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Parsing Complexity 
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We	
  show	
  
•  Analysis	
  on	
  average	
  parsing	
  complexity	
  
•  A	
  simple	
  inference	
  algorithm	
  based	
  on	
  the	
  analysis	
  



Our Approach 

8	
  

Our	
  	
  	
  	
  	
  	
  
Approach	
  

Inference	
  

Scoring	
  
Func.on	
  

Approximate	
  

Exact	
  

Limited	
   Expressive	
  

Minimum	
  
Spanning	
  Tree	
  

Reranking	
  

Dual	
  
DecomposiKon	
  

•  Reranking:	
  incorporate	
  arbitrary	
  features	
  
•  Dual	
  DecomposiKon:	
  search	
  in	
  full	
  space	
  



Core Idea 

•  Climb	
  to	
  the	
  opKmal	
  tree	
  in	
  a	
  few	
  small	
  greedy	
  steps	
  

9	
  

1)  Randomly	
  sample	
  a	
  dependency	
  tree	
  
2)  Greedily	
  improve	
  the	
  tree	
  one	
  edge	
  at	
  a	
  Kme	
  

3)  Repeat	
  (2)	
  unKl	
  converge	
  

Randomized	
  Hill-­‐climbing	
  

For	
  k	
  =	
  1	
  to	
  K	
  

Select	
  the	
  tree	
  with	
  the	
  highest	
  score	
  	
  



Core Idea 

•  Climb	
  to	
  the	
  opKmal	
  tree	
  in	
  a	
  few	
  small	
  greedy	
  steps	
  

10	
  

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	
  	
  



It Works! 

11	
  

89.44%	
  

88.73%	
  

Our	
  Full	
  

Turbo	
  

Parsing	
  Performance	
  on	
  CoNLL	
  Dataset	
  

Dual	
  
Decomposi;on	
  



12	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

Example 



13	
  

today 

apple 

I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

Initial tree
Example 



14	
  

today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  
Target tree

Initial tree
Example 



15	
  

today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

Target tree

Initial tree
Example 



16	
  

today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

Target tree

Example 



17	
  

today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

Target tree

Example 



18	
  

today 

apple 

I 

ate 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an 

Target tree

Example 



19	
  

today 

apple 

I 

ate 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an 

Target tree

Example 



20	
  

today 

apple 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an I 

ate 

Target tree

Example 



21	
  

today 

apple 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an I 

ate 

Target tree

Example 



22	
  

today 

apple 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an I 

ate 

Target tree

Example 



23	
  

today 

apple 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

an I 

ate 

Target tree

Example 



24	
  

today 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

an 

ate 

today 

apple 

I 

ate 

apple 

an 

Target tree

Example 



25	
  

today 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

“	
  I	
  ate	
  an	
  apple	
  today”	
  

I 

ate 

apple 

an 

Target tree

Example 



26	
  

Reachability:	
  transforming	
  any	
  tree	
  to	
  any	
  other	
  tree	
  

•  maintaining	
  the	
  structure	
  a	
  valid	
  tree	
  at	
  any	
  point	
  

•  using	
  as	
  few	
  as	
  d	
  steps	
  (d	
  :	
  head	
  differences/hamming	
  distance)	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

y(0) y(T )

Why Greedy Has a Chance to Work 



27	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

y(0) y(T )increase	
  S(x, y(t ) )

Greedy Hill-climbing 



28	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

y(0) y(T )increase	
  S(x, y(t ) )

Greedy Hill-climbing 

Arbitrary	
  features	
  in	
  the	
  scoring	
  func;on	
  



29	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

y(0) y(T )

tree	
  y

score	
  S

local	
  opKmum	
  

global	
  opKmum	
  

increase	
  S(x, y(t ) )

Challenge: Local Optimum 



tree	
  y

score	
  S

Hill-climbing with Restarts 

30	
  Overcome	
  local	
  opKma	
  via	
  restarts	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  



31	
  

Hill-climbing with Restarts 

Random	
  
iniKalizaKon	
  
(e.g.	
  uniform)	
  

……	
  
max	
  

……	
  

Overcome	
  local	
  opKma	
  via	
  restarts	
  

……	
  today 

apple 

I 

ate 

an 

ROOT	
  

today apple I 

ate 

an 

ROOT	
  

y(0)

y(0)

y(0)

y(T )

y(T )

y(T )

Hill-­‐climbing	
  



Learning Algorithm 

•  Follow	
  common	
  max-­‐margin	
  framework	
  

32	
  

∀y ∈ T (x) S(x, ŷ) ≥ S(x, y)+ | ŷ− y |−ξ

§  	
  	
  	
  	
  	
  is	
  the	
  gold	
  tree	
  ŷ
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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 

58	
  

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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•  Score	
  normalized	
  by	
  the	
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  score	
  in	
  3000	
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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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