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Questions This Tutorial Answers

A how important is high-dimensional data nowadays?

A what types of analysesare performed on high-d data?
A how can wespeed upsuch an analysis?

A what are the different kinds of similarity search ?
A what are the state-of-the-art high -d similarity search methods?

A how do methods designed fordata seriescompare to those designed
for general high-d vector similarity search?

A what are the open research problemsin this area?
A what are the connections todeep learning?
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Introduction, Motivation
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High-d data is everywhere
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High-d collections are massive
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Popular High-d data
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Popular High-d data

Data series

A collection of points ordered over a dimension
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Popular High-d data

Data series Deep Embeddings
A collection of points ordered over a dimension A low-d vector learned from data using a DNN
Input Layer Hidden Layer Output Layer
¥ 4-dimensional embedding
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Popular High-d data

Data series Deep Embeddings
A collection of points ordered over a dimension A low-d vector learned from data using a DNN
Input Layer Hidden Layer Output Layer
¥ 4-dimensional embedding
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Popular High-d data

Data series Deep Embeddings

A collection of points ordered over a dimension A low-d vector learned from data using a DNN

Input Layer Hidden Layer Output Layer
¥ 4-dimensional embedding
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Extracting value requires analytics
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Extracting value requires analytics

Clustering

LIl
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Extracting value requires analytics
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Extracting value requires analytics
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Extracting value requires analytics

Clustering
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Extracting value requires analytics
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Extracting value requires analytics

Clustering
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| HARD, because of very high dimensionality:
each high -d point has 100s -1000s of
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Extracting value requires analytics
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each high -d point has 100s
: dimensions!

| HARD, because of very high dimensionality:

even HARDER, because of  very large size:
millions to billions of high -d points (multi  -TBs)!

-1000s of
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High-a Similarity Search
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High-a Similarity Search
Problem Variations
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Problem Variations

Series
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Problem Variations

Series 8

Univariate

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

8
6
. 2
Series 8 9
Univariate Multivariate

each point represents one  €ach point represents many

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

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

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



o
Problem Variations

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

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

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

TGRAI L, RWS, SPI RAL, &
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o
Problem Variations

. . Paparrizos
Data Series Distance Measures

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

High-d Vectors Distance Measures

A similarity search is based on measuring distance
between vectors

A A variety of distance measures have been proposed
[L,di stances (0<pO2, b), ( Eucl i

Cosine distance

Correlation

Hamming distance

&
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Problem Variations

High-d Vectors Distance Measures

A similarity search is based on measuring distance
between vectors

A A variety of distance measures have been proposed
[L,di st ances (Eclideanzorp=R) , (

Cosine distance

Correlation

Hamming distance

e
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Euclidean Distance
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Euclidean Distance

Saaaanis
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Euclidean Distance
ERERRERY

AEuclidean distance
[ pair-wise point distance

ED(X,Y) = (x; — yi)?
5

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Similarity Matching
Fast Euclidean Distance

Asimilarity matching requires many distance
computations

[ can significantly slow down processing

1 because of large number of data series in the
collection

1 because of high dimensionality of each data series
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Similarity Matching
Fast Euclidean Distance

A similarity matching requires many distance
computations

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

Ain case of Euclidean Distance, we can speedup
processing by
[ smart implementation of distance function
[ early abandoning
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Similarity Matching
Fast Euclidean Distance

A similarity matching requires many distance
computations

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

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

Aresult in considerable performance improvement
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Publications

Similarity Matching
Fast Euclidean Distance

A smart implementation of distance function

O Q&) (0 w)
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Publications

Similarity Matching
Fast Euclidean Distance

A smart implementation of distance function

[ do not compute the square root (of the Euclidean

Distance) 5
[OXO/A N (w )
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Publications

Similarity Matching
Fast Euclidean Distance

A smart implementation of distance function

[ do not compute the square root (of the Euclidean

Distance) 5
[OXO/A N (w )

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

Similarity Matching
Fast Euclidean Distance

A early abandoning

[ stop the distance computation as soon as it exceeds the

value of bsf 5 5
O Qo) (w ) h a €
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Publications

Similarity Matching
Fast Euclidean Distance

A early abandoning

[ stop the distance computation as soon as it exceeds the

value of bsf 5 5
O Qo) (w ) h a €

A does not alter the results
A avoids useless computations
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Correlation

A measures the degree of relationship between data series
[ indicates the degree and direction of relationship
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Correlation

A measures the degree of relationship between data series
[ indicates the degree and direction of relationship
A direction of change

[ positive correlation
1 values of two data series change in same direction
[ negative correlation
1 values of two data series change in opposite directions
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Correlation

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

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

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Correlation

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

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

A useful in several applications
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Pear sonos Corr el a

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

equal length, n
n — —_—
- Z(xz—x)(yz—y)
n—1 i\ Sx Sy
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Pear sonos Corr el a

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

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

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

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

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

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

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

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

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

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

PC=_-13" z;-y; and OO ¢&& p) ¢ WD®
so the following formula is true: ED? =2(n — 1)(n — PC)

A direct connection between ED and PC for Znormalized data
series

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

\

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

i
A Euclidean |
[ rigid
A Dynamic Time Warping (DTW)
[ allows local scaling
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Distance Measures:
LCSS against Euclidean, DTW

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

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




Distance Measures:
Cosine Distance

y-axis

T
d A; B;
B ‘ L ‘ A . B E L=
similarity = cos(f) = AB| =
i

T
> a7, [3° B2
i=1 i=1

¥-aXis

[ Cosine distance = 1- cosine similarity
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Problem Variations

Queries

/\p

Whole matching

Entire quety
Entire Gl ithette

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Problem Variations

Queries
AD< S\
Whole matching Subsequence matching
Entirequery Entirequery

Entirecandidate A subsequence of @andidate
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Problem Variations

Queries

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

and mor eé
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Similarity Matching

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

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

A given a data series collection D and a query data series g,
return the data series from D that has the smallest distance to g
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Similarity Matching
Nearest Neighbor (NN) Search

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

A result set contains one data series
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Similarity Matching
Nearest Neighbor (NN) Search

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



Similarity Matching
Nearest Neighbor (NN) Search

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

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

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

A given a data series collection D and a query data series g,
return the k data series from D that have the k smallest
distances to g
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Similarity Matching
k-Nearest Neighbors (kNN) Search

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

A result set contains k data series
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Similarity Matching
k-Nearest Neighbors (kNN) Search

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



Similarity Matching
k-Nearest Neighbors (kNN) Search

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

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

[ return k d; corresponding to k elements in kbsf
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Similarity Matching
--Range Search

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

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

A result set contains [?] data series
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Similarity Matching
--Range Search

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

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

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

[ return all d; corresponding to elements in res
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Problem Variations

Queries
Nearest Neighbor (1NN)



Near est
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Near est

Echihabi, Zoumpatianos, Palpanas - ICDE 2021 71



Prob(d,=min{d})=1

result is exact NN
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Prob(d,=min{d})=1

result is exact NN
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Prob(d,=min{d})=1

result is exact NN

ne -approxim i
“ineighbors

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

result within ? of exact NN
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-~ xet - Prob(d,=min{d})=1

result within ( 1 +

result is exact NN
with probability 1

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

result within ? of exact NN
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result within ( 1 +

: i result is exact NN
with probability 1

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

result within ? of exact NN

—— A

result within( 1+ U) of
withprobabi |l ity at
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Near est Neil ghb o m=mm

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

. L
.........
. " b
. .

result within ( 1 +

result is exact NN
with probability 1

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

result within ? of exact NN

resultwithin( 1+ U) of exact
withprobabi l ity at | eas
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MeanlnngIneSS Of NN querles Publications

Beyer et al.
. . L/ 5¢W¥(
In high-d spaces o
L/5¢W
A Some studies have argued that NN search is not meaningful for a 'Ije/ e;at'- W
number ofhigh dimensional datasets due to the concentration of

distances.
[ However, these conclusions were based on erestrictive
assumptions such as:

1 data being identical and independently distributedl.d.) in each
dimension

1 dimensionality being the only factor determining meaningfulness
1 an asymptotic analysis of dimensionality growing to infinity

A Other studies have shown that higlimensional NN search is
meaningful for:
[ non-i.i.ddata
[ data with low intrinsic dimensionality

[ for avariety of reaworld datasets
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High-a Similarity Search
Process
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Similarity Search Process
_WWWW

Data Loading Procedure Query Answering Procedure

Cd Cll

Raw data

EchihabiZoumpatianosPalpanas|CDE 2021 80



Similarity Search Process
—WWWWW

Data Loadlng Procedure | Query Answering Procedure

Data Series
Raw data Data Database/
Indexing

data-to- query time
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Similarity Search Process
—WWWWW

Data Loadlng Procedure

Data Series
Raw data Data Database/
Indexing

CH

Query Answering Procedure

Queries

—_—

ANswers >

_____________________________________________________________________________________________________________________________________

data-to- query time
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Similarity Search Process
—WWWWW

Data Loadlng Procedure | Query Answering Procedure

CH

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

_____________________________________________________________________________________________________________________________________

data-to- querytlme query answerlnglme

these times are big!
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Similarity Search Process
—WWWWW

Data Loadlng Procedure | Query Answering Procedure

CH

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

_____________________________________________________________________________________________________________________________________

data-to- querytlme query answerlnglme

we need solutions

for both problems!
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0 5

Questions?
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T

Data Series Similarity Search
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RNy =

Outline

A Pre-processing Tasks

A Classes of Methods

A State-of-the-art Techniques
A New extensions
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0

Data Series Similarity Search
Pre-processing Tasiks
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RNy =

Pre-Processing
z-Normalization

A data series encode trends
A usually interested in identifying similar trends
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RNy =

Pre-Processing
Z-Normalization

A data series encode trends
A usually interested in identifying similar trends

A but absolute values may mask this similarity
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RS W

Pre-Processing
z-Normalization

A two data series with sirailarceréimsion
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RNy =

Pre-Processing
z-Normalization

A two data series with similar trends
Abut | arge distanceé
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RNy =

Pre-Processing
z-Normalization

\ 4

A zero mean
[ compute the mean of the sequence
[ subtract the mean from every value of the sequence
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RNy =

Pre-Processing
z-Normalization

o

A zero mean’ .
[ compute the mean of the sequence
[ subtract the mean from every value of the sequence
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RNy =

Pre-Processing
Z-Normalization

1 . |
A zero mean® o

o
[ compute‘the mean of the sequence

[ subtract the mean from every value of the sequence

oo
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RNy =

Pre-Processing
z-Normalization

¢ I I o
A zero meanI — : |

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

oo
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RNy =

Pre-Processing
z-Normalization

oo

A zero mean®

A standard deviation one .
[ compute the standard deviation of the sequence
[ divide every value of the sequence by thestddev
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RNy =

Pre-Processing
z-Normalization

1 . 1
A zero mean® g

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

oo
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RNy =

Pre-Processing
z-Normalization

] ' ] I
A zero means °

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

\ 4

oo
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RNy =

Pre-Processing
z-Normalization

IR

A zero meant : — 8
A standard deviation one !
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RNy =

Pre-Processing
Z-Normalization

A when to z-normalize
[ interested in trends



RNy =

Pre-Processing
Z-Normalization

A when to z-normalize
[ interested in trends

A when not to z-normalize
[ Interested in absolute values
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Comparison of Representations

A which representation is the best?
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Comparison of Representations

A which representation is the best?

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

Palpanast al.
L/ 59Q

Comparison of Representations|&EEEs
P P

A which representation is the best?

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

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

A should also take into account other factors
[ visualization, indexable, ...
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Data Series Similarity Search
Commen Framework
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G E M I N I F ramewo rk Publications

A Raw data: original full -dimensional space
A Summarization: reduced dimensionality space
A Searching in original spacecostly

A Searching in reduced spacefaster:
[ Less data, indexing techniques available, lower bounding

A Lower bounding enables us to

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

[ guarantee correctness of answer
{no false negatives

{Ifalse positives filtered out based on raw data
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G E I\/I I N I F ram eWO rk Publications

GEMINI Solution: Quick filter -and-refine:

Aextract m features (numbers, e.g., average)
Amap to point in m-dimensional feature space
Aorganize points

Aretrieve the answer using a NN query

Adiscard false positives
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Publications

GEMINI: contractiveness
AGEMINWworkswhen:

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

ANote that, the closerthe feature distanceto the
actualone,the better
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Data Series Similarity Search
Classes of Methoads
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Q is compared to each raw candidate in the
dataset before returning the answer C,

(a) Serial scan

Answering a similarity search query using different access paths
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Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

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

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

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

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

?

Memory
Disk
C
- o ® = ° .' : ® o

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

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

bsf=d(Q, C,)
Q

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

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

O

Memory
Disk
C
- o ® = ° .' : ® o

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

(a) Serial scan

Answering a similarity search query using different access paths

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



O
Similarity Matching
Serial Scan

Memory
Disk
C
- o ® = ° .. : ® o

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

(a) Serial scan

Answering a similarity search query using different access paths
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Indexes vs. Scans
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Q is compared to each raw candidate in the
dataset before returning the answer C,
(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Q is compared to each raw candidate in the
dataset before returning the answer C,
(a) Serial scan (b) Skip-sequential scan

Answering a similarity search query using different access paths
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Access Paths

Oq Oq

? ?

The summary of O, {O,Q is compared to
the summary of|each candidate

0
®

Q.O M .OD

]-1 ) rrr];l Tl)l?‘])

=T T\ h
Memory o EXTENDED| = < - -
Disk | \
O, is compared to each raw candidate in Og, is compared to a raw candidate only if
the dataset before returning the answer O, its summary cannot be pruned
(a) Serial (b) Skip -sequential (c) Tree -based index
scan scan

Answering a similarity search query using different access paths
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Extensions: Skip -Sequential Scans

bsf
Ib

cur

= d(04,0y)

= d,,(040 0,0 ¥ bsf

o 0,

dg<= d, (1+U)

o Result is within
N % \ distance

: O« % | theexactanswer

The summary of O, (049 is compared to
( 1+ tHgsummaryfof each candidate

exact
o : neighbor
ng-appro
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Extensions: Skip -Sequential Scans

bsf =d(0q0))

Ih cul - PIIU (n QA OXA 7 Igsf o
......... by 1+ U bsf
dl°J <= dx

\ Re_SUIt is within The summary of O, (O, is compared to
di st ance ( 1+ thgsummaryfofeach candidate
-+ | theexact answer

exact
neighbor
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Extensions: Skip -Sequential Scans

bsf = d(04.0y)
a0 v o\ OQ
dg<= d, (1+U;
. Re_SUIt is within The summary of O, (O, is compared to
v 4+ \ distance (1+
/ ox \\\ ‘

the) summaryfof each candidate

.| the exact answer

exact
_ : neighbor
ng-appro
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Extensions: Skip -Sequential Scans

bst =d(Oq OJE)
yMOOQ
- :\;“_ |
ot no°

P{dg<= d, (1+0)>=@®

Result is within The summary of O, {00 is compared to
\ di stance ( 1+ thesymmanybfeach candidate

O, \ % | theexact answer

1/ /8 2 \

- - - I "
_ \ with probability at T o ‘S '.E
neighbor i -l east u
/ Memory
4 Disk
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Extensions: Indexes

exact
: ) neighbor
ng-appP

bsf

= d(0,05)
Ib(:ur - dlb(OQ© < bsf
_ ° Q
dl°J <= dx (1+U )
Result is within
di stance (1+ U)
the exact answer
Me_merx____{ ................
Disk
° o © .x o © .0 : e o
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Extensions: Indexes

exact
: ) neighbor
ng-appP

bsf

=d(0 4,0,)
Ihm — dm(m\; f
Ibcur = dlb(OQgﬁ%g S (1+0 bsf
0,
do <= o (0]
Result is within
di stance (1+ U)
the exact answer
Me_merx____{ ..........
Disk
PS o © .x e o .. ® L] [ ]
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Extensions: Indexes

exact
: % neighbor
ng-app

bsf

=d(0 4,0,)

Result is within
di stance
the exact answer

(1+ 0)
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Extensions: Indexes

bsf = d(0 q,05)
If bsf <=( 1 +13(0q
L canachiONRRER _ o _ /;
P{dy <= d, (1+0)>=@ o
Result is within
N % \ distance (1+ U)
j O % | theexactanswer
t V% | with probability at
‘ exac \ : o
: % neighbor ¢ least u
| | Memory
~g-ap /A A A PO S _
/// D|Sk
¢ i ‘ Y Y [ J (o ® " = o )
5-e-approximate..
........ neighbor--~
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Data Series Similarity Search
State-or-the-Art Methods
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Publications
Echihabi
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Data Series Similarity Search
State-or-the-Art Methods

for a more complete and detailed presentation, see tutorial:

Karima Echihabi, Kostas Zoumpatianos, Themis Palpanas. Big Sequence
Management: Scaling Up and Out. EDBT 2021

http://helios.mi.parisdescartes.fr/~themisp/publications.html#tutorials

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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ISAXSummarization

2 | Adata serieg

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

A indexable Symbolic Aggregate
approXimation (SAX)

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

T typically normalizedto 7 =0, (=1

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

where t =% J T

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

2 | Adata serieg

. | PAA(T,4)
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ISAXSummarization

A indexable Symbolic Aggregate
approXimation (SAX)

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

T typically normalizedto 7 =0, (=1

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

n
W|

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

[ (2) Discretize into a vector of symbols

1 Breakpoints map to small alphabet a
of symbols

2 | Adata serieg

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

\ \ i I

4 8 12 16
Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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ISAXSummarization ‘
ISAXSummarization

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

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

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

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

L
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th
[ hi erarchically subdividesthSAX s
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th
[ hi erarchically subdividesthSAX s

e.g., th=4, w=4, b=1

e N g
N
R
olololo)
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th
[ hi erarchically subdividesthSAX s

e.g., th=4, w=4, b=1

1110
Insert: iiig
1110

1110
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th
[ hi erarchically subdividesthSAX s

e.g., th=4, w=4, b=1

1100
l1100

1110 L
1110
{1110
1110
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th

‘‘‘‘‘

S=g -
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th

S=g -

——————

<<
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~~_
~~_
~~_
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RNy =

ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th

S=g -

——————

<<
-~
~~_
~~_
~~_

—————————————
<--"-

~< -
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ISAXIndex Family

A non-balanced tree-based indexwith non -overlapping regions, and
controlled fan -out rate

[ base cardinality b (optional), segments w, threshold th

A Approximate Search
[ Match iSAX representation at each level

S=g -

——————

A Exact Search
[ Leverage approximate search
[ Prune search space
1 Lower bounding distance

<<
-~
~~_
~~_
~~_

—————————————
<--"-

~< -
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Publications

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

+[ 5. WW

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

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

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

[ use smaller leaf sizes (reduced leaf materialization and query
answering costs)

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications

FBL

LBL Q

Raw data

TOO BIG!

<-- I . -

PARTIAL

-

PARTIA

Zoumbatianos
{LDahb5
Zoumbatianos
tx[ 5. V¥
Zoumbatianos
+[ 5. WY

PARTIAL

PARTIAL

7
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ROOT Publications
{LDahb5
FBL Zoumbatianos
tx[ 5. V¥
11 Zoumbatianos

Adaptive split +[ 5. Wy

I

DISK

Query #1 ™™ -

4--
<--
<--

PARTIA

PARTIA PARTIAL
PARTIAL

Createa smallerleaf
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Publications
{LDahb5
F B L Zoumbatianos
tx[ 5. V¥

11 Zoumbatianos
+[ 5. WW¥

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

Raw data

4
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ADS Index creation

Breakdown of time consumption

M Read data
M \Write data
m CPU
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ADS Index creation

gdown of time consumption

M Read data
B \Write data
H CPU

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

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications
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Parallelization/Distribution

Yagoubi
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Lavchenke
KAI®2 H n

A DPiSAX: current solution for distributed processing (Spark)
[ balances work of different worker nodes
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RNy =

Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
KAI®2 H n

A DPiSAX: current solution for distributed processing (Spark)

r hﬁlﬁﬂf\f\f‘ \I\If\lf'll n'F Ai'F'Fnrnn'l' \I\lf\lf‘l/f\lf‘ nnn'nc‘

TS1 TS1 gl 000 ool 00
TS2 TS2
TS3 TS3 TS3 | 010
TS1=1{01, 00} Toe TS4 TS2 - )
TS2={00, 01} = T
Ts3={o1,01) |/ [T%° TS5 o 0o oo
TS4 = {00, 00} T o -
TS5 = {00 , 10} 'l
TS6 = {01, 113
TS7 = {10 , 00}
TS8 = {10 . 01} %g o . @ . .%‘-‘; I
1
01 }
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Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
KAIS2 H n

A DPiSAX: current solution for distributed processing (Spark)
[ balances work of different worker nodes
[ performs 2 orders of magnitude faster than centralized solution

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
YI''L{Q

Peng ’
. A35 U

A DPiSAX: current solution for distributed processing (Sg Peng

[ balances work of different worker nodes AR e

[ performs 2 orders of magnitude faster than centralized solution

A ParlS+: current solution for modern hardware
[ completely masks out the CPU cost

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



RNy =

Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
YIL{Q
A 351

. . ; . . . 51 U

A DPiSAX: current solution for distributed processing (Sg Peng

¢Y59Q

r hﬁlﬁﬂf\f\f‘ \I\If\lf'll n'F Ai'F'Fnrnn'l' \I\lf\lf‘l/f\lf‘ nnn'nc‘

/—create_\

thread
/"Raw Data Buffer N\ 1dxBulkLoading worker o~ —
B, > —_ T . Crag, 5. Calculate LB distance Teare h,
BDOf‘;ble o - ~= - 1. Query q arrives ~MW\— et “Cag 6. Read raw data
Utrer | s | | —h— using candidate
list order

cax eewerale candidate I|(§tl
| : | PN = e
el I S| B e U
= == —l_, Worker

RDC Worker

5

B, RecBuf ROOT RecBuf 2.Run — —— LB_gist >
- _—__: 0000 approximate =% LB_dist >
-_—— l _ search A FISAX Array of
. rray of i . .
Coordinate \‘/ 00100 00101 Summarizations Candidate List revyy
Worker 000 111 ) 7. Update Bsr (B5F )
PR Main memory O ey . Update Lt
Disk R R T M=
RAW Data —— 3. Read raw data
RAW File for series in leaf
:%C,\/L.\ T === AGetBSF

. J e Y

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



RNy =

Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
YI''L{Q

Peng
A DPiSAX: current solution for distributed processing (SH am );:ngs —

[ balances work of different worker nodes AR e

[ performs 2 orders of magnitude faster than centralized solution

A ParlS+: current solution for modern hardware
[ masks out the CPU cost

[ answers exact queries in the order of a few secs
1 3 orders of magnitude faster then single-core solutions

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications

Yagoubi

Parallelization/Distribution
Lavchenke
Peng
. . . . - A5
A DPiSAX: current solution for distributed processing (Sg
[ balar _ k-NN Classification —
[ perfc : | mADss m paris+ d solution
A ParlS+ ‘gﬁ 7
[ mask &=
[ answ  E£2 A
130 . _
o — — I L
I-NN 5—NN 10—NN 50—-NN

Number of nearest neighbors
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Publications

Yagoubi

Parallelization/Distribution
Lavchenke
Peng
. . . . . lIIIHIIIIII'
A DPiSAX: current solution for distributed processing (Sg
[ balar _ k-NN Classification —
[ perfc : | mADss m paris+ d solution
A ParlS+ %3 ]
[ mask «#=2 -
- 18x faster
[answ g2 A
o - — [ | I -_
1-NN 5NN 10-NN  50-NN

Number of nearest neighbors
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Publications

Yagoubi

Parallelization/Distribution

Yagoubi
¢Y59Q

Lavchenke
YI'L{Q

Peng ’
. A35 U

A DPiSAX: current solution for distributed processing (Sg Peng

¢Y59Q

[ balar k-NN Classification

<

-/

classifying 100K objects using a 100GB dataset
/ goes down from several days to few hours

l_ anSV\ o LOA TASLICTI
o - — ] -
I-NN

I
5—-NN 10—NN 50—NN
Number of nearest neighbors

Time
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Parallelization/Distribution

A DPiISAX: current solution for distributed processing (Spark
[ balances work of different worker nodes
[ performs 2 orders of magnitude faster than centralized solutic

anN

Publications

Yagoubi
L/ 5aW¥

Yagoubi
¢Y59Q

Lavchenke
YI''L{Q

Peng ’
. A35 U

Peng
¢ Y59 Q

Peng
ICDR H n

Peng

A ParlS+: current single-node parallel solution

+[ 5. WQ

[ masks out the CPU cost

[ answers exact queries in the order of a few secs
9 >1 order of magnitude faster then single-core solutions

A MESSI: current single-node parallel solution + in -memory

data

[ answers exact queries at interactive speeds: ~50msec on 100GB
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Parallelization/Distribution

A DPiISAX: current solution for distributed processing (Spark
[ balances work of different worker nodes
[ performs 2 orders of magnitude faster than centralized solutic

A ParlS+: current single-node parallel solution
[ masks out the CPU cost

anN

Publications

Yagoubi
L/ 5aW¥

Yagoubi
¢Y59Q

Lavchenke
Y!L{Q
Peng ’

. A3511 0

Peng
¢ Y59 Q

Peng
ICDR H n

Peng
+[ 5. WQ

Peng
ICDR H ™

[ answers exact queries in the order of a few secs
9 >1 order of magnitude faster then single-core solutions

A MESSI: current single-node parallel solution + in -memory

data

[ answers exact queries at interactive speeds: ~50msec on 100GB

A SING: current single-node parallel solution + GPU + in-memory data
[ answers exact queries at interactive speeds: ~32msec on 100GB

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Kondylakis
{ LDahb5

A Coconut: current solution for limited memory devices

and streaming time series

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

EXt ensli onse L

Kondylakis
{LDah5

A Cd Segment1 >

A really simple and extremely fast ordering S =85

- — O O

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

110 N g : g
101 f \ A

100 f \ ~e\ ,
011 -
010 c I c\

001

LO

001

010 4n

?‘E%?%Z
=
L0

Tlooo - @ =

001

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

< Segment2
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Kondylakis

Extensi onse L5

Kondylakis
{LDah5

A Coconut: current solution for limited memory devices

and streaming time series
[ bottom -up, succinct index construction based on sortable
summarizations
[ outperforms state-of-the-art in terms of index space, index
construction time, and query answering time
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. ’ Kondylakis

Coconut \Y/

EXt ensli onse L

Kondylakis

{LDah5
/\/\ﬁ When the buffer s full Kondylakis
en the bufrer is full:
8 l Buffer ‘I.l \ + [ 5. W
= - . . Incoming data series are summarised /| ltis sorted, indexed and flushed to |
= @ mGax [B1811801 | (81111168 | . q / . w: no
5 = - : I <4+——— and the summatries along with the / Level 1 forming an “indexed run \
. | Empty siot raw data are pushed into a buffer / A
% 8 Raw gata |NJ [—\_——\J %@ p! // \\
= S "ov - 4
Indexed Run I’___ - _+\ . I |
) |
- : : ! When Level i reaches capacity: |
— ] [ { \
- | .
g . |(ruam‘| |ae7uuas‘| ‘ oreenis) | : : / The runs within it are merged \I\.
3 —_— | | ,f' and flushed to level i+1 \
Row dsta | _—r /_.,-\_J N : : / \\‘
— ] 1 / N\
| |
W; ) | ——
Indexed Run L N |
______________ :
|
. b e ; i
[ S S S — :
> s [ ) @ ] ][ ( . i
5 — — : ;
o et ‘—z LS .—;J —r'J L;J l_J : : x
. |
Indexeg Run i "
|
2 :
[ l
3 0 1
] - )
= 1
: ——
o
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Coconut -LSM

Publications

. 7 Kondylakis
ExXtensi onse TS
Kondylakis

Coconut Kondylakis

Index +[ 5.

WQ

sorted -
Level 1 :
invSAX
[ Data Series
4““ I r'\\\ I
”I’ BU|“\\\ Coconut | "I' Bml‘l\\ c“ml‘t I
, whenfull ‘\ Index /" whenfull Index
A —— A —
sorted—p l sorted—p I
Level O

I

I

|

(Cmsax J 1 (Comsax ] 1 G ] (s )
I|Data$eries [ Data Series ] | [DataSeries IIIIII [ Data Series ]l
I
|

_______

' Window size I

| |
. Window 1 ' >

Window 2 ,
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Publications

Kondylakis

Extensi onse 25

Kondylakis
{LDah5

Kondylakis

+[ 5. WQ
Linardt

A Coconut: current solution for limited memory devices e —

. . . Linardt
and streamlng time series t£[ 5.

Linard

[ bottom -up, succinct index construction based on sortable s[5, W
summarizations

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

A ULISSE: current solution for variable -length queries
[ single-index support of queries of variable lengths
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Publications

Kondylakis

Extensi onse 25

Kondylakis
{LDah5

Kondylakis

+[ 5. WQ

Linardt
L/ 59Q

< el
1 '

emax

A Coconut: current solut | —
] : : ! Linard
and streamir /\/D;.zmin t £[ 5.

I bottom -up, succinct ir iosterseries R = sl W

summarizations (a) — . . .

Aligned Master Series

[ outperforms state-of-{ ex
construction time, and %D

(b) l ‘ Containment aréa l
A ULISSE: current soluti i o\
[ single-index support G :

|
d
'
'
'
1
'

ml \

\
. \ : » o
: \ .

(c)

U (Paa word)
L (Paa word)
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Publications

Kondylakis

Extensi onse 25

Kondylakis
{LDah5

Kondylakis

+[ 5. WQ
Linardt

A Coconut: current solution for limited memory devices e —

. . . Linardt
and streamlng time series t£[ 5.

Linard

[ bottom -up, succinct index construction based on sortable s[5, W
summarizations

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

A ULISSE: current solution for variable -length queries
[ single-index support of queries of variable lengths
[ orders of magnitude faster than competing approaches
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|ISAXIndex Family

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

park)

+ Multi-Core,
Multi-Socket, SIMD

[ Parls | Paris+ }{ MEssI | c

A 4

SING C

+ Graphics Processing
Units (GPUs)

[——————

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

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

search with deterministic and probabilistic quality guarantees. Echihabi, Zoumpatianos, Palpanas. ICDE 2021



RNy =

Symbolic Fourier Approximation (SFA)
Summarization

a time series T Fourier transform L/ 59V

DFT 1.89 -473 -4.89 0.56

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

value

approximation

| | 2 Fourier
0 64 128 192 256 coefficients

time

MCB " quantization

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

reali imag: real; imag:

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

Publications

Schafer
L/ 59y

root
CACD DAAD MBR
internal i il 4
node \ K4
(c:) C D D) /
CACD CCAD CEBA DaAD DCDA
CADA CCCA CEB-C DACC DCEF
)/ / \1 )/ ’ °
(DC)
(CA) (CC) (CE) (DA)
DCDA DCEA
CACD CCAD CEBA DAAD DCDC DCEF
CACE CCBA CEBB DACA - -
CADA p CCCA CEBC DACC D / E \
A e 3 (DCD) (DCE)
|/ \\ DCDA DCEA
SFA words . DCDB DCEB
Neaf — . —— »{ DCDC DCEF

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

The SFA Trie*
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RNy =

DSTree -
Summarization

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

3.0 + 3.0 L
(8] O 0 O
2.0 + * 2_0 1 *
o O O 0O
10 + — 1.0 + —
o - o .
. O ) _ 0 _
10 1 O_ A floating-point value 1.0 1 O_ A pair of flogting-point values
representing the mean of this representing the mean and
segment . smndarddeﬁadan_ofﬁris
segment
P) a
APCA(V) = [-1,1,2.15] EAPCA(V) = {[-1,0.4],[1,-0.2],[2.15,0.25]}
(a) APCA (b) EAPCA

Intertwined with indexing

The APCA and EAPCA representations

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



RNy =

DSTree

Indexing

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

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

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

1"72"734

Each Leaf node also :
C stores its raw

\ / vectors in a separate
disk file

Echihabi, Zoumpatianos, Palpanas- ICDE 2021




Publlcatlons

ParSketch

. . ) Yagoubkgt al.
solution for distributed processing (Spark) DMKDV M y
represents data series using sketches
using a set of random vectors (JohnsonLindenstrauss lemma)
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Publlcatlons
ParSketch
KDBVY n p
. . ) Yagoubkgt al.
solution for distributed processing (Spark) DMKDV M y
represents data series using sketches
using a set of random vectors (JohnsonLindenstrauss lemma)

Rl = (1,112,143, ...1yw)

X = (‘:Cll‘:cZ) 153; e ‘:CH, ) RZ (;Csﬂl,xSKZ, Xsk3’ xsk{ )
» J2 P e P L 2: T 23, LT W
y (yl y ’ 3 . yﬂ. ) ( 2 2 )

(ysk1,ysk2,ysk3, ysk4)
z= (24,22 Z3, - Zy) R3 = (31,732,133, ...T3W) (zsk1,zsk2,zsk3, zsk4)
R4 = (131,742,143, ...13w)

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



—H
ParSketch

] L . Yagoubkgt al.
solution for distributed processing (Spark)
represents data series using sketches

using a set of random vectors (JohnsonLindenstrauss lemma)

Rl = (1,112,143, ...1yw) . .
X = (X1,%X2, X3, o X ) R2 = (11,132,733, ... raw) (xsk1,xsk2,xsk3,xsk4)
Y= 01Y2 Y3 o Yn) SRR e (ysk1,ysk2,ysk3, ysk4)
z= (24,22 Z3, - Zy) R3 = (31,732,133, ...T3W) (zsk1,zsk2,zsk3, zsk4)
R4 = (131,742,143, ...13w)

define groups of dimensions in sketches

store the values of each group in a grld (in parallel)
each grid is kept by a node [of* o

paas A
o

Hi

([ ]
(]
T
L i
ad

nodel [ | [ | | L L1 | | node?2
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Publlcatlons

ParSketch

] L . Yagoubkgt al.
solution for distributed processing (Spark)
represents data series using sketches

using a set of random vectors (JohnsonLindenstrauss lemma)

( ) Rl = (1,112,143, ...1yw) . .
X = (Xq1,%X2, X3, - Xp, (xsk1,xsk2,xsk3,xsk4)
R2 = (r1,1,2,153, ...ToW
Y= 012, Yar o V) (2l 72imed, - r2w) (ysk1, ysk2, ysk3, ysk4)
z= (24,22 Z3, - Zy) R3 = (31,732,133, ...T3W) (zsk1,zsk2,zsk3, zsk4)
R4 = (131,742,143, ...13w)

define groups of dimensions in sketches

store the values of each group in a grld (in parallel)
each grid is kept by a node [of* o

paas A
o

Hi

([ ]
(]
T
L i
ad

nodel [ | [° | | L L1 | | node?2

for ng-approximate query answering (originally proposed for Urange queries)
find in the grids time series that are close to the query
finally, check the real similarity of candidates to find the results

performs well for high -frequency series

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications

Zhang
L/ 59V

Wu-
L/ 59V

Feng )
other techniques, not covered here: L999 'O
TARDIS
KV-Match
L-Match
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RNy =

Publications

Zhang

L/ 59W¥
Wu-

L/ 59V

Feng )
L999 IO

other techniques, not covered here:

Echihabi
TARDIS 95. ¢ Y
KV-Match
L-Match

A for a more complete and detailed presentation, see tutorial:

[ Karima Echihabi, Kostas Zoumpatianos, Themis Palpanas. Big Sequence
Management: Scaling Up and Out. EDBT 2021

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Questions?
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High-0 Vector Similarity Search
State-or-the-Art mMethods
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RNy =

High-d Vector Similarity Search Methods

ATree-Based Methods
AHash-Based Methods
AQuantization -Based Methods
AGraph-Based Methods

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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High-0 Vector Similarity Search
State-or-the-Art mMethods

Tree-Based Methods

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



KD-tree
ASolution for exactkNN search

(0,100) (100,100)
’ |
£(40,85) l F(70,85)
B(10,70) |
‘ {
|
c(10,60)
‘ 3 A(50,50)
’ ln(zs 20) {
5 GER J c(80,85)

(0,0)

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Publications

SilpaAnan
[ £t wQ

Randomized KDtree

ASolution for ng-approximate kNN search

[ Multiple randomized kd-trees with a small set of
dimensions with highest variance

[ Concurrent search on the forest ofkd-trees

Figure from Muja
et al . VI SA

Example of randomized kd-trees. The nearest neighbor is across a decision
boundary from the query point in the first decomposition, however is in the same
cell in the second decomposition.

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Flann

ASolution for ng-approximate KNN search
[ Randomized kd-tree
[ Hierarchical k -means

Projections of priority search k-means trees constructed using different
branching factors: 4, 32, 128

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Publications

I\/I Tre e Ciaccieet al.
+[ 5. Q¢

Ciaccieet al.
diL, L/ 590Q

\ l!@
‘ 0000 00 (X X X J |000
A Solution for exactand U-Uapproximate kNN search
A Each node N of the tree has an associated region, Reg(N), defined as
Reg(N) ={p:p TU,d(pv ) ¢ry}
where:
[ vw(t he Acentero) i1is also called a routing

[ ry IS called the (covering) radius of the region
A The set of indexed points p that are reachable from node N are guaranteed to have d(p,y) ¢ ry

Slide by M. Patella.

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



230 H
Publications

Tre e Ciaccieet aI
i [ 5.
Ciaccieet al.
A Each node N stores a variable number ofentries

Leaf node:
A An entry E has the form E=(ObjFeatures,distP, TID), where
[ ObjFeatures are the feature values of the indexed object

[ distP is the distance between the object and its parent routing
object (i.e, the routing object of node N)

Internal node :

A E=(RoutingObjFeatures,CoveringRadius,distP,PID), where
[ RoutingObjFeatures are the feature values of the routing object
[ CoveringRadiusis the radius of the region

[ distP is the distance between the routing object and its parent
routing object (undefined for entries in the root node)

Slides by M. Patella.

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Publcatlons

Ciaccieet aI

Mtree- Fast pruning based on distP | TTE

A Pre-computed distances distP are exploited during query -
execution to save distance computations

A Let v, be the parent (routing) object of v,

A When we come to consider the entry of \, we

[ havealready computed the distance d(q,\) between the
guery and its parent

Ciaccieet al.
L/ 59Q

- From the triangle inequality it is:
[ know the distance d(vp,v
Vp (ve h:) d(g,vy) 2 1d(,vp) - d(Vp,vy)I
d(q, VP) I Thus we can prune node N
d(v p,VN without computing d(qg, vy) if
q
II 1d(Q, vp) - d(Ve,vy)| >y T
VN / I
/
' /
: y 7 Consider a range query {p: d(p,q) ¢ r}

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



HD-Index

A Solution for ng-approximate kNN search

[ Index creation

Publications

Arora et al.
t [ 5.

Choose m

Divide v Construct Hilbert Construct 1
Database —={ dimensions into curves for B+-trees using
T partitions n=v/t dimensions Hilbert keys
Store distances to Compute
reference objects in distances to

full -dimensional space

= =N E

Slide by A. Bhattacharya

B+-tree leaves

reference objects

reference objects

Dimensions are partitioned
For each partition, a spacefilling (Hilbert) curve is passed
Hilbert keys are indexed using a modified B+-tree

Reference objects are chosen
Leaves of B+trees contain distance to reference objects in the

Modified B+ -trees are calledReference Distance B+trees (RDB-trees)
Collection of RDB-trees form High -Dimensional Index (HD -Index)

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Publications

HD-Index

A Solution for ng-approximate KNN search
[ Query answering

Search each RDB-tree Apply

. triangular
to retrnieve £

Query — " o candidates inequality to

Appl
get B candidates — Pml};}sn];ic

- Y mequality to

_ Get candidates get y candidates
from all Tt RDB-trees
(size K <= T.y)

Return

Compute K
exact distances

answer set
of size k

T Query Q partitioned into same subspaces

1 For each RDB-tree, initial search retrieves Ucandidates
1 U 2 on each side of the query Hilbert key
1
1

Candidates are refined successively ta and Acandidates using triangular and
Ptolemaic inequalities

Collection of all such candidates form the final candidate set of sizeé
1 Exact distance computations are done with these & candidates to return top-k

Slide by A. Bhattacharya
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High-0 Vector Similarity Search
State-or-the-Art mMethods

Aash-=Basead Methoads
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Locality Sensitive Hashing (LSH s

Indyk et al.
{¢h/ Qd

A Solution for U-Uapproximate KNN searchi <
A Random projections into a lower dimensional space using hashing
A Probability of collisions increases with locality

A c-Approximate r -Near Neighbor: build data structure which, for any

query qQ:
[ Ifthereisapointp NP, |lp-g| | O r ThR Hp-ole|t u® nc prd

A c-approximate nearest neighbor reduces to capproximate near neighbor
[ Enumerate all approximate near neighbors

A Find a vector in a preprocessedset SP {0, 1} d that has minimum
Hamming distance to a query vector ynN {0, 1} d

(ry, 1y, Py, Po)-Sensitive [IM98] °
APl h(x) =pibdsy)x,] yO © ‘
AP h(x) =, iidsy()x,] yQ| & :

Echihabi, Zoumpatianos, Palpanas- ICDE 2021




Publications

Locality Sensitive Hashing (LSH

[ V] aQ

AA large family

[ Different distance measures:
! Hamming distance
TL,( 0 < p Ostabl distribusian to generate

the projection vector

1 Angular distance (simHash)
{l Jaccard distance (minhash)

[ Tighter Theoretical Bounds

[ Better query efficiency/smaller index size

Echihabi, Zoumpatianos, Palpanas- ICDE 2021
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Probabilistic Mapping

d.s

>
w

P “(0)=[h 4(0), h ,( O) , é,
hm(o)] .

v
v

A Probabilistic, linear mapping from the original
spaceto the projected space

Slide by W. Wang

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



Probabilistic Mapping

N

Dist (P)

d.s

P

Q

v

“(O)=1[h 40),h ,( O) ,
h, (O)]

7

m dims

“(Q)
. )
é&’tO')D‘St(f -0

* (P)

v

A Probabilistic, linear mapping from the original space to
the projected space
A What about the distances (wrt Q or “ (Q)) in these two
Spaces?

Slide by W. Wang

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



SRS

Sun et al.
tx[ 5. Q

A d .]5 IEEEEEEEee—— /) m .S
- x(P) "(Q
P “0)=[h O),h,( 0) , | Groi™ _-O
IDist (P) h,.(0)] .e///
~ ) (P) ~
Q

ProjDist (P)? ~ Dist(P)2* .2

A Given that ProjDist( P ) , what can we infer about Dist(P)?
[ If Dist( P) ,t@en R ProjDist( P) ] ONDg( (r/R)?)
[ If Dist(P) > cR, then Pr[ ProjDist( P ) ] ONQK (r/ cR)?) =t
[ (some probability) at most O(tn) points with ProjDist O R
[ (constant probability) one of the O(tn) points hasDist O R

A This solves the socalled (R, c)-NN queries C returns a c2 ANN

A Using another algorithm & proof C returns a c-ANN Slide by W. Wang

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



C2LSH/QALSH

d .s m.s
@ “Q)

. P O=h A0 h(0) | & -0
Dist (P) h,. (O)]

Gan et al.
{ LDahb5

>~
L
>~
L

v
y

Q

Collision wrt w:if |h.(P)T h( Q) | & w
AGi ven t#hcetl | Rées what capwe infer about Dist(P)?

[ If Dist( P) ,t@enR[#col | i si on@ O

[ If Dist(P) > cR thenPrf#col | i|si] o O

[ (some probability) at most O([ ,*n) pointswith # c ol | 1| si or
[ (constant probability) one of the O(] ,*n) pointshas # c o | | i| sni

Slide by W. Wang
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uery-oblivious LSH functions
e

A The query -oblivious LSH functions for Euclidean distance:

~

o Otd
Qp (€) { 001

1

] =3 Query -Oblivious Bucket

e random Partition :

projection/‘/ _ _
. e G Buckets arestatically  determined
OtD O before any query arrives;
/@t random shift cUsetheor i gin (i.e., ;A00
. ¢If kyG) |kg(a), wesay- and a
¢ collide under "Qj, (1).

Slide by Q. Huang
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QALSH

t+[ 5. Q
AQuery -aware LSH function = random projection + query -aware
bucket partition
kG) Ft¥

$ Query -Aware Bucket Partition

A‘ candom % C BlrJ]cketAs ar.edyr\amlcally determined
. ®. projection when Aarrives;
‘\\ \:il‘”ﬂ\‘b \ h: o cUs eljF» & 0as anchor ;
@\\ - \\\

; l}z A . G If an object ¢ falls into the anchor
k- bucket ,ie.,|kC) k(D] - we

"o say= and Acollide under "Q(%).

Slide by Q. Huang
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VHP

A Solution for t-Uapproximate kNN search

[ Indexing:

1 Store LSH projections with
Independent
B+ trees.

[ Querying
1 Impose a virtual hypersphere in the
original highd space
1 Keep enlarging the virtual
hypersphere to accommodate more
candidate until the success probability

IS met
Slide by W. Wang

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



-
Some Comparisons
Candidate Conditions

Method Collision Count (Observed) Max Candidates
Distance
SRS =m O r T

QALSH Ol m n/a In
VHP Oi(i= 1, 2,0Lé, m) In

Candidate Regions
VHP = SRSz QALSH

Slide by W. Wang

;Echihabi,Zoumpatianos, Palpanas- ICDE 2021
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High-0 Vector Similarity Search
State-or-the-Art mMethods

Quantization-Based Methoads
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il
VA fi |e Publications

A A solution for exactkNN search
A The basic idea of theVVA-file is to speed-up the sequential scan

by exploiting a nVector Approxi mat.
A Each dimension of the data space is partitioned into 2" intervals
using b, bits
[ E.g.: the 1st coordinate uses 2 bits, which leads to the
Intervals 00,01,10, and 11

A Thus, each coordinate of a point (vector) requires now b bits
instead of 32

A The VA-file stores, for each point of the dataset, its
approximation, which is a vector of a_,  b; bits

11 P3 Feature values VA -file
10 | p1 p1[0.1 0.6 p1 |00 10
Data space o1 p2e p2|0.7 0.4 p2 | 10 01
00 pn310.9 0.3 p3 111 11

Slides by M. Patella. 00 01 10 11
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V/ t fl Ie Publications
Blott et. al
+[ 5. Qg

A Query processing with the VA-file
is based on afilter & refine
approach

A For simplicity, consider a range
query
Filter : the VA file is accessed and .
only the points in the regions that °/’“\°
intersect the query region are . -+ o \
kept R / r )\-
Refine: the feature vectors are o T . )
retrieved and an exact check is

made o /

actual results
false drops
excluded points

Slides by M. Patella.
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Publications

VA-+file —

et al.
/| LYaQnn

ASolution for exactkNN search

AAn improvement of the VA -file method:
[ Does not assume that neighboring dimensions are
uncorrelated
[ Decorrelates the data using KLT
[ Allocates bits per dimension in a non-uniform fashion

[ Partitions each dimension using k-means instead of
equi-depth

Echihabi, Zoumpatianos, Palpanas- ICDE 2021



The Inverted Index
alesnial=ln®lslsl

‘. el n R
s DDDDDDDD[]DDDDDD

0

Visual codebook side by A savenko




Querying the Inverted Index

Sivicet al.
® / Query:

A Have to consider several
words for best accuracy

A Want to use as big
codebook as possible

T

conflict
) A Want to spend as little
N time as possible for
Slide by A.Babenko matching to codebooks
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Product Quantization

Jegou et al.
¢ct!alLQ

1. Split vector into correlated subvectors
) 2. use separate small codebook for each chunk

Quantization vs. Product quantization:

For a budget of 4 bytes per descriptor:

1. Can use a single codebook with 1 billioncodewords

2. Can use 4 different codebooks with 256codewords each

EEZINENENENENESES

IVFADC+ variants (state-of-the-art for billion scale datasets) =

iInverted index for indexing + product quantization for reranking
Slide by A. Babenko
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Publications

The Inverted Multl -Index ——

Idea : use product quantization
for indexing

Main advantage:
For the same K, much finer
subdivision achieved

Main problem:

Very non-uniform entry size
distribution

Slide by A. Babenko

¢t! alLQ

01 000000.0,06,06,00© .—-.—Ql
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Querying the Inverted Multl -Index

_
Input: query B%b(tan'kogtflg

Answer to the query:

Il Inn Output: stream of entries
=[5

u

N

s EEEE
pEEE B

AR
AN
N

Slide by A. Babenko
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Righ-a Vector Similarity Search
State-or-the-Art mMethods
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