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Matching and Resolving Entities:  
Entity Similarity



Similar or Dissimilar?



Shape Color

Size Pattern

Similarity is Domain Specific



Entity Resolution - Match 

Finding matches vs non-matches is a classification problem 
• Imbalanced: typically O(E) matches, O(E^2) non-matches 
• Instances are pairs of descriptions 

• Matches: Sets of entity descriptions that refer to the same 
real-world entity, intuitively:  
• Matching descriptions are placed in the same partition  
• All the descriptions of the same partition match  

• A match function M() maps each pair of entity descriptions (ei, 
ej) to {true, false} 
•M(ei,ej) = true => ei, ej are matches 
•M(ei,ej) = false => ei, ej are non-matches 
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Match Function: Formal Properties
• The match function M() introduce an equivalence relation 
(owl:sameAs) among entity descriptions 
• Reflexivity: ∀ei ∈ E, M(ei, ei) = true 

• Symmetry: ∀ei, ej ∈ E, M(ei, ej) = M(ej ,ei) 

• Transitivity: ∀ei, ej, ek ∈ E, if M(ei, ej) = true and M(ej, ek) = 
true then M(ei, ek) = true  

• Additional properties are useful when linking & repairing entities 
• Exclusivity (1-1 Assumption): ∀ei , ek ∈ E and ∀ej ∈ E’, if M(ei, 
ej) = true, then M(ek, ej) = false  
• Functional Dependency: ∀ei, ej, ek, el ∈ E, where ei  ⇒ ek and 
ej  ⇒ el, if M(ei, ej) = true then M(ek, el) = true 
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Entity Resolution - Similarity
• In practice, the match function is defined via a similarity 
function sim(), measuring how similar two entity descriptions 
are to each other, according to certain comparison criteria   
•Given a similarity threshold t: 
•M(ei, ej) = true, if sim(ei, ej) ≥ ϑ  
•M(ei, ej) = false, otherwise
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Entity Resolution - Similarity

Entity Matching: Relies on a similarity function, the higher the 
similarity of two descriptions, the more likely it is that they 
match 

• Content : standalone comparisons between entities based on 
the values of their attributes  

• Context: graph-based comparisons between entities based on 
their relationships
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Entity Similarity: Example

although not identical e2 and e4 are highly similar

 9

dbpedia: 
A_Clockwork_Orange_(film)
dbo:director dbpedia:Stanley_

Kubrick

dbo:Work/  
runtime

“136”

foaf:name “A Clockwork 
Orange”

fbase:m.05ldxl
fbase:film.directedBy lmdb:director/8476

fbase:film_cut/
runtime

“136”

foaf:name “A Clockwork Orange”

e2 e4

dbpedia:Stanley_Kubrick
dbo:birt
hPlace

dbpedia:Manhattan

rdf:type foaf:Person

rdf:type yago:AmericanFilmDi
rectors

rdf:type yago:Amateur 
ChessPlayers

lmdb:director/8476
lmdb:director_na
me

“Stanley Kubrick”

rdf:type foaf:Person

foaf:made lmdb:film/1894

foaf:made lmdb:film/2014

foaf:made lmdb:film/2685

e1
e3

e1 and e3 are at best somehow similar



Entity Resolution - Similarity

The underlying intuition for this definition is that: 

the higher the similarity of two descriptions, the more likely it 
is that they match, i.e., the similarity of two descriptions is 
used as a hint for their matching 

There is no general way of determining which attributes should 
count as salient in determining matching entity descriptions 
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The Role of Similarity Functions: Ideal 
Case

Set of all pairs 
of entity 

descriptions

Matching pairs 
of entity 

descriptions

Pairs of entity 
descriptions 

satisfying an ideal 
similarity function  



The Role of Similarity Functions:   A 
Pragmatic Case

Missed matching 
pairs of entity 
descriptions

True matching 
pairs of entity 
descriptions

Pairs of entity 
descriptions satisfying 
a pragmatic similarity 

function  

Set of all pairs 
of entity 

descriptions

Matching pairs 
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descriptions



The Role of Similarity Functions:   A 
Pragmatic Case

A pair of descriptions is more likely to be matching  
if they share several common attribute-value pairs,  
while certain attributes are more appropriate to determine  
matches and  
certain values of these attributes are more discriminant than 
others. 



Entity Similarity: Formal Description
• A similarity function sim(): Ε × Ε → R is a metric, if for any 

ei,ej,el∈E for a given set E, it satisfies the following conditions:  
• sim(ei,ei) ≥ 0 (positive), 
• sim(ei,ei) ≥ sim(ei,ej), 
• sim(ei,ej) = sim(ej,ei) (reflexive), 
• sim(ei,ei) = sim(ej,ej) = sim(ej,ei) ⇒ ej=ei 
• sim(ei,ej)+sim(ej,el) ≤ sim(ei,el)+sim(ej,ej) (triangle inequality) 

• Normalized similarity: sim(ei,ei)∈[0,1]
• sim(ei,ei) = 1 for exact match 
• sim(ei,ej) = 0 for “completely” different ei and ei 
• 0 < sim(ei,ej) < 1 for some approximate similarity 

• Any similarity metric can be transformed to a distance metric and 
vice versa 
• sim(ei,ej)= 1 – dist(ei,ej) 
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Euclidian vs Non-Euclidian Distances 
•A Euclidean space: has some number of 
real-valued dimensions and dense points 
• There is notion of average of two points   
•A Euclidian distance is based on the 
locations of points in such space (L2-
norm, L1-norm) 

•A Non-Euclidian distance is based on 
properties of points, but not on their 
“location” in space  
• Jaccard, Cosine, Edit, Hamming 
distance

 15http://dataconomy.com/implementing-the-five-most-popular-similarity-measures-in-
python/ 



Euclidian vs Non-Euclidian Distances 

• Euclid geometry: distance between two points is a line 
• Non-Euclid geometry: distance between two points is a curly 
path along the object surface 
• The Manhattan distance (or city block) is a non-Euclidian 
distance metric which is defined as the sum of the absolute 
distance between the coordinates of each point.  
• It measures the route one might have to travel between 
two points in Manhattan where the streets and avenues are 
arranged at  right angles to one another. It is known as 
Hamming distance when applied to binary data. 
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Matching and Resolving Entities:  
Content-based Entity Similarity



In Search of Entity Similarity Measures
• Defining similarity functions that satisfy the formal properties of 
metric spaces is, in practice, too restrictive for non-geometric 
models  
• E.g., the triangle inequality assumes that the notion of 
similarity is transitive.  
• A well-known counter-example is that a man is similar to a 
centaur and the centaur is similar to a horse; however, the 
man is completely dissimilar to the horse 

• Two main families of similarity measures for resolving entity 
descriptions in the Web of data 
• Content-based: mostly for measuring string similarity of 
attribute values in pairs of entity descriptions 
• character-based, token-based 

• Context-based: exploit similarity of neighbour descriptions 
via different entity relationships 
• tree-based, graph-based
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String Similarity Measures
• Character-based functions manage to account for typographical 
errors (character swaps, typos, etc.) 
• In general, these functions allow edit operations in order to 
transform one string into another, for example, by inserting, 
deleting, or substituting characters 

• Token-based functions take as input the set of tokens of two 
descriptions, or alternatively, the set of n-grams of these 
descriptions, i.e., substrings of length n  
• Intuitively, Jaccard similarity expresses the number of tokens 
two sets have in common divided by the total number of 
unique tokens  
• Similarly, dice similarity is equal to the number of tokens or 
n-grams in common to both sets, relative to the average size 
of the total number of tokens present  
• It is essentially the harmonic mean of precision and recall 
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String Similarity Measures

Record Linkage: Similarity Measures and Algorithms N. Koudas S. Sarawagi D. Srivastava SIGMOD'06 Tutorial

   Dice    

Phonetic

Good for Text-intensive 
descriptionsGood for Names

Good for  
abbreviations, 
nick names



Tokenizing Strings: Separators

• Forming words from sequence of characters:  
• Surprisingly complex in English, can be harder in other 
languages 

•General idea: Separate string into tokens using some separator 
• Space, hyphen, punctuation, special characters 

•Usually also convert to lower-case 
• Problems:  
• Sometimes hyphens should be considered either as part of the 
word or a word separator: e.g., spanish-speaking  
• Apostrophes can be a part of a word, a part of a possessive, or 
just a mistake: e.g., master's degree 

• Periods can occur in numbers, abbreviations, URLs, ends of 
sentences, and other situations: e.g., F.M.I

 21Similarity measures Felix Naumann 11.6.2013



Tokenizing Strings: n-grams
• Split string into short substrings of length n 
• Sliding window over string 
• n=2: Bigrams 
• n=3: Trigrams 

• Variation: Pad with n – 1 special characters 
• Emphasizes beginning and end of string 

• Variation: Include positional information to weight 
similarities 
• Number of n-grams = |x| – n + 1 
• Count how many n-grams are common in both strings

 22Similarity measures Felix Naumann 11.6.2013



Token-based Entity Similarity 
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name Eiffel Tower

architect Sauvestre

year 1889

location Paris

name Statue of 
Liberty

architect Bartholdi Eiffel

year 1886

located NY

about Lady liberty

architect Eiffel

location NY

about Eiffel Tower

architect Sauvestre

year 1889

located Paris

name White Tower

location Thessaloniki

year-
constructed

1450

e1
e2

e3

e4

e5

Jaccard(e1,e3) = 1/8  
Jaccard(e1,e4) = 1  
Jaccard(e1,e5)= 1/8

Jaccard(e2,e3) = 3/7  
Jaccard(e2,e4) = 1/11  
Jaccard(e2,e5) = 0/11

Jaccard( tokens(ei), tokens(ej) ) = | tokens(ei) ∩ tokens(ej) | 
                                                   | tokens(ei) ∪  tokens(ej) |



Matching and Resolving Entities:  
Context-based Entity Similarity



Similarity of Hierarchical Data
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ID Actor Film

S1 Al Pacino F1

S2 Al Pacino F2

S3 Marlon Brando F2

ID Name Year Rating

F1 The Godfather 1972 9.2

F2 Gottvatter, The 72

m1,movie

t1,title s1,set

a11,actor a12,actorTroy

Brad Pitt Eric Bana

m2,movie

t2,title s2,set

a21,actor a22,actorTroja
Brad Pit Erik Bana

a23,actor
Brian Cox

y1,year

2004

y2,year

04

▪ Relational star / snowflake schema [Ananthakrishna et al. 2002] 

▪ Hierarchical XML data [Calado et al.2010]

MovieCasting



DELPHI Containment Metric [Ananthakrishna et al. 
2002]

• Hybrid measure considering both similarity of attribute values 
(tcm) and similarity of children sets reached by foreign keys 
(fkcm) 
• Similarity of attribute values 
• Divide tuples into tokens ! token sets TS
• Compute the edit distance between the tokens of different sets 
• Determine weight of each token via inverse document frequency 
• Thus the idf of a rare term is high, whereas the idf of a frequent term is 

likely to be low 
• The token similarity metric tcm measures which fraction of one tuple T is covered 

by the other tuple T’ in a relation of interest Ri
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DELPHI Containment Metric 
[Ananthakrishna et al. 2002]

• Similarity of children sets
• The children set CS of a tuple T includes all tuples of a relation Rj referencing T  

from a relation Ri by means of a foreign key 

• Foreign-key containment metric (fkcm) measures at what extent the children set 
of a tuple T is covered by the children set of a tuple T’
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DELPHI Containment Metric 
[Ananthakrishna et al. 2002]

• Combining tcm  and fkcm  
• Both tcm and fkcm are assigned an IDF weight 

• Use of a classification function:  
pos(x) = 1  if x > 0,  
        -1  otherwise 

• Threshold for tcm: s1 

• Threshold for fkcm: s2 
• Classification of pairwise comparison between T and T‘ using 

• If final result equals 1, then match, otherwise non-match
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DELPHI Containment Metric: Example
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1. Token sets:
TS(F1) = {The, Godfather, 1972, 9.2}
TS(F2) = {Gottvatter, The, 72}

2. Attribute value similarities
The = The, Godfather = Gottvatter,  
1972 = 72.

3. Weights
For simplification, we assume all tokens 
have equal weight

4. Token containment metric 
tcm(F1,F2) = ¾, tcm(F2,F1) = 1

5. Children co-occurrence
fkcm(F1,F2) = 1, fkcm(F2,F1) = ½ 

6. Combination of both metrics  
(s1 = s2 = 0.5, weights = 1)
pos( pos(3/4 - 0.5) + pos(1 - 0.5) = 1 
→ F1 and F2 match

ID Actor Film

S1 Al Pacino F1

S2 Al Pacino F2

S3 Marlon Brando F2

ID Name Year Rating

F1 The Godfather 1972 9.2

F2 Gottvatter, The 72



• Assign a score  sx y to each pair of entities x and y 
•  two descriptions are similar if their structural neighborhood is similar 

(hide attribute values)  
• Local similarity Indices 

•   Common neighbors (CN) 
•                               where              is the set of neighbors  

•   Jaccard: Normalized common neighbors (NCN)  

Graph-Context Similarity
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Content & Context Similarity:  
Linda [Böhm et al. 2012]

•Works on an entity graph constructed from RDF triples having 
URIs as subject, predicate and object 
• Literals are stored for each entity e as L(e) 

•Matches are identified using a hybrid similarity: 
• String similarity (token-based) of their literal values L(e) 

• Contextual similarity (based on in and out neighbors in the 
entity graph) 

• The context C(n) of e is a set of tuples (pi,ei,wi), where 
• ei is a neighboring node of e  
• pi is the label of the relationship between e and ei  
•wi is a numeric weight selected to be higher for less 
frequent and thus the most discriminative context 
information

 31



Contextual Similarity

 The contextual similarity of nodes n and m is: 
 context_sim(n, m) = 
  

  
  

xn,m is 1, if n, m are identified as matches, and 0 else and    
sim(pi, pj) is the string similarity of the predicates of n, m (edit-
distance based)   
• It counts the number of common or matching neighbors of two 
descriptions, which are linked to them in a similar way, i.e., 
using a relationship with a similar name

 32

€ 

• max
(p j ,z j ,w j )∈C (m )

wi ⋅ xzi ,z j ⋅ sim(pi, p j ),if |C(n) |≤|C(m) |
( pi ,zi ,wi )∈C (n )
∑

• max
(pi ,zi ,wi )∈C (n )

w j ⋅ xzi ,z j ⋅ sim(pi, p j ),else
( p j ,z j ,w j )∈C (m )
∑



LINDA Hybrid Similarity
• The similarity score for descriptions e and e’ is:  
simLINDA(e,e’)= content_sim(e,e’)+    
              β*context_sim(C(e),C(e’))−θ
where 
    β controls the contextual influence  
    θ is used for re-normalization to values around 0 
    content_ 

• simLINDA is not a normalized measure as it serves to rank pairs of 
descriptions based on the evidence that they are matching
• positive scores reflect likely mappings  
• negative scores imply dissimilarities

 33

)1||||ln(|||)||,min(|
||),(0 +−+

∩
=

mnmn

mn

NNNN
NNmnsim

More common tokens and common neighbors that two 
descriptions  

have, the more likely they are to match



Content & Structure Similarity:  
SiGMa [Lacoste-Julien et all 2013]

SiGMa: is a scalable greedy iterative algorithm which is able to 
exploit previous matching decisions as well as the relationship 

graph information between entities
 34



Content & Structure Similarity:  
SiGMa [Lacoste-Julien et all 2013]

• Even though entities i and j have no tokens in common, the fact that several 
of their respective neighbors are matched together is a strong evidence that i 
and j should be matched together 
• Use neighbors for scoring and suggesting candidate pairs
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SiGMa Neighbors Similarity
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• User provided partial matching between properties of both 
databases, are used in a property similarity measure 
• To elegantly handle missing values of properties, we also use a 

smoothed weighted Jaccard  similarity measure between the sets of 
properties  

• For the string similarity measure, we consider the number of words 
that two strings have in common  
• To handle the varying lengths of strings, we use the Jaccard similarity 

between the sets of words, with a smoothing term.  
• To capture the information that some words are more informative 

than others,  we use the IDF weight for each word in a weighted 
Jaccard measure 



SiGMa Neighbors Similarity

• Compatible-neighbors Nij: a neighbor k of i being matched to a 
compatible neighbor l of j should encourage i to be matched to j
• Nij = {(k, l): (i, r, k)∈KB1 and (j, s, l)∈KB2 and relationship r is matched to s}
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SiGMa Similarity Measures

• Content similarity: static score of both the string representation 
of entities (rdfs:label) and their other property values 

• Context-dependent similarity: dynamic score where the weight 
wij,kl is the contribution of a neighboring matched pair (k,l) to 
the score of the candidate pair (i,j) 
• count the number of compatible neighbors currently 

matched together for a pair of candidates
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In Search of Entity Similarity Measures
• For highly similar entities content similarity (i.e., their attribute 
values) is sufficient 
• For somehow similar entities we need to also consider the 
similarity of the structured context of entities in an iterative way  
• Identifying most discriminating attributes and relationships is 
helpful 

• An orthogonal issue is the schematic discrepancy of attributes 
and relationships employed in the entity descriptions whose 
hybrid similarity is assessed  
• Simple: either ontological commitments exist or schematic 
mappings  are provided by the users 

• Complex: assess similarity of attributes and relationships 
based on the similarity of their names or values

 39

Defining ideal similarity measures is difficult,  
calls for more pragmatic approaches 



Questions?
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String Matching Software Libraries

 41Record Linkage for Web Data Oktie Hassanzadeh Ph.D. Univ. Toronto



String Similarity Measures
• The Levenshtein distance satisfies the formal properties of a 
metric 
• Jaro and Jaro-Winkler similarity functions are not symmetric 

• softTFIDF:  a “soft” version of TFIDF, in which similar tokens are 
considered as well as tokens in S intersection T  

• Note that only Jaccard can be considered as a metric, since the 
rest of the token-based similarity functions do not satisfy the 
triangle inequality 
• A hybrid similarity measure combines several single similarity 
measures with a combination method to achieve better 
extraction results
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