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WEB OF DATA 

Introduction → Knowledge Graphs

LOD – Linked Data Cloud 
"Linking Open Data cloud diagram 2020, by Andrejs Abele, 
John P. McCrae, Paul Buitelaar, Anja Jentzsch and Richard 
Cyganiak. http://lod-cloud.net/"

Knowledge Graphs publicly 
available 
▪ over 1 250 sources  in LOD  
▪ more than 650 k graphs in lod-a-lot 
▪ over 100B triples 
▪ about 500M links: most are 

sameAs links
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WEB OF DATA 

Introduction → Knowledge Graphs

LOD – Linked Data Cloud 
"Linking Open Data cloud diagram 2020, by Andrejs Abele, 
John P. McCrae, Paul Buitelaar, Anja Jentzsch and Richard 
Cyganiak. http://lod-cloud.net/"

Knowledge Graphs publicly 
available 
▪ over 1 250 sources  in LOD  
▪ more than 650 k graphs in lod-a-lot 
▪ over 100B triples 
▪ about 500M links: most are 

sameAs links

Application domains  
▪Cross-domain: Dbpedia, yago, wikidata, … 
▪Media & Music : BBC, INA, MusicBrainz, …  
▪Government:  US, UK, FR, DE, … 
▪Geographic: LinkedGeoData, IGN, …  
▪Life sciences: GO, SwissProt, Bio2RDF, …  
▪Cultural heritage: INA, BNF, Europeana, …  
▪Law, Theology, Tourism, …   

3



▪ Disjunction between classes/properties 
▪ Subsumption (hierarchy)
▪ (inverse) Functionality of properties 
▪ Symmetry 
▪ Cardinalities
▪ Keys 
▪ Logical rules 
▪ ... 

OWL Ontology

Ontology axioms and rules

Introduction → Knowledge Graphs

RDF Graphs

KNOWLEDGE GRAPHS IN A WHOLE 
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▪ Disjunction between classes/properties 
▪ Subsumption (hierarchy)
▪ (inverse) Functionality of properties 
▪ Symmetry 
▪ Cardinalities
▪ Keys 
▪ Logical rules 
▪ ... 

OWL Ontology

Ontology axioms and rules

Introduction → Knowledge Graphs

RDF Graphs

PREFIX dbo: <http://dbpedia.org/ontology#>  
PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>  
SELECT ?m ?w 
WHERE { ?m dbo:contains ?w . ?w rdf:type dbo:Painting .}

Querying (SPARQL)

- KG saturation: infer whatever can be inferred from the KG.
- KG consistency checking: no contradictions
- KG repairing
- …

Reasoners: (Pellet, Fact++, Hermit, etc. ) 

KNOWLEDGE GRAPHS IN A WHOLE 
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Introduction → Knowledge Graphs

2007 2008 2012 

Academic side

2007 

Commercial side
2012 

2019 

2016 

2018 

WHO IS DEVELOPING KNOWLEDGE GRAPHS?
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WHO IS DEVELOPING KNOWLEDGE GRAPHS?

Introduction → Knowledge Graphs

Academic side Commercial side
2012 

2019 

2016 

2018 

Targeted applications and services  
▪ Information integration, 
▪ recommendation,  
▪ transparency,  
▪ regularity compliance,  
▪ multilingual support,  
▪ conversational agents,  
▪ …  

Examples of use-cases  
▪ Web search: “things and not strings” (e.g. 

GooglePanel) 
▪ Social network: description of skills, jobs, 

schools, etc. (e.g. LinkedIn) 
▪ Commerce: description of products, events, 

location…, behaviour patterns (e.g. Ebay 
ShopBot) 

▪ Finance: emerging events detection, risk 
assessment  (e.g. Bloomberg), … 

2007 2008 2012 

2007 
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Heiko Paulheim. Knowledge Graph Refinement: A Survey of Approaches and Evaluation Methods.  
Semantic Web 8:3(2017), pp 489-508. 
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Introduction → Knowledge Graphs

Incomplete data  
DBPedia: 1.7M person, 700K missing birth dates

DATA QUALITY IN KGS  
COMPLETENESS?
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Donald Trump  
is the child of 
himself!

8Introduction → Knowledge Graphs

Errors  
Yago: 9K cases of Childs born before their parents

DATA QUALITY IN KGS  
CORRECTNESS?

9



RULE MINING - FOR DATA 
QUALITY IMPROVEMENT

- Error detection 
- Fact checking 

- Fact prediction 
- Data linking 
- … 
-

Rule Mining in KGs 10



OUTILINE 

● Rule mining : techniques and main differences 

● Referring expressions : RE-miner for data linking 

● Conclusion 

11Rule Mining in KGs



RULE MINING 

A horn rule or implication : B1 ∧ B2 ∧ ... ∧ Bn ⇒ r(x, y) 
         
        
                            Body                            Head 

Example:                                                                                                        
    
hasChild(p, c) ∧ isCitizenOf (p, s) ⇒ isCitizenOf (c, s) 

motherOf(m, c)                             ⇒ ¬ fatherOf (m, c) 

worksAt(p, c)                                 ⇒ affiliatedTo(p, c) 

   

   12Rule Mining in KGs
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   13Rule Mining in KGs

Prediction

Error detection

Ontology alignement 



RULE MINING 

Knowledge bases are not complete 

➡ So the rules are not necessarily always correct 
➡ measures : confidence and support  

 RULE: hasChild(X,Y) ∧ marriedTo(X,Z) → hasChild(Z,Y)

14Rule Mining in KGs



RULE MINING 

Knowledge bases are not complete 

➡ So the rules are not necessarily always correct 
➡ measures : confidence and support  

 RULE: hasChild(X,Y) ∧ marriedTo(X,Z) → hasChild(Z,Y)

Married to

Has child

X= Joe, Y= Jill, Z= Ashley

Prediction:  hasChild(Joe, Ashley)

15Rule Mining in KGs

Support: Number of true predictions of the rule in KB  
Confidence: Number of true predictions / Number of total predictions 
   

Has child



RULE MINING: EXISTING TECHNIQUES 

1. Generate and test Techniques, heuristic technique with backtracking 
(AMIE3,RUDIK) 

• Consider a candidate rule 
• Compute quality measures for this rule 
• Refine the rule to generate more candidates and test 

2. Divide and Conquer Techniques (Tilde) 
• Divide:  search for a rule that is valid on a part of knowledge base 
• Conquer: recursively conquer the remaining examples by learning 

more rules  
• Combine the rules to form the final solution 
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RULE MINING: EXISTING TECHNIQUES 

1. Generate and test Techniques, heuristic technique with backtracking 
(AMIE3,RUDIK) 

• Consider a candidate rule 
• Compute quality measures for this rule 
• Refine the rule to generate more candidates and test 

Guarantees to find all rules that fulfill quality measures and the language 
bias 

2. Divide and Conquer Techniques (Tilde) 
• Divide:  search for a rule that is valid on a part of knowledge base 
• Conquer: recursively conquer the remaining examples by learning 

more rules  
• Combine the rules to form the final solution 
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OUTILINE 

● Rule mining : techniques and main differences 

● Referring expressions : RE-miner for data linking 

● Conclusion 
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IDENTITY LINK DETECTION  

Wine2

Producer
#Saint_Emilion

“Moulis”

prodName

Producer

Wine1

Year 

#GdSTEmilion

area
#Bdx

#Bordeaux
Area

prodName

GrapeVariety

“Pomerol”

“Muscat”

“Château Anthonic”“Château Beauregard”

G2G1

▪ Identity link detection consists in detecting whether two descriptions of resources 
refer to the same real world entity (e.g. same person, same article, same gene). 
▪ Instance-based: consider only data type properties (attributes)  

2020

‘’Merlot’’ 
GrapeVariety
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IDENTITY LINK DETECTION  
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Producer
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#GdSTEmilion
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#Bdx

#Bordeaux
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“Pomerol”

“Muscat”
=?

=?

G2G1

▪ Identity link detection consists in detecting whether two descriptions of resources 
refer to the same real world entity (e.g. same person, same article, same gene). 
▪ Instance-based: consider only data type properties (attributes)  

▪ Similarity on literal values 

2020

‘’Merlot’’ 
GrapeVariety

=?
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IDENTITY LINK DETECTION  

Wine2
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G2G1

▪ Identity link detection consists in detecting whether two descriptions of resources 
refer to the same real world entity (e.g. same person, same article, same gene). 
▪ Instance-based: consider only data type properties (attributes)  
▪ Graph-based: + object properties (relations) and similarity propagation 

2020

‘’Merlot’’ 
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IDENTITY LINK DETECTION  

Wine2

Producer
#Saint_Emilion
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=?

=?

=?

G2G1

▪ Identity link detection consists in detecting whether two descriptions of resources 
refer to the same real world entity (e.g. same person, same article, same gene). 
▪ Instance-based: consider only data type properties (attributes)  
▪ Graph-based: + object properties (relations) and similarity propagation 
▪ Rule-based: rules, area(X, Z), area(Y,Z), producer(X, W), producer(Y, W) ==> X=Y

2020

‘’Merlot’’ 
GrapeVariety
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REFERRING EXPRESSIONS 
DISCOVERY FOR DATA LINKING

PhD of Armita Khajeh Nassiri (2020-2023) 

Co-supervised with N. Pernelle, G. Quercini  

PSPC AIDA Project (2019-2023), collaboration with IBM France



WHAT IS A REFERRING EXPRESSION

24

Description that uniquely characterizes an instance in a given context. 

The 44th President of USA                           Barack Obama 
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WHAT IS A REFERRING EXPRESSION
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Description that uniquely characterizes an instance in a given context. 

The 44th President of USA                           Barack Obama 

The fruit right to the left 
of the big orange pear 

The second closest fruit 
to the vase 



WHAT KIND OF  RES DO WE DISCOVER ?  

27

By instantiating keys, we will uniquely find each instance, hence a RE. 

We have already used keys for data linking. 

Hence, let’s find REs from maximal non-key sets of a class 

Example: Non-key for book:  
[hasPages, yearPublished, countryOfPublication] 
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There can be many different unique expressions (REs) that identify an 
entity with different levels of expressivity. 

We discover minimal REs that are valid in one class of a knowledge 
graph 

A Referring expression for u (an instance of type C in knowledge graph 
G),  is a connected subgraph pattern rooted by x

WHAT KIND OF  RES DO WE DISCOVER ?  
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Mozart : a musician born in a city named Salzburg and died in Vienna.  

x
type Musician

 (_)

“Salzburg”

Vienna

wasB
orn

In diedInCity

ci
ty

N
a

m
e

WHAT KIND OF  RES DO WE DISCOVER ?  
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Mozart : a musician born in a city named Salzburg and died in Vienna.  

x
type Musician

 (_)

“Salzburg”

Vienna

wasB
orn

In diedInCity

ci
ty

N
a

m
e

Note that all leaves are either Literals or URIs  
And the internal nodes are variables

WHAT KIND OF  RES DO WE DISCOVER ?  



OVERVIEW OF RE-MINER ALGORITHM  

31

Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 
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Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 

1- Find the maximal non-key NK set for C using  SAKey 

2- Group NK based on cardinality 

OVERVIEW OF RE-MINER ALGORITHM  
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Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 

1- Find the maximal non-key NK set for C using  SAKey 

2- Group NK based on cardinality 

Example for class book: 

NK= [{author, year}, {publisher, author, language}] 

Grouped based on Cardinality: 

Level1: [{author}, {year}, {publisher}, {language} ] 
Level2: [{author, year}, {publisher, author}, {publisher,language}, 
{author, language}] 
Level3: [ {publisher, author, language}] 

OVERVIEW OF RE-MINER ALGORITHM  
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Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 

1- Find the maximal non-key NK set for C using  SAKey 

2- Group NK based on cardinality 

3- Starting from level 1, construct candidate REs and keep those that 
are valid 

Level 1 Level 2 Level 3

OVERVIEW OF RE-MINER ALGORITHM  
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Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 

1- Find the maximal non-key NK set for C using  SAKey 

2- Group NK based on cardinality 

3- Starting from level 1, construct candidate REs and keep those that 
are valid 

4- Increase the depth of subgraph following the same procedure for 
the class of the entity we aim to replace with an existential quantifier. 

OVERVIEW OF RE-MINER ALGORITHM  
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Input: knowledge graph G, class C 

Output: The set of minimal REs valid within class C 

1- Find the maximal non-key NK set for C using  SAKey 

2- Group NK based on cardinality 

3- Starting from level 1, construct candidate REs and keep those that 
are valid 

4- Increase the depth of subgraph following the same procedure for 
the class of the entity we aim to replace with an existential quantifier. 

5- A post-processing step that recursively replaces IRIs in REs with an 
instantiation of minimal key properties to discover extended REs. 

OVERVIEW OF RE-MINER ALGORITHM  



DATA LINKING WITH REs
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Ocean’s Eleven

DATA LINKING WITH REs
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Dataset for 10 classes of YAGO and DBpedia used in VICKEY 
experimentations, we only consider mapped properties, and depth = 1. 

class #Triples #Properties #NKs #REs Run time

Actor 514.7 K 16 69 725.6 K 95.1 s

Album 381.1 K 5 2 212.1 K 14.7 s

Book 92.5 K 7 6 66.3 K 3.5 s

Film 533.5 K 9 7 690.9 K 102.3 s

Mountain 116.7 K 6 4 59.2 K 1.4 s

Museum 81.6 K 7 5 53.5 K 2.6 s

Organization 2.2 M 17 43 68.3 M 3.48 h

Scientist 335.6 K 18 92 309.9 K 64.0 s

University 131.8 K 9 9 161.8 K 17.7 s

City 1.1 M 17 29 1.2 M 109.7 s

DATA LINKING WITH REs: experiments
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Dataset for 10 classes of YAGO and DBpedia like the one used in 
VICKEY. 

Hypothesis:  If a description uniquely identifies an entity in one KG, it's 
likely that the same description identifies the same entity in the other 
KG. 

For each RE of an entity in YAGO, if the description is fulfilled by only one 
entity in DBPedia, we will link the two. 
(some Res are discarded) 

DATA LINKING WITH REs: experiments
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Linking results with keys, keys + conditional keys and REs 
To compare literal values : only string equality ! 

DATA LINKING WITH REs: experiments
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Linking results with keys, keys + conditional keys and REs 
To compare literal values : only string equality ! 

Published at ISWC’2020, ranked 1st for SPIMBENCH at IM-OAEI 2020.  

DATA LINKING WITH REs: experiments



CONCLUSION  

43

RULE MINING FUTURE CHALLENGES  

- Deal with numerical values: discretisation, domain expert, 
combination of ML and symbolic AI 

- Rule mining for decision making : AIDA with IBM 

- Rule mining for explanation : causality to explain the 
impact of climate change on Maïs development  

- Scalability (ex. AMIE3 timeout for NB atoms > 4)  

DATA LINKING FUTURE CHALLENGES  
- Multi-source and simultaneous schema/data linking 
- Scalability  
- Link invalidation 
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