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Outline

* Introduction

— What are and what can we mine from time series?

* How can parallel algorithms
accelerate time series analytics?

— Pattern discovery
— Anomaly detection
— Imputation of missing values
* Further research: how can parallel algorithms
provide online time series analytics?
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People measure everything over time, ...
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... SO, time series are ubiquitous
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What can we mine from time series?

ONE DOES |\1’0T§1Mi:w
’ . g ? £

-
-
[

<

TAKE“‘A TIME SERIES.AND FIND PATTERNS

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

Energy consumption in an ltalian city for 3 years

Jan/1/1995 May/31/1998

snippet-1
Jan/1/1995 May/31/1998
s nippet-1 s nippet-2
e 5““1“}’ e Sunday
0 200 0 200

Snippets show typical weekly intervals 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

DR I |

A patient's motor activity according to the chest accelerometer measurements

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

0/

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

A patient's respiratory activity in studies of apnea syndrome
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Anomaly detection: power demand

Annual energy consumption of a building
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Anomaly detection: medicine

Electrocardiogram of an adult patient
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Imputation of missing values

MAREL Carnot system autonomously measures
‘& & +15 chemical and biological parameters each 20 min. in
the English Channel

i 3 ~ Madrid Road Traffic Management System provides each
. 15 min. the data from +3500 automatic traffic recorders
~ deployed through the city road network

\\ DEBS challenge: Real-time event-based sports analytics
" "1 Positioning sensors of tracking frequency 200 Hz
. (15K events per second) are located near to players’
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Outline

e Parallel pattern discovery
* Parallel anomaly detection
* Parallel imputation of missing values

* Online time series analytics with parallel algorithms
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How to formalize patterns? Snippets’

Sl SZ 53 54 SS S6 S7 58 S9 SlO

[ S [P ———

1000 2000 3000 4000 5000

1. Atime series is represented
as a set of non-overlapped segments

* Imani S. et al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl. Discov.
2020. Vol. 34, no. 6. P. 1713-1743. DOI: 10.1007/s10618-020-00702-y
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How to formalize patterns? Snippets

1. A time series is represented

as a set of non-overlapped segments
2. For each segment, find

its nearest neighbors
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How to formalize patterns? Snippets

K=3 5 52 53 S4 Ss Se S7 Sg S9 S10

T .

1
]
1
1
]
1
I
1
[

0
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1. Atime series is represented Coverage
as a set of non-overlapped segments

2. For each segment, find
its nearest neighbors
3. For each segment, compute
its coverage and take top-K segments
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How to measure similarity? MPdist

 Two m-length time series are more similar w.r.t. MPdist,
the more ¢-length (3 < £ < m) subsequences close to each
other w.r.t. normalized Euclidean distance, are in them

e MPdist is

— a distance measure (not a metric), i.e., it holds the identity and
symmetry axioms but not the triangle inequality

— phase-invariant W

ED(A, B) 11.2 0 100 200 300 400 500
MPdist(4,B) | 0 B

0.5

0.0

0 100 200 300 400 500
* Gharghabi S. et al. An ultra-fast time series distance measure to allow data mining in more complex real-world deployments. Data Min. Knowl.
Discov. 2020. Vol. 34. P. 1104-1135. DOI: 10.1007/s10618-020-00695-8
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MPdist: Matrix profile AB

~

Normalized Euclidean distance
between

. m——L£+1 . i
{PAB(l) = EDnorm(Ai,{’» Bj’f)}i=1 | i-th subsequence in 4 |
and its nearest subsequence in B

’ B];B /

=arg min  EDyorm(Aie By e
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MPdist: Matrix profile BA

|A] = [Bl =m

:g:;
§.

21 | I I 1 L I I 1 ] ot
0 1000 2000 3000 4000 0 1000 2000 3000 4000

Meaningful subsequence length: 3 < £ < m (typically, [0.3m] < £ < [0.8m])

20 20
10 " fil_‘ 10 M,ﬂ_‘
U L 1 | | 1 | | | 1 ﬂ | | 1 | | | 1 ]
0 1000 2000 3000 4000 0 1000 2000 3000 4000
. m—~£+1 ) m—-£+1
{PAB (l) — EDnorm(Ai,f' Bj,i’)}i=1 {PBA(l) — EDnorm(Bi,{’: Aj’{))}izl
Bjo=arg min  EDporm(Ais Bge) Ajp = arg LI EDnorm(Bi,2 Age)

1sgsm—¥+1
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MPdist: Matrix profile ABBA

|A| = [B] =m
2 A 27 B
° \W IRAVAV AV AV AVAVAVY
27 ! ' l . ! ! ! . 2" L ] | L | L L i J
0 1000 2000 3000 4000 0 1000 2000 3000 4000
3</<m
20 20
P4p Pgpa
° d 10 M,[\V\_A/\/\M/\N\/\il_\
0 1 1 | 1 | 0 L 1 | 1 1 1 1 | 1 J
0 1000 2000 3000 4000 0 1000 2000 3000 4000
P4sgpa = Pap O Ppy
20 —
o PapBa |Pappal =2(m — 4 +1)
0 I I I I I I I I I
0 2000 4000 6000 8000
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MPdist; Eventual calculation

|Al = |B| =m 3<f<m
2 A 2 B
0 \W 0 \M\\’/\ANV
2 L 1 1 1 1 I 1 1 2t , , ) , , , ) | ,
0 1000 2000 3000 4000 0 1000 2000 3000 4000
20 20
P Pp,

10 e ‘ 10 AA,[\A/\/\/\N\/\N\/\fﬂ_‘
U | | | | u L | | | 1 | | | [ ]
0 1000 2000 3000 4000 0 1000 2000 3000 4000
?E PapBa |Pappal = 2(m — €+ 1)

0 i i i i i i i i i
0 2000 4000 6000 8000
MPdist, (A, B) = SortedPyppa(k), |Pappal >k
oM SortedPABBA(Z(m — ¢+ 1)), |Pagpal < k'’

where k = [0.05 - 2m] = [0.1m].
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MPdist profile of a segment

T Sk | Ti,m

(G

W (T

1DUD 2000 3000 4000 5000

Dk(SIO T) — [171, Ll vn—m+1]r
= MPdist,(Sk, Tim)
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Snippet discovery: top-1 snippet

[ ProfileArea
1 60813
2 60371 0 1000 2000 3000 4000 5000
3 74451 ProfileArea({Ds}) = 74451
4 75141 —— DI8L M
ProfileArea
5 56766
6 57729
7 5 87 1 3 [I] IOIOU ZOIDO 3DI00 40I00 SOIOO
8 53769 ProfileArea({Dg}) = 53769
° 62127 o
10 61286
Ci.index = 8 | | | . | |
0 1000 2000 3000 4000 5000

ProfileArea({Dy}) = 61286
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Snippet discovery: top-2 snippet

Q 1000 2000 3000 4000 5000

— — — D[8]

— — DI[2]
0 1000 2000 3000 4000 5000

',_r"———‘_: — D[8]

—— D[5]

0 1000 2000 3000 4000 5000
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Snippet discovery: top-2 snippet

C, e
— M .
i | ProfileArea il
1 38394 , , , . : .
0 1000 2000 3000 4000 5000
2 35769 ProfileArea({Dg, D;}) = 38394
3 45629
[, S— — Dig]
4 45908 —— DI2]
—mM™
5 4885 7 ProfileArea
6 49264 . . . . : .
0 1000 2000 3000 4000 5000
/ 48975 ProfileArea({Dg, D,}) = 35769
9 36684
— D[8]
10 36482 — o
I—\_z' —_ ib - ProfileArea
C,.index = 2
EI] 10I00 2UIDU 3{]IUU 4{]'00 SOIUO

ProfileArea({Dg, Ds}) = 48867
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Snippet discovery: top-3 snippet

T T
— D[3]

0 1000 2000 3000 4000 5000
— — DI[8]
— D[2]
: — DI[5]

Q 1000 2000 3000 4000 5000

-,-M__J\.‘: — D[8]

- — D[2]
— D[10]
b‘
0 1000 2000 3000 4000 5000
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Snippet discovery: top-3 snippet

s Hﬁ & St g R ——.
— D[3]
l PTOfileAT'ea _.I - rrofiIeArea
1 3 44 7 5 EI] 1UI0 0 2 UIE.'IU EUIUO 40IO 0 5 OIOO
3 278939 ProfileArea({Dg, D,, D3}) = 27899
4 27908
(_r———-——“—- — D[8]
5 31168 — oo
6 31532 == = profieares
7 3 1 67 2 EI] 1UI00 ZUIUU 3{]'00 4(]'00 EUIOO
9 31654 ProfileArea({Dg, D,,Ds}) = 31168
10 33044
) — e — D[8]
C3.index = 3 o
S - ::'rofiIeArea
[I] 1UI00 ZUIUU BUIUU 40I'DU EOIOO

ProfileArea({Dg, D5, D1o}) = 33044
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Snippet discovery: Resulting snippets

IE) 1000 ZDIOEI 30:00 4000 EUIDEI
m = 500
 —— T —— D[8]
S e —— D[2]
— DI[3]
IE) IDIUD ZDIOEI 30:00 4DIGD EUIDEI
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PSF: Parallel Snippet-Finder for GPU*

Step

Snippet-Finder, complexity O(n

an

PSF (Parallel Snippet-Finder)

: : —0+1 : :
1. Calculation {PAB (i) = EDnorm(Ai{’; {))}m ’ Calcylate th.e ED,, 4t matrix of normalized
of matrix Euclidean distances
profile P,z Bjy=arg, mmn, EDnorm(4ie:Bae) | aiip,, (i, j) = reein EDparr (i 0)
i . m—+£+1 N — ; P
2. Calculation {P3(i) = EDporm(Bi s A {,)} , allPg4(j) 1Sl.£nmn_l{,+1EDmatr(lr])
of matrix |
profile Pgy4 Aje = arg 15qurrlr{r—1€+1 EDnorm(Bi'f'Aq"?)

3. Calculation
of matrix
profile Pygpa

Pagpa = Pap O Ppy

PABBA = allPAB(i,m - f) @ allPBA(l)

4. Calculation
of MPdist
profile

MPdist,(4, B) = {

SOT‘tedPABBA(k),
SOT‘tedPABBA(Z(m - ’g + 1)),

|Paggal >k
|Pagpal < k

*Zymbler M., Goglachev A. Fast Summarization of Long Time Series with Graphics Processor. Mathematics. 2022. Vol. 10, No. 10. Article 1781.

DOI: 10.3390/math10101781
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Snippet discovery: MPdist profile

Segment S Time series T
S| =m IT| =n>m
{IJ IDIGU' 2(].00 SDIUD 4UIUU SUIDU
d1,1 dl,n—€+1
EDmatr(S» T, 7B) = . ’ dl',j — EDnorm(Si,{" TJ{’)
dm—{’+1,1 dm—£’+1,n—£’+1
£

— EDmatr[1]
~— EDmatr[2]
—— EDmatr[3]
— E-Drnatr[250]

{IJ IDIUD 20'00 30l00 4UIOD 5 OlOO
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Snippet discovery: MPdist profile

Ti,m

ak
—— EDmatr{1]

——— EDmatr[2]
—— EDmatr[3]

—— EDmatr[250]

6 1U'IUD 2ﬂ'UU I EOIDU
dyi v dyirm—re1

Am—r+1,i = Am—t41,itm—o+1

] 50 100 150 200 250
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Snippet discovery: MPdist profile

Pyp(i) = min E(,j),

1<jsm—4+1

1<i<m-{4+1

1] 50 100 150 200 250

Time series analytics: acceleration with parallel algorithms

Ppa(j) = _min E(,j),

1<ism—¢+1

1<j<m-+{£+1

20 100 150 200 250
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Snippet discovery: MPdist profile

Ti,m

ANAA

—— EDmatr[1]
— EDmatr(2]
—— EDmatr[3]

—— EDmatr[250]

£IJ IDIUD IUIDEI EGIUD 4UIGD EOIDU
D (S, T) = [v1,Vp, oo, Vs ), v; = MPdisty(Sy, Tim)
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Parallel snippet discovery: ED.,, ¢+

m
/—/%
£ { £
— — —
T | EENYYNE WI | |
S AN |
\‘ [
\\\ |
- —f+1
EDmatr EDporm m

Duorm (Tims Tim) = J 2m(1 - P, )
—_— 1 1
= OT. : - : :
AL oy B To——
Ti,m — Ui = (t .uu--- Livm-1 ﬂi):
Zl+mt

tivm—-1—ti-
dfy = 0; df; = “em=iztioy

QT;; = QT;—1j-1 t+ df; - dg; + dfj - dg;,

dgo = 0;dg; = (ti+m—1 —pi) + (Lo — pi-1),

* Zimmerman Z. et al. Matrix Profile XIV: Scaling Time Series Motif Discovery with GPUs to Break a Quintillion Pairwise Comparisons a Day and

Beyond. SoCC 2019. P. 74-86. DOI: 10.1145/3357223.3362721
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Parallel snippet discovery: allP 45 and allP g 4
-—

///
ED¢r // ﬁg AVAVA 4 AVAA 4 } m—4L+1
I
——< T T
m1n|\/ | | _
}\/ : min : min
min{ \\\ : :
vl | |
allPAB \\ : :
ST | |
| |
R : :
m—+¢+1 | |
| |
allPg,
;N . . allPa (1) = . ED ..
allPp(i,j) = _ min = EDmqer(i,c) pa() = _min  EDpaer (i)
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allPg,

allP 45

Parallel snippet discovery: P 45p 4

@/// @ // @///
/
/
| AR | AR AR m—4+1
\\ Anrig \\‘ Anrrg \\\ Anrrp L
\
N \\G> \\\\ \\@ \\\ \\C;)A
Ppg | Psppa Psppa | |
N J
v
2(m— £+ 1)

: _ SortedPyppa(k), |Pappal >k
@ MPdist, (4, B) = {SortedPABBA(Z(m — €+ 1)), |Pygpal <K
where k = [0.05 - 2m] = [0.1m].

-

0

1000 2000 3000 4000 5000
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Parallel snippet discovery: Experiments

* Hardware

— NVIDIA Tesla V100 SXM2 (5120 cores @1.3 GHz)

* Data
Time series Length | Snippet length Domain
n m

WildVTrainedBird* | 20 002 900 Physiological indicators of bird vital
activity

PAMAP? 20 002 600 Wearable accelerometer readings

WalkRun? 100 000 240 during various types of human
physical activity

TiltABP?! 40 000 630 Human blood pressure during rapid

tilts

Ylmani S., et al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl. Discov. 2020. Vol. 34, no. 6.
P. 1713-1743. DOI: 10.1007/s10618-020-00702-y

2Reiss A., Stricker D. Introducing a new benchmarked dataset for activity monitoring. ISWC 2012. P. 108-109. DOI: 10.1109/ISWC.2012.13
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Parallel snippet discovery: Performance

1 Serial Snippet-Finder 2978.69
74 Parallel Snippet-Finder

103 ]
(%]
o) 282.55
(L)
O
(%p]
00 125.23
L 2.
= 10 7220 82.03
()
=
e
(e
>
o

14.10
101 ]
6.33
4.25
PAMAP WildTrainedBird TiltABP WalkRun
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Parallel snippet discovery: Case* studies

— Rope jumping

— Walking

— Running

10

—10

—20

—30

Our algorithm
Ground truth

Rope
jumping

Walking

Running 0 0

Rope

jumping Walking Running

9001

20002

33002

Activity Precision Recall Fl-score
Rope jumping 1 0.87 0.93
Walking 0.98 0.97 0.97
Running 0.77 1 0.87

*Reiss A., Stricker D. Introducing a new benchmarked dataset for activity monitoring. ISWC

2012. P. 108-109. DOI: 10.1109/ISWC.2012.13
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Parallel snippet discovery: Case* studies

— lroning —  Ascending stairs — Descending stairs —— Walking
1
2
0
—2
41 , ‘ ‘ ‘ ‘ ,
0 24995 33530 40858 49017 55974 87905
Our algorithm
Ground truth
1.0
Pescending Activity Precision Recall Fl-score
0.8
pscending Descending stairs 0.80 0.79 0.80
stairs 0.6 . .
Ascending stairs 0.87 0.87 0.87
Running ** | lroning 0.97 0.77 0.86
o2 | Walking 0.86 1 0.92
Walking
_ : vo  Reiss A., Stricker D. Introducing a new benchmarked dataset for activity monitoring. ISWC
Aszg‘ii'”g Aszfa”i‘:;”g Running  Walking 2012. P. 108-109. DOI: 10.1109/I1SWC.2012.13
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Outline

* Parallel anomaly detection
* Parallel imputation of missing values

* Online time series analytics with parallel algorithms
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How to formalize anomalies? Discords

* Discord is a subsequence whose nearest neighbor is at least
at a given threshold far away

e We are given: T, discord length m, threshold r
* Wearetofind: D ={dq,d,, ...}

dieD & min ED(d;s)=>r

seT,snd;=0
a®
gy W
o . ,
L] - LA
7 s " oa? i. e a .0 .
« 4 . a® 5 ° .
¢ » - B o " e .
*e . . v - . [ B X ! L i
N - " nd e n ¢ > -
« L . o v, y . o . : s
N - L) A £ 54 ,‘.. B » -
T 5 o it g ¥ T A N
” t* d . . . d .
aaans® S st 1 La® S | . . 2 g S |
| .'-J - ’. |
Pant
|
|
>
m m

m .
*Yankov D., et al. Disk aware discord discovery: finding unusual time series in terabyte sized datasets. Knowl. Inf. Syst. 17(2):
241-262. 2008.
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Discord discovery

e [ ]
N
- y . .
Q .
we .
TS 0at ', - v A [ ]
. . 0 ag 4t '0 .
° . D )/ gy o4 . .
M . . : et 0 .
av, 0 . . . .

el et T 8 2 Through one full scan of
the time series, create a
£_/ set of candidates to

(T m—-- discords

Refinement

Through one full scan of
{ _/_ the time series, prune

false positives from the
Dlix i set above
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Discord discovery: Selection

while not end of T C = {v}
get current subsequence s
isCandidate := TRUE
foreachc; € Candsnc; =0 ED(w,v) > 1

if ED(s,c;) < r then
C :=C\c¢;; isCandidate = FALSE
if isCandidate = TRUE then€C:=CuU s

C = {v, w}
n"
D .8
N
0 s o
»
.“ - * e . .00 .0' .0‘ .’ .
»: > o a N oy & * ea?
oY ) - vy K o ey = &
.. ‘l : ‘g " e . .‘ s N
T - a R ‘e o* Yo B '
& Ed * * * - L
. ‘ “ .. Y . - L J
» * \g Py 0
aan .. » ’.
(Y w X Y Ve Z
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Discord discovery: Selection

while notend of T

C={vw}
get current subsequence s
isCandidate := TRUE @
fort.eachciECandsnciz(b ED(x,v) <
if ED(s,c;) < rthen ED(x,w) > r
C := C\ c;; isCandidate := FALSE ' -
if isCandidate = TRUE thenC:=CU s

3 C = {w}
¢ 9
/——\ k2 = >
o ° A
o = Y " - e a's o 5
vt “ [ ] " @ “ : o : . ...0 -
& " v & *s N
L T =] -. ® 5 a : - »
5 u s . "0 B - . .
T & 2 " ... ’0. ‘.. ... ..
oo b »* Caus* - . o
v | %% X ‘e
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Discord discovery: Selection

while notend of T C ={w,y}
get current subsequence s
isCandidate := TRUE \/
foreachc; €ECandsnc; =0 ED(z,w) =7
if ED(s, c;) < r then ED(z,y) =7
C :=C\c¢;; isCandidate = FALSE
if isCandidate = TRUEthenC:=CuU s V'
o :‘ e & .".: :' A {\ ° 0" .‘-
T ..': " ,o: “o’.‘ ...0. . ‘.’... ‘..0, -: :. ..:" =
v |7, % X e y .’- ’.. YA
!
5 October 2022 44/90
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Discord discovery: Refinement

D:=C D={w,y,z}

while notend of T | |

get current subsequence s

foreachd; e Dandsnd; =0 ED(”»W)ir
if ED(s,d;) < r then ED(v,y)=r
D =D\ d; ED(v,z) <r
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Discord discovery: Refinement

D:=C D ={w,y}

while notend of T | |

get current subsequence s

foreachd; e Dandsnd; =@ ED(z,w) =>r
if ED(s,d;) < r then ED(z,y) >r
D =D \ di v
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Parallel discord discovery: Preprocessing

For highest possible performance, <Tim/Tjm > —mu;u;

2 T ) = _
let us use quadratic ED EDnorm (Tym: Tjm) = 2m(1 mao;o;
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Parallel discord discovery: Segmentation

N

7D 70 7 Ussgn)
/L_/\’\ o '°.' o & T

.‘00 eece .‘,‘ \M. ..‘/\/\ +00
1 -0" M .:” ni |
. - ~ . E ——

; seglen - pad

m . Chunk®)
; N
. Chunk([_segND
Parameter Semantic

T (D)

Segment to select (prune) candidates

seglen = segN +m — 1

Segment length

segN = k - warpsize

# candidates in a segment

warpsize = 32

# threads in a group within a thread block

Chunk ()

Interval to test its subsequences against a seg. candidates

pad

# dummy elements
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Parallel discord discovery: Selection (blocks)

_ Segment® T
2 \/\/k/ Neighbor
3 r’ N~ eig
D Bitmap - _______
block, TV . Maybe |
' ' 1| k==_ discord |
11 -
|C(1)| % g ( bIOCkZ \:1 Is not \:
\_ discord
Prune neighbors if
. 0] 8 (f—— b EDZorm (ci ) <72
Chunk®) { : g | > LN
(A EX" (: i '
bo!a:nt:kr N
oo (
T 0
N ﬂ Prune candidates if
2 ) 2
Cand EDform (¢ 7»8) <T
, 11..01 00..00
Bitmap ——— - = TN :
| OR J OR J OR JOR 1 Segment |
1 1 1 0-=22_ispruned |
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Parallel discord discovery: Selection (threads)

_ Segment® T ) - -7 -
3 N ~SIAANNA Neighbor hunk P v
= - Bitmap === C unk
- block, T(l) Maybe™ 1
16 0 (] Hock Ut b ST Chunkg)’w"
S ( _ Prune neighbors if -
X IcO| = @ : - ED (&%)
S . ' E
| '{ : | “
QO 1c®| @< %
-
.. QL
1O G( ™o . dl,] w0
T ~~\\\ E /
v [] Prune candidates if \\\\\ ( )
N EDE (g % 2 S~ J) s>
Cand rorm -k s Chunk /
. . S~ segN—-1
Bltmap L OR L or L OR LoRrR \‘\\ (
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block;

(@ () (@) )
T1 Tz TsegN -1 TsegN

I S

R
Chunk g, x-- <l
: 7 y
segN

< T.' ,T-, > —MmU;l;
[ dij = ED%orm(Ti;m’ T]m) = 2m(1 - . inn;o-]
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Parallel discord discovery: Selection (threads)

<TimTjm > _m.uiﬂj)

d; i =2m(1 —
b ( mo;o;
block;
Tl(i)
Chunk{j ) A
C hunkgj ) s
=,
S
[
Chunk) y_1 nr
)]
Chunkgg gy ~v>
seBN

m
QTcol®(tid) = Z T2 (k) - ChunkJ) (k) J

k=1
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Parallel discord discovery: Selection (threads)

<TimTjm > _m.uiﬂj)

di,j = Zm(l —

mo;o;

block;

® ® ® (@
Tl TZ TsegN -1 TsegN

I ??\(
+—

Chunk fj )

m
QTrow® (tid) = 2 7D (k) - Chunk™ (k) J
k=1

sngN
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Parallel discord discovery: Selection (threads)

<Tim,Tim > —mu;u;
dij _ Zm(l . i,mrtjm i ])
’ mo;o;j
, . block; o o
A
r® 7O T T 2 g % % %
; ? ? ? L1QTcol® (1) |[ @Trow® ()| QTrow®(2)| ... |Q@Trow®(segN —1) [QTrow® (segN)
9 I ‘
Chunky \\\ \ \
Chunk(j) (
2 :> QTrow® (1) QTrow®(2) QTrow®(segN — 1) | QTrow® (segN)
=
> 3 .
2 Complexity 0(1)
instead of O(m)
N QTrow®D (tid) =| QTrow®D (tid — 1)|—
\ ~T_, (1) - Chunkl)_, (1) + T (m) - Chunk() (m)
se‘;N

Time series analytics: acceleration with parallel algorithms 5 October 2022 53/90



Parallel discord discovery: Selection (threads)

<TimTjm > m:ulu'])

d,: =2m(1—
b ( mo;o;
0 o e o
L [ l
Tl TZ TsegN 1TsegN
Chunk?’ ( § § § ; §
Chunkgj)
QTcol® (1) || QTrow® ()| QTrow®(2) QTrow® (segN — 1) | QTrow® (segN)
_____ L §3
:> QTrow®(1)| QTrow®(2) | +++ | QTrow®(segN — 1) | QTrow® (segN)
Chunks(gqN 1
Complexity 0(1)
chunk® | instead of O(m)

segN QTrow D (tid) o QTrow D (tid — 1)|—
Tt(lg 1(1) - Chunk {21 () + Tt(lg(m) Chunk {C)l(m)
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Parallel discord discovery: Refinement

T
5 N block,
2 T® 70 g0 7Dy T
block;  block, block, n_,_Plock o ? g E ?
C(‘)l =0 ( —Eflunk(]}l\f\/}<
Jt = ChunkPnrrs
S |c('3|¢®(- ____Les (
~ : jii et : : =
S { i o @ i s 5 'S
5 1cO| = @ (l_ — : ; (
\“‘u.n__ ) Chunkg)gﬂ, STy
Ic®| + @ ( o Uk (
egN
T L v /
: v - . segN
N ﬂ Prune candidates if
2 2 .
Cand EDjorm (¢, 8) <7 Before the refinement, we perform
Bit [11..01 | | [00..00] element-wise disjunction of bitmaps
itmap — ————
OR OR OR . . .
i i i (l)OR CandBitmap OR NeighborBitmap
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Parallel discord discovery: Experiments

e Hardware
— NVIDIA Tesla V100 SXM2 (5120 cores @1.3 GHz)

 Data
Time series Length, | Discord, Domain
n m
Space shuttle 5000 150 Measurements of a sensor on the NASA
spacecraft?
ECG 45 000 200 | ECG of an adult patient?
ECG2 21 600 400
Power demand | 33220 750 | Annual energy consumption of an office3
Respiration 24 125 250  |Human breathing by chest expansion*
RandomWalkiM | 10’ 512 | Synthetic time series
RandomWalk2M | 2 - 107 512

L Ferrell B., et al. NASA shuttle valve data 2005. URL: http://www.cs.fit.edu/~pkc/nasa/data/

2Goldberger A, et al. PhysioBank, PhysioToolkit, and PhysioNet: components of a new research resource for complex physiologic signals.
Circulation 101(23): 215-220. DOI: 10.1161/01.CIR.101.23.e215

3van Wijk J.J., et al. Cluster and calendar based visualization of time series data. INFOVIS’99: 4-9. DOI: 10.1109/INFVIS.1999.801851
4Keogh E., et al. HOT SAX: Finding the most unusual time series subsequence: Algorithms and applications. ICDM 2004: 440-449. URL:
http://www.cs.ucr.edu/~eamonn/discords/
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Parallel discord discovery: Experiments

Running time Average running time
to discover all discords to discover one discord
6
1= zubea 386530 [ 2. eta 15 190
] - : 4 : .
{ LZ2A Our algorithm(# of discords) 116 874 10°3 =21 Our algorithm 5431
5 | (16 288) T ]
10° § 4 3
3 / 2
/ 15 19( 810”5
4 5431
210 E ) 5
% g 10° 4 758 63.4;'1
©
& 10° 4 o > 256 / 26.4 24.4
£ 5 : 7 7 ;
= 196 I 8.9
: ] @ e @ £10°7 65 7z 71l “
) | 76 A 6 7 S 3.8 /
10" 3 (1) / 1) / ] L~ /
2 26 / 26 g / / % /
sg| ) G Z ZIRZI8%
101 3 (?1) 0.2 / / % / /
L L eal val Al YL il vdl v
G GL nS ot AN B\ We  <cG A aon AW w
g €O €C ger? ol et e gt g o0 wal T W
0o ?O\Net resP \ga\"dom Ra“doﬂ\ 0% ?O\Nexd res? a0 3o g S0

Parallel version is up to 30 times
faster (for real data)

Zhu B., et al. A GPU Acceleration framework for motif and discord based pattern mining. IEEE Transactions on Parallel and Distributed Systems
32(8): 1987-2004. 2021. https://doi.org/10.1109/TPDS.2021.3055765
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Parallel discord discovery: Case studies

Anomalies of a t° sensor (freq. is 4 times per hour) for 0.5-7 days

in the SUSU Campus Smart heating system

- - 51° o
Time Series e LG g 00 e
© LN

L
30
ORI L WA O
204
104

Jan 2018 Mar 2018 May 2018 Jul 2018 Sep 2018 Nov 2018

Discord Heatmap 2

600
400

1
2004 D | l)!

Discord length

Jan 2018 Mar 2018 May 2018 Jul 2018 Sep 2018

Discord length
Discord length

Minmax normalization

T; m.nndist — min d. nndist

€D;

map;m =

max d.nndist — m
deD; de

igl d.nndist

i
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Outline

* |ntroduction
* Parallel pattern discovery

* Parallel anomaly detection
* Parallel imputation of missing values
* Online time series analytics with parallel algorithms
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Imputation through reference time series

(O
o

 * >
-------

a ® L] -
wos et

GO
O
3
®

Heuristics

the time series undergo imputation and the reference
time series behave similarly in the same subsequences
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Input time

series

Reference time series

Imputation: Find k patterns
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For each ref. time series,
patterns must not overlap
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Parallel imputation: Reference time series

R Q!
RY Q4
e E—
Query length - o
(parameter) J \Tg
—

(parameter)

[ Window length

[ Queries ]
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Parallel imputation: Pattern search

4 I
Distance between _
the interval R'[j: m] and the query Q'
w.r.t. the DTW distance measure
\ /
(1. Pattern search )
fori:=1toddo
forj:==1ton—m+1do
DTW(R'[j: m], Q}) \/L/

\_

Time series analytics: acceleration with parallel algorithms

n
R1 { Ql \
R4 Q¢
N4 "
DTW1
DTWH
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Parallel imputation: Scoring

1. Pattern search A
fori:=1toddo
forj:==1ton—m+1do N
_ DTW!(Ri[j:m],Q") )
(2. Scoring )

forj:=1ton—m+1do

fori:=1toddo

N , zﬂﬂﬂﬁJvJ
_ Score(j) = Score(j) + DTWi(j)+e )

Time series analytics: acceleration with parallel algorithms

A

Rl { Ql \
R? Q°
NZ "
DTW!
DTW¢
Score
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Parallel imputation: Reconstruction

(1. Pattern search )
fori:=1toddo
forj:=1ton—m+1do B
_ DTWi(R[j:m], QY *V%/
2 Scoring )
forj:=1ton—m+1do Y
fori:=1toddo |
weight(j,i)

Score(j) = Score(j) + pTwi+e )

\_

n

3. Selection of TOP-k intervals, reconstruction
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Rl { Ql \
R? Q°
NZ "
DTW1
DTW¢
Score
—
¢ )
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DTW (Dynamic Time Warping) distance measure®

DTW(Q,C) = d(m,m)

d(i—1,))
d(i,j) = (q; — c;)* + miny d(,j—1)
di—1,j—1)
d(0,0) = 0,d(i,0) = d(0,j) = +o0; 1 < i,j <m
C

=

Q /11 ......................................................... >m

* Berndt D.J., Clifford J. Using Dynamic Time Warping to Find Patterns in Time Series. KDD & AAAI Workshop 1994. TR-WS-94-03. P. 359-370.

Time series analytics: acceleration with parallel algorithms 5 October 2022 67/90



DTW: complexity vs. accuracy

Complexity
0(m?)

d(0,0) = 0,d(i,0) = d(0,j]

g

DTW is better to measure
the similarity by shape
than the Euclidean distance

DTW(Q,C) = d(m,m)

d(i—1,j)

dii—1,j—1)
+o00; 1<i,j<m

d(i,j) = (g —c)* + min{ da(i,j—1)

Time series analytics: acceleration with parallel algorithms
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DTW acceleration; Sakoe—Chiba band*

DTW(Q,C) = d(m,m)

Complexity / '
dii—1,j)
Otmr) ] a@p = (g=c)? +min] dGij-1)
di—1,j—1)

d(0,0) = 0,d(i,0) = d(0,)) = +o0; 1 < i,j <m;

0<r<m-1,j—r<i<j+r
d(i,j) =+, j+r<i<j-r /\/

Q /m /
/
~ | 7
Complexity vs. v
accuracy trade-off ludn Ve
N J \ r
/1 T e *m

* Sakoe H., Chiba S. Dynamic Programming Algorithm Optimization for Spoken Word Recognition. IEEE Trans. on Acoustics, Speech, and Signal

Processing. 1978. Vol. 26. P. 43-49.
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DTW acceleration: Lower bounding”

* Lower bound function (LB)
— LB: R™ x R™ - R, complexity is lower than O(m?)
V Rli:m],Q: LB(R[|i:m],Q) < DTW(R[i:m], Q)
* Lower bounding pruning

— Best-so-far minimum of DTW: bsf

—if LB(R|i:m], Q) > bsf, then DTW(R[i:m], Q) > bsf,
so R[i:m] is clearly dissimilar to Q without DTW
calculation

— It works only if R[i:m] and Q are z-normalized
— LBs can be applied in a cascade

* 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. 10:1-10:31.
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Lower bounding: Cascade of LBs

0Q Lower bound COxI';:5|e
LB1 LB_KimFL
C | LB1(Q,0) = (1 — c)? + (gm — cw)? | O(1)
LB_KeoghEC
mof(e—ud? >y
LB2(Q,0C) =z (i —4)%  <¥
i=1( 0, otherwise | O(m)
W= i—rrglngHr U
b= i—rrsnklgi+r U
LB_KeoghEQ
LB3(Q,C) = LB2(C, Q) 0(m)
eee LB Yi, LB_PAA,LB_FTW, ..
b bsf:= min(DTW(Q, C), bSfyrev) DTW(Q, C) O(mr)
5 October 2022 71/90
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Parallel imputation: Pattern search

R' € R" Q'€ R™
Reference
Vv ? time series } } Query 1

Subsequence matrix }
S

of the reference time serie
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Parallel imputation: Lower bounds

R' € R" Qi € R™
Matrix
of lower bounds
g i
l
S_ f‘B /" Ahead calculation of all LBs )
€ ]R(n m)xm = R(n m)Xlbpum
for all subsequences
> Is significantly redundant

(cf. LB cascade in serial search)
but

\_ it is parallel )

< ren
>\ ( R[1:m] = R [1:m],

Normalization -

] \\ mz Z
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Parallel imputation: Initializing bsf

4 ' )
bS finiz = DTW(Q', C)
_ - i .
KC - ars 151r92!:1n—m 15]211%):um LB;(Q", Rlp: m])/
LB(C,Q)
Tightness™ =
g DTW(C, Q)
DTW
m!lr Early _abandoning DTW ,_.9
- Max(LB_ keoghEO, LB kugh EC) TN, Al
S o © LB FTW
B LB KimFL LB_feoghEQ : LB Ecorner
c N : e
= ... LB Yi LB PAA
.E’ 5 LB Kim
L : J
0(1) o(m) O(mr)

" 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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Parallel imputation: Lower bounding

R' e R™ Q! € R™
V. .
St LB!
= R(n—m)xm € R(n_m)x”?num

)

<

Normalization)

—

Time series analytics: acceleration with parallel algorithms

~

Bitmap'
€ Bn—m
 bSfie =DTWQ,0) |
1
1
1
0 Bitmap
of subsequences
lbnum

0| | Bitmap(i):= A LB(j) < bsf

o s /
1
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Parallel imputation: Candidate matrix

R! € R" Q! € R™ }

Matrix of candidates
to nearest neighbors

St LB Bitmap' Cand!
e R(n-m)xm e RM—m)Xlbnym c g™ € REMtxm

> =

H—

Normalization)
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Parallel imputation: DTW calculation

R' e R" Q! € R™
DTW-distances
to the query
v . , , .
St LB’ Bitmap' Cand' DTW!
e R(n—m)xm e RM—mM)Xlbyym c g™ € REMtxm e R*™
> = [ )
1
1 s
0 7
i N
< Candidates are clearly
. dissimilar to the query
Normalization 11 | (oTwis not calculated)
0 i
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Parallel imputation: Improving bsf
Rl € R™ 0! € R™ 2 Decreasing bsf }

to prune more candidates

bsf == min(DTW)

e )

s' LB! Bitmap' Cand! DTW?
e Rn-mxm e R(M—m)xlb_num e gn—m e REntxm e RM™m
> > 1 > ﬁ - 00
1
1 +oo
0 2

<

Normalization) 1
0 o
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Parallel imputation: Scoring

R' e R™ Q! € R™ /Weight takes into account A
« correlation of the input and a reference time series
* index of an interval.

E.Q., weight = d_iﬂ, where the reference time
v Qeries are sorted by descending correlation Y,
St LB Bitmap' Cand: DTW!
e R(n—m)xm e R(M—m)xIbnym e M € Rentxm e RV-™M
> [ =fil=> e
1
1 “+ oo
0 00

Score € R-m+1 <
ool Tolol.l o

lizati 1
rlorma 'Za“OD Seore(p =y 2eighii
TN T L DTWIG) + ¢

- 00
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Parallel imputation: Experiments

 Hardware: Intel Xeon E5-2687W v2 (8 cores @3.40 GHz)

Data

Dataset | # t.s., | Length, Domain

d+1|n-103

BAFU 10 50 |Water discharge in Swiss rivers

Chlorine | 50 1 Simulation of the chlorine concentration in a drinking water system
Climate | 10 5 Weather in locations of North America

MADRID| 10 25 |Road traffic (AVR statistics) in Madrid

MAREL 10 50 |Characteristics of sea water in the English Channel

* Rivals: ORBITS!, OGD-Impute?, SPIRIT3, SAGE*, TKCM?

 Setup under ORBITS! framework:
— Scenario: imputation of last 10% points
— Rivals: best recommended parameters
— ParaDl:m =50,k =3,r =0.25m

1 Khayati M., et al. ORBITS: Online Recovery of Missing Values in Multiple Time Series Streams. Proc. VLDB Endow. 2020. Vol. 14, no. 3. P. 294-306.
2 Anava O., et al. Online Time Series Prediction with Missing Data. Proc. ICML 2015. P. 2191-2199.

3 Papadimitriou S., et al. Streaming Pattern Discovery in Multiple Time-Series. VLDB 2005. P. 697-708.

4 Balzano L., et al. Streaming PCA and Subspace Tracking: The Missing Data Case. Proc. of IEEE. 2018. Vol. 106, no. 8. P. 1293-1310.

> Wellenzohn K., et al. Continuous Imputation of Missing Values in Streams of Pattern-Determining Time Series. EDBT 2017. P. 330-341.
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Experiments: accuracy

1 h .
RMSE == —Z (ti - ti)z
h =1

0.59 12
0.6 992 10.12
= 0.4 = s
5 0.29 |22}
0.2 5 4
0.0 0
Chlorine
1587.31 ‘l
— '. o
;'g 400 :
é, 33.29 2862 i E \
2 .
1 \ 0 \|
Climate :"‘ !
1000 739.84 ““‘\ ‘('l
m v/ Parallel algorithm is ahead w.r.t. accuracy |
g 2w <77 Of many (but not a”) rivaIS
2
SAGE B OGD-Impute
100

MADRID

® ORBITS (k=2) m ORBITS (k=3)

m SPIRIT = TKCM = Our algorithm
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Outline

* Introduction

* Para

* Para

* Para

e
e
e

pattern discovery
anomaly detection

imputation of missing values

* Online time series analytics with parallel algorithms

— Online anomaly discovery

— Online imputation of missing values
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Mining time series: parallel algs vs. ANNs

Method Tunlng —> Mining
S N 4 , » g P
WE “DON"T,
Parallel _NEED NO
algorithms EDUCATION
: — 15-35 km/h, Cheetah
“Another brick in the wall” by Pink Floyd running/swimming 100 km/h
Method Labelng>Learn|ng > Tunmg E> Mmmg
Artificial | |
Neural
Yusuke Suzuki Spirostomum
Networks (racewalker) 15-35 km/h, 15-35 km/h, ambiguum
15.6 km/h running/swimming running/swimming 724 km/h
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Mining time series: parallel algs plus ANNs
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Online time series anomaly detection

Parallel algorithms
for time series mining
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Online time series anomaly detection
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Online imputation of missing values
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Online imputation: Recognizer
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Online imputation: Reconstructor

Subsequences and snippets
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Conclusions

* Parallel algorithms can significantly
accelerate time series mining

* Parallel algorithms together with ANNSs
can provide online time series mining

Thank you for paying attention! Questions?
Mikhail Zymbler,
South Ural State University, Chelyabinsk, Russia
mzym@susu.ru
https://mzym.susu.ru
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