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Overview

• A log-linear model over aligned parse trees

• Training with latent tree alignments

• Improvements from joint parsing
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φ(t, a, t′)Feature function:

Log-linear model:
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log P (t|s)

log P (t′|s′)

“Default” is to use output of baseline parsers
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Tree Candidates

• New Problem:

• Large number of candidate pairs
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Training Set Pruning

• Solution:  Pruning the candidate lists

• Start with ranked candidates from baseline parser

• Find gold tree

• Add    more

• Do same on target side

• Restrict sum to tree pairs in intersection

ε
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Approximating Sum over Alignments

• Problem:

• Solution:

• Replace summation with maximization

P (t, t′|s, s′) ≈ maxa exp(w"φ(t, a, t′))∑
(t,t′)∈(T,T ′) maxa exp(w"φ(t, a, t′))
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Machine Translation Experimental Setup

• Syntax-based MT:

 Translation rules derived from target-side trees 
(Galley et al, 2004; 2006)

• Comparison:

 Target trees from monolingual parser
vs

Target trees from joint parser 

• Remaining data is identical
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Conclusions

• Bilingual constraints can be leveraged to improve 
parse quality

• Parsing gets better

• In-domain Chinese F1 improves by 1.8

• Out-of-domain English F1 improves by 2.5

• Downstream machine translation gets better

• BLEU improves by 2.4
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