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PropBank	
  Configura/on	
  

•  Each	
  sense	
  of	
  a	
  verb	
  (lemma	
  +	
  sense	
  number)	
  
has	
  its	
  own	
  list	
  of	
  seman/c	
  roles:	
  	
  frameset.	
  

•  Different	
  syntac/c	
  configura/ons	
  
corresponding	
  to	
  the	
  same	
  frameset	
  may	
  have	
  
their	
  own	
  rolesets.	
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Role	
  labels	
  in	
  PropBank	
  
•  38	
  page	
  annota/on	
  guidelines	
  document	
  
contains	
  instruc/ons	
  for	
  how	
  to	
  label	
  seman/c	
  
roles	
  in	
  PropBank.	
  

•  They	
  have	
  the	
  goal	
  of	
  making	
  labels	
  Arg0	
  (proto-­‐
agent)	
  and	
  Arg1	
  (proto-­‐pa/ent)	
  consistent	
  across	
  
framesets.	
  

•  Other	
  labels	
  might	
  have	
  specific	
  meanings,	
  such	
  
as	
  ArgA	
  (inducer	
  of	
  ac/on)	
  and	
  ArgM	
  (argument	
  
adjunct)	
  but	
  they	
  are	
  not	
  consistent	
  across	
  
framesets.	
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Frameset	
  example	
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Frameset	
  edge.01	
  “move	
  slightly”	
  
	
  
Arg0:	
  causer	
  of	
  mo/on	
  
Arg1:	
  thing	
  in	
  mo/on	
  
Arg2:	
  distance	
  moved	
  
Arg3:	
  start	
  point	
  
Arg4:	
  end	
  point	
  
Arg5:	
  direc/on	
  
	
  
Ex:	
  [Arg0	
  	
  Revenue]	
  edged	
  	
  [Arg5	
  	
  up]	
  [Arg2-­‐EXT	
  	
  3.4%]	
  [Arg4	
  	
  to	
  $904	
  
million	
  [Arg3	
  	
  from	
  $874	
  million]	
  [ArgM-­‐TMP	
  	
  in	
  last	
  year’s	
  third	
  
quarter].	
  (wsj_1210)	
  
	
  



Applica/ons	
  of	
  SRL	
  (1/2)	
  
•  Informa/on	
  extrac/on,	
  ques/on-­‐answering,	
  
and	
  summariza/on:	
  	
  provides	
  informa/on	
  
that	
  is	
  instrumental	
  for	
  represen/ng	
  shallow	
  
meaning	
  outside	
  of	
  syntac/c	
  configura/on.	
  	
  

	
  [Joe]A0	
  broke	
  the	
  [window]A1	
  with	
  a	
  [rock]A2.	
  
	
  The	
  [rock]	
  A2	
  broke	
  the	
  [window]	
  A1.	
  
	
  The	
  [window]	
  A1	
  broke.	
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Applica/ons	
  of	
  SRL	
  (2/2)	
  	
  

•  Machine	
  transla/on:	
  	
  once	
  you	
  have	
  the	
  
shallow	
  meaning,	
  you	
  can	
  map	
  back	
  to	
  the	
  
syntac/c	
  configura/on	
  in	
  the	
  target	
  language.	
  

like(x,y) 	
   	
  è gustar(y,x)	
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Supervised	
  data	
  bomleneck	
  

•  Supervised	
  data	
  are	
  not	
  only	
  expensive	
  to	
  
produce,	
  but	
  also	
  in	
  short	
  supply.	
  

•  Previous	
  successes	
  have	
  be	
  domain-­‐specific	
  
due	
  to	
  their	
  training	
  data.	
  

•  The	
  output	
  of	
  an	
  unsupervised	
  system	
  must	
  
be	
  further	
  processed	
  (most	
  likely	
  by	
  humans)	
  
to	
  be	
  included	
  in	
  a	
  knowledge	
  base	
  such	
  as	
  
PropBank.	
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Approach	
  typology	
  

Name	
  of	
  seman;c	
  role	
  
labeling	
  approach:	
  

Corpus	
  is	
  manually	
  tagged	
  
with	
  seman;c	
  role	
  labels	
  

System	
  uses	
  a	
  role	
  
inventory	
  

Supervised	
  
Das	
  et	
  al.	
  (2010)	
  

✓	
   ✓	
  

Knowledge-­‐based	
  
Swier	
  &	
  Stevenson	
  (2004)	
  

✗	
   ✓	
  

Unsupervised	
  	
  
Lang	
  and	
  Lapata	
  (2011)	
  

✗	
   ✗	
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FrameNet: 	
  verbs	
  with	
  similar	
  sets	
  of	
  roles	
  are	
  grouped	
  together	
  (challenging).	
  
PropBank: 	
  each	
  verb	
  has	
  its	
  own	
  set	
  of	
  roles.	
  
CoNLL	
  2008: 	
  a	
  gold	
  corpus	
  with	
  annota/ons	
  adhering	
  to	
  PropBank	
  guidelines.	
  



Unsupervised	
  seman/c	
  role	
  labeling	
  

•  Start	
  with	
  parsed	
  (syntax	
  only)	
  data.	
  	
   	
  	
  	
  
CoNLL	
  2008	
  is	
  dependency-­‐parsed,	
  manually	
  
and	
  by	
  MaltParser.	
  

•  Argument	
  Iden/fica/on:	
  	
  determine	
  which	
  
words	
  in	
  the	
  sentence	
  are	
  arguments.	
  

•  Argument	
  Labeling	
  (Role	
  Induc/on):	
  	
  cluster	
  
iden/fied	
  arguments	
  (lemmata).	
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Argument	
  Iden/fica/on	
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1.  Discard	
  a	
  candidate	
  if	
  it	
  is	
  a	
  
determiner,	
  infini/val	
  marker,	
  
coordina/ng	
  conjunc/on,	
  or	
  
punctua/on.	
  

2.  Discard	
  a	
  candidate	
  if	
  the	
  path	
  of	
  
rela/ons	
  from	
  predicate	
  to	
  
candidate	
  ends	
  with	
  
coordina/on,	
  subordina/on,	
  etc.	
  
(see	
  the	
  Appendix	
  for	
  the	
  full	
  list	
  
of	
  rela/ons).	
  

3.  Keep	
  a	
  candidate	
  if	
  it	
  is	
  the	
  
closest	
  subject	
  (governed	
  by	
  the	
  
subject-­‐rela/on)	
  to	
  the	
  lep	
  of	
  a	
  
predicate	
  and	
  the	
  rela/ons	
  from	
  
predicate	
  p	
  to	
  the	
  governor	
  g	
  of	
  
the	
  candidate	
  are	
  all	
  upward-­‐
leading	
  (directed	
  as	
  g	
  è	
  p).	
  

4.  Discard	
  a	
  candidate	
  if	
  the	
  path	
  
between	
  the	
  predicate	
  and	
  the	
  
candidate,	
  excluding	
  the	
  last	
  
rela/on,	
  contains	
  a	
  subject	
  
rela/on,	
  adjec/val	
  modifier	
  
rela/on,	
  etc.	
  (see	
  the	
  Appendix	
  
for	
  the	
  full	
  list	
  of	
  rela/ons).	
  

5.  Discard	
  a	
  candidate	
  if	
  it	
  is	
  an	
  
auxiliary	
  verb.	
  

6.  Keep	
  a	
  candidate	
  if	
  the	
  predicate	
  
is	
  its	
  parent.	
  

7.  Keep	
  a	
  candidate	
  if	
  the	
  path	
  from	
  
predicate	
  to	
  candidate	
  leads	
  
along	
  several	
  verbal	
  nodes	
  (verb	
  
chain)	
  and	
  ends	
  with	
  arbitrary	
  
rela/on.	
  

8.  Discard	
  all	
  remaining	
  candidates.	
  



Argument	
  ID:	
  example	
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Argument	
  ID:	
  example	
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Rule	
  1:	
  	
  Delete	
  determiners	
  and	
  infini/val	
  
markers	
  



Argument	
  ID:	
  example	
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Rule	
  2:	
  	
  Delete	
  infini/ve	
  verb	
  and	
  head	
  standing	
  
in	
  object	
  rela/on	
  to	
  predicate.	
  



Argument	
  ID:	
  example	
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Rule	
  4:	
  	
  Delete	
  heads	
  or	
  dependents	
  of	
  words	
  
beyond	
  the	
  circled	
  rela/ons.	
  



Argument	
  ID:	
  example	
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Rule	
  6:	
  	
  Keep	
  direct	
  dependents	
  of	
  predicate.	
  
Rule	
  8:	
  	
  Discard	
  everything	
  else.	
  



Split	
  phase	
  
•  (Split-­‐merge	
  method)	
  Put	
  all	
  iden/fied	
  arguments	
  into	
  one	
  

cluster.	
  	
  Then	
  split	
  based	
  on:	
  
–  verb	
  voice	
  (ac/ve/passive)	
  
–  argument	
  linear	
  posi/on	
  rela/ve	
  to	
  predicate	
  (lep/right)	
  
–  syntac/c	
  rela/on	
  of	
  argument	
  to	
  its	
  governor	
  
–  preposi/on	
  used	
  for	
  argument	
  realiza/on	
  

•  This	
  gives	
  a	
  high	
  purity	
  (90%)	
  but	
  keeps	
  the	
  clusters	
  from	
  
geqng	
  too	
  small	
  to	
  be	
  successfully	
  merged	
  by	
  the	
  chosen	
  
merge	
  algorithm.	
  

	
  
•  (Graph-­‐par//oning	
  method)	
  This	
  method	
  does	
  not	
  have	
  

the	
  above	
  problem,	
  so	
  ini/alize	
  each	
  iden/fied	
  argument	
  in	
  
its	
  own	
  cluster.	
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Similarity	
  Criteria	
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•  Word	
  relatedness	
  –	
  whether	
  the	
  arguments	
  
found	
  in	
  the	
  two	
  clusters	
  are	
  lexically	
  similar	
  

•  Local	
  uniqueness	
  –	
  whether	
  clause-­‐level	
  
constraints	
  are	
  sa/sfied,	
  specifically	
  the	
  
constraint	
  that	
  all	
  arguments	
  of	
  a	
  par/cular	
  
clause	
  have	
  different	
  seman/c	
  roles,	
  i.e.,	
  are	
  
assigned	
  to	
  different	
  clusters	
  

•  Syntac/c	
  configura/on	
  –	
  whether	
  the	
  arguments	
  
present	
  in	
  the	
  two	
  clusters	
  have	
  similar	
  parts	
  of	
  
speech	
  



Split-­‐merge	
  method	
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Lower	
  β	
  from	
  0.95	
  to	
  0.00	
  in	
  0.05	
  increments.	
  
Lower	
  γ	
  similarly	
  every	
  /me	
  β	
  reaches	
  0.	
  
Then	
  reset	
  β.	
  
Terminate	
  when	
  γ	
  =	
  0.	
  



Graph-­‐par//oning	
  method	
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Only	
  execute	
  merge	
  if	
  confidence	
  is	
  above	
  
threshold	
  θ.	
  	
  Ini/alize	
  θ	
  at	
  1	
  and	
  decrement	
  
0.0025	
  for	
  each	
  itera/on.	
  	
  Terminate	
  when	
  θ	
  
reaches	
  ⅓	
  (experimentally	
  determined	
  value).	
  



Evalua/on	
  1	
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Evalua/on	
  2	
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Evalua/on	
  3	
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Evalua/on	
  4	
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Conclusion	
  

•  Both	
  models	
  use	
  a	
  strategy	
  that	
  merges	
  
arguments	
  into	
  clusters	
  that	
  hopefully	
  
represent	
  seman/c	
  roles.	
  

•  The	
  results	
  from	
  this	
  unsupervised	
  system	
  
show	
  significant	
  promise.	
  

•  In	
  order	
  to	
  add	
  to	
  PropBank	
  or	
  some	
  other	
  
database,	
  it	
  would	
  s/ll	
  take	
  a	
  lot	
  of	
  human	
  
effort.	
  

Slide	
  25	
  of	
  26	
  



Discussion	
  ques/ons	
  
1.  Are	
  there	
  any	
  heuris/cs	
  that	
  Lang	
  and	
  Lapata	
  

use	
  that	
  you	
  find	
  unfeasible?	
  
2.  What	
  is	
  more	
  important	
  for	
  the	
  task	
  of	
  role	
  

induc/on:	
  	
  purity	
  or	
  colloca/on?	
  
3.  Relatedly,	
  what	
  is	
  the	
  ideal	
  granularity	
  for	
  

seman/c	
  role	
  labels?	
  
4.  Is	
  it	
  bemer	
  to	
  have	
  a	
  set	
  of	
  roles	
  for	
  each	
  verb	
  

(PropBank)	
  or	
  to	
  group	
  verbs	
  with	
  similar	
  
sets	
  of	
  role	
  together	
  (FrameNet)?	
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