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What	
  is	
  Personalized	
  
RecommendaKon?	
  	
  

•  Personalized	
  RecommendaKon	
  help	
  users	
  find	
  interesKng	
  
items	
  based	
  the	
  individual	
  interest	
  of	
  each	
  item.	
  

–  UlKmate	
  Goal:	
  maximize	
  user	
  engagement. 	
  	
  

All	
  the	
  images	
  are	
  downloaded	
  from	
  Google	
  Image.	
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What	
  is	
  Cold	
  Start	
  Problem?	
  

•  Do	
  not	
  have	
  enough	
  observaKons	
  for	
  new	
  
items	
  or	
  new	
  users.	
  
– How	
  to	
  predict	
  the	
  preference	
  of	
  users	
  if	
  we	
  do	
  
not	
  have	
  data?	
  

•  Many	
  pracKcal	
  issues	
  for	
  offline	
  data	
  
– Historical	
  user	
  log	
  data	
  is	
  biased.	
  
– User	
  interest	
  may	
  change	
  over	
  Kme.	
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Solving	
  Cold	
  Start	
  Problem	
  

•  Feature	
  based	
  modeling	
  
– How	
  about	
  if	
  the	
  new	
  items	
  have	
  new	
  features?	
  

•  ExploraKon	
  and	
  ExploitaKon	
  (Our	
  paper)	
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ExploitaKon	
  vs	
  ExploraKon	
  
•  ExploitaKon:	
  
–  Show	
  “best”	
  items	
  to	
  maximize	
  the	
  user’s	
  engagement.	
  

•  ExploraKon:	
  
–  Show	
  new	
  items	
  to	
  explore	
  the	
  user’s	
  preference.	
  
	
  

•  Goal:	
  
– Maximize	
  the	
  overall	
  user’s	
  engagement.	
  

•  Tradeoff:	
  
–  Only	
  exploitaKon,	
  you	
  will	
  have	
  bad	
  esKmaKon	
  for	
  “best”	
  
items.	
  

–  Only	
  exploraKon,	
  you	
  will	
  have	
  low	
  user’s	
  engagement.	
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Bandit	
  Algorithm	
  in	
  
Recommender	
  Systems	
  

•  Bandit	
  algorithm	
  is	
  a	
  framework	
  to	
  balance	
  the	
  
tradeoff	
  of	
  ExploitaKon	
  and	
  ExploraKon	
  [2].	
  

•  MulK-­‐armed	
  Bandit	
  Algorithms	
  [4]	
  
–  EsKmate	
  the	
  reward	
  of	
  each	
  item	
  based	
  on	
  the	
  click	
  and	
  
impression	
  counts.	
  E.g.,	
  ε-­‐greedy	
  [34],	
  UCB[19],	
  Bernoulli	
  
Thomson	
  Sampling	
  [14].	
  

•  Contextual	
  Bandit	
  algorithms	
  [35]	
  
–  EsKmate	
  the	
  reward	
  of	
  each	
  item	
  based	
  on	
  a	
  feature-­‐
based	
  predicKon	
  model,	
  where	
  the	
  context	
  is	
  seen	
  as	
  a	
  
feature	
  vector.	
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  How	
  to	
  Balance	
  Tradeoff	
  
•  Performance	
  is	
  mainly	
  determined	
  by	
  the	
  tradeoff.	
  ExisKng	
  

algorithms	
  find	
  the	
  tradeoff	
  by	
  user	
  input	
  parameters	
  and	
  
data	
  characterisKcs	
  (e.g.,	
  variance	
  of	
  the	
  esKmated	
  reward).	
  

•  ExisKng	
  algorithms	
  are	
  all	
  parameter-­‐sensiKve.	
  

An	
  
algorithm	
  

Bad	
  

Good	
  parameter	
  is	
  good	
  

parameter	
  is	
  bad	
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Chicken-­‐and-­‐Egg	
  Problem	
  for	
  
ExisKng	
  Bandit	
  Algorithms	
  

•  Why	
  we	
  use	
  bandit	
  algorithms?	
  
–  Solve	
  the	
  cold	
  start	
  problem	
  (No	
  enough	
  data	
  for	
  
esKmaKng	
  user	
  preferences).	
  

•  How	
  to	
  find	
  the	
  best	
  input	
  parameters?	
  
–  Tune	
  the	
  parameters	
  online	
  or	
  offline.	
  

If	
  you	
  already	
  have	
  the	
  data	
  to	
  tune	
  the	
  parameters,	
  why	
  
do	
  you	
  need	
  bandit	
  algorithms?	
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Our	
  Work	
  

•  Parameter-­‐free:	
  
–  It	
  can	
  find	
  the	
  tradeoff	
  by	
  data	
  characterisKcs	
  
automaKcally.	
  

	
  

•  Robust:	
  
– ExisKng	
  algorithm	
  can	
  have	
  very	
  bad	
  performance	
  
if	
  the	
  input	
  parameter	
  is	
  not	
  appropriate.	
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SoluKon	
  

•  Thompson	
  Sampling	
  	
  
–  Randomly	
  select	
  a	
  model	
  coefficient	
  vector	
  from	
  posterior	
  
distribuKon	
  and	
  find	
  the	
  “best”	
  item.	
  

–  Prior	
  is	
  the	
  input	
  parameter	
  for	
  compuKng	
  posterior.	
  

•  Non-­‐Bayesian	
  Thompson	
  Sampling	
  (Our	
  Solu0on)	
  
–  Randomly	
  select	
  a	
  bootstrap	
  sample	
  to	
  find	
  the	
  MLE	
  of	
  
model	
  coefficient	
  and	
  find	
  the	
  “best”	
  item.	
  

–  Bootstrapping	
  has	
  no	
  input	
  parameter.	
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Bootstrap	
  Bandit	
  Algorithm	
  
Input	
  :	
  a	
  feature	
  vector	
  x	
  of	
  the	
  context.	
  
Output:	
  an	
  item	
  to	
  show	
  
	
  
if each article has sufficient observations then {
  for each article i=1,…, k 

i.  Di ç randomly sample nk impression data of article i with 
replacement // Generate a bootstrap sample. 

ii.   θi ç MLE coefficient of Di // Model estimation on bootstrap sample
  select the article i* = argmax(f(x, θi)), i=1,…, k. to show.
}
else {���

  randomly select an article that has no sufficient observations to show.
}

PredicKon	
  funcKon	
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Online	
  Bootstrap	
  Bandits	
  

•  Why	
  Online	
  Bootstrap?	
  
–  	
  Inefficient	
  to	
  generate	
  a	
  bootstrap	
  sample	
  for	
  each	
  
recommendaKon.	
  

•  How	
  to	
  online	
  bootstrap?	
  
–  Keep	
  the	
  coefficient	
  esKmated	
  by	
  each	
  bootstrap	
  sample	
  
in	
  memory.	
  	
  

–  No	
  need	
  to	
  keep	
  all	
  bootstrap	
  samples	
  in	
  memory.	
  
– When	
  a	
  new	
  data	
  arrives,	
  incrementally	
  update	
  the	
  
esKmated	
  coefficient	
  for	
  each	
  bootstrap	
  sample	
  [23].	
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Experiment	
  Data	
  
•  Two	
  public	
  data	
  sets	
  
– News	
  recommendaKon	
  data	
  (Yahoo!	
  Today	
  News)	
  

•  News	
  displayed	
  on	
  the	
  Yahoo!	
  Front	
  Page	
  from	
  Oct.	
  
2nd,	
  2011	
  to	
  Oct.	
  16th	
  2011.	
  
•  28,041,015	
  user	
  visit	
  events.	
  
•  136	
  dimensions	
  of	
  feature	
  vector	
  for	
  each	
  event.	
  

– Online	
  adverKsing	
  data	
  (KDD	
  Cup	
  2012,	
  Track	
  2)	
  
•  The	
  data	
  set	
  is	
  collected	
  by	
  a	
  search	
  engine	
  and	
  
published	
  by	
  KDD	
  Cup	
  2012.	
  
•  1	
  million	
  user	
  visit	
  events.	
  
•  1,070,866	
  dimensions	
  of	
  the	
  context	
  feature	
  vector.	
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Offline	
  EvaluaKon	
  Metric	
  
and	
  Methods	
  

•  Performance	
  Metric	
  
– Overall	
  CTR	
  (average	
  reward	
  of	
  a	
  trial).	
  

•  EvaluaKon	
  Method	
  
– The	
  experiment	
  on	
  Yahoo!	
  Today	
  News	
  is	
  
evaluated	
  by	
  replay	
  [20].	
  

– The	
  reward	
  on	
  KDD	
  Cup	
  2012	
  AD	
  data	
  is	
  simulated	
  
with	
  a	
  weight	
  vector	
  for	
  each	
  AD	
  [8].	
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Experimental	
  Methods	
  

•  Our	
  method	
  
1.  Bootstrap(B),	
  where	
  B	
  is	
  the	
  number	
  of	
  bootstrap	
  samples.	
  	
  

•  Baselines	
  
1.  Random:	
  it	
  randomly	
  selects	
  an	
  arm	
  to	
  pull.	
  
2.  Exploit:	
  it	
  only	
  consider	
  the	
  exploitaKon	
  without	
  exploraKon.	
  
3.  ε-­‐greedy(ε):	
  ε	
  is	
  the	
  probability	
  of	
  exploraKon	
  [34].	
  
4.  LinUCB(α):	
  it	
  pulls	
  the	
  arm	
  with	
  largest	
  score	
  defined	
  by	
  the	
  

parameter	
  α	
  [19].	
  
5.  TS(q0):	
  Thompson	
  sampling	
  with	
  logisKc	
  regression,	
  where	
  q0-­‐1	
  is	
  the	
  

prior	
  variance,	
  0	
  is	
  the	
  prior	
  mean[8].	
  
6.  TSNR(q0):	
  Similar	
  to	
  TS(q0),	
  but	
  the	
  logisKc	
  regression	
  is	
  not	
  

regularized	
  by	
  the	
  prior.	
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Experiment(Yahoo!	
  News	
  Data)	
  

17	
  

•  All	
  numbers	
  are	
  relaKve	
  to	
  the	
  random	
  model.	
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Experiment(AD	
  KDD	
  Cup’12)	
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•  All	
  numbers	
  are	
  relaKve	
  to	
  the	
  random	
  model.	
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CTR	
  over	
  Time	
  Bucket	
  
(Yahoo!	
  News	
  Data)	
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CTR	
  over	
  Time	
  Buckets	
  (KDD	
  
Cup	
  Ads	
  Data)	
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Efficiency	
  
•  Time	
  cost	
  on	
  different	
  bootstrap	
  sample	
  sizes	
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Summary	
  of	
  Experiment	
  

•  Summary	
  
–  For	
  solving	
  the	
  contextual	
  bandit	
  problem,	
  the	
  
algorithms	
  of	
  є-­‐greedy	
  and	
  LinUCB	
  can	
  achieve	
  the	
  
opKmal	
  performance,	
  but	
  the	
  input	
  parameters	
  that	
  
control	
  the	
  exploraKon	
  need	
  to	
  be	
  tuned	
  carefully.	
  

–  The	
  probability	
  matching	
  strategies	
  highly	
  depend	
  on	
  
the	
  selecKon	
  of	
  the	
  prior.	
  

– Our	
  proposed	
  algorithm	
  is	
  a	
  safe	
  choice	
  of	
  building	
  
predicKve	
  models	
  for	
  contextual	
  bandit	
  problems	
  
under	
  the	
  scenario	
  of	
  cold-­‐start.	
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Conclusion	
  

•  Propose	
  a	
  non-­‐Bayesian	
  Thompson	
  Sampling	
  method	
  
to	
  solve	
  the	
  personalized	
  recommendaKon	
  problem.	
  

•  Give	
  both	
  theoreKcal	
  and	
  empirical	
  analysis	
  to	
  show	
  
that	
  the	
  performance	
  of	
  Thompson	
  sampling	
  
depends	
  on	
  the	
  choice	
  of	
  the	
  prior.	
  

•  Conduct	
  extensive	
  experiments	
  on	
  real	
  data	
  sets	
  to	
  
demonstrate	
  the	
  efficacy	
  of	
  the	
  proposed	
  method	
  
and	
  other	
  contextual	
  bandit	
  algorithms.	
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QuesKon	
  and	
  Answer	
  

Thanks!	
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