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LARC	
  

	
  
to	
  conduct	
  research	
  on	
  behavioural	
  and	
  social	
  
network	
  analy2cs	
  and	
  behavioural	
  experiments	
  

so	
  as	
  to	
  discover	
  and	
  harness	
  the	
  laws	
  of	
  
informa2on	
  network	
  evolu2on	
  for	
  networks	
  of	
  

people,	
  organisa2ons	
  and	
  businesses	
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Our	
  Produc2vity	
  Plot	
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We	
  are	
  here	
  now!	
  



Outline	
  

•  Introduc2on	
  &	
  
mo2va2ons	
  

•  POI	
  recommenda2on	
  
in	
  LBSNs	
  

•  Successive	
  POI	
  
recommenda2on	
  

•  Conclusion	
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Loca2on	
  is	
  a	
  $17B	
  Industry	
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Growth	
  of	
  Loca2on-­‐based	
  Services	
  

•  Almost	
  one	
  fidh	
  (19%)	
  of	
  the	
  world’s	
  six	
  billion	
  mobile	
  users	
  are	
  already	
  
using	
  LBS	
  

–  Naviga2on	
  via	
  maps	
  and	
  GPS	
  is	
  currently	
  the	
  most	
  popular	
  applica2on,	
  used	
  by	
  46%	
  

•  One	
  in	
  five	
  (22%)	
  of	
  LBS	
  users	
  are	
  using	
  applica2ons	
  designed	
  to	
  help	
  
them	
  find	
  their	
  friends	
  nearby	
  

•  26%	
  use	
  the	
  technology	
  to	
  find	
  restaurants	
  and	
  entertainment	
  venues	
  
•  74%	
  of	
  smartphone	
  owners	
  use	
  loca2on-­‐based	
  services.	
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Check-­‐in	
  	
  	
  	
  	
  	
  	
  	
  	
  Becomes	
  a	
  Life	
  Style…	
  

Social	
  Networks	
  

LocaGon	
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iBeacon	
  
Indoor	
  and	
  Micro-­‐loca2on	
  Posi2oning	
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Apps	
  for	
  iBeacon	
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Categories	
  of	
  LBSN	
  Services	
  

•  Geo-­‐tagged-­‐media-­‐based	
  	
  	
  

•  Point-­‐of-­‐interest	
  driven	
  

•  Trajectory-­‐centric�
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Chapter	
  8	
  and	
  9	
  of	
  the	
  book	
  
CompuGng	
  with	
  SpaGal	
  Trajectories	
  by	
  Yu	
  Zheng	
  and	
  Xing	
  Xie	
  
	
  



Loca2on	
  +	
  Social	
  Networks	
  

•  Add	
  a	
  new	
  dimension	
  to	
  social	
  networks	
  
–  Geo-­‐tagged	
  user-­‐generated	
  media:	
  texts,	
  photos,	
  and	
  videos,	
  etc.	
  
–  Loca2on	
  history	
  of	
  users	
  recorded	
  

•  Loca2on	
  is	
  a	
  new	
  object	
  in	
  the	
  network	
  
•  Bridging	
  the	
  gap	
  between	
  the	
  virtual	
  and	
  physical	
  worlds	
  

–  Sharing	
  real-­‐world	
  experiences	
  online	
  
–  Consume	
  online	
  informa2on	
  in	
  the	
  physical	
  world �

Physical	
  world	
   Virtual	
  world	
   Social	
  sharing	
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Graph	
  Illustra2on	
  of	
  Loca2on-­‐based	
  Social	
  
Networks	
  (LBSNs)	
  

Checked in 

POI (  lat, lng ) 

Friend link 

Check in ? Check in  ? 

•  Community	
  detec2on	
  
•  User	
  behavior	
  learning	
  

•  Travel	
  sequence	
  detec2on	
  
•  Trip	
  recommenda2on	
  
•  Loca2on	
  seman2c	
  meaning	
  

•  POI	
  recommenda2on	
  
•  Next	
  place	
  predic2on	
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Our	
  Focus:	
  POI	
  Recommenda2on	
  

•  Help	
  users	
  explore	
  their	
  surroundings	
  
•  Provide	
  personalized	
  travel	
  
recommenda2on	
  

•  Help	
  3rd-­‐party	
  developers	
  provide	
  
personalized	
  services	
  
–  Adver2sements	
  
–  Coupons	
  
–  Traffic	
  sta2s2cs	
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POI	
  Recommenda2on	
  

•  Non-­‐personalized	
  recommenda2on	
  
–  Tree-­‐based	
  Hierarchical	
  Graph	
  +	
  HITS	
  [Zheng	
  et	
  al.,	
  
WWW’09]	
  

–  Loca2on-­‐feature-­‐ac2vity	
  factoriza2on	
  [Zheng	
  et	
  al.,	
  
WWW’10]	
  

•  Personalized	
  recommenda2on	
  
– Model-­‐based	
  method:	
  UCLAF	
  [Zheng	
  et	
  al.,	
  AAAI’10]	
  
–  Item-­‐based	
  method:	
  Community	
  Loca2on	
  Model	
  (CLM)	
  
[Leung	
  et	
  al.,	
  SIGIR’11],	
  User+Loa2on+Social	
  fused	
  model	
  
[Ye	
  et	
  al.,	
  SIGIR’11]	
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•  From	
  contents	
  

•  From	
  collabora2ve	
  filtering	
  
–  Form	
  user-­‐item	
  matrix	
  

Recommenda2on	
  

Review Scores 
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Learning	
  Techniques	
  in	
  Recommenda2on �

	
  

•  Collabora2ve	
  filtering	
  
–  Use	
  user-­‐item	
  matrix	
  to	
  predict	
  ra2ng/ranking	
  
–  Simple	
  in	
  data	
  collec2on	
  

•  Content-­‐based	
  learning	
  
–  Users’	
  preference	
  expressed	
  in	
  intrinsic	
  features	
  	
  
–  Difficult	
  in	
  feature	
  representa2on	
  

Recommenda2on	
  

Collabora2ve	
  
Filtering	
  

Content-­‐
based	
  

Memory-­‐based	
  

Model-­‐based	
  

Ra2ng-­‐oriented	
  

Ranking-­‐oriented	
  

Clustering	
  

Classifica2on	
  

…	
  

SVM,	
  Adaboost,	
  NB,	
  …	
  

k-­‐mean,	
  GMM,	
  …	
  

PCA,	
  Feature	
  Selec2on	
  …	
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Social	
  Recommenda2ons	
  with	
  	
  
Matrix	
  Factoriza2on	
  

•  Model-­‐based	
  Collabora2ve	
  Filtering	
  
–  Clustering	
  Methods	
  [Hkors	
  et	
  al,	
  CIMCA	
  ’99]	
  
–  Bayesian	
  Methods	
  [Chien	
  et	
  al.,	
  IWAIS	
  ’99]	
  
–  Aspect	
  Method	
  [Hofmann,	
  SIGIR	
  ’03]	
  
– Matrix	
  FactorizaGon	
  [Sarwar	
  et	
  al.,	
  WWW	
  ’01]	
  

•  	
  Social	
  Recommenda2ons	
  
–  Social	
  recommenda2on	
  using	
  probabilis2c	
  matrix	
  
factoriza2on	
  [CIKM’08]	
  

–  Learning	
  to	
  recommend	
  with	
  social	
  trust	
  ensemble	
  
[SIGIR’09]	
  

–  Recommend	
  with	
  social	
  distrust	
  [RecSys’09]	
  
– Website	
  recommenda2on	
  [SIGIR’11]	
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Matrix	
  Factoriza2on	
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Matrix	
  Factoriza2on	
  

•  Minimizing	
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Social	
  Recommenda2on	
  Using	
  
Probabilis2c	
  Matrix	
  Factoriza2on	
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Social	
  Trust	
  Graph	
   User-­‐Item	
  Ra2ng	
  Matrix	
  



User-­‐Item	
  Matrix	
  Factoriza2on	
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Recommenda2on	
  with	
  Social	
  Trust	
  Ensemble	
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Distrust	
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Trust	
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Using	
  Clicks	
  as	
  Ra2ngs	
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Collec2ve	
  Probabilis2c	
  Factor	
  Model	
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Fused	
  Matrix	
  Factoriza2on	
  with	
  
Geographical	
  and	
  Social	
  Influence	
  in	
  
Loca2on-­‐based	
  Social	
  Networks	
  

Chen	
  Cheng,	
  Haiqin	
  Yang,	
  Irwin	
  King	
  and	
  Michael	
  R.	
  Lyu	
  
	
  

AAAI’12,	
  Toronto,	
  Canada	
  
	
  



POI	
  Recommenda2on	
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Challenges	
  

•  Large	
  dataset	
  
–  Crawled	
  from	
  Gowalla	
  from	
  Feb.	
  2009	
  to	
  Sep.	
  2011	
  
–  	
  4,128,714	
  check-­‐ins	
  from	
  53,944	
  users	
  on	
  367,149	
  
loca2ons	
  	
  

•  Only	
  posi2ve	
  data	
  is	
  seen	
  
•  Sparsity	
  :	
  density	
  of	
  our	
  dataset	
  is	
  only	
  0.0208%	
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POI	
  Recommenda2on	
  in	
  LBSNs	
  

•  Matrix	
  FactorizaGon	
  can	
  be	
  a	
  promising	
  tool	
  
•  However,	
  Geographical	
  influence	
  is	
  ignored!	
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Er…	
  a	
  liIle	
  
far..	
  

Geographical	
  Influence	
  is	
  Important	
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Mul2-­‐centers	
  and	
  Normal	
  Distribu2on	
  

•  Two	
  centers	
  (home	
  &	
  office)	
  in	
  [Cho	
  et	
  al.,	
  ’11]	
  
•  Several	
  centers	
  proposed	
  in	
  our	
  paper	
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Mul2-­‐centers	
  and	
  Normal	
  Distribu2on	
  

Similar	
  to	
  [Brockmann,	
  ’06;	
  Gonzalez,	
  
’08]	
  ,	
  we	
  assume	
  each	
  center	
  follow	
  the	
  
norm	
  distribu2on	
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Inverse	
  Distance	
  Rule	
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Social	
  Influence	
  

•  On	
  average,	
  overlap	
  of	
  a	
  user’s	
  check-­‐ins	
  to	
  his	
  friends	
  only	
  
about	
  9.6%	
  

90% users have 
only 20% common 
check-ins 
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Our	
  Proposal	
  

•  Mul2-­‐center	
  Gaussian	
  Model	
  (MGM)	
  to	
  capture	
  
geographical	
  influence	
  

•  Propose	
  a	
  generalized	
  fused	
  matrix	
  factoriza2on	
  
framework	
  to	
  include	
  social	
  and	
  geographical	
  
influences	
  

•  Conduct	
  thorough	
  experiments	
  on	
  large-­‐scale	
  
Gowalla	
  dataset	
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Mul2-­‐center	
  Gaussian	
  Model	
  

•  Recall	
  check-­‐in	
  loca2ons	
  are	
  
located	
  around	
  several	
  centers	
  

•  The	
  probability	
  a	
  user	
  visi2ng	
  a	
  
loca2on	
  is	
  inversely	
  propor2onal	
  
to	
  the	
  distance	
  from	
  its	
  nearest	
  
center	
  	
  

•  MGM	
  is	
  proposed	
  to	
  model	
  users’	
  
check-­‐in	
  behavior	
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•  Nota2on	
  
–  	
  	
  	
  	
  	
  	
  	
  :	
  mul2-­‐center	
  set	
  for	
  user	
  u	
  
–  	
  	
  	
  	
  	
  	
  	
  :	
  total	
  frequency	
  at	
  center	
  	
  	
  	
  	
  	
  for	
  user	
  u	
  
–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  :	
  the	
  pdf	
  of	
  Gaussian	
  distribu2on,	
  	
  	
  	
  	
  	
  	
  	
  
and	
  	
  	
  	
  	
  	
  	
  denote	
  the	
  mean	
  and	
  covariance	
  
matrices	
  of	
  regions	
  around	
  center	
  	
  

•  The	
  probability	
  a	
  user	
  u	
  visi2ng	
  a	
  loca2on	
  
given	
  	
  	
  	
  	
  	
  defined	
  as:	
  

	
  
	
  

Mul2-­‐center	
  Gaussian	
  Model	
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Mul2-­‐center	
  Discovering	
  Algorithm	
  

A	
  greedy	
  clustering	
  algorithm	
  is	
  
proposed	
  due	
  to	
  Pareto	
  principle	
  
(top	
  20	
  loca2ons	
  cover	
  about	
  
80%	
  check-­‐ins)	
  

20	
  

0.2	
  

search	
  centers	
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Fused	
  Framework	
  

•  Tradi2onal	
  Matrix	
  Factoriza2on	
  (MF)	
  only	
  model	
  
users’	
  preference	
  on	
  loca2ons	
  

•  MGM	
  only	
  models	
  geographical	
  influence	
  
•  We	
  can	
  fuse	
  both	
  of	
  them	
  

prob. user u 
visit location l 

encode user preference 
based on  MF  

calculated by MGM 

U
ser

Location
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Setup	
  and	
  Metric	
  
•  Split	
  the	
  dataset	
  into	
  2	
  non-­‐overlapping	
  sets	
  

–  Randomly	
  select	
  x%	
  for	
  each	
  user	
  as	
  training	
  data	
  and	
  the	
  
rest	
  (1-­‐x)%	
  as	
  the	
  test	
  data,	
  x	
  set	
  to	
  70	
  and	
  80	
  

–  Carried	
  out	
  5	
  2mes	
  independently,	
  we	
  report	
  the	
  average	
  

•  POI	
  recommenda2on	
  	
  
–  Return	
  top-­‐N	
  POIs	
  for	
  each	
  user	
  
–  Find	
  out	
  #	
  of	
  loca2ons	
  in	
  test	
  dataset	
  are	
  recovered	
  

•  Metric	
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Comparison	
  Methods	
  	
  

•  MGM	
  
•  PMF:	
  	
  [Salakhutdinov	
  and	
  Mnih,	
  ’07]	
  
•  PMF	
  with	
  Social	
  Regulariza2on	
  (PMFSR):	
  [Ma	
  et	
  al.,	
  
’11b]	
  

•  Probabilis2c	
  Factor	
  Model	
  (PFM):	
  [Ma	
  et	
  al.,	
  ’11a]	
  
•  Fused	
  MF	
  with	
  MGM	
  (FMFMGM):	
  our	
  proposed	
  
method	
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Results	
  

70%	
  

80%	
  

Precision	
   Recall	
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User	
  Check-­‐in	
  Distribu2on	
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Performance	
  on	
  Different	
  Users	
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Conclusions	
  

•  Extract	
  characteris2cs	
  of	
  a	
  large	
  dataset	
  crawled	
  
from	
  Gowalla	
  

•  Propose	
  a	
  novel	
  Mul2-­‐center	
  Gaussian	
  Model	
  
(MGM)	
  to	
  model	
  geographical	
  influence	
  

•  Propose	
  a	
  fused	
  MF	
  framework	
  which	
  outperforms	
  
state-­‐of-­‐the-­‐art	
  methods	
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Where	
  You	
  Like	
  to	
  Go:	
  Next	
  Successive	
  
Point-­‐of-­‐Interest	
  Recommenda2on	
  

Chen	
  Cheng,	
  Haiqin	
  Yang,	
  Irwin	
  King	
  and	
  Michael	
  R.	
  Lyu	
  
	
  

IJCAI’13,	
  Beijing,	
  China	
  
	
  



	
  Successive	
  POI	
  Recommenda2on	
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Two	
  Main	
  Proper2es	
  in	
  LBSNs	
  Dataset	
  

•  Personalized	
  Markov	
  chain	
  

•  Localized	
  region	
  constraint	
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Personalized	
  Markov	
  Chain	
  

	
  
•  Inter	
  check-­‐in	
  2me	
  	
  

– Around	
  45%	
  successive	
  check-­‐ins	
  
within	
  2h,	
  70%	
  within	
  12h.	
  

•  Strong	
  connec2ons	
  between	
  
inter	
  check-­‐ins	
  
– E.g.	
  cinemas	
  or	
  bars	
  ader	
  
restaurant,	
  hotels	
  ader	
  airports.	
  

•  Mo2vated	
  to	
  use	
  transi2on	
  
probability	
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Localized	
  Region	
  Constraint	
  

•  Most	
  inter	
  check-­‐ins	
  occurs	
  
at	
  nearby	
  loca2ons	
  
– 75%	
  within	
  10km,	
  less	
  than	
  5%	
  
beyond	
  100	
  km.	
  

•  We	
  can	
  only	
  consider	
  the	
  
new	
  POIs	
  near	
  a	
  user’s	
  
previous	
  check-­‐ins	
  when	
  
providing	
  successive	
  POI	
  
recommenda2on.	
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Example	
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0.01	
  

0.79	
  

0.85	
  1.0	
  

0.15	
  

0.20	
  

0.01	
  

0.40	
  

0.30	
  1.0	
  

0.70	
  

0.59	
  

User	
  1	
   User	
  2	
  Localized	
  Region	
  Constraint	
  



Our	
  Proposal	
  

•  We	
  propose	
  Factoring	
  Personalize	
  Markov	
  Chain	
  
with	
  Localized	
  Region	
  model	
  (FPMC-­‐LR).	
  
–  Combine	
  the	
  personalize	
  Markov	
  chain	
  and	
  localized	
  
region	
  constraint	
  

–  Although	
  borrows	
  the	
  idea	
  of	
  FPMC	
  [Rendle	
  et	
  al.	
  ’10],	
  we	
  
emphasize	
  on	
  users’	
  movement	
  constraint	
  and	
  focus	
  on	
  a	
  
different	
  problem	
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Problem	
  Defini2on	
  

•  Nota2on:	
  
–  	
  	
  	
  :	
  users,	
  	
  	
  	
  	
  :	
  loca2ons,	
  	
  	
  	
  	
  :	
  the	
  check-­‐in	
  history	
  of	
  
user	
  u	
  

– T:	
  slice	
  window	
  to	
  construct	
  a	
  set	
  check-­‐ins,	
  	
  	
  	
  	
  :	
  
2me	
  window	
  set	
  

–  	
  	
  	
  	
  :	
  check-­‐in	
  2me	
  of	
  user	
  u	
  at	
  2me	
  	
  	
  ,	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

•  Problem:	
  
–  Given	
  a	
  sequence	
  of	
  check-­‐ins,	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  the	
  (lat,	
  lng)	
  pair	
  
of	
  loca2ons	
  ,	
  recommend	
  POIs	
  to	
  users	
  at	
  t+1	
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Model	
  

•  FPMC-­‐LR	
  is	
  to	
  recommend	
  a	
  successive	
  
personalized	
  POI	
  by	
  the	
  prob.	
  a	
  user	
  u	
  will	
  visit	
  
at	
  2me	
  t:	
  	
  

•  Base	
  on	
  first-­‐order	
  Markov	
  chain	
  property	
  

Prob.	
  for	
  user	
  u	
  from	
  loca2on	
  i	
  to	
  l	
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Model	
  

•  FPMC-­‐LR	
  only	
  consider	
  the	
  neighborhood	
  
loca2ons	
  of	
  previous	
  check-­‐ins	
  

•  Thus	
  our	
  FPMC-­‐LR	
  yields	
  a	
  transi2on	
  tensor	
  	
  

– Note:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  reduced	
  largely	
  compared	
  to	
  	
  	
  	
  	
  	
  ,	
  	
  
around	
  100	
  when	
  d	
  =	
  40	
  km	
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Model	
  

•  Use	
  the	
  same	
  idea	
  in	
  [Rendle	
  et	
  al,	
  ’10],	
  we	
  
approximate	
  the	
  tensor	
  as:	
  

	
  
where	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  model	
  the	
  latent	
  features	
  for	
  
users	
  and	
  the	
  next	
  loca2ons,	
  respec2vely.	
  	
  
– This	
  gives	
  	
  the	
  set	
  of	
  model	
  parameters	
  ,	
  i.e.,	
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Model	
  

•  Model	
  top-­‐k	
  recommenda2ons	
  as	
  a	
  ranking	
  
over	
  loca2ons:	
  

	
  
•  The	
  MAP	
  es2mator	
  is	
  

•  Learning	
  algorithm:	
  	
  Stochas2c	
  gradient	
  
descent	
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Data	
  Set	
  

•  Two	
  publicly	
  available	
  data	
  sets:	
  Foursquare	
  
and	
  Gowalla	
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Experiment:	
  Comparison	
  

•  Compared	
  methods	
  
– PMF:	
  proposed	
  by	
  [Salakhudinov	
  and	
  Mnih,	
  ’07]	
  
– PTF:	
  proposed	
  by	
  [Xiong	
  et	
  al.,	
  ’07].	
  
– FPMC:	
  proposed	
  by	
  [Rendle	
  et	
  al.	
  ’10].	
  	
  

•  Metric	
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Results	
  

•  Both	
  FPMC	
  and	
  FPMC-­‐LR	
  outperforms	
  PMF	
  and	
  PTF	
  
–  Importance	
  of	
  personalize	
  Markov	
  chain	
  

•  PMF	
  performs	
  beIer	
  than	
  PTF	
  
–  Latent	
  features	
  are	
  similar	
  to	
  previous	
  2me	
  is	
  not	
  valid	
  in	
  LBSNs	
  data	
  

•  FPMC-­‐LR	
  performs	
  beIer	
  than	
  FPMC	
  
–  Localized	
  region	
  constraint	
  can	
  reduce	
  noisy	
  informa2on	
  and	
  achieve	
  

beIer	
  results	
  compared	
  to	
  consider	
  all	
  loca2ons.	
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Impact	
  of	
  Parameter	
  d	
  

•  d	
  =	
  40	
  km	
  is	
  best.	
  	
  
–  d	
  is	
  too	
  small:	
  do	
  not	
  include	
  enough	
  informa2on	
  which	
  yields	
  

subop2mal	
  performance	
  
–  d	
  is	
  too	
  large:	
  introduce	
  noisy	
  informa2on,	
  extreme	
  case	
  is	
  FPMC	
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Convergence	
  and	
  Efficiency	
  Analysis	
  

•  Each	
  itera2on	
  we	
  draw	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  quadruples,	
  FPMC-­‐LR	
  aIains	
  
best	
  performance	
  around	
  150	
  itera2ons	
  

•  Each	
  itera2on	
  takes	
  around	
  30s,	
  and	
  FPMC-­‐LR	
  is	
  much	
  more	
  
efficient	
  at	
  recommenda2on	
  2me	
  than	
  FPMC:	
  consider	
  only	
  
the	
  neighbor	
  loca2ons,	
  almost	
  0.4%	
  of	
  total	
  loca2ons	
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Conclusions	
  

•  We	
  propose	
  FPMC-­‐LR	
  model	
  to	
  solve	
  the	
  
successive	
  POI	
  recommenda2on	
  in	
  LBSNs	
  

•  FPMC-­‐LR	
  reduces	
  computa2on	
  cost	
  largely	
  
compared	
  to	
  FPMC	
  

•  The	
  performance	
  on	
  two	
  large	
  dataset	
  shows	
  
the	
  effec2veness	
  of	
  our	
  model	
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Conclusion	
  

	
  
•  LBSs	
  are	
  becoming	
  more	
  and	
  more	
  important!	
  
•  Combine	
  social	
  and	
  geographical	
  informa2on	
  
•  Indoor	
  and	
  outdoor	
  LBSs	
  
•  Living	
  analy2cs!	
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  VeriGuide	
  

•  Similarity	
  text	
  detec2on	
  system	
  
•  Developed	
  at	
  CUHK	
  
•  Promote	
  and	
  uphold	
  academic	
  

honesty,	
  integrity,	
  and	
  quality	
  
•  Support	
  English,	
  Tradi2onal	
  and	
  

Simplified	
  Chinese	
  
•  Handle	
  .doc,	
  .txt,	
  .pdf,	
  .html,	
  etc.	
  

file	
  formats	
  
•  Generate	
  detailed	
  originality	
  

report	
  including	
  readability	
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