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PREFERENCES 	
  ARE 	
  UB IQUITOUS 	
  

Preferences	
  play	
  a	
  key	
  role	
  in	
  many	
  applica=ons	
  of	
  computer	
  science	
  and	
  
modern	
  informa=on	
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PERSONALIZED	
  
MEDICINE	
  

SERVICE-­‐ORIENTED	
  
COMPUTING	
  

medica=ons	
  or	
  therapies	
  
specifically	
  tailored	
  for	
  
individual	
  pa=ents	
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   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!	
  

-  Massive	
  amounts	
  of	
  very	
  
noisy	
  data!	
  



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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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.	
  relaTve	
  (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.	
  mulTple	
  users	
  (e.g.,	
  document	
  keywords	
  vs.	
  social	
  tagging)	
  

-  single	
  vs.	
  mulT-­‐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 ! 	
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OUTL INE 	
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PART 	
   1 	
  
	
  

Preference	
  	
  
learning	
  

	
  
	
  

P ART 	
   2 	
  
	
  

Ranking	
  	
  
problems	
  

	
  
	
  

P ART 	
   3 	
  
	
  

Preference-­‐based	
  
bandit	
  algorithms	
  

	
  
	
  



OBJECT 	
  RANKING 	
   [Cohen	
  et	
  al.,	
  1999]	
  

TRAINING	
  

Pairwise	
  
preferences	
  

between	
  objects	
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OBJECT 	
  RANKING 	
   [Cohen	
  et	
  al.,	
  1999]	
  

PREDICTION	
  (ranking	
  a	
  new	
  set	
  of	
  objects)	
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PREFERENCE 	
   LEARNING 	
  TASKS 	
  

15 

Theore=cally	
  challenging,	
  because	
  

-  supervision	
  is	
  weak	
  (par=al,	
  noisy,...),	
  
-  sought	
  predic=ons	
  are	
  complex/structured,	
  
-  performance	
  metrics	
  are	
  hard	
  to	
  op=mize,	
  
-  ...	
  



LABEL 	
  RANKING 	
   [EH	
  et	
  al.,	
  2008]	
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...	
  learning	
  models	
  that	
  map	
  instances	
  to	
  TOTAL	
  ORDERS	
  over	
  a	
  fixed	
  set	
  of	
  
alterna=ves/labels:	
  	
  

Â	
   Â	
  

(1.35,0,35,324) 

Â	
  

...	
  likes	
  more	
  

...	
  reads	
  more	
  

...	
  publishes	
  more	
  in	
  

...	
  	
  



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	
  

18 

new	
  instance	
   ranking	
  ?	
  

A B C D
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  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
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0.92 1 81 382 2 1 3 4 
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  ranking	
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RANK	
  CORRELATION	
  



METHODS 	
  FOR 	
   LABEL 	
  RANKING 	
  

Ranking by pairwise comparison 
[Hüllermeier et al. 08] 

 
Constraint classification  

[Har-Peled et al. 03] 
 

Log-linear models for label ranking 
[Dekel et al. 04] 

 
Structured output prediction 

[Vembu et al. 09] 
 

Local prediction (lazy learning) 
[Brinker & EH , Cheng et al. 09] 

 
Statistical models for label ranking 
[Cheng et al. 09, Cheng et al. 10] 

Reduction to binary 
classification 

Learning utility 
functions 

Learning pairwise 
preferences 

Structured 
prediction 

Structured output 
 prediction, margin  

maximization 

Boosting 

Statistical  
inference 

22 



PREFERENCE 	
   LEARNING 	
  TASKS 	
  

task	
   context	
  
(input)	
  

alterna=ve	
  
(output)	
  

training	
  
informa=on	
  

predic=on	
   ground	
  truth	
  

collabora=ve	
  
filtering	
  

ID	
   ID	
   absolute	
  
ordinal	
  

absolute	
  
ordinal	
  

absolute	
  
ordinal	
  

dyadic	
  	
  
predic=on	
  

feature	
   feature	
   absolute	
  
ordinal	
  

absolute	
  
ordinal	
  

absolute	
  
ordinal	
  

mul=label	
  
classifica=on	
  

feature	
   ID	
   absolute	
  
binary	
  

absolute	
  
binary	
  

absolute	
  
binary	
  

mul=label	
  	
  
ranking	
  

feature	
   ID	
   absolute	
  
binary	
  

ranking	
   absolute	
  
binary	
  

label	
  	
  
ranking	
  

feature	
   ID	
   rela=ve	
  
binary	
  

ranking	
   ranking	
  

object	
  	
  
ranking	
  

-­‐-­‐-­‐	
   feature	
  
	
  

rela=ve	
  
binary	
  

ranking	
   ranking	
  or	
  subset	
  

instance	
  	
  
ranking	
  

-­‐-­‐-­‐	
   feature	
  
	
  

absolute	
  
ordinal	
  

ranking	
   absolute	
  
ordinal	
  

representa=on	
   type	
  of	
  preference	
  informa=on	
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...	
  not	
  so	
  much	
  work	
  on	
  online	
  preference	
  learning	
  so	
  far.	
  	
  



PROBABIL IT IES 	
  ON 	
  RANKINGS 	
  

24 

 
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 	
  MODEL 	
  

reference	
  ranking	
   spread	
  parameter	
  

normaliza=on	
  
constant	
  

26 
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MULT I -­‐ARMED	
  BANDITS 	
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„pulling	
  an	
  arm“	
   choosing	
  an	
  op=on	
  

parDal	
  informaDon	
  online	
  learning	
  
sequenDal	
  decision	
  process	
  



MULT I -­‐ARMED	
  BANDITS 	
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„pulling	
  an	
  arm“	
   puqng	
  an	
  adver=sement	
  
on	
  a	
  website	
  

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

parDal	
  informaDon	
  online	
  learning	
  
sequenDal	
  decision	
  process	
  



MULT I -­‐ARMED	
  BANDITS 	
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„pulling	
  an	
  arm“	
   choosing	
  an	
  op=on	
  

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

parDal	
  informaDon	
  online	
  learning	
  
sequenDal	
  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 	
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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	
  exploraDon	
  (effort	
  vs.	
  certainty)	
  



MULT I -­‐ARMED	
  BANDITS 	
  

35 



THE 	
  UCB 	
  ALGORITHM	
  

36 

The	
  UCB	
  algorithm,	
  introduced	
  by	
  Auer	
  et	
  al.	
  (2002),	
  implements	
  the	
  
opTmism	
  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 	
  

39 



PREFERENCE -­‐BASED 	
  BANDITS 	
  

40 

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

the	
  assessment	
  of	
  individual	
  op=ons	
  on	
  an	
  absolute	
  scale)	
  is	
  difficult,	
  	
  
-  while	
  the	
  qualitaTve	
  comparison	
  between	
  pairs	
  of	
  outcomes	
  (arms/

op=ons)	
  is	
  more	
  feasible.	
  	
  



PREFERENCE -­‐BASED 	
  BANDITS 	
  

41 

RETRIEVAL	
  
FUNCTION	
  	
  

1	
  

The	
  result	
  returned	
  by	
  the	
  third	
  retrieval	
  
funcDon,	
  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].	
  



PREFERENCE -­‐BASED 	
  BANDITS 	
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PLAYER	
  
1	
  

PLAYER	
  
2	
  

PLAYER	
  
3	
  

PLAYER	
  
4	
  

PLAYER	
  
5	
  

Third	
  player	
  has	
  beaten	
  first	
  player	
  in	
  a	
  match.	
  



PREFERENCE -­‐BASED 	
  BANDITS 	
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PLAYER	
  
1	
  

PLAYER	
  
2	
  

PLAYER	
  
3	
  

PLAYER	
  
4	
  

PLAYER	
  
5	
  

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

-  More	
  generally,	
  we	
  speak	
  of	
  preference-­‐based	
  mul8-­‐armed	
  bandits	
  (PB-­‐MAB).	
  



FORMAL 	
  SETT ING 	
  

44 



THE 	
  PREFERENCE 	
  RELAT ION 	
  

45 



OVERVIEW	
  OF 	
  METHODS 	
  

46 

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	
  à	
  Tutorial	
  at	
  ALT	
  2014	
  



PROPERT IES 	
  OF 	
  PREFERENCE 	
  RELAT ION 	
  

47 

GROUND	
  
TRUTH	
  

...	
  the	
  preference	
  relaDon	
  
is	
  derived	
  from,	
  or	
  at	
  
least	
  strongly	
  restricted	
  
by	
  the	
  target!	
  

COHERENCE	
  

ranking	
   best	
  arm	
   top-­‐k	
  subset	
  



PROPERT IES 	
  OF 	
  PREFERENCE 	
  RELAT ION 	
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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 -- 



PREFERENCE -­‐BASED 	
  RANK 	
  EL IC ITAT ION 	
  

49 

TARGET	
  
RANKING	
  

Take	
  any	
  preference	
  relaDon	
  as	
  a	
  
point	
  of	
  departure	
  ...	
  

ra
nk
in
g	
  

pr
oc
ed

ur
e	
  



PROPERT IES 	
  OF 	
  PREFERENCE 	
  RELAT ION 	
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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 



PROPERT IES 	
  OF 	
  PREFERENCE 	
  RELAT ION 	
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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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StaDsDcal	
  approach	
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  EST IMAT ION 	
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0 1 

0 1 



PAIRWISE 	
   SAMPL ING 	
  

55 

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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MallowsMPI
BTM
IF(100)
IF(1000)
IF(5000)
IF(10000)

Sample	
  complexity	
  for	
  K=10,	
  ±	
  =	
  0.05	
  and	
  different	
  values	
  of	
  Á.	
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  VAL IDAT ION 	
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Bayern	
  München	
  

Werder	
  Bremen	
  

Schalke	
  04	
  

Hannover	
  96	
  

Dortmund	
  

Leverkusen	
  

VFB	
  Stuvgart	
  

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

§  However,	
  it	
  may	
  fail	
  if	
  the	
  
underlying	
  data	
  is	
  not	
  enough	
  
„Mallowsian“	
  ...	
  



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	
  quesTons	
  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	
  seqng,	
  prac=cal	
  applica=ons,	
  etc.,	
  ...)	
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§  Growing	
  interest	
  in	
  preference	
  learning	
  

§  Online	
  preference	
  learning	
  not	
  yet	
  strongly	
  developed	
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