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Reminder!	
  

•  Lit	
  Review	
  paper	
  due	
  in	
  2	
  weeks!	
  

•  Start	
  forming	
  your	
  project	
  groups!	
  
•  Working	
  alone	
  is	
  fine,	
  of	
  course	
  

•  But	
  collaboraEng	
  can	
  be	
  more	
  fun!	
  

•  Bring	
  your	
  project	
  ideas	
  to	
  office	
  hours	
  

•  The	
  ACL	
  Anthology	
  Searchbench	
  may	
  help	
  find	
  
relevant	
  literature:	
  hTp://aclasb.dWi.de/	
  



ExtracEng	
  structured	
  knowledge	
  

LLNL EQ Lawrence Livermore National Laboratory  
LLNL LOC-IN California 
Livermore LOC-IN California 
LLNL IS-A scientific research laboratory 
LLNL FOUNDED-BY University of California 
LLNL FOUNDED-IN 1952 

Each article can contain hundreds or thousands of items of knowledge...


“The Lawrence Livermore National 
Laboratory (LLNL) in Livermore, 
California is a scientific research 

laboratory founded by the 
University of California in 1952.” 



Goal:	
  machine-­‐readable	
  summaries	
  

p53	

 is_a	

 protein	



Bax	

 is_a	

 protein	



p53	

 has_function	

 apoptosis	



Bax	

 has_function	

 induction	



apoptosis	

 involved_in	

 cell_death	



Bax	

 is_in	

 mitochondrial	


outer membrane	



Bax	

 is_in	

 cytoplasm	



apoptosis	

 related_to	

 caspase activation	



...	

 ...	

 ...	



Textual abstract: 

Summary for human


Structured knowledge extraction:  
Summary for machine
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Bootstrapping	
  approaches	
  

•  If	
  you	
  don’t	
  have	
  enough	
  annotated	
  text	
  to	
  train	
  on…	
  

•  But	
  you	
  do	
  have:	
  
•  some	
  seed	
  instances	
  of	
  the	
  relaEon	
  	
  
•  (or	
  some	
  paTerns	
  that	
  work	
  preTy	
  well)	
  

•  and	
  lots	
  &	
  lots	
  of	
  unannotated	
  text	
  (e.g.,	
  the	
  web)	
  

•  …	
  can	
  you	
  use	
  those	
  seeds	
  to	
  do	
  something	
  useful?	
  

•  Bootstrapping	
  can	
  be	
  considered	
  semi-­‐supervised	
  



Bootstrapping	
  example	
  

•  Target	
  relaEon:	
  burial	
  place	
  

•  Seed	
  tuple:	
  <Mark	
  Twain,	
  Elmira>	
  

•  Grep	
  (Google)	
  for	
  “Mark	
  Twain”	
  and	
  “Elmira”	
  
•  “Mark	
  Twain	
  is	
  buried	
  in	
  Elmira,	
  NY.”	
  

→	
  	
  	
  X	
  is	
  buried	
  in	
  Y	
  

•  “The	
  grave	
  of	
  Mark	
  Twain	
  is	
  in	
  Elmira”	
  
→	
  	
  	
  The	
  grave	
  of	
  X	
  is	
  in	
  Y	
  

•  “Elmira	
  is	
  Mark	
  Twain’s	
  final	
  resEng	
  place”	
  
→	
  	
  	
  Y	
  is	
  X’s	
  final	
  resEng	
  place	
  

•  Use	
  those	
  paTerns	
  to	
  grep	
  for	
  new	
  tuples	
  

Slide	
  adapted	
  from	
  Jim	
  MarEn	
  



Bootstrapping	
  à	
  la	
  Hearst	
  

•  Choose	
  lexical	
  relaEon	
  R,	
  e.g.	
  hypernymy	
  

•  Gather	
  a	
  set	
  of	
  pairs	
  that	
  have	
  this	
  relaEon	
  

•  Find	
  places	
  in	
  the	
  corpus	
  where	
  these	
  expressions	
  occur	
  
near	
  each	
  other	
  and	
  record	
  the	
  environment	
  

•  Find	
  the	
  commonaliEes	
  among	
  these	
  environments	
  and	
  
hypothesize	
  that	
  common	
  ones	
  yield	
  paTerns	
  that	
  indicate	
  
the	
  relaEon	
  of	
  interest	
  

Shakespeare	
  and	
  other	
  authors	
  
metals	
  such	
  as	
  En	
  and	
  lead	
  
such	
  diseases	
  as	
  malaria	
  
regulators	
  including	
  the	
  SEC	
  

X	
  and	
  other	
  Ys	
  
Ys	
  such	
  as	
  X	
  
such	
  Ys	
  as	
  X	
  
Ys	
  including	
  X	
  



Bootstrapping	
  relaEons	
  

Slide	
  adapted	
  from	
  Jim	
  MarEn	
  



DIPRE	
  (Brin	
  1998)	
  
•  Extract	
  <author,	
  book>	
  pairs	
  

•  Start	
  with	
  these	
  5	
  seeds	
  

•  Learn	
  these	
  paTerns:	
  

•  Now	
  iterate,	
  using	
  these	
  paTerns	
  to	
  get	
  more	
  instances	
  and	
  paTerns…	
  



Snowball	
  (Agichtein	
  &	
  Gravano	
  2000)	
  

New	
  idea:	
  require	
  that	
  X	
  and	
  Y	
  be	
  named	
  enEEes	
  of	
  
parEcular	
  types	
  

ORGANIZATION	
   LOCATION	
  ’s0.4	
  headquarters0.4	
  in0.1	
  

ORGANIZATION	
  LOCATION	
   -­‐0.75	
  based0.75	
  



Bootstrapping	
  problems	
  

•  Requires	
  that	
  we	
  have	
  seeds	
  for	
  each	
  relaEon	
  
•  SensiEve	
  to	
  original	
  set	
  of	
  seeds	
  

•  Big	
  problem	
  of	
  semanEc	
  dris	
  at	
  each	
  iteraEon	
  

•  Precision	
  tends	
  to	
  be	
  not	
  that	
  high	
  

•  Generally	
  have	
  lots	
  of	
  parameters	
  to	
  be	
  tuned	
  

•  Don’t	
  have	
  a	
  probabilisEc	
  interpretaEon	
  
•  Hard	
  to	
  know	
  how	
  confident	
  to	
  be	
  in	
  each	
  result	
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KnowItAll	
  (Etzioni	
  et	
  al.	
  2005)	
  

•  Input:	
  target	
  class	
  labels	
  and	
  relaEon	
  labels	
  

•  Use	
  Hearst	
  paTerns	
  to	
  find	
  instances	
  of	
  classes	
  
•  ENTITY	
  and/or	
  other	
  CLASS,	
  such	
  CLASS	
  as	
  ENTITY,	
  etc	
  

•  Now	
  use	
  new	
  paTern	
  templates	
  to	
  find	
  relaEons	
  
•  CLASS1	
  is	
  the	
  RELATION	
  CLASS2	
  
•  CLASS1,	
  RELATION	
  CLASS2	
  

•  So	
  once	
  you	
  learn	
  Paris	
  and	
  Berlin	
  are	
  ciEes	
  
•  Can	
  use	
  “Paris	
  is	
  the	
  capital	
  of	
  France”	
  to	
  extract	
  capitalOf(Paris,	
  
France)	
  



KnowItAll	
  PMI-­‐based	
  Assessor	
  

•  Validate	
  candidate	
  instances	
  using	
  “discriminators”	
  

•  Compare	
  #	
  search	
  engine	
  hits	
  for	
  
•  instance	
  alone	
  
•  Instance	
  +	
  discriminator	
  

•  (This	
  is	
  not	
  the	
  convenEonal	
  definiEon	
  of	
  PMI!)	
  

•  Use	
  “PMI”	
  scores	
  as	
  features	
  for	
  Naïve	
  Bayes	
  classifier	
  

•  Example:	
  linguists	
  such	
  as	
  
•  PMI(linguists	
  such	
  as,	
  Chomsky)	
  	
  	
  =	
  	
  	
  4000	
  /	
  17.5M	
  	
  	
  =	
  	
  	
  2.23	
  E-­‐04	
  

•  PMI(linguists	
  such	
  as,	
  PoTs)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  =	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  1	
  /	
  26.8M	
  	
  	
  =	
  	
  	
  3.73	
  E-­‐08	
  



TextRunner	
  (Banko	
  et	
  al.	
  2007)	
  

1.   Self-­‐Supervised	
  Learner:	
  automaEcally	
  
labels	
  +/–	
  examples	
  &	
  learns	
  an	
  extractor	
  

2.   Single-­‐Pass	
  Extractor:	
  single	
  pass	
  over	
  
corpus,	
  idenEfying	
  extracEons	
  in	
  each	
  
sentence	
  	
  

3.   Redundancy-­‐Based	
  Assessor:	
  Assign	
  a	
  
probability	
  to	
  each	
  extracEon	
  



Step	
  1:	
  Self-­‐Supervised	
  Learner	
  

•  Run	
  a	
  parser	
  over	
  2000	
  sentences	
  
•  expensive	
  (0.5	
  seconds/parse)	
  so	
  can’t	
  run	
  on	
  whole	
  web	
  

•  For	
  each	
  pair	
  of	
  base	
  noun	
  phrases	
  NPi	
  and	
  NPj	
  
•  Extract	
  all	
  tuples	
  t	
  =	
  (NPi,	
  relaEoni,j	
  ,	
  NPj)	
  

•  Now	
  label	
  each	
  tuple	
  t	
  as	
  posiAve	
  if	
  and	
  only	
  if:	
  
•  The	
  dependency	
  path	
  between	
  enEEes	
  is	
  short	
  
•  The	
  dependency	
  path	
  doesn’t	
  cross	
  a	
  clause	
  boundary	
  
•  Neither	
  NP	
  is	
  a	
  pronoun	
  

•  Now	
  train	
  a	
  Naïve	
  Bayes	
  classifier	
  to	
  disEnguish	
  them	
  
•  using	
  features	
  like	
  POS	
  tags	
  nearby,	
  stop	
  words,	
  etc.	
  etc.	
  



Step	
  2:	
  Single-­‐Pass	
  Extractor	
  

Over	
  a	
  huge	
  (web-­‐sized)	
  corpus:	
  
•  Run	
  a	
  dumb	
  POS	
  tagger	
  
•  Run	
  a	
  dumb	
  Base	
  Noun	
  Phrase	
  finder	
  
•  Extract	
  all	
  text	
  strings	
  between	
  base	
  NPs	
  
•  Run	
  heurisEc	
  rules	
  to	
  simplify	
  text	
  strings	
  

	
  	
  	
  Scien5sts	
  from	
  many	
  universi5es	
  are	
  intently	
  studying	
  stars	
  
	
  〈scien5sts,	
  are	
  studying,	
  stars〉	
  

•  Pass	
  candidate	
  tuple	
  to	
  classifier	
  
•  Save	
  only	
  those	
  predicted	
  to	
  be	
  “trustworthy”	
  



Step	
  3:	
  Redundancy-­‐Based	
  Assessor	
  

•  Collect	
  counts	
  for	
  each	
  simplified	
  relaEon	
  
〈scien5sts,	
  are	
  studying,	
  stars〉	
  	
  17	
  

•  Given	
  the	
  counts	
  for	
  each	
  relaEon,	
  and	
  the	
  
number	
  of	
  sentences,	
  they	
  use	
  a	
  combinatoric	
  
balls-­‐and-­‐urns	
  model	
  to	
  compute	
  probability	
  of	
  
each	
  relaEon	
  [Downey	
  et	
  al.	
  05]	
  



TextRunner	
  demo	
  

hTp://www.cs.washington.edu/research/
textrunner/	
  

(Note	
  that	
  they’ve	
  re-­‐branded	
  TextRunner	
  as	
  ReVerb,	
  
but	
  it’s	
  essenEally	
  the	
  same	
  as	
  before.)	
  



slide	
  from	
  Oren	
  Etzioni	
  

TextRunner	
  examples	
  



Results	
  from	
  TextRunner	
  

•  From	
  corpus	
  of	
  9M	
  web	
  pages,	
  containing	
  133M	
  sentences	
  

•  Extracted	
  60.5	
  million	
  tuples	
  
•  〈FCI,	
  specializes	
  in,	
  so>ware	
  development〉	
  

•  EvaluaEon	
  
•  Not	
  well	
  formed:	
  

•  〈demands,	
  of	
  securing,	
  border〉,	
  〈29,	
  dropped,	
  instruments〉	
  

•  Abstract:	
  
•  〈Einstein,	
  derived,	
  theory〉,	
  〈execu5ve,	
  hired	
  by,	
  company〉	
  

•  True,	
  concrete:	
  
•  〈Tesla,	
  invented,	
  coil	
  transformer〉	
  



figure	
  from	
  Banko	
  et	
  al.	
  2007	
  

EvaluaEng	
  TextRunner	
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Distant	
  supervision	
  paradigm	
  
Snow, Jurafsky, Ng. 2005. Learning syntactic patterns for 
automatic hypernym discovery. NIPS 17 

Mintz, Bills, Snow, Jurafsky.  2009.  Distant supervision for 
relation extraction without labeled data.  ACL-2009. 

•  Hypothesis:	
  If	
  two	
  enEEes	
  are	
  known	
  to	
  belong	
  to	
  a	
  certain	
  
relaEon,	
  any	
  sentence	
  containing	
  those	
  two	
  enEEes	
  is	
  
likely	
  to	
  express	
  that	
  relaEon.	
  

•  Distant	
  supervision:	
  use	
  database	
  of	
  relaEons	
  to	
  get	
  lots	
  of	
  
training	
  examples	
  

•  instead	
  of	
  hand-­‐creaEng	
  a	
  few	
  seed	
  tuples	
  (bootstrapping)	
  
•  instead	
  of	
  using	
  hand-­‐labeled	
  corpus	
  (supervised)	
  



Distant	
  supervision	
  paradigm	
  

•  For	
  each	
  pair	
  of	
  enEEes	
  in	
  a	
  large	
  database:	
  
•  Grab	
  sentences	
  containing	
  these	
  enEEes	
  from	
  a	
  corpus	
  

•  Extract	
  lots	
  of	
  noisy	
  features	
  from	
  the	
  sentences	
  
•  Lexical	
  features,	
  syntacEc	
  features,	
  named	
  enEty	
  tags	
  

•  Combine	
  in	
  a	
  classifier	
  



Distant	
  supervision	
  paradigm	
  

•  Has	
  advantages	
  of	
  supervised	
  approach:	
  
•  use	
  of	
  rich	
  of	
  hand-­‐created	
  knowledge	
  
•  relaEons	
  have	
  canonical	
  names	
  

•  can	
  use	
  rich	
  features	
  (e.g.	
  syntacEc	
  features)	
  

•  Has	
  advantages	
  of	
  unsupervised	
  approach:	
  
•  unlimited	
  amounts	
  of	
  data	
  
•  allows	
  for	
  very	
  large	
  number	
  of	
  weak	
  features	
  

•  not	
  sensiEve	
  to	
  training	
  corpus:	
  genre-­‐independent	
  



We	
  construct	
  a	
  noisy	
  training	
  set	
  consisEng	
  of	
  occurrences	
  from	
  
our	
  corpus	
  that	
  contain	
  an	
  IS-­‐A	
  pair	
  according	
  to	
  WordNet.	
  

Slide	
  adapted	
  from	
  Rion	
  Snow	
  

Hypernyms	
  via	
  distant	
  supervision	
  

This	
  yields	
  high-­‐signal	
  examples	
  like:	
  
“...consider authors like Shakespeare...” 
“Some authors (including Shakespeare)...” 
“Shakespeare was the author of several...” 
“Shakespeare, author of The Tempest...” 



We	
  construct	
  a	
  noisy	
  training	
  set	
  consisEng	
  of	
  occurrences	
  from	
  
our	
  corpus	
  that	
  contain	
  an	
  IS-­‐A	
  pair	
  according	
  to	
  WordNet.	
  

Hypernyms	
  via	
  distant	
  supervision	
  

This	
  yields	
  high-­‐signal	
  examples	
  like:	
  
“...consider authors like Shakespeare...” 
“Some authors (including Shakespeare)...” 
“Shakespeare was the author of several...” 
“Shakespeare, author of The Tempest...” 

But	
  also	
  noisy	
  examples	
  like:	
  
“The author of Shakespeare in Love...” 
“...authors at the Shakespeare Festival...” 

Slide	
  adapted	
  from	
  Rion	
  Snow	
  

Training	
  set	
  (TREC	
  and	
  Wikipedia):	
  
14,000	
  hypernym	
  pairs,	
  ~600,000	
  total	
  pairs	
  



Learning	
  paTerns	
  

Take	
  corpus	
  sentences	
  

Collect	
  noun	
  pairs	
  
	
  752,311	
  pairs	
  from	
  6M	
  words	
  of	
  newswire	
  

Is	
  pair	
  an	
  IS-­‐A	
  in	
  WordNet?	
  	
  
14,387	
  yes,	
  737,924	
  no	
  

Parse	
  the	
  sentences	
  
Extract	
  paTerns	
  
	
  69,592	
  dependency	
  paths	
  >5	
  pairs)	
  

Train	
  classifier	
  on	
  these	
  paTerns	
  
	
  LogisAc	
  regression	
  with	
  70K	
  features	
  (actually	
  
converted	
  to	
  974,288	
  bucketed	
  binary	
  features)	
  

…	
  doubly	
  heavy	
  hydrogen	
  atom	
  called	
  deuterium…	
  

4 

1 

2 

3 

5 

6 

(atom,	
  deuterium)	
  

YES	
  

Snow,	
  Jurafsky,	
  Ng.	
  2005.	
  Learning	
  syntacEc	
  
paTerns	
  for	
  automaEc	
  hypernym	
  discovery.	
  



One	
  of	
  70,000	
  paTerns	
  

“<superordinate>	
  ‘called’	
  <subordinate>”	
  

Learned	
  from	
  cases	
  such	
  as:	
  

“sarcoma	
  /	
  cancer”:	
  	
  …an	
  uncommon	
  bone	
  cancer	
  called	
  osteogenic	
  sarcoma	
  and	
  to…	
  
“deuterium	
  /	
  atom”	
  	
  ….heavy	
  water	
  rich	
  in	
  the	
  doubly	
  heavy	
  hydrogen	
  atom	
  called	
  deuterium.	
  

New	
  pairs	
  discovered:	
  	
  	
  

“efflorescence	
  /	
  condi5on”:	
  	
  …and	
  a	
  condiAon	
  called	
  efflorescence	
  are	
  other	
  reasons	
  for…	
  	
  
“’neal_inc	
  /	
  company”	
  	
  	
  …The	
  company,	
  now	
  called	
  O'Neal	
  Inc.,	
  was	
  sole	
  distributor	
  of	
  E-­‐Ferol…	
  
“hat_creek_ouLit	
  /	
  ranch”	
  …run	
  a	
  small	
  ranch	
  called	
  the	
  Hat	
  Creek	
  OuOit.	
  
“hiv-­‐1	
  /	
  aids_virus”	
  …infected	
  by	
  the	
  AIDS	
  virus,	
  called	
  HIV-­‐1.	
  
“bateau_mouche	
  /	
  aNrac5on”	
  …local	
  sightseeing	
  aRracAon	
  called	
  the	
  Bateau	
  Mouche...	
  
“kibbutz_malkiyya	
  /	
  collec5ve_farm”	
  	
  …an	
  Israeli	
  collecAve	
  farm	
  called	
  Kibbutz	
  Malkiyya…	
  



Recording	
  the	
  Lexico-­‐SyntacEc	
  Environment	
  	
  
with	
  SyntacEc	
  Dependency	
  Paths	
  

MINIPAR:	
  	
  A	
  principle-­‐based	
  dependency	
  parser	
  (Lin,	
  1998)	
  

Example	
  Word	
  Pair:	
  	
  “Shakespeare	
  /	
  author”	
  
Example	
  Sentence:	
  	
  	
  “Shakespeare	
  was	
  the	
  author	
  of	
  several	
  plays...”	
  

Minipar	
  Parse:	
  

Slide	
  from	
  Rion	
  Snow	
  



MINIPAR:  A principle-based dependency parser (Lin, 1998)


Extract shortest path:


“-N:s:VBE, “be”, VBE:pred:N”


Example Word Pair:  “Shakespeare / author”

Example Sentence:   “Shakespeare was the author of several plays...”


Minipar Parse:


Recording	
  the	
  Lexico-­‐SyntacEc	
  Environment	
  	
  
with	
  SyntacEc	
  Dependency	
  Paths	
  

Slide	
  from	
  Rion	
  Snow	
  



Hearst	
  paTerns	
  to	
  MINIPAR	
  dependency	
  paths	
  

Hearst	
  PaRern	
  

Y	
  such	
  as	
  X…	
  

Such	
  Y	
  as	
  X…	
  

X…	
  and	
  other	
  Y	
  

	
  MINIPAR	
  RepresentaAon	
  

-­‐N:pcomp-­‐n:Prep,such_as,such_as,-­‐Prep:mod:N	
  

-­‐N:pcomp-­‐n:Prep,as,as,-­‐Prep:mod:N,(such,PreDet:pre:N)}	
  

(and,U:punc:N),N:conj:N,	
  (other,A:mod:N)	
  	
  	
  	
  	
  

Slide	
  from	
  Rion	
  Snow	
  



Hypernym	
  Precision	
  /	
  Recall	
  for	
  all	
  Features	
  

Slide	
  from	
  Rion	
  Snow	
  



Slide	
  from	
  Rion	
  Snow	
  

Precision/recall	
  for	
  various	
  paTerns	
  



Slide	
  from	
  Rion	
  Snow	
  

Precision/recall	
  for	
  various	
  paTerns	
  



Slide	
  from	
  Rion	
  Snow	
  

Precision/recall	
  for	
  various	
  paTerns	
  



logistic regression 

Precision/recall	
  for	
  hypernym	
  classifier	
  

F-score 

Slide	
  from	
  Rion	
  Snow	
  

10-­‐fold	
  Cross	
  ValidaEon	
  on	
  14,000	
  WordNet-­‐Labeled	
  Pairs	
  



What	
  about	
  other	
  relaEons?	
  

102	
  relaEons	
  
940,000	
  enEEes	
  

1.8	
  million	
  instances	
  

Training Set	

 Corpus	



1.8	
  million	
  arEcles	
  
25.7	
  million	
  sentences	
  

Mintz,	
  Bills,	
  Snow,	
  Jurafsky	
  (2009).	
  	
  Distant	
  supervision	
  for	
  
relaEon	
  extracEon	
  without	
  labeled	
  data.	
  	
  ACL-­‐2009.	
  

Slide	
  adapted	
  from	
  Rion	
  Snow	
  



Frequent	
  Freebase	
  RelaEons	
  



Training	
  

Bill Gates founded Microsoft in 1975. 
Bill Gates, founder of Microsoft, … 
Bill Gates attended Harvard from… 
Google was founded by Larry Page and… 

Founder:  <Bill Gates, Microsoft> 
Founder:  <Larry Page, Google> 
CollegeAttended: <Bill Gates, Harvard> 

Text Freebase relations 

Extracted training data 



Training	
  

Bill Gates founded Microsoft in 1975. 
Bill Gates, founder of Microsoft, … 
Bill Gates attended Harvard from… 
Google was founded by Larry Page and… 

Founder:         <Bill Gates, Microsoft> 
Founder:  <Larry Page, Google> 
CollegeAttended: <Bill Gates, Harvard> 

Text Freebase relations 

Extracted training data 

[Founder] 

• “X founded Y” 



Training	
  

Bill Gates founded Microsoft in 1975. 
Bill Gates, founder of Microsoft, … 
Bill Gates attended Harvard from… 
Google was founded by Larry Page and… 

Founder:         <Bill Gates, Microsoft> 
Founder:  <Larry Page, Google> 
CollegeAttended: <Bill Gates, Harvard> 

[Founder] 

• “X founded Y” 
• “X, founder of Y” 

Text Freebase relations 

Extracted training data 



Training	
  

Bill Gates founded Microsoft in 1975. 
Bill Gates, founder of Microsoft, … 
Bill Gates attended Harvard from… 
Google was founded by Larry Page and… 

Founder:  <Bill Gates, Microsoft> 
Founder:  <Larry Page, Google> 
CollegeAttended: <Bill Gates, Harvard> 

[Founder] [CollegeAttended] 

• “X attended Y” • “X founded Y” 
• “X, founder of Y” 

Text Freebase relations 

Extracted training data 



Training	
  

Bill Gates founded Microsoft in 1975. 
Bill Gates, founder of Microsoft, … 
Bill Gates attended Harvard from… 
Google was founded by Larry Page … 

Founder:  <Bill Gates, Microsoft> 
Founder:  <Larry Page, Google> 
CollegeAttended: <Bill Gates, Harvard> 

[Founder] 

• “X founded Y” 
• “X, founder of Y” 
• “Y was founded by X” 

[CollegeAttended] 

• “X attended Y” 

Text Freebase relations 

Extracted training data 



Training	
  

Extracted training data 

Train 
Relation 
Classifier 

[Founder] 

• “X founded Y” 
• “X, founder of Y” 
• “Y was founded by X” 

[CollegeAttended] 

• “X attended Y” 



TesEng	
  

Henry Ford founded Ford Motor Co. in… 
Ford Motor Co. was founded by Henry Ford… 
Steve Jobs attended Reed College from… 

Corpus text 

Extracted testing data 



TesEng	
  

Henry Ford founded Ford Motor Co. in… 
Ford Motor Co. was founded by Henry Ford… 
Steve Jobs attended Reed College from… 

Extracted testing data 
<Henry Ford, Ford Motor Co.> 

[???] 

• “X founded Y” 

Corpus text 



TesEng	
  

Henry Ford founded Ford Motor Co. in… 
Ford Motor Co. was founded by Henry Ford… 
Steve Jobs attended Reed College from… 

Extracted testing data 
<Henry Ford, Ford Motor Co.> 

[???] 

• “X founded Y” 
• “Y was founded by X” 

Corpus text 



TesEng	
  

Henry Ford founded Ford Motor Co. in… 
Ford Motor Co. was founded by Henry Ford… 
Steve Jobs attended Reed College from… 

Extracted testing data 
<Henry Ford, Ford Motor Co.> 

[???] 

• “X founded Y” 
• “Y was founded by X” 

<Steve Jobs, Reed College> 

[???] 

• “X attended Y” 

Corpus text 



TesEng	
  

Trained 
Relation 
Classifier 

<Henry Ford, Ford Motor Co.>:  Founder 

<Steve Jobs, Reed College>: CollegeAtt. 

Results! 

Extracted testing data 
<Henry Ford, Ford Motor Co.> 

[???] 

• “X founded Y” 
• “Y was founded by X” 

<Steve Jobs, Reed College> 

[???] 

• “X attended Y” 



Advantage	
  

•  ACE	
  paradigm:	
  labeling	
  sentences	
  

•  Our	
  paradigm:	
  labeling	
  enEty	
  pairs	
  
•  We	
  make	
  use	
  of	
  mulEple	
  appearances	
  of	
  enEEes	
  

•  If	
  a	
  pair	
  of	
  enEEes	
  appears	
  in	
  10	
  sentences,	
  and	
  each	
  
sentence	
  has	
  5	
  features	
  extracted	
  from	
  it,	
  the	
  enEty	
  pair	
  
will	
  have	
  50	
  associated	
  features	
  



Lexical	
  and	
  SyntacEc	
  Features	
  

Astronomer	
  Edwin	
  Hubble	
  was	
  born	
  in	
  Marshfield,	
  Missouri	
  



Examples	
  of	
  high-­‐weight	
  features	
  



ImplementaEon	
  

•  Classifier:	
  mulE-­‐class	
  logisEc	
  regression	
  opEmized	
  using	
  
L-­‐BFGS	
  with	
  Gaussian	
  regularizaEon	
  (Manning	
  &	
  Klein	
  
2003)	
  

•  Parser:	
  MINIPAR	
  (Lin	
  1998)	
  

•  POS	
  tagger:	
  MaxEnt	
  tagger	
  trained	
  on	
  the	
  Penn	
  Treebank	
  
(Toutanova	
  et	
  al.	
  2003)	
  

•  NER	
  tagger:	
  Stanford	
  four-­‐class	
  tagger	
  {person,	
  locaEon,	
  
organizaEon,	
  miscellaneous,	
  none}	
  (Finkel	
  et	
  al.	
  2005)	
  

•  3	
  configuraEons:	
  lexical	
  features,	
  syntax	
  features,	
  both	
  



Experiment	
  

•  1.8	
  million	
  relaEon	
  instances	
  used	
  for	
  training	
  
•  Compared	
  to	
  17,000	
  relaEon	
  instances	
  in	
  ACE	
  

•  800,000	
  Wikipedia	
  arEcles	
  used	
  for	
  training,	
  
400,000	
  different	
  arEcles	
  used	
  for	
  tesEng	
  

•  We	
  only	
  extract	
  relaEon	
  instances	
  that	
  are	
  not	
  
already	
  in	
  Freebase	
  



Newly	
  discovered	
  relaEon	
  instances	
  

	
  Ten	
  relaEon	
  instances	
  extracted	
  by	
  the	
  system	
  that	
  did	
  not	
  appear	
  in	
  Freebase	
  



EvaluaEon	
  

•  Held-­‐out	
  evaluaEon	
  
•  Train	
  on	
  50%	
  of	
  gold-­‐standard	
  Freebase	
  relaEon	
  
instances,	
  test	
  on	
  other	
  50%	
  

•  Used	
  to	
  tune	
  parameters	
  quickly	
  without	
  having	
  to	
  wait	
  
for	
  human	
  evaluaEon	
  

•  Human	
  evaluaEon	
  
•  Performed	
  by	
  evaluators	
  on	
  Amazon	
  Mechanical	
  Turk	
  

•  Calculated	
  precision	
  at	
  100	
  and	
  1000	
  recall	
  levels	
  for	
  the	
  
10	
  most	
  common	
  relaEons	
  



Held-­‐out	
  evaluaEon	
  

AutomaEc	
  evaluaEon	
  on	
  900K	
  instances	
  of	
  102	
  Freebase	
  relaEons.	
  
Precision	
  for	
  three	
  different	
  feature	
  sets	
  is	
  reported	
  at	
  various	
  recall	
  levels.	
  



Human	
  evaluaEon	
  

Precision,	
  using	
  Mechanical	
  Turk	
  labelers:	
  



Human	
  evaluaEon	
  

•  At	
  recall	
  of	
  100	
  instances,	
  using	
  both	
  feature	
  sets	
  
(lexical	
  and	
  syntax)	
  offers	
  the	
  best	
  performance	
  
for	
  a	
  majority	
  of	
  the	
  relaEons	
  

•  At	
  recall	
  of	
  1000	
  instances,	
  using	
  syntax	
  features	
  
improves	
  performance	
  for	
  a	
  majority	
  of	
  the	
  
relaEons	
  



Where	
  syntax	
  helps	
  

Back Street is a 1932 film made by 
Universal Pictures, directed by John M. Stahl, 

and produced by Carl Laemmle Jr. 

Back	
  Street	
  and	
  John	
  M.	
  Stahl	
  are	
  far	
  apart	
  in	
  surface	
  string	
  

But	
  close	
  together	
  in	
  dependency	
  parse	
  



Where	
  syntax	
  doesn’t	
  help	
  

Beaverton is a city in Washington County, Oregon …   

Beaverton	
  and	
  Washington	
  County	
  are	
  close	
  together	
  in	
  
surface	
  string	
  



Conclusions	
  

•  Distant	
  supervision	
  extracts	
  high-­‐precision	
  paTerns	
  for	
  a	
  
variety	
  of	
  relaEons.	
  

•  Can	
  make	
  use	
  of	
  1000	
  Emes	
  more	
  data	
  than	
  simple	
  
supervised	
  algorithms.	
  

•  Syntax	
  features	
  almost	
  always	
  help.	
  

•  The	
  combinaEon	
  of	
  syntax	
  and	
  lexical	
  features	
  is	
  
someEmes	
  even	
  beTer.	
  

•  Syntax	
  features	
  are	
  probably	
  most	
  useful	
  when	
  enEEes	
  are	
  
far	
  apart,	
  osen	
  when	
  there	
  are	
  modifiers	
  in	
  between.	
  



Discussion	
  

•  RelaEon	
  extracEon	
  	
  learning	
  by	
  reading	
  

•  Suppose	
  we	
  could	
  do	
  relaEon	
  extracEon	
  perfectly?	
  

•  What	
  would	
  we	
  sEll	
  be	
  missing?	
  

•  What	
  knowledge	
  could	
  we	
  sEll	
  not	
  gather	
  from	
  
the	
  web?	
  


