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Problem	  De4inition	  	  
Given	  a	  cloud	  of	  mul/-‐dimensional	  points,	  detect	  outliers	  (i.e.	  points	  that	  differ	  
significantly	  from	  the	  rest)	  in	  a	  scalable	  way	  taking	  care	  of	  the	  major	  problem	  of	  
duplicate	  points.	  

Motivation	  
many	  tradi/onal	  outlier	  detec/on	  methods	  are	  slow	  due	  to	  the	  big	  number	  of	  
duplicate	  points	  in	  datasets	  (overploBng	  is	  a	  main	  problem	  especially	  in	  graphs	  with	  
power-‐law	  degree	  distribu/on)	  
Reasons	  duplicates	  were	  not	  handled	  
(a)  they	  dealt	  with	  rela/vely	  small	  amount	  of	  data	  with	  few	  –if	  any-‐	  duplicates,	  and	  
(b) most	  were	  developed	  to	  work	  on	  Geographical	  Informa/on	  System	  (GIS)	  data	  

which	  do	  not	  have	  many	  duplicates.	  

Experimental	  Results	  

Baseline	  Approach	  &	  our	  Methods	  

CONCLUSIONS	  

1.	  No	  Degeneracy.	  We	  re-‐design	  the	  standard	  outlier	  detec/on	  algorithm	  to	  remove	  degeneracy	  
that	  comes	  from	  duplicate	  points	  in	  large,	  real	  world	  data.	  
2.	  Running	  Time.	  Near-‐linear	  running	  /me	  compared	  to	  the	  near-‐quadra/c	  running	  /me	  of	  LOF.	  
3.	  Discovery.	  We	  find	  interes/ng	  outliers	  including	  TwiPer	  accounts	  for	  adver/sement	  spams,	  and	  
nodes	  with	  high	  PageRanks	  despite	  small	  degrees.	  
Future	  research	  direcBons:	  Combining	  different	  grid-‐size	  results	  and	  on-‐line	  outlier	  detec/on	  
algorithms	  to	  handle	  duplicate	  points	  for	  streaming	  data.	  

Datasets	  

•  real-‐world	  networks	  

Baseline	  method:	  
LOF:	  based	  on	  the	  kNN	  method	  
Main	  idea:	  a	  point	  is	  outlier	  if	  its	  local	  density	  is	  different	  from	  the	  density	  of	  its	  
neighbors.	  	  
Problems	  with	  many	  duplicate	  points:	  
1. Run/me	  is	  O(max(ci2)),	  where	  ci	  is	  count	  of	  duplicates	  for	  unique	  element	  ui	  
2. It	  is	  not	  well	  defined	  due	  to	  division	  by	  0.	  

FADD	  
-‐ Main	  Idea	  1:	  iden/cal	  coordinates	  in	  n-‐dimensional	  space	  are	  treated	  as	  a	  super	  
node	  with	  their	  duplicate	  count	  informa/on,	  ci	  
-‐ Main	  Idea	  2:	  the	  distance	  between	  duplicate	  points	  is	  set	  to	  some	  small	  value	  ε	  
(division	  by	  ε	  instead	  of	  0).	  

G-‐FADD	  
To	  avoid	  bias	  toward	  highcreate	  n-‐dimensional	  boxes	  with	  each	  dimension	  	  
-‐density	  regions,	  we	  introduce	  a	  grid-‐based	  method:	  
1. equal	  to	  l 
2.	  count	  the	  number	  of	  points	  in	  each	  box	  

	  2a.	  if	  #points	  >	  k+1,	  con/nue	  with	  next	  box	  
	  2b.	  else,	  apply	  FADD	  in	  this	  box	  	  
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	   	  Running	  Times	  

	   	  G-FADD	  at	  Work	  

(a)  Comparison	  between	  LOF,	  FADD,	  and	  G-‐FADD.	  
(b)  Run/me	  of	  FADD	  with	  different	  ra/o	  of	  duplicate	  points.	  
(c)  Run/me	  of	  G-‐FADD	  with	  different	  ra/o	  of	  duplicate	  points.	  

•  The	  blue,	  green,	  and	  red	  triangles	  denote	  the	  points	  with	  the	  1st,	  2nd,	  and	  3rd	  largest	  outlier	  scores.	  
•  (l)	  Rela/vely	  small	  number	  of	  triangles	  compared	  to	  their	  neighbors	  	  

•  Adver/sement	  spammer	  (blue):	  3	  tweets	  of	  free	  gil	  card	  of	  Best	  Buy	  and	  Walmart,	  	  
7594	  followers,	  0	  followee.	  

•  Comic	  Character	  (red)	  :	  11207	  followers,	  6	  followees.	  
•  (h)	  The	  top	  3	  outliers	  are	  unpopular	  accounts	  with	  very	  small	  degrees	  (7,	  2,	  and	  7,	  respec/vely),	  but	  

their	  neighbors	  have	  rela/vely	  high	  degrees:	  the	  average	  degrees	  of	  neighbors	  are	  1646,	  89,	  and	  
343014,	  respec/vely.	  Due	  to	  the	  high-‐degree	  neighbors,	  they	  have	  higher	  PageRanks	  despite	  their	  
low	  degrees.	  

Spams!	  

Suspended	  

Comic	  character	  


