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Link	
  Discovery	
  On	
  Networks


•  Goal:	
  predicIng	
  the	
  existence	
  and	
  type	
  of	
  links	
  between
	
  two	
  enIIes	
  

•  Supervised	
  systems	
  can	
  be	
  built	
  with	
  labeled	
  data	
  

•  SomeImes,	
  links	
  to	
  be	
  discovered	
  are	
  unlabeled	
  in	
  training	
  
–  Eg.	
  predict	
  whether	
  a	
  user	
  will	
  “like”	
  a	
  post	
  in	
  Foursquare	
  	
  

•  The	
  “like”	
  relaIonship	
  has	
  not	
  been	
  labeled	
  due	
  to	
  privacy	
  concern	
  

•  Most	
  literatures	
  do	
  not	
  handle	
  such	
  problem	
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Problem	
  and	
  MoIvaIon	
  

•  Individual	
  opinion	
  (ex.	
  customer’s	
  preference)	
  is	
  valuable	
  
–  but	
  someImes	
  concealed	
  due	
  to	
  privacy	
  (ex.	
  Foursquare	
  “like”)	
  
–  Fortunately,	
  aggregaIve	
  staIsIcs	
  (total	
  count)	
  is	
  usually	
  available	
  

•  Goal:	
  Predict	
  unlabeled	
  relaIonship	
  (or	
  unseen	
  link)	
  using	
  
–  Heterogeneous	
  social	
  network	
  info	
  
–  AXributes	
  of	
  nodes	
  
–  AggregaIve	
  staIsIcs	
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Challenges	
  

•  Diverse	
  informaIon	
  exists	
  
•  Lack	
  of	
  labeled	
  data	
  
– With	
  labeled	
  data	
  we	
  can	
  directly	
  perform supervised	
  learning	
  
(ex.	
  predicIng	
  “own”),	
  but	
  without?	
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We	
  omit	
  aXributes	
  of	
  nodes	
  
(ex.	
  number	
  of	
  friends	
  of	
  u1)	
  for
	
  brevity
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Search	
  Space	
  

•  IntuiIvely,	
  we	
  can	
  enumerate	
  all	
  possible	
  candidate	
  pairs	
  
–  E.g.	
  Assume	
  2	
  users,	
  3	
  items,	
  then	
  there	
  are	
  totally	
  2	
  *	
  3	
  =	
  6	
  
possible	
  links	
  (user-­‐item	
  pairs)	
  

–  The	
  size	
  of	
  search	
  space	
  is	
  26	
  =	
  64	
  combinaIons	
  
–  Our	
  goal	
  is	
  to	
  esImate	
  probabiliIes	
  of	
  these	
  6	
  links	
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IntuiIon	
  1:	
  Simple	
  HeurisIcs	
  

•  There	
  are	
  some	
  knowledge	
  about	
  the	
  ‘link’	
  relaIonship	
  
we	
  can	
  exploit	
  

•  Model	
  the	
  characterisIcs	
  of	
  the	
  candidate	
  pairs	
  
–  Ex.	
  S1:	
  people	
  tend	
  to	
  like	
  their	
  own	
  items,	
  or	
  vice	
  versa	
  
–  That	
  is,	
  u2	
  tends	
  to	
  like	
  r3	
  more	
  than	
  like	
  r1	
  

6	
  14/3/12	
   Shou-­‐De	
  Lin	
  

u2


own
like	
  ?

User


Item


Category


r1
 r3
 u1r1

u1r3


u2r1
 u2r3


u2r2


u1r2


0
 1




IntuiIon	
  2:	
  Simple	
  HeurisIcs	
  (cont.)	
  

•  Other	
  simple	
  heurisIcs	
  may	
  be	
  applied	
  
–  Ex.	
  S2:	
  people	
  with	
  more	
  friends	
  have	
  higher	
  tendency	
  to	
  like	
  
items	
  

–  Suppose	
  u1	
  has	
  100	
  friends,	
  and	
  u2	
  has	
  50	
  
–  That	
  is,	
  u1	
  may	
  tends	
  to	
  like	
  r2	
  more	
  than	
  u2	
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IntuiIon	
  3:	
  Complex	
  HeurisIcs	
  

•  Model	
  the	
  relaIons	
  of	
  the	
  candidate	
  pairs	
  
–  Ex.	
  C1:	
  people	
  tend	
  to	
  like	
  social	
  neighbors’	
  items	
  in	
  similar	
  
extend	
  

–  That	
  is,	
  if	
  u2	
  like	
  friend’s	
  item	
  r1,	
  he/she	
  may	
  also	
  like	
  r2	
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IntuiIon	
  3:	
  Complex	
  HeurisIcs	
  (cont.)	
  

•  Similarly,	
  we	
  may	
  have	
  many	
  complex	
  hidden	
  heurisIcs	
  	
  
–  Ex.	
  C2:	
  people	
  tend	
  to	
  like	
  items	
  in	
  same	
  category	
  of	
  their	
  owned	
  
items	
  

–  That	
  is,	
  if	
  u1	
  like	
  an	
  item	
  r1,	
  he/she	
  may	
  also	
  like	
  r3	
  (in	
  same	
  c1)	
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IntuiIon	
  4:	
  Constraint	
  Exists	
  

•  We	
  know	
  the	
  total	
  amount	
  of	
  ‘like’	
  for	
  each	
  item	
  
– We	
  want	
  the	
  aggregaIve	
  staIsIcs	
  of	
  our	
  predicIons	
  to	
  
match	
  the	
  known	
  staIsIcs	
  

–  Ex.	
  N1:	
  assume	
  predicted	
  prob.	
  P(u1r2)	
  =	
  0.7,	
  P(u2r2)	
  =	
  0.4	
  
– We	
  should	
  predict	
  P(u1r2)	
  +	
  P(u2r2)	
  as	
  close	
  to	
  1	
  as	
  possible	
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IntuiIon	
  5:	
  Combining	
  HeurisIcs	
  

•  Now	
  we	
  have	
  many	
  hypotheses,	
  for	
  instance	
  
–  CharacterisIcs	
  of	
  candidate	
  pairs:	
  S1,	
  S2	
  
–  RelaIons	
  of	
  candidate	
  pairs:	
  C1,	
  C2	
  
–  Constraint	
  of	
  candidate	
  pairs	
  :	
  N1	
  

•  How	
  do	
  we	
  know	
  the	
  importance	
  (i.e.	
  weights)	
  of	
  them?	
  
•  We	
  modify	
  a	
  graphical	
  model	
  to	
  learn	
  weights	
  and	
  infer	
  results	
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IntuiIon	
  6:	
  Tuning	
  Weights	
  

•  In	
  the	
  graphical	
  model,	
  we	
  have	
  a	
  weight	
  for	
  each	
  heurisIc,	
  
represented	
  using	
  potenIal	
  funcIons	
  
–  Ex.	
  wS1,	
  wS2,	
  wC1,	
  wC2,	
  wN1	
  
–  The	
  5	
  weights	
  are	
  correlated	
  to	
  pairs	
  or	
  relaIons	
  between	
  pairs	
  

•  How	
  can	
  we	
  tune	
  the	
  weights	
  without	
  labeled	
  data	
  ?	
  
–  We	
  can	
  exploit	
  aggregaIve	
  staIsIcs	
  as	
  guidance	
  
–  For	
  r1,	
  the	
  two	
  predicIons	
  (from	
  u1	
  and	
  u2)	
  should	
  be	
  higher	
  
–  For	
  r2,	
  the	
  two	
  predicIons	
  should	
  be	
  →	
  0	
  
–  For	
  r3,	
  one	
  predicIon	
  should	
  be	
  →	
  1,	
  and	
  another	
  should	
  be	
  →	
  0	
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IntuiIon	
  7:	
  Final	
  PredicIon	
  

•  Aker	
  the	
  weights	
  are	
  learned,	
  we	
  can	
  predict	
  final	
  results	
  
– We	
  can	
  adjust	
  probabiliIes	
  directly	
  to	
  match	
  aggregaIve	
  staIsIcs	
  
–  For	
  r1	
  and	
  r3,	
  we	
  can	
  adjust	
  probabiliIes	
  directly	
  (special	
  cases)	
  
–  For	
  r2,	
  we	
  adjust	
  probabiliIes	
  to	
  P(u1r2)=	
  0.75	
  and	
  P(u2r2)	
  =	
  0.25	
  

•  In	
  real-­‐world	
  applicaIon,	
  we	
  need	
  computaIonal	
  methods	
  
–  To	
  deal	
  with	
  large-­‐scale	
  datasets	
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Challenges


•  How	
  can	
  we	
  learn	
  from	
  not	
  only	
  the	
  unlabeled	
  data
	
  we	
  have,	
  but	
  also	
  incorporate	
  the	
  abovemenIoned
	
  knowledge	
  into	
  the	
  framework?	
  
–  Furthermore,	
  we	
  want	
  to	
  avoid	
  the	
  consequence	
  of	
  the
	
  incorrect	
  hypotheses	
  

•  How	
  can	
  learning	
  be	
  conducted	
  without	
  labeled
	
  data?
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Factor	
  Graph	
  Model	
  (FGM)	
  is	
  Exploited	
  

•  IntroducIon	
  to	
  FGM	
  
–  Deal	
  with	
  complex	
  global	
  funcIons	
  with	
  many	
  variables	
  
–  Split	
  the	
  joint	
  distribuIon	
  as	
  a	
  product	
  of	
  simpler	
  local	
  funcIons	
  
–  Represent	
  such	
  factorizaIon	
  as	
  a	
  biparIte	
  graph	
  
–  Example	
  

•  Let	
  x,	
  y,	
  and	
  z	
  be	
  random	
  variables	
  with	
  different	
  distribuIons	
  
•  Maximize	
  joint	
  distribuIon	
  P(x,	
  y,	
  z)	
  
•  Suppose	
  P(x,	
  y,	
  z)	
  =	
  f(x,	
  y)	
  g(x,	
  z)	
  h(z)	
  
•  Infer	
  x,	
  y,	
  z	
  to	
  maximize	
  P(x,	
  y,	
  z)	
  

•  Reasons	
  to	
  exploit	
  FGM	
  
–  Integrate	
  aXributes	
  and	
  predicIons	
  as	
  random	
  variables	
  
– Model	
  knowledge	
  or	
  hypothesis	
  as	
  potenIal	
  funcIons	
  (and	
  the	
  
weights	
  can	
  be	
  learned)	
  

–  Predict	
  links	
  using	
  aggregaIve	
  staIsIcs	
  via	
  learning	
  and	
  inference	
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FGM	
  with	
  AggregaIve	
  StaIsIcs	
  (FGM-­‐AS)	
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•  Random	
  variables:	
  candidate,	
  aXribute,	
  count	
  
•  PotenFal	
  funcFons:	
  f(.),	
  g(.),	
  h(.)	
  
•  Learning:	
  adjust	
  parameters	
  in	
  f(.),	
  g(.),	
  h(.)	
  
•  Inference:	
  select	
  y	
  =	
  ui	
  rj	
  to	
  max	
  Π f(.)	
  g(.)	
  h(.)	
  
•  Output:	
  posiIve	
  marginal	
  prob.	
  of	
  y
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Candidate	
  Variables	
  

•  Possible	
  links	
  to	
  predicted	
  as	
  random	
  variables	
  
–  Let	
  y	
  =	
  <user,	
  item>	
  pairs	
  be	
  candidate	
  variables	
  
–  Binary	
  variable	
  y	
  =	
  1	
  if	
  there	
  is	
  a	
  link,	
  otherwise	
  0	
  
–  Thus,	
  we	
  want	
  to	
  infer	
  the	
  posiIve	
  marginal	
  prob.	
  of	
  y’s	
  with	
  FGM	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  1:	
  simple	
  heurisIcs	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  1:	
  simple	
  heurisIcs	
  
–  User	
  Friendship	
  (UF)	
  =	
  #	
  of	
  friends	
  of	
  u1=	
  100	
  (integer)	
  

•  “People	
  with	
  more	
  friends	
  tend	
  to	
  like	
  every	
  items”	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  2:	
  simple	
  heurisIcs	
  
–  User	
  Friendship	
  (UF)	
  
–  Item	
  Ownership	
  (IO)	
  =	
  whether	
  u1	
  owns	
  r1	
  =	
  1(binary)	
  

•  “People	
  tend	
  to	
  like	
  their	
  own	
  items”	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  2:	
  simple	
  heurisIcs	
  
–  User	
  Friendship	
  (UF)	
  
–  Item	
  Ownership	
  (IO)	
  
–  Category	
  Popularity	
  (CP)	
  =	
  #	
  of	
  items	
  in	
  c1	
  =	
  500	
  (	
  integer)	
  

•  “People	
  tend	
  to	
  like	
  items	
  in	
  popular	
  categories”	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  2:	
  simple	
  heurisIcs	
  
–  User	
  Friendship	
  (UF)	
  
–  Item	
  Ownership	
  (IO)	
  
–  Category	
  Popularity	
  (CP)	
  
–  f(.)	
  is	
  linear	
  exponenIal	
  combinaIon	
  of	
  UF,	
  IO	
  and	
  CP	
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AXribute	
  and	
  f(.)	
  

•  IntuiIon	
  2:	
  simple	
  heurisIcs	
  
–  All	
  f(.)	
  can	
  be	
  constructed	
  in	
  the	
  similar	
  way	
  
–  Each	
  candidate	
  pair	
  has	
  a	
  corresponding	
  f(.)	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  Owner-­‐IdenIficaIon	
  (OI)	
  =	
  u1	
  likes	
  their	
  owned	
  post	
  (r1	
  ,	
  r2	
  )	
  =	
  1	
  

•  “People	
  tend	
  to	
  like	
  their	
  owned	
  items	
  in	
  similar	
  extend”	
  (binary)	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  Owner-­‐IdenIficaIon	
  (OI)	
  
–  Friend-­‐IdenIficaIon	
  (FI)	
  =	
  u2	
  likes	
  both	
  u1’s	
  post	
  (r1	
  ,	
  r2	
  )	
  =	
  1	
  

•  “People	
  tend	
  to	
  like	
  friends’	
  items	
  in	
  similar	
  extend”	
  (binary)	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  Friend-­‐IdenIficaIon	
  (FI)	
  

•  “People	
  tend	
  to	
  have	
  similar	
  tastes	
  as	
  their	
  friends”	
  (binary)	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  Owner-­‐IdenIficaIon	
  (OI)	
  
–  Friend-­‐IdenIficaIon	
  (FI)	
  
–  Owner-­‐Friend	
  (OF)	
  
–  Co-­‐category	
  (CC)	
  =	
  u1	
  like	
  r3	
  as	
  u1	
  like	
  r1	
  =	
  1	
  

•  “People	
  tend	
  to	
  like	
  items	
  in	
  the	
  same	
  category	
  of	
  their	
  own	
  items”	
  (binary)	
  

28	
  14/3/12	
   Shou-­‐De	
  Lin	
  

own


belong-­‐to


User


Item


Category


like	
  ?


u1


r1


c1


r3


u1r1


u2r1


u1r3


u2r3


u1r2


u2r2


candidate




g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  Owner-­‐IdenIficaIon	
  (OI)	
  
–  Friend-­‐IdenIficaIon	
  (FI)	
  
–  Owner-­‐Friend	
  (OF)	
  
–  Co-­‐category	
  (CC)	
  
–  g(.)	
  is	
  linear	
  exponenIal	
  combinaIon	
  of	
  OI,	
  FI,	
  OF	
  and	
  CC	
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g(.)	
  

•  IntuiIon	
  3:	
  complex	
  heurisIcs	
  
–  All	
  g(.)	
  can	
  be	
  constructed	
  in	
  the	
  similar	
  way	
  
–  If	
  g(.)	
  =	
  0,	
  we	
  simple	
  ignore	
  the	
  link	
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Count	
  and	
  h(.)	
  

•  IntuiIon	
  4:	
  constraint	
  heurisIcs	
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Count	
  and	
  h(.)	
  

•  IntuiIon	
  4:	
  constraint	
  heurisIcs	
  
–  Candidate-­‐Count	
  (CT)	
  =	
  the	
  closeness	
  of	
  the	
  following	
  two	
  terms	
  

•  ΣP	
  =	
  sum	
  of	
  predicted	
  probabiliIes	
  of	
  “like”	
  to	
  an	
  item	
  
•  t(y)	
  =	
  observed	
  total	
  “like”	
  count	
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Count	
  and	
  h(.)	
  

•  IntuiIon	
  4:	
  constraint	
  heurisIcs	
  
–  Candidate-­‐Count	
  (CT)	
  
–  h(.)	
  is	
  linear	
  exponenIal	
  combinaIon	
  of	
  CT	
  
–  Split	
  h(.)	
  to	
  reduce	
  complexity	
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Count	
  and	
  h(.)	
  

•  IntuiIon	
  4:	
  constraint	
  heurisIcs	
  
–  All	
  h(.)	
  can	
  be	
  constructed	
  in	
  the	
  similar	
  way	
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Count	
  and	
  h(.)	
  

•  IntuiIon	
  5:	
  combining	
  heurisIcs	
  
–  Joint	
  distribuIon	
  P(.)	
  =	
  Π f(.)	
  g(.)	
  h(.)	
  
– WeighIng	
  parameters	
  θ =	
  (α,	
  β,	
  γ)	
  
–  Let	
  S	
  =	
  Σ	
  y	
  f’(y)	
  g’(y)	
  h’(y)	
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Ranked-­‐Margin	
  Learning	
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•  How	
  can	
  we	
  learn	
  without	
  labels?	
  
– We	
  want	
  to	
  adjust	
  weighIng	
  parameters	
  θ so	
  that	
  

•  ‘suspicious’	
  users	
  have	
  high	
  probabiliIes	
  to	
  “like”	
  
•  The	
  rest	
  users	
  have	
  low	
  probabiliIes	
  to	
  “like”	
  

–  Thus,	
  we	
  want	
  to	
  maximize	
  
•  Diffmargin	
  =	
  Averaged	
  Pθ,upper	
  –	
  Averaged	
  Pθ,lower	
  

•  Learning	
  can	
  be	
  done	
  similar	
  to	
  SGD	
  
–  Repeat	
  

•  Run	
  inference	
  algorithm	
  
•  For	
  each	
  item	
  

–  Compute	
  gradient	
  
–  Update	
  parameter	
  

•  End	
  
–  UnIl	
  convergence
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Two-­‐Stage	
  Inference	
  

•  IntuiIon	
  7:	
  final	
  predicIon	
  
–  Aker	
  learning	
  parameters,	
  we	
  do	
  inference	
  for	
  final	
  predicIon	
  
–  link	
  probability	
  =	
  marginal	
  probability	
  of	
  y	
  

•  To	
  compute	
  CT	
  in	
  h(.),	
  the	
  term	
  ΣP	
  is	
  required	
  
–  Note	
  that	
  ΣP	
  is	
  not	
  a	
  random	
  variable	
  
– We	
  split	
  h(.),	
  thus	
  ΣP	
  need	
  to	
  be	
  individually	
  computed	
  
–  Thus,	
  convenIonal	
  inference	
  cannot	
  be	
  applied	
  directly	
  

•  Therefore,	
  we	
  design	
  an	
  two-­‐stage	
  inference	
  algorithm	
  
–  Stage	
  1:	
  infer	
  using	
  f(.),	
  g(.)	
  only	
  (set	
  all	
  h(.)	
  =	
  1)	
  to	
  get	
  ΣP	
  
–  Stage	
  2:	
  compute	
  h(.)	
  using	
  ΣP,	
  then	
  infer	
  using	
  f(.),	
  g(.),	
  h(.)	
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Scenario	
  and	
  Dataset	
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•  We	
  study	
  4	
  scenarios	
  using	
  real-­‐world	
  datasets	
  
–  Preference	
  predicIon	
  (Foursquare)	
  
–  Repost	
  predicIon	
  (TwiXer)	
  
–  Response	
  predicIon	
  (Plurk)	
  
–  CitaIon	
  predicIon	
  (DBLP)




StaIsIcs	
  of	
  Dataset	
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•  We	
  hide	
  unseen	
  links	
  as	
  ground	
  truth	
  for	
  evaluaIon	
  
–  Foursquare:	
  sIll	
  very	
  few	
  preferences	
  are	
  revealed	
  

•  Unseen-­‐type	
  links	
  are	
  sparse	
  comparing	
  to	
  all	
  candidates	
  
–  Foursquare:	
  |unseen|	
  /	
  (|user|	
  *	
  |item|)	
  =	
  1.22	
  *	
  10-­‐6	
  



Baseline	
  and	
  Sewng	
  

40	
  14/3/12	
   Shou-­‐De	
  Lin	
  

•  We	
  compare	
  our	
  method	
  with	
  9	
  unsupervised	
  models	
  
–  Single	
  f(.)	
  funcIons:	
  UF,	
  IO,	
  and	
  CP	
  
–  Betweenness	
  Centrality	
  (BC)	
  
–  Jaccard	
  Coefficient	
  (JC)	
  
–  PreferenIal	
  AXachment	
  (PA)	
  
–  AXracIveness	
  (AT)*	
  
–  PageRank	
  with	
  Priors	
  (PRP)	
  
–  AT-­‐PRP	
  

•  Base	
  inference	
  method:	
  Loopy	
  Believe	
  PropagaIon	
  (LBP)	
  
•  EvaluaIon	
  metrics	
  
–  Area	
  Under	
  ROC	
  Curve	
  (AUC)	
  
–  Normalized	
  Discounted	
  CumulaIve	
  Gain	
  (NDCG)	
  

*	
  H.-­‐H.	
  Wu	
  and	
  M.-­‐Y.	
  Yeh,	
  InfluenFal	
  Nodes	
  	
  
	
  	
  	
  	
  in	
  One-­‐Wave	
  Diffusion	
  Model	
  for	
  LocaFon-­‐	
  
	
  	
  	
  	
  Based	
  Social	
  Networks,	
  PAKDD-­‐2013




Result	
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  Learning	
  +	
  inference	
  >	
  inference	
  >	
  baselines




Conclusion	
  

•  Dealing	
  with	
  data	
  without	
  labels	
  is	
  criIcal	
  in	
  Big	
  Data	
  era	
  	
  
–  high	
  velocity	
  implies	
  sparse	
  labels	
  or	
  even	
  no	
  label,	
  and	
  human	
  
labeling	
  is	
  expensive.	
  

–  Labels	
  might	
  not	
  be	
  available	
  due	
  to	
  privacy	
  concern	
  

•  We	
  might	
  be	
  able	
  to	
  do	
  something	
  by	
  incorporaIng	
  new	
  
learning	
  models	
  into	
  exisIng	
  frameworks	
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