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Abstract

Chinese texts are different from English texts in that they have no spaces to mark the
boundaries of words. This makes the segmentation a special issue in Chinese texts
processing. Since the amount of Chinese texts grows rapidly, especially due to the fast
increase of the Internet, the number of Chinese words is also increasing fast. Those seg-
mentation methods that depend on an existing dictionary thus have an obvious defect
when they are used to segment texts which may contain words unknown to the dictio-
nary. On the other hand, among the dictionary-independent segmentation methods,
supervised methods are always too labor consuming. In this paper, we propose a new
unsupervised method to segment large Chinese corpora. We consider the characters
that are directly before a string (predecessors) and the characters that are directly
after a string (successors) as important factors for determining the independence of
the string. We call such characters accessors of the string. We consider the number of
distinct predecessors and successors of a string in a large corpus, and use them as the
measurement of the context independence of a string from the rest of the sentences in
the document. The segmentation problem is then considered as an optimization prob-
lem of maximizing a target function, and our purpose is to find the function with the
best performance. We consider three types of representative target functions, and for
each type, we evaluate their performances with the PPE evaluation method as well as
word precision and word recall. After comparing the performances of these three types
of target functions, we found that the functions with best performances are polynomial
functions, just as what we expected in advance. This simple segmentation method
is considerable for fulfilling the task of unsupervised Chinese text segmentation and
comparable to other recently reported unsupervised segmentation methods..

1 Introduction

Chinese are different from English in that no spaces are used to indicate the boundaries of words.
A Chinese sentence is a continuous string of Chinese characters. Different segmentation method
of a sentence may lead to different interpretation of the meaning of the sentence. For example,
the sentence, “·l¥Æ�
3�Æ�§¥ÆØ��ÀÜ”, should be correctly segmented into,
“· l¥ Æ�
 3 �Æ�§ ¥ ÆØ� � ÀÜ”, and thus interpreted as “From it, I learned
something that I cannot learn in university courses”. However, if it is segmented into “· l ¥
Æ�
3�Æ�§¥ÆØ��ÀÜ”, then it will be accordingly interpreted as “From middle



school I come to something that I cannot learn in university courses”, which is quite indigestible.
Therefore, word segmentation becomes the first step of a number of application tasks. According
to Huang et al. (1996), the word is the basic unit in natural language processing as it is at the
lexical level where all modules interface. Possible modules involved are the speech recognition,
syntactic parsing, speech synthesis, and semantic interpretation, etc. Teahan et al. (2000) state
that interpreting a text as a sequence of words is beneficial for some information retrieval
and storage tasks: for example, full-text searches, word-based compression, and key-phrase
extraction.

There are several commonly used segmentation methods which can be roughly divided into
three types: dictionary based methods, statistical methods, and hybrid methods. For exam-
ple, “forward maximum matching” and “backward maximum matching” Teahan et al. (2000),
Dai et al. (1999), Sproat et al. (1996), Cheng et al. (1999) are dictionary based methods that
segment the sentences to words in a pre-given dictionary. In these methods, when there are
multiple choices, the longest match is used Cheng et al. (1999). Statistical methods use n-
gram frequencies or some other statistical information to segment the sentence Dai et al. (1999),
Ponte and Bruce (1996), Teahan et al. (2000). Some of these methods, i.e. supervised methods,
usually use pre-segmented corpus for training the model, which needs plenty of human effort.
Since the human knowledge is used in these systems, they tend to be more accurate than those
automatic processing methods. But they are lack of adaptability. On the other hand, in some
applications, 100% accuracy is not necessary, e.g., clustering and abstraction.

Regarding unsupervised segmentation methods, Sun et al. (1998) propose an approach which
is based on some statistical data, such as mutual information and the difference of t-score
between characters. For segmenting the Japanese kanji sequence, Ando and Lee (2000) use a
similar but robust statistical method to evaluate each boundary of the text, and find which
one is a suitable break point. Brent (1999), Brent and Tao (2001) have developed a model of
how children segment sentences in the course of learning their native languages, and use this
model to segment Chinese text. Early reviews on Chinese word segmentation include those of
Wang et al. (1990), and Wu and Tseng (1993).

In this paper, we propose an unsupervised method to segment Chinese texts. We use our own
statistical criterion called accessor variety to indicate how likely a substring of a sentence could
be a word, and then to find the best segmentation pattern which maximizes a target function of
accessor variety and the length of the substring as variants. In the following discussion, when
under without ambiguity, we always use a substring or string for short instead of a substring of
a sentence.

We organize the content of this paper in this way: in Section 2, we introduce the concept
of accessor variety; in Section 3, we discuss our unsupervised segmentation method based
on accessor variety and function optimization; in Section 4, we discuss different segmentation
evaluation methods; in Section 5, we present and analyze the experiment results; and we conclude
this work in Section 6.

2 Accessor Variety

The most important factor considered in our segmentation method is the accessor variety value
of a string. The accessor variety criterion is used to judge how independent a string is from the
rest of the text. This criterion is a straightforward formulation of Harris’s idea half century ago
for determining a morpheme manually in an unfamiliar Indian language in terms of the number
of contexts in which it can appear: the larger is the number, the more likely it is that it is a
morpheme Harris (1970). To illustrate this concept in a simple way, let us take a look at the
following example. Suppose we have four Chinese sentences,

• Sentence A: �rÃá�
, “the door hurts the hand” or “the door handle is broken”.



• Sentence B: �²?Ð
�rÃ, “Xiao Ming fixed the door handle”.

• Sentence C: ù��rÃé¤�, “this door handle is very beautiful”.

• Sentence D: ù��rÃ�
, “this door handle is broken”.

Consider the string �rÃ in these four sentences. This string has three distinct prefixes, “S”,
“
”, “�” (“S” denotes the start of a sentence) and four distinct suffixes, “á”, “E”, “é”,
“�” (“E” denotes the termination of a sentence). This means that the string �rÃ can be
used in at least three different environments, and therefore might carry some meanings that
are independent of those of the other characters in these four sentences. In this case, three =
min{three, four} is the accessor variety value of the string �rÃ.

We use the criterion accessor variety, AV for short, to evaluate how independently a string
is used in a corpus, and thus how likely it can be segmented as a word. The accessor variety
of a string s is defined as:

AV (s) = min{Lav(s), Rav(s)}.
Here, Lav(s) is called the left accessor variety, and is defined as the number of distinct characters
(predecessors) except “S” that precede s plus the number of distinct sentences of which s appears
at the beginning. Similarly, right accessor variety Rav(s) is defined as the number of distinct
characters (successors) except “E” that succeed s plus the number of distinct sentences of which
s appears at the end. In other words, characters “S” and “E” are repeatedly counted. The
reason is that some words usually appear at the beginning or the end of sentences but rarely
in the middle of a sentence. For example, â,, “suddenly”, is often used separately as a short
sentence. Therefore, “S” and “E” will be counted multiple times andâ, will be regarded as a
meaningful word although there are probably very rare other characters preceding or succeeding
it.

From the definition of AV , it is clear that the AV value of a string should be able to reflect how
independent the string can be in the considered corpus. Therefore, it is reasonable to segment
a sentence into substrings with high AV values. In the next section, we will discuss how to use
these values to automatically segment a Chinese corpus.

3 Unsupervised Segmentation Method

We regard the segmentation of one sentence as an optimization problem which intends to max-
imize a target function over all possible segmentation patterns. In this paper, we only consider
strings with lengths from one to six, because longer words are very singular in Chinese speech.
The AV values of all the strings with lengths from one to six can be extracted from the consid-
ered Chinese corpus via automatic statistical procedures. No dictionaries or human efforts are
needed.

In the following discussion, we use a segmentation to denote a segmented sentence, and use
a segment to denote a continuous piece of string in a segmentation. We use f to denote the
target function. We use the capitalized letter S to represent a sentence, SS to represent one
segmentation of S, n to represent the number of characters occurring in S, and m to denote
the number of segments in SS. Then sentence S can be displayed as the concatenation of n
characters, and SS can be displayed as the concatenation of m strings:

S = C1C2C3 · · ·Ci · · ·Cn, SS = W1W2W3 · · ·Wj · · ·Wm

Here, Ci stands for a character, and Wj stands for a segment.
Let C∗ be the set of all possible strings occurring in the corpus. Then the target function

f is a function defined on the collection of sequences of strings in C∗. In this paper, all the



considered target functions f ’s have the same property, i.e., the value of f on each sequence
SS of substrings is equal to the sum of its corresponding values on each substring W ∈ SS. In
some works, people use multiplication instead of addition. However, the multiplication can be
transformed to addition only by taking its logarithm without changing the monotony. On the
other hand, addition is sometimes easier to process considering very large or very small positive
numbers. Therefore, we only need to define the value of f on each single substring W ∈ C∗. For
a specified target function f , we use f(W ) to denote its value on the substring W , and f(SS)
to denote its value on the subset SS of substrings. Then according to previous discussion, we
have:

f(SS) =
m∑

j=1

f(Wj),

where Wj is one substring of SS, and m is the number of substrings in SS. Regarding the
segmentation problem, we denote SS as a segmentation of a sentence S, and W as a segment
or a substring of a sentence. For a fixed function f and a fixed sentence S, we choose the
segmentation that maximizes the value of f(SS) over all possible segmentations SS’s, and
denote this optimized segmentation as well as the maximum value as f(S).

We consider two factors to calculate f(W ). One is the length of the segment, denoted as
|W |, and the other is the AV value of the segment, denoted as AV (W ). Then, f(W ) can be
expressed as a function of |W | and AV (W ), that is f(W ) = f(|W |, AV (W )). We can regard
these f(W )′s as some kinds of normalization of the AV (W ) values of the segments that are
intended for balancing the influences of word length and their AV values. This design is due to
the consideration that although short segments usually have higher AV values, longer segments
with enough AV values are usually more preferred.

We consider three types of functions f ′s, i.e., polynomial, exponential, and logarithm func-
tions, because they are the most representative types of functions from the computational point
of view. For each type, we consider several different functions by assigning different powers or
bases, and test their performance.

Here are some examples of the functions.

f1(W ) = b|W | × log(AV (W ))
f2(W ) = |W ||W | × (AV (W ))d

f3(W ) = |W |c × (AV (W ))d

f4(W ) = |W ||W | × log(AV (W )),

where b, c and d are integer parameters that are used to define the target functions. Notice that
when c = 1 and d = 1, function f3(W ) = |W | × (AV (W )) becomes the normalized AV value of
W if we consider its transfiguration AV (W )

n
|W |

. Here, n is the number of characters of the considered

sentence, which can be ignored since it is the common factor in each expression for each segment
in each segmentation. When b = 1, f1 = log(AV (W )) becomes the logarithm of AV value, in
which case the value of a segmentation, which is the sum of the logarithms over all its segments,
is equivalent to the multiplication of the AV values of its segments from the optimization point of
view. Theoretically, we can assign any possible number to these parameters, however, practically,
too large numbers are meaningless. Our experiments convinced this viewpoint by reaching the
peak of performance at some values of these parameters.

Suppose we have already collected the AV values of all the substrings, and assigned the values
of the three parameters b, c, and d. Then, we can compute the value of each segmentation SS of
a sentence S by the equation f(SS) =

∑m
j=1 f(Wj). Since a substring with too small AV value

is usually multivocal, we do not want to segment the sentence into such kinds of substrings. To



gain this goal, we set a threshold of AV value, and for each string W with an AV value smaller
than the threshold, we set the value of f on it, i.e. f(W ), as a very small negative integer. On
the other hand, because of the speciality of single characters, we deal with them separately in
two ways: in one way, we regard them equally as we deal with the multi-character strings, in
the other way, we always set the value of the target function f on a single character as zero.
The latter case means that when segmenting a sentence, we prefer multi-character segments
with enough AV values to single-character segments, and prefer single-character segments to
multi-character segments with too small AV values, still remembering that the target function
values of those segments with too small AV values will be set to very small negative numbers.

Having all these information prepared, we are now ready to compute the final segmentation
f(S) for the sentence S. Because of the special structure of the target functions, i.e., the value of
each segment can be computed independently from those of other segments in a segmentation,
f(S) can be computed by using a simple dynamic programming, for which the time complexity
is linear to the length of the sentence. Let’s use fi to denote the optimized segmentation as
well as its maximum value for the sub-sentence C1C2 · · ·Ci. For simplicity, denote f0 = 0 for
all sentences. Denote by Wij as a string of characters Ci−j+1Ci−j+2...Ci. Then we have the
following dynamic equations:

f0 = 0;
f1 = f(W11 = C1);
fi = max

1<=j<=min{i,6}
{f ′i−j + f(Wij)}, 2 <= i <= n;

f(S) = fn.

Notice that in each iteration, there are at most N (in our experiment N = 6) possible choices,
where N is the maximum length of the word. Therefore, the time complexity of this dynamic
programming is linear in the length of the sentence.

4 Segmentation Evaluation

There are several segmentation evaluation methods, which are either based on word or based on
location. Based on word, there are word precision Pw and word recall Rw. The Pw is defined
as the proportion of the correct words extracted by the segmentation to all the words extracted
by the segmentation. The Rw is defined as the proportion of the correct words extracted by the
segmentation to all the correct words occurring in the considered corpus.

Pw =
the number of correctly segmented words

the number of all segmented words

Rw =
the number of correctly segmented words

the number of all correct words in the corpus

Here, the correctness is usually judged by human. Notice that in a dictionary-based segmen-
tation model that segments texts to words in a predefined dictionary, Pw is always 100% since
all the words extracted by the segmentation are words in the dictionary.

The Pw and Rw values are usually used to evaluate how well we can extract words from
the segmentation procedure. However, they can not evaluate the segmentation directly, since
they ignore whether the correct words are extracted from the correct places. The locations
where the segmentation module puts spaces to mark the boundaries of words are another useful
information for evaluating the segmentation Sun et al. (1998). The location precision Pl of a
segmentation method is defined as:



Pl =
the number of locations correctly marked

the number of all the locations marked

The location recall Rl of a segmentation is defined as:

Rl =
the number of locations correctly marked

the number of all the correct locations

Although location evaluation method overcomes the defect of word evaluation method, it has
its own problem. For example, consider the sentence º´Ï��í�6Ä�)�. Suppose, º
´ Ï� �í � 6Ä �) � is the correct segmentation done by hand. Suppose the
automatically generated segmentation is: º´ Ï� �í� 6Ä �)�˙ Here, the automatic
segmentation method puts a space after ´, which will be considered as a correct location by
the location evaluation method since there is also a space at the same position in the hand-
segmented result. However, the automatic method does not extract ´ correctly. The same
problem happens at the position after the first �. In another word, local evaluation method
cannot evaluate segmentation method precisely.

The other problem for both word and location evaluation methods is that precision and recall
always go in the opposite ways, that is, the increase of recall usually results in the decrease of
precision, and the increase of precision usually leads to the decrease of recall.

We are interested in an evaluation method that can solve all the above problems, position
pair evaluation, PPE for short. Just as what its name indicates, PPE evaluates segmentation
methods based on position pairs. In an n−character sentence, there are totally n + 1 positions
where spaces might be inserted. We number these positions as 0, 1, ..., n, with 0 as the position
before the first character and n as the position after the last character. Then each segment in a
segmentation of this sentence corresponds to a pair of positions, i.e., the position directly before
the segment and the position directly after the segment. Then the PPE value of a segmentation
method is defined as the proportion of the automatically generated correct position pairs to all
the position pairs in the hand-segmented result, that is:

PPE =
the number of correct pairs automatically obtained

the number of total correct pairs
.

Notice that this definition is traditionally viewed as recall, and companied with which a preci-
sion is usually defined in parallel, since recall and precision are usually a counter pair. However,
from its definition, we can see that PPE can precisely evaluate the segmentation by itself alone,
and the position pair precision would change in the same way as PPE if we had defined such a
precision as the proportion of automatically generated corrected position pairs to all the auto-
matically generated position pairs. Another reason that we don’t consider position pair precision
is that we only care how big part of the sentence is correctly segmented automatically, and not
care into how many pieces the remaining part of the sentence is segmented, although this will
influence the value of position pair precision.

Let’s use the previous example to show how PPE works. The considered sentence and its
positions are: (0)º(1)´(2)Ï(3)�(4)�(5)í(6)�(7) 6(8)Ä(9)�(10))(11)�(12)"Position
pairs in the correct segmentation (by hand) are as following: (0,1)º(1,2)´(2,4)Ï�(4,6)�
í(6,7)�(7,9)6Ä(9,11)�)(11,12)�. Here we get totally eight pairs. The position pairs in the
automatic segmentation are: (0,2)º´(2,4)Ï�(4,7)�í�(7,9)6Ä(9,12)�)�. Comparing
these two sets of position pairs, we conclude there are two correct position pairs in the automatic
segmentation, i.e., (2,4),(7,9). Then the PPE value of this automatic segmentation is equal to
2/8. Notice that from the PPE point of view, another automatic segmentation of this sentence,



i.e.,(0,2)º´(2,4)Ï�(4,5)�(5,6)í(6,7)�(7,9)6Ä(9,12)�)�, will be viewed as good as
the previous one since they have the same PPE value, although the latter one segments �
í� into more parts, which would lead to a smaller position pair precision value if we had
computed. But since both of these two automatic methods segment �í� incorrectly, it is
hard and meaningless to judge which one is better between segmenting�í� into more pieces
or less. That is why we don’t consider the position pair precision but only position pair recall,
i.e., the PPE.

Obviously the PPE value is less than or equal to Rl. A high PPE value means not only high
value of correct locations, but also that of correct words extracted. Therefore, the PPE value is
more rigorous than both the location evaluation and the word evaluation. Obviously, PPE = 1
means a perfect segmentation. We use the PPE as the criterion to evaluate our segmentation
method. We will also compute and list some of the Pw and Rw values as references since some
other people use them as the evaluation metrics.

5 Experiments and Results

We conducted experiment of our method on a 16.4M Chinese text corpus in BIG5. It is a
collection of modifications on Hong Kong laws. We limited the considered string length to six.
Just as discussed before, we consider three types of target functions, each of which contains one
or two parameters used to define the exact function. We estimated that too big values for these
parameters would not be practical and would not perform well, hence, in our experiments, we
only limited the values of the parameters b, c and d to be: 1 ≤ b ≤ 7, 0 ≤ c ≤ 7 and d = 1, or
2. In some experiments, we regard single-character string equally with multi-character strings,
while in other experiments, we define the value of each target function on them as zero. We also
considered different thresholds of AV value so that the values of the target functions on those
substrings with AV values smaller than the thresholds would be set to a very small negative
number. We computed and listed the PPE values for all the cases. For word precision Pw and
word recall Rw, we only considered the cases with high PPE values.

For computing the values of PPE, Rw and Pw, we randomly chose 2000 sentences and seg-
mented them by hand. Then we obtained the position pairs of these hand-segmented sentences.
Then we compared the automatically segmented results with the hand-segmented results of these
2000 randomly chosen sentences. The values of word precision Pw, word recall Rw and PPE
were computed in the same way as we described in Section 4, that is: Pw is equal to the number
of words extracted both by the automatic method and by the hand segmentation divided by
the number of words extracted by the automatic method; Rw is equal to the number of words
extracted both by the automatic method and by the hand segmentation divided by the number
of words extracted by the hand segmentation. PPE is equal to the number of position pairs
occurring in both the automatic method and the hand segmentation divided by the number of
position pairs occurring in the hand segmentation. These numbers can be calculated automat-
ically after the 2000 sample sentences were segmented by hand and automatically. Notice that
the AV values of all the substrings used in the automatic segmentation module were obtained
from the whole corpus.

For each function type, each word length, we compute the Pw, Rw and PPE values of the
experiment result with different function parameters. For each function type, we assign different
values to the parameters, i.e., b, c, d as described before, to evaluate the performance of the
algorithm with the corresponding different target functions. Just as mentioned before, we handle
single character strings in two ways: in one way, denoted as wayI, we regard them just the same
as we deal with multi-character strings, and in the other way, denoted as wayII, we always assign
the function value on them as zero. The experiments show that the algorithm performs much
better when we deal with single character strings in the second way than in the first. This



Functions PPE value in wayI PPE value in wayII AV threshold
|W ||W | ×AV (W )2 22.7% 60.9% 2
|W | × (AV (W ))2 45.7% 66.0% 2
|W |3 × (AV (W ))2 42.6% 64.9% 2
|W ||W | × (AV (W )) 0.4% 48% 2
|W | × (AV (W )) 45.1% 65.2% 2
|W |0 × (AV (W ))2 47.9% 66.0% 2
|W |2 × (AV (W ))2 42.7% 65.0% 2

Table 1: PPE Value Contrast between WayI and WayII

Functions Pw of Word Length 2-6,2-4,2,3,4,5,6 AV threshhold
|W ||W | ×AV (W )2 71.6%,75.96%,86.38%,37.28%,

51.88%,38.78%,29.36%
3

|W | × (AV (W ))2 72.25%,72.19%,79.42%,29.78%,
52.94%,80%,100%

3

|W |3 × (AV (W ))2 72.6%,72.84%,81.49%,30.29%,
60.94%,50.0%,66.67%

3

|W |2 × (AV (W ))2 76.55%,76.55%,85.58%,28.57%,
66.67%,66.67%,100%

3

|W |0 × (AV (W ))2 74%,73.96%,82.51%,28.01%,
68.18%,83.33%,100%

3

|W ||W | ×AV (W ) 55.15%,65.12%,86.48%,31.20%,
34.49%,18.82%,28.36%

3

|W | ×AV (W ) 75.54%,75.49%,83.99%,28.42%,
63.33%,72.72%,100%

3

|W |2 ×AV (W ) 73.54%,73.62%,84.33%,27.30%,
50.65%,60%,70%

3

Table 2: Word Precision Pw for the Unsupervised Segmentation

contrast is distinctly observed in Table 1, in which we list the PPE values of the experiment
results of some functions in the two cases. To show the relationships between word recall, word
precision and PPE value, and to compare the performances of different target functions, we
choose some functions and list their performance in Table 2 for word precision, in Table 3 for
word recall, and in Table 4 for PPE value. Notice that all the results shown in Table 2, 3 and
4 are taken under the situation that single character strings are handled in the second way.

We can see from the above tables that the PPE value accords more with pw value than with
Rw value, and that models with polynomial target functions have obviously high PPE values
than those of exponential or logarithm target functions.

6 Conclusion

In this paper, we consider the unsupervised Chinese text segmentation problem and solve the
problem by transforming it to a maximization optimization problem. We try to find the tar-
get function with best performance. We consider three forms of functions, i.e., polynomials,
exponentials and logarithms, and combine them to form the target functions. Then the max-
imization problem can be solved by using the dynamic programming. Our experiments show
that the polynomial type functions perform much better than the other two types of functions



Functions Rw of Word Length 2-6,2-4,2,3,4,5,6 AV threshhold
|W ||W | ×AV (W )2 75.28%,77.27%,89.69%,45.11%,

32.04%,44.68%,42.31%
3

|W ||W | ×AV (W )2 71.43%,73.4%,85.29%,42.39%,
30.39%,40.43%,38.46%

9

|W | × (AV (W ))2 66.31%,69.53%,85.29%,28.80%,
12.15%,12.77%,0.0%

9

|W |3 × (AV (W ))2 71.49%,74.67%,89.78%,38.59%,
16.57%,17.02%,11.54%

3

|W |3 × (AV (W ))2 67.95%,71%,85.29%,36.41%,
16.57%,14.89%,11.54%

9

|W |2 × (AV (W ))2 67.00%,70.13%,85.29%,32.61%,
13.26%,14.89%,3.84%

9

|W |0 × (AV (W ))2 65.74%,68.93%,85.29%,26.63%,
9.39%,12.77%,0.0%

9

|W ||W | ×AV (W ) 76.36%,78.13%,85.29%,57.61%,
54.14%,55.32%,38.46%

9

|W | ×AV (W ) 66.81%,70%,85.29%,32.61%,
12.15%,12.77%,3.84%

9

Table 3: Word Recall Rw for the Unsupervised Segmentation

Functions PPE of the segmentation functions AV threshhold
2|W | × log AV (W ) 53.83% 9
|W ||W | ×AV (W )2 61.34% 3
|W | ×AV (W )2 67.01% 9
|W |2 ×AV (W )2 65.48% 4
|W |0 ×AV (W )2 66.81% 5
|W ||W | ×AV (W ) 50.28% 3
|W | ×AV (W ) 65.76% 4
|W |0 ×AV (W ) 66.79% 6
|W | × log AV (W ) 57.77% 3

Table 4: Position Pair Evaluation PPE for the Unsupervised Segmentation



in PPE. Over all experiments, the best performances on word recall Rw, word precision Pw

and position pair evaluation PPE of all word lengths are around 78%(with word precision 76%,
PPE value 61.34%), 79%(with word recall 70.13%, PPE value 65.48%), and 67% (with word
recall 69.53%, word precision 77.85%), respectively. This result is quite comparative to those in
the recent published unsupervised segmentation methods, e.g., 75.1% precision and 74% recall
in Peng and Schuurmans (2001), 81.2% precision and 81.1% recall in Huang and Powers (2002).
Hence, our method is acceptable for fulfilling the task of unsupervised Chinese text segmentation,
and is suitable for processing large data due to its simplicity.
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