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Abstract: 
The bilingual language corpus has a great effect on the 

performance of a statistical machine translation system. 

More data will lead to better performance. However, more 

data also increase the computational load. In this paper, we 

propose methods to estimate the sentence weight and select 

more informative sentences from the training corpus and 

the development corpus based on the sentence weight. The 

translation system is built and tuned on the compact corpus. 

The experimental results show that we can obtain a 

competitive performance with much less data. 
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1. Introduction 

Statistical machine translation model heavily relies 

on bilingual corpus. Typically, the more data is used in 

the training and tuning processes, the probabilities and 

parameters we get will be more accurate and lead to a 

better performance. However, massive data will cost 

more computational resources. In some specific 

applications such as the translation system running on a 

smart mobile phone, the computational resource is 

limited and a compact and efficient corpus is expected. 

Normally, we extract probability information from 

the training data and tune the translation parameters on 

the development data. These corpora are the most 

important resources to build an effective translation 

system. For the training data, we need to know how 

many sentences are adequate for the translation system. 

Too many data will increase the computational load and 

reduce the translation speed. We have to keep balance 

between the speed and the performance. For the 

development data, the main problem is how to select the 

most informative sentences to tune the translation 

parameters. Typically, we run the minimum error rate 

training (MERT) on the development data [1]. The 

MERT will search for the optimal parameters by 

maximizing the BLEU score. But what kind of sentence 

pairs is suitable for the MERT is still uncertain. 

In this paper, we describe approaches to select more 
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informative sentences from the corpora. For the training 

data, we estimate weight of sentence based on the phrase 

it contained. The compact training corpus is build 

according to the sentence weight. For the development 

data, we select sentences based on surface feature and 

deep feature, phrase and structure. For both corpora, we 

verify the relationship between size and translation 

performance. 

The remainder of this paper is organized as follows. 

Related work is presented in Section 2. The data 

selection methods for training corpus and development 

corpus are described in Section 3 and Section 4. We give 

the experimental results in Section 5. At last we come to 

the conclusions in Section 6. 

2. Related work 

The previous researches on bilingual corpus mainly 

focused on how to collect more data to construct the 

translation system. Resnik and Smith mined parallel text 

on the web [2]; Snover et al. used the comparable texts 

to improve the translation performance of a MT system 

[3]. 

Some researchers did data selection work on the 

training corpus. Eck et al. selected informative sentences 

based on n-gram coverage [4]. They used the quantity of 

previously unseen n-grams to measure the sentence 

importance. The corpus was sorted according to the 

sentence importance. But they didn’t take the weight of 

n-gram into account. Lü et al. selected sentences similar 

to the test text using TF-IDF [5]. The limitation of this 

method was that the test text must be known first. 

Yasuda et al. used the perplexity to select the parallel 

translation pairs from the out-of-domain corpus. They 

integrated the translation model by linear interpolation 

[6]. Liu et al. selected sentences for development set 

according to the phrase weight estimated from the test 

set, but they have to know the test text first [7]. 

As mentioned above, most previous work focused 

on the training data, a little of work focused on the 

development set. However, we select data for translation 

system both in training set and development set. High 

quality sentence pairs are chosen to construct the 

translation model and tune the translation parameters. 

And we don’t have to know the test text first. 



 

 

3. Data selection for training data 

3.1. Framework 

In order to keep balance between the performance 

and the speed, we have to select the more informative 

sentences from the corpus. First we select a feature from 

the data and take it as the basic unit. We assign weight to 

the basic unit according to the information it contained. 

Second, we estimate the sentence weight based on the 

basic unit’s weight, and we select sentences which can 

cover more information of the entire original corpus to 

build a compact corpus. The translation system is built 

on the compact corpus. The framework of the data 

selection is shown in Figure 1. 
Basic 
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Figure 1. The framework of data selection 

3.2. Data selection method 

In information theory, the information contained in 

a statement is measured by the negative logarithm of the 

probability of the statement [8]. And in the phrase-based 

translation model (PBTM), the phrase is the basic 

translation unit [9]. It is a natural idea to take the phrase 

as the basic unit. First, we need to estimate the weight of 

each phrase, and then we estimate the weight of sentence 

based on those phrases. 

According to the information theory, the 

information contained in a phrase should be calculated 

by formula (1): 

    (1) 

where  is a phrase, and  is the probability of the 

phrase in the corpus. We also take the length of phrase 

into account to construct the weight because longer 

phrase always lead to better performance. The weight of 

phrase is calculated by formula (2): 

    (2) 

where  is the length of the phrase. We use the square 

root of the length because of the data smoothing. In order 

to cover more phrases of the original corpus, we assign 

higher weight to the sentence which has more unseen 

phrases. The weight of sentence is defined by the 

following formula: 

W1(s) =

P
i w(fi)E(fi)

jsj
   (3) 

where  is a sentence, its length is , and  is the 

phrase contained in the sentence. And  is defined 

as follows: 

  (4) 

when the phrase  has occurred in the new corpus, the 

 is 0, otherwise the  is 1. If we only 

consider the new phrases, the longer sentence will tend 

to get higher score because it contains more unseen 

phrases. So we divide the score by the sentence length to 

overcome this problem. This method tends to select 

sentence which contains more unseen phrase. 

We also define another formula to estimate the 

weight of sentence as following: 

W2(s) =

8
><

>:

P
i w(fi)E(fi)
P

i E(fi)
if

P
i E(fi) 6= 0

0 else

 (5) 

In this formula, the sum weights of phrases divided 

by the total number of unseen phrases. This method 

tends to select the sentences which contain the rare 

unseen phrases and ignore the sentence length. 

4. Data selection for development data 

The development corpus is used to tune the 

translation parameters. Normally, we employ the MERT 

on the development set to obtain the optimized 

parameters. But when the development set is in a large 

scale, the MERT often consumes too long time and too 

much computer resources until it converges. It is a 

practical requirement to select appropriate size of 

development set for the MERT. 

The scale of the development corpus is often much 

smaller than the training corpus, so we can extract 

effective features to measure the sentence weight. An 

intuitive idea is if the extracted sentences can cover more 

information of the original development set, the new 

development set will perform better. In our work, we 

mainly focus on two features: phrase and structure. 

4.1. Phrase-based data selection method 

As mentioned above, the phrase is an important 

feature for PBTM. So we take the phrase as the basic 

unit and try to cover more phrases. We call this method 

as phrase-based data selection method (PBDS). We take 

two aspects into account to estimate the weight of phrase: 

the information it contains and the length of the phrase. 

The definition of the phrase weight is just as same as the 

data selection method for training data, see formula (2). 

And the sentence weight is defined as follows. 

WP (s) =

P
f2F w(f)

jsj
   (6) 

where f  is a phrase and F  is the set of all phrases 

contained in the sentence s. 

In this method, we estimate the sentence weight by 

all the phrases contained in the sentence, not just 



 

 

consider the unseen phrases. We only use the phrase 

whose length is not longer than four to avoid the data 

sparseness problem. The new development data is 

selected according to the scores of the sentences. Higher 

score sentence contains more unseen phrases. 

4.2. Structure-based data selection method 

Because the PBDS method only uses the phrase, a 

surface feature, to estimate the sentence weight, we also 

try to use some deep features, such as the sentence 

structure to select the development set.  We name this 

method as structure-base data selection method (SBDS). 

In this method, we want to extract sentences which can 

cover the majority structures of the development set. 

First we parse the entire development corpus into 

phrase-structure trees. Then we extract the subtrees 

contained in the phrase-structure tree, and select 

sentences which can cover more subtrees. In order to 

avoid the data sparseness problem, we use the subtree 

whose depth is between two and four. 

In order to estimate the weight of the subtrees, we 

consider two aspects: depth and information. For a 

subtree , its depth is  and its probability is , 

which is estimated from the development set. The 

information is calculated by formula (7) and the weight 

of subtree is estimated by formula (8). 

    (7) 

    (8) 

Then we can estimate the weight of each sentence 

as follows: 

WS(s) =

P
t2T w(t)

jsj
   (9) 

where  is the set of subtrees contained in the sentence 

, and WS(s) is the score of the sentence estimated by 

the SBDS method. We can select the sentences according 

to their scores. 

5. Experimental results 

In our experiments, we use MOSES as our 

translation engine, and we use the BLEU metrics to 

evaluate the translation results [10]. 

5.1. Results of training data selection 

We did the training data selection experiments on 

Chinese-to-English translation task of the CWMT 2008 

(China Workshop on Machine Translation)
 2

 corpus. We 

randomly extract 20 million words as the original 

training corpus and we randomly select 400 sentences 

from the development set as the test set. We tried four 

methods: a) We select sentences randomly as the 
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baseline; b) We estimate the sentence weight only 

considering the quantity of the unseen phrases. This 

method is called unWP; c) We consider both the quantity 

and weight of the unseen phrase, using formula (3), this 

method is called WP1; d) We calculate the weight of 

sentence using formula  (5), this method is called WP2. 

The BLEU score, recall of words and percentage of 

sentences are presented in Table 1 to Table 3. From the 

results, it is clear that the data selected using our 

methods could cover more phrases and get a better 

performance using small size of data. For example, when 

we use 12 million words as the training corpus, the 

baseline only covers 51.1% words, while the unWP 

method could cover 94.4% words, the WP1 method 

could cover 94.6% words and the WP2 method could 

cover 91.5% words. The word coverage is much higher 

than the baseline. The BLEU score of WP2 method is 

0.2171, 5.62% higher than the baseline 0.1609, even 

higher than the system that using all the available data 

with its score 0.2132. And the corresponding training 

corpora have almost the same quantity of sentences. The 

sentence percentages are 55.7%, 55.2%, 55.8% and 

60.2%, respectively. We use about 60% data to get a 

competitive performance compared to using all the data. 

When we consider the weight of phrase, the system 

can reach a higher performance, especially when the 

training data in small size. And the WP2 performs better 

than the WP1 method. The WP2 method prefers shorter 

sentences and the phrase coverage is litter lower than the 

 

Table 1. BLEU score of translation results 

Words(M) Baseline unWP WP1 WP2 

2 0.1357 0.1614 0.1726 0.1673 

4 0.1384 0.1842 0.1918 0.1863 

6 0.1468 0.1887 0.1955 0.1896 

8 0.1511 0.1947 0.2010 0.2026 

10 0.1532 0.2033 0.2060 0.2114 

12 0.1609 0.2059 0.2071 0.2171 

14 0.1724 0.2055 0.2098 0.2124 

16 0.1990 0.2100 0.2118 0.2124 

18 0.2095 0.2046 0.2121 0.2127 

20 0.2132 0.2132 0.2132 0.2132 

 

Table 2. Recall of words 

Words(M) Baseline unWP WP1 WP2 

2 24.8% 55.7% 67.0% 63.5% 

4 30.6% 74.9% 78.7% 75.1% 

6 36.8% 83.1% 85.1% 81.0% 

8 42.6% 88.3% 89.2% 85.4% 

10 45.9% 91.8% 92.3% 88.7% 

12 51.1% 94.4% 94.6% 91.5% 

14 60.4% 96.3% 96.4% 94.2% 

16 82.8% 97.9% 97.9% 96.7% 

18 95.7% 99.2% 99.2% 98.8% 

20 100.0% 100.0% 100.0% 100.0% 



 

 

 

Table 3. Percentage of sentences 

Words(M) Baseline unWP WP1 WP2 

2 9.3% 7.5% 8.2% 11.4% 

4 18.7% 16.5% 17.2% 21.7% 

6 27.9% 25.7% 26.5% 31.5% 

8 37.1% 35.3% 36.0% 41.1% 

10 46.5% 45.2% 45.8% 50.7% 

12 55.7% 55.2% 55.8% 60.2% 

14 65.3% 65.5% 66.0% 69.7% 

16 77.7% 76.3% 76.7% 79.3% 

18 89.1% 87.3% 87.6% 88.8% 

20 100.0% 100.0% 100.0% 100.0% 

 

WP1 method. But it could provide more accurate 

probability information for the translation system and 

obtain a better performance. 

5.2. Results of development data selection 

We did the data selection experiments for 

development corpus on CWMT 2009
3
 and IWSLT 2009
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translation tasks, both in bidirectional translation for 

Chinese and English. The former is in news domain and 

the latter is in travel domain. For CWMT 2009 task, we 

randomly select 400 sentences from the development set 

as the test set, and take the left as the development set. 

For IWSLT 2009 tasks, we employ BTEC 

Chinese-to-English task and Challenge 

English-to-Chinese task. The Table 4 shows the 

information of the corpora. 

 

Table 4. Corpus for development data selection 

Task 
Development set Test set 

Sen Words Sen 

CWMT 2009 
C-E 2,876 57,010 400 

E-C 3,081 55,815 400 

IWSLT 2009 
C-E 2,508 17,940 469 

E-C 1,465 12,210 393 

 

On each task, we select sentences randomly to build 

the baseline. Then we selected the different scale of 

development data for the MERT using the approaches 

we proposed. For the PBDS method, we consider the 

phrases from the Chinese sentences (Ch), the English 

sentences (En) and both of them (Ch+En). For the SBDS 

method, we only use the Chinese sentences and parse 

them using the Stanford parser [11]. The results are 

shown in Figure 2 to Figure 5. 

In these figures, the horizontal axis is the scale of 

the development corpus, the unit is thousand words. The 

vertical axis is the BLEU score of the test set using the 

parameters trained on the corresponding development 
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Figure 2. CWMT 2009 Chinese-to-English 

 

 
Figure 3. CWMT 2009 English-to-Chinese 

 

 
Figure 4. IWSLT 2009 Chinese-to-English 

 

 
Figure 5. IWSLT 2009 English-to-Chinese 

 

data. Comparing to the baseline system, the development 

corpus selected using our methods can get higher 

performance with the same quantity of data. Our method 

can select more informative sentences for MERT. For the 

PBDS, when we consider both the Chinese phrase and 

the English phrase, the performance is better and more 



 

 

robust comparing to the methods which only consider 

monolingual phrase. This is because the sentences 

extracted using this method could cover the information 

both in source language and target language, and make 

the translation parameters more robust. 

The SBDS performs not as good as the PBDS, 

though it is better than the baseline. This is because that 

the precision of the parser is not good enough. The 

parser will import many errors into the parsing results 

and decrease the performance of the translation system. 

For this reason, we didn’t combine these two methods. 

 

 
Figure 6. Recall of words for IWSLT 2009 E-C 

 

Another interesting phenomenon is that we can get 

even higher score using a part of the development data 

than using all the data. For example, in Figure 5, when 

we using 10 thousand words for MERT, the performance 

is better than using 12 thousand words. We present the 

recall of words for the baseline method and the PBDS 

method which considers bilingual phrases in Figure 6. 

From this figure, the baseline’s recall is only 77.0% 

while the PBDS’s recall is 99.9% when the development 

data has 10 thousand words; almost all the words have 

been covered. Adding more data to the development set 

brings little improvement to the recall of words, but 

imports much redundancy sentences and reduces the 

performance of the translations. 

6. Conclusions 

In this paper, we propose approaches to select more 

informative sentences from the bilingual corpus. For the 

training corpus, we select sentences to build a compact 

training corpus using two kinds of weighted-phrase 

method. For the new compact training corpus, we can get 

a competitive performance compared to the baseline 

system using all training data. 

The data selection for development corpus using 

two kinds of features: the phrase and the structure. Both 

methods perform better than the baseline. When consider 

the bilingual phrases, the performance is better and more 

robust. The PBDS is better than the SBDS. One reason is 

that the parser could import errors to the phrase-structure 

tree and there exists serious data sparseness problem in 

syntax structures; the other reason is the translation 

engine is phrase-based translation system; it could not 

make full use of the information contained in the parsing 

results. 
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