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PREFERENCES 	
  ARE 	
  UB IQUITOUS 	
  

Preferences	
  play	
  a	
  key	
  role	
  in	
  many	
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PERSONALIZED	
  
MEDICINE	
  

SERVICE-­‐ORIENTED	
  
COMPUTING	
  

medica@ons	
  or	
  therapies	
  
specifically	
  tailored	
  for	
  
individual	
  pa@ents	
  



COMMERC IAL 	
   INTEREST 	
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PREFERENCES 	
   IN 	
  A I 	
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“Early	
  work	
  in	
  AI	
  focused	
  on	
  the	
  noFon	
  of	
  a	
  goal—an	
  explicit	
  target	
  that	
  must	
  
be	
  achieved—and	
  this	
  paradigm	
  is	
  s@ll	
  dominant	
  in	
  AI	
  problem	
  solving.	
  But	
  as	
  
applica@on	
  domains	
  become	
  more	
  complex	
  and	
  realis@c,	
  it	
  is	
  apparent	
  that	
  the	
  
dichotomic	
  noFon	
  of	
  a	
  goal,	
  while	
  adequate	
  for	
  certain	
  puzzles,	
  is	
  too	
  crude	
  in	
  
general.	
  The	
  problem	
  is	
  that	
  in	
  many	
  contemporary	
  applica@on	
  domains	
  ...	
  the	
  
user	
  has	
  liMle	
  knowledge	
  about	
  the	
  set	
  of	
  possible	
  soluFons	
  or	
  feasible	
  items,	
  
and	
  what	
  she	
  typically	
  seeks	
  is	
  the	
  best	
  that’s	
  out	
  there.	
  But	
  since	
  the	
  user	
  does	
  
not	
  know	
  what	
  is	
  the	
  best	
  achievable	
  plan	
  or	
  the	
  best	
  available	
  document	
  or	
  
product,	
  she	
  typically	
  cannot	
  characterize	
  it	
  or	
  its	
  proper@es	
  specifically.	
  As	
  a	
  
result,	
  she	
  will	
  end	
  up	
  either	
  asking	
  for	
  an	
  unachievable	
  goal,	
  geOng	
  no	
  
soluFon	
  in	
  response,	
  or	
  asking	
  for	
  too	
  liMle,	
  obtaining	
  a	
  soluFon	
  that	
  can	
  be	
  
substanFally	
  improved.”	
  

[Brafman	
  &	
  Domshlak,	
  2009]	
  

...	
  compared	
  with	
  the	
  dichotomic	
  no>on	
  of	
  a	
  goal,	
  preference	
  formalisms	
  
significantly	
  increase	
  flexibility	
  in	
  knowledge	
  representa>on	
  and	
  problem	
  solving!	
  	
  	
  



PREFERENCES 	
   IN 	
  A I 	
  

PREFERENCES	
  IN	
  ARTIFICIAL	
  INTELLIGENCE	
  RESEARCH:	
  
	
  

-  preference	
  representaFon	
  (preference	
  rela@ons,	
  CP	
  nets,	
  GAI	
  
networks,	
  logical	
  representa@ons,	
  fuzzy	
  constraints,	
  …)	
  
	
  

-  reasoning	
  with	
  preferences	
  (decision	
  theory,	
  constraint	
  sa@sfac@on,	
  
non-­‐monotonic	
  reasoning,	
  …)	
  
	
  

-  preference	
  acquisiFon	
  (preference	
  elicita@on,	
  preference	
  learning,	
  ...)	
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PREFERENCE 	
   INFORMATION	
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PREFERENCE 	
   INFORMATION	
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CLICKED	
  ON	
  

NOT	
  CLICKED	
  ON	
  

Preferences	
  are	
  not	
  necessarily	
  
expressed	
  explicitly,	
  but	
  can	
  be	
  
extracted	
  implictly	
  from	
  people‘s	
  

behavior!	
  



PREFERENCE 	
   LEARNING 	
  

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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PL 	
   I S 	
  AN 	
  ACT IVE 	
   F I ELD 	
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  Fürnkranz	
  &	
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PL 	
   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	
  2009-­‐12:	
  Special	
  Track	
  on	
  Preference	
  Learning	
  
§  ECAI-­‐12:	
  Workshop	
  on	
  Preference	
  Learning:	
  Problems	
  and	
  Applica@ons	
  in	
  AI	
  
§  Dagstuhl	
  Seminar	
  on	
  Preference	
  Learning	
  (2014)	
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CONNECT IONS 	
  TO 	
  OTHER 	
  F IELDS 	
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Preference	
  
Learning	
  

Recommender	
  
Systems	
  

Learning	
  with	
  
weak	
  supervision	
  

Learning	
  
Monotone	
  Models	
  

Structured	
  Output	
  
Predic@on	
  

Informa@on	
  
Retrieval	
  

Classifica@on	
  (ordinal,	
  
mul@label,	
  ...)	
  

Opera@ons	
  
Research	
  

Mul@ple	
  Criteria	
  
Decision	
  Making	
  

Social	
  Choice	
  

Economics	
  &	
  
Decison	
  Science	
  

Sta@s@cs	
  

Op@miza@on	
  Graph	
  theory	
  



MANY	
  TYPES 	
  OF 	
  PREFERENCES 	
  

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

-  absolute	
  vs.	
  relaFve	
  (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.	
  mulFple	
  users	
  (e.g.,	
  document	
  keywords	
  vs.	
  social	
  tagging)	
  

-  single	
  vs.	
  mulF-­‐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 ! 	
  

14 



COLLABORAT IVE 	
   F I LTER ING 	
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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	
  

-  absolute	
  preferences	
  
-  graded	
  ra@ngs	
  (on	
  an	
  ordinal	
  scale)	
  
-  direct	
  feedback	
  
-  mul@ple	
  users	
  
-  no	
  feature	
  descrip@on	
  of	
  users	
  or	
  products	
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OBJECT 	
  RANKING 	
   [ C o h e n 	
   e t 	
   a l . , 	
   1 9 9 9 ] 	
  

TRAINING	
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preferences	
  

between	
  objects	
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OBJECT 	
  RANKING 	
   [ C o h e n 	
   e t 	
   a l . , 	
   1 9 9 9 ] 	
  

PREDICTION	
  (ranking	
  a	
  new	
  set	
  of	
  objects)	
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LABEL 	
  RANKING 	
   [ E . H . 	
   e t 	
   a l . , 	
   2 0 0 8 ] 	
  

19 

Â	
   Â	
  (35, 1, 187, 325) 

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



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!	
  

20 



LABEL 	
  RANKING: 	
  PRED ICT ION 	
   	
  

0.92 1 81 382 ? ? ? ? 

PREDICTION	
  

21 

new	
  instance	
   ranking	
  ?	
  

A B C D



LABEL 	
  RANKING: 	
  PRED ICT ION 	
   	
  

22 

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	
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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	
  



B IPART ITE 	
  RANKING 	
  

25 

predicted	
  ranking	
  
(e.g.,	
  ordering	
  by	
  score)	
  

most	
  likely	
  negaFve	
  most	
  likely	
  posiFve	
  

query	
  set	
  of	
  instances	
  to	
  
be	
  ranked,	
  each	
  
described	
  in	
  terms	
  of	
  a	
  
set	
  of	
  features.	
  

(m, 26, 18, ...)!



B IPART ITE 	
  RANKING 	
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predicted	
  ranking	
  
(e.g.,	
  ordering	
  by	
  score)	
  

most	
  likely	
  negaFve	
  

ranking	
  error	
  

most	
  likely	
  posiFve	
  

query	
  set	
  of	
  instances	
  to	
  
be	
  ranked,	
  each	
  
described	
  in	
  terms	
  of	
  a	
  
set	
  of	
  features.	
  



Training	
  
X1	
   X2	
   X3	
   X4	
   class	
  
0.34	
   0	
   10	
   174	
   –1	
  

1.45	
   0	
   32	
   277	
   +1	
  

0.74	
   1	
   25	
   165	
   +1	
  

…	
   …	
   …	
   …	
   ....	
  

0.95	
   1	
   72	
   273	
   –1	
  

B IPART ITE 	
  RANKING 	
  

class	
  informa@on	
  
(posi@ve	
  or	
  nega@ve)	
  

27 

J u s t 	
   t h e 	
   s ame 	
   a s 	
   c l a s s i fi c a>on ? 	
  



RANKING 	
  VERSUS 	
  CLASS IF ICAT ION 	
  

posi@ve	
   nega@ve	
  

A	
  ranker	
  (based	
  on	
  scores)	
  can	
  be	
  turned	
  into	
  a	
  classifier	
  via	
  thresholding:	
  

A	
  good	
  classifier	
  is	
  not	
  necessarily	
  a	
  good	
  ranker:	
  

2	
  classifica@on	
  but	
  
10	
  ranking	
  errors	
  

à	
  	
  	
  learning	
  scoring	
  func>ons	
  that	
  minimize	
  rank	
  loss	
  	
  !	
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RankSVM	
  AND	
  RELATED 	
  METHODS 	
  

§  The	
  idea	
  is	
  to	
  minimize	
  a	
  convex	
  upper	
  bound	
  on	
  the	
  empirical	
  ranking	
  
error	
  over	
  a	
  class	
  of	
  (kernelized)	
  ranking	
  func@ons:	
  

check	
  for	
  all	
  posi@ve/
nega@ve	
  pairs	
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RankSVM	
  AND	
  RELATED 	
  METHODS 	
  

§  The	
  idea	
  is	
  to	
  minimize	
  a	
  convex	
  upper	
  bound	
  on	
  the	
  empirical	
  ranking	
  
error	
  over	
  a	
  class	
  of	
  (kernelized)	
  ranking	
  func@ons:	
  

convex	
  upper	
  bound	
  on	
  

regularizer	
  check	
  for	
  all	
  posi@ve/
nega@ve	
  pairs	
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RankSVM	
  AND	
  RELATED 	
  METHODS 	
  

§  The	
  bipar@te	
  RankSVM	
  algorithm	
  [Herbrich	
  et	
  al.	
  2000,	
  Joachims	
  2002]:	
  

hinge	
  loss	
  

regularizer	
  

reproducing	
  kernel	
  
Hilbert	
  space	
  (RKHS)	
  with	
  

kernel	
  K 

à  learning	
  comes	
  down	
  to	
  solving	
  a	
  QP	
  problem	
  (expensive)	
  
à  issues	
  with	
  sta@s@cal	
  consistency	
  (e.g.,	
  Duchie	
  et	
  al.	
  (2010))	
  

31 
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MULT I -­‐ARMED	
  BANDITS 	
  

33 

„pulling	
  an	
  arm“	
   choosing	
  an	
  op@on	
  

par>al	
  informa>on	
  online	
  learning	
  
sequen>al	
  decision	
  process	
  



MULT I -­‐ARMED	
  BANDITS 	
  

34 

„pulling	
  an	
  arm“	
   choosing	
  an	
  op@on	
  

choice	
  of	
  an	
  op@on/strategy	
  	
  (arm)	
  yields	
  a	
  random	
  reward	
  

par>al	
  informa>on	
  online	
  learning	
  
sequen>al	
  decision	
  process	
  



MULT I -­‐ARMED	
  BANDITS 	
  

35 

„pulling	
  an	
  arm“	
   puwng	
  an	
  adver@sement	
  
on	
  a	
  website	
  

choice	
  of	
  an	
  op@on/strategy	
  	
  (arm)	
  yields	
  a	
  random	
  reward	
  

par>al	
  informa>on	
  online	
  learning	
  
sequen>al	
  decision	
  process	
  



MULT I -­‐ARMED	
  BANDITS 	
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Immediate	
  reward:	
  
Cumula@ve	
  reward:	
  

2.5 
2.5 



MULT I -­‐ARMED	
  BANDITS 	
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Immediate	
  reward:	
  
Cumula@ve	
  reward:	
  

2.5 3.1 
2.5 5.6 



MULT I -­‐ARMED	
  BANDITS 	
  

38 

Immediate	
  reward:	
  
Cumula@ve	
  reward:	
  

2.5 3.1 1.7   
2.5 5.6 7.3  



MULT I -­‐ARMED	
  BANDITS 	
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Immediate	
  reward:	
  
Cumula@ve	
  reward:	
  

2.5 3.1 1.7  3.7 ... 
2.5 5.6 7.3 11.0 ... 

maximize	
  cumula@ve	
  reward	
  à	
  explore	
  and	
  exploit	
  (tradeoff)	
  

find	
  best	
  op@on	
  à	
  pure	
  explora>on	
  



BOUND	
  ON	
  EXPECTED 	
  REGRET 	
  

40 



THE 	
  EPS -­‐GREEDY 	
  ALGORITHM	
  

41 



THE 	
  UCB 	
  ALGORITHM	
  

42 

The	
  UCB	
  algorithm,	
  introduced	
  by	
  Auer	
  et	
  al.	
  (2002),	
  implements	
  the	
  
opFmism	
  in	
  the	
  face	
  of	
  uncertainty	
  principle.	
  



THE 	
  UCB 	
  ALGORITHM	
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1 

0 
arm 1 arm 2 arm 3 arm 4 arm 5 arm 6 



THE 	
  UCB 	
  ALGORITHM	
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1 

0 
arm 1 arm 2 arm 3 arm 4 arm 5 arm 6 



BOUND	
  ON	
  EXPECTED 	
  REGRET 	
  

45 



PREFERENCE -­‐BASED 	
  BANDITS 	
  

46 

In	
  many	
  applica@ons,	
  	
  
-  the	
  assignment	
  of	
  (numeric)	
  rewards	
  to	
  single	
  outcomes	
  (and	
  

therefore	
  the	
  assessment	
  of	
  individual	
  op@ons	
  on	
  an	
  absolute	
  scale)	
  
is	
  difficult,	
  	
  

-  while	
  the	
  qualitaFve	
  comparison	
  between	
  pairs	
  of	
  outcomes	
  (arms/
op@ons)	
  is	
  more	
  feasible.	
  	
  



PREFERENCE -­‐BASED 	
  BANDITS 	
  

47 

RETRIEVAL	
  
FUNCTION	
  	
  

1	
  

The	
  result	
  returned	
  by	
  the	
  third	
  retrieval	
  
func>on,	
  for	
  a	
  given	
  query,	
  is	
  preferred	
  to	
  the	
  
result	
  returned	
  by	
  the	
  first	
  search	
  engine.	
  

RETRIEVAL	
  
FUNCTION	
  	
  

2	
  

RETRIEVAL	
  
FUNCTION	
  	
  

3	
  

RETRIEVAL	
  
FUNCTION	
  	
  

4	
  

RETRIEVAL	
  
FUNCTION	
  	
  

5	
  

Noisy	
  preference	
  can	
  
be	
  inferred	
  from	
  how	
  
a	
  user	
  clicks	
  through	
  
an	
  interleaved	
  list	
  of	
  
documents	
  [Radlinski	
  
et	
  al.,	
  2008].	
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PLAYER	
  
1	
  

PLAYER	
  
2	
  

PLAYER	
  
3	
  

PLAYER	
  
4	
  

PLAYER	
  
5	
  

Third	
  player	
  has	
  beaten	
  first	
  player	
  in	
  a	
  match.	
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PLAYER	
  
1	
  

PLAYER	
  
2	
  

PLAYER	
  
3	
  

PLAYER	
  
4	
  

PLAYER	
  
5	
  

-  This	
  seLng	
  has	
  first	
  been	
  introduced	
  as	
  the	
  dueling	
  bandits	
  problem	
  (Yue	
  
and	
  Joachims,	
  2009).	
  

-  More	
  generally,	
  we	
  shall	
  speak	
  of	
  preference-­‐based	
  mul7-­‐armed	
  bandits	
  
(PB-­‐MAB).	
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finite	
  @me	
  horizon,	
  
cumula@ve	
  regret	
  

finite	
  @me	
  horizon,	
  
simple	
  regret	
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infinite	
  @me	
  horizon,	
  
cumula@ve	
  regret	
  

pure	
  explora@on,	
  
termina@on	
  decided	
  
by	
  algorithm	
  



PROBABIL ITY 	
  EST IMAT ION 	
  

54 



PROBABIL ITY 	
  EST IMAT ION 	
  

55 



PROBABIL ITY 	
  EST IMAT ION 	
  

56 

0 1 

0 1 
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

uncertainty	
  about	
  pairwise	
  
preferences	
  

uncertainty	
  
about	
  ranking	
  

translates	
  
into	
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SAMPLE	
  
SPACE	
  

COMPLEXITY	
  

number	
  of	
  pairwise	
  
comparisons	
  taken	
  by	
  

the	
  algorithm	
  

SAMPLE	
  
SPACE	
  

COMPLEXITY	
  

BOUND	
  
± 

number	
  of	
  pairwise	
  
comparisons	
  taken	
  by	
  

the	
  algorithm	
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  OF 	
  THE 	
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pure	
  exploraFon	
   explore/exploit	
  
(finite	
  Fme	
  horizon)	
  

expore/exploit	
  
(infinite	
  horizon)	
  

ac@ons	
   pairwise	
  comparison	
  
or	
  termina@on	
  

pairwise	
  comparison	
  
	
  

pairwise	
  comparison	
  

recommenda@on	
   top-­‐1,	
  top-­‐k,	
  
ranking,	
  ...	
  

top-­‐1	
   -­‐-­‐-­‐	
  

cost	
  of	
  ac@on	
   unit	
  cost	
   subop@mality	
  of	
  
selected	
  pair	
  (regret)	
  

subop@mality	
  of	
  
selected	
  pair	
  (regret)	
  

evalua@on	
   sample	
  complexity	
   simple	
  regret	
  or	
  
cumula@ve	
  regret	
  

cumula@ve	
  regret	
  

type	
  of	
  analysis	
   bounds,	
  PAC	
  bounds	
  
in	
  the	
  case	
  of	
  
approxima@on	
  

bounds	
  on	
  regret,	
  
expecta@on	
  or	
  high	
  
probability	
  

bounds	
  on	
  expected	
  
regret,	
  high	
  
probability	
  bounds	
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e x p l o r e 	
   e x p l o i t 	
  

What	
  is	
  a	
  good	
  tradeoff,	
  i.e.,	
  how	
  much	
  >me	
  should	
  be	
  devoted	
  to	
  explora>on?	
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preference-­‐based	
  
(stochas@c)	
  MAB	
  

consistent	
  
preferences	
  

axioma@cs	
  

interleaved	
  filter	
  

possibly	
  
inonsistent	
  
preferences	
  

u@lity	
  func@ons	
  

sta@s@cal	
  models	
  

beat-­‐the-­‐mean	
  

RUCB	
  

gradient	
  descent	
  

reduc@on	
  

Mallows	
  

vo@ng	
  bandits	
  

preference-­‐based	
  
racing	
  

PAC	
  rank	
  
elicita@on	
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preference-­‐based	
  
(stochas@c)	
  MAB	
  

consistent	
  
preferences	
  

axioma@cs	
  

interleaved	
  filter	
  

possibly	
  
inonsistent	
  
preferences	
  

u@lity	
  func@ons	
  

sta@s@cal	
  models	
  

beat-­‐the-­‐mean	
  

RUCB	
  

gradient	
  descent	
  

reduc@on	
  

Mallows	
  

vo@ng	
  bandits	
  

preference-­‐based	
  
racing	
  

PAC	
  rank	
  
elicita@on	
  



INTERLEAVED 	
  F I LTER 	
  

70 



INTERLEAVED 	
  F I LTER 	
  

71 



INTERLEAVED 	
  F I LTER 	
  

72 



STRONG	
  STOCHAST IC 	
  TRANS IT IV ITY 	
  

73 

a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 

a2 0.4 -- 0.8 0.9 

a3 0.4 0.2 -- 0.6 

a4 0.4 0.1 0.4 -- 

viola>on	
  of	
  strong	
  stochas>c	
  transi>vity	
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BEAT 	
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BEAT 	
  THE 	
  MEAN	
  

76 

a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 0.6 

a2 0.4 -- 0.8 0.9 0.7 

a3 0.4 0.2 -- 0.6 0.4 

a4 0.4 0.1 0.4 -- 0.3 

The	
  best	
  arm	
  does	
  not	
  necessarily	
  have	
  the	
  best	
  expected	
  performance	
  
(highest	
  probability	
  of	
  winning),	
  though	
  it	
  cannot	
  be	
  the	
  worst	
  either.	
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a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 0.6 

a2 0.4 -- 0.8 0.9 0.7 

a3 0.4 0.2 -- 0.6 0.4 

a4 0.4 0.1 0.4 -- 0.3 

a1 a2 a3 

a1 -- 0.6 0.6 0.6 

a2 0.4 -- 0.8 0.6 

a3 0.4 0.2 -- 0.3 

a1 a2 

a1 -- 0.6 0.6 

a2 0.4 -- 0.4 
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RUCB 	
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RUCB 	
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 

0 1 

0 1 

0 1 
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 

0 1 

0 1 

0 1 
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 

0 1 

0 1 

0 1 
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 

0 1 

0 1 

0 1 
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0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 0 1 0 1 

0 1 

0 1 

0 1 

0 1 

first	
  arm	
  will	
  be	
  
compared	
  to	
  itself	
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preference-­‐based	
  
(stochas@c)	
  MAB	
  

consistent	
  
preferences	
  

axioma@cs	
  

interleaved	
  filter	
  

possibly	
  
inonsistent	
  
preferences	
  

u@lity	
  func@ons	
  

sta@s@cal	
  models	
  

beat-­‐the-­‐mean	
  

RUCB	
  

gradient	
  descent	
  

reduc@on	
  

Mallows	
  

vo@ng	
  bandits	
  

preference-­‐based	
  
racing	
  

PAC	
  rank	
  
elicita@on	
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MulFSBM	
  

96 

1 

2/3 

1/3 

0 

0 

1/6 

2/6 

3/6 

1/6 

2/6 

3/6 

4/6 

2/6 

3/6 

4/6 

5/6 

3/6 

4/6 

5/6 

1 

r i g h t 	
   a rm 	
  
le

h
	
  a

rm
	
  



MulFSBM	
  

97 

1 

2/3 

1/3 

0 

1/2 

4/6 

5/6 

1 

2/6 

1/2 

4/6 

5/6 

1/6 

2/6 

1/2 

4/6 

0 

1/6 

2/6 

1/2 

r i g h t 	
   a rm 	
  
le

h
	
  a

rm
	
  



MulFSBM	
  

98 

1 

2/3 

1/3 

0 

1/2 

4/6 

5/6 

1 

2/6 

1/2 

4/6 

5/6 

1/6 

2/6 

1/2 

4/6 

0 

1/6 

2/6 

1/2 

r i g h t 	
   a rm 	
  
le

h
	
  a

rm
	
  



LATENT 	
  UT I L I TY 	
   FUNCT IONS 	
  

99 



SPARR ING 	
  

100 

Sparring	
  (Ailon	
  et	
  al.,	
  2014)	
  performs	
  very	
  well	
  in	
  prac>ce	
  but	
  is	
  difficult	
  to	
  analyze	
  
formally	
  (due	
  to	
  non-­‐stochas>c	
  nature	
  of	
  feedback).	
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preference-­‐based	
  
(stochas@c)	
  MAB	
  

consistent	
  
preferences	
  

axioma@cs	
  

interleaved	
  filter	
  

possibly	
  
inonsistent	
  
preferences	
  

u@lity	
  func@ons	
  

sta@s@cal	
  models	
  

beat-­‐the-­‐mean	
  

RUCB	
  

gradient	
  descent	
  

reduc@on	
  

Mallows	
  

vo@ng	
  bandits	
  

preference-­‐based	
  
racing	
  

PAC	
  rank	
  
elicita@on	
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-  We	
  might	
  not	
  only	
  be	
  interested	
  in	
  the	
  single	
  best	
  (top-­‐1)	
  alterna@ve,	
  
but	
  perhaps	
  in	
  a	
  complete	
  ranking	
  of	
  arms,	
  or	
  at	
  least	
  larger	
  parts	
  of	
  it	
  
(for	
  example,	
  a	
  top-­‐k	
  ranking).	
  	
  

-  In	
  that	
  case,	
  it	
  appears	
  natural	
  to	
  refer	
  to	
  staFsFcal	
  models	
  of	
  rank	
  
data,	
  which	
  have	
  been	
  studied	
  in	
  sta@s@cs	
  (and	
  applied	
  fields	
  such	
  as	
  
vo@ng	
  theory,	
  social	
  choice,	
  etc.)	
  for	
  a	
  long	
  @me.	
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Â	
   Â	
   Â	
  

Pairwise	
  marginals	
  of	
  a	
  permuta@on-­‐valued	
  random	
  variable:	
  

Â	
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Need 	
  a 	
  pa ramete r i zed 	
   f am i l y 	
   o f 	
  

	
   d i s t r i bu@ons 	
  on 	
   the 	
  pe rmuta@on 	
   space ! 	
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THE 	
  MALLOWS 	
  MODELL 	
  

reference	
  ranking	
   spread	
  parameter	
  

normaliza@on	
  
constant	
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0.05	
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reference	
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linear	
  extensions	
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Sample	
  complexity	
  for	
  K=10,	
  ±	
  =	
  0.05	
  and	
  different	
  values	
  of	
  Á.	
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Bayern	
  München	
  

Werder	
  Bremen	
  

Schalke	
  04	
  

Hannover	
  96	
  

Dortmund	
  

Leverkusen	
  

VFB	
  Stu{gart	
  

§  In	
  general,	
  the	
  approach	
  performs	
  
quite	
  well	
  compared	
  to	
  baselines.	
  

§  However,	
  it	
  may	
  fail	
  if	
  the	
  
underlying	
  data	
  is	
  not	
  enough
„Mallowsian“	
  ...	
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preference-­‐based	
  
(stochas@c)	
  MAB	
  

consistent	
  
preferences	
  

axioma@cs	
  

interleaved	
  filter	
  

possibly	
  
inonsistent	
  
preferences	
  

u@lity	
  func@ons	
  

sta@s@cal	
  models	
  

beat-­‐the-­‐mean	
  

RUCB	
  

gradient	
  descent	
  

reduc@on	
  

Mallows	
  

vo@ng	
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COHERENCE	
  

GROUND	
  
TRUTH	
   ...	
  the	
  preference	
  rela>on	
  is	
  derived	
  

from,	
  or	
  at	
  least	
  strongly	
  restricted	
  
by	
  the	
  target	
  (ranking	
  or	
  best	
  arm)!	
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CONNECTION	
  ?	
  

TARGET	
  
RANKING	
  ?	
  

Now,	
  take	
  any	
  preference	
  rela>on	
  
as	
  a	
  point	
  of	
  departure	
  ...	
  

The	
  target	
  can	
  then	
  be	
  defined	
  by	
  means	
  of	
  a	
  ranking	
  procedure!	
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Copeland	
  (number	
  of	
  wins,	
  binary	
  vo@ng):	
  

a1	
  Â	
  a2	
  Â a3 Â a4	
  	
  

a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 3 

a2 0.4 -- 0.8 0.9 2 

a3 0.4 0.2 -- 0.6 1 

a4 0.4 0.1 0.4 -- 0 
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Borda	
  (weighted	
  vo@ng,	
  sum	
  of	
  expecta@ons):	
  

a2	
  Â	
  a1	
  Â a3 Â a4	
  	
  

a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 1.8 

a2 0.4 -- 0.8 0.9 2.1 

a3 0.4 0.2 -- 0.6 1.2 

a4 0.4 0.1 0.4 -- 0.9 
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a1 a2 a3 a4 

a1 -- 0.6 0.6 0.6 1.8 

a2 0.4 -- 0.8 0.9 2.1 

a3 0.4 0.2 -- 0.6 1.2 

a4 0.4 0.1 0.4 -- 0.9 

Easy	
  reduc@on	
  for	
  the	
  case	
  of	
  Borda:	
  

Choosing	
  an	
  arm	
  =	
  pairing	
  it	
  with	
  a	
  randomly	
  chosen	
  alterna@ve:	
  	
  

a1	
   a2	
   a3	
   a4	
  
reward 0 0.4 0.3 0.6 0.7 

reward 1 0.6 0.7 0.4 0.3 
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0.7 0.55 0.575 0.75 0.55 0.775 0.7 

0.3 0.55 0.475 0.425 0.525 0.6 0.675 

0.45 0.45 0.425 0.55 0.55 0.65 0.6 

0.425 0.525 0.575 0.4 0.6 0.5 0.65 

0.25 0.575 0.45 0.6 0.45 0.65 0.675 

0.45 0.475 0.45 0.5 0.35 0.5 0.675 

0.225 0.4 0.35 0.5 0.35 0.45 0.675 

0.3 0.325 0.4 0.35 0.325 0.35 0.325 
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² =	
  0.02	
   ² =	
  0.1	
  

[7,7] [4,7] 

[4,4] [1,6] 

[4,4] [1,7] 

[4,5] [1,7] 

[4,4] [2,6] 

[3,3] [1,7] 

[1,2] [1,4] 

[0,0] [0,1] 

Bayern	
  München	
  

Dortmund	
  

Leverkusen	
  

VFB	
  Stu{gart	
  

Schalke	
  04	
  

Werder	
  Bremen	
  

VFB	
  Wolfsburg	
  

Hannover	
  96	
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Hannover	
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decides	
  which	
  pairwise	
  preferences	
  
s@ll	
  need	
  to	
  be	
  sampled	
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sure	
  wins	
  

possible	
  wins	
  

Choose	
  a	
  pair,	
  for	
  which	
  the	
  upper	
  bound	
  on	
  the	
  
predic>on	
  loss	
  promises	
  to	
  decrease	
  the	
  most!	
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Empirically,	
  significant	
  gains	
  are	
  reported	
  in	
  comparison	
  to	
  random	
  sampling.	
  	
  



SUMMARY 	
  & 	
  CONCLUS ION 	
  

Preference	
  learning	
  is	
  
	
  
-  methodologically	
  interes@ng,	
  	
  

-  theoreFcally	
  challenging,	
  
-  and	
  pracFcally	
  useful,	
  with	
  many	
  poten@al	
  applicaFons;	
  

-  more	
  general	
  than	
  could	
  be	
  shown	
  in	
  this	
  talk	
  („preferences“	
  in	
  the	
  broad	
  
sense,	
  standard	
  ML	
  problems	
  as	
  special	
  cases,	
  ...);	
  in	
  fact,	
  a	
  flexible	
  machine	
  
learning	
  framework	
  for	
  learning	
  from	
  weak	
  supervision;	
  

-  interdisciplinary	
  (connec@ons	
  to	
  opera@ons	
  research,	
  decision	
  sciences,	
  	
  
economics,	
  social	
  choice,	
  recommender	
  systems,	
  informa@on	
  retrieval,	
  ...).	
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SUMMARY 	
  & 	
  CONCLUS ION 	
  

Preference-­‐based	
  online	
  learning	
  with	
  mul@-­‐armed	
  bandits	
  (PB-­‐MAB):	
  
	
  
-  emerging	
  research	
  topic,	
  

-  no	
  complete	
  and	
  coherent	
  framework	
  so	
  far,	
  

-  many	
  open	
  quesFons	
  and	
  problems	
  (e.g.,	
  necessary	
  assump@ons	
  on	
  
preference	
  rela@on	
  to	
  guarantee	
  certain	
  bounds	
  on	
  regret	
  or	
  sample	
  
complexity,	
  lower	
  bounds,	
  sta@s@cal	
  tests	
  for	
  verifying	
  model	
  
assump@ons,	
  generaliza@ons	
  to	
  large	
  (structured)	
  set	
  of	
  arms,	
  contextual	
  
bandits,	
  adversarial	
  sewng,	
  etc.,	
  prac@cal	
  applica@ons,	
  ...)	
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