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Outline

A Introduction
I What are and what can we mine from time series?

A How can parallel algorithms
accelerate time series analytics?
I Pattern discovery
I Anomaly detection
I Imputation of missing values
A Further research: how can paralkgorithms
provide online timeseriesanalytics?
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€ SO, time serieme ubiquitous

Z M @ KD JV) |<u))

_—
Lo d
| g |
AN

Smart manufacturing, Internet Weather forecasting,
Predictive maintenance of Things Climate modelling
i % EEEEEHR .
g o] /—/' 15
E ® 0'0
R s r-v-vA
Personal Bioinformatics, Busmess Learning management systems,
healthcare Cheminformatics and economics Personal educational trajectories

Time series analytics: acceleration with parallel algorithms 5Octobe022 4/90



What can we mine from time serie

ONE DOES NOT'SIMF
-

<

Patterns
DID YOU
MISS ME?
Anomalies Imputation of missing values
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Pattern discovery: power deman

Energy consumptiom an ltalian cityfor 3 years

Jan/1/1995 May/31/1998

snippet-1
Jan/1/1995 May/31/1998

s nippet-1 s nippet-2

Eund;l}f Sunday
JUVVAAWATY, VYV v
L L I
0 200 0 200

Snippets show typical weekiytervals in warm and cold seasons
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Pattern discovery: medicine

Activity -1 Activity -2 Activity -4 Activity -2
NormalWalking----NordicWalking-----Running----- Skipping-----NordicWalking

10 minutes

D I |
A patient'smotor activityaccordingo the chest accelerometer measurements

Patient Smith slept for 7.2 hours. This ten-seconc
snippet ( ) accounts for 78% of his respiration,

and this ( ) ten-second snippet accounts for 17%
of his respiration. His maximum temperature was 98 . 7°...

A patient'srespiratoryactivity instudies of apnea syndrome
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Anomaly detection: power demat

Annual energy consumptioof a building
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Anomaly detectionedicine

Electrocardiogram of an adult patient
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Imputation of missing values
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77 15min.the data from -8500automatic traffic recorders
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Outline

A Parallel pattern discovery

A Parallel anomaly detection

A Parallel imputation ofmissing values

A Online timeseriesanalytics with parallel algorithm
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How to formaligatterns? Snippets

v v v v oy oy v v v v

[ S [P ———

1000 2000 3000 4000 5000

1. Atime series is represented
as a set of nowverlapped segments

" ImaniS.et al. Introducingtime seriessnippets anew primitive for summarizingongtime series DataMin. Knowl. Discov.
2020 Vol. 34, no. 6. P.17131743 DOI:10.1007s10618020-00702y
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How to formalipatterns? Snippets
» @ @ﬁ YooYy @ B

B =
1. Atime series is represented

as a set of nowverlapped segments
2. For each segmentind

Its nearest neighbors
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How to formalipatterns? Snippets

v v v v v

WWWW

IDU’D ZUDD 3000 4000 5000

1. Atime series is represented Coverage
as a set of nowverlapped segments
2. For each segmentind
Its nearestneighbors
3. For each segmentompute
its coverage and take tof segments
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How to measure similarity? MPd

ATwoO -length time seriesare more similar w.r.tMPdist,
the more/Hength ¢ /b G subsequenceslose to eac
other w.r.t. normalized Euclidean distangare in them

AMPdist is

| a distance measurgot a metric), i.e it holds the identity and
symmetryaxioms butnot the triangle inequality

i phaseinvariant | W
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‘E"E"Hi ohol |
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* Gharghabi Set al. An ultrafast time series distance measure to allow data mining in more complexveedd deploymentsDataMin. Knowl.
Discov2020 Vol.34. P.1104¢1135 DO110.1007s10618020-006958
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MPdistMatrix profile AB

4000
iy o . N
0 1000 2000 3000 i Normalized Euclidean distance
between
0 (@ %$ (0 md ) e ‘@h subsequence i
- " and its nearest subsequencean
h O b /
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MPdistMatrix profile BA
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MPdistMatrix profile ABBA
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MPdistEventual calculation
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MPdisprofile of a segment
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Snippet discovery:-igmippet
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Snippet discovery:-Agmippet
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Snippet discovery:-Agmippet
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Snippet discovery:-8smippet
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Snippet discovery:-8gmippet

N

— D[3]
5 ™oy N (74 — M
"Q 0 ‘l é “Q!QC‘X !Q Q_L‘ Q (6)) ProfileArea
1 34475 : : : : . .
0 1000 2000 3000 4000 5000
3 278 01 £ 'QQa ©FO DO  HT b
4 27908
(_r-——-——“—- — D[8]
S 31163 - EE}
6 31532 == = profieares
7 31672 : : : : : .
0 1000 2000 3000 4000 5000
9 31654 LI € QQ0 WO ommcC
10 3304
" . . ) e ——
0 8Qe QQm o
b‘l - ::'rofiIeArea
[IJ 1UI00 . , 2UIDU . e o BDIU?' 40|00 SOIOO
L1 € 'QQa DD W oonr
Time series analytics: acceleration with parallel algorithms 5Octobep022 25990



Snippet discovery: Resulting snipy
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PSFParallel SnippeindeforGPU

Step SnippetFinder, complexityd &€ t— PSFRarallelSnippetFinder)
1.Calculation | {5 (@ %$ (5mdm} = R |Calculatehe©O  matrixof normalized
of matrix Euclideardistances
orofile 0 6 AOCIEL %S (Owdwm| sguda I E] 00 (@)
2.Calculation | (& (9 %s$ (6 mb m) s oo Q 1 EI 00 (4
of matrix o §

a7 O i 0 A D i
profile 0 AOGIET %S$  (5pd m)
3.Calculation 0 0 $ U 0 GOa W /bs GDA Q
of matrix
profile v
4.CaICl_JIat|on COAEED ... yéioQQ®wh |0 | 0
of MPdist Yel 0QQ@a Jbp h|o | Q
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*Zymbler M., Goglachev A. Fast Summarization of Long Time Series with Graphics Processor. Math@g2awes.10, No.10. Article1781
DOI:10.3390math10101781
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Snippet discovery: MRusfile
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Snippet discovery: MRusfile

ak
—— EDmatr{1]
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Q 1000 2000

] 50 100 150 200 250
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Snippet discovery: MRusfile

C
C

1] 50 100 150 200 250 0 20 100 150 200 250
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Snippet discovery: MRusfile

1 Y Y
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Parallel snippet discovgny: + «»
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* ZimmermanZ et al. Matrix Profile XIV: Scaling Time Series Motif Discovery with GPUs to Break a Quintillion Pairwise Comparisons a [
Beyond.SoC@019 P.74¢86. DOI:10.11433357223.3362721
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Parallel snippet discovery: Experin

AHardware
NVIDIATesla YOO SXM (5120cores@1.3GH3

AData
Time series Length | Snippet length Domain
. O

WildVTrainedBirtl | 20002 900 Physiological indicators of bird vitg
activity

PAMAP 20 002 600 Wearable accelerometer readings

WalkRuAd 100000 240 during various types of human
physical activity

TitABP 40000 630 Human blood pressurduringrapid
tilts

limani S.et al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl.2Di2@ovol.34, no.6.
P.17131743 DOI:10.1007s10618020-00702y
2Reiss A StrickerD. Introducing a new benchmarked dataset for activity monitoring. I30@ P.108¢109. DOI:10.1109ISWC2012.13
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Parallel snippet discoveeytormance

1 Serial Snippet-Finder 2978.69
74 Parallel Snippet-Finder
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Parallel snippet discoveagestudies

10

—10

—20

—30

Our algorithm
Ground truth

Rope
jumping

Walking

Rope
jumping

— Rope jumping

— Walking — Running

0

9001 20002 33002

Walking Running

Activity Precision| Recall | Flscore
Rope jumping 1 0.87 0.93
Walking 0.98 0.97 0.97
Running 0.77 1 0.87

* Reiss A StrickerD. Introducing a new benchmarked dataset for activity monitoring. ISV
2012 P.108;109. DOI:10.1109ISWC2012.13
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Parallel snippet discoveagestudies

— lroning ——  Ascending stairs — Descending stairs —— Walking
4
2
0
-2
I 24995 33530 40858 49017 55974 87905

Our algorithm
Ground truth

1.0

orvie Activity Precision | Recall Flscore

Ascending Descending stairg 0.80 0.79 0.80
e " | Ascending stairs 0.87 0.87 0.87
Running °*¢ | lroning 0.97 0.77 0.86
walking o | Walking 0.86 1 0.92

: _ o  Reiss AStrickerD. Introducing a new benchmarked dataset for activity monitoring. 1S
Ascendingascending g ing walking 2012 P.108;109. DOI:10.1109ISWC2012.13

stairs stairs
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Outline

A Parallel anomaly detection
A Parallel imputation of missing values
A Online time series analytics with paralgjorithms
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How to formalize anomalies? Disc

A Discordis asubsequence whose nearest neighbor is at I

at agiven thresholdar away
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Discord discovery
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Discord discovery: Selection

while not end of4
get current subsequence
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Discord discoveBglection

while not end of| 1 oho
get current subsequence
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AL, .
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Discord discoveBglection

while not end of|
get current subsequence
Q6 HhE ANDOE B NS
for eachdeN A and v 4k 1 (oho )
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Discord discovelRefinement

wh 2 vJ = he Fﬂ

while not end of4 g

: (o) |

get current subsequence
foreach™ v wandvy ™

|f%$fF) i then
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Discord discovery: Refinement

wh W o

while not end of4 g

get current subsequenca

foreach®™ v wandvy ™ 1 Z/&;( )
|f%$fF) i then B0 )
wh wr B ~_
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Parallel discord discovergprocessin

For highest possible performang o , N Y q
let us useguadratic ED /6 Y Y cap
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Parallel discord discovery. Segmen
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Parallel discord discov8glectiofilock$
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Parallel discord discovBglection (threa
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Parallel discord discovBglection (threa
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Parallel discord discovBglection (threa
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Parallel discord discovBglection (threa
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Parallel discord discovBglection (threa
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Parallel discord discovesfinement
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Paralledliscord discoveBxperiments
A Hardware

I NVIDIA TeslaN)OSXM (5120cores@1.3GH2

A Data
Time series | Length | Discord Domain
E a
Space shuttle 5000 150 |Measurements of a sensor on the NASA
spacecraft
ECG 45000 200 |ECG of an adult patienht
ECG2 21600 400
Power demand | 33220 750 | Annual energy consumption of an office
Respiration 24125 250 |Human breathing by chest expanston
RandomWalklM p T °12 | Synthetic time series
RandomWalk2M cip 512

L Ferrell B.et al. NASA shuttle valve da2h05 URLhttp://www.cs.fit.edu/~pkc/nasa/datd

2Goldberger A.et al. PhysioBankPhysioToolkit, and PhysioNet: components of a new research resource for complex physiologic signals
Circulation101(23): 215¢220. DOI:10.116701.CIR101.23e215

3vanWijk J.J.et al. Cluster and calendar based visualization of time series data. INGQW®. DOI:10.1109INFV1S1999.801851

4Keogh Eet al. HOT SAX: Finding the most unusual time series subsequence: Algorithms and appllCDipI2€04 440¢449. URL:
http://www.cs.ucr.edu/~eamonn/discords
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Paralledliscord discoveBxperiments

Running time
to discoverall discords
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Parallel version is up t80times

faster (for real data)

| 3 znuB.etal 15 190
j EZ1 Our algorithm 5431
756 63.4;'1
? 25,6 / 26.4 24.4
4
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e | U 7 w |
/ 3. / // “
ZIm7 % 7I8%
e | | U ? f ZINZ
A /] / - / /] /
e <cC 00 yof AR D
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Zhu B.gt al. A GPU Acceleration framework for motif and discord based pattern mining. IEEE Transactions on Parallel and Distribuged S
32(8): 19872004 2021 https://doi.org/10.1109TPDS2021.3055765
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Parallel discord discovery: Case sti
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Outline

A Introduction

A Parallel patterrdiscovery

A Parallel anomaly detection

A Parallel imputation ofmissing values

A Online time series analytics with parallel algorithi
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Imputation through reference time ¢

(O
o

- -
-------

.
-----
. *

Heuristics

the time series undergo imputaticeindthe reference
time seriesbehave similarly in the same subsequenc
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Parallel imputation: Reference time

3 g

1" E

L —

Query length C o )
(parameter J \Sf

—

(parameter

[Window length

[ Queries ]
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Parallaimputation: Pattern searcr

3
4 ) 0 . ~
Distance between i X U
the intervalY '@ and the query o)
w.r.t. the DTW distance measure = X =
- / =| .
a
(1 Pattern search ) | _ e
for h ptoQdo maar |
forh pto¢ a pdo 3. Q.
oo @ i oy
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Paralleimputation: Scoring

(1. Pattern search )

for “th pto'Qdo ,,
for'h ptoé¢ & pdo D
L OYo'Y G D U
\

2 Scoring

forh pto¢ & pdo

for ‘th pto Qdo
"Yoé QR Yél 0

\_

]

1
d —
mal.ar

d —
Ml ar

f 4
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Paralleimputation: Reconstructior

A

4 gl L X 1°
1" o
——
a
(1. Pattern search N | V
for “th pto'‘Qdo ralar |
forCh pto¢ & pdo ; o} QO
0"Yo'Y & L g =
\ Ll /Al T
2 Scoring ” h
forh pto¢ & pdo G
for ‘th pto Qdo J {
- g . X AL
Yo é OB "YdHiI 0 L ﬂ r° Pi
\_ Q) -~/ —
3. Selectiorof TOR intervalsreconstruction <: J
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DTW (Dynamic Time Warping) distance Ir
T MR QaRr)
Q"Q phQ
Qae ¢ o [ ET Q4 p
Q'Q phQ p
Qrim () i e EQ 6

Q N
=

Q /11 ......................................................... > [

* BerndtD.J., Clifford J. Using Dynamic Time Warping to Find Patterns irs@&rmas. KDD &AAIWorkshop1994 TRWS94-03. P.359-370.

EERTEETE) =
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DTW.: complexity.accuracy

A AOR) o)

Complexity Q'Q RO
F O e (&) [ ET QW p
Q"Q phQ p

AS 4

Qim (Y AP\ K HQ 4

DTW is better to measur
the similarity by shape
thanthe Euclidean distance
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DTW acceleration: Sakiveba band*

AR fUR)  Qah)

Colrznglexny Q"0 piin
> Y o &) | ET Q¥ p
Q"Q phQ p

Qi Q) e KW AQ an

» O hQ» QQ »
QAR HIQ » Q0 » /\/

Q

»OJ
N

Complexityvs.
accuracy tradeff

\ —

1
/11 ......................................................... >

* SakoeH., ChibaS. Dynami®rogramming Algorithm Optimization for Spoken Word Recogniti€laE rans.on Acoustics, Speecland Signal
Processingl978 Vol.26. P.43-49.

T >
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DTW acceleration: Lower boundir

A Lower bound function (LB)
i, 'ta 5 0 4 , complexity is lower than '
Y@ b d, (g ID)  $ 4 7YIg IR
A Lower bounding pruning
i Bestsofar minimum of DTW@ i "Q

i, (Y@ ) i, ®en$ 4 Y[ 1) wi,’C
so'Y|'Qx | is clearly dissimilar to without DTW
calculation

i 1t works only ifY['@4 ] and 0 are znormalized
I LBs can be applied in a cascade

* Rakthanmanon Tet al. Addressing Big Data Time SeriglningTrillions of Time Series Subsequences Under Dynamic\Wargng. ACM
Trans. Knowl. Discov. Daf013 Vol.7, no.3.10:1¢10:31
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Lower bounding: Cascade of LB

Comple
0Q Lower bound ity
. || 0 80 "Qa "0b
C | Lo o & @ &) |V
0 60 QETMO
N @ R & o
4| @) @ Mh & B
mh & i 0 Q&)
6 | A@n
/b i ET A
0 60 Q¢ "QQOD0
/| o om0
I @m) 4 | &) uld
L C
X b 662D 80 6 B §'O"YGX X
b&;iqpi ETAR HOM)i "Q AR O 0(a 1)
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Parallaimputation: Pattern searcr

Y N
U\FI

A
\\ X

Reference
N ?timeseries} } Query 1

Subsequence matrix}

of the reference time series
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Paralleimputation: Lower bounds

=| N q 6 N 4
X Matrix
of lower bound
d :
N (“ ) . |) /Ahead calculation of all LBS\
A 4 for all subsequences
> IS significantlyredundant

(cf. LB cascade in serial search)
but

\_ it is parallel )

)
8 < \ 8 ( Yodt + Y pdt . i1HI —h
NormalizatiorD | P .~ P . ‘
— ‘ — I h — l
] \\ a a
/
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Paralldimputatiannitializing i "Q

4 OO h $470 M )

Ve

6 AOd ET 1 Agd| 0K ndx
/

\_
1 [70)
YOmE BF — K_ —
T3l Frof
DTW
E I Early _abandoning DTW ,_.9
- Max(LB_xewerEQ, LB keoghEC) PN Ll
e o © LB FTW
g LB KimFL LB_geognEQ ° LB Ecorner
- :
= ... LB Yi LB PAA
.E’ : LB Kim
0 e L - . ]
0p 0 & O a»

" Rakthanmanon T., et al. Addressing big data time series: Mining trillions of time series
subsequences under Dynamic Time Warping. ACM Trans. Knowl. Discov. Data. 2013.
Vol. 7, no. 3. 10:110:31. DOI: 10.1145/2500489.
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Parallaimputation: Lower boundin

=| N A 0 N [
X
<+| ) o |) | <t

T ’ ‘ [ OiQ h $4 70 }

> — >

1~

1
0 Bitmap N

of subsequences

8 < 8 g
NormalizatiorD ol | & ads o 5 ED O T
1 - /
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Paralleimputation: Candidate matt

=| N q U N 4 ) :
Matrix of candidates
X to nearest neighbor;
d
1 | | <= Ft
N g ) N g N\ N g

8 < 8
NormalizatiorD 1
0
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Parallamputation: DTW calculatic

4 N g 0 N3 |
DTW-distances
X to the query

1 ol K R L, r
N 5:|( ) N ﬂ( ) N\ N q N 4
> — > —> [+
1
1 H
0 H
8
8 < 8 8 Candidates are cIearIQ
N lizati ) 1 dissimilar to the query
ormalization -
- (DTW is not calculated TNy
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Paralleimputatiadmproving i "Q

LK O N g Decreasingoi "Q
X to prune more candidate:

Hi kol Eird -

o N

1 4] |t 4 i
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§ormalizatiorD

Time series analytics: acceleration with parallel algorithms 5Octobep022 7890

olr| O (ol |r|F|=
oc




Paralleimputation: Scoring

=| N 4 O N9 /Weight takes into account )
X A correlation otthe input and a referentiene series
A index of an interval.
E.g.,0 Q" @Q ——, where the referendeme
v Qseries arsorted by descending correlation Y,
1 o | @ a4 rd
N g ( ) N g ) N\ N g N q
>R =) DL
1
1 H
0 Hy
JL
g 8 8 { - > < g
| (|8 | Tt
Normalization 1 o
) Y& (00 L Q@O m
WE py— =
0 0% (O -
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Paralleimputation: Experiments

A Hardware Intel Xeon B-2687AW \2 (8 cores @.40GH2

A Data
Dataset| #t.s., [Length, Domain
Q pletp ™
BAFU 10 50 [Water discharge in Swiss rivers
Chlorine| 50 1 |Simulation of the chlorine concentration in a drinking water sys
Climate | 10 5 |Weather in locations of North America
MADRILO 10 25 |Road traffic (AVR statistics) in Madrid
MAREL| 10 50 [Characteristics of sea water in tEmglish Channel

A Rivals ORBITS OGBImpute?, SPIRFT SAGE TKCM
A Setupunder ORBITESramework:

I Scenarioimputation of lastLl0%points

I Rivals: best recommended parameters

I ParaDl:d v TTQ o,i 18 O
1KhayatiM., et al. ORBITS: Online RecovefMissingValues in Multiple Time Seri&reams. PracvVLDB Endov2020. Vol.14, no. 3. P.294-306.
2 AnavaO., et al.Online Time Series Prediction with Missibata. Proc. ICM2015 P.2191-2199
3 PapadimitriouS. et al. Streaming Pattern Discovery in Multiplene-Series. VLDB005 P 697-708.

4 Balzand..,et al. Streaming PCA and Subspace Tracking: The MBatagCase. Proof IEEE2018 Vol.106, no.8. P.12931310,
5WellenzohrK.,et al. Continuous Imputation of Missingalues irStreams of PatterDetermining TimeSeries. EDBA017. P.330-341
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Experiments: accuracy

2 - 3% E 6 &
Q
0.59 12
0.6 0972 10.12
2 o4 0.29 Z 8
2 -
0.2 4
0.0 ‘\ 0
Chlorine
1587.31 ‘l
_ :, :
% 400 !
2 | 6
é, 33.29 2862 EI % \
2 .
1 ‘|| 0 \|
Climate :"‘ !
~ 1000 739.84 ' \‘ ’("
2 v, Parallel algorithm istheadw.r.t. accuracy]
= of many(butnot all) rivals
2
SAGE m OGD-Impute = ORBITS (k=2) m ORBITS (k=3)
100 .
MADRID m SPIRIT = TKCM = Our algorithm
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Outline

ntroduction

Parallel pattern discovery

Parallel anomaly detection

Parallel imputation of missing values

A Online time series analytics with parallel algorithn
I Onlineanomaly discovery
I Online imputation of missing values

To To I o
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Mining time series: paralidgsvs. ANNS

Method Tunlng :> Mining
WE -DON'T 75 '
Parallel _NEED NO
algorithms SROLATION u
' — 15-35 km/h, Cheetah
G! v2U0KSNJ 0 NAO] AY [ KuBning/dwimimig |6 @€ 108kfhih Cf |2
Method Labeling— LearnlngE> Tunlng :> Mlnmg
Artificial | |
Neural
ki Ki '
Networks Y(;Jasgevitljéjr)l 1535 kmi/h, 1535 kmi/h, SQ'E%?;%T%""
15.6km/h running/swimming running/swimming 724 km/h
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Mining time series: paraldesplus ANNS

Parallel
algorithms 3
Cheetah |
100km/h
Artificial
Neural
Ne’[WOl‘kS Spirostomum

Time series analytics: acceleration with parallel algorithms

15-35 km/h,
running/swimming

15-35 km/h,
running/swimming 724 km/h

ambiguum

5 Octobe022 8490


https://en.wikipedia.org/wiki/Cheetah
https://en.wikipedia.org/wiki/Turtle
https://en.wikipedia.org/wiki/Turtle
https://en.wikipedia.org/wiki/Spirostomum

Online time series anomalgction

Parallel algorithms
for time series mining

Representative fragmenbf time series e Trainingset
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MMM Anomalydetection . O R
] )))) ANN W
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Online time series anomalgction
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