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Network	
  Similarity:	
  DeHinition	
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•  INPUT:	
  	
  	
  	
  	
  	
  set	
  of	
  anonymized	
  networks	
  

•  OUTPUT:	
  	
  	
  pairwise	
  structural	
  similarity	
  scores	
  

and…	
  



Required	
  Properties	
  

•  P1.	
  effec:veness	
  
– size-­‐independence	
  
–  intui<veness	
  
–  interpretability	
  

•  P2.	
  scalability	
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Eego, N
ego 

NetSimile:	
  overview	
  

1	
  –	
  Feature	
  Extrac:on	
  

2	
  –	
  Feature	
  Aggrega:on	
  

3	
  -­‐	
  Comparison	
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Step	
  1:	
  Feature	
  Extraction	
  

•  Local	
  and	
  egonet	
  features:	
  
①  #	
  of	
  neighbors	
  	
  
②  clustering	
  coefficient	
  
③  avg.	
  #	
  of	
  neighbors’	
  neighbors	
  
④  avg.	
  clustering	
  coeff.	
  of	
  neighbors	
  
⑤  edges	
  in	
  egonet	
  
⑥  outgoing	
  edges	
  from	
  egonet	
  
⑦  #	
  of	
  neighbors	
  of	
  egonet	
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Why these features? 

They satisfy all the constraints! 



Step	
  2:	
  Feature	
  Aggregation	
  

•  5	
  aggregators	
  
– median	
  

– mean	
  
– standard	
  devia<on	
  
– skewness	
  
– kurtosis	
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  of	
  feature	
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   kurtosis	
  s.d.	
  

Why these aggregators? 

They satisfy the effectiveness + 
scalability constraints! 

skewness	
  mean	
  



Also	
  tried:	
  
-­‐ 	
  cosine	
  similarity	
  
-­‐ 	
  euclidean	
  distance	
  
-­‐ 	
  hypothesis	
  tesDng:	
  
Mann-­‐Whitney,	
  
Kolmogorov-­‐Smirnov	
  
	
  	
  	
  …	
  

Step	
  3:	
  Comparison	
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Why Canberra distance? 

①  sensitive to small changes near 0 
②  normalizes the absolute difference 

of the individual comparisons. 
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Required	
  Properties:	
  NetSimile	
  
 P1.	
  effec:veness	
  

 	
  size-­‐independence	
  
 	
  intui<veness	
  
 	
  interpretability	
  
 	
  avoids	
  the	
  node-­‐correspondence	
  problem	
  

 P2.	
  scalability	
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The	
   run<me	
   complexity	
   for	
   genera<ng	
   NetSimile’s	
  
‘signature’	
  vectors	
   is	
   linear	
  on	
   the	
  number	
  of	
  edges	
   in	
  
the	
  input	
  networks:	
  

LEMMA	
  

€ 
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Experiments:	
  Data	
  
•  30	
  real-­‐world	
  networks	
  

•  mul<ple	
  synthe<c	
  networks	
  
–  Barabási-­‐Albert	
  
–  Forest	
  Fire	
  
–  Erdös-­‐Rényi	
  
– Wa[s-­‐Strogatz	
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Experiments:	
  intuitiveness	
  +	
  
interpretability	
  of	
  NetSimile	
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Observa:on:	
  
NetSimile	
   gives	
   be[er	
   and	
   more	
   intui<ve	
   graph	
   clusters	
  
than	
  the	
  EIG	
  method	
  (eval-­‐based	
  compe<tor	
  method).	
  	
  

        homogeneity  
        in colors 



Experiments:	
  
NetSimile	
  and	
  node-­overlap	
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Observa:on:	
  
The	
  lower	
  the	
  NetSimile	
  score	
  (greater	
  similarity),	
  the	
  higher	
  
the	
  normalized	
  node	
  intersec<on	
  of	
  the	
  input	
  networks.	
  

       Hypothesis:  
bigger node overlap => 
greater similarity 

Implicit	
  Assump<on:	
  
networks	
  are	
  from	
  the	
  
same	
  domain	
  

bigger 
overlap 

smaller distance 



Application:	
  	
  
Discontinuity	
  Detection	
  in	
  Yahoo!	
  IM	
  

Danai	
  Koutra	
  (CMU)	
  -­‐	
  danai@cs.cmu.edu	
   18	
  

nodes:	
  IM	
  users	
  
edges:	
  communica<on	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  events	
  

1.   Microso^	
  offers	
  	
  
	
  	
  	
  	
  	
  to	
  buy	
  Yahoo!.	
  
2.	
  New	
  features	
  for	
  	
  
flickr	
  were	
  announced.	
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Conclusions	
  

•  Novel	
  approach:	
  	
  
–  ‘signature’	
  vector	
  for	
  each	
  graph	
  (summariza<on)	
  

•  NetSimile:	
  	
  
– effec<ve	
  	
  

•  size-­‐independent,	
  intui<ve,	
  interpretable	
  
– scalable	
  

•  Applicability	
  to	
  a	
  variety	
  of	
  problems	
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Thank	
  you!	
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Experiments	
  (2):	
  
Are	
  we	
  measuring	
  size?	
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Observa:on:	
  
NetSimile	
   is	
   not	
  measuring	
   size	
   –	
   there	
   is	
   no	
   correla<on	
  
between	
  extracted	
  features	
  and	
  network	
  size.	
  	
  



Advantages	
  of	
  NetSimile	
  

 	
  size-­‐invariant	
  
 	
  scalable	
  

 	
  avoids	
  the	
  node-­‐correspondence	
  problem	
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The	
   run<me	
   complexity	
   for	
   genera<ng	
   NetSimile’s	
  
‘signature’	
  vectors	
  is	
  linear	
  on	
  the	
  number	
  of	
  edges	
  in	
  
the	
  input	
  networks:	
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