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NLG:	
  Problem	
  Defini,on


¤  Given	
  a	
  meaning	
  representa,on,	
  map	
  it	
  into	
  natural	
  
language	
  uUerances.	
  

¤  What	
  do	
  we	
  care	
  about?	
  
¤  adequacy,	
  fluency,	
  readability,	
  varia,on	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

	
  (Stent	
  et	
  al	
  2005)	
  

Inform(restaurant=Seven_days,	
  food=Chinese)


Seven	
  days	
  is	
  a	
  restaurant	
  serving	
  Chinese.


Seven	
  days	
  is	
  a	
  Chinese	
  restaurant.


Dialogue	
  Act
 Realisa@ons
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Tradi,onal	
  pipeline	
  approach


Sentence	
  	
  
Planning


Surface	
  
Realisa,on


Dialogue	
  
Act


Tree-­‐like	
  
template


UUerance


Inform(	
  
	
  	
  	
  	
  name=Z_House,	
  
	
  	
  	
  	
  price=cheap	
  
)


Z	
  House	
  is	
  a	
  cheap	
  
restaurant.
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Problems


¤  Scalability	
  
¤  Grammars	
  are	
  handcra]ed.	
  
¤  Require	
  expert	
  knowledge.
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Problems


¤  Boring	
  
¤  Frequent	
  repe,,on	
  of	
  outputs.	
  
¤  Non-­‐colloquial,	
  awkward	
  	
  
	
  	
  	
  	
  	
  	
  uUerances.	
  

Thank	
  you,	
  
good	
  bye.	
  


Thank	
  you,	
  
good	
  bye.	
  


Thank	
  you,	
  
good	
  bye.	
  


Thank	
  you,	
  
good	
  bye.	
  
Thank	
  you,	
  

good	
  bye.	
  


Seven	
  Days	
  is	
  a	
  nice	
  restaurant	
  in	
  the	
  expensive	
  price	
  range,	
  in	
  the	
  north	
  part	
  of	
  
the	
  town,	
  if	
  you	
  don’t	
  care	
  about	
  what	
  food	
  they	
  serve.
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Recurrent	
  Genera,on	
  Model


	
  	
  	
  	
  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SLOT_NAME 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SLOT_FOOD 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  </s>


	
  	
  	
  	
  </s> 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Seven	
  Days 	
  	
  	
  	
  	
  	
  	
  	
  	
  serves	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Chinese 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  . 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  </s>


delexicalisa5on


Inform(name=Seven_Days,	
  food=Chinese)


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


dialog	
  act	
  1-­‐hot	
  
representa5on


RNNLM	
  (Mikolov	
  et	
  al	
  2010)
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Recurrent	
  Genera,on	
  Model


¤  Gates	
  are	
  controlled	
  by	
  exact	
  matching	
  of	
  
features	
  and	
  generated	
  tokens.	
  

¤  Apply	
  a	
  decay	
  factor	
  δ<1	
  on	
  feature	
  values.	
  

¤  Binary	
  slots/special	
  values	
  need	
  to	
  be	
  addi,onally	
  
handled.


SLOT_NAME
 serves
 SLOT_FOOD
 .
 </s>


nNAME
 nFOOD


1
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Over-­‐genera,on	
  &	
  Reranking


¤  Generate	
  a	
  bunch	
  of	
  candidate	
  uUerances.	
  
¤  Rerank	
  them!	
  	
  

¤  Simple	
  &	
  varia,on	
  included.	
  

Seven	
  days	
  is	
  a	
  good	
  restaurant	
  in	
  the	
  south.	
  


There	
  is	
  no	
  restaurant	
  in	
  the	
  south.


Seven	
  days	
  is	
  in	
  the	
  south	
  part	
  of	
  town.


0.9


0.2


0.7


(Oh & Rudnicky 2000) 
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CNN	
  Seman,c	
  Reranker


</s>


SLOT_	
  
NAME


serves


SLOT_	
  
FOOD


.


</s>


inform


confirm


request


SLOT_NAME=
Value


SLOT_NAME=
NIL


SLOT_FOOD=
Value


SLOT_FOOD=
NIL


ALLOW_KID	
  
=Yes


ALLOW_KID	
  
=No


ALLOW_KID=
NIL


Target	
  dialogue	
  act: 	
  inform(name=Seven_days,	
  food=Chinese)	
  
Generated	
  candidate:	
   	
  </s>	
  SLOT_NAME	
  serves	
  SLOT_FOOD	
  .	
  </s>


1-­‐D	
  convolu,onal	
  layer	
  with	
  
mul,ple	
  feature	
  maps


Average	
  pooling	
  
over	
  ,me


Sentence	
  representa,on	
  
over	
  delexicalised	
  corpus


Fully	
  connected	
  layer	
  for	
  
classifying	
  dialogue	
  act


(Kalchbrenner	
  et	
  al.,	
  2014)
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Backward	
  Reranker


¤  Train	
  a	
  RNN	
  with	
  uUerances	
  reversed.	
  
¤  In	
  order	
  to	
  consider	
  backward	
  context	
  
¤  Ex.	
  	
  “Seven	
  Days	
  is	
  an	
  excep@onal	
  restaurant.”	
  

¤  Reranking	
  Score:	
  
¤  LLFowardRNN+LLBackwardRNN-­‐LossCNN	
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Generated	
  Examples
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Generated	
  Examples
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Generated	
  Examples
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SC-­‐LSTM


¤  Original	
  LSTM	
  cell	
  

	
  

	
  

¤  DA	
  cell	
  
	
  

	
  
¤  Modify	
  Ct


(Hochreiter and Schmidhuber, 1997)


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	
  
representa5on


d0
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Visualiza,on	
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SC-­‐LSTM


¤  Cost	
  func,on	
  

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

rendering	
  all	
  the	
  
informa,on	
  needed	
  

¤  3rd	
  term:	
  close	
  only	
  one	
  
gate	
  each	
  ,me	
  step.	
  

(Hochreiter and Schmidhuber, 1997)


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	
  
representa5on


d0
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Intui,on	
  behind	
  the	
  3rd	
  term

22	
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Deep	
  Architecture
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Deep	
  Architecture

24	
  

¤  Techniques	
  applied	
  
¤  Skip	
  connec,on	
  	
  

	
  (Graves	
  et	
  al	
  2013)	
  
¤  RNN	
  dropout	
  

	
  (Srivastava	
  et	
  al	
  2014)	
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Setup


¤  Data	
  collec,on:	
  
¤  SFX	
  restaurant/hotel	
  domains	
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Ontologies
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Setup


¤  Data	
  collec,on:	
  
¤  SFX	
  restaurant/hotel	
  domains	
  
¤  Workers	
  recruited	
  from	
  Amazon	
  MT.	
  
¤  Asked	
  to	
  generate	
  system	
  responses	
  given	
  a	
  DA.	
  
¤  Result	
  in	
  ~5.1K	
  uUerances,	
  228/164	
  dis,nct	
  acts.	
  	
  

¤  Training:	
  	
  BPTT,	
  L2	
  reg,	
  SGD	
  w/	
  early	
  stopping.	
  	
  
	
   	
  train/valid/test:	
  3/1/1,	
  data	
  up-­‐sampling	
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Corpus-­‐based	
  Evalua,on


¤  Test	
  set:	
  	
  	
  ~1K	
  uUerances	
  each	
  domain	
  
¤  Metrics: 	
  BLEU-­‐4	
  (against	
  mul,ple	
  references),	
   	
  

	
  ERR(slot	
  error	
  rates)	
  
¤  Averaged	
  over	
  5	
  random	
  ini,alised	
  networks.	
  
¤  Over-­‐gen	
  20,	
  evaluate	
  on	
  top-­‐5	
  
¤  Models	
  compared:	
  	
  

¤  handcra]ed	
  generator	
  (hdc)	
  
¤  kNN	
  example-­‐based	
  generator	
  (kNN)	
  
¤  class-­‐based	
  LM	
  generator	
  (classlm,	
  O&R	
  2000)	
  
¤  rnn-­‐based	
  generator	
  (rnn,	
  Wen	
  et	
  al	
  2015)	
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Corpus-­‐based	
  Evalua,on


Selection scheme : 5/20


0.4 
0.45 

0.5 
0.55 

0.6 
0.65 

0.7 
0.75 

0.8 
0.85 

0.9 

hdc knn classlm rnn sc-lstm +deep 

B
LE

U



Model


Restaurant Hotel 
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Corpus-­‐based	
  Evalua,on


Selection scheme : 5/20


0.00 
1.00 
2.00 
3.00 
4.00 
5.00 
6.00 
7.00 
8.00 
9.00 

10.00 

hdc knn classlm rnn sc-lstm +deep 

ER
R

 (%
)


Model 

Restaurant  Hotel 
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Human	
  Evalua,on


¤  Setup	
  
¤  Judges	
  (~60)	
  recruited	
  from	
  Amazon	
  MT.	
  
¤  Asked	
  to	
  evaluate	
  two	
  system	
  responses	
  pairwise.	
  
¤  Comparing	
  classlm,	
  rnn,	
  sc-­‐lstm,	
  and	
  +deep	
  

¤  Metrics:	
  
¤  Informa,veness,	
  Naturalness	
  (ra,ng	
  out	
  of	
  3)	
  
¤  Preference
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Human	
  Evalua,on
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Human	
  Evalua,on
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AUen,ve	
  Encoder-­‐Decoder	
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¤  Embedding	
  

¤  AUen,on	
  

¤  Genera,on	
  
¤  Typical	
  LSTM


(Mei et al 2015)




Experiments
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¤  On	
  new	
  laptop	
  ontology	
  

¤  Comparing	
  performance	
  and	
  adapta,on	
  
capability	
  with	
  SC-­‐LSTM.	
  



From	
  scratch
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Adapt	
  from	
  Rest+Hotel	
  to	
  Laptop
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Conclusion


¤  NLG	
  can	
  be	
  learned	
  N2N	
  from	
  data.	
  
¤  Learn	
  LM	
  &	
  slot	
  ga,ng	
  control	
  signal	
  jointly	
  
¤  Corpus-­‐based/Human	
  evalua,on.	
  
¤  More	
  colloquial,	
  more	
  scalable.	
  
¤  Poten,al	
  for	
  open	
  domain	
  SDS.	
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