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Data series
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Data series
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ÅSequence of points ordered along some dimension
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Data series
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Data series
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ÅSequence of points ordered along some dimension
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Telecommunications
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Åanalysis of call activity patterns

ſTelecom Italia

clustermap of incoming calls time series
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Home Networks
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Åtemporal usage behavior analysis of home networks

ſPortugal Telecom

clustering based on user activity patterns
(previously unknown) frequent behavior pattern

Time
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Data Centers

Åcloud utilization/operation/health monitoring
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Neuroscience

Åfunctional Resonance Magnetic Imaging (fMRI) data

ſprimary experimental tool of neuroscientists

ſreveal how different parts of brain respond to stimuli
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Neuroscience

Åfunctional Resonance Magnetic Imaging (fMRI) data

ſprimary experimental tool of neuroscientists

ſreveal how different parts of brain respond to stimuli

14

Time

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



15

Time

Entomology

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



16

plant membrane
Stylet

voltage source

input resistor

V

to insect

conductive glue

to plant

Time

Entomology

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



17

plant membrane
Stylet

voltage source

input resistor

V

0 50 100 150 200

10

20

to insect

conductive glue

voltage 

reading
to plant

Time

Entomology

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Point

18

Time

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



0 10 20 30 40 50 60 70 80 90

Hand at rest

Hand moving to 

shoulder level

Steady 

pointing

Point

19

Time

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



0 10 20 30 40 50 60 70 80 90

Hand at rest

Hand moving to 

shoulder level

Steady 

pointing

0 10 20 30 40 50 60 70 80 90

Hand at rest

Hand moving 

above holster

Hand moving 

down to grasp gun

Hand moving to 

shoulder level

Steady 

pointing

Point

Gun-Draw

20

Time

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



0 10 20 30 40 50 60 70 80 90

Hand at rest

Hand moving to 

shoulder level

Steady 

pointing

0 10 20 30 40 50 60 70 80 90

Hand at rest

Hand moving 

above holster

Hand moving 

down to grasp gun

Hand moving to 

shoulder level

Steady 

pointing

Point

Gun-Draw

21

Time

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



22

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



23

Schinnerer et al.
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTAA
GATAACACAGGGAGCAAGAGGTTGACAGGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAG
AGAAGTGCTAAGTCTCCTTTCTAAGGCACATGATGGATTCAAGGGAAAGCCACATTTGACTAAAGC
CCAAGGGATTGTTGCTTCTAATCCGATTTCTTGGCAGAAGATATTACAAACTAAGAGTCAGATTAA
TATGTGGGTGCCAAAATAAATAAACAAATAATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAA
CTCCTCCACAGCTTGCTACCGAGGCAGAACCGGTTGAAACTGAAATGCATCCGCCGCCAGAGGATC
TGTAAAAGAGAGGTTGTTACGAAACTGGCAACTGCCAACCAAAGTCCACCAATGGACAAGCAAAA
AAGAGCACTCATCTCATGCTCCCAAGGATCAACCTTCCCAGAGTTTTCACTTAAGTGGCCACCAAG
CCAGTTGTCAATCCAGGGCTTTGGACTGAAATCTAGGGCTTCATCCGCTACCTCAGAGTGTCTTCT
ATTTCTTCCAGCCAGTGACAAATACAACAAACATCTGAGATGTTTTAGCTATAAATCCTTTACAATT
GTTATTTATGTCTTAACTTTTGTTATACCTGGAAAAGTAGGGGAAACAATAAGAACATACTGTCTT
GGCCAAGCATCCAAGGTTAAATGAGTTATGGAAATTCATTTGGGAGCCAAGACATTGCACGTGGT
TATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCATCAGTTGTTCTTGGCCAAAAGAGCAGAAT
CAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTGCAGGGACAAGTCTGCAAGATGAGCATT
GAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCAGGCACTTACAAGAGCCCAGGTTGTTGC
CATGTTTGTTTTTGCAACTTGTCTATTTAAAGAGATTTGGGCAATGGCCAGGATATTAGAACAGTA
CTCTGTGAACCCTATTTATGGTAGCACCCCTTAGACTAAGATAACACAGGGAGCAAGAGGTTGACA
GGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAGAGAAGTGCTAAGTCTCCTTTCTAAGGCA
CATGATGGATCAAGGGAAAGTCACATTTGACTAAAGCCCAAGGGATTGTTGCTTCTAATCCGATTC
TTGGCAGAAGATATTGCAAACTAAGAGTCAGATTAATATGTGGGTGCCAAAATAAATAAACAAATA
ATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAACTCCTCCACACTTGCTACCGAGGCAGAACCG
GTTGAAACTGAAATGCACCCGCTGCCAGATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCAT
CAGTTGTTCTTGGCCAAAAGAACAGAATCAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTG
CAGGAACAAGTCTGCAAGATGAGCATTGAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCA
GGCACTTACAAGAGCCCAGGTTGTTGCCATGTTTGTTTTTGCAACTTGTCTTTTAAACAGATTTGA
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTAA
GATAACACAGGGAGCAAGAGGTTGACAGGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAG
AGAAGTGCTAAGTCTCCTTTCTAAGGCACATGATGGATTCAAGGGAAAGCCACATTTGACTAAAGC
CCAAGGGATTGTTGCTTCTAATCCGATTTCTTGGCAGAAGATATTACAAACTAAGAGTCAGATTAA
TATGTGGGTGCCAAAATAAATAAACAAATAATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAA
CTCCTCCACAGCTTGCTACCGAGGCAGAACCGGTTGAAACTGAAATGCATCCGCCGCCAGAGGATC
TGTAAAAGAGAGGTTGTTACGAAACTGGCAACTGCCAACCAAAGTCCACCAATGGACAAGCAAAA
AAGAGCACTCATCTCATGCTCCCAAGGATCAACCTTCCCAGAGTTTTCACTTAAGTGGCCACCAAG
CCAGTTGTCAATCCAGGGCTTTGGACTGAAATCTAGGGCTTCATCCGCTACCTCAGAGTGTCTTCT
ATTTCTTCCAGCCAGTGACAAATACAACAAACATCTGAGATGTTTTAGCTATAAATCCTTTACAATT
GTTATTTATGTCTTAACTTTTGTTATACCTGGAAAAGTAGGGGAAACAATAAGAACATACTGTCTT
GGCCAAGCATCCAAGGTTAAATGAGTTATGGAAATTCATTTGGGAGCCAAGACATTGCACGTGGT
TATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCATCAGTTGTTCTTGGCCAAAAGAGCAGAAT
CAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTGCAGGGACAAGTCTGCAAGATGAGCATT
GAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCAGGCACTTACAAGAGCCCAGGTTGTTGC
CATGTTTGTTTTTGCAACTTGTCTATTTAAAGAGATTTGGGCAATGGCCAGGATATTAGAACAGTA
CTCTGTGAACCCTATTTATGGTAGCACCCCTTAGACTAAGATAACACAGGGAGCAAGAGGTTGACA
GGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAGAGAAGTGCTAAGTCTCCTTTCTAAGGCA
CATGATGGATCAAGGGAAAGTCACATTTGACTAAAGCCCAAGGGATTGTTGCTTCTAATCCGATTC
TTGGCAGAAGATATTGCAAACTAAGAGTCAGATTAATATGTGGGTGCCAAAATAAATAAACAAATA
ATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAACTCCTCCACACTTGCTACCGAGGCAGAACCG
GTTGAAACTGAAATGCACCCGCTGCCAGATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCAT
CAGTTGTTCTTGGCCAAAAGAACAGAATCAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTG
CAGGAACAAGTCTGCAAGATGAGCATTGAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCA
GGCACTTACAAGAGCCCAGGTTGTTGCCATGTTTGTTTTTGCAACTTGTCTTTTAAACAGATTTGA
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GTCAATGGCCAGGATATTAGAACAGTACTCTGTGAACCCTATTTATGGTGGCACCCCTTAGACTAA
GATAACACAGGGAGCAAGAGGTTGACAGGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAG
AGAAGTGCTAAGTCTCCTTTCTAAGGCACATGATGGATTCAAGGGAAAGCCACATTTGACTAAAGC
CCAAGGGATTGTTGCTTCTAATCCGATTTCTTGGCAGAAGATATTACAAACTAAGAGTCAGATTAA
TATGTGGGTGCCAAAATAAATAAACAAATAATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAA
CTCCTCCACAGCTTGCTACCGAGGCAGAACCGGTTGAAACTGAAATGCATCCGCCGCCAGAGGATC
TGTAAAAGAGAGGTTGTTACGAAACTGGCAACTGCCAACCAAAGTCCACCAATGGACAAGCAAAA
AAGAGCACTCATCTCATGCTCCCAAGGATCAACCTTCCCAGAGTTTTCACTTAAGTGGCCACCAAG
CCAGTTGTCAATCCAGGGCTTTGGACTGAAATCTAGGGCTTCATCCGCTACCTCAGAGTGTCTTCT
ATTTCTTCCAGCCAGTGACAAATACAACAAACATCTGAGATGTTTTAGCTATAAATCCTTTACAATT
GTTATTTATGTCTTAACTTTTGTTATACCTGGAAAAGTAGGGGAAACAATAAGAACATACTGTCTT
GGCCAAGCATCCAAGGTTAAATGAGTTATGGAAATTCATTTGGGAGCCAAGACATTGCACGTGGT
TATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCATCAGTTGTTCTTGGCCAAAAGAGCAGAAT
CAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTGCAGGGACAAGTCTGCAAGATGAGCATT
GAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCAGGCACTTACAAGAGCCCAGGTTGTTGC
CATGTTTGTTTTTGCAACTTGTCTATTTAAAGAGATTTGGGCAATGGCCAGGATATTAGAACAGTA
CTCTGTGAACCCTATTTATGGTAGCACCCCTTAGACTAAGATAACACAGGGAGCAAGAGGTTGACA
GGAAAGCCAGGGGAGCAGGGAAGCCTCCTGTAAAGAGAGAAGTGCTAAGTCTCCTTTCTAAGGCA
CATGATGGATCAAGGGAAAGTCACATTTGACTAAAGCCCAAGGGATTGTTGCTTCTAATCCGATTC
TTGGCAGAAGATATTGCAAACTAAGAGTCAGATTAATATGTGGGTGCCAAAATAAATAAACAAATA
ATTGAATAATCCCTGGAGGTTTAAGTGAGGAGAAACTCCTCCACACTTGCTACCGAGGCAGAACCG
GTTGAAACTGAAATGCACCCGCTGCCAGATTTATTAGTCACCCAAGCATGTATTTTGCATGTCCAT
CAGTTGTTCTTGGCCAAAAGAACAGAATCAATGAGCCGCTGCAGATGCAGACATAGCAGCCCCTTG
CAGGAACAAGTCTGCAAGATGAGCATTGAAGAGGATGCACAAGCCCGGTAGCCCGGGAAATGGCA
GGCACTTACAAGAGCCCAGGTTGTTGCCATGTTTGTTTTTGCAACTTGTCTTTTAAACAGATTTGA
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m14

Rhesus
Macaque
chromosomes

Homo Sapiens
chromosomes
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The first paper* to publish a genetic linkage 

map of the two primates tells us:
macaque7 is homologous to human14 and 

human15

Andé macaque2, homologous to human3, 

and macaque15, homologous to human9...

*Rogers, J. et  al. 2006

Homo Sapiens
chromosomes

Rhesus
Macaque
chromosomes

28

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



The first paper* to publish a genetic linkage 

map of the two primates tells us:
macaque7 is homologous to human14 and 

human15

Andé macaque2, homologous to human3, 

and macaque15, homologous to human9...

*Rogers, J. et  al. 2006
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Medicine
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Medicine
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Motivating Examples: 
Production Control System

32Echihabi, Zoumpatianos, Palpanas - ISCC 2020



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

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

Â sensors unveil previously unobservable phenomena

Motivating Examples:
Sensor Networks
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Data as a Set

Data as a Sequence

Åstreaming data

ſwindow of interest

¶landmark window

¶sliding window (shifting window)

Åmay treat streaming data as a set, or as a sequence

ſdepends on whether sequence is important
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Data Series Anomalies Problem

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

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

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

ſ individual values can be normal, but their sequence 
can be abnormal!
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values are not outside critical thresholds 

valuesare normal

sequencesare abnormal

Sequence S



Data Series (Signal) Processing

Data Series Management

Ålots of literature on data series processing
ſperiodicity detection
ſdata series modeling and forecasting
¶ARMA, ARIMA

ſoutlier detection
¶focuses on next value

Åwe will focus on 
ſsequences as first class citizens
ſvery large sequence collections

47
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Objectives

Åget introduced to the data series data type

ſcharacteristics, properties, peculiarities

Ålearn about 

ſdata series representations

ſdata series similarity matching

ſdata series indexing

ſsystems for data series management

ſchallenges and open problems
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Introduction

Ålots of work on data series representations

50

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Introduction

Ålots of work on data series representations

ſtechniques for representing/storing data series
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Introduction

Ålots of work on data series representations

ſtechniques for representing/storing data series

Åmain goal

ſsummarize data series

ſrender subsequent processing more efficient

52
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques
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Data series
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ÅSequence of points ordered along some dimension

Återminology: we will use interchangeably
ſdata series, time series, data sequence, sequence
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sequence dimension
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v
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e
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Data series
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ÅSequence of points ordered along some dimension

Ånumber of data series values, n 

ſlength, or dimensionality
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sequence dimension
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Data series
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ÅSequence of points ordered along some dimension

Åsubsequence
ſsubset of contiguous values

v1

v2
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sequence dimension
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Data series
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ÅSequence of points ordered along some dimension

Åsubsequence
ſsubset of contiguous values

ſeg, subsequence of length (dimensionality) 4
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sequence dimension
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Data series

Distance
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Data series

Distance
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v1

v2

sequence dimension
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Data series

Distance
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v1

v2

sequence dimension
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Data series

Distance
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v1

v2

sequence dimension

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Data series

Distance
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ÅEuclidean distance

ſpair -wise point distance

ſὈὶὩὨȟὦὰόὩ В ὶὩὨ ὦὰόὩ

v1

v2

sequence dimension
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Data series

Reconstruction Error

63

ÅEuclidean distance

ſpair -wise point distance

ſὈὶὩὨȟὦὰόὩ В ὶὩὨ ὦὰόὩ

v1

v2

sequence dimension
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques
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Analysis Tasks
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Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining
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Analysis Tasks

Åanalyze evolution of values across x-dimension

Åidentify trends

66
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Analysis Tasks

Åanalyze evolution of values across x-dimension

Åidentify trends

Åtreat data series as a first class citizen

ſanalyze each data series as a single object

ſprocess all n-dimensions  at once

67
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Analysis Tasks

Subsequences

Åoften times the data series are very long

ſn >> 1

ſstreaming data series

68

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Analysis Tasks

Subsequences

Åoften times the data series are very long

ſn >> 1

ſstreaming data series

Åwe then chop the long sequence in subsequences

ſe.g., using sliding window, or shifting window

ſpick carefully length of subsequence 

¶should contain patterns of interest

Åand process each subsequence separately

69
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Analysis Tasks
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Simlarity
Search

select some 
data series

select values 
in time 
interval

select values 
in some 
range

combinations 
of those
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Analysis Tasks
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Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Analysis Tasks
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Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining

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

73

Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining

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

Åeffective representation techniques to the rescue!

ſcan significantly reduce the processing time

¶typically much smaller than original/raw data series

74
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Motivation

Åeffective representation techniques to the rescue!

ſcan significantly reduce the processing time

¶typically much smaller than original/raw data series

Åwill learn how to compute and use these representations
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Motivation

Åeffective representation techniques to the rescue!

ſcan significantly reduce the processing time

¶typically much smaller than original/raw data series

Åwill learn how to compute and use these representations

Åthese representations can further be used for indexing

Åall guarantee correct, exact results!
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques

78
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Pre-Processing

z-Normalization

Ådata series encode trends

Åusually interested in identifying similar trends

79
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Pre-Processing

z-Normalization

Ådata series encode trends

Åusually interested in identifying similar trends

Åbut absolute values may mask this similarity

80
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Pre-Processing

z-Normalization

Åtwo data series with similar trends

81

v1

v2

sequence dimension
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Pre-Processing

z-Normalization

Åtwo data series with similar trends

Åbut large distanceé

82

v1

v2
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Pre-Processing

z-Normalization

Åzero mean

ſcompute the mean of the sequence

ſsubtract the mean from every value of the sequence

83

v1

v2
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Pre-Processing

z-Normalization

Åzero mean

ſcompute the mean of the sequence

ſsubtract the mean from every value of the sequence
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Pre-Processing

z-Normalization

Åzero mean

ſcompute the mean of the sequence

ſsubtract the mean from every value of the sequence
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Pre-Processing

z-Normalization

Åzero mean

ſcompute the mean of the sequence

ſsubtract the mean from every value of the sequence
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Pre-Processing

z-Normalization

Åzero mean

Åstandard deviation one

ſcompute the standard deviation of the sequence

ſdivide every value of the sequence by the stddev
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Pre-Processing

z-Normalization

Åzero mean

Åstandard deviation one

ſcompute the standard deviation of the sequence

ſdivide every value of the sequence by the stddev
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Pre-Processing

z-Normalization

Åzero mean

Åstandard deviation one

ſcompute the standard deviation of the sequence

ſdivide every value of the sequence by the stddev
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Pre-Processing

z-Normalization

Åzero mean

Åstandard deviation one
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Pre-Processing

z-Normalization

Åwhen to z-normalize

ſinterested in trends
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Pre-Processing

z-Normalization

Åwhen to z-normalize

ſinterested in trends

Åwhen not to z-normalize

ſinterested in absolute values
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques
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Jean Fourier

1768-1830
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Discrete Fourier 
Transform (DFT)

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.nlm.nih.gov /CBBresearch/Postdocs/Shatkay/

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

Highlight the periodicities but keep 

only the first n/2 coefficients

Why n/2 coefficients?

V Becausethey are symmetric
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Discrete Fourier 
Transformérecap

Pros and Cons of DFT as a time series
representation

Pros:

Å Good ability to compressmost natural signals

Å Fast, off the shelf DFT algorithms exist

O(nlog(n))

Cons:

Å Difficult to deal with sequences of different

lengths
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Echihabi, Zoumpatianos, Palpanas - ISCC 2020

96



0 20 40 60 80 100 120 140

Haar 0

Haar 1

Haar 2

Haar 3

Haar 4

Haar 5

Haar 6

Haar 7

X

X'

DWT

Discrete Wavelet 
Transform (DWT)

Basic Idea: Represent the time series as a 
linear combination of Wavelet basis functions, 
but keep only the first N coefficients

Obtained from a single prototype wavelet ȑ(t)
called mother wavelet by dilations and shifting:

where a is the scaling parameter and b is the
shifting parameter

)(
1

)(,
a

bt

a
tba

-
= yy

Excellent free Wavelets Primer

Stollnitz, E., DeRose, T., & Salesin, D. (1995).
Wavelets for computer graphics A primer: IEEE
Computer Graphicsand Applications.
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Haar 7

X

X'

DWT
Pros:

ÅGood ability to compress stationary signals

ÅCan be computed in linear time

Cons:

ÅSignals must have a length n = 2 some_integer

ÅWorks best if N is = 2 some_integer; Otherwise 

wavelets approximate the left side of signal at 

the expense of the right side

Discrete Wavelet 
Transform (DWT)

Pros and Cons of DWT as a time series
representation
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Piecewise Aggregate 
Approximation (PAA)

0 20 40 60 80 100 120 140

X

X'
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x8

xi =
N
n

xj

j= n
N

(i-1)+1

n
N

i

å

Basic Idea : Represent the time series as a
sequence of box basis functions, each box
being of the same length

Keogh, Chakrabarti, Pazzani& Mehrotra, KAIS 

(2000)

Byoung-Kee Yi, Christos Faloutsos, VLDB (2000)

Computation:

Å X: time series of length n

Å Can be represented in the N-dimensional 

space as:
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0 20 40 60 80 100 120 140

X

X' Pros:

ÅExtremely fast to calculate

ÅAs efficient as other approaches (empirically)

ÅSupport queries of arbitrary lengths

ÅCan support any Minkowski metric

ÅSupports non Euclidean measures

ÅSupports weighted Euclidean distance

ÅSimple! Intuitive!

Cons:

ÅIf visualized directly, looks aesthetically 

unpleasing

Pros and Cons of PAA as a time series 
representation.

Piecewise Aggregate 
Approximation (PAA)

x1

x2

x3

x4

x5

x6

x7

x8
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0 20 40 60 80 100 120 140

X

X'

Piecewise Linear 
Approximation (PLA)

Basic Idea : Represent the
time series (size n) as a
sequence of straight lines
(size N)

Lines could be connected
=> N/ 2 lines allowed

Lines could be disconnected
=> N/ 3 lines allowed

Empirical evidence on dozens
of datasets suggests that
disconnected is better

Also only disconnected
allows a lower bounding
Euclideanapproximation

Each line segment has 
Å length 

Å left_height

(right_height can 

be inferred by looking 
at the next segment)

Each line segment has 
Å length 

Å left_height 

Å right_height

Karl Friedrich Gauss

1777 - 1855
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Pros and Cons of PLA as a time series
representation

Pros:

ÁGood ability to compress natural signals

ÁFast linear time algorithms for PLA exist

ÁAble to support some interesting non-Euclidean 

similarity measures

ÁAlready widely accepted in some communities 

(i.e., biomedical) 

Cons:

ÁNot (currently) ñindexableòby any data structure 

(but does allow fast sequential scan)
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X
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Piecewise Linear 
Approximation (PLA)
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Á High quality of APCA noted by many

researchers

Á Can be indexed*!

Unfortunately, it is non-trivial to understand and
implement and thus has only been re-implemented
once or twice

103

Basic Idea : Represent the time series as a
sequence of box basis functions, each box being
of the different length

Adaptive Piecewise 
Constant 

Approximation (APCA)

0 20 40 60 80 100 120 140

X

X

< cv1,cr1>

< cv2,cr2>

< cv3,cr3>

< cv4,cr4>
*K. Chakrabarti, E. J. Keogh, S. Mehrotra, M. J. Pazzani: 
Locally adaptive dimensionality reduction for indexing 
large time series databases. ACM Trans. Database Syst. 
27(2): 188 -228 (2002) 
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Pros:

Á Fast to calculate O(n)

Á More efficient than other approaches

Á Supports queries of arbitrary lengths

Á Supports non Euclideanmeasures

Á Support fast exact queries, and even

faster approximate queries on the same

data structure

Cons:

Á Somewhat complex implementation

Á If visualized directly, looks ascetically

unpleasing
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Pros and Cons of APCA as a time
series representation

Adaptive Piecewise 
Constant 

Approximation (APCA)
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X

< cv1,cr1>
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< cv3,cr3>

< cv4,cr4>
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Symbolic ApproXimation (SAX)

Åsimilar in principle to PAA

ſuses segments to represent data series

105
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Symbolic ApproXimation (SAX)

Åsimilar in principle to PAA

ſuses segments to represent data series

Årepresents segments with symbols (rather than 
real numbers)

ſsmall memory footprint 

106
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A dataaseries T
SAX Representation

ÅSymbolic Aggregate approX imation
(SAX) 
ſ(1) Represent data series T of length n

with w segments using Piecewise 
Aggregate Approximation (PAA)
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SAX Representation

ÅSymbolic Aggregate approX imation
(SAX) 
ſ(1) Represent data series T of length n

with w segments using Piecewise 
Aggregate Approximation (PAA)
¶T typically normalized to ȉ = 0, ů= 1

¶PAA(T,w ) =                         

where  

wttT ,,1 2=

ä
+-=

=

i
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SAX Representation

ÅSymbolic Aggregate approX imation
(SAX) 
ſ(1) Represent data series T of length n

with w segments using Piecewise 
Aggregate Approximation (PAA)
¶T typically normalized to ȉ = 0, ů= 1

¶PAA(T,w ) =                         

where  

ſ(2) Discretize into a vector of symbols 
¶Breakpoints map to small alphabet a

of symbols

wttT ,,1 2=

ä
+-=

=
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w

i

w
n

w
n

Tt
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iSAXRepresentation

ÅiSAX 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  }

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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Comparison of Representations

Åwhich representation is the most effective?

ſused same amount of memory for all approaches

ſmeasured using root mean squared error

ſaveraged over 40 datasets and 100 experiment 
repetitions

ſnormalized by best score

111
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Comparison of Representations

Åwhich representation is the most effective?

ſused same amount of memory for all approaches

ſmeasured using root mean squared error

ſaveraged over 40 datasets and 100 experiment 
repetitions

ſnormalized by best score

112

DFT DCT PAA DWT
(Haar)

DWT
(Daub12)

APCA PLA PQA

0.951 0.923 0.948 0.948 0.902 0.893 0.940 0.927
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Comparison of Representations

Åwhich representation is the most effective?
ſused same amount of memory for all approaches
ſmeasured using root mean squared error
ſaveraged over 40 datasets and 100 experiment repetitions
ſnormalized by best score

ÅDFT, PAA, DWT (Haar) slightly better
Åno big differences overall (on average!)
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DFT DCT PAA DWT
(Haar )

DWT
(Daub12)

APCA PLA PQA

0.951 0.923 0.948 0.948 0.902 0.893 0.940 0.927
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Comparison of Representations
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APCA

PLA

PQA

DWT (Haar)

DFT
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Comparison to SAX 
ÅSAX leads to considerable memory savings at 

the expense of increased information loss

Åhow many symbols to use?

ſless symbols    -> less memory

ſmore symbols -> more accuracy

115
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Comparison to SAX 
ÅSAX leads to considerable memory savings at the expense of 

increased information loss
Åhow many symbols to use?

Å8 segments/coefficients:
ſwith 128 symbols (7-bits per segment): as good as average approach
ſwith 256 symbols (8-bits per segment): as good as best approach

ÅSAX still uses a fraction of the memory of the other approaches
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Amnesic Representation

Åall previous representations all data series points 
equally

Åfor some applications, approximation fidelity is 
time variant

ſe.g., more recent points should be represented 
more accurately

117
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Amnesic Representation

Åall previous representations all data series points 
equally
Åfor some applications, approximation fidelity is time 

variant
ſe.g., more recent points should be represented more 

accurately

Åamnesic representation does exactly that
ſamnesic function defines representation accuracy over 

time
¶should be non-decreasing

118
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Amnesic Representation

119
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How do we forget?

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent

time series

amnesic function

newold
time

time
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How do we forget?

time series

amnesic function

newold
time

time

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent
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How do we forget?

1

time series

amnesic function

newold
time

time

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



123

How do we forget?

1

time series

amnesic function
3

newold
time

time

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent
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How do we forget?

1

time series

amnesic function
3

newold
time

time

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent
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new
time

time

How do we forget?

1

time series

amnesic function
3

old

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent
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new
time

time

How do we forget?

1

time series

amnesic function
3

Èhave to satisfy the monotonicityproperty

Â the allowed error should only be increasing with time

old

Åamnesic functions
ſspecify allowed approximation error for each line segment
ſapplication dependent
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Streaming Data

Ådata values continuously come in
Åat each time instance, have to decide which segments to merge

time series

amnesic function

newold
time

time
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Streaming Data

Ådata values continuously come in
Åat each time instance, have to decide which segments to merge

time series

amnesic function

newold
time

time
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Streaming Data

Ådata values continuously come in
Åat each time instance, have to decide which segments to merge

time series

amnesic function

newold
time

time
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Streaming Data

Ådata values continuously come in
Åat each time instance, have to decide which segments to merge

time series

amnesic function

Èchallengesto overcome

Â merge segments in constanttime

Â error for segments changesover time

¸ relative ordering of segments (based on error) changes

time

time
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Amnesic Representation

Åamnesic functions can be

ſrelative
¶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)

ſabsolute
¶specifies maximum allowable error for the 

approximation, for every point in data series
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Amnesic Representation

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

ſLandmark Window with Relative Amnesic Function (URA)
¶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

ſLandmark Window with Absolute Amnesic Function (UAA)
¶given an absolute amnesic function, construct amnesic 

approximation that minimizes required memory
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Amnesic Representation

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

ſSliding Window with Relative Amnesic Function (SRA)
¶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

ſSliding Window with Absolute Amnesic Function (SAA)
¶given sliding window W and an absolute amnesic function, 

construct amnesic approximation for data series within 
window W that minimizes required memory 
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Euclidean Distance

137

v1

v2
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Euclidean Distance
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v1

v2
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Euclidean Distance

139

ÅEuclidean distance

ſpair -wise point distance

v1

v2
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Correlation

Åmeasures the degree of relationship between 
data series

ſindicates the degree and direction of relationship

140
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Correlation

Åmeasures the degree of relationship between 
data series

ſindicates the degree and direction of relationship

Ådirection of change

ſpositive correlation

¶values of two data series change in same direction

ſnegative correlation

¶values of two data series change in opposite 
directions

141
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Correlation

Åmeasures the degree of relationship between data 
series
ſindicates the degree and direction of relationship

Ådirection of change
ſpositive correlation
¶values of two data series change in same direction

ſnegative correlation
¶values of two data series change in opposite directions

Ålinear correlation
ſamount of change in one data series bears constant 

ratio of change in the other data series

142

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Correlation

Åmeasures the degree of relationship between data series
ſindicates the degree and direction of relationship

Ådirection of change
ſpositive correlation
¶values of two data series change in same direction

ſnegative correlation
¶values of two data series change in opposite directions

Ålinear correlation
ſamount of change in one data series bears constant ratio of 

change in the other data series

Åuseful in several applications
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Pearsonõs Correlation Coefficient

Åused to see linear dependency between values of data series of 
equal length, n

144
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Pearsonõs Correlation Coefficient

145

Echihabi, Zoumpatianos, Palpanas - ISCC 2020

Å



Pearsonõs Correlation Coefficient

Åused to see linear dependency between values of data series of 
equal length, n

Åtakes values in [-1,1]
ſ0 ïno correlation
ſ-1, 1 ïinverse/direct correlation

Åthere is a statistical test connected to PC, where null hypothesis 
is the no correlation case (correlation coefficient = 0)
ſtest is used to ensure that the correlation similarity is not caused by 

a random process 
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PC and ED

ÅEuclidean distance: 

ÅIn case of Z-normalized data series (mean = 0, stddev = 1):

and

so the following formula is true:  

Ådirect connection between ED and PC for Z-normalized data 
series
ſif ED is calculated for normalized data series, it can be directly 

used to calculate the p-value for statistical test of Pearsonôs 
correlation instead of actual PC value.
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Distance Measures:

LCSS against Euclidean, DTW

ÅEuclidean

ſrigid

148
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Distance Measures:

LCSS against Euclidean, DTW

ÅEuclidean

ſrigid

ÅDynamic Time Warping (DTW)

ſallows local scaling

149
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Distance Measures:

LCSS against Euclidean, DTW

ÅEuclidean
ſrigid

ÅDynamic Time Warping (DTW)
ſallows local scaling

ÅLongest Common SubSequence(LCSS)
ſallows local scaling

ſignores outliers
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Similarity Matching

Ågiven a data series collection D and a query data series q,  
return the data series from D that are the most similar to q

ſthere exist different flavors of this basic operation

Åbasis for most data series analysis tasks
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Similarity Matching

Nearest Neighbor (NN) Search

Ågiven a data series collection D and a query data series q,  
return the data series from D that has the smallest distance to q

152
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Similarity Matching

Nearest Neighbor (NN) Search

Ågiven a data series collection D and a query data series q,  
return the data series from D that has the smallest distance to q

Åresult set contains one data series

153
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Similarity Matching

Nearest Neighbor (NN) Search

Åserial scan

ſcompute the distance between q and every di Dɴ

ſreturn d i with the smallest distance to q

154
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Similarity Matching

Nearest Neighbor (NN) Search

Åserial scan

ſbsf = Inf // best so far distance

ſfor every di Dɴ

¶compute distance, dist, between di and q

¶if this dist less than bsf then bsf=dist

ſreturn d i corresponding to bsf

155
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Similarity Matching

k-Nearest Neighbors (kNN) Search

Ågiven a data series collection D and a query data series q,  
return the k data series from D that have the k smallest 
distances to q

156
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Similarity Matching

k-Nearest Neighbors (kNN) Search

Ågiven a data series collection D and a query data series q,  
return the k data series from D that have the k smallest 
distances to q

Åresult set contains k data series
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Similarity Matching

k-Nearest Neighbors (kNN) Search

Åserial scan

ſcompute the distance between q and every di Dɴ

ſreturn the k d i with the k smallest distances to q
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Similarity Matching

k-Nearest Neighbors (kNN) Search

Åserial scan

ſkbsf = Null // best so far max -heap of k elements

ſfor every di Dɴ

¶compute distance, dist, between di and q

¶if this dist less than max of kbsf then insert dist in kbsf

ſreturn k d i corresponding to k elements in kbsf
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Similarity Matching

‐-Range Search

Ågiven a data series collection D and a query data series q,  
return all data series from D that are within distance ‐from q

160
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Similarity Matching

‐-Range Search

Ågiven a data series collection D and a query data series q,  
return all data series from D that are within distance ‐from q

Åresult set contains [?] data series
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Similarity Matching

‐-Range Search

Åserial scan

ſcompute the distance between q and every di Dɴ

ſreturn all d i with distance less than ‐to q
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Similarity Matching

‐-Range Search

Åserial scan

ſres = {} // empty result set

ſfor every di Dɴ

¶compute distance, dist, between di and q

¶if this dist less than ‐then insert dist in res

ſreturn all d i corresponding to elements in res
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Problem Variations

Series
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Multivariate

each point represents many   
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8 6

8
8
2
9



Problem Variations

Series

Echihabi, Zoumpatianos, Palpanas - ISCC 2020

167

Univariate

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

Multivariate

each point represents many   
values (e.g., temperature, 

humidity, pressure, wind, etc.)

8 6

8
8
2
9



Problem Variations

Queries
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Problem Variations

Queries
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Problem Variations

Distances

Euclidean Distance (ED)

Dynamic Time Warping (DTW)

Longest Common Subsequence (LCSS)

Edit Distance

And moreé

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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Similarity Search 
Methods

Methods
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ng-Approximate

Similarity Search 
Methods

No guarantees

Methods
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Similarity Matching

Fast Euclidean Distance

Åsimilarity matching requires many distance computations

ſcan significantly slow down processing

¶because of large number of data series in the collection

¶because of high dimensionality of each data series

182
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Similarity Matching

Fast Euclidean Distance

Åsimilarity matching requires many distance computations

ſcan significantly slow down processing

¶because of large number of data series in the collection

¶because of high dimensionality of each data series

Åin case of Euclidean Distance, we can speedup processing by

ſsmart implementation of distance function

ſearly abandoning
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Similarity Matching

Fast Euclidean Distance

Åsimilarity matching requires many distance computations

ſcan significantly slow down processing

¶because of large number of data series in the collection

¶because of high dimensionality of each data series

Åin case of Euclidean Distance, we can speedup processing by

ſsmart implementation of distance function

ſearly abandoning

Åresult in considerable performance improvement

184
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Similarity Matching

Fast Euclidean Distance

Åsmart implementation of distance function

ſdo not compute the square root (of the Euclidean Distance)

185
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Similarity Matching

Fast Euclidean Distance

Åsmart implementation of distance function

ſdo not compute the square root (of the Euclidean Distance)

Ådoes not alter the results

Åsaves precious CPU cycles

186

ὉὈὢȟὣ ὼ ώ

Echihabi, Zoumpatianos, Palpanas - ISCC 2020



Similarity Matching

Fast Euclidean Distance

Åearly abandoning

ſstop the distance computation as soon as it exceeds the value of bsf

187
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Similarity Matching

Fast Euclidean Distance

Åearly abandoning

ſstop the distance computation as soon as it exceeds the value of bsf

Ådoes not alter the results

Åavoids useless computations

188
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Process Overview
ÅRaw data: original full-dimensional space 

ÅSummarization: reduced dimensionality space

ÅSearching in original space costly

ÅSearching in reduced space faster:

ïLess data, indexing techniques available, lower bounding

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Process Overview
ÅRaw data: original full-dimensional space 

ÅSummarization: reduced dimensionality space

ÅSearching in original space costly

ÅSearching in reduced space faster:

ïLess data, indexing techniques available, lower bounding

ÅLower bounding enables us to

ïprune search space: throw away data series based on 
reduced dimensionality representation

ïguarantee correctness of answer

Åno false negatives

Åfalse positives filtered out based on raw data

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Similarity Retrieval

ÅRange Query

ïFind all time series S where 

ÅNearest Neighbor query

ïFind all the k most similar time series to Q

ÅA method to answer the above queries

ï[ƛƴŜŀǊ ǎŎŀƴ Χ ǾŜǊȅ ǎƭƻǿ

ÅA better approach GEMINI

( )e¢SQD ,

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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GEMINI

Solution: Quickfilter-and-refine:

Åextractm features(numbers,e.g., average)

Åmapto point in m-dimensionalfeaturespace

Åorganizepoints

Åretrievethe answerusinga NNquery

Ådiscardfalsepositives

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Generic Search using Lower Bounding

query

simplified

query

Simplified DB Original DBAnswer

Superset

Verify 

against 

original 

DB

Final 

Answer 

set

No false 
negatives!!

Remove false 
positives!!

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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GEMINI: contractiveness

ÅGEMINIworkswhen:

Dfeature(F(x),F(y)) <= D(x,y)

ÅNote that, the closerthe feature distanceto the
actualone,the better

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding 

Intuition
VTry to use a cheap lower 
bounding calculation as 
often as possible
VDo the expensive, full 
calculations when 
absolutely necessary

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

ÁD: distance measure

ÁLB: lower bounding function s.t.:     LB(Q, Siύ Җ 5όQ,Si) 

ü{Ŝǘ ōŜǎǘ Ґ қ

üFor each Si:

Ąif LB(Si, Q) < best

if D(Si, Q) < best

best = D(Si, Q) 

1-NN Search Using LB

Range Query Using LB

For each Si:

Ąif LB(SiΣ vύ Җʶ

if D(Si, Q) < ʁ

report Si

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding

distanceQ

we want to find the 1-NN to our query data series, Q

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding

distanceQ true S1

we compute the distance to the first data series in 
our dataset, D(S1,Q)

this becomes the best so far (BSF)

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding

distanceQ true S1

BSF

LB S2

we compute the distance LB(S2,Q) and it is 
greater than the BSF

we can safely prune it, since D(S2,Q) LB(S2,Q)

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding

distanceQ true S1

BSF

LB S2

we compute the distance LB(S3,Q) and it is smaller than the BSF
we have to compute D(S3,Q) LB(S3,Q), since it may still be 

smaller than BSF

LB S3

Echihabi, Zoumpatianos, Palpanas - ISCC 
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Lower Bounding

distanceQ true S1

BSF

LB S2

it turns out that D(S3,Q) BSF, so we can safely prune S3

true S3

Echihabi, Zoumpatianos, Palpanas - ISCC 
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Lower Bounding

distanceQ true S1

BSF

LB S2true S3
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Lower Bounding

distanceQ true S1

BSF

LB S2true S3

we compute the distance LB(S4,Q) and it is smaller than the BSF
we have to compute D(S4,Q) LB(S4,Q), since it may still be 

smaller than BSF

LB S4

Echihabi, Zoumpatianos, Palpanas - ISCC 
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Lower Bounding

distanceQ true S1

BSF

LB S2true S3true S4

it turns out that D(S4,Q) BSF, so S4 becomes the new BSF

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Lower Bounding

distanceQ true S1

S1 cannot be the 1-NN, 
because S4 is closer to Q

LB S2true S3true S4

BSF

Echihabi, Zoumpatianos, Palpanas - ISCC 
2020
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Query answering process

Query Answering ProcedureData Loading Procedure

Raw data
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Query answering process

data-to-query time 

Query Answering ProcedureData Loading Procedure

Data Series 
Database/
Indexing

DataRaw data
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Query answering process

data-to-query time query answering time

Query Answering ProcedureData Loading Procedure

Answers

Data Series 
Database/
Indexing

DataRaw data

Queries
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Query answering process

data-to-query time query answering time

Query Answering ProcedureData Loading Procedure

Answers

Data Series 
Database/
Indexing

DataRaw data

Queries

209

these times are big!
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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 

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
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Similarity Search via 

Indexing
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Query answering process

data-to-query time query answering time

Query Answering ProcedureData Loading Procedure

Answers

we need solutions 
for both problems!

Data Series 
Database/
Indexing

DataRaw data

Queries
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DSTree

Summarization
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Intertwined with indexing

The APCA and EAPCA representations



DSTree

Indexing
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Each node contains
Ç # vectors
Ç segmentation SG
Ç synopsis Z

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



Symbolic Fourier Approximation (SFA)

Summarization

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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The SFA representation*
*https://www2.informatik.hu-berlin.de/~schaefpa/talks/scalable_classification.pptx



SFA

Indexing
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The SFA Trie*
*https://www2.informatik.hu-berlin.de/~schaefpa/talks/scalable_classification.pptx
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iSAXIndex Family

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 iSAX2+/ADS+ marked with asterisk support approximate simi larity 
search with deterministic and probabilistic quality guarantees.

Publications

//L{Ψмф

iSAX

iSAX2+ 

2008 2010 2014 2015 2017 2018 2019 2020

basic 

index

C

C#, C

C#

Java
(Spark)

C

C

C

timeline

iSAX 2.0

ADS / 
ADS+

ADSFull

DPiSAX 

ParIS ParIS+ MESSI

Coconut-Trie / 
Coconut-Tree

ULISSE

Coconut-LSM

iSAX2+*

ADS+*

+ Bulk 

Loading

+ Adaptive

+ Distributed 

+ Multi-Core, 

Multi-Socket, SIMD

+ Sortable Summarizations,

Streaming Data Series

+ Variable-Length Queries

CSING
+ Graphics Processing   

Units (GPUs)



Background

iSAXIndex
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ROOT

. . .
0  0  0  0 1  1  1 0 1  1  1  1

1  1  1  0 1  1  1  0

1  1  1  0

1  1  1  11  1  1  10 1

0 1

0
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Background

iSAXIndex

225

ROOT

. . .
0  0  0  0 1  1  1 0 1  1  1  1

1  1  1  0 1  1  1  0

1  1  1  0

1  1  1  11  1  1  10 1

0 1

0

Approximate 
Search

Matches iSAX
representation 
at each level

Exact Search

Uses a lower 
bounding function

225
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iSAX2.0

Bulk Loading Algorithm

Ådesign principles:

ſtake advantage of available main memory

ſmaximize sequential disk accesses

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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iSAX2.0

Bulk Loading Algorithm

Åintuition for proposed solution:

ſfor each leaf node, collect as many data series that belong to it as 
possible before materializing the leaf node

¶the raw values of data series in leaf nodes are written to disk

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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iSAX2.0

Bulk Loading Algorithm

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

ſPhase 1

¶read data series and group them according to first -level nodes

¶use all available main memory

ſPhase 2

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

¶flush leaf node contents to disk using sequential accesses

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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R
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L1 L2 L3
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disk
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R

FBL

L1 L2 L3

main memory

disk

no limit in the size of FBLs!
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R

insert new ds

FBL

L1 L2 L3

main memory

disk
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R

FBL

L1 L2 L3

main memory

disk
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R
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FBL
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R

L1 L2 I1

FBL

LBL

L4L3

main memory

disk

LBLs have samesize as leaf nodes!
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R
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R

L1 L2 I1

FBL

LBL

L4L3

main memory

disk

no extra memory needed!
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FBL

LBL

R

L1 L2 I1

L4L3

main memory

disk
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FBL

LBL

R

L1 L2 I1

L4L3

main memory

disk

mainly sequential writes!



Experimental Evaluation

Bulk Loading
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N ° Data Series Indexed

iSAX-BufferTree

iSAX

iSAX 2.0

Å1 Billion data series indexed in 16 days: 72% less time

Åindexing time per data series: 0.001 sec



iSAX2+

Ådesign principle:

ſdo not move around (read/write) raw data of data series and its 
approximation unless necessary

Echihabi, Zoumpatianos, Palpanas - ISCC 2020
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iSAX2+

Åintuition for proposed solution:

ſiSAX grows fast at the beginning of bulk loading, its shape 
stabilizing well before the end of the process

ſseveral data series end up in leaf nodes that never need to split

ſimplement lazy splitting: 

¶move raw data to leaf node the first time

¶if leaf node splits, do not move raw data until the end of index 
building process
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Experimental Evaluation

Bulk Loading
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Experimental Evaluation

Bulk Loading
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ÅiSAX 2.0 Clustered needs 30% less time than iSAX 2.0
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Experimental Evaluation

Bulk Loading
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ÅiSAX 2.0 Clustered needs 30% less time than iSAX 2.0

ÅiSAX2+ needs 40% less time than iSAX 2.0
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Experimental Evaluation

Bulk Loading
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Å1 Billion data series indexed in 10 days: 82% less time than iSAX

Åindexing time per data series: 0.8 milliseconds
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Adaptive Data Series Index:

ADS+

Ånovel paradigm for building a data series index

ſdo not build entire index and then answer queries

ſstart answering queries by building the part of the index 
needed by those queries

Åstill guarantee correct answers

263
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Adaptive Data Series Index:

ADS+

Åintuition for proposed solution

ſbuild the iSAX index using the iSAX representations
ſjust like iSAX2+

ſbut start with a large leaf size
ſminimize initial cost

ſpostpone leaf materialization to query time
ſonly materialize (at query time) leaves needed by queries

ſparts that are queried more are refined more
ſuse smaller leaf sizes (reduced leaf materialization and query 

answering costs)
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ROOT

I1 I2

LBL

FBL

Raw data

DISK

RAM

Start building an index with only the 
iSAXrepresentations
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ROOT

I1 I2

LBL

FBL

Raw data

DISK

RAM

Read the data-series one by one from the raw file
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ROOT

I1 I2

LBL

FBL

Raw data

DISK

RAM

Convert them to iSAX
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ROOT

I1 I2

LBL

FBL

Raw data

DISK

RAM

Store only iSAXin memory (64 times smaller) ~1%
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ROOT

I1 I2

LBL

FBL

Raw data

DISK

RAM

Discard raw data and keep pointer to raw file
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ROOT

I1

LBL

FBL

Raw data

I2

DISK

RAM

Continue loading data until we run out of memory
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ROOT
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Expand each sub-tree and move data to LBL
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Raw data

ROOT

I1

L3 L4L1 L2

I2

LBL

FBL

DISK

RAM

We flush the data to the disk to free up memory
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Raw data

ROOT
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Continue the same way until the whole file is indexed

L3 L4
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Raw data

ROOT
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Query #1
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Raw data
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Raw data

ROOT
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Query #1 Identify the target leaf
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Raw data

ROOT
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Query #1 Fetch data in the LBL
and answer query.
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Raw data

ROOT

I1
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Query #2
If a similar query comes
we can answer it 
directly from the buffer
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Raw data

ROOT
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When we run out of main memory we spill the 
raw data seriesinto the right leaves
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Raw data PARTIAL

PARTIAL

ROOT

I1

I3

L5L1 L2

I2

LBL

FBL

PARTIAL

FULL

DISK
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We end up with a structure that contains
both partial and fully materializedleaves
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Raw data
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Raw data
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Raw data
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Query #1

TOO BIG!
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Create a smallerleaf
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We spill to the diskwhen we run out of memory
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Experimental Evaluation

289

ÅiSAX 2.0 needs more than 35 hours to answer 100K approximate queries

ÅADS+ answers 100K approximate queries in less than 5 hours

7x faster
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Extensionsé

ÅCoconut: current solution for limited memory devices

and streaming time series

ſbottom -up, succinct index construction based on sortable 
summarizations
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Extensionsé
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and streaming time series
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Extensionsé

ÅCoconut: current solution for limited memory devices

and streaming time series

ſbottom -up, succinct index construction based on sortable 
summarizations

ſoutperforms state-of-the-art in terms of index space, index 
construction time, and query answering time
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Extensionsé
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