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• Transi+on-­‐based	
  NN	
  system	
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  greedy	
  decoding	
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  &	
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• Graph-­‐based	
  system	
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  (Lei’14,	
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  state-­‐of-­‐the-­‐art	
  graph-­‐based	
  parser
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  19	
  languages	
  of	
  the	
  UD	
  treebank	
  and	
  outperforms	
  other	
  greedy	
  
models	
  on	
  the	
  WSJ

• Opportuni4es	
  and	
  Challenges:	
  we	
  hope	
  to	
  apply	
  this	
  stacking	
  idea	
  
to	
  other	
  structures	
  and	
  NLP	
  problems.



Thank	
  You!
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