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e How to find the best alignment under our model?
= Use tree for features and to guide search
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o If we do all this, are we expressive enough?
e Yes.We can model 98.8% of all alignments.

e Last 1% due to lower recall from
approximation during initialization
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» Syntax-based MT (Galley et al. 04, 06; Marcu et al. 06)
» Composed rules (12M vs. 17M)
» 5-gram randomized LM (Talbot and Brants, 08)
» Held-out test set from NIST ‘04,06 test corpora

e Baseline Alignments:
» GIZA++, Model 4, grow-diag-final symmetrization
» GIZA++, Model 4, union symmetrization
» 50 million words
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‘/ Lexical, syntactic and structural features
‘/Difﬁcult to capture in generative alignment models

‘/Lccal and nonlocal features

32



Hierarchical Alignment



Hierarchical Alignment

e SEARCH



Hierarchical Alignment

e SEARCH

‘/Tree provides natural structure to guide the search



Hierarchical Alignment

e SEARCH

‘/Tree provides natural structure to guide the search

‘/Cube pruning natural approximation to exact search

33



Hierarchical Alignment

e SEARCH

‘/Tree provides natural structure to guide the search

‘/Cube pruning natural approximation to exact search

vV Take advantage of well-studied ideas from parsing
and decoding

33



Hierarchical Alignment

e SEARCH

‘/Tree provides natural structure to guide the search

‘/Cube pruning natural approximation to exact search

vV Take advantage of well-studied ideas from parsing
and decoding

‘/O(n) after initialization
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Hierarchical Alignment

e EXPRESSIVENESS

v/ Many-to-many alignments

J Fits 99% of the data
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Hierarchical Alignment

mp Accurate alignments (+6.3 F-measure)

m) Better translations (+1.1 BLEU)
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