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v  Coupled Networks 
Given a source network GS = (VS, ES) and a target network GT = (VT, ET), they compose coupled networks if there exists a cross link eij with one node vi ∈ VS and the other node vj ∈ VT. The cross 
network GC = (VC, EC) is a bipartite network containing all the cross links in the coupled networks.  

v  Coupled Link Prediction 
Given the source network GS and the cross network GC in coupled networks G = (GS, GT, GC), the task is to find a predictive function:  f : (GS, GC) → YT, 
where YT is the set of labels for the potential links in the target network GT, with yij = 1 indicating a link exists between vi and vj, and yij = 0 indicating no link exists between them.  

v  Challenges 
Incompleteness. We do not have structure information between two users in target network—there is a visibility of links that go from source network to target network but not beyond that.  
Heterogeneity. The source and target networks with multi-typed objects are twisted and coupled with one another. This makes it difficult to directly use a supervised learning approach. 
Asymmetry. Following the heterogeneity, the two coupled networks usually present different network properties—such as the average degree or clustering coefficient.  
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attributes D G D ßà G Aa Ab AaßàAb Ea Eb Ec EaßàEb EaßàEc EbßàEc 
#nodes 703 1,132 1835 348,640 63,687 235,715 2,531,187 655,755 354,166 1,912,933 1,255,046 625,379 
#edges 74,523 2,450 10483 613,614 96,325 306,213 3,355,197 649,322 311,432 1,844,342 1,131,593 507,894 

average degree 212.01 4.33 11.43 3.52 3.02 2.59 2.65 1.98 1.75 1.92 1.80 1.62 
clustering coefficient 0.2639 0.0377 0 0.0237 0.0225 0 0.0457 0.0366 0.0317 0 0 0 
associative coefficient -0.0256 0.1761 -0.2556 0.2011 0.1671 0.0654 0.2848 0.2693 0.2806 0.0231 -0.0305 0.1113 
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Problem Transfer Link Prediction Cross-Domain Link Prediction Heterogeneous Link Prediction Coupled Link Prediction 
Input disease network + (part of gene network)  disease network + gene network part of coupled networks  disease network + cross network + (part of gene network) 

Output gene network  remaining links in cross network remaining single- or multi-typed links links in gene network 

CoupledLP	  Framework	  

Experiments	  
Coupled Network Data  
 

v  Disease-Gene Networks (D, G)  
v  Asian Mobile Networks (A) 
v  European Mobile Networks (E) 
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  Implicit Target Network Construction 
•  Solve Incompleteness 

  Coupled Factor Graph Model  
•  Solve Asymmetry  

•  Solve Heterogeneity 
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Direct Coupling Co-citation 

 Implicit Target Network Construction Coupled Factor Graph 

meta-path model source & target networks separately 

v Objective Function 

v  Joint Distribution 
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v  Coupled Meta-Path 

Data & Code:  
https://aminer.org/coupledlp 


