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Capturing Semantic Similarity for Entity Linking 
with Convolutional Neural Networks 
By Matthew Francis-Landau, Greg Durrett and Dan Klein

•One of the major challenges of entity linking is resolving 
contextually polysemous mentions. For example, Germany 
may refer to a nation, to that nation’s government, or even 
to a soccer team 

•model semantic similarity between a mention’s source 
document context and its potential entity targets using 
convolutional neural networks (CNNs)



• topic semantics at different granularities in a document are 
helpful in determining the genres of entities for entity linking

• CNNs can distill a block of text into a meaningful topic vector. 



• Embed each word into a d-dimensional vector space, yielding a sequence of vectors 
w1, . . . , wn. Then map those words into a fixed-size vector using a convolutional 
network 

• fc(s, te) indicate the different types of similarity, this vector can then be combined 
with other sparse features and fed into a final logistic regression layer. When trained 
with back propagation, the convolutional networks should learn to map text into 
vector spaces that are informative about whether the document and entity are related 
or not. 



Integrating with a Sparse Model 

• introduce a latent variable q to capture which subset of a 
mention (known as a query) we resolve 

• the set of queries defines the set of candidate entities that we 
consider linking a mention to 

• each query generates a set of potential entities based on link 
counts, whose unions are then taken to give on the possible 
entity targets for each mention



• fQ and fE are both sparse features vectors and are taken from previous 
work 

• fQ only impacts which query is selected and not the disambiguation to 
a title 

• fE mostly captures how likely the selected query is to correspond to a 
given entity 

• Note that fC has its own internal parameters θ because it relies on 
CNNs with learned filters; however, we can compute gradients for 
these parameters with standard back propagation. The whole model is 
trained to maximize the log likelihood 



Single Document 
Summarizer

Greg Durrett, Taylor Berg-Kirkpatrick and Dan Klein



Model

• Incorporates : Compression and Anaphoricity Constraints

• Model tries to maximize number of elementary discourse units and 
also pronouns without losing their reference.



Compression

• Mixture of Rhetorical Structure Theory(RST) compression and 
Syntactic compression.



Anaphora Constraints

• Pronoun Replacement.

• Constraining summary to include 
pronouns.



Learning

• Train to maximize on features : 
Lexical, Structural, Centrality and 
Pronoun Replacement.

• Uses stochastic sub gradient 
descent to reduce loss, which is 
calculated through rogue 
function.

• Use extended version of the ILP 
model.



Summary
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