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Motivation

• John loves Mary

• State-of-the-art performance: ~90%
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Motivation (cont.)

• Analysts noted yesterday that Cray Research's decision to link its 
$98.3 million promissory note to Mr. Cray's presence will complicate 
a valuation of the new company. "It has to be considered as an 
additional risk for the investor," said Gary P. Smaby of Smaby Group 
Inc., Minneapolis. "Cray Computer will be a concept stock," he said. 
"You either believe Seymour can do it again or you don't.“ (WSJ)

• This study demonstrates that IL-8 recognizes and activates CXCR1, 
CXCR2, and the Duffy antigen by distinct mechanisms. The molar 
ratio of serum retinol-binding protein (RBP) to transthyretin (TTR) is 
not useful to assess vitamin A status during infection in hospitalised 
children. (Miyao et al., 2009)

• Did I what – uh, did I – uh, well, let me think. Uh, yeah, now sure, 
yeah, sure – I, uh, drove the, uh, uh, the Kennebec River one – no, it 
was one spring, yes. (speech transcripts)
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Outline
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Related Work

• Parser Accuracy Prediction (Ravi et al., 
2008*)
– One parser (Charniak Parser)
– WSJ+Brown
– Rich features

* Sujith Ravi, Kevin Knight, and Radu Soricut. 2008. Automatic 
Prediction of Parser Accuracy. EMNLP 2008.
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Statistical Measures

• Average Sentence Length (ASL)

• Unknown Word Ratio (UWR)
– Token-based vs. Type-based

• Unknown Part-of-Speech Trigram Ratio 
(UPR)
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Candidate Parsers (1)

• Dan Bikel’s Parser (DBP)
– Open source multilingual parsing engine
– Collins parsing model II (Collins, 1997)

• Stanford Parser (SP)
– Unlexicalized probabilistic Context-Free Grammar 

(PCFG) parser
– Features from closed-class words, instead of lexical 

class words
– Either monolexical or bilexical probabilities
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Candidate Parsers (2)

• MST Parser (MST)
– Graph-based dependency parser
– Maximum spanning tree from dependency 

graph

• Malt Parser (MALT)
– Transition-based dependency parser
– Actions deterministically predicted by an 

oracle
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Candidate Parsers (3)

• ERG+PET Parser (ERG)
– A large scale hand-crafted HPSG grammar 

(ERG)
– Language independent unification-based 

efficient parser (PET)
– Disambiguation model is trained on part of 

WSJ (2 sections)
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Experiments

• Datasets
– Penn Treebank Brown sections
– 18.9 (avg) tokens * 24243 sentences
– 250 (avg) sentences * 97 datasets
– Five parsers mentioned before

• Results
– Available online: http://www.coli.uni-

saarland.de/~yzhang/files/domain-ki09.tgz
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Evaluation Metrics

• Constituent-based PCFG parsers (DBP and SP)
– Labeled bracketing F-score

• Dependency parsers (MST and MALT)
– Labeled attachment score

• HPSG Parser (ERG)
– Map the output into dependency representation and 

use unlabeled attachment score



KI 2009, Paderborn, Germany 13

Results (1) – Average Sentence Length (ASL)

MST

MALT

DBP

SP

ERG
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Results (2) – Unknown Word Ratio (UWR)

DBP SP

ERG

• DBP vs. SP
– Lexicalized vs. Unlexicalized

• ERG
– Hand-crafted lexicon (vs. WSJ)
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Results (2) –UWR (cont.)

MST MALT

• Dependency Structure vs. Phrase Structure (Constituent-
based)

• Graph-based vs. Transition-based
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Results (4) – Unknown POS Ratio (UPR)

MST

MALT

DBP

SP

ERG
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Results (5) – UPR (cont.)

• Lexicalized vs. 
Unlexicalized

• Hand-crafted Syntactic 
Construction (vs. learning)

DBP

SP
ERG
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Results (6)

• Correlation

• Summary
– All the parsers are sensitive to UWR
– Dependency Parsers and Unlexicalized Parsers are 

sensitive to UPR; while the Lexicalized Parsers are 
sensitive to ASL

0.81020.69610.61240.59800.6509Correlation

ERGMALTMSTSPDBP
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Conclusion

• Different parsing models are sensitive to 
different characteristics of the datasets
– Lexicalized vs. Unlexicalized
– Constituent-based vs. dependency-based
– Statistical vs. hand-crafted
– …

• Measures of the datasets
– Cheap to acquire
– Quite good indicators
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Future Work

• Multilinguality

• More measures
– More combinations

• Parser performance prediction
– Cf. Ravi et al. (2008)
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