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IntroducBon	


•  Modeling	
  means	
  “the	
  construc+on	
  of	
  an	
  abstract	
  
representa+on	
  of	
  the	
  document”	
  
– Useful	
  for	
  all	
  applicaBons	
  aimed	
  at	
  processing	
  
informaBon	
  automaBcally.	
  

•  Why	
  build	
  models	
  of	
  documents?	
  
– To	
  guide	
  the	
  users	
  to	
  the	
  right	
  documents	
  we	
  
need	
  to	
  know	
  what	
  they	
  are	
  about,	
  what	
  is	
  their	
  
structure	
  

– Some	
  adaptaBon	
  techniques	
  can	
  operate	
  with	
  
documents	
  as	
  “black	
  boxes”,	
  but	
  others	
  are	
  based	
  
on	
  the	
  ability	
  to	
  understand	
  and	
  model	
  
documents	
  



Document	
  modeling	
  

Documents	
  
Documents	
  
Documents	
  

Document	
  Models	
  
-­‐ Bag	
  of	
  words	
  
-­‐ 	
  Tag-­‐based	
  
-­‐	
  Link-­‐based	
  

-­‐	
  Concept-­‐based	
  
-­‐ 	
  AI-­‐based	
  

Processing	
  
Applica+on	
  

-­‐ Matching	
  (IR)	
  
-­‐ 	
  Filtering	
  
-­‐ 	
  AdapBve	
  

presentaBon,	
  
etc.	
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Document	
  model	
  
Example	
  

the	
  death	
  toll	
  rises	
  in	
  the	
  middle	
  
east	
  as	
  the	
  worst	
  violence	
  in	
  four	
  
years	
  spreads	
  beyond	
  jerusalem.	
  	
  
the	
  stakes	
  are	
  high,	
  the	
  race	
  is	
  Bght.	
  	
  
prepping	
  for	
  what	
  could	
  be	
  a	
  
decisive	
  moment	
  in	
  the	
  presidenBal	
  
baUle.	
  	
  
how	
  a	
  Bny	
  town	
  in	
  iowa	
  became	
  a	
  
booming	
  melBng	
  pot	
  and	
  the	
  image	
  	
  
that	
  will	
  not	
  soon	
  fade.	
  	
  
the	
  man	
  who	
  captured	
  it	
  tells	
  the	
  
story	
  behind	
  it.	
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Outline	
  
•  Classic	
  IR	
  based	
  representa+on	
  
–  Preprocessing	
  
–  Boolean,	
  ProbabilisBc,	
  Vector	
  Space	
  models	
  

•  Web-­‐IR	
  document	
  representa+on	
  
–  Tag	
  based	
  document	
  models	
  
–  Link	
  based	
  document	
  models	
  –	
  HITS,	
  Google	
  Rank	
  

•  Concept-­‐based	
  document	
  modeling	
  
–  LSI	
  

•  AI-­‐based	
  document	
  representa+on	
  
– ANN,	
  SemanBc	
  Network,	
  Bayesian	
  Network	
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Markup	
  Languages	

A	
  Markup	
  Language	
  is	
  a	
  text-­‐based	
  language	
  that	
  combines	
  content	
  with	
  

its	
  metadata.	
  ML	
  support	
  structure	
  modeling	
  
•  Presenta+onal	
  Markup	
  

–  Express	
  document	
  structure	
  via	
  the	
  visual	
  appearance	
  of	
  the	
  whole	
  text	
  
of	
  a	
  parBcular	
  fragment.	
  

–  Exp.	
  Word	
  processor	
  
•  Procedural	
  Markup	
  

–  Focuses	
  on	
  the	
  presentaBon	
  of	
  text,	
  but	
  is	
  usually	
  visible	
  to	
  the	
  user	
  
ediBng	
  the	
  text	
  file,	
  and	
  is	
  expected	
  to	
  be	
  interpreted	
  by	
  so^ware	
  
following	
  the	
  same	
  procedural	
  order	
  in	
  which	
  it	
  appears.	
  

–  Exp.	
  Tex,	
  PostScript	
  
•  Descrip+ve	
  Markup	
  

–  Applies	
  labels	
  to	
  fragments	
  of	
  text	
  without	
  necessarily	
  mandaBng	
  any	
  
parBcular	
  display	
  or	
  other	
  processing	
  semanBcs.	
  

–  Exp.	
  SGML,	
  XML	
  	
  
	
   	
  	




Classic	
  IR	
  model	
  
Process	
  

Documents	
  
Documents	
  
Documents	
  

Set	
  of	
  Terms	
  
“Bag	
  of	
  Words”	
  

Preprocessing	
  

Term	
  weighBng	
  

Query	
  
(or	
  documents)	
  

Matching	
  
(by	
  IR	
  
models)	
  

8	
  



Preprocessing	
  	
  
MoBvaBon	
  

•  Extract	
  document	
  content	
  itself	
  to	
  be	
  
processed	
  (used)	
  

•  Remove	
  control	
  informaBon	
  
– Tags,	
  script,	
  style	
  sheet,	
  etc	
  

•  Remove	
  non-­‐informaBve	
  fragments	
  
– Stopwords,	
  word-­‐stems	
  

•  Possible	
  extracBon	
  of	
  semanBc	
  informaBon	
  
(concepts,	
  named	
  enBBes)	
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Preprocessing	
  
HTML	
  tag	
  removal	
  

•  Removes	
  <.*>	
  parts	
  from	
  the	
  HTML	
  document	
  
(source)	
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Preprocessing	
  
HTML	
  tag	
  removal	
  

DETROIT	
  —	
  With	
  its	
  access	
  to	
  a	
  government	
  
lifeline	
  in	
  the	
  balance,	
  General	
  Motors	
  was	
  
locked	
  in	
  intense	
  negoBaBons	
  on	
  Monday	
  with	
  
the	
  United	
  Automobile	
  Workers	
  over	
  ways	
  to	
  
cut	
  its	
  bills	
  for	
  reBree	
  health	
  care.	
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Preprocessing	
  
Tokenizing/case	
  normalizaBon	
  

•  Extract	
  term/feature	
  tokens	
  from	
  the	
  text	
  

detroit	
  with	
  its	
  access	
  to	
  a	
  government	
  
lifeline	
  in	
  the	
  balance	
  general	
  motors	
  was	
  
locked	
  in	
  intense	
  negoBaBons	
  on	
  monday	
  
with	
  the	
  united	
  automobile	
  workers	
  over	
  
ways	
  to	
  cut	
  its	
  bills	
  for	
  reBree	
  health	
  care	
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Preprocessing	
  
Stopword	
  removal	
  

•  Very	
  common	
  words	
  
•  Do	
  not	
  contribute	
  to	
  separate	
  a	
  document	
  from	
  
another	
  meaningfully	
  

•  Usually	
  a	
  standard	
  set	
  of	
  words	
  are	
  matched/
removed	
  
detroit	
  with	
  its	
  access	
  to	
  a	
  government	
  
lifeline	
  in	
  the	
  balance	
  general	
  motors	
  was	
  
locked	
  in	
  intense	
  negoBaBons	
  on	
  
monday	
  with	
  the	
  united	
  automobile	
  
workers	
  over	
  ways	
  to	
  cut	
  its	
  bills	
  for	
  
reBree	
  health	
  care	
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Named	
  En++es	
  

•  Named	
  EnBBes	
  and	
  other	
  concepts	
  are	
  
typically	
  extracted	
  from	
  full	
  text	
  

DETROIT	
  —	
  With	
  its	
  access	
  to	
  a	
  government	
  
lifeline	
  in	
  the	
  balance,	
  General	
  Motors	
  was	
  
locked	
  in	
  intense	
  negoBaBons	
  on	
  Monday	
  with	
  
the	
  United	
  Automobile	
  Workers	
  over	
  ways	
  to	
  
cut	
  its	
  bills	
  for	
  reBree	
  health	
  care.	
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Extrac+ng	
  Seman+c	
  Informa+on	
  

•  Some	
  Bmes	
  HTML	
  tags	
  are	
  useful	
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Preprocessing	
  
Stemming	
  

•  Extracts	
  word	
  “stems”	
  only	
  
•  Avoid	
  word	
  variaBon	
  that	
  are	
  not	
  informaBve	
  
– apples,	
  apple	
  
– Retrieval,	
  retrieve,	
  retrieving	
  
– Should	
  they	
  be	
  dis.nguished?	
  Maybe	
  not.	
  

•  Porter	
  
•  Krovetz	
  

16	
  



Preprocessing	
  
Stemming	
  (Porter)	
  

•  MarBn	
  Porter,	
  
1979	
  

•  Cyclical	
  
recogniBon	
  and	
  
removal	
  of	
  
known	
  suffixes	
  
and	
  prefixes	
  

•  Try	
  Demo	
  at	
  
•  hUp://qaa.ath.cx/

porter_js_demo.html	
  

17	
  



Preprocessing	
  
Stemming	
  (Krovetz)	
  

•  Bob	
  Krovetz,	
  1993	
  
•  Makes	
  use	
  of	
  inflecBonal	
  linguisBc	
  
morphology	
  

•  Removes	
  inflecBonal	
  suffixes	
  in	
  three	
  steps	
  
– single	
  form	
  (e.g.	
  ‘-­‐ies’,	
  ‘-­‐es’,	
  ‘-­‐s’)	
  
– past	
  to	
  present	
  tense	
  (e.g.	
  ‘-­‐ed’)	
  
–  removal	
  of	
  ‘-­‐ing’	
  

•  Checking	
  in	
  a	
  dicBonary	
  
•  More	
  human-­‐readable	
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Preprocessing	
  
Stemming	
  

•  Porter	
  stemming	
  example	
  
[detroit	
  access	
  govern	
  lifelin	
  balanc	
  gener	
  motor	
  
lock	
  intens	
  negoB	
  mondai	
  unit	
  automobil	
  worker	
  
wai	
  cut	
  bill	
  reBre	
  health	
  care]	
  

•  Krovetz	
  stemming	
  example	
  
[detroit	
  access	
  government	
  lifeline	
  balance	
  
general	
  motor	
  lock	
  intense	
  negoBaBon	
  monday	
  
united	
  automobile	
  worker	
  ways	
  cut	
  bill	
  reBree	
  
health	
  care]	
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Term	
  weigh+ng	
  

•  How	
  should	
  we	
  represent	
  the	
  terms/features	
  
a^er	
  the	
  processes	
  so	
  far?	
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detroit	
  access	
  
government	
  lifeline	
  

balance	
  general	
  motor	
  
lock	
  intense	
  negoBaBon	
  

monday	
  united	
  
automobile	
  worker	
  ways	
  
cut	
  bill	
  reBree	
  health	
  care	
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Term	
  weigh+ng	
  
Document-­‐term	
  matrix	
  

•  Columns	
  –	
  every	
  term	
  appeared	
  in	
  the	
  corpus	
  
(not	
  a	
  single	
  document)	
  

•  Rows	
  –	
  every	
  document	
  in	
  the	
  collecBon	
  
•  Example	
  
–  If	
  a	
  collecBon	
  has	
  N	
  documents	
  and	
  M	
  terms…	
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T1	
   T2	
   T3	
   …	
   TM	
  

Doc	
  1	
   0	
   1	
   1	
   …	
   0	
  

Doc	
  2	
   1	
   0	
   0	
   …	
   1	
  

…	
   …	
   …	
   …	
   …	
   …	
  

Doc	
  N	
   0	
   0	
   0	
   …	
   1	
  



Term	
  weigh+ng	
  
Document-­‐term	
  matrix	
  

•  Document-­‐term	
  matrix	
  
– Binary	
  (if	
  appears	
  1,	
  otherwise	
  0)	
  
	
  

•  Every	
  term	
  is	
  treated	
  equivalently	
  

aKract	
   benefit	
   book	
   …	
   zoo	
  

Doc	
  1	
   0	
   1	
   1	
   …	
   0	
  

Doc	
  2	
   1	
   0	
   0	
   …	
   1	
  

Doc	
  3	
   0	
   0	
   0	
   …	
   1	
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Term	
  weigh+ng	
  
Term	
  frequency	
  

•  So,	
  we	
  need	
  “weigh&ng”	
  
– Give	
  different	
  “importance” to	
  different	
  terms	
  

•  TF	
  
– Term	
  frequency	
  
– How	
  many	
  Bmes	
  a	
  term	
  appeared	
  in	
  a	
  document?	
  
– Higher	
  frequency	
  à	
  higher	
  relatedness	
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Term	
  weigh+ng	
  
Term	
  frequency	
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Term	
  weigh+ng	
  
IDF	
  

•  IDF	
  
–  Inverse	
  Document	
  Frequency	
  
– Generality	
  of	
  a	
  term	
  à	
  too	
  general,	
  not	
  beneficial	
  
– Example	
  

•  “Informa+on” (in	
  ACM	
  Digital	
  Library)	
  
–  99.99%	
  of	
  arBcles	
  will	
  have	
  it	
  
–  TF	
  will	
  be	
  very	
  high	
  in	
  each	
  document,	
  IDF	
  low	
  

•  “Personaliza+on”	
  
–  Say,	
  1%	
  of	
  documents	
  will	
  have	
  it	
  
–  TF	
  again	
  will	
  be	
  very	
  high,	
  IDF	
  high	
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Term	
  weigh+ng	
  
IDF	
  

•  IDF	
  

– N	
  =	
  number	
  of	
  documents	
  in	
  the	
  coprus	
  
– DF	
  =	
  document	
  frequency	
  =	
  number	
  of	
  documents	
  
that	
  have	
  the	
  term	
  

–  If	
  ACM	
  DL	
  has	
  1M	
  documents	
  
•  IDF(“informaBon”)	
  =	
  Log(1M/999900)	
  =	
  0.0001	
  
•  IDF(“persoanlizaBon”)	
  =	
  Log(1M/50000)	
  =	
  30.63	
  

€ 

log( N
DF

)
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Term	
  weigh+ng	
  
IDF	
  

	
  
	
  
	
  
	
  

•  informa+on,	
  personaliza+on,	
  recommenda+on	
  	
  
•  Can	
  we	
  say…	
  

–  Doc	
  1,	
  2,	
  3…	
  are	
  about	
  informaBon?	
  
–  Doc	
  1,	
  6,	
  8…	
  are	
  about	
  personalizaBon?	
  
–  Doc	
  5	
  is	
  about	
  recommendaBon?	
  
	
  

Doc	
  1	
   Doc	
  2	
   Doc	
  3	
   Doc	
  4	
  

Doc	
  5	
   Doc	
  6	
   Doc	
  7	
   Doc	
  8	
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Term	
  weigh+ng	
  
TF*IDF	
  

•  TF*IDF	
  
– TF	
  mulBplied	
  by	
  IDF	
  
– Considers	
  TF	
  and	
  IDF	
  at	
  the	
  same	
  Bme	
  
– High	
  frequency	
  terms	
  focused	
  in	
  smaller	
  porBon	
  
of	
  documents	
  gets	
  higher	
  scores	
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Document	
   benef	
   aKract	
   sav	
   springer	
   book	
  

d1	
   0.176	
   0.176	
   0.417	
   0.176	
   0.176	
  

d2	
   0.000	
   0.350	
   0.000	
   0.528	
   0.000	
  

d3	
   0.528	
   0.000	
   0.000	
   0.000	
   0.176	
  



Term	
  weigh+ng	
  
BM25	
  

•  OKAPI	
  BM25	
  
– Okapi	
  Best	
  Match	
  25	
  
– ProbabilisBc	
  model	
  –	
  calculates	
  term	
  relevance	
  
within	
  a	
  document	
  

– Computes	
  a	
  term	
  weight	
  according	
  to	
  the	
  
probability	
  of	
  its	
  appearance	
  in	
  a	
  relevant	
  
document	
  and	
  to	
  the	
  probability	
  of	
  it	
  appearing	
  in	
  
a	
  non-­‐relevant	
  document	
  in	
  a	
  collecBon	
  D	
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Term	
  weigh+ng	
  
Entropy	
  weighBng	
  

•  Entropy	
  weighBng	
  

– Entropy	
  of	
  term	
  ti	
  
•  -­‐1	
  :	
  equal	
  distribuBon	
  of	
  all	
  documents	
  
•  0	
  :	
  appearing	
  only	
  1	
  document	
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IR	
  models	
  

•  Boolean	
  
•  ProbabilisBc	
  
•  Vector	
  Space	
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IR	
  Models	
  
Boolean	
  model	
  

•  Based	
  on	
  set	
  theory	
  and	
  
Boolean	
  algebra	
  

•  à	
  d1,	
  d3	
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IR	
  Models	
  
Boolean	
  model	
  

•  Simple	
  and	
  easy	
  to	
  implement	
  
•  Shortcomings	
  
– Only	
  retrieves	
  exact	
  matches	
  

•  No	
  parBal	
  match	
  

– No	
  ranking	
  
– Depends	
  on	
  user	
  query	
  formulaBon	
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IR	
  Models	
  
ProbabilisBc	
  model	
  

•  Binary	
  weight	
  vector	
  
•  Query-­‐document	
  similarity	
  funcBon	
  
•  Probability	
  that	
  a	
  certain	
  document	
  is	
  relevant	
  
to	
  a	
  certain	
  query	
  

•  Ranking	
  –	
  according	
  to	
  the	
  probability	
  to	
  be	
  
relevant	
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IR	
  Models	
  
ProbabilisBc	
  model	
  

•  Similarity	
  calculaBon	
  

•  Simplifying	
  assumpBons	
  
– No	
  relevance	
  informaBon	
  at	
  startup	
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Bayes	
  Theorem	
  and	
  removing	
  some	
  constants	
  	
  



IR	
  Models	
  
ProbabilisBc	
  model	
  

•  Shortcomings	
  
– Division	
  of	
  the	
  set	
  of	
  documents	
  into	
  relevant	
  /	
  
non-­‐relevant	
  documents	
  

– Term	
  independence	
  assumpBon	
  
–  Index	
  terms	
  –	
  binary	
  weights	
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IR	
  Models	
  
Vector	
  space	
  model	
  

•  Document	
  =	
  m	
  dimensional	
  space	
  (m	
  =	
  index	
  
terms)	
  

•  Each	
  term	
  represents	
  a	
  dimension	
  
•  Component	
  of	
  a	
  document	
  vector	
  along	
  a	
  
given	
  direcBon	
  à	
  term	
  importance	
  	
  

•  Query	
  and	
  documents	
  are	
  represented	
  as	
  
vectors	
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IR	
  Models	
  
Vector	
  space	
  model	
  

•  Document	
  similarity	
  
– Cosine	
  angle	
  

•  Benefits	
  
– Term	
  weighBng	
  
– ParBal	
  matching	
  

•  Shortcomings	
  
– Term	
  independency	
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t1	
  

t2	
  

d1	
  

d2	
  

Cosine	
  angle	
  



IR	
  Models	
  
Vector	
  space	
  model	
  

•  Example	
  
–  Query	
  =	
  “springer	
  book”	
  
–  q	
  =	
  (0,	
  0,	
  0,	
  1,	
  1)	
  
–  Sim(d1,q)	
  =	
  (0.176+0.176)/(√1	
  +	
  √	
  
(0.1762+0.1762+0.4172+0.1762+0.1762)	
  =	
  0.228	
  

–  Sim(d2,q)	
  =	
  (0.528)	
  /	
  (√1	
  +	
  √	
  (0.3502+0.5282))	
  =	
  0.323	
  
–  Sim(d3,q)	
  =	
  (0.176)	
  /	
  (√1	
  +	
  √	
  (0.5282	
  +	
  0.1762))	
  =	
  0.113	
  

Document	
   benef	
   aKract	
   sav	
   springer	
   book	
  

d1	
   0.176	
   0.176	
   0.417	
   0.176	
   0.176	
  

d2	
   0.000	
   0.350	
   0.000	
   0.528	
   0.000	
  

d3	
   0.528	
   0.000	
   0.000	
   0.000	
   0.176	
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IR	
  Models	
  
Vector	
  space	
  model	
  

•  Document	
  –	
  document	
  similarity	
  
•  Sim(d1,d2)	
  =	
  0.447	
  
•  Sim(d2,d3)	
  =	
  0.0	
  
•  Sim(d1,d3)	
  =	
  0.408	
  

Document	
   benef	
   aKract	
   sav	
   springer	
   book	
  

d1	
   0.176	
   0.176	
   0.417	
   0.176	
   0.176	
  

d2	
   0.000	
   0.350	
   0.000	
   0.528	
   0.000	
  

d3	
   0.528	
   0.000	
   0.000	
   0.000	
   0.176	
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Curse	
  of	
  dimensionality	
  

•  TDT4	
  
– |D|	
  =	
  96,260	
  
– |ITD|	
  =	
  118,205	
  

•  If	
  linearly	
  calculates	
  sim(q,	
  D)	
  
– 96,260	
  (per	
  each	
  document)	
  *	
  118,205	
  (inner	
  
product)	
  comparisons	
  

•  However,	
  document	
  matrices	
  are	
  very	
  sparse	
  
– Mostly	
  0’s	
  
– Space,	
  calculaBon	
  inefficient	
  to	
  store	
  those	
  0’s	
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Curse	
  of	
  dimensionality	
  

•  Inverted	
  index	
  
–  Index	
  from	
  
term	
  to	
  
document	
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Web-­‐IR	
  document	
  representa+on	
  

•  Enhances	
  the	
  classic	
  VSM	
  
•  PossibiliBes	
  offered	
  by	
  HTML	
  languages	
  
	
  
•  Tag-­‐based	
  
•  Link-­‐based	
  
– HITS	
  
– PageRank	
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Web-­‐IR	
  
Tag-­‐based	
  approaches	
  

•  Give	
  different	
  weights	
  to	
  different	
  tags	
  
– Some	
  text	
  fragments	
  within	
  a	
  tag	
  may	
  be	
  more	
  
important	
  than	
  others	
  

– <body>,	
  <Btle>,	
  <h1>,	
  <h2>,	
  <h3>,	
  <a>	
  …	
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Web-­‐IR	
  
Tag-­‐based	
  approaches	
  

•  WEBOR	
  system	
  
•  Six	
  classes	
  of	
  tags	
  

•  CIV	
  =	
  class	
  importance	
  vector	
  
•  TFV	
  =	
  class	
  frequency	
  vector	
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Web-­‐IR	
  
Tag-­‐based	
  approaches	
  

•  Term	
  weighBng	
  example	
  
– CIV	
  =	
  {0.6,	
  1.0,	
  0.8,	
  0.5,	
  0.7,	
  0.8,	
  0.5}	
  
– TFV(“personalizaBon”)	
  =	
  {0,	
  3,	
  3,	
  0,	
  0,	
  8,	
  10}	
  
– W(“personalizaBon”)	
  =	
  (0.0	
  +	
  3.0	
  +	
  2.4	
  +	
  0.0	
  +	
  0.0	
  
+	
  6.4	
  +	
  5.0)	
  *	
  IDF	
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Web-­‐IR	
  
HITS	
  (Hyperlink-­‐Induced	
  Topic	
  Search)	
  

•  Link-­‐based	
  approach	
  
•  Promote	
  search	
  performance	
  by	
  considering	
  Web	
  
document	
  links	
  

•  Works	
  on	
  an	
  iniBal	
  set	
  of	
  retrieved	
  documents	
  
•  Hub	
  and	
  authoriBes	
  
– A	
  	
  good	
  authority	
  page	
  is	
  one	
  that	
  is	
  pointed	
  to	
  by	
  
many	
  good	
  hub	
  pages	
  

– A	
  	
  good	
  hub	
  page	
  is	
  one	
  that	
  is	
  pointed	
  to	
  by	
  many	
  
good	
  authority	
  pages	
  

–  Circular	
  defini&on	
  à	
  iteraBve	
  computaBon	
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Web-­‐IR	
  
HITS	
  (Hyperlink-­‐Induced	
  Topic	
  Search)	
  

•  IteraBve	
  update	
  of	
  authority	
  &	
  hub	
  vectors	
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Web-­‐IR	
  
HITS	
  (Hyperlink-­‐Induced	
  Topic	
  Search)	
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Web-­‐IR	
  
HITS	
  (Hyperlink-­‐Induced	
  Topic	
  Search)	
  

•  N=1	
  
– A	
  =	
  [0.371	
  0.557	
  0.743]	
  
– H	
  =	
  [0.667	
  0.667	
  0.333]	
  

•  N	
  =	
  10	
  
– A	
  =	
  [0.344	
  0.573	
  0.744]	
  
– H	
  =	
  [0.722	
  0.619	
  0.309]	
  

•  N	
  =	
  1000	
  
– A	
  =	
  [0.328	
  0.591	
  0.737]	
  
– H	
  =	
  [0.737	
  0.591	
  0.328]	
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Web-­‐IR	
  
PageRank	
  

•  Google	
  
•  Unlike	
  HITS	
  

–  Not	
  limited	
  to	
  a	
  specific	
  iniBal	
  	
  
retrieved	
  set	
  of	
  documents	
  

–  Single	
  value	
  

•  IniBal	
  state	
  =	
  no	
  link	
  
•  Evenly	
  divide	
  scores	
  to	
  4	
  

documents	
  
•  PR(A)	
  =	
  PR(B)	
  =	
  PR(C)	
  =	
  

PRD(D)	
  =	
  1	
  /	
  4	
  =	
  0.25	
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Web-­‐IR	
  
PageRank	
  

•  PR(A)	
  
=	
  PR(B)	
  +	
  PR(C)	
  +	
  PR(D)	
  	
  
=	
  0.25	
  +	
  0.25	
  +	
  0.25	
  	
  
=	
  0.75	
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Web-­‐IR	
  
PageRank	
  

•  PR(B)	
  to	
  A	
  =	
  0.25/2	
  =	
  0.125	
  
•  PR(B)	
  to	
  C	
  =	
  0.25/2	
  =	
  0.125	
  
•  PR(A)	
  	
  

=	
  PR(B)	
  +	
  PR(C)	
  +	
  PR(D)	
  	
  
=	
  0.125	
  +	
  0.25	
  +	
  0.25	
  =	
  0.625	
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Web-­‐IR	
  
PageRank	
  

•  PR(D)	
  to	
  A	
  =	
  0.25/3	
  =	
  0.083	
  
•  PR(D)	
  to	
  B	
  =	
  0.25/3	
  =	
  0.083	
  
•  PR(D)	
  to	
  C	
  =	
  0.25/3	
  =	
  0.083	
  
•  PR(A)	
  =	
  PR(B)	
  +	
  PR(C)	
  +	
  PR(D)	
  =	
  

0.125	
  +	
  0.25	
  +	
  0.083	
  =	
  0.458	
  

•  Recursively	
  keep	
  calculaBng	
  to	
  
further	
  documents	
  linking	
  to	
  A,	
  
B,	
  C,	
  and	
  D	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  (Latent	
  SemanBc	
  Indexing)	
  

•  Represents	
  documents	
  by	
  concepts	
  
– Not	
  by	
  terms	
  

•  Reduce	
  term	
  space	
  à	
  concept	
  space	
  
– Linear	
  algebra	
  technique	
  :	
  SVD	
  (Singular	
  Value	
  
DecomposiBon)	
  

•  Step	
  (1)	
  :	
  Matrix	
  decomposiBon	
  –	
  original	
  
document	
  matrix	
  A	
  is	
  factored	
  into	
  three	
  
matrices	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  

•  Step	
  (2)	
  :	
  A	
  rank	
  k	
  is	
  selected	
  from	
  the	
  original	
  
equaBon	
  (k	
  =	
  reduced	
  #	
  of	
  concept	
  space)	
  

•  Step	
  (3)	
  :	
  The	
  original	
  term-­‐document	
  matrix	
  A	
  is	
  
converted	
  to	
  Ak	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  

•  Document-­‐term	
  matrix	
  A	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  

•  DecomposiBon	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  

•  Low	
  rank	
  approximaBon	
  (k	
  =	
  2)	
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Concept-­‐based	
  document	
  modeling	
  
LSI	
  

•  Final	
  Ak	
  
– Columns	
  :	
  documents	
  
– Rows	
  :	
  concepts	
  (k=2)	
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AI-­‐based	
  approaches	
  
ArBficial	
  Neural	
  Networks	
  

•  Query,	
  term,	
  
documents	
  à	
  
separated	
  into	
  3	
  
layers	
  

•  Term-­‐document	
  
weight	
  =	
  norm.	
  TF-­‐
IDF	
  

•  Query	
  à	
  term	
  
acBvaBon	
  à	
  sum	
  
of	
  the	
  signals	
  
exceeds	
  a	
  
threshold	
  à	
  
document	
  retrieval	
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AI-­‐based	
  approaches	
  
SemanBc	
  Networks	
  

•  Conceptual	
  
knowledge	
  

•  RelaBonship	
  
between	
  
concepts	
  

	
  

62	
  



AI-­‐based	
  approaches	
  
Bayesian	
  Networks	
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•  Metzler	
  and	
  Cro^	
  (2004)	
  	
  
–  Indri	
  search	
  engine	
  based	
  on	
  InQuery	
  

•  Inference	
  network	
  
– Document	
  
–  RepresentaBon	
  	
  
(term,	
  phrases)	
  

– Query	
  
–  InformaBon	
  Need	
  	
  

•  Calculates	
  probability	
  of	
  each	
  document	
  from	
  the	
  
network	
  


