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Math	   CS	   Sta>s>cs	   English	   score	  
16	   17	   12	   19	   0.7	  

10	   12	   18	   9	   0.4	  

19	   10	   18	   10	   0.6	  

…	   …	   …	   …	   ....	  

8	   18	   10	   18	   0.5	  

AGGREGAT ION 	  OF 	  CR ITER IA 	  
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ADDITIVE	  &	  NON-‐ADDITIVE	  MEASURES	  
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not	  necessarily	  
addi<vity	  

normaliza<on	  

monotonicity	  

We	  require	  ...	  



ADDITIVE	  &	  NON-‐ADDITIVE	  MEASURES	  
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In	  a	  machine	  learning	  context:	  criteria	  =	  a]ributes/features	  



DISCRETE	  CHOQUET	  INTEGRAL	  
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Special	  cases:	  
-  min	  
-  max	  
-  weighted	  mean	  (addi<ve	  measure)	  
-  OWA	  



DISCRETE	  CHOQUET	  INTEGRAL	  



DECISION	  BOUNDARY	  IN	  TWO	  DIMENSIONS	  
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CP 	  NETWORKS 	  

main	  dish	  

drink	   restaurant	  

meat > veggie > fish 

meat:   red wine   > white wine 
veggie: red wine   > white wine 
fish:   white wine > red wine 

meat:   Italian > Chinese 
veggie: Chinese > Italian 
fish:   Chinese > Italian 

CONDITIONAL	  PREFERENCE	  NETWORKS:	  
Compact	  representa<on	  of	  a	  par<al	  
order	  rela<on,	  exploi<ng	  condi<onal	  
independence	  of	  preferences	  on	  
a]ribute	  values.	  



MODEL ING 	  VS . 	   E L IC ITAT ION 	  AND 	  LEARNING 	  

§  Preference	  modeling:	  The	  model	  is	  completely	  specified	  by	  an	  expert	  or	  
the	  decision	  maker	  himself.	  

-  Example	  Choquet	  integral:	  Normaliza<on	  of	  features,	  specifica<on	  of	  fuzzy	  measure,	  ...	  

-  Example	  CP	  network:	  Qualita<ve	  structure,	  condi<onal	  preferences,	  ...	  

§  Preference	  elicita>on/learning:	  Parts	  of	  the	  model	  are	  specified	  with	  the	  
help	  of	  external	  informa<on.	  
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PREFERENCE 	   LEARNING 	  VS . 	   E L IC ITAT ION 	  
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-  typically	  no	  user	  interac<on	  
-  holis<c	  judgements	  
-  fixed	  preferences	  but	  noisy	  data	  
-  regularized	  models	  
-  weak	  model	  assump<ons,	  flexible	  (instead	  of	  axioma<cally	  

jus<fied)	  model	  classes	  	  
-  diverse	  types	  of	  training	  informa<on	  
-  computa<onal	  aspects:	  massive	  data,	  scalable	  methods	  
-  focus	  on	  predic<ve	  accuracy	  (expected	  loss)	  

MACHINE	  
LEARNING	  

PREFERENCE	  MODELING	  
and	  DECISION	  ANALYSIS	  

Preference	  
Learning	  

computer	  science	  
ar<ficial	  intelligence	  

opera<ons	  research	  
social	  sciences	  (vo<ng	  and	  choice	  theory)	  

economics	  and	  decision	  theory	  

Preference	  
Elicita>on	  



RANKING 	  
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TRAINING	  DATA:	  

The	  goal	  might	  be	  to	  find	  a	  Choquet	  integral	  whose	  u6lity	  degrees	  tend	  to	  
agree	  with	  the	  observed	  pairwise	  preferences!	  	  



ORDINAL 	  CLASS IF ICAT ION 	  / 	   SORT ING 	  

19 

TRAINING	  DATA:	  

The	  goal	  might	  be	  to	  find	  a	  Choquet	  integral	  whose	  u6lity	  degrees	  tend	  to	  
agree	  with	  the	  observed	  classifica6ons!	  	  



ORDINAL 	  CLASS IF ICAT ION 	  / 	   SORT ING 	  

20 

TRAINING	  DATA:	  

The	  goal	  might	  be	  to	  find	  a	  Choquet	  integral	  whose	  u6lity	  degrees	  tend	  to	  
agree	  with	  the	  observed	  scores!	  	  
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PREFERENCES 	  ARE 	  UB IQUITOUS 	  
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PREFERENCES 	  ARE 	  UB IQUITOUS 	  
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CLICKED	  ON	  

NOT	  CLICKED	  ON	  



KNOWLEDGE 	  D ISCOVERY 	  AND 	  B IG 	  DATA 	  
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Companies	  (and	  agencies)	  are	  collec<ng	  lots	  of	  data	  ...	  

...	  hoping	  to	  discover	  something	  useful	  in	  it!	  



ANT IC IPATORY 	  SH IPP ING 	  AT 	  AMAZON	  
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PREFERENCES 	  ARE 	  UB IQUITOUS 	  

Fostered	  by	  the	  availability	  of	  large	  amounts	  of	  data,	  
PREFERENCE	  LEARNING	  has	  recently	  emerged	  as	  a	  new	  
subfield	  of	  machine	  learning,	  dealing	  with	  the	  learning	  of	  
(predic<ve)	  preference	  models	  from	  observed,	  revealed	  or	  

automa<cally	  extracted	  preference	  informa<on.	  
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PREFERENCE 	   LEARNING 	   I S 	  AN 	  ACT IVE 	   F I ELD 	  

§  NIPS–01:	  New	  Methods	  for	  Preference	  Elicita<on	  
§  NIPS–02:	  Beyond	  Classifica<on	  and	  Regression:	  Learning	  Rankings,	  Preferences,	  Equality	  

Predicates,	  and	  Other	  Structures	  
§  KI–03:	  Preference	  Learning:	  Models,	  Methods,	  Applica<ons	  
§  NIPS–04:	  Learning	  with	  Structured	  Outputs	  
§  NIPS–05:	  Workshop	  on	  Learning	  to	  Rank	  
§  IJCAI–05:	  Advances	  in	  Preference	  Handling	  
§  SIGIR	  07–10:	  Workshop	  on	  Learning	  to	  Rank	  for	  Informa<on	  Retrieval	  
§  ECML/PDKK	  08–10:	  Workshop	  on	  Preference	  Learning	  
§  NIPS–09:	  Workshop	  on	  Advances	  in	  Ranking	  
§  American	  Ins<tute	  of	  Mathema<cs	  Workshop	  in	  Summer	  2010:	  The	  Mathema<cs	  of	  Ranking	  
§  NIPS-‐11:	  Workshop	  on	  Choice	  Models	  and	  Preference	  Learning	  
§  EURO-‐12:	  Special	  Track	  on	  Preference	  Learning	  
§  ECAI-‐12:	  Workshop	  on	  Preference	  Learning:	  Problems	  and	  Applica>ons	  in	  AI	  
§  Forthcoming:	  Dagstuhl	  Seminar	  on	  Preference	  Learning	  (2014)	  
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PREFERENCE 	   LEARNING 	   I S 	  AN 	  ACT IVE 	   F I ELD 	  
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J.	  Fürnkranz	  &	  
	  E.	  Hüllermeier	  (eds.)	  
Preference	  Learning	  
Springer-‐Verlag	  2011	  

Tutorials:	  
-  European	  Conf.	  on	  Machine	  Learning,	  2010	  
-  Int.	  Conf.	  Discovery	  Science,	  2011	  
-  Int.	  Conf.	  Algorithmic	  Decision	  Theory,	  2011	  
-  European	  Conf.	  on	  Ar<ficial	  Intelligence,	  2012	  

Special	  Issue	  on	  
Represen<ng,	  
Processing,	  and	  
Learning	  Preferences:	  
Theore<cal	  and	  
Prac<cal	  Challenges	  
(2011)	  	   Special	  Issue	  on	  

Preference	  Learning	  
Forthcoming	  



PREFERENCES 	   IN 	  A I 	  

User	  preferences	  play	  a	  key	  role	  in	  various	  fields	  of	  applica<on:	  

PREFERENCES	  IN	  AI	  RESEARCH:	  
-  preference	  representa>on	  (CP	  nets,	  GAU	  networks,	  logical	  

representa<ons,	  fuzzy	  constraints,	  …)	  
-  reasoning	  with	  preferences	  (decision	  theory,	  constraint	  sa<sfac<on,	  

non-‐monotonic	  reasoning,	  …)	  
-  preference	  acquisi>on	  (preference	  elicita<on,	  preference	  learning,	  ...)	  

COMPUTATIONAL	  
ADVERTISING	  

RECOMMENDER	  
SYSTEMS	  

ADAPTIVE	  USER	  
INTERFACES	  

AUTONOMOUS	  
AGENTS	  

ADAPTIVE	  
RETRIEVAL	  SYSTEMS	  

COMPUTER	  
GAMES	  

ELECTRONIC	  
COMMERCE	  
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PREFERENCES 	   LEARNING 	  SETT INGS 	  

-  binary	  vs.	  graded	  (e.g.,	  relevance	  judgements	  vs.	  ra<ngs)	  	  

-  absolute	  vs.	  rela>ve	  (e.g.,	  assessing	  single	  alterna<ves	  vs.	  comparing	  pairs)	  

-  explicit	  vs.	  implicit	  (e.g.,	  direct	  feedback	  vs.	  click-‐through	  data)	  

-  structured	  vs.	  unstructured	  (e.g.,	  ra<ngs	  on	  a	  given	  scale	  vs.	  free	  text)	  

-  single	  user	  vs.	  mul>ple	  users	  (e.g.,	  document	  keywords	  vs.	  social	  tagging)	  

-  single	  vs.	  mul>-‐dimensional	  	  

-  ...	  

A 	  w i d e 	   s p e c t r um 	   o f 	   l e a r n i n g 	   p r o b l ems ! 	  

30 



PREFERENCE 	   LEARNING 	  

Preference	  learning	  problems	  can	  be	  dis<nguished	  along	  several	  
problem	  dimensions,	  including	  

§  representa>on	  of	  preferences,	  type	  of	  preference	  model:	  	  
-  u<lity	  func<on	  (ordinal,	  numeric),	  	  
-  preference	  rela<on	  (par<al	  order,	  ranking,	  …),	  	  
-  logical	  representa<on,	  …	  

§  descrip>on	  of	  individuals/users	  and	  alterna>ves/items:	  	  
-  iden<fier,	  feature	  vector,	  structured	  object,	  …	  

§  type	  of	  training	  input:	  	  
-  direct	  or	  indirect	  feedback,	  	  
-  complete	  or	  incomplete	  rela<ons,	  	  
-  u<li<es,	  …	  

§  …	  
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PREFERENCE 	   LEARNING 	  
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Preferences	  

absolute	   rela>ve	  

A B	   C	   D

1	   1	   0	   0	  

A	   B	   C	   D	  

.9	   .8	   .1	   .3	  

binary	   gradual	   total	  order	   par>al	  order	  

 Â A  Â  Â B C D  Â A B
C

D
 Â 

ordinal	  numeric	  

A	   B	   C	   D	  

+	   +	   -‐-‐	   0	  

à	  (ordinal)	  regression	   à	  classifica<on/ranking	  

assessing	   comparing	  



OBJECT 	  RANKING 	   [Cohen	  et	  al.,	  1999]	  

TRAINING	  

Pairwise	  
preferences	  

between	  objects	  
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OBJECT 	  RANKING 	   [Cohen	  et	  al.	  99]	  

PREDICTION	  (ranking	  a	  new	  set	  of	  objects)	  

34 



COLLABORAT IVE 	   F I LTER ING 	   [Goldberg	  et	  al.,	  1992]	  
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P1	   P2	   P3	   …	   P38	   …	   P88	   P89	   P90	  

U1	   …	   …	  

U2	   …	   …	  

…	   …	   …	  

U46	   ?	   ?	   …	   ?	   …	   ?	   ?	  

…	   …	   …	  

U98	   …	   …	  

U99	   …	   …	  

U
	  S
	  E
	  R
	  S
	  

	  P	  R	  O	  D	  U	  C	  T	  S	  



PREFERENCE 	   LEARNING 	  TASKS 	  

36 

OBJECT	  RANKING	   COLLABORATIVE	  FILTERING	  

product	  descrip<on	  	   features	   iden<fier	  

preference	  descrip<on	   rela<ve	   absolute	  

predic<ons	   ranking	   u<lity	  degrees	  

number	  of	  users/models	   single	   many	  
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MACHINE 	   LEARNING 	  FOR 	  PRED ICT IVE 	  MODEL ING 	  

SUPERVISED	  LEARNING:	  Algorithms	  and	  methods	  for	  discovering	  (alleged)	  
dependencies	  and	  regulari<es	  in	  a	  domain	  of	  interest,	  expressed	  through	  
appropriate	  models,	  from	  specific	  observa<ons	  or	  examples.	  

background	  knowledge	  

data/observa>ons	  

induc<on	  
principle	  

learning	  
algorithm	  

model	  	  
MODEL	  	  

INDUCTION	  

…	  used	  for	  
§  predic<on,	  classific<on	  
§  adapta<on,	  control	  
§  systems	  analysis	  

38 
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§  What	  kind	  of	  training	  data	  is	  offered	  to	  the	  learning	  algorithm?	  	  

SPEC I F I CAT ION 	  OF 	  A 	  MACH INE 	   L EARN ING 	  PROBLEM	  

§  What	  type	  of	  model	  (predic<on)	  is	  the	  learner	  supposed	  to	  produce?	  	  

§  What	  is	  the	  nature	  of	  the	  ground	  truth,	  and	  how	  is	  a	  model	  assessed?	  	  
	  

LOSS	  
FUNCTION	  



40 

unknown	  data-‐
genera<ng	  process	  

SPEC I F I CAT ION 	  OF 	  A 	  MACH INE 	   L EARN ING 	  PROBLEM	  

risk	  ¼	  average	  
penalty	  caused	  by	  the	  
model‘s	  predic<ons	  

§  What	  kind	  of	  training	  data	  is	  offered	  to	  the	  learning	  algorithm?	  	  

§  What	  type	  of	  model	  (predic<on)	  is	  the	  learner	  supposed	  to	  produce?	  	  

§  What	  is	  the	  nature	  of	  the	  ground	  truth,	  and	  how	  is	  a	  model	  assessed?	  
	  

§  Other	  criteria,	  such	  as	  complexity	  ...	  



MODEL 	   INDUCT ION 	  

41 

unknown	  data-‐
genera<ng	  process	  

loss	  func<on	  

A	  simple	  seeng	  of	  supervised	  learning:	  Given	  (i.i.d.)	  training	  data	  
	  
	  
	  
and	  a	  hypothesis	  space	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  induce	  a	  model	  
	  
	  
	  
	  
	  
	  

Many	  other	  se>ngs	  exist,	  such	  as	  online	  learning,	  semi-‐supervised	  learning,	  
ac6ve	  learning,	  mul6-‐task	  learning,	  etc.	  



EXAMPLE : 	  CLASS IF I ER 	   LEARNING 	  

42 



CHOICE 	  OF 	  THE 	  MODEL 	   SPACE 	  

A	  key	  to	  successful	  learning/generaliza<on	  is	  a	  proper	  capacity	  control:	  The	  
model	  class	  must	  be	  flexible	  enough	  (to	  allow	  approxima<on	  of	  the	  pointwise	  
loss-‐minimizer)	  but	  not	  too	  flexible	  (to	  prevent	  overfiung	  the	  data)	  

43 

true	  
risk	  	  

empirical	  
risk	  	  

correc<on	  depending	  on	  
capacity	  and	  sample	  size	  	  

capacity	  

ris
k	  

Typical	  bound	  on	  the	  true	  risk:	  With	  probability	  	  
	  



CHOICE 	  OF 	  THE 	  MODEL 	   SPACE 	  
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CHOICE 	  OF 	  THE 	  MODEL 	   SPACE 	  
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CHOICE 	  OF 	  THE 	  MODEL 	   SPACE 	  
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CHOICE 	  OF 	  THE 	  MODEL 	   SPACE 	  
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I N PU T 	  

O
U
T
P
U
T
	  

overfiung	  and	  
underfiung	  leads	  to	  
poor	  generaliza<on	  



LOGIST IC 	  REGRESS ION 	  

§  Logis>c	  regression	  modifies	  linear	  regression	  for	  the	  purpose	  of	  predic<ng	  
(probabili<es	  of)	  a	  binary	  class	  label	  instead	  of	  real-‐valued	  responses.	  

§  The	  basic	  model:	  

48 

log-‐odds	  ra<o	  

linear	  func<on	  of	  
predictor	  variables	  



LOGIST IC 	  REGRESS ION: 	  CLASS 	  PRED ICT ION 	  

§  Equivalently,	  this	  can	  be	  expressed	  in	  terms	  of	  posterior	  probabili>es:	  

§  Predic>ons	  are	  typically	  made	  using	  the	  following	  decision	  rule:	  

49 



LOGIST IC 	  REGRESS ION: 	  PARAMETER 	  EST IMAT ION 	  

§  The	  parameters	  of	  the	  model	  (bias,	  regression	  coefficients)	  can	  be	  
obtained	  through	  Maximum	  Likelihood	  (ML)	  es<ma<on.	  	  

§  Given	  a	  sample	  of	  i.i.d.	  data	  
	  
	  
	  
the	  likelihood	  func<on	  is	  given	  by	  	  
	  
	  
	  
and	  the	  ML	  es>mate	  is	  the	  maximizer	  of	  (the	  log	  of)	  this	  func<on:	  

50 



LOGIST IC 	  REGRESS ION: 	   IMPORTANT 	  FEATURES 	  

§  Logis<c	  regression	  is	  very	  popular	  and	  widely	  used	  in	  prac<ce.	  	  

§  It	  is	  comprehesible	  and	  easy	  to	  interpret,	  especially	  since	  the	  influence	  of	  
each	  variable	  can	  easily	  be	  captured	  from	  the	  model:	  

51 

direc<on	  and	  strength	  of	  influence	  of	  
the	  first	  variable	  on	  the	  log-‐odds	  ra<o	  

(probability	  of	  posi<ve	  class)	  



AGENDA	  

1.  Introduc<on	  
2.   Ranking	  Problems	  
-  Label	  ranking	  
-  Object	  ranking	  
-  Instance	  ranking	  

3.  Model-‐based	  Preference	  Learning	  
4.  Summary	  &	  Outlook	  
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LABEL 	  RANKING 	  

53 

Â	   Â	  (28, 0, 187, 0.4) 

...	  mapping	  instances	  to	  TOTAL	  ORDERS	  over	  a	  fixed	  set	  of	  alterna<ves/labels:	  	  



LABEL 	  RANKING 	  
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Â	   Â	  (28, 0, 187, 0.4) 

...	  mapping	  instances	  to	  TOTAL	  ORDERS	  over	  a	  fixed	  set	  of	  alterna<ves/labels:	  	  

ROME	   PARIS	   LONDON	  



THE 	  SUSHI 	  DATA 	  

55 

Rankings	  of	  10	  types	  of	  sushi	  by	  5000	  customers.	  	  
Each	  customer	  is	  characterized	  by	  11	  features.	  

Collected	  by	  Kamishima	  et	  al.,	  reprocessed	  by	  Grbovic.	  

	  
http://www.kamishima.net/sushi/ 



LABEL 	  RANKING: 	   TRA IN ING 	  DATA 	   	  

X1 X2 X3 X4 preferences	  
0.34 0 10 174 A	  Â	  B,	  C	  Â	  D	  
1.45 0 32 277 B	  Â	  C	  Â	  A	  
1.22 1 46 421 B	  Â	  D,	  A	  Â	  D,	  C	  Â	  D,	  A	  Â	  C	  
0.74 1 25 165 C	  Â	  A	  Â	  D,	  A	  Â	  B	  
0.95 1 72 273 B	  Â	  D,	  A	  Â	  D	  
1.04 0 33 158 D	  Â	  A	  Â	  B,	  C	  Â	  B,	  A	  Â	  C	  

TRAINING	  

Instances	  are	  
associated	  with	  
preferences	  

between	  labels	  

...	  no	  demand	  for	  full	  rankings!	  
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LABEL 	  RANKING: 	  PRED ICT ION 	   	  

0.92 1 81 382 ? ? ? ? 

PREDICTION	  

57 

new	  instance	   ranking	  ?	  

A B C D



LABEL 	  RANKING: 	  PRED ICT ION 	   	  
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new	  instance	  

A	  ranking	  of	  
all	  labels	  0.92 1 81 382 4 1 3 2 

PREDICTION	   A B C D



LABEL 	  RANKING: 	  PRED ICT ION 	   	  

0.92 1 81 382 4 1 3 2 

PREDICTION	  

0.92 1 81 382 2 1 3 4 

GROUND	  TRUTH	  

A	  ranking	  of	  
all	  labels	  

LOSS	  

59 

S P EARMAN 	  

LOSS	  

RANK	  CORRELATION	  



LABEL 	  RANKING: 	  PRED ICT ION 	   	  

0.92 1 81 382 4 1 3 2 

PREDICTION	  

0.92 1 81 382 2 1 3 4 

GROUND	  TRUTH	  

A	  ranking	  of	  
all	  labels	  

LOSS	  
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KENDAL L 	  

LOSS	  

RANK	  CORRELATION	  



LEARNING 	  TECHNIQUES 	  

The	  output	  space	  is	  complex	  ...	  
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THE 	  PERMUTAT ION 	  SPACE 	  

Our	  output	  space	  is	  the	  class	  of	  permuta<ons	  (symmetric	  group):	  	  

123 

213 132 

231 312 

321 a	  single	  
inversion	  
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THE 	  PERMUTAT ION 	  SPACE 	  

2314 2341 

3214 3241 

1423 4123 

1432 4132 

2431 

2413 4231 

4213 
3124 

1324 3142 

1342 

3421 

3412 

4321 

4312 

2134 

1234 

2143 

1243 
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THE 	  PERMUTAT ION 	  SPACE 	  

2314 2341 

3214 3241 

1423 4123 

1432 4132 

2431 

2413 4231 

4213 
3124 

1324 3142 

1342 

3421 

3412 

4321 

4312 

2134 

1234 

2143 

1243 

64 

Trea>ng	  each	  permuta>on	  as	  a	  (meta)	  class	  and	  
applying	  polychotomous	  classifica>on	  methods	  is	  
obviously	  a	  bad	  idea:	  

-  too	  many	  classes	  

-  no	  exploita/on	  of	  the	  structure	  of	  the	  space	  
-  ...	  



LEARNING 	  TECHNIQUES 	  

DIFFERENT	  APPROACHES:	  

-  Reduc<on	  to	  simpler	  problems	  (binary	  classifica<on)	  
	  

-  Extension	  of	  (classifica<on)	  algorithms	  
	  

-  Probabilis<c	  modeling	  and	  sta<s<cal	  inference	  

65 

Transform	  the	  problem,	  so	  as	  to	  make	  it	  amenable	  to	  standard	  
ML	  algorithms.	  

Generalize	  standard	  ML	  algorithms,	  so	  as	  to	  make	  them	  applicable	  
to	  label	  ranking	  data.	  

Make	  use	  of	  sta6s6cal	  models	  for	  rank	  data	  and	  parameter	  
es6ma6on	  methods.	  



RANKING 	  BY 	  PA IRWISE 	  COMPARISON	   	  
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X1	   X2	   X3	   X4	   preferences	   class	  
0.34	   0	   10	   174	   A	  Â	  B,	  B	  Â	  C,	  C	  Â	  D	   1	  
1.45	   0	   32	   277	   B	  Â	  C	   -‐-‐-‐	  
1.22	   1	   46	   421	   B	  Â	  D,	  B	  Â	  A,	  C	  Â	  D,	  A	  Â	  C	   0	  
0.74	   1	   25	   165	   C	  Â	  A,	  C	  Â	  D,	  A	  Â	  B	   1	  
0.95	   1	   72	   273	   B	  Â	  D,	  A	  Â	  D,	  	   -‐-‐-‐	  

1.04	   0	   33	   158	   D	  Â	  A,	  A	  Â	  B,	  C	  Â	  B,	  A	  Â	  C	   1	  

Training	  data	  (for	  the	  label	  pair	  A	  and	  B):	  

X1	   X2	   X3	   X4	   class	  
0.34	   0	   10	   174	   1	  
1.22	   1	   46	   421	   0	  
0.74	   1	   25	   165	   1	  
1.04	   0	   33	   158	   1	  

RANKING 	  BY 	  PA IRWISE 	  COMPARISON	   	  
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At	  predic<on	  <me,	  a	  query	  instance	  is	  submi]ed	  to	  all	  models,	  and	  the	  
predic<ons	  are	  combined	  into	  a	  binary	  preference	  rela<on	  

A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

How	  to	  produce	  a	  ranking	  on	  the	  basis	  of	  this	  preference	  rela>on?	  

RANKING 	  BY 	  PA IRWISE 	  COMPARISON	   	  
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LOSS 	  DECOMPOS IT ION 	  

69 

Recall	  our	  original	  goal	  
	  
	  
	  
	  
and	  our	  representa<on:	  



A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	   1.5	  

B	   0.7	   0.7	   0.9	   2.3	  

C	   0.2	   0.3	   0.3	   0.8	  

D	   0.6	   0.1	   0.7	   1.4	  

B Â A	  Â D	  Â C  

MINIMIZ ING 	  SPEARMAN	  LOSS 	  
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MINIMIZ ING 	  SPEARMAN	  LOSS 	  
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MINIMIZ ING 	  KENDALL 	   LOSS 	  
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MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

A	  

B	   C	  

D	  



MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

A	  

B	   C	  

D	  

0.3	  

0.7	  



MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

A	  

B	   C	  

D	  

0.3	  

0.7	  



MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	  B	   C	  D	  Order:	  

A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  



MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

A	  B	   C	  D	  Order:	  
0.7	   0.4	   0.7	  

0.9	   0.8	  

0.7	  forward	  arcs	  



MINIMIZ ING 	  KENDALL 	   LOSS 	  
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A	   B	   C	   D	  

A	   0.3	   0.8	   0.4	  

B	   0.7	   0.7	   0.9	  

C	   0.2	   0.3	   0.3	  

D	   0.6	   0.1	   0.7	  

A	  B	   C	  D	  Order:	  
COST:	  
0.3	  +	  0.2	  +	  0.3	  +	  
0.3	  +	  0.6	  +	  0.1	  	  =	  1.8	  0.3	   0.6	   0.3	  

0.1	   0.2	  

0.3	  

0.7	   0.4	   0.7	  
0.9	   0.8	  

0.7	  forward	  arcs	  

backward	  arcs	  



L IMITAT IONS 	  OF 	  RPC 	  
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RANKING 	  BY 	  PA IRWISE 	  COMARISON 	   [E.H.	  et	  al.,	  2008]	  	  
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TRA IN 	   T E S T 	  

DECOM-‐	  
POSITION	  

BINARY	  
CLASSIFICATION	  

BINARY	  
PREDICTION	  

RANKING	  



LEARNING 	  TECHNIQUES 	  

DIFFERENT	  APPROACHES:	  

-  Reduc<on	  to	  simpler	  problems	  (binary	  classifica<on)	  
	  

-  Extension	  of	  (classifica<on)	  algorithms	  
	  

-  Probabilis>c	  modeling	  and	  sta>s>cal	  inference	  

81 

Transform	  the	  problem,	  so	  as	  to	  make	  it	  amenable	  to	  standard	  
ML	  algorithms.	  

Generalize	  standard	  ML	  algorithms,	  so	  as	  to	  make	  them	  applicable	  
to	  label	  ranking	  data.	  

Make	  use	  of	  sta6s6cal	  models	  for	  rank	  data	  and	  parameter	  
es6ma6on	  methods.	  



PROBABIL I ST IC 	   LABEL 	  RANKER 	  

permuta<on	   probability	  

0.2	  

0	  

0.1	  

0.4	  

0.1	  

0	  

 
N e e d  a  p a r a m e t r i z e d  f a m i l y  o f  

 d i s t r i b u t i o n s  o n  t h e  p e r m u t a t i o n  s p a c e !  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  

A	  ranking	  is	  produced	  by	  choosing	  labels	  one	  by	  one,	  with	  a	  probability	  
propor<onal	  to	  their	  respec<ve	  „skills“.	  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  
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THE 	  PLACKETT -‐ LUCE 	  MODEL 	  
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PROBABIL ITY 	  OF 	   INCOMPLETE 	  RANKINGS 	  
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PROBABIL ITY 	  OF 	   INCOMPLETE 	  RANKINGS 	  
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linear	  extensions	  



PROBABIL ITY 	  OF 	   INCOMPLETE 	  RANKINGS 	  
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PROBABIL ITY 	  OF 	   INCOMPLETE 	  RANKINGS 	  
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LABEL 	  RANKING 	  MODELS 	  

93 

The	  likelihood	  of	  a	  set	  of	  parameter	  values	  is	  the	  probability	  of	  the	  data	  
under	  these	  values:	  

Maximum	  Likelihood	  (ML)	  	  Inference	  



MODEL ING 	  DEPENDENCY 	  ON 	   INSTANCES 	  
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MODEL ING 	  DEPENDENCY 	  ON 	   INSTANCES 	  
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MAXIMUM	  L IKEL IHOOD	   INFERENCE 	  

96 

Algorithm	  based	  on	  MM	  (minoriza<on	  and	  maximiza<on)	  
construc<on	  principle	  [Hunter	  2004].	  



THE 	  SUSHI 	  DATA 	  

97 

Rankings	  of	  10	  types	  of	  sushi	  by	  5000	  customers.	  	  
Each	  customer	  is	  characterized	  by	  11	  features.	  

Collected	  by	  Kamishima	  et	  al.,	  reprocessed	  by	  Grbovic.	  

	  
http://www.kamishima.net/sushi/ 



EXPER IMENTAL 	  STUDIES 	  
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