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Record Matching 

 Automate answering: 

 Do two records (texts) correspond to the same entity? 

 Search and analysis applications: 

 Online map-services 

 Address matching 

 Citations: Citeseer, Google Scholar, Bing Academic 

 Citation matching 

 Comparative shopping sites 

 Product matching 
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Example: Citations 
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Most cited computer science authors? 
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Address Matching 
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Product Matching 
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Record Matching: State-of-the-art 

 Problem Characteristics: 

 AI-complete? 

 Classification problem 

 Standard approach: 

 Textual similarity as a signal 
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Textual Similarity for Matching 

Sergey Brin and Larry Page. The anatomy of a large-scale 
hypertextual web search engine.  In Proceedings of the Seventh 
International World Wide Web Conference, 1998. 

Brin, S. and Page, L. (1998) The Anatomy of a Large-Scale 
Hypertextual Web Search Engine. In: Seventh International World-
Wide Web Conference (WWW 1998), April 14-18, 1998, Brisbane, 
Australia. 
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Textual Similarity for Matching 

Sergey Brin and Larry Page. The anatomy of a large-scale 
hypertextual web search engine.  In Proceedings of the Seventh 
International World Wide Web Conference, 1998. 

Jon M. Kleinberg: Authoritative Sources in a Hyperlinked 
Environment. J. ACM 46(5): 604-632 (1999) 
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Record Matching: State-of-the-art 

 Problem Characteristics: 

 AI-complete? 

 Classification problem  

 Standard approach: 

 Textual similarity as a signal 

 Details:  

 Combining similarities from different columns (signals) 

 Learning approaches 

 Performance optimizations 

 Focus of this talk: How to measure textual (string) similarity? 
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Overview 

 Introduction 

 Textual Similarity 

 Limitations of current similarity functions 

 Programmable Similarity 

 Semantics 

 Usability 

 Performance 

 Conclusion 
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Textual Similarity 

 String Similarity Function: 

 𝑆𝑖𝑚 𝑠𝑡𝑟𝑖𝑛𝑔, 𝑠𝑡𝑟𝑖𝑛𝑔 → 𝑛𝑢𝑚𝑒𝑟𝑖𝑐 𝑣𝑎𝑙𝑢𝑒 

 A “good” similarity function: 

 Strings representing the same concept ⟹ high similarity 

 Strings representing different concepts ⟹ low similarity 

1/27/2012 Stanford Infoseminar 13 



Edit Distance 

1/27/2012 

 EditDistance (s1, s2): Minimum number of edits to 

transform s1 to s2 

 Edit: 

 Insert a character 

 Delete a character 

 Substitute a character 

 Note: EditDistance(s1, s2) = EditDistance (s2, s1) 

 “distance” opposite of “similarity” 
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Edit Distance 

1/27/2012 

EditDistance (“Seattle”, “Redmond”) = 6 

Seattle Reattle Redttle 

EditDistance (“Seattle”, “Siatle”) = 2 

Seattle Siattle Siatle 

Redmtle Redmole Redmone Redmond 
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Edit Distance Limitations 

1/27/2012 

148th Ave NE, Redmond, WA  

140th Ave NE, Redmond, WA  

EditDist = 3 

University Avenue, Seattle, WA 

University Ave, Seattle, WA 

EditDist = 1 
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Jaccard Similarity 

1/27/2012 

 Statistical measure 

 Originally defined over sets 

 String = set of words 

 

 

 

 Range of values: [0,1] 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝑠1, 𝑠2 =
|𝑠1 ∩ 𝑠2|

|𝑠1 ∪ 𝑠2|
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Jaccard Similarity 

1/27/2012 

148th Ave NE, Redmond, WA  

140th Ave NE, Redmond, WA  

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 =  
4

4 + 2
≈ 0.66 
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Weighted Jaccard Similarity 
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𝑊𝑡𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝑠1, 𝑠2 =
𝑤𝑡(𝑠1 ∩ 𝑠2)

𝑤𝑡(𝑠1 ∪ 𝑠2)
 

W𝑒𝑖𝑔ℎ𝑡 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 =  𝑤𝑡: 𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠 →  ℝ+ 

𝑤𝑡 𝑠 =   𝑤𝑡(𝑒)

𝑒 ∈𝑠
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List of other Similarity Functions 
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 Affine edit distance 

 Cosine similarity 

 Hamming distance 

 Generalized edit distance 

 Jaro distance 

 Monge-Elkan distance 

 Q-gram 

 Smith-Waterman distance 

 Soundex 

 TF/IDF 

 … many more 
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Jaro-Winkler distance 
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List of other Similarity Functions 
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 Affine edit distance 

 Cosine similarity 

 Hamming distance 

 Generalized edit distance 

 Jaro distance 

 Monge-Elkan distance 

 Q-gram 

 Smith-Waterman distance 

 Soundex 

 TF/IDF 

 … many more 

• Limitation:  “variations” syntactic & predefined 
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Complex Variations 
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• Synonyms 

• Abbreviations 

• Missing/additional information 
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Our approach 
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 Programmable Similarity: 

 Simple similarity function (Jaccard) 

 Variations as explicit input  (“program”) 
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Programmable Similarity 

Programmable 

Similarity 

Framework 

Jaccard 

Similarity 

Transformation Rules 
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St → Street 

St → Saint 

Ave → Avenue 

4th → Fourth 
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Programmable Similarity 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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St → Street 

St → Saint 

Ave → Avenue 

4th → Fourth 

St is an alternate representation of Street 
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Programmable Similarity 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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St → Street 

St → Saint 

Ave → Avenue 

4th → Fourth 

4th Ave Seattle  Fourth Avenue Seattle  

1.0 

27 



Programmable Similarity 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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Jeff → Jeffrey 

Mike → Michael 

Amy → Amelia 

Bob → Robert 

4th Ave Seattle  Fourth Avenue Seattle  

0.166 
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Programmable Similarity 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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Jeff → Jeffrey 

Mike → Michael 

Amy → Amelia 

Bob → Robert 

Jeff Ullman  Jeffrey D Ullman  

0.91 
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Programmable Similarity: Semantics 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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Jeff → Jeffrey 

J → Jeffrey 

J → John 

J → Jack 

J Ullman  Jeff D Ullman  

0.91 

J Ullman  

John Ullman  

Jack Ullman  

Jeff D Ullman  

Jeffrey D Ullman  

Jeffrey Ullman  
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Programmable Similarity: Semantics 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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Jeff → Jeffrey 

J → Jeffrey 

J → John 

J → Jack 

J Ullman  Jeff D Ullman  

0.91 

J Ullman  

John Ullman  

Jack Ullman  

Jeff D Ullman  

Jeffrey D Ullman  

Jeffrey Ullman  
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Programmable Similarity: Semantics 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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Jeff → Jeffrey 

J → Jeffrey 

J → John 

J → Jack 

J Ullman  Jeff D Ullman  

0.91 

J Ullman  

John Ullman  

Jack Ullman  

Jeff D Ullman  

Jeffrey D Ullman  

Jeffrey Ullman  

32 



Programmable Similarity: Semantics 

1/27/2012 Stanford Infoseminar 

𝑠1 𝑠2 

𝑠11 

𝑠12 

𝑠13 

𝑠14 

𝑠15 

𝑠16 

𝑠21 

𝑠22 

𝑠23 

𝑠24 

𝑠25 

Variants of 𝑠1 Variants of 𝑠2 

Grammar: 𝐺 

𝑃𝑟𝑜𝑔𝑆𝑖𝑚 𝑠1, 𝑠2 :  Max𝑗,𝑘 𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑠1𝑗, 𝑠2𝑘) 
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Overview 

 Introduction 

 Textual Similarity 

 Limitations of current similarity functions 

 Programmable Similarity 

 Semantics 

 Usability 

 Performance 

 Conclusion 
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Nonsensical Variations? 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 
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St → Street 

St → Saint 

Ave → Avenue 

4th → Fourth 

4th St Seattle  Fourth Street Seattle  

4th St Seattle  

4th Street Seattle  

4th Saint Seattle  

Fourth Street Seattle  
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Nonsensical Variations? 

Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 

St → Street 

St → Saint 

Ave → Avenue 

4th → Fourth 

4th St Seattle  Fourth Street Seattle  

4th St Seattle  

4th Street Seattle  

4th Saint Seattle  

Fourth Street Seattle  

1.0 

Overall similarity not affected 1/27/2012 Stanford Infoseminar 36 



Programmable Similarity 
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𝑠1 𝑠2 

𝑠11 

𝑠12 

𝑠13 

𝑠14 

𝑠15 

𝑠16 

𝑠21 

𝑠22 

𝑠23 

𝑠24 

𝑠25 

Variations of 𝑠1 Variations of 𝑠2 

Grammar: 𝐺 

𝑃𝑟𝑜𝑔𝑆𝑖𝑚 𝑠1, 𝑠2 :  Max𝑗,𝑘 𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑠1𝑗, 𝑠2𝑘) 

Avg? 
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S → Sergey 

L → Larry 

7th → Seventh 

Proc → Proceedings of the 

Similarity for Citations 

1/27/2012 Stanford Infoseminar 38 



Similarity for Citations 

1/27/2012 Stanford Infoseminar 

S. Brin, L. Page, “Anatomy of a Large-Scale Hyper Textual Web Serch Engine,” Proc. 7th 
Intl. World Wide Web Conf, 1998. 

How to anticipate and enumerate all these variations? 
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Example Rule Class: Edits 
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 𝑤′ → 𝑤  𝑤 𝜖 𝐷𝑖𝑐𝑡𝑖𝑜𝑛𝑎𝑟𝑦 𝑜𝑓 𝑊𝑜𝑟𝑑𝑠  ∧  𝐸𝑑𝑖𝑡𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑤′, 𝑤 ≤ 𝑘} 

Stanf0rd → Stanford 

Stnford → Stanford 

Stanfrd → Stanford 

Berkley → Berkeley 

… … … 

Dictionary of 

Cities 

Stanford 

Berkeley 

… 

Too Large? 
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Dynamic Edit Rules 
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Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 

Univ → University 

Stanford Univ Stanford University 

1.0 
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Dynamic Edit Rules 
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Programmable 

Similarity 

Framework 

Jaccard  

Similarity 

Transformation Rules 

Univ → University 

Stanfrd → Stanford 

Stanfrd Univ Stanford University 

1.0 
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Example Rule Class: First Name Initials 
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 𝑙 → 𝑤  𝑤 𝜖 𝐷𝑖𝑐𝑡𝑖𝑜𝑛𝑎𝑟𝑦 𝑜𝑓 𝐹𝑖𝑟𝑠𝑡𝑁𝑎𝑚𝑒𝑠  ∧  𝑤 = 𝑙𝑢 ∧  𝑙 ∈ 𝑙𝑒𝑡𝑡𝑒𝑟𝑠} 

H → Hector 

J → Jeffrey 

J → Jennifer 

… → … 

… … … 

Dictionary of 

First Names 

Hector 

Jeffrey 

Jennifer 

… 
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Example Rule Class: Number related  
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1 → One 

2 → Two 

3 → Three 

… … … 

1st → First 

2nd → Second 

3rd → Third 

… … … 

Easily generated programmatically 
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Similarity for Citations 
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S. Brin, L. Page, “Anatomy of a Large-Scale Hyper Textual Web Serch Engine,” Proc. 7th 
Intl. World Wide Web Conf, 1998. 

How to anticipate and enumerate all these variations? 
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Web as a source of rules 

1/27/2012 Stanford Infoseminar 

WoT → Web of Things 

… → … 

WWV → Workshop on Automated 
Specification and … 

WWW → International World 
Wide Web Conferences 
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Similarity for Citations 

1/27/2012 Stanford Infoseminar 

S. Brin, L. Page, “Anatomy of a Large-Scale Hyper Textual Web Serch Engine,” Proc. 7th 
Intl. World Wide Web Conf, 1998. 

How to anticipate and enumerate all these variations? 
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Learning from Examples 

Stanford Infoseminar 

60460 Hwy 50 Olathe CO 60460 Highway 50 Olathe CO 
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Learning from Examples 

Stanford Infoseminar 

60460 Hwy 50 Olathe CO 60460 Highway 50 Olathe CO 

Hwy  Highway 
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Alignment 

Stanford Infoseminar 

Katayama,T., “A hierarchical and functional 

software process description and its 

enaction”, Proc. 11th ICSE, IEEE, 1989,  

pp.343-352 

T. Katayama, “A hierarchical and functional 

software process description and its 

enaction,” In: Proceedings of the 

Eleventh Int. Conf. On Soft. Eng. Pages: 343-

352, IEEE Computer Society Press, 

Pittsburgh, PA, Jan 1989. 
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Alignment 

Stanford Infoseminar 

Katayama 

T 

… 

Proc 

11th 

… 

IEEE 

pp 

Katayama 

T 

… 

Proceedings 

of 

the 

Eleventh 

IEEE 

Pages 

… … 

Alignment: 

A matching involving 

 (hyper-)edges 
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Problem Formulation 

Stanford Infoseminar 

Output k transformations that maximize alignment of input matching 

strings.  

Comments: 

• As we increase k correct transformations start appearing before incorrect ones. 

• There is a greedy 1 2  1 − 
1
𝑒2 = 0.43 approximation algorithm 

• Connections to Machine Translation 

• Thanks: Dr. Fernando Pereira 
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Source of Rules (Summary) 
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 Manual 

 Web 

 Programmatic 

 Learning 
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Overview 

 Introduction 

 Textual Similarity 

 Limitations of current similarity functions 

 Programmable Similarity 

 Semantics 

 Usability 

 Performance 

 Conclusion 
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Computing Similarity 
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 Compute similarity of string 𝑠1 and 𝑠2 under 

transformations 𝑅  

 Undecidable in general  

 Engineering simplification 

 Only one “level” of derivation while applying transformations 
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Non-recursive derivation 

Basic  

Similarity 

Transformation Rules 
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A C X Y 

A B C D 

U C D 

A V C D 

A B W D 

U W D 

A V W D 

A B C D 
A C X Y 

A W X Y 

A B → U 

B → V 

C → W 

U → Y 

Programmable 

Similarity 

Framework 

Basic  

Similarity 
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Non-recursive derivation 

Basic  

Similarity 

Transformation Rules 
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A C X Y 

A B C D 

U C D 

A V C D 

A B W D 

U W D 

A V W D 

A B C D 
A C X Y 

A W X Y 

A B → U 

B → V 

C → W 

U → Y 

Programmable 

Similarity 

Framework 

Basic  

Similarity 
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Non-recursive derivation 

Basic  

Similarity 

Transformation Rules 
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A C X Y 

A B C D 

U C D 

A V C D 

A B W D 

U W D 

A V W D 

A B C D 
A C X Y 

A W X Y 

A B → U 

B → V 

C → W 

U → Y 

Programmable 

Similarity 

Framework 

Basic  

Similarity 

Y W D 
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Computing Similarity 
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 Compute similarity of string 𝑠1 and 𝑠2 under 

transformations 𝑅  

 Undecidable in general  

 Engineering simplification 

 Only one “level” of recursion while applying transformations 
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Running Example 
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Tokens/Words:   A, B, C, …, Z, a, b, …, z 

A → a 

B → b 

C → c 

… … … 

Z → z 

Transformation Rules: 
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Computing Similarity 
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P Q R S T 

P Q R S T 

p Q R S T 

P q R S T 

p q r s t 

P q r S t 

P q T S t 

P q T S t 

p q T S t 
P Q r S T 

p q t s t 

P q t S t 
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Computing Similarity 
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P Q R S T 

P Q R S T 

p Q R S T 

P q R S T 

p q r s t 

P q r S t 

P q T S t 

P q T S t 

p q T S t 
P Q r S T 

p q t s t 

P q t S t 
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Computing Similarity 

 NP-Hard in general 

 Polynomial for unit rules 

 Reduce to maximum bipartite matching 

 Note: Works only for Jaccard variants 
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Unit rule:  A  a 

Multi rule:  A B  a 

Multi rule:  A  a b 
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Reduction to Matching 

P 

 Q 

 R 

 S 

P 

 q 

 T 

 S 

1/27/2012 Stanford Infoseminar 

P Q R S T 

 t 

P q T S t 

 T 
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Reduction to Matching 

P 

Q 

R 

S 

P 

q 

T 

S 

1/27/2012 Stanford Infoseminar 

P Q R S T 

t 

P q T S t 

T 
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Reduction to Matching 

P 

Q 

R 

S 

P 

q 

T 

S 
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P Q R S T 

t 

P q T S t 

T 

Q  q 

T  t 
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Reduction to Matching 

P 

Q 

R 

S 

P 

q 

T 

S 
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P Q R S T 

t 

P q T S t 

T 

Q  q 

T  t 

Max Intersection  = Max Matching = 4 

Max Jaccard = Max Intersection / (10 – Max Intersection) = 4/6 = 2/3 
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Computing Similarity 

 NP-Hard in general 

 Polynomial for unit rules 

 Reduce to maximum bipartite matching 

 General Heuristic 

 Enumerate all variations due to multi-rules 

 Use polynomial algorithm for each pair of variations 

 Works well in practice 

 Unit rules more common 

 Multi rules produce fewer variations 
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Record Matching: Practical Considerations 

 Index Setting: 

 Input: Relation S (to index) and a single record r 

 Output: All records of S with similarity ≥ θ with r 

 Join Setting (Similarity Join): 

 Input: Two relations R and S 

 Output: All pairs of records from R and S with similarity ≥ θ 
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Similarity in presence of transformations 
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Similarity Lookup (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

Jaccard ≥ 2/3 

Intersection Size 

Union Size 

0/10 

70 



Similarity Lookup (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

Jaccard ≥ 2/3 

Intersection Size 

Union Size 

4/6 
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Similarity Lookup (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

t a c C D E 

… 

A 

s1 s2 s3 s2 

s3 

s2 s2 s2 

s3 
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Similarity Lookup (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

t a c C D E 

… 

A 

s1 s2 s3 s2 

s3 

s2 s2 s2 

s3 

73 



Similarity Lookup (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

4/6 

2/8 

t a c C D E 

… 

A 

s1 s2 s3 s2 

s3 

s2 s2 s2 

s3 
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Similarity Join (No Transformation) 
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A   B   C   D   E r1 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s1 

s2 

s3 

4/6 

t a c C D E 

… 

A 

s1 s2 s3 s2 

s3 

s2 s2 s2 

s3 
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Running Example 
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Tokens/Words:   A, B, C, …, Z, a, b, …, z 

A → a 

B → b 

C → c 

… … … 

Z → z 

Transformation Rules: 
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Similarity Lookup 
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A   B   C   D   E r11 P   q   x   S   t 

A   C   D   E   c 

a   C   E   H   I 

s11 

s21 

s31 

a   B   C   D   E 

A   b   C   D   E 

r12 

r13 

 …  

 …  

p   q   x   S   t 
P   q   x   s   t 

s12 
s13 

 …  

a   C   D   E   c 

A   c   D   E   c 

 …  

s22 

s23 

a   c   E   H   I 

a   C   e   H   I 

s32 

s33 

 …  

32 
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Inverted Index (Naïve) 
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A a D c 

s22 

s26 

s33 

… 

s31 

s31 

… 

s23 

s31 

s33 

… 

… 

s24 

s21 

s23 

s25 

s29 

… s23 

s21 

s22 

… 

s32 

s33 

C 

s23 

s21 

s22 

… 

e 

s23 

s21 

s22 

… s32 

s36 

… 

… 

E 

s21 

s22 

… 

s32 

… 

Cost of matching r1: 32 x 5 = 160 index lookups 
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Inverted Index (Compressed) 
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A a D c 

s22 

s26 

s33 

… 

s31 

s31 

… 

s23 

s31 

s33 

… 

… 

s24 

s21 

s23 

s25 

s29 

… s23 

s21 

s22 

… 

s32 

s33 

C 

s23 

s21 

s22 

… 

e 

s23 

s21 

s22 

… s32 

s36 

… 

… 

E 

s21 

s22 

… 

s32 

… 
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Inverted Index (Compressed) 
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A a D c 

s22 

s26 

s33 

… 

s31 

s31 

… 

s23 

s31 

s33 

… 

s2 s25 

s29 

… s23 

s21 

s22 

… 

s32 

s33 

C 

s23 

s21 

s22 

… 

e 

s23 

s21 

s22 

… s32 

s36 

… 

… 

E 

s21 

s22 

… 

s32 

… 
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Inverted Index (Compressed) 
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A a D c 

s2 

s3 

s2 s2 

s3 

s2 

s3 

C 

s2 

s3 

e 

s2 

E 

s2 

s3 

A   B   C   D   E r1 
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Inverted Index (Compressed) 
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Cost of matching r1: 10 index lookups + 2 similarity computations 
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Token Clustering 
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Token Clustering 
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Token Clustering 
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Token Clustering 
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Token Clustering 
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{A, a, B, b, C, c, D, d, E, e} 

Cost of matching r1: 3 index lookups + 2 similarity computations 
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Representative Performance 

 Bing Maps data:  

 10M addresses 

 > 24M transformations (mostly programmatic – edit, 

abbreviations) 

 Average lookup time ~3ms 
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Conclusion 
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 Programmable similarity for record matching 

 Advantages: 

 Customizability 

 Single similarity function 

 Software engineering advantages 

 Efficient Indexing 
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