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l  Basic	
  concepts	
  and	
  techniques	
  in	
  DL	
  for	
  NLG	
  
l  Recent	
  progress	
  of	
  DL	
  in	
  NLG-­‐related	
  topics


Part	
  I:	
  Overview
2	
  



NLG	
  101

3	
  

¤  Mapping	
  MR(meaning	
  representaOon)	
  -­‐>	
  NL	
  
¤  inform(name=Seven_Days,	
  food=Chinese)	
  
¤  Seven	
  Days	
  is	
  a	
  nice	
  Chinese	
  restaurant.	
  

¤  EvaluaOon	
  
¤  AutomaOc	
  metrics	
  such	
  as	
  BLEU	
  [Papineni	
  et	
  al,	
  2002]	
  

¤  Human	
  EvaluaOon	
  	
  

[Stent	
  et	
  al,	
  2005]


Correla*on	
  
 Adequacy
 Fluency


BLEU
 0.388
 -­‐0.492




Template-­‐based	
  NLG
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¤  Define	
  a	
  set	
  of	
  rules	
  to	
  map	
  MR	
  to	
  NL	
  
¤  Pros:	
  simple,	
  error-­‐free,	
  easy	
  to	
  control	
  
¤  Cons:	
  Ome	
  consuming,	
  scalability	
  

confirm()	
   	
  “Please	
  tell	
  me	
  more	
  about	
  the	
  product	
  your	
  are	
  looking	
  for.”	
  
confirm(area=$V) 	
  “Do	
  you	
  want	
  somewhere	
  in	
  the	
  $V?”	
  
confirm(food=$V) 	
  “Do	
  you	
  want	
  a	
  $V	
  restaurant?”	
  
confirm(food=$V,area=$W) 	
  “Do	
  you	
  want	
  a	
  $V	
  restaurant	
  in	
  the	
  $W.”	
  

…	
  



Trainable	
  Generator	
  [Walker	
  et	
  al	
  2002]

5	
  

¤  Divide	
  the	
  problem	
  into	
  pipeline	
  

¤  Focus	
  on	
  applying	
  ML	
  to	
  sentence	
  plan	
  reranker.


Sentence	
  	
  
Plan	
  

Generator


Inform(	
  
	
  	
  	
  	
  name=Z_House,	
  
	
  	
  	
  	
  price=cheap	
  
)


Z	
  House	
  is	
  a	
  	
  
cheap	
  restaurant.


Sentence	
  	
  
Plan	
  

Reranker


Surface	
  
Realiser




Following-­‐up	
  works
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¤  StaOsOcal	
  sentence	
  plan	
  generator	
  [Stent	
  et	
  al	
  
2009]	
  

¤  StaOsOcal	
  surface	
  realisers	
  [Dethlefs	
  et	
  al	
  2013,	
  
Cuayáhuitl	
  et	
  al	
  2014,	
  …]	
  

¤  Learn	
  from	
  unaligned	
  data	
  [Dusek	
  and	
  Jurcicek	
  
2015]	
  

¤  Pros:	
  can	
  model	
  complex	
  linguisOc	
  structures	
  
¤  Cons:	
  heavily	
  engineered,	
  require	
  domain	
  knowledge




! X d = p(!!|!! , !! ,… !!!! , d)
!

!

X∗ = argmax
!

!!(X|d)!

SequenOal	
  NLG	
  models
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¤  Class-­‐based	
  LM	
  [Oh	
  and	
  Rudnicky,	
  2000]	
  
¤  Class-­‐based	
  Language	
  Modeling	
  

¤  Decoding	
  

¤  Pros:	
  easy	
  to	
  implement/understand,	
  simple	
  rules	
  
¤  Cons:	
  computaOonally	
  inefficient	
  



SequenOal	
  NLG	
  models
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¤  Phrase-­‐based	
  NLG	
  using	
  DBN	
  [Mairesse	
  et	
  al,	
  2010]


engineered


SemanOc	
  
DBN


Phrase	
  
DBN


Charlie	
  Chan
 is	
  a
 Chinese
 Restaurant
 near	
  	
  	
  	
  	
  	
  Cineworld	
  	
  	
  	
  	
  	
  	
  	
  in	
  the	
  	
  	
  	
  	
  	
  	
  	
  centre


engineered


eng
ine
ere
d


d
	
  



	
  



	
  



d
	
  



Inform(type=	
  restaurant,	
  name=Charlie	
  Chan,	
   	
   	
   	
  	
  	
  	
  	
  
food=chinese,	
  near=Cineworld,	
  area=centre)




SequenOal	
  NLG	
  models
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¤  Phrase-­‐based	
  NLG	
  using	
  DBN	
  [Mairesse	
  et	
  al,	
  2010]


¤  Pros:	
  efficient,	
  good	
  performance	
  
¤  Cons:	
  require	
  semanOc	
  alignments
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Q	
  &	
  A
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Neural	
  Networks




!ℒ
!!!"

= !ℒ
!!!!

!!!
!ℎ!

!ℎ!
!!!"

!

ℒ θ = −!! log!!

ℎ! = !( !!"!!
!

+ !!)!

NN	
  basics
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¤  ArOficial	
  Neuron	
  

¤  Loss	
  funcOon	
  

¤  Back-­‐propagaOon


xj


hi
wij


input

parameter


AcOvaOon	
  
funcOon


output


Deep


Wide


pk


tanh	
  or	
  
sigmoid
 sonmax




NN	
  basics
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¤  Gradient	
  descent	
  
	
   xj


hi
wij


Deep


Wide


pk


tanh	
  or	
  
sigmoid
 sonmax
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3	
  reasons	
  why	
  DL	
  for	
  NLP/NLG	
  
•  GeneralisaOon	
  	
  
•  Context	
  Modeling	
  
•  Control




N-­‐gram	
  Language	
  Modeling
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¤  How	
  likely	
  is	
  a	
  sentence?	
  
¤  N-­‐gram	
  LM	
  

¤  Markovian	
  assumpOon	
  
¤  Collect	
  staOsOcs	
  from	
  a	
  large	
  corpus:	
  



N-­‐gram	
  Language	
  Modeling
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¤  The	
  data	
  sparsity	
  problem	
  
¤  Vocab	
  size	
  V	
  
¤  Possible	
  n-­‐grams	
  	
  

¤  Ways	
  to	
  miOgate:	
  
¤  Smoothing,	
  backoff	
  

¤  But	
  sOll,	
  lack	
  of	
  generalisaOon	
  

N-­‐gram
 logP


camel
 -­‐2.0014


camel	
  is
 -­‐2.5426


camel	
  is	
  like
 -­‐3.4456


…
 …


alpaca
 n/a


alpaca	
  is	
  
 n/a


alpaca	
  is	
  a	
  
 n/a


…
 …


llama
 n/a


an	
  llama	
  
 n/a


an	
  llama	
  runs
 n/a


…




Curse	
  of	
  Dimensionality
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Photo	
  credit:	
  newsnshit




!! = softmax(!!!! + !)!

Conquer	
  the	
  Curse	
  of	
  Dimensionality	
  -­‐	
  NNLM
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¤  Neural	
  Net	
  LM	
  
¤  1-­‐of-­‐V	
  encoding	
  for	
  each	
  word	
  xt-­‐k	
  
¤  Distributed	
  word	
  representaOon	
  

¤  Nonlinear	
  hidden	
  layer	
  

¤  Sonmax	
  output	
  

[Bengio	
  et	
  al	
  2001]


cat,	
  dog,	
  is,	
  …




Distributed	
  Word	
  RepresentaOon
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¤  NNLM	
  generalises	
  to	
  unseen	
  words/n-­‐grams


[Cho	
  et	
  al	
  2014]




!! = softmax(!!!! + !)!

!! = tanh(!!!! + !!!!!! + !)!

Context	
  Modeling	
  -­‐	
  RNNLM
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¤  Non	
  Markovian	
  assumpOon	
  
¤  RNNLM	
  

¤  1-­‐of-­‐V	
  encoding	
  for	
  each	
  word	
  xt	
  
¤  Recurrent	
  transiOon	
  funcOon	
  

¤  Sonmax	
  output	
  

¤  Read,	
  update,	
  predict!	
  
¤  Can	
  model	
  dependency	
  of	
  arbitrary	
  length


cat,	
  dog,	
  is,	
  …


[Mikolov	
  et	
  al	
  2010]




!! = −!!! log!" !!!

!!!
!!!!! = !! ∙ diag(tanh ′(!!))!

!! =!!!! + !!!!!! + !!
! ∙ diag tanh ′ !! < 1!

= !!!
!!!

!!!
!!! (

!!!
!!!!!

!

!!!!!
)!!!!!

!

!!!
!

!!!
!! = !!!

!!!
!!!
!!!

!!!
!!!

!!!
!!

!

!!!
!

!! = softmax(!!!! + !)!
!! = tanh(!!!! + !!!!!! + !)!

RNN	
  OpOmisaOon	
  &	
  Vanishing	
  Gradient
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h0
 h1
 h2
 h3


Output 
layer


Hidden 
layer


Input 
layer


Cost    E0  E1             E2            E3 


Jacobian	
  	
  
Matrix


Ignore	
  proof	
  here.	
  
	
  
	
  
Vanishing	
  gradient	
  !


[Pascanu	
  et	
  al,2013]




¤  Sigmoid	
  gates	
  

¤  Proposed	
  cell	
  value	
  

¤  Update	
  cell	
  and	
  hidden	
  layer


Learning	
  Long-­‐term	
  Dependency	
  -­‐	
  LSTM
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Ct
it


ft


ot

ht
xt


xt
 ht-­‐1
 xt
 ht-­‐1
 xt
 ht-­‐1


ht-­‐1


    

[Hochreiter	
  and	
  Schmidhuber,	
  1997]




Learning	
  Long-­‐term	
  Dependency	
  -­‐	
  LSTM
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¤  How	
  does	
  it	
  prevent	
  vanishing	
  gradient?	
  
¤  Consider	
  memory	
  cell	
  update	
  

¤  We	
  can	
  back-­‐prop	
  the	
  gradient	
  by	
  chain	
  rule	
  

¤  If	
  ft	
  maintains	
  a	
  value	
  of	
  1,	
  gradient	
  is	
  perfectly	
  
propagated.




RNNLM	
  Text	
  GeneraOon	
  [Sutskever	
  et	
  al	
  2011]
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¤  The	
  meaning	
  of	
  life	
  is	
  …	
  
¤  The	
  meaning	
  of	
  life	
  is	
  the	
  tradiUon	
  of	
  the	
  ancient	
  human	
  

reproduc6on:	
  it	
  is	
  less	
  favorable	
  to	
  the	
  good	
  boy	
  for	
  when	
  to	
  
remove	
  her	
  bigger.	
  In	
  the	
  show’s	
  agreement	
  unanimously	
  
resurfaced.	
  The	
  wild	
  pasteured	
  with	
  consistent	
  street	
  forests	
  
were	
  incorporated	
  by	
  the	
  15th	
  century	
  BE.	
  In	
  1996	
  the	
  
primary	
  rapford	
  undergoes	
  an	
  effort	
  that	
  the	
  reserve	
  
condiUoning,	
  wri[en	
  into	
  Jewish	
  ciUes,	
  sleepers	
  to	
  
incorporate	
  the	
  .St	
  Eurasia	
  that	
  acUvates	
  the	
  populaUon.	
  
Mar??a	
  NaUonale,	
  Kelli,	
  Zedlat-­‐Dukastoe,	
  Florendon,	
  Ptu’s	
  
thought	
  is.	
  To	
  adapt	
  in	
  most	
  parts	
  of	
  North	
  America,	
  the	
  
dynamic	
  fairy	
  Dan	
  please	
  believes,	
  the	
  free	
  speech	
  are	
  much	
  
related	
  to	
  the




RNN	
  handwriOng	
  synthesis	
  [Graves,	
  2013]
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RNN	
  handwriOng	
  synthesis	
  [Graves,	
  2013]
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¤  Can	
  we	
  gain	
  control	
  on	
  generated	
  content?




27	
  

Q	
  &	
  A
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The	
  3rd	
  Reason:	
  Control!




IntegraOng	
  across	
  modaliOes	
  –	
  CondiOonal	
  RNN
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  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Eat 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  BriUsh 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  


	
  	
  	
  	
  	
  Eat	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  serves 	
  	
  	
  	
  	
  	
  	
  BriUsh	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  	
  	
  	
  	
  </s>


?




IntegraOng	
  across	
  modaliOes	
  –	
  CondiOonal	
  RNN
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¤  Text-­‐to-­‐Text	
  
¤  Sequence-­‐to-­‐Sequence	
  Learning	
  [Sutskever	
  et	
  al,	
  2014]	
  

¤  Grammar	
  as	
  a	
  foreign	
  language	
  [Vinyals	
  et	
  al,	
  2015]	
  



IntegraOng	
  across	
  modaliOes	
  –	
  CondiOonal	
  RNN

31	
  

¤  Text-­‐to-­‐Text	
  
¤  Chinese	
  Poetry	
  GeneraOon	
  [Zhang	
  and	
  Lapata,	
  2014]	
  



IntegraOng	
  across	
  modaliOes	
  –	
  CondiOonal	
  RNN
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¤  Text-­‐to-­‐Image	
  [Graves,	
  2013]




IntegraOng	
  across	
  modaliOes	
  –	
  CondiOonal	
  RNN
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¤  Image-­‐to-­‐Text	
  
¤  Image	
  capOon	
  generaOon	
  [Karpathy	
  and	
  Li,	
  2015]




Short	
  Conclusion

34	
  

¤  I	
  haven’t	
  talked	
  about	
  “Deep	
  Learning	
  for	
  NLG”	
  yet.	
  

¤  But	
  you	
  know	
  at	
  least	
  why	
  DL	
  is	
  cool	
  for	
  NLP	
  now.	
  
¤  Distributed	
  representa*on	
  –	
  GeneralisaOon	
  
¤  Recurrent	
  connec*on	
  –	
  Long-­‐term	
  Dependency	
  
¤  Condi*onal	
  RNN	
  –	
  Flexibility/CreaOvity	
  



35	
  

Q	
  &	
  A




l  Gated-­‐based	
  NLG	
  models	
  
l  AwenOon-­‐based	
  NLG	
  models	
  
l  Domain	
  AdaptaOon	
  
l  Deep	
  NLG	
  for	
  Dialogue	
  Response	
  GeneraOon	
  

Part	
  II:	
  NLG	
  models
36	
  



CondiOonal	
  RNNLM
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¤  GeneraOon	
  condiOons	
  on	
  MR	
  
¤  Represent	
  MR?


	
  	
  	
  	
  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Eat 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  BriUsh 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  


	
  	
  	
  	
  	
  Eat	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  serves 	
  	
  	
  	
  	
  	
  	
  BriUsh	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  	
  	
  	
  	
  </s>


?




RNN	
  Language	
  Generator
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  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SLOT_NAME 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SLOT_FOOD 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  


	
  	
  	
  	
  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  	
  EAT 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  BriUsh 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  


delexicalisa6on


Inform(name=EAT,	
  food=BriUsh)


0,	
  0,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  0,	
  0,	
  0…
 …


dialog	
  act	
  1-­‐hot	
  
representa6on


SLOT_NAME	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SLOT_FOOD 	
  	
  	
  	
  . 	
  	
  	
  	
  	
  	
  </s>


(Wen et al, 2015a)

Weight	
  tying




Handling	
  SemanOc	
  RepeOOon
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¤  Empirically,	
  semanOc	
  repeOOon	
  is	
  observed.	
  
¤  EAT	
  is	
  a	
  great	
  briOsh	
  restaurant	
  that	
  serves	
  briOsh.	
  
¤  EAT	
  is	
  a	
  child	
  friendly	
  restaurant	
  in	
  the	
  cheap	
  price	
  

range.	
  They	
  also	
  allow	
  kids.


¤  Deficiency	
  in	
  either	
  model	
  or	
  decoding	
  (or	
  both)	
  

¤  MiOgaOon	
  
¤  Post-­‐processing	
  rules	
  [Oh	
  &	
  Rudnicky,	
  2000]	
  
¤  GaOng	
  mechanism	
  [Wen	
  et	
  al,	
  2015a	
  &	
  2015b]	
  
¤  AwenOon	
  [Mei	
  et	
  al,	
  2016;Wen	
  et	
  al,	
  2015c]	
  



Learning	
  to	
  Control	
  Gates	
  [Wen	
  et	
  al,	
  2015b]
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¤  Recap	
  LSTM	
  gates:	
  
¤  	
  	
  
¤  xt	
  :	
  current	
  input	
  word	
  embedding.	
  
¤  ht-­‐1:	
  sequence	
  embedding	
  up	
  to	
  t-­‐1.	
  
¤  Learn	
  to	
  decide	
  whether	
  the	
  gates	
  should	
  

open/close	
  based	
  on	
  generaOon	
  history.	
  

¤  Can	
  we	
  do	
  the	
  same	
  for	
  learning	
  the	
  
gate	
  of	
  semanOcs	
  (a.k.a.	
  alignments).	
  

it


xt
 ht-­‐1




¤  Original	
  LSTM	
  cell	
  

	
  

	
  

¤  DA	
  cell	
  
	
  

	
  
¤  Modify	
  Ct


SC-­‐LSTM	
  [Wen	
  et	
  al,	
  2015b]


DA	
  cell


LSTM	
  cell	
  

Ct
it


ft


ot


rt


ht


dt
dt-­‐1


xt


xt
 ht-­‐1


xt
 ht-­‐1
 xt
 ht-­‐1
 xt
 ht-­‐1


ht-­‐1


Inform(name=Seven_Days,	
  
food=Chinese)


0,	
  0,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  …
 dialog	
  act	
  1-­‐hot	
  
representa6on


d0
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VisualizaOon	
  [Wen	
  et	
  al,	
  2015b]
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ℒ ! = − !!! log!!
!

!

Cost	
  funcOon	
  [Wen	
  et	
  al,	
  2015b]


¤  Cost	
  funcOon	
  

¤  1st	
  term	
  :	
  Log-­‐likelihood	
  
¤  2nd	
  term:	
  make	
  sure	
  

rendering	
  all	
  the	
  
informaOon	
  needed	
  

¤  3rd	
  term:	
  close	
  only	
  one	
  
gate	
  at	
  each	
  Ome	
  step.	
  

DA	
  cell


LSTM	
  cell	
  

Ct
it


ft


ot


rt


ht


dt
dt-­‐1


wt


wt
 ht-­‐1


wt
 ht-­‐1
 wt
 ht-­‐1
 wt
 ht-­‐1


ht-­‐1


Inform(name=Seven_Days,	
  
food=Chinese)


0,	
  0,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  …,	
  1,	
  0,	
  0,	
  …
 dialog	
  act	
  1-­‐hot	
  
representa6on


d0
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Results	
  [Wen	
  et	
  al,	
  2015b]
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AwenOon	
  Mechanism?




AwenOve	
  CapOon	
  GeneraOon	
  [Xu	
  et	
  al,	
  2015]
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! = !(!|!)
!

!!

AwenOon	
  Mechanism	
  in	
  Neural	
  Networks
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¤  A	
  general	
  form	
  of	
  differen*able	
  awenOon:	
  
¤  Given	
  sources	
  s	
  (usually	
  in	
  vector	
  form),	
  determine	
  a	
  

distribu*on	
  p(s|θ)	
  based	
  on	
  network	
  parameter	
  θ	
  
and	
  take	
  the	
  expecta*on	
  over	
  sources:	
  

¤  Benefits:	
  
¤  DifferenOable	
  everywhere	
  (back-­‐prop).	
  
¤  SelecOve	
  focus	
  on	
  part	
  of	
  data	
  that	
  is	
  important.	
  
¤  Create	
  short	
  path	
  for	
  gradient	
  flow.	
  



!! = !!!
!

!! !

!!! = softmax(!!")!
!!" = !! tanh(! ∙ !!!! + ! ∙ !!)!

Content-­‐based	
  AwenOon
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¤  At	
  every	
  generaOon	
  step	
  t	
  
¤  Score	
  source	
  hj	
  by	
  

¤  Take	
  an	
  expectaOon	
  over	
  sources	
  

¤  Everything	
  is	
  differenOable.	
  Back-­‐prop	
  end-­‐to-­‐end!


[Bahdanau	
  et	
  al,2013]




Neural	
  MT	
  [Bahdanau	
  et	
  al,2013]
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¤  Slot	
  &	
  value	
  embedding	
  

¤  AwenOve	
  MR	
  representaOon	
  

¤  Modified	
  based	
  on	
  Mei	
  et	
  al,	
  2016.	
  
¤  Related	
  work:	
  Dusek	
  and	
  Jurcicek	
  2016


!ti = !! tanh(!!!!!!! +!!"!!)!
!!" = softmax(!ti)!

AwenOve	
  Encoder-­‐Decoder	
  for	
  NLG
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[Wen	
  et	
  al,2015c]




AwenOon	
  heat	
  map	
  [Mei	
  et	
  al	
  2016]
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Model	
  Comparison
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Q	
  &	
  A
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Domain	
  AdaptaOon	
  for	
  NLG	
  



Domain	
  AdaptaOon	
  [Wen	
  et	
  al,	
  2016a]
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¤  AdaptaOon	
  for	
  NN?	
  
¤  ConOnue	
  to	
  train	
  the	
  model	
  on	
  adaptaOon	
  dataset	
  

¤  Parameters	
  are	
  shared	
  on	
  LM	
  part	
  of	
  the	
  network	
  
¤  But	
  not	
  for	
  the	
  DA	
  weights	
  
¤  New	
  slot-­‐value	
  pairs	
  can	
  only	
  be	
  learned	
  from	
  

scratch	
  

0	
  0	
  0	
  1	
  0	
  0	
  0	
  1	
  0	
  0	
  0	
  0	
  0	
  1	
  0	
  0	
  0	
  0

Laptop	
  Domain	
  

…
…


TV	
  Domain

	
  0	
  1	
  0	
  0	
  0	
  0	
  1	
  0	
  0	
  0	
  0	
  0	
  0	
  1	
  0	
  0	
  0	
  0




Data	
  counterfeiOng
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¤  Produce	
  pseudo	
  target	
  domain	
  data	
  by	
  replacing	
  
source	
  domain	
  slot-­‐values	
  pairs	
  with	
  target	
  
domains	
  slot-­‐value	
  pairs.	
  

¤  Procedure:


	
  	
  	
  	
  	
  	
  	
  Zeus	
  19	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  	
  	
  a	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  heavy	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  laptop	
  	
  	
  	
  	
  	
  	
  	
  with	
  	
  	
  a	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  500GB	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  memory	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  


<NAME-­‐value>	
  	
  	
  	
  	
  	
  is	
  	
  	
  a	
  	
  	
  <WEIGHT-­‐value>	
  <TYPE-­‐value>	
  	
  with	
  	
  	
  a	
  	
  <MEMEORY-­‐value>	
  <MEMORY-­‐slot>	
  


<NAME-­‐value>	
  	
  	
  	
  	
  	
  is	
  	
  	
  a	
  	
  	
  <FAMILY-­‐value>	
  	
  <TYPE-­‐value>	
  	
  with	
  	
  	
  a	
  	
  	
  	
  <SCREEN-­‐value>	
  	
  	
  	
  	
  <SCREEN-­‐slot>	
  	
  


	
  	
  	
  	
  Apollo	
  73	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  	
  	
  a	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  U76	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  television	
  	
  	
  	
  with	
  	
  	
  a	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  29-­‐inch	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  screen


delexicalisa6on


counterfei6ng


A	
  possible	
  realisa6on	
  in	
  TV	
  (target)	
  domain:


An	
  example	
  realisa6on	
  in	
  laptop	
  (source)	
  domain:




Data	
  counterfeiOng	
  –	
  Results	
  [Wen	
  et	
  al,	
  2016a]
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Laptop	
  to	
  TV




DiscriminaOve	
  Training	
  [Wen	
  et	
  al,	
  2016a]
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¤  Explore	
  model	
  capacity	
  and	
  correct	
  it.	
  

	
  
¤  DT	
  cost	
  funcOon:


Model
request(area)


What	
  area	
  do	
  you	
  want? 	
  	
  	
  	
  	
  	
  	
  
What	
  food	
  type	
  do	
  you	
  want?	
  	
  	
  	
  	
  	
  	
  	
  
Do	
  you	
  want	
  north	
  area?	
  
Do	
  you	
  have	
  any	
  area	
  in	
  mind?	
  
What	
  part	
  of	
  town	
  do	
  you	
  want?	
  

	
  candidates 	
  
	
  	
  

0.9	
  
0.2	
  
0.1	
  
0.8	
  
1.0	
  
score


Ω:	
  	
  candidate	
  sentence	
  
Ωi:	
  reference	
  sentence	
  
di:	
  	
  	
  dialogue	
  act	
  
L(.):	
  scoring	
  funcOon




Disc.	
  Training	
  –	
  Results	
  [Wen	
  et	
  al,	
  2016a]
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Deep	
  NLG	
  for	
  
Dialogue	
  Response	
  GeneraOon




TradiOonal	
  Dialogue	
  Systems


Speech	
  
RecogniOon


Language	
  
Understanding


Speech	
  
Synthesis


Dialogue	
  
Manager


KB


Web


Dialogue	
  System


Language	
  
GeneraOon
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text	
  


text	
  


¤  Step-­‐by-­‐step	
  query	
  processing




Neural	
  Dialogue	
  Systems


Speech	
  
RecogniOon


Speech	
  
Synthesis


KB


Web


Neural	
  Dialogue	
  System
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text	
  


text	
  


	
  
	
  
	
  

¤  How	
  about	
  integraOng	
  the	
  whole	
  thing?




A	
  Neural	
  ConversaOonal	
  Model

64	
  

¤  Seq2Seq

[Vinyals	
  and	
  Le,	
  2015]




Hierarchical	
  RNN	
  for	
  Dialogue	
  [Serban	
  et	
  al,2016]
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Other	
  Works
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¤  Neural	
  Responding	
  Machine	
  [Shang	
  et	
  al,	
  2015]	
  
¤  Diversity-­‐PromoOng	
  Decoding	
  [Li	
  et	
  al,	
  2016a]	
  
¤  Persona	
  Modeling	
  [Li	
  et	
  al,	
  2016b]	
  
¤  Deep	
  RL	
  for	
  Response	
  GeneraOon	
  [Li	
  et	
  al,	
  2016c]	
  
	
  
¤  Issues:	
  

¤  Generic	
  responses	
  
¤  No	
  consistency/control	
  
¤  Cannot	
  achieve	
  goal	
  (no	
  goal)	
  
¤  EvaluaOon	
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Task-­‐Oriented	
  Dialogue	
  as	
  	
  
CondiOonal	
  GeneraOon	
  




Can	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  I	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  have	
  	
  	
  	
  Korean	
  	
  	
  	
  

	
  	
  	
  	
  Liwle	
  Seoul	
  serves	
  	
  great	
  	
  	
  Korean	
  	
  	
  	
  	
  	
  .	
  


A	
  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
  al,	
  2016b




Can	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  I	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  have	
  	
  	
  	
  <v.food>	
  	
  	
  	
  

	
  	
  	
  	
  <v.name>	
  serves	
  	
  great	
  	
  	
  <v.food>	
  	
  	
  	
  	
  	
  .	
  


A	
  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
  al,	
  2016b


DelexicalisaOon




Intent	
  Network
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  I	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  have	
  	
  	
  	
  <v.food>	
  	
  	
  	
  


GeneraOon	
  Network

	
  	
  	
  	
  <v.name>	
  serves	
  	
  great	
  	
  	
  <v.food>	
  	
  	
  	
  	
  	
  .	
  


zt


Seq2Seq


A	
  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
  al,	
  2016b




Can	
  	
  	
  	
  	
  I	
  	
  	
  	
  have	
  	
  korean


Korean	
  	
  	
  	
  	
  0.7	
  
BriOsh	
  	
  	
  	
  	
  	
  0.2	
  
French	
  	
  	
  	
  	
  0.1	
  

…


Belief	
  Tracker	
  

Intent	
  Network
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  have	
  	
  	
  	
  <v.food>	
  	
  	
  	
  


GeneraOon	
  Network

	
  	
  	
  	
  <v.name>	
  serves	
  	
  great	
  	
  	
  <v.food>	
  	
  	
  	
  	
  	
  .	
  


zt


pt


Language	
  	
  
Grounding


A	
  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
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  2016b
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Database	
  
Accessing


A	
  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
  al,	
  2016b
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Making
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  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
  System,	
  Wen	
  et	
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  2016b
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  Network-­‐based	
  End-­‐to-­‐End	
  Trainable	
  Task-­‐Oriented	
  Dialogue	
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  al,	
  2016b




Example	
  dialogues
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Visualising	
  acOon	
  embedding
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Short	
  Conclusion
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¤  Benefits	
  of	
  DL	
  in	
  complex	
  NLP	
  systems	
  
¤  Distributed	
  representa*on	
  –	
  “AGAIN”	
  GeneralisaOon	
  
¤  Recurrent	
  connec*on	
  –	
  Learning	
  “RAW”	
  inputs	
  
¤  Condi*onal	
  RNN	
  –	
  “MULTIMODAL”	
  sources	
  

¤  DL	
  allows	
  us	
  to	
  build	
  complex	
  NLP	
  learning	
  systems	
  
like	
  ever	
  before.	
  

¤  It	
  is	
  ambiOous	
  to	
  learn	
  EVERYTHING	
  
¤  Figure	
  out	
  what	
  should	
  be	
  (shouldn’t)	
  learned.	
  

¤  RL	
  for	
  online	
  fine-­‐tuning?	
  [Su	
  et	
  al	
  2016].	
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l  Example	
  codes	
  for	
  implemenOng	
  deep	
  NLG	
  
models	
  in	
  Theano	
  

Part	
  III:	
  Codes
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RNNLG	
  –	
  Benchmark	
  toolkit	
  for	
  Neural	
  NLG
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¤  hwps://github.com/shawnwun/RNNLG




RNNLG	
  –	
  Benchmark	
  toolkit	
  for	
  Neural	
  NLG
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¤  Summary	
  
¤  ImplementaOon:	
  Python	
  2.7,	
  Theano	
  0.8.2,	
  NLTK	
  3.0.0	
  
¤  4	
  benchmark	
  datasets,	
  6	
  counterfeited	
  datasets.	
  
¤  6	
  baseline	
  models,	
  2	
  training/decoding	
  strategies.	
  

¤  Including	
  works	
  in	
  the	
  following	
  publicaOons:	
  
ü  StochasUc	
  Language	
  GeneraUon	
  in	
  Dialogue	
  using	
  Recurrent	
  Neural	
  Networks	
  

with	
  ConvoluUonal	
  Sentence	
  Reranking,	
  Wen	
  et	
  al,	
  SigDial	
  2015a.	
  
ü  SemanUcally	
  CondiUoned	
  LSTM-­‐based	
  Natural	
  Language	
  GeneraUon	
  for	
  Spoken	
  

Dialogue	
  Systems,	
  Wen	
  et	
  al,	
  EMNLP	
  2015b.	
  
ü  Toward	
  MulU-­‐domain	
  Language	
  GeneraUon	
  using	
  Recurrent	
  Neural	
  Networks,	
  

Wen	
  et	
  al,	
  NIPS	
  workshop	
  on	
  ML	
  for	
  SLU	
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Hands-­‐on




Simple	
  Hands-­‐On	
  Session

83	
  

¤  Download	
  code	
  at	
  
hwps://github.com/shawnwun/RNNLG


¤  	
  Make	
  sure	
  you	
  have	
  
¤  Theano	
  0.8.2,	
  NLTK	
  3.0.0,	
  python	
  2.7	
  

¤  TesOng	
  Baselines:	
  
	
  

¤  Training	
  SC-­‐LSTM	
  (run	
  in	
  background):	
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Toolkit	
  NavigaOon
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Example	
  codes	
  for	
  
ImplemenOng	
  	
  

Deep	
  NLG	
  models




Working	
  with	
  Theano	
  is	
  like	
  working	
  as	
  plumbers
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¤  CompilaOon	
  Ome:	
  
define	
  i/o	
  mapping	
  

¤  Run	
  Ome:	
  follow	
  
the	
  forward	
  pipe	
  to	
  
compute	
  output;	
  
follow	
  the	
  back-­‐
prop	
  pipe	
  to	
  update	
  
parameters.	
  

NN	
  parameters/
Share	
  variables


Input	
  placeholder/
Theano	
  variables	
  

Output	
  (Cost)




ConnecOng	
  water	
  pipes
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!! = softmax(!!!!!)!

[RNNLG	
  toolkit,	
  nn/sclstm.py]




Define	
  inputs/outputs
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[RNNLG	
  toolkit,	
  nn/NNGenerator.py]
Input	
  placeholders


Output	
  cost,	
  gradient,	
  update	
  funcOon


Interface	
  between	
  Theano	
  and	
  python




Part	
  IV:	
  Conclusion
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¤  The	
  three	
  pillars	
  of	
  DL	
  for	
  NLG/NLP	
  
¤  Distributed	
  representa*on	
  –	
  GeneralisaOon.	
  
¤  Recurrent	
  connec*on	
  –	
  Long-­‐term	
  Dependency.	
  
¤  Condi*onal	
  RNN	
  –	
  Flexibility/CreaOvity.	
  

¤  The	
  last	
  one	
  is	
  the	
  key	
  to	
  many	
  interesOng	
  
applicaOons	
  in	
  DL	
  today.
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¤  Useful	
  techniques	
  in	
  DL	
  for	
  NLG	
  
¤  Learnable	
  gates	
  
¤  AwenOon	
  mechanism	
  

¤  GeneraOng	
  longer/complex	
  sentences.	
  

¤  Phrase	
  dialogue	
  as	
  condiOonal	
  generaOon	
  problem	
  
¤  CondiOoning	
  on	
  raw	
  input	
  sentence:	
  chat-­‐bot	
  
¤  CondiOoning	
  on	
  both	
  structured	
  and	
  unstructured	
  sources:	
  

a	
  task-­‐compleOng	
  dialogue	
  system!	
  

¤  More	
  interesOng	
  works	
  to	
  be	
  done!
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