
Background  
Previous efforts on language models in statistical 
machine translation can be roughly categorized 
into two directions 

   large language models: 

•   built on billions or trillions of words in a 
distributed manner 

•   yield better results but at the cost of huge 
storage and high computation  

   syntax-based language models: 

•   trained on syntactic parse trees (constituent 
trees of dependency trees) 

•   capture long-distance dependencies 

   Model 

 

   Training  

•   invert the order in each sentence in the 
training data 

•   then use any language tools to train the 
backward language model on the inverted 
training data 

   Decoding 

•   Three functions  

•  CKY decoding with BTG rules 

•  Standard phrase-based decoding 

•  LM probability update theories  

   Model 

•   Trigger pair: an ordered 2-tuple (x, y) 

•  x  y 

•   Pointwise mutual information 

•  Trigger Model 
 

 

 

   Training 

•   PMI is calculated by the MLE method 

•   The distance between x and y must be larger 
than n-1 

•  The co-occurrence count of (x, y) must be > 
10 

• We only keep the trigger pair whose PMI 
value is positive (>0) 

 

   Decoding 

Experiments  

   Experimental setup 

•  Baseline: a BTG-based system (Xiong et al., 
2006) 

•  bilingual training data: nearly 100M words 

•   5-gram LMs (forward/backward) trained on 
Xinhua section of Gigaword  corpus (306M 
words) 

•  NIST MT-03/MT-04&05 as dev set and test 
sets respectively  

 

   Results 

    Examples 
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Our Method  
Learn additional information from training data to 
capture richer contexts and long-distance 
dependencies without resorting any linguistic 
resources such as a syntactic parser. 

 

We enhance conventional language models with:  

   backward language model:  to capture   
succeeding contexts 

   MI trigger model: to capture long-distance 
dependencies 

Although these two techniques have been 
explored in previous work on ASR and SMT, we 
are the first to tightly integrate both into the SMT 
decoding process rather than after-decoding 
process (such as rescoring or reranking). 

Conclusions  
   The BLM and MI trigger model collectively achieve up to 1 BLEU point on Chinese-English translation 

   Both BLM and MI trigger model are able to capture useful information to improve translation quality 


