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Entities: an invaluable asset

OEntitiese is what a large part of our knowledge is about:

P N Locations

Organizations

Products
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How many names, descriptions or IDs (URIs) are
used for the same real-world centitye?
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London, KY

London, Laurel, KY
London, OH

London, Madison, OH
London, AR

London, Pope, AR
London, TX

London, Kimble, TX
London, MO

London, MO

London, London, Ml
London, London, Monroe, Ml

London, Uninc Conecuh County, AL

London, Uninc Conecuh County, Conecuh, AL
London, Uninc Shelby County, IN

London, Uninc Shelby County, Shelby, IN

London, Deerfield, WI
London, Deerfield, Dane, WI

London, Uninc Freeborn County, MN
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QX
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London, AR
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London, TX

London, Kimble, TX
London, MO

London, MO

London, London, MI

London, London, Monroe, Mi

London, Uninc Conecuh County, AL

London, Uninc Conecuh County, Conecuh, AL
London, Uninc Shelby County, IN

London, Uninc Shelby County, Shelby, IN
London, Deerfield, WI

London, Deerfield, Dane, WI

London, Uninc Freeborn County, MN

A
Q
(0p)
(@t
Za\
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London, Jack
2612 AlmesDr
Montgomery, AL
(334) 2727005

London, Jack R

2511 Winchester Rd
Montgomery, AL 36108327
(334) 2727005

London, Jack

1222 WhitetailTrl

Van Buren, AR 729568
(479) 4744136

London, Jack

7400 Vista Del Mar Ave
La Jolla, CA 920354
(858) 4561850

QX



Content Providers

How many content types / applications provide
valuable information about each of these dentities€?

News about London

REUTERS

reviews on hotels in London

The Free Encyclopedia

;. i
. ReVitW ANYTNING

\'\[ures and tags about London

flickr

Wiki pages about the London

Linked )] -

Social networks in London You TUbe

Videos and tags for London

Papadakis & Palpanas, WWAQ18 April2018



Preliminaries on Entity Resolution

Entity Resolutionbong et al. Book2015 [ElImagarmickt al., TKDE 2007]

identifies and aggregates théfferent entity profiles/records that
actually describe theamerealworld object.

Useful because:
Aimproves data quality and integrity
Afosters reuse of existing data sources

Applicationareas:

LinkedData, Socid\Networks, census data,
price comparison portals



Types of Entity Resolution

The input of ER consists of entity collections that can be of two
types|[Christen,TKDE 2011
A clean which are duplicatdree
e.g, DBLPACM Digital LibraryVikipedia,Freebase
A dirty, which contain duplicate entity profiles in themselves
e.g., Google Scholdtjteseef



Types of Entity Resolution

The input of ER consists of entity collections that can be of two
types|[Christen,TKDE 2011
A clean which are duplicatdree
e.g, DBLP, ACM Digital Library, Wikipedia, Freebase
A dirty, which contain duplicate entity profiles in themselves
e.g., Google Scholdtjteseef

Based on the quality of input, we distinguish ER into 3tagks:
A CleanClean ERa.k.a.Record Linkagén databases)

A Dirty-Clean ER _ Equivalent taDirty ER
A Dirty-Dirty ER (a.k.a.Deduplicationin databases)

—




Challenges for ER over Web Datc

A Volume
I Millions of entities
I Billions of namevalue pairs describing them
i LOD Cloud*: 5,510/ entities, 4,510 triples
A Variety

i SemistructuredR I 0 T dzy LINBOSRSVY (i
neterogeneity

I Numerous entity types & vocabularies
I LOD Cloud*: 50,000 predicates, 42,000vocabularies

A Velocity

I NewDBPediarersion every 6 months
*http://stats.lod2.eu:



http://stats.lod2.eu/
http://stats.lod2.eu/
http://stats.lod2.eu/
http://stats.lod2.eu/

Computational cost

ERis an inherently quadratic problem (i.€(n?)):
every entity has to be compared with all others

ER does not scale well to large entity collections (e.g., Web Dat:



Computational cost

ERis an inherently quadratic problem (i.€(n?)):
every entity has to be compared with all others

ERdoes notscalewell to large entity collections (e.gWeb Data)

Solution:Blocking
Agroup similaentities intoblocks

Aexecute comparisons only insiéach block

A complexity is now quadratic to the size of the block (much smaller
than dataset size!)



Computational cost

Brute-force

Blockin
Input: ,."flpproach J

Entity Collection E

Duplicate

Pairs

|[E| entities

16
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Example of Computational cost

DBPedis3.OND DBPedia3.4

1.2million entitiesT 2.2million entities

Entity matchingJaccardimilarity of all tokens
Cost per comparison0.045milliseconds (average 0t1billion comparisons)

Brute-force approach

Comparisons2.581 102
Recall100%0
Running time1,344R | & 8.7 y@ars

Optimized Token Blocking Workflow
Overhead time4 hours
Comparisons8.951 10°
Recall99%%
Total Running timel0 hours




Example of Computational cost

DBPediao ® n NIDBPeadia3.4
1.2 millionentitesT H®H YAttt A2Y Sy idAl

Entity matchingJaccardimilarity of all tokens
Cost per comparison: 0.045 milliseconds (average of 0.1 billion comparisons)

Brute-force approach
[ 2YLI NAAaA2yaY HPpy 1 ™Mn

Recall: 100%
Runningtimem > o n n b

Optimized Token Blocking Workflow
Overhead time: 4 hours
Comparisons8.951 10°

Recall: 99%
Total Running ti




Scalable Entb-end ER workflow

Stepl Step 2 Step 3 Step 4

Block Block Entity Entity
Building Processing Matching Clustering
Cluster Refine blocks Compare the Partition the
together to increase candidate = compared
similar precision at matches  profiles into
entities no significant realworld

cost In recall entities



Outline

Introductionto Blocking

Blocking Methods foRelational Data
Blocking Methods for Web Data
Block Processing Techniques
Meta-blocking

Entity Matching

Entity Clustering

Massive Parallelization Methods
. Progressive Entity Resolution
10 Challenges

11.JedAlToolkit

12.Conclusions

©CONOOR~WNE



Partl:
Introductionto Blocking

Papadakis & Palpanas, WWW 2018, April 2018
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Fundamental Assumptions

Everyentity profile consists of ainiquely identifiedset of
namevalue pairs.

Every entity profile corresponds to a single reairld
object.

Two matching profiles aréetectedas long as they eo
occur in at least oné t 2 Geptity Iyatchingis an
orthogonal problem.

Focus orstring values



General Principles

1. Represent each entity hgne or moreblocking keys

2. Place into blocks all entities having th@meor similar
blocking key.

Measures folassessing bloakuality [Christen, TKDE 2011]

i Pairs Completenessi 6 (optimistic recal)

i Pairs Qualityd 0 (pessimistic precisior

Tradeoff!

23
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Problem Definition

Givenone dirty (Dirty ERor two clean (CleaiClean ER)
entity collections clustertheir profiles intoblocks

and processhem so that bothPairs Completene$BQ and
Pairs QualityfPQ aremaximized

caution:

A Emphasis on Pairs Completeness (PC).
I iIf two entities are matching then they should coincide at some block



Blocking Techniques Taxonomy

1. Performancewise
A Exact methods
A Approximate methods

2. Functionalitywise
A Supervised methods
A Unsupervised methods

3. Blockswise
A Disjoint blocks
A Overlapping blocks
I Redundancyneutral
I Redundancypositive
i Redundancynegative

4. Signaturewise
A Schemabased
A Schemaagnostic



Performancewise Categorization

1. ExactBlocking Methods
I Maximize PQ for PC = 100%
I Closedworld assumption
I E.g., for bibliographical records , t if:
JaccardSimilari(g.title, t.title) >0.80 AND
EditDistancés.venuet.venue) <3
I Existing methods:
A Silkih FAE GSNAY 3 G§SOKYAIldzS F2
A LIMESH ONARIFYy3IEfS AySihnezicd AGée ¥
2. ApproximateBlocking Methods
Pt/ f w~vMnmrk: b KAIK tv
I Openworld assumption



Performancewise Categorization

1. ExactBlocking Methods
I Maximize PQ for PC100%
I Closedworld assumption
I E.g., for bibliographical records , t if:
JaccardSimilari(g.title, t.title) >0.80AND
EditDistancés.venuet.venue) <3
I Existing methods:
A Silk T)\f 0SNAY3I USOKYAIldzS T2
A - V3tS AYySilnedzicd AGé& T
pproximate Blocking Methods
PC00: IhHh KAIK tv
Openworld assumption

:
1 our focus




Functionalitywise Categorization

1. SupervisedMethods
A Goal: learn the best blocking keys from a training set

A Approach: identify best combination of attribute names
and transformations

A E.g., CBLO(QS8armeet. al, CIKM2017,
[Bilenkoet. al., ICDM200], [Michelson et. al., AAAOOG

A Drawbacks:

I labelled data
I domaindependent

2. UnsupervisedMethods
A Generic, popular methods



Functionalitywise Categorization

1. SupervisedMethods
A Goal: learn the best blocking keys from a training set

A Approach: identify best combination of attribute names
and transformations

A E.g., CBLO(QS8armaet. al, CIKM 2012
[Bilenkoet. al., ICDM 2006[Michelson et. al., AAAI 2006]

A Drawbacks:
T labelled data
i domai

2. UnsupervisedMethods
A Generic, popular methods

our focus




Blocking Workflowkapadaist. al., vioro1s

E_s Block S Block | Comparison |/ g
Building Cleaning Cleaning
Lazy Block- Comparison
blocking refinement refinement
methods methods methods
\ Y J

Proactiveblocking methods



Blocks and Signaturavise Categorizatior
of Block Building Methods

Overlapping Blocks
Disjoint
Blocks Redund_ancy Redundancy Redundancy
negative neutral positive
1. (Extended)
Schema Standard (Eé;ir;%e)/d) Sorted é.k()liiitﬁgdedpgrams
based Blocking . Neighborhood :
Clustering > MFEIBlocks 2. (Extended) Suffix Arrays
1. Token Blocking
Schema ) ) ) 2. AgnosticClustering
agnostic 3. TYPiMatch
4. URI Semantics Blocking




Block Processing Methods

[Papadakigt. al., VLDB 2016]

Mostly forredundancypositiveblock building methods.

Block Cleaning

A Blocklevel
I constraints on block characteristics

A Entity-level
I constraints on entity characteristics

Comparison Cleaning

A Redundant comparisons
I repeated across different blocks

A Superfluous comparisons
I Involve nommatching entities



Part2:
BlockBuildingfor Relational Data



General Principles

Mostly schemabasedtechniques.

Rely on two assumptions:

1. A-prioriknownschemdh y2 y2AaS Ay 0l
2. For each attribute name we know some metadata:

I level of noise (e.g., spelling mistakes, false or missing
values)

I distinctiveness of values



Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering

Papadakis & Palpanas, WWW 2018, April 2018 35



Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l

LAZY BLOCKIN Extended
METHODS Canopy
Clustering
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Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l

Extended
Canopy

Clustering
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BLOCKING
METHODS

LAZY BLOCKIN
METHODS



Overview of Schemhased Methods

| Standard Blockingl

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l

Extended
Canopy

Clustering
Papadakis & Palpanas, WWW 2018, April 2018

PROACTIVE
BLOCKING
METHODS

LAZY BLOCKIN
METHODS



Standard Blockin@eieget. al., 3ass 1969]

Earliest, simplest form of blocking.

Algorithm:

1. Select the most appropriate attribute name(s) w.r.t. noise
and distinctiveness.

2. Transform the corresponding value(s) into a Blocking Key (B

3. For each BK, create one block that contains all entities havir
this BK In their transformation.

22NJ a Fra I KIakK 7¥defualilybfBKsH Tt



Example of Standard Blocking

DATASET 1 DATASET 2
ﬁntlty1 \ Entity 3
first name=Antony P. first name=Antony
last name=Gray last name=Gray
address=Los Angeles, California address=L.A., California, USA
zip_code=91456 zip_code=91456
N /
Entity 2 Entity 4
first name=Bill first name=William Nicholas
last name=Green last name=Green
address=Los Angeles, California address=L.A., California, USA
zip_code=94520 zip_code=94520

_ 91456 94520
Blocks orzip_code NG D CORC
40
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Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering
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Overview of Schembased Methods
blocks contain entities witkimilar blocking keys

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorte Extended Suffix
Neighborhoodl/‘l,\k Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering

Papadakis & Palpanas, WWAM18 April2018 42



SOI‘ted NeigthrhOOdernandez et. al., SIGMOD 1995]

Blocks on thesimilarityof BKs 91456 @

1. Entitiesare sorted In
alphabeticorder of BKs.

) ) ) 94520 m
2. A window of fixedsize @
slidesover the sorted list of entities.
3. At each iteration, icompares @

the entities thatco-occur
within the window.



SOI‘ted NeighborhOOdernandez et. al., SIGMADB9Y

Blocks on thesimilarityof BKs 91456

1. Entitiesare sorted In
alphabeticorder of BKs.

2. A window of fixedsize
slidesover the sorted list of entities.

3. At each iteration, iIcompares
the entities thatco-occur
within the window.

94520
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SOI‘ted NeighborhOOdernandez et. al., SIGMOD 1995]

Blocks on thesimilarityof BKs 91456

1. Entitiesare sorted In
alphabeticorder of BKs.

2. A window of fixedsize
slidesover the sorted list of entities.

3. At each iteration, iIcompares
the entities thatco-occur
within the window.

94520
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SOI‘ted NeighborhOOdernandez et. al., SIGMADB9Y

Blocks on thesimilarityof BKs 91456

1. Entitiesare sorted In
alphabeticorder of BKs.

2. A window of fixedsize
slidesover the sorted list of entities.

3. At each iteration, iIcompares
the entities thatco-occur
within the window.

94520
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SOI‘ted NeigthrhOOdernandez et. al., SIGMOD 1995]

Blocks on thesimilarityof BKs 91456 @
1.

Entitiesare sorted In
alphabeticorder of BKs.

) ) ) 94520 m
2. A window of fixedsize @
slidesover the sortedist of entities.
3. At each iteration, icompares @

the entities thatco-occur
within the window

Extended Sorted Neighborho@glristen Tkpeo11
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Blocks on thesimilarityof BKs 91456 @

1. Entitiesare sorted In
alphabeticorder of BKs.

: : : 94520 m
2. A window of fixedsize @
slidesover the sortedist of entities.
3. At each iteration, icompares @

the entities thatco-occur
within the window

Extended Sorted Neighborho@ghristen,TkpE 2071
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SOI‘ted NeighborhOOdernandez et. al., SIGMOD 1995]

Blocks on thesimilarityof BKs 91456

1. Entitiesare sorted In
alphabeticorder of BKs.

2. A window of fixedsize
slidesover the sortedist of entities.

3. At each iteration, iIcompares
the entities thatco-occur
within the window

94520

Extended Sorted Neighborho@glristen Tkpeo11
200 | gAYR2¢ 2F FAESR &BKI S af

49
Papadakis & Palpanas, WWW 2018, April 2018



Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood A Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering
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Overview of Schembased Methods
blocks contain entities witkame, or similablocking keys

Standard Blocking

/\)

Sorted Suffix
' Arrays

l

Extended Suffix

Q-grams
Blocking

Neighbor Arrays
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering

Papadakis & Palpanas, WWW 2018, April 2018 51



Q-gramsBlockingaravano et. al., viLbB 2001]

Blocks orequalityof BKs.
Converts every BK into the list of gggrams

Forg=2, the BK®1456and 94520yield the following blocks:

91 (94

COCD CDCD

56 (20

A

A Advantage:
robust to noisy BKVs
A Drawback:
fF NASN) of 201a&a M KATKSNI O2

52
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Extended @rams Blockingaxter et. al., kb 2003]

BKs of highediscriminativeness
Instead of individuat]-grams,BKs from combinations gfgrams.

Additional parameter:
thresholdt ™ (0,1)specifies the minimumumberof
g-grams per BK as follows;:, O +e Nl 1 4,

where ‘Gis the number ofj-grams from the original BK

Example:
for BK= 91456, g=2 and t=0.9,
we havel . =3 and thefollowingvalid BKs:
91 14 45 56
91 14 45
91 14 56
91 45 56
14 45 56



M FI BIOCkﬁ(eniget. al.,1S 2013]

Based on mining Maximum Frequdtémsets

Algorithm:
A Place all entities in a pool
A while (minimum_support> 2)
I For eachtemsetthat satisfieaminimum_support
A Create a block
A If b satisfies certain constraint8lock Cleaning
I remove its entities from the pool
I retain the best comparison£pmparison Cleaning

I decreaseminimum_support

Pros i

Aladzatte GKS Y2ad STFFSOUAOS
maximizes PQ (precision)

Cons

A Difficult to configure
A Time consuming

of 2071



Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering
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Overview of Schembased Methods
blocks contain entities witkimilar blocking keys

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlock
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering
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CanOpy CIUSteringcCallum et. al., KDEOOQ

Blocks orsimilarityof BKs.

Points at a distance < T2 cannot
be canopy centers themselves
and belong to the canopy
centered at Point P

J/

Points at a distance > T1 are

considered too far away do not
I

Points at a distance > T2 but less

than T1 from the center point are
a part of the canopy but can also
be canopy centers themselves

J/

)
Center of the Canopy(P) J

57
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Extended Canopy Clusteri@sten, t«ok 201

Canopy Clustering is too sensitive w.rtwisight thresholds
- high values may leave many entities out of blocks.

Solution:Extended Canopy Clusterin@hristen, TKDEO1]]
A cardinality thresholdinstead of weight thresholds
A for each center of a canopy:
I the n, nearest entities are placed in its block
i then, 0 H{) nearest entities are removed from the pool



Overview of Schemhased Methods

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffix
Neighborhood Arrays
MFIBlocks
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering
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Overview of Schembased Methods
blocks contain entities witkameblocking keys

Standard Blocking

Sorted Suffix
Neighborhood Arrays
Q-grams l
l Blocking
Extended Sorted Extended Suffi
Neighborhood Arrays r
MFIBlocks 3
Extended Canopy
Q-grams Clustering
Blocking l
Extended
Canopy
Clustering

Papadakis & Palpanas, WWAM18 April2018 60



Suffix Arrays BlocKkingaweet ai.. wiri 20

Blocks on theequality of BKs.

Converts every BK to the list of its suffixes that are longer than a

predetermined minimum length,,;...
Forl

min

(91456

=3, the key91456and94520yield the blocks:

(94520

§
Entity 1 Entity 3
7 inid @

(1456 (4520 )
Entity 2 Entity 4 Entity 1 Entity 3
@ @ Ceney vs )

520

Entity 3
IRCIPRCT

Frequent suffixes are discarded with the help of the parambter
- specifies the maximum number of entities per block



Extended Suffix Arrays BlocKitgen, Tkoe 201:

Goal:
support errors at the end of BKs

Solution:
considerall substringgnot only suffixes) with more thalg,,
characters.

Forl . =3, the key€91456and94520are converted to the BKs:
91456, 94520

9145, 9452
1456, 4520
914, 945
145, 452

456 520



Summary of Blocking fdyatabasegchristen, TkDE2011

1. They typically emplogedundancyto ensurehigher recall
In the contextof noise at the cost of lower precision (more
comparisons). Stiliecallremainslow for many datasets.

2. Several parametet® be configured
E.g., Canopy Clustering has the following parameters:
|. String matching method
Il. Threshold {
Ill. Threshold §

3. Schemadependentth Y I ydzI f RBKFAYAGA 2



ImprovingBlocking folDatabase$rapadakis et. al., VLDB 2915

Schemaagnosticblocking keys

A Use every token as a key

A Applies to all schembased blocking methods

A Simplifies configuration, unsupervised approach

Performance evaluation
A Forlazy blockin S K2 Ra Th
very high, robust recall at the cost of more comparisons
A Forproactive blockin S0 K2 Ra TIh
relative recall gets highavith more comparisons,
absolute recall depends on block&nstraints



Part3:
BlockBuildingfor Web Data



Characteristics of Web Data

Voluminous, (sem)structured datasets.
A DBPedi®2014:3 billiontriples and38 millionentities
ABTC09:1.15 billiontriples, 182 millionentities.

Users are free to add attribute values and/or attributames

A unprecedented levelsf schema heterogeneity
A DBPedi&.4:50,000attribute names
A Google Basel00,000schemata forl0,000entity types
ABTC09:136,000attribute names

Several datasets produced by automatformation extraction
techniques

A noise, tagstyle values.



DATASET 1

/Entlty 1

name=United Nations Children’s Fund

Example of Web Data

DATASET 2

acronym=unicef

oose Sche

\ address=Los Angeles, 91335

Entity 2

name=AnnVYeneman

position=unicef

address=Californj

ZipCode=90210

Bindin
headquarters=CM\

Split
values

Attribute
Heterogeneit

Entity 3

organization=unicef

California

tatus=active

N
Los Angeles, 91335

Entity

first e=Ann
lastName=Veneman
residence=California

zip_code=90201

68

Papadakis & Palpanas, WWW 2018, April 2018



Token Blocki NGapadakiet al., WSDNO011]

Functionality:

1. given an entity profileextract all tokens that are contained
its attribute values

2. create2yS o0f 201 F2NJ) SOSNE RA&Q]
contains all entities with the corresponding token

Attribute-agnosticfunctionality:

A completelyignoresall attribute names, but considess|
attribute values

A efficient implementation with the help of invertethdices
A parameterfree!

*Each block should contain at least two entities.



Token Blocking Example

DATASET 1

DATASET 2

/" Entity 1 \

name=United Nations Children’s Fund

acronym=unicef

headquarters=California

\ —

Entity 2

name=AnnVeneman

position=unicef

address=California

Entity 3

organization=unicef
hdg=California

status=active

Entity 4
firstName=Ann
lastName=Veneman

residence=California

California

Papadakis & Palpanas, WWa®18 April2018



Attribute-Clustering Blocking

[Papadakiet. al., TKDE 2013

Goal:

groupattribute names into clusters.t. we can apply Token Blocking
Independently inside each cluster, without affecting effectiveness
M aYlft SN of201ax KAIKSNI STFA

DATASET 1 DATASET 2
(" Enthy 1 A Entlty 3 Building address
name=United Nations Children’s Fund organization=unicef headquarte rs
acronym=unicef ) hdg=California hdq
headquarters=California | status=active
- ~ || —
Entity 2 Entity 4 Person address
name=Ann Veneman firstName=Ann add ress
— residence
position=unicef lastName=Veneman

California_BA California_PA

Papadakis & Palpanas, WWW 2018, April 2018

address=California residence=California l




Attribute-Clustering Blocking

Algorithm

A Create a graph, where evenpderepresents an attribute name
and its attribute values

A For each attribute name/nods,
I Find the most similar node,
i If sim(n,,n;) > 0, add aedge<n;,n>
A Extract connected components
Atdzi Fftt aiay3atsSazy y2RSa Ay |

Parameters
1. Representation model

I Character grams, Character-gram graphs, Tokens
2. Similarity Metric

I JaccardGraph Value Similarity~IDF



Attribute-Clusteringvs
Schema Matching

Similar to Schema Matching, 0 dandamentally different:

1. Associatedattribute names do not have to be semantically
equivalent. They only have to produce gduldcks

2. Allsingletonattribute namesare associated with eaather

3. UnlikeSchema Matching, it scales to thery high levelsf
heterogeneity of Welbata
I because of the above simplifying assumptions



TYPIMatc hMa et.al., WSDM 2013]

Goal:
cluster entities intaoverlappingtypesand apply Token
Blocking to the values of the best attribute for each type.

organizations

persons

DATASET 1

DATASET 2

/" Entity 1
name=United Nations Children’s Fund

acronym=unicef

headquarters=California

_/

Entity 2

name=Ann Veneman

position=unicef

address=California

!

Entity 3

organization=unicef

hdg=California

status=active

/" Entity 4

firstName=Ann

lastName=Veneman

residence=California

California_1
Entity

S eBo] & &
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TYPiIMatch

Algorithm:

1.

O

Create airected graph, where nodes correspond to
tokens, and edges connect those-@ccurring in the same
entity profile, weighted according to conditional-co
occurrence probabillity.

. ConvertGto undirected graptb @nd getmaximal cliques

(parameter’ ).

. Create arundirected grapiD QWhere nodes correspond to

cligues and edges connect the frequentlyaaxurring
cligues(parameters).

. Get connected components to foramtity types
. Get best attribute name for each type using an entropy

based criterion.



Evidence for SemantW&/eb Blocking

For Semantic Web data, three sources of evidence create blocks c
lower redundancy than Token Blocking:

1.Infix

refix Infix Suffix
http://dblp.13s.de/d2r/resource/publications/books/sp/wooldridge V99 /ThalmannN99
httpy//bibsonomy.org/ury bibtexkey/books/sp/wooldridge V99  /ThalmannN99  /dblp

2.Infix Profile
3.Literal Profile

Infix ====-~- Infix Profile - --—,
URL: <http://dbpedia.org/resource/Barack_Obama> | 1 Barack_Obama ; Michelle_Cbama :
. . it i - - " ' _________ I . .
|:||r|:hnan."e. .Ealack HJ.'-.'-E”'-I Obama Il ! Joe Biden Hawaii |
dateOfBirth: ~1961-08-04 Literal Brofil L e e e e e e = = )
; . g oy 55T i : e T R T aeral Frafye === === --—-—-—- 1
birth Flace._ _ rHa Wail -:.http. J","ljtlpEdIE..Dl g/resource/Ha m?n.-” . Barack 08 America  States
shortDescription: “44th President of the United States of America I ) I
_ . ) . o _ 01 Obama 04 20 Adth
SPOUSE: <http://dbpedia.org/resource/Michelle_Cbama> | | . . Hawaii United |
Vicepresident:  <http://dbpedia.org/resource/loe_Biden> : 2003 _'?’f Hussein ) !
| 1961 the Il President |

Algorithm for URI decomposition in PH&8)m in [Papadaki®t al.,iiWAS201(.
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URI Semantics Blockipgpadakist al., wspmo12

The above sources of evidence leadtoarameterfree blocking
methods:

1.Infix Blocking
every block contains all entities whose URI has a specific Infix

2.Infix Profile Blocking

every block corresponds to a specific Infix (of an attribute value) and con
all entities having it in their Infix Profile

3.Literal Profile Blocking

every block corresponds to a specific token and contains all entities havir
In their Literal Profile

Individually, theseastomicmethods have limited coverage and,
thus, low effectiveness (e.g., Infix Blocking does not cover blank
nodes).

However they are complementary and can be combined

Into compositeblocking methodsvith highrobustness and
effectiveness!



Summary of Blocking for Web Data

HighRecallin the context olnoisyentity profiles and extreme
schema heterogeneity thanks to:

1. redundancyhat reduceghe likelihood of missedhatches.

2. afttribute-agnosticfunctionalitythat requiresno schema
semantics.

Low Precisiorbecause:
A the blocks are overlappinBhredundant comparisons

A high number of comparisons between irrelevé&ity (1 A U A S
superfluous comparisons

78
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Token Blocking Example

DATASET 1

DATASET 2

/" Entity 1

~

name=United Nations Children’s Fund

acronym=unicef

headquarters=California

-

Entity 2

name=Ann VYeneman

position=unicef

address=California

Entity 3

organization=unicef
hdq=California

status=active

Entity 4
firstName=Ann

lastName=Veneman

RedundaF‘s"f‘"'|1ia

Comparison

Superfluous

Comparison
Papadakis & Palpanas, WWa®18 April2018




Part4.
Block Processing Technigues



Outline

Introductionto Blocking
Blocking Methods foRelational Data
Blocking Methods for Web Data

. Block Processing Techniques
I Block Purging
I Block Filtering
I Block Clustering
.
|

B WO

Comparison Propagation

lterative Blocking
Meta-blocking
Entity Matching
Entity Clustering
Massive Parallelization Methods
Progressive Entity Resolution
10 Challenges
11. JedAlToolkit
12. Conclusions

© 00N O
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General Principles

Goals

1. eliminateall redundantcomparisons

2. avoidmostsuperfluouscomparisons
without affecting matching comparisons (i.eC).

Depending on the granularity of their functionality, they are
distinguished into:

1. Blockrefinement
2. Comparisorrefinement
A lterative Methods



Block Purging

Exploits powettaw distribution of block sizes.

Targetsoversized blockgi.e., manycomparisons, no duplicates)

Discards them bgetting an upper limit on:
A the sizeof each blockPapadakis et al., WSDa011],
A the cardinalityof each blockPapadakis et al., WSD2017]

Coremethod:
A Low computational cost.
A Low impact on effectiveness.
A Boosts efficiency to a large extent.



Distributions of Block Sizes and Duplica
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Distributions of Block Sizes and Duplica
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Distributions of Block Sizes and Duplica
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Block Filtering:’apadakiet. al, EDBP2014

Malin ideas:

A eachblockhas a different importance for evepntity it
contains.

A Largerblocks are less likely to contain unique duplicates
and, thus, are less important.

Algorithm

A sort blocks in ascending cardinality

A build Entity Index

A retain every entity inr%of its smallesblocks
A reconstructblocks



Block Filtering Example

£ocs

e

unicef

.
Entity 3

Entity 1 ntity 2

J/

California N\

Ecs

Entity Index

{ unicef, x
— {Ann, Veneman, unicefx}
—> { unicef, N

{Ann, VenemanN}
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Block C|USteringisher et. al., KDD 20[15

Main idea:

A restrict the size of every block infb,,.., b,
I necessary in applications like privgaeserving ER
| operates so that ||B|| increases linearly with |E|

Algorithm

A recursive agglomerative clustering
I merge similar blocks with size lower thbg,,
I split blocks with size largénanb, .,

A until all blocks have the desired size



Comparison PropagatiQbupadakist al.,JcDR011

A Eliminate alfedundantcomparisons at no cost in recall.
A Naive approach does not scale.

A Functionality:
1. Build Entity Index
2. Least Common Block Index condition.

T ) = o D)
T ) = o )

I:>[b1]—>[b2]—>[b5]




Iterative BlocKin@vnang et. Al siomob 2009

Main idea:

Integrate block processing witmtity matchingand reflect outcomes
to subsequently processed blocks, until no new matches are detec

Algorithm
A Put all blocks in a queue Q
A While Q is not empty
I Get first block
I Get matches with an ER algorithm (e.gSWwoosh)
AFor eactmew pair of duplicatep, |J
I Merge their profiled JQLJQ< p p,>and update them in
all associated blocks
I Place in Q all associated blocks that are not already Iin



Part5:
Meta-blocking

Papadakis & Palpanas, WWa®18 April2018
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Motivation

E—>

Block
Building

—>

Block
Cleaning

—>

Comparison
Cleaning

DBPediao ® n NIDBPgdisB3.4
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Motivation

Block

E—3 Building

—>

Block
Cleaning

—>

Comparison
Cleaning

DBPedia3.OND DBPedis3.4
1.2YA Tt A2y Bamillianlentited

Comparisons2.581 102
Recall100%

Running time1,344R | & 8.7 y@ars

Brute-force approach

T



Motivation

3 Block 3 Block S Comparison
E Building Cleaning Cleaning —> B

DBPediao ® n NIDBPegdisB3.4
MOPH YAfEA2Y SYGAGASE T HOH

Brute-force approach
Comparisons H PPy 1T wmn
Recall: 100%
wdzy yAy3 GAYS3YWyemEonn RIF&a TIh

Token Blocking + Block Filtering + Comparison Propagation
Overhead timex30mins
Comparisonso ®@p 1071 ™M n
Recall99%
Total Running timel9 days




Motivation

3 Block 3 Block S Comparison
E Building Cleaning Cleaning —> B

DBPediao ® n NIDBPegdisB3.4
MOPH YAfEA2Y SYGAGASE T HOH

Brute-force approach
Comparisons H PPy 1T wmn
Recall: 100%

wdzy YAy 3 GAY(S3Vyear8)onn RIF&a TIh

Token Blocking + Block Filtering + Comparison Propagation
Overhead time<30mins
Comparisonso ®@p 1071 ™M n

Recall99%
Total Running tiRgel9 days




Motivation

3 Block S Comparison > B

Cleaning Cleaning

Block

E—3 Building

DBPedisB.O0ND DBPedis3.4
1.2YAE € A2y Bamilianjentited T

Brute-force approach

Comparisons2.581 102
Recall100%

Running time1,344R | :

Token Blocking + Block Filtering + Comparison Propagation
Overhead time<30mins
Comparisons3.51 100

Recall99%
Total Running tiggel9 days

Token Blocking + Block Filterin@#




Meta-blockingrapadakist. al., TkpE014

Goal:

restructurea redundancypositive block collectioninto a new
one that contains substantiallylower number of redundant
and superfluouscomparisonswhile maintainingthe original
numberof matchingones(nPCF 0, nPQ>>1)h



I\/Ieta—blocking[papadakigt. al., TKDE 2014]

Goal:

restructurea redundancypositive block collectioninto a new
one that contains substantiallylower number of redundant
and superfluouscomparisonswhile maintainingthe original
numberof matchingones(nPCF 0, nPQ>>1)h

Main idea:
common blocks provide valuable evidence for the similarity c
entities
M 0KS Y2NB of201a 092 SydaAl
the more likely they are to be matching



Outline of Metablocking

Graph
Building

=)
OO

P

@)@j

E3 E4

Edge
Weighting

Graph
Pruning

GgP
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Graph Building

Foreveryblock:

AforSOSNE @dfiahode

A for every pair ofco-occurringentities Madd an undirected
edge

Blocking graph:

A It eliminates alfedundantcomparisonsh
no parallel edges.

Al 26 YIFTOGSNAFEATFOAZ2Y 0O02aid M
Implicit materialization througimvertedindices
A Different fromsimilarity grap



Edge Weighting

Fivegenerig attribute-agnostioweighting schemes that rely on
the following evidence

A the number of blocks shared by two entities
A the size of the common blocks
A the number of blocks or comparisons involving each entity.

Computational Cost:

A In theory, equal to executing all pairise comparisons in the
given block collection.

A In practice, significantly lower because it does not employ
string similarity metrics.



Weighting Schemes

AggregateReciprocal Comparisons Scheme (ARCS)
: P
¥ ——
R~ O RS
Common Blocks Scheme (CBS)

VI
Enhanced Common Blocks Scheme (ECBS

: v~ DI 4 B
U d 13 1=
¥ 3 SO D3
Jaccardscheme (JS)

, S
U ” ” ”
61 6] & s
Enhanced Jaccard Scheme (EJS)

S S
1| | s

; i TSAS~N TSAS
) d 1= 1=
S S s S °S



Graph Pruning

Pruning algorithms Edge-centric
_ functionality
1' Edgecentrlc weight  cardinality
2. Nodecentric z
global
they producedirectedblocking graphs 0
P local
e
Pruning criteria (a)
Scope: Node-centric functionality
1. GIObaI weight  cardinality
2. Local ¢ |global
Functionality: °
P
1. Weight thresholds e [
2. Cardinality thresholds (b)

104

Papadakis & Palpanas, WWW 2018, April 2018



Thresholds for Graph Pruning

Experiments show robust behavior of the following
configurations:

1. Weighted Edge PruningVEP)
threshold: average weight across all edges

2. Cardinality Edge Prunin@CEP)
0 KNBaAK2ftRY Y T . t971 p9pkKH

3. Weighted Node PruningWNP)
threshold for each node, the average weight of the
adjacent edges

4. Cardinality Node PruningCNP)
threshold for each node, k=BPE



Back to Motivation

Block

E—3 Building

—>

Block
Cleaning

—>

Comparison
Cleaning

DBPedis3.0ND DBPedis3.4

Comparisons2.581 102
Recall100%%

Running time1,344R | & 3.7 ya@ars

Brute-force approach

Token Blocking + Block Filtering + Comparison Propagation

Overhead time<30mins
Comparisons3.51 1010
Recall99%

Total Running timel9 days

Token Blocking + Block Filterintyleta-blocking




Back to Motivation

3 Block 3 Block S Comparison
E Building Cleaning Cleaning —> B

DBPediao ® n NIDBP4gdiaB3.4
Brute-force approach
Comparisong H ®PFy 1 M
Recall: 100%
wdzy YAYy3 GAYSIyemrEonn RIF&&a TIb

Token Blocking + Block Filtering + Comparison Propagation
Overhead timex30mins
Comparisonso ®p 71 mn
Recall99%
Total Running timel9 days

Token Blocking + Block Filterinéyle€ta-blocking
Overheadime: 4 hours
[ 2YLI NAaz2yayY yoddhpp 1 wMmn
Recall99%
Total Running timel0 hours




Back to Motivation

3 Block 3 Block S Comparison
E Building Cleaning Cleaning —> B

DBPediso @ n NIDBPqdis3.4
Brute-force approach
Comparisong H ®PFy 1 M

Recall: 100%
wdzy V Ay 3 ij)\vonn RI&a Ib

Token Blocking + Block Filtering + Comparison Propagation
Overhead timex30mins
Comparisonso ®p 71 mn
Recall: 99%
TotalRunning time19 days

Token Blocking + Block Filterintyleta-blocking
Overheadime: 4 hours
[ 2YLI NAaz2yayY yoddhpp 1 wMmn

Recall99%
Total Running ti




Meta-blocking Challenges: Time Efficier

Bottleneck edge weighting
A Depends on|6|| & BPE
i O o8 pf|l6]] T p ATBPEZ5MH3hours
i O x&8 p#|l6l] ¢ p A°?BPE40MH186hours

300

actual

Hours (log scale)

desired (linear)

Millions of Entity Descriptions



Enhancing Metdlocking Time Efficiency

1. Block Filtering
UNIT nody T n GAYSEA Tl adSN LINE
U reduces both ||B|| and BPE

2. Optimized Edge Weightirigapadakis et. al., EDBT 2016]
U Entity-basedinstead ofBlockbasedimplementation

U An order of magnitude faster processing, in combination with
Block Filtering

3. Multi-core Metablocking
U Commodity hardware

4. Parallel Metablocking
U HadoopCluster



M u |t| -Core MetabIOCking[Papadaki:et. al, Semantics 2017

Twotypesof methods:
A Blockbased
A Entity-based

Forkjoin approach:

A computationalcostsplitinto setof chunkg placedin anarray; with
anindexindicating nexthunk to beprocessed

A Everythreadretrieves currentwvalue ofindexandassignedo
processcorresponding chunk

*chunk= Individualtems* or a nonoverlapping set of items
*Item = an individual block or an individual entity



Parallelization Strategies

Depending on the definition of chunks, we defined the following

parallelization strategies:

1. RandomlJF N} £ f St AT FOA2Y Ih AYRAODAF

2. NailveParallelizatioribindividual items sorted by cost
(#comparisons)

3. Partitiont F N} £ £ St AT F0A2Y T loyerldppidy
groups ofitems with the same computational cost

4. SegmentParallelizatiof h#cores noroverlappinggroups of items
with the samecomputational cost



Segment Parallelization

Input:
Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

oo =1{10,9,8,7,6,5,4,3,2,1}



Segment Parallelization

Input:
Al1={3,510,6,1,9,2,4,7, 8}
A number of segments4)

looreq = {10]9, 8, 7,6,5,4,3,2,1}

lterations [t1 Total Cost
Segmentl 10 10




Segment Parallelization

Input:
Al1={3,510,6,1,9,2,4,7, 8}
A number of segments4)

lsorted = ={ 1(3 8,7,6,54,3,2,1}

lterations It1 It2 Total Cost
Segment |10 | 10 10
Segment2 9 9




Segment Parallelization

Input:
Al1={3,510,6,1,9,2,4,7, 8}
A number of segments4)

lsorted = ={10,9,8,7,6,5,4,3,2,1}

lterations It1 It2 It3 Total Cost
Segment |10 | 10| 10 10
Segment2 9| 9 9

Segment3 8 8




Segment Parallelization

Input:

Al1={3,510,6,1,9,2,4,7, 8}
A number of segments4)

loorea = {10,9, 8, 7,6, 5,4,3,2,1}

lterations It1 It2 It3 It4

Segment (10 | 10| 10| 10
Segment2 91 9| 9
Segment3 8

Segmend

Total Cost
10
9



Segment Parallelization

Input:

Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

sorted

={10, 9, 8,

lterations It1 It2 It3 1t4 It5

/7, ¢

5, 5,4,3,2,1}

Segment {10 | 10| 10| 10| 10
Segment2 9 9| 9| 9
Segment3 8 8
Segmend 6| 7

Total Cost
10

9

8
13



Segment Parallelization

Input:
Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

sorted

={10,9, 8, 7,

lterations It1 It2 It3 1t4 It5 It6

6,

Segmentl{ 10 | 10| 10| 10| 10| 10
Segmen? 91 9| 9| 9| 9
Segment3 8 8(58
Segment4 6|71 6|7

b, 4,3,2,1}

Total Cost
10
9
13
13



Segment Parallelization

Input:
Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

sorted

={10,9, 8,7, 6,

lterations It1 It2 It3 1t4 It5 It6 It7

Segmentl

10

10

10

10

10

10

10

Segment2
SegmenB
Segment4

9

9

9

9

8

S,

3,21}

Total Cost
10
13
13
13



Segment Parallelization

Input:

Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

Isorted = {101 91 81 7’ 61 5, 4{ 31

lterations It1 It2 It3 1t4 It5 1t6 It7

1t8

Segmentl

10

10

10

10

10

10

10

10

Segmen?
Segment3
Segment4

9

9

9

9

419

9

8

oOlo| b~ W

2.1}

Total Cost
13
13
13
13



Segment Parallelization

Input:
Al1={3,5,10,6,1,9,2, 4,8}
A number of segments (4)

sorted

={10,9,8,7,6,5,4,3

lterations It1 It2 It3 1t4 It5 It6 It7

1t8

2,

1}

1t9

Segmentl

10

10

10

10

10

10

10

10

10

Segment2
SegmenB
Segment4

9

9

9

9

419

9

9

8

oOlo| b~ W

Ol |W

Total Cost
13
13
13
15



Segment Parallelization

Input:

Al1={3,5,10,6,1,9,2, 4,8}

A number of segments (4)

loeq={10,9,8,7,6,5,4,3,7, 1}
lterations It1 It2 It3 It4 It5 It6 1t7  It8 1t9 1t10
Segmentl 10 | 10| 10| 10| 10| 10| 10{ 3| 10| 3| 10| 3| 10
Segment2 91 91 9| 9| 9(4(9/4| 914 9|4 9
Segmen3 8 8158 5|8l 5| 8|5 )
Segment4 67,6/7/6|7 6| 716|276

Time complexityO(n log n)

Total Cost
13
13
14
13



Execution Plan

Stage 1 MWEP MWNP MCEP MCNP
L ) Initialize chunk Initialize chunk Initialize chunk Initialize chunk
Initialization array anoN array anoN arrayandNthreads.  array andN threads.
threads. threads. EstimateK Estimatek.
Each thread Each thread Eachthread stores the Every threadstores
v th v th\E/ thxf/ X v th.. computes local stores the total  Ktop-weighted edges the k top-weighted
\ 1 273 N} aggregate edge  weight and in the processed edges for every
weight and #comparisons per chunks in a priority  processed entity in
Y #comparisons entity in two arraysqueue a priority queue
Estimate average Merge the 2 Output the comparisons
edge weight arrays to compute Output the overall that are among the
the average edge Ktop-weighted top-weighted ones for
weight of each comparisons any of the adjacent
node entities
Stage2 A Check and keep  Check and keep
{: ; ; ; : \ valid valid comparisons
comparisons above the weight
v th, v '[hV thv X v thy, above the threshold of any
weight threshold  adjacent node
Total valid Output total Output total valid
: valid comparisons
comparisons comparisons



Experimental EvaluationDatasets

Entities
Duplicates
Triples
Predicates
Brute-force

1,190,733 2,164,040
892,579
MPcdh oPp AT M~
30,757 52,554
H®p VT M~

token blocking +
block purging +
block filtering

Original | DBPedia| DBPedia Blocks Inout Output
Datasets 3.0rc 3.4 P (CNP)

Blocks 1,239,066 1,190,733
Comparisons m ® o A1 m3130 M n
azttiﬁt:g 890,817 859,554
Recall 0.998 0.963
Precision c ®y &P Mu61T N2N

token blocking +

block purging +

block filtering +
meta-blocking CNP

System Server runnindgybuntu 12.04, 32GB RAM and 2 Intel Xeon E5620
processors, eachaving 4physicalcores and 8ogicalcores at2.40GHz.
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Experimental EvaluatioQCNPWallClock Time

RB —— NB —&— PB —¥— sB —A— RE —— NE —~— PE —@— SE —$—

RB=Random, blockased Singlethreaded time = 3.5 hours

parallelization
NB=Naiveplockbased
parallelization
PB=Patrtition,blockbased
parallelization
SB-Segmentblockbased

parallelization \ \
RE-Random, entiybased

parallelization

NE=Naive, entitybased
parallelization
PE=Partition,entity-based
parallelization
SE-Segmententity-based
parallelization

2%107

i

' msec
<> <

106

p) 4 #cores 6 8
CNP

Papadakis & Palpanas, WWa®18 April2018
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Experimental EvaluatioQCNP Speedup

RB —— NB —&— PB —¥— SB —A— RE - NE —~— PE —€@)— SE —$—

RB-Random, blockased 8
parallelization
NB=Naiveplockbased
parallelization
PB=Partition,blockbased
parallelization
SB=Segmentblockbased
parallelization
RE-Random, entisbased
parallelization 4
NE=Naive, entitybased
parallelization
PE=Partition,entity-based
parallelization
SE-Segmententity-based 2
parallelization

speedup




Meta-blocking Challenges: Effectivenes

Problem:
A Simplepruning rules

Solutions:

A Unsupervised methods
i BLAST
A Integrates schema information
A Supervisednethods

I SupervisedMeta-blocking (SMB)
A utilizes featurebased classification of blockiygaph edges

I BLOSS
A minimizes the size of the required training set



BLASTSimoniniet. al., VLDB 2017]

A Goal:

Improve the edge weighting and pruning in unsupervised WNP laathe
schema information

A Solution:
- Aggregate |
' Entropy |
T — —C>—

Loose Schema Loosely Loosely
Information €12 '| schema-Aware | B Schema-Aware | B
Extraction Blocking Meta-blocking

W /4
\(""Aﬁﬁbhigg"“/
: Partitioning :

It works for Dirty ER, as well.
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Loose Schema Information Extraction

Similar to Attribute Clustering:

1. Each attribute is represented as the set of its possible values
2. Builds a (bipartite*) graph with one node for every attribute

3. There is an edge for every pair of attributes with similarity > 0
4. Each connected component is an attribute cluster

* In the case of Clean-Clean ER.

The original Attribute Clustering does
not scale to thousands of attributes
Y very inefficient

BLAST employs LSH to reduce the
time complexity (for JaccardSim)

A Scales well to hundred of
thousands attributes

A Simultaneously estimates
aggregate entropy per cluster

Courtesy of Giovannsimonini

Attribute 2a
Attribute 1a

''''''
.....

Attribute 1b

Attribute 2d

.....

( Attribute 2e )
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Loosely Schemaware Metablocking

1. BLAST improvexige weightingas follows:

SOSNE SR3IS h aSOSNIYft of201AY
Y6 YSaeFngdrégats y U NRB LI T.8 S| NE2Y QA&

Wyvy = Xit! . h(Buu) = Z Z 0ij _-Ieij . h(BHL‘)

e
ie{1,2} je{1,2} tJ

2. BLAST improvesige pruningn two ways:

I Local weight threshold independent of the size of each node neighborht
(i.e., number of edges):

Wi Q4 @
G
i AnedgeQ isretainedifo Q —.

Courtesy of Giovannsimonini



Examplec Original Metablocking

Entity Collection

(" N\ (

Name: John Abram Jr name: Jon Abram Jr
1 profession: car seller 3 birth year: 85

P year: 1985 P job: car retail

Addr.: Main street Loc: Main st.

- J -

~N

J

-

FirstName: Ellen
SecondName: Smith
p2 |year: 85 p4
occupation: retail
\mail: Abram st. 30 NY)

b. date: May 10 1985
work info: retailer
loc: Abram street NY

&

full name: Ellen Smith

J

Blocking Graph

Courtesy of Giovannsimonini

Token Blocking

. J/ /O -

(Ellen | [ NY | [ Main | [ 1985 ) [ car | [ Smith
p2 p2 p1 p1 p1 p2
p4 p4 p3 p4 p3 p4

(street | [ Jr | [retail| [ st |[ 85 | [ Abram
p1 p1 p2 p2 p2 || p1 p2
p4 p3 p3 pP3 || P3 || p3 p4

Pruned Graph




p1

p2

Example; Meta-blocking over Attribute Clustering

Entity Collection

Vs

Name: John Abram Jr
profession: car seller
year: 1985

Addr.: Main street

(.

N

(FirstName: Ellen
SecondName: Smith
year: 85
occupation: retail

mail: Abram st. 30 NY
- J

p3

p4

( 2\

name: Jon Abram Jr
birth year: 85
job: car retail

Loc: Main st.
\ J

Vs

full name: Ellen Smith
b. date: May 10 1985
work info: retailer

loc: Abram street NY
G /

Attribute Clusters

Attribute Clustering

C1l C2
name,f.name, Other
s.name Attributes

Courtesy of Giovannsimonini

Blocking Graph

[Ellen ) { NY | [ Main | (1985 | [ car | [ Smith
P2 || P2 || pf p1 || p1 || p2
p4 || p4 || P3 p4 || p3 p4
(street | [ Jr ) [retail) [ st |[ 85 Abram_c1
p1 p3
p1 pt || P2 || P2 || p2 LA
p4 p3 03 03 || p3 Abram_c2
L J J \ L p2 p4

Pruned Graph

O




2\ 'd N\
Name: John Abram Jr name: Jon Abram Jr
p1 profession: car seller p3 birth year: 85
year: 1985 job: car retail
Addr.: Main street Loc: Main st.
G v \ /
(. A e
FirstName: Ellen full name: Ellen Smith
SecondName: Smith .
p2 | year: 85 pd b. dat_e. May 1Q 1985
occupation: retail work info: retailer
\mail: Abram st. 30 NY/ loc: Abram street NY

Example BLAST

Entity Collection

Vs

Attribute Clustering

& J/

g

J/

Attribute Clusters

Blocking Graph

C1l C2
name,f.name, Other
s.name Attributes

- e - - - == )

Entropy cluster1 (name)
Entropy cluster2 (other atr.)=

=3.5
2.0

Courtesy of Giovannsimonini

Ellen | [ NY ) [ Main ) [ 1985 | [ car | [ Smith
p2 p2 p1 p1 p1 p2
p4 p4 p3 p4 p3 p4

(street | [ Jr | (retail| [ st | 85
p1 p p2 p2 || p2
p4 p3 p3 p3 || p3

Abram _c1
p1 p3

Abram_c2
p2  p4

(o)




Supervised Metdlockingrapadakist. al., viLbB 2014

Goal:
more accurate and comprehensive methodology for
pruning the edges of the blocking graph

Solution:
- model edge pruning as@assification task per edge
-0g2 Oflraasay afAaA1Steée YIF OF

Openissues:
A Classification Features
A Training Set
A Classification Algorithms & Configuration



Classification Features

Requirements:

1. Generic 2. Effective
3. Efficient 4. Minimal

schema- source of ]
) target complexit scope
awareness evidence g piexity P
| schema- | block- edge- L aw | ocal
based based specific
| schema- | 8raph- nodej-' __ derived — global
agnostic based specific
L iterative
— hybrid — hybrid hybrid — hybrid




Feature Engineering

source of evidence target complexity scope

block- [graph-|. . edge- | node- . . .

based |based iterative speific: |spedific hybrid| raw |derived [local| global |hybrid
CF_IBF v v v v
Jaccard_Sim v v v v
RACCB v v v v
Node Degree v v v v
lterative_Degree v v v v
Transitive_Degree v v v v

CFIBF = # of Common Blockfnhverse Block Frequency per entity
RACCB = Sum of Inverse Block Sizes

We examinedll 63 possible combinations to find the minimal set of
features, which comprises the first four features.




Training Set

Challenge:
binary classification with heavily imbalanced classes

Solutions:
1. Oversampling
2. Costsensitive learning
3. Ensemble learning
4. Undersampling
I Sample size equal &% of the minority class.



Classification Algorithms

Weighted Edge PrunindMEP
A compatible with any classifier
A we selected 4 statef-the-art:

1. Naive Bayes

2. Bayesian Networks
3. C4.5 Decision Trees
4

Support Vector Machines

Cardinality Edge PruninQER &
Cardinality Node Prunin@€ (NP

A compatiblewith probabilisticclassifiers

Configuration

Forselectedfeatures and
sample sizeglassifiersare
robust with respect tdheir
Internal parameters

A we selected NaivBayes, Bayesian Networks




Experiments

% lterative Blocking M Naive Bayes (45 N Bayes Networks W Unsupervised

100 =
%5 |
%0 -
0 -
75

20 1o i

10K 50k 100K (Z)OOK 300K 1M 2M
a

W

PC
(%)

recall
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Experiments

% lterative Blocking M Naive Bayes (45 N Bayes Networks W Unsupervised

<=

100 =
%5 |
0 -
75

20 1o i

10K 50k 100K (Z)OOK 300K 1M 2M
a

W

PC
(%)

recall almostnaffected

141
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Experiments

% lterative Blocking M Naive Bayes (45 N Bayes Networks W Unsupervised
100
o W
o5 1 -
90
PC %
85 -+
(%) -
80 T
75 ;;;; recall almosunaffected
70 = | - T T
10K 50k 100K (Z)OOK 300K 1M 2M
d
o0 WEP
50
40 .
RRT | . & i
(%) :

running time 20

10

Papac

e

!-I:-I:-I:-I:-I:-l:-:-:-:-'-'-'-'-'-'-'- e

unse

:-I:-I:-I:-I:-I:-I:-:-:-:-'- e e e

(RN NN NN N

10K 50K 100K 2((():8K 300K 1M

(|
e

N
<



Experiments

% lterative Blocking M Naive Bayes (45 N Bayes Networks W Unsupervised

100

. W
90
PC E
85 —+ |
(%) "
80 +
75 ;;;; recall almosunaffected
70 = |E‘EE T |: T
10K 50k 100K 200C  300€ 1M 2M
d
o0 WEP -
50 g B
40 - E ﬁ :
RRT | . : : 2 : i
% [E & _# g& & gk [
running time up tosx faster 2% |3 : : i : & &
(than original meteblocking) 10 i
O .

Papac 10K 50K 100K 200K 300K 1M 2M



B LOSEaI Bianco et al., Information Systeri§1g

Goal:

minimize the labelling effort
for training Supervised Methlocking

Solution:
meta-BL@&kingSamplingSelection
- Involves a novetamplingmethodology
- combines it withactivelearning

Key feature:
A removesoutliersto improve recall

Courtesy ofGuilhermeDal Bianco



BLOS®utline

It comprises three steps:

1. Definition of Similarity Levels afthndom Sampling

I pre-selects candidateairs using a metric thatssesses thpotential
of a pair being anatch

i levelbased sampling ensures diversity

2. Selection of Pairs fdrabeling
I applies activdearningappliedto the pre-selectedpairs

3. Pruning NorMatchingOutliers
I filters out noisy noamatchingpairs that have beerabeled

Courtesy ofGuilhermeDal Bianco



BLOSG&irst Stage

Relies orCF _IBRwhich is proportional to matching likelihood.

Group candidate pairs
into L layers

| Random selectiofl pairs

CF_IBF Entity 1

Entity 2

Courtesy oiGuilhermeDal Bianco

" Level 1

| inside each level

CF_IBH Entity 1

Entity 2

—~—

LevelO

—>

/'

LevellL
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BLOSS FirStagec Layers distribution

® nonmatching ™ matching

1000000
100000

10000

1000
100
1 I
11.
>

increasing CF_IBF

Pairs(log scale)

o

p—

A first levels probably include more nanatching pairs
A last levels group more matching pairs

Courtesy ofGuilhermeDal Bianco Papadakis & Palpanas, WWa®18 April2018 147



BLOSSecond Stage: Pairs Selection

Random selection | Rulebased active Reduced sample
of unlabeled pairs learning of labeled pairs
Projected Set
Already Labeled Dataset
Unlabeled Dataset d us < 2 Rules
ul A C V > 11 T B R lud v
wla |[c |[u |12 |t £ A lu3 C 1 Rules
I3 10 C M
BT € R T w1 | T R
ol RV 5Rules
lu3 C

Pair u2is themost dissimilainstance compared to thactual training set.

Courtesy ofGuilhermeDal Bianco Papadakis & Palpanas, WWAW18 April2018 148



BLOSShird Stage: Outliers Pruning

Goal: remove noise, while maximizing recall.

unlabeled pairs  # matching pairs A Non-matching pairs

10
g Matching pairs
8 & @ .
)
=
E 6 &
®
o s -
4 A Outlier
A A A
1 5
| Non-matching pairs
0
0 1 2 3 4 5 6 7 8 9 10

Courtesy ofGuilhermeDal Bianco Papadakis & PafSates dvvamg April2018 149



BLOS3hird Stage Part B

Pruning Threshold
averagelaccardsimilarity of nommatching labelled instances.

1 1 - 1 ;
_ '.-r
09 09 - 09 _
. 1=
08 08 o 08 I
07 0.7 : 07 ¢
4
X 06 06 ’,G 06 ./’
£
% 05 05 { 05 I’
n.E::- 04 0.4 : 0.4 ’
03 03 4 03 ¢
M $
02 02 -2 02 —¢
= ¢ =non-matching pairs
0.1 ) . 0.1 ; 01 ¢
matching pairs ¢
0 0 0
0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 098 1 0 01 02 03 04 05 06 07 08 09 1
Similarity Degree Similarity Degree Similarity Degree
Synthetic Dataset DBLPScholar DBLPACM

Courtesy ofGuilhermeDal Bianco

Papadakis & Palpanas, WWa18 April2018
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BLOSE&ffectiveness & Time Efficiency

Measures:

RRT = Relativeinning timewrt to original blocking (without Metdlocking)
NPC = Reduction mecallwrt to original blocking

NnPQ = Increase irecisionwrt to original blocking

02 2/l ez 1z 1 / [ 10
BLOSS ®SMB 1BLAST / il il el g BLOSS BSVE 1IBLAST
0.18 / 0.2 600
/
0.16 004
0.14 500
/ 0.06
0.12
o 400
E 01 H Ey /
s 0.08 / .0.10 300 /
0.06 / 012 200 /
o o 100 / /
7l - /e ull /B
0 ’ 0 y (R—— /ml"”" /.
SYNTIOK  SYNTS0K  SYNT300K  SYNTIM .08 BLOSS @SMB IBLAST SYNTIOK  SYNTS0K  SYNT300K  SYNTIM

BLOSS achieves a reduction in the training set size of
around40times.

. . Papadakis & Palpanas, WWW 2018, April 2018 151
Courtesy ofGuilhermeDal Bianco P P P



Comparative Analysis of Approximate
BlockingTechniquegPapadakigt. al., VLDR01§

A employed 3 subiasks of blocking

E_s Block S Block | Comparison | /g
Building Cleaning Cleaning
Lazy Block-refinement Comparisont
blocking methods refinement
methods methods
\ J

Proactiveblocking methods



Comparative Analysis of Approximate
Blocking Techniquegapadakigt. al., VLDB 2016]

A considereds lazy and7 proactive blocking methods
Standard Blocking (StB1) [5,26]

€ —>
Attribute TYPiMatch
Clustering (TYPiM) [20]

(ACl) [26] Sorted Q-grams Blocking Suffix Arrays
Neighborhood (QGR1) [15] (SuAr) [1]
(soNe) [16] m \
Extended Sorted Extended MFIBlocks Canopy Extended
Neighborhood Q-grams (MFIRB) [18] Clustering Suffix Arrays
(ESoNe) [5] Blocking (cacl) [21] (ESuAr) [5]
(EQGB1) [5] l

Extended Canopy .

Papadakis & Palpanas, WWW 2018, April 2018 Clustering (ECacl) [5]



Experimental Analysis Setup

A Block Cleaning methods:
1. Block Purging
2. Block Filtering

A Comparison Cleaning methods:
1. Comparison Propagation
2. lterative Blocking
3. Meta-blocking



Experimental Analysis Setup

A Exhaustive parameter tuning to identify two configurations for
each method'
1. . Sad O2yFAIdNI GA2y LISNI RIGFasi

=|=< b 4 Ahe O Fllbr
2. 5SFl dzZ G O2y TA 3 dzNIHasr@syall dptagets I3 K S &

A Extensive experiments measuring effectiveness and time
efficiency oveb realdatasets (up to 3.3M entities).

A Scalability analysis ov@rsyntheticdatasets (up to 2M entities).
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Effectiveness of Lazy Methods DiBPedia

Tokenblocking ang
eta-blocking
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Best BIBu [ Default BIBu
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Time Efficiency of Lazy Methods bBPedia
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Time Efficiency of Lazy Methods bBPedia

Tokenblocking ang
Meta-blocking

Best BIBu [ Default BIBu ’ Bes¥BICI
9 I
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Effectiveness of Proactive methods DBPedia

Best BIBu+BIC| Default BIBu+BIC| N Best CoCl Default CoCl
1012 | | | | | | |

10°

B
18Il o |

103 | | |

. MFiB CaCl ECaCl SuAr ESuAr SoNe TYPIM
I I I I I I

0.8 -
0.6 -
0.4 -
0.2 -

PC
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Effectiveness of Proactive methods DBPedia

Suffixarrays and
Meta-blocking

Best BIBu+BIC| Default BIBu+BIC| N \ Best CoCl Default CoCl

1012 | | | & | | |
10° |- - |

18Il o |

103 | | |

. MFiB CaCl ECaCl SuAr ESuAr SoNe TYPIM
I I I I I I

0.8 -
0.6 -
0.4 -
0.2 -

PC
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Time Efficiency of Proactive Methods DBPedia

Best BIBu+BIC| Default BIBu+BIC| - Best CoCl Default CoCl
10° | | | | | |

MFiB CaCl ECaCl SuAr ESuAr SoNe TYPIM
1014 | | | | | | |

RTime 108

NN

MFiB CaCl ECaCl SuAr  ESuAr SoNe TYPIM .,
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Time Efficiency of Proactive Methods DBPedia

Suffixarrays and
Meta-blocking

Best BIBu+BIC| Default BIBu+BIC| N \ Best CoCl Default CoCl

10° | | | \ | | I

MFiB CaCl ECaCl SuAr ESuAr SoNe TYPIM
1014 | | | | | | |

RTime 108

MFiB CaCl ECaCl SuAr  ESuAr SoNe TYPIM .

Papadakis & Palpanas, WWW 2018, April 2018




Part G
Entity Matching

164
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Preliminaries

A Estimates the similarity of candidate matches.

A Input
I Pruned Blocking Graph
Ab2RSa Ih SYyaAaAdAarsSa
A9 R3ISAa ™ OFYRARFOS YI 10OKSa
I Or, a set of blocks
A Every comparison in any block is a candidate match

A Output
I Similarity Graph
Ab2RS& h SYuAdASa
A9 R3ISAa ™ OFYRARFOS YI 1O0KSa
A9 RIS ¢ Ssintldity &f enfity profiles (+neighbors)



Nailve Approach

A For each pair of entities, &,

I Estimateaggregatesimilarity based on:
A attribute values \\\.
A neighbors e(:b
A external knowledge N \
A combination of above \O

iLF &AYAT I NAGE pnsup&uwB)a K2t R Tl
i If classifierDecisiqe,,e,) = truelb Y I {{sQpériise)
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GroupLinkag@on et at., icoe 2007,

AhTOGSYZ aSy Al a&aanigudy idelBfiedNg
group of information
A In structured data:

I An author with agroup of publication records

I A household in a census survey witgraup of family
members

A In semistructured data:
I Every entity is a group of nam@&lue pairs.

Group Linkage Probleno determine if two entities
represented as groups are approximately the same orn

Courtesy ofDongwonLee



GroupLinkage:
PopularGroup Similarity

Jaccard

A Intuitive, cheap to run
A Errorprone

J1£0Q2

gic 92

sim(gy, g2) =

Q: Can we combine
Jaccardand Bipartite
Matchingfor Group
Linkage?

Courtesy ofDongwonLee

Bipartite Matching
Cardinality
Weighted

Rich

Expensive to run




GroupLinkage:
Intuition for Better Similarity

A Twogroups are similar if:

I A large fraction of elements in —0
the two groups form matching
element pairs

I There is high enough similarity
between matching pairs of
Individual elements that
constitute the two groups

Courtesy ofDongwonLee



GroupLinkage: Groupimilarity

A Two groups of elements:  sim(gy, gz) = | 22297

T g ={ny 22 Kb GRAG, 2 X F NJg
I The group measurBM s the normalized weight of
the maximum bipartite matchiniyl in the bipartite

graph N =g U g, E=9>< %)
(r1 r21)| M (Slrr(rll ij))

m+mz- |M|

such thatsim(rai,r2j) 2@

BI\/Isim,r (gl gz) -

i BM(g, g OK\\
userdefined parameters

Courtesy ofDongwonLee



GroupLinkage:
Example =03 Q=09 )

sparse bipartite graph

O—QO 0.7
O—@ 04
®—©® 05
° :> ®—@® 0.9 :>
—_— O 02
— o 0o

O1 7 r =0.3

a. (ry ’r2j)i M (Sln(rh ’ rZJ ))
ML+ Nz - \M\

BI\/Isirn,r (gl gz) -

_09+07 16

= = =(0.53<
3+2-2 3 Q

M: maxweight
bipartite matching

Therefore, g<>g,!

Courtesy oDongwonLee Papadakis & Palpanas, WWW 2018, April 2018 171



GroupLinkage: Challenge

A EachBMgroup measure uses the
maximum weight bipartite
matching

I BellmanFord:O(\V?E)
I HungarianO(\¥)

A Largenumber of groups to match
i O(NM)

Courtesy ofDongwonLee Papadakis & Palpanas, WWW 2018, April 2018



GroupLinkage:
Solution Greedy matching

A Bipartite matching computation is expensive because
of the requirement

I No node in the bipartite graph cdrave more than one
edgeincident on it

A[ S te@dthis constraint;

I For each elemerg, in g, find an elemeng, in g, with the
highestelementlevel similaritye S

I For each elemerg, in g,, find an elemeng, in g; with the
highestelementlevel similaritye S,

Courtesy ofDongwonLee



Upper/Lower Bounds

BM i, (91 92) A ¢, 1, @M 12)))
simr 0102) = J
mo+ me-(M]

ér-r-' Sin‘(ri,r.))
UBSim,r (gl,QZ): (1|,2,)|@ lir'2j

morme]SG Y

é-r.r.' sim(r,,r,.))
LBSim,r (gng): (1“2])'® 1i1'2j

e meS/ESD

Courtesy ofDongwonLee



Theorem & Algorithm

BMsim,r (0. g2) ¢UB Sim 7 (01 g2)| Theorem1

. IFUB(g9,,0,) <dY BM(g,,0,) <dY g;1 g,

A ELSE IE

Slm,r (gl 2) ¢ BMSIm,r (gl 2) Theorem 2

B(9,%,) %" TbBM(g.,0) X" bg,f g,

A ELSFcompute BM(gg,)

Courtesy ofDongwonLee

Goal: BM(g,0,) X'

Papadakis & Palpanas, WWa®18 April2018 L7



Iterative ApproachesSictniist al. www 2014

A Increaseecallby updatingrelated entities upon
detection of a new match

A Core principles:

i Transitivity if match(g,e,)=true & match(g,e,0 I' (i NHzS
match(g,e;)=true

I Duplicate dependencyf entities of one type (e.g., authors
are matches, related entities of another type (e.g.,
publications) are more likely to be matches, too.

I Merge dependencyif match(g,e,)=true, replace g& e,
with e;, and compare again with all other similar entities.



SWO00S hBenjeIIounet al., VLDBJ 2009]

A lterative approach crafted for relational data.
A Relies on two functionsnatch (m) andmerge (g)
A Algorithm outline:

while the input listl is not empty
I e;H lL.removeFirstRecoK(l
I matchFound=false
i for each record in the output liste, N
Aif m(e,, ,) ==true then
I Oremove ( @)
I |.add(e (e;,e,))
I matchFound= true
I break
I If matchFound==false
I Oadd(g)



SWOOS h Effl C | e ﬂ Q¥njellounet al., VLDBJ 2009]

A Higherefficiency(fewer calls tanatch & merge)
when specific properties hold:

I Idempotence
me, e) =true ,e(e,e)=¢
I Commutativity
e, e) =Me,, &), € (e, &) =€ (e, €)
I Associativity:
e(e,e(e, e)) =€ (e(e,g), €
I Representativity
ife(e, e) =e & me, g) =true [bnle, g) =true



Smple GreedyMatching SIGMa

[Lacostedulien et al., KDD 2013]

A relies on thel-1 assumption of Cleaglean ER
I once a match is identified, it never needs to be compared to other entit

A exploitsrelationship grapho score decisions and to propose
candidates

A caneasily use tailored similaritpeasures

A iterative algorithm

I providesnaturaltradeoff between precision &ecall asvell as between
computation andecall

A simplicity& INBESRAY Saa I KAIK GAYS
A exhibits higheffectivenessas well

Courtesy ofSimon Lacostdulien



SiIGMantuition
YAGO IMDb

carlos carrasco carlos carrasco 1

bound by honor
hasProductionYear:
1993

blood in blood out
wasCreatedOnDate:
1993-04-16

benjamin bratt benjamin bratt 1

taylor hackford k Yer = 1 l taylor hackford

SiGMauses neighbors for:1) scoring candidates

2) suggest candidates (iterative blocking)

_ _ 180
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Quadratic Assignment objective

normalizing weight

max Z Yij | Sij + Z YiW;j Kl yi; € 10,1}

(@J) B f K(kal)ej\[’ij _)
f

pairwise similarityscore graph compatibility score:

between i and j counts the number of valid
YAGO MDb neighbors which are currently
s matched Context)

blood in blood out

wasCreatedOnDate:

aaaaaaaaaaaaaaaaaa

1993-04-16

benjamin bratt

taylor hackford k taylor hackford 181

Courtesy ofSimon Lacosteulien Papadakis & Palpanas, WWAW18 April2018



SiGMasimilarity scores

A Increase in objective when matching pajj{

score(i, jiy) = (1 — a)si; + CMZ Ykt (Wij k1 + Wki,ij)
(k,1)EN,

A Pairwisesimilarity score (could use others):
sij = (1 — B)string(i, j) + Bprop(i, j)

A Similarityon string representation of entities:

I Jaccardneasure on words in common + smoothing + weightd DH-
weights) S o, wd, ) Simy, g (ve, 1)

Pa,Va
(a,b)EMi2

2+pr Wa +Zwalb

I Propertysimilarity measure: also smoothed Welghtﬂ:aiccard
similarity measure between sets of properties, with additional
similarity on literals: Y (w4 w?)

prop(i,j) =

’UG(Wiij)

string(i,j) =

Y
smoothing -+ Z w,})—i— Z w?)/

Courtesy ofSimon Lacosteulien VEW; v EW;



SIGMaAlgorithm

D Yij s+ D

1. Start with seed match
(7’7.7) i (kvl)eMJ

2. Put neighbors in S
] 3. At each iteration:

a) pick new pair in S which
max. increase

b) add new neighbors in S
IMDb

4. Stop when variation below
carlos carrasco 1
----- X threshold

Ykl Wij ki

YAGO

carlos carrasco

blood in blood out

; ; bound by honor
Yij = ! hasProductionYear:
wasCreatedOnDate: 1993
1993-04-16 o
benjamin bratt 1
Y = 1
taylor hackford k ki

l taylor hackford

Courtesy ofSimon Lacostdulien
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PAR I $uchanelet al., PVLDBO1]]

A Probabilistic, iterative, parametdree method

A Collectiveapproach for holistically aligning entities, relations
and classes
I applicable to Clea’lean ER (for knowledge graphs)

A Algorithm outline:

Fix equalities fohterals (numbers, or strings)

Set equalities for relations to a small initial value

lterate the estimations forelationsandentities until convergence*)
Compute the estimations farlasses

W

(*) There is ngroof for convergence, but it seems to happen

Courtesy of Fabiasuchanek



PARIS& Part B

A Equalityof Literals
I Prix I y=( x=y )?1:0
A Equalityof Entities

I Basedonthe localinverse functionalityof arelation r
1/#the number of entities with a given argument for r

I The probabilityof arelation being inverse functionas the harmonic mean of
the localinversefunctionalities

I Two entities argnatching ifthey share at least one argument for a highly
Inverse functionafelation

A Equality ofClasses

I Based on thesubsumptionprobability:if all entities of one class are entities
of the other, then the former subsumes the latter

A Equality of Relations
A Based on the probability that one relationsisb-property of the other




Synthesizing Entity Matching Rules

& g

Machine Learning RuleBased

System Approach
Best Fmeasure Lower Fmeasure
Not interpretable Interpretable

186
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Synthesizing Entity Matching Rules
Using ExamplgSingh et al., PvLDB 2017]

name address email nation | gender
Catherine Zeta-Jones | 9601 Wilshire Blvd., Beverly Hills, CA 90210-5213 | c.jones@gmail.com | Wales F
C. Zeta-Jones 3rd Floor, Beverly Hills, CA 90210 c.jones@gmail.com US F
Michael Jordan 676 North Michigan Avenue, Suite 293, Chicago US M
Bob Dylan 1230 Avenue of the Americas, NY 10020 US M
name apt email country | sex
Catherine Zeta-Jones | 9601 Wilshire, 3rd Floor, Beverly Hills, CA 90210 c.jones@gmail.com Wales F
B. Dylan 1230 Avenue of the Americas, NY 10020 bob.dylan@gmail.com US M
Michael Jordan 427 Evans Hall #3860, Berkeley, CA 94720 jordan@cs.berkeley.edu US M

-

Program
Synthesis

Tuneablerade off
between F1 and complexity

Courtesy ofPaoloPapotti

if (r[email] # Null /A s[email] # Null)

then r[name] ~; s[name] /A r[email] = s[email]
else r[name| ~3 s[name] /\ r[address] x5 s[apt] A
r[nation] = s[country] /\ r[gender] = s[sex]

General BooleaRrormula (GBF): can include

arbitrary attribute matching predicates combinec

by conjunctions, disjunctions, and negations
187

Papadakis & Palpanas, WWW 2018, April 2018



Synthesizing Entity Matching Rules
Using ExamplgSingh et al., PvLD®17

o
o))
o

o
wn
un

Avg. F-measure
o
Ln
=

Avg. Number of Atoms

EI; 1'0 1'5 20 0 5 1|0 1'5 20
% Training Data % Training Data

¢—¢ RuleSynth =—a Decision Trees (depth 3)

e—e RS-SynthComp ¢+—¢ Decision Trees (depth 4)

F-measure comparable to DTs depth 10 and SVM
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Part /.
Entity Clustering
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Preliminaries

A Partitions the matched pairs intequivalence clustergh
groups of entity profiles describing the same raalrld object

A Input
I Similarity Graph:
Ab2RS&a b SYuAdA
A9 RISa H OF YRARL
A9 RIS 4gSAIKI

Q¢
g 2

A Output
I Equivalence Clusters



Clustering Algorithms for Cled&llean ER

A Unique Mapping Clusteringacostelulien et al., KDD 2013
[Suchanek et al., PVLDB 2011]

I Relies on 41 constraint
A 1 entity from first dataset matches to 1 entity from second

I Sorts all edges idecreasing weight

I Starting from the top, each edge corresponds to a pair of
duplicatesif:
A None of the adjacent entities has already been matched
A predefined threshold < edge weight



Clustering Algorithms for Dirty ER

A A wealth of literature on
clustering algorithms

A Requirements:

I Partitionaland disjoint Algorithms
A Sometimes overlapping may be

desirable

I Goal: Sets of clusters that
A maximize thentra-cluster

weights

A minimize theinter-clusteredge

weights

Courtesy ofOktie Hassanzadeh

Clustering Algorithms

Y

Supervised Unsupervised
(Extrinsic) (Intrinsic)

Hierarchical
Non-Exclusive EX_Cl_uS_iVE
(Overlapping) (Disjoint)

Classification of clustering algorithms
[Jain&Dubes88]

192



Clustering Algorithms Characteristics

[Hassanzadeh et al., VLDB 2009]

A Most important feature
dUnconstrained algorithmé

A l.e., algorithms that do not require as input:
I The number of clusters
I The diameter of the clusters
I Any other domain specific parameters

A Algorithms need to be able foredictthe correct number of
clusters

Courtesy ofOktie Hassanzadeh



Clustering Algorithms Characteristics

[Hassanzadeh et al., VLRE0Y

A Need to scale well
i Time complexity < Ofh

A Need to be robust with respect to characteristics of the data
I E.g., distribution of the duplicates

AbSSR 42 06S OIFLIoftS 2F FAYRA
I Different from many clustering algorithms
A E.g., algorithms proposed for image segmentation

Courtesy ofOktie Hassanzadeh



S | ng IepaSS AlgOrIth mﬁlassanzadeh et al., VLRE0Y

A Perform clustering by a
single scan of the output of
the similarity join (the
edges of the graph)

I Partitioning
A TRANSITIVE CLOSURE
I CENTERGcwebbr00]

I MERGECENTERw-vLDBI09]

Courtesy ofOktie Hassanzadeh



S | ng IepaSS AlgOrIth mﬁlassanzadeh et al., VLRE0Y

A Perform clustering by a
single scan of the output of

the similarity join (the
edges of the graph)
I Partitioning
A TRANSITIVE CLOSURE
I CENTERGcwebbr00]

:
: E

: : :

; 3 :
: :
: :
am - : "
: :

- q. - -

VLDBJO9 : S :
- - 4 0

| SN :

Y ; 1 0.77 :

. o ., K

3 0.65 E . B
. * * -
', Q ‘e o
*, 4 0 S
s o L st
. ‘0' "tasaugannnt®
.
- “‘
R

Courtesy ofOktie Hassanzadeh



SlnglepaSS AlgOrIth mﬁlassanzadeh et al., VLDB 200¢

A Perform clustering by a
single scan of the output of

the similarity join (the
edges of the graph) 9

| Partitioning
A TRANSITIVE CLOSURE W%e/ C
I C E N T E RG FWGbDB'OO] T e .
| MERGECENTE[Rv-vLbBI09] =S Q .
i: )—0.65—‘:5 e <: >

s B
. .
-----------

Courtesy ofOktie Hassanzadeh



SlnglepaSS AlgOrIth mﬁlassanzadeh et al., VLDB 200¢

A Perform clustering by a
single scan of the output of

the similarity join (the
edges of the graph) /@2

i Partitioning AN
A TRANSITIVE CLOSURE W """

| CENTERewebbroqg ™. ;

............................. @ 0.26 :

| MERGECENTERwW- = -._“(077
VLDEO9] a"@—o-“‘;‘

Courtesy ofOktie Hassanzadeh



Star AlgOrlth IMaPRIGrapho4]

A Creates stashaped clusters

I heuristic to approximate
problem of finding minimal
cligue cover of graph

A Similar to CENTER but

I Allowsoverlappingclusters

I First sorts nodes Iin
descending order of their
degrees

Courtesy ofOktie Hassanzadeh 199



Ricochet Algorithmges: {cir 1 ano

A Ricochet family of algorithms

I Based on a strategy that resembles the rippling of stones
thrown in a pond

I Combine ideas from the classigri€ans algorithm and the
Star algorithm

A First selecting seeds (star centers) for the clusters and then
refining the clusters iteratively

I Four unconstrained clustering algorithms, originally
proposed for document clustering
A SR, BSR, CR and OCR
I SR and BSR perform a sequential selection of the cluster

seeds; CR and OCR perform a concurrent selection of the
seeds

Courtesy ofOktie Hassanzadeh



M | n'CUt CI USterl nglassanzadeh et al., VLDB 2009]

A Based on the CuElustering Algorithm [FTTMO04]

I Finding minimum cuts of edges in the similarity graph after
Inserting an artificial sink into similarity gragh

Courtesy ofOktie Hassanzadeh



Articulation PointClustering

[Hassanzadeh et al., VLRE0Y

A A scalable graph partitioning

algorithm ~ _{b)
A Based on finding articulation G%\‘“” L.I
points . (c) | P,
: ! : |
i Articulation point: a vertex AN YD ()&
de & N
whose removal makes the T ] “ll /
raph disconnected () L/ _
o ¢ 'T” 0} (?%’KT}
. . . . - P
A Efficient implementations () (o )—( )

proposed for identifying

chatter in the blogosphere
[BCKIVLDBO7]

Courtesy ofOktie Hassanzadeh 202



Markov Clustering (MClopngenThesisoo]

A Based on simulation of stochastic flow
In graphs
I Graph is mapped to Markov matrix

I Transition probabilities recomputed
through alternate application of two &
algebraic operations on matrices

A Expansiorand Inflation S

lllllllllll

A Clusteringsith different scales of
granularity by varying the inflation
parameter of the algorithm

A Optimized implementation that makes
the algorithm scalable

Courtesy ofOktie Hassanzadeh 203



Correlation ClusteringscemLo4]

A Original problem: a graph clustering given edges labelled
gAUK YbQ 2N WL Q

i WbQ AYRAOFGOSa O2NNBEIlGAZY 0Si
T Wb Q AYRAOFGSE dzy O2NNBf F ISR Y3

A The goal is to find a clustering that agrees as much as
possible with the edge labels

I NPHard: approximations needed

A The labels can be assigned to edges based on the similarit
scores of the records (edge weights) and a threshold value

A Several approximations exist
I We use algorithm Cautious fromecmLo4] In our paper

Courtesy ofOktie Hassanzadeh



Summary of Experimental Results

[Hassanzadeh et al., VLDB 2009]

Robustness Against

32 == > 5

E 2ge | =5 [ 5 | 38

g Scf| &2 | 5 |22
Partitioning High Low Low Low High
CENTER High High Low Low High
MERGE CENTER High High Low Low High
Star Medium High Low Low High
SR Low Medium High High Low
BSR Low Low High High Low
CR Low High Medium | High High
OCR Low High Medium | High Low
Correlation Clustering Low High Low Low High
Markov Clustering High High Medium | Medium High
Cut Clustering Low Low Low Low High
Articulation Point High Medium Low Low High
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Courtesy ofOktie Hassanzadeh Papadakis & Palpanas, WWW 2018, April 2018



M a| N COnC| USiOnﬁassanzadeh et al., VLREBOY

A Noneof the clustering algorithmproducesperfectclustering
A Transitiveclosure

i highly scalable, but results in poor quality of duplicgteups
i Poor guality evenvrt other singlepass algorithms

A Most algorithms are robust tdistribution of duplicates, except
Ricochet algorithms:

i high performance over uniformly distributed duplicates
I poor performanceotherwise

A Cut clusteringand Correlation clustering
I sophisticated & populaalgorithms
I achieve lower accuracy than some sing&ssalgorithms

A Markov clustering
I very efficient
I one themost accuratealgorithms
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Part8:
MassiveParallelizatiorMethods



Massive Parallelization Outline

A Based on thé/lap-Reduceparadigm
| Data partitioned across the nodes of a cluster
I Map Phase: transforms a data partition into (key, value) pairs
I Reduce Phase: processes pairs with the same key

A Parallelization of Blocking
I Standard Blockinddedoop
A Parallelization of Block Processing
I Block Filtering
I Meta-blocking
A Parallelization of Entity Matching
i LINDA




Parallel Standard BlocKIiRg «:a. svios 2012

MAP function pseudoecode REDUCHInction pseudecode
1: Input 1: Input
Key: idof entity e, "Q Key: blocking key valug QU
Value:entity profile ofe, Value: list ofentity profiles®  QHQRB h
2. Output 2. Output
Key: blocking key value QU Key:pair of concatenated entity id&gQ
Value:entity profile ofe, Value:true (match) orfalse(non—match)
3: 0 QU extractBIocklngKey()e 3. for each pair of entities, gin w
4: emit(® QUBIIRS); 4: decision :compareProflle(sS\ZS &
5:  emit("€Q decision );
6: end loop




Para”el BIOCk Filterin@hymiou et. al., BigDat2015

MAP function pseudecode

REDUCHInction pseudoecode

1: Input
Key: idof blockb, 'Q
Value:list of entity ids, @
2. Output
Key:id of entity e, 'Q
Value:block id and cardinality$Bsoss
3: computecomparisons in blockgss
4: for each'® @ loop
5: emit("Q ‘Bass);

6: end loop

Ny s

1: Input

Key: id of entitye;, 'Q

Value: list opairs <BROSS>, W
2: Output

Key: id of entitye;, 'Q

Value:list of top-N blocks ird ,0 e
3: orderwin ascending block cardinality
4:6 2 QOO0 "YEN U 6 awé ©QOQI
5:emit("Qo ;




Example Parallel Block Filtering

Key Value

Key Value
b, |e,ee;
X X
b, |e.e;e,
b | €,65€,,8
b, |e.,6s565656

e, | b3
e, b3
e; | b3
> | ... X

e, | b,.3
e; | b,.3

deny

deny
v

e, | b,.3

X

|5
Brr|e.|bs6

e | bs.6
e, | bs.6
€y | .6
e, | b;.10

X

Key Value
e, | b3
e | b3 ||&
1 b4 gé e, | by,bybg
e 6 ) X
o 1 | Me 2
S || e |bs10
| | O X
O
<
~ Py
X S X
e; | b3 2 o Tog
Q X
X A3 4

Papadakis & Palpanas, WWa®18 April2018
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Parallel Metablockingesymiou et ar., 12017,

A Three strategies:

1. Edgebased:explicitlycreates the blocking graph

A needs preprocessing to performall weight computations

A storesall edges of the blocking graph on disk

A at least2 MapReduce jobs per pruning algorithm with high 1/O
2. Comparisonbased:implicitly createsthe blocking graph

A defers weight computations to avoid creating any edges

A pre-processing enriches the input blocks with thieck listof every
entity, which is necessary for weight estimatity A R SCEP/WER2 N.

3. Entity-based:uses the blocking graph only as@ceptuaimodel

A no preprocessing, all computations in the reducer
A3lFr 0KSNAR SYGANB of2014a FT2N SI OK



Comparisorbased Parallel Metalocking
Preprocessing

MAP function pseudecode

REDUCHInction pseudecode

1: Input
Key: id of entitye;, 'Q
Value: list of associated block ids,
2: Output
Key:id of blockb, 'Q
Value:id of entitye, and associated
block ids, @&
3: sortd in ascending order of block ids
4: for each’QN 6 loop
5: emit('Q & );
6: end loop

1: Input
Key: id of block, 'Q
Value: list ofpairs <& >, w
2: Output
Key:input key
Value: input value
it (¢ )
4. emit('Q 6 );




Comparisorbased Parallel Metalocking
Preprocessing Example

Key Value Key Value
i Key Value
"’Ibl [elab11b4,b6] }bl [el’bl’b4’b6] 5 [elab1’b4ab6]v
b, |[enbyb,bg /,bl [€,.b4] 21| by |[e2bl],
Key Value /ba [e,,by,b,,bg] % qbl [es,b,,b,] = [e;,b,,0,]
/
e, | by,b,,bg = |, | by |[e5by] - /Qf - X z 17
Q @)
e2 bl O X /-/ -§ b4 [el’bl’b4’b6] - [el’bl’b4’b6]’
e; | by,b, b, |[esby,by] 71| [< ] ba | [e3,b1,0] © || by | [e3b,b]
A P 5 = [€,,b,,b¢]
€| bsbs |18 | b, |[esby,b] 2 || by | [€4bsbd] 2 4194:D5
X
b, | [€4,D4,0c] -
S Y 5
. X (o)
bs | [ey,by,bybgl | ||, | Pe | [€1010abg]
y 2
()]
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Comparisorbased Parallel Metalocking

Welighted Edge Pruning (WEPJ&ccardscheme (JS

MAP function pseudacode

REDUCHInction pseudocode

2:

©oo N AW

. Input

Key: id of block, 'Q

Value: list of entityds,associatedlocksand
@ aha 8 B

local information w
Output
Key: entity ids defining edgmi,nj>,"§f§2
Value:total weight of<n;,n>,0 %
- for each® ™ O 8&v€ AN wl Qloap € i
if (Qi 0 ¢ ¢ 'YQQU®E A tiue)o
computev offom o 8o, 06 8 ;
emit("ABQ0 %
O st+;
00 Uoh
endloop

1: Input
Key:entity ids defining edge
<n,n>, @0
Value: total weight o&n;,n>,0 o7
2: Output
Key: entity id®f retained edge
<ni,nj>,'§§Q
Value:total weight of <;,n>,0 45
3:if (0o O[O ])
4: emit( "@Q0 -}




Comparisorbased Parallel Metalocking
Weighted Edge Pruning (WEPJ&ccardscheme (JS

Key Value Key Value
Key Value : e,.e 13 —tee |13
H=T Il |e.e,|2/3
[e1,01,0,,104], ) 1-€3
b, | [exby] ey = e,.e; | 2/3 g > )
1 2 ISk ol €18 2/3 S
[€3,01,0,] S| |exe| 12| ||G y
x | x x |1l é .
[€1,01,0,,b¢] g|| e8| 2] |8 | %% 1z
e,.e, | 1/4 = c X
X Py
Count #keys e,e, |13 |5
Sum up values | _ X ®
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Entity-based Parallel Metalocking
Cardinality Node Pruning (CNP)

MAP function pseudocode

REDUCHInction pseudacode

1: Input
Key: id of block, "Q
Value: list oentity ids,c0 "G
2: Output
Key:id of entitye;, "Q
Value: input value
3: for each’® @ loop
4; emit ("Q & );
5: end loop

1: Input
Key: id of entitye;,, "Q
Value co-occurrence bad,
2: Output
Key entity ids of retained edgeni,nj>,"§§Q
Value: total weight ofn;,n>,0 7
oY T NIBI dzS seOMsighiootr HY YOTY T
4: for eachQ¥ wloop

5: frequencies[Q++;
6: setOfNeighborsadd("Q;
7: end loop

8:topEdgesr J YT
9: for eachQ¥ setOfNeighbordoop

10: 0 = getWeight( “Chfrequencie$Q );
11: topEdges.add@n };

12: if (topEdges.sizg¢ < k)

13: topEdges.pof;

14: end loop

15: for each( " ., },N topEdgedoop

16: emit ("dQU o}

17: end loop




Load BalancindvlaxBlockAlgorithm

comparisons

EEE@

mparisons

EEE@

parlsons

B unassigned block
[ block accepted in partition
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Parallel Metablocking Performance

Block Basic
Filtering | Advanced
Edge Entity
Based Based
ARCS 252 184
CBS 222 145
CEP ECBS 240 210
JS 223 190
EJS 1,996 >6,000
ARCS 554 370 73
CBS 491 301 74
CNP ECBS 555 383 76
JS 534 363 83
EJS 2,645 430 142
ARCS 203 65 389
CBS 220 50 123
WEP ECBS 219 54 123
JS 219 54 132
EJS 1,993 81 204
ARCS 562 363 63
CBS 498 304 65
WNP ECBS 568 389 73
JS 553 373 74 219
EJS 2,626 411 142




Comparisorbased Parallel Metalocking
Weighted Edge Pruning (WEPJ&ccardscheme (JS

linear

parallel
meta-blocking
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Parallel Metablocking achieves (almost)earscaleup



