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Introduction

Modern computers made it possible to measure, store and analyze the 
structure of large networks, with millions or even billions of nodes.

Commonly, data objects are not isolated since they are interconnected 
through links or relationships. 

In some cases, not all links are observed due to limitations in the data 
collection process or because the links are yet to be established.
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The link prediction problem is the problem of estimating the likelihood of the existence of a 
link between two nodes, based on observed links and –possibly– the attributes of nodes.

Problem Statement
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Motivations

Predicting likely interactions can be useful for a wide range of practical 
applications across different research areas. 

• Reducing the experimental costs on biological networks.

• Enhance navigation in information networks.

• Build recommender systems.

• Suggest collaborations between people in social networks.

• Monitor terrorist networks.
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Previous approaches                                 Ranking-based methods

Examples for similarity measures:

1.Common Neighbors:

2.Jaccard’s Coefficient:

Related Work
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Previous approaches                                 Learning-based methods

Related Work

/ 30



/ 5410

Previous approaches                                 

Related Work

HRG

SBM

FBM

HyperMap

Stochastic Block Model 
Main idea: use a stochastic model in which nodes are 
portioned into groups or communities; the probability 
of the connecting nodes depend on link densities 
between the communities.
Learning technique: metropolis algorithm, along with a 
maximum likelihood approach.

Fast Blocking Model
Main idea: similar to SBM, use a stochastic model in 
which nodes are portioned into groups communities; 
however, the probability of the connecting nodes 
depend on link densities within and between 
communities.
Learning technique: use greedy strategy in order to 
reduce the computation complexity. 

Hierarchal Random Graph 
Main idea: represent the exhibited community 
structure by a binary tree; the probability of 
connecting nodes can be found in their lowest 
common ancestor.
Learning technique: monte carlo sampling algorithm, 
along with 

HyperMap
Main idea: map the observed topology into 
Popularity×Similarity Optimization (PSO) 
model that assume the existence of hidden 
hyperbolic space behind real networks.
Learning technique: use maximum likelihood 
approach.
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Link prediction algorithms need to be efficient from a 
computational point of view in order to be scalable to networks 
with a large number of nodes and/or edges.

11

Related Work
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Modeling Complex Networks 

A model can be simply defined as “a simplified mathematical representation of a 
system”.

In recent years, researchers have developed a number of models for real-world 
networked systems, for example:

13

Watts and Strogatz model Barabási–Albert model

No model fits all real networks!
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Assumes the existence of a hidden metric space, an underlying geometric frame 
that contains all nodes of the network, that shapes its topology. 

Distances between nodes in this space abstract their 
similarity.

Each node assigned to its expected degree.

The hidden metric model

Modeling Complex Networks 
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The hidden metric model

According to the hidden metric model, the probability of link connection 
between two nodes in the network can be computed as

Modeling Complex Networks 
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The Proposed Approach

17

In this work, we address the problem of link prediction using the hidden metric 
model.

We propose to model the link prediction as a parameter estimation problem, 
which once found can be used to detect missing links. 

0.96

0.80

… … …

Our proposed approaches
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• |V|= number of nodes

• |E|= number of links

General Experimental Setting

18

Real datasets

• Density

• Average degree 

• Overall clustering coefficient 
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General Experimental Setting
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Real network Training set Test set    

(1, 3)
(4, 5)
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MISSING LINKS
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EuclidMap-MDSA

compute  

FastLP

Method description

real degrees

Compute the distance between only the connected couples using the 
expression:
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Based on the small-world property every node in the network is connected 
with every other by a path of small length.

Therefore, in FastLP, we propose to use the shortest path to estimate the 
unknown distances

22

FastLP

Method description
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EuclidMap-MDSA

β is a constant used to control the effect of the path length on dij.

FastLP

Method description

Compute the distance between the disconnected couples using the 
expression. 

Shortest
Pathreal degrees

compute  compute  
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FastLP Results
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FastLP Results

Computational efficiency 
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1.Common Neighbors:

2.Jaccard’s Coefficient:

FastLP Results

Ranking-based algorithms
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FastLP Results
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FastLP Results
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FastLP Results

β effect
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FastLP, a fast and scalable approach for link prediction. It uses the geodesic distance to 
estimate the distance between disconnected nodes assuming the existence of a hidden 
metric space and then uses HMM model to compute their connection probabilities.

FastLP shows superior computational efficiency with a competitive prediction accuracy 
when compared to topology-based algorithms, and substantially better prediction 
performance when compared to ranking-based algorithms.

Summary and Future work                                                   

Conclusion 
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The results show that FastLP method can handle large networks while still 
keeping high prediction performance.

The performance of FastLP is highly sensitive to β values. Investigating the 
relation between β and the network topology need to be considered.

Summary and Future work                                                   

Conclusion 
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