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Entities: an invaluable asset 
άEntitiesέ is what a large part of our knowledge is about: 

Persons 

Organizations 

Projects 

Locations 

Products 
Events 
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IƻǿŜǾŜǊ Χ 

How many names, descriptions or IDs (URIs) are  

used for the same real-world άentityέ? 
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IƻǿŜǾŜǊ Χ 

How many names, descriptions or IDs (URIs) are  

used for the same real-world άentityέ? 

London  ÎÄĈģċĝ ÙɰÊÑ ÙɰÏÑ |Rmt (ÊĚÊ ꜡fi♪fi 
ňɦŀ æîÚÕîÚ Un¸d»Ĉ ˰˳˲˩˳˲ˮ Llundain 

Londain Londe Londen Londen Londen Londinium 
London Londona Londonas Londoni Londono Londra 
Londres Londrez Londyn Lontoo Loundres Luân ņ¹n 
Lunden Lundúnir Lunnainn Lunnon  дмϸжмЮ дϸжЮ дϸжЮ дϸжЮ
˭ˣˡˮˣ˪ ˭˞ˡˮ˞˪ ȿɞɜŭɑɜɞ ʃʸʥʜʘʥ ʃʦʥʜʘʥ ʃʦʥʜʦʥ ʃʦʥʜʦʥ 
ʃʦʥʜʦʥ ʓˍˋʹˍˋ  é 
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How many names, descriptions or IDs (URIs) are  

used for the same real-world άentityέ? 

London  ÎÄĈģċĝ ÙɰÊÑ ÙɰÏÑ |Rmt (ÊĚÊ ꜡fi♪fi 
ňɦŀ æîÚÕîÚ Un¸d»Ĉ ˰˳˲˩˳˲ˮ Llundain 

Londain Londe Londen Londen Londen Londinium 
London Londona Londonas Londoni Londono Londra 
Londres Londrez Londyn Lontoo Loundres Luân ņ¹n 
Lunden Lundúnir Lunnainn Lunnon  дмϸжмЮ дϸжЮ дϸжЮ дϸжЮ
˭ˣˡˮˣ˪ ˭˞ˡˮ˞˪ ȿɞɜŭɑɜɞ ʃʸʥʜʘʥ ʃʦʥʜʘʥ ʃʦʥʜʦʥ ʃʦʥʜʦʥ 
ʃʦʥʜʦʥ ʓˍˋʹˍˋ  é 

capital of UK, host city of the IV Olympic Games, host city 
of the XIV Olympic Games, future host of the XXX 
Olympic Games, city of the Westminster Abbey, city of 
the London Eye, the city described by Charles Dickens in 
Ƙƛǎ ƴƻǾŜƭǎΣ Χ 
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London Londona Londonas Londoni Londono Londra 
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of the XIV Olympic Games, future host of the XXX 
Olympic Games, city of the Westminster Abbey, city of 
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http://sws.geonames.org/2643743/  
http://en.wikipedia.org/wiki/London 
http://dbpedia.org/resource/Category:London 
Χ 
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Ɓ London, KY 

Ɓ London, Laurel, KY 

Ɓ London, OH 

Ɓ London, Madison, OH 

Ɓ London, AR 

Ɓ London, Pope, AR 

Ɓ London, TX 

Ɓ London, Kimble, TX 

Ɓ London, MO 

Ɓ London, MO 

Ɓ London, London, MI 

Ɓ London, London, Monroe, MI 

Ɓ London, Uninc Conecuh County, AL 

Ɓ London, Uninc Conecuh County, Conecuh, AL 

Ɓ London, Uninc Shelby County, IN 

Ɓ London, Uninc Shelby County, Shelby, IN 

Ɓ London, Deerfield, WI 

Ɓ London, Deerfield, Dane, WI 

Ɓ London, Uninc Freeborn County, MN 

Ɓ ... 

Iƻǿ Ƴŀƴȅ άŜƴǘƛǘƛŜǎέ ƘŀǾŜ ǘƘŜ ǎŀƳŜ ƴŀƳŜΚ 

Χ ƻǊ Χ 

Papadakis & Palpanas, WWW 2018, April 2018 
7 



Ɓ London, KY 

Ɓ London, Laurel, KY 

Ɓ London, OH 

Ɓ London, Madison, OH 

Ɓ London, AR 

Ɓ London, Pope, AR 

Ɓ London, TX 

Ɓ London, Kimble, TX 

Ɓ London, MO 

Ɓ London, MO 

Ɓ London, London, MI 

Ɓ London, London, Monroe, MI 

Ɓ London, Uninc Conecuh County, AL 

Ɓ London, Uninc Conecuh County, Conecuh, AL 

Ɓ London, Uninc Shelby County, IN 

Ɓ London, Uninc Shelby County, Shelby, IN 

Ɓ London, Deerfield, WI 

Ɓ London, Deerfield, Dane, WI 

Ɓ London, Uninc Freeborn County, MN 

Ɓ ... 

Ɓ London, Jack 
2612 Almes Dr 
Montgomery, AL 
(334) 272-7005 
 

Ɓ London, Jack R 
2511 Winchester Rd 
Montgomery, AL 36106-3327 
(334) 272-7005 
 

Ɓ London, Jack 
1222 Whitetail Trl 
Van Buren, AR 72956-7368 
(479) 474-4136 
 

Ɓ London, Jack 
7400 Vista Del Mar Ave 
La Jolla, CA 92037-4954 
(858) 456-1850 
 

Ɓ ... 

Iƻǿ Ƴŀƴȅ άŜƴǘƛǘƛŜǎέ ƘŀǾŜ ǘƘŜ ǎŀƳŜ ƴŀƳŜΚ 

Χ ƻǊ Χ 
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Content Providers 

How many content types / applications provide  

valuable information about each of these άentitiesέ? 

News about London 
reviews on hotels in London 

Pictures and tags about London 

Videos and tags for London 

Social networks in London 

Wiki pages about the London 

Papadakis & Palpanas, WWW 2018, April 2018 
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Preliminaries on Entity Resolution 

Entity Resolution [Dong et al., Book 2015] [Elmagarmid et al., TKDE 2007] : 

 identifies and aggregates the different entity profiles/records that 
actually describe the same real-world object. 

 

Useful because: 

Åimproves data quality and integrity  

Åfosters re-use of existing data sources 
 

Application areas: 

 Linked Data, Social Networks, census data,  

 price comparison portals 
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Types of Entity Resolution 

The input of ER consists of entity collections that can be of two  

types [Christen, TKDE 2011]: 

Åclean, which are duplicate-free 

  e.g., DBLP, ACM Digital Library, Wikipedia, Freebase  

Ådirty, which contain duplicate entity profiles in themselves 

 e.g., Google Scholar, CiteseerX 
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Types of Entity Resolution 

The input of ER consists of entity collections that can be of two  

types [Christen, TKDE 2011]: 

Åclean, which are duplicate-free 

  e.g., DBLP, ACM Digital Library, Wikipedia, Freebase  

Ådirty, which contain duplicate entity profiles in themselves 

 e.g., Google Scholar, CiteseerX 

 

Based on the quality of input, we distinguish ER into 3 sub-tasks: 

ÅClean-Clean ER (a.k.a. Record Linkage in databases) 
 

ÅDirty-Clean ER  
 

ÅDirty-Dirty ER 

 

 

Equivalent to Dirty ER  
(a.k.a. Deduplication in databases) 

Papadakis & Palpanas, WWW 2018, April 2018 
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Challenges for ER over Web Data 

ÅVolume 
ïMillions of entities 
ïBillions of name-value pairs describing them 
ïLOD Cloud*: >5,5ϊ107 entities, ~1,5ϊ1011 triples 

ÅVariety 
ïSemi-structured Řŀǘŀ Ҧ ǳƴǇǊŜŎŜŘŜƴǘŜŘ ƭŜǾŜƭǎ ƻŦ 

heterogeneity 
ïNumerous entity types & vocabularies 
ïLOD Cloud*: ~50,000 predicates, ~12,000 vocabularies 

ÅVelocity 
ïNew DBPedia version every ~6 months 
*http://stats.lod2.eu:  

 
Papadakis & Palpanas, WWW 2018, April 2018 
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Computational cost 

ER is an inherently quadratic problem (i.e., O(n2)): 

every entity has to be compared with all others  

  

ER does not scale well to large entity collections (e.g., Web Data). 

Papadakis & Palpanas, WWW 2018, April 2018 
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Computational cost 

ER is an inherently quadratic problem (i.e., O(n2)): 

every entity has to be compared with all others  

  

ER does not scale well to large entity collections (e.g., Web Data) 

 

Solution: Blocking 
Ågroup similar entities into blocks 

Åexecute comparisons only inside each block 

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

Papadakis & Palpanas, WWW 2018, April 2018 
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Computational cost 

|E| entities 

|E| entities 

Brute-force 
approach 

Duplicate 
Pairs 

Blocking 
Input:  
Entity Collection E 

Papadakis & Palpanas, WWW 2018, April 2018 
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Example of Computational cost 

DBPedia 3.0ǊŎ ҭ DBPedia 3.4 
   1.2 million entities ҭ 2.2 million entities 

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

Brute-force approach 
Comparisons: 2.58 ϊ 1012 

Recall: 100% 
Running time: 1,344 Řŀȅǎ Ҧ 3.7 years 
 

Optimized Token Blocking Workflow 
Overhead time: 4 hours 
Comparisons: 8.95 ϊ 106 
Recall: 99% 
Total Running time: 10 hours 
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Example of Computational cost 

DBPedia оΦлǊŎ ҭ DBPedia 3.4 
   1.2 million entities ҭ нΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ 

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

Brute-force approach 
/ƻƳǇŀǊƛǎƻƴǎΥ нΦру ϊ мл12 

Recall: 100% 
Running time: мΣопп Řŀȅǎ Ҧ 3.7 years 
 

Optimized Token Blocking Workflow 
Overhead time: 4 hours 
Comparisons: 8.95 ϊ 106 
Recall: 99% 
Total Running time: 10 hours 
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Scalable End-to-end ER workflow 

Block 
Building 

Block 
Processing 

Entity 
Matching 

Entity 
Clustering 

Step 3 Step 1 Step 2 Step 4 

Cluster 
together 
similar 
entities   

Refine blocks 
to increase 
precision at 

no significant 
cost in recall 

Compare the 
candidate 
matches 

Partition the 
compared 

profiles into 
real-world 

entities 

Papadakis & Palpanas, WWW 2018, April 2018 
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Outline 

1. Introduction to Blocking  
2. Blocking Methods for Relational Data 
3. Blocking Methods for Web Data 
4. Block Processing Techniques  
5. Meta-blocking 
6. Entity Matching 
7. Entity Clustering 
8. Massive Parallelization Methods 
9. Progressive Entity Resolution 
10.Challenges 
11.JedAI Toolkit 
12.Conclusions 

Papadakis & Palpanas, WWW 2018, April 2018 
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 Part 1: 

 Introduction to Blocking 
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Fundamental Assumptions 

1. Every entity profile consists of a uniquely identified set of 
name-value pairs. 
 

2. Every entity profile corresponds to a single real-world 
object. 
 

3. Two matching profiles are detected as long as they co-
occur in at least one ōƭƻŎƪ Ҧ entity matching is an 
orthogonal problem. 

 

4. Focus on string values. 

Papadakis & Palpanas, WWW 2018, April 2018 
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General Principles 

1. Represent each entity by one or more blocking keys. 

2. Place into blocks all entities having the same or similar 
blocking key. 

 

Measures for assessing block quality [Christen, TKDE 2011]: 

ïPairs Completeness:  ὖὅ
 

 
   (optimistic recall) 

  

ïPairs Quality: ὖὗ
 

 
  (pessimistic precision) 

 

Trade-off!  
 
 

 

 
Papadakis & Palpanas, WWW 2018, April 2018 
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Problem Definition 

Given one dirty (Dirty ER), or two clean (Clean-Clean ER)  

entity collections, cluster their profiles into blocks  

and process them so that both Pairs Completeness (PC) and 
Pairs Quality (PQ) are maximized. 

 
 

caution:   

ÅEmphasis on Pairs Completeness (PC).  
ï if two entities are matching then they should coincide at some block 

Papadakis & Palpanas, WWW 2018, April 2018 
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Blocking Techniques Taxonomy 

1. Performance-wise 
Å Exact methods 

Å Approximate methods 

2. Functionality-wise 
Å Supervised methods 

Å Unsupervised methods 

3. Blocks-wise 
Å Disjoint blocks 

Å Overlapping blocks 

ï Redundancy-neutral 

ï Redundancy-positive 

ï Redundancy-negative 

4. Signature-wise 
Å Schema-based 

Å Schema-agnostic 

Papadakis & Palpanas, WWW 2018, April 2018 
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Performance-wise Categorization 
1.  Exact Blocking Methods 

ïMaximize PQ for PC = 100% 

ïClosed-world assumption 

ïE.g., for bibliographical records , s  t if: 

 JaccardSimilarity(s.title, t.title) > 0.80 AND  

 EditDistance(s.venue, t.venue) < 3 

ï Existing methods: 

Å Silk Ҧ ŦƛƭǘŜǊƛƴƎ ǘŜŎƘƴƛǉǳŜ ŦƻǊ ŜŘƛǘ ŘƛǎǘŀƴŎŜ 

Å LIMES Ҧ ǘǊƛŀƴƎƭŜ ƛƴŜǉǳŀƭƛǘȅ ŦƻǊ ǎƛƳƛƭŀǊƛǘȅ metrics  

2.  Approximate Blocking Methods 

ï t/ ғ млл҈ Ҧ ƘƛƎƘ tv 

ï Open-world assumption 

26 
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Performance-wise Categorization 
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ïClosed-world assumption 
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Å LIMES Ҧ ǘǊƛŀƴƎƭŜ ƛƴŜǉǳŀƭƛǘȅ ŦƻǊ ǎƛƳƛƭŀǊƛǘȅ metrics  

2.  Approximate Blocking Methods 

ï PC < 100҈ Ҧ ƘƛƎƘ tv 

ï Open-world assumption our focus 

27 
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Functionality-wise Categorization 
1. Supervised Methods 

ÅGoal: learn the best blocking keys from a training set 

ÅApproach: identify best combination of attribute names 
and transformations 

ÅE.g., CBLOCK [Sarma et. al, CIKM 2012],  

     [Bilenko et. al., ICDM 2006], [Michelson et. al., AAAI 2006] 

ÅDrawbacks:  
ï labelled data 

ïdomain-dependent 

2. Unsupervised Methods 

ÅGeneric, popular methods 

28 
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Block 
Building 

Comparison 
Cleaning 

E B Block 
Cleaning 

Lazy  

blocking 

methods 

Block-

refinement 

methods 

Comparison-

refinement 

methods 

Proactive blocking methods 

Blocking Workflow [Papadakis et. al., VLDB 2016] 

Papadakis & Palpanas, WWW 2018, April 2018 
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Blocks- and Signature-wise Categorization 
of Block Building Methods 

Papadakis & Palpanas, WWW 2018, April 2018 

Disjoint 
Blocks 

Overlapping Blocks 

Redundancy- 
negative 

Redundancy- 
neutral 

Redundancy- 
positive 

Schema- 
based 

Standard 
Blocking 

(Extended) 
Canopy 

Clustering 

1. (Extended) 
Sorted 
Neighborhood 

2. MFIBlocks 

1. (Extended) Q-grams 
Blocking 
2. (Extended) Suffix Arrays 

Schema- 
agnostic 

- - - 

1. Token Blocking 
2. Agnostic Clustering 
3. TYPiMatch 
4. URI Semantics Blocking 

31 
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Block Processing Methods  
[Papadakis et. al., VLDB 2016] 

 

Mostly for redundancy-positive block building methods. 

 

Block Cleaning 

ÅBlock-level 
ïconstraints on block characteristics 

ÅEntity-level 
ïconstraints on entity characteristics 

 

Comparison Cleaning 

ÅRedundant comparisons 
ï repeated across different blocks 

ÅSuperfluous comparisons 
ï Involve non-matching entities 

32 
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 Part 2: 

 Block Building for Relational Data 
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General Principles 

 

Mostly schema-based techniques. 

Rely on two assumptions: 

1. A-priori known schema Ҧ ƴƻ ƴƻƛǎŜ ƛƴ ŀǘǘǊƛōǳǘŜ ƴŀƳŜǎΦ 

2. For each attribute name we know some metadata: 

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

ï distinctiveness of values 

Papadakis & Palpanas, WWW 2018, April 2018 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 

Papadakis & Palpanas, WWW 2018, April 2018 

MFIBlocks 

Extended Suffix 
Arrays 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 
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MFIBlocks 

Extended Suffix 
Arrays 

LAZY BLOCKING 
METHODS 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 
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MFIBlocks 

Extended Suffix 
Arrays 

LAZY BLOCKING 
METHODS 

PROACTIVE  
BLOCKING 
METHODS 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 
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MFIBlocks 

Extended Suffix 
Arrays 

LAZY BLOCKING 
METHODS 

PROACTIVE  
BLOCKING 
METHODS 
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Standard Blocking [Fellegi et. al., JASS 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 (BK) 

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

 

 

²ƻǊƪǎ ŀǎ ŀ ƘŀǎƘ ŦǳƴŎǘƛƻƴΗ Ҧ .ƭƻŎƪǎ ƻƴ ǘƘŜ equality of BKs 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Example of Standard Blocking 

Papadakis & Palpanas, WWW 2018, April 2018 

Blocks on zip_code: 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 
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MFIBlocks 

Extended Suffix 
Arrays 
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Standard Blocking 

Sorted  
Neighborhood 

Extended Sorted  
Neighborhood 

Q-grams  
Blocking 

Extended 
Q-grams  
Blocking 

Suffix 
Arrays 

Canopy 
Clustering 

Extended 
Canopy 

Clustering 

Overview of Schema-based Methods 
blocks contain entities with similar blocking keys 

Papadakis & Palpanas, WWW 2018, April 2018 

MFIBlocks 

Extended Suffix 
Arrays 
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Sorted Neighborhood [Hernandez et. al., SIGMOD 1995] 

Blocks on the similarity of BKs. 

1. Entities are sorted in  
alphabetic order of BKs. 

2. A window of fixed size  
slides over the sorted list of entities. 

3. At each iteration, it compares 
the entities that co-occur  
within the window. 
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Sorted Neighborhood [Hernandez et. al., SIGMOD 1995] 

Blocks on the similarity of BKs. 

1. Entities are sorted in  
alphabetic order of BKs. 

2. A window of fixed size  
slides over the sorted list of entities. 

3. At each iteration, it compares 
the entities that co-occur  
within the window. 

 

Extended Sorted Neighborhood [Christen, TKDE 2011] 

2ΩΦ ! ǿƛƴŘƻǿ ƻŦ ŦƛȄŜŘ ǎƛȊŜ ǎƭƛŘŜǎ ƻǾŜǊ ǘƘŜ ǎƻǊǘŜŘ ƭƛǎǘ ƻŦ BKs. 
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Sorted Neighborhood [Hernandez et. al., SIGMOD 1995] 

Blocks on the similarity of BKs. 
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2. A window of fixed size  
slides over the sorted list of entities. 

3. At each iteration, it compares 
the entities that co-occur  
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Extended Sorted Neighborhood [Christen, TKDE 2011] 

нΩΦ ! ǿƛƴŘƻǿ ƻŦ ŦƛȄŜŘ ǎƛȊŜ ǎƭƛŘŜǎ ƻǾŜǊ ǘƘŜ ǎƻǊǘŜŘ ƭƛǎǘ ƻŦ BKs. 
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1. Entities are sorted in  
alphabetic order of BKs. 

2. A window of fixed size  
slides over the sorted list of entities. 

3. At each iteration, it compares 
the entities that co-occur  
within the window. 

 

Extended Sorted Neighborhood [Christen, TKDE 2011] 

2ΩΦ ! ǿƛƴŘƻǿ ƻŦ ŦƛȄŜŘ ǎƛȊŜ ǎƭƛŘŜǎ ƻǾŜǊ ǘƘŜ ǎƻǊǘŜŘ ƭƛǎǘ ƻŦ BKs. 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Q-grams Blocking [Gravano et. al., VLDB 2001] 

Blocks on equality of BKs. 

Converts every BK into the list of its q-grams. 

 

For q=2, the BKs 91456 and 94520 yield the following blocks: 

 

 

 

 

 

ÅAdvantage: 

 robust to noisy BKVs 

ÅDrawback: 

 ƭŀǊƎŜǊ ōƭƻŎƪǎ Ҧ ƘƛƎƘŜǊ ŎƻƳǇǳǘŀǘƛƻƴŀƭ Ŏƻǎǘ 

 
 

 

 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Extended Q-grams Blocking [Baxter et. al., KDD 2003] 

BKs of higher discriminativeness: 
 instead of individual q-grams, BKs from combinations of q-grams. 
 

Additional parameter: 
 threshold t  ɴ  (0,1) specifies the minimum number of  
 q-grams per BK as follows: ■□░▪ □╪●ȟἳ ϊ ◄ ,  
 where Ὧ is the number of q-grams from the original BK 
 

Example: 
 for BK= 91456, q=2 and t=0.9,  
 we have lmin=3 and the following valid BKs:  
 91_14_45_56 
 91_14_45 
 91_14_56 
 91_45_56 
 14_45_56 

 

 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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MFIBlocks [Kenig et. al., IS 2013] 

Papadakis & Palpanas, WWW 2018, April 2018 

Based on mining Maximum Frequent Itemsets. 
 
Algorithm: 
Å Place all entities in a pool 
Å while (minimum_support > 2) 
ïFor each itemset that satisfies minimum_support 
ÅCreate a block b 
ÅIf b satisfies  certain constraints (Block Cleaning) 
ïremove its entities from the pool 
ïretain the best comparisons (Comparison Cleaning) 

ïdecrease minimum_support 
 
 

Pros: 
Å ¦ǎǳŀƭƭȅ ǘƘŜ Ƴƻǎǘ ŜŦŦŜŎǘƛǾŜ ōƭƻŎƪƛƴƎ ƳŜǘƘƻŘ ŦƻǊ ǊŜƭŀǘƛƻƴŀƭ Řŀǘŀ Ҧ 

maximizes PQ (precision) 
 

Cons: 
Å Difficult to configure 
Å Time consuming 54 
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Canopy Clustering [McCallum et. al., KDD 2000] 

Papadakis & Palpanas, WWW 2018, April 2018 

Blocks on similarity of BKs. 
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Extended Canopy Clustering [Christen, TKDE 2011] 

Canopy Clustering is too sensitive w.r.t. its weight thresholds:  

 - high values may leave many entities out of blocks. 

 

Solution: Extended Canopy Clustering [Christen, TKDE 2011] 

Åcardinality thresholds instead of weight thresholds 

Å for each center of a canopy: 

ïthe n1 nearest entities are placed in its block 

ïthe n2 όҖ n1) nearest entities are removed from the pool 

  

Papadakis & Palpanas, WWW 2018, April 2018 
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Suffix Arrays Blocking [Aizawa et. al., WIRI 2005] 

Blocks on the equality of BKs. 

Converts every BK to the list of its suffixes that are longer than a 
predetermined minimum length lmin. 

For lmin =3, the keys 91456 and 94520 yield the blocks: 

 

 

 

 

 

 

Frequent suffixes are discarded with the help of the parameter bM: 

 - specifies the maximum number of entities per block 

Papadakis & Palpanas, WWW 2018, April 2018 
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Extended Suffix Arrays Blocking [Christen, TKDE 2011] 

Goal: 

 support errors at the end of BKs 

Solution: 

 consider all substrings (not only suffixes) with more than lmin  

 characters. 

 

For lmin=3, the keys 91456 and 94520 are converted to the BKs: 

91456, 94520 

9145, 9452 

1456, 4520 

914,  945 

145,  452 

456  520 

 
Papadakis & Palpanas, WWW 2018, April 2018 
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Summary of Blocking for Databases [Christen, TKDE2011] 

1. They typically employ redundancy to ensure higher recall 
in the context of noise at the cost of lower precision (more 
comparisons). Still, recall remains low for many datasets. 

 

2. Several parameters to be configured  

  E.g., Canopy Clustering has the following parameters: 

I. String matching method 

II. Threshold t1 

III. Threshold t2 

 

3. Schema-dependent Ҧ Ƴŀƴǳŀƭ ŘŜŦƛƴƛǘƛƻƴ ƻŦ BKs 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Improving Blocking for Databases [Papadakis et. al., VLDB 2015] 

Schema-agnostic blocking keys 

ÅUse every token as a key 

ÅApplies to all schema-based blocking methods 

ÅSimplifies configuration, unsupervised approach 

 

Performance evaluation 

ÅFor lazy blocking ƳŜǘƘƻŘǎ Ҧ  
very high, robust recall at the cost of more comparisons 

ÅFor proactive blocking ƳŜǘƘƻŘǎ Ҧ 
relative recall gets higher with more comparisons,  
absolute recall depends on block constraints 
 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Papadakis & Palpanas, WWW 2018, April 2018 
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 Block Building for Web Data 
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 Characteristics of Web Data 

Voluminous, (semi-)structured datasets.  

ÅDBPedia 2014: 3 billion triples and 38 million entities 

ÅBTC09:  1.15 billion triples, 182 million entities. 

  

Users are free to add attribute values and/or attribute names  

Ą unprecedented levels of schema heterogeneity.  

ÅDBPedia 3.4: 50,000 attribute names 

ÅGoogle Base: 100,000 schemata for 10,000 entity types 

ÅBTC09:  136,000 attribute names 

 

Several datasets produced by automatic information extraction 
techniques  

Ą noise, tag-style values. 
 

 
Papadakis & Palpanas, WWW 2018, April 2018 
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Example of Web Data 
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Papadakis & Palpanas, WWW 2018, April 2018 
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Token Blocking [Papadakis et al., WSDM2011] 

Functionality: 

1. given an entity profile, extract all tokens that are contained in 
its attribute values. 

2. create ƻƴŜ ōƭƻŎƪ ŦƻǊ ŜǾŜǊȅ ŘƛǎǘƛƴŎǘ ǘƻƪŜƴ Ҧ ŜŀŎƘ ōƭƻŎƪ 
contains all entities with the corresponding token* . 

 

Attribute-agnostic functionality: 

Åcompletely ignores all attribute names, but considers all 
attribute values 

Åefficient implementation with the help of inverted indices 

Åparameter-free! 
 

*Each block should contain at least two entities. 

Papadakis & Palpanas, WWW 2018, April 2018 
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Token Blocking Example 

Papadakis & Palpanas, WWW 2018, April 2018 
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Attribute-Clustering Blocking 
[Papadakis et. al., TKDE 2013] 

Goal: 

group attribute names into clusters s.t. we can apply Token Blocking 
independently inside each cluster, without affecting effectiveness 
Ҧ ǎƳŀƭƭŜǊ ōƭƻŎƪǎΣ ƘƛƎƘŜǊ ŜŦŦƛŎƛŜƴŎȅ. 

Papadakis & Palpanas, WWW 2018, April 2018 
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Attribute-Clustering Blocking 
Algorithm 

Å Create a graph, where every node represents an attribute name 
and its attribute values 

Å For each attribute name/node ni 

ïFind the most similar node nj 

ïIf sim(ni,nj) > 0, add an edge <ni,nj> 
Å Extract connected components 
Åtǳǘ ŀƭƭ ǎƛƴƎƭŜǘƻƴ ƴƻŘŜǎ ƛƴ ŀ άƎƭǳŜέ ŎƭǳǎǘŜǊ 
 

 

Parameters 

1. Representation model 

ï Character n-grams, Character n-gram graphs, Tokens 

2. Similarity Metric 

ï Jaccard, Graph Value Similarity, TF-IDF 

Papadakis & Palpanas, WWW 2018, April 2018 
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Attribute-Clustering vs  
Schema Matching 

 

Similar to Schema Matching, Χōǳǘ fundamentally different: 

 

1. Associated attribute names do not have to be semantically 
equivalent. They only have to produce good blocks 

 

2. All singleton attribute names are associated with each other 

 

3. Unlike Schema Matching, it scales to the very high levels of 
heterogeneity of Web Data 
ï because of the above simplifying assumptions 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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TYPiMatch [Ma et. al., WSDM 2013] 

Goal:  

  cluster entities into overlapping types and apply Token    

  Blocking to the values of the best attribute for each type. 

Papadakis & Palpanas, WWW 2018, April 2018 
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TYPiMatch 

Algorithm: 

1. Create a directed graph G, where nodes correspond to 
tokens, and edges connect those co-occurring in the same 
entity profile, weighted according to conditional co-
occurrence probability. 

2. Convert G to undirected graph DΩ and get maximal cliques 
(parameter ̒ ). 

3. Create an undirected graph DΩΩ, where nodes correspond to 
cliques and edges connect the frequently co-occurring 
cliques (parameter ʁ ). 

4. Get connected components to form entity types. 

5. Get best attribute name for each type using an entropy-
based criterion. 

Papadakis & Palpanas, WWW 2018, April 2018 
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For Semantic Web data, three sources of evidence create blocks of 
lower redundancy than Token Blocking: 

1.Infix 
 

 

2.Infix Profile  

3.Literal Profile 
 

 

 

 

 
Algorithm for URI decomposition in PI(S)-form in [Papadakis et al., iiWAS 2010].  

Evidence for Semantic Web Blocking 

Papadakis & Palpanas, WWW 2018, April 2018 
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The above sources of evidence lead to 3 parameter-free 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 contains 
all entities having it in their Infix Profile 

3.Literal Profile Blocking 
every block corresponds to a specific token and contains all entities having it 
in their Literal Profile 
 

Individually, these atomic methods 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 composite blocking methods with high robustness and  

effectiveness! 

URI Semantics Blocking [Papadakis et al., WSDM2012]  

Papadakis & Palpanas, WWW 2018, April 2018 
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Summary of Blocking for Web Data 
 

High Recall in the context of noisy entity profiles and extreme 
schema heterogeneity thanks to: 

1.  redundancy that reduces the likelihood of missed matches. 

2.  attribute-agnostic functionality that requires no schema 
semantics. 

 

Low Precision because: 

Å the blocks are overlapping Ҧ redundant comparisons 

Å high number of comparisons between irrelevant ŜƴǘƛǘƛŜǎ Ҧ 
superfluous comparisons 

Papadakis & Palpanas, WWW 2018, April 2018 
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Token Blocking Example 

Papadakis & Palpanas, WWW 2018, April 2018 
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Papadakis & Palpanas, WWW 2018, April 2018 

 

 

 

 

 Part 4: 

 Block Processing Techniques 
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Outline 
1. Introduction to Blocking  
2. Blocking Methods for Relational Data 
3. Blocking Methods for Web Data 

4. Block Processing Techniques  
ï Block Purging 
ï Block Filtering 
ï Block Clustering 
ï Comparison Propagation 
ï Iterative Blocking 

5. Meta-blocking 
6. Entity Matching 
7. Entity Clustering 
8. Massive Parallelization Methods 
9. Progressive Entity Resolution 
10. Challenges 
11. JedAI Toolkit 
12. Conclusions 

Papadakis & Palpanas, WWW 2018, April 2018 
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General Principles 

Goals: 

1. eliminate all redundant comparisons 

2. avoid most superfluous comparisons 

without affecting matching comparisons (i.e., PC). 

 

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

1. Block-refinement 

2. Comparison-refinement 

Å Iterative Methods 

 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Block Purging 

Exploits power-law distribution of block sizes. 

 

Targets oversized blocks (i.e., many comparisons, no duplicates) 

 
 

Discards them by setting an upper limit on: 

Å  the size of each block [Papadakis et al., WSDM 2011],  

Å  the cardinality of each block [Papadakis et al., WSDM 2012] 

 

Core method: 

ÅLow computational cost. 

ÅLow impact on effectiveness. 

ÅBoosts efficiency to a large extent. 
Papadakis & Palpanas, WWW 2018, April 2018 
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Distributions of Block Sizes and Duplicates 

Papadakis & Palpanas, WWW 2018, April 2018 
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Block Filtering [Papadakis et. al, EDBT 2016] 

Main ideas:  

Åeach block has a different importance for every entity it 
contains.  

ÅLarger blocks are less likely to contain unique duplicates 
and, thus, are less important. 

 

Algorithm  

Åsort blocks in ascending cardinality 

Åbuild Entity Index 

Å retain every entity in r% of its smallest blocks 

Å reconstruct blocks 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Block Filtering Example 

Papadakis & Palpanas, WWW 2018, April 2018 
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Block Clustering [Fisher et. al., KDD 2015] 

Main idea:  

Å restrict the size of every block into [bmin, bmax] 

ïnecessary in applications like privacy-preserving ER 

ïoperates so that ||B|| increases linearly with |E| 

 

Algorithm  

Å recursive agglomerative clustering  

ïmerge similar blocks with size lower than bmin 

ïsplit blocks with size larger than bmax 

Åuntil all blocks have the desired size 

 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Comparison Propagation [Papadakis et al., JCDL 2011]  

ÅEliminate all redundant comparisons at no cost in recall. 

ÅNaïve approach does not scale. 

ÅFunctionality: 

1. Build Entity Index 

2. Least Common Block Index condition. 

 

 

Papadakis & Palpanas, WWW 2018, April 
2018 
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Iterative Blocking [Whang et. Al, SIGMOD 2009] 

Main idea: 

integrate block processing with entity matching and reflect outcomes 
to subsequently processed blocks, until no new matches are detected. 
 

Algorithm 

ÅPut all blocks in a queue Q 

ÅWhile Q is not empty 

ïGet first block 

ïGet matches with an ER algorithm (e.g., R-Swoosh) 

ÅFor each new pair of duplicates pi Ǉj 
ïMerge their profiles ǇΩi = ǇΩj =< pi, pj > and update them in 

all associated blocks 

ïPlace in Q all associated blocks that are not already in it 

Papadakis & Palpanas, WWW 2018, April 2018 
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Papadakis & Palpanas, WWW 2018, April 2018 
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Motivation 

 
 

DBPedia оΦлǊŎ ҭ DBPedia 3.4 

 мΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ ҭ нΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ 
 
  

Papadakis & Palpanas, WWW 2018, April 2018 
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Motivation 

 
 

DBPedia 3.0ǊŎ ҭ DBPedia 3.4 

 1.2 Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ ҭ 2.2 million entities 
 

Brute-force approach 

Comparisons: 2.58 ϊ 1012 

Recall: 100% 

Running time: 1,344 Řŀȅǎ Ҧ 3.7 years 
 

 
  

Papadakis & Palpanas, WWW 2018, April 2018 
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Motivation 

 
 

DBPedia оΦлǊŎ ҭ DBPedia 3.4 

 мΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ ҭ нΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ 
 

Brute-force approach 

ComparisonsΥ нΦру ϊ мл12 

Recall: 100% 

wǳƴƴƛƴƎ ǘƛƳŜΥ мΣопп Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  

Overhead time: <30 mins 

Comparisons: оΦр ϊ мл10 

Recall: 99% 

Total Running time: 19 days  
  

Papadakis & Palpanas, WWW 2018, April 2018 
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DBPedia оΦлǊŎ ҭ DBPedia 3.4 

 мΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ ҭ нΦн Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ 
 

Brute-force approach 

ComparisonsΥ нΦру ϊ мл12 

Recall: 100% 

wǳƴƴƛƴƎ ǘƛƳŜΥ мΣопп Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  

Overhead time: <30 mins 

Comparisons: оΦр ϊ мл10 

Recall: 99% 

Total Running time: 19 days  
  

Papadakis & Palpanas, WWW 2018, April 2018 
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Motivation 

 
 

DBPedia 3.0ǊŎ ҭ DBPedia 3.4 

 1.2 Ƴƛƭƭƛƻƴ ŜƴǘƛǘƛŜǎ ҭ 2.2 million entities 
 

Brute-force approach 

Comparisons: 2.58 ϊ 1012 

Recall: 100% 

Running time: 1,344 Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  

Overhead time: <30 mins 

Comparisons: 3.5 ϊ 1010 

Recall: 99% 

Total Running time: 19 days  
  

Token Blocking + Block Filtering + ?? 

 Papadakis & Palpanas, WWW 2018, April 2018 
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Meta-blocking [Papadakis et. al., TKDE 2014] 

Goal: 

restructure a redundancy-positive block collection into a new 
one that contains substantially lower number of redundant 
and superfluous comparisons, while maintaining the original 
number of matching ones (ɲPC Ғ 0, ɲPQ >> 1) Ҧ 

 

 

 

 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Meta-blocking [Papadakis et. al., TKDE 2014] 

Goal: 

restructure a redundancy-positive block collection into a new 
one that contains substantially lower number of redundant 
and superfluous comparisons, while maintaining the original 
number of matching ones (ɲPC Ғ 0, ɲPQ >> 1) Ҧ 

 

Main idea: 

common blocks provide valuable evidence for the similarity of 
entities  

Ҧ ǘƘŜ ƳƻǊŜ ōƭƻŎƪǎ ǘǿƻ ŜƴǘƛǘƛŜǎ ǎƘŀǊŜΣ ǘƘŜ ƳƻǊŜ ǎƛƳƛƭŀǊ ŀƴŘ 
the more likely they are to be matching 

 

 
 Papadakis & Palpanas, WWW 2018, April 2018 
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Outline of Meta-blocking 
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Graph Building 

For every block: 

Å for ŜǾŜǊȅ Ŝƴǘƛǘȅ Ҧ add a node 

Å for every pair of co-occurring entities Ҧ add an undirected 
edge 

 

Blocking graph: 

Å It eliminates all redundant comparisons Ҧ  
no parallel edges. 

Å[ƻǿ ƳŀǘŜǊƛŀƭƛȊŀǘƛƻƴ Ŏƻǎǘ Ҧ  
implicit materialization through inverted indices 

ÅDifferent from similarity graph! 

Papadakis & Palpanas, WWW 2018, April 2018 
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Edge Weighting 

Five generic, attribute-agnostic weighting schemes that rely on 
the following evidence: 

Å the number of blocks shared by two entities 

Å the size of the common blocks 

Å the number of blocks or comparisons involving each entity. 

 

Computational Cost: 

Å In theory, equal to executing all pair-wise comparisons in the 
given block collection. 

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

Papadakis & Palpanas, WWW 2018, April 2018 
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Weighting Schemes 

1. Aggregate Reciprocal Comparisons Scheme (ARCS) 

ύ
ρ

ȿȿὦȿȿ
ᶰ

 

2. Common Blocks Scheme (CBS) 
ύ ȿὄȿ 

3. Enhanced Common Blocks Scheme (ECBS)  

ύ ȿὄȿϽÌÏÇ
ȿὄȿ

ȿὄȿ
ϽÌÏÇ

ȿὄȿ

ȿὄȿ
 

4. Jaccard Scheme (JS) 

ύ
ȿὄȿ

ὄ ὄ ȿὄȿ
 

5. Enhanced Jaccard Scheme (EJS ) 

ύ
ȿ ȿ

ȿ ȿ
ϽÌÏÇ

ȿ ȿ

ȿȿ
 ϽÌÏÇ

ȿ ȿ
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Papadakis & Palpanas, WWW 2018, April 2018 
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Graph Pruning 

Pruning algorithms 

1. Edge-centric 

2. Node-centric 

 they produce directed blocking graphs 

 

Pruning criteria 

Scope: 

1. Global 

2. Local 

Functionality: 

1. Weight thresholds 

2. Cardinality thresholds 

Papadakis & Palpanas, WWW 2018, April 2018 
104 



Thresholds for Graph Pruning 

Experiments show robust behavior of the following 
configurations: 

 

1. Weighted Edge Pruning (WEP)  
 threshold: average weight across all edges 

2. Cardinality Edge Pruning (CEP)  
 ǘƘǊŜǎƘƻƭŘΥ Y Ґ .t9ϊμ9μκн 

3. Weighted Node Pruning (WNP)  
 threshold: for each node, the average weight of the 
 adjacent edges 

4. Cardinality Node Pruning (CNP)  
 threshold: for each node, k=BPE-1 

Papadakis & Palpanas, WWW 2018, April 2018 
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Back to Motivation 
 
 

DBPedia 3.0ǊŎ ҭ DBPedia 3.4 
Brute-force approach 

Comparisons: 2.58 ϊ 1012 

Recall: 100% 
Running time: 1,344 Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  
Overhead time: <30 mins 
Comparisons: 3.5 ϊ 1010 
Recall: 99% 
Total Running time: 19 days  
  

Token Blocking + Block Filtering + Meta-blocking 
Overhead time: 4 hours 
Comparisons: 8.95 ϊ 106 
Recall: 92% 
Total Running time: 5 hours 

Papadakis & Palpanas, WWW 2018, April 2018 

Block 
Building 

Comparison 
Cleaning 

E B Block 
Cleaning 
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Back to Motivation 
 
 

DBPedia оΦлǊŎ ҭ DBPedia 3.4 
Brute-force approach 

ComparisonsΥ нΦру ϊ мл12 

Recall: 100% 
wǳƴƴƛƴƎ ǘƛƳŜΥ мΣопп Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  
Overhead time: <30 mins 
Comparisons: оΦр ϊ мл10 
Recall: 99% 
Total Running time: 19 days  
  

Token Blocking + Block Filtering + Meta-blocking 
Overhead time: 4 hours 
/ƻƳǇŀǊƛǎƻƴǎΥ уΦфр ϊ мл6 
Recall: 99% 
Total Running time: 10 hours 

Papadakis & Palpanas, WWW 2018, April 2018 

Block 
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Comparison 
Cleaning 

E B Block 
Cleaning 
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Back to Motivation 
 
 

DBPedia оΦлǊŎ ҭ DBPedia 3.4 
Brute-force approach 

ComparisonsΥ нΦру ϊ мл12 

Recall: 100% 
wǳƴƴƛƴƎ ǘƛƳŜΥ мΣопп Řŀȅǎ Ҧ 3.7 years 
 

Token Blocking + Block Filtering + Comparison Propagation  
Overhead time: <30 mins 
Comparisons: оΦр ϊ мл10 
Recall: 99% 
Total Running time: 19 days  
  

Token Blocking + Block Filtering + Meta-blocking 
Overhead time: 4 hours 
/ƻƳǇŀǊƛǎƻƴǎΥ уΦфр ϊ мл6 
Recall: 99% 
Total Running time: 10 hours 

Papadakis & Palpanas, WWW 2018, April 2018 

Block 
Building 

Comparison 
Cleaning 

E B Block 
Cleaning 
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Meta-blocking Challenges: Time Efficiency 

Bottleneck: edge weighting 

ÅDepends on ὄ  & BPE 

ï Ὁ σȢτ ρπφ , ὄ τ ρπρπ, BPE=15 Ҧ 3 hours 

ï Ὁ χȢτ ρπφ , ὄ ς ρπρρ, BPE=40 Ҧ 186 hours 

Papadakis & Palpanas, WWW 2018, April 2018 
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Enhancing Meta-blocking Time Efficiency 

1. Block Filtering 

üǊ Ґ лΦу Ҧ п ǘƛƳŜǎ ŦŀǎǘŜǊ ǇǊƻŎŜǎǎƛƴƎΣ ƻƴ ŀǾŜǊŀƎŜ 

ü reduces both ||B|| and BPE 

2. Optimized Edge Weighting [Papadakis et. al., EDBT 2016] 

ü Entity-based instead of Block-based implementation 

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

3. Multi-core Meta-blocking 

ü Commodity hardware 

4. Parallel Meta-blocking 

ü Hadoop Cluster 

Papadakis & Palpanas, WWW 2018, April 2018 
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Multi-core Meta-blocking [Papadakis et. al, Semantics 2017] 

Two types of methods: 

ÅBlock-based 

ÅEntity-based 

 

Fork-join approach: 

Åcomputational cost split into set of chunks* placed in an array, with 
an index indicating next chunk to be processed 

ÅEvery thread retrieves current value of index and assigned to 
process corresponding chunk 

 

*chunk = individual items* or a non-overlapping set of items 

* item = an individual block or an individual entity 
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Parallelization Strategies 

Depending on the definition of chunks, we defined the following 
parallelization strategies: 

1. Random ǇŀǊŀƭƭŜƭƛȊŀǘƛƻƴ Ҧ ƛƴŘƛǾƛŘǳŀƭ ƛǘŜƳǎ ƛƴ ŀǊōƛǘǊŀǊȅ ƻǊŘŜǊ 

2. Naïve Parallelization Ҧ individual items sorted by cost 
(#comparisons) 

3. Partition tŀǊŀƭƭŜƭƛȊŀǘƛƻƴ Ҧ ŀƴ ŀǊōƛǘǊŀǊȅ ƴǳƳōŜǊ ƻŦ ƴƻƴ-overlapping 
groups of items with the same computational cost 

4. Segment Parallelization Ҧ #cores non-overlapping groups of items 
with the same computational cost 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Segment Parallelization 

Papadakis & Palpanas, WWW 2018, April 2018 

Input:  
ÅI = { 3, 5, 10, 6, 1, 9, 2, 4, 7,  8 } 
Ånumber of segments (4) 
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Segment Parallelization 

Papadakis & Palpanas, WWW 2018, April 2018 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Segment Parallelization 
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Execution Plan 

Papadakis & Palpanas, WWW 2018, April 2018 

Total valid 
comparisons 

Merge 

Initialization 

MWEP MWNP MCEP MCNP 
Initialize chunk 
array and N 
threads. 

Initialize chunk 
array and N 
threads. 

Initialize chunk  
array and N threads. 
Estimate K. 

Each thread 
computes local 
aggregate edge 
weight and 
#comparisons 

Estimate average 
edge weight 

Each thread  
stores the total 
weight and 
#comparisons per 
entity in two arrays 

Check and keep 
valid 
comparisons 
above the 
weight threshold 

Output total 
valid 
comparisons 

Merge the 2 
arrays to compute 
the average edge 
weight of each 
node 

Check and keep 
valid comparisons 
above the weight 
threshold  of any 
adjacent node 

Output total valid 
comparisons 

Every thread stores 
the k top-weighted 
edges for every 
processed entity in 
a priority queue 

Output the comparisons 
that are among the k 
top-weighted ones for 
any of the adjacent 
entities 

Stage 1 

Stage 2 

Each thread stores the 
K top-weighted edges 
in the processed 
chunks in a priority 
queue 

Output the overall 
K top-weighted 
comparisons  

Initialize chunk 
array and N threads. 
Estimate k. 

th1 th2 th3 thN Χ 

th1 th2 th3 
thN Χ 
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Experimental Evaluation - Datasets 

Original  
Datasets 

DBPedia 
3.0rc 

DBPedia 
3.4 

Entities 1,190,733 2,164,040 

Duplicates 892,579 

Triples мΦсфϊмл7 оΦрлϊмл7 

Predicates 30,757 52,554 

Brute-force нΦруϊмл12 

Papadakis & Palpanas, WWW 2018, April 2018 

Blocks Input 
Output 
(CNP) 

Blocks 1,239,066 1,190,733 

Comparisons мΦолϊмл10 3.30ϊмл7 

Detected 
Matches 

890,817 859,554 

Recall 0.998 0.963 

Precision сΦусϊмлҍр 2.61ϊмлҍ2 

System: Server running Ubuntu 12.04, 32GB RAM and 2 Intel Xeon E5620 
processors, each having 4 physical cores and 8 logical cores at 2.40GHz. 
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token blocking + 
block purging + 
block filtering 

token blocking + 
block purging +  
block filtering + 

meta-blocking CNP 



Experimental Evaluation ς CNP Wall Clock Time  

Papadakis & Palpanas, WWW 2018, April 2018 

Single-threaded time = 3.5 hours RB=Random, block-based 
parallelization 
NB=Naïve, block-based 
parallelization 
PB=Partition, block-based 
parallelization 
SB=Segment, block-based 
parallelization 
RE=Random, entity-based 
parallelization 
NE=Naïve, entity-based 
parallelization 
PE=Partition, entity-based 
parallelization 
SE=Segment, entity-based 
parallelization 15 min 
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Experimental Evaluation ς CNP Speedup 

Papadakis & Palpanas, WWW 2018, April 2018 

RB=Random, block-based 
parallelization 
NB=Naïve, block-based 
parallelization 
PB=Partition, block-based 
parallelization 
SB=Segment, block-based 
parallelization 
RE=Random, entity-based 
parallelization 
NE=Naïve, entity-based 
parallelization 
PE=Partition, entity-based 
parallelization 
SE=Segment, entity-based 
parallelization 
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Meta-blocking Challenges: Effectiveness 

Problem:  

Å Simple pruning rules 

 

Solutions: 

ÅUnsupervised methods 
ïBLAST 

ÅIntegrates schema information  

ÅSupervised methods 
ïSupervised Meta-blocking (SMB) 

Å  utilizes feature-based classification of blocking-graph edges 

ïBLOSS  

Åminimizes the size of the required training set 

Papadakis & Palpanas, WWW 2018, April 2018 
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BLAST [Simonini et. al., VLDB 2017] 

ÅGoal:  
improve the edge weighting and pruning in unsupervised WNP with loose 
schema information 

ÅSolution: 

 

 

 

 

 

 
 

It works for Dirty ER, as well. 

Papadakis & Palpanas, WWW 2018, April 2018 
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Courtesy of Giovanni Simonini 



 

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 

Ÿ very inefficient 
 

BLAST employs LSH to reduce the 

time complexity (for JaccardSim) 

Å Scales well to hundred of 

thousands attributes 

Å Simultaneously estimates 

aggregate entropy per cluster 

Loose Schema Information Extraction 

Papadakis & Palpanas, WWW 2018, April 2018 
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Loosely Schema-aware Meta-blocking 

1. BLAST improves edge weighting as follows:  
ŜǾŜǊȅ ŜŘƎŜ Ҧ ǎŜǾŜǊŀƭ ōƭƻŎƪƛƴƎ ƪŜȅǎ όǘƻƪŜƴǎύ Ҧ ƳǳƭǘƛǇƭŜ ŀǘǘǊƛōǳǘŜ 
ƴŀƳŜǎ Ҧ ǿόeij)=aggregate ŜƴǘǊƻǇȅϊtŜŀǊǎƻƴΩǎ ̝ 2 

 

 

 

2. BLAST improves edge pruning in two ways: 
ï Local weight threshold independent of the size of each node neighborhood 

(i.e., number of edges): 
 

—
ὥὶὫάὥὼ ύὩ

ς
 

ï An edge  Ὡ  is retained if  ύὩ  . 

Papadakis & Palpanas, WWW 2018, April 2018 
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Example ς Original Meta-blocking 

Papadakis & Palpanas, WWW 2018, April 2018 

Entity Collection Token Blocking 

Blocking Graph New Collection Pruned Graph 
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Example ς Meta-blocking over Attribute Clustering 

Papadakis & Palpanas, WWW 2018, April 2018 

Entity Collection Attribute Clustering 

Blocking Graph 

name,f.name, 

 s.name 

Other 

Attributes 

C1 C2 
New Collection Pruned Graph 

Attribute Clusters 
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Example - BLAST 

Papadakis & Palpanas, WWW 2018, April 2018 

Entity Collection Attribute Clustering 

Blocking Graph 

name,f.name, 

 s.name 

Other 

Attributes 

C1 C2 
New Collection Pruned Graph 

Attribute Clusters 
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Supervised Meta-blocking [Papadakis et. al., VLDB 2014] 

Goal: 

 more accurate and comprehensive methodology for    

 pruning the edges of the blocking graph 

 

Solution: 

 - model edge pruning as a classification task per edge 

 - ǘǿƻ ŎƭŀǎǎŜǎΥ άƭƛƪŜƭȅ ƳŀǘŎƘέΣ άǳƴƭƛƪŜƭȅ ƳŀǘŎƘέ 

 

Open issues: 

ÅClassification Features 

ÅTraining Set 

ÅClassification Algorithms & Configuration 

Papadakis & Palpanas, WWW 2018, April 2018 
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Requirements: 

1. Generic  2. Effective 

3. Efficient 4. Minimal 

Classification Features 

Papadakis & Palpanas, WWW 2018, April 2018 
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Feature Engineering 

CF-IBF = # of Common Blocks × Inverse Block Frequency per entity 
RACCB = Sum of Inverse Block Sizes 
 
We examined all 63 possible combinations to find the minimal set of 
features, which comprises the first four features. 
 

Papadakis & Palpanas, WWW 2018, April 2018 
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Training Set 

Challenge:  

  binary classification with heavily imbalanced classes 

 

Solutions: 

1. Oversampling 

2. Cost-sensitive learning 

3. Ensemble learning 

4. Undersampling 

ï Sample size equal to 5% of the minority class. 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Classification Algorithms 
 

Weighted Edge Pruning (WEP) 
Å compatible with any classifier 

Å we selected 4 state-of-the-art:  

1. Naïve Bayes 

2. Bayesian Networks 

3. C4.5 Decision Trees 

4. Support Vector Machines 

 

Cardinality Edge Pruning (CEP) & 

Cardinality Node Pruning (CNP) 
Å compatible with probabilistic classifiers 

Å we selected Naïve Bayes, Bayesian Networks 

Configuration 
For selected features and 
sample size, classifiers are 
robust with respect to their 
internal parameters 

Papadakis & Palpanas, WWW 2018, April 2018 
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Experiments 

Papadakis & Palpanas, WWW 2018, April 2018 
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Experiments 

recall almost unaffected 

Papadakis & Palpanas, WWW 2018, April 2018 
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Experiments 

recall almost unaffected 

running time 

Papadakis & Palpanas, WWW 2018, April 2018 
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Experiments 

recall almost unaffected 

running time up to 6x faster 
(than original meta-blocking)  

Papadakis & Palpanas, WWW 2018, April 2018 
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BLOSS [Dal Bianco et al., Information Systems, 2018] 

 

Goal: 

 minimize the labelling effort  
 for training Supervised Meta-blocking 

 

Solution: 

 meta-BLOcking Sampling Selection 

 - involves a novel sampling methodology  

 - combines it with active learning  

 

Key feature: 

Å removes outliers to improve recall 

Papadakis & Palpanas, WWW 2018, April 2018 
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BLOSS Outline  

It comprises three steps: 

 

1. Definition of Similarity Levels and Random Sampling 
ï pre-selects candidate pairs using a metric that assesses the potential 

of a pair being a match 

ï level-based sampling ensures diversity 

 

2. Selection of Pairs for Labeling 
ï applies active learning applied to the pre-selected pairs 

 

3. Pruning Non-Matching Outliers 
ï filters out noisy non-matching pairs that have been labeled 

Papadakis & Palpanas, WWW 2018, April 2018 145 Courtesy of Guilherme Dal Bianco 



Group candidate pairs 
into L layers 

Random selection N pairs 
inside each level 

CF_IBF Entity 1 Entity 2 

30 A B C D A E F G 

30 C T U Z E W U V 

80 A I V X A E P X 

80 L M Q X S M P X 

160 D E F G D E F G 

160 A L W X A L W X 

CF_IBF Entity 1 Entity 2 

30 C T U Z E W U V 

80 A I V X A E P X 

160 A L W X A L W X 

Level L 

Level 1 

Level 0 

BLOSS First Stage 

Relies on CF_IBF, which is proportional to matching likelihood. 

Courtesy of Guilherme Dal Bianco Papadakis & Palpanas, WWW 2018, April 2018 146 



BLOSS First Stage ς Layers distribution 

Å first levels probably include more non-matching pairs 
Å last levels group more matching pairs 

Courtesy of Guilherme Dal Bianco 

increasing CF_IBF 
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Random selection 
of unlabeled pairs  

u1 A  C V 

u2 A C U 

u3 T C R 

l1 T B R 

l2 L K N 

l3 O C M 

l4 P R V 

lu3 C 

lu4 V 

lu3 C 

lu1 T R 

lu3 C 

Unlabeled Dataset 
Already Labeled Dataset 

Projected Set 

2 Rules 

1 Rules 

5 Rules 

Pair u2 is the most dissimilar instance compared to the actual training set.  

Rule-based active 
learning 

Reduced sample 
of labeled pairs 

BLOSS Second Stage: Pairs Selection 

Courtesy of Guilherme Dal Bianco Papadakis & Palpanas, WWW 2018, April 2018 148 



BLOSS Third Stage: Outliers Pruning 

Goal: remove noise, while maximizing recall. 

Courtesy of Guilherme Dal Bianco Papadakis & Palpanas, WWW 2018, April 2018 149 



Pruning Threshold:  
average Jaccard similarity of non-matching labelled instances. 

BLOSS Third Stage ς Part B 

DBLP-Scholar  DBLP-ACM Synthetic Dataset 

Courtesy of Guilherme Dal Bianco Papadakis & Palpanas, WWW 2018, April 2018 150 



Measures: 
RRT = Relative running time wrt to original blocking (without Meta-blocking) 
ɲPC = Reduction in recall wrt to original blocking 
ɲPQ = Increase in precision wrt to original blocking 

BLOSS achieves a reduction in the training set size of 
around 40 times. 

BLOSS Effectiveness & Time Efficiency 

Courtesy of Guilherme Dal Bianco 
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Comparative Analysis of Approximate 
Blocking Techniques [Papadakis et. al., VLDB 2016] 

Åemployed 3 sub-tasks of blocking 

 

 

 

Papadakis & Palpanas, WWW 2018, April 2018 

Block 
Building 

Comparison 
Cleaning 

E B Block 
Cleaning 

Lazy  

blocking 

methods 

Block-refinement 

methods 

Comparison-

refinement 

methods 

Proactive blocking methods 

152 



Åconsidered 5 lazy and 7 proactive blocking methods 
 

Papadakis & Palpanas, WWW 2018, April 2018 

Comparative Analysis of Approximate 
Blocking Techniques [Papadakis et. al., VLDB 2016] 
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Experimental Analysis Setup 

 

ÅBlock Cleaning methods:  
1. Block Purging 

2. Block Filtering 

 

ÅComparison Cleaning methods:  
1. Comparison Propagation 

2. Iterative Blocking 

3. Meta-blocking 

Papadakis & Palpanas, WWW 2018, April 2018 
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Experimental Analysis Setup 

 

ÅExhaustive parameter tuning to identify two configurations for 
each method: 

1. .Ŝǎǘ ŎƻƴŦƛƎǳǊŀǘƛƻƴ ǇŜǊ ŘŀǘŀǎŜǘ Ҧ ƳŀȄƛƳƛȊŜǎ  
╪║ȟ╔ ╡╡║ȟ╔Ͻ╟╒║ȟ╔ 

2. 5ŜŦŀǳƭǘ ŎƻƴŦƛƎǳǊŀǘƛƻƴ Ҧ ƘƛƎƘŜǎǘ ŀǾŜǊŀƎŜ ╪ across all datasets 

 

ÅExtensive experiments measuring effectiveness and time 
efficiency over 5 real datasets (up to 3.3M entities). 

 

ÅScalability analysis over 7 synthetic datasets (up to 2M entities). 

Papadakis & Palpanas, WWW 2018, April 2018 
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Effectiveness of Lazy Methods on DBPedia 

Papadakis & Palpanas, WWW 2018, April 2018 
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Effectiveness of Lazy Methods on DBPedia 
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Time Efficiency of Lazy Methods on DBPedia 
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Time Efficiency of Lazy Methods on DBPedia 
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Effectiveness of Proactive methods on DBPedia 

Papadakis & Palpanas, WWW 2018, April 2018 
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Effectiveness of Proactive methods on DBPedia 
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Suffix-arrays and  
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Time Efficiency of Proactive Methods on DBPedia 

Papadakis & Palpanas, WWW 2018, April 2018 
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Time Efficiency of Proactive Methods on DBPedia 

Papadakis & Palpanas, WWW 2018, April 2018 

Suffix-arrays and  
Meta-blocking 
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 Part 6: 

 Entity Matching 
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Preliminaries 

ÅEstimates the similarity of candidate matches. 
 

Å Input 
ïPruned Blocking Graph 

ÅbƻŘŜǎ Ҧ ŜƴǘƛǘƛŜǎ 

Å9ŘƎŜǎ Ҧ ŎŀƴŘƛŘŀǘŜ ƳŀǘŎƘŜǎ 

ïOr, a set of blocks 

ÅEvery comparison in any block is a candidate match 
 

ÅOutput 
ïSimilarity Graph 

ÅbƻŘŜǎ Ҧ ŜƴǘƛǘƛŜǎ 

Å9ŘƎŜǎ Ҧ ŎŀƴŘƛŘŀǘŜ ƳŀǘŎƘŜǎ 

Å9ŘƎŜ ǿŜƛƎƘǘǎ Ҧ similarity of entity profiles (+neighbors) 

Papadakis & Palpanas, WWW 2018, April 2018 



Naïve Approach 

ÅFor each pair of entities, e1-e2 

ïEstimate aggregate similarity based on: 
Åattribute values 

Åneighbors 

Åexternal knowledge 

Åcombination of above 

ïLŦ ǎƛƳƛƭŀǊƛǘȅ Ҕ ǘƘǊŜǎƘƻƭŘ Ҧ ƳŀǘŎƘΗ όunsupervised) 

ïIf classifierDecision(e1,e2) = true Ҧ ƳŀǘŎƘΗ (supervised) 

 

 

Papadakis & Palpanas, WWW 2018, April 2018 
166 



 
167 

Group Linkage [On et al., ICDE 2007] 

ÅhŦǘŜƴΣ άŜƴǘƛǘȅέ ƛǎ ǊŜǇǊŜǎŜƴǘŜŘ ŀǎ a uniquely identified 
group of information 

ÅIn structured data: 

ïAn author with a group of publication records 

ïA household in a census survey with a group of family 
members 

ÅIn semi-structured data: 

ïEvery entity is a group of name-value pairs. 

Group Linkage Problem: to determine if two entities 
represented as groups are approximately the same or not 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Dongwon Lee 
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Group Linkage:  
Popular Group Similarity 

 

Jaccard 

ÅIntuitive, cheap to run 

ÅError-prone 

 

 21

21
21 ),(

gg

gg
ggsim

Ç

Æ
=

Bipartite Matching 

¸ Cardinality 

¸ Weighted 

¸ Rich 

¸ Expensive to run 

Q: Can we combine 
Jaccard and Bipartite 
Matching for Group 
Linkage? 

Papadakis & Palpanas, WWW 2018, April 2018 
Courtesy of Dongwon Lee 
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Group Linkage:  
Intuition for Better Similarity 

 

ÅTwo groups are similar if: 

 

ïA large fraction of elements in 
the two groups form matching 
element pairs 

 

ïThere is high enough similarity 
between matching pairs of 
individual elements that 
constitute the two groups 

 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Dongwon Lee 
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Group Linkage: Group Similarity 

ÅTwo groups of elements: 

ïg1 = {r11, r12Σ ΧΣ Ǌ1m1}, g2 = {r21, r22Σ ΧΣ Ǌ2m2} 

ïThe group measure BM is the normalized weight of 
the maximum bipartite matching M in the bipartite 
graph (N = g1 U g2, E=g1 X g2) 

 

 

 

     such that 

 

ïBM(g1, g2ύ җ ̒  
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Group Linkage:  
Example (                       ) 
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Therefore, g1 <> g2 ! 
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Group Linkage: Challenge 
 

ÅEach BM group measure uses the 
maximum weight bipartite 
matching 
ïBellman-Ford: O(V2E)  

ïHungarian: O(V3) 

 

ÅLarge number of groups to match 
ïO(NM) 

 Χ
 

Χ
 

N M 
Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Dongwon Lee 
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Group Linkage: 
Solution: Greedy matching 

 

ÅBipartite matching computation is expensive because 
of the requirement 

ïNo node in the bipartite graph can have more than one 
edge incident on it 

 

Å[ŜǘΩǎ relax this constraint: 

ïFor each element ei in g1, find an element ej in g2 with the 
highest element-level similarity ė S1 

ïFor each element ej in g2, find an element ei in g1 with the 
highest element-level similarity ė S2 

 
Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Dongwon Lee 
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Upper/Lower Bounds 
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Theorem & Algorithm 

ÅELSE IF LB(g1,g2) җ ̒ Ҧ BM(g1,g2) җ ̒ Ҧ g1Ғ g2 

ÅELSE, compute BM(g1,g2) 

¸ IF UB(g1,g2) < ɗ Ÿ BM(g1,g2) < ɗ Ÿ g1 Í g2 

)()( 2,1,2,1, ggBMggLB simsim rr ¢

)()( 2,1,2,1, ggUBggBM simsim rr ¢

Goal: BM(g1,g2) җ ̒  

Theorem 1 

Theorem 2 

Courtesy of Dongwon Lee 



Iterative Approaches [Stefanidis et al., WWW 2014] 

ÅIncrease recall by updating related entities upon 
detection of a new match 
 

ÅCore principles: 

ïTransitivity: if match(e1,e2)=true & match(e2,e3ύҐǘǊǳŜ Ҧ 
match(e1,e3)=true 

ïDuplicate dependency: if entities of one type (e.g., authors) 
are matches, related entities of another type (e.g., 
publications) are more likely to be matches, too. 

ïMerge dependency: if match(e1,e2)=true, replace e1 & e2 

with e12 and compare again with all other similar entities. 

 

 

Papadakis & Palpanas, WWW 2018, April 2018 
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Swoosh [Benjelloun et al., VLDBJ 2009] 

ÅIterative approach crafted for relational data. 
ÅRelies on two functions: match  (m) and merge  (ɛ) 
ÅAlgorithm outline: 
    while the input list I is not empty 
ïe1 ҥ I.removeFirstRecord() 
ïmatchFound = false  

ïfor each record in the output list , e2 ɴ ╞  
Åif m (e1, e2 ) == true  then 
ïO.remove ( e2 ) 
ïI .add( ɛ ( e1 , e2 ) ) 
ïmatchFound = true 
ïbreak 

ïif matchFound == false  

ïO.add( e1 ) 

Papadakis & Palpanas, WWW 2018, April 2018 
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Swoosh Efficiency [Benjelloun et al., VLDBJ 2009] 

ÅHigher efficiency (fewer calls to match  & merge ) 
when specific properties hold: 
ïIdempotence:  

m(ei, ei) = true , ɛ(ei, ei) = ei 

ïCommutativity:  

 m(ei, ej) = M(ej, ei), ɛ(ei, ej) = ɛ(ej, ei) 

ïAssociativity:  

 ɛ(ei, ɛ(ej, ek)) = ɛ(ɛ(ei,ej), ek) 

ïRepresentativity:  

 if ɛ(ei, ei) = ek & m(ei, el) = true  Ҧ m(ek, el) = true  

 
Papadakis & Palpanas, WWW 2018, April 2018 
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Simple Greedy Matching (SiGMa) 
[Lacoste-Julien et al., KDD 2013] 

Å relies on the 1-1 assumption of Clean-Clean ER 
ïonce a match is identified, it never needs to be compared to other entities 

Åexploits relationship graph to score decisions and to propose 
candidates 

Åcan easily use tailored similarity measures 

Å iterative algorithm 
ïprovides natural tradeoff between precision & recall as well as between 

computation and recall 

Åsimplicity & ƎǊŜŜŘƛƴŜǎǎ Ҧ ƘƛƎƘ ǘƛƳŜ ŜŦŦƛŎƛŜƴŎȅ  

Åexhibits high effectiveness, as well 

Papadakis & Palpanas, WWW 2018, April 2018 
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SiGMa intuition 

SiGMa uses neighbors for: 1) scoring candidates 

2) suggest candidates (iterative blocking) 

Papadakis & Palpanas, WWW 2018, April 2018 
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Quadratic Assignment objective 

pairwise similarity score graph compatibility score: 

counts the number of valid 
neighbors which are currently 
matched (context) 

normalizing weight 

Papadakis & Palpanas, WWW 2018, April 2018 
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SiGMa similarity scores 
Å Increase in objective when matching pair (i,j): 

 

 

ÅPairwise similarity score (could use others):  

 

ÅSimilarity on string representation of entities: 
ïJaccard measure on words in common + smoothing  + weights (TF-IDF 

weights) 

 
 

ïProperty similarity measure: also smoothed weighted Jaccard 
similarity measure between sets of properties, with additional 
similarity on literals: 

Papadakis & Palpanas, WWW 2018, April 2018 
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Courtesy of Simon Lacoste-Julien 



SiGMa Algorithm 

1. Start with seed match 
2. Put neighbors in S 
3. At each iteration: 

a) pick new pair in S which 
max. increase  
b) add new neighbors in S 

4. Stop when variation below 
threshold 

Papadakis & Palpanas, WWW 2018, April 2018 
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PARIS [Suchanek et al., PVLDB 2011]  

ÅProbabilistic, iterative, parameter-free method 

ÅCollective approach for holistically aligning entities, relations 
and classes  
ïapplicable to Clean-Clean ER (for knowledge graphs) 

ÅAlgorithm outline: 
1. Fix equalities for literals (numbers, or strings) 

2. Set equalities for relations to a small initial value 

3. Iterate the estimations for relations and entities until convergence (*) 

4. Compute the estimations for classes 

 
(*) There is no proof for convergence, but it seems to happen 

Papadakis & Palpanas, WWW 2018, April 2018 
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PARIS ς Part B 
ÅEquality of Literals 
ïPr(x ſ y) := ( x = y ) ? 1 : 0  

ÅEquality of Entities 
ïBased on the local inverse functionality of a relation r 

1/#the number of entities with a given argument for r  

ïThe probability of a relation being inverse functional is the harmonic mean of 
the local inverse functionalities 

ïTwo entities are matching if they share at least one argument for a highly 
inverse functional relation  

ÅEquality of Classes 
ïBased on the subsumption probability: if all entities of one class are entities 

of the other, then the former subsumes the latter 

ÅEquality of Relations 
Å Based on the probability that one relation is sub-property of the other 

Papadakis & Palpanas, WWW 2018, April 2018 
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Synthesizing Entity Matching Rules 
 

Machine Learning 
System 

186 

Best F-measure 
Not interpretable 

Rule-Based 
Approach 

Lower F-measure 
Interpretable 

Courtesy of Paolo Papotti Papadakis & Palpanas, WWW 2018, April 2018 



Synthesizing Entity Matching Rules 
Using Examples [Singh et al., PVLDB 2017] 

187 

Program 
Synthesis 

Tuneable trade off 
between F1 and complexity 

Courtesy of Paolo Papotti Papadakis & Palpanas, WWW 2018, April 2018 

General Boolean Formula (GBF): can include  
arbitrary attribute matching predicates combined 
by conjunctions, disjunctions, and negations 



Synthesizing Entity Matching Rules 
Using Examples [Singh et al., PVLDB 2017] 

F-measure comparable to DTs depth 10 and SVM 

188 
Courtesy of Paolo Papotti Papadakis & Palpanas, WWW 2018, April 2018 
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 Part 7: 

 Entity Clustering 
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Preliminaries 

ÅPartitions the matched pairs into equivalence clusters Ҧ 
groups of entity profiles describing the same real-world object 

 

ÅInput 
ïSimilarity Graph: 

ÅbƻŘŜǎ Ҧ ŜƴǘƛǘƛŜǎ 

Å9ŘƎŜǎ Ҧ ŎŀƴŘƛŘŀǘŜ ƳŀǘŎƘŜǎ 

Å9ŘƎŜ ǿŜƛƎƘǘǎ Ҧ ƭƛƪŜƭƛƘƻƻŘ ƻŦ ƳŀǘŎƘƛƴƎ ŜƴǘƛǘƛŜǎ 

 

ÅOutput 
ïEquivalence Clusters 

Papadakis & Palpanas, WWW 2018, April 2018 190 
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Clustering Algorithms for Clean-Clean ER 

ÅUnique Mapping Clustering [Lacoste-Julien et al., KDD 2013] 

[Suchanek et al., PVLDB 2011] 

ïRelies on 1-1 constraint  
Å1 entity from first dataset matches to 1 entity from second 

ïSorts all edges in decreasing weight 

ïStarting from the top, each edge corresponds to a pair of 
duplicates if: 
ÅNone of the adjacent entities has already been matched 

Åpredefined threshold < edge weight 

Papadakis & Palpanas, WWW 2018, April 2018 191 
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Clustering Algorithms for Dirty ER 

ÅA wealth of literature on 
clustering algorithms 

ÅRequirements: 
ïPartitional and disjoint Algorithms 

ÅSometimes overlapping may be 
desirable 

ïGoal: Sets of clusters that 

Åmaximize the intra-cluster 
weights 

Åminimize the inter-cluster edge 
weights 

Classification of clustering algorithms  

[Jain&Dubes88] 

Papadakis & Palpanas, WWW 2018, April 2018 
Courtesy of Oktie Hassanzadeh 192 
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Clustering Algorithms Characteristics 
[Hassanzadeh et al., VLDB 2009] 

ÅMost important feature 

άUnconstrained algorithmsέ 

 

Å I.e. , algorithms that do not require as input: 
ïThe number of clusters 

ïThe diameter of the clusters 

ïAny other domain specific parameters 

 

ÅAlgorithms need to be able to predict the correct number of 
clusters 

 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Oktie Hassanzadeh 193 
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Clustering Algorithms Characteristics 
[Hassanzadeh et al., VLDB 2009] 

ÅNeed to scale well  
ïTime complexity < O(n2) 

 

ÅNeed to be robust with respect to characteristics of the data 
ïE.g., distribution of the duplicates 

 

ÅbŜŜŘ ǘƻ ōŜ ŎŀǇŀōƭŜ ƻŦ ŦƛƴŘƛƴƎ ΨǎƛƴƎƭŜǘƻƴΩ ŎƭǳǎǘŜǊǎ 
ïDifferent from many clustering algorithms 

ÅE.g., algorithms proposed for image segmentation 

 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Oktie Hassanzadeh 194 



Single-pass Algorithms [Hassanzadeh et al., VLDB 2009] 

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

ïPartitioning 
ÅTRANSITIVE CLOSURE 

ïCENTER [HGI-WebDB'00]  

ïMERGE-CENTER [HM-VLDBJ09] 

195 Papadakis & Palpanas, WWW 2018, April 2018 
Courtesy of Oktie Hassanzadeh 195 
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Star Algorithm [APR-JGraph04]  

ÅCreates star-shaped clusters 

ïheuristic to approximate 
problem of finding minimal 
clique cover of graph 

 

ÅSimilar to CENTER but 

ïAllows overlapping clusters 

ïFirst sorts nodes in 
descending order of their 
degrees 

Papadakis & Palpanas, WWW 2018, April 2018 
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Ricochet Algorithms [WB-5!{C!!Ωлфϐ  

ÅRicochet family of algorithms  
ïBased on a strategy that resembles the rippling of stones 

thrown in a pond 
ïCombine ideas from the classic K-means algorithm and the 

Star algorithm 
ÅFirst selecting seeds (star centers) for the clusters and then 

refining the clusters iteratively 

ïFour unconstrained clustering algorithms, originally 
proposed for document clustering 
ÅSR, BSR, CR and OCR 

ïSR and BSR perform a sequential selection of the cluster 
seeds; CR and OCR perform a concurrent selection of the 
seeds 
 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Oktie Hassanzadeh 200 



201 

Min-Cut Clustering [Hassanzadeh et al., VLDB 2009] 

ÅBased on the Cut-Clustering Algorithm [FTT-IM04] 

ïFinding minimum cuts of edges in the similarity graph after 
inserting an artificial sink into similarity graph G 
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s
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Articulation Point Clustering  
[Hassanzadeh et al., VLDB 2009] 

ÅA scalable graph partitioning 
algorithm 

ÅBased on finding articulation 
points 

ïArticulation point: a vertex 
whose removal makes the 
graph disconnected 

 

ÅEfficient implementations 
proposed for identifying 
chatter in the blogosphere 
[BCKT-VLDB07] 

Papadakis & Palpanas, WWW 2018, April 2018 
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Markov Clustering (MCL) [Dongen-Thesis00] 

ÅBased on simulation of stochastic flow 
in graphs 
ïGraph is mapped to Markov matrix 

ïTransition probabilities recomputed 
through alternate application of two 
algebraic operations on matrices 

ÅExpansion and Inflation 

 

ÅClusterings with different scales of 
granularity by varying the inflation 
parameter of the algorithm 

 

ÅOptimized implementation that makes 
the algorithm scalable 

Papadakis & Palpanas, WWW 2018, April 2018 
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Correlation Clustering [BBC-ML04] 

ÅOriginal problem: a graph clustering given edges labelled 
ǿƛǘƘ ΨҌΩ ƻǊ ΨҍΩ 
ïΨҌΩ ƛƴŘƛŎŀǘŜǎ ŎƻǊǊŜƭŀǘƛƻƴ ōŜǘǿŜŜƴ ǘƘŜ ƴƻŘŜǎ 

ïΨҍΩ ƛƴŘƛŎŀǘŜǎ ǳƴŎƻǊǊŜƭŀǘŜŘ ƴƻŘŜǎ  

ÅThe goal is to find a clustering that agrees as much as 
possible with the edge labels 
ïNP-Hard: approximations needed 

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

ÅSeveral approximations exist 
ïWe use algorithm Cautious from [BBC-ML04] in our paper 

Papadakis & Palpanas, WWW 2018, April 2018 Courtesy of Oktie Hassanzadeh 204 



Summary of Experimental Results 
[Hassanzadeh et al., VLDB 2009] 

Papadakis & Palpanas, WWW 2018, April 2018 
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Main Conclusions [Hassanzadeh et al., VLDB 2009] 

Å None of the clustering algorithms produces perfect clustering 
Å Transitive closure:  
ïhighly scalable, but results in poor quality of duplicate groups 
ïPoor quality even wrt other single-pass algorithms 

 

ÅMost algorithms are robust to distribution of duplicates, except 
Ricochet algorithms: 
ïhigh performance over uniformly distributed duplicates 
ïpoor performance otherwise 

 

Å Cut clustering and Correlation clustering: 
ïsophisticated & popular algorithms 
ïachieve lower accuracy than some single-pass algorithms 

 

ÅMarkov clustering: 
ïvery efficient 
ïone the most accurate algorithms 

Papadakis & Palpanas, WWW 2018, April 2018 
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Massive Parallelization Outline 

ÅBased on the Map-Reduce paradigm 
ïData partitioned across the nodes of a cluster 

ïMap Phase: transforms a data partition into (key, value) pairs  

ïReduce Phase: processes pairs with the same key 

ÅParallelization of Blocking 
ïStandard Blocking (Dedoop) 

ÅParallelization of Block Processing 
ïBlock Filtering 

ïMeta-blocking 

ÅParallelization of Entity Matching 
ïLINDA 

Papadakis & Palpanas, WWW 2018, April 2018 
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1: Input  
Key: id of entity ei, Ὥ 
Value: entity profile of ei 

2: Output 
Key: blocking key value, ὦὯὺ 
Value: entity profile of ei 

3: ὦὯὺ extractBlockingKey(ei) 
4: emit( ὦὯὺ , ὯȢȿȿὦὯȿȿ ); 

 

1: Input  
Key: blocking key value, ὦὯὺ 
Value: list of entity profiles ὠ ὩȟὩȟȣȟ 

2: Output 
Key: pair of concatenated entity ids, ὭȢὮ 
Value: true (match) or false (non-match) 

3: for each pair of entities ei-ej in ὠ 
4:    decision = compareProfiles( Ŝƛ Σ ŜƧ ύ  
5:    emit( ὭȢὮ , decision ); 
6: end loop 

MAP function pseudo-code REDUCE function pseudo-code 

 Parallel Standard Blocking [Kolb et al., PVLDB 2012] 



Parallel Block Filtering [Efthymiou et. al., BigData 2015]  

Papadakis & Palpanas, WWW 2018, April 2018 
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1: Input  
Key: id of block bk, Ὧ 
Value: list of entity ids, ὦ ὭȟὮȟȣȟά  

2: Output 
Key: id of entity ei, Ὥ 
Value: block id and cardinality, ὯȢȿȿὦὯȿȿ 

3: compute comparisons in block, ȿȿὦὯȿȿ 
4: for each Ὥɴ ὦ loop 
5: emit( Ὥ , ὯȢȿȿὦὯȿȿ ); 
6: end loop 

 

1: Input  
Key: id of entity ei, Ὥ 
Value: list of pairs < ὯȢȿȿὦὯȿȿ >, ὠ 

2: Output 
Key: id of entity ei, Ὥ 
Value: list of top-N blocks in ὄ, ὄᴂ 

3: order ὠ in ascending block cardinality 
4: ὄᴂ ὫὩὸὝέὴὔὄὰέὧὯὍὨίὠ 
5: emit( Ὥ , ὄᴂ ); 

MAP function pseudo-code REDUCE function pseudo-code 



Example Parallel Block Filtering 

Papadakis & Palpanas, WWW 2018, April 2018 
211 

b1 e1,e2,e3 
Χ Χ 

b4 e1,e3,e4 

... ... 

b6 e1,e6,e7,e9 

b7 e1,e5,e6,e8,e9 

... ... 

Key Value 

e1 b1.3 

e2 b1.3 

e3 b1.3 
... Χ 

Value 

e1 b4.3 

e3 b4.3 

e4 b4.3 
... Χ 

Key 

e1 b6.6 

e6 b6.6 

e7 b6.6 

e9 b6.6 

e1 b7.10 
... Χ 

M
a

p
 

M
a

p
 

G
ro

u
p

 b
y ke

y 

e1 b1.3 

e1 b4.3 

e1 b6.6 

e1 b7.10 
... Χ 

Value 

e2 b1.3 
... Χ 

Key 

e3 b1.3 

e3 b4.3 
... Χ 

e1 b1,b4,b6 

... Χ 

R
e

d
u
ce 

e2 b1 

... Χ 

e3 b1,b4 

... Χ 

R
e

d
u
ce 

R
e

d
u
c
e M

a
p
 



Parallel Meta-blocking [Efthymiou et al., IS 2017] 

ÅThree strategies: 

1. Edge-based: explicitly creates the blocking graph 

Åneeds pre-processing to perform all weight computations  

Åstores all edges of the blocking graph on disk 

Åat least 2 MapReduce jobs per pruning algorithm with high I/O 

2. Comparison-based: implicitly creates the blocking graph 

Ådefers weight computations to avoid creating any edges 

Åpre-processing enriches the input blocks with the block list of every 
entity, which is necessary for weight estimation Ҧ ƛŘŜŀƭ ŦƻǊ CEP/WEP 

3. Entity-based: uses the blocking graph only as a conceptual model 

Åno pre-processing, all computations in the reducer 

ÅƎŀǘƘŜǊǎ ŜƴǘƛǊŜ ōƭƻŎƪǎ ŦƻǊ ŜŀŎƘ Ŝƴǘƛǘȅ Ҧ ƛŘŜŀƭ ŦƻǊ /btκ²bt 
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1: Input  
Key: id of entity ei, Ὥ 
Value: list of associated block ids, ὄ 

2: Output 
Key: id of block bk, Ὧ 
Value: id of entity ei and associated  
block ids, ὭȢὄ 

3: sort ὄ in ascending order of block ids 
4: for each Ὧ ɴ ὄ loop 
5: emit( Ὧ , ὭȢὄ ); 
6: end loop 

1: Input  
Key: id of block bk, Ὧ 
Value: list of pairs < ὭȢὄ >, ὠ 

2: Output 
Key: input key 
Value: input value 

3: if ( ς ȿὠȿ ) 
4: emit( Ὧ , 6 ); 

MAP function pseudo-code REDUCE function pseudo-code 

Comparison-based Parallel Meta-blocking 
Pre-processing 



Comparison-based Parallel Meta-blocking 
Pre-processing Example 

b1 

[e1,b1,b4,b6], 
[e2,b1], 
[e3,b1,b4],... 

Χ Χ 

Key Value 

b4 

[e1,b1,b4,b6], 
[e3,b1,b4], 
[e4,b4,b5],... 

... ... 
G

ro
u

p
 b

y ke
y 

M
a

p
 

M
a

p
 

e1 b1,b4,b6 

e2 b1 

e3 b1,b4 

e4 b4,b5 

... ... 

Key Value 

b1 [e1,b1,b4,b6] 

b4 [e1,b1,b4,b6] 

b6 [e1,b1,b4,b6] 

b1 [e2,b1] 
... Χ 

Value 

b1 [e3,b1,b4] 

b4 [e3,b1,b4] 

b4 [e4,b4,b5] 

b5 [e4,b4,b5] 
... Χ 

Key Key Value 

b1 [e1,b1,b4,b6] 

b1 [e2,b1] 

b1 [e3,b1,b4] 
... Χ 

b4 [e1,b1,b4,b6] 

b4 [e3,b1,b4] 

b4 [e4,b4,b5] 
... Χ 

b5 
[e4,b4,b5],... 

... ... 

R
e

d
u

ce 

b5 [e4,b4,b5] 
... Χ 

R
e

d
u

ce 
R

e
d
u

c
e 

b6 [e1,b1,b4,b6],
... 

... ... 

R
e

d
u

ce 

b6 [e1,b1,b4,b6] 
... Χ 
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Comparison-based Parallel Meta-blocking 
Weighted Edge Pruning (WEP) & Jaccard Scheme (JS) 
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MAP function pseudo-code 

1: Input  
Key: id of block bk, Ὧ 
Value: list of entity ids, associated blocks and  
local information, ὠ ὭȢὄȢὢȟὮȢὄȢὢȟȣ  

2: Output 
Key: entity ids defining edge <ni,nj>, ὭȢὮ  
Value: total weight of <ni,nj>, ύὭὮ 

3: for each ὧ ᶰὦȢὧέάὴὥὶὭίέὲί loop 

4: if ( ὭίὔέὲὙὩὨόὲὨὥὲὸὧ  =  true ) 

5:       compute ύὭὮ from ὄȢὢ, ὄȢὢ ; 

6:        emit( Ὥ ȢὮ, ύὭὮ ); 
7:       ȿὉȿ++;  
8:        ὸύ  ύὭὮ ; 
9: end loop 

 

1: Input  
Key: entity ids defining edge  
 <ni,nj>, ὭȢὮ 
Value: total weight of <ni,nj>, ύὭὮ 

2: Output 
Key: entity ids of retained edge 

 <ni,nj>, ὭȢὮ 
Value: total weight of <ni,nj>, ύὭὮ 

3: if ( ύὭὮ Ô×/ Ὁ ) 
4:  emit( ὭȢὮ, ύὭὮ ); 

REDUCE function pseudo-code 



Comparison-based Parallel Meta-blocking 
Weighted Edge Pruning (WEP) & Jaccard Scheme (JS) 

e1.e2 1/3 

e1.e3 2/3 

e2.e3 1/2 

... Χ 

Key Value 

G
ro

u
p

 b
y ke

y 

R
e

d
u

c
e 

e1.e4 1/4 

e3.e4 1/3 

... Χ 

Count #keys 

Sum up values 

e1.e2 1/3 

... ... 

e1.e3 2/3 

... Χ 

Key Value 

e1.e4 1/4 

... ... 

e3.e4 1/3 

... Χ 

e2.e3 1/2 

... ... 

e1.e3 2/3 

... Χ 

e2.e3 1/2 

... Χ 

... Χ 

R
e

d
u

ce 
R

e
d
u

ce 

b1 

[e1,b1,b4,b6], 
[e2,b1], 
[e3,b1,b4] 

Χ Χ 

b4 

[e1,b1,b4,b6], 
[e3,b1,b4], 
[e4,b4,b5] 

... ... 

Key Value 

M
a

p
 

M
a

p
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Entity-based Parallel Meta-blocking 
Cardinality Node Pruning (CNP) 

Papadakis & Palpanas, WWW 2018, April 2018 
217 

1: Input  
Key: id of block bk, Ὧ 
Value: list of entity ids, ὦ ὭȟὮȟȣȟά  

2: Output 
Key: id of entity ei, Ὥ 
Value: input value 

3: for each Ὦɴ ὦ loop  
4: emit ( Ὦ ,  ὦ ); 
5: end loop 

MAP function pseudo-code REDUCE function pseudo-code 

 1: Input  
Key: id of entity ei, Ὥ 
Value: co-occurrence bag, ‍Ὥ 

 2: Output 
Key: entity ids of retained edge <ni,nj>, ὭȢὮ 
Value: total weight of <ni,nj>, ύὭὮ  

 оΥ ŦǊŜǉǳŜƴŎƛŜǎώϐ ҥ ϑϒΤ setOfNeighbors ҥ ϑϒΤ  
 4: for each Ὦɴ ὠ loop 
 5: frequencies[ Ὦ ]++; 
 6: setOfNeighbors .add( Ὦ ); 
 7: end loop 
 8: topEdges ҥ ϑϒΤ  
 9: for each Ὦɴ  setOfNeighbors  loop 
10:  ύὭὮ = getWeight ( Ὥ ȟὮ ȟ frequencies[ Ὦ ] ); 
11:  topEdges.add( Ὦ ȟύὭὮ ); 
12:  if ( topEdges.size() < k ) 
13:  topEdges.pop(); 
14: end loop 
15: for each  Ὦ ȟύὭὮ  ɴtopEdges loop 
16:  emit ( ὭȢὮ , ύὭὮ ); 
17: end loop 
 



Load Balancing: MaxBlock Algorithm 
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: block rejected from partition : new partition 218 
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Parallel Meta-blocking Performance 
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Comparison-based Parallel Meta-blocking 
Weighted Edge Pruning (WEP) & Jaccard Scheme (JS) 
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Parallel Meta-blocking achieves (almost) linear scale-up 
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