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Parsing Complexity 

•  High-‐order	  parsing	  is	  NP-‐hard	  (McDonald	  et	  al.,	  2006)	  
•  Hypothesis:	  parsing	  is	  easy	  on	  average	  
•  Many	  NP-‐hard	  problems	  are	  easy	  on	  average	  

- MAX-‐SAT	  (Resende	  et	  al.,	  1997)	  
- Set	  cover	  (Hochbaum,	  1982)	  
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We	  show	  
•  Analysis	  on	  average	  parsing	  complexity	  
•  A	  simple	  inference	  algorithm	  based	  on	  the	  analysis	  
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1)  Randomly	  sample	  a	  dependency	  tree	  
2)  Greedily	  improve	  the	  tree	  one	  edge	  at	  a	  Kme	  

3)  Repeat	  (2)	  unKl	  converge	  

Randomized	  Hill-‐climbing	  

That’s	  it!	  

For	  k	  =	  1	  to	  K	  

Select	  the	  tree	  with	  the	  highest	  score	  	  
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Learning Algorithm 

•  Follow	  common	  max-‐margin	  framework	  
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∀y ∈ T (x) S(x, ŷ) ≥ S(x, y)+ | ŷ− y |−ξ

§  	  	  	  	  	  is	  the	  gold	  tree	  ŷ



Learning Algorithm 

•  Follow	  common	  max-‐margin	  framework	  

•  Adopt	  passive-‐aggressive	  online	  learning	  framework	  (Crammer	  et	  
al.	  2006)	  	  

•  Decode	  with	  our	  randomized	  greedy	  algorithm	  	  
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Search Space Complexity: First-order 

Theorem:	  For	  any	  first-‐order	  scoring	  funcKon:	  

•  there	  are	  at	  most	  2n-‐1	  locally	  opKmal	  trees	  

•  this	  upper	  bound	  is	  .ght	  

2n-‐1	  is	  sKll	  a	  lot,	  but	  it	  is	  the	  worst	  case	  

What	  about	  the	  average	  case?	  
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Algorithm for Counting Local Optima 

The	  method	  is	  based	  on	  Chu-‐Liu-‐Edmonds	  algorithm	  	  
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•  Select	  the	  best	  heads	  independently	  
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•  Contract	  the	  cycle	  and	  recursively	  count	  the	  local	  opKma	  
Ø 	  	  Any	  local	  opKmum	  exactly	  reassigns	  one	  edge	  in	  the	  cycle	  
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Empirical Results: First-order 

How	  many	  local	  opKma	  in	  real	  data?	  
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Empirical Results: First-order 
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Empirical Results: First-order 
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Empirical Results: First-order 
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Empirical Results: High-order 
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Experimental Setup 
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Implementa;on	  

§  AdapKve	  restarKng	  strategy	  with	  	  

Datasets	  
§  14	  languages	  in	  CoNLL	  2006	  &	  2008	  shared	  tasks	  

Features	  

§  Up	  to	  3rd-‐order	  (three	  arcs)	  features	  used	  in	  MST/
Turbo	  parsers	  

§  Global	  features	  used	  in	  re-‐ranking	  

K = 300



Baselines and Evaluation Measure 
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Baselines:	  
§  Turbo	  Parser:	  Dual	  DecomposiKon	  with	  3rd-‐order	  

features	  (MarKns	  et	  al.,	  2013)	  

§  Sampling-‐based	  Parser:	  MCMC	  sampling	  with	  global	  
features	  (Zhang	  et	  al.,	  2014)	  

Evalua;on	  Measure:	  

§  Unlabeled	  Amachment	  Score	  (UAS),	  without	  punctuaKons	  
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Impact of Restarts 
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Convergence Property 
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•  Score	  normalized	  by	  the	  highest	  score	  in	  3000	  restarts	  	  

0 100 200 300 400 500
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e

 

 

Len ≤ 15
Len > 15

Convergence	  Analysis	  on	  English	  



Trade-off between Speed and Performance 
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Decoding	  Speed	  on	  English	  
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Conclusion 

•  Analysis:	  we	  invesKgate	  average	  case	  complexity	  of	  parsing	  
	  
•  Algorithm:	  we	  introduce	  a	  simple	  randomized	  greedy	  
inference	  algorithm	  

	  

	  Source	  code	  available	  at:	  
hSps://github.com/taolei87/RBGParser	  
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Thank	  You!	  
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