache Superset (http://superset.apache.org)

® /IHTepaKTMBHaA BU3yanmn3auma AaHHbIX Ha OCHOBE
npoeKkta ECharts v pacwunpeHusa SQL

® Ob6blyHOE OrpaHUYEeHMe Ha YUCNO ToYeK B «yapTe» — 50 000

©0 superset
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Altered Added to 1 dashboard

Quarterly Sales (By Product Line)

Chart Source AN DATA CUSTOMIZE

ﬁ public.cleaned_sales_data .

lv L | TIME-SERIESAREA.. EH 4k (§

View all charts

Metrics ~ Time © ~

TIME COLUMN

Jfix) COUNT(*) B @ order_date

TIME GRAIN
Columns A
Quarter
TIME RANGE
@ order_date
8
# price_each
# sales H Query A
abc address_linel
METRICS

abc address_line2
fix) SUM(sales)

abe contact_last_name

contact_first_name

OO0 Stiperset

+ -  Settings ~

) save B
(L= E Il 00:00:00.11

R Notavaiable 2 3 days ago

10 rows

NONE ~ STACK = EXPAND

=0~ Classic Cars ~()- Motorcycles —O- Planes Ships ~O- Trains ~O- Trucks and Buses ~O- Vintage Cars 1 ]

100% Q

DIMENSIONS
# quantity_ordered
abc product line
# year

abc postal_code
CONTRIBUTION MODE
abc customer_name
UPDATE CHART
abc deal_size

40%
20%
0%
2003 Apr Jul Oct 2004 Apr Jul Oct 2005 Apr
RESULTS SAMPLES (3
Q rows ([
__timestamp Classic Cars Motorcyeles Planes Ships. Trains
2003-01-01 00:00:00  166682.87000000002  38422.91 39205.310000000005  27050.379999999997  9263.6
2003-04-01 00:00:00  208308.87 48214.920000000006  68678.99 56444.27000000001 148275
2003-07-0100:00:00  280129.06 85244.71999999087 3303833 46171.27 134090
2003-10-01 00:00:00  829663.49 199013.03 130434.96999999999  115155.16098990898  35301.¢
2004-01-0100:00:00  336970.3699999999  90267.02 73113.46999999999  81667.85999999999 22192
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http://superset.apache.org/

% Busyanusanus 6oabmux BP

e [1nAa cBoel «Beb-mopabi»?

® uPlot (http://github.com/leeoniya/uPlot)
® A fast, memory efficient Canvas 2D based chart
for plotting time series, lines, areas, ohlc & bars

® From a cold start it can create an interactive
chart containing 150 000 data points in 90 ms,
scaling linearly at ~31 000 pts/ms

® Ho o4yeHb Nnoxaa AOKYMeHTauuUA...

Server Events
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http://github.com/leeoniya/uPlot

W Ho 3TO0 eme He KoHen?!

Bonpocbi? 3ameuanuna? lNpegno

® KOHTAKTbI:

® K.T.H., Jou. He3HaHoe AneKceli AHOpeesuY

® CTapwunii Hay4yHbIN COTPYAHUK MeXayHapoaHOMN nabopaTtopuu
MHTENNEKTYaNIbHbIX CUCTEM U CTPYKTYPHOro aHannsa ®KH HAY BLLUS

® E-mail: alex.neznanov@gmail.ru
® Web-site: http://hse.ru/staff/aneznanov
® Blog: http://siberianshamanssongs.blogspot.ru (RU)
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