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Motivation

Current MT Output   
by treelet MT (Quirk et al 05)

Goal: better word forms

Better MT output for morphologically rich languages

Our Approach

• Build an independent model to inflect words

• Inflect the n-best output of the baseline system

• Works both with treelet and phrasal MT systems

Inflection Prediction Model Integrating Inflection Prediction models 

with MT systems
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• Result: better in both BLEU and human evaluation
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Task: Given a sequence of stems, predict word inflection

Model: Maximum Entropy Markov Model
, 

)(, tInflectionyt 

tx = context at position t, obtained from the linguistic 

annotation (provided by the treelet MT system)
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Sample features
RUS: [PrevStem=x, Case_Inflection=y]

[AlignedWords=“will”, Tense_Inflection=future]

ARA:  [Conj(AlignedWords)=true, Conj_inflection=“و”]

[POS=NOUN & POS(NextStem)=NOUN, 
Det_inflection=true]

Accuracy on Reference translation

Studied 3 methods of integration
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Results: English-Russian w/ treelet system

*treelet systems have smaller phrase 

(treelet) size and more aggressive 

pruning than phrasal system

To what extent should the translation problem be factored into the 

sub-problems of predicting stems and predicting inflections?

(1) No factoring: the base MT system predicts fully inflected forms

(2) Factor in translation but not in alignment: align using inflected 

target, then stem and train the base MT system to predict stems

(3) Factor in translation and alignment: align and train base MT 

system using stemmed target sentences
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Data: computer manual domain

(# sentence pairs)

Results: English-Arabic w/ treelet system
Results: English-Russian w/ phrasal system
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Human evaluation on treelet*

1: our model output is better 

-1: baseline output is better
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