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Beyond	  the	  BoW	  representa>on	  



Agenda	  of	  the	  sec>on	  

•  Limita>ons	  of	  the	  BOW	  representa>on	  
•  Some	  alterna>ve	  features:	  
– Word	  sequences	  
– Linguis>c	  features	  
– Word	  senses	  as	  features	  
– Concept-‐based	  representa>ons	  
•  Distribu>onal	  representa>ons	  (DOR	  and	  TCOR)	  
•  Random	  indexing	  
•  Other	  representa>ons	  
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Bag-‐of-‐Words	  representa>on	  
•  Very	  common	  because	  its	  simplicity	  and	  
efficiency.	  	  

•  Under	  this	  scheme,	  documents	  are	  
represented	  by	  collec>ons	  of	  terms,	  each	  
term	  being	  an	  independent	  feature.	  
– Word	  order	  is	  not	  capture	  by	  this	  representa>on	  
– Seman>c	  informa>on	  is	  omi8ed	  
– There	  is	  no	  a8empt	  for	  understanding	  	  
documents’	  content	  
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The	  BoW	  representa>on	  
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t1	   t1	   …	   tn	  

d1	  

d2	  

:	   wi,j	  

dm	  
All	  documents	  
(one	  vector	  per	  document)	  

Weight	  indica>ng	  the	  contribu>on	  
of	  word	  j	  in	  document	  i.	  

Vocabulary	  from	  the	  collec>on	  
(set	  of	  different	  words)	  
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Main	  problems	  

•  A	  document	  is	  represented	  by	  the	  set	  of	  terms	  
that	  appear	  in	  it	  

•  By	  defini>on,	  BOW	  is	  an	  orderless	  representa>on	  	  
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Yo	  me	  rio	  en	  el	  baño	  	  
(I	  am	  laughing	  at	  the	  bathroom)	  
	  
	  Yo	  me	  baño	  en	  el	  río	  
(I	   am	   taking	   a	   shower	   at	   the	  
river)	  

Same	  BoW	  representaEon	  	  
different	  meaning	  
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Main	  problems	  
•  BoW	  ignores	  all	  seman>c	  informa>on;	  it	  simply	  looks	  at	  

the	  surface	  word	  forms	  
–  Polysemy	  and	  synonymy	  are	  big	  problems	  

Polysemy	  introduces	  noise	  into	  the	  BOW	  representa>on	  
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Main	  problems	  
•  BoW	  ignores	  all	  seman>c	  informa>on;	  it	  simply	  looks	  
at	  the	  surface	  word	  forms	  
– Polysemy	  and	  synonymy	  are	  big	  problems	  

	  
	  
	  
	  
	  
	  

Synonymy	  splits	  the	  evidence	  in	  the	  BOW	  
representa>on	  
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Main	  problems	  
•  BoW	  tends	  to	  produce	  sparse	  representa>ons,	  since	  terms	  

commonly	  occur	  in	  just	  a	  small	  subset	  of	  the	  documents	  	  
–  This	  problem	  is	  amplified	  by	  lack	  of	  training	  texts	  and	  by	  the	  
shortness	  of	  the	  documents	  

	  
Very	  difficult	  to	  find	  classifica>on	  pa8erns!	  

	  
Ideas	  for	  solving	  these	  limita>ons?	  
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First	  idea:	  indexing	  with	  POS	  tags	  
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w1t1	   w1t2	   Plant|NN	  
	  

Plant|VB	  
	  

…	   wntm	  

d1	  

d2	  

:	   wi,j	  

dm	  

Comments	  on	  this	  solu>on?	  Does	  it	  works?	  

Whole	  vocabulary	  of	  the	  collec>on	  with	  POS	  tags	  
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Weight	  indica>ng	  the	  contribu>on	  
of	  term-‐pos	  j	  in	  document	  i.	  



Second	  idea:	  mo>va>on	  

•  Using	  single	  words	  as	  index	  terms	  generally	  has	  
good	  exhaus>vity,	  but	  poor	  specificity	  due	  to	  
word	  ambiguity.	  

•  Some	  word	  associa>ons	  have	  a	  totally	  different	  
meaning	  of	  the	  “sum”	  of	  the	  meanings	  of	  the	  
words	  that	  compose	  them.	  
– Hot	  +	  dog	  ≠	  “hot	  dog”	  

•  To	  remedy	  this	  problem:	  use	  terms	  more	  
complex	  than	  single	  words,	  such	  as	  phrases.	  	  
– Dis>nguish	  the	  two	  meanings	  by	  using	  phrasal	  index	  
terms	  such	  as	  “bank	  of	  the	  Seine”	  and	  “bank	  of	  Japan”	  
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Second	  idea:	  phrases	  as	  features	  

12	  

p1	   P2	   Informa>on	  
retrieval	  

Paul	  
McCartney	  

Rolling	  
Stones	  

pn	  

d1	  

d2	  

:	   wi,j	  

dm	  

Weight	  indica>ng	  the	  contribu>on	  
of	  phrase	  j	  in	  document	  i.	  

Extracted	  phrases	  from	  the	  collec>on	  

Which	  kind	  of	  word	  sequences	  are	  relevant	  phrases?	  
How	  to	  extract	  them?	  
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Syntac>cal	  phrases	  as	  features	  

This	  apple	  pie	  looks	  good	  and	  is	  a	  real	  treat	  
	  

•  adjec>ve-‐noun	  rela>on	  (real-‐treat)	  
•  noun-‐noun	  rela>on	  (apple-‐pie)	  
•  subject-‐verb	  rela>on	  (pie-‐looks)	  
•  verb-‐object	  rela>on	  (is-‐treat)	  
•  The	  complica>on	  is	  that	  they	  are	  extracted	  
from	  the	  POS	  tagged	  text	  or	  from	  the	  syntac@c	  
tree.	  
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Named	  en>>es	  as	  features	  

•  Proper	  names	  in	  texts	  
–  Three	  universally	  accepted	  categories:	  person,	  
locaEon	  and	  organisaEon	  

– Other	  categories:	  date/>me	  expressions,	  measures	  
(percent,	  money,	  weight	  etc),	  email	  addresses,	  etc.	  

•  One	  problem:	  they	  can	  be	  also	  ambiguous!	  
– George	  Bush:	  person	  or	  loca>on?	  	  
– Mexico:	  geo-‐poli>cal	  organiza>on	  or	  loca>on?	  

	  
How	  to	  detect	  named	  en>>es?	  
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N-‐grams	  as	  features	  

•  N-‐gram	  is	  a	  subsequence	  of	  n	  items	  from	  a	  
given	  sequence	  

•  N-‐grams	  are	  easily	  computed	  
•  Combining	  n-‐grams	  for	  different	  sizes	  produces	  
great	  coverage	  and	  flexibility	  for	  the	  
representa>on.	  

•  Main	  problem	  is	  the	  high	  dimensionality.	  
	  
	  

How	  to	  select	  only	  the	  most	  useful	  n-‐grams?	  
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Third	  idea:	  mo>va>on	  

•  Tradi>onal	  IR/TC	  approaches	  are	  highly	  
dependent	  on	  term-‐matching	  

•  Term	  matching	  is	  affected	  by	  the	  synonymy	  
and	  polysemy	  phenomena.	  

•  Need	  to	  capture	  the	  concepts	  instead	  of	  only	  
the	  words	  

•  Solu>on:	  using	  word	  senses	  as	  features!	  
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What	  is	  word	  sense?	  

•  Word	  sense	  is	  one	  of	  the	  meanings	  of	  a	  word.	  
•  “Words”	  are	  having	  different	  meanings	  based	  
on	  the	  context	  of	  the	  word.	  	  

•  Example:	  
– We	  went	  to	  see	  a	  play	  at	  the	  theater	  
– The	  children	  went	  out	  to	  play	  in	  the	  park	  
	  

A	  computer	  program	  has	  no	  basis	  for	  knowing	  which	  one	  is	  
appropriate,	  even	  if	  it	  is	  obvious	  to	  a	  human	  
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Third	  idea:	  indexing	  by	  senses	  

We	  need	  to	  determine	  the	  sense	  of	  each	  word	  from	  
the	  document	  collec>on.	  Hard	  problem!	  
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(ins>tu>on)	  
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Weight	  indica>ng	  the	  contribu>on	  of	  the	  word-‐
sense	  j	  in	  document	  i.	  

All	  different	  word	  senses	  from	  the	  	  
target	  collec>on	  
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Did	  they	  work?	  
•  Evidence	  that	  POS	  info,	  complex	  nominals,	  
and	  word	  senses	  do	  not	  improve	  TC	  accuracy.	  
– Lack	  of	  accurate	  NLP	  tools	  (in	  many	  languages)	  
– High	  computa>onal	  cost	  in	  comparison	  with	  BOW	  

•  The	  combina>on	  of	  word	  unigrams	  and	  
bigrams	  tend	  to	  produce	  the	  best	  results.	  
– Higher	  order	  n-‐grams	  are	  –usually–	  useless.	  
	  

So,	  what	  else	  can	  we	  try?	  Ideas?	  
..	  
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Bag-‐of-‐concepts	  
•  Addresses	  the	  deficiencies	  of	  the	  BoW	  by	  
considering	  the	  rela>ons	  between	  document	  
terms.	  

•  BoC	  representa>ons	  are	  based	  on	  the	  intui>on	  
that	  the	  meaning	  of	  a	  document	  can	  be	  
considered	  as	  the	  union	  of	  the	  meanings	  of	  their	  
terms.	  

•  The	  meaning	  of	  terms	  is	  related	  to	  their	  usage;	  it	  
is	  captured	  by	  their	  distribu>onal	  representa>on	  

•  ..	  
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Document	  Occurrence	  Representa>on	  
•  It	  is	  based	  on	  the	  idea	  that	  the	  seman>cs	  of	  a	  term	  
may	  be	  view	  as	  a	  func>on	  of	  the	  bag	  of	  documents	  in	  
which	  the	  term	  occurs.	  	  
–  Each	  document	  being	  an	  independent	  feature	  

•  Terms	  are	  represented	  as	  vectors	  in	  the	  space	  of	  
documents	  

•  Two	  terms	  are	  related	  if	  they	  show	  
similar	  distribu>ons	  across	  the	  
documents	  
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d1	   d2	   …	   dn	  
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RepresentaEon	  of	  terms	  
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Intui>ons	  about	  the	  weights	  

•  DOR	  is	  a	  dual	  version	  of	  the	  BoW	  representa>on,	  
therefore:	  
–  The	  more	  frequently	  ti	  occurs	  in	  dj,	  the	  more	  
important	  is	  dj	  for	  characterizing	  the	  seman>cs	  of	  ti	  

–  The	  more	  dis>nct	  the	  words	  dj	  contains,	  the	  smaller	  
its	  contribu>on	  to	  characterizing	  the	  seman>cs	  of	  ti.	  
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Represen>ng	  documents	  using	  DOR	  
•  DOR	  is	  a	  word	  representa>on,	  not	  a	  document	  
representa>on.	  

•  Representa>on	  of	  documents	  is	  obtained	  by	  the	  
weighted	  sum	  of	  the	  vectors	  from	  their	  terms.	  
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Term	  CO-‐occurrence	  Representa>on	  
•  In	  TCOR,	  the	  meaning	  of	  a	  term	  is	  conveyed	  by	  the	  
terms	  commonly	  co-‐occurring	  with	  it;	  i.e.	  terms	  are	  
represented	  by	  the	  terms	  occurring	  in	  their	  context	  

•  Terms	  are	  represented	  as	  vectors	  in	  the	  space	  of	  
terms	  (vocabulary	  of	  the	  collec>on)	  

•  Two	  terms	  are	  related	  if	  they	  show	  
similar	  co-‐ocurring	  distribu>ons	  
with	  the	  rest	  of	  the	  terms	  
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RepresentaEon	  of	  terms	  
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Intui>ons	  about	  the	  weights	  

•  TCOR	  is	  the	  kind	  of	  representa>on	  tradi>onally	  
used	  in	  WSD,	  therefore:	  
–  The	  more	  >mes	  tk	  and	  tj	  co-‐occur	  in,	  the	  more	  
important	  tk	  is	  for	  characterizing	  the	  seman>cs	  of	  tj	  

–  The	  more	  dis>nct	  words	  tk	  co-‐occurs	  with,	  the	  smaller	  
its	  contribu>on	  for	  characterizing	  the	  seman>cs	  of	  tj.	  
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Represen>ng	  documents	  using	  TCOR	  

•  TCOR,	  such	  as	  DOR,	  is	  a	  word	  representa>on,	  
not	  a	  document	  representa>on.	  

•  Representa>on	  of	  documents	  is	  obtained	  by	  
the	  weighted	  sum	  of	  the	  vectors	  from	  their	  
terms.	  
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BOW	  vs	  DOR	  vs	  TCOR	  
•  BOW	  
– High	  dimensionality	  
– Very	  sparse	  

•  DOR	  
– Lower	  dimensionality	  than	  BOW	  	  
– Not	  sparse	  

•  TCOR	  
– Same	  dimensionality	  than	  BOW	  
– Not	  sparse	  
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t1	   t2	   …	   tm	  

d1	  

d2	  

:	  

dn	  

d1	   d2	   …	   dn	  

d1	  

d2	  

:	   wi,j	  

dn	  

DOR	  and	  TCOR	  do	  a	  kind	  of	  expansion	  of	  the	  documents	  



TCOR	  representa>on	  of	  a	  paper	  >tle	  
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DOR/TCOR	  for	  text	  classifica>on	  
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Experiments	  
•  Short-‐text	  categoriza>on	  based	  on	  
distribu>onal	  term	  representa>ons	  	  
– They	  reduce	  the	  sparseness	  of	  representa>ons	  
and	  alleviates,	  to	  some	  extent,	  the	  low	  frequency	  
issue.	  

•  Our	  experiments	  aimed	  to:	  
– Verify	  the	  difficul>es	  of	  the	  BoW	  for	  effec>vely	  
represen>ng	  the	  content	  of	  short-‐texts	  

– Assess	  the	  added	  value	  offered	  by	  concept-‐based	  
representa>ons	  over	  the	  BoW	  formula>on	  
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Evalua>on	  datasets	  
•  We	  assembled	  two	  types	  of	  collec>ons:	  

– Whole	  documents	  for	  training	  and	  test	  
– Whole	  documents	  for	  training	  and	  >tles	  for	  test	  
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Reuters-‐R8	  

EasyAbstracts	  

Cicling	  2002	  
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Short-‐text	  classifica>on	  with	  BoW	  
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Conclusions	  (1)	  

•  Acceptable	  performance	  was	  obtained	  when	  regular-‐
length	  documents	  were	  considered	  
–  SVM	  obtained	  the	  best	  results	  for	  most	  configura>ons	  of	  
data	  sets	  and	  weigh>ng	  schemes	  

•  The	  performance	  of	  most	  classifiers	  dropped	  
considerably	  when	  classifying	  short	  documents	  
–  The	  average	  decrement	  of	  accuracy	  was	  of	  38.66%	  

•  Results	  confirm	  that	  the	  BoW	  representa>on	  is	  not	  
well	  suited	  for	  short-‐text	  classifica>on	  
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Using	  DOR/TCOR	  for	  short-‐text	  classifica>on	  
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Conclusions	  (2)	  

•  DOR	  and	  TCOR	  clearly	  outperformed	  BoW	  for	  
most	  configura>ons.	  
–  In	  62	  out	  of	  the	  90	  results	  the	  improvements	  of	  
DTRs	  over	  BoW	  were	  sta>s>cally	  significant	  

•  In	  average,	  results	  obtained	  with	  DOR	  and	  
TCOR	  were	  very	  similar.	  	  
– DOR	  is	  advantageous	  over	  TCOR	  because	  it	  may	  
result	  in	  document	  representa>ons	  of	  much	  lower	  
dimensionality.	  
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Bag	  of	  concepts	  by	  random	  indexing	  
•  BoC	  approaches	  tend	  to	  be	  computa>onally	  
expensive.	  

•  They	  are	  based	  on	  a	  co-‐occurrence	  matrix	  of	  order	  
w×c;	  w	  =	  terms,	  c	  =	  contexts	  (terms	  or	  documents)	  

•  Random	  indexing	  produce	  these	  context	  vectors	  in	  a	  
more	  computa>onally	  efficient	  manner:	  the	  co-‐
occurrence	  matrix	  is	  replaced	  by	  a	  context	  matrix	  of	  
order	  w×k,	  where	  k	  <<	  c.	  
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Random	  indexing	  procedure	  (1)	  
•  First	  step:	  a	  unique	  random	  representa>on	  known	  as	  
“index	  vector”	  is	  assigned	  to	  each	  context.	  
–  A	  context	  could	  be	  a	  document	  ,	  paragraph	  or	  sentence	  
–  Vectors	  are	  filled	  with	  -‐1,	  1	  and	  0s.	  
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D1	  

D2	  

Dn	  

Documents	  
k	  <<	  n	  

Index	  Vectors	  (IV)	  

1	   -‐1	  

1	   -‐1	  

1	   -‐1	  

0	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  k	  
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Random	  indexing	  procedure	  (2)	  
•  Second	  step:	  index	  vectors	  are	  used	  to	  produce	  context	  
vectors	  by	  scanning	  through	  the	  text	  

•  Same	  idea	  than	  DOR:	  terms	  are	  represented	  by	  the	  
documents	  they	  occur.	  

•  The	  context	  vector	  includes	  informa>on	  from	  all	  
documents	  containing	  the	  term	  	  
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D1:	  Towards	  an	  Automata	  Theory	  of	  Brain	  
D2:	  	  From	  Automata	  Theory	  to	  Brain	  Theory	  
	  

1	   -‐1	  

1	   -‐1	  
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1	   1	   -‐1	   -‐1	  The	  context	  vector	  for	  brain	  
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Random	  indexing	  procedure	  (2)	  
•  Third	  step:	  build	  document	  vectors	  by	  adding	  their	  
terms’	  context	  vectors.	  

	  
	  

•  As	  in	  DOR	  and	  TCOR,	  the	  representa>on	  of	  the	  
documents	  is	  obtained	  by	  the	  weighted	  sum	  of	  the	  
context	  vectors	  of	  their	  terms.	  

•  It	  is	  like	  having	  a	  new	  code	  bar	  for	  each	  document	  
which	  summarize	  all	  its	  informa>on	  
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di:	  	  “From	  Automata	  Theory	  to	  Brain	  Theory”	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  CV1	  	  	  	  	  	  	  	  	  CV2	  	  	  	  	  	  	  	  	  CV3	  	  	  	  CV2	  
	  
di	  will	  be	  represented	  as	  the	  weighted	  sum	  of	  these	  vectors:	  
	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a1CV1+a2CV2+a3CV3+a2CV2	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a1,	  a2,	  a3	  are	  idf-‐values	  
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Limita>ons	  of	  BoC	  representa>ons	  

•  BoC	  representa>ons	  ignore	  the	  large	  amount	  of	  
syntac>c	  data	  in	  the	  documents	  not	  captured	  
implicitly	  through	  term	  context	  co-‐occurrences	  

•  Although	  BoC	  representa>ons	  can	  successfully	  
model	  some	  synonymy	  rela>ons,	  since	  different	  
words	  with	  similar	  meaning	  will	  occur	  in	  the	  
same	  contexts,	  they	  cannot	  model	  polysemy.	  

•  Solu>on:	  a	  representa>on	  that	  encodes	  both	  the	  
seman>cs	  of	  documents,	  as	  well	  as	  the	  syntax	  of	  
documents	  
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RI	  with	  syntac>c	  informa>on	  
•  Mul>plica>ve	  bidding	  procedure:	  

–  For	  each	  PoS	  tag,	  generate	  a	  unique	  random	  vector	  for	  the	  
tag	  of	  the	  same	  dimensionality	  as	  the	  term	  context	  
vectors.	  	  

–  For	  each	  term	  context	  vector,	  we	  perform	  element-‐wise	  
mul>plica>on	  between	  that	  term’s	  context	  vector	  and	  its	  
iden>fied	  PoS	  tag	  vector	  to	  obtain	  our	  combined	  
representa>on	  for	  the	  term.	  

–  Finally,	  document	  vectors	  are	  created	  by	  summing	  the	  
combined	  term	  vectors.	  
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An	  alterna>ve	  procedure	  

•  Circular	  convolu>on	  procedure:	  
– For	  each	  PoS	  tag,	  generate	  a	  unique	  random	  vector	  
for	  the	  tag	  of	  the	  same	  dimensionality	  as	  the	  term	  
context	  vectors	  

– For	  each	  term	  context	  vector,	  perform	  circular	  
convolu>on,	  which	  binds	  two	  vectors	  :	  

	  

– Finally,	  document	  vectors	  are	  created	  by	  summing	  
the	  combined	  term	  vectors	  
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term	  

tag	  

term-‐tag	  
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Circular	  convolu>on	  as	  binding	  opera>on	  	  
•  Two	  proper>es	  that	  make	  it	  appropriate	  to	  be	  used	  
as	  a	  binding	  opera>on:	  
–  The	  expected	  similarity	  between	  a	  convolu>on	  and	  its	  
cons>tuents	  is	  zero,	  thus	  differenEaEng	  the	  same	  term	  
acEng	  as	  different	  parts	  of	  speech	  in	  similar	  contexts.	  	  
•  Gives	  high	  importance	  to	  syntac>c	  informa>on	  

–  Similar	  seman>c	  concepts	  (i.e.,	  term	  vectors)	  bound	  to	  the	  
same	  part-‐of-‐speech	  will	  result	  in	  similar	  vectors;	  
therefore,	  usefully	  preserving	  the	  original	  semanEc	  
model.	  
•  Preserves	  seman>c	  informa>on	  
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Results	  on	  text	  classifica>on	  
•  The	  goal	  of	  the	  experiment	  was	  to	  demonstrate	  that	  
integra>ng	  PoS	  data	  to	  the	  text	  representa>on	  is	  
useful	  for	  classifica>on	  purposes.	  

•  Experiments	  on	  the	  20	  Newsgroups	  corpus;	  a	  linear	  
SVM	  kernel	  func>on	  was	  used;	  all	  context	  vectors	  
were	  fixed	  to	  512	  dimensions	  
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Final	  remarks	  

•  BoC	  representa>ons	  cons>tute	  a	  viable	  
supplement	  to	  word	  based	  represen>ons.	  

•  Not	  too	  much	  work	  in	  text	  classifica>on	  and	  IR	  
– Recent	  experiments	  demonstrated	  that	  TCOR,	  
DOR	  and	  random	  indexing	  results	  outperform	  
those	  from	  tradi>onal	  BoW;	  in	  CLEF	  collec>ons	  
improvements	  have	  been	  around	  7%.	  

•  Random	  indexing	  is	  efficient,	  fast	  and	  scalable;	  
syntac>c	  informa>on	  is	  easily	  incorporated.	  
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Related	  approaches	  
•  Latent	   semanEc	   indexing:	  Concepts	   are	   derived	  
via	   SVD,	   concepts	   are	   the	   principal	   components	  
of	  the	  term-‐document	  matrix	  

•  Topic	   models:	   Concepts	   are	   probability	  
distribu>ons	  over	  words,	  they	  can	  be	  obtained	  in	  
different	  ways	  (pLSI,	  LDA,	  etc.)	  

•  Deep	   learning:	   Concepts	   are	   the	   outputs	   of	  
hierarchical	   neural	   networks	   that	   aimed	   to	  
reconstruct	  documents	  (word2vec)	  
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Explicit	  Seman>c	  Analysis	  
•  It	  is	  a	  representa>on	  of	  documents	  that	  uses	  a	  
document	  corpus	  as	  a	  knowledge	  base.	  
–  Concepts	  explicitly	  defined	  and	  described	  by	  humans.	  

•  The	  idea	  is	  to	  represent	  documents	  by	  their	  
relatedness	  with	  a	  set	  of	  explicitly	  given	  
external	  categories	  or	  concepts	  
– Wikipedia	  ar>cles	  are	  commonly	  used	  as	  these	  external	  
categories.	  
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Using	  Wikipedia	  ar>cles	  as	  features	  
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w1	   w2	   Wn-‐1	   Wn	  

d1	  

d2	  

:	   wi,j	  

dm	  

Weight	  indica>ng	  the	  rela>on	  of	  category	  
(ar>cle)	  j	  to	  document	  i.	  
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Some	  results	  of	  ESA	  
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Comments	  on	  ESA	  
•  It	  is	  compared	  to	  approaches	  which	  aim	  at	  
represen>ng	  texts	  with	  respect	  to	  latent	  topics	  or	  
concepts,	  as	  done	  in	  Latent	  Seman>c	  Analysis.	  
– However,	  the	  use	  of	  a	  knowledge	  base	  makes	  it	  
possible	  to	  assign	  human-‐readable	  labels	  to	  the	  
concepts.	  

•  Empirical	  evalua>on	  confirms	  that	  using	  ESA	  
leads	  to	  substan>al	  improvements	  in	  compu>ng	  
word	  and	  text	  relatedness.	  
–  ESA	  have	  improved	  text	  categoriza>on	  
– We	  are	  using	  ESA	  for	  author	  profiling	  tasks.	  
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Some	  other	  (new)	  representa>ons	  

•  LOWBOW:	  Local	  Bag	  of	  Words	  
– Allow	  to	  include	  order	  info	  into	  the	  BoW	  

•  Concise	  seman>c	  analysis	  
– Represent	  documents	  in	  the	  space	  of	  categories	  

•  Mul>modal	  metafeatures	  
– Combines	  different	  kinds	  (modali>es)	  of	  features	  
– Represents	  documents	  by	  their	  similarity	  with	  
some	  prototypes.	  

These	  representa>ons	  are	  going	  to	  be	  discussed	  in	  the	  Sec>on	  “Authorship	  analysis”	  
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