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Abstract Supervised and unsupervised learning has

seldom joined with and thus lend strength to each other

in the field of Chinese word segmentation (CWS). This

paper presents a novel approach to CWS that utilizes

description length gain (DLG), an empirical goodness

measure for unsupervised word discovery, to enhance

the segmentation performance of conditional random

field (CRF) learning. Specifically, we attempt to in-

tegrate the lexical information acquired from the un-

supervised DLG segmentation into the supervised CRF

learning of character tagging for CWS. Our experimen-

tal results show that the CRF learning can be further

improved on top of its state-of-the-art performance in

the field by making good use of DLG information.
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1 Introduction

The task of Chinese word segmentation (CWS) is
to segment an input text into words. It is a special
case of tokenization in natural language process-
ing (NLP) shared by many other languages that
have no explicit word delimiters such as spaces.
Researchers in the field have been pursuing vari-
ous machine learning approaches for further perfor-
mance enhancement since Bakeoff-20031 [19]. Seg-
mentation via character tagging is a simple but ef-
fective formulation of the problem suitable for var-
ious competitive supervised machine learning mod-
els [25, 13, 12, 23, 29].

So far, however, supervised and unsupervised
learning has been working as two disjointed cat-
egories of techniques for CWS. The former relies
on a pre-segmented corpus as training data or, at

1The First International Chinese Word Segmentation
Bakeoff, http://www.sighan.org/bakeoff2003/.

least, on a predefined lexicon; whereas the latter ap-
plies without such resources [1, 5, 9, 14, 6]. Sophis-
ticated technologies have been developed in both
categories. A very important issue to explore now
is how the two can join together effectively, in par-
ticular, how the latter can be integrated into the
former for performance enhancement.

Towards this goal, this paper is intended to ex-
plore the plausibility of integrating the unsuper-
vised approach to word discovery by description
length gain (DLG) [9, 7] into the conditional ran-
dom fields (CRFs) model [10], a supervised learn-
ing approach popularly applied to CWS in recent
years. Our experiments show that DLG informa-
tion is effective in further enhancing the state-of-
the-art performance of CRF model on CWS via
character tagging.

The rest of the paper is organized as follows. The
next section introduces the DLG measure for iden-
tifying word candidates in raw text input. Section
3 formulates the integration of DLG information
into CRF learning of character tagging for CWS.
Then, our experimental results will be presented in
Section 4. Finally, the paper is concluded with a
summary of our contribution in Section 5.

2 Description Length Gain

An unsupervised strategy for word segmentation
has to follow some predefined criterion to recog-
nize individual words. An early investigation in
this direction using mutual information (MI) can
be found in [20]. Many successive works applied
MI and other statistical methods [3, 21, 5, 26, 27].

Description length gain (DLG), as proposed in
[9, 7] to measure the compression effect of extract-
ing a substring as a word from a corpus, is another
empirical criterion for unsupervised word discovery.



Theoretically, it is rooted in the minimum descrip-
tion length (MDL) principle [15, 16]. A pilot study
of its potentials to detect out-of-vocabulary (OOV)
words for CWS is presented in [8].

The DLG from extracting all occurrences of a
substring xixi+1...xj (also denoted as xi..j) from a
corpus X= x1x2...xn (with a vocabulary V ) as a
word is defined as

DLG(xi..j) = L(X) − L(X [r → xi..j ] ⊕ xi..j) (1)

where X [r → xi..j ] represents the resultant corpus
from replacing all instances of xi..j with a new sym-
bol r throughout X and ⊕ denotes the concatena-
tion of two strings. L(·) is the empirical description
length of a corpus in bits that can be estimated by
the Shannon-Fano code or Huffman code as below,
following classic information theory [18, 4].

L(X)
.
= −|X |

∑

x∈V

p̂(x)log2p̂(x) (2)

where | · | denotes the length of a string and p̂(x) is
x’s frequency in X .

Unsupervised segmentation with DLG is to infer
the optimal sequence of substrings with the great-
est sum of DLG for an input. In principle, a sub-
string with a negative DLG should not be given
up in word discovery, for it can be one among the
optimal sequence [9]. For the simplicity in integrat-
ing DLG into CRF modeling for CWS, however, we
only consider substrings with a positive DLG value
in this study.

3 CRF Modeling

3.1 CWS as Character Tagging

CWS was first formulated as character tagging in
[25]. The basic idea is to carry out segmentation
via tagging each character in terms of its position
in a word. A MaxEnt model trained for such a
character tagging task was first reported in [25].

Conditional random fields (CRFs) [10] are a sta-
tistical sequence modeling framework with a num-
ber of advantages over other popular models such
as MaxEnt [17]. CRF learning was first applied to
CWS in [13], treating CWS as a binary decision
task for each Chinese character in the input: is it
the beginning of a word?

The probability assigned to a label sequence y for
a particular character sequence s by a CRF model
is given by the equation below:

Pλ(y|s) =
1

Z(s)
exp(

∑

c∈C

∑

k

λkfk(yc, s, c)), (3)

where λk and fk are, respectively, the model pa-
rameter and feature function for feature k, c indexes
into characters in the sequence being labeled, and
the normalization term

Z(s) =
∑

y

exp(
∑

c∈C

∑

k

λkfk(yc, s, c)). (4)

Our implementation of character tagging for CWS
uses the CRF++ package by Taku Kudo2.

3.2 Tag Set and Feature Templates

It is shown in [30] that a 6-tag set enables CRF
learning to achieve a better segmentation perfor-
mance than other tag sets. Thus, we opt for this
tag set, and its n-gram feature templates, as the
baseline for evaluation. This allows us to compare
our work with the state-of-the-art performance in
the field.

A 2-tag set (namely, B vs. non-B) was used in
[13] and a 4-tag set {B, M , E, S} in [25], where the
tags B, M and E are for the beginning, middle and
end of a word, respectively, and S for a single char-
acter as a word. The 6-tag set is extended from the
4-tag set by extending B into B1, B2 and B3 to ac-
commodate more specific information about word
prefix. Table 1 illustrates how words of different
length are tagged with this tag set.

The feature templates for the baseline are listed
in Table 2, with the subscript 0 for the current char-
acter. Five special character types are defined for
template c, namely, numerical characters, temporal
characters for date and time, foreign letters, punc-
tuations, and other special characters. They pro-
vide critical latent information about word bound-
aries to support decision making concerning such
characters.

3.3 Feature Templates from DLG

The basic idea of integrating the unsupervised DLG
segmentation into a supervised leaner such as CRF
for CWS is to inform the supervised leaner of the
substrings identified by DLG as word candidates.
Such candidates are marked with the 6 tags for
CRF training in the same way as the true words
in the pre-segmented training data.

Word candidates of different length are available
as DLG feature templates. But, for the sake of
efficiency, we only allow four specific feature tem-
plates generated by DLG, namely, the n-grams for
n = 2, 3, 4 and 5. Unigrams are excluded, for our
tagging cliques are exactly individual characters.

2http://chasen.org/ taku/software/CRF++/



Table 1: Tagging words of various length

Length Tag sequence for a word
1 S

2 B1 E

3 B1 B2 E

4 B1 B2 B3 E

5 B1 B2 B3 M E

6 B1 B2 B3 M M E

≥7 B1 B2 B3 M · · ·M E

S B1 E B1 B2 B3 E B1 B2 B3 M E� � � � � � � � � 	 
 �

She comes from New South Wales, Australia

Table 2: Baseline feature templates

Type Feature templates
a Unigram C−1, C0, C1

b Bigram C−1C0, C0C1, C−1C1

c Special T−1T0T1

4 Experimental Results

To test the effectiveness of our approach, a number
of word segmentation experiments are performed
on all four corpora for Bakeoff-20063 [11]. The size
of these corpora in number of words is presented
in Table 3. Conventionally, segmentation perfor-
mance is measured by F-measure

F =
2PR

P + R
(5)

where the precision P and recall R are the propor-
tion of the correctly segmented words to all words
in a segmenter’s output and to all those in the gold-
standard segmentation, respectively. All our exper-
imental results are presented in terms of F scores.
The DLG features used in these experiments are
acquired from the training and test corpora, both
without any annotation.

Our work will be compared against those in the
closed test of the Bakeoff. The rule for the closed

3The Third International Chinese Language Processing
Bakeoff was an international evaluation proceeding on CWS
and named entity recognition, sponsored by SIGHAN, the
special interest group for Chinese language processing of the
Association of Computational Linguistics (ACL). Bakeoff-
2006 is the last of the three Bakeoffs since 2003. All corpora
used in this study are accessible from the official Bakeoff-
2006 website at http://www.sighan.org/bakeoff2006.

Table 3: Bakeoff-2006 corpus size

Corpus AS CityU CTB MSRA
Training (M) 5.45 1.64 0.5 1.26

Test (K) 91 220 154 100

test is that no additional information beyond a
training corpus is allowed, while an open test al-
lows any resource. In a sense, the former is more a
competition of methodology with the same resource
support, whereas the latter more a competition of
the wealth of resources in proper use. Undoubtedly,
our research is aimed specifically at the advance-
ment of methodology.

In addition to the best in the latest Bakeoff, we
also consider two baselines of CRF modeling for
comparison, one with n-gram feature templates a
and b as defined in Table 2, and the other plus fea-
ture template c in addition4. Feature template c,
or similar ones consisting of character types, can
lead to performance enhancement in CWS, as re-
ported in [12]. The price for this, however, is to
bring into the closed test some extra information
beyond a given training corpus. Therefore, we have
to differentiate between the two in order to have a
fair comparison of performance in terms of different
experimental settings.

4.1 Comparing to the Best

A summary of the best results in the closed test of
Bakeoff-2006 is presented in Table 4, with site IDs
in parentheses. All participants with at least a third
best performance are shown in this table [2, 22, 24,
28, 29, 31]. The closed test was so competitive that
the top results are very close one another.

The performance comparison of the CRF+DLG
approach, the baselines and the best in Bakeoff-
2006 closed test is presented in Table 5. Two ob-
servations can be drawn from these results. One
is that DLG brings in a significant improvement
upon both CRF baselines in three of the four
tracks of close test, confirming the effectiveness of
incorporating DLG information into CRF learn-
ing. The other is that the best performance of
the CRF+DLG approach goes beyond the best of
Bakeoff-2006 closed in a greater degree than the
best beyond the second, indicating the significance
of the enhancement. Notice that the enhancement
is achieved on top of the state of the art.

4Some participants in Bakeoff-2006 closed test used fea-
ture templates of this kind [22, 29, 31], while others did not.



Table 4: Best F-scores (%) in Bakeoff-2006 closed

Participant AS CityU CTB MSRA
Zhu (1) 94.4 96.8 92.7 95.6

Carpenter (9) 94.3 96.1 90.7 95.7
Tsai (15) 95.7 97.2 – 95.5
Zhao (20) 95.8 97.1 93.3 –
Zhang (26) 94.9 96.5 92.6 95.7
Wang (32) 95.3 97.0 93.0 96.3

Best closed 95.8 97.2 93.3 96.3
Best - 2nd +0.1 +0.1 +0.3 +0.6

Table 5: Performance comparison

Corpus AS CityU CTB MSRA
Best closed 95.8 97.2 93.3 96.3
BL: a+b 95.4 96.9 93.2 96.1
+DLG 95.6 97.2 94.0 96.1

BL: a+b+c 95.9 97.2 93.4 96.1
+DLG 96.0 97.4 94.1 96.2

DLG - Best +0.2 +0.2 +0.8 -0.1
BL: baseline

4.2 Discussion

DLG information stems from word candidates in
unsupervised learning. One might argue that a lex-
icon extracted from the training corpus or some
other reliable linguistic resources could be more
helpful. Unfortunately, this is not always true. Ex-
isting work did show that a proper external lexicon
could bring forth performance improvement to a
MaxEnt model [12]. Nevertheless, we had quite a
bit of experience counter to this while working with
CRF modeling: A lexicon extracted from the train-
ing corpus caused performance loss rather than any
gain. A key issue with CRF learning in utilizing lex-
ical information for CWS is thus to find a lexicon
with a nice fit to an input text, instead of simply
using an external lexicon as large as possible. The
technique we have developed here is a method to in-
fer a good supplementary lexicon to CRF training
that can lead to further performance enhancement.

To our knowledge, assembling unsupervised and
supervised segmentation together for performance
enhancement is a brand-new research area for
CWS, in which successful work is yet to be re-
ported. A simple divide-and-conquer strategy was
attempted in [8] to integrate DLG-based segmen-

tation and example-based learning. DLG was only
applied to recognize new words among the mono-
character sequences in the output of the latter. Un-
fortunately, however, this attempt was not particu-
larly successful, although the potentials of the DLG
measure for OOV detection were exemplified.

In practice, CRF modeling of character tagging
for CWS is inevitably a heavy burden of computa-
tion for many current hardware settings. This situ-
ation could be much worse if more tags were intro-
duced into a CRF model in the hope of performance
gains. Thus, the tradeoff between computational
efficiency and performance is also an important is-
sue with this learning framework. A particularly
good thing with the proposed method to integrate
DLG information into CRF learning is that, accord-
ing to our experiments, it adds only some minor
computational cost beyond that for the baselines.

5 Conclusion

In this paper, we have presented a novel approach
to improving supervised learning for Chinese word
segmentation, by integrating unsupervised segmen-
tation outcomes into a supervised learning model.
Our experiments on the latest Bakeoff data sets
provide evidence to show that the character-based
CRF modeling for CWS can make most of DLG
information to achieve a better performance than
the best records in the field.

Furthermore, the ensemble strategy we have ap-
plied allows DLG information to be used in exactly
the same way as local features in CRF modeling. In
this regard, our approach is straightforward, easy
to implement, and highly adaptable, in addition to
its effectiveness and efficiency.
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