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Clustering	  

A	  reminder	  
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Mo?va?on	  

  Unsupervised	  	  data	  

  Goal	  

–  Organize	  a	  set	  of	  objects	  into	  contrasted	  groups	  contrastés	  

–  Compress	  informa?on	  by	  discovering	  structures	  in	  the	  data	  

Plants

Organisms

Clustering
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Issues	  

  Which	  op?miza?on	  criterion?	  

  How	  to	  chose:	  

–  The	  descrip?on	  space	  

–  Distances	  
–  The	  number	  of	  clusters	  

  Which	  op?miza?on	  algorithm	  ?	  

  Valida?on	  ?	  
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Ques?ons:	  what	  do	  we	  want	  to	  op?mize	  

  Group	  objects	  into	  

–  Objects	  which	  are	  similar	  within	  groups	  :	  intra-‐similarity	  

–  Objects	  which	  are	  dissimilar	  in	  different	  groups	  :	  inter-‐dissimilarity	  

An	  op?miza?on	  problem	  
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Op?miza?on	  criterion	  

  Formula?on	  :	  
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Op?miza?on	  criterion	  

  Another	  formula?on	  :	  
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Choice	  of	  the	  distances	  

  Examples	  

–  Intra-‐distance	  	  
	  	  	  	  	  	  	  	  	  <<	  Inter-‐distance	  

–  Intra-‐connec?vity	  	  
	  	  	  	  	  	  	  	  	  <<	  Inter-‐connec?vity	  
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Number	  of	  clusters	  

  How	  to	  choose	  the	  number?	  Number of ClustersNumber of Clusters
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Descrip?on	  space	  

  Normalizing	  dimensions	  ?	  

  High	  dimensionality:	  which	  consequences?	  
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Algorithms	  

  How	  to	  find	  a	  clustering	  op?mizing	  the	  criterion	  

Explora?on	  of	  the	  space	  of	  configura?ons	  	  	  	  	  .	  
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Number	  of	  possible	  clustering	  

  Number	  of	  par??ons	  of	  	  N	  objects	  in	  K	  groups	  	  

•  Number	  of	  par??ons	  of	  100	  objects	  in	  3	  groups	  =	  	  1047	  

•  Number	  of	  par??ons	  of	  100	  objects	  in	  5	  groups	  =	  	  1068	  

  Total	  number	  of	  possible	  par??ons	  of	  N	  objects	  	  

Number	  of	  par??ons	  of25	  objects	  =	  	  4,6	  .	  1019	  
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Algorithms	  

  Necessity	  of	  heuris6cal	  approaches	  

  Families	  of	  algorithms	  

–  	  Par??oning	  Methods	   	  (K-‐means,	  …)	  

–  	  Hierarchical	  Methods 	  (AHC,	  …)	  

–  	  Density-‐based	  Methods 	  (Dbscan,	  SOM,	  …)	  

–  	  Spectral	  Methods	   	  (Graph	  Laplacian)	  
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The	  K-‐means	  algorithm	  

  Goal	  criterion:	  	  
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The	  K-‐means	  algorithm	  

1.  Ini?aliza?on:	  Choose	  

K	  objects	  randomly	  
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The	  K-‐means	  algorithm	  

1.   Ini6aliza6on:	  choose	  K	  

objects	  randomly	  

2.  Affect	  each	  object	  to	  

the	  nearest	  centroïd	  
(according	  to	  the	  

chosen	  distance)	  
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The	  K-‐means	  algorithm	  

Itera?on	  =	  1	  

1.   Ini6aliza6on:	  choose	  K	  

objects	  randomly	  

2.  Affect	  each	  object	  to	  

the	  nearest	  centroïd	  
(according	  to	  the	  

chosen	  distance)	  

3.  Move	  the	  centroïds	  to	  

the	  barycenter	  of	  the	  
objects	  that	  have	  been	  

affected	  to	  it	  
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The	  K-‐means	  algorithm	  

Itera?on	  =	  3	  

1.   Ini6aliza6on:	  choose	  K	  

objects	  randomly	  

2.   Affect	  each	  object	  to	  the	  
nearest	  centroïd	  (according	  

to	  the	  chosen	  distance)	  

3.   Move	  the	  centroïds	  to	  the	  

barycenter	  of	  the	  objects	  

that	  have	  been	  affected	  to	  it	  

4.   Repeat	  un?l	  the	  changes	  fall	  

below	  a	  given	  threshold	  
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The	  K-‐means	  algorithm	  

  Proper?es	  :	  

–  Converges	  (towards	  a	  local	  minimum)	  

–  Simple	  and	  efficient	  in	  (O(K	  N	  I))	  (I	  itéra?ons)	  and	  in	  space 	  	  

•  Olen	  	  <=	  10	  itéra?ons	  
•  Applicable	  to	  large	  N	  

–  BUT:	  
•  Sensi?ve	  to	  the	  ini?aliza?on	  
•  K	  must	  be	  specified	  

•  Sensi?ve	  to	  outliers	  	  
•  Not	  appropriate	  for	  discovering	  non	  convex	  clusters	  
•  Not	  directly	  applicable	  to	  categorial	  data	  
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The	  ques?on	  to	  the	  valida?on	  

  There	  is	  no	  intrinsically	  perfectclustering	  

  Every	  criterion	  is	  arbitrary	  
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The	  ques?on	  to	  the	  valida?on	  

  Impossible	  to	  «	  test	  »	  the	  hypothe?cal	  structure	  over	  a	  test	  

sample	  (unlike	  in	  supervised	  learning)	  	  	  	  

  Unfortunately:	  

–  Large	  impact	  of	  numerous	  choices	  and	  parameters	  
•  Distance	  
•  Number	  of	  clusters	  

•  Descrip;on	  space	  
•  Algorithm	  

•  Ini;aliza;on	  

How	  to	  proceed	  ?	  

[Handl et al., 2005] 
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The	  ques?on	  to	  the	  valida?on:	  very	  directly	  

  Do	  the	  uncovered	  strutures	  	  

–  Correspond	  to	  «	  the	  reality	  »?	  

–  Or	  only	  reflect	  the	  chosen	  clustering	  method?	  
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Valida?on:	  approaches	  

  Extrinsic:	  informa;on	  external	  to	  the	  data	  

•  Expert	  opinions	  
•  True	  class	  of	  some	  data	  points	  

  	  F-‐measure	  

  	  Consistency	  measure	  (or	  purity	  measure)	  

•  	  Rand	  Index,	  	  Adjusted	  Rand	  Index	  (ARI),	  	  …	  

  Intrinsic:	  measure	  on	  the	  discovered	  clusters	  

–  Compacity	  

–  Connexity	  

–  Separa?on	  

Linear	  combina?on:	  	  	  	  	  	  	  	  	  	  	  	  Validity	  index	  SD	  	  

Non	  linear	  combina?on	  :	  
Davies-‐Bouldin	  index	  
Dunn-‐like	  index	  
SilhoueOe	  index	  
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Valida?on	  and	  stability	  criterion	  

  Assump?on: 	  	  

–  If	   	  stable	  results	  in	  spite	  of	  varia?ons	  on	  the	  choice	  

–  Then 	  true	  regulari?es	  

  Tempta?on	  to	  base	  clustering	  on	  the	  robustness	  XXX	  

–  Rela?ve	  index:	  comparison	  of	  clusterings	  

  One	  of	  the	  founda?ons	  of	  the	  mul?-‐clustering	  approaches	  
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Mul6-‐clustering	  
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New	  approaches	  

  Consensus	  Clustering,	  Clustering	  Aggrega?on	  

–  [Gionis	  et	  al.,	  2007]	  	  

  Mul?view	  Clustering,	  Non-‐redundant	  Clustering,	  Alterna6ve	  

Clustering	  

–  [Gondek	  et	  al.,	  2007	  ;	  Cui	  et	  al.	  2007	  ;	  Dang	  et	  al.	  2015]	  

  Collabora6ve	  clustering	  	  

–  [Bennani	  et	  al.,	  in	  prepara?on]	  
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Consensus	  clustering	  

  Mo?va?on	  

–  Difficult	  to	  know	  which	  clustering	  method	  to	  use	  (they	  are	  all	  biased)	  

  Principle	  

–  Rely	  on	  various	  clustering	  methods	  

–  In	  the	  hope	  of	  escaping	  bad	  biases	  

–  But	  what	  could	  be	  a	  sound	  jus;fica;on?	  

  Orthogonality	  measure	  

  	  How	  to	  choose	  appropriate	  methods?	  

–  	  Complementary	  methods	  
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(dis)-‐Agreement	  measure	  
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(dis)-‐Agreement	  measure	  

  A	  disagreement	  =	  	  a	  pair	  of	  objects	  	  

–  That	  are	  assigned	  to	  the	  same	  cluster	  by	  the	  clustering	  C 

–  And	  not	  by	  the	  other	  clustering	  C’	  

	  	  	  	  	  	  	  	  	  d(C,	  C’)	  =	  nb	  of	  disagreements	  between	  C	  and	  C’	  

[A.	  Gionis,	  H.	  Mannila	  &	  P.	  Tsaparas	  (2007):	  Clustering	  Aggrega?on.	  	  

	  	  ACM	  Transac;ons	  on	  Knowledge	  Discovery	  from	  Data	  (TKDD),	  Vol.	  1,	  N°	  1,	  2007.]	  
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(dis)-‐Agreement	  measure	  

C1 C2 C3 

x1 1 a α	


x2 1 b β	


x3 2 a α	


x4 2 b β	


x5 3 c χ	


x6 3 d χ	


pairs C1C2 C1C3 C2C3 

1,2 
1,3 
1,4 
1,5 
1,6 
2,3 
2,4 
2,5 
2,6 
3,4 
3,5 
3,6 
4,5 
4,6 
5,6 
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(dis)-‐Agreement	  measure	  

C1 C2 C3 

x1 1 a α	


x2 1 b β	


x3 2 a α	


x4 2 b β	


x5 3 c χ	


x6 3 d χ	


pairs C1C2 C1C3 C2C3 

1,2 1 1 - 
1,3 1 1 - 
1,4 - - - 
1,5 - - - 
1,6 - - - 
2,3 - - - 
2,4 - - - 
2,5 - - - 
2,6 - - - 
3,4 1 1 - 
3,5 - - - 
3,6 - - - 
4,5 - - - 
4,6 - - - 
5,6 1 - 1 
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(dis)-‐Agreement	  measure	  

C1 C2 C3 Consensus 

x1 1 a α	
 i 

x2 1 b β	
 j 

x3 2 a α	
 i 

x4 2 b β	
 j 

x5 3 c χ	
 k 

x6 3 d χ	
 k 

pairs C1C2 C1C3 C2C3 

1,2 1 1 - 
1,3 1 1 - 
1,4 - - - 
1,5 - - - 
1,6 - - - 
2,3 - - - 
2,4 - - - 
2,5 - - - 
2,6 - - - 
3,4 1 1 - 
3,5 - - - 
3,6 - - - 
4,5 - - - 
4,6 - - - 
5,6 1 - 1 

Consensus	  clustering	  minimizes	  the	  

total	  number	  of	  disagreements	  

with	  the	  base	  clusterings	  
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Alterna?ve	  clustering	  

  Mo?va?on	  

–  Specially	  in	  high	  dimension	  

–  Data	  can	  be	  grouped	  into	  different	  yet	  meaningful	  ways	  

  Principle	  

–  Favor	  different	  clusterings	  of	  the	  data	  set	  

  	  	  	  	  Orthogonality	  measure	  between	  clusterings	  
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Measuring	  uncorrela?on	  between	  clusterings	  

  Dot-‐product	  between	  pairwise	  centroïds	  of	  the	  clusterings	  [Jain	  et	  al.	  2008]	  	  

  Characterize	  the	  exis?ng	  clustering	  by	  the	  space	  spanned	  by	  the	  exis?ng	  
centroïds	  

  Search	  a	  clustering	  in	  the	  orthogonal	  space	  [Cui	  et	  al.	  2007]	  	  

  Mutual	  informa?on	  between	  the	  clusterings	  [Dang	  &	  Bailey,	  2010]	  	  

–  Find	  a	  new	  clustering	  that	  maximizes	  the	  likelihood	  of	  the	  data	  while	  its	  

mutual	  informa6on	  with	  exis6ng	  clusterings	  is	  minimized	  [Dang	  &	  

Bailey,	  2015]	  	  

  …	  
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Collabora6ve	  Clustering	  
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Mo?va?ons	  

  Distributed	  computa?on,	  local	  informa6ons:	  mul6-‐sources	  

–  «	  Ver6cal	  »	  clustering	  
•  Examples	  =	  ;	  features	  ≠	  

–  No	  center	  has	  all	  informa;on	  about	  the	  clients	  

–  «	  Horizontal	  »	  clustering	  
•  Examples	  ≠	  ;	  features	  =	  

–  Branches	  of	  a	  bank:	  not	  the	  same	  clients	  

–  «	  Mixte	  =	  	  ver6cal	  +	  horizontal	  »	  clustering	  

•  Examples	  ≠	  ;	  features	  ≠	  

–  Different	  pa;ents	  in	  various	  medical	  centers	  
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Mo?va?ons	  

  Mul6-‐exper6ses	  

–  Image	  analysis	  	  

•  At	  different	  scales	  

• With	  various	  sources	  of	  exper?se	  	  

–  Analysis	  	  at	  different	  wavelength	  
–  Analysis	  of	  the	  shadows	  
–  Knowledge	  about	  the	  territoires	  

–  Speech	  recogni?on	  

•  The	  Hearsay	  II	  system	  
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Pandemonium	  

  First	  Pandemonium	  (1958)	  

–  Oliver	  Selfridge	  «	  Pandemonium:	  A	  	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Paradigm	  for	  Learning	  »	  

–  A	  hierarchical	  architecture	  of	  «	  demons	  »	  to	  

solve	  problems	  +	  	  a	  sugges?on	  	  

for	  a	  learning	  mechanism	  

•  «	  Data	  demons	  	  :	  specialized	  in	  some	  types	  of	  
input	  data	  (horizontal	  line,	  circle	  subparts,	  …)	  

•  «	  Cogni6ve	  demons	  »:	  integrate	  informa?on	  
coming	  from	  sub-‐levels	  demons	  

•  «	  Decision	  demons	  »	  :	  make	  decisions	  about	  the	  

interpreta?on	  

•  Demons	  shout	  with	  a	  strength	  in	  propor?on	  to	  
their	  certainty	  in	  their	  claim	  

•  This	  «	  strength	  »	  is	  set	  through	  learning	  
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Hearsay	  II	  	  (1975)	  

  Speech	  recogni?on	  

–  The	  DARPA	  Speech	  Understanding	  Research	  (SUR)	  program	  
HEARSAY-II / 355

LEVELS KNOWLEDGE SOURCES

DATA BASE
INTERFACE

4
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8
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PREDICT STOPcr~~~~~Nt cr.—....N •
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WORD VERIFY
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• RPOL01.-"'N

SYLLABLE

()MOW
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SEGMENT SEG •

PARAMETER
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a

FIGURE 2. The levels and knowledge sources of September 1976. KSs are indicated by vertical
arcs with the circled ends indicating the input level and the pointed ends indicating output
level.

FIGURE 3. Functional description of the speech-understanding KSs.

Signal Acquisition, Parameter Extraction, Segmentation, and Labeling:
• SEG: Digitizes the signal, measures parameters, and produces a labeled segmentation.

Word Spotting:
• POM: Creates syllable-class hypotheses from segments.
• MOW: Creates word hypotheses from syllable classes.
• WORD-CTL: Controls the number of word hypotheses that MOW creates.

Phrase-Aland Generation:
• WORD-SEQ: Creates word-sequence hypotheses that represent potential phrases from word hypotheses and

weak grammatical knowledge.
• WORD-SEQ-CTL: Controls the number of hypotheses that WORD-SEQ creates.
• PARSE: Attempts to parse a word sequence and, if successful, creates a phrase hypothesis from it.

Phrase Extending:
• PREDICT: Predicts all possible words that might syntactically precede or follow a given phrase.
• VERIFY: Rates the consistency between segment hypotheses and a contiguous word-phrase pair.
• CONCAT: Creates a phrase hypothesis from a verified contiguous word-phrase pair.

Rating, Halting, and Interpretation:
• RPOL: Rates the credibility of each new or modified hypothesis, using information placed on the hypothesis

by other KSs.
• STOP: Decides to halt processing (detects a complete sentence with a sufficiently high rating, or notes the

system has exhausted its available resources) and selects the best phrase hypothesis or set of complementary

phrase hypotheses as the output.
• SEMANT: Generates an unambiguous interpretation for the information-retrieval system which the user has

queried.
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by other KSs.
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More	  recently:	  WATSON	  

  Search	  the	  best	  answer	  to	  open	  ques?ons	  

  Require	  a	  the	  explora?on	  of	  a	  huge	  serach	  

space	  

–  Documents	  	  

–  Internet	  

	  But	  those	  are	  supervised	  learning	  

systems	  
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Collabora?ve	  clustering	  
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Collabora?ve	  learning:	  issues	  

  Informa?on	  exchanges	  

–  What	  types	  of	  informa?on?	  

–  Which	  weight?	  

  How	  many	  informa?on	  exchanges:	  the	  control	  

–  Stopping	  criterion?	  

  With	  whom	  to	  exchange?	  

–  Which	  collabora?ons	  are	  the	  most	  favorable?	  
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Illustra?ons	  
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Algorithms	  

  Supposedly	  all	  K-‐means	  

–  Values	  for	  K	   	   	  possibly	  different	  

–  Choice	  of	  distances	   	  possibly	  different	  

–  Choices	  of	  ini?aliza?ons	   	  possibly	  different	  

  Can	  exchange?	  	  	  

–  …	  
–  …	  

–  …	  

–  …	  
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Algorithms	  

  Supposedly	  all	  K-‐means	  

–  Values	  for	  K	   	   	  possibly	  different	  

–  Choice	  of	  distances	   	  possibly	  different	  

–  Choices	  of	  ini?aliza?ons	   	  possibly	  different	  

  Can	  exchange	  	  

–  The	  number	  of	  clusters	  they	  envision	  

–  The	  coordinates	  of	  the	  centroïds	  of	  the	  clusters	  

–  The	  propor?on	  of	  examples	  assigned	  to	  each	  cluster	  

–  The	  iden?fiers	  of	  the	  examples	  assigned	  to	  each	  cluster	  
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Scenarios	  

1.  	  The	  various	  algorithms	  have	  access	  to	  the	  same	  data	  

2.  	  Same	  examples,	  but	  different	  descriptors	  (ver?cal)	  

3.  	  Different	  examples,	  but	  same	  descriptors	  (horizontal)	  

4.  	  Different	  examples	  and	  different	  descriptors	  
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Scenario	  1:	  The	  algorithms	  have	  access	  to	  the	  same	  data	  

  Illustra?on	  
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Scenario	  1:	  The	  algorithms	  have	  access	  to	  the	  same	  data	  

  Can	  exchange:	  

–  Assignements	  of	  the	  examples	  to	  the	  clusters	  
•  Thanks	  to	  the	  iden?fiers	  

–  The	  centroïdes	  

  Conflict	  detec?on:	  

–  How?	  

Algorithm	   x1	   x2	   x3	   x4	   x5	   x6	   x7	   x8	  

A	   Ca	   Ca	   Ca	   Ca	   Ca	   Cb	   Cb	   Cb	  

B	   C’a	   C’a	   C’a	   C’c	   C’c	   C’b	   C’b	   C’c	  



50 / 94 Course  « Collaborative Clustering »      (A. Cornuéjols)  

Scenario	  1:	  The	  algorithms	  have	  access	  to	  the	  same	  data	  

Algorithm	   x1	   x2	   x3	   x4	   x5	   x6	   x7	   x8	  

A	   Ca	   Ca	   Ca	   Ca	   Ca	   Cb	   Cb	   Cb	  
B	   C’a	   C’a	   C’a	   C’c	   C’c	   C’b	   C’b	   C’c	  

  Possible	  solu?on:	  
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Scenario	  1:	  The	  algorithms	  have	  access	  to	  the	  same	  data	  

  Which	  «	  bandwith	  »:	  cost	  of	  communica?on?	  

  Op?mal	  exchanges?	  

  If	  more	  than	  2	  agents?	  

  Convergence?	  

	  Which	  algorithm?	  
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Scenario	  2:	  Same	  examples,	  but	  with	  different	  descriptors	  
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Scenario	  2:	  Same	  examples,	  but	  with	  different	  descriptors	  

  Can	  exchange:	  

–  The	  iden6fiers	  of	  the	  examples	  

–  Not	  the	  coordinates	  of	  the	  centroïds	  
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Scenario	  3	  :	  Different	  examples,	  but	  same	  descriptors	  
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Scenario	  3	  :	  Different	  examples,	  but	  same	  descriptors	  

  One	  must	  assumes	  that	  the	  local	  data	  sets	  have	  been	  generated	  by	  the	  same	  

underlying	  distribu;ons	  

  One	  can	  again	  compute	  a	  consensus	  matrix	  

  It	  is	  possible	  to	  exchange	  centroïds	  

  Same	  type	  of	  algorithm	  than	  in	  scenario	  1	  
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Scenario	  4:	  Different	  examples	  and	  different	  descriptors	  

  Exchange	  of	  the	  centroÏds	  is	  s?ll	  possible	  if	  there	  are	  some	  

common	  descriptors	  

  And	  else	  …	  ?	  	  
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Bi-‐clustering	  

An	  elementary	  case	  of	  collabora?ve	  clustering	  
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Illustra?on	  

  Matrices	  

–  X	  =	  {Gènes}	  
–  Y	  =	  {Condi?ons}	  	  	  

Some	  genes	  can	  be	  co-‐expressed	  under	  
some	  condi?ons	  	  
and	  behave	  almost	  independently	  in	  other	  
condi?ons	  
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How?	  

  Clustering	  on	  each	  dimension	  independently	  
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How?	  

  Naïve	  approach	  

–  Through	  successives	  permuta?ons	  on	  X1	  and	  on	  X2	  	  	  

–  Un?l?	  
•  A	  criterion	  quality	  is	  maximized?	  

Number	  of	  permuta?ons	  

–  |X1|!	  x	  |X2|!	  

–  E.g.	  :	  	  100!	  x	  100!	  	  ≈	  	  8	  .	  10315	  	  

	  Heuris?cal	  approach!	  
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How?	  
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Singular	  Value	  Decomposi?on	  (SVD)	  

  Any	  matrix	  X	  of	  rank	  r	  can	  be	  decomposed	  in	  	  

–  Where	  U	  and	  V	  are	  orthogonal	  matrices	  

–  And	  S	  is	  a	  diagonal	  matrix	  composed	  of	  singular	  vlaues	  of	  X	  

X = USV
!

UU
!

= VV
!

= I
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LSA	  =	  SVD	  +	  selec?on	  of	  singular	  values	  

  If	  the	  lowest	  singular	  values	  of	  S	  are	  set	  to	  zero	  

–  One	  gets	  an	  approxima?on	  of	  X	  	  
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Bi-‐clustering	  …	  

  Bi-‐clustering	  	  =	  	  	  LSA	  +	  sparsity	  constraints	  on	  U	  and	  V	  	  

–  Few	  elements	  ≠	  0	  

–  One	  wants	  few	  clusters	  along	  each	  dimension	  
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Sparse	  Singular	  Value	  Decomposi?on	  	  approach	  (SSVD)	  

  The	  basis	  of	  numerous	  systems	  

  SSVD:	  the	  matrix	  of	  the	  data	  X	  is	  supposed	  to	  be	  approximable	  through	  a	  

matrix	  of	  lower	  rank	  U	  	  

Only	  the	  K	  highest	  values	  of	  D	  are	  kept	  

X(K)	  minimizes	  the	  Froebenius	  norm:	  
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Sparse	  Singular	  Value	  Decomposi?on	  	  approach	  (SSVD)	  

  We	  want	  to	  op?mize	  (1)	  :	  

  With	  a	  fixed	  u,	  minimize	  (1)	  with	  respect	  to	  v	  :	  

  Idem	  with	  a	  fixed	  v,	  minimize	  (1)	  with	  respect	  to	  u	  :	  

Itera?ve	  algorithm	  using	  conjugated	  gradient	  

[Milhee	  Lee,	  Haiping	  Shen,	  et	  al.	  «	  Biclustering	  via	  sparse	  singular	  value	  decomposi?on	  »,	  	  
	  Biometrics,	  66,	  1087-‐1095,	  (2010)]	  
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Conjugated	  gradient	  

  Follow	  each	  direc?on	  once	  with	  the	  appropriate	  step	  length	  

Simple	  gradient	  	  
(steepest	  gradient)	  

Conjugated	  gradient	  
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Conjugated	  gradient:	  when	  does	  it	  work?	  
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Open	  ques?on	  	  

  Can	  we	  interpret	  conjugated	  gradient	  like	  a	  method	  for	  

informa?on	  exchange	  between	  dimensions?	  

–  Op?mal	  transfer	  rate	  

–  Orthogonality	  condi?on	  between	  methods	  
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A	  general	  framework?	  
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Extension	  	  to	  the	  incremental	  case	  ?	  
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Incrementality	  and	  collabora?on	  

  Transmission	  of	  informa?on	  

–  Which	  informa?on?	  

–  Which	  weight?	  

–  Also	  func?on	  of	  the	  changes	  of	  the	  environnement	  

  Incrementality	  as	  …	  

–  a	  situa?on	  of	  uni-‐direc6onal	  (ver?cal)	  collabora?on	  between	  
agents	  
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Choice	  of	  the	  collabora?ons	  
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An	  illustra?ve	  case	  

Unsupervised	  Iden;fica;on	  of	  one	  class	  of	  interest	  	  

by	  a	  collabora;ve	  method	  

[Cornuéjols	  &	  Mar?n,	  AAFD-‐2014,	  SFC-‐2014]	  	  
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Discovery	  of	  a	  class	  of	  interest	  

  Applica?ons	  

–  Iden?fica?on	  of	  «	  anomalous	  »	  behaviors	  	  (e.g.	  persons	  guilty	  of	  
fraud)	  

–  Genes	  ac?vated	  in	  one	  environmental	  condi?on	  	  

–  Proteins	  that	  interact	  with	  a	  molecule	  
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The	  problem	  

•  	  An	  unsupervised	  data	  sample	  

•  	  One	  assumes	  	  

•  One	  assumes	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  and	  	  

•  A	  set	  of	  	  score	  func5ons	  	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  with	  	  	  

•  Goal:	  iden6fy	  S+	  	  
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Score	  func?ons	  

  Func?on	  

  That	  can	  be	  used	  to	  rank	  «	  objects	  »	  
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  Ranking	  of	  the	  examples	  

?	   ?	  ?	   ?	  ?	  

Threshold?	  

«	  Filter	  »	  methods:	  which	  score	  func?on	  is	  appropriate?	  
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An	  unsupervised	  ensemble	  method	  

  A	  setF	  of	  score	  func?ons	  

  Measure	  the	  correla6on	  of	  the	  ranks	  	  

–  Over	  S	  	  
–  Over	  random	  samples	  

  Keep	  func?ons	  that	  are	  

–  Over-‐correlated	  over	  S	  	  
•  Agree	  on	  S	  	  
•  And	  not	  (or	  almost	  not)	  in	  general	  
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Selec?on	  algorithm	  
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Illustra?on	  

ROC	  curves	  of	  the	  selected	  func?ons	  

ROC	  curve	  of	  the	  combina?on	  

Correla?on	  the	  two	  first	  func?ons	  
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Experimental	  protocol	  

  320	  examples	  

–  40	  (soit	  1/8)	  	  ;	  80	  (soit	  1/4)	  ;	  120	  (soit	  1/3)	  d’exemples	  `+’	  

–  in	  

  2	  Gaussians	  :	  	  	  	  	  	  	  	  	  	  	  	  et	  	  

‒  |µ+	  –	  µ-‐|2	  =	  3	  

‒  σ	  =	  1.5	  	  or	  	  2.5	  	  or	  	  3.5	  	  or	  	  4.5	  	  	  (noise	  rate)	  

  45	  score	  func6ons	  

–  22	  posi?vely	  aligned	  

–  22	  néga?vely	  aligned	  

–  	  1	  	  random	  func?on	  
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Experimental	  results	  
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Conclusions	  

  	  Unsupervised	  learning	  (2	  classes)	  

–  	  New	  	  «	  clustering	  »	  criterion	  :	  sur-‐corréla6on	  of	  the	  rankings	  (score	  func?ons)	  

–  	  1st	  ensemble	  method	  which	  does	  not	  assume	  that	  the	  «	  experts	  »	  are	  good	  

  	  Theore6cal	  study	  

–  One	  can	  improve	  	  precision	  and	  recall	  as	  much	  as	  we	  want	  (can)	  

  	  Empirical	  study	  

–  Good	  results	  that	  confirm	  the	  soundness	  of	  the	  proposed	  approach	  

•  Be�er	  results	  than	  compe??on	  when	  the	  noise	  rate	  is	  high	  
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2nd	  study	  

Evalua;on	  of	  the	  poten;al	  contribu;on	  of	  collaborators	  

by	  measuring	  quality	  and	  diversity	  

[Sublime	  et	  al.,	  en	  prépara?on]	  	  
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Conclusions	  
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Conclusions	  (1)	  

  Clustering	  is	  useful	  

  Complex	  tasks	  	  

–  involve	  various	  fields	  of	  exper?se	  

–  are	  olen	  naturally	  distributed	  

  	  Collabora6ve	  clustering	  

  Different	  from	  	  

–  Consensus	  clustering	  
–  Alterna?ve	  clustering	  
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Conclusions	  (2)	  

  Collabora6ve	  clustering	  

–  A	  new	  research	  ques?on	  
–  Which	  collaborators?	  

–  How	  to	  control	  the	  exchanges?	  

  Essen?ally	  	  

–  	  Heuris?cal	  approaches	  

–  	  Experimental	  results	  

–  	  Lack	  a	  theore?cal	  ground	  
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