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Recommender	
  System	
  

User	
  Feedback	
  
(ra1ngs)	
  

top-­‐k	
  items	
  
Model	
  User	
  
Preferences	
  	
  

+	
  
Use	
  Model	
  	
  

and	
  
Return	
  Top-­‐k	
  

feedback	
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Main	
  Research	
  Topics	
  in	
  RecSys	
  

•  PredicJon	
  Accuracy	
  
•  RecommendaJon	
  Models	
  [Adomavicius	
  and	
  Tuzhilin,	
  TKDE’05]	
  

– Content	
  based	
  
– CollaboraJve	
  Filtering	
  
– Hybrid	
  

4	
  University	
  of	
  BriJsh	
  Columbia	
  



Issues	
  of	
  ExisJng	
  Recommender	
  
Systems	
  

•  Scalability	
  [Levandoski	
  et	
  al.	
  RecBench,	
  VLDB’11]	
  
•  FuncJonality	
  [Koutrika	
  et	
  al.	
  FlexRecs,	
  SIGMOD’09]	
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Scalability	
  

Old	
  user	
  feedback	
  

top-­‐k
	
  item

s	
  

You	
  are	
  recommending	
  
me	
  cookbooks	
  AGAIN!	
  	
  

That	
  was	
  two	
  
years	
  ago!	
  

Get	
  over	
  it!	
  

Outdated	
  model	
  

Old	
  Top-­‐k	
  stored	
  in	
  DB	
  

Updates	
  are	
  necessary!	
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Item	
  Recommender	
  System	
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LimitaJon	
  of	
  Item	
  Recommender	
  

How to figure out a 
two day trip in 

Barcelona which can 
cover as many 

interesting places as 
possible? 
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LimitaJon	
  of	
  Item	
  Recommender	
  

How to find a pack 
of tweeters to follow 

without being 
overwhelmed? 
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Our	
  Envisioned	
  RecSys	
  Architecture	
  
•  2nd	
  GeneraJon	
  Recommender	
  System	
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Efficient	
  and	
  Scalable	
  	
  
Item	
  Recommender	
  System	
  

Flexible	
  Recommending	
  
Tailored	
  for	
  the	
  ApplicaJon	
  



•  Efficient	
  Top-­‐k	
  RecommendaJon	
  	
  
•  Package	
  RecommendaJon	
  	
  

•  Conclusions	
  

Outline	
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•  Efficient	
  Top-­‐k	
  RecommendaJon	
  
•  Package	
  RecommendaJon	
  

•  Conclusions	
  

Outline	
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Scalability	
  and	
  Top-­‐k	
  Algorithms	
  

•  UpdaJng	
  the	
  model	
  

•  Efficient	
  top-­‐k	
  
algorithms	
  

•  This	
  process	
  must	
  be	
  
repeated	
   Data	
  	
  

(user	
  feedback)	
  

Model	
  

Top-­‐k	
  
recommendaJon	
  

generaJon	
  

It
er
aJ

ve
	
  P
ro
ce
ss
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
–  Item-­‐based	
  collaboraJve	
  filtering	
  

– Classic	
  top-­‐k	
  algorithms	
  and	
  challenges	
  
– Proposed	
  top-­‐k	
  algorithm	
  

•  Package	
  RecommendaJon	
  

•  Conclusions	
  

Outline	
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•  Predict	
  missing	
  score	
  of	
  the	
  user	
  (U)	
  on	
  candidate	
  item	
  (I)	
  as	
  follows:	
  	
  

–  Find	
  N	
  most	
  similar	
  items	
  to	
  I	
  that	
  U	
  has	
  rated,	
  N(U,I)	
  

–  Use	
  a	
  weighted	
  average	
  of	
  their	
  raJngs	
  weighted	
  by	
  similarity	
  as	
  
predicted	
  score	
  

Item-­‐based	
  CollaboraJve	
  Filtering	
  (CF)	
  

I1	
   I2	
   I3	
   I4	
  

U1	
   1	
   2	
   3	
  

U2	
   3	
   2	
  

U3	
   3	
   4	
   1	
  

U4	
   5	
   5	
   4	
  

U5	
   5	
   4	
  

U6	
   4	
   5	
   2	
  

RaJngs	
  
I1	
   I2	
   I3	
   I4	
  

I1	
   1	
   0.9	
   0.2	
   0.4	
  

I2	
   0.9	
   1	
   0.1	
   0.8	
  

I3	
   0.2	
   0.1	
   1	
   0.7	
  

I4	
   0.4	
   0.8	
   0.7	
   1	
  

SimilariJes	
  

N(U6,	
  I4)	
  =	
  {I2,	
  I3}	
  	
  

Item-­‐based	
  CollaboraJve	
  Filtering	
  RecommendaJon	
  Algorithms	
  (WWW	
  2001)	
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Movies	
  	
  
I1:	
  God	
  Father,	
  I2:	
  Memento	
  
I3:	
  King’s	
  Speech,	
  I4:	
  Scarface	
  



•  Probe:	
  find	
  nearest	
  neighbors	
  and	
  predict	
  scores	
  
–  Scan	
  the	
  list	
  of	
  items	
  rated	
  by	
  U	
  once	
  per	
  candidate	
  
item	
  (I)	
  to	
  find	
  its	
  N	
  nearest	
  neighbors	
  

–  Predict	
  I’s	
  score	
  using	
  its	
  neighbors	
  
– O(mμlog(N)+mN)	
  

•  Explore:	
  find	
  k	
  items	
  with	
  highest	
  scores	
  	
  
– O(mlog(k)	
  )	
  

•  Probe	
  is	
  more	
  costly	
  because	
  it	
  depends	
  on	
  μ	
  

•  We	
  call	
  this	
  Naive1	
  algorithm	
  

Naïve	
  Top-­‐k	
  algorithm	
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
–  Item-­‐based	
  collaboraJve	
  filtering	
  

– Classic	
  top-­‐k	
  algorithms	
  and	
  challenges	
  
– Proposed	
  top-­‐k	
  algorithm	
  

•  Package	
  RecommendaJon	
  

•  Conclusions	
  

Outline	
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•  Challenge:	
  Every	
  item’s	
  score	
  is	
  calculated	
  by	
  
aggregaJng	
  a	
  different	
  set	
  of	
  N	
  lists	
  

Can	
  we	
  useTA/NRA?	
  

I1	
   I2	
   I3	
   I4	
   I5	
   I6	
  

I1	
   1	
   0.9	
   0.2	
   0.7	
   0.1	
   0.8	
  

I2	
   0.9	
   1	
   0.1	
   0.8	
   0.7	
   0.3	
  

I3	
   0.2	
   0.1	
   1	
   0.4	
   0.8	
   0.6	
  

I4	
   0.7	
   0.8	
   0.4	
   1	
   0.9	
   0.2	
  

I5	
   0.1	
   0.7	
   0.8	
   0.9	
   1	
   0.5	
  

I6	
   0.8	
   0.3	
   0.6	
   0.2	
   0.5	
   1	
  

Item	
   N1	
   N2	
  

I4	
   I2	
   I1	
  

I5	
   I2	
   I3	
  

I6	
   I1	
   I3	
  

Rated	
  by	
  U6	
  

+Maintain	
  N	
  nearest	
  neighbors	
  of	
  every	
  
candidate	
  item	
  in	
  every	
  user	
  profile	
  O
(Nnm	
  )	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (m	
  –	
  μ)	
  ≈	
  m	
  
+	
  Assuming	
  Neolix	
  data,	
  this	
  will	
  be	
  more	
  
than	
  500	
  Jmes	
  the	
  original	
  sparse	
  matrix!	
  

Not	
  feasible!	
  

Candidate	
  items	
   18	
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Create	
  	
  
Virtual	
  lists	
  

Similarity	
  Matrix	
  



•  Let’s	
  assume	
  a	
  global	
  data	
  structure	
  (L)	
  
•  Every	
  column	
  corresponds	
  to	
  one	
  item	
  

•  Items	
  in	
  jth	
  column	
  are	
  ordered	
  by	
  their	
  
similariJes	
  with	
  respect	
  to	
  the	
  jth	
  item	
  

•  References	
  are	
  used	
  to	
  have	
  a	
  unified	
  
representaJon	
  of	
  items	
  

Similarity	
  Sorted	
  Lists	
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I1	
  

(I2,	
  0.9)	
  

(I4,	
  0.8)	
  

(I3,	
  0.5)	
  

I2	
  

(I1,0.9)	
  

(I3,	
  0.7)	
  

(I4,	
  0.6)	
  

I3	
  

(I4,	
  0.8)	
  

(I2,	
  0.7)	
  

(I1,	
  0.5)	
  

I4	
  

(I1,	
  0.8)	
  

(I3,	
  0.8)	
  

(I2,	
  0.6)	
  

CollecJon	
  of	
  sorted	
  lists	
  (L)	
  
S(I1,I4)	
  
Similarity	
  
between	
  I1	
  
and	
  I4	
  

S(I1,I4)	
  =	
  S(I4,I1)	
  



AdapJng	
  Classic	
  Top-­‐k	
  Algorithms	
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I2	
  

(I1,0.9)	
  

(I3,	
  0.7)	
  

(I4,	
  0.6)	
  

(I5,	
  0.3)	
  

I3	
  

(I4,	
  0.8)	
  

(I2,	
  0.7)	
  

(I1,	
  0.5)	
  

(I5,	
  0.4)	
  

I4	
  

(I1,	
  0.8)	
  

(I3,	
  0.8)	
  

(I2,	
  0.6)	
  

(I5,	
  0.5)	
  

I1	
  

(I2,	
  0.9)	
  

(I4,	
  0.8)	
  

(I3,	
  0.5)	
  

(I5,	
  0.4)	
  

I1	
   I2	
   I3	
   I4	
   I5	
  

U6	
   5	
   4	
  

CollecJon	
  of	
  sorted	
  lists	
  (L)	
  

N	
  =	
  1	
  
K	
  =	
  1	
  

I5	
  

(I4,	
  0.5)	
  

(I1,	
  0.4)	
  

(I3,	
  0.4)	
  

(I2,	
  0.3)	
  

Rated	
  by	
  U6	
   Candidate	
  items	
  

-­‐I4’s	
  score	
  :	
  5	
  
-­‐Lower	
  bound	
  on	
  
score	
  of	
  top-­‐1:	
  5	
  
-­‐Upper	
  bound	
  on	
  
score	
  of	
  unseen:	
  5	
  

	
  I4	
  is	
  the	
  top	
  item	
   User	
  ra1ngs	
  



Let’s	
  not	
  get	
  too	
  excited!	
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I2	
  

(I1,0.9)	
  

(I4,	
  0.85)	
  

(I3,	
  0.6)	
  

(I5,	
  0.3)	
  

I3	
  

(I4,	
  0.8)	
  

(I2,	
  0.7)	
  

(I1,	
  0.5)	
  

(I5,	
  0.4)	
  

I4	
  

(I2,	
  0.85)	
  

(I1,	
  0.8)	
  

(I3,	
  0.8)	
  

(I5,	
  0.5)	
  

I1	
  

(I2,	
  0.9)	
  

(I4,	
  0.8)	
  

(I3,	
  0.5)	
  

(I5,	
  0.4)	
  

I1	
   I2	
   I3	
   I4	
   I5	
  

U6	
   5	
   4	
  

CollecJon	
  of	
  sorted	
  lists	
  (L)	
  

N	
  =	
  1	
  
K	
  =	
  1	
  

I5	
  

(I4,	
  0.5)	
  

(I1,	
  0.4)	
  

(I3,	
  0.4)	
  

(I2,	
  0.3)	
  

Rated	
  by	
  U6	
   Candidate	
  items	
  

-­‐I3’s	
  score:	
  4	
  
-­‐I4’s	
  score:	
  4	
  
-­‐I5’s	
  score:	
  5	
  	
  

User	
  ra1ngs	
  



LimitaJons	
  of	
  Classic	
  Algorithms	
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LimitaJons	
  of	
  Classic	
  Algorithms	
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
–  Item-­‐based	
  collaboraJve	
  filtering	
  

– Classic	
  top-­‐k	
  algorithms	
  and	
  challenges	
  
– Proposed	
  top-­‐k	
  algorithm	
  

•  Package	
  RecommendaJon	
  

•  Conclusions	
  

Outline	
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•  What	
  if	
  I	
  already	
  know	
  N’	
  nearest	
  neighbors	
  of	
  
I	
  in	
  U’s	
  profile	
  N’	
  >	
  N?	
  	
  

Can	
  we	
  do	
  Probe	
  more	
  efficiently?	
  
(Case	
  1)	
  

Item	
   I1	
   I2	
   I3	
   I4	
   I5	
   I6	
  

Similarity	
  to	
  I	
   0.9	
   0.1	
   0.6	
   0.5	
   0.4	
   0.8	
  

Items	
  rated	
  by	
  U	
  

N=3	
  
N’	
  =	
  4	
  	
  
Cost	
  of	
  Probe	
  =	
  O((N’)	
  x	
  log(N	
  )	
  <	
  O	
  (μ	
  x	
  	
  log(N)	
  )	
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Cost	
  of	
  Naive1	
  given	
  all	
  μ	
  
rated	
  items	
  

Cost	
  of	
  Naive1	
  given	
  N’	
  <	
  μ	
  	
  rated	
  
items	
  



•  What	
  if	
  I	
  already	
  know	
  N’	
  nearest	
  neighbors	
  of	
  
I	
  in	
  U’s	
  profile	
  N’	
  <	
  N?	
  	
  

Can	
  we	
  do	
  Probe	
  more	
  efficiently?	
  
(Case	
  2)	
  

Item	
   I1	
   I2	
   I3	
   I4	
   I5	
   I6	
  

Similarity	
  to	
  I	
   0.9	
   0.1	
   0.6	
   0.5	
   0.4	
   0.8	
  

Items	
  rated	
  by	
  U	
  

N’=1	
  
N=3	
  
I	
  know	
  the	
  nearest	
  neighbor	
  (I1)	
  	
  
Cost	
  of	
  Probe	
  =	
  O((μ-­‐1)	
  x	
  log(N-­‐1)	
  )	
  <	
  O	
  (μ	
  x	
  	
  log(N)	
  )	
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•  Example:	
  finding	
  top	
  neighbors	
  of	
  I3	
  and	
  I4	
  

Finding	
  N’	
  Nearest	
  Neighbors	
  

I1	
   I2	
  
(I2,0.8)	
   (I3,0.9)	
  

(I4,0.7)	
   (I4,0.5)	
  

(I3,0.3)	
   (I1,	
  0.3)	
  

Rated	
  by	
  u	
  

Use	
  similarity	
  	
  
Threshold	
  (θ)	
  θ	
  =	
  0.6	
  

Candidate	
  item	
   I3	
   I4	
  

Top	
  Neighbor	
   I2	
   I1	
  

JUNK	
  
JUNK	
  

θ	
  =	
  0.2	
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+	
  Ideal	
  θ	
  is	
  one	
  that	
  returns	
  N’	
  =	
  N	
  nearest	
  neighbors	
  for	
  every	
  
candidate	
  item	
  
+	
  Almost	
  impossible	
  in	
  prac1ce!	
  

Similarity	
  sorted	
  lists	
  (L)	
  



•  Phase	
  1	
  	
  
– Use	
  a	
  similarity	
  threshold	
  θ	
  	
  
–  Find	
  N’	
  nearest	
  neighbors	
  of	
  each	
  candidate	
  item	
  
using	
  L	
  

– N’	
  =	
  N	
  (done)	
  
– N’	
  <	
  N	
  (case	
  1)	
  
– N’	
  >	
  N	
  (case	
  2)	
  

•  Phase	
  2:	
  	
  
– We	
  can	
  do	
  bever	
  than	
  Naive1	
  in	
  both	
  case1	
  and	
  case2	
  
to	
  find	
  N	
  nearest	
  neighbors	
  

•  Overhead	
  is	
  phase	
  1	
  

Two	
  Phase	
  Algorithm	
  (TPH)	
  for	
  Probe	
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•  ProbabilisJc	
  cost	
  based	
  opJmizaJon	
  is	
  used	
  
•  Cost	
  funcJon	
  is	
  an	
  upper	
  bound	
  on	
  expected	
  
cost	
  of	
  both	
  phases	
  put	
  together	
  

•  OpJmal	
  θ	
  value	
  depends	
  on	
  N	
  and	
  µ	
  

OpJmal	
  Threshold	
  (θ)	
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First	
  phase	
  
C1(θ)	
  

Second	
  Phase	
  

+	
  
N’	
  <	
  N	
  

N’	
  >	
  N	
  

+	
  
C2(θ)	
  

C3(θ)	
  

C(θ)	
   =	
  

θ	
  Variable:	
  



•  There	
  is	
  a	
  trade-­‐off	
  between	
  increasing(	
  )	
  and	
  
decreasing	
  (	
  )	
  components	
  in	
  cost	
  funcJon	
  

•  Cost	
  funcJon	
  is	
  a	
  high	
  degree	
  polynomial	
  

•  Theorem:	
  cost	
  funcJon	
  is	
  guaranteed	
  to	
  have	
  
one	
  and	
  only	
  one	
  minimum	
  under	
  reasonable	
  
assumpJons	
  (μ	
  >	
  1,	
  N	
  >	
  1)	
  

•  Use	
  numerical	
  method	
  to	
  find	
  opJmal	
  θ	
  

OpJmal	
  Threshold	
  (θ)	
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• We	
  use	
  Neolix	
  dataset	
  (500k	
  users,	
  17k	
  
items,	
  100M	
  raJngs)	
  

•  Pearson	
  correlaJon	
  coefficient	
  is	
  used	
  to	
  
measure	
  item	
  similariJes	
  

Experiments	
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TPH	
  (Scalability)	
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µ 
+	
  Naive2	
  reads	
  similarity	
  sorted	
  lists	
  corresponding	
  to	
  candidate	
  
items	
  unJl	
  N	
  rated	
  items	
  are	
  found	
  
+	
  Even	
  for	
  very	
  large	
  μ,	
  TPH	
  performs	
  as	
  good	
  as	
  Naive2	
  	
  	
  	
  	
  
+TPH	
  is	
  reliable	
  enough	
  to	
  perform	
  bever	
  than	
  both	
  baseline	
  
algorithms	
  regardless	
  of	
  μ	
  



•  Scalable	
  implementaJon	
  of	
  memory	
  based	
  
item-­‐based	
  CF	
  method	
  

•  TheoreJcal	
  results	
  show	
  classic	
  algorithms	
  are	
  
not	
  suitable	
  for	
  this	
  problem	
  sexng	
  

•  We	
  proposed	
  two	
  phase	
  algorithm	
  (TPH)	
  using	
  
probabilisJc	
  cost	
  based	
  opJmizaJon	
  

Summary	
  on	
  Efficient	
  Item	
  
RecommendaJon	
  Algorithm	
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
•  Package	
  RecommendaJon	
  

•  Conclusions	
  

Outline	
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Breaking	
  out	
  of	
  the	
  Box	
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Composite	
  Recommender	
  

Item	
  Ra1ng	
  

Item	
  Recommenda1on	
  

Price	
  Budget	
  

Item	
  Recommenda1on	
  

External	
  Price	
  Source	
  

t1	
  

t2	
  

t3	
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
•  Package	
  RecommendaJon	
  

– Problem	
  DefiniJon	
  

– Proposed	
  Algorithms	
  
– Discussion	
  

•  Conclusions	
  

Outline	
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Composite	
  RecommendaJon	
  Problem	
  

•  Input	
  to	
  the	
  composite	
  recommender	
  system	
  

–  Item	
  ra1ng	
  /	
  value	
  obtained	
  from	
  item	
  recommender	
  
system	
  

•  Items	
  are	
  accessed	
  in	
  the	
  non-­‐increasing	
  order	
  of	
  their	
  ra1ngs	
  

–  Item	
  price	
  informa1on	
  
•  Can	
  either	
  be	
  obtained	
  for	
  “free”	
  or	
  randomly	
  accessed	
  from	
  price	
  
source	
  

•  Access	
  Cost	
  
–  Sorted	
  Access	
  Cost	
  +	
  Random	
  Access	
  Cost	
  	
  -­‐>	
  #	
  of	
  items	
  
accessed	
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Composite	
  RecommendaJon	
  Problem	
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Composite	
  RecommendaJon	
  Problem	
  

•  Background	
  price	
  informaJon	
  
– Assumed	
  in	
  this	
  talk	
  	
  

•  Global	
  minimum	
  item	
  price	
  	
  

– More	
  sophisJcated	
  alternaJve	
  possible	
  
•  E.g.,	
  Histogram	
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Criteria	
  for	
  the	
  CompRec	
  Problem	
  

•  High	
  quality	
  package	
  recommenda1ons	
  
– Quality	
  ::=	
  Sum	
  of	
  predicted	
  ra1ngs	
  of	
  items	
  in	
  
the	
  package	
  

•  Minimize	
  number	
  of	
  items	
  to	
  be	
  accessed	
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•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
•  Novel	
  RecommendaJon	
  ApplicaJons	
  	
  

– Problem	
  DefiniJon	
  

– Proposed	
  Algorithms	
  
– Discussion	
  

•  Conclusions	
  

Outline	
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•  OpJmal	
  algorithm	
  
•  Greedy	
  algorithm	
  

Algorithms	
  Proposed	
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Instance	
  OpJmality	
  of	
  OpJmal	
  
Algorithm	
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Instance	
  OpJmality	
  of	
  Greedy	
  
Algorithm	
  

•  Greedy-­‐CR	
  is	
  not instance optimal 
–  Can	
  find	
  an	
  instance	
  where	
  its	
  performance	
  is	
  
arbitrarily	
  worse	
  than	
  the	
  InsOpt-­‐CR.	
  	
  

•  Through	
  empirical	
  study,	
  Greedy-­‐CR	
  has	
  good	
  
pracJcal	
  performance	
  
– Much	
  faster	
  
– Near	
  opJmal	
  	
  package	
  quality	
  

•  Greedy-­‐CR	
  can	
  be	
  extended	
  to	
  Greedy-­‐CR-­‐Topk	
  
using	
  Lawler’s	
  procedure	
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Datasets	
  &	
  Experiment	
  Setup	
  
•  Datasets	
  

– MovieLens	
  10	
  million	
  raJng	
  dataset	
  
•  Running	
  Jme	
  as	
  cost	
  (IMDB)	
  
•  Budget	
  is	
  set	
  to	
  500	
  minutes	
  

–  	
  TripAdvisor	
  Top-­‐10	
  U.S.	
  City	
  dataset	
  
•  23658	
  raJngs	
  for	
  1393	
  POIs	
  by	
  14562	
  users	
  
•  Set	
  log	
  of	
  popularity	
  as	
  the	
  cost	
  

–  SyntheJc	
  correlated	
  &	
  uncorrelated	
  dataset	
  
•  RaJngs	
  are	
  randomly	
  chosen	
  from	
  1	
  to	
  50	
  

•  RaJngs	
  generated	
  by	
  memory	
  based	
  
collaboraJve	
  filtering	
  algorithm	
  
–  Easy	
  to	
  switch	
  to	
  other	
  algorithm	
  



Datasets	
  &	
  Experiment	
  Setup	
  

•  OpJmal	
  Algorithm	
  
– Offline	
  Knapsack	
  Algorithm	
  over	
  all	
  items	
  



Quality	
  of	
  Recommended	
  Package	
  

•  Sum	
  of	
  package	
  value	
  &	
  Average	
  package	
  
value	
  



Efficiency	
  Study	
  

•  Running	
  Time	
  (ms)	
  



•  Efficient	
  Top-­‐k	
  RecommendaJons	
  	
  
•  Package	
  RecommendaJon	
  

– Problem	
  DefiniJon	
  

– Proposed	
  Algorithms	
  
– Discussion	
  

•  Conclusions	
  

Outline	
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CompaJbility	
  

•  Boolean	
  CompaJbility	
  Examples	
  
– For	
  trip	
  planning,	
  the	
  user	
  may	
  require	
  the	
  result	
  
package	
  to	
  contain	
  no	
  more	
  than	
  3	
  museums,	
  1	
  
park.	
  

– For	
  tweeter	
  recommendaJon,	
  the	
  user	
  may	
  
require	
  no	
  more	
  than	
  one	
  followee	
  on	
  general	
  
news	
  (e.g.,	
  either	
  CNN	
  or	
  NYTimes)	
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Framework	
  for	
  Handling	
  CompaJbility	
  

Top	
  1	
  Package	
  Searching	
  
Algorithm	
  

Lawler’s	
  Procedure	
  
(Get	
  Next	
  Best	
  Package)	
  

Post-­‐Filtering	
  Packages	
  using	
  
CompaJbility	
  funcJon	
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OpJmizaJon	
  OpportuniJes	
  	
  

•  When	
  compaJbility	
  funcJon	
  is	
  of	
  some	
  specific	
  
forms,	
  we	
  can	
  opJmize	
  the	
  processing	
  using	
  
various	
  techniques.	
  

•  Examples	
  on	
  trip	
  planning:	
  
– Having	
  one	
  item	
  from	
  each	
  of	
  3	
  predefined	
  categories	
  

•  Rank	
  Join	
  [Finger	
  et	
  al.	
  SIGMOD’09]	
  
•  Rank	
  Join	
  with	
  AggregaJon	
  Constraints	
  [Xie	
  et	
  al.	
  VLDB’11]	
  

– Minimum	
  touring/walking	
  distance	
  to	
  be	
  under	
  a	
  
budget	
  

•  Access	
  Constrained	
  Orienteering	
  Problem	
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Summary	
  of	
  Package	
  
RecommendaJon	
  

•  By	
  leveraging	
  on	
  exisJng	
  RecSys,	
  we	
  proposed	
  a	
  composite	
  
recommendaJon	
  problem	
  with	
  price	
  constraints	
  and	
  access	
  
constraints	
  

•  We	
  proposed	
  instance	
  opJmal	
  approximaJon	
  algorithms,	
  and	
  
studied	
  how	
  heurisJcs	
  can	
  be	
  exploited	
  to	
  speed	
  up	
  calculaJon	
  
while	
  not	
  hurJng	
  empirical	
  performance	
  too	
  much	
  

•  Instance	
  OpJmality	
  achieved	
  in	
  the	
  context	
  of	
  approximaJon	
  
algorithms	
  for	
  NP-­‐hard	
  problems	
  

•  Our	
  proposed	
  model	
  can	
  be	
  extended	
  to	
  handle	
  compaJbility	
  
constraints	
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Conclusion	
  

•  Push	
  the	
  envelop	
  on	
  recommender	
  system	
  
–  Envision	
  2nd	
  GeneraJon	
  RecSys	
  

•  Challenges	
  
–  Efficient	
  &	
  EffecJve	
  item	
  recommendaJon	
  algorithms	
  
–  Flexibility	
  in	
  handling	
  applicaJons’	
  customizaJon	
  
requests	
  

•  Details:	
  	
  
–  [Khabbaz	
  and	
  Lakshmanan,	
  EDBT’11]	
  [Xie	
  et	
  al.,	
  RecSys’10]	
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Thank	
  you!	
  
Q&A	
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Backup	
  Slides	
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•  FlexRecs	
  [Garcia-­‐Molina	
  et	
  al.	
  09].	
  	
  

•  Query/Search	
  driven	
  recommendaJons	
  of	
  
complex	
  objects?	
  	
  

•  What	
  can	
  RecommendaJons	
  do	
  for	
  Databases?	
  	
  

•  What	
  can	
  they	
  do	
  for	
  Data	
  Warehouses?	
  	
  

Beyond	
  Simple	
  Packages	
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OpJmal	
  Threshold	
  (θ)	
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+	
  The	
  red	
  point	
  shows	
  
performance	
  using	
  our	
  
theoreJcally	
  found	
  opJmal	
  
threshold	
  



•  Hybrid:	
  if	
  μ	
  <	
  1500	
  use	
  Naïve1	
  otherwise	
  use	
  Naive2	
  

Average	
  Performance	
  on	
  Randomly	
  
Selected	
  Users	
  

+	
  Average	
  performance	
  
on	
  a	
  randomly	
  selected	
  
set	
  of	
  100	
  users	
  is	
  
measured	
  

+	
  TPH	
  performs	
  bever	
  
than	
  the	
  combinaJon	
  of	
  
baseline	
  algorithms	
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Size	
  of	
  neighborhood	
  (N)	
  



Quality	
  of	
  Recommended	
  Package	
  

•  VariaJon	
  of	
  NDCG-­‐Score	
  to	
  measure	
  the	
  
quality	
  of	
  recommended	
  package	
  

Worst	
  Score	
  

worst score = log(2)
log(1+ i)i=1

k

!



•  Let’s	
  assume	
  a	
  global	
  data	
  structure	
  (L)	
  
•  Every	
  column	
  corresponds	
  to	
  one	
  item	
  

•  Items	
  in	
  jth	
  column	
  are	
  ordered	
  by	
  their	
  
similariJes	
  with	
  respect	
  to	
  the	
  jth	
  item	
  

•  References	
  are	
  used	
  to	
  have	
  a	
  unified	
  
representaJon	
  of	
  items	
  

Similarity	
  Sorted	
  Lists	
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I1	
  

(I2,	
  0.9)	
  

(I4,	
  0.8)	
  

(I3,	
  0.5)	
  

I2	
  

(I1,0.9)	
  

(I3,	
  0.7)	
  

(I4,	
  0.6)	
  

I3	
  

(I4,	
  0.8)	
  

(I2,	
  0.7)	
  

(I1,	
  0.5)	
  

I4	
  

(I1,	
  0.8)	
  

(I3,	
  0.8)	
  

(I2,	
  0.6)	
  

Items	
  

I1	
  

I2	
  

I3	
  

I4	
  

Original	
  memory	
  
locaJon	
  

CollecJon	
  of	
  sorted	
  lists	
  (L)	
  

pointer	
  



UpdaJng	
  Similarity	
  Matrix	
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•  Which	
  similarity	
  value	
  is	
  more	
  likely	
  to	
  make	
  it	
  
to	
  the	
  list	
  of	
  N	
  nearest	
  neighbors	
  of	
  some	
  
item?	
  0.9	
  or	
  0.1?	
  	
  

•  Assume	
  some	
  PDF	
  for	
  similarity	
  values	
  f(s)	
  

ProbabilisJc	
  Analysis	
  

I1	
   I2	
   I3	
  

(I2,s=0.8,p=0.1)	
   (I3,s=0.9,p=0.05)	
   (I1,s=0.8,p=0.08)	
  

(I3,s=0.3,p=0.8)	
   (I1,s=0.3,	
  p=0.8)	
   (I2,s=0.7,p=0.1)	
  

LP	
  

S	
  =	
  0.7,	
  p	
  =1	
  –	
  F(0.7)	
  

f(s)	
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Q(p)	
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•  Q(p)mμ	
  is	
  an	
  upper	
  bound	
  on	
  expected	
  
number	
  of	
  missing	
  neighbors	
  a�er	
  the	
  first	
  
phase	
  

Cost	
  FuncJon	
  

Worst	
  case	
  that	
  can	
  happen	
  given	
  a	
  threshold	
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•  We	
  use	
  the	
  collecJon	
  of	
  all	
  similarity	
  values	
  
and	
  maximum	
  likelihood	
  to	
  esJmate	
  f(s)	
  

•  Rows	
  of	
  similarity	
  matrix	
  can	
  be	
  normalized	
  
for	
  obtaining	
  bever	
  esJmates	
  before	
  sorJng	
  
columns	
  and	
  creaJng	
  L	
  

•  We	
  tested	
  Gamma,	
  Uniform	
  and	
  Gaussian	
  

•  We	
  found	
  Gaussian	
  fits	
  similariJes	
  bever	
  than	
  
others	
  

EsJmaJng	
  p	
  values	
  and	
  UpdaJng	
  
Similarity	
  Matrix	
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