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•  Mul9lingual	
  transfer	
  improves	
  unsupervised	
  parsing	
  performance	
  even	
  in	
  the	
  
absence	
  of	
  parallel	
  data	
  

	
  

	
  
	
  
	
  

	
  
	
  
	
  

•  Automa9ze	
  feature	
  engineering	
  with	
  tensor	
  scoring	
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Manual	
  features:	
  
Heavy	
  engineering	
  

Tensor	
  scoring	
  w/o	
  	
  
prior	
  knowledge:	
  
invalid	
  features	
  

Our	
  goal:	
  tensor	
  scoring	
  	
  
with	
  prior	
  knowledge	
  

Automa'c	
  feature	
  representa'on	
  

•  Tensor	
  scoring	
  captures	
  all	
  feature	
  combina9ons	
  

•  Tensor	
  scoring	
  alleviates	
  the	
  parameter	
  explosion	
  problem	
  via	
  a	
  
low-­‐rank	
  assump9on	
  
§  Projec9ng	
  sparse	
  feature	
  vectors	
  into	
  dense	
  r-­‐dimensional	
  

embeddings	
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•  Directly	
  capture	
  all	
  feature	
  combina9ons	
  

•  Invalid	
  feature	
  combina9ons	
  

	
  

•  Issue:	
  consider	
  interac9on	
  at	
  the	
  same	
  subset	
  
of	
  atomic	
  features	
  (e.g.	
  head	
  POS).	
  

•  Solu9on:	
  avoid	
  such	
  construc9on	
  via	
  a	
  
hierarchical	
  tensor	
  scoring	
  structure	
  

typology=Adj-N, head_POS=Verb, mod_POS=Noun
•  Adj-­‐N	
  indicates	
  the	
  ordering	
  preference	
  of	
  an	
  

Adj-­‐Noun	
  arc,	
  not	
  a	
  Verb-­‐Noun	
  arc.	
  

Hierarchical	
  Tensors:	
  

Algebraic	
  Equivalence:	
  

typology	
  
features	
  

head	
  POS	
  

mod	
  POS	
  

direc9on	
  

feature	
  
embeddings	
   ⊕

•  Opera9on:	
  element-­‐wise	
  sum	
  
•  Avoid	
  invalid	
  interac9ons	
  

label	
  

⊗

•  Opera9on:	
  element-­‐wise	
  product	
  
•  Capture	
  feature	
  interac9on	
  at	
  various	
  
subset	
  of	
  atomic	
  features	
  as	
  in	
  
standard	
  tensors	
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•  The	
  weight	
  of	
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•  Typological	
  features	
  [5]	
  
§  Inspired	
  by	
  [2]	
  and	
  [3]	
  
§  Include	
  arc	
  labels	
  

Explicitly	
  avoid	
  invalid	
  feature	
  groupings!	
  

Feature Description

82A Order of Subject and Verb
83A Order of Object and Verb
85A Order of Adposition and Noun Phrase
86A Order of Genitive and Noun
87A Order of Adjective and Noun•  Tradi9onal	
  features	
  

§  Linear	
  scoring	
  features:	
  following	
  MST	
  Parser	
  
§  Tensor	
  scoring	
  features:	
  POS	
  tags,	
  labels,	
  direc9ons	
  and	
  

distances	
  etc.	
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•  Dataset:	
  mul9lingual	
  universal	
  
dependency	
  treebank	
  v2.0	
  [6]	
  
§  10	
  languages	
  	
  

•  Results:	
  
§  Unsupervised:	
  no	
  sentence	
  in	
  target	
  

language	
  
§  Semi-­‐supervised:	
  50	
  sentences	
  in	
  

target	
  language	
  

•  Findings:	
  
§  Our	
  model	
  achieves	
  best	
  UAS	
  and	
  

LAS	
  on	
  7	
  out	
  of	
  10	
  languages	
  
§  On	
  average,	
  our	
  model	
  outperforms	
  

variants	
  of	
  baselines	
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  Code:	
  heps://github.com/yuanzh/TensorTransfer	
  

typology=Adj-N, head_POS=Verb, mod_POS=Noun

typology=Subj-Verb, head_POS=Verb, label=obj


