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Questions This Tutorial Answers

Åhow important are data series nowadays?

Åwhat does data series analysis involve?

Åhow can we speed up such an analysis?

Åwhat are the different kinds of similarity search ?

Åwhat are the state-of-the-art data series indexes for similarity search?

Åhow can these indexes parallelize/distribute their operations?

Åcan these indexes be used for general high-d vector similarity search?

Åwhat data series management systemsexist?

Åwhat is special about them?

Åwhat are the open research problems in this area?

Åwhat are the connections to deep learning?

2

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Acknowledgements

Å thanks for slides to

ſMichail Vlachos

ſEamonn Keogh

ſPanagiotis Papapetrou

ſGeorge Kollios

ſDimitrios Gunopulos

ſChristos Faloutsos

ſPanosKarras

ſPeng Wang

ſLiang Zhang

ſReza Akbarinia

ſGeorgios Chatzigeorgakidis

3

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



4

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Data series
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ÅSequence of points ordered along some dimension
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Scientific Monitoring

Åmeteorology, oceanography, astronomy, 

finance, sociology, é
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Historical stock quotes
http://money.cnn.com/2012/04/23/markets/walmart_stock/index.htm

Wind speed
From ocean observing node project
http://bml.ucdavis.edu/boon/wind.html

Time



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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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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Time
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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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Medicine

FrequencyMass
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IoT: Production Control Systems
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IoT: Monitoring Vehicle Operation
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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

IoT: Monitoring the Environment
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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

17
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Data Series Anomalies Problem

Å develop anomaly detection techniques based 
on sequences (data series), not on individual 
values
¶ individual values can be normal, but their 

sequence can be abnormal!

18
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Data Series Anomalies Problem

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

19

sequencesare abnormal

Sequence S
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Data Series Anomalies Problem

Å develop anomaly detection techniques based 
on sequences (data series), not on individual 
values
¶ individual values can be normal, but their 

sequence can be abnormal!

20

sequencesare abnormal

values are not outside critical thresholds 

individual values are normal

150 points in a sequence S

Minimal critical value                      Maximal critical value
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Data Series (Signal) Processing

Data Series Management

Ålots of literature on data series processing
ſperiodicity detection

ſdata series modeling and forecasting

¶ARMA, ARIMA

ſpoint outlier detection

¶focuses on next value

Åinstead, we will focus on 
ſsequences as first class citizens

ſvery large collections of data series

ſfast and scalable similarity search

21
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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

22
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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

24
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques

25
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Data series

26

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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Data series
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ÅSequence of points ordered along some dimension

Ånumber of data series values, n 

ſlength, or dimensionality

v1

v2

é

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

é

sequence dimension
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Data series

29

ÅSequence of points ordered along some dimension

Åsubsequence
ſsubset of contiguous values

ſeg, subsequence of length (dimensionality) 4

v1

v2

é

sequence dimension
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Data series

Distance

30
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Data series

Distance

31

ÅEuclidean distance

ſpair -wise point distance

ſὈὶὩὨȟὦὰόὩ В ὶὩὨ ὦὰόὩ

v1

v2

sequence dimension
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Data series

Reconstruction Error

32

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

33
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Simple Query Answering

34

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

35

Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining
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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

36
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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

37
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Complex Analytics

38

Similarity 
Search

Classification

Clustering
Outlier 

Detection

Frequent 
Pattern 
Mining
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Complex Analytics

39

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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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques

40
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Pre-Processing

z-Normalization

Ådata series encode trends

Åusually interested in identifying similar trends

41
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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

42
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Pre-Processing

z-Normalization

Åtwo data series with similar trends

Åbut large distanceé

43

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

44

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

48
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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

Åwhen not to z-normalize

ſinterested in absolute values

52
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Outline

Återminology and definitions

Åmotivation

Åpre-processing tasks

Ådata series representation techniques
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Publications

Keogh -
Y55Ψлп

for a complete 
and detailed 
presentation, 
see tutorial:



Comparison of Representations

55
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Åwhich representation is the best?

Ådepends on data characteristics
ſperiodic, smooth, spiky, é

Åoverall (averaged over many diverse datasets, using same 
memory budget), when measuring reconstruction error (RMSE)
ſno big differences among methods

ſDFT, PAA, DWT (Haar), iSAX slightly better

Åshould also take into account other factors
ſvisualization, indexable, ...

Publications

Palpanaset al.
ICDEΩлп

Palpanaset al.
¢Y59Ωлу

Shieh et al.
Y55Ωлу
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Problem Variations

Series
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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
6
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Problem Variations

Series
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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
6
2
9



Problem Variations

61

Åsimilarity search is based on measuring distance between 
sequences

Ådozens of distance measures have been proposed
ſlock-step 
¶Minkowski, Manhattan, Euclidean, Maximum, DISSIM, é

ſsliding
¶Normalized Cross-Correlation, SBD, é

ſelastic
¶DTW, LCSS, MSM, EDR, ERP, Swale, é

ſkernel-based
¶KDTW, GAK, SINK, é

ſembedding 
¶GRAIL, RWS, SPIRAL, é

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Distance Measures

Publications

Ding-
t±[5.Ψлу

Paparrizos-
{LDah5Ωнл



Problem Variations
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Åsimilarity search is based on measuring distance between 
sequences

Ådozens of distance measures have been proposed
ſlock-step 
¶Minkowski , Manhattan, Euclidean, Maximum, DISSIM, é

ſsliding
¶Normalized Cross-Correlation, SBD, é

ſelastic
¶DTW, LCSS, MSM, EDR, ERP, Swale, é

ſkernel-based
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ſembedding 
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Distance Measures

Publications

Ding-
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Euclidean Distance

63

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

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

64
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Pearsonõs Correlation Coefficient

65
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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 

66
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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.

67
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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

68
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Problem Variations

Queries
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Whole matching

Entire query

Entire candidate

Subsequence matching

Entire query

A subsequence of a candidate



Problem Variations

Queries
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Subsequence matching

Entire query

A subsequence of a candidate

Whole matching

Entire query

Entire candidate



Problem Variations
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Queries

Nearest Neighbor (1NN)

k-Nearest Neighbor (kNN)

Farthest Neighbor

epsilon-Range

and moreé



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

72
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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

73
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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

74
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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

75
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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

76

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



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

77
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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

78
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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

79

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



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

80
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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

81
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Problem Variations
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Queries

Nearest Neighbor (1NN)

k-Nearest Neighbor (kNN)

Farthest Neighbor

epsilon-Range

And moreé
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dŮ

Ox

OŭŮ

OQ

ŭ-Ů-approximate
neighbor

dŭŮOng

OŮ

Prob(dŮ <= dx (1+Ů)) >= ŭ

result within (1+ Ů) of exact NN 

with probability at least ŭ

Prob(dŮ <= dx (1+Ů)) = 1

result within (1+ Ů) of exact NN 

with probability 1

Prob(dng <>= ?) = ?

result within ? of exact NN

d ng

exact 
NN

Nearest Neighbor (NN) Queriesé

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Prob( dx = min{di} ) = 1

result is exact NN

Publications

Echihabiet al.
t±[5.Ψмф



84

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Query answering process

data-to-query time query answering time

Query Answering ProcedureData Loading Procedure

Answers

Data Series 
Database/
Indexing

DataRaw data

Queries

85

these times are big!

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



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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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

87
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Similarity Matching

Fast Euclidean Distance

Åsmart implementation of distance function

88
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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

89
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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

90

ὉὈὢȟὣ ὼ ώ ȟ ά ὲ

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Publications

Keogh-
5aY5Ωло



GEMINI Framework
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
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GEMINI Framework

GEMINISolution: Quickfilter-and-refine:

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

Åmapto point in m-dimensionalfeaturespace

Åorganizepoints

Åretrievethe answerusinga NNquery

Ådiscardfalsepositives

Echihabi, Zoumpatianos, Palpanas - EDBT 2021 92

Publications

Faloutsos-
{LDah5Ωфп



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!!
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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
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Memory

Disk

Cx

Q

The summary of Q is compared to the 

summary of each candidate

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Answering a similarity search query using different access paths

(a) Serial scan
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The summary of Q is compared to the 

summary of each candidate

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Answering a similarity search query using different access paths

(a) Serial scan

bsf = +
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The summary of Q is compared to the 

summary of each candidate

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

(a) Serial scan

bsf = d(Q, C1)
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The summary of Q is compared to the 

summary of each candidate

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

(a) Serial scan

bsf = d(Q, C1)
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Q

The summary of Q is compared to the 

summary of each candidate

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

(a) Serial scan

bsf = d(Q, Cx)
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The summary of Q is compared to the 

summary of each candidate

Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

(a) Serial scan

bsf = d(Q, Cx)
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Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

(a) Serial scan (b) Skip-sequential scan
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Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Disk

Cx

Q

Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans
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Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Indexes vs. Scans

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Indexes vs. Scans

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

bsf     = +

lbcur = +

lower-bounding (lb) property:   
dlb(Qô, Ciô)  <= d(Q, Ci)
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The summary of Q (Qô) is compared to 

the summary of each candidate

Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans
bsf     = +

lbcur = dlb(Qô,C1ô)
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Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = +

lbcur = dlb(Qô,C1ô) < bsf  
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = +

lbcur = dlb(Qô,C1ô) < bsf  
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C1ô) < bsf
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C2ô) 
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C2ô) >= bsf
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C2ô) >= bsf
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C2ô) >= bsfd(Q,C2) >= 
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,C2ô) >= bsf d(Q,C2) >= 

prune C2
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,Cxô) 
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,C1)

lbcur = dlb(Qô,Cxô) < bsf  
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,Cx)

lbcur = dlb(Qô,Cxô) < bsf  
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate

bsf     = d(Q,Cx)

lbcur = dlb(Qô,Cnô) < bsf  
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Q is compared to a raw candidate only if 

its summary cannot be pruned 
Q is compared to a raw candidate only if 

its corresponding leaf cannot be pruned

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = +
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,)1   QueueQueue
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsfQueueQueue
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsfQueueQueue
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)
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3  

130

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsfQueue
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsfQueue
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) 2
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Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
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bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsf2

4  3  

Queue

136

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,C3)

lbcur =  dlb(Qô,) < bsf2

4  3  

Queue

137

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,Cx)

lbcur =  dlb(Qô,) < bsf2

4  3  

Queue

138

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,Cx)

lbcur =  dlb(Qô,) 

3  

Queue 4  

139

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,Cx)

lbcur =  dlb(Qô,) > bsf

3  

Queue 4  

prune

LB Property   

4  

140

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,Cx)

lbcur =  dlb(Qô,) > bsf

3  

Queue 4  

141

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



Q

Cx

Q

Cx

Memory

Disk

Cx

Q

Q is compared to a raw candidate only if 

its summary cannot be pruned 

Q is compared to each raw candidate in the 

dataset before returning the answer Cx

Answering a similarity search query using different access paths

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

Indexes vs. Scans

The summary of Q (Qô) is compared to 

the summary of each candidate
2

5

1

4

1 2

3

bsf     = d(Q,Cx)

lbcur =  dlb(Qô,) > bsf

3  

Queue 4  

142

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



ŭ-Ů-Approximate* ng-Approximate

Probabilistic Ů-Approximate

Exact

Similarity Search 
Methods

ϗȮϘguarantees No guarantees

ϗɯǾɯƕȮɯϘɯÎÜÈÙÈÕÛÌÌϗɯǻɯƕȮɯϘɯÎÜÈÙÈÕÛÌÌ

ϗɯǻɯƕȮɯϘɯǻɯƔɯÎÜÈÙÈÕÛÌÌ

* result is within distance
(1+ Ȅ) of the exact answer 
with probability ȃ

extensions

Methods
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ADS+[ ]  

DSTree[ ]

iSAX2+ [ ]  

Mtree

VA+file[ ]

ADS+[ ]  

DSTree[ ]

iSAX2+ [ ]  

Mtree

QALSH

SRS

VA+file[ ]

0 ϗɯƕȮɯϘɯ0

ADS+         RTree

DSTree SFA

iSAX2+      Stepwise

Mtree UCR-Suite

MASS VA+file

ADS+           IMI

CK-Means iSAX2+[ ]

DSTree [ ]     NSG

Flann SFA 

HD-index VA+file[ ]

HNSW

Echihabi-
t±[5.Ψмф

Techniques for data Series
Techniques for High-D vectors

Publications

Echihabi-
t±[5.Ψму
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DSTree

Summarization
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Intertwined with indexing

The APCA and EAPCA representations

Publications

Wang-
t±[5.Ψмо



DSTree

Indexing

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

146

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

Publications

Wang-
t±[5.Ψмо



Symbolic Fourier Approximation (SFA)

Summarization
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The SFA representation*
*https://www2.informatik.hu-berlin.de/~schaefpa/talks/scalable_classification.pptx

Publications

Schafer-
95.¢Ψмн



SFA

Indexing

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

148

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

Publications

Schafer-
95.¢Ψмн



iSAXFamily

iSAXSummarization
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Åbased on iSAX representation, which 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  }

Publications

Shieh-
Y55Ψлу
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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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FBL

LBL

R

L1 I1

L4

main memory

disk

I2

L6L5

a

a

x

y

b
c

z

I3

L8L7

b
c

iSAX2+-Indexing
Publications

Camerra-
Y!L{Ψмп



ADS+

Ånovel paradigm for building a data series index

ſdoes not build entire index and then answer queries

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

Åstill guarantees correct answers

Åintuition for proposed solution

ſbuilds index using only iSAX summaries; uses large leaf size

ſpostpones 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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Publications

Zoumbatianos-
{LDah5Ψмп

Zoumbatianos-
t±[5.Ψмр

Zoumbatianos-
±[5.WΨмс



Raw data

PARTIAL
PARTIAL

ROOT

I1

L5L2

L1

I2

LBL

FBL

PARTIAL

DISK

RAML4

PARTIAL

Query #1

TOO BIG!
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Raw data

PARTIAL

PARTIAL

ROOT

I1

L5

I3

L2

I2

LBL

FBL

PARTIAL

DISK

RAML4

PARTIAL

Query #1

PARTIAL

L5L4

Adaptive split

Create a smallerleaf
154
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Raw data

PARTIAL

PARTIAL

ROOT

I1

L5

I3

L2

I2

LBL

FBL

PARTIAL

DISK

RAML4

PARTIAL

FULL

L5L4
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Coconut

Åcurrent solution for limited memory devices and streaming 
time series

ſbottom -up, succinct index construction based on sortable 
summarizations

156

Publications

Kondylakis-
t±[5.Ψму

Kondylakis-
{LDah5Ωмф
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Coconut

Åcurrent 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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Coconut

Åcurrent 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

ſcompatible with traditional single -dimensional balanced indexes

¶B+-tree, LSM-tree, é
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Coconut-LSM
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Publications

Kondylakis-
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Kondylakis-
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Kondylakis-
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Coconut-LSM
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ULISSE

ÅULISSE: current solution for variable -length queries

ſsingle-index support for 

¶queries of variable lengths

¶Z-normalized + non Z-normalized data

¶Euclidean + DTW distance measures

162

Publications

Linardi-
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Linardi-
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ULISSE

ÅULISSE: current solution for variable -length queries

ſsingle-index support for 

¶queries of variable lengths

¶Z-normalized + non Z-normalized data

¶Euclidean + DTW distance measures

ſorders of magnitude faster than competing approaches
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Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů
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Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů

ÅSL/CP: solutions for pairs/groups of (x -axis) aligned subsequences 
of length Óŭ, within large collections of (short) data series

ſprunes search space by discretizing values, and using checkpoints
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ſprunes search space by discretizing values, and using checkpoints
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Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů

ÅSL/CP: solutions for pairs/groups of (x -axis) aligned subsequences 
of length Óŭ, within large collections of (short) data series

ſprunes search space by discretizing values, and using checkpoints

ÅSBTSR-Tree: solution for (x -axis) aligned subsequences within 
large collections of (short) data series, which are geo-located

ſR-Tree like index on segmented data series, with bit-vectors that mark 
continuity of same series across segments
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Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů

ÅSL/CP: solutions for pairs/groups of (x -axis) aligned subsequences 
of length Óŭ, within large collections of (short) data series

ſprunes search space by discretizing values, and using checkpoints

ÅSBTSR-Tree: solution for (x -axis) aligned subsequences within 
large collections of (short) data series, which are geo-located

ſR-Tree like index on segmented data series, with bit-vectors that mark 
continuity of same series across segments

169

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Publications

Chatzigeorgakidiset al.
{{¢5Ωмф

Chatzigeorgakidiset al.
{LD{t!¢L![κDL{Ωмф



Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů

ÅSL/CP: solutions for pairs/groups of (x -axis) aligned subsequences 
of length Óŭ, within large collections of (short) data series

ſprunes search space by discretizing values, and using checkpoints

ÅSBTSR-Tree: solution for (x -axis) aligned subsequences within 
large collections of (short) data series, which are geo-located

ſR-Tree like index on segmented data series, with bit-vectors that mark 
continuity of same series across segments

ÅTS-Index: solution for subsequences of a long data series T that are 
similar to a (short) query sequence of length l

ſk-ary balanced index, built on per-point min/max envelopes of all l-
length subsequences of T
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Co-Evolving Subsequences

Ådiscover subsequences, where distance between points is always < Ů

ÅSL/CP: solutions for pairs/groups of (x -axis) aligned subsequences 
of length Óŭ, within large collections of (short) data series

ſprunes search space by discretizing values, and using checkpoints

ÅSBTSR-Tree: solution for (x -axis) aligned subsequences within 
large collections of (short) data series, which are geo-located

ſR-Tree like index on segmented data series, with bit-vectors that mark 
continuity of same series across segments

ÅTS-Index: solution for subsequences of a long data series T that are 
similar to a (short) query sequence of length l

ſk-ary balanced index, built on per-point min/max envelopes of all l-
length subsequences of T

171

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Publications

Chatzigeorgakidiset al.
{{¢5Ωмф

Chatzigeorgakidiset al.
{LD{t!¢L![κDL{Ωмф

Chatzigeorgakidiset al.
95.¢Ωнм



172

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



173

Echihabi, Zoumpatianos, Palpanas - EDBT 2021



ADS Index creation
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35%

5%

60%

Breakdown of time consumption 

Read data

Write data

CPU

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

60%



ParIS+
Parallel Indexing of Sequences

Åsolution for SIMD, multi -core, multi -socket architectures

ſcompletely masks out the CPU costduring index creation

ſanswers exact queries in the order of few secs on 100GB dataset

¶up to 3 orders of magnitude faster then single-core solutions
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ParIS+
Parallel Indexing of Sequences

Åsolution for SIMD, multi -core, multi -socket architectures

ſcompletely masks out the CPU costduring index creation

ſanswers exact queries in the order of few secs on 100GB dataset

¶up to 3 orders of magnitude faster then single-core solutions
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18x faster

k -NN Classification

Echihabi, Zoumpatianos, Palpanas - EDBT 2021

Publications

Peng-
.ƛƎ5ŀǘŀΩму

Peng-
¢Y59Ωнл


