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Questions This Tutorial Answers

A how important are data series nowadays?

A what does data seriesanalysis involve?
A how can wespeed upsuch an analysis?

A what are the different kinds of similarity search ?

A what are the state-of-the-art data seriesindexes for similarity search?
A how can these indexesparallelize/distribute their operations?

A can these indexes be used fogeneral high-d vector similarity search?

A what data series managementsystemsexist?
A what is special about them?

A what are the open research problemsin this area?
A what are the connections todeep learning?
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Introduction, Motivation
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Data series

A Sequence of points ordered along some dimension

value

sequence dimension
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Scientific Monitoring

Ameteorology, oceanography, astronomy,
finance, sociology, ¢&

Wal-Mart Stores

http://bml.ucdavis.edu/boon/wind.html

Wind Sf’eed . Historical stock quotes
# From ocean observing node project http://money.cnn.com/2012/04/23/markets/walmart_stock/index.htm
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Home Networks

A temporal usage behavior analysisof home networks
[ Portugal Telecom
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Neuroscience

A functional Resonance Magnetic Imaging (fMRI) data
[ primary experimental tool of neuroscientists
[ reveal how different parts of brain respond to stimuli
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Entomology
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Schinnerer et al.
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Medicine
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loT: Production Control Systems
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loT: Monitoring Vehicle Operation
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loT: Monitoring the Environment

the sensorsera
A ubiquitous, small, inexpensive sensors
A applications that bridge physical world to information technology

sensors unveil previously unobservable phenomena

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Data as a Set
Data as a Sequence

Astreaming data

[ window of Interest
M landmark window
1 sliding window (shifting window)

Amay treat streaming data as a set, or as a sequence
[ depends on whether sequence is important
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Data Series Anomalies Problem

A develop anomaly detection techniques based
on sequences (data series), not on individual

values
9 individual values can be normal, but their
sequence can be abnormal!
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Data Series Anomalies Problem

A develop anomaly detection techniques based
on sequences (data series), not on individual
values

Sequence S

sequencesare abnormal

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



150 points in a sequence S

Data Series Anomalies Problem

Minimal critical value Maximal critical value

A develop anomaly detection techniques based
on sequences (data series), not on individual

values
9 individual values can be normal, but their
sequence can be abnormal!

7 "\ \§

sequencesare abnormal

values are not outside critical thresholds
individual values are normal
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Data Series (Signal) Processing
Data Series Management

A lots of literature on data series processing
[ periodicity detection
[ data series modeling and forecasting
1 ARMA, ARIMA
[ point outlier detection
{ focuses on next value

A instead, we will focus on
[ sequences as first class citizens
[ very large collections of data series
[ fast and scalable similarity search

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Objectives

Aget introduced to the data series data type
[ characteristics, properties, peculiarities

Alearn about

| data series representations

| data series similarity matching

| data series indexing

' systems for data series management
' challenges and open problems
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Data Series Representations

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



s

Introduction

Alots of work on data series representations
[ technigues for representing/storing data series

Amain goal
[ summarize data series
[ render subsequent processing more efficient
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Outline

Aterminology and definitions
Amotivation

Apre-processing tasks

Adata series representation techniques
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Data series

A Sequence of points ordered along some dimension

A

value

Y

sequence dimension

Aterminology: we will use interchangeably
[ data series, time series, data sequence, sequence
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Data series

A Sequence of points ordered along some dimension

A

value

Y

sequence dimension

Anumber of data series values, n
[ length, or dimensionality
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Data series

A Sequence of points ordered along some dimension

A

value

Y

sequence dimension

A subsequence
[ subset of contiguous values

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



RRRRRRERRRRERRRRRRR=:

Data series

A Sequence of points ordered along some dimension

A

value

Y

sequence dimension

A subsequence
[ subset of contiguous values
[ eg, subsequence of length (dimensionality) 4
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Data series
Distance

— N

sequence dimension

value

\ 4
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Data series
Distance

[ ]

*————0

sequence dimension

A Euclidean distance
[ pair-wise point distance

[ O 'ffﬁ)d)’)‘Q\/B i QQ vaoQ

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



sl

Data series
Reconstruction Error

]

*————0

sequence dimension

A Euclidean distance
[ pair-wise point distance

[ O 'ffﬁ)d)’)‘Q\/B i QQ vaoQ
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Outline

Aterminology and definitions
Amotivation

Apre-processing tasks

Adata series representation techniques
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Simple Query Answering

select values select values

In time In some
Interval range

select some combinations

data series of those
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Analysis Tasks

Outlier

Clustering Detection

Frequent
Pattern
\iTgllgle

Classification
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Analysis Tasks

Aanalyze evolution of values across xdimension
Aidentify trends

Atreat data series as a first class citizen
[ analyze each data series as a single object
[ process all ndimensions at once
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Analysis Tasks
Subsequences

Aoften times the data series are very long
[n>>1
[ streaming data series

Awe then chop the long sequence in subsequences
[ e.qg., using sliding window, or shifting window
[ pick carefully length of subsequence
{ should contain patterns of interest

Aand process each subsequence separately
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Complex Analytics

Outlier

Clustering Detection

Frequent
Classification Pattern
\iTgllgle

Similarity
Search
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Complex Analytics

Outlier
Detection

Clustering

HARD, because of very high dimensionality:
each data series has 100s -1000s of points!

even HARDER, because of very large size:
millions to billions of data series (multi -TBs)!

.
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Outline

Aterminology and definitions
Amotivation

Apre-processing tasks

Adata series representation techniques
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Pre-Processing
z-Normalization

Adata series encode trends
Ausually interested in identifying similar trends

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pre-Processing
Zz-Normalization

Adata series encode trends
Ausually interested in identifying similar trends

Abut absolute values may mask this similarity

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pre-Processing
Z-Normalization
Il
I ®
F

|

Atwo data series with similar trends
Abut | arge distanceé
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Pre-Processing
Z-Normalization

Azero mean
[ compute the mean of the sequence
[ subtract the mean from every value of the sequence

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pre-Processing
Z-Normalization

Azero mean
[ compute the mean of the sequence
[ subtract the mean from every value of the sequence

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pre-Processing
Z-Normalization

] ® ] ] P I ] 1 O
o [ ]

Azero mean .
[ compute the mean of the sequence
[ subtract the mean from every value of the sequence
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Pre-Processing
Z-Normalization

: I I
TR
Azero mean !

[ compute the mean of the sequence
[ subtract the mean from every value of the sequence

*—o
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Pre-Processing
Z-Normalization

] ® ] ] P I ] I O
o [ )

Azero mean o

Astandard deviation one
[ compute the standard deviation of the sequence
[ divide every value of the sequence by thestddev

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pre-Processing
Z-Normalization

Azero mean o

Astandard deviation one
[ compute the standard deviation of the sequence
[ divide every value of the sequence by thestddev
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Pre-Processing
Z-Normalization

@®
] ' ] ] P I ] I
® $
[ )

Azero mean

Astandard deviation one
[ compute the standard deviation of the sequence
[ divide every value of the sequence by thestddev
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Pre-Processing
z-Normalization

L
-0
-0

? | g '
Azero mean
Astandard deviation one
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Pre-Processing
Z-Normalization

Awhen to z-normalize
[ Interested In trends

Awhen not to z-normalize
[ Interested In absolute values

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Outline

Aterminology and definitions
Amotivation

Apre-processing tasks

Adata series representation techniques
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Palpanast al.
ICDR n n

Comparison of Representations|&EEEs
P P

A which representation is the best?

A depends on data characteristics
[ peri odic, smooth, spiky, &

A overall (averaged over many diverse datasets, using same
memory budget), when measuring reconstruction error (RMSE)
[ no big differences among methods
[ DFT, PAA, DWT (Haar), iISAX slightly better

A should also take into account other factors
[ visualization, indexable, ...
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Questions?
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Data Series Similarity
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Data Series Similarity
Problem Variations

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



Problem Variations

8
6
. 2
Series 8 9
Univariate Multivariate

each point represents one  €ach point represents many

value (e.g., temperature values (e.g., temperature,
(€9 P ) humidity, pressure, wind, etc.)
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Problem Variations -
Series 8
Univariate

each point represents one
value (e.g., temperature)
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Problem Variations

Paparrizos
Distance Measures
A similarity search is based on measuring distance between
sequences
A dozens of distance measures have been proposed
[ lock-step
1 Minkowski Manhattan, Eucl i dean, Ma
[ sliding
9 Normalized Cross-Cor r el at i on, SBD, ¢
[ elastic

TDT W, LCSS, MS M, EDR, ERP, Swal e
[ kernel-based

TKDT W, GAK, S| NK, &
[ embedding

TGRAI L, RWS, SPI RAL, &

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Problem Variations

. Paparrizos
Distance Measures

A similarity search is based on measuring distance between
sequences
A dozens of distance measures have been proposed
[ lock-step
1 Minkowski , Manhattan, Euclidean, Ma X1 mum, DI SSI
[ sliding
1 Normalized Cross-Correlation, SBD, ¢é
[ elastic
M DTW,LCSS MSM, EDR, ERP, Swale, &
[ kernel-based
TKDTW, GAK, SI NK, &
[ embedding
TGRAI L, RWS, SPI RAL, ¢é
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Euclidean Distance
ERERRERY

AEuclidean distance
[ pair-wise point distance

ED(X,Y) = (x; — yi)?
5
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Correlation

A measures the degree of relationship between data series
[ indicates the degree and direction of relationship
A direction of change
[ positive correlation
1 values of two data series change in same direction
[ negative correlation
1 values of two data series change in opposite directions
Alinear correlation

[ amount of change in one data series bears constant ratio of
change in the other data series

A useful in several applications

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Pear sonos Corr el a

A used to see linear dependency between values of data series of

equal length, n
n —_ —_
pr— & Z(xz—x)(yz—y)
n—1 i\ Sx Sy
- where % is the mean: ¥ = — X
n-1

- and s, is the standard deviation: s, = J ﬁz"?:l(xi — X)*?
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Pear sonos Corr el a

A used to see linear dependency between values of data series of

equal length, n
n _— —_—
pr— & Z(xz—x)(yz—y)
n—1 i\ Sx Sy

A takes values in [1,1]
[ OT no correlation
[ -1, 1i inverse/direct correlation

A there is a statistical test connected to PC, where null hypothesis
IS the no correlation case (correlation coefficient = 0)

[ testis used to ensure that the correlation similarity is not caused by
a random process

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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PC and ED

A Euclidean distance: ED = | > (z: — 3:)?,

1=1
A In case of Znormalized data series (mean = 0, stddev = 1):

PC=_-L3" z;-y: and 00 ci& p) c D6
so the following formula is true: ED? =2(n — 1)(n — PC)

A direct connection between ED and PC for Znormalized data
series

[ if ED is calculated for normalized data series, it can be directly
used to calculatethepv al ue f or statistical
correlation instead of actual PC value.
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Distance Measures:
LCSS against Euclidean, DTW

\
A Euclidean (AN
[ rigid
A Dynamic Time Warping (DTW)
[ allows local scaling 'l,

A Longest Common SubSequence(LCSS) — ¥/ '}
[ allows local scaling
[ ignores outliers




Problem Variations

Queries
AD< S\
Whole matching Subsequence matching
Entirequery Entirequery

Entirecandidate A subsequence of @andidate

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Problem Variations

Queries

/\

Whole matching
Entirequery
Entirecandidate
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Problem Variations

Queries

Nearest Neighbor (1NN)
k-Nearest Neighbor (KNN)
Farthest Neighbor
epsilon-Range

and mor eé
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Similarity Matching

A given a data series collection D and a query data series g,
return the data series from D that are the most similar to g
[ there exist different flavors of this basic operation

A basis for most data series analysis tasks
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Similarity Matching
Nearest Neighbor (NN) Search

A given a data series collection D and a query data series g,
return the data series from D that has the smallest distance to g

A result set contains one data series

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Similarity Matching
Nearest Neighbor (NN) Search

A serial scan
[ compute the distance between g and every ¥ D
[ return d, with the smallest distance to q



.

Similarity Matching
Nearest Neighbor (NN) Search

A serial scan
[ bsf=Inf /] best so far distance

[ foreveryd N D
1 compute distance, dist, between d and g
9 if this dist less than bsf then bsf=dist

[ return d; corresponding to bsf
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Similarity Matching
k-Nearest Neighbors (kNN) Search

A given a data series collection D and a query data series g,
return the k data series from D that have the k smallest
distances to g

A result set contains k data series

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Similarity Matching
k-Nearest Neighbors (kNN) Search

A serial scan
[ compute the distance between g and every ¥ D
[ return the k d, with the k smallest distances to q
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Similarity Matching
k-Nearest Neighbors (kNN) Search

A serial scan
[ kbsf = Null // best so far max -heap of k elements

[ foreveryd N D
1 compute distance, dist, between d and g
q if this dist less than max ofkbsf then insert dist in kbsf

[ return k d; corresponding to k elements in kbsf

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Similarity Matching
--Range Search

A given a data series collection D and a query data series g,
return all data series from D that are within distance - from g

A result set contains [?] data series

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



Similarity Matching
--Range Search

A serial scan
[ compute the distance between g and every ¥ D
[ return all d; with distance less than - to q

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



a1,

Similarity Matching
--Range Search

A serial scan
[ res ={} [/ empty result set

[ foreveryd N D
1 compute distance, dist, between d and g
q if this dist less than- then insert dist in res

[ return all d; corresponding to elements in res

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Problem Variations

Queries
Nearest Neighbor (1NN)



Near est Neil ghb o m=mm

Prob(dg<=d, (1+0)=1 & __cex— Prob(d,=min{d}) = 1

. L
.........
.- " e
. .

result within ( 1 +

result is exact NN
with probability 1

Prob(d,, <>=7?) =7

result within ? of exact NN

resultwithin( 1+ U) of exact
withpr obabi | it
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Data Series Similarity
Query Answering
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Query answering process
_7///////////////////////////////////////////////////@

Data Loadlng Procedure | Query Answering Procedure

CH

A
Queries
Data Series \, —
Raw data Data Database/
Indexing >
Answers

_____________________________________________________________________________________________________________________________________

data-to- querytlme query answerlnglme

these times are big!
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Query answering process
_7///////////////////////////////////////////////////@

Data Loadlng Procedure | Query Answering Procedure

CH

A
Queries
Data Series \, —
Raw data Data Database/
Indexing >
Answers

_____________________________________________________________________________________________________________________________________

data-to- querytlme query answerlnglme

we need solutions

for both problems!
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Similarity Matching
Fast Euclidean Distance

A similarity matching requires many distance computations

[ can significantly slow down processing
1 because of large number of data series in the collection
9 because of high dimensionality of each data series

A in case of Euclidean Distance, we can speedup processing by
[ smart implementation of distance function
[ early abandoning

A result in considerable performance improvement
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Similarity Matching
Fast Euclidean Distance

A smart implementation of distance function

O Q&) (0 w)
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Publications

Similarity Matching
Fast Euclidean Distance

A smart implementation of distance function
[ do not compute the square root (of the Euclidean Distance)

(OXO[ARN (O )

A does not alter the results
A saves precious CPU cycles
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Publications

Similarity Matching
Fast Euclidean Distance

A early abandoning
[ stop the distance computation as soon as it exceeds the value dbsf

O ‘@) (® w)h & ¢

A does not alter the results
A avoids useless computations
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GEMINI Framework meS&

Faloutsos
{LDah5

A Raw dataoriginal fulldimensional space
A Summarizationreduced dimensionality space
A Searching in original spacestly
A Searching in reduced spafzsster.
I Less data, indexing technigues available, lower bounding

A Lower boundingnables us to

I prune search spacthrow away data series based on
reduced dimensionality representation

I guarantee correctnessf answer
Ano false negatives
Afalse positives filtered out based on raw data
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GEMINI Framework

GEMINKSolution Quickfilter-and-refine:
A extractm features(numbers.e.g., average)
A mapto pointin m-dimensionafeature space
A organizepoints

A retrievethe answerusinga NNquery

A discardfalsepositives



Generic Search using Lower Bounding

Simplified DB Answer Original DB
Superset Final
Answer
Verify
against
original
No false DB

negatives!!
Remove false
positives!!

:
i
L]

simplified
query
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GEMINI: contractiveneS gizzn

A GEMINWworkswhen:

Dfeature(F(X)iF(y)) <= D(X,y)

A Note that, the closerthe feature distanceto the
actualone,the better
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Similarity Search
Classes of Methods
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N -\ Y |
Similarity Matching
Serial Scan

Q
o
Memory
Disk
- o ® SX‘.O. e ®

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



S -\ S
Similarity Matching
Serial Scan

bsf=+
Q
o
Memory
Disk
C
- o ® 'x..‘. e ®

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



S -\ 8 |
Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

?

Memory
Disk
C
- o ® = ° .' : ® o

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Similarity Matching
Serial Scan

O

Memory
Disk
C
- o ® = ° .' : ® o

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Similarity Matching
Serial Scan

Memory
Disk
C
- o ® = ° .. : ® o

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Indexes vs. Scans

O
O

Memory
Disk
.'..SX ...‘.. .'..(’:x‘...‘..
Q is compared to each raw candidate in the
dataset before returning the answer C,
(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans

O
O

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- EDBT 2021



N .

Indexes vs. Scans
bsf =+
b =+

cur

O
O

T e ® %o %o *>
lower-bounding (Ib) property:
dip( Q6,0 x=(Q, C)

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans

bsf =+
Ibcur =d,( Q464 )C

Q

O

The summary gf Q (Q dis compared to
the sumirary of each candidate

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans

bsf =+
b, =dp( Q60 ybsf
Q

O

The summary gf Q (Q dis compared to
the sumirary of each candidate

Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans

bsf =+
b, =dp( Q60 ybsf
Q

O

The summary gf Q (Q dis compared to
the sumirary of each candidate

Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned
(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans
bsf =d(Q,C,)
Ibcur =dp( Q6,0 ybsf

Q

O

The summary gf Q (Q dis compared to
the sumirary of each candidate

Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned
(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans
bsf =d(Q,C,)
Ibcur =d,( Q60 )C

Q
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The summary 0f/Q (Q dis compared to
the summafy of each candidate
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Memory
Disk
C ° C °
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Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Indexes vs. Scans
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Answering a similarity search query using different access paths
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The summary 0f/Q (Q dis compared to
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Indexes vs. Scans
bsf =d(Q,C,)
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LB Property °
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The summary 0f/Q (Q dis compared to
the summafy of each candidate
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Memory
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Q is compared to each raw candidate in the Q is compared to a raw candidate only if
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Indexes vs. Scans
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Memory
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Indexes vs. Scans
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Answering a similarity search query using different access paths
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Indexes vs. Scans

O

Q

? '

The summary of Q (Q dis compared to
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Memory @ |
Disk
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Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned

(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Answering a similarity search query using different access paths
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Indexes vs. Scans o
bsf =d(Q,C,
=20@D 5 e

cur

Q Q Q
The summary of Q (Q dis compared to
the summary of each candidate
Memory ................................................................................
Disk
C Cy, s
Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned
(a) Serial scan (b) Skip-sequential scan (c) Tree-based index

Answering a similarity search query using different access paths
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Indexes vs. Scans o
bsf =d(Q,C,
=20@D 5 e

cur

O
O

The summary of Q (Q dis compared to
the summary of each candidate

Q.O M .OD

Memory
Disk
C ° C ° C
Tttt W T Tt Ukt W TS 0 V€D T
Q is compared to each raw candidate in the Q is compared to a raw candidate only if
dataset before returning the answer C, its summary cannot be pruned

(a) Serial scan (b) Skip-sequential scan (c) Tree-based index

Answering a similarity search query using different access paths
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Echihabi
t +[ 5.

Techniques for data Series
Techniques for High vectors

Echihabi
t [ 5.

Methods

0 ¥ whuOwid w

Similarity Search

Methods
1 Qarantees

No guarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)
nw@whowlwy WE WBOWDWT UEUEODUI | I
, . , ) ADS+ IMI
¥ wi whOwQuwa wy wi UE U EONERns  iISAX2+p]
DSTree [o] NSG

C Probabilistic ) (L"}Approximate)
|

A

y

| C Exact ) Flann SFA
ADS+[e] ADS+[e] HD-index  VA-+filep]
DSTreels] DSTreefs] I HNSW
ISAX2+ [o] ISAX2+ [o] ADS+ RTree
Mtree Mtree DSTree  SFA . T
QALSH VA+file[e] iISAX2+  Stepwise r(esluli S vl\gt;\ " d(l)stfancet h e
SRS. Mtree UCR-Suite with probabil
VA+file[e] MASS  VA+file o extensions
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DSTree
Summarization

Wang
t £[ 5.

V=1[-15,-0.5,0.5, 1.5, 2.5, 1.5,2, 2.6]

3.0 +

o 0
20 L —
(8] o
1.0 + —
0 -
S
O .
10 1 0 A floating-point value
representing the mean of this
segment .

4
APCA(V) = [-1,1,2.15]

(a) APCA

3.0 +
O D
20 + —
O 0O
1.0 —
[
O .

10 O_ A pair of floating-point values
representing the mean and
standard deviation of this
segment '

EAPCA(V) = {[-1,0.4],[1,-6:2],[2.15,0.25]}

(b) EAPCA
Intertwined with indexing

The APCA and EAPCA representations
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DSTree

Indexing

V=1[-15,-05,0.5, 1.5, 2.5,1.5,2, 2.6]
/ \ Each node contains
o= | C # vectors
21 ] = (z,) C segmentation SG
| | |
SG[1.] = (4.8)

@ C synopsisZ
Z[L] = (z,z)

[ I |
SG[I] = (4,6,8)
Z[L]=(z,z,z)}

1"72"734

Each Leaf node also :
C stores its raw

\ / vectors in a separate
disk file
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Symbolic Fourier Approximation (SFA)
Summarization

Schafer
a time series T Fourier transform 95. ¢ VY

value

DFT 1.89 -473 -4.89 0.56

-------------------- > . . real valued
reali imag: realz imag:

approximation

| | 2 Fourier
0 64 128 192 256 coefficients

time

MCB " quantization

lue 4
6 F
5 : E . F
4
c 3¢+ D E -
o 5 1.89 o )
e Iy c €0.56 lookup D A A C
N 0 (o . o di
B - B s > iscrete
g .48 B SFA word
> I A 4 characters
o 1A A A
] -4.73:-4.89
v L 1 1 1 1

reali imag: real; imag:

The SFA representation*
*https://www2.informatik.hu-berlin.de/~schaefpa/talks/scalable_classification.pptx
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S FA Publications
Indexing

Schafer
95. ¢ VY

root
CACD DAAD MBR
internal i il 4
node : \ K4
.‘ :
(c:) C D D) /
CACD CCAD CEBA DaAD DCDA
CADA CCCA CEB-C DACC DCEF
VAN A S
(DC)
(CA) (CC) (CE) (DA)
DCDA DCEA
CACD CCAD CEBA DAAD DCDC DCEF
CACE CCBA CEBB DACA - -
CADA p CCCA CEBC DACC D / E \
A e 3 (DCD) (DCE)
|/ \\ DCDA DCEA
SFA words . DCDB DCEB
Neaf — . —— »{ DCDC DCEF

The SFA Trie*

*https://www?2.informatik.hu-berlin.de/~schaefpa/talks/scalable_classification.pptx
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ISAXFamily ‘

ISAXSummarization

A based oniSAX representation, which offers a bit-aware,
guantized, multi -resolution representation with variable
granularity

= {6,6,3,0 } = {110 ,110 , 0111 , 000}

= {3,3,1,0 } {11 ,11 ,011 ,00 }

L

= {1,1,0,0 } {1 , 1 , 0 , 0 }
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Publications
Shieh
KDBVYn'y

ISAXIndexing

150
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ISAX2+Indexing
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O
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Publications

Zoumbatianos
{LDahb5
Zoumbatianos
tx[ 5. V¥
A D S + Zoumbatianos

+[ 5. WW

A novel paradigm for building a data series index
[ does not build entire index and then answer queries

[ starts answering queries by building the part of the index needed
by those queries

A still guarantees correct answers
A intuition for proposed solution
[ builds index using only iISAX summaries; uses large leaf size
[ postpones leaf materialization to query time
[ only materialize (at query time) leaves needed by queries
[ parts that are queried more are refined more

[ use smaller leaf sizes (reduced leaf materialization and query
answering costs)
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Query #1 ™™ -

FBL

LBL Q

Raw data

TOO BIG!

<-- I . -

Zoumbatianos

{LDahb5

/ Zoumbatianos
t+[ 5. W

PARTIAL

-

PARTIA

ROOT

anN ‘

Publications

|12 Zoumbatianos
+[ 5. WY

PARTIAL

153
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ROOT Publications
{LDahb5
FBL Zoumbatianos
tx[ 5. V¥
11 Zoumbatianos

Adaptive split +[ 5. Wy

I
WO OO~

DISK

Query #1 ™™ -

4--
<--
<--

PARTIA

PARTIA PARTIAL
PARTIAL

Createa smallerleaf
{ ; o _ 154
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Publications
{LDahb5
F B L Zoumbatianos
tx[ 5. V¥

11 Zoumbatianos
+[ 5. WW

13
LBL
| |
| : I | I DISK
I I 1 I [
I 1 I I [
\ 4 \ 4 \ 4 \ 4 \ 4
FULL PARTIA
PARTIA PARTIAL
PARTIAL

Raw data

4

155
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Coconut

Kondylakis
{ LDahb5

A current solution for limited memory devices and streaming
time series

[ bottom -up, succinct index construction based on sortable
summarizations
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Kondylakis

Coconut —lb

Kondylakis
{LDah5

A CUII Segment 1 >
t|m A really simple and extremely fast ordering S g 2585 = -

<

9 1o 9 :
101 f \ A
100 \ ~e\ ,
011 - \/
010 ¢ c\ , -
001

000

I— H 5 SAX(S1) SAX(S2) SAX(S3) SAX(S4) 000 7 /7 I7 /7

001

010 4n

M
" = AT
w LS UL L

Tlooo - @ =

e ¢ (100, 010) ee(100,100) fc(101,010)  ge (110, 100)

< Segment2
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Kondylakis

Coconut Y

Kondylakis
{LDah5

A current solution for limited memory devices and streaming
time series

[ bottom -up, succinct index construction based on sortable
summarizations

[ outperforms state-of-the-art in terms of index space, index
construction time, and query answering time
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Kondylakis

Coconut —lb

Kondylakis
{LDah5

A current solution for limited memory devices and streaming
time series

[ bottom -up, succinct index construction based on sortable
summarizations

[ outperforms state-of-the-art in terms of index space, index
construction time, and query answering time

[ compatible with traditional single -dimensional balanced indexes
 B+-tree,LSM-t r ee, &

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Publications

Kondylakis

Coconut-LSM -

Kondylakis

{LDah5

M ‘ _ Kondylakis
| When the buffer is full: + [ 5. W

Buffer | \

[}
- | \
0 | ) Incoming data series are summarised | ltis sorted, indexed and flushed to |
< b | S Blaua-al [eun11168) . . / . w no
. | e an e summaries along wi e / evel 'orming an “inaexed run
% g ‘Emm::—' rdtgt ! hdllig Lh}fhr f‘ Level 1 for dexed r \\.
= . aw data are pushed into a buffe / \
% o =t | 7 %‘? / \\
= ‘9% 4 :
£
N h
Indexed Run E [ %-f |
e “uiniuiaik 1
] |
- m : : ! When Level i reaches capacity: |
— ] [ { \
— / . \
g invBAX |[Bsuaml‘| |aeuuas‘| ‘ (e1160118 | | : : / The runs within it are merged \
3 —d——F— —F— B | / and flushed to level i+1 \
Row dsta | _—r /_.,-\_J N : : / \\‘
— 1 [ / h "
T — |

. 5 L,
Indexed Run - )

|
N Li_) I: : i :
] ! : :
2| ~E=ETE (@D [ | i
4 1 [ R ] ! i | :
FL— J J J _ [ J : : 4&9&
. |
Indexed Run "_
i l
(] ]
[ )
@ Q — ‘
8 7 1 7= & 1 > ‘
g = ;J == _J [&5] _J _.J ;J [&5] [ ] :
£ | -
o | -TessssssssssssSSSSSSSEESSS————TTTTTTTTT———————————————— Y —— = - - e
k=]
o
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Kondylakis
Coconut-LSM Ll
Kondylakis
{LDah5
Kondylakis
Coconut +[ 5
Index = .

WQ

sorted -

Level 1 :
IinvSAX

[ Data Series

~ ~

P I N I

P . P .

a ~
o Built s Coconut | o Built Coconut |

LY .
‘,' when full \ Index ‘,' when full N Index
______________

|
|
|
Level O ||| InvSAX | [ invSAX ]: [ invSAX [ invSAX ]I
!
|
|

|DataSeries [ Data Series ] | [DataSeries [ Data Series ]l

_______

' Window size I

| |
. Window 1 % ”

Window 2 |
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Linardt
ULISSE

Linard
t [ 5.

Linard
+t[ 5. W

A ULISSE: current solution for variable -length queries

[ single-index support for
1 queries of variable lengths
1 Z-normalized + non Z-normalized data
1 Euclidean + DTW distance measures

Echihabi, Zoumpatianos, Palpanas- EDBT 2021
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Linardt
ULISSE

Linardt
t [ 5.
Linardt

+[ 5. W

r _---1E'P_Ez<__[uENV —iSax(U)=1-1- 1'0] 31 step: Update iSax(U) in the
iSax(l) =1-0-0-0 updated leaf path nodes, updating

i

I qst .
'D; . 1% step: the highest symbol values
: 2 min i Find leaf node with the representative iSax(L) g ¥ )

Master series 'gz,lzmax_u I/ /

i o sesss - T EREEK]

1 W

1

: ,

[4

max

E lmin
1

Vv Internal node: split

on a segment of

iSax(U): 1-1-0-
representative word -0-

iSax(L): 1-0 )
= v N
iSax(U):1-11-0-0} *°*""
iSax(L): 1-10-0-0

iSax(U)1-11-1-0 @

iSax(L) 1-10-0-0

) T
2n step: .Y
£_step: D Each envelope in a leaf points to
/-:D Insert the UENV the subsequence starting point in
j in the leaf with the a : EP
: . the disk
: same iSax(L),

Aligned Master Series '

iSax(U):1-01-0-0

(a)
isax(L): 1-10-0-0
isax(U) 1-11-1-0 @
(b) isax(L) 1-10-0-0
Containment area \ .

iSax(U):1-11-0-0
iSax(L): 1-00-0-0

o
[ ——————

" e

(c)

computing the new representation

U (Paa word) for the split symbols
—— | (Paa Word)
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Linardt
ULISSE

Linard
t [ 5.

Linard
+t[ 5. W

A ULISSE: current solution for variable -length queries

[ single-index support for
1 queries of variable lengths
1 Z-normalized + non Z-normalized data
1 Euclidean + DTW distance measures

[ orders of magnitude faster than competing approaches
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Publications

Chatzigeorgakidist al.
{{¢c5Qmd

Co-Evolving Subsequences

A discover subsequences, where distance between points is always ¥

Ty

WY

ve-s
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Publications

Chatzigeorgakidist al.

{({¢5QmMP

Co-Evolving Subsequences

A discover subsequences, where distance between points is always ¥

A SL/CP: solutions for pairs/groups of (x -axis) aligned subsequences
of | eun githilhlarge collections of (short) data series
[ prunes search space by discretizing values, and using checkpoints
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Co-Evolving Subsequences

anN

Publications

Chatzigeorgakidist al.
{{¢c5Qmd

A discover subsequences, where distance between points is always ¥

A SL/CP: so
of I e
[ prunes s

-ayi ' guences
AV vm loints
| R
J 5 i’\/é l\/ Vo

-
O 0 O 00l OO
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Publications

Chatzigeorgakidist al.
{{¢c5Qmd

Co-Evolving Subsequences | s

A discover subsequences, where distance between points is always ¥

A SL/CP: solutions for pairs/groups of (x -axis) aligned subsequences
of | eln withihlarg® collections of (short) data series
[ prunes search space by discretizing values, and using checkpoints

A SBTSRTree: solution for (x -axis) aligned subsequences within
large collections of (short) data series, which are geclocated

[ R-Tree like index on segmented data series, with bitvectors that mark
continuity of same series across segments
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Publications

Chatzigeorgakidist al.
{{¢c5Qmd

Co-Evolving Subsequences | EiEEEs

A discover subsequences, where distance between points is always ¥

A SL/CP: sc (x -axis) aligned subsequences
of | e o of (short) data series
[ prunes jgluoc—and ncina chacknainte
A SBTSRTI o
large colle S ;
[ R-Tree

continui
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Publications

Chatzigeorgakidist al.
{{¢c5Qmd

Co-Evolving Subsequences | ik

A discover subsequences, where distance between points is always ¥

A SL/CP: solutions for pairs/groups of (x -axis) aligned subsequences
of | eun githilhlarge collections of (short) data series
[ prunes search space by discretizing values, and using checkpoints

A SBTSRTree: solution for (x -axis) aligned subsequences within
large collections of (short) data series, which are geclocated
[ R-Tree like index on segmented data series, with bitvectors that mark
continuity of same series across segments
A TS-Index: solution for subsequences of a long data seriesT that are
similar to a (short) query sequence of length |

[ k-ary balanced index, built on per-point min/max envelopes of all |-
length subsequences ofT
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Publications

Chatzigeorgakidist al.
{{¢c5Qmd

Co-Evolving Subsequences | i

A discover subsequences, where distance between points is always ¥

Ay d(s,B)
A SL/CP: solutions for pairs/g rquences
of | eln withihlarg® cc
[ prunes search space by dis oints
A SBTSRTree: solution for (x Ithin
large collections of (short) @ d
[ R-Tree like index on segme nat mark
continuity of same series a(
A TS-Index: solution for subsg that are
similar to a (short) query se g B2
[ k-ary balanced index, built ¢ A afes]wfa ) sh all |-
length subsequences ofT Boppd  @oput BoPPd (B e £051 2001
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Questions?
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Data Series lndexing
Parallel & Distributed
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ADS Index creation

gdown of time consumption

M Read data
B \Write data
H CPU

~60% of time spent in CPU: potential for immprovement!
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Publications

ParlS+
Parallel Indexing of Sequences

A solution for SIMD, multi -core, multi-socket architectures
[ completely masks out the CPU costduring index creation

[ answers exact queries in the order of few secs on 100GB dataset
1 up to 3 orders of magnitude faster then single-core solutions
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Publications

ParlS+
Parallel Indexing of Sequences

A solution for SIMD, multi -core, multi-socket architectures

[ comj k-NN Classification ion
[ answ )GB dataset
1 up ons

18x faster
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