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and	
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  and	
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  non-­‐linear	
  
adjustment
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Learning

• Parameters:	
  

• Op1miza1on	
  method:	
  standard	
  Expecta1on-­‐Maximiza1on	
  (EM)	
  

✦ E-­‐step:	
  forward-­‐backward	
  

✦ M-­‐step:	
  gradient	
  ascent	
  using	
  L-­‐BFGS	
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Experimental	
  Setup

• Datasets:	
  	
  Universal	
  Dependencies	
  Treebanks	
  v1.2	
  
✦ Source:	
  English	
  
✦ Target	
  (Indo-­‐European):	
  Danish	
  (da),	
  German	
  (de),	
  Spanish	
  (es)	
  
✦ Target	
  (non-­‐Indo-­‐European):	
  Finnish	
  (fi),	
  Hungarian	
  (hu),	
  

Indonesian	
  (id)	
  

• Universal	
  tagset:	
  14	
  tags	
  (noun,	
  verb,	
  adjec1ve	
  etc.)	
  

• Word	
  embeddings:	
  20-­‐dimension	
  vectors	
  trained	
  on	
  Wiki	
  dumps	
  
using	
  word2vec
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Indo-­‐European	
  Results
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  Results
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  =	
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  with	
  large	
  amount	
  of	
  annota1ons
• Transfer+EM	
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  over	
  Direct	
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Conclusion

• Ten	
  transla1on	
  pairs	
  are	
  sufficient	
  to	
  enable	
  mul1lingual	
  
transfer	
  of	
  POS	
  tagging	
  

• Our	
  model	
  significantly	
  outperforms	
  the	
  direct	
  transfer	
  and	
  the	
  
prototype-­‐driven	
  method
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  Source	
  code	
  available	
  at:	
  
h'ps://github.com/yuanzh/transfer_pos	
  



Thank	
  You!
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Impact	
  of	
  Embedding	
  Dimensions	
  and	
  Window	
  Size
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