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Non-‐conven>onal	  methods	  
for	  text	  classifica>on	  



Introduc>on	  

•  Text	  classifica>on	  is	  the	  assignment	  of	  free-‐
text	  documents	  to	  one	  or	  more	  predefined	  
categories	  based	  on	  their	  content	  

•  Important	  to	  remember:	  
– Assigns	  documents	  to	  known	  categories	  
•  It	  does	  not	  aim	  to	  discover	  topics	  or	  classes	  

–  It	  is	  a	  supervised	  task:	  training	  data	  is	  required	  
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Topics	  of	  this	  session	  

•  Commonly:	  supervised	  learning	  
•  Methods	  specially	  suited	  to	  difficult	  scenarios	  
–  Few	  training	  examples	  
–  Lack	  of	  nega>ve	  training	  examples	  
–  Lack	  of	  examples	  in	  target	  language	  
–  Lack	  of	  examples	  in	  target	  domain	  

4	  

Text	  classifica>on	  research	  

Improve	  
document	  

representa>on	  

Adapt/design	  
classifica>on	  
methods	  

Search	  for	  
New	  

applica>ons	  

Décima	  Cátedra	  Internacional	  de	  Ingeniería	  
Universidad	  Nacional	  de	  Colombia	  

	  



Topics	  of	  this	  session	  

•  Semi-‐supervised	  learning	  
– Self-‐training	  and	  co-‐training	  
– Using	  the	  Web	  as	  corpus	  

•  One-‐class	  classifica>on	  
– Learning	  from	  posi>ve	  and	  unlabeled	  data	  

•  Set-‐based	  classifica>on	  
– Neighborhood	  classifica>on	  

•  Mul>lingual	  text	  classifica>on	  
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Supervised	  learning	  
•  Most	  current	  methods	  for	  automa>c	  text	  
categoriza>on	  are	  based	  on	  supervised	  learning	  
techniques	  

•  A	  major	  difficulty	  of	  supervised	  techniques	  is	  that	  
they	  commonly	  require	  large	  training	  sets	  
–  Examples	  are	  manually	  labeled	  
–  Very	  expensive	  and	  >me	  consuming	  

•  Unfortunately,	  in	  many	  real-‐world	  applica>ons	  
training	  sets	  are	  extremely	  small	  and	  very	  
imbalanced	  

How	  to	  deal	  with	  these	  problems?	  
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Size	  of	  training	  sets	  and	  classifica>on	  performance	  
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Important	  drop	  in	  accuracy	  (27%	  )	  
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Semi-‐supervised	  learning	  

•  Idea:	  learning	  from	  a	  mixture	  of	  labeled	  and	  
unlabeled	  data.	  

•  This	  idea	  was	  supported	  on	  the	  observa>on	  
that,	  for	  more	  text	  classifica>on	  tasks,	  it	  is	  
easy	  to	  obtain	  samples	  of	  unlabeled	  data.	  

•  Assump>on	  is	  that	  unlabeled	  data	  provide	  
informa>on	  about	  the	  joint	  probability	  
distribu>on	  over	  words	  and	  their	  co-‐
occurrrences.	  
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Two	  main	  approaches	  

•  Self	  training	  
– Uses	  its	  own	  predic>ons	  to	  teach	  itself	  
– Based	  on	  the	  assump>on	  that	  “one’s	  own	  high	  
confidence	  predic>ons	  are	  correct”.	  

•  Co-‐training	  
– The	  idea	  is	  to	  construct	  two	  classifiers	  trained	  on	  
different	  sub-‐feature	  sets,	  and	  to	  have	  the	  
classifiers	  teach	  each	  other	  by	  labeling	  instances	  
where	  they	  are	  able.	  
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Self-‐training	  procedure	  
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Classify	  unlabeled	  data	  using	  the	  weak	  classifier	  

Selects	  best	  instances	  to	  be	  incorporated	  into	  
the	  training	  set	  

Ini>ally	  it	  trains	  the	  classifier	  with	  available	  
data:	  “	  a	  weak	  classifier”	  

How	  to	  select	  the	  most	  confident	  instances?	  
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Parameters	  and	  variants	  
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•  Base	  learner:	  any	  classifier/ensemble	  that	  makes	  
confidence-‐weighted	  predic>ons.	  

•  Stopping	  criteria:	  a	  fixed	  arbitrary	  number	  of	  
itera>ons	  or	  un>l	  convergence	  

•  Indelibility:	  basic	  version	  re-‐labels	  unlabeled	  data	  
at	  every	  itera>on;	  in	  a	  varia>on,	  labels	  from	  
unlabeled	  data	  are	  never	  recomputed.	  

•  Selec>on:	  add	  only	  k	  instances	  to	  the	  training	  at	  
each	  itera>on.	  

•  Balancing:	  select	  the	  same	  number	  of	  instances	  
for	  each	  class,	  or	  preserve	  the	  ini>al	  class	  
propor>ons.	  
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Co-‐training	  procedure	  
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Trains	  two	  classifiers	  using	  the	  same	  
data	  but	  different	  features	  

Selects	  best	  instances,	  from	  both	  classifiers	  
	  to	  be	  incorporated	  into	  the	  training	  set	  
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Comments	  on	  semi-‐supervised	  methods	  

•  Self-‐training:	  
–  The	  simplest	  semi-‐supervised	  learning	  method,	  but	  
–  Early	  mistakes	  could	  reinforce	  themselves	  	  

•  Co-‐training:	  
– Not	  applicable	  to	  all	  problems	  
–  It	  is	  necessary	  to	  have	  two	  different	  views	  of	  the	  
documents.	  	  
•  The	  two	  features	  subsets	  have	  to	  be	  condi>onally	  
independent	  given	  the	  class;	  i.e.,	  high	  confident	  data	  points	  
in	  one	  view	  will	  be	  randomly	  sca8ered	  in	  the	  other	  view	  
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Finding	  unlabeled	  examples	  

•  Semi-‐supervised	  methods	  assume	  the	  existence	  
of	  a	  large	  set	  of	  unlabeled	  documents	  
– Documents	  that	  belong	  to	  the	  same	  domain	  
–  Example	  documents	  for	  ALL	  given	  classes	  

•  If	  unlabeled	  documents	  are	  not	  available,	  then	  it	  
is	  necessary	  to	  extract	  them	  from	  other	  place	  

•  Idea:	  using	  the	  web	  as	  corpus,	  but	  
	  

How	  to	  extract	  related	  documents	  from	  the	  Web?	  
How	  to	  guarantee	  they	  are	  relevant	  for	  the	  given	  problem?	  
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Self-‐training	  	  using	  the	  Web	  as	  corpus	  

Rafael	  Guzmán-‐Cabrera,	  Manuel	  Montes-‐y-‐Gómez,	  Paolo	  Rosso,	  Luis	  Villaseñor-‐Pineda.	  Using	  the	  Web	  as	  Corpus	  
for	  Self-‐training	  Text	  Categoriza>on.	  Informa9on	  Retrieval,	  Volume	  12,	  Issue3,	  Springer	  2009.	  
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Building	  web	  queries	  
•  Good	  queries	  are	  formed	  by	  good	  terms	  
–  Terms	  that	  helps	  to	  describe	  some	  class,	  and	  to	  
differen>ate	  among	  classes	  

•  Good	  queries	  are	  not	  ambiguous	  
–  Long	  queries	  are	  very	  precise	  but	  have	  low	  recall;	  
short	  queries	  tend	  to	  be	  ambiguous	  

•  Proposed	  solu>on:	  
–  Consider	  frequent	  terms	  with	  posi>ve	  IG	  
– Queries	  of	  3	  terms	  (all	  possible	  combina>ons	  of	  the	  N	  
best	  terms)	  

	  
But,	  will	  be	  all	  these	  queries	  equally	  useful?	  
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Collec>ng	  results	  from	  web	  search	  

Not	  all	  queries	  are	  equally	  relevant!	  
	  

•  Significance	  of	  a	  query	  q	  =	  {w1,	  w2,	  w3}	  to	  class	  C	  :	  

	  

•  Number	  of	  downloaded	  examples	  per	  query	  in	  a	  
direct	  propor>on	  to	  its	  Γ-‐value.	  
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Frequency	  of	  occurrence	  and	  
informa>on	  gain	  of	  the	  query	  
terms	  

Total	  number	  of	  snippets	  
to	  be	  download	  
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Relevant	  words	  of	  wheat	  class	  (R8	  collec>on)	  
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Used	  queries	  for	  wheat	  class	  (R8	  collec>on)	  
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Adapted	  self-‐training	  procedure	  

20	  7th	  Russian	  Summer	  School	  in	  Informa>on	  Retrieval	  
Kazan,	  Russia,	  September	  2013	  
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Experiment	  1:	  Classifying	  Spanish	  news	  reports	  

21	  

•  Four	  classes:	  forest	  fires,	  hurricanes,	  floods,	  and	  earthquakes	  
•  Having	  only	  5	  training	  instances	  per	  class	  was	  possible	  to	  

achieve	  a	  classificaQon	  accuracy	  of	  97%	  
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Experiment	  2:	  Classifying	  English	  news	  reports	  

•  Experiments	  using	  the	  R10	  collec>on	  (10	  classes);	  Naïve	  Bayes	  
•  Higher	  accuracy	  was	  obtained	  using	  only	  1000	  labeled	  examples	  

instead	  of	  considering	  the	  whole	  set	  of	  7206	  instances	  (84.7%)	  

22	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



Final	  remarks	  
•  Different	  to	  other	  semi-‐supervised	  approaches,	  
the	  presented	  method	  does	  not	  require	  a	  
predefined	  set	  of	  unlabeled	  examples,	  instead,	  it	  
considers	  their	  automa>c	  extracQon	  from	  the	  
Web	  

•  Works	  well	  with	  very	  few	  training	  examples	  
–  Could	  be	  applied	  in	  classifica>on	  problems	  having	  
imbalanced	  classes,	  maybe	  in	  conjunc>on	  with	  under-‐
sampling	  techniques.	  

•  It	  is	  domain	  and	  language	  independent.	  
–  Experiments	  in	  three	  different	  tasks	  and	  in	  two	  
different	  languages.	  

23	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



References	  
•  Blum,	  A.,	  Mitchell,	  T.	  Combining	  labeled	  and	  unlabeled	  data	  with	  co-‐training.	  

COLT:	  Proceedings	  of	  the	  Workshop	  on	  Computa9onal	  Learning	  Theory,	  Morgan	  
Kaufmann,	  1998,	  p.	  92-‐100.	  

•  Rafael	  Guzmán-‐Cabrera,	  Manuel	  Montes-‐y-‐Gómez,	  Paolo	  Rosso,	  Luis	  Villaseñor-‐
Pineda.	  Using	  the	  Web	  as	  Corpus	  for	  Self-‐training	  Text	  CategorizaQon.	  
Informa9on	  Retrieval,	  Volume	  12,	  Issue3,	  Springer	  2009.	  	  

•  Rafael	  Guzmán-‐Cabrera,	  Manuel	  Montes-‐y-‐Gómez,	  Paolo	  Rosso,	  Luis	  Villaseñor-‐
Pineda.	  A	  Web-‐based	  Self-‐training	  Approach	  for	  Authorship	  AWribuQon.	  6th	  
Interna>onal	  Conference	  on	  Natural	  Language	  Processing,	  GoTAL	  2008.	  
Gothenburg,	  Sweden,	  August	  2008.	  

24	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



One	  class	  classifica>on	  
•  Conven>onal	  classifica>on	  algorithms	  classify	  
objects	  into	  one	  of	  several	  pre-‐defined	  
categories.	  	  
– A	  problem	  arises	  when	  a	  unknown	  object	  does	  not	  
belong	  to	  any	  of	  those	  categories.	  

•  In	  OCC	  one	  of	  the	  classes	  is	  well	  characterized	  by	  
instances	  in	  the	  training	  data;	  the	  other	  class,	  it	  
has	  either	  no	  instances	  at	  all,	  very	  few	  of	  them,	  
or	  they	  do	  not	  form	  a	  representaQve	  sample	  of	  
the	  nega>ve	  concept.	  

	  
How	  to	  deal	  with	  this	  situa>on?	  
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An	  example	  of	  applica>on	  
•  Homepage	  page	  classifica>on	  
– Collec>ng	  sample	  of	  homepages	  (posi>ve	  training	  
examples)	  is	  rela>vely	  easy	  

– Collec>ng	  samples	  of	  non-‐homepages	  (nega>ve	  
training	  examples)	  is	  very	  challenging	  because	  it	  
may	  not	  represent	  the	  nega>ve	  concept	  uniformly	  
and	  may	  involve	  human	  bias.	  

•  Other	  similar	  applica>ons	  on	  textual	  data	  are:	  
– Author	  verifica>on	  
– Opinion	  spam	  detec>on	  
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Taxonomy	  of	  OCC	  techniques	  

27	  
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One	  class	  KNN	  

•  Called	  Nearest	  Neighbor	  Descrip>on	  (NN-‐d)	  
•  A	  test	  object	  z	  is	  accepted	  as	  a	  member	  of	  
target	  class	  provided	  that	  its	  local	  density	  is	  
greater	  than	  or	  equal	  to	  the	  local	  density	  of	  its	  
nearest	  neighbor	  in	  the	  training	  set.	  	  

•  Different	  numbers	  of	  nearest	  neighbors	  can	  
be	  considered.	  
– More	  neighbors	  will	  make	  the	  method	  less	  
sensi>ve	  to	  noise.	  	  
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The	  one-‐class	  1-‐NN	  
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One	  class	  Naïve	  Bayes	  

•  The	  probability	  of	  d	  to	  belong	  to	  c	  is	  calculated	  as:	  

•  	  
Document	  d	  is	  assigned	  to	  c	  if	  its	  probability	  to	  
belong	  to	  c	  is	  greater	  than	  the	  minimum	  probability	  
from	  the	  training	  set:	  
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P c d( ) = P c( ) P ti c( )
i=1

M

∏ P ti c( ) = 1+ Ni

M + Nk
k=1

|c|

∑

P c d( ) > δ δ =min ∀d ∈ c :P c d( )( )



Learning	  from	  posi>ve	  and	  unlabeled	  

•  PU-‐learning	  is	  a	  par>ally	  supervised	  classifica>on	  
technique	  
–  It	  addresses	  the	  problem	  of	  building	  a	  two-‐class	  
classifier	  with	  only	  posi>ve	  and	  unlabeled	  examples.	  

•  It	  is	  defined	  as	  a	  two-‐step	  strategy:	  
–  Step	  1:	  Extract	  a	  set	  of	  nega>ve	  examples	  called	  
reliable	  negaQves	  (RN)	  from	  the	  unlabeled	  examples	  

–  Step	  2:	  Itera>vely	  apply	  a	  learning	  algorithm	  on	  the	  
refined	  training	  set	  to	  build	  a	  two-‐class	  classifier.	  
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Tradi>onal	  PU-‐learning	  algorithm	  

•  The	  idea	  is	  to	  iteraQvely	  increase	  the	  number	  of	  unlabeled	  
examples	  that	  are	  classified	  as	  negaQve	  while	  maintaining	  
the	  posi>ve	  examples	  correctly	  classified.	  

	  

1.  Assign	  label	  1	  to	  each	  document	  in	  P	  (posi>ve	  set)	  
2.  Assign	  label	  -‐1	  to	  each	  document	  in	  U	  (unlabeled	  set)	  
3.  Build	  a	  classifier	  using	  P	  and	  U	  
4.  Use	  the	  classifier	  to	  classify	  U	  
5.  RN	  =	  documents	  in	  U	  classified	  as	  nega>ve	  (reliable	  nega>ves)	  
6.  Build	  a	  classifier	  using	  P	  and	  RN	  
7.  Use	  the	  classifier	  to	  classify	  U-‐RN	  
8.  Add	  documents	  classified	  as	  nega>ve	  to	  RN	  
9.  Repeat	  6	  to	  8	  un>l	  no	  more	  nega>ve	  instances	  found	  
	  

It	  is	  a	  self-‐training	  approach!	  
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Alterna>ve	  PU-‐learning	  approaches	  

33	  

•  Tradi>onal	  PU-‐learning	  is	  very	  sensiQve	  to	  
ini>al	  extrac>on	  of	  reliable	  nega>ves.	  

•  	  One	  alterna>ve	  is	  the	  spy	  technique	  at	  first	  
step	  
– Uses	  a	  subset	  of	  P	  as	  control	  sample,	  to	  determine	  
a	  threshold	  to	  iden>fy	  reliable	  nega>ve	  instances,	  
or	  to	  determine	  stop	  condi>on	  

Bangzuo	  Zhang,	  Wanli	  Zuo.	  Reliable	  Nega>ve	  Extrac>ng	  Based	  on	  kNN	  for	  Learning	  from	  Posi>ve	  and	  Unlabeled	  
Examples.	  Journal	  of	  Computers,	  Vol	  4,	  No	  1	  (2009),	  94-‐101,	  Jan	  2009.	  
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Spy	  technique	  for	  iden>fying	  reliable	  nega>ves	  

34	  

A	  sample	  of	  P	  is	  inserted	  in	  U,	  and	  
used	  as	  a	  control	  set.	  

The	  control	  set	  is	  used	  to	  determine	  a	  	  
threshold	  to	  select	  the	  reliable	  nega>ve	  intances	  
Non	  instance	  of	  S	  has	  to	  be	  included	  in	  RN	  
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PU-‐Learning	  for	  opinion	  spam	  detec>on	  
•  Why	  experiments	  in	  this	  domain?	  
– Large	  number	  of	  opinion	  reviews	  on	  the	  Web	  
– Great	  economic	  importance	  of	  online	  reviews	  
– Growing	  trend	  to	  incorporate	  spam	  on	  review	  
sites.	  	  
•  Online	  reviews	  paid	  by	  companies	  to	  promote	  their	  
products	  or	  damage	  the	  reputa>on	  of	  compe>tors	  
•  O8	  et	  al.	  (2011)	  has	  es>mated	  around	  5%	  of	  posi>ve	  
hotel	  reviews	  appear	  to	  be	  decep>ve	  	  
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	  O8	  M.,	  Choi	  Y.,	  Cardie	  C.	  and	  Hancock	  J.T.	  Finding	  decep>ve	  opinion	  spam	  by	  any	  stretch	  of	  the	  imagina>on.	  In	  
Proceedings	  of	  the	  49th	  Annual	  Mee9ng	  of	  the	  Associa9on	  for	  Computa9onal	  Linguis9cs:	  Human	  Language	  
Technologies	  (ACL-‐HLT	  2011).	  	  Portland,	  Oregon,	  USA,	  2011.	  
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A	  Challenging	  problem	  
•  Detec>ng	  decep>ve	  opinions	  is	  very	  difficult	  

–  Opinions	  are	  typically	  short	  texts,	  wri8en	  in	  different	  
styles	  and	  for	  different	  purposes.	  

–  Human	  decep>on	  detec>on	  performance	  is	  low,	  	  with	  
accuracies	  around	  60%	  (O8	  et	  al.,	  2013)	  
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Example	  of	  a	  truthful	  opinion:	  
	  
We	   stay	   at	   Hilton	   for	   4	   nights	   last	   march.	   It	   was	   a	  
pleasant	  stay.	  We	  got	  a	  large	  room	  with	  2	  double	  beds	  
and	   2	   bathrooms,	   The	   TV	   was	   Ok,	   a	   27’	   CRT	   Flat	  
Screen.	   The	   concierge	   was	   very	   friendly	   when	   we	  
need.	  The	  room	  was	  very	  cleaned	  when	  we	  arrived,	  we	  
ordered	  some	  pizzas	   from	  room	  service	  and	  the	  pizza	  
was	  ok	  also.	  The	  main	  Hall	  is	  beau>ful.	  The	  breakfast	  is	  
charged,	   20	   dollars,	   kinda	   expensive.	   The	   internet	  
access	  (WiFi)	  is	  charged,	  13	  dollars/day.	  Pros:	  Low	  rate	  
price,	   huge	   rooms,	   close	   to	   a8rac>ons	   at	   Loop,	   close	  
to	  metro	   sta>on.	   Cons:	   Expensive	   breakfast,	   Internet	  
access	  charged.	  Tip:	  When	  leaving	  the	  building,	  always	  
use	  the	  Michigan	  Ave	  exit.	  It’s	  a	  great	  view.	  

Example	  of	  a	  decep9ve	  opinion:	  
	  
My	  husband	  and	   I	   stayed	   for	   two	  nights	  at	   the	  Hilton	  
Chicago,	   and	   enjoyed	   every	   minute	   of	   it!	   The	  
bedrooms	   are	   immaculate,	   and	   the	   linens	   are	   very	  
so�.	  We	   also	   appreciated	   the	   free	  WiFi,	   as	   we	   could	  
stay	  in	  touch	  with	  friends	  while	  staying	  in	  Chicago.	  The	  
bathroom	  was	  quite	  spacious,	  and	  I	  loved	  the	  smell	  of	  
the	   shampoo	   they	   provided-‐not	   like	   most	   hotel	  
shampoos.	   Their	   service	   was	   amazing,	   and	   we	  
absolutely	   loved	   the	   beau>ful	   indoor	   pool.	   I	   would	  
recommend	  staying	  here	  to	  anyone.	  
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Experiments	  
•  We	  used	  three	  different	  corpora	  

–  Test	  set:	  80	  decep>ve	  and	  80	  truthful	  opinions.	  
–  Three	   training	   sets:	   80,	   100	   and	   120	   posi>ve	   instances,	  
and	   520	   unlabeled	   instances	   (320	   truthful	   and	   200	  
decep>ve	  opinions)	  

•  	  Experimental	  setup:	  
–  Tradi>onal	  BoW	  representa>on	  with	  binary	  weights	  
–  SVM	  as	  base	  classifier	  (Weka;	  default	  parameters)	  
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Results	  

38	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



Final	  remarks	  
•  Many	  real-‐world	  text	  classificaQon	  applica>ons	  
fall	  into	  the	  class	  of	  posi>ve	  and	  unlabeled	  
learning	  problems.	  
– Nega>ve	  class	  very	  generic	  or	  uncertainty	  on	  nega>ve	  
examples	  

– Author	  verifica>on,	  sexual	  predator	  detec>on	  
•  Good	  results	  on	  the	  applica>on	  of	  PU-‐learning	  to	  
opinion	  spam	  detec>on	  	  (F=0.84	  with	  100	  
examples)	  
– O8	  et	  al.	  (2011)	  reported	  F=	  0.89	  using	  400	  posi>ve	  
and	  400	  nega>ve	  instances	  for	  cross-‐valida>on.	  

–  Best	  human	  result	  in	  this	  dataset	  is	  around	  60%	  of	  
accuracy.	  	  
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Collec>ve	  classifica>on	  (mo>va>on)	  
•  Tradi>onal	  text	  classifica>on	  methods:	  

–  Represent	  each	  document	  by	  a	  feature	  (word)	  vector	  
–  Learn	  a	  classifier	  based	  on	  manually	  labeled	  training	  data	  
–  Apply	  the	  classifier	  to	  each	  unlabeled	  document	  in	  a	  
“context-‐free”	  manner.	  

•  Decisions	  are	  based	  only	  on	  the	  informa>on	  
contained	  in	  the	  given	  test	  document,	  disregarding	  
the	  other	  documents	  in	  the	  test	  set.	  
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Collec>ve	  classifica>on	  (general	  idea)	  
•  Not	  only	  determine	  the	  topic	  of	  a	  single	  
document,	  but	  to	  infer	  it	  for	  a	  collecQon	  of	  
documents.	  
–  This	  is	  the	  real	  applica>on	  scenario	  for	  a	  text	  classifier	  

•  Try	  to	  collec>vely	  op>mise	  this	  problem	  taking	  
into	  account	  the	  connecQons	  present	  among	  the	  
documents,	  for	  example:	  
–  Papers	  ci>ng	  papers	  
–  Links	  among	  web	  pages	  (hypertext	  classificaQon)	  
– Other	  rela>ons	  such	  as:	  same	  author,	  same	  
conference,	  similar	  content,	  etc.	  
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Approaches	  for	  hypertext	  classifica>on	  (1)	  

•  Straighborward	  approach:	  Incorporate	  words	  of	  the	  
neighbors	  into	  the	  vector	  of	  the	  given	  document	  
–  Adjust	  the	  non-‐zero	  weights	  of	  exis>ng	  terms	  in	  the	  
original	  vector	  

–  Bring	  in	  new	  terms	  from	  the	  neighbors	  (i.e.,	  expand	  the	  
document)	  

•  Generally	  it	  does	  not	  lead	  to	  a	  robust	  solu>on.	  
–  Parameter	  tuning	  is	  problema>c	  
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Approaches	  for	  hypertext	  classifica>on	  (2)	  
•  Local	  approaches:	  learn	  a	  model	  locally,	  without	  
considering	  unlabeled	  data,	  and	  then	  apply	  the	  
model	  itera>vely	  to	  classify	  unlabeled	  data.	  
– At	  each	  itera>on,	  the	  label	  of	  each	  document	  is	  
influenced	  by	  the	  popularity	  of	  this	  label	  among	  their	  
neighbors	  

•  Global	  approaches:	  aim	  to	  es>mate	  the	  labels	  of	  
all	  test	  documents	  simultaneously,	  by	  modeling	  
the	  mutual	  influence	  between	  neighboring	  
documents.	  
–  Based	  on	  global	  op>miza>on	  techniques	  
–  Tend	  to	  exploit	  the	  links	  occurring	  between	  labeled	  
and	  unlabeled	  data	  for	  learning	  
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Neighborhood	  consensus	  classifica>on	  

•  Supported	  on	  the	  idea	  that	  similar	  documents	  may	  
belong	  to	  the	  same	  category.	  
–  Classifies	  documents	  by	  considering	  their	  own	  informaQon	  
as	  well	  as	  informa>on	  about	  the	  category	  assigned	  to	  
other	  similar	  documents	  from	  the	  same	  target	  (test)	  
collec>on	  

•  Does	  not	  need	  informa>on	  about	  the	  associa>on	  
between	  documents	  and	  can	  be	  easily	  combined	  
with	  different	  classificaQon	  algorithms.	  
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A	  reclassifica>on	  approach	  
•  	  It	  is	  a	  local	  but	  not	  iteraQve	  approach	  

–  Learns	  a	  model	  locally,	  and	  classifies	  each	  document	  
individually	  

–  Finds	  the	  N	  more	  similar	  documents	  in	  the	  target	  set	  
•  Content	  similarity	  (cosine	  func>on);	  KNN	  

–  Re-‐labels	  the	  documents	  considering	  the	  categories	  of	  
their	  neighbors	  (similar	  documents)	  
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Experiments	  
•  Short	  documents	  are	  difficult	  to	  categorize	  
since	  they	  contain	  a	  small	  number	  of	  words	  
whose	  absolute	  frequency	  is	  rela>vely	  low	  	  
– Produce	  very	  sparse	  representa>ons	  	  

•  The	  goal	  is	  to	  evaluate	  the	  effec>veness	  of	  
NCC	  in	  the	  classifica>on	  of	  short	  documents	  
– Classifica>on	  of	  complete	  news	  ar>cles	  
– Classifica>on	  of	  news	  >tles	  (short	  texts)	  
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Complexity	  of	  short	  text	  classifica>on	  

48	  

•  Prototype-‐based	  classificaQon	  emerged	  as	  the	  most	  robust	  
classifica>on	  approach	  for	  short	  documents	  
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NCC	  using	  prototype-‐based	  classifica>on	  

•  Prototypes	  are	  the	  centroids	  of	  the	  categories	  

•  Similarity	  among	  documents	  and	  between	  prototypes	  and	  
documents	  is	  computed	  using	  the	  cosine	  formula	  

•  K	  =	  number	  of	  used	  neighbors;	  lambda	  =	  rela>ve	  importance	  of	  
neighbors	  informa>on	  

49	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



Short-‐text	  classifica>on	  using	  NC-‐PBC	  

•  Informa>on	  from	  the	  neighbors	  improved	  the	  classificaQon	  
performance	  of	  short	  texts.	  	  

•  It	  was	  not	  very	  useful	  in	  the	  case	  of	  regular-‐length	  documents	  	  
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Final	  remarks	  
•  NCC	  determines	  the	  category	  of	  documents	  by	  
taking	  advantage	  of	  the	  informa>on	  about	  the	  
rela>onships	  between	  documents	  from	  the	  same	  
target	  collecQon	  

•  EffecQve	  to	  improve	  the	  classificaQon	  
performance	  in	  complex	  scenarios:	  
–  Short	  text	  classifica>on	  
–  Learning	  from	  small	  training	  sets	  

•  Performance	  is	  robust	  for	  different	  parameter	  
values,	  but	  be8er	  results	  were	  obtained	  when	  
using	  more	  than	  ten	  neighbors	  and	  small	  lambda	  
values.	  
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Mul>lingual	  text	  classifica>on	  



Agenda	  

•  Mul>linguism	  data/problem	  
•  Poly-‐lingual	  text	  classifica>on	  
– Language	  iden>fica>on	  

•  Cross-‐lingual	  text	  classifica>on	  
– Using	  machine	  transla>on	  
– Employing	  mul>lingual	  dic>onaries	  or	  ontologies	  

•  Re-‐categoriza>on	  methods	  
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Ini>al	  ques>ons	  

•  What	  is	  mul>lingual	  text	  classifica>on?	  
•  Is	  it	  concerns	  a	  prac>cal	  problem?	  
•  How	  to	  build	  a	  mul>lingual	  text	  classifica>on	  
system?	  

•  Which	  mul>lingual	  resources	  are	  necessary?	  
•  Equally	  difficult	  for	  all	  language	  combina>ons?	  
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Languages	  in	  the	  world	  
•  It	  is	  difficult	  to	  give	  an	  exact	  figure	  of	  the	  number	  of	  
languages	  that	  exist	  in	  the	  world	  
–  Not	  always	  easy	  to	  differen>ate	  between	  language	  and	  
dialect.	  

•  It	  is	  usually	  es>mated	  that	  the	  number	  of	  languages	  in	  
the	  world	  varies	  between	  3,000	  and	  8,000.	  	  
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Languages	  in	  the	  Web	  (users)	  
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Importance	  of	  handling	  mul>lingual	  data	  
•  Existence	  of	  a	  mul>lingual	  worldwide	  network	  
–  Representa>on	  of	  English	  is	  now	  less	  than	  40%	  

•  The	  >me	  of	  globaliza>on	  is	  coming;	  many	  
countries	  have	  been	  unified.	  
–  Example:	  European	  Union	  

•  In	  addi>on,	  many	  countries	  adopt	  mul>ple	  
languages	  as	  their	  official	  languages	  
–  Example:	  Moroco	  

•  New	  technologies	  in	  network	  infrastructure	  and	  
Internet	  set	  the	  pla�orm	  of	  the	  coopera>on	  and	  
globaliza>on.	  
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Mul>lingual	  text	  classifica>on	  
•  Poly-‐lingual	  classifica>on	  
–  The	  system	  is	  trained	  using	  labeled	  documents	  from	  
all	  the	  different	  languages,	  and	  allows	  to	  classify	  
documents	  from	  any	  of	  these	  languages.	  

•  Cross-‐lingual	  classifica>on	  	  
–  The	  system	  use	  labeled	  training	  data	  for	  only	  one	  
language	  to	  classify	  documents	  in	  other	  languages.	  

Ideas	  for	  achieving	  these	  two	  approaches?	  
Possible	  applica>ons?	  

Complicated	  or	  challenging	  situa>ons?	  
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Poly-‐lingual	  classifica>on	  
•  Two	  main	  steps:	  
–  Learning	  of	  categoriza>on	  model(s)	  from	  a	  set	  of	  pre	  
classified	  training	  documents	  wri8en	  in	  different	  
languages	  

– Assignment	  of	  unclassified	  documents	  to	  predefined	  
categories	  on	  the	  basis	  of	  the	  induced	  text	  
categoriza>on	  models	  

•  The	  naïve	  approach	  considers	  the	  problem	  as	  
mul>ple	  independent	  monolingual	  text	  
categoriza>on	  problems.	  
– Architecture	  is	  a	  combina>on	  of	  several	  monolingual	  
classifiers	  
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General	  architecture	  

How	  to	  determine	  the	  language?	  
Problems	  with	  this	  architecture?	  

How	  to	  take	  advantage	  of	  resources	  from	  other	  languages?	  
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Cross-‐lingual	  text	  classifica>on	  
•  It	  consists	  of	  using	  a	  labeled	  dataset	  in	  one	  
language	  (L1)	  to	  classify	  unlabelled	  data	  in	  other	  
language	  (L2).	  

•  A	  method	  that	  is	  able	  to	  effec>vely	  perform	  this	  
task	  would	  reduce	  the	  costs	  of	  building	  mul>-‐
language	  classifica>on	  systems,	  since	  the	  human	  
effort	  would	  be	  reduced	  to	  provide	  a	  training	  set	  
in	  just	  one	  language.	  

How	  can	  we	  train	  a	  classifier	  of	  such	  characteris>cs?	  
How	  similar	  must	  be	  both	  document	  sets?	  
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Using	  machine	  transla>on	  	  
•  Main	  approach	  is	  to	  use	  transla>on	  to	  ensure	  that	  
all	  documents	  are	  available	  in	  a	  single	  language	  

•  Transla>on	  can	  be	  used	  in	  two	  different	  ways:	  
–  Training-‐Set	  Transla>on:	  the	  labeled	  set	  is	  translated	  
into	  the	  target	  language(s).	  	  
•  Became	  a	  poly-‐lingual	  approach	  

–  Test-‐Set	  Transla>on:	  This	  approach	  consists	  in	  
transla>ng	  the	  unlabelled	  documents	  into	  one	  language	  
(L1).	  	  

Which	  approach	  is	  be8er?	  
Problems	  of	  transla>on?	  
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Problems	  caused	  by	  transla>ons	  
•  Certain	  drawbacks	  of	  the	  bag-‐of-‐words	  model	  become	  
par>cularly	  severe	  in	  cross-‐lingual	  classifica>on:	  
–  Spanish	  ‘coche’	  is	  generally	  mapped	  to	  ‘car	  ’,	  whereas	  
French	  ‘voiture’	  is	  translated	  to	  ‘automobile’.	  

–  Spanish	  ‘Me	  duele	  la	  cabeza’	  to	  ‘It	  hurts	  the	  head	  to	  
me’,	  which	  does	  not	  contain	  the	  word	  ‘headache’.	  

–  In	  Japanese	  and	  Chinese,	  there	  are	  separate	  words	  for	  
older	  and	  younger	  sisters.	  

How	  to	  tackle	  these	  problems?	  
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keyword	  transla>on	  
•  Most	  methods	  consider	  the	  transla>on	  of	  the	  whole	  

documents.	  
•  But	  our	  representa>on	  is	  based	  on	  a	  SET	  of	  words	  

–  Order	  is	  not	  capture;	  moreover,	  no	  all	  words	  are	  included.	  	  
	  

Is	  it	  really	  important	  to	  have	  a	  GOOD	  transla>on?	  
	  

•  In	  order	  to	  reduce	  transla>on	  errors	  some	  methods	  only	  
approach	  the	  transla>on	  of	  keywords.	  

•  A	  variant	  is	  to	  translate	  the	  sentences	  containing	  the	  N	  
more	  important	  keywords.	  
–  The	  purpose	  is	  to	  give	  some	  context	  to	  the	  transla>on	  machine.	  

How	  to	  select	  the	  keywords	  of	  a	  document?	  
What	  are	  the	  main	  characteris>cs	  of	  a	  keyword?	  
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Keyword	  extrac>on	  
•  Keywords	  are	  the	  set	  of	  significant	  words	  in	  a	  
document	  that	  give	  high-‐level	  descrip>on	  of	  its	  
content.	  
–  They	  give	  clue	  about	  the	  its	  main	  idea	  

•  Two	  main	  ideas	  for	  keyword	  extrac>on:	  
–  Frequent	  words	  are	  more	  important	  
–  Very	  common	  words	  (in	  the	  collec>on)	  are	  not	  
relevant	  to	  characterize	  the	  content	  of	  a	  given	  
document.	  
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Keyword	  extrac>on	  by	  term	  distribu>on	  
Keywords	  of	  a	  document	  appear	  
here	  and	  there	  in	  the	  document	  

•  Extract	  important	  terms	  in	  documents	  
applying	  the	  TF-‐IDF	  criterion.	  

•  Examine	  the	  distribu>on	  characteris>cs	  of	  
those	  candidate	  keywords.	  

•  Select	  as	  document	  keywords	  the	  terms	  with	  
great	  frequency	  and	  wide	  distribu>on	  
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Supervised	  keyword	  extrac>on	  
•  Consider	  the	  keyword	  extrac>on	  as	  a	  
classifica>on	  problem:	  the	  purpose	  is	  to	  
determine	  whether	  a	  word	  belong	  to	  the	  class	  of	  
keywords	  or	  ordinary	  words	  
– Assume	  that	  there	  is	  a	  training	  set	  that	  can	  be	  used	  to	  
learn	  how	  to	  iden>fy	  keywords	  and	  using	  the	  
knowledge	  gained	  from	  the	  training	  set	  

•  Some	  common	  used	  features	  are:	  
–  Frequency	  of	  the	  word	  in	  the	  document,	  inverse	  
document	  frequency,	  posi>on	  of	  the	  word	  in	  the	  
document,	  posi>on	  of	  the	  word	  according	  to	  the	  
paragraph,	  format	  of	  the	  word,	  POS	  tag.	  	  
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Other	  problems	  of	  CL	  text	  classifica>on	  
•  It	  is	  clear	  that,	  in	  spite	  of	  a	  perfect	  transla>on,	  
there	  is	  also	  a	  cultural	  distance	  between	  both	  
languages,	  which	  will	  inevitably	  affect	  the	  
classifica>on	  performance.	  

•  	  As	  an	  example,	  consider	  the	  case	  of	  news	  about	  
sports	  from	  France	  (in	  French)	  and	  from	  US	  (in	  
English):	  
–  The	  first	  will	  include	  more	  documents	  about	  soccer,	  
rugby	  and	  cricket	  

–  The	  later	  will	  mainly	  consider	  notes	  about	  baseball,	  
basketball	  and	  American	  football.	  

	  
How	  to	  address	  this	  issue?	  

69	  
Décima	  Cátedra	  Internacional	  de	  Ingeniería	  

Universidad	  Nacional	  de	  Colombia	  
	  



An	  EM	  based	  algorithm	  for	  CLTC	  	  
•  Uses	  two	  different	  sets	  of	  data:	  

–  a	  set	  of	  manually	  labeled	  documents	  in	  language	  L1	  
–  a	  large	  amount	  of	  unlabeled	  documents	  in	  the	  target	  
language	  L2.	  

•  The	  main	  process:	  
1.  Translate	  training	  set	  to	  L2.	  
2.  Build	  a	  classifier	  using	  the	  labeled	  translated	  examples	  
3.  Use	  informa>on	  in	  unlabeled	  examples	  from	  L2	  to	  

itera>vely	  enrich	  the	  classifier	  
•  The	  idea	  is	  that,	  even	  if	  the	  labels	  are	  not	  available,	  
useful	  sta>s>cal	  proper>es	  can	  be	  extracted	  by	  looking	  
at	  the	  distribu>on	  of	  terms	  in	  unlabeled	  texts.	  
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Re-‐classifica>on	  using	  neighbor´s	  informa>on	  

•  Post-‐processing	  method	  for	  CLTC	  
•  Its	  purpose	  is	  to	  reduce	  the	  classifica>on	  errors	  
caused	  by	  the	  cultural	  distance	  between	  the	  two	  
given	  languages	  	  

•  It	  takes	  advantage	  from	  the	  synergy	  between	  
similar	  documents	  from	  the	  target	  corpus	  in	  
order	  to	  achieve	  their	  re-‐classifica>on.	  

•  It	  relies	  on	  the	  idea	  that	  similar	  documents	  from	  
the	  target	  corpus	  are	  about	  the	  same	  topic,	  and,	  
therefore,	  that	  they	  must	  belong	  to	  the	  same	  
category.	  
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Scheme	  of	  the	  method	  

•  Itera>vely,	  modify	  the	  current	  class	  of	  a	  document	  by	  
considering	  informa>on	  from	  their	  neighbors	  
–  If	  all	  neighbors	  belong	  to	  the	  same	  class,	  assign	  that	  class	  to	  the	  

document	  
–  If	  neighbors	  do	  not	  belong	  to	  the	  same	  class,	  maintain	  current	  

classifica>on	  
–  Iterate	  σ	  >mes,	  or	  repeat	  un>l	  no	  document	  changes	  their	  category.	  
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Results	  
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Alterna>ve:	  using	  a	  mul>lingual	  wordnet	  
•  Instead	  of	  transla>ng	  documents	  from	  one	  
language	  to	  other,	  make	  them	  comparable	  by	  
means	  of	  a	  mul>lingual	  wordnet.	  

•  A	  wordnet	  is	  a	  large	  lexical	  database	  organized	  in	  
terms	  of	  meanings.	  	  
–  Synonym	  words	  are	  grouped	  into	  synset	  ({car,	  auto,	  
automobile,	  machine,	  motorcar})	  

•  In	  a	  mul>lingual	  wordnet	  there	  are	  rela>ons	  
between	  related	  synsents	  
–  It	  is	  possible	  to	  go	  from	  the	  words	  in	  one	  language	  to	  
similar	  words	  in	  any	  other	  language.	  
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Using	  mul>lingual	  wordnets	  
•  Idea	  is	  represen>ng	  documents	  by	  a	  common	  
(monolingual)	  set	  of	  concepts,	  and	  not	  by	  a	  common	  
set	  of	  words.	  

•  Advantages:	  
–  Synonym	  is	  captured	  (car	  and	  auto	  represented	  by	  the	  
same	  instance)	  

– Generaliza>on	  is	  possible	  (if	  one	  document	  talk	  about	  
lions,	  it	  somehow	  talk	  about	  felines)	  

•  Disadvantages:	  
– More	  difficult	  to	  have	  a	  mul>lingual	  wordnet	  than	  a	  
transla>on	  system.	  

– A	  BIG	  problem:	  word	  sense	  disambigua>on	  
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Alterna>ve	  2:	  Hybrid	  approach	  
1.  Translate	  all	  documents	  to	  English	  

–  Training	  and	  test	  sets	  
–  Because	  English	  has	  the	  largest	  wordnet	  

2.  Represent	  documents	  by	  a	  bag-‐of-‐synsets	  
3.  Applied	  any	  supervised	  learning	  approach	  to	  learn	  

from	  this	  representa>on.	  

Advantages:	  
•  Not	  necessary	  to	  have/construct	  a	  wordnet	  for	  each	  
language	  

•  WSD	  in	  only	  one	  single	  language	  
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