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Digital libraries store materials in electronic format. Re-
search and development in digital libraries includes con-
tent creation, conversion, indexing, organization, and
dissemination. The key technological issues are how to
search and display desired selections from and across
large collections effectively [Schatz & Chen, 1996]. Dig-
ital library research projects (DLI-1) sponsored by NSF/
DARPA/NASA have a common theme of bringing search
to the net, which is the flagship research effort for the
National Information Infrastructure (NII) in the United
States. A repository is an indexed collection of objects.
Indexing is an important task for searching. The better
the indexing, the better the searching result. Developing
a universal digital library has been the dream of many
researchers, however, there are still many problems to
be solved before such a vision is fulfilled. The most
critical is to support a cross-lingual retrieval or multilin-
gual digital library. Much work has been done on English
information retrieval, however, there is relatively less
work on Chinese information retrieval. In this article, we
focus on Chinese indexing, which is the foundation of
Chinese and cross-lingual information retrieval. The
smallest indexing units in Chinese digital libraries are
words, while the smallest units in a Chinese sentence
are characters. However, Chinese text has no delimiter
to mark word boundaries as it is in English text. In
English or other languages using Roman or Greek-based
orthographies, often, spacing reliably indicates word
boundaries. In Chinese, a number of characters are
placed together without any delimiters indicating the
boundaries between consecutive characters. In this ar-
ticle, we investigate the combination and boundary de-
tection approaches based on mutual information for
segmentation. The combination approach combines n-
grams to form words with more number of characters. In
the combination approach Algorithm 1 does not allow
overlapping of n-grams while Algorithm 2 does. The
boundary detection approach detects the segmentation
points on a sentence based on the values and the
change of values of the mutual information. Experiments
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are conducted to evaluate their performances. An inter-
face of the system is also presented to show how a
Chinese web page is downloaded, the text in the page
filtered, and segmented into words. The segmented
words can be submitted for indexing or new unknown
words can be identified and submitted to a dictionary.

1. Introduction

The research in a digital library is focused on developing
tools, technologies, and concepts to use the inherent mean-
ing and knowledge in digital collections effectively. For
users, an intelligent search and retrieval of the useful infor-
mation is desired. In order to achieve successful searching,
indexing on the electronic documents is important.

Indexing has been one of the most important research
issues in information science. Without proper indexes,
search and retrieval of information are impossible. A tradi-
tional indexer recognizes and selects the essence and then
represents it. However, traditional indexing is time consum-
ing and expensive. An automatic indexer is desired and it is
critical to the success of the generation of concept spaces
[Schatz & Chen, 1996; Schatz, Mischo, Cole, Hardin,
Bishop, & Chen, 1996; Schatz, Mischo, Cole, et al., 1999].
In order to index a document, extracted concepts of the
document are input pattern to a concept space, which is
represented as a Hopfield network. The parallel spreading
activation process produces a new set of concepts that are
relevant to the concepts of the input document [Chen, Ng,
Martinez, & Schatz, 1997]. Much research has been done on
English indexing, while it is relatively less so in Chinese
indexing. An efficient and effective Chinese segmentation is
essential for the success of Chinese indexing.

The population in Mainland China is 1.2 billion and there
are Chinese living all over the world. For some major cities
in North America, such as Vancouver, Toronto, and San
Francisco, the Chinese may not be considered a minority
anymore. The number of users and collections providers of
Chinese information in the world is unimaginable. As a
result, the need for research and development in Chinese
information retrieval and a digital library is obvious.
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Cross-lingual information retrieval has been one of theproach, and the hybrid approach based on statistical and
focuses of digital library research recently. The DLI-2 is lexical information.
actively promoting activities and processes that cross the
boundaries of language and politics. A new program in .
International Digitz?l Li%raries gollaborative Regea?ch hasz'1 Statistical Approach
been initiated [Schatz & Chen, 1999]. Based on these rea- Sproat and Shih [1990] uses mutual information as a
sons, Chinese indexing and information retrieval is crucialktatistical measurement of any two characters. Two adjacent
for the future development of cross-lingual information characters with the highest value of mutual information are
retrieval between Chinese languages and other western aedtracted first. Bi-grams are recursively extracted until no
Asian languages. more pairs can be extracted. A lower limit is set, below
Information retrieval in English has over 30 years of which association strength characters are not grouped. Rig-
history, however, information retrieval in Chinese is rela-orous experiments are conducted and 94% of the segmen-
tively recent [Ikehara, Shirai, & Kawaoka, 1995]. Written tation is correct. The failure occurs on common words with
Chinese consists of strings of characters (or ideographshsufficient representation in corpus, unpopular technical
separated by punctuation. A character can perform as &rms, styles not well represented in corpus such as fortune-
word with meaning(s) or function as an alphabet forming atelling, and extracting wrong bi-grams out of several pos-
short word with one or more adjacent characters and havingible groupings. Sproat and Shih’s technique only extracts
specific meaning [Ikehara, Shirai, & Kawaoka, 1995]. Thebi-grams, however, most of the unknown words such as
first step of word-based indexing is segmentation. Segmemames and technical terms contain more than two characters
tation is the process of breaking a string of characters int@and long words are often used for indexing.
words. In other words, segmentation is determining the Lua [1990] investigates the formation of Chinese words
boundaries of single or multicharacter words in a stringfrom characters by observing the change in information
Unlike English, written Chinese does not have explicit wordcontent. The concept is similar to energy change of a
boundaries. Word segmentation in Chinese is known to benolecule from its constituent atoms. A gain in information
a difficult task, especially for unknown words, such ascontent is usually associated with significant deviation from
names, locations, translated terms, technical terms, abbréie meaning of its composing characters. A loss in infor-
viations, etc. mation content often indicates little change in the meaning
Previous work on Chinese word segmentation can bend strong binding between the characters. The loss in
divided into three categories, statistical approach [Ganinformation content for tri-grams and quadra-grams are
Palmer, & Lua, 1996; Lua, 1990; Schatz & Chen, 1996;more significant than the loss in information content for
Sproat & Shih, 1990], a lexical rule-based approach [Niebi-grams. However, it is not due to a change in meaning but
Jin, & Hannaan, 1994; Wang, Pei, Li, & Huang, 1900; Wu simply due to more numbers of characters in the words.
& Tseng, 1995], and a hybrid approach that is based on Chien [1997] developed a PAT-tree-based approach for
statistical and lexical information [Leung & Kan, 1996; Nie, keyword extraction. All of the lexical patterns without lim-
Jin, & Hannaan, 1994]. In newspaper articles, namesitation of pattern length are first extracted. A mutual-infor-
places, organizational and historical events, and specializetiation-based filtering algorithm is then applied to filter out
terms are very common. These words are considered unhe character strings in the PAT tree. A refined method
known words that do not appear in dictionaries. Unknownbased on a common-word lexicon, a general domain corpus
words, such as names, have little linguistic constraints, andnd a keyword determination strategy are utilized finally.
hence, a lexical approach may not be appropriate. Th&he performance is good but building a PAT tree is time
statistical approach is particularly applicable to identify consuming and large space overhead is required. In this
unknown words. In this paper, we investigate two ap-paper, we are investigating a more efficient technique to
proaches based on statistics, the combination approach asdgment a Chinese sentence.
the boundary detection approach. Both of these approaches Several Japanese researchers have also applied statistical
use mutual information between adjacent Chinese chara¢echniques for segmentation and keyword extractions for
ters orn-grams. Experiments are conducted to evaluate howapanese documents [lkehara, Shirai, & Kawaoka, 1995;
these approaches perform in segmentation on newspap@gawa & lwasaki, 1995]. Frequency data were used to
articles on the web. Experimental results show that thendex n-grams and extract collocations from very large
proposed boundary detection approach performs well iddapanese corpora.
segmenting the unknown words. A system interface is also
presented to show how web-bz_ised news articles are (.JIOWE'.Z Lexical Rule-Based Approach and Hybrid Approach
loaded, segmented, and submitted for further processing Nsing Lexical and Statistical Information
the Chinese information retrieval system. 9
The major concerns of lexical rule-based approach are
2. Word Segmentation how to deal with ambiguities in segmentation, and how to
There are three major approaches to Chinese segmentaxtend the lexicon beyond dictionary entries. The lexical
tion, the statistical approach, the lexical rule-based aprule-based approach that deals with mentation ambiguities
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is also known as the dictionary-based approach and the mobtutual information of two characters shows how strongly
popular method is the maximum matching method. Startinghese characters associated with one another. If the charac-
from the beginning or end of a sentence, the maximunters are independent to one anothi(c;, c;) equals to
matching method groups the longest initial sequence oP(c;) P(c;). Substituting into Eq. 2i(c;, ¢;) equals to 0. If
characters that matches a dictionary entry as a word, thesg andc; are highly correlated,(c;, ¢;) increase.
are called forward maximum matching and backward max- Similarly, computing mutual information between bi-
imum matching. The idea is to minimize the number ofgram and uni-gram €c;][c,] or [c][c;c,]) is as follows:
words segmented. A variation of the maximum matching is
the minimum matching or shortest matching, which treats a Nf[ccic]
word as the shortest initial string of characters that match &(Cc;, ¢) = loQZ(f[c-c-]f[qJ) nd
dictionary entry. Leun and Kan [1996] have developed a H
parallel maximum matching algorithm that increases the (¢, cc) = Iog( Nf[CiCjCk]> 3)
execution speed. Some other techniques in the lexical rule- . 2\flclflcicd)
based approach depend on constraint satisfaction based on
syntactic or semantic [Yeh & Lee, 1900] and lexical heu-Computing mutual information between bi-gram and bi-
ristics [Chen & Liu, 1992]. For example, Yeh and Lee usegram ([c,c;][c,ci]) is as follows:
a unification-based approach. Some others depend on lexi-
cal heuristics.

Many researchers have also developed techniques based I(cic;, cc) = Iogz<
on the hybrid approach using lexical and statistical infor-
mation. For example, Nie and colleagues [1994, 1995] first ) ) . . ]
segment the text using the maximum-matching approacﬁ:omputmg mutual information bgtween tri-gram and uni-
and then utilize the statistical method to locate and propos€am ([ciciedlel or ([ci]l¢eci]) is as follows:
candidates for the unknown words contained in the seg-

Nf iGiCkC
[cccc]) @

f [Cicj]f [ccl]

mented results of the maximum-matching method (see Farl _ Nf[cicicc] d
and Tsai's work using relaxation technique [1988]). (Cicice ©) = log, flccedflcl :
In this article, we focus on the statistical approach using

. . Nf[cic.cc
mutual information. 16 66) = IOg?(f[cgf[éécl]]>' 5)
i GGl
3. Mutual Information

. . . . 4. Segmentation Based on Combination and
Mutual informationl (a, b) is the statistical measurement Boundary Detection

of association between two events,and b. In Chinese
segmentation, mutual informatioh(c,, c,), measures as We investigate two approaches of segmentation, combi-
sociation between two consecutive characteyandc,, in  nation and boundary detection. In the previous studies
a sentence. Characters that are highly associated are cd@hen, He, Xu, Gey, & Meggs, 1997; Sproat & Shih, 1990],
sidered to be grouped together to form words. mutual information is used to extract bi-grantsgrams
Equation (1) shows the computation of mutual informa-with more than two characters are not segmented. Although
tion of eventa andb, whereP(a, b) denotes joint proba- approximately 70% of Chinese words are bi-grams [Sproat
bility of eventsa andb, andP(a) andP(b) denote proba- & Shih, 1990], most of the names, places, organizational

bilities of eventa and evenb. and historical events, and specialized terms in various fields
of studies that are used for indexing are not bi-grams. These
Pla, b] words usually contain three characters or more. Techniques
I(a, b) = logZ(P[a]P[b])' (1) for segmentingi-grams with more than two characters are
desired.

The first approach is based on the combination of seg-
mentedn-grams to form words with numbers of characters
more tham. In this approach, we develop two algorithms.
The second algorithm allows overlapping in the segmented
n-grams, but the first algorithm does not allow so.

The second approach is based on boundary detection.
The boundary of a word usually occurs at the mutual infor-
mation value lower than a threshold and/or local minimum
of mutual information values in a sentence. For edge detec-
I(c,c) = lo N =lo Nf[c, ¢ @ tion in image analysis, a pixel is considered an edge point

"G % f(c) f(c) % flalflg] (or boundary) if there is an abrupt gray-level change. Gra-

N N dient operators, such as Roberts operator [Roberts, 1977].

For Chinese segmentation, probability of charactegr,is
the frequency of;( f[c;]) divided by the total number of
characters in the corpubl. Joint probability of two char-
actersc; andg;, is the frequency o€; followed by ¢;( f[c;,
¢]) divided by N. Therefore, mutual information af and
¢; is computed as follows:

f(c, G)
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Smoothed operator [Davis, 1975], and Sobel operator [Pretri-gram (c,C,C3), the segmented-grams in the sentence
witt, 1970], are used in image edge detection. In our boundare (€,c,C3), (C,C,) and (€5C,).

ary detection approach for Chinese segmentation, we use In some conditions, a portion of amgram may combine
the mutual information and the analogy of the edge detecwith anothern-gram to form such a word that the two
tion technique on images. If the mutual information value isoriginal n-grams and the combined-gram are all valid
less than a threshold, it means the two characters are inderords. For example, given two bi-gramsgz ) (Acquired
pendent and therefore it is considered a segmentation poirinmune Deficiency Syndrome’s [AIDS] Chinese abbrevia-
Similar to gradient operators in image edge detectiontion) and g #) (virus), ¢ ) (AIDS’s Chinese abbrevia-
change in mutual information value is used to detect thaion) can combine with the first characteggs) (disease), of
points of valley and bowl shape curve. These abrupthe second bi-gram, =) (virus), to form a tri-gram
changes in mutual information values are employed to dets %) (AIDS’s Chinese translation).

tect the segmentation points.

4.1 Combination

Algorithm 1

1. Counting occurrence frequencies
Obtain occurrence frequencies for all possitgrams, for
n=1to 4.

2. Extracting bi-grams
Compute mutual information for atl-grams. Determine the
bi-grams with the highest mutual information value and
remove it from the sentence. Repeat the removal of bi-grams
until no more bi-gram existing in the sentence or the mutual
information values are less than a threshdid [Sproat &
Shih, 1990].

3. Combining the extracted bi-grams and uni-grams to form
tri-grams
Compute the mutual information for all possible combina-
tions of uni-gram and bi-gram to form tri-grams, i.e., (bi-
gram, uni-gram) or (uni-gram, bi-gram). Combine the bi-
grams and uni-grams with the highest mutual information
value until no such patterns exist in the sentence or the
mutual information values are less than a threshdld,

4. Combining the extracted tri-grams, bi-grams and uni-grams
to form quadra-grams
Compute the mutual information for all possible combina-
tions of uni-grams, bi-grams and tri-grams to form quadra-
grams, i.e., [uni-gram, tri-gram], or [bi-gram, bigram], [tri-
gram, uni-gram]. Combine the uni-grams, bi-grams, or tri-
grams with the highest mutual information value until no
such patterns exist in the sentence or the mutual information
values are less than a threshold,

Algorithm 2

Steps 1 and 2 are the same as those in Algorithm

However, in Steps 3 and 4, portions of the extracted bi
grams and tri-grams are allowed to combine with othe
tri-grams, bi-grams, and uni-grams. For example, given tw

consecutive bi-gramsg{c,) and (5C,), it allows to com-
bine (c,) and (csc,) or (c,C,) and (3) to form tri-grams
(c,c5C3) or (c,c5c,). Although the portion of an-gram,A,

is combined with another-gram,B, to form a newn-gram,

1

r

The following example is used to illustrate how Algo-
rithm 1 and Algorithm 2 are processed.

Example
Sentence: ¥ ¥ £ E M 1 W O’ ®x £ R
I(cr,c) 187 4.67 926 149 1.14 1038 051 510 1.83 7.60

Sentence in English: The guests ceremony will include the
country chairman.

Algorithm 1

In Step 2, the sentence is segmented 10x#) (3= 2)
(i) (m+5) (%) (£ R ([ceremony] [guests] [will] [in-
clude] [country] [chairman]). In Step 3, there are only two
possible tri-grams that can be combined from the bi-grams
and uni-grams obtained from Step 2, i.egr4£) (4%)
(Tguest] [will]) and @) (& #5) ([will] [include]). The mu-
tual information value of & ) (4%) is higher than that of
(4%) (&2 #%), however, both mutual information values are
less than the thresholds of 5.z &) and {&) are not
combined. The sentence is not further combined in this step.
In Step 4, &) (52 %&) ([ceremony] [guest]), M &)

(B %) ([include] [country]), @ %) (& ) ([country]
[chairman]) are the possible combinations to form quadra-

grams. Given 5.0 as the threshold, the sentence is segmented
(1 52 %) (%) (215) @ %K) (£ %) ((The guest of cer-
emony] [will] [include] [country] [chairman]).

Algorithm 2

Steps 1 and 2 in this algorithm are the same as those in
Algorithm 1. Possible tri-grams that can be combined from
the bi-grams and uni-grams in Step 2 atesfs) (), (&)
(F250), (320 (%), O (@18), (G (&), (5) @ %),
(B %) (%), (%) (= #). The possible combinations are four
times more than those in Algorithm 1. If the threshold is 5.0,
the sentence is segmented to#2) (X182 (22 2) (%)
(& #5) (&%) (=) in Step 3. Possible quadra-grams that
¢an be combined from tri-grams, bi-grams, and uni-grams

are @& ) (= %), (B %) @ %), @ %) (& %) The sen-
tence is segmented to:Gig 22) (E8 2=Z&) (%) (#5)

Y %) (3= ) in Step 4.

4.2 Boundary Detection

C, the originaln-gram, A, is still saved as a segmented 1. Counting occurrence frequencies

n-gram in the sentence. For example,d,] and [c5] is
combined from two bi-gramsc(c,) and (sc,) to form a
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2. Compute mutual information for all bi-grams
3. Determine the segmentation points
a. If the mutual information value for a bi-gram is less than
a threshold;T,, the point between the two characters in
the bi-gram is treated as the segmentation padiptis
greater than or equal to 0.
b. Given a string of charact®r..,¢;_;, G, Cj11, Cjia
Citzevo
Determine the valley point:
If 1(c;—4, ¢;) > I(c, ¢44) and
1(C1 1, C12) > 1(Cy, €1 a)
Then the point betweeg, andc;, , is a valley point
and the point is treated as a segmentation point
Determine the points of bowl shape curve;
If 1(c;, ¢0) — 1(Cj_1, ¢) < 0 and
l(cj+2! CJ+3) - l(CJ+1r CJ+2) > 0 and
I[e 1, ¢l =g, ¢4 4l
||[ij R Rl | [ O 2|l
I[Cj+2vcj+3]7 l[cj+1vcj+2]
|I[ijcj Y Rl | [ WY 42l -l
whereT, is a threshold
Then the points between andc; ., ; and betweem; . ;
andc; . , are points of bowl shape curve, these points
are treated as a segmentation points

>T,and

2 0% 8 wH @

Mutual information values of the sentente# B 2 # % & % F* JE.

% E 0B

field]). The smallest the threshold is, the largest the seg-
ments’ size is after processing.

Example 2
Sentence: £ # # ®H # #f£ #H W X £ &
Iewe) 1.87 4.67 926 149 1.14 1038 051 510 183 7.60

Sentence in English: The guests of ceremony will include
the country chairman.

If T, = 1.0, onesegmentation point is found between
ttand BE. The sentence is segmented tox: (
2y 0 3E) (B % 3= mE). Three valley points are de-
tected and the sentence is further segmented to
(=) (&35 (®%) (3= 5%) ((The guest of cere-
mony will] [include] [the country] [chairman]). In addition,
two points of bowl shape curve are found where one of
these two points has already been detected as valley points.
The sentence is further segmented to # z= &) (%)

(2 #) @ %) (£ ) ([The guests of ceremony] [will]
[include] [the country] [chairman]).

As discussed in Section 3, if two characters are inde-
pendent to one another, the mutual information equals to
0. The threshold,T;, is set as 1 in our experiments

For example, given the following sentence and the com{Section 5). The value of 1 is determined experimentally.

puted mutual information values,

Example 1
Sentence: 1 B K &3 H Ed "M b H
I(ci,c;) 469 0.18 6.13 -146 -030 4.07 0.00 -030 787

Sentence in English: The newly discovered oil field in
Mainland Chira . . .

If T, = 0, the sentence is segmented #08{ k%) ()
(1) (%) (wm) ((Mainland China] [new] [discoveredpd-
jective markef [oil field]). If T, = 0.5, thesentence is

segmented tos{i) (kkx) (#7) (8317) () Gim) ([China]
[Mainland] [new] [discovered] ddjective markdr [oil

344

We also observe that, evenTf is set to 0, many of the
missing segmentation points will be determined as points
of valley or bowl shape curve. Setting the value Tof
between 0 and 1 does not change the segmentation result
significantly.

T, is used to determine the segmentation points for the
bowl shape curve. If the changes of mutual information
betweenl(c;_4, ¢;) andI(cj, ¢j.;) and betweer (c;. ,,
Cj+3) andl(c, 4, Cj1,) are significantly larger than the
change of mutual information betwesdrc;, c;,,) and
1(¢j+1, Cj+2), the points between; andc; . ; and between
Cj+, andc;, are considered as segmentation points. Ex-

]
perimentally, we have s@at, as 2. The bowl shape curve is
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Table 1. N-gram size in testbed. Table 3. Average speed (clock time) of the combination approach and
boundary detection approach on segmenting a document of approximately

n-gram Number of distinch-grams Number ofi-grams 1000 characters.
Uni-gram 4727 3,570,523 Average
Bi-gram 499,469 3,213,203 Algorithm speed
Tri-gram 1,763,629 2,926,959
Quadra-gram 4,456,723 2,710,034 Combination approach—Algorithm 1 10.4seconds
Combination approach—Algorithm 2 14.5seconds
Boundary detection approach 4.2seconds

good at retrieving the uni-grams that are adjective makers
and always attached before or after otlmegrams, e.g.,
#y is an adjective maker (Figure 1). in Table 3. The boundary detection approach is significantly
faster than the combination approach. The boundary detec-
tion approach takes only 4.2 seconds in average while
Algorithm 1 and Algorithm 2 in combination approach take
To evaluate the performance of the two approaches, ah0.4 seconds and 14.5 seconds in average, respectively. The
experiment is conducted. A training corpus is made up opoundary detection approach only utilizes the frequency
Hong Kong local news articles collected from three localtables of unigrams and bi-grams. However, the combination
newspaper web sites, which include Apple Daily, Ming Pao,2pproach utilizes the frequency tables of unigrams, bi-
and Sing Tao Daily. The size of the collection is about 159rams, tri-grams, and quadra-grams. The combination ap-
Mbytes. There are a total of 3514 documents and 3,570,52Broach is more time consuming in retrieving data from the
characters in the testbed. The occurrence frequencies of 4flequency tables. The procedures of combining unigrams,
uni-grams, bi-grams, tri-grams, and quadra-grams are oHbi-grams and tri-grams are also more tedious than recogniz-
tained. Table 1 shows the numbermfjrams collected in ing the valley and bowl shape patterns in the boundary
the testbed. We perform the segmentation using the combfletection approach.
nation and boundary detection approaches and their results As & conclusion, we find that the boundary detection
are compared. approach is more efficient and accurate than the combina-
To measure the accuracy, all the documents are firdion approach.
segmented manually, the manual segmentation results are
then pompared with the segmentation regults using the COM 1 Discussion
bination approach and boundary detection approach. The
accuracy measures the number of correctly segmemted  Both Algorithm 1 and Algorithm 2 in the combination
grams by the algorithms over the total number of manuallyapproach produce fair segmentation results. However, noise
segmented-grams in all the documents. The correctness ofsegments are produced in Algorithm 2 as by-products and
segmentation is determined syntactically, semantically, angome segmented words can indeed be decomposed into
contextually. Table 2 shows the results of the accuracy. Thehorter word phrases in both algorithms. In some cases,
boundary detection approach has the highest accurasyrong segments are also obtained.
(92%) while the accuracy of the algorithms using the com- Example:
bination approach are only 84% and 83%. Sentence': # E Z M A H B KX T HEIER
The efficiency of the combination approach and bound-% 8 % 2 & X F
ary detection approach is also considered in our experiment. Sentence in English: The guests of ceremony will in-
We conduct the experiment using a Pentium Il 300 MHzclude the chairman of country, Jiang Zemin, and vice-
machine with 256 MB RAM. The clock time of segmenta- president, Qian Qichen.
tion for each document using the combination approach, Using Algorithm 1, the sentence is segmented to
Algorithm 1 and Algorithm 2, and boundary detection ap- (£ # 5 &) (%) (2 #) @ %) (& &) (T # 8) (&) @ @)
proach are recorded. The average clock time taken by eadi ¢ # %) (The guests of ceremony include the country
algorithm for all the documents are computed and presentee¢hairman, Jiang Zemin, and vice president, Qian Qichen).
Wrong segmentsg( «) (38 ¢ £ ) are formed because
bi-grams £ x) (32 &) (& ) are formed in Step 2, where
Table 2. Accuracy of the combination approach and boundary detectioifzs ) is a wrong segmentg# andgg are extracted in Step

5. Experiment

approach on segmentation. 2 becauseq ) and (& #) are already extracted and the
Accuracy mutual mfo_rmafuon of the only possible combination left,
Algorithm (%) ¥ and g is higher than the threshold. The correct seg-
ments are | x4 #) (vice president) andgf & ) (Qian
Combination approach—Algorithm 1 84 Qichen).
Combination approach—Algorithm 2 83 Using Algorithm 2, the sentence is segmented to

Boundary detection approach 92

(£ 18 5) (x4 = %) (guests of ceremony)yf) (will)
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FIG. 2. Mutual information values of the sentengel 2 & H R BT A BRI BEZE R B M.

(& ) (include) % % &) (chairman of country)
(it # ®) (Jiang Zemin) f) (and) @ #8) (2 ) (K %)
(81 4u 78) (vice president) & # 3% (Qian Qichen)
(Rl x4 72 ¢¥). Noise segments {(## z) (2l 48) (2 4%)

segments, g & ) (vice president) andg & 1) (Qian

be combined, may not be able to form a word phrase. This
difficulty does not exist in the boundary detection approach
because the boundary detection approach considers not only
threshold on mutual information but also the changes in
(3 #) (51 #& 7 &%) are also segmented although the correctmutual information.

The boundary detection approach produces good seg-

Qichen) that are not segmented by Algorithm 1, are rementation result. The accuracy is 92%. In Figures 2 t& 7,
represents the segmentation points detected by thre®@old,
represents the valley points, akdepresents points of bowl
shape curve. Inaccuracy may occur in the following situa-
Sentence in English: move to and place at the Victoridgions:

trieved.
Example:
Sentenceidft & T # B 1B i

Park.
Using Algorithm 1, the sentence is segmentedi#oif)
(&) (4= = # #%) ([move] [to] [place at the Victoria Park]).

Indeed, £ @ # j%) should be segmented ag (&) (i #%)
becauseg [g is the name of a park anglg # is a verb

meaning “place at.” It is combined in Step 4 because the

mutual information of £ &) and §g& #) is higher than the
threshold.

Wrong segmentation and word phrases are not able to
decompose into shorter word phrases using the combination

approach because it is difficult to obtain an appropriate
threshold in Steps 3 and 4 of the algorithms. The average of
the mutual information values for combining bi-gram and
uni-gram or bi-gram and bi-gram or tri-gram and uni-gramFor the sentence in Figure B 3 > #& o H #% #% 77

are relatively higher than the mutual information values forx 2 % # & % # B # # (The Pillar of Shame has
combining uni-gram and uni-gram. It is because the frebeen moved from the City University and placed at the
qguency of a bi-gram is usually lower than the frequency ofVictoria Park yesterday), it is segmented @ f& > )

an uni-gram in a corpus. In calculating the mutual informa-(ve B) (#) (& 7)) (k& 2) (3 ¥ &) () (@& &) (8 %) ((The

tion for two adjacent uni-grams, we divide the probability of Pillar of Shame] [yesterday] [from] [City] [University] [is
the combined bi-gram by the product of the probabilities ofmoved] [to] [Victoria Park] [placed]).1§ #7) (x 2) should

two uni-grams. In calculating the mutual information for be combined sinceg 77 « £ is the name of a university,
other combination of uni-gram, bi-gram or tri-gram, we however, both i 77 (city) and %« £ (university) are
words that appears as separate words frequently. It is diffi-
product of the probabilities of uni-gram, bi-gram, or tri- cult to determines; 7 x 2 as a word using only mutual
gram. Determining an appropriate threshold in Step 3 andéhformation. Yet, the name of the statug, 55 > #: (the
Step 4 for both Algorithm 1 and Algorithm 2 is not easy. In Pillar of Shame), which was made as a memorial for the
some cases, uni-gram and bi-gram, bi-gram and bi-gramJune 4th event that happened at Beijing in 1989, are seg-
tri-gram and uni-gram are not supposed to be combinednented without any problems.

They are combined because their mutual information values For the sentence in Figure 38 i1 & % » Lt & &

are higher than the threshold. However, if a higher threshol@g # g # % #% & 3% & % % & (The Cheung Kong

is selected, some other combinations, which are supposed (bloldings) Limited are selling the Tierra Verde at Tsing Yi

divide the probability of the combined-grams by the

346

¢ Missing segmentation points occur when there is an uni-gram
located between two-grams, e.g..5 [1]) (#9) (¢ &) ([direction]
[adjective markdr{center]) is segmented ags( 1) B9 + ).
Only one segmentation point, betwegn and (1, is detected but
another segmentation point, betwegi anddx, is missed.
o If the first character or the last character is an uni-gram, it may
not be able to be segmented because the left (right) reference
point is not available for the first (last) character.
Some names are segmented into smaller segments because the
names are composed of words that always appear separately.
Overall, the performance on extracting unknown words is excel-
lent. We have tested with several unknown names, events, and
terms in the corpus. Only a few of them cannot be extracted.
However, these missed segments could be retrieved when the size
of the corpus increases.
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Mass Transit Railway station on last Saturday.), it is segsouth east Asia version of Benz and BMW etc. cars lately.),
mented to & & %) (% £ A X) (8 ®) () (F %)  itissegmented tog) (& 47) G& H) (31 A) () (& # ZE #R)
(% o #) (B 2 % 8) ([Cheung Kong (Holdings) Limited] (% % &) (&7 &) (&) (& =) ([Every] [dealers] [lately] [im-
[on last Saturday] [selllddjective markdr{Tsing Yi][Mass  port] [adjective markdr [south east Asia version] [Benz
Transit Railway station] [Tierra Verde]). Unknown words, and] [BMW] [etc.] [cars]). In this sentencgg(and) is an
such as, company namé I #& % (Cheung Kong (Hold- uni-gram between two bi-grams¢ 3 (Benz) andg f§
ings) Limited), location name # (Tsing Yi), and trans- (BMW). The segmentation point betweef and g is
portation name,# g # (MTR station), which are not detected but the segmentation betwegnand % is not
available in the dictionary have been successfully segedetected.
mented. For the sentence in Figure & # %% ¥ 1T & 4 BY

For the sentence in Figure #, 7£ 3% X b & & % H % #% & & = W 2 R £ & B 8w % g (For
— 3 H& @ 8 9 5 mm b 8 (Heislocated at  complaining current senior associate chairman of police
Wong Ta Shin MTR station Platform Number One’s centraldepartment, Lee Ming-kwai at last year returning evening),
location heading to Kwung Tong direction), it is segmented tait is segmented to %) (iz #%) G5 1) (& &) (&) 1)
(s £2) G k) Coavy) (—50) (A e) (| w Fm) (%58 B G () &Ees) @8 6w (For
(w0 = 1) ¢z ®) (He] [at] [Wong Ta Sin] [MTR station] [complaining] [current] [senior] [associate] [chairman of
[number one] [platform] [to Kwung Tong] [direction] [central] police department] [Lee Ming-kwai] [at] [last year] [return-
[location]). The first characten;, (He), should be segmented. ing] [evening]). Names and other words are segmented
However, it is not able to be retrieved because the mutualvithout errors in this sentence.
information of 4 z£ is barely higher than the threshold, 1.0.  For the sentence in Figure 4; # % 2 i 4@
Moreover, it does not have a reference pointon its left, theresg & g T 8 B & & # 7 ¢ # 1 (The guests of
fore, it is not able to determine it as a valley point or a point onceremony include the country chairman, Jiang Zemin, and
the bowl shape curve. vice president, Qian Qichen), it is segmentedio = z)

For the sentence in Figure ¢ % 47 & H &l A ok (i) (& 5) (@ %) (F &) (x 2 B) (&) (@ 4 =) (8 1 %)
I TH AT E % F (Every dealers import ([The guest of ceremony] [will] [include] [country] [chair-
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man] [Jiang Zemin] [and] [vice president] [Qian Qichen]). sentences that originated from news articles not within our
In this sentence, the nameg, % & (Jiang Zemin) ancsg corpus. These articles were published either earlier or later
# m (Qian Qichen), and their positionsg % ¥ & than our corpus. The results show that the accuracy drops
(country chairman) andg| & 3 (vice president) are but not significantly. Most of the words are segmented
segmented without difficulty whiles errors occur using Al- without problems. However, new unknown words that do
gorithm 1 of the combination approach. not appear in our corpus can no longer be identified. The

Experiments are also conducted to test if these apeonclusion is that both of the combination and boundary
proaches are corpus dependent. We have tested Chinedetection approaches are corpus dependent.
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FIG. 8. System interface of the combination and boundary detection approaches for Chinese segmentation.

6. System Interface 1, Combination Algorithm 2, or Boundary Detection, to

N . segment the text inta-grams and displayed on the lowest
The combination and boundary approaches for Chlnes?ext field labeled, “Segmentation result:..” In Figure 2, it

segmentation are implemented as a subsystem of a Chines
Shows the segmentedtgrams of the corresponding web
information retrieval system. The system interface is shown

in Figure 8. page.
Ingthls subsystem, user can input a web page address, in The segmentation result can then be submitted to other
which a Chinese article is presented. Two buttons are avalﬁrOCeSSIng In Figure 2, it shows that user can click on the

tton “Submit to indexing” to index the processmg
able for the user to open the web page on a user- demehome age or click on the button “Submit to Dictionar
browser and retrieve the plain text to a text field in the pag Yt

identify the unknown words that do not exit in the current
interface. In Figure 2, an example of an URL address is . N
dlctlonary and add them to the dictionary. The “Exit” button
submitted, and the corresponding web page is opened on.a
is for the user to get out of the system.
Netscape browser as shown in Figure 9 by clicking on the
button “Go to URL.” User can also click on the button
“Retrieve Plain Text” to retrieve the plain text to the below
text field labeled, “Plain text from URL.” In the retrieved
plain text, the punctuation is replaced by a line break. Chinese indexing is an important task for searching in a
When the plain text is retrieved, user can use any one o€hinese digital library. However, Chinese text does not
the three segmentation techniques, Combination Algorithnhave a delimiter as in English text. Statistical approach for

7. Conclusion
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FIG. 9. A browser showing the webpage used in the example of system interface in Figure 2.
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