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RNNLM (Mikolov et al, 2010)
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Condi*onal	
  RNN	
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Neural	
  NLG


(Wen et al, 2015)
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  Adapta*on
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¤  Adapta*on	
  for	
  NN?	
  
¤  Con*nue	
  to	
  train	
  the	
  model	
  on	
  adapta*on	
  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	
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¤  Produce	
  pseudo	
  target	
  domain	
  data	
  by	
  replacing	
  
source	
  domain	
  slot-­‐values	
  pairs	
  with	
  target	
  
domains	
  slot-­‐value	
  pairs.	
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Data	
  counterfei*ng
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¤  Choice	
  of	
  target	
  domain	
  slots?	
  
¤  The	
  realisa*on	
  should	
  be	
  similar	
  to	
  the	
  source	
  one.	
  
¤  Simple	
  case:	
  based	
  on	
  their	
  func*onal	
  class.	
  

¤  Informable,	
  requestable,	
  and	
  binary	
  slots.	
  
¤  Example:	
  

Laptop
 Television


Informable	
  
 family,	
  price_range,	
  
ba?ery_ra*ng,…	
  


family,	
  price_range,	
  
screen_size_range,…


Requestable
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  memory,…
 price,	
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 is_for_business
 has_usb_port




Laptop/TV	
  dataset
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¤  A	
  more	
  difficult	
  dataset	
  than	
  restaurant/hotel	
  
¤  Permutate	
  all	
  possible	
  DAs,	
  ~13K/7K	
  
¤  Only	
  a	
  few	
  example	
  u?erances	
  for	
  each	
  DA	
  



Data	
  counterfei*ng	
  -­‐	
  Results
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Laptop	
  to	
  TV
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  Training
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¤  Explore	
  model	
  capacity	
  and	
  correct	
  it.	
  

	
  
¤  DT	
  cost	
  func*on:


Model
request(area)


What	
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  do	
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  want? 	
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  food	
  type	
  do	
  you	
  want?	
  	
  	
  	
  	
  	
  	
  	
  
Do	
  you	
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  north	
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  you	
  have	
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  in	
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  part	
  of	
  town	
  do	
  you	
  want?	
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¤  Online	
  parallel	
  version	
  of	
  WOZ	
  on	
  MTurk	
  
¤  Randomly	
  hire	
  a	
  worker	
  to	
  be	
  user/wizard.	
  
¤  Ask	
  them	
  to	
  enter	
  an	
  appropriate	
  response	
  for	
  one	
  

turn	
  (following	
  some	
  instruc*ons).	
  
¤  Repeat	
  the	
  process	
  un*l	
  all	
  dialogues	
  are	
  finished.	
  

¤  Example	
  user	
  page	
  



Wizard	
  of	
  Oz	
  Data	
  Collec*on
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¤  Example	
  wizard	
  page	
  



Data	
  Sta*s*cs
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¤  Ontology:	
  
¤  Cambridge	
  restaurant	
  domain,	
  99	
  venues.	
  
¤  3	
  informable	
  slots,	
  6	
  requestable	
  slots	
  

¤  Dataset	
  
¤  676	
  dialogues,	
  ~2750	
  turns	
  
¤  3000	
  HITS,	
  takes	
  3	
  days,	
  costs	
  ~400	
  USD	
  
¤  Data	
  cleaning	
  takes	
  2-­‐3	
  days	
  for	
  one	
  person	
  



Experiments
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¤  Experimental	
  details	
  
¤  Train/valid/test:	
  3/1/1	
  
¤  SGD,	
  l2	
  regularisa*on,	
  early	
  stopping,	
  gradient	
  clip=1	
  
¤  Hidden	
  size	
  =	
  50,	
  Vocab	
  size:	
  ~500	
  	
  

¤  Two	
  stage	
  training:	
  
¤  Training	
  trackers	
  with	
  label	
  cross	
  entropy	
  
¤  Training	
  other	
  parts	
  with	
  response	
  cross	
  entropy	
  

¤  Decoding	
  
¤  Beam	
  search	
  w/	
  beam	
  width	
  10	
  	
  
¤  Decode	
  with	
  average	
  word	
  likelihood




Human	
  evalua*on
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Quality	
  assessment
 System	
  Comparison
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Conclusion


¤  NN-­‐based	
  condi*onal	
  LM	
  is	
  widely	
  applied.	
  
¤  Genera*on	
  based	
  on	
  dialogue	
  act	
  representa*on.	
  
¤  Genera*on	
  based	
  on	
  the	
  en*re	
  dialogue	
  context.	
  

¤  Achieve	
  domain	
  extension	
  by	
  data	
  counterfei*ng	
  
and	
  discrimina*ve	
  training.	
  

¤  Develop	
  an	
  end-­‐to-­‐end	
  task	
  oriented	
  dialogue	
  
system	
  by	
  collec*ng	
  WOZ	
  data	
  and	
  JUST	
  training	
  it!	
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¤  scrALL 	
  :	
  train	
  from	
  scratch	
  with	
  100%	
  ID	
  data.	
  
¤  scr-­‐10% 	
  :	
  train	
  from	
  scratch	
  with	
  10%	
  ID	
  data.	
  
¤  ML-­‐10% 	
  :	
  data	
  counterfei*ng	
  +	
  ML	
  training	
  on	
  10%	
  ID	
  data.	
  
¤  DT-­‐10% 	
  :	
  data	
  counterfei*ng	
  +	
  DT	
  training	
  	
  on	
  10%	
  ID	
  data.



