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Searching	  for	  “Answer	  Structures”	  in	  Text	  
	  
	  



Mo4va4on	  
•  Do	  people	  write	  answers	  differently	  than	  other	  
text?	  

•  Over	  and	  above	  lexical	  matches,	  what	  kind	  of	  
“deep	  structure”	  do	  good	  answers	  generally	  
contain?	  

•  Can	  we	  detect	  “answer	  structures”	  or	  
explanatory	  text	  that	  is	  sugges4ve	  of	  high-‐quality	  
answers	  in	  a	  corpus?	  



A:	  The	  speed	  of	  conduc4on	  increases	  with	  the	  diameter	  of	  the	  	  
	  
axon	  and,	  in	  many	  vertebrate	  axons,	  with	  myelina4on.	  …	  

Example	  

Elabora'on	  

Q:	  How	  does	  myelina4on	  affect	  ac4on	  poten4als?	  













Reranking	  Model	  Architecture	  

Answer	  Reranking	  
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Discourse	  Markers	  
(shallow)	  

Discourse	  Parser	  
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Answer	  Collec4on	  
(Campbell’s	  Biology,	  or	  
Yahoo!	  Answers	  DB)	  

Ranked	  List	  of	  	  
Answer	  Candidates	  

Lexical	  	  
Seman4cs	  

Gigaword	  
Bio	  Wikipedia	  
Bio	  Textbook	  

Candidate	  Retrieval	  

Models	  



Reranking	  Model	  Architecture	  

Answer	  Reranking	  

A1	  

+++	  
++	  
+	  

Ques4on	  

Discourse	  Markers	  
(shallow)	  

Discourse	  Parser	  
(deep)	  

Marcu’s	  (1997)	  	  
Discourse	  Markers	  

RST	  TreeBank	  
A2	  

Answer	  Collec4on	  
(Campbell’s	  Biology,	  or	  
Yahoo!	  Answers	  DB)	  

Ranked	  List	  of	  	  
Answer	  Candidates	  

Lexical	  	  
Seman4cs	  

Gigaword	  
Bio	  Wikipedia	  
Bio	  Textbook	  

Candidate	  Retrieval	  

Models	  



Reranking	  Model	  Architecture	  

Answer	  Reranking	  

A1	  

+++	  
++	  
+	  

Ques4on	  

Discourse	  Markers	  
(shallow)	  

Discourse	  Parser	  
(deep)	  

Marcu’s	  (1997)	  	  
Discourse	  Markers	  

RST	  TreeBank	  
A2	  

Answer	  Collec4on	  
(Campbell’s	  Biology,	  or	  
Yahoo!	  Answers	  DB)	  

Ranked	  List	  of	  	  
Answer	  Candidates	  

Lexical	  	  
Seman4cs	  

Gigaword	  
Bio	  Wikipedia	  
Bio	  Textbook	  

Candidate	  Retrieval	  

Models	  



Example	  

The	  Calvin	  cycle	  uses	  the	  
chemical	  energy	  of	  ATP	  and	  
NADPH	  to	  reduce	  CO2	  to	  
sugar.	  	  

Q:	  How	  is	  CO2	  first	  incorporated	  into	  the	  Calvin	  Cycle?	  

✖	   Ader	  IR	  



Example	  

The	  Calvin	  cycle	  uses	  the	  
chemical	  energy	  of	  ATP	  and	  
NADPH	  to	  reduce	  CO2	  to	  
sugar.	  	  

Q:	  How	  is	  CO2	  first	  incorporated	  into	  the	  Calvin	  Cycle?	  

✖	  

✓	  
	  
…The	  cycle	  begins	  by	  
incorpora4ng	  CO2	  from	  the	  
air	  into	  organic	  molecules	  
already	  present	  in	  the	  
chloroplast.	  This	  ini4al	  
incorpora4on	  of	  carbon…	  

	   	  

Ader	  IR	  

Ader	  Reranking	  



Represen4ng	  Discourse:	  
Shallow	  and	  Deep	  Features	  

Shallow	  representa'on:	  
•  Discourse	  Markers:	  “a	  word	  or	  phrase	  whose	  func4on	  is	  to	  

organize	  discourse	  into	  segments”	  
•  Examples:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  because,	  …	  
	  
	  
Deep	  representa'on:	  
•  Discourse	  Parsing:	  “a	  descrip4on	  of	  how	  two	  pieces	  of	  text	  

connect”	  
•  Examples	  from	  Rhetorical	  Structure	  Theory	  (RST):	  

Elabora4on,	  Afribu4on,	  Contrast,	  Background,	  Evalua4on,	  …	  



Discourse	  Marker	  Features	  

A:	  There	  are	  several	  ways	  in	  Java.	  The	  easiest	  is	  by	  using	  the	  equals()	  method	  of	  String.	  The…	  	  

Q:	  How	  do	  I	  compare	  two	  strings	  in	  Java?	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  



Discourse	  Marker	  Features	  

A:	  There	  are	  several	  ways	  in	  Java.	  The	  easiest	  is	  by	  using	  the	  equals()	  method	  of	  String.	  The…	  	  

Q:	  How	  do	  I	  compare	  two	  strings	  in	  Java?	  

QSEG	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  



Discourse	  Marker	  Features	  

A:	  There	  are	  several	  ways	  in	  Java.	  The	  easiest	  is	  by	  using	  the	  equals()	  method	  of	  String.	  The…	  	  

Q:	  How	  do	  I	  compare	  two	  strings	  in	  Java?	  

QSEG	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  

OTHER	  by	  QSEG	  

Matches	  
ques4on	  Marker	  Text	  not	  in	  

ques4on	  



Discourse	  Marker	  Features	  

A:	  There	  are	  several	  ways	  in	  Java.	  The	  easiest	  is	  by	  using	  the	  equals()	  method	  of	  String.	  The…	  	  

OTHER	  in	  QSEG	  

Q:	  How	  do	  I	  compare	  two	  strings	  in	  Java?	  

QSEG	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  

OTHER	  by	  QSEG	  

QSEG	  by	  QSEG	  

OTHER	  in	  QSEG	  



Discourse	  Parser	  Features:	  	  
Rhetorical	  Structure	  Theory	  

•  Rhetorical	  Structure	  Theory	  (RST)	  	  

	  

•  Discourse	  Rela3ons:	  Elabora4on,	  Contrast,	  Comparison,	  
Background,	  Cause,	  Afribu4on,	  Evalua4on,	  etc…	  

•  We	  use	  Feng	  &	  Hirst’s	  (2012)	  discourse	  parser	  
–  Soon	  to	  release	  our	  own	  

	  

There	  are	  several	  	  
ways	  in	  Java.	  

The	  easiest	  is	  by	  using	  the	  	  
equals()	  method	  of	  String.	  

Elabora4on	  

The	  ==	  operator	  compares	  
Strings	  for	  reference	  equality.	  

	  
	  

	  
	  

Elabora4on	  



Discourse	  Parser	  Features:	  
Example	  

A20:	  ...	  The	  speed	  of	  conduc4on	  increases	  with	  the	  diameter	  of	  the	  axon	  and,	  in	  many	  
vertebrate	  axons,	  with	  myelina4on.	  …	  

	  
	  

Elabora'on	  

+	  

+	   IR	  

Discourse	  

(Campbell’s	  Biology)	  
Q:	  How	  does	  myelina4on	  affect	  
ac4on	  poten4als?	  

A1:	  1.	  How	  do	  ac4on	  
poten4als	  and	  graded	  
poten4als	  differ?	  

Answer	  
Collec4on	  

✖	  

✓	  



A20:	  ...	  The	  speed	  of	  conduc4on	  increases	  with	  the	  diameter	  of	  the	  axon	  and,	  in	  many	  
vertebrate	  axons,	  with	  myelina4on.	  …	  

Discourse	  Parser	  Features:	  
Example	  

	  
	  

Elabora'on	  

(Campbell’s	  Biology)	  
Q:	  How	  does	  myelina4on	  affect	  
ac4on	  poten4als?	  

A1:	  1.	  How	  do	  ac4on	  
poten4als	  and	  graded	  
poten4als	  differ?	  

Answer	  
Collec4on	  

✖	  

OTHER	   QSEG	  ✓	  



•  Recursive	  Neural	  Network	  Language	  Models	  (Mikolov	  et	  al.,	  2013)	  

	  

•  Lexical	  seman4cs	  have	  been	  shown	  to	  help	  “bridge	  the	  lexical	  
chasm”	  and	  greatly	  increase	  QA	  performance	  (Yih	  et	  al.,	  2013)	  

•  Control	  condi3on:	  If	  our	  discourse	  features	  are	  truly	  detec4ng	  
deep	  answer	  structures,	  we	  would	  expect	  the	  performance	  to	  stack	  
with	  lexical	  matching	  models.	  

Lexical	  Seman4cs	  

“photosynthesis”	   …	  

“plant”	   …	  

“dog”	   …	  
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Performance	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  
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In	  all	  cases,	  p<0.05	  over	  baseline	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  

+7.0%	  
GigaWord	  

+	  LEXICAL	  SEMANTICS	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	  	  (+rela3ve	  %)	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  

	  	   	  	  

+5.2%	  
(Abs)	  	  

+2.9%	  
(Abs)	  



Discourse	  Model	  Performance	  
•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	  	  (+rela3ve	  %)	   Precison@1	  w/LS	  features	  

Random	  Baseline	   14.3%	   14.3%	  

IR	  Baseline	   19.6%	   27.6%	  

IR	  +	  Shallow	   24.1%	  	  	  (+23%)	   29.3%	  	  	  (+10%)	  

IR	  +	  Deep	   24.3%	  	  	  (+24%)	   28.7%	  	  	  (+8%)	  

IR	  +	  Shallow	  +	  Deep	   24.8%	  	  	  (+27%)	   30.5%	  	  	  (+15%)	  

In	  all	  cases,	  p<0.05	  over	  baseline	  

	  	   	  	  

+5.2%	  
(Abs)	  	  

+2.9%	  
(Abs)	  

Discourse	  features	  are	  approximately	  60%	  orthogonal	  to	  Lexical	  Seman4cs	  features	  



Discourse	  Model	  Performance	  
•  Campbell’s	  Biology	  “How”	  (185	  Ques4ons)	  
Features	   Precision@1	  	  (+rela3ve	  %)	   Precison@1	  w/LS	  features	  

IR	  Baseline	   24.1%	   25.6%	  

IR	  +	  Shallow	   29.9%	  	  	  (+24%)	   30.1%	  	  	  (+19%)	  

IR	  +	  Deep	   28.9%	  	  	  (+20%)	   28.5%	  	  	  (+12%)	  

IR	  +	  Shallow	  +	  Deep	   30.4%	  	  	  (+27%)	   30.7%	  	  	  (+21%)	  

+1.5%	  
BioWiki	  

+	  LEXICAL	  SEMANTICS	  



Discourse	  Model	  Performance	  
•  Campbell’s	  Biology	  “How”	  (185	  Ques4ons)	  
Features	   Precision@1	  	  (+rela3ve	  %)	   Precison@1	  w/LS	  features	  

IR	  Baseline	   24.1%	   25.6%	  

IR	  +	  Shallow	   29.9%	  	  	  (+24%)	   30.1%	  	  	  (+19%)	  

IR	  +	  Deep	   28.9%	  	  	  (+20%)	   28.5%	  	  	  (+12%)	  

IR	  +	  Shallow	  +	  Deep	   30.4%	  	  	  (+27%)	   30.7%	  	  	  (+21%)	  

	  	   	  	  

+6.3%	  
(Abs)	  	  

+5.1%	  
(Abs)	  

Discourse	  features	  are	  approximately	  80%	  orthogonal	  to	  Lexical	  Seman4cs	  features	  



Discourse	  Model	  Performance	  
•  Campbell’s	  Biology	  “Why”	  (193	  Ques4ons)	  
Features	   Precision@1	  	  (+rela3ve	  %)	   Precison@1	  w/LS	  features	  

IR	  Baseline	   28.6%	   31.7%	  

IR	  +	  Shallow	   38.0%	  	  	  (+33%)	   38.6%	  	  	  (+22%)	  

IR	  +	  Deep	   38.6%	  	  	  (+35%)	   39.5%	  	  	  (+24%)	  

IR	  +	  Shallow	  +	  Deep	   39.4%	  	  	  (+38%)	   39.3%	  	  	  (+24%)	  

	  	   	  	  

+10.8%	  
(Abs)	  	  

+7.6%	  
(Abs)	  

Discourse	  features	  are	  approximately	  70%	  orthogonal	  to	  Lexical	  Seman4cs	  features	  



Analysis	  1:	  	  
Domain	  Transfer	  

•  How	  general	  are	  discourse	  features?	  

Precision	  @1	  

Bio	  How	  (In-‐Domain)	   Transfer	  (YA-‐>Bio)	  

IR	  +	  Shallow	  +	  Deep	   30.4%	  	  	  (+26%)	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	   30.7%	  	  	  (+21%)	  

Train	  on	  Open	  Domain	  
CQA	  Reranking	  Task	  

Test	  on	  Biology	  Domain	  
QA	  Task	  



Analysis	  1:	  	  
Domain	  Transfer	  

•  How	  general	  are	  discourse	  features?	  

Precision	  @1	  

Train	  on	  Open	  Domain	  
CQA	  Reranking	  Task	  

Test	  on	  Biology	  Domain	  
QA	  Task	  

Bio	  How	  (In-‐Domain)	   Transfer	  (YA-‐>Bio)	  

IR	  +	  Shallow	  +	  Deep	   30.4%	  	  	  (+26%)	   30.1%	  	  	  (+25%)	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	   30.7%	  	  	  (+21%)	   29.5%	  	  	  (+17%)	  

Transfer	  Performance	  is	  nearly	  
iden4cal	  to	  in-‐domain	  training!	  



Analysis	  2:	  Integra4ng	  	  
Discourse	  and	  Lexical	  Seman4cs	  

•  Can	  we	  create	  discourse	  features	  that	  include	  
lexical	  seman4cs?	  

OTHER	  and	  OTHER	  

Q:	  How	  do	  dogs	  learn	  to	  bury	  bones?	  

QSEG	  

A:	  Puppies	  are	  natural	  diggers,	  and	  don’t	  have	  to	  be	  taught	  by	  their	  parents.	  	  This	  is	  due	  to	  …	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  



Analysis	  2:	  Integra4ng	  	  
Discourse	  and	  Lexical	  Seman4cs	  

•  Can	  we	  create	  discourse	  features	  that	  include	  
lexical	  seman4cs?	  

OTHER	  and	  OTHER	  

Q:	  How	  do	  dogs	  learn	  to	  bury	  bones?	  

QSEG	  
puppy	  

pet	  
chew	  

A:	  Puppies	  are	  natural	  diggers,	  and	  don’t	  have	  to	  be	  taught	  by	  their	  parents.	  	  This	  is	  due	  to	  …	  

Markers:	  and,	  in,	  that,	  for,	  if,	  as,	  not,	  by,	  but,	  …	  

QSEG	  and	  OTHER	  

A:	  Puppies	  are	  natural	  diggers,	  and	  don’t	  have	  to	  be	  taught	  by	  their	  parents.	  	  This	  is	  due	  to	  …	  



Analysis	  2:	  Integra4ng	  
Discourse	  and	  Lexical	  Seman4cs	  

•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	  

Random	  Baseline	   14.3%	  

IR	  Baseline	   19.6%	  

IR	  +	  LS	  Baseline	   26.6%	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	   30.5%	  	  	  (+15%)	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	  +	  
Shallow_LS	  +	  Deep_LS	  

32.9%	  	  	  (+24%)	  

In	  all	  cases,	  p<0.05	  over	  IR	  +	  LS	  Baseline	  



Analysis	  2:	  Integra4ng	  
Discourse	  and	  Lexical	  Seman4cs	  

•  Yahoo!	  Answers	  Corpus	  CQA	  (10k	  Ques4ons)	  
Features	   Precision@1	  

Random	  Baseline	   14.3%	  

IR	  Baseline	   19.6%	  

IR	  +	  LS	  Baseline	   26.6%	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	   30.5%	  	  	  (+15%)	  

IR	  +	  LS	  +	  Shallow	  +	  Deep	  +	  
Shallow_LS	  +	  Deep_LS	  

32.9%	  	  	  (+24%)	  

In	  all	  cases,	  p<0.05	  over	  IR	  +	  LS	  Baseline	  

1	  in	  3	  ques4ons	  answered	  
correctly	  



Summary	  
1.  First	  to	  systema4cally	  explore	  structured	  cross-‐sentence	  features	  

driven	  by	  both	  shallow	  and	  deep	  discourse	  representa4ons	  for	  QA	  
	  
2.  Good	  performance	  improvements	  (up	  to	  +24%	  over	  a	  strong	  

baseline)	  across	  thousands	  of	  ques4ons	  in	  two	  domains	  and	  two	  
ques'on	  types	  

3.  Discourse	  features	  are	  complementary	  to	  lexical	  seman4c	  
similarity,	  and	  afending	  to	  “answer	  structures”	  

4.  Excellent	  domain	  transfer,	  sugges4ng	  our	  discourse	  features	  have	  
general	  u4lity	  to	  non-‐factoid	  QA	  

	  



Thank	  you!	  

•  Source	  code	  (will	  be)	  available	  at:	  
hfp://nlp.sista.arizona.edu/releases/acl2014	  

•  Discourse	  parser	  available	  soon	  



Analysis:	  	  
Intra	  vs.	  Inter-‐sentence	  Features	  

•  How	  important	  are	  cross-‐sentence	  features?	  
Biology	  (How)	   Biology	  (Why)	   Yahoo!	  Answers	  

Within-‐sentence	   +0.8%	   +8.4%	   +13.1%	  

Full	  model	   +21.0%*	   +23.9%*	   +14.8%	  

Rela4ve	  increases	  over	  baseline	  Model:	  IR	  +	  LS	  +	  Shallow	  +	  Deep	  	  



Analysis:	  	  
Intra	  vs.	  Inter-‐sentence	  Features	  

•  How	  important	  are	  cross-‐sentence	  features?	  
Biology	  (How)	   Biology	  (Why)	   Yahoo!	  Answers	  

Within-‐sentence	   +0.8%	   +8.4%	   +13.1%	  

Full	  model	   +21.0%*	   +23.9%*	   +14.8%	  

Rela4ve	  increases	  over	  baseline	  Model:	  IR	  +	  LS	  +	  Shallow	  +	  Deep	  	  

+20%	   +16%	   +2%	  

39%	  	  	  1	  sentence	  
57%	  	  	  1-‐2	  sentences	  


