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• Train	  an	  independent	  POS	  
tagger	  

• Use	  predicted	  POS	  tags	  as	  
sparse	  features	  

Prior	  methods	  on	  using	  POS	  tags:	  
Tradi4onal	  stacking	  (Pipeline)	  
(Alber+’15,	  Weiss’15,	  Chen’14)
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• Stack-‐propaga+on:	  Replace	  discrete	  
POS	  features	  with	  hidden	  layer	  
ac+va+ons	  of	  a	  tagger

• Advantages:	  
✦ Joint	  training	  for	  parsing	  and	  tagging	  
✦ Robust	  to	  POS	  errors	  
✦ Be`er	  feature	  representa+ons	  than	  

discrete	  POS	  features

78.9

76.2

Ballesteros,	  2015 Ours

Averaged	  LAS	  on	  UD	  Treebank

ac+va+ons
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• Shared	  component:	  tagger	  except	  for	  soamax	  layers

• Two	  networks:	  a	  parser	  and	  a	  tagger
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Hidden	  layer	  ac+va+ons	  
(ReLU)	  as	  con+nuous	  features	  
for	  parsing
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• Transi+on-‐based	  NN	  parser	  (Weiss’15,	  Chen’15)	  stacked	  on	  hidden	  
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layer	  ac+va+ons	  
(con+nuous	  features)

• Share	  word	  embedding	  
parameters	  of	  the	  tagger	  and	  
parser	  

• Reduce	  model	  parameters	  by	  
about	  a	  half

• More	  complex	  architecture	  aaer	  unrolling	  parser	  transi+ons

Tagger	  Network
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• Upda+ng	  schema	  
✦ Tagging:	  update	  tagger	  
✦ Parsing:	  update	  parser	  &	  tagger	  except	  
for	  soamax
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• Transi+on	  system	  
✦ Arc-‐standard	  with	  greedy	  decoding	  
✦ Excep+on	  for	  Dutch,	  adding	  SWAP	  ac+on

• Word	  embeddings	  
✦ No	  pre-‐trained	  embeddings	  for	  UD	  
✦ Pre-‐trained	  embeddings	  for	  WSJ



Baselines
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• Transi+on-‐based	  NN	  system	  with	  greedy	  decoding	  
✦ D’15	  W-‐LSTM	  (Dyer’15):	  word-‐based	  LSTM	  
✦ B’15	  C-‐LSTM	  (Ballesteros’15):	  character-‐based	  LSTM	  
✦ A’15	  Joint	  (Alber+’15):	  joint	  parsing	  &	  tagging	  system	  

• Graph-‐based	  system	  
✦ RBGParser	  (Lei’14,	  Zhang’14):	  state-‐of-‐the-‐art	  graph-‐based	  parser



Results	  on	  Universal	  Dependencies

20

70

72.5

75

77.5

80
78.9

76.2

B’15 C-LSTM Ours

Averaged	  Labeled	  A>achment	  Score	  (LAS)	  on	  19	  Languages

2.7



Results	  on	  Universal	  Dependencies

21

Averaged	  Labeled	  A>achment	  Score	  (LAS)	  on	  19	  Languages

1.3

RBGParser
70

72.5

75

77.5

80
78.9

77.6

76.2

B’15 C-LSTM Ours



Results	  on	  Universal	  Dependencies

22

Averaged	  Labeled	  A>achment	  Score	  (LAS)	  on	  19	  Languages

RBGParser
70

72.5

75

77.5

80
78.9

77.377.6

76.2

B’15 C-LSTM OursOurs w/o POS



Stackprop	  vs.	  Joint	  Modeling

23

70

72.25

74.5

76.75

79 78.9

76.6

A’15 Joint Ours

Averaged	  LAS	  on	  19	  Languages

• Our	  learned	  representa+ons	  are	  be`er	  than	  discrete	  feature	  vectors
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• More	  gains	  when	  only	  coarse	  tags	  are	  available
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Heterosexuals	  	  	  increasingly	  	  	  	  	  back	  	  	  	  	  	  	  	  gay	  	  	  	  	  	  	  	  marriage
nsubj            advmod         advmod     amod          dobj

NOUN              ADV            ADV         ADJ         NOUN
Tree	  by	  a	  pipeline	  model	  

nsubj            advmod         root         amod          dobj
Heterosexuals	  	  	  increasingly	  	  	  	  	  back	  	  	  	  	  	  	  	  gay	  	  	  	  	  	  	  	  marriage

NOUN              ADV            ADV         ADJ         NOUN
Tree	  by	  Stackprop	  model	  

• 10.9%	  LAS	  gain	  (34.1%	  vs	  45.0%)	  on	  tokens	  with	  wrong	  POS	  tags
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• Modeling:	  we	  present	  a	  stacking	  neural	  network	  model	  for	  
dependency	  parsing	  and	  tagging

• Performance:	  our	  model	  outperforms	  all	  baselines	  when	  evaluated	  
on	  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.
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