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Abstract 

In this paper, we propose a new approach 
which can automatically acquire 
translation templates from the 
unannotated bilingual spoken language 
corpora in the domain of travel 
information accessing. In the approach, 
two basic algorithms named grammar 
induction algorithm and dynamic 
programming algorithm are adopted. Our 
approach is an unsupervised, statistical, 
data-driven method which avoids the 
parsing procedure. Firstly, the semantic 
groups and the phrasal structure groups 
are extracted from both the source 
language and the target language. Then, 
the dynamic programming algorithm is 
used to align these phrasal structure 
groups. The aligned phrasal structure 
groups are treated as the translation 
templates. And the preliminary 
experimental result is also desirable.  

Keywords: Unannotated bilingual 
corpus, Translation template acquisition, 
Grammar induction, Automatic alignment, 
Machine translation 

1 Introduction 

Along with the development of the corpus 
technology, more and more bilingual corpora are 

available for knowledge acquisition in machine 
translation and many other natural language 
processing tasks. Translation template is a kind of 
especially useful knowledge for machine 
translation systems. In this paper, we aim at 
acquiring translation templates automatically on 
the sentence aligned parallel English-Chinese 
corpus.  

In some EMBT systems, the translation 
templates are extracted manually from the corpus. 
[Kitano 1993] has adopted the manual encoding of 
the translation rules. [Sato 1995] has also proposed 
an example-based system, which took manually-
built matching expressions as the translation 
templates. However, when the corpus is large, the 
task of template extraction using hands becomes 
more and more difficult and error-prone. 

Some methods to automatically acquire the 
translation templates also have been proposed. In 
[Güvenir et al. 1998], [Oz et al. 1998], and [Cicekli 
et al. 2001], the analogical models are adopted to 
learn translation templates. By grouping the similar 
translation examples and replacing their difference 
with a variable, the methods could obtain 
translation templates from the bilingual parallel 
corpus. This kind of methods needs a very large 
scale of bilingual parallel corpora which contain a 
large amount of similar sentences. Some methods 
based on structure alignment are also proposed by 
some researchers to acquire structural translation 
templates [Kaji et al. 1992], [Watanabe et al. 2000], 
[Imamura 2001]. These approaches followed a 
procedure what may be called “parse-parse-match” 
[Wu 1997]. In these approaches each language of 



the parallel corpus is first parsed individually using 
the monolingual grammar, and then the 
corresponding constituents are matched using 
some heuristic procedures. This kind of methods 
needs two parsers with high performance in both 
the source language and the target language. [Lü et 
al. 2001] has proposed a method based on bilingual 
language model. In this method, bilingual sentence 
pairs are first aligned in syntactic structure by 
combining the language parsing with a statistical 
bilingual language model. The alignment results 
are used to extract translation templates. This 
method also needs a high performance parser and 
POS tagging systems in both sides of the source 
and target languages. 

In this paper, we propose a statistical, data-
driven approach which can acquire translation 
templates from unannotated bilingual corpora 
based on bilingual grammar induction. Remainder 
of this paper is organized as follows. In Section 2, 
our motivations and the description of our 
translation templates acquisition system is 
introduced in detail. In Section 3, a brief overview 
of basic algorithms including grammar induction 
algorithm and the dynamic programming algorithm 
is introduced. In Section 4, the experimental results 
and analysis are shown. Finally, some concluding 
remarks are given in Section 5. 

2 Our Motivations  

Now, translation templates acquisition based on 
structural alignment is the popular method in the 
area of statistical machine translation (SMT). 
Many researchers have done a lot of work on this 
research topic. Unfortunately, as we mentioned 
above that these methods need at least a robust 
parser with high performance. The parser is hard to 
build especially in Chinese. We focus on finding 
out a method based on unsupervised machine 
learning. 

The overview of our translation templates 
acquisition system is shown in Figure 1: 

The input of the system is sentence aligned 
bilingual corpus. Here, we use an English-Chinese 
bilingual corpus. The Chinese sentences are firstly 
segmented, and then, the grammar induction step is 
taken on both of English and the Chinese sentences. 
After this step, we get the phrasal structures of the 
both languages. Finally, the phrasal structures of 
the languages are aligned using the dynamic 

programming algorithm. These aligned phrasal 
structures are output of as the translation templates. 

In the following, a simple example is given to 
explain how the translation templates are acquired 
from the corpora. 

 
Figure 1: System Architecture 

Suppose some SCi and PCi groups are gotten 
from the corpus, which are shown in Table 1: 

Chinese part: 
SCC10 → 单人间 ∣ 双人间∣ 标准间  
PCC3 → 一 个  
PCC8 → PCC3 SCC10 
PCC12 → 我 想 预订  
PCC20 → PCC12 PCC8 
English part: 
SCE5 → single | double | standard  
PCE2 → want to  
PCE4 → a SCE5 room 
PCE8 →I PCE2 reserve 
PCE14 → PCE8 PCE4 

Table 1: Examples of the grammars acquired 
from the experimental corpus 

Sentence aligned  
bilingual corpus 

Chinese 
segment 

English  
grammar induction

Chinese  
Grammar induction

Dynamic Programming 

Translation  
templates 



With the grammars shown in Table 1, the 
system gets the translation template as follows: 

我 想 预订 一 个 N. ⇔ 

I want to reserve a N* room. 
if N=单人间 then N*=single; 
if N=双人间 then N*=double; 
if N=标准间 then N*=standard. 

3 Basic Algorithms 

In this section, a brief overview of basic algorithms 
including grammar induction algorithm and the 
dynamic programming algorithm is introduced. 

3.1 Grammar Induction Algorithm 

This method of clustering has two main steps, 
which are called spatially clustering and 
temporally clustering. In the spatially clustering 
step, the words which have similar contexts, 
including both side of left and right, are grouped 
together. These words generally have similar 
semantics. In the temporally clustering step, the 
words which have a high degree of co-occurrence 
are clustered into a group. These groups of words 
tend to be commonly-used phrases. 

In spatially clustering, the Kullback-Leibler 
distance is used to describe the similarity of the 
distributions of the entity local contexts, which 
means the previous one word and the next word of 
the entity (1): 
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Where, p1 denotes the unigram distribution of 
the words which appear in the local context of the 
entities e1, p2 denotes that of e2, and V denotes the 
all the words which appear in the entity local 
contexts. 

In order to acquire a symmetric distance 
measure, divergence is used as the measurement of 
the distance (2):  
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The distance of the two entities e1 and e2 is 
defined as it showed in (3): 
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It is the sum of the divergences of the 
distributions of the words to the both left side and 
right side of the entities. 

In order to make the clustering more accurate, 
we introduce the extended distance contexts into 
the measurement of the entities’ distance. 

We consider the words next to the context of 
the entities, which are called extended contexts. 
For the extended contexts, we calculate their 
Kullback-Leibler distance as the similarity of the 
distributions of them with Formula (1). 

And we can also calculate the symmetric 
distance measure of these words using Formula (2). 

Then, we compute the distance of the pairs of 
entities as the sum of the distance of the contexts 
and extended contexts. The distance of the entities 
e1 and e2 can be described as (4): 
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Where, the expression                        denotes 
the symmetric distance of the extended contexts of 
the two entities e1 and e2. 

The most similar pairs of entities are grouped 
into a semantic group which is labeled as SCi. In 
another word, the pairs of entities which have the 
minimum of distance shown in (4) are clustered 
together. 

After the spatially clustering, the words that 
have been grouped are substituted as the group 
labels in the corpus. Then the temporally clustering 
is taken into the clustering process. 

In temporally clustering, the cohesion degree 
(CD) is used to describe the degree of the co-
occurrence of the two entities e1 and e2. This is the 
metric for the clustering process. The cohesion 
degree is defined in (5): 

),(

)(
),(

21

1
21

eeMI
n

iNgram
eeCD

V

i

×+

×=
∑
=

β

α                 (5) 

where, 

),( 212 ppDiv



[ ]),|(),|()1(
)|()(

213102

12

eeepeeep
eepiNgram

+−
+×=

θ
θ

(6) 

and V denotes all the probable word sequences 
(e0,e1,e2,e3) in the corpus, n denotes the number of 
these sequences. The parameters α β θ in (6) 
are estimated based on experience. The different 
corpus may have different parameters. 

And the MI in (5) is the Mutual Information 
shown in (7): 
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The entities which have the highest cohesion 
degree are clustered into the phrasal groups labeled 
as PCi. These entity pairs are substituted with their 
PC labels. And then the process turns to another 
iteration of spatial clustering. 

The grammar induction approach described in 
this section can capture the semantic and phrasal 
structures from the unannotated corpus. After the 
clustering algorithm, the semantic groups and the 
phrasal structure groups can be extracted from the 
corpus. 

3.2 Dynamic Programming Algorithm 

Let the source language sentence 
be                                , the target language 
sentence be                                       . The sequence 
of the aligned phrases of the source and target 
languages is                                       , K is the 
number of these aligned phrasal groups. f(n) 
denotes the estimated minimum cost of the path 
which starts from the source node s, passes through 
the node n, and finally reaches the target node t. f(n) 
contains two parts named as g(n) and h(n). g(n) 
denotes the estimated minimum cost of the path 
from source node s to the node n. And h(n) denotes 
the estimated minimum cost of the path from node 
n to the target node t. 

In the procedure of the dynamic programming 
algorithm, we define the cost of the path as it 
shown in (8): 
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So, the goal of the searching is to find out the 
aligned phrasal structure which makes the g(k) 
minimum. It is shown in (9):   
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Based on the Bayes’ theorem, we can get (10):  
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Where,             and             can be calculated 

from the Ngram models of the source language 
and the target language. In this paper, we use 
Bigram models shown in (11):  
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Where, m and l denotes the length of the 
phrasal groups of the source language and the 
target language. 

 can be calculated by translation 
model. Here, we use IBM Model one (12):  
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In Equation (12),              is the direct 
translation probability from the source language to 
the target language, which is trained by the EM 
algorithm. And                is the length probability, 
which is estimated approximately by Poisson 
Distribution. 

According to the Equation (10) (11) (12) and 
(8), we get the estimated cost of the path from the 
beginning node s to the current node k (13): 
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The minimum cost of the path from current 
node k to the target node t is defined as (14):  
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Where, NS and NT denote the length of the 

source language sentence and the target language 
sentence. 

So, the estimated minimum cost of the path 
which starts from the source node s, passes through 
the node n, and finally reaches the target node t can 
be defined as (15): 
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The description of the dynamic programming 

algorithm is shown in Table2: 

Step 1: Initialization. OPEN := (s), g(s) := 0; 
Step 2: IF OPEN = ( ) THEN EXIT (FAIL); 
Step 3: n := FIRST(OPEN); 
Step 4: IF reach the end of the sentence, THEN 

EXIT(SUCCESS); 
Step 5: REMOVE (n, OPEN), 

ADD(n,CLOSED); 
Step 6: EXPAND (n)        . Search the next 

possible phrasal group in the source 
language, and search all the possible 
corresponding target language phrasal 
groups. Then calculate the cost ; 

 
Step 7:ADD                 ,and mark the pointer 

from       to n ; 
Step 8: If there are more than one paths can 

reach one public node, only keep the 
path which has the minimum cost, and 
delete others. Then rank the nodes in 
OPEN form the minimum to the 
maximum by their cost f(n).  

Step 9: GOTO Step 2. 

Table 2: The description of the dynamic 
programming algorithm 

Using this dynamic programming algorithm, we 
align the phrasal structures of the source language 

and the target language, which are acquired from the 
grammar induction algorithm. 

4 Experiment and Discussion 

4.1 Experimental Corpus 

The corpus used in our experiment is collected in 
the domain of travel information accessing, which 
consists of 2,950 bilingual parallel utterances. The 
Chinese vocabulary size of the corpus is 989. The 
English vocabulary size of the corpus is 1074. 

4.2 Experimental results 

We define the accuracy of the results as: 

%100×=
N
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Where, Nr denotes the number of correct 
translation templates manually judged, and N 
denotes the total number of the translation 
templates acquired by the algorithm. The 
parameters α β θ are set as 0.5,1 and 0.7. 

The test result is shown in Table 3: 

Nr N Acc(%) 

352 476 73.95 

Table 3: the Experimental result 

4.3 Analysis of the Experimental Results 

There are two kinds of errors in the experimental 
results. The first is the errors occurring in the step 
of grammar induction. This is because that this 
algorithm does not use the information contained 
in the corpus adequately. So, some irrelevant 
entities are clustered into one group. The second is 
the errors occurring in the step of dynamic 
programming. This is due to the approximate 
parameter estimation and the special translation of 
some idioms. 

Anyway, we are planning to use a synonym 
dictionary to reduce the first kind of errors and 
introduce dictionary information and do some pre-
processing work to reduce the second kind of 
errors. 

5 Conclusion 

In this paper, we present an approach that 
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automatically acquires the translation templates 
from the unannotated bilingual parallel corpus. Our 
grammar induction algorithm extracts the grammar 
of semantic and phrasal structures of both source 
language and target language from the corpus. 
Based on the grammars, the phrasal structures are 
aligned by dynamic programming algorithm. The 
aligned structures are treated as the translation 
templates. The results of the preliminary 
experiment show that our approach is desirable 
though we are facing many difficult problems 
including improvement of the quality of the 
grammar induction and alignment.  

Anyway in the next step, we will use a 
synonym dictionary in the process of clustering 
algorithm and introduce more linguistic 
information into our approach. 
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