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2 Outline 



Overview 
•  SimRank	  in	  real-‐world	  applica:ons:	
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•  SimRank	  
•  An	  appealing	  similarity	  measure	  based	  on	  graph	  structure	  
•  Central	  idea:	  

Two	  nodes	  are	  similar	  if	  they	  are	  pointed	  to	  by	  similar	  nodes. 	  (recursion)	  
Each	  node	  is	  most	  similar	  to	  itself. 	  (base	  case)	  

•  Two	  formula:ons	  of	  SimRank	  
•  Jeh	  and	  Widom’s	  form 	  (SIGKDD’02)	  

•  Kusumoto	  et	  al.’s	  form 	  (SIGMOD’14)	  
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•  Linearized	  SimRank	  model:	  
	   	  ó	  
•  Single-‐pair	  score	  S(a,b)	  can	  be	  computed	  as	  
	  
However,	  it	  is	  difficult	  to	  determine	  D	  in	  advance.	  
•  Kusumoto	  et	  al.’s	  approxima:on	  

	  

	  ó	  

5 Kusumoto	  et	  al.’s	  lineariza.on	  



•  Two	  Types	  of	  Error:	  

	  

•  “Iter	  Err”	  is	  convergent	  when	  k	  increases	  
“Diag	  Err”	  is	  not	  convergent	  and	  sensi:ve	  to	  search	  quality	  

6 Prob	  1:	  Superfluous	  Diag	  Error	  
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•  [Kusumoto	  et	  al.	  SIGMOD’14]	  
•  Hard	  to	  determine	  the	  exact	  D	  in	  advance	  

	  	  

•  Our	  main	  idea	  :	  Varied-‐D	  Model	  
•  To	  itera:vely	  compute	  D	  and	  S	  at	  the	  same	  Cme	  

7 Our	  Method:	  Varied-‐D	  Itera.on	  

When k increases  

  How to 
iteratively 
find Dk ?	



8 Itera.vely	  Find	  Dk	  

•  Dk	  can	  be	  obtained	  itera:vely	  as	  follows:	  

•  Dk	  is	  obtainable	  in	  linear	  memory,	  independent	  of	  S(k)	  	  	  	  	  
(scalability)	  

T 

= =

where 



•  Varied-‐D	  model	  to	  compute	  S(k):	  

•  How	  close	  is	  S(k)	  to	  S	  ?	  
•  Our	  model:	  

•  Exis:ng	  work	  [SIGMOD’14]:	  

9 Convergence	  of	  Varied-‐D	  Model	  
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•  Compu:ng	  i-‐th	  column	  of	  S(k)	  
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Accelerate	  Computa.on	  for	  Each	  Column	  of	  SimRank	  
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•  Compu:ng	  i-‐th	  column	  of	  S(k)	  

Naïve	  Cost:	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :me	  	  	  	  [SIGMOD’14]	  

•  Our	  approach	  
•  mul:plying	  a	  matrix	  by	  a	  group	  of	  vectors	  added	  together	  	  

Our	  Cost:	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :me	  
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Accelerate	  Computa.on	  for	  Each	  Column	  of	  SimRank	  
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•  “Connec:vity	  Trait”	  Problem:	  
•  increasing	  #	  of	  paths	  between	  two	  nodes,	  say	  a	  and	  b,	  
would	  incur	  a	  decrease	  in	  SimRank	  s(a,	  b).	  	  

12 Prob	  2:	  “Connec.vity	  Trait”	  of	  SimRank	  

Four paths between node pair (2,8):  
 

Only one path between node pair (8,10):  
 

  SimRank ignores 
high connectivity 

between (2,8)	



•  The	  order	  of	  the	  normalized	  factor	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  is	  too	  high.	  	  

	  
	  
A`er	  δ	  paths	  of	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  are	  inserted	  into	  G:	  

13 Root	  Cause	  of	  “Connec.vity	  Trait”	  Issue	  



•  “Cosine-‐based	  SimRank”	  model:	  

•  Main	  idea:	  
•  Aggregates	  weighted	  cosine	  similari:es	  between	  node	  a’s	  
and	  node	  b’s	  mul:-‐hop	  in-‐neighbor	  sets	  

•  Advantage:	  
•  Provides	  a	  correct	  normalized	  factor	  for	  common	  mul:-‐
hop	  in-‐neighbors	  of	  a	  and	  b	  

14 Our	  Remedy	  



A`er	  δ	  paths	  of	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  are	  inserted	  into	  G:	  

15 Fixing	  	  “Connec.vity	  Trait”	  Issue	  

Cosine-Based SimRank 

Naïve SimRank 



•  Jeh	  and	  Widom’	  model:	  

•  Li	  et	  al.’s	  model:	  
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Seman.c	  Difference	  of	  Two	  SimRank	  models	  

These two models 
 
1)   neither yield the same 

relative rankings,  
[SIGKDD’10] 

2)   nor have the same top-K 
rankings 
[SIGMOD’14] 

Any semantic 
relationship? 



•  Jeh	  and	  Widom’	  model:	  

	  
•  Li	  et	  al.’s	  model:	  

17 Their	  Seman.c	  Rela.onship	  

ó 

ó 

“off” è 
“overlapping is 

disallowed” 



18 Their	  Seman.c	  Rela.onship	  

Li	  et	  al.’s	  model	  can	  tally	  more	  paths	  with	  self-‐intersected	  nodes	  than	  Jeh	  and	  Widom’s.	  

•  can	  be	  tallied	  by	  
•  but	  cannot	  be	  tallied	  by	  



•  Datasets	  
•  Real-‐life	  Data:	  

	  
•  Synthe:c	  Data:	  	  	  GraphGen	  generator	  	  

•  Compared	  Algorithms	  

19 Experimental	  SeUngs 



•  SR#	  can	  avoid	  “connec:vity	  trait”	  issue	  by	  using	  a	  “cosine”	  kernel.	  
•  COS	  considers	  only	  direct	  overlapped	  in-‐neighbors.	  
•  JSR	  and	  LSR	  both	  have	  a	  “connec:vity	  trait”	  problem.	  	  

20 Exp	  1:	  Seman.c	  Quality	  



•  SR#	  achieves	  ∼95%	  coverage	  of	  common	  mul:-‐hop	  in-‐neighbors	  
(due	  to	  its	  suitable	  normalized	  factor)	  	  

•  COS	  (∼0.41)	  consistently	  outperforms	  JSR/LSR	  (∼0.20)	  since	  COS	  is	  not	  
limited	  by	  the	  “connec:vity	  trait”	  problem.	  

•  The	  superiority	  of	  SR#	  is	  more	  pronounced	  in	  the	  groups	  with	  longer	  paths.	  

21 Exp	  1:	  Seman.c	  Quality	  



22 Exp	  2:	  Speedup	  



•  Only	  SR#	  and	  MSR	  survive	  on	  large	  datasets,	  highligh:ng	  their	  scalability.	  	  

•  The	  disparity	  in	  the	  memory	  between	  SR#	  and	  MSR	  is	  compara:vely	  small,	  
due	  to	  SR#	  that	  stores	  the	  itera:ve	  diagonal	  correc:on	  matrix	  Dk.	  	  

23 Exp	  3:	  Scalability	  



•  For	  different	  graphs,	  the	  quality	  of	  rela:ve	  order	  is	  irrelevant	  to	  top	  K	  size.	  	  
•  LSR	  does	  not	  maintain	  the	  rela:ve	  rank	  of	  JSR,	  even	  for	  top	  50.	  	  

•  Many	  points	  below	  the	  diagonal	  imply	  that	  low-‐ranked	  node-‐pairs	  by	  JSR	  
have	  greater	  likelihood	  to	  get	  promoted	  to	  a	  high	  rank	  of	  LSR.	  	  

24 Exp	  4:	  Rela.ve	  Ordering	  



•  Our	  “varied-‐D”	  itera:ve	  model	  can	  guarantee	  the	  error	  to	  be	  small	  and	  
convergent	  w.r.t	  k.	  

•  The	  SR#	  curve	  is	  always	  below	  the	  Est.	  Bound	  curve,	  showing	  the	  
correctness	  of	  our	  error	  es:ma:on.	  

25 Exp	  5:	  Effect	  of	  Diag	  Error	  



• We	  have	  focused	  on	  high	  quality	  of	  SimRank	  
search:	  
• Devise	  a	  “varied-‐D”	  method	  to	  remove	  diagonal	  
error	  of	  Kusumoto	  et	  al.’s	  SimRank	  model	  

• Design	  a	  “kernel-‐based”	  model	  to	  resolve	  
connec:vity	  trait	  problem	  of	  SimRank	  

•  Seman:cally	  show	  the	  difference	  between	  	  
Li	  et	  al.’s	  and	  Jeh	  et	  al.’s	  SimRank	  models	  

26 In	  Conclusion	  
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Thank you! 
 

Q/A	



•  PageRank	  

•  Personalized	  PageRank	  

•  Random	  Walk	  with	  Restart	  	  

•  SimRank	  

28 Exis.ng	  Link-‐based	  Measure 

(1 )TC C= ⋅ ⋅ + − ⋅p W p 1

(1 )TC C= ⋅ ⋅ + − ⋅p W p q

(1 )T
iC C= ⋅ ⋅ + − ⋅p W p e

vector of all 1s	

personalized vector	

unit vector	

identity matrix	

diagonal matrix	TC= ⋅ ⋅ ⋅ +S Q S Q D




