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Insights from time series: Anomalies

2-year power demandBeijingGuowang FudéSci & Tech Dev. Cb.)
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Insights from time series: Motifs
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Insights from time series: Patterns

One-month urban trafficin Munich (gathered bythe HuaweiResearch Centef)
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Not an insight, but a headache to get rid of: miss
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Time series analytics: onbnafline
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Whas wrong witffline time series analytics?
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Offline time series analyigide a DBMS
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Looking for a horse, ride a donkey.
Chinese proverb
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Matrix profftléof a time series
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1YehC.M et al. Timeseries joins, motifs, discords astapelets Aunifying viewthat exploits the matrix prole. Data Min. Knowl. Discov. 3&3)123(2018).D0I:10.1007/s1061817-05199
2ZimmermanZ.et al. Matrix Profile XIV: Scalitigne series motif discovery with GPWsbreak a quintillion pairwise comparisons a day and bey&uwC@019.D0I:10.1145/3357223.3362721
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Matrix profile of a time series
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Insights from the Matrix priofdeords

Urban traffic speed in Guangzhéu
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Insights from the MadrofileMotifs

2-year power demandBeijingGuowang Fud&ci. & Tech. Dev. Cb.)
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Matrix proftariented warehouse

--------------------------------------------------------------------------------------------------------------------------------------

TIME SERIES DATA

-------------------------------------------------------------------------------------------------------------------------------------------------------------
o .

TIME SERIES ANALYTICS API

Time Series ts_name discoverDiscords discoverée
Directory (a time series) . | ((name TEXT, subseqglen INT) | {(nameTEXT, subseqlen INT):
ID |BIGSERIAL|| num | BIGSERIAL || i - ¥ R 2 |
name | TEXT stamp | TIMESTAMP |: i1 ”'_WdD'St BFIQE&LT | I
: | 4 4 I
len | BIGINT val REAL pa—— € e I
. i | discord |REAL[subsegLen |
..................................................................................................................................... —_— - I—————————————————————IE
discoverMotifs e :

...................................................................................................................................... _ (name TEXT, subseqgLen INT)
MATRIX PROFILE DATA I_ _________ ﬂl'_ _________ 1 matrixProfile
Matrix Profile mp_name_subseqLen i1 nnDist REAL |\ (name TEXT, subsegLen INT) J:
Directory (a matrix profile) ] idxLeft BIGINT . v 1
ID BIGSERIAL num BIGSERIAL |i || motifLeft | REAL[subsegLepy | hum BIGSERIAL !
|_tsID* | BIGINT nnDist REAL | | idxRight BIGINT | | nnDist REAL 1
|| subseqLet INT nnldx BIGINT  |: Ei_motifRight REAL[subseqLe]I: | nnldx BIGINT ¥

- *
-------------------------------------------------------------------------------------------------------------------------------------
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Timeseriegepresentation

------------------------------------------------------------------------------------------------------------------------------------------
o

TIME SERIES DATA

ts_MinutelyPulse

stamp

val

10.10.222 00:01

135

I\)I—“

10.10.22 00:02

105

Time Series ts_name
Directory (a time series)
ID BIGSERIAL num BIGSERIAL :
name TEXT stamp | TIMESTAMP |:
len BIGINT vall REAL |
Time Series Directory ts_DailyExchangeRate
ID | name len num | stamp val
1 | DailyExchangeRate| 5000 1| 10.02.2008 23.35
2 | MinutelyPulse 9000 2| 11.02.2008 24.05
e é e
5000( 19.10.2022| 63.63
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Matrix profile representation

mp_DailyExchangeRate 7 mp_DailyExchangeRate 30
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ID | name len '|D [tsID ;;subseqLer num |nnDist {nnldx
1 | DailyExchangeRats 50006/ 1 7/1\ _/_,,a?’\/\;e;(;kly 1| 23.04| 145
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Time series analytics API

10

0.5

SELEQmatrixProfile(sensorDatal?);

-1.04

ts_sensorData

o
o

L mp_sensorData_12
i BN e AN
SELEiscoverDiscordésensorDatal2,3); [NNDISIDADISCORD
2.75(@|764[-0.05, 0.02, 0.06, 0.04, 0.04, 0.040(1.850.060.05, 0.010.47]
2.53@218[0.55, 0.64, 0.74,0.87, 1.03, 0.98)0850.35, 0.61, 0.81, (
243 @576[ 0.05;0.16, 0.010.08;0.09;0.02, 0.050.03, 0.010.01;0.06;0.08
SELECfﬁscoverMotifs(sensorDatalz, 1); NNDIS|IDX_EFMOTIEEFT IDXRIGHIMOTIRIGHT
0.0® (185 [0.97,0.98,0.79,0.59,008301, (330 [0.99,0.97,0.82,0.60,00322,
-0.34-0.540.85:0.97-1.01;0.96 -0.32-0.56/0.84-:0.97-0.990.98

Efficient time series analytics through DBMSs, ANNSs, and parallel algorithmas 2 0 2 2

18/60

Wa Krdeyanh Gaglachev, A. Yurtin 19 October 2022



Outline

A Introduction
A Offline time series analytics

A Onlinetime series analytics

I Employing ANNSs together with parallel algorithms
I Parallel time series labeling

I Onlineanomaly detection and imputation of missing values
| Paralleftime series anomaly discovery

A Conclusions

Efficient time series analytics through DBMSs, ANNSs, and parallel algorithmas 20 2 2 Wa Kraeyanh Gaglachev, A. Yurtin 190ctobep022 19/60



Wh at

A\

OS

onlin®timg senes andiytics?

£

Nodatalabeling and model

learning overheads

L Fast, but not enough

to fit online analytics

kL Accurate, but not lIkANN

Method Tunlng —> Mining
FEL. BFR. HiEHLD. e | F
Para”el _— Learnlng the wrong VIeW(S:(I)?]fTJ?;E

algorithms

Turtle
15-35 km/h,
running/swimming

Cheetah
100km/h

s
J

J

Fast to fit online analytics

High accuracy

L Data labelingand model

learning overheads

Method

N \

Labellngj>Learn|ng:> Tunlng :> I\/Immg

Efficient time series analytics through DBMSs, ANNs, and parallel algorithras 2 0 2 2 Wa KrZeyayk Gaglachev, A. Yurtin

Artificial
Neu ral N
K Syy 3 u u Spirostomum
N etWOI‘kS (racewalker) 15-35 km/h, 15-35 km/h, ambiguum
15.2km/h running/swimming running/swimming 724 km/h
190ctobep022 20/60


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

Online time series analytiga@flehlgorithmglus ANNS

Parallel
algorithms

Friendship has no price.
Chinese proverb
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Time series labeling through snippets

v v v v oy oy v v ~y v

1000 2000 3000 4000 5000

1. Let us represent a time series as a set
of nonoverlapped segments of a given length

LImani Set al.Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Rismol. 2020v/0l. 34, no6. P. 1713 743. DOI10.1007/s1061820-00702y
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Time series labeling through snippets
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1. Let us represent a time series as a set

of nonoverlapped segments of a given length
2. For each segment, let us find

Its nearest neighbors
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Time series labeling through snippets
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2. For each segment, let us find

Its nearest neighbors
3. For each segment, let us compute

its coverage and take top segments
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Time series similarity thrdigtist

ATwoO -length time seriesare more similar w.r.tMPdist,
the more/Hength ¢ J/b & subsequenceslose to each other
w.r.t. thenormalized Euclidean distangare in them

AMPdist is a distance measure (not a metric), i.e. it holds the identity and
symmetry axioms but not the triangle inequality
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1 Gharghabi St al. An ultrafast time series distance measure to allow data mining in more complexvagéd deploymentsDataMin. Knowl. Discox202Q Vol.34. P.1104¢1135 DOI:
10.1007s10618020-006958
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MPdist: Matrix profile AB
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MPdist: Matrix profile BA
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MPdist: Matrix profile ABBA
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MPdist: Eventual calculation
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Parallel labeling: MPdist profile
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Parallel snippet discovemt + «»
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1Zimmerman Zet al. Matrix Profile XIV: Scaling time series motif discovery with GPUs to break a quintillion pairwise comparisons a day edn8dfegzii1 9. P. 7¢86. DOI:
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Parallel labeling: MPdist profile
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Parallel labeling: I =
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Parallel labeling: Results
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Parallel labeling: Experiments on performan
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TiltABP 40000 630 Human blood pressure during rapid tilts
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lIimani Set al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl. Discov. 2020.d/6l. B417i131743. DOI10.1007/s1061820-00702y
2Reiss A StrickerD. Introducing a new benchmarked dataset for activity monitoring. ISWC 2012.¢R0B0®0I110.1109/ISWC.2012.13

Efficient time series analytics through DBMSs, ANNs, and parallel algorithrago2av. Zymbleva Kraeva, A. Goglachev, A. Yurtin

19 October 2022

37/60


https://doi.org/10.1007/s10618-020-00702-y
https://doi.org/10.1109/ISWC.2012.13

Parallel labeling: Experiments on accuracy
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Online time series imputation
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SANNIShippet &ANNbasedmputation
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Online iImputation: Experiments on ac(z-s»5 ©

Lower is better
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1Roggem. et al. The University of Susséiuawei Locomotion (SHL) dataset. URtg://www.shl-dataset.org/
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3Chen Xet al. A Bayesian tensor decomposition approach for spatiotemporal traffic data imput@@d@ Transportation Research Part C: Emerging Technologiesl@®16J.TRQ018.11.003
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Online time series anomealgction
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How to formalize anomalies? Discords
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Discord discovery
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Discord discovery: Selection
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Discord discoveBglection
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Discord discoveBglection

while not end of4
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Discord discovelRefinement
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Discord discovery: Refinement
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Parallel discord discovergprocessing

For highest possible performang o , N Y q
let us useguadratic ED /6 Y5 i ¢qap

OQQa '8t p

~ A

v}

Efficient time series analytics through DBMSs, ANNSs, and parallel algorithmas 20 2 2 Wa Kraeyanh Gaglachev, A. Yurtin 190ctobep022 54/60



Parallel discord discovery: Segmentation
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Parallel discord discovery: Sel@ubok$
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Parallel discord discovery: Selection (threads
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Parallel discords discovery: Experiments on pert
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! Ferrell B.gt al. NASA shuttle valve dagD05 URLhttp://www.cs.fit.edu/~pkc/nasa/data/
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Parallel discords discovery: Experimantimacy
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Conclusions: We are ready for further collabora

Applying time series analytits Smart DBMS
I Anomaly detection to monitor database activities

I Hardware lifecycle prediction
I Workload predictiorhased on resourcasagepatterns

A Embedding time series analytics into DBMS

I In-DBMS matrix profile support
| Table data imputationon the flyand/or in background

A Online timeseriesanalytics of mobile users
I Activity recognition
I Anomaly detection
I Data imputation

Efficient time series analytics through DBMSs, ANNs, and parallel algorithrago2av. Zymblera Kraeva, A. Goglachev, A. Yurtin
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