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Abstract. We present a study of new word identification (NWI) to improve the
performance of a Chinese word segmenter. In this paper the distribution and
types of new words are discussed empirically. In particular, we focus on the
new words of two surface patterns, which account for more than 80% of new
words in our data sets: NW11 (two-character new word) and NW21 (a bi-
character word followed with a single character). NWI is defined as a problem
of binary classification. A statistical learning approach based on a SVM classi-
fier is used. Different features for NWI are explored, including in-word prob-
ability of a character (IWP), the analogy between new words and lexicon
words, anti-word list, and frequency in documents. The experiments show that
these features are useful for NWI. The F-scores of NWI we achieved are 64.4%
and 54.7% for NW11 and NW21, respectively. The overall performance of the
Chinese word segmenter could be improved by R, 24.5% and F-score 6.5% in
PK-close test of the 1st SIGHAN bakeoff. This achieves the performance of
state-of-the-art word segmenters'.

1 Introduction

New word identification (NWI) is one of the most critical issues in Chinese word
segmentation, a fundamental research problem in Chinese natural language process-
ing (NLP). Recent studies (e.g. Sproat and Emerson, 2003; Chen, 2003) show that
more than 60% of word segmentation errors result from new words that are not stored
in a dictionary. Chinese NWI is challenging because of the two main reasons. First,
new words appear constantly. Statistics show that more than 1000 new Chinese words
appear every year (Thesaurus Research Center of Commercial Press, 2003). These
words are mostly domain-specific technical terms (e.g. Y% ‘Windows’) and time-
sensitive political/social /cultural terms (e.g. —/MY{3 ‘Three Represents Theory’,
A ‘SARS’, #§JH ‘oversea returned students’). Only a small amount of them will be
stored as words in the dictionary, while most of them remain as OOV (out of vocabu-
lary). Second, there are no word boundaries in Chinese text, so in most cases, NWI is
better performed simultaneously with Chinese word segmentation which itself is a
challenging task.

While previous approaches explore the use of one or two most promising linguisti-
cally-motivated features and detect new words heuristically, we believe it is better to
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utilize all available features and to make a decision statistically: whether a character
sequence in certain context is a new word or not. In this study, we define NWI as a
binary classification problem, and use a statistical learning approach based on a SVM
(Support Vector Machine) classifier. We then investigate various linguistic and statis-
tical features that can be used in the classifier to improve the performance of NWI. In
addition, other classifiers (e.g. Decision Tree, Naive Bayes, kKNN) are also suitable for
NWI, but we don’t attempt to compare these classifiers in this paper. These features
include: in-word probability of a character, the analogy between new words and lexi-
con words, anti-word list and the frequency in documents. We evaluate the perform-
ance of NWTI in terms of F-score (i.e. a balance of precision and recall, B =1) and R,
(i.e. the recalling ratio of OOV words), using SIGHAN bakeoff corpus. Our models
achieve F-score of 64.4% for NW11 (two-character new word) and 54.7% for NW21
(bi-character word followed with a single character). Enhancing a Chinese word seg-
menter by using NWI engine as a post procession, we improve the R, and F-score of
the segmenter by 24.5% and 6.5% respectively

The rest of this paper is structured as follows. Section 2 presents previous work.
Section 3 defines the new words in this study. Section 4 describes our approach in
detail. Section 5 presents experimental results. Section 6 presents error analysis and
discussion. Finally, we draw conclusions and propose future work in Section 7.

2 Previous Work

Previous approaches focus on the use of one or two linguistically-motivated features
to detect new words heuristically. For example, Chen (2003) used only one feature for
NWI: the probability of a character being inside a word, referred to as IWP after-
wards. He then assumed that two adjacent characters form a new word if the product
of their IWP is larger than a pre-set threshold. Chen reports that an improvement of
11% for Roov and 0.08% for F-score after his word segmenter has been enhanced by
the NWI engine.

In addition to IWP, Wu (2002) used another feature: the likelihood score that
represents, given a word as well as its part-of-speech tag and length, how likely a
character appears in certain position within the word. Wu then reports an F-score of
56% for NWI. Wu also integrates it into a parser and it turns out that about 85% of the
identified new words are real words. Other features explored previous include mutual
information, context dependency, relative frequency and so on (e.g. Gao, 2002; Nie,
1995; Luo, 2003; Chiang, 1992).

We think that all of these features, either proposed previously or to be described
below, are valuable for NWI and in many cases can complement each other. So in this
study, we consequently define the NWI as a binary classification problem, and ex-
plore ways of combining various feature functions in a statistical classifier. We also
notice that to make our method feasible, all features should be easily obtained from
corpus or lexicon. Before we present our approach, we first define the scope of new
words we will explore in this study.
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3 Problem Statement

General speaking, a new word is any word that is not stored in a lexicon. But in this
paper, we focus on identifying those words that cannot be detected by a certain Chi-
nese word segmenter described in Gao et al. (2003). In Gao’s segmenter, Chinese
words are defined as one of the following four types: lexicon words (LW), morpho-

logically derived words (MDW), factoids?, and named entities (NE). Though the four
types except the lexicon words have been considered as new words in previous re-
search, they are not defined as new words in this study. We focus on new words
(NW) that are mostly time-sensitive concepts and can be hardly grouped into any
word type.
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Fig. 1. The percentage of each OOV word type

We investigate the distribution of new words on PK corpus* (4.7MB training set
and 89KB test set), which is a subset of the first SIGHAN bakeoff corpora. Fig. 1
shows the distributions of words that are not stored in the dictionary (OOV), includ-
ing words of the type MDW, factoid, NE and NW. We see that NW amount to ap-
proximately 31% of OOV, which indicates a substantial improvement space of NWI
to the performance of the word segmenter. These new words can be classified using
two dimensions. First, from a semantic perspective, NW can be classified into (1)
specific-domain concepts, such as JE#L ‘SARS’, il ‘slap shot’, il % ‘goal’, Hi#k
‘straw mushroom’, #1:F}4% ‘peony’, and (2) abbreviations, such as M1/} ‘network
association’, JLFE ‘cold-proof’, 4 Z ‘council’, LA ‘wage’, #§#5 ‘health care for
marriage’. From a surface pattern perspective, they can be classified into: (1) NW11
(two—character’ new words, ‘1+1°), such as [ x| ‘out of work’, IH{5i ‘dead horse’,
“EAE ‘year of the goat’. (2) NW21 (a bi-character word followed with a single char-
acter, 2+1°), such as FLR%{E ‘azalea’, 354 ‘golden week’, tHE1I% ‘century
monument’; (3) NW12 (a single character followed with a bi-character word, ‘1+2’),
such as #h% 4> “foreign fund’, Kttt ‘the big world’ ; (4) NW22 (two bi-character

2 There are ten types of factoid in Gao’s segmenter: date, time, percentage, money, number,

measure, e-mail, phone number, and URL.

There are three types of named entities: person name, location and organization.
4 Available at http://www .sighan.org/bakeoff2003

3 1In this paper a character means a monosyllable morpheme.

3
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Fig. 2. The percentage of each type of NW

words, 2+2°), such as /£ 4% ‘sanitary ware’ and (5) others. Figure 2 shows the
distribution of NW with different surface patterns and Table 1 shows some examples.

Since NW11 and NW21 amount most of new words (i.e. 84% of all new words in
PK corpus), they are the focus of this study. We explore them in more detail below.
We observe that each character of a NW11 is usually the abbreviated form of another
word (or more precisely, lexicon word). For example, the NW11 fi#152  ‘unscramble’
is composed byfi#t ‘jie3” and 12 ‘du2’, which are respectively the abbreviated forms
of fil#F ‘explain’ and [ ‘read’. Other examples include P41/} ‘network associa-
tion” as PI%% ‘network’ and P2 “‘association’; $IZE ‘executive council’ as $AT
‘executive’ and Z 14> ‘council’. There are of course a few exceptions such as -4
‘year of the goat’, where both 7 ‘yang2’ and 4F ‘nian3’ are one-character words. We
also observed that NW21s are usually dominated by the last character, which had
strong feature to use as a suffix, such asft ‘hual’ offLRSTE , HL]11E; 7 ° of K H &=
‘power generation’, VEAJE ‘quantity of activity’; Mk of [HAHME ‘taxi indus-
try’ 5L “plant industry’.

Table 1. Some samples of new words in PK test

Types Samples

it B, B, IR AR A RS, BT, A T, B 2 IR

P, X, O IR, N B R R, AR R, BB

NW21  FEBSFE, & M, K 2 3, K 8, SR 1 D 2, 56 %, A1 08
NWI2 A3, Kt F R ibg, 2 it B &K, B KT

NW22 DR B4, 97 2 B, A d T A e T

Others A& M olk, By X, W & 2, % BCHE BE, 18 K, 2 2 B,

NW11

There are in general two approaches to NWI. First is to construct a live lexicon
off-line. That is, we extract new words from large corpus using statistical features
such as the frequency of a character string. We then update the existing lexicon using
the extracted new words for on-line applications. For example, Chiang(1992) uses
statistical knowledge, Nie(1995) uses statistical and heuristic knowledge. The second
approach is to detect new words on-line. That is, new words in a sentence or a
document are identified on the fly. This is the approach we apply in this study.
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4 A Binary Classifier for NWI

We define NWI as a binary classification problem. Of the great number of classifiers
we experimented, including Perceptron, Naive Bayes, kNN, SVM and so on, we
choose SVM as our basic classifier due to its robustness, efficiency and high perform-
ance. Other classifiers maybe are also suitable for NWI, but we don’t attempt to com-
pare these classifiers in this paper. SVMs classify data by mapping it into a high (pos-
sibly infinite) dimensional feature space and constructing a maximum margin

hyperplane to separate the classes in that space. We used SVM'#" 6(Joachims, 1999),
which is an implementation of the Support Vector Machine described in Vapnik
(1995). We now consider the features for NWI.

4.1 IWP(c) and IWP(c, pos)

IWP(c) is the probability that a single character ¢ is in a word. It is estimated using
Equation 1, where * is a wild-card matching any Chinese character, and C(.) repre-
sents the number of occurrence in a corpus given that the variable is a word.
C(cx) + C(*cx)+ C(*c) ]
C(c) + C(c*) + C(*c*) + C(*c) M
IWP(c) is also used by Chen (2003) and Wu (2002) to detect NW11s: if the prod-
uct of IWP values of two adjacent characters is larger than a pre-set threshold 4, the

two characters form a NW11, as shown in Equation 2. We use this method as a base-
line in this study.

IWP (¢) =

IF IWP(a)IWP(b)>A4 THEN aand b form a NW11 )

We notice that some characters are more likely to occur in certain positions than in
others within a word. For example, 1 ‘xing4’ usually occurs in the last position of a
word, while>Z ‘1203’ in the first position. Therefore, we take into account the position
within a word in estimating IWP. The extended feature is IWP(c, pos), where pos is
the position of the character ¢ in a word, and can be assigned by three values: pos =1,
2 and 0, indicating the first, middle and last positions, respectively. The values of
IWP(c, pos) can be estimated by Equations 3 - 5.

~ C(cx*)

WP (c,1) = C(c#) + C(%c*) + C(*c) 3)
o C(*c*)

IWP (¢,2) = C(c*)+ C(*c*)+ C(*c) @
B C(*c)

WP (.0 = o T o) + Coe) (&)

6 Available at http://svmlight.joachims.org/
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4.2 Analogy to New Words: F s

We find that some characters can produce words with the same word patterns’. For
example _I= ‘shang1’ can produce: _E¥F ‘go to work’, _E-4F ‘morning’, L[] ‘upside’
etal.; T ‘xia4’ can also produce following words by the former patterns: | ¥ ‘knock
off’, R/~ ‘afternoon’, R[] ‘downside’ et al. Other examples include #L ‘jil” and %
‘chel” with word patterns: f%__, JF_, &%_ , %  etal;fi ‘you3’ and JG ‘wu2’ with:
_ 5, P, _ #letal. We can learn all these word patterns between different characters
in the lexicon. Using them we can make an analogy to new words, such as that the
new word -3} ‘upload’ can be inferred from the lexicon word T#% ‘download’ by
the pattern __#% and the analogy between I and F, by the same token, €4 ‘flying
car’ from KAl ‘plane’, JCJi ‘without means’ from F J; ‘with means’. In what fol-
lows, we will describe in detail how to value the analogy between new words and
lexicon words. First, we give a hypothesis: the two characters can appear more times
in the same word patterns, the analogy between them is more reliable. For example,
according to our lexicon T has the most same word patterns with -, and that there is
a strong preference for them to produce analogous words. Equation 6 shows the valu-
ating principle, where a, c, x, represent a Chinese character respectively, C(.) is just
the same as 4.1.

> {W(ac) W(xe) + W(ca) W(ex)}

ANA( a,x) = W (ac

)= {1 or C(ac), ac is in lexicon

Z ZW( ac)+ W(ca)+ W(xc)+ W(ex)} - 0, otherwise. (6)

c

A matrix of the analogy between all characters can be obtained. If W(ac) is set as
the indicator function, the matrix can be computed simply according to a lexicon or
other segmented corpus, and there is no need to count the frequency of each lexicon
word. If character position is taken into count, there are two values between different
characters counted by (7).

ZW(ca)W(cx) > W(ac) W(xc)

ANA = = ST (W(ac) + Wx)T
(@) > {W(ca)+ W(ex)} ANA @) 2 {W(ac) + W(xe)}

(1

Second, using the quantified analogy value between different characters we can
draw an analogy to new word. Only the character that has the maximum value of the
analogy with the character in new word is used. Equation 8 shows how to make the
analogy to new word ab from lexicon word xb and ax apart. When the character posi-
tion is taken into count, Equation 9 is used.

F iy (ab) = max {W(xb) ANA(a,x)}  Fj, (ab) = max{W(ax) ANA(x,b)} (8)
F.r(ab) =max{W(xb)ANA (a,x)} FZVA, (ab) = max{W(ax) ANA,(x,b)} )

For example, a="F, b= ‘gang3’, when x=_lit gets the maximum value of the
analogy and: F . (ab)=32/(134+91), if W(ac) is an indicator function in Equation

ANA’

7 1In this paper, word pattern is defined that one character in bi-character words is fixed and the
remainder are variable. For example, _ ¥ is a word pattern, some characters such as [, T,
HL, W, 1, % can fill the blank to form Chinese word F¥T, UL, FLHE, ML, (YT, KL,
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6; F o o (ab) =1612/ (1678+1603), if W(ac) =C(ac). That means there are 32 com-

mon word patterns of - and T in the first position, such as I A <
%, O, 4, Hietal.

4.3 Anti-word List and Frequency

As an opposite of IWP, we collect a list of character pairs (called the anti-word list)
where the two adjacent characters are most unlikely to form a word. Table 2 shows
some examples in the last row. But if all these pairs were recorded, it would need a
large amount of memory. In this paper, only when the IWP of one character in the
pair is more than 0.5, it will be recorded. We then define a binary feature Fa (ab). If
ab are in the anti-word list, F5 (ab) = 1, otherwise F, (ab)=0.

Another important feature of new words is its replicability. A new word usually
appears more than once in a document especially the new domain concept, such as
75k “16™ NCCPC’. The number of times a new word w is repeated in the given
document are named Fg(w), for example Fr (-175°K)=7 in PK test set. According to
our statistic data, the average appearance times of new words, in PK test data is 1.79.
Fr (w) divided by the total number of word tokens in the text is used as the feature of
new word frequency. We also notice that if the processing unit is a sentence this fea-
ture will be useless.

All the above features were used for NW11. For NW21, because there was no cer-
tain feature of bi-character Chinese words for new word identification, only IWP(b),
IWP(b,0), F, and Fr are used as features. The baseline model for NW21 simply used
IWP(b) only and a threshold.

5 Experiments

We test our approach using a subset of the SIGHAN bake-off data: PK corpus
(4.7MB training and 89KB test). The training text has been segmented, and contains
news articles from People Daily of 1998. We divided the training set into 20 parts. At
each step, we use one part as development set and the remainder as training. Because
only the lexicon word with the maximum analogy value is used, so the number of
features is not more than 8, training time for NWI models is not more than 2 minutes
and testing time is not more than 1 second with a standard PC (PIII 800Mhz, 512MB) .

We investigate the relative contribution of each feature by generating many ver-
sions of the SVM classifier. Precision (P), Recall (R) and F score (a balance of P and
R, F=2PR/(P+R) ) are used for evaluations in these and following experiments. The
results are shown in Table 2.

From the table, we can see that:

— Using all described features together, the SVM achieves a very good performance
of NWI. The best F score is about 7.1% better than that of the baseline model in
detecting NW11 and about 15.6% better in detecting NW21.

— The use of IWP(c, pos) hurts the performance of NW11 identification, but it did
work for NW21 identification. The reason is that the two characters of a NW11 do
not have fix position property in common lexicon words, but the last character of
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Table 2. The result of several NWI models. + means the feature is added into SVM, Fana
means two features: F*sna and FPsna , Fana: means the character position is concerned, F°sna
means the character position and word frequency are both concerned

Model P R F
Baseline( A =0.675) 0.5799 0.5657 0.5728
WP 0.5174 0.7056 0.5970
IWP+pos 0.5048 0.6796 0.5793
IWP+Fsna 0.5154 0.6537 0.5763

Wil IWP+Eau 0.5333 0.6926 0.6026
ITWP+F° sna® 0.5331 0.6969 0.6041
IWP+Fg 0.5271 0.7143 0.6066
IWP+F, 0.5489 0.7532 0.6350
IWP+Fana: +F4 + Fr 0.5635 0.7489 0.6431
IWP+ FCANA‘ +FA + Fg 0.5748 0.7316 0.6438
Baseline( A =0.95) 0.4066 0.3776 0.3915

NW21 IWP + Fp + Fg 0.3861 0.8243 0.5258
IWP + F, + Fg +pos 0.4094 0.8243 0.5471

NW21 doses have the strong feature to use as a suffix. For example, Though iis
the last character of new word fi#iZ, it is more often as the first character of words
than the last, that is IWP(fi#,1)> IWP(fi#,0).

— Fana has no effect, but Fyy, is indeed effective for NWI. The reason may be that
the analogy between different characters is related with its position inside words.
For example & ‘you3’ and IE ‘bal’ have product analogous words only when they
are located at the finial character position in a word, such as ¥§I ‘saloon’, ¥§ A
‘pot companion’, I ‘internet bar’, X ‘net friend’; whereas in the first posi-
tion& ‘you3’ has the analogy of & ‘xi3” with three common word patterns: __A,
__%, __lif. The effects of Faya also proved that our hypothesis and valuating ap-
proach for the analogy to new words in section 4.3 are right.

— F°sna: has more effective than Fana:. It means that it is more reliable if word fre-
quency is used to value the analogy to new word. The reason maybe is that the fre-
quency of words has some effect on new word formation.

— F, is very useful for NWI. Many interferential new word candidates could be fil-
tered according to this feature.

— Fris also useful for NWI. The reason is clear that frequency is an important prop-
erty of words.

We perform another two experiments to find how NWI improves the performance
of a Chinese segmenter. The first is based on PK-close test in SIGHAN and the other
is based on PK open test. In these experiments the segmenter (Gao et al. 2003) is
selected and NWI is used as post procession. But there are the different segmentation
standards between this segmenter and PK corpus, such as in PK corpus surname is
apart from the person name, for example X/ > ‘Deng Xiaoping’ is segmented as X[$
‘Deng’ and /N*F* ‘Xiaoping’, but in this segmenter the whole name is a word. So
some adjustment is in need to adapt this segmenter to PK corpus. Table 3 shows the
results, where Adjst means the adjustment on the output of the segmenter.



The Use of SVM for Chinese New Word Identification = 731

Table 3. The result of the segmenter with NWI in PK corpus

PK-close R P F [0]0)Y% Rooy Riy
Gao’s +Adjst 0.952 0924 0938 0.069 0.580 0.979
Gao’s +Adjst +NWI 0.948 0937 0942 0.069 0.683 0.968
PK-open R P F (0]0)% Rooy R,y
Gao’s +Adjst 0959 0942 0950 0.069 0.696 0.978
Gao’s +Adjst +NWI 0953 0947 0951 0.069 0.752  0.968

The first line of the result table shows the performance of the segmenter without
NWTI and the second line is the result after NWI. We could see the R, is improved
24.5% and the F-score is improved about 6.5% in PK-close test; Ry, 13.5% and F-
score 2.0% in PK open test. But the R;, drops a little for the reason that some two
neighboring single character words are incorrectly combined into a new word. If we
integrated the NWI model into Gao's segmenter, it would drop less.

We also compare our approach with previous ones that described in Chen (2003),
Wu (2003), and Zhang (2003). These segmenters have got excellent performance in
1* SIGHAN Chinese word segmentation bakeoff. Table 4 shows the results.

We find that: although there is not so much linguistic knowledge in Gao’s seg-
menter and NWI, the performance of Gao’s segmenter with NWI has reached the
same level as these outstanding segmenters, especially R, is the best in PK-close test
and the second in PK open test. So we conclude that the SVM provides a flexible
statistical framework to effectively incorporate a wide variety of knowledge for NWI.

Table 4. The results of some segmenters in PK corpus. Wu’s segmenter is S10 in the bakeoff,
Chen’s segmenter is S09 and ICTCAS is SO1 in 1* SIGHAN bakeoff

PK-close R P F oov Roov Ry
Wu’s segmenter 0.955 0.938 0.947 0.069 0.680 0.976
Chen’s segmenter 0.955 0.938 0.946 0.069 0.647 0.977
PK-open R P F (0]0)% Rooy Ry
Wu’s segmenter 0.963 0.956 0.959 0.069 0.799 0.975
ICTCAS 0.963 0.943 0.953 0.069 0.743 0.980

6 Conclusion and Future Work

Our work includes several main contributions. First, the distribution and the formal
types of new word in real text have been analyzed. NW11 and NW21 were found as
the main surface patterns of new words; Second, several features were explored from
the statistical and linguistic knowledge of new word, especially the feature of the
analogy between new words and lexicon words; Third, our experiments have showed
that the SVM based binary classification is useful for NWI.

Now we only concern the uni-gram of new word and NWI is as a post procession
of Gao’s segmenter. As future work, we would like to integrate NWI into the seg-
menter. For example, we can define NWI as a new word type, and the whole classifier
as a feature function in the log-linear models that are used in Gao’s segmenter.
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