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INTRODUCTION	
  
•  Our	
   system	
   explored	
   a	
   mul=-­‐stage	
   approach	
   including	
  
trigger	
  detec=on,	
  edge	
  detec=on	
  and	
  event	
  composi=on	
  

•  We	
   proposed	
   a	
   novel	
   method	
   for	
   the	
   composi=on	
   of	
  
ambiguous	
   events	
   used	
   a	
   probabilis=c	
   varia=on	
   of	
   the	
  
Earley	
  chart	
  parsing	
  algorithm	
   (Stolcke	
  1995)	
   for	
  finding	
  
best	
  derived	
  trigger-­‐argument	
  candidates.	
  
•  Using	
   the	
   event	
   templates	
   and	
   named	
   en=ty	
   classes	
   as	
  
grammar	
  rules	
  

•  Chart	
   parsing	
   approach	
   incorporates	
   a	
   linear	
   interpola=on	
  
mechanism	
   for	
   cross-­‐domain	
   adap=vity	
   between	
   the	
  
training	
  and	
  tes=ng	
  (development)	
  	
  data	
  

	
  
APPROACH	
  
•  The	
  system	
  consists	
  of	
  five	
  main	
  modules:	
  	
  

•  Pre-­‐processing,	
   Trigger	
   detec=on,	
   Edge	
   detec=on,	
   Simple	
  
event	
  extrac=on,	
  Complex	
  event	
  extrac=on	
  

•  We	
   focus	
   on	
   the	
   Cancer	
   Gene=c	
   Task.	
   CG	
   Task	
   have	
   a	
  
large	
  number	
  of	
  en=ty	
  and	
  event	
  types:	
  18	
  en=ty	
  classes,	
  
40	
  types	
  of	
  event	
  and	
  8	
  types	
  of	
  arguments.	
  

•  40	
  events	
  divided	
  to	
  two	
  groups:	
  
•  36	
  simple	
  events	
  whose	
  arguments	
  must	
  be	
  en==es	
  
•  4	
  complex	
  events	
  whose	
  arguments	
  may	
  be	
  other	
  events	
  

	
  TRIGGER	
  AND	
  EDGE	
  DETECTION	
  
Trigger	
  detec=on:	
  the	
  system	
  classify	
  whether	
  a	
  token	
  acts	
  
as	
  a	
  trigger	
  for	
  one	
  of	
  the	
  forty	
  event	
  types	
  or	
  not	
  

•  Features:	
  Token	
  feature,	
  Neighbouring	
  word	
  feature,	
  Word	
  
n-­‐gram	
   feature,	
   Trigger	
   dic=onary	
   feature,	
   Pair	
   n-­‐gram	
  
feature,	
  Parse	
  tree	
  shortest	
  path	
  feature	
  

Edge	
   detec=on:	
   two	
   classifica=on	
   models	
   are	
   T-­‐E	
   model	
  
and	
  EV-­‐EV	
  model	
  

•  T-­‐E	
  model	
  extract	
  trigger-­‐en=ty	
  edges.	
  This	
  model	
  classifies	
  
edge	
   candidates	
   to	
   one	
   of	
   the	
   8	
   argument	
   roles	
   (theme,	
  
cause,	
   site,	
   atloc,	
   toloc,	
   fromloc,	
   instrument,	
   par2cipant)	
  
and	
  a	
  nega=ve	
  argument	
  class	
  

•  EV-­‐EV	
  model	
  iden=fies	
  rela=ons	
  in	
  the	
  sentences	
  between	
  4	
  
types	
  of	
  complex	
  events	
  and	
  other	
  events	
  

•  Features:	
  Token	
  feature,	
  Neighbouring	
  word	
  feature,	
  Word	
  
n-­‐gram	
   feature,	
   Class	
   feature,	
   Pair	
   n-­‐gram	
   feature,	
   Parse	
  
tree	
  shortest	
  path	
  feature	
  

COMPLEX	
  EVENT	
  EXTRACTION	
  

RESULTS	
  AND	
  DISCUSSION	
  

CONCLUSIONS	
  &	
  FUTURE	
  WORK	
  
•  Built	
   a	
   system	
   based	
   on	
   supervised	
   machine	
   learning	
  
with	
   rich	
   features,	
   seman=c	
   post-­‐processing	
   rules	
   and	
  
the	
  dynamic	
  programming	
  Earley	
  parser	
  

•  The	
  system	
  achieved	
  an	
  F-­‐score	
  of	
  29.94	
  on	
  the	
  CG	
  task	
  
with	
  high	
  precision	
  of	
  62.73	
  

•  Future	
   work:	
   Focus	
   on	
   extending	
   recall	
   for	
   complex	
  
events	
   and	
   looking	
   at	
   how	
  we	
   can	
   avoid	
   over-­‐fi\ng	
   to	
  
benefit	
  cross-­‐domain	
  adap=vity	
  

Event F1 Event F1 
Development 86.67 Phosphoryla=on 68.45 
Blood	
  vessel	
  development 84.15 Dephosphoryla=on 66.67 
Growth 76.77 DNA	
  methyla=on 85.71 
Death 61.95 DNA	
  demethyla=on -­‐ 
Cell	
  death 53.06 Pathway 61.81 
Breakdown 77.68 Localiza=on 66.11 
Cell	
  prolifera=on 59.82 Binding 70.68 
Cell	
  division 100.00 Dissocia=on 100.00 
Remodeling 60.00 Regula=on 69.55 
Reproduc=on -­‐ Posi=ve	
  regula=on 68.13 
Muta=on 78.74 Nega=ve	
  regula=on 68.57 
Carcinogenesis 60.67 Planned	
  process 49.99 
Metastasis 74.39 Acetyla=on	
   100.00 
Metabolism 62.50 Glycolysis	
   69.89 
Synthesis 52.63 Glycosyla=on -­‐ 
Catabolism 59.27 Cell	
  transforma=on	
   66.67 
Gene	
  expression 79.18 Cell	
  differen=a=on	
   71.18 
Transcrip=on 75.00 Ubiqui=na=on 75.00 
Transla=on 80.00 Amino	
  acid	
  catabolism 100.00 
Protein	
  processing 100.00 Infec=on	
   75.86 
	
   	
   Total	
   73.67 

Cause Trigger Event 
Ambiguity	
  in	
  event	
  class 9 	
   
Co-­‐reference 6 	
   
Do	
  not	
  match	
  with	
  any	
  event	
  argument	
  paTerns 7 	
   
No	
  training	
  instance 7 4 
Choose	
   best	
   argument	
   en=ty	
   in	
   simple	
   event	
  
extrac=on	
  	
   

	
   5 

No	
  argument 	
   4 
No	
  Earley	
  parser	
  rule 	
   8 
Total 29 21 

Baseline	
  results	
  for	
  event	
  composi=on	
  on	
  the	
  CG	
  task	
  
development	
  data	
  

SIMPLE	
  EVENT	
  EXTRACTION	
  
•  Combine	
  edge	
  candidates	
  iden=fied	
  in	
  the	
  T-­‐E	
  model	
  into	
  
complete	
   simple	
   events.	
   We	
   had	
   the	
   results	
   which	
  
belong	
   to	
   the	
   36	
   simple	
   event	
   types	
   and	
   rela=ons	
  
between	
  4	
  complex	
  events	
  and	
  en==es	
  

•  Selec=ng	
   the	
   edge	
   candidates	
   use	
   event-­‐argument	
  
pa]ern	
  based	
  probabili=es	
  derived	
  from	
  the	
  training	
  set.	
  
An	
  example	
  of	
  a	
  Development	
  event-­‐arguments	
  pa]ern:	
  	
  

Development	
  à	
  Theme(Gene_expression)	
  +	
  AtLoc(Cancer)	
  

 

An	
  example	
  of	
  two	
  complex	
  events	
  as	
  two	
  event	
  trees	
  

•  Build	
   a	
   tree	
   for	
   each	
   complex	
   event.	
   Labels	
   of	
   en=ty	
  
classes	
   and	
   event	
   types	
   are	
   retained	
   while	
   terms	
   of	
  
triggers	
  and	
  en==es	
  are	
  removed	
  

•  Using	
   the	
   Earley	
   parsing	
   algorithm	
   (Jay	
   Earley,	
   1970)	
   to	
  
find	
  alterna=ve	
  structures.	
  To	
  choose	
  the	
  best	
  event	
  tree	
  
candidates,	
   we	
   built	
   a	
   probabilis=c	
   Earley	
   parser	
   which	
  
developed	
  from	
  the	
  idea	
  of	
  Stolcke	
  (1995)	
  

•  The	
  scoring	
  func=on	
  for	
  each	
  node	
  is:	
  

Occurrence

(edge | argrument)
(node) (arguments | node)

(edges)
edges node

P
Score P

num
∈= +
∑

•  num(edge):	
  number	
  of	
  edges	
  that	
  have	
  a	
  link	
  to	
  the	
  node	
  
•  POccurence(arguments|node):	
   a	
   distribu=on	
   which	
   represents	
   the	
   co-­‐

occurrence	
  of	
  en=ty/trigger	
  labels	
  in	
  the	
  arguments	
  of	
  an	
  event	
  type.	
  	
  

•  λ	
  is	
  a	
  linear	
  interpola=on	
  parameter	
  in	
  the	
  range	
  of	
  [0,1]	
  	
  
•  PClassifier(edge|argument):	
   the	
   probability	
   obtained	
   from	
   the	
   edge	
  

classifier.	
  
•  PPrior(edge|argument):	
  the	
  training	
  set’s	
  prior	
  probability	
  for	
  the	
  edge.	
  

àThe	
  final	
  score	
  of	
  an	
  event	
  tree	
  candidate	
  was	
  calculated	
  
as	
  ROOT’s	
  value	
  

         

•  Shared	
  task	
  tes=ng	
  set	
  was	
  overall	
  disappoin=ng	
  with	
  an	
  
F-­‐score	
   of	
   29.94	
   (Recall	
   =	
   19.66,	
   Precision	
   =	
   62.73)	
  
indica=ng	
   low	
   coverage	
   caused	
   by	
   severe	
   over-­‐fi\ng	
  
issues.	
  	
  

Error	
  classifica=on	
  of	
  50	
  missing	
  false	
  nega=ves	
  


