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ABSTRACT 

In this paper, we present a novel methodology to 
enhance Chinese text chunking with the aid of 
transductive Hidden Markov Models (transductive 
HMMs, henceforth). We consider chunking as a 
special tagging problem and attempt to utilize, via a 
number of transformation functions, as much relevant 
contextual information as possible for model training. 
These functions enable the models to make use of 
contextual information to a greater extent and keep us 
away from costly changes of the original training and 
tagging process. Each of them results in an individual 
model with certain pros and cons. Through a number 
of experiments, we succeed in integrating the best 
two models into a significantly better one. We carry 
out the chunking experiments on the HIT Chinese 
Treebank corpus. Experimental results show that it is 
an effective approach, achieving an F score of 
82.38%. 
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1. INTRODUCTION 

Text chunking aims to derive non-overlapping and 
non-recursive segments from an input text. The term 
“non-recursive” stipulates that a segment contains no 
other segments. Such segments are referred to as chunks 
[1]. For example, the Chinese sentence “10 分钟 后 
队伍  就  分散  开  了  。” can be turned into the 

following chunks: [BNT 10 分钟] 后 队伍 就 [BVP 
分散 开 了] 。 

Chunks can be represented by means of chunk tags. 
In this paper, we adopt the IOB2 set as our tag set. 
There are three tags in this set, namely, B-X for the first 
word of a chunk of type X, I-X for a non-initial word in 
an X chunk, and O for a word outside of any chunk. 
Accordingly, the above example can be represented as 
follows:  10/B-BNT 分钟/I-BNT 后/O 队伍/O 就/O 
分散/B-BVP 开/I-BVP 了/I-BVP 。/O 

Therefore, text chunking can be considered a special 
tagging problem. Many machine learning methods have 
been applied to tackle the text chunking problem, 
including transformation-based learning [5], memory- 
or case-based learning [9], hidden Markov model 
(HMM) [15], maximum entropy model [11], support 
vector machine (SVM) [12, 13], etc. Several researchers 
exploited these methods for the text chunking shared 
task in CoNLL-2000.  

In this paper, we present a novel technique to 
construct an effective transductvie HMM for Chinese 
text chunking. In Section 2, we discuss how relevant 
contextual information can be incorporated into a 
transductive HMM for this kind of tagging. In Section 3, 
we present our experimental results on Chinese text 
chunking. Several transductive HMMs are trained and 
tested using the HIT Chinese Treebank corpus in order 
to examine the effectiveness of our approach. In Section 
4, we conclude the paper and outline our future work. 



2. TRANSDUCTIVE HMM 

2.1. The Definition of HMM 
HMMs have been successfully applied to many natural 
language processing tasks, including speech recognition, 
part-of-speech tagging, the conversion of Chinese 
pinyin to characters, etc. According to [19], an HMM 
can be defined as a triple ( , , )A Bλ π= , whereπ is the 
initial state distribution, 

with 1( )i P q iπ = = for 1 i N≤ ≤  (the number of 

hidden states), A  is the state transition probability 

distribution, with 1( | )ij t ta P q j q i+= = = , and B is 

the observation probability distribution, with 

( ) ( | )j t tB k P o k q j= = = for1 k M≤ ≤ (the number 

of observation symbols). 
2.2. HMM-based Tagging 
Let O  be the sequence of output tags and I  the 
sequence of input symbols, the tagging problem can be 
defined as a search for the maximum conditional 
probability, as follows.  

^ ( | ) ( )arg max ( | ) arg max
( )O O

P I O P OO P O I
P I

= =  (1) 

This maximization process is independent of the input 
sequence. Taking into account the Markov assumptions, 
the problem can be reduced to the following 
maximization with a second-order HMM:  

1 2
:1...

arg max ( | ) ( | , )i i i i i
o i n

p i o p o o o− −∏       (2) 

According to [4, 7], this formalism has been applied 
to part-of-speech (POS) tagging successfully, achieving 
a tagging accuracy of about 96%. Text chunking, whose 
outcomes can be represented as a sequence of chunk 
tags, can be carried out in a similar way as POS tagging.  

However, they are two different NLP tasks. POS 
tagging takes words as input and outputs their POS tags, 
whereas text chunking takes both words and their POS 
tags as input and outputs chunk tags. Thus, the input set 
for the chunking can be very large, with regard to the 

possible combinations of words and POS tags, and its 
output tag set can be too generic to produce accurate 
models. To get around this problem, we consider only 
relevant information as the input set, and incorporate 
necessary relevant contextual information into a model 
in order to enrich the output tag set. An HMM that has 
undergone such improvement is referred to as a 
transductive HMM in this research. 
2.3. Transductive HMM 
By incorporating necessary contextual information, a 
“transductive” HMM is aimed at achieving a more 
accurate model. For this purpose, we propose a 
simple technique to incorporate relevant information 
into a model, without changing the training and 
tagging process. To do this, we design several 
transformation functions and apply them to the 
original training sets, to produce new ones. For 
example, if we want to add POS information to the 
chunk tags to enrich the output tag set and select the 
POS information as the input information, the 

transformation function sf  can be represented as:  

( _ , ) , _s i i i i i if w pos c pos pos c< > =< > ,  

where iw  is a word, ipos  is a POS tag, and ic  is 

a chunk tag. In our experiment, we have 7 
transformation functions as follows for such purpose: 

1) 1 _( , ) , _s i i i i i if w pos c pos pos c< > =< >  

2) 2 _( , ) , _s i i i i i if w pos c w pos c< > =< >  

3) 3 _( , ) _ , _s i i i i i i if w pos c w pos pos c< > =< >  

4) 4 _( , ) ,s i i i i if w pos c pos c< > =< >  

5) 5 _( , ) ,s i i i i if w pos c w c< > =< >  

6) 6 _( , ) _ ,s i i i i i if w pos c w pos c< > =< >  

7)
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( _ , _ )
( _ , )

( , _ )
i i i i i t

s i i i
i i i i t

w pos pos c w W
f w pos c

pos pos c w W
∈

=  ∉

where tW  indicates a set of transductive words. The 

selection of tW  will be discussed in Subsection 3.3 

below. 
Incorporating any of these transformation functions 

into Equation (2) leads to an individual transductive 
HMM. Accordingly, we have 7 such models, as follows. 

Model 1:  

i i i i i i-1 i-1 i-2 i-2
o i:1...n

argmax p(pos | pos _c )p(pos _c | pos _c ,pos _c )∏  

Model 2:  

i i i i i i-1 i-1 i-2 i-2
o i:1...n

argmax p(w | pos _c )p(pos _c | pos _c ,pos _c )∏  

Model 3:  

i i i i i i i-1 i-1 i-2 i-2
o i:1...n

argmax p(w_pos |pos_c)p(pos_c |pos _c ,pos _c )∏  

Model 4: 

i i i i-1 i-2
o i:1...n

argmax p(pos | c )p(c | c , c )∏  

Model 5: 

i i i i -1 i-2
o i:1...n

argmax p(w | c )p(c | c , c )∏  

Model 6: 

i i i i i -1 i -2
o i:1...n

argmax p(w _pos | c )p(c | c , c )∏  

Model 7: 

i i i i i i i-1 i-1 i-2 i-2 i t
o i:1...n

i i i i i i-1 i-1 i-2 i-2 i t
o i:1...n

argmax p(w_pos |pos_c)p(pos_c |pos _c ,pos _c )w W

argmax p(pos |pos_c)p(pos_c |pos _c ,pos _c )w W

∈

∉






∏

∏
 

From model 1 to 6, we intend to examine different 
combinations of word, POS and chunk information in 
the input and output, in order to explore the 
combination that would give the best performance. 
Model 7 is an attempt to incorporate the advantages of 
the first six models into one model. It is based on and 

derived from the six models. As mentioned above, one 
of the advantages of our approach is that no change is 
needed for either the training or the tagging processes 
when transductive HMMs are applied to our chunking 
task. Because of this, all the experimental work is 
carried out using the TnT tagger developed by Brants 
[4], with no modification to its source codes. 

3. EXPERIMENTAL RESULTS 

We use HIT Chinese Treebank1 as our training and test 
data. It contains 2000 Chinese sentences and 21,498 
words. From the HIT Treebank, Chinese chunks were 
extracted with a conversion tool that is developed for 
this purpose. The Chinese tag set we use is the same as 
the one in HIT Chinese Treebank. 7 chunk types were 
defined for Chinese, including BDP (adverb phrase), 
BNP (noun phrase), BAP (adjective phrase), BVP (verb 
phrase), BMP (quantifier phrase), BNT (time phrase), 
BNS (locative phrase). 

We conduct experiments using training sets of 
different size and all above models. The experimental 
results are evaluated in terms of chunking precision, 

recall, 1Fβ = score, which are defined as follows: 

Precision=
Number of  correct proposed chunks

Number of  proposed chunks
*100%  

Recall =
Number of correct proposed chunks

Number of correct chunks
*100%  

2

2β
(β + 1) * Recall * Precision

β * Recall + Precision
F =  (β = 1) 

 
 
 
                                                        
1 http://mtlab.hit.edu.cn/download/4.TXT 



 
 
 
 
 
 

 
 
 
 

Figure 1: the precision, recall, 1Fβ =  score vs. number 

of sentences in training set 
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74.26 

66.67 

62.50 
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67.01

Table 1: Overall Chinese chunking results using model 
1 to 6, with the best results in bold face 

3.1. Training data size vs. precision, recall, 1Fβ =  

We know that training with data set of different size 
would lead to different estimation of model parameters 
and different performance. To examine how the size of 
training data would affect the performance, we carry out 
a series experiments with an increasing size of training 
data set. The training data is chosen from the first 1500 
sentences (16,012 words) of the HIT Treebank, and the 
remaining 500 sentences (5,485 words) are kept as test 
data set. The experiment is conducted with model 1. 

Figure 1 shows that precision, recall, and 1Fβ =  

improve rapidly when the size of training set has not 
reached 800 (sentences). After that, the improvement 
slows down significantly. 
3.2. Overall chunking results using model 1 to 6 
The purpose of the second experiment is twofold. First 
we intend to explore whether it can help improve 
chunking performance by incorporating some 
contextual information to the HMM models. Second, 
we want to find what contextual information can help 
improve the chunking results most significantly. 

From Table 1 we may have the following 
observations. (1) With a small training data set of only 
1500 sentences, models (e.g., 2 and 5) with words as 
input have a weaker predictable ability than models 
(e.g., 1 and 4) with POS information in their input. (2) 
With the same input information, Model 3 has a more 
specific output and, thus, a better performance than 
Model 6. This outcome agrees with our expectation. (3) 
Model 1 is the most accurate model among the first 6 
models. (4) For different chunk types, different models 
give different results and most best results come from 
Model 1, 3 and 4.  

In hope that the chunking performance can be further 
improved if we can integrate the advantage of the 6 
models, we conduct the third experiment using Model 7. 
3.3. Overall chunking results using model 7 
From the second experiment, we observed that Model 1 
and 3 contribute many best results in Table 1. They have 
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similar output set but different input. In hope of 
improving the chunking performance by integrating 
them into one, we design Model 7 by selecting a set 

tW  of transformations from the transformation sets of 
the two models.  

The process of the selection of tW  is as follows.  

We divide the original training set into two partitions: 
90% for training and 10% for tuning (development set). 
To do this, among every 10 consecutive sentences in the 
original training set we use the first nine sentences for 
training and the last for testing. We focus on two kinds 

of words eW  and cW . eW  is a selection of words 

whose chunk tagging error rate is higher than a certain 
threshold. These words were extracted from the output 

provided by the tagger with the Model 1. cW is a 

selection of words that belong to certain chunks such as 
BNP, BVP, BMP and BAP with a high frequency in the 

training set. So we can get t e cW W W= ∪ . The 

experimental results in Table 2 show that Model 7 that 
is derived in this way outperforms all other models, 

achieving the best 1Fβ =  of 82.38%. 

tW  tW  Precision Recall 1Fβ =
tW = eW  28 84.91% 79.38% 82.05

tW = cW  73 83.64% 80.36% 81.97

tW = ce WW∪  93 84.51% 80.36% 82.38

Table 2: Overall chunking performance of Model 7 

4. CONCLUSIONS AND FUTURE 
WORK 

In this paper, we present a novel methodology to 
enhance the performance of Chinese text chunking via 
transductive HMM. We design several transformation 
functions and use them to transform the training data for 
a better training of the models than that without any 
transformation, resulting in significant improvement of 
chunking. A major advantage of this approach is that the 
remarkable performance of the HMM can be achieved 

without any change of the training or tagging process, 
and retain. It is a nice approach not only for exploitation 
of more contextual information for performance 
enhancement but also an effective way to enrich the 
output tag sets. It also enables the process of training 
and tagging to be carried out in seconds. It compares 
favorably to the other models, such as maximum 
entropy models, support vector machine, etc., for text 
chunking.  

However, from the experimental results we observed 
that the evaluation scores for Chinese chunking do not 
look as good as those for English. One of the reasons 
might be that Chinese syntactic structure is more 
flexible and more ambiguous. From the above 
experimental results, we can also see that more training 
data can help improve chunking performance. Also, 
more linguistic knowledge incorporated into the models 
can further improve the performance as well. Thus, our 
future work is to incorporate more contextual 
information into the models, including the boundary 
information of the phrases, semantic, collocation and 
co-occurrence information, aiming at further 
improvement of chunking in terms of the precision, 
recall and F score. 
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