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ABSTRACT 
 
In this paper, we propose a new approach which can 
semi-automatically acquire translation templates 
from the unannotated Chinese spoken language 
corpora in the domain of travel information 
accessing. In the approach, we introduce two 
elements into the unsupervised agglomerative 
clustering method, which are called extended 
contexts and cohesion degree. With these two 
elements, the similarity and the degree of cohesion of 
two entities in the corpora may be described more 
exactly. In our approach the semantic and phrasal 
structures are firstly acquired from the unannotated 
corpus, and then the translation templates are 
manually built based on the semantic and phrasal 
structures. The preliminary results of our experiment 
show that the approach can get a higher 
performance than the method merely using the local 
contexts and mutual information.  
 
 

1. INTRODUCTION 
 
The traditional rule-based machine translation 
systems require large-scale linguistic knowledge in 
the forms of computational grammars, lexicons and 
domain knowledge. In these machine translation 
systems, such as KBMT-89[8], the large scale of 
knowledge is hand-crafted and hand-coded. The 
acquisition of this knowledge is expensive and costs 
a lot of time.  

The corpus-based approach has been proposed, 
such as the statistical machine translation (SMT) and 
example-based machine translation (EBMT). 
However, how to build the translation templates is a 

major problem in the statistical machine translation 
systems.  

In some EMBT systems, the translation templates 
are extracted manually from the corpus. Kitano has 
adopted the manual encoding of the translation 
rules[7]. Sato has also proposed an example-based 
system, which took manually-built matching 
expressions as the translation templates[11]. 
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. H. 
Altay Güvenir, Zeynep Oz, and Ilyas Cicekli adopted 
the analogical models to learn translation 
templates[6][11][12]. By grouping the similar 
translation examples and replacing their difference 
with a variable, the methods could obtain translation 
templates from the bilingual parallel corpus. Dekai 
Wu proposed approaches which followed a 
procedure what may be called “parse-parse-
match”[1][2][3][4][5]. In his approach each language 
of the parallel corpus is first parsed individually 
using a monolingual grammar, and then the 
corresponding constituents are matched using some 
heuristic procedures. These two kinds of methods 
can automatically learn translation templates from 
the bilingual parallel corpus. But they need the 
resource of bilingual parallel corpus and a parser 
with high performance. 

Helen M. Meng proposed a semiautomatic 
acquisition method of semantic structures, which is a 
methodology of semiautomatic grammar induction 
from unannotated corpora[8]. The grammar contains 
both the semantic and syntactic structures. The 



combination of the two structures can be used to 
build the translation templates.  

In this paper, we propose an approach which can 
acquire translation templates from unannotated 
monolingual corpora. Remainder of this paper is 
organized as follows. In Section 2, a brief overview 
of semi-automatic grammar induction approach is 
introduced. In Section3, our motivations and the 
modifications on the approach are described in detail. 
And the example of the generation of the translation 
templates is also given. In section 4, the experimental 
results and analysis are shown. Finally, some 
concluding remarks are given in section 5. 
 
 

2. SEMI-AUTOMATIC GRAMMAR 
INDUCTION APPROACH 

 
Our approach references the semi-automatic 
grammar induction approach in [8], but includes 
some modifications. This section presents a brief 
overview of the approach. 

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 one word 
of the entity (1):  
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Here, p1 denotes the unigram distribution of the 
words which appear in the local context of the 
entities e1, and p2 denotes that of e2, 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): 

)||()||(),( 122121 ppDppDppDiv +=          (2) 

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. 

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 showed in (3) 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 Mutual Information 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 Mutual Information is shown 
in (4): 
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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. It can avoid 
the hard work of the corpus labeling. However, this 
method does not use the information contained in the 
corpus adequately. So, many irrelevant entities are 
clustered into one group.  
 
 

3. APPROACH BASED ON 
EXTENDED CONTEXTS 

 
In this paper, we describe a data-driven approach 
which can capture semantic structures and phrasal 
structures from the unannotated corpora. These 
structures are used to build the translation templates. 
We capture the structures from a spoken language 



corpus in a specific domain. Our approach is a 
statistical, data-driven, unsupervised method. 

3.1 Our Motivations 

At present, most of the methods of translation 
template acquisition are based on bilingual parallel 
corpora. The resources of monolingual corpora are 
much richer than bilingual parallel corpora. Using 
monolingual corpora to extract translation templates 
can save a lot of cost and time in corpora collection. 
So, our research on extracting translation templates 
from monolingual corpora has active meanings.  

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. The 
similarity of the distributions of these extended 
contexts is showed in (5): 
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Here, V2 denotes the all the words which appear in 
the entities’ extended contexts. 

And we can also define the symmetric distance 
measure of the words as in (6): 
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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 (7): 
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We also considered using the cohesion degree in 
the place of the co-occurrence degree. The cohesion 
degree (CD) is defined in (8): 
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and V denotes all the word probable word sequences 
(e0,e1,e2,e3) in the corpus, n denotes the number of 
these sequences. The parameters in (8) are estimated 
based on experience. The different corpus may have 
different parameters. 

3.2 Description of the Algorithm  

According to the motivations described in Section 
3.1, our algorithm is described in the following table. 
 

Input: The corpus segmented by Maximum 
Matching Method and the iteration times. 

Step1: Define a counter i, and set it 0. 

Step2: For each two entities e1 and e2 in the 
corpus, calculate the distance between 
them using Equation (7). 

Step3: Group the N pairs which have the 
minimum distance into a semantic class. 

Step4: Replace the entities in step3 with their 
semantic class label SCi.  

Step5: For each two entities e1 and e2 in the 
corpus, calculate the cohesion degree 
between them using Equation (8). 

Step6: Select the N pairs of entities with the 
highest CD to from phrasal structure 
groups. 

Step7: Replace the entities in step6 with their 
phrasal structure class label PCi.  

Step8:  i=i+1 

            If i<iteration times, then go to step 2. 

Output: A list of semantic groups and phrasal 
structure group 

                 Table 1. The clustering algorithm 



After the unsupervised learning process, we can 
acquire the semantic groups labeled SCi and the 
phrasal structure groups labeled PCi. Using these 
groups of grammars, we can manually build the 
translation template. 

3.3 An Example of the Translation Template 
Generation 

In the following, an example is given to explain how 
to generate the translation templates from the 
grammars acquired from the corpora. Suppose some 
SCi and PCi groups are gotten from the corpus, 
which are shown in Table 2: 
 

 
SC3   →  一  (one)   ∣ 两  (two) 
SC10 →  单人间 (single room)∣ 双人间 

(double room)∣ 标准间 (standard room) 
PC3   →  SC3  个 (a measure) 
PC8   →  PC3  SC10 
PC12 →  我 (I) 想 (want to) 预订 (reserve) 
PC20 →  PC12  PC8 
 

Table 2. Examples of the grammars acquired from 
the experimental corpus 

We replaced the label SC3 with the meaningful 
label <quantity>, and also replaced the label SC10 
with the meaningful label <room-type>. Then, with 
the grammars shown in Table 2, we can build the 
translation template like this: 

我  想  预订  <quantity>  个  <room-type>.⇔  

I want to reserve <quantity> <room-type>. 
 
 

4. EXPERIMENT AND DISCUSSION 
 
4.1. Experimental Corpus 

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

4.2. Experimental results 

We designed four experiments to evaluate our 
unsupervised clustering algorithm. In experiment 1, 
we use Equation (3) to calculate the distance between 
two entities and MI to calculate the co-occurrence 

degree of the two entities, the result of this 
experiment is taken as our baseline; in experiment 2, 
we use Equation (7) and MI to do these things; in 3, 
we use Equation (3) and CD; in 4, we use Equation 
(7) and CD to describe the relations between these 
entities. We define the accuracy of the results as: 
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Here, Nr denotes the number of right groups 
manually judged, and N denotes the number of all the 
semantic and phrasal groups acquired by the 
algorithm.  

The results of the experiments are shown in Table-
3: 
 
Experiment No.1 No.2 No.3 No.4 

Acc(%) 69.6 71.3 70.8 72.7 

Table 3. The experimental results 

4.3 Analysis of the Experimental Results 

We choose the result of experiment No.1 as the 
baseline of our results. From the table, we can see 
that the introduction of the extended contexts and the 
cohesion degree can gain a higher performance than 
the baseline. This is due to the more information 
contain in the extended context and the cohesion 
degree. Adding the extended contexts into the 
calculation, the accuracy of experiment No.2 has 
been improved 1.7%. The use of cohesion degree 
gives an improvement on accuracy of 1.2%. The 
accuracy of our experiment result has been improved 
3.1% by using the new approach.  

For example, there are two sentences in our corpus: 

我  想要  一  个  便宜  的  房间。 

(I want a cheap room.) 

我  想要  一  个  新鲜  的  水果。 

(I want a fresh fruit.) 

If we do not use the extended contexts, the clustering 
algorithm would cluster the words便宜 (cheap) and
新鲜 (fresh) into a semantic group though these two 
words do not have the similar semantic. When we 
use the extended contexts, the words 房间 (room) 
and 水果  (fruit) will affect the results, these two 
words will not be clustered into a semantic group. 



5. CONCLUSION 
 
In this paper, we present an approach that can semi-
automatically acquire translation templates from the 
monolingual unannotated corpus. Our clustering 
algorithm may extract the grammar of semantic and 
phrasal structures from the corpus. Using these 
grammars, we can manually build the translation 
templates. In the clustering algorithm, we introduce 
the concepts of extended contexts and the cohesion 
degree. The results of the preliminary experiment 
show that using these two concepts can make the 
algorithm gain a higher performance.  

Anyway, in our future work we are facing many 
difficult problems including improvement of the 
quality of the grammar induction and the degree of 
the automation of the approach. To do the future 
work, a synonym dictionary may be used in the 
process of clustering algorithm and other metric may 
be introduced into our approach.   
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