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Data series

A Sequence of points ordered along some dimension
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Telecommunications

A analysis of call activity patterns
[ Telecom ltalia
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Home Networks

A temporal usage behavior analysisof home networks
[ Portugal Telecom
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Data Centers

Acloud utilization/operation/health monitoring
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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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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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Entomology
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“Mountains of Creation” in W5 StarForming Region
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTA
GATAACACAGGGAGCAAGAGGTTGACAGGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAG!
AGAAGTGCTAAGTCTCCTTTCTAAGGCACATGATGGATTCAAGGGAAAGCCACATTTGACTAAAC
CCAAGGGATTGTTGCTTCTAATCCGATTTCTTGGCAGAAGATATTACAAACTAAGAGTCAGATTA/
TATGTGGGTGCCAAAATAAATAAACAAATAATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAA
CTCCTCCACAGCTTGCTACCGAGGCAGAACCGGTTGAAACTGAAATGCATCCGCCGCCAGAGG,
TGTAAAAGAGAGGTTGTTACGAAACTGGCAACTGCCAACCAAAGTCCACCAATGGACAAGCAAA
AAGAGCACTCATCTCATGCTCCCAAGGATCAACCTTCCCAGAGTTTTCACTTAAGTGGCCACCAA
CCAGTTGTCAATCCAGGGCTTTGGACTGAAATCTAGGGCTTCATCCGCTACCTCAGAGTGTCTT(
ATTTCTTCCAGCCAGTGACAAATACAACAAACATCTGAGATGTTTTAGCTATAAATCCTTTACAAT
GTTATTTATGTCTTAACTTTTGTTATACCTGGAAAAGTAGGGGAAACAATAAGAACATACTGTCTT
GGCCAAGCATCCAAGGTTAAATGAGTTATGGAAATTCATTTGGGAGCCAAGACATTGCACGTGG
TATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCATCAGTTGTTCTTGGCCAAAAGAGCAGA/
CAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTGCAGGGACAAGTCTGCAAGATGAGCA
GAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCAGGCACTTACAAGAGCCCAGGTTGTT
CATGTTTGTTTTTGCAACTTGTCTATTTAAAGAGATTTGGGCAATGGCCAGGATATTAGAACAGT/
CTCTGTGAACCCTATTTATGGTAGCACCCCTTAGACTAAGATAACACAGGGAGCAAGAGGTTGA(
GGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAGAGAAGTGCTAAGTCTCCTTTCTAAGG
CATGATGGATCAAGGGAAAGTCACATTTGACTAAAGCCCAAGGGATTGTTGCTTCTAATCCGATT
TTGGCAGAAGATATTGCAAACTAAGAGTCAGATTAATATGTGGGTGCCAAAATAAATAAACAAAT
ATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAACTCCTCCACACTTGCTACCGAGGCAGAAC!
GTTG AAATGCACCCGCTGCCAGATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCA
@@fé ? / / AAAGAACAGAATCAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCT
/,’ AGATGAGCATTGAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGG

CAGGTTGTTGCCATGTTTGTTTTTGCAACTTGTCTTTTAAACAGATTTGA
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTA
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTA
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The first paper* to publish a genetic linkage
map of the two primates tells us:

macaque? is homologous to human14 and

Homo Sapiens
human15

chromosomes
*Rogers, J. et al. 2006 '
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The first paper* to publish a genetic linkage
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Medicine
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Motivating Examples:
Production Control System
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Motivating Examples:
Production Control System
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Motivating Examples:
Monitoring Vehicle Operation
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Motivating Examples:
Monitoring Vehicle Operation
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Motivating Examples:
Sensor Networks

A the sensorsera
A ubiquitous, small, inexpensive sensors
A applications that bridge physical world to information technology
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Motivating Examples:
Sensor Networks

A the sensorsera
A ubiquitous, small, inexpensive sensors
A applications that bridge physical world to information technology
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Motivating Examples:
Sensor Networks

A the sensorsera
A ubiquitous, small, inexpensive sensors
A applications that bridge physical world to information technology
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Motivating Examples:
Sensor Networks

A the sensorsera
A ubiquitous, small, inexpensive sensors
A applications that bridge physical world to information technology
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Motivating Examples:
Sensor Networks

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

sensors unveil previously unobservable phenomena
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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
[ individual values can be normal, but their sequence
can be abnormal!



Data Series Anomalies Problem

[

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

values
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 g
on sequences (data series), not on individual o0 A/ 1! “ ’ k
values W :
[ individual values can be normal, but their sequence 4504
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Data Series (Signal) Processing
Data Series Management

Alots of literature on data series processing
[ periodicity detection
[ data series modeling and forecasting
1T ARMA, ARIMA

[ outlier detection
9 focuses on next value

Awe will focus on
[ sequences as first class citizens
[ very large sequence collections
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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
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Introduction

Alots of work on data series representations
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Introduction

Alots of work on data series representations
[ technigues for representing/storing data series
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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- ISCC 2020



e

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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



sl

Data series
Distance

\ 4

sequence dimension
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Data series
Distance

\ 4

sequence dimension
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Data series
Distance

]

*————0

sequence dimension
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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
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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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Analysis Tasks

Outlier

Clustering Detection

Frequent
Pattern
\iTgllgle

Classification
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Analysis Tasks

Aanalyze evolution of values across xdimension
Aidentify trends
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



Analysis Tasks
Subsequences

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

select values
iIn some
range

select values
in time
interval

combinations
of those

select some
data series
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Analysis Tasks

Outlier

Clustering Detection

Frequent
Classification Pattern
\iTgllgle

Similarity
Search
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Analysis Tasks

Outlier

Clustering Detection

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

-~ g B

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Analysis Tasks

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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Motivation

A effective representation techniques to the rescue!

[ can significantly reduce the processing time
1 typically much smaller than original/raw data series
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Motivation

A effective representation techniques to the rescue!

[ can significantly reduce the processing time
1 typically much smaller than original/raw data series

A will learn how to compute and use these representations
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Motivation

A effective representation techniques to the rescue!

[ can significantly reduce the processing time
1 typically much smaller than original/raw data series

A will learn how to compute and use these representations

A these representations can further be used for indexing

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



.

Motivation

A effective representation techniques to the rescue!

[ can significantly reduce the processing time
1 typically much smaller than original/raw data series

A will learn how to compute and use these representations
A these representations can further be used for indexing

A all guarantee correct, exact resultd

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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
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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
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Pre-Processing
Z-Normalization

sequence dimension

Atwo data series with similar trends

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



s o

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
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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
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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
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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
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Pre-Processing
Z-Normalization

Awhen to z-normalize
[ Interested In trends

Awhen not to z-normalize
[ Interested In absolute values
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Outline

Aterminology and definitions
Amotivation

Apre-processing tasks

Adata series representation techniques
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SAX

DWT PAA APCA PLA

DFT
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Discrete Fourier
Transform (DFT)

X

e e e e e it s

)
140

Basic Idea: Represent the time
series as a linear combination of
sines and cosines

Transform the data from the time

domain to the frequency domain J&an Fourier
1768-1830

Highlight the periodicities but keep

only the first n/2 coefficients

Why /2 coefficients?
V Becausethey are symmetric

Excellent free Fourier Primer

Hagit Shatkay, The Fourier Transform - a Primer", Technical Report CS
95-37, Department of Computer Science, Brown University, 1995.

http:// www.ncbi.nim.nih.gov/ CBBresearcglcF;i%'gdzocs/Shatlﬁ,%%/anas_ S 2090

oumpatianos




Discrete Fourier H

Transf ormérecap

. Pros and Cons of DFT as a time series
f/'\/\ . representation
\f/\/\ ~ Pros

A Good ability to compress most natural signals
° A Fast, off the shelf DFT algorithms exist

\_/’_\
- >

1 O(rlog(n))
/\/\/\
VAVAVAVA

*  Cons

A Difficult to deal with sequences of different

lengths

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



B Diccrote Wavelor L
Transform (DWT) | _ _
Basic Idea: Represent the time series as a

’ linear combination of Wavelet basis functions,

x  but keep only the first N coefficients
~ " bwr
= . . . . . . Obtained from a single prototype wavelet 7 (7)
called mother waveletby dilations and shifting.

Haar 0

Haar 1

Q _ Haar2
— L . Where a is the scaling parameter and b is the
| shifting parameter
,_ Haar 4
||
] Excellent free Wavelets Primer

Wavelets for computer graphics A primer: |EEE
Haar 7 Computer Graphics and Applications

fHaare Stollnitz, E., DeRose T, & Salesin D. (1995).
—
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P Discrete Wavelor 1 1|

Transform (DWT)

“  Pros and Cons of DWT as a time series
x  representation

DWT

Pros:
AGood ability to compress stationary signals
ACan be computed in linear time

1 1 1 1 1 1 J
0 20 40 60 80 100 120 140

Haar 0

N —_w: Cons:
— — «s ASignals must have a length 7 = 2 some_integer
] _ AWorks best if NV is = 2 some_integer; Otherwise
—’_J wavelets approximate the left side of signal at
= " the expense of the right side

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



Piecewise Aggregate

Approximation (PAA) Basic ldea . Represent the time series as a
sequence of box basis functions, each box

y being of the same length
/ﬁ X Computation:

_ A X: time series of length n
|_| S0 7 7 7 " A cCan be represented in the N-dimensional
X1 space as:
[ ] —
X2 i
[ ] o N 8 y
a X4 X' n a |
1 e j=R(-D+1
[ 1 —
X6
[ X7 Keogh, Chakrabart, Pazzani& Mehrotra, KAIS
— | (2000)
I R
Byoung-Kee Yi,-Christos Faloutsos\/L.DB-(2000)
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Piecewise Aggregate

Approximation (PAA)
Pros and Cons of PAA as a time series

representation.

/ﬁ " Pros:

A Extremelyfast to calculate
0w e w0 im0 120 10 A As efficient as other approaches (empirically)

N[

[ Y1 A Support queries of arbitrary lengths

[ 2 A Can support any Minkowski metric

[ X3 A Supports non Euclidean measures
[ v2 ASupports weighted Euclidean distance

[ s ASimple!ntuitive!
—
L, Cons:

1 5% Alf visualized directly, looks aesthetically

unpleasing

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Piecewise Linear
Approximation (PLA)

N

0

2
-

/

40

60

80

100

120

140

Basic Idea : Represent the |
time series (size n) as a |2 "
sequence of straight lines [MifH
(size N) 1

Karl riedrich Gauss

Lines could be connected 1777 - 1855

=> N/ 2 lines allowed

Lines could be disconnected E/\/

) ach line segment has
=> N/ 3 lines allowed A length

A left_height
(right_height can
be inferred by looking
at the next segment)

N

Empirical evidence on dozens
of datasets suggests that
disconnected Is better

Also only disconnected
allows a lower bounding Eaf;hn'g!.?ﬁ SEMENT: T2l
Euclidean approximation A left_height

A right_height
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Piecewise Linear

Approximation (PLA)

'

—

N

0

20

-

/

40

60

80

100

120

140

Pros and Cons of PLA as a time series
representation

Pros.
AGood ability to compress natural signals

AFast linear time algorithms for PLA exist

AAble to support some interesting non-Euclidean
similarity measures

AAlready widely accepted in some communities

(i.e., biomedical)

Cons:
AN o t
(but does allow fast sequential scan)

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Adaptive Piecewise

Constant Basic Idea : Represent the time series as a

Approximation (APCA) sequence of box basis functions, each box being
of the different length

X

A High quality of APCA noted by many

X
l researchers

_ A Canbe indexed*!

L 1 J
0 20 40 60 80 100 120 140

Unfortunately, it is non-trivial to understand and
implement and thus has only been re-implemented
< cw,cr> onceor twice

|

< CW, Cl,>

i
!

<cw,cry>

*K. Chakrabarti, E. J. Keogh, S. Mehrotra, M. J. Pazzani:
<cV,,cr,> | Locally adaptive dimensionality reduction for indexing

[ large time series databases. ACM Trans. Database Syst.

27(2): 188-228 (2002)
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Adaptive Piecewise
Constant

Approximation (APCA) Pros and Cons of APCAas a time

series representation

§ Pros
I—\_ X Fastto calculate O(n)

A
| A More efficient than other approaches
¢ % w  w w0 A Supports queries of arbitrary lengths
A Supports non Euclidean measures
A Support fast exact queries, and even
1 <0, Ch> faster approximate queries on the same
data structure
] I_< CVy, Cly>

|_|_<(:|/3,(:r3> (llons

A Somewhat complex implementation

A If visualized directly, looks ascetically
unpleasing

<cy,cr>
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Symbolic ApproXimation (SAX)

Asimilar in principle to PAA
[ uses segments to represent data series
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Symbolic ApproXimation (SAX)

Asimilar in principle to PAA
[ uses segments to represent data series

Arepresents segments with symbols (rather than
real numbers)
[ small memory footprint

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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SAX Representation

2 | A dataaseriesT

A Symbolic AggregateapproXimation
(SAX)
[ (1) Represent data seriesT of length n
with w segments using Piecewise
Aggregate Approximation (PAA)

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



SAX Representation

A Symbolic AggregateapproXimation

(SAX)

[ (1) Represent data seriesT of length n
with w segments using Piecewise
Aggregate Approximation (PAA)

T typically normalizedto 7 =0, (=1

1 PAA(T,W) =T =t,,2 ,{,

where t =% J T

| n
j=0(i-1)+1

diN® 108 H

2 | Adata serieg

2 | PAA(T,4)
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SAX Representation

A Symbolic AggregateapproXimation
(SAX)

[ (1) Represent data seriesT of length n
with w segments using Piecewise
Aggregate Approximation (PAA)

T typically normalizedto 7 =0, (=1

T PAA(T,wW) =T =t,,2 ,t,

n
W|

where =% QT
j=n(i-1)+1

[ (2) Discretize into a vector of symbols

1 Breakpoints map to small alphabet a
of symbols

dinN® 109 H

2 | Adata serieg

2 | PAA(T,4)
> | iSAX(T.4,4)
/\\, 00
01
0 /’_(/0/'\/ 10
s -/&\/\/ 11

\ \ i I

4 8 12 16
Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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|ISAXRepresentation

AiSAX offers a bit-aware, quantized, multi-resolution
representation with variable granularity

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

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

= {1,1,0,0 } {1 , 1 , 0 , 0 }

L

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Comparison of Representations

Awhich representation is the most effective?

. used same amount of memory for all approaches

' measured using root mean squared error

' averaged over 40 datasets and 100 experiment
repetitions

[ normalized by best score

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Comparison of Representations

Awhich representation is the most effective?
. used same amount of memory for all approaches
' measured using root mean squared error

' averaged over 40 datasets and 100 experiment
renetitions

DFT | DCT | PAA | DWT DWT APCA PLA PQA
(Haar) | (Daub12)

0.951 0.923 0.948 0.948 0.902 0.893 0940 0.927
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Comparison of Representations

A which representation is the most effective?
[ used same amount of memory for all approaches
[ measured using root mean squared error
[ averaged over 40 datasets and 100 experiment repetitions
[ normalized by best score

DFT | DCT | PAA | DWT DWT APCA PLA PQA
(Haar ) | (Daub12)

0.951 0.923 0.948 0.948 0.902 0.893 0940 0.927

A DFT, PAA, DWT (Haar) slightly better
A no big differences overall (on average!)
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Comparison of Representations
ST A APCA

0 100 200 =00 400 500 800 00 800 800 1000

PLA

)
)

0 100 200 300 400 500 800 700 800 #1610 1000

POA

)
3

0 100 200 =00 400 500 800 /00 800 an0 1000
I I I I I I I I I I
! zvﬁrf" T - {DWT (Haar)
| | | | | | | | | |
0 100 200 =00 400 500 800 00 800 800 1000
I I I I I I I I I I
] 1 ] ] 1 ] 1 1 ] 1
0 100 200 =00 400 500 600 700 800 400 1000

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



.

Comparison to SAX
ASAX leads to considerable memory savings at
the expense of increased information loss

Ahow many symbols to use?
[ less symbols ->less memory
[ more symbols -> more accuracy

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Comparison to SAX

A SAX leads to considerable memory savings at the expense of
Increased information loss

A how many symbols to use?

T DET _PAA/DWT
S 2 981 CHEB
Z 206 SAX
5 = 04r
o 7L
22 02)
D L A : L L "
] 0 50 100 150 200 250

Cardinality of SAX words roach
[ with 256 symbols (8-bits per segment): as good as best approach
A SAX still uses a fraction of the memory of the other approaches

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Amnesic Representation

Aall previous representations all data series points
equally

Afor some applications, approximation fidelity is
time variant

[ e.g., more recent points should be represented
more accurately
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Amnesic Representation

Aall previous representations all data series points
equally

Afor some applications, approximation fidelity is time
variant

[ e.g., more recent points should be represented more
accurately

Aamnesic representation does exactly that
[ amnesic function defines representation accuracy over
time
{l should be non-decreasing

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Amnesic Representation

Time—Series
"\
\
-
—~ ,
/ i \ \ /)
/ I ' \
- \ ] I ‘ n?/
- ! |
\_f \ /
—
-l-’
| | | ]

Amnesic Function

0 10 20 30 40 50 60 70 80 90 100
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

time series

- time

amnesic function

s time
<«— 0old new —

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

time series

- time

amnesic function

s time
<«— 0old new —
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

time series

- time

amnesic function
1

1 1 s time
<«— 0old new —
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

time series

- time

A

3 1
/7 I

s time
<«— 0old new —

amnesic function
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

time series

- time

A

3 1
/7 I

s time
<«— 0old new —

amnesic function
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e e 200

How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

A

time series

A

3 1
/7 S —— ;

<«— 0old new

amnesic function
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How do we forget?

A amnesic functions
[ specify allowed approximation error for each line segment
[ application dependent

A

time series

A

3 1
/7 S —— ;

<«— 0old new

amnesic function

E have to satisfy thenonotonicityproperty
A the allowed error should only be increasing with time

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Streaming Data

A data values continuously come in
A at each time instance, have to decide which segments to merge

time series

amnesic function

I time
<«— 0old new —
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Streaming Data

A data values continuously come in
A at each time instance, have to decide which segments to merge

time series

amnesic function

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Streaming Data

A data values continuously come in
A at each time instance, have to decide which segments to merge

N

time series \//\./\i\/\

time

A

amnesic function

’ i time
<«— 0old new —
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Streaming Data

A data values continuously come in
A at each time instance, have to decide which segments to merge

e

time series \//\/\i\/\

time

A

amnesic function

: L time
E challengeto overcome
A Mmerge segments gonstantime
A error for segmentshange®ver time
. relative ordering of segments (based on error) changes

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



s

Amnesic Representation

Aamnesic functions can be

[ relative

1 determines relative approximation error tolerated for
every point in data series (e.g., specify that when we
approximate a point twice as old, we accept twice as
much error)

[ absolute

1 specifies maximum allowable error for the
approximation, for every point in data series

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Amnesic Representation

A problems using landmark window (from beginning of
time will now):

[ Landmark Window with Relative Amnesic Function (URA)

1 given memory budget M and a relative amnesic function,
construct amnesic approximation using memory at most M
that minimizes approximation error of data points inside the
window

[ Landmark Window with Absolute Amnesic Function (UAA)

1 given an absolute amnesic function, construct amnesic
approximation that minimizes required memory

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Amnesic Representation

A problems using sliding window (last k values/time
points):

[ Sliding Window with Relative Amnesic Function (SRA)

1 given sliding window W, memory budget M, and a relative
amnesic function, construct amnesic approximation using at
most memory M that minimizes approximation error of data
series within window W

[ Sliding Window with Absolute Amnesic Function (SAA)

1 given sliding window W and an absolute amnesic function,
construct amnesic approximation for data series within
window W that minimizes required memory

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Similarity Search
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Euclidean Distance
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Euclidean Distance

Saaaanis
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Euclidean Distance
ERERRERY

AEuclidean distance
[ pair-wise point distance

ED(X,Y) = (x; — yi)?
5
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Correlation

Ameasures the degree of relationship between
data series
[ Indicates the degree and direction of relationship

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Correlation

Ameasures the degree of relationship between
data series
[ Indicates the degree and direction of relationship

Adirection of change
[ positive correlation
{ values of two data series change in same direction
[ negative correlation

{ values of two data series change in opposite
directions

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Correlation

Ameasures the degree of relationship between data
series

[ indicates the degree and direction of relationship
Adirection 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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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- ISCC 2020
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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 — —_—
- Z(xz—x)(yz—y)
n—1 i\ Sx Sy
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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- ISCC 2020
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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.

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Distance Measures:
LCSS against Euclidean, DTW

\

Il
A Euclidean |
[ rigid
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Distance Measures:
LCSS against Euclidean, DTW

i
A Euclidean |
[ rigid
A Dynamic Time Warping (DTW)
[ allows local scaling
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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
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



s O3

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- ISCC 2020
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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



ERRRRRRRRRRRRRRRRRR

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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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- ISCC 2020
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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- ISCC 2020
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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- ISCC 2020
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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- ISCC 2020
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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- ISCC 2020



L iy

Problem Variations

Series
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Problem Variations

Series 3

Univariate

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

8
8
: 2
Series 8 9
Univariate Multivariate

each point represents one  €ach point represents many

d.. temperatur values (e.g.,tempe_rature,
value (e.g., temperature) humidity, pressure, wind, etc.)
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Problem Variations

Series 3

Univariate

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

Queries

/\

Whole matching

Entire quety
Entire Gl ithette
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Problem Variations

Queries

/\p= /NP

Whole matching Subsequence matching
Entirequery Entirequery
Entirecandidate A subsequence of @andidate
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Problem Variations

Queries

/<

Whole matching
Entirequery
Entirecandidate
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Problem Variations

Distances
Euclidean Distance (ED)
Dynamic Time Warping (DTW)
Longest Common Subsequence (LCSS)
Edit Distance
And mor eé

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Publications

etocs
Methods
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Publications

MethOdS Similarity Search

Methods

No guarantees

\ 4

(ng—Approximate)
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Publications

MethOdS Similarity Search

Methods
1 Qarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)

0 ¥ whuOwid w
No guarantees

* Resultis \(vithin distance
(1+ E) of the
with probabil
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Publications

MethOdS Similarity Search

Methods
1 Qarantees

0 ¥ whuOwid w
No guarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)

~

nw@whoOwQul UEUEOQUI I

\ 4

( Probabilistic )

* Resultis \(vithin distance
(1+ E) of the
with probabil
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Publications

Methods

0 ¥ whuOwid w

1 Qarantees

Similarity Search

Methods
No guarantees

\ 4

CG—E’}Approximate*)

nw@whowuwy WE WBEOWDWT UEUEODUI |

A

y

C Probe;I'oiIistic ) (C}Approximate)

\ 4

(ng—Approximate)

* Resultis \(vithin distance
(1+ E) of the
with probabil
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Publications

MethOdS Similarity Search

Methods
1 Qarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)
K w@whowQuy WE WBROWDWT UEUEDUI I

0 ¥ whuOwid w
No guarantees

\ 4

. ; — N wd whOowQuwi wywl VEUEOUI I
C Probabilistic ) (UApprommate/

A 4

(B )

* Resultis \(vithin distance
(1+ E) of the
with probabil
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Publications

M eth Od S C Techniques for data Series
Similarity Search Techniques for High vectors
Methods
1 YQarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)
K w@whowQuy WE WBROWDWT UEUEDUI I

0 ¥ whuOwid w
No guarantees

" T wi whoOwQwi wy wl UEUESOT |
CProbabiIistic) (UApproximate) A Q ¥

A 4

(B )

ADS+ RTree
DSTree SFA
ISAX2+  Stepwise
Mtree UCR-Suite
MASS VA+file

* Resultis \(vithin distance
(1+ E) of the
with probabil
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Publications

M eth Od S T — Techniques for data Series

Techniques for High vectors
Methods

1 Qarantees

\ 4 \ 4

CG—E’}Approximate*) (ng—Approximate)
nw@whowuwy WE WBEOWDWT UEUEODUI | I
o [apst
¥ wi whOwQuwa wy wi UE U EONERns  iISAX2+p]
! DSTree [o] NSG

C . ) Flann SFA
Xac HD-index  VA+filep]

' HNSW
ADS+ RTree
DSTree SFA
ISAX2+  Stepwise
Mtree UCR-Suite
MASS VA+file

0 ¥ whuOwid w
No guarantees

C Probabilistic ) (L"}Approximate)

* Result is within distance
(1+ E) of the
with probabil

® Our extensions
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Publications

Methods

0 ¥ whuOwid w

1 Qarantees

Similarity Search

Techniques for data Series
Techniques for High vectors

Methods

No guarantees

A

CG—E’}Approximate*)

y

A

(ng—Approximate)

y

nw@whowuwy WE WBEOWDWT UEUEODUI | I
A 4 A 4 £ : £ - .S AD...S-': S~ s M
o : : N pwawhOwQuwa wy wl UE U EKNERN iSAX2+j]
C Probabilistic ) (UApprommate/ 1 DSTree ) NSG
| C Exact ) Flann SFA
ADS+[s] xac HD-index  VA+filep]
DSTreeps] ' HNSW
ISAX2+ [9] ADS+ RTree
Mtree DSTree SFA N ) o
—_—== . : Result is within distance
VA-+Hile[e] ISAX2+ StepW|se_ (1+ E) of the
Mtree UCR-Suite wi t h fobabil
MASS  VA+file . P
- Our extensions
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Publications

M eth Od S T — Techniques for data Series

Techniques for High vectors
Methods

0 ¥ whuOwid w

1 Qarantees No guarantees
Cﬁ-ﬂApproximate*) (ng—Approximate)
nw@whowlwy WE WBOWDWT UEUEODUI | I
\ 4 A 4 z . z ~ ~ ~ AD.VS-FA ~ N M
o : : N pwawhOwQuwa wy wl UE U EKNERN iSAX2+j]
C Probabilistic ) (UApprommate/ 1 DSTree ) NSG
| | C Exact ) Flann SFA
ADS+e] ADS+[] xac HD-index  VA<filep]
DSTreeps] DSTreeps] ' HNSW
ISAX2+ [o] ISAX2+ [o] ADS+ RTree
Mtree Mtree DSTree  SFA o
QALSH VA+ile[d] iISAX2+  Stepwise " ?ef“f ' ‘é‘";h'” %'Sftancte e
SRS Mtree UCR-Suite With probabi l
VA+file[o] '
— MASS VAttle ® Qur extensions
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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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
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Similarity Matching
Fast Euclidean Distance

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

(OXO[ARN (O )

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



s 0

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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Similarity Matching
Fast Euclidean Distance

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

O ‘@) (® w)h & ¢
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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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



Process Overview

A Raw dataoriginal fulldimensional space
A Summarizationreduced dimensionality space
A Searching in original spacestly

A Searching in reduced spafzester.
I Less data, indexing techniques available, lower bounding

Echihabi, Zoumpatianos, PalpanaSCC
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Process Overview

A Raw dataoriginal fulldimensional space
A Summarizationreduced dimensionality space
A Searching in original spacestly

A Searching in reduced spafzester.
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

Echihabi, Zoumpatianos, PalpanaSCC

2020 190



Similarity Retrieval

A Range Query
i Find all time series S whe@(Q,S) ¢ e

A Nearest Neighbor query
I Find all the k most similar time series to Q

A A method to answer the above queries
ifTAYSIEN a0y X OSNE

A A better approach GEMINI

4

a f

2 |



GEMINI

Solution 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 Boundin

Simplified DB Answer Original DB Final

Superset Answer
set
Verify \/\_
against
original
No false DB
negatives!!
-. Remove false
; positives!!
simplified
‘ query
JL query
Echihabi, Zoumpatianos, PalpanaSCC 193

2020



GEMINI: contractiveness

A GEMINWworkswhen:

Dfeature(F(X)iF(y)) <= D(X1y)

A Note that, the closerthe feature distanceto the
actualone,the better



Lower Bounding

We can speed up similarity search by using a lower bounding func

AD: distance measure

ALB: lower bounding functiosit.:

Intuition

V Try to use a cheap lower
bounding calculation as
often as possible

V Do the expensive, full
calculations when
absolutely necessary

LB(Q.» .96 0

1-NN Search Using LB

u{Sd o6Sau T
U Foreach S

A if LB(S Q) < best
if D(S Q) < best

best = D(5Q)

K

Range Query Using LB

For each S
AifLB(&E w0
if D(S Q) <
report S

X




Lower Bounding

we want to find the INN to our query data series, Q

>
Q distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

we compute the distance to the first data series in
our dataset, D(5Q)
this becomes the best so faB Sy

| >
true § distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

we compute the distance LB(Q) and it is
greater than theBSF
we can safely prune it, since D) LB($Q)

BSF

| | >
true § LB $ distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

we compute the distance LB(Q) and it is smaller than tH&SF
we have to compute D{®)) LB($Q), since it may still be
smaller thanBSF

BSF

>
| ! | |
Q LB $ true § >{§ distance

Echihabi, Zoumpatianos, PalpanaSCC
2020
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Lower Bounding

it turns out that D(§Q) BSFso we can safely prung S

BSF

>
! ! !
true§ true § >{§ distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

BSF

| | | >
true §  tru&S >€§ distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

we compute the distance LB(Q) and it is smaller than tH8SF
we have to compute D(®)) LB($Q), since it may still be
smaller thanBSF

BSF

>
| ! ! | |
Q LBS true§ truéS >{§ distance

Echihabi, Zoumpatianos, PalpanaSCC
2020

202



Lower Bounding

it turns out that D(§Q) BSFso Sbecomes the nevBSF

BSF

>
| | | |
Q true § true§ trugdS >{§ distance

Echihabi, Zoumpatianos, PalpanaSCC
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Lower Bounding

S, cannot be the INN,
because Js closer to Q

BSF

>

| | | |
true § trgké try&S, ><§ distance

Echihabi, Zoumpatianos, PalpanaSCC
2020
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Query Answering

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



Query answering process
_7////////////////////////////////////////////////////@

Data Loading Procedure Query Answering Procedure

Cd Cll

Raw data

Echihabi, Zoumpatianos, Palpan@aSCC 2020 206



Query answering process
_7///////////////////////////////////////////////////@

Data Loadlng Procedure | Query Answering Procedure

Data Series
Raw data Data Database/
Indexing

data-to- query time

Echihabi, Zoumpatianos, PalparaSCC 2020 207



Query answering process
_WWWW

Data Loadlng Procedure

Data Series
Raw data Data Database/
Indexing

CH

Query Answering Procedure

Queries

—_—

ANswers >

_____________________________________________________________________________________________________________________________________

data-to- query time

Echihabi, Zoumpatianos, PalparaSCC 2020
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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!

Echihabi, Zoumpatianos, PalparaSCC 2020 209



Similarity Search via
Serial Scan
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Similarity Search via
Serial Scan
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Similarity Search via
Serial Scan
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Similarity Search via
Indexing
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Similarity Search via
Indexing
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Similarity Search via
Indexing

/\

R DR
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Similarity Search via
Indexing

¢, o -.@D
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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!

Echihabi, Zoumpatianos, Palpan@aSCC 2020 217



Data Series Indexing
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DSTree
Summarization

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

3.0 + 3.0 +
(8] O 0 O

20 + — 20 L —_—
o O O 0O

10 + — 1.0 + —

o - o -

. O ) _ 0 _

10 1 O_ A floating-point value 101 O_ A pair of flogting-point values
representing the mean of this representing the mean and
segment . smndarﬂdeﬁadan_ofmis

" segment
P) a
APCA(V) = [-1,1,2.15] EAPCA(V) = {[-1,0.4],[1,-0.2],[2.15,0.25]}
(a) APCA (b) EAPCA

Intertwined with indexing
The APCA and EAPCA representations

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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DSTree

Indexing

V=][-15,-05,0.5,1.5,2.5,15,2, 2.6]

/

I

SG[L ] = (4,8)
Z[L] = (z,z)

I 1
SG[I] = (4,6,8)
Z[L]=(z,z,z)}

1"72"734

SG[1 ] = (8)
Z[l]=(z)

Each node contains
¢ # vectors

C segmentation SG
C synopsisZ

Each Leaf node also :
C stores its raw
vectors in a separate
disk file

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Symbolic Fourier Approximation (SFA)
Summarization

a time series T Fourier transform

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

| r 3

6 1 £

5 : E F

4 F
c 3¢+ D E -
S 118 5
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 - Y i 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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SFA
Indexing

root
CACD DAAD MBR
internal i il 4
node : \ 7/
.‘ :
(c:) C D D) /
CACD CCAD CEBA DaAD DCDA
CADA CCCA CEBC DACC DCEF
VAN A S
(DC)
(CA) (CC) (CE) (DA)
DCDA DCEA
CACD ccap | CEBA DAAD DCDC DCEF
CACE CCBA CEBB DACA 5 .
CADA P CCCA CEBC DACC
e 3 (DCD) (DCE)
. Vd :
| \\ DCDA DCEA
SFA words . DCDB DCEB
Neaf — . —— »{ DCDC DCEF

The SFA Trie*

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

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Publications

ISAXIndex Family

timeline - 2008 - 2010 2014 2015 - 2017 - 2018 2019 o 2020
i o
¥ Eg;ﬁing iSAX 2.0 | isAx2+ | o_isAxa+ | C#, C
+ Adaptive —>[ ADSFull } o ADS+ | C
+ Distributed =[ DPiSAX ] i]gva K

park)

+ Multi-Core,
Multi-Socket, SIMD

[ Parls | Paris+ }{ MEssI | c

A 4

SING C

+ Graphics Processing
Units (GPUs)

[——————

+ Sortable Summarizations Coconut-Trie /
. : ’ - Coconut-LSM
Streaming Data Series { Coconut-Tree [ ] c
+ Variable-Length Queries l  _—————————— i{ ULISSE ] C

Timeline depicted on top; implementation languages marked on the right. Solid arrows denote inheritance of index design; dash ed arrows
denote inheritance of some of the design features; two new versions of iISAX2+/ADS+ marked with asterisk support approximate simi larity

search with deterministic and probabilistic quality guarantees. Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Background
ISAXIndex

224
Echihabi, Zoumpatianos, PalpandSCC 2020



diNG 225 H

Approximate

Search Exact Search

Matches ISAX
representation
ach level

Uses a lower
bounding function

225
Echihabi, Zoumpatianos, PalpardSCC 2020
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ISAX2.0
Bulk Loading Algorithm

A design principles:

[ take advantage of availablemain memory
[ maximize sequential disk accesses

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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ISAX2.0
Bulk Loading Algorithm

A intuition for proposed solution:

[ for each leaf node, collect as many data series that belong to it as
possible before materializing the leaf node
1 the raw values of data series in leaf nodes are written to disk

Echihabi, Zoumpatianos, Palpanas- ISCC 2020



I EEEEEEES——————ww Y e

Publications

ISAX2.0
Bulk Loading Algorithm

A iterate between two phases (till all data series are indexed):

[ Phase 1
1 read data series and group them according tofirst -level nodes
1 useall available main memory

[ Phase 2

91 grow index by processing the subtree rooted at each one of the first
level nodesone at-a-time

1 flush leaf node contents to disk using sequential accesses

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Experimental Evaluation
Bulk Loading
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N ° Data Series Indexed

A 1 Billion data series indexed in16 days 72% less time
A indexing time per data series: 0.001 sec
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ISAX2+

A design principle:

[ do not move around (read/write) raw data of data series and its
approximation unlessnecessary
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Publications

ISAX2+

A intuition for proposed solution:

[ iISAX grows fast at the beginning of bulk loading, its shape
stabilizing well before the end of the process
[ several data series end up in leaf nodes that never need to split
[ implement lazy splitting:
1 move raw data to leaf node the first time
9 if leaf node splits, do not move raw data until the end of index
building process

Echihabi, Zoumpatianos, Palpanas- ISCC 2020
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Experimental Evaluation
Bulk Loading
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Experimental Evaluation
Bulk Loading
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Experimental Evaluation
Bulk Loading
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A iSAX 2.0 Clustered needs30% less timethan iSAX 2.0
A iISAX2+ needs40% less timethan iSAX 2.0
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Experimental Evaluation
Bulk Loading
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A 1 Billion data series indexed in10 days 82% less timethan iSAX
A indexing time per data series: 0.8 milliseconds
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Adaptive Data Series Index:
ADS+

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

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

A still guarantee correct answers
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Publications

Adaptive Data Series Index: (LDans
ADS+

A intuition for proposed solution

~+
I+
ol

[ build the ISAX index using the ISAX representations
[ just like ISAX2+
[ but start with a large leaf size
[ minimize initial cost

[ postpone 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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Store onliISAXin memory (64 times smaller) ~1%
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Discard raw data and keep pointer to raw file
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Continue loading data until we run out of memory
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Expand each suttee and move data to LBL
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We flush the data to the disk to free up memory

FBL /
il

ROOT

/

LBL
(D (=) () (),
[ I I
o S e
NN - ¥ I [
T T I [
W - - | |
~ -j A 4 [
‘.---- %
Raw data -
/4

273
Echihabi, Zoumpatianos, PalpardSCC
S5NON



diNG

Continue the same way until the whole file is indexed
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We spill to the diskwhen we runout of memory
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Experimental Evaluation

Indexing (Input)
¥ Indexing (Output)
M Indexing (CPU)

= —zQuerying (Total)
. 7 T
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o
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Indexing and querying cost (Hours)

iISAX 2.0 ADS+
Dataset Size

A iSAX 2.0 needs more than 35 hours to answer 100K approximate queries
A ADS+ answers 100K approximate queries in less than 5 hours
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Publications

Extensi onse

A Coconut: current solution for limited memory devices

and streaming time series

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

Extensi onse

A Coconut: 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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