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Motivation 

• Wikipedia becomes one of the largest encyclopedia on 
the Web. 
•  More than 20 million articles (March 2013) 
•  285 versions of different languages (March 2013) 
•  Rich structured information: infoboxes, category system, links 
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Entity links in infoboxes are important for defining semantic relations 
between entities. However, there are a lot of entity links are missing in 
infoboxes. 



Motivation 
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Links in person infoboxes in English Wikipedia Links in person infoboxes in Chinese Wikipedia 
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How to automatically add entity links in the 
attribute values of infoboxes to enrich the relations 
between entities? 



Related Work 

• Entity Linking 
•  Identifying entities in documents and linking them to a knowledge 

base, such as Wikipedia and DBpedia.  
•  Wikify! [Mihalcea 2007]  
•  M&W [Milne 2008a]  
•  DBpedia Spotlight [Mendes 2011] 
•  … 

 
•  Instance Matching 

•  Adding “sameAs” links among RDF datasets by finding equivalent 
entities. 
•  Silk [Volz 2009]  
•  idMesh [Cudre-Mauroux 2009]  
•  KnoFuss [Nikolov 2008]  
•  … 
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Proposed Approach 
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Step 1 Step 2 

Mention 
Identification 

Entity Link 
Prediction 

I d e n t i f y c a n d i d a t e n a m e 
mentions in infoboxes that might 
refer to entities in Wikipedia  
 

Identify the correct corresponding 
entity for each mention  
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Mention Identification 

•  (1) Extract Mention-Entity vocabulary 
        Mention: the anchor text of a hyperlink 

Beijing is the second largest Chinese city by urban population after Shanghai 
and is the nation's political, cultural, and educational center. 

Beijing is the second largest Chinese city by [[List of cities in the People's 
Republic of China by urban population|urban population]] after [[Shanghai]] and 
is the nation's [[Politics of the People's Republic of China|political]], [[Chinese 
culture|cultural]], and [[List of universities and colleges in Beijing|educational 
center]]. 

[[ Entity | Mention ]] [[ Entity or Mention]] 
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Mention Identification 

•  (1) Extract Mention-Entity vocabulary 

Mention Entities 

m1 e11,e12,…,e1p 

m2 e21,e22,…,e2q 

m3 e31,e32,…,e3h 

… … 

mn en1,en2,…,enk 
Wikipedia articles 
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Mention Identification 

•  (2) Identify mentions in the attribute values of infoboxes 

Attribute Value 

a1 v1 

a2 v2 

… … 

Infobox 

{<mi1,Ei1>,…} 
{<mi2,Ei2>,…} 

Mention Entities 

m1 e11,e12,…,e1p 

m2 e21,e22,…,e2q 

m3 e31,e32,…,e3h 

… … 

mn en1,en2,…,enk 

n-gram       matching 
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Mentions and their 
candidate entities 



Link Prediction 

• Given a mention m and a set of its candidate entities Em 
•  7 features are computed for each mention-entity pair  
•  An aggregated score is computed for each mention-entity pair 

•  Entity e* that maximizes s(m,e*) is predicted as the destination 
entity of m. 

•  Two important problems 
•  What kind of features are useful for link prediction? 
•  How to decide the weights of different features? 
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Features for Link Prediction 

•  Feature 1: Entity Occurrence 

Carticle(m) is the set of entities appearing in the main text of the current article. 

•  Feature 2: Link Probability 

count(m,e) is the number of times that m links to e; 
count(m) is the number of times that m appears. 
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Features for Link Prediction 

• Semantic Relatedness 
•  Relatedness between two entities [Milne 2008b]  

•  Relatedness between one entity and a set of entities 
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Features for Link Prediction 

Feature 3: Infobox Context Relatedness 

Feature 4: Article Context Relatedness 

Feature 5: Abstract Context Relatedness 

Cabstract 

Carticle 

Cinfobox 
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Features for Link Prediction 

… … 

Catt_rang:  set of entities that appear in the 
value of the concerned attribute  

Catt_dom : set of entities that described by 
the concerned attribute  

Feature 6: Attribute Range Context Relatedness 

Feature 7: Attribute Domain Context Relatedness 
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Learn the weights of features 
•  Given a mention m and the set of its candidate entities Em 

•  Entity e* in Em that maximized s(m,e*) is predicted as the destination 
entity of m. 

13-10-25 Discovering Missing Semantic Relations  Between Entities in Wikipedia  17 

Discovering Missing Semantic Relations between Entities in Wikipedia 7

2.3 Learning to Predict New Entity Links

To predict new entity links, our approach computes the weighted sum of features
between mentions and entities by the following score function:

s(m, e) = !1 ⇥ f1(m, e) + ...+ !6 ⇥ f6(m, e) + !7 ⇥ f7(m, e) (10)

For each mention m, the entity e

⇤ that maximizes the score function s(m, e

⇤)
is predicted as the destination entity of m. The idea of predicting entity links
is simple and straight, but how to appropriately set the weights of di↵erent
similarity features is a challenging problem, which highly influences the final
results.

Here, we use the already existing entity links L = {< m

i

, e

i

>}k
i=1 in in-

foboxes as training data, and train a logistic regression model is get the weights
of di↵erent features. Given a mention m and its corresponding entity e, the
learned weights should ensure

! · (f(m, e

⇤)� f(m, e)) > 0, (e 2 E

m

, e 6= e

⇤) (11)

where ! =< !1, ...,!7 > and f(·) =< f1(·), ..., f7(·) >.
Therefore, we can use the sigmoid function to compute the probability that an

entity e1 is better than another entity e2 (denoted as e1 � e2) as the destination
for a mention.

P (e1 � e2) =
1

1 + e

�!·(f(m,e1)�f(m,e2))
(12)

If s(m, e1) > s(m, e2), P (e1 � e2) > 0.5;
otherwise s(m, e1) < s(m, e2), P (e1 � e2) < 0.5. In this case, the weights !

can be determined by the MLE (maximum likelihood estimation) technique for
logistic regression.

Therefore, we generate a new dataset D = {(xj , yj)}m
j=1 based on the known

entity links L = {< m

i

, e

i

>}k
i=1 to train a logistic regression model; xj is the

input vector and y

j

represents the class label (positive or negative). For each

mention m

i

, a positive example (f(m
i

, e

i

) � f(m
i

, e

0
), positive) or a negative

example (f(m
i

, e

0
)� f(m

i

, e

i

), negative) is generated for each entity
e

0 2 (E
mi � {e

i

}). We make the number of positive examples and negative
examples be the same, which avoids the imbalanced classification problem. After
the logistic regression model being trained, the learned weights ! =< !1, ...,!7 >

will be used in Equation 10 to predict new entity links.

3 Experiment

3.1 Datasets

We use the datasets of English Wikipedia to evaluate the proposed approach. We
downloaded the English Wikipedia XML dump fromWikipedia’s download site1,

1 http://dumps.wikimedia.org/enwiki/
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Learn the weights of features 
Input: a set of known entity links 
Output: A dataset                           is generated 
 

For each mention mi 

      For each entity  
             Generate a positive example 
             or generate a negative example 
      End For 
End For  

Train a Logistic Regression model using dataset 

Optimal weights 
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630 entity links 

Experiments 

• Dataset 
•  English Wikipedia XML dump (August 2012)  
•  100 randomly chosen infoboxes 
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50% kept in infoboxes 
50% removed from 

infoboxes 
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630 entity links 

Experiments 

• Dataset 
•  English Wikipedia XML dump (August 2012)  
•  100 randomly chosen infoboxes 
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50% kept in infoboxes 

40% for training 

60% for testing 

• Evaluation Metrics 
•  Precision, Recall, F1-measure 

• Comparison Methods 
•  Wikify! [Mihalcea 2007] ; M&W [Milne 2008a] ;  
•  SVM 
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Experiments 

• Results 
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Experiments 

• Results 
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No training process Trained with training data 

Trained with existing entity links 

Discovering Missing Semantic Relations  Between Entities in Wikipedia  



Experiments 

• Results 
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3 features 

Trained with existing entity links 

Specially designed features 

7 features 
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Experiments 

• Results 
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Classification-based method 

Trained with existing entity links 

Specially designed features 

More effective learning algorithm 

Weighting and Ranking 
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Experiments 

• Results 

13-10-25 25 

Trained with existing entity links 

Specially designed features 

More effective learning algorithm 

Important factors 
for better results. 
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Experiments 

•  Feature Contribution Analysis 
•  Our approach runs 7 times on the evaluation data, each time one 

feature is removed from the feature vectors of mention-entity pairs.  
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Decrease of F1-score for each feature  
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Entity Occurrence 

Link Probability 

Infobox Context 

Article Context 

Abstract Context 

Attribute Range 

Attribute Domain 

M
ore im

portant 
Less im

portant 



Conclusion and Future Work 

• Conclusion 
•  An approach for automatically discovering the missing typed 

relations between entities in Wikipedia’s infoboxes is proposed.  
•  7 features for predicting the entity links in infoboxes are defined; 

the effectiveness and importance are analyzed. 
•  A new method for learning the weights of features is proposed, 

which achieves better results than baseline methods. 

•  Future Work 
•  Discovering incorrect entity links in infoboxes. 
•  Discovering new RDF links (not just “sameAs” links) between RDF 

datasets. 
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