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An Example Syntax-Based Translation
New Arabic v5.1 base system - sentence 211 Generated by Jens-S. Vöckler 2008-04-10 21:29 2

New Arabic v5.1 base system - sentence 211
foreign:
tac-lang: urfD albaz aladla’ baá tSryHat fur uSulh alá almqaT‘e .
bckwltr: wrfD AlbAz AlAdlA’ bAY tSryHAt fwr wSwlh AlY AlmqATEp .

Tune.nw.0: al @-@ baz declined to make any statements upon his arrival in the province .
Tune.nw.1: al @-@ baz refused to give any statements on arriving at al @-@ muqataah .
Tune.nw.2: immediately upon his arrival in the area , al @-@ baz declined to give any statements .
Tune.nw.3: al @-@ baz refused to make any statement upon his arrival at the moqata’ah .
1-best: al @-@ baz declined to give any statements upon his arrival in the province .

[ara-tune4600:211] 1-best Dot Product
feature weight value product

derivation-size 0.41 8 3.30
glue-rule 3.89 2 7.78
green -0.08 0 0
gt_prob 0.40 36.18 14.43
identity -9.97 0 0

is_lexicalized -0.65 6 -3.91
lex_pef 1.02 5.47 5.60
lex_pfe 0.31 4.44 1.39
lm1 1 22.76 22.76

lm1-unk 30.08 0 0
lm2 0.74 26.66 19.79

lm2-unk -39.18 0 0
missingWord -1.29 0 0
model1inv 1.02 10.60 10.81
model1nrm 1.35 11.29 15.22

nonmonotone 4.17 0 0
olive 1.95 0 0
psm1n 0.50 24.65 12.30

text-length -3.87 15 -58.05
trivial_cond_prob 0.41 3.34 1.38

unk-rule 19.28 0 0
reported totalcost 52.82 v⃗ · w⃗ 52.82

Arabic source sentence:
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Large-Context Alignment Challenges

Gracias
,
lo
haré
de
muy
buen
grado
.

Goal:  Model multi-word structures during alignment

Challenge
• Capture context 

• Compose phrases

1

2

P(gracias|you)
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• Jointly infer phrase 

boundaries and 
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on both languages
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�(lo haré, I will do it)
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Paradigm:

Optimization: Explain all translations with shared parameters
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Performance Results

Translation performance in a phrase-based system (Moses)
for Spanish-to-English parliamentary proceedings (Europarl)

Translation 
quality (BLEU)
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31

30.129.8

Word-level baseline
Phrase-level model  [DeNero et al.  EMNLP ’08]*

0
2
4
6

3.1
4.4Millions of 

phrase pairs

Higher is 
better

Lower is 
cheaper

* John DeNero,  Alex Bouchard-Côté, and Dan Klein.  Sampling Alignment Structure 
under a Bayesian Translation Model, EMNLP 2008.
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Experimental Results

Unsupervised word model baseline
Supervised word model [Haghighi, Blitzer, DeNero, and Klein.  ACL ’09]*
Composed Phrase Pair Model [DeNero and Klein. In submission]**

** John DeNero and Dan Klein.  Supervised Modeling of Extraction Sets for Machine Translation, in submission.

* Aria Haghighi, John Blitzer, John DeNero, and Dan Klein.  Better Word Alignments with Supervised ITG Models, ACL 2009.  

55

65

75

71.668.4
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Coarse-to-Fine Translation

1 Apply a subset of the grammar 
with only small rules

2 Prune away unlikely portions of 
the search space

Apply the full translation 
grammar to the pruned space

3

Mi dormitorio nuevo no es ni grande ni pequeño



Experimental Results

* John DeNero, Adam Pauls, Mohit Bansal, and Dan Klein.  Efficient Parsing for Transducer Grammars, NAACL 2009.

Baseline

+Optimization

+Transformation

+Coarse-to-Fine

0 75 150 225 300

50

104

181

264

5x speed-up with the largest translation grammars in use today 
(ISI Syntax-Based MT System) [DeNero et al.  NAACL ’09]*

Minutes required to analyze a 300 sentence test set
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I {will, shall} do it
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“I shall”
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Single System Translation Results

Translation quality in ISI’s Full-Scale 
Arabic-to-English Hierarchical Translation System

Translation Quality (BLEU)

50

51

52

53
53.0

52.252.0

Model-Only Baseline
Consensus from a List  [DeNero et al.  ACL ’09]*
Consensus from a Forest  [DeNero et al.  ACL ’09]*

* John DeNero, David Chiang, and Kevin Knight. Fast Consensus Decoding over Translation Forests,  ACL 2009.
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I will do it later

0.96 0.99 0.57 0.44 0.30 0.00

0.94 0.92 0.81 0.67 0.11 0.09
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Q: How do we combine different models?

Models Which 
model?

Phrase 
lengths

Expected 
counts

Model 
score

Length

A: Train a linear consensus model scoring a derivation d:

I�

i=1

�
w(�)

i �i(d) +
4�

n=1

w(n)
i v(n)

i (d)

�
+ w(b) · b(d) + w(�) · �(d)

Q: What output sentences are considered?

A: The union of output spaces of models:
R

Rpb Rh



Multi-System Translation Results

 Google’s Full-Scale Research Translation 
System for Arabic-to-English

Translation quality (BLEU)

42

43

44

45

46

45.3

43.9

Best Single-System Model-Only Baseline
Multi-System Forest-Based Consensus [DeNero et al.  NAACL ’10]*

* John DeNero, Shankar Kumar, Ciprian Chelba, and Franz Och. 
Model Combination for Machine Translation,  NAACL 2010.
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Choose a 
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Statistical models provide 
distributions over outputs

Leveraging those distributions 
improves performance

Compact representations can 
enable large-scale computation



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

[DeNero et al.  NAACL ’09][DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

Compact encodings

Full distributions

[DeNero et al.  NAACL ’09] [DeNero et al.  ACL ’09]

[DeNero et al.  NAACL ’10]

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

Compact encodings

Full distributions

[DeNero et al.  NAACL ’09] [DeNero et al.  ACL ’09]

[DeNero et al.  NAACL ’10]

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]

Are we 
done yet?



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

Compact encodings

Full distributions

[DeNero et al.  NAACL ’09] [DeNero et al.  ACL ’09]

[DeNero et al.  NAACL ’10]

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]

Are we 
done yet?

• Morphology in alignment modeling



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

Compact encodings

Full distributions

[DeNero et al.  NAACL ’09] [DeNero et al.  ACL ’09]

[DeNero et al.  NAACL ’10]

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]

Are we 
done yet?

• Morphology in alignment modeling

• Unsupervised composed phrase learning



Summary of  Translation Research

Learn a 
model

Apply the 
model

Choose a 
translation

Non-parametric models

Large-context models Coarse-to-fine

Compact encodings

Full distributions

[DeNero et al.  NAACL ’09] [DeNero et al.  ACL ’09]

[DeNero et al.  NAACL ’10]

[DeNero et al.  EMNLP ’08]

[DeNero & Klein.  ACL ’10]

Are we 
done yet?

• Morphology in alignment modeling

• Unsupervised composed phrase learning

• Adding information to consensus models
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