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Ask	
  Not	
  What	
  Seman/cs	
  Can	
  Do	
  For	
  Dialogue	
  
	
  

Ask	
  What	
  Dialogue	
  Can	
  Do	
  For	
  Seman/cs	
  

Ma:hew	
  Purver	
  
(and	
  many	
  others)	
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  2014	
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Meaning	
  from	
  Observa/on	
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🎍	
  🎍	
  🎍	
  🎍	
  
	
  

Four	
  candles	
  
	
  

Ronnie	
  B	
   No	
  
	
  

‘Andles	
  for	
  forks	
  

@gaskarthlrh	
  

Ronnie	
  C	
   🎍	
  🎍	
  🎍	
  🎍	
  	
  
	
  

Four	
  candles	
  

Meaning	
  from	
  Observa/on	
  

	
  
Ronnie	
  B	
   /fɔːkændəʊʒ/	
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@gaskarthlrh	
   finally	
  got	
  my	
  5sos	
  follow	
  
back	
  

@sleepykidlrh	
   @gaskarthlrh	
  you	
  mean	
  the	
  
band?	
  

@gaskarthlrh	
   @sleepykidlrh	
  yeahh	
  

@gaskarthlrh	
   finally	
  got	
  my	
  5sos	
  follow	
  
back	
  

@sleepykidlrh	
   @gaskarthlrh	
  you	
  mean	
  the	
  
band?	
  

Meaning	
  from	
  Observa/on	
  

	
  
@gaskarthlrh	
   finally	
  got	
  my	
  5sos	
  follow	
  

back	
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Five	
  Seconds	
  Of	
  Summer	
  

©	
  Dan	
  Jones	
  /	
  The	
  Sun	
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Dialogue:	
  a	
  Seman/c	
  Observatory	
  

•  We	
  can	
  tell	
  what	
  things	
  mean	
  by	
  seeing	
  how	
  
people	
  respond	
  to	
  them	
  
–  (par/cularly	
  when	
  they’re	
  trying	
  to	
  repair)	
  

•  (Perhaps	
  “what	
  things	
  mean”	
  is	
  “how	
  people	
  
respond	
  to	
  them”?)	
  

•  Studying	
  dialogue	
  help	
  us	
  study	
  seman/cs	
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PROBING	
  SEMANTIC	
  THEORIES	
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NP	
  Seman/cs	
  

•  The	
  simplis/c	
  view	
  
“John”	
  is	
  of	
  type	
  e:	
   	
  john’	
  

VP(NP)	
  	
  	
  →	
  	
  	
  λx.snore(x)(john’)	
  	
  	
  →	
  	
  	
  snore(john’)	
  

•  The	
  tradi/onal	
  GQ	
  view	
  
“John”	
  is	
  of	
  type	
  (e>t)>t: 	
   	
  λP.P(john’)	
  

NP(VP)	
  	
  	
  →	
  	
  	
  λP.P(john’)(λx.snore(x))	
  	
  	
  →	
  	
  	
  snore(john’)	
  

“Every	
  man”: 	
  λP.P(∀x.man(x)∧P(x))	
  
NP(VP)	
  	
  	
  →	
  	
  ∀x.man(x)∧	
  snore(x)	
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Clarifica/on	
  Requests	
  
Ann:	
   	
  I	
  saw	
  John	
  yesterday.	
  
Bob:	
   	
  John??	
  
Ann:	
   	
  Yes,	
  John.	
  

	
   	
  Dr	
  Smith.	
  
	
   	
  The	
  one	
  with	
  the	
  pipe	
  &	
  monocle.	
  
	
   	
  Him.	
  
	
   	
  <points>	
  
	
   	
  ?Men,	
  Englishmen,	
  old	
  Etonians,	
  people	
  who	
  	
   	
  
	
   	
  have	
  climbed	
  Everest	
  in	
  striped	
  pyjamas,	
  …	
  
	
   	
  ?Smoking,	
  being	
  shortsighted,	
  being	
  upper	
  class,	
  	
  
	
   	
  climbing	
  Everest	
  in	
  striped	
  pyjamas,	
  …	
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Corpus	
  Data	
  
George:	
  	
   	
  You	
  want	
  to	
  tell	
  them,	
  bring	
  the	
  tourist	
  around	
  show	
  
	
   	
   	
   	
  them	
  the	
  spot	
  	
  
Sam:	
   	
   	
  The	
  spot?	
  
���George:	
  	
   	
  where	
  you	
  spilled	
  your	
  blood	
  
	
  
Unknown:	
   	
  What	
  are	
  you	
  making?	
  	
  
Anon	
  1:	
  	
   	
  Erm,	
  it’s	
  a	
  do-­‐	
  it’s	
  a	
  log.	
  	
  
Unknown:	
   	
  A	
  log?	
  
Anon	
  1:	
  	
   	
  Yeah	
  a	
  book,	
  log	
  book.	
  
	
  
Anon	
  1: 	
   	
  It	
  had	
  twenty	
  rooms	
  in	
  it.	
  	
  
Anon	
  2: 	
   	
  Twenty	
  rooms?	
  
Anon	
  1: 	
   	
  Yes.	
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Clarifying	
  NP	
  Seman/cs	
  
•  Some/mes	
  quan/fier,	
  some/mes	
  CN	
  property,	
  some/mes	
  

referent	
  set	
  …	
  
–  …	
  but	
  always	
  lower-­‐order:	
  never	
  sets	
  of	
  sets/proper/es	
  directly	
  
–  (Purver	
  &	
  Ginzburg,	
  2004)	
  

•  Even	
  with	
  logical	
  quan/fiers:	
  
Richard:	
   	
  No	
  I’ll	
  commute	
  every	
  day	
  
Anon	
  6:	
   	
  Every	
  day?	
  
Richard:	
   	
  as	
  if,	
  er	
  Saturday	
  and	
  Sunday	
  
Anon	
  6:	
   	
  And	
  all	
  holidays?	
  
Richard:	
   	
  Yeah	
  

•  Denota/on	
  of	
  NPs	
  as	
  witness	
  sets	
  of	
  type	
  e	
  
–  “John”: 	
   	
   	
  {john’}	
  
–  “Every	
  man”:	
   	
  {x	
  |	
  man(x)}	
  
–  (or	
  pairs	
  of	
  reference	
  &	
  complement	
  sets)	
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The	
  GQ	
  Strikes	
  Back	
  
•  Cooper	
  (2013):	
  the	
  problem’s	
  not	
  with	
  GQs	
  
–  rather,	
  with	
  standard	
  GQ-­‐compa/ble	
  NPs	
  
–  proposes	
  a	
  friendly	
  amendment	
  

	
  

q-­‐params	
  :	
  [	
  w	
  :	
  all(man)	
  ]	
  
content	
  	
  	
  	
  :	
  λP.[	
  c=w	
  :	
  all(man,P)]	
  
	
  

–  explains	
  possible	
  CR	
  readings	
  
•  and	
  why	
  some	
  impossible	
  (GQ	
  scope	
  i.e.	
  VP	
  content)	
  
•  (although	
  possibly	
  not	
  all	
  …)	
  

•  Can	
  we	
  tell	
  which	
  should	
  be	
  preferred?	
  
–  perhaps	
  not	
  yet,	
  but	
  we’re	
  be:er	
  off	
  than	
  we	
  were	
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Dialogue	
  provides	
  constraints	
  	
  
on	
  seman/cs	
  

(so	
  it	
  can	
  help	
  us	
  work	
  out	
  what	
  
things	
  mean	
  –	
  or	
  don’t	
  mean)	
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GETTING	
  MORE	
  EMPIRICAL	
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Clarifying	
  Lexical	
  Seman/cs	
  
•  NPs	
  aren’t	
  the	
  only	
  thing	
  we	
  clarify	
  …	
  	
  
•  …	
  but	
  they’re	
  by	
  far	
  the	
  most	
  common	
  thing.	
  
•  Excluding	
  whole	
  sentences	
  etc:	
  
– NP/Pro/PN/CN:	
  76%	
  
– Adj/Adv/Mod:	
  12%	
  
– Det:	
  4%	
  (mostly	
  numbers)	
  
– VPs:	
  4%	
  
– Verbs:	
  1%	
  
– Prep/Conj:	
  <0.5%	
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Clarifying	
  Lexical	
  Seman/cs	
  
•  NPs	
  aren’t	
  the	
  only	
  thing	
  we	
  clarify	
  …	
  	
  
•  …	
  but	
  they’re	
  by	
  far	
  the	
  most	
  common	
  thing.	
  
•  Excluding	
  whole	
  sentences	
  etc:	
  
– NP/Pro/PN/CN:	
  76%	
  
– Adj/Adv/Mod:	
  12%	
  
– Det:	
  4%	
  (mostly	
  numbers)	
  
– VPs:	
  4%	
  
– Verbs:	
  1%	
  
– Prep/Conj:	
  <0.5%	
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Clarifying	
  Lexical	
  Seman/cs	
  
•  NPs	
  aren’t	
  the	
  only	
  thing	
  we	
  clarify	
  …	
  	
  
•  …	
  but	
  they’re	
  by	
  far	
  the	
  most	
  common	
  thing.	
  
•  Excluding	
  whole	
  sentences	
  etc:	
  
– NP/Pro/PN/CN:	
  76%	
  
– Adj/Adv/Mod:	
  12%	
  
– Det:	
  4%	
  (mostly	
  numbers)	
  
– VPs:	
  4%	
  
– Verbs:	
  1%	
  
– Prep/Conj:	
  <0.5%	
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Clarifying	
  Lexical	
  Seman/cs	
  
•  NPs	
  aren’t	
  the	
  only	
  thing	
  we	
  clarify	
  …	
  	
  
•  …	
  but	
  they’re	
  by	
  far	
  the	
  most	
  common	
  thing.	
  
•  Excluding	
  whole	
  sentences	
  etc:	
  
– NP/Pro/PN/CN:	
  76%	
  
– Adj/Adv/Mod:	
  12%	
  
– Det:	
  4%	
  (mostly	
  numbers)	
  
– VPs:	
  4%	
  
– Verbs:	
  1%	
  
– Prep/Conj:	
  <0.5%	
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Content	
  vs	
  Func/on	
  Words	
  
•  In	
  some	
  cases,	
  this	
  makes	
  sense	
  …	
  
•  Func/on	
  word	
  clarifica/on	
  very	
  rare	
  
•  Func/on	
  words	
  more	
  familiar:	
  
– Low	
  type-­‐token	
  ra/o	
  (i.e.	
  less	
  rare)	
  

•  Func/on	
  words	
  less	
  contenyul:	
  
– Low	
  variance	
  across	
  genres	
  
– Low	
  informa/on	
  content	
  (surprisal)	
  

•  Perhaps	
  clarifica/on	
  just	
  doesn’t	
  make	
  sense?	
  
–  It	
  would	
  be	
  nice	
  if	
  we	
  could	
  test	
  this	
  …	
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Experimen/ng	
  with	
  Dialogue	
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Healey	
  et	
  al	
  (2003):	
  DiET	
  
•  Insert	
  fake	
  clarifica/ons:	
  
–  Repeat	
  words	
  from	
  previous	
  turns	
  
– Wait	
  for	
  response	
  

•  Content	
  words:	
  45%	
  responded	
  to	
  
–  The	
  vast	
  majority	
  as	
  direct	
  CRs	
  (92%)	
  

•  Func/on	
  words:	
  only	
  15%	
  response	
  
– And	
  none	
  of	
  those	
  as	
  direct	
  CRs	
  

	
  Laura:	
  Can	
  I	
  have	
  some	
  toast	
  please?	
  
	
  Jan:	
  Some?	
  
	
  Laura:	
  Toast	
  

•  So	
  maybe	
  we	
  understand	
  content	
  vs.	
  func/on	
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What	
  about	
  Verbs?	
  
•  But	
  in	
  other	
  cases	
  it	
  seems	
  plain	
  weird!	
  
•  Verb	
  clarifica/on	
  is	
  vanishingly	
  rare.	
  Why?	
  
–  Rodriguez	
  &	
  Schlangen	
  (2004),	
  Rieser	
  &	
  Moore	
  (2005)	
  

•  no	
  examples	
  found	
  for	
  acFon-­‐reference	
  class	
  
•  51%	
  of	
  examples	
  were	
  NP	
  or	
  deicFc	
  reference	
  

A:	
   	
  You	
  see	
  this	
  thing	
  did	
  you	
  buy	
  this	
  separately	
  or	
   	
  
	
  	
  did	
  it	
  come	
  in	
  the	
  Walkman?	
  	
  

B: 	
  We	
  were	
  lent	
  them.	
  	
  
A: 	
  Lent	
  them?	
  
B: 	
  Yeah.	
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What	
  about	
  Verbs?	
  
•  But	
  in	
  other	
  cases	
  it	
  seems	
  plain	
  weird!	
  
•  Verb	
  clarifica/on	
  is	
  vanishingly	
  rare.	
  Why?	
  
–  Rodriguez	
  &	
  Schlangen	
  (2004),	
  Rieser	
  &	
  Moore	
  (2005)	
  

•  no	
  examples	
  found	
  for	
  acFon-­‐reference	
  class	
  
•  51%	
  of	
  examples	
  were	
  NP	
  or	
  deicFc	
  reference	
  

•  Verbs	
  are	
  no	
  less	
  contenyul	
  than	
  nouns	
  
–  Similar	
  (high)	
  type-­‐token	
  ra/o,	
  variance	
  
–  Similar	
  (high)	
  informa/on	
  content	
  

•  Verb	
  clarifica/ons	
  are	
  easy	
  to	
  interpret	
  
–  Just	
  as	
  likely	
  to	
  get	
  a	
  response	
  
– And	
  get	
  responded	
  to	
  in	
  parallel	
  ways	
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Perhaps	
  Verbs	
  are	
  Not	
  Nouns	
  
•  Do	
  verbs	
  &	
  nouns	
  have	
  different	
  seman/c	
  
(cogni/ve?)	
  status?	
  
–  Conven/onally	
  both	
  e>t:	
   	
   	
  	
  

	
  λx.snore(x) 	
   	
  λx.woman(x)	
  
	
  

•  Perhaps	
  verbs	
  are	
  structured	
  around	
  arguments	
  
– …	
  which	
  are	
  mostly	
  NPs	
  …	
  
– …	
  and	
  then	
  we	
  tend	
  to	
  clarify	
  those	
  NPs?	
  

•  Frame	
  seman/cs:	
  	
  	
  
–  SELL[	
  buyer,	
  seller,	
  goods,	
  money,	
  …	
  ]	
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Dialogue	
  poses	
  ques/ons	
  	
  
about	
  seman/cs	
  

(about	
  what	
  things	
  mean,	
  what	
  
things	
  don’t	
  mean,	
  and	
  what	
  

differences	
  must	
  be	
  accounted	
  for)	
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WHAT	
  ABOUT	
  PROCESSING?	
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Processing	
  Issues	
  
•  We	
  can	
  clarify	
  before	
  the	
  end	
  of	
  a	
  sentence	
  

	
  
	
  
	
  
	
  
	
  
	
  

•  This	
  tells	
  us	
  a	
  lot	
  about	
  seman/c	
  processing	
  
–  In	
  interpreta/on	
  
–  In	
  genera/on	
  
	
  	
  

A	
   And	
  er	
  they	
  X-­‐rayed	
  me,	
  and	
  took	
  a	
  urine	
  sample,	
  took	
  
a	
  blood	
  sample.	
  Er,	
  the	
  doctor	
  

B	
   Chorlton?	
  

A	
  
Chorlton,	
  mhm,	
  he	
  examined	
  me,	
  erm,	
  he,	
  he	
  said	
  now	
  
they	
  were	
  on	
  about	
  a	
  slide	
  ⟨unclear⟩	
  on	
  my	
  heart.	
  
Mhm,	
  he	
  couldn’t	
  find	
  it.	
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Processing	
  Issues	
  
•  We	
  can	
  clarify	
  before	
  the	
  end	
  of	
  a	
  sentence	
  

	
  
	
  
	
  
	
  
	
  
	
  

•  At	
  this	
  point,	
  both	
  A	
  &	
  B	
  must	
  know:	
  	
  
–  That	
  it’s	
  a	
  cons/tuent	
  
–  That	
  it’s	
  poten/ally	
  referen/al	
  to	
  an	
  individual	
  
–  What	
  a	
  possible	
  world/dialogue	
  reference	
  might	
  be	
  

A	
   And	
  er	
  they	
  X-­‐rayed	
  me,	
  and	
  took	
  a	
  urine	
  sample,	
  took	
  
a	
  blood	
  sample.	
  Er,	
  the	
  doctor	
  A	
   And	
  er	
  they	
  X-­‐rayed	
  me,	
  and	
  took	
  a	
  urine	
  sample,	
  took	
  
a	
  blood	
  sample.	
  Er,	
  the	
  doctor	
  

B	
   Chorlton?	
  

A	
   Chorlton,	
  mhm,	
  he	
  examined	
  me	
  […]	
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Compound	
  Contribu/ons	
  
•  Not	
  just	
  clarifica/on	
  …	
  
•  Comple/ons	
  of	
  incomplete	
  antecedents:	
  

	
  

D: 	
  Yeah	
  I	
  mean	
  if	
  you’re	
  looking	
  at	
  quan/ta/ve	
  things	
  it’s	
  
really	
  you	
  know	
  how	
  much	
  actual-­‐	
  How	
  much	
  varia/on	
  
happens	
  whereas	
  qualita/ve	
  is	
  ⟨pause⟩	
  you	
  know	
  what	
  the	
  
actual	
  varia/ons	
  
U: 	
  entails	
  

•  Expansions	
  of	
  “complete”	
  antecedents:	
  
	
  

T:	
   	
  It’ll	
  be	
  an	
  E	
  sharp.	
  
G: 	
  Which	
  will	
  of	
  course	
  just	
  be	
  played	
  as	
  an	
  F.	
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Incrementality	
  

•  Incremental	
  processing	
  
•  Incremental	
  seman/c	
  representa/on	
  
•  Incremental	
  seman/c	
  interpreta/on	
  
•  Incremental	
  reference	
  
•  Incremental	
  context	
  
•  Incremental	
  extensibility	
  
•  Incremental	
  reversibility	
  (parsing/genera/on)	
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Incremental Semantic Construction

We’re trying to produce something like:
(using Type Theory with Records (TTR) [Cooper, 2005])

I want . . .

⎡

⎢

⎢

⎣

e = now : es
x = speaker : e

p1 : t

p = want(e, x , p1) : t

⎤

⎥

⎥

⎦

Purver, Eshghi, Hough IWCS 2011 4/4

Incremental Semantic Construction

We’re trying to produce something like:
(using Type Theory with Records (TTR) [Cooper, 2005])

I want to go . . .

⎡

⎢

⎢

⎢

⎢

⎣

e = now : es
e1 = future : es
x = speaker : e

p1 = go(e1, x) : t

p = want(e, x , p1) : t

⎤

⎥

⎥

⎥

⎥

⎦

Trip :

Purver, Eshghi, Hough IWCS 2011 4/4

Incremental Semantic Construction

We’re trying to produce something like:
(using Type Theory with Records (TTR) [Cooper, 2005])

I want to go to Paris
. . .

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

e = now : es
e1 = future : es
x1 = Paris : e

p2 = to(e1, x1) : t

x = speaker : e

p1 = go(e1, x) : t

p = want(e, x , p1) : t

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

Trip :
to = paris

Purver, Eshghi, Hough IWCS 2011 4/4

DynDial	
  &	
  RISER	
  
•  Dynamic	
  Syntax	
  
•  Type	
  Theory	
  with	
  Records	
  

–  (IWCS	
  2011,	
  TTNLS	
  2014)	
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Self-­‐repair	
  
•  Incrementality	
  &	
  monotonicity:	
  

The	
  interview	
  was	
  –	
  it	
  was	
  alright	
  
I	
  went	
  swimming	
  with	
  Susan	
  –	
  or	
  rather,	
  surfing	
  
–  Maintain	
  seman/c	
  context,	
  but	
  with	
  …	
  	
  
–  incremental	
  parsing	
  &	
  choice	
  mechanisms	
  (Hough,	
  2012-­‐14)	
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Dialogue	
  provides	
  constraints	
  	
  
on	
  seman/c	
  processing	
  

(about	
  when	
  &	
  how	
  we	
  understand	
  
and	
  produce	
  meaning	
  and	
  
components	
  of	
  meaning)	
  



Cognitive Science Research Group
http://cogsci.eecs.qmul.ac.uk

GETTING	
  EVEN	
  MORE	
  EMPIRICAL	
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Learning	
  
•  It’s	
  all	
  very	
  well	
  tes/ng	
  our	
  exis/ng	
  theories	
  
–  (my	
  armchair	
  is	
  very	
  comfy,	
  actually)	
  

•  But	
  can	
  we	
  learn	
  a	
  good	
  framework?	
  
•  If	
  dialogue	
  gives	
  us	
  evidence	
  for	
  seman/cs,	
  we	
  
should	
  be	
  able	
  to	
  learn	
  that	
  seman/cs	
  

•  Of	
  course,	
  we’d	
  need	
  a	
  lot	
  of	
  data	
  with	
  people	
  
talking	
  to	
  each	
  other	
  about	
  stuff	
  …	
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Distant	
  Supervision	
  

•  A	
  common	
  technique	
  for	
  sen/ment	
  detec/on	
  
Best day in ages! #Happy :) 
just because people are celebs they dont 
reply to your tweets! NOT FAIR :( 
再做个梦如果明天我中奖了该怎么支配呢每次想这个问
题都 觉得很美*^_^* 
离队倒计时,期待奇迹的发生 
(T_T) 

•  Works	
  well	
  if	
  you	
  have	
  a	
  reliable	
  but	
  
(semi-­‐)independent	
  label	
  to	
  hand	
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Distant	
  Supervision	
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  technique	
  for	
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  hand	
  



Cognitive Science Research Group
http://cogsci.eecs.qmul.ac.uk

Distant	
  Supervision	
  

•  A	
  common	
  technique	
  for	
  sen/ment	
  detec/on	
  
Best day in ages! #Happy :) 
just because people are celebs they dont 
reply to your tweets! NOT FAIR :( 
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  if	
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  a	
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  but	
  
(semi-­‐)independent	
  label	
  to	
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Distant	
  Supervision	
  

•  A	
  common	
  technique	
  for	
  sen/ment	
  detec/on	
  
Best day in ages! #Happy :) 
just because people are celebs they dont 
reply to your tweets! NOT FAIR :( 
再做个梦如果明天我中奖了该怎么支配呢每次想这个问
题都 觉得很美*^_^* 
离队倒计时,期待奇迹的发生 
(T_T) 

•  Go	
  et	
  al	
  (2009):	
  works	
  well	
  if	
  you	
  have	
  a	
  
reliable	
  but	
  (semi-­‐)independent	
  label	
  to	
  hand	
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Distant	
  Supervision	
  
•  O�en	
  independent	
  labels	
  aren’t	
  reliable 

 
:-O   :-@   :-$   :-P 
 

•  O�en	
  reliable	
  labels	
  aren’t	
  independent 
 
 Vodafone signal #fail 
 Gets so #angry when tutors don’t email back 

•  Poor	
  results	
  for	
  many	
  emo/ons	
  	
  
–  (Purver	
  &	
  Ba:ersby,	
  2012)	
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Distant	
  Supervision	
  
•  O�en	
  independent	
  labels	
  aren’t	
  reliable 

 
:-O   :-@   :-$   :-P 
 

•  O�en	
  reliable	
  labels	
  aren’t	
  independent 
 
 Vodafone signal #fail 
 Gets so #angry when tutors don’t email back 

•  Poor	
  results	
  for	
  many	
  emo/ons	
  	
  
–  (Purver	
  &	
  Ba:ersby,	
  2012)	
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Responses	
  as	
  Distant	
  Supervision	
  

•  But	
  what	
  if	
  someone	
  responds?	
  

_AggieGirl16: 	
  @captain_lizard	
  lol	
  yeaaaah.	
  I'm	
  
	
   	
   	
   	
   	
  pre:y	
  lucky!	
  Haha!	
  	
  	
  

captain_lizard: 	
  @_AggieGirl16	
  I'm	
  glad	
  you're	
   	
   	
  
	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  happy,	
  Monica!	
  :)	
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Responses	
  as	
  Distant	
  Supervision	
  
•  What	
  do	
  these	
  have	
  in	
  common?	
  

Ma:HDGamer:	
   	
  EA	
  Servers	
  down	
  again?!	
  	
  
OrFIFAProdigy: 	
  	
  you're	
  surprised?	
  	
  

	
  

ma:ryanharris:	
   	
  Another	
  school	
  shoo/ng?	
  	
  What	
  the	
  actual	
  fuck.	
  
BasedGoDEnigma:	
  You	
  seem	
  like	
  you're	
  surprised?	
  	
  

	
  

danni_13_ONLY:	
   	
  HES	
  GAY?!?!	
  What	
  the	
  hell!	
  
BeastyyLove:	
   	
   	
  	
  you're	
  surprised?	
  !	
  Lol	
  	
  
	
  

•  Build	
  classifiers	
  be:er	
  or	
  same	
  with	
  much	
  less	
  data	
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Responses	
  as	
  Distant	
  Supervision	
  
•  Does	
  OK	
  for	
  simple	
  dis/nc/ons	
  (happy	
  vs	
  not)	
  
–  be:er	
  than	
  hashtags,	
  worse	
  than	
  emo/cons	
  
–  with	
  a	
  dataset	
  half	
  the	
  size	
  

•  Similar	
  on	
  6-­‐way	
  emo/ons,	
  with	
  10%	
  of	
  the	
  data	
  
–  77%	
  accuracy	
  
–  similar	
  per-­‐class	
  f-­‐scores	
  

•  Be:er	
  at	
  subtle	
  dis/nc/ons	
  e.g	
  angry	
  vs	
  surprised	
  
–  75%	
  accuracy	
  with	
  <1000	
  training	
  examples	
  
–  (an	
  emo/con-­‐based	
  angry	
  classifier	
  achieves	
  76%	
  
“accuracy”	
  on	
  surprised	
  data!)	
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Ques/ons	
  as	
  Distant	
  Supervision	
  
•  Q8.	
  In	
  what	
  city	
  is	
  the	
  maracana	
  stadium	
  located	
  
#Nairabet	
  #Mightygeorgegiveaway	
  
–  Brasilia	
  

•  Thanks.	
  What	
  city	
  is	
  the	
  24-­‐hour	
  fitness?	
  
–  Oxnard	
  

•  what	
  city	
  is	
  the	
  quarry	
  in?	
  
– Monroe.	
  Exit	
  11	
  off	
  75.	
  Lol.	
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Clarifica/on	
  as	
  Distant	
  Supervision	
  
•  @xxsylviaaxx	
  Midnight	
  Red	
  is	
  actually	
  really	
  good	
  

–  you	
  mean	
  the	
  band?	
  
–  haha	
  yeah	
  the	
  boyband	
  

•  @gaskarthlrh	
  finally	
  got	
  my	
  5sos	
  follow	
  back	
  
–  you	
  mean	
  the	
  band?	
  
–  yeahh	
  

•  @Joe_rauchet	
  Any	
  girl	
  that	
  likes	
  the	
  red	
  hot	
  chili	
  peppers	
  
immediately	
  becomes	
  100x	
  more	
  a:rac/ve	
  
–  oh	
  you	
  mean	
  the	
  band	
  

•  @sbrezenoff	
  Why	
  is	
  it	
  so	
  hard	
  to	
  find	
  a	
  youth-­‐size	
  Boston	
  T-­‐shirt	
  
with	
  the	
  guitar	
  spaceships?!?	
  
–  you	
  mean	
  the	
  band	
  &	
  not	
  city,	
  don’t	
  you?	
  #notwherebrainwent	
  
–  the	
  band	
  the	
  band!!	
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Dialogue	
  provides	
  a	
  basis	
  for	
  
learning	
  meaning	
  

(helping	
  build	
  systems	
  that	
  can	
  
understand	
  or	
  produce	
  meaning)	
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GETTING	
  MORE	
  EMPIRICAL	
  AND	
  
MORE	
  SEMANTIC	
  …	
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Learning	
  Seman/c	
  Grammars	
  
•  We	
  can	
  learn	
  lexical	
  entries/grammars	
  from	
  senten/al	
  LFs:	
  

–  Ze:lemoyer,	
  Kwiatkowski	
  et	
  al	
  (2010,	
  2012)	
  

“you	
  read	
  the	
  book”	
  
read(you,	
  the(x,	
  book(x)))	
  
	
  
	
  
	
  
	
  	
  
	
  	
  
	
  	
  
	
  
	
  

LF	
  constrains	
  meaning	
  (as	
  situa/ons	
  do?)	
  

START

Sdcl

NP

[NP]lex

you

You

Sdcl\NP

(Sdcl\NP)/NP

[(Sdcl\NP)/NP]lex

�x�y.read(y, x)

read

NP

NP/N

[NP/N]lex

�f�x.the(x, f(x))

the

N

[N]lex

�x.book(x)

book

Figure 1: Derivation of sentence You read the

book with meaning read(you, the(x, book(x))).

choice of production:

b � Multinomial(�a) (5)

However, before training a model of language ac-
quisition the dimensionality and contents of both
the syntactic grammar and lexicon are unknown.
In order to maintain a probability model with
cover over the countably infinite number of pos-
sible productions, we define a Dirichlet Process
(DP) prior for each possible production head a.
For the production head a, DP (�a, Ha) assigns
some probability mass to all possible production
targets {b} covered by the base distribution Ha.

It is possible to use the DP as an infinite prior
from which the parameter set of a finite dimen-
sional Multinomial may be drawn provided that
we can choose a suitable partition of {b}. When
calculating the probability of an (s, m, t) triple,
the choice of this partition is easy. For any given
production head a there is a finite set of usable
production targets {b1, . . . , bk�1} in t. We create
a partition that includes one entry for each of these
along with a final entry {bk, . . . } that includes all
other ways in which a could be expanded in dif-
ferent contexts. Then, by applying the distribution
Ga drawn from the DP to this partition, we get a
parameter vector �a that is equivalent to a draw
from a k dimensional Dirichlet distribution:

Ga � DP (�a, Ha) (6)
�a = (Ga(b1), . . . , Ga(bk�1), Ga({bk, . . . })
� Dir(�aH(b1), . . . ,�aHa(bk�1), (7)

�aHa({bk, . . . }))

Together, Equations 4-7 describe the joint distri-
bution P (X,S, �) over the observed training data

X = {(si, {m}i) : i = 1, . . . , N}, the latent vari-
ables S (containing the productions used in each
parse t) and the parsing parameters �.

4 Generating Parses

The previous section defined a parameterisation
over parses assuming that the CCG lexicon � was
known. In practice � is empty prior to training
and must be populated with the lexical items from
parses t consistent with training pairs (s, {m}).

The set of allowed parses {t} is defined by the
function T from Equation 2. Here we review the
splitting procedure of Kwiatkowski et al. (2010)
that is used to generate CCG lexical items and de-
scribe how it is used by T to create a packed chart
representation of all parses {t} that are consistent
with s and at least one of the meaning represen-
tations in {m}. In this section we assume that s
is paired at each point with only a single meaning
m. Later we will show how T is used multiple
times to create the set of parses consistent with s
and a set of candidate meanings {m}.

The splitting procedure takes as input a CCG
category X :h, such as NP : a(x, cookie(x)), and
returns a set of category splits. Each category split
is a pair of CCG categories (Cl :ml,Cr :mr) that
can be recombined to give X : h using one of the
CCG combinators in Section 2.2. The CCG cat-
egory splitting procedure has two parts: logical
splitting of the category semantics h; and syntac-
tic splitting of the syntactic category X. Each logi-
cal split of h is a pair of lambda expressions (f, g)
in the following set:

{(f, g) | h = f(g) � h = �x.f(g(x))}, (8)

which means that f and g can be recombined us-
ing either function application or function com-
position to give the original lambda expression
h. An example split of the lambda expression
h = a(x, cookie(x)) is the pair

(�y.a(x, y(x)), �x.cookie(x)), (9)

where �y.a(x, y(x)) applied to �x.cookie(x) re-
turns the original expression a(x, cookie(x)).

Syntactic splitting assigns linear order and syn-
tactic categories to the two lambda expressions f
and g. The initial syntactic category X is split by
a reversal of the CCG application combinators in
Section 2.2 if f and g can be recombined to give

237
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Learning	
  a	
  Dialogue	
  Grammar	
  
•  We	
  can	
  learn	
  one	
  that’s	
  suited	
  for	
  dialogue:	
  

–  i.e.	
  incremental	
  in	
  all	
  the	
  necessary	
  ways	
  
–  Eshghi	
  et	
  al	
  (2013):	
  92%	
  coverage,	
  85%	
  F-­‐score	
  on	
  CHILDES	
  

	
  
	
  
	
  
	
  
	
  	
  

Dialogue & Incrementality
Tools for Incrementality: DS and TTR

Learning Incremental Grammar

Problem and Background
Hypothesising Lexical Entries
Learning Lexical Entries

Constraining hypotheses

Constrain hypotheses within DAG paths:

S1 S2
CAs

Tcur
“john”

S3
??upset??

S4
“mary”

Tt
CAs

h10

h1j
h1u

h1m h1n

h2u
h2m

h2n

h20

h2j
h1u

h3j h4u

h2m

h3n

h4n
h4m

h3u

h3m

h3n
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Learning	
  Without	
  Grammar	
  
•  We	
  might	
  even	
  be	
  able	
  to	
  learn	
  one	
  without	
  a	
  grammar	
  …	
  

–  (ConCreTe	
  project:	
  Wiggins,	
  Forth,	
  Griffiths	
  et	
  al)	
  

	
  	
  

	
  	
  
	
  
	
  	
  

16 Geraint A. Wiggins and Jamie Forth

to
recognise speech 

t! rɛ k!g spiːtʃ

time

nʌɪz

t ! r ɛ ! n b iː ʃk ʌ s tɪphoneme

word

semantic
association

! biːtʃnʌɪs

wreck a nice beach

speech
recognition

semantic
context

recognise speech language 

morpheme
rɛk

Fig. 4 Confusing IDyOT: how priming resolves speech analysis in the wrong direction. As previ-
ously, points where there is a distribution containing a potential choice in the example are shaded.
This example is different from the earlier ones, because it includes a semantic context level, con-
ditioned by previous input, that adjusts the prior provided by the language model. The assumption
here is that speech recognition has been the topic; so the distribution associated with /r3k/ away
from “wreck” and towards “recognise”. Once that path is taken, the semantic association is rein-
forced and inference overcomes the correct reading where the phonemes can be conflated, indicated
by the double-line arrows. As before, solid arrows indicate strong likelihoods, and broken ones are
relatively weak.

It’s easy to wreck a nice beach.

which is readily mistaken, given an appropriate context, for the sentence

It’s easy to recognise speech.

By choosing a pronunciation that is somewhat loose, and coupling it with appro-
priate verbal or visual priming, this serves as a useful demonstration to students of
how much prior information is used in understanding language. In IPA, these two
sentences are respectively denoted

/Its i:zi t@ r3k@gn2Iz spi:tS/
/Its i:zi t@ r3k @ n2Is bi:tS/

In fact, in common parlance, the /g/ is usually soft, and often omitted altogether;
so then the difference comes down only to the amount of voice in /z s/, which are
elided to /zs/, against /s/, and /p/ against /b/ respectively. In Fig. 4, we illustrate
this process.

For the purposes of the current paper, this demonstration makes two points: first,
the multi-layered approach of IDyOT affords human-like behaviours as emergent
properties, without extra mechanism; and second, the conceptual layer, which af-
fords the flexibility of approximate matching in a principled way, is as important
as the symbolic one in driving the system. One might ask, therefore, why not con-
flate the two and do all the inference in a continuous probability space? From our
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)LJXUH �� 6FKHPDWLF�GLDJUDP�RI�,'\20 YLHZSRLQW�PRGHO� VKRZLQJ�D�VXEVHW�RI�DYDLODEOH
YLHZSRLQWV�

GHULYHG�IURP�SLWFK�RU�WLPH�RU�D�FRPELQDWLRQ�RI�WKH�WZR� $GGHG�WR�WKHVH�UHSUHVHQWD�
WLRQV�RI�WKH�SHUFHSWV�WKHPVHOYHV�LV�DQ�H[SOLFLW�UHSUHVHQWDWLRQ�RI�VHTXHQFH�LQ�WLPH� WKH
VHTXHQFH�LV�WKH�IXQGDPHQWDO�XQLW�RI�UHSUHVHQWDWLRQ�KHUH�

&RQNOLQ��������LQWURGXFHG�D�QHDW�XQLIRUP�ZD\�RI�WKLQNLQJ�DERXW�WKHVH�IHDWXUHV�RI
GDWD�VHTXHQFHV� DQG�LW�LV�XVHG�LQ�,'\20��*LYHQ�D�VHTXHQFH�RI�SHUFHSWV� ZH�GHILQH�IXQF�
WLRQV� NQRZQ�DV YLHZSRLQWV� ZKLFK�VHOHFW�LQLWLDO�VXEVHTXHQFHV�RI�WKH�DYDLODEOH�VHTXHQFH
DQG�FKRRVH�SDUWLFXODU�IHDWXUHV�RI�WKH�SHUFHSWV�LQ�WKDW�VHTXHQFH� 7KXV� ZH�PLJKW�GHILQH
D�YLHZSRLQW�WKDW�VHOHFWV SLWFK IURP�PHORGLF�GDWD� DW�HDFK�SRLQW�DORQJ�WKH�PHORG\�LW�ZLOO
UHWXUQ�WKH�SLWFKHV�RI�DOO�WKH�QRWHV�HQFRXQWHUHG�VR�IDU� LQ�VHTXHQFH�

7KH�PRGHO�VWDUWV�IURP EDVLF YLHZSRLQWV� ZKLFK�DUH�OLWHUDO�VHOHFWLRQV�RI�QRWH�IHDWXUHV
DV�WKH\�DUH�SUHVHQWHG�WR�WKH�V\VWHP� LQFOXGLQJ� SLWFK� QRWH�VWDUW�WLPH� GXUDWLRQ�
PRGH� DQG WRQLF �NH\�QRWH�� )URP�WKHVH� IXUWKHU�YLHZSRLQWV�PD\�EH GHULYHG� VXFK
DV SLWFK�LQWHUYDO �WKH�SHUFHLYHG�GLVWDQFH�EHWZHHQ�WZR�SLWFKHV�� 9LHZSRLQWV�PD\�EH
OLQNHG� ZKLFK�HIIHFWLYHO\�FUHDWHV�D�QHZ� FRPSRXQG�YLHZSRLQW�ZKRVH�DOSKDEHW� LV� WKH
FURVV�SURGXFW�RI�WKH�DOSKDEHWV�RI�WKH�WZR�YLHZSRLQWV�EHLQJ�OLQNHG� 7KLV�LV�GHQRWHG�E\
$ ⊗ %��ZKHUH $ DQG % DUH�WKH�VRXUFH�YLHZSRLQWV� )LQDOO\� WKUHDGHG YLHZSRLQWV�DOORZ�WKH
VHOHFWLRQ�RI�HOHPHQWV�RI�D�VHTXHQFH� GHSHQGLQJ�RQ�DQ�H[WHUQDO�SUHGLFDWH� IRU�H[DPSOH�
LW�LV�SRVVLEOH�WR�VHOHFW�WKH SLWFK RI�WKH�ILUVW�QRWH�LQ�HDFK�SKUDVH�RI�D�PHORG\� LI�SKUDVLQJ
LQIRUPDWLRQ�LV�JLYHQ�

(DFK�RI�WKHVH�GDWD�IHDWXUH�PRGHOV�LV�FDUHIXOO\�FRQVLGHUHG�LQ�PXVLF�SHUFHSWXDO� PX�
VLFRORJLFDO�DQG�PDWKHPDWLFDO�WHUPV��:LJJLQV�HW DO��������� LQ�VRPH�FDVHV�XVLQJ�IHHGEDFN
IURP�PXVLFDO�H[SHUW�SDUWLFLSDQWV��3HDUFH�DQG�:LJJLQV�������� (DFK�YLHZSRLQW�PRGHOV

�7R�EH�DEVROXWHO\�SUHFLVH� VRPH�RI�WKH�YLHZSRLQWV�QDPHG�KHUH�DUH�LQ���WR���FRUUHVSRQGHQFH�ZLWK�YLHZSRLQWV
XVHG�LQ�WKH�DFWXDO�LPSOHPHQWDWLRQ� KRZHYHU� WKLV�LV�WKHRUHWLFDOO\�LPPDWHULDO� 7KH�QDPHV�XVHG�KHUH�DUH�PRUH
PXVLFDOO\�LQIRUPDWLYH�
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Learning	
  from	
  Dialogue?	
  
•  We	
  can	
  even	
  learn	
  from	
  ques/ons	
  &	
  answers:	
  

–  Liang	
  et	
  al,	
  2011	
  
	
  

–  But	
  these	
  are	
  database	
  query	
  results,	
  not	
  u:erances	
  …	
  

•  See	
  Eshghi	
  &	
  Lemon	
  (this	
  a�ernoon)	
  
•  And	
  Moradlou	
  &	
  Ginzburg	
  (the	
  day	
  a�er	
  tomorrow)	
  

•  Dialogue	
  u:erances	
  provide	
  similar	
  (less	
  specific)	
  informa/on:	
  
–  Responses	
  restrict	
  the	
  space	
  of	
  antecedent	
  meanings	
  
–  So	
  could	
  we	
  learn	
  seman/c	
  grammars	
  from	
  dialogue?	
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Learning	
  from	
  Dialogue?	
  
•  Can	
  we	
  learn	
  seman/cs	
  from	
  dialogue	
  alone?	
  
•  General	
  problem:	
  

–  Learn	
  to	
  construct	
  representa/ons	
  which	
  match	
  the	
  distribu/on	
  
of	
  responses	
  

–  (cf:	
  learn	
  to	
  construct	
  queries	
  which	
  match	
  the	
  distribu/on	
  of	
  
answers)	
  

–  A	
  very	
  unconstrained	
  space	
  
–  Large	
  number	
  of	
  latent	
  variables	
  

•  Distribu/onal	
  seman/cs	
  
–  Vector	
  space	
  representa/ons	
  of	
  meaning	
  
–  Geometric	
  modelling	
  of	
  distribu/ons	
  &	
  rela/ons	
  
–  (cf:	
  learn	
  to	
  construct	
  representa/ons	
  which	
  match	
  
distribu/ons	
  of	
  lexical	
  context)	
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Distribu/onal	
  Seman/cs	
  
•  Vector	
  space	
  representa/ons	
  of	
  words	
  

–  Co-­‐occurrence-­‐based	
  or	
  learned	
  (Mikolov	
  et	
  al,	
  2013)	
  
–  apple	
  close	
  to	
  orange,	
  far	
  from	
  pavement	
  
–  (king	
  –	
  queen)	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ≈	
  (man	
  –	
  woman)	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ≈	
  (uncle	
  –	
  aunt)	
  

•  Composi/onal	
  approaches:	
  
–  Learned	
  e.g.	
  neural	
  net-­‐based	
  (Socher	
  et	
  al,	
  2012)	
  
–  Tensor-­‐based	
  (Coecke	
  et	
  al,	
  2010)	
  

	
  	
  



Cognitive Science Research Group
http://cogsci.eecs.qmul.ac.uk

VSMs	
  for	
  Dialogue	
  Act	
  Tagging	
  
•  Kalchbrenner	
  &	
  Blunsom	
  (2013)	
  

–  learn	
  word	
  representa/ons	
  &	
  context	
  update	
  func/ons	
  jointly	
  
Open the pod bay doors HAL DaveI'm afraid I can't do thats

S S

i s i+1

I

H

O O

i

i
i+1

P(x ) P(x     )  i+1ix i-1

I

xi

Figure 4: Unravelling of a RCNN discourse model to depth d = 2. The recurrent Hi and output Oi

weights are conditioned on the respective agents ai.

3 Discourse Model
The discourse model adapts a RNN architecture
in order to capture central properties of discourse.
We here first describe such properties and then de-
fine the model itself.

3.1 Discourse Compositionality
The meaning of discourse - and of words and utter-
ances within it - is often a result of a rich ensemble
of context, of speakers’ intentions and actions and
of other relevant surrounding circumstances (Ko-
rta and Perry, 2012; Potts, 2011). Far from cap-
turing all aspects of discourse meaning, we aim
at capturing in the model at least two of the most
prominent ones: the sequentiality of the utterances
and the interactions between the speakers.

Concerning sequentiality, just the way the
meaning of a sentence generally changes if words
in it are permuted, so does the meaning of a para-
graph or dialogue change if one permutes the sen-
tences or utterances within. The change of mean-
ing is more marked the larger the shift in the order
of the sentences. Especially in tasks where one is
concerned with a specific sentence within the con-
text of the previous discourse, capturing the order
of the sentences preceding the one at hand may be
particularly crucial.

Concerning the speakers’ interactions, the
meaning of a speaker’s utterance within a dis-
course is differentially affected by the speaker’s
previous utterances as opposed to other speakers’

previous utterances. Where applicable we aim at
making the computed meaning vectors reflect the
current speaker and the sequence of interactions
with the previous speakers. With these two aims
in mind, let us now proceed to define the model.

3.2 Recurrent Convolutional Neural Network
The discourse model coupled to the sentence
model is based on a RNN architecture with inputs
from a HCNN and with the recurrent and output
weights conditioned on the respective speakers.

We take as given a sequence of sentences or ut-
terances s1, ..., sT , each in turn being a sequence
of words si = yi

1...y
i
l , a sequence of labels

x1, ..., xT and a sequence of speakers or agents
a1, ..., aT , in such way that the i-th utterance is
performed by the i-th agent and has label xi. We
denote by si the sentence vector computed by way
of the sentence model for the sentence si. The
RCNN computes probability distributions pi for
the label at step i by iterating the following equa-
tions:

hi = �( Ixi�1 + Hi�1hi�1 + Ssi + bh) (6)

pi = softmax(Oihi + bo) (7)

where I,Hi,Oi are corresponding weight matri-

ces for each agent ai and softmax(y)k =
eyk

�
j eyj

returns a probability distribution. Thus pi is taken
to model the following predictive distribution:

pi = P (xi|x<i, s�i, a�i) (8)

123
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Distribu/onal	
  Pragma/cs?	
  
•  Can	
  we	
  produce	
  a	
  composiFonal	
  version?	
  
–  Composi/onal	
  distribu/onal	
  models	
  help	
  DA	
  tagging	
  

•  (Milajevs	
  &	
  Purver,	
  2014;	
  Milajevs	
  et	
  al,	
  2014)	
  

•  Sentences	
  as	
  vectors	
  plus	
  “dialogue	
  act”	
  tensors	
  
–  e.g.	
  (Paperno	
  et	
  al,	
  2014)	
  vector	
  +	
  tensor	
  model	
  

–  es/mate	
  contextual	
  tensors	
  directly	
  

•  Es/mate	
  tensors	
  and	
  lexical	
  vectors	
  jointly:	
  
–  Learn	
  lexical	
  (&	
  phrasal)	
  seman/cs	
  &	
  pragma/cs	
  directly!	
  
–  i.e.	
  learn	
  what	
  things	
  mean	
  from	
  how	
  people	
  respond	
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In	
  Summary	
  

	
  
	
  

Hooray	
  for	
  dialogue!	
  
	
  

(even	
  if	
  you	
  don’t	
  care	
  about	
  dialogue)	
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IWCS	
  2015	
  in	
  London	
  

	
  
13th-­‐16th(ish)	
  April	
  2015	
  

Queen	
  Mary	
  University	
  of	
  London	
  
in	
  London’s	
  vibrant	
  and	
  fashionable	
  East	
  End™	
  

	
  
I	
  hope	
  there	
  will	
  be	
  dialogue!	
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Thanks!	
  
•  To	
  you	
  and:	
  

–  Julian	
  Hough	
  
–  Arash	
  Eshghi	
  
–  Chris/ne	
  Howes	
  
–  Dmitrijs	
  Milajevs	
  
–  Mehrnoosh	
  Sadrzadeh	
  
–  Dimitri	
  Kartsaklis	
  
–  Stephen	
  McGregor	
  
–  Zheng	
  Yuan	
  
–  Stuart	
  Ba:ersby	
  
–  Geraint	
  Wiggins	
  
–  Pat	
  Healey	
  
–  Ruth	
  Kempson	
  
–  Jonathan	
  Ginzburg	
  


